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Application research of Vision Transformer with enhanced FPN in

document layout analysis tasks
Zhang Fa,Li Yanhong , Wu Longyu, Long Han
(College of Computer Science, South-Central Minzu University, Wuhan 430074, Hubei China)

Abstract Compared with traditional methods based on Convolutional Neural Networks (CNN) , the document layout
analysis model based on Vision Transformer can provide robust semantic and visual representations for downstream tasks
through multi-modal pre-training mechanisms. However, the current multi-scale feature generation module and cross-
resolution feature fusion process are prone to causing the loss of category attributes and boundary details, which in turn
leads to issues such as category confusion and blurred boundaries.To address this bottleneck, Local Feature Enhancement
Generation (LFEG) and Global-to-Local Feature Enhancement Fusion (GLEF) techniques are proposed to construct an
enhanced Feature Pyramid Network (FPN) structure for achieving novel feature optimization. Specifically, the LFEG
module optimizes four resolution modification modules to generate the multi-scale feature, while the GLEF module
optimizes the traditional top-down fusion approach. Experimental results demonstrate that the proposed enhanced FPN
structure can effectively improve the category consistency and boundary clarity of multi-scale feature maps, providing key
technical support for optimizing the accuracy of document layout analysis based on Vision Transformer.
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Fig. 1 Visual representation of document layout analysis task
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Fig. 2 Visualization of original feature maps, upsampled feature maps, and locally enhanced feature maps
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Fig. 3 Generating a feature Pyramid network using a local feature enhancement generation module
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Fig. 4 Comparison of element size differences in document images
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(2) False Positives (FP) : SCR4 7T 2 H (1) 171 5] 9
R M R 53 A T A R AR

(3) False Negatives (FN) : SCR4 T 2 H Y IE il 8%
FEURMBI o0 o B R R AR R

(4) True Negatives (TN) : RS ITE Y ) B
TR M3 73 oA S A5 A AR
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Tab. 2 Experimental environment

AR AR DS
BIERGE Ubuntu 22.04
HEZL Pytroch 2.0.1+Cuda 11.7
CPU Intel(R) Xeon(R) Silver 4108
GPU RTX A6000
4 EFEHR

R 3IME 7RG T AR SCHE VGT, DiT-Base .

%3 D'LA 5iiF4E | mAP @ 10U [0. 50:0. 95]
Tab.3 mAP @IOU [0. 50:0. 95] on D'LA validation set

Model DocTitle ListText LetterHead Question RegionList TableName
LayoutLMv3-Base 67.2 56.0 80.4 38.3 72.1 63.1
DiT-Base 73.1 70.6 82.2 55.0 80.1 68.4
VGT 72.6 71.3 82.3 63.9 80.2 68.4
LayoutLMv3-Base-EnFPN 68.8 62.2 78.5 48.3 72.9 67.7
DiT-Base-EnFPN 73.9 70.7 81.0 66.7 80.1 67.8
VGT-EnFPN 72.7 71.4 84.5 72.1 80.7 67.6
Model FigureName Footer Number ParaTitle RegionTitle LetterDear
LayoutLMv3-Base 34.8 73.9 82.1 54.2 59.6 69.6
DiT-Base 51.8 81.2 83.2 63.2 67.5 74.5
VGT 46.6 79.7 83.2 63.0 67.2 76.7
LayoutLMv3-Base-EnFPN 41.4 75.3 82.8 58.0 60.5 70.6
DiT-Base-EnFPN 52.1 79.6 83.6 62.9 66.6 73.7
VGT-EnFPN 54.6 80.6 83.0 64.1 67.0 75.7
Model OtherText Abstract Table Equation PageHeader Catalog
LayoutLMv3-Base 50.9 64.9 82.1 12.1 52.8 48.6
DiT-Base 59.2 73.8 86.2 9.2 56.5 44.8
VGT 60.0 80.4 86.0 19.9 56.9 40.9
LayoutLMv3-Base-EnFPN 54.2 67.1 82.5 5.6 56.2 38.9
DiT-Base-EnFPN 60.2 73.5 87.3 235 57.2 415
VGT-EnFPN 60.9 81.4 87.7 19.1 57.1 56.7
Model ParaText Date LetterSign RegionKV Author Figure
LayoutLMv3-Base 80.4 62.6 60.4 59.2 56.6 72.5
DiT-Base 86.4 69.7 71.6 68.8 66.0 77.2
VGT 86.2 71.3 75.5 70.1 67.6 76.7
LayoutLMv3-Base-EnFPN 82.8 64.3 62.1 61.9 60.5 74.5
DiT-Base-EnFPN 86.4 68.9 72.4 68.5 66.5 71.3
VGT-EnFPN 85.7 70.2 74.7 69.9 66.7 76.8
Model Reference PageFooter PageNumber mAP
LayoutLLMv3-Base 77.4 61.6 51.3 60.9
DiT-Base 83.4 65.5 58.3 67.7
VGT 85.6 66.5 58.7 68.8
LayoutLMv3-Base-EnFPN 78.6 64.3 54.8 62.8
DiT-Base-EnFPN 83.5 66.8 58.2 68.5
VGT-EnFPN 84.6 66.7 58.9 70.0
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Fig. 8 Feature map visualization
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Tab. 4  Ablation experiment results

Ablation D'LA
LFEG GLEF mAP AP50
60.9 74.5
62.4 75.9
J

115 114
62.7 75.8

J
11.8 113
62.8 76.0

J N
1.9 115

BT RS I oA AR TR A A4
5 2 B (LFEG ) M4 Jmy 21 Jy A il 34 95 il 5 (GLEF )
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