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Abstract
It is easy to assume that Large Language Models (LLMs)
will seamlessly take over applications, especially those that
are largely automated. In the case of conversational voice
assistants, commercial systems have been widely deployed
and used over the past decade. However, are we indeed on
the cusp of the future we envisioned? There exists a social-
technical gap between what people want to accomplish and
the actual capability of technology. In this paper, we present
a case study comparing two voice assistants built on Ama-
zon Alexa: one employing a human-in-the-loop workflow, the
other utilizes LLM to engage in conversations with users. In
our comparison, we discovered that the issues arising in cur-
rent human-in-the-loop and LLM systems are not identical.
However, the presence of a set of similar issues in both sys-
tems leads us to believe that focusing on the interaction be-
tween users and systems is crucial, perhaps even more so than
focusing solely on the underlying technology itself. Merely
enhancing the performance of the workers or the models may
not adequately address these issues. This observation prompts
our research question: What are the overlooked contributing
factors in the effort to improve the capabilities of voice as-
sistants, which might not have been emphasized in prior re-
search?

Introduction
For a long time, the argument for (nearly) real-time crowd-
powered systems—employing online workers to operate
computer components for quick judgments or predictions,
mimicking actual computer components—was to fill the
social-technical gaps of current automatic technologies, en-
abling researchers to study interaction problems or user
needs that can only be studied when particular systems or
services exist. For example, Huang, Chang, and Bigham
suggested in Evorus (Huang, Chang, and Bigham 2018), a
crowd-powered conversational assistant:

Such automated [general conversational assistant]
systems only become useful once they can com-
pletely take over from the crowd-powered system.
Such abrupt transition points mean substantial up-
front costs must be paid for collecting training exam-
ples before any automation can be tested in an on-
line system. ... we explore an alternative approach
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of a crowdpowered system architecture that supports
gradual automation over time. (Huang, Chang, and
Bigham 2018, p. 1-2)

This was essentially based on the stance: “AI is not there
(yet); let’s use humans for now”. A classic example is
VizWiz (Bigham et al. 2010), a nearly real-time crowd-
powered system that uses online crowd workers to quickly
respond to visual questions sent from blind users or those
with visual impairments. Way before AI could reliably
answer arbitrary visual questions, VizWiz enabled large-
scale research into the visual challenges that blind users
encounter daily. Other impactful examples include Cho-
rus (Lasecki et al. 2013), Soylent (Bernstein et al. 2010), and
Scribe (Lasecki et al. 2012). A series of techniques and tools
were created to make these systems possible, such as the re-
tainer model (Bernstein et al. 2011) and quikturkit (Bigham
et al. 2010), or even scalable (Huang and Bigham 2017).
Some projects, such as Evorus (Huang, Chang, and Bigham
2018) and VizWiz, took a step further to argue that the in-
sights gained from studying these imminent problems could,
in turn, improve today’s computer technology.

Such arguments were, unspokenly and probably subtly,
challenged by the recent rise of large language models
(LLMs). Evidence has shown that ChatGPT exceeds the per-
formance of online crowd workers in labeling and writing
tasks (Törnberg 2023; Gilardi, Alizadeh, and Kubli 2023;
Cegin, Simko, and Brusilovsky 2023); many crowd work-
ers use ChatGPT for their tasks. A recent study showed that
aggregating 20 crowdsourced labels from a well-executed,
carefully designed MTurk pipeline still falls short of GPT-
4’s labeling accuracy (He et al. 2024). Some even view
LLMs as a precursor to Artificial General Intelligence
(AGI), which can achieve or surpass human performance in
millions of tasks (Bubeck et al. 2023). All of these, collec-
tively, hint that LLMs might be closing the social-technical
gaps that justified the creation of real-time crowd-powered
systems more effectively than human crowd workers. If
true, researchers could replace crowd workers with LLMs
in these systems, significantly reducing engineering efforts
and financial costs while still being able to study the same
set of interactive problems and user needs. In fact, some
studies have directly compared crowdsourcing workflows
with LLM workflows, seeking to identify what elements of
crowdsourcing can be adapted to LLM workflows and what

