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Drawbacks of RNNs
 Vanishing / Exploding Gradients

 Limited Memory / Recency Bias

 Inefficienct training due to sequential nature
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What is a Transformer?
 A non-recursive architecture built on Attention and MLPs

 Key insight: Removing reccurrent operations allows for easy parallelization

A t t e n t i o n  i s  A l l  Y o u  N e e d ,  V a s w a n i ,  2 0 1 7
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Key Components
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 Used for RNN, LSTMs, GRU, Transformers etc.
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Tokenizer
 Massively important in NLP
 Used for RNN, LSTMs, GRU, Transformers etc.

 Turns sentences into a set of features based on:
 Words
 Subwords
 Byte pair encodings
 Etc.

 Typically learned independently of the classification model
 Can be trained on general or domain specific text corpus

 Sometimes includes a special CLS token representing the entire input sequence

A  S u r v e y  o f  T r a n s f o r m e r s ,  L i n  e t  a l ,  2 0 2 1
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 Ignore spatial and temporal dependencies
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Token Mixing
Where the magic happens!

 Tokens are ”randomly” mixed
 Ignore spatial and temporal dependencies

 But how?

 Scaled Dot Product Attention is the go-to choice

A  S u r v e y  o f  T r a n s f o r m e r s ,  L i n  e t  a l ,  2 0 2 1
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Scaled Dot Product Attention
 Input: Sequence, X, of M d-dimensional tokens

 Create three transformed sets via independent linear transformations:
 Queries (Q)
 Keys (K)
 Values (V)

 If K, V, Q has same input, it is self-attention
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Scaled Dot Product Attention
 Multiply Queries (Q) and Keys (K)
 Gives M x M matrix, given M inputs
 Optionally mask, if some tokens cannot attend to each other
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𝑑𝑑𝑘𝑘
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 Multiply Queries (Q) and Keys (K)
 Gives M x M matrix, given M inputs
 Optionally mask, if some tokens cannot attend to each other

 Scale by 1
𝑑𝑑𝑘𝑘

, where 𝑑𝑑𝑘𝑘 is the dimension of K
 This is done to alleviate vanishing gradients

 Apply Softmax across the rows
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, where 𝑑𝑑𝑘𝑘 is the dimension of K
 This is done to alleviate vanishing gradients

 Apply Softmax across the rows
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Scaled Dot Product Attention
 Multiply Queries (Q) and Keys (K)
 Gives M x M matrix, given M inputs
 Optionally mask, if some tokens cannot attend to each other

 Scale by 1
𝑑𝑑𝑘𝑘

, where 𝑑𝑑𝑘𝑘 is the dimension of K
 This is done to alleviate vanishing gradients

 Apply Softmax across the rows

 Multiply attention score matrix with Values (V)

 But what if a token is important to multiple other tokens?
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 Uses H attention heads

 Each head receives a differently linearly transformed 
V, K, and Q

 Concat output and apply linear transform
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Multi-Head Self-Attention (MHSA)
 Uses H attention heads

 Each head receives a differently linearly transformed 
V, K, and Q

 Concat output and apply linear transform

 To keep computation equal, we reduce dimensionality proportionally

 𝑑𝑑𝑘𝑘𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑑𝑑𝑘𝑘
𝑜𝑜𝑜𝑜𝑜𝑜

ℎ
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Altenative Token Mixing
 MHSA is a good starting point!
 But its complexity is 𝑁𝑁2

 Faster approaches can be achieved using
 Linear attention
 Sparse attention
 Fourier transforms
 …
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Positional Information
 Transformers have no inert sense of order
 Order is however important for most modalities (text, audio, images, ...)

 Positional information can be either:
 A priori inserted (Positional Encoding)
 Learning using backprop (Positional Embedding)

A  S u r v e y  o f  T r a n s f o r m e r s ,  L i n  e t  a l ,  2 0 2 1
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Positional Encoding
 Each token is represented using concatenated sine and cosine functions
 Forms geometric progession from 2 Pi to 10000 * 2 Pi
 This is static during training
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Vision Transformer (ViT)
 Only uses transformer encoder blocks
 Uses learned postional embeddings
 Uses CLS token for representing entire image
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Vision Transformer (ViT)
 Only uses transformer encoder blocks
 Uses learned postional embeddings
 Uses CLS token for representing entire image

 Tokenizes the image using non-overlapping convolution
 Smaller kernel -> more tokens -> longer ”sequence”

A N  I M A G E  I S  W O R T H  1 6 X 1 6  W O R D S :  T R A N S F O R M E R S  F O R  I M A G E  R E C O G N I T I O N  A T  S C A L E ,  
D o s o v i t s k i y  e t  a l ,  2 0 2 1
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How to train a 
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Original Training Approach
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Original Training Approach
 Trained using supervised learning

 Large amount of data needed due to no inductive bias
 JFT-300
 ImageNet-21K
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Original Training Approach
 Trained using supervised learning

