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Abstract: Temporal knowledge graph (TKG) reasoning has attracted significant attention of researchers. Existing TKG reasoning methods
have made great progress through modeling historical information. However, the time-variability problem and unseen entity (relation)
problem are still two major challenges that hinder the further improvement of this field. Moreover, since the structural information and
temporal dependencies of the historical subgraph sequence have to be modeled, the traditional embedding-based methods often have high
time consumption in the training and predicting processes, which greatly limits the application of the reasoning model in real-world
scenarios. To address these issues, this study proposes a frequency statistical network for TKG reasoning, namely FS-Net. On the one

hand, FS-Net continuously generates time-varying scores for the predictions at the changing timestamps based on the latest short-term
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historical fact frequency statistics. On the other hand, based on the fact frequency statistics at the current timestamp, FS-Net supplements
the historical unseen entities (relations) for the predictions; specially, FS-Net does not need training, and has a very high time efficiency.
The experiments on two TKG benchmark datasets demonstrate that FS-Net has a great improvement compared with the baseline models.

Key words: temporal knowledge graph; fact frequency statistics; time variability; unseen information
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HIEFE, 10 Sc = A — /N4 FE 35 3 7 S TR AR . 1 S 47 B 5% ZR A i 2 31 S (AR
25 HEERESH

FS-Net Ht 8 4 1] 0% 3 B4 LU R A7 T R (1) 36 T SeiF T A 25, 76 9 2k R 60 6 g
0; (2) TRIMLFE A A9 H R 24 K. FIETERATIXT FS-Net A5 R 7E T By B i (8] BB b 4T 7 0. B2 mr L
PRV g — e, FRATRI KN E*RxE (%6 5358 FE O T3 R TN E*ExR 1M 5 58 B )6 K BE D k 1 G s
TP EE BRGNS BT, Bl (O 5 oA B EEE, A N T 77’ G
MG B FR AR (R* ) LT 1, BN 0, W sE AR5 S 04 E AT 9 FE RO B (8] 22 BN O(k). B
MG B R THRIE UGBS — N5 D 2K JE b MG EE Z0n, KA Mg AR AS B 10 H i 5
AHINBI AT RAR, B LOZ AR RIS (A1 B2 A2 BE R O(k). ZABltth, A e 24 mir F500 A 1) 8% 1) AS o WLATIR 15 B G v A
HIR B 42 fE 8 O(1). HEim e il #2 dr, CLRESEARTI (A2, 0 801, ETKERN F MIHEFEI{G.
Gortoer s Gt 2T L [P B HE B RTINS 24 P 45 FRT AN RA 7 7 R B (R A7 6 TOUDN B T 38K B — AN S8 AE I B2 10
kANTHEFP RISk S e 5T R SERTN (h,r,?,7), FRATIE Ik 187 5 R 15z B e £ 049 00 R0 s 7 6 B
RS hxr AT, BEATCASE B RIUCECH RS 4 N E M2 IR &, %A 2RISR Z R SR T 1) £ 43 2K 5k
R34y, AT LA, FS-Net fI SRR o505 24 8 O(k). FATEE— 5755 T8 4.3 TIEH T k BUE NN
H BRI AT DAY A FS-Net 1 ¥ B4 3 A F00 .

3 =X
AATIEPAS N TT HI I SR S B m 42 B FRATTHR H /) FS-Net B () 1 A R 47 PR4il.
3.1 BIBEENA

FATTH SR AT 5 B BB VT AN A T 0 1 Rtk 00 4R 0 46 YAGO Fll WIKI: YAGO #8852 2 7 45 1 R AL iR
K YAGO3M™ it 5 78, 1 WIKT 3R B 14838 B R i 745 B 76 DR R TAER ", YAGO Fit WIKI
P A B4 4 OOl vz B T B P A S AR M R PR A . AR X S DA TAED O, RAT IR R
80%/10%/10% B ELAZIHE 5 AN Bodl = R U R4 . SR SR AR 4, Horb, RIS SR e S, IR
LT AT I, IR T AT UL AR AR VRN B LR 1.
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R PRI SEIG AR 4R

