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How can we measure galaxy
distances ?




Galaxy Spectrum
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Galaxy Spectrum Redshifted
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Spectroscopy

normalized flux / filter transmission
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Spectroscopy
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e High resolution view
e Precise redshift estimation
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Spectroscopy and photometry
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Multiband photometric images
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Multiband photometric images
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Multiband photometric images
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Multiband photometric images
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Multiband photometric images
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Multiband photometric images
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Multiband photometric images
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Multiband photometric images
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Multiband photometric images
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Multiband photometric images
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- Presentation Plan

e Context Of This Work : Deep rL*e"arninlgl'A"rj_d .Photqmetfic Redshifts
e First Contribution : Multi modality.For 'Ir'r.lp_rb'v'_'e'_d Photometric Redshifts

o - Second C-ontribution':‘:Applicaitio:n T-o."The' HSC Deep Survey



Context Of This Work

Deep Neural Networks

Input Data
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Convolutional Neural Networks
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Convolutional Neural Networks
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Context Of This Work

Convolutional Neural Networks
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Context Of This Work

Metrics of Photometric Redshifts

Residuals : AZ — (thot — Zspec)/(l Zspec)
Normalized Mad ( Median absolute deviation): ~ Mad = 1.48 * Median(|Az —Median(Az)|)

Outliers fraction: fraction of objects with |Az| = 0.15 (or |Az| = 0.0S for the SDSS)

Bias: Bias = Mean(Az)



Context Of This Work

Deep Leaning And Photometric Redshifts

Photometric redshifts from SDSS images using a Convolutional
Neural Network

Johanna Pasquet1 . E. Bertin?, M. Treye:r?’. S. Arnouts® and D. Fouchez!
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Redshift Estimation With Deep Learning

Experiences o n <AZ>
107° | % | 107°

Dey et al. (2021) 8.98 | 0.19 0.07

Capsule Networks SDSSr<17.8
\ P19 9.08 | 0.31 | 0.04
Self-supervised Learning \

Hayatetal. (2021) | 8.25 | 0.21 | 0.1

Improved Version of P19 - Treyer et al. (2023) 8.00 | 0.18 | -0.31

Context Of This Work



Context Of This Work

Baseline Network

SOOUS” : 2x2 Average pooling with valid padding

Treyer et al. (2023)
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First Contribution

Multimodality For Improved Photometric Redshifts

Can we improve the network
architecture to further improve the
redshift estimation quality ?



First Contribution

Input Processing ?

Correlation between the bands is indicative of the galaxy SED
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First Contribution

Input Processing ?

Channel 0 of input

02! 1 4
| | ! |
10310
S N
1 3 2 2
6 3 2 8

Channel 1 of input

314 4
24 170
1 2 0 1
4 2 1 8

Channel 0 kernel
Channel 0 feature map

—— _Il_ -
Wo | Wi 310 .
VA
W, | W,y 3 5 5 \ Processed Input Bias
) wp, 3 o g 6 1 5 b, b, b,
Linear combination +— 5 6 3 + b, b, b,
5 3 16 by b, by
Channel 1 kernel
Channel 1 feature map \ /
W, | W, 3 : 1 : 4 Feature map
! | |
) 0] 3| 2
MM 2 4o
"._-._Ew 5(0(O0
3 hob 2 1 8 Activation function
Linear combination 0] 0| 4

1

Feature Map 1

Feature Map 2

Feature Map 3

Convolution Operation

First Convolution Layer




First Contribution

Input Processing ?

Proposed Solution:
bands (Multimodality)

of small sets of



First Contribution

Generic Architecture

Common Block

e
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Block Block
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First Contribution

Npe Halities

Architecture
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Architecture

Modality Size

H B
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First Contribution

R U UG R R P

Classification Regression
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First Contribution

Architecture

Modality Order

Taking the ugrizyjhk bands as an example :

Different order and size modalities composition

Ex : 2 band first and second order modalities
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Architecture

————

Conv
5x5x(32xMs)

e Where in the network should
the processed modalities be
fused ? => Fusion Stage

First Contribution

Common Block
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| Feature Maps Fusion
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First Contribution

Generic Architecture

Fusion Stage

Y4

Common Block
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AN
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First Contribution

Architecture

Fusion Stage

Depth of Parallel Block ?

