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Abstract

Cross-view geo-localization (CVGL) is a critical task for
UAV navigation, event detection, and aerial surveying,
where existing approaches learn a shared embedding for
drone and satellite images. However, these methods gener-
ally assume perfect alignment of image pairs in the training
data, an assumption that rarely holds in practice. In real-
world scenarios, factors such as urban canyon effects, elec-
tromagnetic interference, and adverse weather frequently
induce GPS drift, resulting in systematic alignment shifts
where only partial correspondences exist between image
pairs. Despite its prevalence, the noisy correspondence is-
sue in CVGL is still underexplored. To address the gap,
this work presents the first systematic investigation of the
Noisy Correspondence in Cross-View Geo-Localization
(NC-CVGL) problem, specifically focusing on the practi-
cal scenario where a significant portion of training pairs
exhibit spatial misalignment due to GPS drift. To tackle this
challenge, we propose PAUL (Partition and Augmentation
by Uncertainty Learning), a novel yet practical framework
that achieves noise-robust learning through three coordi-
nated mechanisms: Co-partition separates noisy from clean
samples using loss patterns; Co-augmentation enhances
high-confidence regions guided by uncertainty; and Co-
training refines learning through an evidential regularizer.
Unlike prior methods that mainly filter noisy samples, PAUL
leverages them effectively through this collaborative design.
Comprehensive experiments validate the effectiveness of the
proposed novel components in PAUL, which consistently
outperforms other competitive noisy correspondence meth-
ods in various noise ratios.

†Corresponding author.
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Figure 1. NC-CVGL: Noisy correspondence resulting from inac-
curate GPS information during data collection, leading to system-
atic misalignment between paired images.

1. Introduction
UAV-Satellite Cross-View Geo-Localization (CVGL) aims
to establish accurate correspondences between UAV-
captured and satellite imagery for precise localization. This
technology supports various UAV applications, including
navigation, event detection, and aerial mapping [22, 33, 44].
To formulate the problem, existing advanced methods typi-
cally employ metric learning to match cross-view images by
embedding them into shared feature spaces [5]. However,
these approaches often rely on the assumption of perfect
alignment and substantial spatial overlap in training image
pairs, an idealization that rarely holds in practical scenarios.

In real-world data collection for CVGL, multiple factors
including urban canyons, electromagnetic interference, and
adverse weather conditions frequently induce GPS drift. As
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illustrated in Fig. 1, such coordinate inaccuracies result in
systematic misalignments where satellite image tiles are
offset from actual UAV capture locations. Consequently,
many training pairs exhibit only partial spatial overlap de-
spite semantic relevance, thereby degrading model perfor-
mance.

To address this practical challenge, we formally define
and investigate the Noisy Correspondence in CVGL (NC-
CVGL) problem, which simulates the impact of GPS drift
in real deployment scenarios. This problem characterizes
varying degrees of spatial misalignment in training pairs
caused by coordinate inaccuracies. We quantify spatial cor-
respondence quality using Intersection over Union (IoU),
distinguishing well-aligned pairs from semi-positive noisy
pairs with partial overlap. By tackling NC-CVGL, our work
aims to mitigate the adverse effects of real-world GPS drift
and enhance the robustness of cross-view geo-localization
systems.

NC-CVGL differs fundamentally from classical noisy
correspondence problems, as it stems from coordinate in-
accuracies causing systematic alignment bias rather than
complete mismatches (Fig. 1). While existing noisy cor-
respondence methods either underutilize noisy data by dis-
carding it entirely [11, 14, 20, 38] or repurpose it as neg-
ative samples or feature space anchors [39, 43], such ap-
proaches prove suboptimal for NC-CVGL. The noisy pairs
in NC-CVGL often retain substantial valuable information
despite spatial misalignment, making their complete ex-
clusion wasteful. This noise presents significant learning
challenges: it forces nominally positive pairs to sustain
high training loss and perturbs metric margins, substantially
degrading model performance (Fig. 2). Although previ-
ous work addresses test-time viewpoint issues [3], the sys-
tematic correspondence noise induced by GPS drift during
training remains under-explored, particularly in developing
methods that can effectively leverage the informational con-
tent within noisy pairs.
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Figure 2. State-of-the-art CVGL model Sample4Geo suffers no-
ticeable performance degradation as the noise ratio increases.

