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ABSTRACT

Broad absorption line (BAL) quasars serve as critical probes for understanding active galactic nu-
cleus (AGN) outflows, black hole accretion, and (cosmic evolution. To address the limitations of manual
classification in large-scale spectroscopic surveys - where the number of quasar spectra is growing expo-
nentially - we propose BALNet, a deep learning approach consisting of a one-dimensional convolutional
neural network (1D-CNN) and bidirectional long short-term memory (Bi-LSTM) networks to automat-
ically detect BAL troughs in quasar spectra. BALNet enables both the identifi€ation of BAL quasars
and the measurement of their BAL troughs. We construct a simulated dataset for training and testing
by combining non-BAL quasar spectra and BAL troughs, both derived from SDSS DR16 observa-
tions. Experimental results in the testing set show that: (1) BAL trough detection achieves 83.0%
completeness, 90.7% purity, and an Fl-score of 86.7%; (2) BAL quasar classification achieves 90.8%
completeness and 94.4% purity; (3) the predicted BAL velocities agree closely with simulated ground
truth labels, confirming BALNet’s robustness and accuracy. When applied to the SDSS DR16 data
within the redshift range 1.5 < z < 5.7, at least one BAL trough is detected in 20.4% of spectra.
Notably, more than a quarter of these are newly identified sources with significant absorption, 8.8%
correspond to redshifted systems, and some narrow/weak absorption features were missed. BALNet
greatly improves the efficiency of large-scale BAL trough detection and enables more effective scientific
analysis of quasar spectra.
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1. INTRODUCTION

Quasars are luminous active galactic nuclei (AGNs)
powered by accreting supermassive black holes
(SMBHs), and their powerful outflows are generally
belived to play a crucial role in galaxy evolution.
These outflows carry away huge amounts of material,
kinetic energy, and angular momentum from the
nuclear region, they may heat or expel interstellar
gas, suppress star formation in the host galaxy, and
regulate SMBH growth (e.g., P. F. Hopkins & L.
Hernquist 2006; P. F. Hopkins & M. Elvis 2010). The
most prominent signature of quasar outflows is the
presence of blueshifted (up to ~ 0.2¢) and broad (at
least 2000 km/s) absorption line (BAL) troughs, which
appear in both high-ionization species (e.g., C IV, Si IV,
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and N V; R. J. Weymann et al. 1991; M. S. Brotherton
et al. 2001; T. A. Reichard et al. 2003), low-ionization
species (e.g., Mg II, Al III, and He I*; A. Tolea et al.
2002; P. C. Hewett & C. B. Foltz 2003; S. Zhang et al.
2010; S. Zhang et al. 2011; W. Liu et al. 2015), and even
in the excited of states Fe II and/or Fe III (C. Hazard
et al. 1987; R. H. Becker et al. 1997; M. Vivek et al.
2012; S. Zhang et al. 2015). Statistical studies show
that approximately 10-20% of ultraviolet- and optically
selected quasars exhibit BAL troughs (C. B. Foltz
et al. 1990; J. R. Trump et al. 2006; R. Ganguly et al.
2007; R. R. Gibson et al. 2009). It is likely that this
fraction depends on the orientation and inner structure
of the AGN (A. Tolea et al. 2002; P. C. Hewett &
C. B. Foltz 2003), and may also reflect evolutionary
phases of quasar activity (D. B. Sanders et al. 1988; F.
Hamann & G. Ferland 1993; G. M. Voit et al. 1993).
Moreover, the incidence, variability, and strength of
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BAL troughs from various ionic species provide crucial
diagnostics for the physical and dynamical properties
of outflowing gases, as well as valuable insights into
their origin and acceleration mechanisms (e.g., N. Filiz
Ak et al. 2013; M. Vivek et al. 2014; Z.-C. He et al.
2015; X. Shi et al. 2016a; F. Hamann et al. 2018; Z.
Chen et al. 2022). Therefore, the accurate identification
and measurement of BAL troughs in quasar spectra
constitute a fundamental step in the study of quasar
outflows.

Traditional methods for identifying BAL troughs in-
clude quasar composite spectrum fitting combined with
visual inspection (T. A. Reichard et al. 2003; J. R.
Trump et al. 2006), multi-component spectral decompo-
sition (A. Tolea et al. 2002; R. R. Gibson et al. 2009; S.
Zhang et al. 2010), principal component analysis (PCA;
K. Glazebrook et al. 1998), non-negative matrix fac-
torisation (NMF; J. T. Allen et al. 2008), and quasar
spectrum pair-matching technique (S. Zhang et al. 2014;
W. Liu et al. 2015). These approaches involve fitting
each individual quasar spectrum to reconstruct the in-
trinsic (unabsorbed) quasar spectrum, and then identi-
fying BAL troughs by comparing the observed and in-
trinsic spectra. While effective, these methods are time-
intensive and not easily scalable to the large and rapidly
growing spectroscopic datasets produced by modern as-
tronomical surveys. For example, the Sloan Digital Sky
Survey (SDSS; D. G. York et al. 2000) DR16 quasar
catalog (DR16Q; B. W. Lyke et al. 2020) has provided
750,414 optical quasar spectra. The Large Sky Area
Multi-Object Fiber Spectroscopic Telescope (LAMOST;
X.-Q. Cui et al. 2012) has also identified a total of 56,175
quasars (J. Jin et al. 2023). The ongoing larger survey,
the Dark Energy Spectroscopic Instrument (DESI; A.
Dey et al. 2019), aims to quadruple the known quasar
sample by obtaining spectra of nearly 3 million quasars
(E. Chaussidon et al. 2023). The rapid increase in data
volume demands the development of more efficient and
scalable methods for identifying BAL troughs.

With the advancement of computer technology, ma-
chine learning and artificial intelligence methods have
been increasingly applied to the classification and fea-
ture recognition of astronomical spectral data. Com-
monly used techniques include K-Nearest Neighbors
(KNN; e.g., M.-L. Zhang & Z.-H. Zhou 2007; T. Fushiki
2011; P. Sookmee et al. 2020), Support Vector Machines
(SVM; e.g., C. Liu et al. 2015; A. Barrientos et al.
2020), Decision Trees (DT; e.g., J. R. Quinlan 1996;
M. Crzajkowski et al. 2014), and Artificial Neural Net-
works (ANN; e.g., K. Wang et al. 2016; N. Busca &
C. Balland 2018; F. Rastegarnia et al. 2022). More re-
cently, H. Yang et al. (2023) demonstrated that convolu-

tional neural networks (CNNs) significantly outperform
traditional methods in classifying observed astronomical
spectra. N. Busca & C. Balland (2018) proposed a deep
CNN model, QuasarNET, designed for redshift estima-
tion and object classification, including the identifica-
tion of BAL quasars. In addition, Z. Guo & P. Martini
(2019) developed a PCA-enhanced CNN framework for
classifying BAL quasars. R. Moradi et al. (2024) intro-
duced an enhanced ResNet-based CNN model, FNet II,
capable of processing spectra through automated fea-
ture extraction, thereby eliminating the need for man-
ual identification of spectral lines. Comparative stud-
ies by W. Kao et al. (2024) and S. Pang et al. (2025)
have further established the superiority of deep learning
approaches, particularly CNN architectures, over tradi-
tional machine learning methods like extreme gradient
boosting (XGBoost) for BAL quasar identification.

