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Abstract

Question Answering on Tabular Data (or Ta-
ble Question Answering) has seen tremendous
advances with the coming of new generation
Large Language Models (LLMs). Despite this,
significant challenges still remain to be solved
if we are to develop robust enough approaches
for general usage. One of these is ambiguity in
question answering, which historically has not
merited much attention due to the previously
limited capabilities of LLMs. In this work, we
outlay the main types of ambiguousness inher-
ent to tabular data. Then, we discuss how they
are influenced by the way our models interact
with the information stored in the tables, and
we test the capabilities of some LLMs in detect-
ing them. This work provides an initial ground
for a deeper discussion on how to approach
ambiguity in Tabular Data in the age of LLMs.

1 Introduction

Traditionally, question answering (QA) has
focused on retrieving answers from questions
posed within the context of plain text documents
(Voorhees, 2001; Rajpurkar et al., 2016). These
models are typically grounded in textual evidence
to identify the correct response (Khashabi et al.,
2020), in contrast to open-domain QA approaches
that aim to operate independently of explicit sup-
porting passages (Zhang et al., 2023). Beyond un-
structured text, valuable information also exists in
textual structured formats, such as tables found on
Wikipedia (Pasupat and Liang, 2015; Kweon et al.,
2023), within relational databases, or in simpler
formats like CSV files. In this paper, we explore
the emerging capability of large language models
(LLMs) to answer questions based on such tabu-
lar data, namely question answering over tables
(Tabular QA) (Jin et al., 2022).

The QA research community has increasingly
recognized ambiguity as a key challenge in real-
world applications (Papakostas and Papadopoulou,

2023). Ambiguity may stem from the phrasing
of the question or from the multiplicity of valid
answers it allows, often resulting in multiple plausi-
ble interpretations. Early open-domain QA bench-
marks tended to assume that each question had
a single correct answer, but subsequent analyses
have revealed that this assumption often does not
hold. For instance, an analysis of the Natural Ques-
tions (Kwiatkowski et al., 2019) benchmark found
that over 50% of user questions were ambiguous,
with ambiguity arising from a range of sources
(Min et al., 2020). This insight has driven a grow-
ing body of work focused on detecting and man-
aging ambiguity in QA tasks. Min et al. (2020)
formally introduced the task of answering ambigu-
ous open domain questions as given a question
to predict the plausible pairs of questions and an-
swers. They also released the dataset AmbigNQ
and the baseline model AmbigQA, which boosted
the interest on ambiguity in QA. For example, (Gao
et al., 2021) proposed the Refuel model, which em-
ploys generative evidence fusion and a round-trip
prediction mechanism to uncover missing interpre-
tations. More recently, researchers such as (Cole
et al., 2023) have shifted attention toward model
calibration and answer uncertainty, enabling sys-
tems to recognize ambiguous queries and either
abstain or provide multiple possible answers as
appropriate.

Recent work addresses ambiguity in Text-to-
SQL generation using SQL-based representations.
Some studies propose benchmarks for lexical and
structural ambiguity (Saparina and Lapata, 2024;
Bhaskar et al., 2023), while others show how
database documentation can aid disambiguation
(Huang et al., 2023), or use data profiling to gener-
ate targeted training data (Veltri et al., 2023). These
approaches rely on relational structures and SQL in-
terfaces. In contrast, LLMs allow for working with
arbitrary tabular formats and question types, where
ambiguity may stem from the data itself, not just
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ID Name A Points Salary B Points Question Type Possible Answers

1abc John 4 3100 4 How many A points does John
have?

Row Choice 4,1

de2f Paul 3 3050 4 How many points does Richard
have?

Column Choice 2,3

g1hi George 2 3075 3 List the 3 names of those with the
most overall A points

Ranking Triple tie

j4kl Richard 2 3000 3 Who has the least A points? Identification John and
ID: pq6r

mno Pete 2 2800 2 How many people earn over 3k
USD monthly?

Unit 1 to 6

pq6r John 1 null 1 What is the most recently assigned
ID?

