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Abstract

We present a real-time method for robust estimation of mul-
tiple instances of geometric models from noisy data. Geo-
metric models such as vanishing points, planar homographies
or fundamental matrices are essential for 3D scene analy-
sis. Previous approaches discover distinct model instances in
an iterative manner, thus limiting their potential for speedup
via parallel computation. In contrast, our method detects all
model instances independently and in parallel. A neural net-
work segments the input data into clusters representing po-
tential model instances by predicting multiple sets of sample
and inlier weights. Using the predicted weights, we determine
the model parameters for each potential instance separately
in a RANSAC-like fashion. We train the neural network via
task-specific loss functions, i.e. we do not require a ground-
truth segmentation of the input data. As suitable training data
for homography and fundamental matrix fitting is scarce, we
additionally present two new synthetic datasets. We demon-
strate state-of-the-art performance on these as well as multi-
ple established datasets, with inference times as small as five
milliseconds per image.

1 Introduction
In Computer Vision, we commonly aim to explain high-
dimensional and noisy observations using low-dimensional
geometric models. These models can give important insights
into the structure of our data, and are crucial for 3D scene
analysis and reconstruction. For example, by fitting van-
ishing points to a set of 2D line segments, we can deduce
information about the 3D layout of a scene from a single
view (Zhou et al. 2019b; Zou et al. 2018). Similarly, fitting
homographies to point correspondences of image pairs al-
lows us to reason about dominant 3D planes within a scene.
Robust estimation of fundamental matrices is indispensable
for applications such as SLAM (Mur-Artal and Tardós 2017)
and two-view motion segmentation (Ozbay, Camps, and Sz-
naier 2022). We typically obtain the features for model fit-
ting using low-level algorithms, such as SIFT (Lowe 2004)
and LSD (Von Gioi et al. 2008). As these methods are im-
perfect, model fitting algorithms must be able to identify
erroneous features (outliers) in order to robustly determine
model parameters using valid features (inliers) only (Fis-
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Figure 1: Applications: PARSAC estimates multiple van-
ishing points (V, top), fundamental matrices (F, middle) or
homographies (H, bottom). We visualise distinct model in-
stances using different colour hues. Brightness in columns
three and four is proportional to the corresponding weight.

chler and Bolles 1981). Given only one instance of a geo-
metric model in our data, we thus have to segment our data
into two groups: inliers and outliers. However, as the number
of model instances increases, the number of data groups also
increases, and inliers of one model act as pseudo-outliers for
all other models. Consequently, robustly estimating the pa-
rameters of all models becomes more difficult, especially if
the number of model instances is unknown beforehand.

Early approaches solve this problem by repeatedly apply-
ing a robust estimator like RANSAC (Fischler and Bolles
1981). After each step, they remove all data points asso-
ciated with previously predicted models (Vincent and La-
ganiére 2001). More recent methods instead generate model
hypotheses beforehand, then use clustering and optimisation
techniques in order to assign data points to a model or the
outlier class (Barath and Matas 2018; Barath, Matas, and
Hajder 2016; Pham et al. 2014; Amayo et al. 2018; Isack and
Boykov 2012; Toldo and Fusiello 2008; Magri and Fusiello
2014, 2015, 2016, 2019; Chin, Wang, and Suter 2009). Hy-
brid approaches combine the strengths of both methodolo-
gies by interleaving multiple sampling, clustering and opti-
misation steps (Barath and Matas 2019; Barath et al. 2023).
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Being the first approach which applies deep learning to ro-
bust multi-model fitting, CONSAC (Kluger et al. 2020b)
uses a neural network to guide hypothesis sampling in a se-
quential model fitting pipeline. It achieves high accuracy but
is computationally costly, since its sequential approach re-
sults in a large number of neural network forward passes.

In this paper, we propose a method that predicts sam-
ple weights for all model instances simultaneously, thus
overcoming the computational bottleneck of methods such
as CONSAC. In addition to sample weights for hypothesis
sampling, we also predict inlier weights for hypothesis se-
lection. Using these weights, we recover model instances
in a RANSAC-like fashion independently and in parallel.
This translates into a significant speedup in practice: our
method achieves inference times as small as five millisec-
onds per image. It is considerably faster than its competitors
while still achieving state-of-the-art accuracy. In a nod to
RANSAC, we call our method PARSAC: Parallel Sample
Consensus. As shown in Fig. 1, PARSAC can be used for
various applications.