To address the challenges of NC-CVGL, we intro-
duce PAUL (Partition and Augmentation by Uncertainty
Learning), a unified framework that transitions from ag-
gressive noise filtering to latent signal exploitation. This

approach enhances robustness through three systematically
integrated components. First, Co-partition disentangles
clean and noisy paris by analyzing the distinct learn-
ing dynamics of loss distributions. Subsequently, Co-
augmentation rectifies the identified noisy pairs. Guided
by evidential uncertainty cues, this module mines trust-
worthy local alignments to synthesize pseudo-clean su-
pervision, thereby recovering valid signals from corrupted
data. Finally, dual networks are optimized via Co-training
with an evidential objective. This objective functions as
a reliability-aware regularizer, attenuating the influence of
unreliable samples by penalizing high-uncertainty predic-
tions, while simultaneously capitalizing on the rectified in-
formation for superior representation learning.

Our main contributions are summarized as follows:
• Task contribution: To our best knowledge, this work

serves as a pioneering study in systematically defining
the NC-CVGL task and offering a theoretical analysis of
alignment noise resulting from real-world GPS drift.

• Methodological contribution: We introduce the PAUL,
grounded in uncertainty theory, which partitions and aug-
ments both “clean” and “noisy” data samples, extracts
high-confidence information, and, by integrating eviden-
tial deep learning, achieves superior noisy data utilization
and robustness compared to prior Noisy Correspondence
methods;

• Experimental contribution: Extensive experiments on
widely adopted datasets under various noise ratios
demonstrate that PAUL achieves superior performance
compared to other Noisy Correspondence methods.

2. Related Works
Cross-View Geo-Localization Cross-view geo-
localization (CVGL) aims to predict the geographic
location of ground-level or UAV images by matching
them to geo-tagged satellite views. Early handcrafted
approaches [1, 2, 23] struggled with scale and viewpoint
changes. Deep learning has since brought significant
advances on benchmarks like CVUSA [42], CVACT [24],
and Vigor [46], Recent advancements include hard negative
mining [5] and techniques such as unsupervised learning
and cross-modal synthesis to reduce annotation costs and
further narrow the domain gap between ground and satellite
views [19, 21, 32]. UAV-specific datasets also begin
to consider annotation noise and practical deployment
scenarios [4, 15, 44, 45]. Furthermore, structure-aware and
part-based representations have been explored to improve
robustness in challenging real-world conditions [3, 31].
However, most approaches still assume well-aligned
training pairs, which is unrealistic for real UAV scenarios
with frequent misalignment and noisy labels. To the
best of our knowledge, our work is the first to formally
describe this challenging task and to propose a tailored
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Figure 3. Conceptual Illustration of PAUL: (a) The complete framework, integrating both co-augmentation and co-training components.
(b) Co-augmentation: noisy data are augmented based on EDL to enrich the training set. (c) Co-Training: two models are jointly optimized
on the updated set, allowing mutual knowledge transfer and robustness to label noise.

framework specifically designed to address this limitation.
We emphasize that CVUSA, CVACT, and VIGOR are
predominantly ground–satellite datasets, whereas our work
explicitly targets the UAV–satellite setting: the query im-
ages are captured by UAV platforms and paired with nadir
satellite tiles retrieved and cropped from a global/regional
basemap using the UAV’s recorded GPS coordinates.
This UAV–satellite formulation introduces distinct viewing
geometry, scale and platform attitude effects, and a higher
prevalence of GPS-induced correspondence noise, which
our method is specifically designed to handle.

Noisy Correspondence Learning from noisy correspon-
dences is challenging in automatically labeled datasets [14].
Traditional strategies involve small-loss selection [11, 14,
20, 38], while recent methods explore predictive in-
consistency, uncertainty estimation [8, 27, 40, 41], re-
matching [12], pseudo-pairing [7], robust objectives [13,
28, 29], or soft correspondence [39, 43]. Most focus on
obvious mismatches or semantic noise, as in cross-modal
retrieval. In CVGL, label noise is more subtle, typically spa-
tial or partial misalignment, not semantic error. Despite its
prevalence in real UAV data, most CVGL methods only im-
prove robustness at inference [3, 34], still relying on clean
training data. To our knowledge, we are among the first to
explicitly address noisy training correspondences in CVGL,
enabling noise-resistant geo-matching.

