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Motivation

Convolutional Neural Network limitations

« Convolutional Neural Networks (CNNs) at each layer
employ moving convolution kernel (2D filter) windows.

2D convolution kernels are learned feature detectors.
They are local operators.

CNNs cannot benefit from distant image patch correlations.

CNN kernels are inefficient at modeling visual elements
with varying spatial distributions.

|| Artificial Intelligenc
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Motivation C\ZML

CNN limitations

 CNN features do not consider important spatial hierarchies
between objects.

« Only local Interactions are considered In each
convolutional layer.

« CNNs detect parts W|th no sense of the whole (Picasso

problem). L ;

) :
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Motivation

CNN limitations

« Most CNN architectures leverage pooling for increasing the
receptive field of higher-level layers kernels, allowing them
to capture higher-level features on large image regions.

 Pooling may lead to severe information loss.

« Only local Interactions are considered In each
convolutional layer.
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Motivation

CNN inductive bias

 CNNSs rely on the assumptions of locality and stationarity
governing the 2D image signal.

* Locality refers to the fact that neighboring pixel intensity
values tend to be more correlated than those of distant
ones.

« Stationarity denotes that Image statistics do not vary
spatially (e.g., across image regions).
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Information Analysis Lb



Motivation

Locally adaptive kernels

« Each CNN layer Is static. That Is, the same fixed
convolution kernel (CNN parameters) slides across different
Image regions.

« Data-dependent locally-adaptive kernels can facilitate the
accurate cope with varying spatial image distributions.

» Such kernels (Bilateral filter [ELA2002], Non-local means
[BUA2005], LARK [TAK2007]) have widely been applied on
Image denoising.
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Motivation C\ZML

Locally adaptive kernels
 Bilateral filter:

% =% Ip: — v
k:: = ex L ex IR .
/ "< b ) "< b3 )

* k;j: similarity between image pixels i and j.

* x;. Intensity of image pixel i .
- p; € R%: image pixel i position.
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Motivation

Locally adaptive kernels
 Non-local means is a generalization of bilateral filter.
* |t operates at image patch than at image pixel level:

% — x;]|° Ip: —p;||°
k:: = ex LT ex R .
/ "( b2 ) "( b )

* k;;: similarity between two image patches i and j,

* x; € R%: vector of patch i pixel intensities.
 p; € R%: patch position on the image.
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Motivation

Locally adaptive kernels

 Locally adaptive regression kernel (LARK) captures the
local data structure, by estimating the local geodesic
distance between nearby patches.

kij = eXP( (x: = %;) Cij(x; - Xj))-

* k;;: similarity between two image patches i and j,
» x; € R%: vector of patch i pixel intensities.

* C;; € RY*?: covariance matrix of the gradient of the
Intensity values approximating the local geodetic distance.

| | Artificial Intelligence &
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Motivation
Locally adaptive kernels

« Scaled dot-product attention [VAS2017]:

T
q; kj
a.; = Softmax ,
l] f ( /_dk)
q; = Wo(x; +p;) € R%,

k; = Wi(x; +p;) € R%,

similarity between the Iimage patches i and j
€ R%m,

* aij :
represented by feature vectors x;€ R%mand X;
e R%m : patch positional encodings.

* Pi,Pj €
e parameter matrices.

Oy Wy @R m, Wy € RU*4m |earnab
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Related work C\ZML

Augmenting CNNs with attention

« Scaled dot-product attention module of Self-Attention
Generative Adversarial Networks (SAGANS)

attention

convolution Ix1conv
feature maps (x) map
s ,g self-attention
Tt [N e® feature maps (0)
T i & M v Hp
Ixlconv 'U N -
‘ 1x1conv —
h(x)

» Operator @ denotes matrix multiplication.

f(x), g(x), h(x) can be considered as queries Q, keys K and values V, respectively.
Softmax is performed row-wise [ZHA2018].

[ ]
[
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Related work

Augmenting CNNs with attention

Non-local neural networks
Output spatiotemporal feature

map Z € RTHWXC' s generated
from X € RTHWXC:

Z = Softmax(XWyWJXT )XW, .

+ Wy, W, W, € REC" : learnable
parameter matrices.

« T and H,W are the temporal
and spatial dimensions.

| | Artificial Infelllgence &
Information Analysis Lab
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Spatiotemporal non-local block.

| TxHxWx1024
X

& and @ denote matrix multiplication and

addition respectively [WAN2018].
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Related work

Augmenting CNNs with attention
« Non-local neural networks

O”O o Irmamgmgorrelations captured by non-local blocks [WAN2018].

Information Analysis Lab
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Related work C\ZML

Replacing convolution with (local) attention
« Stand-Alone Self-Attention in Vision Models (SASA)

« Attention can used as stand- query
alone primitive for vision '
models instead of serving just
as augmentation on top of
convolutions.

output

matrix multiplication

« Attention kernel slides accross -~ leared transform
different image regions.

Spatial local attention layer [RAM2019].

| | Artificial Intelligence & 15
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Related work VML

Augmenting CNNs with attention

1x1

OutputH Fec;‘fure Aggre(gatﬂm Peature C x'T'x 1
. F h Spatial Positi
Local Relation Networks o - ~
” Softmax } - 7 [ Aggregation \
] . | Aggreggi“.ron We/fgjrs - :
A local relation layer adaptively | © et |
. . : Appearance Composability :
determines the aggregation |
weights based on the == L !
compositional relationship of local #2275‘4/
el pai Gedmetry Prior Ty eV Gen iy "Fedture Map
pixel pairs. ' 4 iy
2%k xk 1x1 CxHxW Identity
Position Input Feature

The local relation layer [HU2019]
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Related work C\ZML

Augmenting CNNs with attention
 Local Relation Networks
Local relation layer:

w = Softmax ((I) (fgq (Xi),fgk(Xj)) + fgk(pi — pj)).

