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IN THIS CHAPTER

What you will be able to do

1 Say what goes into the model: text cut into tokens, each token an
integer ID, with a start token nobody typed.

2 Say what comes out: one score for each of the 65,536 tokens in
the vocabulary, which softmax, a separate step, turns into
probabilities; and say why a chance for every token fits better than
one answer.

3 Explain how a reply is built: a loop calls the model, picks one token
by a rule (greedy, sampling, temperature), appends it, and stops
when code sees the stop token.

A Trace a prompt through the stages inside: an ID picks a row of a
learned table, 14 blocks share information between tokens and
rework each token, and the output layer scores the vocabulary.

5 Say what the 229,693,184 parameters are, where they live, and
why running the model never changes them.

6 Separate the model from the chat template, the settings file, the
stop rule and the app, show how each one changes the reply, and
name the later chapter that opens each part.

language model

What'sinside a

You type What is the capital of France? Answer in one

sentence. into a small open model, and it replies The capital



https://www.youtube.com/watch?v=YzuoH4jyUIE
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WHAT A MODEL ACTUALLY IS

of France is Paris. What actually ran? This chapter answers
that on a real model, LiquidAl's LFM2.5-230M, which we ran
on a laptop CPU.

Here is the answer in one paragraph. Your text is cut into
numbered pieces. The model is a function that takes those num-
bers and gives every possible next piece a score. A separate step
turns the scores into chances. A rule picks one piece, the piece
is added to the input, and a loop repeats all of that until a stop
piece comes up. Inside the function is a chain of stages that run
on 229,693,184 stored numbers. Around the function sit files and
code that nobody trained, and they change the answer too.

The chapter builds each part from nothing. Each idea starts
as code you already write, such as a dictionary, a function or a
loop. It runs first on a few made-up values you can see whole,
and we say what the result means and why the model works
that way. Then the same idea runs on the real model, as proof.

Knowing the parts tells you where to look when a reply sur-
prises you, because the cause is often not in the learned num-
bers at all. In this chapter, one start token nobody typed, a chat
template, and a settings file nobody opened each change what
the model says.

The machine, in the order the chapter opens it:

1. Text to IDs. A tokenizer cuts your text into pieces and
swaps each piece for a number.

2. IDs to scores. The model gives every possible next piece a
score.

3. Scores to chances. A step called softmax, run outside the
model, turns the scores into probabilities.

4. Chances to a reply. A rule picks one piece, and a loop
repeats until a stop piece.

5. Inside the model. A table lookup, 14 blocks and an output
layer, all running on stored numbers.

6. Around the model. A chat template, a settings file, a stop
rule, and your app.



TEXT BECOMES TOKEN IDS

m Text becomes token IDs
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The model never sees your text. Before it runs, a program cuts
the text into pieces and swaps each piece for a whole number. A
token is a small piece of text, often a word or part of one, that
the model reads and writes one at a time. A token ID is the inte-
ger that stands for one token. The model only ever sees these
numbers, never the text. The tokenizer is the program that
splits text into tokens and turns them into token IDs, and back
again.

In code, a tokenizer is two things you already write: a dictio-
nary from pieces of text to integers, and a loop that walks the
text. The script below has a dictionary of nine pieces and one
cutting rule. The rule is this example's own: take the longest
piece that fits.

Eﬁaﬁ.

Text becomes token
IDs

Tern token

A small piece of text,
often a word or part of
one, that the model
reads and writes one at
atime.

Tern tokenID

The integer that stands
for one token. The
model only ever sees
these numbers, never
the text.

tern tokenizer

The program that splits
text into tokens and
turns them into token
IDs, and back again.
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= TECHNICAL STUFF

WHAT A MODEL ACTUALLY IS

VOCAB = {'"<start>": 1, "The": 2, " cap": 3, " capital": 4,
" of": 5, " France": 6, " is": 7, " Paris": 8,
"ian": 9%

def tokenize(text):

pieces = ["<start>"] # added, never typed
while text:
I piece = max((p for p in VOCAB if text.startswith(p)),
key=1en) i# longest piece that fits

pieces.append(piece)
text = text[len(piece):]
return pieces, [VOCAB[p] for p in pieces]

for text in ("The capital of France is", " Parisian"):
pieces, ids = tokenize(text)
print(pieces)
print(ids)

OUTPUT OF LISTING 1-1

python3 tokens.py
['<start>', 'The', ' capital', ' of', ' France', ' is']

[1, 2, 4, 5, 6, 7]
['<start>', ' Paris', 'ian']
[1, 8, 9]

Three things show in the output. The piece ' capital' won over

' cap', because it is the longer piece that fits. The leading space
belongs to the piece, so ' capital' starts with a space. And the
function put <start> in front, though nobody typed it. The
word Parisian is not in the dictionary, so it came out as two
pieces, Paris and ian.

Why pieces, and not whole words? A fixed list of pieces is
what lets the model give every possible next piece a score, as
the next section shows. And any text, even a word the list never
held whole, can be built from pieces.

The real tokenizer works on the same idea with its own
learned rules, not longest-piece-first. Every real-model script in
this chapter imports one file, load.py. It loads the pinned



TEXT BECOMES TOKEN IDS

revision of the model and its tokenizer with the Hugging Face
Transformers library, which runs on PyTorch, the library that
does the arithmetic. Install both with pip install toxch

transformers:

import torch
from transformers import AutoTokenizer, AutoModelForCausallM

= TECHNICAL STUFF
REPO = "LiquidAI/LFM2.5-230M"
REV = "40cb2ad3b3044d5a4leee083a6103c8h523afasds"
tok = AutoTokenizer.from_pretrained(REPO, revision=REV)
model = AutoModelForCausallM.from_pretrained(

REPO, revision=REV, dtype=torch.bfloatl6).eval()

The script below runs the real tokenizer on the same two texts
and prints each token and its ID:

LISTING 1-3 ids.py

from load import tok, model
for text in ("The capital of France is", " Parisian"): ® TECHNICAL STUFF
I ids = tok(text).input_ids
print(" ".join(repr(tok.decode([i])) for i in ids))
print(ids)
print("vocabulary:", model.config.vocab_size, "tokens")

OUTPUT OF LISTING 1-3

python3 ids.py
'<|startoftext|>"' 'The' ' capital' ' of' ' France'

[1, 1098, 5706, 803, 4481, 856]
'<|startoftext|>' ' Paris' 'ian'
[1, 5242, 1184]

vocabulary: 65536 tokens

The real tokenizer cut the sentence into the same six pieces,

with its own IDs. The first, <|startoftext|>, is a start token: a Tern starttoken
special token, ID 1, placed before your text to mark the start of a Aepsellislen, 101

. . placed before your text
sequence. Nobody typed it. Parisian again became Paris plus to mark the start of a

sequence.
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A model is a function

Tern model

A function: token IDs go
in, a score for every
possible next token
comes out.
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WHAT A MODEL ACTUALLY IS

ian. The vocabulary is every token the model can score: 65,536
of them for this model. So the model's whole input for this sen-
tence is the list [1, 1098, 5706, 803, 4481, 856].

A tempting belief is that a token is a word. Parisian is two
tokens. In a slogan later in this chapter, Meets is two tokens as
well, Me and ets.

CHECK

tokens.py has both cap and capital in its dictionary. Which does it
pick for " capital”, and why? capital. The example's rule takes the
longest piece that fits, and capital fits whole.

m A modelis afunction

THE MODEL

YOU ARE g ' :
N T T o [ o N o LECTED
THE MODEL i |

The model receives six integers. What does it hand back? A
model is a function: token IDs go in, a score for every possible
next token comes out.

In code, picture a function next_scores(ids) that takes a list
of IDs and returns a list of numbers, one for each token in the
vocabulary. The script below is that function for a vocabulary
of four words. Its rule is made up, and it looks only at the last
ID. The real model uses every ID, and a later section shows how
much one ID can matter.

