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Why amplitude surrogates?

Challenge

High-precision amplitudes are 
computationally expensive

The cost grows rapidly with final state 
multiplicity and perturbative order

Exact training data are limited
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Averaging amplification
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Optimal test statistic Cumulative distributions Kolmogorov-Smirnov 
distance

Do we reproduce the distribution within V?
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Differential amplification
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Amplification across phase space
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• Averaging amplification 
provides a robust measure 

• Large equivalent statistics 
across the full spectrum 

• Training statistics drop in 
sparsely populated regions 

• Amplification increases 
where training data are 
scarce



■Amplitude surrogates provide  
statistical amplification beyond 
their limited training statistics 

■Amplification is strongest in 
sparsely populated tails 

■Surrogate Monte Carlo 
preserves the standard 
simulation chain while 
replacing the expensive 
amplitude
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Questions

aim Explore generative amplification with
amplitude surrogates.

• Q1: Can amplitude surrogates amplify beyond

their limited training data?

• Q2: How can we measure the amount of surro-

gate amplification?

• Q3: Can amplification overcome limited statistics

in challenging kinematic tails?

Methods

! Uncertainty-aware L-GATr surrogates approx-

imate gluon-associated Z production ampli-

tudes [5,6].

! Surrogate predictions are evaluated by

reweighting truth events [1].

" Averaging amplification provides a robust but

local measure of surrogate amplification [3].

" Differential amplification provides a global mea-

sure based on the optimal log-likelihood ratio [3].
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• Event generation is replaced by reweighting

truth events using the surrogate predictions.

• Accurate predictions persist with only a hand-

ful of training events in the challenging pZT tail.

• The surrogate to reference ratio approaches

unity with increasing training statistics.

Statistical equivalence
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•nequiv measures how many truth events are

needed to reach the same accuracy as the

surrogate prediction [3].

• The KS distance follows the statistical scaling

up to nequiv, before departing from it.

• When nequiv > ntrain, the surrogate repro-

duces the statistical power of a truth sample

larger than its training set.

Amplification in phase-space
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• The amplification factor G = nequiv/ntrain

quantifies the statistical gain over the train-

ing sample.

• Large equivalent statistics are maintained

across the full pZT spectrum, even as training

data become scarce.

• The resulting amplification increases towards

sparsely populated kinematic tails.

Outlook

• Amplitude surrogates provide significant statistical amplification, reproducing the statistical power of samples much larger than their training data.

• The statistical gain increases towards sparsely populated kinematic tails, where direct Monte Carlo calculations suffer most from limited statistics.

• Surrogate Monte Carlo achieves substantially larger amplification than generative density estimation across the studied processes [3].

• Surrogate Monte Carlo targets the computationally expensive amplitude while preserving the standard simulation chain [1].

• Next: extend amplification studies to higher multiplicities and perturbative orders, where exact amplitude evaluations become increasingly expensive.
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