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Overview
A high-level summary of various aspects of machine learning in LHC data
reconstruction, mostly based on CMS examples.

A short summary of a particular use case: ML for combining signals across
detector subsystems with particle flow.

This talk is in personal capacity (not representing CMS or CERN), representing
my biased views.

You can find a great and fairly complete overview of ML papers in HEP at
https://iml-wg.qithub.io/HEPML-LivingReview/.



https://iml-wg.github.io/HEPML-LivingReview/

“The primary goal of the experiments at the CERN Large Hadron Collider
(LHC) is to answer fundamental questions in particle physics.”
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How do particles acquire mass?

Higgsdependence (2012)
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The first and so far only observed
spinless elementary particle!
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General purpose detectors




The cylindrical onion

CMS DETECTOR STEEL RETURN YOKE

Total weight : 14,000 tonnes 12,500 tonnes SILICON TRACKERS

Overall diameter :15.0m Pixel (100x150 ym) ~16m* ~66M channels
Overall length :28.7m Microstrips (80x180 ym) ~200m? ~9.6M channels

Magnetic field  :3.8T

SUPERCONDUCTING SOLENOID
Niobium titanium coil carrying ~18,000A

MUON CHAMBERS
Barrel: 250 Drift Tube, 480 Resistive Plate Chambers
Endcaps: 468 Cathode Strip, 432 Resistive Plate Chambers

PRESHOWER
Silicon strips ~16m* ~137,000 channels

FORWARD CALORIMETER
Steel + Quartz fibres ~2,000 Channels

CRYSTAL
ELECTROMAGNETIC
CALORIMETER (ECAL)
~76,000 scintillating PbWO, crystals

HADRON CALORIMETER (HCAL)
Brass + Plastic scintillator ~7,000 channels



Particles in detector layers
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Reconstruction, simplified

Charged particle tracking

Combining detector subsystems

S/(S+B) weighted events / GeV
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http://cds.cern.ch/record/2036483?ln=en

Jet formation

Jets are an emergent phenomenon!

Evolution from femtoscale to meter-scale, 15
orders of magnitude!

The jet structure encodes information about
the underlying physics: particle origins,
energies, coupling strengths.
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https://www.ericmetodiev.com/post/jetformation/

Jet origins

——35 tracks b jet

Light Quark jet Gluon Jet
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https://www.quantumdiaries.org/tag/top-quark/

Observing jets
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What is the originating particle of the jet?
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Simulated datasets

We can use the full Standard
Model predictive machinery to
simulate millions of examples with
full detector interactions!
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https://github.com/jpata/gnn-hep-lecture/blob/main/intro-to-gnns.ipynb
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https://github.com/jpata/gnn-hep-lecture/blob/main/intro-to-gnns.ipynb

Discriminating with observables

£ tamas el lAtre Construct observables based on theory or
[ — Offline Light-Flavor <p>=60 . .

LR o - |  prior physics knowledge.

= > .. —e— Re-fitted FTK b-Jet =]

5 10%E . . .

z Things get complicated in the real world:

i systematics, irreducible backgrounds.

10“‘:

Always need to validate and calibrate on real
datal!

10°



https://www.researchgate.net/figure/The-transverse-impact-parameter-a-and-its-significance-b-are-shown-for-tracks_fig2_288020461

Supervised ML = fitting nonlinear models on large datasets
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— Batch gradient descent
— Mini-batch gradient Descent
— Stochastic gradient descent
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B-jet identification: multivariate
classification
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Combine individual observables
nonlinearly, classify examples using a
decision boundary.
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Table 1: Input variables used for the Run 1 version of the CSV algorithm and for the CSVv2

algorithm. The symbol “x” (

Input variable

") means that the variable is (not) used in the algorithm

Run1CSV CSVv2

SV 2D flight distance significance
Number of SV

Track #rel

Corrected SV mass

Number of tracks from SV

SV energy ratio

AR(SV, jet)

3D IP significance of the first four tracks

Track pryrel

AR(track, jet)

Track pr,e ratio

Track distance

Track decay length
Summed tracks Et ratio
AR(summed tracks, jet)

First track 2D IP significance above c threshold

Number of selected tracks
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Observation of Higgs to b quarks: energy regression

1 . l!Epoch =100
—  Model

10l eee Train Set
eoe Test Set

pr. 0. mass, and transverse mass,

information about pileup interactions: the median energy
density in the event, p, corresponding to the amount of
transverse momentum per unit area that is due to overlap-
ping collisions[35]:
information about semileptonic decays of b hadrons when
an electron or muon candidate is clustered within
the transverse component of lepton momentum
dicular to the jet axis, the distance AR = V/(4n)* + (A¢)*,
and a categorical variable that encodes information about
the lepton candidate’s flavor:
information about the secondary vertex. selected as the
highest p displaced vertex linked to the jet: number of
tracks associated to the vertex, transverse momentum,
and mass (computed assigning the pion mass to all
reconstructed tracks forming the secondary vertex): the
CIVIO Simulation

distance between the collision vertex and the second-
ary vertex computed in three-dimensional space with its
associated uncertainty[36, 37]:

jet composition: largest p value of any charged hadron
candidates, fractions of energy carried by jet constituents;
namely charged hadrons, neutral hadrons, muons, and an
electromagnetic component coming from electrons and
photons. These fractions are computed for the whole
jet. and separately in five rings of AR around the jet axis
(4R =0-0.05, 0.05-0.1, 0.1-0.2, 0.2-0.3, 0.3-0.4);
multiplicity of PF candidates clustered to form the jet;
information about jet energy sharing among the jet con-
stituents computed as

