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Motivation 
• BSM physics search is indirect and requires 

high sensitivity in statistical hypothesis testing


• Optimal sensitivity can be obtained if the 
likelihood is known in a closed form 
 
…but we don’t have access to that.


• Approximation methods: 
 
- matrix element method 
 
- binned analysis 
 
- multivariate binned analysis?


• Selecting one discriminating kinematic variable 
to do the binned analysis is a waste! We should 
be able to do better. 

Test statistics distribution -binned 
analysis, 1 variable
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Methodology: approximating the likelihood
• Simulation events involve an intractable process 

 
 

 
 
 

? 

• We use neural networks to approximate , 
or better, 


• The learning problem 
 

 

 
… in the large sample limit, … 
 

 
 
and we can approximate the likelihood.

dσ(z |H )

dσ(x |H )

dσ(x |H )
dσ(x |H1)/dσ(x |H0)

Loss = ∫e∈H0

dσ0[ f(x)]2 + ∫e∈H1

dσ1[1 − f(x)]2

r(x) dσ(x |H1)/dσ(x |H0)
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Methodology: Parametrisation 
• The form of  is too general: in fact, we 

know that BSM physics plays a part in the form 
 




• We demand this specific form from networks 
 

 
 
- restructure of neural network architecture 
 
- regularisation term  
“physics-informed neural networks” 
 
- doubly parametrised likelihood ratio estimator 

 

f(x)

dσ(x |H1)/dσ(x |H0) = 1 + c#1 + c2#2

r(x) = [1 + α(x)c]2 + β(x)2c2

p(x |θ1)/p(x |θ0)
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Results:  
matrix element, classifier, and parametrised classifier
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Work in progress: Reweighted events
• Event reweighing is a standard technique in simulation, 

for  Wilson coefficients  
 
 
 
 
 
 
 
 
… BSM effects are considered independent from 
showers, detector effects, etc.


• Instead of generating samples according to multiple 
hypotheses in full, one sample with multiple reweights is 
enough. 
 

 

 

M {c0, c1, …cM}

Loss = ∑
ci

∑
e∈H0

w0[ f(x)]2 + ∑
e∈H1

wci
[1 − f(x)]2
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Conclusions
• Approximating the likelihood is very useful in 

obtaining a high sensitivity in hypothesis testing 
 




• Formulating the learning in terms of a classification 
problem derives the estimator of the likelihood ratio 

 



• Parametrisation gives better sensitivity because the 
complexity of the functional space is greatly reduced 

 



• Reweighting is a powerful technique to employ in this 
algorithm to avoid generating data multiple times 

 

tNP = L(data |H1)/L(data |H0)

f(x) large sample limit 1/(1 + r(x))

r(x) = [1 + α(x)c]2 + β(x)2c2

{c0, c1, …cM} {w0, w1, …wM}
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Thank you!
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