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Abstract

Since its inception in 2016, the Alexa Prize program has enabled hundreds of
university students and faculty to explore and compete in the development of
conversational agents through the SocialBot Grand Challenge, whose goal is to
build agents capable of conversing coherently and engagingly with humans on
popular topics. As conversational agents attempt to assist users with increasingly
complex tasks, new conversational AI techniques and evaluation platforms are
needed. The Alexa Prize TaskBot Challenge, now in its second year, introduced the
requirements of interactively assisting humans with real-world tasks, while making
use of both voice and visual modalities. This challenge requires the TaskBots to
identify and understand the user’s need, identify and integrate task and domain
knowledge into the interaction, and develop new ways of engaging the user without
distracting them from the task at hand, among other challenges. This paper provides
an overview of the second TaskBot challenge, in which both new and returning
teams participated. We describe the infrastructure support and the new models
provided to the teams with the CoBot Toolkit. We then summarize the approaches
the participating teams took to address research challenges, including changes and
improvements from the previous year. Finally, we analyze the performance of the
competing TaskBots and discuss some of the lessons learned.

1 Introduction

In the last several years, conversational assistants have become a popular way for humans to access
information. As humans expect to interact with such agents by voice, the conversational assistants
must be able to support a broader range of increasingly complex tasks. The Alexa Prize1 is an Amazon

1https://www.amazon.science/alexa-prize
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Alexa sponsored program that has enabled hundreds of university students and faculty to compete in
advancing the state-of-the-art in conversational AI. Since 2016, the Alexa Prize program has hosted
a competition among universities across the world to compete in creating the best SocialBot, i.e.,
an Alexa skill that can engage in extended open-domain dialog with users on popular topics and
current events [21]. The SimBot Challenge, started in 2022, pushes the boundaries of embodied
conversational AI by challenging teams to build SimBots that users can instruct to complete tasks
in a simulated 3D environment ([40]). One of the key advantages of the program is that it enables
university teams to rapidly test and iterate on their approaches through testing with real world users
at scale through Alexa.

Since 2021, the TaskBot Challenge has engaged teams in building conversational assistants that
can assist users to complete complex tasks such as recipes or Do It Yourself (DIY) projects [19].
In many cases, users search the internet to find potential activities, such as how to cook a specific
dish or tutorials on how to complete a DIY project, but these experiences are neither interactive nor
conversational. To advance the state of the art in interactive conversational assistance we introduced
a new Alexa Prize challenge to develop a TaskBot, i.e., a conversational agent that can interactively
assist users in completing complex real-world tasks. Just as in the SocialBot challenge, the TaskBots
must maintain helpful and engaging interactions with the user. However, the purpose of a TaskBot is
not merely to converse, but to actively assist the user in formulating and accomplishing their task.
This setting is quite different from existing task-oriented assistants, where the user typically provides
information to the task assistant to let the machine perform a task (e.g., booking a hotel, buying
flight tickets). A TaskBot, instead, is meant to provide the humans with both accurate information
and assistance about a task that is executed by them. We refer to this setting as Conversational Task
Assistance. Unlike the web search experience, a TaskBot is interactive, enabling the users to find a
task with respect to their needs by conversing with them; once a task is found, a TaskBot agent leads
them through the task and helps in answering questions and addressing issues along the way. A key
focus of the challenge is that the competing TaskBots are required to be fully multimodal; that is
they help the users not just through a spoken conversation but through an integrated combination of
spoken and graphical interaction.

Figure 1: The TaskBot Challenge 2 Displayed on an Echo Show 8.

For the TaskBot challenge, the participants build conversational agents on top of the multimodal
Alexa service for two domains: Cooking and Home Improvement (or DIY). These present different
challenges that require scientific advancements for a conversational system. For example, the TaskBot
should help the user find the right task according to their needs; provide information about specific
aspects of the task (e.g., ingredients or tools/materials); answer questions the user may ask about
the task itself (e.g., how to use a specific tool); identify, structure, and integrate domain knowledge
into the interaction; and generate responses for both voice and visual modalities. These technical
challenges required and inspired the participants to invent novel technologies in different areas, like
information retrieval, question answering, dialog management, and multimodal interaction.

For the Second TaskBot Challenge, ten university teams were selected to compete. Among them five
teams were returning competitors from the previous year of the TaskBot Challenge. The selection
criteria included the expected innovation of the teams’ proposals and expected ability to execute
on the proposed plan to develop an engaging and helpful experience for Alexa users. The selected
teams participated in both an online and on-site Bootcamp (in Seattle) which helped them onboard to
the challenge while introducing them to resources and support. The Bootcamp was followed by the
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development phase where the teams were guided towards creating a TaskBot that could be deployed
live to real users as an Alexa Skill.

After extensive testing and certification, the TaskBots were launched to a cohort of Amazon employees,
followed by a public launch in May 2023, at which time all US Alexa users could interact with the
participating TaskBots. Upon making a request for task assistance, by saying, “Alexa, Let’s Work
Together,” Alexa users were connected to one of the ten participating TaskBots. After exiting the
interaction with the TaskBot, the user was prompted for a verbal rating: “How helpful was this
TaskBot in assisting you?” followed by a task completion prompt: “Were you able to complete
your task?” and an option to provide additional free-form feedback. After an initial feedback phase,
Semifinals were held, to which eight teams advanced.

From the Semifinals, five teams successfully advanced to the Finals phase and ultimately competed
for top honors in the closed door finals event held in September 2023. During the live finals event,
judges and interactors extensively tested and evaluated the TaskBots for coherence, helpfulness,
engagement, and overall quality of the experience. Judges received training ahead of time, which
included a thorough understanding of the challenge and what makes an excellent TaskBot. New
additions to this year’s finals event included the live performance of the tasks described (with making
guacamole and origami crafting as sample tasks) and direct interactions by the judges with each
finalist TaskBot (see Figure 2). This forced teams to work with the actual execution of the task,
including pauses, mistakes, and real-time interactions while the recipe was being made and the task
was being performed.

Figure 2: TaskBot Challenge 2 Live Finals Event Tasks.

The 2nd year of the TaskBot Challenge resulted in additional progress on the capabilities of the
TaskBots, as illustrated by the participants’ technical reports as well as the improvements in user sat-
isfaction and engagement with the TaskBots as the competition progressed. In Section 2 Capabilities
Provided to Teams we provide details on the capabilities provided to the teams. Section 3 Scien-
tific Advancements summarizes the scientific advancements in the challenge both for participant
teams and from the Alexa Prize team. The evaluation and performance of the TaskBots is detailed
in Section 4 TaskBot Performance and overall insights gathered from the TaskBot Challenge and
concluding remarks are in Section 5 Discussion and Conclusions.

2 Capabilities Provided to Teams

To facilitate research on TaskBot and advancing the science of multimodal conversational task
assistance, the university teams were granted exclusive access to a range of Amazon Alexa resources,
technologies, and experts in the science and engineering of Conversational AI systems. The following
is an overview of the resources that were made available.

Specifically, to continue on the advances developed during the first TaskBot challenge, we released an
updated version of the Conversational Bot Toolkit (CoBot) for developing conversational AI agents,
as described below, together with supporting models and datasets, derived from the previous year of
the TaskBot Challenge. Using the updated CoBot Toolkit, the participating teams were able to spend
less time on engineering, and focus more on scientific advancements.

2.1 Conversational Bot Toolkit (CoBot)

We provided the TaskBot teams with CoBot [27], a conversational bot Toolkit in Python for natural
language understanding and dialog management that has been used across both TaskBot and SocialBot
competition tracks since 2018. CoBot includes a set of tools, libraries, and base models to help
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develop and deploy open-domain or multi-domain conversational experiences through the Alexa
Skills Kit [29] and Amazon AWS (see figure 4). CoBot’s modular, extensible, and scalable design
was developed based on learnings from previous Alexa Prize competitions and provides abstractions
that enable the teams to focus more on scientific advances and reduce time invested into infrastructure,
hosting, and scaling issues.

For the second TaskBot Challenge, we overhauled CoBot’s deployment infrastructure to address
major pain points in the continuous integration and continuous delivery (CI/CD) pipelines. CoBot
is designed to give teams a CI/CD environment with which incremental code changes on bots are
merged, delivered and released frequently and reliably to testing and production environments.
This year, we minimized the iteration cycle time for each deployment by decoupling component
deployments into separate pipelines that could be deployed independently, reducing the deployment
time from 20 minutes to under 5 minutes. We estimate this optimization has saved 200 days worth of
development time throughout TaskBot 2, enabling students to invest that time back into their research
efforts. In addition, we also made significant changes in CoBot to support hosting large language
models (LLMs) with upto 320B parameters, which is roughly 200 times greater than previously
hosted in CoBot.

To support multimodal TaskBot development, we built on the previous set of Alexa Presentation
Language (APL) [1] templates provided in CoBot to incorporate expanded customization capabilities,
as described in Section 2.1.3 Multimodal Experience.

Lastly, we expanded the set of API offerings to include our latest generative neural models, a Cooking
vs DIY Domain Classifier, a Harmful and Unauthorized Task classifier, and APIs for utterance
rewriting and dialog evaluation, as described in Section 2.1.5 CoBot APIs.

