EEG: Knowledge Base for Event Evolutionary
Principles and Patterns
Zhongyang Li, Sendong Zhao, Xiao Ding, and Ting Liu(B)
Research Center for Social Computing and Information Retrieval,
Harbin Institute of Technology, Harbin, China
{zyli,sdzhao,xding,tliu}@ir.hit.edu.cn

Abstract. The evolution and development of events has its underlying
principles, leading to events happened sequentially. Therefore, the discovery of such evolutionary patterns between events are of great value for
event prediction, decision-making and scenario design of dialog system.
In this paper, we propose Event Evolutionary Graph (EEG), which
reveals evolutionary patterns and development logics between events.
Speciﬁcally, we propose to construct EEG by recognizing the sequential relation between events and the direction of each sequential relation.
For sequential relation and direction recognition, we explore the eﬀectiveness of 4 categories of features: count-based, ratio-based, contextbased and association-based features for correctly identifying sequential
relations and corresponding directions. Experimental results show that
(1) the framework we proposed is promising for EEG construction and
(2) methods we proposed are eﬀective for both sequential relation and
direction recognition.
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Introduction

The evolution and development of events have its underlying principles, making
events happen sequentially. This kind of evolutionary patterns of events is of
great value. For example, the sentence “After having lunch, Tom paid the bill
and left the restaurant” shows a sequence of events evolution ① “have lunch”,
② “pay the bill” and ③ “leave the restaurant”. This event series is a very ordinary
pattern for the scenario of having lunch in a restaurant. This kind of pattern is
very common in our daily life, which usually indicate the basic patterns of events
evolution and human behaviors. Hence, these patterns of evolutionary events are
of great value and important for many tasks, such as event prediction, decisionmaking and scenario design of dialog system.
Numerous eﬀorts have been dedicated to extracting temporal and causal relations from texts. As the most commonly used corpus, the TimeBank corpus [15]
has been adopted in a lot of temporal relation extraction studies. Mani et al. [9]
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applied the temporal transitivity rule to greatly expand the corpus. Chambers
et al. [4] used previously learned event attributes to classify the temporal relationship. For causality relation extraction, Zhao et al. [19] extracted multiple
kinds of features to recognize causal relations between two events in the same
sentence. Radinsky et al. [16] automatically extracted cause-eﬀect pairs from
large quantities of news titles by predeﬁned causal templates, and then they
used them to predict news events. However, these studies have some limitations.
First, this line of work can only extract relations from single sentences. Second,
these studies extract relations based on the semantic of speciﬁc context rather
than discover the underlying patterns of event evolution from large-scale user
generated documents.
In order to discover patterns of evolutionary events, we propose Event Evolutionary Graph (EEG) and the framework to construct EEG. Speciﬁcally,
our deﬁnition of EEG involves evolutionary patterns and development logics of
events. The EEG is composed of events and relations between them. For the sake
of generality, we consider sequential and causal relations in EEG. The value of
each relation denotes the transition probability between events. Therefore, the
construction of EEG can be simpliﬁed as two key problems. The ﬁrst is to recognize relations between each two events. The second is to distinguish the direction
of each relation between events. Both problems can be solved based on the classiﬁcation framework.
The main contributions of this paper are as follows. First, we propose EEG
and give its detailed deﬁnitions. Second, we propose a promising construction
framework to build EEG from large-scale unstructured web corpus. Third, extensive experiments are conducted to solve the central problems of sequential relation and direction recognition. Experimental results show that the methods we
developed are eﬀective for both sequential relation and direction recognition.

2
2.1

Related Work
Statistical Script Learning

The use of scripts in Artiﬁcial Intelligence dates back to the 1970s [10]. In this
conception, scripts are composed of complex events without probabilistic semantics. In recent years, a growing body of research has investigated learning probabilistic co-occurrence-based models with simpler events. Chambers et al. [3] proposed a co-occurrence-based model of (verb, dependency) pairs, which can be
used to infer such pairs from documents. Pichotta et al. [12] described a method
of learning a co-occurrence-based model of verbs with multiple arguments.
There have been a number of recent published neural models for script learning. Pichotta et al. [13] showed that an LSTM event sequence model outperformed previous methods for predicting verbs with arguments. Pichotta et al. [14]
used a Seq2Seq model directly operating on raw tokens to predict sentences.
Mark and Clark [7] described a feed-forward neural network which composed
verbs and arguments into low-dimensional vectors.
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Script learning is very similar to EEG in concepts. However, script learning
usually extracts event chains without considering their temporal orders. Event
deﬁnition and representation are also diﬀerent. EEG aims to organize event
evolutionary patterns into a commonsense knowledge base, which is the biggest
diﬀerence between them.
2.2

