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layer 1 layer 2 layer 3
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a = loss_function(Y_true,Y_pred)

= loss_function(Y_true,f(X_true))
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Overfitting

Good fit
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ompute_gradient(x)
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* Pytorch, Tensorflow

* MK ERITE (layer) | RIRAE

© MIFFEHIREFE

y
(Xx,y,z are scalars)

From Fei-Fei Li, CS231

class Multiply(torch.autograd.Function):
@staticmethod
def forward(ctx, x, y):
ctx.save_for_backward(x, y) €e———
Z=XRY
return z
@staticmethod

Need to stash
some values for
use in backward

Upstream

def backward(ctx, grad_z): =
X, Yy = ctx.saved_tensors
grad_x =y *x grad_z # dz/dx * dL/dz
grad_y = X *x grad_z # dz/dy * dL/dz
return grad_x, grad_y

gradient

Multiply upstream
and local gradients
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From Fei-Fei Li, CS231

Numpy

import numpy as np
np.random.seed(0)

N, D=

34

4

X = np.random.randn(N, D)
Yy = np.random.randn(N, D)
z = np.random.randn(N, D)

a=x*y
a+ z

b

¢ = np.sum(b)

grad c =

grad b
grad_a
grad z
grad_x
grad y

1.0

grad ¢ * np.ones((N, D))
grad_b.copy()

grad b.copy()

grad a * y

grad_a * x

:
&

PyTorch

import torch

N, D= 3, 4

X = torch.randn(N, D, requires grad=True,
device=device)

y = torch.randn(N, D, device=device)

z = torch.randn(N, D, device=device)

a=xX %

b=a+z

C torch.sum(b)

c.backward()
print(x.grad)

Trivial to run on GPU - just construct
arrays on a different device!
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Transformer Self-attention
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Softmax

Mask

Scale

Matmul

11 21 31 41

1 2| g 4 L8[ 22[ 382 42 _
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13 23 33 43
14 24 34 44
-~ Softmax
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Morphology
Profile (e.g. NFW)
Physical parameter

Other images
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MR EGZIAIZSERAYSIE: VAERE

(Xu, Shen*+ 2023)
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—3256*256 2 RUEIS AT LA EREIS D>

0.880 A

0.875 A1

SSIM value
o
o'}
~J
o

0.865 A

0.860 A

-@- MAE
~fe- MSE

) X 40N S8 o] AT B RS T

\/I

o< -

20 40 60 80 100
Number of Latent Variables

N ~40

Feature Classes Testacc Precision Recall F1
How round 3 90.68 % 90.68 % 90.68 % 90.68 %
Edge-on 2 84.25% 98.78 % 84.43 % 91.04 %
Bulge Shape 3 84.08 % 84.08% 84.08% 84.08 %
Bar 3 7621 % 7621 % 76.21 % 76.21 %
Have Arm 2 9191 % 73.38% 96.68 % 83.44 %
Arm Tightness 3 7584 % 7584 % 7T7584% 75.84 %
Arm Count 4 86.32% 8632% 8632% 86.32%
Bulge Size 4 82.60 % 82.60% 82.60 % 82.60 %
Merger 2 96.36 % 99.90% 96.45% 98.15 %




IHIEMNEENA: FEBEIFRES
i (1 | |- ] |

%%E‘;’ZH)%B%\EE) AR - ! i = ! i . .
CITT T T LS
EerEEEEET  pEEEEERE
DENEEEED




R EA LIRS AR TFHES

 large vision model (LVM) trained on DESI galaxy images (Fu et al. arXiv 2405.10890)

Input

amn

Preprocessing j

O O .
-« NS . @
@O |

Galaxy
Classification
Restoration .

Image .

Reconstruction .

.—>

LVM
Encoder

Conv layers

Encoder

Output

+@+ﬁ L_, N= R
A
A

Skip Connection

e Elliptical

e Edge on
- - .
e Spiral

e Other galaxies

.-

¢ layers

Conv layers

human in loop

Image

Extract Features User
Using LVM Labels

Data
User Interaction

Automation Step

1]

Output

Feature
Prompt

Feature
Dataset

Train MLP

LVM Module

Predict Unlabeled Objects Using MLP

Sort and Search Objects
Based on Users’ Purpose

Labeled Images with

Features

Images for User
training

Labeling
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| Fully connected |
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|
|
|
|
|
|
|

Inputs Output
Feature maps Feature maps | Layers L
" 7 “Convolution Layers ———
I_ Input layers I Hidden layers I Output Iayers—'

Galaxy Light profile neural Networks (GaLNets). II. Bulge-Disc decomposition in optical space-based
observations

CHEN QIU NicoLa R. Naporitano @12 Rur L1,** YueEDONG FANG,> CRESCENZO TORTORA,® SHIVIN SHEN,”"®

Luis C. Ho® ! WepENG LiN,"? LEyaAo WEL' RAN L1,* Zunut Fan,'"' YaANG WANG,*!? GuoLianG L1,"®> Hu ZHAN,'*?
AND DEezi Liv*!



