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e« New physics may be hiding where we least expect it!

e Or you fix defects in your detector!
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Introduction

For much more detail see

o . Oz's slides from last year!
e What is anomaly detection?

e “Finding something interesting without
specifying exactly what you are looking for”

e Why would you want to do it?

e« Many possible signals in your data— Cannot
search for them all one by one

e Science is full of many unexpected
discoveries!
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https://indico.physics.lbl.gov/event/3174/timetable/?view=standard#15-anomaly-detection-part-i

HEP Data Analysis

. TR WE

\J \/ \J
* Good quality data * Simple cuts -~ NN'’s * Predict remaining bkg
* Contains objects of * Optimized with a chosen * Test B vs S+B model -
Interest signal model significances, limits ...
* Passes trigger* * Don’t spoil background
S prediction
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HEP Data Analysis (Read about the

Neyman-Pearson
lemma if you are

unfamiliar!
N - O -

\J \/ \J
* Good quality data * Simple cuts -~ NN'’s * Predict remaining bkg
* Contains objects of * Optimized with a chosen * Test B vs S+B model -
Interest signal model significances, limits ...
* Passes trigger* * Don’t spoil background
S prediction

Optimal signal vs. background discriminant is the Likelihood Ratio*:

Supervised classifiers P s & Prob. distribution of signal
directly approximate the LS /B(X) — —
Likelihood Ratio P 17 aa—

Prob. distribution of background

Melissa Quinnan Intro to ML Part 1 1 June 2026 - =


https://en.wikipedia.org/wiki/Neyman%E2%80%93Pearson_lemma
https://en.wikipedia.org/wiki/Neyman%E2%80%93Pearson_lemma

H E P D at a An a IyS i S Can we do this without *Read about the

specifying a signal model? Neyman-Pearson

lemma if you are

unfamiliar!

\J \/ \J
* Good quality data * Simple cuts -~ NN'’s * Predict remaining bkg
* Contains objects of * Optimized with a chosen * Test B vs S+B model -
Interest signal model significances, limits ...
* Passes trigger* * Don’t spoil background
S prediction

Optimal signal vs. background discriminant is the Likelihood Ratio*:

Unknown!

Unsupervised classifiers

indirectly approximate LS /B(X) p—
the Likelihood Ratio

~= Prob. distribution of background
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https://en.wikipedia.org/wiki/Neyman%E2%80%93Pearson_lemma
https://en.wikipedia.org/wiki/Neyman%E2%80%93Pearson_lemma

Anomaly Detection

« Two strategies to approximate Lgp without £

1. Outlier Detection: Learn P, take anomaly score as 1/Py

2. Data-driven likelihood ratio: Leverage localization of

signal to learn L¢,z from data

Melissa Quinnan Intro to ML Part 1 1 June 2026 .



Outlier Detection )

« Objective: Learn Py(X), take anomaly score as 1/Py

e Low Pz = anomalous! <

o Typically: have lots of background events but don’t know |
Py explicitly... S

e What can we do? -4 -3 -2 -1 o 1 2 3 4
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Outlier Detection )

« Objective: Learn Py(X), take anomaly score as 1/Py

e Low Pz = anomalous! < ol s
o Typically: have lots of background events but don’t know N
Py explicitly... .
« What can we do? BT T T T S A A

For complex high dim. data

e Simple tools to estimate bkg pdf (KDE, GP, ... ) €

hard to explicitly model Py :(
« Generative models to estimate P, (VAE’s, Normalizing
—This morning

flows, some types of diffusion/flow matching models...)

- | et’s talk about it!

 Autoencoders to learn a proxy of Pj

Melissa Quinnan Intro to ML Part 1 1 June _202'6 . e



Autoencoders

e Learn to compress/reconstruct data to/from a low
dimensional representation (latent space)

Loss = |lx — x||?

Reconstruction loss

» compress!

