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ABSTRACT

Early results from JWST uncover a peculiar class of objects referred to as “little red dots” (LRDs). The
extremely compact morphology of LRDs is often invoked to point towards an AGN-dominated picture in the
context of their conflicting multiwavelength properties. In this work, we assess the capability of pysersic and
GALFIT—commonly used tools in LRD morphological studies—to recover input parameters for a simulated
suite of LRD-like objects in the F444W band. We find that: 1) these tools have difficulty recovering input
parameters for simulated images with SNR ≲ 25; 2) estimated PSF fraction could be a more robust physically-
motivated description of LRD compactness; and 3) almost all permutations of modeled LRDs with SNR ≲ 50

cannot be differentiated from a point source, regardless of intrinsic extent. This has serious implications on how
we interpret morphological results for increasingly large photometric samples of LRDs, especially at extremely
high-z or in relatively shallow fields. We present results of Sérsic and two-component fitting to a sample of
observed LRDs to compare with our mock sample fitting. We find that ∼ 85% of observed LRDs are PSF-
dominated, consistent with the AGN-dominated interpretation. The remaining ∼ 15% have low estimated PSF
fractions (two-component fit) and sizes ≳ 150 pc (Sérsic ). This morphological diversity of LRDs suggests that
that the population likely is not homogeneous. It possibly has a primary subset of sources consistent with the
AGN-dominated hypothesis, and a secondary population of sources more consistent with arising perhaps from
extremely compact starbursts.

Keywords: galaxies: high-redshift; galaxies: starburst; galaxies: active; galaxies: supermassive black holes

1. INTRODUCTION

The first years of JWST observations have revealed an
anomalous population of high-z sources that have directly
challenged our understanding of galaxy and supermassive
black hole (SMBH) formation and evolution. These objects,
referred to as “little red dots” (LRDs; Matthee et al. 2024),
are ubiquitously found in JWST blank fields, and they are
characterized by extremely compact morphologies and V-
shaped spectral energy distributions (SEDs) with red rest-
frame optical colors and excess ultraviolet (UV) emission
(e.g., Akins et al. 2024; Kokorev et al. 2024; Labbe et al.
2025). It is still largely unclear what type (or types) of as-
trophysical objects are primarily responsible for producing
seemingly disparate multiwavelength photometric and spec-
troscopic signatures.

The puzzle regarding the nature of LRDs begins with try-
ing to understand the shape of their SEDs constructed from
NIRCam broadband photometry. The characteristic V-shape
can be consistent with several different physical models. One
scenario is that LRDs are dominated by a redenned active

galactic nucleus (AGN). This model assumes that the red op-
tical/near infrared (IR) continuum arises from emission from
obsucuring material, and that the UV excess is scattered light
produced by the accretion disk (e.g., Akins et al. 2023; Ko-
cevski et al. 2023; Barro et al. 2024; Killi et al. 2024). One
challenge to this picture is that there is a lack of rise in the
rest near-IR (eg. Akins et al. 2025; Wang et al. 2025). An
additional facet is that it seems that black holes in LRDs are
over-massive compared to their host galaxies if we compare
them to local scaling relations (e.g. Reines & Volonteri 2015;
Maiolino et al. 2024). This requires LRDs to either have
evolved from extremely massive seeds or for them to have
been accreting at close to or beyond the Eddington rate since
they were formed (e.g. Kokorev et al. 2023; Natarajan et al.
2024; Pacucci & Loeb 2024; Lambrides et al. 2024), which
is unexpected given typical AGN duty cycles.

It is also possible that the shape of LRD NIRCam SEDs
can be obtained by assuming that they are extremely com-
pact starburst galaxies where the UV excess arises from un-
obscured emission from hot, young stars and the red/near-
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IR optical continuum is reprocessed thermal emission from
dust obscured star formation (e.g., Pérez-González et al.
2024; Baggen et al. 2024). However, this assumption means
that LRDs are extremely massive for their epoch (M∗ ∼
1010 M⊙), giving rise to significant tensions with ΛCDM
models for cosmology (e.g., Boylan-Kolchin 2023; Dekel
et al. 2023).

NIRCam SEDs for LRDs are also consistent with compos-
ite models that attribute the UV excess to newly formed stars
and the red continuum to an attenuated AGN. These models
alleviate the tension of the galaxy-only scenario with ΛCDM,
as not all of the luminosity has to arise from stellar emis-
sion, allowing for them to have stellar masses more typical
of what is expected at this epoch, although their black holes
are preferentially over-massive while compared to local rela-
tions (e.g., Leung et al. 2024; Durodola et al. 2025).

Spectroscopic and multiwavelength photometric observa-
tions are required to obtain better constraints on the physi-
cal natures of LRDs. Followup observations using NIRSpec
reveal that up to ∼ 80% of LRDs exhibit Doppler broaden-
ing of Balmer emission lines in their spectra (e.g., Harikane
et al. 2023; Greene et al. 2024; Kokorev et al. 2023; Fur-
tak et al. 2024; Wang et al. 2024a; Hviding et al. 2025; Ko-
cevski et al. 2025). These broad lines have typically been
used to support the AGN-dominated nature for LRDs in con-
junction with their apparent point-like morphology. How-
ever, it is also possible that compact galaxies with extremely
high stellar densities are capable of driving the gas kinemat-
ics required to produce broad emission features (e.g., Baggen
et al. 2024). Although these seem to be exotic, we note
that galaxies with extreme stellar densities on the order of
that required by Baggen et al. (2024) have been observed at
z ∼ 0.5, and are likely to be more common at high-z (e.g.,
Diamond-Stanic et al. 2021; Whalen et al. 2022).

Under the most basic AGN unification schemes, we would
expect LRDs to be unobscured enough to be X-ray detectable
given that there is a line-of-sight to broad-line emitting gas
(e.g., Urry & Padovani 1995; Padovani et al. 2017; Hickox
& Alexander 2018). However, the vast majority of LRDs
remain undetected in archival, stacked X-ray imaging (e.g.,
Furtak et al. 2024; Ananna et al. 2024; Lambrides et al. 2024;
Yue et al. 2024; Kocevski et al. 2025). Given their UV lu-
minosities as directly measured from JWST photometry, we
would expect them to be powerful X-ray sources under the
assumption of accretion by an optically-thick, geometrically-
thin distribution (e.g. Lusso & Risaliti 2016; Bisogni et al.
2021; Signorini et al. 2023; Yue et al. 2024; Maiolino et al.
2025; Ananna et al. 2024). Within the AGN framework, it
is possible that LRDs are growing at super-Eddington ac-
cretion rates, thus having their X-ray emission intrinsically
suppressed (e.g., Lambrides et al. 2024; Pacucci & Narayan
2024; Lupi et al. 2024). It has also been proposed that

dense, broad line emitting gas near the AGN could be re-
sponsible for providing Compton thick column densities that
could absorb X-ray emission (e.g. Maiolino et al. 2025). Re-
cent works have also suggested that LRDs could be accret-
ing SMBHs residing in dense envelopes of Compton thick
ionized gas (e.g., de Graaff et al. 2025; Naidu et al. 2025;
Rusakov et al. 2025). Though, recent results showing ei-
ther high-ionization or rare Fe transitions challenge a sim-
ple high-covering fraction, dense gas envelope interpretation
(e.g. Lambrides et al. 2025).

The lack of X-ray emission could also be consistent to
LRDs being dominated by a compact starburst, as they would
be too intrinsically X-ray weak to be detectable from high-
z in deep, archival X-ray image stacks. The rest frame in-
frared (IR) potentially has the power to constrain the na-
ture of LRDs, as we would expect the IR slope to flatten
out in the near-IR for dusty star forming galaxies, but for
it to continue to rise for AGN due to hotter dust tempera-
tures in the obscuring torus compared to that in the ISM for
galaxies. A subsample of LRDs have been observed using
the MIRI instrument on JWST, and their photometry reveal
that their SEDs in fact flatten out at around rest-frame 1 µm
(e.g., Pérez-González et al. 2024; Williams et al. 2024; Setton
et al. 2025). This is largely more consistent with LRDs be-
ing dominated by stellar emission, although composite mod-
els including dust-free AGN cannot be completely ruled out
(e.g., Leung et al. 2024). Additionally, sub-millimeter obser-
vations reveal that LRDs do not contain detectable amounts
of cold dust (e.g., Casey et al. 2024, 2025; Setton et al. 2025).
Assuming that their red optical emission arises from starlight
is in conflict with most dust formation models, suggesting
that optical emission from LRDs likely has non-stellar ori-
gins, in tension with the MIRI data.

