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Abstract—The ability to predict a geographical location based
on the content of a single image is a challenging problem
requiring vast knowledge of the world. In recent years, vision
transformers have been effectively utilized to automate this
process and have achieved superhuman performance. However,
previous work has been constrained to only look at images,
ignoring the fact that many images posted on social media are
accompanied by captions. In this work, we introduce GeoCIS,
a retrieval-based multimodal geolocalization model capable of
making predictions using images and text with a novel joint
caption-image embedding vector. To achieve this, GeoCIS was
trained on a dataset of 2.4 million caption-image pairs from
the Russian social network VK, collected from the countries of
Russia, Belarus, Ukraine, Moldova, Kazakhstan, and Georgia.
We develop three variants of GeoCIS, each trained using one of
three different CLIP-like foundation models. For each foundation
model, we also train an ablated variant using only images to
assess the contribution of captions to the overall performance.
One of the foundation models is designed for Russian, the
primary language used on VK, while the other two are designed
for English, using automatically translated captions. This allowed
us to evaluate how language localization, as opposed to transla-
tion, influences performance. When the GeoCIS variants were
evaluated against their no-caption ablation, they achieved the
best results on all distance metrics. Similar results were observed
on a manually curated dataset where the captions did not contain
any overt geographical clues such as country names, cities and
similar references. In contrast, the effects of language localization
were less conclusive. Our work thus clearly shows that social
media captions improve the geolocalization performance of a
multimodal model, even if the captions themselves do not contain
clear geographical clues.

Index Terms—Geolocalization, Visual Place Recognition,
Cross-Modal Retrieval, Social Media, Russia, CLIP, VK

I. INTRODUCTION

With the rise of social media, images are posted from
all around the world publicly online daily. These images
constitute a vast source of information and potential for
open-source intelligence (OSINT), and the ability to perform
geolocalization on these images can be of great importance.
The problem of image geolocalization, however, is challenging
and relies on subtle visual clues and general knowledge of
the world. Over the past 15 years, it has been approached

in various ways, often achieving new state-of-the-art results.
These methods include image retrieval [2], using convolutional
neural networks (CNNs) and a hierarchical geocell division
[3], using vision transformers [4] and more recently by using
large language models (LLMs) [5]. However none of the
suggested methods have tried to use the additional information
that can be gained from looking at the accompanying caption
of an image posted on social media. These captions can hold
a lot of relevant information, including the exact location of
the image, and as such, we propose that they be used when
trying to geolocate images coming from social media. Thus,
we introduce GeoCIS, a multimodal geolocalization model
capable of making predictions using images and text. GeoCIS
was trained on a dataset of 2.4 million caption-image pairs
from the social network VK, collected from the countries of
Russia, Belarus, Ukraine, Moldova, Kazakhstan, and Georgia.
By building GeoCIS, we set out to answer the following
question:

How can the geolocalization capability of a
retrieval-based multimodal model be improved by
including social media captions?

The remainder of this paper is organized as follows: Section II
presents related work in geolocalization and classification of
social media image-caption pairs, providing context for the
methods used in the paper. Section III describes our proposed
model and methodology. In Section IV, we present and discuss
our results. Section V concludes the paper and outlines future
research directions. Finally, Section VI briefly discusses the
ethical considerations of our work.

II. RELATED WORKS

To understand how geolocalization of images can benefit
from the use of social media captions, one needs to understand
the field of image geolocalization and how it relates to social
media captions.

A. Image Geolocalization

According to [1], one can sub-divide image geolocalization
into approaches that only use ground images, only use aerial
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images or cross-view approaches which use both types of
images. In this paper, we are only interested in images coming
from social media and they almost entirely consist of ground
images. As such, we will be focusing our efforts into the field
of ground image geolocalization. We further align ourselves
with the conclusions of [5] and [6] that methods in ground im-
age geolocalization are preferably divided into the categories:
retrieval-based, classification-based and generation-based.

