
Using Large Language Models to Generate,
Validate, and Apply User Intent Taxonomies

Chirag Shah1†‡, Ryen W. White2†, Reid Andersen2, Georg Buscher2, Scott Counts2, Sarkar Snigdha
Sarathi Das3‡, Ali Montazer4‡, Sathish Manivannan2, Jennifer Neville2, Xiaochuan Ni2, Nagu

Rangan2, Tara Safavi2, Siddharth Suri2, Mengting Wan2, Leijie Wang1‡, Longqi Yang2

1University of Washington, 2Microsoft, 3Pennsylvania State University, 4University of Massachusetts Amherst
†Corresponding authors: chirags@uw.edu, ryenw@microsoft.com

‡Work done while working at Microsoft, USA

Figure 1: Detecting user intent in search situations is very important, but the potential solutions have different sets of problems.
We propose a new method involving a unique collaboration between LLMs and humans to leverage best of both worlds.

ABSTRACT
Log data can reveal valuable information about how users inter-
act with web search services, what they want, and how satisfied
they are. However, analyzing user intents in log data is not easy,
especially for new forms of web search such as AI-driven chat. To
understand user intents from log data, we need a way to label them
with meaningful categories that capture their diversity and dynam-
ics. Existing methods rely on manual or ML-based labeling, which
are either expensive or inflexible for large and changing datasets.
We propose a novel solution using large language models (LLMs),
which can generate rich and relevant concepts, descriptions, and
examples for user intents. However, using LLMs to generate a user
intent taxonomy and apply it to do log analysis can be problematic
for two main reasons: such a taxonomy is not externally validated,
and there may be an undesirable feedback loop. To overcome these
issues, we propose a new methodology with human experts and
assessors to verify the quality of the LLM-generated taxonomy.
We also present an end-to-end pipeline that uses an LLM with
human-in-the-loop to produce, refine, and use labels for user intent
analysis in log data. Our method offers a scalable and adaptable
way to analyze user intents in web-scale log data with minimal
human effort. We demonstrate its effectiveness by uncovering new
insights into user intents from search and chat logs from Bing.

This article is distributed under Creative Commons Attribution-
NonCommercial- NoDerivatives License 4.0 (CC BY-NC-ND).
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1 INTRODUCTION
Understanding the purpose or the task behind a user’s request in
an information access context is highly desired for a search or a
recommender system to be able to provide the most relevant and
meaningful results [54]. However, extracting user intents from log
data is extremely difficult due to two main reasons: fluidity in what
user intents are or can be, and how these intents can be identified
using log data that may not include enough context. Additionally,
in the case of emerging modalities such as AI-driven chat, users’
understanding, usage, and behaviors are rapidly evolving that call
for on-demand, task-focused labels and taxonomies. We need new
methods to identify, extract, and apply user intents in various infor-
mation access systems, especially those with emerging modalities.

Traditional qualitative methods such as coding and thematic
analysis are time-consuming and require human expertise [8]. On
the other hand, existing quantitative methods such as metrics and
statistics may not capture the nuances and diversity of user intents
and experiences [34]. Large language models (LLMs) have become
quite capable of generating coherent texts from various inputs using
deep neural networks [10]. But can they be useful in a reliable,
verifiable ways to conduct such research?

There are several attempts in the recent months to use LLMs in
various applications ranging from ranking and recommendations to
content generation and evaluation (e.g., [6, 20, 36]). However, many
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of these works often lack rigor and reliability since LLMs are used
as black boxes without a meaningful understanding of their inner
workings or there are feedback loops with weak or non-existent
validation for the method. Simply focusing on the promising results
without sufficient support of scientific rigor in the methodology
can lead to misleading and even dangerous outcomes. We believe
that while LLMs have shown great promise for aiding us in various
informational tasks, their usage must be done with responsibility
and sufficient validation. This leads us to the following research
questions (RQs):
(1) Can we use LLMs to reliably generate taxonomies for analyzing

user intents in logs?
(2) Can an LLM correctly apply a user intent taxonomy to annotate

logs?
(3) Are there situations where an LLM can do better than human

annotators? Or can we do things with LLMs that we could not
do before beyond just reducing efforts and increasing efficiency?
To address these RQs, we investigated if/how LLMs can help

in creating an end-to-end solution for developing user intent tax-
onomies from AI chat logs. We picked GPT-4, which is the latest
version of the Generative Pre-trained Transformer model that can
produce texts across multiple domains and tasks [39], since it is one
of the leading LLMs currently available and we wanted to test the
potential of the most advanced models. In the process, we devised a
newmethodology for employing GPT-4 as a collaborator in an itera-
tive qualitative analysis process that leverages its ability to generate
summaries, questions, and categories from chat transcripts.

The primary purpose here is to develop and validate a scientific
method for using LLMs in understanding user intents. To that end,
our contributions are three-fold: (1) a novel method for using an
LLM for end-to-end user intent analysis from log data that combines
human interpretation and machine generation to reduce effort and
increase comprehensiveness; (2) a new data-driven taxonomy of
user intents for analyzing chat and other user interaction logs; and
(3) new insights about how and why users are using search and
chat modalities for their information access needs.

2 RELATEDWORK
We focus on generating applicable user intent taxonomies from logs,
but we are not the first ones to study user intents, build taxonomies,
or use such taxonomies to generate insights from logs. Therefore,
before we dive into our novel contributions, viz., using LLMs for
generating and using user intents taxonomies with scientific rigor,
it is important to briefly review some of the related work.

2.1 Taxonomy Generation, Validation, and Use
Taxonomies are hierarchical classifications of concepts, terms, or
entities. They can facilitate information seeking, retrieval, or be-
havior by providing structure, organization, and navigation for
users and systems [12, 13, 51]. However, generating and validating
taxonomies is a challenging task that requires balancing multiple
criteria such as coverage, coherence, consistency, granularity, us-
ability, and adaptability, e.g., [28, 33, 37, 43]. Moreover, different
domains and contexts may have different requirements and prefer-
ences for taxonomy design and evaluation [31]. Taxonomies can be
generated manually through an iterative process and the research

community has developed tools to generate taxonomies automati-
cally from document collections using methods such as clustering
[52]. In this paper, we are the first to leverage the power of LLMs
to automatically generate taxonomies within the context of search,
focused specifically on conversational search; we also validate that
LLM-based methodology with human assessors. More importantly,
we provide a method for other researchers to do the same for their
specific needs.

2.2 Use of LLMs in Research
The emergence of LLMs has unlocked many opportunities for rapid
research advances. LLMs have been used to enable scientific discov-
ery [25], with remarkable progress in areas such as medicine [42]
and finance [4]. Early language models, such as BERT, and various
natural language processing methods have been used to auto-code
qualitative data [1, 23], although not at a near-human level. More
recent work by Byun et al. [11] has shown that LLM-driven AI is
capable of qualitative analysis and can generate nuanced results
that are comparable to human researchers.

