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Abstract 
The amount of spoken documents being shared on the web per minute is increasing dramatically 

posing a true challenge for any search engine in order to satisfy its customers’ queries. With the 

ingoing improvement in the speech recognizers accuracy, this research addresses the problem of 

ranking transcriptions that can be obtained by speech recognizers to enhance search engine ranking 

results. Depending on the title of the video and some of its meta-data only is not sufficient for some 

queries that have the information need to get relevant spoken segments within audio files. Feature 

extraction based on both the meta-data of the spoken documents and the timed spoken content 

transcription for an Arabic audio dataset for Quran is proposed. The results revealed that applying 

learning to rank techniques are superior to the baseline unsupervised BM25 scoring. In addition, using 

transcription-based features proved its effectiveness in terms of both the Normalized Discounted 

Cumulative Gain (NDCG@10) and Expected Reciprocal Rank (ERR@10).  
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1. Introduction 

The volume of multimedia on the web is increasing dramatically; hundreds of hours of 

speech content are being shared on the web every minute in the form of video or audio on 

video sharing websites. Valuable information in this content cannot be effectively browsed 

and searched without effective retrieval and ranking. Spoken Content Retrieval (SCR) can be 

defined as the task of returning speech media results that are relevant to the query 

information need (Larson & Jones 2011). A general architecture for SCR system can be 

viewed as shown in Figure 1. The automatic speech recognition (ASR) component is used to 

convert speech in the audio collection of spoken documents into a lattice representation or 

best transcription together with timing information. The indexing module is then used to 

index the lattice representation or best transcription together with the metadata extracted for 

the spoken documents to produce a timed index. The user query terms are then analyzed 

using the same analyzer used by the indexer, this is represented as a dotted line in Figure 1. 

The index is then searched and matching audio segments are retrieved and ranked. The 

retrieved results are ranked mainly based upon the title of the video and its meta-data like 

description, tags, views, ratings, playlist, shares, comments, age of video, channel views and 

subscribers inbound links (e.g. links from outside of YouTube pointing to your videos). This 

way of ranking may result in inaccurate sorted retrieved results because the title of the video 

and its metadata can be faked by dishonest search engine optimization (SEO) fellows. They 

rely on keywords known for their high hit rate while the actual content of the video may be 

irrelevant causing spam documents to be ranked among legitimate ones. The ranking of the 

retrieved results can be based on one of the information retrieval (IR) models including: 

boolean model (BM), vector space model (VSM), probabilistic model (PM) or language 

modeling (LM). 
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Figure 1.  Spoken content retrieval architecture 

 

Learning to rank (L2R) is a research field that started in the last decade aiming to 

automatically create a ranking model through applying machine learning techniques to 

features extracted from queries and documents. A ranking model is learned based on training 

data and then applied to the unseen test data. According to the survey (Liu 2011), the 

learning-to-rank techniques are classified as either pointwise, pairwise or listwise. 

It is noted that learning to rank techniques have been successfully adopted in other tasks 

different from conventional text IR. Some examples include ranking tweets, searching 

entities in (Chen et al., 2016) and searching images in (Zhao & Zhang, 2015). To our 

knowledge, the only other work that applied learning to rank techniques in SCR is (Ma, 

2015). They proposed using them in keyword search (KWS) for learning from features like 

word/morpheme burstiness, rescored confusion network posteriors, acoustic/prosodic 

qualities and phoneme recognition results. 

This paper proposes to use learning to rank techniques to solve the problem of ranking in 

SCR based on features extracted from both the Arabic spoken content timed transcriptions as 

well as meta-data as to get the illegitimate matches down in the retrieved result set. 

 

2.   Research Method:  L2R framework for SCR, dataset and results 

In most learning to rank systems for text documents ranking, the features are the scores of 

common unsupervised ranking algorithms applied to different document representations. The 

different ranking algorithms and representations provide different views of the relevance of 

the document to the query. The multiple perspectives represented by these features are the 

backbone of any L2R system. The same approach can be applied to audio transcriptions 

search by extracting features for query-transcriptions pairs. With features extracted for 

spoken documents, all learning to rank techniques developed for ranking text documents can 

be used. 