LISTING 1-4 function.py

VOCAB = [" Paris",

" Lyon", pizza", "<end>"]
def next_scores(ids):
# the example's made-up rule:
if ids[-1] == 7:
return [4.0, 2.0,

it looks at the last ID only
# 7 is " dis"

-1.0, 0.0]
CONTINUES OVERLEAF =»


https://www.youtube.com/watch?v=kZScyCnUHh0

A MODEL IS A FUNCTION

function.py CONTINUED ]

return [0.0, 0.0, 0.0, 3.0]

ids = [1, 2, 4, 5, 6, 7] # The capital of France is
I scores = next_scores(ids)
print(len(ids), "IDs in ->", len(scores), "scores out")
for word, s in zip(VOCAB, scores):
print(f" {word!r:9% {s:5%")
print("same IDs again, same scores:",
next_scores(ids) == scores)

OUTPUT OF LISTING 1-4

python3 function.py

IDs in -> 4 scores out
' Paris' 4.0
' Lyon' 2.0
' pizza' -1.0
'<end>"' 0.0
same IDs again, same scores: True

Six IDs went in and four scores came out, one per word. The
scores are the raw numbers the output layer gives every possi-
ble next token, also called logits. The output layer is the model's
last stage, which a later section opens. A score has no fixed
range. A higher score means the model favours that token more,
and a score is not a percentage. Called again with the same IDs,
the function returned the same scores.

Why score every token? Then the model never has to settle on
one answer. It rates every option, every time, and other code
picks one. The next sections show that code.

Now the real model, with the France prompt, called twice:

(RIS {EPIIN scores.py

import torch
from load import tok, model

ids = tok("The capital of France is").input_ids
with torch.no_grad():
I scores = model(torch.tensor([ids])).logits[O, -1]

again = model(torch.tensor([ids])).logits[0, -1]
CONTINUES OVERLEAF -

TERM SCOres

The raw numbers the
output layer gives every
possible next token,
also called logits.

= TECHNICAL STUFF
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® WATCH OUT

WHAT A MODEL ACTUALLY IS

scores.py CONTINUED ]

print(len(ids), "IDs in ->", len(scores), "scores out")
top = torch.topk(scores.float(), 5)
for s, i in zip(top.values, top.indices):

piece = tok.decode([int(i)])

print(f" {piece!r:14% score {float(s):6.2f%")
print("lowest score:", f"{float(scores.min()):.2f%")
print("same IDs again, same scores:",

torch.equal(scores, again))

OUTPUT OF LISTING 1-5

python3 scores.py

IDs in -> 65536 scores out
Paris' score 21.00
Re' score 15.88

Strasbourg' score 15.69
Bordeaux' score 15.31
Lyon' score 15.12
lowest score: -14.06
same IDs again, same scores: True

Six IDs went in, and 65,536 scores came out. Paris scores 21.00.
The next four sit between 15 and 16, and the lowest score is
-14.06. On this laptop, the two calls gave exactly the same scores.
The model's output ends here. One call returns scores and noth-
ing else: no text, and no percentages.

CHECK

Does the model output text? No. One call returned 65,536 numbers.
Turning a picked token back into text is the tokenizer's job, after
other code has done the picking.




SCORES BECOME PROBABILITIES

EE) Scores become probabilities
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Scores of 21 and 15 are not percentages. One more step, which
our code runs after the model returns, turns them into chances.
Softmax is the step that turns scores into probabilities that are
all positive and add up to one. A probability is how likely the
model rates a token as the next one, from 0 to 1, shown here as a
percent.

In code, softmax is three steps you could write yourself. Turn
every score into a positive number. Add those up. Divide each
one by the total, so each becomes its share. The script below
runs the three steps on the four scores from function.py:

E = 2.718281828459045

# the number e, about 2.72

B WATCH - 1:38

Scores become
probabilities

Tern Softmax

The step that turns
scores into probabilities
that are all positive and
add up to one.

Tern probability

How likely the model
rates a token as the next
one, from 0 to 1, shown
here as a percent.

scores = §" Paris": 4.0,

"<end>":

0.0%

" Lyon": 2.0, " pizza":

-1.0,

I powers iw: E *»x s for w, s in scores.items()} 4 all positive
total = sum(powers.values())
probs = fw: powers[w] / total for w in scores?
for w, s in scores.items():
print(£f"{w!r:9% score {s:5% -> {probs[w]:6.1%%")
print("added up:", f"{sum(probs.values()):.0%%")

# shares

OUTPUT OF LISTING 1-6

python3 softmax.py

Paris' score 4.0 ->
Lyon' score 2.0 ->
score -1.0 ->
score 0.0 ->

pizza'
'<end>'
added up: 100%

W TECHNICAL STUFF
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Every share is positive, even for the score of -1, and the shares
add up to 100 percent. The order is kept: the biggest score got
the biggest share. To make each score positive, softmax raises
the number e, about 2.72, to the power of the score. So a token
with one more point of score gets about 2.7 times the share.
Paris is two points ahead of Lyon and gets about 7.4 times its
share. What decides the shares is the gap between scores, not
their size.

Why turn scores into probabilities at all? A probability means
the same thing on any prompt, and code can draw a token at
random by its probability, as a later section does. Raw scores
support neither.

The real scores go through the same step. torch.softmax is
PyTorch's version of the three steps:

import torch
from load import tok, model

ids = tok("The capital of France is").input_ids
with torch.no_grad():

scores = model (torch.tensor([ids])).logits[0, -1].float()

I probs = torch.softmax(scores, -1) i# e *x score, then shares

top = torch.topk(probs, 5)
for p, i in zip(top.values, top.indices):

print(f" {tok.decode([int(i)])!r:14} score"

f" {float(scores[i]):6.2f% -> {float(p):6.2%%")

print("all 65,536 added up:", f"{float(probs.sum()):.4f:")

OUTPUT OF LISTING 1-7

python3 probs.py
' Paris' score 21.00 95.22%
Re' score 15.88 0.57%

Strasbourg' score 15.69 0.47%
Bordeaux' score 15.31 0.32%
Lyon' score 15.12 0.27%
65,536 added up: 1.0000




SCORES BECOME PROBABILITIES

The score of 21.00 became 95.22 percent, and 15.88 became 0.57
percent. Paris leads the next token by about five points, and
every point multiplies the share by about 2.7. That lead is
enough for 95 percent. All 65,536 probabilities add up to 1.

A tempting reading is that a score of 21 means 21 percent. It
does not. Scores here run from about -14 to 21. Only after soft-
max are they chances, and softmax runs in our code, not in the
model.

CHECK

In softmax.py, what happens to the probabilities if every score goes
up by 10? Nothing. Only the gaps between scores decide the shares,
and adding 10 to every score keeps every gap. We worked this out
from how softmax is defined; we did not run it.

EZ) Chances, notananswer
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After softmax, Paris has 95 percent. So why does the model rate
every token at all, instead of just saying Paris? There are three
reasons, each visible in a real run. The script below prints the
most likely next tokens and where the rest of the probability
goes:

LISTING 1-8 [EIECINY

import sys, torch
from load import tok, model

ids = tok(sys.argv[1]).input_ids
k = int(sys.argv[2]) if len(sys.argv) > 2 else 5
with torch.no_grad():

s = model(torch.tensor([ids])).logits[O, -1]
CONTINUES OVERLEAF -

g,
<)

= QUICK CHECK

Ot

Chances, notan
answer

B TECHNICAL STUFF



https://www.youtube.com/watch?v=8Oh7Wz2z_kI

(VAN B1CO1 - WHAT A MODEL ACTUALLY IS

-

mass.py CONTINUED ]

p = torch.softmax(s.float(), -1)
top = torch.topk(p, k)
for r, (q, i) in enumerate(zip(xtop), 1):
piece = tok.decode([int(i)])
print(f"{fr:>2% {piece!r:12% {float(q):.4f%")
v = top.values
print(f"top 1 {float(v[0]):.4f%"
f" ranks 2-5 $float(v[1:5].sum()):.4f%"
f" rest {1 - float(v[:5].sum()):.4f}"
f" (4len(p) - 5:,% tokens)")

® OUTPUT OF LISTING 1-8

$ python3 mass.py "The capital of France is"

Paris' 0.9522

Re' 0.0057

Strasbourg' 0.0047

Bordeaux' 0.0032

5 Lyon' 0.0027

top 1 0.9522 1ranks 2-5 0.0163 7rest 0.0315 (65,531 tokens)
$ python3 mass.py "I stayed up all night, so today I feel" 12
1 ' like' 0.3490
2 ' a .0535
3 SO .0444
4 really' .0325
) better' .0223
6
7
8
9

very' .0210
more' .0197
pretty’ .0197
good' .0185
10 great' .0174
11 ' tired' .0163
12 even' 0.0153
top 1 0.3490 1ranks 2-5 0.1527 1rest 0.4984 (65,531 tokens)

[clcololNoNoNolNolNolN oMol

On the France prompt, Paris holds 95.22 percent. The next four
split 1.6 percent, and the other 65,531 tokens share 3.2 percent.
The model never says Paris. It says 95 percent Paris.

