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Abstract

The atmospheres of low-temperature stars, brown dwarfs, and exoplanets are challenging to model due to strong
molecular features and complex gas and condensate chemistry. Self-consistent atmosphere models are commonly
used for spectral fitting, but computational limits restrict the production of finely sampled multidimensional
parameter grids, necessitating interpolation methods to infer precise parameters and uncertainties. Here, we
compare two grid model fitting approaches: a Markov Chain Monte Carlo (MCMC) algorithm interpolating across
spectral fluxes, and a random forest retrieval (RFR) algorithm trained on a grid model set. We test these with three
low-temperature model grids—Sonora Diamondback, Sonora EIf Owl, and Spectral ANalog of Dwarfs (SAND)
—and a sample of 11 L and T dwarf companions to FGKM stars with known distances, compositions, and ages.
Diamondback models are optimal for early- and mid-type L dwarfs, EIf Owl for mid and late T dwarfs, and
SAND for young L dwarfs and L/T transition objects. The MCMC approach yields higher fit quality and more
precise parameters, though best-fit parameters are generally consistent between approaches. RFR analysis is
orders of magnitude faster after training. Both approaches yield mixed results when comparing fit parameters to
expected values based on the primary (metallicity and surface gravity) or evolutionary models (temperature and
radius). We propose modeling low-temperature spectra efficiently by first fitting multiple model sets using RFR,
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followed by a more accurate MCMC assessment, to accelerate improved grid development.
Unified Astronomy Thesaurus concepts: Brown dwarfs (185); L dwarfs (894); T dwarfs (1679); Stellar

atmospheres (1584); Random Forests (1935)

1. Introduction

The atmospheres of the coldest stars, brown dwarfs, and
exoplanets (T.¢ < 2500 K) give rise to complex spectra, shaped by
strong molecular bands and continuum features shaped by
complex gas and condensate chemistry modulated by a wide
range of elemental abundances and nonequilibrium processes.
These sources pose unique atmospheric characterization challenges
that blend planetary and stellar approaches (F. Allard et al. 1997;
A. Burrows et al. 2001; M. S. Marley & T. D. Robinson 2015),
and the increased availability of high-fidelity spectra of these
sources, particularly of low-temperature brown dwarfs, has driven
advances in treatments of condensation and cloud formation
(A. S. Ackerman & M. S. Marley 2001; F. Allard et al. 2001;
C. Helling et al. 2001, 2008), vertical mixing and nonequilibrium
chemistry (B. J. Fegley & R. G. Prinn 1985; C. A. Griffith &
R. V. Yelle 1999; D. Saumon et al. 2006), nonsolar abundances
(N. Madhusudhan 2012; R. Gerasimov et al. 2024), and
modifications to convective heat transport (P.Tremblin et al.
2015, 2016), among others. However, there remain distinct
challenges to accurately reproducing the spectra of cool brown
dwarfs, including the rapid evolution of clouds at the L dwarf/T
dwarf transition (A. Burrows et al. 2006; B. Charnay et al. 2018),
molecular abundances that exceed or fall short of model
predictions (e.g., CO, and PHj; S. Sorahana & I. Yamam-
ura 2014; S. A. Beiler et al. 2024), the complex spectra of cold
Y dwarfs (S. K. Leggett et al. 2021), and the untested chemistry
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of metal-poor brown dwarfs (A. J. Burgasser et al. 2009;
A. C. Schneider et al. 2020; N. Lodieu et al. 2022).

Modeling low-temperature spectra and inferring atmospheric
parameters is commonly achieved through comparison to
precomputed, self-consistent grids of atmosphere models, either
through the identification of a single ‘“best-fit” model (e.g.,
M. C. Cushing et al. 2008; D. C. Stephens et al. 2009; J. Patience
et al. 2012) or through robust inference of parameter distributions
by interpolation across model parameters by principal component
analysis (Z. Zhang et al. 2021a) or Markov Chain Monte Carlo
(MCMC) methods (C. Aganze et al. 2016; A. J. Burgasser et al.
2024). Depending on the source examined and models deployed,
these approaches can lead to varying degrees of accuracy in the
reproduction of observed spectra, with corresponding systematic
uncertainties and biases in inferred parameters (Z. Zhang et al.
2021b; A. J. Burgasser et al. 2025). An alternative approach is
retrieval modeling, in which radiative transfer models are
computed continuously with varying pressure—temperature
profiles and molecular abundances (P. G. J. Irwin et al. 2008;
N. Madhusudhan & S. Seager 2009; M. R. Line et al. 2014;
B. Burningham et al. 2017; D. Kitzmann et al. 2020; J. W. Xuan
et al. 2024). This resource-intensive approach results in accurate
fits to observed spectra, but the lack of self-consistent energy
balance or chemistry can make it difficult to interpret the
atmospheric processes underlying the fit. A third approach that is
growing in popularity is the application of various machine
learning (ML) models trained on atmosphere grids, which we
refer to as ML retrieval (I. P. Waldmann 2016; P. Méarquez-Neila
et al. 2018; A. D. Cobb et al. 2019; C. Fisher et al. 2020;
F. Ardévol Martinez et al. 2022; M. Vasist et al. 2023;
T. D. Gebhard et al. 2024). This approach is highly efficient,
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making it well suited to large and high-resolution spectral
surveys that may be prohibitive with direct fit or retrieval
methods. However, ML retrievals can also be subject to potential
biases inherent in the underlying grid model or the ML algorithm
deployed. The challenges associated with deriving inferences
from sparsely sampled, high-dimensional parameter spaces have
been extensively studied in computer experiment design and
analysis. Methodologies like Latin hypercube sampling and
emulator-based interpolation, including Gaussian process regres-
sion, have been developed to navigate these spaces while
minimizing model evaluations (T. J. Santner et al. 2003;
K.-T. Fang et al. 2005; J. P. Kleijnen 2015). Applications
thereof can be found in, e.g., C. Fisher & K. Heng (2022).
While numerous studies have compared direct fit and
retrieval approaches to the fitting of brown dwarf and
exoplanet spectra, few comparisons have been made between
direct fit and ML retrieval methods with a focus on precision,
accuracy, and efficiency in the spectral fits and inferred
parameters. In this study, we compare an MCMC-based direct
fitting approach to an ML retrieval approach based on the
supervised ML method known as random forest (RF; L. Brei-
man 2001). In Section 2 we describe our empirical spectral
sample of 11 benchmark cool stars and brown dwarfs with
independently constrained ages and compositions, the three
atmospheric model grids used in our fits, and the two model fit
approaches explored in this study. In Section 3 we review the
results of our fits, evaluating both the quality of reproduction
of the spectra and the robustness of the inferred model
parameters (uncertainties and physical reliability). We also
examine in detail three case studies that span the temperature
range of our sample. In Section 4 we discuss our outcomes
through the lens of model fitting precision, accuracy, and
efficiency. Our main results are summarized in Section 5.

2. Methods
2.1. Empirical Spectral Sample

Our analysis focused on a sample of 11 L and T dwarfs
spanning spectral types LO to T8 that are all widely separated
singular companions to main-sequence stars. The sample is
summarized in Table 1, which includes prior estimates of
effective temperatures (7.¢), surface gravities (log g), and radii
from A. Sanghi et al. (2023) based on bolometric luminosities,
system ages, and evolutionary models. We also list the
physical properties of the primaries, notably metallicity
([Fe/H]) and age, as inferred by various methods in the cited
references. All of the L and T dwarfs in the sample have
previously published low-resolution (A/AX =~ 150), near-
infrared (0.8-2.5 pum) spectra obtained with the SpeX instru-
ment on the 3m NASA Infrared Telescope Facility
(J. T. Rayner et al. 2003), with high values of signal-to-noise
ranging within S/N = 40-270 in the 1.25-1.30 um region,
with an average S/N ~ 100. We retrieved these spectra from
the SpeX Prism Library Analysis Toolkit (SPLAT; A. J. Burg-
asser & SPLAT Development Team 2017), and flux-calibrated
them using each source’s absolute M, magnitude based on
photometry from the Two Micron All Sky Survey (2MASS;
M. F. Skrutskie et al. 2006) and the parallax of the primary
from Gaia Data Release 3 (Gaia Collaboration et al. 2023).
One source, GJ 1048B, is obscured by its primary in the
2MASS J band, so we used its 2MASS K -band photometry
instead and computed a synthetic J magnitude from the
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spectrum. Figure 1 displays the sequence of these spectra in
normalized F, flux densities.

