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ABSTRACT

Little Red Dots (LRDs) are a population of compact, red sources discovered at high redshift with

JWST that exhibit distinctive V-shaped spectral energy distributions (SEDs). Existing LRD samples

are typically identified using a variety of color-based selection criteria, which can lead to differences in

the populations recovered by different studies. We develop a cross-modal machine-learning framework

that combines matched NIRCam imaging and NIRSpec/PRISM spectroscopy to transfer spectroscopic

information into imaging-based representations, enabling LRD identification from JWST/NIRCam

imaging alone. Applied to spectroscopically observed high-redshift galaxies previously classified as

non-LRDs, our model identifies 35 new LRD candidates. The majority satisfy at least one independent

LRD color selection criterion, and among the 13 candidates with medium- or high-resolution NIRSpec

grating spectra, 10 exhibit broad Hα emission—a hallmark of LRDs. We further apply the classifier to

public NIRCam imaging from the Dawn JWST Archive and two independent JWST surveys, yielding

357 and 23 additional LRD candidates, respectively. The candidates recovered by our method span a

broader range of observed SED properties than those in existing samples, suggesting that current color-

selected samples may not fully capture the diversity of LRD-like systems present in JWST surveys. Our

findings highlight the value of spectroscopy-informed photometric classification as a powerful strategy

for systematically mining large-area JWST imaging datasets and provide a practical framework for

future studies of this emerging population.

Keywords: Active galactic nuclei (16) — High-redshift galaxies (734) — James Webb Space Telescope

(2291) — Convolutional neural networks (1938)

1. INTRODUCTION

The James Webb Space Telescope (JWST) has re-

vealed a previously unknown population of compact red

sources at high redshift known as little red dots (LRDs;

Matthee et al. 2024). LRDs are characterized by dis-

tinctive V-shaped spectral energy distributions (SEDs),

with blue rest-frame ultraviolet continua and much red-

der optical-to-near-infrared emission. They are also ex-

tremely compact and often exhibit broad Balmer emis-
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sion lines (Greene et al. 2024; Matthee et al. 2024; Hvid-

ing et al. 2025). Since their discovery, hundreds of LRDs

have been reported across multiple JWST surveys span-

ning redshifts z ∼ 3–10 (Kokorev et al. 2024; Barro et al.

2024; Kocevski et al. 2025; Labbe et al. 2025; Hviding

et al. 2025; de Graaff et al. 2025a; Barro et al. 2026).

Their unexpectedly large abundance has attracted con-

siderable attention: measured comoving number densi-

ties reach Φ ∼ 10−5–10−4, cMpc−3 at z > 4 (Kokorev

et al. 2024; Matthee et al. 2024; Kocevski et al. 2025;

Akins et al. 2025; Rinaldi et al. 2026). Such high number

densities are difficult to reconcile with current models of

early black-hole and galaxy growth, making LRDs one

of the most intriguing populations discovered by JWST.

The physical nature of LRDs remains actively de-

bated. Their compact morphologies, broad Balmer
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emission lines with exponential profiles, V-shaped SEDs,

and prominent Balmer breaks are widely interpreted

as signatures of accreting supermassive black holes em-

bedded within dense gaseous environments, where the

dense gas reprocess the intrinsic nuclear emission into

the observed red continuum (Inayoshi & Maiolino 2025;

Inayoshi & Ho 2025; Naidu et al. 2025; Pacucci &

Loeb 2025; Rusakov et al. 2026; Sneppen et al. 2026;

Chen et al. 2026a; Sun et al. 2026; Begelman & Dex-

ter 2026). About half of the LRD population shows

no evident absorption features in their broad lines and

a weak Balmer break, suggesting that the dense gas

surrounding the black holes is anisotropic (e.g., Davis

et al. 2026; Matthee et al. 2026). Furthermore, re-

cent observations have identified a population of lit-

tle blue dots (LBDs) that share many similarities with

LRDs—including broad emission lines and compact

morphologies—but exhibit blue rest-frame UV continua

instead of red ones (e.g., Brazzini et al. 2025, 2026).

This dichotomy suggests that orientation effects may

play an important role in shaping the observed proper-

ties of these sources. Zhang et al. (2026b) proposed that

the infrared emission of LRDs may originate from the

dense gas in outer gravitationally unstable regions of the

accretion disk (Chen et al. 2026b; Zwick et al. 2026), and

the absorbing gas could be supplied by the accretion flow

itself or associated winds. Beyond possible special nu-

clear physics, the host galaxies and large-scale environ-

ments of LRDs may also be distinctive. Pacucci & Loeb

(2025) proposed that low-spin dark matter halos can

naturally explain the abundance, compactness, and red-

shift evolution of the observed LRD population. Zhang

et al. (2026a) found that LRDs predominantly reside in

under-dense regions and their dark matter halo masses

grow rapidly from ∼ 1010M⊙ at z ∼ 7 to ∼ 1011.3M⊙
at z ∼ 3, which roughly approach the halo masses of

typical galaxies at lower redshifts though still substan-

tially lower than that of luminous quasars estimated

from wide-field clustering analyses (Meng et al. 2026).

This environmental and halo-mass evolution may pro-

vide a key link between the small-scale black-hole accre-

tion physics and the large-scale structure formation, yet

the detailed connection remains unclear.

Despite the rapidly increasing number of known

LRDs, their classification remains strongly dependent

on the adopted selection strategy, with color–color cuts

being widely employed (e.g., Kokorev et al. 2024; Akins

et al. 2025; Barro et al. 2026; Rinaldi et al. 2026). It

should be noted that different thresholds will evidently

affect sample completeness. Strict color selections can

achieve high purity but preferentially identify the red-

dest and often optically brightest systems, potentially

missing less extreme members of the population (e.g.,

Rinaldi et al. 2026). Spectroscopic identification pro-

vides the most direct approach since the characteristic

V-shaped continuum and broad emission-line features

of LRDs can be identified from their rest-frame optical

spectra (Hviding et al. 2025; de Graaff et al. 2025a).

However, spectroscopic samples remain limited in size

and are themselves subject to selection effects arising

from target selection and observational strategies, which

may bias the inferred properties of the spectroscopic

LRD population (Ginolfi et al. 2026).

The diversity of LRD SEDs, combined with the strong

selection dependence of existing samples, motivates the

development of new approaches capable of recovering a

more complete and representative population of LRDs.

Machine learning has become an essential tool in ob-

servational astronomy (e.g., Dieleman et al. 2015; Pas-

quet et al. 2019; Walmsley et al. 2022; Ye et al. 2024;

Zhang et al. 2025). Recent studies have shown its poten-

tial for LRD identification; Ginolfi et al. (2026) demon-

strated that spectroscopically confirmed LRDs occupy

coherent regions in a multidimensional photometric fea-

ture space, enabling the discovery of additional can-

didates without predefined color cuts. Existing data-

driven approaches to LRD identification have primarily

relied on catalog-level photometric and morphological

measurements. While such methods have proven effec-

tive for candidate selection, they necessarily compress

each source into a small set of summary quantities and

do not fully exploit the information content of JWST

observations. Pixel-level NIRCam images retain spa-

tial structure, morphology, and surface-brightness dis-

tributions, while NIRSpec spectra encode wavelength-

resolved continuum shapes and emission-line properties

that are central to the identification of LRDs. Features

such as the characteristic V-shaped continuum, Balmer

break, and broad Hα emission are only partially cap-

tured by broadband photometry and may be diluted or

lost when each filter is represented by a single integrated

flux (Merz et al. 2026). As a result, the complementary

information contained in imaging and spectroscopy re-

mains largely underutilized in current LRD searches.

In this work, we develop a cross-modal learning frame-

work that leverages both JWST/NIRCam imaging and

NIRSpec/PRISM spectroscopy during training. By

aligning image and spectral representations through a

contrastive-learning objective, the model transfers spec-

troscopic information into the image embedding space,

encouraging the image encoder to learn features associ-

ated with the physical characteristics of LRDs. Once

trained, the classifier requires only NIRCam imaging

in up to seven bands and can therefore be applied effi-



3

ciently to the much larger population of sources lacking

spectroscopy or reliable photometric redshifts. This ap-

proach combines the diagnostic power of spectroscopy

with the scalability of imaging surveys, providing a

new pathway for constructing more complete and ho-

mogeneous samples of LRD candidates. We then apply

the classifier to NIRCam imaging data from the Dawn

JWST Archive (DJA, Heintz et al. 2024a; de Graaff et al.