¢ O (fgq (Xl‘),fgk(xj')) is a _measure of similarity between
the target pixel x; and a pixel x; within its position scope.

* fo, and fp, : pixel transformation functions.

| | Artificial In%lligence & 17
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Related work

Augmenting CNNs with attention
 Local Relation Networks

 p; € R?: position of pixel i.

* fo.(p; —p;): it defines the similarity of a pixel pair (i, )
based on a geometric prior.

 The geometric term adopts the relative position as input
and Is translationally invariant.

* |t is encoded by a small network consisting of two channel
transformation layers, with a ReLU activation in between.

|| Artificial Intelligenc
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Transformers in Computer C\ZML
Vision

« Motivation and related work
 Transformers
* Vision Transformer (VIT)
* Swin Transformer
« DEtection Transformer (DETR)
« SEgmentation TRansformer (SETR)
« Segment Anything Model (SAM)
* DINO
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Transformer architecture

« An image X € REWXC js gplit into
fixed-size patches x € RN°C.

« Each patch gets linearly embedded
as following:

x; = W,X;, i=1,..,HW

; ny | 4
TR

2
« W,e R%m*N"C:learnable parameter
matrix. Image patches.

| | Atificial Intelligence & .
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Transformer architecture C\ZML

« Positional information is provided through additive
learnable positional encodings of the same dimension d,,
as the input vectors z;:

Z; = X; + P;.
« At Initialization, the positional encodings carry no
Information about the 2D positions of the patches.
« All spatial relations between the patches are learned during
training.

« The matrix of input embeddings Z € R:X%m [ = HW /N? is
Imported In the Transformer encoder.

|| Artificial Intelligenc .
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Transformer architecture .. (VML

Output (Sequence)

A
Task Specific
Branch

Transformer was originally designed % ](m)
for neural sequence transduction.

Decoder
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Transformer architecture C\ZML

Encoder
 The encoder consists of a stack of N identical blocks.

« Each block has two sub-layers:
« A multi-head self-attention module.
« A position-wise fully connected feed-forward network.

 Residual connection [HE2016] is employed around each
sub-layer followed by layer normalization [BA2016].

Attificial Intelligen
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Transformer architecture C\ZML

Decoder
« The decoder also consists of a stack of N identical blocks.

» Each block has three sub-layers.

* A (causal) multi-head self-attention module. Optionally a mask is
employed to prevent current data point from attending subsequent
ones.

« A multi-head cross-attention module between encoder and
decoder sequences.

« A position-wise fully connected feed-forward network.

« Again, residual connection and layer normalization are
applied around each sub-layer.

| | Artificial Intelligence & 24
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Transformer architecture C\ZML

Scaled dot-product attention

Three new matrices Q € Ri*4 (queries), K € IRL'Xdk(keys),
V € RL'*dv (values) are generated:

Q — ZWQ -+ 1L><1bQ' WQ € ]Rdedk,bQ (& ]de,
K = Z’WK + 1L’><1bK’ WK (S ]Rdedk,bK S de,
V — Z’WV -|— 1le1bv, WV E Rdedv, bV E Rdv,

by linearly transforming two matrices Z € R-%4 and Z' € RL' %4,
where L # L/,

 Learnable parameters: W,, Wi Wy, b, by, by,.
Q”O dndhe.eriginal model, it is arbitrarily chosen that d;= d,,.

Information Analysis L 25



Transformer architecture

Scaled dot-product attention
Using the terminology in [GRAV2014], attention is an averaging
of values, associated to keys matching to specific queries.

In cross-attention each data point of sequence X, attends to all
data points of sequence Z' in order to compute a new
representation of sequence Z:

Y =Softmax (Q—KT) Vv

Jak)
The row-wise Softmax operator renders a probability
distribution, representing the normalized correlation scores of

_each query to all the keys.

| | Artificial Intelligence & 26
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Transformer architecture C\ZML

Transformers

* They can have multiple heads, facilitating both parallelization
and attention to different regions.

* Transformer encoder and decoder can have multiple layers.

Artific IIfIIg
QMO pymemenencer .



Transformers in Computer C\ZML
Vision

« Motivation and related work
* Transformers
* Vision Transformer (VIT)
* Swin Transformer
« DEtection Transformer (DETR)
« SEgmentation TRansformer (SETR)
« Segment Anything Model (SAM)
* DINO
* Video VIT (VIVIT)
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Vision Transformer (VIT) C\ZML

n VIT [DOS2021] an image Is split into non overlapping
patches. The sequence of linear embeddings of these
patches is provided as input to a Transformer encoder.

The model Is trained on image classification task iIn
supervised fashion.

Attificial Intelligen
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Vision Transformer (VIT) C\ZML

VIT architecture

- An image X € REWXC js gplit into
fixed-size patches x € RV°C

« Each patch gets linearly embedded

as following:

I .
X; = Wex;, L

2
« W,e R%m*N"C:learnable parameter

mautrix.

| | Artificial Intelligence &
Information Analysis Lab
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Vision Transformer (ViT)

Class
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VIiT overview [DOS2021].
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Vision Transformer (VIT) C\ZML

VIT architecture

« Positional information is provided through additive
learnable positional encodings of the same dimension d,,
as the input vectors z;:

o
Zi_xi+pi'

« At Initialization, the positional encodings carry no
Information about the 2D positions of the patches.

 All spatial relations between the patches are learned during
training.

|| Artificial Intelligenc .
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Vision Transformer (VIT) C\ZML

VIT architecture

» The matrix of input embeddings Z € R!*%m [ = HW /N? is
Imported in the Transformer encoder.

