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Disclaimers

* This is a very personal review, highly biased

* Lots of thing not covered
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v A computer program is said to learn from experience E with respect to some class of tasks T and performance measure P, if its
performance at tasks in T, as measured by P, improves with experience E
v Machine learning is a set of methods that can automatically detect patterns in data, and then use the uncovered patterns to predict future

data or other outcomes of interest
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+ signal

* background

Beor cu

TMVA overtraining check for classifier: BDT

i élgﬁal ('les't simp;le)' e §ign'al (iralhlnb aimﬁle)l
H-""] Background (test sample) | * Background (training sample]
test: signal gl ) p ility = 0.307 (0.574)

-]

(1/N) dN/ dx

III\IJILI'IIII'IIIJTIII'

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

0.2 0 0.2 0.4
BDT response
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5530 1: Af+488? Neural network as universal function approximator

RRE ARt

Many towers

1D 2D

A notable fact about neural networks is that they can approximate a continuous function to any
desired level of precision, provided that there are enough neurons in the hidden layers.
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ESC 2 9+ 4ME? Curse of dimensionality

:D> D 7/ .o

. 39
- i sl = . 4
ratio: 4/ =1.27 ratio: 6/ =1.91 ratio: 4.2 + 10
P T
ircle . — = Volume of the hyperspl
A, 4 lrd=? ool N[ = Vel e R
'square
08
—saperal B AU Sps SS9 .
\/Cube 0.2
V e 2+
hypersphere = — 0 as d — 00 ol L \ N ) ) ‘
Vs a2 7T(df2) o 2 4 6 8 10 12 14 16
Dimension

« WhenD=1: 100 evenly distributed points can sample a unit interval with a distance no greater than 0.01;
« When D=10: itrequires 102° sampling points to achieve the same sampling rate.

« Almost all points in high-D are isolated

On one hand: fortunately, most specific problems can be reduced in dimensionality!
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® Lost in the immensity of high dimensional spaces
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Neural networks have demonstrated their ability to
effectively address the dimension problem!
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50 A EEFREE;E? bias-variance tradeoff

© MR IR ERERNMEIIRE.
© FORZET U BARE . TENATEDHIRE.

* Bias: REMNMESELEZENER. SRESEUEL
HllGE ERIALE.

Error

. Variance BIZERFILIBE F TINERHF . BT
£ SBBREHRIR LT RN 2

Total Error? = Bias?+ Variance + Irreducible Error?

Total Error

Variance

COptimum Model Complexity

Bi352

&

Y

V B REMNTZENRAN THEEELEXER,

v BREAER BB ETEA.
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No free lunch theorem ( http://www.no-free-lunch.org)

There is no single algorithm that is universally the best for all problems

Performance of a learning algorithm is problem-specific

BRRBEIR, EXEEEDEE R (bias)

XN RAVEF EIE
BiEA

Bik: HEEREE
(BE{NERNEIE—F5&
X GENEE



http://www.no-free-lunch.org/

p(D|IM) | [

Well-Specified Model
Calibrated Inductive Biases

Ezxzample: CNN

Simple Model
Poor Inductive Biases
Ezxample: Linear Function

Complex Model
Poor Inductive Biases

Ezxzample: MLP
& é M—»

Corrupted CIFAR-10 MNIST
CIFAR-10 < > Dataset

Structured Image Datasets

Why do some models perform well on certain datasets? Inductive bias

2025.01.13-18 F—EIBFINETITES
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performance

e INREFS

\ optimal

_______________ e T

headroom

Large NN

medium NN
other ML

(labeled) data
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JLER=

BlF: Zett. ZEET

SVM

BDT, xgboost

kNN

EEINEE

kMeans

Hierarchical
Clustering

E—ENBREINEFTELTER

ADAM, SDG

ERE Torch, TensorFlow ...