2025b) to construct a consistently selected catalog of

new LRD candidates across a wide range of JWST fields.

Finally, we apply the same classification model to imag-

ing data from two independent surveys not used during

training—the Slitless Areal Pure-Parallel High-Redshift

Emission Survey (SAPPHIRES; Sun et al. 2025) and the

Bias-free Extragalactic Analysis for Cosmic Origins with

NIRCam survey (BEACON; Morishita et al. 2025)—to

identify LRD candidates in these new survey environ-

ments, thereby illustrating the applicability of the selec-

tion pipeline to additional surveys beyond the original

training sample.

The paper is organized as follows. In Sections 2 and

3, we describe the training sample and the observational

data used in this work. In Section 4, we present the net-

work architecture and training procedure. In Section 5,

we evaluate the classifier performance and present the

resulting LRD candidate samples. In Section 6, we

present the various properties of the newly identified

LRDs and discuss the possible limitations. Finally, in

Section 7, we summarize our main results.

2. TRAINING CATALOG

2.1. Little Red Dots

We construct the LRD sample from compilations of

JWST/NIRSpec-confirmed LRDs reported by de Graaff

et al. (2025a), Hviding et al. (2025), and Zhang et al.

(2026b). Although the selection criteria are not the

same in these studies, all sources have spectroscopic ev-

idence supporting their LRD classification. We visu-

ally inspect the spectra/images for the above LRDs, and

reclassify eight ambiguous sources with extended mor-

phologies or SEDs inconsistent with our adopted LRD

definition. After requiring matched NIRCam imaging,

a PRISM spectrum, and at least four valid filters, the

final positive sample contains 127 spectroscopically con-

firmed LRDs.

To reduce potential contamination in the negative

training sample, we compile a masking catalog of pho-

tometrically selected LRD candidates from Kocevski

et al. (2025), Kokorev et al. (2024), Barro et al. (2024),

Pérez-González et al. (2024), Labbe et al. (2025), Zhang

et al. (2026d), and Barro et al. (2026). Because these

candidates lack spectroscopic confirmation and are se-

lected using heterogeneous criteria, they are not used as

positive training examples. Instead, we exclude these

sources from the high-redshift galaxy sample in Sec-

tion 2.2 used to construct negative examples, which

can reduce the risk that genuine LRDs are mistakenly

treated as negative samples.

2.2. Non-LRD High-redshift Galaxy

We construct the non-LRD high-redshift galaxy sam-

ple from the DJA spectroscopic redshift catalog (Heintz

et al. 2024a; de Graaff et al. 2025b). Sources are selected

to satisfy zspec > 3, a spectroscopic quality flag of 3,

and NIRSpec PRISM/CLEAR observations. This selec-

tion yields a comparison sample of high-redshift galaxies

spanning a broad range of redshifts and galaxy proper-

ties.

To minimize contamination from potential LRDs, we

remove the LRD candidate catalogs as described in Sec-

tion 2.1. After removing duplicate observations and re-

quiring sufficient NIRCam coverage (Nfilter ≥ 4), the fi-

nal non-LRD high-redshift galaxy sample contains 6,702

spectroscopically confirmed sources and is used as the

negative class. The sample has a median redshift of z =

4.3, with more than 90% of the sources at z = 3.0− 7.5.

Its median F444W magnitude is 27.4 AB, with more

than 90% spanning 24.5–29.5 AB mag.

2.3. High-redshift Quiescent Galaxy

High-redshift quiescent and recently dormant galax-

ies constitute an important hard-negative population,

as their compact morphologies and prominent Balmer

or 4000 Å breaks can mimic the red optical continua

characteristic of LRDs. To assemble this subset, we

draw from published high-redshift quiescent galaxy sam-

ples (Ito et al. 2026; Baker et al. 2025; Zhang et al.

2026c), and supplement these by screening the remain-

ing PRISM comparison spectra for objects exhibiting a

significant Balmer break alongside weak Hα emission,

following the empirical diagnostics of Covelo-Paz et al.

(2026). This process yields a total of 188 sources. Dur-

ing the training process as described below, we assign

the quiescent galaxy sample a weight three times higher

than that of the normal negative sample. This weighting

scheme is motivated by the comparatively small size of

the quiescent sample and the strong similarity of its red

optical continuum SED to that of LRDs, which makes

it a critically informative hard-negative population that

warrants enhanced emphasis during model training.

2.4. Brown Dwarf

Brown dwarfs (BDs) are a well-known contaminant of

color-selected LRD samples because their near-infrared
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SEDs can mimic red-color criteria of LRDs (Langeroodi

& Hjorth 2023). We therefore construct the BD sam-

ple using two complementary components: spectro-

scopically confirmed objects observed with JWST and

forward-modeled synthetic observations.

The observational component consists of spectroscopi-

cally confirmed BDs compiled from Langeroodi & Hjorth

(2023); Tu et al. (2025a,b). By cross-matching these

catalogs with publicly available NIRSpec/PRISM ob-

servations in the DJA, we identify 14 sources with us-

able spectra. Because the number of observed JWST

BDs remains limited, we augment the sample with 700

synthetic observations generated from BT-Settl stellar-

atmosphere models (Allard et al. 2012). The simula-

tions cover effective temperatures of 500–2400 K, surface

gravities of log g = 4.5–5.5, and solar metallicity.

We generate the synthetic observations by for-

ward modeling the BT-Settl spectra through the

JWST/NIRSpec/PRISM and NIRCam response func-

tions. To accurately reproduce the spatial characteris-

tics of the data, the spectra are used to generate images

that include a convolution with a point spread function

(PSF). Finally, the simulation is completed by adding

a realistic background emission, mirroring the sky and

instrumental backgrounds that will be presented in the

science frames, ensuring the synthetic data are a robust

testbed for data analysis and interpretation.

3. DATA

3.1. NIRCam Imaging Data

We use multi-band JWST/NIRCam imaging cutouts

retrieved from the Dawn JWST Archive (DJA) with the

grizli pipeline. To provide a uniform input representa-

tion for the image encoder, we extract fixed-size 32× 32

pixel cutouts for all sources. At the adopted pixel scale

of 0.′′05 pixel−1, each cutout corresponds to a field of

view of 1.′′6×1.′′6 centered on the catalog position of the

source.

The image input consists of seven NIRCam filters:

F115W, F150W, and F200W from the short-wavelength

channels, and F277W, F356W, F410M, and F444W

from the long-wavelength channels. These bands pro-

vide continuous wavelength coverage from approxi-

mately 1–5µm and are among the most commonly avail-

able NIRCam observations in extragalactic JWST pro-

grams. For filters lacking available observations, the

corresponding channels are zero-padded. Sources with

fewer than four valid NIRCam bands are excluded from

the analysis.

3.2. NIRSpec Spectroscopic Data

The spectra are retrieved from the Dawn JWST

Archive in the grizli-reduced Spec1D format (Heintz

et al. 2024b; de Graaff et al. 2025b). The NIRSpec

PRISM/CLEAR observations provide continuous wave-

length coverage from 0.54 to 5.52, µm, enabling simulta-

neous measurements of rest-frame ultraviolet and op-

tical continuum features over a broad redshift range.

This wavelength coverage encompasses many of the key

spectral signatures associated with LRDs, including the

characteristic V-shaped continuum, Balmer-break fea-

tures, and prominent emission lines such as Hα.