Operational 6 IDs

Table 1: Example of tabular data shown on the left as the reference dataset, with individual IDs, names, points, and
salaries; on the right are examples of questions yielding ambiguous answers based directly on this data.

the schema structure. For instance, What is John’s
ID? over Table 1 is ambiguous if multiple rows in-
clude “John”. Yet, benchmarks such as DataBench
(Osés Grijalba et al., 2024) and Open Wikitables
(Kweon et al., 2023) mostly contain unambiguous
queries, overlooking real-world ambiguities. We
propose an initial taxonomy of tabular ambiguity
types agnostic to the method we use for data inter-
action and evaluate how well LLMs detect ambi-
guity in Tabular QA and in a dedicated ambiguity
detection task.

2 Ambiguity in Tabular QA

In this section, we examine key types of ambiguity
that are particularly relevant in tabular data settings.
While similar ambiguities can arise in other con-
texts, and general QA challenges certainly apply,
we argue that their manifestation in the interac-
tion between LLMs and tables warrants separate
attention. Our goal is not to provide an exhaustive
taxonomy, but rather to highlight representative
cases as a foundation for future work.
Example. For ease of understanding, we will first
introduce a small toy dataset illustrated in Table 1
(left). In the dataset, we have five columns: (1) ID,
an alphanumerical unique identifier; (2) Name
which contains a number of non-unique person
names; (3) A Points, Salary and B Points which
contain numerical values. No further context is
available for this dataset. In this case, it is not pos-
sible to know the relation between different points,
where the ID comes from or which currency or
frequency is associated with the given salary.

In total, we identified six ambiguity types. Exam-
ples of such ambiguity types are further illustrated
in Table 1.

(1) Row Choice. The first and most immediate
form of ambiguity arises when the user does not
provide enough information to determine the spe-
cific subset of rows in the table they are referring
to. This kind of ambiguity closely resembles that
found in natural language.
(2) Column Choice. Another common case occurs
when the user’s question lacks sufficient detail to
clearly identify which column contains the desired
information.
(3) Ranking Ties. It occurs when multiple rows
may tie under a given criterion. For example, in
Table 1, George, Richard, and Pete all have the
same overall points, resulting in a tie.
(4) Identification. Occasionally, it might not be
clear what the model’s response should look like.
For example, when identifying John, we might give
both the name and the ID, just the ID or even just
the name according to the databases’ caveats. This
is especially relevant when the model’s response
is to be consumed by another automated system,
which might expect a given format.
(5) Units. Ambiguity can also arise from miss-
ing unit information in numerical columns. In our
example, it is unclear whether the salary is daily,
monthly or annual or even what currency it is in,
which may be necessary to correctly interpret the
data.
(6) Operational. Sometimes a user may ask about
the result of an operation on a column, even though
the operation is not explicitly defined for the model.
For instance, asking for the “most recently gen-
erated ID” assumes the model can infer temporal
order from the textual representation of the IDs, but
this may not always be clear or feasible.

We must also note a caveat that affects Tabular
QA as a whole, and that is the existence of null
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Figure 1: Overview of the two tasks (implicit and explicit ambiguity detection) analysed in experiments.

or missing values. In our example, the last row is
missing a Salary value in Table 1. This should be
taken into account by the models before answering,
ideally asking the user for more context on how
to handle null values. Future work will explore
these limitations, including challenges related to
querying non-existent data or impractical opera-
tions within the table.

We hypothesize that current models struggle
with the types of ambiguity discussed when applied
to Tabular QA. This is especially evident when out-
put formats are constrained, often leading models
to provide a single answer even when multiple in-
terpretations are valid. The main goal of our exper-
iments in the following section is precisely to test
this hypothesis.

3 Ambiguity Detection

We perform experiments with LLMs for detecting
ambiguity in the context of Tabular QA. The two
tasks comprising this experiment are illustrated in
Figure 1.

