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Abstract

Recent methods that integrate spatial layouts with text
for document understanding in large language models
(LLMs) have shown promising results. A commonly used
method is to represent layout information as text tokens and
interleave them with text content as inputs to the LLMs.
However, such a method still demonstrates limitations, as
it requires additional position IDs for tokens that are used
to represent layout information. Due to the constraint on
max position IDs, assigning them to layout information re-
duces those available for text content, reducing the capac-
ity for the model to learn from the text during training,
while also introducing a large number of potentially un-
trained position IDs during long-context inference, which
can hinder performance on document understanding tasks.
To address these issues, we propose LayTokenLLM, a sim-
ple yet effective method for document understanding. Lay-
TokenLLM represents layout information as a single token
per text segment and uses a specialized positional encoding
scheme. It shares position IDs between text and layout to-
kens, eliminating the need for additional position IDs. This
design maintains the model’s capacity to learn from text
while mitigating long-context issues during inference. Fur-
thermore, a novel pre-training objective called Next Inter-
leaved Text and Layout Token Prediction (NTLP) is devised
to enhance cross-modality learning between text and layout
tokens. Extensive experiments show that LayTokenLLM out-
performs existing layout-integrated LLMs and MLLMs of
similar scales on multi-page document understanding tasks,
as well as most single-page tasks.

1. Introduction

Document understanding [9] is currently an important area
in both industry and academic research, driven by the criti-
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Figure 1. Comparison with other Layout-as-Token methods. Pre-
vious Layout-as-Token methods require additional position IDs for
layout information which squeeze the learning space for text con-
tent, while LayTokenLLM eliminates the need for additional po-
sition IDs of layout information by sharing the first position ID of
corresponding text content.

cal need to efficiently process and understand complex doc-
uments. In recent years, large language models (LLMs) and
multimodal large language models (MLLMs) have made re-
markable progress in this field. Especially in tasks involving
rich textual content, such as the document-oriented Visual
Question Answering (DocVQA) [32] task and the visually-
rich document information extraction (VIE) [19, 33, 48]
task. Some works [20, 28, 44] suggest that the most valu-
able information for document understanding can be de-
rived from both the text and its layout, treating spatial lay-
outs as a form of lightweight visual information. Build-
ing on this idea, these approaches [20, 28, 44] that inte-
grate such spatial layouts as visual information with text for
LLMs have shown promising results, and sometimes supe-
rior performance compared to MLLMs.

The integration of layout information can be broadly cat-
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Text and Layout Format Number of Extra Position IDs T-Ratio
for Representing Layout (Nt /I N)
In a Segment  Avg. on MP-DocVQA
Plain Text (w/o Layout) 0 0 100%
{text:“text”,Box:[123, 456, 133, 500]} [13] 27 8015 27.02%
<ref>text</ref><box>(123,456),(133,500)</box> [3, 27] 21 7959 32.26%
<ref>text</ref><box>[[253, 231, 733, 787]]1</box> [6] 18 6894 35.71%
text+one box hidden representation [28] 1 350 90.91%
text+layout_token (Ours) 0 0 100 %

Table 1. Comparison of different paradigm to integrate layout information with text content. T-Ratio is defined as the ratio of the position
utilization for text tokens (/V;) to the maximum trained position length (V). In the table, NV is set to 2048.

egorized into two types: layout-as-modality methods [31,
44] and layout-as-tokens methods [13, 20, 28, 35]. Layout-
as-modality methods treat layout information as an addi-
tional modality [31, 44], modeling it alongside text within
LLMs and training specialized LLMs. Although layout-
as-modality methods have shown good performance, they
require substantial modifications to the LLM architec-
ture to incorporate layout information, making them less
lightweight. On the other hand, layout-as-tokens methods
represent the layout information as text tokens, and inter-
leave them with the corresponding text content as inputs
into the LLMs, which provide a more lightweight and com-
monly used approach [20, 28] for document understanding.

