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Document AI with LLM

Intro

= Document Al (Intelligent Document Processing)
« DocumentE X522 1.2{0{27]| 2. 0|5{st?| 3. 24 5}7|
* Challenge:
. LayoutZ} formatQ| £/274, scan®l documentl| ZZ/E/ LR Z&/4
« EHA3 - DocVQA(Document Visual Question Answering), KIE(Key Information

Extraction), VRDU(Visually Rich Document Understanding)
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OCR (Optical Character Recognition)

= OCR
« Optical Character Recognition &t X} Q1A
. O|0|X| & EMOfIM A E SIO|O|EIE =0t FA22tE HO[H 2 et
« Input: O|O|X]

«  Output: Block Tt HE - text + bounding box £ [X4,y1,X2,Y>]

|ru

Image Text
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Human-Readable way

sion and utilization of document layouts. The proposed lay-
out instruction tuning strategy consists of two components:
Layout-aware Pre-training and Layout-aware Supervised
Fine-tuning. To capture the characteristics of document
layout in Layout-aware Pre-training, three groups of pre-
training tasks, corresponding to document-level, region-
level and segment-level information, are introduced. Fur-
thermore, a novel module called layout chain-of-thought
(LayoutCoT) is devised to enable LayoutLLM to focus on
regions relevant to the question and generate accurate an-
swers. LayoutCoT is effective for boosting the performance
of document understanding. Meanwhile, it brings a cer-
tain degree of interpretability, which could facilitate man-
ual inspection and correction. Experiments on standard
benchmarks show that the proposed LayoutLLM signifi-
cantly outperforms existing methods that adopt open-source
7B LLMs/MLLMs for document understanding.

1. Introduction

Document Al [7], including its document understanding
tasks such as document VQA [33, 47] and document visual
information extraction [18, 19, 37], is currently a hot topic
in both academia and industry. In recent years, document
pre-trained models [2, 8, 12, 13, 16, 17, 23, 25, 26, 32, 38,
52, 54,55, 59] have achieved excellent performance in doc-

“Equal contribution.

Figure 1. LLMs/MLLMs for document understanding. The Lay-
outLLM is an LLM/MLLM based method that integrates a docu-
ment pre-trained model as encoder. It is trained by the newly pro-
posed layout instruction tuning strategy which consists of Layout-
aware Pre-training and Layout-aware Supervised Fine-tuning.

ument Al downstream tasks. However, due to the necessity
for fine-tuning on corresponding downstream task data, it
is challenging to directly adapt such pre-trained models for
zero-shot document understanding. In this paper, zero-shot
refers to not using training sets of downstream tasks.

Recently, large language models (LLMs) such as Chat-
GPT [35] and LLaMA [49, 50], or multimodal large lan-
guage models (MLLMs) like GPT4V [1, 36, 56], have
shown remarkable zero-shot capabilities across various ap-
plications. For Document Al, as shown in Fig. 1 (a),
(I) directly prompting LLMs with document text [15, 39]
and (II) training document-based MLLMs [3, 57, 60] have
also achieved promising results under the zero-shot set-
ting [3, 39, 57, 60].

Itis widely accepted that document layout information is
vital for document understanding [2, 8, 12, 13, 16, 17, 23,
25, 26, 32, 38, 41, 52, 54, 55, 59]. However, it is difficult
to convey document layout information by directly feeding
text to LLMs. As Fig. 1(a)(I) shows, representing docu-
ments as either flattened plain text or layout text such as text
with coordinates [15, 39, 44, 64] is often used for LLMs.
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Approaches
= OCR-Free MLLM = off-the-shelf OCR+LLM

