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Abstract

Integrated-light spectral energy distribution modeling is widely used to infer the star-
formation and assembly histories of galaxies that cannot be resolved into individual stars.
However, existing approaches are often discussed primarily in terms of particular fitting
codes, star-formation-history parameterizations, or inference algorithms. In this Review,
we formulate the recovery of galaxy evolution histories from integrated spectral energy
distributions as a unified inverse problem. We separate the physical spectral-generation
operator from the observational operator and examine the resulting information loss
through non-identifiability, singular-value structure, null directions, effective resolution,
regularization, and model discrepancy. We then classify parametric and nonparametric
star-formation histories, PCA, MOPED, VESPA, non-negative matrix factorization, deep
learning, and simulation-based inference within a common five-component framework
consisting of the representation space, forward operator, physical or statistical constraints,
inference method, and uncertainty assessment. On this basis, we introduce information-
driven adaptive representation as a general design principle in which the complexity
of the recovered history is matched to the information supported by the observations.
Finally, we extend the framework from star-formation histories to coupled galaxy-evolution
states involving chemical enrichment, dust evolution, interstellar-medium conditions, and
radiative transfer, and outline a three-layer research program linking controlled mock
experiments, inverse-problem theory, and physical forward modeling.

Keywords: galaxy evolution; spectral energy distributions; stellar populations; star formation
histories; inverse problems; dust evolution; radiative transfer; statistical inference

1. Introduction: From Integrated Light to Galaxy Histories
Understanding how galaxies assembled their stars, enriched their interstellar media,

accumulated and expelled gas, formed dust, and changed their internal structures is a
central objective of modern astrophysics. Observations across cosmic time provide direct
views of galaxies at different evolutionary stages, but each observation is normally a
snapshot of a different system. Reconstructing the history of an individual galaxy therefore
requires archaeological approaches that infer past evolution from information retained in
its present-day stars, gas, dust, dynamics, and radiation [1–3].
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In the Milky Way and the nearest galaxies, individual stars can be resolved and charac-
terized through their ages, chemical abundances, kinematics, and spatial distributions. This
resolved-star approach provides exceptionally detailed fossil evidence of galaxy assembly
and underlies the classical program of galactic archaeology [1–3]. Its reach is nevertheless
limited by distance, crowding, sensitivity, and angular resolution. For the vast majority
of galaxies, the available information is instead the light integrated over many stellar
populations and, frequently, over a large fraction or the entirety of the galaxy.

Integrated spectra and spectral energy distributions (SEDs) therefore provide the
principal observational bridge between nearby stellar archaeology and the evolution of
galaxy populations over cosmological time. Their interpretation draws on several decades
of development in stellar population synthesis, full-spectrum fitting, broadband and nar-
rowband SED modeling, nebular emission, dust attenuation and re-emission, and statistical
inference [4–8]. These methods have enabled estimates of stellar mass, star formation rate,
mean stellar age, chemical composition, dust content, and broad star formation histories
for galaxies whose constituent stars cannot be studied separately [6–9].

The scientific opportunity is substantial. Integrated-light analysis can be applied
over large cosmological volumes and across broad ranges of redshift, environment, mass,
morphology, and evolutionary state. It can connect the fossil record retained by low-redshift
galaxies to direct observations of galaxy populations at earlier cosmic epochs [8,10] and
can combine ultraviolet, optical, infrared, and millimeter information within a common
physical description. At the same time, integration fundamentally limits what can be
reconstructed. The data do not contain a separately labeled contribution from every stellar
generation or physical process. They encode a superposition in which many components
have already been mixed before the inference begins.

1.1. Integrated-Light Archaeology and Its Scientific Reach

Building on the established concept of Galactic archaeology and on the literature
devoted to recovering stellar populations from unresolved galaxy light, we use the term In-
tegrated Galactic Archaeology to denote a unified framework for inferring galaxy-formation
and evolution histories from spatially unresolved spectra and SEDs [1,3,6–8]. The frame-
work extends the archaeological objective of reconstructing past evolution from present-day
observables to galaxies for which individual stars cannot be resolved, while treating the
information loss inherent in integrated-light measurements as a central part of the problem.
The term is not intended to replace the established fields of stellar population synthesis,
full-spectrum fitting, or panchromatic SED modeling, but to emphasize their common
archaeological objective within an explicit inverse-problem framework.

The term “integrated” has three related meanings in this framework. First, the ob-
served radiation is spatially integrated over unresolved stellar populations and interstellar
environments within an aperture or across a galaxy. Second, a galaxy SED is a temporally
integrated response to past star formation and to the associated chemical, gaseous, and dust
evolution. Third, the framework integrates physical forward modeling, observational re-
sponse, inverse-problem theory, statistical inference, and uncertainty assessment within
one methodological description.

The temporal integration embodied in an SED is the source of both the power and the
limitations of the method. Long-lived stars retain information about early star formation,
whereas short-lived massive stars, ultraviolet emission, and nebular radiation provide sen-
sitivity to recent activity over tracer-dependent timescales [11]. Metal absorption features,
continuum breaks, emission lines, and infrared dust radiation respond to partially different
components and timescales [6–8]. Combining them can constrain evolution over inter-
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vals far longer than any direct monitoring program [6–8], but the information is encoded
through overlapping responses rather than through an unambiguous temporal sequence.

The observed galaxy SED is shaped by more than the star formation history alone.
At the physical level, it also reflects the metallicities and abundance patterns of the stellar
populations, the demographics and evolution of binary systems, the state of ionized gas,
the amount and composition of dust, the interstellar radiation field, active galactic nuclei
and other nonstellar components where present, and the spatial arrangement of stars,
gas, and dust. Relating these physical properties to the observed SED requires theoretical
ingredients such as an assumed initial mass function, stellar evolutionary tracks, stellar
spectral libraries, binary-evolution prescriptions, and models of nebular emission, dust
processing, and radiative transfer [6–8]. These components are linked by galaxy evolution:
star formation alters the stellar mass and radiation field, stellar evolution returns gas
and metals to the interstellar medium, gas flows regulate subsequent star formation and
enrichment, and dust both responds to and modifies the radiation from which these
histories are inferred.

Integrated spectra should consequently be understood as compressed records of
coupled galaxy evolution. Increasing wavelength coverage, spectral resolution, or signal-
to-noise ratio can reveal additional information, but it does not generally transform the
mapping from history to observation into a one-to-one correspondence. Distinct evolution-
ary histories can remain observationally similar after their radiation has been temporally
superposed, spatially mixed, processed by gas and dust, and projected into a finite set of
measured quantities. The central methodological problem is therefore not only to find a
history that reproduces the observed SED, but to determine which features of that history
are genuinely distinguishable in the available data.

1.2. Galaxy-History Reconstruction as an Inverse Problem

Recovering a galaxy history from integrated light is not a direct conversion from mea-
sured fluxes to past physical states. It is an inverse problem: the observations are produced
only after the underlying physical histories have been encoded through stellar evolution,
chemical enrichment, nebular processing, dust attenuation and emission, radiative trans-
fer, cosmological propagation, and instrumental measurement. Reversing this sequence
requires more than a flexible fitting function or a powerful optimization algorithm.

Throughout this Review, we use the term latent only for a quantity that is not directly
observed but is included in a generative or inferential model and constrained through
its observable consequences. This statistical status does not by itself determine physical
interpretation: an underlying galaxy history is a physical target, a basis coefficient is a model
coordinate, and a learned representation is an internal construction whose coordinates
need not correspond one-to-one to physical quantities.

Different histories can generate similar observations for several physical reasons.
Stellar populations with neighboring ages often have closely related spectral signatures,
particularly after their light has been combined over broad age intervals [7,12,13]. Changes
in age can partially compensate for changes in metallicity, while attenuation can mimic
changes in age or recent star formation over restricted wavelength ranges [7,12,14,15].
Bursts, periods of quiescence, and smooth variations in star formation can also become
difficult to distinguish after temporal integration and projection into a limited number
of spectral pixels or photometric bands [13,15–17]. Luminosity weighting introduces an
additional asymmetry: a comparatively small mass fraction of young stars can dominate
the ultraviolet or optical light and obscure the contribution of an older, more massive stellar
population [14,15].

https://doi.org/10.3390/universe12090259

https://doi.org/10.3390/universe12090259


Universe 2026, 12, 259 4 of 60

A formally acceptable fit does not remove these ambiguities. An incorrect history
can reproduce an observed SED through compensating changes in metallicity, attenuation,
nebular emission, redshift, or other nuisance quantities. Conversely, a physically plausible
history can be recovered poorly when its representation is too restrictive, when the adopted
temporal basis is poorly matched to the information in the data, or when the physical
forward model omits relevant processes. Comparisons among contemporary SED-fitting
implementations show that common observations can yield materially different estimates,
particularly for star formation rate and dust attenuation, when the adopted SFH, nebular,
dust, and active-galactic-nucleus prescriptions differ [9]. Agreement between a predicted
and observed SED is therefore necessary, but it is not sufficient to establish that the inferred
history is accurate or uniquely supported.

At the level of mappings between physical and observational spaces, we write the
complete data-generating process schematically as

y = Oω

[
Fphys

(
h; θphys

)]
+ δmod + ϵ, (1)

where h denotes the coupled galaxy-evolution histories relevant to the adopted model.
The physical operator Fphys maps those histories to emergent rest-frame radiation under
assumptions θphys. The observational operator Oω maps that radiation into the actual data
space under observing configuration ω, including cosmological propagation, wavelength
coverage, instrumental response, finite spectral resolution, aperture, masking, and calibra-
tion. The term ϵ represents stochastic measurement error, whereas δmod represents the
difference between the adopted description and the physical and observational processes
that generated the data.

Unless otherwise stated, the operator equations in this Review specify the structure
and composition of mappings rather than complete computational formulas. Each operator
maps inputs defined on physical or statistical spaces, with their associated variables and
units, to outputs in a generally different space. For example, an SFH with units of formed
stellar mass per unit time is mapped through stellar population synthesis to a luminos-
ity density and then through the observational operator to fluxes or counts in measured
channels. The normalization, integration measures, unit conversions, discretization, and in-
ternal numerical implementation of each mapping are supplied by the particular physical
or observational model. An equality such as Equation (1) is understood in the final data
space, so that y, δmod, and ϵ have the same channel-by-channel units, whereas intermediate
inputs and outputs need not share units or coordinate variables. The Jacobians, singular
values, and conditioning measures introduced later become quantitative only after the
input and output coordinates, coefficient normalization, physical units, covariance model,
and reference state have been fixed; they characterize a specified dimensional realization of
these mappings rather than invariant numerical properties of the symbolic operators alone.

Separating the physical and observational operators is scientifically important. The
historical information available from one intrinsic galaxy changes when the galaxy is
placed at a different redshift, observed through different filters, measured over a different
wavelength interval, or studied at different spectral resolution and precision. Broadband
integration can remove local spectral structure that remains accessible to spectroscopy, while
missing wavelength intervals can eliminate responses needed to distinguish particular
physical alternatives. At the population level, detection, targeting, measurement success,
and quality cuts additionally determine which galaxies enter the analyzed sample.

Equation (1) also separates measurement precision from model adequacy. Increasing
the signal-to-noise ratio reduces ϵ but does not necessarily reduce δmod. At sufficiently high
data quality, limitations in stellar evolutionary tracks, spectral libraries, binary evolution,
abundance responses, nebular modeling, dust geometry, radiative transfer, or instrumental
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calibration can dominate the residual structure and bias the inferred history [7,18,19].
A reconstruction can therefore be statistically precise while remaining physically inaccurate.

The inverse problem is further conditioned by the representation assigned to the
unknown history. A low-dimensional parametric SFH can provide stable estimates when
its functional family adequately approximates the relevant evolution, but it can produce
persistent bias when the true history lies outside that family. A flexible nonparametric
representation reduces this particular restriction, yet its additional coefficients are not
automatically constrained by the observations. Weakly informed directions can instead be
determined by bin placement, basis normalization, non-negativity, regularization, or the
prior distribution [17].

The appropriate inferential target is consequently not an arbitrarily detailed pointwise
history. Integrated data constrain combinations of historical variations that produce distin-
guishable changes in the observations. Some combinations are strongly observable; others
are weak and remain sensitive to nuisance freedom, prior structure, or model discrepancy;
still others are effectively invisible under the available observing configuration. The num-
ber of fitted coefficients therefore need not equal the number of independently measured
historical quantities [20,21].

A reconstructed SFH should accordingly be interpreted as a data-, model-, and
estimator-dependent projection or averaging of the underlying history. Its effective resolu-
tion can vary with lookback time, galaxy state, dust content, chemical composition, redshift,
wavelength coverage, and data quality. Fine structure in the plotted representation need
not correspond to equally fine temporal information. The relevant questions are which
historical combinations are supported, over what resolution they are measured, and which
assumptions determine the remaining structure.

This inverse-problem formulation does not diminish the scientific value of integrated-
light analysis. It provides a framework for distinguishing robust historical information from
details selected by one representation or physical model. Replacing the question “Which
detailed history gives the best fit?” with “Which evolutionary combinations are distinguish-
able under the adopted physical and observational description?” moves integrated-light
archaeology from formal reconstruction toward calibrated physical inference.

1.3. Integrated Galactic Archaeology: Scope and Organization of This Review

Integrated Galactic Archaeology is presented here as a conceptual and methodological
framework rather than as a single fitting technique. Its central premise is that integrated
galaxy spectra contain compressed information about coupled evolutionary histories and
that the interpretation of this information requires the physical model, observational
response, historical representation, inferential structure, and uncertainty assessment to
be considered together. Concretely, an integrated-light reconstruction first chooses what
physical history is to be described, for example the star formation rate in a set of lookback-
time intervals. Stellar-population, nebular, and dust calculations then predict the emitted
SED, while distance, redshift, aperture, bandpass or spectral response, calibration, and noise
connect that SED to the measured fluxes or counts. Physical restrictions and statistical
assumptions determine which histories are allowed or favored, an optimizer or sampler
uses the data to estimate them, and validation tests which derived quantities can be reported
reliably. The five-component framework introduced below assigns these familiar modeling
steps to distinct parts of the inverse problem.

Throughout this Review, reconstruction methods are compared through five compo-
nents: the representation of the galaxy history or state, the physical and observational
forward model, the physical constraints or statistical structure added to the problem, the in-
ference or compression procedure, and the characterization and validation of uncertainty.
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These components are mutually dependent. Changing the historical representation changes
the discretized response; changing the physical model changes the observable degeneracies;
changing the prior changes the completion of weak directions; and changing the observing
configuration changes which combinations can be distinguished. Section 5 formalizes this
comparison and applies it to representative method families.

A particular emphasis of this Review is the distinction between nominal model
freedom and data-supported historical complexity. Adding time bins, basis coefficients,
or additional modeled variables does not by itself increase historical resolution. When
their observable responses are nearly indistinguishable, the additional freedom is con-
trolled mainly by regularization, priors, physical boundaries, or model discrepancy. This
motivates information-driven adaptive representation: the principle that the dimension
and localization of the reported history should be matched to the information sup-
ported by the combined physical and observational response. We formulate this as a
design principle rather than introducing a particular adaptive algorithm or claiming a
completed implementation.

The framework also extends beyond SFH as the only unknown history. Stellar radia-
tion depends jointly on star formation, chemical enrichment, abundance patterns, nebular
conditions, dust evolution, the interstellar radiation field, and radiative-transfer geome-
try. Allowing these components to vary together exposes coupled observable and null
directions that are hidden when they are fixed separately. The objective is not to recon-
struct every component history point by point, but to identify physically admissible and
observationally supported combinations of galaxy evolution.

Reliable development of this framework requires interaction among controlled experi-
ments, inverse-problem analysis, and physical forward modeling. Controlled experiments
establish where reconstruction and uncertainty fail; inverse-problem diagnostics explain
those outcomes in terms of observable modes, resolution, regularization, and discrep-
ancy; and improved forward models determine whether the inferred states correspond
to credible physical evolution. The detailed procedures and feedback among these roles
are developed in Section 8. Figure 1 summarizes the conceptual structure of Integrated
Galactic Archaeology developed throughout this Review.

The remainder of this Review proceeds from the data-generating process to its inver-
sion. Section 2 develops the physical and observational forward problem. Section 3 defines
observability, degeneracy, and effective historical resolution. Section 4 examines repre-
sentations, physical constraints, regularization, and priors. Section 5 compares existing
approaches within the common five-component taxonomy. Section 6 develops the adaptive
representation principle. Section 7 extends the inferential target to coupled galaxy-evolution
states. Section 8 organizes controlled validation, inverse-problem diagnosis, and forward-
model development. Finally, Section 9 considers the implications for multiwavelength
observations, survey design, and calibrated historical inference.
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Figure 1. Conceptual overview of integrated galactic archaeology. Coupled histories of star formation,
chemical enrichment, gas, dust, and geometry are mapped by the physical forward operator into an
emergent rest-frame SED and then by the observational operator into photometric or spectroscopic
data. Observational noise and model discrepancy enter as distinct limitations of this mapping. The in-
verse problem does not generally identify a unique detailed history, but constrains observable modes
and finite-resolution historical functionals under the adopted physical, observational, and inferential
model. The displayed spectral components and wavelength ranges are schematic.

https://doi.org/10.3390/universe12090259

https://doi.org/10.3390/universe12090259


Universe 2026, 12, 259 8 of 60

2. The Physical Forward Problem
The inverse interpretation of integrated galaxy light begins with a forward question:

given a galaxy’s formation and evolution histories, what radiation should be produced,
and how should that radiation appear in a particular observation? Every conclusion about
observability, temporal resolution, regularization, or uncertainty depends on the structure
and adequacy of this forward description. The forward problem therefore defines not
only the predicted SED, but also the physical meaning of the unknown quantities and the
pathways through which they affect the data.

For clarity, we separate the complete mapping introduced in Equation (1) into
two stages. The physical forward operator generates emergent rest-frame radiation from
the galaxy’s stellar, chemical, gaseous, dust, and geometrical histories. The observational
operator then maps that radiation into the measured data through cosmological propa-
gation, finite wavelength coverage and resolution, instrumental response, aperture and
point-spread-function effects, masking, and calibration. Population analyses additionally
require an explicit selection model. This separation is important because a physical signa-
ture can be weakened by observation, while an apparent residual can originate in either
the physical or observational description.

The physical model is itself hierarchical. Stellar population synthesis converts star
formation and enrichment into stellar radiation; ionizing photons are reprocessed into
nebular line and continuum emission; dust absorbs, scatters, and re-emits radiation; and
geometry couples these components through radiative transfer. The aim of this section
is not to reproduce the detailed derivation of every implementation, but to identify the
physical and observational components that must be specified before the inverse problem
can be interpreted.

2.1. Galaxy-Evolution States and Stellar Population Synthesis

A galaxy observed at time tobs is the outcome of a continuous and coupled evolutionary
trajectory. A schematic representation of this coupled physical history may be written as

h(t) =
[
ψ(t), Z⋆(t), a⋆(t), Mg(t), ZISM(t), qISM(t), d(t), g(t)

]
, 0 ≤ t ≤ tobs, (2)

where ψ(t) is the SFH, Z⋆(t) is the total metallicity of the stars formed at time t, and a⋆(t)
specifies their elemental abundance pattern, namely how the total metal content is dis-
tributed among elements relative to the reference mixture adopted by the stellar-population
model. The dimension and entries of a⋆(t) are model-dependent: they can include, for ex-
ample, [α/Fe] or selected element-by-element abundance ratios, while a scaled-solar SSP
library fixes a⋆(t) rather than treating it as an inferred history. Mg(t) is the gas con-
tent, and ZISM(t) is the total elemental-abundance vector of the star-forming interstellar
material before its partition between gas and dust. The gas-phase abundance vector
Zgas(t) is derived after depletion into the dust state and enters the nebular-emission cal-
culation. The remaining ISM state qISM(t) can include density, ionization state, pressure,
and radiation-field intensity; d(t) describes the dust mass, composition, grain-size distribu-
tion, depletion, and heating state; and g(t) describes the geometry relevant to attenuation
and radiative transfer.

