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TGMS:an End-to-end Framework for Table Graph to Markup Sequence

LI Shiqi,JIN Dahai, GONG Yunzhan
( State Key Laboratory of Networking and Switching Technology, Beijing University of Posts and Telecommunication, Beijing 100876 ,China)

Abstract ; Recently ,due to the variety of table styles and layouts, recognizing tables with 2D structure from document images is a com-
plex task. Tables express data content in a compact form to improve the efficiency of information transfer and human comprehension,
but the relationship between the 2D structure and the content needs to be understood by machines, making it challenging to automati-
cally recognize tables. To address these issues, an end-to-end framework for Table Graph to Markup Sequence is proposed, named
TGMS. The framework first uses a convolutional neural network for visual feature extraction,and then employs a segmentation-based
approach to recognize the spatial location of cells. Secondly, it uses spatial location information to recognize the text in the region and
constructs a graph,and deduces logical relationships using a graph convolutional network and an attention mechanism. Finally , the last
module generates a sequence of table tokens by combining the logical relationships and the text in the cell. Experimental results on
three widely used form recognition datasets,ICDAR-2013,SciTSR,and PubTabNet,show that the proposed TGMS can effectively ac-
complish the form recognition task.
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NP AR T — i 2 B0 IR B %Y TableNet, 551 B4 —
TS EE PRS2 R AT RPN #. A Z B RTRR
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PBURHE Y i 28 AU T A2 AR B R 5 i i i 2% iR 32
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HRATRRICRESI R IR B R A 4549, Deng & A R HEE S
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Hao % \ 2 42 1 ¥y FLAG-Net AR i H FE A 1 W 22
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BRIBRERAL , 2L A 50 J2IE43 RS B (stage) , 38 o ITUF
PAT, TT LN BB B B AR R R IR FAE R R . A1 LT
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Hi A B % FH M 4% ( Graph Convolutional Network, GCN) P4 K Fii
T4 R Transformer .
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AR(4) R
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H,a( ) FRKIBAE R, R, BRI R, #1 R,
HIZELE.

TR v, IS PER S RRAE A AL B ARAE ) FISE S WA
1E x; 3o x; € R S iy SLD $2HU 2] T 4 il RolAlign -
BAECHT R /ANA 2 x 2) RS § > RARELITHE 1 1 FAE
by, NP3 2 RESSME K £, € RV 183 x) e R 4T
SPEEIE BB TR AT R Z R B L AR B 158 2
ME e, =17 e AFREIBMAR(S) AR(6) FiR:

= e (Af (5)
¢ =e (5 (6)

H, o BRI E T, HEETT(F)) B3 i, )
TTARIIE [FIRE X/ B SR TTA8 ZE 4T (B B0 n iy [R] B 340 B AR
B R R

EE G R R E,  HE SR M % GON #171E B %
B IR AR A7) iR

X' =ReLU(GCN(X,E)) (1)

Horp X 0 X3 R TR B AR SRR R E T
SR ABERAR B, A0 T SRR i HETT B 4 R R I An e GCN
ZRAE AR — X 3147 GON R 335 mURRAESE FE, 23 51
FAFR5 | .

Z3 ¥t Transformer' " 42 () 5 ¥ 2% 0L A0 7T LA 52 T
A T 2 () A RE DG , S T S R DG T AP S Th R
FFEE, A 58 B0 2R 5 B M IR, A SCHFR A 1Y Trans-
former 432 S d FIARRL 2% PN AR 43, A #4s GON ik
T SRR R X AR A FRE T 2k AR B B I
HEAT YL , TR RS 45 BRI Transformer Zfi5 a2k W W4t AR

bY-b¥\2
)