la SRR : From Survey A to Survey B

GALAXY Z(O., DECalS

' Is the galaxy simply smooth and rounded, with no sign of a disk?
i- ’ —
o o® *
= Smooth Features or Disk Star or Artifact
y How rounded is it? Could this be a disk viewed edge-on? END
: .
® e - <O
“Panda” Strategic “Gibbon” Round  goneon sﬁ?}wed m;OnDlsk SGrneﬂ'lingg:le'
57. 7% Noise 99.3% Does the galaxy have a bulge at .J Isthereabarfeaturetm!wghthe
its centre? If so, what shape? centre of the galaxy?
- — 9°9®°09
Rounded Boxy No bulge No Bar Weak Bar Strong Bar
How many spiral arms are there? Howtigl'ltlywwrlddol!‘le ILthmanya!gnofa
Survey Instrument Bands Area Pixel Scale 9 @ @ Sl SR sppaar AgiRlEm petiam?
DECalLS | Blanco 4m/DECam | g,7.z  ~ 9000° 07262 > € ¥ e e 2| @
BASS Bok 2.3m/90Prime g.r ~ 5000° 077454 Tight Medum Loose |  Yes No
MzLS Mayall 4m/MOSAIC-3 z ~ 5000° 07262 @ O . Ismmaaanimlbu!ga‘?lfm.hbwlargaisi‘t_]_
4 Morethan4 Can't tell compared with the galaxy?

Is the galaxy merging or disturbed? -| . . . . .

BASS/MzLS P Fwes.. - -
MerSing pycyimbance Disturbance ™
. Doyouseeanyoftli'\ssemfeaiurss?

= 0 %« & ® ? X

Ring Lens or arc Irregular Dustlane  Overlapping Sorggzing Irj:u' ing

|

END

How to transfer Al classification from DECalLS to BASS/MzLS?

“DECaL
N




E ----» Before Training |
+ —> During Training :
Pull
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| * Source Domain |

E * Target Domain
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Spherical K-means Pseudo Label
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A & @ ”
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v v

-
A o © @
Feature » . . ),
Extractor
o - .
A - ~

() fe(z:)

Ye, Shen* et al. 2025

J

Latent Space

bar 82.1%
DECaLS#i#E Ry R g 1R 7Y

3
bar 75.9%

IR R B 2 Y F 2
BASS/MzLS

bar 83.4%
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AstroCLIP

z=10.22
‘U.‘_‘\ 1[ 3.2 }1;.-_-‘ Vi
=

- Candidate
U Spectra spectra U

encoder
. § * .x Nearest
e " neighbor
Image * .;"
encoder : o a5
i log M, = 11.2
Shared embedding 08 M

space Zero-shot prediction
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SDSS>HSC DECaLS>HSC

SDSS Image SDSS Image SDSS Image DECaLSs Image DECals Image DECaLs Image

Predicted Pseudo-HSC Image Predicted Pseudo-HSC Image Predicted Pseudo-HSC Image Predicted Pseudo-HSC Image Predicted Pseudo-HSC Image Predicted Pseudo-HSC Image

HSC Image

HSC Image

HSC Image

HSC Image HSC Image HSC Image

Cascade Pix2WGAN
Luo et al. 2024,arXiv 2410.20025



SDSS->HST (collab with Shanghai Al lab)

1.0——

LA 1,0.”.|.'..|.... 10— o :
F e ® * L o -_ - e LY - _ E
- g= Q'16 . O.J a = 0.1?00. o, i 0-_"'.'15 L e ed - o
—_ A= 007-:. LT L. :’: A= 0: Jo &%° bas® - A= 0'0_6. e W 1
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Predict Ha image from SDSS u,qg,r,1,z images

u band g band r band i band Z band Target Prediction

%4:;%&

Trained on MaNGA data
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ESRNEIRIREIRA A

1(k) = ®(k) Dik) (13)
B Hk)
IFl o s =35 =] It can be shown (e.g., Press et al. 2002) that the optimal filter, which minimizes
¢ w)ﬁiﬂ(,ﬁﬂ Ej; ,‘E\;& (j:[lj ﬁ%u I]EE the difference (in the least squares sense) between the filtered noisy data and the
)=:-|;) true signal, is the Wiener filter, expressed in Fourier space as
. S (| Do(k)]?) (| Do(k)|?)
° SRS P(k) = — = = — : (14)
Wienerjgii (1DoMP) + (NWP) — (IDGP)

Telescope imaging process output the last
_ i iteration result f7

 E/fGRIBANEITTE M i b Fves
° Up—samphng and PSF v ekl 000 | Compare mock

with real, one by

one, estimate

DeconVOIUtiOn é Mock imaging process Bl their residual
Coaddition (Wang et :

Drizzled image as images, 5 (tsN).
the initial, F0 [l : rl]fr ezs ?;;;?
al. 2022,2025) o

+sampling

fi+l=fi+ A7 as
the (i+1)-th
mock input

Drizzle all the residuals to an image A’
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