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Abstract001

This paper proposes ReaGeo, an end-to-end002
geocoding framework based on large language003
models, designed to overcome the limitations004
of traditional multi-stage approaches that rely005
on text or vector similarity retrieval over ge-006
ographic databases, including workflow com-007
plexity, error propagation, and heavy depen-008
dence on structured geographic knowledge009
bases. The method converts geographic coor-010
dinates into geohash sequences, reformulating011
the coordinate prediction task as a text gen-012
eration problem, and introduces a Chain-of-013
Thought mechanism to enhance the model’s014
reasoning over spatial relationships. Further-015
more, reinforcement learning with a distance-016
deviation-based reward is applied to optimize017
the generation accuracy. Comprehensive ex-018
periments show that ReaGeo can accurately019
handle explicit address queries in single-point020
predictions and effectively resolve vague rel-021
ative location queries. In addition, the model022
demonstrates strong predictive capability for023
non-point geometric regions, highlighting its024
versatility and generalization ability in geocod-025
ing tasks.026

1 Introduction027

Geocoding converts human-readable geographic028

location descriptions into machine-readable coor-029

dinates that enable visualization on digital maps,030

navigation, or spatial positioning (Rose et al., 2004;031

Rushton et al., 2007; Goldberg et al., 2007; Yin032

et al., 2025). Geocoding demonstrates significant033

applications across daily life, industrial applica-034

tions, and academic research. For instance, in035

traffic accident reporting scenarios, it is necessary036

to find the accurate geolocations described by the037

person who made the alarm call (Li et al., 2020;038

Cheng et al., 2024). Similarly, precise destination039

identification in logistics order processing bene-040

fits from such capabilities. Furthermore, people041

can identify specific geolocations based on news042

events or social media messages (Zhang and Gel- 043

ernter, 2014; Zou et al., 2020). Industrially, leading 044

platforms such as Google Maps, Microsoft Bing 045

Maps, and Amap (The leading digital map service 046

in China) also use geocoding as a public capability 047

and provide API services(Mokhtari et al., 2019). 048

These services support diverse sectors including 049

e-commerce, urban planning, disaster management 050

and so forth, with global API call volumes exceed- 051

ing millions daily. Consequently, optimizing local- 052

ization accuracy, such as achieving sub-street-level 053

precision, is essential for geocoding systems. 054

Traditional geocoding approaches are primarily 055

retrieval-based methods built on structured geo- 056

graphic databases. A common strategy is to de- 057

compose an input query into geographic entities 058

using methods such as Named Entity Recognition 059

(NER), hierarchical address tagging, or structural 060

parsing supported by learning-based models (Hu, 061

2018; Clemens, 2020; Radford, 2021; Yin et al., 062

2023; Li et al., 2023). After entity extraction, the 063

parsed components are matched against large-scale 064

geographic databases through rule-based or fuzzy 065

text retrieval mechanisms, often combined with 066

ranking models, spatial constraints, or similarity 067

metrics to link queries with the most plausible geo- 068

graphic entities (Melo and Martins, 2017; Yin et al., 069

2019b,a; Hu et al., 2023; Rezaei Ghahroodi et al., 070

2024; Yin et al., 2025). In addition to text-matching 071

pipelines, an alternative line of work directly em- 072

beds address strings into vector representations and 073

performs cosine-similarity retrieval to identify the 074

most likely geographic candidates, which helps im- 075

prove robustness against spelling variations and 076

informal expressions. Despite their widespread 077

adoption, these pipeline-based methods face sev- 078

eral limitations. Incomplete or ambiguous textual 079

descriptions can disrupt entity extraction and de- 080

grade retrieval accuracy. Moreover, semantic in- 081

consistencies between user queries and database 082

records—arising from abbreviations, dialectal vari- 083

1



ations, informal expressions, or inconsistent nam-084

ing conventions, frequently lead to retrieval failures085

or incorrect matches.086

To address the challenges of traditional pipeline-087

based geocoding, an innovative end-to-end method088

based on large language models (LLMs) is adopted,089

which eliminates the complex and error-prone090

multi-stage process relying on geographic knowl-091

edge bases by directly learning the joint distribu-092

tion of query texts and geographic spaces. The093

query text is input to a generative model that auto-094

regressively decodes a geohash sequence, with the095

center point of the area represented by the geohash096

approximated as the final coordinates. Geohash,097

a spatial indexing method, models the Earth’s sur-098

face as a two-dimensional plane and recursively099

