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who won the us open?

The question you just asked is ambiguous. To better help you find the answer 

you are looking for, please answer the following question.

1 / 3 Which sport are you interested in?

Tennis Golf

add

Which sport are you interested in?

Tennis

2 / 3 Which category are you interested in?

Men’s Singles check Women’s Singles Men’s Doubles Women’s Doubles

Mixed Doubles add
Which category are you interested in?

Women’s Singles

3 / 3 Which year are you interested in?

2024 check 2023 2022 add
Which year are you interested in?

2023

Here is the answer based on your selection

Coco Gauff

In a thrilling display of power and determination, 19-year-old 
Coco Gauff became the 2023 US Open Women's Singles 
champion, defeating Aryna Sabalenka in a hard-fought 
three-set final. The atmosphere in Arthur Ashe Stadium was 
electric as Gauff, a fan favorite, battled back after losing the 
first set to secure her first Grand Slam title.

Who won the US open?

Who won the US Open (tennis) ?in Women’s Single

Who won the US Open (tennis) ?in Men’s Single

Who won the US Open (tennis) in Women’s Single ?in 2024

Who won the US Open (tennis) in Women’s Single ?in 2023

Who won the US Open (tennis) in Women’s Single ?in 2022

... ...years

Who won the ?US Open (tennis)

Who won the ?US Open (golf)

Who won the US Open (golf) ?in Men’s

... ...years

... ...years

Who won the US Open (golf) ?in Women’s

... ...years

... ...years

Who won the US Open (tennis) ?in Men’s Double

... ...years

Who won the US Open (tennis) ?in Mixed Double

Who won the US Open (tennis) ?in Women’s Double

Figure 1: AmbigChat is an automatic approach that hierarchically disambiguates an open-domain question (left) and surfaces
interactive disambiguation widgets in a multi-turn conversational interface with an LLM. It supports users in both accurately
finding answers and structurally exploring knowledge (right). Image Credit: Wikimedia Commons, Tennis / Golf / Coco Gauff.
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Abstract
When conversing with large language models, it is common for
users to ask an ambiguous open-domain question that could lead
to multiple answers, especially when exploring new topics. For
example, “Who won the US Open?” can result in different athletes
according to the referenced events and years. We propose Am-
bigChat, an automatic approach that hierarchically disambiguates
a factual question and guides users to navigate answers via UI wid-
gets in a multi-turn conversational interface. Using the ambiguity
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taxonomy we generated from an analysis of 5,000 queries, Am-
bigChat identifies ambiguous facets of a question and constructs a
disambiguation tree, where each level corresponds to a facet. Users
can traverse the tree to explore answers via interactive disambigua-
tion widgets and expand the conversation by referencing tree nodes
through drag and drop. We iterated our interaction design with six
design professionals and tested the effectiveness of the disambigua-
tion tree generation algorithm on a variety of factual queries. Our
evaluation with 16 participants shows that AmbigChat not only
helps the participants find answers more easily and efficiently, but
also facilitates structured explorations of the topic space.

CCS Concepts
• Human-centered computing ! Interactive systems and
tools; Interaction design.

Keywords
Language ambiguity, factual question answering, conversational
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1 Introduction
To acquire knowledge of an unfamiliar domain, people commonly
ask questions through conversations. Recent advances in large lan-
guage models (LLMs) have greatly enhanced the capabilities of
systems for open-domain question answering (ODQA) [17], allow-
ing users to efficiently retrieve factual information across diverse
topics. Yet, because of the inherent ambiguity of natural language
and the challenges of writing appropriate prompts [39], it is com-
mon for a user prompt of a factual question to lead to multiple
possible answers [17, 41]. For example, a short question like “Who
won the US Open?” could refer to different athletes given the sport
types (e.g., tennis or golf), event categories (e.g., women’s singles
or mixed doubles), and year (e.g., 2024).

