
GeoMoE: Divide-and-Conquer Motion Field Modeling with Mixture-of-Experts
for Two-View Geometry

Jiajun Le, Jiayi Ma *

Electronic Information School, Wuhan University, Wuhan 430072, China
jiajunle01@gmail.com, jyma2010@gmail.com

Abstract

Recent progress in two-view geometry increasingly empha-
sizes enforcing smoothness and global consistency priors
when estimating motion fields between pairs of images. How-
ever, in complex real-world scenes, characterized by extreme
viewpoint and scale changes as well as pronounced depth dis-
continuities, the motion field often exhibits diverse and het-
erogeneous motion patterns. Most existing methods lack tar-
geted modeling strategies and fail to explicitly account for
this variability, resulting in estimated motion fields that di-
verge from their true underlying structure and distribution.
We observe that Mixture-of-Experts (MoE) can assign ded-
icated experts to motion sub-fields, enabling a divide-and-
conquer strategy for heterogeneous motion patterns. Build-
ing on this insight, we re-architect motion field modeling in
two-view geometry with GeoMoE, a streamlined framework.
Specifically, we first devise a Probabilistic Prior-Guided De-
composition strategy that exploits inlier probability signals
to perform a structure-aware decomposition of the motion
field into heterogeneous sub-fields, sharply curbing outlier-
induced bias. Next, we introduce an MoE-Enhanced Bi-Path
Rectifier that enhances each sub-field along spatial-context
and channel-semantic paths and routes it to a customized
expert for targeted modeling, thereby decoupling heteroge-
neous motion regimes, suppressing cross-sub-field interfer-
ence and representational entanglement, and yielding fine-
grained motion-field rectification. With this minimalist de-
sign, GeoMoE outperforms prior state-of-the-art methods in
relative pose and homography estimation and shows strong
generalization.

Code — https://github.com/JiajunLe/GeoMoE

Introduction
Establishing precise and reliable correspondences between
two images remains a critical and enduring challenge in
computer vision, underpinning a variety of advanced vi-
sion tasks such as image stitching (Brown and Lowe
2007), Simultaneous Localization and Mapping (Mur-Artal,
Martinez Montiel, and Tardos 2015), and Structure from
Motion (Schonberger and Frahm 2016). Typically, these
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Figure 1: Illustration of MoE modeling heterogeneous mo-
tion patterns. Red lines denote outliers, while green lines
represent inliers. Different colors in the filtered motion field
indicate distinct motion sub-fields, each corresponding to a
specific heterogeneous motion pattern.

correspondences are inferred based on the similarity be-
tween local descriptors (e.g., SIFT (Lowe 2004), Super-
Point (DeTone, Malisiewicz, and Rabinovich 2018)) ex-
tracted by detectors. Nevertheless, in complex, real-world
scenarios characterized by significant viewpoint changes
and illumination variations, the discriminative capability of
these descriptors is often severely compromised, resulting
in numerous incorrect matches (i.e., outliers). Consequently,
such unreliable matches undermine the accuracy and ro-
bustness required for subsequent geometric estimation tasks.
Therefore, effectively rejecting outliers while preserving ac-
curate correspondences (i.e., inliers) has emerged as an es-
sential research issue, which is the focus of this paper.

The rapid advances in deep learning over recent years
have significantly accelerated research into two-view ge-
ometry problems. PointCN (Yi et al. 2018) serves as a
flagship method, employing an MLP backbone to recast
outlier rejection as a binary classification task distinguish-
ing outliers from inliers. Successor methods derived from
PointCN, such as OANet (Zhang et al. 2019), NCMNet (Liu
and Yang 2023), U-Match (Li, Zhang, and Ma 2023), and
BCLNet (Miao et al. 2024), have continued to demon-
strate consistently improved performance. Another line of
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work takes a more natural and structured perspective by
leveraging consistency and smoothness priors that arise
from the uniform deformation between image pairs. Re-
cent methods, including3 LMCNet (Liu et al. 2021), Con-
vMatch++ (Zhang and Ma 2023), DeMatch (Zhang et al.
2024), and DeMo (Lu et al. 2025), explicitly exploit these
priors, validating their effectiveness in improving model
performance. Nevertheless, these methods are still subject
to notable limitations. Specifically, LMCNet enforces mo-
tion consistency via Laplacian regularization but incurs
high computational cost due to expensive matrix decom-
position. ConvMatch++ structures unordered motion fields
into image-like forms for CNN-based context extraction,
but faces local over-smoothing and lacks global percep-
tual awareness. DeMo models global consistency within
an RKHS framework (Aronszajn 1950; Baldassarre et al.
2012), while effectively preserving motion discontinuities
while mitigating the risk of over-smoothing. Nonetheless, in
realistic imaging conditions, extreme visual scenarios, dras-
tic scale variations, and significant depth disparities often
cause motion fields to exhibit multiple heterogeneous mo-
tion patterns as shown in Fig. 1. A straightforward strategy
to address this is to decompose the motion field into sub-
fields, as in DeMatch. However, DeMatch applies a uniform
modeling strategy to all sub-fields, inevitably overlooking
the intrinsic variability and distinct motion characteristics of
each. Consequently, an unresolved key issue persists in the
literature: given the pronounced differences in both feature
characteristics and distributions across motion sub-fields,
how can we develop tailored, adaptive modeling strategies
to effectively address their inherent heterogeneity?

