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Abstract

Understanding multiparty conversations demands robust Theory of Mind
(ToM) capabilities, including the ability to track dynamic information, man-
age knowledge asymmetries, and distinguish relevant information across
extended exchanges. To advance ToM evaluation in such settings, we
present a carefully designed scalable methodology for generating high-
quality benchmark conversation-question pairs with these characteristics.
Using this methodology, we create DIAMONDs, a new conversational QA
dataset covering common business, financial or other group interactions. In
these goal-oriented conversations, participants often have to track certain
numerical quantities (say expected profit) of interest that can be derived from
other variable quantities (like marketing expenses, expected sales, salary, etc.),
whose values also change over the course of the conversation. DIAMONDs
questions pose simple numerical reasoning problems over such quantities
of interest (e.g., funds required for charity events, expected company profit next
quarter, etc.) in the context of the information exchanged in conversations.
This allows for precisely evaluating ToM capabilities for carefully tracking
and reasoning over participants’ knowledge states.
Our evaluation of state-of-the-art language models reveals significant chal-
lenges in handling participant-centric reasoning, specifically in situations
where participants have false beliefs. Models also struggle with conversa-
tions containing distractors and show limited ability to identify scenarios
with insufficient information. These findings highlight current models’
ToM limitations in handling real-world multi-party conversations.1

1 Introduction

Effective communication and cooperation in multi-party conversations depends on the
ability to model mental states such as beliefs, intents, desires, emotions, knowledge of
oneself and others (Frith, 1994; Clark, 1996; Pickering & Garrod, 2004; De Rosnay &
Hughes, 2006) – i.e., Theory of Mind (ToM) abilities. Understanding multi-party conver-
sations thus presents a strong test bed for evaluating ToM capabilities, where participants
must track not only the information being shared, but also maintain dynamic models of
who has access to what information at different points in time. This ToM challenge be-
comes particularly complex in information rich conversations with multiple participants,
common in settings such as business meetings, financial discussions, planning sessions,
etc. In these settings, the states of key variables (e.g., expenses, timelines, or task alloca-
tions in a project budgeting discussion) frequently change due to new information, correc-
tions, or updates. Consider an illustrative example in Figure 1 (red arrow) where during
a project logistics discussion, Alex increases his initial handout requirements from 15 to 20 units

1Dataset and code are available at: https://github.com/StonyBrookNLP/diamonds
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while Chen is absent. This seemingly simple update adds multiple reasoning de-
mands2 for conversation understanding: tracking long-term dependencies (connect-
ing initial estimates with later adjustments), managing dynamic information states
(updating quantities as new information arrives), handling information asymmetry
(Chen’s outdated knowledge state leading to false belief), and distinguishing rele-
vant details from distractors (for quantities of interest) in information-rich exchanges.

OMNISCIENT

Total funding needed for all the science fair projects?

... I need 3 solar panels at $45 each, 2 voltage 
meters at $25 each, and 15 handouts at $2 per copy.

…. robotics project, I'm looking at 2 microcontrollers 
at $35 each, 6 servo motors at $20 each, ...

… schedule an appointment. I'll catch 
up with you later

No problem, Chen! Take care!

... I should add 5 more handouts at $2 each. We 
usually get more visitors than I initially ...

Hey everyone! The appointment's all sorted now.

...I need to add 2 more servo motors at $20 
each. It'll make the movements much smoother.

Alex

Alex

Alex

Diana

Chen

Diana

Diana

Chen

Chen

Chen

Chen absent in the conversation

Diana

PARTICIPANT-CENTRIC

Total funding needed for the science fair projects as per Chen?

Figure 1: A conversation and question
example from DIAMONDs. Alex increases
his initial handout requirements from 15
to 20 units while Chen is absent. Chen
also updates his motor requirement from
2 to 4 after returning.

Existing benchmarks for evaluating ToM capabili-
ties in LLMs pose QA tasks on simple narratives,
stories (Sap et al., 2022; Gandhi et al., 2023; Chen
et al., 2024), or synthetic sequences of actions (Le
et al., 2019b; Wu et al., 2023a; Xu et al., 2024). These
resources, while valuable for basic ToM assessment,
are either too simplistic to capture the complexities
of real-world social interactions. Most evaluate ToM
through categorical or extractive QA tasks where
the context contains semantic cues directly related to
the answer, avoiding the challenges of tracking and
integrating information across extended exchanges.
While the recently introduced FanTom dataset (Kim
et al., 2023) tests ToM abilities in conversations, it
mainly focuses on extractive questions where rele-
vant information is typically localized within specific
dialogue segments. In contrast, real-world multi-
party conversations require sophisticated ToM capa-
bilities to track dynamic information states, manage
knowledge asymmetries across multiple participants,
over entire extended conversations, and integrate
this understanding with other cognitive demands like numerical reasoning - challenges that
existing benchmarks fail to capture.

To address these limitations, we present DIAMONDs, a benchmark designed to stress-test ToM
capabilities in multi-party conversations. DIAMONDs focuses on tracking and reasoning over
multiple dynamic variables whose states changes across the conversation, in the presence of
information asymmetries between participants. We embed multi-step numerical reasoning
problems within multi-party conversational contexts where successful comprehension
requires both robust information tracking and modeling of participant-specific knowledge
states. This ensures answer to the question is unique, not-extractive while requiring multi-
step reasoning over the information across the entire conversation.

Creating numerically consistent, detailed, and highly structured conversations with specific
characteristics poses significant challenges for both human annotators and LLMs. To
overcome this, we implemented a multi-stage synthetic data generation process where an
LLM first generates a narrative script with a corresponding question-answer pair, then
transforms this script into a multi-party conversation while preserving all question-relevant
information. Each script consists of a premise that establishes the complete set of variable
relevant to the question and their initial state, followed by a sequence of variable state
perturbations that unfold throughout the conversation and perturbs the states of these
variables. For example, in Figure 1, the premise relevant to the question about ”total
funding for science fair” sets up the space of the relevant variables such as ”handouts
Alex needs” (15), ”servo motors Chen needs” (6), their respective prices ($2, $20), etc.,
along with their initial states/values. As the conversation progresses, these initial variable
states are modified through perturbations such as Chen stating that he needs 2 more servo
motors, updates his requirement from 6 to 8 or Alex updating his handout requirement. This
combination of initial states and subsequent variable state perturbations ensures that the

2There are likely analogous cognitive demands for humans completing such tasks. Our goal here,
however, is not draw connections with any specific set of human Theory-of-Mind capabilities but
rather to design a stress test for understanding and improving models abilities to use such capabilities
for conversation understanding.
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state of the variables affecting the answer changes throughout the conversation, making
accurate tracking of variable states essential for correct reasoning. After the LLM generates
the premise and perturbation information, we integrate these elements into a coherent script
using a probabilistic template sampled from a Markov process. The template contains slots
for information exchanges and participant movements, defining information access patterns
throughout the conversation. This approach introduces randomness into the generation
process that is external to the LLM while scaffolding the premise, variable perturbation,
participant movements into a coherent script.

The conversations in DIAMONDs induce several cognitive challenges that stress-test ToM
capabilities: (1) tracking variable states as new information emerges, (2) resolving long-
term dependencies between information shared at different points, (3) maintaining sepa-
rate knowledge models for each participant based on their presence during information
exchanges, (4) distinguishing relevant information from distractors, and (5) identifying
information gaps. By presenting both omniscient questions (testing global understanding)
and participant-centric questions (testing the ability to reason from specific participants’
perspectives, including their potentially false beliefs), DIAMONDs provides a comprehensive
evaluation of ToM capabilities in complex multi-party settings.

Our evaluation of state-of-the-art LLMs (gpt-4o (Achiam et al., 2023), Claude-3.5-Sonnet,
and Llama3 (Dubey et al., 2024)) on DIAMONDs reveals significant gaps in their ToM capability
in context of multi-party conversation. Benchmarking reveals significant challenges in han-
dling participant-centric reasoning, with performance dropping from 80.0% on omniscient
questions to 55.1% on participant-centric questions. This performance further drops to
27.0% in participant-centric questions for participants with false beliefs. Models also show
decreased performance when dealing with conversations with distractors and limited ability
to identify scenarios with insufficient information. These findings highlight the limitations
in ToM capability of current models needed in multi-party conversations.

2 Related Works

2.1 Conversation Comprehension: Existing conversation comprehension research has
strong focus on classification tasks like slot filling (MultiWOZ (Han et al., 2021; Ye et al.,
2022)), intent classification (CLINC150 (Larson et al., 2019), SILICONE (Chapuis et al., 2020)),
and emotion detection (MELD Poria et al. (2019), EmoWOZ (Feng et al., 2022)). These tasks
do not require complex multi-step reasoning capabilities across conversation that our work
requires. Dialogue summarization represents another major research direction, with datasets
like SAMSum (Gliwa et al., 2019), MeetingBank (Hu et al., 2023), DialogSum (Chen et al.,
2021), and MediaSum (Zhu et al., 2021). While valuable, these tasks are primarily extractive
and don’t demand the precise tracking of dynamic numerical information central to our
framework. Conversation-based QA has advanced through datasets such as CoQA (Reddy
et al., 2019), QuAC (Choi et al., 2018), ShARC (Saeidi et al., 2018), OR-QuAC (Qu et al., 2020),
and QReCC (Anantha et al., 2021). The most relevant work, Fantom, evaluates theory-of-
mind capabilities in conversations with information asymmetry. However, Fantom (Kim
et al., 2023) primarily tests extractive fact-based questions localized within conversation
segments, whereas our work requires non-extractive, multi-step mathematical reasoning
across multiple dynamic variables whose states evolves throughout entire conversations.

