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New-physics searches with astrophysical data

Thousands of petabytes of upcoming data Statistics — systematics
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More data — more details \

Increased need for
— high-fidelity
astrophysical

models & analyses

Image credit: EUCAPT white paper 2021 & A. Morselli, Bulbul+ 1402.2301




Astrophysical models can be really, REALLY complex

Example: gamma-ray sky above 1 GeV (Fermi LAT)

Detector simulator
UGS )

— Millions of parameters, hierarchical,
trans-dimensional, label switching problem,
parameter degeneracies, nhon-parametric &
empirical model components, ...

Single forward simulation might take hours

Instrument response function
P(Migstr, 15RF)
Instr. parameters Instrumental backgrounds
Minsts P(Minstr, bkg)
Effective area
P(Minstr, Aett)
Astro. bkg. simulator
Hastro, = Stz

Astro. + DM signal
Hhigt = Hastro, + HpM

DM signal simulator

Hpy = Simpy(mpy)

Point sources
Mastro, poc

Diffuse emission

Mastro, diff W

DM distribution
MM, dist

DM annihilation signal

TIDM spec: DM rate <

/

Bayes Net for astrophysical model
(cartoon)

Blazars, p(1stro, pec, blasars)
Supernova remnants, p(1),,;,, psc, SNR)

__ Pulsars, p(Mastro, psc, pulsars)

Gas distribution, P(7s¢ro, diff, gas )
Propagation of cosmic rays, p("ro_disf, 1"-'1’)

Distribution of cosmic ray sources, P("ustro, diff, srcs)

Interstellar radiation field, p(7:o aisr 1SRF)

Milky Way, p(Tpa, dist, Mw )

__ dSphs, p(Mpas, dist, dsph)

Local Universe, p(Mpyg ist. Lu)
Large scale distribution, P(Mpyy ist. Lss)

Parton shower simulator

__ P(IDM spec, s [¥)

Annihilation spectra

TIDM spec Higher-order corrections

P(MDM spec, cale [¥)
Higher-order corrections
Annihilation rate P(7DM rate, cale V)
TIDM rate Local density

P70 rate, density V> DM, dist)

Theoretical priors
p(v/H)

3



Industry standard: Markov Chain Monte Carlo

Likelihood

Prior
Bayes theorem p(8|z) = p(z|6) p(6)
Posteriors p(w) Evidence

e Step 1: MC method samples from the joined
high-dimensional posterior for all parameters
0 ~ p(O|x) 0 € RP
D: Number of parameters
e Step 2: projection onto parameters of interest

0= (91392, oo ,(‘)D)T — ('(.)’_’HJ,)’I' € Rg

Ex: Metropolis Hastings Algorithm

¢ Science result

Image credit: Wikipedia



Mount joined posterior estimation

'~ .Inference 7.
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The price of model simplification

Almost all existing Consequences: Large modeling errors because
analysis of Fermi LAT of simplistic low-dim models
data have these kind _ We pulled this off with

of residuals. Data (Fermi LAT) o : gradient-based
: : : optimization.

There is no Very hard to use in
shortag_e in practice, only a handful of
anomalies in examples in the literature.
astrophysical

data...

Residuals
High-dim model (10.000 dims)

Residuals (1.24 - 228.65 GeV)
T H H T 4 T

Residuals
Low-dim model (10 dims)

' A1 L AL
9% o0 30 ,” 30 60
Storm+ 1705.04065 b




Mount joined posterior estimation - avoiding the detour

_.Inference ™
» problem
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A simulation-based inference thought experiment

“Simulated
images”

Observed data

1,3,2,1,54,3,1,6,7,9, ...
6,2,58,6,8,4,321,3,4,..

2,3,43,1,7,8,9)5,3,2, ..

