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Figure 1. The visual geolocation results of our TopicGeo, and typical retrieval and matching approaches: Earthloc [4], SelaVPR [29], and
LoFTR [47]. “Recall” represents retrieval results. The color-coded lines show matching correctness: red for higher-error matches, green
for higher-precision ones. In various scenes, our method accurately retrieves the target base image containing the query image from the
database, while establishing pixel-level correspondence between the smaller query and large-scale retrieved image.

Abstract

Vision-based geolocation techniques that establish spatial
correspondences between smaller query images and larger
georeferenced images have gained significant attention. Ex-
isting approaches typically employ a separate ’retrieve-
then-match” paradigm, whereas such paradigms suffer
[from computational inefficiency or precision limitations. To
this end, we propose TopicGeo, a unified framework for
direct and precise query-to-reference image matching via
three key innovations. The textual object semantics, called
topics, distilled from CLIP prompt learning are embedded
into the geolocation framework to eliminate intra-class and
inter-class distribution discrepancies while also enhancing
processing efficiency. Center-based adaptive label assign-
ment and outlier rejection mechanisms as a joint retrieval-
matching optimization strategy ensure task-coherent feature
learning and precise spatial correspondences. A multi-level
fine matching pipeline is introduced to refine matching from
quality and quantity. Evaluations on large-scale synthetic
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and real-world datasets illustrate that TopicGeo achieves
state-of-the-art performance in retrieval recall and match-
ing accuracy while maintaining a balance in computational

efficiency.

1. Introduction

Image matching through establishing spatial correspon-
dence between localized query images and extensive geo-
referenced databases has emerged as a critical technique for
vision-based geolocation, playing a vital role in environ-
mental monitoring [13, 53], human activities[26, 54]. How-
ever, this task faces inherent challenges. Sensor variations
and temporal differences induce substantial discrepancies
[31] and nonlinear geometric deformations, complicating
cross-image accurate matching. Moreover, repetitive low-
saliency regions, such as forests, deserts, and water bodies
in georeferenced images, pose matching ambiguities.
Recent advances in satellite image retrieval have focused
on mitigating these challenges through global retrieval ap-
proaches [4, 24, 48]. These methods encode entire images



as high-dimensional vectors for rapid retrieval of similar
images from a database. However, such methods exhibit
certain critical limitations. Global feature aggregation di-
lutes spatially fine-grained discriminative patterns, causing
failures in low-saliency regions, such as uniform forests
or barren land. In addition, when pairing large-size refer-
ence images, images are often cropped into smaller and par-
tially overlapped pieces [4], which causes redundant com-
putation. Local re-ranking methods [18, 29, 43] address
these challenges by re-ranking candidates based on local
matches. However, false positive candidates that are merely
visually similar do not contribute to performance improve-
ments. Retrieval-based methods exhibit limited geolocation
accuracy, posing significant challenges for researchers in
performing time-consuming and laborious manual correc-
tions on multi-source imagery. A natural approach would
involve first extracting candidate regions via a retrieval
method, then refining for pixel-level matching with a spe-
cialized model [3, 31, 45]. However, a critical limitation
of this approach lies in the decoupled retrieval and match-
ing pipelines, which inherently prioritize different features
in different tasks. In addition, the matching remains heavily
dependent on the retrieval model’s effectiveness.

Recent studies [45, 49] apply a single end-to-end match-
ing model for joint retrieval and matching. While enhanced
by fine-grained features to boost accuracy, these methods
face a huge time overhead [45], preventing real-time ge-
olocation. The above geolocation methods rely on visual
features for location estimation. However, remote sensing
images exhibit a pronounced imbalance of areal distribu-
tion of terrestrial features, inducing inherent bias in visual
information-dependent models toward overrepresented cat-
egories. Moreover, geometric distortions between multi-
source images and cross-temporal visual discrepancies lead
to variations in the distribution of geographic features at the
same location. Some methods [43, 55] learn more robust
representations using natural images by incorporating se-
mantic segmentation. In remote sensing, datasets [8, 39]
and segmentation models [32, 33, 50] offer semantic infor-
mation but face generalization limitations. Recent studies
[15, 16] leverage self-supervised learning of image topics to
enhance visual features. However, the resulting topic distri-
butions often lack explicit semantic information.

