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Open Source Modelle auf dem Vormarsch
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Wie kann man LLMs verkleinern?
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Komprimierung a la MP3

“Liebling ich habe das Sprachmodell geschrumpft”

▸ Quantization: Komprimiert Sprachmodelle 

indem die numerische Präzision verkleinert 

wird.

▸ Fließkommazahlen mit hoher Präzession 

(FP32) werden in platzsparende Formate 

(FP16, INT8, INT4) umgewandelt.

▸ Pruning: Schneidet unwichtige Teile weg

▸ Reduziert den Speicher Footprint, was 

Modelle einfacher zu deployen macht.



Was sind kleine Sprachmodelle?
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Small language models (SLMs):
Kleine Parameteranzahl von ein paar Millionen bis wenige Milliarden (<20B)

Laufen auf herkömmlicher Hardware, Edge Devices, inklusive Laptops und Handys
Vorteile: (Kosten)Effizient, Privat, Geringe Latenz, Anpassbar

Bekannte SLMs:
- IBM Granite
- Qwen 2.5/3
- Google Phi-4 mini
- Google Gemma
- Meta Llama 3.2
- HF SmolLM
- TinyLama
- ModernBERT*
- …

Und eine ganze Menge an spezialisierten SLMs



SLMs - Schnell und kostengünstig
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Gut geeignet für:
- Klassifizierung

- Sentiment
- Guardrails
- Masking (PII und co)

- Zusammenfassung
- RAG (Retrieval Augmented Generation)
- OCR (Docling und co)
- Strukturierte Extraktion von Daten
- Agentic AI
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Prompt Engineering
● Few Shots
● System Prompts

Num tokens: a few hundred
Data Size: N/A

Prompt Learning
● Prompt Tuning
● Prefix Tuning

Num tokens: <100K
Data Size: <100MB

Parameter Efficient 
Fine Tuning 
● LoRa
● MOE-LoRa

Num tokens: 10M+
Data Size: <1GB

Full Fine Tuning 
● SFT
● RLHF

Num tokens: 10M+
Data Size: <1GB

C
os

t

Model Impact

Alignment Tuning
● InstructLab

Num tokens: 10B+
Data Size: 10GB+

Wie kann man SLMs spezialisieren?



Prompt Engineering
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Classify if a resume is a good fit for a job description.

- Prompt Engineering ist eine Kunst für sich, lässt sich aber automatisieren

- Tools wie DSPy helfen dabei mit einem programmatischen Ansatz

- Prompts für kleine SLMs lassen sich durch mächtigere LLMs datenbasiert 

und iterativ  verfeinern



Prompt Engineering
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Strukturierte Extraktion
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- Schätzungen zufolge liegen 80% von 
Unternehmensdaten unstrukturiert vor

- Übersetzung in strukturierte Formate ist ein 
langwieriger und aufwendiger Prozess

- Bereits sehr kleine SLMs eignen sich aber perfekt für 
diese Aufgabe

- Oft liegen unstrukturierte Daten aber in 
verschiedenen Formaten oder gar nur graphisch vor

- Die Lösung:



Anwendungsfall 1: 
Structured Extraction



Anwendungsfälle
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Structured Extraction with NuExtract 1.5 tiny
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NuExtract-tiny-v1.5 is a fine-tuning of Qwen/Qwen2.5-0.5B, 
trained on a private high-quality dataset for structured 
information extraction.
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Runtime Architecture

Document 
sender pod

Sample docs 

Knative Broker
Cloud Event 
with Claim

Trigger

Cloud Event 
with Claim

Processor
pod

NuExtract 1.5 tiny
Ollama

RHOAI Serving
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Web UI

Claims with 
structured data

Trigger

Response
Cloud Event



Key Takeaways
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Attention CPU is all you need

1. Unstructured text streams are common across various industries and often contain 
valuable information that can be leveraged for decision-making, analytics, or 
operational efficiency. 

2. Extracting structured information from these streams can be highly beneficial.
3. The demo showcases structured information extraction with small language models 

(SLM). 
4. SLM use less resources, can be deployed in edge environments, use less energy, 

and do not require powerful GPUs.



Anwendungsfall 2: 
Prompt Engineering
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The Problem:
● Automated document processing in application and hiring processes is common 

practice.
● How can you assure a fair hiring process in your company without any bias?

The Solution:
● Obfuscate Personally Identifiable Information and Highly Sensitive Private Data from  

applicant's documents (CV, cover letter, etc)
● Use a fair and sophisticated matching process for pre-selecting applicants
● Data driven prompt generation
● Showcase how small language models can be used in cooperation with larger LLMs



Implementation
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PDF to Markdown
[RHOAI workbench 

and pipeline]

Very Large
LLM

(Gemini, ChatGPT)

Develop PII and 
Private Data 

obfuscation prompt 

Specialized Prompt
“Anonymization 

Agent”

Obfuscate PII and 
private data

[RHOAI workbench 
and pipeline]

applicant's CV 
and cover letter

Docling Serve 
on OpenShift

Model as a Service 
on  OpenShift AI



Implementation
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Key Takeaways
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● Small models perform very well with good prompts

● Manual and automatic prompt generation with very 

large LLM (Gemini, ChatGPT)

● Data driven prompt generation is very powerful and 

avoids the manual and complex effort for prompt 

engineering, required to be done for each LLM 

individually

● All powered by OpenShift and OpenShift AI



Anwendungsfall 3: 
Legacy Contract 
Migration
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What
Key metadata needed to be extracted from over 32,000 supplier 

contracts in various languages and formats in order to migrate 

documents  into a new Contract Lifecycle Management System.

Why
Reviewing all the contracts and extracting the required metadata from 

each document would have taken months to complete, occupying 

associates’ time that could have been spent on more strategic work.

How
Leveraging AI and automation on OpenShift AI to read each contract 

and extract the required metadata into a structured template that is 

uploaded into the new CLM.
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The automation in OpenShift:

1. Fetches contract PDFs from Google Drive
2. Converts each pdf to text using Docling
3. Passes each contract’s text through AI 

Language Models to extract metadata
4. Formats and stores the contract, metadata, 

and review tracking in a Google Sheet, ready 
to be shared with the stakeholders and CLM 
for review

Migration Process Overview

1.

2.

3.

4.

Docling and AI models are all hosted on Red Hat OpenShift AI

CLM
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Manual Extraction AI-driven Extraction

14,000 hours 
manual extraction and 

manual review

1,700 hours
development, automation, 

and manual review

$700,000 
cost of manual extraction 

and manual review

$80,000
cost of development, 

automation, and manual review

>1 year
4+ FTE

3 months
1 data scientist and 1 data engineer

1-time process 

and change

Reusable 

automation tool
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Appendix
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Introducing Docling

● 🗂   Parsing of multiple document formats incl. PDF, DOCX, XLSX, 
HTML, images, and more

● 📑   Advanced PDF understanding incl. page layout, reading order, 
table structure, code, formulas, image classification, …

● 🧬   Unified, expressive DoclingDocument representation format
● ↪   Various export formats (Markdown, HTML, JSON)
● 🔒   Local execution for sensitive data and air-gapped 

environments
● 🤖   Many plug-and-play ecosystem integrations
● 🔍   Extensive OCR support for scanned PDFs and images
● 🥚 Support of Visual Language Models
● 💻   Simple and convenient CLI