Temporal Relation Extraction

A lot of annotation eﬀorts have been devoted to construct corpora for building
event ordering models. However, most of existing corpora focus on English. As
the commonly used corpus in temporal relation extraction, the TimeBank corpus
[15] has been adopted in a series of TempEval competitions [17,18], facilitating
the development and evaluation of temporal relation extraction systems. But
TimeBank corpus only annotates a small subset of easily-identiﬁed event mention
pairs, which much limit its applications. To overcome this problem, Do et al. [6]
produced an event-driven corpus on the ACE 2005 English corpus. Cassidy et al.
[1] enriched the TimeBank-Dense corpus on top of TimeBank. In comparison,
there are few corpora for Chinese temporal relation extraction.
Due to the corpus limitation, previous studies on temporal relation extraction focus on inferring temporal relations between event mentions in the same
sentence or neighboring sentences from English text, dominated by feature-based
approaches [4,8,9]. Chambers et al. [2] proposed a sieve-based architecture to
joint those diﬀerent tasks of temporal relation extraction. Mirza and Tonelli
[11] used multiple cascaded classiﬁers to simultaneously solve the temporal and
causal relation classiﬁcation, and achieved the best experimental results.
All these studies solve temporal relation extraction from speciﬁc context.
However, we solve this problem by frequency-based inference from multiple sentences, which is a commonsense reasoning process.

3

Event Evolutionary Graph

In this section, we give the detailed deﬁnition of EEG, which consists of event and
relations between them. We consider two types of relation here, i.e., sequential
and causal relations.
In EEG, events are represented by abstract, generalized and semantic complete verb phrases. Each event must contain a trigger word, which
mainly indicates the occurrence of the event, and some other necessary components, such as the subject, object or modiﬁer, to ensure the semantic completeness. Abstract and generalized means that we don’t focus on the accurate
happening location and time, and the exact subject of the event. Semantic
complete means that human beings can understand the meaning of the event
without vague and ambiguity. For example, “have hot pot”, “watch movies”,
“go to the airport”, are reasonable verb phrases to represent events. While “go
somewhere”, “do the things”, “eat” are unreasonable or incomplete event representations, as they are too vague to understand.
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Fig. 1. Tree structured event evolutionary graph under the scenario of “plan a wedding”.

Fig. 2. Chain structured event evolutionary graph under the scenario of “watch
movies”.

Fig. 3. Cyclic structured event evolutionary graph under the scenario of “ﬁght”.

The sequential relation between two events refers to their partial temporal
orderings. For example, “After having lunch, Tom paid the bill and left the
restaurant.” “have lunch”, “pay the bill” and “leave the restaurant” compose a
sequential relation event chain.
Causality is the relation between one event (the cause) and a second event
(the eﬀect), where the second event is understood as a consequence of the ﬁrst.
It is obvious that the causal relation between events must be sequential. For
example, “The nuclear leak in Japan leads to serious ocean pollution”. “Nuclear
leak in Japan” is the cause event, and “ocean pollution” is the eﬀect event.
Besides, the cause event happens before the eﬀect event in temporal ordering.
Hence, causal relation is a subset of sequential relation between events, and
sequential relation is more general than causal relation.
EEG is a Directed Cyclic Graph, whose nodes are events, and edges stand
for the sequential and causal relations between events. Essentially, EEG is a
commonsense knowledge graph, which describes the event evolutionary patterns.
Figures 1, 2 and 3 demonstrate three diﬀerent event evolutionary subgraphs of
three diﬀerent scenarios. Concretely, Fig. 1 describe some event evolutionary
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patterns under the scenario of “plan a wedding”, which happen repeatedly in
people’s daily life, and have evolved into some ﬁxed human behavior patterns.
For example, “plan a wedding” usually follows by “buy a house”, “buy a car”
and “plan a travel”.

4

Methods for Constructing EEG

In this section, we propose a construction framework to construct EEG from
large-scale unstructured text, including data cleaning, natural language processing, event extraction, event pair candidates extraction, sequential relation and
direction recognition, causality recognition and transition probability computation. Figure 4 sketches this framework. Details about the main construction
steps are described below. Causality is rare in the travel domain corpus we used.
Hence, causality recognition is not covered in this paper.

Fig. 4. Out proposed framework for building EEG from large-scale unstructured text.