Early Fusion : 25 % Parallel, 75 % Common
Middle Fusion : 50 % Parallel, 50 % Common
Late Fusion : 75 % Parallel, 25 % Common

Depth of Common Block ?
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Multimodality

High Redshift Spectroscopic Sample : HSC - CLAUDS

Scaled transmission

CLAUDS + HSC + VIRCAM: u + grizy + jhk
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First Contribution

Multimodality

Using 2 band first and second order modalities, Early Fusion yields best results.
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Multimodality

Using first order modalities and early fusion, modalities of size two and more
produce optimal results

First Contribution
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First Contribution

Multimodality

Using 2 band modalities and early fusion, we see that First Order

modalities are the most important
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First Contribution

Multimodality

Most optimal and simplest configuration

o Early Fusion
e 2 band modalities
e First order modalities



First Contribution

r.  (AB, 50, 2" aperture)
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Multimodality

Improved metrics under various conditions
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:_cosmos DES . (whde) c . .
: o (SN-deep) ] Relative gain of
E CFHTLS HSC ] : :
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3 W (MDS) E
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= o DES Euclid I : :
C DES o wide ]
3 v Doy CFHILS o (ide e 3 baseline on a metric
: BOS PS2 =
= m 5
- Stripe82 = =
= RCS2 PS1 I
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- completed SDSS -
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Area [deg?]

Experiences o n < Az > | Count
1073 % 1073 10°
SDSS
Baseline 07.99 0.18 0.34 516.5
Multimodal | 07.85 0.16 0.31 516.5
G(M) 1.74% | 10.88% 6.28% -
Pvalue 0.0 0.0 0.0 -
CFHTLS
Baseline 16.01 0.85 0.22 108.5
Multimodal | 15.35 0.79 0.29 108.5
G(M) 4.13% | 7.22% | -24.05% -
Pvalue 00 00002 0.15 -
HSC-6b
Baseline 09.14 1.25 1.97 46.8
Multimodal | 08.87 1.20 1.63 46.8
G(M) 2.96% | 3.94% 17.33% -
Pralue 0.0 0.0575 0.04 -
HSC-9b
Baseline 08.41 1.24 1.58 33.1
Multimodal | 07.60 1.19 1.64 33.1
G(M) 10.1% | 3.67% -3.1% -
DPvaiue 0.0 0.11 0.40 -
HSC-9b with 3DHST redshifts
Baseline 14.44 2.46 13.28 2.2
Multimodal | 13.88 2.37 10.6 2.2
G(M) 3.93% | 3.71% 20.19% -
Proalue 0.069 0.27 0.10 -
HSC-9b with PRIMUS redshifts
Baseline 12.34 2.66 11.84 15
Multimodal | 11.38 1.85 09.23 15
G(M) 1.74% | 30.4% 22.01% -
Pvalue 0 0 0. 0 0 0
HSC-9b with COSMOS2020 photometric redthftq
Baseline 12.01 1.01 8.74 43.7
Multimodal | 11.46 0.83 6.82 43.7
G(M) 4.57% | 17.08% | 21.97% -
Pvalue 0.0 0.0 0.0001 -




First Contribution

Multimodality

Relative gain based on available photometric bands

Outlier Fraction
12 MAD
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Multimodality

Performance using different network depths
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First Contribution

Multimodality Dropout

Multimodality

r I
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i ) : Convolution with valid padding

(7  :Inception Block
SSOCT 1 2x2 Average pooling with valid padding

1 | : 2x2 Average pooling with same padding



Multimodality

Multimodality Dropout

one modality dropped at test time
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Contribution Published : Ait-Ouahmed et al. 2023. ARA

o Introduction of simple yet efficient method to
optimize CNN redshift estimations
e Multimodality improves redshift estimation precision
independently of the dataset and the CNN depth
e Multimodality achieves new state of the art redshift
precision on the SDSS MGS.
e Multimodality dropout allows to isolate the effect of

bands correlation and study it.



Second Contribution

Application To The HSC Deep Survey

What challanges for a realstic
application tackling the needs of
current and futur deep surveys ?



Suilding A Realstic Dataset

Previous application was not realistic
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Second Contribution

A Realstic Dataset

COSMO0S2020 For faint sources

e 30 band photometric redshifts from Weaver et al. (2022)

e 4 different photometric redshifts were estimated based
on different SED Fitting methods

e The mean and standard deviation of these 4 redshifts are
computed, we retain the ones satisfying : o(z) <0.1(1 + 2)




A Realstic Dataset
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Second Contribution

A Realstic Dataset

Merging and smoothing

Using Self Orgnizing Maps,
spectroscopic sources are merged
with cosmos2020 optimizing
representativity and label quality
Smoothing using the Kernel
density estimation technique
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Second Contribution

A Realstic Dataset

Merging and smoothing

e Using Self Orgnizing Maps,
spectroscopic sources are merged
with cosmos2020 optimizing
representativity and label quality

e Smoothing using the Kernel
density estimation technique

Result

Realistic representative dataset with
best redshift labels available
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Results

Good Overall Cross Validated Performance

MAD Outliers Fraction Bias
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Initial Results

N(z) Retrieval Performance

Cross Validation Results
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Results

N(z) Retrieval Performance

Inference on unlabeled set Results
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Second Contribution

