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Abstract. In recent years, the research community has approached the
problem of vehicle re-identification (re-id) with attention-based models,
specifically focusing on regions of a vehicle containing discriminative in-
formation. These re-id methods rely on expensive key-point labels, part
annotations, and additional attributes including vehicle make, model,
and color. Given the large number of vehicle re-id datasets with var-
ious levels of annotations, strongly-supervised methods are unable to
scale across different domains. In this paper, we present Self-supervised
Attention for Vehicle Re-identification (SAVER), a novel approach to ef-
fectively learn vehicle-specific discriminative features. Through extensive
experimentation, we show that SAVER improves upon the state-of-the-
art on challenging VeRi, VehicleID, Vehicle-1M and VERI-Wild datasets.
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zhoda rovnakého vozidla na snimkach z velkého datasetu
obrazkov (nasnimané pomocou dopravnych kamier)

rozne kamery, orientacie, ¢as, lokacie, oklUzie, nezaostrenost ...

podobny tvar, model, farba, vyrobca...

reidentifikacia vozidiel |= detekcia vozidiel



aktualna téma v oblasti pocCitacového videnia
pribuzné k téme reidentifikacie osob

vieme identifikovat auto v réznych bodoch mesta
(odkial' kam iSlo)

vyuzitie v inteligentnych dopravnych systémoch
(efektivnejSie navrhovanie dopravnych sieti)



Obrazok: Ukazka pripadov zlyhania reidentifikacie (a, b rovnaky smer) a (c, d podobné
pozadie)



Al City Challenge
dataset

VeRi-776
Stanford Cars

VERI - Wild

CompCars

VRAI
Vehicle-1M
VehicleX
VenhiclelD

BoxCars 116K



data nasnimané z dopravnych kamier v USA (Stat lowa)
85 058 obrazkov

52 717 trénovacich a 31 238 testovacich obrazkov

440 roznych vozidiel

nasnimané pomocou 46 kamier

anotované ludmi (farba, model, typ...)
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VeRIi-776 dataset

= 50 000+ obrazkov

= 776 réznych vozidiel

= nasnimané pomocou 20 kamier

= rdzne pohlady, rozliSenia, svetelné podmienky, okluzie

= anotacie (Bbox, typ, farba, znacka)




Cam 11
16: 21: 36

Cam 4
16: 20: 47

Cam 8
16: 20: 29

Ccam 5
16: 19: 15

.

Cam 12
16:41: 36

Cam 17
16:41:58

Cam 19
16:42: 06

.

Cam 16

16: 42: 45

12/31



zmenena velkost obrazkov na rozmer 256x256 a nasledna
normalizacia

Adam optimalizator

150 epbch

VAE (Variatonal Auto-Encoder)
ResNet 50 pre extrakciu priznakov
Triplet Loss a Cross entropy Loss

Trénovacie triky (Warmup learning rate, REA...)
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Trénovacie



Warmup learning rate (t je Cislo epochy)

3.5x107° x & ift <10

Ir(t) = 3.5 x 10~* if 10 < ¢t <40
~ ) 3.5x107° if 40 < ¢t <70
3.5 x 1076 if 70 <t <120

Random Erasing Augmentation (REA)




Label smoothing
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Batch normalization (BN) Neck

Tnplet loss
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FC layers

(a) The neck of the standard baseline.

_J1-8He ifi=y
%=1 ¢ /N otherwise, €=0.1
Triplet loss Inference stage
) |D |OSS
BN Iayers
features features
fe i FC layers (No bias)

(b) Our designed BNNeck. In the inference stage, we choose f;
following the BN layer to do the retrieval.






Metriky a vysledky na datasete VeRi 776

= Mean Average Precision

|{relevant documents} N {retrieved documents}|

recision =
P |{retrieved documents}|

|{relevant documents} N {retrieved documents}|
recall =

|{relevant documents}|

APGn = GTP Z PGk x rel@k




True

positives 1 / 0/ 4 0/ 5 O/ 6 0

Predicted
positives

P@1xrel@1 P@2xrel@2 P@3xrel@3 Esanm smam (NN P@erel@k llllllll

Overall AP="%(1/1+2/2+3/3+0/4+0/5+0... +0) =

N
1
lll;'\l) — T E f\l)c
o i=1]



Metriky a vysledky na datasete VeRi 776

= v publikacii dosiahli vysledok 79.6% mAP

= tento vysledok sa autorom este pomocou metddy re-ranking
podarilo vylepSit na 82% mAP