To resolve such ambiguities, existing conversational question
answering (QA) systems ask a series of clarification questions in
the text format until an answer is reached [17]. To disambiguate
the example question “Who won the US Open?”, a system might ask
“Which sport type are you interested in?” and “Which event category
are you looking for?” However, this linear and text-only approach
optimized solely for arriving at a single answer fails to support
the multimodal and exploratory nature of human conversations,
as people often engage multiple modalities (pointing at objects,
making facial expressions, etc.) to clarify their intentions and ask
for related answers and follow-up questions to learn more about a
topic [3, 11]. As recent works investigated integrating visual aids
and UI widgets for clarification in other domains [7, 18, 22], it
remains an open question how to employ visual and interactive
modalities to support open-domain question disambiguation for
both target answer finding and exploratory knowledge discovery.

In this work, we propose AmbigChat, an automatic approach that
disambiguates a user query in a hierarchical manner and generates
UI widgets for interactive guidance in a conversational interface
(see Figure 1). As a query can be ambiguous in many different
aspects (referred to as facets [26]), we first develop a taxonomy
of ambiguous query facets (see Table 1) by analyzing nearly 5,000
queries from AmbigNQ, an ambiguous ODQA dataset [17]. We use
this taxonomy to construct a disambiguation tree that organizes
various interpretations of an input user query and their answers in a
hierarchical manner. Given a query, we detect its ambiguous facets
by guiding an LLM (Gemini 1.5 Pro) with our taxonomy. We then
convert these facets into disambiguated rewrites and answers in a
breadth-first manner; each level of the tree corresponds to an am-
biguous facet, and each leaf node represents an answer. We use web
search results to improve the LLM’s factual accuracy throughout
this process via retrieval-augmented generation (RAG) [14].

To guide users to interactively explore information stored in
the disambiguation trees, we propose a set of interactive tech-
niques in the form of disambiguation widgets that combine text
prompting and GUI interaction, which we co-designed through a
design study with six user experience (UX) professionals. These
include question widgets for asking clarifying questions and answer
widgets for displaying answers with rich visual information (see
Figure 1). To encourage follow-up questions, every answer widget
and option in the question widgets is draggable as context chips for
direct reference. For example, the user can drag multiple answer
widgets and ask, “Compare their performance: Coco Gauff or

Aryna Sabalenka ” (see Figure 3b). AmbigChat automatically
expands the user prompt with the current conversation context and
the referenced nodes’ positions in the disambiguation tree for the
LLM to generate new responses (see Figure 3c).

We verify the correctness and completeness of our ambiguous
query facet taxonomy with human raters, and test our disambigua-
tion tree construction pipeline’s ability to answer ambiguous ques-
tions on the AmbigNQ dataset. We demonstrate the capability of
AmbigChat through example conversations on a wide range of top-
ics. Finally, we evaluate AmbigChat with 16 participants to examine
its interaction usability, and the results show that AmbigChat is ef-
fective at facilitating both target answer acquisition and structured
knowledge exploration.

In summary, we make the following contributions:
� A taxonomy of ambiguous query facets summarized from nearly
5,000 queries in the AmbigNQ dataset [17].
� An automated pipeline that converts an ambiguous query into a
disambiguation tree based on the taxonomy.
� A set of interaction techniques to respond to ambiguous prompts
and support user navigation and clarification in a conversational
UI, informed by a design study with UX professionals.
� A set of evaluations of our approach, including a verification
study on the quality of our taxonomy, a technical evaluation of
the disambiguation tree construction pipeline, and a user study
on the usability of our interaction techniques.
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2 Related Work
AmbigChat draws insight from prior work on ODQA, conversa-
tional interface design, and interactive UI widgets.

