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Multi-granularity Link Prediction Algorithm Based on Spatiotemporal Attention
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'(Guangdong Laboratory of Artificial Intelligence and Digital Economy (Shenzhen), Shenzhen 518107, China)
2(College of Computer Science and Software Engineering, Shenzhen University, Shenzhen 518060, China)

Abstract: Social network link prediction can help to reveal the potential connections between network nodes, and has important practical
application value in friend recommendation and cooperation prediction. However, existing link prediction algorithms ignore the medium
and long-term development trend of social network time series, and do not consider the interaction relationship between nodes in the
network from a long-term perspective. To address the above-mentioned problems, a spatiotemporal attention-based multi-granularity link
prediction algorithm is proposed, which can integrate the spatiotemporal features of social network time series with different granularities
to improve the accuracy of link prediction. Firstly, the weights of the social network snapshot graph are constructed with the time decay
function, and a graph-weighted moving average strategy is proposed to generate social network time series with different granularities
reflecting short-term, medium-term, and long-term trends. Then, a neural network based on the multi-head attention mechanism is used to

extract the global temporal features of social network sequences. Next, the historical interaction information of nodes within social network
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sequences is combined, and the neural network based on the mask attention mechanism is used to adaptively construct the network
topology from a long-term perspective to dynamically adjust the interactions between nodes and is combined with graph convolutional
network to model spatial information. Finally, the fusion attention neural network is proposed to extract useful short-term, medium-term
and long-term information from short-term, medium-term and long-term spatiotemporal features, and perform feature fusion to accurately
predict the future links of social networks. Experimental comparisons with seven existing link prediction algorithms on four social network
public datasets confirm the effectiveness and superiority of the proposed method.

Key words: social network; link prediction; multi-granularity; attention mechanism; graph convolutional network (GCN)
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KF A Al e R BB R, S B AAE TN %5 A 3 4 R 45 8, BRI 1) A5 #E F A 5] 1B Sk Ak 2
BINFFF. AT AR RIX A o J, B VR R WU A 2 P 4 B e, TR ENLAS BRI . ORI B P ST IS T
S AR TEARSC AR v, A FH R R AL P 4o 28 10X 8 B A 22 19X 8¢ 3 1 PR 4 SR T TRV, 4SS 284 75 5 A ik (1]
B NI ENEIVACREISE SRS NG o E NI ER S5 e S EE PR Y

E SR AL A I 2% 17 51 BRI TR SR T, AR S5 A ) — A A e e 2 0 b 58 ) 48 R4 2 1T, AR IR 48 B2 7R
2R AT AL DU B G O, B A AN PRI AT 20 e, B an A X (3) s

[H!,H.,...,H'1= FC(IA}LAL,...,Al]) A3)
Horh, FC R FRERMIEAR I AL Z, H! € RV, 1 <k < I RATE M M S RIBEIR, N2 54, F R4 4
B AT IR BRI A Gl = [HL HL,...,H!] € RV,