TensorBoard

Matplotlib

senborn

HH% KR
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*F+«confusion matrix” and beyond

« Data sample containing instances of two classes: Ntot = Stot + Btot
— HEP: signal Stot = Ssel + Srej
— HEP: background Btot = Bsel + Brej

» Discrete binary classifiers assign each instance to one of the two classes
— HEP: classified as signal and selected Nsel = Ssel + Bsel
— HEP: classified as background and rejected Nrej = Brej + Srej

true class: Positives + true class: Negatives -
(HEP: signal) (HEP: background)

T. Fawcett, Introduction to ROC analysis, Pattern
Recognition Letters 27 (2006) 861. doi:10.1016/
j-patrec.2005.10.010

True Positives (TP)
(HEP: selected signal Ssel)

classified as: positives
(HEP: selected)

True Negatives (TN)
(HEP: rejected bkg Brej)

classified as: negatives
(HEP: rejected)

2025.01.13-18 F—EVREIMEFITELTER 26



The confusion about the confusion matrix...

IR: “precision”

TP TP FP FP
(Ssel) (Ssel) | (Bee) (Bsel
FN TN
(Srej) (Brej)
TP TP TN
TPR= ——— PPV=—""— TNR=———-=1-FPR
TP + FN TP + FP TN +FP
HEP: “efficiency” HEP: “purity” HEP: “background rejection”
Ssel Ssel 1 1 Bsel
€5 = = — € = —
Stot r Ssel + Bsel ’ Btot
IR: “recall”

MED: “sensitivity”

MED: “specificity”

2025.01.13-18

E—ENBREINEFTELTER

Different domains — focus on different concepts — different terminologies

Information Retrieval: {EE# &
MED: &J7
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Events per 0.01 bin

Discrete vs. Scoring classifiers — ROC curves

Reject if D<Dy,,
I

Accept if D>Dy;,, (£=1-Dy,)
T I

—— Signal (10k events)
—— Background (100k events)

——— $ f
_1F ---- Background (10k events) Tl
10 ... Background (1000k events) Dth T=-
—2 | | r | |
) 0.2 0.4 0.6 0.8 1.0

Discriminating variable D

Discrete classifiers — either select or reject — confusion matrix

» Scoring classifiers — assign score D to each event (e.g. BDT)

— ideally related to likelihood that event is signal or background

— from scoring to discrete: choose a threshold — classify as signal if D>Dy,,

TPR (signal efficiency)

0.8

0.6

0.4

0.2

AUC=0.900

ROC

---- Btot = Stot
——— Btot = Stot * 10

+ Btot = Stot * 100

| | | |
0 0.2 0.4 0.6 0.8

FPR (background efficiency)

ROC curves describe how FPR(g,) and TPR(g,) are related when varying Dy,

2025.01.13-18
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A simple HEP example

* Measurement of a total cross-section o, in a counting experiment

- HEP event selection (HEP)

* To minimize statistical errors: maximise £.*p (well-known since decades)
* global efficiency €.=S.. /S, and global purity p=S../(Sse+Bse)) — “1 single bin”

1 I T

1 1 1 Stot=0.50%(Stot+Btot)
E S —— ToyMod MAX=0.684

e -+ SigDet MAX=0.500

A 2 ESP 9 totlESp 08/~..... BkgDet MAX=0.666 N
. Og a ~ RANDOM MAX=0.500
5 5
0.6

-
_______
--------
—- -

* To compare classifiers (red, green, blue, black):
* in each classifier — vary Dy, cut — vary €.and p
— find maximum of €.*p (choose “working point”)
* chose classifier with maximum of €.*p out of the four EFF<Pur
* £.*p: metric between 0 and 1 N
* qualitatively relevant: the higher, the better TPR (efficiency)
* numerically: fraction of Fisher information (1/error?) available after selecting

» correct metric only for o, by counting!

F-EISRFIMETITELRFER 29

TPR*PPV (efficiency*purity)
o
~
T

e
N
I
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Different HEP problems — Different metrics

Binary classifiers for HEP event selection (signal-background discrimination)

Statistical
error
minimization

(or statistical
significance
maximization)

Cross-section (1-bin counting)

2 variables: global €, p (given S)

Maximise S;*e.*p (at any Siy)

Searches (1-bin counting )

Simple — 2 variables: global Sy, Bgg
(or equivalently €, p)

Maximise \/l_;l (i.e. /S, *Es*P)

Maximise Jz((sset + Bsel) log(1 +f}—) — ssel)

HiggsML — 2 variables: global S, Beg

Maximise \[2((559, + Bsel + K) log(

Sset
BMH() — Ssel)

Punzi - 2 variables: global &g, By

—$_
Maximise Y

Cross-section (binned fits)

