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Documents & challenges

- Working with documents is complicated

- LLMs do not understand documents natively

Bridging the gap typically implies significant sacrifices
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Meet Docling

%
Open-source (MIT license) Advanced, cost-efficient
Linux Foundation project document intelligence

£
R

Unified, rich, LLM-friendly
representation

Multi-format
support

Privacy & security Plug-and-play integration
via local execution for building apps & agents



Meet Docling

Starred 60k v Downloads last month: 6,828,926

GITHUB TRENDING -

AF 5 Clem Delangue & [iil - 3rd+ + Follow
#1 Re osito Of The Da Co-founder & CEO at Hugging Face
_ P ry y , o
IBM is doing the grand slam of trending (model, dataset & space) on Hugging
Face for projects they either led (Docling) or contributed to (finepdfs).
... more

@ G @& X box M F Q ® 8 WedSep2a 07:52

90 Private browsing|

\

n & © 0O @ ) =

Trendingon ~ thisweek

# Models B Spaces « Datasets

23’ Global Rank #309

J

ibm-granite/granite-docling-258N HuggingFaceFn/finepdfs

openbmb/VoxCPM-0.58 fka/anesome-chat gpt-prompts
Alibaba-NLP/Tongyi-DeepResearch-308-A38 I Rob: s/0mni 1d
Wan-AI/Wan2.2-Animate-148 | EECEPRETERESITURIOCE SRRl LucasFan g/FLUX-Reason-6M
Qwen/Qwen3-0mni-308-A3B-Instruct IndexTTS 2 Demo M HuggingFaceM4/FineVision

Generate expressive speech from text with emotian control

& DATA €O 981 34 comments - 120 reposts




Quick tour




Getting started

As CLI As Python SDK

XX ®©00 As API service
pip install docling

from docling.document_converter import DocumentConverter AS MCP tOOl

docling https://arxiv.org/pdf/2408.09869.pdf source = "https://arxiv.org/pdf/2408.09869" .
converter = DocumentConverter() As framework plugln

doc = converter.convert(source).document

print(doc.export_to_markdown())

docling --to json --to md ./inputs/
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Scale, cost, perrormance

CommonCrawl PDFs
2013-2025

l < 1MB

——>=1MB .

[%( Truncated J ((B Non Truncated

[@ Refetch from Internet J ( Remove corrupted PDFs

—

[ Remove corrupted PDFs J

Yes J No

2> Removing:
> boilerplate
> pages with repetition > page numbers
> boilerplate > corrupted tables

2 Removing:
> failed/corrupted pages

L > image annotations
[‘IA Language ldentification with GlotLID
@EL Exact deduplication J

p
é}’. Model based filtering (English only)
(.

I

s R
(™ Near-duplicate removal (Minhash)

ooooo

[Fine ILDDFs]

Leandro von Werra @ - 1st
‘ Head of Research at Hugging Face

15h « ®

The FinePDFs pipe dily shows the massive scale needed for LLM data
processing (spoiler: it's ~$1M):

Raw data: 1.35B PDFs (1.2 PB) - $50k/mo storage

Extraction:
> rolmOCR: 368M docs = 250k GPUh, $750k
> docling: 918M docs = 2.4M vCPUh, $35k

Total liberation cost (incl. ablations): ~$1M

Dataset: https://Inkd.infe-muAYtJ

FinePDFs

Liberating 3T of the finest tokens from PDFs

(e —— )
Fine PDFs re——
&€ You and 79 others

4 comments * 5 reposts

= 475,019,140 PDFs parsed end-to-end

@ 1,733 languages represented

) ~3 trillion tokens (~2,918B) extracted

[ 3.65 TB of high-quality, deduplicated text
%/ Data spanning 2013-2025 across 105
CommonCrawl snapshots

-2 918/368*750/35 =50

—->Docling 50 times more
cost-effective than a VLM




AANVIDIA IEES X

“Working with IBM and NVIDIA, early results show we can refresh global operations
data in minutes at reduced cost—making a capability that can be turned into
tangible business impact in areas such as manufacturing or warehousing.”

— Chris Wright, Chief Information and Digital Officer of Nestlé

r ‘ Order-to-Cash Data Mart
IBM watsonx.data Updates 3 min vs 15 min
Data Engines:
»* Velox Spark 1,000
NVIDIA cuDF
750
Open Formats: l
500 83%.Cost
Savings
_ 250 l
LR\
NVIDIA A100 Y -
IBM Storage Scale = 0
J CPU GPU




Recovering structured content from PDF
With low-level P

- parsers

' undesired
e Page headers

KDD 22, August 14-18, 2022, Washington, DC, USA Birgit Pfitzmann, Christoph Auer
Nassar, and Peter Staar

KDD °22, August 14-18, 2022, Washington, DC, USA Birgit Pfitzmann, Christoph Auer, Michele Dolfi, Ahmed S. Nassar, and Peter Staar
Table 1: DoclLayNet dataset overview. Along with the frequency of each class label, w:
occurrence (as %

of row “Total”) in the train, test and validation sets. The inter-annotator agreement is

Table 1: DocLayNet dataset overview. Along with the frequency of each class label, we present the relative occurrence (as %
of row “Total”) in the train, test and validation sets. The inter-annotator agreement is computed as the mAP@0.5-0.95 metric
between pairwise annotations from the triple-annotated pages, from which we obtain accuracy ranges.

Field labls

Idantify document elements using
the labals bolow.

& None

Clusters

Toxt

Ficture

® Formula

Code

Complex-form

m Soction- header

= Page-footer

 Page-hader

® Foatnote

Table
Caption
u List-item

= Title

m Filter Submit Report problem |

Figure 3: Corpus Conversion Service annotation user inter-
face. The PDF page is shown in the background, with over-
laid text-cells (in darker shades). The annotation boxes can
be drawn by dragging a rectangle over each segment with
the respective label from the palette on the right.

we distributed the annotation workload and performed continuous
quality controls. Phase one and two required a small team of experts
only. For phases three and four, a group of 40 dedicated annotators
were assembled and supervised.

Phase 1: Data selection and preparation. Our inclusion cri-
teria for documents were described in Section 3. A large effort went
into ensuring that all documents are free to use. The data sources

include publication repositories such as arXiv3, government offices,
company websites as well as data directory services for financial
reports and patents. Scanned documents were excluded wherever
possible because they can be rotated or skewed. This would not
allow us to perform annotation with rectangular bounding-boxes
and therefore complicate the annotation process.

Preparation work included uploading and parsing the sourced
PDF documents in the Corpus Conversion Service (CCS) [22], a
cloud-native platform which provides a visual annotation interface
and allows for dataset inspection and analysis. The annotation in-
terface of CCS is shown in Figure 3. The desired balance of pages
between the different document categories was achieved by se-
lective subsampling of pages with certain desired properties. For
example, we made sure to include the title page of each document
and bias the remaining page selection to those with figures or
tables. The latter was achieved by leveraging pre-trained object
detection models from PubLayNet, which helped us estimate how
many figures and tables a given page contains.

Phase 2: Label selection and guideline. We reviewed the col-
lected documents and identified the most common structural fea-
tures they exhibit. This was achieved by identifying recurrent layout
elements and lead us to the definition of 11 distinct class labels.
These 11 class labels are Caption, Footnote, Formula, List-item, Page-
footer, Page-header, Picture, Section-header, Table, Text, and Title.
Critical factors that were considered for the choice of these class
labels were (1) the overall occurrence of the label, (2) the specificity
of the label, (3) recognisability on a single page (i.e. no need for
context from previous or next page) and (4) overall coverage of the
page. Specificity ensures that the choice of label is not ambiguous,
while coverage ensures that all meaningful items on a page can
be annotated. We refrained from class labels that are very specific
to a document category, such as Abstract in the Scientific Articles
category. We also avoided class labels that are tightly linked to the
semantics of the text. Labels such as Author and Affiliation, as seen
in DocBank, are often only distinguishable by discriminating on

3https://arxiv.org/

22524
o ' Tables not

P e understood

70878
58022
45976

34733 ' Image content

071 @ Mmissing

1107470

[...]

include publication repositories such as arXiv3, government o'ces,

company websites as well as data directory services for #nancial |_| ne w rap S NOt
reports and patents. Scanned documents were excluded wherever

possible because they can be rotated or skewed. This would not ® Un d - rStOOd
allow us to perform annotation with rectangular bounding-boxes
and therefore complicate the annotation process.