2.2. Spectral Models

We evaluated three state-of-the-art grids of atmosphere
models that encompass differing treatments of condensation
and cloud formation, nonequilibrium chemistry, and abundance
variations, as summarized in Table 2. The Sonora Diamondback
model grid (DBack; C. V. Morley et al. 2024) is based on the
radiative—convective equilibrium framework described in
C. P. McKay et al. (1989) and D. Saumon & M. S. Marley
(2008), and assumes radiative—convective and chemical equili-
brium throughout the atmosphere. Sonora Diamondback
incorporates condensation and cloud formation in both
chemistry and opacity using the approach of A. S. Ackerman
& M. S. Marley (2001), parameterizing the efficiency of
condensation through a sedimentation efficiency parameter
(fsea)- These models include a small range of solar-scaled
metallicity variations (—0.5 < [M/H] < +0.5). The Sonora EIf
Owl model grid (EOwl; S. Mukherjee et al. 2024) is based on
the PICASO model framework (S. Mukherjee et al. 2023) and is
a cloud-free model that includes the effects of nonequilibrium
chemistry (“quenching”) through vertical mixing as parameter-
ized by the vertical diffusion coefficient (x,,). This grid also
allows for solar-scaled and nonsolar abundances, the latter by
varying the C/O ratio relative to an assumed solar (C/O), =
0.458 (K. Lodders et al. 2009). The Spectral ANalog of Dwarfs
(SAND) model grid (R. Gerasimov et al. 2022, 2024,
E. Alvarado et al. 2024) is based on the PHOENIX code
(P. H. Hauschildt et al. 1997; F. Allard et al. 2011, 2012;
R. Gerasimov et al. 2020), and is a chemical equilibrium model
that incorporates condensation and cloud formation through a
prescribed gravitational settling algorithm (“hybrid”; F. Allard
et al. 2012). SAND includes a broad range of metallicities and
nonsolar abundances, with the latter quantified by alpha
enrichment ([«v/Fe]). For ease of computation, we downselected
these model grids to streamline our fits. We reduced the number
of models by constraining them to ranges 600 K < T <
2400 K (extended to 3000 K for SAND), 4.5 <logg < 6.0
(units of cm s2), —0.5 < [M/H] < +0.5,and 0.5 < C/O < 1.5.
These constraints are on top of the parameter limits in the
original model grids. These constraints result in 864, 5175, and
952 models for Diamondback, ElIf Owl, and SAND, respec-
tively. All model spectra were Gaussian-smoothed to the
resolution of the SpeX data and mapped onto a common
wavelength scale by linear interpolation, and we conducted our
fits in surface F flux densities.

2.3. Modeling Approaches
2.3.1. MCMC

Our baseline modeling approach was a direct comparison of
data and grid models to identify the best-fitting parameters and
a robust estimate of their uncertainties. We deployed a
Metropolis—Hastings MCMC algorithm (N. Metropolis et al.
1953; W. K. Hastings 1970), starting from an initial estimate
of the best model parameters by first comparing the spectrum
to each of the individual models in the grid using a x? fitting
statistic,
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Table 1
Benchmark Spectral Sample
Secondary Primary
Name SpT M; My Torf log g* R Name SpT [Fe/H] Age References
(mag) (mag) (K) (ems™) (Ryup) (dex) (Gyr)
LP 465-70B LO 11.935 £ 0.003 10.771 £ 0.003 2148 + 11 5.34 £ 0.01 0.99 + 0.01 LP 465-70 M4 —0.120 £ 0.006 4.5-10 (1-6)
HD 89744B LO 11.92 £ 0.04 10.65 £ 0.04 2302 £ 19 5.35 £ 0.01 0.98 + 0.01 HD 89744 F7 —0.15 £ 0.01 1.5-3 4, 7-9)
GJ 1048B L1 12.02 + 0.09° 10.53 £ 0.08 2332 + 24 5.33 £0.02 1.00 + 0.01 GJ 1048 K3.5 0.14 + 0.01 0.6-2 (4, 10-13)
Gl 618.1B L25 12.84 £ 0.05 11.21 £ 0.04 1907 £ 27 5.34 £ 0.05 0.97 £+ 0.02 MCC 760 K7/M0 0.37 £ 0.09 0.5-12 4,7,9,11, 13)
G 62-33B L25 12.776 £ 0.005 11.232 £ 0.005 1939 £ 16 5.34 £ 0.01 1.08 £ 0.16 HD 116012 K0.5 0.061 £ 0.005 3.3-5.1 (2,4, 06, 14, 15)
G 196-3B L3j 13.03 £ 0.05 11.04 £ 0.03 1725 £ 52 4.77 £ 0.15 1.18 £ 0.07 G 196-3 M3 0.05-0.10 (4, 16-19)
Gliese 584C L8 14.82 £ 0.02 13.09 £ 0.02 1237 £ 24 5.11 £ 0.09 0.95 £+ 0.03 Gliese 584AB G2+G2 —0.01 £ 0.12 1-2.5 (4,9, 20-23)
HN Peg B T2.5 14.57 £ 0.03 13.83 £ 0.03 1056 + 38 4.53 £0.22 1.14 + 0.08 HN Peg GO —0.43 £ 0.01 0.24 £ 0.03 (4, 24-26)
G 204-39B T6.5 15.193 £+ 0.011 15.39 £ 0.03 898 + 26 4.87 £ 0.16 0.99 + 0.05 G 204-39 M2.5 —0.04 £+ 0.06 0.5-3 (4, 16, 27, 28)
HD 3651B T7 16.08 + 0.03 16.64 £+ 0.05 785 £ 12 5.22 £ 0.06 0.85 £ 0.02 HD 3651 K0.5 —0.082 £ 0.005 69 + 2.8 (4, 24, 29, 30)
Gliese 570D T8 16.47 £ 0.05 16.67 £ 0.05 771 + 18 499 + 0.12 0.93 + 0.04 Gliese 570A K4 —0.04 £+ 0.03 33+£1.9 (4, 27, 31-33)

Notes.

 Estimated T, log g, and radii for L and T dwarf secondaries adopted from A. Sanghi et al. (2023) and based on measured bolometric luminosities, system ages, and the evolutionary models of D. Saumon &

M. S. Marley (2008) and I. Baraffe et al. (2015).

® Estimated from spectrophotometric J — K color synthesized from the infrared spectrum.
References. (1) S. L. Hawley et al. (2002); (2) UKIRT Infrared Deep Sky Survey (A. Lawrence et al. 2007); (3) J. I. Gomes et al. (2013); (4) Gaia DR3 (Gaia Collaboration et al. 2023); (5) D. Sprague et al. (2022); (6)
J. K. Faherty et al. (2010); (7) J. E. Gizis et al. (2001a); (8) T. J. Dupuy & M. C. Liu (2012); (9) R. Zhang et al. (2024); (10) J. E. Gizis et al. (2001b); (11) J. K. Faherty et al. (2012); (12) R. O. Gray et al. (2006); (13)
C. B. Stephenson (1986); (14) D. C. Bardalez Gagliuffi et al. (2014); (15) N. Houk & C. Swift (1999); (16) K. L. Cruz et al. (2009); (17) W. M. J. Best et al. (2021); (18) E. Shkolnik et al. (2009); (19) O. V. Zakhozhay
et al. (2023); (20) J. D. Kirkpatrick et al. (2000); (21) A. C. Schneider et al. (2023b); (22) O. Struve & K. L. Franklin (1955); (23) F. van Leeuwen (2007); (24) K. L. Luhman et al. (2007); (25) R. O. Gray et al. (2001);
(26) S. A. Barnes (2007); (27) A. J. Burgasser et al. (2006b); (28) G. R. Knapp et al. (2004); (29) E. Marfil et al. (2021); (30) P. C. Keenan & R. C. McNeil (1989); (31) A. Bonfanti et al. (2016); (32) S. K. Leggett
et al. (2010); (33) Z. Zhang et al. (2021b).
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Figure 1. Left: near-infrared spectra of our curated sample of 11 L and T dwarf companions to main-sequence stars (see Table 1). All spectra are normalized at their
maximum flux value and offset by a constant. The associated data uncertainties are included in the plot but are too small to be visible. Right: color-magnitude
diagram for our curated sample of L and T dwarfs, compared to a broader sample of L dwarfs (light blue circles) and T dwarfs (gray circles) with the measured

parallaxes compiled by T. J. Dupuy & M. C. Liu (2012).

