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This Letter describes a search for resonant new physics using a machine-learning anomaly detection procedure that does not rely on a signal model hypothesis. Weakly supervised learning is used to train classifiers directly on data to enhance
potential signals. The targeted topology is dijet events and the features used for machine learning are the masses of the two jets. The resulting analysis is essentially a three-dimensional search A — BC, for mg ~ O(TeV),

mg, mc ~ (100 GeV) and B, C are reconstructed as large-radius jets, without paying a penalty associated with a large trials factor in the scan of the masses of the two jets. The full Run 2 4/5 = 13 TeV pp collision data set of 139 bt
recorded by the ATLAS detector at the Large Hadron Collider is used for the search. There is no significant evidence of a localized excess in the dijet invariant mass spectrum between 1.8 and 8.2 TeV. Cross-section limits for narrow-width A, B,

and C particles vary with m4, mp, and mc. For example, when my = 3 TeV and mp 2 200 GeV, a production cross section between 1 and 5 fb is excluded at 95% confidence level, depending on m¢. For certain masses, these limits are up to
10 times more sensitive than those obtained by the inclusive dijet search.



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HDBS-2018-59/
https://arxiv.org/abs/2005.02983
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Standard Model of Particle Physics
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Jets
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Parton level

\ Particle Jet Energy depositions
P In calorimeters
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Beyond the Standard Model
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* Problems
- Gravity
» Relevant at much higher energy scales (Planck scale)
- Hierarchy Problems

m;/ my ~ 10° me / my ~ 106 mp / my ~ 101°
- Dark Matter

dark matter 23%

dark energy 72%

- Strong CP Problem; Muon g-2; Matter-antimatter asymmetry
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Beyond the Standard Model

* Problems
- Gravity

« Relevant at much higher energy scales (Planck scale)
- Hierarchy Problems

m¢/ my ~ 10° me / my ~ 106 mp / my ~ 101°

Many Beyond-the-Standard-Model theories propose the existence of new particles that
can be produced and/or detected at the LHC

Many of these new particles decay into jets

dark energy 72%

- Others: Strong CP Problem; Muon g-2; Matter-antimatter asymmetry
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Large Hadron Collider (LHC)
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ATLAS
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Pixel detector
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ATLAS Detector
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Jets in ATLAS

EXPERIMENT

Run Number: 271298, Event Number: 403602858

Date: 2015-07-11 02:09:14 CEST

— 255 ET(GeV)
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Motivation
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Dijet searches have a long history in ATLAS and in HEP in general
- Search for “bump” in dijet invariant mass spectrum
Dedicated searches for A -> {e/y,g,9,b,W,Z,H} x {e/y,9,9,b,W,Z,H}

Need generic search for A-> BC
- One or both of B,C could be BSM
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https://arxiv.org/abs/1805.02664

Dijet Resonance Searches
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» Generic searches for new massive particles decaying to jets
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Resonance Searches

» Generic searches for new massive particles

Inclusive selection | N

on B,C

Learned selection
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Classification Without Labels (CWoLa)
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CWolLa Hunting

mixed sample 2

N

Nz

AN B (jet)

x>

mixed sample 1

C (jet)
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Features of B, C
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Sensitivity of CWolLa Hunting
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For citations

see [16]
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https://arxiv.org/pdf/1907.06659.pdf

Sensitivity of CWolLa Hunting
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https://arxiv.org/pdf/1907.06659.pdf

Sensitivity of CWoLa Hunting

Mostly uncovered: A->BC(JJ) (B and/or C BSM)

BSM Masses, SM properties
- Impact parameter, number of prongs, etc.
- Exotic signatures and combinations

CWola sensitive to all! (depending on
features used)

This analysis:
- Using reduced feature set (Y;={m}), provide
limits on A->BC generic narrow resonance

- Smart way of doing 3D bump hunt
« Currently no dedicated 3D bump hunt in
ATLAS -> new result




Trials Factors

« Trials factor for discovery potential with large numbers of bins
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nbins
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Poiss(B)

|

Poiss(B)
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High probability of large excess

* In 3D m4,mg,m¢ space, Ny >> 1

« CWoLa hunting (for fixed m,):

Background-only

argmax( | Poiss(B) Poiss(B) |)
L Poiss(B) Poiss(B) ‘ Low probability of large excess
True signal present
argmax( | Poiss(B+S) Poiss(B) |)
L Poiss(B+S) Poiss(B) ‘ Excess in bin with signal 25
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Setup - m,

* Bump hunt in dijet invariant mass spectrum
 Signal regions: Bins set by dijet mass resolution (20%)
 Bins used for training signal vs sideband
nregiof\s =9
— s A
Hevents
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Setup - Features

* Features are X = (m4,m,) (decorrelated)
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Learning Setup
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Learning Setup — NN Rescaling
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Learning Setup — NN Rescaling
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Fixed selections for analysis
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NN Output
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Learning Setup
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Learning Setup
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Learning Setup
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Learning Setup
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Statistical Interpretation — Model-independent Results
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L= 7 g \

