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e Dark matter
e Stability of the universe
e Grand unifying theories

e Resolution ~ energy

What are we looking for?

atom~102cm

nucleus
~10""%cm

MODE
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proton
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quark
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http://www.ep.ph.bham.ac.uk/DiscoveringParticles/exhibit/credits
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Underlying Model Moor

Standard Model Production Cross Section Measurements Status: May 2017
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e Go deeper: new, more powerful colliders
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Detect Particles and Processes MoK
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Silicon T
Tracker
Electromagnetic: ..o
Calorimeter /
Hadromn
Calorfmeter Superconducting
Solenoid Iron return yoke interspersed Il
wiith muen chamlbers
Muon Electron Charged hadron (e.g. pion)
- = =+ Neutral hadron (e.g. neutron) -=-==-Photon

e \We measure decay products of the stochastic process

e Detectors employ parts of or all of the above concepts

Jan Kieseler



Tracker

Electromagnetic
Calorimeter

Hadromn

Calorfmeter Superconcducting
Solenoid

Muon Electron

- = = Neutral hadron (e.g. neutron)

ron return yoke interspersed
with muon chamlbers

Charged hadron (e.g. pion)
----- Photon

Simulation of detector response

e High fidelity simulation of particles interacting with matter

e Carefully validated

e Validity also spans orders of magnitude
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http://arxiv.org/abs/2108.02803

worr
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The status quo % J

r R =1082mm
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e \Very high dimensional parameter space % L. _ﬂ S s o
» An expert group at each step Sl c 2 %“@:-%;
» Very well-understood steps @@\ . ' T oemm .
» Use surrogates and short cuts to the final objective (physics result) e I, T m%}:‘"'mmj
» The chain has almost no parts expressed in a differentiable way e — W s s e
(Or COde) arXiv:1909.09193

» Tuning often by hand and optimisations take a lot of time and
person power
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<) Determining multiple parameters worr

e Determining multiple parameters ~ fitting a function

e The optimisation of a detector or a reconstruction chain is
conceptually the same thing A RooPlot of "m (Gav)"
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e To perform this optimisation we need to know 5
de/dd : how does our photon efficiency change w.r.t. the

o
SH
—r
N
o

m (GeV)

reconstruction parameters 97

e Gradients can be calculated
» Numerically: unfeasible for many parameters

» Algorithmically: requires unbroken gradients throughout the whole chain:
every step needs to be differentiable

= Differential programming

Jan Kieseler



@ Interlude: differentiable programming in a =

e Differentiable programming is used by, but is independent of machine learning. (2) Forward pass -

e At its core: in any operation, include a way to access its gradient w.r.t. all
parameters (if it exists): auto differentiation

e Auto-differentiation is neither pure numeric nor pure symbolic differentiation
» Numerical differentiation is not feasible for large optimisation problems
» Fully symbolic differentiation can easily become not feasible from computational point of view

—&— f, original function
-& - Vf, numerical diff.
A |&- Vf, forward AD
-7~ Vf, reverse AD

e In most cases, back propagation is used
dL/dA = dx/dA dL/dx A—XxX—L

» Calculate the numerical values of b = dL/dx using the analytic gradient of the operation
» Calculate the numerical values of b * dx/dA in the same way

1000 2000 3000 4000 5000
|

Time
0

e Each ‘atomic’ simple operation only needs to be equipped with a simple analytic
gradient, then evaluated numerically: best of both worlds.

e This is implemented in one way or another in all modern ML frameworks (TF, torch..)

e Even expressing non-ML algorithms in differentiable frameworks comes with huge
advantages w.r.t. the capability of optimising their parameters, and using state-of- T T
the-art libraries to do so "

1 10t 102 108

For a nice overview see Atillm Gunes Baydin et al (2018), arXiv:1502.05767v4




The MODE Collaboration: Goals MODE

EUROPEAN STRATEGY FOR PARTICLE PHYSICS

The European Strategy for Particle Physics is the cornerstone of Europe’s decision-making process for the long-term future of the field. Mandated by the CERN Council, it is
formed through a broad consultation of the grass-roots particle physics community, it actively solicits the opinions of physicists from around the world, and it is developed
in close coordination with similar processes in the US and Japan in order to ensure coordination between regions and optimal use of resources globally.

