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Abstract: In recent years, the rapid development of Internet technology and Web applications has triggered the explosion of various data
on the Internet, which generates a large amount of valuable knowledge. How to organize, represent and analyze these knowledge has
attracted much attention. Knowledge graph was thus developed to organize these knowledge in a semantical and visualized manner.
Knowledge reasoning over knowledge graph then becomes one of the hot research topics and plays an important role in many applications

such as vertical search and intelligent question-answer. The goal of knowledge reasoning over knowledge graph is to infer new facts or
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identify erroneous facts according to existing ones. Unlike traditional knowledge reasoning, knowledge reasoning over knowledge graph
is more diversified, due to the simplicity, intuitiveness, flexibility, and richness of knowledge representation in knowledge graph. Starting
with the basic concept of knowledge reasoning, this paper presents a survey on the recently developed methods for knowledge reasoning
over knowledge graph. Specifically, the research progress is reviewed in detail from two aspects: One-Step reasoning and multi-step
reasoning, each including rule based reasoning, distributed embedding based reasoning, neural network based reasoning and hybrid
reasoning. Finally, future research directions and outlook of knowledge reasoning over knowledge graph are discussed.

Key words: knowledge reasoning; knowledge graph; rule based reasoning; distributed embedding; neural network
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PEUA A KA B R X B T 2 B TN RO AT RN AN S M A0 4 41 3R R X L KR
DU AR 18— 25 Pk B8R0 23 BT 2 52 Q3 S0 R I R T A8 S (B 4B M L R PR B R s B BT AL
V) P 322 0 S5 97 ST Ak 22 T8 1) SR T O 2R, LA — AN I 248 A 11 425 ) R ARE T 3R AT 1) 6 U s B - L.

H AT, S 3m B — KAtk mniR B b BRI A KnowltAlIP), YAGO!“™®), DBpedial®. Freebase!'".
NELL!Y, Probasel /45,5 4 Jyt 54 [ 13 A A 52 400408 % 50w i B 200 230 B8 R 5 B 0 Y P B 436 s B 1 1 ) P
R R B R 55 B a0 B A4 R R SO IR IR HE R A R

T 5 T T 17 60 1R P P SR AR B 5 ket 5 R VR RE 0 BT R B A B AR SO B T e R PR 1
SRR A AR R o0 R B v A PR 2R AR, SR D R A g v A L R T 1040 60 R B 3 2R A TR e AR D SRR AE R
i, E L FE T 75 T8I 14 PN 2% 0 R P b4z (knowledge graph completion,knowledge base completion)!~ TR 41K &
i 2 B (knowledge graph refinement,knowledge graph cleaning)t'”"®!. %1 17 [&] i b 4 X 40 35 3% 43 W (link
prediction)!"* 1 Sz 4K il (entity prediction)®2 2 5% F il (relation prediction)®223 J& 4 il (attribute
prediction) 14T 55,

AR, T4t 2 25 SR AR B B ()32 o0, Fn iR EHE O L BUR T AR K Bk A A D 06 T AR B 47
I SR R 485 3 T, SCHR [2 768 S0 R e BRI BIF 9 3 J R AT 1 4RI, SR [28-3 1143 At AR R pE Al . S 4A
55 FIIRR N 2 ) U HNR B A AT T 4508, SCHR[32 D6 AR HHE . F1iRR N . AR AL A R AR R 4 A
J7 BT R AT TS A R .
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RV 55 B A Hl AR 301 58 SN B R HE B A 285 A 4B A% o AR B 5 vk T T ) 6 R R o B 1 L Ak s
2 35 K ST T 17 2601 R PR 1 AR TR HE 38 7 02 40 g BR A A TR 22 25 HE SR AN 280045 28 SO TS0 T 1 #E 2
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FTEYFETR, 55— Fh A2 o 250 0 E0 IR HE 87 R R E A AR AT LR — AN E AR T 6 AL S i = Bid, i K
FUHE . ZINTTHE AN &5 10 21 g, o P DR HT AR /IS AT 2 2 O 60 110 60 iR, 225 10 HE HS 1900 39 6 U S 76 00 T A B o A7 A
DU AR 386 U i 2R 2 AR py AR po,pa BIBESE 2 ps, B4 AT LAHE BT AR py BIAEBER: ps. E 1R AR
AT DL TR 5 2% 10 2 461, 491 4 7 2 401 41 B e R0 2 401 P v ) LA SR A X T T A0 3 AT A L I R R B P v )
S (ELFE 1) R 350 40 0 7 350 40 ) A2 00D R AR 308 SR P AR AAE - T 10 7 2 3R A PO A %o 397 5 051 e FEL45 B 11
J7 Z 34y MR HEH FUF AR R 1 RR TN 2T B, A R IR 5 4 6L 1 “Symptom”“Observations” 28 K¢ 1iF,
55— AT 5 o AT FRE BT L B R 1] v 1) 2 Jn LR AU A A8 G 7 0 R T R DLk SR, %
F, 8 S B TR AR AR HE W T AR DL = Jn A TR LRI,

