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The Near-Field Sur‘Vey

Flagship surveysbserve remote
galaxies and largscale structuresis
well asmillions/billions of starsin Milky
Way %nd neaby nelghborsour fossn
recor .

Far-field Survey

M31

. Satellites
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Chemical Tagging: DataMining the Galaxy using Stellar 'DNA!
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Chemical Tagging: DataMining the Galaxy using Stellar 'DNA!
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0.3 N 2 Galaxy assembly & merger history
¥ ool : ] '0-63 Accreted populations (e.g. GSE, Sequoia) carry distinct chemic
3 i The "kneg,.® fingerprintsd a direct test of hierarchical clustering predictions.
0.1- Onset of la SNe _ g
0.0l : _O'O Gas physics & feedback
~0.1" Low-Usequence - The bimodality places direct constraints on gas inflow rates ant
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[Fe/H]
Nucleosynthesis & early IMF

The Chemical Clock (Tracing Star Formation) Metal-poor stars constrain the integrated yields of the first stelle
A High-U rapid early burst; dominated by Type Il SNe generations, probing the early Universe IMF and Pop Il
A The "knee"d onset of delayed Type la enrichment; €nrichment channels.

defines the transition epoch
A Low-U slower, extended disk formation



Classical pipelines are not enough

WHERE CLASSICAL METHODS FAIL

Empirical library limits

Reference libraries have finite parameter
coveraged the metalpoor regime is simply
unreachable.

Domain mismatch across surveys

A pipeline trained on one survey fails when
directly applied to anothér different
resolution, wavelength coverage, and stellar
populations break the model.

THE ML RESPONSE

Learn from data and high-res libraries

Train directly on millions of observed spectra
d no reference library ceiling, except high
res library for labels (from, e.g., APOGEE)

Pret r ai n -tohe f i ne

Pretrain on a large, labelch survey once. A
small label set in the target survey is enough
to adap® zeroshot or fewshot transfer.



The Challengeof Heterogeneous Surveys

The Challenge: How do we transfandels measuringhysical labels ([Fe/H], [alpha/Fe]) from a well
studiedJow-res survey to a new, massive, meditgs survey without reneasuring everything?
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Zero-Shot Generalization
2 Million Model Parameters. Pyieained on LAMOST (90k spectra).

LAMOST LRS spectrum —————3 Multllayer perceptron (MLP)
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Pre-training
MLP




Zero-Shot Generalization
2 Million Model Parameters. Pyieained on LAMOST (90k spectra).

DESI spectrum

Multllayer perceptron (MLP)
v v
[Fe/H], [a/Fe], ...
Labels

LAMOST LRS spectrum :»

Pre-training
MLP




Zero-Shot Generalization
The MLP performavell on DESI data immediately, even without seargjngle DESI gectrum

during training.
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A Zhao et al. 2026a

Do tools for finetuning
lead to better performance?



Tool A: The Effective Simple MLP with Proper Finetuning

2 Million Parameters. Preained on LAMOST (90k spectra). Faened on DESI.

Fine-tuning modules

4 A
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Tool A: The Effective Simple MLP with Proper Finetuning

2 Million Parameters. Preained on LAMOST (90k spectra). Faened on DESI.

Fine-tuning modules

See also:
> /hao et al. 2025
ICML ML4Astro
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Tool A: The Effective Simple MLP with Proper Finetuning

2 Million Parameters. Preained on LAMOST (90k spectra). Faened on DESI.

Fine-tuning modules

See also:
> /hao et al. 2025
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Tool A: The Effective Simple MLP with Proper Finetuning

2 Million Parameters. Preained on LAMOST (90k spectra). Faened on DESI.

Pre-training

MLP

DESI spectrum

LAMOST LRS spectrum :n-»

Multllayer perceptron (MLP)

v v

Fine-tuning modules

[Fe/H], [a/Fe], ...

Labels

See also:
> /hao et al. 2025
ICML ML4Astro

& Full ﬁ—n.;-tuning y




Few-shot fine-tuning

The MLPcorrected the biasfter ~200(DESI starfor finetuning
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Recovering the Thin & Thick Disk Bimodality

The standard pipeline smeared the data. The MLP recovered the
galactic structure. MMD (distance to APOGEE) improved.

