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ABSTRACT

Context. Type Ia supernovae (SNe Ia) are a key probe in modern cosmology, as they can be used to measure luminosity distances at
gigaparsec scales. Models of their light curves are used to project heterogeneous observed data onto a common basis for analysis.
Aims. The SALT model currently used for SN Ia cosmology describes SNe as having two sources of variability, accounted for by a
color parameter ¢, and a “stretch” parameter x,;. We extend the model to include an additional parameter we label x,, to investigate
the cosmological impact of currently unaddressed light-curve variability.

Methods. We constructed a new SALT model, that we dub “SALT3+”. This model was trained by an improved version of the
SALTshaker code, using training data combining a selection of the second data release of cosmological SNe Ia from the Zwicky
Transient Facility and the existing SALT3 training compilation.

Results. We find additional, coherent variability in supernova light curves beyond SALT3. Most of this variation can be described as
phase-dependent variation in g — r and r — i color curves, correlated with a boost in the height of the secondary maximum in i-band.
These behaviors correlate with spectral differences, particularly in line velocity. We find that fits with the existing SALT3 model tend
to address this excess variation with the color parameter, leading to less informative measurements of supernova color. We find that
neglecting the new parameter in light-curve fits leads to a trend in Hubble residuals with x, of 0.039 + 0.005 mag, representing a
potential systematic uncertainty. However, we find no evidence of a bias in current cosmological measurements.

Conclusions. We conclude that extended SN Ia light-curve models promise mild improvement in the accuracy of color measure-
ments, and corresponding cosmological precision. However, models with more parameters are unlikely to substantially affect current
cosmological results.

Key words. methods: data analysis — supernovae: general — distance scale

1. Introduction mic history at gigaparsec scales. As a homogeneous pop-

ulation of objects sourced from the thermonuclear explo-

T.ype Ta supernovaetare fstandardllzal?lel cgp(iles that allow pre- sion of a white dwarf, they show extraordinary spectroscopic
cision measurements of cosmological distances across cos- 4 photometric consistency. Measurements of Type Ia
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supernovae (SNela) from photometric surveys are a key
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ingredient of modern efforts to measure the properties of
dark energy (LSST Dark Energy Science Collaboration 2018;
Hounsell et al. 2018; Broutetal. 2022a; Rubinetal. 2023;
Vincenzi et al. 2024). Their use as cosmological indicators relies
on the use of a light-curve model serving several purposes: (a) to
interpolate samples from multiple surveys onto a common phase
and wavelength basis for comparison, (b) reduce the dimension-
ality of the data, and (c) parameterize the variability of the under-
lying data for use in standardization and cosmology analysis.

The Spectral Adaptive Light-curve Template (SALT) model
was first published in Guy et al. (2005), and was substantially
updated in Guy et al. (2007). With ongoing improvements to
sample size and calibration, SALT2 was the primary model
for every published measurement of the dark-energy equation-
of-state parameter w using SNela between 2011 and 2022.
The model was updated in Guy et al. (2010) and Betoule et al.
(2014). A more recent revision (SALT2.T21) was presented by
Taylor et al. (2021). In Kenworthy et al. (2021) (hereafter K21) a
new training code was developed, the model error term was rede-
fined, and the training sample was expanded by a factor of 2.5,
resulting in the SALT3 model (here referred to as SALT3.K21).
Further work from Dai et al. (2023) and Taylor et al. (2023)
has constrained systematics of the SALTShaker training code
and SALT3.K21 model. The Union 3/UNITY 1.5 analysis
(Rubin et al. 2023), as well as the Syear analysis of the
Dark Energy Survey’s supernova experiment (Taylor et al. 2023;
Vincenzi et al. 2024), used SALT3 for the first time in a cosmo-
logical analysis. Jones et al. (2023) and Taylor et al. (2024) also
explored variation in light curves between different host-galaxy
types using the SALT framework.

The SALT framework is distinguished by several key ele-
ments from other SNIa models available in the community
(e.g. MLCS2k2; Jha et al. 2007, BayeSN; Mandel et al. 2011;
Thorp et al. 2021; Grayling et al. 2024, SnooPy; Burns et al.
2014, 2018, SNEMO; Saundersetal. 2018, and SUGAR;
Léget et al. 2020). The model is fully empirical, by construction
prioritizing the parametrization of SN Ia photometric diversity
over links to specific physical mechanisms e.g. spectroscopic
lines, theoretical simulations, or parametrizations of dust extinc-
tion. Spectroscopic data is included in model construction to
ensure rest-frame modelled photometry is reliable across the
redshift range and prevent deconvolution noise', but is explic-
itly downweighted compared to photometric data. SALT aims
to avoid making assumptions about cosmology or underlying
populations in model construction. Instead SALT prioritizes
homogenizing and reducing diverse measured photometry to
a form suitable for further analysis by frameworks such as
Bayesian Estimation Applied to Multiple Species with Bias Cor-
rection (BEAMS/BBC) (Kunz et al. 2007; Kessler & Scolnic
2017), Unified Nonlinear Inference for Type-la cosmologY
(UNITY) (Rubin et al. 2015, 2023), Dust2Dust (Popovic et al.
2023), and others (e.g. March et al. 2011; Shariff et al. 2016;
Mandel et al. 2017; Feeney et al. 2018; Rahman et al. 2022;
Wojtak et al. 2023). These frameworks may be better suited to
make and evaluate decisions about selection, cosmology, and
population demographics. Finally, as an empirical model, SALT
is constructed by reference to a training sample of SN Ia data.
The construction of this sample has emphasized the use of data
from a diversity of carefully collected SN Ia surveys. By doing
so, we aim to include demographics similar to samples typi-
cally used for cosmology, across a range of filters, cadences,

' 'When inferring spectra from photometry (a convolved SED), narrow
oscillations in the reconstruction are a common issue due to the lack of
spectral resolution. This phenomenon is known as deconvolution noise.
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calibrations, and redshifts. By sample-matching in this way, both
“known unknown” and “unknown unknown” systematics can be
reduced.

SALT models as published rely on a single parameter for
the phase-dependent variation of the SNIa light curve and a
single color parameter accounting for intrinsic and/or extrin-
sic reddening. The intrinsic variation parameter x; is associ-
ated with the light-curve “stretch”, a change in the decay time
of the light curve post-maximum. The stretch of SNela has
been associated with the amount of *°Ni produced in the ther-
monuclear explosion (Phillips 1993; Kasen & Woosley 2007).
The decay of this unstable isotope heats the ejecta, increas-
ing the luminosity of the explosion as well as delaying ioniza-
tion transitions of iron-group elements, increasing opacity and
broadening the light curve. However theoretical evidence sug-
gests that other factors may also affect the light curve of the
supernova.

