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ABSTRACT

Planet-scale image geolocalization remains a challenging problem due to the diversity of images
originating from anywhere in the world. Although approaches based on vision transformers have made
significant progress in geolocalization accuracy, success in prior literature is constrained to narrow
distributions of images of landmarks, and performance has not generalized to unseen places. We
present a new geolocalization system that combines semantic geocell creation, multi-task contrastive
pretraining, and a novel loss function. Additionally, our work is the first to perform retrieval over
location clusters for guess refinements. We train two models for evaluations on street-level data
and general-purpose image geolocalization; the first model, PIGEON, is trained on data from the
game of Geoguessr and is capable of placing over 40% of its guesses within 25 kilometers of the
target location globally. We also develop a bot and deploy PIGEON in a blind experiment against
humans, ranking in the top 0.01% of players. We further challenge one of the world’s foremost
professional Geoguessr players to a series of six matches with millions of viewers, winning all six
games. Our second model, PIGEOTTO, differs in that it is trained on a dataset of images from
Flickr and Wikipedia, achieving state-of-the-art results on a wide range of image geolocalization
benchmarks, outperforming the previous SOTA by up to 7.7 percentage points on the city accuracy
level and up to 38.8 percentage points on the country level. Our findings suggest that PIGEOTTO
is the first image geolocalization model that effectively generalizes to unseen places and that our
approach can pave the way for highly accurate, planet-scale image geolocalization systems. Our code
is available on GitHub[[]

Keywords Image Geolocalization - Visual Place Recognition - Photo Geolocalization - Computer Vision - Semantic
Geocells - Multi-Task Pretraining - Haversine - Location Refinement - Clustering - Voronoi - Multi-Modal - Geoguessr

1 Introduction

The online game |Geoguessr has recently reached 65 million players (Lucas), [2023)), attracting a worldwide crowd of
users trying to solve a single problem: given a Street View image taken somewhere in the world, identify its location.
The problem of uncovering geographical coordinates from visual data is more formally known in computer vision as
image geolocalization, and, just like the game of Geoguessr, remains notoriously challenging. The scale and diversity
of our planet, seasonal appearance disturbance, and climate change impacts are some among the many reasons why
image geolocalization remains an unsolved problem.

'The GitHub link has been redacted in this preprint.


https://www.geoguessr.com/

PIGEON: Predicting Image Geolocations

Semantic geocell creation Voronoi tesselation Haversine smoothing

hierarchy 4 levels of prediction granularity

administrative
boundary data
—
training set
metadata

mapping
onto geocells
— Hav() ———

pre-compute geocells

select
topK geocells

Multi-task pretraining

linear layer

top prototype across
all topK geocells

pre-trained
CLIP vision
encoder

within & across geocell
refinement

geo-embedding

«~ topK geocells

clusters

pre-compute
location clusters

: L - distance within-cluster refinement > ?
Lo oom T
-
synthetic gg E &/

geo-captions select coordinates

'

[ 59.3346° N, 18.0632° E ]

Hierarchical guess refinement

Figure 1: Prediction pipeline and main contributions of PIGEON. Administrative boundary and training set metadata
are hierarchically ranked, clustered, and Voronoi tessellated to create semantic geocells. The geocell labels are then
used to create continuous labels via haversine smoothing. Additionally, we pretrain CLIP via geographic synthetic
captions in a multi-task setting. The pretrained CLIP model together with an OPTICS clustering model are employed
to generate location cluster representations. During inference, an image embedding is computed and first passed to a
linear layer to create geocell predictions and to identify the topK geocell candidates. The embedding is also used in our
refinement pipeline to refine predictions within and across geocells. This is achieved by minimizing the embedding
L,-distance between the inference image embedding and all location cluster representations across the fopK geocells.
Finally, predictions are refined within the top identified cluster to generate geographic coordinates as outputs.

Over the past decade, researchers have advanced the field by casting image geolocalization as a classification
task (Weyand et al., [2016), developing hierarchical approaches to problem modeling (Miiller-Budack et al., [2018];
Pramanick et al.| 2022} |Clark et al., |2023)), as well as leveraging vision transformers (Pramanick et al., 2022} |Clark
et al.| 2023)) and contrastive pretraining (Luo et al.,[2022). Yet despite this progress, the most capable models have been
highly dependent on distributional alignments between training and testing data, failing to generalize to more diverse
datasets that predominantly include unseen locations (Clark et al., [2023]).

In this work, we present a two-pronged multi-task modeling approach that both exhibits world-leading performance in
the game of Geoguessr and achieves state-of-the-art performance on a wide range of image geolocalization benchmark
datasets. First, we present PIGEON, a model trained exclusively on planet-scale Street View data, taking a four-image
panorama as input. PIGEON is the first computer vision model to reliably beat the most experienced players in the game
Geoguessr, comfortably ranking within the top 0.01% of players while also beating one of the world’s best professional
players in six out of six games with millions of viewers. Our model achieves impressive image geolocalization results
on outdoor street-level images globally, placing 40.4% of its geographic coordinate predictions within a 25-kilometer
radius of the correct location.

Subsequently, we evolve our model to PIGEOTTO which differs from PIGEON in that it takes a single image as input
and is trained on a larger, highly diverse dataset of over 4 million photos derived from Flickr and Wikipedia and no
Street View data. PIGEOTTO achieves state-of-the-art results across a wide range of benchmark datasets, including
IM2GPS (Hays & Efrosl 2008), IM2GPS3k (Vo et al., 2017), YFCC4k (Vo et al.,[2017), YFCC26k (Miiller-Budack
et al.,2018)), and GWS15k (Clark et al., |2023). The model slashes the median distance error roughly in half on three
benchmark datasets and more than five times reduces the median error on GWS15k which includes images from
predominantly unseen locations. PIGEOTTO is the first model that is robust to location and image distribution shifts
by picking up general locational cues in images as evidenced by the often double-digit percentage-point increase in
performance on larger evaluation radii. By performing well on out-of-distribution datasets, PIGEOTTO closes a major
gap in prior literature that is essential for solving the problem of image geolocalization.
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As PIGEON and PIGEOTTO only differ in the training data and hyperparameter settings, the efficacy of our approach
has important implications for planet-scale image geolocalization. Our contributions of semantic geocells, multi-task
contrastive pretraining, a new loss function, and downstream guess refinement all contribute to minimizing distance
errors, as shown in our ablation studies in Section[d] Still, it is important that future research addresses the safety of
image geolocalization technologies, ensuring responsible progress in developing computer vision systems.

2 Related work

2.1 Image geolocalization problem setting

Image geolocalization refers to the problem of mapping an image to coordinates that identify where it was taken.
This problem, especially if planet-scale, remains a very challenging area of computer vision. Not only does a global
problem formulation render the problem intractable, but accurate image geolocalization is also difficult due to changes
in daytime, weather, seasons, time, illumination, climate, traffic, viewing angle, and many more factors.

