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Intro: coincidence detection & time-shifting



LIGO detectors

Detecting gravitational waves from binary mergers
(black holes or neutron stars)

PPy

Image credit:

http://www.ligo.caltech.edu/ https://en.wikipedia.org/wiki/LIGO
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Detecting gravitational waves with LIGO

How to separate signal from noise?
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®  ® W LIGO - Wikipedia x 4+
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K3 C 2% en.wikipedia.org/wiki/LIGO#Noise = (LZ\ Gussl/] H

Seismic vibration is a major source of noise, mitigated by seismic insulation, as well as by sensitive recording of seismic activity in the
vicinity of the site, which allows the effect of seismic activity to be subtracted away from the signal. Earth tides produce significant but
highly predictable stretching of the equipment, which is cancelled out by a system which adjusts the position of the chambers or the
laser frequency, based on the predicted stretching. There are also many "microseismic" sources that produce ground vibrations,
including ocean storms, dam operations, forest logging, trucks driving on a road 2 km away, walking heavily in a control room, etc.
When under a strong wind, the walls of the building can tilt, which deforms the floor within 10 m of the walls, creating "tilt noise". Even
the thermal expansion and contraction of the building itself creates creaks and thumps. Similarly, acoustic vibrations can shake the
equipment. This includes wind, nearby vehicles, propeller aircraft, HVAC of a building 300 m away, cooling fans, etc.[73I741751(76]
Other sources of noise include a case of ravens pecking on frost: d pipes to a LN2 cryopump on hot days.” Some
noises are transient with no identifiable cause.”8)

Source: https://en.wikipedia.org/wiki/LIGO
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Detecting gravitational waves with LIGO

A key part of the solution:
Compare measurements across 2 (or more) detectors

LIGO Livingston LIGO Hanford

Image credit: http://wuw.ligo.caltech.edu/
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The coincidence detection problem

Setting: time series data

X=(Xy,...,X7), Y=(Y1,...,Y7)

Core question: do we observe shared trends in X and Y
(e.g., shared spikes, overall synchronicity, ....)
beyond what might occur by random chance?



The coincidence detection problem

Example: Detecting gravitational waves with LIGO

Hanford Livingston
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GW151226 observed by the LIGO Hanford (left column) and Livingston (right column)
detectors, where times are relative to December 26, 2015 at 03:38:53.648 UTC. First row:
Strain data from the two detectors, where the data are filtered with a 30-600-Hz bandpass
filter to suppress large fluctuations outside this range and band-reject filters to remove
strong instrumental spectral lines [46]. Also shown (black) is the best-match template from
anonprecessing spin waveform model reconstructed using a Bayesian analysis [21] with
the same filtering applied. As a result, modulations in the waveform are present due to this
conditioning and not due to precession effects. The thickness of the line indicates the 90%
credible region. See Fig. 5 for a reconstruction of the best-match template with no filtering

Image credit: GW151226: Observation of Gravitational Waves from a 22-Solar-Mass
Binary Black Hole Coalescence, Abbott et al 2016



The coincidence detection problem

Example: Gravitational waves and gamma ray bursts

et g

{Lightcurve from Fermi/GBM (10— 50 ke)
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Third: the SPI-ACS lightcurve with
the energy range starting
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a high energy limit of least 80
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Bottom: the time-frequency map
of GW170817 was obtained by
coherently combining LIGO-
Hanford and LIGOLivingston data.
All times here are referenced to

" — ‘ the GW170817 trigger time 7¢7".

