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Today's Speaker 



Sejid Canoski is a solutions architect at TD SYNNEX. He designs and validates partner solutions 

based on IBM Security, IBM Power and IBM Storage products. 

He also teaches IBM Security and IBM Power at the TD SYNNEX Academy. 

When he is not busy with his main job he loves to tinker with IBM Cyber Resiliency solutions and 

watsonx.ai / watsonx.governance.

Technical Presales Consultant / Architect

TD SYNNEX Germany GmbH & Co. OHG

Kistlerhofstraße 75

81379 Munich

E-Mail: Sejid.canoski@tdsynnex.com

Tel.: +49 (0) 89 4700 ï1812

Sejid Canoski

LinkedIn

Ein Bild, das Grafiken, Logo, Schrift, Screenshot 
enthält.

Automatisch generierte Beschreibung

Slack

Ein Bild, das Grafiken, Screenshot, Farbigkeit, 
Schrift enthält.

Automatisch generierte Beschreibung

IBM TechXchange 
Community

Ein Bild, das Grafiken, Kreis, Symbol, Logo enthält.

Automatisch generierte Beschreibung

Ein Bild, das Text, Screenshot, Schrift, Grafikdesign enthält.

Automatisch generierte Beschreibung
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Innovations throughout the time

The birth of AI,

Turing Test

1950s

AI agents

2000s

IBM Watson

2011

Apple Siri

2012

Google & Facebook 

image recognition

2012-2014

1980s ï Machine Learning (ML)

2010s ï Deep Learning (DL)



Why you should start a transformative journey 
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UNCOVER NEW  IDEAS AND INSIGHTS

ENHANCE RELATIONSHIPS W ITH 
CLIENTS/CUSTOMERS

INCREASE REVENUE

INCREASE SPEED AND/OR EASE OF 
DEVELOPING NEW  SYSTEMS

SHIFT W ORKERS FROM LOW ER TO 
HIGHER VALUE TASKS

ENCOURAGE GROW TH AND 
INNOVATION

IMPORVE EXISTING PRODUCTS AND 
SERVICES

REDUCE COSTS

IMPROVE EFFICIENCY AND 
PRODUCTIVITY

Benefits of 

investing in 

generative AI



Red Hat AI portfolio

Open Source Small Scale Large Scale

Laptop/Desktop Server/VM Cluster

Learn and experiment via limited 
desktop-scale training method 
(qlora) on small datasets.

Production -grade model training 
using full synthetic data generation, 
teacher and citric models. 
CLI tooling with building blocks.

Production -grade model training, 
serving and monitoring using full 
power of hybrid cloud app platform 
for scaling, automation and 
MLOps services.



IBMôs generative AI technology and expertise

Hybrid cloud AI tools

Data services

AI & data platform

SDKs & APIs 

AI assistants watsonx Code Assistant

watsonx Assistant

watsonx Orchestrate

watsonx Orders

Build on a consistent, scalable 
foundation based on open-source 
technology.

Empower individuals to achieve higher 
levels of performance by using 
generative AI to simplify access to 
information and automation across 
the business. 

Red Hat OpenShift AI

(e.g., Ray, Pytorch)

watsonx
watsonx.ai

watsonx.governance

watsonx.data

Ecosystem 

integrations

Foundation models
Granite   |  IBM

Open Source  |  Hugging Face

Llama 2   |  Meta 

Geospatial   |  IBM + NASA

é

Cloud Pak for Data

watsonx Discovery

Embed watsonx platform in third party 
assistants and applications using 
programmatic interfaces.

Leverage generative AI and machine 
learning ð tuned with your data ð 
with responsibility, transparency 
and explainability.

Define, organize, manage, and deliver 
trusted data to train and tune AI 
models with data fabric services.

Ecosystem
System Integrators, 

Software and SaaS 

partners, Public 

Cloud providers

Consulting 
Generative AI strategy, 

experience, technology, 

operations



Å Developers with quick access to environments that include 

large language models and AI tooling.

Å ITOps with a standalone inference solution for production 

deployments.

Faster time to value

RHEL AI provides

Get started quickly with GenAI and deliver results faster

Access out-of-the box large language and code 

model for both development and inference.

Tailor models to your requirements using 

InstructLab .

Maintain control over your data sets and 

model IP.

Optimized bootable model runtime instances

Enterprise support, lifecycle & indemnification Todays focus



Apply traditional or generative AI capabilities

Structured data analysis, predictions and forecasting

When to use traditional AI capabilities? When to use generative AI capabilities?

