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Abstract

In this project, the author concentrates on how to extract event information from text. The author first introduces the basic definitions and mainstream approaches in event extraction field. To construct the core event detection module, a Convolutional Neural Network (CNN) is trained based on ACE2005 dataset to learn latent feature representations of event trigger words, which overcomes the limitation of complicated feature engineering compared with traditional pattern-based approaches. The author also researches the influence of position embedding and dropout strategy to system, and by conducting several experiments finds the relative optimal parameters setting for the system. Finally, the author test and validate the effectiveness of the application from both theoretical and practical aspects.
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[bookmark: _Toc7610765]1. Introduction

With the continuous development of computer and Internet technology, the number of digital data sources and their spreading speed are both greatly increasing. Faced with the "information overload" problem, how to efficiently organize massive information and extract important part is a challenging task. Event as one of the most important components of text, its structure and meaning are no doubt useful to help us understand the text and extract effective information. In this project, the author researches Event Extraction (EE) field and develop an event detection system, which aims to automatically detect events described in the text and assign each event an appropriate type. 

In section 2, this report continues with an elaboration of basic definitions of event extraction task and a literature review of mainstream approaches. Subsequently, section 3 presents the methodology and how development is going to be conducted. Then in section 4, some system requirements will be introduced based on the MoSCoW criteria. In section 5, development process will be presented and some important parts of code will be explained. Then section 6 will demonstrate and discuss the results coming from the system, from both theoretical and practical aspects. Report’s main conclusions and recommendations are presented in section 7. Finally, the future work is in section 8 and reflection is in section 9.

























[bookmark: _Toc7610766]2. Literature Review of Event Extraction Task
[bookmark: _Toc7610767]2.1 Introduction of Event Extraction
According to the definitions in ACE2005 [1],  an event is a specific occurrence involving participants, is something that happens, and can be represented as a change of state. In text, an event is described within a scope (e.g. one or more sentences), which is called event extent. In the extent, there will be a word that most clearly expresses the occurrence of the event, which is defined as event trigger (or event anchor) [1]. For example, in sentence “They have been married for ten years”, the trigger word is ‘married’, which most explicitly describes what has happened and what the result is. 

Apart from the research to event itself, detecting the participants of each events will also be paid attention to. The participants of an event are the entitles involved in the event and mentioned within the event extent. In some cases, there are a few entitles related to the event that are not participants, however, ought to be seen as ‘part’ of that event. Such entitles will be referred as event attributes and be handled in the similar way to the event participants. Attributes and participants of an event will be defined collectively as event arguments [1].

As for event extraction, it is the task aiming to deduce information (e.g. event extent, trigger, participants, attributes, etc.) of specific event from text and represent the results structurally [2]. Event extraction task plays an important role in intelligent information access systems like information retrieval, sentiment analysis, question answering, auto text summarization, etc. The event extraction task can be divided into a series of sub-tasks which are event detection (ED), argument extraction (AE) and event coreference resolution. More details about each sub-task will be discussed in the following subsections. 

[bookmark: _Toc7610768]2.2 Introduction of Event Types and Event Arguments 
Nowadays the mainstream event model is proposed in ACE2005, which regards the event as a complicate structure relating many arguments and attributes [1]. In the model, event itself, arguments and attributes all have their own types. The aim of event detection is to identify the event trigger word and assign it a proper type. Argument extraction task can also be seen as a matching problem of argument and its type. A brief introduction of event types and argument types will be presented in this subsection.

[bookmark: _Toc7610769]2.2.1 Event Types and Subtypes
In ACE corpus dataset, events are divided into eight types, which are Life, Movement, Transaction, Business, Conflict, Contact, Personnel, Justice. Each type has its meaning and range of application, and to describe more specific meaning, each type also has subtypes. For example, there are five subtypes for Life type: Be-born, Marry, Divorce, Injure and Die. Conflict type has Attack and Demonstrate two subtypes, and the subtypes of Personnel type are Start-position, End-Position, Nominate and Elect. There are 33 event subtypes in total.

Note that what we annotate to the event is the subtype in fact instead of the type because only event subtypes have precise definitions and there are only general meanings for event types. For example, there is no definition for Conflict event type, but the Attack and Demonstrate events, its subevents, are defined clearly below:

﻿An Attack event is defined as a violent physical act causing harm or damage. 
﻿A demonstrate event occurs whenever a large number of people come together in a public area to protest or demand some sort of official action. [1]

Therefore, we have a set of rules to judge if a word triggers the occurrence of some subevent, and in practice, the hierarchical structure among super types and subtypes will be ignored, only 33 event subtypes will be annotated when detecting events. All the definitions of event types and subtypes can be found in [1].

[bookmark: _Toc7610770]2.2.2 Event Argument Types
Event argument are composed of two parts: event participants and event attributes. Event participants are entities involved in the event, which usually are the action performers and receivers. Event attributes are the other entities which are not participants but also should be regarded as part of the event, like occurrence time and occurrence place. More accurately, occurrence time and occurrence place are regarded as general event attributes, because they will be explained in the same way for each event. In addition, there are many arguments that are event-specific and associated with particular event type. 

For example, as for Attack event, its arguments are Attacker, Target, Instrument, Time and Place. Attacker and Target arguments are participants. Instrument (used in the attack) argument is event-specific attribute and Time and Place arguments are general event attributes. Also, all the argument types can be found in [1].

[bookmark: _Toc7610771]2.3 Event Detection (ED) and Argument Extraction (AE)
Event Extraction is comprised of three subtasks: Event Detection (ED), Argument Extraction (AE) and Event Coreference Resolution. Usually, the first two tasks only use sentence-level information and are processed within the event extent. While the event coreference resolution task needs more document-level information so it is often considered separately from the ED and AE. In this section we will introduce event detection along with argument extraction, and event coreference resolution task will be presented in next section.

For event detection and argument extraction tasks, the traditional approaches are pattern based, which includes syntactic pattern and semantic pattern. Approaches based on syntactic pattern try to capture the characters of event from the perspective of linguistics and sentence structure, whereas semantical based methods pay more attention to represent concept and construct domain ontology, which are important for patterns to semantically match events and their arguments. 

In the work of [3], the author reported a large-scale relation and event extraction system (REES), where each event-denoting word (i.e. event trigger) is connected to a lexicon entry that can be regarded as a pattern integrating syntactic and semantic information. A lexicon entry includes category of the word, event ontology, event arguments, semantical restrictions (i.e. the specified argument types) and syntactic component of each argument. A lexicon entry looks like this: 
[image: ]
The system will firstly detect the event trigger and then extract event arguments from context according to lexicon entry pattern of the trigger. 

In the work of [4], the author tried to learn prize-winning event extracting rule using bootstrapping method. The system was first initialized with seeds, which can be seen as a set of semantic relations between event and its arguments. The author selected the Nobel Prize awarding corpus to construct seeds because of its high occurring frequency and complete, structured records. A seed example is like this: 
[image: ]
The seeds were used to detect relevant event sentences according to the occurrence of arguments in it. Then general prize-winning rules were extracted from these sentences by means of constructing specified context structure of triggers and these rules will be used as patterns to detect general prize-winning events from text. An event pattern rule looks like below: 
[image: ]

In the work of [5], the author considered event detection and argument identification process as concept recognition task and used an ontology-driven ﻿concept analysis system called OpenDMAP [6] to extract events in biological domain. Ontology can be seen as a knowledge base that describes entities and interrelationships between them, which has the power to enable concept restrictions or semantic rules. In the paper, the author constructs the ontology by combining ﻿elements from several ﻿community-consensus biological ontologies. Then the patterns were built around the generic concept of event triggers and arguments were restricted semantically according to ontology when matching.

﻿A similar approach can be found in [7],  the author tried to extract events from news stories. Event types are defined as classes in ontology. Some objects, which might be encountered when processing the news text, are defined as slots of classes. The values of slot will be filled by Information Extraction system when extracting events. An event type looks like this: 
[image: ]
Then based on the approach in [8], for each event instance in training data, a concept node definition is built, which contains event trigger, variable slots and constraints of the definition, etc. A concept node definition looks like following: 
[image: ]
Then the pattern representing event type will be generalized from these definitions by ﻿relaxing constraints on initial definitions and merging similar ones. 

There are many advantages stemming from the pattern-based approaches. Firstly, ﻿pattern-based approaches are intuitive and it is easy to understand how events were extracted. ﻿Also, these approaches do not need too much data to train model and will be powerful to obtain very specific information from text. However, the successful employment of system will need much domain expert knowledge and linguistic tuition to build effective patterns, which is an onerous work and lacks domain generalization. On the other hand, because of the flexibility of the expression of language, in most cases patterns cannot capture all the representation forms of one event type, which also limit the performance of system. 

Therefore, in recent years, with the releases of more available, high quality data sets and the growth of computing power, there are more and more statistic and machine learning based approaches being proposed.

In the work of [9], the author divided the trigger identification task into two classifying stages (argument extraction task’s processing step is similar):  firstly, the word will be determined whether or not an event trigger by a binary classifier, and if it is the positive condition, a multi-classifier will be used to determine which event type it should be. To obtain the nature of different kinds of words, a set of features are defined including lexical features (e.g. POS tag, depth of word in parse tree), left and right context features, WordNet features, etc. Then a memory-based learner and a ﻿maximum entropy learner are used to train the train the classification model. 

However, because of the complexity and low scalability of ﻿hand-designed features, nowadays many works are paying attention to automatically extract latent features by means of representation learning, mainly using artificial neural network, to train the classification model. In these methods, words are normally transformed into the form of vector to be the input of neural network, which is called word embedding and can be regarded as a tool of projection (In the work of [10], word embedding is tested that can better capture and represent the semantic regularities of word through ﻿extensive simulation experiments). 
In the work of [11],  convolutional neural network (CNN) was employed to overcome the problem of complicated feature engineering and error propagation from the preceding stages of event extraction. Word vectors generated by three different embedding table are concatenated together to be fed into the CNN consisting of convolutional layer, max pooling layer and fully connected layer to work out the output.

In the work of [12], the author proposed a ﻿dynamic multi-pooling convolutional neural network (DMCNN) to improve the performance of event extraction task, especially the argument classification stage of it. The paper firstly pre-trained the word embedding using Skip-gram model [13] to capture the lexical-level features automatically. Then the sentence-level features are extracted using DMCNN. The most important difference between DMCNN and traditional CNN is that the pooling layer of DMCNN is split into three parts according to the arguments and event triggers and three max values will be extracted rather than one, which will be helpful to better distribute arguments to the trigger they belong to. Lexical-level and sentence-level feature vectors forms the final vector to classify event triggers and arguments. In the work of [14], the author improved the traditional consecutive n-gram model to non-consecutive structure, thus trigger identification will not be limited to consecutive token sequence and more separate word pairs patterns will be captured resorting to the powerful representing ability of CNN.  In the work of [15], the author found that traditional neural networks are easily influenced by spurious features which usually caused by ambiguity and flexibility of context. To tackle this problem, the author proposed a self-regulated model including a cooperative network and a generative adversarial network (GAN). The generative adversarial network is based on the adversarial mechanism [16] to produce spurious features and sends them to the cooperative network. And the aim of cooperative network is to adjust its features to be different from the spurious features, in another words, the spurious features are prevented in the model, which called self-regulation.