partitions it into smaller sub-blocks, with each sub-100

block assigned the same code within a certain range101

of latitudes and longitudes (Clemens, 2020), as102

shown in Appendix A. By transforming coordi-103

nate prediction into a generative task, alignment104

between text and geographic modalities is achieved,105

allowing the powerful language understanding and106

knowledge memory capabilities of LLMs to be107

fully leveraged for geocoding applications.108

In industrial settings, digital map services such109

as Google Maps and Amap generate massive vol-110

umes of user query and click-through logs daily,111

which are used to construct an end-to-end train-112

ing dataset that forms the foundation for large-113

scale model training. And in this study, Chain-of-114

Thought (CoT) (Wei et al., 2022) and reinforcement115

learning are employed to enhance the model’s spa-116

tial reasoning and overall prediction performance.117

Comprehensive experiments demonstrate the su-118

periority of this end-to-end approach, achieving119

accurate predictions for both single-point locations120

and non-point geometries.121

The main contributions of this paper are summa-122

rized as follows:123

• ReaGeo, the first end-to-end geocoding model124

based on LLMs is proposed, offering a unified125

framework that directly maps textual queries126

to geohash sequences and thereby eliminates127

the need for complex and error-prone multi-128

stage pipelines in geocoding systems.129

• A reinforcement learning reward function is130

developed for geocoding, based on the dis-131

tance deviation between predicted results and132

ground truth, which strengthens the model’s133

spatial reasoning capability and improves 134

its ability to resolve vague or implicitly ex- 135

pressed relative location descriptions. 136

• The proposed ReaGeo achieves accurate pre- 137

dictions for both single-point locations, in- 138

cluding explicit address descriptions and 139

vague relative positional instructions, and 140

non-point geometric shapes, such as line- 141

shaped roads and polygonal administrative ar- 142

eas, demonstrating strong versatility and gen- 143

eralization in complex geospatial tasks. 144

2 Related Work 145

2.1 Geocoding 146

In the field of geocoding, previous research mainly 147

focuses on traditional pipeline-based text retrieval 148

approaches (Goldberg et al., 2007; Hu et al., 2023; 149

Yin et al., 2025). These methods typically rely 150

on NER, entity linking, and database queries 151

to perform geocoding (Melo and Martins, 2017; 152

Hu, 2018; Mokhtari et al., 2019; Radford, 2021; 153

Rezaei Ghahroodi et al., 2024). Although these 154

traditional approaches complete geocoding to a cer- 155

tain extent, they face several challenges, such as 156

complex pipelines, dependence on large volumes 157

of manually annotated data, and limited ability to 158

handle ambiguous or incomplete geographic de- 159

scriptions. 160

With the rapid development of deep learning and 161

reinforcement learning, the precision and efficiency 162

of geocoding have been significantly improved in 163

recent years. These emerging techniques bring new 164

opportunities to the geocoding field, enabling mod- 165

els to better understand and process complex geo- 166

graphic information. For instance, deep learning 167

automatically extracts salient features from textual 168

and spatial data, while reinforcement learning en- 169

hances model performance on complex tasks by 170

optimizing decision-making behaviors (Yin et al., 171

2019a, 2023; Li et al., 2023; Rezaei Ghahroodi 172

et al., 2024). 173

In related research domains, reverse geocoding, 174

which converts coordinates into textual descrip- 175

tions, also receives increasing attention. More- 176

over, multi-modal localization studies, such as Ad- 177

dressCLIP (Xu et al., 2024), MixVPR (Ali-Bey 178

et al., 2023), G3 (Jia et al., 2024), and other works 179

(Berton et al., 2022; Durgam et al., 2024; Wilson 180

et al., 2024), explore the integration of visual in- 181

formation for geo-localization. These studies high- 182
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Figure 1: The workflow of traditional geocoding methods and our end-to-end geocoding method. (a) Workflow
of traditional vector-retrieval-based geocoding: The input address is first transformed into a query vector through
an embedding model. This vector is then used to retrieve a set of candidate vectors from a large vector database,
followed by a reranking stage to identify the best-matched vector. Finally, associated metadata is retrieved, from
which the corresponding geographic coordinates are extracted. (b) Workflow of our end-to-end geocoding: The
input query is fed directly into ReaGeo, a decoder-only LLM which is supervised fine-tuned with the CoT method,
enabling step-by-step spatial reasoning. To further enhance the model’s capability in resolving relative location
descriptions, reinforcement learning with relative positional guidance is employed. ReaGeo generates the geohash
sequence in an autoregressive manner, which is subsequently decoded into geographic coordinates.

