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A B S T R A C T 

Brown dwarfs and exoplanets are thought to host complex atmospheric phenomena such as clouds, storms, and chemical 
het erogeneity, akin t o w eather patt erns on Earth. These featur es can pr oduce pr onounced spectr al v ariability. Time- 
variability monitoring provides a unique window into surface inhomogeneities that cannot be dir ectly r esolved with 

for eseeable imaging technology. Curr ent time-series analysis techniques have provided qualitative constraints on vari- 
ability mechanisms but lack the ability to quantitatively estimate the extent of variation on atmospheric properties. We 
present Tempawral , the first data-driv en time-resolv ed atmospheric retrieval framework that quantitatively retrieving 
variability in atmospheric parameters via an eigen-spectra inversion technique, leveraging the full spectra data set. We 
validate this method on simulated time-series spectra of a variable brown dwarf, demonstrating that it successfully 
recovers key variability drivers, including inhomogeneous cloud coverage, evolving chemical abundances, and changes 
in temperatur e structur e. We further showcase the utility of Tempawral by applying it to James Web Space Telescope 
( JWST )/N ear Infrar ed Imager and Slitless Spectr ograph in the Single Object Slitless Spectr oscopy mode time-series 
observations of a highly variable T2.5 brown dwarf. The observed variability is best explained by an ∼300 K tempera- 
ture perturbation near the 1-bar, accompanied by variations in the abundances of H 2 O , CO , FeH , as well as changes 
in the thickness of the iron cloud deck. This work provides a generalized framework for time-resolved atmospheric 
retrievals in the JWST era, enabling comprehensive interpretations of dynamic atmospheric processes in substellar 
objects. 

Key w ords: planets and sat ellit es: atmospheres – stars: atmospheres – brown dwarfs – stars: variables: general – infrared: 
stars. 

1  INTRODUCTION  

Brown dwarfs (BDs) represent a crucial link between low-mass 
stars and giant planets. Their atmospheric diversity is primar- 
ily governed by effective temperature ( T eff ), surface gravity, and 
metallicity, parameters that span a wide range overlapping with 
both cool stars and giant e x oplanets. At the hottest end of the 
brown dwarf sequence ( T eff ≤ 2700 K ), their atmospheres resem- 
ble those of cool stars and ultra-hot Jupit ers, dominat ed by atomic 
and ionic species, with significant contributions from contin- 
uum and atomic line opacities (F. Allard et al. 1997 ; K. Lod- 
ders & B. Fegley Jr 2002 ). As T eff decreases, molecular opac- 

⋆ E-mail: f.wang5@herts.ac.uk 

ities such as from H 2 O , CH 4 , CO, and NH 3 become increas- 
ingly important. At these cooler t emperatures, condensat e clouds 
and disequilibrium chemistry driven by vertical mixing also be- 
come prevalent, further shaping the observed spectra and mak- 
ing them more reminiscent of giant exoplanets (B. Fegley & 

K. Lodders 1996 ; C. Visscher, K. Lodders & J . F egley 2006 ; 
D . J . Coulter, J . W. Barnes & J . J . F ortney 2022 ; S. A. Beiler 
et al. 2024 ). At the coolest e xtr emes, Y dwarfs with temper- 
atures as low as ∼200K nearly overlap with the temperature 
regime of Solar system gas giants. These key processes of cloud 
formation, molecular absorption, and chemical disequilibrium 

remain poorly understood in planetary atmospheres. BDs of- 
fer data-rich laboratories for studying the many of atmospheric 
processes that are central to our understanding of giant plan- 
ets. 

© The Author(s) 2026. 
Published by Oxford University Press on behalf of R oy al Astronomical Society. This is an Open Access article distributed under the terms of the 
Creative Commons A t tribution License ( https://creativecommons.org/licenses/by/4.0/ ), which permits unrestricted reuse, distribution, and 
r epr oduction in any medium, provided the original work is properly cited. 
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Like the gas giants in our Solar system, most brown dwarfs are 
rapid rotators, with rotation periods typically ranging from 1 to 20 
h (M. Z. Osorio et al. 2006 ; I. A. Snellen et al. 2014 ; M. L. Bryan 
et al. 2020 ; M. E. Tannock et al. 2021 ; J. M. Vos et al. 2022 ). Time- 
resolv ed light curv e observations in the optical, near-infrared, and 
mid-infrared have revealed dramatic and ubiquitous variability 
across nearly all spectral types (D. Apai et al. 2013 ; J. Radigan 
2014 ; S. A. Metchev et al. 2015 ; M. C. Cushing et al. 2016 ; S. K. 
Leggett et al. 2016 ; D. Apai et al. 2017 ; E. Manjavacas et al. 2017 ; 
B. W. Lew et al. 2020 ; Y. Zhou et al. 2020 ; J. M. Vos et al. 2022 ). 
These studies suggest that the majority of L and T dwarfs are 
variable, with typical amplitudes e x ceeding 0.2 per cent. Large 
variability surveys (J. Radigan 2014 ; S. A. Metchev et al. 2015 ), 
which examined samples of 62 and 44 brown dwarfs respectively, 
further show that objects in the L/T transition exhibit stronger 
and higher amplitude variability than those outside the transition 
(J. Radigan 2014 ; S. C. Eriksson, M. Janson & P. Calissendorff
2019 ), with amplitudes ranging from a few percent up to 26 
per cent. Several physical mechanisms has been proposed to ex- 
plain this variability, including inhomogeneous cloud cover as a 
dominant driver in the L/T transition (J. Radigan 2014 ), as well as 
localized temperature perturbations or hotspots (T. D. Robinson 
& M. S. Marley 2014 ), thermochemical instabilities (P. Tremblin 
et al. 2016 ), and auroral activity (G. Hallinan et al. 2015 ). These 
observed v ariability pat terns are thought to arise from underlying 
atmospheric dynamics, such as cloud radiative feedback (X. Tan 
& A. P. Showman 2021 ) and conv ectiv e perturbations (X. Zhang 
& A. P. Showman 2014 ). 
Constraining the origins of the variability was limited by in- 

complete observational data sets. Traditional photometric mon- 
itoring suffers from limitations in atmospheric depth sensitivity 
due to the use of only a few broad-band filt ers. Multiwav elength, 
phase-resolved observations can provide a comprehensive three- 
dimensional view of the atmosphere and help disentangle the 
mechanisms that drive variability across different pressure levels 
(C. V. Morley et al. 2014 ; B. A. Biller et al. 2024 ; A. M. McCarthy 
et al. 2025 ). James Web Space Telescope ( JWST ) enables time- 
r esolved spectr oscopy fr om the visible to the mid-infrar ed, with 
N ear Infrar ed Spectr ograph (NIRSpec) covering 0.6–5 µm and 
Mid Infrared Instrument (MIRI) ext ending t o 28 µm (P. Jakobsen 
et al. 2022 ). This capability has opened a new window on spec- 
troscopic variability studies of brown dwarfs and planetary-mass 
objects. B. A. Biller et al. ( 2024 ) presented the first JWST spectro- 
scopic monitoring of the brown dwarf binary WISE J104915.57 
−531906.1AB (henceforth WISE 1049AB) (K. Luhman 2013 ), de- 
tecting variability from 1–14 µm, while A. M. McCarthy et al. 
( 2025 ) report ed monit oring of the isolat ed planetary-mass object 
SIMP J013656.5 + 093347.3 (hereafter SIMP 0136) (É. Artigau et 
al. 2006 ; J. Gagné et al. 2017 ) over 0.8–11 µm. More recently, 
R. Akhmetshyn et al. ( 2025 ) pr esented JWST N ear Infrar ed Im- 
ager and Slitless Spectrograph in the Single Object Slitless Spec- 
troscopy (NIRISS- SOSS) time- series spectroscopy of SIMP 0136, 
which is also the data set used in this paper. To date, JWST ob- 
serving cy cles hav e allocat ed ov er 150 h t o time-series studies of 
11 brown dwarfs and planetary-mass objects. These targets span 
the temper ature r ange between 250 and 2300 K and are being 
observed with time-series spectroscopy to e xplor e the dynamic 
processes in brown dwarf atmospheres. 
Previous techniques for analysing time-series spectroscopy 

have primarily focused on methods such as Doppler imaging 
to produce spherically deconvolved surface maps, light-curve 

clust ering t o associat e different v ariability pat terns with v arying 
atmospheric pr essur e levels, and comparing retrievals between 
selected epochs within the spectral series. The first successful 
Doppler imaging attempt on a brown dwarf was conducted by 
I. Crossfield et al. ( 2014 ) t o creat e a surface map of WISE 1049B. 
Subsequently, X. Chen et al. ( 2024 ) applied Doppler imaging to 
WISE 1049AB using time-r esolved, high-r esolution spectr oscopic 
observations from Gemini IGRINS. Their analysis revealed per- 
sistent spot -lik e structures located from the equat orial t o mid- 
latitude regions, as well as newly identified polar spots in the 
H- and K-band maps. R. Akhmetshyn et al. ( 2025 ) t est ed the 
sinusoidal and spherical harmonic mapping t echniques t o extract 
brightness maps from the light curves at different wavelengths of 
SIMP 0136, finding that the spectrophotometric variability con- 
nects three distinct spectral regions to three atmospheric la y - 
ers. The over all v ariability is highly correlated with changes in 
t emperature, cloud cov erage, and possibly effectiv e metallicity. 
Doppler imaging successfully r ecover ed the evolving surface fea- 
tur es r esponsible for the spectr al v ariability, while the deconvo- 
lution can suffer from non-uniqueness. 
The light-curve clustering technique converts time-series spec- 

tr a into w avelength-dependent light curves and applies k-means 
clustering (via scikit-learn ) to identify distinct variability 
behaviours. These clusters are mapped on to contribution func- 
tions (tells where in the atmosphere the emergent radiation at 
a giv en wav elength is coming from) t o associat e variability with 
atmospheric pr essur e lev els. Applied t o JWST /NIRSpec and MIRI 
observ ations of WISE 1049AB , this method revealed v ariabil- 
ity driven by patchy clouds in deep layers and temperature- or 
chemistry-induced hotspots at higher altitudes (B. A. Biller et 
al. 2024 ; X. Chen et al. 2025 ). Similarly, A. M. McCarthy et al. 
( 2025 ) applied this t echnique t o JWST spectroscopy of SIMP 0136 
(0.8–11 µm), identifying contributions from clouds, hotspots, and 
variable carbon chemistry. This approach effectively links the ob- 
served variability to atmospheric processes, but it remains qual- 
itative and cannot fully constrain the amplitudes of individual 
atmospheric variations 
A mor e dir ect appr oach is to perform atmospheric r etrievals 

on individual time-step spectra and compare the inferred at- 
mospheric properties. How ev er, this approach is challenged by 
the high-computational cost and the par ameter degener acies in 
retrieval analyses, particularly when dealing with hundreds to 
thousands of spectra for a single object (e.g. SIMP 0136, for which 
∼6000 JWST /NIRSpec PRISM spectra were obtained in GO 3548, 
PI: Vos). E. Nasedkin et al. ( 2025 ) reduced this burden by per- 
forming retrievals on 24 phase-binned spectra of SIMP 0136, 
sampled every 15 ◦ in rotational phase. Their results suggest that 
the observed variability may be driven by changes in effective 
temperature and by variations in the abundances of CO 2 and H 2 S . 
How ev er, int erpreting variability in t erms of effectiv e t empera- 
ture implicitly assumes changes in the object’s luminosity, and 
the physical origin of such variations remains uncertain. More 
generally, the interplay between chemistry, cloud properties, and 
temperatur e structur e intr oduces degeneracies that complicate 
the unique identification of variability drivers. 
The above efforts have provided valuable insights into the ori- 

gins of spectral variability, but they often lack quantitative con- 
straints on the amplitudes of variations in atmospheric prop- 
erties. With the increasing volume of high-quality JWST time- 
series observations, where a single object may yield hundreds to 
thousands of high signal-to-noise spectra, there is a growing need 
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Figure 1. Simplified physical picture for modelling time-variable brown 
dwarf atmospheres. Multiple surface regions with distinct chemical com- 
positions, cloud properties, or thermal structures may coexist, ev olv e, and 
interact dynamically. When these heterogeneous atmospheric structures 
are superimposed on a more homogeneous background and rotate in 
and out of view, the resulting disc-averaged atmospheric properties can 
e xhibit appr o ximat ely sinusoidal t emporal behaviour, which is also the 
assumption used in Tempawral . How ev er, such atmospheric variability 
ev olution patt ern can be mor e comple x (see detailed discussion in Sec- 
tion 7.3.2 ). 