Throughout this Review, h(t) denotes the complete coupled galaxy-evolution state,
whereas ψ(t) is one component of that state. Under the adopted mixing and depletion
model, the stellar birth composition specified by Z⋆(t) and a⋆(t) is inherited from the
star-forming material represented by ZISM(t), while Zgas(t) denotes the portion remaining
in the gas phase after depletion into dust. These quantities should not be identified with
one another without specifying the chemical and dust model that relates them.
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Equation (2) is a conceptual state description, not a claim that every listed function can
be independently recovered from one integrated SED. A quantity can be fitted explicitly,
represented by a few parameters, derived from an evolution model, or marginalized
as nuisance structure. The decomposition therefore determines both the flexibility of
the forward model and the physically admissible trajectories it permits. Star formation,
enrichment, gas flows, dust processing, and the radiation field are coupled by mass, metal,
and energy exchange; treating them as independent functions can admit histories that are
mathematically flexible but physically inconsistent.

Stellar population synthesis supplies the fundamental map from the SFH to stellar
radiation. Let ℓSSP

λ (τ, Z, a; θSSP) denote the rest-frame luminosity density per unit initial
stellar mass of a simple stellar population of age τ, total metallicity Z, and abundance
pattern a. Here, a denotes the SSP abundance-pattern coordinates corresponding to the
model-dependent components specified above. The ingredients θSSP include the initial
mass function, evolutionary tracks or isochrones, stellar libraries, mass loss, remnants,
short-lived phases, and, where modeled, binary evolution [5,22]. The intrinsic stellar
luminosity at the observation time is

L⋆
λ(tobs) =

∫ tobs

0
ψ(t)ℓSSP

λ (tobs − t, Z⋆(t), a⋆(t); θSSP)dt. (3)

For fixed composition histories and SSP ingredients, this is a linear integral operator
acting on ψ. It is a strict time-translation convolution only under additional stationarity
assumptions; evolving composition makes the kernel depend explicitly on formation time.

The same integral displays the first fundamental compression of historical informa-
tion. Each formation epoch contributes over a broad wavelength range, and neighboring
SSP ages can produce similar spectra. A localized SFH perturbation therefore gener-
ates a distributed response whose strength depends on age, composition, wavelength
coverage, and spectral resolution. If enrichment or SSP ingredients are varied jointly
with the SFH, the complete mapping becomes nonlinear and age, metallicity, abundance,
and stellar-model effects can partially compensate one another [18]. Uncertainty in the SSP
kernel is consequently a direct source of forward-model discrepancy rather than a purely
numerical error.

2.2. Chemical Enrichment and Nebular Reprocessing

The stellar composition histories in Equation (3) are the outcome of gas consumption,
stellar mass return, nucleosynthetic yields, mixing, inflow, and outflow. A physical forward
model must therefore specify whether enrichment is fitted freely, inherited from a gas
history, or generated by a chemical-evolution model [6,7]. For element X, a schematic
total-ISM budget is

dMISM
X

dt
= −ZISM,X(t)ψ(t) + EX

[
h; θyield

]
(t) + Zin,X(t) Ṁin(t)− Zout,X(t) Ṁout(t), (4)

where MISM
X = MgZISM,X , EX is the stellar return rate, and Ṁin and Ṁout denote gas inflow

and outflow. The equation is deliberately schematic: delayed recycling, multiphase mixing,
differential metal loading, and spatial transport can require a more detailed state. Grain
accretion and destruction redistribute an element between gas and dust and are therefore
internal transfers in the total elemental budget, while they directly change Zgas and the
dust state.

Chemical composition affects the stellar SED through both stellar evolution and atmo-
spheric opacity. Total metallicity compresses a detailed abundance pattern, and different
elements influence different spectral features. A chemically consistent model can exclude
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combinations of SFH and composition that violate its enrichment assumptions, but the re-
sulting separation is then partly model-assisted. Conversely, allowing stellar and gas-phase
compositions to vary independently exposes additional degeneracies that the observations
may not resolve.

Massive stars also produce photons capable of ionizing hydrogen, helium, and heavier
species. Their production rate can be summarized by QH =

∫ ∞
νH

L⋆
ν/(hPν)dν, while the

fraction available to ionize the modeled gas depends on ionizing escape and absorption by
dust. The absorbed photons are reprocessed into recombination and collisionally excited
lines together with free–free, free–bound, and two-photon continuum emission. We write
the nebular component schematically as

Lneb
λ = Fneb

[
L⋆

ν(ν ≥ νH), Zgas(tobs), qISM(tobs), gneb
∣∣ θneb

]
. (5)

Here, Fneb is a dimensional mapping from an ionizing stellar luminosity density per unit
frequency, together with gas-state and geometrical inputs, to an emergent nebular lumi-
nosity density per unit wavelength. The use of Lν⋆ as an input and Lneb

λ as an output
therefore does not identify quantities with the same units; the spectral conversion, integra-
tion, normalization, and radiative calculation are part of Fneb. The vector gneb represents
the relevant geometry, while θneb includes atomic data, ionizing-source models, stopping
conditions, and prescriptions for diffuse gas, shocks, or other excitation sources [7,23].

Nebular emission often provides strong sensitivity to recent star formation, but the
conversion between line luminosity and recent SFR is conditional on the initial mass
function, metallicity, binary evolution, ionizing-photon escape, dust absorption, and gas
conditions. In quiescent systems, evolved stars, shocks, or an active nucleus can contribute
to the ionizing field. Strong lines and nebular continuum can also alter broadband fluxes;
omitting them can force stellar age, mass, metallicity, or attenuation to absorb the missing
signal, while an excessively flexible nebular component can absorb stellar information.

2.3. Dust Evolution, Attenuation, and Infrared Re-Emission

Let Lsrc
λ = L⋆

λ + Lneb
λ + Lother

λ denote the radiation generated before dust processing,
where the final term can include an active nucleus, shocks, or other sources when re-
quired. A reduced attenuation description can be written as Latt

λ = Lsrc
λ exp[−τeff

λ ], but the
effective optical depth is not a grain-extinction law alone. It also contains source–dust
geometry, scattering, orientation, and aperture dependence. In particular, young stars
and their nebular regions can remain embedded in dense birth clouds while older pop-
ulations experience mainly diffuse attenuation, creating an intrinsically age-dependent
response [24–26].

The energy absorbed from the source spectrum powers infrared dust emission. In a
closed and internally consistent energy-balance description,

Labs ≡
∫ ∞

0

[
Lsrc

λ − Lesc,src
λ

]
dλ,

∫ ∞

0
Ldust

λ dλ ≃ Labs. (6)

This relation constrains the integrated energy, not the unique dust temperature distribution,
grain composition, heating population, or geometry. Similar infrared luminosities can arise
from different dust masses, radiation fields, and spatial configurations [7,27]. Radiative-
transfer studies of edge-on spiral galaxies have further revealed a dust energy-balance
problem in which models that reproduce optical attenuation can underpredict far-infrared
and submillimeter emission. Using mock observations of hydrodynamical galaxy sim-
ulations, Saftly et al. showed that smooth axisymmetric fits can miss dust concealed by
complex, asymmetric, and inhomogeneous star–dust structure, thereby contributing to this
discrepancy [28].
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A representative chemically consistent construction builds on the dust-evolution
framework of Asano et al. [29] and its SED and radiative-transfer developments by
Nishida et al. [30] and Kano et al. [31]. At the level required here, the coupled evolu-
tion can be summarized as[

Mg(t), ZISM(t), Zgas(t), d(t)
]
= Echem+dust

[
ψ, Ṁin, Ṁout, qISM

∣∣ θchem+dust
]
(t), (7)

where stellar metal and dust injection, supernova destruction, accretion of gas-phase
metals, shattering, and coagulation jointly determine the gas–dust partition and grain-size
distribution. The resulting dust state supplies the opacity and emissivity to the radiative-
transfer calculation rather than entering as an independent, time-invariant SED template.

A central qualitative result is the nonlinear onset of rapid ISM grain growth after the
metallicity reaches a critical regime in which accretion becomes competitive with stellar
dust production [29]. The simultaneous evolution of the grain-size distribution changes
the attenuation curve and the mid- and far-infrared spectral shape [30]. Compact, opti-
cally thick star-forming clumps can further enhance ultraviolet trapping, grain processing,
and warm multi-temperature infrared emission [31]. These examples illustrate how chem-
ical state, dust physics, and unresolved geometry can enter one forward model without
implying that each internal variable is independently constrained by the SED.

The coupled chemical–dust and radiative-transfer structure of this model family is
summarized schematically in Figure 2. Figure 2 should be read as a structural summary
rather than as a unique computational sequence: the intermediate metal, dust, grain-size,
and geometrical states are generated jointly by the adopted evolution model and need not
be independently identifiable from the integrated SED.

Figure 2. Schematic coupling of chemical evolution, dust evolution, subresolution geometry, and ra-
diative transfer in a chemically consistent galaxy-SED model. Chemical evolution jointly determines
the total and gas-phase metal states, dust mass, and grain-size distribution, which are coupled by
grain growth, shattering, coagulation, and supernova destruction. Efficient interstellar grain growth
produces a rapid increase in dust content after a critical metallicity is reached, as illustrated in the
inset. The evolved dust state enters a clump–interclump radiative-transfer model that produces
age-dependent attenuation, ultraviolet trapping, infrared re-emission, and the emergent UV–IR SED.
All curves and internal tracks are schematic.
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Energy conservation still holds for the complete physical system, but an energy-
balance constraint can fail operationally when the modeled and observed quantities do not
refer to the same physical region and the same set of emitting, absorbing, and re-emitting
components. This can occur when the assembled data use inconsistent apertures, radiation
escapes anisotropically, foreground attenuation or an active nucleus is omitted, or some
dust heating originates outside the modeled region. In such cases, the absorbed luminosity
inferred within the adopted model need not match the infrared luminosity included in
the assembled data, even though energy is conserved by the complete physical system.
Energy balance is therefore a useful physical constraint only when the modeled region,
source components, dust components, geometry, and observational apertures are mutually
consistent; it is not an automatic property of every assembled multiwavelength dataset.

2.4. Geometry, Radiative Transfer, and the Composite Physical Operator

Attenuation and dust emission are two aspects of radiative transfer through a struc-
tured medium. Rather than reproducing a particular transfer solver, we denote the
mapping by

Lem
λ (n̂, tobs) = TRT

[
L⋆, Lneb, Lother; d(tobs), g(tobs)

∣∣∣ θRT

]
λ,n̂

, (8)

where Lem
λ is the emergent rest-frame luminosity in the selected direction. Spatial integra-

tion does not remove geometry because young stars, old stars, ionized gas, diffuse dust,
and compact obscured regions can undergo different transfers before their radiation is
combined. Inclination, aperture, and scattering can therefore change the integrated SED
even for the same underlying stellar populations.

An influential line of galaxy-scale radiative-transfer modeling made these spatial
distributions explicit rather than absorbing them into a single attenuation law. The models
developed by Popescu and collaborators coupled disk and bulge geometries, diffuse dust,
star-forming regions, grain heating, and ultraviolet-to-submillimeter reradiation, first in
detailed applications such as NGC 891 and spatially resolved ultraviolet–far-infrared
analyses of M101, and subsequently in a general library of dust and polycyclic-aromatic-
hydrocarbon emission SEDs for disk galaxies [32–34]. These studies established a physically
connected treatment in which the attenuation of stellar radiation and the resulting infrared
emission depend jointly on the relative distributions of old stars, young stars, diffuse dust,
and localized star-forming regions.

Three-dimensional Monte Carlo frameworks, particularly SKIRT, generalized this
program to arbitrary geometries, clumpy media, self-consistent non-LTE dust emission,
and spatially resolved synthetic observables [35–37]. The redesigned SKIRT 9 framework
prepared the code for kinematics, gas and line transfer, and polarization, while subsequent
developments implemented self-consistent non-LTE line transfer and produced multiwave-
length synthetic-imaging atlases from cosmological hydrodynamical simulations [38–41].
In this class of models, morphology, inclination, clumpiness, and subresolution structure
are components of the physical forward problem rather than corrections applied after an
integrated SED has been fitted.

Observational programs such as DustPedia provide a complementary basis for this
development by assembling aperture-matched multiwavelength photometry and imagery
together with morphological information for nearby galaxies [42,43]. Such data occupy an
intermediate regime between resolved-star archaeology and single-aperture SED fitting:
individual stars remain unresolved, but spatially resolved surface-brightness structure can
constrain the distributions of stellar populations, dust, and heating sources.
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Within the operator notation used here, spatially resolved or semi-resolved analyses
can be represented by enlarging the data vector y to include image pixels or spatial sum-
maries and by making point-spread-function convolution, registration, aperture weighting,
and masking explicit in Oω . These additional observables can reduce particular geometric
degeneracies, but they do not generally render every component of d and g identifiable.
A richer geometrical description can also introduce additional nuisance directions, compu-
tational approximations, and sources of model discrepancy.

In the chemically consistent dust-model family discussed above, spatial inhomogene-
ity is represented through a reduced clump–interclump geometry and the mega-grain
approximation. Dusty clumps are replaced by effective absorbers and scatterers whose
optical properties depend on internal optical depth and the evolved grain-size distribu-
tion. Preferential embedding of young stars produces age-dependent attenuation, while
dense compact clumps can remain optically thick and alter both ultraviolet escape and
infrared reradiation [30,31]. This is not a fully spatially resolved chemo-radiative-transfer
calculation, but it demonstrates how chemical evolution, grain physics, and subresolution
geometry can be coupled within one predictive operator.

The fully three-dimensional and reduced geometrical approaches therefore provide
complementary levels of physical description. The former can exploit resolved morphology
and detailed spatial information, whereas the latter can retain selected effects of clumpiness,
age-dependent attenuation, and dust evolution within a lower-dimensional evolutionary
calculation. Their adequacy should be judged by the observables and historical functionals
under study, together with the corresponding validation results, rather than by geometrical
complexity alone.

The physical stages can now be assembled into the operator introduced in Equation (1):

Lem
λ = Fphys

[
h; θphys

]
λ

≡ TRT

[
F⋆[ψ | Z⋆, a⋆, θSSP],Fneb

[
L⋆, Zgas, qISM, gneb

∣∣ θneb
]
, Lother; d, g

∣∣∣ θRT

]
λ

. (9)

The decomposition is structural rather than a mandatory computational order. Some
implementations solve chemical, stellar, nebular, and dust evolution jointly, whereas oth-
ers replace selected stages by tabulated or empirical relations. When Equation (7) is
adopted, ZISM, Zgas, and d are generated jointly rather than supplied as independent
SED components.

The mapping is linear in the SFH only conditionally on fixed stellar composition, neb-
ular state, dust state, and geometry. Once these quantities are varied jointly, the SSP kernel,
ionizing spectrum, gas response, dust heating, opacity, and transfer solution all change with
the represented galaxy state, making the complete physical operator nonlinear. Increasing
physical complexity can remove inconsistent states, but it can also introduce new com-
pensation directions and additional model uncertainty. Stellar-only, stellar-plus-nebular,
energy-balanced, chemically coupled, and geometry-dependent models should therefore
be regarded as a hierarchy whose appropriate level depends on the target observables and
validation results.

2.5. The Observational Operator

The output of Fphys is an emergent rest-frame SED, not the measured data vector.
For an unresolved isotropic-equivalent luminosity, a schematic cosmological propagation
relation is

f sky
λ (λobs) =

Tlos(λobs; z, ηlos)

4πD2
L(z)(1 + z)

Lem
λ

(
λobs
1 + z

)
, (10)
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where DL is the luminosity distance and Tlos represents foreground or intergalactic trans-
mission. Lensing, anisotropic emission, surface-brightness structure, and related effects
can be included in a more general propagation operator.

The complete observational mapping is written as

µ = Oω[Lem
λ ]

≡ Msamp ◦ Kcal ◦ Rinst ◦ Aap,PSF ◦ Pz[Lem
λ ], (11)

where Pz denotes cosmological and line-of-sight propagation, Aap,PSF denotes aperture
and point-spread-function weighting, Rinst denotes spectral, photometric, and detector
response, Kcal denotes calibration transformations, and Msamp denotes sampling, masking,
and assembly of the final data vector. The configuration ω contains the parameters and
metadata required by these stages.

For an idealized linear instrumental channel, define the aperture-weighted incident
flux f ap

λ = Aap,PSF ◦ Pz[Lem
λ ]. The corresponding pre-calibration prediction is

µinst
i =

∫
Ri(λ) f ap

λ (λ)dλ, (12)

where Ri(λ) includes the relevant bandpass, line-spread function, detector convention,
and pixel integration. Calibration, resampling, masking, and covariance must be applied at
the stage where they arise rather than represented automatically by independent errors on
the final channels.

Aperture effects are especially important for joint multiwavelength analysis because
stellar populations, nebular emission, and dust emission can have different spatial dis-
tributions. Measurements from different facilities need not sample the same physical
mixture because their apertures, point-spread functions, and spatial weighting can combine
stellar, nebular, and dust-emitting regions differently. This spatial-mixture effect is one
component of the observational operator. Other components act at distinct stages: redshift
and line-of-sight propagation map rest-frame radiation into observed wavelength and flux
coordinates; instrumental response and resolution mix or integrate spectral information;
and background treatment and calibration transform the recorded signal into the reported
data vector. These quantities can be fixed inputs or inferred nuisance parameters; when
uncertain, they modify the mapping from emergent galaxy radiation to measured data and
therefore belong inside the observational model.

For population inference, the per-object operator is accompanied by a selection model.
Detection, targeting, deblending, redshift success, quality cuts, and follow-up can depend
on noisy measured quantities. They do not alter the SED of one galaxy, but they change
the probability that a given underlying galaxy state enters the analyzed sample and must
therefore be included when reconstructed histories are interpreted statistically.

2.6. Measurement Noise and Model Discrepancy

With the physical and observational operators specified, the mean prediction in the
actual data space is

µ
(

h, θphys, ω
)
= Oω

[
Fphys

(
h; θphys

)]
. (13)

The observed data differ from this prediction due to stochastic measurement error and the
inadequacy of the adopted description. A useful conceptual decomposition is

y = µ + δphys + δobs + δnum + ϵ,

δmod ≡ δphys + δobs + δnum, (14)
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where the three discrepancy terms represent incomplete physical ingredients, inadequacy
in the observational operator, and numerical or emulator error, respectively. This partition
need not be identifiable from one dataset; its purpose is to prevent all coherent residual
structure from being attributed automatically to the galaxy history.

In the additive decomposition above, ϵ denotes stochastic measurement error around
the modeled mean for numerical measurements and can be heteroscedastic, correlated,
or non-Gaussian. Censoring and non-detections are not additional realizations of ϵ: for
such data, the additive equation applies to the numerical measurement before censoring,
while the reported datum is an event or limit generated by the sampling and assembly stage
Msamp. The corresponding likelihood integrates over the unreported measurement values
consistent with that event or limit. The broader observational data-generation process
therefore comprises the observational operator and its nuisance parameters, the stochastic
error model, and any censoring or selection mechanism, rather than being absorbed into
ϵ alone. An uncertain quantity is not automatically a discrepancy: a calibration offset,
redshift, line-spread width, or attenuation parameter that is explicitly represented and
inferred belongs to the forward model and nuisance state. Discrepancy denotes remaining
structure outside the represented state and modeled nuisance parameters.

At high signal-to-noise ratio, coherent errors in stellar libraries, abundance responses,
nebular calculations, dust physics, radiative transfer, calibration, or emulation can dominate
the uncertainty budget [7,18,19]. In this model-limited regime, increasing the signal-to-noise
ratio does not necessarily drive the inference toward the true history; it can concentrate
the likelihood more tightly around an incorrect model manifold, increasing the formal
significance of a discrepancy-induced bias even as the statistical interval narrows. A flexible
SFH can absorb part of that discrepancy and leave a small residual while remaining
physically biased.

