
High-Confidence Computing 2 (2022) 100069 

Contents lists available at ScienceDirect 

High-Confidence Computing 

homepage: www.elsevier.com/locate/hcc 

VORI: A framework for testing voice user interface interactability 

Abrar S. Alrumayh 

∗ , Chiu C. Tan 

Department of Computer and Information Sciences, Temple University, Philadelphia, USA 

a r t i c l e i n f o 

Keywords: 

Voice user interface 

Smart speaker 

Usability 

Home voice assistant 

a b s t r a c t 

The ability of Voice User Interface (VUI) to understand how users will express their commands naturally and 

intuitively is an essential component of user experience, especially when the user is interacting with the VUI for 

the first time. Designing an automated method for testing the usability of VUI is a challenge for two reasons. 

First, there are many different ways for a user to express the same intention, e.g. “play some music ”, ””put some 

music on ”, etc., that is difficult to determine in advance. Second, many VUI apps today typically rely on the 

platform service provider (e.g. Amazon, Google, etc.) to perform many of the speech recognition and natural 

language processing tasks, and these services are provided as a blackbox. Consequently, it is difficult for the app 

developer to obtain information about errors and user feedback. In this paper, we propose a framework, VORI, 

to systematically evaluate the interactability of VUI, as well as a new metric for quantifying the interactability 

of a VUI. We use VORI to analyze 127 applications on Alexa by sending over 82,931 commands. Our analysis 

results highlight that 41.7% of apps only accept strict input that has to exactly match the developer’s predefined 

sample commands with an interactability score of 20% or less. This suggests developers should consider a better 

interactability strategy in the design of VUIs, and more research is needed to further explore the design space to 

improve the interactability. 
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. Introduction 

Voice user interfaces (VUIs) are increasingly being found on plat-

orms such as automobiles, head-mounted devices, and home smart

peakers. Unlike earlier VUIs found on platforms like laptops, where

he VUI complements other interfaces (e.g. keyboard) to provide hands-

ree interaction with the device, these emerging platforms have VUIs

s the primary means of interacting with the device. This means the

sability of VUIs is more important than before. A representative plat-

orm of this new voice-only paradigm is smart speakers like Amazon

lexa [1] and Google Home [2] . Approximately 60 million households

ow own a smart speaker [3] , and more than 100 million Alexa devices

ave been sold [4] . Given their popularity, this paper will consider VUIs

rom the perspective of Alexa smart speakers, though our techniques can

e extended to other VUIs as well. 

Smart speakers support an ecosystem similar to smartphones, where

he platform developer (e.g. Amazon, Google, Microsoft) provides an ex-

ensive API to allow 3rd party developers to develop smart speaker apps

n their platform. Users can enable these apps from an app store, just

ike smartphone apps, to provide various services, including controlling

ther smart-home devices (e.g. TV, lighting), aid services (e.g. creating

alendar reminders, setting alarm), and even performing virtual services

e.g. bank transfer, ordering takeout, hail a cab, etc.). Amazon market
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ow includes more than 100,000 of such apps, and the Google market

as over 4,000 apps [5] . This diverse set of 3rd party developers means

hat there is no consistent “interface ” that users can expect since each

rd party developer could implement their own voice commands differ-

ntly from each other. From the app developer’s point of view, this lack

f a standard interface makes designing smart speaker apps challeng-

ng, since there are many different ways of how someone will express

he same intention, based on their demographics [6] , age [7] , accent

8–10] , and so on. This makes it difficult for users to remember what

ommands a particular app can process [11] . The architecture of cur-

ent smart speaker apps further complicates the testing process since the

pp is hosted on the smart speaker platform as a black-box as shown in

ig. 1 . If there is some sort of error the voice interface typically returns

 default response (e.g. “I’m sorry, I didn’t quite get that ”) and quits.

his error could be because of background noise interference, the way

he command was phrased, the user’s accent, network failure, and so on.

his makes it difficult for the developer to accurately determine the root

causes. 

To help improve the usability testing for VUIs, we designed a testing

ramework, called VORI (Testing VO ice use R I nterface Interactability).

ORI will automatically and systematically evaluate the interactability

core to determine how well a VUI has been implemented to accept

ifferent kinds of user interaction. We envision that app developers can
u (C.C. Tan) . 
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Fig. 1. The architecture of Echo System where the app is hosted as a black-box. 
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se VORI to measure how well their particular VUI stacks up against

imilar kinds of apps to improve their design. Our main contributions

re as follows. 

