Approaches to Event-Focused Summarization Based on Named Entities and Query Words
Jiayin Ge     Xuanjing Huang     Lide Wu

Fudan University, Shanghai, China

1. Introduction

This year we developed a system to accomplish the second task: short summaries focused by events. Our system was based on sentence extraction. We assumed that a sentence should satisfy the following constraints when it was extracted:
(1) It contained enough information; 

(2) It was relevant to the event described in the TDT topic;

(3) It could add new information to the summary.
Named entities (NEs) and query words (QWs) were extracted from the TDT topic and the related documents. Three algorithms were designed to use these NEs and QWs in different ways to decide to what extent a sentence satisfied the above constraints. We compared their summaries and submitted the best one. The feedback from the DUC assessors showed us that NEs and QWs were useful indeed.
In this paper, we first describe the extraction of QWs and NEs in Section 2 and then present and compare the algorithms in Section 3. Section 4 reports and discusses the evaluation results by DUC assessors and Section 5 gives the conclusions.
2. Extraction of NEs and QWs
All content words in the title and “Seminal Event” of a TDT topic were extracted as the query words for the topic. The QWs could be used to determine whether a sentence was relevant to the topic or not. Although various techniques of named entity extraction had been developed[1][2], we just adopted a simple method due to its simplicity in realization and fair performance: proper noun phrases in the title and “Seminal Event” of a TDT topic were extracted as named entities.
The NEs extracted from the TDT topics were usually names of persons, organizations, countries or regions related to the topics. Therefore, a sentence’s coverage of NEs was very useful to decide whether the sentence satisfied the above constraints. Generally, the more NEs a sentence covered, the more information it contained and the more relevant it was to the topic. Furthermore, if a sentence contained new NEs which didn’t appear in any previously extracted sentence, extracting this sentence into the summary would probably add new information.

Only a few NEs could be extracted from the topic and most NEs in the documents were also useful. Therefore, we also extracted NEs from the sentences that we considered to be relevant to the topic. For the convenience of further description, the NEs extracted from the documents are called doc named entities (DNEs) in the rest of this paper while the NEs from the TDT topic are called topic named entities (TNEs). A sentence was considered relevant to the topic as long as it contained at least 1 QWs. Therefore we could obtain more DNEs. But it was possible that some of the sentences satisfying the above requirement were not relevant to the topic actually. NEs from such sentences were also possibly irrelevant. To solve this problem, we counted the frequencies of all DNEs’ appearance in the related documents. Next we will describe how to utilize the frequencies to reduce the side effect of the irrelevant DNEs.
3. Three Algorithms
We designed three algorithms altogether, each of which made different use of NEs and QWs to extract sentences. This section will describe these three algorithms and give our comparison. For the convenience of description, we give some definitions at first.
For each document cluster and the associated topic, we define the following sets:
QWSet consists of all QWs obtained from the topic; 
TNESet consists of all TNEs extracted from the topic;
DNESet consists of all DNEs extracted from the sentences that we considered relevant to the topic;
SenSet consists of all the sentences that are not extracted;
ExtSet consists of all sentences extracted as summary, and it is empty at the first.
In the algorithms, TNESet, DNESet, SenSet and ExtSet would be changed whenever a sentence was extracted into the summary.
For each sentence s in the related documents, we define two sets: WSet(s) consists of all content words in s and NESet(s) consists of all NEs in s.
3.1 A Simple Algorithm Based on QWs and NEs

A sentence should satisfy the above three constraints better than any other sentence when it was extracted. We scored each sentence s in SenSet by the following formula:
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In (3.1), NE.freq is the frequency of NE’s appearance in the documents. There are two parameters: 
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. In our experiment, 
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The number of QWs in a sentence probably reflected the sentence’s relevance to the topic and the number of TNEs in a sentence reflected both the sentence’s relevance to the topic and the information it contained. DNEs with high frequencies were probably relevant to the topic and therefore sentences containing several such DNEs were probably relevant and informative. A sentence relevant to the topic and containing much information could get high score according to equation (3.1). The sentence s1 with the highest score was extracted:
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Just as s1, the next sentence to be extracted should be informative and relevant to the topic. We also hoped that extracting it would add new information to the summary. A sentence probably had something new if it contained some TNEs or DNEs that were not contained in the sentences already extracted. So we removed all the NEs contained in s1 from TNESet and DNESet:
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After that, sentences relevant to the topic and containing new information would probably get high score. We selected the sentence s2 with the highest score from SenSet and extracted it into the summary. Then the sets were updated accordingly. 
We repeated extracting sentences and updating the sets until the summary reached the size required.