Time from merger (s)

Image credit: Gravitational Waves and Gamma-rays from a Binary Neutron Star
Merger: GW170817 and GRB 170817A, LIGO Scientific Collaboration et al 2017



The coincidence detection problem

Example: Synchronicity in neuron spike train data
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Image credit: Spikebench: An open benchmark for spike train time-series

classification, Lazarevich et al 2023



The coincidence detection problem

Example: Comparing flood events and epidemic outbreaks
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Image credit: Event coincidence analysis for quantifying statistical interrelationships
between event time series: On the role of flood events as triggers of epidemic
outbreaks, Donges et al 2016



The time-shifting approach

Time series data
X=(Xy,...,X7), Y=(Y1,...,Y7)

Main idea behind time-shifting:

e Shift the data streams X and Y relative to each other
e Use the shifted data to estimate the false positive rate of a
detection procedure




The time-shifting approach

Related to many statistical methods & approaches:
e Permutation tests of independence
(Pitman 1937; Fisher 1956; Lehmann et al 1986)

e Efron’s work on permutation methods & bootstrap methods

(including applications to astro, e.g., Efron & Petrosian 1992)

e Permutation/bootstrap tests under time series dependence
(Politis & Romano 1991; Chernozhukov et al 2018; Romano & Tirlea 2022)

e Inference in time series under mixing conditions
(Chernozhukov et al 2021; Xu & Xie 2023; Oliveira et al 2024)
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The time-shifting approach

Key question

Understand the statistical properties of the time-shifting method:

Does time-shifting offer finite-sample guarantees
to control the false positive rate, for time-series data?



Detecting events vs. detecting synchronicity



Question type (1) : detecting events

Do the two data streams both indicate an event detection?

X = (X1 ... Xeer Xe Xepr Xeg2 Xepz ... X7)
Y = (Y1 ... Yioa Vi Yepr Yigo Yz ... Y7)

event detected at time = t?

e Gravitational waves (two LIGO sites)

Hanford Livingston
.06 T T T T T T T T
g 03} doll [l |
0.0 prbanien I b ~m~wwvmmrvmmw".wmtd‘ﬁ\!‘ﬂ|”|
®-03p I |
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e Earthquake (sensors at different locations)
e Physiological event (multiple wearable devices)
e Neuron response to external stimulus



Question type (1) : detecting events

Measure evidence of an event at time t via a test statistic

€.g., V= ]'XtZX*thZ}/*' or W = V th + Ytz

More generally:

V=g ((Xey o Xera), (Yoo o, Yera))



Question type (1) : detecting events

Measure evidence of an event at time t via a test statistic

eg., V=1x>x v,>y,or V= \/th + Yt2

More generally:

V=g ((Xey o Xera), (Yoo o, Yera))

The time-shifting approach: compare W against

wizjzw((xi...7XI'+A),(\/J"...7’/J'+A)) +— L,je[T —A]



Question type (2) : detecting synchronicity

Do the two data streams show synchronicity overall?

X = (X1 Xo Xz ... Xyv_o X711 XT)
Y = Y1 Y2 Y5 ... Yro Yrai Y7)

synchronous behavior across entire time range?

e Co-occurring events (predator/prey , flood/epidemic , .....)
e Neurons that are connected to each other
Neuron 1 |l 1 1 O VT I O A B
Neuron?2 | I 011 1T 11 [N LLE e 1




Question type (2) : detecting synchronicity

Measure evidence of synchronicity:

V= ((X1,. ., X7), (Ya,- -0, YT))

o T
eg, V=731 1x>x vy




Question type (2) : detecting synchronicity

Measure evidence of synchronicity:

U= (X X, (Ve V)

.
eg, V=731 1x>x vy

The time-shifting approach: compare W against

lIII',j = w((Xi7"'7XT7X13'"7XI'—1)7(\/J'""7 YT’ Yl""7»/j_1)) AUV AS [T]

X [12 7-17]| X [i X B B

Y [12 T-17] Y [ 2 e




Detecting events vs. detecting synchronicity

Detecting events:

e X & Y are independent measurements of the same signal
(e.g., LIGO)

e Validate detections by comparing X & Y against each other

Detecting synchronicity:

e X & Y measure two different signals (e.g., neurons)

e We aim to determine if these two signals are correlated



Detecting events vs. detecting synchronicity

Both problems:

e Large values of W = 4)(...) indicates evidence of a detection

e Time-shifting ~~ compute “control” values W; ;