Data Uncertainty and Evidential Deep Learning Con-
ventional neural networks lack explicit uncertainty mod-
eling, which is problematic for noisy data [35]. Uncer-
tainty, aleatoric or epistemic, can be estimated with deter-
ministic schemes [30], Bayesian inference [9, 17], ensem-
bling [16], or test-time augmentation [10, 26]. Evidential
Deep Learning [30] deterministically aggregates evidence
and quantifies predictive vacuity. This is especially effective
for identifying partially-aligned correspondences which is a
key challenge in NC-CVGL.

3. Methodology
3.1. Problem Definition
In the Noisy Correspondence on Cross-View Geo-
Localization (NC-CVGL), letQ = {qi}Ni=1 be a set of UAV
images and R = {rj}Mj=1 a set of satellite images, each
with geolocation annotations. Due to GPS drift or annota-
tion errors, some pairs (qi, rj) may be spatially misaligned.
As shown in Fig. 4, we measure their spatial overlap us-
ing Intersection over Union IoU(qi, rj), and use thresholds
τm = 0.39 and τs = 0.14 to divide training pairs into:

P = {(qi, rj) | IoU(qi, rj) > τm} (1)
N = {(qi, rj) | τs < IoU(qi, rj) ≤ τm} , (2)

where P denotes well-aligned positive pairs, and N in-
cludes semi-positive pairs with spatial noise but partial
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overlap. For each pair, yij ∈ {0, 1} is the observed an-
notation indicating a matching pair, while zij ∈ {0, 1} is a
latent variable indicating whether the pair is a noisy semi-
positive one (misaligned but overlapping). In practice, yij
is observed and used for training, but zij is unobserved. The
goal is to learn an embedding function fθ : Q ∪ R → Rd

such that matching pairs are mapped close in feature space.
The training objective is:

f∗
θ = argmin

fθ
E(qi,rj)∈P∪N

[
yij · ℓ(fθ(qi), fθ(rj), zij)

]
,

(3)
where the loss ℓ depends on the (unobserved) noise indica-
tor zij . Thus, the model must be robust to label noise arising
from spatial misalignment.

Figure 4. Noisy samples and clean samples are divided based on
their IoU with the drone-view images.

3.2. The Proposed Method
Motivated by the demand to fully utilize both clean and
noisy correspondences while mitigating noise impact, our
proposed PAUL framework jointly leverages two indepen-
dently and randomly initialized, identical neural networks
and proceeds in three collaborative stages (Fig. 3(a)): (1)
Co-partition: probabilistically partitioning clean and noisy
pairs; (2) Co-augment: uncertainty-based spatial augmen-
tation; (3) Co-training: dual-network supervision using ex-
changed datasets.

3.2.1. Co-partition: Collaborative Division and Noise
Controllable Sample Selection

We base our model on the Sample4Geo framework. For a
training pair (qi, rj), the embedding features are extracted,
and the InfoNCE loss is computed:

ℓInfoNCE = − log
exp(S(qi, rj)/τ)∑
k exp(S(qi, rk)/τ)

, (4)

where S(·) is feature similarity and τ is temperature.
Empirically, the distribution of ℓInfoNCE over all training

pairs naturally forms a mixture model, with low losses clus-
tering for clean pairs (high IoU) and high losses for noisy
pairs. This inspires us to adopt a soft and probabilistic

partitioning by fitting a two-component Gaussian Mixture
Model (GMM) over the loss values:

p(ℓ|θ) = β · N (ℓ;µc, σ
2
c ) + (1− β) · N (ℓ;µn, σ

2
n), (5)

where the first component models clean samples and the
second noisy samples, and β is the mixture weight. The EM
algorithm is used to update these parameters. Each sample
receives a posterior probability of being clean,

wi =
β · N (ℓi;µc, σ

2
c )

β · N (ℓi;µc, σ2
c ) + (1− β) · N (ℓi;µn, σ2

n)
(6)

so that all pairs are simultaneously assigned soft mem-
bership to “clean” and “noisy” sets without arbitrary hard
thresholds. This naturally allocates noisy (semi-positive)
samples for further utilization rather than discarding them.