8 ' Multi-column often
@ Dhreaks order

% of Total triple inter-annotator mAP @ 0.5-0.95 (%) O 9 5 met rnc
class label Count | Train Test Val All Fin Man Sci Law Pat Ten . . H H . H-
Caption et oor 1o 33 513 Tl Boor is Sros or on between pairwise annotations from the triple-annotated pages, from which we obtai
Footnote 6318 0.60 0.31 0.58 | 83-91 n/a 100 62-88 85-94 n/a 82-97
oo | | ase S vet | e e e Ve r a St and chea
List-item 185660 | 17.19 1334 1582 | 87-88 74-83 90-92  97-97 81-85 75-88 93-95 % Of Tota[
Page-footer 70878 6.51 5.58 6.00 | 93-94 88-90 95-96 100 92-97 100 96-98
Page-header 58022 5.10 6.70 5.06 | 85-89 66-76 90-94 98-100 91-92 97-99 81-86
Picture 45976 4.21 2.78 531 | 69-71 56-59 82-86 69-82 80-95 66-71 59-76 1 1 o)
Section-header 142884 12.60 15.77 12.85 | 83-84 76-81 90-92 94-95 87-94 69-73 78-86 trlpl'e Inter_annOtator mAP @ 05_095 (/O)
Table 34733 3.20 2.27 3.60 | 77-81 75-80 83-86 98-99 58-80 79-84 70-85 I n CO I I I ete
Text 510377 45.82 49.28 45.00 | 84-86 81-86 88-93 89-93 87-92 71-79 87-95
Title 5071 0.47 0.30 0.50 | 60-72 24-63 50-63 94-100 82-96 68-79 24-56 [ . ]
Total 1107470 | 941123 99816 66531 | 82-83 71-74 79-81 89-94 86-91 71-76 68-85 C Uﬂ'[
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What about 37-party models?

Large models are often challenged too

Optimized Table Tokenization for Table Structure Recognition 9

order to compute the TED score. Inference timing results for all experiments

were obtained from the same machine on a single core with AMD EPYC 7763
CPU 02.45 GHz

5.1 Hyper Parameter Optimization

We have chosen the PubTabNet data set to perform HPO, since it includes a
highly diverse set of tables. Also we report TED scores separately for simple and
complex tables (tables with cell spans). Results are presented in Table [D It is
evident that with OTSL, our model achieves the same TED score and slightly
better mAP scores in comparison to HTML. However OTSL yields a 2r speed
up in the inference runtime over HTML.

Table 1. HPO performed in OTSL and HTML representation on the same
transformer-based TableFormer 8] architecture, trained only on PubTabNet 221, Ef
focts of reducing the & of lavers in encoder and decoder stages of the model show that
smaller models trained on OTSL perform better, especially in recognizing complex
table structures, and maintain a much higher mAP score than the HTML counterpart

— TEDs un.}!‘ Inference
enc-lavers | dec-layers simple | complex all (0.73) | time (secs)
a 6 OTSL 0.965 0.934 0.955 | 0.88 2.73

HTML 0.969 0927 0.955 | 0.857 5.39

g . OTSL 0938 0.9 0.927 | 0.853 1.97

HTML 0.952 0900 |0.938 | 0.843 3.77

2 ' OTSL 0.923 0.897 0.915 | 0.859 1.91

HTML 0.945 0.901 0.931 | 0.534 3.81

‘ 2 OTSL 0.952 0.92 0.942 | 0.857 1.22
= HTML | 0944 | 0903 | 0931 | 0824 | 2

5.2 Quantitative Results

We picked the model parameter configuration that produced the best prediction
quality (enc=6, dec=6, heads—=8) with PubTabNet alone, then independently
trained and evaluated it on three publicly available data sets: PubTabNet (395k
samples), FinTabNet (113k samples) and PubTables- 1M (about 1M samples)
Performance results are presented in Table, [ It is clearly evident that the model
trained on OTSL outperforms HTML across the board, keeping high TEDs and
mAP scores even on difficult financial tables (FinTabNet) that contain sparse
and large tables

Additionally, the results show that OTSL has an advantage over HTML
when applied on a bigger data set like PubTables- 1M and achieves significantly
improved scores. Finally, OTSL achieves faster inference due to fewer decoding
steps which is a result of the reduced sequence representation

Owen?2.5-3B (25 sec)

5.1 Hyper Parameter Parameter Optimization

We have chosen the PubTabNet data set to perform HPO, since it includes a highly diverse set of tables. Also, we report TED scores
separately for simple and complex tables (tables with cell spans). Results are presented in Table 1. It is evident that with OTSL, our model
achieves the same TED score and slightly better mAP scores in comparison to HTML. However, OTSL yields a 2x speed up in the inference
runtime over HTML.

Table 1. HPO performed in OTSL and HTML representation on the same representation architecture, trained only on PubTabNet. Effects of
reducing the # of layers in encoder and decoder stages of the model show that smaller models trained on OTSL perform better, especially in
recognizing complex table structures, and maintain a much higher mAP score than the HTML counterpart.

# enc-layers # dec-layers Language TEDs mAP Inference time (sec)

6 6 oTsL Tooss |04 | 0985 ' M |SS| N g
6 6 HTML 0.969 0.927 0.955 ¢

4 4 OTSL 0.938 0.904 0.927

4 4 HTML 0.952 0.909 0.938

2 2 OTSL 0.923 0.897 0.915

2 2 HTML 0.945 0.901 0.931

4 2 OTSL 0.952 0.92 0.942

4 2 HTML 0.944 0.903 0.931

5.2 Quantitative Results

We picked the model parameter configuration that produced the best prediction quality (enc=6, dec=6, heads=8) with PubTabNet alone, then
independently trained and evaluated it on three publicly available data sets: PubTabNet (395k samples), FinTabNet (113k samples) and
PubTables-1M (about 1M samples). Performance results are presented in Table 2. It is clearly evident that the model trained on OTSL
outperforms HTML across the board, keeping high TEDs and mAP scores even on difficult financial tables (FinTabNet) that contain sparse
and large tables.

Additionally, the results show that OTSL has an advantage over HTML when applied on a bigger data set like PubTables-1M and achieves
significantly improved scores. Finally, OTSL achieves faster inference due to fewer decoding steps, which is a result of the reduced sequence
representation.

Pixtral 12B (287 sec)

Optimized Table Tokenization for Table Structure Recognition ' Not a title
®

order to compute the TED score. Inference timing results for all experiments were obtained from the same machine on a single core with
AMD EPYC 7763 CPU @2.45 GHz.

5.1 Hyper Parameter Optimization

We have chosen the PubTabNet data set to perform HPO, since it includes a highly diverse set of tables. Also we report TED scores
separately for simple and complex tables (tables with cell spans). Results are presented in Table. 1. It is evident that with OTSL, our model

achieves the same TED score and slightly better mAP scores in comparison to HTML. However OTSL yields a 2x speed up in the inference

runtime over HTML.

