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Graph Neural Networks for Table-based Fact Verification

DENG Zhe-Ye, ZHANG Ming

(Department of Computer Science and Technology, School of Electronics Engineering and Computer Science, Peking University, Beijing

100871, China)

Abstract: In the study of natural language understanding and semantic representation, the fact verification task is very important to
verify whether a textual statement is based on given factual evidence. Existing research is mainly limited to dealing with textual fact
verification, while verification under structured evidence has yet to be explored, such as fact verification based on forms. TabFact is the
latest table-based fact verification data set, but the baseline methods do not make good use of the structural characteristics of the table.
This study takes advantage of the structural characteristics of the table and designs two models, Row-GVM (Row-level GNN-based
verification model) and Cell-GVM (cell-level GNN-based verification model). They have achieved performances of 2.62% and 2.77%
higher than the baseline model respectively. The results prove that these two methods using table features are indeed effective.

Key words: table-based; fact verification; graph neural network
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BT 28 R X — RS0 A0 00 B R IR AN [ AT 45 R 2 SCA S 4R 1 S i E ) S 4 AL v R
252 B0 AR AT B A4 0 2 2 SCAS A LT M AR S N AR IR AT AR R B A TR . KR B
J2E 25 2 S B AIE A X — W50 b A 56 T A RS A Bt 4 NLVRIY/NLVR2PL R AT I T 5 M UE 5 10 Ko
4E TabFact!®,

TabFact (4t 8 /2 — MU 1.6 J7 AN4E2E TR I 20 VR 4 SSIEHE A 11.8 J7 4 N LARVE R B ARG 5 Rk
1) S I IE B S AU 2K b 5 2 SCAR KO AN [R], SR I e i T X Bl i B e b — M 1) = S 30 E o 4R
AN ) RHE T, B SRS AR ) A EL A SCHE RN 5 5 HE BRI B 00 W 1 i i B R 1 — AN SE 4.

| tome team | Home eam score | _vayteam | Away teomseore | Veawe _|__crowa | buec |

Geelong 13.6{84) Morth Melboumne 4.3 (27) Kardinia Park 21.555 28-Jun-80
Footscray 10,13 (73) Melbourne 6.7 (43) ‘Western Oval 11,785 28-Tun-80
Hawthorn 21.17 (143) Fitzroy 8.7 (55) Princes Park £200 28 Jun.80
Richmond 9.19(73) Collingwood 7.22 (64) MCG 61,051 28-Jun 20
South Mclhourne 5.9 (3%) Carlton 10.18 (78) Lake Oval 12,362 28-Jun-§0
51 Kilda T.11 (53) Esscndon 6.12 (48) VFL Park 20483 28-Jun-80

Table: 1980 VFL Season

Claim:  Western Oval venue records a lower crowd participation that of the Kardinia park venue.
Label:  ENTAILED

Fig.1 An instance of the TabFact dataset
&1 TabFact H4i5 5 1 — AN SE 451

TabFact'® b 42 W4 7 P A SEZ AL 23 52 B 1 AR08 5 HEFE Y Table-BERT F1JE 48 2 R 448 1 2 9 (1)
LatentProgram $32. 3 W A 802 S Ve A7 B AR5 4 1O BOR, 8 ol Table-BERT fi] £ 3 18 26 % 1) 9 8 e —
LR T SCAS AL A T 5T SO S S I0TIE )8, 200 T 4% tP AT 547 95 81 22 18] (9 95 2510 LatentProgram &
PR HE T N R 48 R A BOR AN LF.

ALK [EISE TabFact s £, E1 S F M Bahs (R Rr K 1K) G5 AL A, e v 3 1 R 5030 110 < SIS0 TR A 1Y N B335,
76 AR S, I A0 3 T A% 1 < SR I B £ b 0 T AR

ALY TR AT DUBERS 2 AT PR R

(1) $2H T LGRS HIAT h AL Row-GVM REAY ) TSRS (AT o AIE AT Y 050 190 298 AT 55 Sl A ME A

FA IR BEALT T 2.62%;
(2)  $RH T LARMS K B ITH R ALK Cell-GVM A5 A4 ) Y k% 1) 50 0 A% RF AL P15 B 0 208 0 1 AT 55
P HEAf AT HU S LB R T T 2.77%.
1 #HXIE
11 EXRMESHIESE