3.2.2. Co-augmentation: Uncertainty-aware Region
Masking via Evidential Deep Learning

To extract valuable local information from noisy pairs, we
propose an uncertainty-aware masking mechanism via Ev-
idential Deep Learning. This approach filters out high-
uncertainty backgrounds to preserve only high-confidence
regions, effectively distilling reliable signals from noise.
As illustrated in Fig. 3(b), to quantify uncertainty in the
absence of ground-truth labels, we formulate the matching
process within a batch of K samples as a K-way classifica-
tion problem. Specifically, for each sample i, the similarity
logits si ∈ RK (derived from the i-th row of the similarity
matrix) are transformed into an evidence vector ei:

ei = exp
(
tanh

(si
τ

))
, (7)

where τ is the temperature parameter. This evidence param-
eterizes a Dirichlet distribution with parameters αi = ei+1
and concentration strength Ai =

∑K
k=1 αik. Consequently,

the mean and variance of the pseudo-class probability pre-
dictions are derived as:

E[pik] =
αik

Ai
, Var(pik) =

αik(Ai − αik)

A2
i (Ai + 1)

. (8)

To optimize this evidential belief, the EDL loss ℓEDL is
computed as:

ℓEDL =

K∑
i=1

{
K∑

k=1

[(
yik −

αik

Ai

)2

+
αik(Ai − αik)

A2
i (Ai + 1)

]

+ λKL (Dir(αi) ∥ Dir(1))

}
, (9)

where the first term represents the Mean Squared Error
(MSE) objective, and the second term acts as a Kullback-
Leibler (KL) divergence regularizer enforcing a uniform
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prior. The total uncertainty for sample i is quantified as
ui = K/ (

∑
k αik).

Leveraging the interpretability of this formulation, we
generate spatial masks to pinpoint critical regions via EDL-
derived gradients. Specifically, we obtain the normalized
activation map Hx firstly:

Hx = Normalize(Gx), Gx =

∣∣∣∣∂LEDL

∂x

∣∣∣∣ , (10)

where Gx denotes channel-wise mean pooling. To ensure
the mask focuses on the most salient features, we apply a
filtering and selection process:

M̃x = I[Hx > η], Mx = Cmax(M̃x), (11)

where η is a threshold used to filter out low-response back-
ground noise. The operator Cmax(·) extracts the largest con-
nected component. This operation effectively removes am-
biguous fragments and isolates the primary region of inter-
est for robust model updates.

3.2.3. Co-training: Cross-supervised Robust Learning
Despite data purification in prior stages, standard con-
trastive learning remains prone to confirmation bias from
residual noise. To ensure robust convergence, we employ a
Co-training strategy with an evidential regularizer, penaliz-
ing high-uncertainty predictions to suppress unreliable sig-
nals. Specifically, following established noisy correspon-
dence paradigms [14, 38], we co-train two independent net-
works, A and B. At each iteration, the networks exchange
supervision by sharing their respective sample selections
(categorized as clean, augmented, or noisy) with their peer.
For instance, the training set for model A is constructed us-
ing the partition derived from model B:

DA = DB
c ∪ DB

aug ∪ DB
n . (12)

The optimization objective for network A is then decom-
posed into a standard matching term for reliable data and the
proposed evidential term for the remaining noisy data:

LA
total =

∑
(qi,rj)∈DB

c ∪DB
aug

ℓInfoNCE(qi, rj)

︸ ︷︷ ︸
Lmatch

+ λEDL

∑
(qi,rj)∈DB

n

ℓEDL(qi, rj)︸ ︷︷ ︸
LEDL

, (13)

where λEDL serves as a trade-off hyperparameter.
In summary, Algorithm 1 outlines the complete work-

flow of the proposed PAUL framework. By adaptively
partitioning training pairs via GMM-based loss statistics,
rectifying noisy samples through uncertainty-aware region

