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1 Introduction

Astronomical datasets continue to swell in volume and complexity, driven by large-scale surveys.
Beyond the cataloging of galaxies and stars — photometrically by SDSS [York et al.| [2000] and
spectroscopically by DESI [Abareshi et al.,|2022] — imaging surveys such as the Asteroid Terrestrial
Last Alert System [ATLAS; Tonry et al.,|[2018]], the Zwicky Transient Facility [ZTF; Bellm et al.,
2018l [Masci et al.| [2018] |Graham et al.| 2019} |Dekany et al., 2020], and the Young Supernovae
Experiment [YSE;Jones et al., 2021} |Aleo et al., 2023]] now deliver nearly continuous coverage of
the night sky in search of temporally evolving phenomena.

To extract meaningful structure from these massive datasets, self-supervised learning (SSL) has
emerged as a powerful paradigm. SSL objectives are now widely used to pre-train large astrophysical
networks [Zhang et al., 2024} Rizhko and Bloom, |2025]], improving robustness to out-of-distribution
data and enabling superior performance when fine-tuned on downstream tasks [[Rizhko and Bloom,
2025].

A common SSL approach is reconstruction, in which the model learns to reproduce its input. Score-
based generative models have achieved high-fidelity reconstructions in the image domain [Ho et al.,
2020, Dhariwal and Nichol, 202 1]], but their latent spaces typically lack alignment with high-level
semantic features. To address this limitation, Preechakul et al.| [2022] introduced the diffusion
autoencoder, which combines an autoencoder for dimensionality reduction with a diffusion model
conditioned on the encoder latent space. This hybrid approach produces both semantically meaningful
features and reconstructions of exceptional quality.

While diffusion autoencoders have shown promise for feature learning on image data, they are not
directly applicable to astronomical time-series data. Time-domain astrophysics, in particular, involves
long sequences of irregularly sampled, noisy photometric and spectroscopic data. These datasets
demand custom architectures for scalable representation learning.

2 Background

Diffusion autoencoders. Originally proposed for images by Preechakul et al.| [2022], diffusion
autoencoders encode data with an encoder and reconstruct them using a conditional diffusion model.
Since the encoding guides every denoising step, they can capture fine details more effectively than,
for example, variational autoencoders [Kingma and Welling, |2013]]. However, the original diffusion
autoencoder relied on U-Net [Preechakul et al.,[2022| [Dhariwal and Nichol, [2021]], which is better
suited to regular modalities like images.

Perceiver. Perceiver and Perceiver-10 [Jaegle et al. 2021blal] provide a general framework to (1)
encode irregularly sampled sequences into a latent representation and (2) query outputs from this
latent. This makes them a natural fit for integration with diffusion transformers [Dhariwal and Nichol,
2021], enabling scalable representation learning with diffusion autoencoders.
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Related work. Autoencoding and dimensionality reduction have a long history in representation
learning. Early models that remain widely used include variational autoencoders [VAESs, Kingma
and Welling/ 2013] and their variants, such as hierarchical models [Vahdat and Kautz, 2020] and
discrete latent spaces [Van Den Oord et al., 2017, Razavi et al., 2019]. These models remain common
in physics applications, though they often suffer from posterior collapse [Van Den Oord et al., 2017,
Higgins et al., 2017] and generally show weaker generative ability than GANs [Goodfellow et al.,
2020] or diffusion models [e.g., DDPM Ho et al., 2020].

Researchers have explored combining VAEs with diffusion models to improve generative quality, for
example by learning a diffusion prior [Wehenkel and Louppe, 2021] or training diffusion models on
VAE latent spaces [Kwon et al., 2022, Yan et al., 2021]. Beyond VAES, masked autoencoders [MAES,
He et al., 2022] have recently gained attention as ef cient learners for images and videos. MAEs
reconstruct masked regions from the unmasked context, a strategy well-suited to modalities with
strong local structure like images or audio, but less effective for data with long-range dependencies
(researchers have also suggested that diffusion models can be interpreted as MAEs; Wei et al. 2023).
Despite their impressive performance in image and audio domains, these methods often struggle to
encode high-frequency structure in irregularly sampled long sequences, such as those obtained by
astronomical spectrographs.

