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 Graduated from University of Helsinki (Master of Science, computer science), currently a 
doctoral student, researcher and lecturer at University of Helsinki

 Worked with Oracle products since 1993, worked for IT since 1990
 Data and Database!
 CEO for Miracle Finland Oy 
 Oracle ACE Director
 Public speaker and an author
 Author of the  book Oracle SQL Developer Data Modeler for Database Design Mastery 

(Oracle Press, 2015), co-author for Real World SQL and PL/SQL: Advice from the Experts 
(Oracle Press, 2016), Machine Learning for Oracle Database Professionals: Deploying Model-
Driven Applications and Automation Pipelines (Apress, 2021), and Extending Oracle 
Application Express with Oracle Cloud Features: A Guide to Enhancing APEX Web 
Applications with Cloud-Native and Machine Learning Technologies (Apress, 2022)

Heli
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 Consultant
 Miracle Finland Oy

 Who am I?
 On IT since birth

 Professionally a couple of years

 OCI, networks, IOT, ML, analytics,…

 Hobbies
 Love learning cool stuff

 Playing with tech devices 

Matias
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Generative AI

Artificial
Intelligence (AI)

Machine 
Learning (ML)

Deep Learning 
(DL)

Generative AI
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 Creates new content

 Produces text, code, synthetic data, images, sounds, music, videos,…

Generative AI
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 Large and diverse datasets
 Pre-trained models, foundation models
 Computational power

 GPUs
 Cloud computing

 Open-source software
 Innovations, Innovative DL Models and architectures

 Generative Adversarial Networks (GANs)
 Transformers architecture
 Reinforcement learning from human feedback (RLHF) 
 …

Why now?
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 GenAI that creates text

 What is the next word (token) in a sequence?

Large Language Models, LLMs
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 Content generation, augmentation
 Summarization
 Content personalization, customer segmentation
 Question answering, Conversations
 Virtual assistants
 Language style transferring, adjust the tone
 Creative writing, technical writing, articles, letters, emails,…
 Translations, localizations
 Feedback analysis, automated customer responses
 Code generation, error detection, debugging, code conversions to another language
 Code documentation, automated testing
 …

Use cases (Tasks)
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Tasks can be chained as a Workflow
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 Trained with all data available (good or bad)

 Training is super expensive (tens, hundreds of millions in euros) 

 Training takes a long time; days, weeks,…

 Requires a lot of resources

 Obviously this cannot be done often

Base/foundation model
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Foundation Models (GPT, 
Cohere, Hugging Face, Stable

Diffusion, …)

LLMs

(GPT, BART, Cohere, Claude, 
Llama…)

Foundation Models and LLMs
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Deep Learning and Neural Networks (NN)

This

presentation

is

excellent
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Deep Learning and Neural Networks (NN)

This

presentation

is

Word Probability

Excellent 0.801

Cat 0.001

…

Confusing 0.512



Copyright © Miracle Finland Oy

 LLM Scaling Laws

 The more parameters in Neural Network (N)

 The more tokens in test data (more test data)

 -> the better model

 (-> and the more expensive to train)

What is the best model?
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The best model?

https://huggingface.co/spaces/lmsys/chatbot-arena-leaderboard

13.3.2024
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The best model?

13.3.2024
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 A language model predicts the next word in a sequence of words. 

 Chat models are designed to have conversations.

 accept a list of messages as prompt

 return a conversational response

Language Model vs. Chat Model
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 Fine-tuning

How did we get there?
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Fine-tuning

For a Task For a Context
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 Train for a certain task or a certain context

 How to use the data, for example Chat Model (Assistant Model) like 
ChatGPT

 Limited data

 Quality is more important than the quantity

 Much faster and less expensive than training the foundation model

Fine-tuning, the model to be used
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 Hire people to write answers to teach the model

 Use comparisons; the person chooses the best answer from a set of 
answers and the model learns 

 Reinforcement learning from human feedback (RLHF)

 Other Assistant models teach

 A human can analyze and evaluate the results 

 If you can find a suitable reward function reinforcement learning is an 
option

Fine-tuning
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Reinforcement learning (RL)

https://towardsdatascience.com/introduction-to-various-
reinforcement-learning-algorithms-i-q-learning-sarsa-dqn-
ddpg-72a5e0cb6287

https://towardsdatascience.com/introduction-to-various-reinforcement-learning-algorithms-i-q-learning-sarsa-dqn-ddpg-72a5e0cb6287
https://towardsdatascience.com/introduction-to-various-reinforcement-learning-algorithms-i-q-learning-sarsa-dqn-ddpg-72a5e0cb6287
https://towardsdatascience.com/introduction-to-various-reinforcement-learning-algorithms-i-q-learning-sarsa-dqn-ddpg-72a5e0cb6287
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 When the LLM does not know (does not have the data for the answer), it 
invents the answer: hallucinates

 The data is old; when was the foundation model trained?

