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Benefits of “from scratch”

(and how conventional LLMs work…)



6

https://www.anthropic.com/news/claude-text-watermark

https://www.anthropic.com/news/claude-text-watermark
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Prelude: text generation in LLMs
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So what happens under the hood
when the next token is generated?
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The capital of 
Germany is 

1) Input prompt

Generating the next token
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The capital of 
Germany is 

785, 6722, 315, 9856, 374

Generating the next token

1) Input prompt

2) Tokenization
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The capital of 
Germany is 

785, 6722, 315, 9856, 374

LLM

Generating the next token

1) Input prompt

2) Tokenization

3) Score distribution

Distribution (entire vocab) 
truncated here for visual 

purposes

LLM
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The capital of 
Germany is 

785, 6722, 315, 9856, 374

LLM

19846

Generating the next token

1) Input prompt

2) Tokenization

3) Score distribution

4) Sampled token

LLM
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The capital of 
Germany is 

785, 6722, 315, 9856, 374

19846

Generating the next token

1) Input prompt

2) Tokenization

3) Score distribution

4) Sampled token

Berlin

5) De-tokenize

LLM
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The capital of 
Germany is 

785, 6722, 315, 9856, 374

19846

Berlin

Generating the next token

6) Append LLM
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The capital of 
Germany is 

785, 6722, 315, 9856, 374

19846

Berlin

Generating the next token

How do we 
sample the 
next token?

LLM
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Convert to probabilities (all values sum to 1)

Token sampling
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Sample token from probability distribution 
(probability = “contribution weights”)

Token sampling
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E.g., if we sample 10k times, “Berlin” would be 
selected most of the time

Token sampling
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https://www.anthropic.com/news/claude-text-watermark

https://www.anthropic.com/news/claude-text-watermark
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The weather 
today is cold 

and 

785, 6722, ...

LLM

19846

grey
overcastovercast

Without watermarking:  
Due to random sampling we select either of these likely tokens
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Side note: random number generation
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Side note: random seeds add reproducibility
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The weather 
today is cold 

and 

785, 6722, ...

LLM

19846

overcastovercast

With random seed 42 we always select this



26

The weather 
today is cold 

and 

785, 6722, ...

LLM

19846

grey

With random seed 99 we always select this

grey
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The weather 
today is cold 

and 

785, 6722, ...

LLM

19846

grey

Watermarking sets random seed based on secret key (and 
preceding token context)

grey
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Plausible texts

Without watermarking might get any of these texts

…
128. …
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Plausible texts

With fixed random seed 99 we may always get this text

…
128. …
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Plausible texts

With watermarking we might get this text

…
128. …

Secret key = 8F3A91C7…
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Summary

Preceding text 

LLM

Logit 
distribution 

Sample

Output token 

Preceding text 

LLM

Logit 
distribution 

Sample

Output token 

Watermarking key

No watermarking With watermarking

8F3A91C7…

Random seed 
generator
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…
128. …

Scoring 
function

Watermarking key
8F3A91C7…

Score > threshold  → watermarked

Detect watermark: Only possible if access to key
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Plausible texts

Remove watermark by editing words

ideally, edit all watermark positions:
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Plausible texts

Remove watermark by editing words

cloudy blowing

novel cup

now

guess

In practice, edit some random positions:
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Takeaway: Conventional LLMs generate 
one word at a time

A “from-scratch” understanding helps us 
understand other concepts more easily
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Conventional LLM Reasoning LLM

(more expensive to run)

From conventional LLMs to reasoning models
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Conventional LLMs generate one word at 
a time

Reasoning models are LLMs that generate 
“more explanation” (aka reasoning trace)
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User

A hiker walks 12 miles north, 

then 5 miles east, 

then 12 miles south. 

How far is the hiker 

from the starting point?

Conventional LLM

The hiker is 5 miles from the starting point. 

They walk 12 miles north and then 12 miles south, 

which cancel out. The 5 miles east remains, so 

they are 5 miles from the starting point.

