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Motivation

0 Differential event rate for elastic WIMP-nucleus scattering

® _apa) [ [0
40 = AF (Q)/vmi"(o){ > dv

Here
Vmin(Q) = 05\/5

is the minimal incoming velocity of incident WIMPs that can deposit the
recoil energy @ in the detector,

./4 _ Po00 @ my m, my
2m,m? 2m? ' my + my

po: WIMP density near the Earth

0¢: total cross section ignoring the form factor suppression
F(Q): elastic nuclear form factor

fi(v): one-dimensional velocity distribution of halo WIMPs
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Reconstruction of the WIMP velocity distribution

0 Normalized one-dimensional WIMP velocity distribution function

d 1 dR
60 =N {20 5 |7y (E”}szz/az
2([>°1 1 dR -1
V=2l ve e (Ga) o}
0 Moments of the velocity distribution function

vy = N(ch,e)( "+1) {zot“": . ("R>Qchre+(n+1)/n(othre)}

Fz(chre)
-1
2 [ 2Qi2 (dr
N(chre) |:F2(chre) ( )Q_chre-'r IO(chre)
Q) = [ Qu-D/2 [; (f)] d
(ch ) Qune Q FZ(Q) dQ Q

[M. Drees and CLS, JCAP 0706, 011 (2007)]
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LMotivation

®

Reconstruction of the WIMP velocity distribution

0 Ansatz: the measured recoil spectrum in the nth Q-bin

(ﬁ) = 1 kn(@=Gs,0) ;o= No
dQ expt, Q~Qp
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LMotivation
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Reconstruction of the WIMP velocity distribution

0 Ansatz: the measured recoil spectrum in the nth Q-bin
dR Np
(7) = 1. kn(@=Qsn) py = No

dQ expt, Q~Qp

0 Logarithmic slope and shifted point in the nth Q-bin

Nn

Q= Qnln = Ni S (@i — Qn) = <ﬁ> coth (knbn) 1

= 2 2 K

_ l sinh(knbn/2)
Qs,n = Qn + K In [7knbn/2 :|
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Reconstruction of the WIMP velocity distribution

0 Ansatz: the measured recoil spectrum in the nth Q-bin
(ﬁ) = 1 kn(@=Gs,0) ;o= No
dQ expt, Q~Qp
0 Logarithmic slope and shifted point in the nth Q-bin
Q= Quln= HZ(Q,,, Qn :<l)2>coth(knbn) 1

_ 1 sinh(knbn/2)
Qs,n = Qn + K In [7knbn/2 :|

0 Reconstructing the one-dimensional WIMP velocity distribution

[ 2Qenrn 1D o -
ﬁ(vs’")_N{FZ(Qs,n)] [dQ nF (Q)’ozas,n k”}

Q\M

-1
[Z @FZ(Q;)} = oV Qe

[M. Drees and CLS, JCAP 0706, 011 (2007)]
ApP 2014, June 27, 2014
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Reconstruction of the WIMP velocity distribution

U Reconstructed £ rec(Vs,n)
("®Ge, 500 events, 5 bins, up to 3 bins per window)

500 events, 5 bins, up to 3 bins per window

0.004 —

! I ' I
y'idof = 0.73
0.003 - - T - 4
% 0.002- | N\ 1
g L 4
« 0.001 input distribution _
0 —
| | I | 1 | |

0 100 200 300 400 500 600 700
v [km/s]
[M. Drees and CLS, JCAP 0706, 011 (2007)]
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Bayesian reconstruction of
the WIMP velocity distribution function
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Bayesian Reconstruction of the WIMP Velocity Distribution Function from Direct DM Detection Data
LBayesian reconstruction of the WIMP velocity distribution function g @

Formalism

0 Bayesian analysis
p(©|data) = p(data©)

p(data) P(©)

C.-L. Shan ApP 2014, June 27, 2014 p. 8



Bayesian Reconstruction of the WIMP Velocity Distribution Function from Direct DM Detection Data
LBayesian reconstruction of the WIMP velocity distribution function g Tifesearch
Y
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Formalism