In this study, we propose a model that jointly optimizes
retrieval and matching tasks for geographic positioning.
Specifically, we employ asymmetric-input architecture to
minimize redundant computation in large-displacement and
large-scale scenarios. The core innovation lies in hierar-
chical textual embeddings for prompt learning and a topic-
aware encoder trained via knowledge distillation and spatial
alignment, yielding efficient topic features that are benefi-
cial for both image retrieval and coarse matching. Build-
ing on this foundation, a multi-level refinement pipeline it-
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eratively resolves positional cues across scales, improving
quality and quantity of matching points. Our unified frame-
work is jointly optimized through effective label supervi-
sion and quality-aware rejection mechanisms. The contri-
butions of the study are as follows:

* We propose a unified retrieval and matching framework
with asymmetric large-scale input, boosted by embedded
topics for efficiency and robustness to intra-class discrep-
ancies.

The center-based label assignment is designed to optimize
the contrastive loss, which is further weighted through
topic-based category perception to balance inter-class dis-
crepancies.

The local spatial consensus filter and the global geomet-
ric verification module are co-designed to eliminate mis-
matched correspondences, thereby enhancing retrieval re-
call and matching precision in geolocation tasks.

2. Related Work

Visual Language Model. The pioneering visual-language
model (VLM) CLIP [38] employs vision and text encoders
to project images and texts into a shared semantic space,
which achieves joint embedding of images and texts, mak-
ing cross-modal retrieval and zero-shot learning possible.
Since then, VLMs have rapidly advanced and been applied
across fields like open-vocabulary detection [6], image-text
retrieval [30], and action recognition [52]. Menon et al.
[34] apply large language models (LLMs) to represent ob-
ject classes as semantic attribute sets for enhanced classifi-
cation. Recently, Liu et al. present the first remote sens-
ing visual-language foundation model, RemoteCLIP[25],
learning semantically rich visual features aligned with text
embeddings for seamless downstream applications. Our
method leverages the textual semantics information of ob-
jects to capture invariant matching features across multi-
source and multi-temporal satellite images.

Image Retrieval. The image retrieval task focuses on iden-
tifying images similar to a query image within a database,
encompassing two primary approaches: global and local
feature-based retrieval. In global retrieval, the fundamen-
tal challenge lies in effectively aggregating image features
from diverse regions into a cohesive high-dimensional vec-
tor. Traditional methods accomplish this by aggregating
handcrafted local features [2, 5, 28] into global represen-
tations through methods such as Fisher Vectors [35], and
then performing efficient retrieval through nearest neigh-
bor search algorithms. Recent advancements leverage
deep learning for feature aggregation [1, 37], employing
strategies such as margin-based classification loss functions
[9, 27] and clustering training samples [4]. However, global
retrieval often results in a low recall rate during the initial
retrieval phase. To address the issue, local matching is often
integrated to re-rank retrieval results [18, 29, 43]. Geomet-
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Figure 2. Overview of TopicGeo. (a) Multi-level features are extracted from input images. (b) CLIP-generated prompt embeddings and
visual features are injected into cross-attention layers and then distilled to infer the topic distribution. The extracted topic embeddings are
integrated with global context features from self-attention layers. Preliminary matches are obtained using dual-softmax and local mutual
k-nearest neighbor (MKNN) filter, followed by global geometric verification(GGV) for retrieval. (c) Adaptive matching is performed on
cropped patches at a secondary resolution, with further coordinate refinement through fine-grained feature patch cropping.

