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We want to compare 1D vs. 2D statistics

1D statistics

image into a single-dimensional summary (global pixel

properties), 3

compression is less informative, 2pt, PDF, ..

High number of data vector entries.

2D statistics

includes spatial correlations between pixels (global
pixel properties + patterns),

compression is more informative,

Number of entries matches probed parameters.
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Understanding CNNSs

How a CNN extracts features from a map How a CNN maps WL images into cosmological parameters

filtering =
Residual Layers

feature map 1 paling =
down-sampling

=
'8

pooled

convolution

filter 2 feature maps

e
. T

Downsampling

Fluri et al. (2019)

1. A small filter (kernel) slides over the 3. Pooling reduces spatial size while keeping the strongest
map — feature map. features.

2. Each filter detects a different pattern 4. Pooled feature maps — flattened 1D vector — dense layers —
(edge, blob, peak, filament). outputs (e.g., cosmological parameters).
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We want to compare two likelthood approaches: ELI & LFI

Gaussian Likelihood

(ELI) requires:

1. Data covariance matrix,

2. Explicit Likelihood model

(LFI) requires:

1. NO Data covariance matrix,

Learned (approx.) Likelihood

2. NO Explicit Likelihood model L(0) = P(d|0) =~ qy(d|0)

+(d | 8) = NeuralDensityEstimator ( {(6;, dflm)}fil

3. Comprehensive training sample
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We want to compare two likelthood approaches: ELI & LFI

Bivariate Normal Di urface plot — frequentist
— emcee
— pymc
— pystan

Theory / Numerical predictions + Theory / Numerical covariance

!

Gaussian / Non-Gaussian likelihood

)

ELI

A 4

MCMC
\J

Parameter inference

Likelihood of Normal Distribuiton

Multivariate Gaussian Likelihood Gaussian Posterior
(Jake VanderPlas 2014)

Theory / Numerical predictions for /N cosmological nodes

1

Compression into lower-dimensional space

\
NDE training (80% of N) + validation (10% of N) + test (10% of N)

LFI "

A 4

Log probability

Learned posterior

d
MCMC (optional)
1

Parameter inference

Neural Density Estimators Learned Posterior
(LtU-ILI package) (LtU-ILI package)
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test: CNN from gammal2 maps

OmP®d = 0.9496 x Om"™“ + 0.0177 5ig8P™d = 0.9587 x sig8"“* + 0.0328

€p el TR » | WA % ] MOPED
b ‘ G L AS S" Parameter piors & n(z) 1 < ' N 0>
N e Fint - P, NN NN-compressed shear-2PCFs

shes

et DR3-like : ;
N. Tessore et al. (2023) :
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We perform multiple LFI calibration tests

NDEs trained for multiple intial conditions Reconstructed Posterior
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TARP: is each posterior confidence level calibrated? PIT: is the full posterior coverage calibrated? Predictive test: do we recover the true parameters?
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We 1nvestigate optimal NDEs for LFI via a grid-search approach

MDN, MAF & NSF
with hyper-
parameters
exploration
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[921 nodes]: 5 NSF Completely

[1843 nodes]: 5 NSF automated and
[2765 nodes]: 5 NSF versatile

[3687 nodes]: 5 NSF
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! more calibrated Higher the training
higher fidelity —
nodes, lower the
3.0 3.5 ; . . : differences
Validation mean log-probability
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We quantify the presence of non-Gaussianity 1n the likelthood

MOPED Residuals NN Residuals

binl

o MOPED is mildly
gaussian (second
bin skewed)

o NN shows strong
(Dj- o, D, - wlo, non-Gaussianity
KS = 0.004 KS = 0.050

== KS.u = 0.010 ——= KS. = 0.010
PASS FAIL

Ks = 0.067 KS =0.081
——= KSent = 0.010 --= KSerit = 0.010
FAIL FAIL
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We test two different compression schemes: MOPED & NN

ELI | Compression: MOPED vs NN | shear-2PCFs

#----- MOPED
— Qm=0.25733038
Sg=0.8183-918

Qm=0.299+3114
Sg =0.772+3:339

LFI | Compression: MOPED vs NN | shear-2PCFs

— Q, =0.299+333]
Sg =0.801+3:912

Qn,=0.305+3935
Sg = 0.803%0 013

NNRJGCELS
Gaussian
Likelihood
approximation

Compression
methods matters
for ELI

LFI preserves
more information
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We 1nvestigate noise and cosmic variance impact on posteriors

ELlI MOPED Shear-2PCFs LFI
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Relative bias [Q]
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Realization ID Realization ID

® Median B Mean A MAP ® Median B Mean A MAP

Consistent trend: the noise shifts the ELI & LFI posteriors in the same direction
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We compare shear-2PCFs and CNN (null test)

LFI | Null test: shear-2PCFs vs CNN

shear-2PCFs
— Qm= OZSYtESEE

Sg=0.818+0018 shear-2PCFs (MOPED) o ELL
NN (oo i — ) 0:29G10:037

(y1y2) - Sg=0.8013013

8 Vs —-0.016

Qp = 0.27218838

Sg=0.781+3939 1 CNN (y1y2)

o impact of MOPED

Qn = 02794418 compression and

5q=0.786%5 018

CNN-covariance
D5 B8 =

o Consistent S8
constraints

o CNN better
constrains (1,
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We quantify agreement of ELI & LFI posteriors

