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1 Introduction003

VLMs increasingly serve as the perceptual back-004

bone of autonomous agents, with function-calling005

frameworks extending them to closed-loop deci-006

sion making (Yang et al., 2023; Liu et al., 2023;007

Surís et al., 2023). Existing evaluations fall into008

two regimes: 2-D digital workflows (Trivedi et al.,009

2024) or single-shot visual QA. Neither exer-010

cises what physical-world deployment demands—011

actively controlling a viewpoint in 3-D, accumulat-012

ing evidence across many rounds, and producing a013

precise quantitative answer.014

Visual geolocation from street imagery is a de-015

manding instance, requiring world knowledge (ar-016

chitecture, signage, climate), fine-grained percep-017

tion, and deliberate exploration since disambiguat-018

ing evidence rarely appears from a single head-019

ing. GeoGuessr (Haas et al., 2024; Plonk It, n.d.;020

Nicolas Dede, n.d.) has made this a competitive021

sport whose top players routinely localize unseen022

panoramas to within kilometers, providing a natu-023

ral human baseline. Existing benchmarks evaluate024

single-shot localization from a fixed image (Haas025

et al., 2024) or test navigation in synthetic environ-026

ments lacking real-world diversity.027

We introduce GeoGuesser Bench: 282 real-028

world locations paired with an interactive Google029

Street View environment a VLM agent must navi-030

gate, look around, and zoom in. Entries stratify031

across world knowledge and navigational profi-032

ciency. Exact Geolocation predicts the starting033

panorama’s coordinates; a 42-location subset from034

the GeoGuessr World Championship Grand Fi-035

nals provides a calibrated human-expert reference.036

Coarse Geolocation identifies an encompassing re-037

gion (street, city, country) from cultural cues. Pre-038

cise Environmental Challenge counts environmen-039

tal features near the spawn, stressing route planning 040

and spatial continuity. 041

Evaluating frontier VLMs reveals a substantial 042

gap to humans: the best systems achieve roughly 043

half the GeoGuessr score of competition players. 044

Failures cluster into hallucinated landmark recog- 045

nition, breakdowns in spatial continuity, and mal- 046

formed tool calls. Larger models are not uniformly 047

better—stronger world knowledge does not elimi- 048

nate navigational deficits, and scaling step budget 049

helps unevenly across model families. 050

A monolithic VLM re-encoding its full 051

panorama history incurs ∼ 107 tokens per task. 052

We propose a Planner–Worker–Prefilter framework 053

that decomposes the agent into a large Planner 054

(high-level reasoning), small Worker (atomic ac- 055

tion grounding), and lightweight Prefilter (trajec- 056

tory compression), more than halving planner cost 057

while setting a new state of the art on Type 1 and 058

Type 3. 059

Contributions. (i) GeoGuesser Bench, with 282 060

stratified entries and a calibrated human-expert 061

competition subset; (ii) an interactive tool-driven 062

Street View environment; (iii) a frontier-VLM eval- 063

uation identifying three failure modes, with ab- 064

lations on FOV, step budget, and mobility; (iv) 065

a context-compressed Planner–Worker–Prefilter 066

framework halving planner token cost while im- 067

proving accuracy. 068

2 Related Work 069

Visual geolocation. PIGEON (Haas et al., 2024) 070

performs strong single-image localization via geo- 071

graphic priors and supervised training, extending a 072

line of static-image methods that includes classifi- 073

cation over learned geocells (Weyand et al., 2016), 074

semantic geocell partitioning for interpretability 075

(Theiner et al., 2021), dual-branch transformer ar- 076

chitectures fusing image and segmentation fea- 077

tures (Pramanick et al., 2022), CLIP-style con- 078
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trastive alignment between images and GPS coor-079