This section has specified the route from a galaxy-evolution history to measured data.
It has not determined which parts of that route can be inverted reliably. Section 3 begins
with Equation (13) and asks which perturbations of the represented state survive temporal
integration, physical coupling, radiative transfer, observational projection, measurement
uncertainty, and credible model discrepancy.

3. Observability, Degeneracy, and Effective Historical Resolution
The physical forward problem developed in Section 2 maps a galaxy’s evolutionary

histories into an emergent SED and then into a finite set of measured quantities. The
inverse problem attempts to infer those histories from the resulting data. Its difficulty
does not arise only from observational noise, numerical optimization, or the dimension
of the parameter space. It arises more fundamentally because the forward mapping can
be non-injective and poorly conditioned: distinct histories can generate indistinguishable
observations, and small changes in the observations can correspond to large changes in
some reconstructed directions. For example, consider two trial SFHs that move the same
amount of star formation between adjacent old lookback-time bins. If stellar evolution,
dust attenuation, and instrumental projection make the resulting spectra differ by less than
the combined observational and model uncertainty, the data cannot determine which bin
received that star formation. By contrast, moving recent star formation between intervals
may change ultraviolet fluxes or nebular lines enough to be distinguished. The terms
introduced below describe this practical contrast: identifiability asks whether distinct
histories can be distinguished at all; stability asks whether a distinguishable response is
strong enough to recover reliably; and effective historical resolution specifies the temporal
combinations or averages that the data support.
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These two limitations should be distinguished. Non-identifiability occurs when dif-
ferent admissible states produce the same, or observationally equivalent, predictions.
Instability occurs when the predictions are mathematically different but separated by an
amplitude too small to distinguish reliably. The first defines an exact or effective equiva-
lence class of histories; the second makes inversion sensitive to observational noise, model
discrepancy, regularization, and prior structure.

Neither limitation is removed by adopting a more powerful optimizer, sampler,
or machine-learning architecture. A flexible inference method can represent a larger family
of histories consistent with the data, but it cannot recover a direction whose observable
response has been eliminated by temporal integration, physical degeneracy, observational
projection, or forward-model uncertainty. The relevant scientific question is therefore not
whether a fitted history can be produced, but which combinations of historical variations
remain distinguishable under the complete physical and observational model.

This section provides the formal description of that distinction. Section 3.1 first in-
troduces a minimal vocabulary for readers who are less familiar with inverse problems
and summarizes how the forward mapping creates observational equivalence. Section 3.2
defines local observable modes, Fisher information, null directions, and effective historical
resolution. Section 3.3 finally explains why these quantities depend on galaxy state, observ-
ing configuration, parameterization, and model credibility. The detailed physical processes
responsible for the responses belong to Section 2; the roles of representation, regularization,
and priors belong to Section 4; and their empirical validation belongs to Section 8.

3.1. A Minimal Inverse-Problem Primer

A small set of inverse-problem concepts is sufficient to organize the formal analysis that
follows. The forward problem predicts the data generated by a specified galaxy-evolution
state, whereas the inverse problem asks which properties of that state can be inferred from
the measured data. The latter is not generally an algebraic reversal of the former. Temporal
superposition, physical coupling, observational projection, and finite uncertainty can
erase or strongly attenuate distinctions among underlying physical states. Consequently,
the natural output of an inverse analysis is often an equivalence class, an observable
combination, or a finite-resolution functional rather than a unique pointwise history.

Non-identifiability means that distinct admissible states produce the same, or observa-
tionally equivalent, predictions. In that case no inference algorithm can select the correct
state from the data alone. Instability is a related but distinct limitation: two states can
produce mathematically different predictions, yet the difference can be so small that noise,
calibration uncertainty, or model discrepancy is strongly amplified when the mapping is
inverted. Non-identifiability therefore concerns the absence of a distinguishable response,
whereas instability concerns the weakness of a response that is formally present.

An observable mode is a combination of perturbations in the represented history, phys-
ical state, or nuisance parameters that produces a sufficiently distinctive response in the
uncertainty-weighted data space. Such a mode need not coincide with one time bin or one
physical parameter. It can combine neighboring formation epochs, stellar composition,
attenuation, nebular conditions, geometry, and calibration terms. A null direction produces
no response under the specified local forward model, while an effectively null direction
produces a response too small to support the intended scientific claim. The observable
content of the data is therefore more naturally described by these combinations than by the
nominal number of fitted coefficients.

Effective resolution describes how the complete estimator responds to localized structure
in the underlying history. It is not the same as the spacing of the input grid. A narrow
averaging response supports localized inference, whereas a broad, displaced, or multilobed
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response indicates that the reported value mixes activity over a wider range of epochs.
In this sense, nominal resolution belongs to the representation, while effective resolution
belongs to the combined forward model, observational operator, representation, constraints,
and estimator.

Regularization and prior structure stabilize or weight the weakly observable directions.
They are essential components of a usable inverse analysis, but they do not create observa-
tional information that is absent from the data. A smooth reconstruction, a sparse solution,
or a narrow posterior can therefore reflect the chosen completion of weak directions rather
than a uniquely measured history. Their role is examined explicitly in Section 4.

Finally, observational noise and model discrepancy have different interpretations.
Noise describes stochastic variation under the adopted measurement model. Model dis-
crepancy describes coherent inadequacy in the physical, observational, or numerical for-
ward description. A discrepancy aligned with an observable response can be absorbed
into a biased history while leaving a small residual, whereas an orthogonal component
remains visible as lack of fit. Observability must therefore be judged relative not only to
measurement precision but also to the credibility of the model used to interpret the data.

All of these concepts are conditional. They depend on the reference galaxy state, ob-
serving configuration, historical representation, coefficient scaling, covariance or likelihood,
nuisance freedom, and scientific target. The following subsections formalize these ideas
through observational equivalence, local response modes, Fisher information, resolution
operators, and discrepancy projections.

This compression is generally stronger at old stellar ages. The spectra of old popu-
lations often evolve more slowly with age than those of young populations, while their
luminosity per unit formed stellar mass also declines as short-lived stars disappear. A
narrow interval of recent star formation can consequently produce strong ultraviolet, blue-
continuum, or nebular signatures, whereas an equally narrow interval in the distant past
may alter only subtle absorption features or continuum structure. Historical resolution is
therefore not expected to be uniform in lookback time.

A related line of work treats the unobserved SFH as a latent stochastic process in
the statistical sense defined above and characterizes its variability across temporal scales
through the power spectral density (PSD), the autocovariance function, or an equiva-
lent Gaussian-process description [44–47]. In such formulations, the amplitude, slope,
and breaks of the PSD describe the intrinsic temporal correlations of star formation, while
physically motivated regulator models connect characteristic breaks to gas-inflow vari-
ability, the equilibration time of the galactic gas reservoir, and the life cycle of molecular
clouds [44,45]. Comparisons among hydrodynamical, semi-analytic, and empirical galaxy-
formation models further show that the predicted distribution of SFH variability across
timescales is itself model-dependent, particularly on short timescales and as a function
of stellar mass [46]. Physically motivated Gaussian-process SFHs translate this temporal
covariance into testable distributions of spectral and photometric observables [47].

This intrinsic star-formation stochasticity is related to, but distinct from, the effective
historical resolution defined in this Review. Stochasticity is a property of the underlying
SFH or of a population distribution over histories, whereas effective resolution is a prop-
erty of the physical forward operator, observational operator, representation, constraints,
and estimator. The complete forward mapping filters and mixes the temporal modes of the
stochastic SFH, so the absence of a recovered short-timescale fluctuation does not establish
that the true SFH was smooth, and the presence of intrinsic burstiness does not imply that
individual bursts are identifiable from one integrated SED.

The concept of observational equivalence can be expressed without requiring the
predicted spectra to be exactly identical.
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For a stochastic-process representation, the assumed PSD or autocovariance kernel
specifies which temporal fluctuations are probable and how activity at different epochs is
correlated. A physically motivated kernel can encode characteristic timescales associated
with gas inflow, gas-regulator equilibrium, molecular-cloud evolution, or other processes,
while remaining a structural component of the model rather than information automatically
measured from the SED [44,45,47]. In the five-component notation introduced in Section 5,
such a covariance model contributes jointly to the representation Vq and added struc-
ture Cq; whether its hyperparameters are observable depends on the forward model Fq,
the observing configuration, data quality, nuisance freedom, and uncertainty assessment.
Population-level distributions of indicators with different temporal responses can constrain
aspects of the stochastic process even when the realization of each rapid fluctuation in an
individual galaxy is not recoverable [44,47].

The term “nonparametric” does not mean that the reconstruction is free of parame-
terization or assumptions. The number and placement of time bins, the normalization of
the basis functions, the support of the coefficients, and the correlations imposed between
epochs all define the allowed histories.

Physical variability timescales and inferential resolution should not be equated when
designing an adaptive representation. A candidate component can correspond to a phys-
ically plausible stochastic timescale yet remain observationally unresolved after stellar-
population integration, attenuation, and instrumental projection; conversely, population-
level distributions can contain information about variability power without identifying the
timing of individual fluctuations [44,47]. Adaptive refinement should therefore be guided
by the transmitted response and achieved averaging kernel, not by the nominal timestep of
a simulation or by a prior correlation scale alone. Where a stochastic SFH model is used,
a transparent analysis should distinguish the intrinsic variability spectrum specified by
the model from the temporal transfer and effective resolution imposed by the complete
inverse procedure.

The selected bins should still be interpreted through their effective resolution. A com-
ponent that remains in an adaptive partition is not automatically localized to its nominal
boundaries. Its estimator can average the true history over a broader or asymmetric interval.

The mock suite should also span the amplitude and correlation structure of SFH
variability rather than only a small set of visually distinct analytic histories. PSD-based
comparisons show substantial differences among galaxy-formation models, while recent
simulation studies demonstrate that stellar and active-galactic-nucleus feedback can alter
the shape and physical interpretation of predicted SFHs [46,48]. The temporal cadence
of the generating calculation must be fine enough to represent the shortest variability
scale that the validation is intended to test. For example, recent semi-analytic work at
cosmic dawn uses merger trees with typical snapshot spacing of approximately 5–10, Myr
to follow rapid assembly and diverse histories containing bursts and mini-quenching
episodes, and emphasizes the sensitivity of synthetic photometry to very young stellar pop-
ulations [49]. If short-timescale structure is removed by coarse simulation outputs or SFH
binning before the physical and observational operators are applied, a nominal recovery
experiment cannot determine whether the inference procedure would have detected that
structure. Matched- and mismatched-model tests should therefore vary the intrinsic SFH
stochasticity, forward-model cadence, SFH representation, and inference prior separately
whenever these distinctions are scientifically relevant.

Comparisons should be made through scientific quantities that remain meaningful
across representations. Examples include stellar mass formed over broad intervals, cumu-
lative mass-assembly fractions, recent mean SFRs, mass-weighted ages, broad transition
epochs, metallicity summaries, and predictions for held-out observables.
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3.2. Observable Modes and Effective Historical Resolution

Let ϑ denote the coefficients and physical or nuisance parameters varied in a specified
local inverse problem, and let µ(ϑ) denote the corresponding prediction in the actual data
space. Around a reference state ϑ0, the forward response can be linearized as

∆y ≃ J0∆ϑ + δmod + ϵ, J0 ≡ ∂µ

∂ϑT

∣∣∣∣
ϑ=ϑ0

, (15)

where ∆ϑ = ϑ − ϑ0, ∆y = y − µ(ϑ0), δmod denotes model discrepancy, and ϵ denotes
stochastic measurement error. Each column of J0 is the data-space signature produced by
perturbing one coordinate of the represented state while holding the remaining coordinates
fixed. At this stage, µ(ϑ) denotes a fully specified prediction in a chosen data-coordinate
system, and the components of ϑ have fixed definitions, normalizations, and physical
units. The Jacobian therefore differentiates a particular dimensional implementation of the
forward mapping rather than the earlier schematic operator symbol in isolation.

Equation (15) does not assume that the complete SED model is globally linear. It
describes the tangent response around one reference state. Two local parameter directions
are difficult to separate when their columns, or linear combinations of columns, are nearly
parallel. A direction is weak when its response amplitude is small relative to the uncertainty
scale used in the inference.

The relevant geometry is set by the covariance of the adopted data-space model
rather than by an unweighted Euclidean distance between spectra. For a positive-definite
covariance C, define

∆ỹ = C−1/2∆y, J̃0 = C−1/2 J0, δ̃mod = C−1/2δmod, ϵ̃ = C−1/2ϵ. (16)

When C is the covariance of the complete stochastic residual in the adopted data model, that
residual has unit covariance in the whitened space. The norm of a predicted perturbation
in this space measures its amplitude relative to the uncertainties and correlations used to
judge distinguishability.

The singular value decomposition of the whitened Jacobian is

J̃0 = UrΣrVT
r , Σr = diag(σ1, . . . , σr), σ1 ≥ · · · ≥ σr > 0, (17)

where r = rank( J̃0). The right singular vectors vk define orthogonal combinations of
perturbations in the adopted parameter or history coordinates. The left singular vectors uk

define the corresponding spectral or photometric response patterns in the whitened data
space. They satisfy

J̃0vk = σkuk. (18)

Within a specified coefficient normalization, a large singular value indicates a direc-
tion whose perturbation generates a strong noise-weighted response. A small singular
value indicates a direction whose transmitted signature is weak after physical mixing,
observational projection, and covariance weighting. The corresponding direction need not
be associated with one time bin. It can combine several epochs, chemical variables, dust
parameters, calibration terms, or other nuisance quantities.

The relationship to local Fisher information is direct. For a Gaussian data model with
parameter-independent covariance, the data contribution to the Fisher information is

Fdata,0 = JT0 C−1 J0 = J̃T0 J̃0 = VrΣ2
r VT

r . (19)
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The nonzero Fisher eigenvalues are therefore the squared singular values, and the associated
eigenvectors are the right singular vectors. This equivalence is local and conditional. It does
not establish global identifiability, represent disconnected solution families, or describe
posterior boundaries and non-Gaussian structure.

Projecting Equation (15) onto the singular-vector bases gives

βk = σkαk + dk + nk,

αk ≡ vT
k ∆ϑ, βk ≡ uT

k ∆ỹ, dk ≡ uT
k δ̃mod, nk ≡ uT

k ϵ̃. (20)

Each nonzero singular mode thus behaves locally as a one-dimensional inverse problem.
The observed modal coefficient βk contains the transmitted historical signal, together with
the projections of model discrepancy and stochastic noise.

A formal unregularized inversion gives

α̂
unreg
k =

βk
σk

= αk +
dk + nk

σk
, Var

(
α̂

unreg
k

)
=

1
σ2

k
. (21)

The variance expression assumes correct whitening, unit-variance modal noise, and a fixed
model discrepancy. Equation (21) displays the instability explicitly: both random error and
discrepancy aligned with a weak mode are amplified by the inverse singular value.

Consistent with the operator convention stated after Equation (1), the numerical
singular values are not invariant under arbitrary changes in parameter units. Rescaling one
coefficient rescales a column of the Jacobian and changes the singular spectrum. A modal
analysis must therefore specify the historical basis, coefficient normalization, and physical
scale represented by a unit perturbation. Raw singular values from different SFH bases or
coefficient definitions should not be compared unless those perturbations have been placed
on a common physical footing.

Within such a specified geometry, three operational regimes can be distinguished. An
exact null direction satisfies J̃0v = 0 and produces no first-order change in the data. An
effectively unobservable direction has a nonzero response but one too small relative to
the adopted uncertainty and scientific accuracy. A weakly observable direction produces
measurable information, but its amplitude remains sensitive to nuisance freedom, regu-
larization, priors, or plausible changes in the forward model. An observable direction
produces a sufficiently strong and credible response for the intended scientific claim. The
boundaries between these regimes are conditional and should not be identified with one
universal singular-value threshold. Figure 3 illustrates how representative SFH modes are
transmitted into the observed spectral space with progressively different strengths.

This distinction also shows why the nominal number of parameters is not the number
of measured historical degrees of freedom. A model can contain many SFH coefficients
while only a smaller number of their combinations have independently distinguishable
responses. The remaining coefficients can still acquire finite or narrow conditional un-
certainties from non-negativity, parameter boundaries, regularization, or priors. Such
precision belongs to the complete constrained model and should not automatically be
interpreted as information supplied by the data alone.

Singular values describe the transmission of local modes by the forward operator.
Historical resolution answers a different question: how does the chosen estimator map the
true represented state into its expected reconstruction? For a locally linear estimator with
inverse response G0,

∆̂ϑ ≃ G0∆ỹ,

Eϵ

[
∆̂ϑ

∣∣∣ ∆ϑ, δmod = 0
]
≃ R0∆ϑ, R0 ≡ G0 J̃0. (22)
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The matrix R0 is the local resolution operator. Its rows describe how one reported coeffi-
cient averages, mixes, or projects the underlying represented state. A model-discrepancy
contribution adds the local bias G0δ̃mod.

Figure 3. Illustrative singular-mode structure of an SFH inverse problem constructed with a reduced
SSP library. The left panels show perturbations of a baseline SFH along representative right singular
vectors, the middle panels show the corresponding whitened spectral responses, and the right panel
shows the singular-value spectrum. Strong, weak, and effectively null modes illustrate how nominal
SFH freedom is compressed into a smaller set of information-supported historical combinations.

A full-rank, unbiased inversion would have R0 = I. A generalized inverse of a rank-
deficient problem instead recovers only a projection onto the non-null subspace. Mode
truncation, regularization, physical constraints, and prior structure modify this response
further. Resolution is consequently a property of the forward problem and the estimator
together, not of the observations or temporal grid alone.

For a continuous SFH, the analogous response can be written as

Eϵ
[
∆ψ̂(t)

∣∣ ∆ψ, δmod = 0
]
≃

∫
Rψ

(
t, t′

)
∆ψ(t′)dt′, (23)

where Rψ(t, t′) is the SFH resolution or averaging kernel. A localized kernel centered
near t = t′ indicates localized temporal sensitivity. A broad, asymmetric, displaced,
or multilobed kernel indicates that the reported quantity at time t mixes activity over a
wider or different range of epochs.

A resolution kernel need not be positive, normalized, or single-peaked. Its width alone
is therefore not always a sufficient summary. The complete kernel, or scientifically relevant
integrals of it, can be needed to determine which historical functional is actually measured.
This perspective follows the resolving-power formulation of inverse theory, in which stable
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reconstruction is understood as measurement of a localized average rather than automatic
recovery of a pointwise function [50].

The nominal width of an SFH bin specifies the resolution of the representation. It does
not specify the resolution of the inference. A fine grid can have broad and strongly over-
lapping resolution kernels, so adjacent plotted values need not be independent temporal
measurements. A coarser representation can instead yield a stable estimate of the mass
formed over an interval that the observations genuinely distinguish. Figure 4 illustrates
the distinction between nominal temporal binning and the effective historical resolution
produced by the complete forward and inference procedure.

Estimator covariance and resolution should likewise not be conflated. Covariance
describes stochastic variation in the reported estimate under the adopted model. The
resolution operator describes systematic averaging or projection of the underlying state
even in the absence of noise. A reconstruction can have a small conditional variance and
poor resolution, or broad variance and comparatively localized response.

Regularization and priors modify both quantities. Suppressing small-singular-value
modes reduces noise amplification but also alters the expected response to the true history.
Their detailed role is treated in Section 4. The SVD analysis of integrated stellar spectra
by Ocvirk et al. [20] and the adaptive temporal decomposition in VESPA [21] provide
practical precedents for the principle that recoverable temporal complexity is limited by
the complete response and data quality rather than by the analyst’s input grid.