AAAI Spring Symposium Series (SSS-24)

45



cannot (Wu et al. 2023; Grunde-McLaughlin et al. 2023).
This paper presents an interesting case study to offer our

viewpoint within this discussion. We compared two systems
built on top of Amazon’s Echo, a commercial smart speaker
integrated with Amazon Alexa. One, created by us, involved
humans in the loop to hold the conversation (Huang et al.
2022), and the other, created by a team of researchers from
Johns Hopkins University and Northeastern University, used
an LLM to hold the conversation behind the scenes (Mah-
mood et al. 2023). Through this comparison, we argue that
while last-mile interaction issues such as conversation cut-
offs and speech recognition problems persist across both
human-powered and LLM workflows, each approach re-
quires distinct considerations. Specifically, certain accom-
modations must be made when replacing human workflows
with LLMs. LLMs may introduce new challenges that are
rarely encountered by human workers, and vice versa.

A Tale of Two Systems
In this paper, we observe and compare two similar systems:
one powered by humans and the other by an LLM.

ECHOPAL: A Human-in-the-Loop Voice Assistant
ECHOPAL is a human-in-the-loop voice assistant based on
Amazon Echo introduced by Huang et al. in 2022 (Huang
et al. 2022). When a user talks to ECHOPAL, Echo records
the audio and turns the speech into text through the built-
in automatic speech recognition (ASR) system. The tran-
scribed text is then sent to the backend of ECHOPAL and
presented to the human worker as a message in the worker
interface, where the worker can see the transcribed mes-
sage and a set of possible alternative transcriptions gener-
ated by the system. Furthermore, ECHOPAL also automati-
cally generates and presents a list of suggested responses to
the worker. As each alternative transcription has its own sug-
gested responses, the worker can click on the transcription to
switch between them. Search support sites, such as Google
Search or Google Weather, are also provided in the interface.
With the support of these technological features, the worker
was required to produce each response within 25 seconds.
The worker’s response is then sent back to the Echo device,
where a built-in text-to-speech (TTS) system reads out the
message to the user. Users were allowed to chat freely with
ECHOPAL without constraints on the conversation topic.

ECHOPAL inherited the spirit of Chorus and Evorus,
which aimed to use human intelligence to fill the gaps be-
tween what users want to use conversational assistants for
and what conversational assistants are capable of, allowing
researchers to study interaction questions that could not oth-
erwise be studied (Lasecki et al. 2013; Huang, Chang, and
Bigham 2018). In the user study, Huang et al. used partic-
ipants as both users and workers (instead of hiring online
workers to be the workers.)

CHATGPT-IN-ECHO: An LLM-in-the-Loop Voice
Assistant
CHATGPT-IN-ECHO was presented by Mahmood et al. in
2023, with the aim of exploring the constraints and oppor-

tunities of LLM-powered voice assistants (Mahmood et al.
2023).1 In the same period of time, many other projects also
appeared to connect LLMs, especially ChatGPT provided
by OpenAI via API, with voice assistants such as Alexa
or Google Assistant (Yang et al. 2024; AndroidAuthority
2023).

When a user talks to CHATGPT-IN-ECHO, Echo records
the audio and turns the speech into text through the built-
in automatic speech recognition (ASR) system. The tran-
scribed text is then sent to a primary middleman API; this
middleman API is used to handle the time-out constraint
set by Alexa Skill. If it does not receive a message from
ChatGPT within a certain amount of time, it will initi-
ate filler/small talk to maintain Alexa Skill activity. A sec-
ondary middleman API is used to communicate with Chat-
GPT. Upon receiving the relayed user transcription from the
first middleman API, it will request ChatGPT via API call
with the latest user message. A shared database of conversa-
tion history and progress achieved communication between
the primary and secondary middleman API. Once the sec-
ondary middleman API receives the ChatGPT response, it
will update the conversation history. The primary middle-
man API will monitor the database for conversation updates
and send the ChatGPT message to the user through Alexa
TTS. Three tasks from different scenarios were tested: med-
ical self-diagnosis, creative planning, and discussion with
opposing stances.