Rather than relying on complex and redundant hand-
crafted designs, we advocate Mixture-of-Experts (MoE) (Ja-
cobs et al. 1991) as a natural and efficient alternative. In this
framework, a routing network dynamically analyzes the mo-
tion characteristics of each sub-field and assigns it to the
most suitable expert for dedicated modeling. It allows ex-
perts to specialize in distinct motion patterns, preserving the
independence of the modeling process and yielding more
discriminative features for accurate sub-field rectification.

Building upon this insight, we propose GeoMoE, a novel
and streamlined network paradigm aimed at rebuilding mo-
tion field refinement for two-view geometry through the lens
of Mixture-of-Experts. Specifically, we heuristically design
a Probabilistic Prior-Guided Decomposition strategy that
leverages inlier probabilities from the preceding layer as pri-
ors to guide a soft, structure-aware clustering of the motion
field. This process decomposes the motion field into multiple
sub-fields with strong scene-level consistency by concentrat-
ing on regions exhibiting similar motion patterns, while con-
currently mitigating bias caused by uneven outliers. Upon
completing the decomposition, we propose a novel MoE-
Enhanced Bi-Path Rectifier, which first comprises two com-
plementary paths: a spatial path that captures relative motion
cues within the spatial context of each sub-field, and a chan-
nel path that enhances feature representations along the se-
mantic dimension. A routing network then assigns each sub-
field to the suitable expert based on its feature characteristics
and distributions, enabling each expert to specialize in mod-

eling a specific motion pattern. This targeted expert assign-
ment alleviates cross-sub-field information interference and
representational entanglement, thereby yielding more pre-
cise tailored sub-field rectification. Through synergistic in-
tegration, the rectified sub-fields collectively reconstruct a
global motion field with enriched detail, enhanced structural
clarity, and closer alignment to real-world distributions.

Taken as a whole, as illustrated in Fig. 1, our method
forms a unified and streamlined pipeline from decomposi-
tion to expert-guided modeling, fully leveraging MoE to ad-
dress heterogeneous motion fields. Our main contributions
are summarized as follows:

• We propose GeoMoE, a groundbreaking two-view geom-
etry network that introduces MoE to enable fine-grained
modeling and rectification of motion sub-fields.

• We develop a probabilistic prior-guided decomposition
strategy that utilizes inlier probability as a prior to per-
form structure-aware motion field decomposition, while
reducing bias induced by uneven outliers.

• We architect an innovative MoE-enhanced bi-path rec-
tifier that reduces mutual interference and entanglement
among sub-fields with diverse motion patterns, facilitat-
ing expert-driven, fine-grained modeling and rectifica-
tion across sub-fields.

• Extensive experiments across multiple public datasets
show that GeoMoE surpasses state-of-the-art methods,
validating its effectiveness and strong generalizability.

Related Work
Learning-Based Outlier Rejection Methods
PointCN (Yi et al. 2018) pioneered the application of deep
learning to the outlier rejection task by reframing it as an
inlier/outlier classification problem modeled with MLPs.
A series of subsequent works have focused on enhanc-
ing feature representations through increasingly sophisti-
cated architectural designs. For example, OANet (Zhang
et al. 2019) proposes differentiable pooling to capture lo-
cal geometry, MS2DG-Net (Dai et al. 2022) introduces a
graph-based representation in feature space to model inter-
correspondence relationships, and U-Match (Li, Zhang, and
Ma 2023) designs a U-shaped architecture to enable hierar-
chical and multi-scale local context learning. Furthermore,
CLNet (Zhao et al. 2021) establishes a local-to-global con-
sistency learning paradigm, progressively preserving reli-
able matches. This progressive filtering paradigm has been
adopted by NCMNet (Liu and Yang 2023), BCLNet (Miao
et al. 2024), and VSFormer (Liao et al. 2024).

