Construction of a business atlas for the financial field
Abstract：Most of the traditional knowledge graph focuses on the properties and relationships of entities, but ignores the knowledge of the evolution law between events. In order to make up for this deficiency, the researchers put forward the concept of event graph.The nodes in the event graph are highly generalized events, and the edges are the evolutionary relationships between events, such as causality and succession relationships.The development of natural language processing technology has improved the accuracy of information extraction, and also makes it possible to automatically mine information knowledge and build information graph from the text.Starting from the financial field, this paper studies the key technology of automatic construction of event graph, including end-to-end event causality extraction, event representation learning with common sense information enhancement, and data-driven causality intensity calculation.
The acquisition of event knowledge is the basis of the construction of event graph. This paper explores the acquisition of causal relationship among events.In this paper, we model event causality extraction as a sequence annotation task, and propose a causal extraction method based on a pre-trained model to simultaneously identify causality and extract related events, in an end-to-end manner.In order to alleviate the problem of insufficient annotated data, this paper further proposes a semi-supervised learning method based on noise model, and uses a large number of unannotated data to improve the effect of causal extraction.
Events are the core element of event graph. In order to better model the event semantics, this paper proposes the learning method of common sense information enhancement, which integrates the common sense information of intention, emotion and entity relationship into the learned event representation, so as to better help the construction of event atlas and its application in other tasks.Experimental results on multiple tasks, such as event similarity, scripting event prediction, and stock market prediction, show that our method can more accurately model event semantics and improve the effect on downstream tasks.
To better model the strength of causal relationships between events, this paper explores statistics-based and pre-training model-based causal intensity calculation methods to automatically learn causal intensity information from a large number of causal event pairs.Experimental results on the COPA causal inference dataset show that pre-trained models can effectively learn causal knowledge from a large number of causal event pairs and accurately model the causal strength.
Finally, this paper designs and realizes the event graph construction system in the financial field based on the above research results, and constructs the event graph containing millions of events and causality on the large-scale financial corpus, which verifies the feasibility of the event graph construction method.
Keywords: eventic graph, causality extraction, event representation learning, causality strength.
1.Research overview introduction
1.1 Project source
The event logic law of event evolution is a very important and general knowledge, which plays an important role in tasks such as event prediction and reasoning.However, the existing knowledge bases such as knowledge maps and semantic networks tend to focus on entities, focusing on the relationship between their attributes and entities, while ignoring the logical knowledge of event evolution.In order to make up for the lack of logic related research, put forward the concept of logic graph, graph is a kind of knowledge base with logic as the core, form for directed graph, the nodes, directed edges represent the evolution relationship between events, used to describe and record human behavior and event objective evolution law.With the development of natural language processing and information extraction technologies, the methods of automatically mining knowledge and constructing knowledge graph from unstructured text have become more and more mature, and these methods can be applied to the automatic construction of logic graph.This study starts from the financial field and aims to explore the key technologies in the automatic construction of the event graph to improve the quality of the automatic event graph and provide a reference for the automatic construction of the open domain event atlas.
1.2 Research background and significance
With the rise of deep learning and other technologies, artificial intelligence has ushered in a new climax of development.An important problem in the development of artificial intelligence is for machines to master human knowledge. For example, human beings can easily master the common sense knowledge of "not hungry" after "eating". It is very difficult for machines to understand and master a large amount of such knowledge, which is also the only way for artificial intelligence from perception to cognition.
Among many types of human knowledge, logic logic is another very important and universal knowledge, and many AI applications rely on a deep understanding of logic knowledge.For example, in the dialogue system, only if the dialogue system can "not get hungry" and "buy tickets first" before "watching the movie", can it make more logical responses according to "different contexts".In the financial sector, events in the news are of great significance to the prediction of the rise and fall of the stock market. If "grain production reduction" leads to "rising agricultural prices", "inflation" and then "stock market decline", it is very valuable for event-driven stock market forecasts.
