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Abstract

Luminous quasars at z > 6 are key probes of early supermassive black hole (SMBH) growth, massive galaxy evolution, and intergalactic medium properties during cosmic reionization. However, their discovery is very challenging due to their scarcity and overwhelming contamination. Foreground ultracool dwarfs (UCDs) outnumber z > 6 quasars by 2–4 orders of magnitude. In this work, we leveraged the extensive coverage of DESI Legacy Survey DR10 to conduct a self-supervised search for quasars at z > 6, directly analyzing multiband optical images and minimizing the biases of the traditional catalog-driven color-color selection criteria. By applying a contrastive learning (CL) method followed by spectral energy distribution (SED) fitting prioritization, we identified 1139 high-priority quasar candidates, for which we expect a competitive 1:1 quasar-to-UCD ratio based on the literature samples. We spectroscopically confirm 16 new quasars at z = 5.94 − 6.45, achieving a 45% success rate. Remarkably, all 16 objects are relatively bright (M1450 < −25.5) quasars, including several with unusual properties such as narrow Ly[[INLINE10]] emission (FWHM ≲ 2600 km s−1), strong Ly[[INLINE13]]+N V emission with an equivalent width > 100 Å, and a mild observed-frame red near-infrared (NIR) continua (z − J > 0.4). Notably, three of them would have been missed by traditional color–color selections. These results highlight the power of self-supervised machine learning, combined with SED fitting prioritization, to uncover rare, distant sources beyond the limitations of conventional techniques. Our approach offers a scalable and robust framework for data mining and can be readily extended to forthcoming wide-field surveys such as Rubin/LSST, 4MOST, Euclid, and Roman. These applications will advance the census of high-redshift quasars, potentially extend the redshift frontier, and improve constraints on SMBH formation and evolution in the first billion years of the Universe.
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1. Introduction
The accretion process in quasars makes them the most luminous non-transient sources in the Universe, outshining their host galaxies and dominating across the electromagnetic spectrum. The energy and momentum released by quasars strongly interact with the surrounding gas, influencing the evolution of their host galaxies and the environment (Fabian 2012). This process, referred to as active galactic nucleus (AGN) feedback, is crucial in cosmological simulations to reproduce realistic galaxy population properties (e.g., Kauffmann & Haehnelt 2000; Granato et al. 2004; Di Matteo et al. 2005; Springel et al. 2005; Kaviraj et al. 2017; Bustamante & Springel 2019). Empirical correlations between supermassive black hole (SMBH) mass and galaxy properties, such as stellar bulge mass, velocity dispersion, and luminosity, support a coevolutionary scenario between quasars and their hosts (e.g., Tremaine et al. 2002; Marconi & Hunt 2003; Häring & Rix 2004; McConnell & Ma 2013; Kormendy & Ho 2013). However, observations of ≳100 high-redshift quasars (z  ≳  6; i.e., ∼1 Gyr after the Big Bang) suggest that this relation may evolve with redshift, although the nature and extent of this evolution remain uncertain. A subset of SMBHs at early cosmic times seems to be more massive than expected from the local SMBH mass and host galaxy total stellar mass (M•–M*) correlation (e.g., Wang et al. 2016; Decarli et al. 2018; Neeleman et al. 2021; Harikane et al. 2023), potentially suggesting a faster growth of black holes relative to their host galaxies, or the existence of more massive black hole seeds. Expanding the quasar population at z > 5 and pushing the magnitude frontier to fainter sources, along with a comprehensive physical characterization are essential to test these coevolution scenarios at early cosmic times.
Neutral intergalactic medium (IGM) absorbs photons blueward of Ly[[INLINE22]], producing the distinctive Ly[[INLINE23]] break in the quasars’ spectra at rest frame ∼1216 Å. Quasars at high redshift appear undetectable or faint in photometric filters covering wavelengths below Ly[[INLINE25]], creating a red color in photometric indices involving the dropout band: this is the basis of the dropout selection technique (e.g., Warren et al. 1987). However, foreground ultracool M, L, and T dwarfs also exhibit red spectra that can mimic the dropout signature and a point-like morphology resembling that of quasars. Moreover, while the number density of quasars declines exponentially at z > 5 (Jiang et al. 2016), dropping to fewer than one with M1450 <  − 26 per comoving Gpc3 at z ∼6 (Schindler et al. 2023); ultracool dwarfs (UCDs) associated with the thin and thick disk of the Milky Way remain 2–4 orders of magnitude more numerous (e.g., Euclid Collaboration: Barnett et al. 2019), making them the primary astrophysical contaminants in high-redshift quasar searches. Therefore, it is necessary to analyze a large area of the sky in order to identify high-redshift quasar candidates.
The advent of wide-field optical surveys in the early 2000s led by the Sloan Digital Sky Survey (SDSS; York et al. 2000), opened the way to quasar discoveries at z > 5 (e.g., Fan et al. 1999, 2001) via color drop-out selection. Then surveys, such as the Canada-France-Hawaii Telescope Legacy Survey (CFHTLS), Pan-STARRS1 (PS1, Chambers et al. 2016), and Dark Energy Survey (DES, Abbott et al. 2018), significantly expanded the sample (e.g., Bañados et al. 2016, 2023; Reed et al. 2017; Mazzucchelli et al. 2017; Wolf et al. 2024; Belladitta et al. 2019, 2020, 2025). The vast majority of these quasars have been selected by conservative color criteria to minimize contamination. As a consequence, most known quasars at z > 5 exhibit similar properties: typically unobscured, with massive black holes (∼4 × 107 M⊙ to ∼1010 M⊙; Fan et al. 2023) and moderate-to-high accretion rates (median LBol/LEdd = 0.79 and 0.72, respectively; Fan et al. 2023; Mazzucchelli et al. 2023), leaving potentially important populations underrepresented, such as red or obscured quasars, and objects with unusual emission line properties.
Machine learning, particularly traditional supervised methods such as Random Forests and XGBoost, has increasingly been applied to quasar selection, demonstrating strong performance up to intermediate redshifts (z  ∼ ,5; e.g., Nakoneczny et al. 2019; Yèche et al. 2020; Jin et al. 2019; Schindler et al. 2019). Even unsupervised clustering approaches (e.g., Logan & Fotopoulou 2020) and comparative studies of unsupervised, semi-supervised, and fully supervised methods (e.g., Clarke et al. 2020) have been explored for the common star-galaxy-quasar classification in large surveys. More recently, machine-learning techniques have been extended to a higher redshift regime (z ≳ 5). For example, Wenzl et al. (2021) applied a Random Forest classifier to Pan-STARRS1 and WISE data to identify z > 4.7 quasars, achieving successful spectroscopic confirmations. However, these efforts heavily rely on catalog-level photometric measurements and flux ratios, which are sensitive to contamination from artifacts and systematics in the source extraction process. Furthermore, supervised methods are often constrained by the availability of balanced and representative training samples; rare populations such as red high-redshift quasars are typically underrepresented, limiting classification reliability in these regimes.
Recent efforts to apply multiband imaging to the discovery of strongly lensed quasars have identified dozens of candidates using deep learning and spectral energy distribution (SED) modeling that successfully passed visual inspection. These systems, however, remain at the candidate stage pending spectroscopic confirmation (Andika et al. 2023). The work by Byrne et al. (2024) marks the first application of contrastive learning (CL), a fully self-supervised representation-learning method, to optical imaging (DES DR2, Abbott et al. 2021), leading to the discovery of three quasars at z = 5.94 − 6.07. Unlike conventional supervised methods, which require labeled training sets and can suffer from bias, CL learns by contrasting data samples against each other without any prior labels, making it well-suited to uncover rare or atypical quasar populations. Empirical studies show that CL can perform as well as, or even better than, supervised training, producing representations that transfer more effectively and remain robust across different datasets (Chen et al. 2020; Karthik et al. 2021). Also, the work by Sarmiento et al. (2021) demonstrated that CL is more robust against nonphysical correlations led by observational effects in astronomical data than unsupervised dimensionality reduction algorithms such as principal component analysis (PCA; Pearson 1901). Building on this promise, we extend CL-based quasar selection to test whether it enables the recovery of diverse high-redshift quasars with lower contamination and fewer selection biases than supervised alternatives.
In this paper, we apply a self-supervised CL approach to imaging data from the DESI Legacy Survey DR10 (hereafter LS DR10; Dey et al. 2019) to identify z ≳ 5.5 quasar candidates. We demonstrate the effectiveness of our method with the spectroscopic confirmation of 15 new quasars, along with the reidentification of 3 previously published quasars, out of 40 observed candidates, corresponding to a 45% success rate. Several of these quasars exhibit narrow Ly[[INLINE43]] emission lines, red near-infrared (NIR) continua, and high Ly[[INLINE44]] EWs, and thus they are part of populations typically underrepresented. Section 2 describes the catalog-based preselection of i-dropout candidates used for training. Section 3 outlines the CL framework and its implementation, and presents the resulting low-dimensional embedded space. In Section 4, we detail the candidate prioritization strategy and follow-up observations, and in Section 5, we present the newly spectroscopically confirmed quasars and UCD contaminants.
Throughout this paper we adopt ΛCDM cosmology with H0 = 67.4 km s−1 Mpc−1, Ωm = 0.315 and ΩΛ = 0.685 (Planck Collaboration VI 2020). We report magnitudes in the AB system.
2. Preselection of i-dropout candidates
To ensure effective training of our CL model, we first apply a preselection to the input dataset. Although larger batch sizes typically improve CL performance (Chen et al. 2020), the underlying neural network can easily get sidetracked by the most dominant features, such as sizes or extended morphology, if the training set is not properly delimited. To mitigate this and encourage the learning of the most fundamentally relevant features, we restrict the input to red and nearly point-like sources. This preselection filters out contaminants such as extended galaxies, asteroids, satellites, and diffraction spikes in the photometry while minimizing the impact of irrelevant features.
The procedure to select z > 5.5 quasar candidates is divided in three major steps: (1) The selection of a preliminary set of candidates from photometric optical catalogs by applying loose morphological and color constraints; (2) the training of the CL algorithm with g, r, i, and z band optical images to produce an embedded low-dimensional representation of i-dropout sources, and the subsequent identification of candidates and contaminants guided by labeled data; (3) SED fitting procedure using quasar, galaxy and UCD templates to prioritize for follow up observations the sources with reliable photometry and SEDs more consistent with a quasar model.
2.1. Photometric catalog
We selected our candidates from LS DR10, which offers deep optical imaging over > 20 000 deg2 of sky, including substantial coverage of the underexplored southern hemisphere, where high-redshift quasar discoveries remain sparse (e.g., Reed et al. 2017; Belladitta et al. 2019, 2025; Wolf et al. 2024; Onken et al. 2022) and next generation facilities are being built (e.g., The Extreme Large Telescope (ELT) and The square kilometer array (SKA) radio telescope, respectively; Padovani & Cirasuolo 2023; Hall et al. 2008). The DR10 release combines imaging of: the southern sky from the DECam Legacy Survey (DECaLS, Dey et al. 2019) using the Dark Energy Camera (DECam, Flaugher et al. 2015) on the Blanco 4m telescope and other programs using DECam such as the DECam eROSITAS survey (DeROSITAS, Zenteno et al. 2025), the DECam Local Volume Exploration Survey (DELVE, Drlica-Wagner et al. 2021), the Blanco Imaging of the Southern Sky Survey (BLISS; PI: Soares-Santos Mau et al. 2019), and the Dark Energy Survey (DES, Abbott et al. 2018); the northern sky from the Mayall z-band Legacy Survey (MzLS, Silva et al. 2016) and the Beijing-Arizona Sky Survey (BASS, Zou et al. 2017); and full-sky mid-infrared (MIR) photometry from the Wide-field Infrared Survey Explorer (WISE, Wright et al. 2010): the unblurred coadds of WISE (unWISE, Mainzer et al. 2014) and Near-Earth Object Wide-field Infrared Survey Explorer Reactivation Mission (NEOWISE, Mainzer et al. 2014). LS DR10 photometry reaches median 5σ point-source depths of gDECam = 24.7, rDECam = 23.9, iDECam = 23.6, zDECam = 23.0 AB magnitudes in the southern hemisphere. Similar but slightly shallower depths are achieved in the northern hemisphere.
Since machine-learning algorithms face problems when dealing with the lack of data, we requested valid observations in all optical bands (nobs > 0), limiting the selection of targets to an area of 15 342 deg2 and declinations < 30° (due to the limited i-band coverage). We focused on candidates for which the SED fitting refinement step is possible and informative, thus requiring detection in at least one NIR band from the VISTA Hemisphere Survey DR7 (VHS, McMahon 2012), UKIRT Infrared Deep Sky Surveys DR11 (UKIDSS, Lang 2014) or UKIRT Hemisphere Survey DR2 (UHS, Dye et al. 2018) surveys and a signal-to-noise ratio (S/N) > 3 in WISE W1. While WISE bands are already included in the LS DR10 catalog, NIR bands were added by cross-matching our catalog with the previously mentioned surveys within a 1.5″ radius. Due to the previous criteria, the catalog is limited to 5σ depths of VHS DR7 J = 21.7 − 22.3 and Ks = 21.8 − 22.1 mag, UKIDSS DR11 depth of H = 20.2 mag, UHS DR2 depth of J = 20.5 and Ks = 20.0 mag, and unWISE depth of W1 = 20.72 mag. Besides, the low spatial resolution (2.75″/pixel) of WISE W1 renders this band prone to source blending and, therefore, potential flux overestimation.
The constraints accounting for the i-dropout sources are as follow:
[image: Mathematical equation: $$ \begin{aligned} &\mathrm{(S/N)}_{\mathrm{z}} > 7 \end{aligned} $$](1)
[image: Mathematical equation: $$ \begin{aligned} &(({i}_{\mathrm{PSF}} - {z}_{\mathrm{PSF}} > 1.5 \text{ and} \mathrm{(S/N)}_{{i}} > 3) \text{ or} \end{aligned} $$](2)
[image: Mathematical equation: $$ \begin{aligned} & ({i}_{\mathrm{lim PSF}} - {z}_{\mathrm{PSF}} > 1.5 \text{ and} \mathrm{(S/N)}_{{i}} < 3 ) ) \\ &\mathrm{(S/N)}_{{g, r}} < 3 \end{aligned} $$](3)
[image: Mathematical equation: $$ \begin{aligned} &\textit{i}_{\mathrm{flux\_ivar}} \ne 0, \end{aligned} $$](4)
where iPSF and zPSF are i and z band magnitudes, and iflux_ivar the inverse variance of the flux in the i band. All of them are products from The Tractor algorithm (Lang et al. 2016) used in LS DR10 for the source extraction, based on the convolution of the images to a PSF model. The magnitude limit for the i-band (ilimPSF) is computed as
[image: Mathematical equation: $$ \begin{aligned} {i}_{\mathrm{lim\,PSF}} = 22.5 -2.5 \log \left(\frac{3}{{\sqrt{{i}_{\mathrm{flux\_ivar}}}}}\right). \end{aligned} $$](5)
We set the color threshold at 1.5, which is 0.5 mag lower than in previous selections (e.g., Reed et al. 2017; Bañados et al. 2016). This choice enabled us to recover 127 out of the 166 known quasars at z > 5.3 from the literature (Fan et al. 2023) that lie within the LS DR10 footprint, have complete optical coverage, and satisfy conditions (1)–(5). Among the 39 missed sources, only 15 lie at z > 6, the redshift range on which this work is focused.
The recovery rate decreased when imposing infrared constraints: from 127 to 106 when requiring a significant detection in WISE W1, and further to 69 when requiring both NIR and WISE W1 detections. In other words, the NIR+W1 criterion removed ∼46% of known quasars. However, without any IR constraints, the candidate list would swell to 3 254 837 sources, which is beyond the computational scope of this work. Moreover, such a large sample would have far less reliable prioritization for follow-up, as most sources would have too few photometric points for meaningful SED fitting. Even requiring only the W1 requirement (losing only ∼17% of known quasars) still results in 1 850 912 candidates, a size that remains challenging to process and likely to have a high contamination rate.
We also adopted maskbits that select clean sources (including masked point-like and/or unsaturated sources)1. We explicitly did not select objects by source type nor by morphology features. We note that adopting the type “PSF” to focus on the most point-like objects would only reduce the catalog by 17%, but exclude 11 known z ∼ 6 quasars from the literature. The resulting sample consists of 165 253 objects.
2.2. Multiband imaging tensor
We compiled 10″ × 10″ sized cutouts from the g, r, i, and z band images for each of the 165 253 targets from the LS DR10 archive. Given the native DECam pixel scale of [image: Mathematical equation: $ 0{{\overset{\prime\prime}{.}}}262 $] per pixel, this resulted in 38 × 38 pixel2 images and a tensor dimension of 165 253 × 4 × 38 × 38.
During our inspection of tensor slices, we discovered clear artifacts, mainly cosmic rays and diffraction spikes (see Fig. 1 for examples), that the maskbits conditions at the catalog level did not filter out. To identify and remove these extended sources, we calculated the ratio of flux within a 1″ radius aperture to the flux within a 3″ radius aperture (C1″/3″). If this ratio exceeded 0.3, the source was considered compact. Conversely, we rejected sources where 30% or less of the total flux within the 3″ aperture was confined to the inner 1″ aperture, as this indicated an extended structure. This flexible 30% threshold was calibrated on a sample of known quasars at z > 5.3 (Fan et al. 2023), all with ratios above 45%, except for the quasar pair J2037–4537 (Yue et al. 2021) with a 32% ratio, prompting us to lower our limit to avoid excluding similar systems. This step reduced the training sample used as input to the CL pipeline to 130472 sources by removing these extended unphysical sources in line with the literature.
	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. z-band 10″ × 10″ sized stamps illustrating examples of the artifacts identified in the photometry through visual inspection of the tensor. Light blue circles indicate the 1″ and 3″ radius apertures used in the compactness criteria calculation. The C1″/3″ values are presented above the corresponding postage stamp.



