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Abstract

Theory-of-Mind (ToM) is a fundamental psy-
chological capability that allows humans to
understand and interpret the mental states of
others. Humans infer others’ thoughts by in-
tegrating causal cues and indirect clues from
broad contextual information, often derived
from past interactions. In other words, human
ToM heavily relies on the understanding about
the backgrounds and life stories of others. Un-
fortunately, this aspect is largely overlooked in
existing benchmarks for evaluating machines’
ToM capabilities, due to their usage of short
narratives without global context, especially
personal background of characters. In this pa-
per, we verify the importance of comprehensive
contextual understanding about personal back-
grounds in ToM and assess the performance of
LLMs in such complex scenarios. To achieve
this, we introduce CHARTOM-QA benchmark,
comprising 1,035 ToM questions based on char-
acters from classic novels. Our human study re-
veals a significant disparity in performance: the
same group of educated participants performs
dramatically better when they have read the
novels compared to when they have not. In par-
allel, our experiments on state-of-the-art LLMs,
including the very recent ol and DeepSeek-R1
models, show that LLMs still perform notably
worse than humans, despite that they have seen
these stories during pre-training. This high-
lights the limitations of current LLMs in cap-
turing the nuanced contextual information re-
quired for ToM reasoning.

1 Introduction

Theory of Mind (ToM) is a psychological term that
refers to the process to understand oneself or others
by ascribing mental states (typically including the
dimensions of belief, intention, emotion, desire,
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.... Bring us some liquor, Turk!” “Here it is, sir,” said Christophe, holding out the bottle. |
Vautrin filled Eugene’s glass and Goriot’s likewise, then he deliberately poured out a
few drops into his own glass, and sipped it while his two neighbors drank their wine. All
at once he made a grimace. “Corked” he cried. ......
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he v Vautri @ Intention: Vautrin deliberately flatters Eugéne and Father Goriot to
tcnaracte " ensure that his “business” does not fall through.

Multiplechoice QA
Q- Why did Vaut

Generative QA
0 Why did il Eugéne and Father Goriols glasses first?

ill Eugéne and Father Goriot's glasses first?

s glasses first to display his generosity

flatters Eugéne and Father G hat his
ot fall through. (Intention) @

(1) Vautrin deliberately tries to please Eugéne and Father Goriot. “business’
(2) To ensure that his “business” does not fall through. 4) Ve il their gl to the wine at the
banquet i order to decide whether to involve them in more secretive plans,

Correct Choice: (3)
Vautrin might use this gesture to show friendliness and @

h

Figure 1: An example from CHARTOM-QA bench-
mark. LLMs make their responses given a question and
corresponding story plot in generative and multichoice
QA settings.

etc) to them (Premack and Woodruff, 1978). For
human, ToM holds an important position in daily
social interactions, as it enables people to explain
and predict the behavior of others with no direct
access to their minds (Apperly, 2010).

Recently, a range of emerging Large Language
Models (LLMs) have shown remarkable perfor-
mance in solving complex tasks and generating
human-like language. To further enhance LLMs’
capability to understand human, it is fascinating
to explore the extent to which LLMs capture the
ToM capabilities and ultimately to equip them with
human-level ToM. To this end, researchers have
developed numerous benchmarks to evaluate the
ToM capabilities of LLMs (Grant et al., 2017; Ne-
matzadeh et al., 2018; Sap et al., 2019; Le et al.,
2019; Gandhi et al., 2023; Wu et al., 2023; Kim
et al., 2023; Kosinski, 2023; Zhou et al., 2023;
Shapira et al., 2024; Xu et al., 2024a; Chan et al.,
2024; Wu et al., 2024; Chen et al., 2024). These
benchmarks simulate the experimental design in
psychological or cognitive research (Wimmer and
Perner, 1983; Dyck et al., 2001), and contain elab-
orately crafted, story-based tasks that target ToM
dimensions originally defined in psychology.

Despite their wide coverage of ToM dimensions,
these existing benchmarks all largely overlook the
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importance of comprehensive contextual under-
standing in human ToM. In daily lives, humans
understand the minds of others based on long histor-
ical contexts of their personal backgrounds, rather
than with only local circumstances on the spot.
This is natural as human behaviors and mental
states are also greatly influenced by global back-
ground factors of a person, such as social relation-
ships, interactions with others, their personality and
past experiences. However, the testing scenarios
in existing ToM datasets are usually short of cap-
turing these factors, as they are typically depicted
with brief text pieces consisting of only superficial
character actions and surrounding environment.

