The problem: ML models hate
\/ extremes! (They're biased!)

R__ The solution: LatentNN
to the rescue!

Basically, noisy inputs make models lazy
and squish their predictions towards the
average. This is ATTENUATION BIAS.
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| + & LatentNN says: "Hold on, those noisy l
g 5> inputs aren't the real story. Let me figure
| . T out what the frue values probably were

while I'm learning!"

True ' Standard ML fi1: & it _—
Relationship (Attenuated, boo!) errect Tor hoisy dava,
like a lot of astronomy!

Astronomy has BIG data
now, so we need ML to
make sense of it all.

Most ML models are like:
“Lalala, I can't
see your error bars!"

compression of the predicted dynamic range

WVJ{ High values predicted too low,

low values too high.... it's all
squashed to the middle!

——

o
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Especially bad when data
is noisy (low SNR)!

systematic compression of the

predicted dynamic range.

treat the true input values as latent variables.

The clever trick

This is the 'squashing’
effect we saw on the
last page!

The TRUE relationship
we want to find.

The BIASED fit
from standard ML.

= True
=== PHitted
(Nerues ¥) . -

I:"{'l'll-.- }':'

Blue is true,
Red is what we
see (nmsy')

— 3 — —2 0 2 . G

See? The fitted line is

too shallow! It's been

SQUASHED towards
the middle.

This is ATTENUATION BIAS in
action. The noise makes the model
underestimate the true slope.

Basically, noise

makes the data

spread out more
horizontally.

from old-school stats:
= pretend the true values

to stellar properties .

extends this idea to neural networks.,

\> And now we're bringing this
powerful idea to modern

deep learning!

are hidden variables
we can solve for.

""“"l:-"uh-:]' ﬂ;)'”“g‘_ + ﬁr":: (1)
This stretches the data horizontally without a corre-
sponding vertical stretch, because the measurement er-
tors In x do not affect y. The observed distribution ap-
pears wider in the z-direction than the true distribution,
Any regression
fit a slope

while the y-extent remains unchanged.

method treating ... as exact will therefore
that is systematically shallower than the true relation-
ship. This weakening of the opparent relationship is why
attennation bias is also known as regression dilution.

regression dilution

A.k.a. "watering down" the relationship.



THE “SQUASHING” FACTOR
(MATH EDITION)

This number tells us how much
the line gets flattened (always < 1)

\

Ag

. Ay v e Why this bias is excessively annoying:
Noise level  True signal [ Getting MORE data T
range g

doesn't fix it.
(It's a bias, not variance!)

X It's caused by errors in
It's the ratio of NOISE to SIGNAL the INPUTS (z), not the labels (y).
that dictates the damage.

~7 So, linear math is neat, but what about...

)

1% bias (Not bad)

Real-world i
examples 10% bias
&F i (Getting worried...)
damage; 50% BIAS! I'his complexity makes it difficult to predict and there-
: analvtically correct the bias in closed ﬁ}mi__tzlb
MndF:-! is basically <general machine learning models> ] The niath
guessing the meqn| gets too
hard here.
No simple
Common formuia
in astro! to save us.
—

But the problem is still there! Our fancy
deep learning models get lazy too.



OK, let’s test this on Neural Networks! Do they get lazy too?

Predictions M=l Ll
(what the model Cy=007) C=100)
thinks) b §
- A lftyi Low Noise =
& High Noise = Zaw s 4 Good Predictions!
Massive Squashing! Medium Noise = Almost on the target
Predictions are lazy, Some Squashing. line!
True VGIU.ES Just guessing

(reality) E::ﬂ near the average.

The “Squashing Curve”

f’ﬁ for both models Surprise! Fancy Neural Nets (squares)
Squashing ~__ get squashed JUST LIKE simple Linear
Factor ~ Regression (circles)! Model complexity
(1=Perfect, doesnt save you from bad data.
O=Useless)

Signal-to-Noise Ratio
(How good is your data?)

take a simple relationship, then

Here's our experiment recipe:
corrupt the inputs with noise.

w I

ince NNs are complex black boxes, we
easure the squashing by checking
he slope of predictions vs reality.