• Unlike existing VUI testing tools which are limited to testing certain

APIs (e.g. apps that involve the alarm API cannot be tested), VORI

is able to be used to test any smart speaker apps. 

• We propose the idea of an interactability score to quantify how well

a VUI can accept potentially different ways a user may express their

commands. This score provides a convenient way of comparing dif-

ferent apps. 

• We leverage the intelligence of all the developers of similar apps

to arrive at a list of possible utterances representing the different

ways users could say things. We use natural language processing

(NLP) techniques to the collected commands to derive a larger set of

commands for testing. 

• We applied VORI to analyze 127 applications on Alexa by send-

ing over 82,931 commands to test, and analyze 89,635 responses.

We find that about 40% of apps only accept commands that exactly

match the developer’s predefined sample commands, which suggests

the VUI will result in a poor user experience. 

Note that while our current prototype focuses on the Alexa platform,

ur proposed techniques can be expanded to other platforms as well. The

est of the paper is organized as follows: The related work is discussed

n Section 2 . Then, we introduce the interactability metric in Section 3 .

ection 4 presents our testing framework design, followed by evalua-

ion Section 5 . Finally, Section 6 presents our additional discussion and

onclusion. 

. Related work 

With the growth of smart speakers, a large group of studies focuses

n understanding how users interact with VUIs, and what challenges

hey face with the aim of improving user satisfaction and learnability.

sers face challenges due to underlying software components ranging

rom natural language processing, error control to system responsive-

ess [11] . Purington et al. [12] examine VUI sentiment in Amazon cus-

omer reviews of Alexa’s Echo in order to identify characteristics that

ead to higher user satisfaction. According to their research, users pre-

er the personification of VUIs and this subjectivity can improve the

ser experience. Kirschthaler et al. [13] claimed that users struggle to

nteract with VUI due to, difficulty to discover and learn commands or

orgetting commands. A consistent challenge is determining what peo-

le can do with the interface through voice command. Users had diffi-

ulty issuing long commands, or commands had to be issued multiple

imes in order to complete the task [8] . This problem is exacerbated by

llowing third-party developed extensions to be made available, often

ith varying and inconsistent commands. As a result of this discover-

bility issue, users may fail to form an appropriate mental model about

he VUI, which results in a poor user experience [13] . Some may ar-

ue that rather than requiring developers to come up with plenty of

ariation, users should memorize specific phrases. However, for good

sability and a better user experience would be for users to choose their

wn phrases [14] . The existing literature indicates that there are still

sability issues; to address this, we developed VORI, an automated tool

or understanding the usability obstacles in interacting with VUIs. 
2 
Discoverability which is defined by how easy it is for users to find

nd execute features of VUIs has received attention in the literature. To

mprove the learnability and discoverability of VUIs, existing research

as focused on new interaction techniques that allowing users to ask a

ange of possible questions [15] , and adaptive and contextualized learn-

ng [16] . Recently [13] has revealed that strategies for increasing dis-

overability, such as making commands available via phrases like ”what

an I say? ” or either explicitly prompting users, significantly improve

sability scores. In comparison, our work also strives to understand the

sability of VUIs, but our approach is different in what we are measure.

nteractability measures how well the VUI will understand what a user

ill say naturally without the user having to learn anything at all. The

ationale for measuring interactability is that users may have different

ays of communicating with an app, and a good audio interface should

e able to recognize and implement these different ways. 

Work by Lentzsch et al. [17] , Alrumayh et al. [18] explore the secu-

ity and privacy risks on third-party applications that are built on top

f Alexa and identifying the limitations in the current app vetting pro-

ess. Another work [19] measure the effectiveness of privacy policies

rovided by the app developers. Existing works that adopted Natural

anguage processing (NLP) techniques to measure the trustworthiness

f app certifications [20] . Recently there is interest on building auto-

atic testing tool, work by Guo et al. [21] explore the behaviors of voice

pps to detect privacy violations in apps, and they found that many apps

equest users’ private information. While [22] proposed testing tool to

nvestigate the health-related applications on Alexa and how well they

omply with existing privacy and safety policies. These initial efforts all

ely on the simulator tool developed by Amazon for their Alexa platform

hat allows developers to communicate with an app using texts and ob-

erve its outputs also in text form. However, this text-based simulator

annot be used to test audio aspects such as accents and pronounce-

ents, and is restricted to certain APIs. Apps that involve some type of

larms, for instance, cannot be tested using the simulator. Comparing to

his work, we focused on usability metric by quantifying how well well

 VUI is able to predict what commands an end user will use to interact

ith the interface. 

