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ABSTRACT
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Patent Processing consists of various important tasks such as filling application, searching for
prior art, responding to office actions and many more. Researchers mostly focused on working
with prior arts and patent application but neglect analysing office actions. This thesis is devoted
to classifying and extracting relevant information from office actions. Since office actions have not
been in mainstream research, a new dataset of 2300 office actions was created for this research.
Office actions were processed using the Tesseract OCR engine to create a raw dataset. The raw
dataset was cleaned, pre-processed, and manually labelled into two classes, relevant (1) and
irrelevant (0). The cleaned and processed dataset had almost 30000 irrelevant paragraphs and
around 6000 relevant paragraphs. The text classification approach was experimented on the pro-
cessed dataset to find the relevant and irrelevant information.

Since the dataset was created for this research, there were no baseline results. To establish
a baseline, the Gaussian Naive Bayes classifier was used. Random Forest, AdaBoost and
XGBoost were chosen as models for evaluation during the experiments. In text classification,
researchers apply various traditional algorithms such as SVM, Decision trees along with state-of-
the-art methods such as CNN, DNN etc. Random Forest algorithm used in this research is based
on decision trees. AdaBoost and XGBoost utilize a gradient boosting technique, that is the dataset
is trained using multiple iterations of classifiers. Each iteration of a classifier adjusts the feature
weights to improve the accuracy score. The classifier with the best accuracy is opted by the al-
gorithm as it has the most optimized feature weights. The word embedding technique also played
an important role in text classification. Therefore, in this thesis, Count Vectorizer and TF-IDF Vec-
torizer were used to investigate the results on the dataset. Count Vectorizer focuses only on the
total frequency of the vocabulary of the dataset. The TF-IDF Vectorizer utilizes frequency of the
vocabulary and combines it with the inverse frequency of the words in the document.

The experiments were carried out using the Spyder framework. The baseline results for the
research were 93.17% and 87.78% for Count Vectorizer and TF-IDF respectively. The experi-
ments showed XGBoost as the best classifier with the highest accuracy of 96.50% using the TF-
IDF Vectorizer. The lowest accuracy achieved was 95.69% for AdaBoost using the TF-IDF Vec-
torizer. The F1-score for XGBoost was the highest with a value of 0.866 followed by Random
Forest with 0.850 and AdaBoost with 0.842. Although the accuracy score for the AdaBoost model
was higher using Count Vectorizer, the F1-scores for all the models were better for the TF-IDF
Vectorizer.

By analysing the results from the classifiers, it was clear that the paragraphs with contradictory
keywords were more prone to misclassification. However, the unevenness of the dataset could
also be responsible as the number of irrelevant paragraphs greatly overshadows the relevant
ones.

Keywords: Patents, Office Actions, Text classification, Information Extraction
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1.INTRODUCTION

A patent is a document that provides innovators with exclusive rights to their invention
which can be a process or a product that describes a novel way of accomplishing some-
thing or offers a modern technical solution [1]. To obtain a granted patent, an innovator
must file an application containing the title of the invention, its description and how it is
different from the products/processes that are already patented. Along with this, there is
a specific set of claims that the innovator believes are novel and should help his invention
to be granted a patent. This application is then examined by various patent offices such
as EPO, USPTO, OAPI, etc. after which the examiner responds to the applicant with an

office action (OAs).

Office actions are written documents from examiners, to which an applicant is obliged to
respond in order to proceed with the patent granting process [2]. An OA contains a brief
about the flaws in the application in accordance with the patent laws, the rejected and
allowed claims from the application and other patent regulations. The responses of OAs
must clearly acknowledge all rejections and objections mentioned by the examiner.
There can be various types of OAs, such as restriction requirements, first OA, non-final
OA and final OA [2].

Information extraction (IE) is a sub-discipline of artificial intelligence which oversees the
problem of allowing machines to read unstructured data. For example, one company
wants to track the sentiments about its various products. Another one wants to find out
various technological advancements from the news feed it received. A government
agency wants to gather information on a natural calamity and provide a summary of that
information to the emergency services [3] and help create a response team. All these
examples may have different type, size, and sources of information, but one thing that
brings all these problems together is that they all want to read and process a lot of infor-
mation, but it is humanly impossible to process all that data in a given time period. And
as for machines, they cannot process these queries as it is in an unstructured format.
This is where IE plays a vital role. Patents are among the documents which contain a
wide range of information. Information extraction from patents has been in limelight for a

long time. IE applied to patents can be categorized mainly into two categories:

1. Analysis of bibliographic information



2. Processing of patent content, such as abstract, description, title etc.

Various methods and processes have been developed and applied to patent documents
focusing on different aspects of patent processes [4][5]. Most of the processes and meth-
odology focus on prior art and patent application, but there is a hidden aspect of the
process that has been overlooked. In order to receive a granted patent, one needs not
only to find appropriate prior art and claims but should also be able to properly analyse
OAs from examiners. If an application is top notch, but the applicant cannot respond

properly to the OAs, it will be rejected automatically.

The aim of this thesis is to fill in that gap of analysing OAs and classify the information
that is relevant for patent application and analysis. The project is aimed to develop a
system that can be used to classify the relevant and non-relevant information from the
received OAs. The system was developed on Nokia premises envisioned to extract rel-

evant information from the OAs and easing the patent processes.

The first research question is how to gather data to train the system. Even though patent
analysis has been in limelight for quite a while, the OAs section has not received much
attention, so there are not a lot of datasets that can be used to design the system. Thus,
for this research, a dataset was created manually by gathering 2300 OAs and annotating

them into required classes.

The second research question is which model and approach will give the most effective
results of classifying the information retrieved from the OAs. The text from the OAs were
classified into relevant and irrelevant classes using text classification algorithms. Differ-

ent traditional models were researched during the research to obtain the best results.

The thesis has the following structure. The introduction is followed by the previous works
done in patent analysis, IE and text classification. Section 3 describes the research meth-
odology including the data gathering phase, research of documents, search for various
modules in Python, problems faced and their solutions. Along with this there will be in-
formation about the NLP techniques and text classification models used in the system.
Section 4 comprises the classification results, evaluation, discussion about the results
and the future work. Finally, the 5" section draws the conclusion of the thesis with a brief

explanation about the discussion.



2. PREVIOUS WORK

This chapter provides detailed background information about text classification algo-
rithms. The first section provides the fundamental information about patents, their related
documents and patent processes. In section two, concepts related to NLP are described
including word embedding models and classification algorithms. The detailed information
about the information extraction in patent documents is explained in the third section. In

section four, common evaluation metrics for classification models are introduced.

2.1 Patent Processes and Office Actions

“The computer is incredibly fast, accurate, and stupid. Man is unbelievably slow, inaccu-
rate, and brilliant. The marriage of the two is a challenge and opportunity beyond imagi-
nation.” — Stuart G. Walesh, 1989

The quote aligns perfectly with the current era as the alliance of both computer and man
is being prioritized in different areas. Starting from historical times, industries have been
found to evolve and expand meeting the forthcoming challenges and imminent techno-
logical changes [6]. The chase of being the best and gain slight advantage over the
competitors has led industries to substantially increase their Research and Development
(R&D) spending [7]. The firms continuously need to innovate and evolve to preserve their
competitive edge in the market. In the ever so large growing world, the need to innovate
has never been a greater necessity. The innovations are created to enhance the quality
of human life, but the industries should also be encouraged to continue their path of
innovation. The best way to encourage the industrialists to maintain their innovative

paths is to monetize their inventions.

In the legal terms, monetizing the innovations implies creating them as Intellectual Prop-
erties (IPs). “Intellectual Property refers to the creations of mind, such as inventions;
literary and artistic works; designs; and symbols, names and images used in commerce”

[1]. IPs are categorized under three major categories:

1. Copyrights — Copyrights are mostly related to entertainment
industry, that is all the artwork composed by musicians, artists, producers
etc. is copyrighted under their name, thus providing them with the rights to

protect their creation/products.



2. Trademarks — A trademark is a symbol that distinguishes a certain

type of products or amenities provided by a specific individual or company.

3. Patents - A patent is an exclusive document that provides the

inventor with the ownership rights of his/her invention for a certain period.

According to WIPO, “A patent is an exclusive right granted for an invention — a product
or process that provides a new way of doing something, or that offers a new technical
solution to a problem” [8]. A patent allows the patent owners to protect their invention
from duplicity, theft and other illegal activities. This protection is provided for a certain
duration of time, usually 20 years, before the invention is made publicly available. A pa-
tent not only provides protection to the inventors for their creation but also incentives by
recognition of their work, possibility to market the product and so on. These incentives

then encourage them to innovate and enhance the quality of human life.

Although a patent provides various forms of protection for a long time, receiving a
granted patent takes years of struggle along with numerous documentation steps. The
first step is to file a patent application which describes the invention and how is it different
from the products that are already patented. An application should contain a specific set
of claims that the innovator believes are novel and should help his invention to be granted
a patent. Then this application is sent to patent offices such as EPO, OAPI, USPTO etc.
where the offices assign an Examiner to look over the filed Patent application. The ex-
aminer compares the current application with the previous granted patents, filed patent
applications or prior art to find the similarities between them. Once he is done with the
application, he will note down his findings in an official document. The document created

in response to the filed patent application is known as an Office Action (OA).

In the process of patent application, the applicant will eventually receive an OA [9]. The
OAs can be classified into one of the three categories. In one response, the examiner
searches for the prior art, finds nothing similar to the claims filed and accepts the appli-
cation. In a second possible response the examiner finds various similarities between
filed application and the prior art which makes the current claims of the application un-
patentable. In this case the OA contains the information about the patent numbers which
have similar claims and comments about the similarities in both applications. In a third
response, the examiner finds the filed application in discord with various patent applica-
tion requirements which must be corrected before conducting any searches [9]. Mostly,
the second type of responses are the OAs which are needed to be examined properly
by Patent Engineers (PE). A PE is a person who has in-depth knowledge of a company’s

technology and also substantial information about the patent laws. They help in crafting



a proper patent strategy which includes drafting application, performing prior art

searches, responding to OAs etc [9].

2.2 Natural Language Processing

2.2.1 Introduction to Text Classification

Researchers have fixated their attention on text classification for a long time. Either new
systems are being developed or the existing algorithms are improvised to create models
yielding higher computational results [10][11][12]. There are numerous pre-trained mod-
els like BERT [53], XLNet [52], RoBERTa [54] etc. which are available for language pro-
cessing tasks and they are still being worked upon to get better results. Most recent
update came out about Facebook’s (FB) KILT [13] and Google’s PRADO. KILT by FB
provides answers to the multi-domain language processing problems [13] whereas
PRADO which was launched almost a year ago was improved to be able to achieve
BERT level accuracy and making the model 4 times smaller [14]. The purpose of text
classification is identifying and categorizing the portion of text to different labels or clas-
ses precisely. It can be further categorized into single-label and multiple-label classifica-
tion. Table 2.1, 2.2 and 2.3 show a few examples of text classification. Table 2.1 repre-
sents single-label classification. Table 2.2 shows an example of single-label multi-class.