4. DEEP-LEARNING MODEL

Identifying LRDs in large JWST imaging surveys is

challenging because they are rare, and their most diag-

nostic features—including broad Balmer emission lines

and the V-shaped UV-to-optical SED—are encoded pri-

marily in spectroscopic data. In our spectroscopic train-

ing sample, LRDs account for only 1.8% of sources,

creating a severe class imbalance for standard classi-

fiers. Although a supervised convolutional neural net-

work (CNN) trained on imaging alone can identify LRD

candidates with reasonable performance, cross-modal

contrastive learning provides a means of incorporat-

ing complementary information from images and spec-

tra into learned representations. AstroCLIP (Parker

et al. 2024) demonstrates the potential of this approach,

outperforming a state-of-the-art self-supervised image-

only model in morphology classification, with higher re-

call, and achieving approximately twice the performance

in photometric-redshift estimation and galaxy-property

prediction, as measured by the coefficient of determi-

nation (R2). These results highlight the potential of

cross-modal learning to improve the utility of image

representations for downstream tasks while preserving

modality-specific information. Motivated by these find-

ings, we develop a two-phase framework that first aligns

paired NIRCam images and NIRSpec spectra through

contrastive learning without using class labels, and then

trains an LRD classifier on the learned image represen-

tations. This strategy incorporates spectroscopic infor-

mation during training while requiring only NIRCam

imaging at inference (Figure 1).

The framework comprises an image encoder fimg, a

spectrum encoder fspec, and a binary classification head

g. During Phase 1, paired images and spectra are

aligned via a cross-modal contrastive objective, whereby

spectroscopic information is transferred into the image

representation. During Phase 2, the encoders are frozen,

and the classifier is trained on the resulting image em-

beddings. At inference time, fspec is discarded, and the
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NIRSpec/PRISM spectrum
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Figure 1. Cross-modal LRD classification framework. Phase 1 aligns paired NIRCam image and NIRSpec/PRISM spectrum
embeddings in a shared space using a bidirectional InfoNCE objective. In Phase 2, the encoders are frozen, and only an image-
based classification head is trained. Inference requires only NIRCam imaging.

model predicts an LRD probability p ∈ [0, 1] from seven-

band NIRCam imaging alone.

4.1. Data Preprocessing

Imaging. The seven NIRCam bands are normalized

jointly for each source. We define a single normalization

factor q as the 99.5th percentile of the absolute pixel

values across all available bands and divide all chan-

nels by this common scale. This preserves the relative

flux ratios between filters, which contain the broadband

color information, while providing a consistent dynamic

range across sources. The normalized images are then

transformed using an inverse hyperbolic sine (asinh)

stretch (Lupton et al. 2004) with a softening parame-

ter of s = 0.01 to compress the dynamic range while

retaining information from low-surface-brightness and

negative background-subtracted pixels.

Spectroscopy. The PRISM spectra are converted to

fλ. Three masked zero-value bins are appended so that

the 476-pixel input is divisible by the adopted patch

width. The valid flux pixels are normalized by their

99th percentile in absolute value. The final input has

shape (3, 476) and contains normalized fλ, clipped and

scaled signal-to-noise ratio, and a binary validity mask.

4.2. Network Architecture

The complete model consists of three components,

M = {fimg, fspec, g}: an image encoder, a spectrum

encoder, and a classification head.

Image Encoder fimg. The image encoder maps

a seven-band NIRCam cutout of size (7, 32, 32) to a

128-dimensional unit-normalized embedding zimg. We

adopt a widened CIFAR ResNet-20 architecture (He

et al. 2016) modified for seven-channel inputs. The net-

work contains three residual stages, each consisting of

three residual blocks, with channel widths of 32, 64,

and 128, respectively. A two-layer nonlinear projection

head maps the pooled feature vector to the final 128-

dimensional embedding.

Spectrum Encoder fspec. The spectrum encoder

maps the preprocessed PRISM input of shape (3, 476)
to a 128-dimensional unit-normalized embedding zspec.

The three input channels correspond to the normal-

ized fλ spectrum, the clipped and scaled signal-to-

noise ratio, and the binary validity mask. We adopt

a one-dimensional Vision Transformer-style architecture

(Dosovitskiy et al. 2020), in which a non-overlapping

one-dimensional convolution with kernel size and stride

of seven divides the 476-pixel input into 68 spectral

tokens with 128-dimensional embeddings. A learnable

[cls] token and positional embeddings are added before

processing by three pre-LayerNorm Transformer encoder

blocks (Vaswani et al. 2017). The final [cls] representa-

tion is linearly projected into the shared 128-dimensional

image–spectrum embedding space and ℓ2 normalized.

Classification Head g. The classification head maps

zimg to an LRD logit via a two-layer MLP compris-
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ing a hidden linear layer, LayerNorm, ReLU activation,

dropout, and a final linear output layer. The sigmoid

transformation converts the output logit into the pre-

dicted LRD probability p.

4.3. Two-phase Training

The model is trained in two stages: cross-modal rep-

resentation learning and supervised image classification.

We adopted a stratified split with a target validation

fraction of 20% for both the LRD and negative classes.

The resulting training and validation sets contain 6,079

and 1,462 sources, including 102 and 25 labeled LRDs,

respectively. Stochastic data augmentation is applied

only during training. NIRCam images undergo hori-

zontal and vertical flips, right-angle and arbitrary ro-

tations, and cutout masking outside the central region.

We additionally apply multiplicative flux perturbations,

Gaussian noise, and random channel dropout to improve

robustness to photometric uncertainties and incomplete

filter coverage. During Phase 1, spectra are augmented

with uncertainty-scaled Gaussian noise, shifts of up to

one native wavelength bin, and masking of 8-24 consec-

utive bins.

During Phase 1, the image and spectrum encoders

are jointly optimized using a bidirectional InfoNCE loss

(van den Oord et al. 2018; Radford et al. 2021), while

the classification head remains frozen. The temperature-

scaled similarity between image and spectrum embed-

dings is

sij =
(zimg

i )Tzspec
j

τ
, i, j ∈ Bspec, (1)

where τ is the temperature parameter. We initialize

τ = 0.07 and learn it during Phase 1, constraining it to

0.01 ≤ τ ≤ 0.5. The bidirectional contrastive loss is

Lalign = − 1

2M

∑
i

[
log

esii∑
j e

sij
+ log

esii∑
j e

sji

]
, (2)

where sij is the temperature-scaled cosine similarity be-

tween the image and spectrum embeddings of samples i

and j.

During Phase 2, both encoders are frozen, and only

the classification head is optimized using the image em-

beddings. Let ℓi denote the predicted classification logit,

pi = σ(ℓi) the corresponding probability, and yi ∈ {0, 1}
the target label. The classification objective combines

a weighted focal loss (Lin et al. 2017) and a pairwise

logistic ranking loss:

Lfocal = − 1

|B|
∑
i∈B

αt,i(1− pt,i)
γ log pt,i. (3)

Here pt,i denotes the probability assigned to the ground-

truth class, and αt,i = α for LRDs and 1−α for negative

sources. We adopt γ = 2, following the standard focal-

loss setting of Lin et al. (2017), and set α = 0.8 to assign

greater weight to the rare LRD class.

To further improve the separation between LRDs and

negative examples, we introduce a RankNet-style pair-

wise logistic ranking loss:

Lrank = − 1

|P||N |
∑
i∈P

∑
j∈N

log σ(ℓi − ℓj), (4)

where P and N denote positive and negative samples

within the mini-batch, respectively. This term encour-

ages LRD candidates to receive larger logits than nega-

tive examples. The Phase 2 objective is Lfocal+0.2Lrank.

Both phases use the AdamW optimizer (Loshchilov &

Hutter 2017). We use a learning rate of 10−4 in both

training phases, a weight decay of 0.01, and a dropout

rate of 0.1 in the Phase 2 classification head. In Phase 1,

the learning rate is linearly warmed up from 10−5 to

10−4 over the first five epochs and then decayed to 10−7

using a cosine schedule. In Phase 2, we apply cosine de-

cay from 10−4 to 10−7 without warm-up. Training uses

a batch size of 128. Each phase is trained with early

stopping.

4.4. Inference

During inference, the spectrum encoder is discarded,

and the LRD probability is predicted using only the im-

age encoder fimg and classification head g. This en-

ables application of the classifier to imaging-only sam-

ples without requiring spectroscopic observations.

To improve robustness against image orientation,

we apply deterministic test-time augmentation (TTA).

Each source is evaluated using eight geometrical trans-

formations, consisting of four rotations (0◦, 90◦, 180◦,

and 270◦) with and without horizontal flipping. The fi-

nal prediction is obtained by averaging the probabilities

from all transformed inputs:

pTTA =
1

8

8∑
k=1

σ[g(fimg(Tk(x)))] , (5)

where Tk denotes the kth geometric transformation.