. Interactability as a usability metric 

The idea behind interactability is to measure how well a VUI is

ble to match what commands someone will use to interact with the

nterface. There are many different ways of how someone will express

he same intention, based on their demographics [6] , age [7] , accent

9,10] , and so on. Take for instance, a VUI for an alarm app. A user may

et the alarm by saying, ”set the alarm for 7 in the morning ”, ”wake

e up at 7 am ”, ”wake me up in 8 hours ”, ”tell the alarm I want to

ake up at 7 in the morning ”, ”wake me up to [song name] by [artist]

t 7 am ”, etc.. Since the VUI developer can only program the correct

esponses based on the developer’s prediction of what users’ might say

o interact with the app, the more accurate the developer’s predictions

re, the better the end-user experience is going to be. 

The interactability score is a means of quantifying how well this pre-

iction is made. A VUI with a high interactability score will be able to

espond to a more diverse set of commands, than a VUI with a low in-

eractability score. More formally, we define the interactability score

 𝑖𝑛𝑡𝑒𝑟𝑎𝑐 𝑡 _ 𝑠𝑐 𝑜𝑟𝑒 ) as 

𝑛𝑡𝑒𝑟𝑎𝑐 𝑡 _ 𝑠𝑐 𝑜𝑟𝑒 = 

Θ𝑢𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑠 

Θ𝑖𝑛𝑝𝑢𝑡 

⋅ 100 (1) 

here Θ𝑖𝑛𝑝𝑢𝑡 is the set of what users might say to the VUI, and Θ𝑢𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑠 

s the set that represents what the VUI developer predicts users might

ay when using the VUI. 

Interactability and other metrics. We believe the idea of inter-

ctability can fill in a gap in existing VUI usability evaluation. Tradi-

ional metrics from NLP, like word error rate (WER), match error rate

MER), and word information lost (WIL) [23] , are helpful in determin-
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Fig. 2. An example of modifying voice commands. 
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ng how accurate the VUI can translate human speech into text. While

he accuracy is an essential component in determining the usability of

 VUI, it is insufficient, since the app design may not have anticipated a

articular way of expressing a command, and hence, the accurate trans-

ation will still result in an error. More recent work on VUI has proposed

he idea of discoverability [13] , a measure of how easy it is for users to

nd and execute features of VUIs. Discoverability is a useful metric be-

ause there are no conventions on how users will typically express stan-

ard commands such as searching for information, saving a file, and so

n, nor is there a standard vocabulary that users are expected to use

or these common tasks [24] . The easier it is for a user to learn what

ommands the VUI will understand, the better the user experience. 

Interactability is different from discoverability in that we are at-

empting to measure how well the VUI will understand what a user

ill say naturally without the user having to learn anything at all. This

ill increasingly be important since platforms like Amazon Alexa sup-

ort “apps ” or “skills ” from third-party developers. Looking at the trend

rom smartphones, we can expect that users may install dozens, if not

undreds, of apps that rely on VUI. Users may not want to learn how to

nteract with each app individually. An app with a good interactability

core that just works will provide a better user experience. 

How developers manage interactability? The general guidelines

hen designing a voice app will recommend developers to build a set

f likely spoken phrases, which should include as many representative

hrases as possible [25] . The app’s usability directly depends on how

ell the sample utterances and custom slot values represent real-world

anguage use. However, there is currently no mechanism for developers

o determine whether their set of representative phrases is adequate. 

Furthermore, the current architecture of VUIs in general ( Fig. 1 ),

akes it difficult for developers to collect user errors to improve their

roducts. On the Alexa platform, for example, when a user sends a re-

uest, Alexa will try to match with one of the predefined lists of ut-

erances, if the developer did not implement a particular vocabulary

erm or expression, or If the user clearly asks for a value not spelled

ut, Alexa typically returns a default error response (e.g. ”I’m sorry, I

idn’t quite get that ”) before quitting. To handle these unexpected utter-

nces ”out-of-domain requests ”, or when a customer says something that

oesn’t map to any intents, developers are allowed to implement AMA-

ON.FallbackIntent built-in library that lets them respond gracefully to

n out-of-domain request. They can provide additional instructions or

ample utterances on what the app does and reorient customers. In this

ase, developers will be informed there is an out-of-domain request but

ill never know the ”exact utterance the user says ” that causes the error.