Table 2.3 demonstrates the multi-label multi-class classification.

Examples Classification
It was the best of times. 1
It was the worst of times 0
It was amazing age of industries 1
Table 2.1 Single-label classification
Examples Classification
It was the best of times. 1
It was the worst of times 2
It was amazing age of industries 1
It was foolish act of bravery. 0
Table 2.2 Single-label multi-class classification
Examples Classification
It was the best of times. 0,1,2
It was the worst of times 1
It was amazing age of industries 0,2
It was foolish act of bravery. 0
Table 2.3 Multi-label multi-class classification

Single-label classification with just two target class is also referred to as Binary classifi-

cation. Since there are only two target classes, the classification result is either of them.



Single-label multi-class classification is slightly different in a way that there are more than
two target classes, and the classification result can be either of those classes. Multi-label
multi-class classification can be explained as a combination of the previous two, that is
there are multiple target classes, and the classification result can be either or all of those
classes. Text classification is being utilized in various domains such as industries, fi-
nance, medicines [15], Patents [16][17][18] etc. Different domains require researchers to
carve text classification techniques as per their requirement such as news classification,
categorization of document parts, detection of prior art from patent applications [19], ex-
tracting user information from patents [20] and so on. News classification can be taken
as one of the most common classification tasks. The news text is related to different
topics that are needed to be classified accordingly. There are several topics, for instance
politics, sports, economy, business, technology etc. These topics can be thought of as
target classes. As a result, we have multiple classes, and the news text can be classified
into any one of these categories which makes this problem as a single-label multi-class
classification. Another similar example in relation to patents can be classifying patents
into their technological classes. Patent applications are classified into different technol-
ogies such as radio, telecommunication, software, machine learning etc. Unlike the news
classification example, patents can be classified as multiple classes which makes it a
multi-label multi-class classification problem. As text classification has been researched
upon for a long time, there are numerous examples for binary, single-label, and multi-

label classification. It depends on how researchers look at the problem.

2.2.2 Embedding Models

Machines require numbers to perform calculations. In order to process textual infor-
mation, these texts are to be converted into some form of numerical structure. Word
embedding is a type of algorithm that maps textual information to vectors in numeric
form. Every word is represented by a vector using the word embedding techniques. Fig-

ure 2.1 represents various word embedding techniques used in state-of-the-art methods.

Statistical word embedding models like Bag of Words (BoW), TF-IDF etc. are traditional
word embedding techniques that have been handy for language processing tasks where
the vocabulary is limited to a certain extent. These models put an emphasis on a vector
of feature weights for solving the problem. The whole document is embodied as a vector
of features where features are words in the document. On the other hand, the language
model-based embedding techniques provide different advantages over statistical meth-
ods and focus on more diverse textual information, that is they also consider semantic

information which is useful in various language processing tasks. Language model-



based embedding models usually work with a large text corpus to reduce the dimension-

ality of feature vectors. If the dataset is not large enough, the statistical methods provide

better results. The feature types also matter while selecting the embedding algorithms.

There are different feature types such as n-grams, taxonomies of features, domain spe-

cific features [21] etc. for different tasks. Since the dataset in my thesis does not contain

a huge amount of information, BoW and TF-IDF as statistical embedding techniques in

combination with N-grams were used.
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BoW is one of the most used and commonly known feature extraction procedures while

working with sentences and documents [22][23][24]. This approach depends on the vo-

cabulary size of the input documents. BoW is a statistical method which depends on the

term frequency (TF) of all the words as feature to accomplish the task. Table 2.4 demon-

strates an example of how BoW created the features from the input provided.



Statement Features
It was the best of times It, was, the, best, times, of
It was the worst of times It, was, the, worst, of, times
It was amazing age of industries It, was, amazing, age, of, Industries
It was foolish act of bravery. It, was, foolish, act, of, bravery
Table 2.4 BoW example

BoW is a simple model that considers words as features and its frequency as weight.
For example, vocabulary created from Table 2.4 will be, “If, was, the, best, of, times,
worst, age, industries, foolish, act, amazing, bravery”. The feature matrix that will be cre-

ated from the BoW model for the statement given in Table 2.4 can be seen in Table 2.5.

Features Statement 1 Statement 2 Statement 3 Statement 4
It 1 1 1 1
Was 1 1 1 1
The 1 1 0 0
Best 1 0 0 0
Of 1 1 1 1
Times 1 1 0 1
Worst 0 1 0 0
Age 0 0 0 0
Industries 0 0 1 0
Foolish 0 0 0 1
Act 0 0 0 1
Amazing 0 0 1 0
Bravery 0 0 0 1

Table 2.5 Feature weights using BowW

The feature weights in Table 2.5 are numbers of occurrences of that feature in the input
statements. BoW uses the whole vocabulary from the input data to create feature vectors
and assigns weights. Since the number of features is directly proportional to the number
of words in the document, this approach increases the dimensionality of the feature vec-
tor and is considered a liability when working with larger amounts of data. BoW can be
as simple or complex as we like which is why this approach becomes very handy while

working with smaller datasets.
TF-IDF

TF-IDF is another technique that is used in text classification tasks [25][26]. It also works
by weighing the words in the document but is considered better than BoW. The problem
with BoW is that the most frequent words will be assigned highest weights. Not always
the most frequent words are the best features. Some important features can be over-
shadowed by insignificant features because of more frequent occurrences. To overcome
this setback, the Inverse Document Frequency (IDF) method was proposed by K. Sparck

Jones [29] in 1972. IDF in conjunction with TF lessens the effect of implicitly common



words in the feature list. The TF-IDF approach cross references the frequencies of the
words in statements with the whole document. The most common words across the doc-
uments are also penalized. The TF for the documents is calculated as in BoW but the
IDF improves the weighting of features. Thus, the IDF of a rare feature is a higher value
and vice versa for a frequent term [27]. Table 2.6 shows the feature weights calculated

using TF-IDF approach.

Features Weights
It 0
Was 0
The 0
Best 0.4
Of 0
Times 0.21
Worst 0.45
Age 0.3
Industries 0.5
Foolish 0.6
Act 0.5
Amazing 0.7
Bravery 0.7
Table 2.6 Feature Weights using TF-IDF

In Table 2.5, the feature weights depend on the term frequencies which made keywords
such as “It", “Was”, “The” good features. TF-IDF changed the feature weights after com-
paring those frequencies to the whole text corpus and showed a different set of features

which can be used to get the tasks completed.
N-grams

The embedding models require a list of features to assign different weights. In Bow and
TF-IDF models, the features are taken as words or tokens from the input documents. As
seen in Tables 2.5 and 2.6, we have multiple zeros. These tables were created just from
a few lines of text. When provided with a large enough input, these matrices will have
numerous zeros, that is the feature vectors created will contain a lot of zeros. These
vectors are called sparse vectors. These sparse vectors require more computational re-
sources and memory making the statistical approaches very difficult to use. To overcome
such challenges various pre-processing such as removing punctuation, stop words,
stemming etc. is done. To further improve and get more sophisticated results, the tokens
are grouped together to provide more meaningful features. While grouping the features,
each token is termed as “gram”. A sequence of n number of tokens is referred to as an

N-gram. If a group contains only one token it is known as Unigram, with two tokens it is
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known as Bigram and so on [28]. Figure 2.2 demonstrates the n-grams created from an

example text.

) (rice) (Gbmid)

= (e (5

[ The Article ] [ The Submitted ]

Bigrams H
The article is not submitted | | Not Article |

[ Article Is | (Is Submitted ]

Text

[ The Is Not ] (_Article Submitted is ]

Trigrams

( Submitted is not ] [ Is Not The |

| [ The Is Article

Figure 2.2 N-gram example

There are three different n-grams created from a single statement. Bigrams and trigrams
consist of a better feature vector than the unigrams. Usually the bigram approach may
provide us with better results than the unigrams and trigrams can further enhance the
results. The author [24] states that “a bag of bigrams representation is much more pow-
erful than bag-of words, and in many cases proves hard to beat”, that is a bag of n-grams
combined with statistical embedding models can yield compelling results. N-grams are

also a very common way to work with many text classification problems [25][26].

2.2.3 Overview of Algorithms for Text Classification

Various text classification studies have been conducted over the years [21][30]. Kowsari
et al. [30] recently conducted a survey for the text classification algorithms along with
feature extraction, dimensionality reduction and other relevant stages while performing
text classification. The authors analysed various text classification algorithms along with

their limitations to the real-world applications.

Generally, text classification approaches can be applied to 4 different scope levels. First
is the document level scope which means that the algorithm obtains relevant categories
from the whole document. The classification algorithm takes the whole document as an

input and provides a prediction for the same. Second is the paragraph level approach
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which collects the information from the paragraphs of the text document. The paragraphs
are taken in as input by the algorithm, feature engineering is performed on all the para-
graphs of the document and the target class is predicted. Thirdly, the sentence level
scope focuses on sentences to extract information and lastly, the subsentence level
scope draws the information and categories from sentences within the sentences. Dif-
ferent scopes take in input as per their scope levels and perform feature engineering on
the same. For example, in the paragraph scope, the bigrams created can consist of mul-

tiple sentences which can be used as features by the classification algorithm.

The Rochio classification is amongst the earliest text classification algorithms and was
first proposed by J.J. Rochio in 1971 [31]. This classification algorithm also uses the TF-
IDF weights for the words that are considered to be informative and builds a feature
vector for each class from the training set. Using these vectors, the classes with most

similarity index are assigned to the test set.

The statistical machine learning approach for text classification involves two steps. First
is to extract the features from the input data. The second step is to use the machine
learning algorithms to predict the target outputs. Kowsari et al. [30] have also discussed
various machine learning algorithms with two most popular techniques in ensemble
learning: Bagging and Boosting. The traditional statistical classification approaches like
Logistic Regression (LR) [32], Naive Bayes [55], Support Vector Machines (SVMs) [33],
K-Nearest Neighbours (KNN) [34] etc. are still used extensively in the scientific commu-
nity. Decision Trees [35] and Random Forests [56] are tree-based classification algo-
rithms which makes them faster and more accurate than the traditional approaches.
Boosting algorithms like AdaBoost [57], XGBoost etc. are ensemble techniques which
modify the distribution of the training dataset given the classification reports of the trailing
classifiers. Along with the traditional approaches, the authors also compared the state-
of-the-art deep learning (DL) approaches like Deep Neural Networks (DNNs), Recurrent

Neural Networks (RNNs), Convolutional Neural Networks (CNNs) etc.

In this thesis, the traditional approach, Naive Bayes classification was used to create the
baseline for this research. This technique has been widely in use for various language
processing tasks since early 1950s. This technique utilizes the generative modelling
which is the most traditional approaches in text classification. Since it is one of the oldest
approaches, Naive Bayes classifier was used to set the baseline for the research. The
other traditional approaches were not used in the research as the baseline results were
better than expected. On analysing the baseline results, it was found that the results

were exceptionally good because of the structure of OAs.
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Random Forest is an ensemble technique which was introduced by T.Kam Ho [56] in
1995. This technique works on the same principal of decision trees classifier by using n
number of parallel trees. The best advantage of this technique over other SOTA ap-
proaches like deep learning techniques is that it can be trained faster on compromising

the prediction rate.

