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Abstract
Interaction in rich natural language enables people to exchange ideas efficiently

and achieve their goals more quickly. Modern personal intelligent assistants, such
as Apple’s Siri and Amazon’s Echo, utilize conversation as their primary communi-
cation channels and illustrate a future in which conversing with computers would be
as easy as talking to a friend. However, despite decades of research, modern con-
versational assistants are still limited in domain, expressiveness, and robustness. In
this dissertation, we present a system that blends real-time human computation with
artificial intelligence and is able to have real-world open conversations with users.
Instead of bootstrapping automation from the bottom up with only automatic compo-
nents, we took a top-down approach that started with a working crowd-powered sys-
tem. We developed and deployed a crowd-powered conversational assistant, Chorus,
and then created a framework, Evorus, that enables Chorus to automate itself over
time. Evorus allowed external task-oriented chatbots and chattterbots to be added
into Chorus to take over parts of conversations, reuse crowd-submitted responses to
answer future similar questions, and gradually learn to select high-quality responses
to reduce its reliance on crowd oversight. To make the deployment more robust, we
invented a new recruiting method, the Ignition model, to hire workers quickly. We
then created Guardian, a framework that easily converts Web APIs to task-oriented
chatbots, to empower Chorus through Evorus framework. In order to prevent each of
chatbots that Guardian created from preparing its own ad-hoc parameter extractors,
we introduced Dialog ESP Game to have crowd workers reliably extract information
from running dialogs in a few seconds. Finally, to augment Chorus’ capability in
controlling users’ devices and environments, we created InstructableCrowd, a sys-
tem that generates trigger-actions rules based on conversation. In our two-year-long
deployment, more than 420 users have talked with Chorus during more than 2,200
conversation sessions. Our work demonstrates how a crowd-powered conversational
assistant can be automated over time, and more importantly, how such a system can
be deployed to talk with real users to help them with their everyday tasks.
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Chapter 1

Introduction

Personal intelligent assistants, such as Amazon Echo, Google Home, and the millions of chat-
bots on the Facebook Messenger platform, illustrate a future where users can seek help from
computers using natural language. Currently, however, these devices have not yet realized the
functionality imagined by scientists, �lmmakers, and science �ction novelists, where intelligent
assistants communicate with humans using natural language �uently, ask questions to learn what
users want, track recent interactions, and learn from experience to make interactions more �uid
and ef�cient.

Researchers in the dialog system community have made signi�cant progress in enriching the
capability of these systems, yet creating a fully automated system that can hold a long, sophis-
ticated, open conversation with users is still a challenge. Indeed, in 2018, Amazon offered a $1
million prize for a system capable of holding a high-quality 20-minute social conversation with
users. So far, no team has achieved this goal [145].

Although automated dialog systems have not yet realized their promise, crowd-powered con-
versational assistants have been shown to be able to hold high-quality conversations with users.
However, few studies have explored how to transition a crowd-powered system into an auto-
mated system. In this dissertation work, we demonstrate that a crowd-powered dialog system
can be automated over time to support real-world conversations. In this chapter, we describe the
motivation, scope, goal, and overview of this dissertation.

1.1 Thesis Statement

The thesis of this dissertation is as follows:

By integrating new chatbots into a crowd-powered conversational assistant,
reusing crowd answers, and gradually reducing the crowd's role in choosing
high-quality responses, a crowd-powered dialog system can be automated over
time to support real-world open conversations.

1



1.2 Goals of A Conversational Personal Assistant

The goal of this dissertation work was to automate a functional crowd-powered dialog system
capable of holding open conversations. Real-world conversations are multiplicitous: Interlocu-
tors ask questions, exchange information, or express thoughts, feelings, and ideas. Often, these
conversation are not restricted to a single domain; conversation ebbs and �ows, seamlessly or
abruptly, through multiple domains that may not have an immediately logical connection to pre-
ceding conversational turns. While human interlocutors are adept at navigating such leaps in
logic or domains in order to keep the talk going, dialog systems have not yet shown the same
capability on a large scale. Therefore, dialog system researchers must de�ne the scope of such
a system; namely, what capability a system should have when it can said to hold open conver-
sations. To answer this question, we break down the task of “holding conversation” into a set
of six sub-goals that an ideal personal assistant should achieve. In the following, we list these
sub-goals and map them to existent works in dialog system research, which we later elaborate in
the Related Work chapter (Section 2.1).

1. Task-oriented dialogs: The primarily goal of a personal assistant is to accomplish tasks
for its user. In order to help with various tasks, a conversational assistant should be able to
understand user requests, help users narrow down an idea into a concrete request through
conversation, ask follow-up questions to collect needed information, con�rm with users
when it's unsure, and eventually perform the task reliably. A large body of work has
been devoted to task-oriented dialog systems. We provide a comprehensive overview and
explain their limitations in the Related Work chapter.

2. Multi-turn interaction: A personal assistant should be able to have multiple, lengthy
back-and-forth exchanges with users. Today's voice-enabled devices, such as Amazon's
Echo, only support single-turn or short interactions (e.g., one-shot voice commands). Mod-
ern task-oriented dialog systems, such as DialPort [190] and Olympus [23], fare somewhat
better. These systems use dialog states and policies to manage the progress of a conver-
sation and are capable of holding limited conversations. Similarly, current social bots can
barely manage meaningful chit-chat with users.

3. Multiple & open domains: Conversational personal assistants should be able to under-
stand and respond correctly to content from multiple domains rather than just one. For in-
stance, when people talk about traveling, they often discuss related matters such as �ights,
food, weather, or attractions. Furthermore, human-to-human conversation offers unlimited
possible conversational domains. While some domains (e.g., weather, food) arise more
frequently than others, open conversation requires at least some ability to understand and
respond to communication in any arbitrary domain. Current state-of-the-art task-oriented
dialog systems such as DialPort [190] and social bots such as SoundingBoard [51] often
can hold conversations in multiple domains; however, these domains need to be prede�ned
and the systems will go off track quickly when the topic �ows out of domain.

4. Personalized:Conversations implicate underlying knowledge about the world, the speak-
ing context, and the speakers involved. Consequently, people say different things to dif-
ferent people even about similar topics, and any automated system should be able to do
the same. Although a few researchers have tried to create a personalized conversational
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system for recommendations [153] or chat [12], personalization is not the primary focus of
dialog system research. Nevertheless, an ideal personalized conversational assistant will
function as a recommender system that returns different results to the same query from
different users based on each user's unique behavioral history.

5. Mix with social dialog: The dialog system community often deals with task-oriented di-
alog and social dialog, where the goal is to engage users, separately. However, real-world
conversation often contains a coherent combination of both types. Consequently, conversa-
tional assistants should be capable of responding appropriately to both task-oriented dialog
and social dialog. We describe prior work in social bots in the Related Work chapter.

6. Open-ended discussions:In the real world, some questions do not have well-de�ned
answers and thus some conversations might not have a clear end goal. An ideal conver-
sational assistant should be able to hold such open-ended discussions to a certain extent.
Ultimately, a successful conversational assistant will be able to engage users in dif�cult
decision-making questions (“Which school should I go?”), knowledge-seeking questions
(“can you tell me politics in South Korea?”), and even philosophical discussions (“what's
the meaning of life?”). Although this is the goal of many social bots, today's technologies
are still far away from its realization. As such, of the six, this sub-goal remains the most
elusive.

This dissertation work focused on text-based dialog system assistants. Text-based systems
bypass the technical bottlenecks of understanding and generating multi-modal content, which
allows researchers to engage the core challenges of conversational intelligence. Furthermore,
text-based systems are generally easier to scale because they avoid the engineering burden raised
by managing, storing, and streaming video and audio. Therefore, conversation is an ef�cient
interface for communicating with dialog systems – whether fully automated, semi-automated, or
operated entirely by people – with human-level intelligence. We aimed at building a text-based
personal assistant that can answer user's questions in various domains, provide personalized
suggestions, brainstorm ideas with users, discuss complex topics meaningfully – and be scalable
and affordable at the same time.

1.3 Why conversation?

Conversation is a worthwhile modality for communicating with computers because it is natural.
People from diverse backgrounds and with different knowledge use natural language to exchange
ideas ef�ciently, come to a shared understanding quickly, and describe nearly anything in pre-
cise detail. The success of voice interfaces (e.g., Amazon's Echo, Google's Home, or Apple's
Siri) indicates that people enjoy the ease and convenience of interacting with their technologies
and are willing to do so despite privacy concerns. This further suggests that people who inter-
act with personal devices would welcome a system that could mimic longer, more meaningful
conversations, in particular when those conversations can take place with minimal technological
interruption.

Because conversational interfaces only requires a microphone or a keyboard, which nearly all
smart devices already have, and with which most people are already familiar, these personalized
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Figure 1.1: (Left) The book, “Talking to Siri,” demonstrates that despite advances in conversa-
tional assistants, users still must adapt to what these assistants can understand [134]. (Right)
Amazon emails Echo users every week to instruct them how to talk to the device.

assistants represent a logical extension of today's technological capabilities. Indeed, in a panel
discussion at CHI 2017 [52], Pattie Maes described three trends in today's technologies: the
locations where interactions take place are getting closer to human bodies; the input and output
modalities are increasingly based on human terms instead of computer terms; and people use
computers in all aspects of their lives, not only for professional tasks. As these trends make
clear, human activity is at the forefront of computing research, and nowhere is human activity
more apparent than in conversation.

1.4 Why have existing approaches failed?

While robust conversational assistance promises a future in which operating a computer is as easy
as talking to a friend, today's conversational assistants are still far from that goal. Companies
that create voice-enabled devices (e.g., Apple's Siri, Amazon Echo, and Google Home) often
instruct their customers to use a �xed input vocabulary or restricted phrasings when talking to
their devices (see Figure 1.1).

To illustrate the status quo of conversational assistants, we de�ned a space where the X-axis
indicates how close the systems are to holding open conversations, and the Y-axis indicates their
level of automation (Figure 1.2). The classic phone menu (or phone tree) lands at the top-left
corner of this space. These systems present an automated navigation menu to voice callers, use
interactive voice response (IVR) with Dual-Tone Multi-Frequency codes (DTMF, touch tones)
or simple voice recognition, and fully support customer service phone calls. They are auto-
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Figure 1.2: To illustrate the status quo of conversational assistants, we de�ned a space where
the X-axis describes how close the systems are to holding open conversations, and the Y-axis
indicates how automated the systems are.

mated, but can barely hold any conversation. Compared with older phone menus, today's voice-
enabled devices better understand and respond to users' diverse languages and can generally
cover broader topics.

The dialog system research community has strived to improve automated conversational as-
sistants, pushing them closer to open conversation, as represented by the gray arrow in Figure 1.2.
Researchers have tried to combine multiple dialog systems of different domains to form a single
agent [190], to adapt a model trained in one domain to another [149, 168], and to build chit-chat
systems for general conversation [11]. These dialog systems are generally better at handling
open conversation than smart voice-enabled devices: they can hold longer dialogues, switch top-
ics within the same conversation, or memorize personal details for each user. Yet, conversational
assistants are still limited in the domains in which they work, the richness of expression they
support, and their robustness in correctly handling variations in topic, domain, and user. Ama-
zon has further incentivized work in this area through its Alexa Prize: As of November 2017,
winning research teams produced bots that average over 10 minutes per conversation (judged as
3.17 on a 5-point scale). But the Grand Challenge prize – $1 million for a system able to hold
conversations over 20 minutes with a score of 4.0 or higher – remains elusive [145].

Automated systems such as phone menu, voice-enabled devices, and AI-powered dialog sys-
tems come with all the advantages of automation: shorter response times, low run-time cost, and
good scalability. However, currently, they are still far from being able to hold open conversations.

5



1.5 A new approach

Instead of bootstrapping automation from the bottom up with only automatic components, we
started with the deployable crowd-powered conversational assistant Chorus [78, 98] and created
a framework that enables it to automate itself over time. Crowd-powered conversational assis-
tants are entirely operated by human workers and are known to be able to hold high-quality
conversations [98]. An inherent advantage of starting with a working system is that users could
talk to it naturally from day one, which allowed us to gather data that could not be collected oth-
erwise. For example, the following is an actual conversation between one user and the deployed
version of Chorus.

user I'm looking for a cat sitter in squirrel hill Pittsburgh this December, any recommen-
dations

crowd Hello, hold please.
Could you give us the zip code?
And speci�c dates?

user 15217
December 19 to 30, 2017

crowd Alright, thank you.
Have you tried Rover.com? They are a great resource for pet sitting needs.

user I haven't, can you see if they have availability for my dates?

crowd Do you have a problem if it also shelters dogs as well?

user That's �ne I think

crowd I'd suggest checking out a Forum for these kinds of things, as cat-sitting
places don't really exist. It's all dogs. But you can �nd a trusted person via
there.
[An URL of the “Sitter City” website] is a good website for this.

user OK, that's good advice, I wonder why there arent cat services... Do cats not need
the same level of service?

crowd Cats are very independent and don't mind being alone for days at a time.
So they only need food.
You can also use Yelp listings of pet sitting services nearest to your zip code
[An URL to the “Best Pet Sitting Services near Pittsburgh, PA 15217” page on
Yelp]
Cats will also need water and some attention

user Can you �nd me a good auto feeder online? Maybe that will work

crowd It needs some food and water, but I'll �nd one for you.

user OK. Something for water would be good too

crowd You will also probably want a pet sitter to clean out the cat's litter box since it
will be 11 days
Just note auto-feeders scare cats sometimes and they won't eat out of them.
That and the litter box.
[An URL to the “Bergan Gourmet Combo Pack, Petite By Bergan” page on
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chewy.com]

user That's good advice, maybe I could get a task rabbit to clean out the litter box

crowd A cat can be left alone for a day but please keep in mind that 11 days will
require someone to take care of the cat.
Yeah it needs like 10 minutes of attention and refreshes on food/water de-
pending on the cat. Some can go weeks some can't go days. It's up to the cat.
Here is an water supply at petco: [An URL to the “PetSafe Drinkwell Platinum
Dog and Cat Water Fountain, 168 oz” page on petco.com] And here is an auto
feeder at petco. it's a little expensive but is good quality: [An URL to the “Pet-
Safe Healthy Pet Simply Feed, Automatic Dog and Cat Feeder, 24 Cups” page
on petco.com]
In addition to the auto food feeders, you could also get multiple regular bowls
at a Walmart for $2 or $3 each and �ll them with food

Although these crowd-powered systems are capable of long, sophisticated conversations with
users, their lack of automation results in higher latency and costs. The literature has little to
say about how to practically transition a crowd-powered system into an automated (or semi-
automated) system. This dissertation work seeks to address this gap. In other words, the goal of
our dissertation work is to push the systems in the bottom-right corner of (Figure 1.2) further up
the Y-axis without sacri�cing their ability to hold open conversations.

