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Abstract

Image geolocalization, or the prediction of the exact ge-
ographic location depicted in a photo, is known to be a
very challenging task for vision models. For instance, cer-
tain geographic locations can appear very different in pho-
tographs depending on the time of day or season, compli-
cating the classification task. Specialized humans, however,
can perform very well on this task. We identify directed
recognition of key objects pictured in the image as a key
strategy for the most capable human guessers. To explore
the effect of this strategy as applied to deep learning mod-
els and investigate a more human-interpretable approach
to this task over the current state-of-the-art, we introduce
and evaluate a new architecture for the image geolocaliza-
tion task that employs guided visual search through instance
segmentation to identify key image features and feature-
region classification on these image features. We also in-
vestigate the effect training on image features has on model
performance compared to models trained on entire images
and find that image feature extraction for geolocalization
is promising, boosting performance significantly over base-
line models.

1. Introduction

The online game “Geoguessr” has exploded in popular-
ity in recent years, due in no small part to the novelty and
unique difficulty of its core task: image geolocalization.
Image geolocalization, or the prediction of the exact geo-
graphic location depicted in a photo, is a difficult task for the
average person, requiring familiarity with the geographical
characteristics of a wide range of different regions around
the world and a nuanced understanding of diverse cultural
and infrastructural idiosyncrasies to distinguish between ge-
ographically similar regions. Among the loyal followers
this game has amassed are many highly capable guessers
who have strengthened these understandings and are able
to successfully determine locations of images within only a
few kilometers of where they were taken.

Meanwhile, image geolocalization has proven to be a
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very challenging task for vision models. The appearance
of a geographic location in a photograph is highly depen-
dent on lighting, time of day, and seasonality, among other
factors; where humans are able to identify important vi-
sual features despite these changing conditions, it is much
more difficult to devise a scheme for vision models to rec-
ognize these features. The top-performing models on this
task in recent years, TransLocator and StreetCLIP, both uti-
lize visual transformer (ViT) architectures and creative pre-
processing of input images to approximate the necessary
feature recognition for geolocalization, generally perform-
ing well with classifying images by continent and country.
However, these models still perform relatively poorly when
making predictions on the regional level within a country,
performing even worse for more granular predictions [4, 7].

We find that the strategies that successful human
guessers use for this task are underutilized when develop-
ing geolocation models and note the most effective strat-
egy used by successful human guessers: directed recog-
nition of key objects pictured in the image. Identifying
regional idiosyncrasies of objects appearing in the image,
such as telephone poles, plant species, etc., allows profes-
sional guessers to achieve high success rates. While current
models attempt this indirectly, attention mechanisms are not
human-interpretable, and it is unclear if attending to specific
parts of the image is indicative of their successful identifi-
cation of the most important objects within the image. If
the average human can accurately identify their location by
1) identifying the key semantic features likely to exist in
their surroundings, 2) extracting these semantic features us-
ing visual information, and 3) comparing each feature with
features of the same type previously seen in a variety of
other locations, it seems reasonable that a model able to ro-
bustly carry out these subtasks would perform well on the
image geolocalization task compared to models unable to
do reliably do so.

We therefore propose a novel approach for image geolo-
calization. This approach constructs a model ensemble con-
sisting of a masked-attention mask transformer for instance
segmentation followed by an ensemble of vision transform-
ers for feature classification. We first perform instance seg-



mentation on an image input to robustly identify charac-
teristic features of the location represented in the image.
In this way, we mimic human guessers’ identification of
key semantic features in the image (vehicles, foliage, archi-
tectural features, infrastructural features, people, ect.) for
closer inspection. This closer inspection, for each feature,
is performed by a specialized vision transformer trained on
feature-region pairs for features of the same type. With re-
gion classification done on each feature, the final geolocal-
ization output is computed by majority vote across features.

As a more simplified approach, we also train a single vi-
sion transformer on all types of features to perform feature-
region classification. We intuit that specialized feature-to-
region classifiers would learn more fine details of their re-
spective feature and could thus distinguish between their
characteristics more robustly, improving performance on
the task, but suspect that limited data may prevent these
classifiers from fitting well enough to these features. Thus,
we also feed all feature data to a single classifier to observe
if extracting images features in advance and classifying over
them at all improves on classifying over the entire image as
current models do.