In the context of LRDs exhibiting conflicting signatures of
AGN and star formation dominance in their multiwavelength
data, their compact morphologies have often been used to in-
voke their likely AGN nature on the basis that the galaxies
consistent with these sizes would have too high of a stellar
mass density. As mentioned earlier, including some AGN
emission in addition to galaxy light in LRD models would
alleviate some of the pressure to be so massive. Additionally,
assuming a top-heavy initial mass function (IMF) could also
allow for LRDs to have lower derived stellar masses while
maintaining their brightness (e.g., Woodrum et al. 2024;
Wang et al. 2024b).

In light of all of their peculiar observed multiwavelength
properties, a coherent model for the full population of LRDs
is highly contested. Deeper inspection of some of the as-
sumptions on what defines an LRD is needed. In this work,
we inspect the robustness of the morphological LRD crite-
ria. Use of parametric fitting codes to quantitatively describe
LRD morphologies have given effective radius (Reff) mea-
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surements that range from as small as ∼ 30 pc to as large as
< 200 pc within F444W images (e.g., Kokorev et al. 2024;
Kocevski et al. 2025). This is a fairly large dynamic range,
with objects on the smaller end being more compatible with
the AGN-dominated interpretation for the nature of LRDs
and those on the larger end being consistent with the sizes
of massive compact starbursts (e.g., Sell et al. 2014). The ex-
treme compactness of these objects certainly push against the
limitations of the computational tools that are used to mea-
sure morphology, as their sizes are on the order of the width
of the instrumental point spread function (PSF). It is imper-
ative that we fully understand the limitations of the tools we
use before we can interpret the estimated sizes of LRDs.

In this work, we aim to address several questions about the
limitations of commonly-used morphological fitting routines
with regards to determining the sizes of LRDs:

1. What are the size and signal-to-noise ratio (SNR) lim-
its at which morphology fitting codes can no longer
recover the intrinsic effective radius, assuming that the
observed source is represented as a Sérsic profile?

2. Assuming that a LRD can be represented as a point
source embedded in a more extended galaxy (consis-
tent with AGN + compact starburst scenario), can mor-
phological fitting codes be used to accurately perform
bulge/disk decomposition?

3. Are LRDs distinguishable from point sources? If so,
under what set of model assumptions?

We note that LRD is a term that has been used to de-
scribe a potentially disparate sample of objects in the lit-
erature that have been selected using various criteria. For
the sake of this work, we use the term LRD to refer to tar-
gets that are photometrically selected based on their rest UV
and optical colors that have also fulfilled a compactness cut
(F

0.′′04/F0.′′02 < 1.7). We do not require them to have broad
lines.

The outline of the paper is as follows: in Section 2 we
discuss the construction of mock LRD F444W cutouts. In
Section 3 we discuss the morphological fitting codes we
are testing and the results to running them on our suite of
simulated images. In Section 4 we contextualize the re-
sults of this fitting by comparing the limits we derive to ob-
served samples of LRDs . We adopt a cosmology of H0 =

70.2 kms−1Mpc−1, ΩM = ΩCDM +Ωb = 0.229+0.046 =

0.275, and ΩΛ = 0.725 (Komatsu et al. 2011)

2. MODELING LRD CUTOUTS

In this section, we describe in detail how we construct
mock image cutouts of LRDs that are representative as those

found in observed JWST fields. The DAWN JWST Archive1

(DJA) is a publicly available repository for fully reduced
JWST data, including deep field mosaics. Data published on
the DJA has been widely used in high-z AGN and galaxy
studies, including the census of LRDs presented in Kokorev
et al. (2024), which are adopting as the parent sample in this
work. We base our simulated LRDs on cutouts from the DJA
mosaics, and we convolve all of our modeled LRDs with the
empirical PSFs available for download on the DJA reposi-
tory.

We model the LRDs themselves as the linear combination
of an extended, Sérsic component with varying effective ra-
dius (Reff) and Sérsic index (n), and a PSF component, where
the relative contribution to the surface brightness profile by
each component is set by a parameter we refer to as fPSF.
We convolve each modeled LRD with a DJA empirical PSF
that will also be passed as the PSF model in the fitting rou-
tine. We then add noise to the images to obtain a desired
signal-to-noise ratio (SNR). We generate cutouts for permu-
tations of LRDs with model parameters within the ranges:
0.25 < Reff/pixel < 2, 1 < nsers < 4, 0 < fPSF < 1, and
10 < SNR < 250.

2.1. Extended stellar component

We begin modeling our the LRD cutouts using the tools
available in the Python package, GalSim (Rowe et al. 2015).
GalSim is a flexible, open-source package that allows for the
simulation of astronomical images for a variety of ground
and space-based instruments. Galfit has a variety of base
surface brightness models available that are binned for each
pixel in the simulated image. We model each simulated
galaxy’s extended stellar component as a Sérsic profile whose
brightness as a function of radius from the center (R) is given
as:

ISérsic (r) = Ie exp

{
− bn

[(
R

Reff

)1/n

− 1

]}
. (1)

where n is the Sérsic index, or steepness, of the profile, Reff is
the effective radius that contains half of the integrated light of
the galaxy, Ie is the brightness at Reff, and bn ∼ 2n−1/3 for
n < 8. We choose GalSim over Astropy’s (Astropy Collabo-
ration et al. 2022) Sersic2D package because we are working
with very small targets, and Sersic2D does not oversample
at its center which leads to a significant discrepancy between
the peak flux and the integrated flux in the central pixels for
small, high-n, profiles2. For each of our simulated stellar
components, we vary Reff and n, and fix Ie such that the in-
tegrated flux for the entire profile is one, and set the inclina-
tion and ellipticity to zero. We then convolve the simulated

1 https://dawn-cph.github.io/dja/index.html
2 https://github.com/astropy/astropy/issues/11179
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images of our Sérsic profiles with the JWST F444W ePSF
calculated in the previous subsection.

2.2. Central point source

In this work, we consider the potential composite nature of
LRDs where there is a central point source embedded within
a more extended stellar distribution as described in the pre-
vious subsection. We account for this by treating the total
surface brightness profile as a weighted sum of the extended
stellar distribution and a point source component modeled by
the PSF profile in JWST F444W. This is given as

ILRD(R) = fPSF · IPSF(R) + (1− fPSF) · ISérsic (r). (2)

We vary fPSF while constructing our simulated LRDs to de-
termine how the effectiveness of morphological fitting rou-
tines changes as the central point source begins to dominate
the surface brightness profile. We then renormalize ILRD(R)

such that the integrated flux within a 0”.36 diameter aperture
is equal to 1 e−, allowing us to easily rescale it later when we
inject noise to obtain a specified signal-to-noise ratio (SNR).

2.3. Noise

Once we construct baseline surface brightness profile im-
ages for our simulated LRDs, we then inject noise. We
consider contributions from read nose, dark current, source
Poisson noise, and background noise while constructing our
cutouts. We treat the read noise and the dark current noise
as a single effective noise component that is modeled as a
randomly generated image where the value in each pixel is
drawn from a Gaussian distribution with a mean µ = 0 e−,
and standard deviation σ = 9.28 e−, as specified in the NIR-
CAM performance documentation3. The dark noise compo-
nent assumes a kilosecond exposure, so we scale it to match
the exposure time of the DJA CEERs mosaic (∼ 9.5 × 104

seconds). We convert the effective noise to units of analog-
to-digital units (ADU) using the gain (1.82 e−1/ADU). The
Poisson noise from the source is similarly a randomly gen-
erated image, but instead drawn from a Poisson distribution
where the noise in each pixel is ∼

√
Ncounts.