Retrieval-based methods use a database of images or GPS
coordinates to search for the images or GPS coordinates that
best match the query image. The first modern take on image
geolocalization was the retrieval-based method called IM2GPS
[2] in 2008, which used hand-crafted features to represent
each image. More recently, retrieval-based methods are often
incorporated as a part of a bigger algorithm, like in the case
of PIGEON and PIGEOTTO [13], however in the GeoCLIP
[7] paper they created a shared embedding space for GPS
coordinates and images which was used to search for GPS
coordinates matching the query image.

Classification-based methods instead turn the problem of
image geolocalization into a classification problem. The prob-
lem is solved by partitioning the Earth’s surface into smaller
non-overlapping cells, or geocells, and then training a model
to predict which geocell a query image belongs to. The
center coordinate of the predicted geocell is often chosen
as the resulting GPS coordinate. Classification-based methods
became popular with the emergence of deep learning, with
the PlaNet [3] paper being one of the first ones in 2016. The
partitioning of the world in these first papers was achieved by
creating geocells given by naive rectangular grids. However
[8] and later [13] recognized that results could be improved
by using semantic geocells, which are geocells divided by
territorial and/or natural occurring borders.

Generation-based methods incorporate a large language
model (LLM) as a part of the geolocalization pipeline. In
the Img2Loc [9] paper from 2024, they introduced the idea
of using an LLM for geolocalization by letting a retrieval
component create a list of candidate images from a query
image and then letting an LLM use this list to predict the
correct coordinate of the query image. This idea was improved
upon in the G3 [5] paper, which combined the techniques
from Img2Loc with those from GeoCLIP. In the GeoRanker
[6] paper, this was further improved by letting an LLM re-
rank the list of candidate coordinate locations before the final
prediction.

However, none of the aforementioned methods use social
media captions to improve their ability to geolocalize.

B. Classifying image-caption pairs from social media

Although research on how to geolocalize social media
posts using both image and caption text is limited, there is
active research on classifying social media posts using both
image and caption text from the CrisisMMD dataset [10]. The
CrisisMMD dataset contains 16058 manually annotated social
media posts from Twitter collected during different natural
disasters. Each social media post has been labeled according

to three categories: informativeness, humanitarian, and damage
severity. In [11], they try to correctly classify these images by
finding features for images and text separately, by using CNNs
[18] and skipgrams [17] respectively, and then combining
these features in a neural network consisting of fully connected
layers. In [12], they used a similar approach, but the features
were instead coming from transformer-based models, and the
fusion of the features was also transformer-based.

III. METHODOLOGY

GeoCIS is built by fine-tuning a foundation model based on
CLIP [15] with a large amount of caption-image pairs from
VK. This makes it possible for GeoCIS to, given a previously
unseen caption-image pair, retrieve the most similar caption-
image pair from the training dataset based on cosine similarity.
The predicted coordinate will be the coordinate associated
with the retrieved caption-image pair. A schematic of the
architecture of GeoCIS as well as our data collection pipeline
can be seen in Figure 1. In the following sections, we will go
more into the details of our data collection and model pipeline.

A. Data Collection

VK is a Russian social media platform that is popular within
the Commonwealth of Independent States (CIS).1 VK was
deemed an interesting platform to work with because of its
open API and its many images with accompanying captions
and GPS coordinates. To collect the data from VK, the CIS
countries were all divided into semantic geocells by using
the Database of Global Administrative Areas (GADM) [19].
The second administrative level was chosen for the geocell
division, resulting in a total number of 3472 geocells. Given
a time frame, a GPS coordinate and a radius, a search for
all images from VK matching those constraints can be made.
Such a search was made for each geocell, using the geocell’s
center coordinate together with a radius that would make the
corresponding area cover the entire geocell, and each month
from the 1st of February 2012 to the 1st of March 2024. By
selecting only images with a corresponding caption, 5,474,626
caption-image pairs with corresponding GPS coordinates were
downloaded. The collected data is visualized in a heat map in
Figure 2.