* p-value in signal regions for each m,

Hevents

Smooth parameterized fit function
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Statistical Interpretation — Model-dependent Results

o1 AR

« With injected signal strength u:
- Apply NN selection € (depends on p)

- Let y be POI and set 95% CL limits in the usual way

- Limit depends on injected signal strength!
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Statistical Interpretation — Model-dependent Results

el AL

* |f excluded >= injected, then trust limit

- Network should be better if truly more signal than injected
* |f excluded < injected, then don’t trust limit

- Network could be worse if truly less signal than injected
* -> Best limit is min (max(CL(u),u))

wded
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NN Output

1 An

* NN output with

e M\

no signal injected

* N.B.: Efficiency=0 (high NN score) somewhere by definition
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NN Output

* NN output with no signal injected and with signal injected

* N.B.: Efficiency=0 (high NN score) somewhere by definition
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Fits in Signhal Regions

«l A

[1]

Events / 100 GeV

Significance

L= 7 g \

- Significances of data in signal regions with respect to background-only fit
- Signal regions stitched together -> can be discontinuous
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Fits in Signhal Regions

«l A

[1]

Events / 100 GeV

Significance

L= 7 g \

- Significances of data in signal regions with respect to background-only fit
« With injected signal to demonstrate power of method
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Limits

 Limits (after injecting signal)

Limits for
some signals
>2X better!

Dijet search:
small-R jets
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search: more
sensitive to
one signal
(uses ntrack,
D2)
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Limits
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 Limits (after injecting signal)
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Future Directions

[1]

« Tagging based on B, C jet mass
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- Add other jet features
 Jet substructure

« Other anomaly-detection algorithms
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Conclusion

el AL

« Generic A->B(jet)C(jet) dijet resonance search using CWolLa hunting
« 3D bump hunt in my,mg,m¢
- Avoids large trials factor
 Learn to tag directly from data
 Fit to my, spectrum after tagging
- With no signal injected, no evidence for excess
- With signal injected
* NN learns to tag many signals
 Exclusion limit improved significantly
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Landscape of Model-Independent Searches

o1 AR

T NS

new ideas!
autoencoders
Some searches LDA
(train signal

versus data)

Most searches
(train with
simulations)

Data versus
simulation

' background model independence

signal model independence

[17]
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Natural Questions for CWolLa Hunting

o1 AR

[18]

« What is CWoLa hunting sensitive to? How to set limits?

* How to make sure cuts don’t sculpt background?
- Correlation of features with m;

- Train/test split

* Why not a direct search?
- Direct searches — more sensitive, large trials factor
- CWoLa hunting — sensitive to each signal, avoid large trials factor

 Train/test split
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Trained on
different signal
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about signal in
data)

CWoLa, S/B =1.1x 1072
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Details

+ Full Run 2 (2015-2018) (139 o)

» Lowest unprescaled large-R jet trigger (offline pT>500 GeV)
- Trimmed large R jets, combined jet mass - m;,m,

» Selection:

- Two jets, pT>200 GeV; leading jet pT>500 GeV
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Rapidity Cut

o1 AR

« Cut on difference in rapidity (|y-y,| < 1.2)
- Reduce QCD t-channel processes
- Same as VVJJ, inclusive dijet
- Inverted rapidity cut regime serves as data validation region

 Signals: W'—-WZ, variable W,Z masses

R R R\/Q
3 2 B
s-channel t-channel

my, = 3.62 TeV; |y1-y2| =0.24

CATLAS |
XPERIMENT |~ |

Run Number: 201006, Event Number: 55422459

myy = 4.23 TeV, |Y1'Y2|

Run Number: 201269, Event Number: 80898559

P Ty NN

=2.08
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Setup - Features

o1 AR

Fraction of Events / 20 GeV

Ratio

D AN

 Train network to distinguish between signal and sideband regions
* Network can learn true differences in features between signal and

sideband regions

- Since learning to distinguish signal region from sidebands, leads to bump!
« Decorrelate 1D m; = {m4,m,} distribution by percentile scaling

- Use empirical distribution function

- ®,(x) = (# of samples in bin i <= x)/(# of samples in bin i)

 Uniform by definition
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https://en.wikipedia.org/wiki/Empirical_distribution_function

Training vs Sidebands

* Decorrelate 1D m, distribution
* Remaining correlations in 2D m, vs m, distribution
- Combine sidebands (weight = 1/N) to further cancel out differences
Vs Lower Sideband Vs Upper Sideband Vs Comb. Sidebands
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Fit Process

dn
dx

« Parametrized background fit
- Bins: 100 GeV between 1.8 - 8.2 TeV

- 3 fit functions:

1

— =pi(1- x)Pz—fpax—m @ =p1(1- x)P2—§1p3x—p3+(P4—§2p3—§3p2)10g(X)

.2|

dn

dx

=p xP2=61P3 e—P3X+(P4—§2P3—§3P2)x2

.3!

- For given signal region, sidebands = signal regions = 0.5

Table 5: mj; bin definitions and the mask regions for the background fit.

