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Abstract

Star formation histories (SFHs) describe when stars in individual galaxies were
formed, and are thus a key quantity in understanding galactic evolution. As SFHs
themselves are unobservable, information about a galaxy’s SFH must be inferred
from the galaxy’s spectrum, which is an ill-posed inverse problem. In this work,
we train a score-based diffusion model to act as a prior over the SFHs. We collect
our training data, SFHs and metallicity histories (MHs), from TNG50 simulations,
ensuring that the samples include realistic features. We test our model by doing
Bayesian posterior inference on mock observations. We apply our model to spectra
from the Sloan Digital Sky Survey and find good agreement with previous results.
Our work shows it is possible to infer detailed and realistic SFHs and MHs, opening
a window to the study of galactic histories at a level of detail never before possible.

1 Introduction

Star formation histories (SFHs) describe when stars in individual galaxies were formed, and are thus
a key quantity in understanding galactic evolution. SFHs are necessary for many areas of research
in astrophysics, such as studies of dark matter [1, 2], galactic structure and evolution [3, 4], and the
expansion of the universe [5]. SFH inference is typically done via spectral energy distribution (SED)
fitting of galaxy spectra. A significant challenge in this process is the absence of known, closed-form
priors for the SFH derived from first principles. To circumvent this, astrophysical analyses frequently
employ simplified parametric models. While simple, these models have proven effective at recovering
key galactic properties, such as total stellar mass, with reasonable accuracy [6, 7]. Non-parametric
models, in which the SFHs are described by N bins of freely varying star formation, improve over
parametric models in terms of flexibility and more accurate inference [7], at the cost of complexity
[4]. SFH inference is degenerate as different SFHs can reproduce the same spectra, especially when
including metallicity as a result of the age-metallicity degeneracy [7], making it an ill-posed inverse
problem. For this reason, it is crucial that only viable SFHs are considered when doing inference.
When using non-parametric models for SFH inference, regularization is necessary to ensure physical
solutions, but this creates a dilemma. Overly aggressive regularization risks suppressing sharp, bursty
features [8], while overly permissive regularization can result in uninformative, broad priors [4].

In this work, we circumvent these issues by using score-based diffusion models trained on the TNG50
cosmological simulations [9, 10] to act as a non-parametric prior over SFHs. In using physically-
motivated cosmological simulations, we ensure that our samples include realistic features. To address
the age-metallicity degeneracy, we train the model jointly on SFHs as well as metallicity histories
(MHs). We demonstrate the capability of our model to do Bayesian posterior inference on both mock
spectra and data from the Sloan Digital Sky Survey [11] (SDSS).
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2 Methods

2.1 Data

We generate the SFH and MH data using the TNG50-1 [9, 10] simulations at snapshot 99, where
the redshift is effectively zero. Histories are defined using 64 time bins from age 0 to the current
age of the universe, calculated using astropy [12, 13, 14] assuming a Planck15 [15] cosmology in
adherence with TNG50-1, resulting in time bins with a width of approximately 215Myr. Stars in each
subhalo are assigned to a bin based on their GFM_StellarFormationTime. The sum of all the stars’
GFM_InitialMass is divided by the width of the bin to store the star formation rate (SFR) in units of
M�=yr. Metallicities in each bin are calculated by taking the mean of GFM_Metallicity weighted
by GFM_InitialMass. The metallicities Z are converted to log10 Z=Z�, assuming solar metallicity
Z� = 0:0142 in adherence with the stellar population synthesis (SPS) code used in the forward
model, described in Section 2.2. Bins with no star formation are assigned a metallicity of 10�11 to
prevent taking log 0. Because of limitations of the forward model, subhalos with mean metallicity
bins having log10 Z=Z� > 0:5 are discarded. In addition, only subhalos with SubhaloFlag=True
and with a total mass > 105M� are used. Before training, the data is z-score normalized and split
into a training set (94372 samples) and a test set (23596 samples) to create mock observations with.

2.2 Forward model

A galaxy spectrum can be thought of as the sum of spectra of all objects that inhabit it, here assumed
to be dominated by stellar light. The spectra of populations of stars can be approximated using
single stellar populations (SSPs), which are theoretical spectra for stars born from the same gas
cloud (and thus share a similar metallicity) around the same time. Converting (SFH, MH) pairs into
mock spectra then consists of summing up SSPs at each age and metallicity, weighted by the total
stellar mass. This process results in a composite stellar population (CSP) which acts as our mock
spectrum, see Conroy [16] for a review. To create the SSPs, we use python-FSPS1 [17], a Python
wrapper for FSPS [18, 19] (Flexible Stellar Population Synthesis). To ensure the forward model is
differentiable, we interpolate between a grid of previously extracted SSPs rather than calling FSPS
directly. The details of our FSPS configuration and grid generation can be found in Appendix A.1.
The max metallicity value allowed by our chosen libraries is log10 Z=Z� = 0:5 but we allow our
forward model to interpolate spectra if provided with higher values. We find that the interpolated
spectra do not differ greatly from log10 Z=Z� = 0:5 spectra, so we cap them at this value in our plots
and analysis.