B e, 20 ) 266 5 5 A4 TR R 22 A T 7 TR 3% A0 S i ) 2 B 22 e A (00 5 OO il nE TAE H AR, 422
I 26 52 AN A R AR 3. O T AR AT X 4% (1 22 T Ak, AR SUAE F 22 Sk 3R FT A 2 I 48 S [ A 13 2 ST I A58
I 24 [ . SRR X6 240 8 i 1 4 A2 I 2 IR R R P 8] G, AT 26 R4k, 1981 0, K, Vi, THE I AR (4) FR:
[0.K,. Vil = G IW2, W, W] 4)
Horb, 0,K;, Vi € RV Gy RS i A SKIN AT ) BEAVE I RIR, W2, WK, W) e RP S5 i MkIMBUE S 4. A5 1T
AR SRR 1 R SCRR, SRR A R (5) FiR:
head; = Softmax(Q.K] [ \d,) V; S)
HH, head; e RV RoR 2 i ANk KRR S . 55, A KGRI R IR BT B8z, IR A4 3k 2% 5] 3
AN [ B (R RAAE AT 2 A, G 22 Sk B I 5 R R AT 2 M A0 1045 31 2 Sk B AU B &, o5 R
X!, = concat(head,, ..., head,)W° 6)
Forp, X)L RV SRR [A)3E R 7 90 28 36 00 2 B8 e 52 0 4 P 910 25 o 38 (0 B TR R AT, WO € RIodvde AT 2 3] AL R
SR, h BEERE 03
2.5 ETHEFENNHINEERMLE
TE 2% ) 4 FE 5 TS, — P 255 L FH AO45 S8 38 5 10 X6 28 I 248 P e 2] o f s B R B 2 [ 46 44y, {ELIX
WAFLE— 52 B SR BR A, I O v e K T 1K) 7 P55 25 RS A 040 Rt 45 A R e, I A 30 9 £ P T B Ay
FITA A0 5 f) B AR P e — FE (K. A T AR R A ) R, AR SO P ¥ 2 0 4 28 X 28 MR S X465 1 B FFD IS TRV RRAIE F 1 3
7 b 2 ) 4122 P % B 2 A, R T 2 T AL 58 I 2 DR A PN T R R BT I S AR S R0 R 4 R HE AT G S R 4
F40, 3G 5N S AR AR S5 IS, 5 2% =) B 0 B G5 F6F ik e 5 AE R AT BB AR, AT CABSCHE 35 i 5 22 ST 45
I 2 (R B 271 11 2 TR A R
e, B &) PR — AN RS AR AR A A R I TR AE, T8 AL, € RV SR JE A FE A R ML B
5 3] % TR 4k B PP YT S R A B DG R, BT 00
§ =V, - o (B WDWa(X, W) +b)) ™
HHp, W, e RHP1 W, € RP>¥P> W € RMP2 Vb e R™N SRR IS HL, o 2 Sigmoid B KEL. S e RV &%)
BIMFERSREE, S HITGER S, om0 5 j X7 A7 IR AR
SRIG, 1EH Softmax PRECE R IR S BT A — BB R R s, IHE A (8):
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N
Szlj = exp(S ij Z exp(S ,',r) (8)
r=1

P, 9 T BREARARJE T TR RE I, 8% 51 NTCARAIE S, A SCHE T SeAk S I 5 BRI 51 1A 1 D S 4045 B
XHERFERE S FEATHER, 8 B SGUE T Rl g 240 . A S W 5 BRI 51 A F) 1 S48 Fe A BSR4 R 5K

M:iM ©)

Hep, M e RN SR M AHEEBJIAERE S AT AR i T =
Si» Mi;j>0

10
0. M,;=0 (10

mask(S') = {

FHo, mask(S") RHERDIE R JIHFE, fIHRRR NS .

e, T (RS TE R )R R S R B A 5 S BT A AR ELSE R G R, ASCK 5 GON 454, (- A
AR NG GON BefE B & NSRS B A5 1 23 (A1 G5 A0 A5 8, AT S 20 B35 17 0 2 1) 4 5 ) 4% 1 T
I P HERGE R D HERE 7 A () RAAE A, #EAT SRR MR G R P

X! =ReLUD™'*S" DX W) (11
Hor, S =8 +1 /28 MEHFE, W e R0 0] 2 S (IR E S 4. XL, € RV Kon 2 > BRI 7y B AL 2T W 4% )7
H (I 25 R AE, A, AT ATS B A KIS B A 58 R4 7 B (IR 2 SRR A2, € RV R X3, € RVP.
2.6 RAEFESIMLE

TEAF BN [RIRLBE A58 I 28 PR 7 B R I 25 R AIE S, 5 NG IX SR e 3R AT R G, FREAT S R TIO. Dy ks, AR SC3R
T RE R S SR A AT . ORI A 2 I SRR, B A, R S B SRRV A
F I 43 By R S A 22 9 5 v PR i, AT AN 20 & P SR U A FH R . AN IME B, 24
R AN AT A NS B L5 A IO AL, J5 R R B I S R E RN B 2 2 A BN & N 45 rh 5E
A A X 4% i s AT 55

TG, RPRLEE 1 A AE I 4 S ARAE &) AT 2R AL, 193] Q' K, V! TH R R TR

[0 K", V'] = X, [We, wE W] (12)
Horf, LK, V! e RV p IR RIE 1 R SIS M 1A SEAIE, we', WK WY e R S 1] 22 2] R E S 4.
SHRLEE 2 1438 X 4 I 28 KR AE A2, ASSCLURLEE | B 2SR A &) AE R 2 T 3% F1 40 28 9 485 1) 3, 1 5
0, K>, V> WRFTs:

s 13
[K*, V= X2 [WE WY (1)