# # Language TEDs mAP Inference
enc-layers dec-layers simple complex all

6 6 OTSL 0.965 0.934 0.955
HTML 0.969 0.927 0.955 0.857 5.39

4 4 OTSL 0.938 0.904 0.927
HTML 0.952 0.909 0.938 0.843 3.77

2 4 OTSL 0.923 0.897 0.915
HTML 0.945 0.901 0.931 0.834 3.81

4 2 OTSL 0.952 0.92 0.942
HTML 0.944 0.903 0.931 0.824 2

Table 1. HPO performed in OTSL and HTML representation on the same transformer-based TableFormer [8] architecture, trained only on
PubTabNet [22]. Effects of reducing the # of layers in encoder and decoder stages of the model show that smaller models trained on OTSL
perform better, especially in recognizing complex table structures, and maintain a much higher mAP score than the HTML counterpart.

5.2 Quantitative Results

We picked the model parameter configuration that produced the best prediction quality (enc=6, dec=6, heads=8) with PubTabNet alone, then

independently trained and evaluated it on three publicly available data sets: PubTabNet (395k samples), FinTabNet (113k samples) and
PubTables-1M (about 1M samples). Performance results are presented in Table 2. It is clearly evident that the model trained on OTSL
outperforms HTML across the board, keeping high TEDs and mAP scores even on difficult financial tables (FinTabNet) that contain sparse
and large tables.

Additionally, the results show that OTSL has an advantage over HTML when applied on a bigger data set like PubTables-1M and achieves

significantly improved scores. Finally, OTSL achieves faster inference due to fewer decoding steps which is a result of the reduced sequence

representation.

! wrong structure
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mtegmted at pH 7.0. Peptide was re]eased
which established that the coats contained sub-
strate for the lytic enzyme present in spores.
Peptlde was also released from spore coats of B.
matenum by the action of the enzyme from B.
cmms spores. The lytlc enzyme did not att.ack

iwlncl:l1'.lmsbet>omua.spom.ngm::n Itmbynoz

means certain what happens to the vegetative
mllwa.llwhenthesporemmleued In Clos-
tridium specles it appears that at least part of
thm structure is retained as an outer membrane
mund the spore. It is the opinion of some
workers that the wall of the sporulating cell
forms the exosporium which exists as an outer

Date syrup (as one of the agricultural wastes)
was used to produce bacterial cellulose using
Gluconastobacter xylinus. Fourier transform
infrared spectroscopy (FTIR), vegetative electron

HCLETISL Y DE. ydsS COLCIUUCU LILE we by

part of the spora.ngm.l wall was dmolved away
to allow release of the spore. It appears likely
that the exosporium of B. cereus does not have
a composition similar to that of the vegetative
cell wall, from the results obtained by Dr. J. R.

The spore develops in the vegetative cell, which thus becomes a sporangium. It is by no means certain what happens to the
vegetative cell wall when the spore is released. In Clostridium species it appears that at least part of this structure is retained as an
outer membrane around the spore. It is the opinion of some workers that the wall of the sporulating cell forms the exosporium which
exists as an outer coat around spores of several Bacilus species. Spores of several varieties of B. cereus had exosporia whereas these
structures appeared to be absent from spores of B. megaterium and B. subtilis. It seems, however, that in Bacillus species at least,
the greater part of the vegetative cell wall is dissolved away before the developed spore is released. If this is true, then soluble
components containing the characteristic constituents should appear in the medium during spore release. Culture filtrates from B.
cereus organisms at various stages of growth and sporulation were hydrolyzed and the hydrolyzates analyzed for amino sugars and
diaminopimelic acid (28). Results showed that a large increase in the concentration of these substances in the culture filtrate
occurred during spore release (table 2); they were found to be present in a nondialyzable peptide of the characteristic type. It was
concluded that at least part of the sporangial wall was dissolved away to allow release of the spore. It appears likely that the
exosporium of B. cereus does not have a composition similar to that of the vegetative cell wall, from the results obtained by Dr. J. R.
Norris of Leeds University (personal communication). He treated spores with a highly active preparation of lytic enzyme from B.
cereus spores and examined the effect by means of electron microscopy. No evidence of lysis of the exosporium was obtained.
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1 INTRODUCTION

Despite the sub ial imp chieved with machine-learning
(ML) approaches and deep neural networks in recent years, docu-
ment conversion ins a challengi blem, as d

by the numerous public competmons held on this topic [1-4]. The
challenge originates from the huge variability in PDF documents
regarding layout, language and formats (scanned, programmatic
or a combination of both). Engineering a single ML model that can
be applied on all types of documents and provides hxgh-quahty
layout seg) ins to this day ly challenging [5].

This enables experimentation with annotation uncertainty
and quality control analysis.

(5) Pre-defined Train-, Test- & Validation-set: Like DocBank, we
provide fixed train-, test- & validation-sets to ensure propor-
tional representation of the class-labels. Further, we prevent
leakage of unique layouts across sets, which has a large effect
on model accuracy scores.

All aspects outlined above are detailed in Section 3. In Section 4,

we will elaborate on how we designed and executed this large-scale
human annotation campaign. We will also share key insights and

To highlight the variability in document layouts, we show a few
example documents from the DocLayNet dataset in Figure 1.
Akey problem in the p! of d conversion is to under-
stand the structure of a single document page, i.e. which segments
of text should be grouped together in a unit. To train models for this
task, there are currently two large datasets available to the com-
munity, PubLayNet [6] and DocBank [7]. They were introduced
in 2019 and 2020 respectively and significantly accelerated the im-
plementation of layout detection and segmentation models due to
their sizes of 300K and 500K ground-truth pages. These sizes were
achxcved by lcveragmg an automahon approach. The benefit of au-
d-truth g 1is obvious: one can generate large
ground-truth datasets at vu‘tual]y no cost. However, the automation
introduces a constraint on the variability in the dataset, because
corresponding structured source data must be available. PubLayNet
and DocBank were both generated from scientific document repos-
itories (PubMed and arXiv), which provide XML or ETEX sources.

1 learned that might prove helpful for other parties planning
to set up annotation campaigns.

In Section 5, we will p baseline accuracy bers for a
variety of object detection methods (Faster R-CNN, Mask R-CNN
and YOLOVS5) trained on DocLayNet. We further show how the
model performance is impacted by varying the DocLayNet dataset
size, reducing the label set and modifying the train/test-split. Last
but not least, we compare the performance of models trained on
PubLayNet, DocBank and DocLayNet and demonstrate that a model
trained on DocLayNet provides overall more robust layout recovery.

2 RELATED WORK

While early approaches in document-layout analysis used rule-
based algorithms and heuristics [8], the problem is lately add d
with deep learning methods. The most common approach is to lever-
age object detection models [9-15]. In the last decade the accuracy

2 e A A and speed of these models has i i Furthermore,

Those sclentific d a va'nabxllty ut “,‘c“ most state-of-the-art object detection methods can be trained and

o A ” B . ;54 by lied with very little work, thanks to a dardisation effort

:hn:ls:lbcl::h‘{:no:m::);' al !ext ovs:ch o t tendars et Jiave of the ground-truth data format [16] and common deep-learning

. Mcz' uy‘ d po all <8 ‘g . ASH ’ the frameworks [17]. Reference data sets such as PubLayNet [6] and

Y i p:rt " y‘ S e DocBank provide their data in the commonly accepted COCO for-
layout p from d on PubLayNet or mat [16]
DocBank is very ble when applied on scientific documents. i

However, for more artistic or free-style layouts, we see sub-par
prediction quality from these models, which we d rate in

Lately, new types of ML models for document-layout analysis
have emergcd in the community [18-21]. These models do not

Section 5.

In this paper, we present the DocLayNet dataset. It provides page-
by-page layout annotation ground-truth using bounding-boxes for
11 distinct class labels on 80863 unique document pages, of which
a fraction carry double- or triple-annotations. DocLayNet is similar
in spirit to PubLayNet and DocBank and will likewise be made
available to the public! in order to stimulate the document-layout
analysis community. It distinguishes itself in the following aspects:

(1) Human Annotation: In contrast to PubLayNet and DocBank,
we relied on h ion instead of ion ap-
proaches to generate the data set.