Figure 4. Illustrative injection-and-recovery analysis of nominal and effective SFH resolution. A local-
ized formed-mass component is injected into each uniformly spaced lookback-time bin and recovered
using a reduced SSP library, an illustrative UV–NIR observational operator, and a non-negative
regularized inversion. The upper-left panel shows the resulting resolution matrix, the upper-right
panel shows representative averaging kernels, and the lower panel shows their central 68% widths
as a function of lookback time; the dashed line marks the corresponding width of one nominal bin.
The broadening of the kernels toward older epochs illustrates that fine input binning does not imply
equally fine historical resolution.
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3.3. State-Dependent and Model-Limited Observability

The singular modes and resolution structures defined above are properties of a spec-
ified local inverse problem. They are not universal properties of a wavelength interval,
fitting code, or nominal SFH representation. Schematically,

{σk, uk, vk} = Sk

(
ϑ0, ω,V ,Fphys,Oω, C

)
, (24)

where ϑ0 is the reference galaxy state, ω is the observing configuration, V is the representa-
tion, Fphys is the physical forward model, Oω is the observational operator, and C is the
covariance or metric used to judge distinguishability.

Galaxy state changes the derivatives of the SED with respect to its historical variables.
Young and old stellar components need not have the same visibility in quiescent and
actively star-forming systems. Dust can weaken direct ultraviolet and optical information
while introducing infrared responses whose interpretation depends on the heating and
emission model. A fixed observed filter set samples different rest-frame features as redshift
changes. These effects alter the orientation and strength of the observable modes rather
than merely rescaling one universal information content.

The observing configuration has the same structural role. Changing the spectral
resolution, wavelength coverage, aperture, masking, or calibration covariance can re-
move, add, or rotate response directions. Historical resolution derived for one galaxy
class, redshift interval, or instrument should therefore not be transferred automatically to
another configuration.

Nonlinearity introduces a further limitation. A direction that is weak near one state
can become more strongly observable elsewhere, and the local mode geometry can vary
across one posterior region. Moreover, two disconnected solution families can each possess
a well-conditioned local Jacobian while remaining globally indistinguishable from one
another. SVD and Fisher information describe local response and should not be presented
as proofs of global identifiability.

Model discrepancy imposes an additional information limit. Uncertainty in stellar
evolution, spectral libraries, abundance responses, nebular emission, dust physics, radia-
tive transfer, calibration, or omitted emission components can create coherent differences
between the adopted forward model and real galaxies [7,18,19]. Reducing observational
noise does not remove these differences. At sufficiently high signal-to-noise ratio, the re-
construction can become limited by the credibility of the forward model rather than by
measurement precision.

When discrepancy can defensibly be represented as an independent, mean-zero
stochastic contribution with covariance Cmod, one may define

Ceff = Cobs + Cmod. (25)

Using C = Ceff in the whitening transformation reduces the apparent information in data-
space directions affected by known model uncertainty. A correlated discrepancy covariance
is generally more appropriate than uniform diagonal inflation when model errors have
coherent spectral structure.

Equation (25) is valid only under its assumptions. A discrepancy with a nonzero
mean is not removed by covariance inflation. A discrepancy can also depend on age,
metallicity, attenuation, galaxy state, or observing configuration. In such cases, increasing
the covariance can broaden conditional uncertainty without correcting the direction of the
induced bias.
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The effect of a deterministic local discrepancy depends on its orientation relative to
the response range. Let

PJ ≡ UrUT
r ,

δ̃mod = PJ δ̃mod︸ ︷︷ ︸
δ̃∥

+
(

I − PJ
)
δ̃mod︸ ︷︷ ︸

δ̃⊥

, (26)

where PJ projects onto the local range of the whitened Jacobian. The parallel component δ̃∥
can be reproduced locally by changes in the represented state and can therefore be absorbed
into a biased history. The orthogonal component δ̃⊥ cannot be removed by a first-order
parameter adjustment and remains as lack of fit.

This decomposition explains why a small residual is not sufficient evidence for a
correct history. A consequential model error can lie largely within the response range, be
absorbed by changes in SFH, metallicity, dust, or nuisance parameters, and leave little
residual structure. Conversely, a conspicuous orthogonal residual need not produce a large
bias in the inferred historical directions.

Discrepancy modeling is itself subject to confounding. An excessively flexible discrep-
ancy model can absorb real physical information, whereas an overly restrictive one can
force missing physics into the inferred history. This is a general difficulty in the calibration
of imperfect forward models [51]. Discrepancy assumptions should therefore be informed
by physical reasoning, external calibration, repeated observations, or alternative forward
models rather than selected solely to improve goodness of fit.

Observability must consequently be judged relative to both measurement precision
and model credibility. A direction with a large singular value under Cobs can remain scien-
tifically unreliable when its response is comparable to plausible forward-model discrepancy.
A weaker direction can remain usable when its response is supported by well-modeled
observables that are not aligned with the principal discrepancy.

The formal objects defined in this section do not determine by themselves which
reconstruction should be reported. Representation, physical constraints, regularization,
and priors select or weight solutions within the observationally allowed family, as de-
veloped in Section 4. The coupled interpretation of the singular directions is developed
in Section 7. Matched and mismatched mocks, repeated-sampling calibration, posterior
predictive assessment, held-out prediction, and empirical resolution tests are developed
in Section 8.

The central conclusion is that an integrated SED constrains a limited set of state- and
model-dependent historical combinations. The nominal parameters used to describe a
history need not correspond to independently observed quantities, and the temporal grid
used to display a reconstruction need not represent its effective resolution. A scientifically
meaningful result should therefore identify the observable modes or stable functionals
supported by the data, the averaging response through which they are measured, and the
model assumptions on which that interpretation depends.

4. Representations, Regularization, and Priors
The inverse problem is specified not only by the physical forward model and the

observations, but also by the mathematical representation assigned to the unknown galaxy
history. A continuous star formation, enrichment, or dust history must be restricted to
a computationally manageable model set before it can be inferred from finite data. This
restriction determines which histories can be expressed, which structures are excluded
in advance, and how fitted coefficients are translated into physical quantities. For exam-
ple, choosing six SFH bins means that the fit estimates six bin amplitudes rather than
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an unrestricted continuous function. Non-negativity excludes negative star formation
rates; a smoothness penalty or continuity prior favors neighboring amplitudes that are
similar; and the likelihood determines how strongly the measured SED can override those
preferences. A feature in the reconstructed history can therefore arise because the data
require it, because the binning makes it expressible, or because the added structure selects
it among nearly equivalent fits.

Representation is therefore part of the scientific model rather than a neutral numerical
choice. An exponentially declining SFH, a delayed-τ model, a collection of fixed time
bins, a spline expansion, a stochastic process, and a learned representation define different
admissible histories even when they contain similar numbers of parameters. They encode
different assumptions about smoothness, burstiness, temporal localization, and correlations
between epochs.

Regularization and prior distributions provide additional structure within the selected
representation. Their influence is greatest along the weakly observable directions identified
in Section 3, where several histories produce nearly indistinguishable observations. Physical
constraints further restrict the admissible solutions through non-negativity, conservation
relations, energy balance, or evolutionary consistency.

The reconstructed history is consequently determined jointly by the representation,
physical admissibility, regularization or prior structure, and observable information. A fea-
ture in a posterior median or regularized solution may be required by the data, inherited
from the chosen functional family, selected by a prior correlation scale, or imposed by a
physical boundary. This section isolates these roles before Section 5 compares their realiza-
tion in existing methods and Section 8 develops the corresponding validation program.

4.1. Historical Representations and Admissible Model Spaces

A parametric SFH restricts the unknown history to a finite-dimensional family indexed
by parameters θSFH:

Vpar = {ψ( · ; θSFH) | θSFH ∈ ΘSFH}. (27)

Exponentially declining, delayed-τ, lognormal, double-power-law, and burst-plus-
continuous histories are familiar examples. Their low dimensionality excludes many
rapidly varying histories before the observations are analyzed and can therefore produce
stable estimates when the selected family adequately represents the relevant evolution.

The same restriction creates representation bias when the true history lies outside the
adopted family. A delayed-τ model, for example, cannot reproduce an arbitrary sequence
of quiescence, rejuvenation, bursts, and renewed decline. The fitted model can nevertheless
reproduce the observed SED through compensating changes in stellar age, metallicity,
attenuation, or stellar mass. A narrow posterior can then reflect the rigidity of the model
family rather than uniquely informative data.

Parametric choices also induce prior structure on derived quantities. A prior that
appears simple in a timescale, formation time, or power-law slope can generate a highly
nonuniform prior on mass-weighted age, recent stellar-mass fraction, quenching time,
or specific star formation rate [52]. The physical consequences of the parameterization
should therefore be examined in the space of reported quantities rather than inferred only
from the algebraic form of its parameters.
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A nonparametric SFH uses a more flexible finite-dimensional expansion. In a
linear representation,

ψV (t) =
NSFH

∑
j=1

ajϕj(t), VNSFH = span
{

ϕ1, . . . , ϕNSFH

}
, (28)

where ϕj(t) are basis functions and aj are their coefficients. Piecewise-constant bins,
piecewise-linear functions, splines, localized kernels, wavelets, and simulation-derived
components are representative choices. Gaussian-process models and nonlinear decoders
define more general model sets that need not be linear spans, but they serve the same
purpose of restricting an infinite-dimensional history to a manageable family.

The term “nonparametric” does not mean that the reconstruction is free of param-
eterization or assumptions. The number and placement of time bins, the normalization
of the basis functions, the support of the coefficients, and the correlations imposed be-
tween epochs all define the allowed histories. A model with ten fixed age bins remains
a ten-dimensional parameterized model even though it is not restricted to one analytic
SFH form.

Basis normalization determines the physical meaning of the coefficients. For a
piecewise-constant basis ϕj(t) = 1Ij(t), the coefficient aj represents an average SFR over the
interval Ij, and the corresponding formed stellar mass is aj∆tj. If instead ϕj(t) = 1Ij(t)/∆tj,
then aj directly represents the formed stellar mass. A coefficient can alternatively represent
a mass fraction, surviving stellar mass, luminosity fraction, or a model coordinate without
a direct physical interpretation. These definitions are related but not interchangeable.

Normalization also affects non-negativity, prior widths, smoothness penalties, covari-
ance matrices, and singular-value analyses. The same algebraic prior on average SFRs and
formed masses describes different physical behavior when the time bins have unequal
widths. Likewise, a regularization parameter cannot be compared meaningfully across
bases whose coefficients have different units or scales.

Nominal and effective resolution. Nominal resolution belongs to the representation;
effective resolution belongs to the forward model and estimator. Temporal binning intro-
duces an additional resolution assumption. Linear-time and logarithmic-time partitions
allocate representational freedom differently, particularly at old ages. Such choices can be
motivated by the approximate decline of age sensitivity with lookback time, but their bound-
aries remain model specifications rather than measurements. Nominal bin width should
therefore be distinguished from the effective historical resolution developed in Section 3.2.

A flexible representation reduces the rigid functional mismatch of a low-dimensional
parametric family, but its additional coefficients are not necessarily constrained indepen-
dently. Nonparametric SFH studies show that broad features can be recovered more
flexibly than under simple analytic histories, while detailed temporal structure remains
sensitive to the prior imposed on changes between neighboring epochs [17]. Regularized
full-spectrum methods express the same principle by permitting a detailed age distribution
while suppressing combinations that cannot be stably separated in the spectrum [20].

Physical constraints select an admissible subset of the chosen representation.
Schematically,

Ahist =
{
(ψ, η) ∈ V × Vη

∣∣∣ ψ(t) ≥ 0, Ephys[ψ, η] = 0, Gphys[ψ, η] ⪰ 0
}

, (29)

where η represents other physical histories and parameters, Ephys denotes equality relations,
and Gphys denotes inequality or boundary constraints. An SFH-only model may impose
non-negativity and a cosmic-age limit, principally. A coupled model can additionally
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enforce mass and metal conservation, chemically consistent enrichment, energy balance,
or restrictions derived from gas and dust evolution.

These constraints can eliminate physically impossible solutions, but they do not
create observational information. Non-negativity suppresses oscillatory solutions with
canceling positive and negative components, yet several distinct non-negative SFHs can
remain observationally indistinguishable. Energy balance relates absorbed and re-emitted
radiation, but it does not necessarily determine which stellar populations heated the dust
or which geometry produced the attenuation.

Representation adequacy in data space is also distinct from accuracy in history space.
A restricted model can fail to reproduce the noise-free observables because the true galaxy
lies outside its physical or historical model set. Conversely, a flexible model can reproduce
the observations while assigning the wrong history because several distinct represented
histories map to similar SEDs. Goodness of fit alone therefore cannot determine whether
the historical representation is scientifically adequate.

The appropriate representation depends on the target quantity. A coarse basis may
be sufficient for estimating the stellar mass formed before and after a broad transition,
whereas localized recent components may be justified when ultraviolet or nebular diag-
nostics provide corresponding sensitivity. No fixed parametric family or temporal grid
is uniformly optimal across galaxy state, redshift, wavelength coverage, and data quality.
This dependence motivates the adaptive design principle developed in Section 6.

4.2. Regularization and Priors as Additional Structure

Even after a representation and its physically admissible subset have been specified,
the data can permit a broad or unstable family of solutions. Regularization and prior
distributions provide additional structure for selecting or weighting those solutions. Their
scientific role is not to recover information absent from the observations, but to complete
the inverse problem in directions that are only weakly constrained.

A general regularized estimator can be written as

ϑ̂λ ∈ arg min
ϑ∈A

{
Φdata[y, µ(ϑ)] + λregR(ϑ)

}
, (30)

where Φdata measures disagreement between the observations and the forward prediction,
R is a regularization functional, λreg controls its relative strength, and A is the admissible
parameter set. For Gaussian observational errors, Φdata is commonly a covariance-weighted
squared residual, but the same structure applies to more general likelihoods.

Quadratic shrinkage, including zero-order Tikhonov regularization, favors coefficients
close to a reference history [53,54]. First- and second-difference penalties are standard
discrete derivative regularizers that favor temporal continuity or reduced curvature [53,54].
Their application to SFH reconstruction specializes standard inverse-problem constructions
to the chosen historical coordinates rather than introducing new regularizer classes. Sparsity
penalties favor histories represented by a small number of active basis components [55],
while total-variation penalties favor piecewise-constant behavior separated by a limited
number of transitions [56]. These choices encode different structural priors or assumptions
about the recovered SFH. A smoothness or sparsity penalty represents a physical prior
only when the favored behavior is independently justified by galaxy-evolution physics;
otherwise, it is a mathematical regularization choice. The penalties should therefore not
be treated as interchangeable numerical stabilizers or as direct statements of required
physical behavior.

Their interpretation depends on the representation. Smoothness in linear time differs
from smoothness in logarithmic lookback time. A penalty on formed stellar masses dif-
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fers from the same algebraic penalty on average SFRs when bin widths vary. lcSparsity
in localized bins favors a small number of active epochs, whereas sparsity in a wavelet
or learned basis favors a small number of multiscale or learned-basis components. Reg-
ularity is therefore always defined relative to a basis, coordinate, normalization, and
boundary convention.

For a locally linear and whitened inverse problem, regularization can often be inter-
preted as filtering the singular modes introduced in Section 3.2. A generic filtered estimator
takes the form

∆̂ϑfilt =
r

∑
k=1

fk
βk
σk

vk, 0 ≤ fk ≤ 1, (31)

where fk is the filter factor applied to mode k. The unregularized generalized inverse has
fk = 1 for every nonzero singular value. Standard zero-order Tikhonov regularization
continuously suppresses modes with small σk, while truncated singular-value inversion
removes modes below a selected cutoff [54].

Equation (31) displays the essential bias–variance trade-off. Suppressing a weak
mode reduces the amplification of observational noise and model discrepancy, but it also
attenuates the corresponding component of the true history. A regularized reconstruction
is therefore a filtered estimate with a particular resolution and bias structure, not an exact
reconstruction made merely more numerically stable.

For derivative penalties or other general quadratic regularizers, the filtered directions
need not coincide with the ordinary right singular vectors of the forward response. Their
geometry is determined jointly by the forward and regularization operators and can
be described through generalized singular values or an equivalent resolution analysis.
Nonquadratic penalties and active physical constraints produce nonlinear estimators for
which fixed global filter factors are generally unavailable.

Bayesian inference introduces additional structure through a prior distribution. For a
fully specified model M,

p(ϑ | y,M) ∝ p(y | ϑ,M)p(ϑ | M). (32)

The likelihood contains the observational and discrepancy assumptions, while the prior
assigns probability over the admissible histories before the current data are analyzed.
Bayesian inverse problems use the resulting posterior to describe uncertainty over
the model-defined solution family rather than selecting only one regularized point
estimate [57].

Under appropriate likelihood and prior forms, the minimizer of Equation (30) has a
maximum-a posteriori interpretation. A quadratic penalty corresponds locally to a Gaussian
prior, while an ℓ1 penalty corresponds to a Laplace-type prior in the coordinates on which it
is imposed. This correspondence does not make regularized point estimation and posterior
inference equivalent: a posterior can be broad, asymmetric, correlated, or multimodal even
when its mode resembles a regularized solution.

The prior is itself representation-dependent. Uniform distributions are not preserved
under nonlinear changes in variables, and priors on SFRs, logarithmic SFRs, formed masses,
mass fractions, or adjacent-bin ratios imply different temporal behavior. Prior assumptions
should therefore be described through the physical histories and derived quantities they
generate rather than only through the distributions assigned to internal parameters.

For nonparametric SFHs, the prior commonly controls the amplitude and correlation
scale of changes between neighboring epochs. Continuity priors favor gradual evolu-
tion, while burst-permitting priors assign greater probability to rapid changes. When the
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likelihood provides only broad temporal information, these structures can determine the
apparent texture of the reconstructed SFH [17].

Population information can also enter through hierarchical priors, simulations,
or learned training distributions. Such information can improve inference when the ref-
erence population represents the observed galaxies, but it can suppress rare histories or
bias weak observations when the population model is incomplete. Selection effects must
be included when a prior or population distribution is inferred from a survey sample.

The strength of regularization or the scale of a prior determines how strongly this
added structure acts. Weak regularization can retain unstable modes; strong regulariza-
tion can suppress genuine transitions and force the estimate toward the preferred model.
Predictive validation and generalized cross-validation select or assess the scale through
held-out or approximately out-of-sample predictive performance [58]. Hierarchical in-
ference treats the scale as a hyperparameter with its own probabilistic model, whereas
marginal-likelihood or empirical-Bayes methods estimate it by integrating over the recon-
struction parameters [59,60]. Discrepancy principles compare the achieved residual with
the level expected from the observational noise model, and sensitivity analysis examines
how scientifically relevant conclusions change across a defensible range of scales [53,54].
These procedures answer different questions, so no single criterion should be expected to
be uniformly preferable across representations, noise and discrepancy models, forward
models, and scientific targets. The selected scale and the criterion used to choose it should
therefore be reported together.

Regularization and priors also cannot repair an inadequate forward model. A smooth-
ness assumption can suppress noise-driven oscillations, but it cannot distinguish a real
SFH feature from a systematic spectral mismatch aligned with an age-sensitive response.
A carefully sampled posterior can propagate uncertainty conditional on the adopted
stellar, nebular, and dust models while remaining biased if those models omit rele-
vant physics. Assumption sensitivity and forward-model discrepancy must therefore be
evaluated separately.

4.3. Interpreting and Reporting Assumption Dependence

The combined effects of representation, physical constraints, regularization, and priors
determine how the inverse problem is completed in directions that the observations do not
fully constrain. The resulting history should therefore be interpreted conditionally on the
complete model specification rather than as a direct measurement of every fitted coefficient.

Three limiting regimes provide a useful language for this interpretation.
Data-dominated. A reported feature is data-dominated when it is associated with a

strong observable response and remains stable under reasonable changes in representation,
prior structure, nuisance parameters, and forward-model ingredients.