for a generalized and computationally efficient time resolved re- 
triev al fr amework that can fully exploit these rich data sets and 
quantitativ ely inv estigat e the physical driv ers of spectr al v ari- 
ability. To address this need, we developed Tempawral , a data- 
driv en, time-resolv ed retriev al fr amework. Tempawral models 
evolving br own dwarf atmospher es by allowing multiple surface 
regions with distinct chemical compositions, cloud properties, 
and thermal structures t o emerge, ev olv e, and int eract dynam- 
ically (see Fig . 1 ), pr oducing comple x and spatially correlated 
surface features (E. K. Lee, X. Tan & S.-M. Tsai 2023 , 2024 ). These 
heterogeneous atmospheric structures are superimposed on a 
mor e homogeneous back gr ound and r otate in and out of view, 
causing disc-averaged atmospheric properties such as gas abun- 
dances or longitudinally av eraged t emperatur e pr ofiles can fol- 
low par ametrized tempor al behaviours. Different combinations 
of t emporal ev olution across atmospheric paramet ers generat e 
distinct time-series spectra and, consequently, unique principal 
components (hereafter eigen-spectra) that capture the underlying 
v ariability pat terns. 
Tempawral is designed to recover the temporal evolution 

of individual atmospheric parameters by performing retrievals 
directly on eigen-spectra rather than on individual time-series 
spectr a. By oper ating in eigen-space, Tempawral makes most 
use of the variability information contained within time-series 
spectra data while substantially improving computational effi- 
ciency. Relat ed approaches hav e applied principal component 
analysis (PCA) to extract dominant eigencurves from spec- 
troscopic secondary-eclipse light curves for three-dimensional 
eclipse mapping (M. Mansfield et al. 2020 ). In contrast, our frame- 

w ork operat es in the spectral domain and uses PCA to identify the 
dominant modes of spectral variability while explicitly incorpo- 
rating time as a fundamental dimension of atmospheric retrieval. 
This enables generalized atmospheric fits to variability patterns 
rather than to the original time-series spectra. 
Section 2 describes the SIMP 0136 data used in this paper. In 

Section 3 , we provide an overview of the Tempawral code and 
outline the methodology employed in this study. In Section 4 , 
w e outline simulat ed time- series observations and eigen- spectra 
retrieval model setup for a SIMP 0136-like brown dwarf. Section 5 
presents the results of model demonstrations. In Section 6 , we ap- 
ply this method to JWS T /NIRISS-SOSS near -infrared time-series 
data of SIMP 0136. Section 7 remarks on the parametrization of 
time-series models and highlights caveats related to eigen-spectra 
retrieval techniques, including the selection of baseline retrievals 
and the time distribution of variables. Finally, Section 8 sum- 
marizes the main conclusions of this work and brie�y discusses 
possible directions for future studies. 

2  SIMP  0136  TIME-RESOLVED  SPECTRA  

The data for this r esear ch wer e obtained with the NIRISS/SOSS 
mode onboard JWST as a part of cycle 1 Guaranteed Time Obser- 
v ations progr amme #1209 (PI: Artigau), The observation detail 
can be found in R. Akhmetshyn et al. ( 2025 ). The SOSS-Inspired 
SpectroScopic Extraction pipeline is used for data reduction (O. 
Lim et al. 2023 ). The reduced data consists of 81 spectra ( R ∼

1200) from 0.85 to 2.83 µm taken over slightly more than one 
rotational period. SIMP 0136 is an isolated planetary-mass object 
that has been ext ensiv ely studied using both ground-based and 
space-based observations (É. Artigau et al. 2006 , 2009 ; D. Apai 
et al. 2013 ; H. Yang et al. 2016 ; A. M. McCarthy et al. 2024 ). With a 
spectral type of T 2 . 5 ± 0 . 5 (É. Artigau et al. 2006 ) and an effective 
temperature 1360 ± 20 K (J. M. Vos et al. 2023 ), SIMP 0136 lies in 
the L/T transition region, known for high-amplitude variability 
likely caused by the variations in the cloud patchiness (J. Radigan 
2014 ; P. Liu et al. 2024 ). Observed variability amplitudes reach up 
to 5 per cent in the J band (É. Artigau et al. 2009 ), and the object 
has a rotation period of appr o ximately 2.4 h (B . Cr oll et al. 2016 ; 
H. Yang et al. 2016 ). N ear-infrar ed variability has been linked to 
patchy clouds (D. Apai et al. 2013 ; A. M. McCarthy et al. 2024 ), 
while mid-infr ared v ariability may r esult fr om C O / CH 4 fingering 
convection (P. Tremblin et al. 2020 ). In addition, strong pulsed 
radio emission from SIMP 0136 suggests auroral activity (M. M. 
Kao et al. 2016 , 2018 ). 
Pr evious r etrieval analyses (e.g . J. M. Vos et al. 2023 ) have 

shown that the 1–15 µm spectrum of SIMP 0136 is best ex- 
plained by a tw o-lay er cloud structure: a high-altitude forst erit e 
(Mg 2 SiO 4 ) cloud overlaying a deeper, optically thick iron (Fe) 
cloud. In our Tempawral analysis, we follow this same 
cloud prescription. The atmospheric temperature profile is 
parametrized following N. Madhusudhan & S. Seager ( 2009 ), and 
we perform retrievals on the time-averaged spectrum. The result- 
ing best-fit ting par ameters are summarized in Table 1 . The spec- 
trum is best explained by absorption from H 2 O, CO, CO 2 , CH 4 , 
NH 3 , CrH, FeH, Na, K, along with a pr essur e–temperatur e pr ofile 
that is isothermal at high altitudes and adopts an adiabatic-sloped 
structure below 10 bars. The cloud structure follows the two- 
layer prescription described above with a patchy, high-altitude 
forst erit e cloud overlaying a deeper, optically thick iron cloud. 
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Table 1. Baseline model parameters and retrieved median values. 

Category Parameter MLE value a Median value 

Gas abundance b H 2 O −3.82 −3 . 81 +0 . 05 
−0 . 03 

CO −3.39 −3 . 37 +0 . 05 
−0 . 05 

CH 4 −4.32 −4 . 32 +0 . 05 
−0 . 04 

NH 3 −5.27 −5 . 31 +0 . 05 
−0 . 08 

CrH −9.35 −9 . 39 +0 . 09 
−0 . 09 

FeH −9.36 −9 . 32 +0 . 05 
−0 . 08 

K _ Na c −6.58 −6 . 52 +0 . 07 
−0 . 06 

R efinement par ameter d log g e 4.94 4 . 91 +0 . 05 
−0 . 06 

R 2 / D 2 e 2 . 37 e −19 0 . 00 +0 . 00 
−0 . 00 

�λ −0.0012 −0 . 00 +0 . 00 
−0 . 00 

log f e −30.99 −30 . 97 +0 . 02 
−0 . 02 

P-T profile f α1 0.94 0 . 94 +0 . 04 
−0 . 07 

α2 0.06 0 . 07 +0 . 03 
−0 . 01 

log P 1 0.21 0 . 09 +0 . 09 
−0 . 32 

log P 3 1.58 1 . 66 +0 . 20 
−0 . 11 

T 3 3889.83 3799 . 47 +132 . 43 
−169 . 25 

Cloud g f cld 0.91 0 . 89 +0 . 01 
−0 . 06 

Mg 2 SiO 4 slab cloud 
τmcs 25.85 24 . 61 +1 . 21 

−1 . 76 

log p mcs −3.48 −1 . 08 +0 . 88 
−2 . 07 

d p mcs 4.14 1 . 70 +2 . 09 
−0 . 93 

a mcs 
e −0.84 −0 . 87 +0 . 13 

−0 . 24 

b mcs 
e 0.21 0 . 19 +0 . 15 

−0 . 12 

Fe deck cloud 
log p mcd 1.03 1 . 03 +0 . 07 

−0 . 04 

dp mcd 1.08 3 . 57 +2 . 25 
−1 . 80 

a mcd 
e −1.01 −1 . 02 +0 . 11 

−0 . 89 
b mcd 

e 0.66 0 . 55 +0 . 29 
−0 . 29 

a MLE Value denotes maximum likelihood estimate value. 
b Gas abundance is presumably log 10 of a vertically uniform mixing ratio. 
c K _ Na is combined Na and K volume mixing ratio, the ratios of K and Na are tied to the solar ratio. 
d log g is in cgs units; �λ is in microns; log f is tolerance factor. 
e Bold parameters like log g , R 2 / D 2 , log f (tolerance factor) and cloud particle size distributions are 
assumed to be invariant in the subsequent time-resolved retrievals. 
f The atmospheric temperature profile is parametrized following N. Madhusudhan & S. Seager ( 2009 ). 
g The cloud parametrization follows B. Burningham et al. ( 2021 ). 

3  TEMPAWRAL FRAMEWORK  

Tempawral 1 is designed to quantitatively probe the origins of 
variability in time-series spectra. Traditional spectral retrieval 
approaches typically perform independent retrievals on each 
spectrum in a time series, which becomes computationally pro- 
hibitive for objects with thousands of spectra. Instead, Tem- 
pawral focuses directly on the variability patterns present in the 
time-series data, r epr esenting these patterns thr ough principal 
component analysis and comparing them betw een observ ed and 
simulated data sets. Unlike conventional retrieval frameworks, 

1 ht tps://github.com/fw ang23nh/Tempawr al 

which are generally built around a single-epoch (hereafter ‘snap- 
shot’) forward model coupled with a retrieval algorithm, Tem- 
pawral consists of three main components: Time-series spec- 
tr al gener ation module, which simulates spectr a across selected 
time-steps; PCA-based post-processing module, which reduces 
data dimensionality and captures the dominant modes of vari- 
ability; and Bayesian retrieval module, which performs param- 
eter inference directly on dominant modes of variability. Fig. 2 
presents a schematic overview of the Tempawral work�ow. In 
the following subsections, we describe each of these components 
in detail, with particular emphasis on the time-series forward 
model and the PCA-based post-processing step. We then present 
the complete Tempawral work�ow, illustrating how these ele- 
ments w ork t ogether t o quantitativ ely charact erize atmospheric 
variability. 
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Retrieval

Baseline retrieval
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Likelihood
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Multinest

MCMC
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Evidence 

TemTT pawral

phase-averaged spectrum

Figure 2. Schematic overview of the Tempawral framework. Starting from a time-series spectroscopic data set, a baseline atmospheric retrieval is 
performed on the time-averaged spectrum to obtain r efer ence values on model par ameters. Time-v ariable par ameters (temper ature, chemical abun- 
dances, and cloud properties) are perturbed sinusoidally to generate the time-evolution model parameters; which is fed into the time-series forward 
model to produce simulated spectra. PCA is then applied to both observed and simulated time-series spectra to extract eigen-spectra, capturing the 
dominant modes of wavelength-dependent variability. The Bayesian retrieval module compares these eigen-spectra, inferring posterior distributions for 
the perturbation amplitudes and phase shifts of the atmospheric parameters. 