ric verification methods like RANSAC [14] are employed tive label assignment strategy to solve this problem, but in-
to identify reliable candidates, though they frequently suf- troduces inconsistent learning-driven global mismatch fil-
fer from computational inefficiency. Fast verification ap- tering. TopicFM [15] sets up learnable topic embeddings
proaches based on matching pair counts [29] face additional for topic perception, while the unknown topics diverge from
challenges in remote sensing applications, where weakly human perception and fail in complex scenes. Most exist-
textured regions often lead to significant false positives. Un- ing methods rely on cross-attention for feature interaction,
like these retrieval-specific pipelines, this paper establishes which limits computational efficiency. In contrast, our ap-
a unified framework that seamlessly integrates retrieval and proach leverages distilled topics for feature enhancement
matching processes and introduces an efficient geometric and a learning-free local filter for efficient correspondence
verification mechanism. refinement.

Image Matching Image matching establishes accurate spa-
tial correspondences between two images, essential for
tasks like visual localization [21, 41] and 3D reconstruc-

tion [23]. The core of image matching is keypoint detec- 3. Proposed Approach

tion and description. Classical methods [2, 5, 28] employ

hand-crafted features to detect and describe keypoints. Re- Our goal is to retrieve a reliable base image from a non-
cent advances leverage deep learning for improved sparse overlapping image database using a small query image and
keypoint detection[ 10, 40, 44], and self-supervised descrip- then match the query image to the retrieved larger-scale
tor learning [17]. SuperGlue [42] harnesses the graph neu- base image. Let R = {B;li € [1,m]} be a retrieval
ral network with attentional mechanism to address signif- database containing m high resolution base images, and
icant occlusion or viewpoint changes, but relying on the A be a query image. We establish a unified retrieval and
quality of keypoints. RoMa [12] significantly enhances matching framework, which encodes R into features Fp =
accuracy via Markov chain-based dense matching but in- {Fg,|i € [1,m]} storing as a feature database, and A into
curs high computational cost. Detector-free approaches like F4. Then A is retrieved, and the corresponding target base
LoFTR [47] use position embedding and cross-attention for image B is obtained. Finally, the fine-grained features of
semi-dense matching, which has gained traction in remote both A and B are extracted to refine the matching and com-
sensing[3, 45, 49], yet struggle with large-scale or point-of- pute the homography H. Figure 2 gives an overview of our
view transformation. AdaMatcher [20] proposes an adap- pipeline.
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3.1. Topic-aware Feature Extraction

This paper tackles distribution discrepancies of land ob-
jects by establishing an effective topic perception process
that integrates primitive visual features with high-level text
representations independent of vision. Firstly, we extract
visual features of the query image A and the base im-
age B. To be efficient and preserve sufficient informa-
tion, both of them undergo processing through patch em-
bedding [11]. Then the downsampled images are fed
into a shared ResNet [19] to extract coarse-grained visual

features, (ij/ 64,F;/ 64), and fine-grained visual features
FHh.

(Y, P/ %) and (B, P
Hierarchical topic prompts. To accelerate convergence
and integrate richer information, we design dual-level
prompts for land objects. Specifically, generic and stable
categories are extracted from established land cover datasets
[50]. These categories are enriched through object attribute
prompts generated by the GPT-4 language model. Subse-
quently, the embeddings of the augmented object prompts
are encoded using the RemoteCLIP[25] text encoder. This
process generates category embeddings Fcaeoory € RExd
and attribute embeddings Fygipue € R %4

Object topic distillation. The obtained attribute and cate-
gory prompt embeddings are embedded into visual features
in sequence via cross-attention layers, where visual features
serve as queries while these prompt embeddings act as keys
and values. This process synthesizes the fused textual and
visual representation to generate topic embeddings F[IO{)?CZL.
Notably, the sparsity of textual semantic tokens drastically
lowers the computational cost of cross-attention.