Observationally, work by Saunders et al. (2018) and Rubin
(2020) suggest that SN Ia phase-dependent spectrophotometry
is more complicated than can be modeled by a single intrin-
sic parameter. Rigault et al. (2025a) shows deviations of light-
curve residuals from SALT fits in the ZTF DR2 sample, sug-
gesting that the time-dependence of SN Ia colors are not fully
addressed by SALT. Hayden et al. (2019) split the SALT2 model
into pre- and post-maximum components (extending the dimen-
sionality by one). They found that the pre-maximum light
curves of SNela seemed to be more effective in standardiza-
tion than post-maximum. Fully trained SN Ia models, includ-
ing SNEMO (Saunders et al. 2018) and SUGAR (Léget et al.
2020) have included higher-dimensionality variants. However
both these models were exclusively developed with spectropho-
tometric data from the SNFactory (Aldering et al. 2002). This
unique data gave these models excellent coverage over the wave-
length domain of the SNIFS instrument (~3300—-8600 A). How-
ever use of these models for cosmology analysis is obstructed
by two primary issues. Rose et al. (2020) found that the major-
ity of available SNIa photometry was unable to constrain
the 7-dimensional SNEMO7 model due to the size of the
parameter space, with substantial correlations in fitted param-
eters that obstruct cosmological analysis. Further, the low red-
shift of the SNFactory the model is possibly susceptible to
evolving demographic biases with redshift. Rose et al. (2020)
therefore suggested a lower-dimensionality model would likely
be most useful. Therefore, it is desirable to make available
a SN Ia model incorporating the broad demographics and
wavelength coverage of the SALT training samples, with a
lower dimensionality than SNEMO7 to allow more robust fits
against multi-band SNIa photometry of typical observation
cadence. Additionally, a higher dimensional BayeSN model
was also included in the appendix of Mandel et al. (2022).
Beyond any utility in standardization, a higher-dimensional
SALT model may be important for use in bias correction
simulations using BBC, or equivalently, selection integrals in
UNITY.

Here we used the SALTshaker code presented in K21 to
train a model we label SALT3+, a two-dimensional model
of phase-dependent SN Ia variability. To efficiently con-
strain phase-dependent behavior, we incorporated data from
the Zwicky Transient Facility (Bellm et al. 2019; Graham et al.
2019) in concert with the compilation of training data already
assembled, which we discuss in Sect. 2. We present updates
to the SALTshaker code as well as the full description of the
SALT3+ model in Sect. 3. Lastly, we discuss our results and
conclusions in Sects. 4 and 5.
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Fig. 1. Density of spectroscopic and photometric data from training
samples as a function of wavelength. A photometric epoch is considered
to cover a given wavelength bin if the wavelength is within the FWHM
of the filter in the rest-frame. Bin sizes are dictated by the underlying
resolution of the SED model. Top two panels show data density with
the K21 compilation alone, lower two panels show the K21+ZTF com-
pilation.

2. Data

We used the original compilation of data assembled in K21,
adding spectroscopically typed SNela from the second data
release of ZTF SNela, ZTF SN Ia DR2 (Rigault et al. 2025b)
to train our light-curve model. Combining these data increased
the total number of photometric epochs and spectra by ~50%.
In Fig. 1, we show the available data as a function of phase and
wavelength for K21 as well as the ZTF sample. As we examine
host galaxy relations in our analysis in Sect. 4.3, we used host-
galaxy masses from Pantheon+ (Brout et al. 2022a) for the K21
compilation where available, and estimates from the ZTF DR2
for ZTF objects (Smith et al., in prep.).

2.1. K21 compilation

The K21 compilation was described in Kenworthy et al. (2021).
The compilation built on the sample used by the Joint Light-
curve Analysis to train the SALT2 model (Betoule et al. 2014),
and incorporated data from many of the largest available sur-
veys for cosmological SNe. In total, it consists of 1048 SNe
from the Sloan Digital Sky Survey (SDSS; Holtzman et al.
2008; Kessler et al. 2009a; Sako et al. 2018), the Supernova
Legacy Survey (SNLS; Astier et al. 2006, with spectra from
Walker et al. 2011; Balland et al. 2018 and private communi-
cation with M. Betoule, C. Balland), the Calan-Tololo Survey
(Hamuy et al. 1996), the Center for Astrophysics surveys (CfA;
Riess et al. 1999; Jha et al. 2006; Hicken et al. 2009, 2012),
the Carnegie Supernova Project (Krisciunas etal. 2017), the
Foundation Supernova Survey (Foley et al. 2018; Jones et al.
2019), the Pan-STARRS Medium Deep Survey (Rest et al. 2014;
Scolnic et al. 2018), and the Dark Energy Survey (Abbott et al.
2019). This sample was used to train the first published SALT3
models. Since then new calibration solutions for the photometric
systems have been made available in Brout et al. (2022b)?, and
the models trained here have made use of these recalibrations.

Following the suggestions of Vincenzi et al. (2024) as well
as Taylor et al. (2023), we excluded all U-band light curves
from the sample due to calibration uncertainties (see also ear-
lier discussion in Kessler et al. 2009a; Krisciunas et al. 2013).
This change affects 97 SNe in the data, principally from the CfA
surveys.

2.2. ZTF DR2

As described in Rigaultetal. (2025b), the second data
release of cosmological SNe from the ZTF collaboration
(Bellm et al. 2019; Graham et al. 2019; Mascietal. 2019;
Dekany et al. 2020) consists of 3627 spectroscopically classi-
fied SNe Ia primarily obtained from the Bright Transient Survey
(Fremling et al. 2020; Perley et al. 2020), a magnitude-limited
sample of extragalactic transients in the northern sky. All SNe in
this data release were observed between April 2018 and Decem-
ber 2020. We used the gri band photometry to train our models.
The calibration solution of the ZTF SN sample is still a work in
progress, and the models presented here will thus have unbud-
geted calibration uncertainties of >0.01 mag.

To ensure each individual ZTF light curve used had sufficient
coverage to examine the time-dependent behavior beyond x|, we
included substantial light-curve quality cuts. These cuts on ZTF
data are stricter than those applied to the K21 sample, and we

2 These calibration solutions were also used by Taylor et al. (2023) to
retrain SALT3.
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chose not to apply them to the previously compiled data. The
primary reason for this choice is that the SALT model philos-
ophy, as discussed in Sect. 1, prioritizes carefully collected yet
heterogeneous data. Applying these stricter cuts to the previous
training sample would have substantially reduced the amount
of non-ZTF data available in the training, causing the model
to prioritize explaining the ZTF data. Analogy here with prin-
cipal component analysis is useful. When a PCA is performed,
the vectors found depend on the importance of different modes
in the data. As that distribution shifts, the relative importance
of different modes shifts as well. Phenomenology is then allo-
cated to different component vectors. Further discussion of the
issues of imbalanced data-sets can be found in Ferndndez et al.
(2018). The overall ZTF sample includes ~1600 SNe passing the
K21 quality cuts with host-redshift data, larger than the entirety
of the previous training sample. Including this amount of data
naively would result in a model strongly weighted towards char-
acterizing the ZTF data. Applying such a model to high-redshift
SNe, measured in different bands and with possibly divergent
demographics, might fail to capture relevant information. While
these effects can be simulated using validation pipelines such as
that presented in Dai et al. (2023), preventing the ZTF data from
becoming a majority of measured light curves is a safer solution.
Accordingly we required, labeling phase relative to SALT2 max-
imum light as p and binning photometric measurements falling
within one day of each other in the same band:

— At least one measurement in at least two bands after peak
brightness (5 < p < 20), to constrain the shape and color.
At least five epochs in any bands between —20 < p < —1 to
ensure coverage of the rising light curve.

— Atleast one epochs in all three gri bands between —10 < p <
35.

Classified as a normal SN1a, or belonging to the 91T sub-
type.

— Rejected any supernova whose only available redshift had

been measured by snid.

530 SNe from the ZTF data release pass these cuts and are
included in our training sample. In addition to their photomet-
ric data, we included spectra, further detailed in Johannson et al.
(in prep.). This data is primarily from the SEDm spectrograph
(Blagorodnova et al. 2018; Rigault et al. 2019; Kim et al. 2022),
although contributions from other instruments and sources are
present. All spectra from instruments other than SEDm were
preprocessed using tools from kaepora (Siebert et al. 2019) to
clip host-galaxy lines and estimate uncertainties. Previously,
these tools were used in the construction of the K21 compila-
tion. For SEDm spectra, we rely on the pySEDm infrastructure
(Rigault et al. 2019) to address these tasks.

