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Sequence Modelling

« [exts as seguences
— Seqguences are natural representations for text data

classification
Negative / Positive

translation
“This party was boring’ |:> ‘Diese Party war langweilig’

generation
‘so | went home'

Prof. Niessner 2



Seqguence Modelling

* |Images can also be represented as sequences!
— Classification

Prof. Niessner



Seqguence Modelling

* |Images can also be represented as sequences!

— Reconstruction

reconstructed
image

B
n

reconstructed
patches patches
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 RNNs

Traditional Sequence Models

— Recurrent Neural Networks
— Can be unrolled Iin time

D,

L.T

A

b

)
A

Lo
S & .

https.//colah.github.io/posts/2015-08-Understanding-LSTMs/

>

)
!
A

6




Traditional Sequence Models

« RNNS
— Good at handling short sequences

!
;

'so | speak
fluent French’

I
A

b
!
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Prof. Niessner https.//colah.github.io/posts/2015-08-Understanding-LSTMs/

@—>—@



Traditional Sequence Models

 RNNs

— LLong sequences are difficult -> long-term
dependency issue

'so | speak
fluent _? "’
@ C? @TD @ ? (I forgot what |
A JA JA 1l A 1l A saidl)
‘[ lived in ‘ é“) QT‘Q QT‘D QTB 65

France'

Prof. Niessner https.//colah.github.io/posts/2015-08-Understanding-LSTMs/ 7



Traditional Sequence Models

e LSTMs
— Long-short Term Memory networks

® W, &

t t t
s N\ N
1
A Lebel A J:
—> >
\J Y, J 4

© ® &
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Traditional Sequence Models

« LSTMs alleviates the long-term dependency issue.
However, the issue still exists for extremely long
sequences, e.g., documents!

« Not all words are born equal.

‘| ived in France, so | speak fluent _?

Attention

‘France’ is more important for predicting the word “French’ I:> .
mechanism!

Prof. Niessner https.//colah.github.io/posts/2015-08-Understanding-LSTMs/ 9



Attention Mechanism

e Deterministic vs. stochastic
— Soft attention
« Attend to each part of the input signal
o Attention weights sum to 1
« Deterministic and differentiable

« £.g. when predicting the word "French’;

France speak French.”

Prof. Niessner
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Attention Mechanism

o Deterministic vs. stochastic
— Hard attention
« Attend to one part of the input signal (one-hot)
« Stochastic and non-differentiable

« Need to use Monte Carlo estimator to
approximate the gradients

« £.g. when predicting the word "French’;
France

Prof. Niessner
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Attention Mechanism

« Modality for attention
— Self-attention
« Attend to the input signal itself

" lived in France, so | speak fluent French.”

‘| lived in France, so | speak fluent French.”

Prof. Niessner
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Attention Mechanism

« Modality for attention
— Cross-attention
« Attend to another input signal as side information

A person is standing on a beach
with a surfboard.

Prof Niessner Xu et al. "Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”. 13



Attention vs Convolution

Convolution Global attention
0000 000000 000 00000 000
oodéiTi‘oo o6 oo\oo

Fully Connected layer Local attention

P71\ NN



Attention Mechanism

Attention mechanism is a powerful tool to handle
sequence data

't used to be an additional plug-and-play module on
top of the recurrent neural networks

Can attention mechanism be used for handling
sequence data DIRECTLY? -> Yes, transformers!
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Attention Is All You Need
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Attention Is All You Need

« Scale up pure self-attention layers as the first transformer
architecture

« Solve the long-term dependency issue In sequence
modelling

« Extremely powerful at handling sequence data (texts)

Bigger model, bigger capacity -> better performance
when trained on large-scale datasets

Prof. Niessner



Attention

Index the values Multiply queries
via a differentiable with keys
operator

/ Get the values
\ QKT /

Attention(Q, K, V) = softmax \/d_
k

To train them well, divide by +/dg , ‘probably” because for
large values of the key's dimension, the dot product grows

large in magnitude, pushing the softmax function into regions
where it has extremely small gradients.

Prof. Niessner



Attention
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K1
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Attention
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K3

K1

K2

Attention

Values

V1

\/2

V3

V4

V5
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Attention

Values

V1

\/2

V3

V4

V5

QKT Dot product between (<Q K1>), (<Q K2>), (<Q K3>), (<Q Kg>), (<Q K5>).

