
Db2 LUW

Db2 AI Strategy Update for Developers

Session Code: B05

Dale McInnis, IBM



AGENDA
• Concepts / Definitions
• Db2 Vector Features
• Python LLM Frameworks Support
• EAP Features
• Demo: RAG Search with IBM Db2



LLM Applications

Apps that use LLMs to 
understand, generate, and 
interact with natural 
language.



What is a LLM?



Where do LLMs fit in the AI eco-sphere?



What is a vector?

• A list of numbers, like (1, 2)
• Represents a point in space
• Like map coordinates for cities
• You can measure distance between 

two vectors





Which Two Are More Similar?
(What is Similarity, BTW?)



Vector Embedding: Turning Data Into Vectors
Transforming real-world objects into numerical representations



Word of Caution – Vector Bloat!

(14 Bytes)   Boy is walking

(14 bytes)   Girl is walking

(14 bytes)   I am studying

Embedding
Model

0.45 -0.12 0.567 -0.879 0.35

0.12 -0.56 -0.27 0.22 -0.89

0.145 0.17 0.998 -0.67 -0.16

OpenAI embeddings: 1536 (6,144 bytes)
Sentence-BERT: 768 (3,072 bytes)
Vision Embedding: 2048-4096 (8,192 – 16,384 bytes)



Real-world Entities on Vector Space



So, what? What can Vectors do for you?



Common Use Cases for Vector Search



Semantic Search Over 

Tabular Data



Basic LLM vs RAG

Why is RAG?



Retrieval Augmented Generation (RAG)

Knowledge-Cutoff / Static Knowledge, Hallucinations Dynamic Knowledge, Domain-Knowledge, Source citation



Workflow of Vector Search Use Cases



Db2 unlocks Semantic Search and GenAI workflows



Vector Support in Db2

VECTOR type:
• FLOAT32 vectors
• INT8 vectors
• Max dimension:  

• 8168 (FLOAT 32) 
• 32672 (INT8)

VECTOR Functions:
• VECTOR_DISTANCE – between vectors
• VECTOR constructor: string -> vector
• VECTOR_SERIALIZE – vector -> string
• VECTOR_NORM – vector magnitude
• VECTOR_DIMENSION_COUNT – number of 

dimensions

LLM Apps Dev Support:
LangChain Connector





Open Source Framework for LLM Apps



Db2 LangChain Connector



Build LLM Apps with Db2

↓

Native Python Quick Start RAG Apps AI Agents

Db2 VECTOR Data Type
Cosine • Dot Product • Euclidean

✓ Enterprise Reliability     ✓ Python-Native APIs     ✓ No Low-Level SQL

LangChain LlamaIndex



Custom AI Logic in SQL Routines
Encapsulate AI application logic at the database layer where your data lives

Application Server
→

Db2 with SQL Routines

Domain Logic
Custom metrics

Reusable Operations
Normalization, validation

Hybrid Queries
Vector + structured filters

Batch Processing
Compute statistics

Consistency
Same logic across apps

Columnar Engine
Native optimization

✓ Write logic once in SQL • Execute where data resides • No network overhead
UDFs & Stored Procedures with VECTOR data types



Production-Grade Vector Data Movement

Db2 12.1.2
IMPORT • EXPORT → Db2 12.1.3

+ 6 More Utilities

LOAD
High-volume insertion

ADMIN_COPY_SCHEMA
Clone schemas

ADMIN_MOVE_TABLE
Relocate tables

db2move
Migrate databases

External Tables
Query in data lakes

Logical Backup
Schema-level backups

Key Capabilities
 Full & Incremental      Table-Level      External File      Production-Ready

✓Move vector data using the same tools as traditional data types



EAP Feature: Db2 Vector Index – Scaling Vector Search



Why Brute-Force KNN Doesn't Scale

  Brute-force KNN (available since 12.1.2) performs a table scan — every vector is compared. Works for small datasets or queries with predicates that reduce 
the search space. But interactive workloads (RAG, semantic search, fraud detection) issue multiple queries on millions of vectors — this is impractical.

The Curse of Dimensionality (Garcia-Arellano, Oct 2025):

Exponential Volume

As dimensions increase, the search space grows 
exponentially. Vectors become sparse even with 
billions of points.

Distance Degeneracy

In high-dimensional spaces, distances between 
points converge — hard to distinguish truly 
similar from distant vectors.

CPU Cost Scales

Computing one VECTOR_DISTANCE call scales 
linearly with dimension. 768–1500 dims per 
vector is expensive at millions of rows.

ANN (Vector Index)Exact KNN

98%+ recall (tunable)100%Accuracy

Sub-linear graph traversalO(N) table scanComplexity

Handles very large datasetsPoor at 1M+ rowsScalability

EAP — planned for future GAGA (12.1.2+)Db2 Support



Vector Similarity Search Indexing 
Insights #1

• Db2 Vector Indexing search performance improves as data set grows
✘ Exact search grows linearly with data set size, as it uses brute force approach that needs to scan 

all data and compute all distances
✔ Vector Search grows logarithmically with data set size, as graph navigation absorbs data set 

growth, reducing the number of random IO operations and distance computations.
• Approximate search accuracy remains stable, with minor degradation as data set grows
• Resource usage limited to 5% of data set size

Entity Customer data set: 1, 5 and 10 million vectors, 768 float32 dimensions, embeddings generated using SLATE-125 model from JSON documents sourced from TPC-DS relational tables 



In-database LLM Integration (EAP)

The Feb 2026 EAP enables you to register watsonx.ai (and OpenAI-compatible) models directly inside Db2. Use built-in SQL functions 
TO_EMBEDDING and TEXT_GENERATION to generate embeddings and LLM responses without leaving the database.

