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Abstract

Robust estimation is a core computer vision task frequently tackled using sample consensus. However,
traditional methods suffer from inefficient sampling as they struggle to identify effective minimum
sets before hypothesis evaluation. To address these challenges, we propose a novel Diffusion-guided
Sampling for Consensus-based Robust Estimation (DiffSAC) framework. DiffSAC introduces a diffu-
sion model to learn the distribution of effective minimum sets. It refines the confidence for each data
point, indicating whether it belongs to a good minimum set, rather than ranking the data points as
in previous work. This significantly reduces the need to process numerous bad sets. To constrain the
refinement direction, geometric features are incorporated as conditions within our diffusion model.
Consequently, DiffSAC outputs a small number of high-quality minimum sets, enabling identifica-
tion of the best hypothesis via consensus evaluation. Notably, compared to previous works requiring
evaluating over ten thousand hypotheses, DiffSAC achieves state-of-the-art performance with only
dozens, significantly boosting efficiency. Extensive experiments across five classic computer vision
tasks demonstrate the superiority of DiffSAC. The diffusion model’s sampling accelerators enable
real-time operation, and DiffSAC can be used as a plug-and-play module to improve existing sample
consensus methods.

Keywords: Robust Estimation, Diffusion Models, Line Fitting, Fundamental Matrix Estimation, Essential
Matrix Estimation

1 Introduction

Robust estimation is critical to computer vision,
underpinning tasks such as simultaneous local-
ization and mapping (SLAM) [1-7], motion seg-
mentation [8-14], point cloud registration [15-21]
and structure from motion (SfM) [10, 22-27].

Despite significant progress, accurately and effi-
ciently estimating models from data contaminated
by noise remains a persistent challenge. To address
the challenges of noisy data, sample consensus
algorithms, notably RANdom SAmple Consen-
sus (RANSAC) [28], are a popular approach.
RANSAC operates by iteratively hypothesizing
models from randomly selected minimum sets
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of data. A minimum set contains the fewest
data points required to define a model. For
instance, two points suffice for a 2D line. By
focusing on minimum sets rather than the entire
dataset, RANSAC reduces the influence of out-
liers. After solving a hypothesis from a minimum
set, RANSAC evaluates its consensus, which is
quantified by the number of data points consistent
with the hypothesis within a defined tolerance.
Finding a hypothesis with maximal consensus
necessitates repeating this hypothesize-and-test
cycle many times.

While RANSAC exhibits robustness and gen-
eralizability, its inherent random sampling strat-
egy introduces limitations. Firstly, RANSAC sam-
ples minimum sets without prior refinement, lead-
ing to considerable variability in their quality.
Secondly, the number of iterations required to find
a good model grows exponentially with increasing
noise levels [29], significantly impacting efficiency.
Thirdly, RANSAC employs uniform random sam-
pling, neglecting potentially valuable geometric
information that could guide sampling.

In response to these limitations, many meth-
ods focus on improving the sampling process
[30-35]. Early methods prioritize sampling based
on heuristics, such as PROSAC [31], aiming to
favor outlier-free minimum sets. Recent neural
network-guided methods, like NG-RANSAC [30],
incorporate probabilistic preferences to enhance
sampling. However, these preference-based strate-
gies primarily refine sampling randomness but do
not eliminate the risk of selecting bad minimum
sets. Furthermore, guiding sampling towards a
singular optimal solution can be difficult due to
complex data distributions.

For these problems in previous work, the dif-
fusion models [36] demonstrate the potential to
solve them. It excels at capturing complex data
patterns and generating diverse, high-quality out-
puts. For example, in text-to-image generation,
diffusion models [37] can create multiple plausi-
ble images from a single text prompt, allowing
the selection of the most suitable result. We pro-
pose leveraging this generative power of diffusion
models to directly produce a small number of reli-
able and deterministic high-quality minimum sets.
Such a deterministic generation strategy can avoid
the problem of probabilistic sampling in previous

methods that often sample numerous bad mini-
mum sets, thereby enhancing the efficiency and
robustness of estimation.

Consequently, we introduce Diffusion-guided
Sampling for Consensus-based Robust Estima-
tion (DiffSAC), a novel framework designed to
enhance robust estimation tasks. DiffSAC lever-
ages the powerful distribution modeling capacity
of diffusion models to improve sample consen-
sus. Specifically, as shown in Fig. 1, DiffSAC
uses a diffusion model to learn the probability
distribution p(c|x), which represents assigning a
confidence ¢ to each data point in a dataset .
This confidence ¢ indicates a point belonging to a
minimum set. By conditioning the diffusion pro-
cess on the geometric features of the data Yy,
the generation of confidence c¢ is guided towards
the desired direction. Trained on datasets com-
prising data points y and corresponding optimal
minimum sets, DiffSAC can then estimate con-
fidence ¢ for unseen data by sampling from the
learned distribution p(c|x). This confidence esti-
mation enables DiffSAC to prioritize high-quality
minimum sets, substantially improving efficiency
by avoiding the exploration of less promising
candidates. The inherent stochasticity of diffu-
sion sampling facilitates effective exploration of
the probability landscape [36], making it particu-
larly suitable for confidence prediction. To further
enhance model accuracy, Diff SAC generates mul-
tiple minimum sets during inference, which are
subsequently evaluated using sample consensus to
identify the hypothesis with the strongest con-
sensus. This process ultimately selects the best
hypothesis from a pool of highly promising candi-
dates.

DiffSAC achieves state-of-the-art performance
in five classic robust estimation tasks. Moreover,
DiffSAC can be seamlessly integrated into exist-
ing robust estimation pipelines as a plug-and-play
module. While diffusion models are criticized for
computational cost with high-dimensional data
like images, the confidence ¢ in DiffSAC is low-
dimensional, resulting in minimal overhead. Fur-
thermore, with diffusion model acceleration tech-
niques, DiffSAC can operate in real-time.

The main contributions of DiffSAC are as
follows:

® We present a novel framework of Diffusion-
guided Sampling for Consensus-based Robust
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Fig. 1 Robust estimation with DiffSAC. The 2D line fitting task is used as an example. DiffSAC predicts the confidence
c of each data point being selected as the minimum set with the diffusion model. DiffSAC marries the power of sampling
consensus with the strengths of the diffusion model to iteratively refine the minimum set of data points x. green, black

respectively indicate inliers, and outliers.

Estimation (DiffSAC), which integrates diffu-
sion models into sample consensus for robust
estimation, effectively addressing limitations in
minimum set refinement and sampling effi-
ciency.

e DiffSAC leverages geometric features to con-
strain the diffusion process, iteratively refining
confidences to output reliable and deterministic,
high-quality minimum sets while minimizing
the selection of bad sets, thus improving both
efficiency and accuracy.

