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Benefits of “from scratch”

(and how conventional LLMs work...)
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Prelude: text generation in LLMs



How can | help, Seb?

+ Ask ChatGPT

@ Review the Jekyll conversion status and next actions each week




So what happens under the hood

when the next token is generated?



Generating the next token

The capital of
/' Germany 1s

1) Input prompt
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Generating the next token

T

/v 785, 6722, 315, 9856, 374
2) Tokenization T

The capital of
Germany 1s
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Generating the next token

t o

785, 6722, 315, 9856, 374 : ..

. . 19800 19820 19840 19860 19880 19900 :
The capital of : Vocabulary index

Germany is

Berlin
e 15+
3) Score distribution f =
SR I
I\|||I||||III 11111
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Generating the next token

LLM

T

785, 6722, 315, 9856, 374 : ..

!

The capital of
Germany 1s

15 A

10 -

Logit value
9))
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Berlin

T 1
19800 19820 19840 19860 19880 19900 :

\ Vocabulary index / :

Distribution (entire vocab)
truncated here for visual
purposes



Generating the next token

t o

785, 6722, 315, 9856, 374 : ..

. . 19800 19820 19840 19860 19880 19900 :
The capital of : Vocabulary index

Germany is

,E Berlin
19846 ISl
4) Sampled token /' 4 .
T Ié | ‘|‘ || ‘ "
g 5
LLM S
| |‘Ih|| |‘| |”|‘| ||‘|| II“| ||| | I‘ |||‘|| 1L
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Generating the next token

/v Bertin

t o

785, 6722, 315, 9856, 374 : ..

. . 19800 19820 19840 19860 19880 19900 :
The capital of : Vocabulary index

Germany is

5) De-tokenize 4 o
Berlin
19846
15 -
T é | ‘|‘ || ‘ "

g 5-

LLM S

| |‘Ih|| |‘| |”|‘| ||‘|| II“| ||| | I‘ |||‘|| 1L
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Generating the next token

Bertin
4 .
Berlin
19846 ..
o a
) reene || I‘IH \IHd‘H ||‘||| II““ | ||||‘ '
T . 0 A III || | ‘l I || I ||I||||I “I‘ |IIII
785, 6722, 315, 9856, 374 i .. |
The Ca:j_tal of . 19é00 19820 19840 19860 19880 19900 E
: Vocabulary index :
Germany 1s
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Generating the next token

Bertin
20 -
Berlin
How do we 15
sample the
next token? . -
|\ H|H|\| | ||\ \
LLM S
| ||Ih|||| I||| N | ||| ||| ||||| 1L

785, 6722, 315, 9856, 374 : ..

. . 19800 19820 19840 19860 19880 19900 :
The capital of : Vocabulary index

Germany is .
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Token sampling

import numpy as np
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Token sampling

Logit value

15 -

o
1

Ul
1

Berlin

19800

19820

19840 19860
Vocabulary index

19880

19900

import numpy as np

SCOre

1)

vocab_indices

# Softmax

probs

rng =
samp L

4,
0.
6.
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S
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np.array( [
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-
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-
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-

-

np.

6, -1.2, -1.9, 4.0,
0, 4.4, 2.3, -1.0,
2, 2.8, 5.1, 10.2,
1, 7.9, 2.6, 1./,
4, -3.6, =-1.5, 3.1,
6, 5.3, 5.5, -1.8,
3, -3.0, -6.4, -1.1,
1, 2.5, 6.6, 1./,
2, 2.3, 5.8, 5.4,
3, =0.3, -4.2, =2.1,

arange (19800, 19900)

np.exp(scores) / np.exp(scores)

19846 —>
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np.random.default_rng(123)
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rng.choice(vocab_indices, p=probs)
print(f"{sample} —> {tokenizer.decode([sample])}")

Berlin

O© U1 WO N KR W

O NOCOSOSOSORFRORF OO

-

-

-

-

-

-

-

-

-

- - -

-

- - - -

P P, WO RFRPRFRPOFRLROOS

-

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

N U OO0 N WU O

-

-

-

-

-

-

-

-



Token sampling

Berlin

15 -

samples = rng.choice(vocab_indices, size=10_000, replace=True, p=probs)

o
1

tokens, counts = np.unique(samples, return_counts=True)

E ' E top5 = np.argsort(counts) [-5:] [::-1]
: 0 | ||‘Ih I | I h h || I I I | Il ‘I : for sample, count in zip(tokens|[top5], counts[top5]):

