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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. . . . .
XIF Layout Analysis, FEHIIK: CV JkF NLP k.

Bl
- Comp one nis Feature Extraction: Relation Module:
generation: — : . —
. 1mage + semantics Sequence labeling
Image+Text (e.g. PDF parsing)

(a) NLP-based framework

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 JRFIFH 2 715 XHHE, BRMEEREE/\FE, ARFE.



1 Introduction
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(b) CV-based framework

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.

OV Ik, fHiEZEEERVtREE Y, BEAEATFIRIENIER,
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1 Introduction

Components
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(c) VSR

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

Document Layout Analysis
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3 Methodology

3.1 Architecture Overview
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Our proposed framework has three parts: two-stream ConvNets, a
and a relation module.
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3 Methodology

3.2 Two-stream ConvNets

Image . | v R This stream directly takes document
/ : % Images as input and extracts multi-scale deep
4 features using CNN backbones like ResNet.
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3.2 Two-stream ConvNets 3 MGthOdO'Ogy
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Train From Scratch

If you want to re-implement the model's performance from scratch, please following these steps:

1.Firstly, prepare the pretrained models:

¢ pretrained mask-rcnn model (Access Code: KZgm) on COCO (we just copy the params of backbone to
initialize backbone_semantic)

* bhert-base-uncased

2.Secondly, modify the paths in model config
(demo/text_layout/VSR/PubLayNet/config/publaynet_x101l.py or
demo/text_layout/VSR/DocBank/config/docbank_x101.py.), including the pretrained models paths,
images paths, work space, etc.

3.Thirdly, direct run demo/text_layout/VSR/PubLayNet/dist_train.sh or
demo/text_layout/VSR/DocBank/dist_train.sh.



3 Methodology

3.3 Multi-scale Adaptive Aggregation
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3 Methodology

3.5 Optimization
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4 1 Datasets 4 EXperiments

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).

PublLayNet 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).

File Size
DocBank 500K txt.zip 3,167,771,976B (2.95GB)
DocBank_500K_ori_img.zip
[11[2] [3] [4] [5] [6] (71 18] [9] [10]
MSCOCO Format Annotation.zip 208,973,824B (199 MB)

50,907,670,187B (47.4GB)

Field

Format

License

Domain

Number of
Records

Data Split

Size

Value

JPG 7, JSON [

CDLA-Permissive []

Computer Vision

358,353 images

335,703 training images
11,245 validation images
11,405 test images

102 GB

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 1 Datasets 4 EXperiments

Dataset Preparation

The demos are conducted on two public datasets: PubLayNet and DocBank. Due to the policy, you should
download the original data and annoations from the official websites.

e PublayNet: PubLayNetis a large
dataset of document images, of which the layout is annotated with both bounding boxes and polygonal
segmentations. To perform multimodal layout analysis task, we also need to extract the annotations in

the character granularity, in addition to layout component granularity. We provide demo examples in
demo/text_layout/datalist/PubLayNet and one can get the above annotations through:

:Q =] PMC5345541_00001 json - Visual St

PMC5345541 00001 json * DocBank: DocBank is a new large-scale dataset that is constructed using a weak supervision approach.

tudy > 1st-year-ma sL > DAVAR-Lab-OCR > demo > text_layoul
39712 707.181], [3@9.85, 708.96108, 37
732.501, 526.3772, 742.461], [309.@5, 7
3871599999999, 754.217], [431.8468400004
Pl e ot validation and 50K for testing. Please download this dataset and convert annotations to Davar format

[72.024, 785.105, 390.72279999999995, 7

It enables models to integrate both the textual and layout information for downstream tasks. The
current DocBank dataset totally includes 500K document pages, where 400K for training, 50K for

(please refer to demo/text_layout/datalist/DocBank)