Read more

Information for the
physics community

Temperature change in the last 50 years

2011-2020 average vs 1951-1980 haseline
-05 -02 +0.2 +0.5 +1.0 +2.0 +40°C

[ N — — N

-09 -04 +04 +09 +18 +36 +7.2°F

Use differentiable programming to optimise particle physics detectors given
a quantification of the physics target(s) and
the detector cost




What do we already have porr
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Geantd simulation
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compute via automabe differentiation

e Proofs of concept (or more) exist

; = [ 02
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e Overarching connection is missing EE—— =S COEE } ) = TANE ,
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APPROXIMATION NETWORK STATISTIC LOSS

arXiv:1806.04743

stochastic gradient update Pt = ¢t + (VU

e Next: will be going backwards

-Ei%XiV:ZQQz' 49032 1500 2000 ‘ 2500 3000

Z,cm
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@ - Atypical high-energy physics analysis WA

3 =
Data ?D) 10 ? ‘i» 1 additional jet
e Includes the full chain up to final state particle reconstruction £ 10°e |

©
Simulation o 10
e Simulate different physics processes
e Simulate detector response and electronics 1
t
e Proceed as for data '
' ' ' 5| 1.2 N B A LB S LA L L LSRN U

e Calibrate and correct using control samples in data glo 1 R TN

* L

e Assign uncertainties on normalisation and shapes 40 60 80 100120140160 180
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Analysis

e Create histograms of data and simulation

e A contribution of a process or a shape to the data: signal
e Contributions of other processes: background

1 additional jet

L IIIIII|

Events/GeV
S 3

A

e Perform profile likelihood fit of parameters of interest and parameters representing
variations w.r.t. uncertainties

T TTTT

0|l 1.2 _\ N . L L ORI
oo 1 __} Rl A a1 AR I D NE. SERSRURRT NWWW

Uncertainties can be (significantly) reduced by choosing good 108050 100130140 166 186"
observables to fit p_[GeV]
CMS, arXiv:1603.02303




. . . A
) Automatising analyses on simulation MOLE

10° Obtags 0 add. jets (e°w’) 35.91b” (13 TeV) x10° 1btag Oadd. jets (e°w’) 35.9 b (13 TeV) x10° 2btags Oadd.jets (e°w’) 359 ' (13 TeV)

e Standard analysis concept: perform fit to data based on histograms
» Best signal fraction (S/S+B) . . ]

» Often use a trained classifier here
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(b) profile-likelihood comparison

v Concepts for generalisable, differentiable analyses workflows exist
Other methods overview in Bremer, Cranmer et al, arXiv:1911.01429

[2] P. Castro, T. Dorigo, arxiv:1806.04743v2
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<) Reconstruction worr

®
e Determine final state particles and their properties from detector i
hits
The usual chain Silicon 777780 I
_ o Tracker _
e | ocal seedlng (pattern recogmtpp) Electromagnetic /T 7
e Local clustering (pattern recognition) Callorimeter
: ” Had]
e Software compensation (pattern recognition) Calorimeter Superconducting
e : " i [ & ke fmt el
o |dentification (pattern recognition) B A G
e Linking of individual detector parts (pattern recognition)
Muon Electron Charged hadron (e.g. pion)
- = =. Neutral hadron (e.g. neutron) ----. Photon

Always the same patterns

Many steps cutting / segmenting information: a priori non
differentiable

Jan Kieseler



@]  Use DNNs as generic reconstruction worr

o
n

e Local clustering (pattern recognition)
e Software compensation (pattern recognition)

(\®)
Energy [GeV]

[E—
n

[S—

0.5

e Use ML for the task: CNN structure

o O.l"'l"'l"'l"'l"'l:

» Adapts itself to grid-like granularity =009 i’:\\\ Homo PbW Calorimeter

» Re-optimisation == a few GPU hours vs. months —— SIMPIC enerey sum -
of optimisations by hand

/{E

longitudinal layers
——

O'E

a6
—— 10
15 =

20 =
—— 30 =
60

e Compare different segmentations
» Saturation effects visible

) T R B P P =
0 20 40 60 80 100

E [GeV]

C. Neubuser, JK, P Lujan, arxiv:2101.08150, EPJC




: *
Use known sub detectors in a new way MODE

2

e At future very high energy colliders o
» Muons will deposit more energy
» Muons will bent less — tracks provide less information @
. . . . . . Stillli ha el—
e The pattern of radiation deposits contains information useful to regress the sl By 0
true muon energy, opens up new possibilities and impacts detector concepts  ercwomsgnenic /&
o B as ed on CN N S Calorimeter o
Calorimeter /Superconducting
Solenoid ron return yoke interspersecd
with muen chambers
80 Calorimeter S
70 l:)ar:wl;?r:ed frac. RMSE, \SQO\(\ Muon Electron Charged hadron (e.g. pion)
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=60
(W]
V)
= 50
oc
L 40
S
g Combined
. Combined |
o
10
0
0 500 1000 1500 2000 2500 3000 3500 4000
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JK, G. Strong, et al., arXiv:2107.02119
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MODE