Table 1 Examples of case
F 1 HARZEEISpR0

[36]

Attributes labels Case 1 Case 2
Symptom Unusual car noise Unusual car noise
Observations Knocking engine Knocking engine
Since last inspection (month) 4 14
Rhythmic pounding Sometimes No
Related to car speed No No
Oil pressure light flickering No Yes
Leaking oil No Rarely
Solution Loose transmissiontorque converter Oil burning
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NI B ONAE B 45 8 T A1 5 B bR T A1 BCIE A BURAETE T 6 B S O 10) 28 5 AT A 4 i SR 5 e i) 2 R R
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T RIEERA 43 B9 R0 0], B S5 AA8H 44 T AN W R 5 3.
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48R0,
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AN B8 SR M AR AR A% ) R, 20 D OE RO HEEE LR r R YR A A X A EE P b A S AR (] S
2 [F1) R 2 051 1 TR 5 T 7 9 T L ) 5 ) 9 0 R R AT O HE R, LA 1983 4F, Allen 25 AP gk
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FRAB . IR N RS, I 4 ot % 1) i S 2 T () 2% 18] 5 2R AT s Mk B 40 R Ak B A e R R 4 R R T
56 I HE 45 K2 1) Schank #0323 2 017 BB I A A2 5 - 0 S 491 41 242 f) S ek 051 e 0388 5 ok P 1
1) R IR 7 S TR (1 ) ),

EIRAR G AR HESE Uy vk A BRI TR R L T R A R U R D e ik A e HE R T VR R R R R
F R0 B I K 6 R T, A PN R B R R R R A T B HE B A I T A A I HEER LSO T g e
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one-hot 7w, 1k T4 11553 T LA i 1% 45 43 ) &2 3R DL one-hot [ K12 B EIN T BEE S 4 ET &K
AR B o = L1915 4 2% 2] Paulheim AT Bizer! SHE H # Fh 5115 SDType 1 SDValidate, £ F J& 1 A1 2 74 (1)
GLUH 43 A, 4 A 2B (type) = TR 4L LA KR AR R I = JC4H.SDType I8 I & 14 Sk B SE A i 2 AU B 1 o A 41 RS2 44
ST AL A A5 ZE AL ), X6 AN i P 1 4% S0 T A .SD Validate 1 56715 5¢ R - SEAR R Al 28 (R AT 26 1 =
JCALIE— 5 P @ PEAN R B (W Ge it o A A 40 43 00 N F B 6 = 0 L R T LR AR R 1 Jang 26 NPT 2
T TR S T Y VA e R T = 2 P TR 1% 9 T R S R AT B A o i AR R ——
At I A R B AT 3 5 R v A B Sk SR R R A U AR AR S R X e AT =0t
T E AT

