UC Berkeley
UC Berkeley Previously Published Works

Title
Beyond traditional emission-line diagnostics: Using autoencoders to uncover active
galactic nuclei in DESI spectra

Permalink
https://escholarship.org/uc/item/7z135231

Journal
Astronomy & Astrophysics, 713

ISSN
0004-6361

Authors

Alcolea, JA
Siudek, M
Eriksen, M

Publication Date
2026-09-01

DOI
10.1051/0004-6361/202660335

Copyright Information
This work is made available under the terms of a Creative Commons Attribution
License, available at https://creativecommons.org/licenses/by/4.0

Peer reviewed

eScholarship.org Powered by the California Diqgital Library

University of California


https://escholarship.org/uc/item/7z13523r
https://escholarship.org/uc/item/7z13523r#author
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/

A&A, 713, A133 (2026)
https://doi.org/10.1051/0004-6361/202660335
© The Authors 2026

tronomy
Astrophysics

Beyond traditional emission-line diagnostics: Using
autoencoders to uncover active galactic nuclei in DESI spectra

J. A. Alcolea' *®, M. Siudek?*®, M. Eriksen>*®, M. Mezcua!->*®, R. Pucha®’®, S. Juneau®®,
S. Gontcho A Gontcho?, S. Panda!?®, J. Aguilar” , S. Ahlen'?, D. Bianchi!3-'#®, A. Brodzeller'!, D. Brooks!>®,
F. J. Castander!”®, T. Claybalughll , A. Cuceu!!, A. de la Macorra'®, B. Dey”’18 , P. Doel>®, S. Ferraro!-1°®,

A. Font-Ribera’-2°®, J. E. Forero-Romero?'-22®, E. Gaztalﬁagall’5 -23®, G. Gutierrez**, C. Hahn?,
H. K. Herrera-Alcantar?®-2’®, R. Joyce8 ,R. Kehoe?®, D. Kirkbyzg, T. Kisner''®, A. Kremin!!®, O. Lahav!>,
C. Lamman®®, M. Landriau!', L. Le Guillou?'®, A. Meisner®®, R. Miquel3’20 , J. Moustakas?2®,
S. Nadathur®®, W. Percival®*-3435®, F. Prada®®, 1. Pérez-Rafols®’ @, G. Rossi®®, E. Sanchez?®, E. Schlaﬂy40,
D. Schlegel11 , M. Schubnell*!, J. Silber'!®, D. Sprayberryg, G. Tarlé*'®, B. A. Weaver®, and H. Zou*?

(Affiliations can be found after the references)

Received 9 April 2026 / Accepted 9 July 2026

ABSTRACT

Context. The growing volume of spectroscopic data in modern surveys motivates the development of data-driven approaches that
complement traditional emission-line diagnostics for the identification of active galactic nuclei (AGNS).

Aims. We develop and validate a machine-learning (ML) framework for galaxy and AGN classification that exploits the full optical
spectrum, using unsupervised learning to capture spectral features within a semi-supervised classification framework that complements
classical approaches.

Methods. We adapted the SPENDER autoencoder architecture to compress galaxy spectra obtained with the Dark Energy Spectroscopic
Instrument (DESI) into a low-dimensional latent space that encodes physically meaningful label-agnostic information. We introduced
a quantitative classification method via a k-d tree nearest-neighbor search in latent space. The model was trained on 50222 spectra
from the DESI main survey, corresponding to the internal Guadalupe dataset, released as part of data release 1 (DR1), and restricted to
7 < 0.5. We validated the performance using labels derived from the FastSpecFit emission line measurements defining seven galaxy
classes: AGN, broad-line (BL), composite, star-forming, passive, retired, and other.

Results. The model achieves a high performance in identifying AGN and BL sources, with accuracies of 0.952 and 0.965, respec-
tively. The model reliably recovers AGN and BL sources even in spectra with a low signal-to-noise ratio and identifies AGNs missed
by single-diagnostic standard methods. Our classification metrics are benchmarked against traditional diagnostics, and we show that
they represent lower limits of the true model performance. The latent space learned by the autoencoder not only separates AGN and
non-AGN galaxies, but also correlates with key physical properties such as stellar mass and star formation rate, demonstrating that the
method captures astrophysical meaningful features.

Conclusions. This work demonstrates that unsupervised spectral representation learning implemented within a semi-supervised clas-
sification framework offers a powerful and scalable pathway toward more complete and reliable AGN catalogs for current and upcoming

large spectroscopic surveys.

Key words. techniques: spectroscopic — galaxies: active — galaxies: general — galaxies: nuclei — galaxies: Seyfert —

galaxies: statistics

1. Introduction

Active galactic nuclei (AGNs) are among the most powerful and
energetic sources in the Universe (Padovani et al. 2017). They are
powered by accretion of material onto supermassive black holes
(SMBHSs; Mgy > 10% M) that are located at the center of galax-
ies (Salpeter 1964; Zel’dovich 1964). AGNs are found in ~1-
10% of all galaxies (Beckmann & Shrader 2012) and emit across
the entire electromagnetic spectrum, from radio to gamma-rays.
It is crucial to study AGNs for understanding galaxy evolu-
tion and black hole growth (Heckman & Best 2014; Harrison
& Ramos Almeida 2024). For instance, AGN feedback plays a
crucial role in regulating, and possibly altogether halting, star

* Corresponding authors: joseantalcolea@gmail . com;
msiudek@iac.es;mezcua@ice.csic.es

formation processes within massive galaxies (Ramasawmy et al.
2019). This phenomenon is commonly incorporated into cosmo-
logical simulations to ensure that the simulated galaxy properties
agree with observations (Rosito et al. 2021; Vogelsberger et al.
2014). Moreover, studying AGNs hosted in dwarf galaxies can
provide insights into understanding the formation of seed black
holes in the early Universe (Mezcua 2017). The study of AGNs
can even constrain cosmological parameters and test whether the
dark energy density varies with time (Risaliti & Lusso 2019).
Despite the large variety of AGN classes defined over the
years (the so-called AGN zoo), the unified model of AGNs pro-
poses a common physical structure (Antonucci 1993; Urry &
Padovani 1995; Beckmann & Shrader 2012), with observational
differences arising mainly from the orientation, accretion rate,
presence of jets, and properties of the host galaxy (Padovani
et al. 2017). A particularly interesting type of AGNs are
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broad-line (BL) AGNs, whose spectra exhibit broad emission
lines (e.g., Ha and Hp). These lines originate in the broad-line
region (BLR), a compact and fast-moving gas region located
close to the SMBH (Padovani et al. 2017). The BLR not only
enables SMBH mass estimates through virial techniques (Greene
& Ho 2005; Moran et al. 2014; Suh et al. 2020), but also offers
valuable information on accretion processes, the structure of
the inner AGN, and the co-evolution of SMBHs with their host
galaxies (Netzer 2015; Shen et al. 2019). It is worth noting that
transient broad emission lines can also be produced by stellar
processes such as Type II supernovae, luminous blue variables,
or Wolf-Rayet stars, particularly in low-mass galaxies, and that
follow-up spectroscopy is often required to distinguish between
AGN activity and these transient stellar phenomena (Baldassare
et al. 2016).

Methods for identifying AGNs exploit their multiwave-
length emission. While X-ray, radio, infrared (IR), or gamma-
ray observations can effectively reveal AGN activity (Padovani
et al. 2017), optical spectroscopy remains the primary tool
for AGN selection in large extragalactic surveys and has been
shown to provide a more complete AGN census (Juneau et al.
2013). The standard approach to spectroscopic AGN classifi-
cation relies on emission-line diagnostics such as the Bald-
win—Phillips—Terlevich (BPT) diagram (Baldwin et al. 1981),
which uses ratios of prominent emission lines (e.g., [O 111]/HS
vs. [N1I]/Ha) to distinguish between ionization mechanisms
driven by AGNSs, star formation, or a combination of the two.
However, these methods typically focus on a limited number of
emission lines, requiring prior spectral fitting and often missing
the broader spectral diversity of galaxies. Moreover, it remains
challenging to establish a uniform selection method because dif-
ferent techniques for identifying AGNs often yield distinct and
only partially overlapping samples (Juneau et al. 2013; Padovani
et al. 2017; Hickox & Alexander 2018).

Large spectroscopic surveys have transformed our view of
galaxy populations over the past two decades. Projects such as
the Sloan Digital Sky Survey (SDSS; Wu et al. 2023), and more
recently, the Dark Energy Spectroscopic Instrument! (DESI;
DESI Collaboration 2026a), are delivering optical spectra for
millions of galaxies, enabling statistical studies of unprecedented
scope.

Even with the Early Data Release (EDR; DESI Collaboration
2024) alone, DESI has already led to major scientific advances
using classical analysis techniques based on a sample of approx-
imately 1.8 million unique targets. For instance, Siudek et al.
(2024) produced a value-added catalog with physical properties
for more than 1.3 million galaxies using CIGALE spectral energy
distribution fitting (Boquien et al. 2019), and explored its use as
a proxy for AGN identification (Siudek et al. 2025). Similarly,
Pucha et al. (2025) tripled the census of dwarf AGN candidates
through emission-line fitting, while Guo et al. (2024) increased
the known population of changing-look AGNs by approximately
30%. Additional studies revealed new connections between dust
reddening and radio emission in quasars (Fawcett et al. 2023)
and provided improved single-epoch black hole mass estimates
for over 55000 DESI quasars (Pan et al. 2025). These results
highlight the scientific power of DESI even when exploited with
traditional model-based approaches.

