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Abstract
We introduce a generative model for galaxy spec-
tra based on an autoencoder architecture. Our
encoder combines convolutional and attentive ele-
ments to identify important spectral features. The
decoder is a fully-connected network, tasked with
generating restframe spectra, which are then ex-
plicitly redshifted to the observed redshifts and
resampled to match the spectral resolution and
coverage of the instrument. The architecture thus
reflects the astrophysical dependencies of a data-
generating process that exhibits two fundamental
degrees of freedom for each galaxy, namely its
redshift and the characteristics of its restframe
spectrum, and learns a compressed data-driven
parameterization of the latter. We train this model
on 100,000 optical spectra from SDSS, and find
that it generates highly realistic galaxy spectra and
excellent representations of the inputs. However,
the desired redshift-independent encoding is pos-
sible only by augmenting the training spectra with
artificially altered redshifts. Doing so establishes
redshift invariance at the price of restricting the
utilized spectral features to a consensus set that is
accessible for any redshift covered by the training
data, thereby limiting the information extracted
from all spectra.

1. Introduction
Spectroscopy is critical to understand the physical processes
that occur in galaxies across cosmic time. It is challenging
because the data are noisy and riddled with artifacts, e.g.
from telluric contamination, and because of the simulta-
neous presence of two types of variation: of the physical
processes within galaxies and of their redshifts. The latter
causes a stretching of the observed spectrum with respect to
its restframe shape, which is determined by the former.
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The construction of data-driven spectrum models has there-
fore been limited either to nearby galaxies, where the cos-
mological redshift can be ignored (Moustakas et al., 2006;
Brown et al., 2014), or to a reduced wavelength range that
is accessible for all galaxies after they have been artificially
transformed to some consensus redshift (Yip et al., 2004;
Portillo et al., 2020). Either approach reduces the num-
ber of usable galaxies or the wavelength range over which
galaxies can be useful. The assumption that any given spec-
trum can be represented by a linear combination of a small
number of basis vectors (Yip et al., 2004) or prototypical
templates (Calzetti et al., 1994; Kinney et al., 1996) further
curtails the complexity of spectrum models. Despite (or
because of) its simplicity, linear models are widely used for
inferring redshifts from galaxy spectra (Bolton et al., 2012;
Ross et al., 2020) or broadband photometry (Benitez, 2000;
Brammer et al., 2008), as well as for the generation of mock
spectra from large cosmological simulations (Fagioli et al.,
2018; Wechsler et al., 2021). On the other hand, theoretical
models cannot reproduce high-quality observed spectra, not
even when restricted to specific galaxy subpopulations (e.g.
Tojeiro et al., 2011). Many physics-based approaches also
treat separately the continuum from stellar emission and
emission lines from nebular emission (Baldwin et al., 1981;
Kewley et al., 2019). This practice creates a disconnect
between a galaxy’s stellar population and its gas content,
which then affects the capabilities of subsequent analysis
efforts (Cappellari, 2017; Leja et al., 2017). In summary,
neither data-driven nor theoretical models currently capture
the full information content of galaxy spectra.

However, the widespread adoption of template libraries
suggests that the space of galaxy spectra is in fact low-
dimensional. More explicitly, Portillo et al. (2020) demon-
strated that a high-fidelity reconstruction of galaxy spectra
can be achieved by an autoencoder architecture (Hinton
& Zemel, 1994; Kingma & Welling, 2013) with a latent
space of just six dimensions. We extend that work with a
specifically designed architecture that combines an attentive
convolutional encoder with an explicit redshift transforma-
tion after the decoder. It allows the exploitation of the full
spectrum of all galaxies in a survey to form a super-model
that exceeds the wavelength range and spectral resolution
of any individual spectrum.
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Figure 1. AE architecture with an attentive convolutional encoder and an explicit redshifting transformation after the decoder.

2. Method
We set up a standard autoencoder (AE), and use as loss a
weighted MSE

L(θ) =
∑

w ⊙ (y −mθ(y))
2/

∑
w, (1)

where y ∈ RN×L denotes a batch of spectra, mθ(y) the
reconstructed spectra from the autoencoder model, wn,l =
1/σ2

n,l the inverse variance weight of the l-th spectral el-
ement for the n-th galaxy, and ⊙ the element-wise mul-
tiplication. This loss corresponds to a log-likelihood for
normal-distributed data, which is appropriate for optical
spectra.

