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ABSTRACT 

Nowadays, most users have more computing power mobile devices, where speech recognition is definitely 

important Technologies are available on every modern smartphone, even if battery driving and application 

performance (resource deficit) have a Great impact on experienced quality. Changing apps and services to the 

clouds helps improve mobile user satisfaction. Several attempts at mobile cloud areas were 

demonstratedHowever, the quality of speech recognition is still not sufficient in many complex cases to replace 

the common hand written text, especially when prompt reaction to short-term provisioning requests is required. 

To address the new scenario, this paper proposes a mobile cloud infrastructure to support the extraction of 

semantics information from speech recognition in the Social Care domain, where carers have to speak about 

their patients conditions in order to have reliable notes used afterward to plan the best support. We present not 

only an architecture proposal, but also a real prototype that we have deployed and thoroughly assessed with 

different queries, accents, and in presence of load peaks, in our experimental mobile cloud Platform as a 

Service (PaaS) testbed based on Cloud Foundry. 
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1. Introduction 

Cloud computing systems are generally composed of diverse infrastructures that run on diverse 

software and hardware components. Depending upon the customers’ requirements, these components 

are used to provide different service offers, such as Software as a Service (SaaS), Platform as a 

Service (PaaS), Infrastructure as a Service (IaaS), Database as a service (DBaaS), etc. Software 

components in cloud systems often have diverse ownership, some being owned by cloud providers 

and others by customers. Even at the application level, it is possible that not all components have the 

same ownership, e.g., consider a typical scenario where a bare metal host runs an application server, 

which is owned and managed by the customer, communicates with a database (DB) server, which is 

instead owned and managed by the service provider (DBaaS). With the increase in the use of cloud 

resources, one of the fundamental challenges faced by cloud providers is the lack of fine-grain 

monitoring tools to gather useful resource utilization information about the underlying system. The 

current state-of-the-art cloud monitoring frameworks provide resource monitoring either at the 

granularity of physical or Virtual Machine (VM) level. Often, they are unable to providing needed 

aggregated information, making it challenging and sometimes impossible for a provider to determine 

the resource utilization of either entire distributed services or particular processes and applications 

inside a VM. Linked Data technologies have emerged as a way to integrate large-scale information in 

a flexible manner. Linked ⋆A part of this research was conducted during a student placement at IBM 

Research, Ireland. Data represents each entity as a unique, global identifier, which is a generalization 

of Uniform Resource Locators (URLs). Relationships between entities are also represented with such 

identifiers. A set of World Wide Web Consortium (W3C) recommendations standardizes semantics 

and representations: Linked Data enables the representation of an arbitrarily extensible information 

space with well-defined semantics. 
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2. Background 

This section introduces some background knowledge to provide a better understanding of the 

MoSSCa infrastructure. 

First, we focus on the speech recognition workflow and available environments and tools to 

implement it. Then, we introduce the Cloud Foundry open source PaaS that we used to realize the 

mobile cloud support for elastic MoSSCa semantic-enriched speech recognition service provisioning. 

A. Semantics-enriched support for Speech Recognition and Natural Language 

Processing 

Automatic Speech Recognition (ASR) can be defined as the computer-driven transcription of spoken 

language into readable text in real time: it is the technology that allows a computer to identify the 

words that a person speaks into a microphone or telephone and convert it to written text. 

The quality of these systems has reached levels adequate to make them very diffused and common in 

a variety of different contexts. Nowadays, these systems are available on every modern smartphone 

and they usually produce multiple matches (caused by problems like noise, accents, dialects.) ordered 

by a confidence level. In order to extract the linguistic and semantic information to identify the best 

textual option, it is possible to analyse the interdependencies and meaning between the textual 

matches using pipelines performing Natural Language Processing (NLP), that are commonly used to 

associate metadata, typically called annotations, to the text. To perform this task there are various 

available tools, and in this work we decided to employ the General Architecture for Text Engineering 

(GATE) framework [14] due to its openness and ease of use. In fact, GATE Java-based infrastructure 

offers a large variety of tools and components able to process human language: from the most simple 

token users and sentence splitters to more advanced parsers or name entity research tools. There are 

three particular types of components:  

Language Resources (LRs): represent entities such as lexicons, corpora, and ontologies;  

Processing Resources (PRs): represent entities that are primarily algorithmic, such as parsers; 

Visual Resources (VRs): represent visualization and editing components that participate in GUIs. 

