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i M E R DCGSB BB 4T 1 5256
L ACC WP Bl FbpfE 2=

HAFFIR 2025 55 36 A% S

SR 28R TR RIE 3 AR EEE 30 IRSKIR SR NMI. PWF

2 XA AR FE AN (A EhR )
RAEELE T Cornell Texas Washington Wisconsin Cora Citeseer
M CGSB  0.295240.0608  0.3077+0.0628  0.3271£0.0472  0.3899+0.0774  0.3350+0.0291  0.2936+0.0237
DCGSB  0.3678+0.0369  0.3244+0.0625  0.3531+0.0283  0.4038+0.0294  0.3645+0.0250  0.3255+0.0253
PWE CGSB  0.4860+0.0749  0.4213+0.0456  0.5142+0.0408  0.5576+0.0408 0.3735+0.0277  0.3936+0.0250
DCGSB  0.4869+0.0493  0.4715+0.0338  0.5162+0.0221  0.5508+0.0322  0.3879+0.0105  0.4214+0.0221
4CC CGSB  0.5427+0.0781  0.4708+0.0590  0.5321+0.0630  0.5887+0.0543  0.5201+0.0354  0.5119+0.0323
DCGSB  0.5508+0.0458  0.5155+0.0658  0.5563+0.0280  0.6086+0.0296  0.5389+0.0302  0.5629+0.0287

R 2 WTLAE H, B T 7EM 4% Wisconsin b, A 7T s BE B CGSB BLAY [ PWF Fabw bt in 149 ;S DCGSB
PERIRE TS 1 — s 4h, AW L/ NMI. PWF DL ACC #5201 35 B H0 DCGSB HE R L %A N5 s FE /Y
CGSB #iA &, I HAE M 4% Cornell, Texas, Washington, Wisconsin, Cora LA & Citeseer I, DCGSB #5% f¥] NMI Fe#H5
Et CGSB HERY [) NMI 48457 B T 24.59%, 5.43%, 7.95%, 3.57%, 8.81%, 10.87%, 1t W 51 N5 r 5 Z1 i % 4% (1)
T E R AL A ARG W P A7 AR S i ).

RT IR ST B M 2 M 9% &R, AR SCHE RS IZE R HME B B e AR, RAE MR IME B 5
N R TGSB 554 P18 #0511 AR DCGSB #E4T 7 EL. % 3 BRPIAMERIER 1 FroRid 3 M

ZEARAE E AT 30 IREZEGSE BRI NMI. PWE LR ACC (¥ FkR il 2.

#3 WRESTRBEZRRR GIEARMEE)
P TR LT Cornell Texas Washington Wisconsin Cora Citeseer
NMI TGSB 0.3027+0.0487  0.2377+0.0595  0.2875+0.0277  0.3886+0.0582  0.2353+0.0387  0.2791+0.0290
DCGSB  0.3678+0.0369  0.3244+0.0625  0.3531+0.0283  0.4038+0.0294  0.3645+0.0250  0.3255+0.0253
PWE TGSB 0.4489+0.0866  0.4028+0.0349  0.4779+0.0484  0.5436+0.0604 0.3111+0.0342  0.3756+0.0256
DCGSB  0.4869+0.0493  0.4715+0.0338  0.5162+0.0221  0.5508+0.0322  0.3879+0.0105  0.4214+0.0221
AcC TGSB 0.4862+0.0619  0.4219+0.0515  0.5400+0.0624  0.5962+0.0729  0.4510+0.0607  0.5200+0.0222
DCGSB  0.5508+0.0458  0.5155+0.0658 0.5563+0.0280 0.6086+0.0296  0.5389+0.0302  0.5629+0.0287

FHEE 3 T LAE th, X P48 40 M5 AN 53 P A, 792 #0851 N1 s DCGSB B & AN PEAR R AR AT LG
HAE W& HME B P 5] NF5 5 B TGSB A i, H AR 7EM 4% Cornell, Texas, Washington, Wisconsin, Cora LA &
Citeseer |-, DCGSB B B! (1) NMT $ 45 b R AE R 48 36 45 B b 5l N5 S0 TGSB BEAL 43l 52 =1 1 21.51%,
36.47%, 22.82%, 3.91%, 54.91%, 16.62 %, Ut BA7EIX L 4 47 i 5747 s JR M B — B AR DG 1.

