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Background

Document layout analysis (DLA): 1s a crucial step in digital systems that aims

to decompose page 1images into homogeneous regions, such as text, images, and

tables.
Difficulties 1n the task of document layout analysis include:

® Document diversity (including document variety in terms of format, type,
layout, and language).

® Document image quality diversity.
® Mutual influence between elements in documents.

® Ambiguity in document elements.
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Motivation

Limitations of currently available modern document datasets:
® Small dataset scale. Most datasets only containing a few hundred images.

® Only PDF document format, which poses a significant challenge for
evaluating the effectiveness of DLA methods in real-world scenarios.

® Severe lack of diversity, which will affect the development of routine layout
analysis in multiple fields.

® Limited document languages. DLA methods may encounter domain shift
problems in different languages, which remain unexplored.

® Few annotation categories, which prevents more granular layout information
extraction.

Contributions

In this paper, we presents a modern dataset and method for document layout
analysis.

1. We have constructed and public the M%Doc dataset, which is a modern
document dataset that supports multiple formats, types, layouts, languages,
and annotation categories.

2. M®Doc is the first layout analysis dataset that contains both real-world
(photographed and scanned) and born-digital document images. Additionally,
it 1s the first dataset that includes Chinese documents.

3. M®Doc contains the most fine-grained logical layout analysis categories. It
can serve as a benchmark for several related tasks, such as logical layout
analysis, formula recognition, and table analysis.

4. We propose the TransDLANet, a Transformer-based method for DLA.

M¢ designation represents six properties:

® Multi-Format: scanned, photographed, and PDF documents;

® Multi-Type: scientific articles, textbooks, books, test papers, magazines,
newspapers, and notes;

® Multi-Layout: rectangular, Manhattan,
Manhattan;

® Multi-Language: Chinese and English;

® Multi-Annotation Category: 74 types
annotation instances in 9,080 manually annotated pages;
® Modern documents.

Dataset Description
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Overview

TransDLANet contains four main components:

1. CNN-based backbone:

image features.
2. Transformer

vectors and uses

boxes’ coordinate

encoder:

extract document

performs
attentive feature learning on query embedding
clement
matching mechanism to further enhance the
association between document
encoded by the query vectors.
3. Dynamic decode: fuses the query vector with
the features of the bounding box image region
obtained by the query vector using RolAlign.
4. Shared parameter MLP branches: decodes
the classification confidence, the bounding

position,

an adaptive

self-

instances

and

the

segmentation mask of the document instance

region.
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Figure2. The pipeline of TransDLANet.
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Performance comparisons on M®Doc

TransDLANet results on different datasets

[ — Aaafe

.maﬂﬂ
HEN K- R I T B

BREERBAREZATES

P 2

TR
Hﬁﬁm&{x%siiﬂ%w&&

—
T

Method

Backbone

Object
Detection

Instance
Segmentation

mAP AP50 AP75 Recall

mAP AP50 AP75

T IR, 155

T B 5 PT P B Ot T G

i 1F CRERILY. CORIRE
i, et AR

L A0 9 I O 0 J L B . BRI = 1

BN = 0 JE ABC BIRIUL BC. B AR, AC. AABC =15

TN KAy L. B O FLER 5 T Wi M) S0 A 5 W

Arinte
nad

G RGN A R EF WA (AR
TR | AR A SRS AP FIS s SRR A IR
woemma

I e A I C ]

WARHIT. JERTIZF- Wi . G
SEPTRAE, Abnt W)

B W 0 R M UG IT
.t il
L ES RS

STV AT RCTEA X
D. AL DN )

0y BT B B POV 26 TR 05 2 GECPE R & . S
3 R SRR Ao B e 6K T RO

1%

~ MR K70 . MRS T VO . AL IS A . B 1721 B A

23 EAAE, WEREERER.

[(ERET

0

A,

su)ll!AAMlEhl.
BACK TR, WFRA N, lﬁ‘r
il CORBAEL BT gy
i, RN T Bk s
ERBWY T~ TIE, 4024 )
A BEAT LD gy
B, M!” T, A
Hnf, ﬂ#t*ﬁ: 'l!*!ﬂ‘ﬂ!ﬂﬂﬁll

mmm‘
£. BFELSRE,
o

wuuf Fuen g, e
b LT e
A BEREEET, eaey

PHEAT SE G, A 2
Mo, SRR AT~ ICERIY SR YK JEIAT -4
I 2B, TR, T ee) R -
IVLi‘uml”v-hh_lM) HBRALE O 41 RO BN

JIEATER BEL IS Y(TIG
) ) S(L (410

[(DESTR EZ22H

Assnn, gy

RetinaNet [19]
YOLOvV3 [31]

GFL [ 18]

FCOS [35]
FoveaBox [14]
Faster R-CNN [32]
Cascade R-CNN [3]
Mask R-CNN [9]

Cascade Mask R-CNN [3]

HTC [5]

SCNet [36]