525.9928, 793.145]], "labels™: [[B]J [l
[1], [1], [11, [1], [1], [2], [2], [2],
[11, [1], [11, [1], [1], (1], [1], [1], : : : :
(1, [, (1, 2, 11, (11, [, [1),| Please format the datalist as the form that davarocr uses according to instructions.
[1], [1], [1], [1], [1], [1], (1], 1], e oem oo oo =55 T e Inereaimg o 4G i it Wiar vewncs staeping Urdie T
[1], [1], [11, [1], [1] (1], (2], [1], [1], [2], [2], (1D, [1D, e st e ol i I e st i e o
[1], [1], [21, [1], [1], [, [2], [2], [2], (2], [2], [1D, [1D, Scnepe echmicaly tease (16, patcncnyma {501 Ao, e
[1], [1], [1], [1], [1], (1], (2], [1], [1], (2], [1], (1L, (1D, Simple enuclastion iy e il S it
[11, [2], [11, [1], [11, [21, (2], [2], [21, (21, [1], [1D, [1D, In 1950, Berjomin Abeshotisc wrote “Fes  awthors . have. . patahed . thee o
[1], [1], [21, [1], [1], (2D, [2], [2], [2], [2], [e], [e]l, Lot it el e
texts": ["Smith and Bire et telogy e v e /iaegloa margine
3 ilabilis f the b d
Malkowicz posseas, his satement rings mus 1 thia Wil racitonsl thinking was that a 1 em
Tumor day. _Dn this principle, l:SShk:E LE);.rnha ;Lalﬁlnhwis rmduun?j dﬂunmz P‘N..Lhzs has

Jeation". "for". "kidney". "di nomtients”. "t o Friant of ol bamer. L, theve o, Moy etution havt oo sapporsed
enucleation”, "for", “kidney", "disease”, “"patients”, "to 4@ has been  cominual progress iowara  margins of all slesinchading <1 s ea
"incidence”, "increasing”, "cell carcinoma (RCC); specifically, T e s e e
a rise in", "the use of nephron-sparing surgery (Nss)", " Pericrs Sy b o A Mcag i e
(4-7). These techniques aim to preserve the”, "largest amount s e Ui e
of healthy renal tissue", "possible while maintainingthe .‘i;?if.i:,;ﬁ%;:‘::ili', i ii:‘;‘: ﬁ?:;;“n’“.ff‘L’;Si;“???lu‘é"!".f;rf?i:u"[ﬁﬁé‘
same”, "oncologic outcomes as radical nephrectomy”, "(RN). bl il

Additionally, partial nephrectomy”, "(PN) has been linked to D e et o Tean e 2 Suncaen §

! w o i owm : c s The laxgest contribution o the body  Overall, jcal margins [PSMs
a lower risk of", "(CKD),chronic”, "cardiovascular morbidity, e o e R T e
and mortality”, "when compared to RN (8-11).", "while the use

of NSS can be traced as far", "back as the late 19th Jourmal of Kinsy Cancer and VHL 2015, 21216169 g lcvhlcam o

X ®0A0 (n1,Col1 Spaces:2 UTF-8 CRIF {3 JSON @ Golive kite:notinstalled « Pretier & [}




4 EXperiments

# visval branch

backbone=dict(
type="'ResNeXt',
depth=101,
groups=é64,
base_width=4,

4.2 Implementation Detalls

Document image is directly used as input for visual stream. For semantic stream,
we extract embedding maps (SentGrid and CharGrid) from text as input, where
SentGrid is generated by pretrained BERT model [8] and CharGrid is obtained
from a word embedding layer. They all have the same channel dimension size
(C5 = 64). ResNeXt-101 [37] is used as backbone to extract hoth visual and
semantic features (unless otherwise specified), which are later fused by a multi-
scale adaptive aggregation and feature pyramid network.