B. Data Filtration

Not all images that were downloaded were suitable for
geolocalization. For instance, a large amount of caption-
image pairs could be described as classified ads, similar
to posts found on the Facebook Marketplace2 platform.
Hence, we filtered the images by classifying them into
one of twenty different categories using the CLIP model

1The CIS is an intergovernmental organization formed after the dissolution
of the Soviet Union, with the countries of Armenia, Azerbaijan, Belarus,
Kazakhstan, Kyrgyzstan, Moldova, Russia, Tajikistan, Ukraine and Uzbekistan
as either founder or member states. Ukraine and Georgia ended their partici-
pation in the CIS after the Russo-Ukrainian War and the Russo-Georgian War,
respectively.

2https://www.facebook.com/marketplace/
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Figure 1. Overview of the GeoCIS model and data collection pipeline.

Figure 2. A heat map showing the distribution of the collected 5,474,626 caption-image pairs downloaded from VK.

clip-vit-base-patch323. Seven of these categories led
to the image being filtered out, and the other thirteen kept
the image. After the filtering, 2,564,096 caption-image pairs
remained. The number of images in each category is shown
in Figure 3.

C. Data Curation

The resulting dataset was split into several smaller parts.
The split was based on the owner IDs of the corresponding
social media posts. Each caption-image pair on VK comes
with a unique owner ID, indicating which user is the owner
of the caption-image pair. 95% of the owner IDs, and their

3https://huggingface.co/openai/clip-vit-base-patch32

corresponding caption-image pairs, were used to create a
training dataset called VK2M, resulting in 2,444,288 caption-
image pairs. A validation dataset was created called VK60kVal
containing 58,880 caption-image pairs from 2.5% of the owner
IDs. A test dataset was created called VK60kTest containing
60,928 caption-image pairs, again from 2.5% of the owner
IDs.

To prevent the same image from appearing in both the
training dataset and the other datasets, because different user
could possibly post the same images, a second filtration
was applied. Images where again processed by the CLIP
model clip-vit-base-patch32, and if an image from
VK58kVal or VK60kTest was found to have a cosine similarity
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Figure 3. A plot showing the percentage of images from the VK dataset
that match each of the twenty filtration categories. Images matching a black
category are filtered out, and images matching a white category are kept.

of 0.999999 or higher with a image from VK2M, it was
removed from VK60kVal or VK60kTest respectively. This
resulted in VK60kVal having 57,222 caption-image pairs and
VK60kTest having 59,134 caption-image pairs in the end.

Finally, a test dataset, VK1280Test, was created, containing
1,280 caption-image pairs. VK1280Test was created from a
subset of 1,897 caption-image pairs from VK60kTest, where
the posts were manually curated not to contain any easily
searchable terms in their captions, such as country names, city
names, famous buildings, restaurants, tourist attractions, parks,
rivers, mountains and more. See Table I for a summary of the
different datasets.

Table I
THE DIFFERENT DATASETS AND THEIR SIZES

Dataset caption-image pairs

VK2M 2,444,288
VK60kVal 57,222
VK60kTest 59,134

VK1280Test 1,280

Since we wanted to fine-tune two English variants of
GeoCIS on the data, and the captions were predominantly
Russian, we had to translate all the captions for the English
model. Translation was performed using the MADLAD-400
translation model MADLAD-400-3B-MT4 [21] using a max-
imum sequence length of 200 tokens for the input and 100
tokens for the output. All captions were translated from various
original languages to English.

To fine-tune our models, we needed synthetic captions that
explicitly contained information about the geographic location
where the images were taken. Thus, for each image and each

4https://huggingface.co/google/madlad400-3b-mt

language, an associated synthetic caption was created based on
the geocell of that image. The synthetic captions were created
using the names of the top three administrative divisions, as
well as their corresponding cell type. In the English case, the
cell types were “Country,” “Region,” “Republic,” “Territory,”
“City,” “District,” and so on. We limited it to the top two
administrative divisions for Moldova due to a lack of a more
granular division in the GADM dataset, which is were we
got all the English place names and their geographic infor-
mation. Place names in Russian were instead sourced from
GeoNames [20]. An English example with its corresponding
Russian version is shown below:

A photo taken in the City of Kurchatov, in the

Region of Kursk, in the country of Russia.