dinates (Cepeda et al., 2023), retrieval-augmented080

generation with multimodal LLMs (Zhou et al.,081

2024), (Jia et al., 2024), hierarchical geographic082

embeddings combining retrieval and classifica-083

tion (Daruna et al., 2026), and distance-aware re-084

ranking over candidate locations (Jia et al., 2025).085

These efforts treat geolocation as static-image pre-086

diction; even recent agent-based methods that in-087

voke external retrieval and OCR tools (Li et al.,088

2026) still reason over a single fixed view. Ge-089

oGuesser Bench reframes it as interactive, testing090

world knowledge alongside active perception, plan-091

ning, and tool use.092

Tool-use, embodied, and visual–spatial bench-093

marks. Leaderboard (Patil et al., 2025), App-094

World (Trivedi et al., 2024), and WTU-Eval (Ning095

et al., 2024) evaluate function-calling and stateful096

tool use, but observations are screenshots, docu-097

ments, or structured text in 2-D digital workflows.098

Vision–language–action surveys (Ma et al., 2024)099

note that embodied benchmarks largely prioritize100

low-level manipulation over high-precision spa-101

tial estimation in visually rich scenes, and Agent-102

X (Ashraf et al., 2025) shows agents struggle103

with logical coherence across multi-step visual104

chains, though its setting remains image-based. Ge-105

oGuesser Bench complements these by requiring106

the same tool-use decision quality in a continuous107

3-D scene at global scale, with quantitative outputs108

and a calibrated human-expert reference from the109

GeoGuessr World Championship.110

Agent and tool-learning frameworks. MM-111

REACT (Yang et al., 2023), LLaVA-Plus (Liu112

et al., 2023), and ViperGPT (Surís et al., 2023) pair113

LLM controllers with vision skills; Bee (Zhang114

et al., 2025) shows dual-level chain-of-thought im-115

proves multimodal reasoning. Toolformer (Schick116

et al., 2023) teaches LLMs to call APIs via self-117

supervision; Gorilla (Patil et al., 2023) mitigates118

argument hallucination via retrieval-aware fine-119

tuning; broader surveys (Qin et al., 2023) cast tool120

use as a closed-loop intention–planning–action–121

observation cycle. Our Planner–Worker decom-122

position adopts this division of labor but special-123

izes it for embodied geolocation, with the Prefilter124

compressing high-cost panoramic observations—a125

problem text-oriented frameworks do not face.126

3 Benchmark Data Curation 127

The proposed dataset is designed to evaluate agent 128

visual understanding, 3D spatial reasoning, and 3D 129

navigation through the context of dynamic geolo- 130

cation and visual question-answering. 131

3.1 Dataset Stratification 132

The dataset consists of 282 distinct coordinate pair 133

+ question entries, categorized into three primary 134

categories to facilitate a nuanced analysis of model 135

world knowledge and navigational proficiency. See 136

Fig. 2. 137

Type 1 Exact Geolocation (n=80 +42): Com- 138

prised of 80 synthetically curated entries and 42 139

entries from GeoGuessr competition data, ques- 140

tions of this type simulate the act of geolocation 141

or geoguessing, as commonly seen in the game 142

GeoGuessr. Agents are prompted to output a coor- 143

dinate estimation of their starting location. Optimal 144

solutions require a high degree of world knowledge 145

but a low degree of navigational proficiency with 146

successful responses taking into account various, 147

ambiguous environmental features such as vegeta- 148

tion, soil patterns, and landscape elevation as well 149

as societal features such as signage and architec- 150

tural styles. Although additional context may be 151

achieved through further exploration of the envi- 152

ronment, solutions are not based solely on individ- 153

ual environmental features (See Section 6.3 for a 154

discussion on the necessary capabilities of model 155

geolocation). See Fig. 156

Type 2 Coarse Geolocation (n=80): Questions 157

of this type require agents to geolocate the gen- 158

eral region containing the starting location (street 159

names, countries, etc.). Agents are prompted to 160

output the string name of the encompassing region. 161

Optimal solutions rely less on natural world fea- 162

tures but necessitate nuanced cultural knowledge 163

and a relatively moderate degree of navigational 164

proficiency and understanding. They involve bring- 165

ing regional indicators that map directly to cor- 166

rect outputs into view such as the language of sig- 167

nage, road patterns, and architectural styles. Due 168

to the solution pattern of the task, Type 2 ques- 169

tions are not a mapping of coordinate estimates to 170

geographic regions (See Section 6.1). See Fig. ??. 171

Type 3 Precise Environmental Challenge 172

(n=80): Questions of this type require agents to 173

answer visual question-answering prompts about 174

the environment. Agents are prompted to output 175

the string solution to the prompt. Optimal solutions 176
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Prompt: Identify the most precise

coordinates of this starting location.

Answer: (18.9835017, -99.093938)

Prompt: What country are we in?

Answer: Kenya.

Prompt: How many bench(es) are

directly next to and facing the courts,

if any?

Answer: 2.

Figure 1: Examples of the three task types (Type 1, 2, 3 from left to right) with annotated relevant clues.

Type 1

Type 2

Type 3

Navigational
Proficiency

World
Knowledge

Figure 2: Task types ordered by navigational precision
and world knowledge required.

require on average the least world knowledge but177

the highest degree of navigational precision and ef-178

ficiency. These questions emphasize the reasoning179

and navigational path utilized to bring the verifiable180

target object(s) into view rather than inference of a181

solution based on environmental indicators. Type182

3 questions are categorized into two sub-tasks:183

1. Identification (Finding) (n=52): Agents lo-184

cate one or more specific environmental land-185

mark out of direct vision from the starting186

location, requiring efficient route planning as187

well as active comprehension and application188

of novel visual stimuli.189

2. Enumeration (Counting) (n=28): Agents190

identify and count the number of a specific191

environmental feature, evaluating a model’s192

ability to maintain spatial continuity during193

active exploration. See Fig. ??.194

3.2 Curation Methodology195

Data collection utilized random sampling with fil-196

tering across all three question types to generate an197

initial location and question prompt:198

Random Sampling: We randomly sampled 199

valid street view coordinates to produce an initial 200

global distribution then manually filtered locations 201

to enforce geographical diversity. This ensures the 202

evaluation of agent geolocational ability across var- 203

ious cultures, biomes, and geological landscapes. 204

(See Fig. 3). 205

Filtering: We then manually inspected the start- 206

ing viewpoint of each coordinate to ensure models 207

are unable to immediately recognize famous loca- 208

tions from their pretraining. After the initial coor- 209

dinate generation, we employed additional filtering 210

for Type 2 and Type 3 prompt generation: 211

• Type 2: For Type 2 questions, we first deter- 212

mined a valid geographic region associated 213

with each coordinate. We then identified vi- 214

sual clues that strongly map to the intended 215

region. This process may involve adjusting 216

the granularity of the target region (e.g., city 217

to street) or adjusting the initial coordinates 218

within the same region to better fit the task 219

constraints. We prioritized suburban and ur- 220

ban environments that exhibit strong cultural 221

and societal signals while adhering to the pre- 222

vention of premature landmark recognition. 223

• Type 3: Type 3 questions were constructed by 224

inspecting the local environment to identify 225

the target object(s) that may be consistently 226

and reasonably located through environmental 227

exploration. These questions were designed 228

to require active navigation and viewpoint ad- 229

justment through confirmation that the target 230
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Competition Synthetic Type 1

Type 2 Type 3

Figure 3: Global Distribution of Question Types. Note how the relative density of Type 2 and Type 3 questions
increases around urban centers.

