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Why Compression ? \J




1 Mpc = 3.2 x10° light years



Cosmological Inference

from large-scale structure _
What is the

probability of a given parameter, 0,
being a good descriptor of observed
large scale structure ?

r'<17.55, d>2", 6slice

model (likelihood / 4
simulator)

redshift space
62285 galaxies

observed
universe



ILI: Implicit Likelihood Inference

Draw from prior:

0 «+— P(0)
Simulate data:

d* « P(d*|0)
tp(d*,d) <e

Thanks to Ben for the diagram !



Cosmology: an Optimization Problem

Objective: constraints on cosmological parameters

Path: find statistic that captures the most relevant cosmological
information

Ruestion: Can we learn this path bg mintmizing (or
maximizing) the objective ?



density field

+ noise
+ survey effects ?

DOES THIS
CAPUTURE ALL THE
INFORMATION ?

107
k [h Mpc~1]

power spectrum



density field

+ noise
+ survey effects ?



density field

+ noise
+ survey effects ?
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The Fisher Information

Defining the Optimization Objective



Fisher information: tells us (on average) how

informative some data d is about a parameter 6 of a
distribution, £(d|68) that models d

B 0%In L
¢ 106,06,

0="0riq

Think of this as the curvature
of the log-likelihood, In £
at Ofiq




Fisher information: tells us (on average) how

informative some data d is about a parameter 6 of a
distribution, £(d|68) that models d

62
Curvature = - —

InL(B)

More Sharpness Less Sharpness
Less Variance More Vanance
High Fisher Information Low Fisher Information




Fisher information: tells us (on average) how

informative some data d is about a parameter 6 of a
distribution, £(d|68) that models d

Cramér-Rao bound:
((8a — (60 (65 — (65))) = Fag

Gives us a lower bound for the (average) variance of a
parameter estimate



Fisher information: tells us (on average) how
informative some data d is about a parameter 6 of a
distribution, £(d|68) that models d

Example: draw ng independent datapoints from a normal distribution,
N (u, o) . Then the likelihood is:

1 1(d; — H)2>
L(d|u, o) = exp| —————
( |l’l ) L \/%O' p( 2 0-2
And the Fisher matrix is:
B < d0%In L > B ) 0
~ 106,006 B —Ng
a”7F Bfid 0 24




Fisher information: tells us (on average) how
informative some data d is about a parameter 6 of a
distribution, £(d|68) that models d

What if we can’t differentiate through our likelihood / statistic ?

For an arbitrary statistic Q:

aQOL -1 aQﬂ
Fij = 00, ETR AT 00;

where
0Q. _ Q6 —Q(6)
0, 0t —6-




Fisher information: tells us (on average) how

informative some data d is about a parameter 6 of a
distribution, £(d|68) that models d

curved wCDM

CFHTLenS
CFHTLenS+WMAP7

1
this is oYr objective *




Fisher information: tells us (on average) how

informative some data d is about a parameter 6 of a
distribution, £(d|68) that models d

opf/};,,-ze ,
Cramér-Rao bound: \
(60 = (02)) (65 — (65))) = Fag

Gives us a lower bound for the (average) variance of a
parameter estimate
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Extracting Info with
IMNNS N/ 7



Information Maximising Neural
Networks

can we tratn a newral network to COMPpress a wnilverse stmulation dowwn to a couple of
numbers ?

params —— summaries

See Alsing & Wandelt (2018)
arXiv:1712.00012 for why
summary space is taken to
be the same dimension as
parameter space




Information Maximising Neural

Networks

1) adopt a Gaussian likelihood form to compute our Fisher information:

~2Ine(xld) = (x = 1/8)) €' (x— 11,(8)

y

A

y

A

y

A

mean and covariance of network outputs

Charnock et al (2018) arXiv:1802.03537



Information Maximising Neural
Networks

1) adopt a Gaussian likelihood form to compute our Fisher information:

~2Ine(xld) = (x = 1/8)) €' (x— 11,(8)

2) Compute IMNN Fisher:
Fop = trltr o C ps g

3) train until Fisher information is maximised at a fiducial model

Charnock et al (2018) arXiv:1802.03537



Main IMNN Scheme

ﬂls fid

Y
completely differentiable in jax |

Makinen et al (2021) arXiv:2107.07405
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Flé er information at the Field.

J —

Overdensity Field

Field-level information is found in
fluctuations at the pixel level

level




(knowwn) theoretical field information
content (all pixels) !

2000 400 600 800 1000 1200
number of epochs

Makinen et al (2021) arXiv:2107.07405



= ABC

Gaussian Approximation

obtatn an exact Poster'wr with compressed Analytic Likelihood
stimulations |

Makinen et al (2021) arXiv:2107.07405



Final Inference

field 1 field 2 field 3 field 4

-ABC requires 12,000

simulations over prior to
obtain 350 accepted
points

-DELFI requires 4000

simulations sampled in £ 1.0 10 1.0
batches of 1000 from
posterior & 0.8 & 0.8 € 0.8 & 0.8

0.6 0.6 0.6

0.6

0.0 0.5 0.0 0.5 0.0 0.5 0.0 0.5

Q, Q. Qc Q.
I DELFI + IMNN implicit likelihood inference O B
Approximate Bayesian Computation € = 0.1 % Ohnan

e Gaussian Approximation Contours



FAR: WHERE (S THE
INFORMATION HIDING ?



