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& The most luminous sources of the Universe =~~~

Host galaxy

Dusty torus

Accretion disk

Credit: T. Miiller / MPIA
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‘The reionizationera .~ .

Years after the Big Bang
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Challenges of high-z quiasar discovery

e <1 QSOsperGpciatz>6
e Overwhelming contamination by brown dwarfs and even not real sources...

gim = 24.74% 1.09 [mag]riim = 24.89+ 2.53 [mag] i=23.91+ 0.13 [mag] z= 20.31% 0.01 [mag]

z = 20.14+% 0.01 [mag]

&

Best QSO model at z =7.029 (x? = 817.42):

Cosmic rays and artifacts are not
—— 99,72 % fsps_4590
0.28 % Sey2_template_norm funy flagged On Catalogs

Best brown dwarf model (x? = 945.31):
Teff 1200.0_logg_3.5 logZ_+0.75

Observed photometry
Predicted photometry

fy [10719 erg/s/cm?]

U
o

Traditional selections are biased towards bright,
blue QSOs.. and still contaminanted by artifacts.

Aobs [,um]

Martinez-Ramirez et al. 2026
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Input catalog: DESI | Known sources:
Legacy survey DR10 - i Quasars

M/L/T dwarfs
Gaia stars
New quasars (Martinez+26)
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Contrastive learning for high-z quasar selection

By selecting candidates from a region in the latent space already populated by known quasars, CL leads to the

Discovery of 16 new QSOs with CL!

LS J2155-5111 (z = 6.45)
Best model: Onorato2025

LS J0104-6857 (z = 6.38)
Best model: strong Ly-a

LS J2223-3815 (z = 6.36)
Best model: weak Ly-o

LS J2301-1530 (z = 6.32)
Best model: median Ly-a

LS J1130+1420 (z = 6.28)
Best model: median Ly-«

LS J2037-5152 (z = 6.25)
Best model: strong Ly-a

Fa (10717 erg/ cm?/ s/ A)

LS J1435-1053 (z = 6.13)
Best model: xqr-30

L5]J1332+1102 (z = 6.11)

Best model: weak Ly-a

LS J0208-6647 (z = 6.09)
Best model: strong Ly-a

LS J1035-0515 (z = 6.09)
Best model: weak Ly-a

L5)2011-4436 (z = 6.08)
Best model: weak Ly-a

e, L
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LS J0006—-7935 (z = 6.21)
Best model: xqr-30

LS J1451-0445 (z = 6.16)
Best model: xqr-30
DESI DR1 spectra

Martinez-Ramirez et al. 2026

7500 8000 8500
Observed wavelength Agps (4)

LS J1330-4025 (z = 6.07)
Best model: strong Ly-a

LS J0139-5209 (z = 6.05)
Best model: Onorato2025

LS J1141+1006 (z = 5.94)
Best model: weak Ly-a

Observed wavelength Agps (A)

45% sucess rate on spectroscopic follow-up!




Contrastlve Iearnlng for hlgh z quasar selectlon
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tc"“traS“"e learning for high:z quasar selection =

Suitable method for the Euclid
‘search of high-z quasars!




KCOntrastive learning for high-z quasar selection =

Suitable method for the Euclid
‘search of high-z quasars!

| g Contrastive learning benefits from a large bach size. N

Limited by computational resources! -~
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~ Momentum contrastive learning (MoCo) =

o “3:\ Euclid Preliminary!
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Catalog-based preselection

Contrastive ' ' 1 QSDS
learning 7 .
Brown dwarfs

lel Praliminze oy




_Mbment"umi (_:pntyrastiv'.é‘ ,Ieérn.ing (MoCo)

Catalog-based preselection

noise (27496)
cluster 0 (1187)
cluster 1 (262)
cluster 2 (234)
cluster 3 (255)
cluster 4 (1206)
cluster 5 (10389)
cluster 6 (812)
cluster 7 (517)
cluster 8 (211)
cluster 9 (3320)
cluster 10 (1439)
cluster 11 (5655)
cluster 12 (181)
cluster 13 (2259)
cluster 14 (457)
cluster 15 (6783)
cluster 16 (168)
cluster 17 (768)
cluster 18 (3912)
cluster 19 (1435)
cluster 20 (2444)