Sources with pTTA ≥ θ are classified as LRD candi-

dates, where we adopt θ = 0.80 as the primary selection

threshold throughout this work.

5. RESULTS

5.1. Validation performance

Taking the catalog-labeled LRDs as the positive class,

we evaluate classifier performance using precision, re-

call, F1 score, false-positive rate (FPR), and the area
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under the receiver-operating-characteristic curve (AUC–

ROC). Precision and recall are defined as TP/(TP+FP)

and TP/(TP + FN), respectively, while the F1 score is

their harmonic mean. The false-positive rate is given

by FP/(FP + TN). Here, TP, FP, FN, and TN denote

the numbers of true positives, false positives, false neg-

atives, and true negatives, respectively. The relative

importance of these metrics depends on the scientific

objective. In this work, our primary goal is to construct

as complete a sample of LRD candidates as possible,

thereby expanding beyond existing color-selected sam-

ples and enabling the discovery of potentially overlooked

members of the population. We therefore place partic-

ular emphasis on recall, which quantifies the fraction of

known LRDs recovered by the classifier. Other applica-

tions may prioritize precision, especially when follow-up

resources are limited and a purer candidate sample is

desired. In such cases, a higher classification thresh-

old could be adopted to reduce contamination at the

expense of completeness.

At the adopted classification threshold of θ = 0.80,

the eight-view test-time augmentation (TTA) model was

evaluated on the internal model-selection validation set

(n = 1462; 25 LRDs and 1,437 non-LRDs). The model

correctly identifies 23 of the 25 labeled LRDs while clas-

sifying 6 labeled non-LRDs as LRDs. This corresponds

to a recall of 0.92, a precision of 0.79, an F1 score of

0.85, and an AUC–ROC of 0.998. The resulting confu-

sion matrix is shown in Figure 2. The recall achieved by

the cross-modal model is substantially higher than that

of the imaging-only CNN (0.84). We adopt θ = 0.80

as a compromise between precision and recall, prioritiz-

ing recall to construct a more complete sample of LRD

candidates. We emphasize that the reported scores rep-

resent performance estimates on the internal validation

set and should not be interpreted as calibrated posterior

probabilities.

These performance metrics should be interpreted as

estimates derived from the internal validation sample

rather than precise measurements of the intrinsic com-

pleteness and purity of the broader LRD population.

The validation set contains only 25 positive examples,

meaning that the classification outcome of a single

source changes the measured recall by 0.04. Conse-

quently, statistical uncertainties remain significant, and

a larger independent spectroscopic sample will be re-

quired to obtain more robust constraints on classifier

performance.

Because the negative class is defined using ex-

isting catalogs and may contain uncataloged LRDs,

the measured precision is likely conservative. All

six validation-set false positives appear LRD-like

Pred:
Non-LRD

Pred:
LRD

True:
Non-LRD

True:
LRD

1431 6

2 23

Validation

Figure 2. Validation-set confusion matrix at θ = 0.80.
Rows and columns denote the true and predicted classes,
respectively, and entries give the number of sources.

upon visual inspection: sources RUBIES-UDS41-

24447, GDS-BARRUFET-S156-4307, RUBIES-EGS51-

13872, NEXUS-OBS3-33289, NEXUS-OBS5-11737, and

MACS1149-5104172 (see those objects in Figures A1

and A2 in the Appendix). In other words, the reported

precision should be interpreted as a lower bound, imply-

ing that the nominal precision may be conservative.

5.2. Embedding Space

Figure 3 presents a two-dimensional UMAP projec-

tion (McInnes et al. 2018) of the 128-dimensional im-

age embeddings for the labeled sample. LRDs occupy a

compact region in the lower-left portion of the embed-

ding space and are largely separated from the broader

high-redshift galaxy population, although some overlap

remains between the two classes. The displayed limits

are chosen to focus on this shared galaxy manifold; the

detached branch containing the majority of the simu-

lated brown dwarfs lies outside the plotted region, while

the observed brown dwarfs and a small number of sim-

ulated objects remain visible. The partial overlap be-

tween LRDs and high-redshift galaxies is qualitatively

similar to the photometric-feature embedding reported

by Ginolfi et al. (2026) and is consistent with a continu-

ous distribution of observed SED properties rather than

a perfectly distinct population.

The overlap likely reflects a combination of intrinsic

diversity within the LRD population, measurement un-

certainties, and incompleteness in the current catalogue
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Figure 3. Two-dimensional UMAP projection of the 128-
dimensional image embeddings for the labeled sample. Blue
circles, orange circles, and red stars represent high-redshift
galaxies, brown dwarfs, and LRDs, respectively. The dis-
played limits emphasize the LRD manifold.

labels. In particular, several high-probability sources lo-

cated in this boundary region satisfy independent LRD

selection criteria (Section 5.3), suggesting that at least

part of the overlap may arise from previously unrecog-

nized LRDs within the sources labeled as ordinary high-

redshift galaxies. We emphasize that UMAP is used

here solely as a visualization tool to illustrate the struc-

ture of the learned embedding space; it does not define

the classifier decision boundary or enter directly into the

classification procedure.

5.3. Spectroscopic LRD Candidates

Applying the classifier to the full spectroscopic high-

redshift galaxy sample yields 35 candidates at p ≥ 0.80

that were previously labeled as non-LRDs. Six of the 35

candidates belong to the validation set and correspond

to the six nominal false positives reported in Section 5.

The NIRSpec/PRISM spectra of all 35 candidates are

shown in Figures A1 and A2 in the Appendix. Because

spectroscopic observations are available for every candi-

date, their continuum and emission-line properties can

be examined directly, providing an opportunity to assess

whether the classifier is recovering genuine LRD candi-

dates that are absent from existing catalogs rather than

simply selecting contaminants.

Figure 4 presents two representative high-probability

candidates. Both sources exhibit compact, red NIR-

Cam morphologies and pronounced V-shaped continua

in their PRISM spectra, closely resembling the spec-

tral characteristics of spectroscopically confirmed LRDs.

These examples demonstrate that the classifier is not

simply identifying compact red sources, but is recov-

ering objects that exhibit the key spectroscopic signa-

tures of the LRD population. The consistency between

the image-based predictions and the independently mea-

sured spectral properties suggests that the learned rep-

resentations capture physically relevant information and

underscores the power of the model to identify LRD

candidates beyond those currently recognized in spec-

troscopic catalogs.

We define the Balmer-break strength as BBalmer ≡
f̃ν,red/f̃ν,blue, where f̃ν,red and f̃ν,blue are the median

spectral flux densities in the rest-frame 4100–4300 and

3400–3600 Å windows, respectively. Larger values in-

dicate stronger Balmer breaks. Table 1 summarizes the

positions, spectroscopic redshifts, classifier probabilities,

F444W magnitudes, continuum slopes, Balmer-break

strengths, and F444W compactness measurements of

the 35 spectroscopic candidates. The sample spans a

broad range of redshifts and continuum properties, with

substantial variation in UV slopes, optical slopes, and

Balmer-break strengths. This diversity indicates that

the selected sources do not form a homogeneous popula-

tion and may include objects with different physical ori-

gins or evolutionary states. At the same time, the preva-

lence of LRD-like spectral characteristics among many

of the candidates suggests that a substantial fraction

of them may represent previously unrecognized mem-

bers of the LRD population. We therefore regard these
sources as a candidate catalog for future investigation

rather than a uniformly confirmed LRD sample. Tar-

geted spectroscopic analyses and follow-up observations

will be required to establish their nature and quantify

the fraction of genuine LRDs recovered by the classifier.

Medium- or high-resolution NIRSpec grating spectra

are available for 15 of the 35 spectroscopic candidates,

with Hα falling within the available wavelength coverage

for 13 of these sources (Figure 5). To assess the presence

of broad-line emission, we compare a continuum-only

model with single- and two-Gaussian Hα emission-line

models using the Bayesian information criterion (BIC);

the two-Gaussian model comprises a narrow and a broad

component. The preferred model includes a broad Hα
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Table 1. Observed properties of the model-selected spectroscopic LRD candidates.