Btk B KRR ONGEEE RIEENE  WBUENE WREBREEE)
YAGO 10623 10 161 540 19523 20 026 1
WIKI 12 554 24 539 286 67538 63110 1

3.2 iFMEiER R EEEE

ATKE FS-Net 53 & 003 B AL EAT T % b, I S B8 8 40 365 % A5 A 4 2 5 7%, 4 DistMult?'!,
ConvEP, ComplEx?”, Conv-TransE'**), RotatE!"VFI R-GCNZ. ¥t Lt (B0 25 (W HE 3 )5 i 4% TTransEP
HyTEP A1 TA-DistMult™, — £ g 2 (0 #E 2 J7 108 o g B 0 s 5 B3R TR KT, X7 ik ds
RE-NET!), CyGNet!', xERTE!®, RE-GCNP!, TITer!'AI CENI! ix st b L dERE R 3 ILES 1 AR T
TEF R4,

TEF L5, AL 2 M Fa ARk PPAl FS-Net 5 BMERBIARL A MERE, Q36 PIIHI 2 (MRR). HE4 T
3 M T 10 1A AR (Hits@3/10), EATTHR R 8 4 BRI IR SR B 06 SR AE TN 45 SR (g HE 44 T S AR T
1155, AR Sk S 1A TO000 A0 SR T (0 P 2 45 1. DAAE I ARSI e X iR de bR &, 1%
G515 A5 1 98 1 (filtered setting)! 2% i 75 i 8 Ik FE P 200 T I IRIRE AL, BT DRSS B

5 UE TAED 8, ARok—Merk, RATH M F AR E (raw setting) (VR HE bR, 10 ASHEAT AR (T 13 JEHEAE, LA
45 B (1 B B SR BN 2 SR 1 4 5 SR )RR P DA AR ep i 4t (e B
3.3 KIS

FATE L PyTorch HEZESZI T FS-Net BAY, F-7E Tesla V100 (K] GPU ¥ 4% L #k47 S 44K F1 3¢ & 1) T AT
%, BEE 2 NBHBTISH LIS, ST YAGO F1 WIKI AN EyE 42, FoATT 8 5 Sed 10 AT 5% 1 7 s
kR P RATMATS, FATRE kv 3. B T B Beatk A 3K /I (batch size) R 8 — AN T30 I 1715 1)
KN X T A IR )7 3%, DUOAE AR BB #2000 T B R s A vk, B bl DA sh 2 TP ib 28 05
R, AR B N B AR 4 S R 4R R, AR AR A X S i A M R R, RSB TE
— A B TR VR SCIR R AS SR B kAT S T VR I HE TR A

% F xERTE', RE-GCN™J, TITer"VAI CENUlix st 5 B SEfE R A IRATIFE SR AR AP AE G B T, R H
EATHIFIRARED R ER A S H7E 5 FS-Net A [7 (1) 52 56 B 5% B4 YAGO FI WIKI AN i 4 L& Rt ir 782
PL. %t F X B AR PE Bk AR CENUPIBEAL, BATT 43 AR5 7 6 78 85 48 1% H (offline setting) FI7E 2k & & (online
setting) N IR, Hob, HAELRE RN T M He i 28 M n) B4 0.

34 EETWER

AR ATBRATT 5 HAE SR ORI ¢ 2R FUAT 55 1% FS-Net R & #AS 24 1) o g EAT LL 3%

o SARTRIN

N 2 Fiow, BATH B 45 T, Vi i g Fon X2k

AILLF #, FS-Net [RILEE LT T #5400 EBE AL, 10 DR A B 245 1 1 2 U7 9k 56 4 22 1 1) i iR PR it
PR E TR . SR, — MBI SR RV E B B E T H SN Tk, i TTransE, HyTE 1 TA-
DistMult. X & [ i 8 5 VAL 5O B AN B IR AN R R 715, 38 2 Hh TR AR T 24 1 000 B ) B A g A2, i 2
W TREIET ER M RKEEMERNER. 50T EED 2 E B3 &R 7775 RE-NET, CyGNet, xERTE,
RE-GCN, TITer #I CEN(offline)#H tt, FS-Net RIS IREEAR T X LB R, PRI & AT THR 200 1 Bsf AR 48 (1 i) 2.
522y figt v sk A8 1 1) LK) CEN(online) J7 V&M b, FS-Net I E ISR BAL. X2 B NIE T # ) CEN (online)
JIVEIR A 5 BRI AT L SE AR (), T TGV 3RS 7 s AN i) L SR A B RN R R, BRI TR AR . 4R
I EE R, TITer FIRILE ZZ I T CEN (online). —J7 1, XK N TITer ZREM T IR A WER; 5
— 7T, 5 H AR TEBEAS STARGEE B Y AT HEB VRS AN [, T Ter 38 1 54K 57 3] 1) 75 1 B 7E A i £ v dh 4T
HEAL PPAG, T 5% R B RN B /N TSR 4R, P DUAE A AR WOIK T8 4 1 14 e e 3
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2 FS-Net 5 Fr &R B - 217 578 IR AR C BT 1O S fR Tl 1% e LB (LA 23 B R s B

