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Problem#1 Image

Digital PDF Scanned PDF

the same as in object detection tasks. It’s the intersection of the predicted and r f
ground truth boxes aka. TP divided by the union of the predicted and ground — — . , mfj
truth boxes, which is essentially TP + F'N + FP. A example is shown down

below.
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FIGURE 2.32: taken from https://learnopencv.com

2.3.3.3 Multi-Modal Benchmarks

Visual understanding goes well beyond object recognition or semantic segmen- ¥ s

tation. With one glance at an image, a human can effortlessly imagine the o. Hof2 - doana wiun. Tyl lavimin

world beyond the pixels. This is emphasized by the quote “a picture says more i mali p ot p s
ansiiannsndednld Tiuani eoo asan/aas - Wi o U -



Problem#1 Image

Is this a one big image
or 30 images?
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Problem#2 Table

Every cells have borders
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Problem#2 Table
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Problem#2 Table

Case: Bangkok budget
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Problem#3 Text
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Problem#3 Text

It’s not a text, it’s a shape of text!
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Problem#3 Text

You have more than what you see!
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Problem#3 Text

Corrupted text when extracting Thai text

85
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Problem#3 Text

Scanned text
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Problem#3 Text

Scanned text
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Possible solutions



LayoutParser

https://github.com/Layout-Parser/layout-parser

Region Types

Text
Title
Figure

Table

(b) Main Page Annotation Example 2
)
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(¢) Index Page Annotation Example
=

7: Annotation Examples in HJDataset. (a) and (b) show two examples for the labeling of ma in pages. The boxe
are colored differently to reflect the layout element categories. Illustrated in (c), the items in each index page row

categorized as title blocks, and the annotations are denser.

over union (I0U) level [0.50:0.95)°, on the test data. In
neral, the high mAP values indicate accurate detection of
¢ layout clements. The Faster R-CNN and Mask R-CNN
ieve comparable results, better than RetinaNet. Notice-
bly, the detections for small blocks like title are less pre-
ise, and the accuracy drops sharply for the title category. In
igure 8, (a) and (b) illustrate the accurate prediction results

f the Faster R-CNN model.

or owner

(5We also examine how our datasct can help with a real
vorld document digitization application. When digitizing
iew publications, researchers usually do not generate large
ale ground truth data to train their layout analysis models
f they are able to adapt our dataset, or models trained o
pur dataset, to develop models on their data, they can builc
heir pipelines more efficiently and develop more accurate
nodels. To this end, we conduct two experiments. First we
xamine how layout analysis models trained on the mai
pages can be used for understanding index pages. More
pver, we study how the pre-trained models perform on othe
nistorical Japanese documents,

y=able 4 compares the performance of five Faster R-CNN
odels that are trained differently on index pages. If the
model loads pre-trained weights from HJDataset, it includes
{nformation learned from ma in pages. Models trained ove:

s 18 a core metnc developed for the COCO competition ||
wating the object detection ity.

17

{#¥%he training data can be viewed as the benchmarks, whilg
ining with few samples (five in this case) are consid}
to mimic real-world scenarios. Given different traing
ng data, models pre-trained on HJDataset perform signifi}
antly better than those initialized with COCO weights. Int
itively, models trained on more data perform better

ose with fewer samples. We also directly use the

ined on main to predict index pages without fine
ning. The low zero-shot prediction accuracy indicates
issimilarity between index and main pages. The larg
ncrease in mAP from 0.344 to 0.471 after the model i

3: Detection mAP @ 10U [0.50:0.95] of differe

Eodels for each category on the test set. All values are giv
S

percentages.

T00%cory | Faster RCNN Mask R-CNN® RetinaNet
Page Frame |  99.046 99.097 99,038
Row 98.831 98 482 95.067
Title Region | 87.571 89.483 69.593
Text Region |  94.463 86.798 89,531
Title 65.908 71.517 72.566
Subtitle 84,003 84.174 85.865
Other 44.023 39.849 14.371
mAP 81.991 81343 75223

, the segmentation masks are the quadn

regions for each block. Compared to the rectangular boundi

training 2
ral
es, they delineate

the text region more accurately.




UniTable

https://github.com/poloclub/unitable

[obox] : position of the cell

Ihtml] : ["<thead>", "<tr>", "<td>[", "|</td>", "<td>[", “|</td>7, ...