The most dominant source of noise in our cutouts is from
the background. Using the JWST background tool, we com-
puted an average background flux for the central coordi-
nates of the CEERS mosiac (214.92°, 52.87°) to obtain back-
ground levels representative of that in the observed images
of LRDs. Depending on the time of year for this particu-
lar mosaic, the background flux levels range from 0.24-0.34
MJy/steradian. For simplicity, we assume a that the back-
ground is uniform across the image at its mean value of 0.29

3 https://jwst-docs.stsci.edu/jwst-near-infrared-camera/nircam-
instrumentation/nircam-detector-overview/nircam-detector-
performance#gsc.tab=0

MJy/steradian. We convert the background flux to counts/s
using conversion factor PHOTMJSR, and then to counts by
multiplying it by the effective exposure time for the mosaic.
We then calculate the background noise image by randomly
drawing from a Poisson distribution at each pixel. Our analy-
sis requires that our cutouts be background subtracted, so we
then subtract the mean background value out from the back-
ground noise image.

We make note of the fact that we are trying to simulate
cutouts from a mosaic that has been reprocessed and “driz-
zled” (Fruchter & Hook 2002). The Drizzle algorithm lin-
early reconstructs under-sampled images to increase their
spatial resolution. For example, NIRCAM F444W images
natively have a scale of 0.063”/pixel, but the processed mo-
saics have been reconstructed to have that of 0.04”/pixel. The
algorithm works by shrinking then mapping input pixels onto
a sub-sampled output grid. This has the effect of introducing
correlated noise, since the noise associated with one input
pixel now gets spread out over several sub-sampled pixels.
This means that the signal-to-noise ratios of sources in im-
ages would be over-estimated without including a correlated
noise correction (e.g., Bagley et al. 2024).

To ensure that our simulated galaxy cutouts are represen-
tative of those constructed from observed mosaics, we must
introduce correlated noise into the simulated noise images
we described above. We do this by making cutouts of several
LRD candidates included in Kokorev et al. (2024) from DJA.
For each cutout, we mask the LRD and contaminant sources,
and then compute the autocorrelation function (ACF) of the
background. For each simulated LRD, we convolve the back-
ground noise image with the ACF measured from actual
background cutouts to redistribute the power of the simu-
lated background noise to make it more representative of
what we would expect from drizzled data with a correlated
noise structure.

We are fundamentally interested in determining if there is a
SNR limit at which morphological fitting becomes unreliable
for extremely compact sources, such as LRDs. In order to
address this, we need to rescale the modeled LRD surface
brightness profiles and add them to the simulated correlated
noise images. The SNR for any object measured via aperture
photometry is given as:

SNR =
Faper

σaper
(3)

where Faper is the measured flux in a 0”.36 diameter aper-
ture and σaper,tot is the total noise. The noise can be further
broken up into

σaper,tot =
√
Faper + σ2

sky,corr (4)

where the first term is the source Poisson noise contribution,
σsky,corr is the sky noise corrected for correlation. This ac-
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counts for the background Poisson noise and the baked-in
CCD noise such as read noise and dark current noise. How-
ever, when aperture photometry is performed on an image,
the measured noise has not yet been corrected. We must first
compute R, a correction factor that is used to scale the mea-
sured aperture noise to account for correlation between pix-
els. This allows us to rewrite Equation 4 as

σaper,tot =
√
Faper +R σ2

sky,uncorr . (5)

In an image with completely uncorrelated pixels, the mea-
sured sky noise within an aperture will scale as a factor of√
Npixels. In an image where all of the pixels are perfectly

correlated, the sky noise within an aperture scales as a fac-
tor of Npixels (e.g., Quadri et al. 2007). For situations like
our own where the noise is partially correlated, the noise will
scale as

σN ∼ σb(N
β
pixels) (6)

where 0.5 < β < 1, σN is the measured aperture sky noise
and σb is the standard deviation of the pixels only containing
sky background. We can compute β following the methodol-
ogy described in Papovich et al. (2016) (see also Labbé et al.
2003; Blanc et al. 2008; Whitaker et al. 2011). In short, we
can estimate β, by placing 1000 non-overlapping, random
apertures with radii 0.5 < r < 12 pixels in the regions of
DJA mosaics that are free of sources and/or bad pixels. In
each aperture, we measure the fluxes to compute the normal-
ized median absolute deviation, which can be a proxy for the
measured noise within an aperture of a given size (σN ) (e.g.,
Beers et al. 1990). We then linearly fit Equation 6 to obtain
an estimate of β.

The uncertainty values given while performing aperture
photometry assume that the images are perfectly uncorre-
lated, or have β = 0.5. Fitting Equation 6 gives the appro-
priate scaling for aperture noise as a function of aperture size
for data with a given amount of pixel correlation. Since R is
the correction factor between the assumed to be uncorrelated
noise values and the real, correlated aperture noise, it can be
expressed as R = Nβ−0.5

pixels . Therefore, the SNR as calculated
by aperture photometry is given as

SNR =
Faper√

Faper +R σ2
sku,uncorr

. (7)

We can solve the following quadratic to obtain an expression
for the aperture flux of an object as a function of SNR:

Faper =
SNR2

2

(
1 +

√
1 + 4 R σsky,uncorr2

SNR2

)
(8)

Using this expression as well as the correlated noise maps we
constructed, we scale the surface brightness profile image to
have the aperture flux to needed to achieve the desired SNR

for a particular modeled LRD. We then recompute the source
Poisson noise to account for the rescaled flux and add that
back into the noise image. We note that the actual SNRs of
these simulated LRDs are a ∼ 2% lower than the desired
SNR due to the rescaling of the source Poisson noise.

The morphological fitting codes require us to pass an RMS
image along with each object cutout. We simulate the root-
mean-square (RMS) image for each model LRD by gener-
ating 500 realizations of a possible noise image given all of
the LRD’s input parameters. We then take the root mean
square of these realizations and assign the resulting image as
the RMS image. We also note that the per-pixel noise in the
RMS image is likely a lower-limit on the noise, since it does
not explicitly account for the pixel-to-pixel correlation intro-
duced by Drizzle. We adopt the CEERS correlation factor of
R = 2.86 for our mock objects.

3. FITTING THE SIMULATED LRDS

The overarching aim of this work is to determine the limi-
tations of well-known morphological fitting codes in address-
ing several questions regarding the nature of compact targets
including JWST LRDs. Answering each of these questions
requires a slightly different approach.

The first question addressed in this work, as mentioned in
Section 1, aims to determine the minimum size for a galaxy
that a particular morphological fitting code can accurately re-
cover the input parameters that were used to create that given
mock cutout. This is a direct comparison to the LRD size
estimates that have been presented in the literature. We ap-
proach this objective by conducting a basic Sérsic fit for each
of the cutouts we have generated.

The second question aims to determine for what subset
of input parameters that popular morphological fitting codes
could resolve a central point source from a small, extended,
stellar component. One major challenge with understanding
LRDs is that it is difficult to determine whether their emis-
sion is dominated by an AGN, a compact galaxy, or that it
has some significant contribution from both. Being able to
separate a LRD into individual components would allow us
to determine if the underlying stellar population is actually
extremely compact or if it is a more “normal” galaxy that
hosts a bright AGN. Additionally, obtaining an estimate on
the fraction of light contained in an unresolved component
would allow for a much more robust study of the stellar pop-
ulations residing in the extended component, as it would pro-
vide tighter constraints on an “AGN fraction” parameter in
SED fitting. We address this question by performing a sim-
ilar morphological fit, but with a secondary PSF component
included in the model used for fitting.