« Image infoE visual signalsZ 2f0I=¢ o LLMQ| Litz} 5=

« =™ Ql Vision Backbone 1= « LLMOj| Clet 1= 2 = Bounding

« image SHA =2t Zt&HTE O|4% box(text+x,y coordinates)

o Ao HIEIH|E « spatial layouts as “lightweight visual

«  Textll F&0f| CHet semantic R A =0 CHet info"
O[s{7t BO{H - JUfHez H2 HRY HIE

»  Donut(Eccv 2022), Pix2Struct(icmL 2023), *  DocLLM(acL 2024), LayoutLLM(cvrr 2024),
MPLUG-DocOwl1.5(EMNLP 2024), Qwen2- LaytextLLM(arxiv 2024), DocLayLLM(corr

VL(cver 2024), TextMonkey(corr 2024) 2024), LMD X (arxiv 2024)
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LLM-based approach

= Approaches
« Document Understanding= ?/¢F OCR-Based LLMs
. Off-the-shelf OCRO|M FEE HAESZ HIEIOZ | LM2| Reasoning
. Coordinate-as-tokens
. DocLLM(AcL 2024), LayoutLLM(cvrr 2024), LaytextLLM(arxiv 2024), DocLayLLM(corr
2024), LMDX (arxiv 2024)

[x_min, y_min, Xx_max, y_max]

HARRISBURG 78109
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= QOverview
- Spatial Layout Projector - 2} bounding boxZ single embedding0i| EOt:

« Training objectives - Layout-aware Next Token Prediction & Shuffled-OCR SFT

. . ' 4 \

|A Bounding Box is Worth One Token: Interleaving OCR = Eng'ne Pre = Processmg I Legend L
Layout and Text in a Large Language Model for I I
Document Lnderstand! —>»A Bounding Box is Worth One Token: Interleaving| - - - |Document Understanding| - - - : b Bbox Token :

Assaymous Asthort I I

ey X 2 1 1

- 1Z1,Y1, Z2,Y2] "ABounding Box...."...|Z1,y1, T2, y2| "Document Understanding" , | & Text Token |

I I

A

. N S i gesserssssanasnnes .....................
SLP Tokenizer §Q:"Wh01’ is the :
ititle of this paper?" :

b . . g . - o o 1 e

Large Language Model

e b,

A:"A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large
Language Model for Document Understanding"
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Model Architecture
« Spatial Layout Projector (SLP)
. OCR-ZF=&E XIHE=2 bounding box tokens = Bzt
» P-LoRA (Partial Low-Rank Adaptation) on Bounding Box Tokens = parameter overhead
= =0/ A0 LLMS] LA X4 22

[1'1: Yyi,I2, y2J- Ty = Woxe + By
Wpg € RCm*Cr A r
Pre-trained I, = ”’ Ty + “V l"‘", T + B
z = ""r *C + b._ Weights ) 0b BV AT 0

‘v‘(,r,‘ € E(‘r‘ Cin WO € RCM-“CIH .E - [‘L.b, .L‘ t]
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Training Procedure - Pretraining i log P (£ | .2, 61)
« Layout-aware Next Token Prediction i=1
. Spatial layouts & textual modal 2+2| alignment &=}
. Text tokenE0|| Lot lossTh A4t

=>» Freeze the LLMs and only update parameters of SLP and P-LoRA

Bbox Token
w/o Supervision

LLM LLM

s B B B K > BB B b B

(a) Next Token Prediction (b) Layout-aware Next Token Prediction

b Bbox Token

- t Text Token
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Training Procedure - SFT
« Shuffled-OCR Supervised Fine-tuning
. Inductive bias & errors in text order from the OCR engine
. Generalizability & Robustness 24!

* Unfreeze all parameters

CASH (MYR) ~20.00
Change 1.3 | > .. Change, 1.30, GST%, Amt(RM), GST(RM), Total(RM), SR,
""""" I 6, 17.64, 1.06, 18,70,

GSTX  Amt(RM)  GST(RM) [Total(RM)

SR 6 17.64 1.06 18.70
---------------------------------------- Q: What is the value of the field Change ?

