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Random Scans

Points accepted/rejected in a in/out
fashion (e.g, 20 cuts) pPMSSM scans (20 D)

LSP Mass Versus Relic Density

No statistical measure attached to
density of points: no probabilistic
Interpretation of results possible

Inefficient in high dimensional
parameter spaces (D > 5)

HIDDEN PROBLEM: random scan
explore only a very limited portion
of the parameter spaces!




Maths principle

Random scans of a high dimensional
parameter space only probe a very

Imited sub-volume: this is the |
concentration of the measurement - S
phenomenon

Concentration of measure

Statistical fact: the norm of D | N
draws from U[0,1] concentrates I
around (D/3)¥2with constant

variance R T R

Dimensions




Geometry

» Geometry fact: In D dimensions, most of the volume is near the boundary. The
volume inside the spherical core of D-dimensional cube is negligible
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Likelihood based inference ?

> Likelihood-based methods: determine the best fit parameters
by finding the minimum of -2 Log(Likelihood) = chi-squared

1. Markov Chain Monte Carlo
and Minuit as “afterburner”

2. Simulated annealing
3. Genetic algorithms

> Determine approximate confidence
Intervals: Local A(chi-squared) method

> Profile likelihood: way to treat nuisance ~ 68% CL

L(X,y) => PL(x) = max. L(x,y) for fixed x in y




Groups
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Bayesian based inference

P(d|H.I)P(H|I
P(Hj1) - LA

evidence

» H: hypothesis

> D: data

» [ external information
» Prior: what we know about H (given information |) before seeing the data
» Likelihood: the probability of obtaining data d if hypothesis H is true

» Posterior: the probability of obtaining data d if hypothesis H is true

» Evidence: normalization constant (independent of H), crucial for model
comparison




Ilgnoring the prior and
identifying likelihood

p(6;|data) = p(datal6;) \ “

iImplicitly assumes

= const. = “flat’ _/

But e.g. J

‘flat” — “non-flat” plbi|data) = p(datalf;)

There Is a vast literature If data are good enough to select a

on priors: Jeffreys’, conjugate, small region of {6} then the prior p(6)
non-informative, ignorance, etc  becomes irrelevant .




Favoured regions: Bayesian Approach

> Bayesian methods: the best-fit has no special status. Focus on
regions of large posterior probability mass instead

> Determine posterior credible regions: e.g. symmetric interval
around the mean containing 68% of samples

68% CREDIBLE REGION
)

SuperBayeS

1
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. m,, (GeV)

> Marginalisation: integration over hidden dimensions comes for free
p(0|data) = / dfs - - - dO N p(0;|data) 10




Groups

Bayesian approach led by two groups (early work by Baltz & Gondolp

Ben Allanach (DAMPT) et al. (Allanach & Lester, 2006 onwards,
Cranmerand others)

RdA, Roszkowski & Roberto Trotta (2006 onwards)

SuperBayeS public code (available from: superbayes.org) +
Feroz & Hobson (MultiNest), + Silk (indirect detection) + de los Heros
(IceCube) + Casas et al. (Naturalness) + Bertone et al. (pMSSM)

BayesFITS: Roszkowski et al.
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Allanach & Lester (2008) Ruiz de Austri, Roszkowski & BT (2008)




Profiling versus Marginalizing
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(2D plot depicts likelihood contours - prior assumed flat over wide range)




The CMSSM

Cabrera et al. (2010), (2013)
Strege et al. (2011), (2013)
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Analysis pipeline

SCANNING ALGORITHM
4 CMSSM parameters ikelihood = 0
9 = [m{}! M2, Aﬂ! ta“ﬂ}

(fixing sign(p) > 0) NO

Observable Physically acceptable?
quantities ——— EWSB, no tachyons
fi{H ¥) neutralino COM
numerical
4 SM “nuisance function CDM relic abundance YES

parameters” via SoftSusy 2.0.18 BR's
DarkSusy 5.0 EW cbservables

FeynHiggs 2.5.1 Higge mass
T Hdecay 2.102 sparticle spectrum Data:

{gamma-ray, neutrino, Gaussian likelihood
Data: antimatter flux, dirsct (CDM, EWO, g-2, b—sy, AMe:)

Gaussian likelihoods detection x-section) other observablas have
for each of the ¥, only lower/uppeér limits
j=1...4)




Analysis ingredients

Prior ranges

flat priors: CMSSM parameters
50 GeV << 1o << 4 TeV
50 GeV < 11,2 << 4 TeV
|-Ac| << 7 TeV
2 << tan G << 62

Data: indirect observables

Obeervable Meoan value

it o {exper.)

