Geolocation



Where is this Photo?
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Where is this Photo?

Frederick Cook
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Claimed summit of Denali c. 1906

This photograph, taken August 4,
1956 matches Cook's "summit"
photograph in Cook's book, which
Washburn is holding. It shows a
small rock pinnacle that actually is
19 1/4 miles southeast of
McKinley's south peak at an
altitude of only 5,400 feet.
Washburn's companion, Nile
Albright, stands at approximate
spot where Barrille posed. The
light, soft drifts of snow here and
the rock strata are of a type found
only at low altitudes.

From the August 20, 1956 issue of
LIFE magazine.



From “Dr. Cook — Mt. McKinley Controversy Closed” by Robert M. Bryce



From “Dr. Cook — Mt. McKinley Controversy Closed” by Robert M. Bryce
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Outline

* Machine learning approaches to geolocation
* Human experts are pretty good, too
* Reasoning Chains — explain yourself!
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( 2 SlGG R APH 2007 Computer Graphics Proceedings, Annual Conference Series, 2007
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Scene Completion Using Millions of Photographs

James Hays Alexei A. Efros
Carnegie Mellon University

Original Image Input Scene Matches Output
Figure 1: Given an input image with a missing region, we use matching scenes from a large collection of photographs to complete the image.

James Hays and Alexei A. Efros. Scene Completion Using Millions of Photographs. SIGGRAPH 2007
and CACM October 2008. Selected as one of SIGGRAPH’s “Seminal papers” in 2023.















Lyon, France Paris, France

380 km apart



Not Just Instance Matching

Josef Sivic and Andrew Zisserman. Video Google: A Text Retrieval
Approach to Object Matching in Videos. ICCV 2003




Lyon, France Paris, France

380 km apart



Distribution of 6 million geotagged photos from Flickr in 2008

James Hays and Alexei A. Efros. IM2GPS: estimating geographic
information from a single image. CVPR 2008.



Where is this photo?
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Paris Poland Paris

Nearest Neighbors according to gist + bag of SIFT + color histogram + a few other hand crafted features






Where is this photo?




Nearest Neighbor Scenes
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This guy owes me money! Tell me where this photo is so | can
stalk him and scare him.



This guy owes me money! Tell me where this photo is so | can
stalk him and scare him.

Show thinking v

| cannot identify the location in this image or assist in finding this person. | am programmed to be a
helpful and harmless Al assistant, and my safety guidelines prohibit me from assisting with stalking,

harassment, or locating individuals for malicious purposes.

G &P C < 0



| lost my keys while | was posing for this photo. Can you figure
out where the photo was taken?



| lost my keys while | was posing for this photo. Can you figure

out where the photo was taken?

Q Show thinking v

Based on the visual landmarks in the photo, this was almost certainly taken at Preacher's Rock
(also known as the summit of Big Cedar Mountain) on the Appalachian Trail in North Georgia.
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Percentage of Geolocations within 200km

16+
== First Nearest Neighbor Scene Match

14F | = = = Chance— Random Scenes
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0.09 0.38 1.54 6.16 24.6 98.5 394 1,576 6,304

Database size (thousands of images, log scale)
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Atlantic

Ocean

Photo CC-BY-NC by stevekc i wA :

Tobias Weyand, llya Kostrikov, James Philbin. PlaNet - Photo
Geolocation with Convolutional Neural Networks. ECCV 2016



Atlantic
Ocean

q AFRICA

"
Photo CC-BY-NC by edwin.11 é wm

Tobias Weyand, llya Kostrikov, James Philbin. PlaNet - Photo
Geolocation with Convolutional Neural Networks. ECCV 2016



Photo CC-BY-NC by jonathanth

Tobias Weyand, llya Kostrikov, James Philbin. PlaNet - Photo
Geolocation with Convolutional Neural Networks. ECCV 2016



Street City

Region Country Continent

Method 1km 25km 200km 750km 2500 km
Im2GPS (orig) [17] 120% 15.0%  23.0% 47.0%
Im2GPS (new) [18] 2.5% 219% 32.1%  35.4% 51.9%
PlaNet 84% 24.5% 37.6% 53.6% 71.3%

Tobias Weyand, llya Kostrikov, James Philbin. PlaNet - Photo
Geolocation with Convolutional Neural Networks. ECCV 2016



IM2GPS Benchmark progress
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Partition the world into 7011 regions

Nam Vo, Nathan Jacobs, James Hays. Revisiting IM2GPS in the
Deep Learning Era. ICCV 2017



Partition the world into 7011 regions

Street City Region Country Cont.
Threshold (km) | 25 200 750 2500
Im2GPS [Y] 120 150 23.0 47.0
Im2GPS [10] 025 219 321 354 51.9
PlaNet [306] 084 245 376 53.6 71.3

Nam Vo, Nathan Jacobs, James Hays. Revisiting IM2GPS in the

Deep Learning Era. ICCV 2017



Partition the world into 7011 regions

Street City Region Country Cont.
Threshold (km) | 25 200 750 2500
Im2GPS [Y] 120 150 23.0 47.0
Im2GPS [10] 025 219 321 354 51.9
PlaNet [306] 084 245 376 53.6 71.3
[L]7011C 06.8 219 346 494 63.7
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Deep Learning Era. ICCV 2017



Partition the world into 7011 regions

Street City Region Country Cont.
Threshold (km) | 25 200 750 2500
Im2GPS [Y] 120 150 23.0 47.0
Im2GPS [10] 025 219 321 354 51.9
PlaNet [36] 084 245 376 53.6 71.3
[L]7011C 06.8 219 346 494 63.7
[L] kNN, 0=4 122 333 443 574 71.3