« Similar to BERT |[class] token, an extra learnable
embedding vector z, € R% is appended at the start of Z
leading to Z' € RE+DXdm

 The state of z, at the encoders output serves as the final
image representation y, € R%m,

|| Artificial Intelligenc .
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Vision Transformer (VIT) C\ZML

VIT architecture

 The final image representation y, € R% is fed to a single
linear layer parameterized by W e R4m>K (for K classes)
followed by a Softmax activation function to produce the
final class probabillity distribution.

« Typically, VIT Is pre-trained on large datasets and fine-tuned
on downstream tasks.

Attificial Intelligen
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Vision Transformer (VIT)

VIT architecture

9®

Neighboring image patches tend

to have similar  position
embeddings.

Patches N the same
row/column have similar
embeddings.

Positional encoding pairwise
similarities exhibit row-column
structure.

Artificial Intelligence &
Information Analysis Lab
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Position embedding similarity
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Input patch column
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9

Input patch row
1N
Cosine similarity

-1

Positional encodings pairwise similarities
[DOS2021]. ”



Vision Transformer (VIT) C\ZML

Remarks :‘&I‘[:’)ut Attention

* For extracting the distribution of
class probabilities, the output
token y, € R%m  attends to
semantically relevant Image
regions.

N Attention of the output token to the input
O | | O Artificial Intelligence & Space [DOSZOZ].] 35
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9®

Remarks

* The attention distance
Increases with network depth.

It can be considered bo be
analogous to the receptive field
INn CNNs.

Globally, the VIT model attends
to Image regions that are
semantically similar for
classification.

Artificial Intelligence &
Information Analysis Lab

Vision Transformer (VIT)

(vmL

VIiT-L/16
m o ¢
o 120 - - °
X eoos o0, !llllguo"'
e - L .o...". ®
100 ® 0‘ o
cv v
— ‘ ® m‘.! o
- o 89380
o 80 A S o
L Sof g8
O _ ..:.'.
S 60 - ":z.o‘
H
= 40_‘ 3:' e Headl
I ° g0 Head 2
o o
- 20 - .3:. ® Head 3
D 3 °
E 0 1 | 1 1 |
0 5 10 15 20

Network depth (layer)

Distance of attended area by head and layer

[DOS2021]. Ny



Vision Transformer (VIT) C\ZML

Remarks

e VIT attention distances shift

. & & & .
from local to global when
moving deeper in the network. T

e -

 ResNet effective receptive fields

are h|gh|y local and grow VIT attention distance vs ResNet receptive
. field [RAG2022].

gradually, when moving deeper

In the CNN network.

| | Artificial Intelligence & 37
Information Analysis Lab



Vision Transformer (VIT)

Remarks

 When trained on large datasets,
multi-headed VIT  attention
flattens the loss function,
leading to better performance
and generalization.

| | Artificial Intelligence &
Information Analysis Lab

ResNet

Negative log likelihood loss + ¢,
regularization [PAR2022].
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Vision Transformer (VIT)

Remarks

VML

« When trained on small datasets, multi-headed VIT attention

allows negative Hessian eigenvalues, leading to non-
convex loss function forms.

Small positive Hessians
— " (small curvature)
— ResNet warmup
_— ViT
_E:. === ViT (6%) _E;- —
Kz
i7 iz QR 7,
L NN
1 (L] 17H1F
:J | o, 11
\
,_S/\\_ A lot of negative Hessians
=100 00 500

(non-convex)

Negative Hessian eigenvalues and amplitude of positive Hessian eigenvalues for
Q”O . flrpagelllET. The dotted line corresponds to the 6% of the dataset [PAR2022].
rrimicial inreliigence

Information Analysis Lab
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Vision Transformer (VIT) C\ZML

Remarks

* Fourier analysis of feature maps can
show that Multi-headed Self-
Attention (MSA) modules dampen
high signal frequencies, while : —
convolutional kernels tend to amplify oz o5x  1ox  0ox 05 1o

Frequency Frequency
them. | | _
Relative log amplitudes of Fourier transformed

e Thus MSA Iayers are feature map. A log amplitude of high-frequency

’ : : : signals is the difference between the log

homogeneous region-biased, while ampiitude at normalized frequency 0.07 and at
convolutional ones are texture- 10mIPAR2022)

blased.

| | Artificial Intelligence & 40
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Vision Transformer (VIT) C\ZML

Hybrid VIT architecture

 The VIT Input sequence can be formed from CNN feature
maps of image patches.

« The Input embedding projection using W, € R4m*N*C g
applied to patches extracted from a CNN feature map.

« As a special case, the patches can have spatial size 1 x 1,
which means that the input sequence is obtained by simply
flattening the spatial dimensions of the feature map.

|| Artificial Intelligen
Information Analysis Lab
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Transformers in Computer C\ZML
Vision

« Motivation and related work
* Transformers
* Vision Transformer (VIT)
« Swin Transformer
« DEtection Transformer (DETR)
« SEgmentation TRansformer (SETR)
« Segment Anything Model (SAM)
* DINO
* Video VIT (VIVIT)

|| Artificial Intelligen .
Informatio AIy Lb



Swin Transformer C\ZML

« Unlike the word tokens in Natural Language Processing
(NLP), visual elements can vary substantially in scale.

 This Issue Is Important in vision tasks, such as object
detection.

 Visual input embeddings of fixed scale are unsuitable for
most vision applications.

|| Artificial Intelligenc s
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Swin Transformer

(vmL

Swin Transformer [LIU2021] segmentation
- - ificati etection ... lassificati
constructs hierarchical feature i e Fassteaton }
maps by merging image //@/j///ﬁx //;j/{//ﬁﬁx
patches in deeper layers. e F -
« Self-attention Is computed .~ ~—72 >~ =it
locally W|t_h|n non—ov_erlapplng ,@%fg@f;g% /4?///74
local windows (in red) £ —
(a) Swin Transformer (ours) (b) iT

consisting of M X M patches.