Contrastive
learning

UNIFORM MANIFOLD

UMAP

APPROXIMATION & PROJECTION

\__, — HDBSCAN N




_Mbment"umi (_:pntyrastiv'.é‘ learni ng (MoCo) =

Catalog-based preselection

noise (27496)
cluster 0 (1187)
cluster 1 (262)
cluster 2 (234)
cluster 3 (255)
cluster 4 (1206)
cluster 5 (10389)
cluster 6 (812)
cluster 7 (517)
cluster 8 (211)
cluster 9 (3320)
cluster 10 (1439)
cluster 11 (5655)
cluster 12 (181)
cluster 13 (2259)
cluster 14 (457)
cluster 15 (6783)
cluster 16 (168)
cluster 17 (768)
cluster 18 (3912)

7z~7 Quasars! cluster 19 (1435)
¢ cluster 20 (2444)

Contrastive Q. . g

learning
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UMAP
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Thezoo of MoCoclusters .~~~ .13
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Drivers of the embedded space

Gradient in brightness and colors

837 428 673 504 302

164

Morphology influences too

4




Opportunities to push the redshift frontier

SED fitting for prioritization

Best QS0 model at z =7.63 (¥* = 0.36):
Best brown dwarf model (¥ = 4.97):
T3 6

B Observed photometry
Pradicted photometry
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L“ Euclid Preliminary!




'simcLR'vs MoCo

Py

Brown dwarfs

. Ef_fe'ctS of'large'r negative pairs!

—— SImCLR le4dbs 128w
—— MoCo 256bs 128w 8192qs

Brown dwarfs |=5

Contrastive loss

Comparable after
~100 epochs

| | ‘But MoCo representation:

MoCo converges faster. | | | SRRt | |

' ~» Has more clustered quasar population

_ | | | - . | » is highly informative with clear effects of
. Lﬁ Euclid Preliminary! | ) morphology and environment
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TAKE HIJME MESSAGES

e The era of large photometrlc and spectroscoplc surveys prowdes unprecedented opportunltles |

for astrophysical data mlnlng

o Self supervised machine learning prowdes a powerful label- efﬁcrent framework for hlgh z
quasar searches beyond the Ilmlts of tradltlonal selectlons CL is a very promlsmg avenue| |

e The-first 4AMOST spectra and |nd|V|duaI campalngs aIready vaIrdate the hlgh Z selectlon :
strategies, with 28 quasars conflrmed at4.8<z< 6 6. R |

« While labels guide interpretation, the Iatent space can reveaI both known populatlons and rare |

astrophysical objects.

-/

Stay tuned for future quasar discoveries!

17
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Contrastive learning flavors

CMC MoCo vl SImMCLR BYOL CLII

Contrastive

_ Loss Contrastive
Contrastive Contrastive <= Loss

Contrastive Loss Loss

Loss i

!/ N\
Z{]’ Zl" ZZII'
+ + +
Zy , 21 ,Zy ...

T

CNN Language Visual
fe(w)
Momentum

Onli
Encoder niine

f f

+ +
xi+j! xj+j 7 M Xis Xj

f Encoder Encoder

+

- = » No gradient update z; target representation z; parallel network's representation x, x" input element and positive pair

+

z;" target's pair representation k; saved key representation f, g, h Trainable functions

Huertas-Company et al. 2023
More negatives,

stable training
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~ Selection pipeline with'simCLR -~

Contrastive

QSO0s (literature compilation)

L dwarfs (literature compilation)
T dwarfs (literature compilation)
M dwarfs from West et al. 2011
Stars from Gaia DR3

New QSOs from this work

Embedded euclidean x

learning

Redshift

l 7.0

- 6.8

fi [1071° erg/siem?]
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e VHS DR5 + VIKING DR4 + UKIDSS DRI

e NeoWISE + unWISE

Prioritization of the candidates

Best QS0 model at z =6.096 (y* = 92.06):
- 5.61 % Sey2_template_norm

94,39 % Q501 _template_norm

Best brown dwarf model (y° = 542.21)

Teff_850.0_legg_3.5_legZ_-2.0

Observed photometry

Predicted photometry

/ﬂ Spectroscopic follow-up




Templates in Eazy-py

Sonora templates

TRDS Pickles Atlas, AMES-Cond, AMES-Dusty, NextGen

sp_t2000g1000nc_m0.0.gz
sp_t450g10nc_m0.0.gz
sp_t425g31nc_m0.0.gz
sp_t575g1000nc_m0.0.9z
sp_t525g1780nc_m0.0.9z
sp_t325g562nc_m0.0.gz
sp_t1400g316nc_m0.0.gz

Solar-metallicity Sonora
(Marley et al. 2018)

428 cloud-free, solar composition,
solar C/O substellar models

SpeX Prism Library
(Burgasser et al. 2006;
Burgasser 2014): 365
spectra

T dwarfs templates Meisner+21

M5_3.txt
L5_24.txt
L3_3.txt
L4 7.txt
—— T1_3.txt
—— LO_4.txt
L5_1.txt
—— T6_11.txt