2.2 Theory of Mind Benchmarks: Narrative-based ToM benchmarks evaluate mental state
reasoning through narrative contexts. Recent works include ToMi (Le et al., 2019a), which
requires tracking belief states across multiple characters; Neural ToM (Sap et al., 2022),
which tests the understanding of beliefs and intentions; HiToM (Wu et al., 2023b), which
examines higher-order ToM; and OpenToM (Xu et al., 2024) introduces the dimension of
participant character in the narrative context. While valuable for basic ToM assessment,
these benchmarks often use simplified narratives with clear semantic cues, making them
susceptible to reporting bias and lacking the dynamic complexity of real-world interactions.
Conversation-based benchmarks better approximate real-world social interactions by evalu-
ating ToM within dialogue contexts. Soubki et al. (2024) introduced the first ToM resource
on real human dialogues, while FaNToM (Kim et al., 2023) introduced synthetically gener-
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ated conversations with information asymmetry, and NegotiationToM (Chan et al., 2024)
extended evaluation to strategic interactions. However, these benchmarks typically focus on
extractive or classification tasks where answers appear in localized dialogue segments. In
contrast, DIAMONDs features conversations requiring multi-step reasoning over dynamic vari-
ables that evolve throughout extended exchanges, better reflecting the cognitive demands
of real-world multiparty interactions.

3 DIAMONDs: Dynamic Information And Mental modeling Of Numeric
Discussions

3.1 Overview: DIAMONDs is a conversation QA dataset comprising of 3786 (C, q, a) triples
of multiparty conversation C, a question q to answered based on C, and its answer a. The
dataset evaluates Theory of Mind (ToM) capabilities in information-rich discussions, where
values of quantities (variables) affecting the answer to the question, evolve over the con-
versation discourse. Each conversation in DIAMONDs follows a common structure: (1) early
exchanges establish the variable space and their initial states (2) subsequent interactions
introduce modifications to these states (3) participant movement patterns create informa-
tion asymmetries. DIAMONDs includes both omniscient (testing global understanding) and
participant-centric questions (requiring reasoning from specific perspectives, including false
beliefs). It also contains conversation variants with thematically relevant distractors and
deliberately underspecified scenarios resulting in unanswerable questions. All questions
are non-extractive, requiring multi-step numerical reasoning over the entire conversation.

Theme

N 
party

SETTING
At a high school 
science fair ... 
Material requirements.

QUESTION
Calculate the total 
funding needed.

PREMISE
Alex needs 3 solar 
panels at $45 each, 2 
... 
Diana plans ... 10 
posters at $5 each.

Alex Variable Update: 

Alex needs to add 5 
more handouts ...

Chen Variable Update: 

Chen decides to add 2 
more motors …

PARTICIPANTS
Alex, Bella, Chen, 
Diana

<SETTING> 

<PREMISE>

<Bella> LEAVES due to <Ri>

...

<Diana> VARIABLE UPDATE
...

<Bella> RENETERS ... <R-i>

...

<Alex> VARIABLE UPDATE
...

At a high school science 
fair planning meeting, four 
students … material 
requirements.
...
Alex needs 3 solar panels 
at $45 each, 2 ... 
Diana plans ... 10 posters 
at $5 each.

...
Chen LEAVES as [needs to 
schedule appointment].
...
During their conversation, 
Alex realizes that 
he needs to add 5 more 
handouts ….

...
Script Premise 
Components

Script Template

Variable State Perturbation

Conversation Script

Markov Process 
Template Generator

Script 
Validity

Question’s 
Answer

S1: Conversation Script 
and Question Generation

S2: Script Validity 
and Answer Generation

Conversation

S3: Conversation Generation

LLM

LLM LLM LLM’

LLM

1

2

3

4

Figure 2: Dataset Generation: S1: Script generation begins by (1) creating premise components
(setting, premise, question, participants) based on a theme t and n participants (2) generating variable
state perturbations that modify initial conditions, (3) producing a script template via a Markov
process (4) assembling these elements into a complete script. S2: Script validation - evaluates logical
consistency and generates verified answers. S3: Conversation translation - transforms the validated
script into a natural multi-party conversation while preserving all critical numerical information.

3.2 Dataset Creation We target automatic generation of conversations following works
that uses LLMs (Kim et al., 2023; Xu et al., 2024) and templates (Gandhi et al., 2023) for the
generation of conversations and narratives. Our primary design goals for DIAMONDs are to
include problems that: (i) are non-extractive, i.e., resistant to simple localized extraction,
(ii) require tracking and aggregating information across the entire conversation, (iii) have
unambiguous answers enabling precise evaluation, and (iv) include information asymmetry.
To this end, we want to obtain conversations with multiple thematically relevant numeric
quantities in a consistent manner, include information asymmetries, and be coherent overall.

This, in itself, poses a challenging generation problem. From our initial attempts, we
found that directly generating such structurally constrained conversations using few-shot
prompting produced inconsistent and incoherent results. For example, LLMs frequently
failed to maintain numerical consistency across long exchanges or struggled to properly
implement the required information asymmetries. To address this, we leverage the strong

4
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instruction following and refinement capabilities of LLMs to devise a 3-stage pipeline as
shown in Figure 2. The key idea is to use a script as a basis for generating the conversation
and it QA pairs. The script describes how the numerical quantities will be introduced
and modified in the conversation and how the information asymmetries will arise. Also,
generating correct QA pairs based on the script is easier and allows for effective validation.

S1: Generate conversation script and question: A conversation script S is a structured
narrative that captures essential interactions between participants (P1, · · · , Pn). Each script
consists of two key components: (i) a premise segment establishing the initial scenario
and variable states, and (ii) subsequent segments introducing variable state perturbations
through participant interactions (e.g., Chen adds two motors), with controlled participant
entry/exit events creating information asymmetry (e.g., Chen leaves in the middle for an
appointment). To create diverse and realistic patterns of participant engagement, we model
various ways participants enter, exit, and rejoin conversations. We model these dynamic
participation patterns using a Markov process that generates script templates with different
information access configurations. As shown in Figure 2, the process can be used to
sample templates with designated slots for critical information exchanges and participant
movements. A snippet of a sampled template is show below:

· · · → [Pi] LEAVES DUE TO [Rm] → VARIABLE UPDATE BY [Pj] → [Pk] RETURNS. → · · ·
· · · → [Pk] LEAVES DUE TO [Rm] → CASUAL TALK → [Pk] RETURNS → · · ·

As a final assembling step, these templates are then populated with relevant content and to
form the complete script. The following subsections detail this process.

1. Script Premise Generation Given the number of participants n and a conversation
theme t, we generate the premise components that establish the conversation context and
initial variable states. This includes: (i) setting - A concise context description for the
conversation (ii) Script Premise - a detailed math word problem describing the conversation
involving numerical information exchanged with each of them. (iii) question - A question
about a numeric quantity that can be derived from the information in the script premise (iv)
participants - The list of conversation participants. We generate the script premise compo-
nents using few-shot prompting with a LLM. Appendix, Figure 5 shows these components
for a science fair planning scenario with 4 participants, with the prompt in Figure 5.

2. Variable State Perturbation Generation The numeric quantities (variables) of interest
can change values as the conversation unfolds (e.g. the material requirements keep changing).
We model these changes by generating perturbations that alter the values of the variables
associated with each participant. The perturbations are added only for variables that are
relevant to answering the question. For instance, in Figure 1, perturbation for Chen (he needs
to add 2 more motors), results in increasing the number of motors he requires from 6 → 8 .
This change in turn increases the total cost for Chen and the overall funding needed for the
project, changing the answer to the question. To maintain logical consistency and manage
complexity, we implement two key design constraints: (i) we only perturb independent
variables from the premise, avoiding modifications to variables constrained by multiple
relationships that could create logical inconsistencies (ii) we ensure each perturbations is
expressed independently rather than in terms of other perturbations, removing ordering
dependencies when arranging them in the conversation. We generate these variable state
perturbations using LLM with few-shot prompting ( prompt shown in Appendix, Figure 12).

3. Script Template Generation We generate probabilistic script templates from a Markov
process (Figure 3) that models participant movement and information flow. This template
contains slots for premise information, variable-state perturbations, casual dialogue cues, and
participant entry/exit indicators. The structure ensures discourse coherence while creating
controlled information asymmetry, allowing us to precisely track which participant has
access to what information throughout the conversation. As shown in Figure 3, the Markov
process begins with premise slot for the script premise with all participants intially present.
It then systematically models participant movement dynamics by: (1) randomly selecting
participants to leave with plausible reasons, (2) determining which participant shares new in-
formation (variable state perturbations) next, and (3) managing re-entries of absent participants.

5
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Initialize Script
with Premise

sample 
a participant p

p leaves

END

sample an 
unexplored 

participant p

any 
unexplored 
participant 

?

p in 
conversation

?
add

var_perturbation[p]

NEXT 
ACTION

re-enter
OR leave ?

p leaves p re-enters

update sampling distribution

p re-enters

add
var_perturbation[p]

YES

NO

YES

NO

RE-ENTER
LEAVE

Figure 3: A simplified Markov process generating
script template with slots for script premise, variable
state perturbations, and participant movements.

To maintain naturalistic conversation flow,
we reduce the probability of repeated ex-
its by the same participant and include ca-
sual conversation segments between major
events. Figure 7 shows a script template for
4 participants, with full details of the tem-
plate generation process in Appendix A.6.

