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Figure 1. GeoSeek Dataset. We train GeoAgent with GeoSeek, a geolocation dataset with bias-reducing sampling and a val-bench
annotated with locatability and geographic elements. Remarkably, a single image may contain multiple geographic elements.

Abstract

This paper presents GeoAgent, a model capable of reason-
ing closely with humans and deriving fine-grained address
conclusions. Previous RL-based methods have achieved
breakthroughs in performance and interpretability but still
remain concerns because of their reliance on AI-generated
chain-of-thought (CoT) data and training strategies, which
conflict with geographic characteristics. To address these
issues, we first introduce GeoSeek, a new geolocation
dataset comprising CoT data annotated by geographic ex-
perts and professional players. We further thoroughly ex-
plore the inherent characteristics of geographic tasks and
propose a geo-similarity reward and a consistency reward
assessed by a consistency agent to assist training. This en-
courages the model to converge towards correct answers
from a geographic perspective while ensuring the integrity
and consistency of its reasoning process. Experimental re-
sults show that GeoAgent outperforms existing methods and
a series of general VLLMs across multiple grains, while
generating reasoning that closely aligns with humans. Code
and data are available at Here.

*Corresponding author.

1. Introduction

Geolocation [34, 88, 94] is an important computer vision
task that aims to infer the geographical location of the im-
age solely from its visual content [24, 47, 58, 63, 90]. Ben-
efiting from its competitive nature, it attracts large player
communities, such as GeoGuesser [2] and TuXun [3].

Early approaches [11, 56] attempted to address geoloca-
tion by considering it as classification [4, 41, 49, 73, 77]
or retrieval [31, 34, 45, 46, 95]. More recently, benefit-
ing from the advances of large language models (LLMs) ,
vision large language models (VLLMs) [60, 68, 80, 110,
112] capable of integrating visual signals have demon-
strated superior abilities in scene perception and under-
standing [51, 70, 108] compared to traditional approaches.
Some approaches thus employ VLLMs [52, 82] to tackle
the geolocation task [23, 32, 46, 53, 79], aiming to achieve
better performance in open environments. Particularly,
with the emergence of reinforcement learning–based meth-
ods [29, 57, 66, 76], some approaches [89, 109] incorpo-
rate chain-of-thought (CoT) data [15, 48, 91, 93, 107] and
reasoning processes [16, 27, 54] into geolocation. By in-
terpreting visual cues, these methods construct rational and
trustworthy logical chains for localization [54, 98], and

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Table 1. Comparison of Geolocation Datasets. CoT: chain-
of-thought data present. * denotes AI-generated core reasoning
process. Location: natural-language place descriptions provided.
Global: global geolocation dataset. Sampling: data sampling al-
gorithm to eliminate geographic bias.

Dataset CoT Location Global Sampling

MP16 [50] ✘ ✘ ✓ ✘

OSV-5M [6] ✘ ✓ ✓ ✘

GeoGlobe [32] ✘ ✓ ✓ ✓

MP16-Pro [45] ✘ ✓ ✓ ✘

SF-IAL [99] ✘ ✓ ✘ ✓

Georanking [46] ✘ ✓ ✓ ✓

MG-GEO [23] ✓∗ ✓ ✓ ✘

MP16-Reason [54] ✓∗ ✓ ✓ ✘

GeoComp [79] ✘ ✘ ✓ ✘

GRE30k [89] ✓∗ ✘ ✓ ✘

GeoSeek(Ours) ✓ ✓ ✓ ✓

have achieved breakthroughs in both performance and in-
terpretability.

However, existing methods mostly rely on AI-generated
CoTs to train the reasoning processes of VLLMs [23, 89],
which may not fully align with genuine human reason-
ing and could potentially amplify the inherent biases of
VLLMs. A typical case is that traditional geolocation
datasets usually provide only GPS coordinates or lack suf-
ficiently fine-grained annotations [6, 34, 50]. These annota-
tions differ substantially from the natural language descrip-
tions humans typically use to express geographic locations.
Moreover, inferring precise locations from limited visual
cues requires human-like reasoning, whereas CoTs gener-
ated purely by AI may deviate from authentic logical pro-
cesses. Prior studies [18, 97, 105] have also noted that RL-
based VLLMs often learn superficial formatting patterns
rather than true reasoning capabilities.

To overcome these limitations, we first construct a new
geolocation dataset, named GeoSeek. We collaborate with
a large number of geography experts and experienced ge-
olocation game players to annotate the data with three lev-
els of human-understandable reasoning granularity, includ-
ing country, city, and precise location. These human rea-
soning processes are then standardized into a unified CoT
format using GPT-4o [67]. This dataset enables our ap-
proach to achieve more fine-grained and interpretable ge-
olocation performance while aligning the reasoning behav-
ior of VLLMs more closely with human cognition.

For the training strategy, most RL-based approaches in-
corporate reward functions that evaluate positioning accu-
racy based solely on whether the texts are equal [54, 89].
However, this does not align with the characteristics of
the geographic task because different natural language de-
scriptions may refer to the same geographic location (e.g.,
Parvis Notre-Dame, 4 Place Jean-Paul-II and Notre-Dame
de Paris). This reward is unreasonable because it over-

looks the model’s efforts to converge on the correct answer.
To solve the issue of non-unique mappings between natu-
ral language and geographic locations, we introduce geo-
similarity. Specifically, geo-similarity comprises two com-
ponents: spatial similarity and semantic similarity. Spatial
similarity is a function related to the distance between ac-
tual and predicted locations, while semantic similarity mea-
sures the degree of similarity between the prediction and the
ground truth from a textual perspective step by step. These
components encourage the model to converge toward cor-
rect answers both physically and semantically.