 Large amount of data needed due to no inductive bias
 JFT-300
 ImageNet-21K

 Requires a lot of compute
 Hidden VRAM requirement due to tokens
 Smaller conv layer (tokenizer) leads to more tokens
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Original Training Approach
 Trained using supervised learning

 Large amount of data needed due to no inductive bias
 JFT-300
 ImageNet-21K

 Requires a lot of compute
 Hidden VRAM requirement due to tokens
 Smaller conv layer (tokenizer) leads to more tokens

 Achieved SOTA on ImageNet-1K and many other datasets

A N  I M A G E  I S  W O R T H  1 6 X 1 6  W O R D S :  T R A N S F O R M E R S  F O R  I M A G E  R E C O G N I T I O N  A T  S C A L E ,  
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Data-efficient image Transformers (DeiT)
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Data-efficient image Transformers (DeiT)
 Proposes learning a ViT by distillation
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Data-efficient image Transformers (DeiT)
 Proposes learning a ViT by distillation
 Distillation = Train model to match predictions of already trained (larger) model
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Data-efficient image Transformers (DeiT)
 Proposes learning a ViT by distillation
 Distillation = Train model to match predictions of already trained (larger) model

 Introduces a dedicated distillation token
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Data-efficient image Transformers (DeiT)
 Proposes learning a ViT by distillation
 Distillation = Train model to match predictions of already trained (larger) model

 Introduces a dedicated distillation token

 Can be trained in 3-4 days using 2 GPUs
 High performance using just ImageNet-1K
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Data-efficient image Transformers (DeiT)
 Proposes learning a ViT by distillation
 Distillation = Train model to match predictions of already trained (larger) model

 Introduces a dedicated distillation token

 Can be trained in 3-4 days using 2 GPUs
 High performance using just ImageNet-1K

 Outperforms all teachers, as well as ViT-B
Was not tested on larger variations of VIT

T r a i n i n g  d a t a - e f f i c i e n t  i m a g e  t r a n s f o r m e r s  &  d i s t i l l a t i o n  t h r o u g h  a t t e n t i o n ,  T o u v r o n  e t  a l ,  2 0 2 1
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Self-Supervised Pretraining
 ViTs can be efficiently trained via different SSL approaches
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Self-Supervised Pretraining
 ViTs can be efficiently trained via different SSL approaches

 Masked Autoencoders

M a s k e d  A u t o e n c o d e r s  A r e  S c a l a b l e  V i s i o n  L e a r n e r ,  H e  e t  a l . ,  2 0 2 1
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Self-Supervised Pretraining
 ViTs can be efficiently trained via different SSL approaches

 Masked Autoencoders

 DINO

E m e r g i n g  P r o p e r t i e s  i n  S e l f - S u p e r v i s e d  V i s i o n  T r a n s f o r m e r s ,  C a r o n  e t  a l . ,  2 0 2 1
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Self-Supervised Pretraining
 ViTs can be efficiently trained via different SSL approaches

 Masked Autoencoders

 DINO

 Momentum Contrast

I m p r o v e d  B a s e l i n e s  w i t h  M o m e n t u m  C o n t r a s t i v e  L e a r n i n g ,  C h e n  e t  a l ,  2 0 2 0
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Parameter Efficient Fine-Tuning
 ViTs can also be efficiently fine-tuned by intelligently utilizing the Transformer components
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Parameter Efficient Fine-Tuning
 ViTs can also be efficiently fine-tuned by intelligently utilizing the Transformer components

 Low-Rank Adapters (LoRA)

L o R A :  L o w - R a n k  A d a p t a t i o n  o f  L a r g e  L a n g u a g e  M o d e l s ,  H u  e t  a l . ,  2 0 2 1



sdu.dk
#sdudk

 

The Maersk Mc-Kinney Moller InstituteThe Maersk Mc-Kinney Moller Institute

Parameter Efficient Fine-Tuning
 ViTs can also be efficiently fine-tuned by intelligently utilizing the Transformer components

 Low-Rank Adapters (LoRA)

 Visual Prompt Tuning

V i s u a l  P r o m p t  T u n i n g ,  J i a  e t  a l . ,  2 0 2 2



sdu.dk
#sdudk

 

The Maersk Mc-Kinney Moller InstituteThe Maersk Mc-Kinney Moller Institute

ViTs for Fine-
Grained Tasks



sdu.dk
#sdudk

 

The Maersk Mc-Kinney Moller InstituteThe Maersk Mc-Kinney Moller Institute

Continuum
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Continuum
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TransFG: A ViT for Fine-Grained Recognition
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TransFG: A ViT for Fine-Grained Recognition
 Adapt the ViT to perform part selection to detect discriminative parts
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TransFG: A ViT for Fine-Grained Recognition
 Adapt the ViT to perform part selection to detect discriminative parts