A Irregular Geometries

e Detectors are not grids of sensors

e [he reconstruction needs to account for that

e Graph neural networks are a powerful solution
» No sorting required
» No grid
» Sense of connection

» Basic principle: information exchange
through edges (connections)

<=

+ 3 x 7 DGCNN [1°
R A S

= E ~-
- | ] _|Multiple o
e S ®  |operations
scale: o
V x K xF o o)
3 - ~ ® feature concat. = = O @)
S |-~  EdgeCov  —| § |-~  EdgeConv  —| § |—  FEdgeConv  — 5 |—| & —{5 & O
.§ = © g multi-layer perceptron % ) ®
e
e A typical HEP detector has O(500k) active sensors each event

e [he network needs to fit into the resources

[1] Y. Wang, et al, arXiv:1801.07829
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GravNet

*
MODE

e Developed to overcome resource limitation

e Main ‘trick’: split into low dimensional coordinate and high dimensional feature space

b 7 -
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Fused kernels
https://github.com/cms-pepr/pytorch_cmspepr
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https://pytorch-geometric.readthedocs.io/en/latest/modules/nn.html#torch _geometric.nn.conv.GravNetConv

S.R. Qasim, J. K, Y. liyama, M Pierini,

arXiv:1902.07987
CMS DP-2020/001
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<) Multi-particle reconstruction

e Local seeding (pattern recognition)

e Local clustering (pattern recognition)

e Software compensation (pattern recognition)

e Identification (pattern recognition)

e Linking of individual detector parts (pattern recognition)

Challenges
e A priori unknown number of particles to reconstruct

e Particles are not dense objects with clean centres and boundaries

: Suppression

Non-Max

e The input data is represented by point clouds

N. Wang et al, arXiv:1904.01355
X. Zhou et al, arXiv:1904.07850

Jan Kieseler
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MODE

e Maximum number of objects per
image/point cloud:
number of pixels/vertices

el_earn to move pixels towards the object
center

eMap to Gaussian probability

le: —Ck||2>

o (ei) = exp <—

20,%
—~ L
e Assign seed score :t 2 ol - ™
1o - e g L pem o
Lseed — N Z ﬂ{siESk}HSi _¢k(ei)||2+1{sz'€bg}”8i _0H2 ] o *v-j. ” | S
- o ) |
e Collect (from highest seeds score) around the ; ‘; - il e
seeds e s [ 4o ./4«/,4,' ¥ ii”'

e ‘Only’ performs segmentation
e Heavily relies on the center of an object

1 ] D. Neven et al, arXiv:1906.11109
» Problematic Concept for partICleS B. Zhang, P. Wonka, arXiv:1912.00145




o Object Condensation e

e Merge object property determination and segmentation
e Create a decoupled ‘clustering’ space 0

Input image

4
+
» Created by potentials 3 2 ¥ A +
: ‘ : , 100 +
e Assign ‘condensation score’ — charge 2-
» Highest score condensation points carry object properties 200 1 +
e Push non-differentiable ‘clustering’ step towards the very end . o1, *
~1- " +
e Segmentation , 400 Y R
>
Vi(z) = ||l — x4||"qar, and o 3. | | , |
0 100 200 300 400 500 -2 0 2 4
‘AA(l) _ max(O. 1 — HI _z. ’ ’)Qak- . Truth instances 0 Predicted instances
. S . 100 100
e Reconstruction efficiency and noise
1 1 N 200 200
Lg=—= > (1 —Bak)+sB— ) nibi,
K zk: Np zl: 300 300
e Object properties 400 400
.
_ 1 \ . ) vt 2 n 500 500
Ly = SN (1 — n;) arctanh? B; ;L(t"p’)(l ~ i) arctanh” 5, 0 100 200 300 400 500 0 100 200 300 400 500

= (eneralises to image data
JK, arxiv:2002.03605, EPJC
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High granular calorimeter application

