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Abstract
This paper focuses on rare visual token enhancement: given an image the

model is trained to select few visual tokens with the property of being largely
distant from all the others. This idea, which is structurally more frugal than
classical self-supervised methods, could be an interesting pretext task for both

fast classification based on few tokens, or, interesting point selection.

1 Introduction

Self-supervision consists in selecting a label-free pretext task whose resolution
eventually forces the model to organize an underlying representation of the da-
tum / data. Two classical pretext tasks are contrastive learning (e.g. [3]) which
aims to make all image representations distant from each other while grouping
representations of an single image under data augmentations, or, masked pre-
diction (e.g. [14, 2]) where the model should predicts parts of the datum (or
related features) that are voluntary removed.

If those two pretext tasks have been successfully used to train very large
foundation models (e.g. [16]), they may struggle when trained on smaller models
[3]. Yet, both frugality at server level to save energy and frugality at edge level to
run on limited hardware require lighter models for many industrial applications.
And, despite that pruning [12], distillation [15] and/or quantization [9] of large
models have allowed a rapid spread of large-made-light model on smartphone,
considering structurally frugal approaches should be investigated to know if
better speed / performance balance than compression of large networks can be
found.

This paper considers a frugal-by-design label-free task: extracting from a
datum only the rare tokens. Obviously, it is not clear that rare tokens capture
the global information of the entire datum. In some situation, proportion of
different common tokens may encode the main information. Yet, when infor-
mation is carried by rare token, getting rid of all common-uninformative token
may allow a critical speedup in the processing of the datum. This is why this
paper focuses on self-supervised rare visual token enhancement: the model is
trained to make some visual tokens of an image to be largely distant to all oth-
ers (assuming the image is not uniform). Importantly, standard contrastive loss
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can not operate for such task as a lot of tokens are similar and thus have to
share a common representation. So making all tokens distant to each other can
not be done. This is why the approach has to select rare tokens which can be
distant from the other (and which should be present only once otherwise their
distance to other is 0).

Despite this preliminary work does not answer the question whether those
rare tokens are enough for Imagenet classification or useful for point-based ge-
ometric registration, the contribution of the paper is to show that separating
some token from all others is possible on Imagenet with only few neural lay-
ers which is relevant for frugality. Qualitatively, the select token are visually
relevant and matches to some extend with classical interest points.

This paper presents related works in next section before losses for the selected
pretext task in section 3 and experiments in section 4.

2 Related works

2.1 Sparsity in image classification

The idea of selecting rare areas in image was somehow common before deep
learning rising. Indeed, trend in bag-of-features approaches just before Alexnet
[10] was about selecting relevant words or features from the codebook [17] i.e.
processing the image using only the most relevant features. Since then, image
classification is overwhelmingly performed in dense manner using deep network.
Despite network efficiency is improved using somehow sparser architectures (e.g.
introduction of block removing the need to improve the width of the layers in
Resnet [8], grouped convolution and separation between spatial and spectral
operation in state of the art ConvNext[13]), deep network tends to process the
image entirely.

Recent transformer approaches [5] which perform tokenization of the im-
ages could easily reintroduce the idea of token selection. Yet, current trends
mostly focuses on training larger networks on larger databases using better self-
supervised pretext tasks.

2.2 Sparsity for vision based geometry

The closer works to this paper are related to vision based geometry. Indeed,
simultaneous localization and mapping (SLAM [6]), 3D reconstruction[11], or
image registration [7] still mostly rely on points: salient points are extracted
from multiple images, then, points are matched across images based on their
neighborhood to recover corresponding 3D points (1 3D point is associated to 1
2D point in each image).

Thus, this process requires the ability select rare or salient points and the
ability to describe them in such way a same 3D points will be described similarly
in multiple images i.e. such process should enhance visual rarity. Yet, only few
works have considered this task with deep learning approaches. For example, it
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worth notices that even recent advanced vision language mapping like [1] relies
on hand crafted 2D point extractions to generate 3D point cloud.

The main paper on this idea is [4]. However, [4] relies on a geometric-
based pretraining: geometric strong-corner solids are used to generated image
on which corresponding 2D points should be extracted. Thus, this approaches
is completely relevant for extracting interesting point but it does not directly
tackle the task of enhancing rare visual token that may not be point.

Inversely, this paper tries a more general approach which should include
interest points but which is more general.