{¢=Q
o, @2, K2, V2 € RV 3 HRRIEE 2 TER I A MR W) BEAME, W WY e RPN ESH. SH
JE 2 VR IR G I 4 AL, R 3 VER UM MR A 0° . B KO AE VA iE SR R
Q=0
{[K3,V3] :X3 [WKS,WVS]

statt

(14)

Horr, 03, K3, V3 e RV, WK WY € R JE [ 2 ST B 240
A, BT 0LV, i =1,2,3 0 BRIBGE . A E B, TR
Attention(Q',K', V') = Softmax(Qi(Ki)T/ \/Z)Vi, i=1,2,3 (15)
Hd ) Artention(QF,K', Vi) € RV 56 i MEE JI & WM& F% H, N5 (82 W, (6 53R 7R N Artention;. Attention, ~
Attention, M Attentions 73 | & 7RVE I #4828 SR LB AL A2 2% B A1 RO RLI] S RIS B R R e Tk AT
FRANAR BN 2R G AL S X 2% B 23 R ALE, G R Pz
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3
Xy = Z Attention; (16)

i=1

Hidr, &, € RV,

BT, WL 2 )R A R LR A I AT X B R Z I B e 2R, LRI R

At = MLP(X,) (17)

Horft, Ay, € RV RIRES [+ 1 NI 44 BRIR G, 08 SEIIAD BEAERE TS5 3. MLP %R 2 2 4% 2, it
JG—JEAE ] Sigmoid T BT, HEAREBIRI ReLU WOk %
2.7 HEEEINGH K

TSz o, R 9 20 2 R A A, 5 9 4 o A2 PR A e T T A A e T 25 R M D 1, 1 5
400 45 11 . IR0, ET AR S BRSO, 5 T A S P 4 (R . 9 T AR A % S B £ 1) L, 7
IS 6 5 o 4 A PR B 1 B % Ml ST, AR S R A R A ST 35 R R B %, Bk I F B

£=|Pe@a-an), (18)

Hot, Ay RE 1+ 1A A R SRR G, AT R, « FoniB R, PRI, BgERrn =
{ﬁ’ (A1) >0

P= (19)
L (Al+l)i,j =0

Horh, B> 1 NBRTTRE XARF TR MO 158 2 (10 A5 R At 52 0 28 i L 2 ) AL
ARICHR ) SAMG-LP Bk ZRd #R O AR an 53 1 FoR.

B L TR 2R HE R TN SAMG-LP 5%

BN AT RET Y G' = (G, GL,...,Gl}y AR KA ML R G,y 5
itk AR S L SR

PR 1M 2 RLRERHE: XPRIEE | PR T S G R GWMA AR ORLBE 2 tRIE 51 G2, 28U, FIRTRLEE 2 PRIE P
5 G HE R EE 3 PRIRF A1 G

AUR 2. AN [R]RFAE: X 3 A DKL EE 0 Ak 52 00 28 BRI e 21 23 ) 4 P IS 16D 3 2 0 ) % B B ) 45 8, 1R 3K (6)
53 I TRV RFAIE

WU 3 B ARHIE: ;1A ()23 (10) HIE R AL P24 1) 23 AR T 45 4, I A3 (11) 1321 3 FiAS[RDRE
JEE (R 5 10 2% AR B ) B 2 AR

SR 4 B (15) M3 RO FIRLEE (I 2B REAE 2 AR BGE . Th AR ME ., frAast (16) e U IERL &, JF i
N3 (17) PRI 23 R e A0 D 5 o0 226 B Bk 00 45 2R

AR5 dAa (18) BRI R JE B T B A S 4L

ASCHEH ) SAMG-LP SR 8] 52 2% B2 1 ZAHEX PR 2. YR 3 FUPER 4 36 3 S fih 5. PR 2 th
T HER A (6), HAMB TR IR OWNIRAdY), Ferh N Ak S8 0 25 45 i £, 1 AR5 P2 AR IR 1 I E,
h RVERIHIREL, d RENERE SR 4R PR 3 vh R B R A (7), iR E AR O(N?D,), Hrh
D, RILESH W, K 4E L. PR 4 ML RAE AKX (15), 1HERE OWd), b d RTER ML
SRR T RO AT I 2% A R B AT A BRI, R, SRR [R) R 2% FE W ] 213 7R 09 O(V?).