The DESI data release 1 (DR1; DESI Collaboration 2026a)
has already dramatically increased the volume and diversity
of available spectra, including more than 18.7 million unique
targets. Forthcoming releases, such as data release 2 (DR2;

! https://www.desi.lbl.gov/
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Abdul Karim et al. 2025), are expected to expand the dataset to
more than 40 million sources in the coming years. This growth
will be further amplified by future massive spectroscopic sur-
veys such as the 4-metre Multi-Object Spectroscopic Telescope
(4MOST; De Jong et al. 2019), the Prime Focus Spectrograph
(PFS; Tamura et al. 2016), and the William Herschel Telescope
Enhanced Area Velocity Explorer (WEAVE; Jin et al. 2024),
which will collectively provide spectroscopic observations for
millions of additional sources.

It is inherently challenging to extract physical information
from galaxy spectra at this scale. Classical model-fitting and
line-based analysis techniques are computationally intensive and
can become major bottlenecks when applied to datasets of
this size and complexity (Pattnaik et al. 2025). These limita-
tions naturally motivate the adoption of machine-learning (ML)
approaches for spectroscopic analysis in astronomy (Angeloudi
et al. 2024; Siudek et al. 2025), which offer the scalability
and flexibility required to exploit the full information con-
tent of galaxy spectra beyond a limited set of emission-line
measurements (Huertas-Company & Lanusse 2023).

Briefly, ML algorithms fall into two main categories: super-
vised methods, which require labeled data, and unsupervised
methods, which do not. There are categories in between, such
as semi-supervised learning, which combines elements of super-
vised and unsupervised learning, typically by learning repre-
sentations from unlabeled data and subsequently using labeled
information to guide classification. Several recent studies have
demonstrated the potential of these methods (e.g., Siudek et al.
2018b,a; Hviding et al. 2024, Pérez-Diaz et al. 2024), high-
lighting in particular the power of unsupervised approaches,
which allow for the analysis of the full spectrum without prior
assumptions or labels. The application of unsupervised ML
to galaxy spectra offers several advantages: (i) it enables the
exploitation of multiple AGN signatures simultaneously across
the full spectral range, (ii) it uncovers natural groupings in a
high-dimensional data-driven space, and (iii) it avoids biases
introduced by relying on predefined labels or selection criteria
(Siudek et al. 2018b). By using the entire spectral information
without imposing strict thresholds, unsupervised methods not
only enhance AGN identification, but also open the door to dis-
covering diverse AGN types based on their intrinsic spectral
features.

Several recent studies have demonstrated the potential of ML
methods applied to galaxy spectra. For instance, Siudek et al.
(2018b,a) applied a Fisher expectation-maximization algorithm
to the VIMOS Public Extragalactic Redshift Survey, categoriz-
ing over 50 000 VIPERS galaxies into 12 classes based on shared
physical and spectral properties. This approach led to AGN iden-
tification that exceeded the mid-IR classification (Siudek et al.
2022a) and allowed them to discover rare sources that were
missed by standard methods (Lisiecki et al. 2023; Siudek et al.
2022b; Mezcua et al. 2023).

Focusing on dimensionality reduction, Portillo et al. (2020)
showed that an autoencoder (a neural network that compresses
data into a low-dimensional representation (encoding) and then
reconstructs it (decoding)) can condense SDSS spectra into
just six latent parameters while retaining enough information
to accurately reconstruct the original spectra. This nonlinear
approach outperforms traditional methods such as a princi-
pal component analysis. Teimoorinia et al. (2022) expanded
on this by adding convolutional layers to extract correlated
features from the MaNGA survey galaxy spectra, while Pat
et al. (2022) employed a probabilistic autoencoder (Bohm et al.
2023) on SDSS DR16 to improve spectral reconstruction and
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detect outliers in the latent space. More recently, Nicolaou
et al. (2026) applied a variational autoencoder to approximately
200 000 DESI spectra, demonstrating that it can compress spec-
tral dimensionality by a factor of 100 while retaining enough
information to accurately reconstruct features, and successfully
identifying anomalous spectra with artifacts and with unusual
physical characteristics.

SPENDER (Melchior et al. 2023; Liang et al. 2023b) is the
basis for our work. This autoencoder is designed to analyze and
reconstruct galaxy spectra. By encoding observed-frame spectra
and applying redshift transformations, it produces a latent repre-
sentation that enables consistent comparison of spectral features
across galaxies at different redshifts. This approach reduces
redshift-driven biases and is robust to common artifacts, allow-
ing spectra from large surveys to be ingested directly without
extensive preprocessing.

SPENDER has been successfully applied to a variety of spec-
troscopic analyses, including accurate reconstructions and noise
suppression in SDSS-II data (Melchior et al. 2023), outlier detec-
tion (Liang et al. 2023b), and the identification of anomalies in
the DESI Bright Galaxy Survey, such as a redshift bias in the
Redrock? algorithm (Bailey et al., in prep.) caused by M-dwarf
contamination (Liang et al. 2023a). It has also been adapted
to reconstruct intrinsic quasar (QSO) spectra and to measure
the Lya forest (Hahn et al. 2025). By encoding spectra into a
few latent variables, this method facilitates data exploration and
interpretation, as demonstrated in studies linking optical and IR
emission (Jespersen et al. 2026). These applications illustrate
the growing impact of ML in spectroscopic research, enabling
analyses that are difficult to achieve with traditional techniques.

In this work, we take a step toward automated AGN iden-
tification and galaxy classification by adapting the SPENDER
architecture within a semi-supervised workflow. The autoen-
coder learns a low-dimensional spectral representation without
using labels, while class assignments are derived from reference
classifications based on emission-line diagnostics and propa-
gated according to the proximity of similar spectra in the learned
latent space. We apply this method to a representative sample
of 50 241 galaxies from DESI DR1 (DESI Collaboration 2026a),
demonstrating its ability to recover AGN candidates and high-
lighting its potential for scalable AGN searches in upcoming
large spectroscopic datasets.

This paper is organized as follows. Section 2 describes the
DESI data, sample selection, and labeling strategy. Section 3
presents the SPENDER-based method and the k-d tree classifica-
tion framework. The results are presented in Section 4, including
AGN identification and analysis of discrepant classifications. We
interpret these results in Section 5 and summarize our main
conclusions in Section 6.

2. Data
2.1. The DESI Survey

The DESI spectrograph, which is robotically fiber-positioned
and reconfigurable in 3 minutes, is situated at the Mayall 4-
meter telescope at the Kitt Peak National Observatory (DESI
Collaboration 2022; Poppett et al. 2024). The advanced DESI
optics and 5000 robotic positioners enable swift, high-resolution
spectral measurements of galaxies across 14 000 square degrees,
with coverage extending from 360 nm to 980 nm. This allows
us to explore redshifts up to z ~ 1.7 for emission-line galax-
ies, while QSOs are observed to significantly higher redshifts,

2 https://redrock.readthedocs.io

with Lyman-a forest science enabled up to z ~ 3.5 (DESI
Collaboration 2016; Silber et al. 2023; Miller et al. 2024).

2.2. Guadalupe dataset

Data from the first two months of the DESI main survey (referred
to internally as Guadalupe) were employed in this work. This
dataset comprises 43 of the 261 observation nights of the
main survey (Schlafly et al. 2024) and is part of DR1 (DESI
Collaboration 2026a). Guadalupe was designed to follow the
standard DESI survey strategy and target selection and is there-
fore considered broadly representative of the main galaxy sample
(DESI Collaboration 2026a). The dataset contains more than
three million galaxies, 1 178 007 of which are galaxies and QSOs
in our redshift range of interest: z € [0.001,0.5]. The lower
threshold avoids contamination from sources within the Milky
Way (Pucha et al. 2025), while the upper limit ensured that key
emission lines such as He remained within the DESI spectral
range. Future work will extend the analysis to higher redshifts.
Each spectrum consists of 7781 spectral measurements spanning
the observed wavelength range Ao, = [3600, 9824] A.

2.3. Preprocessing and quality cuts

The DESI spectra are automatically processed through the DESI
spectroscopic pipeline (Guy et al. 2023), followed by spectral
classification and redshift determination using the Redrock fit-
ting pipeline (Anand et al. 2024). Redrock assigns a spectral
type (GALAXY, QSO, or STAR), redshift (z), and a warning
bitmask (ZWARN), among other parameters. We only retained
entries with a galaxy or QSO spectral type, with ZWARN = 0
and no fiber issues (COADD_FIBERSTATUS = 0), following DESI
recommendations (DESI Collaboration 2024, 2026a).

2.4. Spectral classification and labeling

Since SPENDER does not produce direct class predictions, exter-
nal labels are required to assign spectral classes and evaluate
the classification performance. We used reference labels derived
from emission-line measurements obtained with FastSpecFit
v3.1 (Moustakas 2023), a spectrophotometric fitting algorithm
that provides emission-line measurements and broadband pho-
tometry for DESI spectra. FastSpecFit decomposes permitted
Balmer lines into narrow and broad components only when the
inclusion of a broad component leads to a statistically signif-
icant improvement of the fit. Based on these measurements,
galaxy classes are assigned according to the following criteria,
summarized in Table 1:

— BL sources® are labeled when the broad component of the
He emission is significantly detected, with an amplitude-
over-noise ratio (AON) >3 and a signal-to-noise ratio
(S/N) > 5, while the narrow component of the He line has
S/N > 3.

— The remaining galaxies, those with S/N > 3 in Ha, Hp,
[OII]A5007, and [NII]26584, are classified using the BPT
diagram with the criteria from Kewley (Kewley et al. 2001)
and Kauffman (Kauffmann et al. 2003) (hereafter the [NII]-
BPT diagram) into narrow-line (NL) AGNSs, star-forming, or
composite.