In this paper, we propose CHARTOM-QA
benchmark (“CHAR” stands for “Character”) that
evaluates the capability of LLMs on understand-
ing ToM of characters in famous novel books.! In
CHARTOM-QA, the task takes the form of ToM-
related question answering (QA) about characters
within story plots. This setting naturally addresses
the aforementioned challenges of most existing
datasets due to the intrinsic features of story plots
in novel books: 1) diverse social scenarios; 2) rich
in complex social relationships and interactions; 3)
high relevance to the whole book storyline. Thus, it
alleviates heavy reliance on pre-determined rules to
generate testing scenarios and raises higher require-
ments for comprehensively understanding context
when evaluating ToM capability of current LLMs.

For the dataset creation, we adopt an Al-assisted
human annotation strategy that exploits publicly
available book notes written by online reading app
users. As users read, they can underline a spe-
cific text fragment and write their comments as
book notes. These notes are often closely related
to the selected fragments and their surrounding
plots, containing valuable interpretation, analysis
and thoughts of readers. We first collect a large
number of user notes and their linked text from
novel books. Then, as in most previous ToM assess-
ments (Nematzadeh et al., 2018; Sap et al., 2019;
Tracey et al., 2022; Gandhi et al., 2023; Ma et al.,
2023b; Wu et al., 2023), we keep the notes reflect-
ing certain ToM dimensions of appointed charac-
ters, including belief, intention, emotion and desire.
Based on these notes, GPT-4o is leveraged to gener-
ate ToM descriptions of the four dimensions about
given characters. Afterwards, these descriptions

'Our data can be downloaded at Github https://github.
com/Encyclomen/CharToM-QA and Huggingface https://
huggingface.co/datasets/ZeroXeno/CharToM-QA.

are used to construct ToM-related questions with
answers. Finally, the experiments are conducted
in both generative and multichoice QA settings,
where models are asked to make their responses
given a question and corresponding story plot, as
shown in Figure 1. During the whole process, strict
validation procedures are carried out by experts
with strong literature background.

For evaluation, in generative QA, the qualities
of responses are assessed based on the annotated
answers. Particularly, traditional token-based met-
rics (e.g. Rouge (Lin, 2004)) and embedding-based
metrics (e.g. cosine similarity between sentence
embeddings) cannot give a fine-grained assessment
that reflects how well a response matches the an-
swer. Therefore, we design an evaluation protocol
that mimics the process of grading papers. Specifi-
cally, we extract critical points from the answers,
which are expected to be included in responses as
bonus points. Then, GPT-40 is used as evaluator
for assessment based on these bonus points. Be-
sides, the evaluator also serves like a criticizer to
point out defects existing in responses as penalty
if there is any inappropriate statement. The bonus
point coverage and penalty rate are used to compre-
hensively assess the qualities of model responses.
In multichoice QA, we elaborately construct dis-
traction choices and measure the model accuracy.

We experiment with several current popular
LLMs in both generative and multichoice QA set-
tings, where different lengths of plot window are
exposed to models. The experimental results show
that GPT-40 consistently outperforms other LLMs
across the four ToM dimensions in both settings.
Moreover, human studies are conducted using mul-
tichoice QA. The results reveal that (1) Humans
who have read the book greatly outperform the
state-of-the-art LLM, while those who have not per-
form only on par with it. (2) Human ToM largely
benefits from familiarity with novels. (3) Humans
achieve higher accuracy after reading longer con-
texts. In contrast, the performances of LLMs al-
most stay stable with different lengths of plot win-
dow. This indicates that the ToM capability of cur-
rent LLMs still struggles at dealing with complex
scenarios and capturing nuanced historical contex-
tual information for robust ToM comprehension.

2 Related Work

With the advent of LLMs, many benchmarks have
been developed to evaluate the ToM capability of
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LLMs by simulating the cognitive experiments
originally in psychology (Grant et al., 2017; Ne-
matzadeh et al., 2018; Sap et al., 2019; Le et al.,
2019; Gandhi et al., 2023; Kosinski, 2023; Wu
et al., 2023; Kim et al., 2023; Gandhi et al., 2023;
Zhou et al., 2023; Yu et al., 2024; Shapira et al.,
2024; Xu et al., 2024a; Chan et al., 2024; Wu et al.,
2024; Chen et al., 2024). Nematzadeh et al. (2018)
proposed TOMI for evaluating the capability of
models to reason about beliefs. Based on TOMI,
Sap et al. (2019) introduced SOCIAL IQA that tests
social and emotional intelligence of models. Wu
et al. (2023) constructed HI-TOM to assess higher-
order ToM capability of models that involves recur-
sive reasoning on others’ beliefs. Kim et al. (2023)
build FANTOM to stress-test ToM within conver-
sational contexts. Xu et al. (2024a) constructed
OPENTOM for assessing ToM with narrative sto-
ries containing explicit personality traits or prefer-
ences. Wu et al. (2024) created COKE consisting
of cognitive chains that evaluate machine ToM ca-
pability to comprehend human activities. Chen
et al. (2024) introduced TOMBENCH that encom-
passes 8 tasks and 31 abilities in social cognition.