0 Bayesian analysis
_ p(data|®)

p(©ldata) = “p(data)
> ©:{a1,a, - . an,,..,} aspecified (combination of the) value(s) of

the fitting parameter(s)

p(©)
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L Formalism

Formalism
0 Bayesian analysis
_ p(data|®)
p(@|data) - p(data) p(@)
> ©:{a1, 2, an,,.., | a specified (combination of the) value(s) of

the fitting parameter(s)

> p(©): prior probability, our degree of belief about © being the true
value(s) of fitting parameter(s), often given in form of the
(multiplication of the) probability distribution(s) of the fitting
parameter(s)
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Formalism

0 Probability distribution functions for p(©)
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L Formalism

Formalism

0 Probability distribution functions for p(©)
> Without prior knowledge about the fitting parameter
@ Flat-distributed

pi(ai) =1 for @i min < ai < aj,max,

[CLS, arXiv:1403.5610]
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L Formalism

Formalism

0 Probability distribution functions for p(©)
> Without prior knowledge about the fitting parameter
@ Flat-distributed

pi(ai) =1 for @i min < ai < aj,max,

> With prior knowledge about the fitting parameter

& Around a theoretical predicted/estimated or experimental measured
value [t

& With (statistical) uncertainties o, ;
& Gaussian-distributed

1 —(aj—pa.j)? /202,
Pi(ai; fla,ir 0ai) = ———— € (5i=ha,i)" /203,

V2T o,

[CLS, arXiv:1403.5610]
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Formalism
0 Bayesian analysis
_ p(data|®)
p(@|data) - p(data) p(@)
> ©:{a1,a, *,ang,.., | a specified (combination of the) value(s) of

the fitting parameter(s)

> p(©): prior probability, our degree of belief about © being the true
value(s) of fitting parameter(s), often given in form of the
(multiplication of the) probability distribution(s) of the fitting
parameter(s)

> p(data): evidence, the total probability of obtaining the particular set
of data

C.-L. Shan ApP 2014, June 27, 2014 p. 8



Bayesian Reconstruction of the WIMP Velocity Distribution Function from Direct DM Detection Data

LBayesian reconstruction of the WIMP velocity distribution function ﬁ T@search
—
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Formalism
0 Bayesian analysis
_ p(datal©) )
p(@|data) - p(data) p(@)
> ©:{a1,a, *,ang,.., | a specified (combination of the) value(s) of

the fitting parameter(s)

> p(©): prior probability, our degree of belief about © being the true
value(s) of fitting parameter(s), often given in form of the
(multiplication of the) probability distribution(s) of the fitting
parameter(s)

> p(data): evidence, the total probability of obtaining the particular set
of data

> p(data]®): the probability of the observed result, once the specified
(combination of the) value(s) of the fitting parameter(s) happens,
usually be described by the “likelihood” function of ©, L(©).
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Formalism

0 Likelihood function for p(data|©)
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L Formalism

Formalism

0 Likelihood function for p(data|©)

> Theoretical one-dimensional WIMP velocity distribution function:
fl,th(V; ap,az, - 7aNBayesian)
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LBayesian reconstruction of the WIMP velocity distribution function m Ti‘ﬂesearch
v

L Formalism

Formalism

0 Likelihood function for p(data|©)

> Theoretical one-dimensional WIMP velocity distribution function:
fl,th(V; ap,daz, -, aNBayesian)

> Assuming that the reconstructed data points are Gaussian-distributed
around the theoretical predictions
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L Formalism

Formalism

0 Likelihood function for p(data|©)

> Theoretical one-dimensional WIMP velocity distribution function:
fl,th(V; ap,daz, -, aNBayesian)

> Assuming that the reconstructed data points are Gaussian-distributed
around the theoretical predictions

E(fl,rec(vs,,u)y m = 17 27 ety W; aj, f= 1, 27 ety NBayesian)
w
= H Gau (VSM? fl,rec(vs,u)a Ofy,s,uy @1,82,° ", aNBayesian)
p=1
with
Gau (Vsam fl,fec(vsaﬂ)» Ofy,s,pwr d1,82, ", aNBayesian)
_ 1 (v )= o (v ion 2. ang, o)) /202

=——ce

V2T Of s,u

[CLS, arXiv:1403.5610]
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LFclrmalism
Formalism

0 Bayesian analysis

"~ p(datal©)
p(©ldata) = “o(data)

> ©:{a1,a, *,ang,.., | a specified (combination of the) value(s) of
the fitting parameter(s)

> p(©): prior probability, our degree of belief about © being the true
value(s) of fitting parameter(s), often given in form of the
(multiplication of the) probability distribution(s) of the fitting
parameter(s)

> p(data): evidence, the total probability of obtaining the particular set
of data

> p(data]®): the probability of the observed result, once the specified
(combination of the) value(s) of the fitting parameter(s) happens,
usually be described by the “likelihood” function of ©, L(©).