— Galaxies that fail to meet these thresholds are further cat-
egorized by the Ha equivalent width (EW) into passive
(0 < EWy, < 0.5 A) or retired (0.5 < EWy, < 3 A).

3 BL emission is characteristic of AGNss, so these sources are expected
to be AGN-dominated, although their BPT classification was not
examined.
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Table 1. Galaxy classes, subpopulations, and selection criteria for the representative Guadalupe dataset.

Galaxy class N (%) Galaxy subpopulation

N (%) Criterion

BL 5592 (11.1%)  S/Npan =3, S/Nyep =5, AONgep > 3
AGN 12217 (24.3%) NL 6625 (13.2%) [N II]-BPT diagram & S/Njipes = 3
Composite 7271 (14.5%) [N II]-BPT diagram & S/Njipes = 3

Star-forming 14791 (29.5%)

Star-forming

7520 (15.0%) [N II]-BPT diagram & S/Nje. > 3

Passive TAT3 (14.9%) 0 <EWp, <0.5A
Other/passive 23214 (46.2%) Retired 7908 (15.7%) 0.5 <EWy, <3 A

Other 7833 (15.6%) None of the above criteria are met
Total 50222

Notes. Counts correspond to the representative Guadalupe dataset after masking. Here, “n” refers to the narrow component and “b” to the broad

component of Ha.

— Galaxies that do not satisfy any of the above criteria are
classified as other. This heterogeneous category includes
sources whose nature cannot be robustly determined based
on the available emission-line measurements, such as pecu-
liar galaxies, spectral outliers, or objects with ambiguous or
low-S/N features. In many cases, assignment to the other
class arises as a consequence of the S/N thresholds applied
to emission-line measurements when defining the remaining
galaxy classes.

In addition to these seven galaxy subclasses, we categorized
the dataset into three main galaxy classes: AGNs (including
NL AGNs and BL), star-forming (including star-forming and
composite), and other/passive, the latter encompassing galax-
ies classified as retired, passive, and other. The performance of
the proposed method is evaluated using both the three-class and
seven-class classification schemes.

2.5. Sample selection

The sample of 50241 galaxies we used was constructed by
retaining all NL and BL AGNs, which are much less numerous
than the other classes. For the remaining classes, galaxies were
randomly selected in bins of absolute magnitude and redshift,
following the procedure of Siudek et al. (2024). This selection
ensured a balanced class representation and uniform coverage
across the magnitude—redshift plane.

2.6. Flux normalization and masking

To normalize the flux, we computed the median flux over a flat
region in the rest-frame range Ay = [5300,5850] A, and the
spectrum was divided by this value, centering it at unity. This
suppressed the overall amplitude as a dominant feature and miti-
gated redshift-dependent scaling (Melchior et al. 2023). Sources
containing infinity or NaN values in the normalized flux, as well
as those with a negative normalization factor, were excluded.
After these cuts, the final dataset contained 50222 sources, as
summarized in Table 1.

2.7. Value-added catalogs

Additionally, the value-added catalog* from Siudek et al. (2024)
was used to obtain additional variables, including the star forma-
tion rate (SFR) and stellar mass. These parameters were derived

4 https://data.desi.lbl.gov/doc/releases/edr/vac/
cigale/
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by applying the CIGALE spectral energy distribution fitting code
(Boquien et al. 2019) to the multiwavelength photometry of
DESI galaxies (Dey et al. 2019).

To further assess the reliability of the AGN predictions by
our model, the AGN/galaxy classification value-added catalog
(hereafter AGN/galaxy VAC) from DESI DR1° was used as
well. This comprehensive catalog incorporates AGN diagnos-
tics based on a variety of optical, ultraviolet, and IR criteria,
using emission-line measurements from FastSpecFit and mid-
IR photometry from WISE. A detailed description of the catalog
will be provided in Juneau et al. (in preparation).

3. Methods
3.1. Model

The SPENDER architecture (Melchior et al. 2023; Liang et al.
2023a,b) was adapted to compress observed galaxy spectra into
a low-dimensional latent representation.

The encoder operates on the observed-frame spectra and
produces an initial representation. Then, a multilayer percep-
tron (Goodfellow et al. 2016) explicitly incorporates the redshift
to transform this representation into a latent space in the rest-
frame. Finally, the decoder reconstructs the spectra in the rest
frame. However, the flexibility of the autoencoder introduces
degeneracy in the latent space, allowing similar spectra to be
represented in multiple ways. Consequently, while the latent
space itself does not need to explicitly encode redshift infor-
mation because reconstruction occurs in the rest frame, spectra
at different redshifts can still be mapped to distinct latent rep-
resentations (Liang et al. 2023b). To address this, a total loss
function is employed, combining three components: fidelity loss,
which quantifies reconstruction accuracy using inverse-variance
weighted mean squared error; similarity loss, which ensures
proximity of similar spectra in latent space; and consistency
loss, which enforces closeness between original and augmented
spectra. These losses are defined following Liang et al. (2023b).

Following Melchior et al. (2023), we adopted a latent space
dimensionality of ten. It was shown that increasing the latent
space from six to ten dimensions leads to small but consistent
improvements in the reconstruction performance, as quanti-
fied by the total loss function, without introducing signs of
overfitting. This choice therefore provided a good compromise

5 https://data.desi.lbl.gov/doc/releases/drl/vac/
agngso/
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between compact representation and accurate spectral recon-
struction.

For every spectrum, a mask was implemented on top of the
100 strongest telluric lines, where zero weights were assigned
in the 5 A region around the line centers (Melchior et al.
2023). When a mask was implemented, the spectra remained
unchanged; only the weights were set to zero. This ensured that
these regions did not contribute to the final loss during training.

3.2. Training

Several preliminary training runs were performed to optimize
the training pipeline, focusing on learning-rate adjustments. The
final training scheme ensured loss function convergence over 60
epochs by employing a cyclic learning-rate scheduler, specifi-
cally, PyTorch’s OneCycleLR (PyTorch 2025). In this setup, the
learning rate follows a cyclical pattern within each epoch, with
a peak value that is manually decreased by an order of magni-
tude every 20 epochs, from 1073 to 107>, To mitigate stochastic
effects, the training procedure was initially repeated in five inde-
pendent runs, but we observed negligible differences in the loss
function and evaluation metrics between runs. Consequently,
only a single representative training run is reported in this work.

3.3. UMAP

For visualization purposes, we implemented the uniform man-
ifold approximation and projection (UMAP) method (McInnes
et al. 2020). This dimensionality-reduction technique takes the
ten-dimensional latent space as input and projects it into a two-
dimensional space, where the two parameters are subsequently
plotted. The different galaxy classes are then color-coded a pos-
teriori to examine their distribution and clustering in the latent
space.

The umap package (Mclnnes et al. 2018) was used for
this implementation with Python 3.10, adopting the default
hyperparameters (n_neighbors=15, min_dist=0.1, and met-
ric=euclidean). Since UMAP projections are non-unique and
depend on the adopted hyperparameters and stochastic initializa-
tion, we assessed the robustness of the resulting visual structures
by repeating the projection with different random seeds and alter-
native parameter configurations. Although the exact geometry of
the two-dimensional embedding varied between realizations, as
expected from the stochastic nature of the algorithm, the main
structures and class separations discussed in this work remained
stable.

Plotting the two-dimensional UMAP projection of the latent
space enabled us to straightforwardly visually inspect the date
while approximately preserving the topological structure. How-
ever, information is inevitably lost during the dimensionality
reduction process, and distances or apparent separations in
the projected space should not be interpreted quantitatively.
Therefore, all quantitative analyses and classification metrics
presented in this work were computed directly within the orig-
inal ten-dimensional latent space rather than from the two-
dimensional UMAP projection, which was only used for visu-
alization purposes.

3.4. Classification: k-d tree

The SPENDER model does not produce direct class predictions,
and class assignments must therefore be derived from the learned
spectral representation. To this end, we implemented a k-d tree
model (Bentley 1975) within the trained ten-dimensional latent

space. Galaxy classes are predicted via a majority vote among
the ten nearest neighbors, exploiting the proximity of spectra
with similar spectral features in the learned representation. The
neighbor labels were derived from FastSpecFit emission-line
measurements (Section 2) and were used as reference classi-
fications for the class assignment and metric evaluation. This
nearest-neighbor approach accommodates complex data distri-
butions without imposing predefined decision boundaries. This
step completes the semi-supervised workflow: the spectral rep-
resentation is learned without labels, while class assignments
are derived from reference classifications propagated through
proximity in latent space.

To determine the hyperparameters of the nearest-neighbor
classifier using the k-d tree algorithm, we performed iterative
runs exploring several distance metrics, including Minkowski,
Manhattan, and Chebyshev distances, and leaf sizes between
10 and 60 in steps of 10. The model performance was highly
stable across the explored hyperparameter space. Variations in
leaf size produced no measurable impact on the classification
metrics, while changing the distance metric led to variations
below ~0.4% in global accuracy and macro F1 score (see
Section 3.5 and Appendix A for the metric definitions). The
Minkowski metric yielded the best overall AGN performance,
although the improvement relative to other metrics was marginal
(<0.15% in AGN accuracy). We therefore adopted the default
scikit-learn parameters (Pedregosa et al. 2011), using a leaf
size of 40 and the Minkowski metric with p = 2, implemented in
Python 3.10.

3.5. Performance metrics

The class predictions from the k-d tree, along with the reference
labels derived from FastSpecFit line measurements, enabled
us to evaluate the model performance through various metrics.
In multiclass classification, several strategies exist for computing
the evaluation metrics. The one-versus-one strategy considers all
pairwise combinations of classes, while one-versus-rest bina-
rizes the problem by comparing each class against all others
(Pedregosa et al. 2011). In our analysis, we adopted the latter
strategy.

