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Introduction to parameter estimation

Hanford, Washington (H1)

Livingston, Louisiana (L1)
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Introduction to parameter estimation

Bayes’ theorem

_ p(d|9)p(6)

posterior
distribution
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Introduction to parameter estimation

Posterior Likelihood assumes stationary Gaussian noise

1
p(d|0) x exp (‘5 Z (dl — hy(0) | d; — hl(g))>

Il

o p(dl)p(6) 1) =2 gy AL
p— 0 n

Prior

e.g., uniform in m;, m, over some range,
uniformly distributed in sky,
etc.
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Sampling

e Stochastic: Markov chain Monte Carlo (MCMCQC)
or nested sampling

0~ p@|d)
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Challenges

1. Expensive! ™, __

Cumulative Count of Events and (non-retracted) Alerts
01 =3, 02 =8, 03a =33, O3b =23, Total =67
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Simulation-based inference
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2. Restrictive assumptions!




Simulation-based inference

« Two options for p(d| 0):
1. Evaluate p(d|0)
* Likelihood-based inference
2. Sampled ~ p(d|0)
 Simulation-based inference / likelihood-free inference

 Both approaches use p(d|0), just in different ways.
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Neural posterior estimation

Neural-network conditional probability
distribution

* Extremely fast sampling and density
estimation

q (9 ‘ d)  Amortized

\ Train to model the posterior g(0|d) ~ p(8|d)

e Uses simulated data (0,d) ~ p(0,d), but
no actual posterior samples!

“ A surrogate for the posterior”

T
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Normalizing flow

« A normalizing flow j, : u — 0 defines a complex distribution in terms of
a simple one

2 GandN| W

q01d) = #/(0,D°(f;'(9)) |detJ;"
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Normalizing tflow

* Requirements:
1. Invertible

2. Simple Jacobian determinant

q@1d) = ¥ (0,D°(f;'(0)) |det S

« Parametrize f; using neural network.

Stephen Green

Fast to evaluate and sample from g(0|d)
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Normalizing flow

* Requirements:

1. Invertible J

2. Simple Jacobian determinant

* Use a sequence of “coupling transforms”:

{Ui it i < D/2 Hold fixed half of the components

C; (ui; Uq.D, d) ife>D / 2 Transform remaining components element-wise,
2 conditional on other half and s.

e ¢; should be differentiable and have analytic inverse with respect to u..
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Normalizing tflow

* Spline flow (Durkan et al, 2019):
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Figure: Durkan et al (2019)
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Simulation-based training

e Minimize expectation over d ~ p(d) of cross—entropy between g(@|d) and p(@|d)

/ -

L =E,0)Ep@a) |—logq(8|d)]

[/

Much more tractable ordering!

Could also use real noise!

1. Sample prior 09 ~p@), i=1,....N /

2. Simulate data d® ~ p(d|0%Y); d® = h(OP) + n"Y with n® ~ ps (n)

lil (1) (’)]
N — —log g(6" | d'V)
Ni=1
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Normalizing tflow

Express posterior in terms of a mapping from normally-distributed variables.

Stephen Green

u~ N0,1)P «

d

v

fd(u)

q01d) = ¥(0,D)°(f;'(9))

flow

> 0~q(0]d)

~1
det de ‘
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Normalizing tflow

Compress data

d

|

—— @mbedding networ@

u~ N(0,1)° < >

Stephen Green

|

fd(u)

flow

> 0~ q(0|d)



Normalizing tflow

d PSD S,
Full amortization
Account for PSD
Compress data nonstationarity
— ey @mbedding networ@
r l )
u~ N0, < | Jas, (W] » 0~4q01d.5,)
\ J

flow

Big neural networks: =~ 350 layers and 150 million parameters

Stephen Green
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Embedding network

N, = 1y, X 24,096 - Each detector has |
l ( 8 x 1024 frequency bins ) x ( Re + Im + PSD)

Linear projection

<+— Inductive bias to recognize signal waveforms

Seed with principal components
of clean waveforms

Mg, X 400

Fully-connected residual network
<+— Nonlinear compression

48 hidden layers

N, = 128

Stephen Green k’ to flow 19




Group equivariant neural posterior estimation

 Inferring sky position (&, 0) + coalescence time ¢,

B Network must learn to interpret different arrival times ¢; in each detector

» hard

B If we knew (@, 9, f.) could manually align the data to simplify analysis

» but we don’t know
this a priori

Stephen Green 20



Group equivariant neural posterior estimation

* Expand parameter space to
include blurred coalescence
times 7,

1. 0~qO|T_;(d), [))

. » align data based on t 7

* Gibbs sampling /,’\' 2. f] ~ p(f[| t])
R I e fixed kernel
’ |'
. /) |
|t/
: /
Tt
| //
\7
I
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Group equivariant neural posterior estimation

« Real-time convergence with O(10) iterations

MCMC
GNPE iteratio
N4 N\
cre Simplified inference
—
S— '-1,'\ . / .
x in
™ i task by using
- symmetries
|
L Y2
o “.:‘\ sV \;\\':\\ \S:& ('\\\ -\S.;‘\ \\5\ \\1:. © .\:-’\
my [Ma]  ma [Mg] d; 0 ;v
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Iraining

5.0

e 5 % 10° training waveforms

e IMRPhenomPv2

—— Train loss
4.8 4

Validation loss

4.6

e T=8S, f, =20 Hz, f_ .. =1024 Hz 447
* 15D parameter space iz
© my,my € [10’80] MO o 100 200 300 400 500 60O

epoch

* + stationary Gaussian noise realizations consistent with given PSD

e Train several neural networks based on different noise level / number of detectors/
distance range:

Observing run  Detectors Distance range [Mpc]

O1 HL 100, 2000]
100, 2000]

02 HL 100, 6000]
HLV 100, 1000
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Importance of method validation

* Uncertainty estimates allow

for consistency checks

e “within-distribution”

* On individual events,
compare posteriors against
standard tools.

o “out-of-distribution”

Stephen Green
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Amortized inference

* Train once, analyze all events

* Account for detector
nonstationarity from event to event

Stephen Green
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Quantitative comparison vs standard sampler

* JS divergence: Measures a “distance” between probability distributions

e JSD <2 % 107 nat “indistinguishable” (i.e., difference between LI runs)

GW150914 -
GW151012 -
GW170104 -
GW170729 -
GW170809 -
GW170814 -
GW170818 -
GW170823 -
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Quantitative comparison vs standard sampler

Median and 90% credible intervals
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Summary comparison

Likelihood-based

inference

Neural posterior

estimation

Requirements

Up-front costs

(T = waveform generation time)

Inference time

Sample quality

Likelihood

None

Hours to weeks
~T

Correlated

Simulated data

Data generation: ~ T
Training: ~ 10 days

Seconds

Independent

Stephen Green
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Conclusions

* Machine-learning algorithms can produce full posterior distributions
including uncertainties.

* For generic BBH events, results are nearly indistinguishable from those of
standard codes.

 Much faster: ~20s / event
* Accounts for detector noise nonstationarity from event to event
 User-friendly software under development (“Dingo”)

* Simulation-based inference is more flexible: Does not require a likelihood!
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Outlook

e LVK inference:

» Extensions to binary neutron stars, models with precession and higher
radiation multipoles.

* Real detector noise (nonstationary, non-Gaussian)
* LISA: Can this be adapted to disentangle overlapping events?

* Populations: Can simulation-based inference be used to speed up analyses?
Are there problems involving intractable likelihoods?

* Happy to discuss!

(Thank vou

Stephen Green
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