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Supplementary Material

6. Additional Experimental Results and Dis-
cussions

6.1. Impact of Partial Correspondence

Solving the “partial correspondence” problem is our core
motivation. Beyond the baseline failure shown in Figure
2 in the main text, our new analysis in Figure 11 demon-
strates that partial correspondence is valuable: discarding
it leads to performance degradation. Unlike baseline meth-
ods, PAUL effectively utilizes these clues instead of simply
filtering out noise, thereby transforming partial correspon-
dence into a performance improvement.
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Figure 11. Effectiveness of Partial Correspondence.

6.2. Model Generalization and Robustness to Ex-
treme Noise

To validate the model’s generalization ability, we added
cross-dataset evaluation, i.e., training the model on the
GTA-UAV dataset and testing it directly on the UAV-VisLoc
dataset. The results in Table 4 show that PAUL outperforms
the baseline model, confirming its strong robustness on un-
seen data.

Furthermore, regarding the model’s performance at
a 60% noise ratio, we observed a drawback in the
“consistency-driven” approach due to its strong regulariza-
tion. While this regularization suppresses extreme noise,
it also limits the model’s generalization ability. As our
cross-dataset results (Table 4) show, methods like CREAM
exhibit significant performance degradation in unseen do-
mains, indicating overfitting to specific noise distributions.
In contrast, PAUL avoids this overfitting, trading improved
performance at a 60% noise level for superior stability and
generalization across a wider range of scenarios.

Table 4. Cross-dataset Evaluation (GTA-UAV—UAV-VisLoc)

Method | _R@1 R@5 R@10 _ R@topl AP Thpt (imgls)
GSC | 21872102 4133108 0131002 82671076 31351101 217531573
RCL | 1813195 4027115 4640105 81331097 27971115 21693464

CREAM | 13334096 27471064 34671105 67734121 20274053 224.67417.04
PAUL | 2240.005 43.07.055 53201060 8493105 39.61i0s 214445500,

6.3. Insights into Ground-Satellite Cross-View Geo-
Localization

While our primary focus is on UAV-Satellite Cross-View
Geo-Location (UCVGL), as the lightweight GPS and un-
constrained motion of UAVs naturally lead to GPS drift
and unique “partial mismatch” characteristics, we also
explore its impact on Ground-Satellite Cross-View Geo-
Localization (GCVGL). Ground vehicles typically use high
precision sensors, thus the likelihood of GPS drift is much
lower. Furthermore, due to the large view difference
(panoramic vs. top-down view), misalignment in GCVGL
can lead to “complete mismatch,” in which general pur-
pose noise correspondence methods are generally more suit-
able than the PAUL method, specifically designed for NC-
CVGL.

Supplementary experiments on the VIGOR dataset con-
firm this (Table 5): due to the large difference hindering
accurate alignment, PAUL’s advantage in GCVGL is less
significant than in UCVGL. However, we observe an in-
teresting “asymmetric processing” phenomenon (Fig 12):
augmented data by removing ground queries significantly
improves performance. This indicates that specific strate-
gies can mitigate interference caused by view gaps, provid-
ing a new approach to the noise correspondence problem in

GCVGL.
Table 5. Performance Comparisons on VIGOR(GCVGL dataset).

Noise Method R@1 R@5 R@10 R@topl AP
TnfoNCE 37441000 7559:195 85182155 99801011 52.9620.00
GSC 39.1041.86 75504165 86391181 99.02100s 55424138
30% CREAM 38.7040.95 76.35+138 86391135 99484000 55.1041.29
PAUL 39.3610.03 81.69:106 92.66:154 99.01:01s 56371133
PAUL (Asys Aug) | 41274102 80.971115 90.1641925 99.6010.15 57.4341.00
TnfoNCE 26351057 65401057 7811100 99732000 41502009
GSC 27004065 65154005 7834x13s 99332081 42.5510.01
60% CREAM 26.6041.23 65551060 78.331080 9941013 42.25:1125
PAUL 27441102 69811085 83.92:068 99.83:0a2 44301087
PAUL (Asys Aug) | 2994055 72.50.076 85964051 99.861000 46.54.1(7¢
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Figure 12. Visualizing Asymmetric Processing.

6.4. Orientation Error and Feature Alignment

Our model learns rotation invariance, a property that is in-
herited by the saliency maps it derives. This is confirmed by
the stable high-response areas shown in Fig. 13. Likewise,



the Grad-CAM visualizations provided in the main text fur-
ther verify the proper alignment of consistent key regions
across the UAV and Satellite views.
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Figure 13. Grad-CAM under Rotations.



