Detector optimization




Detectors

Detectors in high energy physics experiments are
sophisticated and expensive.

The detectors consist of different parts: tracking system,
Ring Image Cherenkov detector, electromagnetic and
hadronic calorimeters, muon system.

Each of these parts have thousands of sensors which
register particles and measure their momentum and energy.

Layout of the sensors affects precision, efficiency and cost

B

of the detectors.




LHCb detector
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CMS detector
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ATLAS detector
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ATLAS inner tracking system
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Detector optimization

The goal of the detector optimization is to find optimal
layout of sensors in the detector.

To do this an objective function for optimization must be
defined.

This function aggregates key values needed to be optimized:
cost of the detector, track resolution, track reconstruction
efficiency, precision of the momentum and energy
reconstruction, etc..

Set of parameters that define the sensor layout and affect the
objective function values must be selected.

Search for the parameters values correspond to the

optimum of the objectivefunction. @



Simple tracking system example

The tracking system geometry can be defined by the shifts
between the layers: vy, >, V3, Z1, Z5, Z3. A possible objective
function is the number of hits per one track.
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SHiP muon shield example
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The shield consists of eight magnets and each magnet is
parameterized by seven values:length, width, etc..

The objective function depends on the physical performance
of the shield (muon background) and its weight.

Baranov A.et.al.,, Optimising the Active Muon Shield for the SHiP Experiment at CERN, IOP Conf. Series: Journal of Physics:
Conf. Series 934 (2017) 012050 doi :10.1088/1742-6596/934/1/012050




Grid search

Grid searchis one of the most popular and the simplest
methods of optimization.

It defines a grid of the parameter values and calculates
the objective function values for each node in the grid.

The node with the highest/least function valueis taken
as the optimum.
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Grid search
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Grid search

Grid searchis reasonable to use when the number
of parameters is small.

The grid size exponentially grows with number of parameters
to optimize.

It became more important when the objective function

is expensive to evaluate. Thus, the grid search requires large
computational resources.

Detectors optimization in high energy physics requires to run

B

Monte-Carlo simulation of these detectors. Thus, the
optimization requires large computational resources.




Bayesian optimization
Bayesian optimization is a method of finding the optimum

of an expensive function.

The goal of the Bayesian optimizationis to find the optimum
of the objective function using as small number of the
function calculations as possible.
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Normal distribution




Normal distribution

The normal (or Gaussian) distributionis continuous
probability distribution. The probabilitydensity in 1D case is:

1 (z—p)?
N, 0%) = e mT

2w

where
* x isthe random value,
* 1 = FE|z]isthe mean of the distribution,
+ 0% = E[(x — p)?] isthe variance,

e o isthe standarddeviation.
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Normal distribution
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Multivariate normal distribution

The multivariate normal (or Gaussian) distributionis a
generalization of the one-dimensional normal distributionto
higher dimensions. The probability densityin /V dimensionsis:

N(p,X) = 1 o~ 3 (@—p)" 7 (z—p)
VACLORID
where
* £ = (x1,%2,... ,xN)Tisthe N-dimensional random vector,
o u=(p1,p2,...,un)" isthe N-dimensional mean vector,

e Y, isthe N X IN covariance matrix,

* |X| = det X is the determinant of 2. @



Multivariate normal distribution

1 1 T
N L e~ @=W) 7= @)
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c x = (x1,Z2,... ,xN)Tis the N-dimensional random vector,
* U= (:ula;UQa"'nuN)T 1 (E[wl]aE[xQ]w'°7E[xN])T’
Cov(xz1,21) ... Cov(z1,zN)
Cov(zy,z1) ... Cov(xn,zN)

where Cov(z;,x;) = El|(x; — wi)(z; — 1)l
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2D example
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2D example

N(p, %) = ! o~ 3(@—p) ST (z—p)




Conditional distribution

Consider the multivariate normal distribution:

N(p, ) = L o3 (x—p) BT (z—p)

v (2m)N 3|

Suppose the following:

where
« x,isavectorofsize k X 1,

e 1y isavectorofsize (N — k) x 1.