=

Since NNs are complex black boxes,
we measure the squashing by
slope of predictlons vs realtty.

—+



So, complex models don't save us. What now?
Enter our proposed solution: LATENTNN!

Quick detour: You might think
“regularization” (a common trick to prevent
overfitting) would help. Nope! It fixes

Regularization does not resolve the issue elther. One overfitting, not this noise bias problem.
might hope that Ls regularization (weight decay), which

penalizes large wei -

o The Core Idea: Don't treat noisy data as "truth’. Instead,
treat the true, unknown values as hidden (‘latent”)
variables that we need to estimate along with the model!

True Value oise The model tries to figure out
Xotia) V Noisy the true point on the line
: that generated the mes
1. LATENTNN: CORRE renuar@bservation d g +uall n; >
BIAS WITH L. VARIABLES (%obs) ata we actually see.

Having established that neural networks suffer from
attenuation bias, we now develop a method to correct it. %
The approach builds on a classical idea from the statis- V=
tics literature on crrors-in-variables regression (Carroll
et al. 1985; Carroll et al. 2006; Bishop 200G); rather
than treating noisy observations as exact, we treat the /
unknown true values as Intent variables to be estimated - e
alongside the model parameters. For linear regression, This is JUST W"'*'"Q down the prﬂblem
this leads to Deming regression (Deming 1943). Here mﬂThemUHCﬂ”Y: Observed = True + Noise.
we show that the same principle extends naturally to
nenral networks, viesiding a practical correction method

we call LatentNN. This big equation is just asking:
"Given the messy data we have,
4.1. The Latent Varigble Solution in Linear Regression what's the most IIkElY set of true
Standard regression treats 1., as exact, which leads VCIIUES ﬂnd ThE 1E ue ”nE SIOPE (B)?”

to bias. An alternative approach recognizes that @y, is

an unknown quantity for each data point. Rather than

treating the observed values as truth, we can treat the

true values as latent variables to be estimated alongside

the model parameters.

Consider observation 1. YWe assume that the observed

input T,he; is a noisy measurement of the true value This seems hard (1-00 many unknownsl! é

Trrue,is and the observed output fupe: is a noisy mea- . " T

surement of the true output yrye ;. which follows the bl.l'l' It works bECﬂUSE l‘.]." ThE TP‘UE
points must fall on a single straight

- f -

line. That's a huge constraint that

makes it solvable!



The linear case (Deming regression)
has an exact, albeit scary-looking,
mathematical solution...

So, we just swap the

linear model (S,) for a
Neural Net (f; (x)D

/\ 2.2\ | This leads to a new “loss function” to
- minimize, with the same two parts:
5 (1) Match (2) Keep latents

The intuition is beautiful: it's a observations close to data

- smart WEIGHTED AVERAGE. Trust

the measurement that is less noisy.
'y essential. \

GHT: The “linear” part wasn

oo o e
HE KEY INSI
¥E::N ﬁilrarchical structure was.

J—

THE CATCH: Unlike the linear case, there's no simple
formula for the answer. We have to use numerical
optimization (like gradient descent) to find it.



See? The standard Neural Net But our LatentNN fixes it! The

(MLP) is still SQUASHED by the predictions line up with the truth!
noise! Slope is wrong. Slope is correct.
This plot shows the actual This shows the training in action. The model is
functions they learned. The balancing two goals: fitting the data (Prediction
true function is f(x)=2x (dashed). loss 1) and keeping latent values plausible
The standard one is too flat, (Xjatent Likelihood T). It's a tug-of-war!

but LatentNN nailed it!