4. Assembling the Script The final con-
versation script is assembled by combining
the template slots with information in the
script premise components and variable state
perturbations. Figure 8 shows the complete
script after filling the template slots (Fig-
ure 7) with information in Script Premise
Components (Figure 5) and its variable state
perturbations (Figure 6).

Generating Underspecified and Distractor
Script Variants: To evaluate model robust-
ness, we create two controlled script vari-
ants:

a. Distractor Variants: We augment base scripts with thematically relevant but question-
irrelevant information by introducing new quantities in the premise and their state per-
turbations in one of the subsequence segment. These additions maintain conversational
coherence while being carefully having no impact on the answer to the question, testing
models’ ability to filter relevant from irrelevant information.
b. Underspecified Variants: We create underspecified scripts by systematically removing
critical information needed to answer questions. This is done by either (1) eliminating key
details from the premise or (2) making variable state perturbations ambiguous. These scripts
test a model’s ability to recognize when information is insufficient rather than forcing an
incorrect answer. The details for both are described in Appendix, subsection A.10.3

S2: Script Validation and Answer Generation

Script
𝑆

question
𝑞

Model-1

Model-2

Model-1 
Output 
(𝑌!!)

Compare

(𝑌!!,𝑌"!)

𝑆
𝑞
𝑌!!
𝑌"!

Model-2 
Output 
(𝑌"!)

Model-1

Model-2

Model-1 
Output 
(𝑌!")

Model-2 
Output 
(𝑌"")

Compare

(𝑌!",𝑌"")

𝑋! 𝑋"

Figure 4: Script validation and solution generation: Two LLMs independently evaluate inputs and
generate solutions in the first round. If their solutions match, the solution is accepted. Otherwise, a
second round incorporates both first-round outputs for refinement. Agreement in the second round
leads to acceptance, otherwise the input is rejected.

We design a two-step reflect-refine inter-model consistency (Chowdhury et al., 2024; Amiri-
Margavi et al., 2024; Zhang et al., 2024) based approach to generate solution for the question
based on script. As shown in Figure 4, two independent LLMs generate solutions for
each script-question pair. Each solution includes evaluations of script logical consistency,
question answerability, step-by-step reasoning, and a final numeric answer. If both models
produce equivalent outputs on the first attempt, we accept the script and solution. When
disagreements occur, we conduct a second evaluation round where both models review the
script alongside both the first-round solutions. Agreement in this second round leads to
acceptance, while continued disagreement results in the script being discarded.
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S3: Conversation Generation We translate the script into conversation with few-shot
prompting and 2-step self-reflection and refinement (Madaan et al., 2024). The task instruc-
tion has two key focuses: (i) conversation completely covers all information in the script (ii)
Avoiding any extra information not in the script that might change the answer to the ques-
tion. The prompt also includes additional guidance to maintain conversational coherence
and naturalness. The prompt used for this step is shown in the Appendix, Figure 16.

Using this process we created, DIAMONDs, which contains 584 conversations with 4 to 7
participants, with 3786 unique conversation-question pairs covering 49 conversation themes.

3.1 Data Quality Assessment: We conducted rigorous quality evaluations on our dataset
of script-conversation-question-answer tuples {(S, q, a, C)}. Our assessment focused on
two critical aspects: (i) script-answer validity of (S, q, a) (ii) script-conversation alignment
between (S, C). We randomly selected 66 samples for evaluation by 5 expert annotators
(STEM graduate students), with each instance assessed by 2 evaluators.
(i) Script-based Answer Validity To determine the validity of a {(S, q, a)} instance, the eval-
uators assessed: (a) The script S was logically consistent (b) The question q was answerable
based on S (c) The solution a was correct for q in context of S. Of evaluated instances, 91.1%
of (S, q, a) tuples were assessed as valid.
(ii) Script-Conversation Alignment Evaluators evaluated the alignment of a conversation
C with its script S by verifying that: (i) All question-relevant script details were preserved
in the conversation (a) Conversation segments maintained the discourse order established
in the script (b) No additional calculations beyond those in the script were introduced
(c) Participant movements and information states remained consistent Of the evaluated
(S, C)instances, 100% of the conversations were correctly aligned with their scripts.

Based on these evaluations, we estimate the validity of our curated dataset to be ∼ 91%.

4 Benchmarking Conversation Comprehension with DIAMONDs

Conversation Comprehension Tasks: We introduce a QA task that requires Theory-of-
Mind (ToM) abilities for conversation comprehension. This involves tracking, and reasoning
with multiple dynamic numeric variables over a long multi-party conversation. Our task
covers two settings: (i) Omniscient Questions: These require answering based on the entire
conversation, reflecting complete knowledge of all exchanged information. (ii) Participant-
Centric Questions: These require answering from a specific participant’s perspective,
using only information exchanged in the conversation that participant had access to. Here
participants may miss critical updates relevant to the question due to being absent from
the conversation at that time. This leads to a false belief situation where the answer to the
question from their perspective would be different from the true answer to the question.

Evaluation Metrics: Since the task requires numeric computations, we allow a small
tolerance for minor computational or rounding errors. For base and distractor conversations,
we consider a model’s answer correct if its final numerical response is within 2% of the
true value, accounting for potential intermediate rounding errors. For underspecified
conversations, a response is deemed correct if it successfully identifies the question as
unanswerable. To ensure uniform comparison, we evaluate models on a common subset
of data where all models provided valid responses. This approach was necessary because
models occasionally failed to generate parseable responses due to invalid JSON formatting
or other runtime API errors . Results on the full set of valid responses are in Appendix A.7.
Models show same relative performance, and the difference on overall accuracy (complete
set vs common subset) ranges from ∼ 0.4% for gpt-4o to ∼ 2.5% for Llama-90B.

Models: Our goal is to benchmark the inherent ToM capabilities of large language models
and thus do not consider fine-tuning models on this task. Therefore, we benchmark three
state-of-art (i) closed models: Claude-3-5-sonnet-20241022, gpt-4o 2024-08-06 (ii) open
models: llama3-1 405B-instruct , llama3-2 90B-instruct, and llama3-2 11B-instruct
on the task with zero-shot prompting with chain-of-thought and 5-rounds of self-reflect
and self-refinement (Madaan et al., 2024). Given the objective nature of the task, we set the
generation temperature to 0 for benchmarking. Dataset generation details are mentioned

7
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in Appendix, subsection A.8. All the prompts used for data generation are shown in
subsection A.10

5 Results

5.1 Participant-Centric Questions are harder than Omniscient Questions

MODEL ACCURACY (%) ON BASE/REGULAR CONVERSATIONs

Model Omniscient Participant Centric Overall

claude-3-5-sonnet-20241022 80.0 55.1% 59.6%
gpt-4o-2024-08-06 73.8 39.2% 45.6%
llama3-1-405b-instruct 69.2% 37.9% 43.6%
llama3-2-90b-instruct 50.0% 24.3% 29.0%
llama3-2-11b-instruct 11.5% 9.5% 9.8%

Table 1: Omniscient is the % of correctly answered omniscient questions, Participant Centric is the %
of correctly answered participant-centric ones, and Overall is the accuracy across all the question type.
Across all models, there is a consistent performance gap between omniscient and participant-
centric questions. For base conversations (Table 1), Claude-3.5 has the highest performance
with 80.0% accuracy on omniscient questions but drops to 55.1% on participant-centric ones.
gpt-4o shows a similar pattern with 73.8% and 39.2% for omniscient and participant-centric
respectively. The llama3 models follow similar trend trend, with performance scaling with
model size - from the 405B parameter version (69.2% omniscient, 37.9%participant-centric)
down to the 11B version (11.5% omniscient, 9.5% participant-centric). This substantial
performance gap can be attributed to the added complexity of modeling information access
in situations with information asymmetry, compared to using the entire context. These
models struggle to ignore contextually present but inaccessible information, highlighting
the limitations of their ToM capabilities for multi-party conversations.

5.2 Participant-Centric Performance: True vs False Belief

MODEL ACCURACY (%) ON PARTICIPANT-CENTRIC QUESTIONS IN BASE CONVERSATION

Model True Belief False Belief Overall

claude-3-5-sonnet-20241022 78.4 28.1 55.1
gpt-4o-2024-08-06 54.8 21.0 39.2
llama3-1-405b-instruct 51.6 21.7 37.9
llama3-2-90b-instruct 31.2 16.1 24.3
llama3-2-11b-instruct 10.5 8.6 9.5

Table 2: Model Performance on participant-centric questions in DIAMONDs’s base conversations. True
Belief is the accuracy for cases where participants have access to all the question-relevant information,
False Belief represents cases where participants miss critical updates, resulting in outdated or incorrect
knowledge states. Participant Centric is the overall performance across both categories.

Table 2 breaks down the model performance on participant-centric question. We distinguish
between True Belief scenarios, where participants have access to the correct information
needed to answer questions accurately, and False Belief cases, where participants miss criti-
cal information updates, leading to a mismatch between their knowledge state and reality.
This analysis reveals two critical insights: First, all models show dramatic performance
drop when handling false beliefs situations. Claude-3.5 achieves 78.4% accuracy with true
beliefs but only 28.1% with false beliefs. Similar patterns appear across all models, with
gpt-4o dropping 33.8% points and llama3-405B declining 29.9%. Second, even for true belief
participant-centric questions, most models perform worse than on omniscient questions (
Table 1). Since participants with true belief have access to correct information, performance
should theoretically be comparable to omniscient question performance. While Claude-3.5
shows only a small gap of 1.6%, other models exhibit larger differences: gpt-4o drops 19%
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and llama3-405B falls 17.6% compared to omniscient questions. These findings highlight
models’ limitations in Theory of Mind capabilities as they struggle noticeably when reason-
ing from perspectives with incomplete information and show degraded performance even
when merely adopting a participant’s viewpoint rather than an omniscient one.