VZiPr &
YiPri )

(13 1ev)

T T T T T T T

5 GeV
IN o
o o
o o
o o
T

Events / 2.
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M, =125GeV ]

—=— Before regression
RMS/peak = 15.6% E

—e— After regression g
RMS/peak = 13.2%

1709.07497
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150 200 250
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https://arxiv.org/pdf/1709.07497.pdf

Neural networks
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InceptionV3®  _ ~ “© (Base)
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°
e credit ogw
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2012 2013 2014 2015 2016 2017 2018 2019 2020

Year

Multivariate, nonlinear, highly over-parameterized functions.
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https://www.researchgate.net/figure/Number-of-parameters-ie-weights-in-recent-landmark-neural-networks1-2-31-43_fig1_349044689

Neural network models for various data types

Feedforward networks ~ simple feature vectors
Convolutional neural networks ~ 2D/3D images
Recurrent neural networks / LSTM ~ ordered sequences
Graph neural networks ~ sets, graphs

Transformers ~ ordered sequences, sets
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Jets as images SO
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https://indico.cern.ch/event/714134/contributions/2970784/attachments/1641370/2621282/Kagan_MIT_2018.pdf

Encoding symmetries

Process the image with learnable
translation-invariant filters:
Convolutional Neural Networks

image patch hidden layer 1 hidden layer 2 final layer
1 layer 4 feature maps 8 feature maps 4 class units
36x36 28x28 14x14 10x10 5x5

convolution max convolution max convolution
(kernel: 9x9x1) pooling (kernel: 5x5x4) pooling  (kernel: 5x5x8)

block1conv2

block2conv2

block3conv3
block4conv3
block5conv1

block5conv2

block5conv3 |
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Tau identification with CNNs
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https://indico.cern.ch/event/868940/contributions/3813676/attachments/2081474/3496242/AndreaCardini-ICHEP2020-DeepTau.pdf

The computing challenge

60000 T T T T T T T T T ]

L CMS Public [RERREN
[ Total CPU 5e?

Ty 2020 estimates o

—m— Run4: 200PU and 275fb~1/yr, 7.5 kHz, no on-going R&D included ,’

-@®- Run4: 200PU and 500fb‘1/yr, 10 kHz, no on-going R&D included / _
== = 10 to 20% annual resource increase ’

Total CPU[kHSO06-years]
s 8 8 8 8

| I | | =
2020 2022 2024 2026 2028 2030

LHC is compute-limited, we fight for every CPU cycle and kilobyte.
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Sets of feature vectors

set of inputs with N constituents, M features
{..., (pT, n, &, particle ID), ...}

o—

jet constituents

/'

pT (GeV)

11.8

feature matrix (N, M)

0.45

KO
104 | 1.18 0.43 pi-
9.8 1.39 e-
6.4
5.3
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Set to graph

graph = set of nodes/vertices/elements +
edges between them

Edges represented as a index pairs
edges =[(1,4), (1,3), (2,5), (6,5)]

an R an i an i an B an B e

(possibly sparse)
01 10
0 0 01
0 0 0 0
00 0 O
0 0 0 0
0 0 01

Or as an NxN adjacency matrix

o G o e W coms [ o Y
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Neural nets on graphs

Layer £ + 11 {h{*'}, {e['}

Layer £ : {h{}, {e{;)

Embedding (1)
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Graph G @

L MLP -
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Concat(hf, ht) —> Edge Predictions
J
RS RS RS
Input Layer Lx GNN Layer Prediction Layer
yz}ode
7

Input 3D tensor :

Layer £ tensor : h’
hl:O

S
XSS
&
CNA

¢

9
X

Node feat.

¢

{ [/ /
A\ 1\ )

y /
Y [ /L /

Edge feat. -

n

=1

: MLP*
Layer £ + 1 tensor : h‘+! - Concatle ( Z hfj) —> Node Predictions

<,

=

: L ¢ MLP*
+ Concaty’ ( ‘ h'ij) —> Graph Prediction

i,j=1

Graph G : MLP*
; ; Concat (y?OdeW;-mde) —> Edge Predictions
L )L J L *Details in Section B.2.3 J
RS RS RE
Input Tensor Lx WL-GNN Layer Prediction Layer
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Constructing graphs

All-to-all

Learned feature space

Predefined
neighborhood
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Physics data as graphs

Particle tracking
(neighborhood) }%
A

Calorimeter clustering
(learned)

Event identification
(all-to-all) | ‘
MET

2007.13681

(¢)

Jet constituents
gy (all-to-all)

B

. &
L\[/.
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https://arxiv.org/pdf/2007.13681.pdf