> p(©|data): posterior probability density function for ©, the probability
of that the specified (combination of the) value(s) of the fitting
parameter(s) happens, given the observed result

p(©)
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L Numerical results

Numerical results

0 Input and fitting one-dimensional WIMP velocity distribution functions
> "One-parameter” shifted Maxwellian velocity distribution

1 v —(v—ve)?/ V2 —(v+ve)? /2
fl,sh,vo(v):ﬁ<v07v) [e (v=we)/vo — e (+e)/°] ve =1.05v
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L Numerical results

Numerical results

0 Input and fitting one-dimensional WIMP velocity distribution functions
> "One-parameter” shifted Maxwellian velocity distribution

1 v —(v—ve)?/ V2 —vveZv2
shn(¥) = ﬁ (vOVe) [e (/0 — el )/0] ve =1.05v

> Shifted Maxwellian velocity distribution

1 v 2,2 2,2
= —(v=ve)* /vy _ o= (vH+ve)™/v
fl’Sh(V) ﬁ (VOVe) [e ’ y 0]

> “Variated” shifted Maxwellian velocity distribution

1 v 2,2 2,2
p L[ v ] vt ARG _ o=l (vorAv)] /vo}
Lsh, (V) VT [VO(VO + AV)} {e ¢
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LNumerical results

Numerical results

0 Input and fitting one-dimensional WIMP velocity distribution functions
> "One-parameter” shifted Maxwellian velocity distribution

1 v —(v—ve)?/ V2 —vveZv2
fl’ShVVO(V): ﬁ (VOVS) [e (o et )/0] ve=105v

> Shifted Maxwellian velocity distribution

1 v 2,2 2,2
= —(v=ve)* /vy _ o= (vH+ve)™/v
fl’Sh(V) ﬁ (VOVe) [e ’ y 0]

> “Variated” shifted Maxwellian velocity distribution

1 v 2,2 2,2
p L[ v ] vt ARG _ o=l (vorAv)] /vo}
Lsh, (V) VT [VO(VO + AV)} {e ¢

> Simple Maxwellian velocity distribution

4 v2 2.2
f1,Gau(v) = ﬁ (?) e v /%
0
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LNumerical results

Numerical results

0 Input and fitting one-dimensional WIMP velocity distribution functions

> "One-parameter” shifted Maxwellian velocity distribution

1 v —(v—ve)?/ V2 —(vt+ve)?/ V@
leShVVO(V): ﬁ (VOVS) [e ( I el )/0] ve=105v

> Shifted Maxwellian velocity distribution

1 v 2,2 2,2
- —(v=ve) /vy _ a—(v+ve) /v
Aanlv) = = (vgve) E ‘e ‘]

> “Variated” shifted Maxwellian velocity distribution

1 v 2,2 2,2
f - —[v=(w+AV)]*/v§ _ g—Iv+(v+Av)]* /v
Lsh, (V) VT [Vo(Vo-&-AV)} {e ¢

> Simple Maxwellian velocity distribution

4 v2 2.2
fl,Gau(V):i( 3)6 %

NN
> “Modified” simple Maxwellian velocity distribution
2 k
fi,Gau,k (V) = L (eivz/kv‘? - efvfz‘“/k‘/g) for v < Vmax
Nt i

C.-L. Shan ApP 2014, June 27, 2014 p. 12



Bayesian Reconstruction of the WIMP Velocity Distribution Function from Direct DM Detection Data
LBayesian reconstruction of the WIMP velocity distribution function m ‘esearch
L Numerical results

Numerical results

U Reconstructed f; gayesian(v) with an input WIMP mass
("°Ge, 0 - 100 keV, 500 events, m, = 100 GeV, fshyvo (V) = i shv (v), flat-dist.)