2.2 BT AREHERNTE

T AR HE B ) 5 B B T gt AL B A AR Z T AR L 2 R B AR 3 AT HE B . Bithmann I
Lehmann ™4 H 7 3 858 20 00 S0 18 1B 36 kb 4, 8 S0 22 AN AR O AT G801 43 BT, R B0 6 T A 5 8 i 78 L AA
B R P T b A A A A8 R R D i 45 36 gk i 2, BT R A =X ) s, 48 - iR AR A “A=B3r.C”
X 7 ) JE 7 AT A2 “SoccerPlayer=Person~3team.SoccerClub”; i J& , 3% T 7E 40 R R 1% b 1 IE 1 42t i S A
i 398 PR 45 43 P R T IR A6 6 348 117 D 10 00 e 4 AR P % Tiang 25 AN U7I56 33 1 e 2800 U0+ 340 2 R PRt v R
SE RIS AR IR Y T 3T R KB AR M (Markov logic network, fii Fk MLN)S i 2 45 21 i B89 NELL 41
PP MLNDST R 5 AP — B 8 0 U0 2 e, 45 4 1 — B 3 0 R R R R A 28 P — 41 B S il 4K 5 ML # KAk
% SEAGI A I 2% PRI RBR 26 23 AT A2 MR 26 43 A0 6 T ) SIEA] 25 10 B0 U0 87 (AL R ) DU, 2 =0 32 00 T Py AL . ey
TR 2 SR 0t B A EE T 95 K Jiang 28 NURE ok B RS BB R S AR LK — BB SN AE A MLN (R 2
TR, FE 5L T 4 I B A B DA R BB = 1 B A B A R A IR Gy AL D). AR 20 o] LU :06 9 MLN [ i — B iZ 4
FIU), Ry A RE 0, 2 5 0 20 B OB A At = S e 2B R PR AN B S AR AR, R E S S B S 4L,
AR B ATEN TARE R H Lo Bl o) i AR AR EHE T X R, AR RARURKRN KBS
AT L) TR 7 A T 4 TR S 2 s A A 0 1 3 2 R 4 R o S o 2H 8 — 25 PR TR e AR T, MLN
HR R U T ) (R SR AT AE R R I AE 6 Z0 AR R f, 0 DA 5N T R) BAS B AE, I B AR S A R 4B IR I 4 A 0 E
6§ 15 25 SR04 38 Xk LUK W 0 A% W 2 %032 4 (probabilistic soft logic, iK% PSL)P370 T A1 BUAR /R 8 % e v BUE
i o LRNMBOESLEMMA RS Bl JRBEEER E AT RO I8 R R DL 24k S AR ) R
e b, 2 ST 1) B AL O T R e Ak T L4 T PSR Ak R R, 3 8 I i 0 SRR AT JE P Pujara 25
ABE PSL #4740 1R B RE b A &0 iR HEFE 2R A _EIREE T MLN 77 15, 3% 7 32 51N Sl BURBEAR 1) A5 B DA B A A
Lok AR AL X e 0 ) A B A AT 52 STAR AL Pujara 25 N\ BOVE — S b+ 38 30 188 0 R 4 352 LR 0 B 34T 3
PSR A 4 F2 3] AR 1R B 12 5 92 K Ok R RN SRS AR Sy T e A AR ) R (L S SR AR S N
S BB 3 S0 VR s g ST AR P R R SR S R 9 G s /N B BE AT 43 e B U 19 H A PSLOAE 22 4 57 4
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Fig.1 An example of schema closure graph, dashed arrows indicate inherited edges!®”
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Fig.3 A small example of relation graph
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Fig.4 An example showing how bridging entity and the edges incident on it can help the reasoning!'®
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Fig.5 An example of path representation of the PTransE model™
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AT A AR R TR v = e 28 4 [ IR, DA D5 A58 1 S5 1) B 4 A R U A 1 A% s P N, B v 1 B R e
K A 0 B AT 0 N B R R 15 B ORI VR SR T PTransEP2 M L2 2 M TH 51 2 00 B AR FE A
AR I T FE R SR b B AR AR T B T N G AR vy SR UG AN AR KR AR, (BN T HOC Ry A HRE
(1 5 A2 AT K 22 £ AT 5 kA 8 IO ) L 4 0% A SR IR 8 A A5 B BE AT AT REAT 2 A% 3 A A N 7 Bk B b £
ARG B — 2D IR T ORI MR Oy — AN T AL

43 ETHEZMERIHEIR

%0 ME SR v T 2 ) 4 ) HE B S A 2 I 4 AR A 0 22 D HE B R B A 2 0 B A% DA AR T
SEHLBS G ) 4 2.