(2) Large Layout Variability: We include diverse and complex
layouts from a large variety of public sources.

(3) Detailed Label Set: We define 11 class labels to distinguish
layout features in high detail. PubLayNet provides 5 labels;
DocBank provides 13, although not a superset of ours.

(4) Redundant Annotations: A fraction of the pages in the Do-
cLayNet data set carry more than one human annotation.

1y, devel. a 3 1 W docl
P P B

pproach the problem of layout analysis purely based on an xmage
representation of the page, as computer vision methods do. I
they combine the text tokens and image representation of a page
in order to obtain a segmentation. While the reported accuracies
appear to be promising, a broadl ted data format which links
g ric and 1 fe has yet to establish.

3 THE DOCLAYNET DATASET

yNet contains pages. Among these, carry
ofh ions, and 1591 carry three. This
0 91104 total annotation i The tations provide lay-

ut information in the shape of labeled, rect

xes. We define 11 distinct labels for layout features namely Cap-
ion, Footnote, Formula, List-item, Page-footer, Page-header, Picture,
cnon-header Table. Text, and Title. Our reasoning for picking this|

)

RAG with visual grounding

PDF pages. Among [hese, carry two
nstances of human annotations, and 1591 carry three. This amounts

0 91104 total annotation instances. The annotations provide lay
put information in the shape of labeled, rectangular bounding
boxes. We define 11 distinct labels for layout features, namely Cay

ction-header, Table, Text, and Title. Our reasoning for picking this
icular label set is detailed in Section 4.
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Tools ~

(@) We prove an instance-specific high-probability lower bound on the clustering error rate for MCC. This reveals the
problem-difficulty quantity D: the minimum weighted KL divergence between the transition kernels (Section 3).

(b) We propose a two-stage clustering algorithm that achieves near-optimal clustering error. Notably, it does not require
any a priori knowledge of the underlying model, yet fully adapts to the given problem difficulty (Section 4). Especially for
Stage |, we introduce a new injective Euclidean embedding specifically designed for ergodic Markov chains. This embed-
ding, a contribution of independent interest, facilitates sharp concentration results for spectral clustering analysis
(Section 4.7).

(c) Our upper and lower bounds reveal gaps in misclassification errors and the required trajectory length H. Building on
recent advances in concentration inequalities (Paulin, 2015; Fan et al., 2021) and estimation techniques (Wolfer and

Kontorovich, 2021) for Markov chains, we elucidate the inherent complexities of clustering in MMC that currently render

Report Issue for Selection

these gaps unavoidable (Appendix D).

Notation.

For a positive integer n > 1, let [n] :={1,2, -, n}. For a set X, let A (X) be the set of probability distributions over X. Let
aV b:=max{a,b} and a A b := min{a, b}. We will utilize the asymptotic notations 0,0, Q,w,® freely throughout. For
aesthetic purpose, we willalsouse f 2 g, f S g, f < g definedas f = Q(g), f = O(g), f = ©(g), respectively.

2 Problem Setting
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A new VLM generation
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Why GraniteDocling stands out

Fig. 3. OTSL description of table structure: A - table example; B - graphical repre-
sentation of table structure; C - mapping structure on a grid; D - OTSL structure
encoding; E - explanation on cell encoding

o (2 ©

|

Table 2. TSR and cell detection results compared between OTSL and HTML on

1 - simple cells: "C"

2 - horizontal merges: "C", "L"
3 - vertical merges: "C", "U"
4 -2d merges: "C", "L", "U", "X"

— "C" cell - a new table cell that either has or does not have cell content

— "L" cell - left-looking cell, merging with the left neighbor cell to create a

span

— "U" cell - up-looking cell, merging with the upper neighbor cell to create a

span

— "X" cell - cross cell, to merge with both left and upper neighbor cells

— "NL" - new-line, switch to the next row.

A notable attribute of OTSL is that it has the capability of achieving lossless

<picture><loc_102><loc_85><loc_416><loc_160>
<flow_chart>
: <caption>

i Fig. 3. OTSL description of table structure: A - table example; B-
i D - OTSL structure encoding; E - explanation on cell encoding
§ </caption>

</picture>

[ 4

the PubTabNet [22], FinTabNet [21] and PubTables-1M [14] data sets using Table- g <otsl><loc_63><loc_78><loc_436><loc_158>
F_O_r_ri‘ff_l?_]_(_“_’it_}:_ef‘_‘:_f_ﬁ_’_‘i‘i‘ff_’_}_lf‘rff_:f)_' ________________________________________ i <ched>Data set <ched>Language <ched>TEDs <Icel>
g Data set Language TEDs mAP(0.75 Inference E g <ecel> <ecel> <ched>simple <ched>
: simple | complex | all time (secs) } i <rhed>PubTabNet ~ <rhed>OTSL  <fcel>0.965 <fcel>0
i 4 | 3
:  PubTabNet ggﬁi gggg ggzj gzgg (‘]’88587 i;;" : //' t <ucel> <rhed>HTML  <fcel>0.969 <fcel>0
1l . I
: . . . . . : :
:  PinTabNet OTSL | 0.955 | 0.961 |0.959 0.862 1.85 : i
: HTML | 0917 | 0.922 0.92 0.722 3.26 : i <caption>Table 2. TSR and cell detection results compared betw
) d H = = =i
: OTSL | 0.987 | 0964 |0.977 0.896 1.79 : i [14] data sets using TableFormer [9] (with enc=6, dec=6, heads
i+ PubTables-1M H H
: HTML | 0.983 | 0.944 | 0.966 | 0.889 326 3 : <lotsI>
A s sEEEEE NS NN NN NSNS EEEEEEEEEEEEEEEEEEESEEEEEEEEESEESEEEEEEEEEEEEEEEEEEEEEES
iPeeEEESSSSSEEEEEEEEESSSSSSEEEEEESSSSSEEEEEEESESSSSSSEEEEssEssSssssses
ieeesmssmsssssssssssssssssmnnnnn L i<section_header_level_1><loc_58><loc_343><loc_209><loc_
i5.3 Qualitative Results | e e e e A AR A A A A A R A A A AR AR AR AR EEEEEEERE R EEEE
r' ‘. --------------------------------------------------------------------
o e s " I<text><loc._66><loc. 360><loc 358><loc_368>The OTSL voce

§-<unordered_list>

i<list_item><loc_53><loc_377><loc_439><loc_385>- "C" cell -
<list_item><loc_53><loc_387><loc_439><loc_403>-"L" cell -
<list_item><loc_53><loc_405><loc_439><loc_421>- "U" cell -
<list_item><loc_53><loc_423><loc_409><loc_431>- "X" cell -
<list_item><loc_53><loc_433><loc_269><loc_441>- "NL" - ne

</unordered list>

@, OCR & Bounding Boxes — Accurate text extraction with region-level precision.

* DocTags — Minimal, efficient, and fully compatible with DoclingDocuments.

. Layout Awareness — Preserves structure, positions, and element bounding
boxes.
"' Code, Formula, Figures — Recognizes complex structured content.
Il Charts & Tables — Parses and reconstructs structured data visually.
> Captions, Lists, & Headers— Maintains hierarchy and semantic links.
Full-Page Conversion — Converts complete pages with all content types.
General Document Support — Trained on diverse document types.