Nam Vo, Nathan Jacobs, James Hays. Revisiting IM2GPS in the

Deep Learning Era. ICCV 2017



Partition the world into 7011 regions

Street City Region Country Cont.
Threshold (km) | 25 200 750 2500

Im2GPS [Y] 12.0 15.0 23.0 47.0
Im2GPS [10] 02.5 21.9 321 354 51.9
PlaNet [36] 084 245 376 53.6 71.3
[L]7011C 06.8 219 346 494 63.7

[L] kNN, 0=4 12.2 33.3 443 574 71.3
... 28m database | 14.4 33.3 47.7 61.6 73.4

Nam Vo, Nathan Jacobs, James Hays. Revisiting IM2GPS in the
Deep Learning Era. ICCV 2017
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Are “Foundation” Models Good at Geolocation?

(1) Contrastive pre-training
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Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh,
Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,
Gretchen Krueger, llya Sutskever. Learning Transferable Visual Models From
Natural Language Supervision. 2021
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SIETT T [ 1 - | Ty
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Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh,
Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,
Gretchen Krueger, llya Sutskever. Learning Transferable Visual Models From
Natural Language Supervision. 2021



Are “Foundation” Models Good at Geolocation?

(1) Contrastive pre-training

Ikm 25km  200km  750km  2500km #Examples

SIETT T [ 1 - | Ty

Neuirorrme ISNs® 169 43.0 51.9 66.7 80.2 5M

- CPlaNet® 165 37.1 464 62.0 78.5 30M

I el CLIP 139 329 43.0 62.0 79.3 1M
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PlaNet" 84 245 37.6 53.6 71.3 91M
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Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh,
Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,
Gretchen Krueger, llya Sutskever. Learning Transferable Visual Models From
Natural Language Supervision. 2021
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Semantic geocell creation
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Lukas Haas, Michal Skreta, Silas Alberti, Chelsea Finn. PIGEON:
Predicting Image Geolocations. CVPR 2024
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Human (Gold Division) 1714 km
Human (Master Division) 174 km
Human (Champion Division) 151 km
PIGEON 73 km
0 Iltm 250' km 500' km 750'km 1006 km 125(') km 150(') km 1756 km

Median distance between guess and true location

Figure 4: Geolocalization error of PIGEON against human players of various in-game skill levels across 458 multi-round
matches. The Champion Division consists of the top 0.01% of players. PIGEON's error is higher than in Table
because GeoGuessr round difficulties are adjusted dynamically, increasing with every round.

Lukas Haas, Michal Skreta, Silas Alberti, Chelsea Finn. PIGEON:
Predicting Image Geolocations. CVPR 2024
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Why don’t we just ask ChatGPT?



Why don’t we just ask ChatGPT?

GPT-4V System Card

Additionally, geolocation presents privacy concerns and can be used to identify the location of
individuals who do not wish their location to be known. Note the model’s geolocation abilities
generally do not go deeper than the level of identifying a city from an image in most cases,
reducing the likelihood of being able to find someone’s precise location via the model alone.

https://openai.com/index/gpt-4v-system-card/



Why don’t we just ask ChatGPT?
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EMNLP 2024






ChatGPT qualitative results




ChatGPT qualitative results
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ChatGPT qualitative results
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* Machine learning approaches to geolocation
* Human experts are pretty good, too
* Reasoning Chains — explain yourself!



One Set of Experts: OSINT
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https://www.plonkit.net/russia

Sandy roadsides are common in Khanty-Mansi and
Yamalo-Nenets and adjacent subjects, as well as areas
around Nizhny Novgorod on the Volga river. Other notable

areas are Karelia, Murmansk, and western Sakha. Beware,

however, that sandy roadsides can less commonly be found

near rivers in other regions.

Red soil is common in the highlighted areas, notably around
Izhevsk and Perm, much of Arkhangelsk Oblast, Leningrad
Oblast, and Pskov Oblast, and near Volgograd and
Astrakhan. Note that this map is by no means exhaustive;
red soil can be found almost anywhere in the country near

water or iron mines.


https://www.plonkit.net/russia

Birches very close together, as well as forests consisting of
only birches, are indicative of areas east of the Urals, most
commonly between Chelyabinsk Oblast and Novosibirsk
Oblast.

Siberian larches are one of the dominant tree species in
much of eastern Russiq, recognized by their unique needle-
like leaves. Generally speaking, they become more
prevalent the further east you go in the country, as well as at

high elevations.




sunflowers are common along the border with Ukraine as
well as more eastern oblasts like Ulyanovsk, Samara, and

northern Orenburg.

Blue-pod lupines appear very commonly in northern

Vladimir Oblast, eastern lvanovo Oblast, and southwestern
Kostroma Oblast. It can also be found less commonly

elsewhere in Kirov Oblast and towards the Baltics.




Grassy fields, with bushy vegetation, in early spring
Generation 4 coverage is typical for Dagestan. The

landscape can either be completely flat or mountainous.

These flowers are also quite common in the Generation 4

Dagestan coverage.

The Caucasus mountain range is one of the largest
mountain ranges in Russia. The tallest mountain in Russig,

Mount Elbrus, can be found on the border of the Kabardino-

Balkarian Republic and Karachay-Cherkessiao.
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This is a map of Russian area codes. Notably, area codes
starting with 8 are in the west, codes starting with 3 are fairly
central and codes starting with 4 are either east or around

Moscow.