YERHA R RER I GE AR F2E RS k8
SRR TE R, AW KA I BB EE IS B Sy
2.5 HuNFIRAER
BTN ZE R AR ( Cell Content Recognition, CCR) [4J1E
FRA R P SCAF B HER IR S 0k, TR FFI R A&
- 5 B ARG PR SRR B S5 AR, U SR TTH A R SCA
PR e ) SR T SCAR 7 Y B T AR A B (] 4 BT A2 A9 BA 0
WHNXAREZAT) . BITHs WA IR SR I8 AA TR
IR A A ST =S [ BT S, , A BB TR , X 3RET e
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AN SCA PR, T LA S0 e 2247 SCAR R A It B &4
SCA B ) B
2.6 FHERER
Zid BT BN B AR A BT A RS,
AR RB BB MER S, MCAER T 750 4E
BIAL IR S, B T, 2 JSRAR R ARG B 1 HTML 3K
A FFER S N EEARITHECAFER, AT
BHPRCFS.
IR ] P 5 AR LB R R BT R AN A (8) PR
L=~ 2, logP(lye) (8)
Hop, T REANFIHKE,y, RAE(ERE token,y  J2
A 8] 25 B P8
2.7 HREBH
WIZIHE] TGMS 1 S35 2% J2 B A BEE R 2% B I ASUR , 3
BAEMAR(9) Fim:
L=AL,, +A,L,, (9)
Horp L T 2 B B R R, L, B P 5 AR Rk,
Ay FA, AN AR R AL

3 XBEEERSH
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3.1 EWigE

AN EENA THRER SELERE. 555 LR
FBTEN AR, Ba K42 5 TGMS 54 5 Hofth Bk o 45 1Y
PEATH L SE .

3.1.1 &%¥EE

SABEIE BT 48 1 TGMS B B 75 A [F 3 5 F 1 1 68,
TGMS 7£ 3 4N 72 A BERE L7585, 7352 1C-
DAR-2013 . SciTSR . PubTabNett Z{#4E. E4EFHRIIT .

1)ICDAR-2013 St 4™ . i | 156 MR A
TORS A A A FRE R A L. AT RS B R R 540 51 R
57 f12.

2)SciTSR %4l R S A 12000 55148 &
1 3000 T ABLESCHR PDF H3R 57 il EHE. O T IPAG A
F AR 2R LR fEF K R E T T A 716 4
BRI TF L, #R N SciTSR-COMP.

3) PubTabNet ¥4 - iR 4 2 — KA R =A%
1% B 4E 4, )\ PubMed Central Open Access Subset ( PM-
COA) IR 2= e A 2, 3 BT 568k MREAR, DI KL
HTML &2 B FAR S5 7 9 A 1 VE B, SR AR DA R4
JE 2 Rk BT R AVE. B E RS KRE BB £17(9))
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HITHE A RIS R =A/T3R, B 500777 KN4 B, 9115
TREIFRE B LA K 9064 F5 st E 5 4 A,
3.1.2 BRI HEBAMETE

AL A IF KRR python 3.7. 0, JF ZHEALE py-
torchl.7. 0 + cuda9. 2, GPU X i 72 K /MR 32G /Y Nvidia
V100. % &3] GPU 847 K/DH R, ¥ A R E G KDz
> 800 x 800 & &K, AU Adam'™ LB HEAT YIS, LR
WERAF S HOR B NE | TRINERSSHORE IR,

#1 KBRS HRE

Table 1 Experimental parameter settings
batch size 8
learning rate 0.0001
weight decay 0. 0005
epochs 20
max steps 250000
max length 1376

SHEHAEFEME , LGPMA 2235 #i% 5 % 0. 01 , batch size
EE Jy 4;EDD ¥ 3 i B 0. 001, batch size 4 10;
ReS2TIM 2% 3J #& 3% F 0. 00005; SEM % B £ /2% 3 &
0. 00001, F K53 0. 0001, A= (10) #EFTTER -

T
ntznmin"'%(nmax_nmin)(l +COS(#7T)) (10)

max

A SCERRA S AN E R LA T AT, SRS T
PR, IR B TE IR L RCR B AR, A5 1R
AR BT,

3.1.3 pihdsdR

1) B 54532 % & fr 5P (Cell Adjacency Relationship
Metric) : A2 B WA B0 5 HBRIE WAKCE Fiak B 2
[ BT A SRR R PR, R R —A ool , T aam
AEATTHE Y SO 28 7 1) A HR ] 28 9 BETC A (AR AEAE ) B9
Bih , MIAEZS [ BATTAR Z [B] B2 B TTHE 5 N A BT AR 2 16
AR R XA MR RN — 45 RTT LOE A

K& 8% (precision)) .4 [0 % ( recall ) F1 F1-measure {EH##1 T .