5.3 Impact of Distractors on Model Performance

MODEL ACCURACY (%) ON CONVERSATIONS

DISTRACTOR UNDERSPECIFIED

Model Omniscient Participant Centric Overall Omniscient

claude-3-5-sonnet-20241022 78.8 50.5 55.6 63.8
gpt-4o-2024-08-06 65.4 34.8 40.3 54.3
llama3-1-405b-instruct 67.0 35.5 41.2 73.9
llama3-2-90b-instruct 44.4 21.7 25.7 44.4
llama3-2-11b-instruct 9.1 8.1 8.3 14.6

Table 3: Model performance on (i) conversations with distractor (ii) underspecified conversations
with unanswerable questions. For distractor conversations we compute accuracy for Omniscient,
participant-centric and over all questions. For unswerable questions we only compute % unanswer-
ability correctly identified. We compute this for only Omniscient questions as explained in section 5.4
Our analysis of conversations with distractors (Table 3) reveals a consistent drop in model
performance across all models, especially for participant-centric type questions. For omni-
scient questions, the impact is relatively modest. Claude-3.5 maintains strong performance
with only 1.2% drop in performance compared to that on base conversation. Similarly,
Llama3-405B also shows only 2.2% drop in performance. GPT-4o experiences a more no-
ticeable performance drop of ∼ 8% to 65.4% due to distractors. The challenge becomes
more pronounced with participant-centric questions, where models must simultaneously
filter distractors while maintaining participant-specific information models. Claude-3.5
achieves 50.5% accuracy on these more complex scenarios, while GPT-4o and Llama3-405B
attain 34.8% and 35.5% respectively. These results highlight a critical limitation that current
language models struggle to effectively filter out irrelevant information, especially when
required to maintain a specific participant centric view of the conversation.

5.4 Handling Unanswerable Situations

For underspecified conversations, we calculate the percentage of questions where models
correctly identified the unanswerability. It’s important to note that for underspecified
conversations, if the participant-centric question is unanswerable, its omniscient variant
will also be unanswerable. Therefore, a model could potentially arrive at the correct
answer (identifying unanswerability) for a participant-centric question by using omniscient
reasoning. So we only report performance on Omniscient questions. As shown in Table 3,
models demonstrate varying abilities to recognize information gaps. Claude-3.5 correctly
identifies 63.8% of unanswerable questions, while Llama3-405B performs surprisingly well
at 73.9%. GPT-4o achieves 54.3% accuracy, with smaller models showing significantly
reduced capabilities. This demonstrates that even advanced models struggle to consistently
recognize when they lack sufficient information to answer a question and are biased to
generate answer even when it is not possible to do so.

6 Conclusion

We present DIAMONDs, a novel multiparty conversation comprehension benchmark that tests
for a subset of Theory of Mind (ToM) capabilities. Our benchmark specifically targets
tracking dynamic information states, managing knowledge asymmetries across multiple
participants, and integrating this understanding with numerical reasoning—challenges that
mirror real-world social interactions. Our evaluation of state-of-the-art language models
reveals significant gaps in these types of ToM capabilities, where even strong models like
Claude-3.5 struggle with participant-centric reasoning, and fare even worse in false belief
settings. Additionally, DIAMONDs introduces a scalable approach for constructing complex,
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information-rich conversations with controlled information asymmetries. By leveraging a
multi-stage generation process that combines LLM capabilities with structured templates
sampled from a Markov process, we create conversations that systematically test specific
aspects of ToM reasoning while maintaining coherence and realism. This methodology
offers a blueprint for developing increasingly sophisticated conversation-based evaluation
resources. These findings highlight a fundamental challenge: current language models
struggle to maintain accurate mental models of different participants’ knowledge states
throughout extended conversations. DIAMONDs thus provides valuable insights into the
current limitations of language models while establishing clear directions for improving
ToM capabilities essential for effective human-AI interaction in multi-party settings.
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A Appendix

A.1 Script Premise Components

setting:
At a high school science fair planning meeting, four students 
- Alex, Bella, Chen, and Diana - are discussing their project 
budgets and material requirements.

question:
Calculate the total amount of funding needed for all four 
science fair projects combined.

participants:
['Alex', 'Bella', 'Chen', 'Diana’]

script premise:
Alex is working on a renewable energy project and needs 3 
solar panels at $45 each, 2 voltage meters costing $25 each, 
and plans to create 15 informational handouts at $2 per copy. 
Bella's chemistry experiment requires 8 different chemicals 
costing $12 each, 3 sets of safety equipment at $30 per set, 
and 5 specialized glass beakers at $15 each. Chen's robotics 
project needs 2 microcontrollers at $35 each, 6 servo motors 
costing $20 each, and a programming kit for $85. He also 
needs to print 20 pages of documentation at $0.50 per page. 
Diana's environmental science project requires 4 soil testing 
kits at $28 each, 6 plant specimens costing $8 each, and 2 
digital thermometers at $22 each. She plans to create 10 
presentation posters at $5 each.

Figure 5: Script Premise Components for a Travel Agency Meeting with 4 participants.

A.2 Variable State Perturbation

Alex: 
During their conversation, Alex realizes he needs 
to add 5 more informational handouts at the same 
cost per copy to reach more visitors. 

Bella: 
During their conversation, Bella discovers she 
needs one additional set of safety equipment at the 
same cost per set. 

Chen: 
During their conversation, Chen decides to add 2 
more servo motors at the same cost per unit to 
improve his robot's functionality. 

Diana: 
During their conversation, Diana decides to reduce 
her poster count by 2 as she found more efficient 
ways to present her information.

Figure 6: Variable State Perturbation information for each participant, that perturbs a
variable state established in the script premise (Figure 5)
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A.3 Template Generation

<SETTING>
<SCRIPT PREMISE>
Chen leaves the conversation because of - "[need to schedule 
another appointment]"

Some casual conversation goes on between ['Alex', 'Bella', 
'Diana'].
<Alex> var change
Diana leaves because of reason "[need to take care of some 
personal matters]"

Some casual conversation goes on between ['Alex', 'Bella'].
Chen re-enters, after leaving earlier due to "[need to schedule 
another appointment]"
Some casual conversation goes on between ['Alex', 'Bella', 
'Chen']. (They do not talk about the specific details of their 
past conversations that Chen missed.)
<Chen> var change

Some casual conversation goes on between ['Alex', 'Bella', 
'Chen'].
<Bella> var change
Chen leaves because of reason "[have unexpected visitor]"

Some casual conversation goes on between ['Alex', 'Bella'].
Diana re-enters, after leaving earlier due to "[need to take 
care of some personal matters]"
Some casual conversation goes on between ['Alex', 'Bella', 
'Diana']. (They do not talk about the specific details of their 
past conversations that Diana missed.)
<Diana> var change

Figure 7: Script Template with participant movement (red and green colored) and slots
(<name> var change) for pariable state perturbation information to be exchanged during
the conversation.

A.4 Assembling the Script

At a high school science fair planning meeting, four students - Alex, Bella, Chen, and 
Diana - are discussing their project budgets and material requirements. Alex is working on 
a renewable energy project and needs 3 solar panels at $45 each, 2 voltage meters costing 
$25 each, and plans to create 15 informational handouts at $2 per copy. Bella's chemistry 
experiment requires 8 different chemicals costing $12 each, 3 sets of safety equipment at 
$30 per set, and 5 specialized glass beakers at $15 each. Chen's robotics project needs 2 
microcontrollers at $35 each, 6 servo motors costing $20 each, and a programming kit for 
$85. He also needs to print 20 pages of documentation at $0.50 per page. Diana's 
environmental science project requires 4 soil testing kits at $28 each, 6 plant specimens 
costing $8 each, and 2 digital thermometers at $22 each. She plans to create 10 
presentation posters at $5 each.
Chen leaves the conversation because of - "[need to schedule another appointment]"

Some casual conversation goes on between ['Alex', 'Bella', 'Diana'].
During their conversation, Alex realizes he needs to add 5 more informational handouts at 
the same cost per copy to reach more visitors.
Diana leaves because of reason "[need to take care of some personal matters]"

Some casual conversation goes on between ['Alex', 'Bella'].
Chen re-enters, after leaving earlier due to "[need to schedule another appointment]"
Some casual conversation goes on between ['Alex', 'Bella', 'Chen']. (They do not talk 
about the specific details of their past conversations that Chen missed.)
During their conversation, Chen decides to add 2 more servo motors at the same cost per 
unit to improve his robot's functionality.

Some casual conversation goes on between ['Alex', 'Bella', 'Chen'].
During their conversation, Bella discovers she needs one additional set of safety 
equipment at the same cost per set.
Chen leaves because of reason "[have unexpected visitor]"

Some casual conversation goes on between ['Alex', 'Bella'].
Diana re-enters, after leaving earlier due to "[need to take care of some personal 
matters]"
Some casual conversation goes on between ['Alex', 'Bella', 'Diana']. (They do not talk 
about the specific details of their past conversations that Diana missed.)
During their conversation, Diana decides to reduce her poster count by 2 as she found more 
efficient ways to present her information.