Lastly, we aim to determine if there is a set of model
parameters for which which our mock LRDs are indistin-
guishable from point sources. JWST imaging reveals that
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One of five simulations that went into this data point

Mock Cutout Best Fit Residual

(A)

(B)

(C)

(D)

Figure 1. Sérsic fits to SNR ≲ 25 LRDs do not yeild reliable Reff,fit estimates. Results from pysersic single-component Sérsic fits to our sample
of mock LRDs at varying SNR. Each of the points in Panels (A) and Panels (B) represents a particular mock LRD image that is being fit. All
one-to-one relationships between input and best-fit parameters are shown as grey, dashed lines. We note that we only expect fits to the fPSF = 0
images to match these. Panels (A): The top of each of the six panels presents residuals between the best-fit nsers and the input used to generate
a given mock image. Panels (B): Best-fit values of Reff versus the input. Along with Panels (A), uncertainties are large and the best-fit values
do not begin to converge towards the input values until SNR ≳ 50. Panel (C): Example corner plot for one of the SNR = 100 images that was
well-fit by the Sérsic model. Panel (D): The residual image computed with the mock LRD image and the best-fit model.
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LRDs are largely unresolved. Compact Sérsic profiles that
have been convolved with the PSF are most easily distin-
guished from a true point source in the wings of the profile;
which makes differentiating between the two difficult since
the wings could be too faint to detect over noise in the image.
We perform PSF fits to our mock LRDs to assess whether or
not they are distinguishable from a pure PSF model.

In the following subsections, we describe each of the fitting
codes we include in this work, as well as the priors we use
for each of the models we fit to our mock LRD observations.

3.1. pysersic

One of the primary codes we used to conduct this analysis
was pysersic (Pasha & Miller 2023). Pysersic is a Bayesian
framework parametric fitting code that implements a Markov
Chain Monte Carlo (MCMC; e.g., Metropolis et al. 1953)
routine to robustly sample the posterior distributions for each
of the parameters that make up a given morphological model.
Pysersic includes several built in surface brightness models
that can be fit to actual cutouts. In our analysis, we use the
Sérsic , Sérsic plus point source, and the pure point source.
The Python package is built using jax (Bradbury et al. 2018),
and implements numpyro for its Bayesian inference (Phan
et al. 2019; Bingham et al. 2019). Pysersic was utilized to
obtain the LRD size upper limits presented in Kokorev et al.
(2024), which is one of the only works in the literature that
has quantitatively reported limits on LRD sizes.

For consistency with the size upper limit analysis in Koko-
rev et al. (2024), we assume uniform priors on effective ra-
dius (0.25 < Reff < 5 pixels) and Sérsic index (0.65 <

n < 6). We found that pysersic experienced difficulties try-
ing to find the centroid for low SNR sources. To combat
this, we additionally included a uniform prior on xcen and
ycen between 36 and 39 pixels. We estimate parameter val-
ues and uncertainties using the ”svi-mvn” method. This is
different from the Laplace approximation used in Kokorev
et al. (2024), but we found that there is not a significant dif-
ference between the results obtained from each method. We
chose this because the “svi-mvn” method samples the poste-
rior distributions for the parameters being fit, allowing us to
determine if there are degeneracies between any of the model
parameters. We also note that pysersic can construct best fit
models using either a “PixelRenderer” that renders the image
in pixel space and then convolves it with the appropriate PSF,
or a “HybridRenderer” that utilizes the approach described in
Lang (2020) to approximate the radial profiles and PSFs in
Fourier space as series of Gaussians. The ‘HybridRenderer”
returns the resulting image in pixel space using an inverse
fast-Fourier transformation. We carry out all our pysersic fits
using both the Pixel and Hybrid renderers. We note that there
is not a significant difference between their quality of fits.

3.2. GALFIT

GALFIT (Peng et al. 2002, 2010) is a 2-D parametric
galaxy morphology fitting code. It is highly flexible; it of-
fers a variety of parametric models that can be fit to the
data and allows for multi-component fits. GALFIT is a non-
linear least-squares fitting algorithm written in C that uses the
Levenberg-Marquardt technique to minimize residuals on a
given fit. It has been widely utilized in galaxy morphologi-
cal fitting since its inception (e.g., Sheth et al. 2010; Meert
et al. 2015; Schutte et al. 2019), so we incorporate it in this
work to compare its performance in fitting the morphology
of LRDs to that of pysersic. For all of the fits, we assume
uniform priors on effective radius (0.25 < Reff < 5 px) and
Sérsic index (0.65 < n < 6). Every other model parameter
is left free in the fitting.

3.3. Fit Results

We present results from using popular morpholigical fit-
ting codes, pysersic and GALFIT, to fit a suite of mock LRDs
to determine their accuracy in estimating sizes for extremely
compact galaxies. Overall, we find that pysersic and galfit
behave similarly, so we will present results for the pysersic
“HybridRenderer” fits here, and include the analogous fig-
ures for the “PixelRenderer” and the GALFIT fits in an Ap-
pendix.

3.3.1. Sérsic fits

First, we present results obtained by fitting our sample
of mock LRDs with a single-component Sérsic model. For
brevity, Figure 1 shows the “HybridRenderer” fits for all of
the nsers,in = 4 LRDs in the sample. Each subplot contains
fits to all of the mock LRDs of a given SNR. The tops of these
subplots, denoted as (A), gives the residual between the best-
fit and input values of nsers for each given image. The bottom
panels (B) compare the best-fit and input Reff values. The
grey, dashed lines in (A) and (B) denote the one-to-one re-
lationship between the input and best-fit values. Each point
in these plots represents the fitting of a particular mock LRD
image in our sample. The fits are color-coded by their in-
put fPSF values. We note that since this a single-component
Sérsic fit, that we only expect the fits to the fPSF = 0 images
to fall along the one-to-one lines. For the pysersic fits, the
“svi-mvn” method allows us to sample the posterior while
fitting (Figure 1 (C)). We also computed residual images for
each of the mock cutouts; an example can be seen in 1 (D)).

Generally, the “HybridRenderer” and “PixelRenderer” in
pysersic yield comparable results, so we will discuss them
together. The main takeaway from the Sérsic profile fitting
to the mock cutouts is that pysersic finds significantly more
success fitting higher SNR cutouts. In the lowest SNR bin,
almost any best fit model upon which pysersic converges
is generally consistent within the uncertainties dictated by
the simulated RMS image. This means that for SNR ∼ 10

sources, the best fit model for a galaxy with Reff,in ∼ 2 pixel
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is nearly indistinguishable from that of a pure point source.
As SNR increases, the best Sérsic fits for simulated galax-
ies with different intrinsic surface brightness profiles become
increasingly discernible from one another. However, within
the 15 ≲ SNR ≲ 25 range, there is still significant over-
lap between the best fits to extended targets with modest PSF
contribution and those that are more intrinsically compact.
Within this SNR range, extra care must be taken while inter-
preting the best fit sizes measured with pysersic.

We also tested if there is a dependency between goodness
of Sérsic fit performed by pysersic and the intrinsic shape
(nsers) of the input simulated source. The results of this are
given in Figure 2. We show the suites of fits to the high-
est SNR simulations so any possible deviations between the
input and output parameters would clearly be due to the spa-
tial resolution limitations to pysersic rather than the extended
features being lost in the noise. We find that pysersic has
an more reliably recovers the true parameter values for sim-
ulated targets whose Sérsic components are modeled with
a less-steep nsers, especially for input models consisting of
Sérsic profiles with small Reff. This can mainly be seen in
with the blue points in each of the panels, as these points rep-
resent models that consist of only a Sérsic component; we
would expect pysersic to be able to perfectly recover their
input parameter values. However, we see this is only true
for the nsers,in = 1 models, as there is no residual in the
nsers fits across the entire Reff,in range, nor is there devia-
tion from the one-to-one Reff output/input relation. For the
other three panels where nsers,in > 1, we find that pyser-
sic prefers fitting Sérsic profiles where nsers,fit < nsers,in for
models with small Reff,in. This has the secondary result of
pysersic consistently overestimating the sizes of input pro-
files with Reff,in < 0.65 pixels. This trend is also seen in fits
using pysersic’s PixelRenderer.

As mentioned above, we additionally fit all of our mock
LRD cutouts with GALFIT. The results of this can be seen
in the Appendix. In short, we see the same trends as we do
with our pysersic fitting. Among the major differences be-
tween the two methods is that accuracy of GALFIT’s best fits
does not degrade as strongly with increasing nsers,in; it does
not overestimate the sizes of sources with intrinsically small
Reff,in even at high-SNR. We also find that the fit uncertain-
ties are lower at SNR ≲ 50 for pysersic, but that GALFIT
has smaller uncertainties for higher-SNR cutouts. Our rec-
ommendation is the same for GALFIT as it is pysersic: care
must be taken when interpreting output Reff measurements,
especially for images with modest SNR.