Фотография сделана в городе Курчатов, в Курской
области, в стране Россия.

A summary of the data collection pipeline can be viewed in
Figure 1 a).

D. Fine-tuning

Three different variants of GeoCIS were developed based
on three different foundation models: the original CLIP model
clip-vit-base-patch14-3365, StreetCLIP6 [14] and
the RuCLIP model ruclip-vit-large-patch14-3367

[16]. StreetCLIP is a fine-tuned version of the same CLIP
model, further fine-tuned on 1.1M Google Street View8 im-
ages specifically to be better at geolocalization. RuCLIP is a
foundation model based on CLIP that, unlike CLIP, is trained
on solely Russian text.

Instead of fine-tuning our GeoCIS variants by matching
images with geolocation-indicative texts, like in [13], we fine-
tuned them by matching caption-image pairs with geolocation-
indicative texts. In order to achieve this we used a novel joint
caption-image vector, where we averaged the output embed-
dings from the text encoder and image encoder of the CLIP-
based foundation model. We trained our three foundation
models, CLIP, StreetCLIP and RuCLIP, to associate this joint
caption-image vector with the corresponding synthetic caption
by fine-tuning with a cosine similarity-based contrastive loss.
This part of the construction can be viewed in Figure 1 b).

We trained each foundation model with the Adam optimizer
for four epochs on the dataset VK2M with a learning rate of
5e−7, weight decay 1e−3 and a batch size of 32.

E. Retrieval

For each fine-tuned model, we created a retrieval dataset
containing image and caption embeddings generated from all
caption-image pairs in VK2M, along with their corresponding
geographic coordinates. To predict the location of a previ-
ously unseen image-caption pair, the model first generates

5https://huggingface.co/openai/clip-vit-large-patch14-336
6https://huggingface.co/geolocal/StreetCLIP
7https://huggingface.co/ai-forever/ruclip-vit-large-patch14-336
8https://www.google.com/streetview/
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Table II
PERFORMANCE OF DIFFERENT GEOCIS VARIANTS ON VK60KTEST

Distance (% @ km)

Foundation Model Finetuned Caption Median Street City Region Country Continent
error (km) 1 km 25 km 200 km 750 km 2,500 km

CLIP no no 980.47 8.12 11.16 16.93 40.21 84.22
yes 939.57 10.20 14.77 20.73 41.91 84.30

yes no 809.09 10.38 14.58 22.34 47.39 86.20
yes 667.16 12.61 20.60 29.47 53.25 88.10

StreetCLIP no no 960.54 8.02 11.04 17.30 40.94 84.38
yes 927.02 10.18 15.00 21.12 42.38 84.25

yes no 808.03 10.49 14.72 22.42 47.45 86.34
yes 670.86 12.75 20.95 29.83 53.23 87.82

RuCLIP no no 1036.69 6.28 8.53 14.18 37.45 83.12
yes 972.07 8.45 12.43 18.51 40.51 84.81

yes no 931.83 7.41 10.65 17.45 41.97 84.68
yes 682.22 11.61 21.00 30.06 52.66 87.91

Table III
PERFORMANCE OF DIFFERENT GEOCIS VARIANTS ON VK1280TEST,

A DATASET WITH CAPTIONS NOT CONTAINING ANY OVERT GEOGRAPHICAL CLUES.