light promising directions for future research in183

leveraging textual, spatial, and visual information184

to achieve more accurate and robust geocoding.185

2.2 Large Language Models and186

Reinforcement Learning187

In recent years, LLMs have made significant strides188

in natural language processing. The introduction189

of Transformer-based (Vaswani et al., 2017) mod-190

els, which leverage the self-attention mechanism,191

dramatically improves machine translation perfor-192

mance and reduces training time. Subsequent ar-193

chitectures such as BERT (Devlin et al., 2019) and194

GPT (Radford et al., 2018) reshape model pre-195

training.196

GPT-3 (Brown et al., 2020), a model with 175197

billion parameters, achieves notable few-shot learn-198

ing performance. Techniques like Instruction Fine-199

Tuning (IFT), Supervised Fine-Tuning (SFT), and200

Reinforcement Learning from Human Feedback201

(RLHF) are widely adopted to improve instruction202

following and alignment with human preferences203

(Ouyang et al., 2022; Bai et al., 2022; Achiam et al., 204

2023). Reinforcement learning methods treat an 205

LLM as a policy and optimize task-specific rewards 206

via policy-gradient approaches. Proximal Policy 207

Optimization (PPO) (Schulman et al., 2017) be- 208

comes a de-facto choice by constraining updates 209

within a clipped trust region to keep the language 210

distribution close to a reference model while max- 211

imizing reward. Extensions such as Group Rel- 212

ative Policy Optimization (GRPO) (Shao et al., 213

2024) compute advantages relative to intra-group 214

baselines to improve sample efficiency and fine- 215

tuning stability for billion-parameter agents. This 216

line of work spawns powerful open-source models 217

(e.g., LLaMA (Touvron et al., 2023), Qwen (Team 218

et al., 2024; Yang et al., 2024, 2025), DeepSeek (Bi 219

et al., 2024)) that serve as foundations for down- 220

stream tasks and for reinforcement learning-based 221

fine-tuning. Reinforcement learning thus plays 222

an increasingly central role in enhancing LLMs’ 223

instruction-following and complex reasoning abili- 224

ties. 225
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3 Methods226

3.1 Preliminaries227

Unlike traditional vector-retrieval-based geocoding228

methods illustrated in Figure 1(a), the proposed229

end-to-end approach, ReaGeo, learns the joint230

distribution between query texts and geographic231

spaces, thereby inferring the locations that the232

queries indicate. Formally, this joint distribution233

constitutes a multi-modal alignment problem, but234

we convert the geographic space into text through235

geohash transformation, thus simplifying the multi-236

modal learning cost. A large language model is237

adopted as the backbone and is post-trained to com-238

plete the alignment of query texts and geohash239

strings. During inference, the query is fed into240

ReaGeo, from which the most probable geohash241

is decoded, and the coordinates of the centroid of242

the represented region are taken as the final pre-243

dicted coordinates. This study adopts a geohash244

Base32 encoding of length 9, which offers a pre-245

cision of approximately 2.4 meters, meeting the246

accuracy requirements of typical search scenarios.247

The framework of ReaGeo is illustrated in Figure248

1(b), and its geocoding process can be formulated249

as follows:250

Ygeohash = FReaGeo (Xquery) , (1)251

252
ypred ≜ (ϕ, λ) = Gdecode (Ygeohash) (2)253

where Xquery denotes the input address query,254

FReaGeo represents the end-to-end mapping per-255

formed using GeoLLM, and Ygeohash denotes the256

output geohash. Subsequently, the geohash decod-257

ing Gdecode is applied to Ygeohash to obtain the final258

predicted coordinates ypred, in which ϕ is the lati-259

tude and λ is the longitude, respectively.260

The proposed ReaGeo consists of two training261

stages. In the first stage, the CoT method is intro-262