SOLO [37]

SOLOV2 [38]
Deformable DETR [45]
Querylnst [&]
ISTR[!1]

Ours

ResNet-101
DarkNet-53
ResNet-101
ResNet-101
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ResNet-101
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ResNet-101
ResNet-101
ResNet-101
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ResNet-101
ResNet-101
ResNet-101
ResNet-101
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59.4
57.2
61.4
50.8
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33.8
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39.7
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55.6
50.6
62.0
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33.0

50.6
58.9
65.8
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70.2
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37.0
43.1
49.2
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Contrastive analysis for scatterplot-based representations of dimensionality reduction
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igure 10 Focus+context operation. The visualization starts|
with the context and focus axes as the same (1). T
can select a range of the context axis to focus analysis (2).
resulting in an update of the focus axis (3).
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ICOVID-19 symptoms collected inside the Sio Paulo state
|(Brazil) territory from March 2020 to August 2
lanalyze multivariate data using a medical dataset in the Sup-

Stcase study, we inspect a document collection
of 495 news articles in English available in RSS format by
Reuters, BBC, CNN, and Associated Press agencies. Fig. 11
shows the UMAP [3] projection of the dataset color-coded
based on the Leiden [40] algorithm. We used the first 40
Principal Components (PCs) of the dataset to compute the
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neighborhood graph (E=15] for the UMAP technique. The
resolution parameter of the Leiden algorithm was set to 0.3,

[Figure 11: UMAP projection of the news dataset. |

Figure 12: After selecting the five most discriminative features,
ighlighting the terms nuclear, plant, and fukushina shows that
UMAP distinguished the news articles separated the news ar-
icles related to the nuclear accident on the left side of the
rojection.

fafter the crisis provoked by the earthquake and the conse-
Jquent incident in Fukushima I. The terms naoto, kan, prire.

o paraton of

[Figure 13: Inspecting terms with lower confidence. Terms with
lower confidence in the light-orange cluster are related to po

litical aspects (a) and were positioned in a different subcluster.

and recalling that the news dataset contains articles from
2011, cluster - represents news articles of the earthquake
that hit Japan in 2011. The terms show that the incident on
the nuclear plant of Fukushima I is present in almost all of
the news articles due to the earthquake. Further, the news
ated to the nuclear power plant incident are con-

Fig. 13 (b) shows the scatterplot representation of the
lexpression intensity of the terms naoto an ‘which vali-
ldates our approach to understand the organization imposed
Iby the dimensionality reduction technique. While news ar-
licles regarding the Fukushima I incident were positioned
on the bottom of the cluster, news articles about the former
rimer-minister were positioned on the top of the cluster.

just one part of the cluster. The projection tech-
lly uncovered a subeluster of news articles
210 the same aspects of the carthquake._

signed much confidence (with p-values between
d 1% 1075) and then select a few terms, as illus-
trated in Fig. 13 (a). In this case, the terms refer to former
Japan'’s primer-minister, Naoto Kan, who resigned his role

Proceeding (o cluster - in Fig. 14, there are many (e

with high confidence that could be used to understand the

‘main topics of the news articles. The first terms (highlighted
in red) correspond to Ratko Mladié, a former Serbian mili
tary officer, head of the Serbian Republic Army during thel
Bosnian War between 1992-1995. The other group repre
sents more specific information about the news articles con{
tained in the cluster. The terms refer (o the prison of Mladid]

Marcilio-Jr et al.: Preprint submitted to Elsevier|
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YOLOV2 as text detector and a CTC based recognizer. A bi-
linear sampler serves as the bridge between these two mod-
ule. Li e al. [15] proposes to cascade Faster-RCNN [12]

through RolPoolin

From then on, lots of novel methods are pro-
6,311, Most of these methods concentrate on
e text detectors and text recognizers in a better|
‘manner and introduce methods such as RolSlide [7], Rol
masking [31], character region atiention [1], and Bezier-
Align [22].

On document OCR tasks, Caris ef al. [12] propose 10
find the start position of each line and then incrementally
follow and read line texts. Bluche [3] proposes the use of|
la sequence decoder with weighted collapse to directly rec-
lognize multi-line images. Mohamed et al. [4£] proposes to
limplicitly unfold a multi-line image into a single line image

Jand use CTC to supervise the output.

Different from these methods, IFA atiempts to enable an
ordinary text recognizer trained with only textline data to be
able to process page-level text recognition.

3. Methodology
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[Figure 2. ADP. (a) ADP training. (b) conventional attention infef:
lence. (c) IFA-inference derived from Al

IFA-inference can be modeled as ¥ = C(F(w)) |where

la CNN based feature extractor ¥ encodes the input image
[with Iabel[s = {5152, .} into feature map[F

‘ h.: Hadamard product

ontext vector ¢; by applying the attention map over{F]with|

=F(z), F e ROHW a

shere[C TH]and[J¥]denote the output channels, height and
vidth of the feature map, respectively. Then, the classifier

=T, A
fow,cr is classified by C as

€ with trainable parameter W, classifies each pixel in the ‘ w=Cle) = Weer. ®) ‘
feature map as:
Finally, the loss at ime { can be calculated as
- KXW
=EER7EL > ©) [Ex = —Tog (softmaz(ye)s,) ©)

‘where[ K [denotes the total number of character classes p]?x\
a blank symbol.