Zhao et al. 2026a
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Fine-Tuning Efficiency
It takes only ~2,000 stars to calibrate the medielctively

Zhao et al. 2026a
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Loss Landscapes Show How Different Strategies Behave

Proper finetuning strategies matters, e.g., residead for iron abundance ([Fe/H]) estimation

Zhao et al. 2026a
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Interpreting the Black Box

The network isn't guessing. It learned to look at the same spectral lines a human astronomer would

use.
Zhao et al. 2026a
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Beyond MLPs: Foundation Models for Spectra

Motivation of a foundation model

Why we explore foundation models?

MLP generalizesd but may shallowly

Pretrained MLPs transfer across surveys
but treat each spectrum as a flat vector.
Surveyspecific systematics remain
entangled with physical parameters.

Foundation models learn structure
Pretrained on massive, diverse data, the
learn the underlying spectral languaie
representations that are physically
meaningful, not survegpecific.

14



Beyond MLPs: Foundation Models for Spectra

SpecCLIPAligning LAMOST LRS and Gaia XRJsing Contrastive Learning to push spectra of the
same star together in vector spaggh decoders to crogwedict and retain spectspecific information

In what way to build?

MLP generalizesd but may shallowly

Pretrained MLPs transfer across surveys
but treat each spectrum as a flat vector.
Surveyspecific systematics remain
entangled with physical parameters.

Foundation models learn structure
Pretrained on massive, diverse data, the
learn the underlying spectral languaie
representations that are physically
meaningful, not survegpecific.
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Beyond MLPs: Foundation Models for Spectra

SpecCLIPAligning LAMOST LRS and Gaia XRJsing Contrastive Learning to push spectra of the
same star together in vector spaggh decoders to crogwedict and retain spectspecific information

odality A: LAMOST
,?ﬁa Jikiaw
TS

Self-attention+
Mask modg¢ling
(Parker et al. 2024)

LRS embedding

LRS pre-trained model

Modality B: Gaia XP spectrum

1. Auto-encoder
2. Self-attention+
Mask modeling
(pixel-wise)

XP embedding

XP pre-trained model

MLP generalizesd but may shallowly
Pretrained MLPs transfer across surveys
but treat each spectrum as a flat vector.
Surveyspecific systematics remain
entangled with physical parameters.

Foundation models learn structure

Pretrained on massive, diverse data, the
learn the underlying spectral languaie
representations that are physically
meaningful, not survegpecific.
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Beyond MLPs: Foundation Models for Spectra

SpecCLIPAligning LAMOST LRS and Gaia XRJsing Contrastive Learning to push spectra of the
same star together in vector spaggh decoders to crogwedict and retain spectspecific information
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CLIP -like with
contrastive loss

MLP generalizesd but may shallowly

Pretrained MLPs transfer across surveys
but treat each spectrum as a flat vector.
Surveyspecific systematics remain
entangled with physical parameters.

Foundation models learn structure
Pretrained on massive, diverse data, the
learn the underlying spectral languaie
representations that are physically
meaningful, not survegpecific.
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Beyond MLPs: Foundation Models for Spectra

SpecCLIPAligning LAMOST LRS and Gaia XRJsing Contrastive Learning to push spectra of the
same star together in vector spaggh decoders to crogwedict and retain spectspecific information

LAMOST IRSgpechumn GAls AN RE oI MLP generalizesd but may shallowly
o Pretrained MLPs transfer across surveys
but treat each spectrum as a flat vector.
Surveyspecific systematics remain
entangled with physical parameters.

Lpreq, (Ez(shared,, ) E

LRS embedding

Foundation models learn structure

Pretrained on massive, diverse data, the

\ | | learn the underlying spectral languape

representations that are physically
 Coip (B (Shareds, ), Ex(shareds, ) meaningful, not survegpecific.
S E“‘""“"‘“gs Rl

e + crossmodal predic

Lyred, (El(shared1 ))
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Beyond MLPs: Foundation Models for Spectra

SpecCLIPAligning LAMOST LRS and Gaia XRJsing Contrastive Learning to push spectra of the
same star together in vector spaggh decoders to crogwedict and retain spectspecific information

LAMOST LRS spectrum Gaia XP spectrum MLP generalizesd but may shallowly
j M R Pretrained MLPs transfer across surveys

but treat each spectrum as a flat vector.
Surveyspecific systematics remain

[_—|_] entangled with physical parameters.

Foundation models learn structure

E Pretrained on massive, diverse data, the
R learn the underlying spectral languape
P decoder | representations that are physically

Lot (Fa(shareds, ), Ez(shareds, ) meaningful, not survegpecific.
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Beyond MLPs: Foundation Models for Spectra

SpecCLIPAligning LAMOST LRS and Gaia XRJsing Contrastive Learning to push spectra of the
same star together in vector spaggh decoders to crogwedict and retain spectspecific information

LAMOST IRSgpechumn GAls AN RE oI MLP generalizesd but may shallowly
Pretrained MLPs transfer across surveys
but treat each spectrum as a flat vector.
Surveyspecific systematics remain
entangled with physical parameters.