. VORI framework for testing voice user interface 

While the computation of the interactability score ( Eq. (1) ) appears

traightforward, designing a framework to automate the testing process

as its own challenges. The usefulness of the score depends on how well

𝑖𝑛𝑝𝑢𝑡 reflects what users will say in the real world. A straightforward

pproach of using a small-scale user study is unlikely to capture the
3 
iverse ways of communicating the same piece of information, while a

arger-scale user study, will be expensive to conduct for every app that

tilizes a VUI. 

Our VORI framework addresses this problem by leveraging the col-

ective intelligence of multiple developers. The intuition is that since

ach individual app developer has put in the effort to predict how a

ser might interact with his specific app, our approach is to compute

𝑖𝑛𝑝𝑢𝑡 by aggregating the sample commands from similar apps made by

ultiple different developers. For example, to test an app that reminds

he user to workout, we will collect the sample commands from other re-

inder apps (e.g. remember to buy milk, do homework, etc.), and then

rocess these commands to compute this list of possible commands for

he workout reminder app. 

.1. Design of VORI framework 

The VORI design can be broken down into three components: com-

and collection, command modification , and response analysis . We cannot

irectly use voice commands from other apps, since these commands are

enerally tailored for specific apps. For example, an exercise reminder

pp will not understand the commands for a medication reminder app,

ven though both are reminder apps. 

Collecting voice commands Amazon Alexa allows developers to

rovide command samples on their apps’ introduction pages in the store

o help users understand how to use the app, hoping to make the app

asy to use. We automatically crawl the introduction page and extracts

ample command inputs to initialize the interaction. The standard po-

ition of the sample command can be located by using ”a2s-utterance-

ox-inner ” in the source code of the web-page. Also, we found that some

evelopers include additional sample commands in the app description

hich usually appear in double-quotes or in the form of lists. To extract

hese commands from the app description, we followed the process used

y Shezan et al. [22] . We used a web crawler that collects sets of valid

tterances for VUIs from similar apps and subsequently generates the

ealth of possible commands across various apps. We consider all apps

nder the same category in the app store are similar. For example, on

he Alexa app store [26] under the ”Productivity ” there are ”Alarms &

locks ”, ”Calendars & Reminders ”, and ”To-Do Lists & Notes ” categories,

herefore we treat all apps in each individual category as similar apps.

odifying voice commands After collecting the commands, we do ad-

itional processing to increase the number of testing cases and allow

ross app evaluation, i.e. take command for creating a reminder to take

 medicine and test in another app that creates reminder recycling week,

ince both apps are supposed to accomplish similar tasks. Fig. 2 , we

odify the command to take medicine ”Alexa, ask Remind me I want to

emember to take my pill next Tuesday 7 pm ” to ”Alexa, ask Trash Day

 want to remember the recycling week for Green bins next Tuesday 7

m ”. However, in some cases replacing the event ”take my pill ” with the

ype of events supported by the target app ”recycling week.. ” is more

hallenging. As some apps enforce specific keywords or structures for
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Fig. 3. Parsing user commands into invocation name, utterance, and slot. 

Fig. 4. An examples of Part-of-Speech tagging parsing the command ”change 

my retirement date to November 2 ”. 
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Fig. 5. An examples of Shallow Chunking parsing the command ”change my 

retirement date to November 2 ”. 

Table 1 

Example rules for response understanding. 

Rule Situations Response Type 

R1 ”My apologies, please repeat your command ”, 

”sorry, I don’t understand ”, ”I am having trouble 

understanding ”, ”I could not find what you ask 

for ”, ” I don’t get that ”, ”I am unable to find that ”

Failure 

R2 statement, wh-questions, ”okay I’ll remind you.. ”, 

”created successfully ”, ”Your [reminder, task, 

record] created successfully ”, ”when should I 

remind you ”, ”What the reminder for ”

Recognized 

R3 ”You can say.. ”, ”say ”, ”ask ”, ”just ask.. ”, ”Here 

are some things you can say ”, ”Please say ”

Help 

m  
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ommands. As a consequence, the structure of input commands has to

e carefully designed. Fig. 2 shows an example of an app that strict

sers to say the keyword ”Record Memo ”. 