Considering the issue of maintaining the integrity and
consistency of CoT, we introduce the consistency agent as
a means of enhancing the learning process of our GeoA-
gent. More precisely, the consistency agent attempts to de-
rive answers from GeoAgent’s CoT without task-specific
prior knowledge, thereby incentivizing GeoAgent to gen-
erate higher-quality reasoning processes that better support
its conclusions. To sum up, the contributions of our research
can be concluded as follows.
• We propose a novel geolocation dataset, GeoSeek, that

features CoT data labeled by geographic experts and ge-
olocation game players, alongside a benchmark obtained
through a more rational sampling strategy.

• We propose a new RL-based training paradigm incorpo-
rating a geo-similarity reward to judge predictions and a
consistency reward computed by a dedicated consistency
agent to ensure the integrity and consistency of CoT.

• We propose GeoAgent, a method that not only enhances
performance on the geolocation but also achieves finer
granularity in geographic location output while enhanc-
ing CoT quality.

2. Related Work
2.1. Image Geolocation
Image geolocation is defined as the process of inferring ge-
ographic locations by observing geographical information
in images. Many traditional approaches define this task
as either classification [47, 88, 94] or retrieval [5, 14, 34,
61, 62, 95]. Classification-based methods divide the Earth
into a grid of cells, assigning images to corresponding la-
bels [4, 41, 49, 73, 77] while retrieval-based methods [8, 19,
36, 71, 106, 111] use images as queries to retrieve results
from the database [9, 25, 28, 33, 38, 59]. Recently, some
studies have started to enhance this paradigm by adopting
CLIP [13, 30, 31, 43, 99] or RAG techniques [45, 46].
However, these approaches conflict with the natural rea-
soning processes of humans. To solve this problem, re-
cent methods use VLLMs to achieve breakthroughs in both
task performance and interpretability [17, 32, 79, 100, 103].
Some other methods also start to prompt VLLMs to output
not only geographic locations but also the reasoning pro-
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Figure 2. Data construction and training pipeline of GeoAgent. GeoSeek-CoT contains 10k high-quality reasoning processes labeled
by geography experts and geolocation game players. GeoSeek-Loc includes 20k images for the cold start of GeoAgent-SFT. During the
GRPO-based training, based on GeoAgent-SFT, we design the geo-similarity reward to encourage the model to converge towards correct
answers both physically and semantically. Also, the consistency reward is introduced to keep the integrity and consistency of CoT.

cess [12, 53, 104]. More recent methods train VLLMs with
the GRPO strategy [44, 54, 78, 89]. This RL-based train-
ing paradigm has been applied to enhance performance and
aligning with human thinking [42, 55, 96]. However, the
challenges also exist in AI-generated CoT data and unrea-
sonable training strategies. Based on this, we design a novel
training strategy from geographic characteristics, encourag-
ing the model to converge toward the correct answer both
spatially and semantically while keeping the integrity and
consistency of CoT.

2.2. Geolocation Dataset

Existing relevant datasets [85–87, 92], like IMG2GPS [34],
suffer from excessive regional bias and low locatability. Al-
though datasets such as MP16 [45, 50], OSV5M [6], Ge-
oGlobe [32], GeoComp [79], and Georanking [46] attempt
to alleviate the shortage of high-quality data, the lack of
reasoning process makes them incapable of supporting RL-
based approaches. More recently, MG-GEO [23], MP16-
Reason [54], and GRE30k [89] have made contributions by
introducing AI-annotated CoT data. Although they offer
performance gains, the absence of fine-grained location an-
notations along with the biases inherited from VLLMs con-
tinues to impede their deployment in open-world settings.
To conquer these issues, as shown in Tab. 1, we introduce
GeoSeek, a novel geolocation dataset, which contains CoT
annotations from geographic experts and professional ge-
olocation game players alongside finer-grained addresses.
We also employ a rational sampling methodology to miti-

gate regional data distribution biases.

3. GeoSeek Dataset
Previous datasets [34, 85] suffer from coarse granularity,
AI-generated CoT data, and suboptimal sampling strate-
gies. Most existing datasets only provide city-level location
annotations [6, 50], limiting the ability of models to learn
fine-grained geographic prediction. Furthermore, if GRPO-
based methods rely solely on AI-generated CoT data, they
may inherit biases present in the base models. Addition-
ally, the uniform area-based sampling used in these datasets
overlooks the fact that the distribution of street-view images
is more strongly correlated with multiple geographic char-
acteristics. To overcome the limitations , we introduce a
new dataset named GeoSeek, aimed at enhancing reason-
ing quality, annotation granularity, and sampling balance
for geolocation tasks. It is a combination of human-labeled
CoT, fine-grained locations, and a stratified sampling strat-
egy considering population, land area and road mileage.