CREATE EXTERNAL MODEL

Register watsonx.ai or OpenAI-compatible models in the Db2 catalog with 
DDL. Store API key, URL, model ID, and type (TEXT_EMBEDDING or 
TEXT_GENERATION).

TO_EMBEDDING function

Built-in SQL function. Generate a VECTOR from a VARCHAR input using a 
registered embedding model — directly in SQL, no Python pipeline 
needed.

TEXT_GENERATION function

Built-in SQL function. Generate text from a prompt using a registered LLM 
(e.g., granite). Supports watsonx.ai and OpenAI API spec.

Catalog views

SYSCAT.EXTERNALMODELS, SYSCAT.EXTERNALMODELOPTIONS, 
SYSCAT.EXTERNALMODELAUTH — track metadata, options, and access 
privileges.



SQL-Native Embedding Generation (EAP)



Registering Language Models

The Feb 2026 EAP enables you to register watsonx.ai (and OpenAI-compatible) models directly inside Db2. Use built-in SQL functions 
TO_EMBEDDING and TEXT_GENERATION to generate embeddings and LLM responses without leaving the database.

SQL

-- Register a watsonx.ai embedding model in the Db2 catalog:
CREATE EXTERNAL MODEL aschema.granite_embed

PROVIDER WATSONX
KEY        'api-key-xxxx'
ID         'ibm/slate-30m-english-rtrvr'
TYPE       TEXT_EMBEDDING RETURNING VECTOR(1024, FLOAT32)
URL        'https://us-south.ml.cloud.ibm.com/ml/v1/text/embeddings'
PROJECT_ID ‘YOUR_PROJECT_ID';

-- Register a text generation model (watsonx.ai):
CREATE EXTERNAL MODEL aschema.granite_llm

PROVIDER WATSONX
KEY             'api-key-xxxx'
ID              'ibm/granite-13b-instruct-v2'
TYPE            TEXT_GENERATION RETURNING VARCHAR(4096)
URL             'https://us-south.ml.cloud.ibm.com/ml/v1/text/generation'
PROJECT_ID      ‘YOUR_PROJECT_ID'
MAX_NEW_TOKENS  512
TEMPERATURE     0.7;

-- Grant usage to a user:
GRANT USAGE ON EXTERNAL MODEL aschema.granite_embed TO USER LISA;

PROVIDER WATSONX

Uses watsonx.ai REST API. Db2 assembles the full 
endpoint URL per watsonx conventions.

PROVIDER OPENAI

Supports any OpenAI API-compatible provider 
(private cloud). Feb 2026 EAP extends this to API 
key auth.



Calling Language Models
SQL

-- 1. Generate embedding for a new document and insert in one SQL statement:
INSERT INTO documents(id, content, embedding)
VALUES (

101,
'Lightweight waterproof trail running shoe',
TO_EMBEDDING('Lightweight waterproof trail running shoe’ USING aschema.granite_embed)

);

-- 2. Search using a user query embedded inline:
SELECT id, content,

VECTOR_DISTANCE(
TO_EMBEDDING('fast running shoe waterproof', aschema.granite_embed),
embedding, COSINE

) AS similarity
FROM   documents
ORDER  BY similarity ASC
FETCH  APPROX FIRST 5 ROWS ONLY;

-- 3. Generate an LLM response directly in SQL:
SELECT TEXT_GENERATION(

CONTENT USING aschema.granite_llm
) AS summary
FROM documents WHERE id = 101;



DEMO time
Keep your fingers crossed



Demonstration System Components

Available on IBM Techzone
• Watsonx.data 2.1.0 - IBM Data Lakehouse environment
• Presto 0.286 - Database engine used to query data in the lakehouse
• Milvus - Vector database included in watsonx.data
• Ollama - Platform for running LLMs locally
• Streamlit - Web interface framework
• Llama Index - Data framework for building LLM applications
• pyMilvus - Python SDK of Milvus
• prestodb - Presto client
• langchain - LangChain is a framework designed to simplify LLM applications
• sqlalchemy - SQLAlchemy is an Object Relational Mapper for database interactions
• sentence_transformer - Sentence Transformers provides modules for accessing, using, and 

training embedded models
• pandas - pandas provides data structures designed to work with relational or tabular data



Store vector 
embeddings in Milvus

Query LLM models 
using RAG generated 
prompts based on the 
vectorized document 

collection

User uploads 
documents, URLs or 

Wikipedia articles into 
watsonx.data

Create collection of 
documents to use for 

RAG generation

Create vector 
embeddings from 

document collection

System Architecture

watsonx.data watsonx.data



L L M s  U s e d  i n  t h e  D e m o  S y s t e mTRAINING DAYLLM

UnavailableGemma:2b

June 2024Instructlab/granite-7b-lab

May 2022Instructlab/merlinite-7b-lab

December 2023Llama3

March 2023llama3.2:1b-instruct-q8_0

March 2023Mistral-small

October 2023phi:3.8b-mini-128k-instruct-q8_0 

September 2023tinyllama:1.1b-chat-v1-q8_0



Ibm.biz/learndb2ai

ibm.biz/BuildingLLMAppsWithDb2
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