Although existing methods have achieved impres-
sive performance in classifying BAL quasars — with
extremely high detection completeness exceeding 97%
(e.g., N. Busca & C. Balland 2018; Z. Guo & P. Martini
2019; R. Moradi et al. 2024; W. Kao et al. 2024; S. Pang
et al. 2025) — several key challenges remain unresolved.
First, most current approaches focus primarily on distin-
guishing BAL quasars from general quasar populations,
but lack the ability to quantitatively characterize BAL
troughs, such as their velocity and velocity structure.
Second, the training datasets are mainly constructed
from previously confirmed BAL quasars, which tend to
be biased toward strong C IV BAL troughs with large
blueshifted velocities. Although the high completeness
and purity of these datasets are notable, they do not
truly reflect the performance on real BAL quasars. This
leads to a selection bias that limits model sensitivity to
shallower troughs or those superimposed on C IV emis-
sion lines, thereby reducing the completeness and gener-
alizability of the classification. In addition, the impor-
tant subclass of redshifted BALs has been largely over-
looked. Previous studies have shown that they trace in-
flowing gases in the nuclear region of AGNs (X. Shi et al.
2017; N.-X. Zhang et al. 2017; H. Zhou et al. 2019), pro-
viding key insights into SMBH accretion physics. There-
fore, it is necessary to address these limitations from
both methodological and training dataset construction
perspectives.

In this paper, we introduce BALNet, a new auto-
mated deep learning framework that integrates a one-
dimensional convolutional neural network (1D-CNN)
with bidirectional long short-term memory (Bi-LSTM)
networks to accurately detect and characterize C IV
BAL trough in quasar spectra. Unlike previous meth-
ods, BALNet not only classifies BAL quasars but also



directly measures the kinematic properties (e.g., veloc-
ities) of C IV BAL troughs. For model training and
evaluation, we generated a large set of simulated spec-
tra with diverse C IV BAL trough profiles, derived from
the SDSS DR16Q dataset.

The remainder of this paper is organized as follows:
Section 2 describes the construction of mock spectra
used for model training and testing. Section 3 details
the architecture of the proposed BALNet framework and
outlines its training procedure. Section 4 presents the
evaluation results of BALNet on simulated test data and
discusses its performance. Section 5 then applies BALNet
to the SDSS DR16Q dataset and analyzes its perfor-
mance. Finally, Section 6 summarizes the main conclu-
sions of this study and outlines future directions.

2. MOCK DATA

The performance of deep learning models depends
heavily on both the quantity and quality of the training
dataset. A large-scale and accurately labeled training
sample is a key factor in improving model performance.
It enables deep learning models to effectively learn di-
verse features, thereby significantly enhancing their gen-
eralization ability and overall prediction accuracy. The
aim in this study is how to simultaneously identify BAL
quasars and measure the BAL troughs. All existing la-
beled quasar datasets provide only conventional BAL
classifications (i.e., whether a quasar is a BAL quasar)
and lack detailed annotations of specific BAL velocity
structures. As a result, such datasets are inadequate for
our research objectives.

To address this, we construct a more comprehensive
and accurately labeled mock dataset of quasar spectra
for training and evaluating the BALNet model. This
mock dataset is based on the SDSS DR16(Q dataset,
limited to quasars with redshifts ranging from 1.5 to
5.7 to ensure that potential C IV BAL troughs fall
within the SDSS spectrograph’s wavelength coverage.
The SDSS DR16Q catalog provides the BI_.CIV and
AI_CIV parameters, which are used both to distinguish
BAL quasars from non-BAL quasars and to quantify
the strength of C IV BALs, we then obtain 23,994 BAL
quasars with BI.CIV > 0 and 313,739 non-BAL quasars
with BI.CIV = 0 and AI_CIV = 0. In the construction of
the mock dataset, spectra of non-BAL quasars are ran-
domly sampled, while C IV BAL troughs are extracted
directly from real absorption troughs in observed BAL
quasars. The procedures for C TV BAL trough extrac-
tion and mock spectrum generation are described in de-
tail in the following two subsections. Before analysis, all
spectra are corrected for Galactic extinction using the
extinction map of D. J. Schlegel et al. (1998) and the
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reddening curve of E. L. Fitzpatrick (1999), and then
shifted to the rest frame using the primary redshift from
the SDSS DR16Q.

2.1. BAL Trough Ezxtraction

We employ the quasar spectrum pair-matching
method (S. Zhang et al. 2014; W. Liu et al. 2015) to
extract the C IV BAL troughs from the spectra of
the SDSS DR16Q BAL quasars. The core idea, simi-
lar to other traditional approaches, is to construct an
unabsorbed model spectrum that closely matches the
absorption-free regions of a given BAL quasar candi-
date. This model is then compared with the observed
spectrum to identify potential BAL troughs.

The specific implementation consists of the following
three steps: (1) Randomly select 300 non-BAL quasar
spectra with redshifts close to that of the BAL quasar
candidate under analysis to form a template library.
Each template spectrum is smoothed through two it-
erations of B-spline fitting to remove narrow absorption
lines. (2) Each template is reddened using the SMC
extinction law and fitted to the absorption-free regions
of the given BAL quasar candidate. The scaling fac-
tor and the color excess F(B — V) are optimized by
the minimizing y? between the model and the observed
spectrum. To improve the fitting accuracy and robust-
ness, we restrict the analysis to a rest-frame wavelength
range of 1300 - 1700 A, which ensures coverage of the
C IV BAL trough while minimizing contamination from
unrelated spectral regions. (3) All model spectra are
ranked in ascending order of total x2, and the top forty
best-fitting models are selected. For each of them, an
additional emission-line x? metric, y%;, is calculated
over the 1450 - 1650 A range, excluding pixels affected
by BAL troughs. This metric quantifies the similarity
between the model and the observed spectrum in the
unabsorbed C IV emission-line region. Finally, the com-
posite of the ten models with the lowest x%; values is
adopted as the final unabsorbed model spectrum. This
method exhibits strong detection performance for shal-
low and weak BAL features, and achieves high accuracy
in measuring absorption velocities.

