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Isotropic Search

• Estimate the energy density of SGWB





• Test the sources of SGWB


• Test GR different polarization modes
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Goals of search



Overlap Reduction Function
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Beyond standard model

Callister et al. 2017



from pycbc.detector import Detector 
from lal.antenna import AntennaResponse 
resp1 = AntennaResponse(detector1, ra[i], dec[i], psi=polarization, 
scalar=True, vector=True, times=gps_time) 
resp2 = AntennaResponse(detector2, ra[i], dec[i], psi=polarization, 
scalar=True, vector=True, times=gps_time) 
prod_antenna_T[i] = 
(resp1.plus*resp2.plus+resp1.cross*resp2.cross)*2.5 
prod_antenna_V[i] = (resp1.x*resp2.x+resp1.y*resp2.y)*2.5 
prod_antenna_S[i] = (resp1.x*resp2.b+resp1.y*resp2.l)*2.5



Beyond standard model
For the tensor mode
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LV Isotropic Search with O1+O2

LV Scientific Collaboration 2019 
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Matched Filter



Gaussian Noise
Suppose in Fourier domain, we have a set of noise   follow the Gaussian 
distribution with  and fi is uniformly sampled with interval .
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Gaussian Noise
Define the inner product
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Likelihood ratio
Suppose we have an observed data d, how do we know whether there is gw or not?

Hypothesis 0 : d is pure noise  
Hypothesis 1: d contains gw  

d = n

d = h + n

Likelihood ratio 
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Likelihood ratio
We want to find the maximum value of lambda

λ = lnΛ = d,h( )− 1
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Matched filter: noise-weighted correlation of the anticipated signal with data

ρ = d,h!( )



Unknown arrival time
Suppose we have a signal with known shape but an unknown arrival time. 

https://pycbc.org/pycbc/latest/html/waveform.html



https://pycbc.org/pycbc/latest/html/waveform.html



Unknown arrival time
Signal’s arrival time t0  
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Deep Learning on GW

‧ Search of gravitational signals 
George, Shen & Huerta 2018; Gabbard et al. 

2018 

‧ Parameter estimation 
George, Shen & Huerta 2017, Gabbard et al. 

2019, Chatterjee et al. 2019 

‧ Transient study 
Mukund et al. 2017; Zevin et al. 2017; George, 

Shen & Huerta 2018

detection: 1 
no detection: 0

m1=?

m2=?



CNN for Detection Test

‧ Training part:  

- 1 second data with 8192 sampling rate 

- whiten Signal(by EOBNRv2) + white noise 

9462 

- Pure white noise 8000 

- Mass range: 5-75 Ms in steps of 0.5Ms, 

mass ratio<10 

‧ Testing part:  

- 3492 test data (S+N/N) 

- Running time about a few seconds 

(accelerated by K80)

CNN



Multi-detector



Results for mass estimation
input (32,26) input (9,13)

CNN

m1= ?   m2=?

SNR=0.83

SNR=2



Conditional Variational Autoencoder

Gabbard et al. arxiv 1909.06296



Deglitch

‧ false detection of GW signal 

‧ change the PSD



Deglitch 



Independent Component Analysis

‧ Originally be used to solve the 

cocktail party problem 

‧ Wildly used in many fields, like 

brain imaging-electroencephalogram  

‧ Can it be applied to GW?

L.-R. David 2018



Consider a simple case: only two signal sources and two detectors 
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Consider the linear combination 
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FastICA

‧ Hyvarinen & Oja 2000 

‧ Maximize the Negentropy J(Y)=H(Ygauss)-H(Y) 

‧ Approximation of negentropy:  
 

‧ Algorithm: for i-th component, wTi the i-th row of w 

- step 1. initialize wTi (random) 

- step 2:  

- step 3:  

- step 4: if not converged, go back to step2 
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Whitened Strain



Applying FastICA
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Applying FastICA
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‧ Glitch may be used to study the correlation of strain 

data with environment channels by ML 

‧ about 30-40 channels are identified with correlation > 

0.5 (Yokoyama; Oh) 

‧ Using ICA with Environment Channels may be more 

efficient to deglitch
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What We Can Learn From Stochastic?

• Phase transition in the early universe


• Cosmic strings


• Superposition of 


- core-collapse supernovae


- neutron-star instabilities


- Binary mergers



Mechanisms for Anisotropic Background

• Confusion background arises from binary mergers 
(Regimbau & Chauvineaux 2007, Farmer & Phinney 2003)


• Core-collapse supernovae (Howell et al. 2004)


• Neutron-star excitations (Ferrari, Matarrese and Schneider 
1999) 


• Persistent emission from neutron stars (Regimbau & de 
Freitas Pacheco 2006)


• Compact objects orbit supermassive black hole (Sigl, 
Schnittman & Buonanno 2004) (massive stars form in a self-
gravitating accretion disk around an active galactic nucleus)


