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ABSTRACT 

Spoken document retrieval (SDR) is becoming a much-
needed application due to that unprecedented volumes of 
audio-visual media have been made available in our daily life. 
As far as we are aware, most of the wide variety of SDR 
methods mainly focus on exploring robust indexing and 
effective retrieval methods to quantify the relevance degree 
between a pair of query and document. However, similar to 
information retrieval (IR), a fundamental challenge facing 
SDR is that a query is usually too short to convey a user’s 
information need, such that a retrieval system cannot always 
achieve prospective efficacy when with the existing retrieval 
methods. In order to further boost retrieval performance, 
several studies turn their attention to reformulating the 
original query by leveraging an online pseudo-relevance 
feedback (PRF) process, which often comes at the price of 
taking significant time. Motivated by these observations, this 
paper presents a novel extension of the general line of SDR 
research and its contribution is at least two-fold. First, 
building on neural network-based techniques, we put forward 
a neural relevance-aware query modeling (NRM) framework, 
which is designed to not only infer a discriminative query 
language model automatically for a given query, but also get 
around the time-consuming PRF process. Second, the utility 
of the methods instantiated from our proposed framework and 
several widely-used retrieval methods are extensively 
analyzed and compared on a standard SDR task, which 
suggests the superiority of our methods. 

Index Terms— Spoken document retrieval, relevance 
feedback, query language models, neural networks 

1. INTRODUCTION 

Owing to vast amounts of multimedia associated with speech 
content continuously filling in our daily life, spoken 
document retrieval (SDR) has become an attractive research 
field over the past two decades [1-4]. A significant body of 
research has been devoted to developing effective retrieval 
methods with successful applications to various SDR tasks, 
such as the vector space model [5], the Okapi BM25 model 

[6] and the topic models [7], among others. Especially, in the 
recent past an emerging paradigm has been to employ a 
statistical language modeling (LM) approach for information 
retrieval (IR) as well as SDR. This paradigm has also 
garnered much attention due to its simplicity and clear 
probabilistic meaning, as well as state-of-the-art performance 
[8-10]. For the idea to work, a given text or spoken document 
can be framed as a generative model composed of a mixture 
of multinomial (n-gram) distributions for observing a query, 
while the query is regarded as an observation, expressed by a 
sequence of words. Accordingly, documents can be ranked 
according to their likelihoods of generating the query, namely 
the query-likelihood measure (QLM) [11]. Another popular 
formulation is the Kullback-Leibler divergence measure 
(KLM) [12], where both the query and the documents are 
represented by a unigram language model, respectively. The 
relevance degree between a query and a document is recast as 
the divergence distance between the two respective unigram 
models.  

More recently, deep neural network-based retrieval 
methods have enjoyed considerable popularity in a number of 
IR and SDR tasks. Most of the studies on such methods 
concentrate exclusively on designing methods that can be 
employed to calculate the relevance degree between a query 
and a document, building on a diverse range of neural 
network architectures and training criteria [13, 14]. One thing 
to note is that inputs to these methods are primarily based 
surface statistics such as word proximity or co-occurrence 
counts, while the associated training objectives usually aim 
to distinguish between relevant and irrelevant documents in a 
pairwise manner. Among them, the deep structure semantic 
model (DSSM) [15, 16] and the locality preserving essence 
vector model (LPEV) [17] are two representatives. In 
addition, there are been efforts intended to infer dense vector 
representations for both queries and documents in an 
unsupervised manner. As such, the similarity degree between 
a pair of query and document can be readily quantified by 
using the existing ranking mechanisms based on the learned 
representations. Celebrated methods developed in this vein 
include the word embedding-based methods (e.g., the skip-



gram model [18] and the continuous bag-of-words model 
[19]), and the paragraph embedding methods (e.g., the 
distributed memory model [20], the distributed bag-of-words 
model [20, 21], the skip-thought vector [22] and the essence 
vector model [23]), just to name a few. 