 Aggregate attention maps of the first L-1 layers

 Only keep the most attended to token per attention head

 Pass these to the final Transformer layer

T r a n s F G :  A  T r a n s f o r m e r  A r c h i t e c t u r e  f o r  F i n e - g r a i n e d  R e c o g n i t i o n ,  H e  e t  a l . ,  2 0 2 2
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TransFG: A ViT for Fine-Grained Recognition
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TransFG: A ViT for Fine-Grained Recognition
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Grafit: Learning Coarse-to-Fine training
 Proposes a setup for training fine-grained classifiers from coarse labels

 Not specific to ViTs, but of great interest for taxonomic classification

G r a f i t :  L e a r n i n g  f i n e - g r a i n e d  i m a g e  r e p r e s e n t a t i o n s  w i t h  c o a r s e  l a b e l s ,  T o u v r o n  e t  a l . ,  2 0 2 0
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Grafit: Learning Coarse-to-Fine training
 Utilizes two losses: Instance and kNN classification loss
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Grafit: Learning Coarse-to-Fine training
 Utilizes two losses: Instance and kNN classification loss

 Instance Loss: Learn how to align different views of input
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Grafit: Learning Coarse-to-Fine training
 Utilizes two losses: Instance and kNN classification loss

 Instance Loss: Learn how to align different views of input

 kNN classifier: Learn how to perform kNN classification
Trains for generalization of new classes
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Grafit: Learning Coarse-to-Fine training
 Utilizes two losses: Instance and kNN classification loss

 Instance Loss: Learn how to align different views of input

 kNN classifier: Learn how to perform kNN classification
Trains for generalization of new classes

Selection probability of each neighbour
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Grafit: Learning Coarse-to-Fine training

G r a f i t :  L e a r n i n g  f i n e - g r a i n e d  i m a g e  r e p r e s e n t a t i o n s  w i t h  c o a r s e  l a b e l s ,  T o u v r o n  e t  a l . ,  2 0 2 0
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Evaluation 
Metrics
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Standard Classification Metrics
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Standard Classification Metrics
 Fine-grained tasks are typically evaluated with standard metrics:

 Accuracy, F1-score, mean Average Precision, ....
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Standard Classification Metrics
 Fine-grained tasks are typically evaluated with standard metrics:

 Accuracy, F1-score, mean Average Precision, ....

 However, it is important to consider how you average your metrics!
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Macro vs Micro metrics
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Macro vs Micro metrics
 Metrics are typically averaged in two ways: Globally (micro) or per-class (macro)
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Macro vs Micro metrics
 Metrics are typically averaged in two ways: Globally (micro) or per-class (macro)

Class True Positive False Positive
A 1 1
B 1 9
C 10 90
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Macro vs Micro metrics
 Metrics are typically averaged in two ways: Globally (micro) or per-class (macro)

 Micro-Precision =  1+1+10
1+9+90

= 12
100

= 0.12

Class True Positive False Positive
A 1 1
B 1 9
C 10 90
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Macro vs Micro metrics
 Metrics are typically averaged in two ways: Globally (micro) or per-class (macro)

 Micro-Precision =  1+1+10
1+9+90

= 12
100

= 0.12

 Macro−Precision = 0.5+0.1+0.1
3

= 0.7
3

= 0.23

Class True Positive False Positive
A 1 1
B 1 9
C 10 90
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Macro vs Micro metrics
 Metrics are typically averaged in two ways: Globally (micro) or per-class (macro)

 Micro-Precision =  1+1+10
1+9+90

= 12
100

= 0.12

 Macro−Precision = 0.5+0.1+0.1
3

= 0.7
3

= 0.23

 Macro metrics tend to overemphasize majority classes
 Micro metrics assigns equal weights to each class

Class True Positive False Positive
A 1 1
B 1 9
C 10 90
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Hierarichal Evaluation
 In taxonomic classification we have a known hierarchy

 This can be used during evaluation to quantify the ”degree of correctness”
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Hierarichal Evaluation

C o m p o s i t i o n a l  E n t a i l m e n t  L e a r n i n g  f o r  H y p e r b o l i c  V i s i o n - L a n g u a g e  M o d e l s ,  P a l  e t  a l . ,  2 0 2 5
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Hierarichal Evaluation
 Precision and Recall 
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Hierarichal Evaluation
 Precision and Recall

 Least Common Ancestor  (LCA)

 Tree Induced Error

C o m p o s i t i o n a l  E n t a i l m e n t  L e a r n i n g  f o r  H y p e r b o l i c  V i s i o n - L a n g u a g e  M o d e l s ,  P a l  e t  a l . ,  2 0 2 5
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D3A Elevator Pitch
 If you are:

 A Student / PhD / PostDoc an

Working on Computer Vision

 Registered for D3A

 Please consider submitting an Elevator Pitch!

https://forms.gle/3Cmdno93L7GRKwf58

https://forms.gle/3Cmdno93L7GRKwf58
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