We systematically search for BAL troughs in the nor-
malized spectra of BAL quasar candidates. In veloc-
ity space, the search is conducted over the range from
v = 10,000 km/s to v, = —29,000 km/s, where pos-
itive velocities indicate redshifted absorption and neg-
ative velocities indicate blueshifted absorption. Only
features with a continuous absorption over a velocity in-
terval greater than 1,000 km/s for a depth of at least
10% (normalized fluxes smaller than 0.9) are considered
valid BAL troughs. After screening 23,994 DR16Q BAL
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quasar candidates, we successfully detected 47,267 BAL
troughs in 23,107 sources. In Figure 1, we present the
number distribution of BAL troughs in these observed
BAL quasars (black solid line). The results show that
most BAL quasars contain one to three BAL troughs,
while a small fraction exhibit four or more, and in rare
cases, up to nine troughs. All identified BAL troughs
constitute the BAL pattern library, which is used to
construct simulated spectra for subsequent model train-
ing.
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Figure 1. Distributions of the number of C IV BAL troughs
per spectrum for 23,107 observed BAL quasars (black solid
line) and for 100,000 simulated BAL quasars (red dashed
line).

2.2. Data Construction

In this subsection, we construct a large-scale mock
dataset of simulated BAL quasar spectra by combin-
ing the high-quality BAL pattern library with non-BAL
quasar samples derived from real observations. These
simulated spectra not only encompass a wide variety of
BAL trough types, but also include detailed annotations
of the corresponding velocity parameters, thereby satis-
fying the requirements for simultaneous BAL classifica-
tion and velocity feature extraction. Figure 2 illustrates
the procedure for constructing a representative simu-
lated BAL quasar spectrum. The construction process
strictly follows the steps outlined below.

Firstly, we randomly select n BAL troughs from the
BAL pattern library constructed in the previous sub-
section, where n is a positive integer (e.g., 1, 2, 3,
etc.). These patterns are then placed at random, non-
overlapping positions within the velocity range from
10,000 to —29,000 km/s to generate the normalized
BAL spectrum (NSpars(A)). In these spectra, wave-
length regions without BAL patterns have a flux value

of 1. Figure 2 (a) shows a typical normalized BAL
spectrum, with gray-shaded areas representing 3 BAL
troughs.

Secondly, background spectrum smoothing is per-
formed. We randomly selected an original spectrum
from the non-BAL quasar sample and applied a three-
point smoothing method. This process aims to reduce
the impact of noise and unresolvable absorption lines,
thereby minimizing their interference with subsequent
model analysis. Figure 2 (b) illustrates an example: the
raw spectrum of the SDSS object is shown in black, while
its smoothed counterpart, denoted as fron—par(N), is
shown in blue.

Finally, the background spectrum (f,on—gar(N))
is combined with the normalized BAL spectrum
(NSpars(M\)) to generate the simulated BAL quasar
spectrum (fsimuiated(N)), as shown by the black line in
Figure 2 (c). The formula is expressed as:

fsimulated(A) = NSBALS()\) X fnon—BAL(A) (1)

To generate the final simulated BAL quasar spectrum
data set, we performed the above procedure 100,000
times. The number distribution of BAL troughs in sim-
ulated spectra is consistent with the observational data
(see Figure 1), thereby ensuring the high credibility of
the simulation results. Additionally, to ensure balance
and stability in the training dataset, we randomly se-
lected 100,000 spectra from non-BAL quasar sample and
combined them with all simulated BAL quasar spectra.
The background spectra of the simulated BAL quasars
and the non-BAL quasar spectra were not subjected to
any signal-to-noise cuts, ensuring that their signal-to-
noise distributions are consistent with those of SDSS
DR16Q. Through this integration, we created a com-
prehensive dataset containing a total of 200,000 spec-
tra. This dataset was used to train and test our BALNet
model.

It should be noted that the training set spectra ul-
timately constructed encompass various manifestations
of BAL troughs, such as blueshifted, redshifted, and
multiple BAL troughs. Meanwhile, all spectra in the
training set have been processed through interpolation
and are evenly distributed across 1165 equally spaced
wavelength points within the range of 1300 to 1700 A.
In our dataset, in addition to the spectral data, label
data for each spectrum are also required. The most
straightforward approach would be to label each wave-
length point of the spectrum as to whether it belongs to
a BAL trough, for example, using 1 to indicate the pres-
ence of a BAL trough and 0 for its absence. However,
this method would result in overly complex label data
and excessively high computational costs. To avoid this
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Panel (a) presents a normalized BAL

pattern spectrum (black), with the gray-shaded regions marking three randomly selected BAL troughs. Panel (b) displays a
real, unabsorbed spectrum (black) and its smoothed version (blue). Panel (c¢) shows the final simulated spectrum (black) in
the bottom part, and the corresponding label vector (red) in the upper part, where BAL regions are labeled as 1 and non-BAL

regions as 0.

issue, we defined coarser interval points within the same
wavelength range as the simulated spectra, consisting of
a total of 387 intervals, with each interval correspond-
ing to three consecutive spectral wavelengths. Subse-
quently, we constructed a label vector based on these in-
tervals to characterize the distribution of BAL troughs
within the spectrum. Specifically, if a BAL trough is
present within an interval, the corresponding label value
for that interval is marked as 1; otherwise, it is marked
as 0 (as indicated by the red line at the top of Figure 2
(c)). In this way, we simplified the structure of the la-
bel data while retaining the key information about the
BAL troughs in the spectrum, thereby providing more
efficient data support for model training.

Regarding the division of the training and testing sets,
we randomly selected 80% of the samples from the final
dataset, amounting to 160,000 spectra and their corre-
sponding labels, to form the training set for the model.
The remaining 20% of the samples, which is 40,000 spec-
tra and their labels, were then used for testing and eval-
uating the model.

3. METHODOLOGY

In this section, we will provide a detailed introduction
to the BALNet model used for detecting BAL troughs
in quasar spectra. This model innovatively integrates

a one-dimensional convolutional neural network (1D-
CNN) and bidirectional long short-term memory net-
works (Bi-LSTM, M. Schuster & K. K. Paliwal 1997),
which enables effective extraction of both local and
global features from spectral data. The 1D-CNN layer
focuses on capturing local features in the spectrum, such
as absorption trough profiles and continuum fluctua-
tions, while the Bi-LSTM layers learn the global con-
textual dependencies of the spectrum through bidirec-
tional sequence modeling (forward and backward propa-
gation). This combined approach significantly improves
the detection performance of BAL trough. In particu-
lar, when dealing with quasar spectra that have multiple
BAL troughs, the model can more accurately identify
and locate these features, thereby improving the accu-
racy and reliability of detection.