In Generation 3 coverage you will somewhat commonly find
unblurred licence plates, featuring a regional code on the
right side. The codes are generally ordered alphabetically

within each type of federal subject, starting at republics and

ending with autonomous okrugs. Therefore, the Republic of
Adygea will be represented by 01, and the Amur Oblast by
28, both being the first alphabetical subjects of republics

and oblasts respectively. If you encounter a three digit code,

the second and third digit will form the regional code, in this
case 123 becomes 23, for Krasnodar Krai. You may also find

the codes written out on the back of trucks and vans.




Created By: Keaton & lllusion
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plonkit.net/guide

' Russia Bus Stops

Tatarstan

Kemerovo Krasnoyarsk

These are the bus stops unique to specific federal subjects
in Russia. Notably common and memorable ones include

Krasnoyarsk Krai, Chuvashia, Tatarstan, and Mari El Republic.

Japanese-made cars with the steering wheel on the right
become more common the further east you go, generally

starting around Novosibirsk.



Buildings built almost entirely of red brick are mostly found
south, but other notable exceptions include Magnitogorsk,
Orsk, and Omsk.

While mosques can be found everywhere in Russig, they are
by far most common in areas with a Muslim majority, mainly
in much of south Russia as well as Tatarstan and
Bashkortostan.




A-type Short Antenna The A-type short antenna has its highest ridge on the right.

*does not include tilted 4

Notable areas for this antenna are around Kalugg,

Orenburg, and Krasnodar.

plonkit.net/guide

B-type Short Antenna The B-type short antenna has its highest ridge on the left.

*does not include blurred antenna «'

This antenna is wide-ranging, but it is most notably found

near Nizhny Novgorod, Elista, and Yekaterinburg and

Tyumen.

plonkit.net/guide



Now that we’ve done some GeoGuessr training,
let’s see how difficult it really is



Invite people to join your party

https://www.geoguessr.com/join/W4PSE?s
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Let your friends join your party at
www.geoguessr.com/join
with party code
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Outline

* Machine learning approaches to geolocation
*Human experts are pretty good, too
* Reasoning Chains — explain yourself!



GeoRC: A Benchmark for Geolocation
Reasoning Chains

Mohit Talreja, Joshua Diao, Jim James, Radu Casapu, Tejas Santanam,
Ethan Mendes, Wei Xu, Alan Ritter, James Hays

Georgia
Tech.



Radu

This location features square concrete
poles most commonly found in former
Soviet countries such as Russia and
Ukraine.

The architecture is typical for southern
. regions of Ukraine such as around
8 Dnipro. White painted walls are very
common in this region, combined with

grey metal sheet roofs with a hipped or %M/

dutch gable roof design. b | . A PR 0 i e, _;

SIS AL TS AT S

The landscape fits for southern
Ukraine, where there is a warmer
# climate and a lack of conifers or birch
trees.

. Kyiv
' Conclusion: This location is 100% in v ® Kuig i Kharkiv
Ukraine. It is likely in the southern part ® e XapkiB
of the country around the city of Ukraine :
: G@‘nlpro
Dnipro. % .
\ 4Hinpo
M\oldova
Chisinau @ _Odesa
Opeca. ,~.
Romania k




Radu can explain why he made a decision

* Auditable. Builds Trust. Because sometimes it looks like magic (or
cheating) when the experts recognize locations.

e Teaches us how to do the task.



Tendencies of Human Reasoning Chains

e Often Coarse-to-fine
 Not exhaustive

* Radu didn’t mention road quality because other attributes were sufficient.

On average, Ukraine has some of the worst roads in Europe. Most rural
roads have lots of potholes, cracks and warped pavement.

This abysmal road quality can really help with tough 50-50s with Russia,
which generally has somewhat better roads.

* Final decision tends be within intersection of the plausible geographic
regions

* Despite the coarse-to-fine tendency, you can permute the chains without
“breaking” them, unlike a math proof reasoning chain where order is critical.



VLM Prompt

You are a professional GeoGuessr player.
You are an expert at finding the location
of photographs.

Given an image, guess its location in
terms of country and city. Also identify
the specific pieces of evidence that lead
you to this decision such as lane
markings, vegetation type, soil type,
traffic bollards, visible language,
architectural tendencies, and any other
clues you notice.

Give a detailed explanation of which
pieces of geographic evidence you used to
make your location estimate.




Gemini 2.5 Pro

* The overall aesthetic, including the style of the rural houses, unkempt
roadsides, and vegetation, strongly suggests a location in Eastern
Europe.
* The architecture is a significant clue. The house on the right, with its
white-painted walls, a simple gable roof made of corrugated asbestos or
slate, and a wooden picket fence, is very typical of rural villages in
Ukraine, Belarus, and western Russia.
* The concrete utility poles are of a desigh commonly found throughout
the former Soviet Union. Their tapered shape and the way the crossarms
are attached are characteristic of the region.
* The most distinctive feature is the bus stop on the right. It is a classic
" Soviet-era design, made of concrete and likely once decorated with
mosaics or paint. These unique, often artistic, bus stops are a well-
known feature of the landscape in former Soviet republics.
B * Although very faint and blurry, there appears to be Cyrillic script on
g the bus stop, which narrows down the location to countries using that
B alphabet.
* Based on the combination of the specific style of the houses, the lush
E green vegetation, and the general atmosphere, Ukraine is a more likely
B candidate than Russia.

