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Fig. 1 Distributions of redshift, signal-to-noise ratio in the r-band (S/N_r), and Petrosian magnitude in the r-band

(petroMag_r) in the dataset
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Fig. 2 Architecture of the convolutional neural network
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Fig. 3 Distribution of true values of gas-phase metallicity

for training, validation, and test sets
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Table 1 Comparison of the performance of

CNN, RF, and MLP models

Model Mean () Standard Deviation (o)
CNN —0.0002 0.0829

RF —0.0053 0.1824

MLP 0.0099 0.1758

4.3 A RIERELTHEANTY

17 W LU 6T CININSE 2R 17 T G 55 T g 2= A7 TE 5%
M. SN T o BT AR B AR A RS e LG BRI, FRATT 9%
R B S e LE (S/IN o)W 2504 R o0 AN RN X[ [3,
5)« [5, 7)« [7, 10). [10, 15). [15, 25)F1[25, 4-o0),
HHH S XN Zpreq — Zowao FIFRHEZE (ILES (a)).
ZEIRRW, HS/N ofk T, TR 2 &k, brE
ZEREIT0.11 dex. FEES/N_ eI 0, TR 2 3% 7k
/N, FEFES/N 1 > 250 B 22 £90.05 dex. 45 F K,
B o i N E 0 SR T, CININASE 2R ) 3 00 44
FEAH B3 .

0.12 A
~ 0.10 - {\
g N
N \}\ _- -
Iﬁ ~
2 0.08 \ -7
N ko 4}/
S }--
0.06
0.04 . . . .
0 0.05 0.10 0.15 0.20 0.25
Redshift
(b)

B 5 AFEEELL (a) MZLES (b) X 0] T AR TN i 22

Fig. 5 Model performance across different intervals: signal-to-noise ratio (a) and redshift (b)
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XFASE PR AR R R EE FEE8.D < lg(M. /M) <
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Fig. 6 Mass-metallicity relation: the 2-axis represents stellar
mass (lgm_fib_p50) from the MPA-JHU catalog, and the y-
axis represents the gas-phase metallicity predicted by the
CNN model.
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DR& % ) bptclass # ™, H 1 bptclass=1%} B
THETEHE R, N T INZGZBA 25 5 MPA-
JHUAZ X UG AC 13 2 1) £91510005% J'6 8% o, BB MLl
H{10000%% 18 22 & 1 /2 & (bptclass=1)A110000%%
TR Y U %, JE11200005 4% A i 285 1% 25 1
5 55 25 A [ R O 5 4 (8 A bR vE AL AL FR. B, 3
PEARAZT D1 D 209 BRI N ZREE L SRR SEAN
WA, INZRid 18 5 58 3,275 [l VA BB (R I 25 07 16 28
L, AF = o6 28 XM 43 2K o1 4 (Binary Cross-
Entropy Loss, BCELoss), {1t #% K F§ Adam. 2%
2] F P N0.001. ALK/ (batch size) 7128, LI
Z5100%¢ (epoch).

g TN B RaE R, B
¥ 11 %2 (Precision) . #4181 #& (Recall) MIF 15y 4 (F1-
score). MZ5 KRG, 1HE YA A AETE B TE
ERRREHR . A B KLy 83 d92%. #
Y B) A 7y RIER R L 892.5%, T3 458T.5% 170 2K
HIREAS 1 2987% ~ Composite (H &) E R. %K
BRGNS THEEENE R 57532 R/
(Active Galactic Nucleus, AGN)Z [f], H & 5 £
Rt 51E B Y R R AL, BRI A6 45 1 7y 2R 2%
R FINE R T SR R, il s RIRVE N &
LORE. BRI S, %0 BRI A R0 X 7 1E
BIGHCE R 5 AR R &R, ) v i & 1 [l
IHREALEBL5E | AT SR LA

x2 BEMRERSEEELRERNTLER

Table 2 Classification results of star-forming

and non-star-forming galaxies

Galaxy Type Precision Recall F1-Score
Star-Forming Galaxy 92.93% 92.09% 92.50%
Non-Star-Forming Galaxy  92.25% 93.07% 92.66%

