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Monte Carlo event generation Primer

Monte-Carlo is the method
of choice for
multidimensional
iIntegration

side-product: events with a
statistical interpretation that
can be projected onto
arbitrary observables
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From matrix elements, we calculate:
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, One generates events x; with weights w.
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What is a negative weight?

(a) (b) (c)

B - V -
Born term Virtual term

Two issues: double counting and divergencies
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R - Real
emission term

- K - Subtraction term

might be negative

Reducing Negative Weights in MC@NLO by Improved Implementation of Born Spreading, Yuxiao Che, 2024



Some main points:




Why is it «<bad»?
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c - constant weight
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Optimizing the event generation
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Cell Resampling

Select an event Add an event Repeat while Redistribute weights
with the negative with the smallest the sum of all so that new weights
weight as the first distance to the weights in cell are positive and the

event (seed) seed IS negative sum is preserved
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Locality-Sensitive Hashing

signature s:’gncéture
a ,

2 hash 1 RS KNN:

X hash 1 Yoy

" ' O(n*n)

] hash 3 hash 3 -oH:

\ / q O(n*log”2(n))
( :

bucket match . .
“——> a and b == candidate pair

https://www.pinecone.io/learn/series/faiss/locality-sensitive-hashing/
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