Prof. Niessner
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softmax

Prof. Niessner

QK"

Jax

Attention

Values
V1
V2
V3
V4
V5

s simply inducing a distribution over the values.
The larger a value is, the higher is its softmax value.
Can be interpreted as a differentiable soft indexing.



Attention

Values
V1
V2
V3
V4
V5

QK"

s simply inducing a distribution over the values.

/d The larger a value is, the higher is its softmax value.
k/ Canbe interpreted as a differentiable soft indexing.

softmax

Prof. Niessner



softmax (

Prof. Niessner

Attention

<

QKT> Selecting the value V where

Jax

Values

V1

V3

V4

V5

the network needs to attend..



Prof. Niessner
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G Mo Mult-Head
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Forward Nx
N | Add &. MNorm
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(shifted right)

Vaswani et al. "Attention is All You Need".

Attention is All You Need

* [ransformers under the hood

Cutput
Probabilities

layer!

Not a single recurrent

2/



Attention is All You Need

* [ransformers under the hood

Cutput
Probabilities

Add & Morm
| Add & Narm I‘-\
G Mo Mult-Head
Feed Attention
Forward I} Nx
Encoder ==
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
L - LU
| — Y
. s L vy
PosSTramea B S @ Posilional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Cutpuls

(shifted right)

Prof. Niessner Vaswani et al. "Attention is All You Need".



Attention is All You Need

* [ransformers under the hood

Cutput
Probabilities

Add & Morm
| Add & Narm I‘-\
G Mo Mult-Head
Feed Attention
o ; v~ Decoder
N | Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
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Encoding @ Encoding
Input Output
Embedding Embedding
Inputs Cutpuls

(shifted right)

Prof. Niessner Vaswani et al. "Attention is All You Need".



Attention is All You Need

* [ransformers under the hood

Cutput
Probabilities
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Feed Attention
Forward Nx
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Vaswani et al. "Attention is All You Need".
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Attention Is All You Need

« Scaled dot-product attention

|

MatMul

t

SoftMax

1

Mask (opt.)
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Attention(Q, K, V') = softmax( ¢

Vaswani et al. "Attention is All You Need".
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Attention Is All You Need

« Scaled dot-product attention

)
MatMul
4
SoftMax
4 KT
MaSk*(Opt') Attention(Q, K, V') =|softmax( @ )4
Scale V dk'
) :
MatMul Self-attention masks
t 1
Q K V

Prof. Niessner Vaswani et al. "Attention is All You Need"



Attention is All You Need

« Scaled dot-product attention

MaIMuI Triangular masking for unidirectional

i ‘ (left-to-right) modelling
SoftMax
Maskl(opt.) B |

‘ B attend
Sofa - .=ii do not attend
Viathiul HEEE
ok

‘German people speak German’
Only attend to the words before it and itself

Prof. Niessner Vaswani et al. "Attention is All You Need"



Attention is All You Need

« Scaled dot-product attention

|
MatMul Full masking for bidirectional modelling

)
SoftMax
N

Mask (opt.)
A

Scale

1
MatMul

t 1
a KV o N
German people speak German
Attend to the words before and after it, and itself

Prof. Niessner Vaswani et al. "Attention is All You Need"



Attention is All You Need

o Multi-nead Attention

Multi-Head Attention

Stack up the scaled
dot-product attention
module as attention
heads

Prof. Niessner
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Vaswani et al. "Attention is All You Need".

Different heads attend to
different parts of the
input signals



Positional Encoding

Uses fixed positional encoding
based on trigonometric series, in
order for the model to make use
of the order of the sequence

Positional

Encoding dimension

pos
100002i/dmode1)
pos

100002i/dmodel

PE(pOS,Zi) = Sil’l(

)

PE(pos,2i+1) = cos(

Prof. Niessner
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Attention Is All You Need

Significantly improved SOTA in Machine Translation
L aunched a transformer revolution in the NLP field

Foundation of large NLP models like BERT (Google)
and GPT-3, ChatGPT (OpenAl)

Transformers finally made its way to compute vision
(will talk about it later!)
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-RT

« Bidirectional Encoder Representations from

Transformers

— A big transformer as a text encoder

@: Mask LM Mask LM
« @«

Masked Sentence A Masked Sentence B

*
Unlabeled Sentence A and B Pair

Pre-training

Prof Niessner Devlin et al. "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding’