Predictive and prescriptive

Deterministic dialog flows for AI -driven conversational AI

Directed conversational AI

Machine vision for object and anomaly detection

Computer vision AI

Robotic process automation, process reengineering and optimization

Process automation

Documents, such as user manuals, asset notes and financial reports

Summarization

Standard operating procedures and troubleshooting instructions

Conversational search

Personas, user stories, synthetic data, generating images, personalized UI, 
marketing copy, email and social responses

Content creation

Code creation and conversion, technical documentation and test cases

Code creation

Augmenting traditional AI use cases with generative AI



ÅFlexible open-source licensing and indemnification

ÅTransparent data sources and sets

ÅSmaller large language models that can be tailored with relevant data

Å Industry specific models that require less adaptation

Gen AI models: 

Overcome option fatigue

Fit for purpose

Open, Trust, Choice, Consistent 

A vast array of AI models that vary in size, 

purpose and licensing

Do you Ăbuild, buy or partner?ñ

ÅOpen  ï based on the best open technologies available

ÅTrusted  ï offering security and data protection

ÅTargeted  ï Designed and targeted for business use cases, 

unlocking new value

ÅEmpowering  ï Running anywhere, designed for scale and widespread 

adoption

Gen Ai tailored to the enterprise

AI 

models

Purpose

Size Licensing

Predictions, 
detections or 
generation

More parameters,
greater power,
Higher cost 

Usage rights,
distribution 
and liability



Model adaption requires data, time and skillsTailoring models to fit 

enterprise use cases
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Quality

Tailoring models to make it relevant to the organizationôs use 
case and optimizing for cost performance.

Red Hat suggests:

ÅChoose an adaption technique for optimal investment

ÅRAG and Alignment techniques require less data and 

hardware resources

ÅFine and prompt tuning can ensure higher quality, but 

requires a higher number of resources



InstructLab



Difficulty in integrating generative AI with existing 

business data systems. Ensuring data privacy and security 

while using sensitive business data.

Business data integration

Challenges of 

generative AI

Fine-tuning pre -trained models to specific enterprise 

needs is complex and time-consuming. Specialized 

expertise is required, which can be a scarce resource.

Existing methods

High computational costs for training and running large 

models. Lengthy processes from model experimentation to 

deployment, hinder agility.

Cost and time

1. Costs can derail the best generative AI 

plans

2. Hybrid by design makes scaling gen AI 

affordable

3. Gen AI stretches the computing budget

IBM Institute for Business Value Research



Current state of data used for AI

Nearly all available public data is now 

represented in foundations models

A very small amount of all enterprise data is 

represented in foundation models



Data management complexity is the great inhibitor

1. Data is spread across expansive digital ecosystems as cloud apps proliferate

2. Overly manual efforts to move and unify data are slow, costly, and have limited impact

3. Rapid growth in data with decreasing lifespans will only make things worse

Quality

Respondents indicate that data 

quality is the #1 problem.

Value

Those surveyed who manage 

data as a business asset.

Available

Many see large barriers in 

bringing data sources together.

Untapped

Organizations acknowledge 

this percentage of their data is 

not analyzed.

68% 37% 58% 39%



We have curated, business 

relevant data ïwhat now?



There are two paths to utilize your data

ČUseful application pattern

ČDoes not represent enterprise data in the model weights

ČDoes not improve the model itself

RAG (Retrieval-Augmented Generation)

ČUseful to customize for a specific use case using enterprise data

ČLeads to proliferation of models

ČSpecializes models at the cost of generality

Fine-tuning



A RAG Use-Case doesnót fit my need & 

We donôt have the resources to fine tune



There is another path: Instructlab

ČMakes LLMs truly open-source with collaborative model development

ČAllows LLMs to learn as humans do, using knowledge and skills

ČEnables incremental skill teaching

IBM and Red Hat invented and rolled out a new methodology



LAB (Large-scale Alignment for ChatBots) Method

High quality, hand -curated 

knowledge sources, plus a curated 

taxonomy of tasks with human-

generated examples for each.

Generate examples

A teacher model generates a 

Ăcurriculumñ of millions of 

questions and answers for 

taxonomies.

Teacher model(s)

Critic models filter the questions for 

correctness and quality. Synthetic 

data is scanned for prohibited 

material.

Critic model(s)

The student model is trained with 

the curriculum using a novel 

training approach.

Student model(s)

Taxonomy-based representation Synthetic data generation Synthetic data validation Skill and knowledge training



1. Start from a trusted base 
model

Important things to consider: The base model

2. Represent your data with the 
base model

3. Deploy, scale and create 
value with your AI

The base model should be transparent so 

that you know what its contents are.