The first modern attempt at planet-scale image geolocalization is attributed to IM2GPS (2008) (Hays & Efros| 2008)), a
retrieval-based approach based on hand-crafted features. Dependence on nearest-neighbor retrieval methods (Zamir &
Shah, 2014} using hand-crafted visual features (Crandall et al.| 2009) meant that an enormous database of reference
images would be necessary for accurate planet-scale geolocalization, which is infeasible. Consequently, subsequent
work decided to restrict the geographic scope, focusing instead on specific cities (Wu & Huang| [2022) like Orlando and
Pittsburgh (Zamir & Shah, 2010) or San Francisco (Berton et al.}[2022); specific countries like the United States (Suresh
et al.,|2018)); and even mountain ranges (Baatz et al., 2012; Saurer et al., 2016; Tomesek et al., [2022), deserts (Izeng
et al.,[2013)), and beaches (Cao et al., [2012)).

2.2 Vision transformers and multi-task learning

With the advent of deep learning, methods in image geolocalization shifted from hand-crafted features to end-to-end
learning (Masone & Caputo, 2021). In 2016, Google released the PlaNet (Weyand et al., 2016) paper that first applied
convolutional neural networks (CNNs) (Krizhevsky et al.,|2012)) to geolocalization. It also first cast the problem as a
classification task across “geocells" as a response to research demonstrating that it was difficult for deep learning models
to directly predict geographic coordinates via regression (de Brebisson et al., 2015} Theiner et al.,[2021)). This was due
to the subtleties in geographic data distributions and the complex interdependence between latitudes and longitudes.
The improvements realized with deep learning led researchers to revisit IM2GPS (Vo et al., 2017)), apply CNNs to
massive datasets of mobile images (Howard et al|2017), and deploy their models in the game of Geoguessr against
human players (Suresh et al.| 2018} |Luo et al.,[2022). Prior literature has also combined classification and retrieval
approaches (Kordopatis-Zilos et al.| 2021)); our work modernizes this approach via a hierarchical retrieval mechanism
over location clusters, equivalent to prototypical networks (Snell et al.,[2017) with fixed parameters.

Following the success of transformers (Vaswani et al.|[2017)) in natural language processing, the transformer architecture
found its application in computer vision. Pretrained vision transformers (ViT) (Kolesnikov et al.||2021)) and multi-modal
derivatives such as OpenAI’s CLIP (Radford et al.|[2021) and GPT-4V (OpenAlL[2023) have successfully been deployed
to image geolocalization (Agarwal et al.,[2021} |Pramanick et al., 20225 Wu & Huang}, 2022; Luo et al.| [2022} [Zhu et al.}
2022} |OpenAl, 2023). Our approach is novel in that in pretrains CLIP specifically for the task of image geolocalization
in a multi-task fashion via auxiliary geographic, demographic, and climate data. Auxiliary data had previously been
shown to aid in image geolocalization (Hays & Efros| [2008; |Pramanick et al., 2022)), but our work is the first to use
auxiliary data for contrastive pretraining, retaining CLIP’s exceptional in-domain generalized zero-shot capabilities that
are critical for geolocalization performance (Haas et al., [2023).

2.3 Geocell partitioning

With image geolocalization framed as a classification problem, the chosen method of partitioning the world into
geographical classes, or “geocells, can have an enormous effect on downstream performance. Previous approaches
rely on geocells that are either plainly rectangular, rectangular while respecting the curvature of the Earth and being
roughly balanced in class size (Miiller-Budack et al.,|2018)) (as is the case of Google’s S2 libra, or geocells that are
effectively arbitrary as a result of combinatorial partitioning, initializing cells randomly but adjusting their shapes based
on the training dataset distribution (Seo et al.| 2018)). Hierarchical approaches to geocell creation like in individual
scene networks (ISNs) (Miiller-Budack et al., 2018 |Theiner et al., [ 2021)) can help preserve semantic information and

*https://code.google.com/archive/p/s2-geometry-1library,


https://code.google.com/archive/p/s2-geometry-library
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exploit the hierarchical knowledge at different geospatial resolutions, for instance by categorizing the geocells at the
city, region, and country levels.

While the semantic construction of geocells has been found to be of high importance to image geolocalization (Theiner
et al.l2021), even recently published papers continue to use the S2 library (Kordopatis-Zilos et al.| 2021} Pramanick
et al.,|2022; (Clark et al.| 2023). One of the possible reasons for this design choice is that for larger datasets, even the
most granular semantic geocells contain too many data points, causing the classification problem to be very imbalanced.
Our work addresses this limitation with a novel semantic geocell creation method, combining hierarchical approaches
with clustering based on the training data distribution and Voronoi tesselation as the missing link between the two. For
the first time, our approach renders semantic geocells useful for any dataset size and geographic distribution.

2.4 Additional work

Other notable academic work cites the efficacy of cross-view image geolocalization, especially for rural regions with
sparse, ground-level geo-tagged photos. Cross-view approaches can combine land cover attributes and ground-level and
overhead imagery to increase robustness through transfer learning (Lin et al., 2013} |Yang et al., 2021} Zhu et al., [2022).
Using land maps in particular is an important avenue for future research; in our work, however, we aim to demonstrate
our models’ performance relying solely on ground-level images from diverse settings.

3 Predicting image geolocations

Our image geolocalization system consists of both parametric and non-parametric components. This section first
explains our data pre-processing pipeline and then walks through how we frame geolocalization as a distance-aware
classification problem. We then delineate our pretraining and training stages, and finally describe how we refine location
predictions to improve street-level guess performance.

3.1 Geocell creation

Contemporary methods all frame image geolocalization as a classification exercise, relying on geocells to discretize the
Earth’s surface into a set number of classes. Our work experiments with two types of geocell creation methods.

Naive geocells. We first employ naive, rectangular geocells inspired by the S2 library which subdivides every geocell
until roughly balanced class sizes are reached. In contrast to S2 partitioning, our rectangular geocells are not of equal
geographic size, creating even more balanced classes.

Semantic geocells. One limitation of the S2 library and our naive geocells is that the geocell boundaries are
completely arbitrary and thus meaningless in the context of image geolocalization. Ideally, each geocell should capture
the distinctive characteristics of its enclosed geographic area. Political and administrative boundaries serve this purpose
well as they often not only capture country or region-specific information (i.e. road markings and street signs) but also
follow natural boundaries, such as the flow of rivers and mountain ranges which encode geological information.