Parameter estimation
(binned fits)

2 variables:
local €; and p; in each bin
(given sy ; in each bin)

Maximise ¥, stot i*€s j*Pi
Partition in bins of equal p

1 4S
Maximisey.; sio&s+pi * G ey

Partition in bins of equal p+ < ',"S“"b

2025.01.13-18
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(Multi-)Classification problem

»Jet tagging/W tagger

»Event classification



PFN-ID

Algorithms used

Energy Flow Network(EFN) /
Particle Flow Network(PFN)

O—Q
R
Z WX

3—)
NN/
AN

RN Fs
AN
A AN )

ASIRLIR R Fi

P.T. Komiske, E. M. Metodiev and J. Thaler
JHEP01(2019)121]

2025.01.13-18

ParticleNet

EdgeConv Block
" 54

16, C = (64, 64, 64)

EdgeConv Block
16,C B

(128, 128, 128)

EdgeConv Block

k = 16, C = (256, 256, 256)

Global Average Pooling
¥

Fully Connected
256, ReLU, Dropout = 0.1

JE——

Fully Connected
2

2
Softmax

H.Qu and L. Gouskos [Phys.Rev.D 101 (2020) 5, 056019]

B ENEYINETHHLS SR

ParticleTransformers
(ParT)

H.Qu, C Li,S. Qian [2202.03772]

32

et
(€) Class Attention Block


https://link.springer.com/article/10.1007/JHEP01(2019)121
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.101.056019
https://arxiv.org/abs/2202.03772

+ — 7 N
e e % b b |fere gamms el aoit |
Lok ok _Hard process >

ammma gamma anti-b
02,626 0.252 |4 a1 a0l

N—p

C\ohllower
a2z
b

49.982

1_

b
43 76T

— T @gmentatD

R R

ti-b
g’."l.'i-ID 1.215 25%60 IEI.%G'.' I3.139
.| . P r .
g!'l'i-ID 1. 215 25%60 IU%G" | 13.139

=S L2

anll-i )'D

BD gamma tho+ anti-B e gamma
(Bl T e 12209 l/ R \l
P pis+ K10 anti-ko pild
22232 30 ?22 -\ 1013 8333 043 0.607
K- tho+ 5 K S0
12.234 3.887 9. 355 12269 ﬁ 966 1 36? 3048
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Jet (flavor) tagging (2 MEGE)

91 GeV
« Z - bb, cc, Il (uu,dd,ss)
450k events (900k jets) for each class

« Take particle level information a input

> 4-momenta
> d0/z0
> PID

2025.01.13-18 F-ESBFINBFHEELXSTFER 35
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Multiplicity, impact parameters

-1 0 2 3 - ) 2 = [] 1 2 3 e
]nngDﬂI ]nngDﬂI ]nngDlI'I

F—ENBFINETFHHLTER

36



2025.01.13-18

PID information

Weighted by momenta

B EISRFIMETIHELETER

light
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Algorithm | ParticleNet PFN | DNN BDT GBDT geforest XGBoost
Accuracy =——————p Accuracy 0.872 0.850 | 0.788 0.776  0.794 0.785 0.801
O s exp
%8 | (%) I GFIPls  XGBoost ParticleNet  PFN
60 - - 0.589 0.596
70 - - 0.694 0.689
80 - 0.747 0.780 0.763
, _ b 90 0.72 0.713 0.810 0.752
Purity X efficiency  ———————p 95 i 0.609 0721 0.645
60 0.36 - 0.548 0.485
70 - - 0.589 0.497
C
80 - 0.345 0.584 0.467
90 - 0.292 0.516 0.402
95 - 0.251 0.451 0.348
Take c-tagging as example
sqrt(0.584/0.345)=1.3 1 1 1
art( / ) ——5 = —Lesp = ?Stotesp

(AO'S)Q O

L]

Statistical uncertainty: 30%[

2025.01.13-18 F—EVREIMEFITELTER



W Jet Taggers (ATLAS, by Shudong Wang) (— XI5 E)

* In this study, a maximum of 200 constituents are considered by all constituent-based taggers. Only a small portion
of jets in the dataset have more than 200 constituents (less than 0.04%). As jet constituents are sorted by
decreasing py, truncation eliminates the softest constituents of the jet.