Training dataset

1808.08979
1808.08992
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Autoencoders

e Learn to compress/reconstruct data to/from a low
dimensional representation (latent space)

Loss = ||x — |

Reconstruction loss

» compress!

low loss

1808.08979
1808.08992
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Autoencoders

e Learn to compress/reconstruct data to/from a low
dimensional representation (latent space)

. compress! Loss = [lx — &I°

§ § Reconstruction loss

—» low loss
M T onion
—> high loss

Melissa Quinnan Intro to ML Part 1

Training dataset

1808.08979
1808.08992
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Autoencoders

e Learn to compress/reconstruct data to/from a low
dimensional representation (latent space)

Loss = ||x — |

Reconstruction loss

» compress!

low loss /
*
0 reconstruction loss X
4 Bad reco,
high loss
1808.089/79
1808.08992
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https://arxiv.org/abs/1808.08979
https://arxiv.org/abs/1808.08992

Autoencoder Challenges —Do not directly model Pg(X):

Problem 1: They are biased

« Complexity bias— more ‘complex’ Full phase space
O0D
data harder to compress, seen as S
more anomalous in the signal

Training / background
phase space

phase space

o Over-generalization— AE can .

: : 00D Anomaly / signal
reconstruct things well even outside phase space
training phase space because no Low reconstruction

, error phase space
penalty to do this

. Normalized autoencoders

and generative models
can help here
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https://arxiv.org/abs/2206.14225

Autoencoder Challenges
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Intro to ML Part 1

Problem 2: Coordinate invariance

« Probability densities (like Pp(X)) not invariant
under coordinate transformations

e ‘Anomalous’ is a coordinate system
dependent statement!

o Data representation is an inductive bias for
anomalies

Unavoidable limitation of
using only Py(X)...

Probability densities are not invariant:

P, =p(f~' ()

1 June 2026 - °




Data-Driven Likelihood Ratio §

« Objective: Learn approximation of L,z

e Can find in-distribution signals: <

. Often signals are within the background distribution .| %8

rather than full outliers s
. What makes them anomalous is a cluster of similar = = = = » * * °
events
« —Cannot be found with outlier detection methods! — But how do you
» Likelihood ratio is coordinate invariant learn L, from
unlabeled data?

e Qutlier methods have an upper bound on sensitivity-

they never learn P

Melissa Quinnan Intro to ML Part 1 1 June _202'6 . e



Learning the Likelihood Ratio 1708.02949

Mixed Sample 1 Mixed Sample 2

e Given two samples of mixed signal and
background:

e The optimal classifier for distinguishing
these mixed samples is also L¢,5"!

o — Training a classifier with these
mixed samples will mimic a
supervised classifier!

« What matters is that the signal to Class1ﬁer
background fraction is different in
both samples

(*Assuming the background has the same underlying distribution) *Proof in backup
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https://arxiv.org/abs/1708.02949

Weak Supervision

e This method of training between mixed samples is called
weak supervision (or Classification Without Labels, CWola)

e In practice, convergence to full supervision depends on: 1708.02949

« How large the signal fraction is
« How many training samples you have

e« How ‘distinctive’ the signal is compared to the background

e« Good performance can be achieved with realistic ~1% signal
fractions!
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https://arxiv.org/abs/1708.02949

Weak Supervision + Bump Hunt 1902.02634

Signal narrow _
resonancein
localized region of
mass

|
I
|
! |
SR

SB SB m
Pdata(z|m € SB) Pdata(z|m € SB)
= ppg(z|m € SB) Pdata(7|m € SE) = ppg(z|m € SB)
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https://arxiv.org/abs/1902.02634

Weak Supervision + Bump Hunt 1902.02634

Signal narrow _
resonancein
localized region of
mass

' . 9 A\
R )
5. A
' . N
_ ~‘.
' GRS
i |
I ‘

!
Sidebands similar ~~____SB—" - = =

background but ~— dm(:z;|m € SB)
minimal signal = ppg(z|m € SB)

pdat.a(xlm € SB)

Paaa(zlm € SB) o (zlm € SB)
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https://arxiv.org/abs/1902.02634