/@/@@AD StartEnd Spﬁm

BERT
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Question Paragraph
Question Answer Pair /

Fine-Tuning




SERT

« BERT Input Representations - Three embeddings

Input [CLS] ’ my dog is ‘ cute ’ [SEP] he ‘ likes H play ’ ##ing ’ [SEP]

Token

Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe Elikes Eplay.r E##ing E[SEP]
+ + + + + + + + + + +

Segment

Embeddings EA EA EA EA EA EA EB EB EB EB EB
- -+- +- +- +- +- -+ -+ -+ - -+

Position

Embeddings EO El E2 E3 E4 ES E6 E7 ES E9 ElO

Prof Niessner Devlin et al. "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding’



SERT

« BERT Input Representations

Input [CLS] ’ my dog is ‘ cute ’ [SEP] he ‘ likes H play ’ ##ing ’ [SEP]

Token

Embeddings E[CLS] Emy Edog EIS Ecute E[SEP] Ehe Elikes Eplay E##ing E[SEP]
- -+ -+ +- -+ +- -+ -+ -+ o+ -+

Segment

Embeddings EA EA EA EA EA EA EB EB EB EB EB
- -+- +- +- +- +- -+ -+ -+ - -+

Position

Embeddings EO E1 E2 E3 E4 ES EG E7 ES E9 ElO

To indicate the positions in the sequence

Prof Niessner Devlin et al. "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding’



SERT

« BERT Input Representations

Input [CLS] ’ my dog is ‘ cute ’ [SEP] he ‘ likes H play ’ ##ing ’ [SEP]

Token

Embeddings E[CLS] Emy Edog EIS Ecute E[SEP] Ehe Elikes Eplay E##ing E[SEP]
- -+ -+ +- -+ +- -+ -+ -+ o+ -+

Segment

Embeddings EA EA EA EA EA EA EB EB EB EB EB
- -+- +- +- +- +- -+ -+ -+ - -+

Position

Embeddings EO El E2 E3 E4 ES E6 E7 ES E9 ElO

To indicate the sentence A or B

Prof Niessner Devlin et al. "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding’ 41



SERT

« BERT Input Representations

Input [CLS] ’ my dog is ‘ cute ’ [SEP] he ‘ likes H play ’ ##ing ’ [SEP]

Token

Embeddings E[CLS] Emy Edog EIS Ecute E[SEP] Ehe Elikes Eplay E##ing E[SEP]
- -+ -+ +- -+ +- -+ -+ -+ o+ -+

Segment

Embeddings EA EA EA EA EA EA EB EB EB EB EB
- -+- +- +- +- +- -+ -+ -+ - -+

Position

Embeddings EO El E2 E3 E4 ES E6 E7 ES E9 ElO

Word embeddings

Prof Niessner Devlin et al. "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding’



SERT

« BERT Input Representations

Input [CLS] ’ my dog is ‘ cute ’ [SEP] he ‘ likes H play ’ ##ing ’ [SEP]

Token

Embeddings E[CLS] Emy Edog EIS Ecute E[SEP] Ehe Elikes Eplay E##ing E[SEP]
- -+ -+ +- -+ +- -+ -+ -+ o+ -+

Segment

Embeddings EA EA EA EA EA EA EB EB EB EB EB
- -+- +- +- +- +- -+ -+ -+ - -+

Position

Embeddings EO El E2 E3 E4 ES E6 E7 ES E9 ElO

earnable token for Next Sentence Prediction

Prof Niessner Devlin et al. "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding’



SERT

« BERT Input Representations

Input [CLS] ’ my dog is ‘ cute” [SEP] ’ he ‘ likes H play ’ ##ing ’ [SEP]

Token

Embeddings E[CLS] Emy Edog EIS Ecute E[SEP] Ehe Elikes Eplay E##ing E[SEP]
- -+ -+ +- -+ +- -+ -+ -+ o+ -+

Segment

Embeddings EA EA EA EA EA EA EB EB EB EB EB
- -+- +- +- +- +- -+ -+ -+ - -+

Position

Embeddings EO El E2 E3 E4 ES E6 E7 ES E9 ElO

Indicate the end of the sentence(s)

Prof Niessner Devlin et al. "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding’



3

« Pre-training Objectives

-RT

— Two unsupervised tasks
« Masked Language Modelling (MLM)
« Next Sentence Prediction (NSP)

— No human annotation needed!