3.3.2. Two-component decomposition

Morphologies of real galaxies are often too complex to
be modeled using a single Sérsic component. It is com-
mon to decompose the morphologies of more typical AGN

host galaxies at low-z into two-component models that sepa-
rate the central PSF-like emission from an underlying stellar
population that can be modeled with a Sérsic profile. An
aim of ours in this work is to determine under which sets
of assumptions this two-component decomposition might be
feasible for existing observations of LRDs. We present re-
sults for our pysersic HybridRenderer two-component de-
composition for the subset of our mock LRDs whose stel-
lar populations are modeled as nsers,in = 4 in Figure 3. The
fits to mock LRDs created from differing nsers,in values are
given in the appendix. Figure 3 is comprised of 6 main pan-
els, each representing a different object SNR. Within each
of these panels, we show the best-fit fPSF (A), nsers,fit-nsers,in

(B), and Reff,fit (C) as a function of Reff,in. For all mock
LRDs with SNR ≲ 50, we find that pysersic Reff,fit mea-
surements fail to recover input Reff,in values across the full
range of Reff,in we explored. Pysersic has slightly more suc-
cess with SNR = 100, 250 objects, but only for those with
Reff,in ≳ 1.325 and Reff,in ≳ 0.75 pixels, respectively. Look-
ing towards subpanel (B), it is also clear that pysersic has
difficulty recovering nsers,in. The posterior distributions for
individual fits to mock images spanning the full range of in-
put parameter values reveal that nsers is completely uncon-
strained.

Although pysersic two-component decomposition is
largely unreliable for our mock-LRDs, subpanels (A) of
Figure 3 reveal that it can still be somewhat useful in de-
termining relatively how PSF-like LRDs might be. Across
the full SNR range explored, objects constructed from mod-
els with large Reff,in and low fPSF,in values are consistently
fit with smaller fPSF,fit values than their more intrinsically
compact counterparts, although this is seen more strongly
in objects with higher-SNR. In other words, pysersic deems
that an object with fPSF,in ∼ 1 is nearly indistinguishable
from another with fPSF,in ∼ 0 but with Reff,in ∼ 0.5; this
makes sense considering that they are both intrinsically com-
pact objects that would be considered to be PSF-dominated
when convolved with the instrumental PSF. The usefulness
with the two-component decomposition here rather than a
basic Sérsic fit is that the best fit fPSF,fit values are less de-
generate across a wider range of SNR than Reff,fit is with the
one component fit. We believe that this is especially impor-
tant for low-SNR targets where the wings of an underlying
extended Sérsic profile might easily be lost in the noise; it
would be easier for pysersic to determine that a certain frac-
tion of light is within the PSF than it would be for it to make
an accurate measurement on the underlying Reff. It allows
for a spectrum to exist between a source being classified as
“extended” or “PSF-dominated” as opposed to a binary; all
without over-interpreting the underlying physical properties
of the source. The results for GALFIT are conistent with this
picture, although with some more scatter.
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Figure 2. Pysersic has difficulty fitting simulated LRDs with steeper (larger-nsers) profiles and with small effective radius. Here we present
esults from single-component Sérsic fitting with pysersic to SNR = 250 sources with intrinsically different underlying Sérsic profile shapes.
This effect propagates to the results from fitting lower-SNR simulated LRDs as well, as seen in the appendix.

3.3.3. PSF fits

The final question we explored with regards to the limita-
tions of morphological fitting was: under what set of model
assumptions would a subset of mock LRDs be distinguish-
able from a pure PSF component. We addressed this by fit-
ting our synthetic images with a model PSF that matches
the one used to construct them, and then by measuring the
reduced-χ2 values for the fit. We similarly did this test with
both pysersic and GALFIT.

The results for the pysersic HybridRenderer fitting are pre-
sented in Figure 4. We note that the baseline reduced-χ2

values for these fits are ∼ 0.5 instead of the expected unity.
This is due to an underestimation of noise that arises from
images with correlated noise being fit within the per-pixel
uncertainties characterized by an uncorrelated RMS image.
The results for fits performed by pysersic/PixelRenderer and
GALFIT are included in the Appendix

All cutouts with SNR ≲ 25 are fit reasonably well by a
basic PSF model. The average reduced-χ2 values for the fits
are indistinguishable from one another. Starting at around
SNR ≳ 50, more intrinsically extendeded cutouts with large-
Reff,in and/or small-fPSF,in have higher average reduced-χ2

than their more compact counterparts. This discrepancy con-
tinues to increase as a function of SNR, and is seen in both
the fits performed with pysersic/PixelRenderer and GALFIT.
This result implies that within a certain noise threshold, it is
difficult to determine whether or not an object is extended.
Within the context of LRDs, this highlights that just because
an object can be fit by a model PSF with little resulting resid-
uals does not mean that it is inherently PSF-like within the
SNR ≲ 25 range.

4. SIMULATIONS IN THE CONTEXT OF OBSERVED
LRD POPULATIONS
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Figure 3. Two-component decomposition can determine the fraction of a target’s flux that is contained in unresolved PSF-like component for
a wide range of SNR, however it cannot estimate morphological properties for underlying the resolved stellar distribution. Here we present
results from pysersic two-component decompositions for our suite of mock LRDs at varying SNR with nsers,in = 4. We find that pysersic has
difficulty simultaneously recovering all of the input parameter values over the full SNR range, but the difficulty gets exacerbated at low-SNR.
For mock objects with SNR ≲ 50, best-fit Reff measurements for the Sérsic component do not reflect the size of the input Sérsic profile that
was used to construct each given simulated object. We also find that the posterior distributions for the best-fit nsers are unconstrained for models
of all sizes across the full SNR range. Lastly, we find that for galaxies with small Reff,in, pysersic has a tendancy to overestimate fPSF. This
deviation between fPSF, in and fPSF,fit happens at increasingly larger Reff,in for lower SNR targets.

Throughout this work, we have explored the capabilities of
the popular morphological fitting codes pysersic and GAL-
FIT with respect to recovering the input parameter values
used to construct a simulated suite of potential LRD-like
model galaxies. In this section, we contextualize these results
with respect to the observed population of LRDs presented in
Kokorev et al. (2024).

As mentioned in Section 2, we worked with cutouts from
deep F444W images of JWST blank fields that were publicly
available and fully reduced on the DJA. These include data
from the following programs: CEERS(# 1345; PI: S. Finkel-
stein; Bagley et al. 2023; Finkelstein et al. 2023), PRIMER (#
1837; PI: J. Dunlop), FRESCO (# 1895; PI: P. Oesch; Oesch
et al. 2023), JADES (# 1180, 1210, 1286, and 1287; PIs: D.
Eisenstein and N. Luetzgendorf; Eisenstein et al. 2023a,b),
and JEMS (# 1963; PI: C. Williams).

4.1. The SNRs of observed LRDs

As shown in the previous sections, there is a SNR limit
at which morphological fitting codes become less reliable.
Contextualizing the results of the simulations requires us to
fully understand the morphological measurements that have
been done on LRD cutouts from real observations. As men-
tioned in Section 2, we similarly analyze 3” cutouts from the
DJA mosaics described in Kokorev et al. (2024). We also sort
this LRD samble into SNR bins that match those used in our
analysis of our mock LRDs. We compute the SNR for each
LRD following the method we describe in Section 2.3 to ac-
count for correlated noise and ensure that we are consistent
with how we define SNR for our mock sample.

