
Abstract—There are a lot of reasons that helps to create a
text document that one them is time. Time is an important
aspect of texts which shows the value of text and it helps
searching for various topics easier. We have different type of
documents that some of them has time stamp or temporal
documents and some of them are without time stamp which are
atemporal documents. In this paper we explain problem of
paragraph focus time using convolutional neural network (CNN)
and natural language processing (NLP) to show the differences
between publication time and focus time of document. We
implement paragraph focus time which is explains the time
period that document content refers and considered to
document creation time. We defined a specific time period for
this process that document data is related to that and it contains
the publication time and also we evaluate our method on
various text documents related to historical events in defined
lines.

Index Terms—Paragraph focus time, deep learning,
convolutional neural network, temporal information retrieval,
natural language processing, word2vec.

I. INTRODUCTION
One of the important parts of any text documents or web

news is time of publishing and focus time of this documents.
As we know there is a big different between this two,
publication time and focus time [1]. Publication time is the
time that the news or story or new topic comes out and
everybody can read that news or book but focus time is the
time that it happened. It shows the exact event happening
time [2].
The event which publish is news or Wikipedia page or as a

literature happened, in real word and it has background in
special time or place and for describing those usually short
texts are required [3].
The main contribution of this work is finding the

differences of focus time and publication time in paragraphs
of historical and temporal text documents from specific
websites related to history [4].
Maximum part of text document that has related parts to

historical events, have different formal functions and belief.
When an event happens in history and it mentioned in
literature [5], [6] it is something which occur in particular
time and place in real world. Considering the fact that
document quality is based on time, it should be useful for
categorizing text documents by temporal focus time and
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mapping their content into timeline [7], [8].
We propose various kind of methods for automatically

calculating focus time by using set of statistics and extracting
references from document.
In this approach we divided text to paragraphs and find the

relationship between unique words of each paragraph in
document and using cosine similarity for computing it. We
also use word2vec system for getting better results in words
relationship.
This process is to find the differences between publication

times of the material and document we have and in other hand
the exact time of the event and comparing them.
This work is useful for finding the information easily

based on the creation time and date
The main part of this paper is focusing on deep learning

process and effectiveness of it and also it helps to get more
effective results out of this topic and convolutional neural
network is used for event and topic detection and go through
the document details related to events and extract information
from text document. Fig. 1 shows the survey content of an
example paragraph onto timeline.

Fig. 1. Survey content of an example paragraph onto timeline.

The rest of the paper is structured as follows: in the next
section we reviewed the related work. Section III shows the
methodology of computing the paragraph focus time and
Section IV contains the experimental results of this research
and we conclude this paper in Section V.

II. RELATEDWORKS

There are so many research topics related to focus time but
detail of researches is very different. Some of the researchers
works on document topics and some of them focus on whole
document contents and other recently researchers work on
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document dating [9].
One text document has two important temporal dimensions

that are creation time of text and focus time of document.
Both of them shows the meaning of time temporal queries in
information retrieval system [10]. By ranking the temporal
expressions in text, focus time can be evaluated but it is not
always a good point [11].
One of the famous works in this field is by Jatowt et al.

which calculate the focus time of document by finding the
relationship between words that extracted from news articles
and historical documents which associated to time.
For retrieving a temporal document creation time of text is

a significant aspect of that and in search engines most of the
results are based on creation time of document but there are
two problems faced on document creation time [12]:
1) Text creation time is not always available.
2) Document creation time may not represent focus time

of it.
Using creation time for ranking documents can reduce

information retrieval system effect for example a document
creation time is 2015 but it explains about an event FIFA
WORLD CUP 2022 [13].
Another problem of focus time is related to document

dating in non-timestamped documents by analyzing their
contents. Kanhabua et al. explained temporal language
models for comparing without time stamp documents and
time stamp documents [14].

Other category explains temporal information extraction
out of document collections. Here are two examples of
taggers for temporal expressions and finding dates named
“GuTime” and “Stanford”. Lots of complex systems can built
relay on temporal information extraction [15]. For example,
for finding spatio-temporal information in document strotgen
and Gertz represent a system for extraction, storage and etc.
Metzler et al., for identifying implicit temporal

information suggest mining query logs that discuss about
how many times a query pre and post qualified with a given
year.
Many approaches in temporal information retrieval for

ranking documents is required to estimate documents
temporal aspects. What they use is extracting document
timestamp or explicit temporal expression from texts.
Our work is different from other researches because in this

paper we used neural network method to find the relationship
between words in defined categories and we used supervised
learning method in our research for better implement.