55 #HEKNERS S

N T VG A DCGSB RIS &, ASCTER | i) 3 AW EEE Fa AT 41 BRI S0 58, 5 90F A s
# pCL_DC™, DCSBMP., PPSB™. PSB PG”". DPSB PG""DL K ANGM! AT T st bt, I H 520 it (4 Fks:
M SA-Cluster™, In-Custer). BAGCHLA K BANEM AT T b4, A T AR5 S iy A F 1k, 3l =S85
HBR R R SCHR A A S 4, SEIRSE R 4. R 5 MK 6 fr, HR 4 amf3uE R R 11 AN ERF R NMIL
PWF Fl ACC, B AANETIRIKLFHI; BANE F1 ANGM %05 % 5 Sk [19]; SA-Cluster. In-Custer. PCL_DC.
PPSB L BAGC M##E K H SCHR [42]; DCSBM [E#E K H SCHR [43]. & 4 2 11 MEER) NMI #6547, £ 5 =2 11
FREVER) PWE $8¥5, 3 6 52 11 MR EVER ACC $845. SH T AISTIe 45 KB E, AT FAFIEHAT T 30 IRELLEE,
T 3 AMERR 30 RISFEIE AR

FHSRER 25 AT DUE H, 5 HA 10 FhEER B, A SCHE H ) DCGSB AR BUANE T 2 Fil ) 2 28 i Asr i, 1 L
P AT ARG RS FE R B S A VR A S RIIY RBiC I 4% (Cornell, Texas, Washington, Wisconsin) _, NMI FI{E
HRFE LI, TEM 4% Cornell 1 Texas b, DCGSB # 84 f) NMIT {H Lt R 3 i i Xt Lb 592 DPSB_PG Al = 1
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13.31% #1 6.92%, DPSB_PG 15 [& 775 s B BE, {2 A IR A1 3% A AU H I AR IR R B M W 4 ) BB AL
A DCGSB 4F, X # Bi7E DCGSB A ¥ 415 BAB (S BN R R B R o B — e s £ 87
Jic [ 24 Washington H! Wisconsin |-, DCGSB ] NMI {H Lt R Bl 4 B %F L5k ANGM 43 74 = 1 1.64% Fl
0.70%. ANGM A5 25 FE 4% o4 45 (0 B, T ASSC AR DCGSB 2558 7 50 B E, S W8 WISt 452 v XK
28 1L ARSI RS FE B AR K 5 Bh. (6 & A +E A 45 M M [FIBCN 4% Citeseer |, DCGSB #8284 (1) NMI {H Lt 3 B 5 4T 1)
XFH L ANGM #2055 T 12.09%, {HFE FAE & A+ 2 M R M 4% Cora b, DCGSB ¥ NMI {f b b %
PCL BC ik T 12.38%, iX &K A Cora 1 ItE R S5 #I7%E Citeseer H1 4L ] 454 HH 2.

#* 4 DCGSB HERUFNS L SV AE R PE M 26 L1 NMI (A AR )