3 schuorh

AT L EAE B A R IRUEA SR ) SAMG-LP SR HOBERR T HOR . SL96 20 1 4 B2 28 1 oy
FEAE 4 DN HSA A R B b, Jl I S SRR LU AR, B8IE SAMG-LP SAAEBER TR 55 LR pBrE; 58 2 0
Ty I RS, T SAMG-LP &AL SRR RERIRZ MR 28 3 & & o i AR S HOR E X SAMG-LP 55
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IR RE ISR 5 4 B4 20 BT SAMG-LP Sk Z5I [A) €.
3.1 KEHIEE
K CHFEATFHAESE Haggle. LH10. LyonSchool A1 workplace " |- 47 Sty 45 $rdE 4E#18 7:1:2 1y b5l Rl
Sy RNEREE . BaiE SR AN AR, X SR AR H R AL AT IS B 42, Ho B BNk 1 s, XSS AR i T IR U T
x1 BWENSRIER

pueiiEs TR B S PRHE R

Haggle 274 28 244 70

LH10 687 150 126 71
LyonSchool 497 1048 576 473
workplace 973 9 827 89

(1) Haggle i1 L 5 4108 N5 ANBRR, T mR RN, T s A EEE RN A 1 2 (A1 1o 2 fi.

(2) LH10. LyonSchool #/21f Fl RFID AR KRG A 5 A 2 (8] %M, i LH10 %o iiose i 2 &R,
LyonSchool ZLHUSHEH 5572 /N2,

(3) workplace &7~ TAEM AT N5 N Z A1 H R BhZS I 25,

3.2 1M iEtR R EERE

ACTCAE A 3 b 0 e A b o E AN TR (55 3 T 5975, 4 12 AUC. MR Recall. AUC JR Bt T 3%
TR AER 28, Recall St T BUVENT IEREA IR BIBE J1, —F ¥ e bR URARYT. T MR St 1 53 1 4
AL, FEFRE RN R R T

T AL TR SRR R T B, A SO SAMG-LP Hik 5 7 Fh B A QR M RO TN AR T E A, N
BT A AERR B 7 FE TR AR T VR RN TR 5 S 00 5 1. B T AR B v A 55 1 282
BRI BAEFEAR () PR-CN S92, 58 2 22 DUHTBA PR B/ AR AE, 38 5 43 2 2% 34755 % U 19 NC-LGBM
SR T B A3 A A LA BT A TR B T 1) LP AN 3 7 R 42 0 At 00 0 35 T 2 2 PR e i T )
¥ MIGFE" VR 47 R0 B A3 RS 1. 6T R 3 25 S B BE B TN 7 ¥ 40 S DK 55 1 K BRI 4 A 4T B 6 190000 14
GC-LSTM"'HI GCN_MAP®; 55 2 &/ M FG A2 1l £ J3E 56 1 i T ) SRG 5371,

FT A SEIGYILE Ubuntu IR 45 %% L#E1T (CPU: Intel(R) Xeon(R) Gold 5118 CPU @ 2.30 GHz, GPU: NVIDIA GeForce
RTX 2080Ti). SL46341°R F 10 A7 S2 B 10125 B DR 4058 I 26 PR P B A, B S YR ATL S 56 P~ 35 (B 4 Sy s
IO . o T s B R TN B0, AP B fE — A W DR AR D9 SR AN BT R v SRV A AT T S 9 e
S WA T SAMG-LP B0ET S, BB PR BN 4, BRI ZE R E S H0% BN 0.1, B RIVER 1M
28 AN BLT-HERDVE B I HLH I B R 0 4% m (14 B Rl 2 4 B 38 B R 32, Bl v ) 458 B MILP i Jo — R 4 B
BB AT S, HARTRIE SRS BE N 64, Bk MEUETT RERE N 2, Adam RALAR 2% 21 254 0.000 5, I
FRIEARIREE B N 300, SEEG3ET PyTorch 2.0.0.

