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LARGE-LANGUAGE
MODEL & TOKENIZATION

LLMs, Tokens, and Other Things We Should Probably Define I
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Transformer model that
uses tokens as input

Very good at learning
the data distribution
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LARGE
LANGUAGE
MODEL ~

Transformer model that
uses tokens as input

Very good at learning the
data distribution

Build the encoder part of a

simple LLM-like model and
make it learn the distribution of
background data so it can flag
anomalous events


https://cds.cern.ch/record/2710169
https://cds.cern.ch/record/2710169
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x Whole idea = convert complicated data into a

representation that the model can understand
Key process of LLMs (= token)

Model knows that there is a limited number of possible tokens
(Think dictionary — limited number of words)

[[ 0.536 -0.594 -0.496 0.514],
[-0.222 -0.439 0.761 -0.247],
Nobody 1 = [0.724 0.178 0.721 -0.083],
Nobody is free until is 2 [1,2,3,4,5,2,3] o) [ 0.065 0.756 0.584 -0.873],
everybody is free. T P 3 / = = = [ 0.95 0.408 0.108 0.926],
_ S5 [-0.222 -0.439 0.761 -0.247],
until 4 o) _8 c [ 0.724 0.178 0.721 -0.083]]
U p—
everybody 5 o £ ©
Everybody should | —| \ Q o [[ 0.95 0.408 0.108 0.926],
be free should 6 [5,6,7.3] e~ [-0.714 -0.162 0.381 0.786]
be 7 - [0.8930.182 0.891 -0.025],
[0.724 0.178 0.721 -0.083]]

Thanks to this process, the model can process complicated data which have meaning to us.
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https://home.cern/news/news/physics/atlas-and-cms-observe-simultaneous-production-four-top-quarks
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P R O C ES S Example for a batch of 1 event

[115. 113.
99. 93,
192. 32

134. 33]. =P

509. O

876. 885]
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TRAINING
P RO C ESS Example for a batch of 1 event

[115. 113.
99.  93.
192.  32.
134. 331.
509. 0.
0 0

876. 885.]
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TRAINING 6
P R O C ES S Example for a batch of 1 event

4VECT Predictions - in event 575 (background)
for Masked Token at Index 4
Predicted token:197 - Masked token:192.0

Param. -- Predict. bin -- True bin

id - = =2 = -2

0.04 pT - - =3 - - -3

[191/)5. 19133. 113, 2 R S
192, 32. 2
134. 331, 2

0.00

o 25 50 75 100

"
150 175 200 225 275 300 325 350 400 425 450 475 525 550 575 600 650 675 700 725 775 800 825 850

g s 3 S g s

~ % m &5 © N

Token Index
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TRAINING 6
P R O C ES S Example for a batch of 1 event

4VECT Predictions - in event 575 (background)
for Masked Token at Index 4
Predicted token:197 - Masked token:192.0

Param. -- Predict. bin -- True bin

id=—- - -2 - -2

0.04 1 pT-- == =3 - - -3

ta-- - -5-- - -4

[19125. 19133. phi - 2

192.  32.
134. 33I1.
509. 0.
0 0
876. 885.]

Probability

25 50 75 100 150 175 200 225 275 300 325 350 400 425 450 475 525 550 575 600 650 675 700 725 775 800 825 8350
© ~ S A0 S 7 S
~ [aY, ™ N © N

Token Index




DATASET & INPUT DATA

Which cats should we use to frain our model? I
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INPUT OF THE MODEL

/ actually 120k of them

] can represent a particle-type
a sequence of t°ken$\w7/ (and charge), its pt, its @ and its ,

the MET, METg of the event...

/, “simulated ATLAS data”

- SM “background” dataset of the Dark Machines Challenge

\> « HW, HWW, tZ, ttH processes
« events are labeled and p, ordered by particle-type
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MET = (magnitude of) missing
transverse energy

Modified from [2]

MET,, = azimuthal angle of MET

4-VECT = (energy. p;. ¢. 1)

4-VECT = (id*, p,. 0, )

P; = transverse mometum

id = particle-type + its charge



REFLECTIONS ON THE
GLOBAL STRATEGY

How to build an anomaly detector that will take us to Stockholm I



(J-OUR IDEA

During Training
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N\

(J-OUR IDEA

inputs | Batches of events Batches of events [ Batches of events J

V | v
ke modo: (N G
v
Sparse cat. cross-entr. | Score reconstruction Score reconstruction Score reconstruction
between predicted | 4vECT (masked 1by]1) MET MET¢
and masked token