Table 2
Parameter Ranges for Spectral Model Grids
Model Tete logg [M/H] (C/0) [a/Fe] 10%;{ZZ fied # Models References
(K) (cms %) (dex) ©)s (dex) (em?s ™)
Diamondback 900-2400 4.5-5.5 —0.5 to +0.5 1-8 864 (1)
Elf Owl 600-2400 4.5-5.5 —0.5 to +0.5 0.5-1.5 2-9 5175 2)
SAND 700-3000 4.5-6.0 —0.35to +0.3 —0.05 to +0.4 952 3)
Note.
e /O ratio relative to solar abundance, with (C/O)., = 0.458 (K. Lodders et al. 2009).
References. (1) C. V. Morley et al. (2024); (2) S. Mukherjee et al. (2024); (3) E. Alvarado et al. (2024).
Here, N is the number of spectral data points, O[);] is the (i = i + 1) were compared using the criterion
observed spectrum scaled to absolute flux density units, M[\;] 5. -
is a model spectrum in surface flux density units, o[ ;] is the XG+D = X0 U, 0.5) 4)

observed uncertainty spectrum, and [ is the optimal scale
factor computed as

N O[NIMIA]
g ZC e @
SN MP
=lonp

(see M. C. Cushing et al. 2008). Note that the spectral flux
density scalings allow us to estimate the source radius from the
scale factor as

R; =108 pc =225 x 1077/ R.. 3)

The parameters of the model with the lowest y? residual were
used as the starting point for a single chain of 5000 steps. In
each iteration, we drew new parameters using a Gaussian
offset with standard deviations of o7, = 25 K, 0j5¢, = 0.2 dex,
U[M/H] = 0.2 dex, U[a/H] =02 dex, Uc/o = 0.05 dex,
Ologr, = 0.2 dex, and oy, = 0.25. Models between the grid
points were linearly interpolated in logarithmic flux units on a
logarithmic parameter grid (i.e., Terr = logTegr). Sequential fits

MIN[x*]

where MIN is the minimum of all x> values in the chain and
U0, 0.5) is a number drawn from a uniform distribution
between 0 and 0.5. If the new fit satisfied this criterion, these
parameters were added to the chain; otherwise the previous
parameters were added. We also enforced a limit on x? values
exceeding 2 x MIN[?], at which point the chain reverted to
the minimum y? parameter set. We verified that all fits
converged using the convergence diagnostic defined by
J. Geweke (1992), requiring that the means of the variable
parameters in the first 10% and last 50% of each chain differ
by less than 3 times their combined variance. We also visually
confirmed convergence, and examined each fit to ensure it
provided an accurate reproduction of the data.

2.3.2. RF Retrieval

Our second modeling approach uses the supervised ML RF
algorithm (T. K. Ho 1998; L. Breiman 2001) integrated in the
HELA framework (P. Marquez-Neila et al. 2018), an approach
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we refer to here as random forest retrieval (RFR). The RF
algorithm constructs an ensemble of decision trees, each
trained on random subsets of prelabeled training data, in this
case a preexisting grid of atmospheric model spectra labeled
by the model parameters. This ensemble approach allows for
the modeling of complex, nonlinear relationships between the
input spectral data and the target atmospheric parameters
with improved accuracy and robustness. This methodology
represents a type of approximate Bayesian computation
(S. A. Sisson et al. 2018). Two of the key advantages of the
RFR method are its computational efficiency and its ability to
determine feature importance, a metric that ranks the
significance of each spectral data point (referred to as
“features”) in constraining a model parameter. The HELA
RFR framework has been applied in multiple retrieval studies,
including the analysis of high-resolution spectra of the ultrahot
Jupiter KELT-9b (C. Fisher et al. 2020), the analysis of
medium-resolution spectra of benchmark brown dwarfs
(M. Oreshenko et al. 2020; A. Lueber et al. 2023), the
evaluation of information content in James Webb Space
Telescope spectra (A. Guzman-Mesa et al. 2020; A. Lueber
et al. 2024a, 2024b), and investigations into model grid
sampling strategies (C. Fisher & K. Heng 2022).

The RF algorithm reduces the risk of overfitting by
aggregating predictions across multiple decision trees, enhan-
cing the model’s generalization capabilities and making it
particularly effective for dealing with high-dimensional data
sets. To address potential distortions in the predictions caused
by sparse sampling, a bias correction was applied
(W.G. Cochran 1977; M. Galassi et al. 2011). Within our
ML retrieval framework, frequency weights (w; > 0, Vi) are
calculated as the number of occurrences of training set samples
predicted by each decision tree. The weighted mean (u,,) of a
specific parameter is given by

N
= ZEI 5)
Z,‘:lwi
where Z,N: ,wi = N* represents the effective sample size. The
weighted variance across the data set is calculated as the sum
of the squared deviations of each data point from the weighted
mean, normalized by the effective sample size:

N
2 Z,‘:1Wi(xi - NW)Z
w T N .
Zizlwi

This method is particularly suitable for data sets with unequal
variances or sampling biases, as it ensures that more reliable
data points substantially influence the variability estimate,
thereby reducing the impact of less representative samples.

In addition to varying the model parameters, we included
the flux scaling factor f, which scales the model surface flux
densities scaled at that expected brightness at Earth to the
observed flux density of the source:

(6)

g

R 2
O[A] Zf(g) MI[A] )

where d and R represent the distance and radius of the source.
As all observed spectra are scaled to their absolute flux
densities, we initially assumed (R/d)* = (Ry,,/10 pc)* with
a uniform distribution for f ranging from 0.5 to 2.0. This scale
factor is reported in terms of the inferred radii in solar units,

Lueber & Burgasser

R = 0.0103\/]7 R.. For training, we randomly assigned an
individual f value to each spectrum and scaled the fluxes of the
corresponding atmospheric model accordingly.

We trained three separate RFR models, one for each of our
model grids. To train the RFR model, the atmosphere model grid
was partitioned into training and testing sets with an approximate
ratio of 80:20 following prior research (P. Marquez-Neila et al.
2018; C. Fisher et al. 2020; A. Lueber et al. 2023). The efficacy
of this partitioning can be assessed through real versus predicted
(RvVP) evaluations, which evaluate the coefficient of determina-
tion as a quantitative measure of efficacy,

Z?:l(yl‘ _f,'_)z _
Z?:](y,' - Y)Z

with y; and f; denoting the real and predicted values for a given
parameter, respectively, while y. represents the mean of the
given real values. Therefore, Sres is the sum of the squares of
the residual errors, and S, is the total sum of the errors. R can
vary between negative and positive values, depending on the
level of correlation and disparity between inferred and actual
values, with perfect alignment yielding R*> = 1 and no
correlation yielding R*> = 0. The presence of noise in data
usually results in R* values below unity, even when the noise-
free RvP relationship yields an R* of 1. Note that R* <0
indicates parameter relationships that are worse than random
chance.

The hyperparameters of our RF models were adopted from
P. Mérquez-Neila et al. (2018). The models were constructed
to contain 3000 regression trees with no maximum tree depth
constraint. Each tree grows by partitioning the model space
until the decrease in variance with further splits is smaller than
a fractional value of 0.01. No tree pruning was performed.
Additionally, the maximum number of features considered for
splitting at each node was limited to the square root of the
number of spectral data points used.

_ Sres
5
StOt

RR=1-— 1 (8)

3. Results
3.1. MCMC

Figures 2 and 3 display the best-fit models for each of the
spectra based on the Diamondback, Elf Owl, and SAND
models, while Table 3 summarizes the corresponding posterior
parameters. We find that the Diamondback models generally
perform best for the early L dwarfs, reproducing the overall
spectral energy distributions (SEDs) but not necessarily the
detailed molecular features shortward of 1.25 ym. For the mid
and late L dwarfs, the SAND models produce equivalent or
better fits than Diamondback, better reproducing the redder
spectral slopes of these sources, particularly for the young L
dwarf G196-3B. The early T dwarf HN Peg B is also best fit by
the SAND model despite the poor reproduction of the 1.6 pm
CH, band in all of the T dwarf fits for this model. The EIf Owl
models yield poor fits to L dwarf and early T dwarf spectra due
to the absence of condensate opacity, but become the preferred
models for the mid and late T dwarfs, particularly as we reach
the T. parameter limits for the Diamondback and SAND
models.

The inferred parameters for these fits largely follow
expected trends, with declining effective temperatures with
later spectral types, and lower surface gravities for lower-mass
objects (e.g., the young source G 196-3B). For the
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Figure 2. Absolute-flux-calibrated spectra of our benchmark brown dwarfs (black lines) compared to best-fit models (thick magenta lines) and posterior draws
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Figure 3. Figure 2 continued.