However, existing layout-as-token methods still en-
counter a significant limitation. Due to the constraint on
max position IDs, assigning them to layout information re-
duces those available for text content, reducing the capacity
for the model to learn from the text during training. As illus-
trated in Fig. 1, the context window during training is con-
strained by the maximum position ID N. When tokens that
are used for representing layout information are integrated
into an LLM, the allocation of additional position IDs (m)
for layout information reduces the number of position IDs
available for the text content (N — m'), leading to less ca-
pacity for LLMs to learn from the text during training. To
better quantify the impact of incorporating additional lay-
out information, a rough measure called T-Ratio which is
used to represent the ratio of the position utilization for text
tokens (/V;) to the maximum trained position length (V) is
shown in Tab. 1. As can be seen, assigning position IDs
to tokens that are used for representing layout information
significantly affects the T-ratio, even when only a single po-
sition ID is used to represent the layout in a segment. Al-
though the T-ratio is a rough measure, it reflects the impact
of introducing layout information, as assigning position IDs
to layout tokens reduces the number of position IDs avail-
able for text content, ultimately limiting the model’s capac-
ity to learn from the text during training. And it can be also
seen that existing methods allocate hundreds or even thou-
sands of additional position IDs for layout information on
the MP-DocVQA dataset and these additional position IDs
are potentially unlearned during training, which may exac-

erbate the long-context inference problem [34, 37].

To address these issues, we propose a simple yet ef-
fective framework in this paper, called LayTokenLLM, for
document understanding. LayTokenLLLM is a lightweight
framework that represents the layout information of each
text segment as a single layout token and employs a spe-
cially designed positional encoding scheme for the layout
tokens. Notably, as shown in Tab. 1, LayTokenLLM incor-
porates layout information as a single layout token but with-
out allocating any additional position ID, ensuring compre-
hensive learning of text content (100% max position IDs for
text content) during training, while alleviating long-context
issues introduced by layout information during inference.
Additionally, a novel pre-training objective called Next In-
terleaved Text and Layout Token Prediction (NTLP) is pro-
posed to improve the comprehension of interleaved for-
mat and deepen the connection between these distinct types
of information in LayTokenLLLM. Different from previous
methods that focus solely on either text or layout content for
subsequent predictions [28, 44], NTLP leverages the auto-
regressive traits of LLMs and additionally facilitates cross-
prediction between text and layout. Extensive experiments
across widely used benchmarks for both single-page and
multi-page document understanding demonstrate the effec-
tiveness of the proposed LayTokenLLM.

Our contributions are summarized as follows:

1) This paper introduces LayTokenLLM, a simple yet effec-
tive method to integrate layout information into LLMs for
document understanding. It represents layout information
as a single token and uses a specially designed positional
encoding scheme, avoiding the issues caused by allocat-
ing additional position IDs for the layout information.

2) A novel pre-training objective called Next Interleaved
Text and Layout Token Prediction is introduced to en-
hance cross-modal prediction and relational learning be-
tween text and layout modalities.

3) Experimental results show that the proposed LayToken-
LLM significantly outperforms existing methods utilizing
LLMs/MLLM:s for multi-page document understanding,
while also achieving superior performance in most sub-
tasks of single-page document comprehension.
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2. Related Work

Recently, leveraging large language models (LLMs) and
multimodal large language models (MLLMs) for docu-
ment understanding have shown significant progress. Al-
though existing MLLMs show promising results in doc-
ument understanding, they still struggle with issues asso-
ciated with high-resolution input, particularly in cases of
dense or difficult-to-recognize text. Considering the lay-
out information is vital for document understanding [2, 10,
12, 17, 22, 25, 29, 30, 36, 45, 47, 50], existing an al-
ternative approach, integrating spatial layouts with text as
lightweight visual information for LLMs has shown promis-
ing results, and sometimes even superior performance com-
pared to MLLMs. These approaches can be categorized
into two types: layout-as-modality methods and layout-as-
tokens methods.

2.1. Multi-modal Large Language Models

Existing MLLMs [1, 4, 8, 26, 39, 49, 52] show excep-
tional performance for document understanding. Models
[4, 7, 8, 23, 51] like InternVL, Qwen-VL have augmented
MLLMs with advanced visual capabilities by introducing
high-resolution visual input to better handle documents
containing dense or difficult-to-recognize text. However,
the methods require an excessive number of image tokens,
adversely affecting inference speed [7, 23, 51]. In response
to this challenge, a series of MLLMs [14, 15, 24] propose to
reduce the token count by compressing image patches, but
this may lead to the loss of critical textual information.

