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Outline

Maximise discovery potential: anomalies

Trustin ML



Machine learning

Design algorithms that can perform tasks without being explicitly programmed.

BUT Al 4w @

Is itjust glorified curve fitting?
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Machine learning

(supervised)

X € R4,
(X, y)iz1 > [ X >, Y € R%{0,1}
fw> w € RP, p>n model

n
1 2 .
e Y 0 o)’ <o
i=1
Not good if we want to generalise!
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Machine learning

(supervised)

fw»  WE
n

1

i
1=1

With four parameters | can fit an elephant,
and with five | can make him wiggle his trunk.

John von Neumann

Not good if we want to generalise!
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Machine learning

(supervised)
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Machine learning

Classic vs data-driven modeling

* Paradigm shift: modeling by data-driven algorithms
* Potentially lose explainability and a mechanistic/reductionist view.

e Careful pipeline needed!

* Algorithm design

e can be physics-informed!
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Machine learning

* Expressive ML models: decision trees, kernel methods, neural networks, ...

* (Deep) neural networks advantage is feature extraction in high-dimensions and in
modeling high-level correlations.

e Structured/unstructured data and architectures:

inductive bias: images — CNN, time series — RNN, graphs — GNN.

........

uuuuuuu
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Machine learning in HEP
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Outline

Machine learning and data-driven modelling

Should we care about interpretability



Anomalies

Traditionally strong theory prior

> likelihood-ratio hypothesis testing

[Sketch: A. Wulzer]
(Neyman-Pearson)
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Anomalies

Traditionally strong theory prior

> likelihood-ratio hypothesis testing

[Sketch: A. Wulzer]
(Neyman-Pearson)

make it “any NP”? § o
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Anomalies

SUSY, etc.
/-u‘

Higgs __—=»

Traditionally strong theory prior

Infinite number of possibilities and observables
> likelil

(Ney Machine learning to maximise discovery potential

towards model-independence
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Anomalies

Machine learning to maximise discovery potential

> anomaly detection

Anomalies are patterns in data that do not conform to a well-defined notion of normal behavior.
“Anomaly detection: A survey’, Chandola, Banerjee, Kumar 2010

n(x) 4

over/under density

outlier

background PS

X

Hard problem:

Agnostic method
Multivariate

Unbinned

Large scale
Rare/hidden anomalies
Uncertainties in bkg
Statistically robust
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Anomalies

Autoencoders for outlier detection
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https://indico.nikhef.nl/event/4875/contributions/20303/attachments/8213/11697/eucaifcon_axol1tl_slides.pdf

Anomalies

Classifier-based two-sample tests Dsy = Pdata’

Train a classifier to separate background from measurements

SM ’@ X = {xl, ...,xn} ~ Dsm, Z = {er ---;Zm} ~ Pdata
11
X,y=0 I
Jw = fw
) .....

Z,y=1 =
Baker, Cousins (1984), Friedman (2003), Lopez-Paz, Oquab (2017),
Metodiev, Nachman, Thaler (2017), D’Agnolo, Wulzer (2018),
ML, L io, Ran r Woulzer, Pierini, Zanetti, R 2022
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https://www.sciencedirect.com/science/article/pii/0167508784900164?via%3Dihub
https://inspirehep.net/files/345e70f422e5306b7540c80ed1dbcff3
https://openreview.net/forum?id=SJkXfE5xx
https://link.springer.com/article/10.1007/JHEP10(2017)174
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y

Anomalies

Classifier-based two-sample tests

Psm = pdata?

Train a classifier to separate background from measurements

SM >@

X ={xq, .., X0} ~ Pspy,

Z = {er '")Zm} ~ Pdata

== ROC (AUC=0.505)

_____

107 107 1072
false positives

11
X,y=0 |- perform atest on the classifier output:
)
fw = fo accuracy, AUC, KS, x?, ...
— o'.
, AAA‘A‘ 10% ) REFERENCE ] 0 11(?1
Z,y=1 — g’ms 3 DATA 2
; =102
%102 8 -
'8 310-3,- -------------
& 10 — 210-“
10° : 105
Baker, Cousins (1984), Friedman (2003), Lopez-Paz, Oquab (2017), ~ 90 02z 04 05 08 10 °
Metodiev, Nachman, Thaler (2017), D’Agnolo, Wulzer (2018), -~ Classifier score
ML, L io, Ran r Wulzer, Pierini, Zanetti, R 2022),...
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https://www.sciencedirect.com/science/article/pii/0167508784900164?via%3Dihub
https://inspirehep.net/files/345e70f422e5306b7540c80ed1dbcff3
https://openreview.net/forum?id=SJkXfE5xx
https://link.springer.com/article/10.1007/JHEP10(2017)174
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y

Anomalies

Classifier-based two-sample tests

Psm = pdata?