It is important to note that although 1D-CNN has
been widely used in previous BAL automatic recogni-
tion studies (N. Busca & C. Balland 2018; Z. Guo &
P. Martini 2019; S. Pang et al. 2025), the Bi-LSTM
integration scheme proposed in this paper is the first
sequence modeling-based work in this field. A key ad-
vantage of this approach lies in the Bi-LSTM’s ability
to dynamically learn dependencies across arbitrary dis-
tances, a capability not inherent to CNNs. This charac-
teristic is particularly crucial for detecting disjoint BAL
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troughs, which are common in our data. While a CNN
with varying large kernels could be designed to capture
long-range correlations, it requires careful manual tun-
ing of kernel sizes and depths. In contrast, the Bi-LSTM
adaptively learns the relevant context lengths from the
data, leading to a more efficient and flexible architec-
ture for modeling the complex, long-range dependencies
present in BAL spectra. Furthermore, the Bi-LSTM’s
capacity to simultaneously model both global long-term
trends and local short-term fluctuations aligns closely
with the comprehensive reasoning process astronomers
employ in manual BAL identification. These combined
strengths make it especially suitable for handling the
multiple absorption features commonly found in quasar
spectra. The following sections will first introduce the
basic principles of LSTM/Bi-LSTM networks, and then
provide a detailed description of the architecture and
training strategy of BALNet.

3.1. LSTM Network

LSTM network is a specialized type of recurrent neu-
ral network (RNN) initially proposed by S. Hochreiter &
J. Schmidhuber (1997). It has been widely used for pro-
cessing sequential data, including data analysis of spec-
tral and time series (L. Hu et al. 2022; S. S. Tabasi et al.
2023; Z. Luo et al. 2024a). Unlike traditional RNNs (M.
Schuster & K. K. Paliwal 1997), LSTM networks effec-
tively addressed the vanishing and exploding gradient
problems encountered when processing long sequences
by incorporating memory cell states. Due to its strong
memory capacity and ability to capture long-term de-
pendencies, LSTM network is frequently employed in
time-series forecasting and reliability prediction.

Similar to RNNs, LSTM networks employ a chain-
like structure but feature a more sophisticated design
in their repeating modules. By incorporating memory
cells and gating mechanisms, LSTMs can effectively cap-
ture long-range dependencies. As illustrated in Figure
3, the control flow of a single LSTM timestep involves
four core components: the input gate (i), forget gate
(f), output gate (o), and candidate memory cell state
(C~') During timestep propagation, these elements oper-
ate in concert: the forget gate regulates which historical
information to preserve, the input gate selects relevant
features from the current input, the cell state synthe-
sizes new and existing information to update memory,
while the output gate governs the activation value for
the current timestep. This integrated mechanism en-
ables LSTMs to efficiently process sequential data and
establish accurate input-output mappings.

By applying the sigmoid (o) and hyperbolic tangent
(tanh) activation functions to the current input sequence

X, @ @ Element-wise Operation

Figure 3. Schematic of the LSTM unit structure, illustrat-
ing the four interacting key components (input gate i, forget
gate f, output gate o, and candidate memory cell state é’)
and their information flow. The mathematical expressions
for the gates are provided in Equation (2), while the tempo-
ral update mechanism of the cell state is strictly defined in
Equation (3). The arrows in the figure clearly indicate the
direction of information flow, reflecting the dynamic gating
logic of LSTM when processing sequential data.

x; and the previous hidden state h;_;, the LSTM op-
erations are updated at each time-step (¢) according to
the following equations:

fe=0 Wy [, 2] + b)),

it =0 (Wi [hi—1, 2] + b;),

or =0 Wy - [he_1, 2] + bo),
C, = tanh (We - [hy—1, 2] + be)

where (Wy, W;,W,,W¢) and (bs,b;,b,,bc) are the
weight matrices and bias weights, respectively. ét indi-
cates the candidate cell state. Then, utilizing the above
equations to update the cell state C; and hidden state
h: at the current time-step.

Ci=fi ®Ciq +ir © Cy,

(3)
hy = o ® tanh (Cy) ,

where the ® symbol denotes an element-wise product.
The initial values of Cy and hg are both set to 0. This
process illustrates how the LSTM regulates the input of
new information and the flow of output information via
its gating mechanism, thereby facilitating the effective
maintenance of long-term memory and dependencies in
sequential data. Through its structural design and gat-
ing mechanism, the LSTM enhances its performance and
accuracy.
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Figure 4. Architecture of the proposed BALNet framework, comprising three core modules: (a) The 1D-CNN feature extractor
processes the 1165-dimensional input spectrum through convolutional operations (kernel size=7, stride=3, 192 filters), trans-
forming it into a 387x192 feature matrix, followed by batch normalization, ReLU activation, and dropout (rate=0.2) for feature
refinement; (b) The Bi-LSTM module employs two bidirectional LSTM layers (128 hidden units each) to analyze temporal pat-
terns, producing a 387x 256 feature matrix. Each LSTM layer is followed by batch normalization and dropout for regularization;
(¢) The output module generates a 387-dimensional probability vector through a fully connected layer with sigmoid activation,
where each element represents the presence probability of BAL troughs at the corresponding spectral position.

In addition, compared with most traditional machine
learning methods, LSTM can automatically and effec-
tively learn the dependencies between elements in the
input sequence, thereby capturing the long-term depen-
dencies and dynamic characteristics in sequential data.
This capability gives LSTM a significant advantage in
handling long sequence data.

The Bi-LSTM network is an enhanced variant of
LSTM that incorporates two parallel LSTM layers: a
forward layer processing the sequence chronologically
and a backward layer processing it in reverse order. This
bidirectional architecture enables simultaneous capture
of both historical and future contextual features, thereby
significantly improving the modeling of long-range de-
pendencies in sequential data.

3.2. BALNet Architectures

The primary objective of this study is to accurately
identify BAL troughs in quasar spectra and determine

their specific positions within the spectra, in order to
obtain the associated velocity information. This task
presents significant challenges because BAL troughs ex-
hibit remarkable morphological and positional diversity
across different spectra, and are often obscured by in-
terference from other spectral features (such as emis-
sion lines and continuum spectra). To address these
challenges, we developed a specialized neural network
model named BALNet which innovatively combines the
strengths of 1D-CNN and Bi-LSTM with 1D-CNN ex-
tracting local spectral features while Bi-LSTM effec-
tively captures long-term dependencies in spectral se-
quences. The neural network architecture was imple-
mented using the Keras 3 (F. Chollet & others 2015)
and TensorFlow (M. Abadi et al. 2016) frameworks, with
Keras serving as the high-level API for TensorFlow. Fur-

3 https://keras.io/about/
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thermore, to ensure reproducibility and enable commu-
nity access, both the source code and the generated cat-
alogs have been made publicly available on our GitHub
repository .