With this work, we hope to also encourage future work
towards increasingly human-interpretable approaches to
this task. By deliberately segmenting the image into fea-
tures that are meaningful to humans, and then performing
geolocalization for each feature, we are able to clearly seg-
ment the geolocalization task into subtasks, and can inter-
pret where and why models tend to fail with more precision.
Understanding why models perform as they do at each stage
of the computation is crucial for identifying where they can
be improved and enables more direct and productive work
toward improvement on a given task. We aim for our work
to be interpretable enough to encourage productive interpre-
tation and extension of our approach.

2. Related work
2.1. Image Geo-localization

Current state-of-the-art approaches to the image ge-
olocalization task achieve generally high performance on
planet-scale image geolocalization benchmarks such as
IM2GPS and IM2GPS3k [5] on the continent- and country-
level, but deflate in performance on the regional and city
level. StreetCLIP [4] achieves SOTA accuracy on the
continent-level for IM2GPS3k by pretraining OpenAl’s vi-
sion transformer-based CLIP model on synthetic image cap-
tions geared toward the geolocalization task, transferring
existing zero-shot capabilities from CLIP to the more spe-
cific image geolocalization domain. TransLocator main-
tains SOTA accuracy on the country-, region-, and city-level
with a transformer-based architecture that synthesizes raw
images with semantic segmentation maps of the images in

a single pass through a vision transformer model, combin-
ing raw visual information with image features robust to
appearance variations brought about by changes in season-
ality or time of day [7]. Both models improve greatly on
the previous SOTA by applying vision transformers to the
task. TransLocator also notably benefits significantly from
the introduction of semantic segmentation maps to the task,
indicating that employing some form of feature extraction
invariant to seasonal and time-dependent changes in appear-
ance is necessary for high performance on this task.

We’d like to also mention GeoCLIP [1], a CLIP in-
spired image geolocator which uses GPS encoding for geo-
localization. What is most notable about the model is that it
is able to achieve competitive performance with only 20%
of the 4.6 million Flickr geo-tagged dataset that many other
SOTA models have utilized. Since the model is available for
testing and already benchmarked on the Im2GPS dataset,
we decide to make comparisons with our own model in the
accuracy evaluations on our own dataset to give our model
a point of reference with current SOTA models.

2.2. Guided Visual Search

Drawing on humans’ innate capability for visual search,
guided visual search algorithms for multimodal LLMs have
emerged as a promising technique for improving model ca-
pabilities on visual search tasks. Rather than relying on
model attention to identify critical regions of an image,
guided visual search algorithms draw on multimodal LLMs’
contextual understandings of where certain objects might
be located in an environment to explicitly delineate impor-
tant sections of an image over which the model may then
continue searching for a target object. By restricting the
domain of model attention to specific areas of an image, us-
ing the same reasoning as a human might, models show a
significantly improved ability to identify small features in
an image where they otherwise would fail [8]. In this way,
identifying critical patches of an image by reasoning about
the image as a human might and then computing over these
patches shows promise as an effective strategy for improv-
ing vision model capabilities on other tasks where attending
over subsections of an image is useful for humans.

3. Methodology
3.1. Model

We thus design a model ensemble to first extract image
features and then perform feature-region classification on
each feature for geolocalization. The feature extraction step
uses an image segmentation model to identify individual
objects in the image, including people, vehicles, infrastruc-
tural elements, and environmental features like foliage or
the sky. We use Mask2Former [2], a pre-trained masked-
attention mask transformer, for this subtask, whose pre-



training data includes all classes of objects important for hu-
man geolocalizers. Once these features are extracted, they
are each passed into respective expert vision transformers
that specialize in specific feature types. This is effectively
a classification task; we train each Vision Transformer on
images of a particular type of feature labeled by region to
produce an ensemble of feature-to-region classifiers. We
specifically chose ViT-B-16 for this task due to its manage-
able size given our resources and better performance over
larger architectures on less training data [3]. Classifications
for each feature are collected, and the most commonly ap-
pearing region label is chosen as the overall label for the
image. The result is a model that mimics human strategies
for image geolocation and is thus more interpretable than
current SOTA models.

Existing attention-based approaches in SOTA work see
models attend to “important” regions of the image, but it is
unclear exactly why these models attend to these regions.
It is reasonable to conjecture that separating the steps of
recognizing these identifying features through instance seg-
mentation and then attending to the details of these features
will improve performance: attention in current vision mod-
els presumably has to take care of both steps at the same
time, while our approach dedicates more compute to each
step separately. In doing so, our model may learn finer de-
tails of important image features and thus can differentiate
between features of the same type across regions much bet-
ter.

