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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!



Attention Masking



Attention Masking



Transformer for next token prediction



Terminology
• Attention without masking = bidirectional self-attention


• Attention with masking = autoregressive self-attention



Transformer: original encoder-decoder architecture (obsolete)



Types of Transformers
• Encoder-only Transformer (uses bidirectional self-attention)


• Decoder-only Transformer (uses autoregressive self-attention)


• Encoder-decoder Transformer (obsolete; uses bidirectional self-attention in 
encoder part, autoregressive self-attention in decoder part, and bidirectional 
cross-attention between them)



Transformers: summary

• 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

• Bottleneck:  computation 
and memory complexity for each 
attention


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


• Requires a lot of data for training

O(n2)

Pros: Cons:



LLMs



Language Models are Unsupervised Multitask Learners 
(GPT-2, 1.5B, 2019)

• Generative pre-training only


• Evaluating model by:


• - max-likelihood prediction (predict inserted word, MCQ)


• - simple prompting (e.g. TL;DR for summarisation)


• - few-shot learning (translation, question-answering dataset)


• Was pretty good on French-English translation, even though trained only on English corpora



Instruction tuning, RLHF

Training language models to follow instructions with human feedback (GPT-
Instruct, 2022)



Instruction tuning
• Forgetting: applying instruction tuning naively can reduce the model 

performance on standard NL benchmarks


• Remedy: mixing gradients from instruction tuning objective with the gradients 
from the pre-training task objective



Scaling Laws for LLMs

• When working within a fixed compute budget, we obtain the optimal performance by training very large 
models and stopping significantly short of convergence 

from “Scaling Laws for Neural Language Models” (Kaplan et. al., 2020)



Emergent abilities of LLMs

Emergent Abilities of Large 
Language Models (Wei et. 
al., 2022)



Thank you!



Sources:
• 3Blue1Brown


• Course by Boaz Barak


• DLVU

https://www.youtube.com/watch?v=eMlx5fFNoYc&pp=ygVBQXR0ZW50aW9uIGluIHRyYW5zZm9ybWVycywgc3RlcC1ieS1zdGVwIHwgRGVlcCBMZWFybmluZyBDaGFwdGVyIDY=
https://boazbk.github.io/mltheoryseminar/
https://www.youtube.com/watch?v=KmAISyVvE1Y&pp=ygUbTGVjdHVyZSAxMi4xIFNlbGYtYXR0ZW50aW9u