Because of the interdependency between event detection and argument extraction, many models apply joint architecture to improve the performance of event detection and argument extraction simultaneously, rather than consider them as two separate tasks. Except for better leveraging interdependency between two tasks, joint system can also alleviate error propagation problem in pipeline systems (i.e. the predicting error generated in event detection part will influence downstream argument extraction task). In [17], the author proposed a joint detecting system for EE, and designed a range of local and global features for triggers and arguments. Local features are the features concerned with single task separately, while global features aim at capturing dependency characteristics between triggers and arguments, which are only used in joint system. Then the author employed structured perceptron and beam search algorithm to construct and train model and tackled the two tasks simultaneously. 

Inspired by above work, [18] employed bidirectional recurrent neural network (RNN) to construct joint system.  The main difference between two works is that [18] used bidirectional RNN to obtain latent features automatically while [17] designed features humanly, which will limit generalization capability of system. In addition, the author designed three types of memory matrices to capture dependencies among trigger subtypes, among ﻿argument roles, ﻿between argument roles and trigger subtypes. In the work of [19], the author noticed that previous joint system achieved significant improvement on argument extraction part while much less on event detection part because of the insufficient argument information used for ED. Based on the above idea, the author employed supervised attention mechanism to leverage argument information to improve event detection. The attention mechanism was initially used in neural machine translation (NMT) to enlarge the influence of corresponding words when translating specific part of sentence [20]. In this model, the author used Context Representation Learning (CRL) to yield distributional representation of contextual words and entitles via attention mechanism, then the output of CRL was fed to an artificial neural network (ANN) to classify event candidates.

Though most event information exists within the event extent, which is usually one sentence, the flexibility of human language usually leads ambiguity when we understand the event by only local information. For example, from the sentence: ﻿ “He left the company”. It is difficult to determine whether it means he left the working place or he ended his position in the company. Thus, in such condition, context and document-level information will help a lot. If there is a clue that is “he planned to watch movie before going home” or “His colleagues held a party for his retirement” in the context, we can understand the sentence meaning much more easily [21] . Base on this thought, Liao, Shasha, and Ralph Grishman improved event extraction by using cross-event inference. They utilised information from other types of events to make predictions and resolve ambiguity of the given event [21]. 

Apart from the cross-event inference, in [22], a new method of event extraction by well using cross-entity inference was proposed. In contrast to previous inference methods, the author regarded entity-type consistency as key feature to predict event mentions and get 8.6% gain in event trigger identification and 11.8% in argument classification. In the work of [23], the author utilized ﻿hierarchical and supervised attention mechanism to do the document embedding, which aims to make full use of document-level clues. Then the learned document embedding will used to enhanced ﻿bidirectional RNN model to better ﻿identify event triggers and types of them. The whole model is called ﻿Document Embedding Enhanced Bi-RNN (﻿DEEB-RNN). ﻿Experiments on the ACE-2005 dataset shows the model achieves ﻿state-of-the-art performance in the event extraction field.

[bookmark: _Toc7610772]2.4 Event Coreference Resolution
Event coreference resolution aims to detect and link event mentions which refer to the same real-world event. The representation of an event does not only use the same trigger world all the time and when an event is referred in the second time, author will probably employ the synonym or even a pronoun to express it to make the passage less monotonous. And the aim of event coreference resolution task is to identify the different representations of one event in the document and link them, to make computer understand what’s the text meaning better.

In the work of[24], the author tried to model the correlations between the main event chains of a document with document logical structures. An Integer Linear Programming model was proposed to model how the topic transition sentences, inter-coreference chain correlations,
event mention distributional characteristics and sub-event structure influence the event coreference resolution task.

[bookmark: _Toc7610773]2.5 Dataset
In the event extraction field, nowadays the most accepted training dataset is ACE2005, which consists of data of various types annotated for entities, relations and events. The dataset includes corpora of three languages which are English, Chinese and Arabic, but what we want to process in this project are English news so only the English corpus will be used for training. There are six catalogues for English corpus and each catalogue indicates one type of data.  

Newswire (NW)
amount percentage of all dataset: 20%
sources: AFP (Agence France Presse - English), APW (Associated Press), NYT (New York Times), XIN (Xinhua News Agency - English)

Broadcast News (BN)
amount percentage of all dataset: 20%
sources: CNN (Cable News Network), CNNHL (CNN Headline News)

Broadcast Conversation (BC)
amount percentage of all dataset: 15%
sources: CNN_CF (CNN CrossFire), CNN_IP (CNN Inside Politics), CNN_LE (CNN Late Edition)

Weblog (WL)
amount percentage of all dataset: 15%
sources: various internet weblogs (shared online journals)

Usenet Newsgroups/Discussion Forum (UN)
amount percentage of all dataset: 15%
sources: various internet discussion forums/bulletin boards

Conversational Telephone Speech (CTS)
amount percentage of all dataset: 15%
sources: EARS Fisher 2004 Telephone Speech Collection Supplement


[bookmark: _Toc7610774]2.6 Evaluation Indicators
In the Information Extraction field, there are three indicators being widely used to evaluate system performance, which are: P value (Precision), R value (Recall) and F value (F-measure). The specific definitions of them are below: 

[image: ]
From the definitions we can see that P value denotes the precision rate of extracting process and R value suggests the ability of system to extract the correct items.  For F value, its definition is following: 
[image: ]
 denotes the relative weight between P Value and R Value. We can see that F-Measure is the weighted average of P Value and R Value. In practice, it is usually used to evaluate the integral performance of system. 






































[bookmark: _Toc7610775]3. Methodology
[bookmark: _Toc7610776]3.1 Development Methodology
For the development process, we need to think about how to manage the project and make sure the system can satisfy expectations. Because of the complexity of machine learning research, agile methodology and trial-and-error principle will be used when developing. Agile methodology requires incremental development and frequent iteration. Development work should be broken into several small increments to decrease the planning and design time. Frequent iteration means that we should focus on the rapid application delivery and adapt to changes quickly. Through the principles above, we can adjust our development process and system requirements flexibly, and we are also able to measure the progress and evaluate the system based on working software.

As for trial-and-error principle, it is a widely accepted approach for training machine learning model. Because of the complexity of structure of neural networks, it is hard to find a precise mathematical deduction for an optimal solution about parameters setting. Therefore, tuning parameters is more like an experiment problem rather than mathematical problem, and the best approach for this condition is trial-and-error, which requires frequent trial and comparation in order to find the best values. Note that trial-and-error does not mean trying all the combination conditions of parameters (because of the Combinatorial Explosion problem). It is also important to research and follow the similar already done works to decrease the parameter tuning range.

[bookmark: _Toc7610777]3.2 Software and Hardware Used 
[bookmark: _Toc7610778]3.2.1 Programming Language
For programming language, the project will be implemented in Python. Python is one of the most popular language in recent years, and particularly appropriate for the project relevant to AI and machine learning. There are two main reasons for us to choose Python as the programming language. Firstly Python has abundant machine learning libraries and frameworks, such as scikit-learn, TensorFlow and PyTorch. We do not need to code all the function, like matrix manipulation, convolutional operation, from scratch, which can facilitate coding and save development time. For another reason, Python is a cross-platform language, and it is easy to deploy the python program and trained model to another operating system. Furthermore, there are many environment management software for Python like Anaconda, Docker, through them it is simple to copy the whole development environment to another platform, which gives the development and deployment work much convenience. 

[bookmark: _Toc7610779]3.2.2 Machine Learning Library
For the choice of machine learning library, presently there are two widely used frameworks which are TensorFlow and PyTorch. In this project we use TensorFlow for our development work. The resons are below. Firstly, TensorFlow was released about two years earlier than PyTorch, which makes TensorFlow have larger community support and abundant docs. In addition, TensorFlow has a powerful visulization tool -- TensorBoard. Through TensorBoard it is easy to visulize the structure of neural network and iteration process of variables, which will give great help for debugging and understanding the program when developing. 

[bookmark: _Toc7610780]3.2.3 Virtual Machine
In this project, we also use SOAC virtual machine to train the model. For machine learning based approaches, mass of training data is needed for machine to learn latent relation between data and labels. It is usually a long-time computational process, which maybe day level. Therefore deploying training program on virtual machine is a useful method to save development time.









































[bookmark: _Toc7610781]4. Development
In this section, some important code sections will be introduced to help understand structure of the program.

[bookmark: _Toc7610782]4.1 Data Preprocessing
[bookmark: _Toc7610783]4.1.1 Data Format Introduction
For ACE2005, training data is divided into two parts. One part includes source text (.sgm) files. These files contain the source text files in an SGM format (an XML standard). The data is like this: 
[image: ]

The other part includes ACE program format (APF) (.apf.xml) files. These files are in the official ACE annotation file format and store the annotation information for the source text. The file is like this: 
[image: ]

This is the annotation tag for one event. From the above image we can see that one event tag includes information about event argument, event extent, event anchor and so on. For the event detection task, the most important is the <anchor> </anchor> tags, which denotes what the event anchor word is and where it is. For example, in this event, the event anchor is “getting” word and is counted from 1540 to 1546 offset relative to beginning position. Its type can be got from <event> tag, which is “Movement.Transport”. We can also get the event extent information form <ldc_scope> tag, which is “airlines are getting flyers to destinations on time more often”. In this context “getting” means that flyers are transported to the destinations and it is clearly a Transport event. Therefore, if we can read and parse these information from xml file, the corresponding event anchor in source text can be annotated out from other words and stored structurally.

[bookmark: _Toc7610784]4.1.2 Parsing XML Files
[image: ]
The main part of parsing XML file is implemented in these two functions: read_file and read_document. Read_file aims to read out the text property in apf.xml file and read the text data from .sgm file. Read_document function is to tokenize the string output of read_file function to the form of tokens and anchors. These two functions will be introduced in the following respectively. First the one part of read_file function is below.
[image: ]

In the above code section, we use xml.etree.ElementTree python module to parse XML files. It regards an XML file as the form of tree and each tag is represented as one node of the tree. Because we are only interested in the <event> tag, we get the event nodes from root nodes, through for loop. Then we continue to parse the further content from the event node like TYPE, SUBTYPE, ID, anchor and so on. Finally these information will be stored in the preinitialized dictionary and used in the following part of function. 

[image: ]

This section of read_file function transforms the source text file to string format and excludes tags. Note that because of the space limitation some unimportant code sections are folded. In this part we use minidom module instead of ElementTree because source text files’ structure is much more complex than information annotation files (six text sources even have different tag formats), the better nodes information representing ability of minidom module can greatly help debugging. The main structure of reading tree nodes iteratively is similar to the last part. Because we need to transform the text to string format, we only need to store the “#text” content and other contents like “DOCID”, “DOCTYPE”, “HEADLIKE” will be discarded. However, the counting of offset of anchor word includes all the characters in the text, so the same number of characters will be added in the “sub” variable if anything is discarded. At the end of the function, read_document function will be called and text, sub and other annotation information variables will be inputted in it. In read_document function the text string will be split and tokenized into separate word and stored structurally. Each word’s annotation information will also be stored in the corresponding position of another variable. The final outputs are following:
[image: ]    [image: ]
                               Tokens                                                                       Anchors
Each row indicates one text, each column indicates one word in the text. In the Anchors, 0 indicates the word is not an event anchor, or it is some type of event (different type represents different event type).