The redshift and the dust attenuation parameter AV are two configurable parameters that must be
provided to the model. The redshift encodes how much the spectrum has been stretched by the
expansion of the universe since its emission. It is often used interchangeably with age. The (SFH,
MH) pairs are always generated up to the current age of the universe, but we only integrate up to the
appropriate redshift to compute the CSP; the rest are considered as a prediction. AV controls dust
emission and extinction. We assume Calzetti extinction [20] and use BAGPIPES2 [21] to generate the
extinction curve Aλ=AV and emission spectra. More details can be found in Appendix A.2.

2.3 Score-based models

Score-based models (SBMs) [22] are a type of generative model that produce new samples from a
dataset of interest with underlying distribution p(x);x 2 Rn; through denoising. The model is a
neural network that is trained by adding increasing levels of noise t 2 [0; T ] to the dataset until it
can be expressed as N (x; 0; �2

T I), where �T is the maximum value of noise, and learning the score
rxt

log pt(xt) at each level. The score is then used to generate samples from the noised distribution.
SBMs can be used for posterior sampling in the case where we have an observation y produced by
a physical process S(x) : Rn ! Rm, in our case the forward model defined in Section 2.2, with
additive noise � 2 Rm assumed to be distributed as � � N (0;�y). Posterior sampling can be done
by using the learnt prior score in Bayes’ Theorem

rxt log pt(xt j y) = rxt log pt(xt) +rxt log p(y j xt): (1)

1github.com/dfm/python-fsps
2github.com/ACCarnall/bagpipes
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Figure 1: Top: 100 SFH and MH samples (blue) for the mock TNG observation 535410 with
AV = 0 :2 and redshift= 0 :05, compared against ground truth (black). The time axis shows age of
the universe and the dashed green line shows the time at redshift0:05. Middle: observed spectrum
(black) and posterior spectra (blue). Bottom: density of residuals.

The last term in equation 1 is the likelihood, which we approximate at each noise levelt using the
convolved likelihood approximation (CLA) [23, 24]

pt (y j x t ) � N (y j S(x t ); � y + � 2
t AA > ) ; (2)

whereA is the Jacobian of the forward model. As our forward modelS is non-linear, we approximate
AA > with a diagonal matrix as described in Appendix B.2, which we have found to work well for our
experiments. We use thePython packagescore_models 3 [25, 26, 27] for training and sampling.
We employ the variance exploding (VE) SDE and use an NCSNpp [22] (Noise Conditional Score
Network++). Other model choices and hyperparameters are described in Appendix B.1. Gradient
clipping is applied when calculating the score of the likelihood. As getting suf�cient samples for one
test point currently takes several hours, work is being done to speed up sampling.

3 Experiments

We test our model on mock data and SDSS data. We obtain between 100-120 samples for each
experiment and use the top 100 samples based on mean residuals for our plots and analysis.

Mock data Mock observations are created by selecting a random sample from the test set and
feeding it through the forward model. The noise is sampled assuming an SNR= 50: � y = 1

50 E[~y ]I
where~y is the observation without noise. The target wavelengths are chosen to match an arbitrary
SDSS observation, but can be con�gured to any range within the wavelengths provided by FSPS:
[90Å; 108Å]. We show an example of posterior SFHs and MHs in Figure 1, demonstrating that our
posteriors have coverage of the ground truth. We are able to recover the ground truth cumulative mass
of 1:056� 1011M � with our samples1:067� 0:058� 1011M � . Due to computational limitations,
we showcase only one experiment. Future work will test coverage on a number of test samples.

SDSS data We apply our model to SDSS data and compare our results to estimates from the
MaNGA FIREFLY Value-Added-Catalog [28], which is an application of the FIREFLY SED �tting
code [29] to the SDSS MaNGA IFU survey data [30]. We convert the spatially resolved estimates to
a 2D history by summing the values in each bin. This catalogue is also used to �nd the redshift and

3github.com/AlexandreAdam/score_models
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Figure 2: Top: 100 SFHs and MHs samples (blue) for MaNGA index 1-384872, and FIREFLY
estimates (black). The time axis shows age of the universe and the dashed green line shows the time
at redshift0:0873. Bottom: observed SDSS spectrum (black) and posterior spectra (blue).

mean colour-excess E(B-V), which is used to calculateAV = RV E(B � V ) [31], with RV = 4 :05
for Calzetti extinction. The SDSS �eldivar (inverse variance) is used as1=� 2

y for � y = � 2
y when

sampling.