The thesis of this dissertation, as stated in Section 1.1, is thatby integrating new chatbots
into a crowd-powered conversational assistant, reusing prior crowd answers, and gradu-
ally reducing the crowd's role in choosing high-quality responses, a crowd-powered dialog
system can be automated over time to support real-world open conversations.

This dissertation is structured as follows.

1.5.1 Part I: Developing and Deploying Chorus

Chorus Deployment (Chapter 3) Launched as a Google Hangouts chatbot in May 2016 [78],
Chorus is a crowd-powered conversational assistant that can hold open conversations about
nearly any topic [98]. Users can talk to Chorus anytime, anywhere, using any device–smartphone,
smartwatch, or desktop. When a user initiates a conversation, a group of crowd workers is
recruited from Amazon Mechanical Turk and directed to an interface where they propose re-
sponses, take notes on important facts, and vote on others' replies to identify optimal responses.
Collectively, then, the crowd converses with the user as a single, consistent, conversational part-
ner. To date, over 420 users have held more than 2,200 conversations with Chorus, about topics
ranging from weather, travel, and birthday gifts to relationship consulting, politics, and shopping.

The system, though, was inadequate at identifying the natural end of conversations, dealing
with malicious users and workers, and handling on-demand recruiting. Observations from this
deployment will not only improve Chorus but also inform future deployments of low-latency
crowd systems in general.

Ignition: A Hybrid Recruiting Methods for Low-Latency Crowdsourcing (Chapter 4) To
work interactively, crowd-powered systems, such as Chorus, need access to on-demand labor. To
meet this demand, workers can either be recruited as needed directly from the crowd marketplace
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or recruited in advance and asked to wait in aretainer pool. Most evaluations of these recruiting
systems have been over a short period, even though we know that marketplaces change and adapt
over time.

Ignition was invented to support the deployment of Chorus through a hybrid approach to fast
worker recruitment. In this chapter, we describe the novel Ignition approach and the observed
times required to recruit and retain workers from Amazon Mechanical Turk, along with the
experimental results of a 10-month deployment [73]. Our results demonstrate that it is possible
to recruit workers with low latency even for long timeframes. They also suggest a number of
opportunities for future work on recruitment strategies and modeling that may further improve
on-demand recruitment for deployed systems.

1.5.2 Part II: A Framework That Automates Chorus Over Time

Evorus: A Crowd-Powered Conversational Assistant That Automates Itself Over Time
(Chapter 5) Crowd-AI architectures have long been proposed to reduce cost and latency for
crowd-powered systems. Evorus demonstrates how automation can be introduced successfully
in a deployed system. Its architecture allows researchers to improve on the underlying automated
components in the context of a deployed, open-domain dialog system. The goal of this disser-
tation work is to build upon the deployed Chorus to create a framework that enables Chorus to
gradually replace its crowd-powered components with automated approaches using the data it
collects. This approach helps deploy robust conversational assistants while driving down costs
and gradually reducing reliance on the crowd. This chapter introduces Evorus, a framework built
to integrate new chatbots into Chorus and thus automate more scenarios by reusing prior crowd
answers and learning to automatically approve response candidates [79, 81]. Our �ve-month de-
ployment with 80 participants and 281 conversations showed that Evorus could automate itself
without compromising conversation quality.

1.5.3 Part III: Building Chatbots Ef�ciently For Powering Chorus

Guardian: Transitioning Web APIs into Crowd-Powered Dialog Systems (Chapter 6) Evorus
uses chatbots from different domains to support conversations, but struggles to create a suf�cient
number of chatbots. While frameworks have been proposed to reduce the engineering effort
in developing a chatbot, constructing a usable bot is still a costly endeavor. Scalability is also
a concern because of the thousands of chatbots needed to empower Evorus. This chapter de-
scribes Guardian, a crowd-powered framework that wraps existing web APIs into immediately
usable conversational agents, providing computers with access to an incredible amount of infor-
mation [74, 75]. Web-accessible APIs can be viewed as a gateway to the rich information stored
on the Internet: as of July 2018, ProgrammableWeb.com alone contains the description of more
than 19,900 APIs. If Chorus can exploit this robust information, its scope would be signi�cantly
enlarged. However, automatically incorporating web APIs into a conversational system is a non-
trivial task. Guardian takes as input the web API and desired task. It then uses the crowd to
determine the parameters necessary to complete that task, how to make the request, and how to
interpret the responses from the API. The system is structured so that, over time, it can learn to
take over from the crowd. This hybrid approach helps make dialog systems both more general
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and more robust.

Dialog ESP Game: Real-Time On-Demand Crowd-Powered Entity Extraction (Chapter 7)
One of the key components of the Guardian framework is having crowd workers extract needed
information from a running dialog. The extracted information is then passed to a web API. When
users interact with text-based conversational assistants such as Chorus, they expect a response in
10-30 seconds. While this latency range allows real-time crowdsourcing techniques to function,
the literature has little to say about speed-quality trade-offs when the time budget is only a few
seconds. If workers have as much time as they want to annotate a sentence, most AI systems
would assume that the annotation is trustworthy, but it was not clear that this assumption would
hold when workers have only 20 seconds, for example.

This chapter presents the experimental results of on-demand, crowd-powered entity extrac-
tion [80]. The solution, Dialog ESP Game, uses a similar mechanism as the ESP game for image
labeling to have multiple workers extract key information from a running dialog. When multiple
players agree, entities can reliably be extracted from a statement. The experiment demonstrated
that this approach is robust in extracting unexpected input and can recognize new entities. This
approach achieves better F1 scores than those of the automated baseline for complex queries,
with latency under 10 seconds. The proposed method is also evaluated via Google Hangouts'
text chat and demonstrates the feasibility of real-time, crowd-powered entity extraction.

1.5.4 Part IV: Expanding the Capabilities of Chorus

InstructableCrowd: Creating IF-THEN Rules for Smartphones via Conversations with the
Crowd (Chapter 8) One limitation of Chorus is that it can only provide information to its
users: it cannot perform other tasks or interact with its users' environments. This is an obvious
shortcoming because smartphones contain a wealth of sensors and effectors: people living in
colder climates, for instance, may want their phones to wake them up earlier than usual if it has
snowed overnight. The crowd could be used to program such functionality, though this would
require giving unknown persons access to personal devices. To address this problem, we created
InstructableCrowd, a system that allows end users to create rich, multi-part IF-THEN rules via
conversation with the crowd [76]. Users verbally express a problem to crowd workers, who
collectively program relevant IF-THEN rules to help them via conversation. InstructableCrowd
allows users to create rules on the go via voice and does not require a complicated interface. Our
study with 12 non-programmers showed that InstructableCrowd achieves a similar average F1
score (0.93) in selecting sensors/effectors as users themselves (0.94), and accuracy of 90.7% in
�lling attributes for those sensor/effectors. Incremental editing on crowd-created rules resulted
in even better performance. These results indicate that InstructableCrowd can let users converse
with the crowd to personalize their increasingly powerful and complicated devices.

While most automated systems created from crowd work simply use the crowd for data, Cho-
rus and Evorus demonstrated how a crowd-powered conversational assistant can be automated
gradually. Our systems tightly integrated crowds and machine learning, and provided speci�c
points where automated components can be introduced. Over time, more and more chatbots can
be integrated into Evorus, more answers collected during conversations can be reused, and the
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machine-learning algorithm can better choose high-quality responses. In this dissertation work,
we have demonstrated a crowd-powered dialog system can be automated over time to support
real-world open conversations.
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Chapter 2

Related Work

The work is related to(i) dialog systems,(ii) human computation, and(iii) real-time crowd-
powered systems.

2.1 Automated Dialog Systems

The Spoken Dialog System (SDS) research community has long explored how automated dialog
systems can be built to understand human language, hold conversations, and serve as personal
assistants. Yun-Nung (Vivian) Chenet al. [34, 37] and Steve Young [188] offer, respectively,
comprehensive overviews of the research in dialog systems. Although approaches to building a
conversational assistant differ signi�cantly among dialog system research and real-time crowd-
sourcing research, our work was inspired by the work done in this �eld. In this section, we
provide an overview of the status of modern dialog systems, and position our work in the context
of dialog system research.

2.1.1 Task-Oriented Dialog Systems

Modern dialog system research has largely sought to build “task-oriented dialog systems,” or sys-
tems that can help users with tasks. A task-oriented dialog system traditionally consists of three
main stages: natural language understanding, dialog management, and natural language genera-
tion [21, 23]. In this dissertation, in order to empower Chorus, Guardian followed this three-stage
architecture to create task-oriented chatbots quickly, but used crowd workers to operate natural
language understanding and generation (Chapter 6) [75].

Natural Language Understanding: Natural language understanding aims to convert an in-
put user utterance into a form that computers can process. Three common subtasks of natural
language understanding aredomain identi�cation , intent detection, andslot �lling. For ex-
ample, when a user asks “Are there any action movies to see this weekend?”1, the system �rst
identi�es the “domain” of this sentence. In our example, the domain should be “movie” rather

1This example is from the tutorial by Chenet al. [37].
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than “weather” or “food.” Next, the back-end system is designed to detect which action the user
wants to perform, such as buying tickets or locating show times, in this case. Let's assume our
example sentence maps to an action calledrequest movie , which looks up movies that sat-
isfy a set of search criteria. Finally, when the system has decided which action to execute, it
�lls in a set of parameters (slots) according to the action: the actionrequest movie needs
to pass the search criteria, where the requested moviegenre is “action”, and thetime is “this
weekend.” At the end of language understanding procedure, the output is usually a semantic rep-
resentation form of the input language,e.g., request movie (genre = action, date
= this weekend) .

Recent research has focused on using neural approaches to tackle language understanding
tasks, including a recurrent neural network (RNN) for intent detection [130] and slot �lling [115,
118, 183] and a joint model based on convolutional neural networks (CNN) for intent detection
and slot �lling [60, 180]. Though effective, these approaches often require a large amount of
labeled training data, which does not exist for many domains. Furthermore, even when labeled
training data could be collected, state-of-the-art supervised learning approaches can still be brittle
in extracting unseen slot values [181]. In other words, complex sentences can be problematic for
neural approaches. In this dissertation, Guardian managed the problems of training data and
complex sentences by using crowd workers to extract slot values from a running conversation in
nearly real-time (Chapter 7) [80].

Dialog Management: Based on the semantic representation compiled by the natural language
understanding procedure, the dialog management component then decides what the system is
going todo, such as asking con�rmation or clari�cation questions, asking follow-up questions
to collect more information, or querying the back-end system to get an answer. Classic dialog
management frameworks have two main functions: tracking thedialog stateand performing
the dialog policy. Early dialog systems used a set of prede�ned “dialog states” to represent
each possible situation (e.g.,which parameters have been �lled). For instance, when the dia-
log manager receives the semantic formrequest movie (genre = action, date =
this weekend) , it can track the current dialog state as[genre, time] , which indicates
the parametersgenre and time have been �lled. In each dialog state, the “dialog policy”
decides which action should the system take. If our system is built for one theater, these two
parameters ([genre, time] ) should be suf�cient and the policy could specify the system to
search the movie database. However, if the system supports multiple theaters, the dialog policy
might have the system ask the user which theater is he/she looking for.

In modern dialog systems, both dialog states and dialog policies can be machined-learned
from data. Williamset al. used a partially observable Markov decision process (POMDP) to
learn dialog policy [178], which allowed models to consider the uncertainty introduced by upper-
stream components, such as speech recognizer, and could therefore be more robust to errors.
Researchers have also used deep-learning methods to track dialog states. The state-of-the-art
dialog managers, such as the DNN-based approach [69] used in Dialog State Tracking Challenge
in 2013 [177], employed neural models to monitor the dialog progress. One challenge of this
type of systems is its generalizability: Since the errors propagated from upper-stream modules
could signi�cantly damage dialog manager performance, each of the components in the pipeline,

12



including speech recognizer and semantic decoder, needs to be �ne-tuned. This makes it dif�cult
to adapt a working dialog system from its original domain to a new domain.

Natural Language Generation: Finally, the language generation component took the output
from dialog management component and created a response in natural language. Early dialog
systems used rule-based or template-based methods to produce responses [4]. In 2000, Ohet al.
introduced a corpus-based approach [124], and recently, researchers used Neural Network (NN)
based to generate natural language for both task-oriented and social dialog systems [116, 147,
161].

It is noteworthy that speech synthesis isnot usually considered part of natural language gen-
eration because speech-synthesis technologies often take natural-language text as input but do
not involve the text generation process. Similarly, speech recognition isnot usually considered
part of natural language understanding, since most language-understanding technologies take the
transcribed text or the probability estimates output by the speech recognizer as their input. Thus,
although this dissertation focused only on text-based personal assistants, the technologies we
developed can be easily transferred to support spoken dialog systems.