We built a pipeline of PRs, where the most advanced tools rely on the results returned after the 

sequential execution of the previous resources, i.e., the annotations which include information 

associated to the text analysed (e.g., tokens, part-of-speech -POS-, features), to process and create 

further annotations using LRs. In particular, the main GATE components used in MoSSCa include the 

Stanford parser [15] and the gazetteer, introduced in the following paragraphs. 

The Stanford parser is a probabilistic parsing system with data files available for parsing Arabic, 

Chinese, English and German. This PR acts as a wrapper and translates GATE annotations to and 

from the data structures managed by the parser itself. In particular, this PR produces a type of 

annotation called Dependency, that represents a grammatical relation between words in a sentence. 

Stanford Dependencies (SD) are triplets composed by the name of the relation, a governor word and a 

dependent word. For instance, these type of relations represent which word is, respectively, the main 

verb, the subject, and the object in a sentence, or which noun an adjective is referring to. 

As regards the gazetteer, it refers primarily to a LR, namely, a set of lists containing names of entities 

such as cities, organisations, days of the week, etc. These lists are used to find occurrences of these 

names in text defined as entity recognition; in addition, the same term (i.e. “gazetteer”) is also used to 

refer the PRs that use those lists to find occurrences of the names in text. When a gazetteer PR is 

running on a document, it will enrich it with specific Lookup annotations for each matching string in 

the text that matches with the entities in the gazetteer LR. In particular, the OntoRoot gazetteer was 

adopted to create these lists of entities from two ontologies representing the Social Care domain. 

The first ontology is derived and extended from the Social Care Taxonomy 3 and it provides a 

controlled vocabulary and hierarchical arrangement of social care topics for browsing, searching and 

indexing material on Social Care Online. Its extended version consists of 1085 classes, 26 object 

properties and 3 data properties. In addition the knowledge bases were extended through the use of 

Human Diseases Ontology [16], a standardized ontology with the purpose of providing the biomedical 

community with consistent, reusable and sustainable descriptions of human disease terms, phenotype 
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characteristics and related medical vocabulary. The version adopted comprises 8797 classes and 15 

object properties. 

Finally, in order to glue together the semantic-enriched output obtained from the GATE toolchain 

with other distributed components, mainly MoSSCa mobile client app we exploit the lightweight 

Linked data format. Linked data has emerged as a paradigm for information integration across 

domains and systems [17], that typically adopts the RDF representation. The basic RDF model stores 

information as a set of labeled edges across nodes with unique, global identifiers. Typically, a 

standardized triple notation is used, consisting of RDF terms, typically referred to as Subject-

Predicate-Object triples. Data are usually stored in a data store (typically referred to as triple store or 

RDF store) and queried through the SPARQL Protocol and RDF Query Language (SPARQL) query 

language [18]. Among the several possible availalbe RDF serialization formats, in our work we adopt 

the JavaScript Object Notation for Linked Data (JSON-LD), a lightweight syntax to serialize Linked 

Data in the widely diffused JSON format, so to ease the integration with Web-based programming 

environments, such as the MoSSCa backend exposing Representational State Transfer (RESTful) 

APIs. 

B. Cloud Foundry 

Cloud Foundry is an open-source Platform as a Service infrastructure, initially developed by VMWare 

with the aim of promoting data backup and recovery and accelerate the entrance into the Cloud [19]. 

Cloud Foundry, primary written in Ruby, a dynamic, general-purpose object-oriented language, 

provides a number of frameworks, languages, and ready to use Services to the end users for 

implementing their web applications. 

