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Dark Matter Searches at Colliders - LHC

pµ1 = (6.5 TeV, 0, 0, 6.5 TeV) , pµ2 = (6.5 TeV, 0, 0,−6.5 TeV) ,

where pµ = (E, px, py, pz).
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Dark Matter Searches at Colliders - LHC - Low level and High
level features
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Event Classification
Sort blues .vs.red.
How to discriminate?
Decision boundary y(xxx) = ycut. What is best way to determine the
boundary? Cuts over (x1, x2)?

Figure: Proceedings, 69th Scottish Universities Summer School in Physics : LHC
Phenomenology (SUSSP69): St.Andrews,Scotland, August 19-September 1, 2012.
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XGBoost - Artificial intelligence/Machine Learning

Boosted Decision Trees (https://github.com/dmlc/xgboost)

Figure: https://machinelearningmastery.com/
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XGBoost - Artificial intelligence/Machine Learning

Boosted Decision Trees (https://github.com/dmlc/xgboost)

Figure: https://machinelearningmastery.com/

Figure: https://blog.statsbot.co/ensemble-learning-d1dcd548e936
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XGBoost

Boosted Decision Trees (https://github.com/dmlc/xgboost)

ŷi = φ(xi) =
K∑
k=1

fk(xi)

Obj(φ) =
∑
i

l(ŷi, yi) +
∑
K

Ω(fk)

l(ŷi, yi) = (yi − ŷi)2 (e.g)

Ω = γ T + 1
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i
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]
− γ

ft(x) = wq(x)

→ y{t} = y{t−1} + εft(xi)

Gradient Boosting Tree,
Parameters:

1 Number of trees ;
2 Maximum depth ;
3 Learning Rate ;
4 Minimum Child Weight .
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Ω = γ T + 1
2λ

T∑
j=1

w2
j

Objsplit = 1
2

[
(
∑

iL
giL)2∑

iL
hiL + λ

+
(
∑

iR
giR)2∑

iR
hiR + λ

−
(
∑

i
gi)2∑

i
hi + λ

]
− γ

ft(x) = wq(x)

→ y{t} = y{t−1} + εft(xi)

Gradient Boosting Tree,
Parameters:

1 Number of trees ;
2 Maximum depth ;
3 Learning Rate ;
4 Minimum Child Weight .

Anapole Dark Matter: A Collider Study using Machine Learning - Antonio C. O. Santos (UFPB) 11 / 44

https://github.com/dmlc/xgboost


Dark Matter - Detection - LHC Events Simulation Anapole Dark Matter Conclusion
XGBoost

Boosted Decision Trees(https://github.com/dmlc/xgboost)
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Automatic Tuning of Hyperparameters
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Figure: Hyperopt
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Automatic Tuning of Hyperparameters - Hyperopt

Figure: Hyperopt
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Automatic Tuning of Hyperparameters - Expected improvement (EI)

EI(x) ∝ l(x)
g(x)

Figure: Hyperopt
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Automatic Tuning of Hyperparameters - To optimize
mlogloss = − 1

N

∑N
i=1

∑M
j=1 yij log pij

Nσ =
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√

2
√

(s+ b) log
[(

1 + 1
b ε2

)
s+b

s+b+1/ε2

]
+ 1

ε2
log
[

b+1/ε2

s+b+1/ε2

]
, ε > 0

√
2
√
−s+ (s+ b) log

(
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b

)
, ε = 0
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Events Simulation

Model Theory Model Build Parton Level
Events

Generator
Parton Shower
Hadronization

Detector
Simulation

Data Analyses
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Events Simulation

Model Theory Model Build Parton Level
Events

Generator
Parton Shower
Hadronization

Detector
Simulation

Data Analyses

σAB =
∫
dxadxb fq/p(xa, µ2

F ) fq̄/p(xb, µ2
F ) [σ̂0 + αS(µ2

R)σ̂1 + . . .]ab→X

dσ̂(0) = dP2f
1
12
∑
|A0

γ +A0
Z |2(ŝ, t̂, û) ,
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pp→ Z + γ∗ → `+`− + χχ
q

q̄

l+

l−

χ̄

χ

Z

q̄

γ∗
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Classical Physics

H ∝ −µ(~σ · ~B)− d(~σ · ~E)− a(~σ · (~∇× ~B))

~A(~x) =
∫
d3x

′ ~j(~x′)
4π|~x− ~x′ |

=
∫
d3x

′~j(~x′){1− ~x′ · ~∇+ 1
2(~x′ · ~∇)2 + · · · } 1

4π|~x| .

~a = M2

6

∫
d3x

′
~x

′ × (~x′ ×~j(~x′)), µ = 1
2

∫
~x

′ ×~j(~x)d3x.

Figure: PELLONI et al., 2011
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Anapole Dark Matter
Current term u(p)Γµ(q)u(p)

ū(p1)Oµ(q)u(p2) = ū(p1)
{
F1(q2)γµ + iσµν

2m qνF2(q2)+

iεµναβ
σαβ
4m qνF3(q2) + 1

2m

(
qµ − q2

2mγµ
)
γ5F4(q2)

}
u(p2).