Assumption-sensitive. A reported feature is assumption-sensitive when the obser-
vations constrain a broad family of possibilities but its detailed amplitude, localization,
or temporal texture changes with regularization, prior correlation, or parameterization.

Model-dominated. A reported feature is model-dominated when its apparent con-
straint arises primarily from the adopted stellar, chemical, nebular, dust, radiative-transfer,
calibration, or discrepancy model.

These regimes are not mutually exclusive classifications of an entire reconstruc-
tion. A broad episode of early star formation may be data-supported, while its subdi-
vision among adjacent ancient bins is assumption-sensitive. Obscured recent activity
may be required by ultraviolet and infrared observations, while its distribution among
very young components remains dependent on nebular and dust-heating assumptions.
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The classification should therefore be applied to specific scientific quantities and levels of
temporal resolution.

Posterior contraction relative to the prior is informative but does not by itself establish
data dominance. A posterior can narrow because positivity, a parameter boundary, or a
rigid physical model truncates a weakly constrained direction. Conversely, a scientifically
meaningful quantity can retain broad uncertainty because the observations genuinely sup-
port multiple possibilities. The origin of a constraint must be assessed through observability,
effective resolution, prior sensitivity, and forward-model sensitivity together.

Comparisons across representations should focus on common physical functionals
rather than on internal coefficients. Relevant quantities include stellar mass formed over
a broad lookback-time interval, recent mean SFR, cumulative mass-assembly fractions,
mass-weighted age, formation-time quantiles, or broad quenching epochs. Individual
coefficients from different bases generally do not describe the same estimand.

Effective resolution is essential to this comparison. When the averaging kernel associ-
ated with a reported coefficient extends over several neighboring intervals, the scientifically
supported result concerns the integrated activity over that broader support rather than the
pointwise value in one nominal bin. A fine plotted grid should not be interpreted as fine
temporal measurement without the corresponding resolution analysis.

Parameter covariance carries similar information. Adjacent SFH components can be
strongly correlated because the data constrain their sums or contrasts more directly than
their individual values. Marginal intervals alone can obscure these relationships. Posterior
samples, covariance information, cumulative histories, and uncertainties on integrated
functionals provide a more faithful description than independent-looking error bars on
each time bin.

Prior and representation sensitivity should be separated from physical-model sen-
sitivity. The former can be examined through alternative binnings, functional families,
correlation scales, or penalties. The latter requires changes in stellar evolutionary tracks,
spectral libraries, abundance treatments, nebular prescriptions, attenuation laws, dust-
emission models, radiative-transfer assumptions, or discrepancy descriptions. Agreement
across several inference algorithms that share the same forward model does not establish
robustness to physical misspecification.

The detailed procedures for testing these dependencies are developed in Section 8.
In particular, Layer I distinguishes matched- and mismatched-model mock experi-
ments, repeated-sampling calibration, posterior predictive assessment, held-out prediction,
and validation in which every data-dependent representation or hyperparameter choice
is repeated within each realization. Layer II then interprets the resulting failures through
observable modes, resolution operators, prior curvature, regularization bias, and the pro-
jection of model discrepancy into the inferred state.

This division of roles is important. The present section identifies what must be
interpreted and reported: the chosen representation, its normalization, the admissible
set, the regularization or prior, the effective resolution, and the distinction between data-
supported and assumption-selected structure. Section 8 addresses how those claims should
be tested empirically and structurally.

A transparent analysis should therefore specify the historical representation and
coefficient definitions, the physical constraints, the regularization or prior and its implied
temporal behavior, the forward-model ingredients, the observational covariance, and the
treatment of model discrepancy. It should identify which alternative assumptions were
examined and which scientific conclusions remained stable.

The purpose is not to require all reasonable methods to return the same detailed history.
Several physically plausible reconstructions may remain observationally indistinguishable,
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and a calibrated analysis should preserve that ambiguity. The objective is to separate
stable scientific information from fine structure selected by one particular representation or
inferential convention.

Representations, regularization, and priors are thus constitutive components of the
inverse problem. They determine which histories can be expressed, how weakly observable
directions are completed, and which estimand is ultimately reported. Section 5 now
uses this perspective to compare existing reconstruction methods according to the roles
played by their representation, forward model, added structure, inference procedure,
and uncertainty analysis.

5. A Unified Taxonomy of Existing Methods
Methods for reconstructing stellar populations and galaxy histories are often grouped

by their most visible computational feature: parametric versus nonparametric SFHs, pho-
tometric versus full-spectrum fitting, optimization versus Bayesian sampling, matrix fac-
torization versus physical modeling, or conventional inference versus machine learning.
These labels are useful, but they mix choices made at different stages of the inverse problem.
Two methods can use different algorithms while sharing the same historical representa-
tion and physical assumptions, whereas two analyses performed with the same software
can imply different scientific estimands because they adopt different bases, priors, stellar
libraries, or uncertainty models.

A more informative comparison asks which part of the inferential structure a method
changes. PCA, MOPED, and VESPA all reduce dimensionality, but PCA represents variance
in an ensemble, MOPED compresses the observations for a specified parameterization,
and VESPA adapts the historical representation. Non-negative matrix factorization (NMF)
learns a constrained basis, a neural point estimator learns a loss-dependent decision rule,
and simulation-based inference (SBI) approximates a simulator-defined conditional dis-
tribution. None of these operations, by itself, specifies the complete physical model or
guarantees calibrated historical inference.

This section therefore classifies representative methods as combinations of reusable
components. The aim is not to rank software packages or to reproduce complete algorith-
mic derivations. We retain the defining equations needed to identify what each method
represents, compresses, or returns. Observability and Fisher information are developed in
Section 3, representation, regularization, and priors in Section 4, and validation in Section 8.

5.1. A Five-Component Description of Reconstruction Methods

Consider a fit in which the SFH is described by lookback-time bins. The bin edges
and coefficient normalization specify what is reconstructed; the stellar-population, nebular,
dust, redshift, and instrumental calculations specify how a proposed history predicts the
data; non-negativity, smoothness, and priors specify which histories are allowed or favored;
the optimizer or sampler specifies how the data are used to estimate them; and posterior
checks, mock recovery, or coverage tests specify how uncertainty is assessed. These remain
distinct choices even when they are packaged in one code. The notation below assigns
them, respectively, to Vq, Fq, Cq, Iq, and Uq so that methods can be compared by the choices
they make rather than only by software name.

Let q denote a fully specified reconstruction method or implementation. We character-
ize it by

Mq =
(
Vq,Fq, Cq, Iq,Uq

)
, q ∈ Q, (33)
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where Q is the collection of method configurations under comparison. The five compo-
nents describe the representation, forward model, added structure, inference mechanism,
and uncertainty assessment, respectively.

The representation Vq specifies what is reconstructed and in which coordinates. It
can be a low-dimensional analytic SFH family, a fixed or adaptive time grid, SSP weights,
a spline or wavelet basis, non-negative learned components, or a nonlinear learned mani-
fold. The definition and normalization of these coordinates determine whether a coefficient
represents an SFR, formed mass, mass fraction, luminosity fraction, or a model coordinate
without a direct physical interpretation.

The forward model Fq maps the represented state into the measured data. It contains
the physical SED-generation ingredients and the observational operator developed in
Section 2. Methods using the same optimizer or sampler can therefore return different
histories when their stellar population, nebular, dust, calibration, or instrumental models
differ. Any explicit treatment of model discrepancy also belongs to this component.

The structure Cq contains hard physical constraints, regularization, prior distributions,
and restrictions inherited from template libraries, simulations, or training populations.
Non-negativity, smoothness, continuity priors, sparsity, energy balance, and simulation-
manifold restrictions all act most strongly in directions that the likelihood constrains weakly.
A machine-learning training distribution is included here because it determines which
states are represented frequently, rarely, or not at all.

The inference mechanism Iq can be optimization, maximum-a posteriori inversion,
posterior sampling, matrix factorization, data compression, neural regression, or condi-
tional density estimation. Compression and inference should be distinguished: an operation
can reduce the data dimension without reducing the historical state, reduce the historical
representation without compressing the observations, or learn a lower-dimensional model
set from an ensemble.

The uncertainty component Uq describes what uncertainty object is returned and how
it is tested. It includes conditional covariance or posterior distributions, mock recovery,
coverage, simulation-based calibration, prior sensitivity, posterior predictive assessment,
held-out prediction, and robustness to model discrepancy. Its interpretation remains
conditional on the preceding four components.

The tuple in Equation (33) is modular but not separable. Changing the representation
changes the discretized response; changing the forward model rotates degeneracies; chang-
ing the prior changes weak-mode resolution; and changing the observing model changes
which historical combinations are available to any inference algorithm. The taxonomy
is therefore most useful for identifying which of the five components a methodological
innovation actually changes. Here, combining components from different mathemati-
cal, statistical, or astrophysical traditions consistently means that their interfaces remain
compatible: the representation must match the inputs expected by the forward model,
the constraints or prior must be defined on that representation, the inference procedure
must target the corresponding likelihood or simulator, and the uncertainty assessment
must remain valid for the assembled configuration. For example, a PCA or NMF basis can
define the representation, while MOPED can compress the observations used for inference.
This combination is coherent only if the MOPED response derivatives and covariance are
computed for the same forward model and basis coordinates, the constraints or prior apply
to those coordinates, and the uncertainty assessment accounts for conditioning on both the
learned basis and the compression construction.
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5.2. Representation and Information Compression

Dimensional reduction can act on the historical state, on an ensemble used to define
a basis, or on the measured data. These operations preserve different quantities and
should not be described interchangeably as “information-preserving.” Parametric and
nonparametric histories primarily define V and C; PCA learns a variance-efficient ensemble
representation; MOPED constructs parameter-targeted summaries of the observations; and
VESPA adapts temporal freedom to the information in an individual spectrum.

The methods in this subsection were selected as representative examples of dimen-
sional reduction acting on different objects and at different stages of a reconstruction, rather
than as an exhaustive list or as mutually exclusive end-to-end alternatives. PCA and
MOPED are reusable operations that can be embedded within many pipelines: PCA con-
structs a low-rank ensemble representation, while MOPED compresses the measured data
for a fixed parameterization and covariance model. VESPA is instead a reconstruction frame-
work that adapts the dimension of the reported stellar-population history, and STECMAP
represents the tradition of regularized full-spectrum inversion. Placing them together is
therefore intended to expose these differences within the five-component taxonomy; other
codes or methods can be classified by asking which component they primarily modify and
which remaining components they inherit.

5.2.1. Parametric and Nonparametric Histories as Representation Choices

The parametric and nonparametric representations defined in Section 4.1 differ in
flexibility and geometry rather than in whether they contain assumptions. Analytic SFH
families reduce the dimension of the represented history before forward modeling and can
stabilize broad quantities when the family is adequate. Their restricted geometry can also
produce persistent bias and strongly induced priors on derived quantities [52].

Fixed-bin or basis-expanded histories enlarge the approximation space, but the data
commonly constrain fewer combinations than the number of coefficients. Non-negativity,
smoothness, continuity priors, and other structures then determine the weak directions.
STECMAP, or STEllar Content via Maximum A Posteriori, is a representative regularized
full-spectrum inversion framework rather than a generic dimensionality-reduction step [20].
In the five-component description, Vq contains a nonparametric stellar age distribution and,
in the more general formulation, an age–metallicity relation; Fq contains the SSP-based
spectral model and its treatment of extinction or continuum corrections; Cq includes positiv-
ity and smoothness; Iq is a penalized maximum-a posteriori inversion with the smoothing
scale selected by generalized cross-validation; and Uq includes mock-based assessments of
bias, dispersion, separability, and age resolution. STECMAP is included here because it
makes the role of explicit regularization especially transparent, not because it is the only
full-spectrum inversion framework. The relevant comparison is therefore between approxi-
mation error, observable resolution, and assumption sensitivity, not between “assumed”
and “assumption-free” histories.

5.2.2. PCA: Variance-Preserving Ensemble Compression

Let x denote a spectrum, SED, history, or other vector drawn from a training ensemble
with mean x. If the columns of Qr are the leading r eigenvectors of the ensemble covariance,
PCA defines

zPCA = QT
r (x − x), x̂r = x + QrzPCA. (34)

For a fixed rank and metric, this subspace minimizes the mean squared reconstruction error
of the training ensemble.
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PCA therefore preserves ensemble variance, not automatically the information re-
quired for a specified physical parameter or historical functional. A high-variance compo-
nent can describe normalization, calibration, or a common population trend, whereas a
low-variance feature can carry distinctive physical sensitivity. The result also depends on
the training population, normalization, masking, wavelength weighting, and any whitening
applied before the covariance is constructed [61].

PCA modifies V when its components form the represented spectral or historical basis
and modifies I when it is used only to compress observations before another inference
stage. PCA of spectra, model SEDs, and SFHs are consequently different methodological
operations even though they share Equation (34).

5.2.3. MOPED: Fisher-Preserving Data Compression

MOPED is a parameter-targeted linear data-compression method that leaves the cho-
sen parameterization unchanged and compresses a high-dimensional observation to one
summary per inferred parameter [62]. We select it here as a canonical and analytically
transparent example of local Fisher-preserving compression. Related approaches include
compression by the score of a specified likelihood and information-maximizing neural-
network summaries learned from simulations [63,64]. For MOPED, let µ,i = ∂µ/∂ϑi be
evaluated at a fiducial state and let C be a parameter-independent covariance. The com-
pression vectors and summaries can be constructed recursively as

b1 =
C−1µ,1(

µT
,1C−1µ,1

)1/2 ,

bi =

C−1µ,i − ∑
j<i

(
µT

,i bj

)
bj[

µT
,i C−1µ,i − ∑

j<i

(
µT

,i bj

)2
]1/2 , xi = bTi y. (35)

Under the assumptions of the construction and for nondegenerate derivative directions,
the compressed statistics preserve the local Fisher information at the fiducial point.

This “lossless” property is local and model-conditional. It does not imply preserva-
tion of global multimodality, Bayesian evidence, arbitrary residual structure, parameter-
dependent covariance information, or effects absent from the forward model. MOPED re-
duces the dimension of the observation, not an overflexible history representation, and acts
primarily through I with essential dependence on F and the covariance model in U .

5.2.4. VESPA: Adaptive Historical Resolution

VESPA addresses the dimension of the represented stellar-population history rather
than the dimension of the observed spectrum. Starting from a maximum-resolution tempo-
ral model, it selects a coarser representation supported by an individual spectrum,

VNmax −→ VNgal , Ngal ≤ Nmax, (36)

where the recoverable complexity depends on the spectral information available for that
galaxy [21].

This differs from fitting all maximum-resolution coefficients under a fixed smoothness
penalty. The number and definition of the reported historical components change with
the data, making temporal resolution part of the output. VESPA therefore acts mainly on
V and I , while its non-negativity, stellar population, dust, and uncertainty assumptions
remain in C, F , and U .
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The selected bins remain finite-resolution averages and are conditional on the adopted
SSP model and selection procedure. VESPA is thus an important precedent for information-
dependent historical resolution, but not a universal definition of adaptivity. Section 6
generalizes the principle to other bases, data types, and coupled states.

5.2.5. Three Distinct Domains of Dimensional Reduction

The three methods answer different questions. PCA asks which directions reconstruct
a selected ensemble efficiently. MOPED asks which summaries preserve local sensitivity
to a specified parameter vector. VESPA asks how much historical freedom an individual
observation can support. Their primary preserved quantities are, respectively, ensemble
variance, local Fisher information, and usable historical resolution.

These operations can be combined, but only when their conditional assumptions are
consistent. A PCA or NMF basis can define candidate historical components, MOPED
can compress the observations used to infer their amplitudes, and an adaptive rule can
decide how many components should be reported. Every such construction should state
which object was reduced, which metric defined the reduction, and which information or
structure was intended to survive.

Consequently, differences between SFHs returned by two analyses cannot be attributed
to PCA, MOPED, VESPA, STECMAP, or any other named operation alone unless the re-
maining components of Mq are held fixed or their changes are tested separately. Different
SSP libraries, dust models, constraints, priors, optimization targets, and uncertainty proce-
dures can change the recovered history even when the same compression or representation
strategy is used. Conversely, similar histories from two named methods need not imply
that they preserve the same information.

5.3. Learned Representations and Amortized Inference

Learning can enter an integrated-light reconstruction at several distinct stages. At the
representation level, NMF learns additive non-negative components from an ensemble
of spectra, SEDs, or histories. At the inference level, a neural point estimator learns a
direct map from observations or summaries to one loss-dependent estimate of the repre-
sented physical quantities. At the distributional-inference level, simulation-based inference
uses simulated parameter–data pairs to approximate a conditional posterior or another
likelihood-related inferential object. These operations answer different questions and can
be combined within one analysis; they are not interchangeable alternatives merely because
each uses a learned model.

With these roles established, the five-component taxonomy makes their assumptions
explicit. NMF primarily modifies the representation V and the structural restrictions C; a
neural point estimator primarily modifies the inference mechanism I and can also involve
a learned encoder or decoder in V ; and simulation-based inference primarily modifies
I and the returned uncertainty object U . Across these classes, the training distribution
contributes to C, the simulator and observational model supply F , and calibration or
domain-shift assessment belongs to U . Learned methods therefore relocate assumptions
into training ensembles, simulators, architectures, and loss functions rather than removing
those assumptions.

5.3.1. NMF: Non-Negative Learned Representations

Non-negative matrix factorization (NMF) learns an additive basis and non-negative
amplitudes from a non-negative training ensemble, so its immediate output is a representa-
tion of that ensemble rather than an SFH inferred from a new observation. For a training
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matrix X containing spectra, SEDs, or histories, the learning problem can be written in
the form (

Ŵ , Ĥ
)
∈ arg min

W ,H≥0
{D(X, W H) + λWRW(W) + λHRH(H)}. (37)

The columns of W define additive basis components and H contains their non-negative
amplitudes [65].

If X contains histories, the learned components define a constrained historical rep-
resentation. If it contains spectra, the amplitudes are spectral coordinates and do not
automatically constitute an SFH. The non-negative geometry prevents positive–negative
cancellation and can improve interpretability, but it does not guarantee uniqueness or phys-
ical meaning. The factorization depends on the training ensemble, rank, loss, initialization,
regularization, and normalization, and it need not align with the observable modes of a
separate instrument and noise model.

NMF primarily modifies V and C. Once its basis is fixed, the amplitudes can be inferred
by conventional optimization, Bayesian sampling, or amortized methods. Uncertainty in
learning the basis should be distinguished from uncertainty conditional on treating that
basis as exact.

5.3.2. Deep Learning as Amortized Point Inference

A neural point estimator learns a rapid map from observations or summaries to a single
vector of represented physical quantities, rather than returning a complete conditional
distribution. Convolutional neural networks trained on simulated galaxy spectra to predict
high-resolution SFHs provide a representative astronomical application [66]. For simulated
training pairs {ϑ(ℓ), y(ℓ)}, a generic construction is

ϕ̂ ∈ arg min
ϕ

1
Ntr

Ntr

∑
ℓ=1

L
[
Nϕ

(
s(y(ℓ))

)
, ϑ(ℓ)

]
, ϑ̂ = Nϕ̂(s(y)). (38)

The target of the learned rule depends on the loss and the joint training distribution.
Under idealized squared-error training, for example, the output approaches a conditional
mean rather than a model-independent inverse of the forward operator.

This distinction is important for multimodal problems: a point estimator can average
separated solution families into a history that represents none of them well. Physical
admissibility must also be enforced through the output coordinates, decoder, projection,
or loss. The training distribution acts as a population prior, and the simulator determines
which physical and observational effects the network can learn. Fast evaluation does not
protect against simulator mismatch or extrapolation beyond the training support.

A neural point estimator primarily modifies I and can also modify V through a learned
encoder or decoder. Its scientific use requires test-set calibration across the intended galaxy
and observational domains, together with explicit detection of out-of-distribution inputs.