3.1. GeoSeek-CoT
To obtain high-quality CoT data, we establish a volun-
teer platform and invite a great number of geographic ex-
perts and professional geolocation game players to provide
their reasoning processes. Additionally, we obtain verified
and publicly available reasoning process data from the Ge-
oGuessr [2] and TuXun [3] communities. This results in
10k CoT data constructed jointly by human experts and
experienced players and each entry consists of street-view
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images, GPS coordinates and three-level location labels
with reasoning process. After annotation, we apply GPT-
4o [37] for linguistic normalization and structural format-
ting, forming a unified CoT template. Additional details
about GeoSeek-CoT and the annotation process are pro-
vided in the supplementary materials.

3.2. GeoSeek-Loc
GeoSeek-Loc is designed for RL-based finetuning, mak-
ing it crucial to develop a well-designed sampling strat-
egy that eliminates geographic bias [64, 81]. Most exist-
ing datasets perform uniform or area-based sampling, which
neglects the impact of geographic characteristics such as
population [10] and road mileage [40], especially given
the widespread focus on street-view geolocation within the
player community. In contrast, we propose a multi-level hi-
erarchical sampling strategy. First, the strategy calculates
sampling weights for each country based on population,
land area, and highway mileage. Then, each country is di-
vided into equally sized grid cells. Each cell is assigned a
logarithmically proportional sampling weight to its popula-
tion to reduce the excessive sampling concentration. The
final GeoSeek-Loc contains 20,000 high-resolution street-
view samples with global distribution. For the specific sam-
pling formula, please refer to the supplementary materials.

3.3. GeoSeek-Val
To evaluate model performance, we adopt the same strat-
ified sampling strategy and extract an additional 3k sam-
ples from the OSV5M [6] dataset to form the GeoSeek-Val
benchmark, which emphasizes the evaluation model’s capa-
bility in street-view localization. Each sample is annotated
with a locatability score automatically assessed by GPT-
4o [37], ranging from 0 to 10, where higher scores indicate
easier localization. In addition, we categorize scenes based
on their geographic elements such as manmade structures,
natural landscapes, and other visual cues. Detailed statistics
of difficulty and scene categories are presented in Fig. 1.

4. Methodology

Our GeoAgent pipeline is illustrated in Fig. 2. It con-
tains a two-stage training process. In the first stage, a cold
start is employed using the high-quality reasoning dataset
GeoSeek-CoT. During this stage, we fine-tune Qwen2.5-
VL-7B [7] for 2 epochs. The second stage involves
GRPO [20] reinforcement learning for 1 epoch using the
GeoSeek-Loc dataset. This stage enhances the model’s rea-
soning process through the geo-similarity reward function,
which consists of spatial and semantic similarity, facilitat-
ing the convergence of the model toward correct spatial and
semantic answers. In addition, we propose the consistency
reward assessed by a consistency agent , which is designed

Consistency Agent

Inconsistent Consistent
RegionalGuess:
Clues: [Green Signs Hanging on
Street Lamp Poles, Green Belts on
Both Sides of the Road],
Reasoning: Green Signs and Green
Belt Styles are in line with the
South of the Yangtze River

Conclusion: Anhui Province
Uncertainty: Low,

PreciseLocalization: 
Clues: [Vegetation and streetlight
design on both sides of the road,
Mist in the sky]
Reasoning: Mist and all vegetation
characteristics conform to the
Yangtze River Delta region

Conclusion: Hefei City, Shushan
Uncertainty: Low

FinalAnswer:
China ; Anhui Province ; Hefei City, 
Shushan District

RegionalGuess:
Clues: [Green Signs Hanging on 
Street Lamp Poles, Green Belts on 
Both Sides of the Road]
Reasoning: Pale-green directional 
signs and contiguous trimmed 
green belts are typical of Anhui

Conclusion: Anhui Province
Uncertainty: Low

PreciseLocalization:
Clues: [Vegetation and streetlight 
design on both sides of the road, 
Mist in the sky]
Reasoning: Plane-tree canopies and  
evergreen shrub hedges, together 
with mist, match the landscaping 
of Hefei, Shushan 

Conclusion: Hefei City, Shushan
Uncertainty: Low

FinalAnswer:
China ; Anhui Province ; Hefei City, 
Shushan District

Anhui Province
Hefei City
Shushan District

Spatial 
Similarity

Semantic 
Similarity

Anhui
Hefei
Shushan

Figure 3. Inconsistent CoT and different descriptions of the
same location. Left: incomplete and inconsistent CoT, Right:
consistent CoT after training with the consistency agent. Mean-
while, different final answers probably refer to the same location
(e.g., Hefei and Hefei City). Therefore, Geo-Similarity is intro-
duced to solve this problem.

to direct GeoAgent towards the generation of reasoning pro-
cesses of higher quality and supporting its conclusions.

4.1. Overall Rewards
In GRPO-based approaches, the policy is refined by com-
paring candidates that are drawn as a group. For every
query, the algorithm first samples a batch of G candidate
replies and scores them with verifiable rewards {Ri}Gi=1,
thereby enabling intra-group comparison. The normalized
advantage of reply i is then computed as:

Ai =
Ri − mean(Rj)

std(Rj)
, (1)

which quantifies how much this reply outperforms or un-
derperforms its peers. During optimization, the same ad-
vantage Ai is broadcast to every token of reply i, and the
policy network is updated with a PPO-like objective:

JG(θ) = E
[
min

(
ri,tAi, clip(ri,t, 1− ε, 1 + ε)Ai

)]
, (2)

where ri,t is the importance weight between the new and
old policies, and the clipping threshold ε keeps the update
conservative for stability.