Fig. 3 illustrates the components of the voice command to create a

eminder. Each command has four main parts: the wake-up word, launch

equest, invocation name, and utterance. The wake word is the voice

ervice’s name (Alexa) that puts the Alexa into the listening mode to take

he users’ requests. The invocation name is the app name. Utterances

re phrases the users will use to make a request which identifies what

he user wants the app to perform. Utterances may contain a slot that

epresents free text entered by the user to give the app more information

bout that request. We take each of the documented commands from

ll apps and generate corresponding commands for each app. The first

wo parts of the command, wake-up word, and launch request, will not

hange. The third part, invocation name, simply replaces it with the

arget app’s name. Our main focus is the fourth part, the utterance. 

In order to automatically generate the corresponding utterances, we

sed a Natural Language Processing (NLP) approach to analyze the se-

antic meaning and understand each word of the utterance. Therefore,

 suite of NLP processes is applied to the crawled commands to derive

 larger set of commands by keeping grammar and only changing key-

ords. Fig. 7 depicts the process of commands generator. Specifically,

e apply Part-of-Speech tagging (POS) , followed by Shallow Chunking ,

hen Entity Recognition . POS is a process of deciding the type of every

ord in the text (nouns, verbs, adjectives, etc.) based on its definition

 Fig. 4 ). While shallow chunking is a process of analyzing the struc-

ure of a sentence and linking words to syntactically related groups that

akeup phrases ( Fig. 5 ). Finally, entity recognition is the information

xtraction process to obtain a list of named entities such as the name of

 person, date or time, number, place, organization or product, etc. This

s likely the same technique used by Amazon on recognizing patterns

nd meaning within users’ commands [27] . In order to identify the key-

ord which needs to be modified, we focus on the ”NP ” tag embedded

nside the ”VP ” tag. Thus, to identify the task or record that needs to be set,

djust, look-up, etc through using the NLP, we first locate the ”NP ” tag and

hen replace those events with the type of events supported by the target app,

.g. water the planet, as a keyword to replace. Analyzing VUI responses.

fter the command is sent to an app, it will feedback a response. VORI

hould understand these responses in order to evaluate the interactabil-

ty. To understand diverse responses, we should classify responses into

ifferent types, and further analyze usability according to their types.

ased on the interactability score ( 𝑖𝑛𝑡𝑒𝑟𝑎𝑐 𝑡 _ 𝑠𝑐 𝑜𝑟𝑒 ) of this paper, we clas-

ify app responses into three types: failure, recognized, and help. If an

pp fails to recognize the input command, the app will provide an error
4 
essage such as ”sorry, I don’t understand that ”. If the app successfully

ecognizes the input command, the app’s response will be in the form

f a statement such as ”your reminder created successfully ”, or ask fur-

her questions to proceed with the user’s request such as ”when should I

emind you ”. If the app is not programmed to recognize the input com-

and, the app will respond with help by giving informative instructions

hat guide users to say the correct command such as ”You can say.. ”, or

just ask for ”. We summarize the rules as shown in Table 1 . These three

ypes help in quantifying how well the prediction is done. We defined

he Θ𝑢𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑠 as the number of recognized and help : 

𝑢𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑠 = 

∑
𝑅 + 

∑
𝐻 (2) 

here 𝑅 is the recognized responses, and 𝐻 is the help responses. 

We develop a rule-based approach because the app’s responses usu-

lly have clear patterns, such as using the words ”ask ” or ”say ” as in-

truction responses for help requests. The main reason is the samples

iven by Amazon for developers as design guidelines to build apps [28] .

or example, in case of failure or unaccepted command, the app typi-

ally returns a default response, ”I’m sorry, I didn’t quite get that ” [8] .

n order to create a repository for those responses, we interact with 60

andomly selected apps using the commands database and collect the

esponses. Then we manually analyze, label, and build a repository of

esponses related to the three testing metrics. 

Then we define matching rules based on the three rules in order

o decide which pattern is used in the response. In particular, we use

ython library for rule-based matcher in NLP. The first thing we define

he patterns that we want to match ( Table 1 ). Next, we add the patterns

o the Matcher tool, then we apply the Matcher tool to the responses

utput file generated by the interaction tool. Finally, the matcher looks

or patterns that we have encoded as a knowledge base. It processes

ord by word by first lemmatization each word to its base version based

n its context and intended meaning (i.e ”be ” is the lemma for ”was ”

nd ”is ”). 
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Fig. 6. Interaction tool framework. 

Fig. 7. Commands generator NLP process. 
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Table 2 

Basic statistics of number of apps in each category. 

Category Description # Apps 

Record Tracking Activated by the use, i.e to-do List and Calendar 119 

Reminders Automatically activated, i.e. Alarm 8 

Table 3 

Computation Overhead (in second) of VORI. 