Choose your base model carefully

When adding your data, you need to 

know with what youôre mixing it.

The resulting combination is what your 

enterprise will consume.



Many project are rapidly embracing and extending permissively licensed AI models, but they are faced with three main 

challenges:

1. Contribution to LLMs is not possible directly. 

(Showing up as forks -> using ñbest-fitò model which isnôt easily extensible. Additionally, forks are expensive to maintain.)

2. Ability to contribute ideas is limited by a lack of AI/ML expertise. (Learn how to: fork, train, refine models é High barrier 

to entry)

3. No direct community governance or best practice around review, curation and distribution of forked models.

Why Instructlab?

Enable contributors to add additional Ăskillsñ or Ăknowledgeñ to a particular model.

Å ilab  Command -Line Interface (CLI)  ï Allows users to interact with, train, and fine -tune LLM using custom taxonomy 

data. The CLI supports various platforms including macOS, Fedora Linux/ RHEL AI, Windows .

Å Synthetic Data Generation  ï Enhances LLM training through the creation of synthetic datasets.

Å Taxonomy Repository  ï A structured repository where users can submit and manage their contributions of skills and 

knowledge.

Key features:



How to utilize ilab and work with models?

ilab is a CLI tool that allows you to perform the following actions:

1. Download a pre-trained Large Language Model (LLM)

2. Chat with the LLM ( servea model & chat with it )

To add new knowledge and skills to the pre -trained LLM, add informatino  to the companion taxonomy repository

After you have added knowledge and skills to the taxonomy, you can perform the following actions:

1. Use ilab to generate new synthetic training data based in the changes in your local taxonomy repository

2. Re-train the LLM with the new training data

3. Chat with the re-trained LLM to see the results

What is ilab?

Download LLM
(optional)

Chat with the LLM

Add new knowledge/skill 

to taxonomy

Re-

train

Generate new synthetic 

training data

Chat with the re-trained 

LLM to see results



Installation and first steps é

1. sudo dnf install gcc gcc-c++ make git python3.11 python3.11-devel pip

2. mkdir instructlab && cd instructlab

Installation preparation:

Install using PyTorch without CUDA bindings and no 

GPU acceleration

Install with Nvidia CUDA



First steps with ilab CLI

1. Ilab

2. Ilab config init

Verify your installation and initialize ilab:

Download your first model and serve the model

You can list your downloaded models with ilab model list

1. ilab model download

2. ilab model serve

1. ilab model list

Open another terminal session & reactivate python venv

1. Source venv/bin/activate

2. ilab model chat



How do we teach new knowledge &

learn new/specific skills

The taxonomy tree





Skill and knowledge 

contributions

Skills require a much smaller volume of content than 
knowledge contributions. An entire skill contribution to the 
taxonomy tree can be just a few lines of YAML in the qna.yaml 
file (" qna" is short for "questions and answers") and an 
attribution.txt file for citing sources.

Skill contributions



Skill and knowledge 

contributions

While skills are foundational or performative, knowledge is 
based more on answering questions that involve facts, data, or 
references.
Knowledge is supported by documents, such as a textbook, 
technical manual, encyclopedia, journal, or magazine.
Knowledge in the taxonomy tree consists of a few more 
elements than skills:

Each knowledge node in the tree has a qna.yaml, similar to the 
format of the qna.yaml for skills. 

 Knowledge submissions require you to create a Git 
repository, can be with GitHub, that contains the markdown 
files of your knowledge contributions. These contributions in 
your repository must use the markdown (.md) format. 
The qna.yaml includes parameters that contain information 
from your repository. 

Knowledge contributions



Generate synthetic data 

train the model 

test the model



IBM Granite 3.0



Trained to predict the next word without an encoded representation. 
Decoder-only models are used with chat platforms like ChatGPT to 
generate new responses, answers, or text based on simple input from 
customers. Decoders are trained for predictive, generative tasks based on 
their massive pre-trained data sets. 
The Generative Pre-Trained Transformer (GPT) is an example.

Encoder-only models are widely used for non-generative tasks like 
classifying customer feedback and extracting information from long 
documents. Encoders are not trained to predict, but rather to find & 
extract useful information from models trained with relatively smaller 
sets of data. Googleôs Bidirectional Encoder Representation from 
Transformer (BERT) is an example.

Foundation models

Encoder

Decoder

Combines features of both encoder and decoder models. 
They can do many of the generative tasks that decoder-only models can, 
but their compact size makes them faster and cheaper to tune and serve. 
Googleôs Text-to-Text Transfer Transformer (T5) is an example.