3.1 Experimental Setting
LLM approaches. We experiment with two dis-
tinct approaches to using LLMs with tabular data
and their implications for ambiguity.1

(1) In-Context. The whole dataset is passed in
the LLM’s context window and the LLM provide

1All prompts can be found in Appendix B.

the answer directly. Therefore, in this setting, the
model will theoretically be able to detect any am-
biguity present within its context. This approach,
however, have been shown less reliable and more
prone to hallucinations and explanations given by
the model as to why an answer is chosen are often
hallucinated (Osés Grijalba et al., 2024).

(2) Code-based. This is the case where the model
interacts with the table through code as an inter-
face, be it SQL, Python or any other language, but
does not hold an entire representation of the table
within its context. In this case, the model might
not have access to all of the information it needs to
detect ambiguity in the columns, and it will have
to write code to detect it programatically. It will
rely only on a limited description of the dataset,
which will often be enough to write Python code
or SQL queries to interact with it. Experiments are
performed for code-based task in Python. In the
case of In-Context Learning, we also ask the mod-
els for an explanation of the answer given, which
can be helpful to subsequently analyse.

Models. We compare two proprietary state-of-
the-art models, gpt-4.1 and claude-sonnet, each in
two versions, along with two smaller open-source
models, Llama-3.2-1B-Instruct and Llama-3.1-8B-
Instruct, with 1, 8, and 70 billion parameters re-
spectively. All models are listed in Table 2.
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(1) Implicit Detection (2) Explicit Detection

Model name
Overall Performance

Not Ambiguous
# Detected
Ambiguous Accuracy Precision Recall F1

In-Context
claude-4.5-sonnet 78.90 52 / 300 73.26 63.80 71.91 67.61
claude-3.7-sonnet 75.32 47 / 300 72.09 61.48 75.00 67.57
gpt-4.1 72.36 37 / 300 72.48 62.76 71.33 66.77
gpt-4o 70.46 31 / 300 60.34 49.24 75.33 59.55
gpt-4.1-mini 71.94 17 / 300 67.83 56.56 73.33 63.86
gpt-4.1-nano 51.27 10 / 300 60.98 49.59 40.00 44.28
llama-3.3-70b-instruct 63.71 8 / 300 70.16 64.81 50.33 66.95
llama-3.1-8B-instruct 36.71 0 / 300 52.84 44.02 34.07 38.41
llama-3.2-1B-instruct 18.57 0 / 300 36.95 38.58 92.94 54.53

Code-based
claude-4.5-sonnet 80.80 15 / 300 70.93 64.95 64.51 64.73
claude-3.7-sonnet 80.17 8 / 300 69.77 62.27 70.73 66.23
gpt-4o 81.01 7 / 300 57.49 45.68 38.54 41.81
gpt-4.1 81.43 8 / 300 72.74 68.78 54.88 61.05
gpt-4.1-mini 83.33 4 / 300 64.21 56.52 39.66 46.61
gpt-4.1-nano 64.98 3 / 300 53.49 43.75 46.34 45.01
llama-3.3-70b-instruct 78.27 0 / 300 47.80 40.93 55.19 47.00
llama-3.1-8B-instruct 50.63 0 / 300 41.73 39.56 51.84 44.88
llama-3.2-1B-instruct 20.04 0 / 300 26.23 38.82 38.31 38.56

Table 2: Experimental results for both (1) implicit and (2) explicit ambiguity detection. Overall performance of the
implicit detection task refers to the usual table QA accuracy on 474 unambiguous questions.

Data and QA pairs We use twenty datasets
from different domains, detailed in Table 3 (Ap-
pendix A), with sampled versions employed to en-
sure consistent comparisons between In-Context
and Code-based approaches.

Data and Code Release All of the code, tagged
result pairs and used datasets can be found in our
public GitHub repository2.

We include 474 non-ambiguous QA pairs from
the DataBench lite benchmark used in the SemEval
2025 Task 8 competition (Osés-Grijalba et al.,
2025), along with 300 manually constructed am-
biguous questions (15 per dataset) and 50 manually
generated questions for each category described in
section 2.