® Extensive experiments on 2D line fitting, 3D
plane fitting, fundamental matrix estimation,
essential matrix estimation, and homography
estimation demonstrate that DiffSAC achieves
state-of-the-art performance and can be eas-
ily integrated into existing sampling consensus
methods as a plug-and-play module for diverse
robust estimation tasks.

2 Related Work

Sample Consensus. Robust estimation, essen-
tial for handling noisy data, is commonly
addressed by sample consensus methods. The
Random Sample Consensus (RANSAC) algorithm
stands as a foundational approach in this category
[28]. The strength of RANSAC lies in its simplicity
and broad applicability, yet its random sampling
process can be inefficient, particularly with high
outlier ratios.

To improve the sampling efficiency of
RANSAC, subsequent methods have introduced
more strategic sampling techniques. PROSAC
prioritizes data points more likely to support a
valid model by sorting data based on a quality
metric and sampling sequentially [31]. USAC

takes a broader approach, integrating diverse
sampling strategies to dynamically balance effi-
ciency and robustness in various scenarios [38].
Neural networks are explored to guide sampling.
Initial efforts use PointNet to directly clas-
sify data points as inliers or outliers [39]. This
approach is further developed to incorporate local
context through pooling and unpooling mecha-
nisms, enhancing the classification accuracy [40].
Alternative sampling strategies include NAPSAC,
which constrains sampling to local neighborhoods
to improve performance in certain cases, though
at the risk of overlooking global structure and
becoming trapped in local optima [41]. Pro-
gressive NAPSAC mitigates this limitation by
gradually expanding the sampling area from local
to global, seeking a balance between focused and
comprehensive search [42]. More recently, NG-
RANSAC leverages neural networks to predict
the probability of selecting effective samples, thus
focusing the sampling process on more promis-
ing regions of the data space [30]. DGSAC [43]
introduces the concept of Kernel Residual Den-
sity (KRD) to create a data-driven, automated
pipeline that guides the sampling process and
eliminates the need for user-specified parameters
like a time budget. However, these methods based
on preference sampling still have a higher proba-
bility of sampling bad minimum sets. This leads
to a lot of unnecessary computing consumption.
Utilizing advanced generative methods to directly
produce reliable and deterministic high-quality
minimum sets can greatly improve efficiency.

In addition to refining the sampling process,
many methods focus on improving the quality
of generated hypotheses through local refinement.
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Fig. 2 The pipeline of the proposed DiffSAC. We use the fundamental matrix estimation task as an example. DiffSAC
uses correspondences X as a condition to constrain the generation direction. During training, DiffSAC takes the confidence ¢
of each data point being part of the minimum set to learn the diffusion prior with forward diffusion (Sec. 4.2). For inference,
DiffSAC iteratively refines multiple confidence ¢ simultaneously through reverse diffusion to generate high-quality minimum
sets. Then, the hypotheses solved by these minimum sets are evaluated for consensus to obtain the best hypothesis as the

final result of robust estimation (Sec. 4.3)

LO-RANSAC refines initial hypotheses by concen-
trating on the inliers of the current best model,
iteratively improving the solution within a local
context [44]. GC-RANSAC, in contrast, consid-
ers the spatial relationships between data points,
modeling data as a graph and utilizing graph-cut
to achieve a more spatially coherent separation of
inliers and outliers [45]. MAGSAC++ enhances
robustness by employing adaptive thresholds that
are less sensitive to variations in noise levels, lead-
ing to more reliable estimation in diverse noise
conditions [46]. Deep learning techniques also
enhance the sample consensus framework. DSAC
replaces the deterministic sampling of RANSAC
with a probabilistic approach, allowing for end-to-
end training and gradient-based optimization of
the sampling process [47]. Similarly, other meth-
ods directly optimize the likelihood of selecting

good hypotheses within a deep learning frame-
work, aiming to learn more effective sampling
distributions from data [48].

Diffusion models, inspired by thermody-
namics [49], learn data distributions through a
process of iteratively adding and then remov-
ing noise. Diffusion models have demonstrated
remarkable success in generating high-quality
samples across various data types, including
images [50-54], videos [55-59], and 3D point
clouds [60-64]. Recent work has begun to explore
the application of diffusion models in localiza-
tion and pose estimation. For example, DiffLoc
combines diffusion models with pose regression
to improve LiDAR localization accuracy [65],
and PoseDiffusion utilizes them to enhance bun-
dle adjustment in structure-from-motion pipelines
[66]. PC2 leverages diffusion models to reconstruct



3D point clouds from images, guided by cam-
era pose [67]. Despite these advancements, the
potential of diffusion models as a core compo-
nent within robust estimation frameworks remains
largely unexplored. We believe that the diffusion
models are inherently suited to sampling consen-
sus methods and can greatly improve efficiency
and accuracy.

3 Preliminary

3.1 Sample Consensus Methods for
Robust Estimation

Robust estimation addresses the challenge of
determining a reliable hypothesis, denoted as h,
from a dataset xy = {Xi}ﬁil contaminated with
noise. For example, in scenarios involving 2D
points, h can represent the parameters of a line
fitted to these points. Alternatively, when deal-
ing with image correspondences, h might represent
the fundamental matrix in epipolar geometry.
Sample consensus is a prevalent method in
robust estimation. This approach operates by first
selecting n minimum sets, denoted as M, from the
dataset x. The size v of each minimum set is deter-
mined by the task. For instance, line estimation
in 2D space requires a minimum set size of two
points. A solver S then processes each minimum
set to generate a set of candidate hypotheses, H:

H={S(m,)|m; € M,j=1,2,..n}. (1)

Subsequently, each hypothesis within H undergoes
evaluation using a scoring function f to assess its
consensus with the data. A common metric for
this evaluation is the inlier ratio, which quantifies
the proportion of data points consistent with the
hypothesis. The hypothesis achieving the highest
score is then chosen as the optimal estimate, hpest:

hBest = arg ma‘Xf <h7 X) . (2)
heH

This iterative process of sampling and evaluat-
ing multiple minimum sets confers robustness to
outliers.

The classical RANSAC algorithm exemplifies
this framework, employing random sampling to
derive the minimum sets M. However, it is recog-
nized that random sampling, particularly without

incorporating geometric information, can be inef-
ficient.

3.2 Diffusion Models

Diffusion models represent a category of genera-
tive models designed to learn intricate data dis-
tributions by simulating the reverse of a diffusion
process [36, 49, 68-71]. This process introduces
noise gradually to data over T' € N discrete
steps, transforming the original data into a noisy
state. Training these models involves learning to
reverse this noising process, effectively denoising
data back to its original structure.

