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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 goal isto apply the “foundational model” approach to HEP
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SM processes

q >

e 5 process groups (0,1, 2,
3,4 top-quarks) in order to cover
wide range of parameters and final

states b
e GCenerators: MadGraph5 and ><

CompHEP
e ~8M eventsin total

BSM processes




Pre-training task

Pretraining structure:
* |nputs — detector-level variables

MET

pTy nr(ﬂ pxy pyl pzr E
Flavour/charge categorical tags

« Outputs - properties of parton-level
particles

P, N, E —target variables for the
regression task

Flavour/charge categorical tags —
targets for classification task
“High-level” variables (M;W, 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

An event is a set of 4-momenta. We compare three models
that respect this to an increasing degree.

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
* 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

* Lorentz symmetry still only learned

3. Lorentz Geometric Algebra Transformer (LGaTr) -
Lorentz-equivariant prior
* Each token = multivector in C£(1,3)
* Encoder is Lorentz-equivariant by construction
* |Invariant masses and angles are exact, not learned

Physics priors built into the architecture

MLP no symmetry

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

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

DETR permutation-equivariant

Gonnnnnnnnnnnnnnn

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

—————— + Lorentz symmetry SO*(1,3) -------

LGaTr Lorentz-equivariant

multivectors in CI(1, 3) grade-4 (1): pseudoscalar, CP-odd

grade-3 (4): 3-body volumes
—> | grade-2 (6): decay planes
grade-1 (4): (E, px, Py, Pz)
grade-0 (1): scalars, masses

DA X) =N\-D(x)

exact Lorentz covariance by construction




MET Leptons Jets
(B,4 x 8) =32 (B, 12 x 8) =96

\J

MLP: concepts

concat (B, 130)

Data:
) feature_extractor

ez dimensional st yector Block 1 Linear 130—»256—>BvN—>GELU—>Drop (+ residual) 4 5@2@;@;}3%
Arch Itectu re: Block 2 Linear 256 - 256 —» BN - GELU - Drop (+ residual)
« Backbone: Slmple MLP, 4 blocks with Block 3 Linear 256 - 256 —» BN - GELU - Drop (+ residual)

256 neurons each and skip- ; v

con nections, GELU activation Block 4 Linear 256 - 256 — BN - GELU - Drop (+ residual)

Heads: separate Linear layers for every

particle-task type combination [Event features (B, 256)J

 Regression -5 heads (jet, lepton,
neutrino, t, W) , « — / \ — R
RegressionHeads ClassificationHeads AssignmentHeads HLR head

Classification — 5 heads (same)

Assignment -6 heads (t - W,t - %
bW LW >v,W = j, W - j) [
[
L

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)

high-level event observables

jet_cls (B, 12, 3) w_to_lepton (B, 4, 5) (M(t), M(W), HT, ...)

e HLR-1head for all variables

top_reg (B, 4,7) top_cls (B, 4, 3) w_to_neutrino (B, 4, 5) (B, num_hlr_vars)

w_reg (B,4,7) w_cls (B, 4, 3) w_to_jetl (B, 4, 13)

)

) )

jet_reg (B, 12, 7) ]
)

]4

——
— A A A A
L

Losses: MSE for regression and HLR,

Y Y YY)
—_— NN AN N

w_to_jet2 (B, 4, 13)

Cross-entropy (CE) for classification
All heads operate in parallel on theL shared 256-d event embeddiné )

a n d a SS I g n m e nt (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;

e Embedder:
« MLPR®> - RP,D =256

* Learnable type and positional
embeddings

L L 1 {
tk = hk o eLy]pe + Dy,

~—~— N
content (MLP) type embedding  Positional embedding

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 input (jets, leptons,
neutrinos (indirectly via MET))

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 parallel

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

! ' !

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

[ MET ‘ ‘ Leptons ’ [ Jets ’

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

met_encoder
Linear»GELU-Linear

- (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)

encoder layer 1

I

(
( encoder layer 2
( encoder layer 3

e

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

Learnable parton queries
top_queries (4, 256) - w_queries (4, 256)
cross-attention

(memory as K, V) - +

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

decoder layer 1

decoder layer 2

Ny
W

decoder layer 3

!