Distance (% @ km)

Foundation Model Finetuned Caption Median Street City Region Country Continent
error (km) 1 km 25 km 200 km 750 km 2,500 km

CLIP no no 1105.88 5.31 7.27 11.56 33.67 84.22
yes 1070.52 5.08 6.88 10.70 35.16 82.27

yes no 949.38 6.88 9.45 16.33 41.41 84.38
yes 878.87 7.11 10.08 17.50 43.83 84.77

StreetCLIP no no 1088.69 5.08 6.95 11.56 35.16 84.38
yes 1098.96 5.16 6.72 10.16 33.44 82.27

yes no 921.67 6.64 9.06 15.39 41.80 84.84
yes 887.99 7.11 10.55 16.80 43.05 85.16

RuCLIP no no 1113.44 4.61 5.78 10.62 33.91 84.06
yes 1149.08 3.75 5.55 9.30 32.11 82.89

yes no 1014.37 4.77 6.72 11.72 36.95 85.62
yes 963.51 3.98 6.56 13.44 39.22 85.62

the query’s joint caption-image embedding. It then searches
the retrieval dataset for the embedding most similar to the
query embedding, using cosine similarity. The geographic
coordinates associated with the most similar embedding are
returned as the predicted location. This retrieval process is
illustrated in Figure 1 c).

F. Evaluation

The primary evaluation metric used in this paper is the
Percentage at Kilometer (% @ KM) metric. This measures the
percentage of guesses that are within some distance thresholds
of the actual coordinates. The conventional thresholds of 1, 25,
200, 750, and 2,500 kilometers represent guesses on street-
level, city-level, region-level, country-level, and continent-
level. We also measure the median distance error in km as
a secondary metric.

IV. RESULTS AND DISCUSSION

We evaluated all three fine-tuned GeoCIS variants on the
two different datasets VK60kTest and VK1280Test (see Sec-
tion III-C). For each GeoCIS variant, we further constructed
an ablated variant, where we removed any usage of captions
by the foundation model. In the ablated variants, we replaced
any use of the joint caption-image embedding vector with a
normal image embedding vector, both during training and at
inference time. For the two English GeoCIS variants, we used
the translated versions of our datasets (see Section III-C) when
training. At inference the Russian captions were automatically
translated by the MADLAD-400 translation model (see Sec-
tion III-C) before being sent to the English variants. Lastly, we
also evaluated all the foundation models without applying any
fine-tuning. Similarly to how we did in the fine-tuned case,
we evaluated both with and without using captions on both
VK60KTest and VK1280Test.

The results for VK60kTest are summarized in Table II. The
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results for VK1280Test are summarized in Table III.

A. VK60KTest Results

All GeoCIS variants outperformed their corresponding no-
caption ablation variant on VK60KTest, achieving the best
results on all six distance metrics. Further the fine-tuned
variants outperformed their corresponding non-fine-tuned vari-
ants. These results make it clear that social media captions
improve the geolocalization performance of a retrieval-based
multimodal model, and indicate that it is best to include
the captions both during training and inference for optimal
performance.

However, the performance differences between foundation
models are less definitive. Non-fine-tuned RuCLIP is the
worst-performing model, and RuCLIP performs the worst
in almost all cases. The easiest way to explain RuCLIP’s
generally poor performance is by noting that RuCLIP has
been trained on less data than CLIP and StreetCLIP. 240M
image-text pairs was used to train RuCLIP [16], while 400M
was used for CLIP [15] and a total of 400M + 1.1M image-
text pairs was used for StreetCLIP [14]. Another possible
explanation to RuCLIP’s poor performance could be that the
GeoCIS variant using RuCLIP is exposed to the original
captions, whereas the variants using CLIP and StreetCLIP are
exposed to captions that are translated to English. Given that
the CIS region is linguistically diverse, the RuCLIP variant
thus may encounter captions in multiple languages, despite
being trained exclusively on Russian text. The exception to
RuCLIP’s poor performance is the case with the fine-tuned
RuCLIP using captions on the distance metrics (% @ 25KM)
and (% @ 200KM), where it instead performs best of all
models. This result is more complicated to explain, since
RuCLIP performs so poorly otherwise, but some of the non-
translated captions may contain local language use that gives
hints as to which city and region the person is from. The theory
is that this information gets lost in translation. As we will see,
however, the results on the VK1280Test dataset cast doubt on
this explanation.