Graph nets in a nutshell

Node level
Particle Flow reconstruction,
detector hit segmentation

Graph-level <—-

prediction _ +i—» Community

Graph (subgraph)
generation level detector hit clustering
Jet tagging,

Edge-level

event tagging
Track reconstruction

J. Leskovec et al [2021]
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http://web.stanford.edu/class/cs224w/slides/01-intro.pdf

A concrete case: machine learned particle flow
reconstruction
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= Graphs

= Neural Message Passing for Jet Physics = Instance Segmentation GNNs for One-Shot Conformal Tracking at the LHC

= Graph Neural Networks for Particle Reconstruction in High Energy Physics detectors = Charged particle tracking via edge-classifying interaction networks

= Probing stop pair production at the LHC with graph neural networks [DOI] = Jet characterization in Heavy lon Collisions by QCD-Aware Graph Neural Networks

= Pileup mitigation at the Large Hadron Collider with graph neural networks [DOI] = Graph Generative Models for Fast Detector Simulations in High Energy Physics

= Unveiling CP property of top-Higgs coupling with graph neural networks at the LHC [DOI] = Segmentation of EM showers for neutrino experiments with deep graph neural networks

= JEDI-net: a jet identification algorithm based on interaction networks [DOI] = Anomaly detection with Convolutional Graph Neural Networks

= Learning representations of irregular particle-detector geometry with distance-weighted graph networks [DOI] = Energy-weighted Message Passing: an infra-red and collinear safe graph neural network algorithm
= Interpretable deep learning for two-prong jet classification with jet spectra [DOI] = Improved Constraints on Effective Top Quark Interactions using Edge Convolution Networks

= Neural Network-based Top Tagger with Two-Point Energy Correlations and Geometry of Soft Emissions [DOI] = Particle Graph Autoencoders and Differentiable, Learned Energy Mover's Distance

= Probing triple Higgs coupling with machine learning at the LHC = Sets (point clouds)

< Catingia'greah netiolcatchidarshowers [DOJ] = Energy Flow Networks: Deep Sets for Particle Jets [DOI]

= ParticleNet: Jet Tagging via Particle Clouds [DOI]
= ABCNet: An attention-based method for particle tagging [DOI]

= Graph neural networks in particle physics [DOI]

= Distance-Weighted Graph Neural Networks on FPGAs for Real-Time Particle Reconstruction in High Energy Physics
[DOI]

= Secondary Vertex Finding in Jets with Neural Networks
= Supervised Jet Clustering with Graph Neural Networks for Lorentz Boosted Bosons [DOI]

= Equivariant Energy Flow Networks for Jet Tagging

= Track Seeding and Labelling with Embedded-space Graph Neural Networks 2 . . . "
= Permutationless Many-Jet Event Reconstruction with Symmetry Preserving Attention Networks

= Graph neural network for 3D classification of ambiguities and optical crosstalk in scintillator-based neutrino detectors
[DOI]

= The Boosted Higgs Jet Reconstruction via Graph Neural Network

= Zero-Permutation Jet-Parton Assignment using a Self-Attention Network
= Learning to Isolate Muons

= Point Cloud Transformers applied to Collider Physics
= Accelerated Charged Particle Tracking with Graph Neural Networks on FPGAs
= SPANet: Generalized Permutationless Set Assignment for Particle Physics using Symmetry Preserving Attention
= Particle Track Reconstruction using Geometric Deep Learning ) " 4 .
= Particle Convolution for High Energy Physics
Jet tagging in the Lund plane with graph networks [DOI
" 9ging P grap (on = Deep Sets based Neural Networks for Impact Parameter Flavour Tagging in ATLAS
= Vertex and Energy Reconstruction in JUNO with Machine Learning Methods

= MLPF: Efficient machine-learned particle-flow reconstruction using graph neural networks

= Towards a realistic track reconstruction algorithm based on graph neural networks for the HL-LHC
= Deep Learning strategies for ProtoDUNE raw data denoising

= Graph Neural Network for Object Reconstruction in Liquid Argon Time Projection Chambers

https://iml-wg.github.io/HEPML-LivingReview/
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https://iml-wg.github.io/HEPML-LivingReview/

Particle reconstruction

Baseline PF, adapted from
B. Mangano for CMS, 2013
: HCAL :
A muon | Clusters A muon /
neutral “ neutral “ f
hadron hadron |
N A Particle \
4 & 4 interaction

& detection

charged
hadrons

“True” or
generated particles

Detector
measurements

Particle-flow

reconstruction

charged
hadrons

PF candidates

The particle flow algorithm aims to identify and reconstruct individually all of

the particles produced in a collision, through an optimal combination of the
information from the entire detector.
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Particle Flow algorithm
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calibration J » subtract
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I hadronic calorimeter

1808.02094

Figure 2. Schematic of particle flow algorithm for CMS Level-1 trigger correlator.

