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Abstract

Visual Information Extraction (VIE) plays a crucial role in
the comprehension of semi-structured documents, and sev-
eral pre-trained models have been developed to enhance per-
formance. However, most of these works are monolingual
(usually English). Due to the extremely unbalanced quan-
tity and quality of pre-training corpora between English and
other languages, few works can extend to non-English sce-
narios. In this paper, we conduct systematic experiments
to show that vision and layout modality hold invariance
among images with different languages. If decoupling lan-
guage bias from document images, a vision-layout-based
model can achieve impressive cross-lingual generalization.
Accordingly, we present a simple but effective multilingual
training paradigm LDP (Language Decoupled Pre-training)
for better utilization of monolingual pre-training data. Our
proposed model LDM (Language Decoupled Model) is first
pre-trained on the language-independent data, where the lan-
guage knowledge is decoupled by a diffusion model, and then
the LDM is fine-tuned on the downstream languages. Exten-
sive experiments show that the LDM outperformed all SOTA
multilingual pre-trained models, and also maintains competi-
tiveness on downstream monolingual/English benchmarks.

Introduction

Images with text, such as scanned documents (Shen et al.
2023) and street views (Zeng et al. 2023), are widely used in
our daily life (Shu et al. 2024). Given the intricate layout and
vision clues present in these documents, merely detecting
(Chen et al. 2020) and recognizing (Qiao et al. 2020, 2021)
all text in the images and serializing to a text sequence could
result in a substantial loss of information (Zeng et al. 2024a).
Therefore, Visual Information Extraction (VIE) has been de-
veloped, tasking the model with utilizing multi-modal infor-
mation (including vision, layout, and text) to extract essen-
tial information from a variety of documents. Inspired by ad-
vancements in the pre-training fine-tuning paradigm (Raffel
et al. 2020), numerous studies have been undertaken to fur-
ther advance this field. Similar to other tasks, VIE also en-
counters a significant challenge: English corpus dominates
the pre-training corpus while other languages lack adequate
training.
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Figure 1: (a) Original image. (b) The previous method, LiLT,
only decouples the layout modality across different lan-
guages, ignoring the vital appearance. (¢c) Our method re-

mains vision and layout consistent with original image.

Most multilingual works opt to collect more non-English
pre-training data, which can be either synthetic (Kim et al.
2022) or real-life scenarios (Xu et al. 2021a). However,
synthetic data often exhibit template-based structures and
lack meaningful sequences, constraining the effectiveness
of these approaches. Gathering real data can be time-
consuming and costly, and these data are usually limited
to certain languages (Yu et al. 2023). In this context, LiLT
(Wang, Jin, and Ding 2022) initially focuses on pre-training
using available monolingual data and then smoothly transi-
tions to multilingual benchmarks. In pursuit of this objec-
tive, LiLT overlooks the visual modality and only decou-
ples the layout information. A pertinent query arises: Does
the visual modality offer benefits in multilingual VIE? Is
it possible to leverage the visual modality to enhance the
pre-training of our multilingual model?

Based on our early attempts, we propose that similar to
the layout, visual features exhibit a comparable level of in-
variance across various languages. For instance, as shown
in Figure 1(a), though not understanding German words, we
can infer that a text sequence in bold font with a distinct
gray background typically indicates a section title. In con-
trast, when vision information is completely absent, such as
Figure 1(b), the final performance will largely depend on the
language model’s multilingual capabilities, which might be
inconsistent across different languages.



However, images inherently contain language or text in-
formation. Even without explicitly training the model to ex-
tract this information, it would naturally overfit the target
language (Yu et al. 2023; Zhang et al. 2020), limiting its gen-
eralization to unseen languages. To address this, we propose
to decouple the language bias from the document images us-
ing the text edit diffusion model (Tuo et al. 2024). As shown
in Figure 1(a) and (c), the text in the language-decoupled im-
age maintains the original layout and visual features, but it
is not associated with any recognizable language. In our ex-
periments, the integration of decoupled data eventually en-
hances the generalization of unseen languages.

