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Abstract 
A multi-model fusion method based on LayoutLM+BiLSTM+CRF which aims at the 
problem of document weak semantic information and semantic alignment between 
different modalities is proposed. LayoutLM not only can obtain feature representations 
with prior semantic knowledge in large unlabeled document libraries but also fully 
explore the structure and layout information of text sequences, and then use 
BiLSTM+CRF to identify entities. Compared to the FUNSD dataset, the results show that 
this method is better than HMM, CRF, BiLSTM+CRF, and BERT. Based on the CRF, its value 
of F1 is increased by 27.76%, indicating that this method effectively improves the 
document recognition effect. 
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1. Introduction 

With the advent of the era of artificial intelligence, various industries are developing towards 
digitization and intelligence. Since there are a lot of document data in business transactions, and these 
data are often unstructured, it is difficult to extract effective information from them. How to digitize 
data and mine valuable information from document data is a practical need in industry and a research 
topic that is booming in academia in recent years. Documents generally fall into two broad categories: 
scanned images of paper documents and computer-generated digital documents such as (PDF, Excel, 
digital pictures, etc.). These documents cover purchasing documents, industry reports, business 
emails, sales contracts, employment agreements, commercial invoices, personal resumes, and more. 
Automatically extracting effective information from these unstructured documents has potential 
commercial value for the development of enterprises. Various types of documents mainly exist in the 
form of scanned copies in practical application scenarios. Hence, the extraction of document 
information from images is divided into two steps,: image recognition and information extraction. 
First, the document is parsed through extraction tools (Optical Character Recognition OCR, PDF 
parser, HTML/XML, etc.) to parse the document's characters, images, and layout information, and 
then extract valid information from the parsed content.  

This paper mainly focuses on the information extraction technology. Early researchers extracted 
document information from the method of formulating rules which are mainly manually reading a 
certain type of document, summarizing a set of rule templates, and extracting information from a 
fixed document layout. Marçal Rusinol[1] et al. made templates for information matching according 
to the positional relationship between documents. However, the method based on the rule template 
requires a large investment of manpower and material resources. It is difficult to establish a unified 
set of rules due to these rules and templates have poor generalization. Therefore, researchers turned 
their attention to machine learning models which were driven by large-scale annotated data, and 
learned the feature distribution of documents by manually constructing feature templates. Although 
the method based on machine learning can improve the performance of document information 
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extraction to a certain extent, the difficulty of constructing features and the high cost of labeling 
training samples make it hard to implement this technology in practical scenarios. At present, deep 
learning has achieved amazing achievements in various fields. Most document information extraction 
tasks can be regarded as a classification task or a named entity recognition task[2]. The method we 
used is the latter. Although deep learning can achieve good recognition results, the learning transfer 
ability is not enough, and it cannot make good use of the large number of existing documents. A large 
number of research results show that large-scale pre-trained language models can effectively capture 
the semantic information contained in the text through self-supervised tasks in the pre-training stage, 
and they can effectively improve the model effect after fine-tuning of downstream tasks. Google 
proposed Bert pre-training language model[3] mainly for text single modality, while ignoring the 
visual structural information that the document itself is naturally aligned with the text. Since the 
document contains not only text information, but also format information such as the positional 
relationship of the text, the size of the font, whether it is bold, whether there is an underline, and so 
on. Document images can also provide global structural information. To solve this problem, 
Microsoft Research Asia proposed a general document pre-training model LayoutLM[4], which 
effectively combined document structure and visual information for modeling. This enables the model 
to perform multimodal alignment in the pre-training stage. In order to achieve a better extraction 
effect, a method of document entity recognition based on LayoutLM+BiLSTM+CRF is proposed on 
the basis of referring to the above literature methods. The method can not only learn the text 
information and layout information of the document, but also capture the sequence information on 
this basis, thereby improving the ability to identify document entities.  

2. Model Architecture 

The overall architecture of the document entity recognition method is shown in Figure 1. It consists 
of 3 parts: (1) The text vector and layout vector of the input document are used as the input of 
LayoutLM (2) The BiLSTM layer[5] is further in the output vector of LayoutLM Semantic encoding, 
learning global features for the entire sequence. The forward LSTM network layer extracts future 
information, and the reverse LSTM network layer learns historical information and uses the hidden 
state as output. (3) Finally, use the CRF layer to adjust the prediction bias problem and output the 
best label sequence. 