Logit value
un

19846 —> Berlin: 9997x
19851 —> Hal: 2x
19822 —> Moh: 1x

‘l I | r " ' i |||| ‘I‘lll' print(f"{sample}; —> {tokenizer.decode( [sample])}: {count}x")

19800 19820 19840 19860 19880 19900

vocabulary index E.g., if we sample 10k times, “Berlin” would be
----------------------------------------------------------------- selected most of the time
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Announcemen ts

How Claude’s text watermark works

Aug 14, 2026

https://www.anthropic.com/news/claude-text-watermark
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Without watermarking:
Due to random sampling we select either of these likely tokens

2.0- (\

overcast overcast
4 grey
» 1.5 -
19846
T 1.0 -
L]

T

3
t

| II .I_ I
785, 6722, ... 0-0 I|-|II II||I

0.5 A

Logit value

—0.5 -

The weather

|II||I_II
today 1s cold .
0

and 0 10 20 30 4
Vocabulary index

50
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Side note: random number generation

®E

import numpy as np

for i in range(5):
print(np.random.randint(100))
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Side note: random seeds add reproducibility

[5]: | import numpy as np

30
fo in range(5):

print(np.random.randint(100))
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With random seed 42 we always select this

‘ overcast
"II I| || Lk | ||| '| ||| ||

overcast

T

19846

T

T

3
t

785, 6722,

T

The weather
today 1s cold
and

4
'ﬁ
L 4
| 4
L 4
4
4
E'

Logit value
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With random seed 99 we always select this

grey

19846

T

T

3
t

785, 6722,

T

The weather
today 1s cold
and

4
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Watermarking sets random seed based on secret key (and
preceding token context)

2.0 -
grey
T grey
) 1.5 -
19846 ’
| T”T,»“' 1.0 -
Q
!
[ w ] 2 05-
f _ II .I_ I. I L 1 |II II
785, 6722, ... 0-0 I|-|II II||I | |‘|' ||| || ||||I
The weather 0"
today 1s cold | | . . . .
and 0 10 20 30 40 50

Vocabulary index
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Without watermarking might get any of these texts

Plausible texts

The weather today is cold and
overcast / grey. A light / gentle
breeze is moving / blowing through
the trees, and the streets seem
quiet / still. I think I'll stay

home / inside and read a

book / novel with a cup / mug of tea.

/

“2

—

—

—

The weather today is cold and overcast. A light breeze is moving through
the trees, and the streets seem quiet. | think I'll stay home and
read a book with a cup of tea.

. The weather today is cold and grey. A gentle breeze is blowing through

the trees, and the streets seem still. | think I'll stay inside and
read a novel with a mug of tea.

. The weather today is cold and grey. A light breeze is blowing through

the trees, and the streets seem quiet. | think I'll stay home and
read a novel with a cup of tea.

. The weather today is cold and overcast. A gentle breeze is moving

through the trees, and the streets seem still. | think I'll stay inside
and read a book with a mug of tea.

. The weather today is cold and overcast. A gentle breeze is blowing

through the trees, and the streets seem quiet. | think I'll stay inside
and read a book with a cup of tea.

128. ...
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With fixed random seed 99 we may always get this text

—» 1. The weather today is cold and overcast. A light breeze is moving through

the trees, and the streets seem quiet. | think I'll stay home and
read a book with a cup of tea.

Plausible texts

. The weather today is cold and grey. A gentle breeze is blowing through

The weather today is cold and the trees, and the streets seem still. | think I'll stay inside and
overcast / grey. A light / gentle — \ read a novel with a mug of tea.

breeze is moving / blowing through 3. The weather today is cold and grey. A light breeze is blowing through
the trees, and the streets seem the trees, and the streets seem quiet. | think I'll stay home and
quiet / still. I think I'll stay read a novel with a cup of tea.

home / inside and read a 4. The weather today is cold and overcast. A gentle breeze is moving

book / novel with a cup / mug of tea. through the trees, and the streets seem still. | think I'll stay inside
and read a book with a mug of tea.

5. The weather today is cold and overcast. A gentle breeze is blowing
through the trees, and the streets seem quiet. | think I'll stay inside
and read a book with a cup of tea.

128. ...
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With watermarking we might get this text

Secret key = 8F3A91(7...

—» 1. The weather today is cold and overcast. A light breeze is moving through

the trees, and the streets seem quiet. | think I'll stay home and
read a book with a cup of tea.

