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bt g 1 1 R A (AR R SR oI I KR e, R A AUt AT T R E R T R
BEALFRF AR (A SCIRTFR N AL B AR) 4R Z (Kong et al., 2018; Bergen et al., 2019; Yu and Ma, 2021;
Arrowsmith et al., 2022; Mousavi and Beroza, 2022; 2023). H, fEHWE Hzh9m B L%+ Al
BRI 7E B Nl LL PhaseNet (Zhu and Beroza, 2018). EQTransformer (Mousavi et al.,
2020)5F AR FET R X IRER 4 BR 10 0 1) T SR 80 b B 42 3 et R % i) B
ANZEAFF (1, Jiangetal., 2021; Tan etal., 2021; Wilding et al., 2023; Kato, 2024; Yoon and Shelly,
2024; Yao etal., 2025), B~ H G AL T-4% G 502 0 MR A U 68 70 AR AR AR UG B, {iHhE H 3%
TEF B A E AL & _E A 1 5235, Chiaraluce etal., 2022; Zhou et al., 2025), A
/INHIFE A ORI G T 22 SR EE RS A S50 42 08 2 i 7 LB (Ross et al., 2019b; Herrmann
and Marzocchi, 2020; Waldhauser et al., 2021; Hsu et al., 2024; Cui et al., 2025). XA 2
Pk IR AR T B AR I SR s, 9, DL SeisBench (Woollam et al., 2022) 483
). BEE T REMI SR EAR R 0= 2B ke, w7 LAk P ) 5 RS R & Fsi Ay, 5
AT LU 78 (a0, Miinchmeyer et al., 2022); EL STEAD (Mousavi et al., 2019a). DiTing
(Zhao et al., 2023)%F AR AR EE R, T DUBE AR I ZRA 25 X I A2 B AT RE (AU,
Zhu et al., 2023; Chai et al., 2025).
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A 1. PALM HE % H 2K . 20H Zhou et al. (2021b).
Figure 1. PALM earthquake cataloging workflow. Modified from Zhou et al. (2021b).

BARM S, MR B3 H — R ERm = FZPERAE 1, Li, 2021; Zhou et al., 2021b;
Zhang etal., 2022; Zhu etal., 2022a): (1)EAHFEEL, EIRAGELPIE Hid B K E P A S
PRI, QEHRE, HHRFIAR AN P & S PRI Frnt B0 H 4k, AR 3)HE 2
fir, BRA AR B AE A [F] G 0l P & S U B S & B I 2 AE VR B . o, B
BUMARAS by T # 7% B S 5e 40, JFHL b T R AN 7 R RAE 2%, SE T U0 (% 4%
SR A S DATE (R VI A A P P ) B 0 205 v P b R ARG DU R 7 5 1T R A IR bt 78 o7 U A1
e MYEE AR, EAHMEREEES, TF AL RERH, XRREER AL



R EA7/E(f0, Chen and Holland, 2016), {EA&88 5L LE FEA A UL 58 4 PR RS B L 4R X LA
N TAUAHIESE, BRIt ks B S i) A 8 1 N E sioin BRAR VT AE (92 B B AT B
Kl 1, Pengand Zhao, 2009; Shelly, 2020). #RT5AR FCAL AT RO, ARG T N 498 H
B AR A 1 A A I B SR« THELEARDG, (HIX SRR ETE GPU BIINER T4
M AR FH I ) KRR ) H s 2 (Ross et al., 2019b). [, AT HiE 2l B A T
A B PR A (1) b R A IR R AR S U 55 v, A BEAE 2500 B 1) [0 B SR A5 AUk TS AR DT T 1)
K EEF3(T, Perol et al., 2018; Ross et al., 2018; Zhu and Beroza, 2018; Mousavi et al., 2019b;
Wang et al., 2019; Zhou et al., 2019). Bl N ZFIAXS LR 2, AR I E #2871
R AT Bk T USR5 3R THAE BB 8N T H S SR B A e S B, RS — ik
L AL TSI ARSI 8 0 BEAR T AR UCEC (41, Mousavi et al., 2019b; Zhou et al., 2021a;
Liuetal.,2022; Naoi etal., 2025). 53— 771, AMTHIZLIANTRE] AT A FA7E L8 5 FR 1,
4, Zhuetal. (2023) K I TRYIZRH) PhaseNet #5288 75 o [ %24 R MAFE R 2 7, FF4e
/0B N ThRESIE S TIER 2 ) Zhong and Tan (2024)15 HHLAG 1 TR B A0 TE A 2R
S LA TR B R B R s T IR P DX 3k 1 7 Ak M 1] T IS 1 72 43 (Ocean: Bottom
Seismometer, OBS)¥#fs A% 4ME 2, L2 2 iE K E IR A R hr, 58U = 251 1 Rk
BARSE % MBS/ AT ERAE PR 25 (X et al., 2024; Liu and Tan, 2025), K7 EH
BRI EE A OBS I 2k 4E DL 5E BAR AT #4 (Bornstein et al., 2024; Niksejel and Zhang, 2024).