III. METHODOLOGY

The overall scheme of focus time process is presenting in
Fig. 2. Document pre-processing, calculate words
relationship in 2 different ways and applying results in neural
network system. Whereas, the dataset results are shown in
Section IV.
This process is to find the differences between publication

times of the material and document we have and in other hand
the exact time of the event and comparing them.

A. Document Pre-processing
We can define document classification as part of

categorizing collections which basis document information.

In recent years because of large amount of data it become a
famous topic.

Fig. 2. Paragraph focus time algorithm.

Fig. 3. Document pre-processing procedure.

Text pre-processing is famous for text tokenization. The
main goal of text pre-processing is to find key words of
document and detect relationship between text and words.
Document pre-processing include set of processes for

some special formats in text data likewise format of numbers.
Most current words include data formats that uncertainly help
to text mining.
In this section after loading dataset, text pre-processing

divide document into words and in this process stop words,
special characters and etc. removed. For the next step text
stemming decrease the stemming process for standardizing
document by doing some process of roots.

B. Distributed Representation of Words
This part of process helps us to get better performance in

words similarity by helping learning algorithms and it effects
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to get better results in natural language processing task. The
earliest use of words representation is for 1986 related to
Rumelhart, Hinton and Williams [14].
Many machine learning algorithms also require the word

representation and one of the most common one is
bag-of-words. This feature has two weakness:
1) They lose the ordering of the words.
2) They also ignore the semantics of the words.
In this part we are going to find words relationship by using
Dice’s coefficient and word2vec method.
1) Evaluating word time relationship
In this method, we have two type of text categories from

Wikipedia collection and web dataset from two famous
websites, “History world1” and “Infoplease2” which is related
to history. These documents are from specific time period
“1900-2013”.

(1)

TZ is collection of sentences that shows the relationship
between word X and word vector V.
For estimating paragraph focus time we need to find the

exact time of the event and for calculating, first we need to
extract unique words in each sentence by word2vec method
that it helps us to know each unique words is related to which
historical event.

(2)

S(y, x)2 reduces faint associated of word x. We have also
experimented with the method that uses non-squared S(y, x)
but we found it results in inferior performance. t is a focus
time of words which appear together in the same sentence
[15].
2) word2vec
We used this method for finding relationship between

words because word2vec consist of large corps words and its
process is similar to neural network but it is not a part of
neural network method.
The whole process behind word2vec represent words base

on its context that it means if the words become evident
together they can embedded similarly too. This includes
synonyms, opposites, and semantically equivalent concepts.

C. Text Creation Time
As we know not all of the documents have focus time. For

example, homework report or test scores of students. The
meaning of document creation time explains document
publishing date which shows in that date, everybody read
about that news or they upload in social media programs.
Generally, one of the challenges of this process is to

achieve to exact and trustworthy timestamp of paragraphs in
document. One of the dominant parts is temporal information
retrieval that it is in most type of documents and actually it is
a special topic in documents. Finding advantages of this
propose in text processing shows that extracting information
and estimating measures can clear further detection tasks.

1 http://www.historyworld.net
2 http://www.infoplease.com

We need text creation time for evaluating temporal
expressions and this is the problem of how to find the
document timestamp.
Typically, text document focus time can be useful and it

has the possibility for improving information retrieval
process.

Fig. 4. Word2vec process.

IV. EXPERIMENTS

For testing our algorithm we have two type of datasets:
“Wikipedia dataset” and “Web dataset”. First category
contains 250 temporal documents which has creation time in
defined time period that we mentioned before and second
category contains 819 documents from web historical news
of two internet websites mentioned in pervious sections.

A. Wikipedia Dataset Group
For creating set of this dataset we collected 250 articles

from the English Wikipedia that are related to historical
events. This events time period is from 1900 to 2013. The
events are from different topics related to wars, battles,
treaties, strikes, elections, and any other key events that give
information about past.