Traditional practices modularize a task-oriented dialog system into several sub-modules such
as language understanding and dialog management. This approach makes it easier to focus on
each sub-problem, yet also makes domain adaptation dif�cult because each component needs
to perform well to collectively form a usable pipeline. In our work, Evorus does not require
each automated component to work perfectly. Instead, our system has the crowd's oversight
and allows chatbots to make mistakes. With each mistake, Evorus gradually learns to use the
corresponding chatbot at the right point of a conversation.

In order to bypass the issues introduced by modularization of dialog systems, researchers
have begun using deep neural networks to learn dialog end-to-end. For example, Wenet al. in-
troduced a network-based end-to-end trainable task-oriented dialog system, which treated dialog
as a mapping process from dialog histories to system responses [175]; Zhaoet al. used an end-
to-end reinforcement learning approach to jointly learn policies for both language understanding
and dialog strategy [189]; and Liet al. presented an end-to-end neural dialog system for task
completion [111]. However, again, these approaches require large training data, which is not
always available.

2.1.2 Social Bots

Instead of completing tasks for users, the goal of social bots is to engage users in social con-
versations. These bots have gained more attention in recent years [53], especially after Ama-
zon launched the �rst Alexa Prize in 2017 to develop bots that could mimic everyday conver-
sations [141]. Early social bots (also known as “chatterbots”), such as Eliza [174] and AL-
ICE [169], were powered by hand-crafted scripts and parsers. To reduce the time needed to
develop adequate conversational responses, researchers turned to deep-learning methods. Liet
al. used mutual information to promote neural models to produce more diverse responses [109],
and this model was later improved by using reinforcement learning [110]. Other approaches to
conversational responses have also shown promise: The “Sounding Board” from University of
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Washington [51], the winning team of the 2018 Alexa Prize, focused on users' engagement and
providing content that users are interested in.

In sum, researchers in the dialog system community have spent tremendous effort studying
and developing systems that can hold conversations. However, modular dialog systems are still
limited in their domains, expressiveness, and robustness; and while deep-learning methods have
been shown to be useful in end-to-end training and can bypass some limitations introduced by
modular systems, they often require large amount of data to train a usable system. In this disser-
tation, we introduced an alternative approach that starts with a crowd-powered system, and the
system can automate itself over time. Our method does not require training data, and it allows
automated chatbots, despite being imperfect, to contribute to an open conversation.

2.2 Human Computation

In his 2005 PhD dissertation, Luis von Ahn introduced the concept of “human computation” [162],
or “harnessing human time and energy for addressing problems that computers cannot yet tackle
on their own.” My dissertation focused on combining human and computer intelligence to tackle
the grand challenge of conversational assistants, which state-of-the-art dialog systems can barely
achieve.

This dissertation builds upon two sets of research under the broader umbrella of human com-
putation:(i) crowdsourced question answering (QA), and(ii) crowd-machine hybrid systems.

2.2.1 Crowdsourced Question Answering (QA)

The goal of personal assistants is to help users solve everyday problems, answer their questions,
or provide information. Toward those ends, human computation researchers have developed
various systems to answer user's questions or organize information for a given topic. For in-
stance, Savenkovet al. created the Crowd-powered Real-time automatic Question Answering
system (CRQA), which combined an automatic question answering system and human workers
to answer questions posted on Yahoo! Answers [138], and ChaCha2 used individual workers to
respond to users' questions in nearly real time. Prior work has also looked at providing answers
to uncommon web queries by having workers extract answers from automatically generated can-
didate web pages [17] or by asking crowd workers to answer visual questions sent from users
who are blind or visually impaired [19]. These projects demonstrated that crowd workers are able
to search for or generate short, focused answers to various questions, even within a short period
of time. However, in order to answer real-world questions that users would ask, this one-shot,
short interaction is often insuf�cient. A good personal assistants should be able to ask follow-up
questions and determine the context to provide personalized answers.

Other projects aimed at creating longer, sophisticated answers to open questions. Knowledge
Accelerator [59], for example, used a work�ow to have a group of crowd workers collect infor-
mation from the Internet and compose a Wikipedia-style article to answer open questions such as:

2ChaCha: https://en.wikipedia.org/wiki/ChaCha(searchengine)
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“What are the best attractions in Los Angeles for families with young children?” While Knowl-
edge Accelerator is able to provide high-quality answers to open questions, it was not developed
for assisting people in real-time and thus lacks users' synchronous feedback. Similar limitations
are found in the community-based QA (CQA) services such as Quora3 and Yahoo! Answers4,
where answers, by design, should be general enough to help anyone, not just the original poster.
In a reality, a decision such as which attraction in Los Angeles to visit with family usually in-
volves many small, subtle, or personal preferences and constraints. We believe an interactive
conversation can better explore the problem space and provide better answers.

2.2.2 Crowd-Machine Hybrid Systems

In 2011, when Edith Law and Luis von Ahn echoed the original de�nition of human compu-
tation, they explicitly added “arti�cial intelligence,” stating that human computation harnesses
human intelligence “to solve computational problems that are beyond the scope of existing Arti-
�cial Intelligence (AI) algorithms” [106]. In the same year, Quinnet al. surveyed a set of work
that self-identi�ed as “human computation” and concluded one of the key factors shared among
these projects is that the problems �t the general paradigm of computation, and “as such might
someday be solvable by computers” [127]. These de�nitions suggest the possibility of transi-
tioning a system from being entirely operated by human workers to a certain level of automation.
However, literature has very little to say about how this transition would practically happen.

Researchers explored hybrid systems that combine human and machine to solve a wide range
of tasks. In the spirit of human computation, most prior work used human workers as a comple-
mentary computing power to augment existing algorithms or systems. For example, Alloy used
crowd workers to revise item clusters automatically generated by clustering algorithms [30];
Flock asked humans to suggest predictive features and their importance for machine-learning
models [38]; CrowdDB [54] used human input to complement the missing information in the
database and thus enabled functions that were not possible before; and JellyBean [137] com-
bines human and machine to count objects in photos. While these projects showed that human
insights can improve system output, most of these projects did not study how to gradually reduce
reliance on the crowd while retaining good performance. Among the few exceptions was the
work of Kamaret al., which demonstrated the human assessment label collected at execution
time by a crowd-machine hybrid system can teach the system to predict satisfactory system out-
put, and thus potentially require fewer workers to evaluate the system in the long run [87]. In this
dissertation, we introduced a general framework using not only quality-assessment labels (up-
votes and downvotes), but also the crowd-generated content to improve a hybrid crowd-machine
system over time.

Some projects, on the other hand, attempted to use automated technologies to assist human
tasks. For example, Kamaret al. dispatched easier annotation tasks via a decision algorithm to
an automated classi�er to make crowdsourced data-annotation more salable [88]; and Foundry
used automated algorithms to �nd an appropriate combination of experts in order to form a
�ash team [133]. Most of these projects can clearly specify which part of human labor can

3Quora: https://www.quora.com/
4Yahoo! Answers: https://answers.yahoo.com/
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be automated by algorithms, but they did not study how automated models might improve by
having more data. Zensors is one of the few examples that focus on using the crowd to bootstrap
automated models [92]: a video feed initially monitored by the crowd was gradually bootstrapped
to automated computer-vision models to take over the surveillance tasks. To the best of our
knowledge, none of prior crowd-machine systems have focused on creating and deploying a
conversational personal assistant.

2.3 Real-Time Crowd-Powered Systems

Early crowdsourcing systems leveraged human intelligence through batches of tasks completed
over hours or days. For example, while the ESP Game paired workers synchronously to allow
them to play an interactive image-label guessing game [163], it did not provide low-latency
response for any individual label. However, for a usable personal assistant, quick response time is
essential. In this dissertation, we focused on personal assistants in a text-based instant messaging
setting (e.g.,Google Hangouts). According to literature, the average response time in instant
messaging is 24 seconds [85]. 24.5% of instant messaging chats get a response within 11-30
seconds, and 8.2% of the messages have longer response times [13]. Another study focusing on
small groups also showed that, on average (Least-Square Means), students respond to an instant
message in 32 seconds, and people in startups respond in 105 seconds [8]. In order to build
a crowd-powered conversational assistant that can respond this quickly, we used technologies
of real-time crowdsourcing, which enable systems to utilize human intelligence within a few
seconds. In this section, we overview the motivations, techniques, and applications of real-time
crowdsourcing and real-time crowd-powered systems.

2.3.1 How Can We Recruit Workers Quickly?

Because crowdsourcing can be slow, a primary challenge for real-time crowd-powered systems
is decreasing latency. At a high level, there are at least three sources of latency for such systems:
(i) time required to assign workers to the task;(ii) time required for the workers to do the job; and
(iii) time for the system to integrate the work they did into the output for users. While(ii) and
(iii) are domain-speci�c, all crowd-powered systems share the challenge of recruiting workers.

Two main approaches have been used to recruit workers quickly from crowd marketplaces:

1. On-demand recruiting: Workers are recruited when they are needed, often when the task
starts [19], usually by posting HITs on the MTurk marketplace with some Search Engine
Optimization (SEO) tricks, such as over-posting, to increase recruiting speed.

2. Retainer: Workers are recruited ahead of time into a retainer pool from which they can be
called upon quickly [15]. Further work has used queuing theory to show that this latency
can be reduced to under one second and has also established reliability bounds on using
the crowd in this manner [16].

These approaches have trade-offs. Recruiting by posting HITs is inexpensive but slow, while
a full-time retainer is fast but expensive.
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On-demand recruiting is known to be robust, as it has been used in deployed systems such
as VizWiz, but its recruiting time is reportedly longer than a minute, which may be too long for
many interactive applications [19]. In the VizWiz system, Bighamet al. used pre-recruiting to
reduce the experienced response time of users – workers are recruited when users begin using
the application, which gives the system a lead time of approximately one minute. However, pre-
recruiting is not always possible. For conversational assistants, the time between users opening
the application and sending an initial message is very short, which makes pre-recruiting less ef-
fective. Furthermore, the SEO tricks used in VizWiz's recruiting process became less economical
when Amazon decided to increase the fee from 20% to 40% in 2015.

The retainer model provides fast response time (less than ten seconds) but can be expensive
for real-world deployments – especially small and medium-sized deployments, where most of
the money is used for waiting time. In this dissertation, in order to deploy a crowd-powered con-
versational assistant, we introduced a new hybrid approach, the Ignition model (Chapter 4) [73],
which combines these two methods to make recruiting workers quick and affordable.

Prior works have aimed to improve the general speed of crowdsourcing by optimizing the
crowd component's response time [182], addressing the sources of crowdsourcing latency [58],
or inventing new mechanisms for humans to quickly label data [91]. However, none of these
technologies have been thoroughly tested in a deployed crowd-powered system for longer than a
couple of weeks.

2.3.2 Why Use Real-Time Crowdsourcing?

In this subsection, we overview real-time crowdsourcing systems and technologies that inspired
our work, categorizing them under the three common purposes that motivate the uses of real-
time crowdsourcing: synchronizing with users, other workers, or automated systems. These
usages are not mutually exclusive: complex crowd-powered systems such as Evorus [79, 81], for
example, could involve crowd workers interacting with all of these at the same time.

Synchronizing with Users The exploration of real-time crowdsourcing started with the goal
of providing fast responses directly to end users. VizWiz, for example, utilized crowd workers
to answer visual questions quickly for blind people [19]; Scribe asked non-experts to caption
speech for deaf and hard of hearing audiences [95]; and Adrenaline used the crowd to pick “the
best moment” from a short video in a second after the �lm was shot [15].

Whereas the examples cited above focused on discrete, one-shot crowdsourcing jobs, Lasecki
et al. introduced continuous real-time crowdsourcing in Legion [94], which showed that a dy-
namic crowd can be recruited to support continuous tasks. This �nding is critical to our work
because holding a conversation is, by its nature, a continuous and long task. Enabling instant
and continuous responses opened the era ofinteractivecrowd-powered systems, where users can
synchronously give and receive feedback with crowd workers over the course of multiple rounds
of interaction. For example, Soylent had workers edit and proofread text in real time inside the
user's text editor [14]; Chorus recruited a group of workers to collectively hold a synchronous
conversation with the end user [98]; and IdeaGens enabled an expert to provide real-time guid-
ance to crowd workers (ideators) to generate new ideas [29]. Laseckiet al. further introduced
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the concept of a real-time “crowd agent”, saying a dynamic crowd of workers can collectively
form a single agent to interact with users and perform tasks [100]. This concept has been shown
useful across many domains, including personal assistance.

A variation of this type of system is the real-time “polling” systems, where workers or target
audiences are asked to provide their opinions about a given question or item instantly (e.g.,the
design of a poster). For example, the APP “1Q”5 uses smartphone push noti�cations to ask poll
questions and collect responses from target audiences within a few minutes. These systems focus
on answering a single opinion question, rather than having deeper, interactive conversations.

Synchronizing with Other Workers Prior work has shown that multiple workers can be re-
cruited for collaboration by having workers wait until a suf�cient number of workers have ar-
rived [39]. While this approach does not provide low-latency responses for any individual labels,
nor to the user, workers are often expected to respond quickly toother workers.For example,
the ESP Game paired workers synchronously to allow them to play an interactive image-label
guessing game [163] and Revolt coordinated crowd workers to collaboratively identify ambigu-
ous items in the data [31]. Similar mechanisms have been adopted by researchers who recruited
groups of Amazon Mechanical Turk workers to study collaborative learning [173] and intelligent
agent behaviors inside human groups [9].

In our version of Chorus, workers can communicate with each other synchronously using
the side memory board on the interface. Sometimes workers talk with each other to clarify
users' questions, or the experienced workers can teach new workers how to use the interface
properly. Furthermore, we also introduced “Dialog ESP Game” (Chapter 7) [80], which used the
mechanism similar to the ESP Game for image labeling [163], but adding a tight time constraint
such as 10 or 15 seconds, to extract information from a running dialog within a few seconds.