Particle-flow reconstruction and global event description with the CMS detector 1

Published in: JINST 12 (2017) 10, P10003 « e-Print: 1706.04965 [physics.ins-det]

pdf @ links @ DOl [= cite 2 1,135 citations
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https://arxiv.org/pdf/1808.02094.pdf
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Machine learned particle flow reconstruction

tt, 14 TeV, 200 PU
Tracks

ECAL clusters
HCAL clusters
Truth particles

A G R A S R o LR S
r  QCD, 14 TeV, PU200
1050F  Neutral hadrons 5
Rule-based PF, r=0.968 .
1000F * ;- -0.0480=0.014 ./

s MLPF, r=0.971 x
950F + - -0.024 0=0.0124

900f

850

Reconstructed particles / event

800f
750}
700f 3

R IS U R P
800 900 1000

Truth particles / event

“Efficient machine-learned particle-flow reconstruction using graph neural networks”;
JP, J. Duarte, J-R Vlimant, M. Pierini, M. Spiropulu; Eur. Phys. J. C (2021) 81: 381
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Event as input set Event as graph Transformed inputs

X = {x;} X={x}.A =A; H={h}
® o - Graph building Message passing g I
m =™ ol
° " eo— AN — P — = I .
B
o FX|w)=A CX,Alw)=H
Target set Y = {y;} Output set Y’ = {y/} l
Decoding

1 y v/
Elementwise loss L(): g —‘ﬁi) e
classification & regression FFN
—p

P, 1) =

x; = [type, prs Egcars Encars > @ Mowters Pouters 4+ -1, type € {track, cluster}
y; = [PID, pr, E,n, $.q. ...], PID € {none, charged hadron, neutral hadron, 7, e ut)
h; € R
Trainable neural networks: %, &, 9

® - track, I - calorimeter cluster, ™ - encoded element
- target (predicted) particle, - no target (predicted) particle

Fig. 3 Functional overview of the end-to-end trainable MLPF setup with GNNs. The event is represented as a set of detector elements x;. The
set is transformed into a graph by the graph building step, which is implemented here using an locality sensitive hashing (LSH) approximation of
KNN. The graph nodes are then encoded using a message passing step, implemented using graph convolutional nets. The encoded elements are
decoded to the output feature vectors y; using elementwise feedforward networks. 38



Model implementation

As an example (batches, elements, features) = (2, 6400, 25)

ffn_charge
(2, 6400, 1)

concat
(..., 1024)

ffn_enc_id cg_id0
(2, 6400, 256) (2, 6400, 256)

ffn_id

PFElements (2, 6400, 8)

(2, 6400, 25)

ffn_enc_reg cg_reg0 cg_regl
(2, 6400, 256) W (2, 6400, 256) W (2, 6400, 256)

concat ffn_momentum
(---, 1024+8) (2, 6400, 5)

concat
Stacked CombinedGraph (cg) layers, each builds a a new (2, 0400,114)
graph in a learnable way and propagates information using
graph convolutions. PFCandidates

(2, 6400, 14)
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Scalable graph building

Avoid a quadratic bottleneck with
locality-sensitive hashing.

of queries=keys LI L 0T
LsH bucketing TDIDDIDIIDDIIDID

Sort by LSH bucket

IIIIID[IDDIIIDDDD

Chunk sorted
sequence to
parallelize

I ] T T

Attend within
same bucket in

3 ) ' ) . )
oo NN }IEID\:I H | EEEN

As an example (batch, elem,
feat) = (2, 6400, 25) CombinedGraph:

input elements graph building + graph convolution
(2, 6400, 25)

learnable embedding
(2, 6400, 256)

bin nearby elements |
(2, 10, 640, 256) ‘

pairwise distance matrix
(2,10, 640, 640) 5 ‘

graph convolution 25 —+128
(2,10, 640, 128)

one or multiple graph ..~
convolutions for -~ graph convolution 128 —+128
message passing 210, 640.126) Dj = exp (-|ei-e|) where
e € R2% is the i-th element

unbin
(2, 6400, 128)
output elements
I (2, 6400, 128)

Uses built-in dense matrix, reshape and scatter/gather operations in TF.
Requires batch-mode graphs. No N2 allocation or computation needed.

One scalable combined graph layer. The input elements are projected into a
learnable embedding space. Nearby elements in the embedding space are binned
to fixed-size bins. A fully-connected graph is built in each bin, which is used for one
or multiple graph convolutions that are used to transform the input elements.

Finally, the transformed elements are unbinned. 40


https://ai.googleblog.com/2020/01/reformer-efficient-transformer.html

Learned binning

CMS S/mulat/on PreI/m/nary

Run 3 (14 TeV)
|

5O

e 60 e
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B B
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® 180

Each point corresponds to a PFElement in a simulated event.
Unlque colors ﬁorrespond to the bln assxgnm?nt in thls Iayer
)

® 240 ]

0402 2 04

0

06 2

0 8 4 1.0
PFElement n

PFElement ¢,
N 0w »O

CMS Simuiation Preliminary _Run3 (14TeV)
[ J & o J F Lo [ F 6o 1
[ tievents PFElement energy [GeV] ]
C e 60 e 120 ® 180 ® 240 ]
4. :
- ]
C oo : .
- Each point corresponds to a PFElement in a simulated event. ]
;- ) Umque cclors ﬁorrespond 'to the bm asmgnmeim in thrs Ia\yerI L _T
.0 -4 O 2 2 04 0 06 2 0 8 4 1.0
PFElement n