object(s) were not immediately visible from231

the initial viewpoint. Additionally, all ques-232

tions were manually verified to be solvable233

within 40 agentic steps. We prioritized sub-234

urban and urban environments for their high235

visual contrast and findable/countable environ-236

mental features.237

Type 1 Competition Subset: In addition to the238

80 synthetically curated Type 1 entries, we provide239

a distinct Type 1 subset for evaluation consisting240

of 42 locations and the corresponding best player’s241

performances. Taken from the Grand Finals of242

the Geoguessr World Championship in 2023, 2024,243

and 2025, each sample consists of the data from244

one game: the latitude-longitude coordinate pair of245

the initial location, the distance offset of the best246

expert estimation, and the GeoGuessr score of that247

guess. In each game, the competition provided a248

random location from GeoGuessr’s global-scale249

map. Apart from the 1 minute time limit and player250

access to a map for placing their coordinate estima-251

tion, the objective and allowed navigational tools of252

the competitors are identical to those of the models.253

This set represents the highest known level of hu-254

man expertise, functioning as an effective reference255

in comparing the capabilities of humans and mod-256

els when both prompted Exact Geolocation queries.257

By including 42 human-benchmarked coordinates258

in addition to 80 synthetic coordinates, we provide259

expert comparison while also accounting for the260

case of model pretraining on the competition sub-261

set.262

4 Environment Design 263

The GeoGuessr Research environment exposes a 264

vision-language model to a street-view panorama 265

as an interactive scene rather than a fixed image: 266

at each step the model selects from a small action 267

space and receives a fresh observation, deciding its 268

next move based on its own strategy. Each run be- 269

gins with the panorama at a starting coordinate and 270

a high-level task, and proceeds as an open-ended se- 271

quence of tool calls up to a 40-step limit. The action 272

space comprises capture_view, four scroll_* 273

actions for camera rotation, zoom_in/zoom_out for 274

FOV, check_direction for listing navigable di- 275

rections, and eight compass move_* actions for 276

stepping to a neighboring panorama. See Fig. 4. 277

5 Evaluation 278

Our approach to agent response evaluation differs 279

between question types. Synthetic and Competi- 280

tion Type 1 responses require coordinate accuracy 281

while Type 2 and Type 3 responses necessitate se- 282

mantic correctness. Across all datasets, models are 283

constrained to 40 agentic steps, with responses ex- 284

ceeding this limit being considered either 0 score 285

or incorrect. 286

5.1 Type 1 (Exact Geolocation) Evaluation 287

Agent responses to Synthetic and Competition 288

questions are evaluated through the haversine (or 289

great circle) distance between the agent’s coordi- 290

nate prediction and the ground-truth coordinate, 291

assuming a spherical Earth (See Appendix B). 292

In addition, Exact Geolocation response evalu- 293

ations also include a metric inspired by the pop- 294
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scroll_right(50)
move_southwest()

scroll_left(25) scroll_down(10) zoom_in(1.33)

Figure 4: Demonstration of Agent Tool-Use Trace. Shown above is a 4 step tool-use trace of an agent and the
corresponding effects of the tool calls on the agent’s viewpoint. Agents may invoke multiple tools in the same step.

ular geolocation game Geoguessr. Although the295

exact scoring equation used by Geoguessr is not ex-296

plicitly mentioned in official documentation, it has297

been shown (Haas et al., 2024; Plonk It, n.d.; Nico-298

las Dede, n.d.) to follow an exponentially decaying299

relationship as the distance between the estimated300

location and true location increases:301

5000 · exp
(︃
−10 · Hav

Rect

)︃
(1)302

Where 5000 is the maximum score of a guess303

and Hav is the haversine distance between the co-304

ordinates of a guess and the ground truth in km.305

Rect=14916.862 km and is the haversine diago-306

nal of the smallest rectangle that would contain307

every location in the playable map, in this case a308

rectangle containing the entire Geoguessr world309

map (See Fig. 5). One advantage of the Geoguessr310

score is that it is a compact and variable system311

that increasingly differentiates estimates as they312

approach the ground truth. In addition, in the case313

where a model is unable to respond with a coor-314

dinate estimate, raw estimation errors in km are315

undefined so instead a score of 0 is assigned to the316

response. Another benefit of the GeoScore system317

is its recognition and accessibility through the Ge-318

oGuessr game, allowing for direct comparisons to319

human performance.320

5.2 Type 2 (Coarse Geolocation) and Type 3321

(Precise Environmental Challenge)322

Evaluation323

Grounded in unambiguous environmental features,324

Coarse Geolocation and Precise Environmental325

Challenge questions have reproducible ground-326

truths, limiting the solution space of each ques-327

tion to predictable short phrases, individual words,328

or numbers. Correct responses are determined by329

performing sub-string matching on the model re-330

sponses to a list of semantically equivalent ground-331

truth responses. We calculate the accuracy of each332

New York City
New Delhi

San Francisco

Figure 5: Haversine Distance Visualization. Haver-
sine distance from New York City to San Francisco
(~4129 km; score=313) and New Delhi (~11755 km;
score=2).

model over each data subset based on correct re- 333

sponses to total responses. 334

6 Results 335

6.1 Agent Performance 336

The performances of various SOTA function calling 337

models on the dataset are summarized in Table 1. 338

In the Synthetic and Competition Type 1 tasks, 339

we observe a distinct deficiency of most agents in 340

exact geolocation. A small number of agents ap- 341

proach average estimation errors at the region level 342

(4373 score | 200 km) (Haas et al., 2024), as com- 343

pared to human experts (4770.3 score | 70.2 km), 344

on the Competition dataset. In addition, as seen in 345

Table 3, 4 of the top-5 performing models required 346

3 or fewer movement tool calls, demonstrating that 347

the exact geolocation task biases world knowledge 348

over spatial understanding and exploration. This 349

also implies 2 valid strategies for geolocation (See 350

Section 6.3). 351

In the Type 2 task, the top models correctly in- 352

fer the region 62.5% of the time. In Table 5, we 353

observe that the top-5 performing models achieve 354

high accuracies for regions of interest on the mag- 355

nitude of countries (3024.2 score | 750 km) while 356

achieving non-trivial accuracies in regions orders 357
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Table 1: Model Task Performance. Human expert average = 4770.3 | 70.2 km. For Competition and Exact
Geolocation tasks, cells show Score |Dist, where Score is the average GeoGuessr score and Dist (km) is the corre-
sponding distance according to Eq. 1. Accuracy (%) is reported for Coarse Geolocation and Precise Environmental
Challenge tasks. Bold indicates best performance per task type.