Red:
4,2,1,4,6,8,6,4,3,2,4, .. Parameter of interest
1,3,2,9,54,3,1,6,7,9, ... Black:
6,2,586,84,321,3,4, .. Nuisance parameters

(parametrizing all possible
2,3,4,1,1,7,8,9,5,3,2, ... background images)

4,2,1,2,6,8,6,4,3,2,4, ..
1,3,2,4,54,3,1,6,7,9, ...
6,2,54,6,8,4,321,3,4,..



—_—

- MCMC

Neural

_—

After a
Hubble time*

network

*10 Million parameters with N3 scaling for number of likelihood-evaluation, assuming each evaluation takes 1ms.

. ~8

After less than
a second


https://emojis.wiki/hourglass-not-done/

Neural simulation-based inference (SBI)

Very active young research field General goal: obtain neural network
approximator for one of the following:
wit-h Monte Cm:m s:mplhg : -Fv:ith I-eamed sum;na; staﬁstic; with Monte C::;gs:r::‘l-i.r:g :rml;:?e:i:rgxs::::: . Poste rior*
= p(6]x)

- *
e Likelihood p(w|9)

e Ratios of posteriors and priors =

ratios of likelihood and evidence
r(x.0) = p(z0)  p(z,0) _p|z)
p(xz)  p(x)p(@)  p(6)

Various variations of the above quantities...

Amortized surrogates
trained with augmented data

Fig. 3. Overview of different approaches to simulation-based inference.

[Cranmer, Brehmer, Louppe 1911.01429] * typically based on density estimation with flow-based

architectures 10



Neural ratio estimation (NRE) in a nutshell

Strategy: Learning to distinguish between matching (parameter, data) pairs and random pairs.

Loss function: Binary cross entropy

£ fo]NrE = —/dl‘ d0 [p(z,0)Ino(fs(z,0)) + p(x)p(0) In (1 — o(fs(z,0)))]

4 e e N Minimizing network
0 el T .0 approximates posteriors
Embedding ,,’lfyl ““—» g>\ F
| Skl oA . Qe
[x} ﬂlbj‘“ ys| ; -0 fs(0,x) =~ In H6) =n PG}
~Jwaly p(x)p(0) p(0)
g /

11
Hermans+ 1903.04057, Miller+ 2107.01214, Cole+ 2111.08030




Truncated Marginal Neural Ratio Estimation (TMNRE)

Competitive performance
on standard tasks

Scalable to high-dim
models

Samples required for eggbox problem

§ oo bloli] R-ﬂf;cm'?&/":"? oot tons . R =
g h‘:. ~ RN N ® MultiNest °
§ ” - ..l-dlmII2-d|mMatglnalGil:sslanLlnezr \ / " g swyft %
é . .tﬂ:m/-ldlm Mar;lnalGaussla::lnearunlhrm Key features E:ll)" [ ]
e : g .
: 1. Focus on Marginals ”
1 e = . '
s = 2. Truncation L
3. Neural Ratio Estimation
i, 10 107 10° 10° 10° 10°
l Number of modes
Combination of various properties of existing algorithms

Property / Method Likelihood-based ABC NRE NPE SNRE SNPE TMNRE

Targeted inference v . X X

Simulator efficient direct marginals X . . X X

(Local) amortization X X X X

NeurlPS | 2021

Thirty-fifth Conference on Neural Information
Processing Systems

Miller, Cole, Forre, Louppe, CW 2107.01214 (NeurlPS)

Miller, Cole. Louppe, CW 2011.13951

12



1) Marginal posterior rather than joint posteriors

3 /,"\ - swyft.;’)fx 10°
. ., o 4 ‘ \» y smualon:
e A‘“universal” approach must scale to millions of parameters, and Q| | Smiaions |
outrageously complex posteriors (transdimensional models, label g{;"‘?@ﬁﬁ
switching, strong correlations, ...) ‘/‘\'.'\'/' /‘\&
L00® |
p(21, 22, - - - , 21000000/ %) p(z1]x), p(22, 23/x), p(max(z)[x), . .. CONO® |\
Joined: In general intractable Marginals: Often tractable SONCROWSEONIN
(any approach) (NRE, forward-KL based approaches, ...)