Given a variance schedule §y,... 06 across T
steps, the transition from step t—1 to step t during
the forward diffusion (noising) process is described
as:

q(ciles—1) = Nleo; V1 = Bree—1, B E),  (3)

where FE is the identity matrix. Through this
forward process, as t approaches T, the data dis-
tribution ¢y converges to an isotropic Gaussian
distribution, c¢r. By defining oy := 1 — §; and
— t .

a; = [[,_, s, a closed-form expression allows for
direct sampling of ¢; from cp:

ct ~ q(ctlco) = N(eg; Vaico, (1 —ay)E).  (4)

The reverse diffusion process, pp(ci—1|ct),
maintains a Gaussian form if 3; values are suffi-
ciently small. This property allows the reverse dis-
tribution to be effectively modeled by a denoiser
@9:

po(ci—1ler) := N(ci—1; /e Dg(ci, t), (1 — o) E).

(5)
Iteratively applying this denoising process allows
the model to learn to reconstruct the original data
distribution from noise, making diffusion models
a potent tool for generative tasks.

4 Methodology
4.1 Pipeline of DiffSAC

DiffSAC leverages diffusion models to enhance
sample consensus for robust estimation. The core
idea is to use diffusion models to improve both the
efficiency of sampling and the quality of the mini-
mum sets. As depicted in Fig. 2, DifSAC operates



by estimating the conditional probability distri-
bution p(c|x) of confidence ¢ for each data point,
given the entire dataset. This confidence ¢ rep-
resents whether a data point belongs to a good
minimum set. DIfSAC approximates this condi-
tional probability distribution using a denoising
process inherent to diffusion models.

To achieve this, DiffSAC first trains a diffusion
model, denoted as Dy, on a comprehensive dataset
{(ck,Xx)}py- This dataset comprises pairs of
ground truth data points x and their correspond-
ing confidence ci. During inference, as illustrated
in Fig. 3, when presented with a new set of
observed data points x, Diff SAC iteratively refines
the sampling from the learned conditional proba-
bility distribution p(c|y). This iterative refinement
estimates the confidence ¢ for each data point,
aiming to identify high-quality minimum sets and
eliminate bad sets. A key distinction from typical
noise generation, which is independent of y, is that
the denoising process of DiffSAC is conditioned
on the input data points, making it data-aware.
This conditional probability is mathematically
expressed as:

po(ci—1lce, X) = N(ci—1; V/ourDolcr, t, x), (1—ar) E).

(6)

Algorithm 1 Diffusion Training Process
Input:
1: Timesteps T

Ground truth confidence cg;

Data points x as condition;

Approximate posterior g;

. Initial denoiser ®y.

Output:

6: Trained denoiser ®y.

7: repeat

8 co~qlco);

9: t ~ Uniform(1,...,T);

10: Sample confidence ¢; at timestamp ¢
through sampling noise € ~ AN (0, E) in the
forward process;

11: Take  gradient
Vo [[Do(ct,t,x) — coll 5

12: until convergence;

13: return Dy;

BN

descent  step  on

4.2 Learn Diffusion Prior

During training, as in Algorithm 1, the denoiser
Dy is trained to associate input data points x with
corresponding confidence. This is achieved by con-
straining the denoiser to generate confidence that
aligns with a designated direction learned from
the training data. To establish ground truth con-
fidence cqr, DiffSAC first determines the optimal
minimum set mgr using a ground truth model.
Data points within this optimal set are assigned 1,
while the remaining points are assigned 0. This ini-
tial confidence assignment, denoted as ¢, is then
subjected to a forward diffusion process through
Eq. 3 until a predefined time step t = T'. In each
step of forward diffusion, the denoiser ®y takes
noisy confidence ¢, the current time step ¢, and
the input data points x to predict a less noisy
confidence ¢;_1. These inputs are unordered data
points.

The architecture of the denoiser gy is illus-
trated in Fig. 4. The use of a transformer-based
attention mechanism without positional encodings
ensures that our denoiser network is permutation-
invariant and can naturally handle inputs with
a variable number of points (N), as demon-
strated in our experiments in Section 5.3. The
network v consists of three primary modules: Fea-
ture Embedding, Attention Feature Extraction,
and Denoising Module. In operation, both the
noisy confidence ¢; and the data points y are
initially transformed into feature vectors of iden-
tical dimensionality using fully connected (FC)
layers. The time step t is also embedded into
a feature vector using a multi-layer perceptron
(MLP). These embedded features are then com-
bined through addition. Subsequently, the com-
bined features are processed by an attention
feature extraction module, employing layer nor-
malization followed by a standard transformer
network [72]. The output of the transformer is
again layer-normalized. Finally, a fully connected
layer maps the processed features to a vector rep-
resenting the denoised confidence, ¢;_1. For the
MLP components, 1 X 1 convolutions with a stride
of 1 are utilized. The operation of the denoiser can
be summarized as:

Dole, t,x) = Y[(c), t, X V4] = ¢—1, (7)
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Fig. 4 Architecture of the Confidence Denoise Neural Network in DiffSAC. The raw data x is represented as
unordered N X d data points for conditioning. The network denoises the confidence ¢ into é;—1.

where 1 denotes the denoiser taking a sequence
of noisy tuples cj, diffusion time ¢, and geometric

Algorithm 2 Diffusion Sampling Process

features x* € R?. The training process optimizes Input.;:
the diffusion model ®¢y by minimizing a denoising L: Tlmesteps T o
loss, calculated as the difference between the pre- 2: Data.pomts x as condition;
dicted denoised confidence ¢;_; and the ground 3: Denoiser Dy.
truth confidence cy: Output:
4: Refined confidence c¢y.
Laifs = Epult 1),eima(encono Do ce, t,X) — coll?], 5: Sample initial confidence c¢r ~ N (0, E);
(8) 6: fort =T to 1 do
where the expectation is computed over diffusion 7 z~N(0,E)if t > 1, else z = 0;

timesteps ¢, diffused samples ¢;, and the training Ci_1 = \/% (Ct — tgzgg(ct,t, x)) + 042;

S
set {(CO,j7Xj)}j:1' 9: end for
10: return cop;

%




4.3 Inference: Generating and
Evaluating Minimum Sets

The inference process in DiffSAC is designed to
generate and evaluate multiple high-quality mini-
mum sets to find the optimal model hypothesis, as
in Algorithm 2. The procedure begins by taking
the input data points x. To efficiently explore the
solution space and leverage the stochastic nature
of the diffusion model, the input Y is replicated to
form a batch of size k. For each of these parallel
instances, the process is initiated with a unique,
randomly sampled noise vector ¢y ~ N(0,E),
where FE is the identity matrix. This strategy
allows the model to generate a diverse pool of
candidate solutions simultaneously, which can be
efficiently handled using GPU parallelism.

With the batch of x initial noise vectors, the
core generation step involves running the reverse
diffusion process for T steps. Using the trained
denoiser ®y, the model iteratively refines each
noise vector, conditioned on the input data yx, to
produce k final confidence vectors. At each step ¢
in the reverse sequence (T, ...0), the subsequent
confidence vector ¢;_1 is sampled from the learned
conditional distribution pg(ci—1|ct, x) as follows:

ci—1 = N(ct—1; Vau—1Dg(ct, t, x), (1 ——1)E).