Synchronizing with Fast-Paced Automated Systems One of the earliest examples to demon-
strate the power of a real-time continuous crowd was [94], in which a group of crowd workers
collectively controlled a running toy robot. Using Legion tools, the control latency was typically
under one second. This example demonstrated that real-time crowdsourcing can also be used to
interact with fast-paced automated systems. Following this paradigm, a real-time crowd has been
used to control or interact with various automated systems that require a short response time. For
example, CrowdDrone used a real-time crowd to orient unmanned aerial vehicles in an unknown
environment [136], and CrowdAR used the crowd to identify and track targets in a live video
feed [135]. CRQA system used crowd workers to quickly select good answers from a set of an-
swer candidates automatically generated by computers, and could provide high-quality answers
within 60 seconds [138, 139]. Many projects in this dissertation have explored the collabora-
tion between crowd workers and fast-paced automated components. Evorus recruited a group of
crowd workers to collaborate with automated bots to hold a conversation (Chapter 5) [79, 81];
Guardian had crowd workers extract key information from a running dialog (Chapter 7) [80],
pass the extracted information to a web API, and then convert the API responses back into natu-
ral language (Chapter 6) [75].

51Q: https://1q.com/
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One variation of this type of system is the crowd-powered “surveillance” systems, which do
not need instantaneous guidance all the time, just fast responses when target incidents occur.
For example, Zensors utilized real-time crowdsourcing to monitor a live surveillance video feed
and notify end users when a target event (e.g., it starts raining) occurs [92]. Similar concepts
have also been applied to recruit individuals in the local community to report air pollution via a
mobile app in nearly real time [71]. However, the continuously back-and-forth nature of human
conversations make it hard to apply these crowd-powered surveillance technologies in our work.

2.3.3 Deployed Real-Time Crowd-Powered Systems

Deploying a real-time crowd-powered system that is fully run on Mechanical Turk without de-
veloper monitoring is challenging, and nearly none of the crowd-powered systems introduced
in academia has been brought out of the lab. VizWiz is a rare example of a deployed real-time
crowd-powered system [19]. The system has already helped answer over 100,000 questions for
thousands of people with visual impairments6. This deployment demonstrated some of the real-
istic trade-offs that need to be addressed. For example, to make the system cost effective, latency
was higher and fewer answers were collected per question.

In this dissertation, we deployed a crowd-powered conversational assistant, Chorus, as a
Google Hangouts chatbot (Chapter 3) [78]. This is the �rst crowd-powered conversational assis-
tant that was deployed using Mechanical Turk. During our deployment, we discovered many new
challenges and introduced various new technologies to tackle them. For example, we invented
a new recruiting method, Ignition model [73], to hire workers quickly; and we also introduced
InstructableCrowd so that users can use conversational assistants to customize their devices.

This dissertation is built upon prior real-time crowd-powered systems, and in�uenced by the
work of crowdsourced QA and crowd-machine systems. We deployed the �rst crowd-powered
conversational assistant that is run on Mechanical Turk, and developed our work on top of this
system. We are also aware of the strength and limitations of modern dialog system research, and
aim to provide an alternative approach to tackle on the grand challenge of open conversation.

6VizWiz: http://www.vizwiz.org
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Part I

Developing and Deploying Chorus
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Chapter 3

Chorus Deployment

Over the past few years, crowd-powered systems have been developed for various tasks, from
document editing [14] and behavioral video coding [99], to speech recognition [96], question
answering [139], and conversational assistance [98]. Despite the promise of these systems, few
have been deployed to real users over time. One reason is likely that deploying a complex
crowd-powered system is much more dif�cult than getting one to work long enough for a study.
In this chapter, we discuss the challenges we have had in deploying Chorus1, a crowd-powered
conversational assistant.

We believe that conversational assistance is one of the most suitable domains to explore. Over
the past few years, conversational assistants, such as Apple's Siri, Microsoft's Cortana, Amazon's
Echo, Google's Now, and a growing number of new services and start-ups, have quickly become
a frequently-used part of people's lives. However, due to the lack of fully automated methods for
handling the complexity of natural language and user intent, these services are largely limited
to answering a small set of common queries involving topics like weather forecasts, driving di-
rections, �nding restaurants, and similar requests. Crowdsourcing has previously been proposed
as a solution which could allow such services to cope with more general natural language re-
quests [75, 97, 98]. Deploying crowd-powered systems has proven to be a formidable challenge
due to the complexity of reliably and effectively organizing crowds without expert oversight.

In this chapter, we describe the real-world deployment of a crowd-powered conversational
agent capable of providing users with relevant responses instead of merely search results[78].
While prior work has shown that crowd-powered conversational systems were possible to create,
and have been shown to be effective in lab settings [75, 76, 98], we detail the challenges with
deploying such a system on the web in even a small (open) release. Challenges that we identi�ed
included determining when to terminate a conversation; dealing with malicious workers when
large crowds were not available to �lter input; and protecting workers from abusive content
introduced by end users.

We also found that, contrary to well-known results in the crowdsourcing literature, recruiting
workers in real time is challenging, due to both cost and workers preference. Our system also
faced challenges with a number of issues that went beyond what can be addressed using worker
consensus alone, such as how to continue a conversation reliably with a single collective identity.

1Chorus Website: http://TalkingToTheCrowd.org/
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Figure 3.1: Chorus is a crowd-powered conversational assistant deployed via Google Hangouts,
which lets users access it from their computers, phones and smartwatches.

3.1 System Overview

The deployed Chorus consists of two major components: 1) the crowd component based on
Laseckiet al.'s proposal that utilizes a group of crowd workers to understand the user's message
and generate responses accordingly [98], and 2) the bot that bridges the crowd component and
Google Hangouts' clients. An overview of Chorus is shown in Figure 3.2. When a user initiates
a conversation, a group of crowd workers is recruited on MTurk (Amazon Mechanical Turk)
and directed to a worker interface allowing them to collectively converse with the user. Chorus'
goal is to allow users to talk with it naturally (via Google Hangouts) without being aware of the
boundaries that would underlay an automated conversational assistant. In this section, we will
describe each of the components in Chorus.

3.1.1 Worker Interface

Almost all core functions of the crowd component have a corresponding visible part on the
worker interface (as shown in Figure 3.2). We will walk through each part of the interface and
explain the underlying functionality. Visually, the interface contains two main parts: thechat box
in the middle, and thefact boardthat keeps important facts on the side.

Proposing & Voting on Responses: Similar to Laseckiet al.'s proposal [98], Chorus uses a
voting mechanism among workers to select good responses. In the chat box, workers are shown
with all messages sent by the user and other workers, which are sorted by their posting time
(the newest on the bottom). Workers can propose a new message, orupvoteor downvoteeach
response that was proposed by other workers. As shown in Figure 3.2, workers can not only
click on the check mark (4 ) to upvote the good responses, but also click on the cross mark (6 )
to downvote the bad responses. Messages are color-coded from workers' perspective: orange
for those proposed by other workers, the messages that receive suf�cient agreement will be
“accepted” (and turn white), the upvoted messages turn to light green color, and the downvote
messages turn to gray color.
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Figure 3.2: The Chorus UI is formed of existing Google Hangouts clients for desktop, mobile
or smartwatch. Users can converse with the agent via Google Hangouts on mobile or desktop
clients. Workers converse with the user via the web interface and vote on the messages suggested
by other workers. Important facts can be listed so that they will be available to future workers.

Upon calculation the voting results, we empirically assigned negative weights to donwvotes
(� 0:5) while upvotes have positive weights (1:0). Chorus accepts a responses when its# upvote�
1:0� # donwvote� 0:5 > # active workers� 40%, and then sends the ID of the accepted mes-
sage to the Google Hangout bot to be displayed to the user.

Instant Expiration Upon Accepting Responses: We also developedinstant expirationfea-
ture on the worker interface. When Chorus accepts a response, it automatically expires all other
response candidates that have not been accepted, and more importantly,vanishesthem from the
chatbox on worker interface. Instant expiration enforces that all viable response candidates on
the interface were proposed based on the latest context. A natural consequence of this feature is
that workers' responses can be expired and removed very fast, which is especially problematic
when a worker spent a lot time and effort to search and compose a high-quality response, but
get removed instantly. To compensate this loss, we added a “proposed chat history” box, which
automatically records the latest 5 response that the current worker proposed, on the left side of
worker interface. If a response vanished too fast and still �ts in the ongoing conversation, the
worker can simply copy his/her previously proposed response and send it again.
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Maintaining Context: To provide context, chat logs from previous conversations with the
same user are shown to workers. Beside the chat window, workers can also see a “fact board”,
which helps keep track of information that is important to the current conversation. The fact
board allows newcomers to a conversation to catch up on critical facts, such as location of the
user, quickly. The items in the fact board are sorted by their posted time, with the newest on top.
We did not enforce a voting or rating mechanism to allow workers to rank facts because we did
not expect conversations to last long enough to warrant the added complexity. In our study, an
average session lasted about 11 minutes. Based on worker feedback, we added a separator (red
line + text in Figure 3.2) between information from the current and past sessions for both the
chat window and fact board.

Rewarding Worker Effort: To help incentivize workers, we applied a points system to reward
each worker's contribution. The reward points are updated in the score box on the right top
corner of the interface in real-time. All actions (i.e., proposing a message, voting on a message,
a proposed message getting accepted, and proposing a fact) have a corresponding point value.
Reward points are later converted to bonus pay for workers. We intentionally add “waiting” as
an action that earns points in order to encourage workers to stay on a conversation and wait for
the user's responses.

Ending a Conversational Session: The crowd worker are also in charge of identifying the
end of a conversation. We enforce a minimal amount of interaction required for a worker to
submit a HIT (Human Intelligence Task), measured by reward points. A suf�cient number of
reward points can be earned by responding to user's messages. If the user goes idle, the workers
can still earn reward points just for remaining available. Once two workers submit their HITs
via “This conversation is over” button (in Figure 3.2), the system will close the session. All
remaining workers' HITs with suf�cient reward points will be automatically submitted, and the
workers without enough points will be sent back to the waiting page with their earned points.
This design encourages workers to stay to the end of a conversation.

To prevent workers who join already-idle conversations from needing to wait until they have
enough reward points, a “three-way handshake” check is done to see if: 1) The user sends at
least one message, 2) the crowd responds with at least one message, and 3) the user responds
again. If this three-way handshake occurs, the session timeout is set to 15 minutes. However, if
the conditions for the three-way handshake are not met, the session timeout is set to 45 minutes.
Regardless of how a session ends, if the user sends another message, Chorus will start a new
session.

Participatory Design with Workers: Similar to prior interactive crowd-powered systems,
Chorus uses animation to connect worker actions to the points they earn, and plays an auditory
beep when a new message arrives. We found that workers wanted to report malicious workers
and problematic conversations to us quickly, and thus asked for a means of specifying who the
workers were, and which session the issue occurred in. In response, we added our email address,
and made available a session ID, indexed chat messages, and indexed recorded facts that workers
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could refer to in an email to us. After this update, we received more reports from workers and
identi�ed problematic behaviors more quickly.

3.1.2 Integrating with Google Hangouts

Another core piece of Chorus is a bot that bridges our crowd interface and the Google Hangouts
client. We used a third-party framework called Hangoutsbot2. This bot connects to Google Hang-
outs' server and the Chorus web server. Hangoutsbot acts as an intermediary, receiving messages
sent by the user and forwarding them to the crowd, while also sending accepted messages from
the crowd to end users.

Starting a Conversational Session:In Chorus, the user always initiates a conversational ses-
sion. Once a user sends a message, the bot records it in the database (which can be accessed by
the crowd component later), and then checks if the user currently has an active conversational
session. If not, the bot opens a new session and start recruiting workers.

Recruiting Workers: When a new session is created, Chorus posts 1 HIT with 10 assignments
to MTurk to recruit crowd workers. We did not apply other techniques to increase the recruiting
speed. Although we did not implement a full-duty retainer as suggested in [15], a light-weight
retainer design was still applied. If a conversation �nishes early, all of its remaining assignments
that have not been taken by any workers automatically turn into a 30-minute retainer. We also
required each new worker to pass an interactive tutorial before entering the task or the retainer.
More details will be discussed in a later section.

Auto-Reply: We used Hangoutsbot's auto-reply function to respond automatically in two occa-
sions: First, when new users send their very �rst messages to Chorus, the system automatically
replies with a welcome message. Second, at the beginning of each conversational session, the
bot sends a message back to the user to mention that the crowd might not respond instantly. To
make the system sound more natural, we created a small set of messages that Chorus randomly
chooses from – for instance: “What can I help you with? I'll be able to chat in a few minutes.”

3.2 Field Deployment Study

The current version of Chorus and of�cial website were initially launched at 21:00, May 20th,
2016 (Eastern Daylight Time, EDT). We sent emails to several universities' student mailing
lists and also posted the information on social media sites such as Facebook and Twitter to
recruit participants. Participants who volunteered to use our system were asked to sign a consent
form and to �ll out a pre-study survey. After the participants submitted the consent form, a
con�rmation email was automatically sent to them to instruct them how to send messages to
Chorus via Google Hangouts. Participants were also instructed to use the agent for “anything,
anytime, anywhere.” No compensation was provided to participants.