Similar to|Theiner et al.|(2021), we rely on planet-scale open-source administrative data for our semantic geocell design,
drawing on non-overlapping political shapefiles of three levels of administrative boundaries (country, admin 1, and
admin 2 levels) obtained from (GADM]| (2022). Starting at the most granular level (admin 2), our algorithm merges
adjacent admin 2 level polygons such that each geocell contains at least a minimum number of training samples. Our
method attempts to preserve the hierarchy given by admin 1 level boundaries, never merges cells across country borders
(defined by distinct ISO country codes) and, in contrast to [Theiner et al.|(2021)), allows for more granular hierarchies.
Figure [2 shows an example of our semantic geocell design preserving the semantics of urban and surrounding Paris.

OPTICS clustering & Voronoi tessellation. We further address a major limitation in the semantic geocell design of
Theiner et al.[(2021) which is that some admin 2 areas are not fine-grained enough to result in a balanced classification
dataset. This is especially the case for large training datasets where the number of training examples for a single, urban
admin 2 area might greatly exceed the minimum class size, requiring admin 2 areas to be meaningfully split further. An
important observation is that the geographic distribution of our training data already gives us an indication of how to
meaningfully subdivide our geocells because it clusters around popular places and landmarks. We extract these clusters
using the OPTICS clustering algorithm (Ankerst et al.l [1999). Finally, we assign all yet unassigned data points to their
nearest clusters and employ Voronoi tessellation to define contiguous geocells for every extracted cluster.
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(a) With naive, rectangular geocells. (b) With our semantic geocells.

Figure 2: Geocell specifications around Paris, France.

3.2 Hierarchical image geolocalization using distance-based label smoothing

By discretizing the problem of image geolocalization, a trade-off is created between the granularity of geocells and
predictive accuracy. More granular geocells enable fine-grained predictions but also result in the classification problem
becoming more difficult due to a higher cardinality. Prior literature addresses this problem by generating separate
geolocalization predictions across multiple levels of geographic granularity, refining guesses at every subsequent level
(Miller-Budack et al., 2018; [Pramanick et al., 2022} |Clark et al., 2023). [Pramanick et al.| (2022) and |Clark et al.
(2023)) further propose architectures that share some model parameters between different hierarchy levels, improving
geolocalization performance. Surprisingly, all prior work suffers from the same limitation: models figuratively guess in
the blind as they do not know which geocells are located next to each other, learning their representations in isolation.

Our approach addresses this major limitation and improves upon prior work by sharing all parameters between multiple,
implicit levels of geographic hierarchies. We achieve this through a new loss function that relates adjacent geocells
to each other, biasing the label based on the haversine distance which calculates the distance between two points on
the Earth’s surface. Given two points, p; = (A1, ¢1) and p, = (A2, ¢2) with longitude A and latitude ¢, we define the
haversine distance Hav(p,, p,) in kilometers as follows:

Hav(p,,p,) = 2rarcsin | 4 /sin® (@2%) + cos(¢1) cos(¢z) sin? <)‘22)‘1) )

We then “haversine smooth" the original one-hot geocell classification label using this distance metric according to the
following equation for a given sample n and geocell ¢:

Hav(g;, x,,) — Hav(g,,, Xn)) 2

Yn,i = €XpP <_
T

where g, are the centroid coordinates of the geocell polygon of cell 4, g,, are the centroid coordinates of the true geocell,
X,, are the true coordinates of the example for which the label is computed, and 7 is a temperature parameter which is set
to 75 for PIGEON and to 65 for PIGEOTTO in our experiments. It is important to note that our “haversine smoothing"
is distinct from classical “label smoothing" because labels are not decayed using a constant factor but based on both the
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distance to the correct geocell and the true location. Since for every training example, multiple geocells will have a
target ¥, ; that is significantly larger than zero, our model simultaneously learns to predict the correct geocell as well as
an even coarser level of geographic granularity. We design the following loss function based on haversine smoothing
for a particular training sample n:

L, =— Z log (pr.i) - exp

9:€G

(_Hav(gi7 x,) — Hav(g,,, xn)> 3)

T

where p,, ; is the probability our model assigns to geocell 7 for sample n. An added benefit of using the loss
of Equation (3) is that it aids generalization because hierarchy definitions vary across every training sample. Additionally,
if a sample lies close to the boundary of two geocells, this fact will be reflected through approximately equal target
labels for these two geocells. This is especially helpful for larger, often rural, geocells. Furthermore, because every
target label y,, ; is now continuous and the difficulty of the classification problem can be freely adjusted using 7, an
arbitrary number of geocells can be employed as long as geocells are still contextually meaningful and contain a
minimum number of samples. Finally, we observe that our classification loss is now directly based on the distance to
the true location x,, of a given sample while circumventing the regression difficulties encountered in prior literature
(de Brebisson et al.l 2013}, [Theiner et al.,[2021).
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(a) Without haversine smoothing. (b) With haversine smoothing.

Figure 3: Impact of applying haversine smoothing over neighboring geocells for a location in Accra, Ghana.

3.3 Contrastive pretraining for geolocalization

To generate visual representations to then project onto our geocells, our architecture uses OpenAl’s CLIP ViT-L/14
336 model as a backbone which is a multi-modal model that was pretrained on a dataset of 400 million images and
captions (Radford et al., 202T)). The reason why we employ CLIP is that it has been shown to perform exceptionally well
in generalized zero-shot learning setups (Radford et al.l, 2021)), which is a desirable property for image geolocalization
of both seen and unseen places.

In our experiments, we add a linear layer on top of CLIP’s vision encoder to predict geocells. For model versions with
multiple image inputs (i.e. four-image panorama for PIGEON), we average the embeddings of all images. Averaging
embeddings resulted in superior performance compared to combining multiple embeddings via multi-head attention or
additional transformer layers.

In[Haas et al.| (2023), the authors demonstrate that continuing the pretraining of CLIP using domain-specific, synthetic
captions derived from caption templates improves the generalized zero-shot performance on image geolocalization
tasks. We further improve upon their work through the continued pretraining of CLIP in a multi-task fashion.
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To this end, we augment our training datasets with geographic, climate, and directional auxiliary data. This data is used
to create synthetic captions for each image by sampling caption components from different category templates and
concatenating them. For PIGEOTTO, we use caption components based on the location, climate, and traffic direction.
Meanwhile, for PIGEON, the Street View metadata allows us to additionally infer the compass direction and the season.
Examples of caption components inferred from image metadata include:

¢ Location: “A photo I took in the region of Gauteng in South Africa."
* Climate: “This location has a temperate oceanic climate."

* Compass direction: “This photo is facing north."

¢ Season (month): “This photo was taken in December."

 Traffic: “In this location, people drive on the left side of the road."

All the above caption components contain information relevant for the geolocalization of an image. Consequently, our
continued contrastive pretraining creates an implicit multi-task setting and ensures the model learns rich representations
of the data while learning features that are relevant to the task of image geolocalization.

