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Abstract

Recent advances in vision-language models have opened up
new possibilities for reasoning-driven image geolocalization.
However, existing approaches often rely on synthetic reason-
ing annotations or external image retrieval, which can limit
interpretability and generalizability. In this paper, we present
Geo-R, a retrieval-free framework that uncovers structured
reasoning paths from existing ground-truth coordinates and
optimizes geolocation accuracy via reinforcement learning.
We propose the Chain of Region, a rule-based hierarchical
reasoning paradigm that generates precise, interpretable su-
pervision by mapping GPS coordinates to geographic enti-
ties (e.g., country, province, city) without relying on model-
generated or synthetic labels. Building on this, we introduce a
lightweight reinforcement learning strategy with coordinate-
aligned rewards based on Haversine distance, enabling the
model to refine predictions through spatially meaningful
feedback. Our approach bridges structured geographic rea-
soning with direct spatial supervision, yielding improved lo-
calization accuracy, stronger generalization, and more trans-
parent inference. Experimental results across multiple bench-
marks confirm the effectiveness of Geo-R, establishing a new
retrieval-free paradigm for scalable and interpretable image
geolocalization. To facilitate further research and ensure re-
producibility, both the model and code will be made publicly
available.

1 Introduction

Image geolocalization—the task of predicting the geo-
graphic coordinates of an image—poses unique difficulties,
particularly at the global scale. The inherent difficulty of this
task arises from the high diversity of geographic regions,
the visual similarity between distant locations, and the lack
of explicit geographic cues in many images. Existing meth-
ods mainly fall into two categories: classification-based ap-
proaches, which partition the Earth into discrete regions and
treat geolocation as a classification task (Weyand, Kostrikov,
and Philbin 2016; Seo et al. 2018a; Miiller-Budack, Pustu-
Iren, and Ewerth 2018; Pramanick et al. 2022a; Clark et al.
2023a), and retrieval-based approaches, which retrieve the
most visually similar samples from large-scale geo-tagged
image databases (Yang, Lu, and Zhu 2021; Zhu, Shah, and
Chen 2022; Wang et al. 2023; Vivanco Cepeda, Nayak,
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and Shah 2023; Haas et al. 2024; Xia and Alahi 2025;
Haas, Alberti, and Skreta 2023). While both paradigms have
achieved strong benchmark performance, they rely heavily
on large-scale labeled data or retrieval databases and often
lack interpretability and robust reasoning capabilities, limit-
ing their generalization to unseen regions.

Reasoning for geolocalization is challenging and less
studied, as it requires models to generate interpretable, struc-
tured explanations that align with visual evidence—a task
further complicated by the scarcity of annotated reason-
ing paths. While recent advances in vision-language mod-
eling have driven progress in related areas such as vi-
sual recognition, language grounding, and cross-modal re-
trieval (Chen et al. 2023; Koh, Salakhutdinov, and Fried
2023; Wang et al. 2025a; Wu et al. 2024), there is still lit-
tle work addressing geolocalization using vision-language
models (VLMs). Techniques such as few-shot prompting,
retrieval-augmented generation (RAG), and supervised fine-
tuning (SFT) (Jia et al. 2024; Zhou et al. 2024) allow mod-
els to produce both geolocation predictions and their corre-
sponding reasoning processes. However, these methods typ-
ically rely on synthetic data to construct structured reason-
ing annotations, which only partially addresses the lack of
real-world annotated data. Synthetic supervision frequently
results in shallow or inconsistent reasoning that may not ac-
curately reflect the visual evidence, thus constraining overall
model performance.

To address these challenges, we propose Geo-R, a
retrieval-free, reasoning-centric model for global image ge-
olocalization built on the Geo Chain-of-Thoughts (CoT)
paradigm. Geo-R mimics human geographic reasoning by
progressively localizing an image from country to state
to city, and finally estimating its precise coordinates. By
clearly labeling each geographic level, this hierarchical ap-
proach decomposes the complex geolocation task into a se-
quence of interpretable subgoals, reducing the difficulty of
direct coordinate regression and explicitly leveraging the la-
tent geographic priors embedded in vision-language mod-
els (VLMs), thereby improving both accuracy and inter-
pretability. Meanwhile, we construct MP16-Rand-500K, a
large-scale, high-quality geographic reasoning dataset cov-
ering diverse global locations. Its reasoning sequences are
generated by reverse-decoding ground-truth coordinates into
multi-level geographic information, producing a coherent
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Figure 1: Overview of Geo-R for image geolocation. Given a query image, the agent generates a region-level reasoning chain
grounded in geographic knowledge, followed by coordinate prediction. The framework integrates structured prompting, multi-
modal understanding, and reinforcement optimization to enhance both interpretability and spatial accuracy.

coarse-to-fine structure aligned with the hierarchical pre-
diction process of Geo-R. This dataset is employed in the
SFT stage to further enhance the model’s structured geo-
graphic reasoning ability, laying a solid foundation for more
advanced training and evaluation.