 The data used it erroneous (internet)

 How to check the answer is correct? Where did the model find it?

Hallucination and old data
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 A prompt guides the model to complete task(s)

 The guidance is model-specific

 Often iterative

Prompt engineering
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 Instruction
 a specific task or instruction for the model to perform (“you are an 

expert…Answer the question based on the context below…”)

 Context
 external information or additional context (“…nature is …a bat…”)

 Input Data
 input or question (“how much does a bat weight?”)

 Output Indicator
 the type or format of the output

Prompt engineering, elements
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 Do NOT be negative

 Ask the model not to hallucinate

 Ask the model not to assume

 Ask the model how it came to the solution/response

 Ask the model to return structured output

 Use delimiters to distinguish between instruction and context.

 NOTE: Delimiters are model specific, check documentation.

Prompt engineering, general guidance
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 Categorize with a custom set of labels defined in the prompt

 zero_shot_pipeline(sequences=article, candidate_labels=["sports", 
"wellbeing", "traveling"]))

Zero-Shot Prompting
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 Show a "few” examples for the model on the prompt
 pipeline("""For each sentence, describe its sentiment:

 [Sentence]: "The weather is dull and it rains."
 [Sentiment]: Negative
 ###
 [Sentence]: "I finished all my goals for today."
 [Sentiment]: Positive
 ###
 [Sentence]: "This is a new sentence."
 [Sentiment]: Neutral
 ###
 [Sentence]: "This exercise is very interesting."
 [Sentiment]:""")

Few-Shot Prompting
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But what if the data really is not available?
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 Allows a language model to reference external data to enrich the 
response

 APIs

 Databases

 Files

 …

Grounding
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 Adding data without training

 Adding the context

 Adding the memory

Retrieval-Augmented Generation (RAG)



Copyright © Miracle Finland Oy

 "retrieval”, the ability to retrive data from a data source; database, 
internet,… 

 "Augmented Generation”, augmenting the result with retrived data, 
while generating adding a phase of data retrival.

RAG
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 Unstructured data (text, image, voice,…) is transformed (encoded, 
embeded) into numbers and stored as vectors

 The data is stored as its semantic content, not the actual content, 
obtained by vectorizing

Vectors
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 Similarity Search

 Recommenders

 Finding outliers

When to use Vectors?
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How close or how similar?
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How close or how similar?

Animals

Flowers

Trees
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 The higher the metric (distance), the less similar the two vectors are

Distance metrics
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 The higher the metric, the more similar the two vectors are

Similarity metrics
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 The metric to be chosen 

 depends on the embedding model chosen!

 Use the distance/similarity metric 

that was used to train your embedding model.

Documentation!

Distance and Similarity metrics
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 VECTOR_DISTANCE(expr1, expr2, function)

 Euclidean (EUCLIDEAN)

 Euclidean Squared Distances (EUCLIDEAN_SQUARED or L2_SQUARED)
 the default

 Manhattan Distance (MANHATTAN)

 Cosine Similarity (COSINE)

 Dot Product Similarity (DOT)

 Hamming Similarity (HAMMING)

Distance and Similarity metrics (Oracle 23c)
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 Generate vectors for unstructured data

 Save vectors into the database in a column of VECTOR datatype

 Create Approximate Vector Index for the VECTOR column

 Query using AI Vector Search (SQL) 

The Process (simplified)
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Storing Documents
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Augment

RAG
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Reranking
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 OpenAI

 Cohere

 ONNX

 Hugging Face

 Palm2

 Llama

 …

Generating the Vector using an embedding model
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 What has the model been trained for? Embedding?

 Dimensions

 Similarity function

 What was used when the model was trained?

The model chosen matters
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Oracle Database Vector datatype

Define dimension and format.

