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Abstract

Random Sample Consensus (RANSAC) is a fundamental
approach for robustly estimating parametric models from
noisy data. Existing learning-based RANSAC methods uti-
lize deep learning to enhance the robustness of RANSAC
against outliers. However, these approaches are trained and
tested on the data generated by the same algorithms, lead-
ing to limited generalization to out-of-distribution data dur-
ing inference. Therefore, in this paper, we introduce a novel
diffusion-based paradigm that progressively injects noise
into ground-truth data, simulating the noisy conditions for
training learning-based RANSAC. To enhance data diver-
sity, we incorporate Monte Carlo sampling into the diffu-
sion paradigm, approximating diverse data distributions by
introducing different types of randomness at multiple stages.
We evaluate our approach in the context of feature match-
ing through comprehensive experiments on the ScanNet and
MegaDepth datasets. The experimental results demonstrate
that our Monte Carlo diffusion mechanism significantly im-
proves the generalization ability of learning-based RANSAC.
We also develop extensive ablation studies that highlight the
effectiveness of key components in our framework.

Code — https://comedy0913.github.io/projects/MCD.html

Introduction

Robust geometric estimation is crucial for 3D computer vi-
sion tasks such as structure-from-motion (Snavely, Seitz,
and Szeliski 2008), SLAM (Mur-Artal, Montiel, and Tardos
2015), virtual reality (Szeliski 1994), and augmented real-
ity (Yu et al. 2009). The goal is to estimate a reliable geomet-
ric transformation model from noisy data with outliers. As
the most established robust estimator, RANSAC (Fischler
and Bolles 1981) has been extensively studied and widely
adopted for decades. RANSAC operates under the assump-
tion of a parametric model, relying on the consistency with
this model to distinguish inliers from noisy data. Therefore,
RANSAC is applicable to data generated by any method for
the same task. This property allows RANSAC to integrate
seamlessly with geometric estimation frameworks regard-
less of the source of the raw data. For instance, in camera
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Figure 1: Advantage of Monte Carlo diffusion. Model-1 and
Model-2 denote NG-RANSAC trained on SIFT and LoFTR,
respectively. The green lines indicate inliers, and the red
ones are outliers. The models trained on specific patterns
show limited generalization on out-of-distribution data, e.g.,
Model-2 trained on LoFTR performs poorly when tested
on SIFT. In contrast, NG-RANSAC trained based on our
Monte Carlo diffusion demonstrates better generalization
across different initial matches.

pose estimation (Hartley and Zisserman 2003), RANSAC
is compatible with various pixel-level correspondences, in-
cluding those obtained from handcrafted detectors/descrip-
tors (Lowe 2004; Rublee et al. 2011; Bay et al. 2008) and
learning-based alternatives (Sarlin et al. 2020; Sun et al.
2021; Edstedt et al. 2024).

The major limitation of RANSAC lies in its sensitivity
against outliers. As shown in the literature (Hartley and Zis-
serman 2003; Kim, Dunn, and Frahm 2017; Zhao et al.
2020), RANSAC becomes less effective when the initial
data contains a high proportion of outliers. To handle this
issue, some approaches have been proposed to improve the
quality of initial data (Bian et al. 2017; Yi et al. 2018; Ma



et al. 2019; Zhang et al. 2019; Zhao et al. 2021). How-
ever, outliers are still inevitable, particularly in challeng-
ing scenarios. Therefore, some learning-based RANSAC al-
gorithms (Brachmann et al. 2017; Brachmann and Rother
2019; Wei et al. 2023) have been introduced, leveraging deep
learning to improve the robustness of RANSAC against out-
liers. In this paper, we focus on investigating these learning-
based RANSACs. These methods demonstrate promising
effectiveness when tested on in-distribution data. Specifi-
cally, in the context of feature matching (Baumberg 2000),
learning-based RANSACs are trained and tested on pixel-
level correspondences obtained using the same algorithm,
such as SIFT (Lowe 2004). These methods exhibit lim-
ited generalization when applied to out-of-distribution data.
As shown in Fig. 1, the correspondences established via
different approaches exhibit significant differences in key-
point positions, spatial patterns, and outlier ratios. A model
trained on LoFTR (Sun et al. 2021) struggles when ap-
plied to SIFT (Lowe 2004) and vice versa, despite both ad-
dressing the same geometric problem. This observation in-
dicates that the development of learning-based RANSAC
variants (Brachmann et al. 2017; Brachmann and Rother
2019; Wei et al. 2023) has inadvertently weakened the core
strength of RANSAC, limiting its applicability in real-world
scenarios where data is typically from diverse algorithms
rather than a specific one.