Weak Supervision + Bump Hunt 1902.02634

Signal narrow _ | i
resonancein i i |
localized region of i i “CWola Hunting”
mass i i
; 5 — Train signal window vs.
narrow sidebands using weak
L i supervision
i
| |
i P g
Sidebands similar ©~ __SB—""T SR SB m .
backaroundbut & ' ' be careful about
) .9 u . u Pdata(z|m € SB) Pdata(z|/m € SR) Pdata(2|m € SB) correlations with
minimal signal = ppg(z|m € SB) = ppg(z|m € SB) Al
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https://arxiv.org/abs/1902.02634

Weak Supervision + Bump Hunt 1902.02634

Signal narrow _

resonancein

localized region of
mass

“CWolLa Hunting”

— Train signal window vs.

narrow sidebands using weak
supervision

'
- oam = 4 —_— —_—  —_— —_— —_—  — —_— —_— - — = — — = — = — = = — = -
v

— Repeat, scanning
over different mass
| [ windows

» g
T RN

SB m

Pdata(z|/m € SB)
= ppg(z|m € SB)

2 &
« i

Sidebands similar i
backgroundbut ;.. (zlm € SB)
minimal signal = ppg(z|m € SB)

*be careful about
correlations with
mass!

pdata(xlm € SR)
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https://arxiv.org/abs/1902.02634

Related Methods

Data from Interpolated
SR

4 4

CATHODE
Interpolates bkg events into
SR using generative model

Use gen. model. To
construct bkg sample

Other variants with different
Interpolation methods
(~similar performance)

CURTAINS, SALAD, FETA,

2109.00546

2 Sig-rich

Tag N’ Train
purifies samples by
first tagging with AE

- \

Classifier

Bkg-rich
sample

[OA & Suarez 2002.12376]

Melissa Quinnan Intro to ML Part 1 1 Ju_n.e:z02 6 .



Weak Supervision Challenges

Problem 1: Weak supervision training is noisy

e At low signal fraction, works better with high level features — less model
independent

e Ensembles of BDT’s seem better than NN's!

Melissa Quinnan Intro to ML Part 1 1 June 2026 .



Weak Supervision Challenges

Problem 1: Weak supervision training is noisy

e At low signal fraction, works better with high level features — less model
independent

« Ensembles of BDT's seem better than NN's!
Problem 2: Not easy to create mixed samples

e« Method assumes that the background distribution is identical in both
samples

e Hard to apply this beyond bump hunts
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Weak Supervision Challenges

Problem 1: Weak supervision training is noisy

e At low signal fraction, works better with high level features — less model
independent

« Ensembles of BDT's seem better than NN's!
Problem 2: Not easy to create mixed samples

e« Method assumes that the background distribution is identical in both
samples

e Hard to apply this beyond bump hunts
Problem 3: Statistical interpretation is difficult

e Performance varying with signal strength makes limit setting/statistical
interpretation painful

Melissa Quinnan Intro to ML Part 1 1 June 2026 .



What should you use?

e YOU know the answer

Melissa Quinnan Intro to ML Part 1 1 June 2026 .



What should you use?

« You know the answer— Pick the model that best suits your task

« Anomaly detection is an underspecified problem — no single ‘optimal’ solution

« Method that works brilliantly for one class of signal may be completely blind

to another!
« Weak supervision gives best sensitivity See also-
» But outlier detection needed if: « semi-supervised AD
. | | . (e.g. PAWS)
« Anomalies are single instances, not clusters |
e exhaustive AD
e Can’t find suitable mixed samples in data . (e.g. MuSiC)

e Only see one event at a time (ie trigger)

Melissa Quinnan Intro to ML Part 1 1 June 2026 . 3
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ATLAS Di-jet AD