To date3, 59 users participated in a total of 320 conversational sessions (researchers in this

2Hangoutsbot: https://github.com/hangoutsbot/hangoutsbot
3All results presented in this chapter are based on the data recorded before 23:59:59, 20th June, 2016, EDT.
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Figure 3.3: The distribution of durations and number of messages of conversational sessions.
58.44% of conversational sessions are no longer than 10 minutes; 55.00% of sessions have no
more than 20 messages.

project were not included). Each user held, on average, 5.42 conversational sessions with Cho-
rus (SD=10.99). Each session lasted an average of 10.63 minutes (SD=8.38) and contained
25.87 messages (SD=27.27), in which each user sent 7.82 messages (SD=7.83) and the crowd
responded with 18.22 messages (SD=20.67). An average of 1.93 (SD=6.42) crowd messages
were not accepted and thus never been sent to the user. The distribution of durations and num-
ber of messages of conversational sessions are shown in Figure 3.3. 58.44% of conversational
sessions were no longer than 10 minutes, and 77.50% of the sessions were no longer than 15
minutes; 55.00% of the sessions had no more than 20 messages in them, and 70.31% of the
sessions had no more than 30 messages.

In the deployment study, Chorus demonstrated its capability of developing a sophisticated
and long conversation with an user, which echoes the lab-based study results reported by [98].
In Section 1.5, we showed one actual conversation occurred between one user and Chorus. More
examples can be found on the Chorus website. In the following sections, we describe four main
challenges that we identi�ed during the deployment and study.

3.3 Challenge 1: Identifying the End of a Conversation

Many modern digital services, such as Google Hangouts or Facebook, do not have clear inter-
action boundaries. A “request” sent on these services (e.g., a tweet posted on Twitter) would
not necessarily receive a response. Once an interaction has started (e.g., a discussion thread on
Facebook), there are no guarantees when and how this interaction would end. Most people are
used to the nature of this type of interaction in their digital lives, but building a system powered
by a micro-task platform which is based on a pay-per-task model requires identifying the bound-
aries of a task. Currently in Chorus, we instruct workers to stay and continue to contribute to a
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conversation until it ends. If two workers �nish and submit the task, the system will close this
conversational session and force all remaining workers on the same conversation to submit the
task (as discussed above). On the other hand, the users did not receive any indication that a ses-
sion is considered over since we intended that they talk to the conversational agent as naturally
as possible, as if they were talking to a friend via Google Hangouts. In this section, we describe
three major aspects of this challenge we observed.

3.3.1 “Is there anything else I can help you with?”

We observed that the users' intent to end a conversation is not always clear to workers, and
sometimes even not clear to users themselves. One direct consequence of this uncertainty is
that workers frequently ask the user to con�rm his intent to �nish the current conversation. For
instance, workers often asked users “Anything else I can help you with?”, “Anything else you
need man?”, or “Anything else?”. While requesting for con�rmation is a common conversational
act, every worker has a various standard and sensation to judge a conversation is over. As a result,
users would be asked such a con�rmation question multiple times near the end of conversations.
The following is a classic example:

user ok good. Thanks for the help!

crowd You're very welcome!

crowd Is there anything else I can help you with ?

crowd You are always welcome

user Nope. Thanks a lot

crowd OK

The following conversation, which deals with a user asking for diet tips after having a dental
surgery, further demonstrates the use of multiple con�rmation questions.

crowd Ice cream helps lessen the swelling

crowd Is there anything else I can help you with?

user Can I have pumpkin congee? The cold ones

crowd That should be �ne

crowd That would be great actually. :)

crowd Is there anything else?

user Maybe not now.. Why keep asking?

crowd Just wondering if you have any more inquiries

3.3.2 The Dynamics of User Intent

Identifying users' intent is dif�cult [152]. Furthermore, users' intent can also be shaped or
in�uenced during the development of a conversation, which makes it more dif�cult for worker to
identify a clear end of a conversation. For example, in the following conversation, the user asked
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for musical suggestions and decided to go to one speci�c show. After the user said “Thanks!”,
which is a common signal to end a conversation, a worker asked a new follow-up question:

user ok I might go for this one.

user Thanks!

crowd Need any food on the way out?

The following is another example that the crowd tried to engage the user back into the con-
versation:

crowd anything else I can help you with?

crowd Any other question?

user Nope

crowd Are you sure?

crowd to con�rm exit please type EXIT

crowd or if you want funny cat jokes type CATS

user CATS

3.3.3 User Timeout

A common way to end a conversation on a chat platform (without explicitly sending a concluding
message) is simply by not replying at all. For an AI-powered agent such as Siri or Echo, a
user's silence is generally harmless; however, for a crowd-powered conversational agent, waiting
for user's responses introduces extra uncertainty to the underlying micro tasks and thus might
increase the pressure enforced on workers. As mentioned in the System Overview, our system
implemented a session timeout function that prevents both workers and users from waiting too
long. However, session timeout did not entirely solve the waiting problem. Often towards the
end of a conversation, users respond slower or just simply leave. In the following example, at the
end of the �rst conversation, a user kept silent for 40 minutes and then responded with “Thanks”
afterward.

[User asked about wedding gown rentals in Seattle. The crowd answered with some
information.]

crowd Is the wedding for yourself

[User did not respond for 40 minutes. Session timeout.]

user Thanks

[New session starts.]

auto-reply What can I help you with? I'll be able to chat in a few minutes.

crowd Hi there, how can I help you?

The unpredictable waiting time brings uncertainties to workers not only economically, but
also cognitively. It is noteworthy that “waiting” was one type of contributions that we recognized
in the system and paid bonus money for. Workers can see the reward points increasing over time
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on the worker interface even if they do not perform any other actions. However, we still received
complaint emails from multiple workers about them waiting for too long; several complaints
were also found on turker forums. The following example shows that a worker asked the user if
he/she is still there in just 2 minutes.

user Is there an easy way to check traf�c status between Miami and Key West?

[New session starts.]

auto-reply Please wait for a few minutes...

crowd Did you try Google traf�c alerts?

[User did not respond for 2 minutes.]

crowd Are you there?

user I see... so I will need to check the traf�c at different times of the day

In sum, workers do not always have enough information to identify a clear end of a conversa-
tional session, which results in both an extra cognitive load for the workers and economic costs
for system developers.

3.4 Challenge 2: Malicious Workers & Users

Malicious workers are long known to exist [48, 165]. Many crowdsourcing work�ows were
proposed to avoid workers' malicious actions or spammers from in�uencing the system's per-
formance [84]. The threats of workers' attack on crowdsourcing platforms have also been well
studied [101]. In this section we describe the malicious workers we encountered in practice, and
bring up a new problem – theuser's attack.

Chorus utilized voting as a �ltering mechanism to ensure the output quality. During our de-
ployment, the �ltering process worked fairly well. However, the voting mechanism would not
apply when only one worker appears in a conversation. In our deployment, for achieving a rea-
sonable response speed, we allowed workers to send responses without other workers' agreement
when only one or two workers reach to a conversation. As a trade-off, malicious workers might
be able to send their responses to the user. In our study, we identi�ed and categorized three major
types of malicious workers:inappropriate workers, spammer, and�irter , which we discuss in
the following subsections.

Users are another source of malicious behavior that are rarely studied in literature. A crowd-
powered agent is run by human workers. Therefore, malicious language, such as hate speech or
profanity sent by the user could affect workers and put them under additional stress. In the last
part of this section, we discuss the �ndings from the message log of the participant in our study
that verbally abused the agent.

3.4.1 Inappropriate Workers

Rarely, workers would appear to intentionally provide faulty or irrelevant information, or even
verbally abuse users. Such workers were an extremely rare type of malicious worker. We only
identi�ed two incidents out of all conversations we recorded, including all the internal tests
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before the system was released. However, this type of workers brought out some of the most
inappropriate conversations in the study.

In this example, the user asked about how to backup a MySQL database and received an
inappropriate response:

crowd [The YouTube link of “Bryan Cranston's Super Sweet 60” of “Jimmy Kimmel
Live”]

user come on......

crowd Try that

user This is a YouTube link...

user Not how to backup my MySQL database

crowd but it's funny

crowd what up biatch [sic]

In the following conversation, the user talked about working in academia and having prob-
lems with time management. Workers might have suspected this user is the requester of the HIT
and became emotional, and started to verbally attack the user:

crowd Did you make this hit so that we would all have to help you with making your
hit?

[Suggestions proposed by other workers.]

crowd Anything else I can help you with?

user no I think that's it thank you

crowd You're welcome. Have a great day!

crowd Surely you have more problems, you are in academia. We all have problems
here.

crowd How about we deal with your crippling fear of never �nding a job after you
defend your thesis?

3.4.2 Flirters

“Flirter” refers to the worker who is demonstrated to have too much interest in 1) the user's
true identity or personal information, or 2) developing unnecessary personal connection to the
user, which are not relevant to the user's request. Although we believe that most incidents we
observed in the study were with workers' good intent, this behavior still raised concerns about
user's privacy.

For instance, in the following conversation, the user mentioned a potential project of helping
PhD students to socialize and connect with each other. Workers �rst discussed this idea with the
user and gave some feedback. But then one worker seemed interested in this user's own PhD
study. The user continued with the conversation but did not respond to the worker's question.

crowd Are you completing a PHD now?

user yep

32



crowd As you are a PHD student now, it seems you are well placed to identify exactly
what would help others in your situation.

crowd What area is your PHD in?

[User did not respond to this question.]

In the following example, one worker even lied to the user by saying that Chorus needs to
verify the user's name. Therefore the user needed to provide his true name for “veri�cation”,
because it was allegedly required.

crowd whats your name user?

crowd what ?

user You mean username?

user Or my name?

crowd real name

crowd both

[After few messages]

crowd we need to verify your name

3.4.3 Spammers

“Spammer” refers to the worker who performs abnormally large amount of meaningless actions
in a task, which would disrupt other workers from doing the task effectively. Spammers are
known to exist on crowdsourcing platforms [165]. In Chorus, spammers would in�uence 1)
message, 2) fact keeping, and 3) vote.

In terms of message, in our study, 95.20% of workers got 60% or more of their proposed
messages accepted. We manually identi�ed few spammers from the remaining 4.80% of workers
who got 40% or more of their proposed messages rejected by other workers. They frequently sent
short, vague, and general responses such as “how are you”, “yeah”, “yes (or no)”, “Sure you can”,
or “It suits you best.” In terms of fact keeping, which we did not enforce a voting mechanism on,
spammers often posted irrelevant or useless facts, opinions, or simply meaningless character to
the fact board. For instance, “user is dumb” and “like all the answers.” One worker even posted
a single character “a” 50 times and “d” 30 times. Although users would not be in�uenced or
even aware of fact spams, it obviously disrupts other workers from keeping track of important
facts. We received more reports from workers about fact spams than that of message spams. In
terms of vote, spammers who voted on almost all messages could signi�cantly reduce the quality
of responses. We observed that in some conversations Chorus sent the user abnormally large
amount of messages within a single turn, which was mainly caused by spammer voters.

3.4.4 Malicious End Users

In our study, workers reported to us that one user intentionally abused our agent, in which we
identi�ed sexual content, profanity, hate speech, and describing threats of criminal acts in the
conversations. We blocked this user immediately when we received the reports, and contacted
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the user via email. No responses have been received so far. According to the message log, we
believe that this user initially thought that Chorus were “a machine learning tech.” The user later
realized it was humans responding, and apologized to workers with “sorry to disturb you.” The
rest of this user's conversation became nonviolent and normal. The abusive conversation lasted
nearly three conversational sessions till the user realized it was humans. We would like to use
this incident to bring up broader considerations to protect crowd workers from being exposed to
users' malicious behaviors.

Sexual Content A common concern we have is about sexual content. On MTurk, we enforced
the “Adult Content Quali�cation” on our workers. Namely, only the workers who agreed that
they might be assigned with some adult content to work with can participate in our tasks. For
instance, one other user asked for suggestions of adult entertainment available in Seattle, and
workers responded reasonably. However, even with workers' consent, we believe that candid or
aggressive sexual content is likely to be seen as inappropriate by most workers. In the malicious
users' conversation, we observed expressions of sexual desire, mentioning explicit descriptions
of sexual activities.

Hate Speech Hate speech refers to attacking a person or a group based on attributes such as
gender or ethnic origin. In our study, a user �rst expressed his hatred against the United States,
and then started targeting certain groups according to their nationality, gender, and religion.
It is noteworthy that Microsoft's Tay also had dif�culty handling the hate speech of users4.
People often worry about malicious crowd workers, but these examples suggest users can also
be worrisome.

Crowd's Responses As a side note, in this incident, we observed that some crowd workers
tried to provide emotional supports (e.g., “but i an [sic] here to help you”) or encouraged the user
not to perform illegal acts (e.g., “you are a good person then you don't do these bad things.”).
Some other workers suggested the user alternative options such as writing a complaint letter
instead of committing a crime, Some workers tried to emphasize the factual inconsistency of this
conversation, and one worker just left this task.

3.5 Challenge 3: On-Demand Recruiting

In low-latency crowdsourcing, a common practice to have workers respond quickly is to maintain
a retainer that allows workers to wait in a queue or a pool. However, using a retainer to support
a 24-hour on-demand service is costly, especially for small or medium deployments.

A retainer runs on money. The workers who wait in the retainer pool promise to respond
within a speci�c amount of time (in our case, 20 seconds). We recognize these promises and the
time spent by the workers as valuable contributions to keep Chorus stable. Therefore, we believe
that a requester should pay for workers' waiting time regardless of whether they eventually are
assigned with a task or not. Given our current rate, which is $0.20 per 30 minutes, a base rate

4Tay: https://en.wikipedia.org/wiki/Tay(bot)
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Figure 3.4: Distribution of the response time of the �rst crowd message. 25.0% of conversations
received a �rst response in 30 seconds, and 88.3% of conversations received a �rst response in 2
minutes.

of running a full-time retainer can be calculated as follows. If we maintain a 10-worker retainer
for 24 hours, it would cost $115.20 per day (including MTurk's 20% fee), $806.40 per week, or
approximately $3,500 per month.