Algorithm 1 Overview of PAUL

Require: Query set Q, Reference setR, labels yij
Ensure: Embedding networks fθA , fθB

1: Initialize parameters θA, θB for A,B
2: // Warmup
3: for warmup iteration do
4: for m ∈ {A,B} do
5: Update θm via InfoNCE (Eq. 4)
6: end for
7: end for
8: for each epoch do
9: for minibatch {(qi, rj)} do

10: for m ∈ {A,B} do
11: // Co-partition
12: Compute InfoNCE loss ℓmi for all pairs; fit

GMM (Eq. 5, 6), partition Dm
c , Dm

n

13: // Co-augmentation
14: for xm

i ∈ Dm
n do

15: Compute evidence ei (Eq. 7), Dirichlet αi,
and LEDL (Eq. 9)

16: Compute mask Mx by saliency map (Eq. 10),
mask low-confidence regions, add to Dm

aug

17: end for
18: end for
19: // Co-training
20: DA ← DB

c ∪ DB
aug ∪ DB

n

21: DB ← DA
c ∪ DA

aug ∪ DA
n (Eq. 12)

22: Update θA, θB using Eq. 13
23: end for
24: end for
25: return fθA , fθB

masking, and maximizing information recovery via dual-
network co-training, our approach effectively tackles the
challenges of NC-CVGL.

4. Experiments
4.1. Datasets
We evaluate our method on two benchmark datasets:
the large-scale, publicly available synthetic GTA-UAV
dataset [15], and a real-world dataset that we construct
based on the UAV-VisLoc dataset [37]. The GTA-UAV
dataset, consisting of 33,763 UAV images with precise GPS
annotations, provides both positive and semi-positive sam-
ples, enabling comprehensive evaluation in both cross-area
and same-area splits. Notably, to the best of our knowl-
edge, GTA-UAV is currently the only publicly available
dataset that contains both positive and semi-positive sam-
ples suitable for the NC-CVGL task. The UAV-VisLoc
dataset contains 6,742 pairs of nadir UAV images and cor-
responding high-resolution satellite maps across 11 regions
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Table 1. A comparison of performance on GTA-UAV with noise rates of 0.0%, 30.0%, and 60.0%. The best and second-best results are
marked in bold and underlined, respectively.

Noise Ratio Method Cross-Area Same-Area
R@1 ↑ R@5 ↑ AP ↑ SDM@3 ↑ Dis@1 ↓ R@1 ↑ R@5 ↑ AP ↑ SDM@3 ↑ Dis@1 ↓

0.0%

InfoNCE 55.21% 79.12% 65.31% 68.40% 502.86m 72.29% 90.70% 80.46% 79.49% 738.49m
NCR 52.39% 74.73% 61.79% 62.34% 730.45m 62.64% 82.44% 71.13% 70.15% 616.44m
BiCro 43.73% 68.71% 54.40% 57.43% 894.75m 49.57% 72.79% 59.46% 61.69% 813.62m
CRCL 60.39% 82.06% 69.66% 70.36% 443.22m 49.01% 74.43% 59.74% 69.37% 738.60m

CREAM 59.72% 82.78% 69.53% 71.96% 416.28m 68.55% 88.26% 77.13% 76.42% 469.55m
ESC 39.75% 63.75% 49.87% 53.62% 996.10m 48.72% 71.87% 58.47% 61.22% 839.42m
GSC 59.36% 82.77% 69.21% 71.80% 432.75m 72.11% 90.67% 81.44% 79.40% 396.16m
RCL 60.16% 82.70% 69.76% 71.10% 473.10m 71.08% 89.17% 79.01% 77.52% 469.62m

PAUL 61.21% 83.59% 70.66% 72.06% 421.12m 73.55% 91.17% 81.28% 79.41% 402.16m

30.0%

InfoNCE 46.27% 71.85% 57.14% 69.37% 494.98m 63.20% 88.64% 74.28% 82.66% 639.92m
NCR 44.40% 66.79% 53.79% 59.05% 890.46m 52.13% 75.17% 61.90% 69.40% 714.82m
BiCro 41.11% 67.20% 52.23% 58.61% 827.51m 47.87% 73.73% 58.80% 68.16% 718.93m
CRCL 53.79% 79.13% 64.58% 72.46% 449.21m 63.87% 87.53% 74.29% 81.27% 424.67m