Key question:
does time-shifting control the rate of false positive detections?

no real events / no synchronicity



Detecting events vs. detecting synchronicity

Both problems:

e Large values of W = 4)(...) indicates evidence of a detection

e Time-shifting ~~ compute “control” values W; ;

Key question:
does time-shifting control the rate of false positive detections?

under what assumptions

no real events / no synchronicity



The time-shifting approach for detecting
events




The time-shifted p-value

X = (X
Y = (%

Test statistic:

Xi—1 Xt Xt+1 Xt+2 Xt+3 XT)
Yier Yo Yerr Yer2 Yipz oo Y7T)

event detected at time = t?

V= 1/1((Xt7 ooy Xt+A)7 (Yf7 ey Yt+A))

Time-shifted test statistic:

v =9((X, ..

7Xi+A)> (\/17 coog Yj-i-A))



The time-shifted p-value

X = (X
Y = ("

Test statistic:

Xi—1 Xe Xey1 Xego Xegz ... X7)
Yic1 Ve Y1 Yeq2 Yigz ... Y7T)

event detected at time = t?

V= ,(/J((Xh DR Xf+A)7 (Yf7 LURCRON) Yt+A))

Time-shifted test statistic:

v =9((X, ..

Xixn), (Y, -, Yiga))

Time-shifted p-value

1 T—A

Pt = m Z ]l{\U,-J > \U}

ij=1



The time-shifted p-value

\ Vi i,je[T—A4]



The time-shifted p-value

Time-shifted p-value
1 T-A

pt = m ,-,Jz-zjl I{v;; > v}

To prove that P{p; < a} < a under the null,
typically would need to assume:

(1) W;; £ W under the null
and

(2) Empirical distrib. of W; ;'s converges to true distribution



The time-shifted p-value

Assumption (2):
Empirical distrib. of W; ;'s converges to true distribution

Problem: the W; ;'s may have strong dependence

e

S M\"WMMWWWWM‘WW*WWWM‘WWWW‘W

Stock returns data from: Gibbs & Candés 2021,
https://github.com/isgibbs/DtACI/tree/main/MajorDailyReturns
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The time-shifted p-value

d

Assumption (1): W;; = W under the null



The time-shifted p-value

d

Assumption (1): W;; = W under the null

Sufficient conditions for this to hold: under the null,

e X is a stationary time series
e Y is a stationary time series

e X1Y

What can we prove about p; under only these conditions?



Theoretical guarantee under stationarity

Theorem 1

Assume X and Y are each stationary time series.
Then, if X LY,

1
mar(t)

N

_(min{t,T+1-t—A}\?
T—A

P{p: <a} < e



Theoretical guarantee under stationarity



Theoretical guarantee under stationarity




Theoretical guarantee under stationarity

Example:
A=0,t=T/2 = Theorem 1 implies P{p; < a} < 4«



Proof sketch — Theorem 1 (for the case A = 0)
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Proof sketch — Theorem 1 (for the case A = 0)
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Proof sketch — Theorem 1 (for the case A = 0)

1 ! ii .
Define j; ) — — > 1{W, > W, ;) where I, J 5 Unif([t
: +2 J
ij=1



Proof sketch — Theorem 1 (for the case A = 0)

1 ! ii .
Define j; ) — — > 1{W, > W, ;) where I, J 5 Unif([t
: +2 J
ij=1

Then P{p; ; < a} < a for all a € [0, 1] because:

e W, is a random draw from (W, ;); ic(4
e p computes a p-value using empirical distrib. of (V; ;); je[g



Proof sketch — Theorem 1 (for the case A = 0)
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Proof sketch — Theorem 1 (for the case A = 0)
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Proof sketch — Theorem 1 (for the case A = 0)