Plausible texts

—» 2. The weather today is cold and grey. A gentle breeze is blowing through
The weather today is cold and / the trees, and the streets seem still. | think I'll stay inside and
overcast / grey. A light / gentle _— read a novel with a mug of tea.
breeze is moving / blowing through 3. The weather today is cold and grey. A light breeze is blowing through
the trees, and the streets seem - the trees, and the streets seem quiet. | think I'll stay home and
quiet / still. I think I'll stay read a novel with a cup of tea.

home / inside and read a . The weather today is cold and overcast. A gentle breeze is moving

book / novel with a cup / mug of tea. through the trees, and the streets seem still. | think I’ll stay inside

and read a book with a mug of tea.

5. The weather today is cold and overcast. A gentle breeze is blowing
through the trees, and the streets seem quiet. | think I'll stay inside
and read a book with a cup of tea.

128. ...
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No watermarking

Output token

T

Samp le

T

Logit
distribution

Preceding text

Summary

With watermarking

31

Output token

T

Samp1e<+————————{

T

Logit
distribution

Preceding text

generator

Random seed J

T

[

Watermarking key
8F3A91(7...

J




Detect watermark: Only possible if access to key

1. The weather today is cold and overcast. A light breeze is moving through

the trees, and the streets seem quiet. | think I'll stay home and
read a book with a cup of tea.

2. The weather today is cold and grey. A gentle breeze is blowing through

the trees, and the streets seem still. | think I'll stay inside and
read a novel with a mug of tea.

3. The weather today is cold and grey. A light breeze is blowing through

the trees, and the streets seem quiet. | think I'll stay home and
read a novel with a cup of tea.

. The weather today is cold and overcast. A gentle breeze is moving

through the trees, and the streets seem still. | think I'll stay inside
and read a book with a mug of tea.

5. The weather today is cold and overcast. A gentle breeze is blowing [ :;:;:'i';?‘ J—» Score > threshold — watermarked
through the trees, and the streets seem quiet. | think I’ll stay inside _
and read a book with a cup of tea. [Wate'ma’k'“g key
8F3A91C7...

128. ...
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Remove watermark by editing words

Plausible texts

The weather today is cold and ideally, edit all watermark positions:
overcast / grey. A light / gentle

breeze is moving / blowing through

the trees, and the streets seem
quiet / still. I think I'll stay

home / inside and read a 4. The weather today is cold and overcast. A gentle breeze is moving
book / novel with a cup / mug of tea. through the trees, and the streets seem still. | think I’ll stay inside

and read a bofok with a mug of tea. K f
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Remove watermark by editing words

Plausible texts

The weather today is cold and In practice, edit some random positions:
overcast / grey. A light / gentle
breeze is moving / blowing through now cloudy blowing

the trees, and the streets seem

quiet / still. | think I'll stay ¥ * *

home / inside and read a 4. The weather today is cold and overcast. A gentle breeze is moving

book / novel with a cup / mug of tea. through the trees, and the streets seem still. | think I'll stay inside
and read a book with a mug of tea. K

f * guess
cup

novel
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Takeaway: Conventional LLMs generate
one word at a time

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



BUILD A

large L
Mo

Sebastian Raschka

/l' MANNING

https://sebastianraschka.com/books/

Finetune the pretrained

LLM to create a
STAGE 1 STAGE 2 classification model STAGE 3
1) Data _ 7) Load \ Dataset with class labels
preparation 2) Attantion 8 LLM 5) Training 6) Model prgtrained *
& sampling mechanism architecture loop evaluation weights (8) Finetuning)

l l l l l l / [ Classifier J
(4) Pretraining)
[ Building an LLM J > [ Foundation model J
\ [ Personal assistant]

/ /
(9) Finetuning) ?

Implement the data sampling and Pretrain the LLM on unlabeled
model for further finetuning / Instruction dataset

understand the basic mechanism data to obtain a foundation

Finetune the
pretrained LLM to
create a personal

assistant or chat model

36


https://sebastianraschka.com/books/

From conventional LLMs to reasoning models

Reasoning LLM

Conventional LLM _
(more expensive to run)



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



O A hiker walks 12 miles north,

then 5 miles east,

r'\ then 12 miles south.

User . .
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.

39



Reasoning models are “chattier” LLMs

Reasoning LLM

A hiker walks 12 miles north, _ ]
O (self-correction & backtracking)
then 5 miles east,
r'\ then 12 miles south.
Let me think this through. The hiker walks 12 miles north,
User then 5 miles east, then 12 miles south.