Aggregates these 3 scores

Anomaly detector
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(OJ-OUR IDEA

> REFLEXIONS & CHOICES

MET-model

« Should METg be
included in the
eventse
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M ET(p MO D E L o SNEMAY BREEAEN TEREIRE (1D)

num epochs dropoutrate = ROC-AUC

Confusion Matrix for Background Event Reconstruction

0.6 6 0.1 0.5191
2 7 0.05 0.5207
0% 7 0.05 0.5200
3 7 0.05 0.5202
0.4
% 7 0.05 0.5201
fé 4 o Confusion Matrix for Signal Event Reconstruction 8 0.1 0.5191
° .
>
= 8 0.03 0.04 0.15 9 0.1 0.5195
2 -0.2 0 1 0.1 0.5187
N 11 0.1 0.5203
os 8 - 0.18 0.04 0.03 04
2 0.04 ' 11 0.05 0.5198
wy
. ‘ . . 5 12 0.05 0.5200
881 882 ‘ 883 884 885 |9 Q | 0.03 0.3
Predicted Tokens @ ® 14 0.05 0.5197
2 ROC curves calculated at inference for different models
%- 0.04 -0.2
-01
g - 020 0.05 0.04 0.19
881 882 883 884 885

Predicted Tokens




MET MODEL
omepocts aopoutrte OCME

A. VISIVE,

MASKED-TOKEN PREDICTIO

FOR ANOMALY DETECTION AT THE LH

N
C

D

876
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ROC curves calculated at inference for different models

6 0.1 0.5474
6 0.1 0.5475
6 0.05 0.5478
6 0.05 0.5468
14 0.1 0.5438
14 0.05 0.5456
28 0.05 0.5451
31 0.05 0.5445
35 0.05 0.5467

Confusion Matrix for Background Event Reconstruction

877 876

True Tokens
8

2- 036
[s2]
- 021
[s2)

876

0.05

0.08

0.08

0.06

0.02

877

0.05

0.07

0.08

0.08

0.05

878

Predicted Tokens

0.24

0.27

0.22

879

0.03 0.7
0.6

0.04
0.5
0.11 0.4
-0.3

0.24
-0.2

-0.1

880

True Tokens
879 878

880
1

0.27

I
876

0.05

0.05

0.05

0.04

0.02

1
877

0.07

0.09

0.10

0.08

0.07

I
878

Predicted Tokens

0.10

0.21

0.26

0.26

1
879

Confusion Matrix for Signal Event Reconstruction

0.7
0.03
0.6
0.05
0.5
0.10 0.4
0.17
0.2
01

880
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> REFLECTIONS & CHOICES

Receiver Operating Characteristic (ROC) Curves
Comparlson between different tokenlzatlon strateg|es

Should abandon the MET
and METg specific models o8]
Not performing well on g
Thell’ own — dImIﬂISh § METphi LLM
V0.4 ~ (AUC = 0.5200)
the performance of the E: _ METLM
bk 1 (AUC = 0.5467)
global™ model — e
0.2 1 4VECT+IViET+METphi
—  LLMs(AUC = 0.5789)
1 AVECT+MET LLMs
(AUC = 0.5828)
_, Random
0%% 0.2 0.4 0.6 0.8 1.0

False Positive Rate



TOKENIZATION
STRATEGIES

Slicing collisions like a good comté: a token at a time I



OVERVIEW

OF OUR TOKENIZATION STRATEGIES

* VQVAE

« GNN with VQ layer

« 8 "simple” (by-hand) tokenization
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* VQVAE

« GNN with VQ layer

/-'§- by binning the data

« 8 "simple” (by-hand) tokenization



OVERVIEW

OF OUR TOKENIZATION STRATEGIES

* VQVAE

« GNN with VQ layer

/> into how many bins?

/-'§- by binning the data

o 8 “Simp|e” (by—h(]ﬂd) TOkeniZQﬂOﬂ Show are bin edges defined?

A‘
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Input sequence VQ\/AE

v

Encoder Network MET+METg included in the sequence as a token

Repartition of the tokens between signal and background - Number of tokens not used by Background events: 76 and in Signal events: 69
{ Continuous Latent
Represintation
Vector Quantization %
! E | .