Cosmic Graphs |
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oM. =B = OB catalog

Catalogs: usually a bad idea

VectorStock” VecarSiodk com/26a29335



graph

usually a bad idea

Catalogs



Cosmic Graphs

Makinen et al (2022) arXiv:2207.05202



Graphs 101

G=(V,E,u

A graph G is a tuple of nodes V = {v;}, edges, E = {ey, Sk, 1}, and global
features u

Each node and edge is a vector

Edges propagate information to nodes, via senders s, and receivers ry,



Graphs 101

Neural Networks also work on graphs !

Functions of edges and nodes can be learned with simple connected
networks:

e;c < d)e(ekru)
Vi, < ¢v(vir e’kr u)

u' < ¢ (vj, e u)



Halo graph representation

Nodes: masses (positions)

Edges: distances and
angles between halos

1. Take all halos with M > 1.5x10%5 M,

(roughly 100 halos per simulation)
2. Connect all halos within a radius

rconnect

Halos assembled from Quijote simulation suite
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Graph Neural Networks
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Fisher information: tells us (on average) how
informative some data d is about a parameter 6 of a
distribution, £(d|68) that models d

What if we can’t differentiate through our likelihood / statistic ?
For an arbitrary statistic Q = [graph:

F.. = aﬁ —1%
Y90, “*F 90

where
a.ua N .ugraph(ei-l-) - .ugraph(ei_)
00; 6+ — -




Graphs can be used in the IMNN scheme !

LIKELIHOQOD

Makinen et al (2022) https://arxiv.org/abs/2207.05202



Graphs: super modular

Where is the information hiding ?

connected graph + interaction steps  + node decoration

improved information extraction

2pt function Npt function field — level
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Invariant vs non-invariant graphs

non — invariant graph invariant graph




Graphs: super modular

nformation plateaus to the same Level

across graphs / network architectures
invariant graphs

Nint _—) Nim =3
108 | 108 l 108 |
UMM TR T S ——— (_4——1_.

100 P-Zf ——————————— 100 Prom e 100 ﬁ ———————————————————
£
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o

10* 10* 10*

102 10% 102

0 1000 2000 3000 0 1000 2000 3000 0 1000 2000 3000

non-invariant graphs

“ie

det F

 2PCF information
Tconnect = 100 MPC
Teonnect = 200 Mpc
= Jconnect = 300 MPC

0 1000 2000 3000 0

1000 2000 3000 0 1000 2000 3000
training epoch

training epoch
Makinen et al (2022) https://arxiv.org/abs/2207.05202

training epoch



Graphs: super modular

Where is the information
hiding ?

Makinen et al (2022) https://arxiv.org/abs/2207.05202
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What’s being learned ?

0.78

0.76
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graph
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What’s being learned ?

graph assembly Indet F'  epistemic aleatoric
without mass 5.03+0.47 5.98 +1.06
with mass 12.43 +1.44 12.39 £ 0.22
2PCF 9.74

without mass 17.89 +0.33 17.66 + 0.27
with mass 17.40 £ 0.57 17.85 + 0.12
2PCF 14.19
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Adding Noise

I full catalog + noise
3 80 halo finder cuts
..o OO
aos® 60
O
S\ \
o“\ oS ° 40
xO
o 20
0
1.0 1.5 2.0 2.5 3.0 3.5
m [M] x 101

Makinen et al (2022) https://arxiv.org/abs/2207.05202



Adding Noise

Makinen et al (2022) https://arxiv.org/abs/2207.05202

detFF
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2PCF information
Onoise = 0.20Mcy
Onoise = 0. 10Mcy
Onoise = 0.05SMcy
Ohnoise = 0

0

1000 2000 3000
training epoch

4000 5000




Adding Noise

= Onoise = 0.20My
= Onoise = 0.10My
= Onoise = 0.05M_y
=== Onoise = 0
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Makinen et al (2022) https://arxiv.org/abs/2207.05202



are graphs sensitive to pNG ?

Makinen et al (in

]

- graph IMNN, z=0  —— graph IMNN, z=1
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TAKEAWAYS

Cosmology is just an optimization problem !

IMNNSs can help find asymptotically lossless

statistics automatically

Using neural networks that respect symmetries
and data structures improves compression



Get the code !

CO Browser-based inference tutorial: https://bit.ly/cosmicGraphsColab

@ Blog: https://timakinen.github.io/blog/2022/09/12/cosmicgraphs

O Github: https://github.com/timakinen/cosmicGraphs



https://bit.ly/cosmicGraphsColab
https://tlmakinen.github.io/blog/2022/09/12/cosmicgraphs
https://github.com/tlmakinen/

P .,)/’
THANKS !
! \ @httos://tlmakinen.qithub.io/
. Ohttos://qithub.com/tlmakinen
i € | @LucasMakinen
>

CREDITS: This presentation template was created by Slidesgo, including
| icons by Flaticon, and infographics & images by Freepik.

Please keep this slide for attribution.



http://bit.ly/2Tynxth
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr
https://tlmakinen.github.io/
https://github.com/tlmakinen

- Steps to SBI with
) ' IMNNSs

1. Train IMNN at fiducial model

2. Simulate over a prior (one that contains your
Fisher)

3. Feed simulations through IMNN funnel

4. Perform density estimation in compression
space
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Neural Density Estimation

(e]
o .

Goal: parameterize the posterior p(0]x) < p(x|0)p(0)
with Conditional Masked Autoregressive Flows

(3) learn p(t|6)
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—— posterior
=== likelihood
prior

summaries

Alsing et al (2018): https://arxiv.org/abs/1903.00007 parameters