3.1 Time-series forward model 

The time-series forward model generates synthetic spectra that 
ev olv e ov er time in response t o physically motivat ed perturba- 
tions in the atmospheric state. Starting from a baseline atmo- 
spheric model, typically obtained from a retrieval on the time- 
averaged spectrum, the model introduces time-dependent varia- 
tions in selected parameters such as temperature, chemical abun- 
dances, or cloud pr operties. Fig . 3 pr ovides a schematic overview 

of the time-series forward model. 

3.1.1 Snapshot forward model 

The time-series forward model in Tempawral builds upon the 
snapshot forward model implemented in the Brewster_v2 , 
which will be released soon, and is an upgraded version of 
the Brewster retrieval framework (B. Burningham et al. 2017 , 
2021 ). The time-series model extends the snapshot model to allow 

select ed atmospheric paramet ers t o v ary with time. R eaders are 
r eferr ed to B . Burningham et al. ( 2017 ) for a full description of 

the snapshot framew ork. Here, w e summarize the essential com- 
ponents. 
The snapshot forward model computes the emergent emission 

spectrum under the assumption of plane parallel geometry, using 
a parametric pr essur e temperatur e ( P –T ) profile and prescribed 
chemical abundances. It includes opacity from atomic and molec- 
ular lines, Rayleigh scattering, and collision induced absorption, 
and incorporates a treatment of patchy clouds using multiple 
atmospheric columns (J. M. Vos et al. 2023 ). Radiative transfer is 
solved independently for each column, and the resulting spectra 
are linearly combined according to their fr actional cover age to 
produce the total emergent �ux. Using this foundation, the time- 
series forward model can generate spectra at any desired time- 
step once the time-dependent values of all varying parameters are 
specified. 

3.1.2 Refer enc e values from baseline retrieval 

Given a time-series spectroscopic data set for a brown dwarf, we 
first determine the baseline atmospheric state by performing a 
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Time-series Forward Model

a. Reference value from baseline retrieval:

b.     Time-varying perturbations & 

                               phase-shifts on each time-variables:

c.       Time-distributions of model params:c.      Time-distributions of model params:

d.       Time-series spectra:d.      Time-series spectra:

a. Reference value from baseline retrieval:

b.    Time-varying perturbations & 

                               phase-shifts on each time-variables:

Snapshot Forward  Model

Figure 3. Flowchart of the Tempawral ’s time-series forward model. The baseline model provides a r efer ence matrix, M ref , derived from the best-fitting 
solution to the time-averaged spectrum of the observed object. Periodic modulations from rotating atmospheric features are captured through variability 
amplitude and phase-shift terms, yielding the perturbation and phase-shift matrices, M var and M shift , which are sampled at each retrieval iteration. The 
resulting matrix, L , encodes the full time ev olution of all model paramet ers, with each column r epr esenting a complet e paramet er set at a giv en time-st ep. 
These parameter sets are passed to the snapshot forward model to generate the simulated time-series spectra, S . 

retrieval on the time-averaged spectrum. The time-averaged spec- 
trum is constructed by stacking hundr eds of time-r esolved spec- 
tra, effectively smoothing out short-term variability. The time- 
averaged spectrum is assumed to r epr esent the underlying base- 
line atmosphere, while the observed spectral variability is at- 
tribut ed t o time-dependent surface features modulat ed by rota- 
tion. B y e xploring combinations of temperatur e structur es, cloud 
models, and chemical compositions, we identify the best-fitting 
atmospheric model that r epr oduces the mean spectral shape. The 
resulting maximum likelihood estimates on each model parame- 
ters define the r efer ence parameter set for all model parameters. 

3.1.3 Time-variable parameters 

Spectr al v ariability arises from changing atmospheric properties 
as the object rotates. The chemistry, cloud structure, and temper- 
atur e pr ofile within a surface feature may all differ from the sur- 
r ounding atmospher e, cr eating a comple x heter ogeneous pattern 

that ev olv es with rotation. As these featur es r otat e int o and out of 
view, their contribution to the disc-int egrat ed spectrum produces 
periodic spectral variability. 
In Tempawral , this behaviour is parametrized using three 

main classes of time-variable parameters: 

(1) Chemical Abundances. All retrieved gas species are ini- 
tially treated as time-variables. Each species is assigned a per- 
turbation amplitude and a phase shift. This approach captures 
the possibility that localized chemical enrichment or depletion, 
driv en by v ertical mixing, conv ection, or phot ochemical pro- 
cesses, may contribute to the observed spectral changes. 
(2) Cloud Properties. The baseline cloud structure is taken 

from the best fit of time-averaged spectrum retrieval and may 
include slab or deck clouds (B. Burningham et al. 2017 ) at differ- 
ent pr essur e lev els, composed of either Mie particles or pow er- 
law/grey species. The time-variable cloud parameters thus in- 
clude vertical and horizontal distributions (cloud-top, cloud-base 
pr essur es, and patchy cloud coverage) and slab cloud optical 
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thickness. Although all cloud parameters could, in principle, vary 
with rotation, we fix the cloud scattering properties over time to 
r educe model comple xity and mitig at e degeneracies. The pow er- 
law index of the optical thickness and the Mie particle sizes re- 
main fixed at their baseline values. 
(3) Temperatur e Structur e. The baseline pr essur e temperatur e 

profile is obtained from the time averaged retrieval. Instead of 
perturbing individual P –T parameters, Tempawral applies a 
temperatur e perturbation dir ectly to the baseline pr ofile. This 
perturbation r epr esents localized thermal featur es, such as hot or 
cold spots caused by non-equilibrium chemistry, auroral activity, 
or radiative cooling . Thr ee parameters define the perturbation: a 
r efer ence pr essur e log p ref indicating the centr e of the perturba- 
tion, a pr essur e width log dp describing its vertical e xtent, and an 
amplitude T var specifying the temperature deviation. 

3.1.4 Time evolution of model parameters 

Once the time-variable parameters are defined, we simulate their 
t emporal ev olution. Giv en an observ ed time-series spectral data 
set, the initial estimates of the atmospheric properties are obtain 
from the baseline retrievals on the time averaged spectrum. Here, 
we use maximum likelihood estimates on each model param- 
eters as r efer ence values. Starting fr om these r efer ence values 
that r epr esent the atmospheric pr operties of the homogeneous 
back gr ound (see Fig. 1 ), we assume that the observed variability 
arises fr om r otational modulation of multiple surface features 
(time-v ariable par ameters). 
Each parameter is assumed to vary sinusoidally about its ref- 

er ence value, r e�ecting periodic modulation caused by r otating 
surface features. To allow for asynchronous variability among 
differ ent atmospheric pr ocesses, each time-v ariable par ameter 
is assigned an independent phase shift. These perturbations are 
described by 

m (t ) = m ref + m var sin (t + m shift ) , (1) 

where t is the rotational phase, expressed as t = 

(

T 
P rot 

)

2 π , with 

T denoting a specific time and P rot the rotational period of the ob- 
ject determined from prior observations. Here, m (t ) is the phase- 
dependent value of the parameter, m ref is the r efer ence value fr om 

the baseline retrieval, m var is the perturbation amplitude, and 
m shift is the phase shift. Each time-variable parameter ther efor e 
follows its own sinusoidal trajectory, while fixed parameters re- 
main constant at their r efer ence values. 
As illustrated in Fig. 3 , for a data set with N time-steps (mod- 

elled using N phase steps), this pr ocedur e pr oduces an L matrix 
describing the time evolution of all M model parameters: 

L = 

⎡ 

⎢ 
⎢ 
⎢ 
⎢ 
⎢ 
⎣ 

L 11 L 12 · · · L 1 N 

L 21 L 22 · · · L 2 N 
. . . 

. . . 
. . . 

. . . 

L M1 L M2 · · · L MN 

⎤ 

⎥ 
⎥ 
⎥ 
⎥ 
⎥ 
⎦ 

N Time Steps 
→ 

M Parameters 
↓ 

(2) 

with 

L i j = M ref ,i + M var ,i sin (t j + M shift ,i ) . 

where M ref is the matrix of reference values obtained from the 
retrieval on the time-averaged spectrum, while M var and M shift 

r epr esent the matrices of time-variable perturbation amplitudes 
and phase shifts for the model paramet ers, respectiv ely. The 

model parameters time-evolving matrix L encodes the temporal 
behaviour of all time-variable parameters and serves as input for 
generating the corresponding time-series spectra in the forward 
model. 

3.1.5 Simulated time-series spectra 

Each column of L r epr esents the full set of atmospheric param- 
eters at a given time-step. These parameter sets are passed to 
the snapshot forward model to generate the synthetic time-series 
spectra matrix S , which contains N time-steps and W wavelength 
points: 

S = 

⎡ 

⎢ 
⎢ 
⎢ 
⎢ 
⎣ 

S 11 S 12 · · · S 1 W 

S 21 S 22 · · · S 2 W 

. . . 
. . . 

. . . 
. . . 

S N1 S N2 · · · S NW 

⎤ 

⎥ 
⎥ 
⎥ 
⎥ 
⎦ 

W Wavelengths 
→ 

N Time Steps 
↓ 

(3) 

The simulated time-series spectra S capture both the baseline 
atmospheric state and the imposed perturbations. These spectra 
serve as the model predictions that are compared with the ob- 
served time-series data in the PCA analysis stage. 

