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WHAT IS A LARGE LANGUAGE MODEL?

The muon crossed the →
detector 0.74

street 0.18

line 0.08

A learned probability distribution
p(next token | context) — billions of parameters 
fit to trillions of words

Sample a token, append it, predict again — 
essays and code emerge from this loop



HOW LLMS READ TEXT
1 · TOKENIZATION

Text becomes integers

The muon cross ed the detector

37 28372 2654 26 10 18519

2 · TOKEN EMBEDDING

Each token id is looked up as a 3D vector

The

0.12, 
-0.87, 
0.34

muon

0.42, 
-1.05, 
0.88

cross

-0.61, 
0.29,
 1.02

ed

0.05, 
0.71, 
-0.44

the

0.12, 
-0.87, 
0.34

detector

-0.93,
 0.18, 
0.56

3 · POSITION ENCODING A DOG BIT A MAN  A MAN BIT A DOG

Each position also gets its own 3D vector
pos 0

0.00, 
1.00,
 0.00

pos 1

0.84, 
0.54,
 0.01

pos 2

0.91, 
-0.42, 
0.03

pos 3

0.14, 
-0.99, 
0.04

pos 4

-0.76, 
-0.65, 
0.05

pos 5

-0.96,
 0.29,
 0.06

Vector embedding= Token embedding + Positional Encoding

Every word, now a 3d vector 

 Build a Large Language Model From Scratch) by Sebastian Raschka



From Attention Scores to Context Vector

Attention scores: 
Dot product with the vector of muon

0.42,-1.05,0.88

muon

query x⁽²⁾

0.12,-0.87,0.34

The

0.15

ω2,1

0.42,-1.05,0.88

muon

1.85

ω2,2

-0.61,0.29,1.02

cross

0.56

ω2,3

0.05,0.71,-0.44

ed

-0.10

ω2,4

0.12,-0.87,0.34

the

0.15

ω2,5

-0.93,0.18,0.56

detector

2.10

ω2,6

z2 = Σi α2,i · x(i) — scores normalized into weights α, each vector scaled and summed

0.12,-0.87,0.34

The

0.05 ⊗
α2,1

0.42,-1.05,0.88

muon

0.07 ⊗
α2,2

-0.61,0.29,1.02

cross

0.34 ⊗
α2,3

0.05,0.71,-0.44

ed

0.02 ⊗
α2,4

0.12,-0.87,0.34

the

0.05 ⊗
α2,5

-0.93,0.18,0.56

detector
0.47 ⊗

α2,6

Σ

Each input vector is multiplied by 
its attention weight, then all six 

results are summed.

Context vector:

-0.60, 0.04, 0.70

z(2)

This is the context vector for “muonˮ 

Every word, now has context vector which contains information of its position 
and context with respect to other words. 



Context vector with trainable weights
Learned matrices Wq, Wk, Wv project each token into query, key & value vectors

“The”

x(1)

0.12,-0.87,0.34

Wk

↓
0.3, 0.6

key k1

Wv

↓
0.2, 0.5

value v1

0.5, 1.3
Query

0.93

ω2,1

↓

0.25

α2,1

“muon”

x(2)

0.42,-1.05,0.88

Wq

↓
0.5, 1.3

query q2

Wk

↓
0.4, 1.0

key k2

Wv

↓
0.3, 0.9

value v2

1.50

ω2,2

↓

0.50

α2,2

…

“detector”

x(T)

-0.93,0.18,0.56

Wk

↓
0.2, 0.4

key kT

Wv

↓
0.6, 0.3

value vT

0.62

ω2,T

↓

0.10

α2,T

Every token produces a key 
and value from its own 

embedding; only the query 
token also produces a query 

vector, used to score 
relevance against every key.

Context vector:

0.30, 0.68

z(2)

The last step multiplies each 
value vector by its attention 
weight α and sums them — 
this is the fully learned 
self-attention context vector 
for “muon .ˮ

Query . Key = Att. 
scores⇒ 

Attn. weights = 
normalised scores

Context vector = ∑ w
i
 . v

i



Particle physics detectors

Particle physics: at the core of it is an algorithm that measure 
particle properties from particle track called track 
reconstruction.



Track reconstruction in particle physics



Track reconstruction: Given a set a space-time hits 
(x,y,z,t), find out how many tracks are present and their 
momenta 

Can one use a LLM for track reconstruction?

How effective will it be?



WHAT LLMS ARE GOOD AT
Mostly text processing… 

Drafting & 
summarising
Emails, reports, reviews

Translation
Language to language — the 
original seq2seq task

Coding
Code is text with rigid 
grammar — models excel 
here

Agentic workflows
cognitive backbone: 
planning, tool usage, 
reflection

⌁ Common thread: text in, text out. Track reconstruction is neither.