Figure 3 illustrates the CoBot architecture. The modular design accelerates experimentation by
enabling researchers to test and evaluate innovations in different components. We continue to invest
in CoBot as our flagship toolkit for building open-domain dialog systems and constantly extend
CoBot’s capabilities to support the evolving demands of SocialBot, TaskBot, and other potential
conversational bots in the future.

Figure 3: CoBot Architecture for TaskBot.

2.1.1 CoBot Deployment Infrastructure

CoBot is designed to give teams a CI/CD environment with which to rapidly deploy and iterate on
bots. Figure 4 captures the system deployment architecture for a standard CoBot-based bot. CoBot
uses AWS Lambda as a server-less infrastructure to host local modules. The Lambda is the endpoint
of an Alexa skill and receives requests from the skill. CoBot uses Amazon Elastic Container Service
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(Amazon ECS) and Docker to deploy and host bigger and long-running remote Docker modules. The
module services sit behind Amazon Application Load Balancers (ALB). CoBot points the Lambda to
the ALBs so that the bot can send requests from Lambda to remote Docker modules.

Figure 4: CoBot System Architecture.

CoBot builds a continuous delivery pipeline for an AWS Lambda application with AWS CodePipeline.
The Lambda CodePipeline will monitor the Lambda CodeCommit repository for new commits, build
the Lambda, and deploy it with AWS CloudFormation.

New for TaskBot 2, CoBot now builds a separate AWS CodePipeline for each remote Docker
module. The CodePipeline monitors a module’s CodeCommit repository for new commits, uses AWS
CodeBuild to create a Docker container image and push it into Amazon Elastic Container Registry
(Amazon ECR), and uses AWS CloudFormation to deploy the container image to production on
Amazon ECS. A Flask [20] application sits behind an Amazon ALB to provide the scalability and
resiliency to handle traffic from Alexa Prize users. Figure 5 shows the new design for deployment
pipelines for remote Docker modules and Lambda.

The decoupling of remote Docker module pipelines allows researchers to only deploy the changes
they need, without having to redeploy all modules. In addition, it facilitates tailoring of the GPU
instance type used for hosting GPU-based containers to be different for each remote Docker module.
This is a major cost-saving win, since researchers no longer need to use the largest GPU instance
type for every GPU-based remote Docker module.

2.1.2 Large Language Model Support in CoBot

Hosting large language models poses some unique challenges. Due to the large size of these models,
they generally have slower inference speeds and take a long time to load into memory. These
restrictions make it difficult to host a real-time, low-latency service that can scale up to serve high
volumes of user traffic. We added special provisions in CoBot to facilitate hosting LLMs as remote
Docker modules (as described in Section 2.1.1 CoBot Deployment Infrastructure).

Inference speed: We utilized a lightweight Flask-based server to host LLMs in CoBot, and the
inference engine was built using the HuggingFace transformers library [49]. All models were
converted to bfloat16 for inferencing. This reduced their memory footprint, resulting in faster
inference per GPU, and also enabled the model to be split between fewer GPUs, providing further
gains in latency. We also experimented with numerous EC2 types and determined that G5 instances2

with NVIDIA A10 GPUs3 provided the fastest inference speeds with relatively low costs. We shared
an example implementation of hosting a 5 billion parameter version of Alexa Teacher Model [43] to
help university teams incorporate all these optimizations.

Autoscaling: CoBot remote Docker modules provide built-in auto-scaling policies based on CPU
and Memory utilization. However, while hosting LLMs these policies proved ineffective for the
following two reasons:

2https://aws.amazon.com/ec2/instance-types/g5/
3https://www.nvidia.com/en-us/data-center/products/a10-gpu/
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Figure 5: CoBot Deployment Pipelines.

1. While CPU and memory utilization are usually the right bottlenecks to monitor and hence
serve as reasonable metrics for scaling services, GPU memory/utilization is usually the
bottleneck for LLM inference. In our experiments, we observed that CPU and memory
utilization were not strongly correlated with the number of invocations to the service or
the number of LLM inferences in progress. Also, because of the large model sizes we
have to pre-load the model in GPU memory instead of loading it for each incoming request.
This also makes it infeasible to use GPU memory utilization as a metric for scaling. We
experimented with GPU utilization as the scaling metric and found it to be better correlated
with the overall invocation volume, but it was strongly dependent on model architecture. To
get around all these limitations, we decided to create a scaling metric based on the invocation
count, current task count, and historic model latency. The new metric is defined as follows:

Task_Utilization =
latency ∗ request_count

task_count ∗ 60
∗ 100% (1)

Where latency is the historical p90 latency of the service (averaged over a minute) in seconds,
request_count is the number of incoming requests per minute, and task_count is the number
of ECS tasks running.

2. As we use Amazon ECS4, scaling of services is done based on tasks which contain a
Docker container specific to the application. Scaling up adds more tasks and scaling down

4https://aws.amazon.com/ecs/
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removes running tasks from the ECS cluster. For LLM-based services, adding a new task
was much slower than most services as it requires copying over all the model weights. We
experimented with multiple approaches for this, including building a Docker image with
the model parameters in it and loading model weights from S3. All these methods were
prohibitively slow, taking in the order of hours to copy models into a new task. Due to this,
auto-scaling was too slow to be able to keep up with user traffic, and we had to maintain a
large buffer of extra tasks to ensure uninterrupted user performance. As a solution to this,
we introduced Amazon Elastic File System (EFS)5 based model loading. In this approach
the model weights are copied into EFS Volumes during the build stage of the deployment
pipeline. These volumes are then just attached to all ECS tasks which can read from it like a
typical file storage. This approach offloaded the slow model loading process to the build
stage and reduced the new task spin up time from hours to minutes.

Deployment pipeline: Another goal for our team was to facilitate fast experimentation for re-
searchers. For hosting large language models, we added a step in the build stage where model artifacts
are copied from Amazon S3 to EFS. Due to the large size of these models, the time duration of this
copy operation can be in the order of hours. To optimize this process, we built a checksum mechanism
to provide low amortized build time. This was achieved by computing a checksum based on all model
artifacts. This checksum is stored in a DynamoDB table and is checked at every build request. CoBot
only copies the model from S3 to EFS if the checksum is different from the one in DynamoDB.
This way we avoid unnecessary copying of data from S3 to EFS and in turn, significantly reduce the
average build time, providing a better developer experience.

Multi-region support: Finally, we added multi-region remote Docker modules in CoBot. This was
done to empower teams to select the best regions for each remote Docker module based on instance
availability. GPU based instances are in high demand and can sometimes cause deployments to get
stalled due to unavailability of new instances. In the worst case, this could cause negative user impact.

2.1.3 Multimodal Experience

Figure 6: TaskBot Templates.

To enable developers to build interactive voice and visual experiences, the Alexa Skills Kit provides
a visual design framework called Alexa Presentation Language (APL) [1]. APL includes visual
elements that scale across device types and can support both voice and touch interactions. For the
TaskBot competition, we provide integration in CoBot with three standard APL responsive templates,
which are available to all Alexa skill developers: Alexa Text List, Alexa Image List, and Alexa Detail
(see Figure 6). A responsive template is a complete viewport design that includes the background,
header, and content. For example, the Text List template presents a scrolling list of text items with a
background and header. Responsive templates simplify the development experience by providing
built-in components and automatic support for different screen sizes. In addition to the standard
responsive templates, we provided a custom video template to support playing how-to videos and
recipe walkthroughs via a clickable media player, as well as a landing page template for introducing
the TaskBot’s capabilities.

5https://aws.amazon.com/efs/
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Figure 7: TaskBot 2 Finalist Team’s Home Screens.

We provide APL template integration in CoBot in the form of Python objects with methods to
manipulate components and render the final JSON documents from which an Alexa device with a
screen generates its display. This year, we removed earlier restrictions on teams’ use of APL and
allowed them to modify APL templates to add more types of interactive elements, such as additional
floating buttons or other GUI elements. To enable this expanded customization, we introduced a
robust collection of methods in CoBot for manipulating templates, with each template having dozens
of options that could be configured. Beyond using the methods native to CoBot, teams could also
use the JSON document for the sample templates to further customize their experience by adding
components or tweaking existing components. This allowed teams to introduce entirely new custom
APL templates of their own design.

Along with the templates, we also provided APL commands that enabled users to scroll and have
Alexa speak text written on the screen. Team Alquist (Czech Technical University) [28] from the
SocialBot competition introduced ‘karaoke’ prompt functionality to their bot during this year’s
challenge and subsequently granted us permission to add the feature to our toolkit for use in other
systems. The karaoke feature adds the ability to highlight lines or blocks of text on screen as Alexa is
reading out those lines or blocks. In addition to the commands, we enabled options for multi-turn
touch interactions with the APL display, where the user requests, voice or touch based, were sent in
place of a user utterance for processing by the Lambda.

Templates that were developed for the purpose of the Alexa Prize SocialBot challenge were also made
available for the TaskBot track. These included a Chat APL template with a new default background
image custom-designed for Alexa Prize.