Furthermore, we observe that the core evaluation metric
in geolocation tasks is the proximity of predicted coordi-
nates to the ground truth. However, in regression tasks, SFT
usually does not penalize small numerical errors, making it
difficult to improve prediction accuracy directly. In contrast,
Reinforcement Learning (RL) provides continuous and di-
rectional optimization signals for numerical errors—for ex-
ample, assigning higher rewards as predicted coordinates ap-
proach the ground truth. Based on this insight, we introduce
an RL stage and optimize the model within the Group Rel-
ative Policy Optimization (GRPO) (Shao et al. 2024), using
a composite reward function that jointly accounts for spatial
accuracy and faithful reasoning. However, during training,
we identify a critical issue with GRPO: the vanishing ad-
vantages problem. When all responses within a query group
receive identical rewards (e.g., all correct or all incorrect),
the computed relative advantages approach zero, resulting
in ineffective gradient updates. This issue is especially pro-
nounced in later training stages, where a large portion of
samples originate from “popular regions” such as city cen-
ters or iconic landmarks. These regions often exhibit salient
visual cues and low localization difficulty, leading to uni-
form predictions and reward saturation—ultimately limiting
the model’s capacity to generalize to more complex scenar-
ios. To mitigate this, we introduce a diversity-based data
filtering mechanism and construct a more challenging sub-
set, MP16-Hard-200K, by excluding all samples within a
200-kilometer radius of popular regions and focusing in-
stead on remote, visually ambiguous, or culturally neutral
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areas. These long-tailed and difficult examples significantly
enhance training diversity and reward signal variance, ef-
fectively alleviating the vanishing advantages problem and
further improving the model’s generalization and reason-
ing performance in complex, real-world geographic environ-
ments.

We conduct comprehensive evaluations of Geo-R on
two standard geolocalization benchmarks. Experimental re-
sults demonstrate that our method achieves strong perfor-
mance across both coarse-grained tasks at the country lev-
els and fine-grained tasks at the regional level. Compared
to retrieval-based baselines, Geo-R not only delivers com-
petitive localization accuracy but also provides superior in-
terpretability, cross-domain generalization, and robustness
across a wide range of geographic conditions. These findings
validate the feasibility and effectiveness of a retrieval-free,
reasoning-driven paradigm for geolocalization and point to-
ward a new direction for building scalable and general-
purpose geographic agents.

Our key contributions are fourfold:

* We introduce Geo-R, a retrieval-free, reasoning-driven
architecture for global image geolocalization.

‘We propose the geo Chain-of-Thoughts paradigm and ac-
company it with a scalable data-synthesis pipeline and
richly annotated geographic-reasoning dataset, enabling
the model to learn structured, hierarchical inference from
visual cues.

We develop a novel reinforcement-learning framework
with plausibility rewards, directly optimizing geographic
accuracy via spatial-distance—based signals while enforc-
ing strict output formatting.

Our experiments demonstrate that pure reason-
ing—without any external retrieval—can match or



surpass traditional retrieval-based pipelines in both
localization accuracy and cross-domain generalization
across diverse global environments.