From another perspective, ConvMatch++ (Zhang and Ma
2023) reinterprets two-view geometry as a motion field es-
timation problem, structuring unordered correspondences
into fields and applying CNNs for local consistency. De-
Match (Zhang et al. 2024) alleviates computational burden
by decomposing the global motion field into multiple im-
plicit sub-fields, while DeMo (Lu et al. 2025) introduces
learnable deep kernels in RKHS to capture global motion
coherence. Nevertheless, these methods fail to account for
multiple heterogeneous motion patterns induced by complex
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Figure 2: Overall architecture of GeoMoE. Following initialization and the LOC module, high-dimensional motion features
`F are decomposed into multiple motion sub-fields `

Z ′ via the probabilistic prior-guided decomposition strategy. In the MoE-
enhanced bi-path rectifier, each sub-field undergoes bi-path feature enhancement and subsequently is modeled by customized
experts within F-MoE. The complete motion field `+1F is then reconstructed by a GAT module. Finally, the inlier probabilities
`w predicted at each layer are utilized in loss computation.

scene variations, which pose a significant challenge to pre-
cise motion field modeling.

Mixture-of-Experts (MoE)
The Mixture-of-Experts (MoE) (Jacobs et al. 1991) frame-
work leverages a routing network to dynamically activate
specialized expert networks, enabling task-adaptive repre-
sentation learning. It has shown strong effectiveness in
both vision (Cai, Gu, and Zhang 2018) and language mod-
els (Lepikhin et al. 2020), particularly when integrated into
Transformer (Fedus, Zoph, and Shazeer 2022) to boost ca-
pacity and efficiency. Recent work extends MoE to various
tasks: it reconfigures U-Net skip connections for semantic
decoding in medical segmentation (Luo et al. 2025); assigns
correspondences to shared experts in point cloud registra-
tion (Huang et al. 2025) to enhance feature discriminabil-
ity in overlapping regions; and improves robustness un-
der cross-domain variations in correspondence pruning (Xia
et al. 2025). In contrast, we introduce MoE into two-view
geometry to address heterogeneous motion patterns arising
from scene diversity and complexity at the underlying cor-
respondence level.

Method
Problem Formulation
Following prior work (Liu et al. 2021), given a pair of im-
ages (I, I′), we use an off-the-shelf descriptor extraction
method (Lowe 2004) to detect keypoints and compute de-
scriptors. Based on descriptor similarity, a putative corre-
spondence set C = {ci|ci = (xi,x

′
i)} ∈ RN×4 is con-

structed using a nearest neighbor (NN) matcher, where xi
and x′i denote the keypoint coordinates normalized by the
respective camera intrinsics. Each correspondence ci defines
a motion vector mi = (xi,x

′
i−xi), which is then projected

into a high-dimensional feature f i to form the dense motion
field F = {f i} ∈ RN×D. After the locality orthogonal
context module, we apply a probabilistic prior-guided de-
composition strategy to decompose the global motion field
into multiple structure-aware sub-fields. Each sub-field, en-
hanced along spatial-context and channel-semantic paths, is
subsequently routed by the MoE-enhanced bi-path rectifier

to a customized expert for dedicated modeling and refine-
ment. The rectified sub-fields are then integrated to recon-
struct a high-fidelity motion field with fine-grained structure.
A lightweight MLP then predicts an inlier/outlier probability
wi for each correspondence. This cycle of local context ag-
gregation, decomposition, refinement, and reconstruction is
repeated across L sequential layers, progressively enhanc-
ing the motion field estimation. Finally, a weighted eight-
point algorithm, guided by the predicted probabilities w =

{wi} ∈ RN×1, is used to estimate the essential matrix Ê.
The overall process is formalized as:

w = gφ(C),

Ê = h(w,C),
(1)

where gφ denotes GeoMoE parameterized by φ, and h rep-
resents the robust weighted eight-point algorithm. As shown
in Fig. 2, the overall architecture of GeoMoE is depicted,
and we elaborate on its design in the following section.

