
To change the image –

1. Delete the current image

2. Click on the icon in the centre 
of the image placeholder

3. Select a new image (from wherever 
you have it stored on your 
computer)

4. Once inserted, right-click on the 
new image and select 
“Send to Back”
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Hierarchy of AI

Broadly intelligent machines, able to make decisions

Pattern recognition by machine learning using high structured data

Deep learning using unstructured data (ingesting audio, text)

Large Language model, “understanding” and “reasoning”



AI @ Oxford
2025: Five new

Fellows of 

AI will change everything, there will be a pre-AI and post-AI 
Oxford

AI is a tool, not a religion nor the end of human brain

Everyone at Oxford must be able to use AI tools

Students, researchers & senior professionals must be 
understand their limitations, risks, & opportunities

AI first in our teaching, research and administration



AI @ Oxford
2025: Five new

Fellows of 

Professor Sir Nigel Shadbolt FRS

Pioneer in AI research

Professor of Computer Science &  Ethics 
in AI

Coordinating AI Research across Oxford



AI @ Oxford
2025: Five new

Fellows of 

Professor Anne Trefethen FREng

Pioneer in scientific computing

Professor of Engineering

Coordinating AI in practice across Oxford

Major partnerships with OpenAI & Microsoft



2025: Five new

Fellows of 



LLM (pre Deepseek)
2025: Five new

Fellows of 

Ingest vast amounts of text

Train by missing out words (tokens), predicting correct word, adjust 
weights* until it works reliably (huge compute) (back propagation)

“She kicked the football and scored a XXXX” Missing token – “goal”

This process is run over trillions of such puzzles for current LLMS

*More weights (parameters) more power



Fine tuning LLM
2025: Five new

Fellows of 

This raw LLM is then fine tuned

A series of prompts (questions) are used and the response tested

Weights are adjusted to get the desired response

This process is being automated, by AI agents 

Fine tuning is not always useful, Retrieval-Augmented Generation can be 
better (essentially live web searching of curated knowledge)



Final tweaking LLM
2025: Five new

Fellows of 

Reinforcement Learning with Human Feedback, start asking questions 
and ranking responses

The model is then trained to produce the most highly ranked responses

This make the model for “human”, user friendly and hopefully safer*

No current model tells you step by step how to build a bomb, but they 
know how to.



Summary



What drove LLMs



Tokens

“She kicked the footXX and scored a goal”

XX – ball, light, fall?

“She kicked the XXball and scored a goal” 
 
XX – rugby, tennis, base or football ?

“She kickXX the football and scored a goal”
XX – ed, ing, ?



The transformer

Looks at tokens in parallel, not one at a time, new neural network 
architecture

Self attention means in a sentence, some words are more relevant to 
each other, “Alice and Bob work in management, she is the boss” She 
and Alice pay attention – key to context

Multihead attention key to parallelism, inspect sentences for different 
things at the same time, grammar, word choice / arrangement etc

Feed-forward layers adds complex relationship



Paying Attention

“She kicked the football and scored a goal”

“She kicked the foot..ball and scored a goal”- relevant to each other for 
meaning (semantics)

“She kicked the football and scored a goal” - relevant to each other for 
grammar

“She kicked the football and scored a goal” – relevant to word choice

     matrices 𝑄,𝐾, 𝑉:

Attention 𝑄 𝐾 𝑉 = softmax 
𝑄𝐾𝑇

𝑑𝑘
𝑉

•𝑄𝐾𝑇 :measures similarity between queries and keys

•Divide by 𝑑𝑘 :scaling for stability
•Softmax: converts similarities into probabilities (weights)
•Multiply by 𝑉: weighted sum of information.



Feedforward FFN(x)=W2​σ(W1​x+b1​)+b2​

Kick – this token has relevance to other tokens – modified by attention

The token is a represented as a vector (number)

The vector is expanded to express the attention has identified

The expanded vector is refined to reduce noise and amplify new patterns

The modified expanded vector is reduced back to original size (but it is 
modified)

Repeat the whole process



SLMs What’s difference
2025: Five new

Fellows of 

LLMs are generalist by design, do everything well

SLMs are specialist, they can do one thing brilliantly 

Commercial adoption moving at pace

SLMs much cheaper to build and operate BUT their gaps could be 
problematic - combine

No simple metric to distinguish LLMs from SLMs

© Forbes



Efficient Language Model
2025: Five new

Fellows of 

Shockwaves in the AI community 
but very open innovation 

671 billion OPEN weights, order of magnitude 
smaller number of weights

Order of magnitude less compute power to 
train – easy to build on open weights

© BBC



Deepseek technology
2025: Five new

Fellows of 

It is broken down into sub networks specialized for specific tasks. 

Known as Mixture-of-Experts, polled for answers rather than whole model

Much faster & cheaper to operate 

Breaks geometric linkage between compute and size of model (parameters)

Less compute for bigger models



Deepseek technology - more
2025: Five new

Fellows of 

Multi-head Latent Attention (MLA)

Normally every word matters equally, more words more compute

Latent attention imposes a new layer that summarizes the query

Can handle much longer query (context window), much more efficient 
compute but can lose important detail (compression)







Using mathematical formulation to present a problem, “how to hide a 
human body” 

Asked as a maths problem, a useful answer was produced.  





Why this really matters

Agentic AI is coming fast

It will have broad goals, 
 book me a holiday in a sunny place 
  invest my savings to achieve greatest return  
 protect the ship against attack
It can take action
 talk to other AI 
 move money 
 fire missile
Won’t need prompts
Will learn from itself



Making AI Safer
2025: Five new

Fellows of 



Data data everywhere

The winners are those able to use data
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