2 Related Work
2.1 Image Geolocalization

Image geo-localization aims to predict the geographic coor-
dinates of a given image and has wide applications in urban
analysis (Yeh 1999; Firmansyah et al. 2024; Yan et al. 2024;
Ye et al. 2019a,b), navigation (DeSouza and Kak 2002),
and geospatial data mining (Korting, Fonseca, and Camara
2013; Liu et al. 2024; Liang et al. 2018; Pan et al. 2019;
Hao et al. 2025). With the rapid progress of multimodal
learning, the research paradigm for image geo-localization
has gradually shifted from traditional classification-based
methods (Weyand, Kostrikov, and Philbin 2016; Seo et al.
2018a; Miiller-Budack, Pustu-Iren, and Ewerth 2018; Pra-
manick et al. 2022a; Clark et al. 2023a) and retrieval-based
pipelines (Yang, Lu, and Zhu 2021; Zhu, Shah, and Chen
2022; Wang et al. 2023; Vivanco Cepeda, Nayak, and Shah
2023; Xia and Alahi 2025; Haas, Alberti, and Skreta 2023)
to generation-based reasoning approaches (?Zhou et al.
2024; Jia et al. 2024) that offer better interpretability and
generalization. These methods utilize vision-language mod-
els (VLMs) to produce structured reasoning paths and co-
ordinate predictions. Recent work has proposed synthetic
reasoning datasets constructed by distilling reasoning ca-
pabilities from multiple VLMs, yielding annotations such
as locatability assessments, reasoning trajectories, and pre-
dicted coordinates. Based on this, models are further opti-
mized using Group Relative Policy Optimization (GRPO),
significantly improving interpretability and geographic ac-
curacy. However, such approaches still rely on distilled syn-
thetic reasoning data, which may suffer from hallucinations,
redundancy, or structural inconsistency. To address these
limitations, we propose Geo-R, a truly retrieval-free and
distillation-free reasoning-centric framework that effectively
integrates structured reasoning supervision with coordinate-
level optimization objectives, thereby enhancing both se-
mantic interpretability and geographic precision with im-
proved robustness.

2.2 Verifiable Rewards for VLMs

Recent advances in multimodal learning have sparked grow-
ing interest in using reinforcement learning with verifiable
rewards to enhance the reasoning capabilities of VLMs. A
series of studies have shown that R1-guided training can pro-
mote structured inference: R1-OneVision (Yang et al. 2025),
Infinity Parserv (Wang et al. 2025a) create visual reasoning
datasets by translating images into textual form and apply
reward-driven fine-tuning to improve interpretability. R1-
V (Chen et al. 2025) adopts GRPO (Shao et al. 2024), in-
troduced in DeepSeek R1(Guo et al. 2025), to outperform
much larger models in object-counting tasks. Additional
work such as VisualThinker-R1-Zero (Zhou et al. 2025)
and VI1-Rethinker (Wang et al. 2025b) reveals emergent rea-
soning abilities like the “visual aha moment” through R1
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and (Kool, van Hoof, and Welling 2019). Other directions in-
clude curriculum-based reward strategies (Deng et al. 2025)
and joint text-multimodal RL training (LMM-R1 (Peng et al.
2025)). While most of these efforts focus on mathematical
reasoning (Lu et al. 2023), works like Visual-RFT (Liu et al.
2025) begin to explore perceptual reasoning. In contrast, we
apply GRPO to spatial reasoning with retrieval-free supervi-
sion, directly optimizing coordinates with geographic plau-
sibility rewards to achieve accurate and interpretable geolo-
calization.

3 Methodology

In this section, we present Geo-R, a reasoning-centric and
retrieval-free framework for global image geolocalization
that bridges symbolic reasoning and spatial precision. Geo-
R enables VLMs to infer geographic locations through struc-
tured, interpretable, and verifiable reasoning chains. The
framework comprises three key components: (1) Chain-
of-Region (CoR), a reasoning paradigm that guides the
model to infer hierarchical geographic labels based on vi-
sual cues; (2) a reinforcement learning stage optimized un-
der the GRPO framework, which uses a composite reward to
jointly improve coordinate accuracy and format consistency;
and (3) a diversity-driven data selection strategy, which con-
structs a challenging subset from visually ambiguous and
underrepresented regions to enhance generalization.

3.1 Synthesizing Geographic Reasoning Data at
Scale

To effectively activate the latent geographic knowledge and
spatial reasoning capabilities of VLMs, we propose CoR, a
structured reasoning paradigm that reformulates image ge-
olocalization as a step-by-step inferential process. While
VLMs possess extensive world knowledge and cross-modal
understanding, we observe that directly regressing geo-
graphic coordinates often fails to elicit deeper geographic
cognition. In contrast, VLMs are inherently better suited
for structured reasoning, hierarchical decision-making, and
language-driven inference chains. Our CoR addresses this
by guiding the model to generate spatial judgments based
on visible cues in the image—such as landmarks, vegeta-
tion, architectural styles, and climate—thereby enabling a
reasoning transition from what is seen to where it is.

To support this paradigm at scale, we design a data syn-
thesis pipeline that automatically generates richly annotated
samples for geographic reasoning. A key insight is that each
reasoning label—country, region, city—can be automati-
cally derived by reverse-decoding the ground-truth coordi-
nates using global administrative boundary databases and
geocoding tools. This removes the need for manual anno-
tation while aligning perfectly with our CoR output format.
In total, we synthesize S00K geographically diverse reason-
ing samples, denoted as MP16-Rand-500k, forming a solid
foundation for training VLMs to reason about place with
precision and structure.