# ID RA Dec zspec pLRD mF444W βUV βopt BBalmer CF444W

1 rubies-uds23-166271 34.35326 -5.11227 5.08 0.964 25.76 · · · · · · · · · 1.09

2 nexus-obs5-24361 268.48484 65.20720 3.56 0.961 24.23 -0.56 1.34 4.81 1.11

3 rubies-uds41-41571 34.40709 -5.25167 5.49 0.960 25.80 -1.32 -1.94 4.83 1.12

4 rubies-egs53-37032 214.84939 52.81182 3.85 0.954 25.76 -1.83 2.46 0.92 1.10

5 macs0416-3105725 64.07687 -24.10346 7.47 0.950 27.23 -1.80 1.86 1.42 1.12

6 macs0417-202573 64.38110 -11.83579 3.10 0.947 25.11 -2.56 1.66 3.32 1.10

7 rubies-uds41-24447 34.38936 -5.27909 5.26 0.947 25.75 -2.85 · · · · · · 1.26

8 rubies-uds31-977881 34.42962 -5.11230 7.27 0.943 25.12 -0.30 -2.35 2.18 1.18

9 gds-barrufet-s156-4307 53.14063 -27.88138 5.52 0.943 25.32 -0.84 0.06 3.56 1.10

10 rubies-egs51-13872 215.13293 52.97071 5.26 0.942 26.36 -2.48 -0.74 1.29 1.11

11 nexus-obs5-3147 268.44255 65.14432 3.94 0.942 24.43 -0.97 -0.31 1.40 1.11

12 nexus-obs3-33289 268.40404 65.21211 4.05 0.935 24.90 -1.34 1.22 1.31 1.11

13 abell370-2104488 39.98308 -1.62414 4.05 0.934 27.60 -2.82 1.95 · · · 1.12

14 jades-gds03-172975 53.08773 -27.87124 4.74 0.929 27.21 0.42 -0.07 2.08 1.11

15 macs0416-3108879 64.05249 -24.08145 5.34 0.927 25.55 · · · 1.02 · · · 1.11

16 nexus-obs5-16223 268.39460 65.25418 3.88 0.920 25.12 -1.55 -0.59 1.03 1.12

17 rubies-uds21-176292 34.22810 -5.09814 3.13 0.904 25.70 -3.69 1.98 4.58 1.14

18 macs1149-5102050 177.38686 22.35191 5.20 0.897 27.23 -0.76 -0.06 0.92 1.14

19 gds-barrufet-s156-5607 53.12337 -27.87054 3.59 0.897 26.19 -1.81 1.06 4.01 1.12

20 rubies-uds1-19484 34.23243 -5.28065 4.66 0.893 26.52 -2.19 1.35 5.71 1.17

21 rubies-egs63-47179 214.89676 52.87580 6.13 0.892 27.64 · · · -0.38 · · · 1.14

22 nexus-obs5-11737 268.43292 65.19192 3.87 0.892 25.61 -3.20 1.93 3.55 1.09

23 ceers-2355 215.00849 52.97797 6.12 0.884 25.83 -0.84 0.39 · · · 1.10

24 capers-cos13-160883 150.07618 2.39483 7.66 0.874 27.17 -0.24 0.26 0.64 1.09

25 capers-cos13-9924 150.11617 2.42746 4.00 0.869 27.21 -1.90 0.37 3.98 1.01

26 macs1149-5104172 177.41265 22.36909 4.13 0.867 25.95 -1.24 -0.07 1.07 1.08

27 nexus-obs3-10347 268.52006 65.16487 5.75 0.866 24.21 -1.58 -0.64 1.00 1.11

28 nexus-obs3-4750 268.44622 65.13424 3.95 0.864 25.30 · · · 1.27 · · · 1.07

29 capers-cos13-9836 150.11319 2.42810 4.92 0.856 26.08 -1.84 0.48 1.42 1.22

30 nexus-obs5-4316 268.35321 65.15233 6.03 0.853 25.24 -1.11 -0.90 1.22 1.12

31 rubies-uds3-42289 34.30365 -5.24266 3.70 0.841 26.39 -1.62 0.19 1.87 1.09

32 jades-gds-wide2-3044 53.12136 -27.79479 4.12 0.833 28.20 -3.15 -2.26 2.21 1.22

33 rubies-uds42-826393 34.33032 -5.28125 8.56 0.819 26.49 -1.02 2.70 2.00 1.14

34 nexus-obs5-12185 268.45340 65.19404 7.40 0.813 26.39 -1.25 -0.44 1.58 1.06

35 rubies-uds22-114988 34.29794 -5.18437 4.37 0.810 24.13 · · · 3.10 · · · 1.30

Note—mF444W is the AB magnitude measured in a 0.′′36-diameter aperture. The continuum slopes are defined by

fλ ∝ λβ . BBalmer is the Balmer-break strength, defined as the ratio of the median rest-frame fν at 4100–4300 Å to
that at 3400–3600 Å. CF444W = f

0.′′50/f0.′′36 is the F444W aperture-flux ratio. A value is listed as · · · when either

flux measurement is missing, non-finite, or non-positive.

component for 10 sources, a single narrow component

for two sources, and no significant Hα emission for one

source (Table 2). For the candidates requiring a broad

component, the inferred Hα FWHM values span approx-

imately 1100–3500, km s−1, consistent with the broad

Balmer emission commonly observed in spectroscopi-

cally confirmed LRDs. The high incidence of broad Hα

emission among these independently selected candidates

provides direct spectroscopic support for their interpre-

tation as members of the LRD population.

The three candidates without a BIC-preferred broad

component illustrate the diversity of outcomes within

the sample. The SED of rubies-uds31-977881 is visually

more consistent with that of a quiescent galaxy. For this

source, the continuum-only model is preferred, and the

unresolved Hα signal-to-noise ratio is only 0.9. While

the absence of detectable Hα emission does not by it-

self establish quiescence, it is consistent with this in-

terpretation and highlights compact quiescent galaxies

as a potential contaminant for image-based LRD selec-

tion. For jades-gds-wide2-3044, the measured intrinsic

Hα width of 118 ± 45km s−1 lies within the narrow-

line regime reported for some spectroscopically identified

LRDs (Zhang et al. 2026d). In contrast, rubies-egs63-

47179 has a fitted Hα FWHM of 999±260km s−1, close

to the adopted upper limit for the narrow component.

However, the line is detected with a modest signal-to-

noise ratio of only 4.7, preventing a robust distinction

between narrow- and broad-line interpretations. Higher

signal-to-noise spectroscopy will therefore be required
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Figure 4. Two representative spectroscopic LRD candidates. The panels show the seven NIRCam cutouts and the NIR-
Spec/PRISM spectrum for each source. The black and orange dashed lines mark the expected Lyα and Balmer-break wave-
lengths, respectively.

to determine the nature of this source and to character-

ize better the full diversity of emission-line properties

among the candidate LRD population.

The prevalence of broad Hα emission among the

model-selected candidates provides an important test of

the classifier. Because the candidate selection is per-

formed using NIRCam imaging alone, the agreement

with a key spectroscopic characteristic of many LRDs

suggests that the model is not merely identifying com-

pact red galaxies based on their observed colors or mor-

phologies. Instead, the learned image representations

appear to encode the underlying physical properties of

the LRD population. More importantly, the grating

spectroscopy was not used in the candidate selection

process, so the emergence of broad-line systems within

the selected sample demonstrates that the cross-modal

training framework has successfully transferred spectro-

scopic information into the imaging representation. This

consistency between image-based classifications and in-

dependent spectroscopic diagnostics supports the inter-

pretation that many of the selected candidates are gen-

uine LRDs and highlights the ability of the model to

identify physically meaningful LRD-like systems beyond

existing catalogs.

5.4. New Photometric LRD Candidates in DJA

We apply the classifier to the grizli v7 NIRCam

mosaics from all 36 public fields in the Dawn JWST

Archive (Heintz et al. 2024b; de Graaff et al. 2025b). To

construct a high-quality sample for classification, we re-

quire an F444W signal-to-noise ratio greater than 15,

an F444W flux density exceeding 0.05µJy, and com-

pact source morphology based on the SExtractor

(Bertin & Arnouts 1996) semi-major axis measurement

(2 ≤ aimage ≤ 5 pixels). For sources with avail-

able EAZY photometric redshifts, we further require

3 < zphot < 12. These criteria are designed to retain

compact, high-redshift sources with reliable photome-

try while excluding low-quality detections and extended

low-redshift galaxies. The final sample contains 26,151

sources with valid model inputs.

