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Abstract-Speech recognition plays a central role in enhancing human-machine interactions, especially for 

small devices for which graphical user interface has obvious limitations. A central and common component of 

voice-driven information processing systems in human language technology is Automatic speech recognition 

(ASR) which includes spoken language translation (SLT), spoken language understanding (SLU), voice 

search, spoken document retrieval, and so on. In these speech-centric applications, the output of ASR as 

“noisy” text is fed into down-stream processing systems to accomplish the designated tasks of translation, 

information retrieval, or natural language understanding, etc. The speech-centric perspective for human-

computer interface derives that speech is the only natural and expressive modality to enable people to access 

information from and to interact with any device. In this paper, design consistency is established between the 

optimization objectives and the end-to-end system performance metrics. This paper provides an overview of 

the past and current work in this area. Future challenges and new opportunities are also discussed and 

analyzed. 
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A. INTRODUCTION 

 

Automatic speech recognition (ASR) is an emerging technology for  information processing applications in the 

realm of human language technology. As an example, a voice search system  recognizes the input utterance as 

‘‘noisy’’ text first, and then feeds it as a query to a subsequent information retrieval (IR) system, returning a list of 

documents ranked by their relevance to the query. Thus we can have a view of SLT and MT as well. 

 

From the above example, it is clear that ASR is a a common component and plays a central role; thus we can say 

these tasks and related applications as speech-centric information processing (SCIP). In the SCIP systems, ASR 

works with one (or more) downstream component  so as to deliver end-to-end results. The system can also be 

characterized by the  property that different applications are sensitive to different kinds of  errors in the ASR output.  

 

However, most of the current ASR methods embedded in SCIP systems tend to use the uniform metric of word error 

rate (WER) to train ASR parameters and treat all types of word errors as equally bad.  

 

B. SPEECH-CENTRIC INFORMATION PROCESSING: AN OVERVIEW 

 

ASR has a wide number of applications. In combination with downstream processing it acquire a different form. 

Interfacing ASR with one or more of the downstream information processing systems gives rise to a full SCIP 
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system. Here first we have an architectural overview of  the system.Then, we will discuss three common types of the 

SCIP system depending on the nature of the down-stream processing. 

 

A. ARCHITECTURAL OVERVIEW 

 

 

 
 

Fig1 Architecture of common SCIP systems and their relations in terms of the shared subsystem Components 

 

In this, rather than simply feeding the ASR subsystem’s output directly (and unambiguously) as the input to the 

downstream subsystems, uncertainty of ASR, in the form of probabilistic lattices or N-best lists, is incorporated in 

the overall system’s design, learning, and decoding. Let us see with the help of an example, 

 

 
 

Here, a person is speaking the word let say ‘stuff’. A spoken language translation (SLT) system takes the source 

speech signal as input, and the output of ASR as ‘‘noisy’’ text is then fed into a machine translation (MT) system, 

producing a translated text in the target language. 

 

B. SPOKEN LANGUAGE TRANSLATION 

 

An SLT system with the ASR component to provide the input to the MT component is more difficult than text based 

MT. A particular issue in SLT is speech disfluency, making the input to the MT component of the SLT system, even 

with perfect ASR, deviate from lexical, syntactic, and semantic patterns of normal written texts that are typically 

used for training the MT system. Examples include filled pauses, paragraph and sentence delimiters, punctuation 
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marks, and capitalized words. This deviation, together with ASR errors, produces serious ‘‘mismatch’’ between 

training and testing conditions. To address this mismatch problem is to adopt the Bayesian approach where 

uncertainty of ASR outputs is taken into account.  

 

C.  VOICE SEARCH 

 

Voice Search is a technique that provide users with the information they request with a spoken query. The requested 

information may exists in a structured or unstructured large database. The query is then compared with fields in the 

database to obtain the relevant information. Voice search applications includes directory assistance,  personal music 

and video, conference information systems, voice-enabled question answering, and many more.  