However, one critical issue facing IR and SDR is that the 
input text or spoken query is usually too short to carry the 
information need of a user. In order to mitigate the problem, 
a promising strategy is to reformulate the query 
representation with extra statistics so as to boost the retrieval 
performance [12, 24-26]. The query reformulation methods 
devised following the line of research can be grouped into 
two distinct classes. One is to leverage external resources, 
such as Wikipedia or WordNet, to expand and reorganize the 
original query. The other is to reformulate the original query 
by referring to a small set of feedback documents locally 
collected from an initial round of retrieval, i.e., the so-called 
pseudo-relevance feedback (PRF) process. Since the former 
requires more sophisticated natural language processing 
techniques, including semantic representation and inference, 
as well as natural language generation, most efforts have been 
concentrated on launching the query reformulation methods 
by using the top-ranked feedback documents locally obtained 
from PRF [11]. Popular LM-based methods that employ the 
PRF process include, but are not limited to, the relevance 
model (RM) [24], the simple mixture model (SMM) [12] and 
the significant words model [25, 27]. Although several 
studies have confirmed the effectiveness of these query 
reformulation methods on a broad range of IR and SDR tasks, 
the time-consuming problem still makes them unappealing 
for realistic applications.  

Motivated by the above considerations, this paper strives 
to develop a novel query representation learning approach 
with neural network-based techniques, named the neural 
relevance-aware query modeling framework, which is 
designed to not only infer a more discriminative query 
language model for a given query automatically, but also 
avoid the time-consuming online PRF process. By doing so, 
the SDR system can thus perform more effectively and 
efficiently. The remainder of this paper is structured as 
follows. In Section 2, we briefly review the foundamentals of 
the classic LM-based query reformulation methods. Next, in 
Section 3, we shed light on the proposed neural relevance-
aware query modeling framework. After that, the 
experimental settings and a series of retrieval experiments are 
presented in Sections 4, respectively. Finally, Section 5 
concludes this paper and discusses avenues for future work. 

2. RELATED WORK 

Due to the fact that a query usually consists of only a few 
words, the true query language model |  of a query  
for predicting an arbitrary word  might not be accurately 
estimated by the simple maximum likelihood (ML) estimator. 
With the alleviation of this deficiency as motivation, there are 
several studies devoted to estimating a more accurate query 

representation, saying that it can be approached through a 
pseudo-relevance feedback (PRF) process. Such an 
integration have proven effective for query reformulation. Its 
success, however, depends largely on the assumption that the 
set of top-ranked feedback documents obtained from an 
initial round of retrieval , ⋯ , ,⋯ , | |  are 
relevant and can be used to estimate a more accurate query 
language model. Representative methods include, among 
others, the relevance model (RM), the simple mixture model 
(SMM) and the significant words model (SWM). 

2.1. Relevance Model (RM) 

Under the notion of relevance modeling [24], each query Q is 
assumed to be associated with an unknown relevance class 

, and documents that are relevant to the semantic content 
expressed in Q are also samples drawn from the relevance 
class . Nevertheless, in reality, since there is no prior 
knowledge about , we may instead use the top-ranked 
feedback documents  obtained from PRF to approximate 
the relevance class . The corresponding relevance model 
(RM), on the grounds of a multinomial view of , can be 
estimated using the following equation [4, 24]: 

|
∑ ∏ ′∈∈

∑ ∏ ′′∈∈

,   (1) 

where the prior probability  of each document can be 
simply kept uniform, while the document language model 

|  is estimated with the ML estimator on the basis of 
the occurrence count of  in each respective document. 

2.2. Simple Mixture Model (SMM) 

Another perspective of estimating an enhanced query model 
with the feedback documents is the simple mixture model 
(SMM) [12], which assumes that words in  are drawn from 
a two-component mixture model: one is the query-specific 
topic model | ; the other is a general background 
language model . This way, the SMM model 

|  can be estimated by maximizing the likelihood 
of all words in the feedback documents: 

∏ ∏ ∙ | 1 ∙ ,
∈∈ ,  (2) 

where  is a pre-defined weighting parameter used to control 
the degree of reliance between |  and . 
Such estimation will enable more specific words (i.e., words 
in  that are not well-explained by the general background 
language model) to receive more probability mass, thereby 
leading to a more discriminative query model | . 
Simply put, it is anticipated that the SMM model can extract 
useful word usage cues from , which are not only probably 
relevant to the query , but also external to those already well 
captured by the general background language model. 