TG AE 1) RN 24 5| R AT RO AT B ST SEMEROZ AT VP4l 2 afe] mo ik AT R4S
PRZAGHE I ? AL E 304 H BAREAZTERLE ) @2 SRRz anfl & e ? EHxf B L, A
Wil I T SL AT IR ), A5 A AR H SR B PR e — e WAk . TELE R, K
LBRIETTIRBAAT Al HifE gn H AR K RIS &, mHEx O SR ZR: Hsh, mT
B HBARA G KBRS 7 E G @, FE T ARG WA T /N X 4R & FE A
SR 2K AR AN [R5 B, FRATPHRE I 18 Y8 BBl 150 08 75 5 A Y 7 28 X RS TR (29 150
km PR G ML T AL FH TR G P & S HIAEIREUWEE .

L AL RZ PN B B RERBT AN LARE?

sl E R, AR AL EIEAT RARFE RO 9 1 1E S R Rl _E 3R A5 50 5 1 Hh R
MEesy: BRI, AT HS, BAOGE AL FEE R AR 2 ki, H3rBE AN T HZ
BRI/ E . SR, SIRANTTREZVEN AL BIEESEA B 0 BARR IR, X S 38 0 i) F 44
ARG N 1) 4 A A S SR TE VI st X6 b N T E SRS IR o AELARFIT I 601, il A 468 KR 40 o) B il
R AT AL T -5 N TARVERIXS B, LA Precision/Recall/F1 283845 VP4 72 FFAS I () 14
it DRI 1R 22 50 A1 B IME 5 05 22 S5 VP R ARFE BURIRS B (W0, Mousavi et al., 2020; Jiang
et al., 2021; Miinchmeyer et al., 2022; Yu et al., 2023; Lim et al., 2024), SZEKH, XBEFHEF A
AR B PP SRS OV B IR S AT BVELE H SR R IR I . — NI B 451 ft 22 Xi et al.
(2024)TE 7 IRy B LAE, ABATI7EXT PhaseNet-TF #5347 25 — #0040 fa O 45 SR A LE — 3
=t iE, EMHPLEMEE T D T4 30% 0 F4, H2 =AML N TR
Precision/Recall/F1 f5b5 )L F- 58240, & H 2R DO B fabr BB S (PS5 N TARESE
—F0). B, AIBR PPN AR 5e 22T N by, I HEEE 2 1) 500 5E H A & (1)

Ho
HFLLEHR, Zhou et al. (2025)# H AT LLE I FEAH SRR RIEANT AT FEAHFA B A HE A
Mo HoE N
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FEAFN i AR RIS, Nogsoc AMECIBEREMRRL, FRLAEAACIER R S SCIBAE AR o
FEAHFR IR LS. TR R, DUARMEA SR RE (W, Zhang et al., 2019; Zhou et al.,
202 1b)ZEREC A% I FEAH 5 G a2 OCHE, RN B AR LA 2l o R B, R mp
PAATALLIA A e I R A A TR 4 B R AH o TXAMBR 8 T LA S v FH R 5 1) R AH DR BB 2 )
THSAE, U1 Zhou et al. (2025) A KA F AR BURISCHR Bk, FEARMRE ARG . £E
& [H Ridgecrest-Coso i [X F 1+ H-H: East Anatolian WrEdiiy I (1R AH G ZAE KL 4% % 23%
NG IX R R A SR AR B AR R, FRAH DG B I A B T 1 96%. 1X IR
M4 —ANS2BRBl1, WP 2a s A+ H 3 East Anatolian W25 _E 4% & 3l E 1A G A
$, BADL T PAL SIEFIPE A AT B3 Fli)ll 2% PhaseNet £5 1 fl Self-Attention RNN (SAR)
B, T PAL B HCH KA B BE e R, dEMR AR AL, Sk B NSRS B K
R A A oI ORI . BRI, AL BUAER QUG T2 T PAL BIEM AR REGE
AR, B AT AR Gl I U HERf 328022 . I, 7E East Anatolian Wi ix M
FH, AR L LTt AT LLAEIW PhaseNet /8 TUMAYA & ufir=4E 7 KEIFIRNAE 1a). &
Bovkt, FATKILE I 7 — e B ikbE, BR A KPR, {H PhaseNet 737E 41 2b
Fs IR A 15 5 R BT TR ZHR I P & S PR o X £ U] A8 2 A LA TR}
fy, IFH BT AL BRI BARREIE, TOEMRERE . BARFE] TUMAYA &if, R
faliy, By Euid T — AN RENEIE BT, MR Z R0 S-P B 2 SRILF 755 A
FERERUE, SO AR AR IR R 22 B . XML & KB I & W KR AR SR, AR X
AR EAL IR ZE . DRI, IS G R AR DRI AL G K I B R IO EEIRIE, W AT )
FATRI AL FIERTREN 7o R B, FgE H S iR A .