2.2. Layout-as-Modality Methods

Layout-as-Modality methods treat layout information as
an additional modality, modeling it alongside text within
LLMs [5, 40, 42] and training specialized LLMs for doc-
ument understanding. Luo et al. [31] make pioneering at-
tempts to combine layout information with text into LLMs.
In order to fully exploit the document layout information,
it employs pre-trained document encoders, which represent
the spatial layout of text as an additional modality similar to
previous pre-trained text-layout models [18, 46]. Recently,
Wang et al. [44] propose to further disentangle the text and
layout modalities by considering the inter-dependency be-
tween them. However, these methods require modifying
the model architecture and necessitate an additional pre-
training stage, making them less lightweight.

2.3. Layout-as-Token Methods

Layout-as-Tokens methods represent layout information as
text sequences, embedding the sequences interleaved with
the corresponding text as inputs into the LLMs as shown
in Tab. 1, providing a more natural and commonly used
approach. Specifically, He et al. [13] introduce an in-
context learning format like “{rext: “text”,Box:[123, 456,

133, 500]}” which incorporate layout information (See
Tab. 1, line 2) in the demonstration to enable LLMs to un-
derstand positional relationships. And Lamott et al. [20] de-
sign a novel document verbalizer to effectively encode the
layout information in the prompt. Perot et al. [35] generate
LLM prompts containing both the text content and coordi-
nate tokens, which communicate the layout modality and
act as unique identifiers of the text segments for informa-
tion extraction and localization, while Lu et al. [28] use one
hidden token to represent layout information. Despite their
convenience and effectiveness, these methods introduce an
excessive number of interleaved position spaces to represent
the layout, leading to a dilution of the textual content (see
Tab. 1). The extra interleaved position occupied by models
not only hampers the comprehension learning and increases
the burden of comprehension of the text content.

3. Method

In this section, our LayTokenLLLM is presented, which is an
LLM-based method that incorporates text and spatial layout
information which can be viewed as lightweight visual in-
formation. To incorporate layout information while avoid-
ing issues arising from extra position ID allocations, and
to enhance the connection between text and layout within
the same segment, two primary components are proposed:
a simple yet effective Layout Token, and a pre-training ob-
jective designed for interleaved text and layout format.

3.1. Model Architecture

The overall architecture of LayTokenLLM is shown in
Fig. 2. Once the text segments with corresponding layout
information are parsed from the document (e.g., by OCR),
the bounding box coordinates of each text segment are first
compressed into one single layout token with a layout to-
kenizer. Then the text tokens and their corresponding lay-
out tokens are interleaved and input to LLM. A simple yet
effective layout positional encoding scheme is designed to
address the issues of additional position IDs. Furthermore,
a novel pretraining objective is proposed to enhance cross-
modal connections within the same segment.

3.1.1 Details of Layout Token

As shown in the upper left part of Fig. 2, a learnable em-
bedding t € R¢ is employed as a query, mapping each text
segment’s bounding box Box into only one single layout
token b € R%:

b= Fayn(t, Fp(Box)), (1)

where Fp represents a projector that encodes the
bounding box defined by four-dimensional coordinates
[x1,y1,22,y2] into a high-dimensional embedding, and
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Figure 2. The overall architecture of LayTokenLLLM. Given the text segments with layouts parsed from document (e.g., by OCR), Lay-
TokenLLM first tokenizes the layout information (bounding box) of each text segment into a single layout token by leveraging a trainable
projector and an attention module with learnable query. Subsequently, the text tokens and layout tokens are interleaved and the position
IDs are assigned by sharing the first position ID of each text segment with the corresponding layout token, preserving the entire learning
space for textual content. Finally, distinct training objectives are employed for the text and layout information, respectively.

F 444, represents an attention encoder which takes the learn-
able embedding as query and the high-dimensional embed-
ding of bounding box as key and value. Through the lay-
out tokenizer, the layout information is significantly com-
pressed, thereby alleviating the burden of longer tokens
while enhancing inference speed.