However, such embeddings fails to align category-
specific and attribute-related information with their corre-
sponding visual semantics. Leveraging the inherent align-
ment between visual and textual features in RemoteCLIP,
we employ its frozen vision encoder to further extract the
visual embeddings F\ison € RV X4 of N patches from A.
Specifically, the patch-level category perception is estab-
lished by computing the category probability distribution
pe RAXC.

FvisionFcategory

T
t ) ’
where ¢ is the temperature parameter.

To transfer the category-specific information from F'op
to topic embedding F}O{ff , the latter are spatially aligned
with F.ison via 2 x 2 pooling, resulting in resized topic
embedding Fy ;. € RY*4. The corresponding category
probability distribution for the pooled topic embedding
is computed analogously to p, denoted as ¢ € RN*C,
Thus, the weighted Kullback-Leibler (KL) divergence loss

Losscategory 1s employed to transfer the category-specific in-

p = softmax ( (D
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formation in F e, to topic embeddings, expressed as:

(55 s () ) - @

where w;, the normalized class frequency weight of the -
th image patch, is derived from p. Analogously, attribute-
related information is transferred using LoSSygribute- 1hen
the topic embeddings are enriched by minimizing the com-
bined loss:

N
Losscaegory = 2i=o

3)

Ly = Losscategory ~+ L05Sgribute.

Note that distillation operates exclusively on query images
due to the fully shared parameters and training efficiency.
Topic feature integration.  To capture global context
absent from F\qpic, the linear self-attention[51] with ro-
tary position embedding[46] is further employed. Thus,
the outputs from parallel encoding branches are integrated
via a multilayer perceptron (MLP), with features from one
branch stochastically masked during optimization to miti-
gate MLP-induced training bias. The final topic features,
denoted as F}l/ 54 and Fé/ 64, are utilized for downstream
retrieval and matching.

3.2. Retrieval & Coarse Matching

The multimodal topic features of query and base images,
ij/ % and Fé/ %% enable efficient retrieval and coarse
matching. Inspired by [20], the coarse-level matching prob-
ability matrix S and the bidirectional matching probability

matrixes P are calculated as :

S(i,j) = <F11L}64(i)7F564(j)>7 “)
PAP(i, j) = Softmax (S(i,-)), , (5)
PBA(, j) = Softmax (S(-, 7)), , (6)

where (., .) is the inner product. Based on P45, an index
pair (5, 3) is selected as the match if its corresponding con-
fidence value exceeds the threshold # and is the maximum
in its row. Thus, matches M 4 g is obtained as:

Map = {(i,]) | PAB(i, j) = max, PAP(i, k), PA5 > 0} . (7)

Analogously, M p 4 is derived by applying identical thresh-
olding and column-wise maximization operations to P54,
completing the bidirectional coarse matching process.

Local MKNN filter.  While LoFTR [47] employs mu-
tual nearest neighbor (MNN) filtering to suppress local mis-
matches, this strategy exhibits inherent limitations in one-
to-many mismatches prevalent in resolution-scaled discrep-
ancies. Instead, we propose mutual k-nearest neighbor
(MKNN) filtering, which relaxes mismatches constraints
by retaining matches that satisfy k-neighbor spatial consis-
tency across bidirectional correspondence sets M 4p and
Mp 4. Specifically, a candidate match pair (¢,j) € Map



is preserved if there exists a reverse-matching pair (¢/, j) €
M p 4, and the 2D coordinate pair (z,y) and (2’,y’) corre-
sponding to points ¢ and ¢’ are k-nearest neighbors. Anal-
ogously, M p 4 is handled in the same manner. Finally, the
refined coarse matches are combined using the OR opera-
tion to obtain M., and the overall process is formulated as
follows:

MCZMKNN(MAB,MBA). (8)