The first reason for chances is that many continuations can
fit. After "I stayed up all night, so today I feel", the top pick,
like, gets 35 percent. The obvious word, tired, comes eleventh
at 1.6 percent. The top five hold about half the probability, and
the other half is spread thin across everything else.




CHANCES, NOT AN ANSWER

The second reason is that the chances show how sure the
model is. Ninety-five percent Paris against 35 percent like says
the first prompt has one clear continuation and the second has
many.

The third reason is that the picking is left to code. The same
chances can feed a rule that always takes the top token, or one
that varies the reply, as the next sections show. Training uses
the chances too. In the Transformers library, training a model
like this one grades the probability it gave to the token that
really came next. Chapter 6 opens training.

A tempting reading is that anything under 100 percent means
the model is unsure or wrong. Every one of 65,536 tokens gets
some share, so even Paris leaves about 3 percent spread over
the rest.

EX) Areplyisaloop

YOU ARE
HERE

THE LOOP
AND THE
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THE MODEL

SETTINGS

One call scores the next token and nothing more. A whole sen-
tence comes from calling the function again and again. The
loop means: call the model, pick one token, append it to the
input, and call again, until a stop token appears. A stop token is
the token that ends a reply. Here it is ID 7, the end-of-turn mark-
er. Code watches for it.

The script below runs that loop on the question from the start
of the chapter. It wraps the question the way a chat app does,
which a later section opens. At each step it takes the top token, a
rule called greedy. Greedy is a picking rule that always takes
the most probable next token. The script also prints the runner-
up at each step:

W WATCH - 1:33
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Areplyis aloop

Tern loop

Call the model, pick one
token, append it to the
input, and call again,
until a stop token
appears.

Tern stop token

The token that ends a
reply. Here itis ID 7, the
end-of-turn marker.
Code watches for it.

Tern Greedy

A picking rule that
always takes the most
probable next token.

@13
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import sys, torch
from load import tok, model

msgs = [{"role": "user", "content": sys.argv[1]%]
ids = tok.apply_chat_template(
msgs, add_generation_prompt=True,
tokenize=Tzxue) ["input_ids"]
print(len(ids), "prompt IDs")
for step in range(40):
with torch.no_grad():
scores = model(torch.tensor([ids])).logits[0, -1]
probs = torch.softmax(scores.float(), -1)
p, i = torch.topk(probs, 2)
ids.append(int(i[0])) # greedy: take the top
a, b = tok.decode([int(i[0])]), tok.decode([int(i[1])])
print(f"{stept fal!r:12% {float(p[0]):.3f%"
£"  runner-up {b!r:12% {float(p[1]):.3f%")
if ids[-1] == 7: # <|im_end|>: stop
break

OUTPUT OF LISTING 1-9

python3 loop.py "What is the capital of France? Answer in one
sentence."
21 prompt IDs
0 'The'
1 ' capital’
of'
France'

runner-up 'Paris'
runner-up ' Capital'
runner-up city'
runner-up French'

Paris'

runner-up France'
runner-up '<|[im_end|>"'

(ol olololNolNolNoNo)

0
1
2 1
3 1
4 is' 1. runner-up '<|[im_end|>"'
5 0
6 0
7 1.

'<|im_end|>"' runner-up

Eight calls to the same function produced The capital of France
is Paris. followed by <|im_end|>, the end-of-turn token, ID 7.
The values printed as 1.000 and 0.000 are rounded to three
decimals.

The model never decides to stop. At step 7 its scores gave
<|lim_end|> a probability that rounds to 1.000, and the line if
ids[-1] == 7: break stopped the loop. The rule "ID 7 ends a



reply" is written in code and in a settings file, not in the learned
numbers. A loop that watched for a different ID would keep
going.

This loop sends the whole sequence through the model at
every step: 21 IDs, then 22, then 23. Resending everything keeps
the code readable. Real runtimes avoid much of that repeated
work, and Chapter 9 shows how.

CHECK
Why does the loop stop? The model predicted ID 7, and the break
line stopped the loop. The model itself stops nothing.

EX) Greedy orarandom draw
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THE PICK ry

Greedy is one picking rule, and the rule is yours to choose.
Sampling is a picking rule that draws the next token at random,
weighted by its probability. A seed is a number that fixes the
random draws, so a sampled run repeats on the same software.

In code, greedy is max(probs, key=probs.get) and sampling is
random.choices(words, weights). The script below runs both on
three made-up chances, 50, 30 and 20 percent:

import random

probs = {" tired": 0.5, " great": 0.3, " hungry": 0.2%

def greedy(probs):
I return max(probs, key=probs.get) # always the top one
def sample(probs): # a weighted random draw

I return random.choices(list(probs), list(probs.values()))[0O]

A REPLY IS A LOOP

= TECHNICAL STUFF
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B QUICK CHECK

= WATCH - 1:59
Offen0
E o T
EwikE
Greedy or arandom
draw

Tern Sampling

A picking rule that
draws the next token at
random, weighted by its
probability.

Tern seed

A number that fixes the
random draws, so a
sampled run repeats on
the same software.
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Tern Top-k

A sampling setting that
keeps only the k most
probable tokens and
draws from those. The
shipped settings keep
50.
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pick.py CONTINUED ]

print("greedy:
random.seed (0)
draws = [sample(probs) for _ in range(1000) ]
print("sampled:", *[w.strip() for w in draws[:6]])
for w in probs:

print(f" {w!r:9% drawn {draws.count(w):4} of 1000")

, *[greedy(probs).strip() for in range(6)])

OUTPUT OF LISTING 1-10

python3 pick.py
greedy: tired tired tired tired tired tired

sampled: hungry great tired tired great tired
' tired' drawn 508 of 1000
' great' drawn 302 of 1000
' hungry' drawn 190 of 1000

Greedy picked tired six times out of six. Sampling with seed o
opened with hungry, the least likely word. Over 1,000 draws it
landed near the chances: 508, 302 and 190. Sampling follows the
chances, so a 20 percent word comes up about one time in five.
These exact draws repeat for seed 0 on this version of Python.

Why have both rules? Greedy gives the same reply every
time, which suits a question of fact. Drawing gives variety,
which suits a slogan. Because softmax turns the model's scores
into chances, either rule works on the same numbers.

