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Motivation

« CV and NLP domains have seen the
development of “foundational models”,
which are pretrained to infer basic rules of
the domain and then finetuned for specific

downstream tasks

« Modern experiments in High Energy
Physics generate enormous amounts
of data

« Classical ML models require complex
manual customisation for each task

« Our goalistoapply the “foundational model” approach to HEP
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5 process groups (O, 1, 2,
3, 4 top-quarks) in order to cover
wide range of parameters and final
states

Generators: MadGraph5and
CompHEP

~8M events in total

(a)

BSM processes




Pre-training task

Pretraining structure:
 |Inputs —detector-level variables

MET

orn@P,, P, P, E
Flavour/charge categorical tags

« Qutputs — properties of parton-level
particles

P+ M. E —target variables for the
regression task

Flavour/charge categorical tags -
targets for classification task
“*High-level” variables (MW, H;,
pairwise variables)

Decay chain reconstruction

(assignment task) — which jets/leptons

originated from a given t/W

Parton-level targets

Regression

« kinematics of partons: pT, n, ¢, E
for leptons, neutrinos, jets, top, W

Detector-level inputs Network
Sy Network
¢ missing transverse energy (px, py)

Embeds
per-particle
Jets & Leptons encoders
« kinematics: pT, n, ¢, pX, py, pz, E
« flavour / charge — categorical tags Backbone

shared trunk
(MLP / transformer)

Classification

« flavour / charge tags
(mirrors the input categorical tags)

Variable multiplicity

e up to 4 leptons, 12 jets per event
« padded slots marked as 'absent’

Heads

per-task MLPs

High-level regression

« M(t), M(W), HT, pairwise observables
» event-level summary variables

Decay-chain assignment

« which jets / leptons originated from
each top quark / W boson?
« discrete pairing of detector < parton

Pretraining: predict parton-level truth from the detector-level event description

(four heads share the same backbone, trained jointly on a multi-task loss).




Models

1. MLP — no prior
 Event » flat 130-d vector [MET |4 £x 8|12 x 8],
zero-padded.

 Permutations and particle types must be learned
from data

e 4-momenta enter as normalized scalars » Lorentz
symmetry broken

2. DEtection Transformer (DETR) —set +

decay-tree prior

 Event » 17 tokens {MET, ¢, j}; attention is
permutation-equivariant within each type

Physics priors built into the architecture

MLP no symmetry

flat 130-d vector [MET | 4£x8 | 12jx8]

———————— + permutation symmetry - - - - - - - -

DETR permutation-equivariant

Goonnnnnnnnnnnonn

set of 17 typed tokens {MET} U {/;} U {jx}




MLP: concepts

Data:

130-dimensional flat vector

Architecture;

Backbone: Simple MLP, 4 blocks with 256
neurons each and skip-connections,
GELU activation

Heads: separate Linear layers for every
particle-task type combination

. \F/Q\}%gression -5 heads (jet, lepton, neutrino, t,

« Classification — 5 heads (same)
« Assignment-ocheads(t->W,t—>bW>I[W >
V!W _)jlrW _>]2)
« HLR-1head for all variables
Losses: MSE for regression and HLR,

Cross-entropy (CE]J for classification and
assignment.

MET
(B, 2) (B, 4 x 8) =32 (B,12x 8

Leptons Jets

) =96 ’

}}{

!

Block 1 Linear 130 -» 256 - BN - GELU - Drop (+ residual)

feature_extractor
num_layers=4
hidden_dim=256
) dropout=0.2

Block 2 Linear 256 —» 256 - BN - GELU - Drop (+ residual)

v

Block 3 Linear 256 —» 256 - BN - GELU - Drop (+ residual)

v

Block 4 Linear 256 —» 256 - BN —» GELU - Drop (+ residual)

&

!

{Event features (B, 256)

/\

RegressionHeads

ClassificationHeads AssignmentHeads

lepton_reg (B, 4, 7)

lepton_cls (B, 4, 7) top_to.w (B, 4,5) ]

neutrino_reg (B, 4,7

neutrino_cls (B, 4,7 top_to_bjet (B, 4, 13) ]

top_reg (B, 4,7)

top_cls (B, 4, 3) w_to_neutrino (B, 4, 5)

w_reg (B,4,7)

[
[
[ jet reg (B, 12,7)
[
[

)
) ]
]
)
)

w_cls (B, 4, 3)

1|1
B
jet cls (B, 12, 3) ] [ w_to_lepton (B, 4, 5) ]
1|1
JI |1

— e e

w_to_jetl (B, 4, 13) ]

[ w_to_jet2 (B, 4, 13) ]

HLE head

high-level event observables
(M(t), M(W), HT, ...)

