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Abstract. Information Extraction and Named Entity Recognition al-
gorithms derive major applications related to many practical document
analysis system. Semi structured documents pose several challenges when
it comes to extract relevant information from these documents. The
state-of-the-art methods heavily rely on feature engineering to perform
layout-specific extraction of information and therefore do not generalize
well. Extracting information without taking the document layout into
consideration is required as a first step to develop a general solution
to this problem. To address this challenge, we propose a deep learning
based pipeline to extract information from documents. For this purpose,
we define ‘information’ to be a set of entities that have a label and a
corresponding value, e.g., application number: ADNF8932NF and sub-
mission date: 15FEB19. We form relational triplets by connecting one
entity to another via a relationship, such as (max temperature, is, 100
degrees) and train a neural tensor network that is well-suited for this
kind of data to predict high confidence scores for true triplets. Up to 96%
test accuracy on real world documents from publicly available GHEGA
dataset demonstrate the effectiveness of our approach.

Keywords: Named Entity Recognition · Neural Tensor Networks · Semi
Structured Documents.

1 Introduction

Information extraction from documents is crucial for many applications like in-
voice automation, knowledge management and preservation, and information
retrieval. A key components in such systems is the entity extraction for rele-
vant information. These entities could be personal information (like name, date
of birth, address, emails, etc.), invoice data (like date, price of certain items,
total amount, SKUs, etc.), technical data of components (like operating temper-
atures, power dissipation values, potential hazards, etc.), or legal data (like date
of contract, expiration date, specific laws and regulations, etc.).
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Entity Recognition can be applied to both speech and textual data. In the
current scope of work, we are referring only to textual data and that too con-
tained in paper based documents such as technical specifications, forms, legal
contracts. One can divide documents into three broad categories: Unstructured
(where information is contained in paragraphs and no explicit labels are present),
Structured (where information is presented with specific labels), and Semi struc-
tured (where information is partially (un) structured). With respect to the com-
plexity of information extraction from these three types of documents, one can
imagine that the structured documents are the easiest form of documents, be-
cause each information pair is explicitly available in the document. On the other
hand, it is very challenging to recognize entities in an unstructured documents
due to the absence of specific tags or labels.

The most commonly found methodology in literature to deal with documents
is to first identify the layout and then to apply pattern recognition and machine
learning algorithms for entity recognition. Layout based machine learning and
rule based approaches mostly utilize the layout and format specific geometric
features to extract information from documents [10], [6], [4], [12], [13]. These
approaches work well when the test image and the training documents have com-
parable layouts. A challenge in information extraction is that information can be
located anywhere on the document page and in any form of data structure, such
as tables, figures, logos or the regular text paragraphs. This is a problem with
layout based approaches. They are not general solutions to extract information
from unseen layouts and document formats. They require human intervention
to correct the extraction mistakes in such cases [10], [6]. Other challenges in
information extraction include variation in fonts of the text, variation in field
sizes associated with a label and presence of rare labels of interest that are not
found in all documents [10]. Two examples of such documents are shown in Fig-
ure 1 and 2. Figure 1 shows a datasheet document where the labels and their
corresponding values are arranged from left to right, horizontally. Figure 2 shows
a patent document where the labels and their corresponding values are placed
vertically and the field sizes are larger than one sentence.

Both text and geometric features can help in information extraction. For
example, one of the ways dates are usually represented is MM/DD/YYYY and
the knowledge that where the piece of text appears on the page further helps
in associating it with its correct label. Geometric features are mostly layout
dependent and if an information extraction system uses them alone, or even
in conjunction with textual features, it makes the solution layout dependent as
well. Varying layouts makes this problem difficult to solve.

Our work is an effort to develop a general system for information extraction
that can work on a broad spectrum of document classes. In this regard, we have
chosen to work with the textual features only because they are more general
compared to geometric features, since information in text is mostly represented
in the same way even if the document layouts change.