[bookmark: _Toc7610785]4.1.3 Clearing Text
In the source text, we are only interested in the word that have actual meaning.  Punctuations should not be considered. In addition, capital and small letters also do not matter. Therefore, we used regular expressions to remove punctuations and transform all the capital letters to small.
[image: ]

[bookmark: _Toc7610786]4.2 Window Encoding 
After transforming the source into tokens and anchors, we need to encode the trigger window. The main idea of this step is classifying a word in its context window of neighbouring words. In this project, window size is set to 31. The word will be with the 15 words before it and 15 words after it to form a window together. Window classification can help solve ambiguity problem. For example, “to seed” can mean “to place seeds” or “to remove seeds”. It is hard to determine only by a single word “seed”, and some context information will be a great help.
We implement the window encoding code in the “encode_window.py” file, and the main part of code is following. 
[image: ]

Firstly, we use encode_dictionary function to make a vocabulary using TensorFlow. That is to assign each word an index number based on the sequential order, so we can only store the index number in the window. Then we use encode_window function to encode the word and its neighboring 30 words together. When encoding, we need to use vocabulary just built to transform word to the index number and store it in the window (That’s what the code in line 37 does). In addition, if the central word is the first 15 words of last 15 words of the whole text, which means it does not have the complete context, so we will use unknown flag “<UNK>” to fill (code in line 28 and 34) and the index number of “<UNK>” is 0. The encoded window is following.

[image: ]
Different from the tokens we introduced above, in tokens each row indicates one source text. While here each row indicates one window, i.e. one word.



[bookmark: _Toc7610787]4.3 CNN Algorithm Module
As for core algorithm module, its function is to receive encoded word windows and after computing output the prediction of which word is the trigger word and which event type it represents. The more accurately it predicts the better performance of system will be. In this project, we implement the model based on Convolutional Neural Network (CNN). The structure of the model is below.

[image: ]

From the image we can see that input_x is firstly fed into the embedded_layer, then the output of embedd_layer is fed into three Convolution-maxpooling layers, which are core computing part of the model. Then the outputs of three Convolution -maxpooling layers are concatenated together and inputted into the dropout layer, where the concatenation output will be regularized to reduce overfitting. Finally the output of dropout is fed into the output layer to compute the prediction. In the subsections following we will introduce the implementation of each layer.

[bookmark: _Toc7610788]4.3.1 Embedding Layer
The main function of this layer is to do the word embedding. Word embedding is to transform words into the form of numerical vector, which can be regarded as a tool of projection, so neural network can process the word. In the work of [10], word embedding is tested that can better capture and represent the semantic regularities of word. The implementation of word embedding is following.
[image: ]

The “vectors” of add_embedding function indicates the pretrained word embedding vectors, which ﻿capture the hidden semantic and syntactic properties of the tokens. In this project we use the pretrained vectors by Google, which is opensource and can be found in https://code.google.com/archive/p/word2vec/. What we need do is to look up the corresponding vectors based on our word, which is implemented in line 40. In addition to word embedding, we also do the position embedding in this function. This is to encode the relative distance of the token to the current token in the token window. By this way, the sequential ordering of the input sentence can also influence the model and model will better understand the context around central word. The code from 41 to 48 is initialize the word embedding vector. The code from 51 to 67 is to concatenate the word embedding vector and position embedding vector together and then output them.

[bookmark: _Toc7610789]4.3.2 Convolution-Maxpooling Layer
This layer is the main computing part of the model and is also the core part of the model. This layer is formed by three convolutional modules of different filter sizes. The implementation is following. 
[image: ]

The convolutional operation is implemented by the function “tf.nn.conv2d”, which is a built-in function of TensorFlow. After the convolutional operation, a bias item will be added to the result and then the result will go through the rectified linear unit (ReLU) activation function, which is implemented by “tf.nn.relu” function. Then the result will be maxpooled, which aims for down sampling and decreasing the size of dimension of feature map. Because there are three convolutional modules, above operations will be excecated three times and the results will be all appended to a proclaimed list named “pooled_output”.

[bookmark: _Toc7610790]4.3.3 Dropout Layer
[image: ]
The implementation of dropout layer is very simple. We only need to call the “tf.nn.dropout” function. In the function, for each element of input, with probability rate (preset), outputs 0, and otherwise scales up the input by 1 / (1-rate). This function aims to randomly omit some units of neural network to prevent overfitting. The theoretical demonstration of dropout operation can be found in [25].


[bookmark: _Toc7610791]4.3.4 Output Layer
The more detailed structure of output layer can be seen below. 
 [image: ]

[image: ]

From above two images we can see that the dropout result is inputted into the output layer and the variable score is calculated based on the dropout result and w2, b2 (line 136). Then based on the scores we calculate out the prediction vector and the loss function (line 137 and 141). Loss function is the cross-entropy between model predictions and correct labels, which is essentially a tool to measure the difference between them. The optimization goal is to make loss function as small as possible, i.e. to assimilate model predictions to correct labels.

As for optimization method, we use AdamOptimizer, which implemented as following, and the optimization object is the loss of CNN. 
[image: ]

AdamOptimizer can be regarded as an improved optimization method of backpropagation, and theoretical demonstration can be found in [26].
[bookmark: _Toc7610792]5. Results and Discussions
In order to evaluate the presented CNN model and find the best parameters set, in this section we will conduct some comparison experiments as below. In addition, we also test the effectiveness of model, first three subsections are from theoretical aspect and the last subsection is from practical aspect.

[bookmark: _Toc7610793]5.1 Position Embedding Experiment
Firstly we test the influence of position embedding to the model. we did three experiments which are model without position embedding, model with position embedding of 50 dimensions and model with position embedding of 100 dimensions. Because of the limitation of computational power, we processed the dataset only once, i.e. epoch parameter is set to 1 (One epoch is when an entire dataset is passed forward and backward through the neural network only once).  Results are below:

[image: ]

With the large margins of performance, we can clearly see from the table that position embedding is very important for the system. While the incrementation of position embedding size does not improve the performance which even decreases a little. For the reason, we think it is because the employment of position embedding let the model learn the actual sequential ordering of the input sentence. If there is no order the trigger window will just be the randomly combination of 31 words and latent properties of central word will be covered by other words. The results also show we do not need too large position embedding presentation and 50 dimensions is enough. Increasing the size of position embedding may make the model pay less attention to the word embedding so the F Value declines instead.

[bookmark: _Toc7610794]5.2 Dropout Experiment 
Though dropout strategy is proved that can effectively regularize model and prevent overfitting for large neural networks [25], while in this project both dataset and model are not too large which only consists of three convolutional modules. Therefore, we did comparison experiment for the performance of using dropout strategy or not.

[image: ]

We can see that system with 0.5 dropout is clearly better than without dropout at P Value and other indicators differ not significantly. On the whole, we should use dropout strategy when training model.

[bookmark: _Toc7610795]5.3 Loss Function
Following is the training curve of loss function. The curve is screenshotted from TensorBoard and has been smoothed. We can see that the overall trend of curve is decreasing, which demonstrates the model is learning something and training program works well. Finally the curve converges around the value of 0.05, which also proves that the model has found an optimal solution (local or global) for the problem.

[image: ]

[bookmark: _Toc7610796]5.4 Model Effectiveness Test
For the final evaluation indicators, they are shown below: 
[image: ]
We can see that P Value has already achieved to a good performance, while R value is low, which means the most items predicted are correct, but there are many items the model does not detect out. We think it is because of the limitation of amount of training data and training epoch, if there are more computing power in the future, we can still improve the model. 

[bookmark: _GoBack]Above parts place more emphasis on theoretical analysis to the system. Subsequently we will test effectiveness of the model from practical view. There are two test approaches. On the one hand, we input the source text passage of ACE2005 dataset into the model to see if model has actually learned the latent relations between feature vectors and label. On the other hand, we will collect one news article from website and let model detect the event words in it, in order to see the generalization ability (or adaption ability) of the model.

[bookmark: _Toc7610797]5.4.1 Dataset Text Test
We choose an article from Broad News corpus, one of its paragraphs is below: 
[image: ]
We can know it is a news about air crush. The correct event type annotations of this article are following: 
[image: ]
Some correct event types are marked with redline. 

Model prediction output is below:
[image: ]
We can see that most of the events can be detected out and assigned a correct type, like “killed {Life.Die}”, “bankruptcy {Business.Declare-Bankruptcy}”, but there are some events are not detected out like word “heading”, which indicates a Movenment.Transport event. Above all, the model we trained can work well for dataset article. What about the article from outside news website?

[bookmark: _Toc7610798]5.4.2 Website News Test
From CNN website we select an article talking about bombing attacks in Sri Lanka, which shows below: 
[image: ]

We copy the text and input it into the CNN model, the prediction output is below: 
[image: ]
Because there is no correct annotation, we can only evaluate the prediction result by common sense. From image we can see that there are clearly some Attack and Die event words like “bombings”, “killed”, “attack” and “killing”, which are correctly predict. However, we think there are some other events that model does not detect out like “come to the church”, which is obviously a Movement event. This shows that the model still needs to be improved for the “unfamiliar” text, i.e. the model lacks generalization ability and adaption ability. 

To solve this problem, there are two ways we can do in the future: one is increasing the amount of training data, let model “meet” more words. The other is to improve the network structure and try some other networks like Recurrent Neural Network (RNN) or Generative adversarial network (GAN).





[bookmark: _Toc7610799]6. Conclusions and Recommendations
In this project, we researched event extraction task, which is an important task in Natural Language Processing field. Its main goal is to extract events and attributes of the events from text. Essentially it aims to teach machines to understand the meaning of text or what the text is talking about. Generally, there are two classes of approaches. One class is pattern-based, which wants to summarize the forms of event presentations into different patterns. When detecting events we only need to recognize the occurrence of specific pattern. However, the fact proved that it is hard to set all the patterns because of the flexibility of language, and the performance of pattern-based systems are usually not very good. Therefore, with the releases of more available, high quality data sets and the growth of computing power, there are more and more statistic and machine learning based approaches being proposed. Approaches of this class try to make machines learn the language representation by themselves. Currently the most widely used method is neural network, which is also the approach employed in this project. We present a CNN with three parallel convolutional computing modules for event detection. Through training with labelled dataset, the model can automatically capture the feature representations of each event type, based on which to predict when meeting a new word. 

In this project we conducted some experiments to research the influence of position embedding module to the system, which showed that the position embedding vector of only 50 dimensions can give system significant improvement. We also researched the effect of employing dropout strategy to our network and indicated that dropout strategy is also useful for neural network in small scale. In addition, to test the effectiveness of our system, from theoretical aspect we evaluated the performance of system using Prediction value, Recall value and F score value, which are three widely acceptable evaluation indicators for event detection task. The results indicated the system achieves a good level. From practical aspect, we tested the system using both dataset articles and outside articles from news website. For dataset articles, system could provide a good prediction result while for outside articles the prediction quality decreased. This suggested that the model lacked generalization and adaption ability and we gave two ways which can be tried to solve this problem, which are increasing training data volume and improving network structure.
















[bookmark: _Toc7610800]7. Future Work

[bookmark: _Toc7610801]7.1 The Application of Event Extraction
In the future, our plan is to revolve around the core algorithm to develop a practical system. The aim of event extraction is to obtain the events and their participants from text, so what we should pay attention to should be narration text (mainly describes some event), of which news is a typical example, rather than explanatory text (introduce some good primarily). It is meaningful to develop an event tracking system that can collect event historical information and track hot event trend. Collect event historical information means that collecting the historical information of an event such as when it started, how it developed, what the end was and what the influence was. If the above information is listed by time and form a timeline, we can clearly know the development phases of the event without spending much time searching relevant articles, just like a live reporting but you can review it at any time, which will look like this:

[image: ]        [image: ]

All the information above can be obtained from the historical news which are relevant to the event. Therefore, the main work is to extract events of the news, classify the news according to the event they describe, list them by time and represent the result structurally. And the system will also attach the link of source news to the listed information so that readers can get a full view of news if they are interested in it. 