3.2 PCA post-processing 

Principal component analysis is a dimensionality reduction 
technique that projects high-dimensional data on to a lower- 
dimensional space while preserving the dominant sources of vari- 
ance. Applied to time-series spectra, PCA identifies the principal 
components, which r epr esent orthogonal modes of wavelength- 
dependent variability that captures distinct spectr al v ariability 
patterns. 
Let S ∈ R 

N time ×W λ denote the matrix of time-series spectra, 
where each row corresponds to a time-step and each column 
corresponds to a wavelength channel. Before applying PCA, we 
subtr act the tempor al mean spectrum t o isolat e variability about 
the mean: 

˜ S (t, λ) = S(t, λ) − 〈 S(·, λ) 〉 time . (4) 

We then construct the spectral covariance matrix 

C = 
1 

N time − 1 
˜ S ⊤ ̃  S , (5) 

and solve the eigenvalue problem: 

C v i = λi v i . (6) 

Here, λi is the eigenvalue associated with the i -th principal 
component and measures the variance explained by that compo- 
nent, while v i is the corresponding principal component or eigen- 
spectrum . Because C is symmetric and positive semidefinite, its 
eigenv ect ors form an orthonormal basis. The time-variable com- 
ponent of the spectra can ther efor e be e xpr essed as 

˜ S (t, λ) = 

N PC 
∑ 

i =1 

a i (t ) v i (λ) , (7) 

where the coefficients a i (t ) r epr esent the temporal amplitudes of 
each principal component. 
In Tempawral , we focus primarily on the eigen-spectra v i , as 

these directly encode the dominant wavelength-dependent vari- 
ability patterns in the time-series data. Only components with 
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eigenvalues significantly above the noise level ar e r etained for 
subsequent analysis. A key advantage of PCA is its ability to com- 
pr ess hundr eds or thousands of spectral snapshots into a compact 
set of physically interpretable variability modes. For example, 
the first principal component may trace large-scale brightness 
changes driven by evolving cloud coverage, while the second may 
capture spectr a v ariations associat ed with t emperature or chem- 
ical modulations. 
In this w ork, w e adopt the first tw o eigen-spectra ( N PC = 2 ), 

which typically capture the majority of spectral variability. Fig. 
A1 shows the explained variance for each component in the cases 
of JWST SIMP 0136 data (Section 2 ) and our canonical simu- 
lated model data (Section 4.2 ), the first two components explain 
≥81 per cent and ≥99 per cent of the variance, respectively. 
How ev er, w e not e the optimal number of components used in 
Tempawral should be evaluated on a case-by-case basis, balanc- 
ing the cumulative variance captured with the data quality and 
computational cost in the retrieval. 

3.3 Statistical inference on eigen-spectra 

The final step of Tempawral is to infer the perturbation ampli- 
tudes and phase shifts of the time-variable atmospheric parame- 
ters that best r epr oduce the observed eigen-spectra. By working 
in the space of eigen-spectra rather than raw �uxes, the retrieval 
focuses on the dominant modes of spectr al v ariability, improving 
computational efficiency and reducing sensitivity to noise and 
secondary �uctuations. 
The retrieval module compares the observed ( v data ) and mod- 

elled ( v model ) eigen-spectra using a Gaussian likelihood function 

ln L 1 = −
1 

2 

n 
∑ 

i =1 

( v data ,λ,i − v model ,λ,i ) 
2 

2 σ (λi ) 2 
+ ln 

[

2 πσ (λi ) 
2 
]

, (8) 

where σ (λi ) is the pr opag ated uncertainty on the eigen-spectra 
derived from the original observational errors. 
Because L 1 is sensitive only to v ariability pat terns and not ab- 

solut e �ux amplitudes, w e include an additional likelihood term, 
L 2 , which compares the peak-to-peak variability amplitude at 
each wavelength in the original �ux domain: 

ln L 2 = −
1 

2 

n 
∑ 

i =1 

(

F diff ,λi − f diff ,λi 
)2 

2 err (λi ) 2 
+ ln 

[

2 π err (λi ) 
2 
]

. (9) 

Here, F diff ,λ and f diff ,λ are the observed and modelled peak- 
to-peak spectral amplitudes, and err (λi ) is the associated uncer- 
tainty. The total log-likelihood is then ln L = ln L 1 + ln L 2 . We 
e xplor e the posterior distributions of all time-variable amplitudes 
and phase shifts using nested sampling ( PyMultiNest ; F. Feroz, 
M. Hobson & M. Bridges 2009 ; J. Buchner et al. 2014 ). The result- 
ing posteriors quantify the atmospheric variability patterns that 
best r epr oduce the observed spectral dynamics. 

3.4 Tempawral work�ow 

The overall pr ocedur e outlined is as follows: 

(i) Step 1: Reference Values from Baseline R etriev al 
From the time-series spectroscopic data, we obtain the baseline 
atmospheric state by retrieving on the time-averaged spectrum. 
The maximum-likelihood parameter estimates from this retrieval 
define the r efer ence set for all model parameters. 

(ii) Step 2: Iterative Time-resolved R etriev al 
The following loop is repeated until the PCA components con- 
v erge. Conv ergence is assessed on the PCA components rather 
than on the �ux spectra themselves: 

(a) Generate a time-dependent model by adding sinu- 
soidal perturbations to the baseline parameters. Each time- 
v ariable par amet er ev olv es ar ound its r efer ence value, r ep- 
resenting periodic modulation caused by rotating surface 
featur es. The r esulting time-evolution matrix L of all model 
parameters is passed to the time-series forward model to 
generate the simulated time-series spectra S . 
(b) Compute the theoretical PCA components ( v model ) 

from the simulated spectra S using PCA. 
(c) The retrieval module is then used to compare the the- 

oretical PCA components ( v model ) with the observed PCA 

components ( v data ) and infer posterior distributions for the 
perturbation amplitudes and phase shifts of each time- 
v ariable par ameters. 

3.5 Demonstr ation of eigen-spectr a sensitivity on each 

model parameter variance 

To inv estigat e the sensitivity of the eigen-spectra to variations in 
individual model paramet ers, w e conduct a paramet er sensitiv- 
ity analysis. We e x clude bulk pr operties such as surface gravity, 
radius (fixed as R 

2 /D 
2 in our case), and Mie-scattering cloud 

particle size from rotation-induced variability. The baseline P –T 
profile is computed using five atmospheric parameters, while a 
temper ature v ariance ( T var ) is introduced at a specific r efer ence 
pr essur e ( log p ref ) with a perturbation width of log d p. 
In total, 16 parameters are considered: seven gas species, five 

cloud-relat ed paramet ers, three t emperature perturbation param- 
et ers, and a wav elength shift paramet er ( �λvar ). This wav elength 
shift models systematics between individual frames due to instru- 
mental effects or time-variable reductions in the observational 
pipeline. Each time-v ariable par ameter is assigned a sinusoidal 
variation with a 10 per cent amplitude around its baseline value 
from Table 1 . In each experiment, we only assign variance on a 
single parameter while fixing all others to their r efer ence values, 
and use this to generate synthetic time-series spectra. We then 
apply PCA to each synthetic data set and extract the first principle 
component in each case. Notably, log p ref and log �p, which de- 
fine the vertical location and ext ent of the t emperature perturba- 
tion, are not treated as time-variable parameters with associated 
amplitudes or phase shifts. We e xplor e their effect separately by 
varying their values and analyzing their impact on the resultant 
eigen-spectrum. 
Fig. 4 shows the eigen-spectra obtained by varying each param- 

eter individually while holding others fixed at their baseline val- 
ues. We find that each parameter induces a characteristic eigen- 
spectrum. Variations in gas abundances generally produce eigen- 
spectra with distinct absorption features within molecular bands, 
for example H 2 O at 1.4 and 1.7 µm, CO at around 1.6 µm, CH 4 

near 1.6 and 2.2 µm, FeH at 1.0 and 1.6 µm, and alkali lines cen- 
tr ed ar ound 1.0 µm. In contrast, cloud-related parameters modu- 
late broader, continuum-like components of the eigen-spectrum. 
Notably, changes in the cloud base pr essur e ( log p mcs _ var ) pr oduce 
a spectral response similar to that from cloud thickness variations 
( d p mcs _ var ), which is reasonable as changes on both two parameter 
may lead to similar slab - cloud cloud distribution. Likewise, tem- 
per ature v ariance introduces broad-band effects, whose strength 
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Figure 4. Eigen-spectra sensitivity test on the variance of each model parameters. Starting from a baseline set of atmospheric parameters, time-series 
spectra are simulated by allowing cloud properties, chemical abundances, and the temperature structure to vary sinusoidally over a full rotation. Each 
time-v ariable par ameter is perturbed by 10 per cent fr om its r efer ence value. In each subplot, we only assign v ariance on the selected par ameter while 
fixing all others to their r efer ence values, and use this to generate synthetic time-series spectra. The first principal component is then extracted from the 
resulting time-series. While the parameters log p ref and log d p, which define the location and extent of temperature perturbations, are modelled as single 
values and are not treated as time-variable parameters with associated amplitudes and phase shifts. 

and shape depend sensitively on both the amplitude of the per- 
turbation and its vertical placement ( log p ref ). These continuum- 
like components re�ect the possible degeneracy in eigen-spectra 
retrievals. Importantly, we find that even small systematic wave- 
length shifts ( �λvar ) produce continuous, low-level variations in 
the eigen-spectrum. These broad-band, subtle patterns may man- 
ifest as systematic noise in real observational data and must be 
accounted for in retrievals. 
These simulations demonstrate the sensitivity of the eigen- 

spectra to variations in individual model parameters: Each pa- 
ramet er modulat es the spectr al v ariability in a distinct w ay, lead- 

ing to characteristic eigen-spectra. Potential degeneracies among 
different physical drivers of variability have also been high- 
lighted, for example changes in the cloud vertical distribution 
parameters can produce similar eigen-spectra. 

4  VALIDATION  OF  EIGEN-SPECTRA  

RE  TRIEVAL  ME  THOD  ON  SIMULA  TED  DA  T  A  

In this section, we validate Tempawral on simulated time-series 
spectra for a SIMP 0136-like brown dwarf. We examine potential 
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Table 2. Input time-variable variance and phase-shift in canonical 
retrieval. 

Category Parameter Variance 
Phase- 
shift 

Gas H 2 O var 0.10 0 
CO var 0.10 0 
CH 4var 0.05 0 
NH 3var 0.05 0 
CrH var 0.05 0 
FeH var 0.05 0 
K _ Na var 0.05 0 

R efinement par ameter �λvar 0.001 0 
Temperature perturbation log p ref 

a −0.10 # 
log d p a 0.10 # 
T var 200 0 

Cloud f cld _ var 0.05 0 
log p mcs _ var 0.10 0 
dp mcs _ var 0.10 0 
log p mcd _ var 0.10 0 
d p mcd _ var 0.10 0 

a Refer ence pr essur e log p ref and pr essur e width log d p ar e r etrieved as 
single value (not as time-distribution) in the time-resolved retrieval. 

par ameter degener acies and e xplor e how well Tempawral can 
disentangle different physical drivers of variability. 