Since PARSAC is a machine learning based approach, we
require suitable training data. For vanishing point estima-
tion, we have seen an emergence of new large-scale datasets,
such as SU3 (Zhou et al. 2019b) and NYU-VP (Kluger et al.
2020b), in recent years. For fundamental matrix and ho-
mography estimation, however, AdelaideRMF (Wong et al.
2011) is still the only publicly available dataset. It consists of
merely 38 labelled image pairs, with no separate training set.
This poses the danger that researchers inadvertently overfit
their algorithms on this small dataset, because there is no
other data to verify their performance on. In order to allevi-
ate this issue, we present two new synthetic datasets: HOPE-
F for fundamental matrix fitting and Synthetic Metropolis
Homographies (SMH) for homography fitting.
In summary, our main contributions1are:

• PARSAC, the first learning-based real-time method for
robust multi-model fitting. It uses a neural network to
segment the data into clusters based on model instance
affinity in a single forward pass. This segmentation al-
lows for a parallelised discovery of geometric models.

• Two new large-scale synthetic datasets – HOPE-F and
SMH – for fundamental matrix and homography fitting.
They are the first datasets to provide sufficient training
data for supervised learning of multiple fundamental ma-
trix or planar homography fitting.

• We achieve state-of-the-art results for vanishing point es-
timation, fundamental matrix estimation and homogra-
phy estimation on multiple datasets.

• PARSAC is significantly faster than its competitors. Re-
quiring just five milliseconds per image for vanishing
point estimation, it is five times faster than the second
fastest method, and 25 times faster than the fastest com-
petitor with comparable accuracy.

1Supplementary material, code and datasets are available at:
https://github.com/fkluger/parsac

2 Related Work
2.1 Multi-Model Fitting
Robust model fitting is a technique widely used for esti-
mating geometric models from data contaminated with out-
liers. The most commonly used approach, RANSAC (Fis-
chler and Bolles 1981), randomly samples minimal sets of
observations to generate model hypotheses, and selects the
hypothesis with the largest consensus set, i.e. observations
which are inliers. While effective in the single-instance case,
RANSAC fails if multiple model instances are apparent in
the data. In this case, we need to apply robust multi-model
fitting techniques. Sequential RANSAC (Vincent and La-
ganiére 2001) fits multiple models sequentially by apply-
ing RANSAC repeatedly, removing inliers from the set of
all observations after each iteration. More recent methods,
such as PEARL (Isack and Boykov 2012), instead optimise
a global mixed-integer cost function (Rosenhahn 2023) ini-
tialised via a stochastic sampling, in order to fit multiple
models simultaneously (Pham et al. 2014; Amayo et al.
2018). Multi-X (Barath and Matas 2018) generalises this
methodology to multi-class problems, i.e. cases where mul-
tiple models of possibly different types may fit the data.
As a hybrid approach, Progressive-X (Barath and Matas
2019) guides hypothesis generation via intermediate esti-
mates by interleaving sampling and optimisation steps. J-
and T-Linkage (Toldo and Fusiello 2008; Magri and Fusiello
2014) both use preference analysis (Chin, Wang, and Suter
2009) to cluster observations agglomeratively, but use dif-
ferent methods to define the preference sets. MCT (Ma-
gri and Fusiello 2019) is a multi-class generalisation of T-
Linkage, while RPA (Magri and Fusiello 2015) uses spectral
instead of agglomerative clustering. Progressive-X+ (Barath
et al. 2023) combines Progressive-X with preference analy-
sis and allows observations to be assigned to multiple mod-
els. It is faster and more accurate than its predecessor. Fast-
CP (Ozbay, Camps, and Sznaier 2022) – specifically tailored
for fundamental matrix fitting – utilises Christoffel polyno-
mials in order to segment observations into clusters belong-
ing to the same model. Most recently, the authors of (Farina
et al. 2023) utilise quantum computing for multi-model fit-
ting. While seminal in this regard, they make strong assump-
tions such as the absence of true outliers. CONSAC (Kluger
et al. 2020b) is the first approach to utilise deep learning for
multi-model fitting. Using a neural network to guide the hy-
pothesis sampling, it discovers model instances sequentially
and predicts new sampling weights after each step. This
technique provides high accuracy, but is computationally ex-
pensive due to its sequential operation and multi-hypothesis
sampling. While PARSAC also leverages deep learning, we
are able to decouple the discovery of individual model in-
stances, reducing run-time by two orders of magnitude.