ik Cornell Texas Washington Wisconsin Cora Citeseer
PCL_DC 0.073+0.010 0.061+0.011 0.092+0.015 0.060+0.000 0.416+0.003 0.170+0.003
SA-Cluster 0.064:0.000 0.082+0.000 0.077+0.000 0.101+0.000 0.117+0.000 0.047+0.000
In-Custer 0.038+0.000 0.106+0.000 0.063+0.000 0.089+0.000 0.112+0.000 0.043+0.000
DCSBM 0.0969 0.1665 0.0987 0.0314 0.1707 0.0413
BAGC 0.040+0.006 0.052+0.007 0.053+0.006 0.034+0.015 0.008+0.005 0.017+0.000
PPSB 0.068+0.001 0.111+0.015 0.112+0.006 0.078+0.013 0.068+0.035 0.033+0.001
BANE 0.1257 0.1767 0.1682 0.2000 - 0.0924
PSB_PG 0.3131+0.0476 0.2965+0.0579 0.3235+0.0374 0.3736+0.0550 0.3012 0.2533+0.0348
DPSB_PG 0.3246+0.0385 0.3034+0.0346 0.3263+0.0247 0.3774+0.0368 0.3143+0.0205 0.2658+0.0326
ANGM 0.2909 0.2864 0.3474 0.4010 - 0.2904
DCGSB 0.3678+0.0369 0.3244+0.0625 0.3531+0.0283 0.4038+0.0294 0.3645+0.0560 0.3255+0.0253
5 DCGSB AN EEIAAE SR PE M 28 B PWF (EEbRHER)
A7 Cornell Texas Washington Wisconsin Cora Citeseer
PCL_DC 0.281+0.000 0.316+0.018 0.326+0.034 0.274+0.002 0.441+0.002 0.299+0.002
SA-Cluster 0.386+0.000 0.383+0.000 0.474+0.000 0.398+0.000 0.282+0.000 0.298+0.000
In-Custer 0.401+0.000 0.399+0.000 0.472+0.000 0.426+0.000 0.284+0.000 0.299+0.000
BAGC 0.342+0.034 0.546+0.003 0.480+0.002 0.479+0.005 0.299+0.006 0.298+0.000
PPSB 0.308+0.007 0.467+0.005 0.358+0.009 0.328+0.006 0.190+0.010 0.190+0.005
PSB PG 0.4378+0.0627 0.4117+0.0365 0.4879+0.0413 0.5290+0.0502 0.3554 0.3569+0.0366
DPSB_PG 0.4498+0.0476 0.4293+0.0561 0.4891+0.0175 0.5364+0.0437 0.3629 0.3854+0.0359
DCGSB 0.4869+0.0493 0.4715+0.0338 0.5162+0.0221 0.5508+0.0322 0.3879+0.0105 0.4214+0.0221
# 6 DCGSB HRFINS L HIETE R PEM 4% L) ACC GIMEEAREE)
Rk Cornell Texas Washington Wisconsin Cora Citeseer
PCL_DC 0.329+0.014 0.348+0.015 0.380+0.039 0.336+0.000 0.564+0.009 0.412+0.016
SA-Cluster 0.415+0.000 0.401+0.000 0.491+0.000 0.404+0.000 0.264+0.000 0.233+0.000
In-Custer 0.405+0.000 0.423+0.000 0.465+0.000 0.464+0.000 0.267+0.000 0.230+0.000
DCSBM 0.3794 0.4809 0.3180 0.3282 0.3848 0.2657
BAGC 0.439+0.003 0.563+0.003 0.464+0.003 0.474+0.011 0.301+0.007 0.222+0.000
PPSB 0.362+0.026 0.506+0.012 0.402+0.021 0.385+0.032 0.263+0.006 0.263+0.006
BANE 0.3805 0.4556 0.4291 0.4362 - 0.3334
PSB_PG 0.4780+0.085 0.4396+0.056 0.5348+0.0399 0.5849+0.0380 0.4494+0.671 0.5148+0.063
DPSB_PG 0.5199+0.0400 0.4438+0.0630 0.5330+0.0330 0.5884+0.0466 0.4339+0.0249 0.5233+0.0360
ANGM 0.4421 0.5059 0.5435 0.5660 - 0.5498
DCGSB 0.5508+0.0458 0.5155+0.0658 0.5563+0.0280 0.6086+0.0296 0.5389+0.0302 0.5629+0.0287

552 By 1 9F H AR Poisson 43 i [ DPSB_PG #EUAH L, 7E 3 M@ MM HUE4E L, it NMI f8hr, iE
& PWF Fl ACC $8¥%, 152 DCGSB #BLt. DPSB_PG HIME &1, #t— 5 i 7 A SCHE H 2 DCGSB 1, ik iME
BRI HEAE B IR AT 2R B 311 43 A 0T 22 Bl 0 254 TR I 2 SR B R T P g

© hRBIEB IR

http:// Www. jos. org. cn



2318 HAFFIR 2025 FF 36 K% 5 A

L5 LTI, ASCHR M) DCGSB R ZR S PEREIL T Hofth 10 Foxt LS, I HAEMI 2% (40 45 B A S 15 2 10
Az A P DA e o5 I ) 2 A1 L 5N B 20 0 A 28 SHG A 4 P ) AL RS TR 8 e b R 531 s 1 o 2% 14 [ e 45
e RIS BL 4544

6 & 1

ASCEF X T A JE R 2%, SR T M AR IE R R P R 2% R DCGSB. BB 1 M2 HhiME R
AR AEAR 2., A0S 9028 0 P S RSP R AR 68 5 e JR R R AT A, JF HL S TNYT i (0 B 220 080 W 245 (1 e b L, B A
WA T RS SR, HETT B e T A RIS . Gt — (R R BOR SR A A R TR S il T, FUR EM BER
BB RS SaR g R R ARSI DCGSB REM K I 45 1) 2 Fhabife), AT L (A Hofh sk
FEVERE LA AN R R BB T, I B 1901 2% 70 M S0 e A5 U2 B0 A 40 e AN e e 8O 2 20 A1 F LB R
A DA A i 0L A B S I 2%, ] ek RS DA Bt A B -

ASCE BT T T SCRENLBRA I AR T [ Ja& A1k 0 4 v B A LR il AL, R — 20 AT DA R ) SR AL A Y
GSB §" & B A SRR (g R 2% [RI, A SCAERC R S J il v IR A T EM 583, {H7/2 EM 5EikBE3 W 248 AL 1 1K,
SN, AR AR, oT B RS HAR S H b 11 5.
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