duced to enhance the model’s reasoning capability,263

thereby capturing the associations among neigh-264

boring addresses and improving prediction perfor-265

mance on geographically ambiguous queries. The266

second stage builds upon the first by employing re-267

inforcement learning with deviation distance as an268

effective reward signal to further refine positional269

prediction accuracy.270

3.2 Decoder-Only Architecture271

The core objective of our geocoding task is to272

directly map natural language queries (such as273

addresses or location descriptions) into geohash274

in a generative manner. The decoder-only archi- 275

tecture, by leveraging autoregressive generation, 276

enables end-to-end production of coordinate se- 277

quences from textual inputs without relying on 278

complex multi-stage pipeline processes, thereby 279

reducing intermediate error propagation and mini- 280

mizing dependence on extensive, well-curated geo- 281

graphic knowledge bases. 282

In this study, Qwen2.5-3B is adopted, which 283

achieves a well-balanced trade-off among language 284

capability, inference accuracy, speed, and resource 285

consumption. This model can effectively handle 286

high-precision parsing of both structured and un- 287

structured address descriptions, while supporting 288

low-latency, high-concurrency deployment in both 289

cloud-based and on-premises production environ- 290

ments. 291

3.3 CoT 292

To strengthen the association between toponymic 293

references and their formal address representations, 294

thereby improving prediction performance for in- 295

complete or colloquial location descriptions, the 296

CoT method is introduced. Specifically, for a POI 297

address, the approach uses the address itself as the 298

endpoint and its adjacent addresses as the starting 299

points to calculate relative positional relationships. 300

These relative position associations serve as inter- 301

mediate reasoning steps, extending the model’s out- 302

put to guide it in learning neighborhood knowledge 303

to compensate for the lack of input information 304

before generating the corresponding geohash. 305

To alleviate memory pressure during inference 306

while maintaining compatibility with the original 307

geohash output format, the CoT framework is com- 308

bined with Qwen’s thinking-mode tagging mech- 309

anism. Specifically, special tags <thinking> and 310

</thinking> are introduced in the training sam- 311

ples to explicitly demarcate intermediate reasoning 312

text, and the thinking mode can be disabled during 313

inference. An example of the data format is shown 314

in Appendix B.1. 315

3.4 Reinforcement Learning 316

As an efficient and stable policy optimization algo- 317

rithm, GRPO is widely adopted in various gener- 318

ative tasks. Unlike value-function-based methods 319

such as PPO, GRPO does not require training a sep- 320

arate value model. Instead, it calculates the group 321

relative advantage by normalizing the rewards of a 322

set of candidate outputs generated for the same in- 323

put query, and then updates the policy based on this 324
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relative comparison, thereby significantly reducing325

training complexity and instability. Based on the326

above strengths, this study employs GRPO to di-327

rectly optimize geocoding precision. This approach328

enables the model to learn fine-grained spatial re-329

lationships, especially for understanding precise330

directional offsets within a query. In this phase, the331

training data incorporates random offset descrip-332

tions, while maintaining the direct query-geohash333

format. An example of the data format is shown in334

Appendix B.2.335

Reward function design. For the geocoding task,336

a task-specific reward function based on geospa-337

tial distance deviation is innovatively designed as338

follows:339

R (ypred, ytrue) =

√
T −

√
D (ypred, ytrue)