3.1. Attention-guided Dense Prediction (ADP)

 this step. Fig. 2 (a) illustrates the training stage of ADP,
here the attention decoder at each step highlights the cor-

Tiis maximizes the probability of generating character 37
sponding positive pixels.

Generally, an attention decoder (represented as A) out-
lputs text sequentially. In this section, we theoretically ana-
lyze the optimization objective of the attention mechanism
Jat each step and explain the derivation procedure of the IFA
inference.

[B12_IFA in the attention mechanism
In Eq. 6, the optimization objective at step ¢ is to maximize
softmaz(y)s,. According to Egs. 4 and 5, we have:

3.1 A general form of the attention mechanism.

Yo =Weee =We 3 atnwFhuw = Y atnuWeFhw-
i i

‘Assuming that the atiention map at decoding step £ is
which is yielded by softmax function

Qe = softmaz(eqpw) 3)

[Here [e2.,] is a score map generated by score function (for
details please refer to [2, 25]). Then, we can calculate the

4]

s shown in Eq. 3, the attention map is nearly one-hot be-
ause of the softmax function. Thus, we have

=) aupWeFiuw = atpwWeFi
i
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(4) Ambiguity in document elements.
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Background

into homogeneous regions, such as text, images, tables, etc.

Difficulties 1n the task of document layout analysis include:

(3) Mutual influence between elements in documents.

(1) Document diversity (including document variety in terms of

(2) Document image quality diversity (including distortion, var

ormat, type, layout, and language).

ing 1llumination, and blur).
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Document Layout Analysis (DLA) 1s a key step 1n the digitization system, which aims to decompose page images
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Motivation

AR

There are certain limitations associated with existing datasets for layout analysis.

(1) Small size. Early DLA datasets were small-scale and contained only hundreds of images.

(2) Limited document format. The formats of current public large-scale datasets are all PDF documents. It presents a huge challenge
to evaluate the effectiveness of different methods 1n realistic scenarios.

(3) Limited document diversity. The lack of style diversity would prejudice the development of multi-domain general layout analysis.

(4) Limited document languages. DLA methods may encounter domain shift problems in different languages, which remain
unexplored.

(5) Few annotation categories. The annotation categories of current datasets are not sufficiently fine-grained, preventing more

granular layout information extraction.

Dataset #lmage #Class #Instance A.M. Format Document Type Language

DSSE200 [+1] 200 6 - Automatic PDF Magazines, Academic papers. English
DAD [13] 5,980 5 90,923 Automatic PDF Articles English
PubMed [ | 6] 12.871 5 257,830  Automatic PDF Articles English
Chn [ 16] 8,005 3 203,456  Automatic PDF Chinese Wikipedia pages Chinese
PubLayNet [44] 360K 3 3.311,660 Automatic PDF Articles English
DocBank [ 7] S00K 13 - Automatic PDF Articles English

Financial Reports, Manuals, Enelich German

DocLayNet [ Y] 80,863 11 1,107.470 Manual PDF Scientific Articles, Laws & Regulations, = '

French. Japanese
Patents. Government Tenders. P

Magazine, Technical article, Forms,

PRImA [!] 305 10 - Automatic Scanned | . English
Bank statements, Advertisements
BCE-Arabic-v1 [ 7] 1,833 3 - Automatic Scanned Arabic books Arabic
BCE-Arabic-v2 [ /] 9,000 21 - Automatic Scanned Arabic books Arabic
PDE. Sc q Scientific articles, Textbooks,
M"Doc (Ours) 9,080 74 237.116 Manual > Deaiie N Books, Test papers, Magazines, English, Chinese
Photographed

Newspapers, Notes
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M®Doc Dataset

The M° designation represents six properties: e | e | p— e
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(1) Multi-Format (including scanned, photographed, and B | gn- @ ||=
PDF documents); e ||| s || || == || =t

(2) Multi-Type (such as scientific articles, textbooks, books,

test papers, magazines, newspapers, and notes); Data sources include but are

(3) Multi-Layout (rectangular, Manhattan, non-Manhattan, not limited to:

and multi-column Manhattan);

(4) Multi Language (Chinese and English);
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(5) Multi-Annotation Category (74 types of annotation

labels with 237,116 annotation instances 1n 9,080 manually

annotated pages);

(6) Modern documents.

MeDOC 1is the first DLA dataset to consider real-world

M¢®Doc
Github Homepage

documents and include the most detailed manual annotations,

consisting of 9,080 document 1mages and 237,116 annotated

Instances.
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L.abel Definition

74 detailed document annotation labels.