Model YAGO WIKI
MRR Hits@3 Hits@10 MRR Hits@3 Hits@10

DistMult 44.05 49.70 59.94 27.96 32.45 39.51
ConvE 41.22 47.03 59.90 26.03 30.51 39.18
ComplEx 44.09 49.57 59.64 27.69 31.99 38.61
Conv-TransE 46.67 52.22 62.52 30.89 34.30 41.45
RotatE 42.08 46.77 59.39 26.08 31.63 38.51
R-GCN 20.25 24.01 37.30 13.96 15.75 22.05
TTransE 26.10 36.28 47.73 20.66 23.88 33.04
HyTE 14.42 39.73 46.98 25.40 29.16 37.54
TA-DistMult 44.98 50.64 61.11 26.44 31.36 38.97
RE-NET 46.81 52.71 61.93 30.87 33.55 41.27
CyGNet 46.72 52.48 61.52 30.77 33.83 41.19
XERTE 64.29 74.50 87.38 52.85 60.96 71.89
RE-GCN 62.72 70.63 82.05 51.01 57.35 68.64
TITer 64.97 74.80 87.44 57.36 63.80 72.52
CEN(offline) 62.96 70.98 82.42 51.28 57.65 69.41
CEN(online) 63.46 71.85 83.46 52.09 59.05 70.74
FS-Net 70.30 80.96 94.39 62.81 72.70 84.53

o KA

AR 2023 55 34 5% 104

nFk 3 frow, FREHL, FRATE Sar 00245 RAnHL, RIS R RIZE. T A R P Sk R AE B
(YAGO FEEEE 10 NER, M WIKI BIEELST 12 1K R), FrbAERNUR S & B QAR ER MRR $8F5H)
GER. DVAEKED TAEREA T B 5 A0 iR B RS 2 o 1) SR ST 55, T 7E R RTIME S st A%, Bk
M5, BUAMETAEPIRE, o T 5 B AA, AT T ConvEP? A Conv-TransE™; i %t 3 45 [y 4t 22
FER AT EE T R-GCRNMRI RE-GCNP!, Horfr) GCRNULE [ # B4 AL, RE-NETU 8 i3 ] R-GCONPRIAE 5 At
AL o (1 B35 AR 25 (GON) I L4 2 R-GCRN. AR 78 SR TUUAT %5 L A48 T, FS-Net AHH T S5 2 (1
PEFFARBI /N, XA R RN E Zm /T Se 8 H, Bl RTUMARN %5 5. ZEME AL T, Zh& kMR
WEMXE T E SR, AR EATEE 7 A5 S, RE-GCN | T3k 7 027 B 75 f s fb i =X
I 5835 0 T H A R v AR Y, (R RIRE R, e 22086 1 B 37 2R i Pt o 6 i 228 s i) R R AN ) UL 56 R il

A, FS-Net 7F ¢ & FIIAE 45 L i R B B B 248 T35 RE-GCN 7E W F BTG JE R 7
F 3 FS-Net 5 F 5018 B 4 2 7 0 78 SR UG TE B 1 1) 9% 2R T BB bR 8 (DA B 43 EL G 3 )

Model YAGO WIKI
ConvE 91.33 78.23
Conv-TransE 90.98 86.64
R-GCRN 90.18 88.88
RE-GCN 94.20 98.17
FS-Net 94.59 99.39

4 SHFITIR

N T 3 APPSR 23 A T i B R R P S B A A G T I 4 FS-Net (98 &bk, AL M B2 BE R Sz fA
TR 55 LK SE0F7E 1 LU 5 A i) AL

e RQI: FS-Net (I 22 PR A5 S5 Gt T b 2 ABE IS AR 1k A A0 14 2 30 o ey 2
e RQ2: FS-Net HIA AT WAT R AF S8 Gt TR HRA 38 AN ] L S 4 1 2 30t ey 2