As can be seen from Fig. 1, including ZTF data leads to a
significant increase in the overall amount of data. Unfortunately,
many of the spectra contribute to the sample only in the por-
tions of the phase and wavelength space that are already covered
by existing data, particularly in the region immediately before
maximum light. The photometric data are a sample with excel-
lent phase coverage. The ZTF survey cadence results in many
more SNe discovered at early phases. Further, increased sam-
pling increases the reliability of the more flexible, higher dimen-
sional model, reducing the amount of implicit interpolation
performed by the fitter.

2.8. ZTF uncertainty estimates

Light-curve model training is particularly sensitive to uncer-
tainty estimates, as compared to fitting an existing light-curve
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Fig. 2. Light curve of 2018cvq, shown at maximum light, along with the
modeled SALT? light curve, as well as y? relative to raw photometric
uncertainties. 2018cvq was selected as the SN Ia in the sample with the
largest number of epochs at maximum light, where evolution of the light
curve is smallest.

model. For light-curve fitting, an individual point noisier than
expected in a well-sampled light curve represents a small frac-
tion of the data, and the fit has only a few free parameters which
will likely be dominated by the rest of the data. For model
training however, there are thousands of underlying parame-
ters determined by the training code. Individual points have a
much stronger effect on parameters controlling the local region
of phase/wavelength space that they cover, and can bias param-
eter inference for other SNe measured in that same region. We
therefore evaluated the uncertainty estimates of the ZTF DR2 for
their suitability for model training.

Original error estimates from the ZTF data release, derived
from difference imaging, are smaller than is sufficient to explain
variation in the data. For example, photometric measurements
of 2018cvq shown in Fig. 2 taken within a day of peak show
dispersion about the mean of 0.043 mag in g-band, while error
estimates predict a dispersion of 0.018 mag. It is unlikely that
this variance is explained by unmodelled but physical variation,
as many of these observations are within the same night, and we
conclude that the uncertainties are underestimated. Rigault et al.
(2025a) suggests the use of error floors for the data, calcu-
lated based on residuals to the SALT2 model and baseline, of
0.025 mag, 0.035 mag, and 0.06 mag for gri bands respectively.

However an approach attributing outliers from light-curve
fits to unbudgeted errors would potentially wash out exactly the
light-curve features we want to examine in this work. In order
to mitigate this issue as best as possible, we assumed that the
photometry errors are uncorrelated in time, while physical light-
curve features show correlation on a timescale of ~5 days. We
then fit light-curve residuals (relative to the SALT2 model with
parameters published in the main data release) with a Gaussian
process to determine the amplitude of each contribution.
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Table 1. Estimated unbudgeted uncertainties in the ZTF photometric
dataset.

Photometric filter o-,c(Orr Ox
(centimag) (centimag)
ZTF g 4.6 1.3
ZTF r 4.9 1.8
ZTF i 8.4 2.2

Notes. Right column shows the portion of the residuals from SALT2
light-curve fits attributed unbudgeted photometric error (ox). The left
column shows variation assumed to be physical variation in the light
curves, and correlated at a timescale of 5 days (o-%"“).

We used the package celerite2 (Foreman-Mackey et al. 2017;
Foreman-Mackey 2018) to fit the sample of light-curve data. For
a given light curve in some band X, we define oy as the estimate
of the relative unbudgeted, uncorrelated photometric error. We
define the nuisance parameter 0'§°“ as the relative amplitude of
correlated, potentially physical, light-curve variation in percent-
age units. We take the mean of the process to be the predicted
flux of the fiducial SALT? fit from the DR2 sample Fx(p), where
p is the phase of the observation, and the kernel of the Gaussian
process has two components: (a) a diagonal, uncorrelated error
floor equal to the sum in quadrature of the budgeted photomet-
ric error and oy in magnitude units, and (b) a Matérn 3/2 kernel
with 5 day scale length and amplitude equal to o')C("‘"r in magni-
tude units. The hyperparameters O')C(OH and oy are taken to be
shared across the ZTF sample. We made no K-corrections in this
simple model of unbudgeted errors, assuming that the restricted
redshift range of the ZTF sample mean that such effects are small
in the residuals to the SALT2 model. With three bands, we have
six parameters to determine. We fitted these Gaussian processes
simultaneously across the whole sample, maximizing the log-
likelihood of the fit with respect to the six parameters. Our fitted
parameters are shown in Table 1, and an example light-curve fit
is presented in Figure 3.

We find that coherent variations in the residuals are detected
in all 3 bands, particularly in i-band, confirming that there are
likely variations in SN Ia light curves beyond those addressed by
the SALT2 model. We also find significant uncorrelated errors at
scales ~1-2%.

Based on these results we added (in quadrature) an error floor
to the estimated photometric uncertainties equal to ox - Fx(p)
to all photometry incorporated into the training data. However
we note that leave-one-out testing of the Gaussian process fits
finds 30 outliers at rates approximately 5 times higher than pre-
dicted by this model (756 outliers vs 156 predicted), implying
that our error floors may not capture non-Gaussian noise in the
data. Further, the Gaussian process used here cannot correct dis-
tinguish time-correlated photometric errors (effects from corre-
lation in seeing, bad subtractions, etc.) from variation in the true
light curve. And as is detailed in Lacroix et al. (in prep.) the
calibration of the ZTF data is ongoing work. As a result we are
unable to conclude that our model presented in this work will be
of quality sufficient for use in cosmological analysis, and can-
not recommend use in that context until we have reached a bet-
ter understanding of statistical and calibration uncertainties in
the ZTF data. Future photometric releases are expected to use
a scene-modeling pipeline, and are expected to greatly improve
the consistency of uncertainty estimates.
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Fig. 3. Illustration of the Gaussian process inference described in
Section 2.3 as applied to the light curve of 2019gvw. First panel: SALT2
fit to the light curve, along with observations (binned to 1day reso-
lution). Second panel: residuals of SALT?2 fit. These residuals show
both correlated behavior and uncorrelated noise. Third panel: Gaussian
process, conditioned on observed residuals, with hyperparameters from
Table 1, showing the possible correlated structure we ultimately hope to
include in the trained SALT model. Fourth panel: leave-one-out resid-
uals from Gaussian process, showing expected scatter and reduced cor-
relation.

3. SALT and SALTshaker

The SALTshaker code’, first presented in K21, was designed
to allow the creation and training of SALT models in Python.
Our primary goal in this work was to add an extra component.
In order to extend the model with an additional component, as
well as make future modification easier, we have refactored the
code to use the JAX library, which compiles Python code to opti-
mize performance and allow automatic differentiation of arbi-
trary functions via the chain rule (Bradbury et al. 2018). The
SALTshaker code uses the derivatives of the likelihood func-
tion to guide the optimizer; previously, these derivatives were
coded by hand. By relying on the autodiff functionality of the
JAX library we can now allow the inclusion of arbitrary, user-
defined functions for constraints, priors, and color laws without
requiring a user to make multiple modifications across the pro-
gram structure. As a result, the new code is more performant,
modular, and expandable.