3.3 LKW ER SR

AT HILE 4 AEAE 2 BE e Bt b T ARSI ) SAMG-LP FI3EHESE ) AUC. MR Fl Recall. S246 4%
BnE 2 fiw, S o Fon s ME R, R 2 W0, AT 7 FhISHESE, AR SCRVE TR BTE R bR AR
3T AR, Hoh SAMG-LP 7E LH10 1 workplace #4845 (T M4 G A 4 B B 3R T X7 LH10 4R 48,
SAMG-LP 7£ AUC. MR Fll Recall 55 _E43 FIEAS T 3.4%-16.9%. 13.3%-72.4% 1 2.5%-30.0% FI 1% AL T,
%} F workplace ##54E, SAMG-LP £ AUC. MR Al Recall $&#5 £ HIHUE T 3.7%-55.9%. 16.9%94.6% Fl
4.6%-90.3% [FI P REFETE.

1) 52 B3t TS M L, SAMG-LP £ AUC. MR 1 Recall 545 EE/DEE T 4.5%. 14.7%
1 2.5% TEREIRTE. X2 B TAEEC S A B B A4 I 25 HRAE, S B8 87 B ho@ i — P sl LR DU P H0dk A7 4l
. I AFAFR A B AU TE 2 PR-CN 7F 4 P 45 oF R I 2 . AR FE T-HLAR 2 21 70 SR B I AR UM i 2 v
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1T 2R F AT E A6 2B E A Tm ik 4321

NC-LGBM Lt PR-CN FRINEREA Fr e Tt, (5 i1 T4 (4 22 PO AU i BOCRFAE XE AR 7R A 52 19 2% 1) B2 % e Ik 1 15
FFHTITMGE S 2 IR, 5IX BINVEAR], AR SO A G BAR R 2 AR AL H K, T 238 I 4 S VR B 2 ST AR AR i A AL
AT 4 24 BRI 2R AIE, A SZ 0 28 5080 v 1 2 e B H L R 2 4k BURR A
2 SAMG-LP S5AEHERVEMERE LLEL
o Haggle LH10 LyonSchool workplace
‘ AUC MR Recall AUC MR Recall AUC MR Recall AUC MR Recall
PR-CN 0.864 0.107  0.791 0.806  0.091 0.691 0.714  0.101 0.494 0.814  0.059  0.680
NC-LGBM  0.851 0.124  0.814 0.810  0.261 0.876 0.884  0.095  0.807 0.655 0.545 0.853
MIFE 0.804 0.283  0.734 0896 0.112  0.821 0.923  0.083  0.894 0.619 0903  0.897
LPANMF 0.867 0.105  0.824 0.853  0.092  0.770 0.878  0.136  0.838 0.702  0.091 0.495
GC-LSTM 0902 0.043  0.826 0.896 0.107  0.824 0.862  0.099 0.771 0.827  0.062  0.701
SRG 0.887  0.062  0.802 0.831 0.083  0.719 0.893  0.315 0.867 0931 0.078  0.901
GCN_MA  0.887 0.072 0.824 0911  0.091 0.854 0.889  0.167  0.933 0.908 0.088  0.872
SAMG-LP 0915 0.039  0.853 0942 0.072  0.898 0.924  0.081  0.900 0965 0.049 0942

2) 5 2 FhIE TR MR I )T AR EE, SAMG-LP 7 AUC. MR 1 Recall #8647 L tt MIjFE ~F3JEU45 T 18.7%-
54.7% F1 7.8% MITEBESRTF; Eb LPANME ~EXJEUE T 14.7%. 42.8% F129.5% HIPEAEIR T MIJFE BESRHE & T /4%
(A AN A 25 1, R8I R U MR o g i U7 SR S B A R B, SR 5 3 PR AL S AR R B R 2 B0 B e R
TR, LI b AT BRI AR B 4 AR DL ) AR I AR R O R, B INARIER AR BE 1A R, 5 SO 14 B — AR
LPANMF 7 4R340 B4 RN\ T Boak 50 B, Hl i 5 il g5 5% 3T 35 05 R 4ER R, 1IX — 2 FR 3R o 1 AR e AiE
PRI ), (HZBE R R T WIS (I FR RPN 25 (M 544, 208 T W28 BB T B A8 4, 3455 ST B 07T sRon A g 4
THI, B B TN B8 777G PR 170 A ST () B9 B S FH 22 il i 0 8 X 245 W (1) 448 J SRR BN (RIS AIE, 28 J5 R FF 25T S0
OK )2 >0 30 B0 I 45 K DA 72 () 248 B R B TRV RRAGE, 2% 8 D9 8% 1) i P DA o 19 S B3R 7R e 77, AR BB 2 1 R 5F
B, eI At FAMAIE B T AR SOOI LU T 35T R R 1) 2 T A R B