BATEZ o AR B FLAMOST M I T
AN ETEMPA-JHU A K 1) 219140055 )6 it . [H
i, RE— D3 e S R A FEAS ) 45 B RATILE
W By B 4 S BT B AT R Ik, IR B R
> 0.85 (G /E N IH R TE AR R 2%, BRI )
3229200004 =1 B 15 FE R 1E B LR RO, X
S Y 1 H5 i BROA S AR 4 R T B TN ) S

52 S@HEEFEEMNTNSERGE

FAVE 2B 35 U ZR I CNN R A AL X Ak
2920000/ 15 2 T¥ il 2 2R I UK 42 8 3 B EAT Tl
W, FmAMEHZER. RERTERNET S
NI, Horb, 31)(1) obsid NLAMOST Y i ) i
— bR IARE; F1(2)8 (3) 7 Al 4h H H AR IR £ (ra) 5
R4 (dec); F1(4) S/N_rFR/m 1B AL B S e L
B (5) 2 NIGIELLRE; F1(6) Z,rea WAETE T ALCNN
[ BT T A5 2 1) SR e B R TR R TR
TR AR S R T B At O, WA AL T9.0 dex
B 3T, o R A A B A R R R A AE
8.5-9.2 dexx [f], ¥J{H %1 N8.91 dex.

% 3 LAMOST DRIOKIEEFXRERSHERFEER
Table 3 The gas-phase metallicity catalog of

star-forming galaxies in LAMOST DR10

obsid ra dec S/N_r z Z pred
(1) (2) 3) (4) (5) (6)
101162 331.90851 -1.31349 3.65 0.148407 8.981
102052 331.50241 -1.30848 3.97 0.0960971 9.035
102075 331.56058 —1.47138 3.99 0.18395 9.108
104183 331.9577 0.08844 5.1 0.109185 9.081
107037 332.74158 —1.25447 3.36 0.128122 8.391

Note: The data in columns (1)-(5) are from the publicly
available LAMOST catalog; column (6) lists the gas-
phase metallicity predicted by the model.

3.0 ]

2.5 1
2 2.0
15 -
1.0 -
0.5 1

Densi

86 88 90 92
z

pred

80 82 84
K 7 BRPSEEEEENS A

Fig. 7 Distribution of gas-phase metallicity in our catalog

*https://pytorch.org/docs/stable/generated /torch.nn. BCELoss.html
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Estimating Gas-phase Metallicity of Star-forming Galaxies in the
LAMOST Spectral Survey Using Deep Learning

FENG Jia-bao'? WANG Li-li? LI Ping!?

(1 School of Information and Control Engineering, Jilin University of Chemical Technology, Jilin 132022)
(2 School of Computer and Information, Dezhou University, Dezhou 253023)

AsstracT Gas-phase metallicity is a key parameter for measuring the chemical evolution of star-
forming galaxies. Accurate estimation of gas-phase metallicity is crucial for a deeper understanding of
galaxy formation and evolution processes. Traditional gas-phase metallicity estimation methods rely on
emission line intensity calculations, which involve complex data processing and are difficult to scale to
large spectroscopic surveys. In this study, we propose a deep learning model based on a convolutional
neural network (CNN) that uses the full spectrum observed by the Large Sky Area Multi-Object Fiber
Spectroscopic Telescope (LAMOST) as input. The model enables automatic estimation of gas-phase
metallicity in star-forming galaxies without explicit redshift correction or emission line measurement.
The CNN model consists of 8 1D convolutional layers, 4 max-pooling layers, and 1 fully connected layer,
and is trained to learn the nonlinear mapping between spectral features and gas-phase metallicity values
through a regression framework. Experimental results show that the model achieves a prediction error of
0.0829 dex, which is basically consistent with traditional methods. Further evaluation shows that the
CNN model performs robustly across different signal-to-noise ratios and redshift ranges, and also
effectively recovers the mass-metallicity relation. Finally, the trained model is applied to the LAMOST
Data Release 10 Low-Resolution Survey, generating a catalog of predicted gas-phase metallicity for star-
forming galaxies, which includes about 20000 galaxy spectra. The catalog is publicly available through
the Science Data Bank (https://www.scidb.cn/s/UVBRzm).

Key words galaxies: gas-phase metallicity, methods: data analysis, methods: statistical, methods:
deep learning
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