3.2. Datasets

We restrict the scope of our task to country-level classi-
fication. We do this for several reasons: we can explore a
wide breadth of regions with different characteristics to test
our architecture, available training data is most plentiful for
this level of the task, and this domain is well-explored and
thus has plenty of benchmarks on which we can evaluate
our results.

Our model ensemble is trained on two datasets that will
serve as input images: Geolocation - Geoguessr Images
(50k) [6] (which we shorten to G50) and our own curated
dataset of Google Street View Images (3k) (which we refer
to as G3). We split these datasets into test and train sets
and use them to train and evaluate our model. Geoloca-
tion - Geoguessr Images (50k) consists of 50 thousand web
scraped Google Street View images from mygeoworld.com
spanning 124 different countries. Each image is paired with
its corresponding country label. Our original dataset, Street
View Images (3k), consists of three thousand web scraped
Google Street View images from randomstreetview.com of
55 different countries. Again, each image is paired with its
corresponding country label.

Due to the nature of our model ensemble which requires
feature-specific data to train each feature-to-country classi-
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Figure 1. Model architecture

fier, we also create three original feature-to-country datasets
for the feature classifiers that we extract from the two previ-
ously mentioned image datasets using Mask2Former. Each
of the feature datasets consist of a feature to country to
image hierarchy where each image has both a feature and
country label. First, from G50, we extract all features (crops
of each important part of the image) from every image to
create a dataset of 99,000 images. Second, from the ex-
tracted features dataset of 99,000, we take the extracted fea-
tures of six countries, where each country has 2,500 feature
images, resulting in a dataset of 15,000 images equally dis-
tributed across each country in hopes of creating a more
balanced and unbiased dataset. Third, we extract from G3
to a dataset of 6,000 feature images.

We use original test splits from the above datasets to
evaluate feature classifiers, and evaluate the model ensem-
ble on the IM2GPS benchmark dataset of 237 images of var-
ious pictures of locations, landmarks, plants and animals,
and indoor facilities to give us a point of reference in com-
parison to current SOTA models. We choose the IM2GPS
evaluation set because the majority of SOTA geolocaliza-
tion models evaluate on this set, and we wish to compare our
results with theirs. This set contains a mixture of city and
country names which we convert to country labels. On both
the feature-to-country test splits and IM2GPS, we evaluate
models by measuring top-1 raw percent labeling accuracy.



3.3. Probability Output

We can mathematically define image geolocation to fur-
ther explain our intuition for our approach to image geolo-
cation with identified location-based objects. First, we start
with defining the general purpose of image geolocation with
I as the input image and C as the classified country.

P(I,C) (1)

We can introduce an intermediate variable, F, which rep-
resents the features the model uses to identify the country.
‘We elaborate on F later on.

P(I,F,C) 2
By conditional probability:

P(C|F, ) P(F|T)P(I) ©)

In 3, we identify P(F|I) as the first phase of our model
where given an image, it identifies the probability of the fea-
tures. P(C|F,I) is the second phase of our model where
given the features derived from the image, it identifies the
probability of the associated country. P(I) simply repre-
sents the image that is inputted into the model.

There are two types of variables for F. First, where F is
an embedding. To our knowledge, this is where pretty much
all of the geolocation models fall under. An embedding is
defined by the model itself based on the features it deems
as important, it is not explicit and as we’ve seen by the per-
formance of related geolocation models, with large datasets
and due to its end-to-end optimization (I to C), it gives the
neural network the most flexibility to find a good embed-
ding.

However, these embeddings are set in an arbitrary
method based on the model itself and in situations where
there may not be large datasets available, such as more re-
mote areas or countries, the embeddings may find it difficult
to be able to generalize features towards areas with few data.
This is where we introduce our approach, where F is instead
label pictures of specific features we have pointed out, such
as the telephone polls, or specific road signs.

4. Experiments

Our experiments seek to evaluate the performance of ge-
olocalization models using feature extraction versus geolo-
calization models not using feature extraction. We also seek
to evaluate how classification over all features compares to
classification over separate features, and hope to also ob-
serve how models perform when trained on small versus
large datasets.