3. Contrastive learning for the selection of quasars candidates
The selection method reported in this paper is based on CL, a self-supervised machine-learning algorithm mapping high-dimensional data sets into a low-dimensional feature space representation. This method learns the most informative correlations in the data by measuring the similarity between data points (Chopra et al. 2005; Hadsell et al. 2006) without any labels and taking advantage of data augmentation methods (Huertas-Company et al. 2023). As described in Section 2.2, the data for this application of the CL consists of multiband image channels containing two-dimensional spatial information. This input is similar to that used in previous successful astronomical applications of CL (e.g., Sarmiento et al. 2021; Byrne et al. 2024).
With the imaging tensor input of the CL set, a preprocessing was carried out consisting of:

	
1) 
masking nan-value pixels, if present, with zeros, given that the pixel flux distributions across all bands are dominated by background noise and peak at zero.



	
2) 
normalizing the tensor using a single global factor derived from the 99th percentile of the brightest band across all sources, which in our case corresponds to the z-band. To compute this factor, we first built per-band distributions of pixel flux values (within a 1″ radius from the center) across the full sample. We then determined the 99th percentile of each band’s distribution and identified the brightest among them. This value was adopted as the normalization factor and applied uniformly to all sources in the tensor. By using one global factor rather than source-by-source scaling, we preserved both the relative brightness distribution of the targets and the intrinsic SED shape across bands.



	
3) 
random shuffling of the source indexes in the tensor to prevent any potential spatial or data quality bias, as the original tensor was generated in increasing right ascension order, and the training sample is divided into batches.




We trained a modified version of the self-supervised model simCLR (a simple framework for contrastive learning of visual representations, Chen et al. 2020) built on Keras 2.15.0. We implemented the following data augmentations: horizontal and vertical flips, and random rotation within ±90°, to produce transformed versions of each image. In principle, Gaussian noise perturbations can be included as an additional data augmentation, motivated by realistic calibration uncertainties and background fluctuations (e.g., zeropoint variations and sky noise). Such perturbations introduce mild pixel-level variations while preserving the physical interpretability of the encoded SED. In this work, we did not adopt this augmentation in order to keep the training scheme minimal and limit survey-dependent hyperparameters; its inclusion is left to future extensions explicitly modeling photometric uncertainties.
Two augmented views of the same input source are referred to as positive pairs, while negative pairs are augmented views of different input sources. These pairs drive the training, encouraging the network to cluster similar sources in the latent space while pushing away dissimilar ones. The encoder producing this low-dimensional representation of the images consisted of four convolutional neural network (CNN) layers that progressively reduced the spatial dimensions of the four channels to a 128-length feature vector. This was followed by a Flatten layer and a Dense layer, which applied a transformation to the vector, combining the local spatial information into a more compact and complex embedded representation. The stacked layers allow the network to capture increasingly complex visual features: from basic edges and shapes to higher-level structures such as smudges and PSF-like features. All convolutional and dense layers used a ReLU activation function to introduce nonlinearity and emphasize informative patterns.
The projection head mapped the 128-dimensional vectors resulting from the encoder into a 10-dimensional latent space, where the contrastive loss was computed by comparing the similarity between random pairs of sources. This small multilayer perceptron (MLP), composed of four dense layers, is designed to prevent overfitting of trivial features and enhance the separation between positive and negative pairs in the embedded space. Fig. 2 shows the architecture of our CL implementation. The combination of hyperparameters achieving the best results was: temperature of 0.1 for the normalized temperature-scaled cross entropy contrastive loss; width of 128 for the latent space; maximum batch size given by the limits of our GPU resources, 10 000; and 3000 epochs. Other architecture choices, such as the number of CNN and Dense layers in the encoder and MLP, were selected to balance representation power and overfitting, following similar astronomy applications (e.g., 3 CNN + 3 Dense layers in Sarmiento et al. 2021); 4 CNN + 3 Dense layers in Byrne et al. 2024).
	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Architecture of the self-supervised CL framework used in this work. The top and left sections illustrate the image preprocessing and the tensor assembly steps. The structure of the network is shown sequentially from left to right, starting with data augmentation, then the encoder block, and lastly the projection head. Red and green arrows indicate the contrastive loss computation, which measures similarity between random pairs of augmented images.



All the training experiments were carried out on one of the two GPU nodes of the Astronodes cluster at the Max Planck Institute für Astronomie. Each node is equipped with NVIDIA Tesla V100S GPUs (32 GB HBM2 memory), and runs CUDA 12.4 (driver version 550.90.07). The runtime was usually between ∼4.2 hours for the optimized hyperparameter values, and ∼8 hours for tests with more epochs, higher temperatures, batch sizes, or widths of the latent space.
3.1. Embedded space
We applied the unsupervised dimensionality reduction algorithm known as Uniform Manifold Approximation and Projection (UMAP, McInnes et al. 2018) to reduce the representation dimensions from 128 to 2 in the embedded space generated by simCLR.
As part of the downstream analysis, we crossmatched spectroscopically classified data within a 1.5″ radius to facilitate a comprehensive interpretation of the latent space, which helped us identify potential clusters of high-z quasar candidates and contaminants. This included spectroscopically confirmed quasars at z > 5.3 from Fan et al. (2023), M dwarfs from West et al. (2011), a compilation of LT dwarfs from the literature (Albert et al. 2011; Burningham et al. 2008, 2010, 2013; Chiu et al. 2008; Day-Jones et al. 2013; Deacon et al. 2011; Kendall et al. 2007; Kirkpatrick et al. 2010, 2011; Knapp et al. 2004; Liu et al. 2002; Lodieu et al. 2007, 2009, 2012; Mace et al. 2013; Matsuoka et al. 2011; Pinfield et al. 2008; Thompson et al. 2013; Radigan et al. 2013; Schmidt et al. 2010; Scholz 2010a,b; Best et al. 2015; Cardoso et al. 2015; Marocco et al. 2015; Tinney et al. 2018) and stars from Gaia DR3 (Gaia Collaboration 2023) with a high probability of being a single star (PSS > 0.99) and statistically significant proper motion (pm/e_pm > 3). UMAP was tailored in order to optimize the 2D-separation between labeled quasars and contaminants, adopting the following parameters: n_neighbors = 30, min_dist = 0.02, metric = euclidean. While UMAP was used here for 2-dimensional visualization, the learned contrastive embeddings remain high-dimensional. Replacing UMAP with clustering algorithms operating directly in latent space is a natural path to further improve robustness in the candidate selection.
Figure 3 shows the resulting two-dimensional embedded space representation of the i-dropout candidates, alongside known populations of stars, quasars, and MLT dwarfs. The multiple tests we performed to find the optimal UMAP parameters revealed that, regardless of their values, the embedded space naturally separated into two prominent regions: the right “island,” dominated by stars and M and L dwarfs, and the left island, primarily populated by T dwarfs and high-redshift quasars. Notably, we identified a concentration of quasars at redshifts z = 6–6.4 near the bottom of the left island, while more sparsely distributed z > 6.8 quasars appear toward the top.
	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Embedded Euclidean space generated by UMAP for LS DR10 i-dropout sources after training the CL algorithm. All sources are represented as gray countours given by the number density; known M, L and T dwarfs are: brown, black and red crosses, respectively; and Gaia DR3 stars are yellow crosses. Spectroscopically confirmed quasars from the literature and the new quasars from this work are represented by filled circles and stars, respectively, all of them color-coded by their redshift. Quasar candidates are selected from the lower part of the left island where the source density is low and the contamination ratio with UCDs is ∼1:1. The two regions with the highest concentration of quasars are presented as zoom-in panels and highlighted with black squares.



3.2. Interpretation of the embedded space
In this section, we search for the main drivers of the embedded space representation. We first started by color-coding the data points in the embedded space by catalog features such as magnitudes, color indices, depth, and PSF size. Here we summarize the most important results, but we are presenting additional details in the Appendix A. The catalog information (see Fig. A.1) reveals a strong z-magnitude gradient, a mild systematic effect due to the image quality, and that z–J color is a strong separator of the embedded space into two distinct regions. This is puzzling, as the J-band imaging was not included in the CL input. Therefore, some other feature present in the optical images must be driving this separation. To investigate further, we proceeded to inspect the image cutouts.
We divided the embedded space into 15 × 15 bins, computed the mean pixel-by-pixel flux for each band for sources within each bin, and plotted the resulting mean z, r, and g band channels (RGB mapped) at the location of each bin in the latent space (see Fig. 4). Since the LS DR10 images are weighted coadds of multiple epochs, temporal effects such as source motion or transient events may introduce spurious morphological features. These could influence the CL algorithm, potentially driving some of the trends observed in the embedded space. To assess this possibility, we inspected single-epoch cutouts of random sources in the subsequent analysis to validate our interpretations based on the coadded data.
	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. Mean pixel-by-pixel z, r, and g band fluxes (RGB mapped) within 15 × 15 binned embedded space. The number of sources within each bin contributing to the mean is shown in white in the upper left side of each image. The red dashed lines highlight a region with the highest number of known quasars, with a zoom-in binned embedded space on the right side. The number of known quasars in each bin at the zoom-in plot is shown in orange, below the number of sources in white.