) . . . . . 1-dim and 2-dim marginals
e Scientifically, we are usually only interested in marginal posteriors anyway for corner plots

o Parameter regression: 1-dim marginals

Parameter correlations: 2-dim marginals

Bayesian model comparison: ratios of marginals ‘

Object identification: density functions . x ¥

O O O O

[for discussions see e.g. Alsing+ 1903.01473, Jeffrey+ 2011.05991, Miller+ 2011.13951]

e Caveats: Goodness-of-fit tests, posterior predictive distribution, requires upfront

intuition about what matters Density functions for object
detection 13



2) Truncation rather than sequential

Sequential techniques are based on targeted training data
X,2 ~ p(XIZ)ﬁ(Z)
[Durkan+ 2002.03712 for a discussion] N ﬁ(z) ~ p(Z|X0)

This is fine if the goal is to locally train, e.g., the likelihood
(which is prior independent)

p(x|z)

[Alsing+ 1903.00007 as example (pydelfi)]

But: Marginal likelihoods/posteriors will be affected by the
proposal distribution

p(x|z1) = /dz2 ...dzy p(x|z)p(22,...,2N)
[see e.g. Alsing+ 1903.01473 for a possible summary-statistics related solution]

To alleviate this we proposed to use a truncation scheme

p(z) =1(z € T')p(2)

[Miller+ 2011.13951, 2107.01214 - swyft & TMNRE]

— p(6]x)
p(6)
— pr(6)

14



3) Likelihood-to-evidence ratios rather than densities

e Ratio estimation = Binary classification = Simplicity
p(z,0) 1 P61Z)
p(x)p(6) p(0)

[see Cranmer+ 1911.01429 for
discussion of many alternatives]

fs(0,x) = In

[Hermans+ 1903.04057]

e Usually remains conservative (works well in a truncation scheme)

[but see Hermans+ 2110.06581]

e Ratio estimation automatically generates information maximizing

data compression

p™ (6, | x)

lpg] = —2Ep(a) [JSD(p(8]s(x))[|p())]  [®

[see Alsing+ 1903.00007 for related discussions in

context of likelihood estimation] EL

e When focusing on low-dim marginals, sampling
is simple (no MCMC or flow-based models required).

4 ok MLP )
< lel &
Embedding ,,’/'yl ‘ \ \g/g = >:
\jj =< |/ .
~. I
\ ‘ J




What TMNRE is not

e TMNRE is not based on flow-based architectures, and does not perform
density estimation

e TMNRE does not require pre-optimized summary statistics,but produces
them on-the-fly

e TMNRE does not require differentiable simulators*

e TMNRE does not rely on approximations on the form of posteriors

Talk about TMNRE by Ben Miller
tomorrow, Wednesday, 3:00 pm

*Initially, we spend A LOT of time trying to exploit gradient-based optimization and differentiable simulators for our
applications (strong lensing - we wrote a fully differentiable simulator). However, this turned out to be not fruitful
(and quite painful) in numerous ways. Your mileage may vary. Currently we stay away from gradients, but they
might come back at some point. Ask me if you are interested in a detailed discussion.

[Chianese+ 1910.06157; Karchev+ 2105.09465: Coogan+ 2010.07032] 16




Coordinated effort to develop and exploit TMNRE

I

R

Noemi Anau Adam Coogan  Alex Cole (UvA), Elias Dubbeldam Ben Miller (UvA),Kosio Karchev

Montel (UvA), (Mila, U. CMB, 21cm (UVA), Algorithm & (SISSA)

Strong lensing Montreal), Strong lensing software SN cosmology,
Strong lensing strong lensing

+
Gilles Louppe (U. Liége)
Anchal Saxena (Groningen)
Patrick Forré (UVA)
Samaya Nissanke (UVA)