How far is the hiker

from the starting point? . . . -
9P At first glance, you might add all the distances and get = Initial idea

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

not the distance from the starting point. o— Self-correction

Conventional LLM

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

The hiker is 5 miles from the starting point. The 12 miles north and 12 miles south cancel each other

They walk 12 miles north and then 12 miles south, Sl THIG AUZEIS @All7 1S  MLlES Cer el

which cancel out. The 5 miles east remains, so _ _ , . .
Therefore, the hiker is 5 miles from the starting point. Final verified

they are 5 miles from the starting point. answer
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Accuracy (%)

Answer length correlates with accuracy

=@ opt-0ss-120b gpt-0ss-20b
AIME 2025 GPQA Diamond
(Competition Math) (PhD Science Questions)
85 -
100 - high high
—9 80 -
medium
90 A
75 7 mediy
80 -
70 -
lo
lo
70 - 65 -
60 - 60 -
50 1 1 1 1 55 1 1 1 1 1
2k 4k 8 k 16 k 2k 4k 8 k 16 k 32k
COT + Answer length (tokens) COT + Answer length (tokens)

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



"Regular” LLM training

Pre-trained ) Supervised I Reinforcement
LLM fine-tuning learning (RL)

Preference tuning
(RL with human
feedback, RLHF)



"Reasoning” LLM training

Pre-trained ) Supervised I Reinforcement
LLM fine-tuning learning (RL)

Reasoning training Preference tuning
(RL with verifiable —l (RL with human
rewards, RLVR) feedback, RLHF)



"Reasoning” LLM training

Reinforcement
learning (RL)

/

Reasoning training

(RL with verifiable ——-
rewards, RLVR)

Pre-trained
LLM

As proof of concept, even “just” RLVR works



What the rewards in RLVR look like when
training reasoning models

/ Prompt \ K Output example 1 \

<think>

Break 24 into 20 + 4.
Solve: 17 * 24 = ? 17 * 20 = 340.
17 * 4 = 68.
340 + 68 = 408.
</think>

<answer>408</answer>

Accuracy reward =1
(final answer is correct)

Format reward =1
\\\\~ ‘//// \\\\~ (tags are present) ‘////




What the rewards in RLVR look like when
training reasoning models

K

Prompt

Solve:

17 * 24

?

~

<think>
Break 24 into 20 + 4.
17 * 20 = 340.

17 * 4 = 68.
340 + 68 = 408.
</think>

<answer>408</answer>

Accuracy reward =1
(final answer is correct)

Format reward =1
(tags are present)

\_ %

/ Output example 1 \

K Output example 2 \

<think>
Break 24 into 20 + 4.
17 * 20 = 340.

17 * 4 = 78.

340 + 78 = 418.
</think>
<answer>418</answer>

Accuracy reward =0
(final answer is wrong)

Format reward =1

\ (tags are present) J




What is ignored in RLVR

///’

Prompt

Solve:

17 * 24

?

~

K Output example 1 \

~Sthink> | oLl
Break 24 into 20 + 4. ¢

17 * 20 = 340. i

i

1

17 * 4 = 68.
v 340 + 68 = 408.

----------------‘

</think>

--~

<answer>408</answer>

Accuracy reward =1
(final answer is correct)

Format reward = 1
(tags are present)

\_ j

K Output example 2 \

<think>
* “Break 24 into 20 + 4.7
17 * 20 = 340.
17 * 4 = 78.
340 + 78 = 418.
“Z/thinks "~~~ --="7

<answer>418</answer>

‘--

Accuracy reward =0
(final answer is wrong)

Format reward =1

(tags are present) J




Reasoning may exist as binary (on/off) switch

thinking=False

What is 1+1?

£ 1+ 1equals 2.

O

frype your message here...

0

LLMs can make mistakes. Check important info.




Reasoning may exist as binary (on/off) switch

thinking=False thinking=True

localhost » ¥ @ localhost

What is 1+1? What is 1+1?

£ 1+ 1equals 2. £ <think> Okay, the user is asking, "What is 1+1?" |
need to respond appropriately. Let me think about
the possible answers. The most straightforward
answer is that 1 plus 1 equals 2. But maybe they
want more context or a different interpretation?