Category Traming Vahdate lest Category Traming Vahdate Test

. . . . . SNumber T SNumber T SNumber T SNumber T Number e Number T

The key faCtorS 1n SeleCtlng these annOtatlon labels lnCh'lde backeround. 0 (0.000 0 (.000 0 0.000 | institute 60 0.042 9 0.039 28 (0.040
QR code 39 0.04] 15 0.065 23 0.032 | jump line 381 0.266 63 0.271] | Bl 0.254

' . ' advertisement 257 (0. 180 45 (0.194 145 0205 | kicker 36 0361 91 0.392 257 (0.363

(1) the COmmOHallty Of annOtathn labels between dlfferent algorithm 12 (0.003 3 0.013 12 0.017 | lead HH4 0464 109 0.470 285 (0.402
ANSWer 165 0.115 30 0.129 77 (0.109 | marginal note 238 0.166 37 0.159 1 (0] 0.143

author 2,424 1.695 403 1.736 [, 188 |.676 | matching 7 0.005 I (0.004 5 0.011

document typesﬂ barcode 10 (0.007 I (0.004 3 0,004 | mugshot 13 0.051 1] 0.047 46 0.0635
bl 3 (0,002 2 (.00 3 (0.004 | option 3,198 2.236 515 2.219 1,577 2.225

‘ . . blank | 89 0.132 38 (0.250 G0 (0.127 | ordered list 1,012 0.707 172 0.741] 510 (0.720

(2) the SPECIﬁCIty Of labEIS bEtween dlfferent document typesﬂ bracket 863 (L603 164 0.707 273 (0,385 | other question number 42 0.029 3 0.013 31 (0.044
breakout 411 0.287 72 0.310 | B8 (0265 | page number 4,782 3.343 B3 3.460 2,383 3.363
byline 1,276 0.592 185 0.797 660 (0931 | paragraph 65,642  45.89] 10,575 45562 33069 46,664

(3) the frequency Of labels? caption 3,508 2.452 605 2.607 I, 766 2492 | part 224 0366 ®o 0.383 283 (0.399
catalogue 39 0.027 10 0.043 19 0.027 | play 10 0.007 3 0.013 2 (0.003

43 ' chapter ttle 245 0.171] 33 0.142 1 24 0.175 | poem 08 0.069 1% 0.07% 33 0.047

(4) the recognltlon Of lndependent pages code b2 (0.043 7 (0.030 31 0.044 | reterence 149 0.104 23 0.099 62 0.087
correction E (0,006 I (0.004 6 0.008 | sealing line 3 0.002 2 (0.00% 3 (.007

W . » credit 1,523 1.065 2335 1.099 728 1.027 | second-level question number 2,773 | 939 377 |.624 1,330 | .877

C ﬁrSt unlﬁed the labels between dlfferent documents tO the dateline 901 (0.630 140) (0.603 4582 (0.680 | second-level title 273 0.191] 43 0.207 | 40) 0.19%

drop cap 414 0.289 71 (0.306 234 (0,330 | section 2,508 1.753 408 1.75% 1,228 |.733

: : editor’s note 39 0.027 1 0.017 9 0.013 | section title ®O7 0.627 171 0.737 442 0.624
maximuim eXtent and then deﬁned the labels for Certaln document endnote 35 (0.024 1 0.017 19 0.027 | sidebar 54 0.038 10 (0.043 27 (0.03%
examinee iInformation ! (0.006 2 (0.009 6 0,008 | sub section title 67T (0396 107 0461 269 (0. 380

. . > . . hitth-level title 13 (0.009 2 (.00 20) (0,028 | subhead | 998 | 397 394 | .69% 1.069 |.508

typ CS fOr dlfferentlals Commonallty and SpeCIﬁCIty CNSUrc that houre 7,614 5.323 1,242 5.351 3,762 3309 | subsub section title 101 0.071] 21 (0.090 71 (0. 100
hrst-level question number 3,669 3.963 930 4.007 2,740 3866 | supplementary note D86 0.689 158 0681 487 0.687

" " hirst-level ntle 86 0.410 8l 0.349 292 0412 | table k21 0574 146 0.629 409 0.577

the deﬁned labels cal adapt to mUItlp le document typ es’ Wthh Hag 30 0.021 3 0.022 12 0,017 | table caption 287 0.20] 41 0.177 143 0.202
folio 442 [.00% 213 0.918 685 0967 | table note ! 0.006 2 (0.009 3 (0.007

» » » » » » footer | 984 387 310 1.336 987 |.393 | teasers 32 0.022 7 (0.030 7 (0.010
lmplles that d Iore detalled loglcal layout analySIS for d Certaln footnote 295 (0.206 49 0.211 | 39 0.196 | third-level question number 240 0.16% 36 0.155 102 0.144
formula .3090 9151 2058 B.B6T 6,191 8.736 | third-level nitle 146 0.102 - (0.190 04 0.133