Motivated by this observation, we propose a novel mul-
tilingual training paradigm, referred to as LDP (Language
Decoupled Pre-training), which utilizes only the open-
sourced English corpus for pre-training. For each image in
the pre-training stage, we first generate pseudo labels fol-
lowing ESP (Yang et al. 2023), then employ AnyText to
decouple all language bias from the original images. The
pseudo labels and language-independent images are used to
pre-train our model. Finally, we apply the pre-trained model
to fine-tune and test on downstream benchmarks. The LDP
paradigm primarily focuses on addressing the language im-
balance in pre-training data volume, where the English cor-
pus plays a dominant role. Language-decoupled data can
significantly enhance non-English performance while only
slightly reducing English accuracy. In downstream datasets
such as XFUND (Xu et al. 2022), where the distribution of
different languages is balanced, there is no need to decouple
language bias, and therefore, the original images are utilized.

To fully utilize the language-independent training data
generated by LDP, we propose a simple but effective LDM
for information extraction from multilingual document im-
ages. The LDM inherits the SAM (Segment Anything
Model) (Kirillov et al. 2023) framework while replacing
SAM’s mask prediction head with a randomly initialized
MLP head to better suit the VIE task. We follow SAM’s pre-
processing and encoding procedure. However, SAM’s mask
decoder separately processes different bounding boxes, ig-
noring the interaction among them. To address this limi-
tation, we introduce the MTIM (Multi-Token Information
Merging) module to consolidate information from various
bounding boxes within a single image. The enhanced model
undergoes pre-training on language-independent data. In the
fine-tuning stage, we introduce the LKI (Language Knowl-
edge Inserting) module to incorporate the decoupled lan-
guage information into downstream tasks. This integra-
tion of language information can significantly enhance the
model’s performance, particularly in challenging scenarios.

Extensive experimental results demonstrate that the LDM
attains state-of-the-art performance on multilingual bench-
marks such as XFUND and SIBR, while also preserving
comparable monolingual (English) performance when com-
pared to other English-specific models. The primary contri-
butions of our research can be outlined as follows:

* We are the first to systematically study the visual invari-
ance in the multilingual VIE task. Our findings suggest
that decoupling language bias from training data can im-

6806

prove multilingual generalization.

* We introduce a new language-independent training di-
agram, LDP, based on our research, which enables the
model to generalize across multiple languages using only
monolingual pre-training data.

* Our proposed method, the LDM, achieves state-of-the-
art performance in multilingual scenarios while main-
taining competitive results in monolingual datasets.

Related Work

Visual Document Pre-training models. Following the pre-
training fine-tuning paradigm in NLP (Devlin et al. 2019),
LayoutLM (Xu et al. 2020) first tries to integrate layout with
text and applies unsupervised pre-training on a huge amount
of document corpus (Lewis et al. 2006), achieving impres-
sive results on visual document understanding. LayoutLMv2
(Xu et al. 2021b) and LayoutLMv3 (Huang et al. 2022)
further jointly embed vision modality into the model in-
put when in pre-training. StrucTexT (Li et al. 2021) applies
segment-level embedding to model cross-granularity infor-
mation, XYLayoutLM (Gu et al. 2022) propose a novel XY
Cut algorithm to heuristic divide and conquer text to orga-
nize a proper reading order. TRIE++ (Cheng et al. 2022) pro-
poses to jointly train text reading and information extraction
in a unified network, StrucTexTv2 (Yu et al. 2023) directly
performs masked visual-textual prediction in pre-training to
get an OCR-free pre-trained model. The generative manner
also attracts the attention of the academic community due
to its flexible forms. UDOP (Tang et al. 2023) models sev-
eral pre-training targets in a generative manner in one frame-
work, DocFormerv2 (Appalaraju et al. 2024) jointly applies
mask pre-training on the encoder and next token predic-
tion on the decoder, outperforming previous work in several
downstream tasks. Inspired by the bloom of Large Language
Model (LLM) (Touvron et al. 2023) and Vision Large Lan-
guage Model (VLLM) (Liu et al. 2023), large models with
numerous pre-training data are also proposed. MPLUG-
DocOwl (Ye et al. 2023a) finetune pre-trained mPLUG-Owl
(Ye et al. 2023b) with document data. LayoutLLM (Fujitake
2024) combines pre-trained LayoutLMv3 with LLM to en-
able LLM better visual document perception. TextMonkey
(Liu et al. 2024) and mPLUG-DocOwl1 1.5 (Hu et al. 2024)
cut the high-resolution document image into several patches
to enable large model higher resolution and detailed input.