Model Competition
Score |Dist

Exact Geolocation
Score |Dist

Coarse Geolocation
%

Env. Challenges
%

Claude Fable 5 2821.1 | 853.7 3164.2 | 682.5 62.50 35.00
Claude Opus 4.8 4352.4 | 206.9 4549.5 | 140.8 60.00 26.25
Claude Opus 4.7 4306.4 | 222.8 4501.4 | 156.7 56.25 31.25
Claude Opus 4.6 3023.9 | 750.2 3363.5 | 591.4 45.00 18.75
Claude Sonnet 4.6 2649.1 | 947.5 2883.8 | 820.9 47.50 12.50
GPT-5.5 Pro 1163.4 | 2175.0 1556.1 | 1741.2 47.50 31.25
GPT-5.5 3815.1 | 403.5 3467.8 | 545.8 62.50 32.50
GPT-5.4 Pro 2503.8 | 1031.7 2667.4 | 937.3 60.00 35.00
GPT-5.4 3923.1 | 361.8 4221.1 | 252.6 50.00 12.50
GPT-5.2 523.9 | 3365.1 1243.2 | 2076.1 33.75 17.50
Gemini 3.1 Pro 593.6 | 3178.8 1124.8 | 2225.3 47.50 30.00
Gemini 3.5 Flash 1698.3 | 1610.7 2184.0 | 1235.5 46.25 17.50
Gemini 3 Flash 2851.0 | 838.0 2493.3 | 1038.0 38.75 18.75
Kimi K2.6 1667.9 | 1637.7 2100.3 | 1293.8 50.00 13.75
Kimi K2.5 2016.2 | 1354.8 2717.1 | 909.7 42.50 15.00
Grok 4.3 805.8 | 2722.9 1546.8 | 1750.1 32.50 5.00
GLM-5V-Turbo 3138.2 | 694.8 3859.8 | 386.1 46.25 15.00
MiniMax-M3 3061.5 | 731.7 2905.8 | 809.6 33.75 17.50
Qwen3.7-Plus 3964.4 | 346.2 3996.0 | 334.4 42.50 23.75
Qwen3.6-Plus 3045.5 | 739.5 2956.4 | 783.8 36.25 15.00
Qwen3.5-397B-A17B 2221.5 | 1210.1 2467.0 | 1053.8 28.75 8.75
Qwen3.5-122B-A10B 145.7 | 5274.1 807.2 | 2720.3 12.50 6.25
Qwen3.5-35B-A3B 252.4 | 4454.4 364.8 | 3905.0 10.00 3.75

Table 2: Failure Mode Proportion by Question Type.
Proportion of each failure mode out of total failures per
task type, aggregated across all models. Bolded are the
most common failure modes of each task type.

Task Type FM 1 FM 2 FM 3
Type 1, Comp. 0.132 0.603 0.322
Type 1, Synth. 0.149 0.620 0.290
Type 2 0.301 0.540 0.179
Type 3 0.297 0.513 0.272

of magnitudes (4996.7 score | 1 km) below their re-358

spective average estimation errors in Table 1. This359

indicates that the Type 2 task is not simply an ab-360

straction of the Type 1 task (i.e. mapping coor-361

dinate estimations to regions), while also demon-362

strating that models are indeed grounding their re-363

sponses in concrete environmental clues. We at-364

tribute the comparable step counts of agents in the365

Type 2 task as compared to the Type 1 task to the366

fact that Type 2 questions are guaranteed to con-367

Table 3: Average Movement Calls per Episode. Mean
number of move_* (panorama-traversal) tool calls per
episode for the five strongest models (ranked by mean
Competition/Exact Geolocation score), by task type
and pooled across all four datasets. Counts are over
completed episodes only.

Model Comp Type1 Type2 Type3
Claude Opus 4.8 3.07 2.33 3.15 8.68
Claude Opus 4.7 2.43 2.34 7.44 9.28
GPT-5.5 16.64 11.56 7.47 8.01
GPT-5.4 2.83 2.48 1.74 3.30
Qwen3.7-Plus 2.90 2.58 2.17 8.17

tain cultural indicators within the immediate, urban 368

vicinity of the agents’ starting location; meanwhile, 369

Type 1 questions possess higher ambiguity in a 370

more rural environment with no such grounding. 371

In the Type 3 task, no model achieves an accu- 372

racy above 35%. Furthermore, 16/21 models tested 373

required a higher average number of agentic steps 374

before responding than in both the Type 1 and Type 375

6



Table 4: Average Steps per Episode (mean ± standard deviation). Number of agent steps (tool-call rounds
plus the final answer) the model takes before committing a response, per task type. Statistics are computed over
completed episodes only; entries that errored before producing a trace (e.g. Anthropic 413 request_too_large on
long image-heavy episodes for Claude Fable 5 and Claude Opus 4.6) are excluded. Claude Opus rows use the direct
Anthropic endpoint. The maximum step budget is 40.

Model Competition
Steps

Exact Geolocation
Steps

Coarse Geolocation
Steps

Env. Challenges
Steps

Claude Fable 5 29.1 ± 12.5 23.9 ± 15.3 20.0 ± 16.0 31.1 ± 11.1
Claude Opus 4.8 12.8 ± 8.9 9.7 ± 7.9 11.6 ± 11.3 27.0 ± 13.2
Claude Opus 4.7 11.8 ± 8.0 9.8 ± 9.0 14.7 ± 13.4 25.1 ± 12.3
Claude Opus 4.6 24.4 ± 12.5 24.5 ± 14.5 24.8 ± 15.3 33.5 ± 10.7
Claude Sonnet 4.6 29.4 ± 13.1 23.2 ± 13.9 24.1 ± 15.3 34.5 ± 10.3
GPT-5.5 Pro 38.3 ± 6.0 36.0 ± 8.3 24.6 ± 15.6 30.0 ± 11.4
GPT-5.5 30.0 ± 8.8 27.2 ± 11.1 17.4 ± 12.2 24.9 ± 10.2
GPT-5.4 Pro 35.7 ± 7.2 33.2 ± 9.3 23.4 ± 12.2 25.8 ± 10.3
GPT-5.4 10.8 ± 2.7 10.1 ± 3.0 7.2 ± 3.5 10.7 ± 8.1
GPT-5.2 9.9 ± 2.9 9.3 ± 3.1 9.1 ± 5.5 12.6 ± 9.4
Gemini 3.1 Pro 39.5 ± 5.4 37.0 ± 8.8 29.1 ± 14.0 32.8 ± 12.0
Gemini 3.5 Flash 35.2 ± 9.2 33.7 ± 10.8 30.1 ± 13.7 35.7 ± 10.1
Gemini 3 Flash 28.3 ± 13.1 28.7 ± 14.0 31.4 ± 13.2 36.4 ± 8.9
Kimi K2.6 26.3 ± 12.1 22.3 ± 13.2 24.3 ± 13.2 31.9 ± 12.1
Kimi K2.5 20.9 ± 10.5 21.8 ± 10.8 20.6 ± 12.5 32.9 ± 11.1
Grok 4.3 3.3 ± 1.4 3.5 ± 1.3 3.5 ± 1.6 4.1 ± 3.0
GLM-5V-Turbo 22.0 ± 11.0 18.5 ± 9.0 16.4 ± 12.0 22.3 ± 13.3
MiniMax-M3 13.9 ± 11.3 11.6 ± 8.6 7.8 ± 9.7 25.2 ± 14.9
Qwen3.7-Plus 12.6 ± 4.3 11.2 ± 5.2 9.8 ± 8.8 20.3 ± 13.8
Qwen3.6-Plus 4.0 ± 3.6 4.1 ± 3.8 3.6 ± 3.1 16.6 ± 14.4
Qwen3.5-397B-A17B 12.0 ± 7.6 15.4 ± 8.0 8.1 ± 8.2 16.7 ± 12.9
Qwen3.5-122B-A10B 3.5 ± 2.0 3.6 ± 2.0 2.5 ± 1.1 9.6 ± 10.5
Qwen3.5-35B-A3B 4.2 ± 2.1 4.5 ± 2.4 6.2 ± 5.6 8.8 ± 7.6