We first construct feature-to-country datasets from G50
and G3 by performing instance segmentation on the data
with Mask2Former. Segmentation maps are converted to

bounding boxes, and the segment of the image bounded is
saved with both its corresponding feature label generated by
the model and its country label from the originating dataset.

For each experiment, each dataset used is split with a
7:1.5:1.5 ratio into train, validation, and test sets and used
accordingly. All classifiers referenced are pre-trained ViT-
B-16 image classification models, and all models are fine-
tuned for 11 epochs with a learning rate of 2e-5. We tested
epochs of 3, 5, 11, 12, and 30 and found that 11 epochs
were adequate for models to fit to the train data without too
significant computational cost.

4.1. Universal Feature-to-Country Classification

Our first, more straightforward experiment hopes to ob-
serve the effect of performing geolocalization over image
features instead of overall images. To measure this, we fine-
tune a pre-trained ViT-B-16 model on unsegmented images
directly from the G3 dataset to serve as a baseline and fine-
tune another ViT-B-16 model on the feature-to-country G3
dataset described above. We evaluate the models on their re-
spective test splits as well as IM2GPS, omitting test images
representing regions the models were not trained to classify.

We perform the same procedure for the G50 dataset.
However, images are not distributed equally across coun-
tries in this set, so we additionally select 15 thousand im-
ages from G50, equally distributed across 6 countries, and
perform the same procedure over this set as well. Doing this
ensured an equal, unbiased distribution of data, as well as
ample enough data to learn decent representations.

4.2, Specific Feature-to-Country Classification

Here, we evaluate our proposed model ensemble dis-
cussed in Section 3.1. To begin constructing our ensem-
ble, we decide to train 4 expert feature-to-country classi-
fiers, separated by 4 feature categories: ground, vegetation,
structures, and vehicles. These categories group together
feature labels produced during the image segmentation pro-
cess; the vehicles category, for example, encompasses “car,”
”bus,” and “truck” features extracted by the segmentation
model. We choose these categories of features to group to-
gether related, expressive features observed in our feature-
to-country datasets. We then train each classifier over only
their category of feature, selecting, for instance, only veg-
etation feature data from our feature-to-country dataset to
train the vegetation expert model on. We train these models
only on feature-to-country data from the G50 dataset.

Due to sparsity in the dataset, some countries lack any
data corresponding to a given feature. In these cases, in or-
der to process our datasets consistently and easily without
having to get rid of entire country classes, we add a single
32x32 random noise image to these folders. We expected
that performance for these countries would be poor regard-
less, and that a few additions of noise would not throw off



the data distribution too significantly.

Once these models are trained, we evaluate them on
feature-specific test splits following the same procedure as
all other evaluations. We also evaluate them on IM2GPS.
Finally, we ensemble them together with Mask2Former and
evaluate the ensemble model performance.

4.3. Dataset Evaluation

We also evaluate GeoCLIP on an original test split of our
G3 dataset. We suspect that the distributions of IM2GPS
and our Street View datasets are very dissimilar and thus
wish to observe how a model trained on IM2GPS general-
izes to our data.

5. Results

We find widely ranging accuracies across models when
evaluated on original test-splits, and almost universally poor
performance on IM2GPS for each model we fine-tuned.
Models trained on more well-distributed data, and greater
quantities of data, generally show better performance. The
G50 6 Country Feature Classifier notably achieves 81.81%
test accuracy on its test split and achieves better than ran-
dom chance when evaluated on IM2GPS test images over
its 6 countries.

Model Top-1 Country Accuracy
G3 Baseline 0.3155
G3 Feature Classifier 0.5626
G50 Feature Classifier 0.5393
G50 6 Country Feature Classifier 0.8181
G50 Ground Classifier 0.4946
G50 Structure Classifier 0.3919
G50 Vegetation Classifier 0.3721
G50 Vehicle Classifier 0.1716
GeoCLIP 0.1835

Table 1. Results from Original Test Split Accuracies

Model Top-1 Country Accuracy
G3 Feature Classifier 0.0000
G50 Feature Classifier 0.0005
G50 6 Country Feature classifier 0.2911
G50 Feature Ensemble Classifier 0.0302
G50 Ground Classifier 0.0251
G50 Structure Classifier 0.0101
G50 Vegetation Classifier 0.0754
G50 Vehicle Classifier 0.0000

Table 2. Model Evalulation Accuracies on IM2GPS

Due to constraints on compute, we were unable to train

and evaluate baseline models on the G50 dataset and the
G50 6-country subset.