 

 
Figure 1. LayoutLM+BiLSTM+CRF Model 
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2.1 Pre-trained Language Model 

The emergence of pre-trained language models in recent years have created a new paradigm for NLP 
research. The core idea of the pre-trained language model is that the parameters of the model are no 
longer randomly initialized, a set of model parameters is obtained by training a task, and then the 
model is initialized with this set of parameters. As shown in Figure 2, Firstly a large amount of 
unlabeled corpus is used for language model pre-training, and then a small amount of labeled corpus 
is applied for fine-tuning to complete downstream specific NLP tasks, such as classification, sequence 
labeling, reading comprehension, etc. 

 

 
Figure 2. Pre-training language model process 

 

Document data is multi-modal. It not only contains text features and image features, but also layout 
modal features that have not been concerned. Layout is layout and format. For example, when reading 
an article, texts in different positions, font sizes, and thicknesses have different meanings.  The 
feature of the layout should be paid attention to, because most documents have the feature.  The 
LayoutLM rich document pre-training model is shown in Figure 3. It uses BERT as the backbone to 
add two new embeddings: 2-D position embedding and image embedding. The image embedding is 
only used when doing DocCLS downstream. There is no pretrain in BERT, only the embedding of 
TEXT+Layout is used as input. LayoutLM has two pre-training tasks. Masked Visual-Language 
Model: randomly mask some text tokens but keep 2-D position tokens for prediction. Multi-label 
Document Classification: Using a Multi-level Document Classification loss, the labels of the 
documents are used to supervise the pre-training process. 

 

 
Figure 3. Pre-training language model process 
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BERT is a deep bidirectional language representation model based on Transformer[6]. The basic 
structure of the network is shown in Figure 4. A multi-layer bidirectional Encoder network is 
constructed by using the encoding structure of Transformer which  is a deep model based on the 
self-attention mechanism. the Transformer converts the distance of two words at any position into 1 
through the self-attention mechanism, it effectively solves the problem of long-distance dependence. 

 

 
Figure 4. BERT pre-training language model architecture 

 

The core content of BERT is the Encoder architecture of the bidirectional Transformer. The basic 
components of the Encoder architecture is a multi-head self-attention mechanism layer and a 
feedforward neural network layer. The multi-head self-attention mechanism layer is shown in 
equations (1) and (2). 

 

 Attention( , , )Q K V
i i i ihead QW KW VW                      (1) 

 

 1MultiHead( , , ) ( ,..., ) O
hQ K V Concat head head W                 (2) 

 

Q is the query vector; K is the key-value vector; V is the value vector; ihead  is the single-head self-
attention mechanism layer; Q

iW , ,K V
i iW W  is the projection parameter matrix; OW  is the weight parameter 

matrix; It adopts scaled self-attention as shown in equation (3).  

 

 VA ( , , ) softmax
T

k

ttention Q K V
QK

d
                       (3) 

 

kd  is the input vector dimension. 

2.2 BiLSTM Neural Network Layer 

Document information extraction can be considered as a named entity task. It is necessary to make 
full use of the contextual semantic information of the text sequence during network training, because 
the entity composition is complex, and the subsequence of the entity may also be an entity Recurrent 
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neural network RNN[7] is an effective model for processing sequence data, it not only considers the 
input at the current moment, but also has a memory function for the previous content. However, with 
the length of the sequence increasing, the RNN has the problem of gradient disappearance or 
explosion, and if the sequence is too long, the previous information will be forgotten. To overcome 
these shortcomings, LSTM[8] improves RNN with a gating mechanism. It can not only learn long-
term dependencies, but also effectively alleviate the gradient vanishing and gradient exploding 
problems during long-sequence training. The structure of its hidden layer is shown in Figure 5 below. 

 

 
Figure 5. LSTM ecoding unit 

 

The state update calculation process of LSTM at each time t is as follows. 