2.3. Significant Words Model (SWM) 

Inspired from the Luhn’s theory [28] and SMM, the 
significant words model (SWM) [25, 27] explores to estimate 



an accurate query language model by parsimonizing the 
estimation toward not only the generally common words, but 
also the too specific words reoccurring concentratedly in only 
few feedback documents. More formally, SWM assumes 
words in each feedback document are samples drawn from a 
three-component mixture model: the general background 
language model , the specific language model 

|  and the desired SWM model | . This way, 
the probability of a word occurring in a feedback document 

 can be defined by 

| ∙ ∙ | 1 ∙ | , 
(3) 

where  and  are tuneable parameters used to modulate the 
contributions between , |  and | . In 
practice, the general background language model is employed 
to represent the frequent words in general, which can be 
estimated from a large collection of corpora a priori. The 
specific language model |  is formulated to capture 
those words that occur repetitively in a very small portion of 
feedback documents for the query . Accordingly, the SWM 
model |  can be estimated by maximizing the 
likelihood over all the feedback documents with the 
expectation-maximization (EM) algorithm [29]. 

3. THE NEURAL RELEVANCE-AWARE QUERY 
LANGUAGE MODELING FRAMEWORK 

Although the aforementioned well-practiced methods, which 
aim to reformulate the original query language model through 
a pseudo-relevance feedback process, have enjoyed much 
success in several IR and SDR tasks, they nevertheless pose 
an undesirable side effect on the efficiency of retrieval, 
namely the time-consuming problem [11]. This is because 
that the enhanced query language model is estimated based 
on a set of top-ranked feedback documents, which comes at 
the cost of performing an additional round of retrieval at 
query time. In order to mitigate such a deficiency, we put 
forward a neural relevance-aware query modeling (NRM) 
framework on top of neural network-based techniques, which 
not only can concentrate on reformulating the original query 
language model, but also dispense with the time-consuming 
PRF process. 

3.1. Modeling Relevance for Query Language Model 

To turn the idea into reality, we first revisit the fundamentals 
of query reformulation. The primary objective in many query 
reformulation methods is to model the notion of relevance. 
For example, RM explores a systematic way to approximate 
the relevance class, while SMM and SWLM leverage 
background information (and additional document-specific 
information) to deduce the homogeneous concept among the 
feedback documents. In this study, we set out to model the 
notion of relevance by neural networks. 

More formally, given a set of training queries  
, ⋯ , ,⋯ ,  and their corresponding query-

document relevance information , ⋯ , ,⋯ , , in 
order to modulate the effect of different lengths of queries, 
each query is first represented by a high-dimensional bag-of-
words vector ∈ | | , where each vector element 
corresponds to the frequency count of a specific word (term) 
occurring in  and | | denotes the vocabulary . The vector 

 is further normalized to unit-sum. After that, a query 
encoder ∙  is applied to encapsulate the original query into 
a low-dimensional vector representation: 

,     (4) 