3.2 Task 1: Implicit Detection

For this task, we aim to assess whether models can
identify ambiguous questions in a QA task without
being explicitly instructed to do so. To assess this,
we manually examine how often the model recog-
nises the questions marked as ambiguous. For eval-
uation, we will measure response accuracy on un-
ambiguous questions, while manually checking if
ambiguous questions are detected when no prompt
directs the model to identify them.

2https://github.com/jorses/tabular-qa-amb

Detection Criteria To enable LLMs to answer
questions flexibly while still demonstrating aware-
ness of the ambiguity, we define three criteria for a
response to be considered successful in identifying
ambiguity. A response satisfies this requirement if
it meets one or more of the following conditions:

1. It explicitly states that multiple valid answers
exist (without requiring the use of the word
ambiguous).

2. It lists a number of valid answers rather than
selecting a single one.

3. It provides an explanation that indicates the
presence of multiple interpretations (e.g., due
to ties), even if the individual answers are not
enumerated.

For example, when asked “How many A points
does John have?” (Table 1), a response that notes
that multiple individuals named John appear in the
table is considered ambiguity-aware, whereas a re-
sponse that simply states a single value (e.g., “John
has 4 A points”) is not. Similarly, for the question
“Who has the least A points?”, listing both John
and the individual with ID pq6r satisfies the crite-
rion, while naming only one of them does not. In
ranking-style questions such as “List the 3 names
of those with the most overall A points,” explaining
that several individuals are tied and that no unique
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top three exists is sufficient to demonstrate recog-
nition of ambiguity, whereas providing an arbitrary
ordering without acknowledging the tie is not.

3.3 Task 2: Explicit Detection

In this second experiment, we require the models to
label a question as potentially ambiguous or not in
the context of Tabular QA, as a binary classification
problem. We analyse it through the typical metrics
of accuracy, precision, recall and F1, since the QA
set is imbalanced in favour of non-ambiguous ques-
tions. Faulty model responses, which generally
occur in small models only, are taken as wrong
answers for accuracy, but do not affect precision.
These experiments are carried on the full set of
747 questions, comprising the 474 unambiguous
questions and 300 ambiguous questions described
in Appendix A.

4 Results

Table 2 shows the results for the implicit and ex-
plicit detection tasks. One key observation is that
Tabular QA models generally do not flag ambiguity
unless prompted. In the Implicit Detection task,
models answered ambiguous questions without in-
dicating uncertainty, particularly in the code-based
setting, where detection was nearly absent. In-
Context prompting led to slightly more recognition
of ambiguity, though still limited. Only the larger
propietary models are able to detect ambiguity in
a small number of cases, with the best model be-
ing claude-4.5 with 52/300 (17% accuracy). This
contrasts with the solid accuracy shown on unam-
biguous questions, often around or above 80% for
stronger proprietary models. Proprietary models
consistently outperform smaller open-source ones.
Moreover, large proprietary models maintain stable
accuracy across prompting styles, and open-source
models tend to do better in coding approaches.

In task 2 (Explicit Detection), models often over-
identify ambiguity, especially with the In-Context
approach. This is most pronounced in Llama-3.2-
1B-Instruct, which shows very low precision de-
spite high recall. In general, larger models per-
form reasonably well at detecting ambiguity when
prompted explicitly, with models like Claude 4.5
Sonnet achieving competitive scores (67.61 F1).
This stands in contrast to the limited awareness dis-
played when ambiguity must be inferred without
direct prompting.

5 Discussion

In the explicit In-Context task 2, we requested both
an answer and explanation (see Appendix C for
some examples); in Code-based approaches, the
explanation is the code. Smaller models, such as
Llama-3.2-1B, tend to overanalyse. For example,
it marked “What are the 3 hottest temperatures
recorded?” as ambiguous due to the word “hottest,”
despite a sortable temperature column. This pat-
tern appears often and reduces reliability in am-
biguity detection, sometimes even on clear ques-
tions. Additional examples are in Tables 4–7 (Ap-
pendix C). Llama-3.2-1B gave the response “the
question is ambiguous” in 38 explicit in-context
cases. Broader testing is needed before drawing
firm conclusions.