Motion Initialization
Owing to their low dimensionality, motion vectors mi lack
the expressive power needed to capture deep features. To
overcome this, inspired by prior work (Lu et al. 2025), we
embed mi into a high-dimensional space to obtain a richer
representation f i ∈ RD that serves as input to the first layer:

0f i = E(mi), i = 1, . . . , N. (2)

Here, E(·) denotes a transformation that elevates motion
vectors from low- to high-dimensional space, implemented
via a convolutional layer followed by ContextNorm (Yi et al.
2018). This embedding improves feature expressivity and
lays a robust foundation for downstream processing.

Mixture-of-Experts for Motion Field (F-MoE)
The Mixture-of-Experts for sub-field modeling comprises a
routing network and a set of feed-forward expert networks,
as shown in Fig. 3. Given sub-field inputs f i, the routing
network dynamically activates the most relevant experts for
specialized modeling. Unlike conventional fully-connected
routing, we employ a sparse MLP to better reflect the spar-
sity and region-specific nature of sub-field rectification. The

5847



Expert T

Expert 1

Expert 3

Expert 2

Router

 Origin
 Subfield

Rectified
Subfield

Router Expert

∑

F-MoE

ReLU

Linear

Linear

128-D

128-D

16-D

16-D
ReLU

Linear

Linear

128-D

128-D

16-D

16-D

ReLU

BN

Conv

Conv

ReLU

BN

Conv

Conv

ℛWeights ℛWeights

Figure 3: Workflow diagram of F-MoE.

routing network is defined as:

R = top-k(softmax(MLP(f i))), (3)

where the MLP shares parameters across all sub-fields, and
the top-k operator selects the k most responsive experts
based on activation scores. Each expert is a lightweight
feed-forward network, tailored for dimensionality reduction
and targeted motion field refinement. The final output is a
weighted summation of the activated experts’ outputs:

f ′i =
∑
j∈Nk

Rj · Ej(f i), (4)

where Nk denote the indices of the top-k experts,Ej denotes
the j-th expert, andRj is its routing weight.

Probabilistic Prior-Guided Decomposition
The motion field derived from putative correspondences of-
ten manifests a spectrum of heterogeneous dynamic patterns
due to the complexity of real-world scenes, such as view-
point changes, scale variations, and pronounced depth dis-
continuities. Instead of modeling the field holistically, prior
work (Zhang et al. 2024) shows that grouping motion vec-
tors with coherent geometric behavior yields a more efficient
alternative. However, prior approaches that rely on learnable
tokens to implicitly model motion patterns tend to neglect
explicit spatial priors, i.e., the natural inductive bias that spa-
tially adjacent motions are likely to share consistent transfor-
mations, resulting in physically ambiguous and semantically
uninterpretable representations.

To address these limitations, we propose a Probabilistic
Prior-Guided Decomposition (PPGD) strategy rooted in the
structural regularities of the scene. Specifically, we first ap-
ply a pooling operation (Zhang et al. 2019) to coarsely par-
tition the motion field `F = { `f i}Ni=1 into M preliminary
sub-fields `Z ∈ RM×D:

`Z = S `F ,

S = softmax(MLP( `F )).
(5)

This operation is inherently structure-aware, leveraging lo-
calized contextual cues to inform sub-field assignment, as
demonstrated in prior work (Zhang et al. 2019). To en-
hance the expressiveness and attenuate distortions caused
by outliers, we incorporate an F-MoE module M(·) that
performs specialized refinement, guided by a probabilistic
masking strategy using the previous-layer confidence scores
`−1w = { `−1wi} ∈ RN :

`
Z ′ = G(M( `Z), `−1W � `F ), (6)

where `−1W ∈ RN×D is a broadcasted version of `−1w,�
denotes the Hadamard product, and G(·) refers to the Graph
Attention Network (Velickovic et al. 2017). For the initial
layer, 0w is initialized to an all-ones vector, implying no
prior suppression. This prior-informed decomposition strat-
egy is capable of yielding a motion field that is both physi-
cally plausible and structurally coherent.

MoE-Enhanced Bi-Path Rectifier
Amid substantial heterogeneity in motion patterns across
sub-fields, prior approaches (Zhang et al. 2024) that adopt
a shared architecture for all sub-fields inherently fail to cap-
ture the diverse statistical characteristics and spatial dynam-
ics specific to each region. This uniform treatment overlooks
crucial structural discrepancies, resulting in constrained rep-
resentational capacity and limited modeling fidelity.