As mentioned above, in Chorus we utilize an alternative approach to recruit workers. When
the user initiates a new conversation, the system posts 1 HIT with 10 assignments to MTurk.
If a conversation is �nished, all of its remaining assignments that have not been taken by any
workers will automatically turn into a 30-minute retainer. We propose this approach based on
the following three key observations. First, an average conversation lasted 10.63 minutes in our
study. With this length of time, it is reasonable to expect the same group of workers to hold an
entire conversation. Second, according to the literature, users of instant messaging generally do
not expect to receive the responses in just few seconds. The average response time in instant
messaging is reportedly 24 seconds [85]. 24.5% of instant messaging chats get a response within
11-30 seconds, and 8.2% of the messages have longer response times [13]. Third, given the
current status of MTurk, if you posted the HITs with multiple assignments, on average the �rst
worker could reach your task in few minutes. In our deployment, this approach was demonstrated
to result in an affordable recruiting cost and a reasonable response time.

Our approach cost an average of $28.90 per day during our study. The average cost of each
HIT we posted with 10 assignments was $5.05 (SD=$2.19, including the 40% fee charged by
MTurk), in which $2.80 is the base rate5, and the remaining part is the bonus granted to workers.
Our system totally served 320 conversations within 31 days, in which we paid$2:80 � 320=
$896 as a base rate to run our service (bonus money is not include), i.e., $28.90 per day.

In terms of response speed, the �rst response from workers in a conversation took an average
of 72.01 seconds. We calculated the time-gap between user's �rst message and workers' �rst
accepted message in each conversational session6. The �rst response from workers took 72.01
seconds on average (SD=87.09). The distribution of the response time of the �rst crowd message

5$0.20 per assignment and 10 assignments per HIT. MTurk charges a 40% fee for HITs with 10 or more assign-
ments.

6The requester's reputation and workers' trust in�uence recruiting time. The reported response times in this
section only consider the 240 conversations occurred after seven days of our system released, i.e., 2016-05-27 EDT.
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is shown in Figure 3.4. 25.00% of conversations received the �rst crowd response within 30
seconds, 60.00% of conversations received the �rst crowd response within 1 minutes, and 88.33%
of conversations received the �rst crowd response with 2 minutes.

In sum, our approach was demonstrated to be able to support a 24-hour on-demand service
with a reasonable budget.We recruited workers by simply posting HITs and turning the untaken
assignments into retainers after a conversation is over. Retainers in our system served as a light-
weight traf�c buffer to avoid unexpectedly long latency of MTurk. When a conversational ses-
sion ends early by incorrect judgement of workers, the retainers can also quickly direct workers
to continue with the conversation. The limitation of this approach is that it heavily relies on the
performance of the crowdsourcing platform such as MTurk. As shown in Figure 3.4, several
conversations' response time of the �rst crowd message remain longer than 5 minutes. We are
also aware that the latency of MTurk could be quite long (e.g., 20 to 30 minutes) in some rare oc-
casions. This suggests that a more sophisticated recruiting model which can adopt to platform's
traf�c status might be required.

3.6 Challenge 4: When Consensus Is Not Enough

We identi�ed four question types for which workers had dif�culty reaching consensus:(i) ques-
tions about the agent's identity and personality,(ii) subjective questions,(iii) questions that ex-
plicitly referred to workers, and(iv) requests that asked workers to perform an action.

3.6.1 Collective Identity and Personality

Curious users frequently asked Chorus about its identity, meta data, or personality. The answers
to these questions were often inconsistent across sessions run by different group of workers. For
example, the following user asked where Chorus is located:

user I'm in Pittsburgh. Where are you?

crowd I'm in the United Kingdom .

Another user asked Chorus the same question, but got a different answer:

user where are you?

crowd I am in Florida , where are you

Sometimes the user asked questions about the agent itself, which the workers did not have an
answer for, tending to respond with their personal status,i.e., the following example:

user I was wondering about your name. Why is it Chorus Bot?

crowd I am not sure. I'm new to this.

user How long has it been for you here?

crowd Is there anything I can help you with?

crowd About 3 minutes
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3.6.2 Subjective Questions

Users also asked subjective questions, which workers often could not agree on. As a conse-
quence, users would get a set of answers that obviously came from different people. The follow-
ing example is a question about religion:

user Do you believe Bible is God's word?

crowd Is that all?

crowd Evolution can't be disproven, but neither can creationism in a sense.

[Few messages later.]

crowd This worker's opinion is that God does not exist.

crowd I believe in a God, but not necessarily all of the things in the Bible

One user also asked questions about politics:

user who should be the democratic nominee for the presidential race?

crowd Bernie Sanders, obviously.

crowd Bernie!

crowd Hillary Clinton

3.6.3 Explicit Reference to Workers

Curious users also asked explicit questions about crowd workers, including the source of crowd
workers, the platform, the worker interface, or the identity of workers. The following is a typical
example:

user who's actually answering these questions

crowd It's actually a group of workers.

crowd A Crowd Worker

user who's in the crowd

crowd People who have exceptional internet skills.

Sometimes workers also spontaneously identi�ed themselves and explained their status to the
user, which broke the illusion of Chorus being a single agent:

user How come your English is so bad ?

[Workers apologize. One worker said “English is my secondary language.” ]

user what's your �rst language ?

crowd Crowd 43 - �rst language is Malayalam

crowd There are several of us here my �rst language is English May I help you �nd a
good place to eat in Seattle?

crowd I am worker 43, so you wrote to me or to some one else?
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3.6.4 Requests for Action

Some users asked Chorus to perform tasks for them, such as booking a �ight, reserving a restau-
rant, or making a phone call. In the following conversation, workers agreed to reserve tables in a
restaurant for the user:

[Workers suggested the user to call a restaurant's number to make a reservation.]

user Chorus Bot can't reserve tables :( ?

crowd I can reserve a table for you if you prefer

crowd what time and how many people?

We were interested to see that workers often agreed to perform small tasks, but users rarely
provided the necessary information for them to do so. We believe these users were likely only
exploring what Chorus could do.

3.7 Discussion

During our Chorus deployment, we encountered a number of challenges, including dif�culty
in �nding boundaries between tasks, protecting workers from malicious users, scaling worker
recruiting models to mid-sized deployments, and maintaining collective identity over multiple
dialog turns. All represent future challenges for research in this area.

During the study, we received many emails from both workers and users on a daily basis.
They gave us a lot of valuable feedback on the usage and designs of the system. We also directly
communicated with workers via Chorus by explicitly telling workers “I am the requester of this
HIT” and asking for feedback. In general, workers are curious about the project, and several
people contacted us just for more details. For instance, workers asked where users were coming
from and wondered if it was always the same person asking the questions. Workers also wanted
to know what information users could see (e.g., one worker asked “Does a new user sees the
blank page or the history too?” in a Chorus-based conversation with us). The general feedback
we received from emails and MTurk forums (e.g., Turkopticon7) is that workers overall found
our tasks interesting to complete. Users also provided feedback via email. Many were curious
about the intended use of this system. Some users enjoyed talking with Chorus and were excited
that the system actually understood them.

When users asked us how should they use Chorus, we told them we do not really know,
and encouraged them to explore all possibilities. Interestingly, users used Chorus in a range of
unexpected ways: some users found it helpful for brainstorming or collecting ideas (e.g., gift
ideas for the user's daughter); one user asked crowd workers to proofread a paragraph and told
us it actually helped; one user tried to learn Spanish from a worker who happened to be a native
speaker. Members of our research group even tried to use Chorus to help collect literature related
to their research topics and actually cited a few of them in the chapter. We also observed that
several users discussed their personal problems such as relationship-related issues. These uses
of Chorus are all quite creative, and beyond what was initially anticipated either by this work or
by prior work. We will discuss more user's behaviors in the Discussion chapter (Section 9.1).

7Turkopticon: https://turkopticon.ucsd.edu/
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3.8 Summary

In this chapter, we describe our experience deploying Chorus with real users. We encountered a
number of problems during our deployment that did not come about in prior lab-based research
studies of crowd-powered systems, which will be necessary to make a large-scale deployment of
Chorus feasible. We believe many of these challenges likely generalize to other crowd-powered
systems, and thus represent a rich source of problems for future research to address. Some of
these problems will be addressed or resolved in the following chapter,e.g., the new recruit-
ing methods we invented to support Chorus deployment (Chapter 4); and we will discuss more
challenges and limitations of the Chorus and its updated version that contained automated com-
ponents in the Discussion chapter (Chapter 9).
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Chapter 4

Ignition: A Hybrid Recruiting Methods for
Low-Latency Crowdsourcing

A number of interactive crowd-powered systems have been developed to solve dif�cult problems
out of reach for automated solutions. For instance, Soylent used the crowd to edit and proofread
text [14], and Legion allowed a crowd of workers to interact with an UI-control task [94]. A
primary challenge for such interactive systems is to decrease latency because crowdsourcing
can be slow. At a high level, there are at least three sources of latency for such systems:(i)
time required to get workers to show up to the task,(ii) time required for the workers to do the
work, and(iii) time for the system to integrate the work that they did into the output given to
users. While(ii) and(iii) are domain-speci�c, all crowd-powered systems share the challenge of
recruiting workers quickly.

As mentioned in the Related Work chapter (Section 2.3), two main approaches have been
used to recruit workers from crowd marketplaces, such as Amazon Mechanical Turk (MTurk),
quickly:

1. On-demand recruiting: Workers are recruited when they are needed (task starts) [19],
usually by simply posting HITs (Human Intelligence Tasks) on MTurk marketplace.

2. Retainers: Workers are recruited into a retainer pool and can be called up on quickly [15].

However, recruiting by posting HITs is inexpensive but slower; whereas, a full-time retainer
is expensive but faster. On-demand recruiting is known to be robust, as it has been used in
deployed systems such as VizWiz [19], however, its recruiting time is reportedly longer than a
minute, which may be too long for many interactive applications. In the VizWiz system [19],
Bighamet al. use pre-recruiting to reduce the experienced response time of users – workers
are recruited when users begin using the application, which gives the system a lead time of
approximately one minute. However, pre-recruiting is not always possible. For applications such
as crowd-powered conversational agents [78], the time between users opening the application and
sending their �rst message is short, which makes pre-recruting less effective. On the other hand,
the retainer model, which holds workers in a waiting pool and calls workers back when tasks
come in, has a fast response time (less than 10 seconds). However, the retainer model can be
expensive for real-world deployments, especially for small or medium size of deployment, in
which most of the money is used for waiting time.
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Figure 4.1: Ignition combines on-demand recruiting of workers with a retainer to affordably
recruit workers quickly to power deployed crowd systems.

To tackle this cost-latency trade-off, we proposedIgnition, which makes low-latency crowd-
powered systems feasible over long deployments by balancing two recruiting methods:(i) simply
posting HITs, and(ii) maintaining a worker waiting pool (i.e.,a retainer.) As shown in Figure 4.1,
Ignition starts recruiting workers when a task begins, and the trick is that the model recruits
slightly moreworkers than each task needs. The workers who arrive after a task is fully occupied
are retained in a waiting page, and then be directed to the next available task.

Ignition is particularly useful for supporting the following types of tasks:

� Applications with an expected response time between30 seconds to 2 minutes.
� Tasks withdynamic length.
� Tasks that are better withmultiple workers, but can start when the �rst worker arrives.
� Systems that are deployed at small or medium scale.

In this chapter, we report on our experience developing Ignition and our experience with
a 10-month deployment with 648 workers collaboratively completing 745 tasks. We deployed
Ignition in support of our on-going deployment of a crowd-powered conversational assistant,
Chorus [78]. Each Chorus task can start with 1 worker, and could be collectively operated by a
maximum of 5 workers. We report on its response time (both of workers arriving to Ignition, and
to the supported task), its stability over time, and worker response rates. Our experience may
inform future efforts to deploy low-latency crowd-powered systems and develop the underlying
infrastructure supporting them.
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Figure 4.2: Transition graph for workers in Ignition. A worker �rst reaches the landing page for
the introduction and tutorial, and then goes to a waiting page (also known as retainer page) to
wait for tasks. When a task arrives for the worker, the worker is called back to perform the task
using a pop-up alert and a sound noti�cation.

4.1 Ignition Framework

In this section we describe our implementation of Ignition. This implementation has been de-
ployed for supporting Chorus in-the-wild since June 2016. We iteratively improved the design
of the system through multiple empirical evaluations and feedback from workers and our collab-
orators.

4.1.1 Worker's Work�ow

From the workers' perspective, Ignition is composed of a sequence of web pages. As shown in
Figure 4.2, the work�ow of workers are as follows: First, a worker reaches to the landing page.
The landing page uses �ve slides to brie�y introduce the task, and also have the worker sign the
consent form when necessary. Each new worker who has never submitted our HIT before is also
required to �nish the one-minute interactive tutorial. Second, the worker then clicks a button to
enter to the waiting page. The interface of the waiting page is shown in Figure 4.3. The worker
is instructed to keep the browser tab open to wait for the task. The system grants the worker
with an retainer reward (2 points) per second for his/her waiting time. Reward points are later
converted to bonus pay for workers. The accumulated reward points are displayed in the middle
of the page, with the remaining waiting time and estimated bonus amount listed below.

When a task arrives, the waiting page uses a pop-up alert and a bird sound noti�cation to call
the worker back, and the worker is required to respond within 20 seconds. If the worker responds
in time, he/she will be then directed to the task page to perform the task; If the worker reaches
to 4000 points (estimatedly 33 minutes) without any tasks, the waiting page will also call the
worker back to con�rm that he/she is still available, and then automatically submits the HIT if
the worker responds within 20 seconds. The workers who wait in the retainer pool promise to
respond within a speci�c amount of time. We recognize these promises and the time spent by the
workers as valuable contributions to keep a deployed crowd-powered system stable. Therefore,
we believe that a requester should pay for workers' waiting time regardless of whether they
eventually are assigned with a task or not. On the other hand, if a worker does not respond in
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Figure 4.3: The worker interface. Workers are instructed to keep the browser tab open to wait
for tasks. Their earned reward points are displayed in the middle of the page, with the remaining
time and estimated bonus amount listed below.

time, the interface will be wiped out and become unable to submit. An instruction will further be
displayed to ask the worker to return this HIT as a penalty.