3 Diffusion autoencoder with perceiver

In this section, we introduce odiffusion autoencoder withperceiver (dae}). A unimodal daep has
three components: tokenizer, encoder, and diffusion decoder.

Tokenizers. We represent raw data as a sequence of tokens in the model dimension. We treat data
as a collection of measurements at speci c locations with accompanying metadata. Formally, we
de ne (v;s; m), wherev are measurement values (e.g., ux of an astrophysical sowsdg)pcation
information (e.g., wavelength, time, band), amdis observational metadata (e.g., instrument,
observation time of spectra). We adapt the perceiver strategy [Jaegle et al., 2021b] by linearly
projectingv using xed sinusoidal embeddings for continuous parts ¢.g., time) and categorical
embeddings for discrete parts (e.g., color bands). We concatenate value and positional embeddings
and project them to model dimension. We represent metadata as extra tokens appended to the
sequence. For images, we add a small CNN at the beginning of the encoder to reduce the number of
tokens. We show three example tokenizersin g. 1.

Figure 1: Tokenizers used in our empirical studies, from left to right: spectra ( ux across wavelengths),
light curves (brightness in different colors over time), and images.

Unimodal encoders.We use perceiver encoders [Jaegle et al., 2021b] to map token sequences into
compact bottleneck representations. Tokens act as Keys and Values in cross attention, while bottleneck
representations serve as Queries. Self-attention is applied only among bottleneck sequences. We
repeat these perceiver blocks several times, optionally sharing weights. This design handles variable-
length sequences with linear cost in sequence length, making it ef cient for processing long and
irregular data. Finally, we project bottleneck sequences from the model dimension to a xed
bottleneck dimension. We illustrate the encoder in g. 2.

Perceiver |IO-based diffusion decoderOur decoder builds on diffusion transformers [Peebles and
Xie, 2023], particularly cross-attention conditioning. We encode diffusion time with xed sinusoidal
embeddings passed through an MLP, as in Peebles and Xie [2023], and concatenate it with the

1Code available here.
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conditioning representation for the score model. The score model, which predicts added noise, is a
perceiver-lO: noisy data is tokenized, concatenated with conditioning tokens, and used as Keys and
Values in cross attention. A latent sequence serves as Queries with self-attention, then acts as Keys
and Values in a second cross-attention stage with positional information as Queries. We repeat these
blocks, optionally sharing weights. The schematic is shown in g. 2. While Jaegle et al. [2021a]
recommend latent lengths of 128-512, this can be longer than data sequence for some tasks. In such
cases, we use a single-stage perceiver decoder without a latent sequence, directly connecting noisy
tokens to noise prediction through cross attention.

Figure 2: Schematic of the perceiver encoder and perceiver-lIO score model used in daep.

Training and sampling. We train with the score-matching loss from DDPM [Ho et al., 2020] using
1,000 denoising steps. At inference, we adopt deterministic DDIM [Song et al., 2020] for faster
sampling with 200 steps. Similar to Preechakul et al. [2022], our model is not a generative model
since it requires the bottleneck representation. However, following Preechakul et al. [2022] and
Wehenkel and Louppe [2021], we can train another DDIM to sample from the bottleneck distribution,
enabling prior generation.

4 Unimodal experiments

High-resolution spectra of variable stars.We used data from v2.0 DR9 of the Large Sky Area
Multi-Object Fiber Spectroscopic Telescope [LAMOST, Cui et al., 2012], speci cally the dataset
consolidated by Rizhko and Bloom [2025]. The dataset contains spectra of variable stars with on
average 2,500 measurements and up td,000 per star. We trained our model and a benchmark

-VAE (= 0:1) with the same perceiver encoder and decoder to encode spectra into a four-token
sequence of dimension eight. Full architectural details are provided in appendix A.1. We show
two enlarged test examples in g. 3, with additional examples in g. 6. Our model reconstructions
captured ner spectral features compared to the VAE baseline.

