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Millions of DESI Speotra

Geometric Spectral Modeling
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“ What is DESI? TS

The Dark Energy Spectroscopic Instrument (DESI) is a highly
parallel fiber-fed spectrograph that studies the evolution of dark
energy by collecting and analyzing extragalactlc redshifts (distances)

Our redshift measurements are not aIways
accurate

Relative failure rate of ~0.5% in the nearby
and bright regime for confident objects —
hundreds of thousands of failures |

SDSS Redshift

Want to flag and fix them in an automated
way when possible. Fhis is.a conditionals
probability problem: p(redshift | spectry,

DESI Redshift
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= Beyond Redshifts; TS
Necessity is the Mother of Invention

Goal: Flag and fix redshifts — Need: p(redshift | spectrum)

While we’re at it: Want p(spectrum) « Outlier detectlon population
statistics, sampllng etc

Which means: We need a general purpose spectroscoplc 2
foundation model for DESI spectra to generate a suitable
representation for modellng p(spectrum) In the ﬁrst place
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" Not Another Autoencoder RS

The latent space of an autoencoder is:
1. Uninterpretable: Requires significant post-training probing to

decipher. Science demands interpretability
2. Ungrounded/Agnostic: Latentrepresentations of autoencoders
lack a ground-truth. They are a functlon of downstream |

architecture and |n|t|aI|zat|on -
3. Non-metric: Latent geometry |s uncorrelated wrth the data

geometry (dlstanoes denS|t|es angles) Not swtable for

evaluating p(speotrum)
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Direct Metric Encoder | Epoch 0 (10D) : , Autoencoder | Epoch 0 (10D)

Synthetic hyperspherical
data

Latent Euclidean Distance
AE Latent Euclidean Distance

|dentical encoders trained
In parallel: left trained via

04 06 0s 10 12 14 1.6 00 02 04 06 08 1.0 22
True Geodesic Distance True Geodesic Distance

_Direct Metric Encoder | Latent Dim 2 (150 Epochs) ; ‘Autoencoder | Latent Dim 2 (150 Epochs)
metric regression, right |

trained with an f $

autoencoding objective

Plotting latent Euclidean
distance (y) against true
geodesic distance (x)

Latent Euclidean Distance
AE Latent Euclidean Distance

04 06 08 10 1.2 14 6 00 02 04 06 0.8 10 12
True Geodesic Distance True Geodesic Distance
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Reconstruction Loss (MSE) Narrow Feature Reconstruction Broad Feature Reconstruction
— standard Ay — e Sigrial T Signa — True Sagnal
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Metric Encoder: Hyperspherical Distances Metric Encoder: Submanifold Distances Autoencoder: Hyperspherical Distances Autoencoder: Submanifold Distances
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We can rigorously do: density modeling—outlier detection,
clustering, vector algebra, etc

Original High-D State Space

Low-D Metric-Preserved Latent Space
(Optimized via PyTorch)

¢  Outlier
8%
%
L1 Vet
K ¢
@

Low-D Mon-Metric Latent Space
(E-SNE)
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Determine a Metric TS

Standardized spectra live on a hypersphere; a valid metric space
Enforce latent Euclidean dlstance to be proportional to the physical
hyperspherical distance

Isometry
-- Fit: d=0.676 (R? = 0.954)

Theory d=0.716 (1/V2)
:0.018 | MAE: 0.047
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f = flux vector
T = lag/shift in a zero-padded field

Bin Count

Term on right is just maximum of the normalized
CCF over all lags
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Physical Geodesic Distance (B¢cr)
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Plato 10-NN Regression | R%: 0.9913, oymap: 0.0058

GALAXY 6 QSO

R2: 0.9574 R2:0.9782

Bias: -0.0000 Bias: -0.0000
Onman: 0.0063 i 1 onmap: 0.0051
MN=o0.15- 0.50% M=0.15: 1.82%
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Initial Results: KNN Classification ==

Plato Spectype Classification

Naive Confusion Matrix (15-NN) Recalibrated Confusion Matrix
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Initial Results: Photo-z

Aristotle Photometric Redshift (ugrizW) | R%: 0.9735, oymap: 0.0212

GALAXY 6 QSO

R2: 0.9465 R2:0.9162

Bias: 0.0014 Bias: -0.0004
Onman: 0.0190 | 1 Onmap: 0.0287
MN=o0.15- 0.53% M=0.15: 7.16%

=
o
L

e w
2
Log Density

=
Predicted Redshift
S
Log Density

=
=
un
Iz
@
(a8
5>
@
-
s
T
@
| -
a

3
True Redshift (DESI) True Redshift (DESI)

Andy Morgan andy.morgan@noirlab.edu



B

27 Initial Results: Similarity Search 4=

Red Quasars - LDA Search

Query: 39628471554541810 Query: 39627812633579608 Query: 39628417720652802 Query: 39627625332739527

il -t R

Conf: 0.9992 | 39 11992%

\{ “}h
Conf; 0.9992 | 39 207296610595 Conf. 0.9992 1 396330 019722
|
. 0.9991 | 39628511241049498 Conf. 0.9991 | 39627977415200275

g e

Conf; 0.9991 | 39633015 066264 Confl: 0,.9991 | 30628379632175666
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Conf: 0.9994 | 39628063511679504 Conf; 0.9993 | 39627867033703417
‘ ' ’ 1
Conf: 0.9992 | 39633062270602392 f: 0.9992 | 396283208490

f; 0.9991 | 39628284316616792

0.9991 | 39633066867560007
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High-Z QSO: Z~6.2
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KaMNoN: GALAXY

R%: 0.9991
Bias: -0.00004
Oymap: 0.00301

R%:0.9991
Bias: -0.00005
Oymap: 0.00302

Predicted Redshift (Zpreq)
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True Redshift (Z;pec) True Redshift (Zspec)
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Probabilistic Redshift Arbitration =<

Initial tests have shown success in flagging ~60% of Redrock’s
errors with a ~2% False Positive Rate — ~98% reduction in
manual visual inspection for a ~60% reduction in pipeline failures

Model Comparison to Expert Visual Inspection

Visual Inspection N _Model Arbitration

Template Limit

Credit to Yufeng Luo, Adam Tedeschi, Dixon Reid (U. Wyoming), and Arjun Dey (NOIRLab) for contributing to this VI effort Andy Morgan andy.morgan@noirtab.edu



“@ror The Metric is Self-Diagnosing TS

R?: 0.9966
MAE: 0.0126
Onmap: 0.0053
Outliers: 0.30%
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True Redshift (Zirye)

Predictions
Ideal (y=x)

e Metric stress is ~0: Not a model

capacity issue.

e FErrors diagnose the geometry:

Failures point directly to
misrepresented physics, probing the
data instead of the model.

o lterative discovery: Update the metric

to actively converge on the data's true

geometry.
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Conclusion Tt

Key Takeaways

 Generative to Geometric: We're stepping away from the prevailing generative paradigm

towards a latent representation that acts as a self-diagnosing surrogate for the target
data via metric-learning

. Foundation Level Performance: We demonstrate competitive and SOTA performance

across a number of downstream tasks at a fraction of the parameter count of

contemporary generatlve models, even W|th S|mple non-parametric methods and a ‘false”
metric e '
Future Developments e -

itic nature of the apprbach
te a&ragalacnc DESI DR2

e Metric Refinement: lterating upon«tﬁe diagn
e Full Survey Integration: Scallng to the com
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