7°Ge, Qpgy < 100 keV, 500 events, m, =100 GeV, 5 bins, up to 3 bins per window
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Numerical results

U Reconstructed f; gayesian(v) with an input WIMP mass
("°Ge, 0 - 100 keV, 500 events, m, = 100 GeV, fshyvo (V) = i shv (v), flat-dist.)

7°Ge, Qpgy < 100 keV, 500 events, m, =100 GeV, 5 bins, up to 3 bins per window
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L Numerical results

Numerical results

0 Distribution of the reconstructed vy
("°Ge, 0 - 100 keV, 500 events, m,, = 100 GeV, fshyvo (V) = i shv (v), flat-dist.)

Distribution of the fitting parameter vo, scan resolution: 100 points
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C.-L. Shan ApP 2014, June 27, 2014 p. 15



Bayesian Reconstruction of the WIMP Velocity Distribution Function from Direct DM Detection Data
LBayesian reconstruction of the WIMP velocity distribution function m ‘esearch
L Numerical results

Numerical results

U Reconstructed f; gayesian(v) with an input WIMP mass
("°Ge, 0 - 100 keV, 500 events, m, = 100 GeV, f1,sh,vo (V) = fish,v(v), Gaussian-dist.)

7°Ge, Qpgy < 100 keV, 500 events, m, =100 GeV, 5 bins, up to 3 bins per window
0.0045

AMIDAS

0.004 — f1.gen o)
== == by mcan put®)
— = ma npu®)

—— i qara impuiY)

0.0035

0.003

0.0025

0.002

1, rec(V) [skm]

0.0015

0.001

0.0005

300 400 500 600 700
v [km/s]

[CLS, arXiv:1403.5610]

C.-L. Shan ApP 2014, June 27, 2014 p. 16



Bayesian Reconstruction of the WIMP Velocity Distribution Function from Direct DM Detection Data
LBayesian reconstruction of the WIMP velocity distribution function g 'Résearch
L Numerical results “

Numerical results

0 Distribution of the reconstructed vy
("°Ge, 0 - 100 keV, 500 events, m,, = 100 GeV, f1,sh,vo (V) = fish,v(v), Gaussian-dist.)

Distribution of the fitting parameter vo, scan resolution: 100 points
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Numerical results

U Reconstructed f; gayesian(v) with an input WIMP mass
("°Ge, 0 - 100 keV, 500 events, m, = 100 GeV, f1,sh,vo (V) = fien(v), Gaussian-dist.)

7°Ge, Qpgy < 100 keV, 500 events, m, =100 GeV, 5 bins, up to 3 bins per window
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Numerical results

0 Distribution of the reconstructed v — v,
("°Ge, 0 - 100 keV, 500 events, m,, = 100 GeV, f1,sh,vo (V) = fien(v), Gaussian-dist.)

Fitting results on the v, - v,, plane, scan resolution: 100 points on each axis
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Numerical results

0 Distribution of the reconstructed vy
("°Ge, 0 - 100 keV, 500 events, m,, = 100 GeV, f1,sh,vo (V) = fien(v), Gaussian-dist.)

Distribution of the fitting parameter vo, scan resolution: 100 points
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L Numerical results

Detection Data
g ifesearch

Numerical results

0 Distribution of the reconstructed v,
("°Ge, 0 - 100 keV, 500 events, m,, = 100 GeV, f1,sh,vo (V) = fien(v), Gaussian-dist.)

Distribution of the fitting parameter v,, scan resolution: 100 points
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Numerical results

U Reconstructed f; gayesian(v) with an input WIMP mass
("°Ge, 0 - 100 keV, 500 events, m, = 100 GeV, f1,sh,vo (V) = fish,av(v), Gaussian-dist.)

7°Ge, Qpgy < 100 keV, 500 events, m, =100 GeV, 5 bins, up to 3 bins per window
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LBayesian reconstruction of the WIMP velocity distribution function

L Numerical results

® =

Numerical results

0 Distribution of the reconstructed vy — Av
("°Ge, 0 - 100 keV, 500 events, m,, = 100 GeV, f1,sh,vo (V) = fish,av(v), Gaussian-dist.)
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Fitting results on the v, - Av plane, scan resolution: 100 points on each axis
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ayesian reconstruction of the velocity distribution function ésearm
L Bayesi jon of the WIMP velocity distribution functi i I

L Numerical results

Numerical results

0 Distribution of the reconstructed vy
("°Ge, 0 - 100 keV, 500 events, m,, = 100 GeV, f1,sh,vo (V) = fish,av(v), Gaussian-dist.)