Global geometric verification. It is known that correct cor-
respondences have geometric spatial consistency. There-
fore, we utilize the rule to filter false positive samples in
the database efficiently. Inspired by [36], we independently
analyze distance and angle compatibility for each corre-
spondence pair M.(n) among the N, total pairs. For dis-
tance compatibility, we calculate pairwise Euclidean dis-
tances between each point and all other N, — 1 points in
both the query and base image coordinate systems, calculat-
ing cross-coordinate distance ratios and normalizing it. For
angle compatibility, we evaluate the local geometric con-
sistency by computing relative angles among each point’s
k-nearest neighbors in both coordinate systems, and mea-
suring their cross-coordinate absolute angular difference ¢, .
Finally, the distance compatibility «,, and angle compatibil-
ity 8, of each matching pair M. (n) are yielded to jointly
quantify spatial coherence, defined as:

4= 1)) )

Var(dy,)
))

84>
where §4 and J.. are the maximum acceptable values, and Z
is a scalar, used to truncate outliers. The spatial coherence
confidences weighted by A is utilized to re-weight the per-
pair bidirectional matching probabilities F,,, expressed as:

Q,, = max (0, min (Z -

2
B, = max (o,min (Z— ;LQ,Z— 1

c

(10)

E, = ()‘Bn + (1 - )‘) an)

x (PAE (i, jn) + P54 (iny jn)) -
The global confidence E for the base image is then obtained
by aggregating all individual matching probabilities. Fi-
nally, the base image only with the highest overall confi-

dence score is selected as the target retrieval image.
The joint retrieval-matching loss L., is defined as:

Y

Lo = (FL(PAZ, PA) + FL(PPA, PP4)) X wigken, (12)

where P is the ground truth matching matrix. We allow one-
to-many and many-to-one label assignments [20] for P45
and PB4, FL refers to the Focal Loss [22]. Wioken is de-

rived from the copy of w in the early training period, and the
1/64
topic

weight calculated by the category perception at the F
is used in the subsequent training.
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3.3. Adaptive Center Assignment

Downsampling operations inherently yield sparse matching
pairs, exacerbated by resolution-scaled discrepancies and
asymmetric input. The adaptive label assignment [20] and
MKNN filter alleviate the issue, while its reliance on the
upper-left coordinates of the warped grid [42, 47] for label
assignment often induces suboptimal matching patch over-
laps, especially under large rotational misalignments in re-
mote sensing images. This paper proposes a center-based
label adaptive assignment strategy. Labels are assigned
by distorting grid center coordinates instead of upper-left
points, which are later reconverted to the upper-left coordi-
nates for feature patch indexing, thereby enhancing robust-
ness in challenging conditions.

3.4. Multi-level Fine Matching

The retrieval-oriented low-resolution encoding fundamen-
tally limits matching precision. To achieve enhanced
correspondence density through operationally consistent
processing with the coarse matching stage, we employ
the same adaptive local window matching on the finer-
grained feature patches (Ffll/ 16,13%/ 16) corresponding to
M., thereby obtaining M,. Subsequently, following
LoFTR[47], higher-resolution feature patches (F j‘/ LE é/ D)

extracted from (Fj‘/ 4 F]é/ 4) guided by M, are utilized
for final expectation-based fine-grained matching, obtaining
M, achieving sub-pixel matching accuracy. For adaptive
local window matching, the loss is formulated as:

1
[Mal]

Loss, = by (FLOPAZ, PAR) + FL(PEA, PEA)), (13)
where P, represents the ground truth matching matrix. The
expectation-based loss Loss refers to [47]. Thus, the final
fine-grained loss is the sum of both:

Ly = Loss, + Lossy. (14)

3.5. Training

The model is trained by optimizing the topic distillation loss
L4, the joint retrieval-coarse matching loss L., and fine-
grained matching loss L, defined as:

L=1Lg+L.+L;. (15)

4. Experiments

4.1. Datasets and Implementation Details

TZC dataset [7] consists of 980 base maps with a spatial
resolution of 1m, each with a high resolution of 5000 x 5000
pixels. This dataset captures various land cover types, in-
cluding dense forests, barren land, water bodies, agricul-
tural fields, and human settlements.