This progress has stirred discussions about the role of LLMs in
quantitative and qualitative research. Some view these as tools to
enrich human understanding, while others perceive them as threats
to core scientific values [5]. Watkins [48] proposes considerations
that can be applied by researchers to guide the use of LLMs in their
workflows. Bano et al. [5] predict that we will see LLMs redefining
the interplay between humans and AI in the qualitative research
process. LLMs can derive insights from unstructured data and col-
lect and analyze massive amounts of data from diverse sources.
However, in their current form they do not possess the intuitions,
nuances, and sensitivity to culture and context that humans have.
A shift toward greater human-AI teaming for qualitative analysis is
more likely in the short term given current LLM capabilities than a
complete LLM-centric transformation in how qualitative research
is performed [19].

In information retrieval (IR), LLMs have been shown to be ef-
fective in supporting humans in judging document relevance, an
activity that is central to search engine design and evaluation [20].
They have also been recently used for synthetic dataset generation
to support IR research [27] and richer user modeling to support
IR experimentation [32]. Other applications of LLMs in IR have
also been discussed [3]. In this paper, we will show that working
directly with humans, LLMs have the potential to support two other
critical activities in search engine research and development: intent
understanding and generating intent taxonomies.

2.3 Log Analysis and Insights
Search log analysis has been used extensively to gain insights about
search interactions, including queries, search engine result page
(SERP) clicks, and post-SERP interactions [18, 44, 49]. Analyzing log
data has historically been a highly interactive process: researchers
first write scripts to extract data, they then analyze that data manu-
ally using data science tools and methods, and (optionally) human
annotators label data to improve understanding about patterns and
trends and generate training data for ML models, e.g., [2].

More recently, there has been a focus on user engagement with
conversational search systems [22]. Researchers and practitioners
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have sought to understand user intents and behaviors in the context
of chat-based systems [38, 47]. Chat is becoming an increasingly
popular modality for information seeking, especially in domains
where users have complex or exploratory queries, need guidance or
clarification, or prefer a conversational style of interaction. Datasets
of chat logs have also been created and released to the community
to promote research in this emerging area [40].

ML models can help support researchers in performing data
analysis [24]. Recently, from applications in other domains, we
have seen that LLMs may have the potential to play a supportive
role in the analysis of text data, providing insights and annotations
that expedite experiments and reduce human effort [45]. In this
paper, for the first time, we introduce methods for using LLMs
collaborating with researchers to derive insights and taxonomies
from log data.

2.4 Understanding User Intents in Search
Intent has been a well explored area in IR and various approaches
have been proposed for intent understanding and intent repre-
sentation [30, 53]. Taxonomies of search intent can help systems
better understand user intent. Several search intent taxonomies
have been proposed, e.g., [9, 26, 29, 41]. These have been gener-
ated iteratively via manual inspection of search log data. Intent
taxonomies developed from search logs include: navigation, infor-
mation, transactions, browsing, and resource finding. We expect
chat interactions to exhibit new intents (e.g., creation) compared
to traditional search. Automatic generation of query taxonomies
has also been attempted [15, 16] using query clustering to derive
a taxonomy from existing query data and categorization to assign
new queries to the taxonomy. Taxonomies have also been used to
represent intent in question-answering [7, 14]. Xie [50] derived
an empirically based classification of search intents that motivate
different search behaviors. Mitsui et al. [35] developed a set of
information-seeking intentions based on that classification and
studied differences in intentions as a function of the search task.
Building on this previous work, we leverage LLMs to generate intent
taxonomies with humans-in-the-loop and evaluate the performance
of LLMs in assigning search activities to intent categories.

3 METHODOLOGY FOR GENERATING AND
VALIDATING A USER INTENT TAXONOMY

In this section, we describe a new methodology that we developed
and tested for employing LLMs to generate a user intent taxonomy
that can be used to generate insights and construct hypotheses
from AI chat logs.

Let us begin with a problem scenario. We have access to log data
from user interactions with an AI-driven chat system (e.g., Bing
Chat). This data primarily includes user requests and AI responses
in natural language. We can analyze this data in a number of ways,
answering questions about what the users are doing (topics, do-
mains). But if we want to understand their intents, we need a set of
labels or a taxonomy of intents. In practice, one looks for relevant
literature for an existing taxonomy, but if an appropriate taxonomy
does not exist, one needs to create it. This can be done by taking
an existing taxonomy and modifying it to fit the data or the task
(top-down approach), or by building it fresh using the available

data (bottom-up approach). Following this, one needs to validate
the taxonomy to ensure it meets several criteria for a good taxon-
omy. Finally, the newly generated taxonomy could be applied to a
specific task to generate the desired insights from the data.

Given that we were interested in analyzing AI chat logs, a seem-
ingly newer type of modality, we found it to be desirable to adopt
a bottom-up approach. In this approach, one typically analyzes
available data to generate codes or labels, leading to a classification
scheme or a taxonomy. As detailed in [9, 26, 29, 41], this process
could involve one or more researchers and a considerable effort.
We wanted to use an LLM to build such a taxonomy using relevant
data and instructions. However, given that we do not have enough
knowledge about how an LLM creates or links various concepts
from given data, we needed a way to validate LLM’s generation
and fine-tune it as needed. For that, we used two researchers with
many years of experience in doing qualitative analysis and building
taxonomies. These researchers guided the taxonomy generation
process with the LLM and two human assessors. Once the taxon-
omy was built using training data and validated, it was applied to
annotating test data. In short, our methodology uses LLM as the
backbone of taxonomy generation and application with humans in
the loop for curation and validation.

The outline of our methodology is shown in Figure 2. Here, we
used GPT-4 as the LLM for generating the taxonomy (Phase 1),
engaged human assessors to validate that taxonomy (Phase 2), and
then employed both GPT-4 and human assessors to apply it (Phase
3). Through the phases of validation and application, we evaluated
not only the generated taxonomy (RQ1), but also GPT-4’s ability
and potential to perform such research-based tasks reasonably and
reliably (RQ2). Following are the details.

3.1 Data
We took a random sample of 1,149 fully anonymized conversations
from May-June 2023, available through Bing Chat. Each conversa-
tion contained one or more turns of user request and AI response.
We ensured that these conversations were in English, however,
some of the user requests had non-English words mixed in. We
do not believe this impacted any text processing by GPT-4 for our
purposes. We used 1,000 conversations for training (building a user
intent taxonomy) and set aside the rest for validation and testing.

3.2 Evaluating taxonomy
We first start by describing how a taxonomy should be evaluated.
This will inform how we generate the taxonomy using GPT-4 (how
we provide prompts), how we validate and revise it, as well as how
we measure the effectiveness of the taxonomy for developing in-
sights from logs. Using the relevant literature (some of which is
summarized in the previous section) concerning taxonomy genera-
tion and validation, we consolidated the following criteria, taken
from Raad and Cruz [37], with appropriate modifications.

• Comprehensiveness: All the data should be reliably classified
using this taxonomy.

• Consistency: The taxonomy does not include or allow for any
contradictions.
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Figure 2: Three phases of user intent taxonomy generation, validation, and application.