—
ATLAS Simulation Preliminary —\W Jeat
Vs = 13 TeV, W' WZ, Pythiag

107 k- anti, R=1.0 UFO Soft-Drop CS+SK jets =~ QCD Jet

Counts
—
[an]
[+2]

1 PRI ST T TR N A N N SN TN S S N NN
0 50 100 150 200 250 300
Number of Constituents

Distributions of the number of constituents in a large-R jet.

2025.01.13-18 E—ENBYINEFIHELEER 39



W Jet Taggers

* Particle Flow Network(PFN)/Energy Flow Network(EFN)

e Based on Deep Sets Theorem

* JHEP01(2019)121 Models Input variables
EFN An, Ad, Inpy
. PEN An, Ag, Inpt, InE, 1 1 ,AR
* ParticleNet 1 Ag. Inpr, InE, Ing 250 ns
ParticleNet An, A¢, Inpt, InE, ln p ,lnE 7> AR
* Customized graph neural network architecture for jet tagging -
with the point cloud approach ParticleTransformer | An, A¢, Inpt, InE, ln lnZ 7> AR
(E., X y . )
- Phys.Rev.D 101 (2020) 5, 056019 Do Py P

e ParticleTransformer

* Transformer designed for particle physics

* arxiv:2202.03772

2025.01.13-18 F-EISRFIMETITELRFER 40


https://link.springer.com/article/10.1007/JHEP01(2019)121
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.101.056019
https://arxiv.org/abs/2202.03772

Tagger Performance

Calculated using samples with steeply
falling pT spectra, i.e. both sig & bkg
are weighted to have falling pT
spectra.

For a signal efficiency of 0.5 (0.8) case,
the background rejection of ParticleTransformer
Is about 1.8-2.8 (1.6-2.7) times better than the
baseline tagger.

= L LR BLELEL IR B RLEL AL N BLELELEL RN N LR NLELELEL N BLRLEL AL B
~2 _ -F ATLAS Simulation Preliminary — ParT
% 10 X (5= 13 TeV, W jet tagging ParticleNet
5 |F anti-k, R=1.0 UFO Soft-Drop CS+SK jets PFN
10° fr- p_ > 200 GeV, |n| < 2.0, m > 40 GeV EFN
BT meene Zygy W N )
.1 04 L Zl\h‘ (W."G NII‘(]

2025.01.13-18 E—EVSFINEFTELEER
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Tagger Performance

AN
Model AUC | ACC ;,: @ g4 = 0.5 ;;g @ g4 = 0.8 / Param\ Inference Time
EFN 0.920 | 0.835 35.1 7.95 ! 56.73k ‘ 0.065 ms
PEN 0.931 | 0.853 44.7 9.50 57.13k 0.11 ms
ParticleNet 0.933 | 0.826 46.2 9.76 366.16k ’ 0.36 ms
ParticleTransformer | 0.951 | 0.880 77.9 14.6 \2 14M 0.28 ms

Table 3: The performance of each W jet tagger is measured with several metrics evanrated on the testing set.

Transformers the best

But the # of parameters is almost one order of magnitude larger

2025.01.13-18

F-EasRFIMETITERSE
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Many processes are selected simultaneously

Prod/decay | cc bb | mm TT gg gg AV a4 aZ ee,
uu,dd,ss
eeH
mmH =
=1
(@]
TtH )
)
8
qqH f".
nnH

Consider: psi(2S) = pi+ pi- J/psi, J/psi > various processes



Try eeH first

Probability distributions of each class
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Try eeH first
cc 0.00 0.02 0.00 0.02 0.04 0.01
bb - 0.00 0.01 0.00 0.03 0.01
e 0.00 0.00 0.00 0.00
4 0.00 0.00 0.00 0.00 0.01
Q€
E gg - 0.03 0.03 0.00 0.00 0.01
[_4
VY - 0.00 0.00 0.00 0.00 0.00
z7 40.05 0.08 0.00 0.01 0.08 0.00 0.02
ww 4 0.03 0.00 0.00 0.01 0.06 0.00 0.09
.'.z_ﬂ.ﬂl 0.01 0.01 0.02 0.00 0.01 0.02