Concurrently the optimization process was simplified. The
Gauss-Newton optimizer included in the original code has been
retained, but a new optimizer using a gradient-descent method
was used in this work. The original code alternated optimiza-
tion of the flux and error model during the core fitting loop. Our
revised optimizer uses a short burn-in period wherein the error
model parameters are fixed while the flux model is fit before
“turning on” the error model and fitting these parameters simul-
taneously. However we find that allowing the color scatter to be
fit simultaneously with the rest of the model results in undesir-
able behavior due to the regularization prescriptions. Evaluation
of the color scatter takes place after optimization has otherwise
terminated, and only the color and color law parameters are
allowed to be free during this step. Testing has shown that dif-
ferences between the final surfaces trained with the new and old
optimizer are present only at the level of mmag. The upgrades to
the codebase have greatly improved the speed of the code from

3 Available at https://github.com/djones1040/SALTShaker
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1 day for a full training on the original K21 sample on a laptop,
to ~2 hours using the expanded sample with the revised code.

3.1. Model description

We here introduce SALT3+, a new model that extends the
dimensionality of the SALT framework to model more complex
light-curve features.

We model the flux of a SNIa as a function of phase and
wavelength

F(p, ) = max(0, xo[Mo(p, A; mp) + xi M (p, A; m;)

+ Xy M>(p, A; my)] - exp(—0.4 - ¢ - CL(4; cl))), 1)
where xj represents the overall flux normalization, {x, x,} model
the intrinsic variation of the SNela, and ¢ a color parameter
accounting for intrinsic and/or extrinsic dust reddening*. Flux
surfaces {My, My, M,} are spectral energy distributions (SEDs)
defined on a basis of two dimensional, third-order B-splines.
CL(4; ¢l) is a continuous piecewise function (with continuous
first derivatives) defined as a polynomial between 2800 and
8000 A, and linear in wavelengths outside of that range. The
quantities {my, m;, my, cl} are parameters controlling these ele-
ments of the model, which are determined by the training code.
In addition to including an additional component, we explic-
itly required the flux to be positive. The flux equation is inte-
grated over each bandpass, to determine photometric fluxes.
In the training, spectroscopic fluxes are further modified by a
recalibration factor of exp(Zﬁi Rd”*‘l' a;A), where a; are polynomial
coeflicients, fitted for each spectrum. The Ngecar., the number of
spectral recalibration coefficients per spectrum are set as config-
uration options. This factor ensures that the calibration of the
model is sourced from photometry, rather than spectra, while
retaining spectral information about local features.

Diversity in the SN Ia population that is not described by the
flux surfaces {My, M, M,} is accounted for by a two term vari-
ance model. The first is the “error model”, given as a function of
phase and central filter wavelength for a given photometric band
Ac

O-Mo,Ml(p’/lc) omm (P Ae)  Tmm (P, Al)
Mo (P> ) Ty (D> Ae) Ty, (D5 Al)

1
X = [xl]
X2

o3(p. Ac) = [xo exp(c - CL(A)] x"E x

[O—MO,MU (P, ) Tmem, (PsAe) O mym, (D5 A)
¥ =

2

similarly to the SALT3 error model. Here, the error compo-
nents oy are each zeroth order B-splines, whose parameters
are determined during training. These represent additional vari-
ability associated with each parameter, allowing the model to
assign different uncertainties to different SNe. The second com-
ponent is the “color scatter” k(A1.), a covariant uncertainty that
allows light curves of the same SN in different bands to be
coherently offset relative to one another. This component of the
model is akin to chromatic models of intrinsic scatter like that of
Guy et al. (2010) and the diagonal terms of the covariance matrix
from Chotard et al. (2011). The color scatter and total covariance

4 There is an error in Eq. (1) of K21, which neglected the factor of
—0.4 in the exponential term.
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matrix are defined

4
k(2; a) = exp [Z a,-/li] 3)
i=0
(ZModel)ij = 0ijo ?r (pis Aeiiy)
4 {k2 ([/lc]) (fModel)i (fModel)j Xi = X] (4)
0 otherwise

where 0;; is the Kronecker delta, X; is the photometric band
in which the measurement was made, and (fy;oq01)i 1S the pre-
dicted flux for a given data point. The parameters controlling the
components, color law, error model, and color scatter are deter-
mined during the training process by a log-likelihood minimiza-
tion evaluated across the photometric and spectroscopic data (see
K21 for the definitions of the likelihood terms).

3.2. Model definitions and priors

As the model described above is (mostly) linear, the fluxes mod-
elled are invariant under a set of linear transformations among
components and coordinates. As an example, a transformation
that increases the magnitude of the components My, M, M,
and decreases all xy by the same factor does not modify the
final fluxes. To eliminate these degeneracies, we are required
to make choices to uniquely determine the model. Previously,
these definitions were enforced by narrow priors during training,
then exactly enforced by post-processing after optimization con-
cluded. The new code allows us to enforce constraints exactly
throughout the training, by transforming the parameters to sat-
isfy the constraints at each likelihood evaluation, using JAX’s
autodiff capabilities to differentiate through the transformation.
Here we define the SALT3+ model to satisfy the conditions:

1. The rest-frame synthetic B-band flux of the My component

at peak is fixed such that mgeak =10.5 when xp = 1.

2. The rest-frame synthetic B-band flux of the M and M, com-
ponents at peak is defined to be 0°.

3. The distributions of the light-curve parameters c, x;, and x;

over the training sample are defined to have 0 mean.

The distributions of x; and x, have standard deviation 1.

The distributions of x;, x», and ¢ have no correlation in the

training sample.

6. The color law is defined such that CL(4300A) = 0 and
CL(5430A) = -1, corresponding to central wavelengths for
B and V bandpasses.

7. In post-processing after training is complete, the mutual
information of the {x;, x,} distribution (as measured from a
kernel-density estimator) is minimized by a rotation of the
components and coordinates. We then label the component
with larger RMS flux values as M, and the corresponding
coordinate x;, and the other pair as {M>, x,}. Lastly, the sign
of both components is set such that they have positive B-band
flux at 15 days.

The first 6 definitions are analogous to those made in SALT3,

defining xq to represent the inferred peak B-band flux, c to rep-

resent a B—V color difference independent of any behavior with
time-evolution, and M to represent the SED of the mean SN Ia.

The final definition is novel for SALT3+, although similar in

concept to the fifth definition, and similar in principle to priors

for variational autoencoders such as PARSNIP (Boone 2021).

The goal of the definition is to, as much as possible, separate

v s

> By making this definition, the effects of x; and x, on the B-band
maximum are absorbed into Tripp standardization parameters «;, ;.
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different phenomena into different parameters; this makes later
analysis easier. We find that the resulting x; parameter is strongly
aligned with the previously derived SALT2/SALT3 x;. Our mod-
eling is entirely empirical and does not incorporate any theoreti-
cal information.

In a departure from the approach employed with previ-
ous SALT models, we include priors on the parameters during
the training process. These priors are standard normals on the
parameters {x;, x»} as well as a normal distribution with mean
0 and standard deviation 0.2 on c¢. This approach was chosen
because the second component M, is smaller in magnitude than
M, and further is only significantly detectable at some points of
the light curve. As a result, for many SNe in the sample it is
under-constrained, and the use of priors in the parameters helps
to reduce the impact of overfitting in the training sample. As a
further precaution against overfitting in the data, the surfaces are
regularized by the use of penalty terms in the training objective
function proportional to the derivatives; we use all three methods
of regularization described in K21.

3.3. Model configuration and early data

The SALT model requires the training code to specify config-
uration options including the phase and wavelength range over
which the model will be defined, the resolution of the underlying
model, and the degree of regularization. In addition to the inclu-
sion of an additional spectral surface, other changes were made
to the model configuration to ensure the model was well cap-
tured. The phase resolution of the underlying splines has been
increased to 2.5 days from 3, while the wavelength resolution
was kept identical to that of K21 at 69.3 A, sufficient to cover
broad SN features. All spectral recalibration polynomials were
set to use a cubic polynomial for performance reasons, rather
than setting the number of free parameters individually for each
spectrum.