Discrete Latent 3 g

Representation » S E>
(codebook indices) I
g |,
Decoder Network 2
{ Reconstructed J 50
sequence o ooz EoariiW har barsiggs 1200
i Token ndex
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Input sequence VQ\/AE

v

Repartition of the tokens between signal and background - Number of tokens not used by Background events: 78 and in Signal events: 69

Encoder Network

Continuous Latent
Representation

v

—
Vector Quantization o)
(@) Histograms of the average scores of reconstructions of all 4VECT of an event 10 Receiver Operating Characteristic (ROC)
Tokenization through VQVAE
‘ E 0014 1 Background //’
. e o [ Signal - 4top ' ,/
D IS Crete L ate nt 8 --—- Optimal Threshold = 6.7788 N
0.012 A ”/
Representation » :
. . Y 0.010 A g . L
(codebook indices) » |
C E 0.008 E o ’,’/
m 8 (”’
c 7
% 8 0.006 0.2 ,/’
Decoder Network =
7 @® Optimal Threshold = 6.7788
0.004 [:Jcommoﬁ Area: 91.14% me= ROC curve (AUC = 0.4556)
0 n0.0 0.2 0.4 0.6 0.8 10

False Positive Rate

0.002 4

Reconstructed P 3
S e q u e n C e | Scof‘e(Sparse CategoricaI%Crossentropy)

= How good is the token reconstruction



Input Graphs
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(nOdeS=4VECT, G N N FOR ANOMALY DETECTION AT THE LHC @
edges = inv. Mass)

‘ used tokens in test dataset: 452
codebook size =512

used tokens in train dataset: 453

Repartition of the tokens between signal and background
T I
1600 - 7, ttWW, ttW, ttH (background)

Continuous Latent e
Representation
Vector Quantization g
Q
l E % 800 1
Discrete Latent 5 8
: o
Representation p ~
- o
(codebookindices) - |
5 Il
) :
. . . ¥ 200 | | |
Classification Head 2 [l
l O % 4 @ P P P Qq,'&q,_\yypécoé\b@m,‘g%&mm@{)b’i@@%@u@o@b"g’m"’bﬁﬁ%& S e B 2 F P &L
Token Index

OUtpUt (2 classes) *Graph Attention Convolution (layer from Graph'Attention Network Architecture [7])



Input Graphs
A. VISIVE, MASKED-TOKEN PREDICT

(n0d68=4VECT, G N N FOR ANOMALY DETECTION AT THE LH
edges = inv. Mass)

Aepartition of the tokens between signal and background

W2 WAL VY, 1 (Background)
- atep

3 GATConv* Layers

« Codebook size: 512
« Num tokens used in test; 452
« Num tokens used in train; 453

Continuous Latent
Representation

}

PP RS OETEOIL PP OIS U
§

V Histograms of the average scores of reconstructions of all 4VECT of an event 10 Receiver Operating Characteristic (ROC)
eCtOI' Qua ntlzatlon Tokenization through GNN
1 Background
. [ Signal - 4top 0.8 1
0.030 1 i ---- Optimal Threshold = 5.6028

0.025 1

Representation

| |
| |
[ Dlscrete Latent J »

Tokens for our model

:Z_'-O.OZO 04
o
codebook indices)
<€ o015
o 021
. D & ShimalThrid - sacze
Classification Head Y TR T
0.005
& 4

|
1
1
1
1
1
i
] -
- i H -
] =
1
l H L
] =1 -
0.000 - o { T — T T
5.4 5.6 5.8 62 6.6 6.8 7.0

( A Score(Spa rse Categorical Crossentropy)

Output (2 classes)

L ) *Graph Attention Convolution (layer from Gra
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BEST TOKENIZATION

SO FAR. . « 5 bins of 20% of p; 3
[* « 5 bins of 20% of |n|
tokengypcr = (catig — 1) X 125 + (catpt —1) X 25+(catn —1) x5+ « 5 geometrical bins of ¢

Repartition of the tokéﬁ%’é(ﬁeen signal and background

e 1 bin perid J

tZ, ttWWw, ttw, ttH (background)
4 top

« 5 bins of 20% of MET
« 5 geometrical bins of METg

2500 4 Receiver Operating Characteristic (ROC) Curves
1(c;omparison between different tokenization strategies
" .
)
¥
= v
£ 20001 -7
S gl
o 0.8 ~
s] /
L
,l
1500 - v
= -
el
£ 06 el
,
2
= %
1000 A 2 s
a il
%
E 0.4 ,//
= e
L
500 e
’l
0.2 e 4VECT LLM
,~° T (AUC = 0.6435)
s 4VECT LLM (encoded with MET&METphi)
Ve " (AUC = 0.6557)
0 T T T R e AAanaasas sosan s S~ ——— Random
,l"') g.)() ,\h _\QQ _\,?Q _\:\h ’LQ'Q ’L""’) ’{,\") agp a;]:') ",’,}Q @Q &f) b?)Q &\") 5;1:) (’;)Q e;“) bé) G,)Q 6\‘1 ’\QQ /\,.:) ’\,\G) Q,QO q;,l‘:) Q;,)O 00 24

0.0 0.2 0.4 0.6 0.8 1.0
Token Index False Positive Rate




BEST TOKENIZATION

SO FAR...