Diamondback models, the f,.q parameter is small for L dwarfs
(condensates retained in the photosphere) and large for
T dwarfs (condensates depleted in the photosphere), also as
expected. We also find the radii of the best-fit models to be
generally in the expected range of 0.075 R, < R < 0.105 R,
based on evolutionary models (A. Burrows et al. 2001;
I. Baraffe et al. 2003). There are, however, notable deviations
for individual sources. For example, both Diamondback and
SAND fits to the L1 GJ 1048B yield an inflated radius
R =0.17 R, and a T ~ 1700 K, which is considerably lower
than expected from the source spectral type. This deviation
may be due to an interplay between condensate opacity and
temperature, where a reduction in the former is compensated

by a reduction in the latter. Conversely, the L8 Gliese 584C
(R =0.064 £+ 0.001 R, from the SAND models) and the T6.5
G 204-39B (R = 0.065 + 0.003 R, and 0.06970592 R.., for the
Diamondback and EIf Owl models, respectively) have radii
somewhat lower than expected for brown dwarfs, suggesting
that their inferred 7. may be slightly overestimated. For
Gliese 584C, this may reflect a phase of cloud clearing not
captured in the SAND models.

3.2. RFR

The performance of the RFR models can be characterized
by both the quality of fits and the training metrics of RvP
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Table 3
MCMC Fitting Results
Source SpT (lef)f ( log gz) [M/H] c/0* [a/Fe] (log2 /{EZI) Jeed ( 15 : Xf
cm s cm” s ©
Diamondback Model Set
LP 465-70B Lo 2045+39 5351009 0.41+997 1261030 0.11143:9%3 12°
HD 89744B LO 2036t29 5.5079:99 0.221996 1.00002 0.118+39%3 93°
GJ 1048B L1 169611} 5.48t8,?5 0.3675% 2.047038 0.173+3:008 132°
Gl 618.1B L2.5 1499+2 513409 0.42+09%8 3.34794 0.157-5:90¢ 19°
G 62-33B L2.5 165072} 5407010 0307913 1.39%559 0.130750,9 19
G 196-3B L33 1343113 450709 0.5013% 2.61 *8 {,{ 0.206+3:993 36
Cliese 584C L8 141542 5.4810% 0.50+9:20 8.1950% 0.073 30001 7
HN Peg B T2.5 1348124 4591012 0.10+996 7.89%033 0.0680.003 39
G 204-39B T6.5 108773 4667912 029104 9.571932 0.06579-993 78°
HD 3651B T7.5 90040 4581040 0.08+99 9.54+03 0.067-0:007 6
Gliese 570D T7.5 9008 4,631 —0.02+99%6 9.6519% 0.06510.007 8
EIf Owl Model Set
LP 465-70B LO 2261438 4765918 0.42+0-9%8 147799 29752 0.0907 5993 25
HD 89744B LO 232013, 546109 0.50+3% 1.5073%9 2. 2*04 0.08979-991 277
GJ 1048B LI 2100%9 5.5019% 0.50%0% 1 50*888 40700 0.108+9.9% 764
Gl 618.1B L2.5 1900726 4507347 0.5059% 1.5073% 4.0%99 0.093 75999 334
G 62-33B L2.5 191838 4607922 0.50+9:% 1.50t8}33 4. 1*04 0.09275:902 161
G 196-3B L34 18003! 4501912 0.5013% 1.50*9:%9 4.0%99 0.10073:99 656
Gliese 584C L8 1800759 458702 0.5013% 145709 4.0+04 0.042+3:%01 102
HN Peg B T2.5 1432739 4.657315 0.4540:93 1.255997 25758 0.05975:992 40
G 204-39B T6.5 1054+2¢ 4644023 0.3675% 1.2073:9% 2.3%03 0.069+3:992 77°
HD 3651B T7.5 808713 4507908 0.09:‘}_82 1184908 3.0193 0.083+3:053 40
Gliese 570D T7.5 812127 457709 0.025997 1.06491 3.051 0.08275:99¢ 5°
SAND Model Set

LP 465-70B LO 1900+2 550931 —0.297544 0.1353%2 0.13225:999 27
HD 89744B LO 1900+ 5.50+0:% —0.157539 0.15+3% 0.138+0,990 287
GJ 1048B L1 174440 5.5075% —0.05+0% 0.02+9:59 0.171+3902 136
Gl 618.1B L2.5 1778%% 5461092 0.141397 —0.0179% 0.11575:901 19°
G 62-33B L2.5 1797+38 5474002 0.1310% 0.003%3 0.112%) 88; 15°
G 196-3B L33 1687132 4507399 —0.0875:% 0.03 39! 0.129+0,992 13°
Gliese 584C L8 1523+1% 527404 0.05+0:%8 o.o3t8_(‘{3‘ 0.064 15991 4°
HN Peg B T2.5 12505} 559509 —0.08%044 0.135003 0.0822530! 20°
G 204-39B T6.5 93572 4707942 —0.0979% 0.027991 0.099+0:9%¢ 117
HD 3651B T7.5 76972 4524009 0.10°9% 0.02*9% 0.101+9913 13
Gliese 570D T7.5 70073 4507398 0.2279% —0.02+09 0.11475% 48
Notes.

e /O ratio relative to solar abundance, with (C/0)., = 0.458 (K. Lodders et al. 2009).

b Best-fit model or models af Axf < 1) for this source.

parameters and feature importance. Figure 4 shows the RvP
plots for each of the model parameters and for each model.
Very high self-consistency is found for effective temperature,
with R? > 0.95 for all of the grids. For the other parameters, R
varies widely across the models, generally showing worse
performance when fewer parameter values are available. For
example, for metallicity R* ranges from 0.05 for the SAND
models to 0.90 for EIf Owl.

Figures 5-7 display the feature importance diagrams for
individual model parameters for the three atmosphere models,
compared to the scaled spectrum of HD 89744B to guide
assessment of the relevant spectral features. For T, the
Diamondback and SAND models show a consistent structure
in feature importance, aligning with the strong molecular

absorption bands of H,O at 0.92, 1.1, and 1.4 um, and the red
optical spectral slope. The Elf Owl models differ slightly, with
the strongest feature corresponding to H,O at 1.4 um but
additional features aligned with the 1.8 ym H,O band and the
2.3 pm CO band. For surface gravity, all grids consistently
indicate that the wavelength range below 1.2 um is crucial,
consistent with the findings of A. Lueber et al. (2023). The
lowest wavelengths are particularly sensitive to the presence
and strength of the K I line wings centered at 0.77 pm, which
are known to be key indicators of an object’s surface gravity
(N. F. Allard et al. 2005). An additional wavelength range of
note in the SAND model grid is the 2.2-2.4 ym region, which
likely traces collision-induced H, absorption known to be
sensitive to atmospheric pressure and thus surface gravity in
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Figure 4. RvP comparison for RF model training and testing on the evaluated model grids. Each row represents one grid with its corresponding model parameters.

The red dashed line in each panel indicates perfect agreement (R* = 1).
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Figure 5. Feature importance plots for the RFR model trained on the Diamondback grid for temperature T.¢ (blue), surface gravity log g (orange), metallicity [M/H]
(green), cloud sedimentation efficiency fi.q (red), radius R (calculated from the calibration factor f; purple), and joint retrieval (lime). For comparison, the scaled

observed spectrum of HD 89744B (solid, black line) has been added to each plot.

T dwarfs (J. L. Linsky 1969; A. J. Burgasser et al. 2002a).
Feature importance patterns for [M/H] across all model grids,
as well as for C/O in the EIf Owl models and alpha
enhancement [«/Fe] in the SAND models, show similar
structures aligned with the strong molecular absorption bands
of H,O, CO, and CH,. Peaks are also found at wavelengths
below 1.2 um, again likely due to the influence of alkali line
features. Similarly, the parameter log k., in the EIf Owl models
has the greatest feature importance shortward of 0.9 ym and in
the CO band, indicating comparable abundance effects from
vertical mixing. The parameter f,.q in the Diamondback
models shows several discrete peaks that overlap with the
1.05 and 1.25pum flux peaks, where condensate grain
scattering is most prominent, and the 1.8 um H,O and 2.3
pm CO bands, which are relatively enhanced in the dustiest L
dwarfs (A. C. Schneider et al. 2023a). Finally, for the radius

scaling parameter f, all model grids behave differently. The
most significant feature in the Diamondback model grid is
centered at 2.1 pm, a pseudocontinuum region of the L dwarfs
and a flux peak for the T dwarfs. The EIf Owl model grid
shows numerous discrete features associated with flux peaks at
1.05, 1.25, and 1.58 um, and absorption features from H,O at
1.4 ym and CO at 2.3 um. The SAND model grid shows
different features associated with the <0.9 um red optical
slope, the 2.1 pum flux peak, and the 1.6 yum CH, absorption
band. These distinctions in feature importance indicate that a
direct comparison between different model grids should be
treated with caution.