Figure 3: Two example reconstructions of long variable star spectra. Our daep model captured
ner spectroscopic features, while the VAE mostly reproduced the overall continuum, likely due to
posterior collapse.
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Spectra and photometry of supernovaeWe used data from the Zwicky Transient Facility Bright
Transient Survey [ZTFBTS, Bellm et al., 2018]. In this survey, supernovae are measured in two
bands—green (g) and red (r)—along with spectra, all sampled irregularly. We encoded the light
curves into a two-token sequence of dimension two. Example reconstructions from our model are
shown in g. 4, with VAE results in g. 7. Our method achieved more accurate reconstructions than
the VAE baseline. Implementation details are provided in appendix A.2, with additional spectral
results in appendix B.3.

Figure 4: Light curve reconstruction from two latent tokens of dimension two using our daep model.

Images of galaxies. We used data from the Galaxy1l0 DECals dataset. Our method achieves
moderately superior reconstructions compared to the VAE baseline, particularly for high-frequency
features. Further details and results are provided in appendix A.3 and appendix B.4.

5 Towards multimodality

Modality mixing and training for multimodal data. To learn joint representations from multiple
modalities, we used a late mixing strategy. We rst encoded each modality with a perceiver encoder,
added a learnable modality embedding, concatenated them along the sequence dimension, and then
applied another perceiver encoder as a “mixer” to produce a single compact bottleneck sequence.
Because the perceiver encoder does not require xed-length input, we trained with modality dropping
[Neverova et al., 2015, Liu et al., 2022] so the multimodal model can handle missing modalities.
We always decoded all modalities using modality-speci ¢ diffusion decoders. A schematic of this
architecture with two modalities is shown in g. 5.

Figure 5: Late mixing and modality dropping for the multimodal daep model.

Simulated supernova spectra and photometryWe used data from simulated, idealized type la
supernova light curves and spectra provided by Goldstein and Kasen [2018] and Shen and Gagliano
[2025]. We trained a multimodal daep and evaluated it on cross-modality generation. Details are
deferred to appendix A.4 and appendix B.5.
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A Implementation details

A.1 LAMOST model details

Data preprocessingWe enforced a 3- quality cut, i.e., only measurements exceeding 3 times the
measurment error are kept for modeling. After all quality cuts, we have 17,063 training stars. We
took arcsinh of ux before modeling and after generation we calculate the original ux. Flux and
wavelength are standardized to a z-score using the mean and standard deviation of the whole training
set after calculating arcsinh of ux.

Architectural details Training details We used same learning rate2be 4 for both models and

model bottleneck len bottleneck dim enc. layers dec. layers modeldim #heads hidden seqlen
daep 4 8 4 4 128 8 256
VAE 4 8 4 4 128 8 256

Table 1: Architectural choices used in LAMOST experiments.

trained for 2000 epochs and 200 epochs respectively for daep and VAE, both training loss converged.
We set =0:1for VAE.

A.2 ZTF model details

Light curve preprocessingWe rst enforced a 3- cut on measurements, then used a Gaussian
process to nd the peak time of red band as the 0 phase. We align time to be relative to the peak time.
We only kept events that light curves cover the peak.

Spectra preprocessinglVe enforced a 3- quality cut for both spectra and lightcurve, i.e., only
measurements exceeding 3 times the measurement error are kept for modeling. After all cuts we have
2,934 events left in training. We took the base-10 logarithm of the ux before modeling, and after
generation we calculate the original ux. We also apply a median lter to Iter out noise. Flux and
wavelength are then standardized to a z-score using the mean and standard deviation of the whole
training set.

Architectural details

model bottleneck len bottleneck dim enc. layers dec. layers modeldim # heads
daep 4 4 4 4 128 4
VAE 4 4 4 4 128 4
Table 2: Architectural choices used in ZTF spectra experiments. We used a single stage decoder
(skipping latent sequence) since the sequence is short.

model bottleneck len bottleneck dim enc. layers dec. layers modeldim # heads
daep 2 2 4 4 128 4
VAE 2 2 4 4 128 4
Table 3: Architectural choices used in ZTF light curve experiments. We used a single stage decoder
(skipping latent sequence) since the sequence is short.