" fourth-level section title 15 (0.010 3 0.013 19 0.027 | title 201 0.141] 35 0.151] 1 (0 0.141

type Of document cai be performed It dlffers from hOW labels are fourth-level ttle 70 (0.049 13 0.056 66 0,093 | translator 13 0.051 1] 0.047 3% 0.054
header 1,877 1.312 297 |.280) 96Y | 367 | underscore 3,687 2578 590 2.542 1,717 2.423

" " headline 4,115 2877 643 2.770 1,981 2.795 | unordered hst 497 0347 &4 (0.362 271 (0.382

deﬁned 11 DOCBank’ PubLayNet’ and DOCLayNet’ Wthh all index 214 (0. 150 36 0.155 1 (0 (0.141 | weather forecast 10 0.007 3 0.013 3 (0.004

inside 16 (0.011 I (.004 3 (0.007 | Total 143,040 1040 23210 1M 70866 L)

1ignore defining specific labels for different document types.
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Figure 2. The pipeline of TransDL ANet contains four main components: 1) a CNN-based backbone; 2) a transformer encoder; 3) a dynamic
decoder that decodes the instance-level features; and 4) three shared multi-layer perceptron(MLP) branches that obtain the classification

confidence, bounding boxes, and segmentation mask of the document instance region.

(1) Backbone: extracts features.

(2) Transformer encoder: used as a position-encoding free feature fusion method for learning the relationship between query vectors.
Meanwhile, with an adaptive element matching mechanism, the query embedding 1s better matched with real annotations.

(3) Dynamic interactive: decoding module fuses and interacts the query vectors with the bounding box 1mage region features.

(4) Shared parameter MLP: performs both detection and segmentation to achieve more accurate document instance segmentation.
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Datasets: M°Doc, DocBank [1], PubLayNet [7?], and DocLayNet [3].

Significance of M°Doc Cross-validation experiments

St — - . Testing on .. Testing on
= B {raming on labels M®Doc DocBank {raining on tabels M®%Doc DocLayNet
= e — figure  69.77 42.67 Caption 61.9 12.7
= MO Dor table 12.57 43.29 Footnote 70.2 5.8
- = title 58.16 36.47 Formula 47.7 9.0
B— = = mAP  66.83 40.81 Page-footer 71.0 8.0
S A : figure  20.70 58.47 M® Doc Page-header 71.1 3.2
= table 18.01 62.98 Picture 75 4 30.0
DocBank , | * *
title 7.26 83.70 Section-header ~ 73.2 5.0
- _» (b) First row, we se Faster R-CNN pre-rained on the mAP  15.32 68.38 Table 78.0 34.2
graa— DocBank dataset to predict our subset of saentific
- e A Text 80.0 26.2
-' e sbodt nﬁi;ﬁﬂfﬁEﬂ::ﬂﬁfgmﬁﬁﬂﬂﬂM Trainine on labels Testing on Title 71.1 0.4
T meTE scientifc aricles. ing M®%Doc  PubLayNet MAP 69.96 13.45
: —— - Text 72.56 60.21 Caption 13.2 63.2
}ui\ :m ﬁu T'%tle 63.50 53.26 Footnote 7.0 74.7
— e MDoc gﬁzg gg-ég Formula 2.5 61.6
: 3 __EE F%l © ?4'23 62.45 Page-footer 8.2 4.8
W il | 1STE | | DocLayNet Page-header 0.8 08.2
= mAP 64.81 62.94 .
== - Picture 40.1 68.5
=1 = b 2040 0420 Section-header 1.6 69.8
B0 B o F.! = " Title 12.92 89.20 ‘ ‘
e | N [ st 741 05 1% Table 39.2 82.4
o ﬁ 2 | Sine N Table 1298 97.21 Text 45.8 83.8
Figure  8.39 96.62 Title 3.6 sl.7
DocBank PubLayNet DoclayNet  Mask R-CNN Ours GT (c) Firstrow, we uscTransDLANe! pre-¥ained on the mAP 12 .43 04 49 mAP 16.20 71.37

DoclLayMet dataset to predict our dataset.

Second row, we use TransDLANet pre-trained on our
dataset to predid the DocLayNet dataset.

(a) The first three columns on the left show the results obtained by our proposed TransDLANet on our dataset, trained
separately on Docbank, PubLayMet, and DocLayMNet. The fourth and fifth columns present the results obtained using
Mask R-CNN and our TransDLANet, bath trained on our dataset.

[1] Minghao Li, Yiheng Xu, Lei Cui, Shaohan Huang, Furu Wei, Zhoujun Li, and Ming Zhou. DocBank: A Benchmark Dataset for Document Layout Analysis. In ICCL, pages 949— 960, 2020.
[2] Xu Zhong, Jianbin Tang, and Antonio Jimeno Yepes. Publaynet: Largest dataset ever for document layout analysis. In ICDAR, pages 1015-1022, 2019.
[3] Birgit Pfitzmann, Christoph Auer, Michele Dolfi, Ahmed S Nassar, and Peter W J Staar. DoclLayNet: A Large Human Annotated Dataset for Document-Layout Analysis. In ACM SIGKDD,

page 3/43—-3/51, 2022.