The requirements of our catalog-based preselection are aimed at targeting sources with non-detections in the g and r bands but detectable emission in z, without imposing any morphological constraints. When mapping the z, r, and g bands into RGB colors, we noticed that the stacked-average images exhibit extended emission (red shadows) and contribution from the r-band (yellow shadows). The red structures populate the island on the right side of the embedded space and appear as faint rings or arcs around the central bright source, as well as elongated bright sources.
Gaia DR3 revealed that the elongated sources are primarily stars with high proper motions (see Fig. B.1). Inspection of individual epochs showed that these stars are, in fact, point-like, but appear duplicated in the Legacy Survey DR10 catalog due to positional shifts across observing epochs. In these cases, the catalog erroneously lists two nearby sources: one faint object, centered in our stamps and detected only in z, mimicking the color signature of a high-redshift quasar; and a second, brighter source detected in all bands but offset in position. Because LS DR10 performs forced photometry anchored to the z-band detections, this positional mismatch leads to underestimation or loss of flux in the bluer bands, artificially producing a spectral break in otherwise stellar SEDs. This explains why some of these high proper motion stars were selected by our i-dropout preselection.
The apparent elongation seen in Fig. 4 is not intrinsic to individual sources but a result of our visualization method. Each pixel in the figure represents a stack-averaged cutout of all sources within a given bin in the embedded space. In regions dominated by high proper motion stars, these small positional shifts accumulate in the averaging process, producing blurred or elongated structures. While some individual exposures show mild extension, likely due to motion, variability, or poor seeing, the dominant effect in the averaged images stems from the collective misalignment. Other moving objects, such as satellites and asteroids, can also produce real elongation in coadds, but their motion occurs on much shorter timescales (minutes).
Moving to the left side of the right island, we identified binary systems where the central target, detected in the z band or both i and z bands, is the source selected in our analysis, while its companion is visible in all bands. In this region, the source density increases significantly, and the overlapping light from multiple companions creates a ring-like effect on average. Crossmatching with our labeled sources revealed the existence of one of the quasars from the pair at z = 5.66 (Yue et al. 2021) with a spatial separation of 1[image: Mathematical equation: $ \overset{\prime \prime }{.} $]24 (7.3 kpc at z = 5.66), along with stars exhibiting low proper motions, perhaps in binary systems or by chance alignment with a companion. We do not rule out the presence of additional quasar pairs or even gravitationally lensed sources in this region. However, given the high density of sources-over 2000 within a small 1 × 1 latent-space unit region centered on the quasar pair and the significant contamination from stars (about 50%, with ∼10% spectroscopically confirmed and the remaining having > 90% probability of being stars), it is challenging to reliably identify quasars here. Consequently, we excluded candidates from this region for the time being. This demonstrates how environmental effects influence the latent space representation, even within a small 5″ radius.
Since the large island on the left appears relatively homogeneous in the RGB map, we examined intensity maps of each band individually. We found that the left side of this island is dominated by faint central flux in the r-band (comparable to the noise), and a clear detection in the i-band. In contrast, the right side exhibits undetected r-band, and fainter or nonexistent central emission in the i-band. Given that the known quasars located there are at z ∼ 6 − 6.4, it is possible that a non-negligible Lyman-α forest can contribute to the i-band below the Ly-α break. Based on the labels and the high source density in the center, we also anticipate significantly higher contamination from unlabeled T dwarfs in this region, yet to be confirmed.
We identified multiple isolated regions with high concentrations of known quasars and moderate contamination by UCDs. The explored latent space is large and rather poorly covered by labeled data, highlighting strong potential biases among currently confirmed objects. A comprehensive strategy would require spectroscopic confirmation of > 30 000 objects across the parameter space populated by quasars, given that the region with euclidean_y < 0 alone already exceeds this number of candidates. As this is not currently feasible, we instead propose a more immediate, quantitative criterion that can be employed to find potentially similar objects to the existing labels by computing a 2D Gaussian Kernel Density Estimation (KDE) of quasars and UCDs based on the spectroscopically confirmed labels and normalized by the total number of labels. We iteratively adjusted the thresholds in quasar density (ρQSO) and density ratio (ρQSO/ρBD) to define a quasar-candidate region that maximized the recovery of known quasars while limiting the number of candidates. The final selection, ρQSO > 0.0002 per latent-space-unit2 and ρQSO/ρBD > 0.65, included 54 of the 69 known quasars and resulted in 24,212 candidates. The quasar and brown dwarf KDE density maps, along with the density ratio map, are presented in Fig. C.1.
While our initial candidate selection focused on the lower region of the embedded space, densely populated by known quasars, a more relaxed threshold (e.g., ρQSO > 0.0001) would extend the search toward the upper region, where z > 6.6 quasars are more scattered, and the contamination from T dwarfs is lower. This part of the space, however, is itself densely populated (source density > 0.01) by faint i-dropout sources. Confirming them would require highly competitive observations with large-aperture ground-based telescopes and NIR spectrographs, making such targets more challenging and risky to pursue. Furthermore, the previously discussed approaches have largely been guided by existing spectroscopic samples and thus inevitably inherit their selection biases. A fully unbiased search will require probing less-explored regions of the latent space where spectroscopic labels are scarce or absent. In this context, the analysis of Fig. A.1 becomes essential: by revealing trends in catalog-based features such as red NIR slopes or z − W1 colors, it offers a pathway to identify promising regions even in the absence of spectroscopic labels. This paves the way for a more complete and less label-dependent quasar census in future work.
4. Assessment of the quasar nature of promising candidates
4.1. Prioritization of quasar candidates through SED fitting
To demonstrate the effectiveness of our CL approach and optimize the usage of valuable telescope time, we aimed to target candidates most likely to yield successful spectroscopic confirmations. This led us to implement an additional prioritization step to select the most promising sources from the high-density quasar regions in the embedded space. We performed SED fitting on the 24 212 candidates with eazy-py (Brammer et al. 2008) version 0.6.92 using quasar templates along with templates for common contaminants such as UCDs, stars, and galaxies. Detailed information about the contaminant population templates is presented in the Appendix D.
The set of quasar and AGN emission models to fit was composed of a compilation of 35 individual and combined templates of the host galaxy and AGN emission with different contributions (Salvato et al. 2022, see their Appendix B for more details and references). To be more inclusive, we also considered less traditional objects such as the “little red dot” J0647–1045, whose NIRSpec spectrum is reproduced by templates of an obscured AGN at z = 4.50 hosted by a star-forming galaxy (Killi et al. 2024).
For all the targets, we included the following filters in the eazy-py translate file: DECam g, r, i, and z bands; WISE bands W1 and W2; and UKIDSS or VHS Y, J, H, and Ks bands, the latter subject to data availability. The setup parameters used are: the maximum photometric redshift Z_MAX = 12, and the redshift grid interval Z_STEP = 0.01. We ran the main fitting function in multiprocessing mode to fit galaxy and quasar templates, one template at a time, with a simultaneous photometric redshift estimation. To fit the stellar templates, redshift estimation is not required, and we simply ran the function fit_phoenix_stars with our customized templates mentioned above. The output contains χ2 and coefficients representing the contribution to the observed SED for all the templates in the set, the photometric redshift probability distribution (including the maximum-likelihood value zml), rest-frame U, B, V and J band-magnitudes, luminosities, stellar masses, star formation rates, and other physical parameters associated to parametric FSPS and CORR_SFHZ galaxy templates.
To calibrate our SED-fitting criterion, we tested the recovery of the 56 and 205 known quasars and UCDs, respectively, available in our catalog. While candidate selection was restricted to a smaller latent-space region, we used the full labeled set for calibration to ensure sufficient statistics. Recovery was quantified based on the ratio of the χ2 values obtained from quasar or AGN (quasar+host galaxy) templates, χquasar2, compared to those from stellar contaminant templates (UCDs or stars), χBD2. Applying a threshold of χBD2/χquasars2 > 1 yielded a precision of 0.72, a recall3 of 0.86, and a contamination rate of 28%, successfully recovering 48 quasars. In the opposite case, we selected UCDs with a precision of 0.96, a recall of 0.91 and a contamination rate of 4%, recovering 185 objects.
To optimize our available resources for the follow-up observations, we focused our search on candidates with χBD2/χquasars2 > 1, maximum-likelihood photometric redshifts zml > 5.5, and single narrow peaked redshift distribution given by z84 − z16 < 1, where z84 and z16 are the 84th and 16th percentiles. These constraints reduced the initial set of 24 212 candidates from the high-density quasar loci in the embedded space to 1438 targets.
To assess priorities, we evaluated the observability of our targets at the time and location of the spectroscopic follow-up observing runs available to us in past semesters. We also conducted visual inspection of the g, r, i, z, J, Ks, and W1 stamps and SED fitting results of the 1438 targets, sorted by decreasing χquasars2. Fig. 5 shows an example of the SED fitting, the photometric redshift probability distribution function, and the stamps of a high-priority candidate that ended up being confirmed as a quasar at z = 6.21 (see Section 5). In this stage, we performed visual inspection of the stamps and removed 299 sources with spurious detections caused by cosmic rays, diffraction spikes, or luminous streaks (e.g., satellite trails). These artifacts are characterized by sharp and irregular shapes that usually show up in one band (the z-band in our case). Table 1 summarizes the main steps for the selection and prioritization of candidates.
	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Example of an SED fitting result and the photometric redshift probability distribution function (top panels). LS DR10, VHS DR7, and WISE postage stamps of the photometry used (bottom panel) for the source LS J000−79. Top left: blue curve represents the best-fit model given by the QSO1 template (see Salvato et al. 2022 for details) at redshift 6.096, while the red curve shows the best-fit brown dwarf template from Meisner et al. (2021). The observed photometry represented by black squares with error bars corresponds to the DECam, VHS, and WISE catalogs and their uncertainties, while the yellow circles are the expected flux densities assuming the best quasar model. Top right: photometric redshift probability distribution function. Despite the distribution extending over z = [0, 12], we limited the plot to the range z = [4, 9] for better visualization.



Table 1. 
Downselection of candidates.

We evaluated the performance of our full selection pipeline, CL coupled with SED fitting prioritization, in terms of precision and completeness, and compared it to representative literature color–color selections. The analysis was restricted to the 130 472-size training sample, which defines the domain of applicability of the CL model, and used spectroscopically confirmed quasars and UCDs as reference samples. At each selection stage, only a very small fraction of the sample has spectroscopic classifications (≲5%; see Table 1), which limits the statistical robustness of these metrics. Precision quantifies the fraction of recovered quasars relative to all objects classified as quasar candidates, while completeness is the recovery fraction of known quasars that satisfy the selection criteria. Under these definitions, our pipeline achieves a purity of 84% and a completeness of 75%.
Because most literature high-redshift quasar searches do not report precision or completeness in a form directly comparable to our work, we quantified these metrics by applying the published color-color selection criteria to our catalog. We emphasize that this comparison isolates only the color-based component of each pipeline while several studies apply additional selection steps such as X-ray detections (e.g., Wolf et al. 2024), morphological filtering, proper-motion cuts, or stringent signal-to-noise requirements (e.g., Bañados et al. 2016), which effectively restrict their samples to specific quasar subpopulations and were not reproduced here. Due to heterogeneous photometric coverage, the color cuts can only be evaluated on subsets of our catalog with the required bands. Using PS1 data, we tested the selections of Bañados et al. (2016), Wang et al. (2019), Yang et al. (2023), and the DELS+PS1 selection described in Section 2.3 of Belladitta et al. (2025), which rely on yP1 photometry and, in some cases, J-band data. Applied in this restricted form, these selections yield purities of 100%, 38%, 80%, and 5%, with corresponding completenesses of 18%, 50%, 48%, and 20%, respectively. We also tested the DES DR2 selection of Wolf et al. (2024), obtaining a purity of 43% and a completeness of 54%. The low completeness arises from comparing narrow and highly targeted selections to our broader selection framework.
Then, to enable a consistent comparison across different photometric systems, we computed synthetic colors and adapted the literature color cuts to match the quasar color evolution in our photometric system. The adapted selections from Bañados et al. (2016), Wang et al. (2019), Yang et al. (2023), and Wolf et al. (2024) achieve purities of 42%, 40%, 88%, and 25%, with corresponding completenesses of 90%, 11%, 74%, and 58%, respectively. In particular, the adapted selection of Yang et al. (2023) reaches precision and completeness comparable to those of our pipeline, but at the cost of producing candidate lists more than an order of magnitude larger, implying substantial UCD contamination (e.g., compared to the expected number counts of z ≳ 5.5 quasars). This comparison highlights a key result of our approach: although the CL model was trained exclusively on optical imaging, the resulting representation naturally reproduces selection behavior similar to optical–NIR color criteria, while enabling a substantially more compact and efficient candidate prioritization for spectroscopic follow-up. Further details about the implementation and results are provided in Appendix E.
In addition to providing high purity and completeness, SED fitting prioritization exploits all available photometric bands to reduce the candidate list while retaining sources consistent with quasars at 5.7 < z < 7 and providing photometric redshift estimates that directly inform follow-up strategies. Color-based prioritization is limited by incomplete photometry. For instance, z − J cuts, using J band with the most complete NIR coverage, cannot be applied to all candidates, and even among detected sources, a flexible threshold (z − J < 1.5) yields excessively large samples, while tighter cuts exclude known quasars at z > 6.5. Strengthening optical colors (e.g., i − z > 2) similarly reduces numbers but narrows the accessible redshift range. SED fitting is particularly effective at removing contaminants in the range 1 < z − J < 2, where quasars overlap with UCDs and the most interesting high-redshift and red quasar populations are expected to reside.
4.2. Follow-up observations
We carried out spectroscopic follow-up observations between October 2024 and July 2025 with different telescopes and instruments: the Double Spectrograph (DBSP; Oke & Gunn 1982 and the Next Generation Palomar Spectrograph (NGPS; Jiang et al. 2018) mounted at the 200-inch Hale telescope at the Palomar Observatory, the ESO Faint Object Spectrograph and Camera (EFOSC2; Buzzoni et al. 1984) at the New Technology Telescope at La Silla Observatory, the Multi-object Double Spectrograph (MODS; Pogge et al. 2010) at the Large Binocular Telescope (LBT); and the Low Dispersion Survey Spectrograph (LDSS3) at the Magellan II Clay Telescope. All observations employed long-slit spectroscopy with slit widths of 1″, 1[image: Mathematical equation: $ \overset{\prime \prime }{.} $]2, or 1[image: Mathematical equation: $ \overset{\prime \prime }{.} $]5.
Standard calibrations such as bias subtraction, flat fielding, arc lamps for wavelength calibrations, and fluxing with spectrophotometric standard stars were included in the data reduction process with the Python package PypeIt (Prochaska et al. 2020) and the Image Reduction and Analysis Facility (IRAF; Tody 1986, 1993). The resulting spectra were produced by combining individual science exposures after the background subtraction and calibration process, and before the spectra extraction, as an unweighted coadd. The final 1D spectra were normalized to the LSDR10 z-band magnitude.
The wavelength coverage of the optical spectra allowed us to identify the presence of the Lyman-α break, confirming the nature of the quasar candidates and assessing their redshift. We performed follow-up observations for 40 candidates, 22 of them turned out to be contaminants, likely UCDs (see Table F.1). We discovered 15 new quasars and 3 quasars that were already reported in the literature4. Additionally, one of our candidates was confirmed by DESI as a quasar at z = 6.03 in its first data release (Abdul-Karim et al. 2025). Since this source is not reported in the literature and is part of our selection, we included it and its spectrum in the following sections. The details of the follow-up campaigns where the new quasars were discovered are presented in Table 2.
Table 2. 
Spectroscopic follow-up observations of the 16 new quasars.