S
(3)340

where ypred and ytrue are the predicted and ground-341

truth coordinates, T is a hyperparameter set to342

100, D (·) computes the WGS-84 ellipsoid-based343

geodesic distance between two coordinates in me-344

ters, and S is a normalization factor set to 1000.345

This reward increases as the predicted coordi-346

nates approach the true location, encouraging pre-347

cise spatial inference during training.348

4 Experiments349

In this section, the dataset and evaluation metrics350

are first introduced, followed by an evaluation of351

single-point prediction performance on both clear352

and ambiguous queries, ablation studies to assess353

the contribution of key components, and finally354

case studies visualizing predictions for point and355

non-point geographic regions.356

4.1 Datasets357

A total of 239, 918 data samples from both rural358

and urban areas of Beijing is obtained via Amap359

search engine logs and the Amap points of interest360

(POI) database, and partitioned them into training361

and test sets, as summarized in Appendix C. All362

samples are unique, and for each location in the test363

set, the corresponding neighboring area is covered364

within the training set. From the perspective of365

data distribution and scenario characteristics, there366

are significant differences between rural and urban367

areas. Rural areas generally have looser address368

structures, higher address ambiguity, and sparser369

infrastructure annotations. In contrast, urban areas370

have more regular address systems, a high density371

of POI, and a high degree of road grid formation.372

These differences directly affect the modeling diffi- 373

culty and performance of various methods. 374

For each data sample, two types of input address 375

descriptions are constructed, which are further cat- 376

egorized into two classes of data, as follows: 377

Base Data. Retrieval queries are constructed 378

from three textual sources: search engine queries, 379

POI names, and POI addresses. For search engine 380

queries, the coordinates of the user’s final clicked 381

POI are used as the prediction target. For POI 382

names and addresses, the corresponding POI coor- 383

dinates serve as the prediction target. The training 384

set of the base data is primarily used in ReaGeo’s 385

SFT phase. 386

Anchor Offset Data. Relative location descrip- 387

tions are commonly used in real-world scenarios 388

such as traffic accident reports and daily communi- 389

cation, making accurate interpretation and geocod- 390

ing of them highly valuable. To this end, based on 391

the base data, the anchor offset data is constructed, 392

in which phrases such as “[distance] + meters + 393

[direction] + of” are added to the beginning of each 394

description. The direction is randomly selected 395

from the four cardinal directions (east, south, west, 396

and north), and the distance is uniformly sampled 397

from the range of 30 to 500 meters. For example, 398

“200 meters south of the intersection of XX Road 399

and XX Road”. Meanwhile, the corresponding co- 400

ordinates are shifted by the distance indicated in 401

its description to generate new labels. The training 402

set of the anchor offset data is primarily used in 403

ReaGeo’s reinforcement learning phase. 404

4.2 Implementation Details 405

In the SFT phase incorporating CoT, a full- 406

parameter fine-tuning of Qwen2.5-3B is conducted 407

on 2 NVIDIA H20 GPUs, in a distributed data- 408

parallel setup. The batch size is set to 128 per GPU 409

and the number of epochs to 5. The AdamW opti- 410

mizer is employed with an initial learning rate of 411

5× 10−5. 412

Reinforcement learning builds upon the SFT- 413

trained checkpoint enhanced with CoT. During 414

GRPO phase, the actor model is updated with a 415

batch size of 512 prompts per optimization step, 416

subdivided into micro-batches of 128 to fit memory 417

constraints. Rollout generation is performed with a 418

batch size of 512 prompts, split into micro-batches 419

of 128, and each prompt samples 8 candidate re- 420

sponses to estimate advantages within a group. The 421

number of training epochs in this phase is set to 3, 422

and the actor learning rate is initialized at 1×10−6. 423
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Table 1: Quantitative Results of Each Method
D

at
a

Methods

Rural Urban

ADD
Acc Acc Acc

ADD
Acc Acc Acc

@100 @200 @500 @100 @200 @500
(m) (%) (%) (%) (m) (%) (%) (%)