(i)



Conditional distribution

Consider the multivariate normal distribution:

1 R
N(u,X) = e 2(@—p)" X7 (z—p)
) = e

Suppose the following:

Also:




Conditional distribution

Then the conditional normal distributionis:

p(xa‘xb) — N(:ua|ba Za|b)

where

Halb = Ha T Eabz&,l (zp — o)
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Marginal distribution

Then the marginal normal distribution is:

p(wa) = / P(Ta, )4z = N (ttas Saa)




Gaussian processes for regression




Regression example

Consider the following regression problem:
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Gaussian processes

Take into account noise of the observations:

N="J-é

where
* y= (Y1,¥2,--- ,yN)T is the vector of the target
observations,

o« f=(f(z1), f(x2),..., f(zn))" isthe vector of the true

function values,

< isnoise of the observations.



Gaussian processes

In the Gaussian process assumption:

1 | 7
p(ylf) =N(f,X) = o~ 2 (y=F) S
=N = g
where
* y= (Y1,¥2,--- ,yN)T is the vector of the target

observations,

o« f=(f(z1), f(x2),..., f(zn))" isthe vector of the true
function values,

I ... 0

« L=« : . ! |isthe covariance matrix.
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Gaussian processes

Also suppose that:

p(f) = N(0,K) = ——~__=3(NTE ()

where

e f = (f(21), f(@2), ... f(an))  isthe vector

of the true function values,
e Kisthe covariance matrix.
The matrix K is chosen to express the property that, for

points x,, and x,, that are similar, the values f(z,) and
f (2., ) willbe more strongly correlated than for dissimilar

points. @



Covariance matrix

The matrix /K is chosen to express the property that, for
points x,, and x,, that are similar, the values f(x, ) and
f (x,»)willbe more strongly correlated than for dissimilar

points.
Cov(f(z1), f(z1)) ... Cov(f(z1), f(zn))
5= ; E
Cov(f(zn), f(z1)) ... Cov(f(zn), f(zN))
where

Cov(f(w:), f(x5)) = k(ws,z;) = g% @ @oea)

where o is constant and d is euclidean distance.



Gaussian processes

Then:
ply) = / p(ylf)p(f)df = N(0,C)
where

- C=K+a«a|: . | isthe covariance matrix.

(i)



Regression example

Let’s estimate y v foragiven ' yy1:
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Gaussian processes

Then:
P(Yn+1x1) = (0,Cni1)
where

T.
* YUN+1x1 = (y1, Yz, ..., YN, yN+1) is the vector
of the target observations,

Cn k
P ONp = (ké\[ C

) is the covariance matrix.

(i)



Gaussian processes
Then the conditional normal distribution:

p(yN+1’yN><1) — N(MGP($N+1), UGP(iCN—i—l))

where
« pugp(xni1) isthe mean value of the observation,

« ogp(xN11) isthe standard deviation.

(i)



Conditional distribution

Then the conditional normal distributionis:

p(xa‘xb) — N(:ua|ba Za|b)

where

Halb = Ha T Eabz&,l (zp — o)
D o D v 2 ap e

where

Lq Ha Zaa Zab
p— p— E p—
i (%) o (Mb) : ( Yiba Ebb)




Gaussian processes
Then the conditional normal distribution:

p(yN+1’yN><1) — N(NGP($N+1)7 UGP(iCN—i—l))

where
« pugp(xni1) isthe mean value of the observation,

« ogp(xN11) isthe standard deviation.
nep(z) = k' Cxlynxi

ogp(r) =c— kT Cyk

(i)



Regression example

ugp(z) = k' Cn yN2l
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Regression
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Bayesian optimization
Part 1




Bayesian optimization
Bayesian optimization is a method of finding the optimum
of expensive cost function.

This cost function is also called objective function and denoted
as f(x).
It supposed that calculation of f(x) atone point is expensive.

The derivatives of the objective function are unknown.

The goal of the Bayesian optimization s to find the optimum

of the objectivefunction using as small number of the

function calculations as possible.



Optimization example

Consider the following objective function f(x):
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Bayesian optimization

Algorithm:
1. Find the objective function approximation using previously
calculated values { x;, y; ,fil solving a regression

problem.

2. Using the approximation find the optimum point of an
acquisition function uy () : x 11 =argmax,uy ()

3. Sample the objective function: yny11 = f(zn11) +ENT1

(i)

4. Repeat the steps.



Acquisition function

There are variety of acquisition functions. One of them is
Lower Confidence Bound (LCB) for the objective function
minimization:

LCB(x) = p(x) — ko(x)
where

* u(x)is mean value of the approximation of the objective
function,

. o(x)is standard deviation of the approximation,
£k isadjustable parameter.