Interpolated with

Rayleight and Wien tails

Lowz Library

(Meisner et al. 2021)

8402 grid of low-T, low-Z model
atmosphere spectra computed logZ_-0.25
by ScCCHIMERA

logZ_-1.5
logZ_-0.25
logZ -0.5
logZ_-2.5
logZ_+0.0
logZ_-0.5

M82_template_norm.sed
Sey2_template_norm.sed
S0_30_QS02_70.sed

gh_s180 30 pl TQSO1 70c.sed
pl TQSO1 template norm.sed
gh_s800_40_pl_TQSO1_60c.sed
122491_80_TQSO1_20.sed
122491_40_TQS01_60.sed
S0_90_QS02_10.sed
S0_40_QS02_60.sed

Wavelength [A]

104
Wavelength [A]




Selection pipeline with simCLR

Normalized counts

Z=06.38
Best model: Onorato2024

Z=06.25
Best model: Onorato2024

Z=06.09
Best model: strong Ly-a

l

Z=6.07
Best model: strong Ly-a é Narrow Ly—a |ine
I gy

6500 7000 8000 8500 9000 9500
Observed wavelength Agys (A)

N
o
i

—— Banados et al. (2016)

T Martinez-Ramirez+25

= Diamond-5tanic et al. (2009)

Weak emission-line
quasars

//

o

Heavily contaminated by
Tdwarfs

1.0 1.5
log EW\yq 1 nv(A)

Martinez-Ramirez et al.. (2026)
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Priotization of the candidates

/ \ + photometric redshift estimation

Ancilliary data
e VHS DR5
VIKING DR4
UKIDSS DR11
NeoWISE
unWISE
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“The high-z subsurvey in ChANGES

HIZ sub survey

ChANGES (2268206 targets)
o Exclude low-latitude sky (AV < 0.5)
o ~200 AGN/deg?2 all-sky
e ~500 AGN/deg2 WAVES

50,033 targets

10° 10? 102 103
Object count per degree?

~75% completeness goal



Ultracool dwarfs discoveries
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SIMCLR applied to othér wide-field surveys

e Preliminary test with wide HSC-SSP DR3

Cumulative fraction enclosed
50% 25% % Redshift

e el = e e =
O B N W B W

e Discoveries with 4AMOST based on LSDR10
¢ First attempt to include VHS and WISE imaging

>
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Downloaded K Cropped K Adaptive with Hann Adaptive with Gaussian Interpolation Exact reprojection

o N w s O~ 0 W

QSO0s (literature compilation)

L dwarfs (literature compilation)
T dwarfs (literature compilation)
M dwarfs from West et al. 2011
Stars from Gaia DR3

Downloaded W1 Cropped W1 Adaptive with Hann Adaptive with Gaussian Interpolation Exact reprojection

ededidid d

2 4 6 8
Embedded Euclidean x




& Momentum Contrastive Learning

iINfONCE: dot product similarity,
queue of negative pairs considered

from
updating encoder

momentum

encoder slowly update
O =m- 6 + (1 —m) -6,

encoder

NT-Xent (simCLR): cosine
distance similarity, negative
pairs limited to the batch



Hyperparameters for MoCo

—— Sim CLR — MoCo 64w 8192qs
MoCo 32w — MoCo 64w 16384qs
— MoCo 64w — MoCo 64w 32768qs

— MoCo 128w

7))
n
L=,
v
>
'
n
o
—
E
c
o
o

—— MoCo 512bs 128w 16384qs
—— MoCo 256bs 128w 16384qs

Contrastive loss




Lpre"mi“afv results of MoCo applied to DR1 data =

Good candidates are
there, buried in the data

Many artifacts are not
properly flagged!

QSOs and BDs

' are here
Sources with

companions




Morphologies in DR1 latent space

3313 5192 2550

B624 14999 18141 19161 17238 13555 5010

10596 13077 13322 14549 16514 19245 19764 16685 10857
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L
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Mean images (R=J, G=Y, B=l)
0.0 2.5 5.0 . 10.0 12.5 | | . , | |
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UMAP X '
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Some z > 8 quasar candidates from DPS

ID: 4339 _71093 | RA:
151.188632 | DEC:
68.740001

proba: 0.9276 | z ml:
8.6168 | mag J:
22.8783

ID: 1330 26734 | RA:
200.660017 | DEC:
69.077079

proba: 0.9229 | z_ml:
8.3509 | mag J:
23.0914

ID: 4322 18126 | RA:
161.395789 | DEC:
73.206787

proba: 0.8339 | z ml:
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