e RQ3: FS-Net MG S H——P S BE & IR 15 2 10 22 AT 4T 51 2

e RQ4: FS-Net [¥7H ] 2 fn fa 2
e RQS: FS-Net #4375 5644 N IR 7 HEBAT 552

4.1 BYEEMEE]RE 53 4

AT EE RQL, BATHE YAGO 4 ik 2 se iz IR BT A1 Bk R 0 5 AN 48 4 {183,184,185,186,
187}, Horht, M— A REB—AF0r. BEE B E RS, FRAVR KR & B e R — A B R . DA
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09 7 302 AN T B A e ) R, 1T R R 6 VI SR 1 D [ i ) 1 SR A IR, T R 2 R T SR VE R B AR O T B A
S Bt FS-Net [ B2 PE AT AS S Ge vt B P s B A8 PR RRAE R A8 0, FRATTAERIF 9012 In) 88 1) ) B A % S AN AT AL S 4k
e RPN 8 I AN A AT A U T B R b e T AR R A T LA R,

Wil 3 Fros: BT E RG], FATFRFER SRR MR MRR FEARBEAT LR Ho, FS-Net AR IRAT
& 1Y FS-Net A5 24 (1 I 48 P AR M5 B ST A B X R BIL; FS-Net (w.FH)ZR NG 7 51 Y6 5 ] 52 Dy Il 2R B AN IR IF £
KAMEHL T FS-Net BRI )R IM; CEN (online) &3 LAE K 22 AR (5 B INELL R B N CEN A, wf
LEH): 7E58 1 AT A (183), BT SUFEM4E, Brol a3 Xt b B 5L B A AR I 19 )7 s =
[&]. A, FS-Net #1 FS-Net (w.FH)7E 183 B [A1# 1) R IAHIR], T CEN (online) R ML A FF. (H 2B ) [A]
HIR RIEAS, K REE S ER FS-Net (WFH)MIERIEE T, Mm% E 12 MEE B FS-Net Al CEN
(online) FFEL HL A BT MR I, 1A MERIEL RS L —BUEUE T FS-Net 582U AR pe ik A48 M il 1)
M. 5—7J7TH, CEN (online)# B @RS 77 BT 4 FIE AL, G T 3043 J7 s s i ik Ao, T
ZRLT I AR B O B IR, I, FS-Net (I8 P45 /R A5 I8 G5 14 B (1 2 BB I 8] #4240 T
CEN (online), Xt iFA T IR TERT S PE TS 52T, REmR I (0 BOR L BOR (1 ) B oL R, 7B F S ™ &

— FS-Net
67.5 4 —— FS-Net(w.FH)
—— CEN(online)
65.0
§ 62.5
g 6%
60.0
57.5
55.0 — T T T T
183 184 185 186 187

R 1) A
K3 7 YAGO #3845 b 1y i A8 2 1] 8 43 A7

4.2 NE] LSRR (a3 4 #r

N7 [EZ RQ2, FoAl15 e FBRAS AT WL Sz A5 R AN KD 78 AN ) WL Sz AR5 BN OL R, IR FS-Net (AN 0] I,
G BRI R ERIME . T FS-Net P AMESA R, FBRAAT WAIKAE B G0 i BB FS-Net 15 5!
SEFR SR I AR AR AE B G . Rk, A E B S R e AR ] Y CEN (online) A5 8 A Yo A ] I, sk
A1) R TITer BERLHEAT LhE. =518 R A, FRATRIFEAN IR 25 B BAR R MBI MRR $8F5.

W 4 s, FS-Net AR FATHr 2 A 5e AR 1 FS-Net (wo. UE)AX R AL & A ] WA RS B 48k
] FS-Net 154,

100 - XY CEN(online)
571 FS-Net(wo.UE)
80 7] FS-Net

BESA TITer

& 60 - 0% 7
20 ’ -
E ":‘ oo :0:;:
RS [l ARA
. o el /RS
40 XS vl /IR
20X ol AR
RS et /IRA
R ] R
RS (e AN
] el /RXS
R 0%