2.1 Clarification Techniques for ODQA
Open-domain question answering, or ODQA, supports a diverse
set of user needs, from fact acquisition to open-ended knowledge
discovery from textual sources [17, 32]. Yet, these questions are
often underspecified, resulting in many factually valid answers [32,
40]. To help users arrive at their desired answers, prior work has
proposed a family of approaches that ask a series of clarification
questions for disambiguation [3, 26, 41]. We build upon this general
approach for ambiguous queries to support both accurate answer
acquisition and exploratory knowledge expansion [3, 11, 24, 38].

Earlier question answering (QA) systems ask clarifying questions
without providing suggestive options [3, 26]. They require users
to have sufficient domain knowledge to answer these questions,
which can be challenging when exploring unfamiliar topics. To
mitigate this problem, later systems generate a few suggestive
options alongside the clarification questions [13, 41]. For example,
the technique proposed by Lee et al. generates one clarification
question with options each turn. However, this single-turn, greedy
approach may result in a long disambiguation process without any
progress indicator. Zhao et al. improve this approach by generating
one clarifying question for each underspecified aspect (i.e., facet)
of a user query to minimize redundant disambiguation turns [41].
While they provide suggestive options as UI chips for users to select,
their system does not indicate the progress of clarification.

In our work, we generate facets of a question by supplying the
LLM with web search results and our ambiguous facet taxonomy.
Inspired by prior work [12, 37], we organize the facets with clari-
fication questions and answers into a hierarchical disambiguation
tree, where each level corresponds to a facet. As a result, we can
indicate the number of clarification questions and enable users to
backtrack and explore different answers in the topic space.

2.2 Multimodal Conversational UI
Recent works have integrated modalities other than text into multi-
turn conversations to facilitate information seeking and enhance
user experiences. Commercial LLM-based chatbots such as Gem-
ini [34], Perplexity [1], and ChatGPT [20] are capable of respond-
ing to conversation topics with relevant website links and images.
Project Bespoke further offers multi-modal GUI experiences with
interactive widgets based on the conversational context using Gem-
ini [19]. Claude’s Artifacts and Gemini’s Canvas features allow
users to iteratively work with the LLM chatbot on artifacts, such
as code and web apps, in the form of a panel next to the main
conversation [9, 23].

In research literature, Macaw is an open-source framework that
supports multimodal interactions in chat interfaces [38]. Users can
input text or voice and the system responds with retrieved docu-
ments and web page links with previews. Other prior work has
explored integrating visualizations into conversations [8, 42]. Game-
Bot is a sports-focused chatbot that displays game statistical data
when answering user questions [42]. For example, it can display
a team’s upcoming schedule or a shot chart of a certain play in a

basketball game. Hearst et al. have studied the effect of displaying
charts and graphs alongside textual answers to user queries to show
trends and comparisons [8]. They find that approximately 60% of
the participants prefer to see charts and appreciate the additional
context provided by the visualizations.

Inspired by these methods, we enhance the text-based chat ex-
periences with images and visualizations in the form of UI widgets.
We display reference images with textual answers and visualize
disambiguation options with icons based on the type of ambiguous
facet to help users more easily and efficiently make their selections.

2.3 Generative UI Widgets
Prior work has explored integrating UI widgets to facilitate user
workflows. Vaithilingam and Guo convert command-line inputs
to GUIs via user demonstrations [36]. They use a rule-based ap-
proach to generate lightweight interfaces to make editing command
parameters easier. SneakPique supports autocompletion of data vi-
sualization generation queries [27]. As the user types out a query,
the system generates suggestive options, which are visualized as
UI widgets to let the user quickly preview the result of selecting
an option. DynaVis synthesizes UI widgets using LLMs from user’s
editing command in natural language [35]. Users can interact with
the generated widgets to perform the desired data visualization
edits. Similarly, BISCUIT generates UI widgets to facilitate learning
machine learning code in Jupyter notebooks [4]. Based on natural
language commands, widgets in BISCUIT surface important model
parameters for users to tune or generate an adjustable graph to vi-
sualize the training process. In AmbigChat, we generate UI widgets
based on our disambiguation trees to facilitate question answering.