2.1.4 Multimodal Feedback Flow

It is important for researchers to get direct real-world feedback from Alexa users to evaluate and
improve their innovations. Real world traffic differs significantly from curated datasets. Providing
multimodal feedback makes it faster and easier for users to comment on their conversations and
increases the amount of data that teams receive about their interactions.

Before TaskBot 2, a voice feedback flow was already implemented to get user feedback after each
conversation. During the Semifinals Interaction Period, we introduced a multimodal feedback flow
to accompany the voice feedback flow that users go through at the conclusion of each TaskBot
conversation (Figure 8). Providing a GUI enables users to more quickly and easily rate the bots
without waiting for the prompt to complete.

The first screen uses a truncated ratings question that allows users to enter a rating from one to
five. Next, we replaced the free-form feedback question with a more targeted set of questions. For
conversations that a user rated highly (4 or 5), they are asked, “Why was TaskBot helpful?” Five
options are provided that may be toggled through touch interaction: Informative, Understood me,
Relevant visuals, Interesting topics, and Clear explanations.

8



Figure 8: TaskBot Multimodal Feedback Screens.

In contrast, users that gave the conversation a lower rating are asked, “How can TaskBot be more
helpful?” Users may select from the following options: Better tasks, More details, Clearer instructions,
Offer alternatives, and Faster responses.

The GUI-based rating and feedback functionalities on multimodal devices offer substantial improve-
ment as evidenced by the following observations. Users have expressed their inclination to provide
ratings and feedback through touch interactions. Subsequent to the activation of GUI cards, 66% of
the conversations with ratings or feedback incorporated the GUI features on multimodal devices. The
integration of GUI elements also led to an increased rate of user-provided ratings, increasing from
30% to 40% of all conversations lasting over 30 seconds. In addition, users display a willingness
to give feedback using multi-choice options over free-form responses. In the initial week after the
introduction of GUI features, approximately 67.3% of all feedback on multimodal devices leveraged
the touch-based functionality. Finally, there is also a notable enhancement in the percentage of
responses that included feedback (as opposed to just giving a rating), increasing from 33% to 60%.

2.1.5 CoBot APIs

For this second iteration of the competition, we expanded the set of API offerings that participating
teams received. These new APIs spanned from generative neural models to two new TaskBot-specific
classifiers: a Domain classifier and a Harmful and Unauthorized Task classifier. This section contains
some details about these new APIs.

2.1.5.1 Alexa Teacher Model LLM APIs

We provided the teams with APIs for invoking the Alexa Teacher Model [43] (AlexaTM). These
AlexaTM models are sequence-to-sequence transformer models hosted in ECS clusters. More
specifically, the following three flavors of AlexaTM were provided as endpoints accessible to the
teams:

• Vanilla AlexaTM 20B - This is a 20 billion parameter model trained on a multilingual dataset
as described by Soltan et al. [43]

• Conversationally pre-trained AlexaTM 20B - This is a version of the 20 billion parameter
model built on the vanilla AlexaTM model and further trained on conversational data.

• Conversationally pre-trained AlexaTM 5B - This is a version of the 5 billion parameter
model built on the vanilla AlexaTM 5B model and further trained on conversational data.
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2.1.5.2 Domain Classifier

We provided TaskBot teams with a domain classifier to identify whether a user utterance refers to the
Cooking, DIY, or General domain. The classifier is based on the bert-base model and fine-tuned
over different data sources, such as the Whole Foods Market recipes and wikiHow articles provided
to TaskBot teams. More details can be found in Section 3.2.1 Domain Classifier.

2.1.5.3 Harmful and Unauthorized Task Classifier

We developed a classifier aimed at understanding whether a user request contains harmful elements
or refers to some aspects a TaskBot cannot provide a response for. For example, TaskBots cannot
provide medical, financial or legal advice nor provide instructions for potentially harmful or suicidal
tasks.

Table 1 contains generated examples for each category. In Section 3.2.2 Harmful and Unauthorized
Task Classifier we provide details about the training of this model.

Category Examples
GOOD How to build a closet? Where can I find painting techniques?
HARMFUL How can I make a gun? Where can I get a nuclear warhead?
LEGAL What is child custody? What is the best way to find a lawyer?
MEDICAL Is it safe to take ibuprofen when pregnant?
FINANCIAL What are some good tips for bargain stocks? What is long term care insurance?
SUICIDE Can I use a gun to shot myself? Is suicide an option if I hate my life?

Table 1: Example sentences relating to the Harmful and Unauthorized Task Classes [11].

2.1.5.4 Search Recipes API

The Search Recipes API was provided again to TaskBot 2 teams, allowing them to use any combina-
tion of keywords such as main ingredients, dish name, cooking method, occasion, meal type, cuisine,
instrument, etc., to search for the most relevant recipes. The returned recipes are ranked by ratings
and include full recipe details, difficulty level, number of servings, steps, author information, the
number of reviews, and more. This year we further optimized the search service to reduce latency.

2.1.5.5 Search wikiHow API

We again provided a Search wikiHow API to allow TaskBot 2 teams to search for articles on wikiHow.
The wikiHow data is ingested into the AWS OpenSearch search engine and exposed through AWS
API Gateway. The API accepts an elastic search query, and the keys that can be used in the query
include wikiHow article titles, categories, methods, and more. This year, we significantly reduced the
service’s P90 latency by 85%.

2.1.5.6 Offensive Classifier

We provided an updated offensive classifier to enable researchers to detect inappropriate utterances.
The model performs two functions: 1) Classify utterances between offensive and not offensive. 2)
Classify utterances between contains PII and does not contain PII.

The first function of the offensive classifier API is powered by a Hybrid model which is a combination
of a RoBERTa [32] classifier and a keyword-based classifier. The second function is implemented
using another keyword-based classifier capable of flagging Personally Identifiable Information (PII)
in a given utterance.

To accommodate both outputs, the API’s response format contains two distinct fields for each function.
The generic nature of the API allows it to be used at various stages in a TaskBot pipeline. The most
common uses are 1) Filtering user utterances to identify sensitive or offensive content and invoke
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the relevant strategies, and 2) Filtering the outputs from a model to ensure that the bot response is
appropriate.

2.1.5.7 Utterance Rewriting

TaskBot 2 teams also received a new utterance rewriting API. This API uses conversation context and
generates a rewrite of a given user utterance with resolved co-reference and ellipsis. The API accepts
a list of utterances and is powered by a Seq2Seq model. More details are provided in the Section
3.2.3 Utterance Rewriting

2.1.5.8 Open-Domain Evaluation

This year we provided an additional user utterance classification API that was initially developed for
classification of open-domain dialogs for the SocialBot challenge. This API takes user utterances
as input and classifies them into a series of categories which capture user engagement, satisfaction,
and users calling out contradictions or misunderstandings, among other categories. For details of the
ODES (Open Domain Evaluation Signals) dataset and categories see [30]. Underlyingly, this API
uses a fine-tuned RoBERTa classifier [32] trained on this dataset. The output is provided in the form
of softmax values for 14 ODES classes.

2.2 Datasets

The teams were provided multiple datasets to assist in their research. These datasets included both
task related and open-domain conversations.

2.2.1 Wizard of Tasks

The Wizard of Tasks dataset [8] is a curated crowd-sourced collection of 549 conversations (18,077
utterances) with an asynchronous Wizard-of-Oz setup, relying on recipes from Whole Foods Market
for the cooking domain and wikiHow articles for the home improvement domain. The data was
collected using an asynchronous strategy [23] in order to free task workers from waiting for the other
party to reply and to allow more than two workers to participate in a single conversation.

The dataset addresses two main issues facing Conversational Task Assistants: Intent Classification
and Abstractive Question Answering.

Intent Classification focuses on cross-domain evaluation where some intents (e.g., steps question and
request step) share common linguistic patterns but span multiple domains (e.g., Cooking and DIY),
which requires domain-specific training data.

Abstractive Question Answering explores the benefits of adding different types of context (e.g.,
history and document contents) into the possible set of responses that may be generated from a
user question. This allows for document-grounded response generation and is the basis for solving
real-world tasks in a conversational setting. For example, when users are performing a cooking
task with TaskBot, they are likely to ask questions that can be answered by leveraging information
from either the recipe or related documents on the Web. Abstractive question answering models can
leverage these sources of information to provide the users an accurate answer.

2.2.2 Alexa Prize Task Dataset

As part of our commitment to provide assets and resources to aid in the teams’ development of their
TaskBots, the Alexa Prize team released a set of tasks collected during nine weeks of the first TaskBot
competition. These tasks are anonymized for privacy and were requested by Amazon employees who
have given explicit permission to share this data with competitor teams. Conversations were chosen
to represent a diverse range of conversational styles and tasks and each conversation has a series of
turns and a rating value assigned by the task requester.
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2.2.3 Whole Foods Market Snapshot

While real time access to recipes was provided to the teams, we also provided a subset of Whole
Foods Market recipes for teams to use offline. This data was used by teams to make improvements to
search and recommendations as well as to train neural generators, domain classifiers, and response
rankers in the cooking domain.