To address this, we propose the MoE-enhanced Bi-Path
Rectifier (MBPR), a specialized rectification module that
routes each sub-field to a set of dedicated expert networks
for adaptive refinement and motion field rectification, en-
abling more tailored and expressive modeling. Specifically,
we begin by enriching sub-field representations through a
bi-path encoding strategy: the spatial branch models rela-
tive motion via graph-based aggregation, while the chan-
nel branch extracts high-level semantics by applying global
average pooling followed by channel-wise modulation. The
two branches are defined as:

`Zs = G(
`
Z ′,

`
Z ′),

`Zc = MLP(AvgPool( `Z ′)) `Z ′ .
(7)

The outputs are concatenated and fused via a lightweight
MLP to obtain the final bi-path enhanced representation:

`Zbi = MLP( `Zc || `Zs). (8)

Next, each enhanced sub-field is dynamically assigned to a
subset of expert networks via a sparsely-activated routing
mechanism:

`Zmoe =M( `Zbi), (9)
whereM(·) denotes the F-MoE module that adaptively as-
signs sub-fields to specialized experts according to their in-
dividual characteristics. Finally, the rectified sub-fields are
globally aggregated to reconstruct the updated motion field:

`+1F = G( `F , `Zmoe). (10)

This staged rectification pipeline progressively refines the
global motion representation with enhanced structural clar-
ity, higher spatial fidelity, and stronger alignment to the true
underlying motion distribution.

Local Orthogonal Context (LOC)
Before motion field decomposition and sub-field modeling,
we incorporate orthogonal contextual cues within KNN-
based local neighborhoods, following (Lu et al. 2025). This
preparatory step facilitates the detection of local motion dis-
continuities while suppressing excessive smoothness arti-
facts. Concretely, each motion vector f i undergoes dimen-
sionality reduction. A KNN-based neighborhood {f i,j}Kj=0
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Method YFCC100M (%↑) SUN3D (%↑)
@5◦ @10◦ @20◦ @5◦ @10◦ @20◦

RANSAC 3.47 9.10 18.60 1.04 3.43 8.75
MAGSAC++ 1.51 4.67 11.95 0.88 2.99 8.42
NG-RANSAC 16.47 28.38 42.03 4.22 10.87 21.39
GMS - / 13.29 - / 24.38 - / 37.83 - / 4.12 - / 10.53 - / 20.82
VFC - / 17.43 - / 29.98 - / 43.00 - / 5.26 - / 13.05 - / 24.84
PointCN 10.16 / 26.73 24.43 / 44.01 43.31 / 60.49 3.05 / 6.09 10.00 / 15.43 24.06 / 29.74
OANet 15.92 / 27.26 35.93 / 45.93 57.11 / 63.17 5.93 / 6.78 16.91 / 17.10 34.32 / 32.41
NCMNet 26.89 / 32.30 46.19 / 52.29 64.21 / 69.65 6.31 / 7.10 16.84 / 18.56 33.11 / 35.58
UMatch 30.93 / 33.92 52.17 / 53.09 69.75 / 69.45 8.03 / 7.01 20.83 / 17.79 38.75 / 33.57
MS2DG-Net 20.61 / 31.55 42.90 / 50.94 64.26 / 68.34 5.89 / 6.95 16.85 / 17.66 34.25 / 33.38
DeMatch 30.89 / 32.98 52.67 / 52.37 70.33 / 69.01 9.31 / 7.44 23.10 / 18.66 41.55 / 34.78
DeMo 32.57 / 34.63 54.82 / 54.42 72.51 / 71.15 9.31 / 7.48 23.18 / 18.85 41.75 / 35.31
GeoMoE 34.21 / 34.52 56.25 / 54.72 73.53 / 71.63 9.98 / 7.54 24.05 / 18.87 42.71 / 35.22

Table 1: Quantitative results of relative pose estimation. AUC is reported under 5◦, 10◦, and 20◦ thresholds with the weighted
eight-point algorithm / RANSAC. Best and second-best results are shown in bold and underlined, respectively.

is then constructed to capture its local structure, and pairwise
differences hi,j = f i−f i,j are computed. To jointly capture
spatial correlations and feature-level semantics, we utilize
a two-stage aggregation scheme composed of lightweight
MLPs:

Hf = MLP(H) +H,

F local = MLP(MLP(HT
f ) +HT

f ).
(11)

The final output F local is projected into a higher-
dimensional space, equipping it with enriched local repre-
sentations for downstream motion modeling.