We apply our model to the spectrum of SDSS J082926.47+224436.2 which was an arbitrarily chosen
massive galaxy, withredshift = 0 :0873andAV = 0 :281. The MaNGA index for this galaxy is
1-384872, and we refer to it as such from here on. We show the posterior samples and spectra in
Figure 2 and residuals in Figure 3. A more detailed view of the spectra can be found in Appendix C.
We �nd a cumulative stellar mass of1:371� 0:174� 1011M � , comparable to the remnant stellar
mass reported by FIREFLY:1:571� 1011M � . Both models �nd a large burst of early star formation
with another burst at later times, though these events differ slightly in their timing. Because of the
age-dust-metallicity degeneracy [16], both dust and high metallicities can result in dimmer spectra.
As our model tends to push for higher metallicities, we investigate the effect of sampling with higher
values ofAV . With AV = 0 :339, we �nd that the metallicities are more well behaved, but the
mass is lowered to1:195� 0:053� 1011M � . Increasing further toAV = 0 :506further reduces the
metallicity but yields a similar mass of1:378� 0:087� 1011M � . Details can be found in Appendix
D. The lopsided residuals in Figure 3 are primarily caused by exaggerated absorption features in our
posterior samples, which may be a result of the high metallicity values inferred by our model, or from
model assumptions. We discuss this further in Appendix E. Future work will test the agreement of
our model with a larger set of galaxies from the catalogue.

4 Conclusion

We have demonstrated the potential of SBMs to infer (SFH, MH) pairs from real data. Our model
improves upon other models by using simulations to train a broad and detailed prior rather than
models with overly strict constraints about the form of the SFHs and MHs. By training our prior
model on physics-based simulations, we generate highly realistic SFHs and MHs.

Galaxy formation is a complex process of many interacting mechanisms that make inference chal-
lenging. SED �tting codes can be used to infer properties from observed galaxy spectra, but are
sensitive to the approximations made by the model. We have made advances in this regard by using a
�exible and informed prior over the SFH and MH.

Future work includes generating coverage tests with mock posterior samples and exploring alternative
methods for approximating the likelihood, as CLA performs best with linear models. We also plan to
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Figure 3: Residuals for the posterior samples in Figure 2.

test replacements for gradient clipping, since the likelihood is not suf�ciently constraining for lower
mass samples. Additionally, we will examine the effects of varying the initial mass function, dust
models, and isochrone models, as well as priors informed by different hydrodynamical simulations.
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Table 1: FSPS SSP parameters

Parameter Value

z_continuous 1
sfh 0
dust_type 0
dust1_index 0
dust1 0
dust2 0
frac_nodust 1
frac_obrun 1
add_neb_emission False
add_dust_emission False
add_agb_dust_model False
add_neb_continuum False

[36] Hyungjin Chung, Jeongsol Kim, Michael Thompson Mccann, Marc Louis Klasky, and Jong Chul
Ye. Diffusion posterior sampling for general noisy inverse problems. InThe Eleventh Inter-
national Conference on Learning Representations, 2023. URLhttps://openreview.net/
forum?id=OnD9zGAGT0k.

A Forward model details

A.1 SSP generation

Our FSPS installation uses the MIST [32, 33] isochrone library, and the MILES [34] stellar library.
The parameters used to create the SSPs are listed in Table 1, with all other parameters set to the
defaults. All dust �elds are set to 0 to allow handling them throughAV instead.

We generate the grid of SSPs for 512 stellar ages and 64 metallicities. The ages are evenly spaced
from 0 to the age of the universe, with the 0-age stellar population being replaced with the minimum
stellar age of FSPS. The metallicities are evenly binned between the min and max values speci�ed by
MIST: log10 Z=Z � 2 [� 2:5; 0:5].

A.2 Redshift and dust attenuation

We useastropy to convert the CSP from solar luminositiesL � to erg=s=cm2=Å [35] based on the
value of redshift. The wavelengths are then shifted by a factor of (1 + redshift) and interpolated back
to the target range.

Emission spectra are generated usingBAGPIPES[21] assuming (qpah=3.5, umin=1, gamma=0.01),
as per FSPS defaults. Dust extinction and emission are applied to the CSP using aPyTorch re-
implementation ofBAGPIPEScodes.

B SBM details

B.1 Model training

The model was trained for� 10000epochs (around 7 days). We show the parameters used in the
score_models package for training in Table 2. All other parameters were set to their default values.

B.2 CLA approximation

We approximateAA > by de�ning a1000� m matrixB and taking

B i = S(� ); � � N (0; In )

Diag(AA > ) � Var i [B i; :]:
(3)
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Table 2: SBM parameters

Parameter Value

sigma_min 0:001
sigma_max 16
nf 64
ch_mult [1; 2; 2; 4]

Figure 4: Close-up views of posterior spectra (blue) and true observation (black) for MaNGA index
1-384872. The full spectra are shown in Figure 2. We plot a subset of emission (green), absorption
(red) and Balmer (orange) lines identi�ed by SDSS. The best �t model from SDSS is shown in red.

This approximates Diag(AA > ) which we use in place of the fullAA > matrix.

Another approximation of the likelihood that has proven to be applicable to non-linear models is
Tweedie's approximation [36]. When comparing the two approximations in our experiments, we
found that CLA worked best.

C Detailed posterior spectra

We show close-up regions of the inferred posterior spectra in Figure 4, with best �t model and spectral
lines from SDSS.
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