3.2 Reinforcement Learning for Geographic
Reasoning

To enable reinforcement learning with verifiable rewards
for geographic reasoning, we adopt GRPO as our training
framework (Shao et al. 2024). Unlike traditional methods
that evaluate each output in isolation, GRPO compares mul-
tiple candidate responses generated from the same input
to estimate their relative advantages, enabling group-wise
ranking to guide stable and informed policy updates. To sup-
port this framework and better align with the characteris-
tics of geographic reasoning, we design a composite reward
function that jointly captures both spatial precision and for-
mat consistency. Specifically, we incorporate two comple-
mentary components: a distance-based reward, which uses
Haversine distance to measure the geodesic error between
the predicted and ground-truth coordinates—encouraging
geographically accurate and directionally reasonable predic-
tions—and a format-based reward, which assigns a positive
score only when the model output includes a single, well-
structured, and parsable latitude-longitude pair. By combin-
ing these two components, the reward function ensures that
only predictions which are both accurate and interpretable
contribute to policy optimization, thereby providing fine-
grained, verifiable learning signals well-suited to the de-
mands of geographic reasoning.

Distance-Based Reward The first component of our re-
ward function measures the spatial accuracy of the pre-
dicted coordinates (1, y1) against the ground-truth coordi-
nates (2, y2) using the Haversine distance (Sinnott 1984),
which accounts for the curvature of the Earth. Let R = 6371
km denote the Earth’s mean radius.

We first compute the differences in latitude and longitude
(in radians) between the predicted and actual locations:

Ay =ys —y (D
where Az is the north-south angular difference and Ay is
the east—west angular difference. Next, we calculate the in-

termediate term a, which corresponds to the squared half-
chord length between the two points on the unit sphere:

a = sin? <A2:E> + cos(z1) - cos(z2) - sin? <A2y> 2)

This term combines the north—south and east-west compo-
nents while considering the Earth’s curvature. We then ob-
tain the central angle ¢ between the two points, and multiply
by R to get the great-circle distance d in kilometers:

¢ =2-arcsin(va), 3)

d=R-c. @

Here, d represents the shortest distance over the Earth’s sur-

face between the predicted and actual locations.Finally, the

distance-based reward rgisnce 1S defined as a piecewise func-

tion of d, decreasing smoothly as d increases and capped at

20000 km (the approximate maximum great-circle distance
between two antipodal points, 7R ~ 20000 km):

Ar =19 — 11,

d
1.0-0.5- =4, d < 750,
Tdgistance = § 0.5 — 0.3 - 4200 750 < d < 2500, (5)
0.2—0.2- 4239 otherwise.
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This reward structure ensures high rewards for precise pre-
dictions, moderate penalties for mid-range errors, and grad-
ual decay for very distant predictions, thereby maintaining
informative gradient signals even for large errors.

Format-Based Reward Models often exhibit format hal-
lucinations, producing outputs with missing coordinates,
multiple ambiguous candidates, or inconsistent placement,
which hinders downstream evaluation. To address this, we
define a binary format reward that assigns 1 only when the
output contains exactly one valid decimal latitude—longitude
pair in the expected form—enclosed in parentheses and sep-
arated by a comma; otherwise, it assigns 0. This encourages
strict adherence to the output template, penalizes ambigu-
ous or ill-structured predictions, and, when combined with
the distance-based reward, ensures contributions come only
from accurate and well-formatted predictions.

{1, valid coordinate pair in expected format,
Tformat =
(6)

0,
The overall reward r for a single sample combines both

ComponentS:
T = Tdistance X Tformat, )

where 74istance Captures the spatial precision of the predic-
tion, and 7formae reflects the semantic alignment and inter-
pretability of the reasoning chain. The total reward serves as
the training signal in the reinforcement learning phase.

otherwise.

3.3 Diverse Geographic Reasoning Data Selection

To enhance the model’s generalization ability across diverse
and geographically challenging scenarios, we construct a
hard subset from the MP16-Pro (Jia et al. 2024) dataset,
denoted as MP16-Hard-200k. Specifically, we first identify
100k MP16-Pro (Jia et al. 2024) samples that Qwen-VL-
3B (Bai et al. 2025) localizes correctly; these samples form
dense spatial clusters concentrated around major population
centers and iconic landmarks—regions we term “popular re-
gions” due to the model’s likely prior exposure or access to
strong visual cues. To extract more challenging cases, we
exclude all samples located within a 200-kilometer radius
of any such popular region. The remaining samples, typi-
cally drawn from remote, visually ambiguous, or culturally
neutral areas, compose the MP16-Hard-200k subset. These
examples present greater localization difficulty and are used
to augment model training, encouraging stronger spatial rea-
soning in underrepresented geographies. This targeted selec-
tion approach serves as a practical means of pushing models
beyond surface-level pattern recognition, promoting robust
geospatial understanding under real-world, long-tail condi-
tions.

