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Brief overview of LLM training





History
• Previous models for text generation: RNN, LSTM, GRU


• Common issues: 


• - Temporal Bottleneck: Vanishing gradients stop many RNN architectures 
from learning long-range dependencies


• - Parallelisation Bottleneck: RNN states depend on previous time step hidden 
state, so must be computed in series 



Transformer













One head attention

 - token embeddingsx1, x2, …, xn ∈ Rdin X =
xT

1
⋮
xT

n

∈ Rn×din

 - query, key and value transform matricesWQ, WK ∈ Rdin×dk, WV ∈ Rdin×dv

Q = XWQ ∈ Rn×dk K = XWK ∈ Rn×dk V = XWV ∈ Rn×dv

Attention(Q, K, V) = Softmax ( QKT

dk ) V

Query, key, and value matrices:

embedding matrix:

 - dim of key & query vectorsdk  - dim of value vectorsdv = din
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Multihead attention
WQ
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i=1) = Concat(head1, …, headh)WO
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Position embeddings



Transformer architecture

Feed-Forward



Transformer architecture

Feed-Forward

Feed-Forward layer is applied to tokens pointwise.


Tokens only interact in Attention layers!



Transformer for next token prediction



Attention Masking



Attention Masking



Terminology
• Attention without masking = bidirectional self-attention


• Attention with masking = autoregressive self-attention



Transformer: original encoder-decoder architecture (obsolete)



Transformers: advantages
• Attention mechanism: any token can attend to any other => good at long-

term dependancies


• Architecture is designed to be highly parallelizable


• Universality: no inductive bias in architecture



Transformer: downsides
• Bottleneck:  computation and memory complexity


• More efficient attention mechanisms were proposed (active area of research)


• Requires a lot of data for training

O(n2)