Figure 8: Assmebling the script by filling in the template slot (Figure 7) with relevant (i)
setting, (ii) premise (Figure 5 and (iii) variable state perturbations (Figure 6).
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A.5 Conversation Generation from Script

Alex : Thanks everyone for meeting up to discuss our science fair projects! I'm really excited 
about my renewable energy demonstration.
Bella : Me too! Let's go through our materials lists to make sure we have everything covered.
Alex : For my setup, I need 3 solar panels at $45 each, 2 voltage meters at $25 each, and 15 
handouts at $2 per copy.
Chen : Sounds comprehensive! For my robotics project, I'm looking at 2 microcontrollers at $35 
each, 6 servo motors at $20 each, and an $85 programming kit.
Diana : That's quite high-tech, Chen! I'm keeping mine more earth-focused.
Chen : What's your plan, Diana?
Diana : I need 4 soil testing kits at $28 each, 6 plant specimens at $8 each, and 2 digital 
thermometers at $22 each. Plus 10 posters at $5 each.
Bella : While we're sharing, my chemistry experiment needs 8 chemicals at $12 each, 3 safety 
equipment sets at $30 each, and 5 special beakers at $15 each.
Chen : Oh! I almost forgot - I also need to print 20 pages of documentation at 50 cents per page.
Alex : Looks like we've all put a lot of thought into this!
Chen : Sorry everyone, I just remembered I need to schedule an appointment. I'll catch up with you 
later!
Bella : No problem, Chen! Take care!
Alex : Have you seen the previous years' winning projects? They're really inspiring.
Bella : Yes! The presentation quality keeps getting better each year.
Diana : Speaking of presentation, that reminds me...
Alex : You know, looking at those projects made me realize something about my handouts.
Bella : What's on your mind, Alex?
Alex : I think I should add 5 more handouts at $2 each. We usually get more visitors than I 
initially planned for.
Diana : That's smart thinking! Oh - I just remembered I need to take care of some personal 
matters. I'll catch you all later!
Bella : See you later, Diana! Take care!
Alex : The science fair venue is perfect this year, don't you think?
Bella : Absolutely! The lighting is much better for demonstrations.
Chen : Hey everyone! The appointment's all sorted now.
Alex : Chen! Perfect timing - we were just discussing the venue.
Bella : The layout should work great for your robot demonstration, Chen!
Chen : Actually, speaking of the robot, I've been thinking...
Alex : Made some design improvements?
Chen : Yes! I need to add 2 more servo motors at $20 each. It'll make the movements much smoother.
Bella : That sounds like it'll make a big difference!
Alex : The judging criteria this year seems pretty comprehensive.
Chen : Safety is a big focus, from what I've heard.
Bella : Oh, that reminds me! After reviewing the safety guidelines...
Alex : Everything okay with your chemistry setup, Bella?
Bella : I need to add another set of safety equipment at $30. Better to be over-prepared than 
under!
Chen : Always better to- Oh! Someone's at my door unexpectedly. Got to run!
Alex : No problem, catch you later!
Alex : The weather should be perfect for the science fair weekend.
Bella : Perfect for getting all our equipment in without rain!
Diana : Hi everyone! Sorry about stepping out earlier.
Alex : Diana! Welcome back! We were just talking about the weather for the fair.
Bella : The forecast looks great for your plant specimens!
Diana : That's good to hear! Actually, I've been rethinking my presentation approach...
Alex : Oh? What's changed?
Diana : I found some better ways to present my data, so I'll reduce my poster count by 2. Still at 
$5 each, but fewer needed.
Bella : Sometimes less is more with presentations!

Figure 9: Conversation from Script: Final conversation based on the conversation script
(Figure 5).

A.6 Script Template Generation

As shown in Figure 10, the generation follows a Markov Chain process that creates dy-
namic script templates based on the number of participants, and a set of leaving reasoning
mentioned in Kim et al. (2023). The process begins by establishing a premise slot that sets
the foundation for the conversation. Initially, all participants have an equal probability of
leaving the conversation. The generation unfolds in several steps:

1. First, a participant is randomly selected to leave the conversation, with their depar-
ture reason chosen from a predefined list of plausible excuses.
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Initialize Script
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Figure 10: Markov Chain process for generating the discourse of the script which will be
translated into a conversation for the data in DIAMONDs.

2. Next, the generator selects a participant to share information (variable state per-
turbation) from those who haven’t yet contributed to the conversation. This can
happen in two ways:

• If the selected participant is currently present in the conversation, they directly
share their information

• If the selected participant is absent, they first re-enter the conversation before
sharing their information

3. After each information sharing event, the generator randomly decides between two
possible actions:

• Having another participant leave the conversation
• Having a previously departed participant re-enter the conversation

To make the conversation flow more natural, the probability of a participant leaving again
is reduced by 0.75 each time they exit the conversation. This prevents unrealistic patterns of
repeated exits and entries by the same participant. Between these major events (leaving, re-
entering, and information sharing), the generator includes segments of casual conversation
among the current participants. When a participant re-enters, the generator explicitly notes
that the others don’t discuss the specific details of conversations that occurred during their
absence.
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A.7 Benchmarking Models on their Complete Set of Data with Valid Prediction

MODEL PERFORMANCE ON BASE CONVERSATIONS (FULL DATA)

Model Omniscient
(%)

Participant
Centric (%)

Overall
(%)

claude-3-5-sonnet-20241022 82.6 57.4 81.8
gpt-4o-2024-08-06 69.4 40.9 45.95
llama3-1-405b-instruct 66.0 36.0 41.2
llama3-2-90b-instruct 48.5 23.7 27.94
llama3-2-11b-instruct 9.8 8.7 8.9

Table 4: Model accuracy (%) on regular/base conversations without any distractor. Numbers
reported are for models’ performance on their full set of valid, parsable predictions.

MODEL ACCURACY (%) ON CONVERSATIONS (FULL DATA)

DISTRACTOR UNDERSPECIFIED

Model Omniscient Participant Centric Overall Omniscient

claude-3-5-sonnet-20241022 78.1 55.7 24. 58.1
gpt-4o-2024-08-06 63.7 35.6 40.4 44.6
llama3-1-405b-instruct 65.0 35.3 40.6 70.3
llama3-2-90b-instruct 43.8 22.1 25.8 44.3
llama3-2-11b-instruct 9.1 8.5 8.6 13.0

Table 5: Model accuracy (%) on conversations with distractor and underspecified conversa-
tions where questions are unanswerable. The distractor conversations we compute accuracy
for Omniscient, participant-centric and over all questions. For unswerable questions we
only compute % unanswerable

We report models performance in Table 1, 3 on a common subset of data where all models
provided valid responses. Here we report the models’ performance based on their full
set of valid, parsable predictions across the entire dataset. Table 4, 5 reports the model
performance on regular/base, distractor and unanswerable conversation in DIAMONDs.

A.8 Dataset Generation

Our complete dataset generation pipeline uses LLMs in a multi-stage fashion to generate the
conversation, question, answer (C, q, a). Given the mathematically nuanced and constrained
nature of our dataset, we use the latest state of art models claude-3-5 sonnet 20241022,
and gpt-4o 2024-08-06 with few-shot prompting for generating the required components
of the dataset. For translating the script into their corresponding conversation, we use
claude-3-5-sonnet-20241022 with 1-shot prompting as we observed it to generate more
more natural reading and longer conversations compared to gpt-4o-2024-08-06. However,
to show that the relative performance trend of a model is not result of choice of model for
translating script to conversation, we also generate data that uses gpt-4o-2024-08-06 as
script to conversation translation model and report result on it in the Appendix A.9.

18



Preprint. Under review.

A.9 Benchmarking on Data with gpt-4o as Script to Conversation Translator

In this section, we report the model performance on question for DIAMONDs conversations,

MODEL PERFORMANCE ON BASE CONVERSATIONS
GPT-4o TRANSLATED CONVERSATION

Model Omniscient
(%)

Participant
Centric (%)

Overall
(%)

claude-3-5-sonnet-20241022 66.7 43.0 47.1
gpt-4o-2024-08-06 57.1 38.0 41.3
llama3-1-405b-instruct 61.9 33.0 38.0
llama3-2-90b-instruct 47.6 27.0 30.6
llama3-2-11b-instruct 14.3 14.0 14.0

Table 6: Model accuracy (%) on regular/base conversations without any distractor. Numbers
reported here are for a common subset of conversations that are translated from script using
gpt-4o.

MODEL PERFORMANCE ON DISTRACTOR CONVERSATIONS
GPT-4o TRANSLATED CONVERSATION

Model Omniscient
(%)

Participant
Centric (%)

Overall
(%)

claude-3-5-sonnet-20241022 54.2 34.3 38.0
gpt-4o-2024-08-06 41.7 23.8 27.1
llama3-1-405b-instruct 41.7 21.9 25.6
llama3-2-90b-instruct 20.8 16.2 17.1
llama3-2-11b-instruct 8.3 5.8 6.3

Table 7: Model accuracy (%) on conversations with distractors. Numbers reported here are
for a common subset of conversations that are translated from script using gpt-4o.

where gpt-4o is used to translate the script to conversation. Table 6 reports the model
performance on base/regular conversations, Table 7 on conversations with distractor and
on underspecified conversations for which the questions are unanswerable. We do not
include these data as part of DIAMONDs dataset, due to the observed quality of the translated
conversations to be erroneous and unnatural in generation. However, we are reporting the
performance just to show that the relative performance trends of the model is same as that
observed for conversations generated with Claude-3.5 (Table 1, 3).
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A.10 Prompts

A.10.1 Script Premise Components

# Instruction
Create a simple and unambiguous math word problem (MWP) based on a situation involving conversation between 
multiple participants.