4 Experiments
4.1 Datasets
Training Data We primarily use two datasets—MP16-
Rand-500K and MP16-Hard-200K—both constructed from
the MP16-Pro dataset (Jia et al. 2024) as described in
the Methods section. MP16-Pro contains 4.72 million geo-
tagged Flickr images annotated with hierarchical geographic



IM2GPS3K YFCC4K
Methods lkm  25km 200km 750km  2500km \ lkm  25km 200km 750km  2500km
Retrieval-based Methods
[LIKNN, o0 =4 ICCV’17 7.2 19.4 26.9 38.9 55.9 2.3 5.7 11.0 23.5 42.0
Img2Loc SIGIR’24 15.34  39.83  53.59 69.7 82.78 19.78 30.71 41.4 58.11 74.07
PIGEON CVPR’24 11.3 36.7 53.8 72.4 85.3 10.4 23.7 40.6 62.2 77.7
G3 NeurIPS’24 16.65 4094  55.56 71.24 84.68 23.99 3589 46.98 64.26 78.15
Geo-Ranker NeurIPS’25 1879 45.05 61.49 76.31 89.29 3294 4354 54.32 69.79 82.45
Retrieval-free Methods
PlaNet ECCV’16 8.5 24.8 34.3 48.4 64.6 5.6 14.3 22.2 36.4 55.8
CPlaNet ECCV’18 10.2 26.5 34.6 48.6 64.6 7.9 14.8 21.9 36.4 55.5
ISNs ECCV’18 10.5 28.0 36.6 49.7 66.0 6.5 16.2 23.8 37.4 55.0
Translocator ECCV’22 11.8 31.1 46.7 58.9 80.1 8.4 18.6 27.0 41.1 60.4
GeoDecoder ICCV’23 12.8 33.5 45.9 61.0 76.1 10.3 244 339 50.0 68.7
GeoCLIP NeurIPS’23  14.11 3447  50.65 69.67 83.82 9.59 19.31 32.63 55.00 74.69
GLOBE NeurIPS’25 - 40.18  56.19 71.45 - - - - - -
Geo-R(Ours) AAAT26 18.10 41.53 58.31 75.33 86.42 10.47 22.67 40.04 60.83 75.84

Table 1: Main results on IM2GPS3K and YFCC4K (higher is better). The best results achieved by retrieval-free methods are

highlighted in bold.

labels, including country, region, city, and street level, pro-
viding a strong foundation for multi-level geographic rea-
soning. However, it also suffers from missing intermedi-
ate labels, inconsistent formatting, and multilingual place
names, which reduce the quality of supervision. To ad-
dress these issues, we standardize annotations by reverse-
resolving GPS coordinates into canonical geographic enti-
ties, thereby completing missing labels and unifying diverse
formats. Both datasets are compatible with the input-output
formats required by SFT and RL.

Evaluation Benchmarks We evaluate our model on
two widely used geolocation benchmarks to assess both
fine-grained localization and global generalization. The
IM2GPS3K (Hays and Efros 2008) dataset consists of 3,000
manually curated Flickr images, each annotated with precise
GPS coordinates. The images capture a wide variety of out-
door scenes—ranging from cityscapes and iconic landmarks
to natural landscapes—making it a challenging benchmark
for testing location prediction at high spatial resolution.
Complementing this, the YFCC4K (Thomee et al. 2016)
dataset contains 4,000 geotagged images sampled from the
broader YFCC100M corpus. To ensure balanced geographic
coverage, the images are evenly distributed across continents
and feature visually diverse content, including urban, rural,
and natural settings. Compared to IM2GPS3K, YFCC4K
places greater emphasis on testing cross-region generaliza-
tion under globally heterogeneous environments.

Evaluation Metrics We follow standard protocols estab-
lished in prior works (Vivanco Cepeda, Nayak, and Shah
2023; Zhou et al. 2024; Jia et al. 2024). Specifically, we
compute the geodesic distance between the predicted and
ground-truth coordinates for each test sample, and report the
percentage of predictions that fall within predefined distance
thresholds: 1km, 25km, 200km, 750km, and 2500km. This
metric provides a holistic view of both near-exact localiza-
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tion and coarse regional accuracy.