Consequently, we propose a novel training paradigm, in-
corporating a diffusion-driven module that eliminates de-
pendence on specific data distributions. Our key insight is to
decouple the training process from specific data generation
approaches by simulating diverse data patterns. Specifically,
we progressively inject the noise into the ground-truth data
through a diffusion process. To enhance the data diversity,
we develop a Monte Carlo sampling mechanism where we
introduce different types of randomness at multiple stages of
the diffusion module. This stochastic property enables our
method to simulate noisy data with diverse distributions. We
evaluate the applicability of RANSAC in feature matching
through comprehensive experiments on ScanNet (Dai et al.
2017) and MegaDepth (Li and Snavely 2018) datasets that
cover diverse indoor and outdoor scenarios, respectively. We
utilize SIFT (Lowe 2004) and LoFTR (Sun et al. 2021)
to establish pixel-wise correspondences, which represent
two types of distributions. Experimental results show that
a learning-based RANSAC trained on one distribution fails
to generalize to the other during testing, whereas the method
trained based on our Monte Carlo diffusion achieves signifi-
cantly better generalization. Moreover, we conduct ablation
studies where the results demonstrate the compatibility of
our method with learning-based RANSACs and highlight
the effectiveness of key components in our framework. In
summary, our primary contributions are threefold:

* We investigate the generalization problem in learning-
based RANSAC and identify existing training strategies
as the primary factor limiting generalization.

* We propose a diffusion-based mechanism that simulates
noisy data independent of specific data generation algo-
rithms.
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* We introduce a Monte Carlo sampling module that en-
hances the data diversity by injecting multiple sources of
randomness at different stages of the diffusion process.

Related Work

Random sample consensus. RANASC (Fischler and Bolles
1981) has been widely explored in the literature (Zhao et al.
2020; Hartley and Zisserman 2003), aiming to robustly
compute a parametric model from noisy data. The hand-
crafted RANSAC (Chum, Matas, and Kittler 2003; Ragu-
ram et al. 2012; Barath, Matas, and Noskova 2019) excels
in improving the robustness of model estimation in scenar-
ios where raw data is of sufficient quality. However, the
performance deteriorates when a large proportion of out-
liers exists. To improve the robustness against outliers, re-
cent advances have combined deep neural networks with
RANSAC. For instance, some methods, such as (Kim, Dunn,
and Frahm 2017; Zhao et al. 2019, 2021), propose to uti-
lize a network as a pruner to filter out outliers from raw
data. Notably, these methods act as independent pruners,
separate from RANSAC itself. In this context, some ap-
proaches (Brachmann et al. 2017; Brachmann and Rother
2019; Wei et al. 2023) develop learning-based alternatives
within the pipeline of RANSAC. These methods achieve
promising performance on in-distribution data during infer-
ence but struggle to generalize to out-of-distribution data.
In this paper, we address this issue by decoupling training
from fixed data distributions through a diffusion-driven sim-
ulation mechanism.

Pixel-wise feature matching. Given two images, pixel-
wise correspondences are established to compute the ge-
ometric transformation for downstream tasks such as im-
age alignment (Gao et al. 2013; Brown and Lowe 2007)
and 3D reconstruction (Mildenhall et al. 2021; Kerbl et al.
2023). Traditional methods generate correspondences be-
tween keypoints based on feature similarities, utilizing
handcrafted keypoint detectors and feature descriptors such
as SIFT (Lowe 2004) and ORB (Rublee et al. 2011). These
methods often produce numerous false matches, i.e., out-
liers, particularly in textureless regions and under severe
viewpoint changes. In contrast, learning-based alternatives
such as SuperGlue (Sarlin et al. 2020), LoFTR (Sun et al.
2021), and VGGT (Wang et al. 2025) employ deep neural
networks to establish correspondences, leading to advanced
matching quality. Since outliers inevitably exist in initial
correspondences, RANSAC plays a crucial role in improv-
ing the accuracy of model estimation. Moreover, different
matching methods produce distinct initial correspondences,
characterized by variations in matching density, outlier ra-
tio, and keypoint position. This variability presents signif-
icant challenges for learning-based RANSAC (Brachmann
and Rother 2019; Wei et al. 2023).