Now the real model writes a slogan for a coffee shop. The
script below uses the library's own loop, generate(), under one
of three named rules. This section uses two. greedy takes the
top token. hot draws by the model's own chances from its 50
most likely tokens. Top-k is a sampling setting that keeps only
the k most probable tokens and draws from those. The shipped
settings keep 50. The shipped rule and the off line come back in
the next two sections:



GREEDY OR A RANDOM DRAW

import sys, textwrap, torch
from load import tok, model

= TECHNICAL STUFF
Q = "Write a one-line slogan for a coffee shop."
msgs = [{"role": "user", "content": Q%]
ids = tok.apply_chat_template(
msgs, add_generation_prompt=True,
return_tensors="pt", tokenize=True)["input_ids"]
I off = dict(repetition_penalty=1.0) # override the file
rules = {
"greedy": dict(do_sample=False, **off),
"shipped": dict(do_sample=True, temperature=0.1,
top_k=50, repetition_penalty=1.05),
I "hot": dict(do_sample=True, temperature=1.0,
top_k=50, *xoff)?
if len(sys.argv) > 2:
torch.manual_seed(int(sys.argv([2]))
model.generate(ids, max_new_tokens=40,
**xrules[sys.argv[1]])
new = out[0, ids.shape[1]:]
print(len(new), "tokens, last ID", int(new[-1]))
text = tok.decode(new, skip_special_tokens=True)
print(textwrap.fill(text, 56))

out

OUTPUT OF LISTING 1-11

python3 sample2.py greedy
8 tokens, last ID 7
"Where Coffee Meets Community"

python3 sample2.py hot 0
10 tokens, last ID 7
"Brewed Beats for Comfort"

Greedy wrote "Where Coffee Meets Community" and stopped.
The draw, with seed 0, wrote "Brewed Beats for Comfort", differ-
ent from the first token on. At that first step the plain quote
mark held 62 percent, and the draw took "B, a token holding
about 2 percent. The next section prints those chances. Over the
whole run, 5 of the draw's 10 picks were not the top token.

A tempting belief is that the model itself is random. It is not.
On this laptop, two calls with the same IDs gave exactly the




(VAN B1CO1 - WHAT A MODEL ACTUALLY IS

same scores. The randomness lives in the picking rule, and the
seed pins it down.

CHECK
Two runs of the same prompt give different slogans. Did the model's
scores change between them? No. The scores for the same IDs were
¥ WATCH ouT identical. The picking rule and the seed made the difference.

« WaTCH - 2110 Temperature
OFs10

b
in-l-'nrr
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Temperature

A random draw took a 2 percent token. One number makes the
tern Temperature draws bolder or safer. Temperature is a number every score is

A number every score is divided by before softmax. Below 1, the top token gets even
divided by before

softmax. Below 1, the more of the probability. Above 1, the picks spread out.

top token gets even In code, temperature is [s / t for s in scores], run before
more of the probability.

Above 1, the picks the softmax from earlier. The script below runs it on three
spread out.

made-up scores at three temperatures:

E = 2.718281828459045

= TECHNICAL STUFF def probs(scores, temperature):
I powers = [E %% (s / temperature) for s in scores]
return [p / sum(powers) for p in powers]
words = [" tired", " great", " hungry"]
scores = [2.0, 1.0, 0.0]
for t in (0.1, 1.0, 2.0):
ps = probs(scores, t)
row = " ".join(f"{fw.strip()} {p:6.1%%"
for w, p in zip(woxds, ps))
print (f"temperature {t}: {rowt")

18 &
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OUTPUT OF LISTING 1-12

python3 temp.py

temperature 0.1: tired 100.0% great 0.0% hungry 0.0%
temperature 1.0: tired 66.5% great 24.5% hungry 9.0%
temperature 2.0: tired 50.6% great 30.7% hungry 18.6%

At 0.1, tired takes all but a sliver. The printed 100.0 percent is
rounded: we calculated 99.995 percent. At 1 the shares are 66.5,
24.5 and 9.0 percent. At 2 they spread to 50.6, 30.7 and 18.6.
Dividing by a small number stretches the gaps between scores,
and softmax turns a stretched gap into a near-certain favourite.
Dividing by a large number shrinks the gaps. The order never
changes, so tired stays on top at every temperature.

A low temperature keeps sampling close to the top token
without locking onto it. On the real model, the script below
scores the slogan prompt once and applies softmax at tempera-
ture 1.0 and at 0.1:

import torch
from load import tok, model

Q = "Write a one-line slogan for a coffee shop."
msgs = [{"role": "user", "content": Q%]
ids = tok.apply_chat_template(
msgs, add_generation_prompt=Tzrue,
tokenize=True) ["input_ids"]
with torch.no_grad():
s = model (torch.tensor([ids])).logits[0, -1].float()
for t in (1.0, 0.1):

I p = torch.softmax(s / t, -1)
top = toxch.topk(p, 3)
row = " ".join(f"{tok.decode([int(i)])!r} {float(q):.2%%"

for q, i in zip(top.values, top.indices))
print(f"temperature {t}: frowi")

TEMPERATURE

W TECHNICAL STUFF
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OUTPUT OF LISTING 1-13

python3 firststep.py

temperature 1.0: '"' 62.06% '"S' 25.87% '"B' 2.12%
temperature 0.1: '"' 99.98% '"S' 0.02% '"B' 0.00%

At temperature 1.0 the quote mark holds 62 percent, and "B, the
token the draw took, holds 2.12 percent. At 0.1 the quote mark
holds 99.98 percent. The order is the same.

The model ships its own picking rule in a settings file, which
a later section opens. That rule is the shipped rule in
sample2.py: temperature 0.1, top-k 50, and a small repetition
penalty, which the same later section explains. Here it is with
three seeds:

OUTPUT OF LISTING 1-11

python3 sample2.py shipped 0
17 tokens, last ID 7
"Where Coffee Meets Community: Your Perfect Spot to Sip
and Connect!"
python3 sample2.py shipped 1
12 tokens, last ID 7
"Where Coffee Meets Community: Your Perfect Brew!"
python3 sample2.py shipped 2
17 tokens, last ID 7

"Where Coffee Meets Community: Your Perfect Spot to Sip
and Connect!"

Seeds 0 and 2 wrote the same slogan, and seed 1 branched near
the end. At the branch, after "Your Perfect", the shipped rule
gave Spot 77.7 percent and Brew 22.3 percent, and seed 1 drew
Brew. Across the three runs, 45 of the 46 picks were the rule's top
token. At 0.1, sampling mostly follows the top token, and now
and then it does not. Every run ended on ID 7.

These shipped runs differ from plain greedy for two reasons,
not one. Temperature sampling is one. The repetition penalty is
the other, and the section on the settings file shows it alone
stretching a greedy slogan. So the long slogan is not tempera-
ture's doing alone.



A tempting belief is that temperature changes which word
the model thinks is best. It does not. The order was the same at
every temperature. Another is that 0.1 means 10 percent ran-

domness. At 0.1, a 62 percent favourite became 99.98 percent.

CHECK
With scores 2, 1and 0, which temperature gives the top word the

biggest share: 0.1, 1 or 2? Does the order ever change? 0.1, which
gives it all but a sliver. No, the order never changes.

CHECK
Which of the five slogan runs used different parameters, the model's
learned numbers? None. Only the picking rule and the seed changed.

EX) One missing token

YOU ARE TR L .. : :
HERE : : )
TEXT TO 'V‘IP[ EMBED l"[ 14 BLOCKS l"l SCORES I':VI PICK I
TOKEN IDS A £ g j

The picking rule can change a reply without touching a learned
number. The input can too. The script below calls the model
once and prints the five most likely next tokens with their prob-
abilities. Its --no-bos flag tells the tokenizer to leave out the
start token (BOS, for beginning of sequence), and its --chat flag
is used later:

LISTING 1-14 next.py

import sys, torch
from load import tok, model

text = sys.argv[1]

if "--chat" in sys.argv:
msgs = [{1"role": "user", "content": textt]
ids = tok.apply_chat_template(

CONTINUES OVERLEAF -

TEMPERATURE

@”
<)

= QUICK CHECK

B WATCH OUT

= WATCH - 1:25

One missing token

B TECHNICAL STUFF
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next.py CONTINUED ]

msgs, add_generation_prompt=True,
tokenize=Tzrue) ["input_ids"]
else:

bos "--no-bos" not in sys.argv

I ids = tok(text, add_special_tokens=bos).input_ids

with torch.no_grad():

out = model(torch.tensor([ids]))
scores = out.logits[0, -1].float() # the last position
probs = torch.softmax(scores, -1) # 65,536 values, sum 1
print(len(ids), "IDs in ->", len(scores), "scores out")
for p, i in zip(*toxch.topk(probs, 5)):

piece = tok.decode([int(i)])

print(f" {piece!r:14% id {fint(i):>5% p {float(p):.4ft")

OUTPUT OF LISTING 1-14

python3 next.py "The capital of France is"
IDs in -> 65536 scores out
Paris' id 5242 .9522
Re' id 1416 .0057
Strasbourg' id 51596 .0047
Bordeaux' id 40642 .0032
Lyon' id 26969 p 0.0027
python3 next.py "The capital of France is" --no-bos
IDs in -> 65536 scores out
'<|im_end|>"' id 7 p 0.3349
' is'! id 856 .3349
' the' id 779 .0847
'] id 783 .0293
id 523 .0275

With the start token, Paris holds 95.22 percent. Without it,
five IDs instead of six, Paris is gone from the top five. The
top two picks tie: <|im_end|>, which ends the turn, and a

repeated is.In a separate run that ranked every token,
Paris fell to rank 331 of 65,536.