Here's that “numerical optimization”
we mentioned! It's just standard
gradient descent, but we update

/ everything at once...
...by treating the latent values
— 6/4——' as just more parameters to

learn! Clever trick.




(Attenuation Factor.

Here's the SYSTEMATIC PROOF.
/ LatentNN vs. Standard MLP across ALL noise levels.

R
=]
Q - > >
2
[:=]
= Same story, regardless of
E how noisy the output (y) is.
w
4 A
o
1]

E (Gets a bit wobbly with
extreme noise, but the
*average is still correct)
(Input Signal-to-Noise.
Left = VERY NOISY inputs)

LatentNN ié IMMUNE!
It stays unbiased (A=1) even
with crazy high input noise.

The Standard Net gets "squashed"”
by noise, exactly as theory
predicts. It fails hard here! =

__ Time for a rigorous, fair test...

oy We use a strict data split

L to prevent "cheating”
@ (data leakage).
Tabs,j-

To ensure fair comparison with nodata leakage, we use
a three-fold data split: 1000 samples for training, 200 for
validation (hyperparameter tuning), and 200 for final
evaluation. The validation set is used exclusively for
selecting hyperparameters— for Latent NN we maximize

Ay on the validation set, while for the standard MLP &< ! - I
we minimize validation loss. Final performance metries CRITICAL DETA[ L: They are tuned dlffEl'Eﬂt']f.
are computed on the held-out test set, which is never Standard MLP JUSt Uptll‘ﬂlZES for low error,
while LatentNN is specifically tuned to get
the slope (\) correct on validation data.




The secret sauce: The two loss terms balance

ing three SNR,, values (3, 10, and 30). As expected from
the theory in Section 2, varying SNR,, has little effect on
attenuation— the bias depends primarily on input nolse.
The standard MLP follows the theoretical attennation
curve A, 1/(1 + (04 /0runge)?) regardless of SNR,,.
LatentNN maintains A, = 1 across all tested SNR, and
SNR, values. LatentNN provides robust correction even
at SNR, = 1, though with increased run-to-run scatte:
at lower SNR. values as the problem becomes increas-
ingly ill-conditioned.

The mechanism of correction differs between SNR
regimes. At high SNR where ¢;/0range € 1, the @pen
likelihood term in Equation 11 dominates and the latent
values remain close to the obsorvations (@lutent = Tohs )
At moderate SNR (SNR, =
compete more evenly, and weizght decay tuning becomes
important for LatentNN. The standard MLP, by con-
trast, fails re

2-3), the two loss terms

gardless of weight decay—it lacks the mech-
anism to correct attennation blas, and adjusting regn-
larization only trades off between overfitting and under-
fitting without addressing the systematic bias,
LatentNN generalizes well to held-out test data.
Weight decay regularization applied only to the network
parameters @ prevents the network from overfitting to
the specific denoised distriln
values. The test set performa

ing set performance

each other differently depending on the noise level. 9

stellar spectra where different pixels respond coher-
ently to changes in stellar parameters. We generate

-""-I rain

rive from a single latent variable: r; = a;z where

1000 training samples where all features de

z ~ Unlform({—0:5, 0.5) and a; varies linearly from 0.2 to
(0.4 across dimensions. The true output is p = x' a, cen-
tered at zero. We for SNR,

experiments,

10 as in the single-variate
We use the same network architecture
and training settings as Section 3, with the same three-
fold data split (1000 train, 200 validation, 200 test) and
3,10,30
dimensions at SNR,, values from 1 to 10, repeating each

weight decay grid search stratesy, We test p

experiment S times.