Disambiguation. Most ambiguities can be re-
solved with sufficiently specific prompting, either
by using user-provided criteria or by notifying the
user of multiple valid answers and their justifica-
tions. For example, instructing the model to in-
terpret A Points as B Points resolves the Column
Choice ambiguity in Table 1, while specifying indi-
viduals by unique ID addresses the Row Choice am-
biguity. Similar strategies apply to other types. A
robust prompting strategy for any Tabular Reason-
ing system using LLMs should include predefined
rules for such cases. Still, no single strategy can
handle all types of ambiguity, and the examples
shown represent only a subset. While prompting
helps reduce uncertainty and guide the model, the
model must also recognize ambiguities on its own.

6 Conclusions

LLMs are increasingly used for table QA problems.
However, ambiguity in the context of table QA has
not been fully addressed yet, while being an impor-
tant problem, which differs from general ambiguity
found in text. Our experiments show that LLMs
tend to answer questions without recognising ambi-
guity unless explicitly prompted. When prompted
directly about ambiguity, they occasionally iden-
tify it correctly, which highlights the potential for
finding an LLM-based solution for this problem.
Nonetheless, even in this setting, they still produce
many false positives, especially smaller models.

Limitations

The proposed typology is grounded in practical ex-
perience but does not stem from a comprehensive
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study of the ambiguities involved. This is partly
due to the lack of Tabular QA research that ex-
plicitly addresses ambiguity outside of the SQL
context. Further research is also needed to vali-
date and accurately resolve these ambiguous cases.
Ideally, models should be capable of identifying
ambiguity types relevant to the user without overre-
acting to clear, unambiguous questions. While this
paper represents an initial attempt for dealing with
the ambiguity problem in general-purpose tabular
QA, we believe further work would be needed to
seamlessly integrate ambiguity detection in LLM
responses.
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A Datasets

In Table 3 we illustrate the different datasets used
as well as the different questions of each type for
each of them.

B Prompts

We show the prompts used for tackling the task:
in-context learning and code-based.
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Name Rows Cols. QA Ambiguous QA Source

1 Forbes 20 17 25 15 Forbes (Forbes, 2022)
2 Titanic 20 8 20 15 Kaggle (Kaggle, 2021)
3 Love 20 35 20 15 Graphext (Graphext, 2023)
4 Taxi 20 20 20 15 Kaggle (Risdal, 2017)
5 NYC Calls 20 46 20 15 City of New York (City of New York, 2022)
6 London Airbnbs 20 74 20 15 Kaggle (Kaggle, 2023a)
7 Fifa 20 59 20 15 Kaggle (Kaggle)
8 Tornados 20 14 20 15 Kaggle (Kaggle, 2023b)
9 Central Park 20 6 20 15 Kaggle (Kaggle, 2022)

10 ECommerce Reviews 20 10 20 15 Kaggle (Agarap, 2018)
11 SF Police 20 35 20 15 US Gov (Data.gov, 2018)
12 Heart Failure 20 12 20 15 Kaggle (UCI ML Repository, 2021)
13 Roller Coasters 20 56 20 15 Kaggle (Mulla, 2021)
14 Airbnb Madrid 20 75 20 15 Inside Airbnb (Inside Airbnb, 2022)
15 Food Names Embeddings 20 4 20 15 Data World (Alexandra, 2018)
16 Holiday Package Sales 20 20 20 15 Kaggle (Achary, 2021)
17 Gestational Health 20 7 31 15 Kaggle (Banerjee, 2024)
18 Forest Fires 20 11 39 15 Kaggle (Rostami, 2024)
19 Coffee Transations 20 17 38 15 Kaggle (Ibrahim, 2024)
20 Book Sales 20 13 41 15 Kaggle (Chowdhury, 2023)

Total 400 649 474 300

Table 3: Datasets included in the experiments with their number of (sampled) rows and columns, as well as the
number of unambiguous and ambiguous QA for each of them.

In-Context Learning prompt For Implicit
Detection.