* Linear computation
complexity.

| | Artificial Intelligence &
Information Analysis Lab

Hierarchical and fixed resolution feature maps of
patches (in grey) [LIU2021].
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Swin Transformer C\ZML

A hierarchical image representation is constructed by
starting from small-sized patches and gradually merging
neighboring ones in deeper layers.

« The Swin Transformer employs these hierarchical feature
maps to leverage advanced techniques for dense

prediction, such as feature pyramid networks (FPN)
[LIN2017] or U-Net [RON2015].

Attificial Intelligen
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Swin Transformer C\ZML

Layer | Layer |+1

« To Introduce cross-window
connections while maintaining L
computational efficiency, a - perform sellatiention
cyclically shifted window A pateh
(Swin) approach i1s utilized
between |ayers_ Shifted window approach [LIU2021] .

« Computation of self-attention In
layer [+1 crosses the
boundaries of windows in layer .

| | Artificial Intelligence & 46
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Swin Transformer C\ZML

 The window Is shifted cyclically, as it is typically done In
cyclic convolutions.

« Assuming that the feature map Is repeated periodically In
both spatial dimensions, the window is shifted from top-left
to bottom-right.

« Masks are employed to prevent the computation of self-
attention between patches that are not adjacent in the
original image.

---------------------------

r masked||
B ) ; i B

' iti masked
window partition & A -~

cyclic shift reverse cyclic shift
O”D Atificial Intelligenc .
Information Analysis lob Cyclic shift of windows [LIU2021] .




Swin Transformer C\ZML

Positional information in injected to the model, by including a

earnable relative position bias B € RM°*M* tg each head of
ocal self attention within a window consisting of M? patches:

Qi (Ki)"
VD

- Q! K € RM**dk Y € RM**dv: queries, keys and values
corresponding to window w and head h.

XN = Softmax( + Bh> 4%

|| Artificial Intelligenc s
Information Analysis L b



Swin Transformer VML

Swin Transformer architecture

« Shifted window configuration is utilized between consecutive blocks in each
stage [LIU2021].

H W H W H W H W H W
IXTX48 =x—=xC ?X?XZC EXEXZJ:C EXEXSO
e Stage 1 R ! Stage 2 R Stage 3 NS Stage 4 b
I | 1
v (o) N\ 1! r N\ 1 r N\ r N
="' | .5 :: 50 (LR Y 1 | w0 1
ol ! o o 11 =
HXWXg E 1 ~ . 1 1 'EO ) " Eb ) : 1 ED . :
2l | & Swin 1! = Swin | 5 Swin , : 5 Swin .
Images [P & > E > Transformer-:—:) = Transformer—:—? = [P| Transformer [ = | Transformer [
<[ | = Block |11 |5 Block |1 |5 Block |''|< Block |,
= I 8 1! = 11 = ' = 1
A | E (i A 11 A : : A~ 1
1
o X2 e X2 oos x6 SN _ X2
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Transformers in Computer C\ZML
Vision

« Motivation and related work
* Transformers
* Vision Transformer (VIT)
* Swin Transformer
« DEtection Transformer (DETR)
« SEgmentation TRansformer (SETR)
« Segment Anything Model (SAM)
* DINO
* Video VIT (VIVIT)
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DEtection TRanformer (DETR) (VML

« DETR [CAR2020] object detection employs neither hand-
crafted components, such as Non-Maximum Suppression
(NMS) nor anchor boxes that encode prior knowledge
about the task.

« DETR employs the conjunction of a bipartite matching
loss and a parallel decoding transformer (non auto-
regressive).

Artificial Intelligen
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DEtection TRanformer (DETR)

--------------- 'l_—_________—______-'r
i backbone ! encoder |
|
: set of image features:i ::
: 1 ¥
| ) |
: :: |:
|
! ' transformer \ transformer
3 encoder N decoder
| !
| !
[ [ I O ) X !
: OOOOHG-) § O 00 6
| g "
\ _positional encoding_ ___________________i\____Oblectqueries & ______________ .

DETR architecture [CAR2020].

| | Atificial Intelligence &
Information Analysis Lab
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DEtection TRanformer (DETR) (VML

DETR architecture

e Given an input image X € R¢*Hoo DETR wuses a
conventional CNN backbone to learn a lower resolution
feature map X' € R¢*HW,

« Typical values:
C =2048, H=H,/32, W =W,/32.

« The channel dimension C is reduced through an 1x1
convolution creating a new feature map X" € R&m*HW,

|| Artificial Intelligenc -
Information Analysis Lb



DEtection TRanformer (DETR) (VML

DETR architecture

« Positional information is provided through additive fixed
vectors of the same dimension d,,, as the input embeddings:

z; =x) +p; i=1,.. HW

 The elements of p; are computed through sinusoids, as in
the original transformers [VAS2017].

Artificial Intelligen
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DEtection TRanformer (DETR) (VML

DETR architecture

* The final sequence is imported to a standard Transformer
encoder consisting of N blocks.

« A matrix O € R%m*Lo of L learned vectors, namely object
gueries, is imported to a standard Transformer decoder
which decodes them in parallel.

« K:the maximum number of objects in an image.
* L,: hyperparameter obeying the restriction L, > K.

Artificial Intelligen
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DEtection TRanformer (DETR) (VML

DETR architecture

» The decoder outputs a matrix Y € R%m*Lo, Each vector y; €
R, | =1,..,L, passes through two different branches.

« One Dbranch outputs distribution of class probabilities
(classification task), while the other one regresses
bounding box coordinates (regression task).

« Overall, the model produces L, final predictions.

Attificial Intelligen
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DEtection TRanformer (DETR) (VML

DETR architecture

 The classification branch consists of a linear projection
layer followed by a Softmax activation function.

 The regression branch consists of a 3-layer perceptron
with ReLU activation function.

|t predicts the normalized center coordinates, height and
width of the bounding box with respect to the input image.