4.2. Fitting the morphologies of observed LRDs

A major reason why we adopted the sample of LRDs in
Kokorev et al. (2024) is that it is one of the few works in the
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Figure 4. All simulated LRD models with SNR ≲ 25 are indistinguishable from point sources, regardless of their intrinsic compactness. Here
we present reduced-χ2 values for pysersic PSF HybridRender fits for suite of mock LRD cutouts. For objects with SNR ≲ 25, all images are
fit reasonably well by a single PSF component for all fPSF,in and Reff,in values, meaning that it is difficult to ascertain whether or not an object
is intrinsically extended within the limits of the background noise. When SNR ≳ 50, profiles with low-fPSF,in and large-Reff,in are no longer fit
well by a single PSF; they can be definitively classified as extended.
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literature that has presented morphological measurements for
a statistically significant sample. There have been some at-
tempts at parametric morphology fitting elsewhere, including
for several individual LRDs/small samples (e.g., Naidu et al.
2025; Wang et al. 2024a; Ronayne et al. 2025; Taylor et al.
2025). Some other works have made attempts at selecting
unresolved targets by comparing their sizes to a stellar-locus
that has been fit with forward-moldeled galaxy profiles (e.g.,
Akins et al. 2024; Hviding et al. 2025). Kokorev et al. (2024)
present their best fit half-light radii as size upper limits, al-
though the other best fits to ancillary morphological parame-
ters such as nsers are not included. Since the primary analysis
in this work has also explored the covariance between under-
lying nsers and Reff, we have decided to refit the F444W mor-
phologies of the Kokorev et al. (2024) cutouts using pysersic
to ensure that we have best fits to all of model parameters.
We have additionally performed a two-component decompo-
sition. We constructed RMS images for all of our fits that
included source Poisson noise following the documentation
on the DJA imaging products web page 4.

We include a summary of the results to our fitting in Table
1. Our priors are the same as described in Section 3. Simi-
lar to Kokorev et al. (2024), we primarily measured that the
LRDs have mean Reff ≲ 1 pixel. However, our sizes were
slightly larger and had more scatter. To ensure that our fits
were comparable to those from Kokorev et al. (2024), we
performed a second Sérsic fit to the data but instead of using
the uniform prior on Reff that was detailed in Kokorev et al.
(2024), we used a Gaussian prior where the mean was the
Kokorev et al. (2024) best fit value and the width was 0.5 pix-
els. We were able to recover the best-fit Kokorev et al. (2024)
measurements using this Gaussian prior. We also found that
the χ2

ν values were comparable for both priors, suggesting
that both fits describe the data equally well. The parame-
ter space is likely highly degenerate and it is possible that
there are many local minima in the likelihood function. We
continue to quote the results from the uniform prior fits since
those are less biased towards a particular value and match the
assumptions for the only other reported morphological fitting
of this sample.

4.3. Exploring the compactness of observed LRDs

Photometrically selected LRDs are by design selected to be
morphologically compact. They must satisfy a “compactness
criteria” where the flux ratio between 0.′′04 and 0.′′02 radius
apertures is < 1.7. Here, we compare the measured compact-
ness ratio to other morphological properties measured using
pysersic to determine how well it traces underlying morphol-
gical structure.

4 https://dawn-cph.github.io/dja/blog/2023/07/18/image-data-products/

4.3.1. Sérsic fit

We begin by comparing the results of our single com-
ponent Sérsic fits to those measured for our suite of mock
LRDs. This is shown in Figure 5. Each of the panels rep-
resents a different SNR bin. The fits to observed LRDs are
depicted with black stars and the results to our mock sample
are given as multicolor points whose color corresponds to a
particular input fPSF. We find that the measured Reff for sim-
ulated LRDs scales with compactness ratio (F

0.′′04/F0.′′02).
This correlation also tightens with increasing SNR. We note
that the simulated points here encompass models that span
the full range of input Reff and nsers; this becomes clear in
high SNR panels with the emergence of distinct tracks. By
design, the observed LRDs occupy the bottom left, or most
compact regions of this parameter space.

For each of the observed LRDs in this sample, we selected
its 5 nearest neighbors in Reff,fit—F

0.′′04/F0.′′02 space within
its SNR bin and computed the weighted average and vari-
ance of Reff,in, nsers,in, and fPSF,in values to estimate which
models best described the observed LRDs. Using the means
and standard deviations of each LRD’s nearest neighbors, we
performed a Monte Carlo simulation where we drew 5,000
samples from the corresponding Gaussian distributions to es-
timate the covariance between model input parameters for
each SNR bin. We unsurprisingly find covariance between
Reff,in and fPSF,in across all SNR bins. In other words, models
with more extended Sérsic components require higher fPSF to
satisfy the LRD compactness criteria. This covariance grows
stronger with increasing SNR. We also find that the average
nearest neighbor input parameter measurements have large
uncertainties. This likely is partly due to the pysersic fits to
modeled LRDs having large uncertainties at low to moderate
SNR, and partly due to an underlying morphological diver-
sity within the LRD sample.

4.3.2. Sérsic + PSF fits

In 3.3.2, we establish that two-component Sérsic /PSF de-
composition could be an invaluable tool for estimating the
fraction of unresolved emission in LRDs. We test this by
performing a two-competent fit to the observed LRD cutouts
and comparing the results for those of our simulated LRDs.
This is shown in Figure 6; the black stars represent fits to
observed LRDs, and the multi-colored points are fits to our
mock sample of LRD-like objects. We confirm that fPSF,fit

correlates with the compactness ratio for both the real and
simulated LRDs across every SNR bin. However, the scat-
ter around this relationship is large for SNR ≲ 25, making it
difficult to differentiate between objects that are mostly un-
resolved versus those that are compact yet have a detectable
extended component.

This trend becomes much more pronounced for objects
with SNR ≳ 50. The SNR ∼ 50 bin shows that sim-
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Figure 5. Observed LRDs occupy the same region of Reff,fit–F
0.′′04/F0.′′02 parameter space as simulated LRDs with diverse sets of input

morphological parameters. Each panel depicts the measured Reff value versus compactness ratio (F
0.′′04/F0.′′02) for observed LRDs (black

stars) and our suite of simulated LRD-like objects (multi-colored, color corresponding to input fPSF for a given SNR bin. For the simulated
LRDs, Reff,in scales with compactness ratio with this relationship tightening with SNR. Each color point represents different fPSF,in, but spans
all models regardless of Sérsic Reff,in or nsers,in, as evident by the different “tracks” that emerge as SNR increases. Observed LRDs occupy the
most compact (Lower-left) region of this parameter space.

ulated LRDs are more likely to have fPSF,fit ≲ 0.7 when
F0”.4/F0”.2 ≳ 1.6. This smooth trend between fPSF,fit and
compactness ratio begins to resemble an increasingly steep
step-function for objects with SNR ≳ 100. For SNR ∼ 100,
simulated LRDs with F0”.4/F0”.2 ≳ 1.65 almost entirely
are best fit with fPSF,fit < 0.5. This step function grows
even more stark at SNR ∼ 250, where simulated LRDs with
F0”.4/F0”.2 ≳ 1.6 have fPSF,fit < 0.3..

Our best-fit fPSF,fit values for the observed LRDs roughly
trace the fits to our models in every SNR bin. The vast major-
ity of the observed LRDs are consistent with having most of
their F444W emission arise from an unresolved, PSF com-
ponent, as evident by ∼ 75% of the observed LRD sample
being best-fit by models with fPSF,fit > 0.7. This fraction of
PSF-dominated observed LRDs is given for each SNR bin
in Figure 6, as well. This evidence highlights that most ob-
served LRDs are compact enough to be morphologically con-
sistent with being completely unresolved, meaning that their
F444W morphology does not have much contribution from a
potential host galaxy. However, the other 25% reveal a po-
tentially interesting subpopulation that is still highly com-
pact and is mostly unresolved. However, it is possible to
potentially detect extended emission from their host galax-

ies, especially for LRDs with SNR ≳ 50. This gradient of
morphological diversity highlights that it is possible that not
all LRDs arise from the same physical phenomena, or at the
very least that they might not be in the same phase of their
evolution.

4.3.3. Non-parametric Compactness Indicators

Two-component decomposition fitting for LRDs reveals
that although all LRDs are morphologically compact, some
have detectable amounts of resolved emission in the F444W
band. Here we visually inspect the 1-dimensional radial pro-
files as measured from the LRD cutouts to compare their ex-
tent versus that of the empirical PSF of the field in which each
LRD was detected and the PSF-convolved best-fit Sérsic pro-
file as measured by pysersic. In Figure 7 we present F444W
cutouts (left) and radial profiles (right) for three LRDs (IDs:
20897, 28748, 16152) that are representative of the morpho-
logical diversity of the LRD population. For the radial profile
plots, the profile of the observed LRD is shown in blue, the
convolved best-fit Sérsic in orange, and the PSF in grey.