3.1.2 Positional Encoding Scheme for Layout Token

The most prevalent positional encoding method for LLMs
is the Rotary Positional Encoding (RoPE) [38]. Let T"and L
represent the length of tokens used for text and layout infor-
mation in an OCR segment, previous methods will allocate
additional position IDs for the interleaved layout informa-
tion and set the position IDs of a segment P as:

p=J[,1,...,.T-1,T7,...,T+ L—1]. 2)
However, even compressing the layout information to a sin-
gle layout token for each text segment, an additional po-
sition ID must still be allocated. Moreover, the positional
distance between adjacent text segments will be stretched
due to the inserted layout tokens.

To address the issues of additional position IDs and the
comprehension burden of stretched positional distance in-
troduced by layout information, a straightforward and effi-
cient positional encoding scheme is proposed that reuses the
position IDs already utilized in the text tokens for layout to-

kens. Considering the cross-modality alignment within the
same text segment, each single layout token is assigned with
the position ID of the first text token in its corresponding
text content (as illustrated in the lower left part of Fig. 2).
Then the position IDs of a text segment P is expressed as:
P=[0,1,...,7 —1,0]. 3)
Consequently, LayTokenLLM needs no additional posi-
tion IDs for layout information, enabling the trained posi-
tion IDs to be entirely dedicated to text content, and achiev-
ing a 100% T-Ratio. At the same time, the positional dis-
tance between adjacent text segments is preserved.

3.2. Pretraining Objective

Leveraging the autoregressive capabilities of LLMs and
inspired by the “Next Token Prediction” in LLMs pre-
training, the Next Interleaved Text and Layout Token Pre-
diction (NTLP) is proposed. Previous works, such as Lay-
TextLLM [28], focus solely on the prediction of text tokens
under interleaved text and layout format without supervis-
ing layout information, even though they integrate layout in-
formation for LLMs. Considering the significant role of lay-
out information for document understanding, as illustrated
in Fig. 3, NTLP performs the next prediction task to recon-
struct the document on all interleaved text and layout to-
kens, with training on both modalities. Thus, NTLP enables
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Figure 3. Illustration of the Next Interleaved Text and Layout To-
ken Prediction objective. The supervision is conducted on both
text and layout tokens to reconstruct text content and layout infor-
mation simultaneously.

effective learning of layout information, enhances cross-
modal prediction, and improves relational learning between
text and layout modalities.

Specifically, NTLP minimizes the loss between the
grounding truth of the next token and its prediction, whether
the token is a text token or a layout token, and the loss func-
tion is defined as:

;| Nl
— (i1,0 1 i1
L= N1 ;Zl Li(2'2°, 2%, .., 270, 4)

where 2 denotes the i-th token, while £; represents the loss
associated with predicting the token z* based on all preced-
ing tokens 2%, 2!, ..., 2=, For supervised training involv-
ing text, employing the commonly used cross-entropy (CE)
loss associated with large language models (LLMs). No-
tably, given that the layout information has been encoded as
a single token alongside the floating-point representation of
layout (bounding box) information, NTLP introduces a ded-
icated layout head fq, to map the layout hidden states to
four-dimensional coordinates [x1,y1, Z2,y2], which serve
as the predicted layout output for supervised training uti-
lizing Mean Squared Error (MSE) loss. Thus, £; can be

expressed as:

ro— »CCE(ftezt(Zi)a yiemt)? Ze Clayv (5)
' EMS'E(flay(Zl)yBoml)aZz S Ctewh

where fic.+ denotes the text head, while ., represents
the one-hot encoding of the true label corresponding to text
token z' € Cyop¢. Additionally, Boz® signifies the true four-
dimensional coordinates for layout token z* € Clay-

4. Experiments
4.1. Training Dataset Collection

Pre-training data of LayTokenLLM utilizes the open-
source document dataset called Layout-aware SFT data

from LayoutLLM [31], which comprises an ensemble of
diverse and high-quality data relevant to document under-
standing and information extraction tasks. For pre-training
efficiently, filtering out too long documents with token
lengths of more than 2k for effective pre-training.