where ∙  is a feed-forward fully-connected neural network 
used in this paper. Since the ultimate goal of the proposed 
NRM framework is to derive an enhanced query language 
model, an intuitive idea is to infer a set of word embeddings 
paired with the learned query representation and in turn build 
a query language model based on them. As far as we are 
aware, most classic word embedding methods, such as the 
skip-gram model and the continuous bag-of-words model, 
deduce the word embeddings based only on the local 
proximity of words occurring in the training corpus. As a 
result, the learned word embeddings can preserve the 
contextual and structural information well; they also have 
shown empirical success in many NLP-related tasks like 
analog analysis [30] and sentiment prediction [31]. However, 
several studies have indicated that two words that have their 
word embeddings close to each other may convey opposite 
meanings (such as “good” and “bad”), just because they often 
appear in similar contexts [32, 33]. Thus, reformulating a 
query language model with these classic word embedding 
methods could mislead the original user’s information need, 
resulting in misty retrieval results. The above reasoning 
motivates us to learn a new set of word embeddings which is 
more suitable for modeling relevance in query reformulation. 
In order to crystallize the notion, we stack a feed-forward 
fully-connected layer ∙  on top of the query encoder, 
followed by an output layer that is equipped with a softmax 
function. The parameters of the feed-forward layer ∙  is a 
weight matrix ∈ | |, where  is the size of the learned 
query representation and | |  denotes the size of the 
vocabulary. Consequently, the neural relevance-aware query 
language model can be expressed by 

|
	∙	

∑ 	∙	∈
,  (5) 

where 	  is the  column in  and denotes the word 
embedding for word . Finally, to capture the notion of 
relevance, the training objective is formulated to search a set 
of model parameters that maximize the likelihood of all the 
training instances: 

∏ ∏ | |∈ ,  (6) 

where |  is the desired relevance distribution for each 
training query  (we will discuss this distribution in more 
detail in the next subsection). To put everything together, the 



proposed neural relevance-aware query language modeling 
framework will encompass two components: a query encoder 
∙  for inferring a low-dimensional query representation and 

a set of word embeddings  for representing the notion of 
relevance for a given query and an arbitrary word in the 
vocabulary. 

3.2. Implementation Details 

In the contexts of IR and SDR, a reasonable and 
straightforward definition of relevance refers to a user’s 
information need. In this paper, we explore two ways to distill 
such information for training the associated model of the 
proposed NRM framework. In the first strategy, we simulate 
a scenario in which a set of training query exemplars and the 
corresponding query-document relevance information (e.g., 
the click-through information of a retrieval system that to 
some extent reflects users’ relative preferences on document 
relevance) can be utilized. However, collecting suitable click-
through information might be tedious and labor-consuming. 
In the second strategy, we therefore assume a scenario that 
query-document relevance information of the set of training 
query exemplars collected beforehand is not readily available. 
As such, a natural solution to this is to conduct a run of 
retrieval and then take the top-ranked documents in response 
to each training query exemplar as the pseudo-relevant 
documents. In turn, a set of training instances can be 
complied as well. Such a strategy in fact leverages the 
pseudo-relevance feedback process at training time. After we 
have obtained a set of training queries and their 
corresponding (pseudo) relevant documents, the desired 
relevance distribution (i.e., | ) of  each training query 
can be approximated by using any of the existing language 
modeling methods for query reformulation (e.g. RM, SMM 
and SWM; cf. Section 2). The activation function used in the 
NRM-based model is a linear function, except that the output 
layer is equipped with the softmax function, while the Adam 
algorithm [34] is employed to solve the optimization problem. 
At test (query) time, a given query will first have its own low-
dimensional embedding by feeding its original bag-of-words 
representation into the query encoder ∙ , and subsequently 
the associated relevance-aware query language model can be 
readily obtained by taking this inferred query embedding as 
input to the feed-forward network ∙ . After that, the KLM 
can be employed to determine the relevance degree between 
the neural relevance-aware query language model and each 
document language model for document ranking. It is 
worthwhile to note that the proposed NRM framework makes 
a novel step forward to replacing online query reformulation 
along with the pseudo-relevance feedback process by an 
offline query relevance modeling mechanism, which 
obviously introduce a substantial improvement in efficiency 
and practicality. To recap, the proposed neural relevance-
aware query modeling framework can infer a discriminative 
language model automatically for any given query, and 
meanwhile exclude the time-consuming, online pseudo-
relevance feedback process.  