Natural language processing (NLP) is one of the domains in which machine
learning and deep learning in particular have made great progress. One of the



Title Suppressed Due to Excessive Length 3

Fig. 1: A sample of datasheet document from GHEGA dataset. The red boxes contain
the labels and the blue boxes have their corresponding values.

most prominent applications of NLP is search via speech where we can talk
to our smart phone and our speech gets recognized as a query and the results
are returned as speech again. The most popular commercial applications of this
technology are found in Google’s home, Amazon’s Alexa, Window’s Cortana
and Apple’s Siri assistant systems [9]. Other common applications of NLP in-
clude language modelling, language translation, speech recognition and image
captioning.

Our hypothesis is that if the problem of information extraction can be mod-
eled in a way that it can incorporate the kind of understanding that language
models in modern machine learning have, we could get state-of-the-art results
without using the knowledge of the document types. Since text is general and
common to all documents, such a method could generalize to a variety of docu-
ment classes. For example, a publication date can be present in a scientific paper,
as well as a tender document and even a patent, and it is likely that all three
are presented in the same way in text, but different geometrically.

2 Related Work

Documents are broadly classified into three classes based on their layouts [5];
highly structured documents that have a static well-defined layout, semi-structured
documents that can be described in terms of templates partially but are not as
well-defined as the former and loosely structured documents that cannot be
associated with geometric layouts. Our solution mainly targets the first two doc-
ument types; the highly structured and semi-structured documents.
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Fig. 2: A sample of patent document from GHEGA dataset. The labels are in the red
boxes while the blue ones contain their values.

OCR error correction can be performed before it is used for information ex-
traction [16]. The OCR text is corrected by string cleaning, substitution, syntac-
tic and semantic checks based on the domain knowledge learned about the labels
and their values during training. OCR error has not been taken into account for
our work and we chose to work directly with raw OCR output.

Cesarini et al. [4] proposed a method for information extraction from invoices
that utilized a three-step pipeline for information extraction. The total dataset
they used contained 83 classes of documents with respect to the issuing firm
and extracted only two labels, invoice total and invoice number. The labels are
called tags and associated values are logical objects. Match is found between
them on the basis of the text contained in the two entities or their positions.
Document pages are divided into nine regions and distances between the entities
on the document are expressed as vectors. A number of thresholds based on
hit-and-trial are utilized for this recognition including thresholds for character
recognition, average height and average width of bounding boxes. Overall the
method is layout based and the class-dependent and even independent knowledge
for inference comes from document layouts seen during training.

Esser et al. [6] proposed another layout dependent semi-automatic approach
for indexing of required labels in documents. The system begins with an anno-
tated set of training documents which can be augmented with user feedback.
The system first performs template matching to find a subset of training docu-
ments that best matched the test image using K-nearest neighbour. This subset
allows for extracting the positional index data information from the documents
already annotated correctly and are transferred for extracting information from
the test image. Template matching rate of 98% and information extraction ac-
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curacy over 90% for some classes is achieved attributing to the fact the class of
business documents they used were assumed to be adhering to the same layouts
with minor changes. They introduced feedback from the user into the system to
enable addition of new layouts and correction of wrong extractions.

Rusinol et al. [12] proposed incremental structural templates for information
extraction. A single image from each provider of the documents is used to train
the model. Users manually annotate these images to build weighted star graphs
connecting targets to labels where heavy weights are assigned to the physically
closer bounding boxes. Relations are encoded by storing the polar coordinates
of the vector between target and label bounding boxes (r, θ). At test time, the
document class is determined, then the label of interest is located in the star
graph to find all its occurrences and voting is done to assign a target value to
this label. Star graphs are updated to store new documents and word labels for
continuous learning. This approach performed well on a set of known document
formats, but the method of connecting labels and targets relies on the document
layouts and correct extractions depend on train and test layout similarity.