Experiment #Apps #Commands Time (Seconds) Accuracy 

Interactability 127 83584 5,896 98% 

Recovery from failure 127 381 1,279 99.3% 
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.2. Prototype development 

VORI builds the POS tagging, shallow chunking, and entity recogni-

ion using NLTK natural language toolkit, speech synthesis module using

yttsx3 a text-to-speech conversion library, speech recognition module

sing PyPI library, and rule-based matching using SpaCy an open-source

oftware library for advanced Natural Language Processing. We ran a se-

ies of experiments by using VORI. We performed all the experiments

sing third-generation Echo and Apple MacBook with a 2.7GHz CPU

nd 16GB of RAM. 

Text to Speech (TTS). This component is responsible for automating

peaking a command to the smart speaker. We implement a speech syn-

hesis module using Python library [29] . It takes text command as input

nd converts it to a synthesized voice. The result is robotic or artificial

oices that transmit to the Alexa Echo device. Then Alexa invokes the

arget app and starts the interaction. The app provides an audio reply

hat is captured by the response collector component. 

Response collector. This component is responsible for recording the

pp’s responses and transforming them into texts by using the speech

ecognition module. We implement a speech recognition module using

ython library [30] that captures responses, communicates with the

oogle API in real-time to convert speech to text, and produces a text

le containing each app’s responses as input for further analysis. 

. Evaluation 

While VORI can be used to evaluated smart speaker apps in general,

e center our evaluation on smart speaker apps that involve alarms

nd alerts used to help prompt users. The reason is that this kind of

eminder-type apps cannot be tested using existing smart speaker text-

ased simulators. 

Data set collection: There are 23 different categories and 66 sub-

ategories listed on the Alexa app store. The app store does not support

ltering apps that make use of alarms and alerts. We wrote a Selenium-

ased [31] web crawler to automatically access an app web page and

ollect app information from the Alexa app store [26] under the ”Alarms

 Clocks ”, ”Calendars & Reminders ”, and ”To-Do Lists & Notes ” lists pro-

ided by Amazon under the ”Productivity ” category to create the data

et. 

The web crawler automatically collect app information. For each

pp, we obtained the following information: the invocation name, cate-
5 
ory, description of the app’s capabilities, sample voice commands, and

ustomer reviews. We restricted our scope to free applications that are

n English, and with a customer reviews greater than five. This left us

ith a final list contains a total of 127 applications ( Table 2 ). This list

ollected from the U.S. store on March 2021. We extracted 653 sample

ommands in total. 

Accuracy of VORI: We first measure the accuracy of VORI to show-

ase the interactability score is a suitable metric. Regarding accuracy,

e care about the classification accuracy of the responses analyzer. Ac-

uracy of response prediction impact the interactability score. We ran-

omly select 70 apps. Then we manually interact with them to collect

s many responses as possible. 170 responses from apps are collected,

ncluding 70 recognized responses, 60 failure responses, and 40 help

esponses. Such collected responses use as the ground truth for compar-

son with the result explored by VORI. We found that VORI achieved

ood performance with 98% accuracy for predicting the recognized ver-

al commands that apps in Alexa can accept. An accuracy of 99.3% for

redicting the failure responses. Finally, VORI achieved 100% accuracy

n prediction help provided by apps to allow users to recover from failure

asily. 

Overhead of VORI: VORI is designed to analyze the interactabil-

ty of apps. So the overhead of traversing is important to evaluate the

erformance of VORI. VORI has generated 82,931 commands within

401 s. Table 3 shows the overall overhead of interactability testing

ith VORI. It has analyzed 127 apps and measure their interactability

ithin 5896 s. Each app costs about 46 s on average, the time varies
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Fig. 8. Processing time of different number of utterances (the result averaged 

over ten trials). 
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Fig. 9. Interactability Score. 

Table 4 

How esy it is for a user to recover from failure. 

#Apps Situation 

Support recovery from 

failure 

19 Respond with a suggested command to use 

Don’t support recovery 108 Respond with an error message then quit 
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or different categories that depends on the function and the branches

f the app. Then we evaluate VORI’s performance in analyzing the help

rovided by apps to allow users to recover from error easily. To evalu-

te, we send three commands to each app that marked as a failure by

he app from the previous test. In this process, VORI has analyzed 127

pps within 1279 s in total. 