Previous works [54, 89, 102] design reward functions
that directly-judge whether texts are equal to enhance
model’s geolocation capabilities. However, this overlooks
the characteristics of the geographic task because multiple
locations can correspond to the same geographic position.
Based on this insight, we develop the geo-similarity reward
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(c) Reward function value over training steps(b) Correlation between Spatial Similarity Reward and 
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(a) Correlation between Spatial Similarity Reward 

and Directly-Judge Reward
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Figure 4. Discussion of reward functions. The two scatter plots respectively reveal the reasons for the unreasonable directly-judge reward
and the positive effect of semantic similarity reward. We also demonstrate the curve of reward value changes over training steps, reflecting
the importance of applying consistency reward to enable the model to establish a complete reasoning framework.

that measures the similarity between the model’s response
and the correct answer. Specifically, it contains two compo-
nents: spatial similarity Rspa and semantic similarity Rsem.
Additionally, we also design the consistency reward Rcon to
maintain the integrity and consistency of CoT. Finally, the
reward function can be expressed as:

R = a1Rspa + a2Rsem + a3Rcon, (3)

where a1, a2, a3 are weights controlling the importance of
three components, which are 1.5, 1.0 and 0.5, respectively.

4.2. Geo-Similarity Reward

Spatial similarity. To overcome the issue of non-unique
mapping, we obtain the corresponding latitude λ̂ and lon-
gitude ϕ̂ for the model’s predictions through OpenCage [1]
inverse geocoding. Then, the spatial distance D between
the predicted location (λ̂, ϕ̂) and the corresponding ground
truth location (λ, ϕ) is calculated as below [39]:

D = 2r arcsin

√
sin2

∆ϕ

2
+ cos ϕ̂ cosϕ sin2

∆λ

2
, (4)

where r = 6371km denotes the mean Earth radius and ∆ is
the difference. The spatial similarity reward is defined as:

Rspa = exp

(
−
D
(
(λ̂, φ̂), (λ, φ)

)
τ

)
, (5)

where τ is a temperature parameter controlling the reward
sharpness. Rspa exhibits a nonlinear relationship with dis-
tance, specially increasing more slowly as the distance to
the ground truth decreases. This encourages the model to
identify a broad range of predictions before progressively
narrowing it down, which aligns with human thinking.
Semantic similarity. To further enhance the model’s ability
to generate standardized address names and improve its ro-
bustness against ambiguous or alias geographic names, we
introduce the semantic similarity reward [22, 65, 74]. We
employ the multilingual semantic encoding model [74, 75]

to encode each level i of the address into vector representa-
tions hpred

i and hgt
i . Then, we compute the cosine similarity

between each pair of embeddings:

si =
hpred
i · hgt

i

∥hpred
i ∥ ∥hgt

i ∥
. (6)

To suppress over low-quality results, we apply a threshold
to filter similarity ŝi greater than δ. Additionally, a hierar-
chical strategy is employed, which ensures that lower-level
address components are only rewarded when higher-level
predictions are not entirely wrong. Finally, the semantic
similarity reward is computed as:

Rsem =

3∑
i=1

αi ŝi,
∑
i

αi = 1, (7)

where αi represents the weight assigned to each level i. The
semantic similarity reward effectively compensates for the
limitations of spatial similarity in semantic understanding.
It enables the model to achieve correct reward signals even
in the presence of aliases, abbreviations, or translation vari-
ations. This encourages the generation of more standard-
ized and semantically coherent geographic descriptions.
Discussion. In Fig. 4, we visualize the correlation between
the directly-judge reward proposed by previous methods
and our proposed semantic similarity reward and spatial
similarity reward under the same dataset. Spatial similar-
ity reward is a function directly related to distance differ-
ence, reflecting the model’s geographic positioning capa-
bility. Therefore, the reward trend directly impacting the
model’s geolocation capabilities should align with it. How-
ever, Fig. 4 (a) clearly demonstrates that directly-judge re-
ward exhibits severe inconsistencies with spatial similarity
due to the non-unique mapping between descriptions and
locations. Therefore, it is unreasonable to use it to enhance
geolocation capabilities, and the results in the Tab. 3 also
prove this. In contrast, as shown in Fig. 4 (b), the trends of
semantic similarity rewards and spatial similarity rewards
are highly consistent. This further explains the positive ef-
fect of semantic similarity rewards on the model.
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Table 2. Zero-shot Geolocation results on IM2GPS3K [34] and GeoSeek-Val. ♢ indicates the model is not publicly accessible. ⋆, ♣
and ♠ represent LoRA [35], QLoRA [21] and full fine-tuning, respectively. Best and second-best results are in bold and underlined.