DataTone is closely related to our work [7]. Given a dataset such
as Olympics medal statistics, DataTone creates data visualizations
based on the user’s natural language query, such as “showmemedal
for hockey and skating by country.” It detects ambiguities in words
such as “medal”, “hockey”, and “skating” and offers disambiguated
options like “gold medal”, “ice hockey”, and “figure skating” through
dropdownmenus. The visualizations are updated accordingly based
on user selections. Mitra et al. later recreated DataTone with their
NL4DV framework as an example application [18].

Although sharing the same topic of disambiguation, our method
differs significantly from DataTone. We focus on the task of facilitat-
ing ambiguous question answering in the open domain. DataTone’s
disambiguation mechanism is confined between the natural lan-
guage query and data entries and operations in the designated
dataset, while we design a hierarchical disambiguation approach
grounded by retrieved documents from the open web. Moreover, we
allow users to iteratively edit the disambiguation trees via option
expansion in the question widgets.

3 Understanding Question Ambiguity
A factual question can be ambiguous inmany aspects, such as sports
types, event categories, and year (see Figure 1). We refer to these
aspects as facets. To comprehensively extract ambiguous facets and
generate corresponding clarifying questions, we investigated how
facets can be underspecified. We analyzed data from the AmbigNQ
dataset [17] to develop a taxonomy of ambiguous query facets (see
Table 1), which we verified and refined with 10 annotators.
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Table 1: Taxonomy of Ambiguous Query Facets.We developed this taxonomy by summarizing facets from queries in the train
set of AmbigNQ [17] and re�ned and validated the coverage and correctness of this taxonomy with annotators.

Type De�nition Example

Q
ue

st
io

n
N

ou
ns Entity Reference Multiple entities, such as people, places,

and events can share the same name
When did theUS Opentake place?
DQ1: When did theUS Open Tennis Championshiptake place?
DQ2: When did theUS Open Golf Championshiptake place?

Part of Entity
Reference

For a speci�ed entity, there can be di�erent
parts or variations of that entity

Who won theParis Olympics?
DQ1: Who won theParis Olympics Women's 100m?
DQ2: Who won theParis Olympics Men's Marathon?

Relationships
Between Entities

The same set of entities can have di�erent
relationships with each other

Who playsLara Croftin the new Tomb Raider?
DQ1: Who plays Lara Croft in the new Tomb Raideras a 14-year-old?
DQ2: Who plays Lara Croft in the new Tomb Raideras an adult?

Underspeci�ed
Common Nouns

Common nouns de�ne a class of objects
and can be underspeci�ed

When did Ariana Grande'snew albumcome out?
DQ1: When did Ariana Grande'snew live albumcome out?
DQ2: When did Ariana Grande'snew remix albumcome out?

Q
ue

st
io

n
V

er
bs Degree of an Action The degree of how much of an action is

performed can be ambiguous, such as a
missing adverb

When did the gold standardendin the US?
DQ1: When did the gold standardbegin to endin the US?
DQ2: When did the gold standardend temporarilyin the US?
DQ3: When did the gold standardcompletely endin the US?

Means of an Action The manner in which the action is
performed can be ambiguous

When was the great paci�c garbage patchfound?
DQ1: When was the great paci�c garbage patchfound to exist by hypothesis?
DQ2: When was the great paci�c garbage patchfound to exist in person?

A
dv

er
bs Output Type The question adverbs can be unclear about

what types of answers should be given
Whendid the runner up stop becoming vice president?
DQ1:In what yeardid the runner up stop becoming vice president?
DQ2:What eventcaused the runner up to stop becoming vice president?

Q
ue

st
io

n
S

co
pe Temporal Dependency The timeframe in which the question

situates can result in di�erent answers
How long is the term for Texas Governor?
DQ1: How long was the term for the Texas Governorbetween 1876 and 1972?
DQ2: How long was the term for the Texas Governorbetween 1972 and now?