Previous result ATLAS

EXPERIMENT

ATLAS = e} [ [ [ I I I | I I | I I I | I I I [ I I | I I [
Vs =13TeV, 139 fb~1 E= | v | | : | ATLAS -
— | | | | -1 A
€=0.1, SALAD Observed significance (Z) & 2 l | | | Vs =13TeV,139 fb™" ]
! ! | ! | | @1 30 : : : : £=0.1 —
M 0.71 -0.49 -0.14 039 4 B< | | | | | M, T '
. Lol I I I I O Exp. CURTAINs
_, l . _
M, Ty 0.72 -0.88 -0.06 -0.07 — 3% 25 - i i i i s Obs CURTAINS .
M, Ty, T3 008  -026  -0.61 0.01 4 & ! I I I I O Exp. SALAD '
| | | | 20 i : : : : e Obs. SALAD b
2900 3200 3500 3800 4100 4400 4700 l | | | | B Exp. 10
my [GeV] I : : : : Exp. £20
= | | | |
€ =0.1, CURTAINs Observed significance (2) 151 5 : : : : 7
| | I | I I : : : : A Obs. Dijet ( <0. 4)
M -0.59 0.82 -0.22 -0.99 -0.05 - B | | |
1oL s : : : : v Obs. Dijet (32 > 0.4) ]
M T -077  -0.73 0.49 0.29 0.03 0.92 032 — - N B I | | | «  Obs. Diboson
- A I l l l
M, T>1, T3> - -0.97 -0.28 -0.17 -0.15 -0.11 0.45 0.08 — 5[ : . : .. : : ]
| | | | | | | I I I I
2900 3200 3500 3800 4100 4400 4700 ; i i i i i
X
mJJ [GeV] O i I I I I I I : I I : I I I : I I I h I. * : * - I
S 28 8 8 3 S 8 2 8 2 8.8.98 F08 8o 8.,7.93
$ % 5 8 & 3 S S 8§ 8 3 J8833 :33.:5 aoxeln
858882 88 S33 9herl YTsgy oFo T
S S8 S8 &s9s TS SFS IS
SELELTY  :R:F
Y E T X Slgnal Specific

Signal Agnostic

0
. Observed significance of: 2 methods, 2 « Set limits @ 95% CLs to 20 investigated signal models

efficiencies, 7 my, regions, 3 feature sets « Analysis has a broad performance on many models
| i ’ ” ' 1 2’4 1 260) & local  Similar performance for SALAD and CURTAINs

argest significance is 1.240 (1.260) & loca - Different feature sets have different sensitivity (more not
deficit of —2.980 (-2.540) for SALAD (CURTAINS) always better) - scan over feature sets is one of the

strengths of this analysis
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https://arxiv.org/abs/2502.09770
https://arxiv.org/pdf/2005.02983

CMS Di-Jet AD CMS 1381 (13 Tev) RESUILS

:‘: 10° 3 3 TeV resonances E
C : ¢ 30 significance + = VAE-QR :
° CMS emplOYEd AD in recent _.(_,C—; 0 50 sig.nificance N + m CWola Hunting
search for dijet resonances © 10 Irnrushaiahehe s ot
- Anomaly tag substructure of the & + m 2-prong (Tz1, Mep) + m CATHODE-b
jets 8 3-prong (132, Mgp) QUAK: generic
. : 10°F 3
» Compared multiple different : -
anomaly methods : _
- “What xsec do | need for 3/50 of 102k s ay: B i ;
signal?” : «" g T Y gt . .
o . . = .l amameen- 8 _ & __ | 7T T ____-__-EJ ________
- Up to 7x gain in discovery L :: - v FE
sensitivity! 10'E +: L 3 N
= + .
e Lesson : No one universal, - ‘ot :
‘best’ method 2E ' L
3 5f E
O
S qF . - =
= S - : 1 Very diff
. . = o E_ s ¢ & . ‘_.: _ b j ery ITT.
Also interesting: paper 5%F s s e e - signals!
. e 1 feesesesesesesnsasnss o licecscscsasesesecfoecesesessssssssnsnsescsnssa@escscscscofoscscssnsrsesssnsssammmecscsesecosesssesessessssssnsnsesesnsnsasscacscscscsccs o ’ .
on AD for data quality N . . il iy 1
monitoring In CMS (2+2) (3+3) (2+4) (6+6) &%
Signal model
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https://arxiv.org/abs/2412.03747
https://arxiv.org/abs/2501.13789

CMS/ATLAS AD Triggers

detector i e N high-level data
collisions #  Lltrigger trigger analysis

—p

I‘

¥

{ q
4

40,000,000 ™ /110,000 5000
events/sec s events/sec events/sec

Discard >99% of events at L1 trigger
— could be missing signals!