4. EXPERIMENT SETUP & RESULTS 

4.1. Experimental Setup 

We used the Topic Detection and Tracking collection (TDT-
2) for our experiments [35]. The Mandarin news stories from 
Voice of America news broadcasts were used as the spoken 
documents. All news stories were exhaustively tagged with 
event-based topic labels, which served as the relevance 
judgments for performance evaluation. The average word 
error rate (WER) obtained for the spoken documents is about 
35% [36]. The Chinese news stories from Xinhua News 
Agency were used as our test queries. More specifically, in 
the following experiments, we will either use a whole news 
story as a “long query,” or merely extract the title field from 
a news story as a “short query.” Table 1 shows some basic 
statistics of the TDT-2 collection. The retrieval performance 
is evaluated with the commonly-used non-interpolated mean 
average precision (MAP) metric [11, 37]. 

4.2. Experimental Results 

To begin with, we compare the performance levels of several 
well-practiced retrieval methods for SDR, including the 
vector space-based methods and the language model-based 
methods. The corresponding results are summarized in Table 
2. For the vector space-based methods, including the vector 

Table 1. Statistics of the TDT-2 collection (in 
characters). 

# Spoken documents 
2,265 stories, 

46.03 hours of audio 

# Distinct test queries 
16 Xinhua text stories 
(Topics 20001~20096) 

 Min. Max. Med. Mean 
Doc. length 23 4,841 153 287.1 

Length of test short 
query 

8 27 13 14.0 

Length of test long 
query 

183 2,623 329 532.9 

# Relevant documents  
per test query 

2 95 13 29.3 

 
Table 2. Retrieval results of the baseline systems for 

both short and long queries. 

 Text  
Documents 

Spoken  
Documents 

 Long Short Long Short 
VSM 0.548 0.338 0.484 0.273 
DM 0.558 0.344 0.484 0.302 

DBOW 0.579 0.362 0.540 0.345 
KLM 0.632 0.368 0.553 0.317 
LDA 0.643 0.401 0.581 0.341 
RM 0.702 0.421 0.612 0.369 

SMM 0.686 0.485 0.570 0.414 
SWM 0.717 0.556 0.669 0.491 



space model (VSM), the distributed memory model (DM) 
and the distributed bag-of-words model (DBOW), both 
queries and documents are represented by vectors, while the 
relevance degree is computed by the cosine similarity 
measure. In contrast to the vector space-based methods, KLM 
belongs to the language model-based approach, where the 
query and document language models are derived by the 
maximum likelihood estimator. LDA denotes latent Dirichlet 
allocation [38], for which each document language model is 
estimated based on a probabilistic topic modeling paradigm. 
In addition, three state-of-the-art LM-based query 
reformulation methods, namely the relevance model (RM), 
the simple mixture model (SMM) and the significant words 
model (SWM), are also compared. It is worthwhile to note 
that RM, SMM and SWM are respectively used to 
reformulate the original query language model through a 
online pseudo-relevance feedback process, while the 
document language models are derived by the ML estimator 
as in KLM. Several observations can be drawn here. First, 
both the celebrated paragraph embedding methods (i.e., DM 
and DBOW) outperform VSM, while DBOW consistently 
outdoes DM by a large margin, when being applied to either 
text documents (i.e., manual transcripts of documents) or 
spoken documents (i.e., speech recognition transcripts of 
documents). The results demonstrate the feasibility of using 
the neural network-based methods (especially for the 
unsupervised methods) for SDR. Second, KLM in general 
performs better than the vector space-based methods, 
including DM and DBOW. The results evidence that the LM-
based methods introduce a promising family of efficient and 
effective mechanisms for SDR. Third, it is not surprising that 
LDA works better than KLM, whereas RM, SMM and SWM 
show superiority over LDA in most cases. The results 
confirm that deriving a more accurate query language model 
seems more effective than building more sophisticated 
document langue models. The reason might be that a 
document usually contains relatively sufficient statistics to 
estimate a reliable language model in relation to a short query. 