FEVER(fact extraction and verification, 5% S il HCRUR I ) BIE 5 4 /2 — AN 2 TF 10 38 S I At 4, 4
185 445 IR, Wi & T o oo 4 6 11 B4 o 1) 61 7~ 2L J . FEVER 50308 4R 50 1 A2 500 1k SCA Rk 1) 2O K4k
JE I 7T RE b ] 4% HEL R B SO B X AN SOV B T AR 1 S B0 UE AT 55 AR B AR A SC AT 45 o R
TR SCAS T A AR B0 T R 2 2 1 Rk v i) 4 L H LR 3R A

TabFact 404 42 /& — Fh A BT 1) 3 1 % 1) 25 5 50 UF S0 4, Xk A0 1 75 SRS 20 6 0% 50 )l 1 SCHE LRI 7F 5
S B AT G U 0 T b 1 B0 4, A1 T K (1) ) 2 B0 4. Wiki TableQueestion!” {HL A< Jft 1l TabFact
s - A MK IR, - WikiTableQuestion £ 52 ) 1) 0] 25 56 1 S TR A7 5 B (1 i 17 1, 0F 3 5 282 g fE 2
8 SRAN g R A XA B 4 B i GE AR HEIT 7% 1) TabFact #di 45 L.



R A, R T EME AR G B AP 2 W L AR 755

12 EHEZM L%
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AR 1 0 L S 48 o 4 A 5, 2 B B8 U (1) 3 O 30 1R — L8 F 070 ) T A () PR ol 48 I 8% 46 A SR AT A 8 K 1] v
AR RMAS L.
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(GAT)M OLRHF I 38 - 8 68 JEAT 1 TR 2 e AU A3 AR 308 100 SCAS B A — 2 4 P i e T — ke 4 L R A
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WA 2, R R AR e B AL 815 L, U RS BT A7 s S B AT & IR 15 BN I R 7R X R 7
VEAT B AR 4 R R A 3 T AR NS T SR O S A A4 /E FEVER s 45 LR LB UF ik GEAR AT H #:48
A8 SCAAEHE TN 2538 5 AL () T A A7 DREAMU I 5G i 31 1 SCACHR 1038 SO TR 45 B B A b s 1
TF) A5 AN [1) S Ak 2 T 1R 06 2R TA Ok 3 2R SR JE T BRAR AR v 1) 25 44 DG R Al 3 S B, T A Bkl Rl 4l e Hh T 1
SCPE A SCE B R R P B R 44 (GON) P IEA T HE B, 7E FEVER U448 FHUAS T H iy e i 1) 45 2.

P o1 25 X 24 A5 1) 152 PR AT 45 bt AT AR 4 F 26 B, LE 401 Entity -GN I g P& et it oy 30 SCAS v B 1) i A 5
AR T P B SRR Y R TR DG R T AN (RN S R 2, s AN (i) SRS v R 1) [ — S Ta) R,
[ —SCRS K BT A a8 EAH I I 46 2 5 I8 H GON X SCAS Py 8 HEAT 2 R HE 3L A T H A B 4 IR R0
13 BARIEEHERE

R 5 I HE R AL, 2 1 ARE H B E IR 1 . AR S R H b2 B W — A B ARE S R T
FH—A> B ARG 5 TP R A5 2 B A 0,2 ) W e RTRTHE 10 DG R, AT DO S2RE . OB E R A7 b AT o] — Fofr.

Bt A5 A S 2 ST 0 D R B T AR 2 i vk ) K B i SNILIP), Decomposed  Model!' ™), Enhanced-
LSTM!" ) Multi-NLI' L BERT! L2 SC (14T 55 E AR AR 2 [ 4R ¥ 5 1 B AH 2 AR SR AT B AN A2 56 4 A SCAR FE X S IR
140, T A2 EH S AR 48 1 24 46 W A0 1 R A T 5 2 B, BT AZAT 45 AT LA AR A 20 45 M A0 AT 1) 11 ARG 5 HE 2T 1) 8.
14 FIGESEHE

WA AR 2 [ SR TE 5 AL BE (AT 45 b TN 2R 105 5 2R B8 41 ELMol' OpenAl GPTRY # i iF B & Ak %
FE 8 BERTU SV — b S0 I 4505 35 27 39 192, 8 1 162 VA 15 I 49 2 th i XU ) Transformer 3K 71 253 i 3L
1] 26 7% A5 A SCIR LA oh A ] BERT Kbt S A B AT 4 .