Table 1. Quantitative comparison of retrieval approaches. Top 1, 5, 10 recall are shown on the TZC dataset, and top 1, 2, 3 recall are shown
on the MTGLA40-5 dataset. Re-ranking thresholds are set at 100 for TZC and 50 for MTGLA40-5.

. TZC MTGL40-5
Retrieval mode Method R@1 R@5 R@10 Time(s) | R@1 R@2 R@3 Time(s)
Patch-NetVLAD 63.1 63.1 63.4 0.391 582 60.7 623 0.352
Global retrieval SelaVPR 689 692 69.5 0.046 66.7 669 674 0.029
EarthLoc 704 716 724 0.082 672 675 682 0.064
Patch-NetVLAD 65.6 662 66.4 21.5 623 642 6438 10.7
Local Re-ranking SelaVPR 72,6  73.1 734 0.274 70.1 715 726 0.133
SP-SuperGlue 714 728 735 12.1 69.3 707 73.6 5.87
SelaVPR 744 756 759 32x10°| 733 736 755 11.0
Local retrieval LoFTR _Coarse 816 832 844 87x10%| 764 784 80.5 3.9x10°
TopicFM_Coarse 83.7 838 845 9.5x10%| 81.4 831 845 4.3x10?
AdaMatcher_Coarse | 87.2 89.1 915 9.7x10%| 846 862 87.8 4.5x 102
Our(LoFTR) 86.1 88.4 90.1 342 823 83.1 837 1.81
Asymmetric local retrieval Our(TopicFM) 88.6 902 921 42.4 864 883 90.0 2.17
Our 90.6 932 93.7 1.071 91.6 931 939 0.165

MTGLA40-5 dataset [31] focuses on 20 carefully selected
scenes of ports and airports. Each scene has been stan-
dardized to 5120 x 5120 pixels, with a spatial resolution of
0.5m, and comprises five temporally distinct images. The
appendix comprehensively overviews both datasets, includ-
ing the generated prompt texts.

Parameter setting. We employ the Adam optimizer for
model training, set the learning rate as 5.0 x 10~* and the
batch size as 2. The threshold @ is fixed at 0.2. The window
size for Multi-level Fine Matching is 4. The spatial com-
patibility parameter Z is 10. The focal loss parameters «
and ~ are configured as 0.25 and 2, respectively. For the
MTGLA40-5 dataset, v is reduced to 1 to account for tem-
poral variations. Additionally, during the category and at-
tribute distillation, temperature parameters are respectively
setas 1/5 and 1 to facilitate effective knowledge transfer.

4.2. Retrieval Performance

Quantitative comparison. = We evaluate retrieval per-
formance of various state-of-the-art methods on TZC
and MTGLA40-5 datasets, as shown in Table 1. The
global retrieval approaches, such as Patch-NetVLAD[18],
SelaVPR[29], and EarthLoc[4], exhibit minimal latency but
suffer from significantly low recall rates on both datasets.
Local re-ranking strategies built upon global retrieval
improve performance, where SP-SuperGlue re-ranks Earth-
Loc candidates by matching SuperPoint [10] features
through SuperGlue [42] matcher. In the case, SelaVPR
has significant gains, achieving 3.7% and 3.4% R@1 gains
on TZC and MTGL40-5 datasets, respectively. Compared
to similar methods, SelaVPR reduces computational over-
head associated with geometric verification by leveraging
matching-pair counts as similarity scores. However, these
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enhancements remain constrained by the limited positive
sample coverage in global retrieval candidate sets.