(9)
This iterative refinement process leverages the
learned geometric features of the data to guide
the generation, effectively pruning paths that
would lead to poor minimum sets and steer-
ing the outcome towards high-quality confidence
assignments.

Once the x confidence vectors are generated,
the next step is to form candidate minimum sets.
For each confidence vector cél), a corresponding
minimum set is constructed by selecting the ~
data points from x that have the highest confi-
dence values. From each of these x minimum sets,
a model hypothesis is solved. This results in a
collection of x distinct hypotheses, each derived
from a promising minimum set identified by the
diffusion model.

Finally, these k hypotheses are evaluated
within a sample consensus framework. The con-
sensus score for each hypothesis is calculated
by evaluating its consistency with the entire
input dataset x using an appropriate metric. The
hypothesis that garners the highest consensus

score is ultimately selected as the final robust
estimation result, hpgcs;. This comprehensive eval-
uation ensures that the chosen model is not only
derived from a high-quality minimum set but is
also the most consistent with the overall data dis-
tribution, enhancing the accuracy and robustness
of the final estimation.

5 Experiments

DiffSAC is evaluated through experiments on five
classic tasks: 2D line fitting, 3D plane fitting, fun-
damental matrix estimation, essential matrix esti-
mation, and homography estimation. The 2D line
fitting and 3D plane fitting tasks serve to visualize
the behavior of robust estimation across various
noise levels. By manually adjusting noise ratios,
these tasks elucidates the sampling process inher-
ent in robust methods. For complex scenarios,
fundamental and essential matrix estimation tasks
assess the applicability of DiffSAC to real-world
camera pose estimation. The homography estima-
tion task demonstrates the ability of DiffSAC to
handle quasi-convex problems. These tasks pro-
vide critical insights into DiffSAC’s effectiveness
in practical computer vision applications.

5.1 Experimental Setup

DiffSAC is implemented based on the DDPM
framework [36]. For efficient training with mul-
tiple data points, the system constructs batches
by concatenating diverse point sets. The diffu-
sion inference process involves T = 100 iterative
refinement steps. The models undergo training for
100 epochs, employing the Adam optimizer, con-
figured 81 = 0.9 and By = 0.999. The learning
rate is initially set to 0.0001 and subsequently
diminishes following a cosine annealing sched-
ule. Notably, the noise in the data varies with
the actual task, while the noise in the diffusion
model to generate confidence is sampled from a
standard Gaussian distribution. During inference,
each input dataset is replicated £ = 20 times to
generate x candidate minimum sets concurrently.
These sets are then processed by a sample con-
sensus module to identify the optimal hypothesis,
with inlier count as the default consensus met-
ric. The inliers of the best hypothesis are used
for final model refinement. To accelerate inference,



DiffSAC incorporates DPM-Solver++ [73] as a
diffusion model accelerator.

All experiments are conducted on a Linux
server equipped with an Intel i7 5.0 GHz CPU
and an RTX 4090 GPU. The implementation is
developed using PyTorch.

5.2 2D Line Fitting Task

We first test DiffSAC in 2D line fitting, a
basic task in computer vision. We generate syn-
thetic datasets of points in a 2D space, x =
{lzs, ]| i=1,2,.., N} € RN*2 where N is the
total number of points. For each dataset, we
establish a ground truth line within a 10 x 10
picture. Inliers, representing points belonging to
the ground truth line, are then positioned along
this line. While outliers are randomly distributed
across the picture to simulate realistic noise sce-
narios. The proportion of outliers is systematically
varied to evaluate robustness at different contam-
ination levels. Consistent with the definition of a
line requiring a minimum of two points, DiffSAC
identifies sets of v = 2 points as minimum sets. We
configure DiffSAC with an inlier distance thresh-
old of € = 0.1, reflecting the perturbation range of
inlier points around the ground truth line. In all
experiments, we use datasets of N = 100 points
for both training and testing phases.

Quantitative performance is evaluated using
the mean Average Accuracy (mAA) metric [76].
This metric quantifies the angular difference
between estimated and ground truth lines. An
estimate is accurate if the angular error is within
0.5°. Table 1 summarizes the mA A scores achieved
by DiffSAC and comparative methods across vary-
ing outlier rates.

As shown in Table 1, DiffSAC consistently
achieves superior performance compared to other
methods across all tested outlier rates. In scenar-
ios with low outlier contamination, CLNet [75],
RANSAC [28], and Theil-Sen [74] exhibit reason-
able line estimation accuracy. However, DiffSAC
still demonstrates a slight performance advan-
tage with competitive speed. Notably, in high-
outlier scenarios, DiffSAC is substantially ahead,
maintaining significantly higher mAA scores and
demonstrating robust performance. In contrast,
the performance of other methods, particularly
Theil-Sen, degrades considerably in the presence
of increased noise. This indicates that DiffSAC

effectively identifies minimum sets that are closely
aligned with the ground truth line, rendering it
more resilient to high levels of noise. In addition,
TABLE 2 quantitatively evaluates the perfor-
mance of the various methods at different noise
scales on 0.5 outlier rate. The results show that
DiffSAC exhibits better performance at different
noise scales compared to other methods. This
experiment demonstrates the robustness of Diff-
SAC to noise scales. Furthermore, TABLE 3 shows
the performance of each method under the inter-
ference of non-uniform point-aggregated noise.
Due to the effective extraction of data seman-
tics by DiffSAC’s neural network, DiffSAC still
achieves better performance in this interference
situation.

Complementing the quantitative analysis, Fig.
5 presents qualitative results, visually illustrat-
ing the lines estimated by DiffSAC under varying
noise levels. These visual results align with the
quantitative findings, confirming the ability of
DiffSAC to accurately estimate lines even when
substantial noise is present. Furthermore, Fig. 6
visualizes the iterative refinement process within
DiffSAC, specifically in a scenario with a 0.5 out-
lier rate. The visualization tracks the evolution
of confidence ¢, demonstrating that DiffSAC can
effectively refine an initially noisy set of points
to converge on a minimum set with high con-
fidence. This rapid convergence highlights the
capacity of DiffSAC to leverage the generative
power of diffusion models for identifying high-
quality hypotheses. The progressive refinement
also showcases the ability of DiffSAC to perform
local optimization, further enhancing the quality
of the identified minimum set once a promising
candidate is found. These qualitative observations
emphasize the effectiveness of Diff SAC in exploit-
ing geometric properties to guide the generation of
accurate confidence c¢ for minimum sets, especially
in challenging high-noise conditions.

5.3 3D Plane Fitting Task

We further assess the effectiveness of DiffSAC on
3D plane fitting, a task with broader applicabil-
ity. The experimental setup mirrors the 2D line
fitting task, but now utilizes three-dimensional
data points, x = {[x;,v:,2]]i=1,2,..,N} €
RN >3, Consistent with the geometric definition of
a plane, DiffSAC selects minimum sets of v = 3



Table 1 2D line fitting. The mAA@0.5° and median error(°) across outlier rates from 10% to 80% are reported.