4.1 Simulated time-series observations 

In this simulated experiment, we do not attempt to replicate the 
exact variability observed in SIMP 0136. Instead, we use the at- 
mospheric pr operties r etrieved fr om the r eal time-averaged spec- 
trum (Table 1 ) as a baseline and manually assign variances to key 
time-v ariable par amet ers in order t o generat e synthetic variability 
with known ground-truth values. 
All gas species included in the retrieval are assumed to vary 

sinusoidally over the rotational phase. H 2 O and CO are assigned 
relatively large abundance variances of 0.1 dex, while the other 
gases vary with amplitudes of 0.05 dex. To simulate inhomoge- 
neous cloud cover, the cloud fraction is treated as time-variable, 
along with the optical thickness and vertical distribution param- 
eters for both the Mg 2 SiO 4 slab cloud and the deep Fe deck 
cloud. The cloud scattering properties and particle sizes are held 
fix ed to r educe degeneracies. The thermal structur e is perturbed 
using the three-parameter temperature modulation scheme de- 
scribed in Section 3.1.3 . A 200 K perturbation is centred at a 
r efer ence pr essur e of 100 mbar ( log p ref = −1 . 0 ) with a pr essur e 
r ange of log d p var = 0 . 1 . Additionally, a v ariance in the spectr al 
w avelength calibr ation ( �λvar = 10 −3 ) is included to account for 
instrumental systematics. Table 2 summarizes the full set of as- 
signed variances. In this canonical setup, all phase shifts are set 
to zero for simplicity. 
To simulate the time-series spectra, we sample 10 evenly 

spaced rotational phases from each of the sinusoidal parame- 
ter distributions. Fig. 5 shows the resulting synthetic time-series 
spectr a. Significant �ux v ariability is evident acr oss the entir e 
spectr al r ange from 1.0 t o 2.8 µm , consist ent with the combined 
in�uence of all time-variable parameters listed in Table 2 . An 
av erage signal-t o-noise ratio (S/N) of 200 is assumed for the 
canonical model. The impact of varying S/N will be e xplor ed in 
subsequent t ests. A Mont e Carlo simulation is used to pr opag ate 
noise in the time-series data into the eigen-spectra. We generate 
10 000 noisy realizations of the time-series spectra by drawing 

Figure 5. Simulated time-series spectra for a SIMP 0136-like brown 
dwarf using our time-series forward model. The retrieved median values 
for each model parameter, as listed in Table 1 fr om r eal SIMP 0136 time- 
averaged data, are used as the reference values. The variance for each 
model parameter follows Table 2 , with phase shifts set to zero for all time 
variables. 

random �ux uncertainty from a uniform distribution over the 
range [ −1 σ, 1 σ ] . PCA is performed independently on each re- 
alization to extract the corresponding eigen-spectr a. F rom the 
resulting distribution of eigen-spectra, we compute the median 
as the central estimate and use the 1 σ confidence int erval t o char- 
acterize the pr opag ated uncertainty due to observational noise. 

4.2 Eigen-spectr a retriev al model setup 

Scenario 1: Canonical R etriev al 
In this baseline scenario, we perform an eigen-spectra retrieval 

on simulated time-series spectra of a SIMP 0136-like brown 
dwarf. One aim of this scenario is to e xplor e the optimal number 
of time-sampling bins r equir ed to robustly constrain the time- 
v ariable par amet ers. We also int end t o e xplor e the in�uence of 
data quality on retrieval accuracy. The phase shifts of all time- 
v ariable par ameters ar e fix ed to zer o, r epr esenting a simplified 
case where all variability components are assumed to be synchro- 
nized. In total, this run includes 16 free parameters, encompass- 
ing the variances of atmospheric chemical abundances, temper- 
ature perturbation, cloud dynamics (cloud fraction and vertical 
structure), and wavelength calibration shift. 
We test three sampling strategies in our canonical model: (1) 

ext, which includes only the two e xtr eme phases (only sample the 
minimum and maximum value of the sinusoidal distribution); (2) 
5- bins sampling, in which fiv e ev enly spaced phases are sampled 
from each time-variable distribution; and (3) 10- bins sampling, 
which samples ten evenly spaced phases, providing increasingly 
dense coverage of the sinusoidal distributions. While increasing 
the number of sampling points can, in principle, better capture 
the full spectral variability, doing so comes at a computational 
cost since generating the simulated time-series spectra must be 
repeated in every iteration of the Bayesian inference process. This 
test helps evaluate the trade-off between retrieval performance 
and computational efficiency. 
JWST time-series observations of brown dwarfs can achieve 

signal-to-noise ratios of 100–200 in the near-infrared within a 
small fraction of the rotation period of many nearby BDs, offering 
high-quality data for studying atmospheric variability (B. A. Biller 
et al. 2024 ; X. Chen et al. 2025 ; A. M. McCarthy et al. 2025 ). To 
evaluate whether these data quality is sufficient for constraining 
the origins of variability in brown dwarf atmospheres, we per- 
form eigen-spectra retrievals on the SIMP 0136-like brown dwarf 
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Figure 6. Validation of the Tempawral retrieval framework on the simulated eigen spectrum of a SIMP 0136-like brown dwarf. The retrieved best- 
fitting model (dashed lines) is compared to the simulated eigen-spectra (solid lines). 

simulation across a r ange of spectr al noise levels. We simulate 
time-series spectra with varying signal-to-noise ratios (S/N = 30, 
50, 100, and 200). Gaussian noise is injected into the spectra and 
pr opag at ed t o the eigen-spectra through Mont e Carlo simula- 
tions. By applying the eigen-spectra retrieval to these data sets, 
we assess how data quality affects Tempawral ’s ability to reliably 
infer the drivers of variability. 
Scenario 2: Phase-Shifted R etriev al 
In contrast to Scenario 1, this case introduces phase 

shifts among different time-v ariable par amet ers t o mimic 
asynchronous v ariability pat terns that may arise from 

heter ogeneous atmospheric structur es. For e xample, temperatur e 
perturbations, molecular abundance �uctuations, and patchy 
cloud distributions may not corotate in phase, re�ecting complex 
longitudinal and vertical inhomogeneities. 
While a fully general model would assign an independent 

phase-shift parameter to each time-variable listed in Table 2 , we 
simplify the analysis by applying a r epr esentative phase shift to 
one key variable from each category: 

(i) H 2 O (chemistry) → phase shift of π/ 4 , 
(ii) T var (temperature) → phase shift of π/ 3 , 
(iii) f cld (cloud) → phase shift of π/ 2 . 

These are implemented as three additional free parameters: 
H 2 O shift , T shift , f cld _ shift , resulting in a total of 19 free parameters 
for this scenario. This setup allows us to e xplor e the r obustness 
of the retrieval in the presence of more realistic and potentially 
degenerate phase offsets. 
For both scenarios, we employ PyMultiNest , a nested sam- 

pling implementation (F. Feroz et al. 2009 ; J. Buchner et al. 

2014 ), to e xplor e the posterior distribution of the model param- 
eters. We adopt non-informative uniform priors across the al- 
lowed ranges and initialize the sampler with 500 live points. The 
evidence _ tolerance is set to 0.1, meaning the sampling pro- 
cess t erminat es once the remaining contribution to the evidence 
from the unexplored prior volume falls below 10 per cent (J. 
Buchner 2016 ). 

5  RESULTS  FROM  SIMULATED  DATA  

VALIDATION  TEST  

Using time-series spectroscopy simulations of a SIMP 0136-like 
brown dwarf, we demonstrate the capabilities of Tempawral in 
deciphering the origin of atmospheric variability. 

5.1 Scenario 1: canonical retrieval 

We simulate time-series spectra for a SIMP 0136-like brown 
dwarf with 10 evenly spaced sampling phases (Fig. 5 ). The most 
prominent �ux contrast appears around 2.1 µm , mainly driven 
by changes in the vertical cloud distribution. The wavelengths of 
�uctuating �ux es corr espond to absorption bands of molecules. 
For instance, absorption features are seen for H 2 O at 1.4 and 
1.7 µm, C O ar ound 1.6 µm, CH 4 at 1.6 and 2.2 µm, FeH at 1.0 
and 1.6 µm, and alkali lines near 1.0 µm for Na and K. A PCA is 
applied to the time-series data to extract the eigen-spectra, which 
then serve as input for the Tempawral retrieval. 
Fig. 6 shows the resultant the eigen-spectra fit. The median 

eigen-spectr a, dr awn from 1000 posterior samples, successfully 
r epr oduce the shape and features of the data’s first two principal 
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Figure 7. Top : simulated time-series spectroscopy observation of a SIMP 0136-like brown dwarf for our Scenario 1. The difference between the each 
spectrum and time-averaged mean �ux is shown at each phase to highlight the variability patterns. Centre : the corresponding best-fitting solution from 

the Tempawral atmospheric retrieval. Bottom : residuals between the simulated observations and the best-fitting solution. 

component. Fig . 7 pr esents the best-fitting spectr otempor al v ari- 
ability map. To highlight the variability patterns, each spectrum 

is shown relative to the mean �ux. The best-fitting variability 
map r epr oduces the key features of the data, especially the strong 
variability around 2.2 µm. The residuals are minimal (4 magni- 
tude smaller than the original �ux difference) and consistent with 
white noise, as expected in this idealized case. Fig. B1 shows 
the marginalized posterior distributions for all time-variable 
parameters, including chemistry, cloud structure, temperature 
perturbations, and wavelength shifts. The black lines r epr esent 
the ground-truth values. The retrieved distributions are centred 
around these values. This test demonstrates that Tempawral , 
when combined with eigen-spectra analysis, can effectively re- 
cover the underlying variability patterns from simulated data. 

5.1.1 The impact of time-sampling bins 

Fig. 8 illustrates how the number of sampling bins affects the 
accur acy of eigen-spectr a retriev al in recovering the variances of 

each time-variable parameter. When using only the two e xtr eme 
points (the peak and trough) from each sinusoidal curve, the 
retrieved marginal distributions deviate significantly from the 
input values. This is expected, as sampling only the e xtr emes 
captures limited variability information, which compromises the 
quality of the PCA and leads t o inaccurat e eig en-spectra. Increas - 
ing the sampling t o fiv e points improv es the results but still yields 
bias for most of the time-variables shown in grey curve. How- 
ever, as shown by the cyan-blue curve in Fig. 8 , using 10 evenly 
spaced samples across the sinusoidal curve enables accurate re- 
covery of all par ameter v ariances. This number strikes a balance 
between capturing the variability in the data and maintaining 
computational feasibility, especially given that each retrieval it- 
eration r equir es simulating 10 snapshot spectra and the total 
sampling evaluations numbers can reach the order of one mil- 
lion for the full infer ence pr ocess. In this canonical eigen-spectra 
retrieval using the full time-series data set, the total computa- 
tional time is comparable to that of a traditional single-snapshot 
spectr al retriev al, approximately 60 h on a 128-core computing 
cluster. 
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Figure 8. Summary of the marginalized posterior probability distributions as a function of the number of sampling points in the time-series distribution. 
The dashed lines indicate the true values (see Table 2 ). We test three sampling strategies: ext , which samples only the two e xtr ema of the sinusoidal 
distribution, and uniform sampling of sinusoidal distributions with 5 or 10 points. 

5.1.2 In�uence of noise levels 

Fig. 9 illustrates the effect of spectral precision of time-series 
spectra on the posterior distributions of key atmospheric time- 
variables. Fig. B2 shows the marginalized posterior distributions 
for all time-variable parameters. As expected, lower spectral pre- 
cision results in broader uncertainties. More notably, for several 
key parameters, reduced precision not only increases uncertainty 
but also introduces systematic bias in the posterior distributions 
due to increased degeneracy. For instance, the vertical location 
of the deck cloud top and deck cloud thickness can exhibit de- 
generacy: at lower pr ecision, r etrievals favor lower variance in 
the deck cloud top and a more variable deck cloud vertical dis- 
tribution. Importantly, even with the lowest-quality data tested 
(pink and grey histograms), the retrieval still provides meaningful 
constraints on the chemical variability and temperature perturba- 
tions. How ev er, accurat e constraints on cloud structure param- 

eters become increasingly difficult under high-noise conditions, 
due to their intrinsic correlations. 
These results underscore the sensitivity of eigen-spectra to 

subtle atmospheric variability encoded in rotational modulation. 
How ev er, as also highlighted in Fig. 4 , certain combinations of 
atmospheric changes can yield similar eigen-spectra, introduc- 
ing parameter degeneracies. As shown by the cyan and purple 
histograms, a minimum S/N of 100 is necessary to constrain all 
model parameters in our simulated SIMP 0136-like brown dwarf. 
This experiment demonstrates that eigen-spectra retrieval is fea- 
sible for recent JWST time-series observations with S/N between 
100 and 200. How ev er, this S/N r equir ement depends on the 
variability amplitude of the brown dwarf. Higher data quality is 
needed for objects with low variability, such as LSRJ 1835 (I. N. 
Reid et al. 2003 ), which exhibits only ∼1 per cent near-infrared 
variability. 
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Figure 9. Summary of the marginalized posterior probability distributions as a function of spectral precision in the time-series data, with signal-to-noise 
r atios r anging from 30 to 200. The dashed lines indicate the true values (see Table 2 ). As expect ed, paramet er constr aints degr ade as spectr al uncertainties 
increase. 