 

It is particularly appealing to the users of mobile devices because of the greater efficiency to search for the desired 

information from the mobile devices by speech than by typing. However, ASR and IR errors cannot be still 

neglected. A different form of voice search is called spoken document retrieval means the spoken content is 

typically distributed and stored in the Web. After processing the original spoken utterances such as lecture 

recordings IR systems are deployed to access spoken ‘‘documents’’ produced by ASR. The difference from voice 

search discussed earlier is that ASR is used here to process the stored spoken documents rather than the spoken 

search query.  

 

D. SPOKEN LANGUAGE UNDERSTANDING 

 

 SLU has the task of mapping from an utterance to its semantic representation. In this sense, voice search can be 

regarded as a special form of SLU where the semantic representation is expressed in terms of the intended entry in 

the database or the intended document in the Web. 

 

Traditionally, SLU tasks are divided into two broad categories. First, being the  ‘‘call routing’’ or ‘‘How May I Help 

You’’ . It performs the task of spoken utterance classification where the output is one of many semantic classes and 

there is no sequence information or structure at the output. Second, being slot/form filling, also referred to as 

semantic frame-based SLU. It  is the task that produces the output as a sequence of semantic frames, with a possible 

hierarchical structure, from a spoken utterance. 

 

The various comparative studies show that slot filling generally allows a lower degree of naturalness and a smaller 

coverage of the language space, but it gives higher resolution or finer concepts in the output’s semantic 

representation. 

 

III.   OVERCOMING OPTIMIZATION INCONSISTENCY 

 

What we have observed till now is that in these systems different applications are sensitive to different errors in the 

ASR output. The consequence of ignoring the interactions between the subsystems is the mismatch between how the 

subsystems are trained and how the trained subsystems are used in the operation environment. This results in the 

inconsistency. 

 

A. THE PROBLEM OF OPTIMISATION INCONSISTENCY 

 

In this section, we describe and analyze the problem of optimization inconsistency inherent in most existing SCIP 

systems of a ‘‘divide and conquer’’ sort when the interactions between the subsystems are discarded.  

 

In SCIP systems, voice based ASR subsystem as a ‘‘front–end’’ is interfaced with one or more text-based 

subsystems including MT, NLU and IR. Each of these subsystems has been trained using the collected supervised 

data with respect to the individual subsystem’s own input and output signal/information. 

 

In the design where the subsystems tend to be built and trained independently, i.e., without considering the 

interactions between them, such a simplistic and easy-to-implement approach is referred to as a ‘‘divide and 

conquer’’ one. Each subsystem is isolated from one another, and is assumed to take ‘‘clean’’ input and to produce 

the output results directly on its own. However, a subsystem in an 
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actual SCIP system takes the output from the upstream subsystems as its input, and produces output that will be fed 

into its next downstream subsystem in tandem until the final result is delivered.Thus the errors produced at each 

stage is propagated further  and has a negative impact on the remaining subsystem. That is, errors produced by the 

upstream subsystem at the decoding stage make the input to the downstream subsystem being polluted or ‘‘noisy.’’  

 

B. END-TO-END OPTIMISATION TO OVERCOME THE INCONSISTENCY PROBLEM  

 

The problem we are facing is regarding the designing and learning of SCIP systems. Analysis of the problem leads 

to the development of a unifying end-to-end optimization framework, which fully exploits the uncertainty in each 

subsystem’s output and the interactions between the subsystems. End-to-end training of SCIP systems involves 

optimizing difficult objective criteria. The ‘‘margin concept’’ is incorporated into conventional discriminative 

training criteria such as minimum phone error (MPE) and maximum mutual information (MMI) for string 

recognition problems. 

 

IV.  SUMMARY AND FUTURE DIRECTIONS 

 

 

In this paper, we organize and analyze a broad class of SCIP applications in the realm of human language 

technology. These include: 

 

• SLT = ASR + MT ; 

• SLU =ASR + NLU ; 

• voice search =ASR + IR ; 

• cross-lingual SLU = ASR + MT + NLU ; 

• cross-lingual voice search = ASR + MT + IR ; 

• spoken dialog (open loop)= ASR +NLU +  Dialog Control ; 

• speech–speech translation = ASR +MT + SpeechSynthesis ; 

which are all enabled by a common component or subsystem of ASR that is in tandem with one or more 

downstream, text-based processing component. 
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