Multi-lingual models. Most previous works have mainly
focused on English documents, overlooking other lan-
guages. XFUND (Xu et al. 2022) is the first to raise this
issue, and they manually label seven non-English datasets
with the format same as FUNSD (Jaume, Ekenel, and Thi-
ran 2019), making it possible for the industry to examine
different models’ multi-lingual performance. LayoutXLM
(Xu et al. 2021a) simply applies the same architecture
as LayoutLMv2, and collects numerous multi-lingual pre-
training data to re-pre-train the model in the multi-lingual
settings. Donut (Kim et al. 2022) generates synthetic mul-
tilingual documents using ImageNet (Deng et al. 2009) and
Wikipedia, applying an auto-regressive generative manner
and taking the text reading as the pre-training task. Struc-



TexTv2 (Yu et al. 2023) is further pre-trained on the pri-
vate Chinese document images to enable the Chinese ability.
In the VLLM era, Vary (Wei et al. 2025) applies the auto-
regressive text reading task on both English and Chinese
data. LiLT (Wang, Jin, and Ding 2022) first tries to decou-
ple the text modality and layout modality into two branches,
and only the layout branch will be optimized in pre-training,
which makes different languages share similar text embed-
ding. ESP (Yang et al. 2023) follows a similar manner to
TRIE (Zhang et al. 2020), it takes vision modality as the only
input and is only pre-trained in English. Interestingly, ESP
can achieve multi-lingual VIE in the downstream dataset,
however, no further study has been applied about why ESP
obtains the multi-lingual ability.

Are Vision Models Multi-Lingual?
Decoupling Language Bias from Images

Some previous studies (Yang et al. 2023; Zhang et al.
2020; Yu et al. 2023) have used purely visual inputs for
(vision-)language training tasks like Mask Language Mod-
eling (MLM) and Image-Text Matching (ITM), indicating
that vision-input model can directly acknowledge the lan-
guage information. We propose transforming the original
document images into a fictional language that does not exist
in the real world while retaining the key visual features, such
as color, font, and background to avoid introducing language
bias into the model, as shown in Figure 1(a) and (c).

Diffusion-based models often utilize a pre-trained VAE
(Kingma and Welling 2014) tokenizer to encode the entire
image. Previous works (Zeng et al. 2024b; Chen et al. 2023)
propose this approach could overlook fine details and dis-
tort small objects. AnyText (Tuo et al. 2024), designed for
conditional text editing, is trained to modify the target re-
gion based on the prompt while keeping all other areas un-
changed. However, AnyText is trained on natural scenes,
where text is usually large and sparse, unlike the small and
dense text found in document images. Our experiments con-
firmed that it distorts small text in document images, con-
sistent with previous findings by Li et al. Motivated by this
issue, we employ AnyText to modify our data.

We first resize the original image to a specific resolution,
referred as “decouple resolution”. AnyText retains the in-
put image size and applies a fixed-size patch, which leads
to more detail loss at smaller resolutions. Thus, “decouple
resolution” can be used as a hyper-parameter to control lan-
guage bias decoupling. Next, we specify the pixel in the up-
per left corner [0, 0, 1, 1] as the target region and add a sim-
ple prompt “_”, where _ represents a blank space in Any-
Text’s language tokenizer. Ideally, this instructs the Any-
Text model to edit the single pixel into blank space, leaving
all other regions unedited. But as previously mentioned, the
dense text outside the target region will be distorted. Finally,
the distorted images are resized to the original size.