3 Methodology

3.1 Overview

The task considered in this paper is directly to force a small part of the token
to be far from all other tokens: formally is f1(θ), ..., fN (θ) are N tokens in
dimension D extracted from 1 image by a few-layers encoder with weights θ,
then, the objective of the training for this image is:

max
θ

 max
(i1 ̸=...̸=iK)∈{1,...,N}

∑
k∈{1,...,K}

minn ̸=ik ||fik(θ)− fn(θ)||2

maxi,j∈{1,...,N} ||fi(θ)− fj(θ)||2

 (1)

One has to select K features i1, ..., iK with K ≪ N (typically K = N
100 ), such

that fik is distant to all fn (except himself i.e. n ̸= ik). Thus, all fik , fi′k have to
be distant from each other and from all other fn but not-selected n can be close
together. This is a very critical difference with classical contrastive learning:
similar parts of the image have to lead to similar features. Thus wanting all
features to be distant to all other is a non sense, but, wanting that K are distant
to all other implies to select K rare tokens only present a single time, and, to
make them distant to all others. Let just remark that if θ allows to perform a
linear transformation on f , then, eq.1 is equivalent (to a 1

2 factor) to:

max
θ,∀n,||fn(θ)||≤1

max
(i1 ̸=... ̸=iK)∈{1,...,N}

∑
k∈{1,...,K}

min
n ̸=ik

||fik(θ)− fn(θ)||2 (2)

which means: one wants to move some points on the unit disk of dimension D
so that some points are each the most possible distant to all others.

3.2 Greedy strategy

This problem is highly not convex as one wants to optimize a distance only
between some points that should be selected. Yet, a greedy approach is to
consider, for a given image, the currently most distant i1, ..., iK , and, to enhance
their distance to others. Indeed, for a frozen θ,

max
(i1 ̸=...̸=iK)∈{1,...,N}

∑
k∈{1,...,K}

min
n ̸=ik

||fik − fn||2
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can be trivially solved by:

• computing ||fi − fj ||2 ∀i ̸= j ∈ {1, ..., N}

• computing di = minj ̸=i ||fi − fj ||2 ∀i ∈ {1, ..., N}

• sorting {1, ..., N} decreasingly according to di

• selecting the top-K

Thus, as, stochastic gradient descent will introduce a lot of noise in the selection
of the next batch of images and in the optimization process, this greedy approach
of enhancing the distance of the current most-far-points may in practice allows
to try to enhance the rarity of all possible candidates.

Thus, in practice given f1(θ), ..., fN (θ), one will first compute I the set of size
K of currently most distant features and J the corresponding closer neighbor,
then,

max
(i1 ̸=...̸=iK)∈{1,...,N}

∑
k∈{1,...,K}

min
n ̸=ik

||fik − fn||2 =
∑

||fI − fJ ||2 (3)

Importantly, the computation of I, J can be done without retaining the gradient
flow.

3.3 Loss

Thus, the most straightforward way is to perform the offered task with stochastic
gradient descent is to consider the loss

L(x, θ) = −
∑

||FIx(x, θ)− FJx(x, θ)||2 (4)

where x is the current image, F the few-layers encoder and Ix, Jx are computed
as pointed in 3.2.

This loss is computed after linear normalization of the features to force them
to be in the unit disk - a small auxiliary loss is used so that the normalization
becomes native.

Importantly, one target is that rarity will be somehow represented similarly
in 2 similar images, thus, robustness to geometric data augmentation D is en-
forced by a regularity loss:

RD(x, θ) = ||F (D(x), θ)−D(F (x, θ))||2 (5)

where D can be rotation, symmetry, scaling or crop1.
The final loss is the sum of the 2 L(x, θ) = RD(x, θ) + L(x, θ).

1Cropping of a relative - and not absolute - part can commute with an encoder even if it
reduces the spatial size.
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Figure 1: Example of output on Imagenet images. Boxes are the selected tokens,
green point are Harris corners extracted with default scikit-image params.

4 Experiments

4.1 Setting

Experiments are performed using the 2 first block of EfficientNet-b5. Those
block only reduces spatial size of the image by a factor 2 following by 2 convo-
lutions with kernel 3x3. This ensures the features are mostly local (but with an
information at image level brings by squeeze excitation). In order to reduce the
influence of a pixel to a single token, a 8x8 pooling is added at the end of those
2 blocs.

This small network (3 trainable full convolutions and some squeeze excita-
tion) is trained with adam optimizer for 2 epoch on batch of size 32 on Imagenet
with the loss presented in section 3.

K (the number of rare tokens) is 7 in all the experiments.

4.2 Results

The main result is that both supervised weights or random weights produces a
very dense point cloud with almost no native separation between token (distance
is respectively 0.095371 and less than 0.001 for Imagenet and random weights).

Inversely, with only two epoch, the network trained with the rarity enhance-
ment loss allows to achieve a distance of 1.144922 in average on Imagenet val
between selected tokens and all others.

As the tokens are enforced to belong to the unit circle, it means the absolute
optimal distance is 4 while the presence of a point at the center of the circle
reduce this optimal distance at 1 (bellow the one found). So this results is
not trivial as it has to breaks natural symmetries of the feature distribution to
achieve more than 1 in average distance.

Visually, the resulting rare token are humanly acceptable, and, matches to
some extend Harris corner.
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5 Conclusion

This preliminary works presents a new pretext task that enhances the distance
of rare visual tokens to other tokens in images.

Despite many questions are left open (usefulness for image classification or
computer geometry based on interesting points, possible alternative losses for a
better gradient propagation, ...), this paper proves that this task is optimisable
even on middle scale datasets like Imagenet.
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