el HARVARD

B8 UNIVERSITY

SymbolicRegression.jl for HEP

MICHAEL FARRINGTON




Motivating Example

— —In the ATLAS TLA di-bjet analysis (Jerry’s thesis) we are

q _, b searching for a new heavy, neutral vector boson
4 Z' decaying to b quarks

b

A

/q/-\.,\,\% —Z’ is produced with an initial state radiation (ISR) photon




Rough Analysis Procedure

—Analysis procedure
1. Apply cuts to signal MC and data

2. Calculate the di-b jet mass m;; and bin it in a histogram
3. Fita combination of signal + background to the m;; histogram

—We are looking for a bump in the m;; spectrum which would indicate the
presence of a resonance



Background Problems

—Largest source of background is “QCD Multijet” i.e. pp — N jets

—QCD multijet background m;; is hard to model in MC, but we know it generally
should be a monotonically falling distribution




ATLAS Solution

F(z) = p1(1 — )szp3+p4 log z+ps (log ) +..
x=myj/\/s

—Functional form designed to rapidly fall as the dijet mass increases

—Designed to be flexible enough to fit the data but rigid enough it doesn’t create
spurious signals



Problems with the Falling Distribution

p2 ,.p3Hpa log z+ps(log z)* +...
f@) =p1(1 —x)Pz

r =myj;/V's

—In some studies you might need a high order polynomial in the exponent to
successfully fit your background

—However, this introduces multiple terms with large logs in the exponent
potentially making the fit unstable



Alternative Background Estimation

—If you need lots of parameters to make your fit converge you might be using the
wrong function

—Symbolic regression helps by finding the “right” function for you

Traditional Fitting Symbolic Regression
Input: f(z) Input: +, —, X, /, cos, log
OUtDUt PosPlsy+++3yPn OUtDUt f(iﬂ)
PosP1y-++yPn



Symbolic Regression Overview

—Symbolic Regression uses an evolutionary algorithm to mutate functions from a
population to generate fit candidates

—Returns fit candidates at every complexity level (number of operators used)

Population of Possible Function
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Evolutionary Algorithm




Evolutionary Algorithm
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Mutation in Detail

—Functions in Symbolic Regression are encoded in an expression tree with
mutations or cross-overs applied to tree nodes

Mutation Cross Over
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Evolutionary Algorithm
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Symbolic Regression in Action

using SymbolicRegression, MLJ

X=0:0.001:1.0
y = @. 3%xM2 + x + 2

Julia

model = SRRegressor(
niterations=1ee,
binary_operators=[+, -, *],

mach = machine(model, x, y)
fitl(mach)

r = report(mach)
r.equations

rd

v 36.8s Julia




Symbolic Regression in Action

e Symbolic Regression Fit Example
8 =
Target: fle) =32"+z+ 2
Current Fit: flz) = 3.505
5 -
= 4
3 -
2 -

0.0 0.5 1.0




Symbolic Regression in Action

3,505 Symbolic Regression Fit Example

Target : flo) =32"+ z+ 2
Current Fit: flz) =6.2463x

0.0 0.5 1.0




Symbolic Regression in Action

3,505 Symbolic Regression Fit Example

Target : flx) =32°+ 2+ 2
Current Fit: flz) =4z + 1.505




Symbolic Regression in Action

3,505 Symbolic Regression Fit Example

l X X Target : flz) =32" + z+ 2
Current Fit : f(z) = 3.93632" 4 2.1863




Symbolic Regression in Action

Symbolic Regression Fit Example

Target : flz) =32" 4+ z+ 2
Current Fit : flz) = 32" + 2+ 2




Symbolic Regression in Action

7-element Vector{DynamicExpressions.EquationModule.Node{Floate64}}:
3.5008499999674734

X * 6.249625187403661

(x * 4.000000000033159) - -1.5084999999953013

((x * x) * 3.93738300285447) - -2.187382768548307

(x - (x * (-2.9999999999981717 * x))) + 2.000000000010351

((2.5844003703629346 - ((x * -2.9999999999993157) * x)) + X) + -0.5844003703627765
(x + ((x * ((x + X) + X)) - -0.7602730135865668)) - -1.239726986413303

flz) =32% +z + 2
f(z) =3z +z +2.58 — 0.58



Template Expression

—Can supply Symbolic Regression with a functional template to use e.g.

£ (2)9(os(@)

—Symbolic Regression will then fit f and g with the operators we supply




Template Expression Testing

—Suppose we have a falling distribution similar to what we might get from QCD, in

this case take a distribution given by
Mock Data Fit
f(.’li‘) — w—(1+0110g($)) * ® Mock Data
10 - +

with Gaussian smearing t
£ '
w 5 ++

—Fit our template to the data with a y? ++'._+_~+~

loss




Template Expression Fitting

model = SRRegressor(
niterations=100,
binary operators=[+, -, *],

mach = machine(model, x, y)
fit!{mach)

r = report(mach)
r.equations

19.5s

13-element Vector{TemplatekExpression{Float64, TemplateStructure{(:B, :E), (), typeof( sr template 208311792687485¢
B ; E =

= I = R = R = [ w = [ = I = = R v = R = B = Y = = [ = |

22



Template Expression Output

Function x?/dof
f(z) = 0.54'°8(®) 21.1
f(z) = (z — 0.08) 105 2.0
f(z) = 0.89(z + 0.08) 0% 1.13
flz) = (1 + 0_005)—(1+0.0910g(a:)) 1.05




Template Expression Output

Mock Data Fit




Conclusion

—Symbolic Regression provides an alternative to a functional fit to estimate
backgrounds

—Its evolutionary algorithm allows it to be flexible and find a good fit for a wide class
of distributions

—It has shown success so far in the TLA Z' — bb analysis



Questions




Backup
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