B
as

e
D

at
a

NER+Levenshtein 5016.7 36.2 49.2 62.4 2946.4 57.9 69.3 77.1
Vector-Retrival@Top1 924.1 51.6 67.7 83.4 199.1 75.3 88.7 95.6
Vector-Retrival@Top5+Reranker 1044.4 51.4 67.2 82.4 162.6 75.6 88.7 95.7
Qwen3-Max 6548.1 0.0 1.7 8.5 1055.0 0.0 5.1 25.4
Baidu Maps 2017.5 36.0 50.3 69.4 347.7 66.4 79.8 90.1
Tencent Maps 1689.2 32.8 50.9 71.9 204.1 69.9 84.9 93.7
ReaGeo (Ours) 756.6 58.1 73.5 85.8 119.6 81.9 92.4 97.2

A
nc

ho
rO

ff
se

tD
at

a NER+Levenshtein 9422.5 4.3 12.0 38.8 6791.2 7.3 19.4 56.3
Vector-Retrival@Top1 1083.5 9.8 26.5 76.9 398.4 12.7 32.6 91.2
Vector-Retrival@Top5+Reranker 1465.7 9.0 23.8 70.2 378.1 12.6 32.2 89.5
Qwen3-Max 9207.6 0.0 0.0 5.1 1163.1 1.7 5.1 30.5
Baidu Maps 2140.4 14.6 29.7 64.6 493.5 22.1 42.2 86.2
Tencent Maps 1792.0 7.3 20.3 64.7 400.0 11.8 31.2 88.5
ReaGeo (Ours) 840.9 23.7 50.6 84.1 208.7 41.5 71.5 96.3

4.3 Evaluation Protocols424

Two metrics are used to evaluate the model’s per-425

formance, as detailed below:426

The first is the average deviation distance (ADD),427

which measures spatial accuracy by calculating428

the WGS-84 ellipsoid-based geodesic distance be-429

tween the predicted coordinates and the ground-430

truth coordinates, and then averaging the results431

across all samples. A lower ADD value indicates432

higher geocoding precision.433

The second is a distance-threshold-based accu-434

racy metric (accuracy under distance thresholds,435

Acc@k), which evaluates the model’s localization436

capability, where k denotes the maximum allow-437

able spatial deviation. Four thresholds are selected,438

namely k = 100, 200, and 500 meters, represented439

as Acc@100, Acc@200, and Acc@500, respec-440

tively. These metrics indicate the proportion of441

samples whose predicted coordinates fall within442

the corresponding distance from the ground-truth443

coordinates, thereby assessing the model’s local-444

ization accuracy under varying spatial precision445

requirements.446

4.4 Quantitative Evaluation447

Quantitative experiments are conducted on rural448

and urban areas separately using both the base data449

and the anchor offset data, and the core task is to450

predict single-point coordinates.451

Seven comparison methods are selected, com- 452

prising traditional and end-to-end pipelines: 453

1) NER based on Bert-Base (Devlin et al., 454

2019) combined with Edit Distance, denoted as 455

NER+Levenshtein; 2) Recalling the single most 456

relevant address using vector-based retrieval with 457

BGE-Base (Xiao et al., 2024), denoted as Vector- 458

Retrieval@Top1; 3) Recalling the top five most 459

relevant addresses using vector-based retrieval 460

with BGE-Base, followed by reranking with BGE- 461

Reranker-Base (Xiao et al., 2024), denoted as 462

Vector-Retrieval@Top5+Reranker; 4) Qwen3- 463

Max (Yang et al., 2025), the Qwen series model 464

with the best overall performance to date, with- 465

out any fine-tuning; 5) the geocoding API of 466

Baidu Maps (Baidu Maps, 2025), denoted as Baidu 467

Maps; and 6) the geocoding API of Tencent Maps 468

(Tencent Maps, 2025), denoted as Tencent Maps. 469

4.4.1 Performance on Base Data 470

The experimental results are shown in Table 1. In 471

both rural and urban areas, NER+Levenshtein ex- 472

hibits significant limitations, primarily due to the 473

complex structure of geographic addresses and it’s 474

inability to capture semantic equivalence. Vector- 475

retrieval-based methods are relatively stable and 476

achieve decent performance, yet they are still con- 477

strained by the coverage of the retrieval database 478

and the accuracy of ranking. Qwen3-Max pre- 479
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Table 2: Ablation Study of Key Components