Prof. Niessner



SERT

« Masked Language Modelling (MLM)
— Key idea:
« Randomly mask out some words from the input
* Predict the masked words with the context from
the input itself
« Enforce the network to learn the word-level
context




SERT

« Masked Language Modelling (MLM)

Input texts

Prof. Niessner

‘In Germany, people speak German’

47



SERT

« Masked Language Modelling (MLM)

Masked input  “In Germany, people IMASK] IMASK]'
) Random Masking

Input texts ‘In Germany, people speak German'’

Prof. Niessner 48



SERT

« Masked Language Modelling (MLM)

Encode [ BERT J

-or
Masked input  “In Germany, people IMASK] IMASK]'

) Random Masking
Input texts ‘In Germany, people speak German'’

Prof. Niessner 49



3

-RT

« Masked Language Modelling (MLM)

Predict IMASK] = speak [MASKI] = German
T

Encode [ BERT J
T

Masked input  “In Germany, people IMASK] [IMASK]'

Input texts ‘In Germany, people speak German'’

Prof. Niessner

) Random Masking

50



SERT

o Next Sentence Prediction (NSP)
— Key idea:

D 0 ( H i‘ff\, ssner

Take two sentence A and B from the dataset

50% of the time B Is the actual next sentence of
B, another 50% of the time B is randomly
sampled from the dataset

Predict It B Is the next sentence of A

Enforce the network to learn the sentence-level
context



SERT

« Next Sentence Prediction (NSP)

A sample
from the
dataset

Sentence A

Sentence B

Prof. Niessner

"In Germany, people speak German.
So German is the native language of the

German people.”

@ Break up

‘In Germany, people speak German.’

‘S0 German is the native language of the

German people!’

"Today is Wednesday.”

Sentence B’

(@nother sentence from

the dataset)

52



SERT

« Next Sentence Prediction (NSP)

Yes / No

<

[ BERT ]

<

‘In Germany, people speak German.” 'So German is the native language of the
German people.’

Prof. Niessner 53



3

-RT

« Next Sentence Prediction (NSP)

Yes / No

<

[ BERT J

<

‘In Germany, people speak German.

Prof. Niessner

“Today Is Wednesday.”

54



SERT

« Pre-training with two self-supervised objectives, then fine-tuned
on downstream tasks

« No human annotations needed for pre-training! -> can be pre-
trained on large-scale datasets, even those ones that have not
been annotated, e.g., web documents.

* VERY BIG (back then in 2018)! - BERT . has 340M parameters

« Masked Language Modelling has a huge impact for
representation learning, even for Computer Vision!

Prof. Niessner



Prof. Niessner

Model Size (in billions of parameters)

Language Model Sizes

1000 -

GPT-3 (175B)

100 r Megatron-Turing NLG (530B)

Megatron-LM (8.3B)

10

BERT-Large (340M)
0.1

LELMo (94M)

0.01
2018 2019 2020 2021

2022
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[ anguage Model Sizes: Rumors..

e From social media
— Take with caution!!l!
— GPT-4 100 trillion params

 [f you have not seen it
https.//chat.openalcom/

— Based on GPT-35

175,000,000,000 100,000,000,000,000



https://chat.openai.com/

TUTi

Transformers In
Computer Vision

Prof. Niessner



Vision Transformers (ViTs)

« CNNs can be computationally demanding and require
a great amount of design tricks and efforts

* |mages can be modelled as sequences of patches
— Vision Transformers (ViTs)

Input image Image patches

Prof. Niessner 59



Prof. Niessner

Vision Transformers (ViTs)

https.//al.googleblog.com/2020/12/transformers-for-image-recognition-at html

60



Vision Transformers (ViTs)

MLP
Head

Transformer Encoder

l
Pmmuaaigiaéia@

* Extra learnable
[class] embedding Llnear PI‘O]CC'[IOH of Flattened Patches

W

| Egnﬁm,,_,ﬁ :‘:’;ri?-.-:

Prof. Niessner Dosovitskiy et al. "AN IMAGE 1S WORTH 16X16 WORDS'. 61



Vision Transformers (ViTs)

Image patches

Prof. Niessner

MLP
Head

Transformer Encoder

l
ST TTTTTLIT)

* Extra learnable
[class] embedding L1near PI‘O]CC'[IOH of Flattened Patches

SN B
e

Dosovitskiy et al. "AN IMAGE 1S WORTH 16X16 WORDS'. 62



Vision Transformers (ViTs)

MLP
Head

Transformer Encoder

l
o] LTI L)

* Extra learnable

[class] embedding Linear Projection of Flattened Patches MLP (can be

S| - _ replaced by a
W . . W @ E w E tiny CNN)

Prof. Niessner Dosovitskiy et al. "AN IMAGE IS WORTH 16X16 WORDS".

