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Transtformer and Its Applications
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Autoregressive Language Model
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Standard generation procedure in Machine Translation:
Autoregressive Decoding. Each “word” is generated sequentially after the previous one.



Autoregressive Language Model
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Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information
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Encoder self-attention: —__
tokens look at each other
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Transtormer: The Building Block

Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information
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Decoder-encoder attention:
target token looks at the source
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A sequence of words or tokens that the model will process.



e
Multi-head Attention Block
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e
Multi-head Attention Block
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FlashAttention: Fast and Memory-Efficient Exact Aftention
with [O-Awareness
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FlashAttention: Fast and Memory-Etficient Exact Attention with 1O-
Awdreness

Attention on GPT-2
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Standard Attention Computation
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Given input sequences Q, K,V € RV*? where N is the sequence length and d is the head dimension, we want
to compute the attention output O € RV*4.

S=QK™ e RV*N = P =softmax(S) e RV*N, 0 =PV e RV*9,

where softmax is applied row-wise.



Standard Attention Computation

e Standard Softmax

f(x)
{(x)

m(x) :=max x;, f(x):= [exl""(x) e"‘B""(")] . Blx) = Zf(x),-, softmax(x) :=

* Block/tiled Softmax

For vectors x(1),x(?) € RB, we can decompose the softmax of the concatenated x = [x() x(?]| € R?2 as:

m(x) = m([x® x?]) = max(m(xD),m(x?)),  fx) = [en=D D f(xV)  mD)m) f (x|,

f(x) = f([xtl) x(Q)]) — gm(x{lj)_m(x)g(x(l)) + em(x[z])_m(x)f(x(z)), Softmax(x) = ';((x)) .
X



FlashAttention: Fast and Memory-Etficient Exact Attention with |1O-
Awdreness
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Diffusion Model for Image Generation

e Architecture of Stable Diffusion Model.

$

Encoder Cross-attention layer.

SR - Skip Connection Latent feature map

Note that Conv are omitted in Unit for simplicity. 13



Diffusion Transformer (DiT)
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Transformer Implementation

Build your own Transformer from

] 1. Data Preparation:
scratch using Pytorch P

Building a Transformer model step by step in Pytorch * TOkeniZqﬁon: COﬂverT raw TeXT inTO
@ Arjun Sarkar Tminread - Apr 26, 2023 numeriCOl TOkenS (e°g" USing ByTe_POir
Encoding or WordPiece).
LLM Tokenizers . Embedding: Map tokens to dense vector

representations, capturing semantic

“Today is a beautiful day outside."

3 meaning.
["To", "day", "is*, "a”, "beaut", "iful", "day”, "out”, "side", "."| one . ore
3 - Positional Encoding: Add positional
(98, 1452, 43, 15,2932, 1709, 740, 1452, 3112, 3823, 74] iInNformation to the embeddings, as
| 1} [ 1 Y (P e Ve g Transformers do not inherenftly process

| | sequences in order. This can be done
' using sine and cosine functions.




Transformer Implementation

« Multi-Head Attention: Maps relationships
between tokens using Q, K, and V matrices
across parallel "heads.”

 Feed-Forward Network: Applies independent

fransformations to each position via a two-layer Scaled Dot-Product
network Attention /

e Add & Norm: Uses residual connections and ~ ~ ~
layer normalization to stabilize training. ' '

* Layer Stacking: Repeats this entire process
multiple times to deepen feature extraction.




Transformer Implementation

import torch
import torch.nn as nn

class MultiHeadSelfAttention(nn.Module):

# ... 1mplementation of Q, K, V, dot product attention, heads ...
Token Classification Head class PositionwiseFeedForward(nn.Module):
# ... Implementation of two linear layers with activation ...
|
!
/ — class EncoderLayer(nn.Module):
Output Token / # ... combines MultiHeadSelfAttention and PositionwiseFeedForward with
tbut Tol [ L 1] O O 1] / i
!
/ [ FFNN ] class Encoder(nn.Module):
rr[ Decoder Block ]\ : f # ... stacks multiple EncoderLayers .
[ bECﬂd'E.'r BIUCI( J vV [ Layer Nnrm
. 4 A class DecoderLayer(nn.Module):
\[_ Decoder Block ]y # ... combines Masked MultiHeadSelfAttention, MultiHeadCrossAttention, |
@ t 4 Y OX
class Decoder(nn.Module):
Posnmn Embeddm \ ,
9 ] \ T # ... stacks multiple DecoderLayers ...
(Jb ql-j dP d’a \ | Masked Self-Attention |
A .
Inputhken T ™ \ + class Transf?rmer(nn.Module). | |
Vectors \ [ Layer Norm ] def __init__ (self, src_vocab_size, tgt_vocab_size, d_model, n_heads, n_
\ A super().__init_ ()
“ # ... embedding layers, positional encoding ...

self.encoder = Encoder(...)
self.decoder = Decoder(...)
self.final_linear = nn.Linear(d_model, tgt_vocab_size)

def forward(self, src, tgt, src_mask, tgt_mask):
# ... forward pass through encoder, decoder, and final linear Llayer
return output
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