GOODS SOLD ARE NON-CASH REFUNDABLE. Q: What is the value of the filed Total(RM) ?
EXCHANGE OF GOODS WITHIN 14 DAYS

ACCOMPANIED BY ORIGINAL RECEIPT,
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Experiments - Datasets

* Pre-training data
. |IT-CDIP Test Collecdtion 1.0
. DocBank

« SFT data
. Document Dense Descriptioin(DDD) & Layout-aware SFT data
. VQA - DocVQA, InfoVQA, ChartQA, VisualMRC
. KIE - SROIE, CORD, FUNSD. POIE
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Experiments - Implementation
« Llama2-7B-base
.« LayTextLLM,gr, LayTextLLM,q,, LayTextLLMy,
- LayTextLLM,e: Document Dense Descriptioin(DDD), Layout-aware SFT data
- LayTextLLM,ga: + DocVQA, InfoVQA
- LayTextLLM,: + KIE datasets
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Experiments - Baseline Models

* OCR-free Baselines

. UniDoc, DocPedia, Monkey, InternVL, InternLMXComposer2, TextMonkey,
TextMonkey,

 OCR-based Baselines - OCR-derived text as input
. Llama2-7B-base, Llama2-7B-chat
. Llama2-7B-base .y, Llama2-7B-chat o,
. Davinici-003-175B¢qcr
« DoclLLM, LayoutLLM, LayoutLLMcgr
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Experiments - Metrics
* OCR-free Baselines
« Accuracy
 OCR-based baselines - OCR-derived text as input
« Accuracy
. F1
. ANLS (Average Noramalized Levenshtein Similarity)

. CIDEr (Consensus-based Image Description Evaluation)
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Experiments - Comparison w/SOTA OCR-free MLLMs
» LayTextLLM,e, significantly outperforms = zero-shot &5
« SRIOE, POIE

. MLLM low-resolution imagesO]| 2|ot 2 M5 > LayTextLLM2| Robustness
Document-Oriented VQA KIE

DocVQA InfoVQA Avg | FUNSD SROIE POIE Avg
Metric | Accuracy %
OCR-free
UniDoc [10] 1.7 14.7 11.2 1.0 29 5.1 3.0
DocPedia [9] 47.17 15.2° 312 299 214 399 304
Monkey |55] 50.1° 25.8° 38.0 24.1 419 199 286
Intern VL [56] 28.7° 23.6° 26.2 6.5 264 259 196
InternLM-XComposer2 [15] 39.7 28.6 342 15.3 342 493 329
TextMonkey [12] 64.37 28.2° 46.3 323 47.0 279 357
TextMonkey+ [12] 66.7" 28.6" 47.7 429 46.2 320 404
text + polys
LayTextLLM:cro, (Ours) 72.1 357 539 47.5 864 689 67.6
LayTextLLM 4. (Ours) 772" 42.1° 59.7 488 75.7 706 650

Table 1: Comparison with SOTA OCR-free MLLMs. * indicates the training set used.
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Experiments - Comparison w/SoTA OCR-based methods
«  LayTextLLM,e, 2| zero-shot 2tF 0| = =2715t10 DocLLMO| 2X| %= Hs

« coordinate-as-tokens(coor)E AFEY If 2ot EF o HAd

Document-Oriented VQA KIE

DocVQA  VisualMRC  Avg | FUNSD CORD SROIE Avg
Metric | ANLS % / CIDEr | F-score %
Text
Llama2-7B-base 34.0 182.7 108.3 25.6 51.9 43.4 40.3
Llama2-7B-chat 20.5 6.3 13.4 234 51.8 58.6 44.6
Text + Polys
Llama2-7B-base oo [29] 8.4 3.8 6.1 6.0 46.4 34.7 29.0
Llama2-7B-chat .., [29] 12.3 28.0 20.1 14.4 38.1 50.6 343
Davinci-003-175Bcoor [29] - - - - 92.6 95.8 -
DocLLM [25] 69.5" 264.17 166.8 51.8° 67.6" 919 703
LayTextLLM:ero (Ours) 65.5 200.2 1329 47.2 71.2 83.7 694
LayTextLLMuqa (Ours) 75.6" 179.5 127.6 52.6 70.7 79.3 67.5
LayTextLLM,;; (Ours) 772" 271.8° 177.6 @ 64.0° 96.5* 958" 854