— Autoencoder-based anomaly detection in FPGA based triggers!

Melissa Quinnan Intro to ML Part 1 1 June 2026 .



CMS/ATLAS AD Triggers °») First analysis of AD data+dedicated paper

on CMS AD triggers coming soon!

CMS Experiment at the LHC, CERN
Data recorded: 2023-May-24 01:42:17.826112 GMT
Run /Event/LS: 367883 / 374187302 / 159

ATLAS

EXPERIMENT

Run: 497727
Event: 303055321
2025-05-15 05:36:45 CES

OLI1TL algo
AXO_1T_ 2024 resu

OL1TL 2025 resu

CADA algo
CICADA 2025 results

@ \a*
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https://cds.cern.ch/record/2938881?ln=en
https://twiki.cern.ch/twiki/bin/view/AtlasPublic/CombinedTriggerPublicResults#Triggering_with_Anomaly_Detectio
https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2904695
https://cds.cern.ch/record/2942560
https://cds.cern.ch/record/2879816?ln=en
https://cds.cern.ch/record/2917884

Neutrinos are cool too!

ROC-AUC for Different Signal Definitions

e Talks on AD in neutrino 0o Score Type
. . . —e— Scaled Anomaly Student
experiments in Neutrino —+— Scaled Anomaly Teacher

©
o5

Regular Anomaly Student
—e— Regular Anomaly Teacher

Physics and Machine
Learning (NPML 2025)
conference

ROC-AUC
o o
o ~

O
U

e Paper on Real-time
Anomaly Detection for . 2 3 4 0 5 6 7

Liquid Argon Time
. . Figure 16: ROC-AUC values for different signal definitions with models trained on 864 X 64-sized
P O] ection Chambers input segments. The signal in each entry was defined as having n or more tracks.
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https://indico.ipmu.jp/event/462/timetable/#all.detailed
https://arxiv.org/pdf/2509.21817




Tutorial
e This is based-en the same as Oz Amram’s 2025 AD tutorial .

e Credits to Manuel Sommerhalder for building the repo! B images

e Set up instructions: M utils

[ anode_walkthrough.ipynb

e Tutorial day 3 set-up instructions

autoencoder_gauss.ipynb

« Anomaly detection tutorial instructions

D autoencoder_gauss_solution.ipynb

e ‘demos’ directory includes much more material than we () cathode_walkthrough.ipynb
have time fOI‘ (EX FU” CATHODE demOS + additional Varia ntS) Y lacathode_walkthrough.ipynb
« We will focus on Gaussian data for simplicity to illustrate ) tree_classifierpynb
the main ideas D) ek e e

[ weak_supervision_gauss_example.ipynb 3

e Start with ‘autoencoder_gauss’

[ weak_supervision_gauss_example_solution.ipynb

e Then do ‘weak_supervision_gauss’ if you get to it

e Explore the other demos if you have time/interest!

Melissa Quinnan Intro to ML Part 1 1 June 2026 . 3


https://github.com/OzAmram/sk_cathode/tree/1af41fef36bf2861b67148c7e51627e6ddad48f0
https://docs.google.com/presentation/d/1X1Z2Mks9atCR2TBAHuqNWVpVjoRuYsBKHb-UVZgwQ3o/edit?slide=id.g3e5cad0e7d6_0_251#slide=id.g3e5cad0e7d6_0_251
https://docs.google.com/presentation/d/1X1Z2Mks9atCR2TBAHuqNWVpVjoRuYsBKHb-UVZgwQ3o/edit?slide=id.g3e5cad0e7d6_0_315#slide=id.g3e5cad0e7d6_0_315

