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Abstract

Vision Transformers (ViTs) enabled the use of trans-
former architecture on vision tasks showing impressive
performances when trained on large datasets. However,
on relatively small datasets, ViTs are less accurate given
their lack of inductive bias. Relational Vision Trans-
former (RelViT) addresses this limitation by introducing a
novel self-supervised learning (SSL) strategy which lever-
ages patch relations within images to train ViTs more ef-
fectively. By optimizing all the output tokens of the trans-
former encoder related to image patches, RelViT enhances
the training process by exploiting additional training sig-
nals. The initial research demonstrated that RelViT im-
proves the classification performance on traditional super-
vised baselines. This research seeks to validate the scientific
rationale behind RelViT’s effectiveness by evaluating it on
larger datasets and further investigating its impact on ob-
ject detection task.

1. Introduction

Vision Transformer (ViT) [6] is a model recently devel-
oped to address computer vision tasks, such as image clas-
sification and object detection. It builds on the Transformer
architecture [18], state of the art in natural language pro-
cessing, considering patches as parts of the image such as
words are parts of a sentence. The work [6] highlights the
high potential of ViTs when trained on large datasets. How-
ever, the high performance are not maintained when deal-
ing with small datasets due to the lack of inductive bias
of the architecture. As a result, aiming at better gener-
alization levels, some recent works modified the attention
backbone of ViT introducing hierarchical feature represen-
tation [14], progressively tokenization of the image [20] or
a shrinking pyramid backbone [19]. Other works, inspired
by BERT [5], used self-supervised learning (SSL) paradigm
firstly pre-training ViT on a massive amount of unlabelled
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Figure 1. RelViT [1] optimizes all tokens in the image through
self-supervised tasks. In the picture, tokens are optimized against
spatial relations among patches.
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data and, subsequently, training a linear classifier over the
frozen feature of the model or fine-tuning the pre-trained
model to a downstream task [2, 3, 1]. Into the mainstream
of the research devoted to pushing beyond the limitations of
the Vision Transformer, our RelViT model [1] introduced
SSL tasks, easily integrated in the original architecture, that
faces the problem of learning spatial relations among pairs
of patches. It has already shown remarkable results address-
ing the image classification task on small datasets, however,
experiments on larger datasets and other computer vision
tasks are still missing. In this paper, we test RelViT’s per-
formance by further investigating it on ImageNet and object
detection task.

2. Method

The Relational Vision Transformer model uses a stan-
dard ViT encoder, which takes image patches as input. Its
output tokens are optimized through specialized heads de-
signed for solving self-supervised learning tasks based on
spatial relations among input patches. Since all heads share
the same backbone, the model can solve multiple SSL tasks
in parallel. The SSL signals can be leveraged by adding or
removing task-related heads and their losses in summating
the total loss. Thanks to this mechanism, RelViT can be



trained using only self-supervision (a pre-training stage),
full supervision, or combining the two at the same time
(downstream-only). During the pre-training, it could be
beneficial to use the mega-patches for increasing the con-
textual information in each token, and it is possible to per-
mute the input patches without losing in generability. An
overview of the RelViT idea from [!], where you can find
more details, is shown in Figure 1.

3. Experiments
3.1. Datasets and Implementation Details

We report some results obtained in [ ] on standard image

benchmarks for classification: CIFAR-10 [10], SVHN [15],
CIFAR-100 [10], Flower-102 [17], TinyImagenet [1 1], and
ImageNet-100 (a subset of 100 labels from ImageNet)
adding the experiment carried out on ImageNet-1K [4].
Moreover, we tested RelViT on various benchmarks for
object detection: VOC-2007 [7], COCO [13], KITTI [&]
(randomly splitted into 75% train and validation), and
SVHN [16], with a number of training samples from 5k
to 118k. We used the backbones ViT-S [6], Swin-T [14],
and T2T-ViT-14 [20] with the same model configurations
asin[1].
We developed our model in PyTorch, and the code will be
available upon acceptance. For all the experiments, we in-
vestigated RelViT using the additional spatial relations and
absolute positions heads for the self-supervised component
(as suggested in [1]), and a single GPU for performing each
experiment. For the classification benchmarks, we used the
same training details reported in [1] pre-training the model
from scratch on SSL tasks and subsequently fine-tuning it
on classification. For the object detection task, we com-
bined Feature Pyramid Network (FPN) [12] (to extract fea-
tures from the backbone) and Mask R-CNN [9] as the de-
tection framework.