In Intellix system [13], the extraction pipeline begins by identifying the docu-
ment class using a variant of kNN on a bag of words of the test document. Next,
like other techniques mentioned before, template matching is done using another
kNN getting the set of closest resembling layouts of documents in the training set
that match the test document layout. Then three indexers are used in combina-
tion, namely a fixed-field indexer, a position-based indexer and a context-based
indexer followed by a corrector that weighs and combines the scores and assigns
a value with the highest score to the label of interest. The extraction steps are
different compared to Rusinol et al. [12], but the pipeline seen as a black box as
well as the dependence of the approach on seen document layouts is similar.

Medvet et al. [10] divided documents into a set of blocks, and defined rules
for each label and a corresponding extraction function for assigning target values
to labels. OCR output was used for finding the bounding boxes and a graphical
user interface is provided to the users to label the training images of their choice.
After that, they system would use the labeled examples to find out the extrac-
tion function parameters based on the text and positional relations between the
bounding boxes of the labels and its values in the test image. This system, like
the rest mentioned before, uses features that are typical to documents coming
from the same provider or at least generated using the same software because it
relies on layout for extraction.

RelNet, proposed by Bansal et al. [1] is an end-to-end model for entities and
relations. RelNet models entities as abstract memory slots and relations between
all memory pairs as an additional relational memory. This model is suitable for
questioning answering tasks.

Strubell et al. [17] introduced iterated diluated convolutional neural networks
as an alternative to Bidirectional LSTM networks for NER tasks. These networks
exploits the power of GPUs massive speed advantages for several NLP tasks like
sequence labeling, entity recognition, etc.
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Fig. 3: Our proposed pipeline for information extraction. First, a test image is binarized
and deskewed at Step-1. Then, OCRopus 2.0 is used for the OCR to get text boxes
and text lines at Step-2. The obtained text boxes are combined with the predefined
set of all the labels to extract, by forming all the possible permutations of labels and
text boxes at Step-3 and relational triplets are formed by combining the labels and the
text boxes via the ‘is’ relation. Finally at Step-4, the triplets are given as input to the
neural tensor network as the embedding vectors of the two entities, i.e., the labels and
the possible corresponding value in the text box to get a prediction score. The last step
shows a visualization of a neural tensor network [11], with k = d = 3. The 3d cube in
the curly braces is the representation of the Θk tensor, with size d× d× k, a 3rd order
tensor.

Socher et al. [15] proposed Neural Tensor Networks for relational classifica-
tion. We surmise that this might be a very effective way of modeling the connec-
tion between a label and its corresponding value, that we call information. Our
work mainly investigates this hypothesis. For knowledge base completion, they
compared a variety of network architectures including distance model, single
layer fully-connected model, hadamard model and bilinear model with their own
proposed neural tensor network to classify whether two entities are connected by
a relationship ‘R’ by forming relational triplets. Our approach for information
extraction is inspired by their work and their network is explained in more detail
in the next section where we present our solution pipeline.

3 Proposed Solution

We propose the pipeline shown in Figure 3 for extracting information from docu-
ments. As the first step, we preprocess the input document image, which includes
adaptive binarization [14] and de-skewing [19] followed by OCR using OCRopus
2.0 [2]. The relational triplets are formed by combining the text boxes in the
OCR output at sentence level with the labels of our interest via a relation, by
forming all possible permutations. For our research, we utilize only the “is” re-
lation because we want to verify whether temperature “is” 45 degrees, distance
“is” 9km and so on. All of the relational triplets are passed for classification to
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the neural tensor network which is optimized for information extraction. The
entities are character strings, so we convert them to their vector representation,
which we obtain by training the Word2Vec algorithm on our whole dataset of
all the available datasheets and patents. We train from scratch the continuous
bag-of-words (CBOW) architecture for getting our entity vectors. Then, the neu-
ral tensor network is trained to output high scores for correct triplets, based on
which we can extract all the values associated with every single label that we
want to look for in the document.

