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A comparison of machine learning techniques for Persian
Extractive Speech to Speech Summarization without

Transcript

Hoda Sadat Jafari *& Mohammad Mehdi Homayounpour
Laboratory for Intelligent Multimedia Processing, Amirkabir University of Technology,
Tehran, Iran
Abstract

In this paper, extractive speech summarization using different machine learning algorithms was
investigated. The task of Speech summarization deals with extracting important and salient segments from
speech in order to access, search, extract and browse speech files easier and in a less costly manner. In this
paper, a new method for speech summarization without using automatic speech recognition system (ASR) is
proposed. ASR systems usually have high error rates especially in adverse acoustic environment and for low
resource languages. Our goal was to answer this question: is it possible to summarize a Persian speech
without ASR using less or no training data? We have proposed a method which discovers salient parts
directly from speech signal by using a semi-supervised algorithm. The proposed algorithm consists of three
main stages, features extraction, identifying key patterns and selecting important sentences.

First we have segmented speech voices manually into sentences to eliminate sentence segmentation errors.
Therefore, we could have better comparison between different summarization methods. Then we have
extracted some features from each sentence such as sentence duration, if the sentence is first or last sentence
in the speech and so on. Also, repetitive patterns between each two sentence of speech are discovered directly
from speech signal by using S-DTW algorithm. S-DTW algorithm can discover repetitive patterns between
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two speech signals by using MFCC features. By using these repetitive patterns between each pair of
sentences we can make a similarity matrix. Therefore, we could measure the similarity distance between
cach pair of sentences and eliminate redundant sentences from summary without the need to use an ASR
system

After finding the similarity between each two speech segments and extracting some features from each
segment, various machine learning algorithms including unsupervised (MMR, TextRank), supervised (SVM,
Naive Bayes) and semi-supervised algorithms (self-training, Co-training) are used in order to extract salient
parts. Experiences are done in read Persian news. The results show that using semi-supervised co-training
method and appropriate features, the performance of speech summarization system on read Persian news
corpus can improve about 3% compared to selecting the first sentences and by 5% compared to longest
sentences when ROUGE-3 is used as the evaluation measure.

Key words: Extractive speech summarization, speech signal, key patterns, S-DTW algorithm, machine

learning
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(Figure-1): co-training algorithm
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(Table-2): feature comparison for co-training algorithm
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(Figure-2): comparison of different methods based on ROUGE-
3 for different amount of training data using all features
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(Table-3): performance comparison of different methods using features 2, 5, 7, 9 with summarization rate of 30%
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(Figure-4): performance comparison of different methods using various summarization rates
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