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source large language model (LLM) projects were taken as the research object. An integrated framework for popularity

stage segmentation and prediction was proposed, enabling the automatic characterization and forecasting of project popu-

larity stages. Specifically, feature vectors based on growth rate and cumulative scale of project attention within fixed win-

dows were extracted, and a Gaussian mixture model (GMM) for soft clustering was employed to obtain four interpretable

stages of popularity with probabilistic labels. Subsequently, a prediction model based on the temporal fusion transformer

(TFT) was designed, which leveraged sequential data of five behavioral indicators, such as attention, number of forks, and

number of commits, to forecast the stage probability distribution in future windows. Experimental results demonstrate that

the proposed method outperforms existing baselines in terms of cross-entropy, mean squared error, mean absolute error,

and accuracy, while maintaining high precision across all four patterns of popularity evolution, thereby validating its gen-

eralization capability. The proposed approach provides a practical and scalable framework for popularity stage prediction

of open-source projects, offering strong utility and potential for applications.

Key words: open-source community, large language model, machine learning
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K
pi= (pi,l7pi,27 "'vpi,K)v Pir< [0.1]. zp[,kzl (100
=1

Hr, p  FoRFEAR & T Bl kI SEME R . Y
TS5 RN ER i MFEASTE 5 [ BRI E R 90 A «

K
pi= (ﬁi,l’ﬁi,Z’ ""131;1()7 ﬁi,ke [0.1], Zﬁi,kzl an
k=1

T o3 Aw i % B BOR IR 4645 0 9, (RIS i A
FEARLER Btk ERIRIH— B ) 28 softmax A8 4t
(EEIP

ﬁizsoftmax()?i’l,)?i’z,---,)A/LK) (12)
IR R o Ar el A4 2%, 2% g=0.5
N T A
K
L= Z}Zpo.s(pi,k_j}i,k)
po's(u)=max{0.5u,(0.5—1)u} 13)

A58 FH 20 A 250 R] V1453 2 T sk 55 00 i 284 A AR A
FET7 I B2l 5 DA S P~ 1) 77 =X 20 i B B 2 )
HEARA, RIS AR 2 A A AN E 1
X IE AL 7T RE . B ) ) 30 RO /NVRTBE e
J 4 S S A S S IE I
43 fEBITEY

MY % H ) TRT-Stage HE 42 78 #45E [ B TN
AR 55 HH I REAEAT 8 B VPAY, ASCN 3 AN I EL
T ANV AR —— R A AR L (58 XD |
BEHMERE QYThwES P4tz UL
K8 GEMZ, MMEZ A0 AU 5 5UE %=
ZEANEREZE PN T &, HHE T R S A g
FRbRA R T AT A LRSI .

(1) & X (cross-entropy, CE), FT /&
LS AT 5 T o3 AT 18] PR A, R Bk /N R T
N 3T LS 3 A -

1
CE=-+

Vs

K
Epiqklogﬁi’k (14

=
(2) ¥JJ5i%7% (mean squared error, MSE), X
KA ZE BN IR AR, B ARUR S BT 2k

1 N K R 2

MSE:sz(pi’k—ka) (15)

=ic
(3) “PHZa%HEZ  (mean absolute error, MAE),

FHEC MSE X B R 72 50 R G i1, B AR R &
MERE

(16>

1 N
MAE=

N

l

>

k=1

Pik=Pixk

(4) #EM% (accuracy, ACC):
1 & .
ACC= NZ[(arg max p, ;= arg max pl._’k) (7

Horr, 1(-) AR RE 138 ARK B2 0 A BEAL
N BobR %, Gk T dr b b, T R A
RIAEGy S E T HITERE

5 SR

51 REMBEREER

ASCEE ST T 20194F 1 H & 2024 4 12 A1
KIESHEHIE, I8 H TR A B A
20 RIIE I, B RE B K=4, XN 45
PPEMT B FRE K B, SR KIS R
A

IEM BRI ERNES, AT S BRI
PRl R 5P B R A, AT WL 4 2R B AR A
HEkE FEAFHEER: BRPEARSEK
AR, AR B O R, T g K
AR E KT = F W, BoRHARFER R
FHIE

x"3 AREMBEXISER

W B7 B R PRI T35 B AR
0 T 14K 0.137 6.479
1 BRI 0.682 6.357
2 RS 0.043 8.665
3 228 ] 0.011 8911

Rt — B RIE TR BRI o A B, ARk
W 4 K 52 1 R R RS 5 5 3L I H THUDMY
GLM-130B 1E &4 . ChatGLM B - 2022 4F &
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R, HEITE T S SebrvkthEe 7, 1R
SO BRI A b SO S A T T Y
ARONS . —RIFFMEERIXRAF) 2 R0, M
RN R T KEHA S R RE, RAKIES
BT H rh AR %] . THUDM/GLM-130B
SEPR IV FE 5 R BB I T ARk a1 3 s .
H, BB OARERRREE K, B AR, B
B2 MRER SN, B3R REM. K3 @
JylE— iR H S 2, Ferb T W 4T H
B B K BRIE 2R R R AR, R TF IR B L
FBETE, MHEN A E K AR, TR
FasE. B3 (b) Bz 7T H H KA DR HEE
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JEBr B B3 (b) BoR: WUH S AR,
Bt J5 22 X2 D NIEAC I B R TR BRI, B HEN
FRAG, FFE WA H B AR IR . B A
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52 AEISEEIRE THFUN MRS

NYAIE TFT-Stage HEZE A Rt AT R G
iy T HAEA FH N KB CRUAS [R5 s P 51D
THTRIE G, 65 350 R EEL R XGBoost™
DLinear” 1 TiDE " 347 X Lt .

