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다 공부할 필요가 있나?
다하면 좋지만 개념을 집고 

넘어가자!
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Image credit: CENS/IBS
Kim et al. IJMPE (2020)
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Advanced LIGO Interferometer 
Architecture

13
h(t): 16384 Hz rate 
LOSC  h(t): 4096 Hz rate 

+ Analog to digital  
   converters 
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Image credit: NASA

Image credit: LIGO Lab.

PhysRevLett.116.061102
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Advanced LIGO Interferometer 
Architecture

13
h(t): 16384 Hz rate 
LOSC  h(t): 4096 Hz rate 

+ Analog to digital  
   converters 

125 W 

~700 kW ~700 kW 

3 kW 

4 km 

데이터 분석 : 관측 또는 실험을 통해 얻어진 데이터를 
통계적 방법론으로 해석. 
측정값 또는 관측값에 대응하는 변수는 확률변수로 다룸

그리고 데이터

Image credit: NASA

Image credit: LIGO Lab.

PhysRevLett.116.061102
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최용석 교수님(부산대) 통계학개론 중에서 (아래 링크에서 통계학개론01~11 자료 확인)
https://yschoi.pusan.ac.kr/sites/yschoi/download/statistics/통계학개론01.pdf

https://yschoi.pusan.ac.kr/sites/yschoi/download/statistics/%ED%86%B5%EA%B3%84%ED%95%99%EA%B0%9C%EB%A1%A001.pdf
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signal: No GW

signal: True GW
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signal: No GW

signal: True GW

h(t)?
h_tilde(f)?
SNR!
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signal: No GW

signal: True GW
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오상훈박사님 2017년 여름학교 강의중에서



Classification problem

Class 1

Class 2
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Signal Significance
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GWTC-1, PHYS. REV. X 9, 031040 (2019) 

pycbc gstlal
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GWTC-1, PHYS. REV. X 9, 031040 (2019) 

pycbc gstlal



Glitches distribution

Class. Quantum Grav. 27 (2010) 194010 N Christensen

Figure 1. Single interferometer SNR plots from the coherent wave burst [25] pipeline overlaid
with the single interferometer Omega [24] burst triggers; the Gaussian distribution is also given for
comparison. Note that the SNR ∼10 events are the problem for the coherent analysis; the single
interferometer rate of SNR ∼10 events is very large. The effect of the successive application of
the DQ flag categories can be seen in the results for H1 (left) and L1 (right) from S6.

mirrors’ thermal compensation system [1] is clearly associated with events seen in h(t), but
the construction of an effective DQ flag has proven difficult (but not impossible). This is an
area of current research and investigation.

In figure 1 we can see the effect of successfully applying the DQ flags of category 1
through 3. The figure displays the number of single interferometer triggers (from the first 6
months of S6) observed by the Omega burst search pipeline [24] as a function of the signal
to noise ratio (SNR). Also displayed are the triggers from a coherent wave burst [25], a
search pipeline that demands both time coincidence and coherence in the events seen between
multiple detectors; the figure shows the single interferometer coherent wave burst events for
H1 and L1. It is interesting to note that the majority of these coherent triggers have SNRs with
values around 10: the rate of SNR ∼10 events is substantial.

3. Vetoes for coalescing binary and burst searches

Both the coalescing binary and burst search efforts make use of vetoes to eliminate triggers that
can be shown to be statistically attributed to events that are observed in interferometer control
and PEM channels. These events are typically short in duration (milliseconds). Vetoes such
as these have been used by LIGO in the analysis of data from all of its previous scientific runs
[20–22]; Virgo has also applied similar vetoes in its previous searches [7, 13, 26, 27]. When
a clear statistical association can be made between a measured interferometer control or PEM
channel event and a coincident glitch in the output h(t) strain channel of the interferometer,
these events are excluded from the search for burst or coalescing binary gravitational wave
signals. Through the use of vetoes it is possible to remove many events seen in the h(t)

channel that are due to problems with the functioning of the interferometer or noise in the
environment that is coupling to the detector.