0
RS

'.'
RS

<

XD

IEEN
4 {E YAGO A1 WIKT ¥od £ b 9 AT LS8 s ] 75 53
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AT LLF B, FS-Net (wo.UE)KIPEBEE B NE L T CEN (online). H155 4.1 35 Bk, IXAEH T FS-Net H A8 P4 47
UG BT 8. TEAR IO WK AS B ST e 2 7, FS-Net (wo.UE) P BE 2 T TlTer, X /&K
N TITer 25 REFEEAE T 5 AT WA5 B, Wi HAnsE 3.4 35 Arid, 3Tk 22 S VR TITer 442 RE5 IR 2
TR REE. ZINAATT WK (S B G 2 J5, FS-Net MR M RESZEL 7 — BRI TF, FHFEM T TiTer
AR, XA TITer $hAG T D7 S F B A AN 0] WAS B AT VA4, 1 200 T T000 e R 8K A A2 72 (1 5
NEERD A WAS S, XWIUEH T FS-Net BIA AT WARKAS 18 G0 0T A5 5 E ARt Hh AN T D0 I i) R ) (4 1
PR BARTE, H T 2 0 ()R A R AN BT D0 SIS 0 T A 00 A A VR A TR I R R B, BT DA L T e R T
D, Sz B A ASAE 22 17 00 )R] 8 0 A vk 5 i b R B — vk, e e s Sl B S A T 40 T SR A S B
4.3 REEH

NT I RQ3, AT HIAE YAGO Fl WIKT Hi#i 5 boxd i s K &k ROMEREAT TRTAL. ATRESH k
PIEUE X (8] {1,2,3,4,5,6,7,8,9,10,11,12,13,14}. TE4R &AL MRR. Hits@3+ Hits@10 1 G 8 br R B R A,
BATR G T RRAE A BUE R AR A O, TGS F2 B RE DR (). 7 BRI AT REAE [ A R I
B[ 0 b [E) 5 PR RE R I, W T YAGO HUE 4R, B FE IS B F Se v 7R SR AR BB I B Al o0 T 705 T 4T WIKT
BfndE, B GE R e BUE B BT 10, BT, B S AXZE T TR0 A A FE R T K kAR

WA 5 B FEHANEIRLE b, BEE k30, ARV RRED S T Bl s X% R 7 iR S g
SR ELAT — i B RO, AT E 0 S E B AR A TR AR R SR N 1R) BT ¥ g s B RV ST 5 L B
FPITEARSE kN, BT AR G (R R AR R s 3G Ok, BEE R < Time” i 26 #0 & BFHEH. L, B 55
P B 11 I 2800 P SRR R B T FS-Net BEAT AR G 1T Byl FE I 18], D7 s B ke A3 3 B /0N 1190 25048 B ] 3
J& FS-Net #H4T I 7 4 2R 1) 2. BT LA, FS-Net X 24 k USSR B 7 82U 78 T B B B A A% s 1 B ) 2k 26

100 110
At — | —e— MRR
00 4 =1 100 - —— Hits@3
—— Hits@10
80 H—-‘—Q_H__H_‘_‘__‘_‘_H 90 Time
70 |- o—e— 80 - e
e
60 1 —*— MRR 704"
—+— Hits@3
50 { —— Hits@10 o M
Time
g
123 456 7 8 91011121314 1 23 456 7 8 910111213 14
P32 KB (4F) 3 s K BE (4F)
(a) YAGO i 4k (b) WIKI %54

K5 FS-Net [ 1EREANI 18] R R BE 7 52K & AR AL B TE(RBUZ 20 H7)

4.4 FHEIBEITEL 540

97 % RQ4, AT HIKTLL T FS-Net. RE-GCN, CEN (online)H! CEN (offline)iX 4 /M7 LE Il kit
TR T3 R A I 5 o TR0 sk 2 ) 8] 3

W 6(a)fT: FRATHRH I EE TR ST 1) FS-Net B3N T3 ZEAT IZR, BT DAFE I ZRadt A% o 14 B (0] 78
79 0; %fT CEN (online)f! CEN (offline)# 24 B I ZRB (W Gt vt, FATR A B A8 AL A IRARHS Hh BRI S5
K (epoch); Xf T RE-GCN 58!, BT & MFFRAE %G R B I 2Rt ik, BT LRG0T B 7517 30 32125
(55 CEN AR 74 #E. CEN (online)# CEN (offline) 7t Il ki F2 o i ] 1 #E 8RR R, B4 T
“Pre-train” fll“Curriculum train” B M2 E R, M E 6(b)fia: AN EFEF, CEN (offline)fll RE-GCN i #!
T AT 2% R A v i A8 1 ) RO L A v IR D R . AR, FS-Net RIS H) 20 5 B3 5 1 ) 4 % R I 48 1 1)
] CEN (online)# 8. K24 FS-Net 58 & T-4iit, M H W 4.3 WHTR, TS HEEM DI LK E S L ]
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X B E % FS-Net: & %) i 5 4R B 554 328 69 90K 4631 W 4 4529