## 1. Input
- A conversation theme 
- number of participants in the conversation

## 2. Output Component

### 2.1 setting
- a brief, high-level description of the conversation's context.

### 2.2 Math Word Problem (mwp)
- Based on the setting, create a detailed math word problem (mwp) that includes various numerical information 
associated with the participants, that are expressed by them.
- Must include:

- Clear numerical information for each participant associated with them
- Logical relationships between quantities if any exists
- Realistic and consistent values
- Clear units of measurement

### 2.3 question
- Formulate a sufficiently specified question about one numeric quantity of interest that can be answered using 
the information in the mwp. 

- Requirements:   
- Avoid questions that ask for multiple results, e.g.:

✗ How many liters of water can they purchase, and will they have enough to meet the weekly water 
requirements for all their trees? 

✗ What are the individual yields of each participant?
- Include any extra assumptions or context necessary to make the question unambiguous.
- 'question' should be such that answering it should require utilizing almost all the numerical information 

in the 'mwp'.
- 'question' should' yield one unambiguous answer, e.g: 

✗ What is the company's net profit for the quarter?  
✓ Calculate the company's quarterly profit or loss (express profit as positive and loss as negative).

✗ What is the remaining balance?  
✓ Calculate the remaining balance, expressing excess as positive and shortfall as negative..