2.2.4 Crowdsourced Datasets

Several additional datasets were identified for teams to use as training data for models focusing on
knowledge selection, domain classification, and response generation. These datasets did not focus
specifically on the cooking or do-it-yourself domains but still provided a conversational underpinning
for response generation.

Wizard of Wikipedia [14] dataset is a collection of conversations directly grounded with knowledge
retrieved from Wikipedia. It includes a set of 1365 natural, open-domain dialog topics, each linked
to a Wikipedia article. Topical Chat [18] is a knowledge-grounded human-human conversation
dataset where the underlying knowledge spans a dataset of over 11K human-human conversations
about knowledge across 8 broad topics in open-domain conversational AI. MultiWOZ [5] provides
the Multi-Domain Wizard-of-Oz, a 10k dataset of fully-labeled human-human written multi-turn
conversations spanning over multiple domains and topics. Each dialog is annotated with a sequence
of dialog states and corresponding system dialog acts. The conversations include 3,406 single-domain
dialogs and 7,032 multi-domain dialogs consisting of at least 2 and up to 5 domains.

2.3 Automatic Speech Recognition and Text to Speech

We provided Automatic Speech Recognition (ASR) to convert user utterances to text and Text-To-
Speech (TTS) to render text responses from TaskBots to users via voice. Our ASR model is tuned for
conversational data and features custom end-pointing and extended recognition timeouts for longer
free-form interactions. Alexa Prize teams also received access to tokenized n-best ASR hypotheses,
including confidence scores for each token, as well as voice-based Sentiment scores (activation,
valence, satisfaction) generated in real-time. For TTS, all teams are required to use the standard
Alexa voice; however they have the ability to use Speech Synthesis Markup Language (SSML)6 to
control how Alexa generates the speech. For example, SSML can be used to add custom pauses or
emphasis within the Alexa response or add an “excited” emotion to Alexa’s voice.

2.4 Infrastructure

We provided free Amazon Web Services (AWS) to teams, including but not limited to: GPU-based
virtual machines for building models, SQL/NoSQL databases, and object-based storage with Amazon
S3. We also provided load testing and scalability tools and architectural guidance.

2.5 User Feedback Data and Evaluation Metrics

A key benefit provided to the TaskBot teams was the ability to field their bots with Alexa users.
After interacting with a TaskBot, users were prompted for satisfaction ratings and feedback on
their experience. Each TaskBot team had access to these metrics and also received an anonymized
leaderboard daily that presented average metrics and rankings for all participating bots. In addition,
teams were provided with transcriptions of the free-form feedback shared by users at the end of
their interactions with the team’s bot, allowing the teams to gain qualitative insights into the users’
impressions of the TaskBots.

2.6 Support from the Alexa Prize Team

In addition to providing data, infrastructure, AI tools and models, we engaged with university teams
in several ways to provide support and feedback:

6https://developer.amazon.com/en-US/docs/alexa/custom-skills/speech-synthesis-mar
kup-language-ssml-reference.html
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• A virtual pre-Bootcamp to on-board university teams to the CoBot Toolkit and prepare teams
for Bootcamp.

• An in-person Bootcamp with training materials and best practices design guidelines.

• Virtual sessions with university teams on UX design, model training and evaluation, and
competition guidelines to prepare teams for each phase of the competition.

• An internal beta phase, to provide traffic and feedback from Amazon employees to help
inform and improve bot performance before general availability to all Alexa users.

• Detailed report on bot experiences prior to public launch, evaluating functionality as well as
the bot’s ability to maintain anonymity and handle inappropriate interactions.

• Bi-weekly office hours over the course of the competition for consultations with a dedicated
Program Manager, UX designers, and members of Alexa science and engineering teams.
The university team members discussed issues and observations over an aggregate 250 hours
of demo sessions.

• On-demand access to Alexa Prize personnel via Slack and email.

3 Scientific Advancements

3.1 From the Alexa Prize Participants

In this section, we summarize and provide an overview of the various different scientific advancements
introduced by the university teams in their TaskBots across the course of the competition.

3.1.1 Natural Language Understanding

Natural language understanding (NLU) is complex and multi-faceted for a task-oriented conversa-
tional system such as TaskBot, and teams put significant effort into designing, implementing, and
testing their NLU models and components. Various different labels and representations need to be
assigned to incoming user input. Domain classification is required to differentiate cooking related
requests from DIY. Classifiers are also required to identify potentially harmful tasks and unauthorized
task requests. Intent classification is need to identify specific commands and semantic parsing is
required to drive search for recipes and other tasks.

Some teams used the default modules for tasks such as domain, intent, and harmful classification
provided with the CoBot Toolkit. Others developed their own or augmented the default with additional
models.

For intent classification many teams used fine-tuned models such as BERT with Team TWIZ (NOVA
University, Lisbon) [15] or FLAN-T5 with Team Sage (University of California, Santa Cruz) [52].
Team BoilerBot (Purdue University) [22] found a large language model (LLAMA [46]) with chain
of thought prompting to be most effective for intent classification. Other teams including Team
PLAN-Bot (Virginia Tech) [44] and Team EvoquerBOT (Penn State University) [50] experimented
with language models for intent classification but settled on deterministic rules for intent classification
in their production bots. Team ISABEL (University of Pittsburgh) [42] built a dialog state graph and
used it to condition intent classification on the specific dialog context. Team Taco 2.0 (The Ohio State
University) [33] developed an approach that supports multiple intents per utterance. Team Maruna
(University of Massachusetts, Amherst) [38] developed a fine-grained set of 36 intents and employed
a hybrid approach combining multiple models using both zero-shot and fine-tuning along with
deterministic rules. For the models they prompted large language models to create synthetic examples
for training, then fine-tuned various smaller models. In their evaluation, fine-tuned FLAN-T5 XL [9]
provided the best performance. Team DiWBot (Rutgers University) [47] found a combination of a
BERT-based [13] classifier and heuristic phrase matching to be most effective for intent classification.

Team PLAN-Bot (Virginia Tech) [44] used instruction prompting of a large language model to
generate annotated data for harmful task classification and trained a smaller RoBERTa [32] model on
this data. Team Maruna (University of Massachusetts, Amherst) [38] used large language models
to filter the database of tasks for harmful/medical/financial tasks and also to add fun facts and other
enrichments to the data.
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Teams also used various different NLP techniques to prepare search queries for matching the user
query to available DIY tasks or recipes. Team PLAN-Bot (Virginia Tech) [44] used noun phrase
detection and semantic parsing to drive the search. Team BoilerBot (Purdue University) [22] used
a hybrid approach where for wikiHow search they used a vector database where article titles and
summaries are encoded into embeddings using SentenceBERT [36] and natural language searches
are supported by finding the nearest neighbor to the user query in this embedding space. For both
wikiHow and recipe query parsing they experimented with the use of prompting the WizardLM [2]
30B model and showed improvements over their non-LLM fallback recipe parser. To improve
inference time in production, they used examples annotated with the larger language model and
fine-tuned Llama 2 13B [46]. For the fallback mechanism they used SentenceBERT [36] to classify
cooking related items in the query. Team Sage (University of California, Santa Cruz) [52] took a
different approach to request understanding to support search. In addition to their intent classifier,
they also trained an open-domain request understanding model. In this approach, they first generated
JSON representations that represent the structured data they want to extract (e.g. occasion, ingredient,
filters) and prompted the large pre-trained language model to generate appropriate corresponding
user utterances. This synthetic dataset is then used to fine-tune Pythia 1.3B [4] which is used in their
production bot.

Several teams (Team ISABEL (University of Pittsburgh) [42] and Team Taco 2.0 (The Ohio State
University) [33]) developed modules for ASR error correction. Team ISABEL used a phoneme-based
error correction method which they report overcame 30% of errors and resulted in improvements
to CSAT ratings. Team Taco 2.0 explored using simulated error data with ASR recovery, training
various language models on this data, but settled on rule-based correction rules in their production
bot.

3.1.2 Dialog Management

The dialog manager (DM) is the central controller, or ‘brain’, of an interactive conversational system.
The DM tracks the state of the conversation and on the basis of user input and the current state decides
the next actions the system should take. For a multimodal conversational system, the DM decides on
the spoken response and can also decide what should be presented graphically.

Given limited availability of training data and the somewhat structured nature of interaction with
TaskBots, most teams model dialog using some kind of hierarchical state machine or flow controller
(e.g. Team EvoquerBOT (Penn State University) [50], Team Taco 2.0 (The Ohio State Univer-
sity) [33], Team Sage (University of California, Santa Cruz) [52], and Team TWIZ (NOVA University,
Lisbon) [15]). The high level flow starts with a welcome interaction, then goes into a search phase,
selection of a task, then the task execution, then ends with a closing interaction. Each phase has inter-
nal structure and is modeled as a sub-flow. For example, the search phase might include clarification
and refinement of the set of tasks presented. Team EvoquerBOT and Team Sage found it effective
to use different sub-flows for the different domains supported by their TaskBots (cooking vs. DIY).
Team TWIZ used an event-driven state machine to drive the high level flow of the conversation.