You are a Question Answering System.
Your only goal is to respond to the ques-
tion asked. You should return a JSON with
the following fields:
* explanation: A short explanation as to why
you think the answer provided is right.
* answer: This field should be in the format
of a SemanticType Python value.
For example: {
"explanation": "I think the dataset has 20
rows",
"answer": "20"
}
For example:
{
"explanation": "I think the dataset has 5
columns",
"answer": "5"
}
Do not write a single word more than nec-
essary. Answer only with the JSON, and do
not wrap it in markdown or “‘ or anything.
Answer the question based only on the in-
formation present in the following dataset,
represented as a CSV: ...
Question: ...
Answer:

Code-based Learning prompt For Implicit
Detection.

You are a Function Question Answering
System. Your goal is to write a function
that answers the users’ question in the fol-
lowing format:
import pandas as pd
import numpy as np
def answer(ds: pd.DataFrame) -> ...:
# Your code here
* Do not write a single char more than nec-
essary. * These are the first first five rows
of the dataset that must be used to answer
represented as a CSV:
...
* Do not wrap your code in “‘python mark-
ers and do not write any explanation. Return
just the function. Plain text.
* You already have access to pandas as pd
and numpy as np, but do not import them
nor any other library.
Question: ...
Answer:
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In-Context Learning prompt For Explicit
Detection.

You are a Question Ambiguity Detection
System. Your only goal is to return a re-
sponse stating whether the question is am-
biguous or not. You should return a JSON
with the following fields:
* explanation: A short explanation as to why
you think it is ambiguous or not
* isAmbiguous: This field should only be
either ‘Yes’ or ‘No’. No more values are
allowed. It should be the conclusion to the
explanation. For example:
{
"explanation": "The question is ambigu-
ous",
"isAmbiguous": "Yes."
}
For example:
{
"explanation": "The question is not ambigu-
ous",
"isAmbiguous": "No."
}
Do not write a single word more than nec-
essary.
Answer only with the JSON, and do not
wrap it in markdown or “‘ or anything. An-
swer the question based only on the infor-
mation present in the following dataset, rep-
resented as a CSV:
...
Is the question "..." ambiguous?
Answer:

Code-based Learning prompt For Explicit
Detection.

You are a Function Question Answering
System. Do not write a single char more
than necessary. These are the first first five
rows of the dataset that must be used to an-
swer represented as a CSV: "..."
Your goal is to return a function like the
following written in Python.
import pandas as pd
import numpy as np
def answer(ds: pd.DataFrame) -> bool:
# Your code here
* The function you write should return a
boolean indicating whether the question is
ambiguous or not.
* The dataset has more rows than the first
five you see here. You can use all of its rows
to determine the answer.
* Do not wrap your code in “‘python mark-
ers and do not write any explanation. Return
just the function.
* You already have access to pandas as pd
and numpy as np, but do not import them
nor any other library.
Is the question ‘question’ ambiguous?
Answer:
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C Examples of LLMs outputs

This appendix is focused on illustrating how the
LLMs respond to ambiguous questions. All of
the following tables include responses showcasing
different ambiguity types.
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Question Ambiguity Type claude-3.7-sonnet gpt-4o

What is the minimum weight
along the five oldest patients?

Ranking Unambiguous The question is not
ambiguous because it clearly asks
for the minimum weight among
the five oldest patients in the
dataset. The dataset includes an
‘Age’ column that allows for iden-
tifying the oldest patients, and a
‘Weight’ column to determine the
minimum weight among those pa-
tients.

Ambiguous The dataset does not
clearly define how to select ex-
actly five oldest patients when
multiple patients share the same
age. It is unclear how to handle
ties and whether to include all pa-
tients with the same oldest age or
only five individuals.

How old is the patient who has
gone through 1 pregnancy?

Row Choice Ambiguous The question is am-
biguous because multiple people
in the dataset have been through 1
pregnancy, and they have different
ages ranging from 16 to 19 years
old.

Ambiguous The dataset shows
multiple people with age 16, 17,
18, and 19 who have gone through
1 pregnancy, so the question does
not specify which person or in-
stance to consider.