(B, num_hlr_vars)

All heads operate in parallel on the shared 256-d event embedding
(each head: Linear - GELU - Dropout - Linear; assignment outputs carry an extra '+1 no-match' column)




DETR: concepts

« Data:

5-dimensional token for every particle, 25
tokens in total

 Architecture;

Embedder:
« MLPR®>—-RP, D =256
» Learnable type and positional embeddings

¢ _ g0 [1] ¢

t, = h’k: +etype+ Di
~~~ —— ~~~
content

type position

Backbone: Transformer Encoder-Decoder

with Multi-head attention, used
configuration is 4 layers with 4 heads for

each part

« Encoder only deals with particles present in
the in ut(j ets, leptons, neutrinos (indirectly
via M

. Decoder uses learned query tokens and the
full decoder outPut to attend to t/W. These
tokens are initialized as N (0, 0. 02) and then
trained by the model in paralle

(B, 2) (B, 4, 8) (B, 12, 8)

: ! |

jet_encoder ]

MET ’ ‘ Leptons ’ Jets ‘

lepton_encoder
Linear-GELU-Linear
- (B, 4, 256)

Linear-GELU-Linear

Linear-GELU-Linear
- (B, 12, 256)

- (B, 1, 256)
v v v

[ concat tokens + type embedding + positional embedding - (B, 17, 256) ’

}

Transformer Encoder
n_enc_layers =6 - nhead =4 - d_model =256
(MultiHeadAttention — MLP, pre-norm, with src_key_padding_mask)

met_encoder ‘

encoder layer 1

U

encoder layer 3

e

(
( encoder layer 2
(

Encoder memory (B, 17, 256)
MET o leptons @ jets (detector tokens)

Learnable parton queries
top_queries (4, 256) -

cross-attention

w_queries (4, 256)

(memory as K, V) 7

—>-

Transformer Decoder
n_dec_layers = 4
self-attn + cross-attn(memory)
(+ aux heads, optional DN-DETR)

C decoder layer 1
( decoder layer 2
( decoder layer 3

.

Decoder output (B, 8, 256)
top_dec (4 tokens) -

w_dec (4 tokens)

A

Reg. heads

from encoder

HLR head Reg. heads Cls. heads

from decoder from decoder

Cls. heads Assignme;t heads

from encoder cross-attention pairs + no-match

Presence

from decoder

[Ieptonireg (B, 4, 4)] [ lepton_cls (B, 4,7) ]

top_to_w (B, 4,5) ]

[ top_reg (B, 4, 4) ] [ top_cls (B, 4, 3) ] [topipresence (B, 4)]

[

eutrino_reg (B, 4, 4)] [neutrinoicls (B, 4, 7)|

attention-pool over

[ w_reg (B, 4,4) ] [ w_cls (B, 4, 3) ] [wﬁpresence (B,4)]

—_—

R (G 5e) ] encoder ® decoder] tokeng
with a learnable pool query

[ jet_reg (B, 12, 4) ] [ jet_cls (B, 12, 3) I

w_to_lepton (B, 4, 5) ]

- (B, num_hlr_vars)

w_to_neutrino (B, 4, 5)

w_to_jetl (B, 4,13)

w_to_jet2 (B, 4,13)

DETR-style encoder-decoder. Lepton / neutrino / jet heads read encoder memory; top /W / presence heads read decoder output.
Assignment and HLR heads consume both encoder memory and decoder output.




MET Leptons Jets
(B, 2) (B, 4, 8) (B, 12, 8)

DETR: concepts — ‘

lepton_encoder jet_encoder
Linear-GELU-Linear Linear-GELU-Linear Linear-GELU-Linear
- (B, 1, 256)

+ 1 256) - (B, l: 256)
HeadS: per_pa I’tiC|e heads; ea.ch token.in [ concattokens+typeembedding+pIsitionalembedding - (B, 17, 256) ’
the backbone output carries information e —

about the relevant particle, can ignore

n_enc_layers =6 - nhead =4 - d_model =256

t h (MultiHeadAttention - MLP, pre-norm, with src_key_padding_mask)

encoder layer 1

(
. . . . [ encoder layer 2
 Regression and classification —1 for each (

token -
e HLR - Attention pooling with separate y

Encoder memory (B, 17, 256)
HLR toket expldler z1/v/D)

MET o leptons @ jets (detector tokens)
Q; =

Y ¢pad i 25/ VD)’