The definitions of all performance metrics we used are pro-
vided in Appendix A. All metrics were computed using the
scikit-learn package (Pedregosa et al. 2011), with Python
3.10. The multi_class parameter was set to one-versus-rest.

4. Results
4.1. Identification of AGNs

To assess the performance of the model in identifying AGNs,
we first used the three main galaxy classes: AGNs (including
NL AGNs and BL), star-forming (including star-forming and
composite), and other/passive, the latter encompassing galaxies
classified as other, retired, and passive. Table 2 summarizes the
classification performance of the SPENDER model based on these
categories.

The model achieved the highest accuracy and area under
the curve (AUC) for the AGN classification (0.952 and 0.976,
respectively), as also reflected in the receiver-operating char-
acteristic (ROC) curves in Fig. B.1 panel (a), where the AGN
curve lies slightly above those of the other classes, indicating
a marginally better trade-off between sensitivity and speci-
ficity across thresholds. The performance for star-forming and
other/passive galaxies is slightly lower but remains robust, with
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Table 2. Classification performance for the three galaxy classes.

Galaxy class Accuracy Precision Recall FPR  Fl-score AUC
AGN (BL + NL AGN) 0.952 0.907 0.893  0.030 0.900 0.976
Star-forming (star-forming + composite) 0.910 0.813 0.904  0.087 0.856  0.956
Other/passive (passive + retired + other) 0.938 0.963 0.901 0.030 0.930 0.971
Notes. The metric definitions are provided in Appendix A.
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accuracy values above 90% and AUC scores exceeding 0.97. The
star-forming class shows the highest recall (0.904), suggesting
the model is particularly effective at recovering most of these
sources. However, the recall values are very similar across the
three classes, indicating a balanced sensitivity. The other/passive
class attains the highest precision (0.963) and a strong F1-score
(0.930), reflecting a high degree of purity and consistency in the
predicted labels. Overall, the results highlight that the model can
classify galaxies reliably in all categories.

Figure 1 presents the confusion matrix for the three-class
classification. The model performs well in the AGN identifica-
tion; only 835 and 286 sources predicted as AGNs are labeled as
star-forming and other/passive, respectively. These cases account
for 9.3% of all AGN predictions, while 10910 (90.7%) sources
are consistently identified as AGNs.

It is important to note that the metrics and confusion
matrix values we presented rely on classifications derived from
the emission-line measurements provided by FastSpecFit.
These classifications were used here as reference labels to eval-
uate the model. However, as discussed in Section 4.4 and
Appendix C, some sources exhibit weak emission lines (e.g., He,
Hp, [OII]A5007, or [NII]16584) with an S/N below 3, leading
to their classification as other even though they might be gen-
uine AGNs or star-forming galaxies. Moreover, as discussed in
Section 4.4, some of these sources might still be AGNs accord-
ing to alternative diagnostics beyond the [NII]-BPT diagram.
Therefore, the reported accuracy values should be treated as
lower bounds on the true model performance.

To further explore how the SPENDER model encodes spec-
tral information, we projected the ten-dimensional latent space

A133, page 6 of 19

Fig. 2. UMAP projection of the ten-dimensional latent space into two
dimensions. Galaxies are color-coded a posteriori according to their
FastSpecFit classification: AGNs (blue), star-forming (brown), and
other/passive (cyan).

onto a two-dimensional plane using UMAP (Mclnnes et al.
2020) (Fig. 2). The three galaxy classes, which were not used
in the training, were color-coded a posteriori. The clustering of
these categories suggests that the latent space retains meaningful
physical information by grouping galaxies with similar spectral
properties together.

The UMAP embedding exhibits a curved, bifurcated mor-
phology, with three distinct branches that become narrower
toward the left end. The AGN population (blue) follows a
well-defined arc that remains relatively separated from the
other/passive class (cyan). The other/passive galaxies are dis-
tributed across two regions: a cluster in the upper left corner,
and a more compact branch in the lower right corner. The star-
forming galaxies (brown) are interspersed between the AGN and
other/passive populations, forming a diffuse region on the left
side with additional mixing with the AGN class and a sharper,
more compact branch on the right.

4.2. Identification of galaxy subpopulations

In addition to distinguishing between AGN, star-forming, and
other/passive galaxies, this section evaluates the model perfor-
mance in classifying an extended set of seven galaxy classes:
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Table 3. Performance metrics for classification of the extended galaxy population into seven classes.

Galaxy class Accuracy Precision Recall FPR Fl-score AUC
BL 0.965 0.839 0.845 0.020 0.842 0.973
NL AGN 0.937 0.768 0.746  0.034 0.757 0.946
Composite 0.875 0.561 0.630 0.083 0.594 0.897
Star-forming 0.904 0.669 0.716  0.062 0.692 0.937
Passive 0.848 0.491 0.597 0.108 0.539 0.890
Retired 0.833 0.468 0.468  0.099 0.468 0.875
Other 0.847 0.516 0.327  0.057 0.400 0.787
Notes. The metric definitions are provided in Appendix A.
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Fig. 3. Confusion matrix for the extended galaxy classification. The per-
centages are computed with respect to the reference labels.

NL AGNs, BL, star-forming, composite, passive, retired, and
other.

Table 3 summarizes the classification performance for this
extended galaxy taxonomy. The model achieves its best per-
formance for BL, with the highest accuracy (0.965) and AUC
(0.973), also evident in Fig. B.1 panel (b), where the BL ROC
curve remains well above the curves of the other classes across
most thresholds. NL AGNs are also well identified, with an
accuracy of 0.937 and an AUC of 0.946. The performance
for star-forming and composite galaxies is solid, with accuracy
values of 0.904 and 0.875, and AUCs of 0.936 and 0.897, respec-
tively. It is more challenging to identify passive and retired
galaxies. The accuracy (0.848 and 0.833) and AUC scores are
lower (0.890 and 0.875). Galaxies classified as other show the
lowest recall (0.327) and Fl-score (0.400), indicating that this
heterogeneous group is the most difficult to distinguish reliably.
This difficulty is also reflected in Fig. B.1 panel (b), where its
ROC curve lies closest to the diagonal.

The confusion matrix (Figure 3) shows that disagreements
in the NL AGN class predominantly involve BL and compos-
ite galaxies. In the UMAP embedding of the ten latent features
(Figure 4), colored by these extended galaxy classes, NL. AGNss,
BL sources, and a mixture of star-forming and composite
galaxies occupy distinct regions of the latent space. Notably, the
BL sources and NL. AGN regions are well separated, reinforcing
the claim that the model can distinguish these two classes. How-
ever, the relation between star-forming and composite galaxies

Fig. 4. UMAP embedding of the ten latent features of the
SPENDERmodel. The points are colored a posteriori according to seven
galaxy classes: NL AGNs, BL, composite, star-forming, passive, retired,
and other.

is more complex, with significant overlap between them, espe-
cially on the left side of the latent space, where the branches are
closer together. This reflects the inherent ambiguity in their spec-
tral features, as recent studies using dimensionality reduction or
latent space clustering showed that the distinction between star
formation-dominated and composite sources is gradual rather
than sharp (Pat et al. 2022; Tous et al. 2025).

The classification challenges are most evident for passive and
retired galaxies, which frequently misclassify into one another,
as observed in the confusion matrix (Figure 3). Figure 4 shows
that these two classes tend to cluster together in the latent space.
Retired, passive, and other galaxies form a distinct structure
in the UMAP embedding, appearing to split into two separate
regions: a bulge in the upper left corner, and a second cluster
located at lower f2 UMAP values. As discussed in Section 4.3,
this separation reflects underlying physical differences between
these galaxy populations and is not solely a projection artifact.

4.3. Latent distribution of physical properties

The UMAP embedding of the latent space shows clear visual
trends when color-coded by galaxy properties from the value-
added catalog presented in Siudek et al. (2024) (Figure 5).
Although the SPENDER architecture incorporates additional loss
terms to discourage the encoding of redshift information, red-
shift trends can still appear in the latent representation. As
discussed in Liang et al. (2023b), this effect primarily arises

A133, page 7 of 19



Alcolea, J. A., et al.: A&A, 713, A133 (2026)

7 8 9 10

logyo SFRyr—1]

NUV-r

Fig. 5. UMAP embedding of the ten-dimensional latent space, color-coded by redshifts (top left), stellar masses (top right), specific SFRs (lower

left), and NUV-r color (lower right).

from selection effects in magnitude-limited samples and not
from an explicit encoding of redshift. In particular, high-redshift
galaxies are preferentially massive, while low-mass galaxies are
only observed at low redshift, which naturally induces correlated
trends between redshift and stellar mass in the latent space. The
NL AGN and BL branches show distinct redshift gradients, par-
ticularly in BL, where the far right segment is dominated by
z € [0.4,0.5]. By contrast, stellar masses show comparatively
weak variation along both branches. Star-forming galaxies dis-
play a vertical gradient in redshift and mass, with the most
massive objects preferentially located toward the left end of the
sequence.
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Objects with ongoing or recent star formation within the last
billion years typically have near-UV (NUV) —r colors < 5.5, as
reported in Johansson et al. (2016); Chilingarian & Zolotukhin
(2011). The observed NUV—r gradient therefore suggests that
galaxies in the top right cluster are consistent with little or no
star formation within this period, whereas those in the bottom
right branch show signatures of more recent activity. This inter-
pretation is supported by the strong correlation between NUV-r
color and SFR shown in the lower left panel of Figure 5.