Furthermore, as shown in Figure 4.2, if the task utilizes a comparable reward point system as
that of Ignition, the worker can be sent back to the waiting page to continue accumulating points
if he/she did not make suf�cient contribution to the task (Rtask .) This is particularly useful for the
tasks that have dynamic length such as conversation tasks [78]. If a worker enters a conversation
task right before it ends and thus earns insuf�cient reward, Ignition allows the worker to go back
to retainer with his/her accumulated reward points to continue waiting. This design also allows
workers to focus only on the amount of reward points they have earned, instead of keep track of
both waiting time and reward points at the same time.

4.1.2 Recruiting Strategy & Worker Routing

When a task arrives, Ignition recruits slightly more workers than needed, and uses a retainer to
hold the extra workers for future tasks. In our deployed system, the task can start with 1 worker,
but is better with 4 to 6 workers. Therefore, for each incoming task, we aim to recruit 8 workers
in total. The recruiting process can be break down into two parts: Ignition �rst recallsCretainer

workers from retainer, and then aims to recruitCmarket workers from Amazon Mechanical Turk
marketplace. Namely,Cretainer andCmarket sums up to 8, as Equation (4.1) shows.

Cretainer + Cmarket = 8 (4.1)
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The underlying assumption of Ignition is that a largerCmarket has a faster recruiting time
from the market, and thus compensates the speed decrease when no (or few) workers are waiting
in the retainer (Cretainer = 0.) The detailed process is as follows.

1. Upon the arrival of a new task, Ignition checks if any workers are currently waiting in the
retainer If yes, the system greedily calls at most 6 workers back from retainer to do the
task (0 6 Cretainer 6 6).

2. Ignition then tries to recruitCmarket workers from mturk marketplace by posting 1 HIT
with an average ofCmarket assignments. We introduced randomness into the system that
Ignition has a 30% chance to add one assignment (Cmarket +1), 30% chance to subtract one
assignment (Cmarket � 1), and 10% to post 10 assignments. Randomness was added here
to allow us to collect data about different numbers of assignments, in case worker response
rate or time is dependent on the number of workers already recruited (which may be true
if we are pulling from an especially small pool), and to explore latency effects potentially
introduced by the platform itself (anecdotally, HITs with different numbers of assignments
seem to appear with different latencies on MTurk).

When a task has 5 or more workers (either from retainer or marketplace,) the task is labeled
as “fully-occupied” and stops taking more workers, and the workers recruited via the same HIT
who arrives later will start waiting in the retainer. However, if some workers left before the task
ends and thus the task has less than 5 workers, the task will be open to workers again.

4.1.3 Instant, Retained, and No Tasks

When a worker reaches to the waiting page and starts waiting, one of the following events will
occur.

� [Instant Task] The task has been created and remains open when the worker arrives to the
waiting page. In this case the worker does not need to wait and will be called immediately
when reaching to the waiting page.

� [Retained Task] When the worker arrives to the waiting page, the original task is fully-
occupied or over. The worker opens the browser tab to wait, and then the next task arrives.

� [No Task] Similar to the Retained Task, worker arrives to the waiting page and starts
waiting. However, no tasks appear till the end of his/her waiting time. The workers can
submit the HIT at the end and just get paid with mturk price and waiting bonus.

It is noteworthy that workers are not allowed to “double waiting.” If a worker is currently
waiting in the retainer and reaches to the waiting page again via a different HIT, the system will
block him/her on the second browser tab.
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Figure 4.4: The distribution of assignments and tasks. 50.07% of HITs were posted when no
workers were in the retainer. Amongst totally 6,823 assignments, 45.04% of assignments were
of Instant tasks, 8.75% were of Retained tasks, and 46.21% were of no tasks.

4.2 Long-term Deployment Study

The current version of Ignition was initially launched in June, 2016 for supporting the on-demand
crowd-powered conversational agent, Chorus1, that was deployed to public [78]2. To date3, 122
users used the conversational agent during 745 conversational sessions. Each session was one
task, which lasted an average of 10.87 minutes (SD = 15.26.) The assignment and task distribu-
tion is shown in Figure 4.4. Totally 6,823 assignments by 648 workers were recorded, in which
45.04% were of Instant tasks, 8.75% were of Retained tasks, and 46.21% were of no tasks. As for
the task distribution, 50.07% of HITs were posted when no workers were in the retainer, 18.12%
of HITs were posted when 1 worker was in the retainer, and 11.54% of HITs were posted when
2 workers were in the retainer. This distribution suggests that in Ignition, the speed of recruit-
ing from marketplace and of recalling workers from the retainer is equally important. We will
analyze the performance of these two parts in the follosing subsections.

4.2.1 Recruiting from the Marketplace

In the deployed Ignition, majority of assignments were of the [Instant Task] case, in which work-
ers do not need to wait and are directed to tasks immediately after they reach to the retainer. In
the case of [Instant Task], most of the recruiting time are spent in waiting for workers to �nd the
HIT, accept the HIT, start doing the HIT, and �nish the tutorial. To the best of our knowledge,
no prior works reported how fast a HIT will be taken on Amazon Mechanical Turk marketplace.
Therefore, we calculated the probability of a posted HIT that have at least 1 (and at least 3) work-
ers in the retainer atx seconds after the HIT was posted. The results are shown in Figure 4.7.

1Chorus: http://talkingtothecrowd.org/
2Three built-in quali�cations of MTurk were used to ensure task quality: HIT Approval Rate (> 90%), Number

of Approved HITs (> 200), and Adult Content Quali�cation.
3All results presented in this chapter are based on data recorded from July 1st, 2016 to April 27th, 2017.
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Figure 4.5: The distribution of the �rst workers' arrival times when the system aimed to recruit
various number of workers from mturk marketplace. A largerCmarket results in not only a smaller
mean of arrival time, but also a smaller standard deviation.

The x axis is the cut-off time (x seconds,) and the y axis is the probability atx seconds.

The results suggest that when a HIT posted to mturk marketplace with more assignments, it
is more likely workers will arrive to the task earlier. When Ignition posted a HIT with an average
of 5 assignments, 40% of the time the �rst worker will reach to the retainer under 2 minutes;
when Ignition posted a HIT with an average of 8 assignments, 79% of the time the �rst worker
will reach to the retainer under 80 seconds. With a largerCmarket , Ignition's recruiting strategy
can get workers faster. This results con�rm the underlying assumption of Ignition that a larger
Cmarket results in a faster recruiting time from market, which can compensate the speed decrease
when no workers waiting in the retainer. Furthermore, the distribution of the �rst workers' arrival
times when the system aimed to recruit various number of workers from mturk marketplace is
shown in Figure 4.5 (workers who arrived after 5 minutes are excluded.) A largerCmarket results
in not only a smaller mean of arrival time, but also a smaller standard deviation.

The positive correlation betweenCmarket and recruiting speed could be caused by several
factors: First, a HIT with more assignments has a longer lifetime on Mturk marketplace before
all assignments are taken, and thus has better visibility. Second, a HIT with more assignments
is more robust to the workers who hold the accepted tasks for a while instead of doing the task
immediately. Finally, given that we had a relatively small group of active workers who took
most of our HITs, a smallerCretainer could indicate that more of these active workers are still on
the marketplace, and are thus easier to be recruited from the market. Workers use web browser
extensions to alert them when new HITs are posted by favored requesters, and therefore some of
the results we have seen could be in�uenced by the use of these tools.
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Figure 4.6: Worker recall rate from the retainer(a) by months,(b) by the day of the week, and
(c) by time spent waiting. Overall, results demonstrate that the recall rate was reasonably stable
during our deployment, although this rate did vary.

4.2.2 Recruiting from the Retainer

The retainer model has shown to be able to recall 75% of workers within a couple of seconds [15]
Our deployment study echoes this �ndings, and further demonstrates the long-term dynamics of
a deployed retainer. We calculated the response rate (i.e., the probability that a worker responded
to the task within 20 seconds) of [Instant Task], [Retained Task], and [No Task]4 during each
month of our deployment. As Figure 4.6(a) shows, the response rate of [Instant Task] cases were
nearly perfect. We believe that it is because workers do not need to wait. Except for the �rst two
months, the response rates of [Retained Task] and [No Task] were all higher than 80% during
the entire deployment. Interestingly, we found that the response rate of [Retained Task] cases
slightly dropped on Sunday (Figure 4.6(b).) Within the [Retained Task] cases, we also calculated
the response rate with respect to each worker's waiting time in the retainer (Figure 4.6(c).) We
found that workers have the lowest response rate when waited in the retainer between 15 to 25
minutes. It is possible that workers learned to pay more attention at the end of their waiting
time (i.e., 33 minutes), perhaps because they were aware of their chances of getting paid without
actually doing the task.

It is noteworthy that our implementation has a more relaxed response time constraint (20
seconds) for workers than that of Bernsteinet. al's work (6 5 seconds.) Therefore the response
rate reported in this section is higher. During our deployment, the average response time from
the retainer is 7.703 seconds (SD = 4.679, all cases included.)

In sum, during our deployment, the retainer was shown to be able to stably recall 80% to
90% workers when tasks comes in, which suggests its mechanism is reliable to real-world use
(although potentially expensive).

4For [No Task], workers also need to respond at the end of their waiting time to con�rm that they are still
available.
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Figure 4.7: The probability of a posted HIT that have at least 1 (and at least 3) workers in the
retainer atx seconds after the HIT was posted. When Ignition posted a HIT with an average
of 5 assignments, 40% of the time the �rst worker will reach to the retainer under 2 minutes.
(N = 346; 132; 86; 45; 50; 22)

Figure 4.8: The probability that a task will have at least 1 (or 3) new worker(s) reach to the task
over time, regardless of the sources of workers, given the number of workers that need to be
recruited.

4.2.3 Recruiting by Ignition (Retainer & Marketplace)

Finally, for understanding the end-to-end performance of Ignition, we analyzed the probability
of a started task that have at least 1 (and at least 3) workers reaching to the task (not retainer),
regardless of the sources of workers (either from marketplace or from retainer.) The result is
shown in Figure 4.8. The x-axis is the cut-off time (x seconds) after the HIT was posted, and
the y-axis is the probability atx seconds. Figure 4.7 and Figure 4.8 demonstrates how our
hybrid approach works inside a real-world deployed system. It is noteworthy that the lines of
“Cmarket = 8” in Figure 4.7 (navy blue color) and the lines of “Cretainer = 0” in Figure 4.8
(navy blue color) are nearly the same (becauseCmarket + Cretainer = 8.) When no workers are
waiting in the retainer pool, Ignition posts more assignments to mturk marketplace to recruit
workers to have a better recruiting speed (Figure 4.5); when some workers are waiting in the
retainer pool, Ignition recalls workers back from retainer and thus results in a much shorter
response time (Figure 4.8.)

As shown in Figure 4.4, half of tasks occurred when no workers were waiting in the retainer
pool. Ignition dynamically decides the number of assignments to post based on the number of
workers in retainer, and thus helps to balance monetary cost and response speed.
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4.3 Worker Survey

We believe that understanding workers' opinion and behaviors could help us further improve
the design of future low-latency crowd-powered systems. While low-latency crowdsourcing has
been proposed and developed for many years, literatures had little to say about workers' per-
spective of these technologies, nor how they work with these tasks. Therefore, we designed a
questionnaire to collect opinions and self-reported behavior for 156 workers who have completed
at least 10 HITs in the Ignition system. We posted the survey as a $2.0 HIT on Amazon Mechni-
cal Turk for two weeks, and contacted these workers to participate in the survey. A total of 101
workers �nished the survey,i.e., the response rates is 64.74%. Each worker on average took 10
minutes 20 seconds to �nish to the questionnaire.

4.3.1 Workers' Opinion about Retainer HITs

In the survey, we asked workers to rate if they like(i) “doing HITs on MTurk in general” and(ii)
“doing retainer HITs,”5 which we referred to aslikability score. Responses were collected on a
�ve-point Likert scale (strongly disagree = 1, and strongly agree = 5). As a result, the average
likability rating of general HITs is signi�cantly higher than that of the retainer HITs (p = 0.0058).
Workers reported an average of 4.47 points (SD = 0.81) for general HITs, and 4.12 points (SD =
1.00) for retainer HITs. The distributions of rating points are shown in Figure 4.9.

Figure 4.9: Answers to Likert scale questions on our survey indicating that workers like doing(i)
HITs on MTurk in general and(ii) retainer HITs. The average likability rating of general HITs
is signi�cantly higher (p = 0.0058).

What Workers Disliked

Based on our experience of deploying Ignition, we expected that workers would prefer regular
HITs over retainer HITs. In the survey, we further asked workers to rate the extent to which
they disliked the four main aspects that workers have complained about:(i) needing to wait
until work is available,(ii) committing their next 30 minutes,(iii) responding to the recall alert

5In the questionnaire we de�ned a “retainer HIT” as follows:Unlike a typical HIT that rewards a worker for
completing a task, a HIT served by a retainer system pays a worker for “waiting for a task to appear” in addition
to completing the actual task.
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with 20 seconds, and(iv) believing the payment for waiting time is too low. Workers reported
feeling most disliking the payment rate for their waiting time, for which the average dislikability
rating is 3.64 (SD = 1.22). The next factor was the requirement to respond quickly, in which the
average rating was 3.09 (SD = 1.41). The third is the requirement that workers need to commit
30 minutes, for which the average rating was 2.76 (SD = 1.31). The least dislikable factor was
needing to wait, in which the average rating was 2.52 (SD = 1.24). The rating distributions are
shown in Figure 4.10. We also asked workers to rate on a �ve-point Likert scale howeasyit is
for them to commit 30 minutes and to respond within 20 seconds. Workers on average �nd it
slightly easier to commit their time (3.75, SD = 1.13) than to respond to the recall alert quickly
(3.70, SD = 1.24).