Next, we evaluate the proposed NRM framework with two 
different scenarios (cf. Section 3.2). In the first scenarios, we 
assume the click-through information can be readily available, 
and thus a set of 819 training query exemplars with their 
corresponding query-document relevance information was 
compiled. The desired distribution (i.e., | ) was 
estimated by using either RM, SMM or SWM in this study. 
The results are shown in Table 3, where the best result within 
each column (corresponding to a specific evaluation 
condition) is type-set boldface. Moreover, the results of two 
recently proposed state-of-the-art neural network-based 
methods, namely the deep structure semantic model (DSSM) 
[15] and the locality preserving essence vector model (LPEV) 
[23], are also listed for comparison. DSSM exploits click-
through data to train a discriminative deep neural network 
that can maximize the likelihood of clicked (relevant) 
documents given a query. Distinctively, LPEV aims  to infer 
a vector representation for each input text (i.e., a query or a 

document), which not only contains the most representative 
information from the original input, but also preserves the 
semantic structure among training data set. At query time, 
both DSSM and LPEV use the cosine similarity measure to 
quantify the relevance degree between a query and a 
document with the learned embedding vectors. 

Several remarkable observations can be made from the 
results. First, DSSM consistently outperforms LPEV in all 
cases, which is because LPEV seeks only to learn a 
representation for a given query or document, whereas the 
training objective of DSSM aims at correctly determining the 
relevance degree between a query and document explicitly. 
Second, since SWM delivers better results than RM and 
SMM (cf. Table 2), the proposed NRM framework paired 
with SWM, as expected, can offer superiority performance 
than with RM and SMM in general. Second, comparing 
Tables 2 and 3, it is obvious that the proposed various NRM-
based methods outperform both the vector space-based 
methods and the classic language model-based methods. 
Specifically, the various NRM-based methods can achieve 
better results than the existing query reformulation methods 
(i.e., RM, SMM and SWM), which may be attributed to the 
fact that the parameters of these NRM-based models are 
estimated beforehand from a set of click-through data (in 
contrast to RM, SMM and SWM that are online trained on 
pseudo-relevant documents obtained locally from PRF at 
query time). That is, an attractive characteristic of the 
proposed NRM framework is that it can be used to obtain a 
better query language model without additionally invoking an 
online, time-consuming pseudo-relevance feedback process 
at query time. Finally, we can also see that with supervised 

Table 3. Retrieval results of the NRM-based models 
offline trained on click-through information. 

 
Text  

Documents 
Spoken 

Documents 

Long Short Long Short 

DSSM 0.687 0.435 0.691 0.462 
LPEV 0.684 0.418 0.556 0.390 

NRM (RM) 0.702 0.562 0.620 0.504 
NRM (SMM) 0.685 0.585 0.610 0.514 
NRM (SWM) 0.730 0.563 0.686 0.547 

 

 

Table 4. Retrieval results of the NRM-based models 
offline trained with pseudo-relevance feedback. 

 
Text  

Documents 
Spoken  

Documents 
Long Short Long Short 

DSSM 0.407 0.248 0.353 0.235 
LPEV 0.580 0.392 0.533 0.339 

NRM (RM) 0.648 0.493 0.530 0.429 
NRM (SMM) 0.636 0.494 0.567 0.426 
NRM (SWM) 0.648 0.467 0.589 0.449 



(click-through) training data, the three NRM-based models 
outperform LPEV by a large margin for all cases, while the 
combination of NRM with SWM, denoted by NRM (SWM), 
surpasses DSSM for most cases. The above results indeed 
confirm the effectiveness and capability of the proposed 
NRM framework for the SDR task studied here.  