5.3.3. Simulation-Based Inference

Simulation-based inference (SBI) applies when a forward simulator can generate
parameter–data pairs even though an explicit likelihood is unavailable or impractical.
Unlike a neural point estimator, it can target a complete conditional distribution and
thereby retain asymmetric, correlated, or multimodal uncertainty under the simulator and
prior. For neural posterior estimation, the target and its approximation can be written as

psim(ϑ | y) ∝ psim(y | ϑ)p(ϑ), qϕ̂(ϑ | y) ≃ psim(ϑ | y), (39)
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where the density estimator is trained on parameter–data pairs drawn from the prior or
proposal and the simulator [67]. Related SBI methods estimate likelihoods, likelihood
ratios, or informative summaries instead of the posterior directly.

SBI can represent asymmetric, correlated, or multimodal conditional uncertainty and
can amortize inference over large samples. It does not remove ill-posedness: observationally
equivalent histories should remain broad or multimodal under the simulator-defined
posterior. A sharply concentrated result can instead reflect a restrictive prior, incomplete
training support, density-approximation error, or miscalibration.

The returned distribution is conditional on the simulator, not automatically on the real
galaxy-generating process. Simulation-based calibration and repeated coverage can test the
inference algorithm under that simulator, while posterior predictive and out-of-distribution
checks test aspects of simulator adequacy. SBI primarily changes I and U ; it leaves the
choice of representation, physical simulator, and prior structure fully consequential.

5.3.4. Comparison of Learned and Amortized Approaches

NMF principally learns a constrained representation, neural point inference learns
a loss-dependent decision rule, and neural posterior inference learns a conditional distri-
bution. These operations are complementary: an NMF or physically designed basis can
represent the history, an emulator can accelerate the SED generator, and SBI can infer the
posterior over the resulting coefficients and nuisance parameters.

Machine learning is therefore not a separate alternative to inverse-problem analy-
sis. It supplies flexible approximations to selected components of the same inferential
structure. Its evaluation should focus on physical admissibility, training-support depen-
dence, simulator discrepancy, calibration, and the stability of the scientific functionals
ultimately reported.

5.4. Unified Comparison and Modular Synthesis

Table 1 summarizes representative method families within the five-component struc-
ture. The central columns provide a navigation map showing where each family principally
acts and where it depends materially on other components. The entries describe method-
ological families rather than every option available in a particular software implementation,
and the table is not a ranking.

The method families summarized in Table 1 are realized in contemporary SED-fitting
frameworks through different combinations of the five components, and a software name
alone does not specify one unique configuration.

ProSpect combines flexible parameterizations of the SFH and metallicity history with
alternative stellar-population libraries, a Charlot–Fall attenuation prescription, infrared
re-emission, nebular-line modeling, and a simple active-galactic-nucleus and hot-torus
component, and it can be used for both forward generation and inversion [68]. Within
Equation (33), choices of the represented SFH and metallicity histories primarily modify Vq

and Cq, whereas the stellar, nebular, dust, and active-galactic-nucleus prescriptions modify
Fq; the returned estimates remain conditional on their joint configuration.

The Dense Basis approach places its principal innovation in historical representation
and its validation: candidate SFH basis families are assessed by comparing goodness
of fit for mock SEDs with recovery of the generating histories, thereby targeting mass-
assembly timing and multiple star-formation episodes that can be obscured by a single
rigid analytic form [69]. It consequently acts mainly through Vq, Iq, and Uq, while its
historical information remains conditional on the stellar-population, dust, observational,
and training assumptions used to construct and validate the basis.
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Table 1. Representative method families classified within Mq = (Vq,Fq, Cq, Iq,Uq). The compo-
nent map is navigational rather than exclusive: every complete implementation must specify all
five components.

Method Family
Component Map

Preserved or Returned Quantity Key Structural Assumptions Principal Caution
V F C I U

Parametric SED
fitting [52] • ◦ • ◦ ◦ Model-conditional parameters

or posterior summaries

Functional family, parameter
bounds, priors, and physical
SED model

Narrow uncertainty can
coexist with persistent
SFH misspecification

Fixed-bin or
regularized
nonparametric
fitting [17,20]

• ◦ • ◦ ◦
Regularized estimate or
posterior over a flexible
represented history

Grid or basis, normalization,
non-negativity, smoothness,
continuity, or other priors

Nominal bins can
exceed effective
resolution and become
prior-sensitive

PCA [61] • ◦ •
Maximum retained ensemble
variance for a fixed rank
and metric

Training population,
preprocessing, weighting,
normalization, and
retained rank

Variance need not align
with physical
observability

MOPED [62] ◦ ◦ • ◦
Local Fisher information for the
specified parameterization
under its assumptions

Fiducial state,
parameter-independent
covariance, derivative rank,
and parameter ordering

Global likelihood
structure and model
discrepancy need not
be preserved

VESPA [21] • ◦ • • ◦
A data-dependent
finite-resolution
stellar-population history

Candidate partitions, SSP and
dust models, non-negativity,
and selection criterion

Selected components
remain averaged and
introduce selection
uncertainty

NMF [65] • • ◦ ◦
Additive low-rank
reconstruction of the
training ensemble

Training set, rank, loss,
normalization, initialization,
and regularization

The factorization is
nonunique and
need not follow
observable directions

Neural point
inference ◦ ◦ ◦ • ◦ A loss-dependent conditional

point summary

Simulator, training distribution,
architecture, loss, and
output constraints

Can collapse
multimodality and
fail outside the
training support

Simulation-based
inference [67] ◦ ◦ ◦ • •

Approximate conditional
distribution under the simulator
and prior

Simulator, prior or proposal,
training coverage, density
family, and optimization

Internal calibration does
not establish simulator
adequacy for
real galaxies

Notation: • marks a component that the method family principally modifies or supplies; ◦ marks a material- or
implementation-dependent coupling. An empty cell indicates that the component is not usually the defining
operation of that family, not that it can be omitted from a complete analysis.

BAGPIPES provides rapid generation and Bayesian nested-sampling inference for
configurable combinations of photometric and spectroscopic data, with flexible SFH compo-
nents, metallicity, nebular emission, and dust prescriptions [16]. CIGALE emphasizes mod-
ular panchromatic modeling under energy balance, constructing large model grids from
selected SFH, stellar, nebular, attenuation, dust-emission, radio, and active-galactic-nucleus
modules and estimating physical properties from the resulting likelihood distributions [70].
These implementations illustrate that flexibility in the physical forward model, flexibility in
the SFH representation, and the treatment of active-galactic-nucleus emission are separable
design choices rather than fixed properties of a broad method label.

This distinction is empirically consequential: applying 14 widely used SED-fitting
codes to common CANDELS data, Pacifici et al. [9] found closer agreement in stellar mass
than in SFR and dust attenuation and traced important differences to choices in SFH,
nebular, dust, and active-galactic-nucleus modeling. The comparison reinforces the use of
the complete tuple Mq for interpreting code-to-code variation and complements recent
broader syntheses of galaxy SED modeling [8].

Several conclusions follow from Table 1. First, no method label uniquely deter-
mines the scientific content of an analysis. A nonparametric model can be strongly prior-
dominated, a neural method can use a rigid analytic SFH, and a Bayesian calculation can
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employ either a minimal or highly coupled physical model. The complete tuple, not the
most visible algorithmic label, determines the estimand and its uncertainty.

Second, the methods preserve different objects. PCA preserves ensemble variance;
MOPED preserves local Fisher information under specified conditions; VESPA adapts
usable historical resolution; NMF preserves a non-negative low-rank approximation; a neu-
ral point estimator targets a loss-dependent conditional summary; and SBI approximates
a simulator-defined conditional distribution. Low reconstruction error, high explained
variance, Fisher preservation, and posterior calibration are therefore not interchangeable
claims of historical accuracy.

Third, the components can be combined constructively. A learned basis can be embed-
ded in a physical SED generator, observations can be compressed before posterior sampling,
and amortized inference can be applied to fixed or adaptive representations. Modularity
is scientifically useful only when the population, physical, observational, and uncertainty
assumptions passed between modules remain consistent.

A complete comparison should consequently address at least four questions: whether
the representation can express the scientifically relevant histories; whether those histories
generate distinguishable observations; whether the inference and uncertainty approxima-
tion are calibrated under the stated model; and whether the conclusions remain stable
under credible forward-model discrepancy. Computational efficiency is important for
survey-scale work, but it is a separate criterion from observability and physical reliability.

The taxonomy reveals a common limitation: the historical representation is often
fixed before the information content of the individual observation is assessed. A low-
dimensional model can be too restrictive for informative data, while a high-dimensional
model can introduce many prior-controlled directions for weak data. Section 6 develops
information-driven adaptive representation as a general principle for aligning reported his-
torical complexity with the modes supported by the combined physical and observational
forward problem.

6. Information-Driven Adaptive Representation
Sections 3 and 4 established two complementary facts. First, integrated-light data

constrain only a limited set of historical modes at finite and generally nonuniform resolution.
Second, the representation, regularization, and prior determine how the remaining weak
directions appear in the reconstructed history. A fixed representation chosen without
reference to this information can therefore fail in opposite ways: it can be too restrictive
for informative data or unnecessarily detailed for observations that support only broad
historical averages.

In practical terms, a high-quality spectrum with diagnostics of recent star formation
may support several distinct recent-age intervals, whereas an old or lower-information SED
may constrain only a broad early-versus-late mass split. An adaptive representation should
allow the first result to remain detailed but report the second at the broader resolution
actually supported, even if both fits use a fine internal grid.

Information-driven adaptive representation treats this mismatch as a design problem.
Its central principle is that the dimension, localization, and geometry of the reported histor-
ical representation should be commensurate with the information transmitted through the
physical and observational forward problem. The objective is not to maximize the number
of fitted components, nor to enforce the same minimum complexity for every galaxy. It
is to preserve scientifically relevant freedom where distinct responses exist and to avoid
presenting independent structure where the observations constrain only combinations
or averages.

https://doi.org/10.3390/universe12090259

https://doi.org/10.3390/universe12090259


Universe 2026, 12, 259 40 of 60

This principle is state- and observation-dependent. The useful temporal resolution
changes with the stellar population, metallicity, dust content, redshift, wavelength coverage,
spectral resolution, covariance, and signal-to-noise ratio. Recent star formation can be
localized by ultraviolet or nebular diagnostics in one system, while ancient activity may
remain constrained only through a broad cumulative mass. The same input grid therefore
need not correspond to the same inferential resolution across a survey.

The idea has important precedents. The information analysis of integrated spectra
by Ocvirk et al. [20] showed that the number of nominal stellar-population components
can substantially exceed the number of combinations that are stably recoverable. VESPA
made temporal resolution data-dependent at the level of individual spectra, returning finer
components only where they were supported by the observations [21]. Here, we formulate
the broader principle that representation design should respond to observability across
data types, basis families, and coupled physical states.

The discussion proceeds from the distinction between nominal and information-
supported complexity, to the forms of evidence that can inform adaptive temporal or
basis design, and finally to the scope, limitations, and validation requirements of any
data-dependent representation.

6.1. Nominal Freedom and Information-Supported Complexity

Let Vα denote a candidate historical representation, where the design index α may
specify the number of coefficients, temporal boundaries, basis functions, the dimension
of an internal representation, or physical state variables. Its nominal dimension counts
the independent coordinates introduced by the analyst. It does not count how many
combinations of those coordinates produce distinguishable changes in the data.

Within a specified representation, physical scaling, reference state, forward model,
and uncertainty description, the distinction can be expressed conceptually as

pobs(α; h0, ω,F , Ceff) ≲ pnom(α), (40)

where pnom is the number of represented degrees of freedom and pobs denotes, only at
a conceptual level, the number of independently useful directions supported under the
stated conditions. Equation (40) is not a parameterization-invariant definition or a universal
threshold rule. Its operational interpretation depends on the normalization of perturbations,
the scientific accuracy required, and the treatment of observational and model uncertainty.

This distinction also fixes the terminology used throughout this Review: nominal reso-
lution belongs to the representation, whereas effective resolution belongs to the complete
forward and inference procedure.

A simple temporal example illustrates the distinction. Dividing one age interval into
two bins adds an independent coefficient, but it adds an independently recoverable histor-
ical quantity only if redistributing star formation between the bins produces a response
distinguishable from noise, nuisance variation, and model discrepancy. If the correspond-
ing SSP contributions are nearly indistinguishable after attenuation and observational
projection, the data constrain their sum more directly than their contrast. Finer binning
then improves the approximation space without providing equivalent temporal resolution.

This does not imply that every high-dimensional internal representation is inappropri-
ate. A fine basis can reduce approximation error in forward predictions and can support
accurate estimates of broad functionals. The important distinction is between internal
computational freedom and reportable historical information. An analysis can use many
internal model coefficients while reporting only cumulative mass fractions, temporally
averaged SFRs, or other combinations whose resolution is supported by the data.
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Observable complexity is also not determined by the length of the data vector. Thou-
sands of neighboring spectral pixels can describe a comparatively small number of physical
response patterns, whereas a small number of complementary measurements can separate
an important degeneracy. The relevant diagnostics are the observable modes, effective null
directions, and resolution behavior described in Section 3, rather than the number of bands,
pixels, or fitted coefficients alone.

The same logic applies beyond the SFH. Adding independent histories for enrichment,
dust, gas, or interstellar-medium conditions can increase nominal freedom much faster
than the data-supported dimension. In a coupled model, the observable directions can
combine several physical components. Adaptive design should therefore be applied to the
complete represented galaxy-evolution state and to the scientific functionals derived from
it, not only to the number of SFH bins.

6.2. Adaptive Temporal and Basis Design

A general adaptive design begins with a family of candidate representations and uses
the effective forward response to determine which level of complexity is appropriate for
the data and scientific objective. Schematically,

{Vα}α∈A −→ Vadapt

(
y,Fphys,Oω, Ceff, Q

)
, (41)

where Q denotes the scientific quantity or class of quantities to be inferred. This relation
states the relevant dependencies; it is not a specific selection algorithm.

Candidate evidence for adaptation. The evidence that can motivate refinement,
retention, or coarsening of one candidate representation can be organized into four comple-
mentary classes. These classes identify possible sources of support for adaptation; they do
not define a universal selection statistic, threshold, or stopping rule.

Response-based evidence. Singular values, local Fisher information, and related
derivative-based diagnostics assess whether a proposed additional direction produces a
sufficiently distinct response after physical modeling, observational projection, covariance
weighting, and nuisance freedom are taken into account. Such evidence addresses the
transmission of perturbations by the forward problem, but remains local, scaling-dependent,
and conditional on the adopted model.

Resolution-based evidence. Resolution matrices and averaging kernels assess
whether a reported component is localized at the intended temporal or physical scale. A sub-
division can be available in the representation yet scientifically uninformative when its cor-
responding kernels are broad, strongly overlapping, displaced, or multilobed. Resolution-
based evidence therefore connects internal computational freedom to the effective quantities
that can be reported.

Predictive evidence. Held-out observables, posterior-predictive behavior, cross-
wavelength prediction, and related predictive criteria can test whether additional rep-
resentational freedom improves consequences that were not used to justify the refinement
itself. Predictive improvement is especially informative when the proposed component rep-
resents a physical distinction expected to affect independent spectral features or wavelength
regimes, although it does not by itself establish unique historical recovery.

Robustness-based evidence. Stability across reasonable representations, priors, nui-
sance models, forward-model variants, and repeated data realizations assesses whether a
proposed feature survives changes in assumptions that act along weak directions. A refine-
ment whose location or amplitude changes substantially under modest alternatives should
be treated as assumption-sensitive even when it improves the fitted likelihood.

The four classes are complementary. Response- and resolution-based diagnostics
describe local information transmission and estimator behavior, whereas predictive and
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robustness diagnostics examine the consequences of adaptation beyond one fitted repre-
sentation. A future adaptive method may combine them differently according to the target
functional Q, the observing configuration, the computational setting, and the acceptable
scientific error. The present Review does not promote any one combination as a universal
decision rule; its calibration and repeated-sampling evaluation belong to the three-layer
program of Section 8.

For temporal bins, the design principle is to retain a subdivision when the associated
historical contrast produces a credible and scientifically useful response, and to combine
intervals when only their aggregate contribution is stable. Recent epochs may support
finer components because stellar spectra and nebular emission evolve rapidly, whereas old
populations commonly require broader averages. These tendencies are qualitative rather
than universal, because metallicity, dust, redshift, and wavelength coverage can change
the response.

The selected bins should still be interpreted through their effective resolution. A com-
ponent that remains in an adaptive partition is not automatically localized to its nominal
boundaries. Its estimator can average the true history over a broader or asymmetric interval.
Adaptive binning is most transparent when the reported components are broadly compati-
ble with the resolution kernels or stable integrated quantities identified by the analysis.

Adaptive design is not limited to piecewise-constant histories. Splines, wavelets,
multiresolution dictionaries, PCA or NMF components, and learned representations can all
provide candidate bases. The singular vectors of a local response are useful diagnostics
because they identify well-transmitted and weakly transmitted combinations. They are
not automatically suitable as the final physical basis: they can be nonlocal, signed, state-
dependent, and difficult to interpret under positivity constraints. Their most useful role is
to reveal which contrasts in an interpretable basis are redundant or unsupported.

Multiresolution representations offer a natural compromise. Broad components de-
scribe the mass assembly that is robustly observable, while finer components represent
departures from that coarse history where the data provide additional leverage. The hier-
archy need not be uniform in time or across physical variables. An analysis may support
localized recent star formation, a broad ancient stellar component, a mean enrichment
history, and only an integrated dust-heating quantity.

Learned bases add information from a training population but must be assessed after
propagation through the physical and observational operators. Two components that
are distinct in simulation space can produce nearly identical SEDs, while a low-variance
component can be observationally distinctive. Representation efficiency in the training
ensemble and identifiability in the target data are separate criteria. Rare histories and
out-of-distribution galaxies also remain conditional on the support of the training set.

The scientific target Q should guide the design. A representation optimized for total
mass assembled before a broad epoch need not resolve the duration of a recent burst,
and a representation intended to identify recent quenching need not allocate equal freedom
to ancient times. Target-aware representation can therefore be more informative and
more transparent than attempting uniformly fine reconstruction and deriving the scientific
quantity afterward.

Adaptation can be performed for individual galaxies or within a population model.
Object-level adaptation reflects galaxy-specific observability, but its coefficients are not
automatically comparable across different partitions. Population studies should compare
common functionals defined across all representations. Hierarchical or shared multireso-
lution models can provide common coordinates and borrow strength, but they introduce
population assumptions and selection dependence that must be made explicit.
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These possibilities are not competing definitions of adaptivity. They implement
the same principle in different settings: representation freedom should be introduced
where it contributes a distinguishable and interpretable response to the scientific question,
and unsupported detail should be retained only as explicitly prior-controlled internal
freedom or replaced by broader reportable quantities.

6.3. Scope, Limitations, and Validation Requirements

Adaptive representation does not remove the fundamental limitations of the inverse
problem. It cannot recover an exact or effective null direction, correct an inadequate
forward model automatically, or establish global uniqueness from a local response analysis.
It can reduce the mismatch between nominal and observable complexity, but the resulting
representation remains conditional on the adopted physical model, observational operator,
covariance, candidate family, and scientific target.

Model discrepancy is a particularly important limitation. A refinement can appear
informative because the adopted model predicts a distinctive response in a wavelength
region that is not modeled accurately. The additional component can then absorb calibration
error, stellar-library mismatch, or incomplete dust or nebular physics. Adaptivity must
therefore be evaluated relative to model credibility and held-out prediction, not solely
through an improved fit to the data used for selection.

The candidate family also matters. An adaptive procedure selecting among piecewise-
constant histories cannot escape that family, and a learned dictionary cannot represent
states absent from its training support. Different bases can describe the same observable
subspace with different numbers of coefficients. The selected dimension is consequently an
analysis-dependent measure of supported complexity, not a parameterization-independent
measurement of the galaxy’s intrinsic historical complexity.