The network architecture of BALNet, illustrated in
Figure 4, follows an end-to-end deep learning approach
with three core modules connected in series. First, the
1D-CNN feature extraction module processes the input
1165-dimensional spectral vector. Using a single 1D con-
volutional layer (kernel size = 7, stride = 3, 192 filters),
it transforms the input into a 387x192 feature matrix,
where 387 corresponds to the sequence length and 192
denotes the number of feature channels. This module in-
cludes a complete feature optimization process: a Batch
Normalization layer (Batch Norm) to stabilize network
training, a ReLU activation function to introduce non-
linearity (B. Xu et al. 2015), and a Dropout layer (rate
= 0.2) to prevent overfitting (G. E. Hinton et al. 2012;
W. Zaremba et al. 2014).

Next, the Bi-LSTM module receives the 387x192 fea-
ture matrix and processes it through two layers of bidi-
rectional LSTM. Each LSTM layer contains 128 hidden
units and the bidirectional outputs are concatenated to
form a 256-dimensional vector, resulting in the final out-
put of a 387x256 feature matrix. This module also ap-
plies Batch Norm and Dropout (rate = 0.2) for regular-
ization.

Finally, the output module transforms the 387x256
feature matrix into a 387-dimensional probability output
vector through a fully connected layer and a sigmoid ac-
tivation function. Each element in the vector represents
the probability of the presence of a BAL trough at the
corresponding position. Typically, a threshold of 0.5 is
used for binary classification to determine the existence
of a BAL trough point. In addition, in the model, we
regard the continuous occurrence of five or more BAL
trough points as a confirmation signal for a BAL trough.

The entire network performs end-to-end processing
from raw spectral inputs to both classification and posi-
tional (velocity) parameter prediction, enabled by strict
dimensional control and consistent hyperparameter set-
tings throughout the architecture.

The loss function of the BALNet model employs binary
cross-entropy loss (BCE) ° . This loss function optimizes
the model’s performance by calculating the difference
between the model’s predicted output and the true la-
bels.

4 https://github.com/zjluo-code/BALNet

5 https://www.tensorflow.org/api_docs/python/tf/keras/losses/
BinaryCrossentropy

After model construction, we trained the network us-
ing 160,000 normalized spectral entries from the train-
ing set. Each spectrum was normalized by its maximum
value prior to input. All experiments were performed on
an NVIDIA RTX 3090 GPU. We employed the Adam
optimizer (D. P. Kingma & J. Ba 2017) with 8; = 0.5,
B2 = 0.999, a learning rate of 0.0001, and a batch size of
256. The training completed in 200 epochs, with each
epoch requiring ~ 42 seconds, resulting in a total train-
ing time of approximately 2.4 hours.

4. MODEL PERFORMANCE EVALUATION

In this section, we evaluate how effectively our trained
BALNet model performs when detecting BAL troughs
and measuring their locations in simulated quasar spec-
tra using the test dataset.

4.1. Ewvaluation Metrics

We quantitatively evaluate BALNet’s BAL trough
detection performance using three standard metrics:
completeness (recall), purity (precision) and F1-score.
These metrics constitute a robust evaluation framework
where: (1) completeness measures the model’s ability
to identify all relevant troughs, (2) purity quantifies the
correctness of detected troughs, and (3) the Fl-score
balances these complementary aspects. The metrics are
formally defined as:

TP

1 =
Completeness TP T PN’

TP

Purity = TP+ FP’ (4)

Purity x Completeness

Fl-score = 2 x ,
Purity + Completeness

where, TP (true positive) represents the number of
BAL troughs that are correctly detected by the model,
FP (false positive) represents the number of non-BAL
troughs that are incorrectly detected as BAL troughs by
the model, and FN (false negative) represents the num-
ber of actual BAL troughs that are not detected by the
model.

Furthermore, to fully evaluate the performance of
BALNet in different decision thresholds, we employ the
area under the precision-recall curve (AU-PRC) as a
complementary evaluation metric. AU-PRC is calcu-
lated by integrating the area bounded by the precision-
recall (PR) curve and the axes, providing a comprehen-
sive measure of the model’s performance stability under
varying threshold configurations. This metric ranges
from [0,1], where 1 represents ideal performance and
0.5 corresponds to random guessing. A higher AU-PRC
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value indicates that the model maintains high precision
while simultaneously achieving high recall, confirming
the superior overall detection capability.

To evaluate the performance of our model in estimat-
ing BAL velocity parameters based on location measure-
ments, we used the label values of the simulated data as
a benchmark and systematically compared the velocity
parameters predicted by the model BALNet with these
true values. To comprehensively quantify the measure-
ment quality, we employed three metrics: the fraction
of catastrophic outliers (f,u¢), the normalized median
absolute deviation (onmap), and the bias in the BAL
velocity parameter measurements (bias) to assess the
quality of the model’s velocity parameter measurements
(G. B. Brammer et al. 2008; Z. Luo et al. 2024a; Z. Luo
et al. 2024b).

Among these metrics, f,,; measures the proportion of
predictions that fall outside an acceptable error range,
indicating potential significant deviations from true val-
ues. A velocity parameter estimate is considered a catas-
trophic outlier if it meets the following condition:

|Av|
2 S 0.5, 5
1+ |'Utrue| ( )
where
Av = Upred — Utrue, (6)

Vgrue 18 the reference velocity used as the ”ground truth”
benchmark, and vpreqa is the velocity parameter pre-
dicted by the model, both in units of 1000 km/s. oxnmaD
quantifies the dispersion of predicted velocity values rel-
ative to ground truth, serving as a robust measure of
estimation precision. It is defined as:

). @

The bias assesses whether there is a systematic tendency
for the model to overestimate or underestimate the ve-
locity parameters relative to the truth, and it is typically
calculated using the following formula:

Av ) @

1 + |vtrue|

Av — median(Av)
1 + |’Utrue‘

ONMAD = 1.48 x median (‘

bias = median <

4.2. BAL Trough Detection

As can be seen from the architecture of the BALNet
(Figure 4), for each quasar spectrum, the model out-
puts a 387-dimensional probability vector. Therefore,
we can identify BAL troughs in quasar spectra by setting
an appropriate threshold (PIXEL_PROB). Although a
higher threshold can improve the purity of identifica-
tion, this is often at the expense of completeness. To
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Figure 5. Precision-recall (PR) curves for the training set
(orange) and the testing set (green). The brown point marks
the probability threshold at which the model achieves its op-
timal performance (Best F1-score, PIXEL_PROB=0.3). The
AU-PRC serves as a quantitative measure of the model’s per-
formance.

obtain the optimal value of PIXEL_PROB, we analyzed
the PR curves of the model on the training and test sets
and calculated the AU-PRC values. As shown in Fig-
ure 5, the AU-PRC values reached 0.92. This near-ideal
performance (where 1.00 indicates perfect model per-
formance), along with the close alignment between the
training and testing PR curves, confirms that our model
has good generalization ability and has not overfitted.
Considering the balance between precision and recall,
we ultimately determined the optimal pixel probability
threshold to be 0.3 based on the Fl-score.