(@)
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Vision Transformers (ViTs)

MLP
Head

Transformer Encoder

Pa]lé:clilﬂ:-EdPg;i]tion @ Ii Iilj jlj @ Iilj @ |nd|Cate the
; positions of the

* Extra learnable
[class] embedding Linear Projection of Flattened Patches

T T T patches

Prof. Niessner Dosovitskiy et al. "AN IMAGE IS WORTH 16X16 WORDS". 64



Vision Transformers (ViTs)

MLP
Head

Transformer Encoder

Learnable ]
SpeC|a|. tOken Patch + Position “‘ ‘ ‘ “ @ ‘ ‘ @5
(similar to [CLS] Embedding ¢ 00 @) 6D @60 @) @) 60

Lmear PI‘O]CC'[IOH of Flattened Patches

* Extra learnable

in BERT) [class] embedding
SHE

iml @ iee, |

Prof. Niessner Dosovitskiy et al. ‘AN IMAGE IS WORTH 16X16 WORDS". 65
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Vision Transformers (ViTs)

Use [class] embeddings

Mo \ as image features for
classification

Transformer Encoder

l
m - @5 @ﬁ

Extra learnable
[class] embedding L1near PI‘O]CCUOH of Flattened Patches

“1: E

Prof. Niessner Dosovitskiy et al. "AN IMAGE IS WORTH 16X16 WORDS". 66



Vision Transformers (ViTs)

« Pre-trained on several big datasets

« Perform transfer learning on target
datasets/benchmarks (freeze the pre-trained
transformer backbone, fine-tune the classifier only)

« Outperform the ResNet baseline with substantially
less computational resources for pre-training



Vision Transformers (ViTs)

o« A closer look at ViTs

— Transformers in language can give us the attention
mMaps on the input words

— Can ViTs provide the attention maps on the input
image patches? -> YES!

Prof. Niessner



Vision Transformers (ViTs)

o Attention maps in ViTs

Input  Attention

Attention maps on the input image while

computing the attended [class] embedding for
classification

.e., to classify an image, ViTs give us a hint for
which part is most relevant to the predicted
label.

Prof. Niessner Dosovitskiy et al. "AN IMAGE IS WORTH 16X16 WORDS'". 69



Vision Transformers (ViTs)

VITs set a new form for image recognition

VITs are extremely powerful at representing image
features

VITs are also applied in many other domains, such as
representation learning (e.g., DINO, MoCo, CLIP, etc.),
object detection, and multimodal learning.



Masked Auto-encoder (MAE)

e \/ITsS as auto-encoders

reconstructed
image

reconstructed

patches patches
Prof. Niessner 71



Masked Auto-encoder (MAE)

o What's new?
— Mask out a lot of patches in the input iImage
— Inputting the unmasked patches into the VIT only
« -> Reduce the computational needs
— Reconstruct the masked patches

Prof. Niessner



Masked Auto-encoder (MA

 Masked Image Modelling (MIM)

Prof. Niessner

B B

N

am [] ]

O O

EnsEE = n =

mrem = Ny m =

l.-.. > 4 'encoder — B decoder O

T u

EEEEE [ —
input

P B, n u

Y -~

B B

| |

He et al. "Masked Autoencoders Are Scalable Vision Learners”.
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Masked Auto-encoder (MAE)

 Masked Image Modelling (MIM)

[] []
) : =
. L] L]
: B
L]
[]
.M aSked = —>m encoder —> O decoder ]
input m M O =
image LI O
input . . .
| | N
[] []
[] []

Prof. Niessner He et al. "Masked Autoencoders Are Scalable Vision Learners”.