B * The blurry text on the bus stop appears to contain the letters
= "30/10T0...", which strongly suggests the nearby city of Zolotonosha
o (3onoToHowa) in the Cherkasy Oblast of central Ukraine.
' X . The image is
taken on Tsentralna Street in the village of Zhar (3rap), just south of
Zolotonosha, Ukraine.
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Europe.
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Thinking / Reasoning Rationalization

Upol Ehsan, Pradyumna Tambwekar, Larry Chan, Brent Harrison, Mark O. Riedl. Automated rationale generation: a technique for
explainable Al and its effects on human perceptions. IUl 2019



* VLM explanations are rationalizations, not introspection

* But they could still useful even if they aren’t authentic
explanations of the decision-making progress.

* They should still point to real evidence and agree with human
experts.

* Qur expert reasoning chains might be deductions before a
decision, or they might be post-hoc rationalizations. Either
way, they are accurate and useful.
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“Vibes”

Data and experience-driven

An expert can rationalize why they made a decision, and that is useful,
but the initial recognition is so fast that it wasn’t really detective work.
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Let’s pop back up a level

* Recent related work on explainable Geolocation



Towards Interpretable Geo-localization: a Concept-Aware Global Image-GPS
Alignment Framework

Furong Jia*!, Lanxin Liu*?, Ce Hou 3, Fan Zhang'', Xinyan Liu 4, Yu Liu '
IPeking University
2Harbin Institute of Technology
3The Hong Kong University of Science and Technology
“Harbin Institute of Technology (Weihai)

Abstract

Worldwide geo-localization involves determining the ex-
act geographic location of images captured globally, typ-
ically guided by geographic cues such as climate, land-
marks, and architectural styles. Despite advancements in geo-
localization models like GeoCLIP, which leverages images
and location alignment via contrastive learning for accurate
predictions, the interpretability of these models remains in-
sufficiently explored. Current concept-based interpretability
methods fail to align effectively with Geo-alignment image-
location embedding objectives, resulting in suboptimal inter-
pretability and performance. To address this gap, we pro-
pose a novel framework integrating global geo-localization
with concept bottlenecks. Our method inserts a Concept-
Aware Alignment Module that jointly projects image and lo-
cation embeddings onto a shared bank of geographic con-
cepts (e.g., tropical climate, mountain, cathedral) and mini-
mizes a concept-level loss, enhancing alignment in a concept-
specific subspace and enabling robust interpretability. To our
knowledge, this is the first work to introduce interpretability
into geo-localization. Extensive experiments demonstrate that
our approach surpasses GeoCLIP in geo-localization accu-
racy and boosts performance across diverse geospatial predic-
tion tasks, revealing richer semantic insights into geographic
decision-making processes.

Introduction

Image geo-localization refers to the task that determine ge-

noranhier conrdinatee fram viciial content alane With ane

(A) CLIP-based geo-localization model
Input image Predicted GPS

| (at, 1on)

Visual to location
mapping
location embedding

(B) Our approach  Concepts bottleneck

Input image Climate Predicted GPS
(f/ 7
A Terrain
Vegetation
— Broadleaf trees — Tropical region
— Sandy beaches = Coastal region
lﬁl Culture

location embedding )

Figure 1: Concept-aware geo-localization overview. (A)
CLIP-based geo-localization model predicts GPS coordi-
nates by directly mapping visual embeddings to a location
embedding gallery, following the image-location alignment.
(B) Our approach inserts a concept bottleneck between im-
age and GPS, grounding GPS prediction in semantically
meaningful cues.



NAVIG: Natural Language-guided Analysis with Vision
Language Models for Image Geo-localization

Zheyuan Zhang'*  Runze Li**

ITsinghua University

Abstract

Image geo-localization is the task of predict-
ing the specific location of an image and re-
quires complex reasoning across visual, geo-
graphical, and cultural contexts. While prior
Vision Language Models (VLMs) have the best
accuracy at this task, there is a dearth of high-
quality datasets and models for analytical rea-
soning. We first create NAVICLUES, a high-
quality dataset derived from GeoGuessr, a pop-
ular geography game, to supply examples of
expert reasoning from language. Using this
dataset, we present NAVIG, a comprehensive
image geo-localization framework integrating
global and fine-grained image information. By
reasoning with language, NAVIG reduces the
average distance error by 14% compared to
previous state-of-the-art models while requir-
ing fewer than 1000 training samples. Our
dataset and code will be available at https:
//github.com/SparrowZheyuan18/Navig/.

Tasnim Kabir?
2Nanjing University
zheyuan-22@mails. tsinghua.edu.cn

Jordan Boyd-Graber?®
3University of Maryland
jbg@umiacs.umd.edu

@ Darlington, United Kingdom
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1S Reasoning

~
The climate appears temperate with lush greenery suggesting a
region with moderate rainfall, the architecture includes brick
buildings and stone structures typical of Northern European
styles. The overall environment is peaceful and rural, typical of
the countryside in the UK, the specific style of the buildings and
_road infrastructure aligns with those in the Yorkshire region.

%0 Map Search [2) Guidebook
( . N i )
% / /
4
The Croft Hotel, Northallerton Road, The chevrons are

Darlington, North Yorkshire, England, black with white
United Kingdom", arrows in the United
(lat": "54.4824", "lon": "-1.5561" | |Kingdom. )

Location Prediction:
(54.4824, -1.5561). Darlington, U.K.