Despite existing ToM benchmarks have cov-
ered most dimensions defined in psychology, the
constructing procedures and testing scenarios of
these datasets are still hindered by inherent limita-
tions. 1) The story generation procedures of these
benchmarks rely heavily on pre-determined rules
and templates (Nematzadeh et al., 2018; Le et al.,
2019; Sap et al., 2019; Wu et al., 2023), constrain-
ing it from simulating diverse scenarios in reality.
This also increases the risk of incorporating pre-
dictable regularities and spurious correlations into
datasets, bringing about so-called “Clever Hans’
phenomenon (Lapuschkin et al., 2019). 2) The
testing scenarios in these datasets are usually short
of complex social relationships and interactions
so that the importance of comprehensive contex-
tual understanding is almost ignored. Appendix C
shows a more detailed comparison of CHARTOM-
QA benchmark with existing benchmarks.

B

3 Problem Formulation of ToM in Global
Contexts

Problem Formulation Similar to existing works
on story understanding (Kocisky et al., 2018; Pang
et al., 2022; Xu et al., 2022; Yu et al., 2023), our
task adopts a question-answering (QA) format. We
denote the global context of a book as G, which in

practice can be the list of all consecutive paragraphs
of the book. Each QA pair (g, a) is associated with
a plot window W C G, which is a book snippet.
The task is then to answer the question according
to W, with the necessary usage of the contextual
knowledge from G?:

P(alq, W, G). (0

ToM Dimensions Studied In this paper, we con-
sider a set of ToM dimensions prevalently studied
in previous work in Section 2, Belief, Intention,
Emotion and Desire. The importance of these di-
mensions in daily lives have been discussed in (Ap-
perly, 2010). We follow the standard definitions
of these dimensions in (Apperly, 2010), with the
detailed definitions provided in Appendix B.

4 CHARTOM-QA: Assessing the
Contextual Aspect of ToM

We create the CHARTOM-QA benchmark consist-
ing of questions about the minds of appointed char-
acters in novel stories. The benchmark is designed
to assess the ToM capability of LLMs in under-
standing characters within global contexts. The
definitions of the four studied ToM dimensions are
given in Appendix B. The questions and answers
are annotated by four human experts in literature,
with an Al-assisted annotation strategy that lever-
ages massive publicly available book notes from
online reading platforms.

The dataset construction undergoes three steps:
(1) book notes collection & filtering; (2) key note
extraction & paraphrasing; (3) question generation
& verification. Our dataset supports evaluation in
both generative and multichoice QA settings.

4.1 Book Notes Collection & Filtering

In recent online reading apps (e.g. Douban, Kin-
dle), users can underline a text fragment and take
notes while reading, as shown in Figure 2. These
notes usually contain valuable interpretation, anal-
ysis and thoughts of readers about the selected
fragment and corresponding story plot. Follow-
ing (Wan et al., 2019; Yu et al., 2023), we use the
user notes as a proxy to assist the human annotation
of our dataset. We first download a set of public
books available in the Gutenberg project and use

*1t is worth noting that, like (Kogisky et al., 2018; Pang
et al., 2022), the problem allows to infer the thoughts of book
characters with plots either after W (retrospect), or before W

(predict). Both types of contexts naturally occur as part of the
long-dependency reasoning in human ToM in daily life.
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y- N
g ,7 ... this truth is so well fixed in the minds of the surrounding |

, families, that he is considered the rightful property of some on
l 7 other of their daughters. "My dear Mr. Bennet." said his lady t
‘ him one day. ” have you heard that Netherfield Park is let at last?””

ANONE N Mr. Bennet replied that he had not. "But it is," returned she; ” for
AN  Mrs. Long has just been here, and she told me all about it.” ...... |

"My dear Mr. Bennet," said his lady to him one day, ” have you heard
that Netherfield Park is let at last?”

Mrs. Bennet cares about Netherfield Park because she thinks it’s an
E‘ opportunity for her daughter’s marriage.