• Short direct answer 

• Some reasoning may be shown 

• Harder to inspect or revise mistakes

Reasoning LLM
(self-correction & backtracking)

Let me think this through. The hiker walks 12 miles north, 

then 5 miles east, then 12 miles south. 

At first glance, you might add all the distances and get 

29 miles, but that would be the total distance traveled, 

not the distance from the starting point. 

So let me back up and look at the net movement instead. 

The 12 miles north and 12 miles south cancel each other 

out, which means only the 5 miles east remains. 

Therefore, the hiker is 5 miles from the starting point.

Initial idea

Self-correction

Backtracking

Final verified
answer

• Shows intermediate reasoning 

• Can self-correct and backtrack 

• Easier to verify and debug
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User

A hiker walks 12 miles north, 

then 5 miles east, 

then 12 miles south. 

How far is the hiker 

from the starting point?

Conventional LLM

The hiker is 5 miles from the starting point. 

They walk 12 miles north and then 12 miles south, 

which cancel out. The 5 miles east remains, so 

they are 5 miles from the starting point.

• Short direct answer 

• Some reasoning may be shown 

• Harder to inspect or revise mistakes

Reasoning LLM
(self-correction & backtracking)

Let me think this through. The hiker walks 12 miles north, 

then 5 miles east, then 12 miles south. 

At first glance, you might add all the distances and get 

29 miles, but that would be the total distance traveled, 

not the distance from the starting point. 

So let me back up and look at the net movement instead. 

The 12 miles north and 12 miles south cancel each other 

out, which means only the 5 miles east remains. 

Therefore, the hiker is 5 miles from the starting point.

Initial idea

Self-correction

Backtracking

Final verified
answer

• Shows intermediate reasoning 

• Can self-correct and backtrack 

• Easier to verify and debug

Reasoning models are “chattier” LLMs
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Answer length correlates with accuracy

From “gpt-oss-120b & gpt-oss-20b Model Card”, https://arxiv.org/abs/2508.10925
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How are reasoning models trained?



Pre-trained 
LLM

”Regular” LLM training

Supervised 
fine-tuning

Reinforcement 
learning (RL)

Preference tuning  
(RL with human 
feedback, RLHF)
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Pre-trained 
LLM

”Reasoning” LLM training

Supervised 
fine-tuning

Reinforcement 
learning (RL)

Preference tuning  
(RL with human 
feedback, RLHF)

Reasoning training  
(RL with verifiable 

rewards, RLVR)

As proof of concept, even “just” RLVR works



What the rewards in RLVR look like when 
training reasoning models



What the rewards in RLVR look like when 
training reasoning models



What is ignored in RLVR



thinking=False

Reasoning may exist as binary (on/off) switch



thinking=False thinking=True

Reasoning may exist as binary (on/off) switch
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GPT-5.6 Sol on the Artificial Analysis Coding Agent Index v1.1
Codex harness · Composite average pass@1 across DeepSWE, Terminal-Bench v2, and SWE-Atlas-QnA · Higher is better
Source: artificialanalysis.ai/agents/coding-agents/
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GPT-5.6 Sol

Reasoning effort

Reasoning can be implemented with multiple effort levels
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More reasoning effort results in higher token usage

From “gpt-oss-120b & gpt-oss-20b Model Card”, https://arxiv.org/abs/2508.10925
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Reasoning effort is a form of inference scaling
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Scaling training still matters though



M A N N I N G

Sebastian Raschka

FROMSCRATCH

BUILD A

Build A Reasoning Model 
(From Scratch)

https://amzn.to/4aAKiFY


https://mng.bz/Nwr7

https://amzn.to/4aAKiFY
https://mng.bz/Nwr7
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LLM in agent harnessConventional LLM Reasoning LLM

(more expensive to run)

From Conventional LLMs to Reasoning Models to Agents
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https://magazine.sebastianraschka.com/

https://aheadofai.com
or

https://magazine.sebastianraschka.com/
https://aheadofai.com