(1) FREE 26 A8 2 0 B AT IR HE 3R

%R TR R A W 4% B AT, 7800 ) 2 P AR M B R8O TR MR R S HEER R R
1N PR FRACL P 25 B2 TE 451 F 7 ) KL R, B SR AR K, 97481 /N Neelakantan %5 AR AN & RR B BT % R
YIIZE—A RNN(recurrent neural network), 5 E{E B K E AWM AH G R R G5 AR LR [ 2R 4[]
AR R AR R — N A LR S P B VR D B AR I ) R R SRR R R KA T A (N R
R R SR Ko AR X R 9 R 2L D S48 ) (R REE 32 L e /N 87481 (R W 5% 380 D SRR o G 2 S48 ) (4 M . TE 491 11 MR 2 e
RIS 2 bR H, D 0% FR 100 ) ot 5 0 0o I SRS 119 T A I8 A 1) e AR 1Y) e KB X sigmoidd, 7 461 (1) A 2R B Ay 1 gk 22
AT B8 N 1A P R 263k B 15 56 2 e R A K R B 438, 1 BV Dy 45 56 3 A A ABA P 00 2% 8 42 T DA T3 00 52 44 o] 2 75 A7 7
R R AZFTENTEAN =0 @R 7 — & BAEN M & B3RS 0, k5 B AR, H 20 T %48 b sk
R, HE 56 R A HERL A I, Das 25 AUOIIZE T — AN — [ RE ) RNNTE R 15 S b Bk 7 R B 20 56 AR,
M FEAGIR LI SE A SE RIHERL B A 100 RV SEARAN SRS TY FE v Sk 1) 8 28 7l i S A4 2 TR i) R A 11 7
JINAN A5 21 S Ak 20 1) 5 R o 75 U 5 7P 2 31 5 5l Hb, SCRIR[ 1401 FH #0482 9% V3 15 8 (neural attention model), — gk £
BL, BTN SRIR 1) 2 5% B AR T AS A2 B 2% B A2 04T 1 B B ML )0 e B A5 00 RABAUE HETE BT kI B AR B2
AEACLEE K-35 B sigmoid, 1 4y S A4 0 7 7E 5% 28 1) A 26t R4S 3 R 400, B0 IOC 3R 5 P A B 430 A AL 2 1) <1 357 B
sigmoid .

(2) & 28 BLADL T BT BN i Fr 1 2

A 23 X 265 ASE AU T SR BN i PR HE 38, ) FH 490 40 190 8% 5 DK 1) 2% 20 R 0 UL TE SR BN T ) 6 AR A i A 3
T3 2 — M — AN A i 25 RS AU T ) A A A2, — A4 1) AR 00 A F 42 1) Ak 288 oo e 3 S5 e R PR oh 2
M= JCAH 2 STAEAZ, A A 4 W 4% e s LA NI R R EE AE 0 R T I = S04 . Graves 25 AR LT DNC
(differentiable neural computer), & — 4~ LSTM i1 £ 0 4% 425 1] 7% F1 0] DA 5 1 40350 17 il B B I 258 . DNC LA
PR = 0 4 ) B AR SN B e 2 X 4% 3R AT A AT i R Y S LI R O B 4R 58 R A ) HE R
BTN, I T U B R BT T B TR (1) = e 4 e R B R A () S T Sk SE AR U Sk s Mk BE R ),
B NI ZRUT ) DNC, 35 1 8% AN WT 15 4130 776k 0 B 22 0, 22 25 41 3 9 i i 1 4h 42 9 = 0 21 Shen 25 AU T B
PEHEZE X (IR 380 Tk — N 428 1] 9% A0 3L 52 P9 A7 7F 40 22 25 (AL B Mkt AT 22 0 HE 3L IRN §f 4 = o 411 2 i 20 il =
I RNN A0 00 2% 55 1] 4%, 25 o 2 FU T U ADIRS M 2 B A M S 1 2% BE B R %A s £ %45 5,
R M APRAS R EAED attention AL A FE = P9 7715 2 1) 55 7] B (attention  vector)F [F] 72 4 T — VIRAS, 5L
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2 0 HESR 75 45 1 E HESR = A 1) i, 5 b 1] S R AT AR A 8 T B 2 ORI 3 = Y A 1R AT BB < =) K
B, R AR 1 H 1) 2R 31 5 2 AR AL K S A ) B AR D TN 45 2R
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2 ST HEFRRE 7, R IR 2 — AR AR T B 5007 [ 9 BN 9 2 S R0 4 3 0 FE AR 6 5 4 A RO — AN B
AR IR bk 1 14D 1) L. T B A 2R s — 0 T 0 ] B 4 S A SR e B A oA Ok 7R 2 BT M e P A
4.4 REHEE

Z M R A I IR A AR 2 45 07 AT HESE, SR IR 8 TAb o A U R i T U A
PEEW AT SRR EG IRE 2 P AR AUIERS PRA 54 MK R BEHNSE 70 %R LK
TR B A T 5 4o 250 ) % ) 4