Masked Auto-encoder (MAE)

 Masked Image Modelling (MIM)

] ]

Only the unmasked [ =
patches are encoded PR o B
./ ] ]

EESEE |5 = =

E encoder —> = =

r. ]

]

o C

] ]

[ [

Prof. Niessner He et al. "Masked Autoencoders Are Scalable Vision Learners”. 75



Masked Auto-encoder (MAE)

 Masked Image Modelling (MIM)

Put learnable tokens to
the positions where the
patches are masked

-“
»

HPSNE™

HmyiLse =
r FEANNN
£ | e

encoder

\

b I (N

target

5
©
c

(Similar to the IMASK]
tokens in BERT)

HEN-ENNEENEEENEE

o

(1)

'

o

(0]

-3
HEE-EEEEEEEEEEEE

Prof. Niessner He et al. "Masked Autoencoders Are Scalable Vision Learners”. 76



Masked Auto-encoder (MAE)

 Masked Image Modelling (MIM)

B B
B B
- : B
Yo
B O
EEl 5 oo [EEEE
m.u..»ﬁ encoder +==+ Aun
HEEEm - HEEE™
EEEEE B » | HERES
input . [ ] [ ] target
Y - B Reconstruct the image
|

-> .2 loss on the
masked patches

Prof. Niessner He et al. "Masked Autoencoders Are Scalable Vision Learners”. 77



e \Visualized reconstructions

7

Prof. Niessner

Masked Auto-encoder (MA

He et al. "Masked Autoencoders Are Scalable Vision Learners”.

Vs!



Masked Auto-encoder (MA

=)

« By inputting the unmasked patches into the VIT only,
MAES require less computes and training time

« Masked Image Modelling enforces the VIT encoder to
learn the local and global context of the input images

Prof. Niessner



TUTi

Transformers In
Multimodal Learning

Prof. Niessner



Vision-Language Transformers

« VILT: Vision-and-Language Transformer Without
Convolution or Region Supervision

— Concatenate image patches with text sequence as
the input sequence

— Pre-training with two self-supervised objectives
* Image text matching
« Masked language modelling



Vision-Language Transformers

« VILT under the hood

Image Text Matching Masked Language Modelmg Word Patch Alignment
Pooler H FC ]—P True : MLP : Office 1
----------- ]
] || L [ = [ [ |

8@121 learnable [class] embedding

Mdlype embedding

@@&4 S—

Word Embedding Lmear PI‘Q]CCthIl of Flattened Patches

| T T | e
a stone statue near an [MASK] @ ad ‘ ‘_.g.

Transformer Encoder

Prof Niessner  Kim et al. "VILT: Vision-and-Language Transformer Without Convolution or Region Supervision”,

82



Vision-Language Transformers

« VILT under the hood

Image Text Matching Masked Language Modelmg Word Patch Alignment
..... p o
Pooler H FC }—» True MLP :ofﬁce '
............
O N ST T
8@1—1 a learnable [class] embedding
Transformer Encoder

Mdlype embedding

@@é-ﬁ S—

Word Embedding

a stone statue near

an [MASK]

Masked input texts

Prof Niessner  Kim et al. "VILT: Vision-and-Language Transformer Without Convolution or Region Supervision”. 83
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Vision-Language Transformers

« VILT under the hood

Image Text Matching Masked Language Modelmg Word Patch Alignment
..... p o
Pooler H FC }—P True MLP . ()ffice '
............
O N ST T
8@1—1 a learnable [class] embedding
Transformer Encoder

Mdlype embedding

@@é-ﬁ S—

Word Embedding Lmear Projection of Flattened Patches

|||||| = e

a stone statue near an [MASK] m Sad _ - g‘ ‘4.@.

Input image patches

Prof Niessner Kim et al. "VILT: Vision-and-Language Transformer \Without Convolution or Region Supervision”.
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Vision-Language Transformers

« VILT under the hood

Image Text Matching Masked Language Modelmg Word Patch Alignment
..... p T 5 S
Pooler H FC ]—P_ :rl_'u_e-: MLP :_(foise-:
[ | S .. T
) 8@ Extra learnable [class] embedding
Transformer Encoder
O Modal-type embedding

| . o | O Token position embedding
. e . g . ° . ' . o . o OPatchposnonembedd ng

I. [ Word Embedding Llnear PrOJectlon of Flattened Patches

BERT style

T T T 1 |
embedd|ng5 a stone statue near an [MASK] mu_ ;

Prof Niessner Kim et al. "VILT: Vision-and-Language Transformer \Without Convolution or Region Supervision”.