Quantitative Evaluation

AnyText model can decouple language bias from docu-
ment images. To measure the remaining language bias in
decoupled images, we conduct experiments on XFUND and
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Figure 2: The text recognition ratio and language classifica-
tion accuracy on XFUND. “ori” means the original image
where the language bias is not decoupled by AnyText.

e N e
o~ PN T~
< 55.01 \\ \
] ~, N\
W 52.5 “ N
©50.01 \ —-— SAM-VIE N,
8475 N, --- LT
N —
Y 45.04 \ LayoutXLM
0 42.51
=
D 40.01
> 37.5]
ori 2048 1792 1536 1280 1024 768 512
Decouple Resolution
Figure 3: VIE performance on XFUND when applying

language-decoupled images.

use two surrogate metrics: (i) text recognition ratio, and (ii)
language classification accuracy. For the text recognition ra-
tio, we crop the image according to the bounding box an-
notation and apply the PaddleOCR to recognize the text in
XFUND test set images. The ratio is calculated as:

EditDistance(pred, gt)
Length(pred) + Length(gt)
This metric reflects the extent to which detailed text infor-
mation is retained. Lower OCR accuracy indicates that it
is more challenging for the model to extract text informa-
tion from purely visual input. For language classification
accuracy, images in a particular XFUND language subset
are treated as belonging to the same category. A ResNet
model is trained on the XFUND training set and tested on
the XFUND test set. Due to the significant visual differences
between Chinese and other languages, the Chinese subset is
excluded. The more likely two images are classified into the
same language category, the less language bias remains in
the images. Results are shown in Figure 2. As decoupling
resolution decreases, both metrics decline correspondingly.
The text recognition ratio decreases almost linearly until the
“decouple resolution” reaches 768, at which point the met-
ric drops to nearly 0 (3.48%). For language classification
accuracy, the theory lower-bound is 16.66%, where an im-
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Figure 4: The overall illustration of LDM. LDM takes the image and bounding boxes as input, which exactly follows SAM’s
preprocessing and encoding. After each SAM decoder layer, MTIM is proposed to integrate information from different bound-
ing boxes. A pre-trained frozen Sentence BERT is applied to augment language knowledge for downstream tasks.

age is randomly classified into one of the six languages. The
metric approaches this theoretical value, reaching 21.67%
at “decouple resolution” 768 and 20.33% at “‘decouple res-
olution” 512. Considering that XFUND images in differ-
ent languages originate from various sources, there may be
language-specific features such as unique form structures or
dominant colors. This result suggests that it is nearly impos-
sible for the model to distinguish different languages.

Language-decoupled images can enhance cross-lingual
generalization. We evaluate the VIE performance of vari-
ous models. For language-decoupled images, the text is ob-
tained from PaddleOCR recognition results. All models are
fine-tuned on FUNSD (English) and zero-shot evaluated on
XFUND (non-English). LiLT relies entirely on layout and
text modalities. LayoutXLM also utilizes visual modalities,
but the image resolution is relatively low (224 x 224), mak-
ing it difficult to capture detailed information. We also mod-
ified the SAM (Segment Anything Model) to serve as the
baseline for vision-based models. SAM is pre-trained on in-
stance segmentation tasks with a large number of natural
images, making it well-trained with both vision and layout
inputs. We simply removed its mask prediction head and
replaced it with an MLP layer to predict the label of spe-
cific text bounding boxes. Results are shown in Figure 3. As
language bias is gradually decoupled from the image, both
LiLT and LayoutXLM exhibit a significant decrease in per-
formance. For the vision-based model, we observe a slight
increase in cross-lingual generalization performance, even
surpassing that of well-designed SOTA models. These ob-
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servations confirm our hypothesis that decoupling language
bias contributes to improved cross-lingual generalization.