CREAM 54.02% 80.48% 65.20% 74.65% 358.19m 64.22% 88.40% 74.88% 82.05% 384.86m
ESC 40.84% 67.44% 52.18% 59.41% 803.40m 44.95% 72.43% 56.59% 67.06% 725.64m
GSC 54.41% 80.20% 65.15% 73.49% 419.27m 65.11% 88.53% 75.32% 82.02% 396.23m
RCL 53.37% 79.52% 64.24% 71.65% 461.49m 64.67% 86.79% 74.29% 79.88% 459.39m

PAUL 58.70% 82.13% 68.74% 74.25% 384.57m 68.52% 88.41% 77.16% 79.38% 369.88m

60.0%

InfoNCE 42.15% 68.69% 53.35% 68.93% 531.21m 56.93% 84.73% 69.15% 82.61% 375.96m
NCR 37.74% 59.74% 47.09% 54.37% 1070.31m 47.48% 73.46% 58.59% 68.91% 732.37m
BiCro 41.11% 67.20% 52.23% 58.61% 827.51m 47.31% 74.99% 58.95% 70.16% 634.73m
CRCL 48.20% 75.57% 59.92% 71.95% 502.51m 59.72% 85.79% 71.00% 81.84% 433.82m

CREAM 52.38% 79.18% 63.52% 73.32% 395.64m 58.61% 85.97% 70.57% 82.77% 353.71m
ESC 44.42% 71.59% 55.97% 63.77% 697.04m 48.57% 74.29% 59.44% 69.68% 683.12m
GSC 51.20% 77.36% 62.13% 73.60% 466.71m 60.78% 86.14% 71.84% 82.14% 430.12m
RCL 46.43% 72.99% 57.92% 70.50% 536.07m 59.08% 84.44% 70.22% 79.78% 521.14m

PAUL 52.61% 78.66% 63.63% 73.39% 462.27m 61.31% 85.99% 71.76% 82.84% 422.10m

in China. While the dataset provides only geographic co-
ordinates without fine-grained correspondence, we reorga-
nize the data following the GTA-UAV protocol [15]: images
from Changjiang-20 and Taizhou-1 are used for training,
and Changjiang-23 and Taizhou-6 are reserved for cross-
area testing, ensuring no spatial overlap. This partitioning
facilitates rigorous and fair real-world evaluation.

4.2. Evaluation Protocols
Consistent with established protocols [4, 44, 46], for each
UAV query image, we retrieve the top K most similar
geo-referenced satellite images. Evaluation metrics include
Recall@K (R@K), Average Precision (AP), SDM@K,
and top-1 localization error (Dis@1).

4.3. Implementation Details
We adopt ViT-Base [6] as the encoder for both UAV and
satellite images, with all inputs resized to 384×384. Train-
ing follows Sample4Geo [5]: Adam optimizer(initial LR
1e−4, cosine scheduling), 5 epochs, batch size 64, and 1

warmup epoch with basic training only. All experiments
are conducted on a single NVIDIA RTX 3090 GPU.

4.4. Comparisons with the State-of-the-Art
We compare our method (PAUL) with recent baselines: In-
foNCE [5], NCR [14], BiCro [38], RCL [13], CRCL [29],
ESC [39], GSC [43], and CREAM [27]. On GTA-UAV,
experiments are conducted under noise ratios of 0%, 30%,
and 60%; for UAV-VisLoc, noise ratios are 0% and 30%.
Results are reported in Tab. 1 and Tab. 2.