3) 5 3 Fhdk T UREEE I iEAH e, SAMG-LP Bk T 7E LyonSchool (445 I, 5§ GCN_MA #iBUAH HTE
Recall fabr FEUSF TR ZE A0, HRBOLEEUS T RAIEIIEE R, 1X 3 P TIRE S I B #E IR T AW
28 R B ()45 JE R 23 [A) 5 KA 5, TOUINPE BB 504, X ARAIE B 77 28R J38 27 o) 1A 5 v 7 8 000 17l R L= P AR %, (HEE AT
WAELE— 2L FR . GC-LSTM Xf LSTM B 347 Beidk, K GCN iR N F LSTM 1 P 3 25 44 Hh Sk [ o) $i2 I 5% R it
JF B (I 25 REAE, H T 4 BB AN 1 SAMG-LP, 3X A2 KN AH e T A4S0 8%, GC-LSTM R B8 % =1 FII 7 11 2 8] ¢
AE D J=5 358 ) BT [ ARFAIE. SRG VR BE AR BB B Y TF T 25 T 240 I3 — 163 ) DGFlow i3k, SE3L LR 5 HR Bl %,
FIFH LR BS54SR HR BT T, 3T iEd DGFlow # ARk HR EIAE ik KM 4%, SRG i B 1b =5 FE ) 4% (1 3 +h
ShKL), MG T T AR BRI AR AN, HAE I RID R I8 25 18 3 B 2% W 4% (MR B 1. GCN_MA FI ] LSTM 535t
GCN S5k [7] i FA5% =) 3B o (AR AR AN 25 (R ARRAAE, AR JG 25 T 28 Skide 5 JO AL A4 =) £ B8 SR ASEANT (R RRAiE . B4R GCN_
MA 7£ Recall f5#7 FBAH RIF 056577, (HHEBAERIA W SAMG-LP, X2 H T GCN_MA R & T H—Fki K
AP ZE I ] [7 51, o S BlE i KAE S, BAES R RRHERT RTS8 R RS P48 404t k, Tois:
3T 0 MBI 27 ) B4 58 X245 PR Fh Fh 25 480, 3 17T B8 G 85k 2 o) B AL AT I 4% 1) 25 (Al 45 0445 B, 5 GCN_MA #H
b, SAMG-LP FJ LA 25 AN [RIRLJEE )41 28 9 2% BT i) 3 37 2 20 3045 S5 58 = 5 DB 2SR AE, 3 AR B 2 111 453 0K 1R
R T AL M4 FR BT, X5 SAMG-LP HIZ5 & TR RESE 4T
3.4 JHRLSCIG

N T PR E SAMG-LP Sk A 5 AT 1A 20k, AR SCHE 4 Rl LS A4 58 I 4 Bt 42 AT e ral s a8 3
AT, ASSCBETE T AN 5] I 28 S5 M AN 45 25 B B SAMG-LP 8001784k, Bk, model0 Fe7m A A8 F S5 4f #E A2 PR 25t
HEL 270 ) RO FE R R TR L A MR B A A8 0 28 R T B % SAMG-LP Sk T R 5400 modell FRn X f#
FH B Sk R LA B ELA (AR AE ) SAMG-LP B3, $R 7T 4L A8 P48 2 Jrisd A 3 T 14 B 1R 52 MR B2 5 model2 7R
ASUAE R sk 408 JE 4 B 3R AT R AR 19 SAMG-LP 092, TR 70 F & S 3R BUHR A 45 840 R 24 % SAMG-LP S92 (1) T 4

© TEBREEEEIEDT  htp/ www. jos. org. cn



4322 HAFFIR 2025 FF 36 K% 9 &

Re e A IR HEAE F; model3 7R 2 B 2 T HERG T & JI AL 1 B A AR ) 2% 2B 1Y) SAMG-LP B3k, 4R 50 2 [AVRRAE X
o G T A i ) EE B RE B modeld 3R K Fil A 7 7 0 4 4 A BB AN R FE I S REAE AR N kA ) SAMG-LP
S, TR AT A R R EE R 3 70 W48 4H A 48 3 ; model S a8 B B 1E §1 31 2% B BB 4oy MSE 125 s 3L
SAMG-LP B3, BR 7t B4 M Bidsr PEXT SAMG-LP Sy T4 e 1 R . Y RS2 56 i) 45 SR e 3 oo, Horbo A
NI R, AT UAMEE R, BT A AR 47 &R I I SAMG-LP Hik, 230 R B SAMG-LP BiE &N
PRI 2.
F3 THRERSEIAE R