(1) A PRA 54041 R 7R (I HERE

WRBE PRA 57040 AR I HESE 32 S H 40 A0 2N R J7 12 IAH 58 SCAIE B b 2% S B R SR V) 58 RS I R0,
8 T SR PR AR o A PR ) S 3 3 A RS M, T B B A R TR 3o R M TT 2 T PR K R Gardner £ NN
T PRA BRI B RE IR T PRA gene B A KBS SCART B} P 42 40 11 00 ZR Ba P AR 41T ) B2 A 9 AR 28,6 3K
FETE T AN IR B AT 5% B R RE, T EUAH EE T B R F OC R AT ER BRI TR I L R A T8 e DR S AT R A
I B -3 JoE S A R R TG 3 A X BRI, R F = 143 40 BT (PC AR B ¢ FR A 4 AR e, B S5 B AR IR OC & )
FoR AEBLEA b Gardner 25 N UR H 78 BEHLAT 2 HEEE b 51N 1) B 25 IR AL A ST A Rl v 2 37 1 17 S R
T, 5 A S0 R B 8 I ) 44 0% RO R B R MAE R el IO SO 96 R = L H R R A R EIAE A PCA 15
FIM R R BB EIETINT | &2 AR R R A T B E N, RVFATES F— P EENBCLR)
B SCR AR . 7R IR AN I AR A, a0 SR8 B8 1 R 7 119 T U B 1) 5% R U 4 SRR I PRA BRUVR IR F — 4%
14.Gardner % NSV — B @B AE 755 38 48 R G0 51 N ) 525 1) 3R s, i) 45 2% 1) 3 SO0 1 S8 R 3 ) LU0
TERIN 2 R AL E 5| AR R U6 /AT T UCARER G RERN PRAAVES T — P EEMNUER
— B TP H A, mT DA Ak R 4 A U0 0 0% B B BT B TR A 3R T SCAR B R O &R ) A (AR AL 1
PRA, RVFATE S T — 5 BEE W1 1E SCRABLR A2, W] DATE 24K 9 408t T AF AL RS Bk 4501 26 R B ATT L

(2) TRAEMM 5 73 A5 R i HEE

E R 43 A3 278 2 o1 B HERR )5 1T, Wang %5 AU 4OTHE Hh i ok 4 BAE 20 gt T4 2 ) — I a8 4B M I ) 20,
HE 2240 P 6 Fir s I\ = TR I G B v 7o 26 i EE U 4 5, 1 S A ProPPR A5 A3k B BB &) 6 2 i 43 R 1
MFELE T A1) B H FRSATT A 1 ORI A 2 E B AR 5 K IE B TR A D — AN B S )1 2 S A9 3 B R
BRIAT B S K00 0] 380 371 e 2 7 3% %o N7 S0 B8R (A0 [ 266 P HE 38R 0 A ) 2 75 FH B 8 I R I S RN IR,
A 05000, B 6 gk 1(LL Query Node N i Ff),Solution 1 AHEFE HARAIF S R =J04) A3 70 1.
U 3 FAFLI 4,55 PN ZRse ] 1 X RTS8 1 AT, B0 1y B 3 FUELI 4 % A B e RERN LH—FT R
FR) L 2R 4 B8 3 3 A LR A AL 2% 5T SI 48] 0 3% 00 T 9% I P 32 482 3 s T, PR 0 30 08 T 8 4 2 Uk = e AL 5
] A [ U B A

1E B o3 A1 SRR A D 20 56 AR 4 3 7 T, Weei 5 A UVOM HE 7 36 8 10 52 30 4T 9 4% SR 4t 3 (inferring via
grounding network sampling,fii K INS). 1 56, % Fl — /MR B EL U0 TransE, % > SEARFIOC R W3R w, TH AR 1% A1
A AR BLRE 15 40 JE BRAF A 1 N IR 3%, T i BB /N PR A 06 45 5 bt R B 3o 90— 3 4 e 7 i) 4% 5 il i 5 /R
A B 4 0 (81 B0 X 5 A e T A0 AT TR ) b, e ML AT A 1 34 A0 B R M R O R T 1) B AR AL E %
T ME 2 b5 5, 3R ) INS-ES(INS merging embedding similarity priori), 51 S HLAT &, 3t — b 2 S E R HEwh R

A [ S AR DU R 260 4 PR () T, Guo S U7 HE 7 SH ] 3R % 20 4 P 3 R 3 68 R U fg 5578 KALLE
(embeddings by jointly modeling knowledge and logic).H: 3= B AR & 7E 45 — HIHEZE Fp B 204k AR = SO 4L AN
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M. = oA BJE 7 A 2l 3 T8 107V, U0 TransE, @A N % 2000 52 2% A 28 t B IS0R 12 48 A,
U F) F B F AR 20 S ) BB A K ALE /M S 0 A2 % 2 ) 4 JR) 45 2 3R AS S AR A 5 28 1 1 .