• Clarity: The taxonomy should communicate the intended mean-
ing of the defined terms. Definitions should be objective and
independent of the context.

• Accuracy: The definitions, descriptions of classes, properties,
and individuals in a taxonomy should be correct.

• Conciseness: The taxonomy should not include any irrelevant
elements with regards to the user intents in AI chat.
Table 1 reports how we planned to evaluate or ensure the gener-

ated taxonomy meets these criteria.

3.3 Phase 1: Taxonomy Generation
Considering how the taxonomy should be evaluated (see Table 1),
we constructed a detailed prompt for GPT-4 for generating the
first version of taxonomy. We made a few design choices here,
including the depth of the taxonomy (single level) and the number of
categories (4-6). We asked the LLM to generate labels, descriptions,
and examples for these categories. The full prompt can be seen in
Appendix B.

There were variations in how different versions described the
same category. For instance, ‘Learning’ had slightly different mean-
ing and definition in each version of the taxonomy, but generally
included concepts and examples of understanding and explanation.
Two researchers (two of the co-authors) discussed these three ver-
sions and decided to create a consolidated version of the taxonomy,
which is shown in Table 2.

3.4 Phase 2: Taxonomy Validation
Next, we provided the taxonomy in Table 2 to two human coders
along with 10 segments of conversation. They coded them indepen-
dently, after which we compared their labels. They only agreed 3
out of 10 times. We repeated the whole process with a new sample
of 10 segments. It got better, but still had a high level of disagree-
ment (60%). We, therefore, had another round of discussions and
deliberations.

More than trying to reach a higher level of agreement, the goal
herewas to revise the current version of the taxonomy and develop a
better understanding of how a reliable taxonomy could be generated
that meets the criteria reported earlier and leads to a common and
robust comprehension among the annotators. We learned that the
annotators were often extrapolating why a user might have tried
to do something.

That led to most divergence among them. For instance, even
when all we could interpret from the data that the user asked for
factual information (e.g., “Does the state of Washington have in-
come tax?”), one of the annotators often extended that to ‘Learning’
intent. It is possible that the user was collecting such information
as a part a learning task, but without additional context, it may be
impossible to determine that. In such cases, it is advisable to not
overextend our understanding and mark the intent based on evi-
dence. Thus, we found it was useful to include in the taxonomy not
only positive examples, but also negative examples per category to
improve overall clarity. The taxonomy was further modified using
negative examples for each category, and the prompt for generat-
ing a taxonomy was edited to explicitly ask for negative examples
(negative examples are not listed here due to space constraints).

Oncewe hadGPT-4 provide such examples and clarify definitions
of ‘Information Retrieval’ and ‘Learning’ categories, we achieved a
good match with only 20% disagreements between the two annota-
tors. In addition, the human assessors did not find a need for any
intention not covered here. Thus, the validation state of taxonomy
generation was completed and we had the final version of user
intent taxonomy (see Appendix C).
3.5 Phase 3: Taxonomy Application and Testing
We then took a different set of 124 conversations and have GPT-4
code them using the modified taxonomy generated from the above
process. We also gave the same instructions to two human assessors
for annotation. These instructions to humans and the prompt to
GPT-4 can be found in Appendix D.

For the human coders, not a single datapoint was labeled ‘Other’.
GPT-4, on the other hand, marked one out of 124 conversations
as ‘Other’. This is not common in qualitative coding and further
demonstrates comprehensiveness of the taxonomy.

We computed inter-coder reliability (ICR) between two human
coders and found Cohen’s kappa to be 0.7620, which indicates a
substantial level of agreement [17].

Next, we asked a third coder to code these 124 conversations.
This allowed us to triage among the three coders. When the three
annotators disagreed, we took the majority vote. If all three picked a
different label, we labeled that case as ‘Other’. Finally, we computed
ICR between GPT-4 labels and those generated by the majority of
human coders. We computed Cohen’s kappa to be 0.7212. This also
indicates a substantial level of agreement.
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Table 1: Evaluating GPT-4 generated taxonomy using human assessors.

Criteria How to evaluate/ensure?

Comprehensiveness
➔ At the time of generation (Phase 1) by making sure the taxonomy considers as broad a scope as possible in the
prompt to GPT-4. ➔ At the time of validation (Phase 2) by looking at what proportion of instances by human
assessors end up in the ‘Other’ category.

Consistency
➔ At the time of generation (Phase 1) by making sure GPT-4 generates a taxonomy where different categories
do not overlap in their meanings. ➔ At the time of validation (Phase 2) by assessing how often the human
assessors have difficulty distinguishing between two labels.

Clarity
➔ At the time of generation (Phase 1) by ensuring GPT-4 provides detailed description or definition along
with examples with each category. ➔ At the time of validation (Phase 2) by eliciting from the human assessors
how clear the definitions and examples are for them.

Accuracy ➔ At the time of validation (Phase 2) by comparing annotations by at least two human assessors and
computing inter-coder reliability (ICR).

Conciseness
➔ At the time of application (Phase 3) by analyzing how well the generated and validated taxonomy serve the
purpose of understanding user intents in chat logs after GPT-4 and/or human annotators use the taxonomy
for annotation of test data.

Table 2: A consolidated version of the user intent taxonomy generated by GPT-4. The examples are collected from the three
versions that GPT-4 generated. Slight modifications are made in the user intent title and description using those versions. Short
phrases in parentheses next to the intent name are added by researchers for clarity.
User intent Description Examples

Information retrieval (looking for
factual information that already exists)

The user wants to search, query, or find some information,
data, or resources about a topic.

Find out the airing dates and channels of women’s world cup;
Search for information about a phone number; Search for corruption and
unemployment statistics for a country.

Problem solving (extracting facts or
answers by computing something)

The user wants to perform a mathematical or logical operation,
such as a conversion, a percentage, a formula, or a function.

Compare the size of a human to a hydrogen atom and the observable universe;
Compare interest rates for savings accounts; Calculate the distance between a
point and a line; Convert a message from Chinese to English.

Learning (satisfying curiosity, helping
learn a concept or a phenomenon)

The user wants to learn, study, or acquire new skills, concepts, or
understanding about a subject. This often involves operations of
calculations, comparison, and conversion.

Learn about different structural systems; Compare GPT-3 and GPT-4 versions;
Explain the difference between Newtonian and non-Newtonian flow.

Content creation The user wants to write or edit a text for a specific purpose or audience. Write an introduction about geothermal energy; Modify a poem into different
formats; Improve a report and find adverbs and connectors.

Leisure The user wants to chat or interact with the AI or another agent
about various topics or play a game with the AI or another agent.

Ask about the AI’s sexual orientation and name; Listen to a romantic story;
Play tennis and flirt with the user.

Overall, what we learned is that when a taxonomy is generated
by GPT-4 and verified by humans, it leads to a very high amount
of agreement for annotation. That speaks to the validity of the
generated taxonomy. Also, given that GPT-4’s own coding achieves
a high level of ICR with human coders shows that GPT-4 can be
used with high reliability for the annotation task.