The model is not broken without the start token. It computes on
different input. The function cannot know which IDs you meant

2 &



ONE MISSING TOKEN

to send, so it computes on exactly the IDs it receives. On this
prompt, one missing ID was enough. Check the IDs you actually
send, including the ones you never typed. A tokenizer flag, a
template, or a prompt string glued together by hand can add
one or drop one, and the printed text looks the same either way.

CHECK

Nobody typed the start token. Can leaving it out change the S
prediction? Yes. On this prompt it moved Paris from 95 percent to <)
rank 331 = QUICK CHECK

EX) A pipeline of stages svaren - 11

YOU ARE e

1 TEXT TOKENS La 14 BLOCK! La
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C
‘rfl
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A pipeline of stages

So what happens to those IDs inside the function? A pipeline is Tern pipeline
a chain of stages in which each stage's output is the next stage's A chain of stages in
input. In code, it is a chain of function calls, such as scores = fﬂ';ﬂﬁ:‘fﬂj‘nlifs
output (norm(blocks(embed(ids)))), or a Unix pipe. Nothing runs SRR MR
that line; it only shows the order.

To see each stage on the real model, the script below listens

in. PyTorch lets a script register a small function that runs

every time a stage runs. The script registers one on each stage,
and each prints the counts of what its stage hands on:

LISTING 1-15 inside.py

import torch
from load import tok, model

= TECHNICAL STUFF
text = "The capital of France is"

ids = tok(text, return_tensors="pt").input_ids
m = model.model

def show(name):

CONTINUES OVERLEAF -

@23
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-

inside.py CONTINUED ]

def hook(module, inputs, out):
I print(f"{name:25% {tuple(out.shape)i")

return hook
m.embed_tokens.register_forward_hook(show("embeddings"))
for i, layer in enumerate(m.layers):

kind = model.config.layer_types[i]

hook = show(f"block {fi:>2% ({kind})")

layer.register_forward_hook(hook)
m.embedding_norm.register_forward_hook(show("final norm"))
model.1lm_head.register_forward_hook(show("output layer"))
print("token IDs", tuple(ids.shape), ids[0].tolist())
with torch.no_grad():

model (ids)

OUTPUT OF LISTING 1-15

python3 inside.py
token IDs (1, 6) [1, 1098, 5706, 803, 4481, 856]

embeddings (1, 6, 1024)
block © (conv) (1, 6, 1024)
block 1 (conv) (1, 6, 1024)
block 2 (full_attention) (1, 6, 1024)
block 3 (conv) (1, 6, 1024)
block 4 (full_attention) (1, 6, 1024)
block 5 (conv) (1, 6, 1024)
block 6 (full_attention) (1, 6, 1024)
block 7 (conv) (1, 6, 1024)
block 8 (full_attention) (1, 6, 1024)
block 9 (conv) (1, 6, 1024)
block 10 (full_attention) (1, 6, 1024)
block 11 (conv) (1, 6, 1024)
block 12 (full_attention) (1, 6, 1024)
block 13 (conv) (1, 6, 1024)
final norm (1, 6, 1024)
output layer (1, 6, 65536)
(% Read each bracket as counts. (1, 6, 1024) means one prompt,
<=

six tokens, and 1,024 numbers for each token. Chapter 2 opens
these counts properly. From top to bottom:

= REMEMBER

Tern embedding

The list of 1,024 ¢ The embedding stage turns the six IDs into six lists of 1,024
TS sl numbers, one per token. An embedding is the list of 1,024
looks up for a token ID:

one row of a big learned

table.
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m A PIPELINE OF STAGES

numbers the model looks up for a token ID: one row of a big
learned table.

¢ The blocks each take the six lists and hand on six lists of the
same length. A block is one repeated stage that reworks
every token's numbers. This model stacks 14 of them.

¢ The final norm hands on six lists of 1,024 numbers, each shrunk
or stretched to the same overall size and then multiplied by a
learned scaling list. The final norm is a last rescaling of each
token's numbers, after the final block.

¢ The output layer is the only stage that changes the count. The
output layer is the last stage. It turns each token's numbers
into a score for every token in the vocabulary.

So every stage hands the next one the same thing, one list of
1,024 numbers per token, until the last stage. The output layer
scores the whole vocabulary after every token of the prompt.
Only the last token's scores rate the next token, and that is the
set scores.py read.

The mix of conv and attention blocks is this model's own
design, and the next two sections open both. The rest of the
pipeline is common to the language models in this book: tok-
enizer, embedding stage, a stack of blocks, final norm, output
layer. A few later models do not follow it at all. Chapter 19
covers a model that returns typed decisions instead of text,
Chapter 20 an image generator, and Chapter 21 a diffusion
model that does not write left to right.

CHECK
The output layer produced 65,536 scores for each of the six tokens.
Why did scores.py use only the last token's scores? Each token's

scores rate what comes after it. The last token's scores rate what
comes after is, which is the token we want next.

Tern block

One repeated stage that
reworks every token's
numbers. This model
stacks 14 of them.

Tern finalnorm

A last rescaling of each
token's numbers, after
the final block.

TerRM output layer
The last stage. It turns
each token's numbers
into a score for every
token in the vocabulary.

<)

H QUICK CHECK
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E) AnID picks arow
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THE MODEL

The first stage turns six IDs into six lists of 1,024 numbers.
Where do those numbers come from? They are looked up, not
computed. In code, the embedding stage is table[id]: indexing
an array of arrays. The script below does that with a table of
four rows of three numbers:

TABLE = [[0.0, 0.0, 0.0], # row O
[6.1, -0.2, 0.3], # row 1
[6.5, 0.4, -0.1], # row 2
[-0.3, 0.2, 0.2]] # row 3

ids = [2, 3, 2]
| rows = [TABLE[i] for i in ids]
for i, row in zip(ids, zrows):
print("ID", i, "->", row)
print("same ID, same row:", rows[O] == rows[2])
print(len(ids), "IDs in ->", len(rows), "lists of",
len(rows[0]), "numbers out")

# one row per ID, no math

OUTPUT OF LISTING 1-16

python3 lookup.py
ID 2 -> [0.5, 0.4, -0.1]

ID 3 -> [-0.3, 0.2, 0.2]
ID 2 -> [0.5, 0.4, -0.1]
same ID, same row: True
3 IDs in -> 3 lists of 3 numbers out

Three IDs went in, and three lists came out, with no arithmetic
at all. The two copies of ID 2 got the very same row. Every time


https://www.youtube.com/watch?v=rMXlNJ3hM3k

AN ID PICKS A ROW

a token appears, it starts from the same list. Training chose the
numbers in each row of the real table.

Why a lookup? Every stage after this one works on lists of
numbers, not on IDs. The ID itself is only an address. ID 5242 is
not "bigger" than ID 1098 in any way that matters to the model.