Figure: Anapole Dark Matter (CABRAL-ROSETTI; MONDRAGÓN; REYES-PÉREZ,
2016).
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Chiu Man Ho and Robert J. Scherrer (e-print 1211.0503)
Lint =

g

Λ2 χ̄γ
µγ5χ∂νFµν ,

Ωχ h
2 = ( 2.14×109 )

x2
f (GeV)−1

g1/2
∗ MPlσ0

〈σχχ̄→ff̄ vrel〉 =
4g2αm2

χ

Λ4

(
T

mχ

)
,

xf = ln
[
0.076

(
gχ
g1/2
∗

)
MPlmχσ0

]
− 3

2 ln ln
[
0.076

(
gχ
g1/2
∗

)
MPlmχσ0

]
.

∝ g
Λ2

χ

γ

χ̄
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Anapole Dark Matter
Thus, we perform a mono-Z search in the leptonic channel at the LHC. Our
signal is.

pp→ Z + γ∗ → `+`− + χχ

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

Irreducible: ZZ(γ∗)→ `+`− + ν`ν`

Irreducible: W+W− → `+`′− + ν`ν`′

Reducible: ZW → `±`∓`′± + ν`′

Reducible: tt̄→W+W−bb̄→ `+`′− + ν`ν`′ + jj

Triggers
pT (`) > 20 GeV, |η`| < 2.5, ∆R`` > 0.4, E/ > 20 GeV
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Anapole Dark Matter

pT (`) > 20 GeV, |η`| < 2.5, ∆R`` > 0.4, E/ > 20 GeV

Signals 100 GeV 200 GeV 300 GeV 400 GeV 500 GeV
σ(fb) 0.143 0.119 0.095 0.073 0.056

Backgrounds ZZ WW ZW tt̄ Wt

σ(fb) 152.4 1.5× 103 236.2 1.4× 104 584.9

Table: L = 3ab−1, mχ = (100 − 500) GeV with Λ = 1 TeV e
√
s = 13 TeV

(LHC).
Nevents = ε× σ × Lint,

Sinal: pp→ Z + γ∗ → `+`− + χχ

Irreducible: ZZ(γ∗)→ `+`− + ν`ν`

Irreducible: W+W− → `+`′− + ν`ν`′

Reducible: ZW → `±`∓`′± + ν`′

Reducible: tt̄→W+W−bb̄→ `+`′− + ν`ν`′ + jj.
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Results Multivariate Analysis: Cuts + BDT
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Results Multivariate Analysis: Cuts + BDT

Variable min max step
6ET (>) 50 150 1
nj(≤) 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.

Hyperopt

Missing Energy 6ET .

Invariant Mass of the
opposite sign leptons

6ET × cos
(

∆φ( ~Emiss
T , ~pZT )

)
.

|6ET − pZT |/pZT .

∆φ(`+, `−).

αT = ET (`2)/MT .

cos(θ∗).

MTc =
√

2
(
~pT` · ~pT` + pT`pT`

)
.

n`, number of leptons.

nj, number jets.
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Results Multivariate Analysis: Cuts + BDT
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Results Multivariate Analysis: Cuts + BDT
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Results Multivariate Analysis: Cuts + BDT
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Results Multivariate Analysis: Cuts + BDT
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Direct Detection
dR

dE
(E, t) = ρME

mMEmA

∫
d3v vf(vvv, t)dσMN

dE
(E, v),

LCI = αq χ̄χ q̄q 6=
g

Λ2
χ̄γµγ5χ∂νFµν
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Direct Detection
dR

dE
(E, t) = ρME

mMEmA

∫
d3v vf(vvv, t)dσMN

dE
(E, v),

LCI = αq χ̄χ q̄q 6=
g

Λ2
χ̄γµγ5χ∂νFµν .
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0 |Fc(ER)|2.
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Results - Direct Detection

Considering an effective Lagrangian,

LDM-nucleon = iA
2 χγµγ5χ∂νFµν + eAµJ

µ.

Anapole Dark Matter: A Collider Study using Machine Learning - Antonio C. O. Santos (UFPB) 37 / 44



Dark Matter - Detection - LHC Events Simulation Anapole Dark Matter Conclusion

Simplified Model

Lint = λLf̃
∗
LχPLf + λRf̃

∗
RχPRf + c.c.. m

f̃
∼ 250 GeV→ Λ ∼ 800 GeV(

f̃1

f̃2

)
=
(

cosα − sinα
sinα cosα

)(
f̃L
f̃R

)
.

Mµ = iA(q2)u(p′) (q2γµ − q/ qµ) γ5u(p).

A(q2) = e
(
|λL|2 cos2 α− |λR|2 sin2 α

)
X1(q2)

+ e
(
|λL|2 sin2 α− |λR|2 cos2 α

)
X2(q2).
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Simplified Model
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{
Λ2 ∼ 96πm2
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,

g ∼ µ1/
√
δ ∼ O(1).
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Anapole DM - Discovery Potential in LHC - Simplified Model
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Outline
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Conclusions
Considering 1% of systematics uncertainties, for a DM mass equal to
100 GeV, LHC can probe Λ . 1.1 TeV, and for 5%, Λ . 900 GeV,
considering Lint = 3 ab−1a. The discovery reach (5σ) in Λ 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 χ that
couples to an uncolored fermion f (with massmf ) and a pair of charged
scalars f̃L,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.

ahttps://project-hl-lhc-industry.web.cern.ch/content/
project-schedule
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Conclusions - Confirmed improvement

Figure: From David Rousseau LaL-Orsay
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Discovery

Figure: http://static6.
businessinsider.com/ Figure: https://www.marketwatch.

com/story/
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