Fast Inference — ~0.35 sec/page on A100 with VLLM.
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PictureClassificationClass(

Left Rang of meconmb < for each model to pages it was pp].ld OCR was 2 ppl.ld Iy pgsw1hb mp —| )
from docling.document_converter import DocumentConverter, PdfFormatOption Mgﬁywmu”Nﬂ&%ﬁ%;ﬁfxﬁsmv et et cias;_juanwe—-bar_cheui,
confidence=0.9999500513076782

from docling.datamodel.pipeline_options import ( . =
PdfPipelineOptions, PictureDescriptionV1lmOptions

Docling

. Ecosystem of Docling integrations contributed by
hb ader mmumyDlg al-

from docling.datamodel.base_models import InputFormat : ] i e Do e s oy Do s

In this image we can see a bar
pipeline_options = PdfPipelineOptions() ﬁn$w4;% T %ﬁgﬁﬁﬁfﬁﬁﬁg@ﬁ§ chart. In the chart we can see the

8 Future Work and Contributions

- 1 . - _ = _ . _ and table Iruturere g n (fast table optio Du— ﬁgl;r;.l ﬁrmuclllem 11h1gn nmﬂ:ilanld
pipeline_options.generate_picture_images = True lng i o, w45 e o B e
augment extracted document meta d awnh additional in- y aX, y an SeC page.
; = = ; U U frmao F hrmore we will focus on building an open
pipeline_options.images _scale = 2 S iy v oot ot e sk e
— - b — where it supports the enhancement of the knowledge tax- by Docl ng, such a 1 y analy table e structure recog-
onomy. nition, readin, g order dets lxltans etc. This
Docling is also available and officially maintained as Wll-l allow transparent qual ]-lty ﬂmpﬂﬂm b d n publicly
a system package in the Red Hat® Enterprise Linux® Al ailable benchmarks such as DP-Bench (Zhong 2020), Om-
(RHEL Al) distribution, which seamlessly allows to de- mdD cBench(Ouyang et al. 2024) and others. Results will
velop, test, and run the Granite family of large language be published in a future update of this echmcal report.
models for enterprise applications. The codebase of Docling is open for use under the MIT

pipeline_options.do_picture classification = True

pipeline_options.do_picture_description = True
picture description_options = PictureDescriptionV1imOptions(

r id="ibm-granite/granite-vision-3.2-2b", o . Nk S . .
pignc:[;tz"[}escribe the 1mage in three sentences. Be consise and accurate.”, PlCture ClaSSIﬁeI’ SpeCIallzed for ﬁgu [eS found 18
documents, e.g. ditferent chart types, tlow
converter = DocumentConverter(format_options=3 diagrams} [OgOS, Signa‘tu res) etc

InputFormat.PDF: PdfFormatOption(pipeline_options=pipeline_options)

result = converter.convert("https://arxiv.org/pdf/2501.17887") ¢ Level’age mOdelS TO Create a teXtual deSCHpUOH
doc = result.document O.l: the plC’[UI’@




Schema-based intformation extraction

-xtracting specific pieces of information from a document

By
o
U

e

= = ( ) :
Hr Coverntiee J
= EVENT PLANNER

BILLED TO: Jonathan Patterson
PAY TO: Liceria & Co.

Borcele Bank

ccccccccc

"'pill number': '01234°',

‘total invoice price': 550,

‘currency of total invoice price': 'USD’,

‘name of involce addressee': 'Jonathan Patterson’,
‘'name of involce sender': 'Eventure Event Planner’

Lnvoice_dict = {
"D1ll number": "string",
"total invoice price": "float",
“currency of total invoice price": "string"
"name of 1nvoilce addressee": "string",
"name of i1nvoice sender": "string",




Powering Al agents

,
7 Langfiow
- Agent = Al application that can act autonomously t0 m

understand, plan & execute a task A\ Pydantic Al

- MCP = protocol for connecting Al applications to external * Claude

tools & data sources

BeeAl %

- Docling provides an MCP server with tools tor

document conversion, manipulation & content creation

- Plug & play on multiple frameworks & Al desktop clients



Further recent highlights

Docling Java project

NVIDIA x Docling collab

(a NVIDIA . DEVELOPER Home Blog Forums Docs Downloads Training

[=enbicalioiny

An Agentic Al toolkit for local Al

The use cases for private, local agents are endless. But building reliable, repeatable, and high-quality private agents
remains a challenge. LLM quality deteriorates when you distill and quantize the model to fit within a limited VRAM budget
on PC. The need for accuracy increases as agentic workflows require reliable and repeatable answers when interfacing

with other tools or actions.

To address this, developers typically use two tools to increase accuracy: fine-tuning and retrieval-augmented-generation

(RAG). NVIDIA released updates to accelerate tools across this workflow for building agentic Al.

Nemotron 3 Nano is a 32B parameter MoE model optimized for agentic Al and fine-tuning. With 3.6B active parameters
and a 1M context window, it tops several benchmarks across coding, instruction-following, long-context reasoning, and
STEM tasks. The model is optimized for RTX PCs and DGX Spark via Ollama and llama.cpp, and can be fine-tuned using
Unsloth.

This model stands out for being the most open, with weights, recipes, and datasets widely available. Open models and
datasets make customizing the model easier for developers. They prevent redundant fine-tuning and eliminate data

leakage for objective benchmarking for robust and efficient workflows. Get started with LoRA-based fine-tuning for it.

For RAG, NVIDIA partnered with Docling—a package to ingest, analyze, and process documents into a machine-
understandable language for RAG pipelines. Docling is optimized for RTX PCs and DGX Spark and delivers 4x performance
compared to CPUs.

There are two ways of using Docling:
1. Traditional OCR pipeline: This is a pipeline of libraries and models that is accelerated via PyTorch-CUDA on RTX.
2. VLM-based pipeline: An advanced pipeline for complex multi-modality documents, available for use via vLLM within WSL and

Linux environments.

Docling is developed at IBM and contributed to the Linux Foundation. Start now on RTX with this easy-to-use guide.

LaTeX parsing

IATEX
Docling Now
Natively Ingests
LaTeX

v Image Referencing

\includegraphics \/ 5 -

Figure 1: An example image

v Complex Table Parsing grams

Academics: Start processing ¥ Inline Math & Equations ¢«

our LaTeX corpus to make it Ibesintequation] \prasblec(§(3aning *)7,
g q )
2y/s <e=:>)/g

i i $=vaue vV L= T e
Al ready@ Lttt (¥=>28E1ing==0>)

shi 1=-7hm = < [[-1> >, ] o

github.com/docling-project/docling

Chart understanding

From Chart to Data!

Powered by IBM Granite
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Getting here

Moving Beyond Sparse Grounding with Complete Screen Parsing Supervision

Modern computer-use agents (CUA) must perceive a screen as a structured state, what elements are visible,
where they are, and what text they contain, before they can reliably ground instructions and act. Yet, most
available grounding datasets provide sparse supervision, with insufficient and low-diversity labels that
holar cite view =

2025 being augmented by

tion. and evperimental
Subgrapher: visual fingerprinting of chemical structures

- Decade-long team expertise in data, documents & Al

Automatic extraction of chemical structures from scientific literature plays a crucial role in accelerating
research across fields ranging from drug discovery to materials science. Patent documents, in particular,
contain molecular information in visual form, which is often inaccessible through traditional text-based

holar cite view =

des. There is a growing
per, we present a novel
ocess the low-level PDF
SmolDocling: An ultra-compact vision-language model for end-to-end multi-

modal document conversion tpts extracied

Proceedings of the IEEE/CVF In... arXiv scholar cite view =

- St rO n g 1: raC k re CO rd Of i n n Ovat ive te C h n O I.O gi e S & re S e a rC h WO r k We il'l'fltOCIUCe SmolDocling, an ultra-compact vision-language model targeting end-to-end document B

ind organizing them in

conversion. Our model comprehensively processes entire pades hy generating DocTags. a new universal
s and basin studies by
=
Markushgrapher: Joint visual and textual recognition of markush structures erials
CVPR 2025 ... arXiv scholar cite view = WP @R TE=

n that images of skin of
al resources. This work
cational materials and

The automated analysis of chemical literature holds promise to accelerate discovery in fields such as material
science and drug development. In particular, search capabilities for chemical structures and Markush

- First Docling version distilled from team’s previous work

Document enrichments

Granite Vision: a lightweight, open-source multimodal model for enterprise
Intelligence arform deep

arXiv arXiv scholar cite view =
holar cite view =
Granite Vision is a lightweight large language model with vision capabilities, specifically designed to excel in