Tutornial Setup Jupyter Hub:
https://lupyter.nersc.gov

Exclusive CPU  Exclusive GPU
Login Node Shared GPU Node Node Node Configurable Job

o
Use a login node shared Use a single GPU on a Use multiple compute Se rve r pt I O n S

Use your own node within a job

Resources  with other users, outside  node within a job allocation using defaults nodes with specialized
the batch queues. allocation using defaults. J ' settings. Account ("_g" suffix will be added as needed):
Visualization and Work that fits on a single i
. 9 Visualization, analytics, machine Multi-node analytics jobs, ntrainG
SNRIYUCS that are not GRU, and L3es &t most a learning that is compute or memo jobs in reservations .
Use Cases memory intensive and quarter of a GPU node's . 'g P _ Y J , " Constraint:
. intensive but can be done on a single custom project charging,
can run on just a few CPU cores and host
node. and more. u
cores. memary. ap
QOS:

jupyter_shared

Request a “Configurable Job”

cpus-per-task (GPU node has 128 cpus, CPU node has 256 cpus):

32 $
gpus-per-task (node has 4 GPUs):

1 S
nodes (maximum of 4 for jupyter QOS):

1 $
ntasks-per-node:

1 $
Reservation:

ml4fp2026_day3
time (time limit in minutes):

360 $

Melissa Quinnan Intro to ML Part 1 1 June 2026 . 3


https://jupyter.nersc.gov/

File View Run Kernel Git Tabs Settings Help
FAVORITES @ Launcher
i}
B $HOME
B8 $PSCRATCH
i h 1 3

O e srowsen Consol
=~ e e A A 0 0 o
8 T D o0 o0 o0 [ ]
W/ /t] 1/ % | NERSCPython Q Dask NERSC Julia NERSC Julia NERSC Julia
(Experimental) ~ 1M171 1178 11211
.) m greds 8 0202000 L - J }JL|| Thread (s) (s) Thread(s) (s)
8 2026-gatech ~  yester day
u
U d t th d t t n [ slurm-53724380..  yesterday O O O ¢ P P Q P
pdate tne repo ana setup environment. = | @ sumsoastosr,  row e® o0 o0 o
(W] Untitled.ipynb yesterday NERSC Julia NERSC Julia ~ NERSC Jul ia  NERSC Jul ia pytorch-2.11.0 pytorch-2.6.0 Qiskit
LTS (1 Thread) LTS (8 Threads) = Release (1 Release (8
Thread) @ Threads )

1.Go to the terminal after joining the jupyterhub

2.Go to the repo: M H & @ H o
cd ~ /2 02 6_ga tech T Y e
3.Update the repo: @ oo T

git add -u i W

git commit -m 'past tutorials'

git pull

4.Run cd ~/2026-gatech/sessions/03 ad/ ‘g . T . d
ome optional ipynbs nee

5.Reload the Jupyter page additional dependencies- see
readme

Melissa Quinnan Intro to ML Part 1 1 June 2026 3




Tutorial Setup

B SNRAeN B .« [03_ad/d A
gatech / sessions / B/ .- /03_ad/demos /

- Name - Modified
Name - Modified ,
B images 7m ago
B O1_intro_ml 3m ago .
. v B/ -.- |sessions/03_ad/ X ¢ B utils /m ago
& 02_diff_prog 6m ago Name . Modified M| anode_walkthrou... /m ago
 02_overview yesterday ") autoencoder_ga.. 7 ago
B 02_sbi 6m ago B8 sk_cathode /m ago [m] autoencoder_ga...
B W tests /m ago M| cathode_walkthr... /m ago
™ LICENSE.txt 7m ago
B 03_gen_models 6m ago M README.md 7m ago W lacathode_walkt... 7m ago
B 03 neutrino yesterday D) requirements._ful... 7m ago W tree_classifier.ip... 7m ago
[ requirements.txt 7m ago M| weak_supervisio... 7m ago
B 04_muon_col yesterday ) ’
M| weak_supervisio... 7m ago
BB 04_transformers yesterday o
M| weak_supervisio... /m ago
B 05_atlas yesterday
B 05_cms yesterday
B 05_efficient_ml yesterday
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Tutorial Setup