The architecture is shown in Figure 1. We base the encoder
on the work by Serrà et al. (2018) as a generic model for 1D
data sets. The architecture starts with 3 convolutional layers
with progressively wider kernel sizes (5, 11, 21) and max-
pooling, which translates L = 3892 spectral elements into
512 channels for 71 wavelength segments. It then applies
attention in wavelength direction to these channels, i.e. it
splits the channels into two parts, h and k (∈ R256×71), and
combines them as e = h · softmax(k), where the dot prod-
uct and the softmax operate on the last, i.e. the wavelength
dimension. In essence, the encoder scans for the presence
of features across the spectrum, and then reports their am-
plitude regardless of their location. This is important for
galaxy spectra because increasing the redshift translates all
features towards larger wavelengths. The final embedding
of e to S latent variables is achieved by a small multi-layer
perceptron that is conditioned on the redshift. The step is
meant to compensate for the presence or absence of some
spectral features e, depending on the redshift of the galaxy.

The decoder, a simple 3-layer MLP with (64, 256, 1024)
dimensions and leaky ReLU activation functions, generates
a representation of the spectrum at redshift z = 0, the so-
called “restframe”. This internal model is then analytically

redshifted to the known galaxy redshift and resampled to
the observed spectrum resolution. We perform the last step
as a linear interpolation because the spectral resolution of
SDSS is sufficient to resolve strong emission lines.

Applying the redshifting transformation explicitly in the
generator part of the autoencoder removes the ambiguity
between the location of spectral features in restframe and
in the observed frame. It is thus much easier to train the
critical aspect, namely the spectral encoding of restframe
features, without also having to learn the analytically known
effects of redshift. A similar approach was employed by
(Lanusse et al., 2021) for galaxy images altered by a variable
point-spread function.

To enable the redshifting transformation, the decoder’s in-
ternal model must encompass the maximum range of rest-
frame wavelengths accessible for SDSS spectra of galax-
ies up to zmax = 0.5, i.e λmin = 3784/(1 + zmax) Å to
λmax = 9270 Å. The model has R = L(1 + zmax) = 5785
linearly spaced spectral elements, which prevents that any
observed spectrum is internally undersampled.

3. Data
We retrieve 100,000 galaxy spectra from SDSS Main Galaxy
Sample (Strauss et al., 2002). SDSS MGS is a highly com-
plete sample of galaxies out to moderate redshifts. From
the full sample of ∼650, 000 spectra, we use spectra classi-
fied as galaxies, with accurate redshifts, and with no quality
flags. In particular, we impose standard quality flags and
only use galaxies with low redshift errors σz < 10−4. Each
spectrum has L = 3892 spectral elements and covers the
wavelength range λ = 3784 . . . 9270 Å. We use calibrated
spectra, inverse variance weights, and masks from the spec-
troscopic reduction of SDSS Data Release 16 (Ahumada
et al., 2020). We normalize the spectra by dividing out the
median flux. In masked areas, we set the weights to zero.
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Figure 2. Example restframe spectra and their reconstruction by the AE-10 model, ordered by redshift (top to bottom). The left column
shows the entire spectrum, with blue shading denoting the statistical weights (brighter is higher). Other columns zoom in to specific
emission and absorption lines. Wavelengths that are unobserved or masked by the processing pipeline are shown in dark blue.

4. Results
We implement this architecture in pytorch (Paszke et al.,
2017) and train it with 70% of the parent sample for 300
epochs with the Adam optimizer (Kingma & Ba, 2015) on
a NVIDIA V100 GPU. Figure 2 shows the original and
reconstructed spectra of the AE model with S = 10 latent
variables for several galaxies from the withheld test sample,
spanning z = 0 . . . 0.2. The AE-10 model provides an
excellent fit to spectra from different types of galaxies at
different redshifts, with losses indicating a fit with residuals
smaller than the noise level. More qualitatively, good fidelity
is evident from the recovery of the highly variable behavior
of the NII-Hα complex (last column) for a starforming (first
row) to a quiescent galaxy (second row) or with substantial
line broadening (last row).

We want to emphasize that the AE spectrum model exceeds
the spectral resolution and observed wavelength range for
every galaxy, inferring the missing parts from similar galax-
ies at different redshifts. The establishment of an extended
restframe model is most obviously confirmed by the predic-
tion of the expected but unobserved OII doublet (first row,
second column).