Team GRILL (University of Glasgow) [16] used a new neural decision parser (NDP) [17] to predict
the next system actions based on the user input and conversation history. This model combines
aspects of intent classification with dialog management. The NDP is a version of FLAN-T5 [9]
fine-tuned on annotated user logs. In order to limit bias to specific intents, the dataset is augmented
with synthetic conversation data derived by prompting a large language model.

As in the SocialBot Grand Challenge [25], we also saw TaskBot 2 teams (Team TWIZ (NOVA
University, Lisbon) [15] and Team Maruna (University of Massachusetts, Amherst) [38]) apply large
language models to drive the dialog from end-to-end. Team TWIZ introduce TWIZ-LLM to improve
the overall robustness of the task execution phase. Based on logs of previous TaskBot conversations,
they built a model of user behavior and used this to drive creation of a set of synthetic dialogs. This
dataset was then used to fine-tune a Vicuna 7B model [7] and OPT-1.3B [51]. The trained models
take instructions on tone of voice, current recipe text, current step, and the dialog context and predict
the next system output. Team Maruna, in their MarunaChef approach, created a manually defined
dialog state transition graph and then took random walks of that graph. They simulated the roles of
system and user using large language models and generated synthetic utterances for each dialog turn.
The synthetic corpus was then used to fine-tune a version of Llama 2 7B [46], which serves (along
with a retrieval component) to drive the overall TaskBot dialog end-to-end.
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Team ISABEL (University of Pittsburgh) [42] used a discourse theoretic dialog state representation
based on discourse theory [3] and grounding [10]. One of the uses of this representation was to make
their intent classifier context aware. They also use grounding of utterances against the discourse
state representation to identify cases of uncertainty and use this to trigger clarification dialogs. Team
ISABEL also employed a neuro-symbolic approach to driving more engaging dialog. They use
formal grammars to construct varied instructional prompts which were provided to a large language
model in order to generate highly varied templates for use in response generation. For example, they
used this technique to generate 70 different responses that present search results to the user. Human
evaluation showed that 100% of the generated utterances using this technique were as engaging or
more engaging than human designed system prompts. Team ISABEL also employed instruction
prompting of a large language model to rewrite task descriptions to be more engaging and to reduce
description length.

3.1.3 LLMs as general purpose workhorse

For most teams, large language models with instruction prompting were the go-to workhorse for many
different subtasks required in building an effective TaskBot. Team BoilerBot (Purdue University) [22]
made a point of not using LLMs for factual answers given risks of hallucination and errors. They
limited LLM usage to specific capabilities required such as intent classification, wikiHow and recipe
query parsing, and chit chat. Team Sage (University of California, Santa Cruz) [52] used an LLM
for extraction of required tools for tasks since wikiHow descriptions lack a structured list of tools
required for task completion. Team ISABEL (University of Pittsburgh) [42] used a large language
model to rewrite long step descriptions, and Team TWIZ (NOVA University, Lisbon) [15] used a large
language model to generate short and appealing descriptions of tasks that are more engaging. These
shorter descriptions were part of a Task Promoter that aimed to make descriptions more descriptive
and appealing.

3.1.4 Domain Knowledge

The TaskBot teams took a variety of approaches to knowledge integration, generally making a
decision on whether to construct specialized Knowledge Graphs (KGs) for the Cooking and DIY
domains instead of relying on LLMs to encode the necessary knowledge. Most teams performed
pre-processing of the content, such as identifying steps and entities in task descriptions. Beyond that,
the approaches for representing the knowledge varied.

Some teams extracted and augmented some version of a task graph corpus (Team GRILL (University
of Glasgow) [16], Team Maruna (University of Massachusetts, Amherst) [38], Team Sage (University
of California, Santa Cruz) [52], and Team TWIZ (NOVA University, Lisbon) [15]), with steps as nodes
and dependencies as edges. Some teams took it further by augmenting the text with executable mini-
steps or units. Similarly, Team PLAN-Bot (Virginia Tech) [44] developed an enhanced representation
of task structure, creating a fine-grained semantic representation of the tasks, entities, and supporting
information like tools and ingredients. Graphs were created for some tasks by retrieving textual
descriptions. The resulting KGs were further augmented with visual data, either retrieved (GRILL) or
generated (Team Maruna, Team Sage, and Team TWIZ), and indexing and retrieving video moments
for each step (Team TWIZ). Some teams took this even further by generating “fun facts” relevant
to the conversation context. Other teams chose to use LLMs as sources of knowledge for search
and Question Answering without explicitly representing domain knowledge as graphs. For example,
Team ISABEL (University of Pittsburgh) [42] used knowledge distillation to automatically generate
and index variants of recipe titles or DIY task steps, and used surface retrieval over the enhanced
index for retrieval augmentation in response generation. In a similar approach, Team Taco 2.0 (The
Ohio State University) [33] used prompting with context to use LLMs for question answering without
explicitly developing a specialized KG.

Both approaches have shown benefits and drawbacks, but the structured knowledge representation
appeared to result in more accurate and helpful responses and reduced hallucinations such as providing
steps to prepare non-existing ingredients.

3.1.5 Search and Recommendation

Searching or discovering an interesting recipe or DIY task was the most common first stage of a
TaskBot conversation. While some users had specific tasks or recipes in mind, the majority arrived to
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a TaskBot looking to explore its capabilities. Therefore, an engaging search experience (being able to
find recipes or tasks through proactive recommendation) was critical to interest the users to continue
to attempt a task. Therefore, the teams had popular suggested tasks on the home screen, and most
supported some form of “cold start” recommendation where the TaskBot would suggest a task or
recipe to the user.

Most teams used some form of intent and domain classification described above. To handle the search
intents teams took different approaches. Most teams parsed and indexed the textual task data, at
different levels of granularity (e.g., Team BoilerBot (Purdue University) [22] parsed recipes into
steps, to index each step as a unit).

Many teams used some form of dense retrieval to improve the semantic matching between the user
query and potentially relevant tasks. For example, Team BoilerBot (Purdue University) [22] used
SentenceBERT [36] to represent the query for dense similarity matching and retrieval with precise
syntactic re-ranking when such information (such as specified ingredients or cooking items) was
available. Similarly, Team Maruna (University of Massachusetts, Amherst) [38] supported search
through dense retrieval and re-ranking (trained on synthetic LLM-generated data) but also used result
diversification to provide the user with more varied results instead of alternatives of the same recipe,
with the expectation that it would assist the users in exploratory search. For under-specified queries,
Team Maruna used a fallback mechanism to automatically generate the answers.

Other teams took a more session-oriented approach to search, to contextualize the query with respect
to the task. Team GRILL (University of Glasgow) [16] classified search into the levels of progression,
from most general to specific, and performed different query manipulation based on the specificity of
the search and the inferred user knowledge. They incorporated task categories or groupings of similar
tasks to match the user’s textual query to the index task subgraphs.

Other teams recognized that users were primarily exploring the TaskBots, and made recommendation
of interesting tasks or recipes the primary entry point into the experience. For example, Team
TWIZ (NOVA University, Lisbon) [15] proactively recommended tasks, and even offered to generate
recipes automatically, using an LLM to generate new recipes for user-specified ingredients. This
innovative experience of automatically generating tasks turned out to be engaging and delightful to
users, especially those that didn’t have a specific task in mind. Some teams used LLMs to provide
recommendations, for example Team DiWBot (Rutgers University) [47] leveraged the provided ATM
20B [43] model to generate recommendations when users ask for them.

While both search and recommendation experiences were supported by all teams, the TaskBots that
were more proactive in suggesting interesting tasks or recipes resulted in higher engagement. These
teams were generally more successful in getting users to continue to attempt a task.

3.1.6 Question Answering

One of the requirements of the TaskBot challenge was to support contextual question answering, i.e.,
to assist users with their questions during completion of a task. The questions could be related to a
specific task step, the task overall, or could be general.

Most teams used various LLMs to generate example contextual question and answer pairs to support
within-task and general QA. For example, Team Taco 2.0 (The Ohio State University) [33] investigated
prompting large language models with recipes and DIY tasks to generate synthetic question and
answer pairs for training a smaller LLM (FLAN-T5 [9]) with this data. Other teams experimented
with text-to-text models for QA. Team DiWBot (Rutgers University) [47] used a series of prompts to
large language models in order to generate responses to questions. They initially used TO-3B [39]
as a low latency choice and then moved ATM 20B [43] when it was made available through CoBot
APIs. To build their question answering capability, Team PLAN-Bot (Virginia Tech) [44] started
with the UnifiedQA [26] general purpose pre-trained QA model and fine-tuned it with the Wizard of
Tasks [8] and DOQA [6] datasets. Team Maruna (University of Massachusetts, Amherst) [38] also
experimented with multiple QA models and found UnifiedQA to be the best.

3.1.7 Social Chit-Chat

In bootcamp and throughout the competition, teams commented on the fact that while a TaskBot is
task-oriented, users expect it to be able to able to engage in some amount of open chit-chat, more
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similar to the interaction expected from bots in the SocialBot Grand Challenge. Teams took on
various strategies to address this. Team Taco 2.0 (The Ohio State University) [33] adopted modules
from Chirpy Cardinal, Stanford’s entry in the SGC4 challenge [21]. Team Sage (University of
California, Santa Cruz) [52] incorporated FastchatLLM [53] for handling general social chit-chat
inputs. Team GRILL (University of Glasgow) [16] first checks chit chats requests against a list of
chit chat personality FAQ responses and if those don’t match, generates a response using the Alpaca
7B LLM [45].