Table 5: Coarse Geolocation Accuracy by Question
Granularity. Accuracy (%) of the five strongest models
on Coarse Geolocation, broken down by the geographic
granularity asked for in the question. Sample sizes:
Street (n=11), City (n=31), State (n=11), Country
(n=27). Bold indicates best performance per granular-
ity.

Model <1 km <25 km <200 km <750 km
Claude Fable 5 45.5 58.1 27.3 88.9
Claude Opus 4.8 27.3 41.9 72.7 88.9
Claude Opus 4.7 27.3 45.2 54.5 81.5
GPT-5.5 36.4 48.4 72.7 85.2
GPT-5.4 Pro 36.4 51.6 54.5 81.5

2 tasks, indicating the emphasis on thorough envi-376

ronmental exploration. In Fig. 6, we observe that377

models achieve a higher performance on the Identi-378

fication (tool-use emphasis) subtask as compared to379

the Enumeration (spatial understanding emphasis)380

subtask. These results demonstrate the emphasis381

of Precise Environmental Challenge tasks on tool382

precision and spatial understanding/planning, as 383

well as the deficiency of frontier models in both 384

capabilities, but especially the latter. 385

Claude Opus 4.6
GPT-5.2

Qwen3.5-397B
Qwen3.5-122B

Qwen3.5-35B0.0

0.1

0.2

0.3

0.4

Pr
op

or
tio

n
C

or
re

ct 0.27

0.21

0.12
0.10

0.06

0.14
0.11

0.04
0.00 0.00

Finding
Counting

Figure 6: Precise Environmental Challenge Sub-task
Accuracy. Shown is the accuracy of all tested models
on both Type 3 sub-tasks.
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Table 6: Valid response counts (and %) for each model across all task types. For Competition and Exact Geolocation
tasks, a valid response is one where Score > 0. For Coarse Geolocation and Precise Environmental Challenge
tasks, a valid response is one where the model completed within 40 steps. Bold indicates best performance (highest
valid rate) per column.

Model Competition
(n=42)

Exact Geolocation
(n=80)

Coarse Geolocation
(n=80)

Env. Challenges
(n=80)

Claude Opus 4.6 19/42 (45%) 38/80 (48%) 33/80 (41%) 26/80 (32%)
GPT-5.2 5/42 (12%) 23/80 (29%) 80/80 (100%) 78/80 (98%)
Qwen3.5-397B-A17B 28/42 (67%) 55/80 (69%) 79/80 (99%) 70/80 (88%)
Qwen3.5-122B-A10B 2/42 (5%) 18/80 (22%) 80/80 (100%) 75/80 (94%)
Qwen3.5-35B-A3B 5/42 (12%) 14/80 (18%) 80/80 (100%) 79/80 (99%)

0 50 100 150 200 250 300
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Claude Opus 4.6

GPT-5.2

Qwen3.5-397B-A17B

Qwen3.5-122B-A10B

Qwen3.5-35B-A3B

FM 1 FM 2 FM 3

Figure 7: Failure Mode Distribution by Model. Abso-
lute counts of each failure mode per model, aggregated
across all four task types. Bar length corresponds to to-
tal failures per model; segment widths give the count of
each failure category. Models may exhibit simultaneous
failures so segment sums may exceed the labeled total
n.

6.2 Failure Mode Analysis386

Several recurring failure modes (FM) account for387

the majority of incorrect or invalid model responses,388

highlighting the deficiencies of these models in389

their world knowledge and navigational/spatial un-390

derstanding (See Fig. 7 and Table 2). We categorize391

these observed modes as follows:392

FM 1 Vision Failure: This failure mode de-393

scribes errors arising from the model’s interpreta-394

tion of visual inputs and evocation of pretrained395

world knowledge, including hallucinated landmark396

recognition and failed image segmentation. This397

may manifest as misclassification of environmen-398

tal clues or model fixation on red herrings. (See399

Fig. 8).400

FM 2 Navigational Reasoning Error: This401

failure mode describes failures in spatial and navi-402

gational reasoning, including inefficient route plan-403

Intended Target Model Target

Precise Environmental Challenge Prompt:
You are in the back parking lot of an apartment
building. How many distinct, third floor patios
does this building have?