13 -
u = 4
4 ﬂ

Mathis Gerdes Androniki Dimitriou Uddipta James Alvey

) _ Maxwell Cai, Meiert Grootes,
(LvA), (Valencia), Bhardwaj (UVA) - (UvA), Francesco Nattino (eScience)
Stellar streams, Large scale Gravitational Stellar streams,

QFT structures waves GWs

17



Example 1: Cosmic microwave background

18



CMB forecasting

1500 -

]04 9 101 -4
1000 -

500 A ]02.

f,E ::,5 ’f =
% ;- G 100
—500 A
—— with noise ~1000 - .
102 4 ——— without noise 1072 4
: : : -1500 = : : . - -
10! 102 103 0 1000 2000 10! 102 103
? ] !

Noise = instrument contribution + cosmic variance

TT, TE, EE angular power spectrum of CMB with Planck-like noise (Di Valentino+ 2016)

6 cosmology parameter to infer, using tight priors (+- 5 sigma Fisher estimate)

HIiLLiPoP likelihood: Planck likelihood,13 varying nuisance parameters [Couchot et al. ‘“16]
Comparison with MCMC is feasible and straightforward

We use a linear embedding network to go from 7500 — 10 features

[Cole, Miller, Witte, Cai, Grootes, Nattino, CW 2111.08030]



Realistic CMB

parameters

I swyft

MCMC

| 3
3 x 10
| - simulations

~ -\'}‘) i T Wy
S Seen Wed
c o 1 'cdm
3
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Q" T T T T T
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Cole, Miller, Witte, Cai, Grootes, Nattino, CW 2111.08030

5 x 108
simulations

I IIE Il IS IS S IS S S S S S - -
— —

Sampled

by
MCMC
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0.24 *  rouna s SO0 sim

004 « rounc D 7500 sims

Importance of truncation

s

~ :
round 2, 2000 sims o
*  1ounD 3. 2000 simg :

*  rounc 4, 2000 sims S5
*  round b, 5000 mms LY e
+ sound 7, 5000 wirms b
*  round B, 5000 sims

Q04

T N T v U U
0.0 02 04 co 0s 10

ocI’nTsc'e ds
Demonstration of prior that is “too big” by a
factor of 5 for the cosmological parameters

Truncation effectively identifies region with
20000 extra sims.

Structure of ratio estimator
e Input: Vector (7500)
e Embedding: Linear (7500 — 10)
e Marginals: MLP (19 1-dim, 15 2-dim)

1
10

first round

See talk tomorrow by Alex Cole,
Wednesday, 4:30 pm

final round

i\

Weam
o, @, @
o Y
1 L) L]
- 4
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1 A A

1008,

lqo /q}
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107w, PO 1006, In10'°A, ns
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Example 2: Supernova cosmology



Supernova cosmology

effective mp

(Qy2,)=(0, 1)

T T R (050.5) (0,0)
[ ) RINE, oy gl s 41(1, 0) (1,0)
24? =1(1.5-0.5) (2,0)
k- ol o
[ = 1
L e <
=T
[ El\
ZOE
|
18 &
£ Calan/Tololo 1
165 =
_______ I

| i 1 i 1

; (Hamuy et al,
A.J. 1996) (a) ]
14h? 1 N(é"',(l+2-")zrr§)i

Perlmutter et al. 1999

redshift Z

m=M + u(z,C) + "noise"

Ongoing work with Kosio Karchev and Roberto Trotta
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Truncated marginal NRE

g1 F N\/\ stage 0
f‘ e train (~1 h)

NG truncate prior

? ™ re-initialise net
2 ] J 1 stage 1

i"’ - : / \ stage 2
WAL

Qa0
—c
/

Qno
Q\.