5. New z > 6 quasars
During our spectroscopic follow-up campaign, we confirmed 15 new quasars at z ≥ 6, and included one additional object from DESI DR1 public data that is part of our selection, for a total of 16. The photometric catalog properties, along with the main results from the eazy-py run for the new quasars are presented in Table 3. In Fig. 6 we show the compilation of optical discovery spectra (observed frame), exhibiting a wide range of Ly-α line profiles and continuum slopes. For redshift estimation, we extended the approach presented in Bañados et al. (2023). We fitted the spectra with a set of diverse quasar templates, but now including the SMC reddening law (Prevot et al. 1984) to account for obscuration. The free parameters of the χ2 minimization algorithm were the redshift, the normalization, and the color excess (EB − V). The template set was composed of the following:

	
median Ly-α, which is the median spectrum of 117 z ∼ 6 quasars from the Panoramic Survey Telescope & Rapid Response System 1 (PS1; Kaiser et al. 2002, 2010) presented in Bañados et al. (2016).



	
strong Ly-α, which is the median PS1 spectrum of z ∼ 6 quasars with the 10% largest rest-frame Ly[[INLINE373]] + NV equivalent width from Bañados et al. (2016).



	
weak Ly-α, which is the median PS1 spectrum of the z ∼ 6 quasars with the 10% smallest rest-frame Ly[[INLINE377]] + NV equivalent width from Bañados et al. (2016).



	
onorato2025, which is the weighted mean of 33 z > 6.5 spectra presented in Onorato et al. (2025).



	
xqr-30, which is the median of 42 z ∼ 6 high quality quasars spectra observed with X-shooter and reported in D’Odorico et al. (2023).




	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Optical discovery spectra of the 16 new quasars reported in this work, including the quasar LS J1451−0445 from the DESI data release (Abdul-Karim et al. 2025). The black curves show the observed spectra, the red curves the best-fit quasar templates used for redshift estimation, and blue dashed lines indicate the adopted best-fit position of Ly-α. Each panel lists the source name, spectroscopic redshift, and the best-fit template in the upper left corner. The typical redshift uncertainty is 0.03 (see Section 5). Quasars are sorted from top to bottom by decreasing redshift.



Table 3. 
Photometric properties of the new 16 quasars.

We selected the combination of parameters and template producing the lowest χ2 for each source in the wavelength range between 8000 − 8800 Å, depending on the Ly-α location, and ∼9600 Å, avoiding the highly noisy regions blueward of Ly-α and the red extreme of the spectra. The resulting redshift, χ2, and name of the best template are presented in Table 4. We do not include EB − V as all the values are < 0.04, indicating that none of the sources seems to be significantly reddened. We assumed a median uncertainty on the spectral redshift estimate with the fitting method of 0.03 as presented by Bañados et al. (2023).
Table 4. 
Redshift and physical properties of the new quasars.

The sample of quasars spans a redshift range z = [5.94, 6.45] and displays diverse types of Ly-α emission, from weak to strong lines. Four quasars (LS J010−68, LS J203−51, LS J020−66, and LS J133-40) exhibit prominent and relatively narrow, high EW Ly-α lines. The reduced χ2 values indicate that some models underfit the data, notably for LS J0208-6647, where the fit fails redward of the Ly-α line, and for LS J1035−0515, which has the noisiest spectrum in the sample. Conversely, nine sources exhibit very low reduced χ2 values (below 0.2), suggesting uncertainties or degeneracies in the fitted parameters, likely due to low S/N and poor spectral quality.
5.1. Physical properties of the newly discovered quasars
The availability of optical, NIR, and MIR broadband photometry allowed us to carry out a first diagnostic on the quasar parameter space that we are exploring. We started with widely used physical quantities, such as the bolometric luminosity and the magnitudes at rest frame wavelength 1450 Å, which are useful for bolometric corrections and quasar characterization. However, we did not derive these quantities directly from the best-fit spectral templates due to several limitations. First, the spectra are generally noisy, and our fits exclude data at observed wavelengths > 9600 Å (corresponding to rest-frame wavelengths > 1385 Å), which affects the reliability of continuum slope estimates. Consequently, flux predictions in these regions are not robust. Furthermore, our current templates did not reproduce the sharp Ly-α emission features along with the underlying continuum successfully, often leading to underestimated fluxes in the rest-frame UV regime for the peaky Ly-α systems. Besides, we wanted to use a method that would be consistent for all the quasars, regardless of the quality of the single spectrum, and consistent with the literature for fair comparisons.
We followed the approach presented in Bañados et al. (2016), Mazzucchelli et al. (2017) and Belladitta et al. (2025), modeling the quasar continuum as a power-law with slope α = 0.44 (Vanden Berk et al. 2001). Since all our sources have reliable z-band photometry, we used this magnitude at the pivot wavelength 9168.85 Å (for DECam) to extrapolate the apparent magnitude at 1450 Å (m1450) and the monochromatic luminosity at 1350 Å (λLλ(1350 Å)). While m1450 traces the accretion disk output, λLλ(1350 Å) provides a basis for estimating the bolometric luminosity. To compute the absolute magnitude M1450, we adopted the redshifts derived from our spectral fitting. To estimate the total radiative output due to SMBH accretion, we adopted a bolometric correction based on the monochromatic luminosity at 1350 Å following Shen et al. (2008):
[image: Mathematical equation: $$ \begin{aligned}&L_{\mathrm{bol}} = (3.81 \pm 0.38) \times \lambda L_{\lambda } (1350 \,\AA ). \end{aligned} $$](6)
All these quantities are listed in Table 4.
For the sources exhibiting prominent Ly[[INLINE460]] emission (LS J0104–6857, LS J2037–5152, LS J0208–6647, and LS J1330–4025), we estimated the full width at half maximum (FWHM) of the Ly[[INLINE461]] line. First, we shifted the spectra to the rest frame. Then, we modeled the continuum emission following the approach of Diamond-Stanic et al. (2009), fitting a power law of the form fλ = Cλβ, where β = α − 2, to spectral regions free of strong emission lines (at rest-frame wavelengths 1285–1295, 1315–1325, 1340–1375, 1425–1470, 1680–1710, 1975–2050, and 2150–2250 Å). However, because our spectra are noisy at rest frame > 1385 Å, we cannot reliably constrain the continuum slope. Therefore, we fixed the power-law index to β = −1.56, consistent with the quasar slope we adopted to estimate m1450 and λLλ(1350 Å). After subtracting the continuum component, we located the peak of the Ly[[INLINE468]] emission and fit a single Gaussian profile to the red side of the line. The blue side is strongly affected by IGM absorption and resonant scattering, which distorts the line profile and makes it unsuitable for fitting. Fitting only the red wing provides a more reliable estimate of the line width.
The resulting FWHM values are in the range 1147 − 2657 km s−1. According to the classification of Matsuoka et al. (2018), which defines narrow Ly[[INLINE471]] quasars as those with FWHM < 500 km s−1, these sources do not meet the criterion. However, the prominent Ly[[INLINE474]] emitters represent 25% of our sample and display significantly narrower line widths compared to the rest. As virial black hole mass estimates scale with the square of the broad emission line width, narrower lines may indicate lower black hole masses. Near-infrared spectroscopy will be essential to confirm this interpretation by providing measurements of other broad emission lines and estimates of the black hole mass.
In order to systematically investigate the emission-line properties of our quasar sample, we computed the equivalent width (EW) of the blended emission from Ly[[INLINE475]]λ1216 Å, N Vλ1240 Å and Si IIλ1263 Å, following the approach by Diamond-Stanic et al. (2009) and Bañados et al. (2016) applied to SDSS DR5 and PS1 high-redshift quasars. We first determined the continuum using the same power-law model described earlier and then computed the EW by integrating the flux excess over the continuum in the rest-frame wavelength range 1160–1290 Å.
We found that only two of our quasars meet the definition of weak emission-line quasars (WLQs), with EW < 15.4 Å as set by Diamond-Stanic et al. (2009). This represents 12.5% of our sample, a fraction comparable to the 13.7% reported by Bañados et al. (2016) for 124 PS1 quasars at 5.6 ≲ z ≲ 6.7. Although the size of our quasar sample prevents a robust statistical analysis, we compared our EW distribution of Ly[[INLINE483]] + N V + Si II to the log-normal fits derived for SDSS DR5 quasars at 3 < z < 5 and PS1 quasars. Fig. 7 presents the normalized EW distribution of our 16 quasars, along with the SDSS and PS1 log-normal models from Diamond-Stanic et al. (2009) and Bañados et al. (2016), respectively. While 56.25% of our sample with log(EW/Å) < 2 closely follows the PS1 distribution, a significant fraction (43.75%) exhibits enhanced line strengths, occupying the high-EW tails of both reference distributions. This fraction is notably higher than the 17% and 12% predicted by the SDSS and PS1 fits, respectively.
	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Normalized EW(Ly[[INLINE491]] + N V) distribution for the 16 quasars at z = 5.93 − 6.45 identified through our CL selection. The solid green and dashed red curves show the best-fit log-normal distributions for PS1 quasars (Bañados et al. 2016) and SDSS quasars (Diamond-Stanic et al. 2009), with mean values of log(EW/Å) = 1.542 and 1.803, and standard deviations of 0.391 and 0.205 Å, respectively. The vertical dashed gray line marks the limit for WLQs (EW < 15.4 Å; Diamond-Stanic et al. 2009). While most of our sample overlaps with the PS1 distribution at log(EW/Å) < 2, a substantial excess appears in the high-EW tail, potentially revealing a distinct population of strong-line quasars.



Diamond-Stanic et al. (2009) reported an increasing fraction of WLQs with redshift, which implies that our sample would be expected to show overall lower EW values than SDSS and be broadly consistent with PS1. We performed an Anderson–Darling test comparing our sample to the PS1 EW distribution, obtaining a statistic of 56.92 and a p-value of 0.001. This indicates a substantial difference between the two distributions and a very low probability of obtaining such a statistic if our sample were drawn from the PS1 distribution, leading us to reject the null hypothesis. The EW measurements therefore suggest that our selection method is recovering a population of quasars with systematically stronger Ly[[INLINE500]]+N V+Si II emission than typically found in previous surveys. The EW values, along with the other physical quantities derived in this section, are summarized in Table 4. A sample with at least several dozen quasars (≳50) within this selection framework will be crucial to determine whether our selection is probing a different, less-explored region of quasar parameter space, or if the current results arise from small-number statistics.
5.2. Comparison with the literature quasars
To place our newly discovered sources in context, we examined color–color diagrams to assess the parameter space occupied by them (see Fig. 8). Table 3 shows that all the sources from our sample have valid i, z, W1 and W2 band magnitudes, while J is available for 14 of the sources. We therefore computed colors using these bands to enable a more homogeneous comparison.
	[image: Thumbnail: Fig. 8. Refer to the following caption and surrounding text.]	Fig. 8. Color–color diagrams showing the positions of the newly discovered quasars (stars) and the known high-redshift quasars at the same redshift range of our discoveries 5.94 ≤ z ≤ 6.45 (filled circles), both color-coded by redshift; and L and T dwarfs (black and red crosses, respectively) used as labels in the embedded space. Top: i − z vs. z − W1. Bottom: z − J vs. W1 − W2. While i − z vs. z − W1 shows a total overlap of the new quasars with the T dwarf population, the z − J color shows a clear distinction.