Artificial Intelligen
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DEtection TRanformer (DETR) (VML

DETR architecture

« The DETR model predicts a set of L, bounding boxes,
where L, is usually much larger than the actual number of
objects in an image.

 An additional special class label @ is used to represent
that no object is detected within a slot.

 The class @ plays a similar role to the "background" class
In the standard object detection approaches.

Attificial Intelligen
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DEtection TRanformer (DETR) (VML

Bipartite matching loss

« Since the number of L, predictions is much larger than the
actual number of objects in an image, a special loss
function is needed.

« The loss function must produce an optimal bipartite
matching between predicted and ground truth objects, and
afterwards optimize object-specific (bounding box)
losses.

Attificial Intelligen
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DEtection TRanformer (DETR) (VML

Bipartite matching loss
« Glven an image the set of ground-truth is denoted by Y =
{y; ?’:"1 where N, is the number of objects.

- y; € R¥** where K denotes the number of classes and 4
stands for the bounding box coordinates.

« The set of model predictions in denoted by ?={yi}fgl
where § € RX¥*4,

e Since L, > N, the set Y must be padded with @ before
finding a bipartite matching between ground-truth and

QD predictions.
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DEtection TRanformer (DETR) (VML

Bipartite matching loss

 Bipartite matching is accomplished by finding a permutation
of L, elements, o € &, with the lowest cost:

= arg min zl: (YU YU(l))

O'E@LO

*Ln(¥i,V¥50)) s a pair-wise matching cost between
ground truth y; and a prediction with index o (i).

Artific IIfIIg
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DEtection TRanformer (DETR) (VML

Bipartite matching loss

* The pair-wise matching cost between ground truth y; and a
prediction with index o (i) is computed as follows:

Lon(¥i, Vo)) = —1 kz0yDo) ki) + 1 g, 203L0 (b1 boiy).

* k; Is the ground truth class label.

« b;e[0,1]* is a vector that defines the normalized ground
truth bounding-box coordinates, height and width.

* DPsp)lS the predicted probability distribution corresponding to
the ground -truth.

Attificial Intelligen
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DEtection TRanformer (DETR) (VML

Bipartite matching loss

t

he regression loss Lb(bi,i)a(i)) IS a linear combination of

ne L, loss and the generalized loU loss:
Ly (b, bo(i)) = diouLiou(bi boy) + Ar, [[bi = bogy]] -

* diow A1, € R: hyperparameters.

« Both terms are normalized by the number of objects inside
the batch of images used during loss computation.

Attificial Intelligen
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DEtection TRanformer (DETR) (VML

Bipartite matching loss

A Hungarian loss is computed for all the pairs matched in
the previous step:

Ly(YY) = 2[—109153(1') + 1 20 Lp (bi, bay) |-
* 4 IS the optimal assignment computed in the previous step.

Artificial Intelligen
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DEtection TRanformer (DETR) (VML

Object queries

 Each object query learns to specialize on certain areas
DOX Slizes.

Visualization of all box predictions on all images from COCO 2017 val set for 20 out of total L, =
100 prediction slots in DETR decoder. Each box prediction is represented as a point with the
coordinates of its center in the 1-by-1 square normalized by each image size. The points are

color-coded so that green color corresponds to small boxes, red to large horizontal boxes and
blue to large vertical boxes.[CAR2020].
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DEtection TRanformer (DETR) (VML

self-attention(430, 600) self-attention(450, 830)

self-attention(520, 450) 4 R - self-attention(440, 1200)

Encoder self-attention for a set of reference points. The encoder is able to separate individual
instances. Predictions are made with baseline DETR model on a validation set image
[CAR2020].
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DEtection TRanformer (DETR) (VML

DETR for panoptic segmentation

« DETR can be naturally extended by adding a segmentation
branch on top of the decoder outputs.

Encoded image Resnet features

(d x H/32 x W/32) RTS HTA HelsS RTQ
= =< | 1ol | [lol| |2 T
= @) lo) [s) 2 X
= SILIRILIRILE ®
=) + e
3 S5 Bl & Bl R e <
oY) 2 x| el [« ] € ] |& <.
o ol [ Pl K| Pl I+ Bl [+ (%2}
o | [+ [F] @ [+] @] | [@ (0]
S| o 2| 2 2] 2] ] [& o)
= = 2 & | B £ & = =
" @ + By o)

Y e / -] wy) D (0] O 3
: =2 D — — © B
! o = C (o = £

Input image . S = g

BxHxW)

Box embeddings Attention maps FPN-style CNN Masks logits
(dxN) (N x M x H/32 x W/32) (N x H/4 x W/4)

DETR with panoptic head. A binary mask is generated in parallel for each detected object, then the masks
are merged using pixel-wise argmax [CAR2020].
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DEtection TRanformer (DETR) (VML

Real Time Detection Transformer (RT-DETR) for forest fire detection.

Attificial Intelligen
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DEtection TRanformer (DETR)
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DEtection TRanformer (DETR) (VML
Application in industrial inspection

« DETR has been applied for defect detection on pipes for
Industrial inspection.

« Real Time DETR (RT-DETR) did not match YOLO

performance.
Pipe defect detection results [MEN2024].