Diffusion paradigm. Diffusion is originally rooted in
physics and stochastic processes, describing how systems
evolve under random perturbations (Einstein 1905; Stroock
and Varadhan 1997). Although diffusion models have re-
cently gained popularity in image generation (Rombach
et al. 2022; Zhang, Rao, and Agrawala 2023; Croitoru et al.
2023), their applicability is much broader and not limited to
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Figure 2: Pipeline of the diffusion process. We leverage diffusion to simulate noisy data for training learning-based RANSAC.
Given ground-truth matches Cg; between two images, we randomly split them into two subsets Cg; and Cgt. Cg, is processed
by a Monte Carlo diffusion module with multi-stage randomization, generating multiple sets of noised matches at different
timesteps. The final diffused matches are formed by combining Cgt as inliers with C¢ sampled at timestep ¢; as outliers. The
learning-based RANSAC is then trained on the resulting diffused matches.

this specific domain. Diffusion serves as a general modeling
principle that simulates dynamic, noise-driven transforma-
tions in data. For instance, anisotropic diffusion for image
processing focuses on forward-only diffusion to smooth im-
ages while preserving edges (Perona and Malik 2002); dif-
fusion maps utilize forward diffusion to reveal the intrinsic
low-dimensional structure of data for dimensionality reduc-
tion and clustering (Coifman and Lafon 2006). These ex-
amples highlight the broader interpretation of diffusion be-
yond image generation. In this broader context, our method
achieves a diffusion process by progressively adding noise
to correct matches across timesteps, thereby modeling the
dynamic change of data.

Method

As illustrated in Fig. 2, our primary contribution lies in em-
ploying a diffusion mechanism to progressively transform
clean data into noisy variants, with noise intensity increas-
ing over time. Furthermore, we enhance the diversity of the
diffused data through Monte Carlo sampling in a multi-stage
randomization module. The diffused data points are then
used to train a learning-based RANSAC, aiming to robustly
estimate the parametric model and identify inliers.

Problem Formulation

Note that we focus on the applicability of RANSAC in fea-
ture matching. Let M {My, Ms, ..., Mk} represent
the collection of all feature matching methods. For an im-
age pair (I,1'), each matcher M), € M generates a set of

e € RV, where

[x:, yi, %, y}] indicates a correspondence between
a keypoint (z;,y;) in I and a keypoint («/,4,) in I'. Let
Dai = U, D, denotes the union of distributions produced
by all matchers. The objective of training a learning-based

correspondences Cy,
(k)
C;
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RANSAC is to learn parameters 6* that minimize the ex-
pected loss over Dyj:

9* = arg rnein ]ECNDHH [ﬁ(Pg | C, Cgt)} , (1)
where 6 denotes the learnable parameters in learning-based
RANSAC; Py represents the results predicted from input
correspondences C; L(-) denotes the loss function; Cy is
the ground-truth correspondences.

However, the optimization over Dy is impractical due
to its computational complexity and cost. Instead, existing
methods are typically trained on a specific Dy, . They fail
to generalize to other DMj € Dan, j # k, due to dif-
ferences in distribution. To overcome this issue, a straight-
forward solution is to employ multiple matchers for train-
ing data generation. Nevertheless, incorporating multiple
matchers increases computational cost, and the limited num-
ber of matchers lacks sufficient diversity. In contrast, we de-
velop a stochastic optimization strategy, approximating D,
via Monte Carlo sampling. Monte Carlo methods (Rubin-
stein and Kroese 2016; Hammersley 2013; Metropolis and
Ulam 1949) are grounded in repeated random sampling, ex-
celling in modeling complex or implicit distributions and
sufficiently exploring large solution spaces. In the pipeline
of image matching, we integrate Monte Carlo sampling into
a match diffusion process, introducing a multi-stage ran-
domization module. At each training iteration, random cor-
respondences C,,q are generated based on Monte Carlo sam-
pling. C,yq, along with the ground truth Cy, are then uti-
lized to optimize the learnable parameters in learning-based
RANSAC. We reformulate the expected loss over D, as an
empirical approximation:

H
1 % i
Ec-pulf]~ = > L(Po|Clh.CY), @
i=1



where H denotes the number of samplings and £(+) repre-
sents the loss used in NG-RANSAC (Brachmann and Rother
2019). As the sample size increases (H — o), the Monte
Carlo estimate of the expected loss converges to the true ex-
pectation.

Match Diffusion

To generate C,,q in Eq. 2, we introduce a match diffusion
mechanism, injecting random noise into correspondences.
Notably, instead of employing diffusion for image genera-
tion (Rombach et al. 2022; Zhang, Rao, and Agrawala 2023;
Croitoru et al. 2023), we utilize diffusion to simulate diverse
noisy correspondences from available ground truth with
varying noise across different timesteps. As the timestep
t € {t1,ta, - ,tr} increases, the ground truth gradually
transitions to pure noise. Specifically, given ground-truth
correspondences C, between two images, its noised version
at timestep ¢ is generated through the recursive relation:

= 1= B +v/Biei1, @1 ~N(0,T), 3)

where cgl) denotes a correspondence derived from Cyg at

timestep ¢, € indicates the 4D noise vectors sampled from
standard normal distribution, and 8; € [Bsr, Bena) controls
the noise injection rate at t. We update 3; across timesteps
based on a linear schedule:

/Bt = Bstarl + %(ﬂend - ﬂslam)- (4)

The recursive formulation is simplified, directly computing
¢! from c{” as:

C](fl):\/O_chg)l)_FmQ GNN((LI)a (5)

with a; = HZ:1(1 — Bs). As t increases, the injected noise

in cgl) grows, causing cgi) to deviate further from the ground
truth. Notably, in our method, c((f)
(4)

Cy

represents an inlier, and

serves as an outlier.

However, diffusing all correspondences in Cg may lead
to a scenario where the raw data lacks sufficient inliers re-
quired for model estimation. Therefore, we introduce a dif-
fusion ratio r to control the proportion of correspondences
processed by the diffusion module. As shown in Fig. 2, we
randomly sample a subset of ground-truth matches, referred
to as Cgl, with a ratio of . The remaining matches are de-
noted as C’g’l. Each correspondence c((f) € Cg, is perturbed
with noise following Eq. 5, resulting in the noised counter-
part C%. In addition, since the noise is sampled from a fixed
distribution € ~ A/(0, I), similar coordinate shifts may oc-
cur in correspondences from Cg; to C5,. To enhance the di-
versity, we add a noise scale s during the diffusion process
as:

é=¢-s-max(W,H), e~ N(0,1), 6)
where W and H represent the image width and height, re-
spectively. Eq. 5 is then updated as:

o) =vVa ) +VI—a-é ) eCi. (D
The final diffused matches are generated by combining
noised and clean subsets as:

Crg = CUCY, Cpa € RV ®)
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Multi-Stage Randomization

The proposed match diffusion module generates diffused
matches controlled by three hyperparameters: timestep t,
diffusion ratio r, and noise scale s. Varying these hyperpa-
rameters results in different distributions for C,,q. To deter-
mine the hyperparameters, a simple approach is to fix them
at predefined values. Nevertheless, such fixed hyperparam-
eters contradict our expectation of Monte Carlo approxima-
tion, approximating D, based on random sampling. Con-
sequently, to enhance the randomness in the diffusion mod-
ule, we propose a multi-stage randomization (MSR) method,
where we inject randomness at multiple stages throughout
the diffusion process.