SFT data of LayTokenLLM employs the datasets exten-
sively used in single-page and multi-page document under-
standing tasks to ensure high-quality SFT. For the single-
page document understanding task, the combined train-
ing sets of DocVQA [32] and SIBR [48] constitute the
SFT dataset. DocVQA includes 50k question-answer pairs
grounded on 12k document images. Meanwhile, SIBR is a
real-world dataset for Visual Information Extraction tasks,
covering challenging scenarios with difficult-to-recognize
text like blur, partial occlusions, and printing shifts. Regard-
ing multi-page document understanding SFT, leverages an
ensemble of datasets that incorporates the training sets from
MP-DocVQA [41] and DUDE [43].

4.2. Training Setup

In the experiments, two widely used models, Qwenl.5-
7B [40] and LLama3-8B [l1], are employed as the
main LLM components of LayTokenLLM, referred to as
LayTokenLLM-7B and LayTokenLLM-8B, respectively.
Moreover, for a more comprehensive comparison with other
Layout-as-Token methods, we also consider comparisons
using the same training data and LLM backbone as ours,
but employing different commonly used text and layout for-
mats as input proposed by existing methods [4, 8, 13], such
as “{text:“text”,Box:[123, 456, 133, 500]}”, as shown in
Tab. 1. During both pre-training and SFT phases, as illus-
trated in Fig. 2, the LLM is frozen, while the parameters of
the LoRA [16], layout tokenizer, and layout head are ran-
domly initialized and updated to support lightweight train-
ing. The pretraining stage and single-page document SFT
are trained for 3 epochs with a batch size of 64, a learning
rate of 3e-4, and a maximum position ID set to 2048. To
handle full training of long-context content under computa-
tional constraints, multi-page document SFT employs a 2-
stage strategy: first, processing documents up to 4k tokens
(maximum position ID) with a batch size of 32; second,
handling those exceeding 4k up to 16k tokens and batch size
is 8. The training is performed on 8 Nvidia A100 GPUs.

4.3. Evaluation Setup

For the single-page document understanding task, widely
used benchmarks such as Document Visual Question An-
swering (Document VQA) and Visual Information Extrac-
tion (VIE) are employed, with only the test sets being uti-
lized across all benchmarks. The Document VQA datasets
specifically utilize the DocVQA test set, consisting of 5,188
questions. For the VIE task, which includes the SIBR [48],
FUNSD [19], and CORD [33] benchmarks, the cleaned test
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Single-page Multi-page

Setting Document VQA Document VQA
MP-
SIBR FUNSD CORD DocVQA DocVQA DUDE

Plain Text
Qwenl1.5-7B-Chat [40] 38.81 52.52 29.71 64.27 47.15 28.98
Llama3-8B-Instruct [11] 51.77 57.47 40.00 74.22 50.75 24.89
Text + Layout-as-Modality
DocLLM-7B¢ [44] - (51.80) (67.40) 69.50 - -
LayoutLLM-7B¢ [31] - 79.98 63.10 74.27 - -
Text + Layout-as-Token
LayTextLLM-7B¢ [28] - 72.00 45.50 77.20 - -
text, [123, 456, 133, 500]* 91.44 79.89 67.77 81.16 59.17 41.01
{text:“text”,Box:[123, 456, 133, 500] }x [13] 91.45 79.98 68.57 81.98 55.96 37.96
<ref>text</ref><box>(123,456),(133,500)</box>% [3] | 91.43 79.56 69.62 81.37 57.81 39.67
<ref>text</ref><box>[[253, 231, 733, 787]]</box>x [6] 88.24 78.17 56.32 80.18 56.16 40.82
LayTokenLLM-llama2-7B¢ (Ours) 90.13 | 76.10(67.39) | 67.60 (73.39) 79.98 56.30 36.59
LayTokenLLM-7B* (Ours) 92.03 | 78.72(69.47) | 73.79 (71.03) 81.50 72.81 49.72
LayTokenLLM-8BA (Ours) 92.20 | 81.62(70.96) | 78.30 (75.35) 85.11 74.31 52.00

Table 2. Comparison with the LLMs integrating layout information. Symbols ¢, x and A represent the LLM backbones used: Llama2-7B,
Qwen1.5-7B and Llama3-8B. Methods marked with « are trained identically to LayTokenLLM. (-) shows F1-scores on uncleaned FUNSD
and CORD, as used in DocLLM [44]. ‘Bold’ means the best in our series, while ‘Underline’ marks the best among all compared methods.