Figures 8 and 9 display the best-fit models for each of the
spectra based on the Diamondback, Elf Owl, and SAND models,
while Table 4 summarizes the corresponding posterior parameters.
As observed in prior work on RFRs (A. Lueber et al. 2023), the
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Figure 7. Same as Figure 5 but for the SAND model grid—for temperature T (blue), surface gravity log g (orange), metallicity [M/H] (green), alpha element

enrichment [«v/Fe] (gray), radius R (purple), and joint retrieval (lime).

median retrieved spectra show significant differences between the
three grids, with both over- and underestimates of spectral fluxes
as compared to the measured spectra of up to an order of
magnitude. Nevertheless, each source can be reasonably well fit
by one of the model grids, following the same pattern as the
MCMC fits: L dwarfs and early T dwarfs are best fit by the
Diamondback models, mid- and late-type L dwarfs (most notably
G 196-3B) by the SAND models, and mid- and late-type T dwarfs
by the EIf Owl models. Detailed fits of molecular features
shortward of 1.3 ym in the early L dwarfs are again problematic
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for all three models, with the L1 GJ 1048B showing the worst fits
(Xf > 100), while the SAND models are unable to properly
reproduce the 1.6 yum CH,4 band. We also see for these fits that the
Diamondback and EIf Owl models diverge for the latest T dwarfs,
with the latter providing clearly superior fits. As in the MCMC
fits, we see the anticipated trends among best-fit parameters from
the RFR modeling, with effective temperatures decreasing toward
later spectral types, lower surface gravities for the young brown
dwarfs G 196-3B and HN Peg B, and f.4 increasing across the
L/T transition for the Diamondback models. Furthermore, while
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Figure 8. Same as Figure 2 but for RFR spectral fits for the Diamondback (DBack, left), EIf Owl (EOwl, middle), and SAND (right) model grids. The bottom panel

in each plot compares the difference (A = model —
display the 1o uncertainties based on posterior draws.

the best-fit radius for GJ 1048B from the Diamondback fits,
=0. 130*0 006 Re, 1s higher than expected from evolutionary
models, it is not as extreme as that in the MCMC fit.

3.3. Comparison of MCMC and RFR Approaches
3.3.1. Comparison of Fit Quality

The MCMC and RFR approaches generally yield compar-
able results in terms of preferred model grid and inferred
parameters, albeit with some informative differences. First, the
quality of the best fits as quantified by Xf is consistently better

11

data) to the =10 uncertainty spectrum (gray bands). Magenta curves display the median fits while shaded areas

for the MCMC approach. In several cases the difference is
substantial; for example, SAND fits to the L35 G 196-3B yield
Xf = 101 for RFR versus Xf = 13 for MCMC, the latter being
an obviously better fit (see Figures 2 and 8). On the other hand,
Elf Owl fits for T6.5 G 204-39B are significantly better for the
RFR approach (Xf 38) than for the MCMC approach
(Xf = 77). There are also cases where the best-fit model set
differs between approaches; for example, the best MCMC fit
for HN Peg B comes from the SAND models, while the best
RFR fit comes from the Diamondback model, both having
identical Xf 29. As such, while both approaches yield
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Figure 9. Figure 8 continued.

broadly comparable fits, the MCMC approach provides on
average a better quality of fit.

3.3.2. Comparison of Fit Parameters

Figure 10 compares the fit parameters and 1o uncertainties
for the MCMC and RFR approaches for each of our sources,
with the best-fit model for each approach highlighted. There is a
clear difference in the inferred parameter uncertainties, with the
RFR uncertainties being significantly larger. For example,
typical uncertainties in o are ~5%—10% for RFR and ~1%
for MCMC, while for log g uncertainties are ~0.5 dex for RFR
and ~0.1dex for MCMC. The lower uncertainties for the
MCMC parameters may partly reflect the better fidelity in
reproducing the observed spectra, but may also indicate
underestimation of parameter uncertainties in the approach
applied here. Within their mutual uncertainties, the parameter
values are largely consistent for the best-fit models, with a few
notable exceptions. The aforementioned low T.¢ and inflated
radius from MCMC Diamondback model fits to the L1 GJ
1048B are significantly distinct from the parameters from the
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RFR SAND model fits for this source, which have a more
reasonable (but more uncertain) 7. = 2100 £ 200 K and radius

R = 0.116700)9 R In contrast, RFR EIf Owl model fits yield a

0.027
marginally larger and more realistic radius (R = 0.0937093¢ R..)

for the T6.5 G 204-39B as compared to the MCMC fits. We also
find that the surface gravities from the RFR EIf Owl model fits
to the late T dwarfs HD 3651B and Gliese 570D are higher than
the MCMC values for these sources and more in line with those
expected for older brown dwarfs, while the surface gravity for
the best-fit RFR Diamondback model fits for HN Peg B is lower
than that for the MCMC SAND model fits for this source and
more in line with this system’s young age. Even among these
variances, the best-fit MCMC and RFR model parameters are
generally consistent with each other, albeit within the relatively
large uncertainties of the RFR values.

3.3.3. Comparison to Evolutionary Model Predictions

Figure 10 compares the fit parameters to the expected
evolutionary-model-based estimates of T.¢, logg, and radius
from A. Sanghi et al. (2023; see Table 1). While there is broad
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Table 4
RFR Results
Source SpT Tete log g [M/H] c/o* [a/Fe] log .. fred R Xf
(K) (cms™) (em®s™) (R>)
Diamondback Model Set
LP 465-70B LO 2057128 514793 0.187933 29514 0.112+3:92 12°
HD 89744B L0 2006204 517798 0.22+938 2.7413 0.12279913 136°
GJ 1048B L1 1943477, 5107942 021793 24798 0.1303:008 315°
Gl 618.1B L2.5 1651745 4.997034 0.27793 22798 0.124+0:013 34°
G 62-33B L25 1698749 4954036 0.15492 26194 0.120+0.929 22°
G 196-3B L33 1553747 4821068 0.16%03 247106 0.125:‘}_8}% 2026
Gliese 584C L8 1318*”2 4881012 0.067944 29%14 0.09073.028 9
HN Peg B T2.5 1275432 4955032 0.14793¢ 70439 0.08070:038 20°
G 204-39B T6.5 997493 483947 02193 8.61)4 0.082+09%4 39°
HD 3651B T7 910+19 4.8870%8 0.0093 5.93; 0.060=9019 52
Gliese 570D T8 91213 4.835041 —0.037049 6.0130 0.0597991 36
Elf Owl Model Set
LP 465-70B LO 2161733 5025948 0.28%922 130920 58431 0.10079313 23
HD 89744B LO 21457132 5.041045 0335047 1454093 54728 0.105+3:3 178
GJ 1048B LI 20534147 4931032 041709 1.47*8 82 43%3] 0.11470015 407
Gl 618.1B L2.5 19954202 4787922 0.4479:00 1417909 4.739 0.09079:02 258
G 62-33B L25 2023277 481103 0437397 1.447596 47733 0.088+0:017 123
G 196-3B L3g 1875%123 471403 047799 136754 4973} 0.098 19017 3634
Gliese 584C L8 1704195, 481708 0.14793% 1.1570:3 6.0439 0.05729%% 213
HN Peg B T2.5 13395154 500793 0.29403) 12779233 5.8432 0.07379312 73
G 204-39B T6.5 93178 4931043 0.4079:49 136704 52738 0.093+0:924 38°
HD 3651B T7 7907440 4, 91*8 2? 0.207539 1.21%% %? 45732 0.092+3:932 6°
Gliese 570D T8 7994391 491401 0.12753 1.16103¢ 52738 0.090+3:028 6°
SAND Model Set

LP 465-70B LO 22171377 5027048 0.057933 0.03753 0.099+0:0% 23
HD 89744B LO 21907249 491403 —0.031033 0.02758 0.10613:0% 249
GJ 1048B L1 21037337 4871993 —0.0440% 0.01+99 0.116+099 436
Gl 618.1B L2.5 17745128 5.03704 0.06534 0.06759 0.11543:9% 39
G 62-33B L25 18101179 5077908 0.027038 0.0670% 0.112+9:9%¢ 24
G 196-3B L33 166713 4687932 0.03:3% 0.005:32 0.12973912 101°
Gliese 584C L8 1433%35] 4.86+0 gg 0.01 +8 §2 0.1275% 0.076+0:919 7°
HN Peg B T2.5 122347 507798 —0.18+0%3 0.047544 0.089+0:939 38
G 204-39B T6.5 10034133 5.40*59 —0.031033 0.0675% 0.088+0:02¢ 93
HD 3651B T7 8141%¢, 5.04104 —0.041514 0.06* 544 0.08675:928 46
Gliese 570D T8 817+%, 5.051043 —0.057913 0.06 044 0.085+9026 52
Notes.

e /O ratio relative to solar abundance, with (C/0)., = 0.458 (K. Lodders et al. 2009).

