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Abstract Results - non-spinning SMBH mergers

Nested sampling is a technigue for computing the evidence of a data set ufid@isaa brst application of MultiNest to gravitational wave data analysis, we crg¢ated
given hypothesis. MultiNest is a multi-modal nested sampling algorithm whighasimulated LISA data set containing two signals from non-spinning supernfassiv
been designed to efbciently explore and characterize likelihood surfaces black hole (SMBH) mergers [3]. Source O10 coalesced during the observafon,
containing multiple secondary solutions.We have applied the MultiNest algdfithinile source O20 coalesced shortly after it ended. Each source has a degeherac
to several problems in gravitational wave (GW) data analysis with great sugoasstween two antipodal sky solutions, so the posterior was expected to cont@in
In this poster, we describe the algorithm, present results for a test case In cth least 4 different modes. The search was in two parts. In the Prst stage, thg
we searched for two non-spinning black hole binary merger signals in SImuje Fd : Fstatistic was used to
LISA data and describe results obtained by applying this algorithm to search N oner oo own o o | maximize over extrinsi
of the data sets in the most recent round of the Mock LISA Data Challenge oM e o o ok e | ngrgmeters. Interesting

A om TOBx 107 63 oo o e | regions of the intrinsic
Figure 3. 2D marginalised posteriors (left) and parameter Space were

The LISA data stream will contain multiple overlapping signals of different ty = .. recovered parameter errors (above) for the invinsid then followed up using

Further, several of the sources have likelihoods that contain many secondaif multiples of the &naetrf)igg;thzogggﬁglaerrer%gggdutfu|| waveforms.
solutions, e.g., the extreme-mass-ratio inspirals, spinning supermassive bla ) boththeprimary and the antpodsl (0A0) Ly The search took ~2
binary mergers and cosmic string cusps. This can be dealt with by sequentigd| : .. ight and top to bottom source lattude and 1OUr'S ON @ single 3GHE

longitude, coalescence time, the mass of tl:]j:) rocessor and
marginalised posteriors are shown at the t
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primary and the mass of the secondary. 1 ] ]
the approach used to date. It is more efbcient to identify multiple modes . Mmarginalised po successfully identiped gl
simultaneously if possible. The MultiNest algorithm provides a tool to do so.

the posterior modes
Moreover, it uses information about the signals it is searching for only to evdl simultaneously. Fig. 3
the likelihood at points and not to control the movement of the algorithm. 02 084 4T4TZAT4 0909 03 1855 2 2008 shows 2D marginalisec
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posteriors and errors |
The MultiNest Algorithm . (@ TN the recovered
The Bayesian evidence associated with a hypothesis, H, for data, D, depenc lr" ver m e o3 090 wezams  iew 3 2o parameters for the

: . . ~ t, (years) Mo & 107 M 108 " . "
parameterq, ,Is the factor that appears in the denominator of BayesO theqrg — NrNSIC parameters .OT
source 1.The extrinsic parameters were recovered with comparable precisi@n,
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P(DI|! ,H)P(! [H) _ 5 N
P(! ID,H) = P(DIH)= Z = P(DI' ,H)P(! ,H)d"™!
P(DIH) Results - Mock LISA Data Challenge Round 3
The evidenc& ,can be used to choose between alternative models, but it i} The MultiNest algorithm was used successfully in two searches for MLDC
time-consuming to evaluate as it is a multi-dimensional integral. Nested sarppBpinning SMBH binary inspirals (3.2) We divided the release data Into

is a Monte Carlo method for evaluating evidences efbciently [1], which worljq$§ctions according to the speciPed prior on plunge time and searched thesk with

replacing the integral with a one dimensional integral over the prior voliXme ] jMultiNest.We identiPed and recovered parameters for 5 sources (the corregt
. . 1 . . .
X (1) = P(1 [H)dN! | | Z = L(X)dX number). The weakest source, 3.2.5, was incorrectly identibed, but the othelfs