Models Dataset Size
IM2GPS3K (% @km) GeoSeek-Val (% @km)

City Region Country Continent City Region Country Continent Geoscore
25km 200km 750km 2500km 25km 200km 750km 2500km 0-5k

GeoDecoder [19]♢ MP-16 4M 33.50 45.90 61.00 76.10 - - - - -
GeoCLIP [13] MP-16 4M 34.47 50.65 69.97 83.82 11.82 29.04 56.13 79.13 3172.3
Translocator [72] ♢ MP-16 4M 31.10 46.70 58.90 80.10 - - - - -
PIGEOTTO [31] ♢ MP-16 4M 36.70 53.80 72.40 85.30 - - - - -
G3 [45] ♢ MP-16 4M 40.94 55.56 71.24 84.68 - - - - -

Qwen2.5-VL-7B [7] - - 21.93 29.93 43.08 60.68 3.57 7.95 20.03 44.96 1622.0
Qwen2.5-VL-32B [7] - - 23.36 30.35 43.46 59.70 4.06 7.43 16.10 39.06 1413.5
Gemma3-27B [83] - - 28.53 41.74 57.95 73.64 11.69 25.48 49.52 71.79 2704.0
InternVL3-14B [113] - - 20.10 27.51 40.89 59.01 3.43 7.67 18.69 43.50 1549.1

GeoReasoner⋆ [53] GSV 133K 26.94 36.63 52.27 78.65 13.55 27.86 53.54 77.63 3083.9
GaGA [23] ♢ ♣ MG-Geo 5M 33.00 48.00 67.10 82.10 - - - - -
GRE-Suite-SFT [89] ♢ ♠ GRE-CoT 20K 29.30 44.78 62.43 78.81 - - - - -
GRE-Suite [89] ♢ ♠ GRE 30K 35.30 51.70 69.30 85.67 - - - - -
GLOBE [54] ♢ ♠ MP-16 Reason 33K 40.18 56.19 71.45 82.38 10.75 21.20 39.17 61.44 2412.5
GeoAgent-SFT (Ours)⋆ GeoSeek-CoT 10K 32.77 45.42 62.65 81.33 10.36 23.84 47.12 64.98 2968.9
GeoAgent (Ours) ⋆ GeoSeek 30K 40.75 58.57 76.21 89.90 15.69 33.39 60.37 81.72 3314.1

4.3. Consistency Reward

As shown in Fig. 3, one possible reason for inconsistent rea-
soning processes is that the geo-similarity reward represents
the relationship between images and geographic locations.
However, we also need to establish the relationship between
images and geographic clues. This involves progressively
narrowing down potential geographic areas before estab-
lishing a connection to a specific location. Therefore, we
propose the consistency reward, assessed by a consistency
agent that only obtains reasoning processes output by the
GeoAgent but not its conclusions, as shown in Fig. 2. The
consistency reward Rcon is defined as:

Rcon =
∑
i

1
(
ŷi = yi

)
· wi · pi,

∑
i

wi = 1, (8)

where 1[·] denotes the indicator function that evaluates to 1
if the model’s predicted conclusion ŷi matches the ground-
truth conclusion yi, and 0 otherwise. The weight wi corre-
sponds to the importance of the i-th geographic granularity
level (i.e., country, region, or precise location). Addition-
ally, pi is a penalty term introduced to discourage the model
from generating overly simplistic reasoning processes that
could evade detection by the consistency agent (such as out-
putting only a final conclusion). This factor is a value pro-
portional to the i-th level length ℓi of the reasoning process
and can be expressed as:

pi =
1

1 + exp
(
−λ(ℓ̂ − µ)

) , ℓ̂ = ℓi − min(ℓ)
max(ℓ)− min(ℓ)

, (9)
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Figure 5. GeoScore on GeoSeek-Val. We compare different mod-
els in multiple locatabilities and geographic elements.

where λ and µ are the parameters of the control curve. The
consistency reward models the relationships from images to
geographic clues, from clues to layer-by-layer analyses, and
finally to geographic locations. This ensures the integrity
and consistency of the CoT at each level.
Discussion. As shown in Fig. 4, when training progresses,
the consistency reward converges first. This enables the
model to gradually establish a complete and consistent rea-
soning process. Compared to the model without consis-
tency reward, both spatial and semantic similarity rewards
remain lower than the existing model before the consis-
tency reward converges. However, after convergence, these
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Table 3. Ablation study results reported on GeoSeek-Val. Best and second-best results are in bold and underlined.

Models SFT COT GRPO Metrics

Spa. Reward Sem. Reward Con. Reward City Region Country

Qwen2.5-VL-7B [7] 1.39 3.36 11.13

GeoAgent-SFT ✓ 10.36 23.84 47.12
GeoAgent w/o Spa & Con ✓ ✓ ✓ 11.99 26.56 55.55
GeoAgent w/o Sem & Con ✓ ✓ ✓ 14.46 31.51 59.86
GeoAgent w/o Con ✓ ✓ ✓ ✓ 14.69 31.39 60.20

GeoAgent w/o Spa & Sem ✓ ✓ ✓ 9.08 20.03 40.43
GeoAgent w/o SFT ✓ ✓ ✓ ✓ 13.39 23.94 58.23
GeoAgent ✓ ✓ ✓ ✓ ✓ 15.69 33.39 60.37

Table 4. Discussion of geo-similarity and directly-judge on
GeoSeek-Val. The judge means replacing the geo-similarity re-
ward with directly-judge reward.

Models Metrics

City Region Country

Qwen2.5-VL-7B [7] 1.39 3.36 11.13

GeoAgent-SFT 10.36 23.84 47.12
GeoAgent-SFT + Judge 12.35 26.87 50.81
GeoAgent-SFT + Judge + Con 11.04 26.13 51.76
GeoAgent w/o Con 14.69 31.39 60.20
GeoAgent 15.36 32.53 60.37

rewards begin to increase and surpass the model without
consistency reward. This explains how consistency rewards
positively impact the model’s geolocation capabilities.