The structures dominated by passive, retired, and other
galaxies (see Figure 4) show that the upper left cluster tends
to contain more massive systems with lower SFRs than the
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second cluster located at lower UMAP f2 values. This sug-
gests that the observed separation reflects underlying physical
differences between these populations, and that stellar popula-
tion properties may capture distinctions not fully described by
the current EWy,-based separation between passive and retired
galaxies. In particular, the passive population appears to be sub-
stantially more complex and heterogeneous than implied by the
standard spectroscopic classification. This interpretation is con-
sistent with previous studies highlighting the diversity of passive
systems (Siudek et al. 2018b,a; Portillo et al. 2020; Siudek et al.
2022a).

4.4. Sources with discrepant classifications

In this section, we analyze sources for which the model pre-
diction and the reference classification disagree, with a partic-
ular focus on the identification of AGNs. This analysis com-
bines stacked spectra of off-diagonal populations in the confu-
sion matrix with independent validation using the DESI DR1
AGN/galaxy VAC.

4.41. Assessing AGN predictions with stacked spectra

To further assess the reliability of our model, we constructed
stacked spectra for each off-diagonal cell of the confusion
matrix (Fig. 1), corresponding to sources for which the
model prediction and the reference classification disagreed.
The stack spectra were computed using the desigal package
(DESI Collaboration 2026b), applying an inverse-variance
weighted mean with bootstrap resampling to ensure robustness.

We first focused on the 286 sources labeled as other/passive
by classical diagnostics but predicted as AGNs by our model.
The emission-line measurements derived from the stacked spec-
trum using FastSpecFit are shown in the [NI[]-BPT diagram
(Fig. 6), including the Seyfert/LINER division from Schawinski
et al. (2007), where Seyfert galaxies exhibit high-ionization
emission lines and LINERs lower-ionization spectra (Padovani
et al. 2017). The stack lies in the Seyfert region, indicating a
high-ionization nucleus consistent with AGN activity.

Although many individual spectra lack a sufficient S/N to
be classified using standard diagnostic diagrams, the stacked
spectrum demonstrates that the line ratios of this population
are consistent with AGN excitation on average. This is consis-
tent with the fact that 144 out of 286 sources (50.3%) fail the
S/N > 3 requirement in at least one of the BPT lines, with 121 of
these (84.0%) failing in HB and/or [OIII], highlighting the dom-
inant role of the vertical BPT axis. A detailed breakdown of the
limiting emission lines is provided in Appendix C.

Moreover, 98 of these 286 sources (34.3%) are classified as
BL sources within the extended classification scheme, although
they are not initially labeled as such due to a low S/N in the Ha
broad component. The stacked spectrum reveals a clear broad
Ha component with an FWHM exceeding ~1200 kms~!, provid-
ing additional evidence of their BL nature (see Appendix E). A
comprehensive analysis of all discrepant prediction—label com-
binations, including additional diagnostic diagrams, is presented
in Appendix D.

4.4.2. Using the AGN/galaxy VAC for DESI DR1

To further validate the AGN predictions made by our model, we
cross-matched the 1121 sources predicted as AGNs but labeled
as star-forming (835, 74.5%) or other/passive (286, 25.5%) (see
Fig. 1) with the AGN/galaxy VAC of DESI DR 1, which compiles
AGN identifications based on multiple diagnostics beyond the

Table 4. AGNs identified by the DESI DR1 AGN/galaxy VAC among
sources predicted as AGNs but labeled differently.

Number of sources (%)

1048 (93.5%)
885 (78.9%)
523 (46.6%)

AGN diagnostic method

Total unique AGNs detected
Detected by >2 methods
Detected by >3 methods

Optical AGN (non-BPT) 974 (86.9%)
BPT: Seyfert (robust) 176 (15.7%)
Mass-excitation AGN 822 (73.3%)
WHAN: strong AGN 792 (70.6%)
WISE color diagnostic 317 (28.3%)
Kinematics-excitation AGN 294 (26.2%)
BPT (Seyfert/LINER) 239 (21.3%)
Broad emission lines 216 (19.3%)
QuasarNet reclassifies as QSO 167 (14.9%)
BLUE diagram: AGN 97 (8.6%)
Ne V AGN 85 (7.6%)
Redrock QSO template 81 (7.2%)
Mgll broad line (afterburner) 46 (4.1%)
WHAN: weak AGN 34 (3.0%)
He II BPT AGN 22 (2.0%)

Notes. Number and percentage (relative to 1121 total sources classified
as AGNs by our model but labeled as star-forming or other/passive)
of AGNs detected by each diagnostic method from the DESI DR1
AGN/galaxy VAC. Overlaps between methods are expected. Summary
counts for multi-diagnostic identifications are included, along with
details of AGNs detected by non-BPT methods and robust BPT.

[NII]-BPT. Of these 1121 sources, 1048 (93.5%) are identified
as AGNs by at least one diagnostic method in the AGN/galaxy
VAC. Among these, 885 (78.9%) are supported by at least two
independent diagnostics and 523 (46.6%) are supported by three
or more, highlighting the robustness of the classification. A
breakdown of the contributing diagnostic methods is provided
in Table 4.

The majority of identified AGNs, 974 (86.9%), correspond
to non-BPT optical diagnostics. Among these, 822 (73.3%) are
classified through the mass—excitation diagram (Juneau et al.
2014) and 792 (70.6%) as strong AGNs according to the WHAN
method (Cid Fernandes et al. 2011). Additional optical diagnos-
tics include the kinematics—excitation diagram (Zhang & Hao
2018), the blue diagram (Lamareille et al. 2004; Lamareille
2010), the [Ne V] line diagnostic (Schmidt et al. 1998), and the
He II BPT diagram (Shirazi & Brinchmann 2012). In addition
to the classical [N II]-BPT diagram, the VAC also incorpo-
rates [SII]- and [OI]-based BPT diagnostics following Law et al.
(2021); Kewley et al. (2006). In the infrared, 317 (28.3%) sources
are identified through WISE color criteria, satisfying at least one
of the AGN selection schemes proposed in Jarrett et al. (2011);
Mateos et al. (2012); Stern et al. (2012); Assef et al. (2018); Yao
et al. (2020); Hviding et al. (2022). QuasarNet (Busca & Balland
2018; Chaussidon et al. 2023), an ML classifier originally devel-
oped for SDSS spectra and subsequently adapted for DESI,
was used to identify QSOs and to reclassify ambiguous targets.
Finally, 216 (19.3%) sources exhibit broad emission lines.

5. Discussion
5.1. AGN identification

Multiwavelength AGN samples selected in the X-ray, infrared,
optical/UV, or radio occupy partially disjoint regions of classical
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Fig. 6. Location of the stacked spectra corresponding to sources with
discrepant classifications on the [NII]-BPT diagram. Each symbol rep-
resents the emission-line ratios measured from the FastSpecFit model
of the corresponding stacked spectrum. The classical demarcation lines
separating star-forming, composite, and AGN (Seyfert and LINER)
regions are shown for reference.

optical diagnostic diagrams, so neither a single criterion nor
combinations of criteria can capture the full diversity of AGN
populations (Juneau et al. 2013; Trump et al. 2015; Padovani
et al. 2017; Sanchez et al. 2025). In particular, BPT-based
classifications (the most widely used classifications) can miss
a substantial fraction of bona fide AGNs due to weak or
obscured emission lines or intrinsically low accretion states (Cid
Fernandes et al. 2010; Padovani et al. 2017; Sanchez et al. 2025);
for instance, up to ~40% of X-ray—selected AGNs cannot be
placed on the BPT diagram because of weak lines (Agostino &
Salim 2019). As a result, traditional selections tend to underesti-
mate the AGN fraction and motivate approaches that exploit the
full spectral information instead of a limited set of emission-line
ratios.

Our model performed strongly in AGN identification, achiev-
ing an accuracy of 0.952 and an AUC of 0.976 in the three-class
definition (AGN, star-forming, and other/passive; Section 4.1).
Direct comparisons with previous work are challenging because
datasets, class definitions, and evaluation strategies are differ-
ent because most autoencoder-based approaches primarily rely
on qualitative inspection of latent spaces. Of the quantitative
studies, the supervised GaSNet-II model (Zhong et al. 2024)
reported an AGN accuracy of 0.93 on SDSS spectra. While
our semi-supervised approach attains a slightly higher accu-
racy, comparisons should be interpreted with caution given the
differing training setups and datasets.

Moreover, our approach recovers AGN signatures from low-
S/N spectra that are missed by standard BPT-based classifica-
tions. This is illustrated by the stacked spectrum of sources
predicted as AGNs but labeled as other/passive, which lies firmly
in the AGN region of the [NII]-BPT diagram (Fig. 6; see also
Section 4.4.1). Although individual spectra often lack a suffi-
cient S/N for classification (Appendix C), the stacked spectrum
reveals clear AGN-like line ratios. Moreover, 34.3% of these
sources are classified as BL in the extended scheme, and their
stacked spectra (Figure E.1) show clear broad Balmer compo-
nents, demonstrating that the model can recover NL and BL
AGNss that are missed by traditional line-based selection due to
S/N limitations.
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This interpretation is reinforced by the cross-match with the
VAC (Section 4.4.2), where 93.5% of the 1121 sources predicted
as AGNs but labeled as star-forming or other/passive are identi-
fied as AGNs by at least one independent diagnostic, and nearly
half by three or more. Most of these detections rely on optical
diagnostics beyond the [NII]-BPT diagram, which is known to
be sensitive to metallicity effects (Storchi-Bergmann et al. 2006;
Carvalho et al. 2020). This confirms that many of these sources
are genuine AGNs missed by single-diagram approaches, and it
implies that our reported performance metrics represent conser-
vative lower limits on the true AGN identification capability of
the model. The high precision of the AGN predictions of our
model indicates that when a source is classified as an AGN, there
is strong confidence in its validity, suggesting that the result-
ing AGN sample is both reliable and more complete than those
produced by traditional approaches.