® Best-fit model or models aif Axf < 1) for this source.

agreement in the spectral type trends among these values, there
are several deviations that merit scrutiny. Across the early L
dwarf sequence, the best-fit T and radii from the Diamond-
back models are consistently lower and larger, respectively,
compared to the expected values—more so for the MCMC fits.
This trend reverses for the T dwarfs, although the RFR Elf Owl
model fits for the mid and late T dwarfs are consistent with
expected temperatures and radii. The SAND models show
particularly good agreement with expected T.¢ and radii across
the full sample, even when providing the lowest-quality fit to
the spectral data, with a notable match to the inflated radius
expected for the young L35 G196-3B. With regard to surface
gravities, the Diamondback and EIf Owl fits are consistently
lower than expectations for the L dwarfs, in line with inflated
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radii, and are essentially constant for the T dwarfs. The SAND
models show differing behaviors between the MCMC and RFR
approaches across the sample, the latter generally under-
predicting log g for L dwarfs and overpredicting logg for T
dwarfs. Overall, the early L dwarfs show the largest deviations
between fit parameters and evolutionary-model-based estimates,
whereas parameters for the mid and late L dwarfs and T dwarfs
are generally consistent with these estimates.

3.3.4. Comparison to System Parameters

As benchmark companions, our sample has independent
constraints on the atmosphere parameters of metallicity and
surface gravity based on the elemental composition and ages
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Figure 10. Model fit parameters and lo uncertainties for our full L and T dwarf sequence, comparing the MCMC (purple points) and RFR (orange points)
approaches, and the Diamondback (DBack, left), EIf Owl (EOwl, middle), and SAND (right) model grids. The parameters shown from top to bottom are the effective
temperature (T, in units of K), surface gravity (log g in log units of cm s2), radius (R in units of R..), and metallicity ([M /H] in log units relative to solar). For each
method, the models with the best x* values for each object are highlighted with circles (green for MCMC, black for RFR). Gray bars indicate the expected values
from evolutionary models (7., log g, and radius) or primaries (metallicity) as listed in Table 1.

of the host primaries. For metallicity, Figure 10 shows that
there are mixed outcomes when comparing between fit
metallicities and primary iron abundances, with about half of
the fits yielding metallicities that are too high. The EIf Owl
models consistently yield supersolar metallicities for the L
dwarfs and early/mid-type T dwarfs for both approaches,
often reaching the limits of the parameter grid. This positive
metallicity skew and similarly inflated C/O ratios likely
compensate for missing condensate opacity in the EIf Owl
model grid, as the two late T dwarfs HD 3651B and Gliese
570D show no such skew. In contrast, the SAND models yield
metallicities that are largely consistent with the iron abun-
dances of their primaries, even when the model does not
provide the best fit overall. Metallicities from the Diamond-
back models are too uncertain for us to make a reliable
comparison. The better performance of the SAND models for
metallicity inference is somewhat surprising given their low
RvP value for this parameter (Figure 4).

For surface gravities, while these are skewed low for the L
dwarfs they are generally in line with the ages of the host
systems across our sample. High surface gravities for old
systems such as LP 465-70B (Diamondback logg = 5.3570%
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for MCMC, log g = 5.14703 for RFR) are consistent with ages
in the 7 2 2 Gyr range, while low surface gravities for young
systems such as G 196-3B (SAND logg < 4.5 for MCMC,
logg = 4.687032 for RFR) are consistent with ages in the
7 < 1 Gyr range, based on evolutionary models for the effective
temperatures of these sources (A. Burrows et al. 2001; 1. Baraffe
et al. 2003). There are again exceptions. The T2.5 dwarf HN
Peg B, part of the 240 4+ 30 Myr HN Peg system
(S. A. Barnes 2007), has a best-fit MCMC SAND model with
logg = 5.59f8j(')8, consistent with an age 2> 5 Gyr.* Similarly,
the best-fit MCMC EIf Owl models for the late T dwarfs HD
3651B and Gliese 570D yield log g = 4.5-4.6 implying ages <
500 Myr, considerably younger than their primaries.

3.4. Case Studies

Here we examine in detail fits to three representative objects
that encompass our sample: the early L dwarf LP 465-70B, the
L/T transition object Gliese 584C, and the late T dwarf Gliese

4 The RFR Diamondback models yield log g values that are too uncertain for

a robust age test.
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570D. All three objects show robust fits to one of the model
sets with the parameters listed in Tables 3 and 4. In addition to
the spectral fits shown above, we display joint posterior
parameter distributions for both MCMC and RFR approaches
for these three sources in Figures 11 through 16 of the
Appendix.

3.4.1. LP 465-70B and Diamondback Models

The spectrum of the LO LP 465-70B is best fit by the
Diamondback models, reflecting the important role of con-
densates in shaping the infrared spectrum of this source. Both
MCMC and RFR fits yield the same xf = 12, albeit with
different deviations from the data. The MCMC fit accurately
reproduces the SED but fails to match detailed absorption
features shortward of 1.2 pm, particularly around the 0.99 ym
FeH band; the RFR fit overpredicts the 1.1-1.3 gm continuum
and shows similar feature divergences shortward of 1.0 pm. All
of the fit parameters are formally consistent between the models,
with only a 12 K difference in T, and nearly identical radii. The
condensation parameter f;.q is inferred to be low for both fits
(1267939 for MCMC, 2.91]4 for RFR), indicating significant
condensate opacity in the atmosphere of this L dwarf. Figures 11
and 12 demonstrate that these parameters are well constrained,
with single peaks in the marginalized distributions that are set in
part by the parameter limits for log g, [M/H], and fi.q. We find
only one (expected) negative correlation between Ts and radius.
The inferred temperatures are ~100 K cooler and the inferred
radii 13% larger than the evolutionary model estimates of
A. Sanghi et al. (2023), while the MCMC surface gravity is
consistent with the older age of this system (7 > 4.5 Gyr). Both
fits also yield a high metallicity ((M/H] = +0.41709 for
MCMCO), in contradiction to the subsolar iron abundance inferred
for the primary ([Fe/H] = —0.120 + 0.020; D. Sprague et al.
2022). This offset reflects the positive metallicity bias seen
among the Diamondback and Elf Owl model fits of all of the L
dwarfs in our sample.

3.4.2. Gliese 584C and SAND Models

The spectrum of the L8 Gliese 584C is well reproduced by
the SAND models, which provide an intermediary between the
condensate-infused Diamondback models (a close second-best
fit with a large value of f,.q) and the condensate-free Elf Owl
models (which poorly fit). Both MCMC and RFR analyses
produce best fits with similar Xf values. The MCMC fit is

slightly superior (Xf = 4 for MCMC versus Xf = 7 for RFR)
with only a modestly reduced 1.25 pum flux peak, while the
RFR fit shows considerable variance around the three main
flux peaks at 1.25, 1.6, and 2.1 pm, which inflates the final
parameter uncertainties. Both analyses nevertheless yield
equivalent T.p and effectively solar metallicities, the latter
consistent with iron abundance measurements of the G dwarf
primaries ([Fe/H] = —0.01 &+ 0.12; R. Zhang et al. 2024).
Both [M/H] and [«a/H] are poorly constrained in these fits,
and we find a strong negative correlation between these
parameters, which may inflate their uncertainties. We also see
a complex correlation between log g and [M/H] in the RFR fits
that drives up the uncertainties for these parameters. There is a
significant difference in the inferred surface gravities between
the analyses, being higher and more consistent with the age of
the system for the MCMC fits. In contrast, the inferred MCMC
radius of R = 0.064 £ 0.001 R is too small to be physical,
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while the slightly larger RFR radius of R = 0.0767091% R, is
also low but formally consistent with the expected model-
dependent radius. The small radii inferred from these fits
reflect the ~200 K higher effective temperature inferred in this
analysis as compared to the Toe = 1237 £ 24 K model
estimate from A. Sanghi et al. (2023), although prior spectral
model fits (T. Nakajima et al. 2004; Z. Zhang et al. 2020;
A. Sanghi et al. 2023) have found T.¢ in the 1300-1500 K
range. Our ability to accurately reproduce the spectrum with
Gliese 584C with the SAND models indicates progress in
modeling the complex L/T transition (A. J. Burgasser et al.
2002b; C. Helling 2005; P. Tremblin et al. 2016), but the large
variances and uncertainties in temperature, surface gravity, and
metallicity suggest that additional spectral data are needed to
tightly constrain the physical properties.