2 7 &

21 EFEEX

LEN ARSI T VR 00, 1 e 4 XA FE T 3R 1 SER AT 5 384T — A~ 1E X e X

A SR A P AR AN S22 7R (T, CLL), 2L P b T={T3j[0<i<Rp, 1 <j<Cq},Ry 1 Cr 53y B HOAT
FIBLT 2R3 1 ATER § AR TCH K 9 25 BRI8 C={C,Cop...,Co} > 0 AN LTI AT BRI B T A% N 25 1 BRIk
P2 Le{0,1},L=1 RRPRIA C B RAE T K, L=0 R/RMRIE C B R T RIK A S H bR & 45 7€ (T,C), TRl 1 i
IFR%E L.
22 A %

AR SC BB B I 5 AR HE 4 T T ol P SR R T R AR A S T AR SR 3 A T S S A I PR AR R 43 ) -

(1)  Row-GVM: L& #& P (1) 4F — 4T 4 B A7 ¥ (Row-level) 5k T+ [&] i1 45 15 2% 1) = 52 46 Wl 4% & (GNN-based

verification model);

(2)  Cell-GVM: LR A& 1 (14— AN B TTHE A B (1) (Cell-leve )5 T P 1 458 99 265 11 = STy i 85 73
2.2.1 Row-GVM

WE 2 Fis, Row-GVM #8433 AN
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Fig.2 A flowchart of Row-GVM
K2 Row-GVM [HI¥ifeE K

(1) %ifH

J TAFRVE AT IR AR AT IS T T T, PREGRK IS Ty b 7 A5 5 SR A5 A 2 v o
Ut Al B R S AT DG PR A B A SO 5 1 AT IS B T ME C Prede it Ja it BERT 3RA5 48 | M SIE
7~ Ni=BERT(T; +,C).N; e R", 3L F & REANY 20 117 i 4 4

(2) 15 Rtk

AR BRI AR SCHIN T GAT, S S B 85 T IR 1 0 )2 M & 1T R 1.

81 EREAR RN SRR R =0, he h e RE & — AN S ) R o8 AR AT RIS B BE
% EBRiR 5 i1 BERT Ja 75 20,H h' = N, .

Rt EENER D E P A hU U R TS A R AR R AR ST A B
W eRF'xRE 41 0" Bt 1) 5 4 25 1), B 6049 A 35 2B B R 3 0, B Be RT < RE S ROR 53 8 ) R %
e; = AW 'h™ W 'hi™). SRR ER ] AN R B T AN R TR B AR SO AR T AU AT LA A4 B 1 rh H A
(A — A 50, BT LA A5 — 6 47 05 A B T S0 ) R B T AN SO A R 0 R — A IE Ak,
X HL A softmax pf %L

eXP(eij)
Lexp(eik)

FEAR ST SE R o, A R B prn RIS 0 AN O I B R R — B ) R B e RP RSB, I
HFINT LeakyReLU(S S A [IARER g 0.1), o i LLEEE Yy
exp(B (LeakyReLU (W'h{™" || W 'hi™)))
o exp(B] (LeakyReLU (W 'h\™" [Wh{""))’
o T RORIL || Fe o 1) S () R A

$5c Ji R VA PR T 0 R BT A 25 ¥ 3 R 4 ok A3 BN T ST IR 7R VB 58t 2 i

Cr
h =Y a;h!" @
j=I

a; = softmax; (g;) =

o

ij

(3) T
AT BEAT B SR 0 TR, AR S A B AN K P 1) 2 7R 3K L AR SOR SR B SRR E 1R ST S5 AR I 5 1045 3
B3R h®h®eRFAG B T B R h® 5, AN J2 10 43 2 I 4% ke 3R 45 du 24 11 L) &5
ps=softmax(ReLU(WChC+b®)),