IBM Deep Search = V8 Community project £~ Inspection LDrry forkspace enternrise use cases. particularly in visual document understanding. The model is trained on a comprehensive ge in Weakly structured
yracess larde document
Inspection / ibm_esg_2022.pdf
Use cases
Drigiosl et P documant O Anicetions D & X Foundation models for materials discovery—current state and future directions
:_ : * :n.) We regularly update these programs to address areas where assessments have revealed npj Comp utational Materials scholar cite view =
- I - - needed improvement. Svst Se cases
| ' . . . . . . mn stem
f , Reviews the wider field of foundation models—of which large language models are a component—and their y
= ! We encourage our suppliers to publish ESG reports to help drive greater supply chain - g C - g - 0 o q c
E g‘ iy ] S i e U 57 50 P sl LIS Sl ot 5 application to materials discovery. Explores applications to property prediction, synthesis planning and
s ‘~} 50 Services and General Procurement suppliers for 2022 are listed on page 53. From this molecular generation, and examines how new methods of data capture and modalities of data will influence holar cite view ->
t | H group, 74 published ESG reports with 61 following GRI guideline .
e— i s i OO0 Assistant X n documents searching
— ol uch as formation name
i ‘ . 12 Supplier Spending by Category ($8) | 2020 | 20} Docling: An Efficient Open-Source Toolkit for AI-driven Document Conversion
Hi Lokesh, I am reading the document.
Services and General procurement | 20.3 | 18  Fieasestandby. AAAI arXiv scholar cite view = iccelerating
Supply Chain Social Responsibility Production procurement 3.3 29 I am now able to answer questions about
this document. What would you like to Docling is an easy-to-use, self-contained, MIT-licensed, open-source toolkit for document conversion that can
t S AR e—— e R — Logistics procurement 0.6 E o parse several types of popular document formats into a unified, richly structured representation. It is powered holar cite view -
4 Lesissrmannast ) L & oo . oy
fl - ¥ —— — How many total worldwide hours were spent on by state-of-the-art specialized AI models for layout analysis (DoclLayNet) and table structure recognition
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Total ($B) 242 | 223 $0.5 billion. Over the past few decades, the amount of scientific articles and technical literature has increased

exponentially in size. Consequently. there is a great need for systems that can indest these documents at scale
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Getting here

Culture & mindset

- Organization
- Open-sourcing a key Al technology not as common “back” in 2024
- Turning point in perception, open-source Al being embraced by company at that time
- Team
- Leading in Document Al => cutting edge, lightning speed
- Growth mentality:
- Dev-first experience from R&D team
- Entrepreneurial mindset

- New development practices (agentic dev, SDD)




Getting here

Ecosystem

- Relentlessly cultivating opportunities

- Easier partnering & raster progress in the open

- Trust: further boosted by joining LF Al & Data

&

A .
w oslim.ai

The AI Alliance f./, Langflow
& Red Hat

U.S. General Services
. . Administration
Enterprise Linux Al e

Iioagi
S aC Hugging Face
<A NVIDIA. paty

00 Meta @@?

=

P AGZE Docling - Llamalndex
’ ag2ai Bee Agent Framework

==== APy n Open WebUI
TEH  [[] haystack 5
tXtaI data-prep-kit by deepset SZ=

Peeps Al

InstructLab

C4Q Anything LLM

Symopsio,

1,1% Contributions per company

visionOS /i0S
Developer | ARMLCV,

Scotiabank, 1, 1% 1,1%

Cisco, 1, 1%

MagLoft, 1, 1%
Y Terweijden IT Advice, 1, 1% Dentropy, 1, 1%

Elastic, 1, 1%
NVIDIA, 1, 1%

AtomGradient, 1, 1%

HAN University of Applied Sciences,
1,1%
Uber, 1, 1%

Infosys EdgeVerve, 1, 1%
DNSCrypt, 1, 1%
TU Graz, 1, 1%

Intel Labs, 1, 1%

Kovai.co, 1, 1%

Capgemini, 1,1%

Datalets, 1, 1%
Talkdesk, 1, 1%
Viva Republica, 1, 1%

American Bureau of Shipping, 1, 1%

DataBoss, 1, 1%
Queen Mary University of London, 1,
= New Relic, 1, 1%
Beliver, 1, 1%
Candle Finance, 1, 1%

Deutsche Telekom, 1, 1%
Morin Innovation, 1, 1% T2K, 1, 1%

Coding Puffin, 1, 1%
Aleph Alpha, Googl
Silex Data Team, 1, 1,1% e, 1,

1%

Hugging Face, 10, 13%

Apple, 8,11%

Softinsa, 6, 8%

Microsoft, 4, 5%

RR YAM, 3, 4%

Delta Research Center, 2, 3%

semantic-release, 2, 3%

Meetic, 1, 1% new-thread-ug, 1, 1%
Qdrant, 1,1% g?)smething New, 1, 1%
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Community growth

- Being present & engaging with community

[: docling—pro ject/docling
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What lies ahead

Challenges

- Document AI: proliteration of VLMs, tools,
agents, benchmarks etc.

- Users lett with increased burden to
Interpret, orchestrate, rewire, evaluate

- Growing community + Al usage

- Maintenance over
oull requests, 1ssL

nead

due to sprawl ot

€S elC.

’

N

1
‘
ol ]
P
/ 1

Source: https://huggingface.co/blog/prithivMLmods/multimodal-ocr-vims

Pull requests gom | Commits 148 | Newrepos ‘oM |

merged per month

2023 2024 2025 2026 20823 2024 2025 2026 2023 2024 2025 2026

Source: https://github.blog/news-insights/company-news/an-update-on-github-availability



What lies ahead

Opportunities

- Drive the next generation of the Document Al stack

EVALS &
METRICS @

AGENTS &
APPLICATIONS &)




2026H1 Roadmap

Al Document
[SO Standard

— Standardized format
for AI-ready
documents

— Focus on LLM-
friendliness,
consistency,
eXPressiveness

— Represent complex,
multimodal content
with visual grounding

New models

— New picture

classification
i(mproved quality
better performance

— New table model
new architecture
high-throughput
batching

— New GraniteDocling
Two-stages prediction
Variable-resolution
patching
Flock of LLMs

Docling Eval

— Simple-to-use and
open evaluation
sulte

— Evaluation metrics
tuned for documents

— Complete annotated
datasets with all
features

— Compatibility and
comparison with
other evaluation and
metrics

Docling for
IBM watsonx

— Managed service
based on open-
source Docling
toolkit

— Practical web Ul &
simple integration
via REST API



Work In

[SO standard through LF Al & Data E—

¥ Use of form headings

i i Alien's Change of Address Card USCIS Original table: Table split across Table threads:
h“l t t v e aaqes: T =
otivation $emimt T e T =
B i F Ip LETH CIVICES Lxpares (87 L2024 e reny E
I | oy | ey | e - - = e ———
NOTE: An asterisk (*) indicates s mandatory ficld that must be completed, | | "' | [l | - - =__' 8 |- =
The motivation for this new markup language is twofold, Information About You | S o e el =l | === | [E=1-] LR ——
*Family Nomse (Last Name) *Given Name (First Nami) Middle Name (if applicable) U R I ') U _— : ' :_E"—‘ - L - el
. staar | lr-t&r | rl'a' | - = Iy -
1. It is created from the ground up to be able to represent {arm in the Unitd Suaes asa: (7] Viitor [ Suadent [] Perrmaners Resident. ] Onher (Speciy) | | | | 32 ] [ - - P - - -
& - - # # - Coantry af Cits: *[laie o el - ] N [ — -
complex, multimodal content with visual grounding in plain e [ — S Y O i ! .
text with markup [ EanannanE E P = R S o o N p— p— - =lEe=iEnE
2. It is created with the express purpose to be compatible with Information About Your Address | = EEEC i e i - = -
LLM tokenizers, i.e. use a markup structure that maps oo N EREE -
naturally (== a 1-to-1 mapping between DocTags tokens and wrp=— | ':suD - L_Mm ) o -
LLM tEII(EI‘IE] and efficiently {:: minimal token cnunt]. | | o j | | The scenario in the above figure is represented below.
Previous Physical Address
Sueet Number and Name Apt. Ste. Fle. Number ¢« We introduce a new horizontal thread token, h_thread_N , which is used to
| 00O | |
iy on Tow - r——r capture table content that spans pages sidewise, similarly to the usual thread
| o] | | tokens thread N .
@ — » Only the content that is visible within the page is included in the OTSL token
P el (e.g. see "2025 d").
R . a = <form= = T
Oearvet 1 smalignast o & a2 , , . ¢ When thread linking is resolvable through ucel [ 1cel or h_thread_N , the
okl cberver | 13 . - <form_heading=Information about you</form_heading=> ) ]
_ A SR thread_N token is not used, as it would be redundant.
(C)HTML (D)oTSL <key>