Problem

Different image acquisition conditions
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15 15
14 14
13 13
12 12
11 1
10 10
] 9
o o
= =
[} o
8 8
7 7
6 [+
5 5
4 4
L L T et 3 3
perstppap et A LV =
e R 2 L6t ; . N - . . . 2
1486 1488 14%0 1492 1494 1496 1438 1500 1502 150:4 150:6 150:8 1510 1512 1514 1516 05 3510 BL5 352.0 /25 3530 3535
RA
56:8 15 5
i34
566 14 14
S6ed - i 36
13 13
562 i 38
L 12 12
60 i &0
55:8 1n 11
i 4.2
556 10
. F 1
- ;44 ]
55:2 3L a6 ¢ .
= Lid =
(] [a] ]
550 | 8 ja8 R 8
54:8
7 i 50 7
546 |
|52
514 5] 7]
54
54:2 | 5 ! 5
54:0 + i 96
4 4
538 Fi=:]
3 3
>0 L ek 60 H :
53_-4 2 --||I.-.|I1||l-.|I-||n-||l-‘|-‘||I.-I.’-|Ll.'|'.ﬁ'llf-‘;-—-f’l.ll-.ln.|.n-||l.||;-;||l-.--
- - - - - aa - - - - - - - - - - - - - T30 AN AT A OTAE AL OICN OTETT OICA OTCE OTIEO TR DT WA OWEE DL TIRN OTTTYOTFTAOTTGR



‘Second Contribution

Problem
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Second Contribution

Problem

Train on one field and infer on others (COSMOS Ultra Deep)
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Second Contribution

Problem

Train on one field and infer on others (COSMOS Ultra Deep)

MAD
o o
=] (=]

XMM Deep

XMM Ultra Deep
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6 Band Multimodaly
9 Band SED Fitting

—e— 6 Band Multimodaly
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~e— 6 Band Multimodaly xmm ultra deep out

| Issue : Network unable to generalize |
i to other fields when trained on a ’
calibration field
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Solution

Adversarial Domain Adaptation

Origins : Generative Adversarial Networks (GANS)
Goodfellow et al. (2014)

Generator

B
Fake
Images

Discriminator

Real

——> Or
Fake ?




i Input Modalities

N
I Source Domain

Adversarial Domain Adaptation,
The Architecture ey e

Solution

Target Domain

: Modality size (number of channels)

: Convolution with same padding
: Convolution with valid padding

: 2x2 Average pooling with valid padding

[ .

S ovon
N

2

96 dimensions
I — latentspace !} TTTEEEES
WJ FC512

=] =T

Classification Regression
Block Block
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i Input Modalities

' N

-}— Target Domain
F Source Domain

Solution

Conv
SxSx(32xMs) Bx5x(32xMs)

Potential issue : Negative Domain
Transfer

: Modality size (number of channels)

. Convolution with same padding

: Convolution with valid padding

. 2%2 Average pooling with valid padding

Source Domain Target Domain T = |
& G o) el
[ Conv3xax96 | e o

e

____________

e indistinguishable representations — e
FC 512
=]
Classification Regression
Block Block

Network encouraged to produce
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i Input Modalities

' N

-}— Target Domain
F Source Domain

Solution

il

5x5x(32xMs)

Two Steps Fix:
1 - Guided Batch Selection — __

)

- Modality size (number of channels)

. Convolution with same padding

: Convolution with valid padding

. 2%2 Average pooling with valid padding

Source Domain Target Domain D ' i

____________

__________________________

---------

____________

%7 For each source image, a corresponding target image \
g’ is selected based on photometric magnitude M °) mensions g

| i
=7 =

Classification Regression ~ TTTTTTTTmTTTTTOOo
Block Block




Second Contribution

Solution

Two Steps Fix:

1 - Guided Batch Selection e QN N
2 - Pairing The Selections

Discriminator Input

_________

Source Domain  Target Domain " Gonv s |
[ _Comv 3535 |
: : : SRS
== The selection are paired at the input of the I
g, discriminator, which has to estimate if a pair comes — 7 menions
from the sam field or not
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Block Block
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Input Modalities

}7 Source Domain

—————

- Modality size (number of channels)
. Convolution with same padding
: Convolution with valid padding

. 2%2 Average pooling with valid padding
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Solution

XMM DEEP as a study case

Negative Transfer Solution

Training on COSMOS Ultra DEEP, Infering on XMM DEEP
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Proposed Solution

XMM DEEP as a study case

Classical Cross Validation Results

(Not relaiable at faint magnitudes)
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Solution

XMM DEEP as a study case

Good N(z) Retrieval Performance With DA
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Solution

Independent Performance Test

[O11] Emission line galaxies selected from narrowband observations at redshiftz=1.47
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Contribution In Writing For Publication

e Charecterization of the Domain Mismatch Problem
For CNNs In Deep Surveys
o Adapted Solution using Adversarial Domain
Adaptation For Training on A Calibration Field And

Genralizing to other fields