At this threshold, our trained model achieved a BAL
trough identification accuracy of 90.7% on the testing
set. Table 1 summarizes the detailed performance met-
rics of the model on both the training and testing sets,
including completeness, purity, and Fl-score. As shown
in the table, the BALNet model performs consistently
well across both datasets, achieving a completeness of
around 83%, a purity of approximately 91%, and an
Fl-score of about 87%. These results demonstrate the
model’s robustness and effectiveness in detecting BAL
troughs in quasar spectra. Figure 6 presents represen-
tative examples in which the trained model successfully
identifies spectra containing zero, one, or multiple BAL
troughs.

The presence of BAL troughs in quasar spectra serves
as a key diagnostic for identifying BAL quasars. Ac-
cordingly, our model can be applied to spectral data to
classify sources as BAL or non-BAL quasars. Evaluation
on the testing set shows that the model achieves a com-
pleteness of 90.8% and a purity of 94.4% in BAL quasar
classification. These results indicate that the model ef-
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Table 1. Evaluation metrics of BAL trough detection by BALNet, using the optimal PIXEL_PROB threshold of 0.3.

Completeness (%)

Purity (%) Fl-score (%) AU-PRC

Train 83.1 90.5 86.6 0.92
Test 83.0 90.7 86.7 0.92
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Figure 6. Examples from the test set and corresponding model predictions. In each panel, the top row displays the ground-truth
label vectors in red and the model-predicted probabilities in green, scaled between 0 and 1. The bottom row shows the simulated
spectra in black and their corresponding non-BAL quasar background spectra in blue; the difference between the two reveals

the BAL troughs embedded within the simulated spectra.

fectively detects the majority of true BAL quasars while
maintaining a very low false-positive rate, demonstrat-
ing its robustness and reliability in distinguishing BAL
quasars from general quasar populations.

4.3. BAL Trough Velocity Measurements

Based on the output vector of the BALNet model, each
element corresponds to a specific position in the input
spectrum. This positional correspondence enables the
determination of both the location and the width of BAL
troughs in quasar spectra, from which three key veloc-
ity parameters are extracted: Vi,ax and Viin, and Vie.
Specifically, Vijax and Vipin denote the maximum (blue-
ward) and minimum (redward) velocities of the BAL
trough, respectively, while V. represents its average ve-
locity. These parameters quantify the kinematic proper-
ties of BAL outflows and serve as important diagnostics

of quasar physical conditions, such as the dynamics and
geometry of the outflowing material.

Figure 7 presents the comparison between the pre-
dicted and ”ground-truth” label values of the velocity
parameters on the testing set. As shown, the predicted
values closely track the overall trend of the label val-
ues, indicating that the model effectively captures the
kinematic properties of BAL troughs. Quantitatively,
the fraction of catastrophic outliers (fout) dose not ex-
ceed approximately 9.0%, suggesting that while a small
number of outliers exist, the model maintains high pre-
dictive accuracy overall. Furthermore, the normalized
median absolute deviation (onmap) is below 0.03, and
the systematic bias in the measurement of the velocity
(bias) is less than 1075, further validating the robust-
ness and high reliability of the model in the predicting
of the velocity parameters.
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Figure 7. Comparison between the “ground-truth” labels and the predicted BAL velocity parameters from simulated spectra.
Model performance is assessed using three metrics: the fraction of catastrophic outliers (fout), the normalized median absolute
deviation (onmap), and the systematic velocity bias (bias). The solid line indicates perfect agreement between predicted and
label values, while the dashed lines mark the 40.15 threshold set by the spectral resolution; data points lying outside this range
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Table 2. Comparing the completeness and purity of BALNet with previous works in BAL quasar classification. Note that
different studies employ distinct datasets and labeling strategies.

Model Completeness (%) Purity (%) Train: Test Data Reference
BALNet (CNN + Bi-LSTM) 90.8 94.4 8:2 Mock data this work
QuasarNet (CNN) 98.0 77.0 8:2 DR12 N. Busca & C. Balland (2018)
PCA-echenced CNN 97.4 40.0 9:1 DR12 Z. Guo & P. Martini (2019)
FNet II (ResNet + CNN) 99.0 - 9:1 DR16/DR17 R. Moradi et al. (2024)
PCA + XGBoost 97.7 96.2 9:1 DR16 W. Kao et al. (2024)

4.4. Compare With Other Works

In previous studies (see Table 2), QuasarNet (N.
Busca & C. Balland 2018) and FNet II (R.Moradiet al.
2024) have been proposed as four-class classifiers de-
signed to distinguish stars, galaxies, quasars, and BAL
quasars. These models fundamentally rely on the BAL
flags provided in the SDSS catalog to label training
samples and evaluate performance by comparing pre-
dictions against these flags. However, known inaccura-
cies in the BAL flags in SDSS, combined with signifi-
cant class imbalance—BAL quasars being far less nu-
merous than other object types—may compromise the
validity of the resulting performance metrics. For these
reasons, although QuasarNet achieves a high complete-
ness of 98.0%, its relatively low purity of 77.0% reflects
a significant false positive rate, likely caused by the
scarcity of BAL training examples. Meanwhile, W. Kao
et al. (2024) found that among various dimensionality-
reduction methods and machine-learning classifiers, the
combination of PCA and the XGBoost classifier repre-
sents the pinnacle of efficacy in the BAL quasar clas-
sification task, boasting impressive accuracy rates of
97.60% by 10-fold cross-validation and 96.92% on the

external testing set. To improve label accuracy, Z. Guo
& P. Martini (2019) refined their labels through multiple
iterations involving training, prediction, and visual re-
inspection of ambiguous cases. Their PCA-based CNN
method achieves completeness comparable to that of N.
Busca & C. Balland (2018), while effectively captur-
ing narrower absorption troughs with widths less than
2000 km/s, as well as troughs extending to the center of
the C IV emission line.