& 2. (a) PAL, PhaseNet, DL AI-PAL H)AK St AAHEE & G ub B0 A6 (20 E Zhou et al.,
2025); (b) PhaseNet iR iR LB, oo is Rk (i o il il o< Bk & vl Al o< Bk &
Ui, BN P& S WA

Figure 2. (a) Number of unassociated picks by PAL, PhaseNet, and AI-PAL across different
stations (modified from Zhou et al., 2025); (b) Example false detection by PhaseNet. The blue and
gray waveform denote associated and miss associated stations. The vertical red lines mark the P &

S picks.

F— 71, HGE H AR B 15Tt R ZA T S AR SR IR I, DR b R ) R R
7341 (Gulia et al., 2012; Tan et al., 2024). 4 K€ A7 1% 22(Husen and Hardebeck, 2010; Liu and
Tan, 2025). & A7 F# H 45 % (Waldhauser, 2001; Ross et al., 2019a)2%, #A] DL & EAHFA
B8/ R0 FEAE SRR AN AR I o 3 1t 1 0T 4 1 7 S Bk B RivE A A, BRA— %0
TR IR 1 B SRAMY 75 25 0 & (0 R A SO, 38 T ] SR A A A e 2505 . .
IHEIX BLATI LA East Anatolian Wiy o 0f stk AT i A ua B o 18] 3 X EL T 2023 4L H H 5%
BRI B, ] PAL F1 GaMMA (Zhu et al., 2022b)% #1555t PhaseNet 35 BUGHAT S BR )
gE 9L, XA B 344 H Hypoinverse 5% (Klein, 2002)7E4H [F @A S50 5e e L, HIPS &
HRREEVES AR EMF). iTUEH, B8 GaMMA KBS R 2 H 30% M 44, (=
PAL KERIMER R, KON PAL H R E S AR 3%MA REMF M, (KT GaMMA H
SEH 44% A RS ] o XA 8 A R R ) 22 A B IR BAE S 0 AT | GaMMA B 3%
SENL T ATAEAE R EIN AR, Rl R R RN B 04T, BIRATE A Hu = o0 A ) EE A
(B 3d). 428, X T HRREMSITRERE, FFEMGHREMMAGIXERE, (HIRAM)
RV o0 U RE B S AN R 7 T A4S B AT PR o RE AR S 00 (an RE VR AL Hie
T L4 AT A8 XBRAIE, SXFE 2 /b m] DUk G — Lo B W B R . AR, FRATTHR T 58 2
FORF Ge v 2 F B 0 58 Bl WA &, anidask Schuster W3 20 B o 72 v 30 1) &) B
(Rydelek and Hass, 1994; Ader and Avouac, 2013), MR FIHE B 35 A a5 15 MR 113 A4
S i i Bl A8 73 Bt (Nearest-neighbor analysis) & H 15 15 18 B B 7 8 [7) &2 S5 (Hsu et al.,
2024). #7REE IR LT L — ST ATEN R, A B T3 — 20 4R AN B AR BT SR 1) ) R
FEI LA



& 3. PAL 5 GaMMA XL E AL RURXT . 78 EAFZ W2ty i 7Z BB BL (a-b) 5 4 TE M BX (c-
d). 2 H Zhou et al. (2025).

Figure 3. Comparison of location distribution along the EAFZ using PAL and GaMMA for phase
association. (a-b) plot the preseismic period and (c-d) for aftershock period. Modified from Zhou
et al. (2025).
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IR T IR R &, BN, W T AN [F P SRS A AN [F) X I e L, (R A S 4
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Figure 4. Catalog comparison for the 2020 Mount Cristo swarm in Nevada, USA. (a) Station
distribution and tectonic background; (b-d) plot the map view distribution of the relocated USGS
catalog, the PAL relocated catalog, and the PALM relocated, respectively.

BATFE T BPEXZ) 100 km AN 2020 4E 5-8 HHIESLREEIE(E 4a), HEH
PAL, PALM (Zhou et al., 2021b), LI SeisBench (Woollam et al., 2022)#& AL AN [F] il AS 1)
PhaseNet Tl Zrii AUt g 1 HIRE H %o fEIBATIXECEERE, WATIREE TRETFHBIASEL,
IR ILE AW G0 A SAE) — 8, ST LEESHFE S, A ERER . Xt
USGS 21 A F H % (& 4b-d), PAL B & 7 H S STHL 78 I P £ 1) A0 Ao il 538,649 vs.
16,684 F4F), HAEL I BARILAD f5 3E— P3R5 T3 5 5 rA I 2 =42 FH(PALM H 5% 182,108
HF). EAERERZ, HT PALM BRI HEEN KB EAHCH S ER 2508, HoE ks
FEE & T AN B, Bt 13 SRR RGE A RHIE, 5IATCE R B H A ZEI 4
5 —8 XEIET I B AL TRl RS, FRATAT DAAR L PR AT BV 58 £ M A TE
Tt o