Track hot event trend is a similar functionality, which will not only list the information of recent news but also evaluate the latest news, so the timeline will be updated regularly so we can track the hot event trend easily. 

Note that event extraction is a different technique from auto text summarization, the former mainly aims to obtain occurrence of events but does not care about the relationship between them. The latter pays more attention to generalizing article with a brief, understandable paragraph of text, which is a more challenging task. Therefore, it is not enough to get what the article is about only by extracting main event (the result is represented structurally rather than using human language). However, event extraction is a good basis to classify news and sort them semantically. Thus, we can utilize event extraction technique to attach main event information to the news as the form of tag, by this means we can track the progress of event briefly and quickly through the listed, sorted tags of different development phases of the event, and if we want to get a more detailed understanding we can read the corresponding news linked with the tag.



































[bookmark: _Toc7610802]8. Reflection
For event extraction field, I think it will be more and more important in the future. With the development of smartphone and communication technology (5G), the information we receive everyday will be much more, including emails, news, reports, electronic magazines, etc. Therefore, it will be a big problem about how to quickly get the information we are interested in. There are many things event extraction algorithm can do like news tracking, public opinion analysis, text mining and so on. Furthermore, if there is a friendly API interface of event extraction algorithm provided to users, users will be able to utilize the pretrained algorithm to collect interesting information or track specific event flexibly without knowing much AI knowledge, which will give our life much convenience.

For me personally, in this project, I learned a lot about not only the development skill, but also the comprehensive quality like how to conduct research on an unfamiliar field, how to test and validate hypothesis, how to express your opinion clearly to others, etc. It is a precious experience to complete a whole project by myself, from literature review, project design, to development, final test. Compared with teamwork, this needs more independent thinking ability and more patience when you meeting problems. I believe this will be a great help for my future work.
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[bookmark: _Toc7610804]Appendices (Source Code)
ed_model.py
import numpy as np
import tensorflow as tf
import pickle

class config():
    num_epochs = 2
    sequence_length = 31
    batch_size = 50
    vocab_size = 16314
    triger_size = 34
    position_embedded_size = 50
    embedding_size = 350
    filter_sizes = [2,3,4]
    feature_size = 150

class ed_model(object):
    def __init__(self, config, vocab_length, vectors, l2_reg_lambda=0.003):
        # vectors arg is word vector
        self.config = config
        self.input_x = tf.placeholder(tf.int32,
                                      [None, self.config.sequence_length], name="input_x")
        self.input_y = tf.placeholder(tf.float32,
                                      [None, self.config.triger_size],
                                      name="input_y")
        self.size_batch = tf.placeholder(tf.int32, name="size_batch") # equals 50
        self.dropout_keep_prob = tf.placeholder(tf.float32, name="dropout_keep_prob") #equals 0.5

        self.feature = self.add_embedding(vectors)
        self.add_model(l2_reg_lambda)

    def add_embedding(self, vectors):
        # vectors shape: (14037, 300) 
        # construct the look-up table
        initial = tf.constant(vectors, dtype=tf.float32)
        with tf.variable_scope('embedded_layer'):
            WV = tf.get_variable('word_vectors', initializer=initial)
            wv = tf.nn.embedding_lookup(WV, self.input_x) # input_x shape: (50, 31), so wv shape: (50, 31, 300), wv's shape is determined by input_x's shape
            position_embedding = tf.get_variable("Pos_emb",
                                                shape=[self.config.sequence_length,
                                                       self.config.position_embedded_size],
                                                dtype=tf.float32) # shape: (31, 50)
            # split wv (50, 31, 300) to 31 (50, 1, 300) tensors,
            # squeeze each (50, 1, 300) tensor to (50, 300), then form a list
            wv = [tf.squeeze(x, [1]) for x in tf.split(axis=1, 
            num_or_size_splits=self.config.sequence_length, value=wv)]

            # concatenate the word vector features with position features
            inputs = []
            for v in range(len(wv)):
                position_features = tf.tile(position_embedding[v], [self.size_batch]) # shape(2500, )
                # transform shape to (50, 50)
                reshaped_pos_features = tf.reshape(position_features, 
                                        [self.size_batch, self.config.position_embedded_size])
                # concatenate (50, 300) with (50, 50) into (50, 350)
                concat_features = tf.concat(axis=1, values=[wv[v], reshaped_pos_features])
                inputs.append(concat_features)

            # stack tensor (50, 350) in list into a higher rank tensor of shape (31, 50, 350)
            # transpose tensor shape (31, 50, 350) to (50, 31, 350)
            inputs = tf.transpose(tf.stack(inputs), perm=[1,0,2])
            # temp = tf.expand_dims(inputs, [-1])
            # print(temp.shape)
        # final shape (50, 31, 350, 1), because the requirements of tf.nn.conv2d, must convert the input to 4D
        return tf.expand_dims(inputs, [-1])

    def add_model(self, l2_reg_lambda):
        """
        l2_reg_lambda: used to avoid overfitting
        self.input_x: list of tensor len = sentence_length, each tensor has
        shape = [batch_size, embed_size]
        return:
        """
        # Create a convolution + maxpool layer for each filter size
        num_filters_total = 0
        pooled_outputs = []
        W = []
        b = []
        # filter_size: 2/3/4
        for  filter_size in self.config.filter_sizes:
            with tf.name_scope("Conv-maxpool-%s" % filter_size):
                # Convolution Parameter
                # [2/3/4, 300, 1, 150]
                filter_shape = [filter_size, self.config.embedding_size, 1, self.config.feature_size]
                  
                # w's elements shape [2/3/4, 300, 1, 150]
                W.append(tf.get_variable("W_%d" % filter_size, 
                        shape=filter_shape, dtype=tf.float32)) 
                # b_shape = [150]
                b.append(tf.get_variable("b_%d" % filter_size, 
                        shape=[self.config.feature_size], dtype=tf.float32))
 
               # Apply convolution , conv is the result tensor of convolution
               # filter shape: [2/3/4, 300, 1, 150]
               # conv shape: [50, 30/29/28, 1, 150]
                conv = tf.nn.conv2d(
                    self.feature,
                    W[-1],
                    strides=[1, 1, 1, 1],
                    padding="VALID",
                    name="conv")
                # self.con = conv
                # Apply nonlinearity
                h = tf.nn.relu(tf.nn.bias_add(conv, b[-1]), name="relu")

                tf.add_to_collection("loss", tf.nn.l2_loss(W[-1]) + tf.nn.l2_loss(b[-1]))

                # Max-pooling over the inputs
                # ksize: [1, 30/29/28, 1, 1]
                # pooled: [50, 1, 1, 150]
                pooled = tf.nn.max_pool(
                    h,
                    ksize=[1, self.config.sequence_length - filter_size + 1, 1, 1], 
                    strides=[1, 1, 1, 1],
                    padding='VALID',
                    name="pool")
                pooled_outputs.append(pooled)

        # Combine all the pooled features 
        num_filters_total = self.config.feature_size * len(self.config.filter_sizes)  # 150*3
        self.h_pool = tf.concat(axis=2, values=pooled_outputs) # shape: (50, 1, 3, 150)
        self.h_pool_flat = tf.reshape(self.h_pool, [-1, num_filters_total]) # shape (50, 450)
        with tf.name_scope("dropout"): # shape (50, 450)
            self.h_drop = tf.nn.dropout(self.h_pool_flat, self.dropout_keep_prob)
        with tf.name_scope("output"):
            W2 = tf.get_variable(
                "W2",
                shape=[ num_filters_total, self.config.triger_size]) # (450, 34)
            b2 = tf.get_variable(name="b2", shape=[self.config.triger_size], 
                                 dtype=tf.float32)  # (34)
            tf.add_to_collection("loss", tf.nn.l2_loss(W2) + tf.nn.l2_loss(b2))
            self.scores = tf.nn.xw_plus_b(self.h_drop, W2, b2, name="scores") # shape (50, 34)
            self.predictions = tf.argmax(self.scores, 1, name="predictions") # shape (50)
            # Calculate cross-entropy loss
            with tf.name_scope("loss"):
                losses = tf.nn.softmax_cross_entropy_with_logits(logits=self.scores, labels=self.input_y)
                self.loss = tf.reduce_mean(losses) + l2_reg_lambda * tf.add_n(tf.get_collection("loss")) / 2

                # Accuracy
            with tf.name_scope("accuracy"):
                correct_predictions = tf.equal(self.predictions, tf.argmax(self.input_y, 1))
                self.accuracy = tf.reduce_mean(tf.cast(correct_predictions, "float"), name="accuracy")

data_script.py
import xml.etree.ElementTree as ET
import pickle, re, sys, os
from lxml import etree
# import xml_parse
from xml.dom import minidom
import numpy as np

EVENT_MAP={'None': 0, 'Personnel.Nominate': 1, 'Contact.Phone-Write': 27, 'Business.Declare-Bankruptcy': 3,
           'Justice.Release-Parole': 4, 'Justice.Extradite': 5, 'Personnel.Start-Position': 22,
           'Justice.Fine': 7, 'Transaction.Transfer-Money': 8, 'Personnel.End-Position': 9,
           'Justice.Acquit': 10, 'Life.Injure': 11, 'Conflict.Attack': 12, 'Justice.Arrest-Jail': 13,
           'Justice.Pardon': 14, 'Justice.Charge-Indict': 15, 'Conflict.Demonstrate': 16,
           'Contact.Meet': 17, 'Business.End-Org': 18, 'Life.Be-Born': 19, 'Personnel.Elect': 20, 
           'Justice.Trial-Hearing': 21, 'Life.Divorce': 6, 'Justice.Sue': 23, 'Justice.Appeal': 24,
           'Business.Merge-Org': 32, 'Life.Die': 26, 'Business.Start-Org': 2, 'Justice.Convict': 28,
           'Movement.Transport': 29, 'Life.Marry': 30, 'UNKOWN': 34, 'Justice.Sentence': 31,
           'Justice.Execute': 25, 'Transaction.Transfer-Ownership': 33}
def read_outside_file(path):
    print(path)
    text = ""
    tokens = []
    anchors = []
    f = open(path, "r")
    for line in f:
        text += line
    f.close() 
    cl_text = clean_str(text)
    split_text = cl_text.split()
    anchor = [0 for x in split_text]
    tokens.append(split_text)
    anchors.append(anchor)
    return tokens, anchors

def read_file(xml_path, text_path):
    """
    Read the text property in apf.xml file
    """
    print(xml_path)
    print(text_path)

    apf_tree = ET.parse(xml_path)
    root = apf_tree.getroot()
    event_start = {}
    event_end = {}
    event_ident = {}
    event_map = {}
    event = dict()