3.4 Multi-task learning with climate data

We also experiment with making our multi-task setup explicit by creating task-specific prediction heads for auxiliary
labels, and adapt our loss function according to Equation (#), where £, joc corresponds to the loss in Equation (3)). Our
multi-task setup further includes a cross-entropy classification task (£, ciimace) Of the 28 different Koppen-Geiger climate
zones (Beck et al [2018)), a cross-entropy month (season) classification task (L, month), and six mean squared error
(MSE) regression tasks (combined into £, r.) that attempt to predict values related to the temperature, precipitation,
elevation, and population density of a given location.

En = En,loc + O‘En,climate + /Bﬁn,month + V‘Cn,reg (4)

We unfreeze the last CLIP layer to allow for parameter sharing across tasks with the goal of observing a positive transfer
from our auxiliary tasks to our geolocalization problem and to learn more general image representations reducing the
risk of overfitting to the training dataset. Adjusting «, 3, and -y, our loss function weighs the geolocalization task as
much as all auxiliary tasks combined considering each task’s loss magnitude. A novel contribution of our work is that
we use a total of eight auxiliary prediction tasks instead of just two compared to prior research (Pramanick et al., [2022).

3.5 Refinement via location cluster retrieval

To further refine our model’s guesses within a geocell and to improve street- and city-level performance, instead of
simply predicting the mean latitude and longitude of all points within a geocell (Pramanick et al., 2022), we perform
intra-geocell refinement. To this end, we design a hierarchical retrieval mechanism over location clusters akin to
prototypical networks (Snell et al.,[2017) with fixed parameters. We again use the OPTICS clustering algorithm (Ankerst;
et al.,[1999) to cluster all points within a geocell g and thus propose location clusters C; whose representation is the
average of all corresponding image embeddings. To compute all image embeddings, we use our pretrained CLIP model
f(-) described in Section[3.3] mapping each image [ in a cluster c to its embedding f(1).

¢* = arg min || f(x) — %Zf(l) ©)
l€c

ceCy
2

During inference, we predict the location cluster c* of an input image = by selecting the cluster with the minimum
Euclidean image embedding distance to the input image embedding f(z). Once the cluster ¢* is determined, we further
refine our guess by choosing the single best location within the cluster, again via minimizing the Euclidean embedding
distance. The retrieval over location clusters and within-cluster refinement add two additional levels of prediction
hierarchy to our system, with the number of unique potential guesses equaling the training dataset size.

While hierarchical refinement via retrieval is in itself a novel idea, our work goes one step further. Instead of refining a
geolocalization prediction within a single cell, our mechanism optimizes across multiple cells which further increases
performance. During inference, our geocell classification model outputs the topK predicted geocells (5 for PIGEON, 40
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for PIGEOTTO) as well as the model’s associated probabilities for these cells. The refinement model then picks the
most likely location within each of the fopK proposed geocells, after which a softmax is computed across the topK
Euclidean image embedding distances. We use a temperature softmax with a temperature that is carefully calibrated
on the validation datasets to balance probabilities across different geocells. Finally, these refinement probabilities are
multiplied with the initial fopK geocell probabilities to determine a final location cluster and within-cluster refinement
is performed as illustrated in Figure[I]

4 Experimental results and analysis

4.1 Experimental setting

Training PIGEON and PIGEOTTO. Based on our technical methodology outlined in Section [3| we train two
models for distinct downstream evaluation purposes.

First, inspired by Geoguessr, we train PIGEON (Predicting Image Geolocations). We collect an original dataset of
100,000 randomly sampled locations from Geoguessr and download a set of four images spanning an entire “panorama”
in a given location, or a 360-degree view, for a total of 400,000 training images. For each location, we start with a
random compass direction and take four images separated by 90 degrees, carefully creating non-overlapping image
patches.

Second, motivated by PIGEON’s image geolocalization capabilities, we train PIGEOTTO (Predicting Image Geoloca-
tions with Omni-Terrain Training Optimizations). Unlike PIGEON, PIGEOTTO is not a Street View photo localizer but
rather a general image geolocator. To that end, we access the MediaEval 2016 dataset (Larson et al.,|2017)) consisting of
geo-tagged Flickr images from all over the world and obtain 4,166,186 images, considering that some images have
become unavailable since 2016. Additionally, recognizing the importance of geolocating landmarks for general image
geolocalization capabilities, we add 340,579 images from the Google Landmarks v2 dataset (Weyand et al., [2020) to
our training mix which are all derived from Wikipedia. Importantly, there is no overlap in the training data we use
between PIGEON and PIGEOTTO, as the models serve different downstream purposes. Unlike PIGEON, PIGEOTTO
takes a single image per location as input, as obtaining a four-image panorama is often infeasible in general image
geolocalization settings.

Evaluation datasets and metrics. Our work defines the median distance error to the correct location as the primary
and composite metric. In line with the prior literature on image geolocalization, we further evaluate the “% @ km"
statistic in our analysis as a more fine-grained metric. For a given dataset, the “% @ km" statistic determines the
percentage of guesses that fall within a given kilometer-based distance from the ground-truth location. Just as in the prior
work, we evaluate five distance radii: 1 km (roughly street-level accuracy), 25 km (city-level), 200 km (region-level),
750 km (country-level), and 2,500 km (continent-level).

For PIGEON, we run evaluations on a holdout dataset collected from Geoguessr consisting of 5,000 Street View
locations. We separately conduct extensive blind experiments in Geoguessr deploying PIGEON against human players
with varying degrees of expertise as well as a separate match against a world-class professional player. To quantify
which parts of our modeling setup impact performance, we further run eight separate ablation studies.

For PIGEOTTO, we focus our evaluations squarely on the benchmark datasets that are established in the literature.
Namely, we look at IM2GPS (Hays & Efros| 2008), IM2GPS3k (Vo et al.l 2017), YFCC4k (Vo et al 2017) and
YFCC26k (Miiller-Budack et al., 2018)) (based on the MediaEval 2016 dataset (Larson et al.,[2017)), and GWS15k (Clark
et al., [2023)). As the last dataset has not been publicly released by the time of this writing, we reconstruct the dataset by
exactly replicating the dataset generation procedure outlined in|Clark et al.| (2023).

4.2 Street View evaluation with PIGEON

We present the results of our evaluations of PIGEON and ablations of our contributions in Table[T]and Table[2] As
evidenced by our results, each subsequent ablation deteriorates most metrics, pointing to the synergistic nature of the
ensemble of methods in our geolocalization system.