All the traditional approaches have been overcome by the SOTA DL techniques like
CNNs, DNNs, LSTMs, GRUs, DBNs etc. The DL approaches have achieved marvellous
results across a variety of domains, including a diverse range of NLP applications. All
the DL approaches are created by several layers with multiple neurons in each layer
which are interconnected to the neurons on the next layer. This structure helps the DL
models to learn better than the traditional approaches. A neuron itself consists of a few
layers. A representation of a single neuron can be seen in Figure 2.3 where the first layer
is the inputs followed by the weight ‘w’ of the input ‘x’. The input and weights are multi-
plied and added to the bias b. This result is inputted to the activation function f to get

final output from a single neuron.

Inputs Weights for the j,,
neuron

Xy
Activation Function
X3
| _Y; (Output value for the j,
7 f " neuron)
X3
Xn
Figure 2.3 Structure of a single neuron

Deep neural networks incorporate multiple layers of neurons where every single neuron
in each layer is connected to all neurons in the next one. Through this structure the
neurons in each layer receive information only from the previous layer. The structure of
a DNN can be seen in Figure 2.4 which represents the input layer, output layer and the
hidden layers. A CNN is another type of deep learning architecture that is commonly
used in various machine learning tasks. The major difference between the DNN and
CNN is that the CNN uses different kernels to convolve over the given input and help
reduce dimensionality of the data. It was originally developed for image processing but

has been useful to provide exceptional results regardless of the domain.
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Figure 2.4 Structure of a deep neural network

For text classification, the common point between traditional and SOTA DL approaches
is the way to provide information, that is, conversion of textual information using embed-
ding models so that it can be encoded for the machine to understand. It is true that DL
approaches provide very good results for various tasks across domains, but the biggest
drawback is the amount of data. Because the DL approaches have several layers, they
need an appropriate amount of data to be trained. Without such a dataset, the usage of
DL models leads to misuse of computational resources as they will provide very similar
results to the traditional approaches. This is also one of the reasons why the DL ap-

proaches were not experimented with in this research.

2.3 Information Extraction in Patent Documents

The patent systems consist of various segments such as patent applications, claims,
prior arts etc. Different language processing techniques are being applied on all the seg-
ments using different approaches, for instance language processing, property-function
based approaches, rule-based approaches, neural networks etc. Different state of the
art patent analysis methods is being researched upon to improve information extraction
form patent documents. Patents contain different types of information. Clams in a patent

application need to be novel to grant a patent. If a patent is about a new technology, it
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will contain information about the previous work done on that technology, if it is about an
astonishing new device, the application will be created after collecting all the information
about what were the previous versions of the device etc. The patent team must go
through all the literature in order to find all this previous information. Various information
extraction techniques [36][37][38] have been developed and researched. Different re-
searchers tried to extract various types of information for patents, for example Helmers
et al. [39] focused their attention on searching for the prior art for patent applications by
utilizing the NLP and deep learning approaches. Luo et al. [18] studied Named Entity
Recognition (NER) in chemical patents using neural networks. Similar works such as
user information extraction [40], extracting technical causality [41] are results of utilizing
the language processing and machine learning techniques in information extraction from

patent documents.

2.4 Evaluation Metrics

In research community, experimentation results are compared on the basis of previous
results or a baseline. However, such comparison methods don’t exist for all the problems.
The major issues when evaluating results in NLP occur because of absence of standard

data collection protocols [30].

In this thesis, the performance of the algorithms has been evaluated using four evalua-
tion metrics, namely accuracy, F1-Score, precision, and recall. The use of confusion ma-
trix made it easier to analyse and understand the prediction results. The description of

these metrics is given below.

2.4.1 Accuracy and F1-Score

Accuracy

Accuracy in classification tasks is achieved using the accuracy_score metric which com-
pares the set of labels predicted by the algorithm for a test set with its true labels. The
mathematical formulation for the accuracy can be seen in the equation below.

TP+TN
TP+TN+FP+FN

Accuracy =

e TP represents True Positives, that is the classifier predicted the class as 1 when

the true class is 1

o TN represents True Negatives, that is the classifier predicted the class as 0 when

the true class is indeed 0.
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o FP represents False Positives which means that the classifier predicted the class

as 1 when the actual class is 0

o FN represents False Negatives which indicates that the classifier predicted the

class as 0 when the actual class in 1.
F1-Score

Another common evaluation for classification tasks is using the precision and recall met-
rics. The F1-Score module from Scikit library allows us to get the F1-Score of the classi-

fier. The mathematical equations for precision and recall can be seen below.

pocicion — TP
recision = TP n Fp
Recall = — ¥
CC = TP T TN

Precision is the value that is received from the positive predictions of the algorithm. Re-
call on the other hand measures the ability of classifier to predict positive samples. Recall
is also termed as sensitivity. Higher the recall value becomes, lesser is the chance of

classifier missing any positive values.

The resultant of harmonic mean between the precision and recall is the F1-Score. The

equation below calculates the F1-Score.

Precision * Recall
Fl1 =2+«

Precision + Recall

It is the weighted average of the precision and recall values. If the F1-Score equals to 1,
it is considered to be the best and 0 is considered the worst. The F1-Score in a classifi-

cation task depends on the average parameters.

2.4.2 Confusion Matrix

Confusion matrix is method which allows researchers to visually analyse the classifica-
tion results. For a binary classification (in our case) there are only two possible outcomes:
True (Positives) and False (Negatives). Table 2.7 demonstrates a confusion matrix for a

binary classification problem.

Predicted Class
Positive Negative
Positive True Positive (TP) False Negative (FN)
Actual Class ; " .
Negative False Positive (FP) True Negative (TN)

Table 2.7 Confusion Matrix
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If the FP and FN values from the matrices are as low as possible, then the classifier is
thought to be trained well enough. During the experiments, if we want to figure out if the
parameters are good enough for the classifiers, we can look at the confusion matrix. If
the values for FN and FP are reducing that means the parameters are increasing the

classifiers’ learning capabilities.
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3. EXPERIMENTS

This chapter contains the process journey for my thesis. In the first section, the project
and its goals have been explained. It is followed by description of dataset used in this
research. The third section contains information on the modules that are used in experi-

mentation. The fourth section describes the experimental environment.

3.1 Project Information

The goal of this project was to help patent engineers find out relevant information from
the OAs without the hassle of going through all the content. There were two main types
of contents that were to be extracted: citation numbers and examiner’'s comments. Cita-
tions identified by the examining division are informed using the patent application pub-
lication number or patent number. Examiner's comments inform the applicant how
his/her patent application cannot be granted because of the findings in the citations. Ex-
aminer’'s comments refer to specific sections in the citations which he sees describes the

similarities against claims of the filed patent application.

As the project had to be developed from scratch, there were various minor objectives set
in order to achieve the final goal. Firstly, research had to be done on how the PE separate
the information in the OA received and how they were able to find out the relevant infor-
mation from the documents. Secondly, the documents had to be researched thoroughly
to find a way to extract citation numbers. After gathering enough information on how to
classify the data and find citation numbers, the next step was to proceed with creating
the dataset. A general classification workflow[49] was used in the research can be seen

in Figure 3.1

Training
- the
classifier

Training
Data (70%)

Data

Pre-processing|
Tuning the

Dataset Feature i
w|Pre-processir classifier
creation Engineering

Data collection

A,

Testing Testing the
Data (30%) Accuracy

'

Evaluating
the model
score

Figure 3.1 Research Workflow
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3.2 Dataset

Various patent research datasets have been made publicly available for researchers to
work. However, the patent process has multiple segments and an OA is one of the seg-
ments that has remained surprisingly unscathed. As a result, not a lot of office action
research datasets are available for researchers, including dataset of office actions for
European patents. Thus, to proceed with the project, a way had to be found to create the

dataset from scratch.
Data Collection

It was found that the OAs are stored on the patent authorities’ websites along with each
application. Thus, OAs had to be retrieved from each application one by one and down-
load it onto the system. Among various patent websites, Espacenet’ was chosen for this
project. There were two reasons for selecting Espacenet as a source of my data. Firstly,
major focus in this project was the European patent application OAs. Espacenet is
hosted by the European Patent Organization, that is it deals mostly with European patent
applications. Secondly PEs prefer using Espacenet rather than any other patent data-
base, which makes it a reliable source of information. All the process of collecting the

OAs had to be done manually as the documents were stored as a part of application.

An original OA can be seen in Appendix A. The document demonstrates the complete
picture of what is received by the PE. Figure 3.2 and Figure 3.3 illustrate the parts of an
OA that were to be focused on in this research. Figure 3.2 shows us citation numbers
that are mentioned by the examiner. The number written as “US 2014/177468 A1” refers
to a published US patent application which, according to the examiner, contains similar-
ities with the claims of filed application. Figure 3.3 mentions the examiner's comments
while comparing the citation and the filed application. The comments from the examiner
contain the paragraph numbers from the citation documents and a brief explanation of

what claims are explained in those paragraphs.

As mentioned in Figure 3.3, the examiner states that content of the claims filed by the
applicant already exist in ‘document D1 in paragraph [0047]’. This information mentioned
by the examiner proves that the applicant’s claims are not novel and/or having no in-
ventive step and they need to be amended in order to get a granted patent. Figure 3.4
depicts an example of a paragraph with irrelevant information. Unlike the previous figure,

this one does not mention any information regarding the similarity of claims.

' The website that | used to collect the data can be viewed from this link: https://world-
wide.espacenet.com/advancedSearch?locale=en EP
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1 Cited documents

Reference is made to the following documents; the numbering will be adhered
to in the rest of the procedure.

D1 US 2014/177468 A1 (KAZMI MUHAMMAD [SE] ET AL) 26 June
2014 (2014-06-26)

D2 US 2015/004979 A1 (SZALAY ZOLTAN [HU] ET AL) 1 January
2015 (2015-01-01)

D3 WO 2011/069550 A1 (ERICSSON TELEFON AB L M [SE);
KLEINHENZ THOMAS [DE]; BACHL RAINER [DE]) 16 June
2011 (2011-06-16)

Figure 3.2 Citation numbers in an OA

The present application does not meet the requirements of Article 52(1) EPC
because the subject-matter of claim 1 is not new within the meaning of Article
54(1) and (2) EPC.

D1 discloses a method, comprising:

- measuring, by a user device, a wireless link between the user device and an
access point to obtain a first set of measurement values (Fig. 5,

paragraph [(0047], "eircuitry that measures received
signal strength or makes other received signal
measurements"),

Figure 3.3 Examiner's comments in an OA (relevant)

The independent claims are not in the two-part form in accordance with Rule
43(1) EPC, which in the present case would be appropriate, with those
features known in combination from the prior art (D1) being placed in the
preamble (Rule 43(1)(a) EPC) and the remaining features being included in
the characterising part (Rule 43(1)(b) EPC).

