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Vision Transformers: How to Train?

____________________

___________

HxWx3

Images

Patch Merging
Patch Merging

Patch Merging

Patch Partition
Linear Embedding

______________________

___________

Liu et al, “Swin Transformer: Hierarchical Vision
Transformer using Shifted Windows”, CVPR 2021

transformer
encoder-
decoder

set of image features set of box predictions bipartite matching loss
Carion et al, “End-to-End Object Detection with Transformers”, ECCV 2020
505e2024 http://people.cs.umass.edu/~miyyer/cs685/
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Frank Rosenblatt, The Perceptron--a perceiving and recognizing
Pe rce pt ro n automaton. Report 85-460-1, Cornell Aeronautical Laboratory, 1957

Input Function

Activation Function

/ Output Function
8= o

n
{lifzw-x-.‘pﬂ
o= — 1

=
-1 otherwise
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Examples for Activation Functions

SoSezuz4

Schwellenwert,

Linear activation:  ay = f,.c(nety) = ¢y - nety héufig 0

1, falls net;, = 6y,

Threshold activation: A = face(nety) = {0 sonst

- — 1
Logistic activation: ay = fucc(nety) = —z

14e T

. ’/'7_

Special case Sigmoid: T=1

e™tk—e "€k 1+tanh(nety)
ehetg po—nety — 2

Hyperbolic tangent: a; = f . (nety) =

GenAl | RKalT Molier, Syivia ivielzer 4



Input layer Hidden Output

layer(s) layer
2 . .
W]%l SO\ Wik i:  layeri
1 b' . Bias fori
X1'S <. 27 h = » o 5 wt: Weight matrix for i
K ENK L S ! ! o' . Activation function for i
2 LN » h3 <X
7 S .
A7 N A~ . . . . .
X PS> R Yo, Y out': o' (W'out'"! + b")
& Activation in {
x4 ‘ h #
5 " - - .
. 9 ; f , net:  W'lout' ! + b
R* - R - R Linear output in layer 1
X — h [ y
y=f(g(x; W', b'); W?,b?) = o2 (W2a'(W'x +b') + b?)
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Adaptation of mapping parameters (“weights”)

Fields class
1.4 2.7 1.9 0

6.4 28 1.7
41 01 0.2 0
etc ...

Simple case o = Wx

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer
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D. Hebb: The organization of behavior. A neuropsychological theory.

DEIta Lea rning Ru Ie Erlbaum Books, Mahwah, N.J., 1949
Wi €< W; + AWi
where
Aw; « n(t — 0)x;
and

e t = c(x)isthegoal value
e 0 isthe perceptron output
e 7nisasmall constant

Adaptation with averaging over whole dataset D
SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 7
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Justification of Delta Rule
+ ldea: minimize quadratic error
- D training datasets
- tg valueford € D
- 04 output for d
Elw] = > (tq — 04)
deD
« Determine minimum with 15t derivative
SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 8
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Gradient Descent

« Gradient
VE[wW]

J0E OF 0E

) wany

ow,’ dwy

« Learning rule

AW = —nVE[W]

. je.
0E

AW,; = —T]W
i

SoSe2024

dwy,

5

ety

asheeiys
oA S0 S

R

R WY TE <\ et e
N T T A ST S
I L T S o s o S S
S e
T o P s F
Tt e S

Minimum of
»  error function

Wa\l V\/TGU W

GenAl | Ralf Mdller, Sylvia Melzer
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Gradient (t; — 0,)2
d — Oa
dw; E)wL
dED
—0
dED
=5 Z 2(tg — 04)
deD
S (ta — 00) 5 (ta — - Za)
= —0 —W- X
d d aw, d d
deD
= Z (tg — Od)(—xi,d) = - Z (ta — 04)%;q
deD deD
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D. Hebb: The organization of behavior. A neuropsychological theory.

G radie nt Desce nt (Cntd.) Erlbaum Books, Mahwah, N.J., 1949

- Gradient
VE[w]
_[OE OE OE OE
~ low,y aw,’ ""awn] ow; ;(td = 0a)%ia What if the

gradients
« Learningrule become very
AW = —nVE[W] small?

Iterate over data point d
Aw; = n(t — 0)x;

Aw; =1 Z (tqg — 04)%i g

deD
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer n
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0FE
aw,;

Aw; = —n
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ReLU: Rectified Linear Unit

10 sigmoid . Re?LU
o(2) = | Rz)=maz(0, z)
00 : 5 % = 3 s i

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 12
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Learning Parameters (“Hyper parameters”)

= Batch size
Number of samples processed before model is updated

= Epochs
Number of complete passes through the training dataset

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 13
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Ole Dreessen: Training Convolutional Neural Networks:

Autoe n COd e r What Is Machine Learning?—Part 2

= Training of convolutional networks

= Need good starting points

Flattening

Layer Cat
Feature Maps Feature Maps 1
Input Data o Featut:_e Maps
% Feature Maps Dog
C M ﬁ Tiger
32x32x3 T 32x32x32 16=16 =32 16x16x16 8x8x16
Convolution and Pooling Convolution and Pooling
Activation Activation
- House

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 14



Input Data

W

Airplane Automobile  Bird

GOIOIO,

Deer Dog

Frog Horse Ship

Feedforward

Actual Values Target Values

Truck Deer Bird Airplane Automobile Bird

Cat Automobile  Dog Cat Deer Dog

D) (&7 Gi

Frog Horse Ship Frog Horse Ship
Syl L
Airplane Truck

Adjusted Weights and Biases

<

Backpropagation

Repeat Until
Error Falls
Below Threshold

Loss Function

Correction Values

A

Ole Dreessen: Training Convolutional Neural Networks:
What Is Machine Learning?—Part 2
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VIiLBERT (Vision and Language BERT)

VIiLBERT: Pretraining Task-AgnosticVisiolinguistic

Representations for Vision-and-Language Tasks

Jiasen Lu, Dhruv Batra, Devi Parikh, and Stefan Lee. ViLBERT: pretraining task-agnostic visiolinguistic representations for vision-and-language
tasks. Proceedings of the 33rd International Conference on Neural Information Processing Systems. Curran Associates Inc., Red Hook, NY, USA,
Article 2,13-23. 2019

Presented by - Sidharth Singla, 20774908

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 16
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Figure 1: Our ViLBERT model consists of two parallel streams for visual (g

oreen) and linguistic
(purple) processing that interact throughinovel co-attentional transtormer layers.|This structure allows
for variable depths for each modality and enables sparse interaction through co-attention. Dashed

boxes with multiplier subscripts denote repeated blocks of layers.
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(a) Standard encoder transformer block (b) Our co-attention transformer layer

Figure 2: We introduce a novel co-attention mechanism based on the transformer architecture. By
S0Se2024 | exchanging key-value pairs in multi-headed attentionl this structure enables vision-attended language 17
features to be incorporated into visual representations (and vice versa).
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Method: Contrastive Pre-training
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