Upper Confidence Bound (LCB) for the objectivefunction
maximization:

UCB(z) = pu(x) + ko(x) @



Optimization example

Consider the following objective function f(x). The
goal is to find its minimum.
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Optimization example

Lets start the optimization from three observations:
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Optimization example

At the first step of the Bayesian optimization find
approximation of the objective function f(x) using Gaussian

processes and known observations.
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Optimization example

In this example the Lower Confidence Bound is used as the
acquisitionfunction:

: LCB(x) = ugp(aj) —ASO'GP(m)
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Optimization example

At the second step of the Bayesian optimization find minimum
point x4 of the acquisitionfunction.
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Optimization example

At the third step of the Bayesian optimization sample the
objective function at found point x4:

Ys = f(x4) —|-<?4
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2.0

Optimization example

The 2nd iteration:
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2.0

Optimization example

The 3rd iteration:
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Optimization example

The 4th iteration:
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Optimization example

The 5th iteration:
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Optimization example

The 10th iteration:
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Optimization example

The 15th iteration:
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The 20th iteration:
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Bayesian optimization

Algorithm:
1. Find the objective function approximation using previously
calculated values { x;, y; ,fil solving a regression

problem.

2. Using the approximation find the optimum point of an
acquisition function uy () : x 11 =argmax uy ()

3. Sample the objective function: yny11 = f(zn11) +ENT1

(i)

4. Repeat the steps.



Bayesian optimization
Part 2




Bayesian optimization
Bayesian optimization is a method of finding the optimum

of expensive cost function.

This cost function is also called objective function and
denoted as f(x).

It supposed that calculationof f(2) atone pointis
expensive.

The derivatives of the objective function are unknown.

The goal of the Bayesian optimization s to find the optimum

of the objective function using as small number of the

function calculations as possible.



Bayesian optimization

Algorithm:
1. Find the objective function approximation using previously
calculated values { x;, y; ,fil and solving a regression

problem.

2. Using the approximation find optimum point of an
acquisition function uy () : x 11 =argmax,uy ()

3. Sample the objective function: yny11 = f(zn11) +ENT1

(i)

4. Repeat the steps.



Bayesian optimization

Algorithm:
1. Find the objective function approximation using previously
calculated values { x;, y; ,fil solving a regression

problem.

2. Using the approximation find the optimum point of an
acquisition function uy () : x 11 =argmax uy ()

3. Sample the objective function: yny11 = f(zn11) +ENT1

(i)

4. Repeat the steps.



Acquisition function

There are variety of acquisition functions. One of them is

Lower Confidence Bound (LCB) for the objective function
minimization:

LCB(z) = py — ko(x)

where

* u(x) is mean value of the approximation of the
objective function,

- o(x) is standard deviation of the approximation,

« kisadjustable parameter.

()



Exploration-exploitation trade-off

The Bayesian optimization with Gaussian processes allows
to balance between exploration and exploitation of the
objective function.

Exploration: choose a point with high variance at each
iteration of the optimization.

Exploitation: choose a point with high/low mean at each
iteration of the optimization.

Adjustable parameters of the acquisitionfunction provide

trade-off between exploration and exploitation.



Optimization example

Consider the following objective function f (x). The goal is
to find its minimum.
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Optimization example

Lets start the optimization from three observations:
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Exploitation

Exploitation can be achieved with smallvalues of k in LC'B(x):

LCB(x) = pgp(x) — 1.0 x ogp(x)




Exploitation

Exploitation can be achieved with smallvalues of k in LC' B(x):
LCB(x) = pgp(x) — 1.0 x ogp(x)

The 10t iteration:
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Exploitation

Exploitation can be achieved with smallvalues of k in LC' B(x):
LCB(x) = pgp(x) — 1.0 x ogp(x)

The 20t iteration:
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Exploitation

It takes a new point at each iteration close to found
optimum of the objective function.

* Thereis no guarantee that this optimum is global.
* Other regions of the objectivefunction are not explored.

* It needs less iterations than for exploration to find the
optimum.

(i)



Exploration

Exploitation can be achieved with large values of kin LC'B(x):
LCB(x) = pgp(x) —10.0 x ogp(x)




Exploration

Exploitation can be achieved with large values of k£ in LC'B(x):
LCB(x) = pgp(x) —10.0 x ogp(x)

The 10t iteration:
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Exploration

Exploitation can be achieved with large values of k£ in LC'B(x):
LCB(x) = pgp(x) —10.0 x ogp(x)
The 20t iteration:
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Exploration
|t takes a new point at each iteration where the variance
of the approximation of the objective function is large.
 Allregions of the objective function are explored.
 [tis more likely that the found optimum is global.