The LRDs are shown in order of increasing extent. The
radial profile for LRD 20897 closely matches that of the
PSF, suggesting that the vast maority of F444W emission
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Figure 6. Majority of observed LRDs are dominated by unresolved, PSF-like emission across a wide range of SNR. However, ∼ 15% of
LRDs that are compact enough to be selected exhibit evidence of having significant resolved F444W emission. Here we present results from
our two-component decomposition using pysersic on observed and mock LRDs. Each panel represents a different SNR bin and shows the
relationship between fPSF,fit and F

0.′′04/F0.′′02, or the compactness ratio. Best fits to observed LRDs are depicted with black stars and those for
modeled LRDs are given as multi-colored points with each color representing the input fPSF,in value used to construct each given model.

for this source is unresolved, or PSF-line. This is consistent
with the best parametric fits to this source; single component
Sérsic fitting suggests Reff,fit ∼ 0.35 px ∼ 95 pc and two-
component decomposition gives fPSF,fit ∼ 0.85. This source
is representative of majority of the LRD population. Next, in
the middle row of 7, we present LRD 28748. This source is
also centrally compact; its single component Sérsic fit mea-
sures Reff,fit ∼ 0.296 px ∼ 78 pc and two-component sug-
gests fPSF,fit ∼ 0.70. This is also evident in how the source’s
radial profile closely traces the PSF and the best-fit Sérsic out
to R ∼ 5 px, but then deviates to highlight that more diffuse,
larger scale extended emission. The nature of this emission
is currently unknown, it could indicate that this source is per-
haps an interacting pair of galaxies, or it could simply be a
low-z interloper that was centered on the compact emission
by chance. It is worth mentioning that Chen et al. (2025) per-
formed SED fitting for three different LRDs with off-center,
extended emission and determined that the extended blobs
were associated with their central cores. The last source
shown here is LRD 16152. This is a target that is more ex-

tended than the PSF at all scales, and closely matches the
best fit Reff,fit ∼ 0.82 px ∼ 197 pc Sérsic . Two component
decomposition also suggests that only 50% of the light from
this source is contained in a PSF component. This source is
similar to ∼ 15% of the total LRD population, and is more
likely to have a detectable host component than the LRDs
whose profiles more closely resemple the PSF.

This comparison we have done here is similar to the work
presented in Diamond-Stanic et al. (2012) and Sell et al.
(2014) for a population of z ∼ 0.5 massive (1010 M⊙), ex-
tremely compact starburst galaxies. The sample of galax-
ies presented there is interesting in the context of LRDs.
They were originally selected from the Sloan Digital Sky
Survey (SDSS) quasar catalog for being bright, blue, and un-
resolved. However, they were reclassified as starbursting or
as very young post-starburst galaxies due to their relatively
weak nebular emission and extremely high mid-IR derived
SFRs (> 300 M⊙/yr; Tremonti et al. 2007). Their SEDs are
characterized by a blue rest-frame UV continuum that leads
into a rising red/near-IR slope, qualitatively similar to that of
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28748

16152

20897

Figure 7. There is morphological diversity in the full population of observed LRDs. We present F444W cutouts of three selected LRDs (left)
along with their corresponding radial profiles (right). All of the cutouts have a logarithmic stretch, and we show radial profiles for each LRD’s
best-fit single component convolved Sérsic profile (orange) and the empirical PSF (grey, dashed). We select these three to highlight the range
in LRD morphologies that exist. LRD 20897 is PSF-dominated; it was best fit by profiles with Reff,fit ∼ 95 pc (one component Sérsic fit), or
fPSF,fit ∼ 0.85 (two component decomposition). LRD 28748 is centrally compact, but exhibits diffuse wings that aren’t recovered in the best-fit
Sérsic ; it was best fit with Reff,fit ∼ 78 pc or fPSF,fit ∼ 0.70. LRD 16152 is more extended than the PSF at all scales; it was best fit with
Reff,fit ∼ 196 pc or fPSF,fit ∼ 0.53.
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LRDs. They are not detected in the X-ray, nor do they have
radio signatures of hosting AGN (e.g. Sell et al. 2014; Petter
et al. 2020).

The most striking similarity between this population of
z ∼ 0.5 compact starburst and LRDs is their extreme com-
pactness. The z ∼ 0.5 compact starbursts are completely
unresolved in SDSS. Follow-up Hubble Space Telescope ob-
servations reveal that most of them are dominated by an un-
resolved core (or two cores in close proximity) embedded in
faint, tidal features indicative of having recently undergone
a major merger (e.g., Diamond-Stanic et al. 2012, 2021; Sell
et al. 2014). Best-fits as determined with GALFIT reveal
that these sources have extremely compact (RRff ∼ 100 pc)
morphologies, similar to the sizes we recover for a portion
of LRDs. We also visually inspected the F1115W cutouts
for the full sample of LRDs. The F115W band has a signif-
icantly smaller PSF and their DJA mosaics are more finely
sampled than the long-wavelength bands, allowing us to re-
solve more compact features. Several of the LRDs with more
extended F444W morphologies appear to have either dual-
cores or features that resemble tidal tails in the F1115W im-
ages, similar to what we see in the z ∼ 0.5 compact star-
bursts. The presence of disturbed LRD short-wavelength
morphologies has been noted by Rinaldi et al. (2024); many
of these extended rest-UV LRDs also exhibited broad Hα

with FWHM 1200 − 2900 km/s. Emission line diagnostics
put these sources in the “composite” range of the diagnos-
tic “OHNO” diagram (e.g., Trouille et al. 2011; Trump et al.
2023). Rinaldi et al. (2024) has similarly interpreted these
UV morphologies as indication that some LRDs might be the
result of interacting galaxies triggering star formation and/or
AGN activity.

A major difference between LRDs and z ∼ 0.5 compact
starbursts is that up to ∼ 80% of LRDs exhibit broadened
Balmer lines (e.g., Greene et al. 2024; Hviding et al. 2025),
while the z ∼ 0.5 compact starbursts lack them although they
do show evidence for high-velocity (> 1000 km/s; Tremonti
et al. 2007; Davis et al. 2023), large-scale (∼ tens of kpc; e.g.,
Geach et al. 2013, 2014, 2018; Rupke et al. 2019, 2023) Mg
II, [OII], and molecular gas outflows. Baggen et al. (2024)
suggested that the presence of broad lines in LRDs does not
necessarily require an AGN, and that galaxies with extreme
stellar densities could be kinematically consistent with ob-
servations. This sample of z ∼ 0.5 compact starburst galax-
ies are referenced in Baggen et al. (2024) and are shown to
be dense enough to match the physical requirements facil-
itated by their calculation. We stress that a vast majority of
LRDS are most consistent with the AGN interpretation based
on their spectra and their morphologies. However, there is a
significant minority that could be analogous with these com-
pact starbursts seen at z ∼ 0.5, or composites between a
strong, central starburst and an AGN. This sub-sample is par-

ticularly interesting in understanding how the AGN-starburst
connection unfolds at high-z.

5. SUMMARY & CONCLUSIONS

The discovery of LRDs in JWST blank fields have chal-
lenged our understanding of galaxy and supermassive black
hole formation. Their multiwavelength properties are con-
founding; they are morphologically compact and have broad
emission lines as would be expected for an AGN, but their
unusual SED shape and lack of detection in stacked archival
X-ray images does not quite fit our canonical understanding
of AGN. Being able to characterize the physical nature of
LRDs first requires us to find the limitations of the tools we
use to measure their properties.

Parametric morphological fitting has long been used to es-
timate the sizes and shapes galaxy surface brightness pro-
files. This technique fits multi-parameter models that have
been convolved with the instrumental PSF to image cutouts,
describing their underlying morphology. One challenge in
measuring the sizes of LRDs is their extreme compactness;
they appear to be point like in images, suggesting that they
are almost entirely unresolved. First attempts at measuring
their morphologies using parametric fitting codes like pyser-
sic or GALFIT reveal that their best-fit F444W radii span
30 ≲ Reff/pc ≲ 200. This corresponds to image-scale sizes
of ≲ 1 pixel (before considering convolution with the PSF).
This type of extreme compactness pushes against the compu-
tational limits of parametric morphological fitting, as the fit-
ting becomes even more sensitive to the user-selected model
PSF and as well as the level of background noise.