3.6 Insights About and From Annotations
Now that we have demonstrated the end-to-end methodology for
generating, validating, and using a taxonomy for understanding
user intents in chat logs, let us consider what insights we could
derive from the 124 conversation segments analyzed by annotators
and GPT-4.

Table 3 presents the confusion matrix between the two anno-
tators. We can see that Information Retrieval (IR) is the largest
category, followed by Learning (LR). The greatest number of times
the two annotators disagree is for IR and LR categories. This is un-
derstandable since LR always contains IR, but it may not always be
easy to evaluate if an IR process extends enough to qualify as LR. As
noted earlier, this was the biggest factor leading to disagreements
among the annotators.

Table 4 presents the confusion matrix between human annota-
tions (after doing triaging of three annotators) and those of GPT-4.
Once again, we find that IR and LR are the largest categories and

Table 3: Confusion matrix for user intent annotations be-
tween two human annotators. IR=Information Retrieval,
PS=Problem Solving, LR=Learning, CR=Content Creation,
LS=Leisure. Annotator-2

IR PS LR CR LS
IR 42 2 10 0 0

Annotator-1 PS 0 8 0 4 0
LR 3 0 36 0 0
CR 0 0 0 8 0
LS 1 0 0 0 9

Table 4: Confusion matrix for user intent annotations be-
tween human and GPT-4 assessments. IR=Information Re-
trieval, PS=Problem Solving, LR=Learning, CR=Content Cre-
ation, LS=Leisure, OT=Other. GPT-4

IR PS LR CR LS OT
IR 46 1 5 0 0 1
PS 0 8 2 0 0 0

Human LR 12 3 26 1 0 0
CR 0 0 0 10 0 0
LS 0 0 3 0 5 0
OT 1 0 0 0 0 0
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also where we see the most disagreements. Specifically, several
(12 out of 124) conversation segments that are marked as LR by
humans are labeled as IR by GPT-4. To understand who may be
better or more appropriate in picking the labels here, we examined
these conversations closely. They all include IR components, but
the question is – do they go far enough to indicate an LR (learning)
task?

Unfortunately, we do not have the ground truth here since we do
not have access to the original user who conducted the conversation.
We interviewed the assessors and found that they extended their
understanding of what the users were doing in those segments of
conversations to what they might want to do with that information
beyond the logged interactions. This often led to a conversation
segment being marked as an LR instead of an IR.

GPT-4 here is strictly labeling the data without making further
assumptions, which is desirable. But how consistent this LLM is
while making such subjective decisions? To test this, we ran the
same test data through GPT-4 four more times and measured ICR
among the five sets of annotations by the LLM. We found Fleiss’
kappa [21] to be 0.8516, indicating a very high level of agreement
and consistency. Therefore, we believe that the labels generated
by GPT-4 are better than those generated by humans in this case
as they are more objectively and consistently assigned without
undesirable extrapolation or assumptions that may not be well-
founded, addressing RQ3.

4 APPLICATION OF USER INTENT PIPELINE
Now that we have developed and validated a new methodology
that could construct a data and application-driven taxonomy and
apply it to test data with scale, we decided to use this methodology
to build an end-to-end pipeline for an application of user intents
in information access context. Here, we will include both search
and chat under this information access umbrella. This pipeline, as
depicted in Figure 3, is built on the proposed methodology, but
requires a lot less human intervention. There is still a human in the
loop but given that we know how to construct and apply a reliable
taxonomy using a process that is already validated, we can now
use human intervention in shaping the process and doing light
touch validations. This reduces the workload significantly, speeds
up taxonomy generation and application, and produces trustworthy
instruments, labels, and insights.

4.1 Stepwise Process for the Full Pipeline
In the steps below, we describe this process as a full pipeline for
how one could leverage LLM for analyzing log data. Through the
process, we will also focus on evaluating various aspects of the
generated taxonomy. These aspects include comprehensiveness,
consistency, clarity, accuracy, and conciseness.

But why generate a new taxonomy if there are several existing
taxonomies, including the one generated in the previous section?
While one of these taxonomies could be fitting, it is desirable that
we have a taxonomy that is rooted in specific data and application
we have under consideration. Given the small cost of generating a
taxonomy may also justify at least attempting to construct a new
taxonomy and deciding if it is more fitting than anything available.

Step-1: Identify Application and Data
The first step is to identify what kind of data we want to extract

user intents from and why. Here, we are interested in understand-
ing how users have different or overlapping intents between two
modalities – search and chat. Using log data available to use from
Bing Search and Bing Chat, we needed to first build a new user
intent taxonomy and then apply that taxonomy to annotate log data.
We extracted a random sample of fully anonymized users who had
used both Bing Search and Bing Chat from May-June 2023. From
those users, we extracted 2,456 queries and 15,531 chat requests
they had sent to the respective services. We used 500 search queries
and 500 chat requests (a total of 1,000 user inquiries to Bing) for
training and set aside the rest for testing. We randomized their
order, forming our training set with 1,000 data points.

Step-2: Build/Fine-tune Taxonomy with Human-in-the-loop
To get started with the LLM (here, GPT-4), we built the initial

prompt that explained what we are trying to do, what the data
contains, and what are some of the criteria or constraints. For
example, we indicated that we are looking for a taxonomy of user
intents with no more than 5 categories and the criteria for a good
taxonomy are comprehensiveness, consistency, clarity, accuracy,
and conciseness as defined earlier. The full prompt is given in
Appendix E. This resulted in the zero-shot version of the taxonomy
with the following five categories:

• Ask for Advice or Recommendation: The intent to seek suggestions,
opinions, or guidance from others on a specific topic or situation.
Examples: recommend me a good book; how can I improve my
sleep quality.

• Create: The intent to use AI tools or platforms to generate, edit,
or manipulate information objects. Example: write me a poem
about breakup; create a short report on effects of glaciers melting.

• Information Retrieval: The intent to find existing information or
answers on the internet. Examples: what is the capital of France;
where is biggest deposit of oil.

• Learn: The intent to acquire new knowledge or skills on a subject
of interest. Examples: teach full stack web development; explain
market cap rate in commercial real estate.

• Leisure: The intent to enjoy oneself by engaging in amusing
activities such as games, jokes, stories, etc. Examples: play tic tac
toe; make me laugh.

This is not very different from what we saw in the previous
section. However, we noticed that the descriptions and examples
associated with these labels were different and more suitable for
our purpose. Even if there was evidence or intuition that an existing
taxonomy would be sufficient for our purpose, given the reason-
able cost for generating a new taxonomy, it may be desirable to
go through these two steps to validate and revise that taxonomy
with a goal to fare better along the criteria for a quality taxonomy
described before.