*
MODE

CMS Phase-2 Simulation Preliminary

Input data

Clustering dimension 2

CMS Phase-2 Simulation Preliminary

-4 -2 0 2 4
Clustering dimension 1

CMS Phase-2 Simulation Preliminary

Colors = truth showers

CMS Phase-2 Simulation Preliminary

Colors = predicted showers

e Differentiable one-shot reconstruction from hits

e Can also be applied to information from

LA NS S

to final state particles

X[fnn-,] >0 100

150 —-50

y [mm]

different sub detectors




What do we already have r
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Analysis

A
arXiv:2002.03605

%

Homo PbW Calorimeter
Geantd simulation
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compute via automabie differentiation
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arXiv:1806.04743 stochastic gradient update ¢'*' = @' + n(t)V U
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Simulation

R
0
=
®
-
<

e Our simulation is highly complex, stochastic, and not differentiable

worr

e Some parameters inherently have no gradient: e.g. adding/removing
a sensor layer, switching positions, ...

» There are ideas, and some developments in the direction of solving this
» This is a very interesting conceptual challenge to contribute to!

e Example: use local surrogates of the gradient (GAN) for optimising
the SHIP muon shielding

r “““““““““““““““““““““““““““ |

Inputs : i:;trjntsfr?d — Simulator —  Outputs i
(Non differentiable) i

A ———————— |

Train HNL detector
| .
Parameters lf?glr::s ae:d r— e — Outputs Objective
parameters (Differentiable)
VR (yy) . . ) . .
S. Shirobokov, A. Ustyuzhanin, A. Gunes Badyin et al., arXiv:2002.04632
Jan Kieseler 24



400 Frame: O
200
S o [
ol —
—200
—400
0 500 1000 1500 2000 2500 3000
Z, cm
400
200 400
= ——
> 0 = E 200
—200 : 0
—-400 —200 {8
0 500 1000 1500 2000 2500 3000 _400 .
Z, cm e
Figure 7. Muon hits distribution in the detection apparatus (de-
: : picted as red contour) obtained by Bayesian optimization (Left)
e Local differentiable surrogates can help solve the problem of non- and by L-GSO (Right), showing better distribution. Color repre-
differentiable simulation sents number of the hits in a bin.

S. Shirobokov, A. Ustyuzhanin, A. Gunes Badyin et al., arXiv:2002.04632 ﬁ

Jan Kieseler 25




@J Writing a differentiable simulator: TOMOPT Move

e Atmospheric muons: 1/s/hand area i e L. Bonechi, R. D'Alessandro, A. Giammanco
o Interact only sparsely with material == |arXiv:1906.03934
e Are scattered enough to be used for imaging T" ravns ZE RN
applications e
| . ‘5\ i
e Detectors: usually panels, with spatial resolution e Learnable XYZ & XY-span
and detection efficiency - e \ Fixed res. & eff.
e Optimal starting point for a differentiable simulation w =

e TOMOPT: package to optimise muon tomography
detectors (work in progress)

ons |

Known
volumes

1

l

Forwards pass Backwards pass Work in progress; G. Strong et al.
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o\ MODE Ao

e The target of MODE is to design and offer to the community a scalable, versatile architecture that can provide end-to-end
optimisation of particle detectors, proving it on a number of different applications across different domains.

Detector
latentspace  Geometry and sensor parameters cost
) parameters parameters
e Study cases:
» Use known detector concepts in a new way: Similation
demonstration of muon energy measurement in calorimeter rocesses Differentiable S
» Optimise starting from ‘simple’ applications simulator surrogate detector-related
Muon tomography detector optimisation in progress . systematic effects
» Rethink decades old paradigms: :

Hybrid calorimeter design integrating tracking layers activity starting - | | | Objective
Detector Netartar — function
simulation

e Other use cases being considered / about to start include: - -
» Hadron therapy N

» Muon collider detector shielding

Dear Colleagues,

Initiated by the European Committees for Astroparticle (APPEC), Particle (ECFA) and Nuclear Physics
(NuPECC), and following a first joint seminar held in Orsayin 2019, Expressions of Interest for common

o The developed arChiteCtu res for Optimisation are mOdUIar activities have meanwhile been endorsed in the following areas:

» recycle part of the work for one application when moving to the next one - Dark Matter (iDMEu)
» Very happy about any suggestions / contributions . Machine-learning Optimized Design of Experiments (MODE)

MODE Collaboration, "Toward Machine Learning Optimization of Experimental Design”, Nuclear Physics News International, 2021.