4

Figure 2: Illustration of notes from users on reading
apps. A user underlines a text fragment (red) and writes
his note about the character “Mrs. Bennet”.

their Chinese-translated versions with valid usage
licenses. Then, we collect a large number of user
notes and their linked text fragment from the Inter-
net with a list of main characters appearing in each
book. The books with top 20 most user notes are
chosen, as listed in Appendix A.

Next, we filter the notes and keep those that can
express any one of the four ToM dimensions of
characters within story plots. The prompt used
for note filtering is detailed in Appendix F. To en-
sure the validity of these filtered notes, we also
manually check their correctness. Specifically, we
sample 100 notes from four books with two anno-
tators who are familiar with the books. For each
note, the annotators are required to judge whether
it appropriately describes the ToM of the appointed
character. The results show that 1) 80% notes are
judged as accurate; 2) 13% of the notes are open
to subjective interpretation by different readers, yet
they remain consistent with the book’s content and
cannot be falsified; 3) only 7% notes are inappro-
priate, which demonstrates the overall validity of
our filtered notes. Overall, 93% of notes can be
treated as accurate.

4.2 Construction of Generative QA Task

Key Note Extraction & Paraphrasing (i.e., An-
swer Generation). After collection and filtering,
we have obtained a pool of highly ToM-related user
notes. From these notes, we aim to fetch concrete
ToM descriptions of characters within story plots.
Specifically, we take a two-stage approach consist-
ing of extraction and paraphrasing operations, as
the case in Figure 3.

At the extraction stage, the annotators are in-
structed to extract the critical part of a note that
explicitly reflects one of the four ToM dimensions
of a target character, which we call as “key note”.

From Porfiry's perspective, as a police officer, it is his responsibility
to catch the criminal. Based on reasoning and psychological analysis, he can
identify who is the criminal but cannot find evidence. The best option is to
persuade Rodka to confess. To put it more deeply, he probably understands the
helplessness of Rodka, and therefore had sympathy for him, hoping that he
could face moral and legal sanctions directly.

ﬂ extract
Intention: The best option is to persuade Rodka to surrender and confess.
ion: he probably und ds the hel; of Rodka, and therefore had sympathy for him.
ﬂ paraphrase
ToM descriptions

Intention: Porfiry intends to persuade Rodka to surrender and confess.
Emotion: Porfiry feels sympathetic to Rodka.

Figure 3: The extract-then-paraphrase approach to fetch
ToM descriptions of a target character. The highlighted
text pieces are the key notes extracted by annotators,
which are then paraphrased into complete statements.

The basic principle of this stage is that annotators
should only consider the literal meaning of a note
with no additional inference. We elaborately craft
examples for every ToM dimension and write a
detailed manual to guide annotators. An annotator
is only considered qualified after passing a labeling
trial. They are given necessary information linked
with a user note, including the target character, the
underlined text and its surrounding context. After
extraction, the key notes are kept for each ToM
dimension. Nevertheless, the extracted key notes
are often in a form of fragmented expressions that
cannot be immediately used as complete ToM de-
scriptions. Thus, a paraphrasing stage is required to
convert fragmented parts into complete statements.
For each note, we prompt GPT-40 to conduct para-
phrasing based on key notes. The details of our
used prompt template are presented in Appendix G.
Annotators also check the paraphrased descriptions
and make minor edit if necessary.

Although it is feasible for us to merely ask an-
notators or GPT-40 to directly produce ToM de-
scriptions using the user notes, the advantages of
such extract-then-paraphrase operation lie in the
following two aspects. First, it relieves the bur-
den of annotators to write complete descriptions
totally from scratch. Second, GPT-40 can be more
focused on the critical parts of notes without be-
ing distracted by other trivial details, reducing the
possibility to produce unwanted content.

Question Generation & Verification. In this
step, we aim to construct ToM-related questions
using those ToM descriptions. Figure 4 depicts the
process of question generation. GPT-40 serves as
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/ "Yes, yes, secondly?" Raskolnikov waN ( Target character: Porfiry )
listening breathless. "Because, as I told you I kb b b b L L e L e L L B e Ll
just now, I consider I owe you an @ ToM Descriptions .
explanation. I don't want you to look upon Intention: Porfiry intends to persuade Rodka to surrender and confess.
me as a monster, as I have a genuine likin N Emotion: Porfiry feels sympathetic to Rodka. J
for you, you may believe me or not. And in D generate & verify D

the third place I've come to you with a direct
and open proposition that you should
surrender and confess. It will be infinitely
more to your advantage and to my advantage

too, for my task will be done. Well, is this
Qen on my part or not?" ... J

o Candidate questions (Intention) h
("] What does Porfiry expect Rodka to do?
(v ‘Why does Porfiry come to see Rodka?

o Candidate questions (Emotion) N
€2 How does Porfiry feel about Rodka?
("] Who does Porfiry feel sympathetic to?