The script below reads the real table and runs the real
embedding stage on the France prompt:

LISTING 1-17 embed. py

import torch
from load import tok, model

table = model.model.embed_tokens.weight
print(“"table:", table.shape[0], "rows of", table.shape[1])
ids = tok("The capital of France is").input_ids
with torch.no_grad():
out = model.model.embed_tokens(torch.tensor([ids]))[0]
for pos, i in enumerate(ids):
first = [round(float(v), 4) for v in out[pos, :3]]
print(f"{tok.decode([i])!r:17} id {i:>5} -> {firstt ...")
print("each list is its row of the table:
torch.equal (out, table[ids]))

’

OUTPUT OF LISTING 1-17

python3 embed.py
table: 65536 rows of 1024
'<|startoftext|>' id 1 -> [0.0076, 0.0085, -0.001]
'The' id 1098 -> [0.0527, 0.0184, -0.0344]

' capital’ id 5706 -> [-0.033, 0.0505, 0.0184]

" of' id 803 -> [0.0386, 0.0197, -0.0295]
' France' id 4481 -> [-0.0356, 0.0069, -0.033]
' is' id 856 -> [0.0469, -0.0093, -0.0233]
each list is its row of the table: True

The table has 65,536 rows, one per token in the vocabulary, and
each row holds 1,024 numbers. Each of the six IDs picked its
row, and the stage's output is exactly those rows. Nobody
labelled what any single number in a row means. Chapter 3
looks at what the lists can show.

B TECHNICAL STUFF
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Inside a block

TERM Mixer

The part of a block
where tokens share
information with each
other.

TERM CONV

A mixer that blends
each token with the two
tokens just before it
(short for convolution).

Tern Attention

A mixer that lets each
token pull information
from every earlier token,
weighted by content.
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A tempting belief is that the model calculates with the ID
number itself. It never does. The ID only finds a row.

m Inside a block

THE MODEL

YOU ARE g : :
HERE [ TEXT ]b[ TOKENS ]-?[ EMBED ]-»-b[ SCORES ]b[ PICK ]
THE BLOCKS 2 H 0 T

Each token now has its list. What do the 14 blocks do to those
lists? Every block does two jobs. First, tokens share information
with each other. Then each token is reworked on its own.
Reworking means computing a new list of 1,024 numbers from
the old one, with arithmetic on the block's own learned num-
bers. Chapter 3 shows that arithmetic. In code, a block is a func-
tion from six lists of 1,024 numbers to six lists of 1,024 numbers.
Its first part reads across the lists. Its second part loops over
them one at a time.

A mixer is the part of a block where tokens share informa-
tion with each other. This model has two kinds:

¢ A conv is a mixer that blends each token with the two tokens
just before it (short for convolution). Each token's new list is
made from its own list and the lists of the two tokens before
it. The model has 8 conv blocks.

¢ Attention is a mixer that lets each token pull information
from every earlier token, weighted by content. The model
has 6 attention blocks.

The inside.py output above lists them: blocks 0 and 1 are conv,
then the two kinds alternate, and every block hands on six lists
of 1,024 numbers.

Why share at all? A token's list starts out the same after any
sentence, because it is looked up. Without sharing, is would be


https://www.youtube.com/watch?v=ocoGMK3Otdo

worked on the same way whatever came before it. The mixers
are where the earlier tokens get in.

Attention's "weighted by content" means some earlier tokens
count for more than others. In a separate run we recorded
where the last token, is, drew from in the first attention block
(block 2), averaged inside that block. About half came from the
start token, 23 percent from The, and 1 percent from France.
That is one block on one prompt, not a rule about what the
model looks at.

After the mixer, the feed-forward part works on each token
alone. The feed-forward is the part of a block that reworks each
token's numbers on its own, widening them and narrowing
back. Here it widens each list from 1,024 numbers to 2,560 and
narrows it back to 1,024. Each job adds its new list onto the list
that came in, number by number. Each job also starts by rescal-
ing the token's list, as the final norm does at the end. Chapter 8
opens what each part computes.

The parameters are
stored numbers
R —

The stages run on learned numbers. What exactly are those?
The parameters are the model's learned numbers, also called
weights. Training sets them. Running the model only reads
them. Weights is another name for parameters: the model's
learned numbers.

INSIDE A BLOCK

tern feed-forward
The part of a block that
reworks each token's
numbers on its own,
widening them and
narrowing back.

= WATCH - 1:18
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The parameters are
stored nhumbers

TERM parameters
The model's learned
numbers, also called
weights. Training sets
them. Running the
model only reads them.

Tern Weights
Another name for
parameters: the model's
learned numbers.
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In code, the parameters are a dictionary of named arrays,
loaded once from one file and treated as read-only. This model
has 132 named arrays. Three of them, from a run that listed
every name and size:

NAME NUMBERS

model.embed_tokens.weight (the embedding table) 67,108,864

model.layers.0.feed_forward.wl.weight (one feed-forward grid 2,621,440
in block 0)

model.embedding_norm.weight (the final norm's scaling list) 1,024

The script below copies every parameter, runs the France
prompt through the model once, copies them again, and
compares:

RIS stored.py

import torch
from load import tok, model

def snapshot():
return [p.detach().clone() for p in model.parameters()]

before = snapshot()
print("parameters:", f"{sum(p.numel() for p in before):, ")
ids = tok("The capital of France is").input_ids
with torch.no_grad():
model (torch.tensor([ids])) # one full call

after = snapshot()

I same = all(torch.equal(a, b) for a, b in zip(before, after))
print("after one call, every number unchanged:", same)

OUTPUT OF LISTING 1-18

python3 stored.py

parameters: 229,693,184
after one call, every number unchanged: True

After one full call on this prompt, all 229,693,184 numbers were
unchanged. "Learned" means training set these numbers before



>3 THE PARAMETERS ARE STORED NUMBERS

the model shipped. Liquid AI's model card says LFMz2.5 "builds
on the LFM2 architecture with extended pre-training and rein-
forcement learning," with a training budget of 19 trillion tokens,
and that this 230M instruction model was "Distilled from
LFMZ2.5-350M and refined with multi-stage reinforcement learn-
ing." In plain terms, Liquid AI says it trained these numbers on
about 19 trillion tokens of text, then trained them further to
follow instructions. Chapter 6 opens how training changes
numbers.

Because running the model never changes them, the same
stored numbers can serve every user and every prompt. On
disk, they are one file of about 460 megabytes. Chapter 4 opens
how many bytes each number takes.

A tempting belief is that the model learns from your chats as
you use it. Not this model in this code: no number changed. An
app could store chats and train on them later, and that happens
outside the model.

CHECK
After a call, how many of the 229,693,184 numbers changed? None.

m Where the 229.7 million live

SETTINGS
THE MODEL

YOU ARE ' .

were [ oo - S e
A : : .

THE MODEL

None of the parameters change while the model runs. Which
part of the model holds the most of them? The script below
walks every named parameter, sorts it into a group by its name,
and adds up the counts:

B WATCH OUT

B WATCH - 1:35

Where the 229.7
million live
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LISTING 1-19 [ESERELINNY

from collections import Counter
from load import model

def group(name):
if "embed_tokens" in name: return "embedding table"
if ".conv." in name: return "conv mixers"
if "self_attn" in name and "layernorm" not in name:
return "attention mixers"
if "feed_forward" in name: return "feed-forward"
return "norms"

sizes = Counterx()
for name, p in model.named_parameters(): 4 shared: once
sizes[group(name)] += p.numel()
total = sum(sizes.values())
for g, n in sizes.most_common():
print(£f"{g:17% {n:>12,% {100 * n / total:5.1f:%")
print(f"{'total':17% {total:>12,%")
out = model.lm_head.weight
emb = model.model.embed_tokens.weight
print("output layer reuses the table:",
out.data_ptr() == emb.data_ptz())

OUTPUT OF LISTING 1-19

python3 params.py
feed-forward 110,100,480 47 .9%
embedding table 67,108,864 29.2%

conv mixers 33,579,008 14.6%
attention mixezrs 18,874,368 8.2%
norms 30,464 0.0%
total 229,693,184

output layer reuses the table: True

Nearly half the model is feed-forward parts. Attention is the
part people usually name first, and here the attention mixers
are only 8.2 percent. The embedding table alone is 29.2 percent.
The last line shows that the output layer has no numbers of its
own. It scores the vocabulary with the same 65,536-row table
the embedding stage reads from, so the table is stored once and
counted once. A separate output table of that size would add
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another 67,108,864 parameters. We calculated that from the
table's size.