2.2 Vanishing Point Estimation
Although multiple vanishing point (VP) estimation can be
described as a multi-model fitting problem, algorithms out-
side of this genre have also been designed to tackle this
task specifically (Antunes and Barreto 2013; Barinova et al.
2010; Kluger et al. 2017; Lezama et al. 2014; Simon, Fond,
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Figure 2: PARSAC Overview: Given observations X , e.g. line segments or point correspondences, we predict sample weights
p and inlier weights q for each observation and putative geometric model using a neural network. For each putative geometric
model j, we independently sample model hypotheses in a RANSAC-like fashion, using the predicted sample weights. We then
select the best models which have the largest weighted inlier counts, using the predicted inlier weights. An additional set of
weights captures potential outliers.

and Berger 2018; Tardif 2009; Vedaldi and Zisserman 2012;
Wildenauer and Hanbury 2012; Xu, Oh, and Hoogs 2013;
Zhai, Workman, and Jacobs 2016; Zhou et al. 2019a; Liu,
Zhou, and Zhao 2021; Wu et al. 2021; Lin et al. 2022). Un-
like more general multi-model fitting methods, they usually
exploit additional, domain-specific knowledge. Zhai et al.
first predict a horizon line (Kluger et al. 2020a) from the
RGB image via a convolutional neural network (CNN), on
which they then condition their VP estimates. Simon et al.
also condition some VPs on the horizon line, as well as
on the zenith VP. Kluger et al. predict initial VP estimates
via a CNN, and refine them using an expectation maximisa-
tion (Dempster, Laird, and Rubin 1977) algorithm. Zhou et
al. propose a CNN with a conic convolution operator in order
to find VPs for Manhattan-world scenes. Lin et al. incorpo-
rate a Hough transform and a Gaussian sphere mapping into
their CNN in order to exploit geometric priors induced by
the VP fitting problem. General purpose robust multi-model
fitting algorithms, such as our proposed PARSAC, do not
rely on such domain-specific priors.

3 Method
From a set of N observations xi ∈ X , contaminated with
noise and outliers, we seek to detect M instances of a model
h that describe our data. As visualised in Fig. 2, PARSAC
discovers the model instancesM = (h1, . . . ,hM ) in paral-
lel, guided by a neural network with parameters w:
1. For each observation xi and putative model instance

hj , the network predicts M∗ ≥ M sample weights
p(xi|j;X ,w) and inlier weights q(j,xi;X ,w).

2. We generate a set of putative model instances M∗ =
{h1, . . . ,hM∗} in parallel in a RANSAC-like fashion.
The sample weights guide the sampling of hypotheses,
and we perform hypothesis selection via weighted inlier
counting using the inlier weights.

3. We greedily rank the putative instances based on unique
and overlapping inlier counts and discard models with
an insufficient amount of inliers, giving us the final se-
quence of model instancesM⊆M∗.

Sample and Inlier Weight Prediction For each observa-
tion xi ∈ X and putative model hj ∈ M∗, we predict sam-
ple weights p(xi|j;X ,w) and inlier weights q(j,xi;X ,w).
In addition, we predict outlier weights q(∅,xi;X ,w). A
neural network with parameters w computes two weight ma-
trices P,Q with size N ×M∗ +1. By normalising over the
first or second dimension, respectively, we obtain the sample
and inlier weights:

p(xi|j;X ,w) =
Pi,j∑N

k=1 Pk,j

, (1)

q(j,xi;X ,w) =
Qi,j∑M∗+1

k=1 Qi,k

. (2)

Sample weights p(xi|j;X ,w) determine how likely an ob-
servation xi is to be sampled for generating a model hy-
pothesis for the putative instance hj , while inlier weights
q(j,xi;X ,w) predict whether an observation xi is an inlier
of putative instance hj . The additional outlier weights:

q(∅,xi;X ,w) = q(M∗ + 1,xi;X ,w) , (3)

are not used for hypothesis sampling or selection, but al-
low the neural network to remove outliers from the putative
models so that they do not interfere with the following steps.