Encoder-Decoder



What is a large 

language model?
Ă
Large Language Models (kurz: LLM und auf Deutsch: 
Große Sprachmodelle) sind leistungsstarke Modelle, die darauf 
ausgelegt sind, menschliche Sprache zu verstehen und zu generieren. 
Sie können Text analysieren und verstehen, kohärente Antworten 
generieren und sprachbezogene Aufgaben ausführen . 

In Unternehmensanwendungen spielen Große Sprachmodelle eine 
entscheidende Rolle in verschiedenen Bereichen. Sie ermöglichen die 
natürliche Sprachverarbeitung, mit der Unternehmen Erkenntnisse 
aus großen Mengen von Textdaten extrahieren oder ihre 
Content -Erstellung verbessern können. 
Ein beliebtes Beispiel für den Einsatz von KI-Sprachmodellen ist der 
Kundensupport durch automatisierte Chatbots.

Large Language Models können auch bei der Sentiment-Analyse, 
Sprachübersetzung und Informationsabfrage unterstützen . 
Im Gegensatz zu herkömmlichen Sprachmodellen können LLMs 
viele Aufgaben ohne zusätzliches Finetuning erfüllen .

Ă
https://www.iese.fraunhofer.de/blog/large-language-models-ki-sprachmodelle/

Kurz und knapp:

Es ist wichtig, die spezifischen Anforderungen und Bedürfnisse 

Ihrer Anwendungsfälle sorgfältig zu berücksichtigen, wenn Sie 

ein Large Language Model auswählen und implementieren. 

Um eine erfolgreiche Integration und Ausrichtung auf Ihre 

Geschäftsziele sicherzustellen, sollten folgende Dinge 

beachtet werden:

ÅAnpassungsfähigkeit

ÅTechnische Kompatibilität

ÅKosten

ÅRechtliche und ethische Implikationen

https://www.iese.fraunhofer.de/blog/large-language-models-ki-sprachmodelle/


Hey Granite,

What is a Large Language Model?



Hey Granite,

Where can I get

Large Language Model?



The AI community building the future

17.12.2024



Machine Learning /
Artificial Intelligence
ï you can have it all

Find and use IBM Granite models on 

Hugging Face é

IBM Granite 3.0 Models



IBM Granite on Hugging Face
ibm-granite (IBM Granite)

é where you can find the Granite Family

https://huggingface.co/ibm-granite


Hey Granite,

What is the Granite Large 

Language Mode Family?



IBM Granite ï Collections

A collection of accelerators for the Granite 
LLM/Code family of models.

Granite Speculators

Experimental projects under consideration for 
the Granite family. 
(A preview of what's to come.)

Granite Experiments

A series of code models trained by IBM 
licensed under Apache 2.0 license. We release 
both the base pretrained and instruct models.

Granite Code Models

A series of geospatial models trained by IBM 
licensed under Apache 2.0 license.

Granite Geospatial Models

A collection of models created by IBM for 
safeguarding language models.

Granite Guardian Models

A collection of time series models trained by 
IBM licensed under Apache 2.0 license.

Granite Time Series Models

A series of language models trained by IBM licensed 
under Apache 2.0 license. We release both the base 
pretrained and instruct models.

Granite 3.0 Language Models



IBM Granite Guardian 3.0

Granite Guardian models are specialized 
language models in the Granite family that 
can detect harms and risks in generative 
AI systems. They can be used with any 
large language model to make interactions 
with generative AI systems safe. 

Granite Guardian Demo - a Hugging Face Space by ibm-granite

https://huggingface.co/spaces/ibm-granite/granite-guardian


Why use IBM Granite?

Accelerate innovation with customizable 
enterprise models ranging from sub-
billion to 34 billion parameters open -
sourced under Apache 2.0, available on 
watsonx.ai, Hugging Face and other 
platforms

Open Performant

Unlock up to 98%* cost savings without 
sacrificing performance while leveraging your 
existing enterprise data. Graniteôs fit-for -
purpose models achieve exceptional 
benchmark results and outperform 
comparable models across a variety of 
enterprise tasks.

Trusted

Build responsible AI with a 
comprehensive set of risk and harm 
detection capabilities, transparency and 
IP protection.

IBM Granite models can be deployed in production with Red Hat Enterprise Linux AI and watsonx and provide the support and too lin g needed to 
confidently deploy AI at scale. Build faster with capabilities such as multimodal adaptors, tool -calling, 12 different languages, and more. 

IBM Granite is also available on a variety of platforms including Hugging Face, Github , Ollama and more.