Unoert ainties

T (theor.)

Likelihood function

L = p(o,clé(m)) = Wor T

2:

X

Nuisance parameters

SM nuisance parameters

Mw [GeV) B0L.300 0023
aﬁn’*’m‘:.:,r 0.23153 0.00016
SaSUEY o 0 287 8.0
BR{B — X, 1) = 10* | 355 0.26
Ranen 1.04 0.11

BR{ Haairs ¥
TR L.63 0.54

Mg = 10F 3.1 23

e 116 12.8

Firas 0.000 0.007
BR(D, — Tv) = 10° | 538 0.32
BR(D, — pr) = 105 | 581 0.43
BR{D — ) x 104 | 3.82 0.33

(1, h? 0.1109 0.0056
my [GeV] 195 8 0.6
BR(B., - ptu) 32 x 1007 1.5 x 102

0015
(. DIk 5
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020
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0.2
0.2
0.0132
20
10

(Gaussian prior Range scanned

M, [GeV]
my(mp)MS [GeV]  4.20 £0.07

[Cem(Mz)M5]-1 127.955 4 0.030
a, [:Mrz :]M.S'

1731+ 13 (167.0, 178.2)
(3.92, 4.48)
(127.835, 128.075)

0.1176 & 0.0020 (0.1096, 0.1256)

Astrophysical nuisance parameters

Ploc [GeV/em?®] 04401
Ulsr [km,fﬁl
Vese [km /5]
vy [km/s] 282.0 + 37.0

(0.001, 0.900)
(80.0, 380.0)
(379.0, 709.0)
(98.0, 465.0)

230.0 £ 30.0
544.0 &£ 33.0

Hadronic nuisance parameters

Limit (05% CL)

T (theor.)

fTu

Sparticle masses

AE in table 4 of el [42].
Mg, Ty 7 ATLAS, /F = 8 TeV, 58 fb—! 2012 limits
CMS, /7 =7 TeV, 4.7 fb—! 2012 limits
KENON 100 2012 hmits {224.6 x 34 kg days)

0.02698 = 0.002 (0.010, 0.045)
0.03906 £+ 0.00395 (0.015, 0.060)
0.363 +0.119 (0.000, 0.85)

Use Multinest as sampling algorithm: Posterior and PL reconstruction




The CMSSM

mi < + 20 o (M3 ] Méz%(MflJrM%),xtEXt/Mg

2
STemyy, mj

Strege et al. (2013
Strege et al. (2013) Strege et al. (2013) 4 g (2013)

All data

Profile likelihood

2

[TeV] [TeV]

m1f2 m”2

s Profile likelihood: At 99% C.L. contours squeezed around the stau-coannihilation
» Bayesian: Still there is a prior dependence though reduced 16




DM Direct Detection

* Xenonl00 data with 224.6 days of exposure

Strege et al. (2013)

Strege et al. (2013) Strege et al. (2013)

cMSSM
All data

XENON100 Log priors XENON100

500 1000 '
500 1000
m o[GeV] L 1GeV] m o [GeV]

1
1
Profile likelihood: 1 Ton scale can prove regions favoured at the 95% C.L.

Bayesian: Bulk of the posterior covered by 1 Ton scale experiments




DM Indirect Detection

> Fermi constraints from dwarf spheroidal galaxies

Strege et al. (2013) Strege et al. (2013)

»* ‘Fermi dSph 2018 ]
ti
N
\ cMSSM- g - ® cMSSM . cMSSM 4
o o)
All data All data - All data

. Profile likelihood 5 ) Flat priors Log priors
500 1000 500 100( 1
m, o [GeV] m. o [GeV] mxf [OGoeV] 000

1 1

1

Profile likelihood: bf point out of the reach for Fermi

Bayesian: it is going to probe a large fraction of the A-funnel region
18




Naturalness and the Bayesian approach

{6;} = {s,m,M,A, B, u}

B

i - parameter

soft terms




» Recall an usual assumption
m, M, A, B, i
h ~ “ should be < O(TeV)
(E an_.)