Methods ADD (m) Acc@100 (%) Acc@200 (%) Acc@500 (%) EC

w/o CoT 475.5 48.7 69.3 90.0 80
w/o thinking delimiters 474.2 50.7 71.7 90.6 21
w/o GRPO 599.2 40.6 57.0 86.1 26
full 481.2 51.3 72.0 90.9 20

dicts geographic coordinates based on its existing480

knowledge, but even though the search range is con-481

strained, the results remain highly unsatisfactory.482

Baidu Maps and Tencent Maps are limited by their483

matching mechanisms and data coverage, result-484

ing in only mediocre performance when handling485

ambiguous or non-standard addresses.486

ReaGeo outperforms others, achieving the low-487

est ADD and the highest Acc@k on both rural and488

urban data. It’s generalized understanding allows it489

to use numerous address annotations for accurate490

alignment and reason about semantic equivalence491

through pre-trained geographical knowledge. Fur-492

thermore, It leverages LLMs’ long-tail information493

understanding to handle vague addresses and strong494

context dependence, and its joint modeling of ge-495

ographical prior and dynamic reasoning enables496

reasoning about implicit spatial relationships.497

4.4.2 Performance on Anchor Offset Data498

As presented in Table 1, all the methods exhibit499

varying degrees of performance degradation on500

the anchor offset data. The ADD metric degrades501

particularly severely for NER+Levenshtein and502

Qwen3-Max. For the former, the randomly added503

positional bias descriptions in the addresses in-504

crease the edit distance, making it more likely to505

miss the optimal match. For the latter, such ran-506

dom positional bias descriptions introduce greater507

confusion into the model’s reasoning process. As508

for the other baseline methods, their performance509

degradation falls within expected ranges, and their510

overall performance remains suboptimal.511

Across both rural and urban scenarios in the an-512

chor offset data, ReaGeo demonstrates remarkable513

robustness and precision. It still outperforms other514

methods due to its understanding of complex geo-515

graphical semantics and innovative training strate-516

gies that target core geocoding challenges like ad-517

dress ambiguity, spatial relationship reasoning, and518

distribution shift.519

Figure 2: Comparison of Qwen with different model
sizes. Both inference accuracy and latency on an
NVIDIA H20 GPU increase as model size grows.

4.5 Ablation Studies 520

In this section, the base data and the anchor off- 521

set data are mixed. Table 2 presents the results 522

of the ablation study on key components. Remov- 523

ing the reinforcement learning component leads to 524

a significant degradation in performance metrics, 525

highlighting its critical role in enhancing geocod- 526

ing precision. Eliminating the CoT mechanism also 527

leads to degraded geocoding performance and an 528

increased number of instances in which the model 529

produces invalid outputs (referred to as error count, 530

EC). Additionally, the thinking delimiters within 531

the CoT mechanism offers a minor improvement 532

in the proportion of high-precision samples. 533

Figure 2 compares the geocoding performance of 534

Qwen with different model sizes. As the model size 535

increases, localization accuracy continuously im- 536

proves, yet the average inference time also grows. 537

The Qwen2.5-3B strikes a good balance between 538

accuracy and efficiency, making it the preferred 539

choice for practical applications. 540

4.6 Case Studies 541

In the case studies, concrete examples are used to 542

demonstrate that ReaGeo, while performing single- 543
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Figure 3: Visualization of single-point location predic-
tion. The markers 2–5 correspond to predicted positions
guided by relative-position cues around landmark 1.

Figure 4: Visualization of line POI prediction. Coordi-
nate points are rendered along road segments.