A. VISIVE,

MASKED-TOKEN PREDICTION
FOR ANOMALY DETECTION AT THE LHC

)

Encoding5: Signal(4top)/Background ratio for token occurences
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True Positive Rate
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« 5 bins of 20% of py

« 5 bins of 20% of |n|

« 5 geometrical bins of ¢
e | bin perid

« 5 bins of 20% of MET
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Receiver Operating Characteristic (ROC) Curves

1%omparison between different tokenization strategies
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BEST TOKENIZATION — e

BES A 5 bins of 20% of p. )
y~ | Sbinsof 20% of ||

tokenyyger = (cat;g — 1) X 125 + (catpt — 1) X 25+(catn — 1) X5+ e 5 geomefnccﬂ bins of 1,
Repartition of the tokéﬁ%’é(ﬁeen signal and background o -| b. .d
ttharZ, ttbarWww, ttharw,ttbarHiggs \ In per l J
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Finding the needle in the datastack I



4-TOP EVENTS

Example of a 4-top signature
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since t—W+ b and |V, |4~1
Signature: 0-4 leptons and 4-12 jets

ttW

sincet->W+ b

ttWW

Almost the same
signature
(but 2 b-jets less

@)

Quite similar still
(2 bjets less at
least)

ttZ

H can decay into 2 jets

Z decays 80% into or W-pair or Z-pair

jets or leptonically

Can have a very similar
signature

(still same issues

Can have avery
similar signature to W
(so not good @)




APPLIED TO
RARE EVENTS

bin count/N
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FOR A

Histograms of the average scores of reconstructions of all 4VECT of an event
Encoding 5+ 5bins for MET/METphi(geom), event=[4VECT1, 4VECT2, ..., MET, METphi]

1 Background
[ signal - 4top
---- Optimal Threshold = 4.4447

(Common Area: 71.99%

True Positive Rate

a 5 6 7
Score(Sparse Categorical Crossentropy)

= How good is the token reconstruction

Receiver Operating Characteristic (ROC)
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« Model is tfrained on

background events only

* Trained over 21 epochs

 With batch of 512 events
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BSM EVENTS

SUSY gluino-gluino production (gluino decaying into a tt pair + MET)

Receiver Operating Characteristic (ROC)

bin count/N

Histograms of the average scores of reconstructions of all 4VECT of an event
Encoding 5+ 5bins for MET/METphi(geom), event=[4VECT1, 4VECT2, ..., MET, METphi]
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* Model is trained on
background events only

* Trained over 21 epochs
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Score(Sparse Categorical Crossentropy)

 With batch of 512 events

= How good is the token reconstruction



OUTLOOKS

* Not a fine-tuned model yet

o Still investigating best
tokenization method

« However, method sounds
promising
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True Positive Rate

Receiver Operating Characteristic (ROC) Curves
1Coomparison between different anomaly detection methods
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o
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,," DDD_part_noint [8]
(AUC = 0.754)

DeepSVDD_part_SM 8]
(AUC = 0.480)

DeepSVDD_part_noint|[8
(AUC = 0.518)

DROCC_part_SM[8]
(AUC = 0.590)

DROCC_part_noint|[8]
(AUC = 0.550)

4VECT_LLM
(AUC = 0.6557)

---- Random

©
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CONCLUSION




THANK YOU
FOR LISTENING

Ambre Visive
Nikhef & University of Amsterdam
ambre.visive@cern.ch

i M UNIVERSITEIT
Nik[hef &
R ANOMALY DETECTION AT THE LHC, EPS-HEP 2025 VAN AMSTERDAM




A. VISIVE, MASKED-TOKEN PREDICTION
FOR ANOMALY DETECTION AT THE LHC X

REFERENCES

[1] Vaswani, A., Shazeer, N. et al. (2023). Attention Is All You Need. arXiv preprint arXiv:1706.03762.