O

| should check if there's any trick or if they might

be testing something. V' netimes in math

V\I’f\hlf\mf\ +h l’\;l‘ll‘lf\v‘\ If\\lf\rf\ El\l’ f\\lf\mnlf\ ;'F

[Type your message here... [Type your message here...

0 0

LLMs can make mistakes. Check important info. LLMs can make mistakes. Check important info.




Reasoning can be implemented with multiple effort levels

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/

80 — L— —0— v — & GPT-5.6 Sol

_— Reasoning effort

'\ Medium
o .\/

© Light
§ . Model 5.6 Sol >
x - Medium
§ Effort Ultra >
< High
- Speed Fast >
Extra High
Advanced ~
Max
40 -
Ultra v 4 5.6 Sol Ultra v g

Consumes usage limits faster

I I
$0 $1,000 $2,000 $3,000

API cost (USD)

51



More reasoning effort results In higher token usage

=@ opt-0ss-120b gpt-0ss-20b
AIME 2025 GPQA Diamond
(Competition Math) (PhD Science Questions)
85 -
100 - high high
—9 80 -
medium
90 A
75 7 mediy
S
> 80 -
CE 707 lo
§ lo
<
70 - 65 -
60 - 60 -
50 1 1 1 1 55 1 1 1 1 1
2k 4k 8 k 16 k 2k 4k 8 k 16 k 32k
COT + Answer length (tokens) COT + Answer length (tokens)

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

GPT-5.6 models on the Artificial Analysis Coding Agent Index v1.1

Sol, Terra, and Luna - Codex harness - Composite average pass@1 across DeepSWE, Terminal-Bench v2, and SWE-Atlas-QnA - Higher is better

Source: artificialanalysis.ai/agents/coding-agents/
y

) G?T-S-G Terra $# —@— wvx — & GPT-5.6 Sol

80 - ® GPT-15.6 Luna - \—/
> e § ‘\/ '\/
/ P / .

/ - / Inference scaling
\./,, /
/a

04 |/ /

|

40 -

Index score

o

T T T
$0 $1,000 $2,000 $3,000

API cost (USD)
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Index score

Scaling training still matters though

GPT-5.6 models on the Artificial Analysis Coding Agent Index v1.1

Sol, Terra, and Luna - Codex harness - Composite average pass@1 across DeepSWE, Terminal-Bench v2, and SWE-Atlas-QnA - Higher is better
Source: artificialanalysis.ai/agents/coding-agents/

Tralnlng scaling

&) GPT56Terra High \

/ \_/
» /’ o \/
- ) / p /
70 ~ \' / .4/ Inference scaling
60 - l/ /
.\ Low
o0 =
iow =1
40 \I./
o .
| | |
$0 $1,000 $2,000 $3,000

API cost (USD)
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cratch)

Sebastian Raschka

/II MANNING

Reasoning Model

Mathematics Aptitude Test of Heuristics

WO TR0 =N (MATH) dataset
problems introduced v
Sl — Tainng  @EBY  Tesing ~—]
— —— =
e — -
oblems 500 math problems and
12,000 math pn 12,500 math problems solutions (“MATH-500")
Deopfioek-t Distillation T
v (Student LLM)
Evaluation
f———+ Qwen3 088
—————=  (Student LLM) >
’ >
12,000 synthetic solutions )
Generate solutions with a Evaluate distilled student
teacher LLM Train student LLM on math problems and solutions LLM on seperats math
generated by the teacher LLM e

7} = \ 1m_eﬂd \>

https://amzn.to/4aAKiFY

prove

Mu covers techniques to im
g without model training

suoz z MEASURING ( \a

c,..m 3) snue 3 REAW
ns 4 AND Q
STAGE 1: LLM BASICS founs
\ o .'" enl
g gvaluaﬂm Advlﬂﬂd text gon-