R, SR T RARE AN 64 B A 42 ) AL AR 757

Horp WO eR> 0% e R ARSI 1A AK 2 5 0K B /MK A SRR L (P L), JE A, L BT (b5 25
222 Cell-GVM
WA 3 iR, Cell-GVM IR 432 3 ANER 4.
(1) 15 B gnfidh 5t B oehs 1 (5 BB AT i, BN ek 1 B AP i — AN
(2) 5 AL 7 — A7 2 A 0 A5 P 2 1) ELARE (B 3 A s 230, i/ ROW 3 ] — 31 2 18] F9 i 9
Z ) H AL () 3 o 5 2k 3), 12 4F COL 4. 76 8 FFIF GCN 1 5 B AT (5 A% 3 ;
() BEL T BE A G RN R IR AT B AN IR SRR AT 4 ST

s

1 \
] 1
dn n :
| 1,1 12 1
e W e :
T | Tz N
] 1
A I

"""" amn
Fig.3 A flowchart of Cell-GVM
K3 Cell-GVM MR
(1) gt

AT AE 5 S AR AT 3o v S G S S AT R O A B KB T ATER § AU SR ITRE AR B T MRIE C BF
e —tJ5, W id BERT 3755 i 4758 j #0971 ;I3 7R N =BERT(T;;,C).1X LIt ik C tHil i BERT, 13 ' 1)
7% Ne=BERT(C).N;j,Nc e RF, ot F & AN 20 (1R fiF 4 4

(2) 15 Btk

FEAE LR, 5 Row-GVM AR &, A 5| AN T GCN.

51 R —RAATRFR D = (b, h b e RFAE—N T SR R d R — AT 15
Pree LWRIA 5,8 1 BERT JEf3 5,0 Y =N, .

A ICAE RC ANY RURT RC(C-1)/2 46 ROW I A I EEAE Geow,RC A9 s RC(R-1)/2 4 COL 441/
ﬁ"]?iaﬂz GCOL-

it B G (re {ROW,COLNAHEA i L 31 5 148 TR0 B g A, B Sk D,(D,(m = ZA,(L,»)) JAE— )R
i

1 1
(IR FRAB BN Jy A =D, 2AD, 2.
55t B RUR 2 T B A AR AR S A LA E R R
m=l > o(AhW)) 3)

2 re{ROW ,COL}

o r FIRI LI RN, W, BUE REL B, ol W0s oR 45

(3) i

T B FE 7R, 58 T AR FE Wy BT We 23 B30 RS T N s 21 i 25 25 7], Wy, We e RFF 8% I3 T e 85 2R x
RF SRS SHBRIE Z MR ) pyj = yWh' W N ) SR BEAT I — 1k, 73 51):

exp(p; ;)

21<x<R,1<y<c exp( px,y)
TEASC I 286 WU 2R IR 2 RIS 8 LA B W LA 5 24

f.; = softmax;(p; ;) =
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5= exp(W,,h )W N¢)
o Zlﬁng,lgygc exp((WH h:,)’)TWC NC)
HUHEVE R ) BB, 1T BLA 1P 7% b = 373 8, ., 56 L 0 s i o i s o,

i1 j=1
BE T KRR h® 50T MR KRR Ne PHEAE 2 38— A 2 (K 43 4 W 4% SR 3R 75 5 & 1A T )
g gL

(&)

ps=softmax(ReLU(WC(h®||Nc)+b®)) (©)
Horp WO eR>F S e R¥™ || 2 /1% 1) &t () 1 4 4.
ARSI B O MRS SRR L(p L), 3L 2 BUSE 472

3 3 B

31 XWEE
3.1 Hdadk

A SIS 4 H5AE TabFact 30 45 ) 7 4E TabFact-small b 3EA7, A — 46 W #0541 6 3 — AN s 11,
I HAEN AT b7 SCRp sl OB I AR 25

BT S BEUR IR B A, AR SCAN SR B AR v B BR T R 1Y) SR X 20 ks o B IR B AR 1Y 8.12% 75 A
A SCN] T ARSI A S 56 #0 2 7E TabFact-small (4 45 [ ¥E47 . TabFact-small 4 46 1915 5 L% 1.

Table 1  Statistics for the TabFact-small dataset
F 1 TabFact-small £ 345 048 1T £ 4

YEXS 84 363 13175
IAF4E 11579 1 696
PUEEES 11 499 1 695

3.1.2  FLekgi

AR YRS R LR R — 3 3 AN A 55 1 M Bert-Concat 4 TabFact £ #2167 4 HY 19 28 B 4 (14
REAY I 1 P MY Row-Mean A1 Cell-Atten F252 57 1 AN IR 5 Sz, T &5 G A SO R H IR 700 Sz B f 99 A ik 2
I,

e Bert-Concat!®

W 4 4 b B s 08— A BT IS BPRER R, SR 5 FFRIR C PHETE 2,85 Bert A1—/> 2 2 &40
32 fuLe X 45 AT 232 4533 — AT pAT,C)=0(fuLp(BERT(T,C))), i, o2 sigmoid %K.