ELI vs LFI | MOPED | shear-2PCFs ELI vs LFI | MOPED | shear-2PCFs [ bin-0 only

— Qn=0.257+39%8
Sg=0.81873 938 ELI (MOPED, bin-0 only) ----#
— Qm=0.253311]
——f So = 0.806+0'024
Qm=0.299+9:937 \ 8 —0.031 @) ELI matCheS LFI
Sg = 0.801:3012 #----- LFI (MOPED, bin-0 only) when:
Q= 0.296+315]

#-— LFI (MDN) Se = 078614033

= Qm=0.300*7.94¢ )
Sg = 0.803+0021 o Retained
bins are

Gaussian

L |
| /ﬁ\\ - o Emulation is
|

\

— accurate
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Conclusions & Perspectives &

ELI and LFI give consistent results when the Gaussian likelihood holds and emulation is accurate
Non-Gaussianity and emulation in the compressed summaries can limit ELI approach

The impact of noise on the posterior is consistent in ELI & LFI

Impact of non-Gaussian information needs to be addressed when comparing ELI vs. LFI

Higher dimensionality of parameter space and systematics should be investigated
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We check emulator accuracy on each compressed bin

MOPED Shear-2PCFs

Bin 0 | cbar: sigma8

200 9| —Fit: a=0.837, b=5.13e-03
VWARN

VWARN

GP prediction
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We 1nvestigate noise and cosmic variance impact on posteriors

ELI: Shear-2PCFs MOPED - ELI: Shear-2PCFs MOPED -

shear_2pcfs — Posterior across 20 realizations (Omega_m, S_8) shear_2pcfs — Posterior across 20 realizations (Omega_m, S_8)
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We 1nvestigate noise and cosmic variance impact on posteriors

ELI: Shear-2PCFs NN - ELI: Shear-2PCFs NN -

shear_2pcfs — Posterior across 20 realizations (Omega_m, S_8) shear_2pcfs — Posterior across 20 realizations (Omega_m, S_8)
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We 1nvestigate noise and cosmic variance impact on posteriors

LFI: Shear-2PCFs - NOISY LFI: Shear-2PCFs /I - NOISY

E samples0
samples1 samples1
samples2 samples2
sampl samples3

samples4
samples5 samples5

samples6 | fampl 256
sampl samples7

samples8 samples8

samples9 samples9

samples10 samples10
samples11 samples11
samples12 samples12
samples13
samples14
samples15
samples16
samples17
samples18
samples19

samples16
samples17
samples18
samples19
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We check non-Gaussianity of the likelithood

ELI — mean / mode

1000

0.998 0.996

Og (true targ

0.999

--0:999

0.992

(true target)

— mean [ mode

1.001 1.002

0g (true

1.003

(true target)

-0.040 -0.032

-0.045

-0.056-

(true target]

0.761

Qp, (true target)

0.003 -0.177

0.007 0.004
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We check non-Gaussianity of the likelithood

Oy (true targe

0.993

0.999

Statistic

ELI — mean / mode

0.992

0.997 0.999 1.000 1.000

-0:999 - - - -0:999--

0.997

0.988

0:999

0.996

0.998 0.999 0.999

Q,, (true target)

LFI — mean / mode

0.995 0.996

0.998

Qy, (true target)

(true target)

1D likelihood moment diagno
cfs | Compression: MOPED |

-0.108

Oy (true target)

ELI — skewness

=0.054

-0.621

300-pt sweep | Dashed = fiducial «

ess kurtosis

-0.006 0.007

2.069 20612

0.717 0.208
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We compare ELI vs. LFI posteriors for other statistics

Noisy Field - MOPED - kappa_ 1pdf — (Qp,, Sg)

A

ELI (S B) ---
FoMs:

S8 space: 441
Param medians +
Om=0.435+5933
55 = 0818503

LFI(5_8) -
FoMs:
S8 space: 254
Param medians +
0 =0.325+548
S5 =0.811758%

Target Cosmology

Noisy Field - MOPED - kappa 2mom — (Q;,, Sg)

/

#—— ELI (S 8)
FoMs:

S8 _space: 816
Param medians +
QO =0.403:5:553
S5 =0.795700%¢

#-——- LFI (5_8) —
FoMs:

S8 _space: 398
Param medians +
Q= 0.28273123
55 =0.79920817

Target Cosmology

Noisy Field - MOPED - shear cls — (Q,, S3)

/\

ELI (S 8)
FoMs:
S8 _space: 522
Param medians =14
O = 0.3007 5138
Sg=0.79223917
LFI(5_8)
FoMs:
S8 _space: 510
Param medians +14
O =0.351+5038
Sa=0.78140%18

Target Cosmology
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We compare ELI vs. Cramer-Rao limit

ELI vs LFI | MOPED | shear-2PCFs Fisher 10 — (Qm, Ss)

[E+:6=900V, Cp: | =1536]

Qm=0.257*8:333
Sg=0.81813938

LFI ——#
Qm=0.299%5:03]
Sg=0.801+3812
#-—-- LFI (MDN)

" Qm=0.300%3:0%2
Sg=0.803+3931

£ ar

FoM=225.2, oo _=0.1133, &s,=0.0403 FoM=537.4, on_=0.1816, os,=0.0273

i- Pik)

FoM=274.1, on_=0.2244, 0=, =0.0366 FoM=4143, g _=0.0924, o5 =0.0272

FomE £, mi_aliaPik)

FoM=572.6, on_=0.1085, o =00214 FoM=1444 2, on =0.0753, 05,=0.0134
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