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What are Generative and Discriminative Models?
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Word Embedding

Generate Embedding of the sentence
• Sum of the embedding vector
• Average of the embedding vector
• Concatenation of the vectors
• Or, any sentence embedding 
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Sequence-to-Sequence Problem

• POS
• NER
• Machine Translation
• Machine Transliteration
• so on
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Attention – general concept

Q : Query
K  : Key
V  : Value

<k1, v1>
<k2, v2>
<k3, v3>
<k4, v4>

<kn, vn>

Q V3

𝐴 𝑞, 𝐾, 𝑉 =

𝑖

exp(𝑒𝑞𝑘𝑖)

σ𝑗 exp(𝑒𝑞𝑘𝑗)
𝑣𝑖
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Transformer
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Transformer: Attention Is All You Need



Transformer: Attention Is All You Need

Word Embedding layer

I LOVE YOU



Transformer: Attention Is All You Need

Positional Encoding

I LOVE YOU

+ + +

1 2 3Time Step

Positional Encoding

Positional Input Encoding
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Self Attention

Softmax (              ) =

x =

Attention 
Matrix

Scale

Attention 
Matrix

Value
Transformed 
Input
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Feed Forward NN
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Encoding



Encoding 1

Encoding n

………

Encoder Output



Decoding



Decoding



Word Embedding
+

Positional Encoding



Masked Attention
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Multi Head Attention

Layer Norm(                +             )  



• K and V pairs from the encoder
• Q from the decoder



Other component of the decoder are 
same as that of the encoder



Decoding 1

Decoding n

………

Decoder Output



Classifier



Attention in CNN

• Selp Attention 
• Squeeze and Excitation (SE)
• Convolutional Block Attention Module (CBAM)



Self Attention Model in CNN



Squeeze and Excitation 
Attention mechanism



Squeeze and Excitation Model 

It is a channel attention

● Squeeze operation: Apply global average pooling to aggregate feature maps across their spatial 
dimensions H x W to produce a channel descriptor. It produces a 1x1xC vector.

● Excitation operation: It applies fully-connected layers with one hidden layer using ReLU activation 
function on the Squeeze vecto, and produces a channel weighted vector



Squeeze operation



U

Squeeze operation

1 x 1 x C



Excitation operation



Output feature map
The final output feature map B is obtained by rescaling U with the activations s:

refers to channel-wise multiplication between the scalar sc and the feature map uc
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Convolutional Block Attention Module (CBAM)
(Provide attention on both channel and spatial)



It has two components

● Channel Attention module (CAM):  Which channel is important

● Spatial Attention module (SAM): Which region in the feature map is important



Channel Attention module (CAM)

It resembles Squeeze and Excite (SE) model.



Spatial Attention module (SAM)

• Apply Global Average Pool and Global
Max Pooling across channels.

• Concatenate  and pass it through a 
small convolutional block of 7x7 
kernel size.