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

v / ly\

<
Reg. heads Cls. heads Assignment heads HLR head Reg. heads Cls. heads Presence
from encoder from encoder cross-attention pairs + no-match from decoder from decoder 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)]
X . attention-pool over
[neutrlno_reg (B, 4, 4ﬂ [neutrlno_cls (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) ] 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)
PY met_encoder lepton_encoder jet_encoder
Linear»GELU-Linear Linear»GELU-Linear
[ ] - (B, 1, 256)

Linear»GELU-Linear
- (B, 4, 256) - (B, 12, 256)

v v v

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

Heads: Per-Particle heads; each token I

in the backbone output carries

. . Transformer Encoder
information about the relevant TR e dnm
particle, can ignore others i i

« Regression and classification —1for

each token /

encoder layer 1

(
( encoder layer 2
( encoder layer 3

I

H LR - Atte ntlon pOO | | ng Wlth se pa ra te Encoder memor; (B, 17, 256) Learnable parton queries
MET o leptons @ jets (detector tokens) ) top_queries (4, 256) - w_queries (4, 256)
HLR token e L .
= eXP(‘ﬂ«ILR:i/\/E) ’ e Z ' - Transnf_g::?;:rsbffoder
> jepad ©XP(Qhrr %i/ VD) 7 o e el B
Assignment — Bilinear assignment ( R )
heads (key — parent, query — each C )
Satile)) '
d , 8,
Presence — new type Of h ea d S top_d(le):‘(:z tzrk:::rl{t vosl_zdeac (szt))kens)
analogous to classification which only /l\
. . v . 4
p red |CtS |f the curre ﬂt S|Ot haS a Reg. heads Cls. heads Assignme;t heads HLR head Reg. heads Cls. heads Presence
p a rt i C I e from encoder from encoder cross-attention pairs + no-match from decoder from decoder 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)]

attention-pool over
encoder ® decoder] tokeng
with a learnable pool query|(_

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

Outputs of the decoder are unordered, in

[neutrino_reg (B, 4, 4ﬂ [neutrino_cls (B, 4, 7)]

order to match them with targets, set il

top_to_bjet (B, 4, 13) ]

w_to_lepton (B, 4, 5)

- (B, num_hlr_vars)

w_to_jet2 (B, 4, 13)

|
matching is used % wto_newa © 4,5
[

w_to_jetl (B, 4,13) ]
W ~cls | cls aTeg  TEg ) ~k _k
Cyi =FL(gw,yw,) + R(Gw,, yw,) - m; + Z FL(a;, a; )
-~ ~ ke Aw
classification regression ~

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.

assignment




DETR: concepts

L osses:

Regression — MSE for p., n, E, Circular loss for
¢ (naturally periodic)

Lieg(9,y) =

1—cos 0 —Yg) O
|D\{2}\d§ L eod(f — ) 70)

MSE on (pr,1,E)

c1rcular ¢ loss

Classification — Focal loss to deal with heavy
class imbalance

FL(ps) = —(1 — p¢)” log(pe), v =2

HLR — MSE, same as for baseline
Assignment — Focal loss

Denoising — since the changes introduced
complexity, a simple additional task of
removing Gaussian noise from inputs is
added to help during first training steps

“Auxiliary” or deep supervision — all losses
computed on every intermediate decoder
layer

L-1
= 05Lll O

total

=1 oxponnntlal decay

Etotal = i/o/ 5 Ereg TF JLD) = L‘*cls i &,OJ 7 Lassign =F 8 o Ehlr

reg cls assign hlr

£= Etotal -+ ﬁaux iR Ldn
——

main loss  deep supervision  denoising

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
- (B, 1, 256) - (B, 4, 256) - (B, 12, 256)
[ concat tokens + type ing + it beddi - (B, 17, 256) ]

|

Transformer Encoder

layers=6 - nhead=4 - d_model = 256
(MulrrHeadAttennan - MLP, pre-norm, with src_key padding_mask)

encoder layer 1

encoder layer 2

——

encoder layer 3

UL

Encoder memory (B, 17, 256)

MET @ leptons @ jets (detector tokens) cross-attention

(memory as K, V)

Learnable parton queries
top_queries (4, 256) - w_queries (4, 256)

)

Transformer Decoder
n dec_layers = 4
self-attn + cross-attn(memory)
(¥ ax heads, optionai DN-DETR)

~

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

Cls. heads Presence

from decoder from decoder

[ topireg {By431) ] [ top_cls (B, 4,3) ] [top,presence 15,4)]

[ w_reg (B, 4,4) ] [ w_cls (B.4,3) ] [w,presence (B,4i]

Reg. heads Cls. heads Assignment heads HLR head Reg. heads
from encoder from encoder cross-attention pairs + no-match| from decoder
lepton_reg (B, 4, 41] lepton_cls (B, 4, 7) ] top_to_w (B, 4, 5)
attention-pool over
neutrino_reg (B, 4, 4)] neutrino_cls (B, 4, 7)] top_to_bjet (B, 4, 13) encoder ® decoder] token
[with a learnable pool query,
jet_reg (B, 12, 4) ] jet cls (B, 12, 3) ] w_to_lepton (B, 4, 5)

~ (B, num_hir_vars)

w_to_neutrino (8B, 4, 5)

w_to_jetl (B, 4, 13)

w_to_jet2 (B, 4,13)

Full DETR pipeline

Circular: 1 — cos(Ag)

2.0

MSE: (Ag¢)?