Figure 5 shows the results. Paper [ derived an non-

s i

lytie expression for the attennation factor in correlated
: : 2 141 fanTd
linear regression: X, = Aa E)_ a /(1] SNRS + Z, ay )
The gray curves show this theoretical prediction. Just
as in the single-variate case, the standard ML closely

foliows this linear regression theory curve, confirming

that additional mode nplexity does not mitigate the
fundamental attennation bias., With correlated features,
attennation is weaker than the p l case because
independent noise in different dimensions must con-

spire coherently to displace observations along the signal

Now for the REAL WORLD stuff; /-« t become nereainel
Multivariate Inputs! '

increasing p, the standard MLP

is mitigated compared to smaller p,

that the learned function [p capture:
lving relationship rather than at
data.

npils
ions invol
LatentNIN fogfnulation gener
the latent variables X,

Real astronomical applig
inputs. The
.y form an NV x p matris, where
p is the nmunber of inpuffeatures. The loss function from
Equation 11 extends pfiturally to
= |:_| | _IF.Ul::x:l.'ll'ul .']:I::‘
ol
i=1 fan

M o

I,?;
=] f=1 &,

where o, ; is the output uncertainty for sample {1 and
g5 15 the input uncertainty for sample [ and dimension
4. For simpliclty, we assume homogencous noise o, and
o, across all samples and dimensions, which allows us
to visualize results as a function of a single SNR,..

As shown in Paper I, for uncorrelated features each
dimension attenuates independently, recovering the one-

dimensional result.  We therefore focus on correlated

‘e Term 1: Minimize prediction
error on output (y).

Term 2: Constrain latent X to be e
plausible given noisy input. 1 and A, = 0.9 al

- SNR.

| Ty nanatanie e
dal a non-monotonic re-

The full multivariate
loss function.

. single-variate case (Fig
1 achieves A, = 1 even at SNRK, L,

ire] 1ER

The results show a fascinating
“Goldilocks” effect with dimensionality (p):

ure 43, where p

p=3
(Hard!)

At high p, correlated features “lean on
each other”, providing redundancy that

p=1

(Easy) (Easier again!)

features, which better represent astronomical data '.;:i\-:&__, hElpS cnnStrain the latent values' It"s

actually easier than intermediate p!



Here's the visual proof of the “tug-of-war” from the last page!

LatentNN struggles

e
a bit here (the f \

“Awkward Middle")...

The Standard MLP never
' - learns to correct for the
bias, regardless of p.

...but still beats the T ' b o
e

Standard MLP, which is
stuck on the biased theory
curve.

Strength in Numbers! With more features

(p=10, 30), LatentNN's correction
mechanism works almost perfectly (A}, = 1).

OK, enough toy models.
Let's try a REEL astronomical problem!

; The challenge: Real stellar
WA /| spectra are noisy, and our
r s . '

| | physical models aren't perfect.
Imperfect Model This combination is a recipe
for attenuation bias!

Test
Synthetic Add LatentNN
Spectra from —>| Realistic
"The Payne" Noise
Al L Test MLP

We're using a sophisticated emulator to create realistic -}
test data, focusing on tricky elements like Iron (Fe).



THE FINAL SHOWDOWN:
Real(ish) Astronomy Data!

‘e

These squiggles are
the spectral lines
we're analyzing. J

Metal-rich,
Metal-poor

Metallicity [M/H]:

Red
Blue

Standard MLP
gets CRUSHED . .. The Results: LatentNN vs. Standard MLP

by noisel.0 ijnbigsed ~ =57
(severe (A, = 1)

squashing!) ‘\ x
\ \ With more pixels,
: Standard MLP is
Still strong... okay, but LatentNN
is still better.

LatentNN holds the
line! Near-perfect

This is why the '3 pixels' recovery (A, = 1).

plot is so important!
Real data is often sparse.

&] Adding realistic noise to
< —— challenge the models.

Conclusion: LatentNN reliably
corrects attenuation bias, even
with noisy, limited data typical
of real surveys. It works!



(SEme

 ———— —
THE REAL-WORLD CONSEQUENCE:
We misclassify stars!

True: Biased P;'ediction:
Metal-Poor Metal-Rich
([M/H] = -2) ([M/H] = -1.5)

This bias makes rare, ancient stars
' look normal, totally messing up our
hunderstanding of the Milky Way's history!