Geographical
Dependency

The geographical region in which the
question situates changes answers

When was the Tomb Raider (2018) movie released?
DQ1: When was the movie Tomb Raider (2018) releasedin Berlin?
DQ2: When was the movie Tomb Raider (2018) releasedin the UK?

Information Source
Dependency

The answer may change based on which
information source is referenced

Where does India rank in the world economy?
DQ1: Where does India rank in the world economyaccording to IMF?
DQ2: Where does India rank in the world economyaccording to World Bank?

3.1 Facet Summarization
Sekuli¢ et al. created the ClariQ-Fkw dataset [26] by extracting
facets from each pair of a query and its corresponding clarifying
questions in the ClariQ dataset [2]. In AmbigNQ [17], each data
entry consists of an original question and pairs of disambiguated
questions and answers. We adopted the ClariQ-Fkw approach to
summarize facets for AmbigNQ. For each entry in thetrain set
(4,749 total entries with multiple answers), we performed few-
shot prompting with Gemini 1.5 Pro to extract a list of facets
for that entry. For example, we obtained[Sport Type, Event
Category, Year] from the entry {"question": �Who won the
US Open?�, "qa-pairs": [(�Who won the US Open Tennis
Women's Singles in 2023?�, �Coco Gauff�), (�Who won
the US Open Tennis Men's Singles in 2017?�, �Rafael
Nadal�)]} . At the same time, we used SBERT [25] to group the
data entries into clusters based on the embedding similarities be-
tween the original questions of each data entry. We organized the
4,749 entries into 922 clusters. Next, we used the LLM to summarize
the extracted facets of queries in the same cluster into higher-level
facet categories. For example, we obtainedTemporal Information
as one of the facet categories from a cluster with questions related
to sporting event winners. Finally, the authors went through the
summarized facet categories of each cluster to re�ne them into a
preliminary version of the taxonomy.

3.2 Taxonomy Veri�cation With Human Raters
To re�ne and verify the correctness and completeness of this pre-
liminary taxonomy, we conducted a remote veri�cation study with
10 annotators in our organization. We randomly sampled 100 data
entries from thedevset of AmbigNQ and prompted Gemini 1.5
Pro to identify the ambiguities in each of the disambiguated QA
pairs by supplying it with our preliminary taxonomy. We manually
corrected errors in the identi�cation results. Next, we distributed
the results evenly and randomly to the annotators such that each
result was reviewed by two of them. For each entry, we asked the
annotator to label if all the ambiguities between the original and
disambiguated question pair had been identi�ed and labeled with
the correct facet type. If not, we asked them to list any missed or
incorrectly labeled ambiguities or propose a new category.

We found that 81% of the question pairs in our 100 entries were
labeled as correct by two randomly assigned annotators. We manu-
ally examined the remaining 19 questions that the raters disagreed
on. The primary disagreements involved how to classify identi�ed
ambiguities (e.g.,Entity Referencevs.Part of Entity Reference) and
whether certain ambiguities had been missed or mislabeled. To
address this, we updated certain de�nitions of our taxonomy and
provided clearer examples. Two raters proposed new taxonomy
types. One proposed coreference resolution ambiguity (i.e., how to
identify which entities referential expressions like pronouns refer
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Figure 2: During the design study interviews, the designers sketched out potential designs for the disambiguation widgets. (a)
depicts sketches by E1 and E2 suggesting hierarchical disambiguation. (b) shows selected feedback we gathered on our initial
prototype in the design review session. Note our previous design that uses a toggle button to separate answer �nding from
exploration. Image Credit: Wikimedia Commons, Bryson DeChambeau / Wyndham Clark .

to). The other mentioned that a lack of background knowledge
might cause ambiguity when technical terms are used in a query:
�For someone who does not know US history, the `Battle of Black-
burn's Ford' may not be interpreted as a historical event.� For the
�rst suggestion, we did not incorporate it because it rarely occurs
as part of the �rst question of a conversation. For the latter, while
we acknowledge the issue, it is outside the scope of the taxonomy
and is handled by the interactions with AmbigChat.