Moreover, we compare methods that rely solely on
local features for retrieval. It is obvious that the lo-
cal feature retrieval-based SelaVPR incurs a two-order-
of-magnitude computational cost increase, primarily due
to redundant symmetric processing, which expands 980
base images into approximately 10° database images. In
contrast, our asymmetric-input architecture directly pro-
cesses the 980 original images, significantly improving ef-
ficiency. Coarse matcher-based local retrieval approaches
like LoFTR_Coarse [47], TopicFM_Coarse [15], and
AdaMatcher_Coarse [20], outperform SelaVPR through
fine-grained supervision but incur three-order-of-magnitude
higher online retrieval latency. Furthermore, the coarse
matching encoders of LoFTR and TopicFM are integrated
into our framework to illustrate the effectiveness of the
asymmetric-input architecture on enhancing performance
and efficiency.

In addition, compared to the performance on both
datasets, most methods underperform on the MTGL40-5
dataset. Since multi-source modality gaps in the MTGL40-
5 dataset challenge robust features extraction, even though
it contains significantly fewer base images than the TZC
dataset.  Conversely, our paradigm outperforms other
methods on retrieval performance and efficiency on both
datasets, which illustrates the effect of topic features on
learning consistent and invariant representations.

4.3. Matching Performance

Quantitative comparison. Table 2 shows the matching
performance and time of state-of-the-art methods. To avoid
retrieval preference, positive samples from SelaVPR’s lo-
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Figure 3. A visualized comparison of the state-of-the-art approaches on TZC dataset. Our unified framework generates numerous accurate
correspondences in both texture-scarce barren areas and texture-dense urban areas. For images with large resolution-scaled discrepancies,
our approach matches regions that are easier to match although they are sparse.

Table 2. Comparison of matching approaches. n = 1 represents
the original matching, while n = 4 indicates four iterations of
the EarthMatch protocol. IoU is used as an effective evaluation
metric.

TZC | MTGL | Time(s)

Category Method n=1 n=4\n=1 n=4\n=1 n=4
Detector-based SIFT-SuperGlue|82.4 89.5|70.6 78.6|0.24 2.81
SP-SuperGlue [84.4 91.2|77.4 82.4/0.14 2.37

Dense matcher RoMa 92.2 96.1/86.7 90.2|0.79 5.17
LoFTR 85.7 90.3|77.3 84.1|0.12 2.18

Detector AdaMatcher |91.4 93.7(83.3 88.4]0.15 2.51
free TopicFM 89.2 92.4|78.5 84.5|0.13 2.32
Ours 98.9 99.1|91.1 92.7|0.09 2.02

cal re-ranking are used for matching, while the EarthMatch
[3] protocol is applied to iteratively optimize matching and
compensate for the limited receptive field of other methods.
It is obvious that our method achieves state-of-the-art per-
formance on both protocols while significantly improving
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efficiency. The proposed asymmetric-input direct match-
ing framework reduces computational time by 1/20 of the
EarthMatch protocol with merely 1.6% accuracy loss on
TZC dataset. Notably, while recent dense matcher RoMa
[12] delivers competitive accuracy (90.2% on the MTGL
dataset), it requires 2.5 longer for per match than our so-
lution. The multi-temporal discrepancies in MTGL dataset
pose greater challenges than TZC’s synthetic data, where
our matching method effectively handles heterogeneous dif-
ferences through consistent semantics and adaptive match-
ing mechanisms.

Visual comparison. Figure 3 displays the matching results
of the crucial first iteration under the EarthMatch protocol.
Notably, our method searches over a broader range com-
pared to others. It is seen that our method excels in texture-
scarce (such as barren areas) and texture-dense (like ur-
ban regions) scenarios through adaptive refinement and re-
laxed matching constraints in MKNN. Under extreme scale
variations, existing methods like LoFTR distribute numer-
ous matching pairs on non-discriminative natural terrains,
which leads to low matching rates and disruption of iter-



Table 3. Ablation of topic-related cross-attention layers and
weighted loss on TZC dataset. The baseline, C, and T are the
self-attention encoder, the cross-attention layers in LoFTR, and
the topic-related layers of TopicFM, respectively.