Figure 5: Visualization of polygon POI prediction. The
heat map shows a polygon area with its administrative
boundary, with high-intensity rendering concentrated in
the core zone and surrounding regions less highlighted.

location prediction, shows strong inference capa-544

bility for directional and distance indicators. Addi-545

tionally, it can estimate the approximate extent of546

non-point geometries such as lines and polygons.547

4.6.1 Single-Point Prediction548

To evaluate ReaGeo’s ability to handle relative loca-549

tion descriptions, it’s asked to predict the locations550

of points at specified offsets in the four cardinal551

directions relative to a given landmark (e.g., Wu-552

daokou Subway Station, denoted as point P). The553

prediction results, visualized in Figure 3, show that554

ReaGeo can effectively estimate the relative posi-555

tional shifts of these points around the landmark 556

within an acceptable error range, demonstrating 557

notable practical value. 558

4.6.2 Non-Point Geometry Prediction 559

To enable non-point region prediction, beam search 560

with a beam width of 50 is applied to each POI. 561

Multiple candidate coordinate points are generated 562

through this process. These points are then visual- 563

ized on a digital map to intuitively show the spatial 564

distribution of the predictions. This strategy offers 565

a more comprehensive depiction of predictive un- 566

certainty and visualizes the spatial patterns of the 567

results clearly. The following renders the predicted 568

line and polygon POIs. 569

Line POI Prediction. As illustrated by exam- 570

ples in Figure 4, the heat map visualization shows 571

rendering points distributed along both roads (red 572

lines), revealing distinctive distribution patterns. 573

Although some rendering points deviate from the 574

road centerlines and outlines are incomplete, they 575

still generally follow the roads, providing an initial 576

view of the heat distribution along the roads. 577

Polygon POI Prediction. As illustrated by exam- 578

ples in Figure 5, the heat map rendering shows the 579

distribution of activity within each district. The red 580

outlines mark the administrative boundaries of the 581

respective areas, while the heat map visualizes the 582

actual concentration of points. It can be seen that 583

the heat map coverage accounts for roughly 70% 584

of each district. Upon closer inspection, the heat 585

rendering is mainly concentrated in the core zones, 586

while other parts, although still within the adminis- 587

trative boundaries, are not directly highlighted. 588

5 Conclusions 589

This study introduces ReaGeo, an end-to-end 590

geocoding framework that utilizes LLMs, CoT 591

and reinforcement learning to directly convert tex- 592

tual location descriptions into geohash. The pro- 593

posed method simplifies the traditional multi-stage 594

pipeline and demonstrates robust performance in 595

handling both explicit addresses and vague relative 596

location queries. It also demonstrates a promising 597

capability to predict non-point geographic regions, 598

including lines and polygons, indicating signifi- 599

cant potential for handling complex geospatial data 600

types. Subsequent work will focus on multi-modal 601

geocoding by integrating visual data. 602

8



6 Limitations603

Although the proposed end-to-end geocoding604

framework achieves a higher upper bound of accu-605

racy, it has two main limitations. First, the gener-606

ated geohash may, in rare cases, violate the Base32607

encoding rules. Second, achieving localization over608

a larger geographic area requires a larger language609

model, which comes at the cost of increased com-610

putational resource consumption. These two limi-611

tations provide clear directions for future method-612

ological improvements.613
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A Introduction818

The geohash representation is shown in Figure 6.819

Figure 6: Geohash in digital maps. Geohash encodes
geographic coordinates into a short alphanumeric string
via recursive range bisection and Base32 encoding.

B Methods820

B.1 CoT821

During the SFT phase combined with CoT, the822

training data format is as follows:823

"input": "Snow-covered courtyard824

<thinking>"825

"output": "100 meters south of the826

intersection of XX Road and XX Road, XX827

District </thinking> w x 4 e j 8 m d t"828

B.2 Reinforcement Learning829

During the GRPO phase, the training data format830

is as follows:831

"input": "50 meters north of No.385 XX832

Road, XX Town, XX District, XX"833

"output": "w x 4 s f d v p y"834

C Experiments835

The experimental data includes base data and836

anchor-offset data, as detailed in Table 3.837

Table 3: Details of Experimental Data Partitioning

Categories Data Training Test

Rural
Base 109050 11995

Anchor Offset 109050 11995

Urban
Base 106878 11995

Anchor Offset 106878 11995

Total
Base 215928 23990

Anchor Offset 215928 23990
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