. 1¢
Define Pr.J = tiz lzl]l{w,'_j > \U/_/} where [, J € [T]
ij=

2t—1/ 2t—J

1
Define pj ;, = 2 Z Z 1{W;; > WV} where I, J € [T]
i=t+1—1 j=t+1—J

L od o, . . .
P1,y = Py ; under the null, since X, Y are stationary & independent
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Proof sketch — Theorem 1 (for the case A = 0)
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Theoretical guarantee under stationarity: worst case

Theorem 1 proves that:

e If testing for an event at time t ~ T /2,
false detection inflation is at most O(1)

e But if testing at time t & T, can be arbitrarily high

~> no meaningful result for real-time detections



Theoretical guarantee under stationarity: worst case
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Theoretical guarantee under stationarity: worst case

etV

1000

W

Worst-case example for p1

Under the above assumptions,
may have



Theoretical guarantee under stationarity: worst case

Theorem 1.5 (matching lower bound)
Assume A =0 and /T is an integer.
There exist stationary time series X L Y, and a test statistic ),
such that
2

P < > .
lpe = el = mar(t) 1+ a

mar(t)



Theoretical guarantee under stationarity + (-mixing

Need to assume mixing to enable real-time inference:

[£-mixing coefficients

Let X’ be an independent copy of X. Then, for any k,
dTV((Xlu s 7Xk7Xk+T+17 s 7XT)> (Xla B Xk7Xli+7—+17 s >X$'))

is at most [Ox (7).



Theoretical guarantee under stationarity + (-mixing

approx. independent

X=X X2 X3 Xa)Xs Xg X7.Xg Xo X0 Xu1 Xi2!)

-
T time points



Theoretical guarantee under stationarity + (-mixing

Theorem 2
Assume X and Y are each stationary time series.

Then, if X LY,

4T+ A)

P < <
{pt <a}<a+ A

+ 28x(7) + 2By (1)



Theoretical guarantee under stationarity + (-mixing

Theorem 2
Assume X and Y are each stationary time series.

Then, if X LY,

4T+ A)

AT 28x(1) + 28y (1)

P{p: <a} <a+

Related problem: conformal predictive in time series

Predictive inference for time series: why is
split conformal effective despite temporal dependence?
(with Ashwin Pananjady)




Proof sketch — Theorem 2 (for the case A =0, t = T)

The p-value for real-time testing (t = T):

.
1
PT =73 > 1w > v}
=]

Compare to:

.
1
PLI= T3 > v > v, )

ij=1
iid

P{pis <a} <aforl,J~ Unif([T])



Proof sketch — Theorem 2 (for the case A =0, t = T)

pT



Proof sketch — Theorem 2 (for the case A =0, t = T)




Proof sketch — Theorem 2 (for the case A =0, t = T)

~ pT
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The multiple testing problem

Results so far:

e Declare an event at time t if p; < «

e ~~ Prob. of a false positive is < «

If testing for events at each time t € T, use Bonferroni correction:

Declare an event at time t if py < o/|T|



The multiple testing problem

Extending Theorem 1

1
P i < < .
{2’?’” = O‘/m} = mar(7) @
——

harmonic mean of {mar(t)};c7

Extending Theorem 2

T+ A
T =/A

P {rtgi;pt < a/ITI} <a+0 <\/&- >+25x(7)+25\/(7)



Empirical results




Real data: stock price of Nvidia and AMD

Nvidia (1999 Jan - 2021 Apr) AMD (1999 Jan - 2021 Apr)
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Stock returns data from: Gibbs & Candés 2021,

https://github.com/isgibbs/DtACI/tree/main/MajorDailyReturns
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Experiment setting

e Data streams (X,Y):

— price pairs (PNvidia  pAMD)

0 idi P —P:_
— return pairs (RL\"“d'a., RﬁMD) [Re = =51
— volatility pairs (VNvidia 'VAMD) [y, = R2]



Experiment setting

e Data streams (X, Y):
— price pairs (PNvidia  pAMD)
— return pairs (RNVidia  RAMD) [Re = PtPtPtl ]

— volatility pairs (VNvidia 'VAMD) [y, = R2]

¢ Real data:
Sample T = 100 consecutive time points from (Nvidia, AMD)

e Synthetic null:
Sample T = 100 consecutive time points from Nvidia,
and T = 100 consecutive time points from AMD

e Test statistic:
Y(Xe, Yi) = Xe + Vi



Results: event detection

Under the synthetic null:

Event at time t=T/2 (under the null) Event at time t=T (under the null)

1.0 { — price . 1.0 4

~— return

—— volatility
0.8 1 0.8
0.6 1 0.6
0.4 0.4
0.2 1 0.2 4
0.0+ 0.0 ..

