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Dark Matter - Detection - LHC

Pl = (6.5 TeV,0,0,6.5TeV), ph = (6.5 TeV,0,0,—6.5 TeV),
where p” = (Egpzapyvpz)'

Electron py = 35.6 GeV/c Electron
ME; =36.9 GeV
My=71.1GeV/c2

& "' r
} Proton

Beam

o
‘et i f
— =
Nothing?!?
Green tracks have low e
transverse momentum
y.
ARK MATTER AND
WERK INTERACTIONS
(ngnxtmu)tu ERENCE
Anapole Dark Matter: A Collider Study using Machine Learning

Antonio C. O. Santos (UFPB) 6/44



Dark Matter - Detection - LHC
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Events Simulation

@ Sort blues.vs.red.
@ How to discriminate?

@ Decision boundary y(2) = yeut- What is best way to determine the
boundary? Cuts over (z1,x2)?

Figure: Proceedings, 69th Scottish Universities Summer School in
Phenomenology (SUSSP69): St.Andrews,Scotland, August 19-Sept
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@ Boosted Decision Trees (https://github.com/dmlc/xgboost)
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@ Boosted Decision Trees (https://github.com/dmlc/xgboost)
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Events Simulation
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Events Simulation

Evaluations (300 Total)

Average Validation Loss - TPE Algorithm

Evaluations (300 Total)
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Events Simulation
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Elements of a simulation
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Anapole Dark Matter

Figure: PELLONI et al., 2011
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Anapole Dark Matter

Current term u(p)T',(q)u(p)
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Figure: Anapole Dark Matter (CABRAL-ROSETTI; MONDRAGON; REYES-PEREZ,
2016).
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Dark Matter - Detection - LHC Events Simulation Anapole Dark Matter Conclusion

Anapole Dark Matter

Thus, we perform a mono-Z search in the leptonic channel at the LHC. Our
signal is.
pp = Z+* = 00 4+ xx

where ¢ = pu, e come from the Z boson and the dark matter pair from the
virtual photon. The backgrounds considered in this work are

Irreducible:  ZZ(v*) — 70 + v7,

Irreducible:  WTW ™ — £10'~ + 5y

Reducible:  ZW — (X0 0* 4+ 1y

Reducible:  tt — WTW™bb — €70~ + vop + 5§

Triggers
pr(f) > 20 GeV, |n¢| < 2.5, ARy > 0.4, F>20GeV
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Dark Matter - Detection - LHC

Anapole Dark Matter

pr(€) > 20 GeV, |n,| <25, AR, >0.4, F>20GeV

Events Simulation

Anapole Dark Matter Conclusion

Signals 100 GeV | 200 GeV | 300 GeV | 400 GeV | 500 GeV
o(fb) 0.143 0.119 0.095 0.073 0.056
Backgrounds G WWwW ZW tt Wt
o(fb) 1524 [ 1.5x10% | 2362 | 1.4x10*| 584.9

Table: £ = 3ab™', m, = (100 — 500) GeV with A = 1TeV e /s = 13TeV

(LHC).

Nevents = € X 0 X Ling,

Sinal:
Irreducible:
Irreducible:
Reducible:
Reducible:

Anapole Dark Matter: A Collider Study using Machine Learning

pp— Z 4+ =L+ xX
ZZ(y*) = 0 +v,o,
WHW= =00~ +v,0,
ZW — 05030 + v,
tt — WW=bb — 00~ 4+ 1,5y + jj.

- Antonio C. O. Santos (UFPB) 27 /44



Anapole Dark Matter
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Anonole Dorle Mottor

Variable | min | max | step |

Zr(>) 50 | 150 | 1
n; (<) 0 8 1
Number of Trees (>) 70 | 250 1
Maximum depth (<) 5 10 1
Learning Rate (=) 0.01 | 0.5 | 0.02
Minimum Child Weight (<) | 1 10 1.

Missing Energy . ® ar = Eq(4,)/M;.

Invariant Mass of the

L @ cos(6).
opposite sign leptons
@ K, X cos (Agb(E_";”s,ﬁi)) ® My = \/2 (Pr, - Pr, + Pr,pr,)-
@ n,, number of leptons.
o |Er —p7l/p7. ‘ P
o Ag(t+,6-). @ n,, number jets.

v
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Anapole Dark Matter
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Probability

Anapole Dark Matter: A Collider Study using Machine Learning

Background rejection
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Anapole Dark Matter

Normalized confusion matrix m,=100GeV sys=5% Normalized confusion matrix m,=200GeV sys=5% Normalized confusion matrix m,=300GeV sys=5%
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Anapole Dark Matter
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Anapole Dark Matter

dR ; do,
Lm0 = m/dvvf'vt) TN (),

L = a><><qq7é xvvxa” p
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WIMP

M. Strassler 2012

DARK MATTER AND

N
WERK INTERACTIONS
(nnm(wm) CONFERENCE

Anapole Dark Matter: A Collider Study using Machine Learning - Antonio C. O. Santos (UFPB) 35/44



Anapole Dark Matter
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Anapole Dark Matter

Considering an effective Lagrangian,

iA
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Anapole Dark Matter

Lo = A FiXPLf + AafiXPof +cc. m=~ 250 GeV — A ~ 800 GeV
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Simplified Model

A(¢?)  =e(|AL]* cos® a — [Ax|*sin a) X, (¢?) A? ~ 96mm?

i
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Anapole Dark Matter
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Conclusion

@ Conclusion
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Conclusions

o Considering 1% of systematics uncertainties, for a DM mass equal to
100 GeV, LHC can probe A < 1.1TeV, and for 5%, A < 900 GeV,
considering Lin = 3ab~'?. The discovery reach (50) in A decreases
approximately by 200 GeV for a given heavier DM mass.

@ We compare the EFT with a simplified model. We choose a weakly
coupled UV completion in which the DM is a Majorana fermion y that
couples to an uncolored fermion f (with mass m ) and a pair of charged
scalars ]?L,R . At one loop, the DM couples to the photon through an
anapole moment interaction.

@ The LHC discovery potential were compared with the next generation
of direct detection experiment, in particular, as an example, the LUX-
ZEPLIN (2025). Showing that the LHC has competitive results.

*https://project-hl-lhc-industry.web.cern.ch/content/
project-schedule

/k
Ty -
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ML in HEP
S

Use of Machine Learning (a.k.a Multi Variate Analysis as we call it) already
at LEP somewhat, much more at Tevatron (Trees)

At LHC, Machine Learning used almost since first data taking (2010) for
reconstruction and analysis

In most cases, Boosted Decision Tree with Root-TMVA, on ~10 variables
For example, impact on Higgs boson sensitivity at LHC:

analysis data no ML ML ML
taking year | sensitivity sensitivity | data gain
| ATLAS H — vy [16] | 2011-2012 4.3 - - |
CMS H — 17 [17] 2011-2012 7 2.7 7
| ATLAS H - 7+7~ [1§] 2012 2.5 34 85%
CMS H —+ 77 [19] 2012 37 : -
ATLAS VH — bb [20] 2012 1.9 2.5 3%
ATLAS VH — bb [21] | 2015-2016 2.8 30 15%
CMS VH — bb [22] 2012 i 2.1 125%
CMS VH — bb [23] | 2015-2016 - 2.8 -

=2~50% gain on LHC running

Advances in ML in HEP, David Rousseau, Uppsala seminar, 25 Oct2017 3

Figure: From David Rousseau LalL-Orsay
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Figure: http://static6.
businessinsider.com/

Figure: https://www.marketwatch.
com/story/

v
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