Step-3: Measure Taxonomy Comprehensiveness/Consistency
We now need to test how complete and consistent this taxonomy

is. For that, we fed it as a prompt to the LLM and have it label each
of the samples we used before separately. This time, we asked it
explicitly to label anything that does not fit the provided labels
as ‘Other’. We found that no sample fell under this category. This
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Figure 3: Using LLM in an end-to-end pipeline for generating, validating, and applying a taxonomy for user intents.

indicated that the taxonomy was comprehensive and consistent
enough.

Step-4: Improve Taxonomy Clarity
Next, we asked the LLM to expand each category label with

more description and examples to improve its clarity. Taking the
lesson from before, we also asked GPT-4 for negative examples per
category, improving on the taxonomy’s clarity.

Step-5: Measure Validity and Accuracy
As the final step of validation and refinement, we asked the LLM

to use the constructed taxonomy to label the same data that was
used to generate the taxonomy. Normally, this is not a practice
for testing, but here we are looking for internal validity and accu-
racy of the taxonomy. Recall that we had 1,000 data points (500
search queries and 500 chat requests) for training. Once the LLM
labeled each of these, we took a random sample of 100 and manually
checked if the assigned label follows the definition for that label as
generated before. We found that the answer was ‘yes’ for 95 of these
samples and that there was no sample assigned ‘Other’ category.
This analysis provided us with the assurance the taxonomy was
valid and accurate.

Step-6: Perform Annotations and Measure Conciseness
Finally, we ran our test data – 1,956 search queries and 15,031 chat

requests – through GPT-4 with the final version of the taxonomy
as a part of the prompt. This prompt is given in Appendix F. We
found that no sample was marked with ‘Other’ label, ensuring that
all the important concepts were covered. Also, no category had too
few (subjective, but in our case < 2%) samples, indicating that the
taxonomy was concise.

4.2 Insights about Intents in Search vs. Chat
The steps above demonstrated that we could create a user intent
taxonomy fulfilling all the criteria for a high-quality, reliable, and
robust taxonomy. We did not have ground truth for the test data to
be able to compute accuracy, but given the rigor taken in building
and validating the taxonomy, we feel confident in the labels gener-
ated by the LLM. If one needs additional assurance at this point, a
small sample of this test data can be taken for human assessment
and ICR can be computed between that assessment and the one
from the LLM.

For our purposes, we decided to move on to deriving insights
from this test data. Given that we had an uneven number of queries
and chat requests, we normalized them around each intent category.

Figure 4: Comparing user intents between search and chat.

Figure 4 shows the distribution of user intents for search and chat.
As shown, ‘Ask for Advice or Recommendation’ and ‘Information
Retrieval’ are almost evenly distributed between search and chat,
with a little bit of skew toward search. The other three categories
(‘Create’, ‘Learn’, and ‘Leisure’) are heavily leaning toward chat.
This requires a close examination.

First off, it is important to understand that this figure shows
a view from the user intent perspective. If a user had an intent
or a task related to one of the five intents considered here, where
would they go – search or chat? We found that while they could
use either for their ‘Information Retrieval’ or ‘Ask for Advice or
Recommendation’ needs, they are favoring (with a significant tilt
toward) chat for their create, learn, and leisure intents. ‘Create’
makes sense because it is more suitable to use a generative AI
tool like Bing Chat for a creation task than a search engine. Of
course, users are still sending search engines with create-related
requests, but we hypothesize that as generative IR tools such as
AI chat become more capable and known, that intent will shift
more dramatically from search to chat. Similarly, ‘Leisure’ makes
sense because here the user intends to have a social or open-ended
conversation, which is by design supported through chat. Perhaps
more interesting finding here is with respect to ‘Learn’. Learning is
considered to be a higher-level goal or task in information seeking
[46]. While people have used keyword-based search system for
such a task, with chat-based generative IR systems, the intent fits
the modality more appropriately. Through a manual inspection
of some of the logs available to us, we could see that users are
indeed issuing higher-level and complex requests, often associated
with learning, through the chat interface. We should note this with
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a caveat that our unit of analysis here is a single request from
the user. It is possible that the user issued multiple queries in a
given search session to accomplish their learning task. Even then,
it is interesting to learn that users are preferring to issue their
single-request learning requests through chat. As the information
access systems with emerging technology such as generative AI and
conversation-based modalities chart their ways to support users
in new meaningful ways, they should consider their designs from
user intent perspective.

4.3 Steps for Generating Intent Taxonomies
Now that we have described the methodology and demonstrated
how it could be executed using an application, we summarize the
lessons from these experiments and provide a guidance to anyone
who wants to use LLMs for generating, validating, or applying user
intent taxonomies.

(1) Identify Application and Data. A taxonomy must fulfill the pur-
pose for which it is built. That also means an existing taxonomy
may not be right for your application. Assuming you want to
build a purpose-driven taxonomy, prepare a detailed descrip-
tion of what user intent means for your application and how it
should be used. For instance, in our case, it was important for
us to stay focused on users’ actions in a task rather than the
objects when recognizing intents. This means we would not
want intents that are tied to an object (e.g., ‘finding information
about tax’) and stay close to a general action or objective (e.g.,
‘information retrieval’). It is also important to have as clean
data as possible for an LLM to process it appropriately. Depend-
ing on which LLM you use, you may need to check for input
requirements such as the size and language of input tokens.

(2) Build and Fine-tune Taxonomy. Pay attention to the first prompt
you prepare for building the taxonomy. Add details of your
application/task, your criteria for a good taxonomy (see Table
1), and relevant constraints (e.g., number of levels, number of
categories, length of a label). We recommend using different
subsets of your training data to build different versions of the
taxonomy to see how sensitive it is to the data used, like what
we showed in Section 3.3. If a zero-shot taxonomy built with
your LLM with this prompt is good enough for you, you can
skip the following sub steps.
(a) Check for Comprehensiveness. Construct a prompt to anno-

tate input data using the taxonomy built. Feed the training
data to the LLM with this prompt to have it label the data.
If what falls under ‘Other’ category is more than, say, 5%
of your data, you may need to create additional categories
or levels to make your taxonomy more complete.

(b) Check for Consistency. Assuming your training data is of a
reasonable size, it may not be feasible to manually check
labels for each of the samples, but you can take an appropri-
ate random sample and see if the LLM consistently applied
the definitions of various categories. You could also do mul-
tiple runs of Step-2 and see if a sample gets labeled the same
way every time. Since this is an iterative and exploratory
process, you can decide how far and deep you want to go
before seeing good enough convergence and consistency.

(c) Improve Taxonomy’s Clarity. Once the above steps are done
reasonably well or skipped as appropriate, your taxonomy
is now fixed. At this point, you may ask the LLM to revise
and expand the definition or description for each of your
labels to improve its clarity. Often, feeding appropriate
examples (positive and negative) can be useful – similar to
how a human annotator is trained.