In S6, LIGO is using two veto pipelines: hveto (hierarchical veto) and UPV (used
percentage veto) [23]. Results from both hveto and UPV are generated daily for use in
data analysis studies by the LSC detector characterization and glitch groups. They are also
examined by the Scimons at the sites. Results based on the observation of a week’s worth of
data are used to formally define the vetoes: the hveto results are applied to the burst search,

4

Noise distribution is non gaussian 
and even non stationary

N.Christensen, CQG 27, 194010 (2010)

31

Hanford detector Livingston detector



기타 확률 분포
1. 카이제곱 분포

- X^2 분포는 k개의 서로 독립적인 표준정규 확률변수를 각각 제곱한 
다음 합해서 얻어지는 분포

- 카이제곱 검정: 카이제곱 분포에 기초한 통계적 방법으로, 관찰된 빈도
가 기대되는 빈도와 의미있게 다른지의 여부를 검정하기 위해 사용되
는 검정방법
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chisq and new SNR in ODW-2024 tutorial

https://github.com/gw-odw/odw-2024/blob/main/Tutorials/Day_2/Tuto_2.3_Signal_consistency_and_significance.ipynb


기타 확률 분포
2. Student’s t 분포

- 정규분포의 평균을 측정할때 사용

3. F 분포

- 두 확률변수 V1, V2가 각각 자유도 k1,k2 이고 서로 독립인 카이제곱
분포를 따른다고 할때 다음과 같은 확률변수 F는 자유도 (k1,k2)인 F-
분포를 따른다. 
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from Wikipedia



기타 확률 분포
4. 포아송 분포
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from Wikipedia
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Pearson’s 
correlation 
coefficient

from Wikipedia
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Coherence
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Coherence
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Bayesian Inference
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Bayes’ theorem

Prior, p(θ) :  the distribution of the parameter(s) before any data is observed

Posterior, p(θ|d): the distribution of the parameter(s) after taking into account the observed data

Likelihood, p(d|θ) : the distribution of the observed data conditional on its parameters

p(✓|d) =p(d|✓)
p(d)

· p(✓)

=
p(d|✓)R

p(d|✓)p(✓)d✓
· p(✓)

<latexit sha1_base64="qguyfCjlOl+91xYboyKnFOHbFPg="></latexit><latexit sha1_base64="qguyfCjlOl+91xYboyKnFOHbFPg="></latexit><latexit sha1_base64="qguyfCjlOl+91xYboyKnFOHbFPg="></latexit><latexit sha1_base64="qguyfCjlOl+91xYboyKnFOHbFPg="></latexit>