What Makes Them Comparable
ECHOPAL and CHATGPT-IN-ECHO were both run on Ama-
zon’s Echo devices, a commercial voice-enabled smart
speaker designed to assist users via voice. In the origi-
nal study, ECHOPAL ran on Echo (2nd generation), and
CHATGPT-IN-ECHO ran on Echo Dot. Both devices had no
monitors and used voice as the only communication chan-
nel with users, aided with a ring light to show the state of
the device, e.g., listening, processing, or deactivated. Note
that Alexa Skill did not (and still does not) support au-
dio streaming and only provided the transcribed text of the
users’ speech to the backend for developers. The transcribed
texts were fed directly to the backend without utilizing the
intent architecture of Alexa Skill. The conversation logs be-
tween the user and the voice assistants were stored in the
database hosted outside the Alexa Skill.

ECHOPAL and CHATGPT-IN-ECHO are similar also in
terms of schematic. Both utilized behind-the-scenes archi-
tecture to handle the conversation history, and Alexa Skills
interacted with the backend responder regarding the user
message. ECHOPAL had human workers—hence the need
for a worker interface—and helper functions to help the
workers. CHATGPT-IN-ECHO utilized LLM and therefore
needed to handle the API call.

Alexa API Time-Out. To our knowledge, the current de-
fault time limit for Alexa Skills to process responses is about

1Mahmood et al. did not name their system. We used
CHATGPT-IN-ECHO as a placeholder name for communication
purposes.
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8 seconds, which is fixed for most cases. CHATGPT-IN-
ECHO employed middleman APIs to handle the time-outs
by inserting fillers and small talks before the 8-second time-
out occurred and continuing the conversation after responses
were received from ChatGPT. ECHOPAL, on the other hand,
does not face the same issue because it was developed under
an earlier version of Alexa Skill, and extending the time-out
value to 25 seconds was possible. However, we believe that
it is possible to modify ECHOPAL’s architecture to fit the
current Alexa Skill configuration and adopt techniques used
by CHATGPT-IN-ECHO.

Humans vs. LLMs Comparison
We are the authors of ECHOPAL (Huang et al. 2022), and
the following comparison was made by us reading through
the paper of CHATGPT-IN-ECHO in detail (Mahmood et al.
2023). We also looked into our experimental records to com-
pare the details, which might include some nuanced infor-
mation that we did not mention in our original paper.

Humans’ Problems That LLMs Do Not Have
Long Response Latency. One of the main drawbacks for
ECHOPAL is the long latency for the users, where they
have to wait for an average of 17.68 seconds to get qual-
ity responses from Alexa. However, the same response
time was considered too short for the workers at the back-
end to provide quality responses. Most of this latency
comes from human workers needing to type; some latency
comes from ASR and internet transmission time. Mean-
while, CHATGPT-IN-ECHO is powered by GPT-3.5, which
can produce thousands of words in seconds.

To some extent, integration with LLMs might make future
voice assistants that aim to hold longer, open-ended conver-
sations one step closer to reality: it reduces the unreasonably
long latency of human-powered voice assistants, it makes
such systems more scalable and affordable to build than re-
cruiting human workers, and it bypasses the speed limits set
by human typings.