Data-dependent representation introduces selection uncertainty. When the same
observation determines both the representation and its coefficients, uncertainty conditional
on the selected model does not automatically include the possibility that another noise
realization would have selected a different partition or basis. General post-selection results
make this issue clear [71], but the nonlinear, constrained, and physically coupled setting
considered here requires dedicated methodological treatment.

Because the representation is selected from the data, its uncertainty cannot be assessed
conditionally on one selected partition or basis alone. The complete adaptive pipeline must
be rerun in each mock realization, and performance should be evaluated through scientific
functionals defined consistently across candidate representations. Selection frequency and
boundary stability may be reported as representation-specific diagnostics, while matched-
and mismatched-model experiments, coverage analysis, held-out prediction, and general
reporting requirements are developed in Section 8.

This Review deliberately stops at these general requirements. It does not define a
universal split or merge statistic, information threshold, stopping rule, hyperparameter-
selection procedure, post-selection correction, or production implementation. It also does
not claim demonstrated gains in coverage, robustness, or real-data performance. Formal
properties of data-supported complexity and concrete adaptive algorithms are reserved for
dedicated foundational and implementation studies.

The central conclusion of this section is therefore limited but consequential: his-
torical resolution is an emergent property of the galaxy state, physical forward model,
observational operator, uncertainty description, representation, and inference. Information-
driven adaptive representation seeks to align the reported complexity with that resolution.
Section 7 extends this principle from the SFH to coupled galaxy-evolution states, for which
the supported directions can combine several physical histories.
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7. From SFHs to Coupled Galaxy-Evolution States
The SFH provides the clearest example of a continuous history inferred from integrated

light, but it is not the only history that shapes a galaxy SED. Stellar populations inherit an
evolving chemical composition; young stars affect and are affected by ionized gas; dust
changes in abundance and properties; and attenuation, scattering, and re-emission depend
on the distribution of stars and interstellar material. The physical roles of these processes
and their mapping into observed data are developed in Section 2. The purpose of the
present section is to examine the corresponding inferential consequence: how the target of
reconstruction changes when these components are allowed to vary together.

The central point is that enlarging the represented galaxy-evolution state does not
turn an integrated SED into a separate measurement of each physical history. It commonly
exposes cross-component degeneracies that were hidden when metallicity, dust, gas, or ge-
ometry were fixed. The appropriate target is therefore a set of observable modes within
a coupled galaxy-evolution state, together with physically interpretable functionals that
remain stable under the allowed exchanges among its components.

This extension also changes the role of physical modeling. Coupling enrichment,
dust, gas, and radiation to star formation can exclude inconsistent trajectories and improve
predictions, but the resulting reduction in uncertainty is supplied partly by the model
rather than by an additional observation. Integrated Galactic Archaeology must therefore
distinguish information transmitted by the data from separation imposed through physical
admissibility. The first subsection defines the coupled state and its reportable quantities,
while the second describes physically admissible subsets and practical model hierarchies.

7.1. Beyond a Single Star Formation History

For the present discussion, the coupled galaxy-evolution history introduced in
Equation (2) can be grouped into physical blocks,

hgal(t) =
[
hψ(t), hZ(t), hd(t), hISM(t), hRT(t)

]
, (42)

where Equation (42) regroups the components of h(t) rather than defining a different
representation of the physical state. The block hψ contains the star formation history; hZ

contains the total and gas-phase chemical states and the compositions inherited by newly
formed stars; hd contains the dust mass, composition, and grain-size distribution; hISM

contains quantities such as density, ionization state, pressure, and radiation-field intensity;
and hRT contains the geometry and transfer state. The grouping is conceptual, and the
blocks need not be dynamically or statistically independent.

Calibration, redshift, kinematic, and other observational quantities are most naturally
treated as nuisance variables associated with the observational operator. They can neverthe-
less be included in the local parameter vector when their data-space responses overlap with
those of the physical histories. Keeping this distinction explicit preserves the separation
between the galaxy state and the observational description introduced in Section 2.

Equation (42) is a conceptual partition, not a prescription to fit every block as a
freely varying function. A component can be represented explicitly, derived from an-
other component through an evolution model, described by a small number of parameters,
or marginalized as nuisance structure. For example, a stellar metallicity history can be fitted
independently, generated from a chemical-evolution model, or replaced by a mean com-
position when the observations do not support temporal enrichment information. These
choices define different inverse problems even when they use the same measured SED.

The blocks are physically connected. Star formation and stellar evolution alter the gas,
metal, radiation, and dust states, while those states affect the radiation through which star
formation is inferred. The detailed process models need not be repeated here; what matters
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for the inverse problem is that a perturbation assigned to one block can be compensated
by changes in another. Fixing the other blocks removes those compensating directions by
assumption and can make an SFH appear more sharply determined than it would be in a
joint analysis [6,7,23].

A coupled formulation should therefore distinguish among quantities required inter-
nally by the forward model, quantities inferred explicitly, and scientific quantities intended
to be reported. These sets need not have the same dimension. A panchromatic model can
require many internal state variables to generate a realistic SED while supporting only a few
robust outputs, such as cumulative stellar-mass assembly, a broad enrichment timescale,
obscured recent star formation, or an integrated dust-heating contribution.

Increasing physical completeness can either narrow or broaden the inferred SFH.
A chemically consistent or energy-balanced model can exclude physically implausible com-
binations and reduce conditional uncertainty. Releasing a previously fixed dust, metallicity,
or nebular component can instead reveal a wider family of histories that the data cannot
separate. The latter is not necessarily a loss of inferential quality; it can be a more faithful
account of the information in the observations.

The aim is consequently not to replace one SFH curve with several independently fitted
curves. It is to construct a state representation in which important physical alternatives are
explicit, unsupported freedom is controlled transparently, and the final scientific quantities
can be related to the combinations that the data actually constrain.

7.2. Physically Admissible States and Model Hierarchies

A finite representation of the coupled state generally contains trajectories that are
mathematically expressible but physically impossible. Star formation rates and component
masses must remain non-negative; cosmic-age limits must be respected; and any adopted
mass, metal, or energy relations must be satisfied. More detailed models can connect
enrichment, gas flows, dust evolution, nebular conditions, and radiative transfer. These
restrictions define the physically admissible subset of the represented state space.

Let Xgal denote the ambient space of represented histories. We write the admissible
subset schematically as

Aphys(ϕphys) ≡
{

hgal ∈ Xgal

∣∣∣ Ephys[hgal;ϕphys]=0
Gphys[hgal;ϕphys]⪰0

}
, (43)

where Ephys denotes equality relations or evolution equations, Gphys denotes inequality
and boundary constraints, and ϕphys contains the assumptions and parameters defining
those admissibility relations. The latter may overlap with, but need not be identical to,
the physical ingredients collected in θphys in the forward operator.

The content of Equation (43) is deliberately model-dependent. Positivity and
the finite age of the Universe are comparatively general restrictions. Energy bal-
ance, a specified enrichment law, dust-growth and destruction prescriptions, or a
geometry-dependent radiative-transfer calculation introduce progressively stronger physi-
cal structure [27,29–31,72]. These relations can improve coherence and prediction, but their
contribution to the posterior should not be described as direct information from the SED.

Physical coupling can remove observationally acceptable but inconsistent solutions.
It can also introduce new uncertainty through stellar yields, gas-flow efficiencies, mixing,
grain processing, or geometry. A more elaborate model is therefore not guaranteed to
make each represented physical component more identifiable. Its principal advantage is
that it exposes the physical alternatives and allows them to be tested against additional
observables rather than hidden within an SFH or attenuation parameter.
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A practical analysis can use a hierarchy of forward models. Depending on the scientific
target, one can move from stellar-population synthesis to stellar and nebular emission,
spectrochemical coupling, panchromatic energy balance, dust evolution, and geometry-
dependent radiative transfer. Section 2 contains the physical definitions and representative
implementations of these stages. The methodological point here is that every stage changes
both the admissible state and the observable degeneracies.

Within such a hierarchy, model complexity should be introduced in response to a
demonstrated need. An additional component is consequential when it reduces structured
residuals, changes a bias found in mismatched mocks, improves prediction of a held-out
observable, or separates a scientifically important alternative. An added state variable that
only improves the fitted likelihood through weakly constrained compensation can increase
model dependence without improving the target inference.

The admissible set can be curved, bounded, nonconvex, or disconnected. Local mode
analysis describes its tangent response near a reference state, but it does not characterize
the complete global solution. Hard physical coupling can also create overly narrow re-
sults when the evolution model is incomplete. More uncertain relations should therefore
be parameterized, tested across model variants, or accompanied by explicit process or
observation-space discrepancy rather than enforced as exact truths.

The representation of the coupled state should itself follow the information-driven
principle of Section 6. It is rarely justified to assign equally fine resolution to the SFH,
enrichment, dust, gas, and geometry. The data may support a localized recent-SFH compo-
nent, a broad composition summary, and only an integrated dust or gas quantity. Useful
directions can also cross the boundaries between these blocks, so independently fine bases
for every history can be less effective than a smaller set of interpretable joint functionals.

Simulation libraries and learned manifolds offer another form of admissibility by
encoding correlations among galaxy properties. They can improve efficiency and realism
within their support, but they inherit the subgrid physics, resolution, and population biases
of the simulations. Out-of-distribution diagnostics are therefore necessary before such a
manifold is treated as the complete space of plausible galaxies.

A reliable coupled-state analysis should state which variables are inferred explicitly,
which are derived from physical relations, which are marginalized, and which conclusions
change when those choices are varied. It should distinguish direct observational separation
from model-assisted separation and should report scientific functionals at the effective
resolution supported by the joint response.

The central conclusion is that an integrated SED constrains a limited set of combina-
tions within a physically structured state space. The task is to identify which combinations
are supported by the observations, which distinctions are supplied by physical assump-
tions, and which conclusions survive reasonable changes in both. Section 8 organizes
the controlled experiments, inverse-problem diagnostics, and forward-model revisions
required to make those distinctions reliable.

8. A Three-Layer Research Program
The preceding sections have identified the main elements of Integrated Galactic Ar-

chaeology: a physical and observational forward problem, a restricted set of observable
historical modes, explicit representation and prior choices, information-driven control of
model complexity, and a coupled galaxy-evolution state. The remaining question is how
these elements should be developed and tested in practice. The answer requires a research
program in which empirical validation, inverse-problem diagnosis, and forward-model
construction inform one another.
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We organize this program into three layers with distinct but interacting roles. Layer I
uses controlled mock observations to determine where an inference succeeds or fails and
returns an empirical map of failure modes. Layer II explains those outcomes using the
observability, resolution, regularization, prior, and discrepancy concepts introduced in
Sections 3–6 and returns a structural diagnosis. Layer III revises the state representation and
forward-model hierarchy using the physical construction developed in Sections 2 and 7,
producing new simulations and predictions for renewed testing. The three layers are
not independent stages and do not define a particular software pipeline. They describe
the evidence required to turn an apparently successful fit into a scientifically reliable
reconstruction. The iterative relationship among them is summarized in Figure 5.

Figure 5. Three-layer feedback cycle for Integrated Galactic Archaeology. Layer I identifies empirical
failure modes through controlled mock experiments, Layer II diagnoses their structural origins
through inverse-problem analysis, and Layer III revises the state representation and forward-model
hierarchy. Revised simulations and predictions then return to Layer I for renewed validation, so that
every material change in the representation or forward model is tested within the complete cycle.

8.1. Layer I: Controlled Mock Experiments

Controlled mock experiments provide the empirical laboratory of the framework.
A known galaxy history is propagated through a specified physical forward model, obser-
vational operator, and stochastic measurement process, after which the intended inference
pipeline is applied without access to the generating history. Such experiments can measure
bias, variance, effective resolution, coverage, prior sensitivity, and predictive performance
under conditions that can be varied systematically. Existing SED-fitting frameworks pro-
vide practical tools for constructing these tests; BAGPIPES, for example, supports flexible
mock spectra and photometry together with Bayesian recovery experiments [16].

The first requirement is to separate matched-model from mismatched-model tests.
In a matched-model experiment, generation and inference use the same representation,
physical forward model, observational operator, and stochastic data model. This tests
computational correctness and conditional statistical behavior, but it describes an idealized
closed world. In a mismatched-model experiment, the generating and fitted descriptions
differ in selected respects, such as the SFH family, stellar population model, abundance
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pattern, nebular prescription, attenuation geometry, dust emission, calibration covariance,
or selection rule. These tests determine whether model inadequacy is exposed as lack of fit
or projects into a biased history.

A useful mock suite must span both underlying galaxy states and observing configu-
rations. Young, old, dusty, metal-poor, bursty, rejuvenating, and recently quenched systems
need not support the same modes. The same intrinsic history can also yield different
recoverability under broadband photometry, narrowband data, spectroscopy, or incom-
plete multiwavelength coverage. Validation should therefore map performance across
the intended scientific domain rather than report one average error over a heterogeneous
test set.

Comparisons should be made through scientific quantities that remain meaning-
ful across representations. Examples include stellar mass formed over broad intervals,
cumulative mass-assembly fractions, recent mean SFRs, mass-weighted ages, broad tran-
sition epochs, metallicity summaries, and predictions for held-out observables. Coeffi-
cients associated with different adaptive bins or learned bases are generally not com-
mensurable, whereas common functionals can be evaluated even when the internal
representations differ.

Every data-dependent stage must be repeated within each mock realization. If the
basis, number of temporal components, regularization strength, nuisance-parameter model,
or quality cut is selected from the data, fixing that choice before repeated-sampling eval-
uation omits selection uncertainty. Coverage and calibration should also be examined
conditionally across galaxy type, redshift, signal-to-noise ratio, and other scientifically
relevant regimes, because correct average behavior can conceal severe failures in particu-
lar subpopulations.

The principal output of Layer I is not a ranking of complete fitting codes. It is an
empirical map of failure modes: where temporal structure is merged, where noise or priors
create apparent detail, where model discrepancy projects into the inferred state, where
uncertainty loses calibration, and which held-out predictions fail. The five-component
taxonomy Mq = (Vq,Fq, Cq, Iq,Uq) of Section 5 allows these failures to be associated with
the representation, forward model, added structure, inference mechanism, or uncertainty
assessment rather than with a software name alone.

8.2. Layer II: Inverse-Problem Theory and Information Analysis

Layer II converts the empirical failure map from Layer I into a structural diagnosis. It
uses the observable modes, effective null directions, resolution operators and averaging
kernels, regularization and prior effects, and discrepancy projections already defined in
Sections 3 and 4, together with the representation-design principles of Section 6. The
purpose is not to derive those tools again, but to determine which mechanism produced a
particular failure and which modification is likely to address it.

For example, alternating activity between neighboring old-age bins can indicate a
weak contrast mode rather than genuine temporal structure. A broadened recovered burst
can reflect the estimator’s resolution rather than an optimization error. A narrow posterior
along a weak response direction can arise from a prior or physical boundary. A coherent
spectral mismatch aligned with an age- or dust-sensitive response can bias the inferred
history while leaving a small residual. These cases require, respectively, coarser reporting,
explicit resolution characterization, assumption-sensitivity analysis, or revision of the
forward and discrepancy models.

The same analysis connects observational choices to historical information. Removing
a wavelength interval, changing spectral resolution, or replacing spectroscopy with photom-
etry changes the effective response and can erase or rotate particular modes. Conversely, an
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additional measurement is valuable when it introduces a response that is complementary
to an existing degeneracy. Layer II therefore guides not only representation design but
also the selection of wavelengths, spectral features, and scientific functionals discussed
in Section 9.

These diagnostics remain conditional on the reference state, the representation and
coefficient scaling, the physical and observational forward models, and the covariance or
likelihood used in the analysis. They should be evaluated across representative galaxy
states and supplemented by global posterior exploration when nonlinear or disconnected
solution families are possible. Disagreement between a local prediction and mock behavior
is itself informative: it can reveal active constraints, nonlinearity, an incorrect covariance,
or numerical effects that are absent from the local analysis.

The output of Layer II is actionable rather than purely descriptive. It identifies which
components should be combined, which quantities can be reported at a stable resolution,
where prior sensitivity must be shown, which directions associated with the represented
galaxy state or observational nuisance parameters should be included, and which additional
observations are likely to separate an important degeneracy. Those recommendations guide
revisions in Layer III, and the revised model and pipeline are then returned to Layer I for
renewed testing.

8.3. Layer III: Physical Forward Modeling and State Construction

Layer III revises the state representation and the physical and observational compo-
nents of the forward model. The relevant physical ingredients—stellar population synthesis,
enrichment, nebular emission, dust processing, and radiative transfer—and the observa-
tional operator have been described in Sections 2 and 7. Here, the emphasis is on how
the state description, Fphys, and, when required, Oω should be developed in response to
evidence from the other two layers.

Greater physical complexity is not automatically an improvement. Adding an uncon-
strained component can reduce residuals by creating new compensation directions without
making the historical interpretation more accurate. An additional process is scientifically
useful when it reduces structured mismatch, improves predictions of independent observ-
ables, changes a bias identified in mismatched mocks, or supplies a physically justified
relation among otherwise degenerate state variables. Conversely, a component that has neg-
ligible effect on the target quantities may be fixed, marginalized approximately, or omitted
within a clearly stated domain of validity.

A hierarchy of forward models is therefore preferable to one presumed final model.
A stellar-only description can be extended to include nebular emission, chemical coupling,
panchromatic energy balance, dust evolution, or geometry-dependent radiative transfer
as required by the scientific target and validation data. Comparing adjacent levels of the
hierarchy distinguishes conclusions supported directly by the observations from precision
supplied by physical coupling. If a quantity becomes narrow only after a strong evolution
relation is imposed, that gain should be described as model-assisted.

Forward-model development must also specify uncertain ingredients and model dis-
crepancies. Alternative stellar libraries, abundance prescriptions, nebular calculations,
attenuation models, and radiative-transfer approximations provide empirical directions
for sensitivity tests, although they cannot span all possible inadequacies. Held-out lines,
wavelength ranges, spatial information, or external gas and dust measurements are espe-
cially valuable because they test the added physics rather than merely reward additional
flexibility in the fitted data.

Computational approximations should be assigned to the component that they modify.
Interpolation and emulation approximate the forward model F , whereas compression and
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simulation-based inference act primarily through the inference and uncertainty components
I and U . All can make physically rich models tractable, but their accuracy must be assessed
in the response directions that matter for the inverse problem. Small average flux errors are
not sufficient if an approximation distorts a weak spectral feature or derivative that carries
much of the information about a target history.

The output of Layer III is not a universal forward model. It is a hierarchy of physically
interpretable models with explicitly defined state variables, uncertain ingredients, discrep-
ancy assumptions, validation observables, and domains of applicability. Every material
revision defines a new inverse problem and therefore returns to Layer I for renewed testing
and, where needed, to Layer II for structural diagnosis.

8.4. The Three-Layer Feedback Cycle

The preceding subsections describe the three layers individually. Their operational
relationship is cyclic rather than linear:

controlled mock experiments → empirical failure map

→ inverse-problem diagnosis

→ representation, state, or forward-model revision

→ predictive and calibration tests

→ renewed controlled mock experiments.

(44)

A revision should be tested under the conditions that exposed the original failure and
under new conditions designed to reveal unintended consequences. The test suite should
expand as the model becomes more ambitious, but highly realistic end-to-end simulations
should not replace simple experiments that isolate individual mechanisms.

The cycle can recommend different responses to superficially similar failures. If adja-
cent ancient-SFH components are observationally inseparable, the appropriate response
may be to coarsen the reported history rather than improve the optimizer. If an emission-
line residual is orthogonal to the local response range, the nebular or calibration model
should be revised rather than adding a burst. If an additional wavelength range rotates
an age–dust degeneracy, the observational operator has expanded the useful subspace.
If several physical models remain equally predictive, the appropriate result may be a
model-conditional range rather than a forced choice.