PRI FE AN [ i N DR BT B T A e 4n B 4 B
e Hoth, S2I6 % E learning rate=1x10", hidden
size=64, attention head=4, dropout=0.1, batch size=
256, LATIH AT 8:2 YI G/ IERI 4y . TFT-
Stage fE K Z i & T A &ML LI, HERMA
B 1N 40 KI5 B B (£ B8 (CE=0.997. MAE=
0.240. MSE=0.079. ACC=89%); XGBoost HE7F i
BNZEAE T RIUAE X AR, (HRAAER R B AR T
TFT-Stage; DLinear 1 TiDE 7E #4337 5t v BU 15 4%
K MAE, {HfECE5 ACCHatr LB EEG -
H T 52 o N FH B OV B AR 50t de T R B2 B B
7€, TFT-Stage 7ELRIFEIK CE Y[R S23 1 58w 1Y
AR, RS HRERIRNL S F R Ah, BEE
B ONE R38N, TFT-Stage [0 14 B8 RF 2242 T
HETRE, RUBAKR P L B CRE A R i
FARE R B HA A E RE
53 AREIBEENRR THTUNZ S

N T K56 TFT-Stage HE Z2 75 A [R] #4 AL AR =X
TRz, Ao A JE R AT detEig

B IAFEIERL . R KA 4 R LI 2
177 I E I BRI SEEG AN R A v A =0
B B TP R xS e L3R 4.

HHER 40 W, FHE R RAE 4 ida br B3R
AT, R NBRY AR R T e B s R
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WHNTEEREE, HERFEATER, MRS
F1%) Z21 L 9, g PRI A o 0 i K 2R R A 8 il 2 1) 1 e
N F =22 H, HMAE. MSE #1184k K, 3
RS20 o) 34 308 P s A RO IR M B L 4% B
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X 45 B W] TFT-Stage #445F [r BEF I HE 224
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A ZITEEN T 2025451 H £ 2025466
FTHE R 5 B AE ST H A D% B HE 4 T 200 11
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IR B, AT H T B R AR R R AR
E A, 1T R A S G 18 4 K A 0 I H A X
B,

NT R TR RN E I OGETT ), ARSCIR
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T H AR AR A, A0 By I = ST o) 1) I FH 3 3¢ B
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(d) ACCZekithek

B4 BEALEEAN R AN IRELC R (R T 1 g

FARME S, HHIIANZ R, B3
B ARHDACE UL SE F R, DIRERS R AT H
TEFEARTT ) b I BEAR 3 AT 1B 0

SRR, BARINTE & e T 2 B Re ik
[F R B S HEBRBE A B N T T o, 2R AR
PrEIZRIH & R B2 47%, AR H A Hazy-
Research/minions 18 it 2 5 2 2 e 14 2 HF S L &2 A%
(RS WAL EME; B HERRBE A BRI E & b
2)34%, %4, SakanaAl/treequest PABIR 4544 i 3
HAMEFEE, OpenManus/OpenManus-RL i i3 584k,
OIAHERER T & 59 H 14% I H 4 7E A Hh
& SHEENIE, 41 NVlabs/Fast-dLLM, 7EANE
BRI OL T ORI SE AR O RS, JF R4 4
i &

R4 DERERMART T AR I B TN 4 BE X EE
KA ORWHRRE MR BURRGE RHUERR R

CE 1.22 1.02 0.96 0.93 1.00
MAE 0.23 0.23 0.24 0.24 0.24
MSE 0.07 0.07 0.08 0.08 0.08
ACC 0.67 0.82 0.90 0.95 0.89

®5 EHIXESRAEXIBA T &RENRMSGLE

W B 44 Bk dikt
Fa e B4 1K 49.5%
ey 2l 33.5%
G K 9.0%
R 8.0%

ST, AT RIS A [X
FEAZIN () & 1A 2 B RedR . HHEELEE SR B AL
(e B ORTE

6 4ERIE
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PRI F BRI H BEAT IR UE 70 o I e iR A A
R (GMM) I H £ AN [R] I 3 00 9 3 P &
SRR HAT RIS, IRAT 4 K0T R (1 A B
B MR AREE, Ve S R e LB . 7
FREASEER 5y, A SR B B ) AU A AL R 2
A B AL S5, I3 T I (A Rl & A2 #eds (TFT)
PP R AR SEIR SR B8, TFTEZ MFEHR
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