 

L2R framework in SCR can be represented as in Figure 2. The query set Q; is the set of 

queries used for training and testing Q ={q1, q1 ,...,qm}. The set of all audio transcriptions is     

D  ={D1, D2 ,.. , Di, ..,Dm} , Di  ={di,1, di,2 ,.. di,ni} is the set of transcription documents of size 

ni retrieved for query qi  and  Ri  ={ri,1, ri,2 ,.. ri,ni} is the set of labels associated with the query-

transcription pairs (qi , di,j) where labels represent relevance grades. A feature vector Fi,j  

={f1
i,j, f

2
i,j,,.. f

x
i,j,} of x features is extracted for each query-transcription document pair (qi , di,j)  

with some features being query-dependent that they depend on the similarity and matching of 
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a document to the terms of the query. Other features are query-independent and can be 

extracted for each document ahead of query-time. A training set  QDt ={q1:(D1:F1,j,R1), 

q2:(D2:F2,j,R2) ,...,qt:(Dt:Ft,j,Rt)} is formed from a subset of Q; Qt ={q1, q1 ,...,qt} and their 

corresponding documents features vectors and relevance labels. And a testing set QDT 

={q1:(D1:F1,j,R1), q2:(D2:F2,j,R2) ,...,qT:(DT:FT,j,RT)} is formed from a subset of the queries set 

QT ={q1, q2 ,...,qT} and their corresponding documents features vectors and relevance labels. 

 

Figure 2.  Learning to rank framework for spoken content retrieval 

As shown in Figure 2, the feature extractor uses the query set Q to extract features from the 

transcriptions corpus D. The output of the feature extractor is the query-transcriptions pairs 

QD with the set of features F which is divided into QDt used for training and QDT used for 

testing. After labeling the query-documents pairs with their graded relevance labels R, the 

training set QDt  is fed to a learning to rank algorithm that produces a ranking model. This 

model is used by the ranker to get a ranked list for query-transcriptions pairs in the testing set. 

2.1 Feature Extraction 

One of the most important tasks of a learning to rank system is the selection of a feature set. 

For spoken documents, there are a set of meta-data fields used by video sharing websites like 

title, channel name, description, tags, uploaded time, views count, comments, likes and 

dislikes. We added features based on the timed transcription for spoken segments. A total of 

75 features were extracted, extracted features can be classified as either query-dependent or 

query-independent features. Table 1 lists the extracted features together with their 

descriptions. 

The query-independent features are based on the meta-data and measures of the importance 

and freshness of the audio; like uploaded time, views count, likes count, dislikes count, 

comments count, the stream length of the fields in the transcription file, the duration of the 

audio file, the number of segments for the transcription of speech. Query-independent 

features are formatted in italics in Table 1. 

Query-dependent features are used for measuring the matching of the query terms with text in 

title, channel name, description, tags, transcribed text and with the whole text. We added a 

feature that represents the listening time for the first occurrence of a full covered query match 

to give preference for shorter listening time to first match. This is preferable for low-
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bandwidth connections. These query-dependent features can be further classified into: query-

terms-matching features, probabilistic-model features like BM25 and language modeling 

(LM) scores. Language modeling approaches in information retrieval try to estimate a 

language model for each document -in our case it is a transcription document together with 

its textual fields (title, description, channel name, tags)- and then rank documents according 

to the likelihood that the query at hand has been generated from the estimated language 

model. We also used language modeling smoothing methods (Jelinek Mercer, absolute 

discounting and using Dirichlet priors) as recommended in (Zhai and Lafferty 2001). The 

groups of sixes (6:11, 12:17 ...and 66:71) in Table 1 correspond to the features for each of the 

six textual fields in the transcription document (title, description, channel, tags, transcription 

segments and the whole document). 

Table 1: Extracted features and their descriptions 

ID Feature Description 

1 age of the document 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑖𝑚𝑒 − 𝑢𝑝𝑙𝑜𝑎𝑑𝑒𝑑𝑇𝑖𝑚𝑒

𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑖𝑚𝑒
 

2  comments count  Number of comments 

3  views count  Number of views 

4  likes count  Number of likes 

5  dislikes count Number of dislikes 

6:11  covered query term number  Number of matching query terms in a field 

12:17  covered query term ratio  𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑚𝑎𝑡𝑐ℎ𝑖𝑛𝑔𝑞𝑢𝑒𝑟𝑦𝑡𝑒𝑟𝑚𝑠