Models SIBR | FUNSD | CORD | DocVQA 30 distinct entity categories, including but not limited to
QwenVL-7B [3] 21.65 47.09 30.00 65.10 tax amounts and total prices. Following LayoutLLM [31],
InternVL2-8B [7] 68.39 75.84 79.88 91.66 transform the VIE datasets into question-answering for-
TextMonkey-7B [27] | 51.30 65.49 67.54 66.70 mat, and the QA for both DocVQA and VIE task is eval-
LayTokenLLM-7B | 92.03 | 78.72 73.79 81.50 uated by ANLS [32]. For the multi-image document un-
LayTokenLLM-8B | 92.20 81.62 78.30 85.11 derstanding task, our experiments test on MP-DocVQA and

Table 3. Comparison with MLLMs on single-page document
datasets. ‘Bold’ means the best in our series, while ‘Underline’
marks the best among all compared methods.

Models MP-DocVQA DUDE
LongVA-7B [51] 60.80 38.37
Idefics3-8B [21] 67.15 38.65
LLaVA-next-interleave-7B [23] 44 .87 28.03
InternVL2-8B [6] 68.00 37.00
MPLUG-DocOwI2-8B [15] 69.42 46.77
LayTokenLL.M-7B 72.81 49.72
LayTokenLLM-8B 74.31 52.00

Table 4. Comparison with MLLMs on multi-page document
datasets.

sets of FUNSD and CORD provided by LayoutLLM [31]
are used. SIBR’s test set consists of 400 images, annotated
with entity instances and links to challenge visual infor-
mation extraction models. The FUNSD dataset features a
test collection of 50 form images, each meticulously labeled
with entities such as headers, questions, answers, and oth-
ers, complemented by annotations for entity linking. Con-
versely, the CORD dataset encompasses a test suite of 100
receipt images, each enriched with annotations spanning

DUDE, which are widely used for multi-page document un-
derstanding. Following the evaluation metric settings of the
original datasets, the MP-DocVQA is evaluated by ANLS,
while DUDE adopts a version of ANLS that it has mod-
ified. The hyperparameters during inference (e.g., top k,
beam search, etc.) are set to their default values.

4.4. Main Results
4.4.1 Effectiveness Comparison

Comparison with LLMs combined with Layout Infor-
mation is illustrated in Tab. 2. It can be seen that vari-
ant LLMs that incorporate layout information consistently
outperform plain text models in all document comprehen-
sion tasks, proving that layout is crucial for document un-
derstanding. Moreover, our method achieves competitive
results in single-page document VQA (leading in 2 sub-
tasks and with a higher average compared to other meth-
ods using the same LLM). Notably, LayTokenLLM out-
performs other methods by a large margin in multi-page
document VQA (more than 10% improvement among the
marked * approaches). We believe the more significant
improvement on multi-page document VQA is due to the
fact that in single-page documents most cases do not ex-
ceed the trained maximum position ID. Consequently, the
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Text and Layout Format

FLOPsMACs| P Dec VQA - MP Doc VQA

ANLS Avgt ANLS Avg?t
Plain Text (w/o Layout) 7.95/3.98 46.33 38.07
{text:“text”,Box:[123, 456, 133, 5001} [13] 28.76/14.57 80.49 46.96
<ref>text</ref><box>(123,456),(133,500)</box> [3, 27] 28.69/14.34 80.50 48.74
<ref>text</ref><box>[[253, 231, 733, 787]]</box> [6] 32.81/16.40 75.73 48.49
text+layout_token (LayTokenLLM) 9.32/5.36 81.51 61.27

Table 5. Comparison with Layout-as-Token Methods on the multi-page document (MP Doc) understanding tasks, which all initialized from
Qwenl.5-7B-Chat. ‘FLOPs/MACSs’ denotes the Floating Point Operations Per Second (FLOPs) and the Multiply-Accumulate Operations
(MACs) on DocVQA which are broadly used to measure the computational complexity and efficiency.

impact of additional layout information on the LLM can
be largely alleviated through further fine-tuning. In con-
trast, in multi-page documents with extensive context that
require the allocation of numerous position IDs, the intro-
duction of additional position IDs for layout information
may exacerbate the challenges associated with long-context
processing. Our LayTokenLLM demonstrates remarkable
performance by effectively circumventing the need for ex-
tra position IDs dedicated to layout information, thereby
emphasizing its efficiency and superiority in handling such
complex scenarios. Furthermore, experiments with differ-
ent LLM backbone initializations consistently achieve supe-
rior results across all benchmarks, substantiating that Lay-
TokenLLM can adapt to various LLMs.