4.1

Event Extraction

After cleaning the data, a series of natural language processing steps including
segmentation, part-of-speech tagging, and dependency parsing are conducted for
event extraction. Tools provided by Language Technology Platform [5] are used
for this preprocessing.
Event extraction strategy is diﬀerent from task to task, and it is mainly
determined by the underlying task. As deﬁned in Sect. 3, events in EEG are
represented by abstract, generalized and semantic complete verb phrases, considering the corpus used in this paper. We extract verb-object phrases from the
dependency-parsed tree. Though this is a simple strategy, we do ﬁnd that a lot
of high quality verb phrases are extracted.
We ﬁlter the low-frequency verb-object phrases by a proper threshold, to
exclude the verb phrases extracted due to segmentation and dependency parsing
errors. Some too general events such as “go somewhere” and “do something” are
removed by regular expressions with a dictionary. Note that event extraction is
not the key problem in this paper.
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Event Pair Candidates Generation

Based on event extraction results, candidate event pairs are generated using two
heuristic rules. First, every two events from single sentences are considered as an
event pair candidate. Second, every two events from two consecutive sentences
are considered as an event pair candidate as well. The event from the ﬁrst sentence is taken as the ﬁrst element of the pair, and the event from the second
sentence as the second element.
For example, events A and B are extracted form the former sentence, and
events C, D, E are extracted from the latter adjacent sentence. Ten event pairs
are constructed as (A, B), (A, C), (A, D), (A, E), (B, C), (B, D), (B, E), (C,
D), (C, E), (D, E).
Table 1. The features used for sequential relation and direction classiﬁcation.
Count-based features

Ratio-based features

T1:
T2:
T3:
T4:
T5:
T6:
T7:
T8:
T9:

R1: T2/T1, R2: T1/T4
R3: T1/T5, R4: T1/T6
R5: T1/T7, R6: T1/T8
R7: T1/T9, R8: T6/T4
R9: T7/T4, R10: T8/T5
R11: T9/T5

count of (A, B)
count of (A, B) where A occurs before B
count of (A, B) where B occurs before A
count of A
count of B
count of verb-A
count of object-A
count of verb-B
count of object-B

Context-based features

Association-based features

C1: count of all unique contexts
C2: average length of all contexts
C3: count of one-sentence contexts
C4: count of two-sentence contexts
C5: C3/C1
C6: contain relation of verb-A and verb-B
C7: contain relation of object-A and object-B
C8: postag of object-A
C9: postag of object-B

A1:
A2:
A3:
A4:
A5:

4.3

PMI
PMI
PMI
PMI
PMI

of
of
of
of
of

A and B
verb-A and verb-B
verb-A and object-B
object-A and verb-B
object-A and object-B

Sequential Relation and Direction Recognition

Given an event pair candidate (A, B), sequential relation recognition is to judge
whether they have a sequential relation or not. For the ones having a sequential
relation, direction recognition should be conducted to distinguish the direction.
For example, we need to recognize there is a directed edge from “buy tickets” to
“watches movies”. We regard the sequential relation and direction recognition as
two separate binary classiﬁcation tasks. Previous temporal relation classiﬁcation
studies judge the relation and direction from single sentences. Alternatively,
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we solve this problem by frequency-based inference from multiple sentences.
Speciﬁcally, we achieve this by forcing event A and B to co-occur more than
k times. It is reasonable because event A and B are strongly associated with a
high-frequency co-occurrence.
Multiple kinds of features are extracted for these two supervised classiﬁcation
tasks. All the features used are listed in Table 1. Details about the intuition why
we choose these features are described below.
Count-Based Features: For a strongly associated event pair (A, B), there are
many diﬀerent statistics for them. They are directly counted from contexts that
they co-occur or the whole corpus. We believe these statistics are eﬀective to
measure how strong and in which way event A and B are associated with each
other. Therefore, they can be useful features for sequential relation and direction
classiﬁcation. These statistics include co-occur counts (T1 to T3), counts for
events in the whole corpus (T4 and T5), and counts for verb and object in the
events (T6 to T9).
Ratio-Based Features: The count-based features are numbers that directly
counted from the context and whole corpus. Some meaningful combinations
between these count numbers may provide extra information that is useful for
sequential relation and direction classiﬁcation. For example, if T2/T1 is close
to 1, we can believe that A almost always occurs before B in the context they
co-occur. It is a signiﬁcant signal that the sequential direction is from A to B.
These combination features are listed in Table 1 as ratio-based features (R1 to
R11).
Context-Based Features: We believe that contexts exist where sequential
candidates are more likely to appear. We developed features that capture the
characteristics of likely contexts for sequential relations. In a nutshell, they
include the count of unique context that A and B co-occur (C1), average length
of all contexts (C2), the count of contexts that A and B are in the same sentence
or not (C3 and C4), the ratio of one-sentence context (C5), the contain relation
between verbs and objects (C6 and C7), and postag of objects (C8 and C9).
Association-Based Features: These features measure the association
strength between event A and event B, including PMI scores from two diﬀerent aspects. First, PMI score of (A, B) is computed as the macro measure of
how strong event A and event B are associated with each other (A1). Second,
we further consider the ﬁne-grained PMI scores of (verb-A, verb-B), (verb-A,
object-B), (object-A, verb-B) and (object-A, object-B), which measure the partial association strength of event components (A2 to A5).
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Transition Probability Computation