L(1)> were found accurately. The overlaps of our recovered sources with the true

0
. | | | Her_e’L(X) ! P(D “_ H) '_S the signal are tabUIathed rlgh’g. - : Source 321 | 3.22 | 3.2.3 | 3.24 | 3.2.5
e likelihood. If the likelihood Is 3.2.2 and 3.2.4, the domina "Overlap A | 09921 0999 0999 | 0961 | 0.449
i 47 % W evaluated on a nest_ed sequence ) mo_de recovere_d was the Overlap E | 0.992| 0.999| 0.999 | 0.967 | 0.410
contours of decreasing prior antipodal solution.
volume, the integral can be Cosmic Strings (3.4) The 1 month MLDC data set contained an unspecibed

computed using, e.g., the trapezidypnumber of cosmic string bursts.

Figure 4. 2D marginalised posteriors (left)

() | | .“-’f' | rule (See Figure 1, Ieft) We divided the release data into obtained by MultiNest for a subset of paramefdiis
. . . . for th d Cosmic String b in iR
Figure 1. Cartoon illustrating (a) the posterior of a two dimensional problem: and (b) the ThIS procedu re IS aCh |eVed In 81928 Seg ments and these We re bo|:ntd Ie\/IT_e[;:gnrounociS:r%deate;rég?Tﬁtresgzcr):rrﬁeeté?

transformed £(.X) function where the prior volumes X; are associated with each likelihood

G practice USing a Set (N (]’j’\/e pOintS ) SearChed Wlth MUItiNeSt.Three are, in order from left to right or top to bottom,

source latitude, longitude and burst time. 1D

initially drawn from the prior. At each iteratioithe point of lowest likelihood isj Jsources were found, which was S, Marginalised posteriors are shown at the top §
removed from the set and replaced by a point of higher likelihood sampled gpagain the correct number. The

the prior. At each iteration the prior volume is thus reduced by a fadtdrawn Jjoverlaps of the identiPed source:s §ﬁ>

from P(t) = NtN' L The algorithm travels through nested shells of likelihood fwith the injected sources were in
(@)

SO = N W b~ 01 O

the prior volume reduces. excess of 99.7% in all three cassg
The challenge Is to efpciently v Our maximum a-posteriori
sample new points of higher g s parameters did not match the e e
likelihood from the prior.The Ny, g?,gf" ; M«w true values very closely, but this | |-~ o
MultiNest algorithm [2] achieve| ek, S, @ %’ was due to the large intrinsic | Q .
this by partitioning the current |, Gsahe: ;}'; o . degeneracies in the likelihood  [g*= | 1072 |
set of live points into a set of | % “.&z;;j%i‘:’fi2;53,;;;}..égcj'{{,;;jfi;”‘f:;:?:’ surface. 2D marginalised posteri{ | | % |
(possibly overlapping) ellipsoid o are shown in Fig. 4 for three = J . J L}
(illustrated In Fig. 2, right). An parameters of source 3.4.2. " ! 9 o
ellipsoid is chosen at random a ®)
a new point sampled uniformly Summary and Future Work
from within It. This Is repeated I We have shown that the MultiNest algorithm Is able to quickly and accurdkely

until a point of higher likelihood Is found. This ellipsoidal decomposition alloM&:haracterise GW data sets of various types and is adept at dealing with muti-
MultiNest to identify and separate different modes in the likelihood, making laghdal likelihoodsMoreover it is model-independent in the sense that the

Ideal qlgorithm for exp!oring multi-modal likelihood surfaces.AIt_hough (_Jle_si thecibc problem being tackled enters only in the likelihood computation.
for evidence computation, the algorithm also returns the posterior and it Is 1P} -~ Fyture applications of the MultiNest algorithm will include:

¥Model selection for gravitational wave data analysis using evidence rafios.

¥Searching for and characterising extreme-mass-ratio inspiral signals, Which
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characterising multi-modal posteriors that we have used the algorithm so fe