13 of the 16 quasars exhibit strong spectral breaks with i − z > 3 and z − W1 > 0.5, overlapping entirely with the region populated by T dwarfs. While a significant fraction of known z ∼ 6–6.7 quasars occupy the same region of color space, previous selections typically rely on additional data or strict constraints to separate them from contaminants. In contrast, our method successfully identifies quasars in regions heavily contaminated by UCDs by leveraging the i and z band imaging as input. This demonstrates the effectiveness of our CL approach in isolating quasars without requiring extensive multiwavelength information.
The z − J colors indicate that ∼38% of the newly discovered quasars exhibit mildly red NIR slopes (z − J > 0.4), though still consistent with the colors of known quasars at similar redshifts. We noticed a strong concentration of sources with 0.4 < z − J < 0.8. For quasars within this color range, we computed an average redshift of z = 6.27 for the known sample from the literature, compared to z = 6.18 for our discoveries. This offset may suggest that our selection is recovering a population of quasars with slightly redder NIR colors. While this is not a direct outcome of the CL approach itself, it likely reflects the more flexible constraints adopted during our catalog-based preselection.
Quasars with redder NIR slopes are more likely to overlap with the locus of UCD in traditional color–color diagrams, and are therefore often excluded or deprioritized by traditional selections that require flat or blue continua redward of Ly[[INLINE527]] to minimize contamination (e.g., Bañados et al. 2016; Wang et al. 2017; Findlay et al. 2012). Physically, redder slopes can arise from several effects: modest dust extinction in the quasar host galaxy, an intrinsically softer continuum from the accretion disk, or strong line contributions in the J band (e.g., from C IVλ1549 or CIII]λ1909 depending on redshift). Previous studies have suggested that red quasars may represent either dust-obscured young transitional phases of SMBHs growth (e.g., Glikman et al. 2024) or quasars viewed at larger inclinations (e.g., Villar Martín et al. 2020). Thus, the concentration of our new discoveries in this color regime may be pointing toward a less-explored population systematically missed by past color-cut selections.
To understand why our newly discovered quasars were overlooked by previous selections, we investigated the survey coverage and selection criteria applied to these sources. None of the 16 newly confirmed quasars have X-ray or radio detections5, excluding them from selections relying on these bands. Also, of the 16, only three overlap with the DES footprint, three with PS1, and none with SDSS DR12, making incomplete spatial overlap a primary factor. All of our sources are classified as PSF-like, indicating that traditional selection methods based on point-source morphology would not discard them. Beyond coverage, color, and S/N requirements, along with prioritization strategies, also explain the missing sources. In the following, we provide a breakdown of the different selections from the literature:
5.2.1. PS1-based selections:
The DESI selection by Yang et al. (2023) relied on PS1 i-band imaging, which immediately excludes 13 of our quasars due to lack of PS1 coverage. Of the remaining three, LS J1332+1102 failed their W1 − W2 > −0.14 color cut, and LS J2301–1530 and LS J1035–0515 were excluded by the flat continuum criterion (zP1 − yP1 < 1). Similarly, the PS1-based selection of Bañados et al. (2016) included only three of our quasars. LS J1332+1102 failed their −0.2 < W1 − W2 < 0.85 color prioritization criterion. Although LS J2301–1530 and LS J1035–0515 meet the selection thresholds, they may have been deprioritized due to low S/N or other quality cuts. The selection of z ∼ 7 quasar candidates by Wang et al. (2019), combining DESI Legacy imaging survey (DELS), PS1, UKIRT or UHS, and WISE data, also includes only three of our quasars. All of them (LS J2301−1530, LS J1332+1102, and LS J1035–0515) were excluded by the z-dropout requirement (zP1 − yP1 > 1.5).
5.2.2. Comprehensive multi-method selection:
The recent work by Belladitta et al. (2025) explore a broader set of quasar selections strategies, including: 1) PS1 i-dropouts with NRAO VLA Sky Survey + ALLWISE detections (Belladitta et al. 2023), 2) Radio-selected quasars candidates from the Million Quasar catalog (Flesch 2023), 3) PS1-based i-dropout selection from Bañados et al. (2023), 4) z ≳ 6.6 selection using DELS + PS1 and 5) z > 6.5 selection from PS1 and ALLWISE by Belladitta et al. (2025), 6) DES/VHS/CatWISE i-dropouts (Wolf et al. 2024), and 7) DES-based photometric candidates (Yang & Shen 2023).
None of our quasars are detected in radio, excluding them from selections (1) and (2). For selection (3), LS J2301–1530, LS J1332+1102, and LS J1035–0515 failed the zP1 − yP1 < 0.5 cut. Selection (4) excluded LS J2301–1530 and LS J1332+1102 based on zP1 − zDE > 0.8, and LS J1035–0515 based on zDE − yP1 > 0.5. Selection (5) reproduces the criteria from Wang et al. (2019), thus excluding the same sources. Selection (6) missed LS J2037–5152 and LS J2155–5111 due to the absence of i-band detections, which are necessary for their color criteria. Despite LS J0139–5209 meeting the photometric constraints, it may have been rejected at the SED fitting stage or deprioritized due to quality flags. Finally, none of our sources were matched to the candidates catalog from selection (7).
5.2.3. DECaLS and DES selections:
Wang et al. (2017) combined DECaLS with SDSS i-band photometry; however, their sample does not overlap with our sources. Reed et al. (2017), using DES data, included LS J2037–5152, LS J2155–5111 and LS J0139–5209 in their footprint, but the first two were excluded for being fainter than their zPSF ≤ 21 magnitude threshold, while the last one met their color selection, they likely never followed up on it.
5.3. Contaminant morphologies and classification notes
Our catalog-based preselection did not impose strict morphological constraints on i-dropouts, allowing for the inclusion of both point-like and extended sources. All confirmed quasars in our sample are classified as point-like (“PSF” type) in the LS DR10 catalog. Among the contaminants, 19 are also point-like and are thus consistent with being UCDs. One contaminant is modeled with an exponential profile, and two are best fit by round exponential galaxy models, suggesting they could be compact, dusty red galaxies at low redshift or other types of extended contaminants. Spectroscopic analysis is required to confirm their nature.
Interestingly, about half of the contaminants have photometric redshifts zphot ≳ 6.7, a range where contamination from T dwarfs is particularly common. This further supports the interpretation that a significant fraction of our contaminants are UCDs misclassified due to their colors and morphology.
6. Conclusions
In this work, we report the discovery of 16 new quasars at z = 5.94–6.45 using a self-supervised CL approach applied to DESI Legacy Survey DR10 optical images. Our method combines a flexible catalog-based preselection of i-dropouts, free from strict morphological or color constraints, with representation learning, enabling us to recover sources that would otherwise be overlooked, including quasars with slightly red NIR slopes, softer Ly[[INLINE555]] breaks, and even potential quasar pairs. Such successful outcomes stem from the interplay of our modern self-supervised image-based method with traditional methods such as dropout color cuts, SED fitting, and aperture photometry constraints.
Starting from a sample of 165 253 i-dropout candidates, we trained a CL model using only four DESI LS DR10 bands and produced a low-dimensional latent space representation where quasars naturally cluster. Within this embedded space, we identified overdensities of spectroscopically confirmed quasars at z ∼ 6.0 − 6.3, with contamination rates of ∼50% from known M, L, and T dwarfs from the literature. We also uncovered trends linked to brightness and morphology, the primary drivers of the latent representation: point-like and elongated sources occupy distinct regions, and a smooth gradient in brightness is observed. Importantly, quasars appear across a broad range of i − z ∼ 1.5 − 2.5 and z − J colors, including regions heavily contaminated by UCDs, underscoring the strength of CL in disentangling complex parameter spaces.
To prioritize candidates for follow-up, we coupled our CL approach with SED fitting, achieving a ∼45% success rate in our spectroscopic campaigns. Among the confirmed quasars, we found a diversity in Ly[[INLINE562]] profiles, including four with relatively narrow lines (FWHM ∼1146–2656 km s−1), and six with red NIR slopes (z − J > 0.4) with slightly lower average redshifts compared to known quasars with similar colors. Our EW analysis of the Ly[[INLINE567]]+N V+ Si II complex reveals that ∼44% of our sample exhibits enhanced line strengths. To robustly determine whether our selection systematically recovers quasars with high EWs, a larger spectroscopic sample, on the order of 50–100 quasars, will be required. Such numbers will soon be within reach with DESI, Rubin/LSST, and 4MOST optical spectra, providing the statistical power to confirm whether the high-EW tail we observe reflects a genuine population rather than small-number statistics. With the currently available optical bands and a more flexible, data-driven search, we have shown that it is possible to probe parameter space heavily contaminated by T dwarfs and to recover quasars with systematically stronger emission features than those typically reported in the literature, which were overlooked by previous selections.
As discussed in Section 2.1, relaxing the NIR detection requirement in the input catalog for the CL pipeline could potentially double the number of quasar discoveries. Many of these currently missed candidates are likely to be revealed by ongoing surveys such as Euclid, thanks to its deeper and more uniform NIR coverage. Notably, even within the more traditional regions of parameter space populated by known quasars, our selection moves beyond the standard color-cut paradigm by recovering sources with atypical properties. Alternative strategies, such as extending the search into less-explored regions of the latent space, where spectroscopic labels are scarce but trends in catalog properties offer guidance (see Section 3.2), hold the potential to uncover even more unusual populations, albeit at higher observational risk.
The set of artifacts and brown dwarf contaminants identified in our selection provides valuable training data to improve the algorithm’s performance, enhance the label-based interpretation of the embedded space, and refine the SED-fitting prioritization. Future iterations could make the algorithm more robust against artifacts by including them in the augmentation process or by incorporating them as a separate class in a semi-supervised framework. Similarly, by expanding the stellar training set with high-quality optical and NIR spectra of these newly discovered UCDs, and especially focusing on atmospheric compositions that mimic quasar SEDs, we can reduce contamination rates and explore alternative photometric or morphological indicators to help discriminate these sources more reliably.
Looking ahead, this approach can be naturally extended to ongoing and upcoming wide-field surveys such as Rubin/LSST, Euclid, and Roman, where the combination of deep, multiband photometry and large-area coverage will dramatically increase the discovery potential for high-redshift quasars. With Euclid already demonstrating the capability of the NISP spectroscopy to pinpoint rare and luminous quasars at z > 5 (e.g., Bañados et al. 2025), our method is well-positioned to scale to these future datasets, leveraging both imaging and low-resolution spectral data to push the quasar frontier deeper into the reionization era and place stronger constraints on the formation and early growth of SMBHs.
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1 i.e., maskbits < 2 or = 32, 64, 96, 128, 160, 256, 512, 768, 2048, 2176.


2 See https://github.com/gbrammer/eazy-py


3 Precision = TP/(TP+FP) and Recall = TP/(TP+FN), where TP are the true positives, FP the false positives, and FN the false negatives. They are metrics to evaluate the performance in a classification task.


4 DESI J011553.41+031829.3 discovered by Yang et al. 2023, and J1111+0640 and J1257+1033 by Yang et al. 2024


5 The X-ray and radio datasets checked are: eROSITA DR1, LOFAR DR2, EMU, RACS (low, mid, high), FIRST, NVSS, VLASS, and Meerkat-MALS.




Appendix A:  Unraveling the embedded space with catalog features
To investigate the dominant properties influencing the arrangement of sources in the embedded space, we color-code the data points by catalog magnitudes, color indices, depth, and PSF size. Figure A.1 highlights several relevant features: the z-band magnitude; i − z, z − J and z − W1 colors; the g-band depth and z-band PSF size. These maps reveal trends that aid the interpretation of the algorithm. For instance, source brightness is a major driver of the representation, as evidenced by the gradient in z magnitude: it increases from bottom to top within the left island and from right to left within the right island. The i − z color map highlights regions with strong spectral breaks, where most confirmed quasars and stars are located in Fig. 3. Notably, the area around (x,y) = (2, -3) containing quasars shows more moderate i − z colors (∼1.5), suggesting that our more flexible selection criteria successfully include sources that might be excluded by stricter cuts.
	[image: Thumbnail: Fig. A.1. Refer to the following caption and surrounding text.]	Fig. A.1. Color-coded embedded space maps showing catalog photometric features. Top row (left to right): z-band magnitude, i − z color, and z − J color. Bottom row: z-W1 color, g-band depth, and z-band PSF size. Top left: magnitude gradients across both regions underscore the crucial role of the brightness in shaping the low-dimensional representation. Top center: Multiple regions of strong i − z color indicate that while this feature may not fully dominate the embedding, it still plays a key role–evidenced by patterns and some clustering that overlap with the positions of spectroscopically confirmed quasars. Top right: The z − J color map reveals populations consistent with blue quasars (z − J ≤ 0.5), quasars with intermediate colors (z − J ∼ 1.0–1.5), and a population with red NIR slopes (z − J > 2), supporting the potential of the model to uncover diverse quasar types. Bottom left: Red z-W1 colors seem to reflect the W1 blending due to companions and potential faint T dwarf populations. Bottom center: Subtle observational systematics, such as variations in background noise texture, may influence the latent space structure as evidenced by the g-band depth pattern. Bottom right: Larger PSFs point to a mix of slightly extended or noisy z-band images.



Although the NIR bands were not part of the CL input, we include z − J color maps to investigate potential differences among quasar populations. The region near (x,y) = (5, -2.5) corresponds to typical blue quasars with flat NIR slopes (z − J ≤ 0.5), whereas the region around (x,y) = (2, -3) contains a mix of intermediate colors (z − J ∼ 1.0–1.5). Meanwhile, the region near (x,y) = (-2, -1) and the vertical structure toward the top of the map appear to host a distinct population of quasars with red NIR slopes. We also examine the z–W1 color, commonly employed for quasar selection, where colors >  − 0.2 select quasars at z ≳ 5.7 (e.g., Yang et al. 2023), with redder values corresponding to higher redshifts. Consistently, we observe z–W1 ∼0 near (x,y) = (5, –2), a region containing several spectroscopically confirmed quasars and extreme i–z breaks–suggesting a high-confidence selection region. Other areas hosting known quasars exhibit z–W1 values between ∼0 − 0.6, still consistent with z > 6 quasars. Anomalously red z–W1 colors (∼ 3) appear on the left side of the small island, likely caused by W1 flux contamination from nearby sources, as the lower spatial resolution of WISE compared to LS DR10 can lead to blending. Meanwhile, the region with z–W1 ∼2.5 on the right side of the large island coincides with fainter z-band fluxes, weaker i–z breaks, and two known T dwarfs, suggesting that it may be hosting a larger population of T dwarfs.
The g-band depth map offers insight into the impact of data quality on the latent space representation. Sources with deeper g-band images, characterized by lower background noise, tend to cluster along the left edges of both latent-space islands. Upon visual inspection of the optical stamps of random sources from these regions, we did not find any trend in the background level; in fact, sources with both high and low background levels are often located adjacent to each other. However, we notice that the noise structure appears more peaked and irregular in the upper regions of the embedded space, becoming flatter and more homogeneous toward the bottom. This suggests that subtle observational systematics, particularly related to the noise texture, may influence the latent representation. Nevertheless, the effect is not dominant; there is no smooth gradient or sharply defined clustering of deep g-band sources, indicating that this feature likely plays only a minor role in shaping the embedded space. This effect of the imaging quality is also evidenced by the z-band PSF size map, as the smaller sizes indicating better resolution and less blurring overlap the deeper g-band areas and conversely.

Appendix B:  Proper motion of stars in the embedded space
As shown in Fig. 4, the region of the embedded space associated with elongated sources overlaps with the distribution of stars, suggesting the influence of high proper motions. To investigate this, we retrieved proper motion measurements from Gaia DR3 for all spectroscopically confirmed stars in the embedded space and color-coded them by their proper motion S/N, defined as the proper motion divided by its uncertainty (see Fig. B.1). We find consistent trends in both RA and Dec components, with increasing proper motion S/N toward the upper right of the embedded space. This indicates that the CL algorithm is sensitive to the apparent motion of sources, placing those with the highest proper motions toward the periphery of the learned representation.
	[image: Thumbnail: Fig. B.1. Refer to the following caption and surrounding text.]	Fig. B.1. Embedded space distribution of spectroscopically confirmed stars, color-coded by S/N of Gaia DR3 proper motion measurements. Higher S/N values correspond to stronger detections of motion, highlighting a gradient in proper motion across the embedded space.