Ideally, the model’s phase coverage should begin immedi-
ately before the earliest SN explosions (relative to maximum
light), with the {My} components possessing no flux at that time
and with the first derivatives zero. The third order B-splines can
represent either an “expanding fireball” light curve with F oc 1>
and/or deviations through the cubic component of the splines.
Previous SALT models have used the phase range —20 days to
+50 days. However, Miller et al. (2020) suggested, using early
photometry of SNe Ia from the ZTF, that explosion may occur as
much as 23 days prior to maximum light for some objects.

For SALTShaker, ZTF data gives greatly enhanced phase
resolution, doubling the number of photometric epochs (not nec-
essarily detections) available between —23 and —15 days. Thus,
we examined whether the phase range needed to be expanded to
better model the early-time evolution of the SNe Ia. In Fig. 4,
we show early time photometric residuals relative to zero flux,
roughly corresponding to detection significance. Only a small
proportion of SNe can be individually detected at such early
times, but in aggregate, we observe nonzero flux across the popu-
lation as a whole. Visually, high x; SNe are detected earlier com-
pared to low x; SNe, which can be undetectable even 15 days
prior to maximum light.

Running SALTShaker with the previously standard phase
range of —20 to +50 days, we noted that the flux in M, and M,
surface at —20 days did not typically converge to O; furthermore,
adding a constraint on the model that the initial flux and/or the
first derivative of the flux be O led to visually different model
light curves. Although no individual epochs are a detection at
that early time, the aggregated weight of the entire sample is suf-

SN
1
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1
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23

|
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1
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1
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Measured Flux / Photometric Uncertainty
o

20
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-15

Fig. 4. Early time photometric fluxes, relative to photometric uncertain-
ties, in the expanded training sample. Each point is a single photomet-
ric measurement, colored according to the x; value of the supernova it
belongs to. Crosses show mean values binned by both x; and phase.
Negative flux measurements are possible due to measurement uncer-
tainties in difference imaging/scene modelling. Observations of SNe
with x; values close to the center of the distribution have been made
partially transparent, to emphasize the edges of the population. PSIMD
and Foundation data have been excluded from this plot, as some resid-
uals showed indications of image subtraction issues.

ficient to affect the model. Running the model on this data with
a minimum phase range of —23 days, we found that the resulting
model, while showing small residuals at the edges of the phase
range, does not predict any SNe to have observable (>10) flux
before —21 days. Therefore, our final model used the phase range
—21 days to +50 days, to ensure the entire early evolution of the
population is captured without adding unused flexibility to the
model.

4. Results
4.1. Model surfaces

We first visualize the surfaces produced by the SALTshaker
code, in order to describe the modeled behavior.

4.1.1. Synthetic light curves

As expected, adding a second component to the model is overall
a relatively small effect. In Fig. 5, we show synthetic light curves
over a range of parameter values. As can be seen, the size of the
M, component is much smaller than the M; component. While
M, is empirically derived over the whole phase and wavelength
range, and is not associated in principle with any particular phys-
ical effect, we can qualitatively describe the major impacts on
model light curves. Increase in x, implies a higher peak and
faster decline in g-band (as contrasted to M, which slows both
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Fig. 5. Light curves for the SALT3+ model. Upper figure shows the variation in three bands as a function of x; with x, fixed to 0. Lower figure
shows the variation as a function of x, with x; fixed to 0. Any other values will be represented by a linear combination of those light curves.

the rise and decline times of the SN). In i band, x, also increases
the amplitude of the secondary maximum relative to the primary,
while x; shifts the time at which the secondary maximum peaks
(see also Deckers et al. 2025). More extreme values of x, create
a visible “kink” in the i-band light curve in the primary peak.
This feature was previously noted and discussed by Pessi et al.
(2022), who found that the strength of the feature showed little
correlation with light-curve stretch, in agreement with our results
here. x; is most measurable as a time-dependent effect in color
curves, which are shown in Fig. 6. The contrast is most simply
seen in r — i, where x; is visible as a constant spread around a
fixed slope, while x, modifies the value of the slope.

4.1.2. Spectral effects

As SALT is a spectral model, besides examining light curves
we also inspect the effect of parameter changes on model spec-
tra. Particularly at maximum light, the model has an abundance
of spectral data to constrain the underlying surfaces. The spec-
tra as a function of phase, x;, and x, are plotted in Fig. 7. To
measure spectral features at maximum light, we used a fully
automated and public code for spectral fitting, spextractor®
(Papadogiannakis 2019; Burrow et al. 2020). The code uses a
nonparametric, Gaussian process (GP) regression to get the min-
ima for the individual features. It is based on the python package
GPy (GPy 2012) and uses a Matern 3/2 kernel for smoothing the
spectra. In Fig. 8 we show how changes in x; affect the width
and velocity of spectral features in model spectra at maximum
light in B-band, where most SN spectra are taken. In general we
observe that increased x; is associated with a higher line veloc-
ity, with a wavelength-dependent effect on pseudo-equivalent
widths. The iron line at 4800 A is the only one to reverse the
sign of the velocity trend.

Previous work has looked at the effect of spectral velocity
on SN Ia light curves and/or Hubble residuals. Our results indi-
cate a positive correlation between g — r/B — V color and spec-
tral velocity of ~0.04 mag, and a equivalently strong effect with

6 Code is available at

spextractor

publicly github.com/astrobarn/
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opposite sign in redder (i.e. r — i) colors. Qualitatively, this is in
agreement with previous work (Wang et al. 2009; Mandel et al.
2014; Dettman et al. 2021). However, we do not presently see
evidence of a host-galaxy correlation with x, (see Sect. 4.3.2),
while some previous results have noted significant correlation
between velocity and galaxy types (Wang et al. 2013; Pan et al.
2015; Pan 2020). Notably velocity associations with mass were
also not seen previously with SALTshaker (Jones et al. 2023)
or within the ZTF sample by Burgaz et al. (2025). However x,
likely does not capture all velocity variation in SNIa, and/or
improvements to the model may allow more precise measure-
ments of host behavior.

4.1.3. Model uncertainties and color dispersion

The SALTshaker code, in addition to estimating the fluxes char-
acterizing the SN Ia population, also estimates the unmodelled
variation. This includes a component that is assumed to be
stochastic, and will thus typically contribute little to the final
error budgets. However a much more significant factor is the
color dispersion, k(4.). This gives a relative, covariant uncer-
tainty on each individual band in a light curve. As a conse-
quence of the covariance, the color dispersion, for any given
SALT model, sets a fundamental error floor on the parameters
¢ and mp that cannot be reduced by additional epochs/more pre-
cise photometry, only additional filters. Further, the color dis-
persion is the only means provided to the model to account for
phenomenology too complex to be included in the parametriza-
tion. As a result, the size of the color dispersion represents both
a minimum statistical uncertainty, and an indicator of the size of
potential systematic uncertainties in a given model.