Ablation study for TransDLANet

Table 8. Ablation study for mask embedding dimension.

Object Instance
Ablation study Detection Segmentation
mAP  APS0  AP75 Recall mAP AP5S0  AP7S
embedding dimension=20 632 810 720 740 627 809 713
embedding dimension=40 64.5 82,7 727 749 638 826 719
embedding dimension =60 634  81.1 74.6 12.3 628  81.0 713
Table 9. Ablation study for different components.
Object Instance
Ablation study Detection Segmentation
mAP AP50 AP75 Recall mAP AP50 AP75
Ours, w/o Transformer encoder 47.8 62.6 54.4 65.4 47.3 62.6 53.9
Ours, w/o Dynamic decoder 528 705 48.0 739 5323 704 476
Ours, w/o Shared MLP 642 823 721 741 636 822 712
Ours 645 827 727 749 638 826 719

Impact of Document Size

s H O S0 95
|

I. 1 ] ]
I-.: ITAININAE *

Figure 1. Mask R-CNN network with ResMNet50 backbone trained

on increasing fractions of the M Doc dataset.

Comparisons with object detection and

Impact of Class Labels

Category note_.vl  note_v2
answer 8.1 5.8
bracket 0.0 -
caption 0.0 0.1
catalogue 19.2 14.3
chapter title 18.0 18.3
fifth-level title 24 paragraph
figure 0.4 0.7
first-level question number 0.0 -
first-level title 13.6 paragraph
footer 62.5 58.5
formula 1.5 2.6
fourth-level title 19.5 paragraph
option 0.0 0
ordered list 3.2 2.2
page number 535.3 55.3
paragraph 28.1 41.3
part 0.0 0
second-level question number 0.0 -
second-level title 0.0 paragraph
section 124 17
section title 9.3 7

sub section title 5.1 5.9
supplementary note 0.0 0
table 22.7 17.4
third-level title 25.8 paragraph
underscore 0.0 -
unordered list 28.5 25.9
mAP 12.4 15.1

instance segmentation methods

Table 3. Performance comparisons on M° Doc.

Experimental results and analysis
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TransDILANet results on different datasets

Table 5. Performance comparisons on PubLayNet dataset.

Method Backbone | Text Title List Table Figure | mAP
Faster R-CNN [37] X101 91.0 826 883 954 93.7 90.2
Mask R-CNN [9] X101 91.6 84.0 88.6 96.0 94.9 91.0
VSR [43] X101 96.7 931 947 974 96.4 | 95.7
Ours R101 943 89.21 952 972 96.6 | 94.5

Table 4. Performance comparisons on DocLayNet dataset.
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Object Instance

Method Backbone Detection Segmentation

mAP AP50 AP75 Recall | mAP AP50 AP75
RetinaNet [19] ResNet-101 | 21.4 33.1 23.3 374 21.0 33.0 22.6
YOLOV3 [31] DarkNet-53 | 59.8  75.6 68.1 72.4 - - -
GFL [ 18] ResNet-101 | 34.7  50.8 38.7 48.7 33.8  50.6 37.0
FCOS [35] ResNet-101 | 40.6  59.3 45.9 59.5 39.3 58.9 43.1
FoveaBox [14] ResNet-101 | 45.1  66.1 51.7 594 4377  65.8 49.2
Faster R-CNN [32] ResNet-101 | 49.0 67.8 57.2 57.2 47.8 67.8 55.2
Cascade R-CNN [2] ResNet-101 | 54.1 704 62.3 61.4 527 70.2 60.1
Mask R-CNN [9] ResNet-101 | 40.1 584 46.2 50.8 397 584 45.6
Cascade Mask R-CNN [3] | ResNet-101 | 544  70.5 62.9 62.1 529 704 60.6
HTC [5] ResNet-101 | 58.2 743 67.2 68.1 571 744 65.7
SCNet [36] ResNet-101 | 56.1  73.5 65.1 67.3 553 733 63.6
SOLO [37] ResNet-101 | 38.7  56.0 42.7 54.9 38.7 56.3 43.0
SOLOV2 [38] ResNet-101 | 46.8  67.5 51.4 61.5 48.3  67.5 534
Deformable DETR [45] ResNet-101 | 57.2  76.8 63.4 75.2 55.6 76.5 61.1
Querylnst [£] ResNet-101 | 51.0 67.1 58.1 71.0 50.6 674 57.5
ISTR [11] ResNet-101 | 62.7  80.8 70.8 73.2 62.0  80.7 70.2
Ours ResNet-101 | 64.5  82.7 72.7 74.9 63.8 82.6 71.9