Appendix C:  2D Gaussian Kernel Density Estimation (KDE) maps
We define a quantitative criterion to select candidates from regions in the latent space with a high density of quasars and a low contamination fraction from UCDs, using Gaussian kernel density estimation (KDE) maps. These maps in Fig. C.1 are constructed from the currently available sample of spectroscopically confirmed quasars and MLT dwarfs, and are normalized by the total number of sources in each class. Although the limited number of labeled sources, particularly in the southern hemisphere, introduces potential biases, this KDE-based approach provides a reasonable first-order method for prioritizing quasar candidates.
	[image: Thumbnail: Fig. C.1. Refer to the following caption and surrounding text.]	Fig. C.1. 2D KDE density maps for MLT dwarfs (upper), z > 5.7 quasar population (central); and quasar-to-brown-dwarf density ratio map (lower). White contours highlight the source density in the embedded space.




Appendix D:  Ultracool dwarf, star and galaxy templates included in eazy-py
The set of UCD templates includes: 1) cloud-free, solar-composition, and substellar atmosphere Sonora templates; 2) a compilation of low-resolution spectra of M3-M9, L0-L9, T0-T8 dwarfs from the IRTF SpeX spectrograph; 3) low temperature, low metallicity, and cloud-free atmosphere templates from the Lowz Library; 4) AMES-Dusty and 5) AMES-Cond atmosphere models with and without dust opacity, respectively; and 5) NextGen model atmosphere grid, which covers high-temperature low-mass stars and brown dwarfs. We also consider possible contamination by main-sequence stars by incorporating templates from the TRDS Pickles Atlas. In Table D.1 we provide technical details of the templates used for the SED fitting downselection step including: number of templates, type and wavelength coverage in μm for all the templates; and surface gravity (log g), effective temperature (Teff) and metallicity ([M/H]) only for the theoretical ones. Also, we report on assumptions and the cleaning process we performed to reach the final number of templates.
Table D.1. 
Templates included in eazy-py to account for stellar contaminants.

To account for red galaxies (early type spectra and high-z) as potential contaminants, we include: five templates from the Flexible Stellar Population Synthesis (FSPS) library, modeling the emission of a range of galaxy types such as star-forming, quiescent and dusty, with diverse star formation histories (SFHs; Conroy et al. 2009; Conroy & Gunn 2010); three galaxy templates with redshift-dependent SFHs and low dust attenuation from the CORR_SFHZ_13 library, based on JWST data of high-redshift galaxies (Larson et al. 2023; Carnall et al. 2023); and, to consider extreme emission line galaxies, the rest-frame version of the best-fit template to the NIRSpec spectrum of a z = 8.5 galaxy (ID= 4590 in Carnall et al. 2023), which features high-equivalent-width [OIII] and Hβ emission lines producing a distintive U-shaped SED in the F277W, F356W, and F444W bands.

Appendix E:  Comparison with adapted color cuts
We compute synthetic photometry using quasar SED templates by Temple et al. (2021) convolved with the PS1, DECam, UKIDSS, VHS, and WISE filter transmission curves. We therefore tested the aforementioned color selections by substituting the PS1 or DES DR2 y-band with VHS or UKIDSS Y where available, and by adopting i and z photometry from Legacy Survey DR10. The original color cuts are adjusted to our photometric system to account for the modified color evolution induced by the different filter responses. We emphasize that these transformations introduce additional scatter, and the resulting purity and completeness estimates should therefore be interpreted as approximate rather than exact.
For Bañados et al. (2016), targeting quasars at 5.7 < z < 6.5, the adapted criteria for our photometry are:
[image: Mathematical equation: $$ \begin{aligned} i-z > 0.8 \text{ and} z-y < 0.12 \end{aligned} $$]
for 5.7 < z < 6.2, and
[image: Mathematical equation: $$ \begin{aligned} i-z > 0.8 \text{ and} z-y > 0.12 \end{aligned} $$]
for 6.2 < z < 6.5, while the remaining signal-to-noise ratio and color constraints remain the same. This corresponds to the same selection as Wolf et al. (2024), with the additional constraint y − J < 0.8. The adaptation of the Wang et al. (2019) for z ∼ 7 selection yields:
[image: Mathematical equation: $$ \begin{aligned} z-y > 0.5 \text{ and} y-J < 0.4, \end{aligned} $$]
with the original J − W1 > 1.5 cut. Finally, for Yang et al. (2023), the changed color cuts are:
[image: Mathematical equation: $$ \begin{aligned} i-z > 0.8, z-y < 0.3 \text{,} \text{ and} y-W1 > -0.1 \end{aligned} $$]
for 5.7 < z < 6.4, and
[image: Mathematical equation: $$ \begin{aligned} z-y > 0.3, y-W1 > -0.1 \text{,} \text{ and} z-W1 > 0.7 \end{aligned} $$]
at higher redshift, while rejecting sources with y − J > 0.4. The performance of these adapted selections is summarized in the following Table E.1.
Table E.1. 
Performance of color-based selections.


Appendix F:  List of confirmed UCDs
In Table F.1 we compile the sample of quasar candidates observed during our spectroscopic campaign that did not exhibit a Ly-α break and present a likely brown dwarf spectrum. A detailed analysis of the spectrum of these sources is beyond the scope of this paper.
Table F.1. 
Spectroscopically confirmed to not be high-z quasars.


Appendix G:  SED fitting results and images for all the new quasars
Here we report the optical and near-IR images and the SED fitting results of the 16 new quasars (see Figs G.1, G.2, G.3, G.4, G.5 and G.6).
	[image: Thumbnail: Fig. G.1. Refer to the following caption and surrounding text.]	Fig. G.1. Continued from Fig. 5. SED fitting results and postage stamps of the quasar LS J230129.72-153020.4.



	[image: Thumbnail: Fig. G.2. Refer to the following caption and surrounding text.]	Fig. G.2. Continued from Fig. 5. SED fitting results and postage stamps of the quasars: LS J020801.31-664713.7 (top panel), LS J222343.78-381526.8 (central panel) and LS J010449.12-685756.8 (bottom panel).



	[image: Thumbnail: Fig. G.3. Refer to the following caption and surrounding text.]	Fig. G.3. Continued from Fig. G.2. SED fitting results and postage stamps of the quasars: LS J103511.29-051537.9 (top panel), LS J113000.56+142043.97 (central panel) and LS J133204.89+110208.94 (bottom panel).



	[image: Thumbnail: Fig. G.4. Refer to the following caption and surrounding text.]	Fig. G.4. Continued from Fig. G.3. SED fitting results and postage stamps of the quasars: LS J143510.65-105325.11 (top panel), LS J114156.14+100636.90 (central panel) and LS J013938.24-520945.73 (bottom panel).



	[image: Thumbnail: Fig. G.5. Refer to the following caption and surrounding text.]	Fig. G.5. Continued from Fig. G.4. SED fitting results and postage stamps of the quasars: LS J133014.01-402508.92 (top panel), LS J201119.04-443609.39 (central panel) and LS J203704.37-515240.27 (bottom panel).



	[image: Thumbnail: Fig. G.6. Refer to the following caption and surrounding text.]	Fig. G.6. Continued from Fig. G.5. SED fitting results and postage stamps of the quasars: LS J215501.13-511151.11 (top panel) and LS J145109.79-044542.12 (bottom panel).
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All Figures
	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. z-band 10″ × 10″ sized stamps illustrating examples of the artifacts identified in the photometry through visual inspection of the tensor. Light blue circles indicate the 1″ and 3″ radius apertures used in the compactness criteria calculation. The C1″/3″ values are presented above the corresponding postage stamp.
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	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Architecture of the self-supervised CL framework used in this work. The top and left sections illustrate the image preprocessing and the tensor assembly steps. The structure of the network is shown sequentially from left to right, starting with data augmentation, then the encoder block, and lastly the projection head. Red and green arrows indicate the contrastive loss computation, which measures similarity between random pairs of augmented images.
In the text



	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Embedded Euclidean space generated by UMAP for LS DR10 i-dropout sources after training the CL algorithm. All sources are represented as gray countours given by the number density; known M, L and T dwarfs are: brown, black and red crosses, respectively; and Gaia DR3 stars are yellow crosses. Spectroscopically confirmed quasars from the literature and the new quasars from this work are represented by filled circles and stars, respectively, all of them color-coded by their redshift. Quasar candidates are selected from the lower part of the left island where the source density is low and the contamination ratio with UCDs is ∼1:1. The two regions with the highest concentration of quasars are presented as zoom-in panels and highlighted with black squares.
In the text



	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. Mean pixel-by-pixel z, r, and g band fluxes (RGB mapped) within 15 × 15 binned embedded space. The number of sources within each bin contributing to the mean is shown in white in the upper left side of each image. The red dashed lines highlight a region with the highest number of known quasars, with a zoom-in binned embedded space on the right side. The number of known quasars in each bin at the zoom-in plot is shown in orange, below the number of sources in white.
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	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Example of an SED fitting result and the photometric redshift probability distribution function (top panels). LS DR10, VHS DR7, and WISE postage stamps of the photometry used (bottom panel) for the source LS J000−79. Top left: blue curve represents the best-fit model given by the QSO1 template (see Salvato et al. 2022 for details) at redshift 6.096, while the red curve shows the best-fit brown dwarf template from Meisner et al. (2021). The observed photometry represented by black squares with error bars corresponds to the DECam, VHS, and WISE catalogs and their uncertainties, while the yellow circles are the expected flux densities assuming the best quasar model. Top right: photometric redshift probability distribution function. Despite the distribution extending over z = [0, 12], we limited the plot to the range z = [4, 9] for better visualization.
In the text



	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Optical discovery spectra of the 16 new quasars reported in this work, including the quasar LS J1451−0445 from the DESI data release (Abdul-Karim et al. 2025). The black curves show the observed spectra, the red curves the best-fit quasar templates used for redshift estimation, and blue dashed lines indicate the adopted best-fit position of Ly-α. Each panel lists the source name, spectroscopic redshift, and the best-fit template in the upper left corner. The typical redshift uncertainty is 0.03 (see Section 5). Quasars are sorted from top to bottom by decreasing redshift.
In the text



	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Normalized EW(Ly[[INLINE491]] + N V) distribution for the 16 quasars at z = 5.93 − 6.45 identified through our CL selection. The solid green and dashed red curves show the best-fit log-normal distributions for PS1 quasars (Bañados et al. 2016) and SDSS quasars (Diamond-Stanic et al. 2009), with mean values of log(EW/Å) = 1.542 and 1.803, and standard deviations of 0.391 and 0.205 Å, respectively. The vertical dashed gray line marks the limit for WLQs (EW < 15.4 Å; Diamond-Stanic et al. 2009). While most of our sample overlaps with the PS1 distribution at log(EW/Å) < 2, a substantial excess appears in the high-EW tail, potentially revealing a distinct population of strong-line quasars.
In the text



	[image: Thumbnail: Fig. 8. Refer to the following caption and surrounding text.]	Fig. 8. Color–color diagrams showing the positions of the newly discovered quasars (stars) and the known high-redshift quasars at the same redshift range of our discoveries 5.94 ≤ z ≤ 6.45 (filled circles), both color-coded by redshift; and L and T dwarfs (black and red crosses, respectively) used as labels in the embedded space. Top: i − z vs. z − W1. Bottom: z − J vs. W1 − W2. While i − z vs. z − W1 shows a total overlap of the new quasars with the T dwarf population, the z − J color shows a clear distinction.
In the text



	[image: Thumbnail: Fig. A.1. Refer to the following caption and surrounding text.]	Fig. A.1. Color-coded embedded space maps showing catalog photometric features. Top row (left to right): z-band magnitude, i − z color, and z − J color. Bottom row: z-W1 color, g-band depth, and z-band PSF size. Top left: magnitude gradients across both regions underscore the crucial role of the brightness in shaping the low-dimensional representation. Top center: Multiple regions of strong i − z color indicate that while this feature may not fully dominate the embedding, it still plays a key role–evidenced by patterns and some clustering that overlap with the positions of spectroscopically confirmed quasars. Top right: The z − J color map reveals populations consistent with blue quasars (z − J ≤ 0.5), quasars with intermediate colors (z − J ∼ 1.0–1.5), and a population with red NIR slopes (z − J > 2), supporting the potential of the model to uncover diverse quasar types. Bottom left: Red z-W1 colors seem to reflect the W1 blending due to companions and potential faint T dwarf populations. Bottom center: Subtle observational systematics, such as variations in background noise texture, may influence the latent space structure as evidenced by the g-band depth pattern. Bottom right: Larger PSFs point to a mix of slightly extended or noisy z-band images.
In the text



	[image: Thumbnail: Fig. B.1. Refer to the following caption and surrounding text.]	Fig. B.1. Embedded space distribution of spectroscopically confirmed stars, color-coded by S/N of Gaia DR3 proper motion measurements. Higher S/N values correspond to stronger detections of motion, highlighting a gradient in proper motion across the embedded space.
In the text



	[image: Thumbnail: Fig. C.1. Refer to the following caption and surrounding text.]	Fig. C.1. 2D KDE density maps for MLT dwarfs (upper), z > 5.7 quasar population (central); and quasar-to-brown-dwarf density ratio map (lower). White contours highlight the source density in the embedded space.
In the text



	[image: Thumbnail: Fig. G.1. Refer to the following caption and surrounding text.]	Fig. G.1. Continued from Fig. 5. SED fitting results and postage stamps of the quasar LS J230129.72-153020.4.
In the text



	[image: Thumbnail: Fig. G.2. Refer to the following caption and surrounding text.]	Fig. G.2. Continued from Fig. 5. SED fitting results and postage stamps of the quasars: LS J020801.31-664713.7 (top panel), LS J222343.78-381526.8 (central panel) and LS J010449.12-685756.8 (bottom panel).
In the text



	[image: Thumbnail: Fig. G.3. Refer to the following caption and surrounding text.]	Fig. G.3. Continued from Fig. G.2. SED fitting results and postage stamps of the quasars: LS J103511.29-051537.9 (top panel), LS J113000.56+142043.97 (central panel) and LS J133204.89+110208.94 (bottom panel).
In the text



	[image: Thumbnail: Fig. G.4. Refer to the following caption and surrounding text.]	Fig. G.4. Continued from Fig. G.3. SED fitting results and postage stamps of the quasars: LS J143510.65-105325.11 (top panel), LS J114156.14+100636.90 (central panel) and LS J013938.24-520945.73 (bottom panel).
In the text



	[image: Thumbnail: Fig. G.5. Refer to the following caption and surrounding text.]	Fig. G.5. Continued from Fig. G.4. SED fitting results and postage stamps of the quasars: LS J133014.01-402508.92 (top panel), LS J201119.04-443609.39 (central panel) and LS J203704.37-515240.27 (bottom panel).
In the text



	[image: Thumbnail: Fig. G.6. Refer to the following caption and surrounding text.]	Fig. G.6. Continued from Fig. G.5. SED fitting results and postage stamps of the quasars: LS J215501.13-511151.11 (top panel) and LS J145109.79-044542.12 (bottom panel).
In the text





    
      Fig. 1. 