Comparison with MLLMs is shown in Tab. 3 and Tab. 4.
Considering the distinct advantages of existing MLLMs in
both single-page and multi-page document understanding
tasks, representative works in each task are selected for
comparison. It can be seen that LayTokenLLLM achieves
the comparable performance of the best model InternVL2-
8B across most single-page tasks. Particularly in chal-
lenging scenarios like SIBR, which covers difficult-to-
recognize text, LayTokenLLM achieves 92.20%, compared
to InternVL2-8B’s 68.39%, showcasing a significant advan-
tage which is attributed to the enhanced preservation of tex-
tual and layout information of the document. Furthermore,
in multi-page document understanding, LayTokenLLM ex-
ceeds both InternVL2 and MPLUG-DocOwl by over 5% on
the DUDE dataset. This superiority may stem from MLLMs
often compressing images into fewer tokens for multi-page
documents, which results in the loss of textual information.
In contrast, LayTokenLLM retains a greater proportion of
text, enhancing document representation and discernment.

4.4.2 Efficiency Comparison

Tab. 5 presents a comparative analysis of the Layout-as-
Token method in terms of efficiency and performance.
Compared to the methods with a comparable number of
parameters, LayTokenLLM demonstrates superior perfor-
mance in both single-page and multi-page document under-
standing tasks while exhibiting better efficiency. Notably,
due to its lightweight design, our LayTokenL LM exhibits a

# Layout Token SPD MPD
- oc oc
Layout 1 aypostp  NTLP N1 g Ave | ANLS Ave
Tokenizer

0 80.07 50.09
1 v 78.89 58.22
2 v v 79.27 60.50
3 v v v 81.51 61.27

Table 6. Ablation study on single-page document (SP Doc) and
multi-page document (MP Doc) understanding tasks. LayPosID
represents the positional encoding scheme for our Layout Token.

low processing time that is comparable to only Plain Text
input, and more than half that of alternative methods inte-
grating layout information. These results affirm that Lay-
TokenLLM is both effective and efficient.

4.5. Ablation Study

To evaluate the effectiveness of the proposed Layout Token
and pre-training objective in the document understanding
task, an ablation study is conducted (see Tab. 6).

Initial Baseline. The #0 baseline disables both Layout To-
ken and NTLP objective. It utilizes uncompressed layout in-
formation as textual tokens for LLM input, consistent with
the fine-tuning data as LayTokenLLM settings. Under this
configuration, the baseline achieves a high average perfor-
mance of 80.07% in single-page document understanding
tasks, but performs poorly in multi-page document scenar-
ios due to the layout information occupying critical text
learning and understanding space.

Effect of Layout Token. The proposed Layout Token in
LayTokenLLLM is generated by our Layout Tokenizer with
LayPosID. In #1, the layout tokenizer is introduced. Com-
pared to #0, the proposed compression of layout informa-
tion enables more text information to be learned within a
fixed window, leading to significant performance improve-
ments in multi-page tasks. Meanwhile, in single-page doc-
ument scenarios, there is a slight degradation in perfor-
mance due to the information loss caused by layout infor-
mation compression. In #2, the framework extends #1 via
LayPosID (our positional encoding scheme), which further
eliminates the need for extra layout positional indexing and
achieves 100% T-ratio. As a result, #2 demonstrates ad-
ditional performance gains over #1, with a substantial im-
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Page Number 1

Question: What is the PRO intake for
MRFIT Subjects?
GT Answer: 16% Sport

Qwen1.5-7B (Text+Layout)

20 03 LayTokenLLM-78 (Ours)

~ 19 66.0

Page 1 Page 210 Page >10

(c) Statistical ANLS on MP-DocVQA

Males

Females
fat % fat %

Baseball/Softball
Basketball
Football
Gymnastics

Qwen1.5-7B (Text+Layout): 16%

LayTokenLLM-7B: 16% v femalesin gymnastics?