Method Backbone | Caption Footnote Formula List-item Page-footer Page-header Picture Section-header Table Text Title | mAP
Faster R-CNN [327] R101 70.1 73.7 63.5 81.0 58.9 72.0 72.0 68.4 822 854 799 | 734
Mask R-CNN [9] R50 68.4 70.9 60.1 81.2 61.6 71.9 71.7 67.6 822 84.6 T76.7 | 724
Mask R-CNN [9] R101 71.5 71.8 63.4 80.8 59.3 70.0 72.7 69.3 829 858 804 | 73.5
YOLOVS [172] v3x6 717.7 77.2 66.2 86.2 61.1 67.9 771 74.6 86.3 88.1 82.7 | 76.8
Ours R101 68.2 74.7 61.6 81.0 54.8 68.2 68.5 69.8 824 83.8 81.7 | 723
Table 10. Performance comparisons on nine subsets of M° Doc.
scientific article magazine_ch magazine_en
Method Backbone Obje(.:t Instance. Objec':t Instance. Objec.:t Instance.
Detection Segmentation Detection Segmentation Detection Segmentation
mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75
FCOS ResNet-101 | 263  45.1 272 | 259 449 265 | 40.1 573 458 | 397 573 451 | 384 605 425 | 378 605 418
FoveaBox ResNet-101 | 29.8 527 30.7 | 294 524 308 | 434 597 504 | 431 597 500 | 415 667 440 | 41.1 669 428
Faster R-CNN ResNet-101 | 41.5 620 468 | 409 617 454 | 490 635 583 | 484 635 57.1 | 479 667 559 | 47.1 667 545
Cascade R-CNN ResNet-101 | 39.8 555 457 | 394 558 448 | 51.3 635 600 | 507 634 595 | 463 613 540 | 459 612 533
Mask R-CNN ResNet-101 | 349 535 376 | 350 533 383 | 47.1 61.1 554 | 464 610 552 | 439 608 502 | 432 60.7 503
Cascade Mask R-CNN | ResNet-101 | 41.8 573 474 | 414 571 466 | 464 586 540 | 460 586 539 | 594 747 690 | 585 749 683
HTC ResNet-101 | 49.2 660 552 | 488 659 543 | 519 647 603 | 507 o648 594 | 604 773 7177 | 59.6 773 709
SCNet ResNet-101 | 36.0 514 409 | 355 513 394 | 490 622 572 | 483 622 569 | 49.1 663 573 | 482 662 562
SOLO ResNet-101 | 32.1  51.1 339 | 328 535 339 | 356 530 399 | 371 546 421 | 344 599 328 | 36.1 59.6 345
SOLOV2 ResNet-101 | 335 540 359 | 330 545 360 | 338 51.8 365 | 358 537 395 | 453 71.1 494 | 479 727 540
Deformable DETR ResNet-101 | 32.3 437 358 | 320 437 353 | 40.2 551 458 | 399 550 450 | 51.1 720 58.6 | 50.8 719 57.7
Querylnst ResNet-101 | 32.0 46.2 363 | 31.6 458 355 | 374 497 432 | 376 504 435 | 448 60.6 538 | 445 61.1 532
ISTR ResNet-101 | 61.8 803 69.7 | 61.1 80.2 70.2 | 50.5 634 584 | 505 635 584 | 663 830 756 | 657 830 75.0
Ours ResNet-101 | 59.7 787 68.2 | 59.1 785 67.0 | 50.2 63.0 57.7 | 498 629 573 | 682 850 772 | 68.2 850 77.2
note newspaper_ch newspaper_en
Method Backbone Obje.ct Instance. Obje;t Instance. Obje?t Instance.
Detection Segmentation Detection Segmentation Detection Segmentation
mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75
GFL ResNet-101 | 11.1  19.1 11.7 | 11.0  19.1 12.1 | 221 359 247 | 21.8 359 239 | 205 30.1 228 | 203 300 227
FCOS ResNet-101 | 19.1  36.7 187 | 189  36.5 17.8 | 227 417 21.1 | 225 416 21.7 | 178 326 174 | 175 324 1638
FoveaBox ResNet-101 | 19.8 362 215 | 195 363 203 | 215 376 223 | 213 375 221 | 355 564 396 | 349 563 377
Faster R-CNN ResNet-101 | 293  46.1 339 | 289 46.1 329 | 322 506 339 | 323 508 339 | 343 50.7 394 | 340 507 393
Cascade R-CNN ResNet-101 | 225 349 273 | 223 349 273 | 277 426 298 | 277 427 300 | 263 365 296 | 260 363 293
Mask R-CNN ResNet-101 | 15.1 276 153 | 152 278 146 | 212 369 212 | 205 362 199 | 199 311 219 | 197 31.0 218
Cascade Mask R-CNN | ResNet-101 | 243 367 289 | 240 367 28.0 | 432 60.8 47.1 | 429 60.7 471 | 234 328 269 | 23.1 327 266
HTC ResNet-101 | 36.7 534 434 | 367 537 423 | 363 533 388 5.6 531 379 | 437 573 484 | 434 5711 481