Starting from the very bottom of both tables, corresponding to a simple CLIP vision encoder plus a geocell prediction
head, we can see that with the introduction of haversine smoothing, the mean distance error decreases by 112.6
kilometers from 990.0 to 877.4 kilometers. The bulkiest performance lift, however, comes from the introduction of a
four-image panorama instead of a single image, increasing our country accuracy by 12.9 percentage points and more
than halving our median kilometer error from 131.1 to 60.8 kilometers. While fine-tuning the last CLIP layer and
sharing parameters in a multi-task setting slightly improves the performance of our model, the uplift is much more



PIGEON: Predicting Image Geolocations

Table 1: Cumulative ablation study of our image geolocalization system on a holdout dataset of 5,000 Street View
locations.

Country Mean Median Geoguessr

Ablation Accuracy Error Error Score

% km km points
PIGEON 91.96 251.6 44.35 4,525
— Freezing Last CLIP Layer 91.82 255.1 45.47 4,531
— Hierarchical Guess Refinement 91.14 251.9 50.01 4,522
— Contrastive CLIP Pretraining 89.36 316.9 55.51 4,464
— Semantic Geocells 87.96 299.9 60.63 4,454
— Multi-task Prediction Heads 87.90 312.7 61.81 4,442
— Fine-tuning Last CLIP Layer 87.64 315.7 60.81 4,442
— Four-image Panorama 74.74 877.4 131.1 3,986
— Haversine Smoothing 72.12 990.0 148.0 3,890

Table 2: Cumulative ablation study using five common distance radii on a holdout dataset of 5,000 Street View locations.

Distance (% @ km)

Ablation Street  City  Region  Country Continent
lkm 25km 200km 750km 2,500 km

PIGEON 536 4036  78.28 94.52 98.56

— Freezing Last CLIP Layer 484 3986 78.98 94.76 98.48

— Hierarchical Guess Refinement 1.32  34.96 78.48 94.82 98.48
— Contrastive CLIP Pretraining 1.24 3454  76.36 93.36 97.94

— Semantic Geocells 1.18 3322 75.42 93.42 98.16
— Multi-task Prediction Heads 1.10 3274 75.14 93.00 97.98
— Fine-tuning Last CLIP Layer 1.10 3250  75.32 92.92 98.00
— Four-image Panorama 092 24.18 59.04 82.84 92.76
— Haversine Smoothing 128 2408  55.38 80.20 92.00

palpable with the introduction of our semantic geocells, reducing the median error from 60.6 to 55.5 kilometers. When
we additionally pretrain CLIP via our synthetic captions, we gain another 1.7 percentage points in long-range country
accuracy. Complemented by our hierarchical location cluster refinement, we improve short-range street-level accuracy
from 1.3% to 4.8%. Finally, we freeze the last CLIP layer again and thus prevent parameter sharing between our geocell
and multi-task prediction heads, given that our pretraining procedure already incorporates multi-task training. This
results in PIGEON’s final metrics of a 92.0% country accuracy and a median distance error of 44.4 kilometers.

Beyond our ablations, we compare PIGEON’s performance to humans in the game of Geoguessr. To do so, we develop
a Chrome extension bot that has access to PIGEON as an API and deploy our system in a blind experiment across 458
matches, each consisting of multiple rounds. PIGEON comfortably outperforms players in Geoguessr’s Champion
Division, consisting of the top 0.01% of human players. The results are shown in Figure ] underscoring PIGEON’s
ability to beat players of all skill levels. Notably, top Geoguessr players perform orders of magnitudes better than the
players evaluated in[Seo et al.|(2018).

For our final evaluation, we challenge one of the world’s foremost professional Geoguessr players to a match and win
six out of six planet-scale, multi-round gamesE] PIGEON is the first model to reliably beat a Geoguessr professional.

4.3 Benchmark evaluation with PIGEOTTO

The results of our evaluations of PIGEOTTO on benchmark datasets are displayed in Table[3] PIGEOTTO achieves state-
of-the-art (SOTA) performance on every single benchmark dataset and on the majority of distance-based granularities.
On IM2GPS, it is able to improve the state of the art on both country-level and continent-level accuracy by 2 percentage

3Link redacted for anonymity.
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Human (Gold Division) 1714 km
Human (Master Division) 174 km
Human (Champion Division) 151 km
PIGEON 73 km
0 i'(m 250‘ km 500I km 750I km 100(') km 1256 km 1506 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 [I]
because Geoguessr round difficulties are adjusted dynamically, increasing with every round.

Table 3: Comparison of PIGEOTTO’s results against other models on benchmark datasets. PIGEOTTO reduces the
median kilometer error by 2-5x on benchmarks not solely focused on landmarks.

Median Distance (% @ km)
Benchmark Method Error | Street  City Region  Country  Continent
km 1km 25km 200km 750km 2,500 km
PlaNet (Weyand et al.| > 200 8.4 24.5 37.6 53.6 71.3
CPlaNet ||gm >200 | 165  37.1 46.4 62.0 78.5
ISNs(M, f*,55) >25 | 169 430 51.9 66.7 80.2
IM2GPS Translocator ||guy > 25 19.9  48.1 64.6 75.6 86.7
GeoDecoder ~ 25 22.1 50.2 69.0 80.0 89.1
PIGEOTTO (O 70.5 14.8 40.9 63.3 82.3 91.1
A (% points) <13 -9.3 -5.7 +2.3 +2.0
PlaNet (Weyand et al.|[2016] > 750 8.5 24.8 343 484 64.6
CPlaNet ||glj_u > 750 10.2 26.5 34.6 48.6 64.6
ISNs(M, f*,S3) ~ 750 10.5 28.0 36.6 49.7 66.0
IM2GPS3k Translocator n|guy >200 | 11.8 311 46.7 58.9 80.1
GeoDecoder > 200 12.8 335 459 61.0 76.1
PIGEOTTO (O 147.3 11.3 36.7 53.8 72.4 85.3
A (% points) -1.5 +3.2 +7.9 +11.4 +9.2
PlaNet (Weyand et al.|[2016] > 750 5.6 14.3 222 36.4 55.8
CPlaNet ||glj_u > 750 79 14.8 21.9 36.4 55.5
ISNs(M, f*,55) >750 | 67 165 242 375 54.9
YFCC4k Translocator n|guy > 750 | 84 18.6 27.0 41.1 60.4
GeoDecoder ~ 750 10.3 24.4 339 50.0 68.7
PIGEOTTO (O 383.0 10.4 23.7 40.6 62.2 71.7
N points) +0.1 -0.7 +6.7 +12.2 +9.0
PlaNet (Weyand et al., >2500 | 44 11.0 16.9 28.5 47.7
ISNs(M, f*,53) (Miiller-Budack et al. ~2,500 | 5.3 12.3 19.0 319 50.7
= Translocator || ZE > 750 72 17.8 28.0 413 60.6
YFCC26k GeoDecoder B023] ~750 | 100 239 341 496 690
PIGEOTTO (O 3333 10.5  25.8 42.7 63.2 79.0
A (% points) +0.4 +1.9 +8.6 +13.6 +10.0
ISNs(M, f*,S3) >2,500 | 0.05 0.6 4.2 15.5 38.5
Translocator ||w >2500 | 05 1.1 8.0 25.5 483
GWS15k __Clark etal. -2023 GeoDecoder ( 0 ~2,500 | 0.7 1.5 8.7 26.9 50.5
PIGEO flulk 4154 0.7 9.2 31.2 65.7 85.1
A @ p01nts> +0.0  +7.7 +22.5 +38.8 +34.6
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points or more. Its relative underperformance on smaller granularities can be attributed to the landmark-only nature of
IM2GPS and its small size of 237 images. On a larger and more general dataset, IM2GPS3k, PIGEOTTO performs
much better, achieving SOTA performance on all but the street-level metric, with an impressive 11.4 percentage-point
improvement on the country level and a much lower median error of 147.3 kilometers. Meanwhile, on YFCC4k and
YFCC26k, PIGEOTTO is able to outperform the current state of the art on 9 out of 10 metrics, including by 12.2
percentage points on the country level on YFCC4k and by 13.6 percentage points on YFCC26k, more than halving the
previous SOTA median error. Finally, we see very significant improvements on the most recently released benchmark,
GWSI15k, consisting entirely of Street View images. Crucially, GWS15k is the most difficult dataset in the benchmark
set. If we define images to be taken in the same location if they are less than 100 meters apart, 92% of locations in
GWS 15k are not taken in the same location as any MediaEval 2016 (Larson et al.,|2017) training data on which prior
SOTA models and our system were trained. For comparison, this number ranges from 23% to 42% for the other four
benchmark datasets, underscoring the unique difficulty of GWS15k. Noting that PIGEOTTO was not trained on any
Street View images, this suggests that PIGEOTTO is truly planet-scale in nature, exhibits robust behavior to distribution
shifts, and is the first geolocalization model that effectively generalizes to unseen places.