BTATFEE T =AFIZE PhaseNet £8Y, 43 52 5 T AL 0 £ 0 B i B 28 (PHN . org)
2T STEAD 4EREUE PIAAY (PHN stead), LA S I TR MR (ALY (PHN scedc). —%&
AT IS Rt PAL BIEERI—ESHC AT REM G £ iEls £, RATRA L—
FTRT A AR RACIRE . BRI EAR S, DA RE AT R R, X B ARG B 56 % 1 A A 14
BTV - a0k 5 B, JR AR PhaseNet XA T30 3 51 PAL (4 I RE A EOR 1 2 7 5 4F,
1M 73 7R IR PhaseNet (AT 56 24 14 FL 2K T PAL. 3X A5 SR FRATT 77 T 1Y) ) 7

1) 5HETAAFR—8 BATKIL Al FIRAERN 58 51 b SR ICRE 286 R

ERETIRICARUE B HEAE 2020 Mount Cristo X Fha35 8741 ERIRBAMNS, H
PhaseNet X 3k#34) 60% T PALM [ FAAG AR AR B 2R . JFEemtFin]
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(2) Rty sitly se A, AFEVIZREE RS AT PERE A 2 RIS EBATH
g, SR AIRARRLI B B KT 8 A e . EARERRE, XM EAZ
A T 22 AN SR e PSR AR o e, PR R B e 22 1 — 2 45 Rl ok B ma
M, 5 PhaseNet T T BUAL M BHE MG IR EARLL. G a2 . 5 8:
BIF I 24 ST A 17 /) R R A U e A B0 R DT 3, MRS H (s 2T 36
AR HSs), R HAATARIE?

FE PN GRAE R A AEZ A ) LB D T BRI SR, L RS A R 8iokit . —J7 ),
B A PO SRR R A AR XU, SN 75 28 B s H ISR 59— J7 i, Wi &
& PN SR Bt A A AR A L B & ORI 2k, IR 8 & T P Bk H ARl i AL,
k- EZ /N

& 5. PAL 5 A ilAS ) PhaseNet (B9 455 A PHN)TE Mount Cristo fZ [ A5 B S H fE
R AL RS o () HtR BERRLH DLE 5 5 260 43 AARER P AN S AR I, S NA
FXT R P/S FAH . (b)FEIR BIAE A ARS8 5 241 (. 0y HIAC RO B AN BRI SR I 8, 2 A
NARENFA. FHA PhaseNet 435 : PHN org — E#GRA, PHN stead — STEAD %{
PEEEINGRRA, LA PHN scede — FaIN & OB I ZRRRAS o

Figure 5. Comparison of phase picking, association, and event detection performance between
PAL and various versions of PhaseNet (abbreviated as PHN) in the 2020 Mount Cristo swarm. (a)
The blue and green bars denote the number of P and S picks, respectively. Blank portion mark the

unpaired P/S picks. (b) Orange and red bars denote the number of associated picks and event
detections, respectively. Blank portion mark the poorly-located events. The PhaseNetversions
include: PHN org — original version, PHN stead — trained by STEAD dataset, and PHN scedc —
trained by Southern California Earthquake Data Center
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AI-PAL if2(Zhou et al., 2025) 48 H VI ZRFE AR G SRBE AT TR FE R — MR, BRR
ENU Y CaWN R i A TR

fE AI-PAL 1, Zhouetal. (2025)3& H T —E AR fZ A SO M IE LI IE o R ZRAE AR 1)
RG] 6). IXTEHEME A AFERT IEAEA (ML) IBE ML DT ORI B8 158, 38 G5 SR AR (g
FOIRFE RS . BRI S, FRATTEIE G IR BENLDI H e 75 R A R i an N A4
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PR ELCHIN T, B FE R R A o o R G R AR A e, TR DM 7 /KT
T R 2 I SR AR IR R R A s A IRQ) AR IR S T S I R A R
By BB TUNE N T H IR AR R AR B K H R A SR | R TR (WR R T A1), A R OG
PR KT 50%MIATE L & I R AFEA . 736 [H Ridgecrest-Coso Hi[X, AT 2008-2019
SERERTL) 11 SEREE R, 3B PAL 3843 17 61,053 DNEFAFRIIAT 451,694 N oc =AM . HE
—B I, IR I L G RE AR R & B 0 S R AR B EAEEL,  Zhou et al. (2025)% IEAE AR
177 —IREARIR, A5 T 812,771 NIEFEA, DLAARAEIE 6 1)5REE 5 1& N KAL) 451,689
MNAREAR . X EVGREARRE NS, 454 AL-PAL AR T 0 A5 38, B B AT LUK PAL (1)
HAAEIHIE T2 2.5 1% LA _E(Zhou et al., 2025). HB4 SiREASAERAL I 25 b B BIH 4
PERI? ISRt 2 50 FUEe 2 a8 1) JLAE DR AT 0 P i A R R, R 46 38 o0 Bl
SRR (R R BT T I AR AR




B 6. AI-PAL Vi FE I ZREE IE TURE AR FEHENG . 1 Zhou et al. (2025).