5. Experiments
5.1. Experimental details

Implementation details. GeoAgent is fine-tuned upon
Qwen2.5-VL-7B [7] using LoRA [35] with rank of 64
and alpha of 128, while the consistency agent utilizes the
GPTQ-INT4 [26] quantized version of Qwen3-32B [101].
Evaluation settings. An evaluation of GeoAgent is
conducted using a public benchmark IMG2GPS3K [34]
and GeoSeek-Val. In accordance with previous stud-
ies [54], we employ the City (25km), Region (200km),
Country (750km) and Continent (2500km) accuracy on
IM2GPS3K [34]. Furthermore, on GeoSeek-Val, we report
the GeoScore, a widely utilized metric in the geolocation
community. The scale ranges from 0 to 5000. The formula
is as follows:

GeoScore = 5000× exp

(
− 10 d

dmax

)
, (10)

where d represents the distance between the predicted lo-
cation and the actual location (in kilometers), while dmax
denotes the scale. For global geolocation, dmax is typically
set to 18,050 km. We utilize OpenCage [1] for geocoding
and inverse geocoding.

5.2. Main Results

Performance on Public Benchmarks. We perform a com-
parative analysis of GeoAgent with multiple approaches in
Tab. 2, including traditional methods, general VLLMs, and
geolocation-specific VLLMs. With only using LoRA [35]
fine-tuning (1.91% Paras), GeoAgent achieves a consider-
able performance improvement on the IM2GPS3K [111]
(e.g., 72.40 → 76.21 on country accuracy ), surpassing a se-
ries of full fine-tuning methods. It is also worth noting that
GeoAgent demonstrates significantly greater performance
improvements at the macro level compared to the fine level.
This is because the geographical similarity reward gradu-
ally decelerates as distance decreases, prompting the model
to first determine a coarse-grained location. In fact, in ge-
olocation competition, country-level precision positioning
is sufficient to outperform the most exceptional players.

Performance on GeoSeek-Val. We compare the accu-
racy of GeoAgent and other methods on GeoSeek-Val in
Tab. 2. Also, we report their GeoScore on splits catego-
rized by locatability and geographic elements in Fig. 5.
The results demonstrate that GeoAgent significantly ex-
ceeds other models on the street-view geolocation bench-
mark (e.g., 56.13 → 60.37 on country accuracy). In ad-
dition, the results shown in Fig. 5 demonstrate that GeoA-
gent surpasses other models across all locatability and ge-
ographic element splits. This indicates that GeoAgent pos-
sesses a superior understanding of various geographic el-
ements. Furthermore, the phenomenon where GeoAgent
outperforms other models more significantly on splits with
higher locatability suggests that GeoAgent’s thinking pat-
terns are closer to those of humans.

Dataset Quality. As shown in Tab. 2, our GeoAgent with
only SFT achieves performance surpassing other methods
with only SFT (GeoReasoner [53], GaGA [23] and GRE-
suite-SFT [89]) despite operating on significantly less data
(10K vs 20K, 133K, 5M). This fully demonstrates the high
quality of the data annotated by GeoSeek-CoT’s geographic
experts and geolocation game players.
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Santiago, Chile

v

GeoAgent: Santiago, Chile

GPT-5: Salta, Argentina Kimi: Valparaiso, Chile

I cannot definitively determine 
the exact location  of the 
building in the photograph. 
H o w e v e r ,  j u d g i n g  b y  i t s 
architectural style and the 
Roman numerals “MDCCCLV” 
(1855), it is likely a historic 
structure somewhere in Latin 
America—perhaps a significant 
landmark in Valparaíso, Chile—
p o ss i b l y  a s s oc i a t ed  w i t h 
municipal or religious functions.

This photograph depicts the Cathedral Basilica of 
Salta, the cathedral of Salta, Argentina. The 
church features a typical facade design blending 
Neoclassical and Baroque styles: symmetrical 
structure, massive arched porticoes, doorways 
framed by twin columns, and an ornate triangular 
pediment at the top. The exterior walls alternate 
between pinkish-orange and beige hues, a signature 
color scheme for Salta‘s churches. Above the lintel 
is inscribed “MDCCCLV”—the Roman numerals for 
1855—marking the cathedral’s completion years. 
Construction began in the mid-19th century (1858).

Gemma3: Montevideo, Uruguay

The inscription 'MDCCCLV' (1855 in Roman
numerals) suggests a Spanish-speaking
country, The style of the street light is
common in Latin American countries. The
architectural details and color scheme are
particularly suggestive of Argentina or
Uruguay. The street sign visible in the
background is consistent with Uruguayan
traffic signs. After researching the
architectural style and inscription, the
building is identified as the Catedral Basílica
de San José de Montevideo.

Qwen: Lima, Peru

CountryIdentification: The architectural style with its
distinct red and yellow colors is reminiscent of Latin American
colonial architecture, which is a strong clue pointing towards
Chile. The Latin script on the building further supports this
identification.
RegionalGuess: The red and yellow colonial-style architecture
is a hallmark of Chilean cities, particularly Santiago, which is
known for its vibrant and ornate buildings. The license plates
with a single-digit prefix are a strong indicator of Santiago.
The subtropical vegetation and European-style urban planning
are characteristic of Santiago's urban environment.