Train a classifier to separate background from measurements

SM >@

Signal Reconstruction (mz = 300 GeV)

Data toy 43
NN reconstruction

X = {xl, ...,xn} ~ Psm, Z = {le ---;Zm} ~ Pdata
11
data-driven Neyman-Pearson testing:
X,y=0 I rer ) N
£ > fa likelihood-ratio trick
. —— ~ Pdata —
< A fa = 10gm - tp(D) = 21og[lxep fo(x)
Z ) y - 1 [ Signal Reconstruction (¢, = 1.0 TeV™?)
= ‘I bata toy 32 ~
g sl NN reconstruction %
Baker, Cousins (1984), Friedman (2003), Lopez-Paz, Oquab (2017), %4 gs
Metodiev, Nachman, Thaler (2017), D’Agnolo, Wulzer (2018), ;
ML, L io, Ran r Wulzer, Pierini, Zanetti, R 2022),... 200 400 600

my (GeV)
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https://www.sciencedirect.com/science/article/pii/0167508784900164?via%3Dihub
https://inspirehep.net/files/345e70f422e5306b7540c80ed1dbcff3
https://openreview.net/forum?id=SJkXfE5xx
https://link.springer.com/article/10.1007/JHEP10(2017)174
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y

Anomalies

Classifier-based two-sample tests
Train a classifier to separate background from measurements

SM @ X = {Xl, ...,Xn} ~ DsmMm)

11
XLy=0 A
fw = fw
ma 0..
ij:]_ | faat

Psm = pdata?

Z = {er '")Zm} ~ Pdata

enhance signal hypotheses (e.g. bump hunts)

S )
‘.flﬂ

Probability
ACEEEY
= -

H o
+dga

mass

Baker, Cousins (1984), Friedman (2003), Lopez-Paz, Oquab (2017),

, D’Agnolo, Wulzer (2018),
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https://inspirehep.net/files/345e70f422e5306b7540c80ed1dbcff3
https://openreview.net/forum?id=SJkXfE5xx
https://link.springer.com/article/10.1007/JHEP10(2017)174
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Anomalies

To establish significance we need to calibrate

the SMis good = accuracy=55% — Isit significant? Estimate null hypothesis

(permutation, bootstrap,...)

10 _—
Leverage simulations: E E:: i: ;tha
N L
SMvs SM 00
56 s Pvalue = dt p(t)
'% : Lobs
X1y =y Xm ~ PsM T aq I Z = q)_l(l - pvalue)
X1y oy Xmm ~ PsSM |
i |
| U
|
00.0 0.|2 0.|4 0.|6 O.IS 1.0
accuracy

D’Agnolo, Wulzer (2018),
ML | i0. R 0. C wul Pierini. 7 i B 2022
Grosso, ML, Pierini, Wulzer (2023)
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.99.015014
https://link.springer.com/article/10.1140/epjc/s10052-022-10830-y
https://scipost.org/10.21468/SciPostPhys.16.5.123

Anomalies

Examples of enhanced “traditional” model-independence:

learning high-dimensional bkg templates™* for bump hunts

In-situ BG

Learn from simulation

estimate Learn from data (SB)
Modeling the . .
likelihood ratio SALAD L A — CATHODE L

= Pg(rhn & SB)

[*see also LaCATHODE & ANODE]

Morphing the
features

[*Fidelity of simulation alone insufficient]

CURTAINs &

Flow4Flows - -~ .=

[source: T. Golling, Corfu2024 Worksh
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https://indico.cern.ch/event/1349196/