Overhead of the numbers utterances: We looked at the perfor-

ance penalty, whether increasing the number of utterances impacts

pp performance and adds additional overhead to the request process-

ng time ( Θ𝑖𝑛𝑝𝑢𝑡 < Θ𝑢𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑠 ). To answer the question, we build four apps

hat used 10, 100, 1000, and 10000. sample utterances to check the

verhead of the bucket size. We query identical commands to all apps.

ig. 8 shows the processing overhead of increasing number of utter-

nces. The evaluation results averaged over ten folds, each fold used

ifferent set of commands. 

We found that the larger number of sample utterances does not have

 negative performance impact . The performance from the speech send

s input until the moment the app is called is Amazon’s responsibility.

he utterance matching in Amazon works as follows. First, they take the

pp utterance file and parse the words and phrases into a decision tree.

hen, when the speech is received, they will convert it to phonemes,

nd then into words. Alexa goes through the trees and finds the highest

onfidence matching. The preparation of utterance is done at submit

ime, while the speech analysis has to be done at run time. Therefore,

he size of the utterance file doesn’t matter, it’s the depth and number

f branches of the tree. 

Finding: To compute 𝑖𝑛𝑡𝑒𝑟𝑎𝑐 𝑡 _ 𝑠𝑐 𝑜𝑟𝑒 ( Eq. (1) ) we used generated com-

ands to investigate the flexibility of these apps measure by the per-

entage of commands they accept. For each app, we use VORI command

odification component to generate corresponding commands from all

53 crawled lists of commands. In total, 82,931 commands generated.

n this stage, we send the 82,931 commands as input to the target app,

nd we observe the app responses. For example, to add a record: ”Alexa,

sk [app’s name] to add lunch with friends on July 8th at 11:30 am ”,

o look-up the active records: ”Alexa, ask [app’s name] what is in my

chedule July 8th? ”, to adjust records: ”Alexa, ask [app’s name] to move

y lunch with friends over to July 11th at 12 pm ”. Then VORI uses re-

ponse analysis component to compute Θ𝑢𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑠 using ( Eq. (2) ). 

From Fig. 9 , we can observe that 90 (70.8%) apps only accept at most

0% of the total commands in the dataset. Among them, 53 apps only

ccept a pretty strict input that exactly matches the developer’s prede-

ned sample commands. For example, one app restricts the input entry

o be: ”remember my [to-do task] as ” followed by only ”this week ” or

next week ”, no other input will be accepted. The remaining 37 apps

ccept up to 80% of the total commands in the dataset. These apps have

etter interactability and more flexible that can accept a free flow of
6 
ext in any structure, giving the user more flexibility to add more infor-

ation about the request. For example, the app accepts both following

ommands: ”remind me to pick up kids from school at 3 pm ”, or ”add

ick up kids to my today reminder ”. 

Then, we measure if the user uses an out-of-domain command that

s not implemented by the developer how the app will behave, does the

pp responds with suggested commands, or just respond with the default

rror response and quit. For good interactability, the app is supposed to

rovide informative guidance such as instructions on how to use core

unctionality and the correct command. To evaluate, we use VORI to

end three unrecognized commands to each app. 

Even though, Amazon design guidelines suggest that every app

hould implement a ”help ” function for better user experiences. From

able 4 , we can see most of the apps (108) provide informative instruc-

ions on how to use core functionality if the command explicitly asks for

elp. Among them, less than a third (19 apps) reply with the correct

ommand if the input command does not recognize by the app. How-

ver, the rest 57 apps don’t provide a help function, they just respond

ith failure response and quit. So it is hard for the user to determine

he cause of the error that may cause bad user experiences. Example of

ad customer reviews ”The app doesn’t work, don’t know why ”, ”Very poor,

oesn’t recognize the common command. disappointed ”, and ”it doesn’t even

nderstand that phrase ”. 

Comparison of VORI against existing techniques: There are two

ain techniques to test the usability of VUI: user study, and an auto-

ated testing tool. Traditional user study testing efforts center on

uestionnaires and interviews to gauge the usability and utility of a

iven VUI. A large group of users studies focuses on understanding

ow users interact with smart speakers, and what challenges they face

8,11,13] . We categorized papers based on the size of the test group,

valuation matrix, and number of analyzed skills. The results are pre-

ented in Table 5 

Some of the more common questionnaires for overall system de-

ign include the Mean Opinion Scale (MOS) [33] , System Usability

cale (SUS) [34] , and NASA Task Load Index (NASA-TLX) [35] . In ad-

ition to this, there are questionnaires focusing only on voice system

sability, such as the Subjective Assessment of Speech System Inter-

aces (SASSI) [36,37] , and Speech User Interface Service Quality (SU-

SQ) [38,39] . 
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Table 5 

Traditional user study usability testing. 