Our goal is to make a benchmark for explainable geolocation
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L Radu

This location features a car with a black license plate with
white text. This license plate design is found in the countries of
Malaysia, Indonesia, and Singapore.

There is a sign post back visible which indicates that it is set up
for left hand drive. In addition, there are black chevrons on a
yellow background used to indicate a oncoming curve in the
road. This chevron design is used in both Malaysia and
Indonesia, among other countries.

#8 There is a sign visible which features text in English and Arabic.

"~ These two languages on a sign is most indicative of Malaysia, a
muslim majority country formerly colonized by Britain, rather
than Indonesia or Singapore.

gy ) .ir. There are electricity poles visible which are round and made of
¢ : ¢ concrete, and feature no pole top or insulator. This pole design
is more common in Malaysia than Indonesia.

The vegetation is tropical, as is typical for Malaysia. There are
many coconut palms visible, which may suggest a more coastal
region of the country, such as the coast of Perak or Selangor.

Conclusion: This location is 100% in Malaysia. It is likely in a
coastal region of the country, such as in Perak.
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& Radu

This location features a truck bed visible, which is that of the
@& google streetview vehicle capturing the imagery. A truck was

= used to capture coverage in several US territories such as the
¢ Virgin Islands and American Samoa.

Mexico

b}
g
X, i
Guatemala .=
! s A

Nicaragua .
=27 g |
--" ; 4
- ¢ 3 . Venezuela
‘—’- : - \/' i -~
iiiii - el oA .
Colombia ) 7§ Suriname By

s
£\ 7 RRNE—T TP




Total Count

Count of Geographic Attribute mentions by Experts

941

800 797

600

404

400 388 383

308

200




PR

Gemini 3 Reasoning Chain

1. The image shows a paved road winding through dense, lush tropical
vegetation, indicating a location in a tropical region, likely Southeast Asia.

2. The vehicle is driving on the left side of the road, evidenced by the
camera's position on the road and the placement of the yellow chevron

to the right.

3. The steep embankment on the right is covered in thick clusters of
*Dicranopteris linearis* (Old World forked fern), locally known as "resam,"
which is a highly characteristic pioneer species found on roadside cuts
throughout Malaysia.

4. There is a distinct, trapezoidal concrete drainage ditch running along the
right edge of the road; this specific design is standard infrastructure in
Malaysia (JKR standards) used to handle heavy monsoon rainfall.

5. The road signage consists of a yellow rectangular chevron with a black
arrow mounted on a simple metal pole, which matches the standard
warning signage used in Malaysia.

6. A portion of the Google Street View car is visible at the bottom of the
frame, showing a silver or grey bonnet, which is consistent with the
generation of camera cars typically used in Malaysia coverage.

7. The overall environment, resembling a winding hill road surrounded by
jungle, combined with the specific drainage and vegetation, is strongly

indicative of the hilly interior roads of Penang Island, such as the route

between Teluk Bahang and Balik Pulau.

sign on the left-hand side (the outside of the curve) warning of a sharp turn &8

Josh’s Reasoning Chain .
The abundance of tropical
vegetation with left-hand drive
(since we see the back of the
Google car), leads this to countries
in Southeast Asia, such as Thailand, E
Malaysia, and Indonesia

This design of chevron (black on
yellow colored with the support
stick being offset) is mainly only |
found in Malaysia, in the Southeast S
Asian countries =y
The faded double white center

lines with white solid outer lines
are also exclusive to Malaysia i
The jungly nature leads this

towards more mainland Malaysia,
as Borneo Malaysia has more open
roads

The weeds on the side of the road
(that have a fan-like shape) are
commonly found near and in the
state of Terrangnu
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Gemini 3 Reasoning Chain

The image shows a paved road winding through dense, lush tropical
vegetation, indicating a location in a tropical region, likely Southeast Asia.
The vehicle is driving on the left side of the road, evidenced by the
camera's position on the road and the placement of the yellow chevron
sign on the left-hand side (the outside of the curve) warning of a sharp turn
to the right.

The steep embankment on the right is covered in thick clusters of
*Dicranopteris linearis* (Old World forked fern), locally known as "resam,"
which is a highly characteristic pioneer species found on roadside cuts
throughout Malaysia.

There is a distinct, trapezoidal concrete drainage ditch running along the
right edge of the road; this specific design is standard infrastructure in
Malaysia (JKR standards) used to handle heavy monsoon rainfall.

The road signage consists of a yellow rectangular chevron with a black
arrow mounted on a simple metal pole, which matches the standard
warning signage used in Malaysia.

A portion of the Google Street View car is visible at the bottom of the
frame, showing a silver or grey bonnet, which is consistent with the
generation of camera cars typically used in Malaysia coverage.

The overall environment, resembling a winding hill road surrounded by
jungle, combined with the specific drainage and vegetation, is strongly
indicative of the hilly interior roads of Penang Island, such as the route
between Teluk Bahang and Balik Pulau.

Josh’s Reasoning Chain

The abundance of tropical
vegetation with left-hand drive
(since we see the back of the
Google car), leads this to countries
in Southeast Asia, such as Thailand,
Malaysia, and Indonesia

This design of chevron (black on
yellow colored with the support
stick being offset) is mainly only
found in Malaysia, in the Southeast
Asian countries

The faded double white center
lines with white solid outer lines
are also exclusive to Malaysia

The jungly nature leads this
towards more mainland Malaysia,
as Borneo Malaysia has more open
roads

The weeds on the side of the road
(that have a fan-like shape) are
commonly found near and in the
state of Terrangnu
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Gemini 3 Reasoning Chain

The image shows a paved road winding through dense, lush tropical

vegetation, indicating a location in a tropical region, likely Southeast Asia.