A main objective of this work was to address the limita-
tions of parametric morphological fitting tools in estimating
the compact sizes of LRDs. In particular, we were inter-
ested in determining if there was a minimum intrinsic size
that would be recoverable, as well as if there was a SNR
dependence for the accuracy of these fitting codes. We ex-
amined this question by constructing a suite of simulated ob-
jects to be fit. We made the simple assumption that LRDs
could be modeled as the linear combination of an “extended”
Sérsic profile (parameterized by Reff,in and nsers) and an em-
bedded PSF component, where their relative contribution is
scaled by parameter fPSF, or the fraction of F444W flux con-
tained in the PSF component. We simulated image cutouts
for objects with different parameter permutations in the range
0.25 < Reff/pixel < 2, 1 < n < 4, 0 < fPSF < 1, and var-
ied the SNR in six bins within 10 < SNR < 250. We then
performed fitting with pysersic and GALFIT to examine if
there exists a region of parameter space at which the results
become unreliable. We fit three models to our simulated im-
ages: 1) a single component Sérsic , 2) two-component Sérsic
+ PSF, and 3) just the PSF. The results of this analysis can be
summarized as such:
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• Both, pysersic and GALFIT best recover the input
parameter values used to construct the simulated im-
ages at high-SNR for the single-Sérsic fit. The fits
for cutouts with SNR ≲ 15 have significant scatter,
and it is difficult to differentiate between varying input
models based on best-fit Reff,meas alone. We caution
readers that fits to lower-SNR sources that are as com-
pact as LRDs may not be reliable or physical.

• Two component decompositions performed by pyser-
sic and GALFIT can only accurately measure the size
of the underlying Sérsic component when SNR is high
and Reff,in ≳ 1. The two component fits can largely
differentiate between compact and extended sources
in estimating fPSF,fit. This is an informative yet not
perfect compactness criteria; at SNR∼ 50 pixels, a
pure point source becomes confused with a Reff,in ∼
0.5 pure-Sérsic , while this happens when a Sérsic
only model has Reff,in ∼ 0.25 pixels for images with
SNR ∼ 250. Although fPSF,fit might not recover the
exact model-fPSF,in, it could be a good proxy for iden-
tifying extended emission in real LRDs.

• PSF fits show that nearly all of our simulated ob-
jects, regardless of intrinsic compactness, were in-
distinguishable from a point source in images with
SNR ≲ 25. Even for higher-SNR images, only the
most extended models showed significantly increased
χ2
ν values when being fit by a PSF.

We also compared the pysersic parametric fits to the ob-
served LRDs presented in Kokorev et al. (2024) to those
computed for our simulated LRD-like targets. We present the
best fit parameters for the Sérsic only and two-component fits
in Table 1. We found that almost all of the observed LRDs
were best fit by Sérsic profiles with Reff,fit ≲ 1. For all of
the observed LRDS, we also measured their F

0.′′04/F0.′′02 ra-
tios, or the compactness ratio used to initially select LRDs.
We find that Reff,fit strongly correlates with compactness ra-
tio across all SNR bins, for both the simulated and observed
LRDs. A variety of simulated LRDs populate the same re-
gion of Reff,fit–F0.′′04/F0.′′02 parameter space as the observed
LRDs. Matching each LRD to its ten nearest-neighbor mod-

els reveals that the scatter in model Reff,in is on the order of
magnitude with the average, suggesting that there cold be a
degree in morphological diversity in the observed LRD popu-
lation. This is also consistent with what is revealed in the two
component decomposition results; a vast majority of LRDs
are extremely PSF-dominated (fPSF,fit ≳ 0.85, but 15− 20%

of the population have fPSF,fit ≲ 0.7.
Lastly, we also explored non-parametric compactness in-

dicators. For each LRD, we compared its radial profile to the
instrumental F444W PSF, as well as its best fit Sérsic profile
convolved with the PSF. We similarly found that ∼ 85% or
LRDs had F444W radial profiles that closely matched that
of the PSF. We found that the remaining LRDs either were
more extended than the PSF at all scales, or were extremely
PSF-like towards the center of the profile but then exhibited
significant extended emission at scales R ≳ 5 pixels, high-
lighting the underlying morphological diversity of of LRDs.

All of this taken together, it is likely that the total popula-
tion of LRDs is not homogeneous. We stress that a vast ma-
jority of observed LRDs are almost completely unresolved
with sizes ≲ 50 pc, which are consistent with the canon-
ical picture of LRDs as being AGN-dominated. However,
∼ 15% of LRDs have evidence of some degree of extended
F444W emission, either with fPSF ≲ 0.7 or measured sizes
≳ 150pc. These same targets often have disturbed morpholo-
gies or multiple cores in the higher-resolution F115W im-
ages, suggesting that these could be the result of interacting
pairs. Extremely compact, massive starburst galaxies with
similar stellar densities exist at ∼ 0.5. These galaxies also
host diffuse tidal features, indicative of having undergone a
recent merger. It is possible that these galaxies are analogs
to LRDS, or that the compact cores of LRDs are broad-line
AGN embedded in the remnants of a galaxy interaction. Re-
gardless, this subsample potentially opens the door to explor-
ing the AGN-starburst connection at high-z.
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APPENDIX

A. SUPPLEMENTARY FIGURES

(A)

(B)

(C)

Figure A.8. Best pysersic HybridRendererSérsic fits to our suite of mock LRD-like objects, complementary to Figure 1A. Each labeled panel
here corresponds to different nsers,in values as given in the titles.
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(A)

(B)

(C)

Figure A.9. Best pysersic HybridRenderer Sérsic + PSF fits to our suite of mock LRD-like objects, complementary to Figure 3. Each labeled
panel here corresponds to different nsers,in values as given in the titles.
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(A)

(B)

(C)

Figure A.10. Best pysersic HybridRenderer PSF fits to our suite of mock LRD-like objects, complementary to Figure 4. Each labeled panel
here corresponds to different nsers,in values as given in the titles.
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Sérsic

fits
to

our
suite

of
m

ock
L

R
D

-like
objects,sim

ilar
to

Figure
1A

.E
ach

labeled
panelhere

corresponds
to

different
n

sers,in
values

as
given

in
the

titles.



LRD MORPHOLOGICAL FITTING LIMITATIONS 25

(A
)

(B
)

(C
)

(D
)

Fi
gu

re
A

.1
2.

B
es

tp
ys

er
si

c
Pi

xe
lR

en
de

re
rS

ér
si

c
+

PS
F

fit
s

to
ou

rs
ui

te
of

m
oc

k
L

R
D

-l
ik

e
ob

je
ct

s,
co

m
pl

em
en

ta
ry

to
Fi

gu
re

3.
E

ac
h

la
be

le
d

pa
ne

lh
er

e
co

rr
es

po
nd

s
to

di
ff

er
en

tn
se

rs
,in

va
lu

es
as

gi
ve

n
in

th
e

tit
le

s.



26 WHALEN ET AL.

(A)
(B)

(C
)

(D)

Figure
A

.13.
B

estpysersic
PixelR

endererPSF
fits

to
oursuite

of
m

ock
L

R
D

-like
objects,sim

ilarto
Figure

4.
E

ach
labeled

panelhere
corresponds

to
different

n
sers,in

values
as

given
in

the
titles.



LRD MORPHOLOGICAL FITTING LIMITATIONS 27

(A
)

(B
)

(C
)

(D
)

Fi
gu

re
A

.1
4.

B
es

tG
A

L
FI

T
Sé
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Figure A.17. Best pysersic Sérsic fits to LRDs 20897 (A), 16152 (B), and 28744 (C).
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Figure A.18. Best pysersic Sérsic + PSF fits to LRDs 20897 (A), 16152 (B), and 28744 (C).