Figure 3.4 Examiner's comment in an OA (irrelevant)

2300 OAs were gathered from Espacenet. Generally, a few OAs are received for one
patent application. Since a patent is granted in a few years, the number of OAs received
by an organization depends on how many applications they file. Given this information,
the number of applications filed, OAs received etc were researched upon and discussed
with other team members to come up with an appropriate number of OAs to create the
dataset. Once the appropriate number of OAs were collected to create the dataset, their
structure was researched. New OAs received would be added to the dataset to increase

the training data.
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Data Research

After collecting the OAs, the data was analysed manually to familiarize myself with the
fashion of examiner’s writings. The documents did not have a pre-defined template, so
all examiner’s wrote in different ways. Yet, the numbering was one element that was
followed by everyone. Examiners would categorize different sections under different
numbers and headings. After viewing through various documents, the structure was
identified. During this stage various keywords and phrases that precisely differentiated

the relevant sections of information were also identified.
Creation of dataset

Most of the documents received by the PE are in the format of image PDFs or non-
searchable PDFs. Processing these types of documents required character recognition,
thus tesseract [42] module which provides the OCR engine to parse through the non-
searchable PDFs was used. The response from this module comes in various formats
like TEXT, PDF, TSV and hOCR. The data research led to the conclusion that relevant
information can be segregated if the structure of OA can be specified. The hOCR was
chosen as an output format. This option allowed me to convert the OAs into an XML file.
Figure 3.5 shows how the PDF document is converted into a structured document with

named classes and division. A larger XML output can be seen in Appendix C.

<fdiv>
<div class="ocr_carea’ id="block_1_3' title="bbox 221 186 1522 222">
<p class="ocr_par' id="par_1_3' lang="eng' title="bbox 221 186 1522 222">
<span class="ocr_line' id="line_1 3" title="bbox 232 186 1238 215; baseline @ -8; x_size 21; x descenders 4; x_ ascenders 4">
<span class="ocrx_word’ id="word_1_14' title='bbox 232 186 276 215; x_wconf 96'>Date</span>
<span class="ocrx_word’ id="word_1_15' title='bbox 732 186 795 215; x_wconf 96'>Feuille</span>
<span class="ocrx_word’ id="word_1_16" title='bbox 1236 289 1238 211; x_wconf 8'>.</span>
</span>
<span class="ocr_line’ id="line_1_ 4" title="bbox 221 2@5 1522 222; baseline @ 8@; x_size 22.296295; x_descenders 5.2962961; x_ascenders 4">
<span class="ocrx_word’ id="word_1_17' title='bbox 217 201 287 232; x_wconf 23'»>-3%</span>
<span class="ocrx_word’ id="word_1_18" title="bbox 221 285 1522 222; x_wconf 8'>sss</span>
<span class="ocrx_word’ id="word_1_19' title='bbox 1126 281 1284 232; x_wconf @'>omande</span>
<span class="ocrx_word’ id="word_1_28"' title='bbox 1214 281 1525 232; x_wconf 68 >no</span>
<fspan>
</p>
</div>

Figure 3.5 XML output from Tesseract

The structured documents were researched through again to find out the appropriate
names of divisions and classes that would surely divide the documents into the required
paragraphs. Using the names of classes and divisions, all the words were combined to
create statements which in turn created paragraphs. The assembled paragraphs were
then stored in an Excel sheet with paragraph identification numbers. Once all the docu-
ments were processed, a raw dataset of almost 100,000 paragraphs was received. Fig-
ure 3.6 shows the paragraph identification numbers and its contents from the raw da-

taset. This dataset was further cleaned, pre-processed, and manually annotated.
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124155 124153 (999 _24 2.2 It is not clear whether the step of "storing previously updated parameter values" implies a fixed sequence o
124156 124154 [999_25 2.3 Regarding claim 2, it is noted that the terms "coefficients" and "magnitude" are provided without their conte
124157 124155 [999_26 2.4 Similarly, the term "pass" in claims 3 and 4 is not clear, because it is provided without a context (JPEG2000 Tit
124158 124156 [999_27 2.5 The same objections apply to claims 7-10 mutatis mutandis.

124158 124157 [999_28 3 The present application does not meet the requirements of Article 52(1) EPC because the subject-matter of th
124160 124158 (993 29 3.1 Document D1 discloses a method comprising:

124161, 124159 [999_30 ° selecting a datastream among a first datastream and a second datastream, said first datastream and said secom
124162 124160 (999 31 EPO Form 1703 01.91TRI

124163 124161 (999 _32 Datum Blatt Anmelde-Nr:

124164 124162 [999_33 Date cf Form 1507 Sheet 3 nDplication 16 827 311.8

124165 124163 (999 34 Date Feuille. —5—5S Demande no

124166 124164 (999_35 ¢

124167, 124165 [999_36 obtaining a context - decision pair from the selected datastream and an indication of the selected datastream (f
124168 124166 (999 _37 °

124169, 124167 [999_38 using the datastream indication to select a set of registers containing parameter values relating to the selected
124170, 124168 [999_39 °

124171 124169 [999_40 providing the parameter values from the selected set of registers to arithmetic encoding to form updated paran
124172) 124170 [999_41 ° storing previously updated parameter values to a set of registers indicated by a previous datastream indicatior
124173) 124171 [999_42 Therefaore, the subject-matter of claim 1is not new. For the independent claim 7, the above objection applies m
124174 124172 (999 _43 4 The dependent claims do not appear to contain any additional features which, in combination with the feature
124175 124173 [999_44 4.1 As already mentioned, claim 2 is not clear with respect to what exactly is stored and where it is stored. Since
124176 124174 [999_45 4.2 Claims 3 and 4 do not disclose any features that would distinguish their subject-matter from D1. As is shown
124177 124175 (999 _46 4.3 Claim 5 discloses the standard JPEG2000 passes, which are also disclosed inD1.

124178 124176 [999_47 4.4 The subject-matter of claim 6 is disclosed in D1 (e.g. see the sequence of passes in figure 14).

124179 124177 [999_48 45 The remaining features are defined in an analogous manner, and the above objections apply mutatis mutand
124180, 124178 [999_49 5 The applicant is invited to consider the further comments below:

124181] 124179 (999 50 EPO Form 1703 01.91TRI

Figure 3.6 Raw dataset

Cleaning and processing of the above shown raw dataset resulted in a total of about
40,000 relevant and irrelevant paragraphs. The difference in the relevant and non-rele-
vant information in an OA is substantial, which was clearly visible in our processed da-
taset. The clean dataset had almost 30,000 irrelevant paragraphs with only 6000 relevant

ones. Figure 3.7 represents the considerable difference in the numbers.

The label “0” represents the number of irrelevant paragraphs in our dataset while the
label “1” represents relevant paragraphs. The PE must go through all the irrelevant in-

formation in the OA to retrieve a small amount of relevant information.

3.3 Research Modules

As mentioned earlier, the documents received by the CRs are in the non-searchable
PDF format. For analysing the text from these documents, they had to be passed through
an OCR engine. For my research the Tesseract OCR engine [43] was used as it is one
of the most accurate? free OCR engines. Although the engine was developed in early
90s, it is still being used by the researchers in the character recognition domain like
Vehicle tracking system [44], Meme Categorization [45] and a lot more. All this research

2 A case study on various OCR engines. hitps://www.researchgate.net/publica-
tion/310645810 OCR as a Service An_Experimental Evalua-
tion _of Google Docs OCR Tesseract ABBYY FineReader and Transym
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https://www.researchgate.net/publication/310645810_OCR_as_a_Service_An_Experimental_Evaluation_of_Google_Docs_OCR_Tesseract_ABBYY_FineReader_and_Transym
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largely depends on Tesseract’s result which makes it a reliable engine for our research.
The architecture for the Tesseract engine, which can be seen in Figure 3.8, is taken from
the case study of the OCR tool [46].

30000 1

25000 1

20000 -

count

15000 1

10000

5000 4

10
label

Figure 3.7 Number of relevant and irrelevant data rows

The text extracted from Tesseract is in the XML format which is then saved to create the
XML version of the OA received. Since this XML version is readable, it is then processed
using the BeautifulSoup [47] module in Python. Using the methods explained in the book
Website Scraping with Python [47] the elements of XML files were read, parsed, and
convert into the real-world structured text. Now that the real-world data was acquired,
next stages of processing the data could be proceeded. According to the Handbook of
Natural Language Processing [48], Natural language Processing categorizes the lan-
guage analysis into various stages. While analysing the real-world data, various
stages/processes are very useful and important when we deal with the state-of-the-art
algorithms. The analysis stages in NLP generally include tokenization, lexical analysis,
syntactical analysis, pragmatic analysis which gives us the whole understanding of any

statement. It is not always that all the steps are required to achieve the results.

For my research | was able to work around the tokenization and lexical analysis to create
the appropriate workflow which helped me in feature engineering and classification
stages.
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Figure 3.8 Architecture of Tesseract OCR

Along with tokenization, another basic technique was used to find out the relevant infor-
mation from the OAs. As mentioned earlier, main focus of this research was on two parts
of OAs: citation numbers and examiner’s comments. For the citation number regular ex-
pressions were employed. According to the author [49], “a regular expression is a string
containing a combination of normal characters and other metacharacters or meta se-
quences”. Meta-characters and sequences are characters which can be utilized to match
various patterns in the text. In the research, the pattern in the citation number like “US
2014/177468 A1” were recognized as a combination of alphanumeric characters in a
specific pattern. After reading through multiple documents, the regex patterns were
shortlisted to just three. The citation numbers recognised were cleaned of any noise and

then matched to the regex pattern. The regex patterns used in the Python scripts are:
“\d\d\d\d\d\d\d\d\d\d”

o “ww\d\d\d\d\d\d\d\d\d\d”
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o “\d\s\d\d\d\s\d\d\d”

“\d ” matched with digits, “\w ” — alphabetic character and “\s ” — spaces in corresponding
positions. After processing the citation numbers, most convenient approach to work on

paragraphs in the OAs had to be found.

The paragraphs were created by combining sets of words. While manually annotating
the paragraphs in the dataset, various sets of keywords and phrases were found which
made it easier to classify them. In the NLP terms, these phrases are referred to as N-
grams, where “N” determines the number of words in a set. In the N-gram model, we

directly try to figure out the probability of upcoming words based on n-1 previous words.
P(Wi/Wi—1) = Count(Wi — 1, Wi)/Count(Wi — 1) (3.1)

The probability of words can be calculated using the aforementioned formula. N-gram
models were the beginning of experimentation stage. Unigrams (1-gram), bi-grams (2-
grams), trigrams (3-grams) and so on were used to create different sets of features which
could be further fed to feature selection algorithms to get the most optimal features for
training. Unlike humans, machines can just understand numbers fed to them and not
words or characters. To create a feature set, these characters and words needed to be
converted into a machine-readable format, that is to convert them into vectors and arrays
of numbers. The most common techniques used to convert words or tokens into vectors
are Count Vectorizer (CV) and Term Frequency and Inverse Document Frequency (TF-

IDF) vectorizer.