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 06 0.8 10

a a
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Results: event detection

For the real data:

Price (2017 Apr - 2021 Apr)

Nividia

AMD

2017-07 2018-01 2018-07 2019-01 2019-07 2020-01 2020-07 2021-01 2021-07
Date
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c nt detection

For the real data:

Return (2017 Apr - 2021 Apr)
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Results: event detection

For the real data:
Volatility (2017 Apr - 2021 Apr)

2017-07 201801 201807 2019-01 2019-07 2020-01 202007 202101 2021-07
Date
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The time-shifting approach for detecting
synchronicity




Detecting synchronicity

X = (Xt X2 X3 ... Xr—2 Xr_1 X7)
Y = 1 Y2 Y5 ... Yro Yra Yr)

synchronous behavior across entire time range?

Test statistic:
V= ¢((X1, e X7), (Y1, e Y—r))
Compare to:

‘Ui,j :w((va"‘7XT7X17"‘7Xi*1)7(\/j7'"7YT; Yl)"w)/jfl))



Time-shifting

The p-value:

.
1
P=73 > 1 >}
ij=1

Intuition:

e Want to compare WV against its null distribution—
does V; ; 2 ¥ hold (approximately) under the null?

\Ui,j = ¢((XI7 s 7XT717XTaX17X27 e ~7XI'71)7 ()/jv ERRE) YT717 YT7 Y17 Y27 BRRE) \/jfl))



The stability condition

For any two sequences x, x’ of length T,
T o 0 o o
x =< x’ means they only differ in 7 many consecutive entries:

x [12 - wklkrr k¥r[ktr+1 - 7]
Iall values equal Imay differ Iall values equal
x' [12 -+ k[k+1 ktr[k+rr+1 - 7]

Stability coefficients for i)

If x < x' and y Xy’ then |1h(x,y) — ¥(X,y")| < (7)



Theoretical guarantee

Theorem 3

Assume 1) satisfies the stability condition with coefficients (7).
Define a more conservative p-value
1 T
pt = 72 Z WV +e> v,
ij=1
where & > 4~(7).
Then, for stationary X L Y,

P{p*® <a} <a+28x(r)+ 2By(7).



Experiment: detecting synchronicity

Data streams (X,Y):

— price pairs (Pl\"’idia, PfMD)

. idi P;—Pi_
— return pairs (Rl\"”d'a., RtAMD) [Re = =51
— volatility pairs (VNVidia VAMD) [y, — R2]
¢ Real data:

Sample T = 100 consecutive time points from (Nvidia, AMD)

Synthetic null:
Sample T = 100 consecutive time points from Nvidia,
and T = 100 consecutive time points from AMD

Test statistic:
(X, Y) = corr(X,Y)



Experiment: detecting synchronicity

Under the synthetic null:

Synchronicity detection (under the null) Synchronicity detection (under the alternative)
1.0{ — price 1.0 4
~—— return rl—/_/”‘
—— volatility
0.8 0.8
0.6 0.6
0.4 0.4 4
0.2 0.2
0.0 . 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
a a
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Discussion




Summary & open questions

Our results offer non-asymptotic bounds on false positive rate
for time-shifting methods, allowing for dependent data

To apply results to signal detection in astro—next steps:

e How to handle detections in a streaming setting?
e How to allow for the function (. ..) to evolve over time?

e Violations of stationarity—drift, seasonal effects, etc?

Thank you!
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