Bin

Definition

Mask

5

O 09

2.74 < mjj < 3.28 TeV
3.28 < mjj < 3.94 TeV
3.94 < mjj < 4.73 TeV
473 < mj; < 5.68 TeV
5.68 < m,; < 6.81 TeV

25< mj; < 3.6 TeV
3.0< mjj < 4.3 TeV
3.6< mjj < 5.2 TeV
43 < mj; <62TeV
52< mj; < 7.5 TeV

- Fit to all, finish when fit has x? p > 0.05 in sidebands:
» Cycle through fit functions
* Reduce sideband size by 400 GeV; repeat
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M Scan Limits

el AL

Coarse scan over injected J, and train a different NN with each value

- 5 different random samplings of signal

For the given NN treat p as a POl in the fit and find a limit

Expected/observed limits for that u are mediang,ypings(Max(CL(Y),H))

Median expected limit is min over all p

- Expected limit bands given as bands for median NN @ variation in median
expected limit
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Challenges and Remarks

tn

« QOverlapping my, regions

Hevents

* Feature and m,., decorrelation
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Dijet Resonances
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J. Collins, BOOST 2018

Dijet Resonances
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'. Q‘
0

CWola

Classification
Without Labels

Solution: Train
directly on data using
mixed samples

B. Nachman, BOOST 2018

Mixed Sample 1

O®®O®G
OOOOG®
OCO®®G
OO
Gl6]616]6,

\, J

; 1 /

Classifier

E. Metodiev, BPN, J. Thaler, JHEP 10 (2017|E1


https://indico.cern.ch/event/649482/contributions/2993322/

AUC

[6]

0.9

0.8

0.5

tn

i + Full Supervision + LLP + CWoLa

N, =1000
S "'N(U-S,O'S), B “‘N(UB,CB), u‘s = 51 U-B = 10) GS = 5: GB =5
Mixed samples M ’ M, have f 7 f > signal fractions, respectively
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Works in low-dimensions
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Cwola Hunting: Basic Picture

¥ T Cut based on
NN output
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CWolLa Hunting
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Statistical Analysis Details

« Exclusion limit illustrative example:
* Injected signal with strength ng = L*0*BR (set limits on this quantity)

Inject Train Apply Fit to Signal + Find 95%
Signal NN NN Cuts | Background CL Limits

u=10 ] Ns=1000was already at limit
__ Apply NN -> improve limit to p<1

ns = 1000 . H=0.5 If <1, NN would be different
M=0.33— -> Not reliable result
=1.33 T
Fittin g ng = 750 was less than limit
ns = 750 > 9 M=10  — Apply NN -> improve limit to p=1!

u=08 _ Can'tuse p<1 result

A0 M=2.0 T .
€= L ns = 500 was less than limit
ng = 500 =023, =40~ Too small signal for NN to learn!
€=07 u=60 — Limitnotimproved
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Cwola Hunting: Basic Picture

CWolLa Hunting
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Application to Bump Hunt
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No Signal » No Bump!

(Need to be careful to make this work. Details in backup slides and in paper)
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Mass Scan

J. Collins, BOOST 2018
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Summary

* Proposal for CWolLa Hunting in ATLAS

Generic — Sensitive to a broad class of familiar and exotic models
Data-driven — Training and testing done directly on data
Resonance search — Search requires a resonance in final state

Machine learning — Method can learn to tag signal (if it exists) from basic
features, even if specific signature of signal is unknown in advance

Assumptions of CWoLa Hunting
Need some variable X (e.g. m_JJ) in which background is smooth
and signal is localized
Need some other variables {Y} (e.g. jet substructure) which may
provide discriminating power which may be a-priori unknown
Any cuts on {Y} should leave background smooth in X
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Limits from CWolLa Hunting

« Two sets of results, depending on features used in training

« Using all features, provide model-independent information - p-values
according to background-only hypothesis
- No dip: Data is well-described by background-only hypothesis

- Dip observed: Useful information for experimentalists and theorists

« Detailed study of features tagging events in the bump
- E: Can be used as an “alarm system” for a dedicated search in Run 3
« T: Can publish neural network so theorists can devise models that would

be tagged by these features
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Limits from CWolLa Hunting

o1 AR

« Two sets of results, depending on features used in training
« Using reduced feature set (Y;={m,}), provide model-dependent
information — limits on A->BC generic narrow resonance
- Inject signal to compare B and S+B
- Smart way of doing 3D bump hunt
» Currently no dedicated 3D bump hunt in ATLAS -> new result
- Can set proper limits because uncertainties available on jet mass
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Sculpting Background: Overtraining

J. Collins, BOOST 2018

Nested Cross-Validation

Data Partitioning Classifier Training Event Selection & Merging
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Figure 7. [Illustration of the nested cross-validation procedure. Left: the dataset is randomly
partitioned bin-by-bin into five groups. Center: for each group, an ensemble classifier is trained
on the remaining groups. For each of the four possible combinations of these four groups into three
training groups and one validation group, a set of invidual classifiers are trained and the one with
best validation performance is selected. The ensemble classifier is formed by the average of the four
selected individual classifiers. Right: Data are selected from each test group using a threshold cut
from their corresponding ensemble classifier. The selected events are then merged into a single m s
histogram.

CWola Hunting


https://indico.cern.ch/event/649482/contributions/2993318/