Figure 6. Sampling strategy of noise data in the AI-PAL workflow. Modified from Zhou et al.
(2025).
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Figure 7. Effects of negative training samples on the Al picker performance. The red and blue
markers denote the SAR model and PhaseNet model combined with PAL associator, respectively.
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Figure 8. AI-PAL earthquake cataloging workflow. Modified from Zhou et al. (2025).

BOA

AT 5745 3 [H 5K SR I H GRS 2022YFF0800602) A1 [ 5% [ AR E} 2 3 4 (MRS
42474069) k5 % B .



SR

Ader, T. J., and J.-P. Avouac (2013). Detecting periodicities and declustering in earthquake catalogs using
the Schuster spectrum, application to Himalayan seismicity, Earth and Planetary Science
Letters, 377-378, 97-105, doi:https://doi.org/10.1016/j.epsl.2013.06.032.

Arrowsmith, S. J., D. T. Trugman, J. MacCarthy, K. J. Bergen, D. Lumley, and M. B. Magnani (2022).
Big Data  Seismology, Reviews of  Geophysics, 60(2), €2021RG000769,
doi:https://doi.org/10.1029/2021RG000769.

Bergen, K. J., P. A. Johnson, M. V. de Hoop, and G. C. Beroza (2019). Machine learning for data-driven
discovery in solid Earth geoscience, Science, 363(6433), eaau(0323,
doi:10.1126/science.aau0323.

Bormann, J. M., E. A. Morton, K. D. Smith, G. M. Kent, W. S. Honjas, G. L. Plank, and M. C. Williams
(2021). Nevada Seismological Laboratory Rapid Seismic Monitoring Deployment and Data
Availability for the 2020 Mww 6.5 Monte Cristo Range, Nevada, Earthquake Sequence,
Seismological Research Letters, 92(2A), 810-822, doi:10.1785/0220200344.

Bornstein, T., D. Lange, J. Miinchmeyer, J. Woollam, A. Rietbrock, G. Barcheck, I. Grevemeyer, and F.
Tilmann (2024). PickBlue: Seismic Phase Picking for Ocean Bottom Seismometers With Deep
Learning, Earth and Space Science, 11(1), ¢2023EA003332,
doi:https://doi.org/10.1029/2023EA003332.

Chai, C., M. Maceira, H. J. Santos-Villalobos, S. V. Venkatakrishnan, M. Schoenball, W. Zhu, G. C.
Beroza, C. Thurber, and E. C. Team (2020). Using a Deep Neural Network and Transfer
Learning to Bridge Scales for Seismic Phase Picking, Geophysical Research Letters, 47(16),
€2020GL088651, doi:https://doi.org/10.1029/2020GL0O88651.

Chai, C., D. Rose, S. Stewart, N. Martindale, M. Adams, L. Linville, C. Stanley, A. Torres Polanco, and
P. Bingham (2025). PickerXL, A Large Deep Learning Model to Measure Arrival Times from
Noisy  Seismic  Signals, Seismological — Research  Letters, 96(4), 2394-2404,
doi:10.1785/0220240353.

Chen, C., and A. A. Holland (2016). PhasePApy: A Robust Pure Python Package for Automatic
Identification of Seismic Phases, Seismological Research Letters, 87(6), 1384-1396,
doi:10.1785/0220160019.

Chiaraluce, L., et al. (2022). A comprehensive suite of earthquake catalogues for the 2016-2017 Central
Italy seismic sequence, Scientific Data, 9(1), 710, doi:10.1038/s41597-022-01827-z.

Cui, X., Z. Li, J.-P. Ampuero, and L. De Barros (2025). Does Foreshock Identification Depend on Seismic
Monitoring Capability?, Geophysical Research Letters, 52(11), ¢2025GL115394,
doi:https://doi.org/10.1029/2025GL115394.

Gulia, L., S. Wiemer, and M. Wyss (2012). Catalog artifacts and quality control, Community Online
Resource for Statistical Seismicity Analysis, doi:http://dx.doi.org/10.5078/corssa-93722864.

Herrmann, M., and W. Marzocchi (2020). Inconsistencies and Lurking Pitfalls in the Magnitude -
Frequency Distribution of High - Resolution Earthquake Catalogs, Seismological Research
Letters, 92(2A), 909-922, doi:10.1785/0220200337.