      
        [image: Fig. 1. Refer to the following caption and surrounding text.]
      

      
        z-band 10″ × 10″ sized stamps illustrating examples of the artifacts identified in the photometry through visual inspection of the tensor. Light blue circles indicate the 1″ and 3″ radius apertures used in the compactness criteria calculation. The C1″/3″ values are presented above the corresponding postage stamp.

      

    

  
    
      Fig. 2. 

      
        [image: Fig. 2. Refer to the following caption and surrounding text.]
      

      
        Architecture of the self-supervised CL framework used in this work. The top and left sections illustrate the image preprocessing and the tensor assembly steps. The structure of the network is shown sequentially from left to right, starting with data augmentation, then the encoder block, and lastly the projection head. Red and green arrows indicate the contrastive loss computation, which measures similarity between random pairs of augmented images.

      

    

  
    
      Fig. 3. 

      
        [image: Fig. 3. Refer to the following caption and surrounding text.]
      

      
        Embedded Euclidean space generated by UMAP for LS DR10 i-dropout sources after training the CL algorithm. All sources are represented as gray countours given by the number density; known M, L and T dwarfs are: brown, black and red crosses, respectively; and Gaia DR3 stars are yellow crosses. Spectroscopically confirmed quasars from the literature and the new quasars from this work are represented by filled circles and stars, respectively, all of them color-coded by their redshift. Quasar candidates are selected from the lower part of the left island where the source density is low and the contamination ratio with UCDs is ∼1:1. The two regions with the highest concentration of quasars are presented as zoom-in panels and highlighted with black squares.

      

    

  
    
      Fig. 4. 

      
        [image: Fig. 4. Refer to the following caption and surrounding text.]
      

      
        Mean pixel-by-pixel z, r, and g band fluxes (RGB mapped) within 15 × 15 binned embedded space. The number of sources within each bin contributing to the mean is shown in white in the upper left side of each image. The red dashed lines highlight a region with the highest number of known quasars, with a zoom-in binned embedded space on the right side. The number of known quasars in each bin at the zoom-in plot is shown in orange, below the number of sources in white.

      

    

  
    
      Fig. 5. 

      
        [image: Fig. 5. Refer to the following caption and surrounding text.]
      

      
        Example of an SED fitting result and the photometric redshift probability distribution function (top panels). LS DR10, VHS DR7, and WISE postage stamps of the photometry used (bottom panel) for the source LS J000−79. Top left: blue curve represents the best-fit model given by the QSO1 template (see Salvato et al. 2022 for details) at redshift 6.096, while the red curve shows the best-fit brown dwarf template from Meisner et al. (2021). The observed photometry represented by black squares with error bars corresponds to the DECam, VHS, and WISE catalogs and their uncertainties, while the yellow circles are the expected flux densities assuming the best quasar model. Top right: photometric redshift probability distribution function. Despite the distribution extending over z = [0, 12], we limited the plot to the range z = [4, 9] for better visualization.

      

    

  
    
      Table 1. 

      Downselection of candidates.

      
        


	Condition
	Size
	Spec. C.



	(1)
	(2)
	(3)





	All LS DR10 sources
	2 827 055 986
	0%



	




	Color cut, maskbits conditions, and
	165 253
	0%



	VHS, UKIDSS, or UHS, and W1 detection



	




	Compactness criteria
	130 472
	0%



	




	Density threshold in the embedded space
	24 212
	1%



	SED fiting χ2 ratio, zml and
	1438
	4%



	photometric redshift distribution



	




	No artifacts in optical stamps
	1139
	5%





      

      
Notes. Col. (1): Condition defining the sample; Col. (2): Number of sources in the sample; Col. (3): Spectroscopic completeness: fraction of the sample with spectroscopic classification as quasar or UCD. The 0% represents percentages < 0.5%.



    

  
    
      Table 2. 

      Spectroscopic follow-up observations of the 16 new quasars.

      
        


	Name
	RA
	Dec
	Date
	Telescope/Instrument
	Exp. time
	z



	
	deg
	deg
	
	
	seconds
	



	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)





	LS J145109.79−044542.12
	222.79078
	-4.76170
	2022 May. 31 a
	Mayall/DESI
	3363
	6.16



	LS J230129.72−153020.4
	345.37384
	-15.50566
	2024 Oct. 4
	Hale/DBSP
	1200
	6.32



	LS J020801.31−664713.7
	32.00547
	-66.78714
	2024 Oct. 25
	NTT/EFOSC2
	5400
	6.09



	LS J222343.78−381526.8
	335.93243
	-38.25753
	2024 Oct. 25
	NTT/EFOSC2
	4800
	6.36



	LS J000622.24−793548.1
	1.55765
	79.59670
	2024 Oct. 28
	NTT/EFOSC2
	3600
	6.21



	LS J010449.12−685756.8
	16.20466
	-68.96577
	2024 Oct. 28
	NTT/EFOSC2
	3000
	6.38



	LS J103511.29−051537.9
	158.79705
	-5.26053
	2025 Feb. 16
	LBT/MODS2 b
	3000
	6.09



	LS J113000.56+142043.97
	172.50233
	14.34555
	2025 Feb. 21
	Hale/NGPS
	2700
	6.28



	LS J133204.89+110208.94
	203.02036
	11.03582
	2025 Apr. 20
	LBT/MODS
	3600
	6.11



	LS J143510.65−105325.11
	218.79436
	-10.89031
	2025 Apr. 23
	LBT/MODS
	2700
	6.13



	LS J114156.14+100636.90
	175.48392
	10.11025
	2025 Apr. 23
	LBT/MODS
	2700
	5.94



	LS J133014.01−402508.92
	202.55836
	-40.41915
	2025 May. 1
	Clay/LDSS3
	1800
	6.07



	LS J201119.04−443609.39
	302.82931
	-44.60261
	2025 May. 1
	Clay/LDSS3
	1800
	6.08



	LS J203704.37−515240.27
	309.26819
	-51.87785
	2025 May. 1
	Clay/LDSS3
	2800
	6.25



	LS J215501.13−511151.11
	328.75473
	-51.19753
	2025 May. 1
	Clay/LDSS3
	1200
	6.45



	LS J013938.24−520945.73
	14.90935
	-52.16270
	2025 Jul. 28
	NTT/EFOSC2
	3600
	6.05





      

      
Notes.

a This source was confirmed as a quasar with DESI DR1 data release.


b Note that although MODS is composed of two identical two-channel spectrographs, at the time of this observing run only MODS2 was available.


Col. (1): Quasar name with convention: “LS” for DESI Legacy Survey DR10, and then the coordinates in HMS and DMS format. Cols. (2) and (3): coordinates in degrees, Col. (4): Date of the observations; Col (5): Telescope and instrument used for the optical spectroscopic follow-up; Col. (6) Total exposure time; Col. (7) spectroscopic redshift estimated with the spectrum fitting with an uncertainty of 0.03 (see Section 5).



    

  
    
      Fig. 6. 

      
        [image: Fig. 6. Refer to the following caption and surrounding text.]
      

      
        Optical discovery spectra of the 16 new quasars reported in this work, including the quasar LS J1451−0445 from the DESI data release (Abdul-Karim et al. 2025). The black curves show the observed spectra, the red curves the best-fit quasar templates used for redshift estimation, and blue dashed lines indicate the adopted best-fit position of Ly-α. Each panel lists the source name, spectroscopic redshift, and the best-fit template in the upper left corner. The typical redshift uncertainty is 0.03 (see Section 5). Quasars are sorted from top to bottom by decreasing redshift.

      

    

  
    
      Table 3. 

      Photometric properties of the new 16 quasars.

      
        


	Name
	i
	z
	Y
	J
	H
	Ks
	W1
	W2
	zml
	χBD2/χquasars2





	LS J1451−0445
	23.69 ± 0.17
	20.83 ± 0.01
	20.94 ± 0.23
	20.63 ± 0.17
	20.21 ± 0.19
	
	20.02 ± 0.06
	20.02 ± 0.14
	6.1
	4.37



	LS J2301−1530
	24.75 ± 0.80
	20.65 ± 0.03
	20.16 ± 0.08
	20.07 ± 0.10
	
	19.74 ± 0.18
	19.78 ± 0.05
	19.91 ± 0.13
	6.37
	2.89



	LS J0208−6647
	23.44 ± 0.14
	20.17 ± 0.01
	
	20.72 ± 0.10
	
	19.85 ± 0.14
	19.18 ± 0.02
	18.82 ± 0.03
	6.11
	5.53



	LS J2223−3815
	23.56 ± 0.20
	20.57 ± 0.03
	
	19.84 ± 0.04
	
	19.77 ± 0.12
	19.92 ± 0.05
	19.92 ± 0.11
	6.30
	2.25



	LS J0006−7935
	23.60 ± 0.09
	20.57 ± 0.02
	20.58 ± 0.16
	20.56 ± 0.17
	
	20.21 ± 0.27
	19.95 ± 0.04
	19.92 ± 0.08
	6.10
	5.87



	LS J0104−6857
	23.75 ± 0.21
	20.50 ± 0.02
	20.83 ± 0.19
	20.89 ± 0.22
	
	19.81 ± 0.19
	19.90 ± 0.04
	19.33 ± 0.05
	6.11
	3.71



	LS J1035−0515
	23.34 ± 0.22
	20.14 ± 0.01
	20.51 ± 0.15
	19.68 ± 0.07
	19.14 ± 0.07
	18.55 ± 0.05
	18.32 ± 0.01
	18.19 ± 0.03
	6.43
	2.16



	LS J1130+1420
	24.66 ± 0.39
	21.05 ± 0.03
	21.13 ± 0.21
	
	20.61 ± 0.20
	20.48 ± 0.24
	20.31 ± 0.08
	20.20 ± 0.16
	6.20
	21.09



	LS J1332+1102
	24.17 ± 0.36
	20.80 ± 0.04
	20.50 ± 0.13
	20.29 ± 0.11
	20.03 ± 0.13
	19.85 ± 0.12
	19.95 ± 0.05
	20.38 ± 0.18
	6.22
	2.92



	LS J1435−1053
	24.64 ± 0.53
	21.27 ± 0.04
	
	20.49 ± 0.21
	
	
	20.51 ± 0.09
	21.22 ± 0.42
	6.21
	1.24



	LS J1141+1006
	24.08 ± 0.31
	21.14 ± 0.02
	21.19 ± 0.22
	
	20.95 ± 0.27
	20.58 ± 0.22
	20.93 ± 0.14
	21.50 ± 0.56
	6.07
	2.70



	LS J1330−4025
	22.80 ± 0.08
	20.13 ± 0.01
	
	20.58 ± 0.25
	
	19.94 ± 0.25
	19.72 ± 0.04
	19.46 ± 0.07
	6.03
	11.61



	LS J2011−4436
	23.90 ± 0.26
	20.95 ± 0.03
	
	20.44 ± 0.10
	
	19.59 ± 0.10
	19.32 ± 0.03
	19.26 ± 0.06
	6.31
	2.90



	LS J2037−5152
	25.55 ± 0.70
	21.08 ± 0.04
	
	21.00 ± 0.17
	
	20.32 ± 0.21
	20.40 ± 0.08
	19.75 ± 0.09
	6.18
	1.30



	LS J2155−5111
	25.45 ± 0.34
	21.35 ± 0.03
	
	21.05 ± 0.22
	
	
	20.65 ± 0.09
	20.41 ± 0.16
	6.24
	2.51



	LS J0139−5209
	23.24 ± 0.08
	20.65 ± 0.01
	
	20.71 ± 0.12
	
	20.27 ± 0.23
	20.35 ± 0.07
	20.64 ± 0.19
	6.05
	1.83





      

      
Notes. Col. (1): Abbreviated quasar name; Cols. (2)–(3): optical magnitudes from LS DR10, Cols. (4)–(7): NIR magnitudes from UKIDSS DR11, VHS DR5 or UHS DR2; Cols. (8)–(9): MIR magnitudes from WISE; Col. (10): maximum-likelihood photometric redshift estimated by eazy-py; Col. (11): stellar contaminant-to-quasar χ2 ratio used for the prioritization of the candidates.



    

  
    
      Table 4. 

      Redshift and physical properties of the new quasars.