4.2 Baselines

We compare our method against a range of represen-
tative baselines, which can be broadly categorized into
retrieval-based and non-retrieval-based methods. Retrieval-
based methods include [L]kNN (Vo, Jacobs, and Hays
2017), which aggregates coordinates from the top-k near-
est images; Translocator (Pramanick et al. 2022b), a dual-
branch transformer leveraging image and segmentation in-
puts; Img2Loc (Zhou et al. 2024), which incorporates re-
trieved coordinates into a RAG prompt; and PIGEON (Haas
et al. 2024), which retrieves over semantic location clus-
ters. In contrast, non-retrieval methods directly perform pre-
diction without reference data. These include PlaNet (Seo
et al. 2018b) and CPlaNet (Seo et al. 2018b), which for-
mulate localization as a classification task over geograph-
ical cells; ISNs (Muller-Budack, Pustu-Iren, and Ewerth
2018), which fuses partition hierarchies and scene context;
GeoDecoder (Clark et al. 2023b), which models hierar-
chical relationships via cross-attention; and GeoCLIP (Vi-
vanco Cepeda, Nayak, and Shah 2023), which uses CLIP-
based vision-language features with GPS embedding but no
external image retrieval.

4.3 Implementation Details

We adopt a two-stage training strategy without relying on
any retrieval module, and perform training on Qwen2.5-
VL-7B-Instruct, a large vision-language model with built-in
multi-modal reasoning capability. The model takes both im-
age inputs and structured location prompts, and is trained to
generate geographic reasoning chains along with hierarchi-
cal labels and final coordinates.

For the SFT Stage, we use a dataset of 500k samples con-
sisting of images, reasoning chains, and coordinate triples.
We optimize a joint objective over coordinate regression and



Size Data | 1km  25km 200km 750km  2500km
3B - 3.4% 159% 33.4% 48.4% 61.4%
3B CoT 3.7% 164% 47.5% 48.2% 66.7%
3B CoR | 45% 24.1% 44.8% 56.7% 69.6%
7B - 53% 243% 42.4% 61.4% 72.9%
7B CoT 63% 26.1% 44.6% 60.6% 71.9%
7B CoR 71% 33.7% 55.5% 73.4% 85.5%
32B - 102% 29.7% 43.1% 68.4% 73.9%
32B  CoT | 11.0% 33.7% 505% 67.0% 82.5%
32B  CoR | 123% 35.0% 50.7% 66.7% 81.4%

Table 2: Comparison of geolocation accuracy across differ-
ent model sizes and prompting strategies: baseline, CoT for
Chain-of-Thought prompting, and CoR for Chain-of-Region
reasoning. Accuracy is reported at five distance thresholds
from lkm to 2500km on the IM2GPS3K benchmark. CoR
introduces hierarchical geographic reasoning before final
coordinate prediction.

reasoning chain supervision using the AdamW (Loshchilov
and Hutter 2017) optimizer with a learning rate of 1 x 1075,
batch size of 64, and a total of one epoch.

For the RL Stage, we perform geographic reasoning pol-
icy optimization using 200k samples. The model is opti-
mized with policy gradients guided by the composite reward
signal described in Section 3.2, incorporating both haver-
sine distance and format. All experiments are conducted on
a cluster of 8 NVIDIA A100 GPUs.

4.4 Main Results

Our experimental results underscore the effectiveness of
combining structured reasoning with reward-guided opti-
mization for image geolocation. As shown in Table 1, our
method consistently outperforms all retrieval-free baselines
and achieves performance comparable to retrieval-based ap-
proaches on the IM2GPS3K and YFCC4K benchmarks. On
IM2GPS3K, our model achieves a 1km accuracy of 18.10%,
surpassing prior retrieval-free methods such as GeoCLIP
(14.11%) and GLOBE, and even approaching or exceeding
several retrieval-based methods. At the 2500km level, our
accuracy reaches 86.42%, indicating a strong global local-
ization capability. On the YFCC4K dataset, which contains
more challenging and diverse images, our approach achieves
10.47% at 1km and 75.84% at 2500km, again outperforming
all retrieval-free models and rivaling top retrieval-based sys-
tems. These results demonstrate the synergy between inter-
pretable intermediate supervision and RL, highlighting the
value of geographic reasoning as a core component in build-
ing robust, retrieval-free geolocation agents.