[cell] : text in cell

Medical Plans
Health Alliance Plan H 800-422-4641 web: hap.org
Group #: 10000664 (Mon-Fri 8am-7pm)\ app: HAP OnTheGo|
riority Health HM 800-446-5677] web: priorityhealth.com
Group #: 796653 app: Priority Health Member Portal

lue Care Network HM 800-662-6667 web: bcbsm.com
Group #: 00111308 (Mon-Fri 8am-5:30pm) app: BCBSM
ommunity Blue 877-354-2583 web: bcbsm.com
Group #: 007002779 (Mon-Fri 8am-5:30pm) app: BCBSM
Blue Cross Blue Shield of Michigan 877-354-2583 web: bcbsm.com
Group #: 007002779 (Mon-Fri 8am-5:30pm) app: BCBSM

Virtual Doctor Visits (visit a board-certified doctor via smartphone or computer 24/7)

web: hap.amwell.com

; -733- lemail: support@amwell.com
FAF - American Well ‘(every day, 24 hours)| 18 lapp: Amwell: Doctor Visits 24/7

| Carvice Kev: HAPMi




UniTable

https://github.com/poloclub/unitable

Table structure decoder

<thead>
<tr>
<td rowspan="2" >[ @)l</td>
<td colspan="2" >[e]</td>
<[tr>

<tr>
Blood Pressure <td>[e]< /td>
Symptom Blood Pressure
Systolic | Diastolic Self-Supervised Symptom :
Pretrained |— SVStO'é
Fever 120 |80 Visual Encoder x1 y1 x2 y2 | x1 yT x2' y2'| x1” y1” x2" y2”
Headache | 132 90 0 e e

Cell content decoder
o S ##y ##mM #4#p #4#1 ##0 ##M

9 B ##l ##0 ##0 ##d P ##r ##€ ##S ##S ##U #4#r ##e

'y ™\
0|0|0®

i Table

€ S sy #us wst #wo sul wi sac

Figure 1: UniTable, a training framework that unifies both training paradigm and training objective of TR. In
UniTable, the visual encoder is self-supervised pretrained and then finetuned along with the task decoder on
supervised datasets. UniTable unifies the training objectives of all three TR tasks — extracting table structure,

, and cell content — into a unified task-agnostic training objective: language modeling. With UniTable,
the user inputs a tabular image and obtains the corresponding digitalized table in HTML.
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DONUT: Document Understanding Transformer
https://github.com/clovaai/donut

Input Image and Prompt Donut & Output Sequence Converted JSON
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3002-Kyoto Chozo Hochs ;o IR { "class":"receipt" } ]
1001-Choco Bun 3 o transformer .
fr_*m—_agrigggg e & L encoder <CIaSS>recelpt</ class>
P o </classification> _ _ _ _
""""""""""""""""""""""""""""" > { "question": "what is the price of choco mochi?", J

/ "answer": "14,000" }
<classification> 14,000</answer></vqa>

( )
<vga><question>what is the price transformer <item><name>3002-Kyoto Choco { "items": [{"name": "3002-Kyoto Choco Mochi",
of choco mochi?</question><answer> decoder Machi</names » </parsing> "count": 2,
"unitprice": 14000, ...}], ... } )
[ <parsing>

Donut &, Document understanding transformer, is a new method of document understanding that utilizes an OCR-free end-to-end Transformer model. Donut

does not require off-the-shelf OCR engines/APls, yet it shows state-of-the-art performances on various visual document understanding tasks, such as visual
document classification or information extraction (a.k.a. document parsing).
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PaliGemma
https://huggingface.co/blog/paligemma

 Image Captioning

5
g. Gemma: - : _ _
2 2B Language Model 5+ Visual Question Answering
Contrastive = =
Vision Encod S. < : : .« " -
PR3 =« Object detection using “detect” prefix
s .
: T f =
SigLIP: 400M Vision Model B ranstormer : <loc0023> <loc0011> <loc0013> <loc0120>
a B > * Object segmentation “segment”
“Where is the % 5 ] é
photographer 32 s 5 ¢ Document Understanding
resting? 3% -
S B ®
5

PaliGemma-3B is Vision-Language model that was inspired by the PaLl-3 recipe. It is built on SigLIP visual
encoder (specifically, SigLIP-So400m/14) and the Gemma 2B language model.
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PDF trauma is real.