(3) Measure Accuracy and Conciseness. As a final and another op-
tional step, you can give the LLM test data, ensuring this data
was not used before for any training purposes, for doing an-
notations using the final version of the taxonomy. Is there any
category that does not get enough samples? If so, you may
decide to remove that category to improve your taxonomy’s
conciseness. Note that if you do this, you may have to repeat
some of the steps from before because now those samples will
fall under other categories, which may affect some of the crite-
ria evaluated before. Now take a random sample of labeled data
and have a human annotator label it using the same instructions
given to the LLM as prompt. Measure the ICR between human
annotations and those from the LLM for the same data. This
measurement will give you a sense of how accurate or valid your
taxonomy is as well as your LLM’s annotation capabilities. If at
this point you have taken all the steps before (or skipped them
as appropriate) and found a high enough ICR, your taxonomy
and your LLM have been thoroughly tested.

5 CONCLUSION
Identifying user intents in online information access is highly cru-
cial for most search and recommender systems. But doing so is
often very challenging. Even if one has a pre-defined taxonomy of
user intents, training a machine learning model or using such a
model to annotate rapidly changing behavioral traits in new modal-
ities such as AI chat can be expensive or infeasible. Large language
models (LLMs) are shown to be effective at extracting concepts, de-
scriptions or summaries, and examples from given set of text. This
could be used for building and using taxonomies containing user
intents, but there is a danger of creating a feedback loop without a
clear evaluation.

In this paper we presented a novel methodology for using LLMs
in generating, validating, and using taxonomies for identifying user
intents in various applications. The methodology was demonstrated
using an application of understanding user intents in AI chat logs.
A case study was then presented with the application of contrasting
user intents between search and chat. The results from both the
applications are intriguing, presenting a set of new hypotheses and
calling for further explorations. However, the primary contribu-
tion of this paper is the methodology for deploying LLMs in such
research tasks.

As a reference from our own experiments, building the full
pipeline in that case study (Section 4) took less than half the time
and effort compared to the process executed for developing the
method (Section 3). The process described in Section 4.3 will take
substantially less even if all the optional steps are executed. Such
efficiency is more than simply reducing the effort for one set of
experiments. Emerging technologies such as AI-driven chat are
getting discovered and used by a large set of new users. As they
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become more accustomed, we can expect to see the kind of tasks
they do and the kind of intents they have with these modalities. The
approach presented here will allow researchers to adapt to these
evolving intents quickly and at lower cost and effort.

Through the development of this methodology, we learned that
we could use GPT-4 for a zero-shot construction of a user intent tax-
onomy, given some log data with user requests in natural language.
While this taxonomy is of reasonably high quality, we found the
need to have human verification and fine tuning to ensure that such
a taxonomy meets various criteria commonly expected in the liter-
ature and in practice, including comprehensiveness, consistency,
clarity, accuracy, and conciseness. Through the development of
this methodology and its subsequent application in a different case
study, we showed how these criteria can be reliably fulfilled using
GPT-4 and human-in-the-loop.

In this regard, we conclude that an LLM such as GPT-4 can serve
as a collaborator or a copilot rather than a replacement for hu-
man researchers. This human-LLM collaboration can yield not only
faster construction and validation of a new user intent taxonomy,
but also higher quality outputs with crisply defined labels, descrip-
tions, and examples. Once the phases of construction and validation
are done, the LLM can very effectively and accurately perform the
annotation task, turning from copilot to autopilot. This can allow
us to analyze large-scale data and generate insights. Finally, we
found that often GPT-4 not only made things go faster, but also
better. In cases of disagreements with human annotators, we found
that GPT-4 was producing user intent labels truer to the data given
rather than extrapolating to situations for which we lacked evi-
dence. In short, the work reported here charts a new territory for
using LLMs as collaborators and consignors for user intent analysis
in an effective, efficient, and responsible manner.
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A ETHICAL CONSIDERATIONS
The work described here heavily relies on LLMs, which are shown
to have several issues in their training (e.g., bias in datasets used),
application (e.g., toxicity and hallucination), as well as user percep-
tions (blindly believing all responses due to implicit trust in such
systems). Our work is not associated with direct use of LLMs for
end-users, but it does concern itself with interpreting what those
users may be doing using LLMs. The main contribution in this
paper is a methodology that can be used for developing and using
user intent taxonomies. Given the efficiency and effectiveness of
this method, one may be inclined to use it in a wide range of appli-
cations that may not be advisable. For example, this method should
not be used on certain vulnerable populations such as children and
people with different disabilities. The results – either in terms of
constructing taxonomies to understand their behavior or in terms
of applying taxonomies to generate insights or make recommenda-
tions – could be misleading and potentially harmful. We note that
while we were using data that is not publicly available, it lacked any
identifying information about the users. Abundance of caution was
taken to ensure privacy and protection of this data and the users.
However, someone else using our method on other datasets must
do their own due diligence to protect the users from any potential
harmful effects.

B PROMPT FOR CHAT USER INTENT
TAXONOMY GENERATION (SECTION 3.3)

Context and data description

• Your primary goal is to generate an intent taxonomy from
**the given data** and **the given existing taxonomy (if
available)**. You can use the taxonomy to organize and un-
derstand your data.

• You will be given information about a list of human-AI con-
versations. For each conversation, you’ll be given a short
summary about what the user task is performed in this con-
versation.

• You may also be given an existing taxonomy in the **table**
format, where row in this taxonomy is a intent category. You
can use this taxonomy to help you construct a new intent
taxonomy. The schema of this intent taxonomy is as follows:

• **title**: the title of the intent category
• **description**: the description of the intent category
• **examples**: a list of examples in the intent category, as
well as a list of examples that should not be in that intent
category to show the contrast

Your primary goal is to generate a taxonomy that can serve for
the following use cases: The primary use case of this taxonomy is to
help understand what users are doing in human-AI conversations.
Entities in this taxonomy can be used to label **user intents** in
human-AI conversations.

Criteria of a generic taxonomy

• Accuracy: The definitions, descriptions of classes, properties,
and individuals in a taxonomy should be correct.

• Completeness: All the data should be reliably classified using
this taxonomy.
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• Conciseness: The taxonomy should not include any irrele-
vant elements with regards to the user intents in AI Chat.

• Clarity: The taxonomy should communicate the intended
meaning of the defined terms. Definitions should be objective
and independent of the context.

• Consistency: The taxonomy does not include or allow for
any contradictions.

Requirements of your output taxonomy
• Your output **intent** taxonomy should focus on the user
actions in a task, not the task objects. This is **different**
from a **domain** taxonomy, which primarily describes the
task objects.

• Your output taxonomy should match the existing taxonomy
and the data as closely as possible, without leaving out impor-
tant intent categories or including unnecessary ones. Please
make sure there is no overlap or contradiction among the
intent categories in your output taxonomy.

• Your output *title* of each category should be *no more than
5 words*. The title should be a concise and clear label for
the intent category. It can be either verb phrases or noun
phrases, whichever is more appropriate.

• Your output *description* of each category should be *no
more than 30 words*. The description should explain the
user’s goal or purpose for the intent category, and should
differentiate it from other intent categories.

• The number of examples for each intent category should be
*no more than 3*. The examples should either come from the
given taxonomy or the provided data with **exactly the same
content**. Please do not invent new examples or intents that
are not in the given taxonomy or the data.