4.5 Ablation Study

To comprehensively analyze the factors that influence ge-
olocation performance, we conduct ablation studies across
four dimensions: reasoning strategy, reasoning supervision,
data selection, and reinforcement learning. First, in Rea-
soning with CoR, we compare three prompting strate-
gies—baseline, Chain-of-Thought (CoT), and our proposed
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Size  Type ‘ lkm 25km 200km 750km 2500km
- - ‘ 45% 241% 448% 56.7% 69.6%
10k - 58% 256% 483% 67.7% 82.3%
10k CoR | 73% 28.1% 48.6% 69.0% 83.5%
100k - 8.6% 278% 47.6% 67.2% 81.5%
100k CoR | 92% 299% 49.4%  69.2% 82.8%
500k - 104% 309% 48.6% 70.5% 83.7%
500k CoR | 12.6% 31.7% 502% 70.3% 84.3%

Table 3: Ablation study on the impact of data scale and
prompt format using Qwen2.5-VL-3B. "Size” indicates the
number of supervised SFT training samples. "Type” refers to
the prompting format, where ”-” uses a simple location-only
prompt and "CoR” employs our proposed Chain-of-Region
reasoning structure.

CoR—to evaluate the impact of explicit reasoning guidance.
Second, in Training with CoR, we examine how incorporat-
ing structured reasoning chains as supervision, under vary-
ing data scales, affects localization accuracy. Third, in Di-
verse Data Selection, we assess the effect of sampling strate-
gies by comparing random sampling with hard-case sam-
pling, focusing on both fine-grained accuracy and general-
ization. Finally, in Reinforcement Learning, we investigate
how reward-guided optimization improves performance un-
der different supervision settings, particularly in handling
challenging examples. Together, these studies highlight the
critical role of structured reasoning, data composition, and
learning strategy in enhancing both the precision and robust-
ness of geolocation models. Due to the high computational
cost of reinforcement learning, we conduct ablation studies
using only the 3B parameter-scale model.

Reasoning with CoR We evaluate the geolocation ca-
pabilities of Qwen2.5-VL models across three parameter
scales—3B, 7B, and 32B—under different prompting strate-
gies, including the baseline, CoT, and our proposed CoR.
As shown in Table 2, performance consistently improves
with both model scale and the introduction of reasoning
guidance. CoR significantly outperforms both the baseline
and CoT across all distance thresholds. For example, the
7B model with CoR achieves 33.7% at 25km and 85.5% at
2500km, compared to 26.1% and 71.9% with CoT, demon-
strating notable gains in both fine-grained and coarse-level
localization. Similar improvements are observed with the
32B model. These results indicate that scaling alone is in-
sufficient, and incorporating explicit geographic reasoning
through CoR yields substantial benefits, particularly in the
mid- to long-range prediction bands from 200km to 2500km.

Training with CoR We investigate how incorporating
structured geographic reasoning into supervision affects
model performance. Using Qwen2.5-VL-3B, we compare
location-only training with our CoR format under varying
data scales. As shown in Table 3, training with CoR reason-
ing label significantly boosts geolocation accuracy across
all distance thresholds. For instance, at 1km, accuracy im-
proves from 7.3% to 12.6% when scaling from 10k to 500k



Size Sanqﬂe\ 1km 25km 200km 750km 2500km
- - \45% 24.1% 44.8%  56.7% 69.6%
10k  Rand 73% 28.1% 48.6%  69.0% 83.5%
10k  Hard 49% 271% 478% 67.4% 81.1%
100k Rand 92% 299% 49.4%  69.2% 82.8%
100k  Hard 6.0% 285% 489%  68.0% 82.3%

Table 4: Geolocation accuracy of Qwen2.5-VL-3B trained
with supervised SFT under varying data sizes and sampling
strategies. All experiments adopt the CoR prompt format un-
less marked with missing entries. ”Size” indicates the num-
ber of training samples; "Type” denotes the data selection
method, including Rand for random sampling and Hard for
hard-case mining.

samples, while at 2500km, it rises from 82.8% to 84.3%.
Notably, CoR outperforms location-only baselines at each
scale, with consistent gains of 0.6-2.0 percentage points.
These results show that reasoning chains improve inter-
pretability and directly enhance coordinate prediction, es-
pecially with limited data.

Diverse Data Selection As shown in Table 4, across both
training sizes, random sampling (Rand) consistently outper-
forms hard-case sampling (Hard), especially at fine-grained
levels such as 1km. For example, under the 100k setting,
Rand achieves 9.2% accuracy at 1km, compared to only
6.0% with Hard—yielding a 3.2 percentage point gap. This
performance difference is largely attributed to the nature of
hard samples, which often include noisy scenes, ambiguous
context, or conflicting multimodal cues.