For CV-based multimodal layout analysis methods, fused features are fed
into RPN, followed by RCNN, to generate component candidates. In RPN, 7
anchor ratios (0.02, 0.05, 0.1, 0.2, 0.5, 1.0, 2.0) are adopted to handle document
elements that vary in sizes and scales. In relation module, dimension of each  rpn_head=dict(
candidate is set to 1024 and 2 layers of multi-head attention with 16 heads are type="RPNHead",
used to model relations. We set A in Eq.(11]) to be 1 in all our experiments. in_channels=256,

For NLP-based multimodal layout analysis methods, low-level elements parsed feat_channels=256,
from PDF's (e.g., tokens) serve as component candidates, and relation module anchor_generator=dict(
predicts their semantic labels.

Our model is implemented under the PyTorch framework. It is trained by

num_stages=4,

out_indices=(0, 1, 2, 3),

frozen_stages=1,

norm_cfg=dict(type='BN', requires_grad=True),
style="'pytorch'),

type="'AnchorGenerator',
scales=[8],
ratios=[0.02, 0.085, 0.1, 6.2, 0.5, 1.0, 2.0],

the SGD optimizer with batchsize=2, momentum=0.9 and weight-decay=10""%.
The initial learning rate is set to 10~2, which is divided by 10 every 10 epochs
on Article Regions dataset and 3 epochs on the other two benchmarks. The
training of model on Article Regions lasts for 30 epochs while on the other two
benchmarks lasts for 6. All the experiments are carried out on Tesla-V100 GPUs.
Source code will be released in the near future.

# optimizer

strides=[4, 8, 16, 32, 64]),
bbox_coder=dict(

type="'DeltaXYWHBBoxCoder"',

target_means=[.0, .0, .0, .0],

target_stds=[1.0, 1.0, 1.8, 1.60]),
loss_cls=dict(

type="'CrossEntropylLoss', use_sigmoid=True, loss_weight:
loss_bbox=dict(type="'SmoothLlLoss', beta=1.0 / 9.0, loss_w

optimizer = dict(type='SGD', 1r=0.01, momentum=0.9, weight_decay=0.0001)

optimizer_confiq = dict(grad_clip=None)



4.3 Results

4 EXperiments

Trained Model Download

Table 1. Performance comparisons on Article Regions dataset

All of the models are re-implemented and well trained based on the opensourced framework i - Figure Table
mmdetection. So, the results might be slightly different from reported results. Methad Title Author Abstract Body Figure Caption . Caption Reference| mAP
Faster RCNN [31] - 1.22 - B87.40 - - - - - 46.38
Trained models can be download as follows: Faster RONN w/ context - 1034 - o358 - - - 308 - 70.3
Faster RCKN reimplement |100.0 51.1 048 O8O 042 OLB 973 67.1 00.8 | B7.3
Dataa Bt | ot ::::e AP e F‘l""terrlzgrl:;i:;nzpnkﬁ @1){100.0 605 908 985 ©6.2 915 97.5 642 912 |S78
VSR 100.0 94 95 99.1 953 945 961 B4.6 92.3 |94.5
PubLayNet ResNext] 01 coco (1300, 05.7 ) Note: missing entries are because those results are not reported in their original papers.
(Reported) 800)
(1300, e e Table 2. Performance comparisons on PubLayNet dataset.
PubLayNet ResNext101 coco 95.8
800) SUYK) — - - — —
Method Dhataset| Text Title List Table Figure| AP
DocBank Faster RONN [43] 01 526 883 054 037 | 002
(Reported) ResNext101 COCo (600, 800)  95.59 - Mask RCNN [43]| wal |916 B84 886 06 00| 01
VSR 96.7 93.1 94.7 97.4 96.4 | 95.7
s . Faster RCNN 91.3 81.2 B85 043 W45 ( 90
DocBank ResNext101 coco (600, 800) 95.25 config, pth (Access Code: Mask RCNN'% 91.7 828 BT 047 055 | 00.7
sy) Doclnsight AT 04.51 88.31 0484 0577 07.52|04.10
sCUT test | 043 BO.T2 04.25 06.62 O7.68 | 04.51
SRK 094.65 8998 95.14 97.16 97.95| 54.98
SiliconMinds 96.2 8075 046 09608 97.6 |95.03
Table 3. Performance comparisons on DocBank dataset in F1 Score. VER 9669 92.27 9155 97.03 97.90|95.69
- . . - . . e - Macro
Method Abstract Author Caption Equation Figure Footer List Paragraph Reference Section Table Title Average
BERT aze 0294 B484 8629  E1L52 1000 TEO5 7133  96.19 93.10 90,51 5296 94.42| 87.70
RoBERTabse 0288 B6.1E 8044 5248 100.0 80.14 73.53 096.46 93.41 93.37 53.89 95.11| 88.91
LayoutLMpage 08.16 B3935 9597 8047 10000 3957 B9.48 G788 9338 09595 56.33 95.79| 93.16
BERT targe 9286 BATT 8650 BLTT 10000 TEI4 6960  96.19 9284 9065 53.20 94.30| B7.65
RoBERTa 4. g, 09479 B7.24 9051 83.70  100.0 5392 74.51 B6.65 933 W07 B4 0461 | BO.88
LayoutLMiarge 9784 BT.E} 9556  50.T4 1000 9146 0004  97.90 9332 9596 B86.70 95.52| 93.50
x1o1 9717 B227 5035 8512 90.29 90.51 96.82 B7.98  B4.12 091.58 [ 90.51
X101+ LayoutLMp,.. [ 98.15  89.07 94.30 9990 9292 93.00 98.43 9437 D664 053.75 [ 04.78
X101+ LayoutLMigrge | 98.02 BO64 9666 9440 909994 9352 092931 9844 9430 9670 .75 9531 04.88
VSR 98.20 091.19 9632 0O5.84 0996 05.11 94.66 O8.G6 095.06 97.11 89.24 B5.63| 05.60

