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Question: Layout Analysis

版面分析是指分析一副文本图像的块结构，将图像分成若干具有相似

性质的区域（块）以便进行后续的 OCR 识别处理。
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Document layout analysis is crucial for understanding document 
structures. On this task, vision and semantics of documents, and relations 
between layout components contribute to the understanding process. Though 
many works have been proposed to exploit the above information, they show 
unsatisfactory results. NLP-based methods model layout analysis as a 
sequence labeling task and show insufficient capabilities in layout modeling. 
CV-based methods model layout analysis as a detection or segmentation task, 
but bear limitations of inefficient modality fusion and lack of relation 
modeling between layout components. To address the above limitations, we 
propose a unified framework VSR for document layout analysis, combining 
vision, semantics and relations.VSR supports both NLP-based and CV-based 
methods. Specifically, we first introduce vision through document image and 
semantics through text embedding maps. Then, modality-specific visual and 
semantic features are extracted using a two-stream network, which are 
adaptively fused to make full use of complementary information. Finally, 
given component candidates, a relation module based on graph neural 
network is incorported to model relations between components and output 
final results. On three popular benchmarks, VSR outperforms previous 
models by large margins. Code will be released soon.



1 Introduction
Many deep learning models have been proposed on this task in 

both computer vision (CV) and natural language processing (NLP) 
communities.

对于 Layout Analysis，主要有两派：CV 派和 NLP 派。

NLP-based methods model layout analysis as a sequence labeling task 
and apply a bottom-up strategy. They first serialize texts into 1D token 
sequence. Then, using both semantic and visual features (such as 
coordinates and image embedding) of each token, they determine token 
labels sequentially through a sequence labeling model. However, NLP-
based methods show insufficient capabilities in layout modeling. 

NLP 派利用到了语义特征，但是布局建模乱七八糟，不太好使。



1 Introduction

CV-based methods model layout analysis as object detection or
segmentation task, and apply a top-down strategy.
While capturing spatial information better compared to NLP-based 
methods, CV-based methods still have 3 limitations: 
(1) limited semantics
(2) simple and heuristic modality fusion strategy. 
(3) lack of relation modeling between components.

CV 派，捕捉空间信息的性能更好，但是不能充分利用语义信息，
模态融合太简单，组件间缺乏关系建模，好使但没那么好使。



1 Introduction

In this paper, we propose a unified framework VSR for document 
layout analysis, combining Vision, Semantics and Relation 
modeling.This framework can be applied to both NLP-based and CV-
based methods.

我们这篇论文提出了一个被命名为 VSR 的框架，结合
了视觉、语义和关系建模，真是太棒了！



2 Related Works

Document Layout Analysis

- 其他人的单模态布局严格限制于视觉或语义特征，无法利用
来自其他模态的补充信息。
- 其他人的多模态布局太简单了，我们提出的高级。

Two-stream networks

- 双流网络适合用于多模态，用了！

Relation modeling

- NLP 有关系建模，CNN 很难，我们设计了一个 GNN 支持基
于 NLP 或 CV 的方法中的关系建模。



3 Methodology

Our proposed framework has three parts: two-stream ConvNets, a 
multi-scale adaptive aggregation module and a relation module.

我们提出的框架由三个部分：
双流卷积神经网络
- 视觉流（Visual Stream）处理图像，生成检测或分割模型生成的视觉（Visual）特征
（如 Mask RCNN）
- 语义流（Semantic Stream）处理文本，生成语义（Semantic）特征（如文本标记）
多尺度自适应聚合模块（Multi-scale Adaptive Aggregation Module）
- 聚合视觉特征和语义特征，产生一组候选组件（component candidates）
关系模块
- 接受这些候选组件，生成最终结果（final results）

3.1 Architecture Overview



3 Methodology

This stream directly takes document 
images as input and extracts multi-scale deep 
features using CNN backbones like ResNet.

3.2 Two-stream ConvNets

Visual Stream 直接将文档图像作为输入，并使用 CNN 主干（如
ResNet 提取多尺度深度特征），一阵卷生成视觉特征 {𝑉𝑉2,𝑉𝑉3,𝑉𝑉4,𝑉𝑉5}。

Semantic Stream 把文本嵌入映射 S0作
为卷积层的输入一阵卷，最后生成语义特征
{S2, S3, S4, S5}。而 S0 又由 CharGrid 和
SentGrid 组成：S0 =
LayerNorm(CharGrid+SentGrid)，就是字符
级和句子级的语义特征。

𝐸𝐸𝑐𝑐 就是个词嵌入层，将输入层的向量作为输入，将每个词转
化成一个更高维度的向量，以便模型可以更好地处理这些信息。

使用训练好的 BERT 模型作为 𝐸𝐸𝑠𝑠。



3 Methodology3.2 Two-stream ConvNets



3 Methodology3.3 Multi-scale Adaptive Aggregation

在 𝑖𝑖尺度下，首先将 𝑉𝑉𝑖𝑖 和 𝑆𝑆𝑖𝑖 连接起来，然
后卷一下 𝑔𝑔() 再激活 ℎ() 得到 attention map 
𝐴𝐴𝑀𝑀𝑖𝑖：𝐴𝐴𝑀𝑀𝑖𝑖 = ℎ(𝑔𝑔([𝑉𝑉𝑖𝑖 , 𝑆𝑆𝑖𝑖]))