Representation, inference, and uncertainty must be reassessed after every material
change in the represented galaxy state, representation, or forward model. New physical
variables create new degeneracies; a new discrepancy term changes the effective informa-
tion; and an adaptive representation introduces selection uncertainty. Validation therefore
applies to the complete (V ,F , C, I ,U ) configuration rather than to each module in isolation.
For survey applications, the same cycle must also reproduce detection, targeting, redshift
success, quality cuts, and follow-up selection before population trends are interpreted.

The cycle naturally produces a hierarchy of scientific claims. The strongest claims
concern common functionals that are recovered with calibrated uncertainty, supported
by identifiable responses, stable across reasonable representations and forward models,
and successful in predicting independent observables. More model-sensitive conclusions
can remain valuable when their dependence is stated explicitly. Fine structure that changes
under modest revisions should be treated as a conditional model realization rather than as
an observed event.

This research program also defines the boundary of the present Review. This Review
establishes the shared architecture and identifies the questions that a reliable method
must answer. Formal properties of observable subspaces and data-supported complexity,
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concrete adaptive selection rules, post-selection inference, extensive mock comparisons,
and production implementations require dedicated methodological studies. The three-
layer cycle provides the structure within which those later results can be developed and
evaluated without being claimed prematurely here.

Integrated Galactic Archaeology is thus a continually tested relationship among ob-
servations, physical and observational forward models, representations, and inference.
Controlled experiments establish empirical behavior; inverse-problem analysis explains
the information structure; and physical modeling determines whether the inferred histories
correspond to credible galaxy evolution. The following section returns to the observational
outlook and asks how future data and survey design can enlarge the set of evolutionary
modes that can be reconstructed reliably.

9. Outlook and Conclusions
Integrated-light astronomy is entering a period in which increasingly deep spec-

troscopy, wide-area imaging, and panchromatic observations can constrain galaxy evo-
lution over unprecedented ranges of redshift, environment, and physical state. These
advances will increase both the statistical precision of individual measurements and the
size of the galaxy samples available for archaeological inference. Their scientific effect,
however, will depend on whether the added observations distinguish new evolutionary
combinations rather than merely measure already observable directions more precisely.

The inverse-problem framework developed in this Review provides a natural basis
for making this distinction. The value of an observation is determined by its response to
the coupled galaxy-evolution state, its complementarity to existing data, and the credibility
of the physical forward and observational operators used to interpret it. Additional
measurements can enlarge the observable subspace, improve the effective resolution of
selected scientific functionals, or test alternative physical explanations. They can also add
redundant information, introduce new nuisance parameters, or expose model discrepancy
that was hidden at lower precision.

The outlook for Integrated Galactic Archaeology therefore depends on coordinated
progress in observation, forward modeling, representation, inference, and validation.
No single future facility or computational method will eliminate the non-uniqueness
of integrated-light reconstruction. Progress will instead come from designing observations
that separate scientifically important degeneracies, constructing physical models capable
of predicting the resulting data, and reporting conclusions at the resolution and level of
model dependence that those observations support.

9.1. Expanding the Observable Subspace Through Multiwavelength Data

Multiwavelength observations are valuable because different spectral regimes re-
spond to different combinations of stellar age, chemical composition, ionized gas, dust,
and interstellar-medium conditions. The relevant gain is not simply a longer wavelength
baseline. It is the addition of response directions that are sufficiently distinct from those
already measured. Table 2 summarizes the principal leverage and persistent limitations of
representative observational regimes.
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Table 2. Principal galaxy-evolution sensitivities of representative observational regimes. The listed
associations are not one-to-one correspondences: each observable remains conditional on the physical
forward model, observing configuration, and other components of the coupled galaxy state.

Observational Regime Principal Leverage Persistent Degeneracies and
Model Dependence Representative Facilities or Data

Rest-frame ultraviolet
Recent star formation, short-lived
massive stars, and low-mass
fractions of young populations

Dust attenuation, metallicity, binary
evolution, the upper initial mass
function, and stochastic
recent activity

Space-based ultraviolet data and
rest-frame ultraviolet observations
at higher redshift; JWST
spectroscopy for appropriate
redshift ranges [73]

Optical spectroscopy

Stellar ages, metallicities,
abundance-sensitive features,
nebular emission, and
stellar kinematics

Age–metallicity coupling,
abundance response, velocity
broadening, continuum calibration,
and incomplete stellar or
nebular libraries

Ground-based and space-based
spectroscopy, including redshifted
rest-frame optical spectroscopy
with JWST [73]

Near-infrared imaging
and spectroscopy

Older stellar populations,
redshifted rest-frame optical
diagnostics, stellar-mass-sensitive
continuum emission, and rest-frame
optical morphology

Uncertain evolved stellar phases,
molecular features, nebular
contamination, dust,
and mass-to-light-ratio systematics

JWST, Euclid, and Roman imaging
or slitless spectroscopy [73–75]

Mid- and
far-infrared emission

Absorbed energy, obscured star
formation, dust heating, and
grain emission

Heating by older populations, dust
geometry, radiation-field
distributions, grain properties, and
active-galactic-
nucleus contamination

JWST mid-infrared observations
and complementary infrared
facilities [73]

Millimeter and
submillimeter data

Cold dust, molecular and atomic
gas, interstellar-medium excitation,
and spatially resolved
material reservoirs

Dust temperature and emissivity,
line-to-mass conversion factors,
phase structure, chemistry,
and aperture matching

ALMA continuum and
line observations [76]

Wide-field and
time-domain surveys

Population distributions,
environmental trends, morphology,
photometric-redshift constraints,
variability, and statistical
calibration samples

Strong compression by broad bands,
blending, heterogeneous depth,
selection, redshift uncertainty, and
population-model misspecification

Euclid, Rubin’s Legacy Survey of
Space and Time, Roman,
and cross-survey
combinations [74,75,77]

The sensitivities in Table 2 should be interpreted through the response geometry
introduced in Sections 3 and 7. Ultraviolet data can strengthen sensitivity to recent star
formation, but their ability to separate recent activity from attenuation depends on comple-
mentary dust information. Optical spectral features can distinguish some age, metallicity,
abundance, and nebular directions, but the separation remains conditional on spectral
resolution and forward-model accuracy. Far-infrared and millimeter observations do not
provide the same direct, age-sensitive diagnostics of stellar populations as photospheric
spectral features, but their contribution to SFH inference is not limited to a single integrated
recent-SFR estimate. Far-infrared dust emission constrains the absorbed luminosity and
obscured recent star formation, subject to possible heating by older stars or an active
nucleus, while millimeter continuum and line measurements constrain cold dust, gas
reservoirs, and interstellar-medium conditions associated with ongoing and future star
formation. When modeled jointly with ultraviolet, optical, and near-infrared data through
energy balance or radiative transfer, these observables can reduce dust-SFH degeneracies
and strengthen constraints on recent stellar-mass assembly. They do not, by themselves,
time-resolve older stellar populations, and any detailed SFH inference from them remains
conditional on the adopted heating, geometry, dust, gas, and interstellar-medium model.

A new observation therefore enlarges the observable subspace only when it adds a
response that is not already contained, to adequate precision, in the existing data. Several
neighboring broad bands can improve the measurement of one continuum direction while
leaving the principal age–dust degeneracy largely unchanged. Conversely, one diagnostic
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line, break, or dust constraint can be highly informative when its response is complementary
to the alternatives permitted by the current model.

Complementarity is also state-dependent. Nebular lines can provide strong short-
timescale information for a star-forming galaxy but little leverage for a passive system.
Infrared observations can be decisive for a dusty galaxy while yielding primarily an upper
limit for another. The historical information gained from a fixed filter set or spectral interval
therefore varies with the galaxy state, redshift, signal-to-noise ratio, and the other data
already available.

JWST and ALMA illustrate the value of combining physically different projections of
the same system. Near- and mid-infrared spectroscopy can constrain stellar and nebular
diagnostics at high redshift, while millimeter and submillimeter observations probe cold
dust, gas, and interstellar-medium conditions [73,76]. Joint interpretation can connect
past stellar assembly to obscured activity and current material reservoirs, but only when
aperture, morphology, lensing where relevant, and the spatial association of the emitting
components are included in the observation model.

Euclid, Rubin, and Roman provide a complementary survey-scale opportunity. Their
wide-field optical and near-infrared data can map population distributions across large
volumes and can supply homogeneous samples for hierarchical inference [74,75,77]. Large
sample size does not remove individual-galaxy degeneracy. It instead increases the impor-
tance of calibration, selection modeling, population-level prior assumptions, and computa-
tional methods capable of preserving uncertainty across heterogeneous data quality.

The scientific leverage of multiple surveys will be greatest when their measurements
are treated as components of a joint observational operator Oω rather than when indepen-
dently derived catalog parameters are combined afterward. Joint modeling can preserve
cross-survey covariance, aperture and blending information, non-detections, and the pos-
sibility that one dataset constrains nuisance quantities required to interpret another. It
also makes explicit the selection process determining which galaxies receive each class
of observation.

The computational scale of future surveys will require emulation, compression, amor-
tized inference, or hierarchical approximations. These tools should be deployed within the
modular structure of Section 5. Computational efficiency does not justify imposing one
uniformly detailed historical representation on every galaxy. Information-driven represen-
tations can allocate greater complexity where the data support it while reporting common
broad functionals across the full population.

Multiwavelength observations also provide tests of model adequacy. A history in-
ferred from optical data can be required to predict ultraviolet emission, infrared luminosity,
or spectral lines not used in the fit. Failure across wavelength regimes should not auto-
matically be removed by adding flexible SFH structure. Such tension can identify missing
stellar, nebular, dust, radiative-transfer, calibration, or aperture physics and should feed
back into the three-layer program of Section 8.

The principal opportunity offered by future observations is therefore an expansion
of the set of independently testable physical explanations. Progress should be assessed
not only through narrower marginal intervals, but also through changes in historical
resolution, degeneracy structure, sensitivity to priors, robustness across forward models,
and successful prediction of independent observables.

9.2. Survey Design, Model Adequacy, and Calibrated Inference

The observable-subspace perspective turns observing strategy into part of the inverse-
problem design. Filters, wavelength coverage, spectral resolution, exposure allocation,
aperture, cadence, target selection, and follow-up should be chosen according to the scien-
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tific functionals and physical alternatives that the observations are intended to distinguish.
Maximizing the number of measurements or the total signal-to-noise ratio is not necessarily
equivalent to maximizing the recoverable information about galaxy evolution.

An observing program can measure one already observable combination with ex-
ceptional precision while leaving the principal scientific degeneracy almost unchanged.
A complementary measurement can be more valuable even when its individual signal-to-
noise ratio is lower. The appropriate objective can be expressed through uncertainty in a
target quantity, discrimination between evolutionary scenarios, predictive performance,
or expected information gain, together with the observational cost [78,79].

The scientific target must be stated explicitly. A design optimized for recent mean SFR
need not improve ancient mass assembly, and observations that constrain stellar metallicity
can leave the temporal localization of star formation largely unchanged. Spectral resolution
should be increased where it separates diagnostic features, while broader wavelength
coverage can be preferable when it adds a qualitatively different physical response. These
choices should be evaluated over a population of plausible galaxy states rather than around
one universal fiducial SED.

This target dependence motivates sequential follow-up. Initial photometry or low-
resolution spectroscopy can identify the dominant ambiguity for an individual galaxy,
after which ultraviolet, line spectroscopy, infrared, or millimeter observations are assigned
according to their expected leverage. Such adaptive allocation can use observing resources
efficiently, but the follow-up rule becomes part of the survey selection function. Population
inference must account for the fact that galaxies with unusual SEDs, strong lines, high
predicted information gain, or better preliminary data may be observed preferentially.

Survey design must therefore address both individual-galaxy information and pop-
ulation identifiability. Deep fields can constrain detailed physical models and reveal
discrepancies that remain hidden in shallower data. Wide surveys can determine popula-
tion distributions over large volumes but generally provide coarser individual resolution.
A tiered program is most powerful when the deep observations calibrate the forward,
discrepancy, and population models applied to the wide component rather than serving as
error-free labels for it.

Calibration observations and theoretical development are also part of the design
problem. Once observational noise falls below uncertainty in stellar libraries, abundance re-
sponses, nebular calculations, attenuation geometry, or instrumental calibration, additional
exposure in the same channel can yield diminishing physical return. Resources may be bet-
ter spent on complementary wavelengths, repeated calibration, laboratory or stellar-model
improvements, or observations that discriminate between alternative forward models.

This issue will become increasingly important as high-quality observations expose
model discrepancy. The distinction between observational noise and model inadequacy
introduced in Section 3.3 remains fundamental. A stochastic covariance contribution can
represent some structured uncertainty, but a systematic or state-dependent mismatch can
bias the inferred history rather than merely widen it. Flexible discrepancy models must
also be constrained carefully because they can absorb real historical information [19,51].

Alternative stellar population, abundance, nebular, attenuation, dust, and radiative-
transfer models provide practical sensitivity tests. Agreement among them strengthens the
interpretation of common scientific functionals, whereas disagreement identifies model-
assisted or model-dominated conclusions. Available models can share ingredients and
systematic errors, so an ensemble of implementations should be viewed as a probe of
known variation rather than as a complete probability distribution over physical truth.

Validation of future applications should follow the three-layer framework of Section 8,
including matched- and mismatched-model experiments, posterior predictive assessment,

https://doi.org/10.3390/universe12090259

https://doi.org/10.3390/universe12090259


Universe 2026, 12, 259 55 of 60

simulation-based calibration under the adopted simulator, and prediction of observables
not used in the fit [80,81]. Held-out ultraviolet, infrared, emission-line, abundance-sensitive,
gas, or dust measurements are especially valuable because they test the physical coupling
rather than merely the flexibility of the fitted history. These tests distinguish computational
correctness, calibration under a specified generator, and physical adequacy for real galaxies.

Survey-scale applications add three specific requirements: out-of-distribution assess-
ment for amortized inference, response-aware validation of emulators, and end-to-end
reproduction of the selection and population-inference pipeline. A neural estimator can
return a precise result outside its training support, an emulator can distort a weak but
informative feature despite small average flux error, and a restrictive population model
can suppress rare histories. These checks determine whether computationally efficient
inference remains calibrated across heterogeneous data quality and galaxy populations.

The most useful uncertainty statement will often concern a common scientific func-
tional rather than every internal parameter. Broad cumulative mass fractions, recent mean
SFRs, or coarse transition epochs can remain stable even when detailed histories vary
across representations and forward models, whereas a narrow conditional interval for
a fine temporal component can be scientifically weak when its location changes under
modest changes in prior, basis, or physical model. Future analyses should therefore report
the effective resolution and model dependence appropriate to the claim, identify the ob-
servational features that support it, and state which assumptions or alternative models
change it materially. A large survey catalog of precise point estimates is not a substitute for
calibrated historical inference if those distinctions are absent.

An inverse-problem-aware research program therefore allocates effort across observa-
tion, calibration, physical modeling, and statistical validation. The aim is not to obtain the
densest possible SED for every galaxy, but to acquire and model the information that most
directly separates scientifically consequential evolutionary alternatives. As observational
precision increases, progress will depend increasingly on the credibility of that separation
rather than on the formal sharpness of one model-conditional posterior.

9.3. Conclusions

Integrated spectra and SEDs extend galaxy archaeology far beyond the volume in
which individual stars can be resolved. Present-day radiation retains information about
stellar mass assembly, recent star formation, chemical enrichment, gas, dust, and interstellar-
medium evolution, while the same spatial and temporal integration mixes contributions
from different epochs and physical components. In this Review, we have used the term
Integrated Galactic Archaeology for a unified framework that treats this reconstruction ex-
plicitly as an inverse problem. Its central conclusion is that an integrated SED does not
generally reveal a unique, pointwise galaxy history; it constrains information-supported
combinations that remain distinguishable after physical SED generation, observational
projection, and statistical interpretation.

The recoverable object is conditional on the complete inferential structure. The physi-
cal forward operator Fphys determines how histories generate radiation, the observational
operator Oω determines which parts of that radiation enter the data, and the represen-
tation determines which histories can be expressed. Physical constraints, regularization,
and priors complete weak directions, while model-discrepancy and validation assumptions
determine whether the resulting uncertainty can support a physical claim. Observable
modes and effective resolution are therefore more appropriate descriptors than nominal
parameter number or bin width: nominal resolution belongs to the representation, whereas
effective resolution belongs to the complete forward and inference procedure. A narrow
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conditional interval does not by itself establish historical accuracy, and broad common
functionals can remain robust even when fine bin-by-bin structure is assumption-sensitive.

The five-component structure (V ,F , C, I ,U ) organizes existing methods according to
representation, forward model, added structure, inference mechanism, and uncertainty
assessment. Within this taxonomy, PCA, MOPED, VESPA, NMF, conventional optimiza-
tion, Bayesian sampling, deep learning, and simulation-based inference act on different
components and preserve or return different quantities. They are therefore more produc-
tively viewed as potentially reusable modules than as mutually exclusive solutions to one
algorithmic task.

Information-driven adaptive representation follows from the distinction between
nominal freedom and information-supported complexity. A representation should be
sufficiently flexible to express the histories relevant to the scientific target, but the de-
tail reported from it should not substantially exceed the effective resolution supported
by the data and model. This Review has presented that statement as a design principle
rather than a completed algorithm. It has not introduced a universal selection statistic,
threshold, hyperparameter prescription, post-selection correction, production implementa-
tion, or demonstrated performance improvement; those developments require dedicated
foundational and validation studies.

The same perspective extends beyond the SFH. Galaxy SEDs depend on coupled
histories of star formation, enrichment, gas, dust, nebular conditions, and radiative-transfer
geometry, and the data can constrain mixed physical modes more directly than each under-
lying physical history separately. Physical evolution models and admissibility conditions
can reduce the allowed state space, but the resulting precision is model-assisted and must
be distinguished from information supplied directly by the observations.

Reliable development therefore requires the three-layer feedback cycle of controlled
mock experiments, inverse-problem diagnosis, and physical forward-model revision. Mock
observations reveal bias, resolution loss, calibration failure, and sensitivity to mismatch;
structural diagnostics identify the responsible modes, assumptions, or discrepancy direc-
tions; and revised states, representations, and forward models generate a new inverse
problem that must return to renewed validation. The objective is not convergence to one
presumed universal model, but the identification of scientific conclusions that remain stable
across credible physical, observational, and inferential descriptions.

Future multiwavelength observations can enlarge the observable subspace when they
introduce responses complementary to those already measured. Their value should be
assessed through the degeneracies they reduce, the target functionals they resolve, the phys-
ical models they test, and the selection functions they create. Increasing precision will also
expose limitations in stellar, nebular, chemical, dust, radiative-transfer, and calibration mod-
els that were previously hidden by measurement noise, so complementary observations
and forward-model improvement can become more valuable than additional exposure
along an already measured direction.

The principal aim of Integrated Galactic Archaeology is consequently not to reconstruct
the most detailed possible history. It is to determine which aspects of galaxy evolution
are retained in integrated observations, at what effective resolution, and under which
physical and statistical assumptions. Robust broad quantities should be separated from
assumption-selected fine structure, model-assisted constraints from directly data-supported
ones, and persistent ambiguity should be reported rather than removed through an unjus-
tified preference for one history. By placing the galaxy state, physical and observational
operators, representation, prior structure, inference, discrepancy, and validation within
one framework, Integrated Galactic Archaeology provides a common language for these
distinctions. Its success should be measured not by the visual complexity of reconstructed

https://doi.org/10.3390/universe12090259

https://doi.org/10.3390/universe12090259


Universe 2026, 12, 259 57 of 60

histories, but by the reliability with which observable historical information is translated
into testable statements about galaxy formation and evolution.
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