Parallel Hypothesis Sampling and Selection For each
putative model hj , we sample S minimal sets of observa-
tions C = {x1, . . . ,xC} ⊂ X independently and in parallel,
using the predicted sample weights p(xi|j;X ,w). A mini-
mal solver fS then computes parameters of a model hypoth-
esis h′ = fS(C) for each minimal set. We thus get a set of
model hypotheses Sj = {h′

j,1, . . . ,h
′
j,S} for each putative

model. Given a distance metric d(x,h) measuring the error
between an observation x and a geometric model h, we then
compute the weighted inlier counts of all hypotheses:

Iw(h
′
j,k;X ,w) =

∑
xi∈X

s(d(xi,h
′
j,k)) ·q(j,xi;X ,w) , (4)

using the predicted inlier weights and an inlier scoring func-
tion s(·) ∈ [0, 1]. We implement s(·) as a soft inlier measure,
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with inlier threshold τ and softness parameter β, as proposed
by (Brachmann and Rother 2018). During inference, we then
select the hypothesis with the largest weighted inlier count:

hj = argmax
h′

j,k∈Sj

Iw(h
′
j,k;X ,w) . (5)

Combining the results of all putative models, we obtain the
set of putative model instances:

M∗ = {h1, . . . ,hM∗} . (6)

Using the weighted inlier counts to select the best hypothe-
sis for each putative model is crucial. If we were to use the
unweighted inlier count instead, as in (Kluger et al. 2020b)
or vanilla RANSAC, we would more likely select very sim-
ilar hypotheses for every putative model, i.e. the hypotheses
with the largest consensus sets within all observations X .
We would thus ignore other less prominent but valid mod-
els that describe our data. Instead, our weighted inlier count
ensures that we get a more diverse set of model instances if
our neural network is able to segment the observations in a
sufficiently meaningful way.

Instance Ranking We extract the final sequence of model
instances M from the putative models M∗ by greedily
ranking the models in M∗. Initially, the model sequence
M = ( ) and the set of current inliers I = ∅ are empty. It-
eratively, we determine the number of unique inliers Iu

h and
overlapping inliers Io

h of each model h ∈M∗ w.r.t. I:

Iu
h = |Ih \ I| , Io

h = |Ih ∩ I| , (7)

with Ih = {x | d(x,h) < τ, x ∈ X} being the set of in-
liers for h using inlier threshold τ . We then select the model
which maximises unique and minimises overlapping inliers:
h = argmaxh∗∈(M∗\M) I

u
h∗ − Io

h∗ .
If the number of unique inliers is larger than the number

of overlapping inliers by at least the minimal set size, i.e.
Iu
h − Io

h ≥ C, we append h toM and update I, and repeat
the process:M←M⌢ (h) , I ← I ∪ Ih .

Cluster Assignment After ranking model instances, we
cluster observations x ∈ X by model affinity. Starting with
the first model h1 ∈ M, we sequentially assign observa-
tion x to a model hj if either d(x,hj) < τ and hj ∈
argminh∈M d(x,h), or d(x,hj) < τa and x is not yet as-
signed to a higher ranked model hk with k < j. Here, τ de-
notes the inlier threshold and τa is the assignment threshold
τa > τ . Observations which are not assigned to any model
are labelled as outliers. The result is a set of cluster labels Y .

3.1 Neural Network Training
We seek to optimise neural network parameters w such that
we obtain geometric model instances M which accurately
describe our data X . Similarly to (Brachmann et al. 2016;
Brachmann and Rother 2019; Kluger et al. 2020b, 2021),
we minimise the expected value of a task loss ℓ(M) which
measures the quality of the estimated model instances:

L(w) = EM∼p(M|X ;w) [ℓ(M)] . (8)

In order to facilitate this, we must turn the determinis-
tic hypothesis selection of Eq. 5 into a probabilistic ac-
tion hj ∼ p(hj |Sj). Otherwise, we would not be able to

compute gradients of L w.r.t. inlier weights q(j,xi;X ,w).
Based on (Brachmann and Rother 2019), we model the like-
lihood of selecting a hypothesis h′ from a set of hypotheses
S as the softmax over weighted inlier counts Iw:

p(hj |Sj ;X ,w) =
exp (αs · Iw(hj ;X ,w))∑

h′
j,k∈Sj

exp (αs · Iw(h′
j,k;X ,w))

,

with αs being a scaling factor which controls how discrim-
inating the resulting categorical distribution becomes. We
thus consider the joint probability of first sampling hypothe-
ses setsH = {S1, . . . ,SM∗} and then model instancesM:

p(M,H|X ,w) = p(M|H;X ,w) · p(H|X ,w) ,

with p(M|H;X ,w) =
M∗∏
j=1

p(hj |Sj ;X ,w) ,

with p(H|X ,w) =
M∗∏
j=1

p(Sj |X ,w) ,

with p(Sj |X ,w) =
∏

h′
j,k∈Sj

p(h′
j,k|X ,w) ,

with p(h′
j,k|X ,w) =

∏
xi∈Cj,k

p(xi|j;X ,w) .