Vision-Language Transformers

* VILT under the hood
Predict if the image

| Text Matchi Masked L Modeli Word Patch Ali t
mage Text] _aic ing aske rar:glla_gi odeling ord Patch Alignmen matches the text
Pooler H FC ]—P True MLP . office *
............

————————————— zD|, rZT'.]
N A N
a 8@131 learnable [class] embedding

Transformer Encoder

Mdlype embedding

@@&4 - —

Word Embedding Llnear PrOJectlon of Flattened Patches

| T T ] | S e
a stone statue near an [MASK] & ad _

(Similar to BERT's next sentence prediction)

Prof Niessner  Kim et al. "VILT: Vision-and-Language Transformer Without Convolution or Region Supervision”. 86



Vision-Language Transformers

« VILT under the hood
Predict if the

Image Text Matching Masked Language Modelmg Word Patch Alignment
masked text
[ Pooler H FC }—P, True MLP . ()ffice '
............
[ | IS8 [ | [ [ |

BBE a learnable [class] embedding

Mdlype embedding

@@&4 - —

Word Embedding Llnear PrOJectlon of Flattened Patches

| T T ] | S e
a stone statue near an [MASK] & ad _

(Similar to BERT's masked language modelling)

Transformer Encoder

Prof Niessner Kim et al. "VILT: Vision-and-Language Transformer \Without Convolution or Region Supervision”.
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Vision-Language Transformers

« VILT Is pre-trained on large-scale vision-language datasets
N a self-supervised manner.

« Without any image region information (object detection
bounding boxes), VILT achieves strong performance in
downstream tasks, e.g., text-to-image retrieval and visual
question answering, by using the image patches only.

« VILT Is simple to implement and fast to train.

Prof. Niessner



TUTi

Transformers In
OpJject Detection
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DETR

e Detection Transformer

— A set-based object detection using a Transformer
on top of a CNN backbone

— A Transtormer encoder encodes the CNN features
with positional embeddings

— A Transformer decoder 'translates’ the input
positional embeddings (object queries) Into object
detections or 'no object’

D 0 ( H i‘ff\, ssner



DETR

« DETR works in a similar way as Machine Translation

backbone :: encoder

__________________________________

r
: g
] II
I . !
|}
i i b class,
=], : a:
! 1" | ‘ .
' - ¥ FFEN ] |
e : transformer \ transformer \ g
-y encoder ;E decoder ! ren L] ci2ss: |
| i i L2ox }
: I S N ﬁ ‘ FEI ‘ ! -
| ooooog---0 1 ! FFN object
| _positionalencoding | LI sk S| SRR

Prof. Niessner Carion et al. "End-to-End Object Detection with Transformers”. a1



« DETR works in a similar way as Machine Translation

DETR

| r
1

backbone |
set of image featuresig

___________________

R S o et e A T Loy o . XY

encoder decoder ' prediction heads ;
|
class,
FFN vy

Encode the input image into a sequence of image

tokens (similar to ViT's encoding process)

Prof. Niessner

Carion et al. "End-to-End Object Detection with Transformers'.

FFN ki
transformer \ object
decoder ! e Lol class. |

N |_box_
II —
N no
‘ é ‘ :: o object
object queries i
L
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DETR

« DETR works in a similar way as Machine Translation

backbone || encoder

|
set of image featuresi

transformer
encoder

__________________________________

prediction heads

FFN

class,

I S
oooooo--g

- - -—— - ———— - -—————— e ———— -

New positional embeddings
as object queries

.

]

1

1

1

1

: box

1

| no
FFN :

\ transformer object

1

: decoder FEN class,

. box

1

| no

: ‘ &I ‘ B object

object queries

decode the object queries into output
embeddings, while referring to the

encoded image tokens

Prof. Niessner Carion et al. "End-to-End Object Detection with Transformers'.



