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Python & PyTorch
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Understanding LLM Architectures 
(From Scratch)

Dilemma: Papers are less 
detailed these days



But “working” code doesn’t lie



Understanding LLM Architectures 
(From Scratch)

From config files and code… …to architecture insights



1 Follow the news



Read technical report(s)
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Read technical report(s)

Check model hub page
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Follow the news
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Check config.json4



Compare with other architectures5



Compare with other architectures5



Compare with other architectures5



Code up the architecture (starting from a similar architecture)6
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Code up the architecture (starting from a similar architecture)6

Related 
architecture 
(as template)

New 
architecture 
to implement



Check if it generates coherent text7



Check if it generates coherent text7

🤔



Check layer by layer to find the mistake8



Check layer by layer to find the mistake8

*Against HF transformers reference implementation; 
small config with random weights



9

…sometimes a bit like an Easter egg hunt

Read reference implementation code



Read reference implementation code9

…sometimes a bit like an Easter egg hunt



Read reference implementation code9

…sometimes a bit like an Easter egg hunt



Implement the architecture specifics10

adjust & “learn”



Side note:

• standard RMSNorm learns the scale directly


• Gemma RMSNorm learns an offset from 1 (zero-centered, more stable learning)

Standard Gemma

y = (x / rms(x)) * scale y = (x / rms(x)) * (1 + scale)



Run layer check until everything matches11

*Against HF transformers reference implementation; 
small config with random weights



Check if model generates same text as reference12



Check if model generates same text as reference12

*Against HF transformers reference implementation; 
now the full architecture with pre-trained weights



Check if model generates same text as reference12

*Against HF transformers reference implementation; 
now the full architecture with pre-trained weights

✅



From Code 
to Gallery
https://llm-gallery.com/ 

https://llm-gallery.com/


https://llm-gallery.com/ 

Architecture summaries

https://llm-gallery.com/


Architecture comparisons

https://llm-gallery.com/ 

https://llm-gallery.com/


Lessons and 
trends from 50+ 
models



Main focus: strategies for 
reducing KV cache size



Because we need longer contexts 
(reasoning, agent harnesses)

Main focus: strategies for 
reducing KV cache size
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Text generation without 
KV cache

 LLM
Iteration 1

“language” “models”

 LLM
Iteration 2

 LLM
Iteration 3

 LLM
Iteration 4

“Large” “are”

...

1) The user provided text input

“Explain large language 
models.”

“Explain large language 
models. Large”

“Explain large language 
models. Large 
language“

Explain large language 
models. Large  

language models”

2) The next output token 
generated by the model

3) The output token is added to 
the input of the previous round 



Text generation with 
KV cache

 LLM
Iteration 1

language models

 LLM
Iteration 2

 LLM
Iteration 3

 LLM
Iteration 4

Large are

...

Explain large language 
models.

KV Cache

Explain large language 
models. Large

Explain large language 
models. Large language 

Explain large language 
models. Large language 

models

The concatenated inputs are 
not needed anymore





Method 1 to reduce KV cache size

https://magazine.sebastianraschka.com/p/visual-attention-variants

with 2 shared KV groups

https://magazine.sebastianraschka.com/p/visual-attention-variants


Method 1 to reduce KV cache size

https://magazine.sebastianraschka.com/p/visual-attention-variants

https://magazine.sebastianraschka.com/p/visual-attention-variants


Lower is better
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Lower is better
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Method 3 to reduce KV cache size



Method 3 to reduce KV cache size



Sliding window attention (SWA) 
typically combined with Grouped 
Query Attention (GQA)



Sliding window attention (SWA) 
typically combined with Grouped 
Query Attention (GQA)



Method 4 to reduce KV cache size

Multi-head Latent 
Attention (MLA)
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GLM-5.1 (strongest open-weight model) uses 
DeepSeek-V3.2 architecture



https://research.google/blog/turboquant-redefining-ai-efficiency-with-extreme-compression/

Method 5 to reduce 
KV cache size



https://research.google/blog/turboquant-redefining-ai-efficiency-with-extreme-compression/

~5x compression

Method 5 to reduce 
KV cache size



More methods to reduce KV cache size: 

• Linear attention in Qwen3.5, Nvidia Nemotron 3
https://magazine.sebastianraschka.com/p/beyond-standard-llms

• k=v in Gemma 4 

https://magazine.sebastianraschka.com/p/beyond-standard-llms


Beyond architecture and 
training optimizations

More Things on the Horizon



More Things on the Horizon

Conventional LLM Reasoning LLM 
(more expensive to run)



More Things on the Horizon

LLM in agent harnessConventional LLM Reasoning LLM 
(more expensive to run)



Coding harness

Model family

Base LLM

Reasoning 
model

Agent loop

Inspect Choose

Observe Act

Runtime supports

Repo context Tools

Permissions Memory

Cache …

https://magazine.sebastianraschka.com/p/components-of-a-coding-agent

https://magazine.sebastianraschka.com/p/components-of-a-coding-agent


1. Live repo  
context 2. Prompt cache 3. Tools

4. Context 
management 5. Session memory 6. Subagents

Components of a coding agent

https://github.com/rasbt/mini-coding-agent

https://github.com/rasbt/mini-coding-agent


Beginner

“Getting started” tips

Understanding how 
LLMs work

Implementing a few 
LLMs and training algos 
from scratch



Beginner: Understand how things work



Beginner Intermediate

“Getting started” tips

Understanding how 
LLMs work

Implementing a few 
LLMs and training algos 
from scratch

Wrapper libraries to 
access more complex 
algos


Scale to small set of 
GPUs



Intermediate: Wrappers that make advanced features 
easier to use



Beginner Intermediate Pro

Larger-scale, professional 
training runs

“Getting started” tips

Understanding how 
LLMs work

Implementing a few 
LLMs and training algos 
from scratch

Wrapper libraries to 
access more complex 
algos


Scale to small set of 
GPUs

Inspect and adapt code 
bases used by teams that 
trained popular LLMs 
successfully



*most training stacks are not public

https://github.com/allenai/open-instruct

Allen AI’s OLMo 3 (32B) Hugging Face’s SmolLM3 (3B)

https://github.com/huggingface/nanotron/tree/smollm3

https://github.com/huggingface/trl

https://github.com/allenai/olmo-core

Intellect-3 (106B MoE)

https://github.com/PrimeIntellect-ai/prime-rl

Nano (30B MoE) & Super (120B MoE)

https://github.com/NVIDIA-NeMo/Nemotron

https://github.com/NVIDIA/Megatron-LM

Pro: Project and production code bases 



• Amazon (pre-order), https://amzn.to/4aAKiFY

• Manning, https://mng.bz/Nwr7 (complete book in early access, pre-final layout, 528 pages)

https://amzn.to/4aAKiFY
https://amzn.to/4aAKiFY
https://mng.bz/Nwr7
https://mng.bz/Nwr7
https://mng.bz/Nwr7


Book signing at 16:00
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