U

Learnable parton queries

Crose.attention top_queries (4, 256) - w_queries (4, 256)
(memory as K, V)

v
huLr = ) o 2
i

Transformer Decoder

n_dec_layers = 4
self-attn + cross-attn(memory)
(+ aux heads, optional DN-DETR)

« Assignment — Bilinear assignment heads i )

( decoder layer 2 )

(key— parent, query — each child) ( == J
* Presence - new type of heads analogous

Decoder output (B, 8, 256)

to classification which only predicts if the fopdecforTy fec @t
current slot has a particle ! ) —— |

. Reg. heads Cls. heads Assignme;t heads HLR head Reg. heads Cls. heads Presence
O u t p u tS Of t h e d e Cod e r. a re u n Orde re d' I n from encoder from enco der cross-attention pairs + no-match| from decoder from decoder from decoder
order to match them with targets, set (im0 00) || (om0

top_to_w (B, 4,5) ]

[ [ top_reg (B, 4, 4) ] [ top_cls (B, 4, 3) ] [topipresence (B, 4)]
M : : . attention-pool over
| I l a tC h I n I S u Se d {'\eutrlnoﬁreg (B, 4, 4)] [neutrlnoicls (B, 4, 7)| [ top_to_bjet (B, 4, 13) ] encoder ® decoder] tokens [ w_reg (B, 4,4) ] [ w_cls (B, 4, 3) ] [ w_presence (B, 4) ]
- - with a learnable pool query
[ jet_reg (B, 12, 4) ] [ jet_cls (B, 12, 3) I w_to_lepton (B, 4, 5) ]

- (B, num_hlr_vars)

w_to_neutrino (B, 4, 5)

w_to_jetl (B, 4,13)

J

>
~~ ~~ d k GAW
classification regression ~

C = FL(5, yik) + R@NE, yiF) -m;+ > FL(@a, ab)

w_to_jet2 (B, 4,13)

>y

DETR-style encoder-decoder. Lepton / neutrino / jet heads read encoder memory;
v 1] m

assignment

resence
Assignment and HLR heads consume both encoder memory and decoder ou:




MET Leptons Jets
(B, 2) (B, 4, 8) (B, 12, 8)

| | |

met_encoder lepton_encoder jet_encoder
Linear-GELU~Linear Linear~GELU-Linear Linear—GELU~Linear
256) > (B, 4, 256) > (B, 12, 256)

] ] ]

Transformer Encoder
n_enc_layers =6 - nhead =4 - d_model = 256
(MultiHeadAttention » MLP, pre-norm, with src_key_padding_mask)

__"_
UL

or
° Encoder memory (B, 17, 256 Learnable parton queries

)
MET @ leptons @ jets (detector tokens) top_queries (4, 256) - w_queries (4, 256)

«  Regression — MSE for p,,n, E, Circular loss for ¢ (naturally periodic) T m——

Decoder output (B, 8, 256)

Ereg(@a y) = Wl{2}| Z(gd - yd)2 + 1- COS((QQ — yg) . O'qg) v

d+#2 N~ top_dec (4 tokens) - w_dec (4 tokens)
~ circular ¢ loss / l\
. . MSE on (pT ’ T), E) . . Reg. heads Cls. heads Assignment heads HLR head Reg. heads Cls. heads Presence
. C | aSSlfI Cat ion — FOCB | |OSS .to d ea | Wlt h h eavy C | assim ba | ance from encoder from encoder cross-attention pairs + no-match| from decoder from decoder from decoder

lepton_reg (B, 4, 4) [\epwn;\s (8,4, 7)] top_to.w (B, 4,5) [ top_reg (B, 4,4) ] [ top_cls (B, 4,3) ] [wp,presen:e (8, 4)]
e

o
attention-pool over
o ey @.5.9) || (eamn e @) | | (T @ ) || enterpolover | (e a e wen | || [ w0

£
[ jwith a learnable pool query|

FL(pt) = —=(1 —p)” log(pr), v =2 | = e

w_tojetl (B, 4,13)

w_to_jet2 (B, 4,13)

e HLR-MSE, same as for baseline

« Assignment - Focal loss Full DETR pipeline
« Denoising - since the changes introduced complexity, a simple Chentans 1 coan

additional task of removing Gaussian noise from inputs is added Match keys DN keys

to help during first training steps .

«  “Auxiliary” or deep supervision — all losses computed on every | D eetes
intermediate decoder layer " g ;
MSE: (Ag¢)?* E

L—1 l T N R (R R s