Count Vectorizer is the most straight forward tool that counts the number of words in a
document and assigns them as the weight of the word. CV has various other parameters
like n-grams to create the n-gram features, lowercase to change all the information to
lowercase etc., which can be modified while using the vectorizer and weighing the terms.
The weighted words are then used as features by the algorithms to properly classify the
information. Since CV focuses on the number of times a word has occurred, it can some-
times prove to be unreliable. The common terms like “The”, “I”, “is”, “a” etc. are among
the most occurring words which allows them to get more weight values, but they are not
very useful when providing actual meaning to the content of the document, hence the
classifier can miss more important and interesting features. In order to adjust the weights

in the corpus of words and get better features, the TF-IDF vectorizer was chosen.

TF-IDF gives the optimal weight for a word as it compares the number of times a word
has appeared with the number of documents it has appeared in. The results from TF-
IDF are created from two separate matrices [50] which can be seen from the equation

below:
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TF — IDF = TF(t,d) * IDF (¢, d) (3.2)

The frequency term is denoted as TF (t, d) and is calculated as a summation of number

of times the term ‘f appears in the document ‘d’.

TF(t; d) = erd f(x; t) (33)

IDF (t, d) denotes the inverse document frequency and provides us with the information
of how many documents the term “t” appears in. The inverse frequency is calculated

using the average and the logarithms [50].

T
(1+df (D)

IDF(t,d) =1+ log (3.4)

Here, the total number of documents substitute the term “T” and the number of docu-
ments with the term “t” present in them replaces “df(t)”. The product of TF (t, d) and IDF
(t, d) will compute the final TF-IDF metric. Similar to its counterpart CV, TF-IDF also has
various parameters like n-grams, stop words etc., which are tuned for acquiring the re-
sulting weighted metric. Once the feature metric is achieved, we can feed this metric to

the classification algorithms after performing a few feature selection methods.

3.4 Classification Models

A lot of research has already been done on text and patent classification using various
Scikit algorithms, multilayer perceptrons (MLPs), convolutional neural networks (CNNs)
and so on. As mentioned earlier, the main obstacle for this research was creation of the
dataset. After creating the dataset, a general text classification approach shown in Figure

3.1 was followed.

The word embedding models TF-IDF and CV discussed in the previous section were
majorly used for feature creation. Other than that, four classification models namely
Gaussian Naive Bayes, Random Forest, AdaBoost and XGBoost were used. These four
models were chosen as they used theorems and techniques distinct from each other to

classify the text.

Gaussian Naive Bayes works on Bayes theorem [51]. Naive Bayes works on the proba-
bilistic functions. Based on the probability of the features occurring in a paragraph, the

classifier would try to predict if the new paragraph is relevant or not.

Random Forest algorithm works on the foundation of decision trees, that is the features
from the training data are divided into tree like structures to decide which data would be
categorized to different classes. Table 3.1 presents representation of the features that

were identified while researching the cleaned data.
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Features Label
Feature A 1
Feature B 1
Feature C 1
Feature D 0
Feature E 0
Table 3.1 Features used to label the training data

Figure 3.9 explains the internal processing done in the Random Forest classifier. T1and
T2 are two trees in the classifier, and they decide the labels of the features in the shown

way.

Figure 3.9 Two example trees from Random Forest classifier

In both trees, the first feature was classified as true, that is it was relevant, but the second
feature for the trees decided if the complete information was relevant or not. Similarly,

the algorithm works for all the features and data provided.

The AdaBoost algorithm works by fitting the classifier on the original dataset and then
the algorithm creates multiple classifiers and start training them on the dataset in itera-
tions. The first classifier is trained on the original dataset with some weights being set to
the features. The copies of classifiers are then fit with adjusted weights of the features
so that the final classifiers would be able to learn the best features. Figure 3.10 shows

the architecture of the AdaBoost classifier and how it is fitted.
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Figure 3.10 Training process in the AdaBoost and XGBoost algorithms

XG boost classifier works on gradient boosting technique to be highly effective, efficient
and flexible. It also provides parallel tree boosting which makes it more effective than the

Random Forest and Ada Boost models.

3.5 Setting up the Experiments

3.5.1 Data Pre-processing

For data pre-processing, OA was converted into the readable XML format and provided
as an input to the scripts. The task was to classify the information in the OA as relevant
and irrelevant, still the OA contained information that would not contribute to any classi-
fication task. The data had to be cleaned of the stop words, punctuation marks and other
noise such as headers and footers of the OAs. They consisted of different information
related to the application filed which were completely irrelevant for classification. In this
case, the advantage was that these unnecessary elements were always written in the
same way. Figure 3.11 and Figure 3.12 show examples of how the header and footer in
an OA look like.

Datum Biatt Anmalde-Nr:
Date cf Form 1507 Sheat 1 ﬁgﬂ"m‘”" 17 171 216
Date Fauilla

Namands 0*

dom

o
-

Figure 3.11 Header of an OA
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EPO Farm 1703 01,91 TR

Figure 3.12 Footer of an OA

The dataset was cleared of stop words and punctuation marks using the NLTK module,
but the headers and footers were cleaned using the conditional statements. After a thor-
ough check of the dataset and information in it, the hyperparameters of various models
were tuned and the ones which gave the best results were opted. The steps performed

in pre-processing can be seen in the architecture below:

Parse Structuring Removing
OCR ’ XML file . the . noises
document
OA
Figure 3.13 Pre-processing steps involved

3.5.2 Experimental Environment

The experimental results largely depend on the environment they are performed in. Var-
iation in processing units, RAM, GPU, development environment etc. can alter the results
in different ways. For example, training of the Gaussian Naive Bayes classifier would be
faster on an i7 core processor than the one used in the experiments. Detailed information
about the environment is given in Table 3.2. Spyder was chosen as the development
environment and python as the programming language. Spyder is one of the most com-
mon scientific environments that is being used by researchers, scientists, and other pro-
fessionals in the field of machine learning. It features various components such as vari-
able explorer, profiler, editor, IPython console, debugger etc., which helped me to ana-
lyse the Python scripts efficiently. Since it supports various machine learning libraries

and NLP modules, it became a lot easier to implement the models into Python scripts.

Experimental Environment Tool
Operating System Windows 10
Programming language Python 3.7
RAM 24 GB
Processor Intel i5 8th gen
GPU Nvidia RTX 1050
Spyder 4.1.2

Table 3.2 Environment
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4. EVALUATION

This chapter contains the description of feature engineering, hyperparameters tuning,

training of the classification models, the results achieved and discussion.

4.1 Experimental results
Model Training

In the research, two word embedding models and four classification models were trained.
The batch size was created using a train test split with the split value of 0.3, that is 26,000
paragraphs were used in the training set while 11,500 were used in the testing set. The
word embedding models used were CV and TF-IDF. After fitting the models with the

training set, different numbers of features were received which can be seen in Table 4.1.

Embedding Parameter Number of features
Unigrams 18874
Bigrams 265170
Count Vectorizer Trigrams 458098
4-grams 543458
Bigrams and Trigrams 723268
Unigrams 18874
Bigrams 266570
TF-IDF vectorizer Trigram 451979
4-grams 543458
Bigrams and trigrams 723268
Table 4.1 Total number of features

As seen in the table above, there were a good number of features but using all of them
resulted in overfitting the classification models. For overcoming this obstacle, the feature
selection technique was used to experiment with the different percentile of features.
Memory constraints also played a vital role in deciding the percentage of features to be
used. For baseline results, all the features mentioned in Table 4.1 were experimented
on using Gaussian Naive Bayes. After experimenting with different permutations of fea-
ture selection and n-gram selection in the naive Bayes model, a baseline for the experi-
ment was defined. The complete set of baseline results can be seen in Appendix B.
Table 4.2 contains the best result from the naive Bayes classifier. Once a baseline was
set, the remaining classifiers were tuned and the results were studied. For hyper tuning
the models, Grid Search module was used. Random Forest, AdaBoost and XGBoost

were the remaining classifiers used in this research.



30

Embedding Features used (% of total) Accuracy
14210 Unigrams (75) 88.89
5277 Bigrams (2) 90.99
Count Vectorizer 4613 Trigrams (1) 93.17
5411 4-grams (1) 93.14
5411 bi & trigrams (1) 91.82
1858 Unigrams (10) 87.78
17248 Bigrams (10) 87.54
TF-IDF vectorizer 23255 Trigrams (7) 86.76
29411 4-grams (7) 86.99
25418 bi & trigrams (5) 87.05
Table 4.2 Baseline results

Random Forest was chosen for the second experiment. Random Forest had multiple
parameters such as, ‘min_samples_leaf’ that tells us how many minimum leaf nodes
should be present in the tree, or ‘criterion’ identifying the quality of the data. These were
tuned in order to obtain the best results. The parameters for Random Forest are noted
in Table 4.3.

Parameter Value
Criterion entropy
Min_samples_split 2
Min_samples_leaf 1
N_estimators 100
random_state 0
Table 4.3 Hyperparameters for Random Forest

Similarly, AdaBoost and XGBoost had different hyperparameters that had to be tuned to

achieve optimal results. Tables 4.4 and 4.5 demonstrate the parameter values for both

models.

Parameter Value
N-estimators 200
Learning rate 0.5

Algorithm SAMME.R
random_state 2

Table 4.4 Hyperparameters for AdaBoost

Parameter Value

Learning rate 0.5
Booster gbtree

N_estimators 200
Gamma 0.5

random_state 0

Table 4.5 Hyperparameters for XGBoost
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Experimental Results

As Gaussian Naive Bayes set up a baseline, Random Forest model was experimented
with to obtain better results. Numerous hyperparameters were tried before receiving sat-
isfying results. Using the parameters shown in Table 4.4, better accuracy results in clas-
sifying the data were achieved. The results for Random Forest classification can be seen
in Table 4.6.

Embedding Features used (% of total) Accuracy
948 Unigrams (5) 94.51
13203 Bigrams (5) 95.90
Count Vectorizer 9018 Trigrams (2) 94.67
10818 4-grams (2) 93.22
14422 bi & trigrams (2) 95.73
1888 Unigrams (10) 94.28
13215 Bigrams (5) 95.91
TF-IDF vectorizer 46163 Trigrams (10) 94 .47
27375 4-grams (5) 93.41
14485 bi & trigrams (2) 95.65
Table 4.6 Results from Random Forest

It was clearly visible that the accuracy increased substantially after using the Random
Forest algorithm. Now the features received from the Random Forest algorithm were
compared to the manual features that used to annotate the data. The features used in
unigrams and 4-grams were considerably different than those used while manual label-
ling. Because unigrams and 4-grams did not provide any promising features, the re-
search was continued using bi-grams and trigrams for the remaining models. The top-

most features received from the RF model can be seen in Figure 4.1.

The x-axis represents the names of the features from the model whereas the y-axis rep-
resents their importance, or the entropy values as perceived by the model. The features
with higher entropy values are considered to be better by the classifier. Although, the
values may appear to be very small, they were considered the most important features

by the model.