B. Web Dataset Group
This dataset created with using popular websites which

focused on history. We assemble 819 temporal documents
form named websites: “History World1” and “Info please2”.
We evaluate each paragraph as a separate document and
define it to take dates from the paragraph’s title or if the
paragraph has not any date in title we add it manually.

C. Document Focus Time
The concept of focus time is showing document content

onto timeline and find the other events related to that topic
and it also shows the last update of that news. In this part we
use the last report start date of the event rather than its end
date as the paragraph may have been updated for the last time
after the start date of the event.
The time which mentioned in content of document can be

shown as focus time of that text. For better explanation, time
can be seen as an essential construct in human life since our
thinking is often in the form of chronologically arranged
events stretching from past to the present, and to the future.
Each instance of time is a point-in-time value.
For starting our process using CNN in the first step we

need to train our data and after test our method. The results of
focus time in each table shows focus time of documents after
finding relationship between words in defined dataset. Table
I shows the detail result of each decade in training process by
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deep learning.

TABLE I: DOCUMENT WIKI DATASET TRAINING RESULTS
Time period Wiki data Focus time
1900-1910 6 1901
1911-1920 9 1915
1921-1930 9 1926
1931-1940 12 1933
1941-1950 37 1949
1951-1960 96 1958
1961-1970 15 1970
1971-1980 13 1974
1981-1990 12 1986
1991-1999 28 1998
2000-2013 10 2011

TABLE II: DOCUMENTWEB DATASET TRAINING RESULTS
Time period Wiki data Focus time
1900-1910 96 1901
1911-1920 144 1919
1921-1930 64 1922
1931-1940 61 1935
1941-1950 106 1950
1951-1960 255 1957
1961-1970 63 1963
1971-1980 63 1980
1981-1990 50 1989
1991-1999 103 1999
2000-2013 58 2001

For starting the training process firstly, we divide the
dataset into 2 parts. We used 80% of the data for the training
process and 20% for the testing process. As is shown in Table
I and Table II our training process in deep learning completed
and we can see the focus time of whole the process after test
set in Table III.

TABLE III: DOCUMENT FOCUS TIME
datasets Total documents Focus time Total result
Wiki 250 1958 91%
Web 819 1957 90%

 Result Comparing with Adam Jatowt Method
After all the process we compare our results to other

previous works which was about calculating focus time of
document. As you can see below Table IV and V shows the
result of estimating focus time of document and generic
method for detecting focus time of document which written
by Adam Jatowt. In these 2 papers they used temporal
documents of WIKI and Web datasets for their first research
they describe the concept of document focus time and they
provide a range of methods for its estimation. Their approach
harnesses corpus statistics and the important characteristic of
their approach is that their method also works for documents
that don’t contain any temporal expressions or contain a few
of them. The time period which they used for their process is
from 1990 – 2010. Table IV shows their datasets statistics
and results [15].

TABLE IV: ADAM JATOWT DATASETS STATISTICS RESULT
datasets Total documents Avr. sent Focus time
Wiki 250 179 1958
Web 819 18.3 1957

In their second research which is about generic method for
detecting focus time of documents they propose estimating
the focus time of documents which is defined as the time
period to which documents content refers and which is
considered complementary dimension to the document’s

creation time. They test different combinations which use
document terms. These approaches do not use the dates that
appear in texts. Table V shows the classification result of
their research process.

TABLE V: ADAM JATOWT DATASETS WIKI CLASSIFICATION RESULTS
Wiki dataset classifier Accuracy
LDAC 0.88
Perceptron 0.86
LLSVRC 0.88

TABLE VI: ADAM JATOWT DATASETS WEB CLASSIFICATION RESULTS
Web dataset classifier Accuracy
LDAC 0.91
Perceptron 0.89
LLSVRC 0.90

By comparing the results of 2 different researches with
deep learning method we can see that deep learning increase
results of document focus time up to 5% of our method.

D. Paragraph Focus Time
In this process, we calculated the document focus time and

for completing our process we need to calculate the focus
time of paragraph. The process of paragraph focus time is as
below:
1) Extracting paragraphs from our train data.
2) Finding the relationship between words.
3) Apply our documents in deep learning process.
4) Test all the paragraphs that we have as our data.