Loss Functions
During supervised training, we adopt the widely used bi-
nary cross-entropy loss for inlier/outlier classification, to-
gether with a regression loss for essential matrix estimation.
Importantly, to address the often-overlooked issue of expert
imbalance in the Mixture-of-Experts (MoE) framework (Fe-
dus, Zoph, and Shazeer 2022), we design a load-balancing
regularization term:

Lload = 1
T

∑T
t=1(

1
N

∑N
i=1

`ri,t)
2, (12)

where `ri,t denotes the activation probability of the t-th
expert for the i-th sub-field, and T is the total number of
experts. This regularization encourages balanced expert uti-
lization, promoting more stable training and better general-
ization. The overall loss function is defined as:

L=
∑L−1
`=0 Lcls

(
w, `w

)
+µLreg

(
E,

`
Ê
)
+ β
LLload, (13)

where β and µ are weighting coefficients that balance the
contributions of each term.

Implementation Details
In our implementation, GeoMoE is unrolled for L = 8 lay-
ers, with motions represented in a 128-dimensional space
(i.e., D = 128). For each image pair, up to N = 2000
putative matches are obtained using SIFT followed by NN
matcher. The motion field is decomposed into 48 sub-fields.
Each F-MoE comprises 4 experts, and every sub-field is

routed to 2 of them for parallel processing. For loss bal-
ancing, the regularization weight µ is initially set to 0 and
increased to 0.5 after 20k iterations. The weight β for expert
load balancing remains fixed at 0.01.

Experiments
Relative Pose Estimation
Many vision applications require estimating the relative
camera pose, i.e., rotation and translation, between images,
thereby imposing stringent demands on high-quality inliers.

Comparisons with Outlier Rejection Methods Datasets
and Evaluation Protocols: Following the standard evalua-
tion protocol (Zhang et al. 2019), we conduct relative pose
estimation on the outdoor dataset YFCC100M (Thomee
et al. 2016) and the indoor dataset SUN3D (Xiao, Owens,
and Torralba 2013). We report the Area Under the cumula-
tive error Curve (AUC) for the maximum angular error in
both rotation and translation under multiple thresholds.
Baselines: We benchmark our method against a broad range
of baselines, including both classical methods (GMS (Bian
et al. 2017), and VFC (Ma et al. 2014)) and deep
learning-based approaches (PointCN (Yi et al. 2018),
OANet (Zhang et al. 2019), NCMNet (Liu and Yang
2023), U-Match (Li, Zhang, and Ma 2023), MS2DG-
Net (Dai et al. 2022), DeMatch (Zhang et al. 2024), and
DeMo (Lu et al. 2025)). In addition, we evaluate against
the RANSAC family of methods, namely RANSAC (Fis-
chler and Bolles 1981), MAGSAC++ (Barath et al. 2020),
and NG-RANSAC (Brachmann and Rother 2019).
Results: All quantitative evaluation results are reported in
Table 1. As shown, GeoMoE consistently delivers state-
of-the-art performance across most evaluation thresholds in
both indoor and outdoor scenarios, underscoring its empir-
ical effectiveness and clear advantage over existing meth-
ods. Notably, under the 5◦ threshold, our method achieves a
10.75% improvement over DeMatch when integrated with
the weighted eight-point algorithm. This result highlights
the effectiveness and strong potential of employing MoE to
assign individual sub-fields to customized experts for fine-
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left to right: matching results of OANet, U-Match, and Ge-
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Matcher Filter YFCC100M (outdoor) (%↑)

AUC@5◦ AUC@10◦ AUC@20◦

SuperPoint+NN / 6.83 15.99 29.09
GeoMoE 29.61 48.70 66.06

SuperPoint+SuperGlue / 38.24 58.47 74.64
GeoMoE 39.24 59.78 75.70

LoFTR / 40.42 60.97 76.77
GeoMoE 41.66 62.58 78.16

Table 2: Compatibility with learning-based matchers on
YFCC100M. AUC at angular error thresholds of 5◦, 10◦,
and 20◦ for relative pose estimation is reported.

grained motion modeling. In addition, qualitative results in
Fig. 4 show that GeoMoE can effectively suppress outliers
and preserve inliers under challenging conditions such as
large viewpoint changes and significant depth disparities.