Events are one of the core concepts of human society, and people's social activities are often event-driven.The evolution law and pattern of events in time is a kind of very valuable knowledge, and it is of great significance to explore this knowledge of logic logic to understand the law of human behavior and social development and change.However, the current knowledge bases such as knowledge graph and semantic network all take entities as research objects and focus on the relationship between entity attributes and entities, but lack the mining of logical logic knowledge.In order to reveal the event evolution law and development mode, puts forward the concept of event graph, aims to build the evolution of event law and pattern into a directed graph form of matter knowledge base, the node represents events, directed edge represents the evolution relationship between events, used to describe and record human behavior and event objective evolution law.
With the development of natural language processing and information extraction technologies, automatically mining knowledge from unstructured text and building knowledge graph has become a new research topic.This technique makes the construction of knowledge graph no longer completely dependent on human experts, liberating the construction of knowledge graph from the heavy human labor.In the financial sector, there are a large number of high-quality, easy to obtain financial news, and financial results written by professionals, which can be expected to extract high-quality practical logic knowledge from these texts.This topic starts from the financial field, aims to explore the key technology of automatic graph construction, including events, the extraction of causal relationship, the modeling of causality strength, etc., to fully mining financial text logic knowledge, in order to build high quality financial graph, and provide reference for general domain graph construction.
2.Current situation and analysis of foreign research in this direction
2.1 Construction and application of practical knowledge base
Event knowledge is an important form of knowledge in the real world. In recent years, some scholars have carried out research on event knowledge, tried to build event knowledge base, and used event knowledge base to improve downstream tasks.These works mainly focus on the inheritance relationship and causal relationship between events, and focus on abstract and generalized event representation forms, and achieve remarkable results in causal reasoning, event prediction, stock market prediction and other tasks.
In 2016, Luo et al [1] drew causal event pairs from the text and constructed the word-level causal network CausalNet.The nodes in the network are words. If the two words appear in the same causal pair of the cause event and the result event, respectively, there is a directional edge between the two words in the network.This work proposes a data-driven causal intensity calculation method, calculated by the constructed causal network, and models the causal intensity from two aspects of "necessity" and "adequacy".This method had the best results on the COPA[2]causal inference data set (given an event, select the correct cause or outcome).
In 2017, Zhao et al[3] W proposed addressing downstream tasks using causality between abstract events.This work first extracts specific events that satisfy causality from news headlines, and uses VerbNet[4]and WordNet[5] to generalize verbs and nouns in event phrases to obtain abstract event representation, thus constructing an abstract event network, and proposes that the Dual-CET model learns event representation in the network, which has achieved good results in event prediction, event clustering and stock market prediction.
In 2017, Li et al[6] formally put forward the concept of event graph for the first time in their paper, defining the event logic knowledge base describing the evolution laws and patterns between events, in the form of directed ring graph, the nodes in the graph represent abstract events, defined as generalized and semantic complete predicate phrases or fragments; the directed edges in the graph indicate the relationship and causal relationship between events.This work explores the identification method of the direction of shun relationship and shun relationship between events, and proposes the framework of logic graph construction with shun relationship as the core.The method first extracts the events from the text, and then uses the classifier to determine whether there is a coincidence relationship between the events and the direction of the coincidence relationship.The author used the framework to construct a logical graph on the corpus of the Chinese travel field, including about 30,000 event nodes and 230,000 compatible relationships.
In 2018, Li et al[7] proposed constructing event atlas from the narrative event chain and applied to the scripted event prediction task.The script event prediction task is defined as given a series of context events, requiring the selection of subsequent most likely events from several candidates.This work automatically extracts the chain of events from the text and constructs the event graph, using the scalable graph neural network (SGNN) to learn the event representation on the event graph, the time achieved the best effect on the task.
Hu Huan [8] builds the causal graph for hot topics, uses event extraction technology, obtains the logical relationship between events, and realizes the topic query and intelligent quiz function. [9] proposes on the basis of BERT model and LSTM-CRF model, and builds the historical atlas based on this.
2.2Causal relationship extraction
Causal relationship between events is an important type of knowledge, and relative to general relationships, causality emphasizes the essential law of event evolution, thus avoiding the noise caused by accidental co-occurrence of events or apparent correlations.The work verifies the effectiveness of causal knowledge on tasks such as causal inference, event prediction, and stock market prediction.Get causality "gold standard" is a randomized control experiment, but this method is often too expensive or not feasible another method is extracted from the text, the text contains the real world law of causality and summary, especially in many professional text contains many analysis of events, so can be expected through information extraction technology automatically mining causality from the text.