& o1 \ J\ stage 3
-:‘n'(: ﬂ':i 3 e» a0 l;S 030
il final progressively home in
stage on true values

Qm.o o a
Ongoing work with Kosio Karchev and Roberto Trotta



Marginal posteriors
MALFOI: marginal likelihood-free object-by

100 000 supernovae object inference
posterior mean, Mf, posterior std, ow;
0.8 {MCMC 0.8 1 L 0.10
-19.2 1
NRE -7 - 0.09
.07 4 /" 5 0.7 e ~19:37
[ N2’ K154 w u
0.6 - o 0.64 s W Z -19.51 -0.07 =
Ny
mock data 1 mock data 2 —19.6 1 - 0.06
025 030 035 025 030 035 s  0.05
Qm,O Qm,O T T T T
g 0.005 — 05 ¢
gl oK
118 0.000 - -- iR
g SR, Py 00¢g
e “MCMC’ results were obtained using ~108 -19.6 -194 -192 0.04 006 008  0.10
pre-marginalized likelihoods (only MM MEME
Ipost3|bclle [lxjjgd;r speqﬂ(i assumptions). Structure of ratio estimator
[
“St €a ol ma(;g'”a 'Zest_ f e Input: 100.000 Spectra (100000, 3)
automatically, and assumption-iree. e Embedding: Linear (300000 — 256)
e Marginals: MLP (100009 1-dim, 1 2-dim) o5

Ongoing work with Kosio Karchev and Roberto Trotta



Example 3: Strong lensing



Strong galaxy-galaxy lensing

Subhalo

~ Observation -

X Source galaxy

NASA | Lens galaxy ALMA, L. Calcada, Y. Hezaveh et al. .,




Inference challenges

« Signal is small compared to noise
and variations between images

« Marginalization over numerous
source, lens and halo parameters

« Joint posterior has ~Nsu»! modes;
likelihood can be intractable

Slide credit: Noemi Anau Montel

Variations between images

Statistical noise =

Signal level Ti

0

20

40 60
Scale (%)

80

100

28



Single subhalo, simple source model

Source
params

Lens
params

Structure of ratio estimator
e Input: Images (typically 200x200)
e Embedding: CNN
e Marginals: MLP (17 1-dim)

Ongoing work led by Adam Coogan

Slide credit: Noemi Anau Montel
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Multiple subhalos, complex source model

Training data Inference

*=5x10°M,, *=10° - 10°M, Structure of ratio estimator
e Input: Images (typically 200x200)
Marginalized over source, lens and halo population e Embedding: CNN

e Marginals: MLP (2-dim)
Ongoing work led by Adam Coogan

30



-- CDM
FDM, 2.1 x 102! eV
WDM stellar stream 95% limit
m====WDM lensing 95% limit

Structure of ratio estimator
w | e e Input: 10 Images (10x100x100)
e Embedding: Stack of CNNs
e Marginals: MLP (1-dim)

31
Ongoing work led by Noemi Anau Montel



Infer subhalo mass function cutoff p(M_,...|{x,}._,

Ongoing work led by Noemi Anau Montel

:20)

P(Mp| XY

20)

(M| XY

Combining 100 images (10x10x100x100 images) should lead to tight posteriors.

N =20
1 Xl=20)

N =20
1

P(Mpm| X

LX)

P(My| XY'=29,..

=20)

P(Mp XY
=)
>

=20)

P(Mpm| XY

0.8

o
o

03 =,

0.0

1.2
1.0 A
0.8 1
0.6
0.4
0.2 4

0.0

1.0 A

20)
o
™

N=
X170

0.6 -

N=20
7 o

0.4
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0.2 4
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1
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P(Mpm| XY

7.0 7.5 80 85 9.0 95 100
10910Mhm/M o

7.0 7.5 8.0 8.5 9.0 95 10.0
log10Mmm/M o

32



Probabilistic image segmentation

In the presence of multiple subhalos, we can also estimate the subhalo density function (which can be
understood as marginal of the more complex joined subhalo distribution).