Accounting for x, results in a significant reduction in
the color dispersion. We compare the color dispersion of
SALT3.K21 and SALT2.T21 to SALT3+ in Fig. 9. The
color dispersion is substantively lower for our version of the
model across most wavelengths used in cosmological analysis,
with the exception of the i band. In the rest frame V-band,
color dispersions are reduced to the mmag level, well below
typical photometric uncertainties. Consistently high color scat-
ters in the i band may indicate difficulties with correctly fit-
ting dust across all bands simultaneously with only a single
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Fig. 6. Color curves for the SALT3+ model in magnitudes. Upper figure shows the variation in three bands as a function of x; with x, fixed to 0.
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Fig. 7. Synthetic spectra of SALT3+ across phase, x;, and x,. Left panel shows variation with x;, right panel shows variation with x, from -5 days

to +15 days.

color parameter. Studies such as Amanullahetal. (2015),
Mandel et al. (2017), Brout & Scolnic (2021), Johansson et al.
(2021), and Grayling et al. (2024) indicate that SN Ia colors
are likely sourced from both extrinsic and intrinsic sources, that
may contribute to differential wavelength dependence across the
SN Ia population. Variance in dust population parameters such
as Ry from galaxy to galaxy may be a significant effect (cf.
Popovic et al. 2023; Wojtak et al. 2023; Grayling et al. 2024).
Preliminary cross-calibration studies (Dovekie, Popovic et al.,
in prep.) indicate an improved calibration solution for ZTF leads
to a color scatter below that of SALT3.K21 in i band, although

still a local maximum. Other causes of systematic uncertainty in
the i-band may include internal calibration of different surveys,
calcium features, or further physics beyond x; associated with
the second peak.

4.2. Light-curve fitting

We fitted our model to light curves to the ZTF sample, as well
as the K21 compilation. We applied less restrictive light-curve
quality cuts more typical of cosmology analysis than required
for the training sample.
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Fig. 9. Color dispersion, defined in terms of % uncertainty in the over-
all normalization of a given photometric band for a given supernova.
Wavelength range shown here is the range of central filter wavelengths
present in the training sample.

At least one measurement in at least two bands after peak
brightness (5 < p < 20), to constrain the shape and color.
At least one epoch between —20 < p < —1 to ensure a con-
straint on time of maximum.

At least six epochs in any bands between —10 < p < 35.
Classified as a normal SN Ia, or belonging to the 91T sub-

type.
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We performed our light-curve fits using SNANA (Kessler et al.
2009b), which has been upgraded to allow multi-component
SALT models to be fit. Our fits were maximum likelihood based,
although we included unit normal priors centered at 0 on x;
and x,.

4.2.1. Parameter distributions

The shape of the parameter distributions could contain infor-
mation about the underlying physics of the SN Ia populations.
While the scale and location of the distribution are set by the
model definitions (see Sect. 3.2) and are thus not informative,
the other moments of the distribution may provide insight into
underlying physics (see for example Ginolin et al. 2025a,b). We
show the distribution of parameters xi, x, fitted to the sample in
Fig. 10. The shape of the x; distribution is familiar relative to that
found in other work (Ginolin et al. 2025b from the ZTF DR2;
also Kessler & Scolnic 2017; Nicolas et al. 2021; Wojtak et al.
2023), showing a negative skew. The shape of the x; distribution
is far more Gaussian. Understanding the intrinsic shape of the x;
distribution however will require deconvolution with the noise,
which forms a substantial portion of the observed distributions
due to the high x, uncertainties.

4.2.2. Parameter uncertainties

We show the estimated parameter uncertainties in Fig. 11 for
each of the parameters. As discussed in Sect. 4.1.3, the color
dispersion bounds from below the uncertainties in color and
magnitude, resulting in very few objects with color uncertainties
<0.02 mag for SALT3.K21. The reduction in color dispersion
effectively removes this floor, eliminating the sharp edge in the
distribution. Magnitude and x; uncertainties are reduced across
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Fig. 10. Distribution in two dimensions of the x;, x, parameter space for
the ZTF sample using only SNe Ia within the volume-limited sample
(z < 0.06).

the board. However, x, is poorly constrained for most objects,
and is dominated by the N(0, 1) prior.

We investigate some of the factors that contribute to an
effective measurement of x,. Figs. 12 and 13 show that SNe
observed with more filters reduce the correlation between
x and ¢, and that uncertainty in x, shows dependence on
the total number of measured photometric epochs. In par-
ticular, at least three photometric filters are typically neces-
sary to separate ¢ from the x, parameter to any significant
degree.

4.2.3. Comparison of SALT3.K21 and SALT3+

Changes in light-curve model affect ultimate cosmology results
through changes to the fitted parameters. In Fig. 14 we show
the difference in SALT3.K21 parameters relative to SALT3+
parameters, as a function of fitted x,. A linear trend in Ac
is evident by eye and highly correlated, with Pearson r =
—0.84, and a slope of 0.0251 + 0.0006. The x; difference
Ax; shows an effect of marginal significance, with a slope
of 0.0062 + 0.0025. We conclude that fits with SALT3.K21,
ignorant of the x, effect, attempt to compensate with the two
ingredients available to the fitter, x; and c. These trends indi-
cate that while x, is a significantly smaller effect than xi,
and often has large uncertainties, fitting SNe Ia without includ-
ing x, in the fit will lead to significant changes in color
parameters.

4.3. Cosmology Implications

We created Hubble residuals using a simple linear standardiza-
tion to allow comparison of cosmological performance between
the previous SALT3.K21 model and the new SALT3+ model. In
order to see the effect of the new model clearly, we cut the sam-
ple based on the fitted SALT3+ parameters with the following
requirements:

1. The squared sum of x; and x; less than 9 (52 objects fail this

cut).
2. c between —0.2 and 0.4 mag (30 objects fail).

Estimated uncertainty in c less than 0.1 mag (19 objects fail).
Estimated uncertainty in x; less than 0.5 (205 objects fail).
P-value of fit greater than 1e-5 (185 objects fail).

Reduced correlation of x, and ¢ less than 0.9 (727 objects
fail).

Overall, of 2214 objects successfully fit by SNANA, 1161 (52%)
passed these cuts, of which the last cut is the most significant. For
many objects, SNANA reports parameter uncertainties that indi-
cate that the fitter is unable to constrain x, and ¢ independently.
Many of these objects have been observed in only two filters;
as xp is most significantly constrained by the effect on color-
curves, this is problematic. In order to clearly see the effect of
the introduction of x, on the cosmological nuisance parameters,
we remove these SNe. Of the objects that pass other cuts, 120
do not have masses available from either Pantheon+ or the ZTF
DR2; for these, we include them in the fit and apply no mass
step. Although we fit and validate on (mostly) overlapping sam-
ples, the Tripp estimator plays no role in the SALTshaker, and
performance on these metrics is not evaluated in training.

Given a SN at redshift z in the CMB rest frame with fitted
parameters Xy, X, X, ¢, associated covariance matrix X, and host
galaxy stellar mass M, the Hubble residual Ay is defined by ana-
logue to the Tripp estimator (Tripp 1998)

ANk W

ft=10.5-2.51og;o(x0) + @1 x1 + azx2 5)
—Bc—yo(M) - M
0 If no mass available
M) =:1/2 M>10"M, (6)
-1/2 M <10 M,
Ap = - p(z) O

where u(z) is the distance modulus calculated under flat ACDM
with Planck Collaboration VI (2020) cosmological parameters.
Corresponding Gaussian uncertainties are estimated as

2 _ 2
(T#—O'-

2 2 T
it T O+ Ol X - 20X ®)

T
= (mom @ @ H)

where o, ; is computed from a peculiar velocity uncertainty of

250kms~! using the derivatives of the distance modulus with

redshift, and ojens = 0.055z (Jonsson et al. 2010).