• **Size limit of the output taxonomy**: The total number of
intent categories should be **no more than 10**.

• Your output taxonomy and examples should be in *English*
only.

You are asked to answer the following questions
• Q1. Please check the above general criteria and the spe-
cific taxonomy requirements one-by- one. Does the provided
taxonomy satisfy the above requirements, word limits and
taxonomy size limit? Please answer "yes" or "no". If there is
no given taxonomy, please answer "no".

• Q2. Please explain your answer to Q1. If your answer to
Q1 is "no", please also describe if you’d like to construct
the taxonomy structure from scratch or you plan to make
changes on the given taxonomy. Your answer to this question
should be **within 100 words**.

• Q3. If your answer to Q1 is "no", then generate a new intent
taxonomy from the the given data and the given existing
taxonomy (if available). Your output taxonomy should be in
the **table** format with the same schema. If your answer to
Q1 is "yes", please answer "N/A". Please make sure the new
taxonomy satisfies **all of the above requirements**. Please
**do not** invent new examples or new intents that are not
in the existing taxonomy or the provided data.

Tips

• If you’re given an existing taxonomy, you can use the pro-
vided data to update this taxonomy. By incorporating the
newly provided data, you can *add new categories*, *merge
or generalize existing categories*, *split existing categories*,
*reorganize the current tree structure*, *change titles and
descriptions*, *swap examples* and do other operations if
needed.

• If the intent category structure of the given taxonomy cannot
be easily adjusted, then please construct a new structure of
these intent categories based on their descriptions and the
provided examples. Please make sure your new taxonomy
covers the semantics of the existing taxonomy as thoroughly
as possible. Please **do not** invent new intents that are not
in the existing taxonomy or the provided data.

• You should carefully review the examples provided in each
category and make sure they are correctly labeled. You can
also reorganize the examples or create new categories from
them when needed. You’re allowed to have fewer than 3 for
each category but your examples should only come from
examples in **the given taxonomy or the provided data**.
Please **do not** invent new examples that are not in the
existing taxonomy or the provided data.

• Please make sure your new taxonomy satisfies the **word
limits** and **taxonomy size limit**. You’re allowed to have
fewer than 10 categories in your final output. If you couldn’t
fit your new taxonomy into the limits, please consider merg-
ing or abstracting some specific categories into more general
categories.

• Please make sure there is no overlaps or contradictions
among the intent categories in your output taxonomy.

C FINAL OUTLINE OF THE TAXONOMY FOR
USER INTENTS IN CHAT (SECTION 3.4)
• InformationRetrieval: Conversationswhere the userwants
to find factual information or answers to specific questions.
The agent’s responses are typically direct, concise, and infor-
mative, providing the relevant information and/or links to
the sources. This intent calls for retrieving or reconstructing
factual information that already exists, rather than synthe-
sizing or computing something new.

• Problem Solving: Conversations where the user wants to
perform a mathematical or logical operation, such as a con-
version, a percentage, a formula, or a function. The agent’s
responses are typically factual and computed or constructed
based on available information and what the user provided.
Unlike Information Retrieval intent, this intent calls for the
agent to do some processing on top of simply retrieving or
extracting information.

• Learning: Conversations where the user wants to under-
stand a concept or acquire skills by getting detailed expla-
nation, reasoning, or synthesis. The agent’s responses are
typically a synthesis of information based on several fac-
tual pieces of information, often from different sources. The
Learning intent requests often involve questions like ’how’,
’why’, or requests like ’explain’ – things that will indicate
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asking for explanations or doing investigation. Also, while
individual turns may be of information retrieval nature, if
the user is asking multiple questions that drill into a topic,
that’s an indication of Learning intent.

• Content Creation: Conversations where the user asks the
agent to either generate original content or translate existing
content into new content based on specified criteria or con-
straints. In the case of generating original content, the user’s
questions require some degree of creativity, novelty, or inno-
vation from the agent. The agent’s responses contain original
or translated outputs that match the user’s specifications.

• Leisure: Conversations where the user wants to chat or play
with the agent out of curiosity, boredom, or humor, or else
explore broad ideas or areas of interest without a specific
goal or information need in mind. There may not even be
a specific question or a request. The agent’s responses are
typically suggestive and engaging. The agent may also en-
courage further inquiry or action from the user to deepen
their discovery experience.

D PROMPT FOR TAXONOMY APPLICATION
(SECTION 3.5)

You will be given a conversation history between a User and an AI
agent. Your task is to answer questions about the user’s intent.
User Intent A user intent is defined as the user’s purpose for
conversing with the AI agent. The categories of user intents are:

• InformationRetrieval: Conversationswhere the userwants
to find factual information or answers to specific questions.
The agent’s responses are typically direct, concise, and infor-
mative, providing the relevant information and/or links to
the sources. This intent calls for retrieving or reconstructing
factual information that already exists, rather than synthe-
sizing or computing something new.

• Problem Solving: Conversations where the user wants to
perform a mathematical or logical operation, such as a con-
version, a percentage, a formula, or a function. The agent’s
responses are typically factual and computed or constructed
based on available information and what the user provided.
Unlike Information Retrieval intent, this intent calls for the
agent to do some processing on top of simply retrieving or
extracting information.

• Learning: Conversations where the user wants to under-
stand a concept or acquire skills by getting detailed expla-
nation, reasoning, or synthesis. The agent’s responses are
typically a synthesis of information based on several fac-
tual pieces of information, often from different sources. The
Learning intent requests often involve questions like ’how’,
’why’, or requests like ’explain’ – things that will indicate
asking for explanations or doing investigation. Also, while
individual turns may be of information retrieval nature, if
the user is asking multiple questions that drill into a topic,
that’s an indication of Learning intent.

• Content Creation: Conversations where the user asks the
agent to either generate original content or translate existing
content into new content based on specified criteria or con-
straints. In the case of generating original content, the user’s

questions require some degree of creativity, novelty, or inno-
vation from the agent. The agent’s responses contain original
or translated outputs that match the user’s specifications.

• Leisure: Conversations where the user wants to chat or play
with the agent out of curiosity, boredom, or humor, or else
explore broad ideas or areas of interest without a specific
goal or information need in mind. There may not even be
a specific question or a request. The agent’s responses are
typically suggestive and engaging. The agent may also en-
courage further inquiry or action from the user to deepen
their discovery experience.

• Other: This intent label can be used if none of the above
labels fit. Note that you should do your best to find an ap-
propriate label from the list above and only in the rare cir-
cumstances when you have very little to no confidence in
that ability, you can use ’Other’ label.