The combination of architectural
elements and the historical feel
strongly suggests a region with a
rich colonial history, such as parts
of South America, particularly
Peru or Argentina. The specific
year '1755' and the architectural
style point to a historically
significant building in a city known
for its colonial heritage. Lima, Peru,
is renowned for such structures
and matches these characteristics.

v

GeoAgent-SFT: Valparaiso, Chile

CountryIdentification: The architectural style and the use of
Spanish language strongly indicate that this location is in a
Spanish-speaking country. The Roman numerals suggest a
historical context, which aligns with South American countries.
Conclusion: Chile.

RegionalGuess: The architectural style and the historical
reference point towards Valparaíso, a city in Chile known for its
colonial-era buildings and cultural heritage., Conclusion:
Valparaíso

Figure 6. Reasoning comparison of six different models (GPT-5 [69], Gemma3 [83], Kimi [84], Qwen2.5-VL-32B [7], GeoAgent and
GeoAgent with only SFT). Green: correct reasoning, Yellow: reasoning with certain issues, Red: reasoning that deviates significantly.
Notably, brown highlights instances where the reasoning process is incomplete or inconsistent with the result.

5.3. Ablation Analysis

Ablation study of components. In Tab. 3, we discuss
the effectiveness of the reward function we propose. It
can be seen that Rspa, Rsem, and Rcon each contribute to
performance improvements. Among these, Rspa delivers
a more significant performance improvement than Rsem.
This is primarily because Rspa is a distance-dependent func-
tion that serves as a direct reward signal, whereas Rsem fo-
cuses on semantic robustness. When applied independently,
Rcon causes a slight decrease in performance. This can be
attributed to it imposes constraints on consistency rather
than directly addressing geolocation capabilities. However,
when combined with Rspa and Rsem, it brings noticeable im-
provements, especially at the regional and city levels, where
inconsistencies are more frequent than at the country level.
Cold Start. Using GeoSeek-CoT for SFT-based cold start
enables the model to establish a reasoning framework,
which aligns closely with human thinking patterns. The re-
sults in Tab. 3 indicate that cold starts can significantly en-
hance the base model’s performance (e.g., 11.13 → 47.12
on country accuracy). At the same time, models lacking
cold start capabilities will experience a decline in perfor-
mance. This demonstrates the importance of establishing a
reasoning framework during the cold start phase.
Discussion of Geo-Similarity and Directly-Judge. To
demonstrate that the geo-similarity reward function better
aligns with the characteristics of geographic tasks, we com-
pare it with a reward function that directly-judges whether
texts are identical at each level. As shown in Tab. 4, the
performance improvement from the directly-judge reward
is significantly smaller than that from the geo-similarity re-
ward (e.g., 50.81 and 60.37 on country accuracy). This is
because the directly-judge reward is overly strict, overlook-

ing the model’s efforts when it is not entirely correct but
is moving toward the correct answer. Geo-similarity, on
the other hand, evaluates the similarity between predictions
and answers from both distance and semantic perspectives.
It encourages the model’s positive efforts while mitigating
the negative impact of cross-language and aliasing issues on
stability in geographic tasks. This underscores the necessity
of designing training methods tailored to geographic char-
acteristics for geographic tasks.

5.4. Qualitative Comparisons
As shown in Fig. 6, we compare the reasoning processes
of GeoAgent, GeoAgent with only SFT, and other gen-
eral VLLMs to the same image. Compared to other mod-
els, GeoAgent exhibits a clearer hierarchical reasoning pro-
cess, enabling it to better capture the relationship between
geographic characteristics and geolocation. Notably, after
GRPO training, GeoAgent not only enhances its ability to
identify geographic features but also overcomes the short-
comings of incomplete and inconsistent reasoning process.

6. Conclusions

This paper proposes GeoAgent, a model capable of think-
ing like humans and providing a geographic location. We
propose GeoSeek, a novel dataset with annotated CoT from
human geographic experts and geolocation game players.
In training, we employ a two-stage training combining SFT
with GRPO fine-tuning. Considering the non-uniqueness of
descriptions and location mappings , we introduce the geo-
similarity reward. In addition, we introduce the consistency
reward to ensure the consistency of CoT. Experimental re-
sults demonstrate that GeoAgent achieves outstanding per-
formance on multiple benchmarks.
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（一）思想成长与身心发展（上限10分）

1、理想信念坚定（上限5分）

有无违反法律法规：

有无违反学校纪律处分规定：

有无发生思想品德问题并造成不良影响：

本人签字：

日 期 ：

辅导员签字：

日 期 ：

在校期间思想表现情况自述：

辅导员评分：

2026/9/3 思想成长与身心发展 2

无

无

无

我在校期间思想表现坚定，作为南开大学密码与网络空间安全学院的一名中国共产党党员，，我始终牢记“允公
允能，日新月异”的校训，将传承“豪密”红色基因与践行党员初心使命紧密结合。

在思想上，我坚持用党的创新理论武装头脑，深刻认识到网络安全是国家安全的重要基石。通过深入学习党的二
十届三中全会精神，我进一步坚定了科技报国的理想信念，明确了将个人学术追求融入国家重大战略需求的责任
担当。