J . § J

Figure 4: Given the corresponding story plot, GPT-4o0 is used to generate candidate questions about the target
character using ToM descriptions. For each dimension, at most 4 candidates are kept after verification. Then,
annotators manually choose the best one from these candidates.

a question generator to produce a set of candidate
questions asking about target characters. During
generation, along with the ToM description, we
also provide GPT-40 with corresponding under-
lined text and its surrounding context of current
story plot. For each ToM description, GPT-40 is
asked to generate several candidate questions that
adhere to the following requirements:

* The ToM description of target character should
directly be the fluent and logically correct answer
to the question.

* The question must be closely related to current
story plot.

* The question should focus on core content rather
than trivial details in the plot.

Subsequently, a verification procedure is in-
volved to preliminarily filter out inappropriate can-
didates that violate the above requirements. We
find that it is better not to let GPT-40 be aware
of the story plot. This is because GPT-40 tends
to build trivial connections between question and
answer using any possible detail in the story regard-
less of importance, preserving many low-quality
candidates. The prompt templates used for genera-
tion and verification are given in Appendix H. In
this way, we keep at most 4 candidate questions
for each ToM description. Then, annotators are
responsible for choosing the best one out of these
candidates, where slight modifications by human
are allowed during examination.

4.3 Construction of Multichoice QA Task

Besides the aformentioned Generative QA setting,
we support multichoice QA evaluation with elabo-
rately constructed distraction choices for each ques-
tion. Given the question-answer pair within a story
plot, GPT-40 is used to produce distraction choices
that are seemingly plausible but actually unreason-

able. Appendix J provides the details of construct-
ing such difficult distraction choices. Finally, a
question is paired with four choices including the
correct answer and three incorrect ones, as shown
in the Appendix M.

5 Evaluation Protocols for Generative QA

Until now, we have acquired ToM-related question-
answer pairs along with their linked story plots,
which can be used to conduct evaluation in a gener-
ative QA setting. Models are given story plots and
asked questions to make responses whose qualities
are assessed using corresponding answers as ref-
erence. Conventionally, token-based metrics (e.g.
Rouge (Lin, 2004)) and embedding-based metrics
(e.g. cosine similarity between sentence embed-
dings) are mainly used for assessing generative QA
tasks. However, these two types of metrics have
their inherent limitations. For token-based met-
rics, they cannot deal with the cases where 1) same
meanings are expressed with different tokens; 2)
non-critical tokens dominate in a sentence. Mean-
while, embedding-based metrics only coarsely mea-
sure the semantic similarity but cannot explicitly
indicate the pros and cons of a response.
Therefore, inspired by the process of grading
papers, we design an evaluation protocol that in-
spects the bonus points and penalty of a model
response. Specifically, for each question, we ex-
tract the critical points of its reference answer with
the assistance of GPT-40, which are expected to be
included as bonus points in a response. The core re-
quirements for bonus point extraction are: 1) Bonus
points must be derived from reference answers with
no hallucination; 2) Different bonus points should
orient to different aspects of an answer. The statis-
tics about the bonus points of questions in each
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dimension is given in Appendix D. During evalu-
ation, a GPT-4o0 evaluator measures the coverage
of bonus points as an indicator of response quality.
Moreover, it also criticizes the defects in a response
as penalty if there is any inappropriate statement.
In this way, both bonus point coverage and penalty
rate are used as a comprehensive assessment of
response quality. The results in Appendix E also
demonstrate that our designed evaluation protocol
is more correlated with human judgments than con-
ventional metrics. Particularly, the prompts for
extracting bonus points and conducting such evalu-
ation protocol are detailed in Appendices I and L,
respectively. Appendix M gives illustrative cases
of such evaluation protocol.

6 Experiments

6.1 Setup

We conduct experiments on our generative and mul-
tichoice QA tasks in English and Chinese. Models
are instructed to respond with vanilla prompts as
in Appendix K. To investigate the capability of
the model to exploit contextual information for
ToM comprehension, we vary the context lengths
of story plots exposed to models.

For human study, we recruit 8 native Chinese-
speaking graduate students to do multichoice ques-
tions on a subset of books and use their results
for human-LLMs comparison. Because it is al-
most infeasible for a person to write answers to all
questions, we only acquire human baselines in mul-
tichoice QA on a subset, as in (Thai et al., 2022).