Compatibility with Learning-based Matchers As a
general-purpose outlier rejection method, GeoMoE can ac-
cept an arbitrary set of putative correspondences and effec-
tively filter out false matches. Leveraging this flexibility, we
integrate GeoMoE with several learning-based matchers on
YFCC100M to assess its compatibility and potential to fur-
ther improve matching accuracy. Specifically, we adopt the
learning-based descriptor SuperPoint (DeTone, Malisiewicz,
and Rabinovich 2018), paired with NN Matcher and the
sparse matcher SuperGlue (Sarlin et al. 2020), and the
detector-free matcher LoFTR (Sun et al. 2021). All mod-
els are evaluated using official pretrained weights. For each
image pair, 2k keypoints are extracted using SuperPoint. Ta-
ble 2 presents relative pose estimation results with and with-
out GeoMoE. As shown, GeoMoE consistently improves the
pose estimation accuracy of all matchers across all evalua-
tion thresholds, demonstrating strong compatibility and gen-
eralization capability.

Homography Estimation
Datasets and Evaluation Protocols We conducted ho-
mography estimation experiments on the HPatches (Bal-
ntas et al. 2017) benchmark, which consists of 116 image

Method HPatches (%↑)
Acc.@3px Acc.@5px Acc.@10px

PointCN 38.97 / 68.97 51.38 / 83.10 65.52 / 92.59
OANet 39.83 / 68.62 52.41 / 82.59 63.10 / 91.90
LMCNet 47.93 / 72.24 58.62 / 85.34 69.83 / 92.59
UMatch 47.07 / 70.34 57.41 / 85.00 70.00 / 91.72
DeMatch 46.90 / 70.69 60.52 / 82.76 71.55 / 92.59
DeMo 53.79 / 73.10 63.79 / 85.52 75.69 / 92.59
GeoMoE 53.83 / 74.02 64.92 / 85.59 74.60 / 95.20

Table 3: Comparison of homography estimation results. The
estimation accuracy (Acc.) at different pixel thresholds is re-
ported using DLT / RANSAC as post-processing methods.

Method 3DMatch (Zeng et al. 2017)

RR (%↑) Prec (%↑) F-score (%↑)
RANSAC 66.77 65.87 62.24
PointCN 73.66 64.60 61.49
OANet 76.90 67.91 68.58
DeMatch 77.29 68.74 69.82
U-Match 76.30 67.61 68.64
DeMo 77.10 68.94 69.58
PointDSC 77.50 69.34 70.68
GeoMoE 78.33 69.65 70.65

Table 4: Results of point cloud registration on 3DMatch.

sequences, each comprising one reference image and five
query images with corresponding ground-truth homogra-
phy matrices. For each image, up to 4k keypoints are ex-
tracted, and putative correspondences are established via an
NN matcher. Homographies are estimated using the Direct
Linear Transform (DLT) algorithm and RANSAC as post-
processing. We assess performance by computing the aver-
age corner error from warping with estimated and ground-
truth homographies, and report the percentage of correct es-
timates under 3, 5, and 10 pixel thresholds.

Results Table 3 presents the quantitative results of homog-
raphy estimation on the HPatches dataset. GeoMoE consis-
tently achieves top performance across most threshold set-
tings and post-processing strategies, clearly demonstrating
its effectiveness in outlier rejection.

Point Cloud Registration
Point cloud registration aims to estimate the optimal rigid
transformation between two point clouds.

Datasets and Evaluation Protocols We perform
point cloud registration experiments on the 3DMatch
dataset (Zeng et al. 2017). Due to the higher dimensionality
of point cloud data, all methods, except PointDSC (Bai et al.
2021), are retrained on 3DMatch. For evaluation, we follow
the registration recall (RR) metric from PointDSC, which
considers an alignment successful if the rotation error is
below 20◦ and the translation error is less than 30cm. We
additionally report inlier precision (Prec) and F-score to
quantify the effectiveness of outlier filtering.
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Method YFCC100M (%↑) SUN3D (%↑)
RootSIFT LIFT SuperPoint SIFT RootSIFT LIFT SuperPoint

PointCN 24.71 15.31 14.94 1.56 1.71 1.99 3.52
OANet 36.46 28.83 20.54 3.37 3.59 3.20 3.39
UMatch 52.49 38.86 25.90 7.63 7.66 4.84 3.45
BCLNet 47.04 37.88 26.48 5.33 5.50 3.11 1.96
DeMatch 53.32 42.27 29.84 7.12 7.31 6.35 5.18
DeMo 55.56 44.23 28.45 8.22 8.53 6.89 5.01
GeoMoE 56.74 45.00 30.00 8.52 8.84 7.39 6.11

Table 5: Generalization ability. AUC@10◦ on YFCC100M
is reported using the weighted eight-point algorithm.