    # get event information from .apf.xml file
    for events in root.iter("event"):
        ev_type = events.attrib["TYPE"] + "." + events.attrib["SUBTYPE"]
        # print(ev_type)
        for mention in events.iter("event_mention"):
            ev_id = mention.attrib["ID"]
            anchor = mention.find("anchor")
            for charseq in anchor:
                start = int(charseq.attrib["START"])
                # +1 is because of half-opened string interval
                end = int(charseq.attrib["END"]) + 1 
                text = re.sub(r"\n", r" ", charseq.text)
                # basic imformation of event
                event_tupple = (ev_type, start, end, text)
                # judge if there is already event mention (correference)
                if event_tupple in event_ident:
                    sys.stderr.write("dulicapte event {}\n".format(ev_id))
                    event_map[ev_id] = event_ident[event_tupple]
                    continue
                event_ident[event_tupple] = ev_id
                event[ev_id] = [ev_id, ev_type, start, end, text]
                event_start[start] = ev_id
                event_end[end] = ev_id

    # transform the .sgm file (.xml file essentially) to string and excludes tags; using minidom instead of ElementTree (better nodes information representing ablility)
    text = ""
    str_empty = ""
    sub = 0
    try:
        doc = minidom.parse(text_path)
    except:
        print("Failed",text_path)
    doc_root = doc.documentElement
    root_children = doc_root.childNodes
    for root_child in root_children: 
        if root_child.nodeName == "#text":
            str_empty = " " * len(root_child.nodeValue)
            text += str_empty
        elif root_child.nodeName == "DOCID" or root_child.nodeName == "DOCTYPE" or root_child.nodeName == "DATETIME":
            sub += len(root_child.childNodes[0].nodeValue)
        elif root_child.nodeName == "BODY": 
            body_children = root_child.childNodes
            for body_child in body_children: 
                if body_child.nodeName == "#text": 
                    str_empty = " " * len(body_child.nodeValue)
                    text += str_empty
                elif body_child.nodeName == "HEADLINE":
                    # substitute whitespaces for HEADLINE
                    str_empty = " " * len(body_child.childNodes[0].nodeValue)
                    text += str_empty
                elif body_child.nodeName == "TEXT":
                    text_children = body_child.childNodes
                    for text_child in text_children:
                        if text_child.nodeName == "#text":
                            text += text_child.nodeValue.replace("\n", " ")
                        elif text_child.nodeName == "TURN":
                            turn_children = text_child.childNodes
                            for turn_child in turn_children:
                                if turn_child.nodeName == "SPEAKER":
                                    text += turn_child.childNodes[0].nodeValue
                                elif turn_child.nodeName == "#text":
                                    text += turn_child.nodeValue.replace("\n", " ")
                        elif text_child.nodeName == "POST":
                            post_children = text_child.childNodes
                            for post_child in post_children:
                                if post_child.nodeName == "POSTER" or post_child.nodeName == "POSTDATE":
                                    str_empty = " " * len(post_child.childNodes[0].nodeValue)
                                    text += str_empty
                                elif post_child.nodeName == "#text":
                                    text += post_child.nodeValue.replace("\n", " ")

    tokens, anchors = read_document(text, sub, event_start, event_end, event_ident, event_map, event)
    return [tokens], [anchors]                                

def read_document(doc, sub, event_start, event_end, event_ident, event_map, event):
    """
    Transform the xml file to tokens and anchors
    """
    tokens = []
    anchors = []
    current = 0

    # In MARKETVIEW_20050206.2009.sgm "&amp;" occurs in HEADLINE and is transformed to "&"
    if "MARKETVIEW_20050206.2009-EV1-1" in event: 
        sub += 4 

    for i in range(len(doc)):
        #Because of the XML transforming of "&amp;" to "&"
        if doc[i] == "&":
            sub += 4
            # these files consider "&amp;" as 1 character
            if "CNN_ENG_20030616_130059.25-EV1-1" in event or "CNN_CF_20030304.1900.04-EV15-1" in event or "BACONSREBELLION_20050226.1317-EV2-1" in event:
                sub -= 4 

        if i+sub in event_start:
            # clear str: e.g. removing special chars; doc[x:y]: half-opened; clean_str will not influence the index.
            new = clean_str(doc[current:i]) 
            tokens += new.split()
            # init anchors with 0 for a special range; '_' serves as a throwaway variable name.
            anchors += [0 for _ in range(len(new.split()))] 
            current = i
            ent = event_start[i+sub]
        if i+sub in event_end: 
            ent = event_end[i+sub]
            if ent == "AGGRESSIVEVOICEDAILY_20041208.2133-EV4-1":
                tokens += ["q&a"]
                anchors += [EVENT_MAP["Contact.Meet"]]
                current = i
            else: 
                new = clean_str(doc[event[ent][2]-sub : event[ent][3]-sub])

                # the statement after "," is the message throwed when condition is false; very useful checking step;
                assert new == event[ent][4] or new == event[ent][4].lower() \
                ,"Error: " + new + " ," + event[ent][4] +" " + str(event[ent][2]-sub) + " " + str(event[ent][3]-sub) 
                tokens += [new.replace(" ", "")]
                anchors += [EVENT_MAP[event[ent][1]]]
                current = i 
    new = clean_str(doc[current : ])
    tokens += new.split()
    anchors += [0 for _ in range(len(new.split()))]
    assert len(tokens) == len(anchors),"sai cmnr"
    return tokens, anchors

def encode_corpus(folder_path):
    file_list = os.path.join(folder_path, "FileList")
    files = []
    with open(file_list) as f:
        for line in f:
            # strip(): remove leading and trailing chars (whitespace default) and return copy of original str
            # split(): split the str into a list based on the chars passed (whitespace default)
            map = line.strip().split()
            if len(map) != 3: continue
            files.append((map[0], map[1].split(",")[-1])) # -1 is the last elemet 
    return files

def read_corpus(folder_path):
    count = 0
    file_list = encode_corpus(folder_path)
    # print(file_list)
    tokens, anchors = [], []
    for (file, path) in file_list:
        file_path = os.path.join(folder_path, path, file)
        # print(file_path + ".apf.xml")
        # print(file_path + ".sgm")
        tok, anc = read_file(file_path + ".apf.xml", file_path + ".sgm")
        # print(tok)
        # print(anc)
        # # print(np.shape(anc))
        # for i in range(len(anc[0])):
        #     if anc[0][i] !=0:
        #         for k, v in EVENT_MAP.items():    
        #             if v == anc[0][i]:
        #                 print(k)
        count += 1
        tokens += tok
        anchors += anc
    return tokens, anchors

def clean_str(string, TREC=False):
    """
    Tokenization/string cleaning for all datasets except for SST.
    Every dataset is lower cased except for TREC
    """
    string = re.sub("[^A-Za-z0-9().,!?'`-]&", " ", string)  # ^ means matching any char not here
    string = re.sub("``", " <dot> ", string)
    string = re.sub("''", " <dot> ", string)
    string = re.sub(r"\"", " <dot> ", string) 
    string = re.sub(r"\.", " <dot> ", string)
    string = re.sub(r"\,", " <dot> ", string) 
    string = re.sub(r"!", " <dot> ", string) 
    string = re.sub(r"\(", " <dot> ", string) 
    string = re.sub(r"\)", " <dot> ", string) 
    string = re.sub(r"\?", " <dot> ", string)
    string = re.sub(r"\_", " <dot> ", string) 
    string = re.sub(r"\s{2,}", " ", string)
    return string.strip() if TREC else string.strip().lower()

if __name__ == "__main__":
    # read_outside_file("./script/text")
    # tk = pickle.load(open("./preprocessing/tokens_bn.bin","rb"))
    # ac = pickle.load(open("./preprocessing/anchors_bn.bin", "rb"))
 
    # tokens type: list, tokens rank: 2, axis 0 indicates each articles, axis 1 indicates the tokens in article
    # anchors type: list, anchors rank: 2, axis 0 indicates each articles, axis 1 indicates the anchor information of corresponding tokens in article

    tokens_bn, anchors_bn  = read_corpus("./script/ACE2005ENG/orig/bn")
    pickle.dump(tokens_bn, open("./preprocessing/tokens_bn.bin","wb"))
    pickle.dump(anchors_bn, open("./preprocessing/anchors_bn.bin", "wb"))
    
    tokens_nw, anchors_nw  = read_corpus("./script/ACE2005ENG/orig/nw")
    pickle.dump(tokens_nw, open("./preprocessing/tokens_nw.bin","wb"))
    pickle.dump(anchors_nw, open("./preprocessing/anchors_nw.bin", "wb"))

    tokens_bc, anchors_bc = read_corpus("./script/ACE2005ENG/orig/bc")
    pickle.dump(tokens_bc, open("./preprocessing/tokens_bc.bin","wb"))
    pickle.dump(anchors_bc, open("./preprocessing/anchors_bc.bin", "wb"))
    
    tokens_cts, anchors_cts = read_corpus("./script/ACE2005ENG/orig/cts")
    pickle.dump(tokens_cts, open("./preprocessing/tokens_cts.bin","wb"))
    pickle.dump(anchors_cts, open("./preprocessing/anchors_cts.bin", "wb"))

    tokens_wl, anchors_wl = read_corpus("./script/ACE2005ENG/orig/wl")
    pickle.dump(tokens_wl, open("./preprocessing/tokens_wl.bin","wb"))
    pickle.dump(anchors_wl, open("./preprocessing/anchors_wl.bin", "wb"))

    # tokens_un, anchors_un = read_corpus("./script/ACE2005ENG/orig/un")
    # pickle.dump(tokens_un, open("./preprocessing/tokens_un.bin","wb"))
    # pickle.dump(anchors_un, open("./preprocessing/anchors_un.bin", "wb"))

    print("1")


ed_train.py
from utils import *
from ed_model import *
import numpy as np
import tensorflow as tf
import os, datetime, time, pickle
from sklearn.metrics import precision_recall_fscore_support

tf.flags.DEFINE_float("split", 0.7, "dmm")
tf.flags.DEFINE_float("dev_size", 0.15,"dmm")
tf.flags.DEFINE_boolean("allow_soft_placement", True, "Allow device soft device placement")
tf.flags.DEFINE_boolean("log_device_placement", False, "Log placement of ops on devices")
tf.flags.DEFINE_integer("evaluate_every", 100, "")
tf.flags.DEFINE_integer("checkpoint_every", 1000, "")
tf.flags.DEFINE_integer("num_epochs", 3, "")
FLAGS = tf.flags.FLAGS

if __name__ == '__main__':
    vectors, sents, anchor = load_data("./preprocessing/windows_bn.bin", "./preprocessing/labels_bn.bin")
    #print(vectors.shape)
    _, sents_test1, anchor_test1 = load_data("./preprocessing/windows1.bin", "./preprocessing/labels1.bin")
    '''
    _, sent_test2, anchor_test2 = load_data("windows3.bin", "labels3.bin")
    _, sent_test3, anchor_test3 = load_data("windows4.bin", "labels4.bin")
    '''
    # sents shape: (53891, 31)
    # anchor shape: (53891,)
    # vectors shape: (14037, 300)
    # print(sents[0])
    # for i in range(20, 30):
    #     print(sents[i][:])
    # print(anchor[0:100])
    sents = np.array(sents)
    anchor = np.array(anchor)
    # print(np.shape(anchor))
    # print(anchor[10:200])
    vocab_length = len(vectors)
    np.random.seed(10)
    # shuffle the order of indices randomly
    shuffle_indices = np.random.permutation(np.arange(len(sents)))
    sent_shuffled = sents[shuffle_indices]
    anchor_shuffled = anchor[shuffle_indices]
    # print(anchor_shuffled[10:200])