Model mAP 0.50 mAP 0.50:95 mAR 0.50:95

9®

Yolov5 0.432 0.216 0.405
Yolov8 0.371 0.168 0.317
Yolo-Nas 0.319 0.140 0.359
Yolové6 0.519 0.251 0.444
Attificial Infelligence & RT-Detr 0.398 0.210 0.398

Information Analysis Lab
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Transformers in Computer C\ZML
Vision

« Motivation and related work
* Transformers
* Vision Transformer (VIT)
* Swin Transformer
« DEtection Transformer (DETR)
« SEgmentation TRansformer (SETR)
« Segment Anything Model (SAM)
* DINO
* Video VIT (VIVIT)
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SEgmentation TRansformer C\ZML

SETR encoder
- An image X € RW*C s split into fixed-size patches x €

2

]RNC

« Each patch gets linearly embedded as following:
x; = W,x;, i=1,.. HW

2 .
« W,e R4m*N"C:learnable parameter matrix.

|| Artificial Intelligen 72
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SEgmentation TRansformer C\ZML

SETR encoder

« A 24-layer pre-trained VIT [D0OS2021] Is employed to
generate a matrix of discriminative feature representations

on image patches, denoted by Y € RX4m where L =
HW /NZ2.

 |In the pre-trained model, positional information is provided
through additive learnable positional encodings of the
same dimension d,,, as the input vectors z;:

o
Zi_xi+pi'

Artific IIfIIg
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SEgmentation TRansformer C\ZML

SETR encoder

 In SETR [ZHE2021], positional encoding employs a 2D
Interpolation on the pre-trained position embeddings,
according to their location in the original image for different
Input size fine-tuning.

» Given Y € RI*4m g decoder is used to recover the original
Image resolution. Crucially there is no down-sampling in
spatial resolution, but global context modeling at every
layer of the encoder transformer.

Artific II'rIIg
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SEgmentation TRansformer C\ZML

SETR decoder

 The goal of SETR decoder is to generate the segmentation
results in the original 2D image space RF*WX*¢,

« The encoder features Y € REX4m must be translated into a
3D feature map 0 € RA*XWxC,

 Three different designs are explored:. naive, progressive
upsampling (UP) and multi-level feature aggregation (MLA).

Artific IIfIIg
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SEgmentation TRansformer C\ZML

SETR naive decoder

* A simple 2-layer network composed by 1 x 1 convolutions
with ReLU activation function in between is used.

* The output of this network, is simply bilinearly up sampled
to the original image resolution followed by a classification
layer with pixel-wise cross-entropy loss.

Attificial Intelligen
O”Olfmi AIyLb 76



SEgmentation TRansformer C\ZML

SETR UP decoder

* Instead of one-step upscaling which may introduce noisy
predictions, a progressive upsampling strategy that
alternates convolutional layers and upsampling operations
IS considered.

« To maximally mitigate the adversarial effect, each
upsampling is restricted to 2x.

Artificial Intelligen
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SEgmentation TRansformer C\ZML

SETR MLA decoder

 Multi-level feature aggregation is employed Iin similar
spirit of feature pyramid networks.

* Intermediate feature representations Y', [, =1, ..., L, at the
encoder [} layer) share the same resolution.

* Multi-level feature aggregation Is applied through sampling
feature representations Y™ from M layers: mEe€

(e 2ke  mle)

|| Artificial Intelligenc .
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SEgmentation TRansformer C\ZML

SETR MLA decoder

M streams are deployed, with each focusing on one specific
encoder layer.

« Each Y™ € Rl*4m js mapped to a 3D feature map Y™ €

HWd
RN"H™"™

Attificial Intelligen
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SEgmentation TRansformer

SETR

e A 3-

app
third

MLA decoder

layer (kernel sizes 1 x 1, 3 x 3, and 3 X 3) network is
led with the feature channels halved at the first and
layers respectively, and the spatial resolution upscaled

4 X

oy bilinear operation after the third layer.

« To enhance the interactions across different streams, a top-
down aggregation via element-wise addition after the first

laye

ris introduced.

|| Artificial Intelligen
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SEgmentation TRansformer C\ZML

SETR MLA decoder

« An additional 3 x 3 convolutional layer is applied after the
element-wise feature sum.

« After the third layer, the fused feature from all the streams
via channel-wise concatenation is obtained which is the
bilinearly up-sampled 4 x to the full resolution.

Attificial Intelligen
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SEgmentation TRansformer

9®

conv—2x

conv—2x

a) SETR architecture, b) UP decoder, c) MLA decoder [ZHE2021].

Artificial Intelligence &
Information Analysis Lab

(vmL

82



Transformers in Computer C\ZML
Vision

« Motivation and related work
* Transformers
* Vision Transformer (VIT)
* Swin Transformer
« DEtection Transformer (DETR)
« SEgmentation TRansformer (SETR)
« Segment Anything Model (SAM)
* DINO
* Video VIT (VIVIT)
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Segment Anything Model (SAM) C\ZML

Segment Anything Model (SAM) [KIR2023] stands as a
foundational model for object and Image region
segmentation.

* |t is designed to be prompt-responsive, accepting both:

« sparse prompts (including points, bounding boxes, and
text) and

« dense prompts (masks) alongside the input image.

* The main novelty of SAM is the prompt encoder.

Artificial Intelligen
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Segment Anything Model (SAM) C\ZML

Model architecture

l | ]
H () - mask decoder —
image — 1 ‘
encoder = L‘ t
L] / conv\ prompt encoder
L i
image _
embedding mask  points box text

SAM architecture [KIR2023].

Artificial Intelligen
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Segment Anything Model (SAM) C\ZML

SAM architecture

 Image encoder. A Masked Auto Encoding (MAE) pre-
trained Vision Transformer (VIT) encoder that embeds the
Image and extracting its essential features.

 Prompt encoder: Lightweight prompt encoder designed to
transform user prompts into embedding vectors in real time.

« Mask decoder: Lightweight decoder dedicated to predicting
segmentation masks, by Iintegrating both the image and
prompt embeddings.

Attificial Intelligen
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Segment Anything Model (SAM) C\ZML

Image Encoder is any network with the following input and
output:

* Input: Image X € RHo*Wo*Co typically rescaled and padded
to an analysis of 1024 x 1024 x 3.

« QOutput: Image embedding Y € R*WXC  typically with size
64 X 64 X 256.

« SAM Iimage encoder is the MAE pre-trained Vision
Transformer (VIT).

Attificial Intelligen
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Segment Anything Model (SAM) C\ZML

Prompt Encoder
 |Input: N; sparse prompts (points, bounding boxes and text).