GT Answer: 9-15

(a) Single-page QA

(b) Multi-page QA

16-26
16-27 83.3

9-15 822

12-1a
7-10
8-18
a6

Question: What is the £a#% for | Qwen1.5-7B (Text+Layout): 19-5 X

1 79.5
: LayTokenLLM-7B: 9-15 790

Table/List Layout
(d) Layout-related comparison on
DocVQA

Figure 4. Qualitative results on (a) single-page and (b) multi-page document QA, where “Qwen1.5-7B (Text+Layout)” is trained with the
same data and LLM as LayTokenL.LM-7B, but employs norm text and layout format (“text, [123, 456, 133, 500]”) instead of Layout Token.

The

highlights denote the relevant areas or keys for QA, while the Green highlights indicate the correct answers. (c) Distribution

of statistical ANLS in terms of pages along the posed questions on MP-DocVQA. (d) Comparison of layout-related performance using the

single-page document dataset, DocVQA.

provement of 2.3% in multi-page document understanding.
Effect of NTLP Objective. Compared with #2, #3 further
incorporated the NTLP, which employs a next interleaved
text and layout prediction task. The objective enhances both
text and layout representation learning, as well as their in-
terconnections. Performance improvements are observed in
both single-page and multi-page document understanding
tasks, with increases of 2.2% and 0.8% respectively.

Overall, the ablation study confirms the effectiveness of
the Layout Token and the NTLP pre-training objective.

4.6. Qualitative Results

To further study the effectiveness of our method, two ex-
amples from single-page and multi-page document QA sce-
narios and statistical analysis related to page numbers are
presented in Fig. 4. In the context of key-value QAs that
rely on spatial layouts, the Qwen1.5-7B model, which in-
tegrates standard text and layout formats, can accurately
respond on single-page documents (Fig. 4(a)) but exhibits
answer confusion on multi-page documents (Fig. 4(b)). In
contrast, LayTokenLLM achieves correct reasoning on both
single-page and multi-page documents. We think the con-
fusion in multi-page documents is mainly due to the added
position IDs overhead caused by incorporating layout in-
formation, leading to long-context issues. So we further
conduct a statistical analysis on the performance related to
the page ordinal number with proposed questions, as de-
picted in Fig. 4(c). It can be seen that the performance of the
Qwen1.5-7B model with the direct integration of layout in-
formation declines significantly with an increasing number
of pages. In contrast, our LayTokenL.LM exhibits a marked
performance advantage as pages increase, highlighting its
superiority, especially in understanding long-context doc-
uments. Moreover, LayTokenLLM’s layout representation
performance is further evaluated under conditions exclud-

ing the impact of position ID overhead (short-context sce-
nario), using the “table/list” and “layout” subset of the
DocVQA dataset, see Fig. 4(d). The results show that Lay-
TokenLLM not only avoids negative impacts but also im-
proves results compared with Qwen1.5-7B (Text+Layout),
demonstrating its effectiveness in re-expressing layout in-
formation. Overall, LayTokenLLM ensures comprehensive
text learning while clearly preserving layout information,
leading a more complete document understanding.

5. Limitations

Although the proposed Layout Token demonstrates that
LayTokenLLM can effectively address text-dense docu-
ments with rich layout information, it may overlook cer-
tain graphical elements, such as charts and icons. Addi-
tionally, although NTLP pre-training has been shown to en-
hance document understanding, future work could explore
more granular tasks, such as fine-grained layout relation-
ship prediction. Further research may focus on equipping
LayTokenLLLM with these capabilities.

6. Conclusion

We propose LayTokenLLM, which incorporates a simple
yet effective Layout Token to ensure comprehensive learn-
ing of text content while alleviating long-context issues
introduced by layout information. Furthermore, an inter-
leaved text and layout token next prediction pre-training
objective is utilized to enhance cross-modal prediction and
relational learning between text and layout modalities. Ex-
tensive experiments demonstrate the effectiveness of Lay-
TokenLLLLM across diverse benchmarks for both single-page
and multi-page document understanding.
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