5 Ethical considerations

Image geolocalization represents a sub-discipline of computer vision that comes with both potential benefits to society
as well as with risks of misuse. While prior work in the field addresses ethical implications scantily, we believe that the
potential misuse and negative downstream implications of image geolocalization systems afford a separate discussion
section in this paper.

On the one hand, accurate geo-tagging of images opens up possibilities for various beneficial applications, far beyond
the game of Geoguessr, including helping to understand changes to particular locations over time. Image geolocalization
has found use cases in autonomous driving, navigation, geography education, open-source intelligence, and visual
investigations in journalism.

On the other hand, however, applications of image geolocalization may come with risks, especially if the precision of
such systems significantly improves in the future. To our knowledge, this is the first state-of-the-art image geolocalization
paper in the last five years that is not funded by military contracts. Recently published work has been supported by
grants from the Department of Defense (Pramanick et al.,2022) and the US Army (Clark et al.,2023)). Any attempts
to develop image geolocalization technology for military use cases should come under particular scrutiny. There are
also privacy risks involved; for instance, some methods using Street View images have been shown to be capable of
inferring local income, race, education, and voting patterns (Gebru et al.,|2017).

Image geolocalization technologies come with dual-use risks (Henderson et al., 2023), and efforts need to be made
to minimize harmful consequences. To that end, we decide not to release model weights publicly and only release
our code for academic validation. While a major limitation of today’s image geolocalization technologies (including
ours) is that they are unable to make street-level predictions reliably, researchers ought to carefully consider the risk of
potential misuse of their work as such technologies get increasingly precise.

6 Conclusion

We propose a novel deep multi-task approach for planet-scale image geolocalization that achieves state-of-the-art
benchmark results while being robust to distribution shifts.

To confirm the efficacy of our approach, we train and evaluate two distinct image geolocalization models. First, we
gather a global Street View dataset to train PIGEON, a multi-task model that places into the top 0.01% of human players
in the game of Geoguessr. On a holdout dataset of 5,000 Street View locations, 40.4% of PIGEON’s predictions of
geographic coordinates land within a 25-kilometer radius of the ground-truth location. Subsequently, we assemble a
planet-scale dataset of over 4 million images derived from Flickr and Wikipedia to train the more general PIGEOTTO,
improving the state of the art on a wide range of geolocalization benchmark datasets by a large margin.

Going forward, it remains to be seen whether applied image geolocalization technologies will be truly planet-scale
or focused on a well-defined narrow distribution. In any case, our findings about the importance of semantic geocell
creation, multimodal contrastive pretraining, and precise intra-geocell refinement, among others, point to important
building blocks for such systems. Nevertheless, deployment of any downstream image geolocalization technology will
need to balance potential benefits with possible risks, ensuring the responsible development of future computer vision
systems.
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Appendix

We include additional details in this appendix. Specifically, we expand on the following topics:

A. Semantic geocell creation

B. Implementation details

C. Auxiliary data sources

D. Ablation studies on non-distance metrics
E. Additional analyses

F. Deployment to Geoguessr

A Semantic geocell creation

In the body of our work, we described how our semantic geocell creation algorithm works on a high level.
Similar to approaches in prior literature such as [Theiner et al.| (2021)), we create a hierarchy of administrative
areas and merge adjacent geocells until a set minimum number of training samples per geocell is reached. This,
however, results in a highly imbalanced classification problem, especially for larger training datasets. A major
contribution of our work is that we define a method to split larger geocells into smaller, still semantically meaningful
cells, by leveraging the information contained in the training data’s geolocations. The key insight is that locations
from most training distributions tend to cluster around popular places and landmarks, and these clusters can be extracted.

Algorithm [T|shows a slightly simplified version of how we split large geocells into multiple smaller ones without the
help of administrative boundary information, resulting in a much more balanced geocell classification dataset. As one
can see, the algorithm only depends on the geocell boundaries or shape definitions g, the training dataset x, an OPTICS
clustering algorithm with parameters p (can have round-specific parameters p;), and a minimum cell size MINSIZE.
The VORONOI algorithm takes a set of points as input and outputs a new geocell shape defined by these points which
can be removed from the original cell shape.