After 2000, the causality extraction research gradually shifted to statistical and machine learning-based methods.Chang et al (2004)[10] used unsupervised methods to learn the probability of phrases indicating causality from text and the word pair appearing in causality as additional features to train a Bayesian classifier to determine whether causality holds.Blanco et al. (2008) [11] used the C4.5 decision tree in combination with the Bagging method [12] for causality identification.In 2007, SemEvalTask4 [13] proposed the common semantic relationship classification task, which contains causality, and Girju and others used the task to achieve the best results with SVM.Sil et al. (2010) [15] proposed the PREPOST system that uses RBF kernel-based SVM combined with PMI features to determine whether causality holds.Fu Jianfeng et al. (2011) [16] proposed using cascading conditional random fields to label multiple causal pairs on the event sequence simultaneously.Zhao et al. (2016) proposed the effect of a restricted hidden naive Bayesian model based on causal connective category information to improve the causal extraction task.Tharini et al. (2017) [18] applied the CNN to the causality extraction task.Kruengkrai et al. (2017) [19] further uses Multi-ColumnCNN and combines with external knowledge for causality extraction.This series of studies model causality extraction as a classification task, the input is already extracted events or entities and their context, judging whether they constitute causality, and do not focus on the cause, outcome events or the entities themselves.
With the development of natural language processing technology, some researchers began to try to solve the causality extraction problem by using the sequence annotation model. Dasgupta et al. (2018)[20] proposed to model causality extraction as a sequence annotation task, directly marking the cause references and result references in the text.This work uses the bidirectional LSTM [21] as a sequence annotation model, and incorporates additional linguistic features to enhance the effect on this task.Dunietz et al. (2018) [22] proposed the DeepCx model for shallow semantic analysis and tested it on a causality extraction task.Li et al. (2019)[23] proposed the use of a bidirectional LSTM-CRF model with a self-attention mechanism, combined with domain-shifted word vectors applied to the causal extraction task.The causal extraction method based on the sequence annotation model is an end-to-end method, which can directly obtain the causal events or entity pairs from the text, pointing out a new direction for the causality extraction research.
2.3Events represent learning
The causal relationship between the specific events can be mined from the text, but the specific events are often very sparse, and the two extracted causal pairs contain exactly the same events, making it difficult to connect the causal pairs into dense networks.On the other hand, the causal relationship between specific events is also difficult to use in prediction and inference, because the target events are likely not present in the causal network, which prevents prediction and inference.Therefore, we need to abstract and generalize the extracted specific events, rising from causality between specific events to causality between abstract events, so as to find a more general causal law.An effective way to abstract and generalize the events is to discover a collection of events with similar relationships, and then learn from these similar events
Remove the common component of the event.To overcome the sparsity of events, we need to embed events in low-dimensional vector spaces, thus proposing the task of event representation learning.
In 2015, Ding et al [25] proposed a tensor neural network (NTN) -based event representation model.The input of the model is an event triplet in the form of (subject, predicate, object). The model uses bilinear tensor operation to combine the word vectors of subject and predicate, predicate and object respectively, and then combines the two intermediate vectors with bilinear tensor operation.The authors used the model to learn event representations, combined with convolutional neural networks to extract features from event representations, and achieved good results on the stock market prediction task.
In 2016, Ding et al[26] proposed to integrate external knowledge into the learning of event representation.This work, based on the NTN model, introduces the entity knowledge from the knowledge graph, and integrates the event representation into the knowledge from the knowledge graph by mapping the entities in the knowledge graph into the same vector space, and achieves the best results at that time on the stock market prediction task.
In 2018, Weber et al [24]proposed modeling scene information into the event representation, embodied as predicting the surrounding events in the text as the training target of the model.This work still calculates event representation based on tensor combinations, but proposes two simpler models to reduce the number of parameters and achieves good results on scripting event prediction and two event similarity tasks.
3.Brief analysis of the domestic and foreign literature review
As an important type of knowledge in the real world, matter logic knowledge is attracting attention by more and more researchers.The research on event logic mainly focuses on the causal relationship and bearing relationship between events, and mainly focuses on abstract events rather than the causal relationship and bearing relationship between specific events, which points out the direction for the subsequent research.However, these studies each have their own limitations.