Anomalies

Examples of enhanced “traditional” model-independence:

d_o --SM
- ) dE ---:.\;EF'I‘
. . . =G I'S) " I‘.‘) - l.Xperiment
Effective field theories Lo - L, 2ROT 20"
[see David and Claudia’s talks] [Source: David’s talk]
collider reach region [~ 777777
OFGihalg byl e M o Voo, DSEEY
Unbinned methodologies for new physics searchesin EFT* [Source: Victor's talk]
. _ 2 2 ZW production w/ lept. decays
do-o (m’ c) - do-]- (x) {[1 —|— Ca(aj)] —|— [Cﬁ(x)] } G(B) 20’ EXClulenReg.Ch p GW ZZ-ExclusionReach
0.6} WME[TQC[]sc M BA Jo6 ol W ME []QC[]SCMBA 12
i 0i2: ﬂiZ h’g r 1
Ll =34 3 wlf@ma)f+ 3wl femep b 2 0 2§l |
c;€C | e€Sop(c;) eesl(cz) 2 02} -02 2 ‘
‘sub-o.d. 1-0.4 5-1 1
-0.8F Toy Data MGLO 1-08 -2r Toy Data MGLO 172
Buchmuller, Wyler (1985) *Chen, Glioti, Pani Wulzer (202
Grzadkowski, Iskrzyniski, Misiak, Rosiek (2017) hatterj Frohner, Lechner, hof k hwarz (2022
Ambrosio, Hoeve, Madigan, Roj nz (2022
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https://link.springer.com/article/10.1007/JHEP10(2010)085
https://link.springer.com/article/10.1007/JHEP05(2021)247
https://www.sciencedirect.com/science/article/abs/pii/S0010465522001047?via%3Dihub
https://link.springer.com/article/10.1007/JHEP03(2023)033

Anomalies

Foundation models

Symmetry Augmentation Masked Particle Modeling

A TN v T
\% G HEEE |

[Dillon, Kasieczka, Olischlager, Plehn, Sorrenson, Vogel, SciPost 2021] [Heinrich, Golling, Kagan, Klein, Leigh, Osadchy, Raine, arXiv 2024]

Re-Simulation Similarity Multi-Category Classification

......

[Harris, Kagan, Krupa, Maier, Woodward, arXiv 2024]

[Mikuni, Nachman, arXiv 2024]

[source: J. Thaler, PHYSTAT - Stats meets ML, London 2024]

Next Token Prediction

0.65

e
)
o

Accuracy
o
wun
wu

e
wn
o

[Birk, Hallin, Kasieczka, arXiv 2024]

0.825
—e— Fixed
08001 Fine-tuned
0.7751 —*— From scratch
Z
© 0.750
3
(9]
f0.725
—e— Fixed 0.700
—e— Fine-tuned '
—e— From scratch 0.675
103 104 10° 106 10° 104 10° 106

N labelled training samples N labelled training samples

Could boost high-d, low-n

Are they anomaly-preserving?
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Outline

Machine learning and data-driven modelling

Maximise discovery potential: anomalies



Interpretability

Warm, fuzzy feeling that you understand what your NN is doing.

J. Thaler (PHYSTAT workshop - Stat meets ML, London 2024)

Other characterisations might be more useful
* Explainability

* Robustness

* Accuracy
* Trustworthiness

* Uncertainty quantification

HighLumi-LHC and Hadron Colliders - LNF 2024



Interpretability

Systematic uncertainties are crucial for deployment

Grosso, D’Agnolo, Wulzer, Zanetti, Pierini (2021)

max L(Hy ,|D)L(v|A)

t(D, A) =2log { max L(R, |D)L(v|A)

¢ (D, A)
_ L(Ro|D)L(0]A) $¢(D, A)=7(D, A) — A(D, A)
L(Ro|D)L(0]A)

t(D, A) in absence of distortions

Vg, N = 71,0

= (D, A) =— wi| — |A(D, A)=—

Tau term:

Vs, Un = s Z=3.87||vs,mm= —1, Z=3.86
L(H,,, v|D) L(v]A) e b

(P, A) =2‘£?‘3‘1°gl L(Ro[D) L(OA) ] :‘22}?31’/{3" (@, w), rz@)]

. 0.01
Delta term: NN model 0 m Pﬁ%’u _
4 ]

_ LRD) WA _ T
A(D, A) = 2maxlog lC(RMD)E(Ol.A)] ——2mumL[ ( @]

[Gaia Grosso, Phystat London 2024]
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https://arxiv.org/abs/2111.13633

Variable

Interpretability

Which features drive the decision?