Using (Schulman et al. 2015), we hence define the gradients
of the expected task loss w.r.t. network parameters w as:

∂

∂w
L(w) = EM,H

[
ℓ(M)

∂

∂w
log p(M,H|X ,w)

]
, (9)

which we approximate by first drawing K samples of hy-
potheses sets Sj ∼ p(Sj |X ,w) for each putative model j,
and then sampling K̃ samples ofM∼ p(M|H;X ,w):

∂

∂w
L(w) ≈ 1

KK̃

K∑
i=1

K̃∑
j=1

ℓ(Mij)
∂

∂w
log p(·) ,

with p(·) = p(Mij ,Hi|X ,w). As in (Brachmann and
Rother 2019), we subtract the mean of ℓ(·) as a baseline to
reduce the variance of the gradient.

Task Loss The type of loss we use depends on the task we
seek to solve, as well as the type of ground truth data avail-
able. If we want to optimise the parameters of our models
M w.r.t. a set of ground truth models M̂, we utilise a task
specific loss ℓs(h, ĥ) which measures the error between each
ground truth and estimated model. Using this loss, we deter-
mine a cost matrix C, with Cij = ℓs(hi, ĥj). If |M| > |M̂|,
we only consider the first |M̂|models inM. We then define
the final task loss as the minimal assignment cost via the
Hungarian method (Kuhn 1955) h(·):

ℓ(M) = h(C). (10)
Alternatively, if our ground truth consists of cluster labels
Ŷ , we compute the misclassification error (ME) w.r.t. our
predicted cluster assignments Y which arise fromM:

ℓ(M) = ME(Y, Ŷ) . (11)
Eq. 9 does not require the task loss ℓ(·) to be differentiable.
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(a) HOPE-F Dataset (b) Synthetic Metropolis Homographies (SMH) Dataset

Figure 3: We propose two new datasets: HOPE-F for fundamental matrix fitting and SMH for homography fitting. For each
dataset we show one example image pair: the left pair of each example shows the RGB images, the right pair visualises the
pre-computed SIFT key-points, colour coded by ground truth label. Please refer to the supplementary for additional examples.

scenes
(train)

scenes
(test) instances points outliers

HOPE-F 3600 400 1–4 10–2k 0–90%
Adelaide-F 0 19 1–4 165–360 27–73%
SMH 44112 3890 1–32 12–16k 1–96%
Adelaide-H 0 19 1–7 106–2k 6–76%

Table 1: We compare our new HOPE-F and SMH datasets
with AdelaideRMF (Wong et al. 2011). Our new datasets
contain significantly more scenes, with higher numbers of
annotated model instances, as well as larger ranges of key-
point correspondences and outlier ratios per scene.

4 Multi-Model Fitting Datasets
A variety of tasks can be solved with robust multi-model
fitting algorithms, and each task requires data with differ-
ent modalities for training, parameter tuning and evalua-
tion. Early benchmark datasets for vanishing point estima-
tion, such as the York Urban Dataset (YUD) (Denis, Elder,
and Estrada 2008) with 102 images, are relatively small.
This makes them unsuitable for contemporary deep learn-
ing methods, which require large amounts of training data.
Moreover, evaluation on such small datasets does not al-
low us to draw well-founded conclusions w.r.t. the perfor-
mance of a method under a larger variety of conditions. The
SceneCity Urban 3D (SU3) dataset (Zhou et al. 2019b), on
the other hand, contains 23000 synthetic outdoor images
showing a 3D model of a city rendered from various per-
spectives. They adhere to the Manhattan world assumption
and are annotated with three vanishing points each. Comple-
mentary to this, the NYU-VP dataset (Kluger et al. 2020b)
augments 1449 real-world non-Manhattan indoor images of
the NYU Depth v2 (Silberman et al. 2012) dataset with van-
ishing point annotations. Its authors also presented YUD+,
which adds additional non-Manhattan vanishing point an-
notations to YUD. For fundamental matrix and homogra-
phy estimation, however, the amount of data available is still
very limited. The AdelaideRMF (Wong et al. 2011) dataset
contains just 19 scenes for fundamental matrices and 19 for
homographies. Even though it is very small and was pub-
lished over a decade ago, it is still the default benchmark
for these two tasks. We therefore present two new synthetic
datasets: HOPE-F for fundamental matrix fitting, and Syn-
thetic Metropolis Homographies for homography fitting.