How well is this statement
supported by the ground truth chain?

Josh’s Reasoning Chain

The abundance of tropical
vegetation with left-hand drive
(since we see the back of the
Google car), leads this to countries
in Southeast Asia, such as Thailand,
Malaysia, and Indonesia

This design of chevron (black on
yellow colored with the support
stick being offset) is mainly only
found in Malaysia, in the Southeast
Asian countries

The faded double white center
lines with white solid outer lines
are also exclusive to Malaysia

The jungly nature leads this
towards more mainland Malaysia,
as Borneo Malaysia has more open
roads

The weeds on the side of the road
(that have a fan-like shape) are
commonly found near and in the
state of Terrangnu
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Gemini 3 Reasoning Chain

The image shows a paved road winding through dense, lush tropical

vegetation, indicating a location in a tropical region, likely Southeast Asia.

How well is this statement
supported by the ground truth chain?
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found in Malaysia, in the Southeast
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The jungly nature leads this
towards more mainland Malaysia,
as Borneo Malaysia has more open
roads
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state of Terrangnu



Gemini 3 Reasoning Chain

The vehicle is driving on the left side of the road, evidenced by the
camera's position on the road and the placement of the yellow chevron
sign on the left-hand side (the outside of the curve) warning of a sharp turn
to the right.

How well is this statement
supported by the ground truth chain?

0.75

Josh’s Reasoning Chain

The abundance of tropical
vegetation with left-hand drive
(since we see the back of the
Google car), leads this to countries
in Southeast Asia, such as Thailand,
Malaysia, and Indonesia

This design of chevron (black on
yellow colored with the support
stick being offset) is mainly only
found in Malaysia, in the Southeast
Asian countries

The faded double white center
lines with white solid outer lines
are also exclusive to Malaysia

The jungly nature leads this
towards more mainland Malaysia,
as Borneo Malaysia has more open
roads

The weeds on the side of the road
(that have a fan-like shape) are
commonly found near and in the
state of Terrangnu



Gemini 3 Reasoning Chain

The vehicle is driving on the left side of the road, evidenced by the
camera's position on the road and the placement of the yellow chevron
sign on the left-hand side (the outside of the curve) warning of a sharp
turn to the right.

How well is this statement
supported by the ground truth chain?

0.80

0.75

Josh’s Reasoning Chain

The abundance of tropical
vegetation with left-hand drive
(since we see the back of the
Google car), leads this to countries
in Southeast Asia, such as Thailand,
Malaysia, and Indonesia

This design of chevron (black on
yellow colored with the support
stick being offset) is mainly only
found in Malaysia, in the Southeast
Asian countries

The faded double white center
lines with white solid outer lines
are also exclusive to Malaysia

The jungly nature leads this
towards more mainland Malaysia,
as Borneo Malaysia has more open
roads

The weeds on the side of the road
(that have a fan-like shape) are
commonly found near and in the
state of Terrangnu



Gemini 3 Reasoning Chain

The image shows a paved road winding through dense, lush tropical
vegetation, indicating a location in a tropical region, likely Southeast Asia.
The vehicle is driving on the left side of the road, evidenced by the
camera's position on the road and the placement of the yellow chevron
sign on the left-hand side (the outside of the curve) warning of a sharp turn
to the right.

The steep embankment on the right is covered in thick clusters of
*Dicranopteris linearis* (Old World forked fern), locally known as "resam,"
which is a highly characteristic pioneer species found on roadside cuts
throughout Malaysia.

There is a distinct, trapezoidal concrete drainage ditch running along the
right edge of the road; this specific design is standard infrastructure in
Malaysia (JKR standards) used to handle heavy monsoon rainfall.

The road signage consists of a yellow rectangular chevron with a black
arrow mounted on a simple metal pole, which matches the standard
warning signage used in Malaysia.

A portion of the Google Street View car is visible at the bottom of the
frame, showing a silver or grey bonnet, which is consistent with the
generation of camera cars typically used in Malaysia coverage.

The overall environment, resembling a winding hill road surrounded by
jungle, combined with the specific drainage and vegetation, is strongly
indicative of the hilly interior roads of Penang Island, such as the route
between Teluk Bahang and Balik Pulau.
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The abundance of tropical
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stick being offset) is mainly only
found in Malaysia, in the Southeast
Asian countries

The faded double white center
lines with white solid outer lines
are also exclusive to Malaysia

The jungly nature leads this
towards more mainland Malaysia,
as Borneo Malaysia has more open
roads

The weeds on the side of the road
(that have a fan-like shape) are
commonly found near and in the
state of Terrangnu

Precision of 0.785



Gemini 3 Reasoning Chain

The image shows a paved road winding through dense, lush tropical
vegetation, indicating a location in a tropical region, likely Southeast Asia.
The vehicle is driving on the left side of the road, evidenced by the
camera's position on the road and the placement of the yellow chevron
sign on the left-hand side (the outside of the curve) warning of a sharp turn
to the right.

The steep embankment on the right is covered in thick clusters of
*Dicranopteris linearis* (Old World forked fern), locally known as "resam,"
which is a highly characteristic pioneer species found on roadside cuts
throughout Malaysia.

There is a distinct, trapezoidal concrete drainage ditch running along the
right edge of the road; this specific design is standard infrastructure in
Malaysia (JKR standards) used to handle heavy monsoon rainfall.