5.2 Scenario 2: phase-shifted retrieval 

A similar retrieval exercise is conducted, now incorporating 
a more complex atmospheric configuration in which multiple 
asynchronous surface features coexist. Unlike Scenario 1, where 
all time-variable phase shifts were set to zero, Scenario 2 intro- 
duces phase offsets to selected time-varying parameters. Fig. 10 
illustrates how the eigen-spectra respond to gradual inclusion of 
phase shifts in the H 2 O abundance, temperature perturbation, 
and cloud fraction. The gr ey curves r epr esent the canonical case 
with no phase shifts. The pink, purple, and blue curves illus- 
trate pr ogr essively mor e comple x models, beginning with a sin- 
gle phase-shift ed paramet er ( H 2 O shift ) and ext ending t o models 
where the three main variables of H 2 O , f cld , and T , have phase 
shifts of π/ 4 , π/ 3 , and π/ 2 , respectively. 
Importantly, introducing phase shifts alters the overall shape 

of both the first and second PCA components. For example, in 
the case where H 2 O abundances time-distribution changes with 
a phase shift of π/ 4 , the first principal component appears sim- 
ilar to the canonical case, but the second component deviates 
significantly. This highlights the necessity of including phase- 
shift parameters in eigen-spectr a retriev al, as these shifts directly 
in�uence the spectral structur e. Mor eover, fitting both the first 
and second PCA components simultaneously becomes essential 
to break potential degeneracies. 
Due to this added model complexity and increased parameter 

dimensionality compared to canonical model, w e incorporat e ad- 
ditional �ux amplitude information into the likelihood function 
and define a composite likelihood ( log L = ln L 1 + ln L 2 ), where 
ln L 1 (equation 8 ) captures the eigen-spectra fit, and ln L 2 (equa- 
tion 9 ) encodes �ux variability amplitude. Fig. 11 compares two 
retrievals: one using only eigen-spectra ( lnL 1 , labelled ‘w/o amp’) 

and the other using the combined lik elihood (‘ amp’ retrieval). 
The ‘amp’ retrieval (pink histograms) accurately constrains the 
variances of chemistry, cloud, and temperature structure param- 
eters, while the canonical model (grey curves) fails to recover 
the true values. In particular, H 2 O var , f cld _ var , T var are significantly 
biased when their associated phase shifts are ignored. How ev er, 
as shown in the lower panel of Fig. 11 , even though the vari- 
ance parameters are well constrained in the ‘amp’ retrieval, the 
r ecover ed phase shifts for the three variables deviate from their 
true values. This suggests that while the inclusion of variability 
amplitude improves variance retrieval, it is insufficient for accu- 
rately resolving the phase shifts themselves. This limitation may 
stem from the fact that the retrieval is based on a single rotational 
coverage of the times-series spectr oscopy motioning . Time-series 
observations covering multiple rotational periods could be help- 
ful to fully disentangle phase-shift effects among time-variable 
components. 

6  APPLICATION  TO  JWST /NIRISS -SOSS  

TIME-SERIES  DA  T  A  OF  SIMP  0136  

In this section, we apply Tempawral directly to the real time- 
series data set as detailed in Section 2 , aiming to identify the 
origin of variability in SIMP 0136 and t o quantitativ ely constrain 
the time-variable parameters. 

6.1 Baseline retrieval 

We use the same baseline retrieval model (Table 1 ) retrieved on 
the median spectrum of time-series data of SIMP 0136. This base- 
line model followed the prescription described in J. M. Vos et al. 
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Figure 10. In�uence of phase shifts of time-variables on the first two eigen-spectra. The grey curves show the eigen-spectra from the canonical model 
with zero phase shift for all time-variables ( H 2 O , T var , and f cld ). Coloured curves represent models with increasing complexity: Pink shows the effect of 
introducing a π/ 4 phase shift in H 2 O alone; cyan includes both H 2 O and a π/ 3 phase shift in temperature; and purple adds a π/ 2 shift in cloud fraction 
as well. The inclusion of phase shift for each time-variable parameter introduces new spectral features in the eigen-spectra, while in the mean time, 
complicate the retrieval as the introduced possible degeneracies between the variances and phase shifts of time-variables. 

( 2023 ), the atmosphere of SIMP 0136 is best explained by a two- 
layer cloud structure: a high-altitude forsterite (Mg 2 SiO 4 ) cloud 
overlaying a deeper, optically thick iron (Fe) cloud, alone with 
the dominant molecular absorptions from H 2 O , CO , CO 2 , CH 4 , 
NH 3 , CrH, FeH, Na, K. 

6.2 Eigen-spectr a retriev al setup 

Similar to the simulations setup in Section 4.2 , w e comput ed the 
eigen-spectra using the PCA analysis on the SIMP 0136 time- 
series data and obtain the noise of eigen-spectra by pr opag at- 
ing noise of time-series spectra through Monte Carlo simula- 
tions. N e xt, we performed a series of phase-shifted retrievals 
that considered changes in gas abundances, temperature struc- 
ture, and cloud properties. The cloud scattering properties and 
particle sizes are held fixed to reduce degeneracies. The vari- 
ances of chemical abundances follow a log-uniform prior, with 
log (V MR var ) ∈ [0 , 1]) . A wavelength shifts ( �λvar ) is considered 
to account for the continuous, low-level variations resulted from 

the systematic noise in real observational data. 

6.3 Result 

The best variability model for SIMP 0136 is comprised of a ∼300 K 

perturbation near 1 bar, combined with changing abundances 
of H 2 O , CO , FeH , and variations in the thickness of the iron 
deck cloud. Fig. B3 presents the posterior distributions of vari- 
ances and phase shifts for key parameters, including gas abun- 

dances, cloud properties, and temperature. Specifically, the or- 
ange histograms in Fig. 12 highlight the most prominent vari- 
able parameters across chemistry, cloud properties, and temper- 
ature. Among chemical species, FeH exhibits the largest vari- 
ability, with FeH var = 0 . 0668 +0 . 0007 −0 . 0009 , followed by CO with CO var = 

0 . 0526 +0 . 0016 −0 . 0020 . In contrast, H 2 O varies marginally, at a level of just 
H 2 O var = 0 . 007 325 +0 . 000097 −0 . 000119 . The corresponding phase shifts for 
FeH and the C O ar e FeH shift = 1 . 58 +0 . 02 −0 . 04 and CO shift = 1 . 73 +0 . 03 −0 . 04 , 
respectively. As discussed in Section 4.2 , including phase-shift 
parameters introduces additional degeneracies, potentially bias- 
ing their estimat es. Giv en that this data set only spans a single 
rotational period, we treat the recovered phase-shift values cau- 
tiously. Multiple rotational phase observations would be r equir ed 
to robustly constrain these parameters. 
The best-fitting model includes a patchy forsterite slab cloud 

overlying a deeper, variable iron deck cloud. We find no evidence 
for variability in cloud fraction, or in the scattering properties and 
vertical distribution of the forsterite slab cloud, which is in line 
with the multiple-epoch retrievals of SIMP 0136 with JWST NIR- 
Spec/PRISM and MIRI/low resolution spectroscopic (LRS) time- 
series observations (0.8–11 µm ) (E. Nasedkin et al. 2025 ). Patchy 
silicate clouds wer e r equir ed to fit the observed spectra, but the 
scattering properties and vertical distribution of the forsterite slab 
cloud were not found to systematically vary in the rotation. How- 
ever, the decay height of the iron deck cloud, d p mcd , shows sig- 
nificant variation, with d p mcd _ var = 0 . 72 +0 . 0016 −0 . 0015 . This decay height 
describes how optical depth changes with pr essur e: d τ/ d p ∝ 
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Figur e 11. Phase-shifted r etrieval: posterior pr obability distributions for selected time-variables comparing retrievals using only eigen-spectra fitting 
and those incorporating additional �ux amplitude information from the original time-series data. Coloured dashed lines mark the 16 per cent, 50 per 
cent, and 84 per cent quantiles of each distribution, while thick dashed lines indicate the true values (see Table 2 ). Including amplitude information 
helps tighten constraints and reduce degeneracies in parameter estimation. 

exp ( ( P − P deck ) / 	) , where P deck is the pressure level at which the 
optical depth at 1 µm first e x ceeds unity, and 	 is a scale pa- 
rameter which tracks how the opacity builds up with increasing 
pr essur e. Variances in d p mcd indicates substantial changes in how 

the cloud’s optical depth ramps up and down across atmospheric 
layers. To visualize this effect, we plot the cloud top ( τ = 1 /e ) 
and base ( τ = 10 ) for each of the 10 time-steps in the right panel 
of Fig . 13 . A notable temperatur e perturbation is r ecover ed, cen- 
tered at log p ref = −0 . 10 +0 . 02 −0 . 01 , with a pressure range of log d p = 

0 . 10 +0 . 04 −0 . 04 and amplitude of T var = 291 . 81 +0 . 78 −0 . 40 K. We overplot the 
perturbed temperatur e pr ofiles at 10 r otational phases on top of 
the baseline P –T profile in Fig . 13 , the temperatur e structur e 
shows a clear bump around 1 bar. Together with the r ecover ed 
changes in FeH and the CO abundances and the varying iron 
deck cloud structure, all these changing atmospheric properties 
contribut e t o the spectrot empor al v ariability in the observed data. 
Fig . 14 compar es the best-fitting eigen-spectra with observed 

data eigen-spectra. The model r epr oduces the overall shape of 
the first and second PCA components. How ev er, it fails t o fit 
the observations between 1.6 and 1.8 µm. This discrepancy likely 
arises from complex degeneracies the missing model complexity 
of cloud scattering properties and its particle radii distribution, or 

a parameter that is varying differently in the two components that 
a single sinusoidal variation with one phase-shift and variance 
cannot capture. For example, this band lies in the water abortion 
band, the poor fit at this band by fitting the two eigen-spectra si- 
multaneously may suggest there could be multiple asynchronous 
water surface features coexist in the atmosphere, a single set a 
variance and phase-shift is not sufficient to mimic the complex 
patterns of global water abundance distributions. Another inter- 
esting feature is the presence of subtle, continuous patterns in 
both PCA components of the data, and also result in the large 
�uctuate residuals shown in both two component fitting. We note 
this may be linked to the random distribution of wavelength shifts 
between individual spectra. Although we model this shift as a 
sinusoidal �λ (on the order of 10 −6 ), this may not adequately 
capture the true stochastic behaviour in the observations, as dis- 
cussed in Fig. 4 . 
In the last, Fig. 15 compares the variability patterns from the 

data and the best-fit ting spectrotempor al �ux maps r epr oduced 
from the best-fitting model. We highlight variability by plotting 
the difference between each spectrum and the mean �ux. The 
best-fitting model r epr oduces the primary v ariability pat terns 
well, particularly the strong positive feature in the centre and 
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Figure 12. Summary of marginalized posterior probability distributions for the varying time-variables in the JWS T near -infrared SIMP 0136 data. 
Dashed coloured lines indicate the 16 per cent, 50 per cent, and 84 per cent quantiles. Orange lines highlight the primary drivers of variability with 
significant v ariance, and cy an lines denote the more quiescent v ariables, including the cloud fr action ( fcld var ) and the location ( logp ref , logdp ) where 
temperature perturbation happens. 

neg ative featur es above and below it across the 1.8–2.8 µm range. 
In the 1.0–1.6 µm region, finer structures are also consistent be- 
tween the model and data. However, the 1.6–1.8 µm range again 
shows notable discrepancies as the poor fit of second eigen spec- 
trum between the data and the model. Fig. C1 further compares 
the reconstructed light curves across five photometric bands, 
post-pr ocessed fr om Fig . 15 . The model shows a consistent vari- 
ability trend across all bands when compared with the observed 
light curves. 