« Qutput: N; vectorial embeddings (one per prompt).

« Point: Sum of positional encoding of points location p; €
R2°¢ and a learned embedding x; € R?°°,

 Bounding box: Embedding pair of upper left and lower right
corner x;,, € R?°°, x;, € R?°°,

 Text: Text prompts are fed Iinto the CLIP text encoder,
generating an output embedding x; € R?>® which serves as
the input for the prompt encoder.

Attificial Intelligen
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Segment Anything Model (SAM) C\ZML

Mask prompt Encoder

Dense prompts (masks) are embedded using 1 X1 and 2 x 2
convolutions to produce Y,, € RE*XWxC,

« Typically, one segmentation mask is provided.
« The mask and image embeddings Y, Y,, are added element-
wise:
Y'=Y+Y,..

 If there Is no dense prompt, then a default learned
embeddlng Y, € RP*WXC is added to the image embedding.

Attificial Intelligen
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Segment Anything Model (SAM) C\ZML

Mask Decoder (modified Transformer decoder) maps the
image embedding Y' and a set of prompt embeddings x;,i =
1, ..., N, to output masks Y, € R7?*Wx3,

image x2 .
. ; ot product
embedding image to token attn. 7% per mask
(256x64x64) conv. @ - masks
mlp trans.
output
token .
token to image attn. per mask lif g
. p
output tokens token loU
+ to 1mage | output
prompt tokens self attn. attn. token mlp —— IoU
scores

(NtokensX256) maSk dECOder

i o SAM mask decoder [KIR2023].
Q”D Atificial Intelligence & [ ]
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Segment Anything Model (SAM) C\ZML

Mask Decoder layer has 4 steps:
« Self-attention on the prompt embeddings.

* Cross-attention from prompt embeddings (as gueries) to
the image embedding.

« Point-wise MLP to update the prompt embeddings.

« Cross-attention from image embeddings (as queries) to
the prompt embedding.

Attificial Intelligen
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Segment Anything Model (SAM) C\ZML

Mask Decoder

« 3 learned output token embeddings are inserted in the set of
prompt embeddings.

« A small MLP head estimates the loU between each
predicted mask and the object it covers, ranking the
predicted masks.

Artific IIfIIg
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Segment Anything Model (SAM) C\ZML

SAM loss functions
« SAM loss is the sum of a mask loss and an IoU loss.

 The mask loss, the loss In the supervised mask prediction,
IS a linear combination of focal loss and dice loss ina 20:1
focal loss to dice loss ratio.

« The IoU loss, for the loU prediction head, is the mean-
square-error loss between the IoU prediction and the
predicted mask loU with the ground truth mask.

 The IoU loss iIs added to the mask loss with a constant
scaling factor of 1.0.

Attificial Intelligen
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Segment Anything Model (SAM) C\ZML

Industrial Inspection Applications

SAM has been applied to real-world use cases, such as pipe
region segmentation.

« A CNN model and SAM were combined in order to produce
masks of pipes in the image.

Artificial Intelligen
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Segment Anything Model (SAM) C\ZML

A bl ’
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Y

- CNN for sem.an’uc Point Extraction Module Prompted SAM model Automaltlc mask Mask Matching
segmentation genera tion SAM

Pipe Image Segmentation Architecture [PSA2024].

| | Atificial Intelligence & o
Information Analysis Lab



Segment Anything Model (SAM) C\ZML
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Pipe Image Segmentation
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Transformers in Computer C\ZML
Vision

« Motivation and related work
* Transformers
* Vision Transformer (VIT)
* Swin Transformer
« DEtection Transformer (DETR)
« SEgmentation TRansformer (SETR)
« Segment Anything Model (SAM)
* DINO
* Video VIT (VIVIT)
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DINO

DINO [CAR2021] is a self-supervised VIT trained in a self-
Distillation with NO labels fashion.

* DINO is used In:
* Image feature extraction
* Image classification.

 Feature representations extracted from DINO contain
explicit information about the semantic segmentation of
an Image and they are excellent k-NN classifiers
(78.3% top 1 accuracy on ImageNet).
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DINO

DINO architecture

« Two different random transformations of an input image are
passed through two different versions of the same VIT.

e The two versions of VIT are called student and teacher
network and they are denoted by g.(-;W,) and
g+ Wy)respectively.

* Both student and teacher have the same architecture.

 The teacher parameters are updated with an exponential
moving average of the student ones.

|| Artificial Intelligen
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DINO

DINO architecture

* The output of the teacher network is centered with a mean
computed over the batch.

« Each network outputs a K dimensional feature that is
normalized with a temperature Softmax over the feature

dimension.

* Their similarity iIs measured with a cross-entropy loss.

|| Artificial Intelligenc
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DINO

DINO architecture

e Given an input image X € R¢*HW poth networks output
probability distributions denoted by p.(X), p,(X) € RX.

* The temperature Softmax for the student is computed by:

exp(gs (X Wo)/z)
k=1 exp(gi (X; W) /75)

* 7. IS the temperature parameter controlling the sharpness of
distribution.

|| Artificial Intelligenc
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DINO

DINO architecture

« Each input image X € R¢*#*W is randomly cropped multiple
times forming 2 global crops at resolution covering 50% of
the original image and several local crops covering less
than 50% of the original image.

« All crops are passed through the student network, while
only the global ones are passed through the teacher one.

* For a specific image, the network is self-trained based on all
palrs of random crops.

|| Artificial Intelligen
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DINO (vmL

DINO architecture

. . loss:

* A s_top-gradlent (sg) operator Is o log b,
applied on the teacher network to
propagate gradients only through softmax softmax

the student one. centering

* Centering prevents one dimension | swdent gy, | ™ | teacher gy,
to dominate, but encourages

collapse to the uniform distribution. 0 9
« Softmax temperature compensates e
for this. DINO architecture [CAR2021].
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DINO

» Different heads focus on
different objects or parts.