Il 1d> QTLLNIYS mneip
Terminal 2 X | (W] autoencoder_gauss.ipynb @
B + X O [ » m C » Markdown v O it ~ Openin... = .?pytorch-2.6.0 O

- Qutlier Detection (Gaussian Toy Example) '

In this notebook, we will demonstrate the basics of outlier detection in the context of anomaly detection. We will use simple Gaussian toy data to demonstrate the basic concepts.

In the outlier detection version of anomaly detection, we train a model to learn what our background looks like and then classify things as anomalous based on how 'disimilar' they
look as compared to the background.

I

sed classifier because it never sees signal events during the training. However, it can
d events) and has a stable performance instead of varying depending on the amount

Note that unlike weak supervision, we Alas start the prefre cernel

usuaully be trained in an easier fashiol
of signal present. Cancel

et

. a
. 1: I!pip install vector scikit-lear

d

0 Essentially this means we are defining events that have low probability density under the background to be anomalous. In this case, we are generating our own Gaussian toy data, so
0 we know the true probability distribution of the background. However, in realistic physics examples this is usually not the case. One must therefore train a machine learning model to
o learn the background probability distribution, or an equivalent proxy, from a sample of background events.

° One common proxy used to learn the | an autoencoder. Autoencoders do not directly learn the probability distribution.

5 Instead they are trained to take the ing Select Kernel on and decompress it back out to recover the original inputs. The idea is that by

R forcing the model to ISarn 1O COMPESEL,, 4o sm et s o P s i mE s DS Iae f the model is trained only on background events, it should hopefully learn how to do
0 this compression task for background ~ Select kernel for: "autoencoder_gauss.ipynb" £ e alarger difference between the model input and output on signal events. This

0 difference, called the reconstruction pytorch-2.6.0 M

o

o)

o)
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Autoencoder Practicalities

e Training loss is (typically) MSE between input & output

e Size of compressed (latent) dimension is an important hyperp

e No exact method to pick it

Dense
CNN

e Often look for ‘elbow’ in loss vs. dim distribution

Loss x 108

e Can train directly from data!

« Performance resilient to small amount of signal presence

« Can use variational autoencoder (VAE) Encoding Dimensions

e« Same idea but force latent space to be Gaussian

« Doesn’t seem to be a huge performance gain

1808.08979
1808.08992
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Short Proof

Pvi(X)  HPs(X)+ (- fi)P(X) filsyp+(1 - f1)

Laria2(X) = Pra(X)  faPo(X) + (1 = fo) Py(X) JaLs/p + (1= f2)

If f, =0 (ie one sample is ‘background pure’) then simplifies

_ AP(X) + (1= f)P(X)

Ly yar2(X) =fi+ (- fi)ls/B

Py(X)
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Sidenote: Boosted Decision Trees 5B

Pointy

Floppy

« ~Flowchart of binary cuts on multiple variables

e« Boosting: combine many trees: Face shape Whiskers

Absent

Round Not round Present

e When a tree misclassifies events, the next

tree is trained with those misclassified Cat Not cat Cat Not cat
events given higher weight = ) @ 5 L,
e The final score is a weighted vote across all & A
trees.
Input data Decision Tree Neural Net
e |Interpretable, easy to train .
‘3:0‘0 K
o Excellent results for appropriate problems! .}4...'.',..
*0_ .0 -‘f;‘. g
7R

— Pick the model that suits your task

BDT tutorial scikit-learn.org
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https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html
https://datahacker.rs/011-machine-learning-decision-three/

Statistical interpretation is difficult

e To set a limit you need to know your signal efficiency

e Your signal efficiency depends on how well the classifier learned
the signal

« How well the classifier learned depends on how much signal is
present

e But how much signal is present is what you're trying to measure!
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