      
        


	Name
	z
	χ2/d.o.f.
	Template
	log λLλ(1350 Å)
	log Lbol
	m1450
	M1450
	FWHM (Ly-α)
	EWLyα + NV



	
	
	
	
	erg s−1
	erg s−1
	
	
	km/s
	 Å



	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)
	(9)
	(10)





	LS J2155−5111
	6.45
	0.11
	Onorato25
	45.31
	45.89
	21.27
	−25.58
	
	82



	LS J0104−6857
	6.38
	0.43
	strong Ly-α
	45.65
	46.22
	20.43
	−26.41
	1613
	90



	LS J2223−3815
	6.36
	0.12
	weak Ly-α
	45.62
	46.20
	20.49
	−26.34
	
	15



	LS J2301−1530
	6.32
	0.04
	median Ly-α
	45.59
	46.17
	20.58
	−26.25
	
	160



	LS J1130+1420
	6.28
	0.04
	median Ly-α
	45.42
	46.00
	20.98
	−25.83
	
	87



	LS J2037−5152
	6.25
	0.14
	strong Ly-α
	45.41
	45.99
	21.01
	−25.79
	2656
	212



	LS J0006−7935
	6.21
	0.28
	xqr-30
	45.61
	46.19
	20.51
	−26.28
	
	32



	LS J1451−0445
	6.16
	0.22
	xqr-30
	45.60
	46.19
	20.51
	−26.27
	
	153



	LS J1435−1053
	6.13
	0.03
	xqr-30
	45.32
	45.91
	21.21
	−25.56
	
	247



	LS J1332+1102
	6.11
	0.08
	weak Ly-α
	45.51
	46.09
	20.74
	−26.03
	
	22



	LS J0208−6647
	6.09
	2.82
	strong Ly-α
	45.76
	46.34
	20.12
	−26.65
	1146
	170



	LS J1035−0515
	6.09
	3.51
	weak Ly-α
	45.77
	46.35
	20.08
	−26.68
	
	8



	LS J2011−4436
	6.08
	0.09
	weak Ly-α
	45.45
	46.03
	20.90
	−25.86
	
	45



	LS J1330−4025
	6.07
	0.38
	strong Ly-α
	45.78
	46.36
	20.08
	−26.68
	1713
	149



	LS J0139−5209
	6.05
	0.49
	Onorato25
	45.41
	45.99
	21.00
	−25.76
	
	167



	LS J1141+1006
	5.94
	0.04
	weak Ly-α
	45.36
	45.94
	21.10
	−25.63
	
	25





      

      
Notes: Col. (1): Abbreviated quasar name; Col. (2): spectroscopic redshift estimated with the spectrum fitting with an uncertainty of 0.03 (see Section 5), Col. (3): reduced χ2 of the best-fitted template; Col. (4): Name of the best-fit template; Col. (5): monochromatic luminosity at rest frame 1350 Å; Col. (6): bolometric luminosity, Cols. (7–8): apparent and absolute magnitudes at rest frame 1450 Å.



    

  
    
      Fig. 7. 

      
        [image: Fig. 7. Refer to the following caption and surrounding text.]
      

      
        Normalized EW(Ly[[INLINE491]] + N V) distribution for the 16 quasars at z = 5.93 − 6.45 identified through our CL selection. The solid green and dashed red curves show the best-fit log-normal distributions for PS1 quasars (Bañados et al. 2016) and SDSS quasars (Diamond-Stanic et al. 2009), with mean values of log(EW/Å) = 1.542 and 1.803, and standard deviations of 0.391 and 0.205 Å, respectively. The vertical dashed gray line marks the limit for WLQs (EW < 15.4 Å; Diamond-Stanic et al. 2009). While most of our sample overlaps with the PS1 distribution at log(EW/Å) < 2, a substantial excess appears in the high-EW tail, potentially revealing a distinct population of strong-line quasars.

      

    

  
    
      Fig. 8. 

      
        [image: Fig. 8. Refer to the following caption and surrounding text.]
      

      
        Color–color diagrams showing the positions of the newly discovered quasars (stars) and the known high-redshift quasars at the same redshift range of our discoveries 5.94 ≤ z ≤ 6.45 (filled circles), both color-coded by redshift; and L and T dwarfs (black and red crosses, respectively) used as labels in the embedded space. Top: i − z vs. z − W1. Bottom: z − J vs. W1 − W2. While i − z vs. z − W1 shows a total overlap of the new quasars with the T dwarf population, the z − J color shows a clear distinction.

      

    

  
    
      Fig. A.1. 

      
        [image: Fig. A.1. Refer to the following caption and surrounding text.]
      

      
        Color-coded embedded space maps showing catalog photometric features. Top row (left to right): z-band magnitude, i − z color, and z − J color. Bottom row: z-W1 color, g-band depth, and z-band PSF size. Top left: magnitude gradients across both regions underscore the crucial role of the brightness in shaping the low-dimensional representation. Top center: Multiple regions of strong i − z color indicate that while this feature may not fully dominate the embedding, it still plays a key role–evidenced by patterns and some clustering that overlap with the positions of spectroscopically confirmed quasars. Top right: The z − J color map reveals populations consistent with blue quasars (z − J ≤ 0.5), quasars with intermediate colors (z − J ∼ 1.0–1.5), and a population with red NIR slopes (z − J > 2), supporting the potential of the model to uncover diverse quasar types. Bottom left: Red z-W1 colors seem to reflect the W1 blending due to companions and potential faint T dwarf populations. Bottom center: Subtle observational systematics, such as variations in background noise texture, may influence the latent space structure as evidenced by the g-band depth pattern. Bottom right: Larger PSFs point to a mix of slightly extended or noisy z-band images.

      

    

  
    
      Fig. B.1. 

      
        [image: Fig. B.1. Refer to the following caption and surrounding text.]
      

      
        Embedded space distribution of spectroscopically confirmed stars, color-coded by S/N of Gaia DR3 proper motion measurements. Higher S/N values correspond to stronger detections of motion, highlighting a gradient in proper motion across the embedded space.

      

    

  
    
      Fig. C.1. 

      
        [image: Fig. C.1. Refer to the following caption and surrounding text.]
      

      
        2D KDE density maps for MLT dwarfs (upper), z > 5.7 quasar population (central); and quasar-to-brown-dwarf density ratio map (lower). White contours highlight the source density in the embedded space.

      

    

  
    
      Table D.1. 

      Templates included in eazy-py to account for stellar contaminants.

      
        


	Name
	Reference
	Type
	Number
	log g [cm s2]
	Teff [K]
	[M/H]
	Coverage [μm]



	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)





	Sonora 2018
	Marley et al. (2018)
	Theoretical
	420
	[3.25, 5.5]
	[200, 2400]
	0
	[0.4, 40]



	Lowz Library
	Meisner et al. (2021)
	Theoretical
	374a
	3.5, 5
	[500, 1600]
	[-2.5, 1]
	[0.1, 10]



	




	AMES-Dusty
	Allard et al. (2001)
	Theoretical
	16
	4.5
	[500, 2000]
	0
	[0.1, 10]



	Baraffe et al. (2003)



	Grevesse et al. (1993)



	Partridge & Schwenke (1997)



	




	AMES-Cond
	Allard et al. (2001)
	Theoretical
	11
	4.5
	[800,1900]
	0
	[0.1, 10]



	Chabrier et al. (2000)



	Grevesse et al. (1993)



	Partridge & Schwenke (1997)



	




	NextGen
	Allard et al. (1997)
	Theoretical
	8
	4.5
	[2200, 9800]
	0
	[0.01, 921]



	Baraffe et al. (1997, 1998)



	Grevesse et al. (1993)



	Hauschildt et al. (1999)



	Schryber et al. (1995)



	




	SpeX Prism Libraryb
	Burgasser et al. (2006)
	Empirical
	149
	
	
	
	[0.6, 2.5]



	Burgasser (2014)



	




	L and T dwarf data archive c
	Knapp et al. (2004)
	Empirical
	148
	
	
	
	[0.1, 2.5]



	Chiu et al. (2006)



	Golimowski et al. (2004)



	




	TRDS Pickles Atlasd
	Pickles (1998)
	Empirical
	131
	
	[2951.21, 39810.7]
	
	[0.115, 2.5]





      

      
a This subsample is defined by a carbon-to-oxygen ratio C/O = 0.55 and vertical eddy diffusion coefficient log10Kzz = 2.0. b These templates were extended to 0.1 μm and 100 μm by assuming Wien and Rayleigh-Jeans emission tails, respectively. c Find compilation at http://svo2.cab.inta-csic.es/theory/newov2/index.php?. d TRDS Pickles Atlas account for all normal spectral types and luminosity classes at solar abundance, as well as metal-weak and metal-rich F-K dwarf and G-K giant stars. Notes: Col (1): Template set name; Col (2): references; Col (3): type templates: either from a theoretical grid or empirical observed spectra; Col (4): number of templates included; Col (5): logarithm of the surface gravity; Col (6): Effective temperature; Col (7): logarithm of the ratio of the mass fraction of metals to the mass fraction of hydrogen, compared to the solar value; Col (8): lower and upper limits of the wavelength coverage.



    

  
    
      Table E.1. 

      Performance of color-based selections.

      
        


	Selection
	TP
	FN
	FP
	P
	C
	Cand.



	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)





	Bañados et al. (2016)
	28
	3
	39
	42%
	90%
	28526



	




	Wang et al. (2019)
	3
	28
	3
	40%
	11%
	1892



	




	Yang et al. (2023)
	51
	18
	7
	88%
	74%
	39924



	




	Wolf et al. (2024)
	18
	13
	53
	25%
	58%
	2344



	




	CL+SED fitting
	52
	17
	10
	84%
	75%
	1438





      

      
Notes: Col (1): Candidate selection; Col (2): True positives; Col (3): False negatives; Col (4): False positives; Col (5): Precision; Col (6): Completeness; Col (7): Number of candidates selected.



    

  
    
      Table F.1. 

      Spectroscopically confirmed to not be high-z quasars.

      
        


	Name
	RA
	DEC
	Date
	Telescope
	Type
	zml



	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)





	LS J012806.35-070949.28
	22.02645
	-7.16369
	2024 Sep. 8
	Hale/DBSP
	EXP
	6.89



	LS J013153.69-091341.41
	22.97369
	-9.22817
	2024 Oct. 4
	Hale/DBSP
	PSF
	6.60



	LS J023459.52-184732.42
	38.74801
	-18.79234
	2024 Dec. 2
	LBT/MODS
	PSF
	7.03



	LS J040409.74-010111.57
	61.04060
	-1.01988
	2024 Dec. 2
	Hale/DBSP
	PSF
	7.07



	LS J040940.43-044153.29
	62.41846
	-4.69797
	2024 Oct. 4
	Hale/DBSP
	PSF
	6.64



	LS J082810.33-024514.58
	127.04305
	-2.75405
	2024 Dec. 2
	LBT/MODS
	REX
	6.29



	LS J091505.37-162230.52
	138.77237
	-16.37507
	2025 May. 1
	Clay/LDSS3
	PSF
	7.08



	LS J093306.52-004703.13
	143.27715
	-0.78420
	2024 Dec. 5
	LBT/MODS
	PSF
	5.96



	LS J101348.72-244710.12
	153.45299
	-24.78617
	2025 May. 1
	Clay/LDSS3
	PSF
	7.05



	LS J113244.38+153820.65
	173.18492
	15.63907
	2025 April. 24
	LBT/MODS
	PSF
	6.34



	LS J115515.06+024328.27
	178.81276
	2.72452
	2025 March. 5
	Keck/LRIS
	PSF
	6.98



	LS J130209.38+064549.53
	195.53908
	6.76376
	2025 April. 24
	LBT/MODS
	PSF
	7.02



	LS J132838.18-340410.74
	202.15908
	-34.06965
	2025 May. 1
	Clay/LDSS3
	REX
	6.73



	LS J133245.75-391414.68
	203.19063
	-39.23741
	2025 May. 1
	Clay/LDSS3
	PSF
	7.13



	LS J140247.81+102132.87
	210.69923
	10.35913
	2025 April. 20
	LBT/MODS
	PSF
	6.56



	LS J150722.36-232544.21
	226.84315
	-23.42895
	2025 May. 1
	Clay/LDSS3
	PSF
	6.01



	LS J152443.10-262001.87
	231.17957
	-26.33393
	2025 May. 1
	Clay/LDSS3
	PSF
	6.85



	LS J160255.50-082640.24
	240.73126
	-8.44451
	2025 May. 1
	Clay/LDSS3
	PSF
	5.94



	LS J190808.07-691041.42
	287.03364
	-69.17804
	2025 May. 1
	Clay/LDSS3
	PSF
	5.94



	LS J193812.38-570418.00
	294.55158
	-57.07166
	2025 May. 1
	Clay/LDSS3
	PSF
	6.97



	LS J200926.15-600141.31
	302.35896
	-60.02814
	2025 May. 1
	Clay/LDSS3
	PSF
	6.00



	LS J230435.88-800915.08
	346.14950
	-80.15419
	2025 May. 1
	Clay/LDSS3
	PSF
	5.93





      

      
Notes: Col (1): Brown dwarf name with convention: "LS" for DESI Legacy Survey DR10; Col (2) and Col (3): coordinates (J2000) in degrees, Col (4): Date of the observations; Col (5): Telescope and instrument used for the optical spectroscopic follow-up; Col (6): Morphological model from LS DR10 catalog: PSF=stellar, REX=round exponential galaxy, or EXP=exponential; Col (7): maximum-likelihood photometric redshift estimated by eazy-py.



    

  
    
      Fig. G.1. 

      
        [image: Fig. G.1. Refer to the following caption and surrounding text.]
      

      
        Continued from Fig. 5. SED fitting results and postage stamps of the quasar LS J230129.72-153020.4.

      

    

  
    
      Fig. G.2. 

      
        [image: Fig. G.2. Refer to the following caption and surrounding text.]
      

      
        Continued from Fig. 5. SED fitting results and postage stamps of the quasars: LS J020801.31-664713.7 (top panel), LS J222343.78-381526.8 (central panel) and LS J010449.12-685756.8 (bottom panel).

      

    

  
    
      Fig. G.3. 

      
        [image: Fig. G.3. Refer to the following caption and surrounding text.]
      

      
        Continued from Fig. G.2. SED fitting results and postage stamps of the quasars: LS J103511.29-051537.9 (top panel), LS J113000.56+142043.97 (central panel) and LS J133204.89+110208.94 (bottom panel).

      

    

  
    
      Fig. G.4. 

      
        [image: Fig. G.4. Refer to the following caption and surrounding text.]
      

      
        Continued from Fig. G.3. SED fitting results and postage stamps of the quasars: LS J143510.65-105325.11 (top panel), LS J114156.14+100636.90 (central panel) and LS J013938.24-520945.73 (bottom panel).

      

    

  
    
      Fig. G.5. 

      
        [image: Fig. G.5. Refer to the following caption and surrounding text.]
      

      
        Continued from Fig. G.4. SED fitting results and postage stamps of the quasars: LS J133014.01-402508.92 (top panel), LS J201119.04-443609.39 (central panel) and LS J203704.37-515240.27 (bottom panel).

      

    

  
    
      Fig. G.6. 

      
        [image: Fig. G.6. Refer to the following caption and surrounding text.]
      

      
        Continued from Fig. G.5. SED fitting results and postage stamps of the quasars: LS J215501.13-511151.11 (top panel) and LS J145109.79-044542.12 (bottom panel).
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