DETR

« DETR works in a similar way as Machine Translation

_______________________________

backbone EE—""e_n-c-c;&ér_ ------- r decoder ‘rprediction heads |

|
set of image featuresi

| '

] | | |
: ' | :
I i ... h class, | !
1 ! |
' ! FFN b M0 |
Ll : transformer \ transformer object | 1§
reg encoder :i decoder FEN L] class. J :
: ¥ Lo ]
: 4404404 4 ' ‘ é ‘ ‘ no |
| ooooon---0 1 Ll FFN object | |
: \ object queries :

- - -—— - ———— - -————————————————— = b - - -—— - ———————————

An output layer predicts the object classes
and bounding boxes, or "no object’

Prof. Niessner Carion et al. "End-to-End Object Detection with Transformers”. 94



DETR

« Object detection as set prediction

— Each box prediction is matches with only ONE
ground truth (one-to-one assignment), 1.e., only
match the best prediction out of duplicated ones to
the GT, the others will be assigned to 'no object’

o transformer
. encoder-
SR decoder

set of image features

no object (o)

Prof. Niessner Carion et al. "End-to-End Object Detection with Transformers'. 95



DETR

« Object detection as set prediction
— Bipartite matching with pair-wise matching cost

no object (o)

transformer ¥ /
encoder- —>5
decoder
set of image features set of box predictions bipartite matching loss
v L1 loss and generalized loU loss
? o= argénin Z _]l{cﬁ/;z}ﬁo-(i)(ci) + ﬂ{cﬁég}ﬁbox(bia 80'(?,))
oc N i

Find prediction-GT assignments Predicted class probability
that minimize this cost ("no object’ class excluded)

Prof. Niessner Carion et al. "End-to-End Object Detection with Transformers”. 96



DETR

« Object detection as set prediction
— Bipartite matching with pair-wise matching cost

no object (o)
e . — transformer
g e encoder-
T N decoder

set of image features

N
Matching via Hungarian 6 = argmin » ~—1 (¢, 201D (i) (i) + 1, 20} Lbox(bi; bo(iy)
Algorithm, non-matched o€y
predictions will be assigned to ‘no
object’ class

Prof. Niessner Carion et al. "End-to-End Object Detection with Transformers'.



DETR

« Object detection as set prediction
— Hungarian loss (after bipartite matching)

transformer

decoder

set of image features set of box predictions bipartite matching loss

EHungarian (ya g)

0

.ll' g
encoder- —>5

I

L1 loss and generalized loU loss

N
= Z [— logﬁ&(z‘) (Cz)

_|_

]l{cﬁ/_-@}['box(b’i: 55’(2))

| —

=1
Predicted class probability
(including the "no object’ class)

Prof. Niessner Carion et al. "End-to-End Object Detection with Transformers'.
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DETR

« DETR works in a similar way as Neural Machine
Translation.

« The bipartite matching enforces DETR to predict non-
overlapping bounding boxes; DE TR does not need
non-maximum suppression (NMS) by design.

« Can be easily extended to panoptic segmentation by
adding a mask head on top of the decoder outputs.

D 0 ( H i‘ff\, ssner



Reading Homework

« Understanding BERT
— https.//jalammar.github io/illustrated-bert/

« BEIT: [Bao et al 2021] BEIT: BERT Pre-Training of Image
Transformers

— https.//arxiv.org/pdf/2106.08254 pdf

« Pix25eq: [Chen et al. 2021] Pixeseq: A Language Modeling
Framework for Object Detection

— https.//arxiv.org/pdf/2109.10852.pdf

Prof. Niessner 100
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Literature

. Attention: [Xu. 2015] Show, Attend and Tell: Neural Image Caption Generation with Visual Attention
- https.//arxiv.org/pdf/1502.03044.pdf

. Transformer: [Vaswani et al. 20171 Attention is All You Need
- https.//arxiv.org/pdf/1706.03762.pdf

. BERT: [Devlin et al. 20201 BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
- https.//arxiv.org/pdf/1810.04805 pdf

. VIT: [Dosovitskiy et al. 20201 An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale
- https.//arxiv.org/pdf/201011929 pdf

. MAE: [He et al. 2022] Masked Autoencoders Are Scalable Vision Learners
- https.//arxiv.org/pdf/2111.06377.pdf

. VILT: [Kim et al. 2019] VILT: Vision-and-Language Transformer Without Convolution or Region Supervision
- https.//arxiv.org/pdf/2102.03334 pdf

. DETR: [Carion et al. 2022] End-to-End Object Detection with Transformers
- https.//arxiv.org/pdf/2005.12872.pdf
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TUTi

Thanks for watching!

Prof. Niessner



