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DM and (g-2)ﬂ

Dark matter exists and can be
explained by the neutralino in the
MSSM

O.h% =0.12+0.0012

arXiv:1807.06209

https://bit.ly/smuon

Discrepancy between SM prediction
for and experiments measuring (g—2)ﬂ
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M. Tanabashi et al. (Particle Data Group),
Phys. Rev. D 98, 030001 (2018)
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MSSM explanations for dark matter

"
Bino-like neutralino.  Mzo =~ M; < My, u d . !
7 f
Co-annihilations provide correct relic 7 O
density for sub-TeV masses.
b
N VYA

Assume no R-parity violation so it is

absolutely stable. ~_ /{




MSSM explanations for (g-2)ﬂ

Charginos, smuons, and
sneutrinos enter loop
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MSSM explanations for (g-2)ﬂ

Charginos, smuons, and
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Determine which configurations in

Th e GO al parameter space satisfy these
experimental limits and how they
can be tested.



Parameter Space

For this talk, we’ll take the LHC point
of view and set all* left and right
handed first and second generation
slepton masses equal.

Parameters: (M, Ma, i, M, tan 3)

* The charged left-handed slepton and sneutrino have a built-in
mass splitting coming from interactions with W
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Sampling a 5-dimensional Th P bI
parameter space is difficult e rO el I l
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DELFI - Density Estimation Likelihood-free Inference

1. Sample priors and generate a set of points in parameter space, O.

2. Evaluate model, M, at every element of ©.
a. D={M(@©O)|Vo € 6}

3. Using how close d€ D is to experimental results, create posteriors.

4. Repeat with geometric mean of priors and posteriors as new priors.

arXiv:1903.00007



Parametrized Posteriors

Mixture Density Networks Masked Autoregressive Flows

Npades dim(t)
ptlo;w) = Y rk(é);w)/\/[tluk(e;w),Ck(B;w)=2k2ﬂ p(t|0; W) =N [u(t, 8; w)|0,1] x l_[ 1_[ o, 0, w)

comp., k n=1 i=1
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Parametrized Posteriors

Mixture Density Networks Masked Autoregressive Flows
T Nmades dim(t)
p(tlO;w) = D r(6;w)N [tluk(B;W),Ck(O;W) = EkEk] p(t|0; W) =N [u(t, 6; w)|0,I] x 1_[ 1_[ ot 0; w)
comp., k n=1 i=1

In both cases, individual probability densities are Gaussian.

Neural networks (NNs) take in 6 and d, and return means, variances, weights, etc.

arXiv:1903.00007



https://bit.ly/smuon

Parametrized Posteriors

Mixture Density Networks Masked Autoregressive Flows
T Niades dim(t)
plO;wW) = > (6 w) N |t]py, (65 w), Cr(8; W) = Ekzk] p(t|0; W) =N [u(t, 8; w)[0, 1] x l_[ 1_[ o (t, 0; W)
comp., k n=1 i=1

In both cases, individual probability densities are Gaussian.

Neural networks (NNs) take in 6 and d, and return means, variances, weights, etc.

Because probability is estimated at all points parameter space, we can use active learning.

arXiv:1903.00007



Results



LHC Constraints
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LHC Constraints

60
= 60 - T T T ]
&5 D Expected limit (+10exp) ]
O, 50 [ Observed limit (+10peory) ]
—_ ATLAS 8 TeV /5 excluded |
40 = LEP &5 excluded ]
2 < 40 B
= 3 ATLAS ]
&% 30 ]
= < 30f V5=13TeV,36.110 1
5 ee/y, mY shape fit 1
20 20 | Alllimits at 95% CL B
pp = (iplip T (80 len] ]
10 10 - E
0 C T T 1 ]
0 100 150 200 350 100 100 150 200 250
Mgz [GeV! _
oe m(.r) [GeV]
- — 50 T T T
= [ ]
[0) F Expected limit (+10exp) 4
(G} L Observed limit (+10peory) |
— 40+ LEP {; excluded B
40 = [ ATLAS 8 TeV excluded |
c:l%\‘ 30l ATLAS B
= IS F V/s=13TeV, 36.1 fb ! 1
ﬁ 20 < - ee/ i, my; shape fit 4
& 20 [ Alllimits at 95% CL ]
e [ PP — {8 (Wino) ]
E 20 i W20 5 = Wl 1
19 L N 1 I I ]
100 150 200 250 300
- o
0 m(x9) = m(xy) [GeV]
100 150 200 250 300 350

Mgz [GeV]



LHC Constraints
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Detection
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S, o Wy Seme

Neutrino floor

Direct
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Density Estimates
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Summary

Using new machine learning tools, we were able to explore and describe areas of

parameter space which can explain dark matter relic density and (g—2)ﬂ.
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Thank you
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Ewino and slepton pair production

(a)

(b)



Typical mass spectrum

=== MASSES OF HIGGS AND SUSY PARTICLES:

Higgs masses and widths
h 123.99 3.98E-03
H 6000.01 1.01E+02
H3 6000.00 1.01E+02
H+ 6000.45 1.01E+02

Masses of odd sector Particles:

~01 : MNE1 = 145.103 ||
~ne : MSne = 243.055 ||
~mL : MSmL = 255.815 ||
~03 : MNE3 = 629.535 11
~11 : MS11 = 1996.655
~tl . MSt1 = 2338.003
~cL : MScL = 2499 .425
~dR : MSdR = 2500.124
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Priors

We impose uniform priors
with ranges shown on the
right

Take differences from M,
because co-annihilations
require small mass splittings
with the neutralino.

Search Parameter | Lower | Upper
M, 50 500
My — My 0 1750
M, — M, 0 2250

7 — M 0 130
tan 4 40




Masked Autoregressive Flows

Masked Autoencoder for Density Estimation (MADE)

data (summaries), ¢

pi(tiio1, ;W) < _
/;O u; = (t; — pi) /o

oi(t1:i—1,0; W) <

parameters, 6

Autoregressive conditionals

p(t1|0;w) = N [11(0; W), 01(8; w)]

p(talts, O;w) = N [pa(te, 0; W), 02(t1,0; w))

p(tilt1iz1, 0; W) = N [ui(t1:5-1, 0; W), 05 (b1:5-1, O; W)]

L - - n
W0 w1 W w
network weights W = (Wo, W1, ..., W) Density estimator Sult.0:w
(410 w) = A [ut, 8, w)/0, 1 x | 2282 T p(tifr1,0:w)
i

Training data {6, t}

Loss functon —IlnU = — Z Inp(t;|6;; w)
i




Mixture Density Networks

parameter

Mixture Density Network (MDN)

covariances
(Cholesky factors)
{Zx(0;w)}

"\ Density estimator

S pEOW) = D k(B wW)N [t (65 w), Ci(8; w) = B3]

comp., k

Training data {6, t}
Loss function —InU = — Z Inp(t;|0;; w)
i




Active Learning

Sequential Neural Likelihood (SNL) Bayesian Optimization
Sample geometric mean of prior and posterior Uncertainty is known at every point, so can
with MCMC. Take random population of sample sample regions where least is known

to create points in parameter space to search

We used SNL because uncertainty is not necessatrily reflective of ignorance, and so optimal choice of
parameter space is not trivial (active area of research)

pyDELFI: arXiv:1903.00007



Parameter density estimates
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“Polluted” P
Triangle Plot

Ranges are [0,1] because they have not

After training, we sample the Sy 4 / been scaled to correct values yet
posteriors with MCMC. .

This can lead to (many) points
that do not lie within our criteria

This plot is a mix of good and
bad points




Grid search
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