Figure 8: FM 2 Subset Confusion Example. Shown is
the target subset of Claude Opus 4.6 and the intended
subset for the given prompt. The model incorrectly
fixates on the house with a gable roof in its response.

ning and breakdowns in spatial continuity across 404

successive observations. This may manifest as 405

model inability to replan when given indicative con- 406

text or enact directional instructions in the query. 407

(See Fig. 16). 408

FM 3 Tool-Use Failure: This failure mode is 409

defined as failures in the model’s interaction with 410

its tool interface that produce malformed, invalid, 411

or unsupported requests. An agent may miscom- 412

prehend the use case of an available tool despite 413

having access to function documentation, or it may 414

hallucinate access to functions that are not currently 415

exposed to it. These failures result in API errors, 416

agent dismissal of the given prompt, or muddied 417

agent context due to a bad request, ultimately pre- 418

venting productive engagement with the environ- 419

ment. 420

In Fig. 7, we observe that large models exhibit a 421

large proportion of FM 2 failures, especially Opus- 422
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4.6, GPT-5.2, and Qwen-3.5 122B. This indicates a423

lack of spatial understanding and planning capabil-424

ities in 3D spaces. We also observe that that Qwen425

family models experience increased visual degener-426

acy and tool/navigational proficiency as model size427

increases. See Fig. 12, 13, and 14. We conclude428

frontier models with superior visual (i.e., world429

knowledge) and tool-calling capabilities continue430

to exhibit deficiencies in navigational reasoning431

and spatial awareness.432

6.3 Analyzing the Roles of Visual Information433

and Navigation434

To better understand the impact of visual informa-435

tion and navigation on geolocation performance,436

we conducted a series of ablation studies that sys-437

tematically varied the degree of visual information438

and navigational freedom available to the agents.439

We increased step limit from step=40 to step=80,440

immobilized the agents by withholding their ac-441

cess to navigational tools, cropped the bottom/top442

half of agent viewpoint images, and exposed web-443

search tools. Ablations were conducted across pro-444

prietary and open source models of varying sizes.445

Increased Step Limit:446

We raised the per-entry step budget of the agents447

from the base limit from step=40 to step=80 in the448

Competition and Type 1 datasets. This allowed for449

the agents to properly exhibit their long-horizon450

geolocational capabilities and emergent strategies.451

See Table ??.452

We observe that Opus-4.6 improves drastically453

(~2100 → ~3700) while GPT-5.2 and Qwen-3.5’s454

performance remains approximately constant. This455

demonstrates that Claude benefits greatly from ad-456

ditional exploration by exceeding the previous step457

limit and reasoning on a longer timescale. 458

Allowing the agents a higher step budget allows 459

them to gather more diverse context across multi- 460

ple panoramas or the complete context of a single 461

panorama, depending on agent policy. As expected, 462

Opus benefited the most as the model with a high 463

proportion of responses in the basic configuration 464

reaching the 40 step limit. Qwen-3.5 and GPT- 465

5.2 had a low number of instances with the limits 466

reached so the increased budget had a negligible 467

impact on their performances. See Table 6. 468

Immobilization: We reverted the step budget to 469

40 and disabled the agents’ access to movement 470

move_* tools, leaving only the capture_view, 471

scroll_*, and the zoom_* tools. The agent may 472

therefore look and zoom in any direction from 473

within the initial panorama, but may not navigate 474

to any neighboring panorama. As such, we tested 475

the ability of agents to gather sufficient visual con- 476

text from a single panorama. We evaluated the 477

same three models on the same two datasets. See 478

Table ??. 479

The effect of immobilization varies greatly 480

across models. Claude exhibited a similar perfor- 481

mance increase to when it was allowed a step bud- 482

get of 80, Qwen’s performance worsened by ~600 483

points, and GPT’s performance remained constant. 484

When restricting the models to a single 485

panorama with a 40 step limit, they were forced 486

to gather a majority of the visual context of a sin- 487

gle panorama (See Fig. 10). We predicted that the 488

reduced variety of visual context would increase 489

the uncertainty in model responses and negatively 490

impact their geolocational performance. Although 491

this was the case for Qwen, GPT’s performance 492

remained constant and Claude’s performance im- 493

proved compared to the basic configuration and 494

nearly matched the performance of the 80 step abla- 495

tion. Also, due to the 40 step limit, we observe that 496

limiting exploration to a single panorama caused 497

Claude to converge onto estimations within fewer 498

steps. 499

Top/Bottom-Half FOV: 500

We sought to understand the effect of clues based 501

on their vertical positioning within the environment. 502

We did this by post-processed model viewpoint 503

images to only include either the top or bottom 504

half. This biased model behaviors to fixate on clues 505

either on the top or bottom half, such as the type of 506

foliage on trees or street markings on the ground. 507

When exposed only the top half of their viewpoint 508

as compared to the bottom half, 10/11 models on 509

9



Model 80 Steps No Navigation Top-Half FOV Bottom-Half FOV Web Search

C T1 C T1 C T1 C T1 C T1

Claude Opus 4.8 4594 4805 4646 4556 4368 4386 4369 4313 4551 4380
Claude Opus 4.6 3708 3741 3749 3018 2527 2583 1928 2879 2688 3069
GPT-5.5 4407 4391 4100 4178 2212 2305 1403 1553 2388 1832
GPT-5.2 767 1295 572 1544 604 902 112 667 1696 2209
Gemini 3.1 Pro 1729 2473 1939 2532 0 1062 0 437 119 312
Gemini 3.5 Flash 2744 3228 3939 4019 948 2123 938 1179 0 125
Claude Sonnet 4.6 2791 3193 3626 4203 2337 2922 2446 2707 3206 2767
GLM-5V-Turbo 3520 4089 4249 4356 3061 3960 3093 3480 3544 4022
Qwen3.7-Plus 3884 3930 3686 3998 2925 3171 3271 3097 3080 3339
Qwen3.5-397B 2175 2149 1661 1861 1871 2235 1556 1147 2444 2662
Kimi K2.5 3038 3167 2668 3119 2258 2413 718 1819 3999 3979
Kimi K2.6 1218 1804 781 2161 471 1599 856 1185 238 507
Grok 4.3 650 1400 578 623 407 1133 213 820 835 1022

Table 7: Ablation results across all conditions. Mean GeoGuessr score (0–5000) per model on the Competition (C)
and Type1 (T1) datasets under each ablation: 80 Steps (step limit raised 40→80, navigation enabled); Immobilized
(move_* tools removed, look-and-zoom only, 40 steps); Top-/Bottom-Half FOV (vertical half of each 1920× 1080
capture removed, 40 steps, navigation enabled); Web Search (search_engine_query and fetch_url_content
added, full images, 40 steps). Best value per column in bold.