EAR/D, X AEAF FS-Net ££ TN B B R R B A AR m OIS TR0 28R, Bk, Wl 6(c) o, FRATTHE HY B I [ i) 5
R BB (1) FS-Net A5 2 EL AT I8 1% o5 780 PR 22k AR F) 11 Z0R 0000 I [ 45 .

l”11(1' Wlk]' Wlk['
RE-GCN RE-GCN RE-GCN
v FS-Net v FS-Net v FS-Net
g CEN(online) g CEN(online) g CEN(online)
CEN(offline) CEN(offline) CEN(offline)
0 |0b0 20‘00 30‘00 40‘00 50‘00 6000 0 ZII)O 41‘]0 660 0 10I00 20‘00 30‘00 40‘00 50‘00 60‘00
R IR #E (B2) A E (F5) A E (F5)
(a) kidiz (b) T FE (o) &R id F& R Fum e 72

Kl 6 1E YAGO F1 WIKI % ¥5 45 b 1 i [a] RR X He 2

4.5 FS-NetfJiEIRIAR(FRME) 47

T EIZ RQS, FATTE WIKI #0446 B AT 75050, MRAEES 2 9. 28 3 45 P XF FS-Net B8R0 S48 24077 (1)
A4, AR RV EE 7 b (0 B SE AR TR (2, 2) 4], FS-Net M 28 (O RT — NI )8 1 _E 32 &2 B A ) s E s
{(horte=1)}, FF AR B 7 BN T8 03 52 AN 0] DS B (R, 7)), 5 28 1A TR0 2SI A MG 3 4 {0t PR L.
BAR, R T (2, 9N — X — K RFEE, Ao =1, BRESEE te {non) K R T M — 1% kb,
RZ, MR (2, 08— 2 RRFE, WA {non>2, i 2 1%k S 28 FS-Net 7= A4 H 2%,

BATE K WIKD $E 4 0 48 50 43 3 B T00I0 i A1 AT 1l o35 SRR, o 4t ot 4 — A o000 i) 28
— X =R RFRM X DR RFRAEH ], DA% T (R MRR FRbREGERBL. W 7 Fios, Rk
FRARZR T I ) K 4R 43, “One-One& Two /3 — S — Fl— %o 3¢ 28 5 ST o 24w F00I00 Fof 1) 78 = s A B0 L
%, “One-One” {3 — %t — I R FSTAT 7 2 1 T B 5] Bk = s B iy b gl mT LA 30): 78 WIKT S 4L 1
— AN I TR _E SR TR AT ¢ R F K R I, MRR $5AR IG5 0S8 RFE SRR O RFE ST
P E 25 A DG, X5 RATATT M 2 AR B FRE, 5T R ST (h,r,2,7), WERHN—X 2 R AZFHS, N
173 5B 346 AR ) A0 3 S0 AN AT WA S A {7} R L B 2N SR B, 1T FS-Net X X 7 S AR ALr . Rt
FS-Net B BRI KA —5— R R —X R REHLY R NME R THIEN, —x2. 2x4%
RAFL MM E R G5, WRRITARN—A EZH T AR,

60 - 95.0 1 _o MRR

55 054 ™ One-One&Two
—4— One-One

50 90.0

—e— MRR
45 —+— One-One&Two 87.5 -
—&— One-One
401 85.0

N /\P//_/ 8251
30

222 223 224 225 226 227 228 229 230 231 222 223 224 225 226 227 228 229 230 231
T 1] 8% (4F) TR ) (42)
(a) LT (b) KA

K7 WIKI %04 4 | FS-Net [0HEH 3% 50 BRAE) 40 M
5 & £

ARSCHR Tl T 1 P R R P 3 L AR AR 8 T R 4% (FS-Net), 1% 75 I A2 e — 5 K BE I i SR 35
BRUCHEAT GE T, JFEE T 1 O A (R I T 38 U0 2 96 A S AR A5 o3 T HL, 3 T T I (R ) Sk 4
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th, AZTT OB W TN AN FE R 3 SEAN TS . SR A SRR WY, FS-Net A7 B 4 AR 1 3t S 0S I P R ]
T LI S A AN T AL SEEAR (56 2R) PR Bl 55— 51T, FS-Net 7 1k §E 2 BILHR 1 7B 58 HE SR 1 [
WHEA AT ST R FE. Uk, JET G001 FS-Net B REDS s, #h 58 b 77 0 i i 1 1) 4 2
5%, 32T AH T 2k AR R B AT S G 1 2
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