Does any patient weight more
than 100 pounds?

Unit Ambiguous The question is am-
biguous because the weights in
the dataset are provided in kilo-
grams (ranging from 48–55), not
pounds. Without a conversion be-
tween these units, it’s unclear how
to determine if any patient weighs
more than 100 pounds.

Unambiguous The question is not
ambiguous because it clearly asks
if any patient weighs more than
100 pounds, and all weights are
provided in the dataset.

Is any patient more than 50? Column Choice Ambiguous The question is am-
biguous because it doesn’t specify
what value should be more than
50. It could refer to age, weight,
height, BMI, pregnancy number,
heredity, or prediction.

Ambiguous The question ‘Is any
patient more than 50?’ is ambigu-
ous because it does not specify
what attribute is being referred to,
whether it is age, pregnancy num-
ber, weight, height, BMI, heredity,
or prediction.

Who is the shortest patient? Identification Unambiguous The question is not
ambiguous. The dataset contains
a ‘Height’ column with values in
centimeters, and we can clearly
determine the shortest patient by
finding the minimum value in this
column, which is 140 cm.

Ambiguous The dataset contains
height information for multiple
patients, but no unique identifier
to distinguish individual patients.
Multiple patients may have the
same height, making it unclear
who exactly is the shortest patient.

What is the most important age in
the dataset for our study?

Operational Ambiguous The question is am-
biguous because it doesn’t specify
what makes an age ‘important’ in
this dataset. It could refer to the
most frequent age, the age with
highest correlation to prediction,
or some other significance that is
not clear from the context.

Ambiguous The question is am-
biguous because ‘most important
age’ is undefined and lacks crite-
ria for importance in the dataset
context.

Table 4: Examples of In-Context Explicit Ambiguity Detection of Different Types.
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Question Ambiguity Type Llama-3.1-8B Llama-3.2-1B

What is the minimum weight
along the five oldest patients?

Ranking Unambiguous. The question
clearly specifies a condition (five
oldest patients) and an attribute
(minimum weight).

Ambiguous. The question is am-
biguous.

How old is the patient who has
gone through 1 pregnancy?

Row Choice Unambiguous The question
clearly specifies a single condi-
tion (gone through 1 pregnancy),
making it unambiguous.

Ambiguous. The question is am-
biguous because it refers to the
patient who has gone through
1 pregnancy without knowing
their age and also implies that
this information can be used for
a prediction, which may not di-
rectly relate to the question.

Does any patient weight more
than 100 pounds?

Unit Unambiguous. The question is
clear and can be answered di-
rectly.

Ambiguous. The question is am-
biguous

Is any patient more than 50? Column Choice Unambiguous The question is
clear and unambiguous as it can
be directly answered with a sim-
ple yes or no based on the pro-
vided data.

Ambiguous. The question is am-
biguous.

Who is the shortest patient? Identification Unambiguous The question can
be answered directly based on
the provided dataset.

Ambiguous The question is am-
biguous because it lacks speci-
ficity regarding the patient’s
height

What is the most important age
in the dataset for our study?

Operational Ambiguous. The question asks
for a specific age, but the dataset
has multiple instances of differ-
ent ages

Ambiguous The question asks
for a specific age, but the dataset
has multiple instances of differ-
ent ages

Table 5: Examples of In-Context Explicit Ambiguity Detection of Different Types.
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Question Ambiguity Type claude-3.7-sonnet gpt-4o

Which book is considered the
best by our clients?

Not Ambiguous Ambiguous The question is am-
biguous because there’s no clear
definition of what ‘best’ means
in this context. It could refer
to highest ratings, most reviews,
most wished for, or some other
metric of customer preference.
The data shows multiple ways
to interpret client preference.

Ambiguous The question is am-
biguous because ‘best’ is subjec-
tive and not clearly defined in the
dataset, which contains multi-
ple metrics like ratings, reviews,
wished users, and discount offers
that could represent ‘best’.

Provide me with a list containing
all the lengths of the books about
computer science.