3.1.8 Multimodal Experience

A compelling multimodal user interface is a crucial component of the TaskBot experience. In TaskBot
2, we see innovations in user interface (UI) design, as well as the use of state-of-the-art image retrieval
and image generation techniques in conjunction with large language models.

Several teams use cross-modal embeddings for task steps that don’t have images. Team PLAN-Bot
(Virginia Tech) [44] trained a cross-modal embedding model on Recipe1M dataset [37], which
is then used to search for images corresponding to recipe steps. Team EvoquerBOT (Penn State
University) [50] scraped 29,000 images from the web for the cooking domain, and utilized the zero-
shot capabilities of the CLIP model [34] to find images relevant for recipe steps. They also filtered the
images based on the recipe ingredients to improve efficiency and precision. Team Maruna (University
of Massachusetts, Amherst) [38] fine-tuned a CLIP model on a custom dataset with 231,000 recipe
image-text pairs, created using wikiHow image-text pairs and frames extracted from step videos.
Team GRILL (University of Glasgow) [16] used a CLIP model to retrieve images corresponding to
steps from all the images in their task corpus.

Many teams used image generation techniques for different use cases. Team GRILL (University
of Glasgow) [16] hand-curated jokes, for which the corresponding images were generated using
diffusion models. Team EvoquerBOT (Penn State University) [50] generate images for steps where
image retrieval did not result in relevant images. They extract keywords from task step text, and
use modifiers (e.g. “aesthetic picture,” “appetizing,” etc.) to create an image prompt, which is fed
to DALL-E2 [35] to generate an image for the step. Team Maruna (University of Massachusetts,
Amherst) [38] used an LLM to generate context-independent text that was then used to generate
images. For image generation, they fine-tuned a text-to-image model on a custom dataset using
LoRA. To improve the image aesthetics, they incorporated recipe ingredients in the prompt and
also used depth-based ControlNet. 7 8 Team Sage (University of California, Santa Cruz) [52] used
a text-to-image model to generate images for ingredients (for cooking) and tools (for DIY tasks),
where the ingredient/tool names were extracted by prompting LLMs. Team Taco 2.0 (The Ohio
State University) [33] used a combination of an LLM and a diffusion model to generate unusual
images (e.g. a cat on a cake) for multimodal fun facts. Team TWIZ (NOVA University, Lisbon) [15]
used an LLM to generate a visual prompt for a task, which is then used to generate an overall task
image using a text-to-image model. They then used a ranking approach [48] to select the best image
among the candidates. For generating step images that are consistent with each other, they prompt a
custom-trained LLM to generate an image generation prompt for the current step, given the image
captions from previous steps.

Several teams experimented with different design choices for the UI. Team BoilerBot (Purdue
University) [22] and Team ISABEL (University of Pittsburgh) [42] have two formats of displaying
the task – the overview format, and the detailed step-by-step format. Additionally, Team ISABEL
(University of Pittsburgh) [42], Team Sage (University of California, Santa Cruz) [52], and Team
Taco 2.0 (The Ohio State University) [33] worked on making the UI easier, intuitive, and engaging
to use, by adding elements such as buttons, icons, contrasting colors, emojis, video controls, etc.
Buttons allowed users to navigate the task more easily, as well as specify constraints such as dietary
restrictions and cuisine preferences. Team Taco 2.0 [33] added a ‘Ken Burns effect’ on static images
and flip cards for trivia. Team BoilerBot [22] showed users what TaskBot is good at and what its
limitations are on the launch page. When the user says something the TaskBot does not understand,
the display suggests a user interaction. They also confirm the user’s query and make it editable.

Team TWIZ (NOVA University, Lisbon) [15] added a functionality that allowed users to retrieve
moments in videos based on voice commands. For each keyframe in a video, they generated a caption

7https://civitai.com/models/4201/realistic-vision-v13
8https://civitai.com/models/45322/food-photography
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using InstructBLIP [12], and then used CLIP [34] to obtain image and text embeddings. The user’s
query is then searched, both as literal text as well as in the embedding space to find candidate frames.
A re-ranking is finally performed to choose the frame to which the bot should transition.

Team Maruna (University of Massachusetts, Amherst) [38] experimented with a visual option
matching approach, where the recipe name was extracted from the user’s utterance by prompting
FLAN-T5 XXL [9], which was then compared against images of recipes in a shared embedding
space.

Team GRILL (University of Glasgow) [16] augmented their TaskGraph with images, video snippets,
and multimodal jokes. For videos, they collected an offline dataset with 10,885 videos, perform
action segmentation, and use vision and audio to align the segments to tasks steps.

3.1.9 Generating Recipes and Task Synthesis

In TaskBot 2, we saw teams explore the application of generative AI techniques to synthesis of
new recipes and tasks. For example, Team TWIZ (NOVA University, Lisbon) [15] introduced a
“creative cooking” feature which helps the user find a recipe given a series of ingredients they have
on hand and a cooking style. In their approach, they first attempt to match the ingredients and
style against a set of metadata associated with existing recipes. If there is not a match, they then
prompt an LLM (Vicuna [7]) to create a structured recipe specification. Team GRILL (University of
Glasgow) [16] also explored AI-generated tasks, including generating tasks for activities that could
be tried during all of the major American holidays. They first prompted a large language model to
generate the description, materials, and steps for a task. They also prompted the model to generate
thumbnail descriptions and these are then fed to as prompts to a text to image generative model to
synthesize accompanying graphical assets. These AI-generated tasks were then manually checked for
consistency and quality.

3.1.10 Diversity and Inclusion

Ensuring that diverse and under-served communities have equal access to new technologies such as
TaskBots both drives equity and can improve the capabilities of systems for all users. Team ISABEL
(University of Pittsburgh) [42] took a particular focus on this aspect of the challenge. Working in
partnership with the Deaf and Hard of Hearing community, they co-designed the user interface for
their TaskBot. Their interface allows users to transition flexibly between spoken, mixed modality, and
non-verbal communication. Critically, the user can navigate tasks solely through visuals and touch. In
addition, they developed a pipeline for converting English text instructions into continuous videos of
American Sign Language paired with step images for each step. Their approach uses rule-based sign
language mapping in combination with translation techniques using prompting of a large language
model. It is notable that while the focus of the design was on expanding to new populations of users,
in finals judges specifically commented on the overall ease of use of the interface. Considering the
needs of a new user base improved the capabilities of the TaskBot not just for the Deaf and Hard of
Hearing, but for all users.

Team ISABEL (University of Pittsburgh) [42] also explored the relationship between human-likeness
and equity in dialog systems [41]. Specifically they examined the gap in performance of their system
on African American Vernacular English (AAVE) versus standard English and demonstrate how
context-aware intent recognition can narrow the gap in performance of NLU on AAVE vs. standard
English.

3.2 From the Alexa Prize Team

In order to support the TaskBot teams in this year’s competition, we introduced several new models.
We trained a Domain Classifier (Section 3.2.1) to identify whether a user utterance refers to the
Cooking, DIY, or General domain. We also provided a Harmful and Unauthorized Task Classifier
(Section 3.2.2) aimed at understanding whether a user request contains harmful elements or refers to
some aspects a TaskBot cannot provide. Lastly, we provided an Utterance Rewriting model (Section
3.2.3) to rewrite user utterances to include context. We verified and tested these models using the
Internal TaskBot, discussed in Section 3.2.4.
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3.2.1 Domain Classifier

The domain classifier provided to teams helped identify whether a user utterance refers to the Cooking
or DIY domain. We trained a BERT-base [13] classifier with sentences extracted from multiple
datasets:

• wikiHow: we extracted sentences from wikiHow documents, excluding the ones from the
cooking domain. The documents are the same as the ones provided to the teams through the
CoBot API.

• Whole Foods Market Recipes: we extracted sentences from the Whole Foods Market recipes
provided to the teams through the CoBot API.

• StackExchange: we extracted sentences from StackExchange by filtering for the DIY and
Cooking domains.

After collecting the data and applying filtering strategies to remove noisy examples, we end up with
around 145,000 examples for training, of which 117,000 are from the DIY domain and the rest
(28,000) are from the Cooking domain. We split the data in 0.7/0.15/0.15 for training, validation and
testing, respectively. The training of the model resulted in very high performance in distinguishing
between the two domains on the test set, with accuracy and F1 around 99.

3.2.2 Harmful and Unauthorized Task Classifier

We trained a classifier aimed at understanding whether a user request contains a harmful task or a task
which a TaskBot agent is not authorized to respond to. For example, TaskBot agents cannot provide
medical, financial, or legal advice nor can they respond to suicidal tasks (TaskBots are required to
respond with a suicide prevention helpline). We developed a dataset from external sources of about
10,000 examples by creating a seed set with a few examples we manually defined for each category
and then extending it using the methodology described in [11]. The categories we were interested
in are: GOOD, i.e., a legitimate request to a TaskBot agent; HARMFUL, i.e., a request that can cause
danger to a person or property; LEGAL, i.e., a request involving legal aspects; MEDICAL, i.e., a request
involving medical aspects; FINANCIAL, i.e., a request involving financial elements; SUICIDE, i.e., a
request including potentially suicidal intentions.