p(✓|d) ⇠ p(d|✓)p(✓)
<latexit sha1_base64="O9mO9VnvrnbdaRNJu5VelZKq7kQ=">AAACD3icbVDLSsNAFJ3UV62vqEs3g0VpNyURQZcFN11WsA9oQplMJu3QyYOZG6Gk/QM3/oobF4q4devOv3HaRtDWAxcO59zLvfd4ieAKLOvLKKytb2xuFbdLO7t7+wfm4VFbxamkrEVjEcuuRxQTPGIt4CBYN5GMhJ5gHW90M/M790wqHkd3ME6YG5JBxANOCWipb54nFQeGDMjEr2JH8RAnFX+ykKr4x6z2zbJVs+bAq8TOSRnlaPbNT8ePaRqyCKggSvVsKwE3IxI4FWxaclLFEkJHZMB6mkYkZMrN5v9M8ZlWfBzEUlcEeK7+nshIqNQ49HRnSGColr2Z+J/XSyG4djMeJSmwiC4WBanAEONZONjnklEQY00IlVzfiumQSEJBR1jSIdjLL6+S9kXNtmr27WW53sjjKKITdIoqyEZXqI4aqIlaiKIH9IRe0KvxaDwbb8b7orVg5DPH6A+Mj29FopuL</latexit><latexit sha1_base64="O9mO9VnvrnbdaRNJu5VelZKq7kQ=">AAACD3icbVDLSsNAFJ3UV62vqEs3g0VpNyURQZcFN11WsA9oQplMJu3QyYOZG6Gk/QM3/oobF4q4devOv3HaRtDWAxcO59zLvfd4ieAKLOvLKKytb2xuFbdLO7t7+wfm4VFbxamkrEVjEcuuRxQTPGIt4CBYN5GMhJ5gHW90M/M790wqHkd3ME6YG5JBxANOCWipb54nFQeGDMjEr2JH8RAnFX+ykKr4x6z2zbJVs+bAq8TOSRnlaPbNT8ePaRqyCKggSvVsKwE3IxI4FWxaclLFEkJHZMB6mkYkZMrN5v9M8ZlWfBzEUlcEeK7+nshIqNQ49HRnSGColr2Z+J/XSyG4djMeJSmwiC4WBanAEONZONjnklEQY00IlVzfiumQSEJBR1jSIdjLL6+S9kXNtmr27WW53sjjKKITdIoqyEZXqI4aqIlaiKIH9IRe0KvxaDwbb8b7orVg5DPH6A+Mj29FopuL</latexit><latexit sha1_base64="O9mO9VnvrnbdaRNJu5VelZKq7kQ=">AAACD3icbVDLSsNAFJ3UV62vqEs3g0VpNyURQZcFN11WsA9oQplMJu3QyYOZG6Gk/QM3/oobF4q4devOv3HaRtDWAxcO59zLvfd4ieAKLOvLKKytb2xuFbdLO7t7+wfm4VFbxamkrEVjEcuuRxQTPGIt4CBYN5GMhJ5gHW90M/M790wqHkd3ME6YG5JBxANOCWipb54nFQeGDMjEr2JH8RAnFX+ykKr4x6z2zbJVs+bAq8TOSRnlaPbNT8ePaRqyCKggSvVsKwE3IxI4FWxaclLFEkJHZMB6mkYkZMrN5v9M8ZlWfBzEUlcEeK7+nshIqNQ49HRnSGColr2Z+J/XSyG4djMeJSmwiC4WBanAEONZONjnklEQY00IlVzfiumQSEJBR1jSIdjLL6+S9kXNtmr27WW53sjjKKITdIoqyEZXqI4aqIlaiKIH9IRe0KvxaDwbb8b7orVg5DPH6A+Mj29FopuL</latexit><latexit sha1_base64="O9mO9VnvrnbdaRNJu5VelZKq7kQ=">AAACD3icbVDLSsNAFJ3UV62vqEs3g0VpNyURQZcFN11WsA9oQplMJu3QyYOZG6Gk/QM3/oobF4q4devOv3HaRtDWAxcO59zLvfd4ieAKLOvLKKytb2xuFbdLO7t7+wfm4VFbxamkrEVjEcuuRxQTPGIt4CBYN5GMhJ5gHW90M/M790wqHkd3ME6YG5JBxANOCWipb54nFQeGDMjEr2JH8RAnFX+ykKr4x6z2zbJVs+bAq8TOSRnlaPbNT8ePaRqyCKggSvVsKwE3IxI4FWxaclLFEkJHZMB6mkYkZMrN5v9M8ZlWfBzEUlcEeK7+nshIqNQ49HRnSGColr2Z+J/XSyG4djMeJSmwiC4WBanAEONZONjnklEQY00IlVzfiumQSEJBR1jSIdjLL6+S9kXNtmr27WW53sjjKKITdIoqyEZXqI4aqIlaiKIH9IRe0KvxaDwbb8b7orVg5DPH6A+Mj29FopuL</latexit>

Model evidence, p(d):the distribution of the observed data marginalized over the parameter(s)

The likelihood could be the function of errors

Posterior
Prior choices can 
influence results

The evidence is unimportant 
for parameter estimation

(but not model selection !)

https://en.wikipedia.org/wiki/Marginal_distribution


Mon Not R Astron Soc, Volume 493, Issue 3, April 2020, Pages 3132–3158, https://doi.org/10.1093/mnras/staa278
The content of this slide may be subject to copyright: please see the slide notes for details.

Figure 1. A schematic representation of the different approaches 
MCMC methods and nested sampling methods take to ...



Example: inference for NS EoS

40 Read et al. PRD 79, 124032 (2009)

Piece-wise polytope:  4 parameters



Example: inference for NS EoS

40 Read et al. PRD 79, 124032 (2009)

Piece-wise polytope:  4 parameters

PSR J0030+0451

Abbott et al. (LSC and Virgo), 
PhysRevLett.121.161101

GW170817 (EoS-insensitive)



Posteriors w/ Piece-wise Polytropic EoSs
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GW170817 
MR samples: EoS-insensitive model  

PRL, 121, 161101 (2018)

PSR J0030+0451 
MR samples: 2 spot model 

Miller et al., ApJL, 887, L24 (2019) 

Reference for Piece-wise Polytropic EoSs : Read et al. PRD 79, 124032 (2009)