From Random Forest and Gaussian Naive Bayes, it was deduced that the unigrams and
4-grams are not that useful in classifying the paragraphs. The bigrams, trigrams, and
their combinations were used as features for the remaining AdaBoost and XGBoost al-
gorithms. The results from AdaBoost and XGBoost can be seen in Tables 4.7 and 4.8.
Various experiments performed using different percentile of features yielded different

result. The results shown in Tables 4.7 and 4.8 display the best of them.
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Figure 4.1 Importance of features from Random Forest model

Embedding Features used (% of total) Accuracy
36287 Bigrams (15) 95.23
Count Vectorizer 45155 Trigrams (10) 94.28
7183 bi & trigrams (1) 95.77
39723 Bigrams (15) 95.61
TF-IDF vectorizer 13670 Trigrams (3) 94.44
21661 bi & trigrams (3) 95.69
Table 4.7 Results from AdaBoost
Embedding Features used (% of total) Accuracy
13670 Bigrams (5) 96.18
Count Vectorizer 9104 Trigrams (2) 94.87
21596 bi & trigrams (5) 96.39
13388 Bigrams (5) 96.30
TF-IDF vectorizer 4578 Trigrams (1) 94.78
14560 bi & trigrams (2) 96.50
Table 4.8 Results from XGBoost

Compared to the baseline, results achieved from Random Forest, AdaBoost and

XGBoost were significant. Since the models’ results from different feature percentiles are
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already shown in previous tables, Table 4.9 reflects the best results from them along with

their F1 scores.

Embedding Classification Model Accuracy F1 Score
Random Forest 95.90 0.846
Count Vector- AdaBoost 95.77 0.827
XGBoost 96.39 0.865
Random Forest 95.91 0.850
TH-IDF veo AdaBoost 95.69 0.842
XGBoost 96.50 0.866

Table 4.9 Best results for classification

The variation in the accuracy and F1-scores of the three models was trivial. XGBoost
had the best accuracy with 96.5% with the F1-score of 0.866. The Random Forest out-
performed the AdaBoost by 0.14 %. The F1-scores for Random Forest and AdaBoost
were 0.85 and 0.827, respectively. The adoption of different embedding models also

made an impact on the accuracy of the models.

Table 4.9 shows the contrast in the accuracy of both the embedding models. Even
though the deviation in the accuracy of both the embedding models is marginal, it still
proves that using different embedding model does influence the classification accuracy
of the model. TF-IDF model weights the features differently than the CV model which
makes an impact when the model tries to learn the significant features. As observed from
the Table 4.9. TF-IDF also has better results than CV in both accuracy and F1-scores.
The prediction results from all the models were investigated in the experimentation as
well. The confusion matrices for all the embedding and classification models with best
results were calculated. Figure 4.2 and 4.3 show the confusion matrices from the Ran-
dom Forest model for CV and TF-IDF embedding models. The confusion matrices from
AdaBoost can be seen in Figure 4.4 and 4.5. The best results for both embedding models
were achieved from the XGBoost classifier. Figure 4.6 and 4.7 show the confusion ma-
trices from the experiments performed using XGBoost classifier. Most of the mis-classi-
fied information in the confusion matrices can be seen in the relevant classes. The Ran-
dom Forest classified 131 and 100 relevant paragraphs as irrelevant while predicted
1315 and 1317 paragraphs correctly using CV and TF-IDF models respectively. Simi-
larly, AdaBoost classified 114 and 128 relevant paragraphs as irrelevant and classified
1282 and 1349 precisely. XGBoost provided with the best prediction numbers with 112
and 173 relevant paragraphs as irrelevant, at the same time classifying 1359 and 1451
paragraphs correctly. From all the confusion matrices we can see that there were a lot
of relevant paragraphs that were being classified wrongly. One possible explanation of

this can be the unbalanced training set which can be seen in Figure 3.6.
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4.2 Discussion

The incorrectly classified paragraphs from all the models were meticulously analysed.
The analysis indicated that the paragraphs with contradictory features were wrongly clas-
sified. For example, below is a paragraph which is classified as relevant by the XGBoost

model but is in fact an irrelevant paragraph.

“4 1.6 The subject-matter independent Claim 1 therefore involve inventive step vis-a-vis

disclosure D1 combination D2 Claim 1 thus allowable according Articles 52 (1) 56 EPC”

The paragraph contains the features “A” and “B” which may deem this as relevant, but
the whole paragraph does not contain any information about the examiner's comments
or other relevant information that might be useful for the PE. In this case the model has
wrongly classified the paragraph on the basis of a few n-grams in the paragraph. Even
though XGBoost gave the best accuracy among the three models, there are times when
its result is incorrect. Currently, the models use only n-grams as their feature to classify
the paragraphs in the OA. If n-grams are combined with other features such as length of
the paragraphs, frequency of words etc., it might be possible to improve the results.
Since OAs are written by law experts, the terminology and language used in them is
clean and precise. Syntactic analysis from OAs might also provide some insight on the
meaning of the statements by the examiner. Syntactical analysis can then help provide
further features and improve the classification of the models. Similarly, the dataset can
also be modified to perform classification based on the sentiments of the examiners.
Features in NLP can be the number of tokens, length of tokens, relationship between the
tokens, length of a specific type of tokens etc. These features are decided after research-
ing the data. The features that can help reach the best results are then chosen for model
training. In different language processing problems, the best results are achieved after
reaching a harmony between the quality of features and the quantity of features. There
may be situations which would give the best results from using just one feature and re-
sults would degrade on using more features while in other cases it can be completely
opposite. In this research, one of the biggest setbacks was the size and unevenness of
the dataset. This unevenness of the dataset led to variation in F1 scores of both relevant
and irrelevant classes. The classification reports for the classes also showed a slightly

lower rate for relevant class than the irrelevant class.
Future Work

This thesis is devoted to information extraction from office actions using NLP techniques.
There are a few limitations to this research. The first and foremost is the dataset size.

Limited resources and manpower allowed me to create a small dataset which is a huge
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limitation to this research. Addition of new OAs will increase the size of dataset which
will facilitate the implementation of new embedding techniques and machine learning
algorithms. Because the OAs contain a lot more irrelevant information than the relevant
one, the number of OAs added should be substantial. It should be overseen that the
number of relevant paragraphs is also increased in the dataset to balance out the irrele-
vant ones. Another limitation to this research is the type of OAs. Currently, the research
focuses on just European OAs. The OAs are classified also on the basis of the regions
such as the USA, APAC, China etc. Different examiners send OAs from different regions
and their structure can vary substantially. These OAs can also be studied in future. This
research can be further developed into a commercial application which can be used by
different PEs, easing their daily tasks. Since there is a lot of software to help work with
patent applications and processes, this application can even be integrated into some
software to improve its results. Another way to overcome the setbacks of the dataset is
to find out more features such as length of paragraphs, frequency of keywords etc. and

even the combination of features to improve the accuracy.

The dataset can be analysed for sentiment classification. The relevant and irrelevant
paragraphs seem to have different sentiments. The dataset can then be labelled and
classified into different sentiments. This research can also be approached as sentiment

classification.
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5.CONCLUSION

In this thesis, a new dataset for European OAs was created. This dataset was further
processed to classify the information from OAs into relevant and irrelevant classes. The
performance of three different types of classification algorithms (Random Forest, Ada-
Boost, XGBoost) was evaluated with two word embedding models (CV, TF-IDF). More-
over, the misclassified information was closely analysed to find out the reasons for mis-

classification.
European OA Dataset

The OA dataset used in this research was created for the classification of the information
from OAs. Lack of a ready-made OA database and manpower resulted in a small re-
search dataset. Given more resources, this dataset can be further increased in size for
the implementation of state-of-the-art methodologies such as CNN, MLPs etc. The label-

ling of new OAs added to the dataset would still require human interference.
Comparison of Classification Algorithms’ Performance

Since this was a newly generated dataset, the Gaussian Naive Bayes classifier was first
used to set a baseline for future experiments. Random Forest, AdaBoost and XGBoost
algorithms were experimented using different number of features. XGBoost with the TF-
IDF embedding gave the best accuracy as 96.5% with an F1-Score of 0.866. The Ran-
dom Forest classifier had the best accuracy as 95.91% and an F1-Score of 0.850 with
TF-IDF model. AdaBoost was able to achieve the best accuracy, 95.77% using CV em-
bedding, but had a better F1-Score of 0.842 in the TF-IDF model.

Embedding Model Comparison

Through the experimentation in my thesis, it becomes clear that word embedding had an
influence in classification of information. Even though the accuracy scores of classifica-
tion models for both the embedding models were in a spitting distance, TF-IDF always

outperformed CV when it came to F1-Scores.
Misclassified Office Action Information

From the analysis, it was clear that the unbalanced dataset played a critical role in mis-
classification of information from the three models. Because the amount of irrelevant
information in the dataset was 5 times larger than that of relevant information, the models

were not able to properly learn all the features from relevant paragraphs. If the number
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of relevant paragraphs is increased in the dataset, current models can learn more infor-
mation from relevant paragraphs and improve the classification scores. The results can
also be improved by adding more features. The results shown above are from current
feature set which includes bigrams, trigrams and their combination. These n-grams can
be related with the length of relevant paragraphs, frequency of words, length of words
etc. tom improve the results. If the syntactical analysis is performed on the given dataset,
the meaning of statements in the OAs can reveal more features which can also be com-
bined with the n-gram feature set resulting in improved classifiers. Moreover, the dataset

can also be worked on for sentiment classification.
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APPENDIX A: OFFICE ACTION DOCUMENT

Datum Blatt Anmielde=MNr;
pate cf Form 1507 shest 1 ;F;F"mm“ 17 171 216.9
Data Fauallla

Damande n®

The examination is being carried out on the following application documents

Description, Pages

121 as originally filed

Claims, Numbers

115 as originally filed

Drawings, Sheets

1/9-8/9 as originally tiled

Reference is made to the following documaents; the numbering will be adhered to in
the rest of the procedure,

D1 WO 2010/128809 A1 (ERICSSON TELEFON AB L M [SE]; FRENGER
PAAL [SE]; BALDEMAIR ROBERT [SE]) 11 November 2010
(2010-11-11)

D2 WO 2013/113988 A1 (NOKIA CORP [FI); NOKIA SIEMENS NETWORKS
OY [FI]) 8 August 2013 (2013-08-08)

D3 US 2014/334390 A1 (LINDHOLM JARI OLAVI [FI) ET AL) 13 November
2014 (2014-11-13)

D4 WO 2014/168574 A1 (ERICSSON TELEFON AB L M [SE]) 16 October
2014 (2014-10-16)

Abbreviations: RS = reference signal

1 With respect to elaim 1, as the examiner understands the claim with
reference to the clarity objection above, document D1 discloses (any
references in parentheses applying to this document) a method, comprising:
a receiving, by atarget BS, a request to begin transmitting reference signals
for mobility measurements, the request being received from a source BS
serving a UE (page 15 lines 13-17); and
b in response to the request, deciding whether ar not to transmit the
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Datum Bilatt Anmielde-Mr:
Date of Form 1507 Shest 2 Arplication 17 171 216.9
Date Faullla 0 ) .

reference signals for mobility measurements (page 15 line 20, disclosing that
the second BS sends ASs, which is seen as the second BS deciding based
on the received request to send RSs).