« This Is visualized using
different colors.

« Attention is plotted for the
guery corresponding to the
extra learnable embedding.

i Avfificial Infeligence & Self attentlon per head on the last DINO layer
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DINO

e

Self-attention on the last DINO layer for a set of reference points [CAR2021].

| | Atificial Intelligence &
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Transformers in Computer C\ZML
Vision

« Motivation and related work
* Transformers
* Vision Transformer (VIT)
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« DEtection Transformer (DETR)
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« Segment Anything Model (SAM)
* DINO
* Video VIT (VIVIT)
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Video ViT (ViViT) (vmL

VIVIT [ARN2021] extracts spatio-temporal tokens from input

video and encodes them through a series of Transformer
encoder layers.

 VIVIT Is used In:
* video feature extraction
e video classification.

Artificial Intelligenc
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Video ViT (ViViT) (vmL

Four different VIVIT variants factorize different components of

the transformer encoder over the spatial and temporal
dimensions:

« Spatio-temporal attention.

« Factorized encoder.

« Factorized self-attention (each single head is factorized).

« Factorized multi-headed attention (factorization across heads).

| | Artificial Intelligence & 108
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Video ViT (ViViT) (vmL

VIVIT architecture

« A video V € RTWXC ijs mapped into a sequence of spatio-
temporal fixed-size patches v, € RNTVENw¢,

« This can be done through uniform frame sampling or
tubelet embedding.

« Each patch gets linearly embedded as following:
= W,v, € R,

¢ W, e R4m*NTNuNwC jg |earnable.

Artificial Intelligenc
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Video ViT (ViViT) (vmL

VIVIT architecture

 In tubelet embedding, spatio-temporal patches of
dimensions N X Ny X Ny, are extracted.

Tubelet embedding [ARN2021].

Attificial Intelligen
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Video ViT (ViViT)

VIVIT architecture

 Positional information is provided through additive
learnable positional encodings of the same dimension d,,
as the input embeddings:

— !/

 The video model processes N, times more tokens than the
one pre-trained on images.

 Thus, as an initialization step, the positional encodings
pre-trained on images are repeated temporally to all
frames. Then they are fine-tuned on video.

| | Artificial Intelligence &
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Video ViT (ViViT) (vmL

Spatio-temporal attention

 All spatio-temporal tokens are simply forwarded through the
Transformer encoder.

MLP
l Head '—» Class
Transformer|Encoder
Position + Token 1 —'39 )
Embedding 3
a !
ap
—C_—
5 L x
-
= Embed to B
- tokens
-
- .
-
D
L. o

O”O Atificial Intelligence & Tubelet embedding [ARN2021].
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Video ViT (ViViT) (vmL

Factorized VIVIT architecture

* In uniform frame sampling, N video frames are uniformly
sampled and each 2D frame Is split into patches of
dimensions Ny X Ny, .

O”O Adficial Infelligence & Uniform video frame sampling [ARN2021].
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Video ViT (ViViT)

Factorized encoder

 The model consists of two
separate encoders In :
series, a spatial and a
temporal one.

* |t corresponds to a late
fusion of spatial and
temporal information.

| | Artificial Intelligence &
Information Analysis Lab
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Temporal Transformer Encoder

MLP
->[ Head ]—>C|ass

+ Token

Embedding

Temporal +

Positional + Token

00)

Embeddi ng

.

T

yi

Spatial Transformer Spatial Transformer Spatial Transformer
Encoder Encoder Encoder
ilﬂ ? lil[] U, ll[] 0)

L
S
Embed to tokens

Factorized encoder [ARN2021].
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Video ViT (ViViT)

Factorized encoder

 The spatial encoder captures correlations between tokens
extracted from the same video frame, to produce a latent
representation per frame.

« Like VIT, an extra learnable embedding is appended to
the beginning of the spatial sequence.

* |ts state at the spatial encoder output serves as the latent
frame representation h, € R%m where t denotes time.

|| Artificial Intelligenc
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Video ViT (ViViT) (vmL

Factorized encoder

 The temporal encoder models interactions between latent
representations at different time instances.

« Again, an extra learnable embedding is appended to the
beginning of the temporal sequence.

* |ts state at the temporal encoder output serves as the final
video representation y € R%m,

Artificial Intelligenc
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Video ViT (ViViT) (vmL

Factorized self-attention

 Within each transformer block, the multi-headed self-
attention operation is factorized into two operations that first
only compute self-attention spatially, and then temporally.

Transformer Block x L

g . ™
: N 7
' e b == B

) NN E: r &= gl =&
Token embedding _/- ) 1 +* E N * E |i'. g g % 5
: =) 3 E < 3
— SIS St St

| Epatial Self -Attention Block Tempaoral Seif-Attention Block

-\_\_L A . - -"J

C””C Aviificial Infeligence & Factorized self-attention [ARN2021].
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Video ViT (ViViT) (vmL

Factorized multi-headed attention

« Half of the heads compute self-attention over the spatial axis,
while the other half compute self-attention over the temporal

axis.
/L ),’/ Linear
— zi

Multi-Head Concatenate
Dot-product Attention % :
K X v y Q 7Y { [

N ed Dot-Product Attention
\ !r.-, s s o g ;.-, T' | T'
v I | 1 A~ |
[ Layer Norm ] A Linear |J Linear | Linear )’ [ Linear }l [ Linear ],I [ Linear ].'
f \ WX ANl
\ K v Q K A Q
Self-Attention Block \ .
JoN Spatial Heads Temporal Heads
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Q& A

Thank you very much for your attention!

More material in
http://icarus.csd.auth.gr/cvmlsweb-lecture-series/ /

Contact: Prof. |. Pitas ——
pitas@csd.auth.gr
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