Our experimental results demonstrate that PAUL consis-
tently surpasses all baseline methods across various config-
urations, achieving the highest R@1 scores in all settings
and exhibiting strong robustness and effectiveness in han-
dling noisy correspondences. This superior performance
originates from PAUL’s dedicated mechanisms for effec-
tively leveraging noisy samples: for misaligned pairs, we
implement targeted data augmentation strategies to enhance
their matching consistency and informational value, thereby
amplifying beneficial signals concealed within noisy sam-
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Table 2. A comparison of performance on UAV-VisLoc with noise
rates of 0.0%, 30.0%. The best and second-best results are marked
in bold and underlined, respectively.

Ratio Method R@1 ↑ R@5 ↑ AP ↑ SDM@3 ↑ Dis@1 ↓

0.0%

InfoNCE33.24%52.07%41.91% 48.93% 1451.71m
NCR 24.57%42.06%33.42% 42.91% 1707.18m
BiCro 27.10%46.19%35.69% 44.91% 1638.99m
CRCL 33.18%53.21%43.25% 52.99% 1359.46m

CREAM 29.64%50.07%39.22% 49.49% 1432.41m
ESC 27.64%47.53%37.07% 47.83% 1509.22m
GSC 33.72%53.55%43.38% 51.51% 1368.72m

PAUL 36.12%54.74%44.97% 52.05% 1353.95m

30.0%

InfoNCE24.57%42.59%33.53% 48.91% 1464.49m
NCR 16.15%32.31%24.11% 36.96% 2020.24m
BiCro 18.96%36.05%26.68% 40.93% 1797.88m
CRCL 23.77%44.19%33.64% 50.07% 1325.91m

CREAM 19.23%35.65%26.82% 43.21% 1648.69m
ESC 18.83%37.65%27.39% 38.36% 1898.57m
GSC 21.09%41.39%30.98% 48.32% 1428.73m

PAUL 26.64%46.80%36.37% 49.44% 1382.79m

ples. Furthermore, the integration of evidential learning
empowers the model to assess the reliability of each noisy
pair, adaptively mitigating overfitting to unreliable samples
while preserving the ability to extract discriminative fea-
tures. These coordinated mechanisms ensure that PAUL
not only avoids discarding noisy data but actively enhances
their utility while minimizing adverse effects, ultimately
yielding a more robust and noise-resistant representation
space compared to conventional approaches.

4.5. Ablation Study

We perform ablation studies to validate each component and
critical design choice in PAUL.

4.5.1. Effectiveness of Different Components

Tab. 3 shows that removing either the Lmatch or the LEDL

leads to a clear drop in retrieval performance. This demon-
strates that both enhanced contrastive supervision and un-
certainty modeling contribute independently and comple-
mentarily to learning robustness. Specifically, Lmatch en-
sures that reliable correspondences effectively guide repre-
sentation learning, while LEDL enables the model to exploit
noisy pairs by focusing on confident regions and mitigating
the influence of ambiguous noise. Their integration forms
a cooperative learning mechanism: clean supervision sta-
bilizes feature space, and uncertainty-driven learning fur-
ther utilizes difficult samples for stronger generalization un-
der high noise. Thus, the ablation results reflect that both
components are indispensable and together yield synergis-
tic gains in robustness.

Table 3. Ablation study of different components in PAUL on the
GTA-UAV cross-area split with a noise rate of 30.0%. The best
results are highlighted in bold.

Lmatch LEDL R@1 ↑ R@5 ↑ AP ↑ SDM@3 ↑Dis@1 ↓
46.27% 71.85% 57.14% 69.37% 494.98m

✓ 55.72% 80.19% 66.04% 73.65% 433.96m
✓ 54.36% 79.40% 64.96% 73.13% 430.39m

✓ ✓ 58.70% 82.13% 68.74% 74.25% 384.57m

4.5.2. Analysis of Hyperparameter Sensitivity
We investigate the sensitivity of our method to key hyperpa-
rameters using the GTA-UAV dataset under the cross-area
split with a noise ratio of 30%. In particular, we analyze the
impact of the trade-off hyperparameters λ(ℓEDL’s balanc-
ing coefficient) and λEDL(Ltotal’s trade-off hyperparameter)
on performance, as shown in Fig. 5 and Fig. 6.