3.2. Experimental Results

We investigated RelViT on larger datasets testing its gen-
eralization abilities on ImageNet-1K. Table 1 reports the
results on various datasets for classification. The RelViT
approach improves the supervised baselines on small and
huge datasets, gaining +2.94% on ImageNet-1K and prov-
ing its effectiveness in this complex scenario. It is worth
noticing that the 68.28% of accuracy has been obtained
using just 1 GPU and a small batch size of 256. For
the object detection task, we carried out experiments un-
der both the downstream-only scenario and pre-training on
SSL tasks and subsequently fine-tuning for object detec-
tion using both the patches’ permutations and the mega-
patches as hyper-parameters. Table 2 reports RelViT re-
sults on VOC-2007 using multiple backbones and hyper-
parameters, whereas Table 3 shows the results on various
benchmarks using ViT-S as the backbone. Independently

Backbone Supervised RelViT  Improv.

CIFAR-10 ViT-S/4 86.09 +0.46 90.23 +0.09 +4.14 1
SVHN ViT-S/4 96.01 +0.07 97.14 +0.03 +1.13 1
CIFAR-100 ViT-S/4 59.19 +0.84 64.99 +0.46 +5.857
Flower-102 ViT-S/32  42.08 +0.29 45.78 +0.75 +3.70 1
TinyImagenet ViT-S/8 43.19 +0.78 51.98 +0.20 +8.79
Imagenetl00 ViT-S/32  58.04 +0.91 66.46 +0.45 +8.42 %
Imagenet ViT-S/32 65.34 68.28 +2.94 ¢

Table 1. Comparison between the RelViT model and the super-
vised ViT baselines on several datasets. RelViT is pre-trained on
SSL tasks and subsequently finetuned for classification, whereas
the baselines are trained on classification.

Backbone  Method
Supervised - - - 14.31 30.04 11.59

Upstream Perm. Mega-patch mAP mAP;; mAP;;

RelViT X X X 14.59 30.86 15.16
ViT [6] RelViT v X X 15.16 31.51 12.78
RelViT v X v 16.87  34.06 14.73

(Improv.) (+2.56 1) (+4.02 1) (+3.14 1)
Supervised - - - 15.43 32.40 12.73
RelSwin X X X 12.98 28.37 10.21
Swin [14] RelSwin v v X 20.98 40.02 19.60
RelSwin v v v 21.65 41.04  20.65

(Improv.) (+6.221) (+8.641) (+7.921)
Supervised - - - 14.20 30.09 11.32
y RelT2T-ViT X X X 14.74 30.38 12.54
T2EVIT [20] RelT2T-ViT v v X 15.85 32.17 13.45
RelT2T-ViT v v v 16.61 33.60 14.53

(Improv.) (+2411) (+3.511) (#3211

Table 2. RelViT results on VOC-2007 using different backbones.
Upstream defines the usage of SSL tasks during pre-training in-
stead of jointly learning them along the downstream task. Perm.
and Mega-patch set the use of permutation and mega-patches.

Dataset Method Upstream Perm. Mega-patch mAP,,, mAP;,,,50 mAP;,,75

Supervised - - - 20.43 35.36 20.27
COCO RelViT v X X 22.44 37.35 22.59
mini-val RelViT v X v 22.03 36.79 22.37
(Improv.) #2011 (+1.991) (#2321
Supervised - - - 32.55 74.01 21.73
RelViT X X X 3442 76.52 24.51
SVHN RelViT v X X 32.30 74.84 20.68
RelViT v X v 34.36 76.71 24.10
(Improv.) +L811) (#2701  (+2.371D)
Supervised - - - 32.17 55.73 33.26
RelViT X X X 29.82 52.81 30.50
KITTI RelViT v X X 37.02 63.52 35.79
RelViT v X v 33.86 58.39 34.40
(Improv.) (+4.851) (+7.991)  (+2.53 1)

Table 3. RelViT vs. supervised ViT baselines on various datasets
for object detection. Columns details in the caption of Table 2.

by the dataset, hyper-parameters, and backbone, the RelViT
approach always outperforms the supervised baselines up to
+8.64% in mAP5y on VOC-2007 using Swin as backbone
and +2.32% in mAPy,,75 on COCO.

4. Conclusion

In this work, we have investigated the effectiveness of
RelViT on ImageNet-1K and several datasets for object de-
tection task. The results show the generalizability and out-
performing properties of RelViT, expanding its scope be-
yond image classification on small datasets.
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