The framework of MSR is illustrated in Fig. 3. When par-
titioning Cy into Cg and Cg[, we randomly sample ratio
RND-r from the range [rin, Tmax) instead of using a fixed r.
The ratio of noised matches in C,,4 thereby varies between
Tmin and Tmax, leading to diverse outlier ratios. We then scale
the noise € using a scalar RND-s randomly sampled from
the range [Smin, Smax), as formulated in Eq. 6. Due to the ran-
domness in RND-s, the scaled noise é can represent pertur-
bations at varying levels. In addition, for each correspon-
dence in Cg, we randomly sample a timestep, denoted as
RND-t, from {¢;,ta,-- ,tr}, and inject the noise into the
correspondence as defined in Eq. 7.

Notably, during the diffusion process, some correspon-
dences may fall outside the image bounds, making them
invalid for training. To handle this problem, we check the
validity of the generated correspondences after noise injec-
tion and replace invalid matches with RND-matches. RND-
matches indicate matches that are regenerated through uni-
form sampling:

l‘rndv x;nd ~ Z/{(O, W)) ymd7 ylfnd ~ Z/[(O, H) (9)

This replacement ensures the validity of noised matches
while further increasing the randomness in the diffusion
module. By randomly sampling ( RND-r, RND-s, RND-¢,
RND-matches ), our MSR introduces randomness at mul-
tiple stages of the diffusion module. Fig. 4 illustrates the
impact of these hyperparameters on diffused matches. For
the same image pair, varying r and s results in significantly
different distributions of diffused matches. Therefore, our
multi-stage randomization ensures data diversity and thus
facilitates effective Monte Carlo approximation. Please refer
to the supplementary material for more visualization results.

Experiments
Setup

We conduct experiments on ScanNet (Dai et al. 2017) and
MegaDepth (Li and Snavely 2018) that include diverse in-
door and outdoor scenarios, respectively. We follow the
benchmark in SuperGlue (Sarlin et al. 2020) on ScanNet,
splitting the dataset into 1,513 training scenes and 100 test
scenes. We randomly sample 20 image pairs per training
scene to construct our training set and employ the same
image pairs used in SuperGlue (Sarlin et al. 2020) during
inference. On MegaDepth, we follow the setup in LoFTR
(Sun et al. 2021), using 368 scenes for training and 5 scenes
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Figure 3: Illustration of the multi-stage randomization module. We randomly sample the three hyperparameters, timestep t,
diffusion ratio r, and noise scale s, in the diffusion mechanism. This multi-stage randomization introduces different sources of
randomness into the noised matches, affecting the diffusion intensity, outlier ratio, and noise level, respectively. Invalid matches
in the tentative set are replaced by randomly sampled matches, which ensures the validity of the final diffused matches.
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Figure 4: Visualization of diffused matches. Given the same
image pair, different values of diffusion ratio and noise scale
result in significantly different diffused matches.

for testing. We randomly sample 80 image pairs per scene
during training and conduct evaluations on the same image
pairs as (Sun et al. 2021). We employ SIFT (Lowe 2004) and
LoFTR (Lowe 2004) as baselines for feature matching. SIFT
represents traditional handcrafted approaches, while LoFTR
exemplifies learning-based methods. Both of them have dis-
tinct advantages depending on the application and are widely
used in 3D computer vision tasks. The evaluation is then per-
formed using NG-RANSAC (Brachmann and Rother 2019)
as a learning-based robust estimator by default. Specifically,
we train NG-RANSAC separately on SIFT, LoFTR, and our
diffused matches. We evaluate the trained models in multiple
scenarios, employing AUC of the pose error as a metric (Sun
et al. 2021; Sarlin et al. 2020). Note that our method is also
compatible with other learning-based RANSACs, as will be
evidenced in our experiments.
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Training Testing AUC @5°  AUC @10°  AUC @20°
LoFTR SIFT 1.5 4.4 8.5

MCD SIFT 7.6 (+6.1) 162 (+11.8) 262 (+17.7)
SIFT LoFTR 13.0 29.7 48.8

MCD LoFTR 224 (+9.4) 42.7(+13.0) 60.8 (+12.0)

Table 1: Generalization to out-of-distribution data on Scan-
Net. MCD indicates the diffused matches generated via our
Monte Carlo diffusion. NG-RANSAC trained on SIFT is
evaluated on LoFTR, and vice versa. AUCs of the pose error
with different thresholds are reported, and the best results
are highlighted in bold.

