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Motivation

Inference with Conditional

x 107!
—— Measured event at 185 GeV
5 [cINN It. 2 =0 -

, ICINN It. i = 1 J

o .
= [cINN It. 7 = 2 ||

—
—
52 —
=

D)

=

>
L
=R = =
) L

Talk Jona l—

AcK » 100 150 200 250

pr [GeV]
2006.06685 5308.00027 2305.10399
Unfolding
1912.00477 2212.08674 2308.12391

Neural Networks

a = 0°, 400 events

10 75/4» :
— hard A, 4/6[
——— Transf s /)6/7
Q- ransfermer SCh
—— Transtusion
S 6-
)
o0
<
T4
\
2 - \\
0- | \ . |
~10 0 10
CP-phase a [°]
2210.00019 2310.07752

Matrix Element Method


https://arxiv.org/abs/2006.06685
https://arxiv.org/abs/2212.08674
https://arxiv.org/abs/2310.07752
https://arxiv.org/abs/2210.00019
https://arxiv.org/abs/2308.12351
https://arxiv.org/abs/2305.10399
http://1912.00477
https://arxiv.org/abs/1912.00477
https://arxiv.org/pdf/2308.00027.pdf
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Generative Neural Networks
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Autoregressive Transformer

Generating Events

Autoregression
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Autoregressive Transformer

Generating Events

Autoregression Gaussian Mixture Model
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Autoregressive Transformer

(Fast) Density Estimation
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Autoregressive Transformer

(Slow) Sampling
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Autoregressive Transformer

Transformer Architecture 1/3
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Autoregressive Transformer

Transformer Architecture 2/3
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Autoregressive Transformer

Transformer Architecture 3/3
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Autoregressive Transformer

Transformer Architecture 3/3

7 /
PR o 1l TransformerDecoder %1
E :
AT — 7. = X N T
: i; - Self-Attention Feed-Forward ;m
\/ ] /

/ \‘ N

4

Input vector can have
any length

X! = ngz act(WgyF lxiy + b};Fl) + b2

;7 V
Xiag = Azj(x) Waﬂ X

x. = WHEx + WgﬁE OneHot(i)

x, WeWE x.
Ay() = Softmax, (=)
” Vd

Linear
<

*neglecting Dropout,
Layer Normalisation,
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Generating LHC Events
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Generating LHC Events

Autoregressive Ordering
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Normalized

Generating LHC Events

Autoregressive Ordering
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Generating LHC Events

Joint Training

Training on 5j only Joint Training on 3j-5j
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Generating LHC Events

Joint Training

Training on 5j only Joint Training on 3j-5j
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Classifier Reweighting

Likelihood Ratio Trick
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Classifier Reweighting

Track the limitations
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Classifier Reweighting o = P
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Normalized

Classifier Reweighting o = P

= = = pmodel(x)
Track the limitations
1.504 7 +ﬂ Train 0412+ 5) —— Test
1 / I: JetGPT D 03 - = —— Train
1.25- J JetGPT AR < 0.4 - S = —— JetGPT
1 ! ol ==
0.2 - - = JetGTP Rew.
1.00 - g | [Ee==- =
'~ = JetGPT w < 0.1
0.75 -
S
0.50 - ! 2| 1.0
0.25 - - H\ —
=
k:n;[ 7
0.00 = | | | .
0 1 2 3 4 5

27



Classifier Reweighting

Overcome the limitations
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Conclusions

* Neural Networks can generate LHC events with
percent-level accuracy

* Autoregressive ordering as powerful handle to
provide implicit bias

* Transformers can be trained jointly on high-
multiplicity datasets

* Neural Classifiers can find and reweight
remaining discrepancies







Generating LHC Events

Preprocessing
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