The Language-Independent Pre-training

Based on the analysis above, we conclude that a VAE-
based text editing model effectively decouples language
bias from images and that language-independent data can
enhance cross-lingual capabilities. Inspired by this, we
propose a straightforward language-independent paradigm,
LDP, which utilizes monolingual corpus for pre-training.

Following ESP, we use DocBank and RVL-CDIP as our
pre-training datasets and generate pseudo-labels. Subse-
quently, we use AnyText to decouple language bias from the
original images by specifying the target region as [0, 0, 1, 1]
and providing an empty prompt “_”. In summary, we pri-
marily replace the original image with a language-decoupled
version while maintaining all other settings consistent with
previous work. We pre-train our model using the language-
independent data. In the fine-tuning, we maintain the origi-
nal image to evaluate downstream performance.

Model

As illustrated in Figure 4(a), our model is based on SAM,
with the mask prediction head replaced by an MLP layer.
We adhere to SAM’s processing and image encoding pro-
cedure. We introduce MTIM (Multi-Token Information
Merging) to integrate information from multiple bounding
boxes within a single image. Given an image I, we first
get all bounding box b, and their corresponding text ¢,



Model FUNSD XFUND Avg.

EN ZH JA ES FR IT DE PT All w/oEN
XLM-RoBERTa  66.70  41.44 30.23 30.55 37.10 27.67 32.86 39.36 3824 34.17
InfoXLM 68.52 44.08 36.03 31.02 40.21 2880 35.87 4502 41.19 37.29
LayoutXLM 7940  60.19 47.15 45.65 57.57 4846 5252 5390 55.61 5221
LiLT 84.15 61.52 5184 51.01 59.23 5371 60.13 6325 6061 5724
LDM(Ours) 88.23 66.09 57.84 59.06 67.62 63.05 6131 6536 66.07 62.90

Table 1: Cross-lingual zero-shot F1 accuracy on FUNSD and XFUND (fine-tuning on FUNSD, testing on X). Please note that
only LiLT and LDM are pre-trained using pure English document data.

from OCR information. In the pre-training phase, only vi-
sual modality I and layout modality b,, are inputted to the
model, and the feature from MTIM-augmented SAM is di-
rectly applied for pre-training. After pre-training, we ap-
ply Language Knowledge Inserting (LKI) to enhance the
model’s text modality ¢,, for downstream tasks.

Multi-Token Information Merging (MTIM)

When two text blocks share similar features, like the same
background color, they are more likely to be classified under
the same category. However, SAM handles different bound-
ing boxes within a single image independently, limiting the
model’s ability to infer information from adjacent bounding
boxes. To address this issue, we introduce MTIM.

As illustrated in Figure 4(b), for each bounding box b,
we get the multi-modality tokens F5eM from the SAM de-
coder layer, where k € [0, K] and K is the length pre-
defined by SAM. MTIM module takes these tokens as input,
and concatenates them to form a single feature vector:

Ffl;/[erge _ CONCATEE:l (FSQM)

n ey
All FMeree features within an image are then serialized into a
sequence and passed through a self-attention layer followed
by an MLP layer. After interacting with different bounding
box information, all vectors are resized to their original di-
mensions before being fed into the next layer. We use the

final layer’s MTIM feature F¥"! for pre-training.

Language Knowledge Inserting (LKI)

The text modality is excluded during pre-training to decou-
ple language bias and enhance generalization, while in the
fine-tuning stage, LKI is introduced to improve language-
specific accuracy by incorporating language knowledge.

