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Talk Overview

1) General over-view of Artificial Intelligence and Machine Learning

2) DiscrimanativevsGenerative AI

3) Large Language Models (LLM)

4) Prompt engineering in LLM 

5) ChatGPTand 3 cases of orbital tumours

6) (If time allows) Some experimental tinkering with ChatGPT...
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Artificial Intelligence 

AI is a subspecialty of Data Science

Branches of AI
Robotics
Knowledge representation (ontology)
Expert systems
Logic
Sensory perception, Voice recognition
Natural language processing
Machine learning



Goals of Machine Learning

Regression
Finding relationships between features and outcomes

Classification
Predict label or class given an input

Clustering/Association
Finding similar patterns or features in unlabelled data



What is a Machine Learning Algorithm

An ML algorithmis a set of rules or instructions that a computer 
follows to learn from data and make decisions or predictions.

¢ǊŀŘƛǘƛƻƴŀƭ ŎƻƳǇǳǘŀǘƛƻƴŀƭ ŀƭƎƻǊƛǘƘƳǎ ōŀǎŜŘ ƻƴ ά¸Ŝǎκbƻέ ŎƻƴŘƛǘƛƻƴŀƭ 
branching.

Machine learning algorithms based on trained data sets (models).
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Main Types of Machine Learning

Supervised Learning
Data is labelled

Unsupervised Learning
Data unlabelled

Reinforcement Learning
Agent learns by exploration/rewards/penalties

Semi-supervised learning
Partially labelled data



Shallow vsDeep ML Algorithms

Deep ML (Deep Learning)
Neural networks, transformers algorithms
Processor intensive, needs large training sets
Difficult to backtrack, explain

Shallow ML (Machine Learning)
(Essentially everything else)
Linear regression, logistic regression, decision trees, support vector machines, K-nearest neighbours 
Less accurate, less adaptive
Less processor intensive, easier to implement,
Easier to backtrack



Future of Artificial Intelligence

ÅGeneral AI (superintellignce) vsWeak AI (narrow AI) 
ÅOne algorithm to rule them all!

ÅSeed AI
ÅPrograms will write better versions of themselves

ÅTechnological singularity
ÅUnstoppable progression of technological advancement

ÅaƻƻǊŜΩǎ [ŀǿ ƭƛƳƛǘǎ
ÅbŜȄǘ ŘŜŎŀŘŜ aƻƻǊŜΩǎ ƭŀǿ ǿƛƭƭ Ƙƛǘ ǉǳŀƴǘǳƳ ƭƛƳƛǘǎ

ÅOver the horizon technologies - Fusion energy/quantum computing



Lǎ ǘƘŜ ƛƳƛǘŀǘƛƻƴ ƻŦ άƛƴǘŜƭƭƛƎŜƴŎŜέ ǎŀƳŜ ŀǎ 
intelligence?

Alan Turing 

Alan Turing (1912-1954 )



Is Sentient AI already here?



AI ςNew Tools for the future

ÅάWhen a new technology emerges, it is often used like the old 
ǘŜŎƘƴƻƭƻƎȅέ ǊŜŦŜǊǎ ǘƻ ǘƘŜ ǇƘŜƴƻƳŜƴƻƴ ǿƘŜǊŜ ǇŜƻǇƭŜ ǘŜƴŘ ǘƻ ǳǎŜ ƴŜǿ 
technologies in ways that are familiar to them, based on their 
experiences with older, existing technologies. 

ÅThe full potential of the new technology is not immediately apparent, 
and people are more comfortable with what they know.
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Neural Networks
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Generative vsDiscriminative AI

1. What They Do

Tries to understand and replicate how data looks. It can create 
new examples similar to what it has seen.

2. How They Learn

Learns the entire pattern of the data, including how data points 
relate to each other.

3. Creating New Data

Can generate new, realistic examples, like creating new images, 
text, or sounds that look and sound real.

4. Training Complexity

Usually harder to train because it needs to understand everything 
about the data.

1. What They Do

Focuses on distinguishing between different categories or 
outcomes. It tries to predict or classify based on given data.

2. How They Learn

Learns to draw boundaries between different categories by 
focusing only on what makes categories different.

3. Creating New Data

Cannot create new examples; it only sorts or classifies existing data 
into categories.

4. Training Complexity

Easier to train since it only focuses on figuring out how to separate 
different categories.

Generative AI: Discriminative AI: 





Example of Discriminative AI in Ocular 
Pathology
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High grade dysplasia (CCIN3)



Example of Discriminative AI in Ocular 
Pathology
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Large Language Models (LLMs)

An LLM is a type of artificial intelligence that understands and 
generates human language, based on the probabilistic analysis of data.

LLMs are trained on vast amounts of text data from the internet, 
books, articles, and other sources (many Petabytesof data). 

They can perform a wide range of language-related tasks, such as 
answering questions, writing essays, translating languages, 
summarizing text, and even having conversations.
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Common LLMs
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Advantages of LLM 

1. Versatility and Generalization

2. Contextual Understanding

3. Few-Shot and Zero-Shot Learning

4. Human-Like Text Generation

5. Knowledge Retention and Utilization
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Prompt Engineering

Prompt engineeringis the process of designing and crafting prompts (input text) in 
a way that effectively guides a Large Language Model (LLM) to generate desired 
ƻǳǘǇǳǘǎ ŀƴŘ ƳƛƴƛƳƛȊŜ άƘŀƭƭǳŎƛƴŀǘƛƻƴǎέΦ Lǘ ƛƴǾƻƭǾŜǎ ŎǊŜŀǘƛƴƎ ŀƴŘ ǊŜŦƛƴƛƴƎ ǇǊƻƳǇǘǎ ǘƻ 
improve the performance and accuracy of the model's responses to specific tasks 
or questions.
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Prompt Engineering

ÅExamples of prompt engineering
Åά9ȄǇƭŀƛƴ ǘƻ ƳŜ ƭƛƪŜ LΩƳ ŀ ŦƛǾŜ ȅŜŀǊ ƻƭŘέ

Åά¸ƻǳ ŀǊŜ ŀ histopathologistέ

Åά9ȄŎƭǳŘŜ Řŀǘŀ ǘƘŀǘ ƛǎ ƻƭŘŜǊ ǘƘŀƴ нл ȅŜŀǊǎέ

Åά¢ŀƪŜ ȅƻǳǊ ǘƛƳŜ ŦƻǊƳǳƭŀǘƛƴƎ ȅƻǳǊ ŀƴǎǿŜǊέ
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Problems with LLM

1. Bias and Fairness Issues

2. Lack of Interpretability

3. Resource Intensity

4. Security and Privacy Concerns

5. Ethical and Misuse Risks
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AI Hallucinations

ÅRefers to instances where an artificial intelligence model produces 
outputs that are factually incorrect, nonsensical, or completely 
fabricated. These hallucinations occur because the model generates 
responses based on patterns in the training data rather than an 
understanding of the real world.
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Case 1

63 yoFemale

Left lacrimalgland biopsy. ? Lymphoma. Histo+ flow cytometry
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AE1/AE3 CD138



IgG4 IgG



Case 1

ÅMarked atrophy of acinar glands, fibrosis, prominent lymphocytes and 
plasma cells and prominent lymphoid aggregates

ÅIncreased IgG+/IgG4+ cells (55%), absolute 65 IgG4+ cells/HPF

ÅMildly increased serum IgG4 

ÅDiagnosis: IgG4 disease of lacrimalgland
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Case 1
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Case 1
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Case 2

Å70 yoFemale

ÅRight superior orbital mass, likely orbital carcinoid. Known history of 
carcinoid.
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