sequence length: 55

sequence length: 30

Family N T +« When thread linking must be captured, we capture it the earliest possible, i.e.
qke:: anity Hame fLast Mame we don't wait for the bottom-most cell to be reached to add the thread for

<value>staar</value> "Europe" in the example above.
</form_item>
<form_item=>

<key>\xGiven Name (First Name)</key>

<td colspan="2" rowspan="2" = </fid> <td colspan="3" = <fid>

<td> </td> <td> </td> <td> </td> (0

.:-_I.'tr'_,. : .
. . 5 <value>peter</value> <!— page 1: ——>
<td rowspan="3" 2 <fid> <td> </td> <ld> <fid> <td> </id> <id> </id> & ;
— : cffﬂrmfltem: <table>
| i <form_item> <otsl><loc_x@/><loc_y@/><loc_x1/><loc_yl/>
<id> <ftd> <td> </id> <td> </id> <td> </td> i <key>\#Middle Name (if applicable)</key=> <thread_1/>
i <value>Wl</value> <h thl"'E;d 1/>

<td> </td> <td> </td> <td> </td> <td> </td> . </form_item>

<form_item=

</table= : - e e Grae . /K <ecel/> <ecel/>
yocabuary or ths lable: 12 lokens vocabulary: 5 tokens :cﬁ:kbzz ;Zleciedzilese"iviziizr:;ﬂeizzuxb <ecel/> <ched/>Continent
njirihr:;njzt m::-g,p.,,zd:;”::;im, e NL <checkbox selected="false">Student</checkbox> <rhed/><thread_2/> <rhed/>Asia
' <checkbox selected="false">Permanent Resident</checkbox> </otsl>
<checkbox selected="false">0ther (Specify)</checkbox> </table>
<value></value> <page_break/>

<form_item>



Work In

progress

New models

Standard pipeline VLM pipeline — New Granite Docling
— New picture classification @ Adaptive Pixel-Shuffle Compression: High resolution where it matters, aggressively
improved quality compressed where it doesn’t
better performance Variable-resolution patching: Preserves fine detail while reducing compute on large or

— New table model iIrregular images

new architecture © Flock of LLMs: Granite 4 (350M, 1B, 3B*) operating collaboratively

high-throughput batching @ Custom Conversion Prompts: Enables training without full ground truth and drives precise
structured outputs instead of full responses

eISO DocTags: Standardized document markup for consistent structure and downstream

. e rocessin

PictureClassificationClass( P &
class_namez bar_chart’, P Projcted Visua o o
confidence=0.99995 Page Images Visual Embeddings (" / DocTags

4 /7
j r
1
7 < 1
) ___________ f I
| 1
| 1
1

Projection

<doctag>

Vision i
—_— D — —1—> + —t—

Encoder

Ve
s Pooli ¢
ooling /l —
[}
(4] 7 i

Example Prompts to LLM

y

w
SO\

</doctag>

> [<layout>, <ocr>, <table>] . Py
> [<ocr>] '
g [

=\

Textual Embeddings



Docling evall

Work In

progress

Simple-to-use and open evaluation suite
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2004, PUMA had 3,910 employees worldwide;

his represents an increase in the number of personnel by 721
br 22.6% In comparison with the previous year. New personnel
vere recruited in the sales area in particular, due to the

pforementioned retail expansion. In all, sales

of the moist paper. Maintain connection for 10 seconds
while rocking the aluminum rod on the filter paper. Ensure
that the light emitting diode (LED) remains lit (indicating
good electrical contact and cugrent flow) during this period.
Disconnect the wiring assemply and set it aside. Remove
the filter paper and examine if to determine that a light spot
appears where the connection was made.

Deposit one drop of 1.0 perdent solution of reagent grade
dimethylglyoxime in ethyl aldohol on the filter paper (sam
side that was in contact with the test metal). A brigh.
distinctly pink spot will appeqr within seconds on the filper,
paper if the metal being tested is Inconel. A brown spot gill
appear if the test metal is staigless steel. Some stainless-Ste,

corrosive action. The total percentage of alloying elements
is seldom more than 6 or 7 pffcent in the wrought alloys.

videly used metals in modern
tal o the aviation industry because
yh?utio and its comparative ease

iffg characteristic of aluminum
n}p melts at the comparatively
"F| It is nonmagnetic and is an
excellent conductoy.

Commercially pyre afuminum has a tensile strength of about
13,000 psi, b i
may approxi

rgfling or ofher cold-working processes
atgffy double W strength. By alloying with

— Evaluation metrics tuned
for documents

ptaff increased by 563 to 2,080 employees. Sales per employees ptaff increased by 563 to 2,080 employees. Sales per emploees alloys may leave a very light glink color. However, theffhafle  other metals for by using heatjtreating processes, the tensile C O I I I p I. e t e a n n O t a t e d
(on average) (on average . . 5 . L . . e
(thousend € oy o and depth of color will be Aar less than would appar,for strength ma¥ bff raised to as High as 65,000 psi or to within
he marketing area was bullt up by 11.5% e marketing area was bullt up Dy 11.5% Inconel. For flat surfaces, the test spot will be circular vghile  the strength rdhge of structurdl steel. J
0 a current 152 employees and product 0 a current 152 employees and product for curved surfaces, sugh as the outside of a tubf or hipe d t
nanagement/product development & design 2 t/product devel ont & de ‘ N ’ . : 5 0 ; : a aS‘ S
[PRRISNIRGYSNG, TRV p . - Heu[_)m” ) o the test spot may appegt as a streak. (Refer to Figlire 3 for  Alumindmgflloys, although strpng, are easily worked because
by 59 to 344 employees. Sourcing/logistics by 59 to 344 employees. Sourcing/logistics i - - .
A : sample test results.) Yhis procedure should not bp useff in the e ihalleable and duct{le. They may be rolled into
ncreased by 21 to 802 employees. In the ncreased by 21 to 802 employees. In the N / X ) ) X e . .
, heat-affected zone gf weldments or on nickel coffted surfaces. ag'thin as 0.0017 inc drawn into wire 0.004 inch
kentral units, there were 62 new hirings tentral units, there were 62 new hirings = S i a O l ! f ' I’l !( " { !re ea ln
hich brought the number of staff to 532, — which brought the number of staff to 532 h..r. Most all{mlnum afloy sheet 5“?"'\ u.s.ed m.,.nrcrdll )
L Nonferrous cogstruction range from 0.016 to 0.096 inch in thickness:
The term “nonferrois refers to all metals tiffat haye elements fver, some of the larger aifcraft use sheet stock that may
. R other than iron as its basg,or principal constjfuent. This s thick as 0.356 inch Or er a e Strl l ( Z—l l re eXZ-
f ) group includes metals, sucli"gs aluminuny, titanfum, copper, ’ 7’
W | ( : ; ( ! | l I < ! | I a I O | I o and magnesium, as well 3£ alloyed mdtals, sych as Monel he various types of alumi may be divided into two . e .
and Babbitt. f general classes: ea‘ 1 l t‘ ;/< 1 ( ] ( il tl O l ZS e tC
. i ! » Casting alloys (thosegiitable for casting in sand, J
Aluminum and Luminum Alloys permanent mold, or die fastings)
Commercially puregluminum igfa whitfl lustrous mgynl, : = =
4 AREMENT D'ENTREPRISE Pagerheader0.88 1 : - 1 - R . Wrought alloys (those 'ch may be shaped by rolling,
e R N T Page:header0.64 < uriiu which stands second\n the scfle of rpalleability, Afxth e ys( Y pea iy g

drawing, or forging).