[2] ATLAS detector schematics. Atlas experiment website. https://atlas.cern/Discover/Detector

[3] Aarrestad, T., van Beekveld, M., Bona, M. et al. (2022). The Dark Machines Anomaly Score Challenge: Benchmark data and model
independent event classification for the Large Hadron collider. SciPost Physics, 12(1). https://doi.org/10.21468/scipostphys.12.1.043.

[4] Builfjes, L., Caron, S., Moskvitina P. et al. (2025). Attention to the strengths of physical interactions: Transformer and graph-based event
classification for particle physics experiments. arXiv preprint arXivi2211.05143.

5] Van den Oord, A., Vinyals, O., & Kavukcuoglu, K. (2018). Neural Discrete Representation Learning. arXiv preprint arXiv:1711.00937.

irk, J., Hallin, A., & Kasieczka, G. (2024). OmniJet-a: the first cross-task foundation model for particle physics. Machine Learning
nd Technology, 5(3), 035031. https://doi.org/10.1088/2632-2153 /ad66ad

ucurull, G., Casanova, et al. (2018). Graph attention networks. . arXiv preprint arXiv:1710.10903

varro, J., Moreno Llacer M. et al. (2025). Universal anomaly detection at the LHC: transforming optimal
ethod. 85(4). https://doi.org/10.1140/epjc/s10052-025-14087-z.



BACK-UPS

N FOR ANOMALY DETECTION AT THE LHC, EPS-HEP 2025




MET MODEL

ROC curves calculated at inference for different model
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Input sequence VQVAE

v

Encoder Network MET+METg included in the sequence as a token

Signal(4top)/Background ratio for token occurences - Number of tokens not used by Background events: 78 and in Signal events: 69
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Input Graphs
(nodes = 4VECT,
edges = inv. Mass)

|

}

Continuous Latent
Representation

|

Vector Quantization

|

Discrete Latent
Representation
(codebook indices)

Classification Head

}

Output (2 classes)

Tokensfor‘our model
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used tokens in test dataset: 452

codebook _size =512
used tokens in train dataset: 453

Encoding5: Signal(4top)/Background ratio for token occurences
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*Grapl Token Index



Input Graphs
A. VISIVE, MASKED-TOKEN PREDICT

(nOdeS = 4VECT, G N N FOR ANOMALY DETECTION AT THE LH
edges = inv. Mass)

Training of the GNN
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Input Graphs
(nodes = 4VECT,
edges = inv. Mass)

3 GATConv* Layers
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Training of the GNN
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BEST TOKENIZATION

SO FAR...

i begln cat end cat  description
cat _eta=5 0.35 in the transverse plan

Pointing towards the surface Cat _eta=3 .07 forward particle

Gl cat_eta=1 1.6 +inf most forward particle

for eta in absolute values around 20% in each bin

!
cat_id=1 jet
cat_id=2 bjet

Pointing towards A= P

cster o THG cat_id=3 positron
cat_id=4 electron
cat_id=5 antimuon
cat_id=6 muon
cat_id=7 gamma

begin cat end cat description

around 20% in each bin

5 bins of 20% of p;
5 bins of 20% of |n|

5 geometrical bins of ¢

1 bin perid

5 bins of 20% of MET

5 geometrical bins of METg

tokengygcr =
(catyy — 1) x 125
+ (cat,; — 1) X 25
+(cat, — 1) x 5 + cat




BEST TOKENIZATION

SO FAR... * 5 bins of 20% of p; * 1 bin perid
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« 5 bins of 20% of |n| * 5bins of 20% of MET

o

M E 1’-:/0,6\: E,qu) Si ns « 5 geometrical bins of ¢ « 5 geometrical bins of MET¢

3.0

5bins MET, 5GEOMbins METphi: Signal/Background ratio for token occurences Repartition of the tokens between signal and background

ttharZ,ttbarWw, ttharW,ttbarHiggs
4 top

00000




BEST TOKENIZATION

SO FAR...

A. VISIVE,

MASKED-TOKEN PREDICT
FOR ANOMALY DETECTION AT THE LH

Occurrences

Repartition of the tokens between signal and background

4000
ttZ, ttWw, ttWw, ttH (background)
4 top
Il BSM (SUSY gluino-gluino prod.)
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Token Index

o

o O O
& A AP

5 bins of 20% of p;
5 bins of 20% of |n|

5 geometrical bins
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1 bin perid
5 bins of 20% of MET

5 geometrical bins
of MET¢g




BEST TOKENIZATION

A. VISIVE,
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MASKED-TOKEN PREDICTION
HC 20.4
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for Masked Token at Index 5
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