Hsu, Y.-F., I. Zaliapin, and Y. Ben-Zion (2024). Informative Modes of Seismicity in Nearest-Neighbor
Earthquake Proximities, Journal of Geophysical Research: Solid Earth, 129(3),
€2023JB027826, doi:https://doi.org/10.1029/2023JB027826.



Husen, S., and J. Hardebeck (2010). Earthquake location accuracy, Community Online Resource for
Statistical Seismicity Analysis, doi:10.5078/corssa-55815573.

Jiang, C., L. Fang, L. Fan, and B. Li (2021). Comparison of the earthquake detection abilities of PhaseNet
and EQTransformer with the Yangbi and Maduo earthquakes, Earthquake Science, 34(5), 425-
435, doi:10.29382/eqs-2021-0038.

Kato, A. (2024). Implications of Fault-Valve Behavior From Immediate Aftershocks Following the 2023
M;j6.5 Earthquake Beneath the Noto Peninsula, Central Japan, Geophysical Research Letters,
51(1), €2023GL 106444, doi:https://doi.org/10.1029/2023GL106444.

Klein, F. W. (2002). User's guide to HYPOINVERSE-2000, a Fortran program to solve for earthquake
locations and magnitudesRep. 2331-1258, US Geological Survey.

Kong, Q., D. T. Trugman, Z. E. Ross, M. J. Bianco, B. J. Meade, and P. Gerstoft (2018). Machine
Learning in Seismology: Turning Data into Insights, Seismological Research Letters, 90(1), 3-
14, doi:10.1785/0220180259.

Li, J., et al. (2022). A real-time Al-assisted seismic monitoring system based on new nodal stations with
4G telemetry and its application in the Yangbi MS 6.4 aftershock monitoring in southwest China,
Earthquake Research Advances, 2(2), 100033, doi:https://doi.org/10.1016/j.eqrea.2021.100033.

Li, Z. (2021). Recent advances in earthquake monitoring II: Emergence of next-generation intelligent
systems, Earthquake Science, 34(6), 531-540, doi:https://doi.org/10.29382/eqs-2021-0054.

Lim, C. S. Y., S. Lapins, M. Segou, and M. J. Werner (2024). Deep learning phase pickers: how well can
existing models detect hydraulic-fracturing induced microseismicity from a borehole array?,
Geophysical Journal International, 240(1), 535-549, doi:10.1093/gji/ggac386.

Liu, M., H. Li, L. Li, M. Zhang, and W. Wang (2022). Multistage Nucleation of the 2021 Yangbi MS 6.4
Earthquake, Yunnan, China and Its Foreshocks, Journal of Geophysical Research: Solid Earth,
127(5), €2022JB024091, doi:https://doi.org/10.1029/2022JB024091.

Liu, M., and Y. J. Tan (2025). Evaluating the performance of machine-learning-based phase pickers when
applied to ocean bottom seismic data: Blanco oceanic transform fault as a case study,
Geophysical Journal International, doi:10.1093/gji/ggaf256.

Mousavi, S. M., Y. Sheng, W. Zhu, and G. C. Beroza (2019a). STanford EArthquake Dataset (STEAD):
A Global Data Set of Seismic Signals for Al, [EEE Access, 7, 179464-179476,
doi:10.1109/ACCESS.2019.2947848.

Mousavi, S. M., W. Zhu, Y. Sheng, and G. C. Beroza (2019b). CRED: A Deep Residual Network of
Convolutional and Recurrent Units for Earthquake Signal Detection, Scientific Reports, 9(1),
10267, doi:10.1038/s41598-019-45748-1.

Mousavi, S. M., W. L. Ellsworth, W. Zhu, L. Y. Chuang, and G. C. Beroza (2020). Earthquake
transformer—an attentive deep-learning model for simultaneous earthquake detection and
phase picking, Nature Communications, 11(1), 3952, doi:10.1038/s41467-020-17591-w.

Mousavi, S. M., and G. C. Beroza (2022). Deep-learning seismology, Science, 377(6607), cabm4470,
doi:doi:10.1126/science.abm4470.

Mousavi, S. M., and G. C. Beroza (2023). Machine Learning in Earthquake Seismology, Annual Review
of  Earth and Planetary Sciences, 51(Volume 51, 2023), 105-129,
doi:https://doi.org/10.1146/annurev-earth-071822-100323.



Miinchmeyer, J., et al. (2022). Which Picker Fits My Data? A Quantitative Evaluation of Deep Learning
Based Seismic Pickers, Journal of Geophysical Research: Solid Earth, 127(1),2021JB023499,
doi:https://doi.org/10.1029/2021JB023499.

Naoi, M., S. Hirano, and Y. Chen (2025). High-resolution monitoring of hydraulically induced acoustic
emission activities using neural phase picking and matched filter analysis, Progress in Earth
and Planetary Science, 12(1), 24, doi:10.1186/s40645-025-00696-5.