Mean Gradient Scaled by Variable

Error bars show 95% confidence intervals
all_pt

Interpreting classifiers using active subspace methods

sublead_phi
sublead_eta Chakravarti, Kuusela, Lei, Wasserman (2021)
sublead_pt
lead_eta
lead_pt

met_sumet Make sure they are physically relevant?

t_phi .
e Can we get surpised?

met

lep_phi

lep_eta

lep_pt —————

tau_phi
tau_eta
tau_pt —— e ————

0.0 05
Mean Scaled Gradient
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https://inspirehep.net/literature/1846719

Interpretability

Generative modeling a promising framework for fast simulations: normalizing flow and diffusion models

Robust evaluation is crucial for precision sciences

Again classifiers  p,., = e/ Paata
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Frequency
H

Test the tests

Refereeing the Referees:
Evaluating Two-Sample Tests for Validating
Generators in Precision Sciences

Samuele Grossi®?, Marco Letizia®®, and Riccardo Torre®

L el L

£ detormation £= 0.5
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Scaled Jet features with n =m

=5-10*

p-deformation ¥;i-deformation
Statistic | eosyoL €99%CL t(s) | eosmoL €99%CL t (s)
tsw 0.01623£§:§§§§ 0.02098;§;§§§§ 12410 0.02089f§§%§;64 0.02834ﬁ_§§%};;ﬁ 1054
txs 0.01585 o0es  0.01927H00082 17174 | 0.0208570008"  0.0256770:00%; 38871
tsks 0.0113739%3%  0.0141739037 32620 | 0.0225475007%  0.027737000% 28803
trap 0.02106100052  0.026591000c5 11583 | 0.0213310007%  0.02741F000 14254
trMD 0.0673910057  0.0880210-5+% 46972 | 0.03181901%, 0.0432870013 28709
L;#4-deformation pow_,_-d:fgrmation
Statistic | eysucr €99%CL t(s) | eosor €o90L t(s)
tsw 0.0503+9:916 0.07052+301° 1008 | 0.02465+501L  0.033147000%° 1025
txs 102009700072 1.02812+0:903 16410 o,ozsztg‘g‘f;{‘i n.ﬂzﬁestg‘gggz 35198
tsks 0.062015902,  0.0757340.92, 35383 | 004021001 00492179012 47807
trGD 0.00627+3-991¢  0.0080973-991% 14008 | 0.022375012 002817304 24967
{MMD 0.0794+90%) 0.1125993: 20620 | 0.018987 0002, 0.0247270 012 66075
pow _-deformation N-deformation
. oW _

Statistic | epsycr Eoontor, t(s) | eosmoL EobsrcL t(s)
tsw 00252779011 0.0351375 00 993 | 0.L18361 0050 0.14062"tu¢ 910

0.01 0.0074 .01 .01
irg 0.0212570 000, 0.02649707000% 16472 | 0.1057910 016 01167275015 31727
tsks 0.039861001 00487310013 27407 | 0.08577F0 55 0.10148T0 05 25809
trGp 0.02163%001>.  0.0295470 000 12802 | 0.0783375:099%  0.08847705084 13246
EnivD 0.0213310053.  0.0202415001 68458 | 02603210037 0.20897100% 42149

U-deformation Timing

Statistic | egsycr Hosor t(s) | ™ (s)
tsw 0.204S7f§:§2§ 04243413103%"; 877 | 123
tes 0.180187 57045 0,19884’:[,;0;‘3 25630 | 1913
tsks 014529100, 0.171970 050 42277 | 4383
trGD 0.135457 0035 0.152007 (1% 12782 | 1787
tMMD 04517713050 0.520831003, 56078 | 3504



https://journals.aps.org/prd/abstract/10.1103/PhysRevD.107.076017
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.107.076017

Conclusions

* Machine learning can enable large scale model-independent searches:

exploration AND exploitation

* Trustin ML: intepretability, robustness, uncertainty quantification,...

* Are foundation models robust beyond supervised tasks?

Strong
5

Assumptions about p,

Weak

Weak Assumptions about p,  Strong

[source: M. Kuusela, PHYSTAT London 2024]

* Follow-up strategy after an anomalous detection?

“"1 Date of paper
("anomaly detection")
and (hep-ex or hep-ph
or hep-th)

F 3
£

* How to interpret signal-agnostic null results?

2001

Selected Papers: 39
Total Papers: 39
Year: 2023

Selected Papers: 16 B
Total Papers: 16

Year: 2024

» Still a large gap between R&D and deployment

Thank you

HighLumi-LHC and Hadron Colliders - LNF 2024

9 Zhang (Liaoning Normal U

[source: T. Aarrestad, PHYSTAT London 2024]
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