6. Discussion
6.1. Models

From our results, we observe that models we trained
on more data performed significantly better than models
trained on smaller amounts of data, which is to be expected.
Feature classifiers trained on upwards of 15-20 thousand
images, like the ground and vegetation feature classifiers,
achieve higher accuracy than classifiers trained on only 5
thousand images such as the vehicle feature classifier. The
best performing models on a given domain overall are also
the classifiers trained on the most data: the combined fea-
ture classifier over 6 countries achieves 81% test accuracy
on its respective test set, which is certainly partially at-
tributable to its significantly smaller classification domain
but still demonstrative of how feature classifiers can cer-
tainly achieve high accuracy when trained on unbiased,
higher quality data in large amounts.

6.2. Data

It’s important to note the biases and limitations of each
dataset that will influence our results. First, note that de-
spite our goal of having our model to be able to recognize
all countries, our model versions are only able to guess be-
tween 124 or 55 different countries so we are limited by this
scope.

With Geolocation - Geoguessr Images (50k), due to it be-
ing webscraped off of mygeoworld.com, the images are not
given completely at random, resulting in a non-uniform dis-
tribution of countries, with each country containing a num-
ber of images between 1 and 12,000. Therefore, this results
in huge biases with the countries that have the most images
compared to the countries that have very few. Countries like
the United States or the United Kingdom, for example, have
well over 10,000 images in the dataset, while countries like
China or Egypt have under 100. With Street View Images
(3k), we make sure to have each country take in an equal
amount of images, so this type of bias is removed.

After looking at our results, we can see that the G3
feature classifier model trained better on the 3,000 image
dataset than the 50,000 image dataset by 2.33% which we
believe is due to less dataset bias and less scope of countries
to classify from.

After looking at ViT test accuracy results, we can take
note on how the G3 Classifier and the G50 6 Country Fea-
ture Classifier have the highest accuracies. Even though the
G3 Classifier is trained on less data than the G50 Feature
Classifier, we believe that due to an evenly distributed coun-
try dataset, it was able to perform better than the G50 Fea-
ture Classifier which, while containing more data, is signif-



icantly more biased. Additionally, the G50 6 Country Fea-
ture Classifier brings in a very high accuracy of 81.81%. Its
dataset not only is evenly distributed like G3, but it has more
data per country. This leads to promising results for future
work with acquiring more data that is evenly distributed.

6.3. Feature Extraction

Due to the fact that we were unable to evaluate baseline
models on unsegmented images for both the G50 and G50
6-country datasets, the conclusions we can draw from our
results are limited. However, these preliminary results seem
to encourage further investigation, as performing feature ex-
traction and training on extracted features is indicated by
our results on the G3 dataset to improve performance over
classifiers trained on default images alone. The classifier
trained on features extracted from the 55 country dataset
improves on the classifier trained on only raw images from
the dataset by 25%. Further investigation is certainly nec-
essary to observe this effect. If evidence continues to sup-
port the idea that feature extraction helps improve classifi-
cation accuracy overall, it fits within the intuition that train-
ing on more data (several features are extracted per image
in the dataset) yields better results. The method we em-
ploy for feature extraction also bears similarities to estab-
lished methods of data augmentation like random cropping
and scaling that bolster model performance with more input
data, which is a possible reason this effect is observed.

We also observe that inconsistencies in the quality of ex-
tracted features has drastic results on classification perfor-
mance. The vehicle classification model for example per-
forms significantly worse on its test set compared to the
ground classification model. We believe that this occurs be-
cause the extracted vehicle features are significantly noisier
and lower quality than ground feature data. The ground fea-
ture dataset consists of much larger, more consistently sized
images; more content is being fed into the model with each
image input. However, the vehicle feature dataset is much
noisier, with some decently sized representations of various
vehicles but by and large consisting of tiny patches only a
fraction of the size of the image they were extracted from,
thus containing much less useful information. Other fea-
ture data for features like traffic lights and street signs were
similarly poorly distributed and noisy. This indicates that
a more robust method of feature extraction and data collec-
tion may be necessary, perhaps involving the filtering out of
smaller, less expressive data.