Table 2: Comparison with other OCR-based methods. * indicates the training set used.
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Experiments - Comparison w/LayoutLLM
« KIE - LayTextLLMO| OCR-based Z1}=0f| 22tH 9 Z reasoning
« VQA - strongly related to vision info

« Vision Encoder?} = LayoutLLMO| A + CoT

Document-Oriented VQA KIE

DocVQA  VisualMRC Avg | FUNSD™ CORD™ SROIE™ Avg
Metric | ANLS %
Visual + Text + Polys
LayoutLLM [27] 72.3 - . 74.0 . - i
LayoutLLMc,r [27] 74.2 55.7 64.9 79.9 63.1 72.1 71.7
Text
Llama2-7B-base 34.0 254 29.7 42.1 46.7 60.6 49.8
Llama2-7B-chat 20.5 9.9 15.2 15.1 20.0 35.6 235
Text + Polys
Llama2-7B-basecoor [29] 8.4 6.7 T 43 33.0 47.2 28.1
Llama2-7B-chat .., |29] 12.3 12.2 12.2 11.9 6.4 39.4 19.2
LayTextLLM..,, (Ours) 65.5 374 515 72.0 45.5 82.0 66.5
LayTextLLM,; (Ours) 77.2* 41.7* 59.5 81.0" 82.5" 96.1°  86.5

Table 3: Comparison with LayoutLLM. ~ indicates that the cleaned test set used in Luo et al. [27].
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Conclusion
« Limitations

. ChartQA -visual cues

| ChartQA
Slight increase in Japanese support for OCR-free
more active military role in the region Fm e e e e mmmmmmm————————— UniDoc [ 10 I 10.9
Japan should__ in the Asia-Pacificregion 1 Question: What is the difference between DocPedia [9] 46.9*
emend peyamoeactel | the highest and the lowest green bar? _ ! Monkey [55] 54.0°
InternVL [56) 45.6°
_ InternLM-XComposer2 [15] 51.6°
T :

ESMSIISIog TextMonkey [12] 58.2°
Our Prediction: 40 TextMonkey , [12] 59.9°

text + polys
P T LayTextLLM:.,, (Ours) 22.8
PewREsEARGHCENTER LayTextLLM.qa (Ours) 234°
LayTextLLM,;; (Ours) 354"
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LayTextLLM: A Bounding Box is Worth One Token: Interleaving Layout and Text in a Large Language Model for Doc
ument Understanding

= Conclusion
« Document comprehension 382 2A%06| 25O =E A
. Architecture - Spatial Layout Projector & P-LoRA
. Pretraining - Layout-aware Next Token Prediction
. Fine-tuning - Shuffled OCR Fine-tuning
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

= Approaches
« Textual and Spatial Modal=2| W M0 E£9t semantic 24
«  Visual encoder=0j et /& 2 EZ I/5fF7A7 Intrinsic Multi-modality £ Ol
* |tis sufficient to merely Include the spatial layout structure

. Spatial layout infoe= OCRO|M Z== =l bounding box info (x, y coordinates)
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

Model Architecture

« Disentangled Spatial Attention

. Layout2f text 2t

e.g. LayoutLMv2

o
[
.

A2 A E disentangled mannerz A4k
C

—t=~3| position embedding layer 37}

« Infilling objective(Fill in the Middle) into the visual document contexts

* Instruction Tuning - KIE, NLI, VQA, classification

1

(DOMEST
Recommended
tate March 3, 199% -
lescription: | LUCKY STRIKE QUALITATIVE ADV
7+u_ms ~
lequested by IA A_Serobel | Research Req. /

Badgeted.
| Original Budgeted
.q.un. Proposals Obeased: Only rwo bidders becaus.