Method | 01 [ o2 | o3 | 04 | 05 | 06 | 07 | 08 | Speed (H7) 1
mAA TMid. JmAA TMid. |mAA TMid. [jmAA tMid. jmAA tMid. |/mAA TMid. |mAA TMid. [jmAA TMid. |

Theil-Sen [74] 0.80 - 0.77 - 0.75 - 0.15 - 0.09 - 0.06 - 0.01 - 0.00 - 80

RANSAC [28] 0.86 0.05 | 0.83 0.06 | 0.81 0.06 | 0.80 0.07 | 0.78 0.07 | 0.76 0.09 | 0.57 0.24 | 0.30 0.31 100

DGSAC [43] 0.86 0.05 | 0.84 0.06 | 0.83 0.06 | 0.82 0.06 | 0.79 0.07 | 0.77 0.08 | 0.60 0.20 | 0.36 0.27 82

CLNet [75] 0.87 0.05| 0.85 0.05| 0.84 0.06 | 0.83 0.06 | 0.81 0.07 | 0.79 0.08 | 0.64 0.19 | 0.38 0.26 [60(GPU) 33(CPU)

Ours (DiffSAC)| 0.89 0.03 | 0.88 0.04 | 0.87 0.04 | 0.87 0.05| 0.86 0.05| 0.84 0.07| 0.70 0.13| 0.43 0.20 |50(GPU) 30(CPU)

and inliers

Minimum set

Outlier Rate = 0.1 Outlier Rate = 0.2 Outlier Rate = 0.3 Outlier Rate = 0.4 Outlier Rate = 0.5

Inlier Ratio: 0.51 Ihlier Ratio: 0.50 Inlier Ratio: 0.44

Inlier Ratio: 0.41  Inlier Ratio: 0.33

Fig. 5 The qualitative results of DiffSAC on 2D line fitting. green, black respectively indicate inliers, and
outliers. DiffSAC can fit the accurate 2D line at various outlier rates.

Table 2 2D line fitting on different outlier
scales. The mAA@Q.5° and median error(°®) with 0.5
outlier rates at various outlier scales are reported.

Mothod \ 0.05 \ 0.1 \ 0.2
[mAA TMid. JmAA TMid. JjmAA TMid. |
Theil-Sen [74] 021 - | 009 - | 003 -
RANSAC [28] 0.80 0.06 | 0.78 0.07 | 0.73 0.13
DGSAC [43] 0.88 0.04 | 0.79 0.07 | 0.74 0.12
CLNet [75] 0.88 0.05| 0.81 0.07 | 0.75 0.10
Ours (DiffSAC)| 0.93 0.02 | 0.86 0.05 | 0.81 0.08

Table 3 2D line fitting on point-aggregated
outliers. The mAA@0Q.5° and median error(°) with 0.5
outlier rates are reported.

Method ‘ mAA 1 Mid. |
Theil-Sen [74] 0.03 -
RANSAC [28] 0.68 0.18
DGSAC [43] 0.71 0.14
CLNet [75] 0.72 0.14
Ours (DiffSAC) 0.80 0.09

points. We again use synthetic datasets with N =
100 points for both training and testing, unless
otherwise specified.

Quantitative evaluation of 3D plane fitting
performance utilizes the mA A metric, adjusted for
angular error between planes with 1° tolerance.
Fig. 7 (a) presents the mAA results, demon-
strating that DiffSAC outperforms other methods
across all outlier rates. To further examine the
robustness and generalization capabilities of Diff-
SAC, we evaluate its performance on datasets

with doubled points (N=200), without any addi-
tional training. Fig. 7 (b) showcases the strong
generalization of DiffSAC, maintaining high per-
formance with increased data point density. Quali-
tative visualizations of the fitted planes, presented
in Fig. 8, further corroborate these quantitative
findings. These visualizations demonstrate that
DiffSAC can accurately fit planes even under high
levels of noise.

5.4 Fundamental Matrix Estimation
Task

Fundamental matrix estimation is a crucial com-
ponent in computer vision, which inputs corre-
spondences between pairs of images and can be
decomposed to obtain the camera pose. In this
study, we use the dataset and experimental setup
from the CVPR 2020 RANSAC tutorial [77]. Its
training set comprises 12 scenes and over one
million image pairs. The test set consists of 2
scenes with 4,950 image pairs per scene. These
correspondences are extracted using RootSIFT
[78] correspondences, which are matched using
nearest neighbor search. For each correspondence,
a 128-dimensional SIFT descriptor is extracted.
The geometric feature is therefore defined as
X = {[mi,yi,desﬁ,xé,yé,desé] |Z =1,2, »N} €
RN*260  Hypotheses are solved using the 8-point
algorithm [79], with an inlier threshold of ¢ = 4.
The quantitative performance of our method
is summarized in Table 4. We use the mA A metric
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Fig. 6 The step results of DIiffSAC on 2D line fitting. The brighter the points in confidence ¢, the higher their
confidence value. The other colors are set the same as Fig. 5. DiffSAC can iteratively refine the bad initial confidence ¢
sampled from noise to a high-quality minimum set at the 0.5 outlier rate.

. DiffSAC

. CLNet

N RANSAC
Theil-Sen

0.1 0.2 0.3 0.4
Outlier Rate

(a) N = 100

0.5

. DiffSAC
. CLNet

N RANSAC
Theil-Sen

0.1 0.2 0.3 0.4 0.5
Outlier Rate

(b) N = 200

Fig. 7 3D Plane fitting on (a) 100 and (b) 200
synthetic data points with various outlier rates.
The mAAQ1° is reported, and higher is better. Diff SAC
achieves the best performance at outlier rates from 10% to
60%.

to evaluate the camera pose accuracy, specifically
focusing on rotation and translation. Our method
achieves improved results, exhibiting lower errors
compared to other approaches. This enhanced per-
formance can be attributed to the integration of
a diffusion model within our estimation process.
This integration allows for a more effective evalu-
ation of potential solutions, ultimately leading to
the selection of a superior fundamental matrix.
Qualitative results, visually demonstrating the
effectiveness of our method, are presented in Fig.
9. These visualizations reveal that our approach
effectively disregards inaccurate and structurally
irrelevant correspondences, leading to a more pre-
cise fundamental matrix estimation. Furthermore,
Fig. 10 illustrates the step-by-step refinement
of the estimation process. This figure demon-
strates a gradual reduction in both rotation and
translation errors as the process progresses. This
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visual evidence suggests that our method itera-
tively improves the solution quality by generating
and selecting high-quality sets of correspondences
while discarding bad sets.

