o XX 2 XX woBe Mo ik Vol. XX No.XX
XXXX XX H Chinese Journal on Internet of Things XX XXXX

ETZ S5 RIEENMENRBEWIRRNEIENR

hEE, R BT T ER
(1 R T RFHEN S N LR Geb, Widb 50 433000, 2. sCH TR 5 B0 Wil B 4330000

i

8 OE. REAENE RS IR R, T AAE T SO E G . e R A A R A2 R
SER B S BRI S — 2D . T RGN, RKBLE . AT IO LR AT FRZEFE R B b 2
FEVE, LR AR AR B = ME R I, X T0UAT 45 BE 3 B S T R . AT TEAAE R A, B T —RloR (K R 4
FERARJTvE, FER LN JLIOCROIH: Bk, N TREBEEMZHEES, SIINT M Essmnss, AT
RGBS IORLGE . SCAS . A JRAIAERFAE . LIk, B T 2T SURN B AR HER TR INEIE, DL RAGIUAE .
WG, TEGR-FRAG A8 3R R QG Mt 5] N T BRIV R g R4, A4S AR BN 4 Jm T ASUREAE (9 [FT B, 10 i B A JRR
RIAHAR T S RE o 2SR BRI T IDHE RS S5 R A A HE R, ARECT 40T O TR RS R T M S e R
BIAHLEE, 7F PubTabNet A TP AL BihAT T MK, WiEL R FikH] 99.46%, H IR FiAF] 96.65%, TLIUAE
Febg FIRF]T 98.34%.

KEIR: RISEWEMR, LOERK; SEEME: BEERINE.

doi: 10.11959/j.issn.2096-3750.XXXX.

Table Structure Recognition via Multimodality and Graph Attention
Networks

XU Chongshan', WU Lv?, XU Ning', LI Ning”, PAN Hao'
1. School of Computer and Artificial Intelligence, Wuhan University of Technology ,Wuhan 430070,China
2. School of Information Engineering, Wuhan University of Technology ,Wuhan 430070,China

Abstract: Tables, as a highly condensed and structured form of information presentation, are ubiquitous across docu-
ments and images. Accurate table structure recognition is a critical step in converting unstructured visual data into
machine-interpretable structured formats. This task remains particularly challenging due to the wide variability in table
layouts — including irregular shapes, complex headers, spanning cells, and diverse ruling-line styles — with borderless
tables posing the most formidable difficulties. To tackle borderless tables effectively, we propose a novel structure under-
standing framework featuring three key innovations.First, we introduce a new multimodal encoder that fuses visual, tex-
tual, layout, and ruling-line features, thereby significantly improving model generalization across diverse table appear-
ances. Second, we develop an efficient border reconstruction algorithm based on the statistical distribution of text posi-
tions. By exploiting horizontal and vertical alignment patterns of cell contents, the method reliably infers missing ruling
lines. Third, we incorporate a Graph Attention Network (GAT) module into the encoder-decoder architecture. This allows
each table element to attend to both global table context and fine-grained local relationships with neighboring cells, yield-
ing more coherent structure predictions. Experiments on the PubTabNet benchmark demonstrate the superiority of the pro-
posed approach. It achieves state-of-the-art Tree-Edit-Distance-based Similarity (TEDS) scores: 99.46% on simple tables,
96.65% on complex tables, and notably 98.34% on borderless tables — representing substantial gains over prior methods.
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FTN 55 uF 48 PL f TB-latex 56 iE 52 AT 7 R AE 4504
PONRCRMN . LI R 2 PR, SN
RGN TTIEM LG, AR SR 7V AE T L3R A% 1
8 KE VU R A A s 28R R SEEL T SOTA PERE
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former RIS HY 25 K W 1T IR BRAT 55 GRS &5 M 1D
BiAY (Tableformer A ZAT 55 LA ALY ; Yl
#% K H ResNet18 1E N E T M4 (backbone), H T
XSO G HEL EUR AT dihd,  fig &5
X F TableStructureDecoder. GatForme 7t Baseline
EEA b, BT EISE A (EIB)E UIL2.3 1),
FEGIN GAT B, A W45 IC B AR #F 5 Baseline —

&2 (HEBVAEPTN(ISIFE) . FIN. TB =ML HYSLIS

R
Model Dataset TEDS-struc. (%)
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ResNet-18 + Dual-Decoder
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Tableformer
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