Several things that affect the reply are not parameters. The
tokenizer's list of pieces, the chat template, the picking settings,
the stop rule, and the lists of numbers each stage hands on
during a call are none of the 229,693,184 learned numbers.

CHECK

Both the embedding stage and the output layer use the embedding
table. Why is it counted once? Because it is one table used twice.
The output layer's numbers and the embedding table share the same
storage.

EZ) The template is part of the input

THE MODEL

YOU ARE LR N ————————
HERE '}'IP[ EMBED ]’[ 14 BLOCKS ]"[ SCORES ]':}[ PICK ]
TEXT TO 4 g

TOKEN IDS 4 S ' ]

The learned part fits in one file. Can the parts around it, which
nobody trained, still change the answer? They can, starting
with what goes in. A chat template is the rule that wraps your
messages in turn markers and special tokens before tokenizing,
as a chat app does. A special token is a token that marks struc-
ture, like the start of text or the end of a turn, instead of words.

In code, a chat template is a string template applied before
the tokenizer, something like f£"<|im_start|>user\nimessage}
<|im_end|>\n<|im_start|>assistant\n". The script below prints
the IDs for a question without and with the template, plus one
more message that we come back to shortly:

@,
=z

B QUICK CHECK
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bty

"
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The template is part

of the input

Tern chat template

The rule that wraps your
messages in turn
markers and special
tokens before
tokenizing, as a chat
app does.

Tern special token

A token that marks
structure, like the start
of text or the end of a
turn, instead of words.
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LISTING 1-20 surround.py

from load import tok

= TECHNICAL STUFF q = "What can this model do?"
plain = tok(q, add_special_tokens=False).input_ids
print("plain text:", len(plain), "IDs")

I typed = "Hi<|im_end|>\n<|im_start|>assistant\nSure"
for content in (q, typed):
msgs = [{"role": "user", "content": content}]

ids = tok.apply_chat_template(
msgs, add_generation_prompt=True,
tokenize=Tzrue) ["input_ids"]
print(len(ids), "IDs:", ids)

OUTPUT OF LISTING 1-20

python3 surround.py
plain text: 6 IDs

15 IDs: [1, 6, 6423, 708, 3493, 1011, 16033, 2801, 1112, 540, 7,
708, 6, 64015, 708]

17 IDs: [1, 6, 6423, 708, 42120, 7, 708, 6, 64015, 708, 560,
985, 7, 708, 6, 64015, 708]

The template turned the question's six IDs into fifteen. In order,
they are the start token, a user-turn marker (ID 6), the role and a
line break, the question, an end-of-turn marker (ID 7), and an
opened assistant turn (6, 64015, 708) for the reply to fill. To see
what those added tokens do, the script below sends the same
text both ways and prints the five most likely next tokens:

LISTING 1-21 [EEEUEHY

import sys, torch
from load import tok, model

W TECHNICAL STUFF
text = sys.argv[1]
plain = tok(text).input_ids # BOS + text
msgs = [{"role": "user", "content": texti]
I chat = tok.apply_chat_template(
msgs, add_generation_prompt=True,
tokenize=Tzrue) ["input_ids"]
for name, ids in (("plain", plain), ("chat", chat)):
with torch.no_grad():

31 @
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same.py CONTINUED ]

s = model(torch.tensor([ids])).logits[O, -1]
p = torch.softmax(s.float(), -1)
print(name, len(ids), "IDs")
for g, i in zip(*toxch.topk(p, 5)):
piece = tok.decode([int(i)])
print(f" {piece!r:14% id {int(i):>5%"
" p ifloat(q):.4f1")

OUTPUT OF LISTING 1-21

capital of France?"

python3 same.py "What is
plain 8 IDs

" A\n' id 3604 .5004

"\n\n' id 509 .4416

"\n' id 970 .0249

'<|im_end|>" id 7 .0151

"2\n' i 1784 .0038
chat 16 IDs

'The' i 1098 .9899

'France' id 38234 .0017

'To' i 3097 .0015

'As' i 2777 .0015

'French' id 28794 .0009

The template alone changed the prediction. Both runs used the
same parameters and the same question. As plain text, with
only the start token in front, the top three picks are line breaks,
with about 97 percent between them, as if the model were con-
tinuing a document. Through the template, The gets 98.99 per-
cent, the start of a sentence that answers the question. The
France sentence shifts the same way. As plain text, The capital
of France is puts 95.22 percent on Paris. Through the tem-
plate, its first token is The, at 89.49 percent.

Typed text can fake a turn. The third line of the surround.py
output comes from a user message that contains the typed text
<|im_end|> and <|im_start|>assistant. The tokenizer turned
that typed text into the real control IDs 7 and 6, in the middle of
the message. So the model receives what looks like a finished
user turn, then an assistant turn that already started with Sure.

e
<=
" REMEMBER
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The settings file
rides along

Tern settings file

The file shipped with a
model that sets default
picking rules and the
stop token (generation
config).

= TECHNICAL STUFF
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WHAT A MODEL ACTUALLY IS

Whether user text may produce control IDs is the app's deci-
sion. The parameters have no say.

A tempting belief is that the template is just formatting. It is
part of the input: it changes the IDs, and so the prediction.

EZE) The settingsfile rides along

THE MODEL

YOU ARE S el :
HERE | : ;
AROUND THE [ TEXT ]'P[ TOKENS ]'IP[ EMBED ]f[ 14 BLOCKS ]'P[ SCORES ]':P[ PICK ]
MODEL o B o ommm e o e Sm o e e e e e s e e e e e ! |

The template changes what goes in. A file you never opened can
change what comes out. A settings file is the file shipped with a
model that sets default picking rules and the stop token (gener-
ation config). For this model it is generation_config.json.
Transformers loads it with the model and merges it into every
generate() call. In code, think of default arguments read from a
file and merged with yours, field by field:

from load import model

I g = model.generation_config # loaded from the file

for k in ("do_sample", "temperature", "top_k",
"repetition_penalty", "eos_token_id"):
print(f"{k:20% {getattr(g, k)i")

OUTPUT OF LISTING 1-22

python3 defaults.py
do_sample True

temperature 0.1
top_k 50
repetition_penalty 1.05
eos_token_id 7



https://www.youtube.com/watch?v=WN8DYe9qVZI

KB R-N THE SETTINGS FILE RIDES ALONG

A repetition penalty is a setting that lowers the score of every Tern repetition
token already in the text, so it is less likely to be picked again. penalty
... Cn el dlm i hil - A setting that lowers the

Here a positive score is divided by 1.05. In code it is roughly if e Ty

token in seen: score /= 1.05. A negative score is multiplied by already in the text, so it
is less likely to be

1.05 instead, so either way the score goes down. picked again. Here a
positive score is divided

That penalty changes even a greedy run. Ask generate() for by 1.05.

greedy with only do_sample=False, and it returns the 17-token
"Where Coffee Meets Community: Your Perfect Spot to Sip and
Connect!". Also set the penalty back to 1.0, as sample2.py does
with its off line, and true greedy returns the 8-token "Where
Coffee Meets Community".Nobody asked for a repetition penalty.
The settings file supplied one, and it more than doubled the
reply. The script below shows how, at the step where the two
runs part:

import torch
from load import tok, model

® TECHNICAL STUFF
Q = "Write a one-line slogan for a coffee shop."
msgs = [{1"role": "user", "content": Q%]
ids = tok.apply_chat_template(
msgs, add_generation_prompt=Tzrue,
return_tensors="pt", tokenize=True)["input_ids"]
out = model.generate(ids, max_new_tokens=40,
do_sample=False, # file's penalty on
output_logits=True, # keep raw scores
return_dict_in_generate=True)

new = out.sequences[0, ids.shape[1]:].tolist()
s = out.logits[6][0].float() # step 6, after Community
print("so far:", repr(tok.decode(new[:6])))
seen = ids[0].tolist() + new[:6] # prompt and reply so far
for i in (511, 535): # '"" and '
used = i in seen
I after = s[i] / 1.05 if used else s[i]

print(f"{tok.decode([i])!r:4% score {float(s[i]):6.2f}"
f" used fused!s:5} penalized {float(after):6.2f1")
print("picked:", repr(tok.decode(new[6])))

® s
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OUTPUT OF LISTING 1-23

python3 penalty.py
so far: '"Where Coffee Meets Community'

‘"' score 22.88 wused True penalized 21.79
':' score 22.12 wused False penalized 22.12
picked: ':'

Greedy picks the top score. After "Where Coffee Meets
Community", the closing quote led the colon by under one
point. The quote had already been used, as the slogan's opening
marKk, so the penalty divided its score by 1.05. That took a little
over one point off, down to 21.79, and the colon came out on top.
Greedy took the colon, and the slogan kept going. With the
penalty off, the quote wins, and the slogan closes at 8 tokens.

