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Introduction & Motivation
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h .- model

= Not only for collider physics
o e hh the only way to directly

g measure self-coupling!
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Signal & Background Modelling
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Signal Samples
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Parentheses - m, , shape degradation

e m,, spectrum, various jets

=  pr>40GeV — Same as analysis
= k =2.5- Max.interference

e Double-peakis degraded
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Parentheses - m, , shape degradation

e m,, spectrum, various jets
=  pr;>40GeV - Same as analysis
= k =2.5— Max.interference

e Double-peakis degraded
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Background Samples

e Similar generation process to signals
e Main backgrounds:

= Multijet— 4b and 2b-2j

< Top quark backgrounds— tt (+bb) and tth
e Other backgrounds:

> Dbbh

> 727

> Zh

- Wh

S. Paredes Saenz
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Analysis Strategies




Channels
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Analysis Strategy

Baseline Analysis DNN Analysis
e Cut Based e Trained NN classifier

( \ e ATLAS/CMS-inspired \ ® Cuton NN score
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Analysis Strategy
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DNN Analysis
e Trained NN classifier
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Baseline Analysis

e Analysis-specific cuts = define Signal Region (SR) in m,,,
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DNN Analysis
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Parentheses - What did our machine learn?

NN variables
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https://github.com/slundberg/shap

Parentheses - What did our machine learn?
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DNN Analysis
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DNN Analysis

e Muli-class classifier
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Parentheses - BSM k, training

k =1NN cut k =5NN cut
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DNN Analysis

e Muli-class classifier
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DNN Analysis

|
{s= 14 TeV, 3000 fb!

e Muli-class classifier
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Self-Coupling Constraints




Constraints on kx- kt Plane

¢ ReSOlved > mOSt powerFUl 14 s= 14 TeV, 3000 fb', hh — 4b, 68% CL contours
, . . R R AL L BT B 7
= |ntermediate - non-negligible i [
= BOOSted ey negligible*(butmade itin the plot!)l.z E_DNN Baseline —E
- === a2 Resolved .
1.1 B = - Intermediate - =
e Strong dependence on k, - Boosted ;
V) 1 E — --- Combined ¢ 3
0.9 F 3
0.8 3
0.7 L : :
0.6:'""""':""':""""""" n

-15 -10 -5 0 5
DNN trained on k, = 5 K}\’

*Note that this does not necessarily apply to analyses optimized for discovery of SM hh production - only those aiming to constraink,.
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Constraints on kx- kt Plane

e Resolved -» most powerﬂ“ L4 \s = 14 TeV, 3000 b, hh — 4b, 68% CL contours
) . . S ULEER Y BN R R EEE ) - R T
= |ntermediate - non-negligible i E
= Boosted -» negligible*pu: made it inthe plory1 .2 |- DNN Baseline 3
- === a2 Resolved .
1.1 F = -+ Intermediate —
e Strong dependence on k, - Boosted ;
52 1 £ — --- Combined :: -
Parentheses - Upper Bound for kt 09 E 3 —f
e Assuming k =1 -» k <1.22! 0.8 ;_ _;
S (Not really a safe assumption) 0.7 ;— —;
¢ Independent of current methods 0.6:...|I....:I....E’....I....I... Hil N
e Possible in any hh process -15 -10 -5 0 > 10 15
S Likely better in other decay modes DIN trained on ey =5 KK

*Note that this does not necessarily apply to analyses optimized for discovery of SM hh production - only those aiming to constraink,.
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Conclusion




Conclusions

e First detailed comparison of },,, constraints in hh— 4b resolved,
intermediate and boosted channels, in the context of HL-LHC.
- Resolved most constraining, then intermediate and then boosted
e A basic DNN analysis provided noticeable improvement over the cut
based baseline analysis
e Best constraints came from NN trained on BSM signal
= hh— 4b analyses optimized for discovery of SM hh may be

suboptimal
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Conclusions

e Experimental limitations, triggering and jet reconstruction, affect
the reconstruction of the main discriminating variable m, .
e Uncertainty on k, has a strong impact on sensitivity to kx
= Same applies for uncertainty multijet BKG estimates
e Thishh — 4b search has some sensitivity to constrain k, despite no
dedicated optimization
e 4bis a challenging hh channel for A4, constraints, but can provide

important independent information for statistical combinations

S. Paredes Saenz
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Signal Samples
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MadGraph5 2.6.2 Vs = 14 TeV
p p — hh, Parton level, k, = 1.0