A neural tensor network differs from a fully-connected neural network in
the sense that instead of having two dimensional weight matrices (which are 2nd
order tensors), the weights are tensors of 3rd order which interact with the input
entity vectors [15]. The network function is written as

p(l, R, v) = ΦT f(lTΘkv + Γ<l, v>+ Ψ) (1)

where f is a non-linear activation function and l and v are both 100-dimensional
entity vectors, label and value vectors respectively. <l, v> is the row concate-
nation of the two entity vectors. The parameter ‘k’ in the weight tensor, Θ, is
called the slice size, which gives a third dimension to the weights, making the
weight tensor Θk ∈ Rd×d×k, where ‘d’ is the dimension of entity vectors, and
converts an ordinary fully-connected linear multiplication to a bilinear tensor
product lTΘkv. Also Γ ∈ Rk×2d and Φ, Ψ ∈ Rk. More recently, new work has
been done on the same problem [8], [7], [3], [18] but we want to demonstrate the
effectiveness of modelling information extraction problem in this manner and
not the problem of reasoning itself. The problem of knowledge base completion
is beyond the scope of our research and we directly use the neural tensor model
proposed by [15] and propose a different dimension to look at information ex-
traction from a knowledge modelling point of view that makes the whole solution
pipeline independent of the document layout.

For this work, we considered all of the OCR output from the available set of
data-sheets and patents for training and testing. Many of the text blocks in the
OCR are not associated with any label from our set of labels, so we assign them
a sentinel label “unknown”. The network was trained by passing the true triplets
in the dataset as well as corrupt triplets that were constructed by replacing the
associated value of a label with any random entity from the dataset. Against each
true triplet, we tested different numbers of corrupt triplets for best performance.
The ratio of number of corrupt triplets to the number of true triplets is called
the corrupt size. No GPU was needed for this training because the model is small
in size and fits in main memory, which means that inference on a document with
a huge number relational triplet permutations can also run on the CPU. The
slice size ‘k’ of the weight tensor is 3 and the words embedding were taken to
be 100-dimensional. The following Hinge cost function is used for training the
network

C(Y ) =

NE∑
i=1

NC∑
c=1

max(0, 1− p(T (i)) + p(T (i)
c )) + λ||Y ||22 (2)
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(a) Test accuracy against training epochs (b) Test accuracy against batch size

(c) Test accuracy against corrupt size
(d) Test accuracy against activation func-
tions

Fig. 4: The results of hyper parameter tuning experiments.

where NE is the number of training examples, NC is the number of corrupt
examples taken against one true triplet (corrupt size), Y = (Φ,Θk, Γ, Ψ) is the
set of all the weights that are to be optimized, and T (i) = (l(i), R(i), v(i)) is a

correct training relational triplet while T
(i)
c = (l(i), R(i), v

(i)
c ) is a corresponding

corrupt triplet. Similar to Socher et al. L-BFGS is used for optimizing the weights
of the network [15].

4 Experiments

4.1 Data set

We used Ghega dataset for demonstrating our results, which is the same dataset
used by [10], except their invoices have not been made publicly available. It con-
sists of 136 patents and 110 data-sheets documents. One sample from each is
shown in Figure 1 and Figure 2. The ground truth containing the OCR files for
these two document types are also publicly available. For the patents, the la-
bels we considered as information for our work include Title, Priority, Inventor,



Title Suppressed Due to Excessive Length 9

Embeddings Datasheets Patents
Learned 0.96 0.96
Random 0.75 0.77

Table 1: Accuracy against embedding

Applicant, Classification, Filling Date, Publication Date, Representative, Ab-
stract 1st line, Application Number, and Publication Number. For data-sheets,
we considered Model, Type, Case, Voltage, Weight, Power Dissipation, Thermal
Resistance, and Storage Temperature. The number of entities identified are 7847
in the data-sheet documents and 6218 in patents.

4.2 Evaluation Metrics

We evaluate the performance of our approach using the following metrics.

Accuracy =
TP+TN

TP+TN+FP+FN
(3)

Precision =
TP

TP+FP
(4)

Recall =
TP

TP+FN
(5)

F1 =
2× Precision× Recall

Precision+Recall
(6)

where TP, TN, FP and FN are True Positives, True Negatives, False Positives
and False Negatives.