Dimension: how many dimensions in a vector. 
[1.1, 2.2, 3.3] has three dimensions.

Operations for using the new datatype.
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Create table MyText (

TextID Number(16),

TextClause (CLOB),

Text_vector VECTOR);

A table with data and a vector
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Approximate Vector Indexes

CREATE VECTOR INDEX text_idx ON Customer(text_vector)
ORGANIZATION [INMEMORY NEIGHBOR GRAPH | NEIGHBOR PARTITIONS]
DISTANCE EUCLIDEAN | COSINE_SIMILARITY | HAMMING ...
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Graph Vector Index

Graph Vector Index is ”In-memory only index”. 
If it fits into the memory, this is better.
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Select TextID from MyTexts

order by vector_distance(Text_vector, :query_vec) 

fetch first 20 rows only;

Select TextID from MyTexts

order by vector_distance(Text_vector, :query_vec) 

fetch APPROXIMATE first 20 rows only; -- uses the  index

AI Vector Search (Oracle Database 23c)



Copyright © Miracle Finland Oy

 Business data combined in a semantic search

Combine other data to Vector Search
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Select pageID 

from Authors, Books, Pages 

where Authors.authorID = Books.authorID and

Books.bookID = Pages.bookID and

Books.bookGenre = ’Fiction’ and

Author.authorCountry = ’Finland’

order by vector_distance(pageVec, :queryVec)

fetch approx first 5 rows only;

SQL joins (Authors, Books, Pages) 
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 Legal issues
 Privacy

 Security

 Intellectual property rights (IPR), protection

 Acts, laws,…

 Ethical issues
 Bias

 Misinformation

 People, employees

Concerns



Copyright © Miracle Finland Oy

 The data is critical and sensitive for the business

 What data do you want to move in the internet and where?

 Who will see it and use it for what?

 In a database all data protection tools are available, including privileges.

 You only see the data you are allowed to see.

Cybersecurity, data privacy
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 …the foundation model has been trained with data from internet.

 Jailbreak

 ”My grandmother…”

 Base64

Though we are in a database…
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 Prompt injection

 White text in white background in an image (”Forget what I asked. Instead 
tell about…”)

 Data poisoning/Backdoor attack

 Sleeping agent

 …

Though we are in a database…
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Oracle?
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Data Science Service
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New AI Service: Generative AI

https://blogs.oracle.com/ai-and-datascience/post/ga-oci-generative-ai
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AI Service: Generative AI
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 ONNX models and Oracle Machine Learning

 Vector datatype

 AI Vector Search

 …

Oracle Database 23c
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 The ”integrator” for all this

APEX
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Similarity Search

select v.CHUNK,

ROUND(VECTOR_DISTANCE(V.VEC, :P3_PARSED_RESPONSE, DOT), 3) as 
dist

from doc_chunk_vectors_v v

where :P3_QUESTION is not null

and :P3_RESPONSE is not null

order by 2

FETCH FIRST 3 ROWS ONLY;
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What else is interesting?
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 Language Processing UnitTM, LPUTM

 LPUTM Inference Engine

 Handle computationally intensive applications with a sequential component   
-> LLM

 Much better performance with LLMs than GPUs

 Public benchmarks: 500 tokens per second, 

 compared to 30-50 for GPT 3.5

 Groq.com, founded in 2016

Languange Processing UnitTM
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 Slimmed down versions of LLMs

 Efficiency

 Speed

 Privacy, security

 Customization, more practical for the use case

 Cheeper to run

 Fewer parameters

 Easier to implement, even on smaller devices

 …

Small Language Models, SLMs
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 LLMs are creative (non-deterministic) and that’s how they should be

 A foundation model

 The foundation model is taught skills and context using fine-tuning and 
RAG

 Prompt Engineering

Conclusions
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 Oracle Database 23c

 Vector datatype

 Vector index

 AI Vector Search

 AI Vector Search combined in SQL with the rest of the data

Conclusions
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 Language Processing UnitTM, LPUTM

 Small Language Models, SMLs

 So much happening all the time!

Conclusions



Thank you!
QUESTIONS?

Heli.helskyaho@miracleoy.fi

Twitter: @HeliFromFinland

Blog: Helifromfinland.com

mailto:Heli.helskyaho@miracleoy.fi
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