TRACK RECONSTRUCTION IS TRANSLATION

LANGUAGE OF DETECTORS

Space-time hits

X (cm) Y (cm) Z (cm) 
23.24 44.52 0.12 
2.34 34.56 0.34 
22.56 54.34 -0.23 
5.45 45.23 -0.32
…

→
track finding 
+ track fitting

LANGUAGE OF PHYSICS

Track parameters

Track Momentum/MeV 
1 200.2 
2 0.9 
3 50.4 …

Can a LLM be designed to do this job?



THE PROBLEM WITH THE DIRECT APPROACH

PROBLEM 1

Textual output is ambiguous
Digits can be interchanged, decimal points interpreted as 
full stops.
200.2 === 20.02

PROBLEM 2

No easy way to verify
p = 200 MeV 
p = 200 mev 



WHERE LLMS STRUGGLE: NUMBERS
Track information is numerical

Numbers are encoded digit-by-digit in base 10 — not as 
magnitudes (Levy & Geva, 2024)

Benchmarks expose fundamental numeracy gaps even in 
flagship models (Li et al., ACL 2025)

Algebraic reasoning fails across complexity dimensions 
(Patil et al., 2026; Boye & Moell, 2025)

A tokenizer happily splits 23.24 into arbitrary fragments

132 + 238 + 324 + 139 = 833

 LLM : 633 or 823 (more string similarity than value 
similarity like 834 or 832) 

Consequently, LLMs treat numbers as discrete tokens rather than continuous 
magnitudes, inherently limiting their ability to understand exact numerical
semantics.



THE KOLMOGOROV TEST: COMPRESSION BY CODE 
GENERATION
The inspiration

Yoran, Ori, et al. "The koLMogorov test: Compression by code generation." arXiv preprint arXiv:2503.13992 (2025).



THE KOLMOGOROV TEST: COMPRESSION BY CODE 
GENERATION
DOMAIN SPECIFIC LANGUAGE

Yoran, Ori, et al. "The koLMogorov test: Compression by code generation." arXiv preprint arXiv:2503.13992 (2025).

Two types of functions: 
Sequence initiators
Sequence modifiers: reversing, repeating, or substituting, split, merge, filter   



THE KOLMOGOROV TEST: COMPRESSION BY CODE 
GENERATION
The inspiration

Accuracy: How accurate the program reproduces the pattern.

Precision: The size of the programme compared to the size of the pattern.



TRACK RECONSTRUCTION IN A SIMPLE DETECTOR
India-based Neutrino Observatory Cosmic Muon Detector Prototype

01 A particle crosses successive detector layers, leaving a hit in each — a 
position (x,y,z), and time t 

02 Track reconstruction: Get the slope and intercept of this track.

03 Slope and intercept:  Gets you the zenith angle (direction) of the 
particle.



TRACK RECONSTRUCTION IN A SIMPLE DETECTOR

returns an array of hits: [12,24,36,72,144,288…]

 The array [12,24,36,72,144,288…] displayed as a track



METHODOLOGY & TRAINING SETUP

Base model & tokenizer t5-small

Architecture text-to-text encoder–decoder

Optimizer AdamW

Clean model 5 × 10⁵ clean tracks

Noisy model 10⁵ clean + 10⁵ noisy

Test sets 10 k clean + 10 k noisy

Supervised seq2seq learning: hits → gen_event(...) — exactly like machine translation.





THE CRUCIAL INGREDIENT

A new term in the loss function

L = LBCE + λ [ (1 − S) + D ]

S — similarity
Fraction of true hits present in the 
predicted array

D — dissimilarity
Fraction of predicted hits not in the true 
array

Code that fails to run
S = 0, D = 1 → maximal penalty. Syntax 
errors are trained away















PITFALLS & OPEN QUESTIONS

The tokenizer fights the numbers
t5-small's default tokenizer treats decimals as text, 
splitting them arbitrarily. A custom numerical tokenizer is 
in development.

The model is experiment-specific
It learned this detector's language. Experiment-agnostic 
training is an open research question.

Real data is the true test
All results are simulation. Benchmarking on real cosmic 
data from the prototype is under way.



Conclusions
LLM-based track reconstruction:

Data compression, for free
The event collapses to one function call — compression ratios 
close to theoretical expectations.

Multi-track by construction
One call per track. Early results: multiple tracks identified 
even under noisy conditions.

Loss on the physics itself
Training optimises hit-pattern agreement directly

A reasoning tool
Track, noise and inefficiency are explicit, readable arguments 
— the prediction explains itself.



Future work

Real cosmic data
Benchmarking on prototype data in 
progress

Custom tokenizer
Numerical tokenisation to replace t5 
defaults

Complex geometries
Magnetic fields & pileup — early results 
promising

Future

J-PARC muon g-2/EDM
Full simulations

Electron-Ion Collider
CNN particle ID · dRICH simulation · 