Niksejel, A., and M. Zhang (2024). OBSTransformer: a deep-learning seismic phase picker for OBS data
using automated labelling and transfer learning, Geophysical Journal International, 237(1),
485-505, doi:10.1093/gji/ggae049.

Peng, Z., and P. Zhao (2009). Migration of early aftershocks following the 2004 Parkfield earthquake,
Nature Geoscience, 2(12), 877-881, doi:10.1038/ngeo697.

Perol, T., M. Gharbi, and M. Denolle (2018). Convolutional neural network for earthquake detection and
location, Science Advances, 4(2), doi:10.1126/sciadv.1700578.

Ross, Z. E., M. A. Meier, E. Hauksson, and T. H. Heaton (2018). Generalized Seismic Phase Detection
with Deep Learning, Bulletin of the Seismological Society of America, 108(5A), 2894-2901,
doi:10.1785/0120180080.

Ross, Z. E., et al. (2019a). Hierarchical interlocked orthogonal faulting in the 2019 Ridgecrest earthquake
sequence, Science, 366(6463), 346-351, doi:10.1126/science.aaz0109.

Ross, Z. E., D. T. Trugman, E. Hauksson, and P. M. Shearer (2019b). Searching for hidden earthquakes
in Southern California, Science, 364(6442), 767-771, doi:10.1126/science.aaw6888.

Ruhl, C. J., E. A. Morton, J. M. Bormann, R. Hatch - Ibarra, G. Ichinose, and K. D. Smith (2021).
Complex Fault Geometry of the 2020 Mww 6.5 Monte Cristo Range, Nevada, Earthquake
Sequence, Seismological Research Letters, 92(3), 1876-1890, doi:10.1785/0220200345.

Rydelek, P. A., and L. Hass (1994). On estimating the amount of blasts in seismic catalogs with Schuster's
method, Bulletin of the Seismological Society of America, 84(4), 1256-1259,
doi:10.1785/bssa0840041256.

Shelly, D. R. (2020). A High - Resolution Seismic Catalog for the Initial 2019 Ridgecrest Earthquake
Sequence: Foreshocks, Aftershocks, and Faulting Complexity, Seismological Research Letters,
91(4), 1971-1978, doi:10.1785/02201903009.

Tan, F., H. Kao, K. M. Yi, E. Nissen, C. Goerzen, J. Hutchinson, D. Gao, and A. M. Farahbod (2024).
Next Generation Seismic Source Detection by Computer Vision: Untangling the Complexity of
the 2016 Kaikoura Earthquake Sequence, Journal of Geophysical Research: Solid Earth, 129(5),
€2024JB028735, doi:https://doi.org/10.1029/2024JB028735.

Tan, Y. J., F. Waldhauser, W. L. Ellsworth, M. Zhang, W. Zhu, M. Michele, L. Chiaraluce, G. C. Beroza,
and M. Segou (2021). Machine - Learning - Based High - Resolution Earthquake Catalog
Reveals How Complex Fault Structures Were Activated during the 2016-2017 Central Italy
Sequence, The Seismic Record, 1(1), 11-19, doi:10.1785/0320210001.

Waldhauser, F. (2001). hypoDD--A program to compute double-difference hypocenter locations, U.S.
Geological Survey Open-File Report 01-113, 25 pp.

Waldhauser, F., M. Michele, L. Chiaraluce, R. Di Stefano, and D. P. Schaff (2021). Fault Planes, Fault
Zone Structure and Detachment Fragmentation Resolved With High-Precision Aftershock
Locations of the 2016-2017 Central Italy Sequence, Geophysical Research Letters, 48(16),
€2021GL092918, doi:https://doi.org/10.1029/2021GL092918.



Wang, J., Z. Xiao, C. Liu, D. Zhao, and Z. Yao (2019). Deep Learning for Picking Seismic Arrival Times,
Journal of  Geophysical  Research: Solid  Earth, 124(7), 6612-6624,
doi:https://doi.org/10.1029/2019JB017536.

Wilding, J. D., W. Zhu, Z. E. Ross, and J. M. Jackson (2023). The magmatic web beneath Hawai‘i,
Science, 379(6631), 462-468, doi:doi:10.1126/science.ade5755.

Woollam, J., et al. (2022). SeisBench—A Toolbox for Machine Learning in Seismology, Seismological
Research Letters, 93(3), 1695-1709, doi:10.1785/0220210324.

Xi, Z.,S. S. Wei, W. Zhu, G. C. Beroza, Y. Jie, and N. Saloor (2024). Deep learning for deep earthquakes:
insights from OBS observations of the Tonga subduction zone, Geophysical Journal
International, 238(2), 1073-1088, doi:10.1093/gji/ggae200.

Yao, J., D. Yao, F. Chen, M. Zhi, L. Sun, and D. Wang (2025). A Preliminary Catalog of Early Aftershocks
Following the 7 January 2025 MS6.8 Dingri, Xizang Earthquake, Journal of Earth Science,
36(2), 856-860, doi:10.1007/s12583-025-0210-9.