7  DISCUSSION  

7.1 Comparison with previous work 

Recent studies have examined the atmospheric variability of 
SIMP 0136 using broader time-series spectral coverage (0.8–11 
µm ), capturing a full rotation cycle with both NIRSpec/PRISM 

and MIRI/LRS instruments aboard JWST . A. M. McCarthy et al. 
( 2025 ) analysed this data set using a light-curv e clust ering t ech- 
nique and concluded that the pr essur e-dependent variability 
is driven by multiple mechanisms of cloud dynamic, localized 

hotspots, and changes in carbon chemistry. These findings align 
well with our interpretation: an ∼300 K temperature perturbation 
near 1 bar, combined with time-variable abundances of H 2 O , 
CO , FeH , as well as variations in the thickness of the iron deck 
cloud, contribut es t o the observ ed spectr al v ariability. How ev er, 
our study offers a more quantitative assessment of these time- 
variable atmospheric parameters. 
In a complementary analysis, E. Nasedkin et al. ( 2025 ) per- 

formed independent retrievals on 24 phase-binned spectra from 

the same 0.8–11 µm data set. Their results suggest that the vari- 
ability is primarily driven by changes in effective temperature, as 
well as abundance variations in CO 2 and H 2 S . They report a ∼250 
K thermal inv ersion abov e 10 mbar acr oss all r otational phases 
and propose that this inversion may be caused by auroral energy 
deposition into the upper atmospher e. N o significant variability is 
found in any cloud property, including the patchy cloud fraction, 
vertical distribution, or optical depth. Our interpr etation agr ees 
with their findings: We also retrieve largely invariant Mg 2 SiO 4 

slab cloud properties, including the cloud fraction and scattering 
charact eristics. How ev er, our model identifies rotationally vary- 
ing vertical distribution in the iron deck cloud and CO abun- 
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Figure 13. Summary of the evolving temperature structure and iron deck cloud distributions for SIMP 0136. Coloured lines represent the temperature 
profiles and cloud deck distributions at 10 evenly spaced time-steps. Black dashed lines indicate the median pr essur e-temperatur e pr ofile fr om the time- 
aver aged spectrum retriev al, with grey shaded regions showing the 1 σ and 2 σ confidence intervals. Phase-equilibrium condensation curves for plausible 
cloud species are plotted as coloured dotted lines. In the right panel, clouds pr essur es ar e indicated in bars to the right. Purple bar indicates the median 
cloud location for the forst erit e slab and the optically thick extent of the iron deck, with grey shading indicating the 1 σ range. The changing cloud deck 
distributions are shown as a function of time, where the upper dotted horizontal lines correspond to the τcld = 1 /e optical depth layers, and the lower 
dashed horizontal lines mark the τcld = 10 layers. 

dance. This discrepancy may stem from differences in wave- 
length coverage between the two studies. Our NIRISS/SOSS near- 
infrar ed data ar e not sensitiv e t o the upper atmosphere (above 10 
mbar) or to the dominant absorption features of CO 2 and H 2 S . 
None the less, the Tempawral demonstrates its capacity to re- 
trieve complex thermal, chemical, and cloud structure variability, 
ev en from limit ed spectral bandpasses. The ∼300 K perturbation 
near 1 bar is likely indicative of localized hotspots, potentially 
driven by non-equilibrium CO / CH 4 chemistry. 
Broad-band spectral time-series observations are essential to 

developing a more complete, three-dimensional understanding 
of brown dwarf atmospheres across a wider range of pr essur e 
lev els. These w ould help disentangle the ph ysical processes gov - 
erning variability as a function of altitude. Notably, SIMP 0136 
is a known auror al emit ter, exhibiting pulsed radio bursts (M. 
M. Kao et al. 2016 , 2018 ). Auroral processes can contribute to 
photometric variability in both optical and infrared wavelengths, 
as downwar d-pr opag ating electr on beams modify local atmo- 
spheric temperature and opacity (L. K. Harding et al. 2013 ). For 
instance, energetic electrons colliding with atmospheric particles 
can cause localized heating, and the increased electron number 
density contributes e x cess fr ee electr ons, leading to an increase in 
the H 

− population. Ther efor e, pairing Tempawral with futur e 
broad-band time-series spectroscopy particularly spanning opti- 
cal to mid-infrared wavelengths could offer an e x cellent oppor- 
tunity to investigate auroral heating effects and aurora-induced 
chemistry in the upper atmosphere of SIMP 0136. Such an ap- 
proach would also allow for the full disentanglement of vertical 

structure, phase-dependent chemistry, and external energy depo- 
sition in the auroral brown dwarf. 

7.2 Note on time-series model parametrizations 

We note that Tempawral is highly sensitive to the choice of 
model parametrizations. Specifically, whether a given parameter 
is included as time-variable in the retrieval, and how its evo- 
lution across the rotational phase is modelled, can significantly 
in�uence the outcome. In our best-fitting model, we included a 
temperature perturbation along with chemistry and cloud prop- 
erties as time-v arying par ameters. This choice was motivated 
by the likelihood of disequilibrium chemistry creating hotspots. 
The variability pattern likely arises from a complex combination 
of mechanisms including patchy clouds, temperature perturba- 
tions, and chemical changes. 
Fig . 14 pr esents a comparison case in which the retriev al w as 

run without temperature perturbation. While changes in chem- 
istry and clouds alone can r epr oduce the overall trend in the 
eigen-spectra, they significantly deviate in molecular absorption 
bands. This is because the missing temperature component fails 
to capture variations in the photosphere’s location at different 
w avelengths. Three-dimensional gener al circulation models (e.g. 
E. K. Lee et al. 2023 , 2024 ) suggest a highly complex interplay 
between clouds, chemistry, and the atmospheric temperature 
structure, leading to latitudinal variation and time-dependent 
storms at photospheric pr essur es. Br own dw arf v ariability likely 
arises from these intricate feedbacks. Ther efor e, including as 
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Figure 14. Validation of the Tempawral on the eigen-spectra from JWST /NIRISS time-series observations of SIMP 0136. The pink and purple lines 
denote the first and second PCA components from the retrieved best-fitting model (considering time-variables of chemistry, cloud, and temperature 
perturbation), while the grey and cyan lines represent the corresponding PCA components from the observed eigen-spectra. A comparison model without 
temperature perturbation is also shown with dotted lines. The residuals, defined as the difference between the retrieved median eigen spectrum and the 
data eigen spectrum and normalized by the data uncertainties, are also shown. 

many relevant time-varying parameters as feasible is essential 
to understanding how chemistry, clouds, and energy transport 
ev olv e coherently. Although such inclusion increases the risk of 
par ameter degener acies, these degener acies may be less severe in 
eigen-spectra space. As shown in Fig. 4 , variations in individual 
model paramet ers t end t o pr oduce distinct r esponses in the eigen- 
spectra. 
The temperature perturbation used in this study assumes a 

symmetric shape centred on a reference pressure, intended to 
mimic hot or cold surface features. How ev er, in the case of au- 
roral heating, which is believed to cause a temperature in ver - 
sion in the upper atmosphere, the perturbation would likely be 
asymmetric, with more energy deposited at lower pr essur es and 
decaying with depth. We did not adopt this asymmetric pertur- 
bation in the current work because our near-infrared data lacks 
sensitivity to altitudes higher than 10 −2 bar. As indicated by the 
dashed black curve in Fig. 13 , the temperature profile retrieved 
from the time-averaged spectrum appears isothermal in the up- 
per atmosphere, unlike the temperature inv ersion retriev ed from 

a broader wavelength data set (e.g. NIRSpec + MIRI LRS; E. 
Nasedkin et al. 2025 ). This isothermal feature may re�ect, to 
some extent, modulation due to auroral heating compared to the 
st eeper t emper ature gr adient expected in the absence of an ad- 
ditional upper-atmosphere heating source. Testing Tempawral 
with an asymmetric temperature perturbation using both near- 

infrar ed and br oader coverage data sets like NIRSpec + MIRI LRS 
will be crucial to examine how inferred variability origins shift 
with wavelength coverage. 
Another important finding is the inability to perfectly fit both 

the first and second eigen-spectra components simultaneously. 
In particular, the model fails to r epr oduce the second compo- 
nent in the water absorption band. This mismatch suggests the 
presence of multiple asynchronous water features across the at- 
mosphere that a single sinusoidal variation with one phase-shift 
and variance cannot capture. To better appr o ximate such com- 
plex distributions, two alternative time-variable time-distribution 
parametrizations could be e xplor ed in futur e work: (1) multi- 
component sinusoidal modelling: assigning multiple sinusoidal 
variation functions to a single parameter to r epr esent spatially 
distinct patterns; (2) Fourier series expansion: using a finite set of 
harmonic components to r epr esent an arbitrary periodic distribu- 
tion for each time-v ariable. These par ametrizations could offer a 
mor e r ealistic r epr esentation of the heter ogeneous and dynamic 
atmospher es of br own dwarfs. 

7.3 Caveat 

Tempawral offers a generalized time-resolv ed framew ork t o 
probe the origins of spectroscopic variability and to gain insights 
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Figure 15. Top : JWST /NIRISS- SOSS time- series spectroscopy observ ations of SIMP 0136 with total number of 81 spectr a. The differences between 
each spectrum and the time-averaged mean �ux are shown at each phase to highlight variability patt erns. Bott om : corresponding best-fitting solution 
from the Tempawral atmospheric retrieval. The modelled time-series spectra (10 spectra) r epr oduces the primary variability patterns, notably the strong 
positive feature near the centre and negative features towards the edges within the 1.8 to 2.8 µm range. These variability patterns are less visually apparent 
in the data due to the presence of observational noise. 

into the atmospheric dynamics of brown dwarfs and exoplanets. 
How ev er, tw o key assumptions underlying the model should be 
highlighted. 