£aux = Z 0'5(L_1_l) £Eo)tal 2 i

=1 %’ X blocked ! V attend
Etotal = Wreg Ereg + Wels »Ccls + Wassign Eassign + Whlr »Chlr A X 1 | / Ao :

L= Lita +  Lax + Lan MSE and circular losses Denoising attention masking




MLP/DETR: Classification

MLP DETR

Confusion matrix: tops Per-class accuracy: tops Confusion matrix: tops Per-class accuracy: tops
1.0 ——- Overall: 0.776 1.0 A —=—- Overall: 0.819
100000
empty 106346 empty 118094 100000
80000 80000
« o
s € 8 <
° t 112983 60000 3 b t e 60000 3
2 © > 5]
= =
40000 40000
tbar 4 thar
20000 20000
empty t tbar empty t tbar empty t tbar empty t tbar
Predicted class Class Predicted class Class
Confusion matrix: leptons Per-class accuracy: leptons Confusion matrix: leptons Per-class accuracy: leptons
1.0 4 —=—=- Overall: 0.856 1.0 4 ——- Overall: 0.880
empty RZOEER] 37 33 4464 582 300 3038 empty ZZWAEM 74 74 700 526 315 426
200000 L. B -] T I
e+ 1601 4647 33 1660 856 110 24 08 1 e+ 1486 5999 8L 424 870 57 14 084
e {1313 44 4391 940 1712 54 216 e-{1381 8 5853 917 314 37 85
150000
06 150000 06
n 6 n 64
s g g 8 ¢ 8
O mu+{4596 438 289 57817 994 174 1287 2 3 O mu+{5307 167 392 58513 891 92 233 3 5
E o g E} (S
= 100000 < = 100000 <
0.4 1 0.4 1
mu-{ 5146 262 429 1090 33372 122 268 mu-{ 5149 381 163 987 33800 90 119 "
tau+{ 4923 382 224 4534 3398 350 261 50000 021 tau+ { 4895 458 280 4611 3414 313 101 50000 024
tau-{ 4095 229 305 3525 3278 159 1146 tau-{ 4906 267 392 3484 3159 123 406
0.0 - T T T T T T T 00 4
empty e+ e- mu+  mu-  tau+  tau- empty e+ e- mu+ mu- tau+ tau- empty e+ e mu+  mu-  taut+  tau- empty e+ e mu+ mu- tau+ tau-

Predicted class Class Predicted class Class




MLP/DETR: Assignment

Overall accuracy Assigned-only accuracy

1.0 1.0
mmm MLP baseline mmm MLP baseline

mmm DETR mmm DETR

0.8 0.8 q

Very few W — jj events
in data — poor

> >
(=] (=]
i c
3 3
< o performance
0.2 1 0.2 4 /
0.0 0.0 -
top-bjet top-W W-lep WAy WH1 W-j2 top-bjet top-W W-lep Wy WH1 W-j2
Assignment: top_to_w (row-normalised) Assignment: top_to_w (row-normalised)
_tO_ 1.0 —_— 1.0
0 ' 021 0.05 0.04 0.04 0 4 0.35 021 023 012 0.09
0.8 0.8
1 0.29 041 0.12
0.6
[}
E 2 018 0.22 0.
=
r0.4
3 017 018 0.20
F0.2
none - 011 013 0.02
—- 0.0

Predicted

DETR

Predicted

MLP

Much better separation of rarer classes




MLP/DETR: HLR

MLP

HLR: Per-variable correlation (predicted vs target)

- Comparison metric — per-variable “““‘ HHHHI
correlation between target and
predicted distributions DETR

° DETR ShOWS better N HLR: Per-variable correlation (predicted vs target) _
reconstruction of all variables | ||||‘




MLP/DETR: verdict

« DETR outperforms MLP in all 4 tasks, with the most significant
Improvements in assignment and classification

« Circular loss on ¢ yields a more bounded and physical predictions

« Poor W - jj assignment is caused by lepton mode dominating the

t ra I n I n g Sa m p | e Model Comparison - Key Metrics (retrain-430)

Top-quark classification
(non-el mpty)
e M|LP
DETR

Decay products assignment

ccuracy (assighed;
top-quark)




Conclusion

* Foundational models provide a unified
framework for various top-physics analyses

* Neural-networks-based solutions are capable of
complex event reconstruction

 DETR-like architecture outperforms MLP across
all 4 tasks; largest gains on complex tasks
(assignment, top-quark classification)
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