1.0

N \ J, o

MSE and circular losses

Match keys DN keys
:
» '
3 '
= 1
] '
3 v attend 1 X blocked
g :
= '
'
:
_______________ Aomoonooooooooo
'
:
o '
2 g
= '
§ X blocked : v attend
= '
e i
'
'
'

Denoising attention
masking



MLP/DETR: Regression

tops, data slot 0 (50000/50000 occupied) — original target order
eta (n=50000)

pt (n=50000) phi (n=50000)

=gt 0.40 -t 07 - rget
rediced u rediced d recictea
05 035
II 06
030
* II *
025
go3 G goe
H 2020 H
] & a
03
02 015
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010
01
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0.0+ 0.00 00
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pt
energy (n=50000)
0.010

Density
Densitv

MLP Circular ¢ loss impact

-1500 -1000 -500 O 500 1000 1500
energy

tops, data slot 0 (50000/50000 occupied) — original target order
pt (1=50000) eta (n=50000) phi (n=50000)
=t 025 - - oot

05 g = redicted Ly = rediced
020
04
203 Y
3 g
a -1
02 010
01 005
004 0001

- redicted 0175
0 1 2 3 4 H 6 7
pt

0150

0125

0.100

Density

0075

0.050

0,025

0.000

energy (n=50000)

0.008

- Torget
- fredicted
0.006 ‘

Density

0.004

0.002

0.000 4
-1500 -1000 -500 O 500 1000 1500
energy




MLP/DETR: Classification

MLP DETR

Confusion matrix: tops Per-class accuracy: tops Confusion matrix: tops Per-class accuracy: tops
1.0 4 === Overall: 0.635 1.0 4 —=- Overall: 0.867
50000 60000
empty 10094 empty
0.8 4 0.8 1
50000
40000
a 2 0.6 1 2 40000 2 0.6 1
k! ] K 2 08
© top q 22850 300002 5 © top q S 5
o o o o o I+
= o o > o o
= < = 30000 <
0.4 4 0.4 4
20000
20000
anti-top 3866 23948 27324 0.2 1 anti-top 4141 5981 0.2 1
10000 10000
; 0.0 - T T . 0.0 .
empty top anti-top empty top anti-top empty top anti-top empty top anti-top
Predicted class Class Predicted class Class
Confusion matrix: leptons Per-class accuracy: leptons Confusion matrix: leptons Per-class accuracy: leptons
120000 120000
1.0 ~-- Overall: 0.869 1.0 -—- Overall: 0.888
empty SPINEE 23 28 1357 242 175 1016 empty JEERED] 28 26 249 223 123 167
B I Rt 100000 -
e+ 794 2670 24 539 433 46 7 0s 1 e+ 668 3185 32 140 435 40 13 0s 1
e-{ 644 28 2683 432 450 11 81 80000 e-{ 597 28 3118 424 118 16 28 80000
8 . 3061 8 . 3061
T u+4{2404 77 146 29307 473 41 308 60000 3 S T 42562 61 178 29429 410 46 70 s £
g 3 2 g 60000 3 3
= < = <
412640 127 137 557 16775 51 79 047 w2472 174 46 461 17119 57 37 047
40000 40000
T+ 2508 188 134 2329 1707 138 66 t+4 2387 199 137 2217 1660 426 44
0.2 1 0.2 1
20000 20000
t-{ 2206 114 178 1783 1632 44 413 t-{ 2364 133 193 1662 1522 48 448
0.0 0.0
empty e+ e u+ b ™ - empty e+ e u+ I ™+ T empty e+ e u+ b ™ - empty e+ e p+ W ™+ T
Predicted class Class Predicted class Class

Similar performance on simple tasks




MLP/DETR: Assignment

Assignment Head Accuracy — Model Comparison

Overall accuracy Assigned-only accuracy
1.0 4 [ MLP baseline 1.0 4 B MLP baseline
@ DETR-DN network @ DETR-DN network
Very few W — jj events
in data —» POOr
> 0.6 > 0.6
© ©
=1 =
performance
0.4 1 0.4 1 /
0.2 1 0.2
0.0 - 0.0 -
top-W top-bjet W-lep W-v W-j1 W=j2 top-W top-bjet W-lep W-v W-j1 W-j2
Assignment: top_to_w (row-normalised) Assignment: top_to_w (row-normalised)
1.0 1.0
0 0.20 0.04 0.16 0.07
0.8
14 036 038 013 0.06 0.06
0.6
[
E 24 019 024 034 0.07 0.06
=
0.4
34 012 017 032 0.49 0.09
0.2
none - 0.03 013 0.01 0.02 0.92
T T T T T T 0.0
0 1 2 0 1 2 3 none
Predicted Predicted