* It needs more iterations than for exploitation to find
the optimum.

(i)



Bayesian optimization

Bayesian optimization is a method of finding the optimum
of expensive cost function.
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Detector optimization

- Inhigh energy physics Bayesian optimization with Gaussian

processes can be used for detector design optimization.
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Optimization examples




SHiP muon shield optimization g

HS Spectrometer Callorimeters

Muon Detector
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The SHiP expriment is a new general purpose fixed target
facility proposed at the CERN SPS accelerator to search for new

physics in the largely unexplored domain of very weakly
interacting particles.

Physik-Institut, http://www.physik.uzh.ch/en/researcharea/ship.html




SHiIP muon shield optimization

The muon shield is a critical component of the SHiP
experiment, which deflects the high flux of muons produced
in the target, that would represent a very serious background
for the particle searches, away from the detector.

Baranov A.et.al.,, Optimising the Active Muon Shield for the SHiP Experiment at CERN, IOP Conf. Series: Journal of Physics:
Conf. Series 934 (2017) 012050 doi :10.1088/1742-6596/934/1/012050




SHiP muon shield optimization

e
- "
The shield consists of eight magnets and each magnet
is parameterized by seven values: length, width, etc..

The loss function depends on the physical performance
of the shield (muon background) and its weight.

Baranov A.et.al.,, Optimising the Active Muon Shield for the SHiP Experiment at CERN, IOP Conf. Series: Journal of Physics:
Conf. Series 934 (2017) 012050 doi :10.1088/1742-6596/934/1/012050




SHIP muon shield optimization

* Optimizationin 42-D space

103 * 5000 iterations

loss

10%+

10" )-I

0 1000 2000 3000 4000 5000
iteration
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Baranov A.et.al.,, Optimising the Active Muon Shield for the SHiP Experiment at CERN, IOP Conf. Series: Journal of Physics:
Conf. Series 934 (2017) 012050 doi :10.1088/1742-6596/934/1/012050




SHiP muon shield optimization

The new muon shield design is 25% lighter

Baranov A.et.al.,, Optimising the Active Muon Shield for the SHiP Experiment at CERN, IOP Conf. Series: Journal of Physics:
Conf. Series 934 (2017) 012050 doi :10.1088/1742-6596/934/1/012050




Collisions simulation optimization

Bayesian methods are used to optimize parameters of heavy-
ion collisions simulation.

Evaluating a simulation model for a single set of parameters
requires thousands of individual event simulations, so direct
optimization techniques quickly become intractable.

Jonah E. Bernhard, et. al.,, Applying Bayesian parameter estimation to relativistic heavy-ion collisions: simultaneous
characterization of the initial state and quark-gluon plasma medium, Phys. Rev.C 94,024907 (2016)




Collisions simulation optimization

Simulated examples of entropy density in the transverse plane
for several typical Pb + Pb events:
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Jonah E. Bernhard, et. al.,, Applying Bayesian parameter estimation to relativistic heavy-ion collisions: simultaneous
characterization of the initial state and quark-gluon plasma medium, Phys. Rev.C 94,024907 (2016)




Collisions simulation optimization

Parameter Description Range

Norm Overall normalization 100-250

P Entropy deposition parameter —1 to +1

k Multiplicity fluct. shape 0.8-2.2

w Gaussian nucleon width 0.4-1.0 fm
n/s hrg Const. shear viscosity, T' < T,  0.3-1.0

1/s min Shear viscosity at 1. 0-0.3

n/s slope Slope above T, 0-2 GeV™!
(/s norm  Prefactor for ({/s)(T) 0-2

Tiwitch Particlization temperature 135-165 MeV

300 initial points are generated in the nine-dimensional
parameter space and executed about 10k Pb + Pb events
at each of the 300 points.
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Collisions simulation optimization
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Validation of Gaussian process emulator predictions.Each
panel shows predictions compared to explicit model
calculations at the 50 validation design points.

Jonah E. Bernhard, et. al.,, Applying Bayesian parameter estimation to relativistic heavy-ion collisions: simultaneous
characterization of the initial state and quark-gluon plasma medium, Phys. Rev.C 94,024907 (2016)




Collisions simulation optimization

Yields dN/dy, dNu,/dn Mean pr [GeV] Flow cumulants v,{2}
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Lines correspond to different simulation models with optimal
parameters. Points are data from the ALICE experiment.
Bottom: ratio of model calculations to data, where the gray
band indicates +£10%.
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