Figure 10: Immobilization Demonstration. Example
visual context gathered by Kimi K2.6 when restricted
to the initial panorama.

the Synthetic dataset and 6/11 on the Competition510

dataset experienced performance increases.511

Web Search: Models were exposed web search512

tools in order to trivialize the world knowl-513

edge component of geolocation. However, only514

4/11 models experienced improvements in both515

datasets, while 5/11 experienced degeneracies in516

both datasets.517

Ablation Analysis: These results imply that the518

visual context gathered by models within a single519

panorama resulted in performance comparable to520

the visual context gathered across multiple panora-521

mas. Claude’s performance increase from the basic522

configuration to the 80 step ablation demonstrates523

that its policy depended on exploration, otherwise524

its basic configuration performance would have525

matched that of the immobilization ablation. As-526

suming models respond once they receive sufficient527

visual context, we claim that the agents’ explo-528

ration policies are flawed in such a way that extra529

navigation across multiple panoramas is required to 530

match the visual evidence obtainable from a single, 531

arbitrary panorama. While the visual capabilities 532

of agents are impressive, this deficiency in their ex- 533

ploration policy demonstrates that frontier agents 534

still lack in their 3D spatial and navigational under- 535

standing. 536

7 Context Compression in the Agent 537

Framework 538

Single-shot VLMs underperform on GeoGuesser 539

Bench because an isolated panorama rarely dis- 540

criminates among locations with similar architec- 541

ture, vegetation, or climate; reliable geolocation 542

requires active exploration—iteratively selecting 543

viewpoints, accumulating complementary observa- 544

tions, and committing only when evidence is suffi- 545

cient. We realize this with a closed-loop agent that 546

observes the current panorama, selects a viewpoint, 547

executes atomic actions, and returns an answer 548

once exploration terminates. Two design choices 549

distinguish our framework from prior agent designs 550

(ReAct (Yao et al., 2023), Reflexion (Shinn et al., 551

2023), Auto-GPT (Significant Gravitas, 2023), Voy- 552

ager (Wang et al., 2023); see Appendix A): (i) a 553

Planner–Worker split that routes global reasoning 554

to a large model and fine-grained visual action 555

grounding to a small one, and (ii) an explicit pre- 556

filter that compresses trajectory memory before 557

the Planner sees it. The framework is applied uni- 558

formly across all three GeoGuesser Bench tasks 559

and, as shown in Section 7.2, substantially im- 560
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proves accuracy over the strongest single-shot base-561

lines.562

The split is motivated by both capability and563

cost: the Worker is invoked several times per plan-564

ning round, so routing atomic actions through a565

small fine-tuned VLM reduces token cost and la-566

tency without compromising high-level decisions,567

while the structured planner-to-worker interface568

(one instruction in, one action out) lets either com-569

ponent be swapped independently. The prefilter is570

motivated by a token-cost analysis: re-encoding571

the growing trajectory at each round drives a sin-572

gle task to ∼107 planner tokens, most of which573

redundantly re-encode past history. A lightweight574

VLM that summarizes the trajectory into a brief575

and focus hint cuts planner token consumption by576

more than half and, as shown in Table 9, can also577

improve accuracy by directing attention to the most578

informative evidence.579

The loop comprises four components:580

• Planner. A large vision-language reasoning581

model (e.g., Gemini 3 Flash). Conditioned on582

the task, the current exploration context, and a583

set of selected visual observations, it decides584

whether to continue or terminate.585

• Worker. A small vision-language action586

model (e.g., Qwen2.5-7B-VL). Given the cur-587

rent image and the Planner’s natural-language588

instruction, it predicts a single atomic action.589

• Environment. A Street View navigator. The590

action space comprises Move Forward, Turn591

Left/Right at small or large angular increments,592

Look Up/Down, Zoom In/Out, and Stop.593

• Memory. A trajectory store of recent steps594

and selected key frames, conditioning the595

Planner on past evidence rather than the most596

recent frame alone.597

7.1 Framework Instantiation: Prefilter598

Planner599

We instantiate the framework with a concrete pre-600

filter planner. Conditioned on the task, the most601

recent actions, and the notes associated with se-602

lected key frames, the prefilter, a model substan-603

tially smaller than the Planner, produces a compact604

two-field summary consisting of a short brief that605

describes the current state and a focus_hint that606

identifies the evidence most pertinent to the next607

decision. The Planner subsequently reasons over608

Figure 11: Prefilter agent framework. A lightweight
prefilter model compresses the trajectory into a brief
and focus hint, enabling the Planner to reason over a
smaller yet more targeted context while preserving the
Planner–Worker execution interface.

this compressed summary in place of the raw his- 609

tory, which is the mechanism by which the planner 610

token cost is reduced. As illustrated in Figure 11, 611

the prefilter module is positioned between memory 612

construction and high-level reasoning, performing 613

trajectory compression prior to invocation of the 614

main Planner. 615

Importantly, the prefilter framework preserves 616

the downstream interface unchanged: the Planner 617

continues to emit thought, status, instruction, 618

and answer. The introduction of prefiltering there- 619

fore modifies only the context-construction strat- 620

egy, leaving the decision schema and the execution 621

loop intact, which renders the with- and without- 622

prefilter conditions directly comparable in the ex- 623

periments that follow. 624

7.2 Comparison with Prior Results 625

Prior to presenting the token-cost analysis, we first 626

verify that the compressed-context framework does 627

not incur an accuracy penalty. Table 8 compares the 628

prefilter agent against the strongest results reported 629

earlier in the paper. The largest improvement is 630

observed on Task 1 (Exact Geolocation), where our 631

framework attains an estimated GeoGuessr score 632

substantially exceeding the previous best model 633

result. The proposed method also achieves the 634

best performance on Task 3 (Environmental Chal- 635

lenges). Although performance on Task 2 (Coarse 636

Geolocation) remains below the strongest previ- 637

ously reported score, the prefilter agent establishes 638

new state-of-the-art performance on two of the 639

three tasks, with a particularly large margin on the 640

most demanding exact-geolocation setting, while, 641

as shown in Table 9, achieving these results at a 642

fraction of the planner token cost. 643
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Task Prior Best Ours
Task 1 (Exact Geoloc.) 2467.0 4737
Task 2 (Coarse Geoloc.) 37.50% 30.00%
Task 3 (Env. Challenges) 22.50% 24.39%

Table 8: Comparison between the proposed agent frame-
work and the strongest previously reported results in the
paper. The proposed method outperforms prior results
on Task 1 and Task 3, with a particularly large margin
on exact geolocation.