Effect of λ. Fig. 5 presents the results for different val-
ues of λ. We observe that increasing λ from 0.001 to 0.005
leads to clear gains across the board. However, further in-
creases either plateau or slightly diminish the results, sug-
gesting that finely tuning this parameter is important for bal-
ancing the main loss during training.
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Figure 5. Performance of different values of λ on GTA-UAV
(cross-area, 30% noise).

Effect of λEDL. Similarly, in Fig. 6, we analyze the ef-
fect of varying λEDL. The performance improves as λEDL
increases to 1, but further increasing this value leads to de-
creased results. This demonstrates that appropriate regular-
ization from the uncertainty loss is beneficial, but excessive
regularization can be detrimental.
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Figure 6. Performance of different values of λEDL on GTA-UAV
(cross-area, 30% noise).

4.5.3. Analysis of Data Partition Strategy
Most NC frameworks utilize three partitioning ap-
proaches [14, 38, 40]. Unlike conventional NC methods,
PAUL targets more precise identification of noisy samples
for effective augmentation and EDL. We apply different
partition schemes on GTA-UAV (cross-area, 30% noise)
and record the ratio of true clean and noisy samples within
the selected noisy sample set in each iteration. As seen in
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Fig. 7, the GMM-based strategy achieves superior results,
justifying our adoption of GMM for co-divide.
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Figure 7. Proportions of true clean and true noisy samples within
the set of samples classified as noisy by different divide strategies
on GTA-UAV (cross-area, 30% noise).

4.5.4. Impact of Guidance Loss Function in Mask Gen-
eration

Gradient-based mask generation for targeted augmentation
is widely used [36], commonly guided by task loss. How-
ever, ℓInfoNCE guided gradients may bias toward already
well-learned samples, limiting gains where improvement is
most needed. Motivated by this, we compare LEDL guided,
uncertainty guided, and ℓInfoNCE guided strategies for key
region identification.

Empirical results (Fig. 8) on GTA-UAV (cross-area, 30%
noise) demonstrate that LEDL guidance achieves superior
performance. We attribute this to EDL’s robust uncertainty
quantification, which is less affected by sample difficulty
distribution within a batch and thus better guides effective
augmentation in noisy settings.
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Figure 8. Performance comparison of different augmentation
strategies for mask generation on GTA-UAV (cross-area, 30%
noise).

4.5.5. Effectiveness of Augmentation Strategy

We systematically compare four augmentation strategies:
local magnification, zero masking, Gaussian noise masking,
and mean-value masking [18, 25]. As shown in Fig. 9, di-
rect masking achieves the best results. Local magnification
may introduce geometric distortions, while noise or mean-
value masking can introduce additional errors, potentially
impeding learning. In contrast, direct masking provides ef-
fective, artifact-free focus on challenging regions, which is
consistent with our augmentation stratege design.
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Figure 9. Performance comparison of different augmentation
strategies for mask generation on the GTA-UAV dataset (cross-
area, 30% noise).

4.5.6. Case Study
To further substantiate the effectiveness of LEDL based
guidance mask generation, we present Grad-CAM attention
maps for representative samples. As shown in Fig. 10, the
attention maps generated using ℓInfoNCE guided gradients
exhibit considerable deviation from the true critical regions,
while those guided by uncertainty provide only partial cov-
erage. In contrast, LEDL produces attention maps that com-
prehensively highlight regions of interest, verifying the pre-
cise alignment of consistent features across UAV-Satellite
views. These observations provide additional empirical ev-
idence for the superiority of PAUL.
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Figure 10. Grad-CAM attention map visualizations for represen-
tative samples under different guidance loss function.

5. Conclusion
This paper investigates the Noisy Correspondence in Cross-
View Geo-Localization (NC-CVGL), a common challenge
in CVGL stemming from annotation errors and spatial mis-
alignment. Since existing methods lack robustness against
the partial correspondence in noisy samples, we propose the
PAUL framework. PAUL integrates evidential deep learn-
ing to model sample-level uncertainty, effectively managing
noisy samples rather than discarding them. Our approach
significantly enhances reliability across multiple datasets,
successfully bridging the gap between theoretical bench-
marks and practical applications. Future research will focus
on constructing large-scale datasets with real-world noise
and evaluating these methods on actual UAV platforms.
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