Implementation Details

Dataset construction. For each image pair (I, 1), the corre-
sponding depth maps and camera parameters are utilized to
reconstruct 3D points (Hartley and Zisserman 2003). These
points are aligned in the world coordinate system, result-
ing in the ground-truth pixel-wise correspondences Cg. We
randomly subsample them to obtain 2000 correct correspon-
dences per image pair.

Training details. We set the diffusion parameters to Sy, =
0.0005, Bena = 0.0025, and 7" = 500. RND-r and RND-
s are randomly sampled within the ranges [0.2,0.9] and
[0.02,0.7], respectively. We maintain the hyperparameters in
learning-based RANSAC at their default settings to ensure
fair comparisons in our benchmarks. We train the model on
a GTX 2080 Ti, and the training process takes 60 hours.

Generalization to Out-of-Distribution Data

To assess the generalization to out-of-distribution (OOD)
data, we conduct experiments on SIFT and LoFTR cor-
respondences. Specifically, NG-RANSAC trained on SIFT
is evaluated on LoFTR, and vice versa. Notably, the pre-
sented Monte Carlo diffusion (MCD) is agnostic to specific
matchers. Therefore, for NG-RANSAC trained on diffused



Training Testing AUC @5° AUC @10°  AUC @20° Scenario Training Testing AUC @5° AUC @10° AUC @20°
LoFTR SIFT 3.1 6.7 13.4 00D LoFTR SIFT 2.7 4.4 10.5
MCD SIFT 169 (+13.8) 262 (+19.5) 36.8 (+23.4) MCD  SIFT 7.6 15.8 26.2
SIFT LoFTR 41.8 59.0 73.5 00D SIFT LoFTR 22.0 41.4 58.8
MCD LoFTR 53.2 (+11.4) 67.7 (+8.7) 79.2 (+5.7) MCD LoFTR 23.5 43.1 60.2
o o D SIFT  SIFT 7.3 16.6 285
Table 2: Generalization to out-of-distribution data on MCD SIFT 7.6 15.8 26.2
MegaDepth. D LoFTR LoFTR 23.1 428 60.0
MCD LoFTR 23.5 43.1 60.2

Training Testing AUC @5° AUC @10° AUC @20°
SIFT SIFT 7.6 16.1 25.5
MCD SIFT 7.6 16.2 26.2
LoFTR  LoFTR 22.7 42.7 60.1
MCD LoFTR 224 42.7 60.8

Table 3: Comparisons in in-distribution scenarios on Scan-
Net. The baseline trains and tests NG-RANSAC on the same
matcher, while our method trains NG-RANSAC only using
diffused matches.

Training Testing AUC @5° AUC @10° AUC @20°
SIFT SIFT 16.6 27.0 38.8

MCD SIFT 16.9 26.2 36.8
LoFTR LoFTR 53.3 67.5 79.3

MCD LoFTR 532 67.7 79.2

Table 4: Comparisons in in-distribution scenarios on
MegaDepth.

matches, we directly test it on SIFT and LoFTR. Table 1
and Table 2 list the results on ScanNet and MegaDepth, re-
spectively. The models trained on the diffused matches ob-
tained through Monte Carlo match diffusion exhibit signif-
icant improvements in generalization ability. For instance,
on ScanNet, MCD improves AUC @20° by 12% from
48.8% to 60.8% on LoFTR, when compared with the model
trained on SIFT. Notably, NG-RANSAC trained on LoFTR
yields limited AUCs on SIFT, e.g., 8.5% in AUC @20°.
Our method significantly enhances the generalization in
this case, improving AUC @20° by 17.7% from 8.5% to
26.2%. Additionally, we achieve consistent improvements
on MegaDepth, increasing AUC @20° by 5.7% and 23.4%
when tested on LoFTR and SIFT, respectively.

