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vy =vcos(a), vy =wvsin(a),

de _dy _odv,
dt dt N
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def simulate (v, alpha, dt=0.001):

V_X = VvV * np.cos(alpha) # x velocity m/s
V.y = VvV * np.sin(alpha) # vy velocity m/s
y =1.1 + 0.3 * random.normal ()

x = 0.0

while v > 0: # simulate until ball hits floor
v_y += dt * -G # acceleration due to gravity
X += dt * v_x

y += dt * v_y

return x + 0.25 * random.normal ()
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The computer simulator defines the likelihood function p(x|@) implicitly.
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What parameter values 6 are the most plausible?
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The case of particle physics
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Parameters
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Parameters
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Parameters
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p(210) = ][ plerlOp(as o ootz p(elza) iz
N

yikes!
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, 306

The likelihood-to-evidence r(z|0) = % —= ]% ratio can be learned, even

if neither the likelihood nor the evidence can be evaluated:

Neural ratio estimation (NRE
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Credits: Cranmer et al,2015; Hermans et al, 2020.


https://arxiv.org/pdf/1506.02169.pdf
http://proceedings.mlr.press/v119/hermans20a/hermans20a.pdf
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The solution d found after training approximates the optimal classifier

p(z,0)
(z,0) +p(z)p(8)

d(z,0) ~d*(x,0) =
p

Therefore,

aloy_ PO _ p@0)

p(z)  p(z)p(f) 1-d(z,0)
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Observed data Prior

Parameters 6 >
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1. Simulation 2. Machine Learning 3. Inference
Train NN classifier, interpret as Amortized: cheap

Run simulator and save data likelihood ratio estimator to repeat for new data
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Hunting new physics at particle colliders (Frequentist)

at least 16-dimensional
observable space
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Exciting new physics might hide here!
We parameterize it with two EFT coefficients:
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https://arxiv.org/pdf/1805.00020
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https://arxiv.org/pdf/1805.00020
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Constraining dark matter with stellar streams}

Palomar 5
* (Pal5) stream
Pal5 was discovered in 2001 as
the first thin stream formed from
- # a globular cluster. Its current orbit
) takes it far over the galactic center.
Globular clusters
These hives typically hold
100,000 stars or fewer and give

rise to long, thin streams.
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GD1 stream
Discovered in 2006, GD1 is Milky Way
the longest known thin stream, 2 .

stretching across more than half the
northern sky. It contains a gap that could

Image B8 theseaiaf agarkmatter collision
500 million years ago.
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https://www.youtube.com/watch?v=uQVv_Sfxx5E
https://t.co/U6KPgLBdpz?amp=1

Observed stellar density
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https://arxiv.org/pdf/2011.14923

Preliminary results for GD-1 suggest a preference for CDM over WDM.
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Neural Posterior Estimation (NPE)

Use variational inference to directly estimate Amortized posterior
the posterior, by solving [ A N [ S—— |
. ' 8
min ) [KL(p(6]2)[|4(6]2))] ——
\[,}E,./‘
. . . B upervised
where dy is aneu ral density estimator, such as =”"3mm“g

a normalizing flow.
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Exoplanet atmosphere characterization (Bayesian)

planet spectrum
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https://www.nasa.gov/topics/universe/features/exoplanet20100203-b.html
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Computational faithfulness

p(0lz) = sbi(p(z|6),p(0), z)

We must make sure our approximate

MM NN
1

simulation-based inference algorithms - Q
can (at least) actually realize faithful = A e
inferences on the (expected) 'R nE =l NS
. « 1] = [T T
observations. T dt
,,,,, insip B TN
MW ERE==a-=cn=c -

How do we know this is good enough?
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The maximum a posteriori estimate converges towards the nominal value 8* for
anincreasing number of independent and identically distributed observables
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Mode convergence:
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Credits: Brehmer et al, 2019.


https://iopscience.iop.org/article/10.3847/1538-4357/ab4c41/meta

oS

A common observation at the root of several other diagnostics is to check for the

self-consistency of the Bayesian joint distribution,

p(8) = / p(6')p(2|6')p(6]z)d¢’ da.

Coverage diagnostic:

e Forz,0 ~ p(x,0),computethel —
credible interval based on p (0|x).

e |f the fraction of samples for which € is
contained within the interval is larger than the
nominal coverage probability 1 — o, then the
approximate posterior p (6|x) has coverage.

Credits: Hermanset al, 2021; Siddharth Mishra-Sharma, 2021.
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https://arxiv.org/abs/2110.06581
https://arxiv.org/abs/2110.01620
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NRE NRE ensemble NPE NPE ensemble SNPE SNL SNRE Rej-ABC SMC-ABC
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https://arxiv.org/abs/2110.06581

What if diagnostics fail?
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Balanced NRE oL E6

A

Enforce neural ratio estimation to be conservative by using binary classifiers d
that are balanced, i.e. such that

Epo0) | 4(0,2)| = Byiopia) |1 - d(0,2)] .
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https://arxiv.org/abs/2208.13624

Summary

Simulation-based inference is a major evolution in the statistical capabilities
for science, enabled by advances in machine learning.

Need to reliably and efficiently evaluate the quality of the posterior
approximations.
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The end.
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