To further validate our findings and assess the
robustness of DIffSAC across different scenarios,
we conduct experiments on the KITTI odome-
try dataset. Following standard practice, we use
sequences 00-07 for training and sequences 08-
10 for testing. Feature points are computed and
matched using the SIFT algorithm. The quanti-
tative outcomes, depicted in Fig. 11, show that
our method achieves superior performance in both
rotation and translation accuracy metrics on this
dataset. These results reinforce our earlier con-
clusions about the effectiveness of our approach
and highlight its adaptability to diverse situations.
Qualitative results presented in Fig. 12 demon-
strate that our method successfully estimates
accurate fundamental matrices on the KITTI
dataset, enabling the derivation of reliable camera
poses. These experiments demonstrate the robust-
ness of DiIffSAC to correspondences from different
scenarios. This can be attributed to the diffu-
sion model in DiffSAC that can effectively utilize
the pixel location and descriptor information of
correspondences.

To provide a more granular comparison of
fundamental matrix estimation algorithms, par-
ticularly in scenarios with varying levels of data
corruption, we conduct a controlled experiment
using a synthetic dataset. This dataset is gener-
ated from the ModelNet40 dataset. By virtually
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Inlier Ratio: 0.51  Inlier Ratio: 0.49

Inlier Ratio: 0.44
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Fig. 8 The qualitative results of DiffSAC on 3D Plane fitting. green, black respectively indicate inliers, and
outliers. DiffSAC can fit the accurate 3D plane at various outlier rates.

Table 4 Fundamental matrix estimation. The mAA@10° and median error of rotation and direction of translation

are reported.

Method ‘ mAAQ@10® 1 ‘ Median () | | Speed (Hz) 1
‘ R t ‘ R €t ‘

RANSAC [28] 0.681 0.371 2.952 8.349 31
LO-RANSAC [44] 0.690 0.403 2.579 7.625 27

USAC [38] 0.698 0.439 2.014 6.415 28
DGSAC [43] 0.713 0.504 1.875 4.947 24
NG-RANSAC [30] 0.718 0.574 1.587 2.918 22(GPU) 8(CPU)
MAGSAC++ [46] 0.723 0.585 1.476 2.632 53

Ours (DiffSAC) 0.783 0.641 0.886 1.819 30(GPU) 13(CPU)

(c) €r: 0.001, €: 0.007, Inlier Ratio: 0.88

(d) er: 0.007, &: 0.005, Inlier Ratio: 0.88

Fig. 9 The qualitative results of DiffSAC on the
fundamental matrix estimation task. The rotation,
translation errors, and inlier rate are reported. green,
black respectively indicate inliers, and outliers.

positioning a camera and rendering a chosen CAD
model from different viewpoints, we synthesize
pairs of images. Each image pair in this syn-
thetic dataset is designed to contain N = 200
feature point correspondences, with random noise
to simulate varying outlier contamination rates.
The results of this experiment, detailed in Table
5, demonstrate a consistent trend. Our method,
DiffSAC, consistently achieves the most accurate
rotation and translation estimation as the pro-
portion of outlier correspondences increases. In
simplified situations characterized by low outlier
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rates, all methods exhibit generally strong per-
formance. However, as outlier rates become more
substantial, the performance of other methods
degrades noticeably, while DiffSAC maintains a
robust level of accuracy. This sustained perfor-
mance is attributed to the ability of DiffSAC to
consistently identify high-quality minimum sets of
correspondences, enabling the robust estimation
of the fundamental matrix even in the presence
of significant data corruption. This experiment
further underscores the pronounced robustness of
DiffSAC when confronted with varying degrees of
outlier contamination.

5.5 Essential Matrix Estimation
Task

Essential matrix estimation is crucial for deter-
mining camera pose, utilizing intrinsic camera
parameters and epipolar geometry to compute
the relative rotation and translation between two
images in normalized coordinates. Following the
experimental protocol established for fundamental
matrix estimation, we train and evaluate Diff-
SAC on the same dataset and setup. The input to
DiffSAC consists of geometric features, defined as
x = {[zl, i, desi, ab, b, desh| [i=1,2,..,N} €
RN*260  These features encapsulate the coordi-
nates and descriptors of matched feature points



Table 5 Fundamental matrix estimation on ModelNet40 dataset. The mAA@10° 1 of rotation and direction of
translation at outlier rates from 10% to 60% are reported.

Method \ 0.1 \ 0.2 | 0.3 | 0.4 | 0.5 | 0.6

R t R t R t R t R t R t
RANSAC [2] 0917 0753 | 0819 0726 | 0.778 0668 | 0.699 0566 | 0.602 0466 | 0418  0.376
LO-RANSAC [44] | 0.928  0.764 | 0.861 0743 | 0.793  0.681 | 0716  0.579 | 0.629 0484 | 0.453  0.399
USAC [38] 0937 0776 | 0872  0.759 | 0804  0.694 | 0728  0.593 | 0.643 0502 | 0487  0.414
DGSAC [43] 0.940 0781 | 0879  0.767 | 0.809  0.700 | 0.733  0.601 | 0.651  0.508 | 0.499  0.420

NG-RANSAC [30] 0.942 0.785 0.880 0.772 0.812 0.702 0.742 0.605 0.658 0.514 0.508 0.427
MAGSAC+H+ [46] 0.950 0.799 0.891 0.781 0.820 0.712 0.750 0.615 0.670 0.522 0.524 0.438
Ours (DiffSAC) 0.965 0.813 | 0.909 0.790 | 0.835 0.724 | 0.763 0.628 | 0.684 0.537 | 0.547 0.453
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nlier R Fig. 11 Fundamental matrix estimation on the
- KITTI dataset. The mAA@10° of of rotation and direc-
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ability of DiffSAC to consistently generate high-
quality minimum sets of correspondences, crucial
for robust estimation. These findings collectively
highlight that DiffSAC can estimate accurate
essential matrices, effectively leveraging the gen-
erative power of diffusion models to produce
deterministic high-quality minimum sets for this
task.