Given an event pair (A, B), we use the following equation to approximate the
transition probability from event A to event B:
P (B|A) =

count(A, B)
,
count(A)

(1)

where count(A, B) is the co-occurrence count of event pair (A, B), and count(A)
is the occurrence count of event A in the whole corpus.

5

Experiments

In this section, we conducted two kinds of experiments. The ﬁrst is to judge
whether two events has sequential relation. And the second is to judge the partial
ordering between two sequential events. These two steps are crucial and central
for constructing clean and accurate EEG.
5.1

Dataset Description

We crawled 320,702 question-answer pairs from travel topic on Zhihu1 as our
experimental dataset. Travel is a relatively high level topic, which covers a wide
range of things about traveling. Therefore, a lot of commonsense event evolutionary knowledge can be discovered from this data source.
Table 2. The detailed data statistics.
Total Positive Negative
Sequential relation

2,173 1,563

610

Sequential direction 1,563 1,349

214

We annotate 2,173 event pairs with high co-occurrence frequency (>= 5) as
our experiment corpus. Each event pair (A, B) is ordered that A occurs before B
with a higher frequency than B occurs before A. In the annotation process, the
annotators are provided with the event pairs and their corresponding contexts.
They need to judge whether there is a sequential relation between two events
from a commonsense perspective. If true, they also need to give the sequential
direction. For example, “watch movies” and “listen to music” are tagged as no
sequential relation (negative), while “go to the railway station” and “by tickets”
are tagged as having a sequential relation (positive), and the sequential direction
is from the former to the latter (positive). The detailed corpus statistics are listed
in Table 2. The positive and negative examples are very imbalanced. So we over
sample the negative examples in training set to ensure the number of positive
and negative training examples are equal.
1

https://www.zhihu.com/.
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Compared Methods and Evaluation Metrics

For sequential relation recognition, PMI score of an event pair is used as the
baseline method. For sequential direction recognition, if event A occurs before B
with a higher frequency than B occurs before A, we think the sequential direction
is from event A to event B. This is called the Preceding Assumption, which
is used as the baseline method for sequential direction recognition.
For two experiments, four classiﬁers are used for these classiﬁcation tasks,
which are naive bayes classiﬁer (NB), logistic regression (LR), multiple layer
perceptron (MLP) and support vector machines (SVM). We explored diﬀerent
feature combinations to ﬁnd the best feature set for both classiﬁcation tasks. All
experiments are conducted using ﬁve-fold cross validation. The ﬁnal experiment
result is the average performance of ten times of implementations.
Two kinds of evaluation metrics are used to evaluate the performance of our
proposed methods. They are accuracy, and the precision, recall and F1 value.
5.3

Results and Analysis

Table 3 shows the experimental results for sequential relation classiﬁcation, and
we ﬁnd that the pure PMI baseline achieves very good performance. Indeed, due
to the imbalance of positive and negative test examples, PMI baseline chooses
a threshold to classify all test examples as positive, and get a recall of 1. Four
diﬀerent classiﬁers with all features in Table 1 achieve poor results, and only
the NB achieves higher performance than the baseline method. We explored all
combinations of four kinds of features to ﬁnd the best feature set for diﬀerent
classiﬁers. Still, the NB classiﬁer achieves the best performance with a 0.776
accuracy and a 0.857 F1 score.
Table 3. Sequential relation classiﬁcation results. Baseline result is given at the top
row. Results of four classiﬁers with all features in Table 1 are in the middle. Results of
four classiﬁers with the best feature combinations are given at the bottom.
Features

Methods Accuracy Precision Recall F1
Baseline 0.719

0.719

1.000

0.837

All features

NB
LR
MLP
SVM

0.763
0.690
0.683
0.523

0.784
0.795
0.841
0.849

0.924
0.765
0.692
0.409

0.848
0.779
0.756
0.551

Ratio+Association NB

0.776

0.789

0.939 0.857

Ratio

LR

0.770

0.800

0.907

0.850

Association

MLP

0.747

0.808

0.852

0.829

Ratio

SVM

0.765

0.789

0.919

0.849
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Fig. 5. The 25 most important features for relation classiﬁcation and their relative
importance scores.