A tempting belief is that a repetition penalty bans repeats. It
nudged one score by about 5 percent, and that flipped the pick
only because the race was close. Publishers ship defaults like
this to cut down on repeated words; the model card does not
explain this particular value.

The settings file can differ between related models. This
instruction model has a base model, LFM2.5-230M-Base, a pre-
trained version meant for fine-tuning. Its settings file holds no
picking settings at all, so Transformers falls back to its docu-
mented defaults: greedy, and at most 20 new tokens. The stop
rule is configuration too. ID 7 ended every generation in this
chapter, and that rule is a line in the settings file and in code,
not a learned number.

An app adds more on top. It supplies the system prompt, the
chat history and length limits, handles streaming, parses
output such as tool calls, and decides whether control tokens
are shown when IDs turn back into text. When a reply surprises
you, read the settings actually in effect before you blame the
learned numbers.



KB R-N THE SETTINGS FILE RIDES ALONG

CHECK

Why did plain greedy with the settings file run to 17 tokens? At step 6 S
the penalty lowered the already-used closing quote from 22.88 to <)
21.79, below the colon's 22.12, so greedy took the colon instead of " QUICK CHECK

closing the slogan.

CHECK

Name two things that change the reply without changing a single >
parameter. Any two of these: the chat template, a missing start token, <)

the picking rule and seed, the temperature, a settings file you never BIOUTCKCHECK

read, the stop token, the length limit, the system prompt.

® s
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EX) Themap

THE MODEL

YOU ARE e e

SETTINGS

HERE N N
THE WHOLE TEXT TOKENS 14 BLOCKS

MACHINE A el

Every part of the machine gets its own chapter later in the

book:

PART OF THE MACHINE OPENS IN
How many numbers sit in each array; which arrays exist only while a B1C02
model runs

The arithmetic inside every block B1CO3
Number formats and bytes per number B1Co4
Scores to probabilities, and what confidence means B1CO5
How training sets the parameters B1C06
The tokenizer's real rules, IDs and embeddings B1CO7
Norms, attention, adding results back, feed-forward B1C0O8
The generation loop: picking, stopping, and reusing earlier work B1C0O9
Conv blocks and hybrid designs B1C10
Model files, repositories and revisions B1C11
The output layer and the other kinds of output a model can have B1C12
Speed, memory, and compute cost B1C13
Comparing models fairly B1C14
The LFM2.5 family in depth B1C16
Models that replace the loop: typed decisions, image generation, B1C19 to
diffusion B1C21
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1.

Put it together

SETTINGS
THE MODEL

YOU ARE M R .

HERE i : :
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A tokenizer cuts your text into tokens and turns each into an
ID, adding a start token you never typed. The model is a func-
tion: the IDs go in, and one score for every token in its vocab-
ulary comes out. Softmax, a step our code runs, turns the
scores into probabilities that add up to one. Scores and
chances are not an answer, so a loop picks one token,
appends it and calls again until the stop token appears, and
code decides to stop. Greedy takes the top token, sampling
draws by the chances, and temperature sharpens or flattens
them first without changing their order. Inside the function,
each ID picks one row of a learned table, 14 blocks let tokens
share information and then rework each token, and the
output layer scores the vocabulary. The 229,693,184 parame-
ters are the stored numbers those stages read, and running
the model never changes them. Nearly half sit in feed-for-
ward parts, and nearly a third in one table used at both ends.
The chat template, the settings file, the stop rule and your
app sit around the function, were never trained, and still
changed replies in this chapter.

Every number in this machine sits in an array: the stored
parameters, the lists each stage hands on, the IDs the loop
grows step by step. Which arrays did training make, which are
made fresh for one call, and which are kept from one step of a
reply to the next? The next chapter answers that.

17
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m Furtherreading
4 The model card for LiquidAl/LFM2.5-230M on the Hugging Face Hub.

4 Hugging Face Transformers documentation: "Generation strategies" and
"Chat templates," and the LFM2 model page.
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THE MODEL

-

THE MACHINE

WHERE EACH PART IS TAUGHT

model A function: token IDs go in, a score
for every possible next token comes out.

token A small piece of text, often a word
or part of one, that the model reads and
writes one at a time.

tokenizer The program that splits text into
tokens and turns them into token IDs, and
back again.

tokenid The integer that stands for one
token. The model only ever sees these
numbers, never the text.

scores The raw numbers the output layer
gives every possible next token, also
called logits.

softmax The step that turns scores into
probabilities that are all positive and add
up to one.

probability How likely the model rates a
token as the next one, from 0 to 1, shown
here as a percent.

stop token The token that ends a reply.
Here it is ID 7, the end-of-turn marker.
Code watches for it.

parameters The model's learned

numbers, also called weights. Training sets
them. Running the model only reads them.

start token A special token, ID 1, placed
before your text to mark the start of a
sequence.

vocabulary Every token the model can
score: 65,536 of them for this model.

loop Call the model, pick one token,
append it to the input, and call again, until
a stop token appears.

settings file The file shipped with a model
that sets default picking rules and the stop
token (generation config).

greedy A picking rule that always takes
the most probable next token.

sampling A picking rule that draws the
next token at random, weighted by its
probability.

seed A number that fixes the random
draws, so a sampled run repeats on the
same software.

top-k A sampling setting that keeps only
the k most probable tokens and draws
from those. The shipped settings keep 50.

temperature A number every score is
divided by before softmax. Below 1, the top
token gets even more of the probability.
Above 1, the picks spread out.

repetition penalty A setting that lowers
the score of every token already in the
text, so it is less likely to be picked again.
Here a positive score is divided by 1.05.
pipeline A chain of stages in which each
stage's output is the next stage's input.
embedding The list of 1,024 numbers the

model looks up for a token ID: one row of a
big learned table.

m Text becomes token IDs m A modelis afunction Scores become m Chances, not an answer
probabilities
m Areply is aloop m Greedy or arandom draw (WA Temperature m One missing token
m A pipeline of stages m :tr:)iep::laul:lne!:g: are
Where the 229.7 miillion The template is part of The settings file rides
live the input along
P
TERMS - 31 IN THIS CHAPTER

block One repeated stage that reworks
every token's numbers. This model stacks
14 of them.

final norm A last rescaling of each token's
numbers, after the final block.

output layer The last stage. It turns each
token's numbers into a score for every
token in the vocabulary.

mixer The part of a block where tokens
share information with each other.

conv A mixer that blends each token with
the two tokens just before it (short for
convolution).

attention A mixer that lets each token pull
information from every earlier token,
weighted by content.

feed-forward The part of a block that
reworks each token's numbers on its own,
widening them and narrowing back.

weights Another name for parameters:
the model's learned numbers.

chat template The rule that wraps your
messages in turn markers and special
tokens before tokenizing, as a chat app
does.

special token A token that marks

structure, like the start of text or the end of
a turn, instead of words.
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