ik Haggle LH10 LyonSchool workplace

AUC MR Recall AUC MR Recall AUC MR Recall AUC MR Recall
model0 0.907  0.041 0.838 0.921  0.101 0.887 0.818  0.084 0.696 0962  0.052 0.934
modell 0.870  0.072 0.772 0918  0.081 0.862 0.874  0.091 0.802 0.880  0.081 0.814
model2 0.865 0.078 0.764 0.922  0.087 0.869 0915  0.089 0.889 0914  0.096 0.885
model3 0.894  0.068 0.809 0.584  0.403 0.504 0.846  0.509 0.891 0.635  0.443 0.708
model4 0.892  0.047 0.809 0.936  0.086 0.890 0.819  0.082 0.684 0.954  0.058 0.922

model5 0.711  0.016  0.433 0.897  0.101 0.837 0.716  0.071 0.475 0.585 0.770  0.900
SAMG-LP 0915 0.039  0.853 0942  0.072 0.898 0.924  0.081 0.900 0965 0.049  0.942

7£ model0 1, %A AAH LT SAMG-LP B3k 7E AUC. MR I Recall $5hr_E I BEF X R BE T 3.7%-
13.8% 1 6.6%, iXF W] T 2 R0 58 W 28 PR T 51 %F SAMG-LP BMEHEVE A, TR 88 B4 58 0 48 R IR e 4140 4 it
FHREBNE R, T GWMA AR F S RE A b e . KB HBARNGEE, £ 7 SHIRATR,
7 modell H1, ZFARAEHY (1) R BLER A U1 SAMG-LP 53%, 3% 3% B 41 28 W 4% 22 0 T8 Ab 70 B 2% 0000 A (0 SE 22 75
model2 H, X f FH 7 50410 JE R R i 2 1R R A0 JC ¥ DX 310 400 8 4% s (10 3 vk, {of 43 000 2 6 AN G SAMG-LP 9%
#£ model3 1, HA LT SAMG-LP &i:#4 AUC. MR Al Recall $6#5_ERIFRMMEREZE D FEET 2.3%. 74.4%
1.0%, 455 2 7F LH10 F1 workplace Z{#E 4 I, model3 [ TRINRIAH L T SAMG-LP By 28 FiF, X5 T4
IRR) £ 2% 171 4 A A 1 5o 1% 00 ) 2 LM A B 7 modleld P, MEEL T SAMG-LP, HAE &35 ¥ L IR BH A
TBE T, IXUER T A SCHE Y R T TS I RS 5 HR T SAMG-LP BTN R 7 model5 Y, B AR SAMG-LP
FyEAH T model5 7E Haggle 1 LyonSchool #E4E 1 MR #5845 _LHUS T IRILEE R, (HH ARG T SAMG-LP &
LTI REAS L models BEAT. iX 2Ky MSE $i K B EUA X 73 HESLhR SR I F 53R R 05, +LA8 & IR Bt A
RESARE R EICRIZ S TAEF 05, MSE $ 2% o B0 15158 58 0 1) TG SEH A2 7E 5 75 TN 0, 32 17 5 3504
R MR $5 45 R BRI, (HiX £ SEUERZE AUC M Recall 4845 b e IR 2. 24088 045 1) T4 TR0 &5 5L F5000 Ay
0, FL R FAME 2 32 25200, R AR 1E 75 ZLER IR DI BEREZ R IS LR R, SE86A 200 W1 T #6540t 26 s L Rk s =
FE BT A28 045 R AR 1, A B R ) TR 445 SR 5 i .

3.5 SEEMWOH

NTRFES T SAMG-LP HVETREBE K R0, AR TTE 4 A B4 2E SR 5 b 43 AIXE R SR8 h
B 2 RRAE R NZEFE D PR U 1 5T R 5 g ANET I IR B S 8 0 3% 4 PR O S HOR AT SE30. A A
[E S E R m, b FUEE A (1,2,4,8, 16}, D FIHUE G BIA (16,32,64, 128}, B I HUETE 4 {1,1.5,2,2.5,3), 6
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