In detail, for text sequence t¢,, from OCR information,
we generate text embedding with a pre-trained, frozen mul-
tilingual embedding model, Sentence BERT (Reimers and
Gurevych 2019, 2020). Sentence BERT is designed to map
the text sequence to a fixed-size vector, and text with sim-
ilar meanings will be encoded into nearby feature vectors.
Then the text embedding is transformed into the same vec-
tor space with the final layer’s MTIM feature, and fused for
downstream tasks:

phownsteam _ pFinal 4 1inear(BERT (t,))  (2)
In the downstream task, we add an MLP head to classify

each bounding box to the target entity type. A cross-entropy
loss is adopted to end-to-end train the whole model.
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Experiments
Datasets

Pre-Training. Following StrucTexT and ESP, We use
DocBank (Li et al. 2020) and RVL-CDIP (Harley, Ufkes,
and Derpanis 2015) to pre-train our model. DocBank is
a fine-grained document layout analysis dataset consist-
ing of 500K images with corresponding OCR annotations.
DocBank provides word-level and paragraph-level annota-
tions. We heuristically generate OCR annotations by merg-
ing words in a line with overlapping y-coordinates and
nearby x-coordinates within the same paragraph. RVL-CDIP
is a document image classification dataset consisting of
400K images categorized into 16 classes. Since RVL-CDIP
lacks OCR annotations, we use PaddleOCR to extract the
necessary OCR information. The pseudo labels are gener-
ated using the algorithm described in ESP. We use AnyText
to generate language-independent images. The “decouple
resolution” is set to 1024. The pseudo labels and language-
independent images are used to pre-train our model, only the
EE pre-training in ESP is applied.

Fine-Tuning. We evaluate the performance of LDM on both
multilingual and monolingual datasets, with a primary fo-
cus on the Entity Extraction task. FUNSD (Jaume, Ekenel,
and Thiran 2019) is a well-annotated English dataset for
form understanding, containing 149 training examples and
50 testing samples. The task involves classifying seman-
tic entities such as questions, answers, headers, and oth-
ers. XFUND (Xu et al. 2022) is a multilingual extension
of FUNSD, including form understanding samples in seven
non-English languages (Chinese, Japanese, Spanish, French,
Italian, German, and Portuguese). It follows the same task
definition as FUNSD, with 149 training samples and 50 test-
ing samples for each language. SIBR (Yang et al. 2023) is a
bilingual dataset (English and Chinese) characterized by di-
verse appearances and rich structures. It includes 600 train-
ing samples and 400 testing samples, following the same
task definition as FUNSD. CORD (Park et al. 2019) is
an English dataset consisting of camera-captured receipts,
featuring more detailed classifications such as menu name,
price, quantity, efc. It contains 800 training samples, 100
validation samples, and 100 testing samples. All fine-tuning
datasets provide fine-grained OCR annotations, and we di-
rectly use them as our OCR information. All fine-tuning
datasets apply F1 as the evaluation metric.



Model FUNSD XFUND Avg.
EN ZH JA ES FR IT DE PT All w/oEN

XLM-RoBERTa  66.70  87.74 77.61 61.05 6743 6687 68.14 68.18 7047 71.01
InfoXLM 68.52  88.68 78.65 6230 70.15 67.51 70.63 70.08 72.07 72.58
LayoutXLM 7940  89.24 79.21 7550 79.02 80.82 8222 79.03 80.56 80.72
LiLT 84.15 89.38 79.64 79.11 7953 8376 8231 8220 8251 82.28
ESP 91.10  90.30 81.10 8540 90.50 8890 87.20 87.50 87.30 86.76
LDM(Ours) 88.23  91.08 82.62 86.60 89.79 8853 89.78 89.10 88.21 88.21

Table 2: Language-specific fine-tuning F1 accuracy on FUNSD and XFUND (fine-tuning on X, testing on X).

Model FUNSD XFUND Avg.

EN ZH JA ES FR IT DE PT All w/oEN
XLM-RoBERTa  66.33 88.30 77.86 6223 7035 68.14 7146 6735 7149 7223
InfoXLM 65.38  87.41 7855 59.79 70.57 6826 70.55 6796 71.06 71.87
LayoutXLM 79.24  89.73 79.64 7798 81.73 82.10 83.22 8241 82.01 8241
LiLT 85.74 9047 80.88 8340 8577 8792 87.69 8493 8585 8587
LDM(Ours) 89.78 91.86 83.67 88.02 91.16 89.95 90.83 90.34 8945 89.40

Table 3: Multitask fine-tuning F1 accuracy on FUNSD and XFUND (fine-tuning on 8 languages all, testing on X).