4.3 Results and Discussion

We have tested our approach with different hyper parameters for the neural
tensor network. Please refer to Figure 4 for the results of hyper parameter tuning.
A 80/20 train and test split was used for our experiments. We performed cross-
validation by constructing five different train and test splits for both document
types. The lowest accuracy for any train and test split for our experiments was
93% for data-sheets and 92% for patents. We found that consistent results are
obtained for both types of documents by having a tensor network with slice size
of 3 and Γ and Ψ parameters set to 0, thus reducing the network to the bilinear
product only. If all three components are used with different slice sizes, then a
slice size of 1 yields up to 96% accuracy for data-sheets, but the patents perform
slightly worse at 93% even with 3 slices. Our best results with slice size 3 and Γ
and Ψ set to 0 are summarized in Tables 1-3.

Our accuracy peaks at a corrupt size of 10. For this result, tanh activation
was used with learned embeddings. We also tested our method for learned and
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Label Precision Recall F1
Title 0.87 0.91 0.89
Applicant 0.90 0.95 0.92
Inventor 0.97 0.92 0.94
Representative 0.92 0.99 0.95
Filling Date 0.91 0.95 0.93
Publication Date 0.89 0.96 0.92
Application Number 0.93 0.80 0.86
Publication Number 0.89 0.99 0.94
Priority 0.96 0.89 0.92
Classification 0.97 0.91 0.94
Abstract 1st line 0.92 0.86 0.89
Unweighted Average 0.92 0.92 0.92

Table 2: Per-class results for patents. The sum of values in each column is divided
by the number of values to get their average values.

random embedding vectors for the labels and target values and found that the
learned embeddings work better. For this dataset, a tanh activation outper-
forms sigmoid and identity non-linearities by a big margin. For all the settings
we tested, we found that power dissipation in datasheets and abstract 1st line
in patents performed the worst. Per-class results are provided in Table 2 and
Table 3.

We have also compared our results with those reported in Medvet et al. [10].
They report a “success rate” or precision of 91% for a fixed training set of 15
documents with no human supervision while we get 94% precision for data-sheets
and 92% for patents. Since [10] uses layout information, fewer examples lead to
better results because the layouts seen at test time are similar to the training
inputs. For our approach, since we are learning from text, a larger training
set is required to perform at the same level. Medvet et al. also experimented
with feedback via human intervention by letting the user correct the results
of incorrect extractions. They found out that supervision increases precision
to 96%, and our system is capable of producing competitive results using just
textual information without any human intervention.
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Label Precision Recall F1
Model 0.96 0.98 0.97
Type 0.98 0.97 0.97
Case 0.92 0.98 0.95
Power Dissipation 0.94 0.89 0.92
Storage Temperature 0.90 0.93 0.91
Voltage 0.91 0.95 0.93
Weight 0.91 0.99 0.95
Thermal Resistance 0.99 0.96 0.98
Unweighted Average 0.94 0.96 0.95

Table 3: Per-class results for datasheets. The sum of values in each column is divided
by the number of values to get their average values.

5 Conclusion

We have presented a layout independent pipeline for information extraction from
document images. We are able to obtain highly accurate results on patents and
data-sheets for relational classification. Our problem formulation and feature se-
lection are general and layout independent. Results were obtained by forming
relational triplets of entities found in the OCR output provided with the dataset
with a set of labels defined beforehand. In future, we would develop an end-to-
end system, that would incorporate this method of information extraction and
work holistically on a document by obtaining OCR, getting the bounding boxes
at different levels and testing all the permutations to obtain a fully extracted in-
formation result. Newer methods of modelling information other than the neural
tensor network of [15] should also be tested for finding more optimal solutions
in terms of processing time for faster performance. Since the input features are
textual, we would want to test our approach on a variety of other document
types such as invoices and tender documents to test its effectiveness.
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