Comparisons in In-Distribution Scenarios

In some scenarios, conducting inference on in-distribution
data is practical. For example, LoFTR can be deployed in a
system with enough computational resources for both train-
ing and testing. To assess the applicability of our method in
such a setting, we compare our method with NG-RANSAC
trained and tested on the same matcher. More specifically,
we train NG-RANSAC on SIFT and test it on SIFT, and then
repeat this process on LoFTR. In contrast, for our method,
we retain the diffused matches during training and test the
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Table 5: Compatibility with V-RANSAC on ScanNet. AUCs
on out-of-distribution (OOD) and in-distribution (ID) sce-
narios are listed.

trained NG-RANSAC on both SIFT and LoFTR. As re-
ported in Table 3 and Table 4, our method achieves per-
formance comparable to the baseline, where NG-RANSAC
is trained and tested on the same matcher. This evidences
that our method not only shows superior generalization but
also remains highly competitive in scenarios where the same
matcher can be applied for both training and testing.

Ablation Study

Compatibility with Learning-Based RANSACs Recall
that we conduct experiments using NG-RANSAC by de-
fault. To shed more light on the compatibility with other
learning-based RANSACs, we repeat the experiments in
Table 1 and Table 3, employing another representative
learning-based RANSAC, V-RANSAC (Wei et al. 2023).
We report the results on ScanNet in Table 5. As demon-
strated, our method maintains its superiority when com-
bined with V-RANSAC. The model trained on the diffused
matches exhibits better generalization to out-of-distribution
data, and its results are comparable to those trained and
tested on the same matcher. These experiments highlight
Monte Carlo diffusion as a universal enhancer for learning-
based RANSACsS, improving the generalization ability.

Comparisons with Traditional RANSACs In addition
to learning-based RANSACSs, we conduct comparisons be-
tween our method and traditional RANSAC variants. Specif-
ically, we maintain the experimental setup, training NG-
RANSAC on diffused matches as our method. We evaluate
the trained model and the handcrafted methods, RANSAC
and MAGSAC++, on SIFT and LoFTR. The results on Scan-
Net are presented in Table 6. Traditional methods exhibit
limited performance on SIFT, resulting in an AUC @5° of
0.6 for RANSAC and 0.8 for MAGSAC++. As SIFT typi-
cally produces noisy initial matches with numerous outliers,
this finding indicates that handcrafted RANSACsSs are sen-
sitive to outlier ratios, limiting their effectiveness in appli-
cations requiring robust estimation from low-quality data.
In contrast, NG-RANSAC trained on our diffused matches
demonstrates superior adaptability across scenarios with
varying data quality.

Adaptability to Foundation Models Recently, founda-
tion models (Wang et al. 2024, 2025) have attracted grow-



Method Testing AUC @5° AUC @10° AUC @20°
RANSAC SIFT 0.6 2.1 4.8
MAGSAC++ SIFT 0.8 2.3 5.4

Ours SIFT 7.6 (+6.8) 16.2 (+13.9) 26.2 (+20.8)
RANSAC LoFTR 20.4 394 58.1
MAGSAC++ LoFTR 21.6 41.1 59.3

Ours LoFTR 224 (+0.8) 42.7 (+1.6) 60.8 (+1.5)

Table 6: Comparison with handcrafted RANSAC variants on
ScanNet. We train NG-RANSAC based on MCD and com-
pare the model with RANSAC and MAGSAC++.

ing attention for their strong performance in 3D computer
vision tasks. Recall that the major advantage of general-
izable learning-based RANSAC is its seamless integration
with newly developed matchers. Therefore, we conduct an
experiment where we employ VGGT (Wang et al. 2025), a
state-of-the-art matcher (Cong et al. 2025), to generate cor-
respondences during testing. To better highlight the effect
of RANSAC, we use unfiltered VGGT matches, which still
maintain higher matching quality than LoFTR (Sun et al.
2021). As shown in Table 7, models trained on our MCD
exhibit better adaptability to VGGT compared with both the
vanilla RANSAC and those trained on a specific matcher.