In order to get a Natural Electroweak Symmetry Breaking
(with no fine-tunnigs)

- 1
V(H;, 1 :-'m..‘){ | +’H'Ji;?|Hg|2 - BuiHy T %J + ) (1H; |2

Unnatural fine-tuning
unless My S O(TeV)




Instead solving yzin terms of M, and the other soft-terms, treat
as another exp. data

_L(”f .H}“’)"
AT , 2 Tz
E — i-\t' VA e EIF‘S‘:

Approximate the likelinood as

exp

~ 0 (:"J 7z — M 7 ) 1:1-95*[.

Use M, to marginalize p

p(s,m, M, A, B| data) = /d,u p(s,m, M, A, B, ji|data)

dyt
~ Lot |—— m, M, A, B, uz
est d.MZ pzp(Sm y 41, .U7J

7 |
pls,m, M, A, B| dala) = 2 L %Z — pls,m, M. A, B, pz)
My ¢,

¢ ~ Probability of cancellation between the varius contributions to get M,




J
{9, B} — {Mgz,my,tan 3}

p(my,m, M, A, tan §|data) = J|,—., plys,m, M, A, B, iz) L,

“ -
~

ﬁeﬁ(mt: m, M: Aa tﬂl’lﬁ)

Dog (110, e, M, A Lan 7)) x [

-"E'?] J;a’r tj T J- Blun

J‘fl)i MNow ?-LI'-.J' R f—i‘] Lz

- J/
e

model-independent part | J still undefined
It contains the fine-tuning penalization

ploe, M, A B, 1= nuz)

It penalizes large tan 3




The ElectroWeak Scale

Cabrera, Casas & Huiz de Austri (2002)

Cabrera, Casas & Huiz de Austri (2008)
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Flat priors |
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» We may vary M, up to M, the results do not depend on the range chosen

» This suggests that large soft-masses are disfavoured




CMSSM and Naturalness

» Single-component DM scenario

Cabrora, Casas and Auiz de Austri {2012) Cabrers, Casas and Ruir de Ausit (20712)

Log priors Log priors
CMSSM, p>0 ] [ CMSSM, p>0 -]

N S |

— 8TeV,6fb’ — Xenon100 |
== 14 TeV, 3000 fb' | == XenoniT

[ |
[ |
[ |
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2
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mug (TEV) mﬂ (T'Etv)

» The 95% credible region is not accesible to the LHC
» However it is fully accesible to 1 Tone scale DM DD experiments




» Multi-component DM scenario: ¢ = p,/py, = Q,/Q,,

GCabrera, Casas and Ruiz de Austri (20712) Cabrera, Casas and Ruiz de Ausii (201.2)

Log priors 3 Log priors
CMSSM, u>0 1 GMSSM!,P_?Q ;

— 8 TeV, & f5' E == ¥enon100
= 14 TeV, 3000 fb " | = XenoniT

|
|
|
LLL T L L L L L1} 1 1 Ll
1 2 5 10 20 50 100 : : 0.5 1 2

mlf,-'g {TEV) mﬂ (TEU)
> The 95% the credible region is partially accesible to the LHC
> However it is fully accesible to 1 Tone scale DM DD experiments




MSSM-15

Strege et al. (2014)
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MSSM-15

M;, M,, M,: the bino, wino and gluino masses

m_, m,: the first/second generation sfermion masses

M, 5, Mgy, Meg, My, My third generation sfermion masses

A,: universal trilinear bottom, tau coupling
A.: top trilinear coupling

U: Higgsino mass

m,: the CP-odd Higgs mass

tan (3: the ratio of the vevs of the two-Higgs doublet fields
All except A,defined at SUSY scale




Analysis ingredients

Priors

Data

MSSM-15 parameters and priors

Flat priors

Log priors

Observable

Mean wvalue

Standard deviation
o (exper.) 7 (theor.)