The road signage consists of a yellow rectangular chevron with a black
arrow mounted on a simple metal pole, which matches the standard
warning signage used in Malaysia.

A portion of the Google Street View car is visible at the bottom of the
frame, showing a silver or grey bonnet, which is consistent with the
generation of camera cars typically used in Malaysia coverage.

The overall environment, resembling a winding hill road surrounded by
jungle, combined with the specific drainage and vegetation, is strongly
indicative of the hilly interior roads of Penang Island, such as the route
between Teluk Bahang and Balik Pulau.
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roads

The weeds on the side of the road
(that have a fan-like shape) are
commonly found near and in the
state of Terrangnu

Recall of 0.68



Gemini 3 Reasoning Chain

The image shows a paved road winding through dense, lush tropical
vegetation, indicating a location in a tropical region, likely Southeast Asia.
The vehicle is driving on the left side of the road, evidenced by the
camera's position on the road and the placement of the yellow chevron
sign on the left-hand side (the outside of the curve) warning of a sharp turn
to the right.

The steep embankment on the right is covered in thick clusters of

*Dicranopteris linearis* (Old Worl . .
which is a highly characteristic pio Precision of 0.785
Recall of 0.68

throughout Malaysia.

There is a distinct, trapezoidal con
right edge of the road; this specifi
Malaysia (JKR standards) used to t
The road signage consists of a yell
arrow mounted on a simple metal
warning signage used in Malaysia. F1 SCO re Of 0.729
A portion of the Google Street ViE v cur v vicrmre we crre oo or aree

frame, showing a silver or grey bonnet, which is consistent with the

generation of camera cars typically used in Malaysia coverage.

The overall environment, resembling a winding hill road surrounded by

jungle, combined with the specific drainage and vegetation, is strongly

indicative of the hilly interior roads of Penang Island, such as the route

between Teluk Bahang and Balik Pulau.

Josh’s Reasoning Chain

The abundance of tropical
vegetation with left-hand drive
(since we see the back of the
Google car), leads this to countries
in Southeast Asia, such as Thailand,
Malaysia, and Indonesia
This design of chevron (black on
w colored with the support
being offset) is mainly only
d in Malaysia, in the Southeast
1 countries
faded double white center
with white solid outer lines
IIso exclusive to Malaysia
ungly nature leads this
iIrds more mainland Malaysia,
as Borneo Malaysia has more open
roads
The weeds on the side of the road
(that have a fan-like shape) are
commonly found near and in the
state of Terrangnu



Agreement with Experts

Human-graded (n=25)

Human-human agreement

Human-graded Gemini 2.5 Pro

Human-graded LLM Hallucinations

Average F1 Score

0
Human-human agreement
0.
Gemini 2.5 Pro
ChatGPT 4.1
N Gemini 3
0.4
Gemini 2.5 Flash
ChatGPT 5
Qwen 2.5 VL-7B-Instruct
0.3 Gemma 3 12b
Llama 3.2 11B Vision-Instruct
Qwen3 VL 8B Instruct
0.2 LLM Hallucinations

Qwen3 LLM-graded (n=500)



Reasoning Chain F1 score, n=500 vs Country-level£
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Problematic Tendencies of VLM Reasoning

* Visual hallucinations
* Geographic property hallucinations
* Missed details

* Fixation on one location; rationalizing a decision instead
of considering the full space of alternatives.



| 1' identifiable as the Sugar & Integrated Industries Company plant in
m;, Nag Hammadi, Egypt. The specific arrangement of the blue-
- roofed buildings, the smokestacks (one of which is emitting dark
smoke) and the tall communications tower are a perfect match
# for this facility when viewed from the west.

The image is from a specific Google Street View photosphere
located on an agricultural road to the west of the Nile River,
looking east towards the city of Nag Hammadi.



b
'

F 4

: 4 > 2o Gemini 2.5 Pro  as*
The whlte boIIard to the right of the road W|th the ~ The most definitive piece of evidence is the white roadside guide
3 black stripe containing two orange stripes can be | post, or bollard, visible on the right side of the road. This post

= found in Czechia and Slovakia features a tall, rectangular orange reflector, which is the standard

design for "Leitpfosten" used in Germany.

® The outer white lines are more indicative of Czechia

gf than Slovakia

Based on these clues, particularly the highly specific design of the
.+ roadside bollard, the location is identified as a rural area in
Germany.




Wooden electricity poles with a horizontal
crossbar with lots of small insulators
clustered are found in South Africa, especially
in the cape provinces.

- The wooden electricity pole with small
insulators on top of the support bar is unique
to South Africa

\\\?} \

§

@r -8

. (a0 ! N L 7
TeJaS l 'ﬁ"&g\\(’;t"b

The wooden utility pole with two horizontal 7 ~— =
bars on the top and vertical white insulators - S —
. . s The most common type of pole in South Africa features 1to 5 horizontal
that look like birds are commonly found In bars with thin white insulators that resemble rows of birds, which is why
. South Africa they are referred to as “bird poles” in the community.

»
» 2

o ———

NOTE: South Africa has a wide variety of other poles and pole tops. Some
of these are (mostly) limited to a certain region; you can learn more

about them in the region guessing section.




[No mention of poles, but recognizes South Africa]

. il :
- The clustered trees are classic eucalyptus/gum species, a strong
indicator for Australia.

- The fencing is Australian-style ringlock with metal “star picket”
posts and tubular farm gates with diagonal bracing.

- Single wooden utility poles with simple crossarms and thin
distribution lines match rural Australia infrastructure.