This result seems to suggest that, by exploiting the known
redshift transformation in the decoder path, the autoencoder
indeed has established a redshift-independent extraction

of spectral features to define its latents. However, closer
inspection reveals that this is not the case. By artificially
altering the redshift of observed spectra between 0 ≤ z ≤
0.5, and removing all parts of the spectra that are shifted
out of the observable wavelength range (see an example
in Figure 3), we find that while the reconstructions remain
accurate, the corresponding positions in latent space are
not stable. That complicates the interpretation of the latent
space location as a unique descriptor of a galaxy’s restframe
spectrum. More concerning, spectra of identical galaxies
observed at sufficiently different redshift do not end up at
the same latent space location and thus fail to contribute to a
robust training of the restframe model. In other words, when
trained on a range of redshifts, the model is pieced together
from many local solutions that combine a latent location
and a redshift to yield a good fit of an observed spectrum.
This behavior is enabled by a flexible decoder that can turn
different latent locations into essentially indistinguishable
spectra. These local solutions could ultimately be defined
by a very small set of training spectra, defying the intention
of constructing a common model from all galaxies.

A possible remedy is consistency regularization (Sinha &
Dieng, 2021), where a penalty term is added to the loss that
discourages different latent positions for training data that
differ only by a desired invariance transformation. Another
common practice in comparable situations is to train with
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Figure 3. Artificially redshifted spectra (from bottom to top: z =
0, 0.12, 0.25, 0.38, 0.5, in color) produce visually good fits (black
lines), but differ in latent space location, unless the training is
augmented with such artificial redshift examples.

data augmentation (e.g. Mittal et al., 2020). We therefore
repeat the training with artificially altered redshifts, and we
indeed find redshift-invariant encoding positions from either
consistency penalty or data augmentation. Both procedures,
while effective, come at a price that is, to our knowledge,
not broadly acknowledged. As is evident from Figure 3,
to achieve robustness under artificial redshift changes, the
encoder learns to only utilize spectral features that are avail-
able at all redshifts encountered during training. Doing
otherwise, i.e. using one set of features at redshift z1 and

another one at z2, would inevitably lead to different latent
locations. With increasing redshifts these commonly avail-
able consensus features get increasingly relegated to the
bluest side of the spectrum, utilizing ever fewer information
from the observed spectra. If we were to span a redshift
range up to z ≈ 1 during training, we would not find any
consensus features at all, forcing the autoencoder to trade
off consistency against reconstruction fidelity.

Our findings are further supported by preliminary experi-
ments with parameter inference from either full or encoded
spectra, which show weakened constraining power after en-
coder compression, even though the autoencoded model has
average errors below the noise level of the observation.

5. Conclusion
We present a novel architecture to encode spectra of galax-
ies that explicitly acknowledges the simultaneous variation
of two parameters of the data generating process: the in-
trinsic spectrum of a galaxy and its redshift. We find good
reconstruction fidelity for a wide range of galaxy types and
redshifts. Our approach enables many applications that de-
pend on generative models of galaxies, e.g. to generate
realistic spectra, detect outliers, better infer properties such
as redshift, and cross-calibrate different surveys.

On the other hand, we find evidence that, despite the redshift
transformation being explicitly performed in the decoder
path, the resulting latent space locations are not redshift-
invariant. We attribute this finding to a preference for ex-
ploiting a broad range of spectral features, whose presence
or absence at different redshift alters the encoding result.
The lack of an agreement on how to encode spectra as a
function of redshift complicates the interpretation of the
latent space. For instance, it means that one cannot directly
leverage information learned from spectra at one redshift
to guide the reconstruction of spectra at another redshift,
or more generally distinguish between the apparent effects
of redshift and actual physical differences in the spectra of
galaxies at different redshifts.

Modified training with either a consistency regularization
or data augmentation substantially improves the redshift-
invariant encoding, but is achieved by limiting the wave-
length range over which spectral features are considered to
a consensus that is accessible for all galaxies in the train-
ing data. This reduces the information that is effectively
extracted from all galaxies, leading e.g. to weakened con-
straints from parameter inference based on encoded spectra.
We welcome recommendations for establishing invariant
encodings that leverage all available information even from
samples that lack consensus in the observed data space.
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tributions of galaxy spectral types in the sloan digital
sky survey. AJS; American journal of sociology, 128(2):
585, August 2004. ISSN 0002-9602, 1538-3881. doi:
10.1086/422429. URL https://iopscience.iop.
org/article/10.1086/422429/meta.

http://arxiv.org/abs/1805.03908
http://arxiv.org/abs/2105.14859
http://arxiv.org/abs/2105.14859
https://iopscience.iop.org/article/10.1086/422429/meta
https://iopscience.iop.org/article/10.1086/422429/meta