The learned binning structure in the first two layers of the model. We show one
simulated ttbar event, with each point corresponding to a PFElement in the event.
The colors correspond to the assignment of the PFElements into the bins in each

layer.
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Learned graph structure

T
e
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Application in the CMS experiment

Reconstructed with standard particle flow. Machine-learned particle flow

C CMS Simulation Preliminary
tt + PU, /s = 14 TeV
Machine-Learned Particle Flow rece

C CMS Simulation Preliminary
tt + PU, /s = 14 TeV
Particle Flow reconstruction

Charged hadrons . HFEM
Neutral hadrons . Electrons
Photons . Muons

HFHAD

“Machine Learning for Particle Flow Reconstruction at CMS”, CMS Collaboration, 2021
[JP on behalf of CMS, ACAT2021, Daejeon, South Korea; CERN CDS]
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https://indico.cern.ch/event/855454/contributions/4597457/
https://cds.cern.ch/record/2792320/

Training on simulation

Trained on 40k events with pileup + 2.4M single-particle events
e ~5days on 5 GPUs in the KBFI cluster
Hyperparameter optimization at the Julich supercomputing center [E. \Wulff]

sample fragment PU configuration | MC events
top-antitop pairs flat 55-75 20k
Z — 17 all-hadronic flat 55-75 20k
single electron flat pr € [1,100] GeV no PU 400k
single muon flat pr € [0.7,10] GeV no PU 400k
single 7° flat py € [0,10] GeV no PU 400k
single 7t flat p; € [0.7,10] GeV no PU 400k
single 7 flat p; € [2,150] GeV no PU 400k
single v flat p; € [10,100] GeV no PU 400k

Table 1: MC simulation samples used for optimizing the MLPF model.

0.25

0.05

0.00

Run 3 (14 TeV), tt, QCD with PU50; u, m, o, T, y, single particle guns

CMS Simulation Preliminary —— Training loss
After hypertuning ~—— Validation loss
Mean and standard deviation of 10 trainings

Final training loss: 0.0864 +/- 0.0040

Final validation loss: 0.0785 +/- 0.0044

25 50 75 100 125 150 175 200
Epochs 44


https://indico.cern.ch/event/855454/contributions/4598499/

Particle distributions
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Jets in full reconstruction

A |
CaloJets
Observable \\\ ,: N //
l Gartlcles GendJets
+ Hadronization
Theory |
and & N f )
Modeling BT
Partons
credit \

Number of jets / GeV

PF / MLPF

o
T T
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U | T | T T T U \ E

‘tt events AK4 CHSJets —+ PF ]
MLPF |

| .

T T T
:___-..........a_l.'.'.ﬂ.’_i.‘.'.*.b_i}.i___.’_ _______ §-——---- t ....... +. _-_-_:
[ | L L L L | L L L L | L L | L L i L [ ]

0 50 100 150 200
jet pr [GeV]
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https://twiki.cern.ch/twiki/bin/viewfile/Sandbox/Lecture?rev=1;filename=Philipp_Schieferdeckers_Lecture.pdf

Missing transverse energy

CMS Simulation Preliminary

10° CMS simulation Preliminary ~ Run 3 (14 TeV) > 10° o ‘ ‘ Run 3 (1‘4 TeV)

T y T T ] I E
E Fif Gvents, PF MET L er (CB FQCD events, PF MET 4 PF
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> ol MLPE |5 102 .
s 3
> > [
f_’ 10" g, % - E 10"k 47
5] Ju Moyt o 15} g ' E
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@ # L @
38 100 i 1 8
g "0 f £ 100F §
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Validate performance under different physics conditions (=datasets).
We found that we need to augment the training dataset with more high-energy
neutral hadrons for better generalization to e.g. QCD events.
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Interpreting ML models

e \What inputs are relevant for a
particular model output?
. C O m p u t e I ay e rW i S e r e I eV a n C e " Prirlnaw track v:lhen correcltly reconsmlJcted asa clharged hadlron : PriTaw cluster‘ when corre‘ctly reconst‘ructed as a[ neutral had[ron

2100l LN - En
5 | ® 1 s10°F ¢ E
Scores % i [ charge :—g [ charge
%108 E u'1 3|
e Aggregate along the graph ’
structure 1 E
101; E 101k n
R(l) Z ]k R](cl+1) i
Z b ;i OIS 1|0_E * _00 0‘2 054 0‘6 0[8 1l0

“Explaining machine-learned particle-flow reconstruction”; Farouk Mokhtar, Raghav
Kansal, Daniel C Diaz Javier Duarte, JP, Maurizio Pierini, Jean-Roch Vlimant
NeurlPS 2021, Machine Learning and the Physical Sciences, 2111.12840
[physics.data-an]

48


https://ml4physicalsciences.github.io/2021/

Speeding up reconstruction

e Besides good physics performance,
reconstruction needs to be fast and
computationally efficient

e Neural nets are well-suited for GPUs
& other parallel processors

e Important to avoid a quadratic
scaleup with occupancy

e Next steps are to test the MLPF
algorithm on real data in CMS in
Run3

e Also looking into extending this for

FCC reconstruction

— 100 ——
5 I ference with ONNXF( ntime in a g\ e CPU thread, l
g gl GPU stream on NVIDIA RTXZOGOS 8GB.
%) ° -like setup. Synthetic inputs.
E sl i
O c
E [
g 07 Iw’ﬁ'.‘l L L L L ‘ L L L L ‘ L L L L | L L L 1 | L L 1 L ]
= 0 5000 10000 15000 20000 25000 30000
PFElements per event