In terms of causality extraction method, rule-based causality extraction method still occupies a main position in use, but this series of methods rely on manually designed extraction rules, which requires large manpower, and is easy to overfit to field data, and cannot achieve a good balance between extraction quality and generalization ability.Causal extraction method based on machine learning modeling causal extraction as a classification task, namely first by other steps such as syntactic analysis, event extraction to identify the potential cause and result phrases, and then use the classifier to determine whether the causal phrases, this series of methods in practice as the pipeline mechanism, that cause, the extraction and causality judgment is separate, a disadvantage is vulnerable to be cascading errors.In addition, these methods themselves do not focus on the quality of the results.In recent years, with the development of natural language processing and artificial intelligence, based on sequence annotation end-to-end cause-effect extraction method is gradually proposed, the discovery of the causality and the cause, the results mentioned extraction, greatly beyond the rules based method and based on classification method, pointed out the new direction for causality extraction research.
Building an atlas based on the causal events extracted in the text needs to abstract and generalize the extracted events. A simple and feasible method is to represent the events as low-dimensional and dense vectors, so as to find the set of events similar to each other, thus introducing the event representation learning task.
Simple "additive" methods, such as word vector mean and additive combination of word vectors through simple neural network combination, are difficult to avoid the problem that "events with the same words are similar".Ding et al. (2015) and Weber et al. [24] (2018) make "multiplicative" combinations of event arguments, enabling the model to capture small differences in input features, but appropriate training objectives are needed to enable the model to correctly capture the discriminative differences.Ding et al. (2016)[26] proposed to integrate entity knowledge graph information into event representation learning, take the learning of entity relations as an auxiliary training goal, and pointed out a new direction for event representation learning.Common sense information at the human subjective level, such as intention, emotion, can also provide additional training goals for event representation learning to achieve better results.
4.Main research content
Event representation Learning to represent events as a form understandable to a computer is the basis for computer processing event-related tasks.To accurately understand the semantic information of an event, a computer needs to understand not only the literal meaning of the constituent elements of the event, but also the common sense information such as intention and emotion behind the event, as well as the relationship information behind the entity involved in the event, which is often difficult to obtain from the literal representation of the event.This paper proposes the event representation learning method with common sense information, using multi-task learning to integrate intention, emotion and entity knowledge into the event representation model, and tests on three event-related tasks: event similarity, scripting event prediction and stock market prediction.On the surface of experimental results, the proposed method can effectively incorporate common sense information into the event representation and achieve significant improvement on downstream tasks.
The graph is a directed loop graph whose weights on its edges can provide valuable information for downstream tasks.For causality between events, the weights on its edges can be viewed as modeling the causal strength.To better model causal intensity between events, this paper, PMI based causal intensity modeling methods as well as those based on pre-trained language models are explored and tested on the COPA causal inference dataset.Experimental results show that language models pretrained on a large amount of causal data can more accurately model the strength of causal relationships between events.
Based on the above research results, this paper designs and realizes a Chinese financial field logic atlas construction system.The system first uses the end-to-end event causality extraction method to extract causal events from the natural language text, and by calculating the similarity between events to generalize the extracted specific events in the form of causality, finally calculate the causal strength of the event as the weight of the causal edge, so as to get the graph.This paper further uses the system to build a graph containing tens of millions of events and causality on the Chinese large-scale financial field data, and builds a demonstration system to visualize the graph for users to browse and access.
This topic mainly research for the field of financial graph building key technology, explore how to accurately and efficiently from large-scale natural language text event evolution law knowledge, build knowledge base, specific research content including end-to-end event causality extraction, common sense information enhancement event learning, data-driven causality intensity modeling and financial graph construction system design and implementation.The first step in constructing the event graph is to obtain the knowledge of event evolution law. In order to mine this knowledge from natural language text, this paper uses the BERT model to extract end-to-end events and causal relationships between events in the form of sequence annotation.In order to alleviate the problem of insufficient annotated data on this task, this paper uses the self-training method, uses a small amount of annotated data and a large number of self-annotated data, and introduces a noise model to model the noise in the self-annotated data to alleviate the model learning error information on the self-annotated data.The method has improved in the task of causality in both Chinese and English.
