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l Why (I am interested in) amplitude interpolation

NLO QCD corrections to HH and HJ production
Borowka, Greiner, Heinrich, Jones, MK, Schlenk, Schubert, Zirke 1604.06447

Jones, MK, Luisoni 1802.00349

based on numerical integration of 2-loop integrals
e slow, runtime per phase-space point: - median 2h on GPU
- up to 2d, may not reach desired precision
 for fixed-order results: optimized phase-space sampling based on unweighed LO event

— can generate FO results using only 665 phase-space points

— can not be directly interfaced to parton-shower MC,

— amplitude interpolation


https://arxiv.org/pdf/1604.06447
https://arxiv.org/pdf/1802.00349
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Current project: 2-loop corrections to tfH production
e first results: Agarwal, Heinrich, Jones, MK, Klein, Lang, Magerya, Olsson 2402.03301

- N¢ - contributions to qg — ttH,

- only 1d and 2d splices in phase space
o full 2-loop corrections & pheno applications
— need integration over 5-dimensional phase-space
— construct interpolation framework; try to minimize number of amplitude results required
Bresd, Heinrich, Margery, Olsson 2412.09534


https://arxiv.org/pdf/1604.06447
https://arxiv.org/pdf/1802.00349
https://arxiv.org/pdf/2402.03301
https://arxiv.org/pdf/2412.09534

l HH — Gnd interpolation Heinrich, Jones, MK, Luisoni, Vryonidou 1703.09252
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amplitude regression using neural network (MLP), ,

avoid divergences in IRC limits by multiplication of amplitude with  3%(1— 3)(1 —cos*6) where P
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https://arxiv.org/pdf/1703.09252
https://arxiv.org/pdf/2409.05728

l |nterp0|ating AmplitUdes [Bres6, Heinrich, Margery, Olsson 2412.09534]

Methods:

e Polynomial interpolation

e B-splines

e Sparse grids

e Machine Learning (MLP, L-GATr)

Test functions:
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¢ f3:
I
o fs:
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gg — 1tH
gg — tH

Approximation error based on L'-norm, target for e < 1%
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https://arxiv.org/pdf/2412.09534

|nterp0|ating AmplitUdes [Bresé, Heinrich, Margery, Olsson 2412.09534]
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https://arxiv.org/pdf/2412.09534

|nterp0|ating AmplitUdes [Bresé, Heinrich, Margery, Olsson 2412.09534]
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— Adaptive grids are preferred method © large n


https://arxiv.org/pdf/2412.09534

l |nterp0|ating AmplitUdes [Bresé, Heinrich, Margery, Olsson 2412.09534]

Machine Learning Techniques:
« MPL (Multilayer perceptron, 5 layers, 512 channels each)
o L-GATr (Lorentz-Equivariant Geometric Algebra Transformer) [Brehmer, Bress, de Haan, Plehn, Qu, Spinner, Thaler 2405.14806, 2412.09534]

respects space-time symmetry: f(A(x)) =A(f(x))

Approximation error of fj Approximation error of f, i Approximation error of f5
- 10

10° 07 — 1TH @ OL 10° gg - TH@ 1L g9 > He @ 1L
10! 102
102 10_1 10—4
107 10—6

» 1077
10 10—8
10° —— MLP -0 T MLP

10~° -~ [-GATr —— L-GATr
10° 10" 10° 10° 10* 10> 10° 10° 10 10 10° 10* 10> 10° 10" 10? 10* 10°
n n T

— Error does not improve beyond ©(10™%) level, even for HJ amplitude


https://arxiv.org/pdf/2412.09534
https://arxiv.org/pdf/2412.09534

Frequency [%)

Optimising simulations for diphoton production at

hadron colliders using amplitude neural networks

partition phase-space into IRC regions according to FKS and train one NN for each region — ensemble of neural networks

3 hidden layers: 30-40-30
100k training points
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points with large deviations typically phase-space suppressed
— still results in good predictions of cross sections

Aylett-Bullock, Badger, Moodie 2106.09474


https://arxiv.org/pdf/2106.09474

l A factorisation-aware Matrix element emulator

Ansatz for fit using NN:

((Mns1l?) = ) CijeDiji

{ijk} f ’\

fit coefficients

— reliable results also in IRC limits
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https://arxiv.org/pdf/2107.06625

l Summary

e Multiple Method:
- classical methods

(polynomial interpolation, splines, sparse grids)
- Machine learning

o Different strategies to deal with singularities:
- subtract singular terms before fit
- fit coefficients of singular terms
- ensembles of neural networks

- avoid by multiplication with appropriate factors



l Summary & Open Questions

e Multiple Method:

- classical methods e Which method works best for a given use case?

(polynomial interpolation, splines, sparse grids)

Machine | . e Which precision is required?
- Machine learnin _ _
5 (on amplitude / cross section)

: : . . " . : Crac?
o Different strategies to deal with singularities: How to deal with uncertainties:

- subtract singular terms before fit (of input data; uncertainties due to interpolation)

- fit coefficients of singular terms e How can we incorporate parametric dependencies?
- ensembles of neural networks (anomalous couplings, scale dependence, ...)
- avoid by multiplication with appropriate factors . ..