Evaluated LLMs In our experiments, we to-
tally evaluate six current popular LLMs, includ-
ing GPT-40, GPT-3.5-Turbo-1106, Llama-3.1-
8B-Instruct (Dubey et al., 2024), Qwen2-7B-
Instruct (Yang et al., 2024), Mistral-7B-Instruct-
v0.3 (Jiang et al., 2023), and InternLM2-7B-
Chat (Cai et al., 2024). We strictly call official
APIs or download model weights from Hugging-
face? repositories with no violation of their terms.

Metrics For generative QA, as discussed in Sec-
tion 5, we exploit GPT-40 as evaluator to assess the
qualities of model responses using our proposed
evaluation protocol. In our protocol, Bonus Point
Coverage (BPC) and Penalty Rate (PR) assess re-
sponse quality from different perspectives. BPC is
calculated as the percentage of bonus points that
are judged as being included in responses. PR is the

3https://huggingface.co/models

rate of model responses that are judged as defective.
Note that a response that includes all bonus points
can still contain defects. During evaluation, as a
necessary constraint, LL.Ms are required to produce
responses of roughly the same length as correspond-
ing answers. Otherwise, in extreme cases, LLMs
could produce arbitrarily long responses to cover
as many bonus points as possible. For multichoice
QA, we just use the standard accuracy.

6.2 Main Results with LLMs

In this section, we show the performance of LLMs
on generative QA and multichoice QA of our
CHARTOM-QA benchmark.

Generative QA. For generative QA, LLMs are
evaluated with vanilla prompting in English and
Chinese. Table 1 gives the results in terms of BPC
and PR. For fair comparison, LLMs are required
to produce responses whose token numbers are no
more than 1.5 times longer than those of answers.
It can be seen that GPT-40 achieves the best per-
formances across all dimensions in both English
and Chinese. But it only covers roughly 35-50%
(at most 58.5%) bonus points in every dimension.
Meanwhile, PRs of all models are mostly at very
high levels, reflecting the non-negligible existence
of defects in model responses. After inspection,
we find that some models tend to produce exces-
sively long responses that are truncated due to the
length constraint. Besides, producing longer re-
sponses would increase the risk of including inap-
propriate statements, which also exacerbates the
phenomenon of high PR. Moreover, longer con-
text exposed to models mostly reduce PRs of these
models but fail to bring consistent improvements
in term of BPC, which will be further discussed
in Section 6.4. These results indicate the difficulty
of our benchmark and there is still large room of
improvement for current LLMs.

Multichoice QA. For multichoice QA, Table 2
gives the performances of all models in term of ac-
curacy. It can be seen that GPT-40 also outperforms
other models in both English and Chinese experi-
ments. Similarly, the impact of context lengths is
still inconsistent. These outcomes basically echo
the results in generative QA experiments.

6.3 Human Performance

In this section, we conduct human study to explore
how humans perform on our task, and to assess the
role of long-context dependency in human ToM
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Bonus Point Coverage % (English) 1