5.Construction and design of financial affairs atlas
Based on key technologies such as event causality extraction, event representation learning and causality intensity calculation, the event graph construction process as shown in Figure 1 is designed, and realizes the event atlas construction system for the financial field. Each module in the system is described below:
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Figure 1 Process design of the logic atlas construction
（1）Data procurement 
Based on the Scrapy[27] toolkit, the crawler crawled the text of financial fields such as news and research reports from the financial sectors of Tencent, netease, Stock bar and Hexun, as the data source of the reason map.The data acquisition module is still in continuous operation, constantly obtaining new financial field text from the Internet to supplement the physical graph data.
（2）Data preprocessing 
Research first climb on the Internet, cleaning financial corpus to remove the marker language and links, after the normalization of the text in the corpus, including the decimal punctuation for Chinese, the continuous empty character merged into one, the full corner of the number and English characters for half Angle, etc.The study further uses LTP natural language processing toolkit to preprocess the corpus, using LTP [28]clauses: n tools to cut the original corpus into sentences, and its word segmentation, word annotation and dependent syntactic analysis.The results obtained by the preprocessing step are stored in the file contention together with the corpus, and the subsequent processing steps are used.
(3)Event causality extraction
We study the semi-supervised learning method based on the noise model, and apply the trained model to the construction of the event atlas.The good financial field text is preprocessed and then input event causality extraction model. The model generates the label sequence conforming to the BIO annotation specification for the input word sequence, and finally the label sequence decodes the resulting event phrase and the resulting event phrase.The study holds the extracted causes and outcome events in the event atlas together with the context text of the causal pair.
(4)Event similarity calculation
The study calculates semantic similarity for specific events extracted from financial corpora, providing a basis for subsequent event generalization steps.Studying the combination of Jkard similarity to event representation cosine similarity measures the similarity of event pairs.Jkard similarity treats two events as bags of words, and calculates the intersection size of two events divided by their union size as event similarity.Event representation cosine similarity first maps events into a vector representation using the model trained in Chapter 4, and then calculates the cosine similarity of the two event vectors.To study event similarity relationships above the threshold (0.4) are preserved in the form of undirected edges.
(5)Incident generalization
I generalize the extracted specific events based on the calculation results of the event similarity.First, the generalizability of an event is judged. If the number of similar events with an event similarity greater than 0.4 is less than 3, the event is considered to lack generality and not generalized.For specific events with more similar events, I extract the common components of these events as the generalized events.Specifically, the study screens out words that have appeared in more than five similar events, and determines whether the public word contains at least one verb or adjective, and, if so, as a generalized event.Here, we believe that some adjectives (such as "low" in "low house prices") reflect that things are in a certain state, so that adjectives can also indicate the occurrence of an event.First, the event is generalized. Then, if there is a causal edge between two specific events, a generalized causal edge is added to the events after the generalization, and then the causality is also generalized.
(6)The intensity of the causality was calculated
The study uses a data-driven causal intensity calculation method for causal event pairs after generalization.Using the statistics-based calculation method and the pre-trained model, we calculate the causal intensity based on the co-occurrence information, the model outputs the causal intensity scores of the two events.The calculated causal strength is recorded as the weights of the causal edge in the physical atlas.
(7)Visual system design
We set up a visual system for the constructed financial affairs atlas to display, as shown in Figure 2.