Algorithm 1 Simplified Semantic Geocell Splitting

Input: geocell boundaries g, training samples z,
OPTICS parameters p, minimum cell size MINSIZE.
Initialize j = 1.

repeat
Initialize C' = OPTICS(p;).
for g; in g do
Define z; = {zk|xr € z Az € g5}
repeat

Cluster ¢ = C(x;).
Cmaz = Ck Where |z; ;| > |z, ;|VI.
if |Cinae| > MINSIZE and |z \ x; x| > MINSIZE then
New cell g,,e.p, = VORONOI(z; 1,).
9i = Gi \gnew~
Assign z; to cells ¢ and new, respectively.
end if
until convergence
end for
j=j+1
until j is |p|

Figure [5]shows a small geocell that has been extracted from a larger geocell covering the entire city of Vienna, Austria,
via Voronoi tessellation. The partitions within the blue geocells are the result of the Voronoi tesselation algorithm
assigning to each training sample all geographic area to which it is closest.
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Figure 5: Voronoi tessellation applied in the process of geocell creation for points of an OPTICS cluster in Vienna,
Austria, based on political boundaries from GADM (GADM, [2022).

B Implementation details

In this section, we describe the implementation details of PIGEON and PIGEOTTO and further illustrate how the two
models differ from each other.

B.1 Model input

The biggest difference between PIGEON and PIGEOTTO is that PIGEON takes a four-image Street View panorama as
input, whereas PIGEOTTO takes a single image as input. Images are always cropped to a square aspect ratio before
being fed into the models. Figure [6|shows a representative input for PIGEON, depicting a 360-degree, four-image
Street View panorama from a location in Pegswood, England.

Figure 6: Four images comprising a 360-degree panorama in Pegswood, England in our dataset.

PIGEOTTO'’s training dataset is vastly different to PIGEON’s Street View input; the model takes a single image as
input and was trained on a highly diverse image geolocalization dataset. Figure[7]shows eight images sampled from the
MediaEval 2016 dataset (Larson et al.,[2017) which was derived from user-uploaded Flickr images. It is clearly visible
that some of the images are extremely difficult to geolocalize, for example because they were taken indoors.
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Figure 7: Eight samples from the MediaEval 2016 dataset (Larson et al., 2017).

B.2 Pretraining

Table [ shows the hyperparameter settings used for the contrastive pretraining of CLIP for image geolocalization tasks.
The CLIP weights were initialized with the pretrained weights of OpenAI’s CLIP implementationﬂ

Table 4: Hyperparameter settings for pretraining CLIP’s vision encoder for the task of image geolocalization.

Parameter PIGEON PIGEOTTO
GPU Type A100 80GB A100 80GB
Number of GPUs 4 4
Dataset Source Street View Flickr
Dataset Size (Samples) ~ 1M ~ 4.2M
Batch Size 32 32
Gradient Accumulation Steps 8 8
Optimizer AdamW AdamW
Learning Rate le=© 5e7
Weight Decay le 3 le3
Warmup (Epochs) 0.2 0.02
Training Epochs 3 2
Adam [ 0.9 0.9
Adam f3; 0.98 0.98

B.3 Fine-tuning

The fine-tuning of PIGEON and PIGEOTTO consists of adding a linear layer on top of the pretrained vision encoder,
mapping image embeddings to a fixed number of geocells. During this process, the weights of the vision encoder
remain frozen. Table[5]shows the hyperparameters used in this training step. Both PIGEON and PIGEOTTO were

trained until convergence.

B.4 Hierarchical refinement

We use a hierarchical retrieval mechanism over location clusters to refine predictions. As a first step, location clusters
are pre-computed using an OPTICS clustering algorithm. Then, during inference, a cluster is selected according to

*https://huggingface.co/openai/clip-vit-large-patchi4-336!
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Table 5: Hyperparameter settings for fine-tuning CLIP’s vision encoder via a linear projection layer onto geocells.

Parameter PIGEON PIGEOTTO
GPU Type A100 80GB A100 80GB
Number of GPUs 1 1
Dataset Source Street View  Flickr + Wikipedia
Dataset Size (Samples) ~ 100k ~ 4.5M
Number of Geocells 2,203 2,076
Batch Size 256 256
Gradient Accumulation Steps 1 1
Optimizer AdamW AdamW
Learning Rate 2e5 2e5
Weight Decay 0.01 0.01
Training Epochs Convergence Convergence
Adam 0.9 0.9
Adam f3; 0.999 0.999

Equation (5). Finally, the location guess is refined within the top selected cluster. The refinement process is also
dependent on a number of parameters, the most important of which are listed in Table [6] and contrasted between
PIGEON and PIGEOTTO.

Table 6: Parameters used in our hierarchical retrieval mechanism over location clusters.

Parameter PIGEON PIGEOTTO
Number of Geocell Candidates 5 40
Maximum Refinement Distance (km) 1,000 None
Distance Metric Euclidian Euclidian
Softmax Temperature 1.6 0.6
OPTICS Min Samples (Cluster Creation) 3 10
OPTICS xi (Cluster Creation) 0.15 0.1

C Auxiliary data sources

Our work relies on a wide range of auxiliary data that we can infer from each image’s location metadata. This section
details external datasets we are using either in the process of label creation or multi-task training.

Administrative area polygons. We obtain data on country areas from the Database of Global Administrative Areas
(GADM) (GADM, 2022). Additionally, we obtain data on several granularities of political boundaries of administrative
areas released by The William & Mary Geospatial Evaluation and Observation Lab on GitHub. These data sources are
used both in geocell label creation as well as to generate synthetic pretraining captions. The political boundaries are
used in the semantic geocell creation process with Voronoi tesselations, as displayed in Figure 3]

Koppen-Geiger climate zones. We obtain data on global climate zones through the Koppen-Geiger climate classifica-
tion system (Beck et al., |2018)), with the data available here. Our planet-scale climate zone data is visualized in Figure@
We use climate zone data both for synthetic caption generation for pretraining but also employ it when experimenting
with multi-task prediction heads. In the latter case, climate zone prediction becomes a classification task.

Elevation. We obtain data on elevation through the United States Geological Survey’s Earth Resources Observation
and Science (EROS) Center. As elevation data was missing for several locations in our dataset, we further augmented
our data with missing values from parts of Alaska and parts of Europe, with the data for Alaska available here and the
data for Europe available here. We use elevation data exclusively in a multi-task prediction setting via a log-transformed
regression.
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Figure 8: Map of planet—scale Képpen-Geiger climate zones in our dataset. Adapted from (2018).

GHSL population density. We obtain data on population density through the Global Human Settlement Layer
(GHSL). This data is also used in a multi-task prediction setting via a log-transformed regression.

WorldClim 2 temperature and precipitation. We obtain data on average temperature, annual temperature range,
average precipitation, and annual precipitation range through [WorldClim 2. Similarly, the data is used in a multi-task
regression setup, however, temperature values are not log-transformed before training.

Driving side of the road. We obtain our driving side of the road data through WorldStandards. This data is used
exclusively to generate synthetic captions for model pretraining.