Applying the trained classifier to this sample yields

357 sources with classification probabilities of p ≥ 0.80,

which we identify as high-confidence photometric LRD

candidates, of which 218 have p > 0.90. Table 3

presents the 10 highest-probability candidates, while the

full catalog is made available electronically. The candi-

dates span a broad range of photometric redshifts, lumi-

nosities, and continuum properties, demonstrating that

the classifier is capable of recovering LRD-like systems

across a wide region of parameter space.
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Table 2. BIC-selected Hα Models for the 13 Spectroscopic Candidates
with Usable NIRSpec Grating Coverage.

# ID zspec ∆BIC Model FWHM (km s−1)

1 rubies-uds23-166271 5.0758 10.9 Broad 2104 ± 388

3 rubies-uds41-41571 5.4828 6.5 Broad 3489 ± 879

4 rubies-egs53-37032 3.8515 7.4 Broad 1619 ± 253

7 rubies-uds41-24447 5.2571 41.7 Broad 2242 ± 358

8 rubies-uds31-977881 7.2818 −6.5∗ No emission · · ·
10 rubies-egs51-13872 5.2611 40.4 Broad 1669 ± 300

14 jades-gds03-172975 4.7417 54.7 Broad 1145 ± 166

15 macs0416-3108879 5.3340 1997.3 Broad 1922 ± 51

20 rubies-uds1-19484 4.6555 10.0 Broad 1091 ± 238

21 rubies-egs63-47179 6.1274 -10.7 Narrow 999 ± 260∗
31 rubies-uds3-42289 3.6990 6.9 Broad 1302 ± 428

32 jades-gds-wide2-3044 4.1157 -6.2 Narrow 118 ± 45∗
35 rubies-uds22-114988 4.3647 35.9 Broad 1983 ± 349

Note—Row numbers correspond to Table 1. Positive ∆BIC values favor the more
complex model, while negative values favor the simpler model. The listed FWHM
is the intrinsic width of the preferred component; for rubies-uds31-977881, the
preferred model contains no emission line, indicated by the symbol · · · .

Figure 6 presents two representative examples from

the candidate sample. For each source, we show both

the multi-band NIRCam imaging and the corresponding

SED constructed from the available photometry. Both

candidates exhibit compact red morphologies and pro-

nounced V-shaped SEDs, characterized by a blue rest-

frame ultraviolet continuum and a much redder optical

continuum. These features closely resemble those ob-

served in spectroscopically confirmed LRDs and illus-

trate the ability of the image-based classifier to identify

promising LRD candidates using imaging data alone.

More broadly, the large number of newly identified can-

didates demonstrates the potential of representation-

based searches to expand current LRD samples beyond

those accessible through existing spectroscopic compila-

tions and traditional color-based selection methods.

5.5. Applications to Additional JWST Imaging Surveys

We apply the trained classifier to the SAPPHIRES

and BEACON imaging datasets to explore its utility

for identifying LRD candidates in additional JWST sur-

veys. These applications are intended to demonstrate

the transferability of the model and do not provide in-

dependent measurements of classification completeness

or purity.

The first dataset is the early data release of the SAP-

PHIRES survey (Sun et al. 2025), which provides deep

JWST/NIRCam imaging of the lensing galaxy cluster

MACS J0416.1−2403 over a total area of 16.9 arcmin2.

The survey includes observations in 13 NIRCam filters

spanning 0.6–5.0 µm and reaches point-source depths

of approximately 28.4-29.5 AB mag. Applying the

same classification threshold (p ≥ 0.80) and subsequent

image-quality review yields five LRD candidates. No-

tably, one of these sources matches the previously re-

ported LRD candidate ID-8760 identified by Fudamoto

et al. (2025), which they propose as a potential low-mass

AGN or LRD at z = 8.47. Our classifier independently

recovers this source with p = 0.889. As summarized in

Table 4, the five candidates exhibit compact morpholo-

gies and red NIRCam colors, with F277W − F444W

colors ranging from 0.5 to 2.7 mag, consistent with the

broad photometric properties of previously identified

LRDs.

The second dataset is BEACON DR1, a JWST Cy-

cle 2 pure-parallel survey comprising 19 independent

fields and covering approximately 0.3 deg2 (Morishita

et al. 2025). After applying the same preprocessing and

quality-selection procedures, 3327 sources remain with

valid model inputs. Of these, 18 are assigned proba-

bilities exceeding p = 0.80 (Table 5). BEACON 0014-

3025-6766 is the LRD uncover-61-v4-27114 (Barro et al.

2026).

The applications to SAPPHIRES and BEACON yield

plausible LRD candidates under substantially different

observing conditions and independently recover one pre-

viously reported candidate in each survey. These results

demonstrate the practical applicability and transferabil-

ity of the selection pipeline across diverse JWST imaging

datasets. However, the recovered candidates and their
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numbers should not be interpreted as measures of clas- sification completeness. A meaningful recovery fraction
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Table 3. Photometric properties of the selected DJA LRD candidates.

# ID RA Dec zphot p βUV βopt F150W−F200W F277W−F444W mF444W

1 gdn-5343 189.26314 62.15123 5.56 0.970 -2.07 -0.02 -0.05 1.07 26.84

2 ceers-par-64561 214.89998 52.77001 · · · 0.970 · · · · · · · · · · · · 25.94

3 ceers-par-37972 214.93977 52.73186 · · · 0.968 · · · · · · 0.17 0.68 26.01

4 jwst-nep-tdf-nrc-6275 260.68276 65.76421 5.21 0.968 -1.38 -0.95 0.23 1.18 26.72

5 plck-g165p67-7792 171.79576 42.48905 · · · 0.968 · · · · · · 0.12 0.84 25.17

6 abell2744par-11433 3.64719 -30.48121 · · · 0.967 · · · · · · 0.28 1.04 26.33

7 primer-uds-south-54098 34.46688 -5.23115 3.54 0.966 -2.63 0.80 0.66 0.86 24.85

8 primer-cosmos-east-57507 150.15047 2.37787 5.31 0.966 -1.69 1.09 0.15 1.25 26.52

9 elgordo-3136 15.76107 -49.24605 4.47 0.966 -1.60 1.36 -0.06 0.68 25.19

10 primer-cosmos-east-51262 150.20411 2.35546 7.13 0.966 -0.14 · · · · · · 1.95 24.76

Note—We use · · · to indicate fields without a photometric-redshift catalog or a slope that cannot be constrained by the available bands.
The full table contains 357 sources and is published in its entirety in machine-readable format.
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Figure 6. Two candidates from the DJA imaging search. The panels show the seven NIRCam cutouts and broadband SED
with uncertainties. Dashed grey and yellow lines represent the expected Lyα and Balmer-break wavelengths, respectively.

would require a complete census of previously known

LRDs in each survey, together with an assessment of

which sources satisfy the classifier’s input and quality-

selection requirements.

6. DISCUSSIONS

Recovering previously reported candidates, along with

identifying new sources, shows that the classifier can be

effectively applied to additional JWST datasets beyond

those used for training. The selected candidates exhibit

photometric and morphological properties broadly con-

sistent with those of known LRDs. This provides a use-

ful consistency check, although survey-dependent selec-

tion effects may also contribute to the observed similari-

ties. At the same time, variations in survey depth, filter
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Table 4. Photometric properties of the 5 SAPPHIRES LRD candidates selected with p ≥ 0.8.

# ID RA Dec z p βUV βopt F150W−F200W F277W−F444W mF444W

1 12717 64.014209 -24.158758 4.34 0.961 -0.90 0.37 0.43 0.49 26.07

2 16584 64.003087 -24.150567 6.29 0.950 -0.76 2.10 0.37 2.18 26.17

3 26160 64.004005 -24.113365 4.00 0.907 -1.85 2.37 0.18 0.59 27.25

4 8760 63.957333 -24.167468 8.48 0.889 -1.00 3.00 -0.10 1.77 26.14

5 14602 63.948942 -24.154661 7.80 0.868 -2.84 1.09 · · · 2.67 27.24

Note—Again, we use · · · to indicate quantities that cannot be reliably measured because the available photometric
bands do not adequately constrain the corresponding color or continuum slope.