These huge surveys
operate ‘exactly’ in the
high-noise regime
where this bias is
devastating. They are
all affected.

THE FINAL VERDICT:
It's not bad data or bad
models ...
it's Attenuation Bias.

LatentNN offers a way out, providing
a path to unbiased science from

noisy spectral data. Case closed!



ing it | A
Putting It In contex
How does LuTen'[NN y

compare 10 other ideas:

6

- noise-augmented data €— These common tricks help. with robustness
I n but DON'T fix the fundamental BIAS.
— Denoising autoencoders We address the root cause.

The core idea: Treat
true values as "hidden"”
variables we need to
to infer.

AHA MOMENT!

A\ LatentNN isn't just "denoising” inputs. It's
using a principled Bayesian framework to
find the most likely true values given the
noisy observations and the learned model.

The network parameters learn the correct

relationship, even if individual latent values

aren't perfect. That's the key!

The principle is flexible! Here's how
it works with more complex noise

(heteroscedastic).
NS
/"7

And for classification tasks! Just swap
out the loss function (e.g., CrossEntropy)
but keep the latent variable part.

GENERALIZATIONS

Bottom line: LatentNN gives us a rigorous,
general way to handle noisy data and
get unbiased science out of our surveys.
Let's put it to workl



Crucial requirement: We need good
e Pty estimates of the noise (oy, 0y)!
[he method requires specifying both input uncertain- / Gﬂrbﬂge il‘l, gﬂr‘bﬂge out ﬂpp|ies to
ties o, (or 44 in the beteroscedastic case) and ontput noise estimates too.
uncertainties a,,. In practice, o, may need to be esti-
mated based on the noise model of the instrument, while : d p
o, reflects label uncertainties or, when labels are precise, IT S CﬂmpUTﬂTlﬂnﬂ”Y EXPE"S“‘E! SCCIIES
a nominal value that sets the relative weighting in tlw"'? Wth NKP. Big dﬂTu = big EOmPUTE lﬂﬂd.
loss function. Misspecified .. or o, leads to suboptimal

correction: underestimating o, canses undercorrection,

while overestimating it can cause overcorrection. A pos- R-._..-' Op‘ﬁmizutinn is fr‘ickie_r Wifh SO mnn"f
sible remedy is adding Jitter terms to be optimized along PﬂmmETEFS to JugglE.

0 HEADS UP! It's not magic:

» Needs accurate noise estimates
e Harder to train

e Computationally heavy

The problem: Neural nets inherit the
/ 'squashing’ bias from classic regression
when inputs are noisy.

3 ~(- Our solution: LatentNNI! It learns the
,@- ‘true’ inputs as hidden variables, fixing
the bias at the source.

/ The result: It works! We get unbiased,
accurate models even with noisy data.

The big picture: This is a game-changer
for astronomy, where noisy data is the

norm.

WRAPPING LT UP:

Attenuation bias is a real danger in ML with noisy data, leading to wrong
science. LatentNN is a rigorous, principled way to fix it by wedding
modern deep learning with classic statistical ideas. I't's not free, but

for precision science, it's worth it!

Now go fix your modele! — The Authore




The final word: Don't let noisy data fool your
Cancy neural net! Accounting for measurement

errors is key to getting "real" science out.

Grab the code
and start fixing
your biases! —

»

= | Scienceis a team sport! Big thanks to
everyone who bounced ideas around

CORAL,
1 F/slj Y (probably over too much coffee).
h f\ " A nod to our Al assistants tool ()
<7\ APPENDIX: For the math folks, here's
the derivation of the ‘squashing’.

ey See? The math proves it.
¥ Noise in ‘x’ makes the
estimated slope (3)
smaller than the true
slope (f3). That's
attenuation biasina
nutshell.

-+ True relation ()

Biased estimate
(1, squashed)

o

—>

And here's the classic statistical fix
< that inspired it all: Deming Regression.