€g: 0.001, &: 0.001, Inlier Ratio: 0.85

5.6 Homography Estimation Task
Fig. 10 The step results of DiffSAC on the funda-

mental matrix estimation task. The brighter the lines We further evaluate DiffSAC on the homog-
in confidence c, the higher confidence value. The other col- raphy estimation task. This task serves to
ors of the lines and the evaluation metrics are consistent

assess the performance of DIffSAC in han-
dling quasi-convex residuals, which are a char-
acteristic of many robust estimation problems.
We utilize the KITTI dataset for training
and evaluation, maintaining consistency with
the experimental settings used in the funda-
mental matrix estimation experiments detailed

with Fig. 9.

between image pairs. For hypothesis generation,
DiffSAC employs the efficient 5-point algorithm
[80], a standard technique in essential matrix esti-
mation. We set the inlier threshold to ¢ = 1 to
3:;5(1:2?118}1 between inlier and outlier correspon- in Section 5.4. The geometric feature input
oo = {[z%, v}, desi, ah, yb, desh] i = 1,2, ..., N

Quantitative results are summarized in Table IENM{GéfE;eﬁgmse iil’exsi;gfe’ rﬁf Z]sl;bmat(; tile ilom}oge—

6. The data reveals that DiffSAC achieves superior raphy matrix H, DiffSAC utilizes the Direct Lin-

Eerformz:,;lcz c9m1;) ared tc; other roblgt ?§§1?a— ear Transform (DLT) algorithm [81], a widely
101 meLhods - terms of accuracy. iiuaitative adopted method for homography estimation. The

results, VI,SI,lahzed n Fig. 13, fu.rther illustrate inlier threshold for this task is set to € = 0.1. The
the capability of DiffSAC to estimate accurate . . . .
residual, which quantifies the reprojection error of

fessentlal matrices across .dlverse s.cenes .and v1evxf— matched points under the estimated homography,
ing angles. Moreover, Fig. 14, displaying multi-

step essential matrix estimation, demonstrates the
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0.001, €¢: 0.002 , Inlier Ratio: 0.99

(a) €g:

(b) eg: 0.001, &: 0.001, Inlier Ratio: 0.95

(c) €g: 0.001, €: 0.001, Inlier Ratio: 0.93

Fig. 12 The DiffSAC qualitative results of fundamental matrix estimation on the KITTI dataset. The inliers
are indicated by the green line. DiffSAC can estimate the accurate fundamental matrix on the KITTI dataset.

Table 6 Essential matrix estimation. The mAA@10° and median error of rotation and direction of translation are

reported.
Method | mAAQIO® 1 | Median (%) ¢ | Speed (Hz) t
R t ‘ R €t ‘

RANSAC [28] 0.701 0.415 1.651 6.374 50
LO-RANSAC [44] 0.716 0.422 1.421 6.106 46

USAC [38] 0.723 0.426 1.396 5.932 48
NG-RANSAC [30] 0.753 0.530 1.287 2.792 38(GPU) 17(CPU)
MAGSACH+ [46] 0.778 0.553 1.195 2.284 86

Ours (DiffSAC) 0.798 0.651 0.863 1.779 48(GPU) 22(CPU)

(b) €g: 0.001, €: 0.002, Inlier Ratio: 0.72
s |

[

(c) €g: 0.001, € 0.001, Inlier Ratio: 0.89 (d) €g: 0.001, €2 0.003, Inlier Ratio: 0.74

Fig. 13 The qualitative results of DiffSAC on
essential matrix estimation task. The rotation, trans-
lation errors, and inlier rate are reported. The colors of
lines are set the same as in Fig. 9.

is computed as:

r— H(Hrow:1:2 - [1‘2, yQ]THrow:3)[xly Y1, 1]TH
H’r‘ow:B N [xlv Y1, ]-]T '

(10)
The quantitative results, presented in Figure
15, demonstrate that Diff SAC outperforms other
methods in homography estimation on the KITTI
dataset. This outcome underscores the broader
applicability and effectiveness of DiffSAC as a
robust estimation technique. This experiment con-
firms the efficacy of DiffSAC extends beyond
specific problem instances like essential and funda-
mental matrix estimation, showcasing its potential
for more general robust estimation challenges.
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Minimum set and inliers

1

Inlier Ratio: 0.06

Inlier Ratio: 0.63

Inlier Ratio: 0.76

€g: 0.001, &: 0.001, Inlier Ratio: 0.86

Fig. 14 The step results of DiffSAC on the essential
matrix estimation task. The colors of lines and evalua-
tion metrics are consistent with Fig. 13.

5.7 Ablation Study

To evaluate the contribution of each component
within our DiffSAC approach, we performed abla-
tion studies. In these experiments, we systemat-
ically altered or removed specific modules of our
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Fig. 15 Homography estimation on the KITTI
dataset. The mAA@10° of rotation is reported.

method, while maintaining consistent experimen-
tal data and settings. This allowed us to isolate
and understand impacts of elements on the overall
performance.

The Effect of the diffusion model is tested
in Table 7 (a). We attempt to directly train
a neural network to predict confidence ¢ from
the input data points x. However, this direct
approach yields significantly lower performance
and struggles to identify high-quality minimum
sets effectively. In contrast, DiffSAC leverages the
iterative refinement process of diffusion models to
generate confidence ¢ that closely approximates
the true confidence. This continuous refinement of
the minimum set is crucial for achieving robust
performance.

The plug-and-play capability of DiffSAC
is demonstrated in Table 7 (b). We combined the
minimum set estimation of DiffSAC with the local
hypothesis refinement of LO-RANSAC [44]. By
substituting DiffSAC for the standard RANSAC
within this established framework, we observed a
further performance increase. This improvement
highlights the plug-and-play capability of Difi-
SAC and its compatibility with existing sampling
consensus methods. This versatility stems from
DiffSAC’s unique combination of deep learning
and the principles of classical sample consensus.

The effect of descriptors is tested in Table
7 (c¢). Our findings indicate that DiffSAC can
accept various descriptors as input. These descrip-
tors can provide rich image information to Diff-
SAC, offering the diffusion model with crucial
contextual understanding of the image content
underlying the data points. Without descriptors,
relying solely on coordinate information, DiffSAC
struggles to converge effectively. In addition, the
SuperPoint descriptors are slightly better than
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the other methods, possibly because the learning-
based SuperPoint output descriptors may be bet-
ter suited for Diff SAC to decode features. Notably,
DiffSAC does not specify the type of descriptors.
We use the SIFT descriptors that from the pub-
lic dataset for a fairer comparison of performance.
If there is Gaussian noise in the descriptor of
SIFT, the performance degradation will be dras-
tically reduced. These results underscore the role
of descriptors in guiding the diffusion process
towards meaningful solutions.

Different sampling approaches are com-
pared in Table 7 (d). Our experiments show that
maximum sampling of the minimum set performs
marginally better than probabilistic sampling.
This subtle advantage arises because the diffusion
model generates highly accurate and deterministic
confidence ¢, as visualized in Figure 10. Probabilis-
tic sampling, in contrast, introduces the possibility
of selecting less optimal minimum sets, potentially
hindering performance.

Different neural networks are tested in
Table 7 (e). Compared to MLPs and DGCNN-
based networks, the transformer-based network
demonstrates superior feature extraction from the
data points. The “attention” mechanism inher-
ent in transformers proves particularly effective in
discerning the complex relationships between con-
fidence ¢ and data points y, ultimately leading to
enhanced performance.