Method Size(M) (↓) Flops(G) (↓) YFCC100M

Mem(MB) Time(ms) AUC@5◦ (↑)

LMCNet 0.926 2.323 121.38 301.54 22.35
DeMatch 5.853 2.346 109.21 46.16 30.89
U-Match 7.764 3.740 144.14 65.34 30.93
BCLNet 4.460 8.971 141.01 59.25 27.04
DeMo 4.520 3.612 90.22 54.78 32.57
GeoMoE 5.552 3.106 106.73 56.14 34.21

Table 6: Comparative results of computational usage.

Results The quantitative results of point cloud registration
are presented in Table 4. GeoMoE achieves superior overall
performance, particularly excelling in registration recall, the
primary evaluation metric, and notably surpasses PointDSC,
a method specifically tailored for point cloud registration.
These results highlight the strong cross-task generalization
capability of GeoMoE, enabled by its motion field decom-
position and expert-driven modeling strategy.

Analysis
Generalization Ability Generalization performance
serves as a key indicator of the robustness of a model,
gauging its ability to adapt across varying datasets and
descriptor types. To evaluate this, we test the model trained
with SIFT on YFCC100M under alternative descriptors
(RootSIFT (Arandjelović and Zisserman 2012), LIFT (Yi
et al. 2016), SuperPoint) across both YFCC100M and
SUN3D. Except for SuperPoint, which yields 1k keypoints,
all descriptors extract 2k keypoints. As shown in Table 5,
GeoMoE consistently delivers state-of-the-art results across
all combinations, highlighting the remarkable adaptability
and the superior generalization of its expert-driven sub-field
modeling, tailored to capture localized motion dynamics.

Computation Usage We systematically evaluate the com-
putational cost of GeoMoE in comparison to existing base-
lines, in terms of model parameter size, FLOPs, peak mem-
ory usage (Mem), and average inference time per image on
the YFCC100M dataset. As shown in Table 6, despite incor-
porating a Mixture-of-Experts architecture, well known for
increasing parameter counts, GeoMoE maintains a compact
computational profile while achieving state-of-the-art per-
formance. These results demonstrate that GeoMoE is both
computationally efficient and deployment-friendly.

Figure 5: Visualization of expert assignments in F-MoE.

Num. Prob. S-Path. C-Path. F-MoE @5◦ @10◦ @20◦

(i) 31.69 53.65 71.24
(ii) X 32.37 53.65 71.16
(iii) X X 32.78 54.60 72.16
(iv) X X X 33.14 55.31 72.89
(v) X X X 32.59 54.92 72.58
(vi) X X X X 34.21 56.25 73.53

Table 7: Ablation study. AUC on YFCC100M with the
weighted eight-point algorithm are shown. “Prob.” denotes
probability injection in PPGD. “S-Path” and “C-Path” rep-
resent the spatial and channel paths in MBPR, respectively.

Visualization of MoE Behavior Across Sub-Fields To
more clearly elucidate the functionality of F-MoE, Fig. 5 vi-
sualizes the correspondence between each expert in the final
network layer and its representative subregion, along with
the associated motion vectors. For each expert, a sub-field
is randomly selected from its response region according to
the expert response probabilities R defined in Eq. 3. Dis-
tinct colors indicate assignment to different customized ex-
perts. As illustrated, each sub-field exhibits a characteristic
motion pattern, attending to different objects (e.g., first row)
or spatial regions (e.g., second row), and is delegated to the
most suitable expert for tailored modeling and refinement.

Ablation Studies We conduct ablation experiments on the
YFCC100M dataset, with results reported in Table 7. The
last row represents the complete GeoMoE model. As ob-
served from rows (i)-(v), incorporating probability injection
during the decomposition process, bi-path enhancement, and
F-MoE for sub-field-specific modeling in MBPR each con-
tributes to incremental performance gains, collectively vali-
dating the effectiveness of our designs.

Conclusion
We propose GeoMoE, a unified two-view geometry frame-
work that employs a MoE paradigm to model diverse motion
patterns, particularly under extreme viewpoints, large-scale
variations, and significant depth disparities. Guided by prob-
abilistic priors, GeoMoE decomposes the motion field into
sub-fields and assigns each to specialized experts for pre-
cise modeling, achieving state-of-the-art performance with
a compact design and high computational efficiency.
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