| Rollouts

s« \poxedd
7 The answer 13 b
startl> Compute -49/
<\im Model is given the
prompt and ““;:
is \poxed{-7} o inusthelast
The answer
Compute i
<|im, start}>
T |l
“1“1 g u“hl
- "jﬁ‘ .\“ndhﬂlﬂhl&mﬂ
(ke | 'L\“h.' =
z >
im_end|>
. \poxed{-7} <! im_end]
The answer 1%
Ds to the cross-entropY fum
answer token L
wer logits and
Pass the ans
Using temperature scaling and top-p filtering from
chapter 4, we let the LLM generate different responses
(rollouts) from a given prompt We will compute the KL
W competa the leg- term in the next chapter
We compute a correctness RSO prohabiity (logpeab) { :
and format reward using *Half the value of 3x - 9 of each i o >
e e e o - : u: :{ i; mm\:q 1;; t::m (ml?ut) similar to the :' ~=
chapter 3 result in \boxed(}' previous chapter : !
\ | l : LLM to train Reference LLM !
'S : :
LLM to train <+—— : H
O O o ; } } :
Advantages Rewards l Logprobs E Logprobs Reference logprobs |
We compute 08659 <— 10 <— “\boxed(83)" —>  .7.9243 -7.9243 -7.6128
the advantages : :
from the list of : :
i (R RO — s — RO -20.1546 -20.6031 :
08659 «— 00 «— CoThefmalanswer 454439 : -16.6130 -16.2687 :
08659 +— 00 <— Fassigd s —> 233677 5 -23.3677 -23.6049 :
\boxed(38)" : : : . :

-0.0075 KL loss term

Policy gradient loss -2.5764

/ ’ o
We elementwise-multiply

advantages and logprobs and
average the resulting values to
calculate the loss

Total loss .2.5839

Calculate loss gradient and

update model weights

https://mng.bz/Nwr7

weights tlon
wacua Selt-refinement ‘\

T —— next chapter introduces an uiemt"“""
particular this chapter focuses o extending the text m.d...‘ technique where the model
5 % d
m-ﬁ:n {unction and implementing a voting improves its own answers
g to improve answer accuracy
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proj — proj — codex « node Jopt/homebrew/bin/codex — 80x25

N | my-project — % Claude Code — claude — 8 OpenAI Codex

Claude Code v2.1.87 )
gpt-5.4 xhigh /model

Welcome back Sebastian! ~/Desktop/proj

'- Tip: Use /init to create an AGENTS.md with project-specific guidance.
[ | | N |

Sonnet 4.6 - API Usage Billing - Sebastian’s
Individual Org > B
~/Desktop/my-project

* Opus now defaults to 1M context - 5x more room, sa

. |

? for shortcuts

WORKSPACE /Users/sebastian/Desktop/proj
MODEL gwen3.5:4b BRANCH
APPROVAL ask SESSION 20260402-161321-5fa0@9c

mini-coding-agent> I
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From Conventional LLMs to Reasoning Models to Agents

Reasoning LLM

Conventional LLM _ |
(more expensive to run) LLM in agent harness
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Coding harness

Model family Agent loop

Runtime supports

Inspect —+» Choose

I

Repo context

Base LLM

'

Reasoning
model

Permissions Memory

Observe <= Act
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Components of A Coding Agent

How coding agents use tools, memory, and repo context to make LLMs work better In
practice

@ SEBASTIAN RASCHKA, PHD
% APR 04, 2026

Q 951 () 63 £y 97 Share

Components of a coding agent

H )
@ ::;Ir.'\lt:extrepo 2. Prompt cache % 3. Tools
- 4. Context g . 625
= management 5. Session memory 6. Subagents

H Git text
Coding harness S0
Brench, status, commite Ny
Workspace
(ﬁ ( \ ) \ Inspect current repo o ° Suriay
Model family Agent loop Runtime supports Projectdocs &
AGENTS.md, le
README md, otc.
Stable prompt prefix
Base LLM Inspect —» Choose Repo context Tools Build repo context 0 Futes, oo, woriapaco
|- \ /‘
i " Permissions Memory User raquost /
“Write unit test for L Combined prompt 0 Model response
X Observe < Act function xyz* P : — LM — pyalorfna
Reasoning Cache ' o st
model 4 .
( Other components covered later
Compact Transcript Parent prompt : Subagent prompt
Recent history ‘s
Previously, we locked at a simplified
—_— version (“Combined prompt™)

Created as 4 Workspace o N HE Boundaries
shovfn in the Sy 23 ¥ Parentprompt ___, LLM : shﬂd °'°“.”°‘ —» LLM <— Read-only :
previous figure Prompt assembly e v Main task state L askcgl::g::led limited staps E

l a Prafix + memory + :
transcript + request '
Stable prompt prefix :
Rules, tools, workspace ° e Model response E
Lt o —> ool callor fine!

)

' Delegate gie
i . subtask [
: R Subagent findings
l.:t::;s‘er Working memory d/ : Spawnsubegeat | pi2n _— Return results to
“Improve xyz" Task fies, notes ‘ Z ; . main loop
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