Model Precision Recall F1

TRIE - - 85.62
LayoutXLM - - 94.72
ESP - - 95.27
LDM(Ours) 96.07 95.14 95.60

Table 4: Performance on SIBR.

Implementation Details

The LDM model is built using the PyTorch framework and
the Hugging Face Transformers library. We adhere to all pre-
processing steps and pre-trained parameters from SAMpask,
except for the prediction head. All other parameters are
randomly initialized. The LDM model is trained using the
Adam optimizer with a learning rate of 2e-4. The learning
rate is linearly warmed up for the first 10% of steps, fol-
lowed by cosine decay. The training batch size is set to 32.
The LDM model is pre-trained for 10 epochs and fine-tuned
for 2000 steps using 8 NVIDIA A6000 48GB GPUs. During
pre-training, the number of bounding boxes is truncated to
512, while in fine-tuning, all bounding boxes are retained.

Comparison with SOTA Methods

Cross-Lingual Zero-Shot Generalization. The results are
presented in Table 1. This setup requires the model to
fine-tune on English (FUNSD) and then generalize to non-
English scenarios (XFUND). LDM demonstrates state-of-
the-art performance among multilingual VIE models such
as LiLT and LayoutXLM. Specifically, LDM exhibits su-
perior generalization on non-English subsets. For example,
in FUNSD, LDM outperforms LiLT by 4.08% (88.23% vs.
84.15%), while in XFUND, LDM achieves a higher margin

6810

of 5.66% (62.9% vs. 57.24%). This further underscores the
excellent cross-lingual generalization of our proposed LDP
training paradigm and LDM model.

Language-Specific Fine-Tuning. In this experimental
setup, all language subsets are fine-tuned and evaluated in-
dividually. As shown in Table 2, LDM still outperforms all
text-dominated methods. LDM and ESP are both pre-trained
on DocBank and RVL-CDIP, using visual images as the pri-
mary input, with pseudo-labels generated by the same al-
gorithm. The key difference lies in the use of language-
independent images. ESP introduces English knowledge
during pre-training, resulting in better performance on En-
glish datasets. However, this approach also leads to over-
fitting, our language-independent pre-training allows our
LDM model to maintain superior generalization on non-
English datasets (88.21% for LDM vs. 86.76% for ESP).
Multitask Fine-Tuning. As illustrated in Table 3, when all
language data are fine-tuned together, LDM continues to
demonstrate SOTA performance. Notably, in this setting,
all multi-modality models achieve better performance com-
pared to language-specific fine-tuning, whereas the accuracy
of pure NLP models like InfoXLM decreases slightly. This
result further suggests that document images in different lan-
guages share commonalities in layout and visual modalities.
Bilingual/English Dataset. We conducted experiments on
a broader range of VIE datasets to better evaluate the per-
formance of LDM. As shown in Table 4, LDM continues
to demonstrate state-of-the-art performance on the bilingual
(English and Chinese) SIBR dataset, despite the presence of
challenging scenarios such as image blur and printing shift.
Table 5 and Table 6 illustrate the performance on English-
only datasets. Although pre-trained for multilingual scenar-
ios, LDM still achieve better accuracy than most English-
specific models, such as LayoutLMv2. When compared to



Model Precision Recall F1

LayoutLM 75.97 81.55 78.66
BROS 80.56 81.88 81.21
LayoutLMv?2 80.29 85.39 82.76
StrucTexT 85.68 80.97 83.09
LayoutLMv3 - - 90.29
UDOP - - 91.62
LayoutXL.M 79.13 81.58 80.34
LiLT 84.67 87.09 85.86
ESP - - 91.12
LDM(Ours) 88.45 88.01 88.23

Table 5: Performance on FUNSD. The best multilingual
model is in bold, and the second is in italics.