Focusing on its distributed architecture, Cloud Foundry, to grant the widest possible scalability, 

reliability, and elasticity, follows some design guidelines, namely, loose coupling with event-driven 

and non-blocking interactions. Cloud Foundry includes: i) a local database component to store its 

internal state; ii) a set of internal core components realizing all main PaaS management functions; and 

iii) an API component acting as a service front-end to export service functionalities via interoperable 

RESTful APIs. Interactions between internal service components are facilitated by a publish/subscribe 

messaging service based on Not Another Tibco Server (NATS) and acting as common communication 

bus, whenever possible, and by management functions exposed via external RESTful APIs calls or 

NATS, especially to limit synchronization costs when frequent interactions are necessary such as for 

continuous resource monitoring. 

Following these main design guidelines, Cloud Foundry consists of five main components: the Cloud 

Controller, the Health Manager, the GoRouter, the Droplet Execution Agents (DEAs) and Warden 

Container and a set of Services. 

Other components include the User Account and Authentication (UAA) server for PaaS costumer 

authentication, and 

Stacks to provide a common set of development tools and libraries; for additional details about all the 

Cloud Foundry components illustrated in Figure 1, we refer interested readers to [19]. 

The Cloud Controller represents the core PaaS system component: this component exposes the main 

REST interface providing a set of APIs for PaaS clients to access the system. It maintains an internal 

database with specific tables to register apps, services, service instances, user roles, and more 

configurations. 

The Health Manager is a standalone daemon with the aim of retrieving the current applications status 

and of periodically checking and managing the application to recover it in a safe status in case of 

faults. For instance, when an application crash happens while it is running, the Health Manager will 

ask the Cloud Controller to re-start the application instance. 

The GoRouter is the daemon that routes incoming traffic to the appropriate component, usually the 

Cloud Controller or a running application on a DEA node such as in the case of the MoSSCa backend. 

Another essential component is the DEA that acts as local agent deployed at each computing node to 

manage the whole application lifecycle. In Cloud Foundry, applications are wrapped up and deployed 

as self-contained execution entities called droplets. Each droplet contains all needed configuration/ 

binding parameters as well as stop/start scripting logic to de-/ activate them. Cloud Foundry support 

droplet execution isolation via Warden Containers whose primary goal is to provide isolated 
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environments that can be limited in terms of CPU usage, memory usage, disk usage, and network 

access by using different kernel resource namespaces [19]. DEA acts as coordinator for all Warden 

Containers running on the same node and realizes several main key functionalities, such as staging 

and running applications (i.e., droplets), managing their lifecycle of each application instance running 

it in a separate Warden container, and starting and stopping containers/applications upon requests 

from the Cloud Controller. 

Every component communicates with each other with NATS, a lightweight publish-subscribe and 

distributed queuing messaging system [20]. The NATS client provides asynchronous communication, 

in order to grant non-blocking behavior when publishing messages through the service. When a 

component of Cloud Foundry first boots, it subscribes to the NATS server using the IP of the machine 

in which the messaging server is running and the port on which is listening using specific credentials 

(a username and a password). It then subscribes to all the subjects its interested in, and publishes 

messages such as heartbeats and advertising communications. 

Cloud Foundry provides a set of third-party components, such as an external DB service, called 

Services. Services are any type of add-on which can be provisioned alongside web applications, such 

as SQL and no-SQL databases, messaging system, etc. Each Service has a common architecture 

consisting in two components: a Service 

Broker that communicates with the Cloud Controller via a set of API for the provision and binding of 

a service instance; and a Service Node, where the real service processes are running. 

Let us conclude this section noting that Cloud Foundry, notwithstanding the management facilities, 

still lacks a thorough support for elastic scaling of applications at run-time. 

At the current stage, Cloud Foundry already offers some APIs to scale, either horizontally by adding 

new application instances or vertically by requiring more resources (e.g., memory and disk space), but 

those APIs have to be invoked directly by application providers; at the same time, some companies 

are offering their own autoscale support products for Cloud Foundry. However, an internal Cloud 

Floundry core component in charge of taking over all needed monitoring and dynamic reconfiguration 

operations needed to elastically scale applications and making them available to the final users 

automatically is still missing. 