Simulation x binary target map z

Goal: p(01]x,ps) = Z

. Xons: 0°) if 21 = (
l r(xObS ¥ ) {r(xobx» ol‘lj) if 21‘]‘ =
Network

_J

Ongoing work led by Elias Dubbeldam



Probabilistic image segmentation

Subhalo posteriors. Transparency decreases with posterior value.

Normal scale

Structure of ratio estimator
o e Input: Image (typically 100x100)
e Embedding: U-Net
e Marginals: Binary marginals
100x100x10 (ten mass bins)

0.07

0.06

https://dm-lensing-parislfi.github.io/

0

Ongoing work led by Elias Dubbeldam



TMNRE/SWYFT appear to be broadly applicable

Interpretation of N-body
simulations
Stellar streams

y [Mpc]

/
T~ IMNRE/SWYFT

0.0 0
00 25 S0 75 100 125

Hermans et al., 2020
James Alvey, Mathis Gerdes, in progress

x [Mpc]
\ Androniki Dimitriou+, soon

Gravitational waves

21 cm cosmology
LHC pheno fits

Delaunoy+ 2020

Uddipta Bhardwaj+, in

progress 35



How can one trust results?

36



Credibility of inference results can be tested

Let ©p(9|z) (1 — a) denote the 1 — o highest posterior density region

Expected coverage of the 68% and 95%
1 =& =Eppq) 1|0 € Opopa)(1 — )]

..........

' *Q oia,
- e~ et (o e
. Te =t . %\.
. . N -
2 e
X - "\,?  ACY
.;';.. .....
N €=
st . % )/ ~
T e ‘ g) )
,Q)( O, o 7
= '.‘%\'.
R

[Cole, Miller, Witte, Cai, Grootes,
Nattino, CW 2111.08030]

Empirical coverage, z

4.0
3.5 4 ’
BABO  S aE z
3.0 4 /
2 .
/,,
2.5 1 ?}.'\\\e Ad
96.00% e@ & :
PR iR 3 it G :
&° W :
d e:’0 :
J e C
1.5 oY ; :
70.50% . : :
1.0 7 o)} Mo} o
0 e 0
0.5 & ‘o o
X R R
0.0 . : ; : T t
0.0 0.5 1.0 1.5 20 25 3.0 3.5

Confidence level, z

See also Hermans, Delaunoy, Rozet,

Wehenkel, Louppe 2110.06581
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Open source package SWYFT

Estimating marginals of
interest

MCMC

Few interesting parameters,
many uninteresting ones

.

A\

67

0

A\

HEINNE

m

n

’\
always solves the

inference problem for all
parameters, even the
uninteresting ones

v

P(Wedm|[%o)

N\

Wedm

TMNRE with swyft

focuses inference on what
is interesting, and leaves
out the rest

S

Check it out on: https://github.com/undark-lab/swyft
(under heavy development)

Coverage tests

MCMC TMNRE with swyft
p(0lx,) p(f]x) Vx ~ p(x)

estimates the posterior for

one single observation

need to trust
convergence

simultaneously estimates the posteriors

for all simulated observations

convergence and
coverage can be tested

O PyTorch

$

PyTorch
Lightning

Pl |

Truncation schemes
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https://github.com/undark-lab/swyft

Conclusions
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Conclusions

e Simulation-based inference (SBI) has the potential to deal with ultra-high dimensional
inference problems.

e |discussed a few components that we found very useful in practice, and which are part of
TMNRE

o Neural ratio estimation offers flexibility and simplicity
o  Focus on marginal posteriors rather than the joint
o  Prior truncation

e | demonstrated that this framework is promising in tackling a wide range of astrophysical /
cosmological data analysis problems. Domain knowledge enters the analysis in terms of

network architectures.
o CMB Cosmology
o SN Cosmology
o  Strong lensing image analysis
e We provide a software implementation for TMNRE (“swyft”), which we currently use for a
much wider range of dark-matter-related analysis problems.
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Example for truncation scheme
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