3.3 Ambiguous Query Facet Taxonomy
We present our full taxonomy of ambiguous query facets in Table 1
with detailed de�nitions. We organize the taxonomy by the common
syntactic structure of a factual question:"<Question Adverb>
<Verb> <Noun>?"(e.g., �Who won the US Open?�). We observe
that ambiguities most commonly occur in nouns and the question
scope, as evident by the presence of many speci�c categories and the
SituatedQA dataset [40]. We use this taxonomy to inform the design
of AmbigChat (see Section 4) and as part of our disambiguation
tree generation process (see Section 6).

4 Design Study
While prior work has investigated automatic techniques to resolve
query ambiguity, few are designed for interactive explorations in
conversational interfaces. Therefore, we conducted a design study
to explore how to proactively involve users in the disambiguation
process. We recruited six UX professionals (including visual and
interaction designers, UX engineers, and UX researchers) from
our organization via an internal study invitation. The participants,
referred to as E1 to E6, have 8-19 years of experience in their re-
spective roles (�G= 11”17, SD= 5”12) and have spent the recent 2-6
years (�G= 2”83, SD= 2”14) on designing conversational UI.

4.1 Method
We �rst conducted a one-hour interview with each UX professional.
We began with an overview of the ambiguity problem and intro-
duced common approaches designed for resolving query ambiguity.
We asked each participant to comment on the advantages and dis-
advantages of each approach and collected their experiences of
disambiguating factual queries. Next, we introduced our ambigu-
ous query facet taxonomy and brainstormed the UX design of a
disambiguation journey with each participant. Based on the initial

round of interviews, we created a variety of prototypes. We invited
the same group of UX professionals for a one-hour focus session
for critiques using FigJam, a collaborative brainstorming tool. This
session helped us narrow down and iterate on our designs.

4.2 Findings
Support an iterative journey . All participants acknowledged that
they experienced ambiguities when interacting with an LLM and
suggested that the facet taxonomy could be used for disambigua-
tion. E2 took an iterative re�nement approach to add �patches� into
their original query, since they �cannot foresee and put in all the
speci�city at once.� E6 also commented that, although they tried to
be as speci�c as possible with their questions, it became challeng-
ing when they had limited knowledge about the topic in question.
Both E2 and E6 said integrating the taxonomy could guide a more
structured disambiguation process.

Traverse a hierarchical path . Utilizing the ambiguous facet tax-
onomy, E2 suggested that the system should disambiguate hierar-
chically with one facet at a time until reaching a precise answer, as
if the user were �traveling down a path� (see Figure 2a). E6 com-
mented that such a hierarchy should be �tucked into� the UI to
avoid mental overload, while E4 added that a system should clearly
reveal this notion of �branching� to the user.

Visualize options and progress . All participants suggested the
incorporation of visual and interactive components in the form of UI
widgets into the disambiguation process. Furthermore, discussions
during the design reviews informed us to use the ambiguous facets
taxonomy (see Table 1) to guide when to surface these widgets.
Three designers (E1-E3) sketched out preliminary designs during
the brainstorming sessions (see Figure 2). E2, E4, and E6 suggested
that the UI should present potential answers to the clari�cation
questions as options and allow users to add alternatives. E4 added
that the disambiguation progress should be indicated to the user.

Encourage explorations . Three participants stated that the clari-
�cation process should support information discovery. E2 shared
that this could be helpful when the user �has some knowledge but
wants to learn more and expand on it.� Further, E5 suggested that
the system should �invite the user to interact with the informa-
tion discovered� and make it easy to reference existing context to
expand and gain further information. Finally, during the design
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