Besides, we compute the relative importance scores for all features in Table 1,
and the top 25 most important features for relation classiﬁcation and their relative importance scores are illustrated in Fig. 5. These importance scores are
computed by six diﬀerent methods, including chi-square test, ANOVA F-value,
maximal information coeﬃcient, random forest, recursive feature elimination
and stability selection. Their individual scores are normalized into the range of
0 and 1, and the average of six scores is computed as the last importance score.
We ﬁnd that ratio-based features are the most important features for sequential relation classiﬁcation. Experimental results in Table 3 verify this conclusion,
with three classiﬁers achieve the best performance using ratio-based features.
And the association-based features are the second most important features.
Table 4. Sequential direction classiﬁcation results. Baseline result is given at the top
row. Results of four classiﬁers with all features in Table 1 are in the middle. Results of
four classiﬁers with the best feature combinations are given at the bottom.
Features

Methods Accuracy Precision Recall F1
Baseline 0.861

0.866

0.993

0.925

All Features

NB
LR
MLP
SVM

0.803
0.642
0.787
0.864

0.891
0.894
0.903
0.866

0.880
0.663
0.844
0.997

0.885
0.761
0.872
0.927

Association

NB

0.862

0.863

0.999 0.926

Ratio+Association

LR

0.713

0.861

0.796

0.826

All Features

MLP

0.787

0.903

0.844

0.872

0.870

0.877

0.988

0.929

Association+Context SVM

Table 4 shows the experimental results for sequential direction classiﬁcation,
from which we ﬁnd that the Preceding Assumption is a very strong baseline
for direction classiﬁcation, and achieves a accuracy of 0.861 and F1 of 0.925.
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Fig. 6. The 25 most important features for direction classiﬁcation and their relative
eﬀectiveness scores

Four classiﬁers with all features in Table 1 achieve poor results, and only the
SVM achieves higher performance than the baseline method. We explored all
combinations of four kinds of features, to ﬁnd the best feature set for diﬀerent
classiﬁers. Still, the SVM classiﬁer achieves the best performance with a 0.870
accuracy and a 0.929 F1 score, using the association and context based features.
We also compute the relative feature importance scores for all features in
Table 1, and the top 25 most important features for direction classiﬁcation
and their relative importance scores are showed in Fig. 6. We ﬁnd that the
most important two features are T5: count of event B, and R1: count(A before
B)/count(A, B). But three of four classiﬁers achieve their best performance without these two features, which is very interesting. We further experiment with
adding these two features, ﬁnding that it doesn’t help. This is mainly because
the feature importance scores examine each feature individually to determine
the strength of the relationship between the feature and the response variable.
Therefore, they may degrade the performance when combined together due to
their opposite correlation with each other.
Based on the experimental results listed above, some useful conclusions can
be reached as follows:
– The more features the better performance is not true, and diﬀerent classiﬁers
capture diﬀerent kinds of features.
– The two simple baseline methods used in our experiments achieve very good
experimental results. However, our proposed feature-based supervised methods achieve the best performance.
– Though certain features are important individually, the performance can be
degraded when they are combined, due to their opposite correlation.

6

Case Study

Based on the construction framework proposed, we construct a Chinese travel
domain EEG2 from large-scale unstructured web corpus. A subgraph in this EEG
2

http://202.118.250.16:60810.
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Fig. 7. Subgraph in our constructed travel domain EEG under the scenario of “buy
train tickets”.

under the scenario of “buy train tickets” is illustrated in Fig. 7. We can ﬁnd that
it covers a lot of important events, such as “go to the railway station”, “buy
tickets” and “buy a hard seat”. They are organized into a directed sequential
relation graph, whose edges are labeled with transition probability.

7

Conclusion and Future Work

In this paper, we propose Event Evolutionary Graph (EEG), which reveals evolutionary patterns and development logics between events. We also propose a
framework to construct EEG from large-scale unstructured corpus. Extensive
experiments are conducted to solve the central problems of sequential relation
and direction recognition. Experimental results show that the approaches we
proposed are eﬀective for both sequential relation and direction recognition.
To the best of our knowledge, EEG is ﬁrst proposed by this paper. It is a
knowledge base about event evolutionary patterns. Our ﬁnal goal is to automatically mine this kind of knowledge from open domain large-scale unstructured
documents. In future work, we will explore more robust event extraction technique and integrate causality recognition into our construction process. Applying
EEG to real world applications is also an interesting research direction.
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