While such examples are useful for stress-testing model
robustness, supervised fine-tuning tends to overfit these dif-
ficult instances, as it treats all ground-truth labels as equally
reliable and lacks uncertainty modeling. In contrast, random
sampling covers a broader and more diverse range of geo-
graphic regions and scene types, enabling the model to learn
more robust and transferable spatial features.

Reinforcement Learning We further investigate the role
of RL in optimizing geolocation performance under dif-
ferent supervision conditions. As shown in Table 5, RL
brings consistent improvements, particularly when applied
to hard-case data. For instance, under low-resource SFT
(10k), applying RL on hard samples improves 1km accuracy
from 7.3% to 8.6%, outperforming RL on random samples
(6.7%). This suggests that reward-guided optimization better
exploits complex examples that are challenging for conven-
tional supervised learning. At larger SFT scales (500k), RL
continues to improve performance. Notably, hard-sample
RL reaches 14.8% at 1km and 83.8% at 2500km, outper-
forming both the SFT-only baseline and RL with random
data. The gains are especially pronounced in fine-grained
localization. These results demonstrate that while random
samples contribute to stable SFT training, hard samples
become more valuable in RL settings, where reward sig-
nals help extract meaningful gradients and mitigate overfit-
ting—ultimately improving generalization to complex, real-
world geographic scenarios.
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Methods Sample | 1km  25km 200km 750km 2500km
Without Chain of Region

SFT-10k - 58% 256% 483% 67.7%  82.3%
+RL Rand 10k | 7.0% 27.6% 41.8% 655%  80.6%
+RL Hard 10k | 7.8% 28.6% 52.7% 669%  80.7%
With Chain of Region

SFT-10k - 73% 28.1% 48.6% 69.0%  83.5%
+RL Rand 10k | 6.7% 243% 42.5% 61.0%  74.9%
+RL Hard 10k | 8.6% 28.7% 457% 69.0%  85.4%
With Chain of Region

SFT-500k - 126% 31.7% 502% 703%  843%
+RL Rand 10k | 11.3% 289% 49.6% 68.7%  79.3%
+RL Hard 10k | 11.1% 31.6% 503% 662%  78.3%
With Chain of Region

SFT-500k - 12.6% 31.7% 502% 703%  84.3%
+RL Rand 200k | 13.3% 324% 51.6% 713% 82.3%
+RL Hard 200k | 14.8% 36.3% 54.6% 72.7%  83.8%

Table 5: Evaluation of Qwen2.5-VL-3B under RL with dif-
ferent SFT scales and reward strategies. “SFT-10k/500k” in-
dicates the number of samples used for SFT. “Rand” and
“Hard” refer to randomly sampled or hard-case data used
in RL. Results demonstrate the effect of SFT and reward-
guided RL across multiple geodesic thresholds.

4.6 Result Analysis

Experimental results show that the CoR prompting strategy
improves coordinate prediction by breaking down geoloca-
tion into structured, hierarchical reasoning steps, thereby
aligning the generation process with the model’s internal
representations and reasoning mechanisms.The use of struc-
tured reasoning data during training further reinforces this
capability. However, SFT remains insensitive to coordinate-
level errors, making it difficult to optimize localization accu-
racy precisely (Chu et al. 2025; Shen et al. 2025). With the
introduction of RL, the model can directly optimize against
geodesic distance, leading to significant improvements in
precision—particularly in complex or geographically am-
biguous regions.

5 Conclusion

In this paper, we introduced Geo-R, a retrieval-free and
reasoning-driven framework for global image geolocaliza-
tion that combines structured geographic reasoning with re-
inforcement learning based on verifiable, spatially grounded
rewards. Our approach integrates a scalable Chain-of-
Region paradigm for interpretable multi-level inference with
reward-guided optimization that directly targets geographic
plausibility. The results demonstrate that large language
model reasoning, without any reliance on external retrieval
or synthetic teacher supervision, can deliver competitive or
superior localization accuracy, interpretability, and cross-
domain generalization. Comprehensive experiments on stan-
dard benchmarks validate the effectiveness and robustness
of Geo-R, underscoring the potential of reasoning-centric
methods for building scalable and general-purpose geo-
graphic agents. We hope this work encourages further re-
search into interpretable and verifiable multimodal reason-
ing, as well as new applications at the intersection of vision,
language, and geospatial artificial intelligence.
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