The document D1 thus discloses all features of elaim 1 and the subject-
matter of said claim is therefore not novel (Articles 52, 54(1) and (2) EPC)
with respect to D1, and hence not allowable.

It should furthermore be noted that even if the applicant intended to argue
novelty of claim 1, based on a slightly different interpretation of the features
of said claim and those disclosed in document D1, the subject-matter of claim
1 would still not invelve an inventive step (Article 52(1) and 56 EPC) having
regard to the disclosure of D1 and the normal knowledge of a person
skilled in the art of wireless communication, considering that D1 is direcled
to achieving the same object, i.e. to enable power saving (see page 2 line
26), and provides the same type of solution as present claim 1,

It is to note, that if the applicant considers that claim 1 differs from D1 in terms
of the target BS "deciding", then whal the "deciding" is based on, should have
been defined in the claim 1. Merely "deciding” is considered derivable from
D1, as set out above.

2 Independently of the above objection with respect to document D1, claim 1
does not fulfil the requirements of neither novelty (Articles 52, 54(1) and (2)
EPC) nor inventive step (Article 56 EPC) with respect to document D2,
since said document also discloses the claimed solution, see par. 0049,
disclosing that the serving cell may cause the second cell to begin
transmitting the cell specific reference signal.

3 The above inventive step objection regarding claim 1 applies also to
independent claim 10, which defines a method for transmitting a request,
which is inter-related to the method for receiving the defined in independent
claim 1. As a consequence the subject-matter of said claims 1 and 10 is also
neither novel (Article 54(1) and (2) EPC) nor does it involve an inventive
step (Article 56 EPC).

4 The above objection regarding claim 1 applies also to independent claims 14
and 15, which define an apparatus and computer program, respectively, for
performing the method defined in independent claims 1 or 10. As a
consequence the subject-matter of said claims is also neither novel (Article
54(1) and (2) EPC) nor does it involve an inventive step (Article 56 EPC).
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Datum Blatt Anmeldea-Nr:

Date cf Form 1507 Shest 3 ;‘f"m*ﬂ" 17 171 216.9
Date Faullla Fiaorasdo oo

5 The dependent claims 2-9, 11-13 do, when interpreted with the aid of the

description, not contain any additional features which, in combination with the
features of any claim to which they refer, involve an inventive step (Article
56 EPC) for the reason that the subject-matter of said claims either is in
principle directly derivable from the disclosure of document D1, D2, D3, D4 or
represents minor design details which are based on the normal knowledge of
a person skilled in the art of wireless communication.

Particularly, the additional subject-matter of claim:
- 2, handover of the user equipment is impending, is obvious from D1 or D2;

- 3, 11, RS density or periodicity, is known from D3, par. 0033-0034 or from
D4, page 5 lines 11-18,

- 4, determining a candidate beam set to enable efficient discovery of the
target base station, provides no unexpected effect since it is well known in the
art to send RS on selected beams, and is thus a mere design choice by the
skilled person starting from D1,

- 5, increasing RS density or periodicity for service flows serving high
reliability traffic, provides no unexpected effect since it is well known in the art
that increasing the density results in better performance, and is thus a mere
design choice by the skilled person starting from D1,

- 6, 7, changing RS signal density or periodicity depending on mobility state,
is known from D4, page 5 lines 11-18;

- 8, 12, receiving a notlfication of an impending handaver of the user
equipment and determining a candidate beam set, provides no unexpected
effect since it is well known in the art to send RS on selected beams, and is
thus a mere design choice by the skilled person starting from D1

- 9, 13, sending a non-acknowledgement message rejecting the request from
the source base station, is an obvious measure by the skilled person starting
from D1,

6 The following points regard defects in form or content.

6.1 The independent claims are not in two-part form in accordance with Rule
43(1) EPC, which in the present case would be appropriate, with those
features known in combination from the pre-published prior art D1 being
placed in the preamble and with the remaining features being included in the
characterising part. The independent claims should therefore be redrafted.

EPQ Form 1703 (1.0 TRI
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It is to note that non-compliance with Rule 43(1) EPC should be well-founded
and can only be permitted when it is clear from the description which
features defined by the independent claim are already known in combination
from the prior art, see EPO Guidelines F-IV, 2.3.2,

6.2 To increase their intelligibility, all the claims should include reference signs
in parentheses where features shown in the drawings are referred lo, Rule
43(7) EPC. This applies to both the preamble and characterising portion, EPO
Guidelines F-IV, 4.11,

6.3 In order to meet the requirements of Rule 42(1)(b) EPC, the relevant prior
art disclosed in document D1 should have been acknowledged by reference
and briefly discussed in the introductory part of the description (EPO
Guidelines F-I1, 4.3), preferably in such a way that the inventive merit of
what is claimed can be readily understood.

6.4 Itis to note that no amendments filed during the procedure may extend
beyond the content of the application as filed, Arlicle 123(2) EPC.

Further, any amendments filed during the procedure should be clearly
identified and the passages of the application as filed on which these
amendments are based should be indicated (Rule 137(4) EPC).
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APPENDIX B: GAUSSIAN NAIVE BAYES RE-
SULTS

Model name Features used (% of total) Accuracy
18815 Unigrams (100) 88.33
14210 Unigrams (75) 88.89
9446 Unigrams (50) 88.61
4642 Unigrams (25) 88.94
2783 Unigrams (15) 88.47
1870 Unigrams (10) 88.04
939 Unigrams (5) 88.20
26541 Bigrams (10) 87.86
13065 Bigrams (5) 89.47

Count Vectorizer 5277 Bigrams (2) 90.99
23060 Trigrams (5) 91.96
9208 Trigrams (2) 92.39
4613 Trigrams (1) 93.17
26968 4-grams (5) 92.76
16323 4-grams (3) 92.06
5411 4-grams (1) 93.14
25178 bi & trigrams (5) 89.01
16323 bi & trigrams (3) 91.11
5411 bi & trigrams (1) 91.82
18681 Unigrams (100) 86.95
14159 Unigrams (75) 87.47
9378 Unigrams (50) 87.75
4730 Unigrams (25) 87.68
2840 Unigrams (15) 87.47
1858 Unigrams (10) 87.78
948 Unigrams (5) 86.95
25306 Bigrams (15) 87.09
17248 Bigrams (10) 87.54
8385 Bigrams (2) 86.39

TF-IDF vectorizer 23255 Trigrams (7) 86.76
16933 Trigrams (5) 86.16
10142 Trigrams (3) 86.11
6715 Trigrams (2) 86.37
29411 4-grams (7) 86.99
20899 4-grams (5) 86.14
12408 4-grams (3) 86.01
4243 4-grams (1) 85.71
25418 bi & trigrams (5) 87.05
15242 bi & trigrams (3) 86.08
5057 bi & trigrams (1) 85.62