 

Fig. 1. Cloud Foundry Architecture Overview 

3. System Architecture 

The design and deployment of a semantic-enriched speech recognition service for social care delivery 

pose several sociological and technological challenges stemming from the need to cope with different 

requirements. 

From the sociological point of view, social workers should be able to have a more convenient, real-

time and reliable experience when using an automated speech recognition service rather then when 

taking notes or writing assessments by hand in order to convince them to change their habits. In 

addition, by operating from mobile devices caregivers should rely on efficient speech recognition 
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services that do not drain mobile device’s energy impeding them to use their mobile devices for other 

tasks. 

From the technological point of view, since the social caregiver’s professional life can be very hectic, 

they often take crucial information about their patients during their sessions quickly and often using a 

lot of abbreviations. 

These confused notes are then usually clear just to the author and not very helpful to the team to plan 

coordinate actions or therapies. A quick way to gather this type of information in an understandable 

way is crucial to improve social care delivery results and effectiveness. To speed up interactions with 

the patient, the most convenient way to insert the information would be to speak directly to the mobile 

phone summarizing the patient information. This method anyway faces the technical challenge to 

transform the speech into a reliable and machine-understandable information. 

Information misunderstanding could produce several health risks for the patient and legally risks for 

the social worker, thus requiring reliable speech recognition techniques. In addition, without properly 

designed functionalities, it is impossible for a machine to understand information semantics or 

contextualizing the information gathered. 

To address these requirements, MoSSCa adopts two main guidelines, a semantic-enriched approach to 

speech recognition and a mobile cloud support. In particular, the MoSSCa mobile cloud-based 

architecture is composed of two modules: a client and a server application on the cloud, as represented 

in Figure 2. The client application must cope with the need for mobility of social carers. For this 

reason the speech recognition is performed through mobile devices, while the results are analysed first 

on a server application, where the domain of the speech is represented through ontologies, and, 

depending on the operation chosen, they are then compared on the mobile device with the context, 

which consists in the data previously known about the patients. 

This double check on the data enhances the reliability of both the machine understandable information 

produced and the text selected as best option. Moreover, let us note that storing the context at the 

mobile side allows to keep the server side very simple and stateless and to always have local access to 

patient information even in presence of possible intermittent disconnections. 

Splitting the whole process was even almost necessary under many different resource perspectives. 

First, since ontologies and models (representing the components of the language to be analysed) to 

perform the NLP tasks may be demanding in terms of storage available at the mobile device. Second, 

and most important, notwithstanding ever-increasing computing power available on mobile devices 

nowadays, NLP tasks require processing large models and knowledge bases (such as the two 

ontologies used in MoSSCa, that could increase for other different applicative domains) and that 

forced us to exclude the possibility to run at the mobile device 

Hence, moving the semantic enrichment workflow execution at a powerful cloud backend, with more 

resources and tools dedicated, is indeed a strict requirement in these mobile cloud scenarios. 

 

Fig. 2. Cloud infrastructure workflow 

4. Conclusion 

The exploitation of the Mobile Cloud Computing paradigm can leverage the design and deployment 

of several mobile applications whose potential is currently limited by the strict constraints on mobile 

devices. Mobile speech recognition represents a significant mobile application example that can take 
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advantage of the Mobile Cloud to extend its functionalities by offloading intensive memory and 

computation tasks to the cloud. This paper proposes MoSSCa as a novel mobile cloud-enabled speech 

recognition framework for social care delivery that can provide semantic-enriched text recognition, 

hardly feasible on mobile devices without a mobile cloud support architecture. In particular, MoSSCa 

exploits the mobile cloud infrastructure to enrich text obtained from the speech with semantic content 

and on the basis of semantic annotations to allow mobile devices to interpret and reason about the 

meaning of the text and the context the text relates to. Social workers can obtain with MoSSCa a more 

reliable, effective, and device’s battery-saving experience that can reduce their diffidence in relying 

on speech recognition instead of taking notes. An extensive set of experiments have been conducted 

that prove the semantic correctness, performance, and scalability of MoSSCa. 
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