3000 CMS Simulation Preliminary __Run 3 (14 TeV)
P RN 1]
m B © \ nference wi ith ONNXRuntime in a single CPU thread, ]
=, s e e NIVLD'S’}FEIXE“"F,SFGB' 5
(d)) 2000 :5 y?ertar r;dﬁ ddgt pthp hos:
2] - | and hyper 1
0C 1000} 5 J—— ]
] - 1
éLD 0_ 1g L L L | L 1 L il | L L L il \ L L L L \ L L L L | L il

0 5000 10000 15000 20000 25000

CMS Simulation Pre/iminary

Run 3 (14 TeV)
T T | T T T T ]

730000
PFElements per event
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Next steps on MLPF

e Improve the training statistics, additional validation in the tails of distributions

e Improve GPU inference integration in CMS reconstruction software

e LHC Run 3 is an opportunity to test machine-learned particle flow
reconstruction on real data!

e The algorithm is generic - possible feasibility studies for future detectors

e This dataset for further studies on interpretability

e Integrate with machine-learned tracking and clustering from upstream
reconstruction
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Summary

Fundamental physics + ML: a unique combination of large datasets, accurate underlying
quantitative models and hard physics problems

The LHC is a rich area for applied ML methods, hundreds of models running in
production at any given time

Machine learning is about fitting distributions on data with numerical optimization, can
augment imperative algorithms

Data reconstruction at the LHC is a challenging problem, well-suited to differentiable,
machine-learned algorithms:

o “Efficient machine-learned particle-flow reconstruction using graph neural networks”; JP, J.
Duarte, J-R Vlimant, M. Pierini, M. Spiropulu; Eur. Phys. J. C (2021) 81: 381
o  “Machine Learning for Particle Flow Reconstruction at CMS”, CMS Collaboration, 2021 [JP_on

behalf of CMS, ACAT2021, Daejeon, South Korea; CERN CDS]
o “Explaining machine-learned particle-flow reconstruction”; Farouk Mokhtar, Raghav Kansal,

Daniel C Diaz Javier Duarte, JP, Maurizio Pierini, Jean-Roch Vlimant; NeurlPS 2021, Machine
Learning and the Physical Sciences

Encoding physics priors (=symmetries) can improve the representation power of
neural networks
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https://indico.cern.ch/event/855454/contributions/4597457/
https://indico.cern.ch/event/855454/contributions/4597457/
https://cds.cern.ch/record/2792320/
https://ml4physicalsciences.github.io/2021/
https://ml4physicalsciences.github.io/2021/

Backup
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Optimization over large datasets

batch,~ “
Se 5
/ o O
[ ] [ ]
[ ] o ©
\ o
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9 >\o\ |

g 0-"‘\ - °\O/

0\\ " = E——GGe

iteration 1 iteration 2 iteration 3 iteration 4

credit
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https://kenndanielso.github.io/mlrefined/blog_posts/13_Multilayer_perceptrons/13_6_Stochastic_and_minibatch_gradient_descent.html

Loss surface of ANN-s
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https://www.cs.umd.edu/~tomg/projects/landscapes/

Overfitting

Decision boundary

Decision boundary
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https://www.researchgate.net/figure/Example-of-overfitting-in-classification-a-Decision-boundary-that-best-fits-training_fig1_349186066

Train, test and validate

DATASET

VALIDATE

loss (MAE, degrees)

A~ O O N o0 ©

i
o

=—=t{rain
——=yalidation

0 10 20 30 40 50 60 70 80 90 100
number of epochs
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Lessons learned

It's all about the dataset!

Set up a simple baseline method and simple performance metrics!
Decouple the model and how you measure the performance of a model.
Change one thing at a time.

Visualize a few predictions, understand where and why they fail.

Visualize the learning dynamics. What is learnt quickly, what takes time?
Don’t try fancy methods before you get a simple method to work.

Try to reuse existing models before inventing your own.

ML can only attempt to answer to questions that you can pose quantitatively.
All models are wrong, some models are useful.
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Top quark / Higgs jets

One top jet, one W jet. Credit: CMS.
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https://indico.cern.ch/event/745718/contributions/3205082/attachments/1753205/2841505/JetTagging_Overview.pdf
https://cms.cern/news/getting-excited-about-quarks

Jet substructure to jet identification

Which is which?

a/g

H->bb
t->bW->bqq
b

W->qq
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https://www.researchgate.net/figure/Pictorial-representation-of-ordinary-quark-and-gluon-jets-top-left-b-jets-top_fig1_336731584

A full event

This event has:

A. ~5jets

B. ~10jets
C. ~20jets
D. ~50jets

We need X numbers to represent this
event at the level of momentum
vectors of the jets and leptons:

A. X~10

B. X~50
C. X~500
D. X~5000
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https://news.fnal.gov/2014/05/what-is-a-jet/

|dentifying collision events

a Supersymmetry event

w
w
H=* b
h0\<
b

b Standard model ttbar

g


https://www.nature.com/articles/ncomms5308
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https://link.springer.com/chapter/10.1007/978-3-319-62840-0_9

Machine learning: mathematical models optimized on data.