𝑡𝑜𝑡𝑎𝑙𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑞𝑢𝑒𝑟𝑦𝑡𝑒𝑟𝑚𝑠
 

18:23  fieldLength  Length of each of the six field in terms of number of 

tokens 

24:29  IDF (Inverse Document 

Frequency)  ∑ 𝑙𝑜𝑔
𝑁

𝑛𝑖
𝑞𝑖∈𝑞∩𝑑

 

30:35  TF (Sum of Term Frequency)  
∑ 𝑇𝐹(𝑞𝑖, 𝑑)

𝑞𝑖∈𝑞∩𝑑

 

36:41  TF-IDF  
∑𝑇𝐹. 𝐼𝐷𝐹 

42:47  Boolean Model  whether query terms exists in the transcription field or not 

48:53  BM25  

∑𝐼𝐷𝐹(𝑞𝑖)

𝑛

𝑖=1

.
𝑓(𝑞𝑖, 𝐷). (𝑘1 + 1)

𝑓(𝑞𝑖, 𝐷) + 𝑘1. (1 − 𝑏 + 𝑏.
|𝐷|

𝑎𝑣𝑔𝑑𝑙
)
 

54:59  LM with Jelinek Mercer 

Smoothing  
𝑃𝜆(𝑤 ∨ 𝑑) = (1 − 𝜆)𝑃𝑚𝑙(𝑤 ∨ 𝑑) + 𝜆𝑃(𝑤 ∨ 𝐶) 

60: 65  LM with Absolute Discounting  
𝑃𝑠(𝑤 ∨ 𝑑) =

𝑚𝑎𝑥(𝑐(𝑤; 𝑑) − 𝛿, 0)

∑ 𝑐(𝑤*; 𝑑)𝑤*∈𝑉

+ 𝜎𝑃(𝑤 ∨ 𝐶) 
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66:71  LM with Dirichlet  
𝑃µ(𝑤 ∨ 𝑑) =

𝑐(𝑤; 𝑑) + µ𝑃(𝑤 ∨ 𝐶)

∑ 𝑐(𝑤*; 𝑑)𝑤*∈𝑉 + µ
 

72  nsegments Number of segments 

73  match_start Starting time for the first matching segment 

74  duration duration of the audio file 

75  relevant_segment_duration ∑ 𝑟𝑒𝑙(𝑠𝑖) ∗ 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛(𝑠𝑖)
𝑆𝑑
𝑖=1

∑ 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛(𝑠𝑖)
𝑆𝑑
𝑖=1

 

 

 

2.2 Dataset 

The dataset used in this study is based upon the verse by verse Quran dataset (Verse by verse 

Quran dataset 2016). This dataset was chosen for two reasons; the first is the availability of 

timing information for verse segments in all chapters of the Quran. The second reason is the 

availability of text transcription for Quran verses. The corpus has been used to get the timings 

for each verse in each chapter in the Holy Quran. The corpus was then augmented to create 

more documents by forming documents of three consecutive verses, five consecutive verses 

and all verses in each chapter by combining verses’ textgrids; the format used by Praat 

(Weenink & Boersma, 2016). We then used YouTube API with queries for each chapter to 

get realistic metadata for the documents. A timed transcription document in XML format is 

then generated as shown in Figure 3.  

A total of 30,544 transcription documents were generated of different lengths with 

consecutive verses and corresponding youtube fetched metadata for each set of documents, 

with about 4% spam documents having fake titles, descriptions and tags that are relevant to 

some queries while their actual content is irrelevant. The transcription documents were then 

indexed by the open source Apache Solr. We added a modified root-based analyzer to be 

used by lucene analyzer in Solr during indexing and search since the light Arabic stemming 

algorithm (Larkey et al., 2007) used by Solr lead to low recall. For example, it doesn’t 

retrieve transcriptions containing the word "وجوهكم" (your faces) when querying for "وجوه" 

(faces). 

A set of 340 queries were built based on the knowledge of the domain under test “Quran 

files”. A pooling strategy as adopted in TREC (Text Retrieval Evaluation Conference) has 

been applied using Solr with applying different similarity measures. Queries vary in their 

number of terms and generality, a sample set of queries is shown in Table 2 together with 

their English translation equivalents. We supplied the set of retrieved documents to our 

feature extractor to extract the 75 features as described before. The relevance of the retrieved 

documents to the query has been judged by giving one of 5 relevance labels from 0 to 4 as 

used in LETOR (Liu 2011). The LETOR formatted query-transcription pairs with their 

corresponding extracted features were then used to train learning to rank models using 

RankLib implementation (Dang, 2016) for the learning to rank algorithms; it has also been 
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used in (Chen et al., 2016). In addition, five-fold cross validation was used to overcome 

overfitting and to assess how the model will generalize to an independent unknown data set. 