In contrast, BALNet exhibits a more balanced perfor-
mance, achieving a completeness of 90.8% and a purity
of 94.4%, which demonstrates its robustness in distin-
guishing BAL quasars from non-BAL quasars in mock
data. The remarkable performance of BALNet can be
attributed to its innovative architecture, which clev-
erly integrates 1D-CNN and Bi-LSTM networks. The
1D-CNN specializes in extracting local spectral features
such as absorption troughs and continuum variations,
whereas the Bi-LSTM effectively captures global spec-
tral patterns by modeling long-range dependencies. This
dual feature extraction strategy not only enhances fea-
ture robustness but also significantly improves the ac-
curacy of BAL trough detection. More importantly, un-
like general-purpose classifiers like QuasarNet and FNet
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Figure 8. Velocity and width distributions of all BAL troughs (blue) identified by BALNet in the SDSS DR16Q spectra. The
red curves highlight the BAL troughs corresponding to newly identified BAL quasars that are absent from the SDSS DR16Q

catalog.

II, BALNet is explicitly designed for BAL trough detec-
tion—a specialized design that is crucial to its superior
purity. Nevertheless, it is important to emphasize that
the completeness and purity metrics reported in Table
2 reflect only the model’s performance on the training
dataset, and the quality of the labels in the training data
directly determines the model’s generalizability to real
observational data. In this work, the BAL troughs and
unabsorbed wavelength regions in the datasets used for
BALNet training and testing are precisely labeled.

5. APPLICATION TO DR16Q

As demonstrated in the evaluation using the mock
dataset, BALNet exhibits excellent performance in both
BAL trough detection and velocity parameter estima-
tion. To further assess its practical effectiveness, we ap-
plied the trained model to the quasar spectral data re-
leased by the SDSS DR16Q. The trained BALNet model
(with the optimal probability threshold PIXEL_PROB
= 0.3) was applied to a total of 446,839 quasar spec-
tra from the SDSS DR16Q dataset within the redshift
range of 1.5 < z < 5.7. All spectra were preprocessed
by performing linear interpolation to 1165 uniformly
spaced sampling points within the wavelength range
[1300, 1700] A, followed by three-point moving average
smoothing, to ensure consistency with the format of the
simulated training set.

A total of 117,626 BAL troughs have been identi-
fied by BALNet in 91,164 quasars, indicating that 20.4%
of the sources in the SDSS DR16Q sample are classi-
fied as BAL quasars. The velocity and width distri-
butions of these BAL troughs are shown in Figure 8.
As shown, our search covers a velocity range from
blueshifts of 29,000 km/s to redshifts of 10,000 km/s,
which is significantly broader than the velocity ranges
typically explored in previous studies, where the focus
was generally on blueshifts between 25,000 km/s and
3,000 km/s or up to 0 km/s. As a result, our sample

includes a more diverse set of BAL troughs, compris-
ing both high-velocity blueshifted and redshifted BAL
troughs. For example, we identify 3,379 high-velocity
blueshifted BAL troughs with mean velocities (Vaye) ex-
ceeding 25,000 km/s, as well as 10,370 redshifted BAL
troughs with Voye > 0 km/s.

According to the SDSS DR16Q catalog, B. W. Lyke
et al. (2020) identified a total of 99,856 BAL quasars
with BAL_PROB > 0.75. These objects can be catego-
rized into two distinct groups based on their C IV BAL
properties: (1) 23,994 quasars with BI.CIV > 0, and (2)
75,702 quasars with BI.CIV = 0 and AI_.CIV > 0. The
former group serves as the parent sample from which
we extract C IV BAL troughs, as described in Sec-
tion 2.1. Each trough in the spectra of these sources
is precisely measured using the pair-matching method.
Among these BAL quasars, BALNet successfully recov-
ered 98.3% of the sources. Of the 412 missed cases, the
pair-matching method determined that 153 objects do
not exhibit any BAL features, implying that the true
missing rate of BALNet is only 1.1%. For the latter,
comparison with the BALNet catalog reveals that 33,243
sources — accounting for 43.9% of the total — were
rejected. According to the definitions of BI_CIV and
AI_CIV in B. W. Lyke et al. (2020), these sources exhibit
absorption troughs confined to the blueshifted velocity
range of 0 - 3,000 km/s. This suggests that BALNet may
still have limitations in detecting BAL troughs at low ve-
locities, particularly those overlapping the C IV emission
line. In addition, BALNet also newly identified 25,123
BAL quasars. The velocity and width distributions of
their BAL troughs are shown as red curves in Figure 8.
As illustrated, the newly detected BAL troughs are rel-
atively uniformly distributed in velocity space, while
the majority (77.8%) have widths (Vinin — Vinax) below
2,000 km/s.
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Figure 9. Composite spectra of different BAL quasar sub-
samples. The black and green curves represent the BAL
quasars in SDSS DR16Q that are recovered and rejected by
BALNet, respectively. The orange curves show a sequence of
composite spectra for the BAL quasars newly identified by
BALNet.

To further assess the reliability of BAL quasar iden-
tification, Figure 9 compares the composite spectra of
the aforementioned BAL quasar subsamples. The black
curve represents the composite spectrum of 66,041 BAL
quasars identified by both BALNet and SDSS DR16Q),
displaying prominent BAL troughs. In contrast, the
green curve — corresponding to 33,655 BAL quasars
classified by SDSS DR16Q but rejected by BALNet —
shows only an extremely weak absorption feature on the
blue wing of the C IV emission line. Given the relatively
uniform velocity distribution of the newly detected BAL
troughs by BALNet, we construct a series of composite
spectra for thses BAL quasars with different average ve-
locities (Vaye), using velocity bins of 3,000 km/s. These
are shown in orange. As shown, BAL troughs appear
sequentially in the composite spectra from high to low
velocities, transitioning from blueshifted to redshifted
regions. This clearly confirms that the newly detected
features are real and significantly more prominent than
those in the BALNet-rejected sample, affirming their na-
ture as genuine BAL troughs in the observed spectra.
Figure 10 shows spectra randomly selected from these
newly identified BAL quasars, which exhibit clearly sig-
nificant BAL troughs.