4.1 HOPE-F
For fundamental matrix fitting, we construct a new dataset
inspired by the scenes found in Adelaide-F. We use a sub-
set of 22 textured 3D meshes from the HOPE dataset (Tyree
et al. 2022) which depict household objects. For each scene,
we select between one and four of these meshes and place
them on a 3D plane at randomised positions. We then ren-
der two images of the scene using one virtual camera with
randomised pose and focal length. Before rendering the sec-
ond image, we randomise the object positions again. With
known intrinsic camera parameters K and relative object
poses Ri, ti, i ∈ {1, . . . , 4}, we compute the ground truth
fundamental matrices Fi for each image pair. We then com-
pute SIFT (Lowe 2004) key-point feature correspondences
for each image pair. We assign each correspondence either
to one of the ground truth fundamental matrices, or to the
outlier class. These assignments represent the ground truth
cluster labels. Via this procedure, we generate a total of 4000
image pairs with key-point features, of which we reserve 400
as the test set. Fig. 3a shows an example image pair from this
dataset, which we call HOPE-F. As Tab. 1 shows, it is sig-
nificantly larger than the Adelaide-F dataset. Please refer to
the supplementary for additional details.

4.2 Synthetic Metropolis Homographies (SMH)
For homography fitting, we construct a new dataset using a
synthetic 3D model of a city. Using the cars present in the 3D
model as anchor points, we define seven camera trajectories,
one of which is reserved for the test set. Along each trajec-
tory, we render sequences of images with varying step sizes
and focal lengths. To determine the ground truth homogra-
phies for each image pair, we first compute the normal forms
(ni, di) of the planes defined by each mesh polygon visible
in the images. Using known camera intrinsics K and relative
camera pose R, t, we compute ground truth homographies
Hi for every plane in the scene for each image pair. We then
compute SIFT correspondences for each image pair and as-
sign them either to one of the homographies, or to the outlier
class. Via this procedure, we generate a total of 48002 image
pairs with key-point feature correspondences, ground truth
cluster labels and ground truth homographies. Fig. 3b shows
an example image pair from this dataset, which we call Syn-
thetic Metropolis Homographies (SMH). As Tab. 1 shows,
it is significantly larger than the Adelaide-H dataset with a
much wider range of ground truth homographies. Please re-
fer to the supplementary for additional details.
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Datasets SU3 (Zhou et al. 2019b) YUD (Denis, Elder, and Estrada 2008)

Metrics
time

AUC @ 1◦ AUC @ 3◦ AUC @ 5◦ AUC @ 3◦ AUC @ 5◦ AUC @ 10◦
GPU CPU

robust estimators (on pre-extracted line segments)
PARSAC 4.91 11.59 67.44 ±0.14 85.70 ±0.13 90.17 ±0.11 63.92 ±0.25 75.90 ±0.15 86.37 ±0.08

CONSAC 3941 2758 51.58 ±0.18 78.52 ±0.10 85.69 ±0.06 59.06 ±0.48 71.33 ±0.44 82.79 ±0.29

J-Linkage — 1139 47.66 ±0.54 74.96 ±0.49 83.01 ±0.35 55.75 ±2.53 68.69 ±2.22 81.06 ±1.52

T-Linkage — 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 — 28.92 63.14 ±0.33 80.49 ±0.40 84.82 ±0.40 50.41 ±0.84 60.10 ±0.76 68.47 ±0.72

task-specific methods (full information)
NeurVPS 766.0 — 79.47 92.57 95.44 50.63 63.12 77.58

DeepVP 130.3 — 56.63 84.05 90.24 58.19 72.25 84.98

Contrario — 767.2 32.56 ±0.19 67.85 ±0.17 77.72 ±0.11 59.86 ±0.59 72.61 ±0.47 83.14 ±0.24

Table 2: Manhattan-world VP estimation: Average AUC values (in %, higher is better) and their standard deviations over five
runs for vanishing point estimation on the SU3 and YUD datasets. We omit standard deviations for deterministic methods.
Average run times are given in milliseconds. For robust estimators, we do not include time required for line segment detection:
LSD (Von Gioi et al. 2008) requires 22.59 ms on average.