Al lasight o 27,000

OCRed Document

Text tokens + Bounding boxes

2

-

LLM Extension
Disentangled Spatial Attention

3

Pre-training
Blocks + Infilling Objective

Who is the “Supplier”?
Analytic Insight Inc

What is the doc type?
Purchase Order

Is the year 1995?
Yes

Instruction Tuning
KIE + NLI + VQA + Classify
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

= Model Architecture - Disentangled Spatial Attention
« (1), (2) = 9| Ot= HE attention mechanism
« (3) 2 DocLLMZ| Disentangled Spatial Attention Mechanism
. Encode the bounding boxes into hidden vectors > S € ]RTXd‘
. Text-to-Text, Text-to-Spatial Spatial-to-Text, Spatial-to-Spatial

=>» Incorporate Layout Information of the text tokens & Enables Selective

Focus
Q' = HW?, K'=HW", Al — QK Q° = SW*9, K* = SW5F,
1
A D AL = QKT 4+ AL QIKET 3)
Vi =HW", H = softmaz(—=)V’. (2

Vd + At QIKET + A sQIKET,
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

Pretraining

Infilling objective = Fill in the Middle

Document with text tokens and their bounding boxes
Highlighted blocks are predicted

X2 X3 :

Nalile_l Jolm—| Doe—|
1 b, bs) i

X4_| Xg
54 Xg
DOCTOR i

by Uspﬁbt5

Xs
text-to-text text-to-spatial
attention attention
hy hy ... hr by )
Vocab Embedding +

Token Position

x M x [M] X

by [M] by [M] De

& 6 X3 Xy

D & @ 6

[E]

X2

spat

x3  [E]

1al-to-spatial
attention

T SRS

St-1 St

BBox Embedding +
Token Position

Pretraining Objective

Transformer Blocks

Input Embed Layer

Infilling Sequence

Input Sequence
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

= |nstruction Tuning

« Tasks-VQA(Visual Question Answering), NLI(Natural Language Inference),

KIE(Key Information Extraction), CLS(Document Classification)

(where keys is a subset of all the key names in the dataset in random order)

Task Template type Prompt template Expected response
VQA Extraction {document} {question} answer annotation
NLI MCQ {document} "{statement}", Yes or No? answer annotation
Extraction {document} What is the value for the "{key}"? Associated value annotation
g " " = r) . . .
KIE MCQ {document} What is "{value}" in the document? Possible choices: {keys}. Aszociated keyanmstation

Internal classification {document} Whatis "{value}" in the document?

Associated key annotation

MCQ {document} What type of document is this? Possible choices: {classes}.
CLS (where classes is a subset of all the classes in the dataset in random order)

class annotation

Internal classification {document} What type of document is this?

class annotation
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

= Datasets

* Pre-training
. |IT-CDIP Test Collection 1.0(~16M), DocBank(~500K)
=> 16.7M pages & 3.8B tokens

* Instruction Tuning
. VQA-DocVQA, WTQ, VisualMRC, DUDE
« NLI - TabFact
. KIE-KLC, CORD, FUNSD, DeepForm, PWC, SROIE, VRDU
. CLS-RVL-CDIP
. +BuDDIE
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

= Evaluation - Setup

Model Configuration
. DocLLM-1B (Based on Falcon-1B), DocLLM-7B (Based on Llama2-7B)
Settings
. SDDS (Same Datasets, Different Splits), STDD (Same Tasks, Different Datasets)
STDD = Industry's use casesO|A] EfA I = 3| B6HX]| 24X|2t document £H =

RN Rk

Baselines

. SoTA LLMs w/Zero-shot prompts + OCR-extracted text(w/o spatial info)
- GPT4 + OCR, LIlama2 + OCR

. DocAl LLMs
- mPLUG-DocOwl, UReader
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