Training Testing AUC @5° AUC @10° AUC @20°
SIFT+LoFTR SG 15.5 334 51.8
N(0,1) SG 116 27.1 45.9
MCD SG 17.4 (+1.9) 35.5 (+2.1) 54.0 (+2.2)

Table 8: Effectiveness of Monte Carlo approximation.
N(0,1I) denotes a simple data augmentation perturbing
GT correspondences with Gaussian noise. The trained NG-
RANSAC is tested on out-of-distribution data generated via
SuperGlue (SG). AUCs on ScanNet are reported.

scale s, in the MSR module, we progressively incorporate
them into our framework. We train NG-RANSAC on dif-
fused matches generated by each variant, and Table 9 lists
the ablation results on ScanNet. The ablation starts with ran-
dom ¢ while keeping 7 = 0.5 and s = 0.1 fixed. The inclu-
sion of random r and s improves performance on both SIFT
and LoFTR during testing, increasing AUC @20° by 19.6%
and 4.0% on SIFT and LoFTR, respectively. These param-
eters introduce different types of randomness: ¢ determines
the distribution of the noised data, r controls the outlier ra-
tio in diffused matches, and s defines the noise level. Their
combined effects enhance the diversity of generated data,
leading to an optimal solution in our pipeline.

Training  Testing  AUC Q5 AUC @10 AUC @20 t r s Testing AUC@5° AUC@10° AUC @20°°

SIFT VGGT 22.4 42.8 61.8

LoFTR VGGT  24.8 45.4 64.0 Voo - S U 32 66

MCD VGGT 27.3 (+2.5) 48.6 (+3.2) 67.0 (+3.0) v - - LoFTR 20.1 39.0 56.8
RANSAC + VGGT 25.2 47.1 66.5 v v - SIFT 49 (+3.8) 10.6 (+7.4) 18.3 (+11.7)

v v - LoFTR 217 (+1.6) 422 (+3.2) 59.8 (+3.0)

Table 7: Adaptability to VGGT. RANSAC+VGGT indicates

a baseline that directly applies RANSAC to VGGT. AUCs v v SIFT 76 (327) 162 (+5.6) 262 (+79)

on ScanNet (Dai et al. 2017) are reported. v v v LoFTR 224 (+0.7) 42.7 (+0.5) 60.8 (+1.0)

Monte Carlo Approximation MCD approximates Dy,
through Monte Carlo sampling (Metropolis and Ulam 1949).
A straightforward alternative is to combine multiple match-
ers for data generation. To this end, we construct a train-
ing dataset using both SIFT and LoFTR correspondences,
doubling the size of the original dataset built with a sin-
gle matcher. Another baseline applies a simple data aug-
mentation by perturbing ground-truth correspondences with
Gaussian noise sampled from A(0,I), thereby generating
noised correspondences without our Monte Carlo diffusion.
We evaluate these baselines on ScanNet and report results in
Table 8. During testing, SuperGlue is used to generate cor-
respondences, serving as out-of-distribution data. The base-
lines perform worse than our MCD, demonstrating that the
fixed matchers or noise distribution struggle with sufficiently
exploring Dyy. In contrast, our method is independent of spe-
cific matchers, and the inherent randomness of the Monte
Carlo diffusion module enables diverse sampling from Dyj.
This advantage thereby leads to improved generalization.

Multi-Stage Randomization To assess the contribution
of the parameters, i.e., timestep ¢, diffusion ratio r, and noise
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Table 9: Ablation study on MSR. ¢, r, and s represent
timestep, diffusion ratio, and noise scale, respectively. Each
of these components introduces different types of random-
ness in MSR. We progressively add them to our pipeline,
and the results on ScanNet are shown.

Conclusion

In this paper, we have presented a Monte Carlo diffu-
sion mechanism that enhances the generalization ability of
learning-based RANSAC. Our approach decouples train-
ing from fixed data sources by simulating diverse noise
patterns through a diffusion-driven process. By incorporat-
ing Monte Carlo sampling, we inject randomness at multi-
ple stages of the diffusion module, further increasing data
diversity and robustness. We have evaluated our method
on ScanNet and MegaDepth, demonstrating that learning-
based RANSAC trained based on Monte Carlo diffusion
achieves significantly better generalization when tested on
out-of-distribution data and competitive performance in in-
distribution scenarios.
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