The G3 Feature Classifier compared to the G3 Baseline
has a notable improvement in country accuracy. Addition-
ally, it is clear that the G50 Ground Classifier has better
performance on the test data than the G50 Vehicle Classi-
fier by 32.3%. We find that both improved models feature
mimic patching data augmentation which could lead to bet-
ter results.

Figure 2. Two samples of extracted features labeled “car.” Note
the bottom image has been scaled up for visibility.

While the G50 Vehicle Classifier, is trained on the same
method as G50 Ground Classifier, it suffers from the feature
extraction of smaller objects.

6.4. Evaluation

Although we received sub-optimal accuracies on the
IM2GPS benchmark evaluation data, there are still some
good results outside of the country accuracy tests. For in-
stance, we anecodtally noticed that although the models
didn’t guess the correct countries most of the time, there
was a general sense of them predicting the correct conti-
nent. For instance

Additionally, it is important to understand not only is
there a limitation of our datasets due to non-uniform data
distributions of country and feature images as explained ear-
lier, but also that there is a limitation of the Im2GPS bench-
mark evaluation data.

We found that the content of the images are generally out
of distribution for the data we trained our models on. For in-
stance, famous landmark and close up shots of the plant and
animal species take a big portion of the IM2GPS test set.
Normally these famous landmarks have something unique
about their architecture, with features that are not as com-
monly used in regular architectures throughout the country.
Im2GPS’s close up shots of plants and animals normally
have the background blurred and show species that can ex-
ist on multiple countries and continents, making it very dif-
ficult for our model to determine exactly one country.

Notably, GeoCLIP, which was trained on IM2GPS,
achieved only 18% accuracy on our original test sets from
G50 Street View data, despite performing well on the



Im2GPS3k test set, a larger test split from the IM2GPS
dataset. This indicates that poor evaluation performance of
our models on the IM2GPS test set is not entirely indica-
tive of their failure to learn good representations at all, but
rather that the representations learned do not generalize well
to domains outside of Street View images.

As our model focuses more on the general sense of
each country or region, instead of unique, rare features
that don’t represent the whole of a country, it makes sense
that it doesn’t perform as well on the Im2GPS dataset
country-wise, and that it would generally perform a lot bet-
ter continent-wise in its current state.

7. Future Work

The main takeaway from our experiments is that guided
feature recognition does in fact help the embedding pro-
cess for our geolocation image classification model which is
clear from the big gain in accuracy points with the G50, G50
6 Country, and G3 Feature Classifiers from the G3 Baseline
model. Therefore, there is definitely a promising opportu-
nity to attempt guided feature recognition on different tasks.

Based on our understanding of how the model was lim-
ited by its dataset due to non-uniform country and feature
distribution and its ability to demonstrate promising results
when given access to uniform country distributed data with
more size through the G3 and G50 6 Countries datasets, we
believe that there is great value in creating bigger datasets
that maintain an even distribution of labels. One specific
cause of the uneven distributions of data are the discrepan-
cies in the sizes of the objects in the input images and there-
fore, unequal image quality of the feature data. The smaller
an object is in the picture, the poorer its feature quality and
vice versa. One idea to address this calls for the help of
diffusion, where one could take the poorer quality feature
images and create images of higher resolution.

We also noticed that there are similarities when it comes
to direct feature extraction and random cropping and scal-
ing data augmentation. It seems worthwhile to determine if
our directed feature recognition is really a reiteration of this
data augmentation method, or if these methods produce dif-
ferent effects on model performance. Intuition leads us to
hypothesize that directed feature recognition could be better
because it provides more information that is deemed more
important when classifying the image, and propose further
experimentation on this.

As mentioned when examining the Im2GPS evaluation
results, with the ancedotal observation that there is a general
consensus on continent when comparing the output classi-
fied country for the feature images of the input image, it
might be worthwhile to analyze our model on a continent-
wise scale to better understand the generalizations it makes.

We also hope to perform more rigorous analysis on the
effect of dataset size on transformer geolocalization per-

formance when trained and evaluated on full images com-
pared to performance when trained and evaluated on image
features. We hypothesize that classification on extracted
image features will tend to prevail over classification on
full images when training from smaller datasets, but will
eventually be overtaken by classification on full images
when training on larger datasets. Our intuition for this is
that though transformers training and evaluating on full im-
ages will attend to parts of the image in a somewhat arbi-
trary/uninterpretable way, they will also learn connections
between features they deem important which will eventu-
ally improve their performance once they learn rich enough
features on larger datasets.
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