### 2.4 Participants
- List of participant names in the form they appear in the 'mwp'

## 3. Output Format
JSON object with the following structure:
```json
{{
"setting": "string",
"mwp": "string",
"question": "string",
"participants": ["string"]

}}

## 4. Examples
{Example 1}
…
{Example n}

Figure 11: Conversation script premise prompt
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A.10.2 Variable State Perturbations Generation

# Instruction
Create logically consistent variable changes that affect the solution to a given math word problem (narrative) 
while maintaining problem solvability.

## 1. Input
- A complete math word problem in JSON format containing:
- setting: a brief, high-level description of the conversation's between participants that is described in the 

narrative
- narrative:  detailed math word problem/narrative based on the setting, that includes various numerical 

information associated with the participants
- question: a question about a quantity of interest that can be answered using the information in the 

narrative
- participants: participants in the narrative

## 2. Variable Selection Criteria

### 2.1 Eligible Variables
Variables must be:
- Explicitly mentioned in the narrative
- Used directly or indirectly in calculating the answer
- Quantifiable and clearly specified
- Modifiable while maintaining problem solvability
- Independent or unaffected by the state of other variables

## 3. Change Specifications

### 3.1 Expression Format
Must be:
- Relative to original value
- Self-contained (not referencing other participants)
- Complete with all necessary information needed to calculate the new answer due to this change
- Free of redundant information
- Avoid dependencies on other participants' changes
- Begin with "During their conversation"

Examples:
✓ "decides to add 5 more units at the same cost per unit"
✗ "increases units from 10 to 15"
✓ "reduces processing time by 10 minutes"
✗ "processing time becomes same as Bob's"

## 4. Output Format
JSON object with the following structure:
{{
"participant1_name": "string description of change of variable associated with participant 1.",
"participant2_name": "string description of change of variable associated with participant 2.",  
...
"participantn_name": "string description of change of variable associated with participant n."

}}

## 5. Examples
{Example 1}
…
{{Example n}

Figure 12: Variable State Perturbation: Information perturbing the state of the variables
established in the remise
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A.10.3 Generate Underspecified and Distractor Script Variants

Underspecific Script We generate Unanswerable or underspecified variants S− of base
script S through systematic information omission. Given a base script S with premise Sp, we
create an underspecified premise S−

p (Figure 21 (1)) by removing key information required
to answer the question. We then generate two sets of variable state perturbations: (i) VS−

p

for the underspecified premise S−
p and (ii) V−

Sp
(Figure 21 (2)) for the base script premise Sp

with underspecified variable information. We create unanswerable script S− by combining
(S−

p , VS−
p

) or (Sp, V−
Sp

, VSp ) through our script template, that test models’ ability to recognize
insufficient information. The components for the distractor scripts are generated with
few-shot prompting using a Large Language Model. The prompts for generating S−

p and
V−

Sp
are shown in Appendix, Figure 13, and 15.

Distractor Script For generating the distractor variants S+, we augment the base script S
with additional, thematically relevant but question-irrelevant information. We first trans-
form a base script premise Sp into an augmented premise S+

p by introducing information
about new quantities ui and uj (Figure 18 (1)) associated with participants pi and pj. These
additions maintain conversational coherence while being irrelevant to answering the target
question. We then generate ui and uj’s corresponding variable state perturbations v+i and
v+j (Figure 18 (2)) for these new quantities. The final distractor script S+ is assembled
using an augmented template that augments the original template slots with positions for
distractor variable updates. This process preserves the original answer to question q, as the
added information in S+ is designed to be independent of the solution path. Similar to the
distractor scripts, the components for the unanswerable scripts are generated with few-shot
prompting using a Large Language Model. The prompt template used to generate S+

p , and
v+i and v+j is shown in Appendix, Figure 13, 14.
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# Instruction
You are given a 'narrative' and a 'question' about a setting involving conversation between multiple 
participants. You are required to generate two variants of the narrative:
- overspecified narrative with additional distractor information that does not change the answer to the 
question
- underspecified narrative with key information removed that makes the question unanswerable

## 1. Input (in JSON Format)
- **setting**: A brief description of the conversation context
- **narrative**: The original math word problem narrative
- **question**: The numerical question to be answered
- **participants**: List of all participants in the conversation

## 2. Task Steps

### Underspecified Variant
1. Identify key information in the **narrative** which, if removed, would make the **question** unanswerable

- Key information must be a specific numerical value or relationship essential for calculation
- If multiple pieces could make it unanswerable, select the most critical one

2. Create new narrative by removing the identified key information
- Maintain the coherence and flow of the original narrative
- Only remove the specific piece of information identified

### Overspecified Variant
1. Select exactly 2 participants from the input participant list
2. Generate one piece of distractor information for each selected participant

- Distractor must be relevant to the setting and participant's role
- Distractor must not affect the numerical answer to the question
- Distractor should be quantitative information (measurements, counts, percentages, etc.)

3. Create overspecified narrative by adding both pieces of distractor information
- Insert distractors near the original mentions of the selected participants
- Maintain natural flow of the narrative

## 3. Output Format

{{
"underspecified": {{
"missing_info": "string describing the removed critical information",
"underspecified_narrative": "string containing modified narrative"

}},
"overspecified": {{
"selected_participants": ["string", "string"],
"distractor-info": {{
"participant1": "string containing distractor information",
"participant2": "string containing distractor information"

}},
"overspecified_narrative": "string containing modified narrative"

}}
}}

## 5. Example
{Example 1}
…
{Example n}

Figure 13: Prompt for generating (i) underspecified premise and (ii) premise with distractor
information.

A.10.4 Distractor Variable State Perturbations Generation
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# Instruction
Create changes to the state of participant's variable that do not affect the answer to a given question while 
maintaining narrative consistency and plausibility.

## 1. Input
- A complete scenario in JSON format containing:
- setting: a brief, high-level description of the conversation between participants that is described in the 

narrative
- narrative:  detailed math word problem/narrative based on the setting, that includes various numerical 

information associated with the participants
- question: a question about a quantity of interest that can be answered using the information in the 

narrative
- distractor-info: participants and their associated variables in narrative that do not affect the answer to 

the question

## 2. Variable Selection Criteria

### 2.1 Eligible Variables
Variables must be:
- Mentioned in distractor-info
- Not used in calculating the answer
- Clearly specified with current state/value
- Modifiable while maintaining narrative plausibility
- Independent of answer-critical variables

## 3. Change Specifications

### 3.1 Expression Format
Must be:
- Relative to original value
- Self-contained within participant context
- Free of references to other participants
- Include only necessary information
- Begin with "During their conversation"

Examples:
✓ "decides to reduce water usage by 1 liter per day"
✗ "reduces water usage from 5 to 4 liters"
✓ "plans to expand farm area by 10 square meters"
✗ "expands farm to match Nina's size"

## 4. Output Format
{{
"participant1_name": "string describing change to distractor variable",
"participant2_name": "string describing change to distractor variable",
...

}}

## 5. Examples
{Example 1}
…
{Exampl. n}

Figure 14: Perturbing distractor information in premise with distractor

A.10.5 Underspecified Variable State Perturbations Generation

24



Preprint. Under review.

# Instruction
Create underspecified variable changes that affect the solution to a given math word problem (narrative) while 
intentionally omitting or underspecifying key information needed for precise calculation.

## 1. Input
- A complete math word problem in JSON format containing:
- setting: a brief, high-level description of the conversation between participants
- narrative: detailed math word problem/narrative based on the setting, including various numerical 

information
- question: a question about a quantity of interest that can be answered using the narrative
- participants: participants in the narrative whose variables state should change

## 2. Variable Selection Criteria

### 2.1 Eligible Variables
Variables must be:
- Explicitly mentioned in the narrative
- Used directly or indirectly in calculating the answer
- Quantifiable and clearly specified in the original problem
- Independent (not defined relative to other participants' variables)

### 2.2 Underspecification Requirements
Changes must:
- Include some numeric information
- Deliberately omit crucial details needed for precise calculation
- Avoid explicit uncertainty phrases (e.g., "is not sure", "doesn't know")
- Maintain independence from other participants' variables
- Include at least one numeric value

## 3. Change Specifications

### 3.1 Expression Format
Must be:
- Begin with "During their conversation"
- Self-contained (not referencing other participants)
- Intentionally omit key details that would be needed for calculation
- Free of explicit uncertainty markers
- Independent of other participants' changes

Examples:
✓ "decides to add 2 more powerful motors that cost extra"
✗ "decides to add 2 motors that cost $15 each"
✓ "will use 3 premium sensors"
✗ "is unsure about how many sensors to add"
✓ "plans to increase production by 20% using additonal enhanced materials"
✗ "will match Bob's production rate"

## 4. Output Format
JSON object with the following structure:

{{
"participant1_name": "string description of underspecified change for participant 1",
"participant2_name": "string description of underspecified change for participant 2",
...
"participantn_name": "string description of underspecified change for participant n"

}}

## 5. Examples
{Example 1}
…
{Example n}

Figure 15: Prompt for generating underspecified variable state perturbation information
that effects the answer to the question

A.10.6 Script to Conversation Translation
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# Conversation Generation Instructions

## 1. Overview
Convert a given 'context' into a natural multi-turn 'conversation' between participants. The output should be a 
JSON structure containing segmented conversations, i.e. one conversation segment for one context segment.
The convesation should accurately reflect the context while maintaining natural flow and consistent character 
personalities.

## 2. Base Requirements

### 2.1 Information Coverage
- EACH and EVERY piece of information from the context must be conveyed in the conversation
- Follow the exact same discourse order as the context
- Do not include any numerical calculations/information beyond what's explicitly stated
- Maintain factual consistency throughout all segments

### 2.2 Conversation Structure
- Maximum 3 sentences per dialogue turn
- include casual exchanges before and after

(i) someone leaves
(ii) someone re-enters
(iii) introducing key information

- Natural transitions between casual conversation and key information
- Break long information into multiple natural turns

### 2.3 Participant Rejoining
- When participants rejoin, DO NOT mention or summarize previous conversations
- Include appropriate welcoming remarks without discussing missed content
- Maintain conversation flow without artificial recap

## 3. Natural Conversation Guidelines

### 3.1 Casual Conversation Topics
- Topics should be relevant to the conversation setting

### 3.2 Character Consistency
- Maintain consistent speaking style for each participant
- Use appropriate level of formality based on relationship
- Maintain consistent enthusiasm and engagement level

### 3.3 Emotional Elements
- Show appropriate reactions to changes in plans
- Express genuine interest in others' updates
- Include natural concern when others leave
- Display appropriate excitement for positive developments

### 3.4 Transitions
- Natural lead-ins to important information
- Smooth transitions between speakers
- Organic conversation flow
- Appropriate closure when participants leave

## 4. Technical Format

{{
"conversation": [

[
{{"participant-1": "dialogue 1"}},
{{"participant-2": "dialogue 2"}},
{{"participant-3": "dialogue 3"}}

],
[

{{"participant-2": "dialogue 4"}},
{{"participant-3": "dialogue 5"}},
{{"participant-1": "dialogue 6"}}

]
]

}}

## 5. Example
{Example 1}
…
{Example n}

Figure 16: Prompt for translating script to natural conversation.

A.10.7 Model Inference
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"""You are a logical analyzer with commonsense that can do mathematical reasoning and has theory of 
mind. 
Given a conversation and a question based on it, analyze them step-by-step using the following process:

1. First, carefully read the provided:
Conversation: [narrative text]
Question: [question text]

2. Think through the following aspects methodically:

a) answerability: evaluate question answerability based on the conversation:
- Does the context provide all necessary information?
- Are there any missing crucial details?
- Can the question be answered definitively based on given information?

b) If the question is answerable, solve it:
- Break down the solution into clear steps
- Show all calculations and reasoning
- Derive the final numerical answer

3. Provide your analysis in the following JSON format:
{
"cot": "Detailed chain of thought explaining your analysis for each step above",
"answerability": "YES/NO/NA",
"solution": ["Step 1...", "Step 2...", ...] or "NA",
"answer": "numerical_answer or NA"
}

Task Rules:
- If you are asked a question from a participants perspective, assume that you are that participant. 
To answer the question, you can only use the information that the participant has access to. For example
in this conversation:

{'Councilor Thompson': 'Found something interesting?'},
{'Councilor Chen': 'Yes, our recent preventive maintenance work has paid off. We can reduce emergency 
repairs by $40,000.'},
{'Mayor Wilson': "That's excellent news!"},
{'Councilor Thompson': 'Has anyone tried the new café in the city hall lobby?'},
{'Councilor Rodriguez': "Hello everyone! Hope I didn't miss too much."},
{'Mayor Wilson': 'Welcome back! We were just discussing the new café.'},
{'Councilor Chen': 'Their coffee is quite good!'},