Research Work Size of Test Group Skills Analyzed Evaluation Matrix 

[11] 12 1 What common obstacle categories users encountered, and what tactics they developed to overcome these obstacles 

[13] 18 1 Completion time, number of errors, number of turns per task, and number of completed stages 

[8] 114 Undefined System Usability Scales and User Experience Questionnaire(UEQ) [32] 
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Limitations: First, a small-scale user study is unlikely to capture the

iverse ways of communicating the same piece of information. A larger-

cale user study, on the other hand, while able to yield better results,

ill be expensive to conduct for every app that utilizes a VUI. Second,

he result is hard to interpret. It is difficult to use them to identify issues

elated to user interaction, such as determining whether their skill can

dequately match what users’ might say. VORI scale-up the analysis by

eveloping automated tools. 

More recently, there is an interest in building automatic testing

ools to facilitate the analysis of skills on a large scale [21,22] . Skill-

xplorer [21] is a grammar-rule-based testing tool to automatically ex-

lore the behaviors of skills to detect privacy violations. They tested

8,904 Amazon skills and 1,897 Google actions. They identified 1,141

kills request personal information without disclosing it in their privacy

olicies. While VerHealth [22] proposed a testing tool to investigate the

ealth-related skills on Alexa and how well they comply with existing

rivacy and safety policies. The authors tested813 health-related skills

n the Amazon Alexa platform, and adopts a simple interaction model

o collect limited responses from skills. 

Limitations: These initial efforts all rely on the simulator tool de-

eloped by Amazon for their Alexa platform that allows developers to

ommunicate with a skill using texts and observe its outputs also in text

orm. However, this text-based simulator cannot be used to test audio

spects such as accents and pronouncements, and is restricted to cer-

ain APIs. Skills that involve some type of alarms, for instance, cannot

e tested using the simulator. SkillExplorer only focuses on identifying

kills that collect private information, without evaluating skills usabil-

ty. VerHealth mainly focuses on detecting health-related policies vio-

ations. These tools provide no feedback to developers on how well the

ystem will perform in the wild, such as speaking cadence and accent for

udio systems. While VORI focuses on usability metric by quantifying

ow well well a VUI is able to predict what commands an end user will

se to interact with the interface. 

. Additional discussion and conclusion 

In the future, we would like to expand the VORI tool to operate well

eyond the Alexa context and perform a cross-platform analysis. VORI

ool can be easily extended to other smart speaker platforms since smart

peakers generally all have similar system architecture, support similar

nteraction interface, follow very similar patterns for building apps, and

ollows similar patterns of voice commands. We also want to consider,

he newer paradigms of VUI, such as Firefox Voice [40] and the DIY

ssistant [41] , since they are open-source web-based voice assistants. 

We would like to explore more about the usability of human-to-app

nteraction. For that, we need people trying commands and trying each

pp. Investigate the correlation between VORI and the usability tests

ith humans. Even though VORI can also help VUIs developers to proac-

ively test their own apps during the development phase to evaluate

nteractability, more research is needed to explore the design space to

urther improve the interactability. 

Currently, VORI is designed to evaluate one usability metric (inter-

ctability) for VUIs. We are aware there are other usability metrics, such

s measuring users’ overhead to accomplish a task without much confu-

ion or undue effort. Our future work will focus on extending our tool

o check other metrics and evaluate a broader set of usability metrics. 
7 
To conclude, in this paper we developed a tool called VORI, a frame-

ork that can systematically evaluate the interactability of VUI apps.

he key technique of collecting input commands that reflects what users

ill say in the real world is aggregating the sample commands from sim-

lar apps made by multiple developers. Then, a suite of NLP processes is

pplied to these commands to derive larger test set commands and al-

ow cross-app evaluation. Finally, VORI analyzes apps’ responses, clas-

ify them into different types, and further compute interactability score

ccording to their responses. We applied VORI to analyze 127 applica-

ions on Alexa by sending over 82,931 commands. Our analysts show

here are still many open challenges to build usable VUI, to improve

he user experience of VUIs. The app developer still needs to accurately

etermine how a user will actually talk to the app and configure the list

f ways a user could invoke various app functions. 
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