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Figure 2: A simple visualization system
Users can enter the text of interest and click the "Search" button to search for relevant events in the event atlas.The search function supports fuzzy matching, and the user input text is not necessarily the same as the event text in the map, and can also return the search results.Search results are presented in visual form in the atlas in the center of the page.Event nodes searched by the user in the center of the map, highlighted in red.The system will query multiple causal events for the event at the same time, displayed on the graph with blue nodes, and the central nodes with blue causal edges, and the edges point to the result node, showing the value of the causal strength of the two event nodes.. When the user crosses the causal edge with the mouse, the information bar on the right of the map will show the details of the causal event pair, including the complete cause, resulting event text and the event pair, the context in the corpus text, and the resulting event are highlighted in red and blue respectively.The user can also double-click on the blue causal event node in the map to further expand the map and display more events on the page. And the causality.There are multiple gray specific event nodes around each blue generalized event node in the map, and there are gray event
6.conclusion
The artificial understanding of the world cannot be separated from the knowledge of event evolution laws, highlighting the importance of event graph as a knowledge base of event logic.Starting from the financial field, this paper explores the key technology of automatically mining matter knowledge and constructing event graph from the text.Causation is an important event evolution relationship, and this paper first explores the event causality extraction method to automatically mine the causal relationships between events.The construction and application of event graph is inseparable from the understanding of events. In order to better model the semantics of events, this paper proposes the event representation learning method with common sense information, which contains vector representation with rich semantic information for event learning.To accurately model the strength of causality, this paper further proposes a data-driven approach to calculate the causal strength of event pairs.Finally, based on the above research results, this paper designs and realizes the affairs graph construction system for the financial field, and constructs the financial affairs map.This paper for the key technology research this subject, the end-to-end event causality extraction, common sense information enhancement event expressed learning, data-driven causality intensity calculation and the design and implementation of the system, the main work and contributions are as follows:
(1) In this paper, the event causality extraction is modeling as a sequence annotation task, using the sequence annotation model end-to-end to identify the causal relationship and related events, and specifically explore the supervised event causality extraction based on pre-training model and the semi-supervised event causality extraction based on noise model.This paper proposes a new method of semi-supervised causality extraction combining self-training, noise model and conditional random field, and verifies its effect in Chinese and English. The experimental results show that this method can effectively improve the effect of event causality extraction task.
(2) This paper proposes the event representation learning method for common sense information enhancement.Event representation learning to map event text into a low-dimensional dense vector, provides a basis for the analysis of events using a computer.Based on the tensor neural network, a multi-task learning framework integrating various common sense knowledge such as intention, emotion and entity relationship is proposed. The three additional training objectives are used to make the event representation model learn the common sense information such as intention, emotion and entity relationship contained behind the event.Experimental results on three tasks: event similarity, scripting event prediction, and stock market prediction show that this method can effectively integrate common sense information into the event representation and significantly improve the effect on downstream tasks related to events.
(3) This paper explores the data-driven causality intensity calculation method, modeling the causality strength of a score for the cause and result event pair calculation, and as the weight of the causality edge in the event graph.This paper presents a pre-trained model-based ability to pretrain the model to learn modeling causal strength on large-scale causal data in comparison with a statistical-based causal intensity approach.Experimental results on the COPA causal inference data set show that the pre-trained model-based method significantly exceeds the statistics-based methods.This paper further explores the effects of different model structures such as BERT, RoBERTa, and ALBERT on this method.
(4) Based on the above research results, this paper designs and realizes the logic graph construction system for the financial field.The system can automatically collect the financial field text from the Internet, extract the causal relationship between the events, generalize it into the event knowledge, and build the event graph.Based on this system, this paper constructs a financial affairs graph containing millions of levels of events and causality, and develops a visual system to display the graph content, in order to provide a reference for subsequent research.Although this paper has achieved good results in the key techniques of the construction of event causality extraction, causality intensity calculation and event representation learning, there are still many worthy problems in the construction of event atlas.For example, how to effectively extract other relationships between events, including the relationship between events and subordinates, and how to effectively generalize events, and obtain highly generalized event evolution laws from the specific event relationships extracted in the text.The above problems need to be explored and solved in the future research.

Timeschedule:
	Mission
	Start time
	Final time
	Duration

	Knowing some professional knowledge in the financial field.
	1/4/2022
	15/4/2022
	15

	Learning Scrapy by python for getting data
	16/4/2022
	1/5/2022
	16

	Learning a causal extraction method based on a pre-trained model to build the model.
	4/5/2022
	31/5/2022
	27

	Learning the learning method of common sense information enhancement.
	1/6/2022
	15/6/2022
	15

	Learning statistics-based and pre-training model-based causal intensity calculation methods.
	16/6/2022
	1/7/2022
	16

	Trying to build the EEG in the financial field
	2/7/2022
	12/7/2022
	10

	Building the visualization system.
	13/7/2022
	1/8/2022
	19
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