Councilor Rodriguez does knows that the 'emergency repairs' can be reduced by $40,000'.

Suggestion:
When asked the question from a participant's perspective, you can summarize the conversation using the 
information in it that is accessible to that participant, and use the summary to answer the question.

Output Rules:
- The "cot" should show your complete reasoning process
- "answerability" is "YES" if the question is answerable based on the conversation, otherwise "NO"
- "solution" should be "NA" if answerability is "NO", otherwise ["Step 1...", "Step 2...", ...]
- "answer" should be "NA" if answerability is "NO", otherwise the final numerical answer

Conversation:\n{conversation}

Question:\n{question}

Response:

""”

Figure 17: Prompt used for performing inference for the task.

A.11 Distractor and Unanswerable Conversations

A.11.1 Distractor Conversations
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1. Distractor information to be added to script premise:

Chen:
Chen mentions that his robotics workspace takes up 4 square meters in his 
garage.

Diana:
Diana notes that she spends 12 hours per week monitoring her plant specimens.

2. Variable state perturbation for distractor variables

Chen:
During their conversation, Chen mentioned he needs to expand his robotics 
workspace to 6 square meters to accommodate new equipment.

Diana:
During their conversation, Diana noted that she plans to increase her plant 
monitoring time to 15 hours per week for better data collection.

Figure 18: Components Required for Distractor Script Generation: (1) Distractor variable
information to be added to the base script’s premise (Figure 5) to create a distractor premise,
and (2) Variable state perturbations for the distractor variables in the distractor premise.

At a high school science fair planning meeting, four students - Alex, Bella, Chen, and 
Diana - are discussing their project budgets and material requirements.
Alex is working on a renewable energy project and needs 3 solar panels at $45 each, 2 
voltage meters costing $25 each, and plans to create 15 informational handouts at $2 per 
copy. Bella's chemistry experiment requires 8 different chemicals costing $12 each, 3 sets 
of safety equipment at $30 per set, and 5 specialized glass beakers at $15 each. Chen's 
robotics project needs 2 microcontrollers at $35 each, 6 servo motors costing $20 each, 
and a programming kit for $85. He mentions that his robotics workspace takes up 4 square 
meters in his garage. He also needs to print 20 pages of documentation at $0.50 per page. 
Diana's environmental science project requires 4 soil testing kits at $28 each, 6 plant 
specimens costing $8 each, and 2 digital thermometers at $22 each. She notes that she 
spends 12 hours per week monitoring her plant specimens. She plans to create 10 
presentation posters at $5 each.
Chen leaves the conversation because of - "[need to schedule another appointment]"

Some casual conversation goes on between ['Alex', 'Bella', 'Diana'].
During their conversation, Diana noted that she plans to increase her plant monitoring 
time to 15 hours per week for better data collection.
Some casual conversation goes on between ['Alex', 'Bella', 'Diana'].
During their conversation, Alex realizes he needs to add 5 more informational handouts at 
the same cost per copy to reach more visitors.
Diana leaves because of reason "[need to take care of some personal matters]"

Some casual conversation goes on between ['Alex', 'Bella'].
Chen re-enters, after leaving earlier due to "[need to schedule another appointment]"
Some casual conversation goes on between ['Alex', 'Bella', 'Chen']. (They do not talk 
about the specific details of their past conversations that Chen missed.)
During their conversation, Chen decides to add 2 more servo motors at the same cost per 
unit to improve his robot's functionality.

Some casual conversation goes on between ['Alex', 'Bella', 'Chen'].
During their conversation, Bella discovers she needs one additional set of safety 
equipment at the same cost per set.
Some casual conversation goes on between ['Alex', 'Bella', 'Chen'].
During their conversation, Chen mentioned he needs to expand his robotics workspace to 6 
square meters to accommodate new equipment.
Chen leaves because of reason "[have unexpected visitor]"

Some casual conversation goes on between ['Alex', 'Bella'].
Diana re-enters, after leaving earlier due to "[need to take care of some personal 
matters]"
Some casual conversation goes on between ['Alex', 'Bella', 'Diana']. (They do not talk 
about the specific details of their past conversations that Diana missed.)
During their conversation, Diana decides to reduce her poster count by 2 as she found more 
efficient ways to present her information.

Figure 19: The Distractor Script is created through two components: (1) incorporating
distractor variable information into the base premise, and (2) applying variable state pertur-
bations to both (violet) distractor variables and (cyan) relevant variables within the premise.

A.11.2 Unanswerable Conversations
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Alex : Hey everyone! Ready to dive into our science fair project plans?
Bella : Definitely! I've got my budget spreadsheet ready.
Chen : Same here. My garage is already turning into a mini robotics lab!
Diana : Let's share what we need. Alex, want to start?
Alex : Sure! For my renewable energy project, I need 3 solar panels at $45 each, 2 voltage 
meters at $25 each, and 15 handouts at $2 per copy.
Bella : Sounds organized! For my chemistry experiment, I need 8 chemicals at $12 each, 3 
safety equipment sets at $30 each, and 5 special beakers at $15 each.
Chen : My robotics project's getting complex. I need 2 microcontrollers at $35 each, 6 servo 
motors at $20 each, and an $85 programming kit.
Diana : That's quite a setup, Chen!
Chen : Yeah, it takes up 4 square meters in my garage. Oh, and I need 20 pages of 
documentation at 50 cents each.
Diana : For my environmental project, I need 4 soil testing kits at $28 each, 6 plant 
specimens at $8 each, and 2 digital thermometers at $22 each.
Bella : How are you managing all those plants, Diana?
Diana : I'm dedicating 12 hours weekly to monitoring them. Also planning 10 presentation 
posters at $5 each.
Chen : Oh shoot - just remembered I need to schedule an appointment. Got to run!
Alex : No problem, Chen. Catch you later!
Alex : The science fair's really shaping up this year!
Bella : The variety of projects is amazing. Diana, how's your plant monitoring going?
Diana : Actually, I've been thinking about that...
Alex : Found something interesting in your data?
Diana : Yes, I'm going to increase my monitoring to 15 hours weekly. Need more detailed 
observations.
Bella : That's dedication! The judges will definitely notice that.
Alex : Speaking of my project, I've been reviewing my outreach strategy...
Bella : Need to make some adjustments?
Alex : Yes, I should add 5 more handouts at $2 each. Want to reach more visitors.
Diana : That's smart thinking! Oh - I just remembered I need to take care of some personal 
matters.
Bella : No worries, Diana. See you soon!
Alex : Have you seen the layout plan for the science fair?
Bella : Yes! Our projects are well-spaced this year.
Chen : Hey everyone! Finally got that appointment sorted.
Alex : Chen! Perfect timing - we were just discussing the fair layout.
Bella : How's the robot coming along?
Chen : Actually, I've been tinkering with the design...
Alex : Making improvements?
Chen : Yes, adding 2 more servo motors at $20 each. Should make the movements smoother.
Bella : Can't wait to see it in action!
Alex : The judges this year have impressive backgrounds!
Bella : That reminds me - I need to review my safety protocols...
Chen : Always better to be over-prepared.
Bella : Actually, I should add another safety equipment set at $30. Better safe than sorry!
Alex : Good call, Bella. Safety first!
Chen : Speaking of space needs, my robot's getting bigger than expected.
Bella : Need more room?
Chen : Yes, I'll need to expand to 6 square meters in the garage. Oh - someone's at my door 
unexpectedly.
Alex : Go ahead, Chen. We'll catch up later!
Alex : These project deadlines are approaching fast!
Bella : But we're making good progress.
Diana : Hi everyone! Hope I didn't miss anything exciting!
Alex : Diana! Welcome back. We were just talking about deadlines.
Bella : How's your presentation planning going?
Diana : Actually, I've been rethinking my poster strategy...
Alex : Found a better approach?
Diana : Yes, I can reduce my poster count by 2. Found more efficient ways to present the 
data.
Bella : Sometimes less is more!

Figure 20: Conversation created from distractor script (Figure 19)
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1. Information to be removed from base script premise

Alex does not mention the cost per solar panel for his renewable energy project.

2. Underspecified variable perturbations for the base script premise

Chen:
During their conversation, Chen decides to add several high-torque servo motors 
costing $25 each and an enhanced programming interface.

Alex:
During their conversation, Alex plans to incorporate additional high-efficiency 
solar panels and will need extra voltage meters for the expanded setup.

Figure 21: Components Required for Unanswerable Script Generation: (1) Elements to be
excluded from the base script premise (Figure 5) to create an underspecified premise, and
(2) Underspecified variable state perturbations for the base premise.

At a high school science fair planning meeting, four students - Alex, Bella, Chen, and 
Diana - are discussing their project budgets and material requirements.
Alex is working on a renewable energy project and needs 3 solar panels at $45 each, 2 
voltage meters costing $25 each, and plans to create 15 informational handouts at $2 per 
copy. Bella's chemistry experiment requires 8 different chemicals costing $12 each, 3 sets 
of safety equipment at $30 per set, and 5 specialized glass beakers at $15 each. Chen's 
robotics project needs 2 microcontrollers at $35 each, 6 servo motors costing $20 each, 
and a programming kit for $85. He also needs to print 20 pages of documentation at $0.50 
per page. Diana's environmental science project requires 4 soil testing kits at $28 each, 
6 plant specimens costing $8 each, and 2 digital thermometers at $22 each. She plans to 
create 10 presentation posters at $5 each.
Chen leaves the conversation because of - "[need to schedule another appointment]"

Some casual conversation goes on between ['Alex', 'Bella', 'Diana'].
During their conversation, Alex plans to incorporate additional high-efficiency solar 
panels and will need extra voltage meters for the expanded setup.
Diana leaves because of reason "[need to take care of some personal matters]"

Some casual conversation goes on between ['Alex', 'Bella'].
Chen re-enters, after leaving earlier due to "[need to schedule another appointment]"
Some casual conversation goes on between ['Alex', 'Bella', 'Chen']. (They do not talk 
about the specific details of their past conversations that Chen missed.)
During their conversation, Chen decides to add several high-torque servo motors costing 
$25 each and an enhanced programming interface.

Some casual conversation goes on between ['Alex', 'Bella', 'Chen'].
During their conversation, Bella discovers she needs one additional set of safety 
equipment at the same cost per set.
Chen leaves because of reason "[have unexpected visitor]"

Some casual conversation goes on between ['Alex', 'Bella'].
Diana re-enters, after leaving earlier due to "[need to take care of some personal 
matters]"
Some casual conversation goes on between ['Alex', 'Bella', 'Diana']. (They do not talk 
about the specific details of their past conversations that Diana missed.)
During their conversation, Diana decides to reduce her poster count by 2 as she found more 
efficient ways to present her information.

Figure 22: The Unanswerable Script is constructed by combining three elements: (1) the
base script premise (Figure 5), (2) underspecified variable state perturbations (violet) (Fig-
ure 21) for some participants, and (3) sufficiently specified variable state perturbations
(cyan)(Figure 6) for the remaining participants.
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Alex : Hey everyone! Ready to dive into our science fair budget planning?
Bella : Yes! I've got my list all ready. This chemistry project is getting complex.
Chen : Same here with my robotics project. The parts list keeps growing!
Diana : Let's break it down one by one. Who wants to start?
Alex : I'll go first! For my renewable energy project, I need 3 solar panels at $45 each, 2 
voltage meters at $25 each, and I'm planning 15 handouts at $2 per copy.
Bella : Nice! For my chemistry experiment, I need 8 chemicals at $12 each, 3 sets of safety 
equipment at $30 per set, and 5 special glass beakers at $15 each.
Chen : My robotics project requires 2 microcontrollers at $35 each, 6 servo motors at $20 
each, and an $85 programming kit. Plus 20 pages of documentation at 50 cents each.
Diana : For my environmental science project, I need 4 soil testing kits at $28 each, 6 plant 
specimens at $8 each, and 2 digital thermometers at $22 each. Also planning 10 posters at $5 
each.
Chen : Oh shoot, just remembered I have an appointment to schedule. Got to step out for a 
bit!
Alex : No problem, Chen. Catch you later!
Alex : You know, I've been doing more research on solar efficiency...
Bella : Found something interesting?
Diana : Your renewable energy project is really coming together, Alex.
Alex : Actually, yes! I'm thinking of adding some high-efficiency solar panels and extra 
voltage meters to expand the setup.
Bella : That could give you much better data to present!
Diana : Oh, I just remembered - I need to take care of some personal matters. See you both 
later!
Alex : Take care, Diana!
Bella : Bye, Diana! Don't forget about tomorrow's meeting!
Alex : Have you seen the new science lab equipment catalog?
Bella : Yes! Some amazing new tools in there.
Chen : Hey everyone! The appointment's all sorted.
Alex : Welcome back! We were just checking out the new catalog.
Bella : Find any interesting robotics equipment lately, Chen?
Chen : Actually, yes! I'm planning to add some high-torque servo motors at $25 each and an 
enhanced programming interface.
Alex : That sounds like it'll give you much more precision!
Bella : Your robot's going to be amazing with those upgrades.
Alex : The science fair layout plans look great this year.
Chen : They really thought through the power supply locations.
Bella : Speaking of safety, I just realized something about my setup...
Alex : Everything okay?
Bella : Yes, but I'll need one more set of safety equipment at the same cost. Better to be 
over-prepared!
Chen : Oh! Someone's at my door - wasn't expecting visitors. Got to run!
Alex : See you later, Chen!
Bella : Take care!
Alex : These project deadlines are coming up fast!
Bella : Tell me about it! But it's all coming together.
Diana : Hi everyone! Hope I didn't miss anything exciting!
Alex : Diana! Welcome back. We were just talking about deadlines.
Bella : How are your plant specimens doing?
Diana : They're great! Actually, I've been thinking about my presentation format...
Alex : Found a better way to showcase your results?
Diana : Exactly! I can reduce my poster count by 2. Found some more efficient ways to present 
the information.
Bella : That's great! More concise can be more impactful.

Figure 23: Conversation created from an unanswerable script (Figure 19). Strike through
text shows the underspecificity in the conversation.
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