[ Machine Learning ]
|
| - 1
|/ Supervised Unsupervised
I
[ ]
/
‘|/Classification ‘r Regression B Clustering
Support Vector - Linear
Machines Regression K-Means
Discriminant ' . ) :
Analysis — Hierarchical Hierarchical
: Gaussian
Naive Bayes Ensembles Mixtiire
Nearest 2 :
Neighbors Decision Trees Hidden Markov
Neural Networks| “—Neural Networks Neural Networks

credit



https://www.researchgate.net/figure/Classification-of-the-most-common-machine-learning-algorithms_fig2_335810150

Classification
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https://scipython.com/blog/plotting-the-decision-boundary-of-a-logistic-regression-model/

Regression

Output variable y

1.0 A

©
(9,]
1

©
o
1

|
o
[0}
1

|
=
o
1

0.0 0.1
0.0 0.15
0.2 0.02

T T T T

-10.0 -75 =50 -25 0.0 2.5 5.0 7.5 10.0

Input variable x

65



Supervised learning

- h(x; w)
Function with
adjustable
parameters
True labels:
Higgs =1
Bkg =0

Loss
Function

Compare
prediction

with true
label

—> LOSS
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https://indico.cern.ch/event/1023573/contributions/4400335/attachments/2296866/3906358/Kagan_ML_HCPSS_Lecture1.pdf

Optimization

Our model: y=mx + ¢

el

Mean squared error

1
E=-=
n

n

Z(yi

1=0

—Y;

)2

Which model has a lower overall

error?
A. Left
B. Right

How many parameters does the
linear model (blue line) have?

A. One

B. Two

C. Three

D. Undefined

What are the units of the mean
squared error E?

C. The units of y

D. The units of y?

E. Unitless
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Optimization game

Compute total error

B 3 g = oy P
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https://towardsdatascience.com/linear-regression-using-gradient-descent-97a6c8700931

Batched gradient descent

batch F

minibatch | o ©

credit iteration 1

iteration 2

iteration 3

iteration 4
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https://kenndanielso.github.io/mlrefined/blog_posts/13_Multilayer_perceptrons/13_6_Stochastic_and_minibatch_gradient_descent.html

1(6)

Choosing the right learning rate

Too low

1(0)

Just right

1(6)

Too high

A small learning rate
requires many updates
before reaching the
minimum point

The optimal learning
rate swiftly reaches the
minimum point

credit

Too large of a learning rate
causes drastic updates
which lead to divergent
behaviors

loss

low learning rate

high learning rate

good learning rate

credit
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https://cs231n.github.io/neural-networks-3/
https://www.jeremyjordan.me/nn-learning-rate/

Artificial/deep neural network

Synapses

Parameters

k. inputs

|
°

Linear
Combiner

Bias

How many tunable parameters
does this model have?

A k_+1
B. k_(k +1)
C. 2k

@ -@ In this image, u,, v,, y, are
A. Scalars (single numbers)

B. Vectors (1D lists of numbers)
| C. Tensors (nD matrices)
Output

Activation
Function

1 output 71



Activation Functions

Sigmoid

o(z) =

THe=®
tanh
tanh(z)

RelLU
max (0, x)

‘ | |
L 5 5
5
s = o L -
3 5 5

Leaky ReLU )
max(0.1z, x)

Maxout
max(w! z + by, wiz + by)

ELU )
T x>0
ale*—1) z<0 - - 0

What would be a suitable
activation function for binary
classification, with output values
from 0...1

A. Sigmoid
B. RelLU
C. Linear

What would be a suitable output
activation function for
regression, where the output
domain is 0...500 (e.g.
reconstructed mass)

A. Sigmoid

B. RelLU

C. Linear
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Input layer

n inputs

Hidden layer

Output layer

p hidden units

1 output

The number of nodes in the hidden

layer p should be

A. Larger than the number of
inputs n

B. Smaller than the number of
inputs n

C. Exactly the same as the
number of inputs n

D. Is not fixed and can be
chosen as needed
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Representing data

Collider events contain a variable number of
particles of various types.

How to map events — R" ?

Input layer Hidden layer Output layer

Typical DNNs require a
fixed size n input.
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Categorical variables

One-hot encoding.
Your MC simulation can contain jets,

Red  Yellow Green electrons, muons and photons. How
Red 1 0 0 many bits are required to represent
Red 1 0 0 objects of all classes?

# A. One
Yellow 0 1 0
a B. Two
_ 0 . ! C. Three
ielow B 1 0 D. Four
E. Five



https://www.kaggle.com/alexisbcook/categorical-variables

Error

Bias vs. variance

Total Error

Variance

Optimum Model Complexity

Model Complexity

credit

s >

Low Bias
@)
Q
()

o
=

High Bias

Low Variance

®
=

High Variance
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https://www.researchgate.net/figure/Visualizing-bias-and-variance-tradeoff-using-a-bulls-eye-diagram_fig3_318432363
https://stats.stackexchange.com/questions/336433/bias-variance-tradeoff-math

Training and validation datasets

Test
—

Validation
Score

Training
Score

Test
Score
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Regularization

Building robust models with respect to
fluctuations in the input dataset.