0.8

0.6

0.4

- 0.2

0.0

S R A I VRV QR (4
Predicted
Taking the one has largest probability (ArgMax)




40 1

Dimension reduction

20

v u, vy, 1t well classified as
expected

v bb and yZ also good

v’ ¢c, gg, WW, and ZZ fake each

other, but under control

t-SNE Feature 2

.cc .bb auy

@ Bo (6
@ zz (B ww @ vz

—60

—40 —20 0 20 40 60
t-SNE Feature 1
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True

True

cc

bb 4

8

aa

ZZ

vZ

cc

bb

Hp

ks

ag

ZZ

174

All 4 production modes

0.02 0.00 0.02 0.04 0.01

0.01 0.00 0.03 0.00 0.01

0.00 0.00 0.00 0.00 0.00

0.00 0.01 0.01

0.03 0.03 0.00 0.06 0.06 0.01
0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.05 0.08 0.00 0.01 0.08 0.00
0.03 0.00 0.00 0.01 0.06 0.00
0.01 0.01 0.01 0.02 0.00 0.01
P R

Predicted

eeH

0.00

0.00 0.02 0.00 0.02 0.04 0.01

0.00 0.01 0.00 0.04 0.00 0.02
0.00 0.00 0.00 0.00 0.00 0.00 0.01
0.00 0.00 0.00 0.00 0.00 0.00 0.01
0.04 0.02 0.00 4 0.00
0.00 0.00 0.00 0.00
0.06 0.08 0.00 0.01
0.05 0.00 0.00 0.01
0.01 0.01 0.01 0.02
F e R L e Q@D

Predicted

TTH

0.2

1.0

cc

bb 4

Hp

7T

991

True
=]
P
&

¥y

77.40.05

vz {0.00

0.02

0.00

0.05

0.00

0.00

0.00

0.00

0.00

0.00

0.01

0.02 0.00 0.02 0.04 0.01

0.01 0.00 0.05 0.00 0.01

0.00 0.00 0.00 0.00 0.01

0.00 0.00 0.00 0.00 0.01

0.99

cc
bb 4
[
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t-SNE Feature 2

Only signals

ParticleNet features: t-SNE
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ROOT TMVA 9328

Tt

Cut efficiencies and optimal cut value

| ———. signal purity

iciency (Purity)

Eff

Signal efficiency

Significance

@ @ TMVA Plotting Macros for Classification

(1a) Input variables (training sample)

(1b) Input variables 'Deco'-transformed (training sample)

(1c) Input variables 'PCA'-transformed (training sample)

(1d) Input variables 'Gauss_Deco'-transformed (training sample)

------- Signal efficiency*purity
Background efficiency — sﬂﬁ
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(2a) Input variable correlations (scatter profiles)

(2b) Input variable correlations 'Deco'-transformed (scatter profiles)

(2c) Input variable correlations 'PCA'-transformed (scatter profiles)

(2d) Input variable correlations 'Gauss_Deco'-transformed (scatter profiles)

(3) Input Variable Linear Correlation Coefficients

(4a) Classifier Output Distributions (test sample)

(4b) Classifier Output Distributions (test and training samples superimposed)
[ (4c) Classifier Probability Dgrﬁmtions (test sample)
(4d) Classifier Rarity Distributions (test sample)
(5a) Classifier Cut Efficiencies

(5b) Classifier Background Rejection vs Signal Efficiency (ROC curve)
(5b) Classifier 1/(Backgr. Efficiency) vs Signal Efficiency (ROC curve)

(6) Parallel Coordinates (requires ROOT-version >= 5.17)
(7) PDFs of Classifiers (requires "CreateMVAPdfs" option set)

(8) Training History

(9) Likelihood Reference Distributiuons

(10a) Network Architecture (MLP)

(10b) Network Convergence Test (MLP)

(11) Decision Trees (BDT)
(12) Decision Tree Control Plots (BDT)

(13) Plot Foams (PDEFoam)

(14) General Boost Control Plots

i (15) Quit
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t-SNE Feature 2

2 Features: t-SNE
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t-SNE Feature 1
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Micro-average ROC (AUC = 0.986)
Macro-average ROC (AUC = 0.985)
—— ROC of cc (AUC = 0.981)
—— ROC of bb (AUC = 0.987)
—— ROC of gg (AUC = 0.988)
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