Model Belief Intention Emotion Desire
c=0 c=lk c¢=2k | ¢=0 c=lk «c¢c=2k | ¢=0 c=lk c¢c=2k | ¢=0 c=1k c=2k
GPT-40 414 434 444 | 343 357 346 | 340 375 361 | 519 50.0 528
GPT-3.5-Turbo-1106 36.0 386 354 | 294 305 313 | 281 31.0 320 | 472 439 425
Llama-3.1-8B-Instruct 302 37.0 379 | 245 253 300 | 287 303 31.0 | 35.8 38.7 40.1
Qwen2-7B-Instruct 42,1 402 408 | 264 27.8 31.1 | 26.0 314 327 | 40.1 472 39.6
Mistral-7B-Instruct-v0.3 | 33.4 389 341 | 232 243 275 | 254 264 264 | 38.7 373 387
InternLM2-7B-Chat 254 328 28.6 | 17.7 28.1 240 | 21.9 274 263 | 344 349 354
Penalty Rate % (English) |
Model Belief Intention Emotion Desire
c=0 c=lk =2k | ¢=0 c=lk «c=2k | ¢=0 c=lk c=2k | ¢c=0 c=1k c=2k
GPT-40 657 507 51.7 | 700 591 60.0 | 69.1 614 61.1 | 60.3 523 47.7
GPT-3.5-Turbo-1106 756 667 697 | 79.1 723 732 | 819 749 771 | 669 715 702
Llama-3.1-8B-Instruct 88.1 856 83.6 | 914 777 84.1 849 819 823 | 834 80.1 82.1
Qwen2-7B-Instruct 83.6 79.1 80.6 | 85.0 832 850 | 8.0 849 80.1 | 84.1 788 795
Mistral-7B-Instruct-v0.3 | 81.6 726 75.1 | 850 832 809 | 89.4 842 832 | 80.1 834 755
InternL.M2-7B-Chat 86.1 846 86.6 | 941 827 845 | 922 868 853 | 90.1 84.1 86.1
Bonus Point Coverage % (Chinese) 1
Model Belief Intention Emotion Desire
c=0 c=lk c¢=2k | c=0 c=lk «c¢c=2k | ¢=0 c=lk c¢c=2k | ¢c=0 c=1k c=2k
GPT-40 50.2 514 511 | 384 425 409 | 426 416 437 | 594 585 613
GPT-3.5-Turbo-1106 373 373 3677 | 259 243 226 | 326 367 354 | 453 415 453
Llama-3.1-8B-Instruct 334 344 360 | 207 21.3 229 | 31.7 304 321 | 358 443 40.1
Qwen2-7B-Instruct 357 405 399 | 245 251 292 | 373 356 363 | 486 505 462
Mistral-7B-Instruct-v0.3 | 30.5 322 302 | 13.1 21.3 188 | 25.7 273 273 | 335 363 377
InternLM?2-7B-Chat 350 354 328 | 26,7 262 223 | 220 206 199 | 382 373 373
Penalty Rate% (Chinese) |
Model Belief Intention Emotion Desire
c=0 c=lk =2k | ¢=0 c=lk «c=2k | ¢=0 c=lk c=2k | ¢=0 c=1k c=2k
GPT-40 483 433 353 | 582 414 450 | 458 40.6 395 | 43.7 338 331
GPT-3.5-Turbo-1106 56.2 527 493 | 700 586 58.6 | 579 488 497 | 51.0 464 444
Llama-3.1-8B-Instruct 637 542 557 | 782 682 659 | 56.6 514 522 | 662 530 583
Qwen2-7B-Instruct 632 577 522 | 7127 60.0 614 | 529 447 447 | 543 477 430
Mistral-7B-Instruct-v0.3 | 71.6 642 612 | 823 73,6 682 | 650 56.8 575 | 702 642 609
InternL.M2-7B-Chat 687 6277 61.7 | 741 69.1 64.1 | 57.5 544 523 | 570 490 457

Table 1: Generative QA performances of LLMs in terms of bonus point coverage and penalty rate. For each ToM
dimension, the context lengths of story plots exposed to LLMs are set to 0, 1k and 2k tokens.

when understanding fictional characters. Our study
addresses the following research questions:

* RQI: What is the performance gap between hu-
mans with and without knowledge on the histor-
ical contexts of the characters? This question
explores the key hypothesis of this paper regard-
ing the long-dependency nature of human ToM.
To investigate this, we divided the human anno-
tators into two groups: those who have read the
books and are familiar with the appointed charac-
ters (w/. history) and those who have not read the
books (w/o. history). The performance gap be-
tween the two groups highlights the importance
of long-context dependency in human ToM.

* RQ2: Can humans outperform LLMs? We com-
pare the performance of the two human groups
described earlier with GPT-40 on the same sam-
ples, to understand how human ToM can help to
better solve our task.

* RQ3: Can human performance benefit from
longer input windows? To investigate this, each

annotator is initially asked to answer a question
using a limited plot window (c=0). Then, they are
provided with extended plot window and decide
whether to revise their choices (c=2Kk).

To enable direct comparison with LLMs, we use
the multichoice QA setting and recruit 8 educated
participants, all of whom are either PhD candidates
or hold PhD degrees across various disciplines. We
sampled 150 questions from 5 books, ensuring that
each question is assigned to one person who had
read the book and one who had not. Each partici-
pant is given an equal number of questions about
books they had read and had not. Combined with
the two variations of plot windows, the participants
totally make choices on 600 questions.