    # split the dataset into train, development and test
    dev_sample_index = int(FLAGS.split * float(len(sents)))
    test_sample_index = dev_sample_index + int(FLAGS.dev_size * float(len(sents)))
    sent_train, sent_dev, sent_test = sent_shuffled[:dev_sample_index],\
        sent_shuffled[dev_sample_index: test_sample_index],\
        sent_shuffled[test_sample_index:]
    anchor_train, anchor_dev, anchor_test = anchor_shuffled[:dev_sample_index],\
        anchor_shuffled[dev_sample_index: test_sample_index],\
        anchor_shuffled[test_sample_index:]
    # sent_dev, anchor_dev = data_evaluate(sent_dev, anchor_dev)
    # sent_test, anchor_test = data_evaluate(sent_test, anchor_test)

    anchor_train_std = np.zeros((len(anchor_train), 34))
    anchor_train_std[range(len(anchor_train)), anchor_train] = 1 
    # print(anchor_train_std[0:20])
    # print(anchor_train[:20])
    anchor_dev_std = np.zeros((len(anchor_dev), 34))
    anchor_dev_std[range(len(anchor_dev)), anchor_dev] = 1
    anchor_test_std = np.zeros((len(anchor_test), 34))
    anchor_test_std[range(len(anchor_test)), anchor_test] = 1
    anchor_test1_std = np.zeros((len(anchor_test1), 34))
    anchor_test1_std[range(len(anchor_test1)), anchor_test1] = 1
    '''
    anchor_test2_std = np.zeros((len(anchor_test2), 34))
    anchor_test2_std[range(len(anchor_test2)), anchor_test2] = 1
    anchor_test3_std = np.zeros((len(anchor_test3), 34))
    anchor_test3_std[range(len(anchor_test3)), anchor_test3] = 1
    '''
    print("demension: %d, train_size: %d, test_size: %d"
          %( 300, sent_train.shape[0], sent_dev.shape[0]))

    with tf.Graph().as_default():
        session_conf = tf.ConfigProto(allow_soft_placement=FLAGS.allow_soft_placement,
                                      log_device_placement=FLAGS.log_device_placement)
        sess = tf.Session(config=session_conf)
        # with sess.as_default(): 
        cf = config()
        cnn = ed_model(cf, vocab_length, vectors )
        # count training steps
        global_step = tf.Variable(0, name="global_step", trainable=False)
        # set optimizer and get optimizing operation
        optimizer = tf.train.AdamOptimizer(1e-3)
        grads_and_vars = optimizer.compute_gradients(cnn.loss)
        train_op = optimizer.apply_gradients(grads_and_vars, global_step=global_step)

        # store gradients and variables
        grad_summaries = []
        for g, v in grads_and_vars:
            if g is not None:
                grad_hist_summary = tf.summary.histogram("{}/grad/hist".format(v.name), g)
                sparsity_summary = tf.summary.scalar("{}/grad/sparsity".format(v.name), tf.nn.zero_fraction(g))
                grad_summaries.append(grad_hist_summary)
                grad_summaries.append(sparsity_summary)
        grad_summaries_merged = tf.summary.merge(grad_summaries)
        def train_step(x_batch, y_batch, size_batch):
            """
            A single training step
            """
            global e
            feed_dict = {
                cnn.input_x: x_batch,
                cnn.input_y: y_batch,
                cnn.dropout_keep_prob: 1,
                cnn.size_batch : size_batch
            }
            _, step, summaries, loss= sess.run(
                [train_op, global_step, train_summary_op, cnn.loss],
                feed_dict)
            time_str = datetime.datetime.now().isoformat()
            print("training:{}, epoch {}, step {}, loss {:g}".format(time_str, e, step, loss))
            train_summary_writer.add_summary(summaries, step)

        final = []
        def dev_step(x_batch, y_batch):
            """
            A single training step
            """
            global e
            feed_dict = {
                cnn.input_x: x_batch,
                cnn.input_y: y_batch,
                cnn.dropout_keep_prob: 1,
                cnn.size_batch : len(x_batch)
            }
            _, step, summaries, loss = sess.run(
                [train_op, global_step, train_summary_op, cnn.loss],
                feed_dict)
            time_str = datetime.datetime.now().isoformat()
            print("devolped:{}, epoch {}, step {}, loss {:g}".format(time_str,e, step, loss))
            train_summary_writer.add_summary(summaries, step)
        
        def test_step(x, y_batch, y, writer=None):
            """
            Evaluates model on a dev set
            """
            global final
            feed_dict = {
                cnn.input_x: x,
                cnn.input_y : y,
                cnn.dropout_keep_prob: 1,
                cnn.size_batch : len(x)
            }
            step, summaries, y_pred = sess.run(
                [global_step, dev_summary_op, cnn.predictions],
                feed_dict)
            # print(sess.run(tf.shape(x)))
            # print(sess.run(tf.shape(y_score)))
            # print(sess.run(tf.shape(y_pred)))
            time_str = datetime.datetime.now().isoformat()
            precision, recall, f1_score, status = precision_recall_fscore_support(y_batch, np.array(y_pred), labels=range(1,34), pos_label=None, average='micro')
            print("{}: step {}:".format(time_str, step))
            print(precision, recall, f1_score)
            if writer:
                writer.add_summary(summaries, step)
            final.append((precision, recall, f1_score))
            if f1_score >= 0.63:
                return True
            else: return False

        # Initialize all variables
        sess.run(tf.global_variables_initializer())

        # train model
        stop = False
        for e in np.arange(FLAGS.num_epochs):
            if stop == True:
                break
            # Generate batches. x_batch shape: (n, 31)
            for step, (x_batch, y_batch) in enumerate(data_iterator(
                        sent_train, anchor_train_std, cf.batch_size)):
                # Training loop
                size_batch = len(x_batch)
                train_step(x_batch, y_batch, size_batch)
                current_step = tf.train.global_step(sess, global_step)
                if current_step % FLAGS.evaluate_every == 0:
                    print("\nDevolope:")
                    for step, (x_d, y_d) in enumerate(data_iterator(
                            sent_dev, anchor_dev_std, cf.batch_size)):
                        dev_step(x_d, y_d)
                    print("")
                    print("Evaluate:")
                    stop = test_step(sent_test, anchor_test, anchor_test_std)
                    if stop == True:
                        break
                    print("")
                if current_step % FLAGS.checkpoint_every == 0:
                    path = saver.save(sess, checkpoint_prefix, global_step=current_step)
                    print("Saved model checkpoint to {}\n".format(path))
        pickle.dump(final, open("final.bin", "wb"))
        print("Testing: ")
        test_step(sent_test, anchor_test, anchor_test_std)
        # print("Test case 1:")
        # test_step(sents_test1, anchor_test1, anchor_test1_std)
        # print("Test case 2:")

        print("")
        path = saver.save(sess, final_prefix, global_step=current_step)
        print("Saved model checkpoint to {}\n".format(path))    

encode_window.py
import pickle
import numpy as np
import gensim, os
import tensorflow as tf

def create_document_iter(tokens):
    """
    transform the token list into token string, one article's tokens forms one string.
    """
    for doc in tokens:
        raw_doc = ""
        for word in doc:
            raw_doc += " " + word
        yield raw_doc.strip()

def encode_dictionary(input_iter, min_frequence=0, max_document_length=10000): 
    vocab_processor = tf.contrib.learn.preprocessing.VocabularyProcessor(
        max_document_length,
        min_frequence) # make vocabulary using tensorflow
    vocab_processor.fit(input_iter)
    return vocab_processor

def encode_window(tokens, anchors, vocab_processor):
    # enconde windows; labels: the anchor property of center word of window;
    # windows type: list, windows rank: 2, axis 0: central tokens' windows, axis 1: the tokens in the window
    # labels type: list, labels rank: 1, axis 0: each token's anchor type
    windows, window, labels = [], [], []
    unk = vocab_processor.vocabulary_._mapping["<UNK>"]
    j = 0
    for doc in tokens:
        for tok in np.arange(len(doc)):
            for i in np.arange(-15, 16): # window length is 31, index 0 is central word
                if i + tok < 0 or i + tok >= len(doc):
                    window.append(unk)
                else:
                    # add the token index into the window
                    window.append(vocab_processor.vocabulary_._mapping.get(doc[i + tok], unk))
            windows.append(window)
            labels.append(anchors[j][tok]) 
            #if anchors[j][tok] == 0: labels.append(0)
            #else: labels.append(1)
            window = []
        j += 1
    return windows, labels

def load_bin_vec(fname, vocab):
    """
    Load 300x1 word vecs from Google (Mikolov) word2vec. Return the list of word vector of corresponding tokens in the same indices.
    """
    word_vecs = np.zeros((len(vocab), 300))
    count = 0
    # vocab_bin = gensim.models.KeyedVectors.load_word2vec_format(
    #     os.path.join(os.path.dirname(__file__), fname), binary=True)
    vocab_bin = gensim.models.KeyedVectors.load_word2vec_format(fname, binary=True)
    for word in vocab:
        if word in vocab_bin:
            count += 1
            word_vecs[vocab.index(word)]=(vocab_bin[word])
        else:
            word_vecs[vocab.index(word)] = (np.random.uniform(-0.25, 0.25, 300))
        print("found %d" %count)
    return word_vecs

def add_unknown_words(word_vecs, vocab, min_df=1, k=300):
    """
    For words that occur in at least min_df documents, create a separate word vector.
    0.25 is chosen so the unknown vectors have (approximately) same variance as pre-trained ones
    """
    for word in vocab:
        if word not in word_vecs and vocab[word] >= min_df:
            word_vecs[word] = np.random.uniform(-0.25,0.25,k)

if __name__ == "__main__":
    # w = pickle.load(open("./preprocessing/vector_bn+nw+wl.bin", "rb"))
    # print(np.shape(w))
    # w = pickle.load(open("./preprocessing/windows_all.bin", "rb"))
    # l = pickle.load(open("./preprocessing/labels_all.bin", "rb"))
    tokens1 = pickle.load(open("./preprocessing/tokens_bc.bin", "rb"))
    tokens2 = pickle.load(open("./preprocessing/tokens_bn.bin", "rb"))
    tokens3 = pickle.load(open("./preprocessing/tokens_cts.bin", "rb"))
    tokens4 = pickle.load(open("./preprocessing/tokens_nw.bin", "rb"))
    tokens5 = pickle.load(open("./preprocessing/tokens_wl.bin", "rb"))
    anchors1 = pickle.load(open("./preprocessing/anchors_bc.bin", "rb"))
    anchors2 = pickle.load(open("./preprocessing/anchors_bn.bin", "rb"))
    anchors3 = pickle.load(open("./preprocessing/anchors_cts.bin", "rb"))
    anchors4 = pickle.load(open("./preprocessing/anchors_nw.bin", "rb"))
    anchors5 = pickle.load(open("./preprocessing/anchors_wl.bin", "rb"))

    tokens_all =  tokens2 
    anchors_all =  anchors2
    # print(np.shape(anchors1[0]))
    # print(anchors1)
    # print(tokens2[0])
    # print(anchors2[0])
    vocab = pickle.load(open("./preprocessing/vocabulary_bn.bin", "rb"))
    windows_all, labels_all = encode_window(tokens_all, anchors_all, vocab)
    pickle.dump(windows_all, open("./preprocessing/windows_bn.bin", "wb"))
    pickle.dump(labels_all, open("./preprocessing/labels_bn.bin", "wb"))

    input_iter = create_document_iter(tokens_all) # add along axis 0
    vocab = encode_dictionary(input_iter) # vocab is the dictionary which maps the numbers to tokens
    # vocat_list: mapping list between indices and tokens
    vocab_list = list(vocab.vocabulary_._mapping.keys())
    word_vecs = load_bin_vec("./preprocessing/GoogleNews-vectors-negative300.bin", vocab_list)
    print(np.shape(word_vecs))

    pickle.dump(vocab, open("./preprocessing/vocabulary_bn.bin", "wb"))
    pickle.dump(word_vecs, open("./preprocessing/vector_bn.bin", "wb"))
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image3.tiff
{receive_Nobel_Prize_award (event, Prize_Name: “Nobel"),
receive_Nobel_Prize_ recipients (event, Person: *Alan Heeger" |
“Alan J. Heeger" | “A. J. Heeger'| “Heeger),
receive_Nobel_Prize_time (event, Year: 2000°),
receive_Nobel_Prize_area (event, Area:"Chemistry”
“chemist’)}