Yoon, C. E., and D. R. Shelly (2024). Distinct Yet Adjacent Earthquake Sequences near the Mendocino
Triple Junction: 20 December 2021 Mw 6.1 and 6.0 Petrolia, and 20 December 2022 Mw 6.4
Ferndale, The Seismic Record, 4(1), 81-92, doi:10.1785/0320230053.

Yu, S., and J. Ma (2021). Deep Learning for Geophysics: Current and Future Trends, Reviews of
Geophysics, 59(3), €2021RG000742, doi:https://doi.org/10.1029/2021RG000742.

Yu, Z., W. Wang, and Y. Chen (2023). Benchmark on the accuracy and efficiency of several neural
network based phase pickers using datasets from China Seismic Network, Earthquake Science,
36(2), 113-131, doi:https://doi.org/10.1016/j.eqs.2022.10.001.

Zhang, M., W. L. Ellsworth, and G. C. Beroza (2019). Rapid Earthquake Association and Location,
Seismological Research Letters, 90(6), 2276-2284, doi:10.1785/0220190052.

Zhang, M., M. Liu, T. Feng, R. Wang, and W. Zhu (2022). LOC - FLOW: An End - to - End Machine
Learning - Based High - Precision Earthquake Location Workflow, Seismological Research
Letters, 93(5), 2426-2438, doi:10.1785/0220220019.

Zhao, M., Z. Xiao, S. Chen, and L. Fang (2023). DiTing: A large-scale Chinese seismic benchmark
dataset for artificial intelligence in seismology, FEarthquake Science, 36(2), 84-94,
doi:https://doi.org/10.1016/j.eqs.2022.01.022.

Zhong, Y., and Y. J. Tan (2024). Deep-Learning-Based Phase Picking for Volcano-Tectonic and Long-
Period Earthquakes, Geophysical  Research  Letters, 51(12), ¢2024GL108438,
doi:https://doi.org/10.1029/2024GL108438.

Zhou, Y., H. Yue, Q. Kong, and S. Zhou (2019). Hybrid Event Detection and Phase - Picking Algorithm
Using Convolutional and Recurrent Neural Networks, Seismological Research Letters, 90(3),
1079-1087, doi:10.1785/0220180319.

Zhou, Y., A. Ghosh, L. Fang, H. Yue, S. Zhou, and Y. Su (2021a). A high-resolution seismic catalog for
the 2021 MS6.4/MW6.1 Yangbi earthquake sequence, Yunnan, China: Application of Al picker
and matched filter, Earthquake Science, 34(5), 390-398, doi:https://doi.org/10.29382/eqs-2021-
0031.

Zhou, Y., H. Yue, L. Fang, S. Zhou, L. Zhao, and A. Ghosh (2021b). An Earthquake Detection and
Location Architecture for Continuous Seismograms: Phase Picking, Association, Location, and
Matched  Filter (PALM), Seismological — Research  Letters, 93(1), 413-425,
doi:10.1785/0220210111.



Zhou, Y., H. Ding, A. Ghosh, and Z. Ge (2025). AI-PAL: Self-Supervised Al Phase Picking via Rule-
Based Algorithm for Generalized Earthquake Detection, Journal of Geophysical Research:
Solid Earth, 130(4), €2025JB031294, doi:https://doi.org/10.1029/2025JB031294.

Zhu,J., Z. Li, and L. Fang (2023). USTC-Pickers: a Unified Set of seismic phase pickers Transfer learned
for China, Earthquake Science, 36(2), 95-112, doi:https://doi.org/10.1016/j.eqs.2023.03.001.

Zhu, W., and G. C. Beroza (2018). PhaseNet: a deep-neural-network-based seismic arrival-time picking
method, Geophysical Journal International, 216(1),261-273, doi:10.1093/gji/ggy423.

Zhu, W., A. B. Hou, R. Yang, A. Datta, S. M. Mousavi, W. L. Ellsworth, and G. C. Beroza (2022a).
QuakeFlow: a scalable machine-learning-based earthquake monitoring workflow with cloud
computing, Geophysical Journal International, 232(1), 684-693, doi:10.1093/gji/ggac355.

Zhu, W., I. W. McBrearty, S. M. Mousavi, W. L. Ellsworth, and G. C. Beroza (2022b). Earthquake Phase
Association Using a Bayesian Gaussian Mixture Model, Journal of Geophysical Research:
Solid Earth, 127(5), €2021JB023249, doi:https://doi.org/10.1029/2021JB023249.

BRER, SKELA, YOHISE, ZHUE, BERER, P5ALME, and 2L (2021). SCRR AEHDE AL R G0
RBEHAE 2021 4F = B bk <i>M</i><sub>S</sub>6.4 & i [ R H, M5k P #E 7R,
64(10), 3632-3645, doi:10.6038/cjg202100532.