Not Ambiguous Unambiguous The question is
not ambiguous because it specif-
ically asks for the lengths of all
books in the ‘Computer Science
& Engineering’ category, which
can be directly extracted from
the dataset. There is only one
entry in this category: ‘Let Us
C, 19th Edition’ with a length of
492 pages.

Unambiguous The dataset con-
tains only one book explicitly
categorized under ‘Computer
Science & Engineering’, making
the request straightforward and
unambiguous.

List the unique ages of the
youngest five women who have
a diabetes risk associated with
their family. If there are less than
five answer with all the unique
ages that match the criteria.

Not Ambiguous Ambiguous The question is am-
biguous because it references
‘diabetes risk associated with
family’ which seems to refer
to the ‘Heredity’ column, but
it’s not clear if ‘Heredity’ = 1
means diabetes risk from family.
Also, it’s unclear if ‘youngest
five women’ should be sorted by
age only or consider other fac-
tors.

Unambiguous The question
is not ambiguous because the
dataset clearly defines ‘Heredity’
as family diabetes risk and lists
ages, allowing identification of
the youngest five women meet-
ing the specified criteria.

Are all women in the dataset pre-
dicted to be free of diabetes? (to
have diabetes is associated with
the positive label of the model)

Not Ambiguous Unambiguous The question is
not ambiguous. The dataset’s
‘Prediction’ column shows all
values as 0, indicating none of
the women are predicted to have
diabetes (positive label).

Unambiguous The question
is not ambiguous because the
dataset clearly shows the Pre-
diction column with binary val-
ues where 0 indicates free of
diabetes and 1 indicates pre-
dicted to have diabetes, allowing
a straightforward answer.

How many women weight less
than 60 kg?

Not Ambiguous Unambiguous The question is
not ambiguous. The dataset
clearly shows weight data for all
entries, and all individuals weigh
less than 60 kg (ranging from 48
to 55 kg).

Unambiguous The question
is not ambiguous because it
clearly asks for the count of
women weighing less than 60 kg,
which can be determined directly
from the Weight column in the
dataset.

Table 6: Examples of Ambiguity Detection on Unambiguous Questions.
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Question Ambiguity Type Llama-3.1-8B Llama-3.2-1B

Which book is considered the
best by our clients?

Not Ambiguous Ambiguous The question
contains subjective information
from the ratings field which may
not be considered by all clients,
and ‘best’ is a relative term.

Ambiguous The question is am-
biguous because it lacks a clear
and specific reference, making it
impossible to determine the best
book based on general criteria.

Provide me with a list containing
all the lengths of the books about
computer science.

Not Ambiguous Ambiguous The question asks
for book lengths about computer
science, but the dataset does not
specify which books are about
computer science. The category
is ‘Computer Science & Engi-
neering’ for one book and there
is no further information to nar-
row down the selection.

Ambiguous The question is am-
biguous

List the unique ages of the
youngest five women who have
a diabetes risk associated with
their family. If there are less than
five answer with all the unique
ages that match the criteria.

Not Ambiguous Ambiguous The question is
not clear about the criteria for
a ‘youngest’ woman and it
assumes women exist in the
dataset.

Ambiguous The question is
ambiguous because it’s asking
for a list of unique ages that
match specific criteria (youngest
five women with diabetes risk),
but not explicitly defining what
those criteria are.

Are all women in the dataset pre-
dicted to be free of diabetes? (to
have diabetes is associated with
the positive label of the model)

Not Ambiguous Ambiguous The question’s ref-
erence to ‘women’ is ambigu-
ous because the dataset contains
both males and females, but no
explicit information about gen-
der.

Ambiguous The question is am-
biguous

How many women weight less
than 60 kg?

Not Ambiguous Unambiguous The question
does not specify which data set
‘women’ refers to, but based
on the provided information it
seems clear that weight less than
60 kg is a condition that can be
determined.

Ambiguous The question is am-
biguous because it lacks speci-
ficity about the weight condition.

Table 7: Examples of Ambiguity Detection on Unambiguous Questions.
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