The difference between the performance of StreetCLIP vs
CLIP is minimal, and this can again be explained by the fact
that they have been trained on almost the same amount of
data. One would have hoped that StreetCLIP would outperform
CLIP, given its specific training for geolocalization, but this
does not appear to be the case in our setting. It is possible
that the Google Street View images, which StreetCLIP has
been trained on, are too dissimilar to images posted on social
media.

B. VK1280Test Results

On the VK1280Test dataset we observe that, with few
exceptions, all model variants performed worse. This sug-
gests that the CLIP-based foundation models are effectively
leveraging the geographical clues provided in the captions in
VK60KTest, that are absent in VK1280Test.

The fine-tuned variants of GeoCIS, using either CLIP or
StreetCLIP as the foundation model, again outperform their

no-caption ablation variant on all distance metrics on the
VK1280Test dataset. However, the improvements are less
pronounced than those observed on the VK60KTest dataset. In
contrast, with RuCLIP as the foundation model, improvements
were observed in only three out of six metrics. It is possible
that this difference in results could again be explained by the
amount of total training data used by the different foundation
models (see Section IV-A). If this holds, this tell us that social
media captions improve the geolocalization performance of
a retrieval-based multimodal model even if the caption itself
does not contain clear geographical clues, provided that the
foundation model has been properly trained.

For the non-fine-tuned variants we observe that using cap-
tions at inference time often leads to decreased performance.
This was not the case for the VK60KTest dataset. This
outcome is reasonable however as without fine-tuning, and
with no geographic clues to help them, the models have limited
guidance on how to interpret social media captions.

V. CONCLUSION

In this work, we wanted to answer the following research
question:

How can the geolocalization capability of a
retrieval-based multimodal model be improved by
including social media captions?

After training our GeoCIS variants on 2.4 million caption-
image pairs from the Russian social network VK, both with
corresponding captions and without, using our novel joint
input vector, we can now say that the geolocalization capability
effectively improves when captions are used, both by using
them during fine-tuning and by using them at inference. The
best performance is achieved when using them at both fine-
tuning and inference time. We also see that the geolocalization
clues found by our GeoCIS variants in the captions are
not only trivial, such as city names and tourist attractions.
Instead, our models can utilize information that does not
contain obvious geographical clues in order to enhance their
predictions.

A. Future Work

To better understand the impact of localization on retrieval-
based multimodal models it would be valuable to replicate the
experiments presented in this article across other languages
and regions. ChineseCLIP [22] is a foundation model tailored
to Chinese that would make a promising candidate to study
in this regard, provided that a sufficiently large and appro-
priate Chinese dataset can be identified. ChineseCLIP uses
pretrained weights from larger models, including CLIP, and
train these further with a novel 200M Chinese dataset. This
makes it probable that ChineseCLIP’s performance would not
be limited by the quantity and quality of the pretraining data,
unlike what appears to be the case with RuCLIP.

There has been a lot of progress in the field of contrastive
image-text embedding models, the class to which all founda-
tion models discussed in this article belong. Among the most
promising models are SigLIP [23] and its successor, SigLIP 2
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[24], which introduces a novel loss based on the sigmoid
function. An interesting avenue for future research would be
to investigate how the high-performance of SigLIP 2 translates
into geolocalization capabilities when trained on social media
caption-image pairs.

Lastly, it would be interesting to see how the geolocalization
performance of retrieval-based multimodal models scales with
the size of the retrieval database. In our case, the retrieval
database consists of 2.4M caption–image pairs. One potential
research direction would be to experiment with progressively
smaller databases to evaluate how retrieval performance is
affected. If one observes diminishing returns in performance,
smaller and more manageable models may be preferable in
certain contexts.

VI. ETHICS

In the introduction, we talked about how the geolocalization
of social media images has the potential to benefit society by
being used for open-source intelligence or in the verification
of online information. Alongside these benefits however, come
several potential risks, one of them being privacy. To respect
individual’s privacy rights, we have chosen not to share
the data or model weights used in creating our model. By
describing the process of our data collection, a third party can
verify the results herein, which leaves our scientific integrity
intact.
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