49

APPENDIX C: PART OF XML OUTPUT FROM
OA

<?xml version="1.8" encoding="UTF-8"?»
<!DOCTYPE html PUBLIC "-//W3C//DTD XHTML 1.8 Transitional//EN"
"http://wi.w3.org/TR/xhtml1/DTD/xhtmll-transitional.dtd">
<html xmlns="http://www.w3.org/1999/xhtml" xml:lang="en" lang="en"»
<head>
<titles</title>
<meta http-equiv="Content-Type" content="text/html;charset=utf-8"/>
<meta name="ocr-system' content="tesseract v5.0.@-alpha.20191@38" />
<meta name="ocr-capabilities’ content="ocr_page ocr_carea ocr_par ocr_line ocrx word ocrp_wconf'/»
</head:
<body>
<div class="ocr_page' id="page 1' title="image "C:\Users\GHOST\AppData\Local\Temp\tess_uey52aov.PNG"; bbox @ @
<div class="ocr_carea’ id='block_1_1' title="bbox 232 112 1233 148"»
<p class="ocr_par' id="par_1 1" lang="eng' title="bbox 232 112 1233 148">
<span class="ocr_line' id="line_1 1' title="bbox 232 112 1233 148; baseline @ -16; x_size 21.279999; x_desce
<span class="ocrx_word' id='word 1 1' title="bbox 232 128 294 144; x wconf 96'>»Datum</span>
<span class="ocrx_word' id='word_1_2' title="bbox 732 112 775 148; x_wconf 96'>Blatt</span>
<span class="ocrx_word' id='word 1 3' title="bbox 1110 112 1233 142; x wconf 87'»Anmelde-Nr:</span>
</span>
<fp»
</div>»
<div class="ocr_carea’ id='block_1_2' title="bbox 232 147 1511 34@">
<p class="ocr_par’ id="par_ 1 2 lang="eng' title="bbox 232 147 1511 348">
<span class="ocr_line' id="line 1 2' title="bbox 232 147 1511 198; baseline 8 -15; x_size 35.854966; x_desce
<span class="ocrx_word' id="word 1 4" title="bbox 232 159 276 175; x wconf 86'»Dae</span>
<span class="ocrx_word' id="word_1 5' title="bbox 338 155 374 176; x_wconf 87'»cf<¢/span>
<span class="ocrx_word' id='word_1_6' title="bbox 397 156 476 176; x_wconf 95'>Form</span>
<span class="ocrx_word' id='word 1 7' title="bbox 588 154 572 176; x wconf 95'>1587</span>
<span class="ocrx_word' id='word_1_8' title="bbox 731 159 788 175; x_wconf 88'>Sheet</span>
<span class="ocrx_word' id='word 1 9' title='bbox 858 155 863 175; x wconf 74'»>1</span>
<span class="ocrx_word' id="word_1 18" title="bbox 1118 147 1217 198; x wconf 8'>npplication</span>
<span class="ocrx_word' id='word_1_11" title="bbox 1278 155 131@ 175; x_wconf 6@°'»17</span>
<span class="ocrx_word' id="word_1 12" title="bbox 1337 154 1389 175; x_wconf 73'»172</span>
<span class="ocrx_word' id="word_1_13" title="bbox 1416 154 1511 176; x_wconf 95'>763.9¢/span>
</span>
<span class="ocr_line' id="line 1 3' title="bbox 232 184 1238 222; baseline 8 -15; x_size 25; x descenders 6
<span class="ocrx_word' id='word 1 14" title="bbox 232 184 276 217; x wconf 96'>Date</span>
<span class="ocrx_word' id="word_1 15" title="bbox 732 184 795 217; x_wconf 93'>Feuille</span>
<span class="ocrx_word' id="word_1_16" title="bbox 1111 205 1119 222; x_wconf @'>P</span>
<span class="ocrx_word' id="word_1 17" title="bbox 1148 188 1142 198; x wconf 8'>:</span>
<span class="ocrx_word' id='word_1_18" title="bbox 1225 286 1238 213; x_wconf 24'>°.</span>
</span>
<span class="ocr_line' id="line 1 4' title="bbox 242 310 1328 348; baseline 8.8@1 -6; x_size 26; x_descender
<span class="ocrx_word' id="word_1_19" title="bbox 242 310 25@ 334; x_wconf 96'>1</span>
<span class="ocrx_word' id="word 1 20" title="bbox 358 314 483 335; x_wconf 96'»The</span>
<span class="ocrx_word' id='word_1_21" title="bbox 414 314 56@ 335; x_wconf 96'»examination</span>
<span class="ocrx_word' id="word 1 22" title="bbox 572 314 589 335; x wconf 96'»is</span>
<span class="ocrx_word' id="word_1 23" title="bbox 599 314 665 348; x_wconf 96'>being</span>
<span class="ocrx_word' id='word 1 24" title="bbox 674 314 757 335%; x wconf 96'»carried</span>
<span class="ocrx_word' id="word_1 25" title="bbox 766 315 885 335; x_wconf 96'»out</span>
<span class="ocrx_word' id="word_1_26" title="bbox 813 318 841 335; x_wconf 96'»on</span>
<span class="ocrx_word' id="word_ 1 27" title="bbox 852 314 889 335; x_wconf 96'>the</span>
<span class="ocrx_word' id="word_1_28" title="bbox 897 314 1817 348; x_wconf 96'>following</span>
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¢/divy
¢div class="ocr_carea’ 1d="block 1 3" title="bbox 248 416 487 443">
<p class="ocr_par' id="par_1 3' lang='eng' title="bbox 240 416 487 443"»
<span class="ocr_line' id='line 1 5' title="bbox 248 416 487 443; baseline @ -6; x_size 27; x_descenders 6; x_ascender:
<span class="ocrx_word" id="word_1 31' title='bbox 240 416 397 443; x_wconf 96":Description,</span>
<span class="ocrx_word" id="word_1 32" title='bbox 488 416 487 443; x wconf 96':Pages</span>
</span»
</p>
</divy
<div class="ocr carea’ id="block 1 4" title="bbox 258 479 713 585">
<p class="ocr par' id="par 1 4' lang="eng' title="bbox 258 479 713 585"»
<span class="ocr line' id='line 1 6' title="bbox 258 479 713 585; baseline @ -6; x size 26; x descenders 6; x_ascender:
<span class="ocrx word" id="word 1 33' title='bbox 256 48@ 309 508, x wconf 96'»1-29¢/span>
<span class="ocrx word" id="word 1 34" title="bbox 5108 484 537 500; x wconf 96'»as</span>
<span class="ocrx word" id="word 1 35" title="bbox 546 479 655 5@5; x wconf 94'>originally</span>
<span class="ocr¥_word" id="word_1 36" title='bbox 6bd 479 713 50@; x_wconf 96'>filed</span>
</span>
/p>
¢/divy
¢div class="ocr_carea’ id="block 1 5' title="bbox 248 596 465 622">
<p class="ocr_par' id="par_1 5' lang='eng' title="bbox 240 596 465 622"»
<span class="ocr_line' id='line 1 7' title="bbox 248 596 465 622; baseline 0.8@4 -5; x_size 25; x_descenders 4; x_ascer
<span class="ocrx_word" id="word_1 37" title='bbox 248 596 335 622; x_wconf 96'>Claims,</span>
<span class="ocrx_word" id="word_1 38" title='bbox 346 597 485 618; x_wconf 96'>Numbers</span>
</span>
p>
<fdivy
<div class="ocr_carea’ id="block 1 6" title="bbox 258 668 713 686"»
<p class="ocr par' id="par 1 6' lang="eng' title="bbox 258 668 713 686">»
<span class="ocr line' id='line 1 8" title="bbox 258 66@ 713 686; baseline @ -6; x size 37.25; x descenders 6.5; x_asce
<span class="ocrx word" id="word 1 39' title='bbox 258 66@ 309 681; x wconf 94'»1-15¢/span>
<span class="ocrx word" id="word 1 48" title="bbox 518 664 537 681; x wconf 96'»as</span>
<span class="ocrx word" id="word 1 41" title="bbox 546 66@ 655 686; x wconf 96" »originally</span>
<span class="ocrx word" id="word 1 42" title='bbox 664 66@ 713 681; x wconf 95'»filed</span>
</span»
</p»
¢/divy
¢div class="ocr_carea’ id="block 1 7' title="bbox 248 778 469 885">
<p class="ocr_par' id="par_1 7' lang="eng' title="bbox 240 778 469 865"
<span class="ocr_line' id="line 1 9" title="bbox 248 778 469 885, baseline 8.804 -6, x_size 26; x_descenders 4, x_ascer
<span class="ocrx_word" id="word_1 43" title="bbox 248 779 369 805, x_wconf 96'>Drawings,</span>
<span class="ocrx_word" id="word_1 44' title='bbox 379 778 469 80@; x wconf 96'>Sheets</span>
</span>
p>
¢/divy
¢div class="ocr_carea’ 1d="block 1 8" title="bbox 258 841 713 867">
<p class="ocr_par' id="par_1 8' lang='eng' title="bbox 258 841 713 867"»
<span class="ocr_line' id='line 1 18" title="bbox 258 841 713 867; baseline -8.8082 -5; x_size 27; x_descenders 6; x_ast
<span class="ocrx_word" id="word_1 45" title="bbox 258 841 387 862; x_wconf 98'>1/18-10/18</span>
<span class="ocrx_word" id="word_1 46" title="bbox 518 846 537 862; x_wconf 96'»as</span>
<span class="ocrx word" id="word 1 47" title="bbox 546 841 655 867; x wconf 94">originally</span>
<span class="ocrx word" id="word 1 48" title='bbox 664 841 713 862; x wconf 96'»filed</span>
</span»
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<span class='ocr_line' id="1line_1 11" title="bbox 248 978 1504 1011; baseline @ -7; x_size 32; x_descenders 7; x_ascen
<span class="ocrx word' id='word 1 49" title='bbox 24@ 980 255 18@3; x wconf 96'>2¢/span>
<span class="ocrx_word' id='word 1 58" title='bbox 368 978 518 1004; x wconf 96'>Reference</span»
<span class="ocrx word' id='word 1 51" title="bbox 522 979 543 18@4; x wconf 96'>is</span»
<span class="ocrx_word' id="word_1 52" title='bbox 556 979 635 1884; x wconf 96'>made</span>
<span class="ocrx word' id='word 1 53" title='bbox 646 981 672 18@4; x wconf 96'>to</span>
<span class="ocrx_word' id="word 1 54" title='bbox 684 979 728 1004; x wconf 97'»>the</span>
<span class="ocrx word' id="word 1 55" title='bbox 739 978 867 1011; x wconf 96'>following</span>
<span class="ocrx_word' id="word_1 56' title='bbox 878 979 1048 1808; x_wconf 96'>documents;</span>
<span class="ocrx word' id='word 1 57" title='bbox 1060 979 1105 1804; x_ wconf 95'>the</span>
<span class="ocrx word' id='word 1 58" title='bbox 1117 979 1271 1811; x wconf 96 >numbering</span>
<span class="ocrx_word' id="word 1 59' title='bbox 1282 979 1325 1803; x_ wconf 96'>will</span>
<span class="ocrx_word' id="word_1 6@ title='bbox 1339 979 1373 1804; x wconf 96'>be</span>
<span class="ocrx word' id="word 1 81" title='bbox 1384 979 1504 18@4; x wconf 96°>adhered</span>
</span»
<span class="ocr_line' id="1line 1 12" title="bbox 358 1024 808 1057; baseline @ -7; x_size 32; x_descenders 7; x ascen
<span class="ocrx_word' id="word_1 62" title='bbox 358 1027 383 1858; x_wconf 96'>to</span>
<span class="ocrx word' id='word 1 63" title='bbox 396 1025 417 1049; x wconf 96'>in</span>
<span class="ocrx_word' id='word 1 64" title='bbox 430 1025 475 1058; x wconf 96'>the</span»
<span class="ocrx word' id="word 1 65" title='bbox 487 1027 548 1058; x wconf 96'>rest</span>
<span class="ocrx_word' id="word_1 66' title='bbox 551 1024 577 1858; x_wconf 96'>of</span>
<span class="ocrx word' id='word 1 7' title='bbox 587 1025 632 1058; x wconf 96'>the</span>
<span class="ocrx_word' id="word 1 68" title='bbox 644 1025 88@ 1057; x wconf 96'>procedure:</span>
</span»

</p>

</div>

<div class="ocr_carea' id="block 1 10" title="bbox 370 1086 1449 1158"»

<p class="ocr_par' id="par_1 18" lang='eng' title="bbox 37@ 1886 1449 1158"»
<span class="ocr_line' id="1line_1 13" title="bbox 370 1886 1449 1119; baseline @ -8; x_size 31.5; x_descenders 5.5; x_
<span class="ocrx word' id='word 1 89" title='bbox 378 1087 488 1111; x wconf 26'>D1</span>
<span class="ocrx_word' id='word 1 78" title='bbox 457 1086 58@ 1112; x wconf 28'>=US</span»
<span class="ocrx word' id='word 1 71" title='bbox 510 1887 751 1112; x wconf 88'>20811/283223</span>
<span class="ocrx_word' id="word_1 72" title='bbox 721 1082 756 1123; x_wconf 81'>Al</span»
<span class="ocrx word' id="word 1 73" title='bbox 766 1887 956 1119; x wconf 90'>(VAITTINEN</span>
<span class="ocrx word' id='word 1 74" title="bbox 960 1886 1879 1112; x wconf 91'>SAMPO</span»
<span class="ocrx word' id="word 1 75" title='bbox 1092 1086 1230 1112; x wconf 96'>TUOMAS</span»
<span class="ocrx_word' id='word_1_ 76" title='bbox 1239 1887 1289 1119; x_wconf 74'»[F1]</span>
<span class="ocrx word' id='word 1 77" title='bbox 1389 1087 134@ 1111; x wconf 96'>ET</span>
<span class="ocrx word' id="word 1 78" title='bbox 1348 10887 1399 1119; x wconf 95'»AL)</span>
<span class="ocrx word' id='word 1 79" title='bbox 1415 1088 1449 1111; x wconf 96'>17</span>
</span>
<span class="ocr_line' id="line 1 14" title="bbox 455 1133 888 1158; baseline -8.804 @; x_size 38.351351; x descenders
<span class="ocrx_word' id='word 1 88" title='bbox 455 1133 618 1158; x wconf 96 >November</span»
<span class="ocrx word' id="word 1 81" title='bbox 617 1134 688 1158; x wconf 96'>20811</span>
</span>

</p>

</divs

<div class="ocr_carea’ id="block_1 11" title="bbox 378 1212 1303 1244"»

<p class="ocr_par' id='par_1_11' lang="eng' title="bbox 37€ 1212 1383 1244">
<span class="ocr_line' id="line 1 15" title="bbox 37@ 1212 1383 1244; baseline B -7; x size 45.75; x_descenders 7.5; x
<span class="ocrx word' id="word 1 82" title='bbox 378 1212 488 1237; x wconf 84'>D1</span>
<span class="ocrx_word' id="word_1 83" title='bbox 457 1212 785 1237; x_wconf 24'>US2607/073475</span>
<span class="ocrx_word' id="word 1 84" title='bbox 713 1212 751 1237; x_wconf 98'>Al</span>