3.4.3. Gliese 570D and EIf Owl Models

The spectrum of the T8 dwarf Gliese 570D is best fit by the
Elf Owl models, with the Diamondback models being a close
second and the SAND models well behind due to poor
reproduction of the 1.6 um CH,4 band. Again, both MCMC and
RFR analyses yield comparable best fits (X% = 5 and 6,
respectively), with the former showing ~10% deviations at the
1.05 and 1.55 pm flux peaks while the latter shows slightly
larger deviations at 1.05 and 1.25 um. Temperatures and
metallicities are well constrained and consistent between the
MCMC and RFR analyses, and are also consistent with
previously inferred values for the brown dwarf and the K4
dwarf primary (T. R. Geballe et al. 2001; A. J. Burgasser et al.
2006a; M. R. Line et al. 2015; Z. Zhang et al. 2021b;
A. Lueber et al. 2023). The radii are also equal to within 10%
and match model-based expectations. While all of the fit
parameters are consistent within the RFR uncertainties, we do
find a notable offset in surface gravity between the analysis
methods, with the lower MCMC log g = 4.57 109 significantly
below the model-based estimate log g = 4.99 4 0.12. This low
surface gravity implies an evolutionary model age of
T = 450-650 Myr (A. Burrows et al. 2001; I. Baraffe et al.
2003), which is significantly younger than the inferred age of
the primary (7 = 3.3 £+ 1.9 Gyr; Z. Zhang et al. 2021b), and
reflects the general underestimation of surface gravities seen in
EIf Owl model fits of T dwarfs (S. A. Beiler et al. 2024). This
offset may reflect modeling errors in pressure-dependent
chemistry or the strength of collision-induced H, absorption
(J. L. Linsky 1969). The EIf Owl models do account for
nonequilibrium chemistry through vertical mixing, which is
quantified by the log ,, diffusion coefficient and found to be
relatively weak in the MCMC fits (log k.. = 3.079-1). We do
note a slight positive correlation between log x, and the C/O
ratio, the latter being consistent with solar in both analyses.
This trend is consistent with increased CO and decreased CH,
abundances in a vertically mixed or oxygen-enriched atmos-
phere (D. Saumon et al. 2006; S. K. Leggett et al. 2007).

4. Discussion

The central focus of this study is a critical analysis of two
different approaches to modeling low-temperature spectra
using precomputed forward atmosphere models. Here we
evaluate our outcomes through the lenses of accuracy,
precision, and efficiency.
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4.1. Accuracy: Quality of Spectral Fits

One of the key outcomes of this study is that the choice of
model set is more important in reproducing an observed
spectrum than the model fitting approach. For our L and T
dwarf sample, both MCMC and RFR models were able to
converge to a best-fit model that largely reproduced the overall
SED and detailed features, with on average a lower value of y*
for the MCMLC fits. Even cases with persistently high y* values
(e.g., HD 89744B, GJ 1048B, and G 204-39B) show a
reasonable visual agreement, suggesting that these values are
driven by the high S/N of the spectra or uncorrected
calibration issues. Much greater variance in fit quality is seen
between the model sets themselves, with typically one or two
of the Diamondback, EIf Owl, and SAND models providing a
clearly superior fit depending on the spectral type of the
source, in some cases by a factor of 30 difference in Xf (e.g.,
G 196-3B). These differences reflect choices in the underlying
gas chemistry (including nonequilibrium effects), treatments
of condensation, line broadening profile (relevant for the
0.77 pm K I doublet), and adopted molecular opacities, as well
as potentially unmodeled physical processes. As such, the
methodology of fitting appears to be less critical for ensuring
an accurate fit than evaluating a broad selection of models.

4.2. Accuracy: Parameter Values

Another measure of accuracy considered in this study is the
agreement between the model fit parameters and the properties
inferred from the primaries to our benchmark companions.
Here, our results are mixed and likely driven by shortcomings
in the models rather than the model fitting process. Our best
MCMC and RFR fits based on the Diamondback and Elf Owl
models consistently yield significantly supersolar metallicities,
even for systems with solar or subsolar iron abundance
primaries. This metallicity bias is absent for the late T dwarfs,
and for G 196-3B and Gliese 584C, which are best fit by the
SAND models. Our analysis suggests that metallicity may not
be robustly measurable with these sets of models and/or with
low-resolution near-infrared spectra, although the range of
metallicities sampled (primary iron abundances —0.43 <
[Fe/H] < +0.37) is arguably narrow. The other benchmark
metric, age or surface gravity, shows better agreement across
the sample albeit with larger variance between the MCMC and
RFR approaches. For the early L dwarfs and late T dwarfs, the
MCMC method yields significantly higher and lower surface
gravities, respectively, than the RFR method, the Ilatter
diverging from expected values. However, these differences
may be driven in part by the relatively large uncertainties in
the RFR log g values (0.3-0.4 dex, about 20% of the parameter
range), while the disagreement between the fit and expected
log g for the late T dwarfs can be ascribed to a known gravity
bias in the Elf Owl models.

A separate accuracy assessment comes through comparison
of fit parameter to evolutionary model expectations for T,¢ and
radius. Here we see significant departures for the early L
dwarfs, with low temperatures and inflated radii based on the
best-fit Diamondback models. The much better reproduction of
Tetr and radius for the T dwarfs suggests this to be a
condensation effect, although we cannot rule out biases in the
evolutionary models caused by condensation as well. Overall,
we find mixed outcomes in reproducing independent physical
parameters, which indicate continued issues in the spectral
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models, particularly for the L dwarfs. The large variance
between MCMC and RFR parameters does not indicate that
one method is preferred over the other.

4.3. Precision: Parameter Uncertainties

The largest difference found between the MCMC and RFR
approaches was the precision of the inferred parameters,
considerably larger for the latter approach. This difference can
be ascribed to the use of coarse-grid sampling in this study.
The MCMC approach, based on linear interpolation, can in
principle reach any parameter value assuming the interpolation
is valid. The RFR approach, based on decision trees and
ensemble learning, constructs predictive models from the
provided model grid, which may lead to less accurate
parameter estimates when the grid is not sampled at a
sufficiently fine scale. A key measure of this is the RvP
statistic R (Figure 4), which tracks predictive accuracy. While
high self-consistency was found for T (R2 > 0.95 for all
grids), predictability was very low for other parameters that
were more coarsely sampled. Recent advancements, such as
those outlined in A. Lueber et al. (2023), suggest that
incorporating interpolation between grid points for a more
refined parameter mapping could significantly improve the
precision of RFR and reduce parameter uncertainties. In
addition, while model grids are usually constructed through
uniform sampling of the parameters (either linearly or log-
linearly), C. Fisher & K. Heng (2022) showed that this method
is suboptimal for parameter predictions, and that random or
Latin hypercube sampling performs better for predicting
parameters in higher-dimensional models. This study also
emphasized that traditional retrievals with interpolation on a
linear grid can produce biased posterior distributions, espe-
cially for parameters with nonlinear effects on the spectrum
such as the C/O ratio, cloud properties, and metallicity. As
such, the small parameter uncertainties from the MCMC
approach may mask systematic errors and biases in the grid
sampling or interpolation, while the large parameter uncer-
tainties for the RFR approach represent a fundamental limit for
coarse model grids. Furthermore, while the present study is
based on high-S /N spectra, it is important to recognize that the
effectiveness of ML methodologies like RFR can be adversely
affected by noise, particularly in instances of low-S/N
observations. The work conducted by I. Reis et al. (2019)
offers a comprehensive analysis regarding the impact of
various levels and types of injected noise in an RFR training
set and the precision of the resultant RFR outcomes.