Table 4. Performance comparisons on DocBank dataset in mAP.

Models| Abstract Author Caption Equation Figure Footer List Paragraph Reference Section Table Title|mAP
||1:th: 962 880 939 781 854 93.4 861 678 800 767 77.2 95.3|86.3
VSR 26.3 89.2 04.6 TT.3 7.8 9032 B6.2 69.0 90.3 9.2 T7.5 94.9|87.6




4.4 Ablation Studies

4 EXperiments

Table 5. Effects of semantic features at different granularities.

Vision SCL'TIEI-HJUCE Title Author Abstract Body Figure Flgu_l_" > :I'able Reference
Char|Sentence Caption n
Vv 100.0 0948 080 042 1.8 67.1 90.8
Vv v 100.0 96.5 980 056 03.6 G8.6 30.9
v v 100.0 955 99.0 97.8 032 73.0 91.2
v W V4 100.0 96.1 98.7 95.7 92.5 1.4 92.4

Table 6. Effects of two-stream network with adaptive aggregation.

xAMERG

TTHIE 2 d A REY !

Method Title Author Abstract Body Figure Fl SUre o " Reference|mAP
}'.Ith]l 1on
Single-stream |R101| 94.7  58.7 B2.T 97.9 96.3 918 01.5 86.2
at input level |R152| 100.0 50.5 85.3 J 08.0 9544 033 00.5 85.8
Single-stream |R101| 99.5 67.6 95.1 95.0 93.2  96.6 1.3 80.8 (19.79
at decision level| R152| 100.0 B80.2 91.0 4 96.0 924 983 1.7 91.4
VSR R101|100.0 84.3 96.1 93.7 92,5 90.4 02,4 |92.3
Table 7. Effects of relation module.
Method Title Author Abstract Body Figure Figure caption Table Table caption Reference|mAP
. e[ W0 RM| 1 51.1 04.8 : 87.3
Faster RCNN|—
eer w/RM| 1 884 99.1 92.6
. wio RM| 1 84.3 96.1 92.3
VSR -
w/ RM| 1 94 5 04.5

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.

S wo RM
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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 -

convolutional network is used to extract modality-specific and
semantic features, which are further fused in the
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.
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