 

Figure 3. Sample transcription file. 

Table 2: Sample queries from the query set. 

Query English equivalent 

 The food الطعام

 The markets الأسواق

 The examples الأمثال

 The village القرية

 The sun and the moon الشمس و القمر

 Those will be the successful أولائك هم المفلحون

 Hunger and fear الجوع و الخوف

 Who are neglectful of their prayers الذين هم عن صلاتهم ساهون

 Hearing and vision and intellect السمع والأبَصار والأفَئدة

 The journey of winter and summer رحلة الشتاء و الصيف

 

2.3 Results 

In the first experiment, we compared the results of well-known techniques that can be used 

for learning to rank (MART (Friedman, 2001), RankNet (Burges et al., 2005), RankBoost 
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(Freund et al., 2003), AdaRank (Xu et al., 2007), Coordinate Ascent (Donald & Croft, 2007), 

LambdaMART (Wu et al., 2007), ListNet (Cao et al., 2007) and Random Forests (Breiman 

2001)) to the baseline BM25 scoring function.. We used the evaluation metrics used for 

graded relevance text retrieval like NDCG (Kalervo et al., 2002) and ERR (Chapelle et al., 

2009).  

Figure 4 shows that models built from learning to rank algorithms outperformed the 

unsupervised BM25 score ranking in terms of the evaluation measures used: NDCG@10, and 

ERR@10. The results recorded in Table 3 show that the Coordinate Ascent and tree-based 

algorithms (MART, LambdaMART, and Random Forests) perform the best for the 

NDCG@10 and ERR@10 measures.  

Table 3: Evaluation measures results for learning to rank algorithms and unsupervised BM25. 

Algorithm  NDCG@10 ERR@10 

MART  0.6894 0.4536 

RankNet  0.5081 0.3864 

RankBoost  0.6242 0.4635 

AdaRank  0.5486 0.405 

Coordinate Ascent  0.7105 0.4758 

LambdaMART  0.7082 0.4823 

ListNet  0.6713 0.4493 

Random Forests  0.6817 0.4489 

BM25  0.5069 0.3846 

 

 

 

 

 

 

 

Figure 4. Comparison of evaluation measures for L2R algorithms and unsupervised BM25. 
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Another experiment was done to assess the performance gain for using the transcription 

features. The learning to rank algorithms were used to train models with feature vectors of 

length 50 for only the meta-data features (uploaded time, number of views, comments, likes 

and dislikes) and text similarity scores described before for the title, description, channel 

name and tags only. Figure 5 shows the improvement achieved in terms of NDCG@10 for 

using transcription related features over using the feature vectors of length 50 for training and 

testing for all algorithms under test. The minimum improvement is achieved in case of 

RankNet and the maximum is for Coordinate Ascent. Figure 6 shows the improvement 

achieved in terms of ERR@10 for using transcription related features over not using them for 

training models for the algorithms under test with a minimum improvement in case of using 

RankNet and maximum improvement in the case of LambdaMART algorithm. 

 

 

 

 

 

 

 

 

 

Figure 5. NDCG@10 performance improvement with using transcription features. 

 

Figure 6. ERR@10 performance improvement with using transcription features. 
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3. Conclusion 

In this work, we formulated the SCR problem as a learning to rank task, showed our proposed 

extracted features, and explored learning to rank algorithms to learn from these features. A 

comparison for the state of art learning to rank algorithms performance with respect to 

NDCG@10, and ERR@10 was done and compared to the baseline unsupervised BM25 score 

ranking. These comparisons revealed that learning to rank algorithms outperform the BM25 

score ranking. In addition, experiments showed the effectiveness of using transcription-based 

features. This obviously comes at the cost of indexing more information and extracting more 

features for the retrieved documents for ranking improvement, however this is only 

performed once for model building. Coordinate Ascent and tree-based algorithms showed the 

best ranking accuracy in terms of NDCG@10 and ERR@10 for this type of problem. We will 

further investigate adding acoustic features like loudness, pitch and other frequency-domain 

features which can also be considered good candidates for exploration to rank spoken 

documents with better audio quality higher in the retrieved results.  
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