
Small Language Models in Practice

Axel Menning

KIDA KON 2026



SLMs master language without being Encyclopedias
Coding models do not need Goethe's Faust.

Task-Bound Engines
● Performant on narrow, deterministic tasks.
● Acting as reasoning engines
● Tool-calls and external knowledge enhance 

capabilities
● Not covered in this talk:

○ Efficient in agentic systems 
○ Fine-tunability (not covered in this 

talk)

Why explore for KIDA?

✓ CPU offload

✓ Zero network traffic

⟶ Less administrative overhead

⟶ Data sovereignty, Personal Information 
Conformity

 

SLMs might complement, not replace existing AI 
infrastructure at BfR



Current SLM Landscape
Open weights are the entire point: If it's not running locally, use a frontier model

Footprint Context Window

Gemma Family Google 4B  12B 128K E2B/E4B, 256K 12B

Qwen Series Alibaba) 2B  4B  9B 128K 

Phi Family Microsoft) 3.8B  14B 128K 

Llama Edge Meta 1B  3B 128K 

Bonsai Family PrismML 1.7B  8B  27B 262K 

Ling Tiny (inclusionAI 1.3B Active MoE 262K 

IBM Granite 3B  8B 128K 

LFM2 Liquid AI 1.2B  2.6B  7B 128K



How SLMs are created
Small models don't learn from scratch—they compress the wisdom of frontier architectures.

1. Precision & Weight Compression
Shrinking Weight Resolution & Network Size

Weights, Bit-Rate & Quantization FP16 (2B) → 4 Bit (0.5B) / 
1.58 Bit

● Eg. 27B model in FP16 requires 54 GB VRAM just to load. 
● Downscaling precision saves up to 75% VRAM.
● Ternary weights (-1, 0, 1) compress 27B models to run in <8 GB 

RAM.

Structural Pruning
• Physically trims layers and attention heads that only contribute 
minimally to accuracy.

Golden Rule: A larger model compressed down to 4−bit precision 
outperforms a smaller model running at full 16−bit precision within the 
same memory budget.

2. Data Quality & Distillation
Maximizing Information Density Per Parameter

Knowledge Distillation “Textbooks are all you need”
Textbooks: Curated high-signal reasoning data replaces raw, noisy 
web-crawl text.
Teacher → Student: Student model mimics the output probability 
distributions of a frontier LLM.

Domain Specialization Focused Corpora
• Sacrifices broad world trivia to achieve frontier reasoning in target 
tasks.

Efficiency Driver: 10× higher token density enables 2B–7B models to 
match past 70B benchmarks.

Total Model Size (Bytes)
= N (Params) × B (Bits / Param)

• Knowledge Distillation & Pruning reduce N by transferring capability into a physically smaller 
architecture (e.g., 70B  3B / 1.5B.
• Quantization reduces B by lowering numeric precision (e.g., 16-bit float → 8-bit, 4-bit, or 2-bit).



How SLMs are deployed
Bringing Zero Infrastructure Inference to Ordinary Office Hardware and Edge Devices

Quantized Silicon

1.5 – 8 GB
Extreme Scaling: Sub-4−bit model 
quantization

Standard RAM: Consumer 
workstation memory

Zero Discrete GPU: Democratized 
hardware access

In-Browser WebGPU

100% Offline
Zero-Install: Browser-native 
execution kernels

Data Sovereignty: Air-gapped local 
compliance

Zero Cloud Toll: Free from API 
network fees

Embedded Edge

Ultra-Low Watt
Hardware NPU: Mobile and tablet 
acceleration

Physical Edge: Offline vision and 
audio models

Lean Context: Recurrent 
KV-cache-free states

Architectural shift: From centralized cloud GPUs to sovereign, distributed local endpoints Consumer RAM • WebGPU • Edge NPUs



How SLMs are used
Replacing specialized traditional models where general world knowledge is not required.