Conversely, for sources labeled as AGNs but predicted as
other/passive (Appendix D.1), the stacked spectrum lies in the
LINER region of the [NII]-BPT diagram and in the weak-AGN
regime of the WHAN diagram, close to the retired boundary
(EW(Ha) ~ 3 A). This suggests that a fraction of these sys-
tems might be ionized by evolved stellar populations and not by
AGNs. In this regime, BPT ratios alone can misclassify retired
galaxies as AGNs (Stasinska et al. 2015; Sanchez et al. 2025).
In this sense, the model prediction reduces contamination of the
AGN class introduced by labeling based on the line ratio.

In the seven-class experiment (Section 4.2), the model also
performed strongly in identifying BL sources. Most disagree-
ments occur between BL and NL AGNs (Figure 3), highlighting
the intrinsically ambiguous nature of defining broad emis-
sion lines through fixed-width thresholds. Consistently, 62%
of sources labeled as NL AGNs but predicted as BL by our
model are identified as BL in the AGN/Galaxy VAC of DESI
DR1, which adopts broader line-width criteria (Table F.1). This
result highlights the flexibility of our approach in recovering BL
AGNSs beyond restrictive single-line definitions (further details
are provided in Appendix F).

From a methodological perspective, our approach can be
regarded as semi-supervised because it combines unsupervised
spectral representation learning with a label-based classifica-
tion within a single workflow. The autoencoder operates in a
fully data-driven manner, learning a low-dimensional represen-
tation of the full optical spectrum without using labels. When
it is trained, a k-d tree is constructed in the latent space to
exploit local proximity and identify similar spectra. The work-
flow becomes semi-supervised at the classification stage, where
external labels (derived here from FastSpecFit emission-line
measurements) are used as reference classifications to assign
class predictions and compute quantitative performance metrics.
Importantly, the learned latent representations are not explic-
itly optimized to reproduce any specific diagnostic classification
and therefore do not inherit the biases associated with a given
labeling scheme, unlike supervised models trained directly on
labeled data. As demonstrated by the stacking analysis and the
cross-matching with independent diagnostics, based on this sep-
aration, the resulting predictions can mitigate known limitations
of classical methods, such as incompleteness at low S/N or
contamination by retired galaxies. This design also makes it
possible to project alternative classification schemes onto the
same latent space, including those based on different optical
diagnostics or multiwavelength AGN selections, without retrain-
ing the representation itself. Moreover, when it is trained on
a large spectroscopic sample, class assignments can be cali-
brated using a limited high-quality labeled subset and propagated
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to the remaining sources through proximity in latent space,
reducing the reliance on traditional line-based diagnostics and
enabling a scalable AGN classification for future DESI data
releases.

5.2. Latent space structure and physical interpretation

In Figure 4, the learned latent space clearly separates NL. AGNs
and BL sources, validating the discriminative power of our
model. Some overlap exists, particularly in specific regions, such
as the left side. A notable overlap is also observed between star-
forming and composite galaxies. While we expect this overlap
to be significantly reduced when scaling the model to larger
datasets from future DESI releases, part of it will inevitably
persist due to physical causes, such as the smooth transition
between AGN-dominated and host-galaxy-dominated spectra
(Cid Fernandes et al. 2010).

The UMAP projection also shows that galaxies classified as
other are widely distributed and overlap several other classes (see
Figure 4). This behavior, together with the relatively low perfor-
mance of the model for this category (e.g., a recall of 0.327 in the
seven-galaxy subpopulation scheme; see Table 3), is expected
because these sources do not share a well-defined or homoge-
neous spectroscopic signature in the latent space. Objects are
labeled as other when their nature cannot be robustly determined
from the available emission-line measurements, often because of
low-S/N diagnostic lines, ambiguous spectral features, or incom-
plete measurements. Since the model learns directly from the
full optical spectrum and not from a limited set of emission-line
ratios, many of these galaxies can be associated with physi-
cally similar populations in the latent space. This is particularly
evident for AGN sources recovered within the population clas-
sified as other (Section 4.4), supporting the interpretation that
latent representation can recover physically meaningful struc-
tures beyond the discrete categories defined by emission-line
diagnostics.

In the case of passive and retired galaxies (whose classifica-
tion metrics are comparatively poor), these classes are typically
defined using thresholds in emission-line strengths or equivalent
widths, particularly He, as adopted in this work, making them
highly sensitive to observational quality (Cid Fernandes et al.
2011). In the latent space, these populations separate into two
coherent clusters that do not align with their reference labels,
suggesting underlying physical differences not captured by the
current classification scheme. Galaxies in the upper left cluster
tend to be more massive and exhibit lower SFRs (see Figure 5),
indicating that stellar population properties might provide a more
physically meaningful basis for classification than the EWy, -
based definition of passive and retired galaxies. A similar separa-
tion has been reported in other dimensionality-reduction studies
(Siudek et al. 2018b,a; Portillo et al. 2020; Siudek et al. 2022a).

Visual inspection of the latent space is a powerful fea-
ture of these models, helping to break the so-called black
box nature commonly associated with other ML applications
(Andrianomena & Tang 2024). The latent space structure
provides astrophysical insight into the spectral and population
diversity of galaxies, enabling the exploration of transitions and
the discovery of new groupings beyond classical labels.

5.3. Implications, challenges, and future work

Traditional diagnostics for identifying AGNs face two main
challenges: different techniques often select different AGN sam-
ples, leading to incomplete and inconsistent catalogs; and these

methods typically rely on a detailed spectral analysis, which
is difficult to scale to the large volumes of data produced by
modern surveys (Padovani et al. 2017). While ML algorithms
can address scalability, supervised methods risk propagating the
incompleteness by relying on labels based on arbitrary decisions
(Ball & Brunner 2010; Baron 2019). Unsupervised represen-
tation learning overcomes this issue by extracting information
from the entire spectrum, not just specific lines, and does so
without requiring a priori definitions. However, these models
do not directly provide galaxy classifications or quantitative
metrics.

Our method addresses this limitation by combining an
autoencoder with a k-d tree nearest-neighbor search in the latent
space to assign labels. Although the final predictions still depend
on predefined labels (and thus, can inherit their biases) our find-
ings in Section 4.4 show that the method can recover sources that
are missed by the original diagnostics, but are supported by alter-
native diagnostics not used during labeling, resulting in more
complete catalogs. Additionally, the approach offers flexibility
and interpretability: the k-d tree algorithm can be applied to dif-
ferent label definitions without retraining the network, and the
latent space visualization provides insight into physical trends
and ambiguous regions.

Nevertheless, to truly address the challenge of incomplete-
ness, we plan to integrate unsupervised spectroscopic algorithms
with multiwavelength data, such as mid-IR, X-ray, or photo-
metric observations. This integration will be essential for the
building of more comprehensive AGN catalogs and to capture
the continuous transition between AGN-dominated and host-
dominated spectral features (Kewley et al. 2006; Hickox &
Alexander 2018; Pfeifle et al. 2024). A key challenge will be
to manage missing data because not all sources have matched
observations at all wavelengths. To address this, we will explore
multi-branch architectures (Zhang et al. 2019), feature-level
fusion (Ross & Govindarajan 2005; Sharma et al. 2025; Yang
et al. 2025), and strategies for handling missing data, such as
masking, imputation, or robust models such as XGBoost (Chen
& Guestrin 2016).

The interpretability of the latent space opens several scien-
tific avenues for future work, such as exploring how it traces dust
and stellar population age, and whether slope changes reflect
reddening or intrinsic AGN properties. A promising but chal-
lenging extension would be to separate the contributions by AGN
and host, particularly in low-mass galaxies. Such analyses might
clarify whether AGNs preferentially inhabit star-forming or
evolved systems, with implications for feedback and quenching
(Piotrowska et al. 2022).

Moreover, as mentioned in Section 1, broad emission lines
can also be produced by transient stellar phenomena, particu-
larly in low-mass galaxies, and follow-up spectroscopy is often
required to disentangle these cases from genuine AGN activity
(Baldassare et al. 2016; Panda & éniegowska 2024). In future
work, we plan to investigate whether our model can help break
this degeneracy and distinguish BL signatures originating from
AGNs from those produced by stellar processes using single-
epoch spectra. Specifically, training in more carefully curated
samples might be required to fully address this question.

Finally, based on the promising results of this study, we
are now applying our method to a subset of DESI DR2
(Abdul Karim et al. 2025), comprising over 14 million galax-
ies and QSOs from three years of observations. This is nearly
280 times larger than the 50 000 sources analyzed in our cur-
rent sample, enabling significantly improved statistical precision
and more robust constraints on AGN populations and their
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connection to galaxy evolution. The flexibility of our framework,
together with the straightforward preprocessing and computa-
tional efficiency of the SPENDER model, makes it well suited
for scaling to large datasets. Training on larger samples is
expected to further improve accuracy and robustness, enabling
the construction of more complete AGN catalogs. Furthermore,
this approach provides a pathway to investigating the physi-
cal processes underlying AGN activity and their connection to
host-galaxy properties.

6. Conclusions

Traditional AGN identification methods often yield incomplete
and inconsistent samples because different diagnostics select
different subsets of sources and require a detailed spectral
analysis that does not scale well with modern surveys. Our
results demonstrated that advanced data-driven approaches can
help mitigate these biases. We showed that autoencoders can
learn latent representations of galaxy spectra that correlate
strongly with physical galaxy classes. Unlike previous studies
that relied on a visual inspection of the latent space (Portillo
et al. 2020), our work introduced a semi-supervised framework
for galaxy classification that combines unsupervised feature
extraction with a k-d tree classifier, using labels derived from
FastSpecFit.