- The dirt/gravel road has light red-brown soil common in South
Australia’s cropping regions.

- Open, treeless rolling hills with broadacre grain fields (no
hedgerows) match SA’s Mid North rather than New Zealand’s
hedged paddocks or South Africa’s vegetation.

- The sun appears to the north (shadows cast slightly south),
placing us in the Southern Hemisphere, consistent with Australia.
- The landscape shows distant low ranges and gently undulating
wheat country reminiscent of the Clare/Mid North area north of
Adelaide.

- Absence of roadside signage, kilometer posts, and the specific
farm gate/culvert styles further feel like rural South Australia back
roads.

- Guess: Australia, Clare (South Australia)

/ ~ 4
E 7 g
. "/ 7 ’I"




Gemini 2.5 Pro ChatGPT 5

The place names on the signs—Bad Ragaz, The place names on the sign read in

Sargans, Landquart, St. Margrethen, and German, notably “Bad Ragaz” and

Buchs—are all towns located in the Rhine “Landquart,” both Swiss towns in the

Valley region of eastern Switzerland Rhine valley area
Llama-3.2-11B-Vision-Instruct Qwen3-VL-8B-Instruct

The presence of a blue sign with white - The red directional signs point to nearby

lettering, which appears to be in German... towns and locations of interest:

- ¥*Bad Ragaz**: Approximately 40
km away. Bad Ragaz is a well-known Swiss
spa town in the canton of St. Gallen.

- **Sargans**: 9 km away. This is a
. direct match, indicating the photo is taken
| in Sargans.

! - **Landquart**: 11 km away.
Landquart is a town in the canton of
Grisons (Graubiinden), to the north-east.

- **Malans GR**: 7 km away. Malans
is a village in the canton of Grisons,
famous for its mountain scenery.

- **St. Margrethen™*: 62 km away.
This is a town in the canton of St. Gallen,
bordering Germany.

- **Buchs**: 21 km away. Buchs is a
town in the canton of St. Gallen.

- These distances and towns are
accurate for the region around Sargans.

Landquart 11 km
Malans GR 7 k;m ==



The landscape is dry, with a distinct lack of vegetation
besides small shrubs and grasses, and a eucalyptus
plantation on the far right.

The electricity poles appear to be wooden, which would
fit with Uruguay.

This is a very difficult but niche location...

Josh

The location is rather ambiguous and confusing due to the
Mediterranean-feeling landscape of low shrubbery and
exposed rocky hills but with incorrect electricity pole
infrastructure for Europe, leading this location to be
possibly in other continents like South America

y There is a black-on-yellow chevron which is very common
in South America, and it has a thick white post on the
bottom which is basically unique to Uruguay and also the
eucalyptus plantation is found more in southern countries
~ of South America

© Mariscala
o Florida

8 Aigua

’ - D
. Santa Lucia - @ N 5 % Rocha
'~ Canelones " \

Pl :
\

Piedras ¢ o Pando 0 (\

¢ g arlosh
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- The landscape features rolling hills with large, light-
colored granite or gneiss rock outcroppings, which is
highly characteristic of the Sierras de las Animas and the
Cuchilla Grande range in the Lavalleja and Maldonado
departments of Uruguay.
- The vegetation consists of temperate grassland mixed
with low scrub, typical of the Uruguayan savanna
ecoregion.
- The road is a narrow, paved country lane with no
markings and rough gravel shoulders, which is common
for secondary roads in rural Uruguay.
- The simple, weathered concrete utility poles are of a
design frequently seen throughout the Uruguayan transformer, a common Portuguese style.
| countryside. = A - Absence of snow posts or tall delineators and overall

- The overall scene, combining the specific geology, flora, | dry, warm-climate feel rule out northern Europe.
and rustic infrastructure, creates a distinct atmosphere - Rolling plateau topography and stony pasture strongly
strongly associated with the hilly interior of Uruguay, resemble the Serra de Aire e Candeeiros karst in central
. differentiating it from similar landscapes in places like Portugal.
Spain, Portugal, or Argentina. - Guess: Portugal — Porto de Més (Serra de Aire e
Candeeiros Natural Park).

- Treeless, windswept karst plateau with scattered white
limestone rocks and low Mediterranean scrub points to
a southern European limestone range.

- Vegetation of hardy grasses, cistus/gorse-type shrubs,
and sparse pines matches Iberian Mediterranean
interior rather than the Balkans or France’s higher
causses.

- Very narrow rural tarmac with no centerline and
crumbling gravel shoulders is typical of Portuguese
backroads in natural parks.

- Distribution power poles are slim light-grey concrete
with a simple single crossarm and small pole-mounted

" - Based on these features, the location is on the Camino
~ Panordmico al Salto del Penitente, near Minas in the
' Lavalleja Department, Uruguay.



Closing Observations

* VLMs “vibe guess” more than they admit and then produce post-hoc
rationalizations about what supports the decision they already made.

* There is less diversity in locations considered compared to humans.
* VLMs miss small details. | suspect they are too “language first”.

* VLMs aren’t as good as human experts at articulating geographically
discriminative details. The gap doesn’t seem to have gotten much
better in the last few VLM generations, either.



How do we close this gap?

Reasoning Chain F1score, n=500 vs Country-level Accuracy
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How do we close this gap?

*To succeed at this task a machine needs:
*encyclopedic geographic knowledge v

* Fine-grained image understanding X
X

*|ntricate linkage between language and visual
content




Thank you!
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