SCNet ResNet-101 | 279 419 338 | 279 416 330 | 200 330 207 | 199 328 207 | 193 272 223 | 192 272 219
SOLO ResNet-101 | 22.2 38.0 228 | 221 393 238 | 305 480 33.1 | 309 485 342 | 145 327 11.6 | 149 318 14.1
SOLOV2 ResNet-101 | 269 44.1 285 | 290 447 327 | 245 402 26.1 | 262 425 28.0 | 30.7 50.1 31.5 | 32.7 51.8 349
Deformable DETR ResNet-101 | 242 335 285 | 239 335 283 | 297 438 324 | 296 437 323 | 342 497 381 | 341 493 384
Querylnst ResNet-101 | 233 355 27.1 | 233 355 265 | 289 436 315 | 293 447 318 | 365 482 414 | 384 512 434
ISTR ResNet-101 | 48.6 639 573 | 485 639 56.7 | 527 683 589 | 523 684 580 | 61.0 739 688 | 60.7 739 68.1
Ours ResNet-101 | 44.1  60.5 50.7 | 436 603 499 | 594 781 659 | 590 781 653 | 640 784 733 | 63.6 782 72.6
test paper textbook book
Method Backbone Obje_ct Instance- Objec.:t Instance. Obje.ct Instance.
Detection Segmentation Detection Segmentation Detection Segmentation
mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75 | mAP AP50 AP75
GFL ResNet-101 | 444 654 521 | 434 651 496 | 387 57.1 449 | 371 570 425 8.0 15.8 6.8 6.8 15.5 4.7
FCOS ResNet-101 | 37.9 59.7 430 | 366 596 394 | 332 527 380 | 316 525 348 | 103 235 6.7 7.9 20.7 4.2
FoveaBox ResNet-101 | 42.8 668 489 | 414 668 463 | 345 542 397 | 332 541 373 | 21.6 376 223 | 213 375 221
Faster R-CNN ResNet-101 | 52.0 74.1 60.6 | 51.1 742 598 | 43.6 627 527 | 424 626 502 | 145 272 135 | 120 263 9.2
Cascade R-CNN ResNet-101 | 543 734  63.0 | 538 735 627 | 47.1 647 554 | 458 646 542 9.2 16.3 8.9 7.7 16.2 6.0
Mask R-CNN ResNet-101 | 49.1 702 569 | 481 700 557 | 403 58.1 483 | 398 58.0 475 7.1 14.9 5.7 7.6 15.0 59
Cascade Mask R-CNN | ResNet-101 | 52.6  71.7 61.1 | 523 71.8 604 | 457 628 541 | 444 6277 523 | 10.8 188 11.5 8.8 18.4 7.1
HTC ResNet-101 | 57.9 777 669 | 572 776 659 | 51.2 696 603 | 505 69.6 59.1 | 196 296 241 | 188 295 224
SCNet ResNet-101 | 54.8 755 642 | 539 753 626 | 446 627 518 | 43.6 625 503 6.6 12.2 6.3 6.7 12.2 6.3
SOLO ResNet-101 | 36.2 59.1 38,5 | 362 61.1 379 | 31.8 497 351 | 31.1 503 348 5.8 13.9 4.0 3.2 10.0 1.1
SOLOV2 ResNet-101 | 33.0 557 333 | 345 574 365 | 3377 546 36.6 | 350 553 382 | 173 298 172 | 15,6 292 164
Deformable DETR ResNet-101 | 53.7 752 60.8 | 535 753 602 | 46,6 646 538 | 450 644 515 | 140 21.7 155 | 10.1  20.0 9.0
Querylnst ResNet-101 | 44.0 609 504 | 434 612 499 | 357 500 413 | 355 50.1 41.1 | 107 17.1 11.8 | 105 172 11.6
ISTR ResNet-101 | 604 809 68.5 | 60.1 809 679 | 50.1 682 58.7 | 495 68.1 573 | 29.0 399 354 | 284 398 344
Ours ResNet-101 | 60.7 819 68.0 | 60.3 822 669 | 51.7 701 603 | 51.2 701 595 | 283 41.0 330 | 279 40.7 33.0
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We presents a modern dataset and method for document layout analysis.

1.We have constructed and publicized the M°®Doc dataset, which is a modern document dataset that

supports multiple formats, types, layouts, languages, and annotation categories.

2.M°®Doc is the first layout analysis dataset that contains both real-world (photographed and scanned)
and born-digital document 1mages. Additionally, 1t 1s the first dataset that includes Chinese
documents.

3.M°Doc contains the most fine-grained logical layout analysis categories. It can serve as a
benchmark for several related tasks, such as logical layout analysis, formula recognition, and table

analysis.

4 We propose the TransDLANet, a Transformer-based method for DLA.
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