Our main conclusions are summarized below:

The proposed model achieved high performance in AGN
identification in large spectroscopic surveys, with an accu-
racy of 0.952 and an AUC of 0.976 in a three-class scheme;
— The model reliably recovered AGNs in low-S/N spectra,
overcoming the limitations of traditional diagnostics that
depend on strict emission-line thresholds, as confirmed by
stacking analyses and multi-diagnostic validation;

BL AGNs were effectively identified (accuracy 0.965 and
AUC 0.973), including sources missed by classical methods
due to weak or undetected broad components in individual
spectra, highlighting the sensitivity of the approach to BL
features;

— Stacking analyses and cross-matching with independent
diagnostics showed that many sources predicted as AGNs
but unlabeled by classical criteria are bona fide AGNs; in
particular, 93.5% of these sources were confirmed by at least
one diagnostic in the AGN/galaxy VAC. This implies that the
reported performance metrics represent conservative lower
limits on the true model capability;

— Conversely, the model reduced contamination in the AGN
class by identifying sources whose emission was consistent
with retired or weakly ionized galaxies. In this regime, line-
ratio diagnostics alone can be misleading;

— The learned latent space encodes physically meaningful
structure, with clear correlations with galaxy classes and
properties such as stellar mass and SFR, providing inter-
pretability and insight into ambiguous or transition popula-
tions, and revealing, for instance, two distinct populations of
passive galaxies;

— The framework is robust to biases inherent to specific label-
ing schemes and was validated using independent diagnos-
tics from the DESI AGN/galaxy VAC.

Overall, this work demonstrates that unsupervised spectral rep-
resentation learning, combined with flexible labeling strategies,
provides a powerful and scalable pathway toward more complete
and reliable AGN catalogs. By leveraging the full spectral infor-
mation, this approach overcomes key limitations of traditional
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emission-line diagnostics, particularly in low-S/N and ambigu-
ous regimes. The semi-supervised framework is well suited for
integration with multiwavelength data and for application to
upcoming DESI data releases, enabling improved AGN demo-
graphics and more robust constraints on the connection between
nuclear activity and galaxy evolution.

Data availability

The data supporting the findings of this study are publicly avail-
able at https://doi.org/10.5281/zenodo.20490011. The
code used to reproduce the analyses presented in this work
is publicly available at https://doi.org/10.5281/zenodo.
21069095.
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Appendix A: Performance metrics

In this work, the performance metrics are defined as follows:
— Accuracy: The proportion of correct predictions, both true
positives and true negatives, among all predictions:

TP+TN

TP+FP+TN+FN
where TP, TN, FP, and FFN denotes the number of true
positives, true negatives, false positives, and false negatives,
respectively.

— Precision: The proportion of true positives among all
instances predicted as positive:
TP

TP+ FP

— Recall (also known as true positive rate, TPR): The propor-
tion of true positives among all actual positive instances:

Accuracy = (A1)

Precision = (A2)

TP
TP+ FN

— False positive rate (FPR): The proportion of false positives
among all actual negatives:

_FP
T FP+TN

— F1 score: The harmonic mean of precision and recall, pro-
viding a balanced measure of both:

Recall = (A.3)

FPR (A.4)

recision X recall
- 2 X p—

F1 (A.5)

precision + recall”’

— Receiver Operating Characteristic (ROC) Curve: A plot of
the true positive rate against the false positive rate as the
classification threshold is varied. The implementation details
are provided in Appendix B.

— Area Under the Curve (AUC): A scalar metric represent-
ing the area under the ROC curve, which summarizes the
model’s performance across all classification thresholds. An
AUC of 1 indicates perfect classification, while an AUC of
0.5 corresponds to random guessing.

Appendix B: ROC curves

To construct the ROC curves, since the autoencoder does not
provide direct probabilities of belonging to each class, we use the
proportion of neighbors in the k-d tree voting for a given class as
a proxy for class probability. For instance, if six of the neighbors
are labeled AGNs, we interpret this as a 60% probability of being
AGNSs. By varying the threshold on this estimated probability,
we obtain different TPR-FPR pairs to construct the ROC curve.

In panel (a) of Figure B.1, which shows the ROC curves for
three galaxy definitions, the performance in balancing complete-
ness and contamination remains good across different thresholds
for all classes, with the AGN curve performing slightly better
(higher AUC). In panel (b), where the extended galaxy clas-
sification is used, there is more variation between classes. BL
performs the best, followed by NL AGN’s and star-forming, while
galaxies classified as other show the curve closest to the diago-
nal. Passive and retired galaxies, which are often misclassified
between each other, reach high completeness only at the expense
of considerable contamination, with their ROC curves peaking
further to the right compared to the rest of the classes.

ROC Curves by Class for 3 classes (k-NN Votes as Score)

True Positive Rate (Completeness)

=== AGN (AUC = 0.976)
me= STARFORM (AUC = 0.956)
= OTHER/PASSIVE (AUC = 0.971)

0.0 0.2 0.8 1.0

0.4 0.6
False Positive Rate (Contamination)

()

ROC Curves by Class for 7 classes (k-NN Votes as Score)

1.0

—

0.8

0.6

" = BL (AUC = 0.973)

NL AGN (AUC = 0.946)
COMP (AUC = 0.897)
STARFORM (AUC = 0.937)
PASSIVE (AUC = 0.890)
RETIRED (AUC = 0.875)
—— OTHER (AUC = 0.787)

0.4

True Positive Rate (Completeness)

0.0 02 04 06 08 1.0
False Positive Rate (Contamination)

(b)

Fig. B.1: ROC curves for the classifier predictions, with the AUC
value for each class given in parentheses. (a) ROC curves for the
three galaxy classes: AGNs, star-forming, and other/passive. (b)
ROC curves for the extended galaxy classes: NL AGNs, BL, star-
forming, composite, retired, passive, and other.

Appendix C: S/N limitations of BPT diagnostics

Among the 286 sources labeled as other/passive but predicted as
AGNs examined in Section 4.4.1, 144 (50.3%) fail the S/N > 3
requirement in at least one of the four BPT lines. Notably, 121 of
these 144 sources (84.0%) fail the S/N threshold in either [O III]
and/or HB, highlighting the dominant role of the vertical BPT
axis. Individually, HB is the most frequently limiting line, falling
below the S/N threshold in 104 sources (36.4%), followed by
[O1II] in 81 sources (28.3%), [N1I] in 72 sources (25.2%), and
Ha in 61 sources (21.3%).

Several alternative optical diagnostic diagrams have been
proposed to mitigate the limitations of the classical BPT, partic-
ularly those associated with the reliance on the [OIII]/HS ratio.
Among them, the WHAN diagram (Cid Fernandes et al. 2010;
Cid Fernandes et al. 2011), which combines the equivalent width
of Ha with the [NIIJ/He line ratio, was developed explicitly
to address the large population of emission-line galaxies left
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unclassified by BPT selections. By requiring only two emission
lines and incorporating equivalent width information, WHAN is
more sensitive to weak AGNs and low-luminosity systems, for
which Hp is often undetectable or intrinsically weak (Cann et al.
2019; Sanchez et al. 2025).

However, studies comparing BPT and WHAN classifications
have shown that while most BPT-selected AGNs are also identi-
fied as AGNs in WHAN, the converse is not true: a substantial
fraction of WHAN-selected AGNss are classified as star-forming
or composite in the BPT diagram (e.g., Kristensen et al. 2020).
This does not imply that the WHAN classification is unreliable;
rather, it reflects the fact that WHAN is designed to probe weaker
or diluted AGNs, which may be missed by the more stringent
four-line requirements of the BPT. Such systems can be affected
by star-formation dilution, intrinsically weak emission lines, or
environmental effects, all of which tend to suppress classical
AGN signatures (Cid Fernandes et al. 2010; Cid Fernandes et al.
2011; Sanchez et al. 2025).

Previous studies have shown that a significant fraction of
AGNs cannot be robustly classified using BPT diagnostics
even when the spectroscopy is sufficiently deep, as a result of
intrinsically weak or obscured narrow-line regions, radiatively
inefficient accretion flows, or short AGN duty cycles; indeed,
Agostino & Salim (2019) find that ~40% of X-ray—selected
AGNs exhibit emission lines too weak to be placed on the BPT
diagram and are often associated with low specific SFRs.

The above considerations highlight that no single optical
diagnostic diagram can provide a complete and unbiased AGN
census (Juneau et al. 2013; Padovani et al. 2017; Sanchez et al.
2025). This motivates the use of approaches that exploit the full
spectral information, rather than relying on a small number of
emission-line ratios.

Appendix D: Stack of sources with discrepant
prediction-label combinations

Building on the analysis presented in Section 4.4.1, this section
extends the study to all discrepant prediction—label combina-
tions. While the main text focuses on sources predicted as AGNs
but labeled as other/passive, here we examine the remaining
cases. Figure D.1 shows the stacked spectra for each off-diagonal
population in the confusion matrix. To complement the BPT-
based classification discussed in the main text (Figure 6), we
also place the line measurements of the stacked spectra on
the WHAN diagram (Fig. D.2), which incorporates Ha equiv-
alent width and enables a more robust distinction between weak
AGN and retired galaxies in low-ionization regimes. Table D.1
summarizes the classification of each stack according to both
diagnostics. The following subsections examine each prediction—
label combination in detail, providing a consistent interpretation
of their physical nature.