Venue Crowd EERE | . |
Row 1 venue 3

. crowd is 21555 . Row 2 venue i { o
Kardinia Park 21,555 Western O W . Claim BERT | label 1
Row 3 venue is Princes Parl ; | 1
Western Oval 11,785 crovd is B209 . ) 1
---------------------------- #

Princes Park 8,209 Bert-Concat $%Y

Row-Mean 4! Cell-Atten B!

Fig.4 Flowcharts of baseline models
4 FLLRBIRY R K



R A, R T EME AW G B AP 2 P L AR 759

e Row-Mean
WA 4 e A BUITR ACREAT BT SOTH S B9k, 18 3 R AN 1A AT I A T AR RTERA C B
FeAE I Bert J5 S5 X I RORBCEF ARG H N2 2RSS fuie X 45 R EAT 40 AR BT
PAT,C)=olfmr(Mean(BERT(T;,C)))) (N
H, o/ sigmoid k& %K.
e Cell-Atten
WlEl 4 471 A BRSO A 21— AU, 30 RC AN 1 AN BT 1 ) 1 N g C
PHEAE — 83T Bert Jo X T RonTHERE PRI C 2P E 7RG H =2 2 A3 fue X 45 RikAT
3R AT AT
PAT,C)=o(fuLp(Atten(BERT(T;;,C)))) (®)
Hrr o/t sigmoid i 4.
3.1.3  iFM sk
AR SCTR I L B A 2R T A R DB B N TR AR ) L SR A T S A SR PPN B R

1 Koo
Acc :WZ":‘ I(L, =L,),
Ferpr KR AE RN, L AT T A FR 285, Ly 2 BLSE (R 25
3.2 LAY

TE BT AR R S SCAE T AR 104 FPE S TR0 12 2. K2 4E %k 768, 12 3k BERT R[],
FRA 12 508 2 BN S 5 A A 38 2 BERTAdam!'® % 5] % & 1e—5.5%) T Row-GVM, 5 KJF 71K B % 24 128,41k K

NBEH 8% T Cell-GVM, i K P FE BN 64,4tk K/ 2,88 5 il 12 0.4.
4 ERETH

4.1 HEWHER

EFR 2 A T R BYE TabFact-small Z46 4 14 50 TE A FIRLE IR I AL XA R A R I
(1) Row-Mean {5 Lt Bert-Concat F§4F,{H /& Cell-Atten ¥R I B B LL Bert-Concat. 1% A fig A K] 4 it
7 IR 7 SRS T AR AT R I I W, TR AT BT B TTAR A SR A BRI A AR B
(2) Row-GVM Fl Cell-GVM #f§ it & MR 1k 7 I STk 1) B 26 A 7Y Bert-Concat, E AT T7E S IE LR I35 51
& 2.47%F0 3.08%, 26 MIRAE b IO TH 20 Bl 2 2.62%F1 2.77%. 3 1 B ) FH 26 ¥ (1947 5 5] 1A A 26 P4 A
A DL 2 ER A (Y R I
(3) Cell-GVM TEZ MR RS T Ml 1M 3R
Table 2 Main results
[ W UEARAER R DR %

Bert-Concat 0.665 0 0.663 4
Row-Mean 0.673 4 0.669 2
Cell-Atten 0.642 3 0.638 7

Row-GVM  0.6814(+2.47%)  0.6808(+2.62%)
Cell-GVM  0.6855(+3.08%)  0.6818(+2.77%)

42 HELKI S5O
42.1 Row-GVM "' GAT #EHR [ F 2% 1tk

i T ¥AF Row-GVM 1 GAT I 80, A SCIE T GAT HIE B4 MR E IR T 0 J2~3 2, 45 R s 1o (1 52 5
ZERHRFN AR 3 o H 1,0 210 GAT 254 T M Row-GVM IR T GAT #ik iB X Row-Mean #5751,