TABLE VII: PARAGRAPH WIKI DATASET TEST RESULTS
Time period Wiki data Focus time
1900-1910 9 1909
1911-1920 18 1919
1921-1930 20 1930
1931-1940 37 1933
1941-1950 116 1947
1951-1960 296 1960
1961-1970 41 1969
1971-1980 40 1973
1981-1990 34 1987
1991-1999 85 1998
2000-2013 25 2011

TABLE VIII: PARAGRAPH WEB DATASET TEST RESULTS
Time period Web data Focus time
1900-1910 111 1907
1911-1920 294 1920
1921-1930 181 1925
1931-1940 182 1938
1941-1950 260 1942
1951-1960 350 1959
1961-1970 185 1966
1971-1980 216 1978
1981-1990 272 1990
1991-1999 192 1995
2000-2013 118 2012

TABLE IX: PARAGRAPH FOCUS TIME
datasets Total documents Focus time Total result
Wiki 250 1960 96%
Web 819 1959 94%

The reason that we start to find focus time of paragraph is,
paragraphs shows the detail of each document. For example,
if we have a document which, related to timeline 1910, after
dividing text to paragraph and estimate each paragraph and
find time of them we can see how many percent of the text
related to that time period and it shows that our text focus
time is true or false.
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E. Human Being
In this section we care going to do our process by human

being. After doing all the focus time method by deep learning
and finding the relationship between words using word2vec
and comparing our results with other methods and other
authors result we are going to check our paragraph data’s by 3
different people and 3 different ideas to find out if the process
works well and benefits of the deep learning method. In Table
X we show the result of human being with 3 different people.

TABLE X: HUMAN BEING RESULTS
categories True False
1900-1910 95% 98% 98% 5% 2% 2%
1911-1920 96% 97% 95% 4% 3% 5%
1921-1930 97% 98% 97% 3% 2% 3%
1931-1940 95% 98% 98% 5% 2% 2%
1941-1950 97% 99% 99% 3% 1% 1%
1951-1960 97% 98% 98% 3% 2% 2%
1961-1970 95% 98% 96% 5% 2% 4%
1971-1980 97% 97% 97% 3% 3% 3%
1981-1990 96% 97% 97% 4% 3% 3%
1991-1999 98% 99% 96% 2% 1% 4%
2000-2013 97% 98% 97% 3% 2% 3%

Fig. 5. Document focus time Wiki dataset loss and accuracy.

Fig. 6. Document focus time Web dataset loss and accuracy.

In total we use 2 datasets (Wiki and Web). All the
Wikipedia articles were processed by using CLIPS library
and subject to processing in order to extract core content and
segment it into paragraphs. The Figures below shows
document focus time loss and accuracy results.
In paragraph focus time total datasets that we have is 2

datasets (Wiki and Web). Figures below show the result of
loss and accuracy in paragraph focus time.

Fig. 7. Paragraph focus time Wiki dataset loss and accuracy.

Fig. 8. Paragraph focus time Web dataset loss and accuracy.

F. Precision and Recall
In this section we are presenting the output of final result in

two different dataset which shows the comparison between
document and paragraph focus time. Table XI and XII shows
the final result of proposed system.

TABLE XI: DOCUMENT FOCUS TIME F-MEASURE
Document

Wiki Web
Precision Recall F1 Precision Recall F1
0.94 0.92 0.92 0.96 0.95 0.95



TABLE XII: PARAGRAPH FOCUS TIME F-MEASURE
Paragraph

Wiki Web
Precision Recall F1 Precision Recall F1
0.86 0.86 0.86 094 0.92 0.92

V. CONCLUSION
Time is a significant aspect of text documents that help to

value of text and real historical events. Time matters greatly
in our lives. It is also an important aspect of texts. We think
that properly estimating the content time of temporal
documents should improve temporal information retrieval
and strengthen our means of analyzing and understanding
documents and temporal references in texts. The main
contribution of this work is calculating focus time of
paragraph by applying deep learning method and using CNN
for this process. In this paper, we describe the concept of
focus time and our approach to deep learning especially uses
absolute references to past years in a news article. The
intriguing characteristic of our proposal is that it also works
for documents which do not contain any temporal
expressions. Besides estimating document focus time we also
demonstrate the classification approach for detecting
temporal documents. The intriguing characteristic of our
proposal is that it also works for documents which do not
contain any temporal expressions.
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