Base | C/T Category Attribute WLoss R@1 Time(s)

v 824  0.87
v 86.1/88.6  34/42

i 858  0.94

v Vi 88.1  1.07

v v v 9.6  1.07

Table 4. Ablation of topic-independent components on TZC
dataset. A baseline is used that incorporates the topic encoder,
original adaptive label assignment [20], and expectation-based
fine-grained matcher [47].

Base‘ACA MKNN GGV MFM‘R@] IoU Pairs Time(s)
Vv ©,0) 849 72.3 155 0.94/0.07
v (0,0 86.5 754 171 0.94/0.07

v (0,1 86.5 80.7 171/192 0.94/0.08

v 01D 90.6 85.1 171/192 1.07/0.08

VARG T S BV 87.1 81.2 192 1.07/0.08

v 01D Vv 190.6 90.5 171/814 1.07/0.09

ative process. Whereas our topic-aware weighted loss en-
courages the model to match regions that are easier to match
although they are sparse, thereby enhancing reliability.

4.4. Ablation Study

The effect of topics. Our method uses distilled topics to
improve efficiency and performance. Therefore, we sepa-
rately evaluate the effect of the category and attribute, and
the derived category weighted loss on the TZC dataset, as il-
lustrated in Table 3. The cross-image perception of LoFTR
improves RQ1 by 3.7%, while TopicFM’s self-supervised
topic achieves 6.2% gains. Both encoders that require cross-
attention for information interaction cause 40x slower on-
line retrieval than the baseline (0.87s). Our category em-
beddings brings 3.4% improvement, attribute embeddings
adds 2.7%, and weight loss contributes 2.5%. Moreover, the
lightweight parallel architecture avoids significant time con-
sumption. Figure 4 further visually compares topic seman-
tics of remote sensing land cover generated by our method
and the self-supervised approach TopicFM. It is seen that
our method’s deterministic land-cover topic modeling better
distinguishes terrain features than self-supervised approach,
enhancing geolocation precision.

The effect of other modules. Our evaluation first exam-
ines adaptive center assignment (ACA) and MKNN mod-
ules, followed by global geometric verification (GGV) and
multi-level fine matching (MFM). During testing, the re-
trieval and matching is in sequence: failed retrieval yields
zero matching IoU. When GGV is disabled, match count
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An airport near the forest

A city near the forest MTGL40-5
e

>

TopicFM

Ours

ZTC

A thin road in the forest

A town in the valley

Figure 4. Visualization of category topics in remote images. Our
human-perception-aligned topic distributions encourage multi-
source feature alignment for geospatial retrieval and matching,
whereas self-supervised structural modeling struggles to adapt to
complex remote sensing scenarios.

directly determines retrieval scores. The two values of
MKNN correspond to the k value in retrieval and coarse
matching. As Table 4 shows, ACA increases initial match-
ing pairs by 10.3% over the original adaptive top-left as-
signment. MKNN (k=1) further elevates this by 12.3%.
The GGV enhances retrieval accuracy by 4.1% with only
an additional time consumption (0.13s ). One-to-many
with k=1 during retrieval makes the GGV score unstable
and the recall rate decreases. MFM amplifies matching
pairs by 5x with 5.4% IoU improvement, while maintain-
ing low time overhead. Crucially, correctly retrieved sam-
ples achieve 99% (90.5(matching)/90.6(retrieval)) average
matching IoU, indicating the task-coherent feature learning
of retrieval and matching tasks.

5. Conclusion

We introduced a unified asymmetric-input retrieval-
matching framework for geolocation. By combining ob-
ject semantic modeling with image retrieval and matching,
our method learns a robust set of primary features that can
be stored offline. Moreover, we design a center-based la-
bel adaptive assignment and a multi-level fine-grained lo-
cal matching pipeline, optimizing the matching precision.
Compared to state-of-the-art methods, the proposed ap-
proach is both efficient and interpretable.
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