In the third set of experiments, we examine the second 
scenario that query-document relevance information of the 
training query exemplars is not readily available. A natural 
solution to this is to conduct a run of retrieval and take the 
top-ranked documents in response to each training query 
exemplar as its pseudo-relevant documents for estimating the 
query language models. In our experiments, the top 10 
retrieved documents for each training query are treated as 
relevant ones. The target distribution (i.e., | ) for NRM 
is approximated by either RM, SMM or SWM again. The 
results are exhibited in Table 4 with some interesting findings. 
First, NRM paired with SWM can still achieve better results 
than with RM or SMM for the case of using spoken 
documents, while the superiority is less pronounced when 
using text documents instead. Second, with unsupervised 
training instances obtained from the pseudo-relevance 
feedback process, the various NRM-based models outdo 
DSSM and LPEV considerably, revealing the practical utility 
of our proposed NRM framework. Third, when compared to 
Table 3, it signals that the performance of the various NRM-
based methods appears to heavily rely on the correctness of 
the relevance information employed for model training. 
Finally, when comparing Tables 3 and 4, LPEV seems more 
robust against the recognition errors than DSSM, since LPEV 
delivers superior results than DSSM in the second scenario. 

In the last set of experiments, we turn to investigate the 
potential benefit of combining the various NRM-based 
methods with existing state-of-the-art LM-based query 
reformulation methods (i.e., RM, SMM or SWM in this 
study), albeit that the latter ones recourses to an extra online 
pseudo-relevance feedback process at query time. To do this, 
we first exploit the proposed various NRM-based methods to 
build the language model for an input query and in turn 
perform an initial round of retrieval with this query language 
model. The top-retrieved documents are treated as the 
pseudo-relevant documents for use in query reformulation. 
Then, a new query language model is estimated by using one 
of the existing query reformulation methods based on these 
top-retrieved documents, which in turn can be used to replace 
or work in combination with the original query language 

model for a second run of retrieval. The corresponding results 
are shown in Table 5; several noteworthy observations can be 
drawn here. First, in the first scenario where  the NRM-based 
models were trained on click-through information, we find 
that NRM (SWM) still outperforms NRM (RM) and NRM 
(SMM) as before, whereas NRM (RM) instead achieves 
better results than NRM (SMM) and NRM (SWM) in the 
second scenario for most cases (i.e., the NRM-based models 
were trained with pseudo-relevance feedback). These results 
appear to indicate that though SWM is more sophisticated 
than RM and SMM (cf. Table 2), it is, however, too sensitive 
to the correctness on the relevance of the top-retrieved 
documents. Second, comparing Table 5 with Table 4, it 
signals that the reformulated query models based on an extra 
pseudo-relevance feedback process (cf. Table 5) can deliver 
further performance gains than the original ones (cf. Table 4). 
In summary, from the series of experiments discussed above, 
the proposed neural relevance-aware query modeling (NRM) 
framework seems to hold practical promise for SDR and IR 
related applications.  

5. CONCLUSION AND OUTLOOK 

In this paper, we have proposed a novel query modeling 
approach, named the neural relevance-aware query modeling 
framework, which can be employed to derive a discriminative 
query language model for SDR without the need of a tedious 
pseudo-relevance feedback process. We have also thoroughly 
evaluated the models stemming from this framework on a 
representative SDR task. Experimental results confirm the 
effectiveness of the proposed query language modeling 
framework in relation to the strong baselines compared in the 
paper, thereby indicating its potential for SDR and related 
applications. For future work, we will explore to couple the 
proposed framework with more sophisticated neural 
network-based techniques. We also plan to seek effective 
ways to integrate extra syntactic and prosodic information 
cues into the proposed framework. Furthermore, we will 
extend its applications to summarization [39, 40] and among 
others. 
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Table 5. Retrieval results achieved by using a reformulated query language model, where the original NRM-based query 
language models are offline trained on click-through information or with pseudo-relevance feedback. 

 Click-through Information Pseudo-relevance Feedback 
Text Documents Spoken Documents Text Documents Spoken Documents 

Long Short Long Short Long Short Long Short 
NRM (RM) 0.733 0.583 0.550 0.483 0.716 0.571 0.608 0.495 

NRM (SMM) 0.735 0.600 0.603 0.529 0.666 0.539 0.590 0.406 
NRM (SWM) 0.738 0.600 0.713 0.550 0.694 0.564 0.629 0.469 
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