2V A4 BB B 45 801 ( Tree-EditDistance-based Similari-
ty, TEDS) : Hf T HTML 4% 2 1 24 7T LAGE R 46 4 Sk 47
Fm, I B S B AT DO T 45 M R L SE SRR R
HTML #7045 , 48 PR S B B ) S 500 2 o &
SERZIA AR, -0 AT %8 45 %) PubTabNet $(48 52 #:47
T 525 TEDS WitEREMAK(11) P
EditDist(T,,T,) ()
max(|T,|,IT,1)
Hirh EditDist XM BE R, T, fl T, R-WIE 454 HTML
BRI T T A s
3.2 wikHE

IR UE PR vk A O, A S0 DT R T AT
X LS

1)ReS2TIM™ ! ; —F 5 T I RAS PLHIAESE , 4 55130
TCHRTE 4 D71 RRYSBRE B — A BOT R R R, A — A
HAUE R IR KO R, AR5 3 R HE W TR EE R A5 4.

2)EDD* . — R T4 B 1 B4 S 2% DU AD B R4, £
BRSSPI TAR AR IR UG5y HTML A48,

3)GTE™ . — St 5| B 1 REALIEZE, B TR K1
FIBRTTAR SR IZEAR AT R M B AR TR EE AR,
BT —FoRT AR ST AL, 455 5 o0 A0 B UK I 4R R A% R )
™ 4.

4)LGPMA"™ - i k& 7 5 HE RS 2 > WL 4R BUR R
R E N e F IR A I AR R AR
PRI E TE ARG IR R RAREEH .

5)SEM™ . i 43 B3 R ARSRIG 108 3 SRR, 85
SIENERAE PR RSO S SCAFRME , SRR R PG SE B B
BRI AIE
3.3 ETHWHER

SEWMEERINR 2 MR 3 B, H P I F R R R BALE,
TRIZRFRRMAE. AT 0] LIS R, A SO R B A i
A IBARSE EAMRTREE I .

TEDS(T,,T,) =1 -

222 TGMS 7 ICDAR 2013 .SciTSR . SciTSR-COMP £ £ i) 45 5
Table 2 Results of TGMS on ICDAR 2013, SciTSR ., SciTSR-COMP datasets

. ICDAR-2013 SciTSR SciTSR-COMP
ik P R FI P R Fl P R Fi
Res2TIM 73.4 747 74.0
GTE 94.4 9.7  93.5 - - - - - -
LGPMA 9.7 99.1 97.9 98.2 99.3  98.8 97.3  98.7  98.0
SEM - - - 97.7  96.5 97.1 96.8 94.7  95.7
TGMS 98.5 98.8 98.6 99.0 99.4 99,2 98.2 99.1 98.6

3 TGMS 7£ PubTabNet $iE4E I U458
Table 3 Results of TGMS on PubTabNet

JriE TEDS
EDD 88.3
GTE 93.0
LGPMA 94.6
SEM 93.7
TGMS 96. 4
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Fig.2 Visualization results on PubTabNet

All subjects N=33

[Mean age. years+SD 46+6.5
[Range 29-55
Sex, %
[Women 85
15
ean age at onset of PTSD.years+SD %9"_;15
—5
ears +SD|18+15
0-46
atients with comorbid disorders,N(%)
ipolar disorder 1100300
ajor depressive disorder [21(64)
[Substance abuse
[Current [3(9)
[In past [5(15)
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Fig.3 Predicted HTML code of the
table viewed on the Web browser
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Table 4 Ablation experiment results

Bom TEDS
LLD-GCN(w/0) 85.2
LLD-attention( w/0) 88.6
CCR-SLD(w/0) 90.4
TGMS 96.4
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