4.4. Efficiency: Computational Effort

The computational efficiency of a fitting method is an
important factor for practical applications, particularly when
dealing with large spectral data sets such as those provided by
the Sloan Digital Sky Survey (D. G. York et al. 2000) or
expected from Euclid (R. J. Laureijs et al. 2010) and SPHEREXx
(B. P. Crill et al. 2020). MCMC is a relatively inefficient
method of sampling a posterior parameter space, and therefore
requires significant computational resources. The major time
sink for RFR, on the other hand, is in the training stage; the
subsequent prediction-based model determines parameters
relatively quickly. Our study found that MCMC fits take, on
average, 30-50 times more computational time per source than
RFR fitting (i.e., minutes versus seconds; Table 5). Therefore,
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Table 5
Average Computational Time of MCMC Fitting and RFRs

DBack EOwl SAND

(mm:ss) (mm:ss) (mm:ss)
MCMC Fitting
Total 04:31 22:31 02:11
RFRs
Training 00:05 00:30 00:04
Testing <00:01 00:02 <00:01
Total ~00:05 00:32 ~00:04

RFR computations were performed on a MacBook Pro (2019)
with a 2.4 GHz eight-core Intel Core i9 processor and 32 GB of
random-access memory (RAM), while MCMC calculations
were done on a MacBook Pro (2021) with a 3.2 GHz eight-core
M1 Max processor with 64 GB of RAM. For large-scale or
time-sensitive studies, the efficiency of RFR makes it a more
practical approach, given the offsets in quality of fit and
parameter precision. On the other hand, the better performance
of MCMC makes it valuable for single fits requiring higher
accuracy despite its higher computational cost.

4.5. Combining MCMC and RFR Approaches

Based on the comparative strengths and weaknesses of these
two approaches, and the existing variance in the quality of fits
among present-day atmosphere models for low-temperature
spectra, we recommend a three-phase hybrid approach for
fitting precomputed models to source spectra: first, a
preparation phase in which data and/or models are inter-
polated onto a common wavelength scale and a set of RFR
models are generated with each trained on a different
atmosphere model set; second, an RFR fitting phase, with
spectra fit to each of the model sets to identify the optimal set
and initial parameters for each spectrum; third, an MCMC
fitting phase in which the parameters are fine-tuned and precise
estimates of uncertainty are inferred. This general framework
allows for efficient evaluation of the optimal atmosphere
model for a given source, or multiple models depending on
error tolerance. It also has numerous avenues for optimization
—for example, using subgrids of models tuned to the expected
parameters of a sample, applying alternative supervised
learning models or Bayesian fitting approaches, incorporating
additional model calculations to improve parameter sensitivity
or interpolation error, and iterative inclusion of additional
fitting parameters such as element abundance variance (e.g.,
M. J. Veyette et al. 2016; S. A. Beiler et al. 2024) once an
initial optimal parameter set is identified, among others. More
importantly, this approach is agnostic to the source type or
resolution of the data, making it applicable to exoplanet
spectra (see C. Fisher & K. Heng 2018; A. Lueber et al. 2024b)
and high-resolution data (see C. Fisher et al. 2020;
N. P. Gibson et al. 2022) with appropriate modifications.

5. Summary

This study has assessed two approaches to fitting atmo-
spheric models to low-temperature L and T dwarf spectra:
MCMC and RFR. These approaches were applied using three
sets of atmosphere models (Sonora Diamondback, Sonora EIf
Owl, and SAND) and a sample of near-infrared spectra for 11
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benchmark companions for which independent assessments of
age and metallicity were available from their primaries and
estimates of temperature and radius were available from
evolutionary models. The goal of this study was to determine
the relative trade-offs in these approaches in terms of accuracy,
precision, and efficiency, and their future application to large
spectral samples from current or future surveys. Our primary
findings are as follows:

1. All 11 sources had a least one model set that provided a
robust fit to near-infrared spectroscopy. In general,
Diamondback provided the best fits for early L dwarfs,
Elf Owl for mid and late T dwarfs, and SAND for late L
and early T dwarfs and the young L dwarf G 196-3B.
Absence of condensate opacity and errors in specific
molecular gas opacities (e.g., CHy for SAND) were the
general causes of poor fits.

2. The MCMC fits generally matched the observed spectra
better than the RFR fits, and both fitting methods
generally converged to the same best model set, with
some individual exceptions (e.g., G 196-3B, HN Peg B).

3. MCMC also provided more accurate parameter estimates
(smaller uncertainties) than RFR, although the actual
parameters were generally consistent between the
methods. In both cases, there was mixed agreement
between the fit parameters and expected values based on
the primaries (metallicity, surface gravity) or evolution-
ary models (radius, effective temperature).

4. The RFR approach is a far more efficient algorithm, with
fits taking seconds as compared to the minutes of the
MCMC approach. The RFR approach also identifies
features of importance that align with temperature, surface
gravity, and metallicity sensitive features, potentially
useful for more directed parameter fitting schemes.

5. Based on this analysis, we propose a method for
combining the strengths of these approaches to address
the variances inherent in existing precomputed models.
Specifically, we advocate a first-pass RFR fit to identify
the optimal model set and initial parameters, followed by a
more precise evaluation using MCMC fits when needed.
This hybrid approach is flexible and can be adapted to
different ML and Bayesian analysis approaches, as well as
different data sets and source types.

Our combined approach joins a growing set of ML-assisted
strategies that aim to significantly increase the efficiency of
fitting precomputed models to stellar, brown dwarf, and
exoplanet spectra. Continued advancements in these meth-
odologies, coupled with improved interpolation techniques and
more finely computed model grids, are needed to enhance our
ability to accurately and precisely constrain the multiple
physical parameters and processes that shape the spectra of
low-temperature atmospheres.
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Appendix

Here, we provide in Figures 11 through 16 the joint
posterior parameter distributions for our best-fit MCMC and
RFR analyses of three exemplary brown dwarfs in our sample:
the early-type L dwarf LP 465-70B, the L/T transition object
Gliese 584C, and the late T dwarf Gliese 570D (Section 3.4).
Each figure shows the marginalized individual parameter
distributions as histograms, and the joint distributions as 2D
contour plots, with common colors assigned to each parameter.
The optimal parameter values and estimated uncertainties are
provided in Table 3 for MCMC and Table 4 for RFR.
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Figure 11. Posterior parameter distributions from our MCMC Diamondback fits of the near-infrared spectrum of the LO dwarf LP 465-70B. The diagonal plots
display the marginalized 1D parameter distributions for temperature Tes (blue), surface gravity logg (orange), metallicity [M/H] (green), cloud sedimentation
efficiency fi.q (red), and radius R (purple). The other panels display the joint parameter distributions: the lower left panels display contour plots of the probability,
and the upper right panels display the individual parameters in the MCMC chain.
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Figure 12. Posterior parameter distributions for our Diamondback RFR of the LO dwarf LP 465-70B. Parameters and panels are as defined in Figure 11, with the
upper right panels showing the predictions of individual trees within the RF ensemble.

19



THE ASTROPHYSICAL JOURNAL, 988:31 (24pp), 2025 July 20 Lueber & Burgasser

500 1000 1500 2000 2500 4 5 6 -05 00 05 0.0 0.2 04 005 0.10 0.15
. . . ) ; . . : : : : : . : 2500
2000
* “ [ ] Ve \ 1500
1000
1 500
6.0 1 6.0
5.5 £ 55
m |
D) 501 5.0
)
4.5 45
4.0 4.0
075 0.75
0.50 - 0.50
™ o025 0.25
T 4 ) &
E 0.00 | : ' 0.00
bt —0.25 —-0.25
~0.50 1 -0.50
-0.75 -0.75
0.4 1 0.4
— 0.3 03
& 0.2 | 0.2
& J
S 011 0.1
Td
0.0 ! ! “ ' 0.0
-01 -0.1
0.16
0.14 1
—
> 0121
£ 010
'
of 0.08-
0.06 - - — — -
0.04 " " . : . . . . . . . . . .
500 1000 1500 2000 2500 4 5 6 -05 00 0.5 0.0 0.2 04 005 0.10 0.15
Terr (K) log g [M/H] [a/Fe] R (Ro)

Figure 13. Same as Figure 11 but for MCMC SAND fits of the near-infrared spectrum of the L8 dwarf Gliese 584C. The parameters shown are the temperature T
(blue), surface gravity log g (orange), metallicity [M/H] (green), alpha element enrichment [«/Fe] (gray), and R (purple).
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Figure 14. Same as Figure 13 but for the SAND RFR of the near-infrared spectrum of the L8 dwarf Gliese 584C.
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Figure 15. Same as Figure 11 but for MCMC Elf Owl fits of the near-infrared spectrum of the T8 dwarf Gliese 570D. The parameters shown are the temperature 7
(blue), surface gravity log g (orange), metallicity [M/H] (green), vertical eddy diffusion coefficient log .. (red), carbon-to-oxygen ratio C/O (gray), and radius R

(purple).
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Figure 16. Same as Figure 15 but for the EIf Owl RFR of the near-infrared spectrum of the T8 dwarf Gliese 570D.
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