Table 5. Photometric properties of the 18 BEACON LRD candidates selected at p ≥ 0.8.

# ID RA Dec zphot p βUV βopt F115W−F200W F277W−F444W mF444W

1 beacon 0217-0504-14370 34.32355 -5.09227 11.03 0.929 0.31 · · · · · · 1.70 26.49

2 beacon 0332-2749-22659 53.00039 -27.80568 4.45 0.897 -2.09 1.69 1.30 0.86 23.82

3 beacon 0959p0200-7853 149.84087 2.01361 6.97 0.888 -0.82 1.82 0.69 2.47 25.43

4 beacon 0959p0200-14387 149.84462 2.03539 4.63 0.883 -2.93 1.40 1.30 0.02 21.51

5 beacon 0502-4338-1276 75.45445 -43.64950 4.52 0.869 0.57 0.70 1.52 0.58 24.37

6 beacon 2316-5910-27047 349.08880 -59.14788 5.42 0.868 -1.74 1.39 0.15 1.73 25.68

7 beacon 0447-2637-5821 71.68219 -26.61793 7.17 0.865 -1.21 1.91 -0.90 1.70 25.70

8 beacon 0332-2745-15718 53.04577 -27.73467 3.03 0.865 -1.04 · · · · · · 0.92 26.31

9 beacon 0217-0504-4690 34.30628 -5.09088 7.14 0.860 -0.58 1.94 · · · 2.61 26.72

10 beacon 1420p5252-7960 215.09023 52.87087 3.96 0.857 -1.91 -0.82 0.66 1.72 26.66

11 beacon 0332-2749-7936 53.00050 -27.82327 3.69 0.853 -1.79 0.10 0.85 0.62 25.60

12 beacon 0502-4338-17372 75.44405 -43.63003 6.34 0.844 -0.80 1.57 0.71 1.82 24.91

13 beacon 0014-3025-6766 3.54584 -30.39570 5.11 0.831 -1.47 1.31 0.45 1.68 25.34

14 beacon 0217-0508-14889 34.28143 -5.10287 5.10 0.816 -0.12 1.41 · · · 1.80 26.04

15 beacon 2316-5910-13989 349.16520 -59.19123 7.20 0.814 -0.93 0.51 0.42 2.15 23.45

16 beacon 0442-4613-7155 70.45215 -46.22994 4.06 0.814 -9.05 · · · · · · -0.12 21.80

17 beacon 0217-0509-4499 34.23260 -5.15447 3.23 0.808 · · · · · · · · · -0.28 21.64

18 beacon 2316-5910-16796 349.09050 -59.16090 5.50 0.805 -1.48 1.35 0.31 1.71 25.03

Note—We use · · · to indicate cases where the available photometric bands do not provide sufficient wavelength coverage, or where one
or more required flux measurements are missing, non-finite, or non-positive, preventing a reliable determination of the corresponding color
or continuum slope.

coverage, source extraction, and data reduction proce-

dures can affect the quality and interpretation of the

input images. Consequently, survey-specific input vali-

dation and visual inspection remain important compo-

nents of the candidate selection process. Owing to data

limitations, not all the newly identified LRD candidates

possess valid photometric redshifts or complete photo-

metric measurements. We therefore restrict our analysis

to those sources for which all relevant measurements are

available below.

Figure 7 compares the redshift and observed F444W

magnitude distributions of spectroscopically confirmed

LRDs and the candidates identified through the spec-

troscopic, DJA, SAPPHIRES, and BEACON searches.

The newly identified candidates occupy broadly the

same region of the z–mF444W parameter space as the

confirmed LRD population, indicating that the classi-

fier is recovering sources with observational properties

consistent with known LRDs.

6.1. Selection boundaries and inferred LRD population

The inferred abundance and observed-property distri-

butions of LRDs depend on the selection criteria used

to define the sample (e.g., Rinaldi et al. 2026). Fig-

ure 8 compares the spectroscopic and photometric LRD

candidates identified by our classifier with literature

LRD samples in the observed F150W − F200W ver-

sus F277W − F444W color plane. The literature sam-

ples and our candidates occupy broadly overlapping re-

gions of color space, indicating that the classifier success-

fully recovers sources with photometric properties simi-

lar to previously identified LRDs. At the same time, the

model-selected candidates exhibit a substantially wider

distribution, extending beyond the regions traditionally
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Figure 7. F444W AB magnitude versus redshift for known
spectroscopic LRDs and model-selected candidates. Spec-
troscopic redshifts are used where available and photometric
redshifts otherwise.

associated with LRD selection, particularly toward bluer

F277W −F444W colors. This behavior highlights a key

strength of the image-based classifier: by leveraging the

full multi-band imaging information rather than prede-

fined color boundaries, it can probe candidate popula-

tions outside fixed color-selection boundaries.

The existence of spectroscopically confirmed or well-

studied LRDs outside the conventional color-selection

regions further supports this interpretation. Examples

such as The Cliff (de Graaff et al. 2025a), MoM-BH*-

1 (Naidu et al. 2025), and RUBIES-BLAGN-1 (Wang

et al. 2025) occupy distinct locations in the color plane

yet are widely recognized as members of the LRD pop-

ulation. These objects exhibit characteristic LRD fea-

tures, including strong Balmer breaks and red continua,

demonstrating that LRDs do not occupy a single, well-

defined color locus. Instead, the observed color distri-

bution likely reflects a combination of intrinsic diversity

in stellar populations, dust attenuation, emission-line

strengths, AGN contributions, and redshift evolution.

The recovery of candidates in these extended re-

gions suggests that current color-selected samples may

not fully capture the diversity of the LRD popula-

tion. This possibility is also consistent with recent
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Figure 8. Observed colors of the LRD samples. The grey
density shows the DJA photometric population, and colored
symbols denote the samples listed in the legend. The Cliff
(de Graaff et al. 2025c), MoM-BH*-1 (Naidu et al. 2025),
and RUBIES-BLAGN-1 (Wang et al. 2025) are marked sep-
arately. Dashed lines mark the commonly adopted LRD
color-selection boundaries at mF150W − mF200W = 1.0 and
mF277W −mF444W = 0.5 and 1.5 mag.

studies that have adopted broader or alternative color-

selection criteria and identified LRD candidates span-

ning a wider range of photometric properties (Rinaldi

et al. 2026). Nevertheless, photometric properties alone

are insufficient to establish the nature of these sources.

Spectroscopic follow-up will be required to determine

whether they represent genuine LRDs or contaminants

from other high-redshift galaxy populations and Galac-

tic stars. If a substantial fraction are confirmed, the

results would indicate that LRDs span a broader range

of observed colors than currently represented in exist-

ing samples, highlighting the potential of image-based

selection to uncover previously overlooked members of

the population.

6.2. Photometric diagnostics of ML-selected candidates

Data limitations restrict reliable βUV and βopt esti-

mates to 189 of the 357 candidates, which meet our

adopted slope-quality criteria and are presented here.

The βopt–βUV plane provides a complementary view of
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the characteristic V-shaped continuum that defines the

LRD population. Following de Graaff et al. (2025a),

we measure continuum slopes from NIRSpec/PRISM

spectra for spectroscopic sources and from photometric

bands sampling the rest-frame 1216–3646 Å and 3500–

7000 Å wavelength ranges for imaging-selected sources.

Figure 9 compares the resulting distributions for previ-

ously known LRDs and the candidates identified in this

work. The newly identified candidates broadly overlap

the locus occupied by known LRDs, indicating that they

share the characteristic combination of blue UV con-

tinua and substantially redder optical continua associ-

ated with strong Balmer-break systems. At the same

time, both the spectroscopic and photometric candi-

dates extend beyond the conventional concentration of

sources in this plane, spanning a wider range of βUV and

βopt values.

The extended distribution may reflect a combina-

tion of intrinsic diversity within the LRD population

and measurement uncertainties. In particular, pho-

tometrically derived continuum slopes are sensitive to

filter coverage, photometric-redshift uncertainties, and

contamination from strong emission lines, all of which

can broaden the observed distribution. Consequently,

sources lying outside the region traditionally associated

with LRDs should not necessarily be interpreted as a

distinct population. Rather, they represent promising

candidates that can help test whether the observed di-

versity of LRD continua is larger than currently inferred

from spectroscopically confirmed samples.