700

800

gg—hh production

= 100k events per point

> MadGraph 2.6.2

= Inclusive h decay
Decay, parton shower, hadronization,
and underlying event -» Pythia 8.230

Varied coupling to top quark and
self couplings
= All BSM couplings setto 0

Extra k=1 samples for ML training

= 250k events per point
= Exclusive decay h—bb
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Signal Samples

MadGraph5 2.6.2 \s=14 TeV,pp > hh

- Points sampled

LI P e e e e s
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gg—hh production
= 100k events per point
> MadGraph 2.6.2
= Inclusive h decay
Decay, parton shower, hadronization,
and underlying event
> Pythia8.230
Varied coupling to top quark and

self couplings
= All BSM couplings setto 0
Extra k=1 samples for ML training

= 250k events per point
= Exclusive decay h—bb
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Event and Object Selection

Observable

Preselection

Large jet jr,
Small jet jg

R=1.0,pr > 250 GeV, || < 2.0
R=10.4,pr > 40 GeV, |n| < 2.5

Track jet j7 R =0.2,pr > 20 GeV, |n| < 2.5
JT € JL AR(jr,j1) < 1.0

Resolved Intermediate Boosted
N(js) > 4 > 2 >0
hiand Jé') palr jL (1)
e jé) pair () pair, AR(]g),J ) =12 jg)
ARjj See Eqs. 3.2, 349 — —

S. Paredes Saenz
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Signal region definitions

Signal region

jT € h({and _ Z 92 Z 9
jrehgnd — — > 2
b-tagging Two b-tags for each h;?and
|An(hi,he)] < 1.5
ET'® < 150 GeV
Py [l > 10 GeV, < 2.5
Ny =0
pgg}il > 0.75 (neural network analysis only)

Resolved Intermediate Boosted
m(h1) [GeV] [90, 140] [90, 140] [90, 140]
m(h2) [GeV] [90, 140] [90, 140] [90, 140]

Lower bin edges for mpp, binning [GeV]

Resolved [200, 250, 300, 350,400, 500]
Intermediate 200, 500, 600]
Boosted [500, 800]

S. Paredes Saenz
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Fixed kt:].

Category Systematic (p
BSM kk SM kx Resolved 0.3%
yle]'d Vleld Intermediate 1%
Boosted 5%
L
T 2 2
i S+ B+ (CbB) + (CSS) i
signal
Xy background uncertainty

bins uncertainty
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Constraints on kx- Fixed kt:].

e Resolved - most powerful

= |ntermediate -» non-negligible

= Boosted - negligible*

Vs=14 TeV, 3000 fb™', hh — 4b , DNN, x, = 1

sensitivity

Vs=14 TeV, 3000 fb~', hh — 4b , Baseline, K =1

e Basic DNN analysis improved

54||L||.||||| RN LN LR AN RERE N LAN RN RN SJ_HIIIHIn]lnllnlnlllllIllllllllnlu_
4r- = 4r- il / o
C Category (systematic § ) 4 C Category (systematic §h) 2
3 L Resolved (0.3%) J 3k Resolved (0.3%) id
B C ~ Intermediate (1%) C ~ Intermediate (1%) 1
2F — Boosted (5%) B 2k — Boosted (5%) B
F = Combined : C \ = Combined ]
1f LE N v A
0 L e L 1 0 Tlll|IIlj'z'l‘r-llWIJ_hl}"l"‘lllll-
-8 -6 4 -2 0 2 4 6 8 10 12 -8 -6 4 -2 0 2 4 6 8 10 12
DNN ftrained on ; = 5 K;\' KA,
*Note that this does not necessarily apply to analyses optimized for discovery of SM hh production - only those aiming to constraink..
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Parentheses - Impact of BKG Uncertainty

e Background uncertainty has large impact on sensitivity
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Parentheses - What did our machine learn?
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Resolved, Ky =5

Parentheses - What did our machine learn?

/ / Parentheses - Shapley Values
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Parentheses - What did our machine learn?

Parentheses - Shapley Values
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Parentheses - What did our machine learn?
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Parentheses - Shapley Values
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Parentheses - What did our machine learn?
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Resolved, Ky =5

Parentheses - Shapley Values
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Parentheses - What did our machine learn?
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Parentheses - Shapley Values
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Parentheses - What did our machine learn?
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Resolved, Ky =5

Parentheses - Shapley Values
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