TEXT & STRUCTURED TASKS

Language Processing
✓ Summarizing & Reformatting

✓ Translation

Structured output

✓ Semantic Search

✓ Relevance Ranking

✓ Named Entity Recognition

✓ Pointing out spelling & grammar mistakes

✓ Document Q&A

MULTIMODAL CAPABILITIES

Vision & Audio
✓ Edge Vision and OCR: eg.: Qwen3.52BMTP

✓ Speech-to-Text / Speech normalization



Examples 1: Structured Output and Text Normalizer

A 0.6B-parameter text normalizer for speech-to-text output: 
https://huggingface.co/spaces/webml-community/s1-mini-webgpu

Osmosis-Structure-0.6B: Small Language Model for Structured Outputs



Examples 2: SLM for Search Without Heavy Embeddings
Two studies on making language models practical for search systems

STUDY 2 • KANG ET AL.

Enterprise Search Labelers
ARXIV2601.03211

Goal: Fine-tune small language models to create a fast, 
low-cost relevance labeler.

19x
Cost Efficiency Gain

17x
Annotation Throughput Increase

STUDY 1 • LINKEDIN

Semantic Job Search
ARXIV2510.22101

Goal: Rank search candidates in real-time under strict 
latency constraints (scoring 3M+ items/sec).

40%
Model Size Reduction Pruning)

10x
Serving Throughput Gain



UseCase: ON-DEVICE KNOWLEDGE ARCHITECTURE

https://gist.github.com/karpathy/442a6bf555914893e9891c11519de94f



LLM Wiki
Continuously compiled knowledge base architecture vs. real-time context retrieval RAG

The LLM Wiki Paradigm
A continuously compiled, human-readable repository.

Storage: Persistent Markdown repository

Deterministic Links: Explicit [[wikilinks]] preserve 
relational truth.

Synthesized Growth: Ingestion updates existing 
concepts automatically.

Knowledge compounded over time.

Ingest files Ask Question

LLM_Wiki Engine

STRUCTURED REPOSITORY COMPONENTS

.md files Page Metadata

Index Summary

Schema Named Entity

Log Relationships / [[wikilinks]]

https://github.com/axmng/slm-wiki



The Local SLM Wiki
Thesis: The underlying data philosophy of an LLMWiki solves fundamental weaknesses of small models.

Core Architectural Benefits
Solving Small Language Model Constraints

1. Structured External Artifacts
Substitutes parameter capacity with persistent structured data.

2. Explicit Hierarchies
Replaces complex vector search with deterministic structures.

3. Context Optimization
Tames context window & eliminates "KVCache Tax".

4. Sovereign & Zero Cost
Complete local data sovereignty with zero marginal inference 
cost.

Algorithmic SLM Workarounds
Replacing fragile LLM tasks with deterministic code

Structured JSON Extraction
Used instead of unreliable in-place text rewrites.

Algorithmic Lemmatization
Ensures canonical entity names through deterministic rules.

Regex "Wikilink Weaving"
Automatic link creation requiring zero model bookkeeping.

Atomic Serialization
Guarantees state consistency across INDEX.md & LOG.md



INGESTION & RETRIEVAL PIPELINES

System Architecture Flow
1. Map-Reduce Ingestion

STEP 1 INGESTION

Extraction & Summarizing
Distills documents into concise 
markdown notes without hallucinating 
facts.

STEP 2 NAVIGATION

Index-Based Routing
Scans master topic index to pinpoint 
relevant notes for questions.

STEP 3 EXECUTION

Grounded Synthesis
Answers queries using only supplied 
notes without requiring world 
knowledge.

2. Hierarchical Two-Pass Retrieval

STEP 01 MASTER SCAN

Index Routing
Scans compact INDEX.md summary 
table instead of parsing the entire 
vault.

STEP 02 PRUNING

Target Selection
SLM outputs top 23 specific filenames 
matching user question intent 
precisely.

STEP 03 SYNTHESIS

Grounded Answer
Loads selected files into 2k token 
context to produce verified, grounded 
answer.

Zero Context Drift



German Federal Institute for Risk Assessment

bfr.bund.de/en

Consumer health protection to go

BfR2GO – the BfR Science Magazine
bfr.bund.de/en/science_magazine_bfr2go.html
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