D.1. Predicted as other/passive — labeled as AGNs

For sources originally labeled as AGNs but predicted as
other/passive by our model, the stacked spectrum lies in the
LINER region of the [NII]-BPT diagram, while its location in
the WHAN diagram corresponds to the weak-AGN regime, very
close to the retired boundary. In particular, the measured Ha
equivalent width of the stacked spectrum is EW(Ha) =~ 3.0A,
which marks the transition between weak AGN and retired
regions of the WHAN diagram.
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This indicates that a fraction of the sources in this population
may not host ongoing nuclear activity, but are instead ionized by
old stellar populations. As emphasized by Stasifiska et al. (2015),
emission-line ratios alone can misclassify retired galaxies as
LINEREs if line equivalent widths are not taken into account, as
the ionization in these systems is driven by hot low-mass evolved
stars (HOLMES). By explicitly incorporating equivalent widths,
the WHAN diagram provides a more robust classification in this
low-ionization regime. In this context, the model prediction may
effectively reduce contamination of the AGN class by retired
galaxies.

D.2. Predicted as star-forming — labeled as other/passive

Similarly, stacking the 2011 sources predicted as star-forming by
our model (including both star-forming and composite classes)
but labeled as other/passive, and placing the resulting spectrum
on the [NII]-BPT diagram (Figure D.1), shows that the stack lies
firmly within the star-forming region. Stacking effectively recov-
ers the characteristic star-formation-driven line ratios that are
buried in the individual low-S/N spectra. The stacked spectrum
is located very close to the Kewley et al. (2001) demarcation line
separating star-forming and composite regions, indicating that,
on average, these sources occupy the transition between pure star
formation and composite excitation.

In the WHAN diagram, the stack is placed in the strong
AGN region but falls close to the star-forming boundary. As
discussed by Sanchez et al. (2025), late-type galaxies that are
genuinely dominated by star formation can be classified as AGN's
in equivalent-width-based diagnostics under certain conditions,
despite their overall ionization being driven primarily by star for-
mation. Taken together, the BPT and WHAN diagnostics suggest
that this population is predominantly star-forming, consistent
with the model prediction.

D.3. Predicted as star-forming — labeled as AGNs

The stacked spectrum of galaxies predicted as star-forming but
labeled as AGNs shows clear AGN signatures in both diagnostic
diagrams. In the [NII]-BPT diagram, the stack lies very close
to the boundaries separating the Seyfert, LINER, and composite
regions, while the WHAN diagram classifies it as a strong AGN.
It is important to note that our star-forming class also includes
composite galaxies; therefore, part of this apparent disagreement
may reflect sources with mixed ionization.

D.4. Predicted as AGNs — labeled as star-forming

For sources originally labeled as star-forming but predicted as
AGNSs by our model, the stacked spectrum occupies the com-
posite region of the [NII]-BPT diagram, while the WHAN
diagram classifies it as a strong AGN. This behavior is consis-
tent with well-known limitations of the BPT diagram, which can
be biased against AGN identification when NL AGN signatures
are overpowered by host galaxy star formation. This effect is par-
ticularly relevant in low-mass, blue galaxies with high specific
star-formation rates, where AGN emission lines can be diluted
by stellar processes (Agostino & Salim 2019; Trump et al. 2015).
In addition, BPT line ratios are sensitive to metallicity, which can
further bias the classification toward the star-forming or com-
posite regions in such systems (Storchi-Bergmann et al. 2006;
Carvalho et al. 2020).
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Fig. D.1: Stacked rest-frame optical spectra corresponding to the different sources with discrepant prediction—label combinations
analyzed in this work. Key emission and absorption features are indicated with vertical dashed lines.

Therefore, despite their composite BPT classification, these
sources are likely genuine AGNs. This interpretation is sup-
ported not only by the WHAN classification of the stacked
spectrum, but also by the additional multi-diagnostic analysis
presented in Section 4.4.2, where several independent indicators
consistently favor an AGN interpretation.

D.5. Predicted as other/passive — labeled as star-forming

For sources originally labeled as star-forming and predicted as
other/passive by our model, the stacked spectrum lies in the
composite region of the [NII]-BPT diagram, while the WHAN
diagram places it close to the strong-AGN regime. However,
this stacked spectrum shows the weakest emission-line strengths

among all off-diagonal populations, indicating that the classifi-
cation is intrinsically uncertain. This population likely represents
a transition regime, where low-level ionization and star forma-
tion coexist, and small differences in line strength can lead to
discrepant diagnostic classifications.

Appendix E: BL signatures in the stacked spectra

To illustrate the presence of broad emission-line components in
the stacked spectra of galaxies predicted as AGNs but labeled
as other/passive, we performed a multi-Gaussian decomposi-
tion using the PyQSOFit package (Guo et al. 2018). While the
spectral measurements used throughout this work are obtained
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Table D.1: Summary of the stacked spectra for sources with discrepant prediction—label combinations.

Original label  Predicted BPT (stack) WHAN (stack) Notes

AGN Other/passive  LINER Weak AGN-Retired Line ratios consistent with LINER-like
ionization; low Ha equivalent width places
the stack close to the retired region in the
WHAN diagram.

AGN Star-forming Seyfert Strong AGN Clear AGN signatures in both diagnostics

(almost LINER/composite) . . . .

despite the star-forming prediction; high
equivalent width indicates ongoing nuclear
activity.

Star-forming  Other/passive  Composite (Sgglrz)gs tAw(:JaI:k) Composite location in the BPT diagram
but classified as strong AGN in WHAN.

Star-forming ~ AGN Composite Strong AGN Classified as composite by the BPT but
robust AGN classification in WHAN,
likely driven by high Ha equivalent width.

Other/passive ~ AGN Seyfert Strong AGN Clear Seyfert classification in both BPT
and WHAN; the presence of a broad Ha
component confirms AGN activity.

Other/passive  Star-forming (S;iarrr; f)z?élcl)lfposite) ?zilrr(;f:)gs tASCI}Jl)\I Located close to the star-

forming/composite boundary; the WHAN
classification suggests a transition regime
between star formation and AGN activity.

Notes. For each stack, we report the original label, the model prediction, and the classification inferred from the BPT and WHAN diagnostic

diagrams applied to the stacked spectrum.

102_
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Star-forming *.
* *
=< 10
= * *
s Weak AGN
= S
w
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10° % Pred AGN / Label SF
Retired % Pred SF / Label AGN
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Fig. D.2: Location on the WHAN diagram of the stacked spectra
corresponding to sources with discrepant classifications. Each
symbol represents the emission-line measurements derived from
the FastSpecFit model of the corresponding stacked spectrum.
The classical demarcation lines separating star-forming, strong
and weak AGN, and retired galaxies are shown for reference.

with FastSpecFit, which provides automated emission-line fits
for the full sample, PyQSOFit is employed here solely to per-
form a more detailed decomposition of the stacked spectrum
and to visually separate the narrow and broad components of the
Balmer lines in Fig. E.1. PyQSOFit is specifically designed for
AGN spectral modeling and allows simultaneous fitting of nar-
row and broad components, making it well suited for illustrating
the line-profile structure in stacked spectra.
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The inclusion of a broad component is required to reproduce
the extended wings of the Balmer lines and leads to a signifi-
cantly improved fit, as indicated by the reduced y? values shown
in the figure. The resulting broad component exceeds the typical
BL AGN threshold of FWHM of ~1200 km s~!, consistent with
the presence of BL emission in the stacked spectrum.

However, we do not attempt to derive precise kinematic mea-
surements such as an exact FWHM or black hole masses from
the stacked spectrum. Stacking spectra with different systemic
velocities and intrinsic line widths can artificially broaden strong
emission lines (such as Ha) while simultaneously suppressing
the wings of weaker lines (such as HB), potentially biasing quan-
titative measurements. Therefore, the Gaussian decomposition is
presented here only to illustrate the presence of broad emission,
rather than to provide detailed BL region properties.

Appendix F: Validation of BL classifications with
the DESI AGN/galaxy VAC

To further investigate discrepancies between predicted and ref-
erence BL classifications, we cross-matched these sources with
the AGN/galaxy VAC of DESI DR1, which identifies BL sources
using broader criteria than those adopted in this work, consider-
ing multiple emission lines (He, HB, and/or Mgll) with FWHM
> 1200 km s,

Table F.1 compares reference labels, model predictions, and
the BL flag in the AGN/galaxy VAC. Among the 906 sources
predicted as BL by our model but not labeled as such, 530 (58%)
are identified as BL in the AGN/galaxy VAC. Similarly, of the
585 sources labeled as NL. AGNs but predicted as BL, 364 (62%)
are classified as BL in the AGN/galaxy VAC.

These discrepancies likely arise from the more restric-
tive BL identification criteria adopted in our labeling scheme,
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Fig. E.1: Top panel: stacked rest-frame optical spectrum of the 286 sources predicted as AGNs by our model but labeled as
other/passive by traditional diagnostics. Bottom panels: zoom-in views of the HB (left) and Ha (right) regions, with the PyQSOFit
model overplotted. The fits highlight the separation between narrow and broad emission-line components, providing independent
evidence for the presence of BL emission in the stacked spectrum.

Table F.1: Comparison of reference labels, model predictions, and the BL flag in the DESI DR1 AGN/galaxy VAC.

Category Number of Sources  Of which BL in VAC
Labeled as BL but not predicted as BL 867 648 (75%)
Not labeled as BL but predicted as BL 906 530 (59%)
Labeled as BL, predicted as NL AGN 643 505 (79%)
Labeled as NL AGN, predicted as BL 585 364 (62%)

Notes. The lower block highlights mismatches between the BL and NL AGN classifications.

which rely on the AON and S/N of the fitted broad and nar-
row components only of Ha (see Section 2.4), whereas the
AGN/galaxy VAC incorporates broader line-width criteria and
multiple emission-line diagnostics. The high level of agreement
with the AGN/galaxy VAC therefore supports the ability of our
model to recover BL sources beyond the restrictive definitions
adopted in the reference labeling.
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