 

1.[ ,X ] ) ( t ft tff sigmo h bid W                         (4) 

 

1( .[ ,X ] )t i t t ii sigmoid W h b                       (5) 

 


-1tanh( .[ ,X ] )t C t t CC W h b                     (6) 

 


1.  .t t t t tC Cf C i                     (7) 

 

1( .[ ,X ] )t o t t oo sigmoid W h b                     (8) 

 
.tanh( )t t th o C                     (9) 

 

sigmoid, tanh are excitation functions; i , f, o represent the input gate, forget gate and output gate, 
respectively; fb , ib , Cb , ob is the bias coefficient; fW , iW , CW , oW  is the parameter matrix; 1[ ,X ]t th   
represents the concatenation of two vectors; In order to obtain bidirectional semantic information of 
literary texts, we adopts bidirectional LSTM for feature extraction, which can provide complete 
contextual information of each element in the input sequence of the next layer network. 
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2.3 CRF 

The BiLSTM layer considers the contextual information of the sequence, but it cannot solve the 
problem of bias between predicted labels. For instance, the end marker symbol cannot appear at the 
beginning in the recognition result of the entity, therefore, the CRF layer[9] is adopted to add 
constraints to the final predicted labels to reduce the problem of predicted label bias, and these 
constraints can be automatically learned from the training data. Linear chain conditional random 
fields are generally used in sequence labeling tasks, character sequence 1 2, , )X ( , nx x x  , 

1 2, , )( , nY y y y  is a marker sequence, The CRF modeling formula is shown below. 
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                 (12) 

 

A is the state transition probability matrix; 1
A

i iy y ，  represents the probability of transferring from label 
iy  to 1iy  ; , ii yP  expressed as the probability that the iy  appears at the ith position; Finally, the 

Viterbi algorithm is used for decoding to obtain the best predicted label sequence 

3. Experiment 

3.1 Experiment Environment 

The environment of all experiments is shown in Table 1. 

 

Table 1. Experiment conditions 

environment configure 

CPU i7-10870H 

GPU GeForce 3070 

Memory 32G 

Python 3.6 

Tensorflow 1.14.0 

3.2 eVALUATION INDICATORS 

The precision rate, the recall rate and the value are used as the evaluation indicators of the 
performance of the model, they are specifically defined as shown in the following formula. 
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PT  is the number of correctly predicted entities; NF  is the number of errors in predicting the entity; 
pF  is the number of entities predicted to be non-entities. 

3.3 Experiments and Analysis 

The public dataset FUNSD[10] is used, which contains original images and annotation results. It can 
be used for a variety of tasks, including text detection, optical character recognition, spatial layout 
analysis, and entity recognition. The experiment is entity recognition, and its data distribution is 
shown in Table 2. 

 

Table 2. Data Distribution 

Split Forms Words Entities Relations 

Training 149 22512 7411 4236 

Testing 50 8973 2332 1076 

 

In order to verify the effectiveness of the model proposed, Compared to this dataset with the entity 
recognition methods of HMM, CRF, BiLSTM+CRF and BERT respectively. The BERT pre-training 
language model uses BERT-Base. According to the experimental hardware conditions and the 
comparison after multiple trainings, the parameters in BLSTM, BERT, and LayoutLM are set as 
follows: maximum sequence length: 512; batch size: 3; Learning rate: 52 10 ;Dropout:0.5; Hidden 
layer dimension: 512. The experimental results are shown in Table 3. 

 

Table 3. Experimental Results 

Model P R 1F  

HMM 47.14% 46.99% 47.06% 

CRF 60.02% 44.08% 50.83% 

BiLSTM+CRF 49.38 52.59 50.93% 

BASEBERT  52.26% 65.48% 58.12% 

LayoutLM+BiLSTM+CRF 77.02% 80.23% 78.59% 

 

As can be seen from Table 3, based on the CRF, its value of F1 increased by 3.77% compared with 
HMM. After adding the BiLSTM network, the recognition accuracy improvement effect is not 
obvious. Using the BERT pre-trained language model, its value of F1 increased by 11.03%, and the 
improvement effect is clear, indicating that the pre-trained language model is suitable for this task. 
When the LayoutLM+BiLSTM+CRF model is employed, its value of F1 increases to 27.76%, 
suggesting that the method we proposed has achieved good results in document entity recognition.  
The recognition accuracy of named entities in the document domain can be effectively improved 
through the general document pre-training model. 

4. Conclusion 

The automatic information extraction of documents is an inevitable trend of the future development 
of information science, and document information extraction can be regarded as a named entity task. 
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The method based on LayoutLM+BiLSTM+CRF is proposed to solve the weak semantic information 
of document sequences and the problem of semantic alignment between different modalities, the 
experimental results show that this method can significantly improve the recognition accuracy. 
However, it is still difficult to deal with the problem of entity nesting and does not use document 
image information. Therefore, document image features will be added to enrich the training model, 
while deepening the work of document entity nesting methods in further research. 
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