Datasets NYU-VP (Kluger et al. 2020b) YUD+ (Kluger et al. 2020b)

Metrics
time

AUC @ 3◦ AUC @ 5◦ AUC @ 10◦ AUC @ 3◦ AUC @ 5◦ AUC @ 10◦
GPU CPU

robust estimators (on pre-extracted line segments)
PARSAC 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

CONSAC 3843 2841 38.84 ±0.34 50.58 ±0.37 64.25 ±0.38 52.68 ±0.45 63.73 ±0.65 74.44 ±0.76

J-Linkage — 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 — 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 — 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

task-specific methods (full information)
DeepVP 176.7 — 43.54 55.87 69.53 48.06 59.57 71.34

Contrario — 833.2 35.91 ±0.40 47.61 ±0.42 61.66 ±0.38 51.50 ±0.52 62.81 ±0.50 72.55 ±0.38

Table 3: Non-Manhattan VP estimation: Average AUC values (in %, higher is better) and their standard deviations over five runs
for vanishing point estimation on the NYU-VP and YUD+ datasets. We omit standard deviations for deterministic methods.
Average run times are given in milliseconds. For robust estimators, we do not include time required for line segment detection:
LSD (Von Gioi et al. 2008) requires 22.59 ms on average.

Fundamental Matrices
time HOPE-F Adelaide-F (Wong et al. 2011)

GPU CPU ME SE ME SE
PARSAC 12.25 19.81 14.97 ±8.51 3.07 ±3.39 9.83 ±4.17 2.80 ±2.37

Fast-CP – 33.65 24.59 ±13.3 5.56 ±6.67 4.92 ±5.23 1.43 ±1.31

Progressive-X+ – 67.38 43.23 ±15.7 9.72 ±15.8 6.57 ±6.64 0.84 ±0.88

Progressive-X – 1043 22.78 ±15.6 29.9 ±105 12.85 ±14.1 2.19 ±4.51

Homographies
time SMH Adelaide-H (Wong et al. 2011)

GPU CPU ME TE ME TE
PARSAC 64.00 1758 20.50 ±15.5 1.81 ±20.8 8.63 ±8.01 5.34 ±7.36

CONSAC 4314 58913 33.45 ±18.5 3.34 ±25.7 5.66 ±7.05 3.44 ±7.44

Progressive-X+ – 501.4 52.69 ±18.3 7.19 ±39.3 7.38 ±7.64 3.74 ±5.13

Progressive-X – 674.2 20.60 ±15.3 25.5 ±113 8.05 ±10.0 3.14 ±3.81

Table 4: Fundamental Matrix and Homography Estimation: Average misclassification errors (ME, in %, lower is better), Samp-
son errors (SE, in pixel, lower is better), transfer errors (TE, in pixel, lower is better), and their standard deviations over five runs
for fundamental matrix fitting on our new HOPE-F dataset and the Adelaide dataset, and for homography fitting on our new
SMH dataset and the Adelaide dataset. Average run time per scene is given in milliseconds. We do not include time required
for feature extraction: SIFT (Lowe 2004) requires 106.3 ms on average.
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5 Experiments
For sampling and inlier weight prediction, we implement a
neural network based on (Kluger et al. 2020b). Please refer
to the supplementary for implementation details, a descrip-
tion of all evaluation metrics, and additional experimental
results and discussions. We compute the results for all com-
petitors using code provided by the respective authors, un-
less stated otherwise. For non-deterministic approaches, we
report mean and standard deviation over five runs for all
metrics. In addition, we measure average computation times
with and without GPU acceleration, if applicable. We mark
best results in bold and second best results with underline.

5.1 Vanishing Point Estimation
For vanishing point estimation, we use the cross product as
our minimal solver with subsequent inlier weighted SVD re-
finement. We evaluate on four datasets: SU3, YUD, YUD+
and NYU-VP. The first two represent Manhattan-world sce-
narios, while the latter two contain non-Manhattan scenes.
We compare against the robust multi-model fitting methods
CONSAC (Kluger et al. 2020b), J- and T-Linkage (Toldo
and Fusiello 2008; Magri and Fusiello 2014), Progressive-
X (Barath and Matas 2019), and the task-specific VP esti-
mators NeurVPS (Zhou et al. 2019a), DeepVP (Lin et al.
2022) and Contrario-VP (Simon, Fond, and Berger 2018).
For J-/T-Linkage, we use the code provided by (Kluger et al.
2020b). We adopt the evaluation metric proposed by (Kluger
et al. 2020b), i.e. we measure the angle between predicted
and ground truth vanishing directions, and calculate the area
under the recall curve (AUC) for multiple upper bounds.