Dropout: randomly disable neural network

nodes at training time.

p=0.5

hidden fc layer dropout layer

inputlayer K ‘\ oulpul iayer
e | s
? % "; /;.

Training time

credit

What would happen if the dropout

was applied not only in training, but

also during inference?

A.

B.

C.

The network output would
always be zero

The network output would be
even more regularized

The network output would be
more noisy from one
prediction to the next.
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http://primo.ai/index.php?title=Dropout

Regularization with more data

40

mean AP —
)
(@)

10
®—@ Fine-tuning
@@ No Fine-tuning
0
10 30 100 300

Number of examples (in millions) —

credit
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https://ai.googleblog.com/2017/07/revisiting-unreasonable-effectiveness.html

Example of overfitting and regularization

Train set Linear regression (train acc: 0.83)

Neural network without regularisation (train acc: 0.89) Neural network with regularisation (train acc: 0.87)
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https://towardsdatascience.com/preventing-deep-neural-network-from-overfitting-953458db800a

Recap

Training on MC simulation

e forward
i e
> 4
! -
Large N backward
Inference on MC simulation + r;ea.l\ data
; ‘ ;“‘\"? A
N K forward

2 4

Smaller,
varied N

>

“Higgs event”

Y labels

error

“ttbar event”

=? -4 “ttbar event” ‘
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https://developer.nvidia.com/blog/inference-next-step-gpu-accelerated-deep-learning/

Tensorflow playground

https://playground.tensorflow.orqg

Two blobs Circle

OUTPUT
OUTPUT

Test loss 0.001
Training loss 0.001 Test loss 0.002
Training loss 0.000

How many hidden neurons required
to fit the “two blobs” dataset?

A. One

B. Two

C. Three

How many hidden neurons required
to fit the circle dataset?

D. One
E. Two
F. Three
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https://playground.tensorflow.org

Clustering

Original unclustered data Clustered data
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Reconstructing particle showers
Hits — clusters — particle
candidates.

How many clusters do we expect?

What'’s the “cost” of incorrectly
merging/splitting a cluster?

How do you determine the particle
properties from the cluster?
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https://news.fnal.gov/2020/09/the-next-big-thing-the-use-of-graph-neural-networks-to-discover-particles/

Particle tracking
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https://cs.lbl.gov/news-media/news/2018/physicists-and-machine-learning-experts-team-up-to-tackle-the-trackml-challenge/

Reconstruction across different detector systems

tt, 14 TeV, 200 PU
Tracks

» ECAL clusters

HCAL clusters

Truth particles

Reconstructed particles / event

Reconstructed particles / event
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https://cds.cern.ch/record/2750781?ln=en

Generative modelling

MC generation

f T T
iy om im m am
Muon
——— Electron
~——— Charged Hadron (eg. Pion)
- Neutral Hadron (eg.Neutron)
Photon

Electromagnetic
)“l Calorimeter
Superconducting
Calorimeter Solenoid

Transverse slice
through CMS

Detector simulation

Jets/0.02

Data/MC

36 fb™,5=13 TeV, 2016

CMS + Data
Preliminary Il

. e
Muon enriched QCD

AK4 jets (50 <p,< 250 GeV)

PRl R R I IO X I IR e
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*u

INELANNNE
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CSVv2 Discriminator

Comparison with data
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Generative modeling with ML

unit gaussia

O

y4

n

\

generative

model
(neural net)

generated distribution

true data distribution

T~

https://openai.com/blog/generative-models/

A

pP(Xx)

image space

image space
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Overparameterization

Number of Model Parameters

GPT-3 @
1011
1010
GPT-2 P e
10° e
) P Transformer-XL
VGG16 Transformer (Big) g SENet .~ = o ©
° o~ ALBERT
108 AlexNet _ o%NASNet  geRT
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InceptionV3® _ - "0 (Base)
107 GoogleNet -~ = Xception
o DY o
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Year
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https://www.researchgate.net/figure/Number-of-parameters-ie-weights-in-recent-landmark-neural-networks1-2-31-43_fig1_349044689

Semi-supervised methods

Labeled examples
(e.g. simulation)

p-

.

Density

Probability

Light Quark jet Gluon Jet

Different color factor

O e

S. Yang, talk slide

).

0.05 1

0.01 4

FIG. 2.

Jet Topics

R Pythia 8.226, \/5=13 TeV
f? ?% R =04, pr €[250,275] GeV
? Z + jet
[o] EZZ2 dijets

T3 Z+ quark
T3 Z+ glion

O Jet Topic 1
El et Topic 2

20 40 60 80 100
Constituent Multiplicity

The jet topics method applied to constituent
multiplicity, starting with Z+jet (pink) and dijet (purple)
distributions from PyTHIA 8.226. There is good agreement
between the two extracted jet topics (orange and green) and
pure Z+quark and Z+gluon distributions (red and blue).

1802.00008
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https://arxiv.org/pdf/1802.00008.pdf