3.2 An Algorithm Expanding NE-Coverage Steadily Based on QWs
One important principle of the above simple algorithm was to expand the coverage of NEs whenever extracting a new sentence. The final summary would probably contain many NEs and therefore contain much information content. But one probable disadvantage of this algorithm is that it expanded the NE-coverage too obtrusively. From observation, we found that there remained few TNEs in TNESet and only less important DNEs in DNESet after two or three sentences were extracted. We designed another robust algorithm to expand NE-coverage. One principle of this algorithm was that a sentence to be extracted should contain at least two TNEs which didn’t appear in any previously extracted sentence. This was a prerequisite and it could be relaxed when no sentence satisfied it. The rest of this subsection would illustrate this algorithm in detail.
In the previous subsection we have concluded that a sentence relevant to the topic and containing much information could get high score according to equation (3.1). We defined a set named as CandiSenSet which consisted of the sentences with the highest scores. Any sentence in the final summary should be selected from CandiSenSet and the size of CandiSenSet was decided by the required size of the summary. 
We still selected the sentence s1 with the highest score as the first sentence. After that, we removed the NEs contained in s1 from TNESet and DNESet. If there remained few NEs in TNESet, we selected the NEs with the largest frequencies from DNESet and added them to TNESet. 
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There should be at least StdSetSize NEs in TNESet before the next sentence was extracted. StdSetSize is a parameter and was set to 6 when we applied this equation. 
CandiSenSet was updated accordingly:
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The next sentence to be extracted should contain at least MinTNECount TNEs. MinTNECount was decided as follow:
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After that, we scored each sentence in CandiSenSet in a new way:
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Then we extracted the second sentence that scored the highest in CandiSenSet. The sets were updated accordingly. More sentences were extracted into the summary in the same way until the size limit of the summary was reached. 
In (3.3), we required that any sentence to be scored positively should contain at least MinTNECount TNEs. Once a sentence satisfied this prerequisite, its score was dependent only on the number of QWs in it. Only the sentences in CandiSenset were scored and extracted. Therefore we made sure that all sentences in the final summary were relevant to the topic and informative. In this algorithm, we only considered the NEs in TNESet and selected NEs with the largest frequencies from DNESet and added them to TNESet when there remained less than StdSetSize NEs in TNESet. In this way, we added new TNEs or related DNEs to the summary and therefore probably added new information whenever we extracted a sentence. The irrelevant DNEs had little chance to influence the extraction of sentences.
3.3 BPNN Algorithm 
We trained a backpropagation neural net (BPNN)[3] on document clusters and the general extracts manually made. For each sentence in a document cluster, we extracted several features. Some of these features were selected as input into the BPNN and the BPNN was trained to output a score which represented the extent to which this sentence satisfied constraint (1) in Section 1.
We also defined a set named NewCandiSenSet from which sentences in the final summary should be extracted. This set consisted of sentences with the largest output by the BPNN. This was one important difference between this algorithm and the previous one. Another difference was that the first sentence extracted into the summary was the one with the largest output by the BPNN. Other sentences in the final summary were extracted in the same way.
3.4 Comparison 

For each document cluster and the associated TDT topic, we generated three different summaries with the above three algorithms. Two assessors evaluated them before submission. For each document cluster, they first read the associated TDT topic, and then examined three summaries thoroughly and scored them according to the following two factors: (1) how much information content did the summary contain? (2) To what extent was the information contained in the summary relevant to the topic? After that we calculated the average score for each algorithm and each assessor.
We compared the average scores and found that: (1) the algorithms introduced in 3.2 and 3.3 performed better than the simple one; (2) the algorithm expanding NE-coverage steadily based on QWs performed a little better than the BPNN algorithm. The former result confirmed us that it is better to expand NE-coverage steadily than obtrusively. But the latter surprised us because we spent much time in training the BPNN and the BPNN performed well in close test. Actually, the original purpose to introduce the algorithms in 3.1 and 3.2 was to take them as baselines to show how well the BPNN algorithm performs. One reasonable explanation may be that the BPNN was trained on the general extracts while we used it to generate summaries focused by events.
Our evaluation was very informal and we were not very sure about the result of the comparison between the algorithms in 3.2 and 3.3. But only 1 run was permitted for submission and therefore we submitted the summaries by the algorithm introduced in 3.2.
4. Evaluation

16 groups submitted summaries for the second task. DUC 2003 also generated 2 simple automatic baselines. 4 manual summaries were created for each document set and only one of them was used as model. For each document cluster, DUC assessors evaluated the peers with several measures. The peers included all submitted summaries, simple automatic baselines, and manual summaries not used as models. For each peer the average of the evaluation results of each measure was calculated. All the peers are ranked in the following figures by the measures. In the following figures, all the peers are identified by the system num. The system num of our system is 12 and system 2 and 3 are the baselines. Different assessors made manual summaries for different document sets but we took them as one “system” which is identified as H in the following figures.
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Figure 4.1 Count of quality questions with non-0 answers
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Figure 4.2 Mean of the quality question scores
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Figure 4.3 Mean coverage
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Figure 4.4 Median coverage
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Figure 4.5 Mean length-adjusted coverage
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Figure 4.6 Median length-adjusted coverage
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Figure 4.7 Fraction of unmarked peer units at least related to the model’s subject

From these figures, it can be seen that our system performs well on quality among all the systems but baseline 2 performs better than ours. Our system is ranked 7 among all the systems for mean coverage and 5 for median coverage. Because the summaries by our system are longer than 100 words, our system dropped a little in the ranks when length is considered. 
5. Conclusions
In this paper we assumed that a sentence should satisfy some constraints when it was extracted into the summaries, and that named entities and query words were helpful to decide whether a sentence satisfied such constraints. Named entities were especially useful because a sentence containing more NEs probably contained more information and a sentence containing NEs not appearing in any previously extracted sentence would probably add something new to the summary. We introduced three algorithms to make use of NEs and QWs in different ways. By comparison, we found that it is better to expand NE-coverage steadily than obtrusively. Although we had taken much time to train a BPNN, the algorithm expanding NE-coverage steadily based on QWs performed better than the BPNN algorithm. One possible reason may due to the fact that the BPNN was trained on general extracts while we used it to generate summaries focused by events. We submitted the summaries by the algorithm that performed best. The evaluation results confirmed us that NEs and QWs can help us to decide whether a sentence satisfies the constraints and therefore helped us to extract summaries; the fact that the algorithm was simple leaves much room for us to take more experiments and design new algorithms in the future. For instance, more accurate work such as named entity recognition may be required. Technologies of named entity recognition[4] have been developed and used for various application.
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