Lpreq, (Ez(shared,, )

LRS embedding S XP embeddlng

Foundation models learn structure

; : , Pretrained on massive, diverse data, the

] \ i g | / learn the underlying spectral languape
| Med, / =0 representations that are physically

Fa  Ceip (B Shareds, ), Ex(shareds, ) meaningful, not survegpecific.

projected Embeddings £, ) “
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Beyond MLPs: Foundation Models for Spectra

SpecCLIPAligning LAMOST LRS and Gaia XRJsing Contrastive Learning to push spectra of the
same star together in vector spaggh decoders to crogwedict and retain spectspecific information

Zhao et al. 2026b
LAMOST LRS spectrum Gaia XP spectrum MLP genera|i2656 but may Sha”OWIy
i Pretrained MLPs transfer across surveys
but treat each spectrum as a flat vector.

Surveyspecific systematics remain
entangled with physical parameters.

Lyre d(Ez(sharedz ) E

LRS embedding

Foundation models learn structure

Pretrained on massive, diverse data, the

7o : learn the underlying spectral languape

/ representations that are physically
 Coip B Shareds, ), Ex(shareds, ) meaningful, not survegpecific.

" + predict & reconstruct; split embe

Lyred, (El(shared1 ))
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Model Evaluation

LRS Models Raw spectra < Embeddings
Parameter Raw Spectra Pre-trained CLIP CLIP-r CLIP-p CLIP-pr CLIP-split
ol R? ol R? ol R? ol R? o/ R? ol R? ol R? .
Atmospheric Parameters FUI I tab Ie N
[Fe/H] 0.070/ —0.882 0.066/0.939 0.058/0.949 0.057/0.949 0.058 /0.949 0.057/0.949 0.056 / 0.954 ZhaO et al 202 6b
0.023/0.872 0.021/0.906 0.020/0.912 0.020/0.913 0.020/0.911 0.020/0.916 0.020/0.911 )
-

1

Mean = -0.017 dex J Mg .l Mean = 0.005 dex Mean = -0.007 dex
Std = 0.069 dex R ™ Std = 0.068 dex Std = 0.065 dex

o

LAMOST LRS
Comparable or
better than

official pipeline

LAMOST [Fe/H]
Pre-trained [Fe/H]
CLIP-split [Fe/H]

-1 : -2 -1 -1
GALAH [Fe/H] GALAH [Fe/H] GALAH [Fe/H] OU rs

LAMOST official
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Model Evaluation

LRS Models Raw spectra < Embeddings

Parameter Raw Spectra Pre-trained CLIP CLIP-r CLIP-p CLIP-pr CLIP-split
o/ R? ol R? ol R? ol R? o/ R? ol R? ol R? .
Atmospheric Parameters FUI I table N
0.070/ —0.882 0.066/0.939 0.058/0.949 0.057/0.949 0.058 /0.949 0.057/0.949 0.056 / 0.954 Zh
ao et al. 2026b
0.023/0.872 0.021/0.906 0.020/0.912 0.020/0.913 0.020/0.911 0.020/0.916 0.020/0.911
-

1

Mean = -0.017 dex ’ . enes ] Mean = 0.005 dex Mean = -0.007 dex
| Std = 0.069 dex I | Std = 0.068 dex Std = 0.065 dex

o

LAMOST LRS
Comparable or
better than

official pipeline

LAMOST [Fe/H]
Pre-trained [Fe/H]
CLIP-split [Fe/H]

-1 ] -1 -1
GALAH [Fe/H] GALAH [Fe/H] GALAH [Fe/H]

LAMOST official

Mean = -0.082 dex L Mean = -0.044 dex
Std = 0.183dex . .+ Std = 0.170 dex

Gaia XP
Effectiveness
extending to metgboor

Pre-trained [Fe/H]
CLIP-pr [Fe/H]

-3 -2 -3 -2
Gaia RVS [Fe/H] Gaia RVS [Fe/H]
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Mappl ng

t he MI | ky Wayos

Preliminary
Extinction Map: bin_1000

Detalls revealed when increasing bins
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CrossModal Spectral Translation

SpecCLIPoredict a higheres spectrum from the spectrophotometry (via shared physical information

How does the foundation model help to generalize from one
survey to a brand new one? 17