Figure 4.10: Answers to Likert scale questions on our survey indicating that workers dislike(i)
waiting, (ii) committing time,(iii) responding to the recall alert fast, and(iv) getting paid lower
for their waiting time of retianer HITs. As a result, workers feel most unsatis�ed about the lower
payment for their waiting time, and least concern about the fact that they need to wait.

Furthermore, we asked workers to provide some other dislikable factors which were not
covered in these four items. 5 workers mentioned that the retainer HITs are likely “buggier” than
regular HITs. One worker said that while our HITs were �ne, “I've seen the issue with other
retainer hits.” Another worker also said “Maybe it didn't always operate smoothly.” Meanwhile,
most workers echoed their thoughts on these four aspects, especially about the lower wage for
their waiting time, instead of mentioning new dislikable factors. Workers suggested the ideal
wage they expected for waiting. One worker said, “it's hardly $0.20 + 0.05 to wait. It should
be at least $0.40 +0.10”; a worker mentioned another requester provided $0.50 for 10-minute
waiting time.

What Workers Liked

We asked workers to answer in free text what theylike about the retainer HITs. The following
three themes emerged in the collected responses:(i) getting paid for simply waiting,(ii) the
waiting page have a large clear timer to show the amount of accumulated bonus and remaining
time, and(iii) being able to work on other HITs or do other things in parallel.
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34.7% of workers mentioned they like to get paid for just waiting. As one worker said,
“...(Your HITs) give a sense of 'not waiting in the dark' since they pay you to wait (not even
having focus to your tab). This is a form of respect to the turkers and predisposes me to do my
best to complete your projects.” Workers also pointed out that some other requesters did not
pay for their waiting time if they did not encounter any tasks. For example, one worker said, “I
liked that even if there was no work i was still getting paid something just to wait, most other
requesters don't give that courtesy.” 29.7% of workers mentioned that they like the design of our
waiting page, especially it has a big timer showing the bonus and remaining time. As one worker
put it, “...the way the system shows points increasing with the time and the minimum amount of
time one needs to wait to submit the hit is useful information and helps keep ones attention to the
task.” Another workers said, “I like that the countdown and the bonus totals change in real time
and I can see how much time is left.” One other worker also said “I think it is really great that
you have a waiting page, I wish more requesters did.” 25.7% of workers mentioned that they like
the fact that they are free to work on other HITs or do other things during waiting. For instance,
one worker commented, “We can work or do other things as well if there is no task assigned, so
we can utilize our time effectively because of the recall alert and waiting page feature.”

4.3.2 How Do Workers Work with Retainer HITs

We asked workers the browsers6 and tools (e.g., browser extensions) they used to keep track
of our HITs. 33.7% of worker said they used browser extensions to subscribe to our HITs on
Amazon Mechanical Turk. We then asked these workers which tools or extensions they have
been using. The following are all the browser extensions mentioned, along with the number of
workers mentioned it: HIT Scraper (12), Turkmaster (6), JR Mturk Panda Crazy (5), Mturk Suite
(3), Hit Finder (2), HIT Noti�er (2), Openturk (1), Overwatch for worker.mturk (1), HIT Monitor
(1), “Greasemonkey scripts” (1), and “a auto reload tool” (1).

We also asked workers “Is there any forum or community you use to keep track of our HITs?”
28.7% of workers said yes and reported the forum they use. The followings are the on-line
communities worker reported using, along with the number of workers who mentioned using it:
MturkCrowd.com (10), “worker forums” (4), TurkerNation (4), “Hits Worth Turking For” Reddit
group (3), TurkerHub (3), TurkOpticon (3), mturkgrin (1), Turkalert (1), and “a whatsapp group”
(1).

Furthermore, we asked workers “What do you usually do when waiting on the countdown
timer page?”. 79.2% of workers usually do other HITs in parallel; 15.8% of workers usually do
something else on their computers in parallel instead of doing other HITs; and 2% of workers
do not use computer in parallel, but do something else (e.g.,watching TV) instead. While the
majority of workers take other HITs when they are waiting, around 20% of workers do something
else instead, even not in front of their computers. Allowing them to choose a louder or more
aggressive noti�cation is likely helpful to recall them back.

We also asked workers “If something unexpected happen during your waiting time and you
have to leave, what do you usually do?”. 46.5% of workers said they usually leave the browser
open, just in case he/she could be back soon; 44.6% of workers usually return the HIT and

687.2% of workers used Google Chrome, and 18.8% of workers used Mozilla Firefox.
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leave; and 5.9% of workers just close the browser directly. Since many workers are willing to
come back to continue waiting after they were interrupted, enabling them to pause and resume
on the waiting page could be helpful. However, since the task distribution over retainer time is
not uniformly distributed (Figure 4.6(c)), a more sophisticated mechanism might be needed for
preventing workers from abusing a pausing feature (e.g., disallowing workers to pause during the
�rst 5 minutes, or setting a maximum pause time.)

4.4 Discussion

Delay-Cost Trade-offs As expected, there are trade-offs between response speed and cost
when recruiting workers on MTurk. Maintaining a retainer pool can result in a very short re-
sponse time, however, is also expensive. Given our current rate, which is $0.25 per 33 minutes, a
base rate of running a full-time retainer can be calculated as follows. If we maintain a 5-worker
retainer for 24 hours, it would cost $65.45 per day (including MTurk's 20% fee), $458.18 per
week, or approximately $2,000 per month. This price does not consider the possible re�llings
of retainer when Chorus requires more than 5 workers to support multiple conversations at the
same time. Ignition' cost is basically a function of task numbers, getting rid of the basic rate that
needed to maintain a retainer pool.

It may be possible to learn optimal policies for recruiting based on a budget. Our results
suggest that variables such as the number of workers waiting, the number of workers already
recruited, the time workers have already spent in the retainer, each worker's prior response rate/-
time, etc. could be inputs to such a model. Furthermore, given workers generally expect a higher
wage for their waiting time, the hourly wage of the retainer and task also likely play roles. For
systems that will be deployed over long periods, it may be useful to model the observed latency
recruiting workers from the marketplace – some applications may not even need to use a retainer,
relying instead on the natural latency afforded by the marketplace itself.

Task-Dependent Factors It is noteworthy that in this project we only measure workers'ar-
rivals to the waiting page and tasks, but not their completions nor performances on tasks. In
other words, even if Ignition is able to recruit workers quickly with reasonable �nancial cost,
workers can still return the HIT or not complete the HIT until it expires, even when they reach
the HIT quickly. In the early stage of deploying Chorus [78], many workers return our HITs not
because of the Ignition recruiting system, but the unfamiliarity of Chorus tasks.

4.5 Summary

In this chapter, we have introducedIgnition, an approach that combines both on-demand recruit-
ing and the retainer model to bring workers to tasks from Amazon Mechanical Turk. We have
explored deployment of Ignition over 10 months to support a medium-sized crowd-powered sys-
tem deployment, Chorus, �nding that it reasonably balanced the cost and latency of recruiting
workers. The chapter discusses the observed stability, timing, and retention of workers using the
model, demonstrating the feasibility of on-demand recruitment over time.
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In the future, it would be interesting to explore how our �ndings are affected by increased
load on the crowd marketplace, and how these results might change if we instead consider a
large, active deployment in which many more workers are involved. Furthermore, prior workers
have explored using old tasks [19] or micro diversion breaks [43] to engage workers longer,
which could be incorporated in future Ignition frameworks. Future research may also consider
the effect of continuity on worker response time and recruitment, as prior work has found that
this can affect quality [103]. For instance, it may be that workers are more easily brought back
to work on another task after they have �nished a prior one. It is also likely that the variables
we measure change over time, as workers learn of the task and adapt to it, or as the underlying
market changes. It would thus be interesting to compare the evolution of more than one system,
on more than one platform, over a long period of time.
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Part II

A Framework That Automates Chorus
Over Time
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Chapter 5

Evorus: A Crowd-powered Conversational
Assistant That Automates Itself Over Time

Conversational assistants, such as Apple's Siri, Amazon's Echo, and Microsoft's Cortana, are
becoming increasingly popular, but are currently limited to speci�c speech commands that have
been coded for pre-determined domains. As a result, substantial effort has been placed on teach-
ing people how to talk to these assistants,e.g., via books to teach Siri's language [134], and
frequent emails from Amazon advertising Alexa's new skills [6]. To address the problem of
users not knowing what scenarios are supported, in 2017, AI2 built an Alexa skill designed to
help people �nd skills they could use, only to have it rejected by Amazon [40].

Crowd-powered assistants such as Chorus are more robust to diverse domains, and are able to
engage users in rich, multi-turn conversation. Despite their advantages, crowd-powered agents
remain largely impractical for deployment at large scale because of their monetary cost and
response latency [19, 78]. On the other hand, crowd-powered systems are often touted as a path
to fully automated systems, but transitioning from the crowd to automation has been limited
in practice. The most straightforward approach is to use data from prior conversations to train
an automated replacement. This can work in speci�c domains [178], or on so-called “chit-
chat” systems [11]. Fully automating a general conversational assistant this way can be dif�cult
because of the wide range of domains to cover and the large amount of data needed within
each to train automated replacements. Such automated systems only become useful once they
can completely take over from the crowd-powered system. Such abrupt transition points mean
substantial upfront costs must be paid for collecting training examples before any automation
can be tested in an online system.

In this chapter, we explore an alternative approach of a crowd-powered system architecture
that supports gradual automation over time. In our approach, the crowd works with automated
components as they continue to improve, and the architecture provides narrowly scoped points
where automation can be introduced successfully. For instance, instead of waiting until an auto-
mated dialog system is able to respond completely on its own, one component that we developed
recommends responders from a large set of possible responders that might be relevant based on
the on-going conversation. Those responses are then among the options available to the crowd to
choose. Another component learns to help select high-quality responses. Each problem is tightly
scoped, and thus potentially easier for machine learning algorithms to automate.
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Figure 5.1: Evorus is a crowd-powered conversational assistant that automates itself over time
by (i) learning to include responses from chatterbots and task-oriented dialog systems over time,
(ii) reusing past responses, and(iii) gradually reducing the crowd's role in choosing high-quality
responses by partially automating voting.

We introduces Evorus, a crowd-powered conversational agent that provides a well-scoped
path from crowd-powered robustness to automated speed and frugality. Users can converse with
Evorus in open domains, and the responses are chosen from suggestions offered by crowd work-
ers andany numberof automated systems that have been added to Evorus. Evorus supports
increased automation over time in three ways (Figure 5.1):(i) allowing third-party developers to
easily integrate automated chatterbots or task-oriented dialog systems to propose response can-
didates,(ii) reusing crowd-generated responses from previous conversations as response candi-
dates, and(iii) learning to automatically select high-quality response candidates to reduce crowd
oversight over time.

In Evorus, existing dialog systems can be incorporated via simple REST (REpresentational
State Transfer) interfaces that take in the current conversation context, and respond with a re-
sponse candidate. Over time, Evorus learns to select a subset of the automated components
that are most likely to generate high-quality responses for different context. The responses are
then forwarded to crowd workers as candidates. Workers then choose which of the responses
to present to the users. Evorus sees workers selecting responses from candidates as signals that
enable it to learn to select both automated components and response candidates in the future. It
is important to note that while Evorus is a functioning and deployed system, we do not see the
current version and its constituent components to be �nal. Rather, its architecture is designed to
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allow future researchers to improve on its performance and the extent to which it is automated,
by working on constituent problems, which are each challenging in their own right. The struc-
ture of Evorus provides distinct learning points that can be bettered by other researchers. Others
may include additional dialog systems or chatterbots, and improve upon its learning components,
driven by the collected data and its modular architecture.

We deployed the current version of Evorus over time to better understand how well it works.
During our deployment, automated response were chose 12.44% of time, Evorus reduced the
crowd voting by 13.81%, and the cost of each non-user message reduced by 32.76%. In this
project, we explore when the system was best able to automate itself, and present clear opportu-
nities for future research to improve on these areas.

This project makes four primary contributions:

� Evorus Architecture: a crowd-powered conversational assistant that is designed to grad-
ually automate itself over time by including more responses from existent chatbots and
reduce the oversight needed from the crowd;

� Learning to Choose Chatbots Over Time:we introduced a learning framework that uses
crowd votes and prior accepted message to estimate the likelihood of each chatbots when
receiving a user message;

� Automatic Voting: we implemented a machine learning model for automatically reduc-
ing the amount of crowd oversight needed, evaluated its performance on a dataset of real
conversations, and developed a mathematical framework to estimate the expected reward
of using the model; and

� Deployment: we deployed Evorus for over 5 months with 80 participants and 281 conver-
sations to understand how the automatic components we developed could gradually take
over from the crowd in a real setting.

5.1 Evorus Framework: Chorus Part

Evorus' uses Chorus' architecture to hold conversations, which obtains multiple responses from
multiple sources, including crowd workers and chatbots, and uses a voting mechanism to decide
which responses to send to the end-user. In this section, we describe Evorus' conversational
assistant framework that basically follows that of Chorus.

Worker Interface Evorus' worker interface contains two major parts (Figure 5.2): thechat box
in the middle and thefact boardon the side. Chat box's layout is similar to an online chat room.
Crowd workers can see the messages sent by the user and the responses candidates proposed by
workers and bots. The role label on each message indicates it was sent by the user (blue label,)
a worker (red label,) or a bot (green label.) Workers can click on the check mark (4 ) to upvote
on the good responses, click on the cross mark (6 ) to downvoteon the bad responses, or type
text to propose their own responses. Beside the chat box, workers can use the fact board to keep
track of important information of the current conversation. To provide context, chat logs and the
recorded facts from previous conversations with the same user were also shown to workers.
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