760 Journal of Software #kfF%34% Vol.32, No.3, March 2021

Table 3 Comparison of different layers of GAT

with respect to their effectiveness

=3 R GAT 2 BU AR R S 1 52 10

Row-GVM 1 GAT [1)2 4 IO F SEER R
0 0.673 4
1 0.678 6
2 0.679 7
3 0.681 4

AICRILA GAT B Row-GVM HIRIIG 4 LI 2 GAT BiUf) Row-Mean #2457 R ILEIF I H 3 2
GAT 4811 Row-GVM TEZE R EHETE T 0.80%,UESE T GAT BEH KA 2k, [7 I 3 W) T Row-GVM 17 fig J1 4k
PR T 22 R0 HE I R SR I ) R
422 Cell-GVM "' GCN BEHR )47 25 1k

H T HRAE Cell-GVM H AT 01, A SCIHE T GON IR Z 5, 70 0l B B L T 0 JZ~3 3, AR 100 114 52 46 &5 LTS
HULEDR 4 o Jorp 0 2 GON 254 T\ Cell-GCN Hiflfl B T GCN B 3B 4k 4 Cell-Atten HE7.

Table 4 Comparison of different layers of GCN
with respect to their effectiveness

&4 AFM GON J2 B B EOR IR 50

Cell-GVM ! GCN [ )25k I IF SR UE A R
0 0.6423
1 0.676 9
2 0.681 1
3 0.685 5

{HAFVE R I J2,Cell-Atten )R PLEAR T IR Bert-Concat. % 3040 3% S [N Ay AR SC AT B 3 B 0% 11 A
AR T2 Bert 1410 TR, 28 5 HLE BT A R 34T T 167 il B LG AS e il 312 SR TA% 5 B TT A 2 R 1)
PR ML P AT A R PR — 25T Bert 15 337538 /& 1] LU 2 1] — 38 4 .70 #E 2 (0] IR 156 R T BA
Cell-Atten 1R I 2{X T Bert-Concat.

ASCRIA GCN B Cell-GVM IR I Z LI 25 GCN ) Cell-Atten Z4F RIVERIF M 3 2
GCN 41K 1) Cell-GVM 745 R F2TH T 4.32%, 1552 T GCN BLE 7 2tk R A W1 T Cell-GVM g 77 &b
T 5 22 e A SRR I i)

423 Cell-GVM H[X 4311 (I Fh 2 A 24 1k

H T HAIE Cell-GVM H1[X 4) ROW U F COL U A RbE, A8 SCUCE T — 400 b S 703X 4 S b A X 43
ROW 11 COL 121, ] I 423X P 28 10 ik oAy ] —Ffrad, A JEh A 28 A, 4 At P05 AR 7 20 O A8 A 3, T 2 S0
X —Fh AR 3 A A ALY GON I3 t 2 A 5 AT 2R | SN 7o s 19 s AR R 115 B

hi; = c(Ah W"H).

LB Cell-GVM-SameEdge.

Cell-GVM-SameEdge l Cell-GVM [¥ 546 45 R AN 7EFR 5 . 0] LU B AE AR X 4312 15 B0 N ,Cell-GVM (13
BUR B T 0.42%, 10 S5 T DX 43100 (1 24 6 4 S 460 20 SR R A A0

Table 5 Comparison of different types of edges

with respect to their effectiveness

F 5 LRSI R 5

Fy IR HER R
Cell-GVM-SameEdge 0.682 6
Cell-GVM 0.6855

AN A3 2 GON 2 51 249,00 3 JZ 19 GON A LHE— AN STk (A hyp) 1945 B i ROW 14 4%
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B[ AT 53— A0 (hy ), 53 COL Ak 2 [F]— 1 1 5 — A H.I0R (hy ), 5 B ROW 4% 2 — 1T,
LR 1 5. TS ) 90 20— FE IR B TTHE (hy ) KR RT BLAE 3 20 22 WBES 55— B K45 A% 32 13X — 51 v LA 174
m b

5 & g

AR SCER W FE T A% 1R 95 SE U0 UE HHE 5 TabFact, M Fl T 2% 1) 45 R e 1IE, &5 45 [ 30 00 D0 48 01 P15 R 48 Y
2,50 Bt T BLER S AT 0 547 1) Row-GVM LA A 1) 58 T0 s Sk 347 1Y) Cell-GVM, I HABTE TabFact-small
By LS T BT R IR R A B T 2.62% M1 2.77%. 3% Y AR 2R T 3 S B A D R A v A,
X B R FH A% AT 55 90 (8 R G AR 5 S ) AR v A8 28 g e A
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