在学习上，我刻苦钻研密码学与人工智能交叉领域的前沿技术，面对科研难题敢于迎难而上。同时，我的研究成
果成功被国际计算机视觉顶级会议CVPR录用，这既是对我前期工作的肯定，更是鞭策。我努力在课题组中发挥
先锋模范作用，与同学们分享科研心得，立志将核心技术掌握在自己手中。

在实践方面，我也积极投身社会实践与志愿服务，努力将所学转化为服务社会的实际行动。

同时，我也清醒认识到自身在理论联系实际方面仍有提升空间。未来，我将继续以党员标准严格要求自己，克服
畏难情绪，练就过硬本领。



（一）思想成长与身心发展（上限10分）

2、热心服务集体

所属集体名称：

担任职务类别：

担任职务时间：

2026/9/3 思想成长与身心发展 3

密码与网络空间安全学院物联网工程2023级班

其他班委

2024-2025学年



（一）思想成长与身心发展（上限10分）

2、热心服务集体

所属集体名称：

担任职务类别：

担任职务时间：

2026/9/3 思想成长与身心发展 4

南开大学数学建模协会

其他社团社长

2025-2026学年



（一）思想成长与身心发展（上限10分）

3、先锋作用突出

个人/团体奖项：

荣誉名称：

荣誉所属等级：

荣誉所属学院：

获奖时间：

团体

优秀班级团支部

院级

2024-2025学年

2026/9/3 思想成长与身心发展 5

密码与网络空间安全学
院



（一）思想成长与身心发展（上限10分）

3、先锋作用突出

个人/团体奖项：

荣誉名称：

荣誉所属等级：

荣誉所属学院：

获奖时间：

团体

优秀团支部

院级

2025-2026学年

2026/9/3 思想成长与身心发展 6

密码与网络空间安全学
院



（二）志愿服务与社会实践（上限6分）

前三学年内志愿服务总时长（小时）：

1、志愿服务

（1）志愿服务时长证明

除公能实践课要求外志愿服务总时长（小时）：

2026/9/3 志愿服务与社会实践 7

49

35.5



（二）志愿服务与社会实践（上限6分）

志愿服务时长（小时）：

1、志愿服务

（1）除公能实践课课要求18学时外，剩余志愿服务时长证明（需在统计时间范围内

且为志愿服务平台导出证明）

志愿服务时长（小时）： 志愿服务时长（小时）：

2026/9/3 志愿服务与社会实践 8

4 8.5 0.5



（二）志愿服务与社会实践（上限6分）

志愿服务时长（小时）：

1、志愿服务

（1）除公能实践课课要求18学时外，剩余志愿服务时长证明（需在统计时间范围内

且为志愿服务平台导出证明）

志愿服务时长（小时）： 志愿服务时长（小时）：

2026/9/3 志愿服务与社会实践 9

3 1.5 3



（二）志愿服务与社会实践（上限6分）

志愿服务时长（小时）：

1、志愿服务

（1）除公能实践课课要求18学时外，剩余志愿服务时长证明（需在统计时间范围内

且为志愿服务平台导出证明）

志愿服务时长（小时）： 志愿服务时长（小时）：

2026/9/3 志愿服务与社会实践 10

8.5 12 5



（二）志愿服务与社会实践（上限6分）

志愿服务时长（小时）：

1、志愿服务

（1）除公能实践课课要求18学时外，剩余志愿服务时长证明（需在统计时间范围内

且为志愿服务平台导出证明）

志愿服务时长（小时）： 志愿服务时长（小时）：

2026/9/3 志愿服务与社会实践 11

3



（二）志愿服务与社会实践（上限6分）

大一寒假是否参加
社会实践：

2、社会实践（上限为2分）

（1）社会实践次数证明

大一暑假是否参加
社会实践：

大二寒假是否参加
社会实践：

大二暑假是否参加
社会实践：

大三寒假是否参加
社会实践：

大三暑假是否参加
社会实践：

2026/9/3 志愿服务与社会实践 12

否

是

是

是

是

否



（二）志愿服务与社会实践（上限6分）

2、社会实践（上限为2分）

（1）社会实践证明

2026/9/3 志愿服务与社会实践 13



（二）志愿服务与社会实践（上限6分）

2、社会实践（上限为2分）

（1）社会实践证明

2026/9/3 志愿服务与社会实践 14



是否为第一
负责人：

获奖名称：

获奖等级：

获奖时间：

（二）志愿服务与社会实践（上限6分）

2、社会实践（上限为2分）

（2）社会实践获荣誉称号

社会实践活动
名称：

2026/9/3 志愿服务与社会实践 15

三等奖 否

校级

2026年6月南风追梦母校回访寒假社会
实践活动



是否为第一
负责人：

获奖名称：

获奖等级：

获奖时间：

（二）志愿服务与社会实践（上限6分）

2、社会实践（上限为2分）

（2）社会实践获荣誉称号

社会实践活动
名称：

2026/9/3 志愿服务与社会实践 16

一等奖 否

校级

2025年9月南风追梦母校回访寒假社会
实践活动



参加时间：

（三）艺体素质与技能特长（上限2分）

1、代表学校、学院参加艺术体育活动

参加活动名称：

所属学院：

证明人：

2026/9/3 艺体素质与技能特长 17

2025年3月

五子棋校长杯

密码与网络空间安全学院
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