Training details Different from LAMOST experiment, we augment our data by 5 folds and adding
noise to ux measurement and randomly mask part of the measurements. We used same learning rate
of 225e 4 for both models and trained for 2000 epochs and 200 epochs respectively for daep and
VAE, both training loss converged. We set 0:1 for VAE.

A.3 Galaxy1l0 model details

PreprocessingWe normalize the pixel values assuming mé@ahand std0:5 and reshape to size
64 64 3.

Architectural details
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model bottleneck len bottleneck dim enc. layers dec. layers modeldim #heads patch size
daep 8 8 4 4 128 4 4
VAE 8 8 4 4 128 4 4

Table 4: Architectural choices used in Galaxyl0 experiments. We used a single stage decoder
(skipping latent sequence) since the sequence is short.

Training details We augment our data by 3 folds with random ipping. We used same learning rate
of 225e 4 for both models and trained for 2000 epochs and 200 epochs respectively for daep and
VAE, both training loss converged. We set 0:5 for VAE.

A.4 Multimodal spectra and photometry
Data preprocessing.We did not perform further processing beyond those used in Shen and Gagliano
[2025].

Architectural details We have the rst stage encoder for both light curve and spectra to have model
dimension 256, 4 layers, 4 heads, and encode to 64 tokens. The mixer has 4 layers and 4 heads and
model dimension 256, during encoder we allow the concatenated sequence to have self attention. We
encode to a bottleneck sequence of 4 tokens of dimension 4 each.

Training details. In each batch we randomly dropped a modality with probability 0.2, but retain at
least one modality. We trained with learning r@tée 4 and for 2000 epochs. The loss converged.

B Further experimental results

B.1 More high-resolution spectra

In g. 6, we show additional spectra reconstructions using daep and VAE baselines. Our method
consistently captures higher-frequency information details compared to the VAE baseline.

Figure 6: Reconstructions of additional LAMOST variable star spectra. Our method (red) captures
more high-frequency absorption features than the VAE baseline with the same-sized bottleneck
representation (blue).

B.2 ZTF light curves

In g. 7, we show ZTF light curve reconstructions with the VAE baseline. Our method performs
moderately better.
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Figure 7: Reconstruction of ZTF light curves using a baseline VAE model (middle row) compared to
the ground truth observations (top row). Residuals are given in the bottom row.

B.3 ZTF spectra

In gs. 8 and 9, we show spectra reconstructions on ZTF data. Our method captures ner details and
produces better-covered posteriors than the VAE baseline.

Figure 8: Zoomed-in ZTF spectra reconstructions with daep and VAE. Our method captures ner
details and maintains better posterior coverage.



Figure 9: Additional ZTF spectra reconstructions with daep and VAE. Our method captures ner
details and maintains better posterior coverage.

270 In g. 10, we compare latent representations (after t-SNE) from daep and VAE, colored by event type.
211 Interestingly, the daep latent space appears more continuous, while the VAE with1 shows
272 more holes.

Figure 10: Latent representations of ZTF spectra from daep (left) and VAE (right). The latent space
for daep appears more well-regularized compared to a VAE of comparable dimensionality.

273 B.4  Galaxyl0

274 In gs. 11 and 12, we show reconstructions on the Galaxy10 dataset. Our method captures slightly
275 ner-scale structures such as spiral arms compared to the VAE baseline.

10
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Figure 11: Reconstructions on Galaxy10 test data using daep.

Figure 12: Reconstructions on Galaxy10 test data using a VAE. Reconstructions are heavily smoothed
and retain fewer high-frequency structure than daep reconstructions.

B.5 Multimodal spectra and LSST photometry of supernovae

We demonstrate cross-modality generation using the learned encoder. In g. 13, we show inference
from light curves to spectra, while in g. 14, we show inference from spectra to light curves. Our
model performs cross-modality inference directly from the bottleneck representation.

11
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