in ductility, and ranks h\gh injits resisfance to coryosion.
Aluminum combined with yffrious pdrcentages

[5?1!’.8’.‘7" MME ESTELLE BRACHLIANOFF |

Of these two, the wrought allbys are the most widely used

— Easily identity tops and

Ty {@gction-header:0.76 metals forms alloys, which al¥ used ingircraft congffuction. . . . . . 3 .
text:0.23 . fitte-0,. 87 TeAQE269 : . . . L ! in aircraft construction, beingfused for stringers, bulkheads,
51ans BRACHLIANOFF HER R Aluminum alloys with princjpal allglying ingrefgients are S0 B )
i e a 19x48:86 dépendant du Conseil de surveiilance d'Hermas international dexRd72) ’ MexkR88dapendant du Conseil de survelllance d'Hermes International maneanese. chromium. or npagnesifim and siffcon show skin, rivets, and extruded sectjons.
Nationalité Membre du Comité d'audit et des risques fextidabeader.0.66 MEXEOER Comité d'audit et des risques £ancse, . £Nnes S S
Francaise Membre du Comité RNG-RSE mmeaderoes Wexk069 o mite rne-RaE little attack in corrosive envifonmdhts. Allovysith which i A A e ) R s R
Adresse -0. : = g % casting ¢ /S € /1ded 1nic ' dasIC 2r¢ S.
/0 Hermés International s principaux domaines TexFO8R22 ieritional anes d'exp dexpérience substantial percentages of copper fire more gusceptible to In one, the physical propertief of the alloys are determined
24, rue du Faubourg Saint-Honoré me Brachlianoff est diplomée de I'Ecole polytechnique et de I'Ecole nationale des ponts i’%maauboulg Saint-Honoré Brachlianoff est dipldmée de I'Ecole polytechnique et de I'Ecole nationale des ponts 4 p 7" “ p m 7" -
75008 Paris et chaussées. Text0.69 et chaussées. s ¥ 7 N by the alloying elements an§cannot be changed after the
‘Ackions a3t 2023 Mme Estelle Brachlianoff a commencé sa carriére dans les infrastructures de transport et a mw@i&ummzoza B Brachiianoff a commencé sa carriére dans les infrastructures de transport et a = R = e R ~ .
not travaillé auprés du Préfet de la Région lle-de-France sur les questions de transport e Text0.74 notamment travaillé auprés du Préfet de la Région lle-de-France sur les questions de transport et mc[a] 1S cast. In [hC ()[hcr. the a”())‘lng ClCanlS makc it
100 d’'urbanisme. Elle rejoint Veolia en 2005 et prend la direction des activités Nettoyage industriel e 1Hext0. d'urbanisme. Elle rejoint Veolia en 2005 et prend la direction des activités Nettoyage industriel et ) ) = )
en pleine propriété inscrites au nominatif Facilities Management dés 2007, puis dirige les activités Propreté en ile-de-France en 2010 e IRt inscrites au nominatit Facilities Management dés 2007, puis dirige les activités Propreté en ile-de-France en 2010 et . pOSSlblC to heat treat the caktin gto producc the desired . o o
. enfin celles du Royaume-Uni en 2012. . enfin celles du Royaume-Uni en 2012. . .
3 Membre du Comité exécutif de Veolia depuis 2013 et directrice de la zone Royaume-Uni & Iflande Sectonhaadacned; NBXBRA? Comité exécutif de Veolia depuis 2013 et directrice de Ia zone Royaume-Uni & Irflande ph)’SlCﬂ] pl'()pCﬂlCS.
DAtA e preiibte nominstion de 2013 a 2018, puis directrice générale adjointe en charge des opérations de 2018 & 2022, DB Yo bIEAAR Ro i tion de 2013 4 2018, puis directrice générale adjointe en charge des opérations de 2018 & 2022, —
Estelle Brachlianoff est directrice générale de Veolia depuis le 1* juillet 2022. Text:0.78 Estelle Brachlianoff est directrice générale de Veolia depuis le 1* juillet 2022, l n 6 1 7 7 S
4juin 2019 Texti75 00 - S : . - g
e Text'07g g7:0.83 A letter preceding the alloy pumber identifies the casting
riences de dirigeante de haut niveau dans un groupe a dimension internationale, dé xtQ; fences de dirigeante de haut niveau dans un groupe a dimension internationale, de P e an 2 lette aradecls »r 1t indicates a <lio
4Juin 2019 pilotage de structures en transformation, ainsi que ses compétences en matiére de RSE et TJﬁ. 71Z§ pilotage de structures en transformation, ainsi que ses compétences en matiére de RSE et ‘1”0) S. Wth a Ik tter prLLLdLS a nllmb&. Lt lndlLalLS a Shi"hl ° °
r F I'implication avec laquelle elle exerce son mandat et participe au Comité d'audit et des risques et exto, I'implication avec laquelle elle exerce son mandat et participe au Comité d'audit et des risques et rar:ats 3 TS et a B > ToIne P r Thie
4 juin 2019 au Comité RNG-RSE permettent d'apporter une contribution efficace a la qualité des débats et aux Jﬁﬂ&)ﬂ& au Comité RNG-RSE permettent d'apporter une contribution efficace a la qualité des débats et aux variation 1n th(’ L()l’np()‘““ Ot ‘hL Orlg 1 n‘ll Jl l()} - I hl.\ ‘ O I I I a r I S O I l \N I O e r
travaux du Conseil dans tous ses domaines d'intervention. Elle apporte également sor clear| travaux du Conseil dans tous ses domaines d'intervention. Elle apporte également son y . : 3 ~ na e - ’ 2 . 2 .- 2
Echéance du mandat en cours dynamisme, son agilité intellectuelle et le soin particulier qu'elle accorde a la qualité des relations 71 9‘“‘" dynamisme, son agilité intellectuelle et le soin particulier qu'elle accorde a la qualité des relations variation in LOmpOSlllOn 15 pl) o Impan some dL S1 rahl"
AG 2025 AText0; = 3 = s 235 p
humaines dans les organisations. humaines dans les organisations. 304 SS quullly. l‘Ol' exs €. 1n CuSllng ﬂ“()y 2 l_L th addlll()n ()t
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Work In
PDrogress

Docling tor IBM watsonx

— Managed service based on open-source Docling
— Faster deployment
— Low document processing costs

— Simple web UI & integration via REST API




Wrap-up



Recap

Docling:
- helps you automate your documents workflows with ease

- |5 cost-effective, high-quality, and respecttul of data privacy

- enables building powertul Al applications, from RAG & extraction to full-blown agents

- drives document Al standardization, innovation, and efficiency

_ /

docling




Call tor action

Help grow Docling and make i1t even better

(1) Join the community (2] Make a contribution

- Get started at docling.ai - Integrate into your tavorite framework
- Starit on GitHub & spread the word - Add agentic examples & applications
- Join Docling’s LinkedIn, GitHub, Slack - Support more formats and connectors

"i:.n

e

docling.al



https://docling.ai/
https://docling.ai/
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