13

Although the composite spectra have revealed that
the rejected BAL quasars display only weak absorp-
tion features on the blue wing of the C IV emission
line, while the newly identified sources exhibit promi-
nent BAL troughs — demonstrating the robustness and
reliability of the BALNet method — we still aim to fur-
ther evaluate potential selection biases inherent in this
approach. As described in Section 2.1, we identified a
total of 47,267 BAL troughs and constructed the BAL
pattern library. In Figure 11, we compare the veloc-
ity and width distributions of the troughs recovered by
BALNet with those that were missed. It is clear that the
missed troughs are not uniformly distributed in veloc-
ity space. A disproportionately large fraction of them
occur within the velocity range dominated by the C IV
emission line and near the extreme high-velocity end
close to the measurement limits. This suggests that,
when generating mock datasets, it may be necessary
to increase the number of targets in these specific ve-
locity regions to ensure sufficient sampling. Moreover,
the missed troughs generally exhibit weaker absorption
strengths (AI) and narrower widths, with approximately
90% having widths below 2,000 km/s, and nearly half of
them narrower than 1,200 km/s. In addition, the spectra
of these missed absorption troughs generally have lower
spectral quality, with 55% of them exhibiting a signal-to-
noise ratio below 3.0. During detection processing, we
applied a three-point moving average smoothing to the
original spectra, and to reduce computational costs, the
size of the probability vector labels was also compressed
when generating the training data. These compromises
reduced the effective velocity resolution, causing some
narrow troughs to fall below the detection threshold and
be discarded. Additionally, the spectral signal-to-noise
ratio also partially affects the detection results.

6. SUMMARY

In this study, we develop BALNet, an innovative deep
learning framework that integrates a 1D-CNN and Bi-
LSTM networks to automatically detect C IV BAL
troughs in quasar spectra. Unlike conventional ap-
proaches that are typically limited to BAL quasar
classification, BALNet not only identifies BAL quasars
but also directly measures the velocities of their BAL
troughs. To ensure robust training and evaluation, we
constructed a more comprehensive simulated dataset by
combining non-BAL quasar spectra and BAL troughs,
both meticulously derived from the SDSS DR16Q data.
Quantitative evaluations demonstrate the excellent per-
formance of BALNet on the testing set, achieving a com-
pleteness of 83.0% and a purity of 90.7% in BAL trough
detection (F1-score = 86.7%), as well as 90.8% complete-



14

10|pPec-8410757481-0450 155pec-4832-55680-0586
8 ’\ 10}
E 6
2 L
0]+ ) . . Ok . . A
1300 1400 1500 1600 1700 1300 1400 1500 1600 1700
Restframe Wavelength (A) Restframe Wavelength (A)
spec-4747-55652-0429 spec-6706-56385-0688
30r 20t

Ok

00 1400 1500 1600 17
Restframe Wavelength (A)

juny
we

00 1300

1400 1500 1600 1700
Restframe Wavelength (A)

20 spec-5347-56008-0664

spe¢-8213-58487-0140
301

201

10t

1400 1500 1600
Restframe Wavelength (A)

0
1300

0k
1700 1300

1400 1500 1600 1700

Restframe Wavelength (A)

Figure 10. Examples of newly identified BAL quasars. Each panel displays the observed spectrum in black, with the BAL
troughs detected by BALNet highlighted in gray-shaded regions; the last panel features a redshifted absorption trough.

ness and 94.4% purity in BAL quasar identification. The
velocity measurements of the detected BAL troughs ex-
hibit strong consistency with the ground-truth labels,
confirming both the accuracy and reliability of BALNet.

Applied to 446,839 quasar spectra within the red-
shift range of 1.5 < z < 5.7 from the SDSS DR16Q),
BALNet identifies 91,164 BAL quasars, accounting for
20.4% of the sample and providing more comprehen-
sive BAL trough coverage (8.8% are redshifted BAL sys-
tems). Compared to the DR16Q-classified BAL quasars
(BAL_.PROB > 0.75), BALNet demonstrates excellent
recovery performance, achieving a rate of 98.3% for
sources with BI_.CIV > 0, but only 56.1% for those with
BI_CIV = 0 and AI_CIV > 0. These results suggest that
while the model is highly effective and comparable to
existing automated methods in identifying BAL quasars
overall, significant discrepancies persist for sources with
weak and narrow BAL troughs. Such troughs are partic-
ularly sensitive to spectral preprocessing (e.g., interpola-
tion and smoothing) and to spectral resolution (e.g., the
compression of the probability vector labels). In future

work, targeted improvements in these two aspects are
expected to significantly enhance the detection of nar-
row and weak absorption. Furthermore, BALNet newly
identified 25,123 BAL quasars, whose composite spectra
exhibit prominent absorption troughs, further validating
the model’s capability to detect previously unrecognized
BAL features.

This sample can be used to systematic investigate the
cosmic evolutions of BAL properties (e.g., M. Bischetti
et al. 2022; M. Bischetti et al. 2023), as traced by C IV
BAL troughs, as well as the dependence of the BAL
fraction with quasar nuclear properties (e.g., continuum
slope, luminosity, black hole mass and accretion rate)
(e.g., J. R. Trump et al. 2006; R. Ganguly et al. 2007;
S. Zhang et al. 2014). In addition, a subset comprising
20.7% of our sample with at least two-epoch observa-
tions provides a valuable opportunity to investigate the
BAL trough variability (e.g., N. Filiz Ak et al. 2013;
S. Zhang et al. 2015; Z. He et al. 2017). Monitoring
changes in their strength, equivalent width, and veloc-
ity structure enables probing of the physical mechanisms
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Figure 11. Comparison between BAL troughs recovered (blue) and those missed (red) by BALNet in the BAL pattern library.
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governing outflows, such as acceleration, deceleration, or
transverse motion. Notably, redshifted BAL troughs ac-
count for up to 8.8% of all BAL troughs (10.9% of the
sources), representing the first large-scale, systematic
survey specifically targeting these rare features. Pre-
vious studies indicate that these redshifted BALs may
originate either from rotating outflows close to the cen-
tral black hole or from infalling (i.e., accreting) gas (e.g.,
P. B. Hall et al. 2013; X. Shi et al. 2016b; H. Zhou
et al. 2019; G. Li et al. 2021), thus providing impor-
tant clues to the gas kinematics near AGNs. Therefore,
these systems offer valuable diagnostics for investigating
black hole accretion processes. A comprehensive multi-
wavelength analysis of BAL troughs—including Balmer
lines as well as metastable He I and optical Fe II and
Mg II in both optical and NIR bands—will be crucial
for revealing the microphysical mechanisms that regu-
late black hole feeding.

In conclusion, the BALNet framework represents a sig-
nificant advancement in BAL quasar research. It si-
multaneously identifies BAL quasars and measures their
BAL troughs, while enhancing the efficiency of fitting
unabsorbed spectra by leveraging the predicted proper-
ties of BAL troughs. Additionally, BALNet can select
troughs with varying confidence levels by setting dif-
ferent PIXEL_PROB thresholds, thereby providing ro-
bust support for specific investigations. With its demon-
strated reliability in BAL trough detection and charac-

terization, BALNet provides astronomers with a powerful
tool for analyzing large quasar spectral datasets from
current and future surveys.
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