Examples
Information Retrieval
"User:where are the best places to watch the sun set in spring in
Madison Wisconsin AI:There are many beautiful places to watch
the sun set in spring in Madison Wisconsin. Here are some of the
top-rated ones according to web sources: - The Edgewater Hotel:
This historic hotel offers a stunning view of Lake Mendota and the
Capitol. You can also enjoy movie nights, Brewgrass Fridays, and
other evening events on the rooftop terrace. - Memorial Union Ter-
race: This classic spot overlooks Lake Mendota and is perfect for ice
cream or a pitcher. You can also catch live music and entertainment
on the stage. I hope this helps you find your ideal spot for a sunset
experience." Problem Solving "User: The cost for the excel training
will £15,000 per training. 60% will be at the start of the training and
40% in the following month. so if the months for year were july to
december interprete that information AI:Based on the information
you provided, the cost for the Excel training will be £15,000 per
training. 60% of this amount, which is £9,000, will be due at the
start of the training. The remaining 40%, which is £6,000, will be
due in the following month. If the training takes place between July
and December of a given year, then these payments would be made
during those months."

Learning
"User:why do thc gummies not work for me
AI:There are several reasons why THC gummies might not work for
some people. One reason could be due to their **THC tolerance**
and physical factors like **body size**. Another reason could be due
to **gastrointestinal disorders** that affect how the small intestine
absorbs nutrients, water, and medicine. Additionally, some people
may have a **slow metabolism** due to their genetics. Would you
like more information on any of these reasons?"

Content Creation
"User:create a resume tagline for this profile: Graduate in Business
and Information Systems Engineering with a strong interest in Data
Science, Machine Learning, and AI.
AI:How about this tagline: "Data-driven Business Engineer with a
passion for Machine Learning and AI"?"
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Leisure
"User:i challenge you to a pokemon battle
AI:I’m sorry, but I’m just a search engine and I don’t have the ability
to participate in Pokémon battles. However, you can try one of the
Pokémon battle simulators I mentioned earlier to find other trainers
to battle with."

Tips
• The following intentions indicate seeking information: In-
formation Retrieval, Problem Solving, and Learning. Here is
how we can differentiate among them. Information Retrieval
is often going to be the default as it involves retrieving what
typically already exists. Problem Solving will involve doing
something more on top of retrieval information. So, knowing
the tax brackets is Information Retrieval intent, but having
the agent calculate one’s taxes is a Problem Solving intent.
Similarly, asking what function in Python does a certain
operation has Information Retrieval intent, but asking the
agent to write a function in Python has Problem Solving
intent. Learning typically calls for an explanation. If the
user asks the agent to describe how state income tax and
estate tax differ, that has Learning intent. Similarly, if the
user asks the agent to explain how a Python function works,
that is Learning. Also, if a conversation involves multiple (3
or more) turns that shows the user is drilling more into a
given topic, that is an indication of Learning.

• The following intentions are beyond information retrieval:
Transaction, Creation, and Leisure. Transaction is where the
user is looking to buy, plan, or execute something and needs
help or recommendations. Creation is where the user wants
the agent to generate something new instead of retrieving it.
Leisure is where the user is using the agent as a substitute for
a human to have natural language chitchat, explore a topic
for fun. The usermay not even provide a question, and simply
have a statement to initiate an interesting conversation.

E PROMPT FOR COMPARING SEARCH AND
CHAT USER INTENT TAXONOMY
GENERATION (SECTION 4.1)

Context and data description
- Your primary goal is to generate an intent taxonomy from **the
given data**. You can use this taxonomy to organize and understand
your data.
- You will be given data that contain user requests to a search system.
- Ignore the requests that are not in English.
- Ignore data with multiple intents.
- The schema of this intent taxonomy is as follows:
- **title**: the title of the intent category
- **description**: the description of the intent category
- **examples**: a list of examples in the intent category, as well as a
list of examples that should not be in that intent category to show
the contrast

Here is an example of a taxonomy:
“‘markdown
|title|description|examples| |-|-|-|

|title of the category|description of the category|example
1; example 2; example 3|
“‘

Your primary goal is to generate a taxonomy that can serve
for the following use cases
The primary use case of this taxonomy is to help understand what
users are doing when they submit a request to a search system.
Entities in this taxonomy can be used to label **user intents** in
human-system interactions.

Here are the criteria of a good taxonomy

• Accuracy: The definitions, descriptions of classes, properties,
and individuals in a taxonomy should be correct.

• Completeness: All the data should be reliably classified using
this taxonomy.

• Conciseness: The taxonomy should not include any irrele-
vant elements with regards to the user intents in AI Chat.

• Clarity: The taxonomy should communicate the intended
meaning of the defined terms. Definitions should be objective
and independent of the context.

• Consistency: The taxonomy does not include or allow for
any contradictions.

Requirements of your output taxonomy
- Your output **intent** taxonomy should focus on the user actions
in a task, not the task objects. This is **different** from a **domain**
taxonomy, which primarily describes the task objects.
- Your output taxonomy should match the data as closely as possible,
without leaving out important intent categories or including unnec-
essary ones. Please make sure there is no overlap or contradiction
among the intent categories in your output taxonomy.
- Your output *title* of each category should be *no more than 3
words*. The title should be a concise and clear label for the intent
category. It can be either verb phrases or noun phrases, whichever
is more appropriate.
- Your output *description* of each category should be *no more
than 30 words*. The description should explain the user’s goal or
purpose for the intent category, and should differentiate it from
other intent categories.
- The number of examples for each intent category should be *no
more than 3*. The examples should either come from the given
taxonomy or the provided data with **exactly the same content**.
Please do not invent new examples or intents that are not in the
given taxonomy or the data.
- **Size limit of the output taxonomy**: The total number of intent
categories should be **no more than 5**.
- Your output taxonomy and examples should be in *English* only.

F FINAL OUTLINE OF THE TAXONOMY FOR
USER INTENTS IN SEARCH VS. CHAT
(SECTION 4.1)
• Ask for Advice or Recommendation: The intent to seek
suggestions, opinions, or guidance from others on a specific
topic or situation. Examples: recommend me a good book;
how can I improve my sleep quality. On the other hand,



MSR-TR-2023-32, September, 2023 Shah et al.

if a request is for factual information, it should not be in
this category. Example: how many countries does the UN
recognize?

• Create: The intent to use AI tools or platforms to generate,
edit, or manipulate information objects. Example: write me
a poem about breakup; create a short report on effects of
glaciers melting. On the other hand, if a request is for an
existing item, it should be in Information Retrieval, and not
in this category. Example: show me the most popular Picasso
painting.

• Information Retrieval: The intent to find existing informa-
tion or answers on the internet. Examples: what is the capital
of France; where is biggest deposit of oil. On the other hand,

if the request clearly indicates that the user is further inter-
ested in learning about a topic, it should be in ‘Learn’ and
not here. Example: explain how total solar eclipse happens.

• Learn: The intent to acquire new knowledge or skills on a
subject of interest. Examples: teach full stack web develop-
ment; explain market cap rate in commercial real estate. On
the other hand, if the request is looking for retrieving exist-
ing factual information from the web, it should be marked as
‘Information Retrieval’. Example: how many states are there
in India?

• Leisure: The intent to enjoy oneself by engaging in amusing
activities such as games, jokes, stories, etc. Examples: play
tic tac toe; make me laugh.
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