These Hubble residuals depend on nuisance parameters: M
the overall normalization, intrinsic standardization coeflicients
ay, color standardization coefficient 8 (roughly analogous to an
“average” Rp across the sample if colors are assumed to be dust
reddening), “mass step” y, and the unparameterized or “intrin-
sic” scatter in the Hubble diagram o, We also find that the
ZTF sample shows much higher intrinsic scatter than the data
from the K21 compilation, so we allowed the intrinsic scatter
for ZTF to be independent of the intrinsic scatter of the other
data. We computed these parameters for our sample by maximiz-
ing a Gaussian log-likelihood £ = — }’log(c7,)/2 + (A,u/o-l,)z/z,
using light-curve fits made with both the new model and the most
recent version of SALT3.K21 (setting @, = 0 in the latter case).
As an optimizer, we use Minuit (James & Roos 1975), and report
the parameter error estimates from the Hessian matrix derived.
This simple approach does not correct for regression or selec-
tion biases, but allowed us to demonstrate some of the differ-
ences between SALT3+ and SALT3.K21. We present the fitted
nuisance parameters and likelihoods in Table 2.

The Tripp fits show significant evidence in favor of the higher
dimensionality; the log-likelihood difference across the full sam-
ple of corresponds to a AAIC = 66.4, favoring SALT3+ at
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between ¢ and x, uncertainties, grouped by the number of filters
observed, among SNe from surveys other than ZTF. Correlation coeffi-
cient can range between —1 and +1.

~8.30 with the inclusion of a single extra parameter in the
fit. Likelihood ratios favor SALT3+ in both ZTF and non-ZTF
subsamples. RMS scatter in the data slightly decreases with
the additional parameter, from 0.184 to 0.178 mag. M differ-
ences between the models are not in general physically rele-
vant, as the zero-point of the model is arbitrary, varying with
mean properties of the training sample. Further, a blinding fac-
tor has been added to M for the ZTF sample, as discussed in
Rigault et al. (2025b). However we note that when splitting the
data between ZTF and non-ZTF subsamples, significant differ-
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Fig. 13. Distribution of uncertainty in x, as a function of the number of
epochs in the fit.

ences are present in a,, vy, and 5, that may indicate issues of gen-
eralizability from ZTF to other surveys. These may simply be
indications of the different selection functions between surveys,
or reflect the current incompleteness of the ZTF calibration solu-
tion. Additionally, while the extended model is preferred by both
samples, the significance outside of ZTF is only ~2.50-.
Comparing the residuals between the models, the Hubble
residuals made using the SALT3.K21 model show a trend in x;
of ~0.05 mag that can be seen in Fig. 15. The effect is primar-
ily driven by the strong effect in the color parameter ¢ seen in
Fig. 14, with a small countervailing effect in x;. If x, vary across
populations, this could potentially lead to a systematic of the
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Fig. 14. Difference in fitted light-curve parameters between SALT3.K21
and SALT3+ as a function of fitted x;.

same magnitude in one-dimensional SALT-based analyses. We
examine our sample to see whether there is any evident trend of
x, with redshift; for now, we do not see any apparent significant
effect. Taking the difference in mean x, at z < 0.15 and z > 0.15,
we find Ax, = 0.054 + 0.036, implying a potential systematic
of 2.1 + 1.5 mmag. This systematic may increase under alternate
prior assumptions; a full analysis would require a complete pop-
ulation model (further discussed in Sect. 5).

Interpreting differences in @ between models is somewhat
difficult. As the scales of x; are anchored by definition 4 in
Sect. 3.2 to the demographics of the training sample, o changes
between models may reflect empirical differences or mere demo-
graphic changes in the model from including ZTF in the train-
ing sample. To determine which effect is driving the lowered
a; seen in SALT3+, we need to anchor «; to a specific light-
curve feature. We use Am;s5(B) since it was the first feature of
the stretch effect discovered. Using synthetic light curves, we
evaluate 0Am;5(B)/dx; for both models at {z = 0,¢c = 0,x; =
0, x, = 0}, then calculate di/dAm;5(B) = « - dAmys5(B)/dx,”"
for both models; since the quantities present on the L.H.S. are
light-curve features independent of sample demographics, this
slope should be comparable between models (see also discus-
sion in Grayling et al. 2024). We find dfi/dAm5(B) to be 0.796
for SALT3 and 0.593 for SALT3+. This implies that the decrease
in @; seems to be a real difference between models, rather than a
purely demographic difference. This may reflect increased scat-
ter in measured x; values due to the additional degree of free-
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Fig. 15. Hubble residuals calculated using SALT3.K21, with standard-
ization in x; and c, against x, calculated using SALT3+. Red crosses
show binned residuals, with line of best-fit in blue.

dom in the fit. However, the increase in 8 nevertheless allows
SALT3+ to explain more scatter than the SALT3.K21 model.

4.3.1. Colors

As c is defined by reference to a fixed quantity (that is, B — V
color), differences from model to model in B8 across the same
sample are more likely to be physically relevant. To evaluate
the significance of the effect, we bootstrap resampled the SNe
and refit the Tripp estimator for both SALT3+ and SALT3.K21
with the resampled data. We estimate the difference between
B as 0.22 + 0.03. The increase in 8 seen between SALT3 and
SALT3+ is likely here to be driven by increased accuracy in
color measurements, bringing S somewhat closer to Ry values
typically inferred from SED fitting of galaxy populations (e.g.
Salim et al. 2018; Duarte et al. 2025; Murakami et al. 2025). We
note a difference in § between ZTF and non-ZTF samples, which
is stronger in the new model. This may be due to different dust
demographics in the more complete sample of ZTF than previ-
ous data, explored in more detail in Ginolin et al. (2025a) and
Popovic et al. (2025).

We next studied the distribution of the color parameter.
A standard approach in the field, also used in Ginolin et al.
(2025a), is to assume that host galaxy dust shows an exponen-
tial distribution in optical depth 7, while intrinsic color is nor-
mally distributed with mean p and scatter o j,.. We used the
ZTF supernovae to derive intrinsic distributions, assuming that
the sample is volume limited below z < 0.06. With fitted color
parameter ¢ and associated uncertainty o, the likelihood over
the color distribution is

L= Z log E(clu, M’ )

Nsn

©))

using E(u, 0, 7) to denote the convolution of the PDFs of the
exponential and normal distributions. We maximized this likeli-
hood function over the 358 ZTF SNe passing all light-curve cuts,
besides the cut on color, below z < 0.06 and report the values
of the derived population parameters in Table 3. The SALT3+
colors show a narrower distribution in both o, and 7, with
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Table 2. Tripp nuisance parameters and maximum likelihood, compared between SALT3+ and SALT3.K21.

Name L My aj a B U.{I;thTF (rﬂ‘: y
Full sample, SALT3 42763  -19.471(0.005)  0.145(0.005) - 2.72(0.05)  0.082(0.007)  0.140(0.007)  0.07(0.01)
Full sample, SALT3+  461.85 -19.413(0.005)  0.111(0.005)  -0.019(0.005)  2.94(0.05)  0.088(0.006)  0.135(0.006)  0.07(0.01)
Non-ZTF, SALT3 289.21  —19.450(0.006)  0.143(0.007) - 2.74(0.07)  0.078(0.007) - 0.04(0.01)
Non-ZTF, SALT3+ 29222 —19.385(0.006)  0.107(0.007)  -0.034(0.007)  2.91(0.08)  0.082(0.006) - 0.04(0.01)
ZTF only, SALT3 167.98  —19.511(0.008)  0.156(0.008) - 2.89(0.06) - 0.128(0.007)  0.12(0.02)
ZTF only, SALT3+ 21426  —19.457(0.007)  0.121(0.007)  -0.009(0.006)  3.20(0.07) - 0.118(0.006)  0.11(0.02)

Notes. Parameters are shown as fitted using either the full sample, only ZTF data, or only non-ZTF data. Definitions of the nuisance parameters
are given in Equation (6). The full sample here includes 1161 SNe, of which 643 are ZTF objects and 518 are from other surveys.

the latter difference proving more robust in bootstrap testing.
The narrower distribution is consistent with the x, component
accounting for a fraction of the observed color distribution. We
show the derived intrinsic distributions and observed distribu-
tions in Fig. 16.