J\ The key idea: Treat the “true’ values (x-. ;) as unknowns
(latent variables) and solve for them together with the slope.



Seeing is believing: The non-linear challenge!

LatentMNN (Test Set)

= 10.0 a
75| oAl /
Standard Neural by
Net is STILL a2
squashed by - - " e i
noise, even with- b, ; LatentNN nails it!
a curvy . W g wblased predictions.
function! Look 50 .~ -5.0 /j"' Perfect slope!
at that bias! -757 .~ -75| / A=1
< i : 1 () Ll
A<l 10005 -5 0 j0 g -5 0 5 10
Jf'!.':r' )"‘.lu-.'
G Learned Function ) Training Losses The training
LatentNN discovers - True: fix) = ¢ / s Total - “tug-of-war”
the TRUE underlying * — Latenny ) / . prediction & i action!
curve (x?) Standard MLP /s Xiatem Likelihood It's balancing
g o L 10° wy w1 fitting the data
S0 [ g | (Prediction loss)
4 10 ' : r VS. finding
...while the standard . A | plausible
net learns a flattened, 7 1 latent values
Y incorrect version. o (Likelihood loss).
%2 =1 0 1 2 LT 167 10°
X Epoch

“Back to the MATH zoNEngow do we find those hidden “true” values?

This is the “cost function” we want to minimize. It
ﬁenalizes estimates that are far from the observed
noisy data (both x and y).

THE KEY INSIGHT!
The “true” x value is just a
smart weighted average.

f—‘fi‘:;:/:\
/ \' Noisy Infegeril from
Observati y & slope
Weight depends _—~7 R _ siizz?} = (Yobs/P)
on x-noise... VS y-noise. <—— =

Clever!

9
Cﬁr;ly, we plug those “true” x's back in to solve for the slope S (it gets a bit messy...).



Here's that messy result! The
“true” slope B, finally revealed.

/

Calculating...

K This text.explains. the cool plufcs on the LAST PAGE!

To demonstrate this, we test LatentNN on a cubic polynomial f(z) = 2%, & TEStII’Ig on a curvy functlon,

x 256 hidden nnits) to ensure the network can represent the nonlinear function accur not jUSt da straight line.
SNR, = 2, a challenging regime where noise equals 50% of the signal range. The same weight decay hvperparameter
search procedure from Section 5 is applied.

The standard MLP exhibits severe attennation, with A, == 0.65—oven worse than the linear case at the same SNR,

as derived in Paper 1. This occurs because measurement errors in « are amplified by the nunlinear function: an error

d. produces a prediction error of approximatcly f/{z)d,, which varies across the inpot domain. Near the edges of the
training range where | [’(x)) = 322 is largest, the effective noise is amplified.

LatentNN corrects this bias. The bottom-left panel shows the learned functions: the standard MLP learns a flattened
version of the cobie, while LatentNN recovers the true function shape. This demonstrates that the latent variable
framework extends naturally beyond linear regression to nonlinear function approximation.

LatentNN fixes it! It finds the true underlying curve. This nethod's just for simple
the linear problems. It works for complex, real-world non-linear relationships too!

The giants whose shoulders we stand on.
(Also, a great reading list for later.)



And the list goes on... Seriously, science is a
massive collaborative effort over decades!

See? Told you
it's a great view
from up here!

Thanks for sticking with me to the end!
Now, go forth and stand on some shoulders of your own.
(And maybe read some of these papers!)




A final few shout-outs to
the community! Science is
a team sport, after all.

Thanks for reading!
Now, where's that

( R. 1., Ruppert f ki, 1
2006, Measurement error in nonline els:
n perspective, Sec I 1
] Ork . M. D I ] M
[ arXilv e-prints, arX 1
1045530/ arXiv.25
! l 5. 81 1 i

)

PS: Don't forget to check out the
code repository mentioned earlier!