In general, the model performed well on a held-out set we used for validation (the macro-F1 we
measured is about 92.7). We also made an evaluation on real user traffic by manually annotating
examples from November 1st, 2022 to November 17th, 2022. With real traffic, the model performance
dropped to 57 macro-F1. We observed that there are categories the model is able to handle quite well
(e.g., GOOD with macro-F1 97 and FINANCIAL with macro-F1 67). While for the other categories
the model struggled a bit, especially considering that the amount of requests regarding them was
(fortunately) very low (we annotated only 7 harmful examples, 4 legal examples, and 1 suicide).

3.2.3 Utterance Rewriting

Utterance rewriting rewrites a user or system utterance based on context in order to resolve co-
reference and ellipsis and make it more explicit. The utterance rewriting model is a seq2seq model
(BART [31]). The input is the concatenated context utterances and the original last utterance, with
special tokens inserted before each utterance to indicate its speaker. The output is the rewritten last
utterance. It has been fine-tuned on our collected data which consists of 40K training and 3,200 test
samples on open-domain conversations [24]. In terms of performance, the fine-tuned BART-Base
model with greedy search decoding can achieve 0.657, 0.7521, 0.8527, and 0.2072 in terms of
BLEU4, ROUGE-2, ROUGE-L, and EM scores.

3.2.4 Internal TaskBot

We developed an internal TaskBot, to test out conversational features on Alexa. This serves to test out
ideas and to build datasets and models to provide to the participating teams, and to provide a stable
baseline TaskBot for benchmarking the teams’ improvements. The internal TaskBot is developed on
top of the CoBot toolkit, where a set of responders are orchestrated to provide a response given a user
request. We developed a set of responders specific for the internal TaskBot. In the next sections we
will provide descriptions of the techniques we implemented to develop these components.
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3.2.4.1 Interactive Search

The first stage of the user’s conversation with a TaskBot is focused on finding a recipe or DIY task
to work on. To improve the search experience of users in this exploratory stage, we developed an
interactive search component. Specifically, we are interested in improving the experience for broad
(under-specified) queries (e.g., “Search for dinner recipes”). For such queries, the search results
are likely to contain a set of diverse documents, making it challenging for users to find a relevant
item. We propose a pro-active interaction with the user by asking a series of questions to elicit user
preferences (e.g., “Are you interested in a specific cuisine?”). The answers to those questions provide
useful information to perform query expansion, to hopefully narrow down the search results and
assist users in finding the relevant item faster. In the following, we present how we realized such
model and we report experimental results.

To obtain user preferences, we ask users a different question each turn to obtain the values of various
facets (e.g., the cuisine and dish type in the case of a recipe) that they may be interested in. We used
facets since this is a structured way of representing user preferences. Note that the facet spaces are
predefined for each domain. For example, facets in the cooking domain are available from the recipe
metadata, such as cuisine, ingredients, and dietary restrictions. For the DIY domain, since wikiHow
documents do not include these facets, we used an internally developed Named Entity Recognition
(NER) model to extract entity values from them, such as tools and materials.

The first step is to decide whether a question should be asked. This is critical because asking too
many questions can annoy users, while asking too few questions cannot guarantee the relevancy of
the search results. To solve this challenge, we developed a purity-based measure to approximate the
entropy of the search results. Intuitively, if a facet (e.g., cuisine) has many distinct values across
the search results (e.g., Italian, French, and American), it is likely that this facet would require
clarification from users. On the other hand, if the search results contain one distinct value (e.g.,
Italian), clarification should not be required. Hence, to compute purity of each facet key, we calculate
the distribution of facet values from the top-25 search results. If the probability of the most frequent
facet value exceeds a pre-defined threshold, those facets are no longer considered for clarification.
The purity measures are updated at each turn based on the latest query and search results.

After the purity-based filtering, we calculate the semantic similarity (using word embeddings) between
each remaining facet and the user query. We use this similarity score to re-rank the facets, and the
most similar facet is selected for question generation. Our question generation is based on templates:
the template is filled with the selected facet and relevant hints with possible values (e.g., “Are you
interested in a specific cuisine, such as Italian?”) that are specific to the search context. Concatenating
hints after the question is important as it helps the user understand the possible answers that the
system expects. Furthermore, if the hint aligns nicely with user preferences, they are likely to follow
them, which can minimize their effort and increase their trust in the TaskBot.

To evaluate the performance of our interactive search approach, we compared the user ratings on
conversations that took place one week before the deployment of the interactive search component
(04/18/23 - 04/25/23) and one week after (04/27/23 - 05/04/23) the deployment; no additional changes
were deployed to the TaskBot during this window . According to the results, the average of user
CSAT ratings increased from 3.16 to 3.78.

3.2.4.2 Presenting Interesting and Informative Facts to Users

Early analysis on the TaskBot conversations highlighted that many users are willing to spend time
talking with the assistant, if it can entertain them. Thus, in order to improve the engagement of the
users with the internal TaskBot, we designed a model to present interesting or informative pieces
of information (‘fun facts’) to a user, while they are cooking a recipe or performing a DIY task.
The goals are: i) enhance users’ knowledge related to the task they are performing; ii) foster user
curiosity; and iii) increase user engagement during their conversation with the TaskBot agent. We
created a dataset of 1373 interesting facts relevant to the cooking domain. The dataset was created
by extracting facts from various online sources, and then manually cleaning and rewriting them for
grammar, style, relevance, interestingness, and appropriateness. An example of an interesting fact
in our dataset from the website ‘www.facts.net’, about a ‘turkey’ is, The US president traditionally
pardons a turkey on Thanksgiving.
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We used the above dataset to train a high-performing classifier to automatically identify if a given
input fact is both relevant to a given recipe, as well as interesting enough to be shown to users. This
classifier achieved an accuracy over 80% as well as F1 score higher than 80.

We deployed and exposed the interesting facts feature to live traffic of real users interacting with
our TaskBot for almost a month (Dec 24, 2022 - Jan 17, 2023). We experimented with various
strategies of presenting relevant and interesting facts to users, at different points of their cooking
journeys. About 66% of the facts shown were received positively by users (we explicitly asked the
users whether the fact was interesting). The average rating provided by users to their conversations
with our TaskBot increased by about 40%, while the average conversation length between users and
our TaskBot increased by about 37%.

4 TaskBot Performance

The primary metric to evaluate the TaskBots in the challenge was Customer Satisfaction (CSAT),
explicitly provided by the users on a scale of 1 (poor) to 5 (excellent). The details of obtaining the
feedback via voice and touch input are described in Section 2.1.4 Multimodal Feedback Flow. After
users exited, they were asked if they were able to complete their task. This response provides an
additional measure of success for TaskBot teams.

Returning users were also asked whether they would like to continue working with the same TaskBot,
providing a secondary metric of repeat use. If the user continued working with the same TaskBot but
had not completed their task previously, they were given the option to continue the previous task or
to start a new task.

Over the course of the competition, the TaskBots demonstrated significant improvements in user
experience. In this section, we examine various metrics used to evaluate the TaskBots’ performance.

4.1 Driving User Traffic

Providing user traffic at scale to the TaskBot teams is essential for them to test their innovations and
develop high quality interactions. For the TaskBot 2 challenge we focused on driving additional
traffic through the use of HomeCards and marketing campaigns.

Figure 9: Sample TaskBot HomeCards.

HomeCards, several of which are shown in Figure 9, are advertisements displayed at regular intervals
on multimodal devices for feature discovery, marketing campaigns, or sharing up-to-date information
with users. We introduced multiple HomeCards before Semifinals (Figure 10) and noted an overall
1000x increase in TaskBot daily traffic relative to the same time period during TaskBot Challenge 1.

Figure 10: Relative Average Number of Conversations for TaskBot Challenge 1 and TaskBot Chal-
lenge 2 Finalist Teams.

The increase in traffic made it possible for us to offer teams a portion of traffic set aside for exper-
imentation, where these “experimental” user ratings would not factor in to their bot’s ranking in
the leaderboard. This held-out traffic enabled teams to test out more risky innovations that could
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otherwise have had the potential to negatively impact their TaskBot’s advancement to later stages
of the competition. With the additional traffic, teams were able to experiment more with different
approaches and evaluate innovations through A/B testing.

We also ran three themed marketing campaigns: Baking, Summertime, and Fitness. All teams
participated in these activities by curating a set of related tasks for the duration of the event. Teams
changed their welcome prompts to inform Alexa users about the event and suggested related tasks
and themed activities. We integrated the marketing efforts with customized HomeCards running for
the duration of each event. We observed between 4% and 33% of users chose one of the themed tasks
from the prompts. For users that did not select a themed activity or dish, the recommendations served
as a guide to choose related tasks, thus allowing the user to better engage with TaskBot.