“chemical” |




image4.tiff
rule_id: 1

rule_name: event_trigger_win

rule_body: {head(‘win”, v),
subject([person]),
object(relation_trigger_prize)}

rule_name: relation_trigger_prize
rule_body:{head(“prize”, n),
binary_relation([year], [prize_name]),
mod(relation_trigger_for)}

rule_name: relation_trigger._for
rule_body: {head(“for", prep),
pcom-n([area])}




image5.tiff
Class Event: visiting-a-place-or-people
slots:

visitor (list of person(s))
people-or-organisation-being-visited
(list of person(s) or organization)
has-duration (duration)

start-time (time-point)

end-time (time-point)

has-location (a place)

other agents-involved

(list of person(s))

main-agent (list of person(s))




image6.tiff
Sentence: In La Oroya, Junin department, i the central Peruvian mountain range,
public buildings were bombed and  car-bomb was detonated.

CONCEPT NODE

target-subject-passve-verb-bombed
bombed

(arget (*SUBIECT* 1))

(class PHYS-TARGET *SUBIECT*)
(iype bombing)

(passive)





image7.tiff
number of items correctly extracted
total number of items extracted by system

Precision =

number of items correctly extracted

Recall =
©C0 = Yotal number of items need to be extracted by system





image8.tiff
PxRx(1+ )

F —Measure = 5
P+Rxp




image9.tiff
<00C>
<DOCID> CNNHL_ENG_20030304_142751.10 </DOCID>

<DOCTYPE SOURCE: roadcast news"> NEWS STORY </DOCTYPE>
<DATETIME> 2003-03-04 14:40:44 </DATETIME>

<BODY>

<TEXT>

<TURN>

the search for a small plane that disappeared sunday in
massachusetts has a bittersweet ending. three young
boys,ages 2, 5 and 10 survived and are in critical
condition after spending in 18 hours in the cold. the
father, who was piloting the plane, also was rescued, but
died late yesterday at the hospital. the boys' mother and
two other brothers were killed. officials say the pilot
reported ice on the plane and planned to land in
massachusetts when the plane left radar. aviators described
the scene as they approached it from above.,

</TURN>





image10.tiff
1037

1038
1039
1040
1041

<event ID="CNNHL_ENG_20030304_142751.10-EV1" TYPE="Movement" SUBTYPE="Transport" MODALITY="Asserted"
POLARITY="Positive" GENERICITY="Generic" TENSE="Unspecified">
<event_argument REFID="CNNHL_ENG_20030304_142751.10-E27" ROL
<event_argument REFID="CNNHL_ENG_20030304_142751.10-E25" ROLE:
<event_mention ID="CNNHL_ENG_20030304_142751.10-EV1-1">
<extent>
<charseq START="1527" ENI
</extent>
<ldc_scope>
<charseq START="1527" END="1587">airlines are getting flyers to destinations ontime more
often</charseq>
</1dc_scope>
<anchor>
<charseq START="1540" ENi
</anchor>
<event_mention_argument REFID="CNNHL_ENG_20030304_142751.10-E27-33" ROLE="Artifact">
<extent>
<charseq START="1548" END="1553">flyers</charseq>
</extent>
</event_mention_argument>
<event_mention_argument REFID="CNNHL_ENG_20030304_142751.10-E25-32" ROLE="Agent">
<extent>
<charseq START="1527" ENI
</extent>
</event_mention_argument>
</event_mention>
</event>

rtifact"/>
gent"/>

="1553">airlines are getting flyers</charseq>

="1546">gett ing</charseq>

="1534">airlines</charseq>
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«def read_file(xml_path, text_path): -

«def read_document(doc, sub, event_start, event_end, event_ident, event_map, event)
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apf_tree = ET.parse(xml_path)
root = apf_tree.getroot ()
event_start = {}

event_end = {}

event_ident = [}

event_map = {}

event = dict()

# get event information from .apf.xml file
for events in root.iter("event"):
ev_type = events.attrib["TYPE"] +
# print (ev_type)
for mention in events.iter("event_mention"):
ev_id = mention.attrib["ID"
anchor = mention. find("anchor")
for charseq in anchor:
start = int(charseq.attrib["START"])
# +1 is because of half-opened string interval
end = int(charseq.attrib["END"]) + 1
text = re.sub(r"\n", r" ", charseq.text)
# basic imformation of event
event_tupple = (ev_type, start, end, text)
# judge if there is already event mention (correference)
if event_tupple in event_ident:
sys.stderr.write("dulicapte event {}\n".format(ev_id))
event_maplev_id] = event_ident [event_tupple]
continue
event_ident [event_tupple] = ev_id
eventlev_id] = [ev_id, ev_type, start, end, text]
event_start[start] = ev_id
event_end[end] = ev_id

" + events.attrib["SUBTYPE"]
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try:
doc = minidon. parse (text_path)

except:
print("Failed", text_path)
doc_root = doc.documentElenent

root_children = doc_root.childNodes
for root_child in root_children:
if root_child.nodeName == “#text":
€lif root_child.nodeName == "DOCID" or root_child.nodeName
€lif root_child.nodeName == "BODY":
body_children = root_child.childNodes
for body_child in body_childrey
if body_child.nodeNane
€lif body_child.nodeName == "HEADLINE"
€lif body_child.nodeName == "TEXT":
text_children = body_child.childNodes
for text_child in text_children:
if text_child.nodeName == "#text":
text += text_child.nodeValue.replace("\n",
€lif text_child.nodeName == "TURN":
turn_children = text_child.childNodes
for turn_child in turn_children:
if turn_child.nodeNane == "SPEAKER'
€lif turn_child.nodeName == "#text
elif text_child.nodeName == "POST":
post_children = text_child.childNodes
for post_child in post_children:
if post_child.nodeNane == "POSTER" or post_child.nodeNane
elif post_child.nodeName == "#text": -

“DOCTYPE" or root_child.nodeName

#text:

"POSTDATE":

tokens, anchors = read_document (text, sub, event_start, event_end, event_ident, event_map, event)
return [tokens], [anchors]
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def clean_str(string, TREC=False):
Tokenization/string cleaning for all datasets except for SST.
Every dataset is lower cased except for TREC
string = re.sub("[*A-Za-z0-9().,!?' -]&",
string = re.sub(" ", " <dot> ", string)
string = re.sub(" , " <dot> ", string)

, string)

string = re.sub(r"\ string)
string = re.sub(r string)
string = re.sub(r string)

string = re.sub(r"!", " <dot> ", string)

string = re.sub(r"\(", " <dot> ", string)

string = re.sub(r"\)", " <dot> ", string)

string = re.sub(r"\?", " <dot> ", string)

string = re.sub(r"\_", " <dot> ", string)

string = re.sub(r"\s{2,}", " ", string)

return string.strip() if TREC else string.strip().lower()
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23 def encode_window(tokens, anchors, vocab_processor):
# enconde windows; labels: the anchor property of center word of window;
# windows type: list, windows rank: 2, axis 0: central tokens' windows, axis 1: the tokens in the window
# labels type: list, labels rank: 1, axis 0: each token's anchor type
2 windows, window, labels = (1, (1, (]
unk = vocab_processor.vocabulary_._mapping["<UNK>"]
j=o
for doc in tokens:
for tok in np.arange(len(doc)
for i in np.arange(-15, 16): # window length is 31, index 0 is central word
if i+ tok < 0 or i + tok >= len(doc):

3 window. append (unk)

35 else:

36 # add the token index into the window

37 window. append (vocab_processor.vocabulary_._mapping.get(doc(i + tok], unk))
38 windows. append (window)

labels.append(anchors [j] [tok])
: labels.append(0)

10 #if anchors[j] [tok]
41 #else: labels.append(1)
42 window = []

43 j+=1

2 return windows, labels
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et ndd_smbedding (se1f, vacrars)x

# vectors shape: (14037, 300)
# construct the look-up table
initial = tf.constant(vectors, dtypestf.float32)
with tf.variable_scope( 'embedded_layer'):
W = tf.get_variable('word_vectors', initializes

W = tf.nn.embedding_lookup(WV, self.input_x) # input_x shape: (50, 31), so wv shape: (50, 31, 300),

input_x's shape
position_embedding = tf.get_variable("Pos_enb”,
shape=[self. config. sequence_length,
self. config.position_enbedded_size],
dtypestf.float32) # shape: (31, 50)
# split wv (50, 31, 300) to 31 (50, 1, 300) tensors,
& a6 & D) e @ ) D) 6 lmo b
= [tf.squeeze(x, [1]) for x in tf.split(ax
SRV Sl el el g

# concatenate the word vector features with position features
inputs = [
for v in range(len(w)):
position_features = tf.tile(position_enbeddingvl, [self.size batchl) # shape(2500, )
# transforn shape to (50, 50)
reshaped_pos_features = tf. reshape(position_features,
[self.size_batch, self.config.position_enbedded_sizel)
# concatenate (50, 300) with (59, 58) into (50, 350)
concat_features = tf.concat (axis=1, values=[wv[v], reshaped_pos_features])
inputs.append (concat_features)

# stack tensor (59, 350) in list into a higher rank tensor of shape (31, 50, 350)

# transpose tensor shape (31, 50, 350) to (50, 31, 350)

inputs = tf. transpose(tf.stack(inputs), pern=[1,0,2])

# temp = tf.expand_dins(inputs, [-11)

# print(tenp. shape)
# final shape (50, 31, 350, 1), because the requirements of tf.nn.conv2d, must convert the input to 40
return tf.expand_dims(inputs, [-11)

wy's shape is determined by
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# filter_size: 2/3/4
for filter_size in self.config.filter_sizes:
84 with tf.name_scope("Conv-naxpool-5s" % filter_size):
3 # Convolution Parameter
86 # [2/3/4, 300, 1, 150]
filter_shape = [filter_size, self.config.embedding_size, 1, self.config.feature_size]

3 # w's elements shape [2/3/4, 300, 1, 150]

90 W.append(tf.get_variable("W_%d" % filter_size,

1 shape=filter_shape, dtype=tf.float32))

3} # b_shape = [150]

)3 b.append(tf.get_variable("b_%d" % filter_size,

9% shape=[self.config. feature_sizel, dtype=tf.float32))

# Apply convolution , conv is the result tensor of convolution
# filter shape: [2/3/4, 300, 1, 150]

98 # conv shape: [50, 30/29/28, 1, 150]

99 conv = tf.nn.conv2d(

00 self.feature,

10: name="conv")

# self.con = conv

# Apply nonlinearity

h = tf.nn.relu(tf.nn.bias_add(conv, b[-1]), name="relu")

tf.add_to_collection("loss", tf.nn.12_loss(W[-1]) + tf.nn.12_loss(b[-1]))