Task 1 Task 2 Task 3
Tokens (no PF) 11.06M 6.20M 11.18M
Tokens (PF) 4.36M 2.44M 4.80M
Reduction 60.6% 60.7% 57.1%
Result (no PF) 4686 30.00% 24.39%
Result (PF) 4737 26.25% 24.39%

Table 9: Ablation on the prefilter (PF) model. Disabling
prefilter sharply increases token usage but does not im-
prove accuracy. Task 1 reports estimated GeoGuessr
score (MDE drops from 166.89 km to 89.56 km with
PF); Task 2 and Task 3 report accuracy.
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A Relation to Prior Agent Frameworks796

Our design builds on a substantial body of work on LLM-based agents. ReAct (Yao et al., 2023) establishes797

the canonical paradigm in which a language model interleaves chain-of-thought reasoning with tool actions798

inside a closed reason–act–observe loop. Reflexion (Shinn et al., 2023) augments this loop with verbal799

self-criticism, while Auto-GPT (Significant Gravitas, 2023) popularizes fully autonomous orchestration in800

which a single LLM iteratively decomposes a user goal and dispatches sub-tasks to itself; Voyager (Wang801

et al., 2023) extends the paradigm to embodied settings by incrementally accumulating a library of802

executable skills through environment interaction. These frameworks share the common premise that803

long-horizon problems are best solved by alternating reasoning steps with environment observations. The804

framework in Section 7 instantiates this premise in the visual geolocation setting while departing from805

prior work in (i) decomposing high-level reasoning and low-level visual action across two models of806

very different capacity, and (ii) interposing an explicit prefilter stage between trajectory memory and the807

planner, which decouples context summarization from high-level reasoning.808

B Haversine Distance Formula809

Given two latitude-longitude coordinates (ϕ1, λ1) and (ϕ2, λ2) on a spherical surface of radius r, the810

equation for their haversine distance is given by (Snyder, 1987):811

Hav(x1,x2) = 2r arcsin

(︄√︄
sin2

(︃
ϕ2 − ϕ1

2

)︃
+ cos (ϕ1) cos (ϕ2) sin

2

(︃
λ2 − λ1

2

)︃)︄
(2)812

This quantity represents the shortest distance between the two coordinates over the surface of the813

sphere.814

C Additional Figures and Tables815

Table 10: Taxonomy of observed failure modes. Each mode represents a distinct category of error exhibited by
visual agents during geospatial reasoning tasks.

ID Failure Mode Description Affected Stage
FM 1 Vision Failure Errors in interpreting visual input or applying pretrained knowl-

edge, including hallucinated landmark recognition, target object
misclassification, and faulty perception of scene content.

Vision

FM 2 Navigational Reasoning Failure Errors in spatial and navigational reasoning, including poor route
planning, imprecise movement execution, and lost spatial aware-
ness across observations.

Planning / Execution

FM 3 Tool-Use Failure Errors in tool interface use, including malformed or invalid calls,
hallucinated tool capabilities, and refusal to engage due to mis-
understood tool semantics.

Tool Use
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Figure 12: Qwen3.5 Model Family Failure Distribution.
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Figure 13: Claude Opus 4.6 Failure Distribution.

FM 1 FM 2 FM 3 FM 4 FM 5A FM 5B0

20

40

60

80

100

Pe
rc

en
tag

e o
f f

ail
ur

es
 (%

)

4.9

95.1

13.1

Type 1 (n = 61)

FM 1 FM 2 FM 3 FM 4 FM 5A FM 5B

2.6

97.4

18.4

Competition (n = 38)

FM 1 FM 2 FM 3 FM 4 FM 5A FM 5B0

20

40

60

80

100

Pe
rc

en
tag

e o
f f

ail
ur

es
 (%

)

39.6

1.9

58.5

5.7

Type 2 (n = 53)

FM 1 FM 2 FM 3 FM 4 FM 5A FM 5B
1.5

24.2

4.5

78.8

13.6

Type 3 (n = 66)

Figure 14: GPT 5.2 Failure Distribution.
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Precise Environmental Challenge Prompt: How many red lanterns are hanging along the next block
south on Grant Avenue?
'Navigation ': move_south x6
'Response ': 6
'Reasoning ': 'I moved south along Grant Avenue and captured the view of the next

block. I counted 6 red lanterns hanging directly above the street on a wire/
string , which are the street lanterns and not part of any store decorations.'

Figure 15: Lack of Object Permanence Example. Shown is the final view of Qwen 3.5-122B-A10B for the given
Type 3 prompt. Not only does the model miscount the number of lanterns hanging just above, it disregards the count
of the other lanterns it passed by on the way to this viewpoint.
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Coarse Geolocation Prompt: What street are we on?
'Response ': I do not know
'Reasoning ': 'I have navigated through the area ...but I cannot see any street

signs or clear identifiers that would reveal the street name. The images show
a road with double yellow lines , snow -covered ground , pine trees on one side ,
and buildings on the other , with mountains in the distance , but no visible
street name signage.'

Figure 16: Navigational Reasoning Failure Example. Shown is an intermediate view of Qwen 3.5-397B-A17B for
the given Type 2 prompt. The agent disregards the blue signage and crosswalks as likely indicators of street signs.

18


	Introduction
	Related Work
	Benchmark Data Curation
	Dataset Stratification
	Curation Methodology

	Environment Design
	Evaluation
	Type 1 (Exact Geolocation) Evaluation
	Type 2 (Coarse Geolocation) and Type 3 (Precise Environmental Challenge) Evaluation

	Results
	Agent Performance
	Failure Mode Analysis
	Analyzing the Roles of Visual Information and Navigation

	Context Compression in the Agent Framework
	Framework Instantiation: Prefilter Planner
	Comparison with Prior Results

	Relation to Prior Agent Frameworks
	Haversine Distance Formula
	Additional Figures and Tables