4.2 7-Day Customer Satisfaction Ratings

The primary mechanism of evaluating the TaskBots was the 7-day average Customer Satisfaction
Rating (CSAT). After each interaction, Alexa users were asked, “How helpful was this TaskBot in
assisting you?” and given the option to rate their interaction on a scale of 1-5. Please note that the
TaskBot rating prompt differs from the prompt used in the SocialBot and SimBot competitions and
the ratings are not directly comparable between the different Alexa Prize tracks.

Figure 11: Maximum L7D and Average L7D Ratings for Finalist Teams during the TaskBot 2
Competition. Maximum L7D Ratings are calculated as the highest L1D CSAT score for a single
finalist during a seven day period.

The last 7 days (L7D) average CSAT for the TaskBot Challenge 2 is based on a larger number of
ratings than the TaskBot Challenge 1 which makes comparison of the aggregate numbers difficult
to perform. The maximum and average CSAT scores for the TaskBot Challenge 2 are a stronger
representation of user traffic at scale.

This year’s rating shows a low volatility and steady improvement over the course of the competition.
As shown in Figure 11, the TaskBot Challenge 2 average L7D ratings improved from below 3.0 at the
start of the program to above 3.3 as teams reached the finals event.

The maximum CSAT was calculated by taking the highest L1D CSAT score for any of the finalist
teams over a 7 day period. The resulting number represents the best user experience provided during
the previous week. After the introduction of HomeCards, the maximum CSAT stabilized around
4.0/5.0. Once HomeCards were introduced during the TaskBot Challenge 2, the maximum rating
becomes a more accurate reflection of the top user experience.

4.3 Task Completion Metrics

In Figure 12 we show the percentage task completion for the TaskBot Challenge 2 after the introduc-
tion of HomeCards and the start of the Semifinals period. The average percentage of completed tasks
varied over the Semifinals period but regained lost ground as the teams passed the Finals event, while
the maximum task completion rate increased over the same duration. It is important to note that many
users use the TaskBot to explore a task rather than performing the complete task at that particular
moment, so the ‘not complete’ cases include both those trying a task who could not complete it and
those who were only exploring and not trying to complete the task live.
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Figure 12: L7D Percentage of Completed Tasks for the Finalist Teams during the TaskBot 2 Compe-
tition. The maximum L7D completion rate is calculated as the highest L1D completion rate for a
single Finalist during a seven day period.

4.4 Conversation Duration

As traffic increased upon entering the Semifinals period, Figure 13 shows the average L7D task
duration remained constant for the competition at just under five minutes. This indicates the selection
of the tasks provided did not significantly shift during the competition. Additionally, it signals
that longer tasks, such as cooking a meal or completing a complex DIY task, were reviewed using
TaskBots but the actual task was not completed in a single session.

Figure 13: L7D Top 10% Conversation Duration for the Finalist Teams during the TaskBot 2
Competition. The maximum L7D duration is calculated as the highest L1D 10% conversation
duration for a single finalist during a seven day period.

Prior to Semifinals and before the introduction of HomeCards, the Maximum L7D for the top 10% of
conversations reached a peak duration of over 40 minutes. This is in part due to low traffic across
teams causing the 10% bracket to capture primarily outliers.

Following the introduction of HomeCards and the increase in traffic, the conversation count increased
and the top 10% of the conversations better represented the top conversations. While it still included
the outliers, there was significantly more traffic on which to base the measurement. The result is that
with the additional captured traffic, the top 10% duration remained steadily over 5 minutes. This is
important because we consider the top 10% duration a strong proxy for an interesting and engaging
conversation with a dedicated interactor.

4.5 Multimodal Feedback

The multimodal feedback flow, described in Section 2.1.4 Multimodal Feedback Flow and shown in
Figure 8, introduced during the Semifinals period also served to increase the number of ratings and
feedback provided to the teams. Figure 14 shows the relative strength of the positive feedback from
users (4 and 5 star ratings) and the relative strength of the negative feedback (1, 2, and 3 stars) from
users.
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Figure 14: Relative Multimodal Feedback Responses. The number of stars indicates the rating
provided by the user before feedback was collected.

Users have appreciated the TaskBots’ ability to provide clear explanations for the recipes and tasks
required. The feedback indicates the responses were informative and the bot understood the user.
Latency in generating images and providing clear explanations prompted users to ask for faster
responses. Overall the choice of tasks provided by the teams was rated as an area where more
diversity would be appreciated.

4.6 Alternate Analysis to the Customer Satisfaction Rating

Although the average Customer Satisfaction Rating (CSAT) is the simplest method of identifying
better TaskBots, it does incorporate various biases and can be noisy. To combat biases such as
non-normal distribution, heteroscedasticity, and non-ordinality, we also employed the signed test on
the returning users to instead evaluate the probability of users rating one TaskBot higher than another.
For example, given TaskBot A and TaskBot B, we only look at users that have rated both TaskBot
A and TaskBot B at least once. If they rated either TaskBot more than once, we look at the average
rating given to each bot by that user. Then we perform a binomial test on whether the number of users
rating TaskBot A higher than TaskBot B follows a p=50% binomial distribution. This removes the
ordinality issue because the same user is evaluating both TaskBots and thus converts the non-ordinal
rating into a binary value of true or false. The signed test is also non-parametric in nature, so we
can disregard the shape of the rating distribution and the heteroscedasticity. We used this signed test
method as one of the inputs to our evaluation of the relative performance of different bots.

5 Discussion and Conclusions

Being the second year of the TaskBot competition, many of the initial design and data challenges
facing the teams in the first TaskBot Challenge were addressed, such as example datasets, intent
models, and multimodal presentation templates, and provided to the teams as part of the CoBot
Toolkit. The starting capabilities of CoBot allowed the teams to focus more of their efforts on
improving and addressing the remaining open science challenges in both multimodal conversational
interfaces and task assistance, resulting in significant scientific and practical advances described in
Section 3 Scientific Advancements.
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As in the first year of TaskBot, the teams faced challenges to develop multimodal interfaces that
harmonized voice, visuals, and touch. This year we focused more on screened devices, both through
design guidelines to the teams, and through efforts to drive more traffic to the competition. We con-
nected TaskBot teams with senior Alexa UX designers for Bootcamp, workshops, and consultations
to learn best design practices and evaluate their TaskBot’s design. We emphasized best practices
such as avoiding reading off everything on the screen, instead using voice to synthesize the key
points and make them digestible, as well as making use of hints, small text bubbles on the screen that
provide phrases to clue the user what they can try next. Building on the learnings from the first year
of the Challenge, some of the resulting experiences were truly engaging and natural, both in their
multimodal experiences and by incorporating advances in large language models (LLMs).

While LLMs did see limited use in TaskBot 1, as we also saw in SocialBot Grand Challenge 5
they really were center stage in TaskBot 2. LLMs emerged as the default workhorse for many
different tasks required to build a successful TaskBot, including: intent classification and query
parsing, synthesis of new data sets, shortening of step descriptions, creation of text to promote a task,
enrichment of knowledge resources underlying the TaskBots, and even composition of whole new
recipes and tasks. For the first time, we also saw LLMs being used to drive the whole process of
dialog management, rather than just serving as neural generators providing candidate responses.

Overall, the performance of the best TaskBot improved dramatically in the 2nd year of the competition,
and the visual customer feedback mechanism allowed for more detailed evaluation of the strengths
and weaknesses of the TaskBots. Due to the heavier emphasis on the multimodal devices via traffic
promotion campaigns, and the prevalence of exploratory conversations, the CSAT ratings are not
directly comparable between the 2 years of the challenge. However, the rising task completion
rate and conversation duration after the Finals event indicate overall increase in delightful customer
experiences with the TaskBots.

While the TaskBot Challenge aimed to foster scientific advances, it was also a competition, and
significant efforts were spent to design and evaluate the different mechanisms of collecting feedback
from users and driving more in-depth evaluations during the live Finals event. One exciting difference
from TaskBot 1 was the introduction of live interactive tasks during the Finals, where the interactors
and judges attempted to work with the finalist TaskBots to actually complete a cooking and a DIY
task live. The resulting conversations were far deeper, more substantive, and more challenging to the
TaskBots compared to simply talking to a TaskBot about a task.

Nevertheless, challenges in running a real world user-based evaluation remained. One is reliance
on user satisfaction ratings as the primary metric for the leaderboard. While attracting users to
experiment with TaskBots via HomeCards and other promotions created large amounts of new
conversation data, it also caused some challenges with the ratings. For example, many users did not
invoke the TaskBots with a specific need in mind, but rather to explore this new Alexa capability,
which resulted in more playful and exploratory experiences rather than task assistance. Despite
complementing a single rating with fine-grained follow-on feedback, other metrics and forms of user
evaluation might be helpful to explore in the future.

The second year of the TaskBot Challenge generated many creative ideas and innovations in conver-
sational task assistance, building on the initial efforts of the first TaskBot Challenge. The Alexa Prize
team and the participating university teams created a strong foundation for expanding the TaskBot
Challenge and enriching the Alexa users’ experience in the coming years.
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