# Max-pooling over the inputs
112 # ksize: [1, 30/29/28, 1, 11

# pooled: [50, 1, 1, 150]
114 pooled = tf.nn.max_poolf]
15 h,
6 ksize=[1, self.config.sequence_length - filter_size + 1, 1, 1],
11 strides=[1, 1, 1, 1,
8 padding='VALID'
name="pool"]

20 pooled_outputs.append(pooled)
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with tf.name_scope("dropout"): # shape (50, 450)
self.h_drop = tf.nn.dropout(self.h_pool_flat, self.dropout_keep_prob)
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with tf.name_scope("dropout"): # shape (50, 450)
self.h_drop = tf.nn.dropout(self.h_pool_flat, self.dropout_keep_prob)
with tf.name_scope("output"):
2 = tf.get_variable(
w2,
shape=[ nun_filters_total, self.config.triger_size]) # (450, 34)
b2 = tf.get_variable(name="b2", shape=[self.config.triger_size],
dtype=tf.float32) # (34)
tf.add_to_collection("loss", tf.nn.12_loss(W2) + tf.nn.12_loss(b2))
self.scores = tf.nn.xw_plus_b(self.h_drop, W2, b2, name="scores") # shape (50, 34)
self.predictions = tf.argmax(self.scores, 1, name="predictions") # shape (50)
# Calculate cross-entropy loss
with tf.name_scope("loss"
losses = tf.nn.softmax_cross_entropy_with_logits(logits=self.scores, labels=self.input_y)
self.loss = tf.reduce_mean(losses) + 12_reg_lambda * tf.add_n(tf.get_collection("loss")) / 2

# Accuracy
with tf.name_scope("accuracy"):
correct_predictions = tf.equal(self.predictions, tf.argnax(self.inputy, 1))
self.accuracy = tf.reduce_mean(tf.cast(correct_predictions, "float"), name="accuracy")
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# set optimizer and get optimizing operation

optimizer = tf.train.AdamOptimizer(le-3)

grads_and_vars = optimizer.compute_gradients(cnn.loss)

train_op = optimizer.apply_gradients(grads_and_vars, global_step=global_step)
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system P Value RValue FValue
with 0.5 dropout 0.6602 0.2742 0.3875
with 1 dropout (no dropout) 0.5227 0.2782 0.3632
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<D0C>
<DOCID> CNNHL_ENG_20030304_142751.10 </DOCID>

<DOCTYPE SOURCE="broadcast news"> NEWS STORY </DOCTYPE>
<DATETIME> 2003-03-04 14:40:44 </DATETIME>

<BODY>

<TEXT>

<TURN>

the search for a small plane that disappeared sunday in
massachusetts has a bittersweet ending. three young
boys,ages 2, 5 and 10 survived and are in critical
condition after spending in 18 hours in the cold. the
father, who was piloting the plane, also was rescued, but
died late yesterday at the hospital. the boys' mother and
two other brothers were killed. officials say the pilot
reported ice on the plane and planned to land in
massachusetts when the plane left radar. aviators described
the scene as they approached it from above.

</TURN>
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the search for a small plane that disappeared sunday in massachusetts has a bittersweet ending <dot> three young b
oys <dot> ages 2 <dot> 5 and 10 survived and are in critical {'Life.Injure'} condition after spending in 18 hours
in the cold <dot> the father <dot> who was piloting the plane <dot> also was rescued <dot> but died {'Life.Die'} 1
ate yesterday at the hospital <dot> the boys' mother and two other brothers were killed {'Life.Die'} <dot> officia
1s say the pilot reported ice on the plane and planned to land {'Movement.Transport'} in massachusetts when the pl
ane left radar <dot> aviators described the scene as they approached it from above <dot> the aircraft was —- the c
abin was intact completely <dot> the wings were off of it <dot> but it looked like a survivable crash <dot> initia
Uy the wreckage was spotted <dot> and there was no person spotted <dot> but when we moved in closer and started t
0 scan the area <dot> then i saw the 2-year-old waving from next to the airplane <dot> the family had been heading
{'Movenent.Transport'} to new hampshire from lakeland <dot> florida when their plane went down <dot> if you are o
O I TR A Gie: L7y A ML (Ol Jim U5 bkt JeD Hee ek cikh G Sy, <)
ot> valerie <dot> hi <dot> renay <dot> sharon <dot> the pace of job cuts is quickening <dot> the survey by challen
ger gray and christmas says layoffs rose about 5% in february <dot> that's the second straight monthly increase <d
ot> the ax fell heavily on government and non-profit workers as many state and local governments face severe budge
t crunches <dot> the u <dot> s <dot> economy has lost more than 2 million jobs in the past two years <dot> airline
s are getting {'Movement.Transport'} flyers to destinations ontime more often <dot> the top ten air carriers arriv
ed ontine more and cancelled fewer flights in january than the month before <dot> a government report says the imp
rovements are the result of changes in air traffic controls <dot> and a dropoff in passengers <dot> despite operat
ing under bankruptcy {'Business.Declare-Bankruptcy'} laws <dot> united posted the best on time performance <dot> u
nited also cancelled the fewest flights <dot> Still united lost $382 million in january <dot> and one other note o
f improvement <dot> airlines reported fewer complaints about lost <dot> damaged or delayed luggage <dot> turning t
o wall street <dot> disappointing auto sales are denting the shares of the big three <dot> of course there are ong
oing fears about terrorism {'Conflict.Attack'} and a war {'Conflict.Attack'} with iraq <dot> the dow has slipped 1
16 points <dot> the nasdaq is@ down three
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the search for a small plane that disappeared sunday in massachusetts has a bittersweet ending <dot> three young b
oys <dot> ages 2 <dot> 5 and 10 survived and are in critical condition after spending in 18 hours in the cold <dot
> the father <dot> who was piloting the plane <dot> also was rescued <dot> but died {'Life.Die'} late yesterday a
t the hospital <dot> the boys' mother and two other brothers were killed {'Life.Die'} <dot> officials say the pil
ot reported ice on the plane and planned to land in massachusetts when the plane left radar <dot> aviators describ
ed the scene as they approached it from above <dot> the aircraft was —- the cabin was intact completely <dot> the
wings were off of it <dot> but it looked Like a survivable crash <dot> initially the wreckage was spotted <dot> an
d there was no person spotted <dot> but when we moved in closer and started to scan the area <dot> then i saw the
2-year-old waving from next to the airplane <dot> the family had been heading to new hampshire from lakeland <dot>
florida when their plane went down <dot> if you are one of the many unemployed <dot> expect company <dot> valerie
morris joins us Live from new york with that story <dot> valerie <dot> hi <dot> renay <dot> sharon <dot> the pace
of job cuts is quickening <dot> the survey by challenger gray and christmas says layoffs rose about 5% in februar
y <dot> that's the second straight monthly increase <dot> the ax fell heavily on government and non-profit workers
as many state and local governments face severe budget crunches <dot> the u <dot> s <dot> economy has lost more t
han 2 million jobs in the past two years <dot> airlines are getting flyers to destinations ontime more often <dot>
the top ten air carriers arrived ontime more and cancelled fewer flights in january than the month before <dot> a
government report says the improvements are the result of changes in air traffic controls <dot> and a dropoff in
passengers <dot> despite operating under bankruptcy {'Business.Declare-Bankruptcy'} laws <dot> united posted the
best on time performance <dot> united also cancelled the fewest flights <dot> still united lost $382 million in ja
nuary <dot> and one other note of improvement <dot> airlines reported fewer complaints about lost <dot> damaged or
delayed luggage <dot> turning to wall street <dot> disappointing auto sales are denting the shares of the big thr
ee <dot> of course there are ongoing fears about terrorism {'Conflict.Attack'} and a war {'Conflict.Attack'} wit
h iraq <dot> the dow has slipped 116 points <dot> the nasdaq is@ down three
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(CNN) — The calm of Easter Sunday was shattered by gruesome bombings that killed at least
250 people in Sri Lankan churches and hotels

Though it's not clear who's behind the eight explosions that forced the country of 21 million
people to go on lockdown, they are "certainly acts of terror,"” said Manisha Gunasekera, high
commissioner of Sri Lanka to the UK.

An intelligence memo warning of a possible attack had circulated 10 days earlier, raising
questions about whether more preventative measures could have been taken.

"Serious action need to be taken as to why this warning was ignored," Sri Lanka's Minister of
Telecommunications, Harin Fernando, tweeted along with a photo of the memo. The document,
titled "Information of an alleged plan attack," is dated April 11 and signed by the Deputy
Inspector General of Police, Priyalal Dissanayake.
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the calm of easter sunday was shattered by gruesome bombings {'Conflict.Attack'} that killed {'Life.Die'} at lea
st 250 people in sri lankan churches and hotels <dot> though it's not clear who's behind the eight explosions that
forced the country of 21 million people to go on lockdown <dot> they are <dot> certainly acts of terror <dot> <do
t> said manisha gunasekera <dot> high commissioner of sri lanka to the uk <dot> an intelligence memo warning of a
possible attack {'Conflict.Attack'} had circulated 10 days earlier <dot> raising questions about whether more pre
ventative measures could have been taken <dot> <dot> serious action need to be taken as to why this warning was ig
nored <dot> <dot> sri lanka's minister of telecommunications <dot> harin fernando <dot> tweeted along with a photo
of the memo <dot> the document <dot> titled <dot> information of an alleged plan attack {'Conflict.Attack'} <dot
> <dot> is dated april 11 and signed by the deputy inspector general of police <dot> priyalal dissanayake <dot> th
e explosions blew out the tiled roofs of churches and hotel windows <dot> killing {'Life.Die'} worshippers and ho
tel guests in the process <dot> images and footage showed bloodied pews <dot> broken glass <dot> and plumes of smo
ke <dot> <dot> you can see pieces of flesh thrown all over the walls and on the sanctuary and even outside of the
church <dot> <dot> father edmond tillekeratne <dot> social communications director for the archdiocese of colombo
<dot> told cnn from st <dot> sebastian's church <dot> one of the explosion {'Conflict.Attack'} sites <dot> he est
inated that more than a thousand people had come to the church for easter sunday <dot> because it is a special day
<dot> <dot> many came from villages afar <dot> he said <dot>
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| Live Reporting Related Stories.

May statement: Politicians need to come together

Theresa May is speaking outside Downing Street.

‘She said a"significant numbor of coleagues did cast a vote against me?, but insisted
we noed to get on withthe job of delivering a Brexit tht delivers on the vote’

She said pol

cians on all sides neaded fo ether and act i the national

interest.

0y <sue

Lib Dems: The PM must change course.

Liberal Democrat leader Sir Vince Cable said:"Having seen the Conservative
backbenches wil not sup hange course.

her dea, the prime minister must
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The string fell olowing the news that UK Prime Minister Theresa May won the
confidence vot.

The pound is now down 0.44% against the dolr a $1.2602
Overall, tering s st ighr today - this aftemoon it rose 1.4% highor against the

dollar at $1.2660 amid speculatin that Mrs May was ey o have the backing of
enough Tory MPs o win.

4] <& snaro

2114
Bone: PM must ‘consider her position

Reacting o the vote resul, Brexiteer Peter Bone tod the BBC: "More than a third o
the pariamentary part dos not support hr, sl have to consider he positon.*

0y <om

212

Davidson backs May ahead of confidence vote
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