Manhattan World For the Manhattan-world scenario, we
train PARSAC on SU3 and evaluate on both SU3 and YUD.
As Tab. 2 shows, PARSAC outperforms all methods but
NeurVPS (Zhou et al. 2019a) and DeepVP (Lin et al. 2022)
by large margins on SU3. Compared to DeepVP, our method
is on par w.r.t. AUC @ 5◦ but more than ten percentage
points better w.r.t. AUC @ 1◦, i.e. we are able to estimate the
vanishing points more accurately. NeurVPS performs sub-
stantially better than our method on SU3, but ranks second-
to-last on YUD. This indicates that NeurVPS – also trained
on SU3 – is not able to generalise well beyond its training
domain. PARSAC, on the other hand, clearly outperforms all
competitors on YUD. In addition, it is more than five times
faster than the fastest competitor – Progressive-X (Barath
and Matas 2019) – which achieves lower AUC values on
both datasets. Our method is also more than 26 times faster
than DeepVP, which is the second fastest competitor.

Non-Manhattan World For the non-Manhattan scenario,
we train our method on NYU-VP for evaluation on the
same, and train it on SU3 for evaluation on YUD+. As
Tab. 2 shows, DeepVP outperforms PARSAC on NYU-VP,
whereas PARSAC outperforms DeepVP on YUD+. While
it is not obvious which method is more accurate overall,
PARSAC has a clear advantage w.r.t. computation time, be-
ing 34 times faster. The only other competitive method,
CONSAC, is almost three orders of magnitude slower.
We did not evaluate NeurVPS, as it is designed for the
Manhattan-world case only.

5.2 Fundamental Matrix Estimation
For fundamental matrix fitting, we use the seven point algo-
rithm (Hartley and Zisserman 2003) as our minimal solver
without subsequent refinement. We compare PARSAC with
Fast-CP (Ozbay, Camps, and Sznaier 2022), Progressive-
X+ (Barath et al. 2023) and Progressive-X (Barath and
Matas 2019). CONSAC (Kluger et al. 2020b) has no im-
plementation for F-matrix fitting available. We evaluate on
our new HOPE-F dataset as well as on the Adelaide (Wong
et al. 2011) dataset. In Tab. 4, we report misclassification
errors (ME) and Sampson errors (SE). PARSAC outper-
forms all competitors on the HOPE-F dataset by large mar-
gins, achieving an average ME which is 9.6 percentage
points lower than the best competitor (Fast-CP), with an SE
which is 44% lower. It is more than twice as fast as Fast-
CP and more than three times faster than Progressive-X+.
On Adelaide, our method performs worse than Fast-CP and
Progressive-X+, albeit with a smaller ME margin of 4.9 per-
centage points but a comparatively large SE.

5.3 Homography Estimation
For homography fitting, we use the four point DLT (Hartley
and Zisserman 2003) as our minimal solver without subse-
quent refinement. We compare PARSAC with Progressive-
X+ (Barath et al. 2023), Progressive-X (Barath and Matas
2019) and CONSAC (Kluger et al. 2020b). Fast-CP (Ozbay,
Camps, and Sznaier 2022) has no implementation for ho-
mography fitting available. We evaluate on our new SMH
dataset as well as on the Adelaide (Wong et al. 2011) dataset.
In Tab. 4, we report misclassification errors (ME) and trans-
fer errors (TE). PARSAC achieves an ME which is roughly
on par with Progressive-X, although the latter has a slight
edge on Adelaide. CONSAC and Progressive-X+ achieve
lower MEs on Adelaide, but perform significantly worse
on SMH. PARSAC has the lowest TE on SMH by a large
margin, but falls behind its competitors on Adelaide. These
baselines, however, are roughly between 10 and 100 times
slower than PARSAC.

Limitations PARSAC requires a GPU to utilise its full po-
tential. The number of putative model instances must be set
before training, and instances beyond this cannot be found.

6 Conclusion
We proposed a new robust multi-model fitting algorithm
which decouples the estimation of individual instances of
a geometric model. PARSAC uses a neural network to pre-
dict multiple sets of sample and inlier weights in a single
forward pass. This enables us to process all model instances
in parallel and in real-time, yielding a significant speed-up
compared to previous approaches. PARSAC can be used
for a variety of computer vision problems, such as finding
vanishing points, fundamental matrices and homographies,
and achieves results superior to or competitive with state-
of-the-art on multiple datasets. In addition, we contribute
two new datasets for fundamental matrix and homography
fitting, which will benefit the development of multi-model
estimators in the future.
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