In Fig. 17, we show the stretch-corrected, but not color-
corrected, Hubble residuals. Previous analyses posited that
red and blue SNe may obey different color laws (see e.g.
Mandel et al. 2017); current cosmology analyses such as
Brout et al. (2022a) as well as Rubin et al. (2023) have explic-
itly or implicitly used a nonlinear color correction. This has been
physically justified by appeal to distinct color-luminosity rela-
tions for host galaxy reddening in the red tail of the color distri-
bution and intrinsic color in the blue tail. Here we note that the
nonlinearity of the luminosity-color relation appears increased
by the new model. To investigate further, we redefined the Tripp
relation by setting 8 in Equation (6) to 8 = By + ' - c. Fitting the
sample, a quadratic fit to the data is favored with either model,
with a likelihood ratio of AL = 24.9 for the full sample. With
a single additional parameter, this corresponds to AAIC = 47.8.
We then evaluated the difference in 8’ between models by boot-
strap resampling, finding AS’ = 0.35 + 0.16, at ~2.10 signif-
icance. This is consistent with an interpretation that the inclu-
sion of x;, in the fit improves the precision of ¢ as a tracer of
host-galaxy extinction. Nonlinearity can also reflect regression
dilution with an asymmetric underlying ¢ distribution (see the
appendix of Ginolin et al. 2025a). The increased nonlinearity
could be driven by reduced color uncertainties producing a ¢
distribution more strongly dominated by the (asymmetric) expo-
nential tail. Ginolin et al. (2025a) did not find strong evidence of
an intrinsically nonlinear color relation in the ZTF sample using
SALT2.T21-derived colors.

4.3.2. Host properties

We did not find any effective correlation between host galaxy
properties and x;. Likely, the significant noise present obscures
any relation present. We show the distribution, split by host
galaxy mass at 10'° Mg, in Fig. 18. The mass step seems some-
what smaller in the ZTF sample, however this does not general-
ize to the non-ZTF sample.

5. Conclusions

We present SALT3+, a new SALT model with an additional prin-
cipal component. Although preliminary, the model trained here
has been added to both the sncosmo (Barbary et al. 2015, 2016)
and SNANA (Kessler et al. 2009b) codes for use in light-curve fit-
ting. The new model shows particular improvement in producing
informative colors for cosmology analysis.
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However, the model as presented here is not ready for use
in a full cosmology analysis. Our work here should thus be
regarded as exploratory. The ZTF calibration is still a work
in progress, with calibration uncertainties greater than cen-
timag level. Accounting for these corrections can be fore-
casted to improve the uncertainties in the model (particularly i
band), and improve generalization from ZTF to non-ZTF sur-
veys. Further, we note that the issues seen with uncertainties
in Sect. 2.3 and the additional intrinsic scatter in Sect. 4.3
may also affect the light-curve model. Future data releases
from the ZTF collaboration plan to use scene-modelled pho-
tometry, discussed in Lacroix et al. (in prep.). The Hubble
residuals we presented have not been corrected for selection
bias or regression dilution. The results on standardization pre-
sented here should thus be regarded as preliminary. Correctly
accounting for these biases requires either frequentist forward-
simulation, or a Bayesian hierarchical model. Frequentist analy-
sis requires the derivation of parent populations suitable for use
in a BBC-based analysis (Kessler & Scolnic 2017) through use
of a code such as Dust2Dust (Popovic et al. 2023). Bayesian
approaches include codes like UNITY (Rubinetal. 2015,
2023), STEVE (Hinton et al. 2019), BAHAMAS (March et al.
2011; Shariff et al. 2016; Rahman et al. 2022), and others (e.g.
Mandel et al. 2017; Feeney et al. 2018; Wojtak et al. 2023) that
can simultaneously derive cosmology and population parame-
ters. Either approach will require further work.

Possible physical origins of the effects we describe here are
unclear. Spectral features indicating a velocity trend along with
changes in broadband colors may reflect a different conversion
of energy into thermal/kinetic components. Variation in velocity
could indicate variation in the observed angle of an asymmet-
ric explosion. The significant changes in calcium features in our
synthetic spectra could be a result of calcium plumes in the ejecta
(Khokhlov 1995; Pessi et al. 2022). Future work could investi-
gate possible driving physics of these features.

As x; affects the rising light curve less, our results support
the conclusions of Hayden et al. (2019) that the most informa-
tive stretch information in the light curves is in the rise of the
SN. We also conclude that SNe Ia must be observed in no fewer
than three filters to robustly measure host galaxy extinction. Both
of these emphasize the value of the ZTF data set in future cos-
mology. Further, evaluation of survey cadence strategies should
likely incorporate these considerations. In addition, neglecting
the second component in light-curve fits leads to a residual trend
of 0.039+0.005 mag in Hubble residuals; if there is demographic
evolution in the second component, it could represent a system-
atic. However, we see no evidence for a shift in the mean of
the x, distribution with redshift, leading to an estimated system-
atic of 2.1 mmag + 1.5 mag. We conclude that any systematics
from optical light-curve features of higher order are likely to be
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Table 3. Intrinsic color distribution parameters, compared between SALT3 and SALT3+.

Name L u O cint T
SALT3 259.6 -0.046 0.038 0.128
SALT3+ 296.2 -0.057 0.034 0.115
Bootstrapped diff. 36.5(5.9) —-0.011(0.005) -0.005(0.006) —0.012(0.004)

Notes. Resampled differences between the models are shown in the third line, with means and uncertainties.

—— SALT3
—— SALT3+

-0.2 0.0 0.2

C

Fig. 16. Observed and inferred intrinsic color distributions derived from
the volume-limited ZTF sample. Solid lines show the convolved expo-
nential distribution with parameters from Table 3. Histograms show the
observed distribution, which are consistent with the inferred intrinsic
distributions widened by noise.

0.4

N —17

3 SALT3+ RMS=0.174

)'? _1g] — B=268+243:c

o —= B=290

|

< —194

&

Ién _20 F T T T T T
-17

= SALT3 RMS=0.180

3 —— B=2.39+2.06"

T -181— £- ¢

. —— B=264

ot

T‘ —-19 4

£
_20 T T T T T T

-0.2 -0.1 0.0 0.1 0.2 0.3 0.4
C

Fig. 17. Absolute magnitudes, corrected for x; and x, but not color,
as compared between models. Upper panel shows residuals calculated
with SALT3+, in lower panel with SALT3. Solid line shows a quadratic
fit to the data, dashed line shows a linear fit.

less than this value, and that models of dimensionality higher
than this are unlikely to be a requirement. However, estimates
of systematic uncertainties from forward simulation techniques
such as BBC are sensitive to the model used for simulating data.
Extended light-curve models may be important for these pur-
poses. As x, shows little correlation with Hubble residuals as

E High Mass
B Low Mass

0.5 A

Fig. 18. x, distribution, split between high and low mass galaxies at
10" M.

long as the phenomenology is included in light-curve fits, it
may be unnecessary to explicitly parametrize the phenomenon
for use in cosmology analysis. The Gaussian process model
for light-curve residuals used by BayeSN (Mandel et al. 2022;
Grayling et al. 2024) marginalizes over the light-curve variabil-
ity, likely preventing an x, effect from affecting their parameters
as seen in Fig. 14. If accounting for x, at the level of cosmo-
logical analysis is unnecessary, developing a more robust error
model for a one-dimensional SALT model may be a promising
direction for future work.
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