While the overlap with known LRDs supports the va-

lidity of the candidate sample, a clearer separation be-

tween LRDs and the general high-redshift galaxy popu-

lation will require both larger spectroscopic training sets

and targeted follow-up observations. Such data will be

particularly important for determining whether sources

with extreme Balmer-break signatures represent previ-

ously under-sampled regions of the LRD population or

arise from contamination within current photometric se-

lections.

6.3. Limitations

Despite its promising performance, several limitations

should be considered when interpreting the results of

this work. First, the training sample remains relatively

small and potentially incomplete. The positive class is

constructed from currently available spectroscopically

confirmed LRDs, which number only a few hundred

objects and may not fully capture the diversity of the

underlying population. Similarly, the numbers of spec-

troscopically confirmed brown dwarfs and high-redshift

quiescent galaxies available for training are also limited,
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Figure 9. Rest-frame optical and UV continuum slopes.
The grey density shows the DJA photometric population,
and colored symbols denote the samples listed in the leg-
end. The Cliff (de Graaff et al. 2025c), MoM-BH*-1 (Naidu
et al. 2025), and RUBIES-BLAGN-1 (Wang et al. 2025) are
marked separately. Dashed lines mark the conventional V-
shaped continuum region defined by βopt > 0 and −2.8 <
βUV < −0.37.

restricting the model’s ability to learn the full range of

properties exhibited by these potentially important con-

taminants. Moreover, as demonstrated by the spectro-

scopic candidates identified in this work, some genuine

LRDs are likely still labeled as ordinary high-redshift

galaxies in existing catalogs. Such label incomplete-

ness introduces uncertainty into both the training pro-

cess and the evaluation metrics, potentially biasing the

learned decision boundary and causing the reported pre-

cision to underestimate the true performance of the clas-

sifier. As larger and more representative spectroscopic

samples become available, retraining with improved la-

bels will not only enhance model robustness and reduce

selection biases, but will also enable a more complete

exploration of the diversity of the LRD population and

its principal contaminants.

A second consideration concerns the input data used

by the classifier. Our model relies exclusively on

JWST/NIRCam imaging in seven broad-band filters,

which are not available for every source or survey. Con-
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sequently, it does not exploit complementary informa-

tion from spectroscopy, medium-band photometry, vari-

ability, or longer-wavelength observations. Moreover,

variations in filter availability alter the rest-frame wave-

length coverage and may affect the visibility of features

such as the UV continuum slope and Balmer break. In-

corporating more diverse training data and complemen-

tary multi-wavelength information, together with archi-

tectures that better accommodate missing filters, may

further improve the robustness and applicability of the

method. Missing filters are represented by zero-valued

image channels, which could potentially encode survey-

specific observing patterns. We therefore examined clas-

sifier performance as a function of filter availability

across the labeled sample. Labeled LRDs are recov-

ered across the five-, six-, and seven-band subsets, with

recall broadly consistent with that of the full sample,

suggesting that the classifier can operate effectively un-

der heterogeneous filter coverage. However, the limited

number of labeled LRDs in the incomplete-filter subsets

and the likely incompleteness of existing catalogs pre-

vent a definitive assessment of filter-dependent effects.

In addition, although applications to independent sur-

veys demonstrate the feasibility of transferring the clas-

sifier across datasets, differences in filter coverage, sur-

vey depth, image quality, source extraction, and photo-

metric processing mean that cross-survey completeness

and purity remain to be established. Larger, more uni-

formly characterized spectroscopic samples will be im-

portant for further testing the robustness of the method.

Finally, the current classifier is designed as a

candidate-selection tool, and its performance is natu-

rally linked to the characteristics of the training data

and input representations. The model is optimized

to identify sources that resemble known LRDs in the

learned image-embedding space and therefore may not

recover all manifestations of the population. Objects

with properties that are underrepresented in the train-

ing sample may receive lower classification probabilities

even if they are physically related to LRDs. In addi-

tion, the learned representations are not directly inter-

pretable in terms of physical quantities such as stellar

age, dust attenuation, AGN contribution, or Balmer-

break strength. Future work combining imaging, spec-

troscopy, and physically motivated latent representa-

tions may help improve both classification performance

and physical interpretability.

7. CONCLUSION

In this work, we develop a spectroscopy-informed

deep-learning framework for identifying Little Red Dots

from JWST imaging data, trained on 127 spectroscop-

ically confirmed LRDs and ∼ 7, 500 literature-labeled

non-LRD sources. By aligning NIRCam images and

NIRSpec/PRISM spectra during training, the model

learns spectroscopically informed image representations

while requiring only NIRCam imaging at inference. On

a held-out validation sample, it achieves a recall of 0.92

and a precision of 0.79 at p = 0.80, demonstrating that

imaging data alone can recover the majority of currently

known LRDs.

The classifier identifies 35 LRD candidates among

spectroscopically observed high-redshift galaxies that

were previously labeled as non-LRDs. Many of these

sources exhibit independent characteristics commonly

associated with LRDs. Among the 13 candidates with

usable medium- or high-resolution Hα spectroscopy, 10

show a broad Hα component with FWHM values of ap-

proximately 1100−3500 km s−1. In addition, most can-

didates display compact red NIRCam morphologies and

pronounced V-shaped PRISM continua. These results

provide independent support for the LRD interpretation

of many model-selected candidates and suggest that a

significant fraction of the apparent false positives may

correspond to previously uncatalogued members of the

LRD population.

We further apply the classifier to public JWST imag-

ing surveys. The model identifies 357 previously uncat-

alogued candidates across 32 fields in the Dawn JWST

Archive, together with five candidates in SAPPHIRES

and eighteen in BEACON.

The resulting candidates occupy broadly the same

regions of redshift, magnitude, color, and continuum-

slope parameter space as previously known LRDs, while

extending beyond several commonly adopted color-

selection boundaries. This suggests that the observed

diversity of the LRD population may not be fully cap-

tured by the current color-based selections and high-

lights the potential of image-based classification to iden-

tify previously overlooked candidates. Nevertheless,

continuum-slope analysis and spectroscopic inspection

indicate that contamination from compact quiescent

galaxies and other strong-Balmer-break systems remains

present, underscoring the importance of spectroscopic

follow-up for establishing the nature of individual can-

didates and quantifying the completeness and purity of

future LRD samples.

Several factors currently limit a direct interpretation

of the candidate counts as measurements of the intrin-

sic LRD population. These include the small number of

spectroscopically confirmed LRDs available for training

and validation, incompleteness in existing catalog labels,

heterogeneous imaging inputs across JWST surveys, and

uncertainties in probability calibration. While the can-
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didate samples substantially expand the current inven-

tory of potential LRDs, they should not be interpreted

as a complete census of the population. Future progress

will benefit from larger spectroscopic training sets, im-

proved catalog completeness, and continued follow-up

observations. Such efforts will enable more robust char-

acterization of image-selected LRD samples and provide

new insights into the diversity and physical nature of

this emerging population.

More broadly, this work demonstrates the potential of

spectroscopy-informed image classification as a powerful

new tool for studying LRDs in the JWST era and fu-

ture wide-area imaging surveys. By leveraging spectro-

scopic information during training while requiring only

imaging data at inference, the framework enables effi-

cient searches over survey volumes far larger than those

currently accessible through spectroscopy alone and re-

duces reliance on predefined color-selection criteria. The

resulting candidate samples suggest that the diversity

of the LRD population may extend beyond that rep-

resented in existing catalogs. As spectroscopic samples

continue to grow and future surveys expand the available

imaging footprint, increasingly complete and uniformly

selected LRD catalogs will provide new opportunities to

investigate the demographics, physical origins, and evo-

lutionary role of LRDs in the early Universe.
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APPENDIX

A. SPECTRA OF THE HIGH-PROBABILITY SPECTROSCOPIC LRD CANDIDATES

Figures A1 and A2 present the observed-frame NIRSpec/PRISM spectra of the remaining 33 candidates discussed

in Section 5.3, ordered by decreasing model probability.
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Figure A1. Observed-frame NIRSpec/PRISM spectra of candidates in Table 1. Dashed lines mark the expected Lyα wavelength
and Balmer break.
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Figure A2. Same as figure A1, showing the rest of candidates in Table 1.
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