MLP DETR

Much better separation of rarer classes




MLP/DETR: HLR

MLP

HLR: Per-variable correlation (predicted vs target)

- Comparison metric - per-variable “““ e —— HHHHHI
correlation between target and
predicted distributions DETR

° DETR ShOWS better N HLR: Per-variable correlation (predicted vs target) _

reconstruction of all variables

Pearson Correlation

0.6 1 T T 7_77*——ff7_

0.4 1

0.2 H
0.0 1 15 15 1 ) ) ) ) ) () O 1




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
training Sample Model Comparison — Key Metrics

Top-quark classification
(non-empty) = MLP baseline

= DETR-DN network




Geometric algebra

Standard HEP kinematics uses three separate operations: scalar product pq, antisymmetric tensor p#q¥ — pYq*, and Levi-
Civita contraction €,,,.Geometric algebra (GA) unifies all three into one associative, invertible product.

 GA operates on multivectors
* Multivectors can be decomposed into grades (analogous to tensor rank)

* Main operation between multivectors — geometric product, which can be decomposed into grade-decreasing (dot) and
grade-increasing (wedge) products

Pq=p-q+pNq

p-q=3(pg+qp), pAg=3(pq—qp)

T

Dot product - lower grade Wedge product — higher grade

Example in HEP: W — lv decay:

m2

Do Dy = TW (invariant mass), p¢ A\ p, = 6-component bivector (decay plane)

GA can be defined over any real vector space with a bilinear metric. In HEP CI(1,3) is used (Minkowski space)

» Basis vectorsy;

VYo + VYV = 2N,  n = diag(+1,-1,-1,-1) ¥=+1, =-1 (i=1,2,3) I = yov17273, I = -1




Geometric algebra

Every grade can be universally transformed with a single multivector — rotor — using a sandwich product

X+ RXR, RR=1

n_ exp(§>, B e (CI(L,3))s

B? = —1 = spatial rotation, B? = +1 = Lorentz boost
Examples:
2D rotation Lorentz boost
0 0 _ L,a7v/2 _ @ n &
R = 60e1e2/2 — COS 5 -+ sin 5 ejes Rboost =€ — cosh 2 + sinh 5 Y37Y0
v'=RvR

Since every grade transforms with the same rotor — neural network using GA can be equivariant

H(A-z) =A-B(z)«>HRXR)=REX)R




Geometric algebra in HEP

 Event grade decomposition

Grade k (:) Name HEP meaning

0 1 scalar masses m?, Mandelstam p; - Dj

1 4 vector 4-momentum p#

2 6 bivector decay planes p; A p;, Lorentz generators
3 4 trivector 3-body oriented volumes p; A p; A pg

4 1 pseudoscalar CP-odd sign, chirality

« Cayley-Menger collapse - Any Lorentz-invariant scalar built from a higher-grade blade collapses to a polynomial
in {p; - p]-,miz} — GA does not generate new Lorentz-invariant scalars beyond what you already have

* Main benefit of GA is not in new inputs (the only exception is CP-odd pseudoscalar), but in forcing Lorentz-
equivariance by construction
+ Additional example —top-quark spin correlations

« Standard approach: (1) boost 4-momenta to tt rest frame, (2) boost to respective top/antitop rest frame, (3)
project lepton directions onto spin-quantization axis — complex operation needs to be learned

« GA approach —one operation
Bt = py A\ pe A py, B; = py Apg A\ po

~

(Bt Bp)o
|Bt| | By

Ccos Aqsspin ~




A
LGaTr: concepts

Data: each detector token » multivector in Cl(1,3)

Grade-1channel: raw (E, py p_y, p_z) / E_scale, E_scale
=100 GeV

Grade-0 channels: b-tag, lepton flavour, particle type
(5 scalar channels)

Potentially grade-2 pairwise features

Architecture: GATr encoder blocks:

Equivariant linear maps: mix multivector channels,
preserve grade structure

Geometric product layer: channel-wise pairwise

products
(2=

r,8>0
|r—s|<k<r+s

(X(cl)),«(X(C?))s

Gated nonlinearity on scalar norm
X — o((XX)o) - X

Attention: Q, K, V are multivectors

~ scoreij
score;; = (Qi K)o, Attn(Q,K,V); = E softmax ? V;
; d
J

(B, 1, 4) + scalars

MET

Leptons

(B, 4, 4) + scalars

(B, 12, 4) + scalars

\1

— —

Build CI(1,3) multivectors
grade-1 « 4-momentum / E_scale

grade-0 « scalar tags (btag,

lep_flavor, type-id)

v

Append learnable parton query multivectors

v

GATr Encoder (Lorentz-equivariant)

each block: EquivariantLayerNorm — GeometricBilinear / GeometricMHA — EquivariantMLP

( GATrBlock 1 (X8 total) )
( GATrBlock 2 )
( GATrBlock 3 )
A
Equivariant tokens (B, 25, C, 16)
Regression heads Classification heads Assignment heads HLI; head

EquivariantLinear (C-1)
- grade-1 (4-momentum)

grade-0 ® self-norm
— MLP (2C - classes)

per-grade invariant
inner products - MLP

lepton_reg (B, 4, 5)

lepton_cls (B, 4, 7)

top_to_w (B, 4, 5)

neutrino_reg (B, 4, 5)

neutrino_cls (B, 4, 7)

top_to_bjet (B, 4, 13)

jet_reg (B, 12, 5)

jet cls (B, 12, 3)

w_to_lepton (B, 4, 5)

top_reg (B, 4,5)

top_cls (B, 4, 3)

w_to_neutrino (B, 4, 5)

———

w_reg (B, 4,5)

|, U, W, W, W—

—N Y

D, U, W W, W—

w_cls (B, 4,3)

w_to_jetl (B, 4, 13)

[
[
[
[
[
[

Single Lorentz-equivariant stack over detector + parton-query tokens

w_to_jet2 (B, 4, 13)

— AN A_NA_A_J

.

per-grade invariant self-norms
over all 25 tokens
- learned invariant
attention pooling
- MLP

- (B, num_hlr_vars)

all heads read Lorentz invariants of the multivector tokens, so outputs transform covariantly with boosts.




LGaTr proof-of-concept

LGaTr was tested on a simpler task - tt / tWb separation
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(a) double-resonant: tt (b) single-resonant: tW

Event multivector
» Grade-0 - one-hot encoding of the object type (u~,V,,u,d, b b)
* Grade-1-4-momentum
« Grade-2/3 (new) - wedge products of 4-momenta,

Baseline - MLP on hand-crafted scalar features

Results show LGaTr beating the baseline with a significant
margin

True positive rate (tW)

ROC: tW vs tt — parton-level, pr(js) > 10 GeV

= GA (GATr-lite, 5 seeds): AUC = 0.9653 + 0.0006
= REF [B00s:2023kpp] (1 seed): AUC = 0.9594
random
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False positive rate (tf)




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

« Geometric algebra provides further physics-based improvements
by introducing Lorentz-covariance and CP-odd observables. More
detailed study is published in the preprint 2605.15910

. LG?(Tr shows potential on a proof-of-concept tt / tWb separation
tas



https://arxiv.org/abs/2605.15910
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Assignment quality plots

MLP

Assignment: w_to_lepton (row-normalised)
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DETR

Assignment: w_to_lepton (row-normalised)
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HLR quality plots

MLP DETR
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GA variables

# Variable Source Grade  Frame Inv. subgroup
1 m? [4] 0 inv. Y
2 3§ [4,5] 0 inv. Y
3 t [4] 0 inv. Y
4 my; [4,5] 0 inv. Y
5 p; [5] 1 beam  Hjyc
6 1 Y [5] 1 beam SO(1,1),
7 ¢;° [5] 1 beam SO(2),
8 Hp, Sy [4,5] 1 beam Hjyc
9 cosb; [4,20] 0 hel. Y
10 Ady;, AR;; [5,11] 10  beam Hyye
11 ng.emfeuther [21,22] 0/2 inv. raw: N; inv. proj.: Y
12 EMs [5] Limasked p,) beam  Hjyc-only
13 b-tag, T-tag [5] Vit n.a. trivial
14 charge Q, [5] Viay n.a. trivial
15 Tj, trivector dual this work; cf. [18] 3—1  inwv raw: Hyy for T'?3; covari-
ant: Y
16 sgn(p,p,psPa)a this work; cf. [18,22] 4 inv. N (CP-odd 1-bit)
17 sphericity S, aplanarity A  event-shape (standard) n.a. lab n.a. (orth. complement)

18 thrust T, Fox-Wolfram H, event-shape (standard) [23, 24] n.a. lab n.a. (orth. complement)