M [TeV] (-5, 5)
Ms [TeV]
M3 [TeV]
my, [TeV]
mp, [TeV]
mg, [TeV]
mg [TeV]
mg, [TeV]
RLE 3 Te"r
mp, [TeV]
Ay [TeV]
Ag :TEV_
p [TeV]
my [TeV|
tan 3

sgn(My) log | My |/GeV
log Ma/GeV

sgn(Mz) log | My|/GeV
log my, /GeV

log myp, /GeV

log mp, [GeV

log mg /GeV

log m, /GeV

log my, /GeV

log mp, [GeV

sgn(A;) log |4 | /GeV
sgn(Ap) log |Ao| /GeV
sgn(p) log |u|/GeV

log m g /GeV

M, [GeV]

My [GeV]
sin? Geg

FB
# A SLID)
# A,
# A,
EG,EUSY = 1010
BR(B — Xav) = 104

Rang
BR(%’U—H—L-']
BR Bu—TI) s
Mg = 102
BR{(B—DTr) o
#BR[BaDm) x 10

# Rz

Arg(B — K ptu™)
BR(D. — ) x 10%
#BR(D, — pu) x 10°
#BR(D — uv) x 104
BR(Bs — ptpu—) x 10°
0, h?

mp [GeV)

Ty

Ty o

T.i--'-zz

s

TF‘T"' T

I
20.385
0.23153
2.4952
41.540
20.767
0.21629
01721
0.0171
0.0992
0.0707
0.1513
0.923
0.670
28.7
3.65
1.04
1.63
3.1
41.6
0.999
-0.18
5.44
5.54
3.82
3.2
0.1186
125.66
0.78
0.76
0.91
1.3
1.1

0.015 0.01
0.00016 0.00010
0.0023 0.001
0.037
0.025
0.00066
0.003
0.001
0.0016
0.0035
0.0021
0.02
0.027
8.0
0.26
0.11
0.54
2.3

12.8
0.007
0.063
0.22
0.24
0.33

1.5
0.0031
0.41
0.27
0.21
0.27
0.65
0.4

Limit (05% CL)

7 (theor.)

Sparticle masses
fl-lepton SUSY search
2 lepton SUSY search
g
sh ©

— O
B e a4

LEP, Tevatron. As in Table 4 of Ref. [I5].
ATLAS, /s =7 TeV, 4.7 fb—!
ATLAS, /s =7 TeV, 4.7 fb—!

KXENON100 2012 limits (224.6 x 34 kg days)

KENON100 2012 limits (224.6 x 34 kg days)




Pre-LHC data

> Only EWkinos are effectively constrained




» S| + SD parts added to compute the signal

s (GeV)

» Large cancellations occur for bino-like neutralinos




Post-LHC

Ol + 3l (7 TeV and 4.7 fm-1) + Higgs signal strength modifiers

Shrege oAl D - E" I'.'H.EI T 5 I.Elldalnl Shrege oAl D
LHGC impact < 1o
= LHC impact ig - 4

F
£
T 45-.1','.5 S s

[ 1 - 1

1 2 3 4 5
rnl: (T}

m‘pﬂ'aﬂ

LHC searches are able to rule-out regions unaccesible to DM
Direct detection experiments




Conclusions

+ SUSY phenomenology provides a timely and
challenging problem for parameter inference

> DM Direct Detection experiments and LHC SUSY
and Higgs searches already reject/disfavour large

portions of SUSY models

» High complementarity of LHC searches with direct
detection methods




Thanks !
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CMSSM w/o gm2

Strege of al. (2013) Strege e al. (2013) Strege of al. (2013)

‘ Profils likslihood

1
m'lf.—! [TeV]




DM Indirect Detection

* Fermi and dwarfs

Farmi d5ph 2041 Farmi d3ph 2011

+*"Fami d3gh mi! ' .*Farmi d3ph 2018 :ﬁ T

cMSEM oMEEM
) wiog-2 wo -2
Log priors Profia felibood

500 000 500 1000 B 500 1000
mxu [GaV] mx" [GaV] mxn [GaV]

1 1 i

> Profile likelihood: bf point out of the reach for Fermi
» Bayes: conclusions rather depend on the prior




LHC analysis validation

I B = 1, 4w 1 CHEER B i,
CT T T =

[ =47, =TT

e :
—— Chzorver limt B
mmes Obzorved e e | M TS

[ e

4000
my [




Neutralino composition

- {bmo-liks

- {wino—lks

- {higgaino-like

mixed (B.W)

mixed (B.H)

mixed (W,H)

mixed (B.W.H)




Multi-component &

IPlanck upper limit] Strege of al (2014) [Planck upper limit Strage of al (2014)

T .

LHC impact< 1o
s |LHC impact 1g-4g
LHC impact > 40

4 2
log(2, )




[Planck ugper ]




Statistical pull

Strege et al. (2074)

m I A0 data

an I w/o g-2
x I
X=100 I Planck upper limit
IT‘Ih
sparticles
] aEUS"l"




Homogeneous exploration
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