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Intro Data Selection Quasar LF Discussion

Quasar Luminosity Function (LF)
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= Alot of studies give efforts to construct quasar LF at various redshifts
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Quasar Luminosity Function (LF)
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—> The discrepancies between the quasar LFs at high redshift exist in the faint regime
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Contamination sources of quasar survey

* The contamination of M-dwarf stars and high-z galaxies makes it difficult to select
promising quasar candidates
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—> The need for new attempt to separate high-z quasar from other contamination sources

-> Deep learning and ABIC calculation
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Merits of Deep Learning

= known as great solvers to classification problem

= Use criteria in multi-dimensional space

Enable us to separate objects based on non-linear boundaries

Optimize these boundaries by decreasing a loss

Computing time for DNN selection is much shorter than SED fitting

Linear boundary Non-linear boundary plane
on the color-color diagram (2D) in the multi-dimensional space —1 0 1 2

Discussion

Kojima+20
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Merits of ABIC calculation

Bayesian information criterion(BIC) = —2InL + klnn
ABIC = [-2InL + klnn] gyqrr — [-2InL + kInn] g46q- (> 10 : very strong)
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—> Efficient to discern quasar-like candidates from M dwarf contamination
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- Using the Deep layer of HSC-SSP (PDR2) : i,z

- make our quasar LF ~ 1.0 mag deeper than previous quasar LFs

~ 26.7 (5-0 depth), Area ~ 26 deg?
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Quasar candidates selection

Pre-selection
(1) 19.0 < ipsp < 2:0 and o;,psp < 0.2 —> Reliable photometry
(2) ipsF — icModel < 0.2 —> Point source selection- exclude extended local galaxies
¥

-> Red objects

(3) SNR(g) < 3 OR gpsr — rpsp > 0.987

2

(4) Deep learning classification
- ‘gqso’ 1 quasar SED models at 4.5 < z <

5.5
- ‘ngso’ : sources satisfying process (1) and (2)

¥

(5) SED fitting and ABIC calculation: quasar or star

¥

(6) Visual inspection

¥

(7) Mias0 < —22.0 mag
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Deep learning (DL)

Selection

Quasar LF

Discussion

Input Hidden Output Confusion matrix
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- Classification: i-band-detected Point sources (ngso) vs quasars at 4.5 <z < 5.5 (gso)
—> DL can make criteria in multi-dimensional space (g-1, r-i, i-NB816, NB816-z, z-NB921, NB921-y)
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ABIC calculation

SED fitting using quasar and star models
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The quasar LF
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- How to check the efficiency of our quasar selection process ? Contamination & Recovery
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Galaxy contamination

Using spectroscopically confirmed galaxies and AGNs at z = 4-7 from HSC-SSP (Ono+18)

All observed fluxes of QSOs/LBGs are normalized to their i-band fluxes
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» Niida+20 Color selection =2 3/8 (4.0 <z < 6.0)
= Deep learning & Bayesian statistics 2 1/8 (4.0 < z < 6.0)
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Quasar recovery of our selection

One quasar and three promising candidates in Shin et al. (2020)
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- Recover known quasars (5/6) and promising candidates (2/3) in the survey

- Without multiwavelength data, we could miss quasars (2/9 ~ 22%)

Discussion
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Confusion matrices for two methods

Using quasar models at z=4.5 - 5.5 as a test set

Deep learning Color selection (Niida+20)
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—> Color selection is only effective for finding quasars at z=4.7 - 5.1
- Low FPR (~ 0.5%) & Higher TPR (~ 99.7% vs. 31.3 %) of Deep learning



Summary

Shin, Im & Kim, submitted
= Searching for faint quasars with -26 < M ;450 < -22.0 (i ~ 24.0 mag) atz~ 5
over an area of 16 deg? using the optical imaging data only

= Adopting deep learning technique to efficiently select quasar candidates from
non-quasar objects

* Performing SED fitting using quasar and star SED models

= Comparing the fitting results via Bayesian information criterion (BIC)
calculation to select quasar-like objects

* Building the quasar LF with 5 confirmed quasars and 30 promising candidates

and obtaininga = —1. 611’8%

* Our selection can minimize galaxy contamination and also maximize the quasar
recovery compared to conventional color-selection.