Distribution of the fitting parameter vo, scan resolution: 100 points
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Numerical results

0 Distribution of the reconstructed Av
("°Ge, 0 - 100 keV, 500 events, m, = 100 GeV, f1,sh,vo (V) = fish,av(v), Gaussian-dist.)

Distribution of the fitting parameter Av, scan resolution: 100 points
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U Reconstructed f; gayesian(v) with an input WIMP mass
("°Ge, 0 - 100 keV, 500 events, m, = 100 GeV, f1,sh,vo (V) = i Gau(Vv), flat-dist.)

7°Ge, Qpgy < 100 keV, 500 events, m, =100 GeV, 5 bins, up to 3 bins per window
0.0045

AMIDAS

0.004 — f1.gen o)
== == by mcan put®)
— = ma npu®)

—— i qara impuiY)

0.0035

0.003

0.0025

0.002

1, rec(V) [skm]

0.0015

0.001

0.0005

300 400 500 600 700
v [km/s]

[CLS, arXiv:1403.5610]

C.-L. Shan ApP 2014, June 27, 2014 p. 26



Bayesian Reconstruction of the WIMP Velocity Distribution Function from Direct DM Detection Data

LBayesian reconstruction of the WIMP velocity distribution function

L Numerical results

>

Numerical results

0 Distribution of the reconstructed vy
("°Ge, 0 - 100 keV, 500 events, m,, = 100 GeV, f1,sh,vo (V) = i Gau(Vv), flat-dist.)

Distribution of the fitting parameter vo, scan resolution: 100 points
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Summary

0 By using Bayesian analysis/fitting one could reconstruct f;(v) very precisely:
> small or even negligible systematic deviations of vy, v and the peak
position of f1(v)

> 1o statistical uncertainties of < 20 km/s on vg, ve and the peak
position of fi(v)
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0 By using Bayesian analysis/fitting one could reconstruct f;(v) very precisely:
> small or even negligible systematic deviations of vy, v and the peak
position of f1(v)

> 1o statistical uncertainties of < 20 km/s on vg, ve and the peak
position of fi(v)

a With prior knowledge about fitting parameters
> systematic deviations and statistical uncertainties could be reduced
(significantly)
> even when the expected values are (slightly) incorrect

C.-L. Shan ApP 2014, June 27, 2014 p- 29



Bayesian Reconstruction of the WIMP Velocity Distribution Function from Direct DM Detection Data
LSummary m

Summary
0 By using Bayesian analysis/fitting one could reconstruct f;(v) very precisely:

> small or even negligible systematic deviations of vy, v and the peak
position of f1(v)

> 1o statistical uncertainties of < 20 km/s on vg, ve and the peak
position of f;(v)

a With prior knowledge about fitting parameters

> systematic deviations and statistical uncertainties could be reduced
(significantly)
> even when the expected values are (slightly) incorrect

0 Using variated analytic form of the same fitting f;(v)

> systematic deviations could be reduced (significantly)
> statistical uncertainties might however be (a bit) larger
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Summary
0 Using an improper fitting f(v)
> information about the true velocity distribution function (e.g. the
peak position of f;(v)) could still be reconstructed approximately
> with clearly 20 - 60 deviations of vy and v, from the theoretical
expections
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> (very) shape recoil energy spectrum
> only with very few “reconstructed-input” data points
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Summary
0 Using an improper fitting f(v)

> information about the true velocity distribution function (e.g. the
peak position of f;(v)) could still be reconstructed approximately

> with clearly 20 - 60 deviations of vy and v, from the theoretical
expections

0 For light m,:

> (very) shape recoil energy spectrum
> only with very few “reconstructed-input” data points

0 For heavy m,:

> large statistical fluctuation of and uncertainty on my rec
> only with “reconstructed-input” data points in the low-velocity range

0 With a small fraction of unrejected background events
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Thank you very much for your attention!
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