Formula 2
LLITTT) Transform

Formula 1

Sesses w_ Formula § First-Order Logic Formulas
P LI I 1 2 3 4 5S...n

| _‘___‘_'Falmula! =
Fol 3 m Seeee
..r:n::- : = 1 | @S e &9
e Formula 4 = int i
bﬁTdd sessee : Training Examples 2 ) | )
Formula 4 ?.’T:l:: it il lv

e Solution 2
Solution 1

Fig.6 Matrix factorization framework for learning first-order logic embeddingst'*®
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VR B 0 U] 5 et 2 ) 4% ) B 2 TR R U0 A D [ B4 4, B T 527 5T RE D B R R 4 U v L SE L — A
AL BT SC P ) TensorLogt™ M Jai PR F- 2% =] — 3% 48 00 ) 25 o (AN WU S BEE 1) 45 FE), Yang %5 A 149
PR — A BT RRH — IR GG — W B R 00 2 0R0 25 0 CRn iR RS A4 5 R I 4R ) 2 =) B — A
Uit X6} 35t AT AR Y Neural LP(neural logic programming).5 TensorLog — 4, Neural LP A7 &> SAK Ik — AN [ 58
) one-hot [A]HE, AN 58 F8 Ik — A ] 5 R {0, 1 145 A 56 [, 38 6 100 D044 22 1 =04k 9 36 M AR Il SEAAR )45 43 iR B S
BT o LB AR b 5% R A B S ) B AS FE BRI AH G Neural LP it T —ANiy attention AL FIAF il ¥ i 48
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TN BT B OB —ANRR 58 IR0, B 2 0 2 — AN B AT 5%, B S IR T A — N AT AR R T
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$EAE attention [a] 5, K G IA L b AT 22 27 o ob 4 BO A7 6 () S W0 R A o 45 58 SEAR, J5 2 o 15— 20 15 21 1) R [) 4
P45 5474 attention [n] 5476 21 24 1T 20 4 1B 2B A7 6 n) & (AL E B attention [7) & 77 ifi &> TensorLog #1F
(R R A5 A 50 ) B AL T o U B8 8 o B P A A 1) ) — AN DB 35, B R ##fi# attention ] 55X R, 46 A
attention & 56 3& IR G B AN IS A2 A LSTM SR, B0 #E 38 1 56 48 attention HLHIE FE (3R E attention [
) TensorLog #AE T 4,48 J5 A7 it i B (17 % attention [m] ) N 25 FH X Se VB E FHLAE FH G 10 45 BN %20 A7 4%
] &, AT

Kk LRAZ SHEBA TR A D HE B N A N8, P A A B A R R A 2 T B
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VEBNR A& IR A J7 1 TR G0 T AR A4 22 I 28 1) 388 B A AR K1 e 72 V) 00 T 75 ¥k D v A A 23 R T g e
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5 FIRMEIEAYH AN
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PSR 38 R, S T 64 7 58 & 10 R Bl AR R M I RS R 69%~99% 1) S A i /> 22 /b — A g
5 B = o Bt 7€ Freebase H,93.8% M) ABAT AR B,78.5% M0 N A H {5 Bk ik — kb
B S SR A EE T v ) R P R A R 2 A S 1 3 S (D RS B N R, AT R T R
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TEREAT AN 5 — 5 L AR B B ST S BT RO SRR R R RS DL R i BRI R PR AN A, P S A A R S
WANEIR JE BRI G0/ NELL 1,5 48 21 1) 500 1IE 1 26 B & I I HERS AT R B%, 55 1 AN A S, IER R IA 5
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CW . SRl RIRVE. O R TSR 2 N A0 AU O R s R R AT
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Search, 3K HEH T Bing Satori; #E Bl N30 52 H 7 50372 77, 8 BEHE 7 rp SC R B 8 2R R B R T A
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S RVR 25 B E P 4% R AE SR G 1 SRRt e B A b B AR P 104 R R L A 3 [ A R R R
% E BRI
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SR /N UK DA R B JRE D A 55 2 A0 A R M T 88 B 10 257 R 483X 8 R G 6 T JRr R R 1 e R A SR R e L
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6 HMIREESEESRE
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6.1 HIRHEIERLE
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B3] TR i ik R AR A TT B
AR 53505, R A T, 5 B
ki U 0 Gt T R ERH FIEGAA AR 2
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6.4 ET/NHERSIJHEIRHEE
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