Sampling efficiency is compared in Table
7 (f) and Fig. 16. By employing DPM-Solver—+-+
[73] to accelerate the inference of diffusion mod-
els, DiffSAC achieves rapid hypothesis genera-
tion under GPU parallel computing. It solves for
high-quality hypotheses in just 33 milliseconds
with 2000 iterations, encompassing both diffusion
sampling and evaluate consensus. The data pre-
processing and feature embedding take 12% of
the time, and diffusion sampling takes 75% of
the time. Benefiting from the small number of
high-quality hypotheses to be evaluated, evaluate
consensus only takes 13% of the time. The GPU
memory usage is around 2GB for inference. More-
over, our results with varying iteration counts
(Fig. 16) reveal that DiffSAC consistently achieves
superior performance with significantly fewer iter-
ations than competing methods. For instance,
with only 2,000 iterations, Diff SAC surpasses the
accuracy of methods like MAGSAC++ that use
over 10,000 iterations. This efficiency gain stems



Table 7 The ablation study results of DiffSAC on fundamental matrix estimation.

Exp. | Moethod | mAAQ10° 1 | Median (°) |

R t €R, €t
(a) Ours (w/ direct learning confidence) 0.687 0.393 2.761 7.835
Ours (full, w/ diffusion model) 0.783 0.641 0.886 1.819
(b) Ours (w/ LO-RANSAC sample consensus) 0.794 0.657 0.874 1.763
Ours (full, w/ RANSAC sample consensus) 0.783 0.641 0.886 1.819
Ours (w/o descriptors) 0.725 0.603 1.271 2.193
Ours (w/ ORB descriptors) 0.751 0.623 0.997 2.002
(c) Ours (w/ SuperPoint descriptors) 0.787 0.646 0.883 1.813
Ours (full, w/ SIFT descriptors + Gaussian) 0.738 0.615 1.147 2.026
Ours (full, w/ SIFT descriptors) 0.783 0.641 0.886 1.819
(d) Ours (w/o probabilistic sampling) 0.761 0.627 0.989 1.958
Ours (full, w/ max sampling) 0.783 0.641 0.886 1.819
Ours (w/ MLPs) 0.713 0.569 1.613 2.987
(e) Ours (w/ DGCNN [82]) 0.726 0.592 1.325 2.074
Ours (full, w/ Point-e [69]) 0.783  0.641 | 0.886  1.819
RANSAC (10k iterations) 0.681 0.371 2.952 8.349
(f) NG-RANSAC (10k iterations) 0.718 0.574 1.587 2.918
MAGSACH+ (10k iterations) 0.723 0.585 1.476 2.632
Ours (2k iterations) 0.783 0.641 0.886 1.819
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Fig. 16 The mAA@10° 1 of various methods at dif-
ferent iterations. The rotation and translation errors are
reported. DiffSAC achieves excellent performance with few
iterations, which proves its high efficiency.

from the diffusion model’s ability to preemptively
filter out bad minimum sets before hypothesis
solving, focusing computational resources only
on promising candidates. By effectively trading
numerous random samples for a small batch of
guided, high-quality ones, DiffSAC provides a
more efficient and robust estimation pipeline.

6 Discussion

The learning-based robust estimation methods
directly in a one-shot manner [83] often func-
tion as black boxes. This characteristic obscures
the process by which these methods arrive at
their results, hindering interpretability. This lim-
ited interpretability raises concerns about the
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practicality of such approaches in engineering
applications, where understanding the behavior
of methods is often crucial. In contrast, tradi-
tional methods grounded in mathematical theory,
such as optimization-based model fitting, offer
clear interpretability and well-defined application
scopes. However, many of these traditional meth-
ods struggle to effectively incorporate geometric
data features and can be inefficient in data sam-
pling.

Recognizing these complementary strengths,
integrating traditional and learning-based meth-
ods emerges as a promising direction to achieve
both interpretability and high performance in
robust estimation. Diff SAC embodies this hybrid
approach. By refining confidence ¢ based on geo-
metric features within a diffusion model, Diff SAC
outputs high-quality minimum sets. This frame-
work effectively merges the advantages of deep
learning with the established principles of sample
consensus processes. This integration enhances the
interpretability of DiffSAC by providing a clearer
understanding of how geometric information con-
tributes to the final estimation.

Furthermore, DiffSAC can easily be applied to
other robust estimation tasks due to the following
reasons:

e DiffSAC takes data points as input to predict a
vector representing the confidence of each data
point in the minimum set. This implies Diff SAC



can process various types of information beyond
just coordinates and descriptors.

e DiffSAC can be seamlessly applied to other
robust estimation methods as a plug-and-play
module, replacing their minimum set sampling
module.

7 Limitations and Future Work

Despite the strong performance demonstrated,
DiffSAC has several limitations that open avenues
for future research.

On the one hand, the current framework
requires task-specific models. A separate diffusion
model must be trained for each distinct geomet-
ric estimation task, such as fundamental matrix
estimation or homography. While effective, this
approach lacks generality and requires a dedicated
training process for every new problem type. A
promising direction for future work is to explore
the development of a single, more generalized
model capable of handling multiple robust esti-
mation tasks, which would significantly reduce
training overhead and improve versatility.

On the other hand, there is a computational
cost associated with the iterative nature of the
diffusion model. While we achieve real-time per-
formance on a GPU by leveraging accelerators
like DPM-Solver++, the inference process can
be demanding for resource-constrained environ-
ments. The reliance on a GPU may limit the
applicability of DiffSAC on devices with only
CPU capabilities or in embedded systems. There-
fore, future research could focus on developing
more lightweight and efficient diffusion samplers
to reduce the computational burden without sac-
rificing performance.

8 Conclusion

This paper presents DiffSAC, a novel robust
estimation method leveraging deep learning. To
improve efficiency, Diff SAC integrates the estab-
lished sample consensus process with a diffusion
model. The diffusion model serves to identify and
discard bad minimum sets early in the process.
This allows for iterative refinement of confidence,
leading to more reliable and precise estimations.
DiffSAC then selects data points exhibiting high
confidence to form minimum sets. Geometric fea-
tures guide the generation of the diffusion model,
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ensuring relevant solutions. To further enhance
the quality of the estimated model, Diff SAC gener-
ates and evaluates multiple high-quality minimum
sets using sample consensus to identify the opti-
mal hypothesis. The sampling approach allows
DiffSAC to function as a plug-and-play mod-
ule that is readily integrable into other robust
estimation methods based on sample consensus.
Experiments demonstrate that DiffSAC achieves
state-of-the-art performance. Its design also facili-
tates straightforward application to diverse robust
estimation tasks.
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Appendix A Network
Architecture
Details

The network structures are based on Point-e [84].
To maintain permutation invariance, no positional
encoding is applied.

In the attention feature extraction module, the
features are first layer-normalized and then passed
through a standard transformer network [72]. The
output is layer-normalized again. Finally, a fully
connected layer maps the features into a vector to
denoise the confidence ¢; into ¢;—1. The detailed
network parameters are shown in Table Al. For
the MLP, a 1 x 1 convolution with a stride of 1 is
used.
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