D Ablation studies on non-distance metrics

Beyond the distance-based analysis of PIGEON described in the body of the paper, we also run ablation studies on
non-distance metrics related to auxiliary data described in Appendix [C] In Table[7} we observe that our final PIGEON
model version actually does not perform best on non-distance metrics related to a location’s elevation, population
density, season, and climate. The reason for this is that PIGEON does not share trainable model weights between the
multi-task prediction heads and the location prediction tasks because joint multi-task training was already performed
implicitly at the pre-training stage via synthetic captions. When sharing parameters between prediction heads (ablating
“Freezing Last Clip Layer"), a positive transfer between the tasks is observed and better performances are achieved on
these auxiliary prediction tasks.

A key takeaway from Table [7] remains that geographical, climate, demographic, and geological features can all be
inferred from Street View images with potential applications in climate research.

Table 7: Results from the ablation study beyond the standard distance metrics, inferring geographical, climate,
demographic, and geological labels from Street View imagery.

Elevation Pop. Density Temp. Precipitation Month Climate Zone

Ablation Error Error Error Error Accuracy Accuracy
m people/pm? °C mm/day % %
PIGEON 149.6 1,119 1.26 15.08 45.42 75.22
— Freezing Last CLIP Layer 132.8 1,072 1.18 12.82 50.64 75.76
— Contrastive CLIP Pretraining 147.1 1,064 1.36 14.71 45.74 74.66
— Semantic Geocells 141.7 1,094 1.37 14.48 45.74 74.10
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E Additional analyses

E.1 Urban vs. rural performance
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Figure 9: Median km error by population density quintile.

In order to elucidate interesting patterns in our model’s behavior, we investigate whether a performance differential
exists for PIGEON in inferring the locations of urban versus rural images. Presumably, the density of relevant cues
should be higher in Street View images from urban locations. Our analysis focuses on PIGEON because it has been
trained on many rural images, whereas PIGEOTTO was trained predominantly on user-captured, urban images.

We bin our holdout Street View dataset into quintiles by population density and visualize PIGEON’s median kilometer
error. In Figure [0] we observe that higher population density indeed correlates with much more precise location
predictions, reaching a median error of less than 10 kilometers for the 20 percent of locations with the highest
population density.

E.2 Attention attribution examples

(a) Attention attribution map for an image in Canada. (b) Attention attribution map for an image in New Zealand.

Figure 10: Attention attribution maps for two locations in our Street View validation dataset.

Contrastive pretraining used by CLIP gives the model a deeper semantic understanding of scenes and thereby
enables it to discover strategies that are interpretable by humans. As we realized, the model was able to learn
strategies that are taught in online Geoguessr guides without ever having been directly supervised to learn these strategies.
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For the visualizations in Figure [I0] we generated attribution maps for images from the validation dataset and the
corresponding ground-truth caption, e.g. “This photo is located in Canada". Indeed, the model pays attention to features
that professional Geoguessr players consider important, like vegetation, road markings, utility posts, and signage, for
example. This makes the strong performance of the model explainable and could furthermore enable the discovery of
new strategies that professional players are not yet aware of.

E.3 Failure cases

In spite of our model’s generally high accuracy of estimating image geolocations, there were several scenarios in which
our model underperformed. By computing the entropy over the probabilities of all geocells for each location in our
validation set, we managed to identify the images about which our model was the most uncertain. For PIGEOTTO,
these were almost exclusively corrupted images remaining in the original Flickr training corpus. For PIGEON, however,
which was solely trained on Street View images, we can observe some interesting failure cases in Figure [T}

The features of poorly classified images are aligned with our intuitions and prior literature about difficult settings for
image geolocation. Figure[TT]shows that images from tunnels, bodies of water, poorly illuminated areas, forests, indoor
areas, and soccer stadiums are amongst the imagery that is the most difficult to pinpoint geographically for a model
trained on Street View data.

F Deployment to Geoguessr

As part of our quantitative evaluation of PIGEON against human players, we develop a Chrome extension bot that uses
PIGEON’s coordinate output to directly place guesses within the game. This section is a high-level overview of our
model serving pipeline.

F.1 Game mode

Geoguessr can be played in both single and multi-player modes. In our performance evaluation of PIGEON, we
decided to focus on Geoguessr’s Competitive Duels mode, whereby the user directly competes with an opponent in
a multi-round game with increasing round difficulty. Each guess is translated into a Geoguessr score whose formula
we reverse-engineered by recording results from the game. The formula for the Geoguessr score on the world map is
approximately

score(x) = 5000 - e~ 27 ©)

(a) Image from a tunnel.

(e) Image from an indoor area. (f) Image from a soccer stadium.

Figure 11: Examples of images for which PIGEON was the most uncertain about the correct location.
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where z is the prediction error in kilometers.

To provide a better understanding of the Geoguessr game, Figure [T2] shows two screenshots. The screenshots were
taken while deploying PIGEON in-game against a human opponent in a blind experiment.

PIGEON,
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(a) Sample image from a Geoguessr location. (b) Comparison of a guess made by PIGEON and a human player.

Figure 12: Sample screenshots from PIGEON deployed in the Geoguessr game.

F.2 Chrome extension

We develop a Geoguessr Chrome extension which is automatically activated once it detects that a game has started. It
then autonomously places guesses in subsequent rounds, obtaining coordinate guesses from a PIGEON model API. The
procedure to place a guess in the game works as follows and is repeated for each round until one player — PIGEON or
its human opponent — has won:

1. Resize the Chrome window to a square aspect ratio.
2. Wait until the Street View scene is fully loaded.
3. Repeat the following for all four cardinal directions:

(a) Hide all UI elements.

(b) Take a screenshot.

(¢) Unhide all Ul elements.

(d) Rotate by 90° using simulated clicks.

. Perform a POST request to our backend server with the four screenshots encoded as Base64 in the payload.
. Receive the predicted latitude & longitude from our server.
. Optional: Random delay to behave more human-like.

. Place a coordinate guess in the game by sending a request to Geoguessr’s internal API via the browser.

0 N N A

. Collect statistics about the true location & human performance and submit them to the server using an
additional POST request.
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F.3 Inference API
To serve image geolocalization predictions to our Chrome extension, we write code to serve PIGEON via an API on a

remote machine with an A100 GPU. We utilize the Python library FastAPI| to implement two API endpoints:

* Inference endpoint. A POST endpoint that receives either one or four images, passes them through a
preprocessing pipeline and then runs inference on a GPU. In addition, it saves the images temporarily on disk
for later evaluation. Finally, the API returns the latitude & longitude predictions of PIGEON to the client.

* Statistics endpoint. A POST endpoint that receives the statistics about the correct location, the score &
distance of our guess, and human performance. This data is saved on disk and later used in our evaluations.

Consequently, our work demonstrates that PIGEON can effectively be applied in real-time scenarios as a system capable
of end-to-end planet-scale image geolocalization.
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