Evaluation - SDDS

« 1BMZT 1290 XD s
«  GPT47}VQA 5 = 374 £|10

« DocLLM 1B9| 7B version 0f] 2X| Q=M=

s - Task XHH|2| reasoning & abstraction Of| CHSH £

GPT4+OCR Llama2+OCR mPLUG-DocOwl UReader | DocLLM-1B DocLLM-7B
Dataset -(D 7B (T) 7B (T+V) 7B (T+V) | 1B (T+L) 7B (T+L)
VA VA SDDS SDDS SDDS SDDS
DocVQA 82.8 474 62.2 65.4 61.4 69.5
WTQ (Accuracy) 65.4 25.0 26.9 29.4 21.9 27.1
VQA VisualMRC (CIDEy) 255.1 115.5 188.8 221.7 245.0 264.1
DUDE* 54.6 38.1 - - 42.6 47.2
BuDDIE 76.4 48.8 - - 84.5 86.7
NLI TabFact | 77.1 48.2 60.2 67.6 58.0 66.4
KLC 45.9 27.8 30.3 32.8 58.9 60.3
CORD 58.3 13.8 - - 66.9 67.4
FUNSD 37.0 17.8 - - 48.2 51.8
DeepForm 42.1 20.5 42.6 49.5 71.3 75.7
KIE PWC 18.3 6.8 - - 25.7 29.06
SROIE 90.6 56.4 - - 91.0 91.9
VRDU a.-b.* 43.7 18.7 - - 87.6 88.8
BuDDIE 66.1 10.8 - - 95.4 96.0
CLS RVL-CDIP 68.2 32.8 - - 90.9 91.8
BuDDIE 84.9 40.9 - - 98.3 994
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

Evaluation - STDD
Llama2Z dataset 57 = 40| 52t

Classification Accuracy &'&5| 28 > QZX| 6tLt2| CLS dataset o &

. . DocVQA KLC BuDDIE
Model Size  Setting VOA KIE VQA KIE CLS
GPT4+0OCR — A 82.8 45.9 76.4 66.1 84.9
Llama2+OCR 7B A 47.4 27.8 484 108 409
DocLLM-1B 1B STDD 53.5 40.1 65.5 63.0 208
DocLLM-7B 7B STDD 634 49.9 73.3 72.6 31.1
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

= Experiments - Qualitative
« (a) - Semantic nuances of enterprise documents
« (b) - Spatial Reasoning ability

* (¢) - /imitation at a counting task = numerical concepts

TABLE II
Print Date  02/18/20 Page 1 of 4 Grans per person per day
CONTRACT At-Event Activities

TR yEe e 3 months 6 months 1 year 2 years Objettive #1: - Decide which Winston Cup and Winston Drag events the “KITA™ band will perform.
n—— 1983348 OViZf]Ba?I;::lHevmon e (0e) o 5 % 65 e Objective #2: ..K'.C fests) supporting Winston Cup and Winston Drag the
Bloomberg/D/President 02/18/20  / 02/18/20 #msa (36 x4-) i & = 2 Objective #3: Define intemral and extemal layout options for the Trackhouse and Drag MAU arca.
Contract Dates IEsnma(e # ‘ Pregnancy 80 ol o o' ‘ )
Li:::)u/: - 03/29/20 0129 Tactatio o5 95 95 95 Obyective #4 Agree o timing schedule of when cach clement of At-Event activities will be hve.
MIKE BLOOMBERG 2020 Infants 3.2/Kg. 3.2/Kg. 3.2/Kg. Ohjective #S Continue 10 tighten Speveo and Group 111 budget estimates for al-cvent activities.

(c) Prompt: How many objectives
are listed under at-event

is written
‘emergency

(b) Prompt: What
under the heading

(a) Prompt: What is the value for
the “advertiser”?

DocLLM: Bloomberg/D/President
GPT4+0CR: MIKE BLOOMBERG 2020

protein allowances’?
DocLLM: Grams per person per day
GPT4+0CR: Men (70 Kg.) 50 55 ...

activities?
DocLLM: 4
GPT4+0CR: 5
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DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding

= Conclusion
« Limitation
. Context 20|
. =%t reasoning task =
 Impact
. SEot HEOl layoutO| EAHZI document0i| generative reasoning

- By Lightweight extension to traditional LLMs
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