然后再一阵操作得到聚合的多模态特征：
𝐹𝐹𝑀𝑀𝑖𝑖 = 𝐴𝐴𝑀𝑀𝑖𝑖⨀𝑉𝑉𝑖𝑖 + (1 − 𝐴𝐴𝑀𝑀𝑖𝑖)⨀𝑆𝑆𝑖𝑖

得到 𝐹𝐹𝐹𝐹 = {𝐹𝐹𝐹𝐹2,𝐹𝐹𝐹𝐹3,𝐹𝐹𝐹𝐹4,𝐹𝐹𝐹𝐹5}，扔 FPN
（特征金字塔网络）中继续卷，提供增强的表
示。



3 Methodology3.4 Relation Module

其他人到这边就结束
了？它们忽视了布局组件
之间很强的关系。

布局组件之间存在很
强的关系。例如，同列段
落的包围框应该对齐；表
和表标题经常一起出现；
组件之间没有重叠。利用
这种关系可以进一步优化
。

使用 GNN 建模组件
之间的关系，将文档视作
一个图 G=(O,E)，O 为节
点集（表示之前目标检测
模型生成的候选组件），
E 是边集（两个候选组件
之间的关系）。

节点集的特征 zj 包含位置坐标 bj 和深度特征 fj ：
zj = LayerNorm(fj + ej

pos(bj))为第 j 节点的位置嵌入向量。

节点间的关系用自注意力机制来表示： �𝑂𝑂 =
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑄𝑄,𝐾𝐾,𝑉𝑉 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑄𝑄𝐾𝐾

𝑇𝑇

𝑑𝑑𝑘𝑘
𝑉𝑉)，𝑄𝑄,𝐾𝐾,𝑉𝑉 从节点特征集

𝑍𝑍{𝑧𝑧1, … , 𝑧𝑧𝑁𝑁} 里整。

一阵操作更新出新的节点特征 𝑍𝑍𝑍 和节点 �𝑜𝑜𝑗𝑗 = (�𝑝𝑝𝑗𝑗𝑐𝑐 , �𝑏𝑏𝑗𝑗)。
�𝑝𝑝𝑗𝑗𝑐𝑐 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐(𝑧𝑧𝑧𝑗𝑗))，表示这个节点属于 𝑐𝑐类的

概率。
�𝑏𝑏𝑗𝑗 就是其回归坐标。



3 Methodology3.5 Optimization

我们这个模型可以建模为序列标记（sequence labeling）或对象检测
（object detection）的任务，所以损失函数也不同。

sequence labeling

ℒ = −
1
𝑇𝑇
�
𝑗𝑗=1

𝑇𝑇

log �𝑝𝑝𝑗𝑗 𝑦𝑦𝑗𝑗

感觉就是交叉熵损失函数?

Layout analysis as object detection

ℒ = ℒ𝐷𝐷𝐷𝐷𝐷𝐷 + 𝜆𝜆ℒ𝑅𝑅𝑅𝑅
既要看分类的对不对，还要看框的准不准，至于哪个更重要？自行

设置超参数 𝜆𝜆。



4 Experiments4.1 Datasets

Article Regions consists of 822 document samples and 9 region classes
are annotated (Title, Authors, Abstract, Body, Figure, Figure Caption, Table,
Table Caption and References).

PubLayNet is a large-scale document dataset 
recently released by IBM.

It consists of 360K document samples and 5 
region classes are annotated (Text,

Title, List, Figure, and Table).

DocBank is proposed by Microsoft. It contains 500K document samples
with 12 region classes (Abstract, Author, Caption, Equation, Figure, Footer,
List, Paragraph, Reference, Section, Table and Title).



4 Experiments4.1 Datasets



4 Experiments4.2 Implementation Details



4 Experiments4.3 Results



4 Experiments4.4 Ablation Studies

我们这个模型设
计的还是满有效的！

Limitations. As mentioned above, in 
addition to document images, VSR also
requires the positions and contents of texts 
in the document. Therefor, the 
generalization of VSR may be not good 
enough compared with its unimodal 
counterparts, which we'll address in the 
future.



5 Conclusion
In this paper, we present a unified framework VSR for multimodal layout 

analysis combining vision, semantics and relations. We first introduce 
semantics of document at character and sentence granularities. Then, a two-
stream convolutional network is used to extract modality-specific visual and 
semantic features, which are further fused in the adaptive aggregation module. 
Finally, given component candidates, a relation module is adopted to model 
relations between them and output final results. On three benchmarks, VSR 
outperforms its unimodal and multimodal single-stream counterparts 
significantly. In the future, we will investigate pre-training models with VSR 
and extend it to other tasks, such as information extraction.

这个模型用双
流卷积网络提取了
视觉和语义特征，
把这些特征在自适
应聚合模块中融合，
最后使用关系模块
进行建模，好使！
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