LLMs’ Problems That Humans Do Not Have
Oversharing and Repetitiveness. CHATGPT-IN-ECHO
raised concerns regarding voice assistants providing repeti-
tive information and oversharing, which was not observed in
ECHOPAL’s study. Repetitive information provided by Chat-
GPT was reported in the scenarios tested by CHATGPT-IN-
ECHO. Since voice users cannot review previous conversa-
tions compared to text conversations, repetitive information
causes further inconvenience during the conversation. The
phenomenon was particularly true in medical-related con-
versations; repetitive information can occur even if Chat-
GPT was prompted not to repeat certain warning infor-
mation. OpenAI’s policy likely causes this, and it might
not be easily fixable by outside developers. Additionally,
CHATGPT-IN-ECHO encountered a challenge with Chat-
GPT’s oversharing, where the responses provided by Chat-
GPT was too overwhelming for users to absorb. Even when
prompted to give brief responses under 100 words, the
higher information density in text interaction, which Chat-
GPT is based on, can overwhelm users in a voice setup.

Problems That Both LLMs and Humans Have

Cut-Offs. We define cut-offs as Alexa stopping listening
to the users’ speech while users are in the middle of their
speech or intend to keep speaking. In ECHOPAL, cut-offs
were attributed to (1) users having longer pauses between
words, causing Alexa to think the user’s speech ended, and
(2) Alexa entered listening mode after its own speech and
stopped listening if users did not speak in time. CHATGPT-
IN-ECHO faced similar problems, such as (1) partial listen-
ing, where partial speech was captured in users’ speech, (2)
interruption, where Alexa interrupts the users’ speech mid-
sentence, and (3) pauses between words when the users or-
ganize thoughts.

ASR Errors. ASR errors were one of the main obstacles
in ECHOPAL, since the audio of users’ speech was not ob-
tainable and only the transcribed text by Alexa was received.
Different alternative transcriptions were provided to help hu-
man workers to tackle this problem. CHATGPT-IN-ECHO
also faced ASR problems but had the inherent ChatGPT re-
covery mechanism, such as apologizing or asking the user to
clarify. We suspect the typo fixing of the text-based system,
which ChatGPT is good at, does not work as well for voice-
based communication. This is likely because similar sounds
do not translate to good guessing by ChatGPT.

Conversation Breakdowns. Both Cut-offs and ASR er-
rors can cause the interaction to break down, meaning the
current interaction session will either be (1) terminated by
Alexa without the users’ acknowledgment or (2) require ini-
tiating a recovery mechanism in order to continue the inter-
action. The only solution to address the first type of break-
down is for the user to re-initiate the Alexa Skill, effectively
restarting the interaction. One way to make the re-initiation
easier is by better maintaining the previous interaction his-
tory, but it still requires the user to restart the interaction
actively. For the second scenario, recovery within the same
interaction session is possible. Recovery can be initiated by
the users or by the voice assistants. In the first category of
breakdown, users will need to restart the interaction with the
voice assistants actively. In the second category, the voice
assistants can assist in the recovery process within the same
session. However, most recovery happens when users repeat
the previous sentence that failed to be correctly processed or
move on to the next sentence and discard the failed sentence.

One feature of echo devices is the light ring that indicates
the state that Alexa is in. When the device is in “listening”
mode, the light ring will illuminate and shimmer. ECHOPAL
reported that users’ familiarity level with Echo devices’ in-
teraction pattern significantly impacts their ability to handle
cut-offs. Those who are more familiar with the Echo inter-
action patterns encountered fewer cut-offs.

CHATGPT-IN-ECHO described users’ mental model
while interacting with voice assistants in multi-turn scenar-
ios. They suggested that actions users take after conversation
breakdowns indicated the gap between users’ mental mod-
els and voice assistants’ capabilities. The light ring on the
device was not discussed in CHATGPT-IN-ECHO’s paper.
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Long responses are not suitable. ECHOPAL suggested
that long text responses are not suitable for voice applica-
tion since it takes a lot of time to read out the full paragraph
and interrupt the flow of voice conversation. CHATGPT-IN-
ECHO on the other hand limited the response of ChatGPT
to 100 words in prompt but still face the problem of voice
assistant oversharing and overwhelming the users.