Napady na vylepsenie ?
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(a) Architecture (b) Two Successive Swin Transformer Blocks

Figure 3. (a) The architecture of a Swin Transformer (Swin-T); (b) two successive Swin Transformer Blocks (notation presented with
Eq. (3)). W-MSA and SW-MSA are multi-head self attention modules with regular and shifted windowing configurations, respectively.
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ABSTRACT

‘While the Transformer architecture has become the de-facto standard for natural
language processing tasks, its applications to computer vision remain limited. In
vision, attention is either applied in conjunction with convolutional networks, or
used to replace certain components of convolutional networks while keeping their
overall structure in place. We show that this reliance on CNNs is not necessary
and a pure transformer applied directly to sequences of image patches can perform
very well on image classification tasks. When pre-trained on large amounts of
data and transferred to multiple mid-sized or small image recognition benchmarks
(ImageNet, CIFAR-100, VTAB, etc.), Vision Transformer (ViT) attains excellent
results compared to state-of-the-art convolutional networks while requiring sub-
stantially fewer computational resources to train.!

1 INTRODUCTION

Self-attention-based architectures, in particular Transformers (Vaswani et al., 2017), have become
the model of choice in natural language processing (NLP). The dominant approach is to pre-train on
alarge text corpus and then fine-tune on a smaller task-specific dataset (Devlin et al., 2019). Thanks
to Transformers’ computational efficiency and scalability, it has become possible to train models of
unprecedented size, with over 100B parameters (Brown et al., 2020; Lepikhin et al., 2020). With the
models and datasets growing, there is still no sign of saturating performance.

In computer vision, however, convolutional architectures remain dominant (LeCun et al., 1989;
Krizhevsky et al., 2012; He et al., 2016). Inspired by NLP successes, multiple works try combining
CNN-like architectures with self-attention (Wang et al., 2018; Carion et al., 2020), some replacing
the convolutions entirely (Ramachandran et al., 2019; Wang et al., 2020a). The latter models, while
theoretically efficient, have not yet been scaled effectively on modern hardware accelerators due to
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Abstract

This paper presents a new vision Transformer, called
Swin Transformer, that capably serves as a general- purpose
backbone for computer vision. Challenges in

segmentation . i
classification detection ... classlflcallon

Transformer from language to vision arise from dljferences
between the two domains, such as large variations in the
scale of visual entities and the high resolution of pixels
in images compared to words in text. To address these
dtﬁ‘erences, we propose a hierarchical Transformer whose

is computed with Shifted windows. The
shtfted wmdowmg scheme brings greater eﬁ'ictency by lim-
iting self- ion to non-overlapping local
windows while also allowmg for cross-window connecuon
This hierarchical architecture has the flexibility to model
at various scales and has linear computational complexity
with respect to image size. These qualities of Swin Trans-
former make it compatible with a broad range of vision
tasks, including image classification (87.3 top-1 accuracy
on ImageNet-1K) and dense prediction tasks such as object
detection (58.7 box AP and 51.1 mask AP on COCO test-
dev) and semantic segmentation (53.5 mloU on ADE20K
val). Its performance surpasses the previous state-of-the-
art by a large margin of +2.7 box AP and +2.6 mask AP on
COCO, and +3.2 mloU on ADE20K, demonstrating the po-
tential of Transformer-based models as vision backbones.
The hierarchical design and the shifted window approach
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(a) Swin Transformer (ours) (b) ViT

Figure 1. (a) The proposed Swin Transformer builds hierarchical
feature maps by merging image patches (shown in gray) in deeper
layers and has linear computation complexity to input image size
due to computation of self-attention only within each local win-
dow (shown in red). It can thus serve as a general-purpose back-
bone for both image classification and dense recognition tasks.
(b) In contrast, previous vision Transformers [20] produce fea-
ture maps of a single low resolution and have quadratic compu-
tation complexity to input image size due to computation of self-
attention globally.

greater scale [30, 76], more extensive connections [34], and
more sophisticated forms of convolution [70, 18, 84]. With
CNN s serving as backbone networks for a variety of vision
tasks, these architectural advances have led to performance
improvements that have broadly lifted the entire field.
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Obrazok: Grad-cam a) pévodny obrazok, b) CNN backbone, d) Transformer (ViT) backbone
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