7.3.1 Dependence on baseline retrieval 

In its forward modelling framework, Tempawral starts from 

a set of r efer ence atmospheric parameters derived from the re- 
trieval of the time-averaged spectrum. These r efer ence values 
serve as the ‘first guess’ of the atmosphere, upon which pertur- 
bations are applied to simulate time-variable spectra. As a result, 
the choice of baseline model from the time-averaged retrieval 
critically impacts the subsequent eigen-spectra retrieval. For ul- 
tracool brown dwarfs, the int erplay betw een t emperature struc- 
ture, disequilibrium chemistry, and cloud properties can produce 
significant degeneracies in spectral retrievals (A. Burrows et al. 
1997 ; K. S. Noll, T. Geballe & M. S. Marley 1997 ; B. Oppenheimer 

et al. 1998 ; D. Saumon et al. 2000 ; F. Allard et al. 2001 ; C. S. 
Cooper et al. 2003 ; T. Geballe et al. 2009 ; A. Burrows, K. Heng 
& T. Nampaisarn 2011 ; C. Helling & S. Casewell 2014 ; F . W ang, 
Y. Fujii & J. He 2022 ). In many cases, a given spectrum may be 
explained by multiple combinations of thermal profiles, cloud 
compositions and distributions, and chemical abundances. While 
model selection based on the Bayesian Information Criterion or 
Bayesian evidence is standard practice, comparisons can be bi- 
ased when models use different parametrizations or prior ranges. 
Consequently, any artifact introduced in the baseline model may 
pr opag ate thr ough and bias the interpr etation of variability and 
atmospheric dynamics. To ensure robust conclusions, it is essen- 
tial to compare eigen-spectr a retriev als based on different base- 
line models. Conversely, the rich information contained in time- 
series data can aid in ruling out baseline models that poorly cap- 
ture the variability, providing a feedback loop to improve time- 
aver aged retriev als. 
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7.3.2 Sinusoidal assumption of time-variable evolution 

We also note a limitation in assuming that time-varying parame- 
ters follow sinusoidal evolution over the rotation. This is a reason- 
able appr o ximation when variability arises fr om discr ete, r otating 
surface features such as chemical inhomogeneities or hotspots. 
As such features rotate in and out of view, the corresponding 
time-variable, e.g . g as abundance or longitudinally averaged tem- 
per ature can natur ally follow a sinusoidal pat t ern. How ev er, this 
assumption may break down for more spatially extended features 
such as global-scale patchy clouds or rapidly evolving phenom- 
ena like storms or auroral pulses. These processes may produce 
irregular or asymmetric time-series patterns that cannot be cap- 
tured by a single sinusoid. More sophisticated parametrizations 
such as a combination of multiple sinusoids or stochastic mod- 
els would be needed to realistically model such dynamics. That 
said, for SIMP 0136, these rapidly evolving processes do not ap- 
pear to be the dominant source of variability. Independent re- 
trievals by E. Nasedkin et al. ( 2025 ) indicate that several domi- 
nant time-variable parameters, such as effective temperature and 
the abundances of CO 2 and H 2 S can exhibit nearly sinusoidal 
variations over the rotation period. In Fig. D1 , we show that the 
temporal contributions of the first two PCA components exhibit 
sinusoidal-lik e beha viour, consist ent with slowly ev olving or ro- 
tationally modulated features. This supports the use of sinusoidal 
distributions for the dominant time-variables in this particular 
case. Finally, w e not e that the t op - of-atmospher e �ux fr om an 
averaged 1D profile is not equivalent to the disc-averaged �ux of 
a heterogeneous surface. Modelling disc-aver aged spectr a with 
a single thermal and chemical profile already introduces some 
bias, and the impact of further assuming sinusoidal variations in 
time-v arying par amet ers should ultimat ely be assessed with more 
sophisticated 3D general circulation models (GCMs). 

8  SUMMARY  

In this paper, we introduce a novel time-resolved retrieval frame- 
w ork, Tempawral , designed t o directly infer the physical driv ers 
of atmospheric variability from time-series spectra. Tempawral 
operates on eigen-spectra derived from the full time-series data 
set, offering several advantages: It avoids the attenuation of vari- 
ability patterns caused by spectral binning, utilizes most of spec- 
tr al v ariability information simultaneously, and enables direct, 
quantitativ e estimat es of the contribution from each physical 
par ameter. The fr amework begins with a baseline retrieval on 
the time-averaged spectrum of the observed object to obtain a 
first-principles estimate of its atmospheric state. Time-variable 
perturbations are then applied to this reference state to r epr o- 
duce the variability patterns observed in the time-series data. This 
appr oach pr ovides a gener alized fr amework for modelling the 
t emporal ev olution of brown dwarf and e x oplanet atmospher es 
acr oss differ ent effectiv e t emper atures and surface gr avities. 
We validate the framework using mock time-series simulations 

of a SIMP 0136-like brown dwarf and then apply it to real observa- 
tions from the JWST /NIRISS-SOSS instrument. The key findings 
of this work are summarized below: 
(1) Mock simulations showcase Tempawral ’s ability to re- 

cov er variability driv en by het erogeneous cloud cov erage, chemi- 
cal abundances, and temperature structure. The method success- 
fully isolates each effect through eigen-spectra decomposition. 
(2) R eliable constr aints on the v ariance of time-v arying pa- 

rameters r equir e a signal-to-noise ratio ≥ 100 and � 10 evenly 

spaced samples across the rotational phase. This sampling strat- 
egy strikes a balance between capturing the variability in the 
data and maintaining computational feasibility. The total com- 
putational time for eigen-spectra retrieval on a time-series data 
set is comparable to that of a traditional single-snapshot spectral 
retrieval. 
(3) Phase shifts between different time-dependent parameters 

(e.g . chemistry, cloud pr operties, temperatur e structur e) intr o- 
duce strong degeneracies in eigen-spectra retrievals. Including 
�ux variability amplitude information in the likelihood func- 
tion improves constraints, but fully disentangling phase shifts 
r emains challenging . Observations covering multiple r otational 
periods are likely required to resolve these issues. 
(4) When applied to JWS T /NIRISS near -infrared time-series 

data of SIMP 0136, the variability is best explained by an ∼300 K 

temperature perturbation near 1 bar, combined with changing 
abundances of H 2 O , CO , FeH , and variations in the thickness 
of the iron cloud deck. No significant variability is found in the 
properties of the slab Mg 2 SiO 4 cloud, including cloud fraction 
and scattering properties, while the iron deck cloud distribution 
varies as a function of phase. A possible temperature inversion 
driven by auroral heating or aurora-induced chemical changes is 
not det ect ed in this analysis, likely due to the limited sensitivity 
of near-infrared data to these upper-atmospheric processes. 
As of Cycle 3, JWST has performed ∼150 h of time-series 

spectroscopy monitoring on L, T, and Y dwarfs. This work es- 
tablishes a generalized and �exible retrieval framew ork t o in- 
terpret such data, enabling deeper insight into the complex at- 
mospheric dynamics, chemical variability, and energy transport 
in substellar atmospheres. For future work, the viewing geom- 
etry is a critical factor in understanding variability patterns in 
br own dwarf atmospher es. Incorporating this geometric con- 
t ext int o atmospheric models, t ogether with more sophisticat ed 
time-dependent parametrizations capable of capturing multiple 
asynchronous surface features across different regions, will be 
an important next step. On the other hand, Tempawral per- 
forms retrievals directly on the eigen-spectra, which correspond 
t o eigenv ect ors capturing the dominant variance in the time- 
series spectra. The PCA decomposition also encodes the relative 
contributions of each component to the observed variability. This 
information should be r econsider ed and incorporated into the 
current framew ork t o enable more accurat e reconstructions of 
atmospheric variability maps. 
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APPENDIX  A:  PCA  EXPLAINED  VARIANCE  

Fig. A1 shows the explained variance for each component in 
the cases of our canonical simulated model data (Section 4.2 ) 
and JWST SIMP 0136 data (Section 2 ), the first two components 
explain ≥99 per cent and ≥81 per cent of the variance, respec- 
tively. 

Figure A1. Individual explained variance for each of the principal 
components shown as a histogram, and cumulative explained variance 
shown with solid lines. Upper panel: The first two components ex- 
plain ≥99 per cent the variance in canonical simulated model data (Sec- 
tion 4.2 ). Bottom panel: The first two components explain ≥81 per cent 
of the variance of JWST SIMP 0136 data (Section 2 ). 
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Figure B1. Corner plot summarizing the posterior probability distributions for our canonical model. The solid line in each histogram r epr esents the 
true value of the parameter in the forward model (Table 2 ). The dashed lines mark the 16 per cent, 50 per cent, and 84 per cent quantiles. On top of each 
histogram is the retrieved median value and ±1 σ range. 

APPENDIX  B:  CORNER  PLOT  

Retriev ed post erior distributions of model paramet ers obtained 
in both the simulated time-series data (Section 5 ) and the JWST 
SIMP 0136 observations (Section 6 ) using Tempawral . 
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Figure B2. Corner plot summarizing the posterior probability distributions under different noise levels of 30, 50, 100, 200. The solid line in each 
histogram r epr esents the true v alue of the par ameter in the forward model (Table 2 ). On top of each histogram is the retrieved median value and ±1 σ
range. 
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Figure B3. Corner plot summarizing the posterior probability distributions of each time-variables in SIMP 0136 data. On top of each histogram is the 
retrieved median value and ±1 σ range. 

APPENDIX  C:  SIMP  0136  REC  ONS  TRUCTED  

LIGHT  CURVE  

Reconstruct ed light curv e across fiv e phot ometric bands deriv ed 
from the post-processed results of Fig. 15 , to further demonstrate 
the fractional variability r ecover ed by Tempawral . 
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Figure C1. Left: time-averaged spectrum of SIMP 0136 over a full rotation with NIRISS/SOSS. Coloured bands indicate the ‘ YJ ’ , ‘ peak - H ’ , ‘ > K water’ , 
‘ C ONT1’ , ‘Water J –H ’ , and ‘Water H –K ’ bands. Middle: corresponding light curves for each spectral bin of the data. Right: light curv es reconstruct ed 
from the best-fitting variability maps shown in Fig. 15 . The r ecover ed light curves are slightly offset relative to the data as they are normalized by the 
data uncertainties. While the phase resolution is limited by the use of only 10 sampling bins in Tempawral , the r ecover ed v ariability pat terns in each 
spectral band remain consistent with the observed light curves. 

APPENDIX  D:  PHASE-DEPENDENT  

CONTRIBUTIONS  OF  SIMP  0136  
EIGEN-SPECTRA  

Fig. D1 shows that the phase-dependent contribution scores 
( a i (t ) ) of the first two principal component of SIMP 0136 data, 
which exhibit sinusoidal-like behaviour, consistent with slowly 
evolving or rotationally modulated features. This supports the use 
of sinusoidal distributions for the dominant time-variables in this 
work. 
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Figure D1. Phase-dependent contribution scores ( a i (t ) ) of the first two principal component of SIMP 0136 data. These contribution scores quantify 
how strongly the i -th eigen-spectrum contribut es t o the time-series spectrum at time t. Top : PC1 is fitted with a tw o-t erm harmonic sinusoidal model. 
The fitt ed curv e r epr esents the sum of two sine functions with fundamental and second harmonic frequencies, capturing the two main variability drivers 
in the spectral data. Bottom : PC2 is fitted with a single sinusoidal model. 
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