Model Precision Recall F1

LayoutLM 94.37 95.08 94.72
BROS 95.58 95.14 95.36
TILT - - 95.11
LayoutLMv2 94.53 95.39 9495
DocFormer 96.52 96.14 96.33
LayoutLMv3 - - 96.56
UDOP - - 97.58
LayoutXIL.M 94.56 95.06 94.81
LiLT 95.74 95.81 95.77
ESP - - 95.65
LDM(Ours) 95.97 95.64 95.80

Table 6: Performance on CORD. The best multilingual
model is in bold, and the second is in italics.

multilingual text-based models like LayoutXLLM and LiLT,
LDM consistently outperforms them.

Ablation Study

Effect of Language-Independent Pre-training Data. We
conduct ablation studies on FUNSD and XFUND to evalu-
ate the impact of introducing language-independent data into
pre-training. Pre-training is limited to a single epoch due to
the time-intensive nature of these experiments. As shown
in Table 7, as the “decouple resolution” decreases, namely
more language bias is decoupled, the cross-lingual gener-
alization (XFUND) gradually improves, while the English
accuracy only decreases slightly (See #1(b), #2(b), #3(b)
and #4(b)). The cross-lingual performance only drops when
the “decouple resolution” becomes too low (See #4(b) and
#5(b)), which we attribute to extreme information loss at low
resolutions. In our final experiments, we set “decouple reso-
lution” to 1024, as it offers the best trade-off in all settings.

Effect of MTIM. When applying pre-training, MTIM con-
sistently introduces performance improvements, verifying
the effectiveness of integrating different bounding box in-
formation. In the absence of pre-training, we attribute the
performance decrease to unsuitable parameters, as all other
parameters are inherited from SAM and MTIM is randomly
initialized, which can disrupt information interaction if there
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# Decouple Resolution MTIM FUNSD XFUND

1) X 8455 5725
1(b) N/A v 8624 5765
2(a) X 8387 59.18
2(b) 2048 v 8591  59.82
3(a) X 8310 5971
3(b) 1536 v 8553 6025
4(a) X 8301 5946
4(b) 1024 v 8554  60.68
5(a) 8 X 8182 5797
5(b) /8310 5995
6(a) ] X 8003 5638
6(b) /5458 4476

Table 7: Ablation study for pre-training. LDM is fine-tuned
on FUNSD, and zero-shot evaluated on XFUND. “N/A”
means language decoupling is not applied, and the model
is pre-trained using original images. “-” means LDM is not
pre-trained and only initialized from the SAM’s parameters.

# LKI FUNSD XFUND
Decoder Classifier

1 86.95 61.36

2 v 87.37 61.51

3 v 88.23 62.90

4 v v 88.07 62.99

Table 8: Ablation studies for LKI module.

is insufficient training data.

Effect of LKI. We conduct experiments to evaluate the ef-
fectiveness of incorporating language knowledge in down-
stream tasks. In addition to fusing language knowledge at the
classification head, we also attempted to fuse it into the first
decoder layer. To avoid mismatch parameters like in MTIM
ablation studies, we initialize the fuse layer in decoder with
zero. As shown in Table 8, incorporating language knowl-
edge consistently improves performance, as seen in #1, #2,
and #3. Fusing language knowledge at the classification
head yields the highest improvement. Comparing #3 and #4,
jointly inserting language knowledge into both the decoder
layer and classification head does not result in a significant
improvement. Therefore, in our final experiment, we choose
to add LKI to the classification head.

Conclusion

In this paper, we conduct systematic experiments to decou-
ple language bias from document images. We propose a mul-
tilingual pre-training paradigm LDP to transfer from mono-
lingual data to multilingual ones. Our experimental results
on downstream benchmarks validate that LDP can signif-
icantly improve the cross-lingual generalization in visual
document understanding. For future research, we will try to
dig deeper to the invariance among different languages and
try to integrate text modality into pre-training.
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