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STRONG GRAVITATIONAL LENSING

Formation of multiple images of a single distant object due to the
deflection of its light by the gravity of intervening structures.




TRAINING DATA:
SIMULATED IMAGES
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ESTIMATING THE MATTER DISTRIBUTION PARAMETERS WITH CNNS

10 million times faster than ML lens modeling.
0.01 seconds on a single GPU

Hezaveh, Perreault Levasseur, Marshall, Nature, 2017



WHAT AN ASTROPHYSICIST WANTS TO SEE:
THE POSTERIOR (USING MCMCQC)
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WHAT ARE THE UNCERTAINTIES
OF THE OUTPUT PARAMETERS?

SOURCES OF ERRORS IN THE PREDICTIONS:

1 - ALEATORIC.
INHERENT CORRUPTIONS TO THE INPUT DATA: NOISE, PSF BLURRING, ETC.

Z2- EPISTEMIC.

ERRORS MADE BY THE NETWORKS: THESE COULD BE DUE TO INSUFFICIENT
TRAINING, NETWORK ARCHITECTURE, ETC.



WHAT IS THE LOG-LIKELIHOOD OF THE NETWORK
OUTPUT, L(Yn,¥n(Xn,w)) ?

We approximate the likelihood with an analytic
distribution.

Assume Gaussian:
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EPISTEMIC UNCERTAINTIES

STANDARD NEURAL NETWORKS:
WEIGHT HAVE FIXED, DETERMINISTIC VALUES

INPUT HIDDEN OUTPUT




EPISTEMIC UNCERTAINTIES

BAYESIAN NEURAL NETWORKS:
INSTEAD OF FIX VALUES, WEIGHTS ARE DEFINED BY PROBABILITY DISTRIBUTIONS

INPUT HIDDEN OUTPUT




VARIATIONAL INFERENCE

REPLACEP(w) BY A DISTRIBUTION WITH A SIMPLE
ANALYTIC FORM, g(w), (E.G., A GAUSSIAN).

INPUT HIDDEN OUTPUT
q(w)




EASIEST VARIATIONAL DISTRIBUTION

BERNOULLI DISTRIBUTION:
EVERY WEIGHT IS EITHER ZERO (WITH PROBABILITY p) OR SOME
VALUE, w, (WITH PROBABILITY 1-p)
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THE VARIATIONAL

PARAMETER IS THE VALUE " o

OF THE WEIGHT WHEN IT IS ,
NOT ZERO. S
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THAT IS DROPOUT

Gal & Ghahraman ICML, 2015



DROPOUT
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(b) After applying dropout.

a) Standard Neural Net



RECAP

1- PLACE DROPOUT BEFORE EVERY WEIGHT LAYER.
2- TRAIN WITH DROPOUT, OPTIMIZING THE LOG LIKELIHOOD

|
»C(men(Xn w))OCZZ 2||ynk ynk(xnaw)“z_ilogak

3- AT TEST TIME, KEEP DROPOUT ON. PERFORM MONTE CARLO
DROPOUT: INPUT THE DATA MULTIPLE TIMES, PERFORM DROPOUT

AND COLLECT THE OUTPUTS.
4- ADD THE PREDICTED UNCERTAINTY (THE SIGMA ABOVE) TO

THE SAMPLE.



EXAMPLE

UNCERTAINTIES ON THE MAGNIFICATION OF LENSES
40,
5

30 |

predicted u .
N N
= =t

-
(&)

10 ¢

0 5 10 15 20 25 30 35 40
true;zF

Figure 1. Predicted 68.3% uncertainties for lensing flux magnification, puf,
as a function of the true value of this parameter. The orange, blue, and black

correspond to examples where the true values fall within the 68.3, 95.5, and '
99.7% confidence intervals respectively.

Perreault Levasseur, Hezaveh, Wechsler, 2017



ARE THESE UNCERTAINTIES ACCURATE?

COVERAGE PROBABILITY OF A CONFIDENCE INTERVAL IS THE
PROPORTION OF THE TIME THAT THE INTERVAL CONTAINS THE
TRUE VALUE OF INTEREST.

TRUE VALUE

68% 95%

FOR AN ACCURATE INTERVAL ESTIMATOR, THE COVERAGE
PROBABILITY IS EQUAL TO ITS CONFIDENCE LEVEL



COVERAGE PROBABILITIES

coverage probability
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PROS AND CONS

® REQUIRES A FEW HUNDRED FORWARD PASSES AT EVALUATION
TIME (TO COLLECT SAMPLES). STILL VERY FAST.

® |F NEEDED, ONE COULD PERFORM IMPORTANCE SAMPLING OF
THE OUTPUT DISTRIBUTION TO GET AN UNBIASED POSTERIOR.

® UNABLE TO MODEL COMPLEX OUTPUT DISTRIBUTIONS (E.G.,
MULTIMODAL DISTRIBUTIONS).



DEALING WITH MORE COMPLEX DISTRIBUTIONS:
QUANTILE REGRESSION
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PROS AND CONS

® CAN EASILY FIT COMPLEX AND MULTIMODAL DISTRIBUTIONS.

® [MPLEMENTATION IS TRIVIAL: ONLY CHANGE THE LOSS
FUNCTION.

® ONLY EASY FOR MARGINAL DISTRIBUTIONS: MODELING THE
JOINT DISTRIBUTIONS IS VERY DIFFICULT.



A MORE BAYESIAN WAY TO ESTIMATE
THE UNCERTAINTIES OF NEURAL NETWORKS:
LIKELIHOOD-FREE INFERENCE



data

MONTE CARLO THE DATA

parameters



APPROXIMATE BAYESIAN COMPUTATION (ABC)

1. Replace data

_ 2. Instead of a
with a

perfect match,
allow an €
range of
acceptable
match

data

compressed
statistic

parameters

—— posterior |
- prior




THE UNCERTAINTIES ARE HORIZONTAL CUTS OF THIS PLOT

Hezaveh, Perreault Levasseur, Marshall, Nature, 2017



ABC’'S MAIN CAVEAT:

® [HE CHOICE OF EPSILON IS ARBITRARY. TOO SMALL RESULTS IN
NO ACCEPTANCE AND TOO LARGE RESULTS IN LOSS OF
PRECISION.



MODEL THIS DISTRIBUTION WITF

probability density

A SOLU”

A NEURAL DENS

TONS:

TY ESTIMATOR

ANOTHER NEURAL NETWORK:

data (summaries), t

.| (2) learn p(8]t)

(3) learn p(t|6)
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parameters, 6

Alsing, Charnock, Feeney, Wandelt, MNRAS (2019)

parameters, 6

parameters, 6




ANOTHER APPROACH TO ESTIMATING THE
UNCERTAINTIES: LIKELIHOOD-FREE INFERENCE
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PROS AND CONS

® A WELL-DEFINED BAYESIAN FRAMEWORK, ALLOWING
IMPOSING PRIORS.

® CAN BE RELATIVELY FAST.

® CAN DEAL WITH VERY COMPLEX DISTRIBUTIONS.

® CAN MODEL JOINT POSTERIORS.

® | IMITED TO LOW-DIMENSIONAL POSTERIORS (E.G., TENS).

® REQUIRES AN ACCURATE AND REALISTIC SIMULATION PIPELINE.



THANK YOU!