Discussion
Time vs. Quality Trade-offs
We identified a trade-off between the quality of responses
provided by ECHOPAL and the time required to generate
the response. In order to provide higher-quality responses,
workers needed more time. Participants who were assigned
to be the workers that operated ECHOPAL suggested that
the 25-second response time was not enough. Enforcing a
shorter response time would likely lead to a decrease in re-
sponse quality. Grunde-McLaughlin et al. proposed the de-
sign space for LLM chaining by adapting crowdsourcing
workflows (Grunde-McLaughlin et al. 2023). The trade-off
between time and quality we observed in ECHOPAL also ex-
ists in this design space.

For LLM-based systems such as CHATGPT-IN-ECHO,
which utilized API calls instead of waiting for human work-
ers to provide responses, we speculate such trade-offs to be
less prevalent.

Effort Put in Prompt Engineering
While LLM workflow can offer lower latency and cost com-
pared to crowdsourcing workflow, efforts need to be di-
rected toward prompting LLMs to generate more diverse re-
sponses. While it is possible to get diversified responses by
querying crowd workers multiple times, simply prompting
LLMs multiple times can generate responses with less di-
versity. Additionally, instructions and subtasks suitable for
crowdsourcing workflows may be overly complicated and
may not suit LLMs. Therefore, simpler subtasks and instruc-
tions are required to utilize LLM capabilities effectively.

Design Implication
We propose that the interaction aspect for voice assistants’
workflows should be emphasized while the workflow is be-
ing designed. How users interact with the system and their
situations play important roles. For example, ECHOPAL and
CHATGPT-IN-ECHO both had users sit in front of the echo
device alone in a quiet room. Considering real-life scenar-
ios, it is likely that users will interact with the voice assis-
tants in less than ideal situations, namely (1) where back-
ground noise and external interruption of the conversation
are present compared to in-lab studies and (2) visual cues
such as on Echo devices (light ring) can be less obvious or
does not apply, especially in voice only interaction such as
phone calls.

Echo is Not Designed for Long Conversations. The en-
forced eight-second timeout for Alexa Skills makes per-
forming tasks with longer processing time hard and requires
workarounds. Alexa Skills are structured with specific tasks

in mind. Freestyle speech without a predefined topic or
speech structure does not integrate well with the current
Alexa infrastructure. Longer speeches are also not favored
by Alexa, partly due to its strictly turn-based nature, where
only one side can speak at a time. From the users’ perspec-
tive, it is unclear when the device will stop “listening”; thus,
making longer speeches feels less secure and more prone to
cut-offs. There is also no means for users to edit their speech
after Alexa stops listening; all edits can only happen after
Alexa replies to the message and begins listening again in
the next turn. Combined with the lack of indication for users
regarding the actual transcribed text, it becomes challeng-
ing to backtrack and edit previous speech, especially if it is
lengthy and difficult to pinpoint where the edit is needed.
From Alexa’s standpoint, the only way to deliver a message
is through TTS. However, not all messages are suited to be
delivered in one long speech, as users may lose focus in such
scenarios.

Conclusion
We presented a comparison between two Amazon Alexa-
based voice assistants, ECHOPAL and CHATGPT-IN-ECHO,
where ECHOPAL utilized human-in-the-loop workflow and
CHATGPT-IN-ECHO utilized LLM to generate responses
to user inquiries. Prior research suggested that crowdsourc-
ing workflow could be adapted by LLM chaining workflow,
which supported our comparison. Regarding the use case,
ECHOPAL let users chat with it freely, and CHATGPT-IN-
ECHO predefined a set of scenarios and tasks that needed
to be accomplished. We concluded that there are problems
troublesome for ECHOPAL, such as latency, and problems
present for CHATGPT-IN-ECHO, such as repetitiveness and
oversharing. At the same time, there is also a set of prob-
lems that were present for both workflows, namely the cut-
offs, breakdowns, and ASR errors. We consider the above
shared problems for human-in-the-loop and LLM workflow
to be interaction-related, and simply treating them as an
LLM model problem or crowdsourcing problem does not
help solve them.
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