The result of this study is presented in Table 3,
from which we draw the following conclusions:

* Answer to RQ1: Human ToM is largely impacted
by familiarity with the target characters. A gap
of ~21% is observed between the two groups.

e Answer to RQ2: Humans who had read the book
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Accuracy % (English)

Model Belief Intention Emotion Desire
c=0 c=lk c¢=2k | ¢=0 c=lk «c¢c=2k | ¢=0 c=lk c¢c=2k | ¢=0 c=1k c=2k
GPT-40 587 56.7 547 | 523 536 514 | 531 510 518 | 563 56.6 55.0
GPT-3.5-Turbo-1106 483 423 418 | 414 441 41.8 | 462 477 50.1 | 464 493 47.0
Llama-3.1-8B-Instruct 38.8 348 338 | 39.1 359 373 | 475 477 473 | 404 457 424
Qwen2-7B-Instruct 443 413 368 | 382 373 368 | 46.0 467 47.1 | 444 39.1 41.7
Mistral-7B-Instruct-v0.3 | 38.8 36.8 388 | 364 355 33.6 | 41.7 434 456 | 41.1 437 437
InternLM2-7B-Chat 3908 343 353 | 300 36.8 350 | 41.0 434 451 | 450 444 404

Accuracy % (Chinese)

Model Belief Intention Emotion Desire
c=0 c=lk =2k | ¢=0 c=lk «c=2k | ¢=0 c=lk c=2k | ¢c=0 c=1k c=2k
GPT-40 522 522 547 | 500 473 505 | 51.8 521 538 | 543 517 536
GPT-3.5-Turbo-1106 37.8 373 408 | 33,6 373 414 | 432 477 49.0 | 358 41.1 34.4
Llama-3.1-8B-Instruct 373 358 398 | 37.3 38,6 359 | 43.6 456 449 | 377 358 404
Qwen2-7B-Instruct 433 393 411 | 382 355 487 | 46.0 46.0 490 | 358 39.7 41.1
Mistral-7B-Instruct-v0.3 | 36.8 30.8 323 | 286 31.8 327 | 39.1 39.7 4211 | 272 35.1 35.8
InternL.M2-7B-Chat 383 403 418 | 37.3 314 332 | 447 473 505 | 41.1 397 404

Table 2: Multichoice QA performances of LLMs in terms of accuracy with vanilla prompting. For each ToM
dimension, the context lengths of story plots exposed to LLMs are set to 0, 1k and 2k tokens.

Accuracy % (Chinese)

w/. history | w/o. history |  GPT-40 ol DS-R1
c=0 c=2k| c=0 c=2k| c=0 c=2k| c=0 c=2k| c=0 c=2k
all | 593 413 48.7| 473 42.0] 51.3 433| 540 48.7
indir. | 54.8 760.6] 33.7 404 45.1 37.5| 462 39.4]| 504 40.2

Table 3: Accuracy of multichoice QA (Chinese) by dif-
ferent participants familiar or unfamiliar with selected
books. We compare with GPT-40, ol and DS-R1 on the
same subset. indir. refers to indirect questions.

greatly outperform the state-of-the-art LLM,
while those who had not perform only on par
with it. It suggests that the key advantage of hu-
man ToM in our task lies in the ability to integrate
the characters’ global historial contexts.

* Answer to RQ3: Humans achieves better accu-
racy when provided with longer contexts. This
conforms to the general expectation that longer
contexts can 1) help people familiar with the
book recall the exact position of the context
within the book; 2) provide additional informa-
tion for those unfamiliar with the book. In con-
trast, the LLM does not exhibit a similar pattern.

6.4 Analysis and Discussions

Can Chain-of-Thought (CoT) help? We further
explore whether CoT could bring improvement of
ToM comprehension. For this study, we use the
recently released strong OpenAl ol and DeepSeek-
R1 (DS-R1) (Guo et al., 2025) models on the hu-
man study subset of 150 instances. As shown in
Table 3, both ol and DS-R1 outperform GPT-40,
showing the benefit from stronger reasoning ability.
However, they still notably lag behind humans. As
the CoT of DS-R1 is visible, we closely examine
its generated thoughts on randomly selected 100

samples. We find that 76% of the thoughts initially
recalled either the character’s personal background
or prior plot events that are relevant to the ques-
tion. Among the remaining 24% of cases, three-
fourths of questions are about emotions, which is
as expected because emotions are more likely to
be temporary mental states that rely less on global
contexts. These findings further highlights the im-
portance of comprehensive contextual understand-
ing for ToM reasoning, a promising direction for
enhancing future LLM.

LLMs Struggles at Exploiting Longer Plot Win-
dows. While many studies have shown the supe-
rior capability of LLMs in handling long inputs,
even up to 100k tokens (Dubey et al., 2024; Hurst
et al., 2024), we find they fail to utilize longer plot
windows in our tasks. In both generative and multi-
choice QA settings, the performances of LLMs al-
most remain stable as the plot window is enlarged.*

This failure can be attributed to two potential
reasons. First, despite the ability to process long
inputs, LLMs struggle with capturing dependen-
cies between paragraphs and enhancing the under-
standing of individual paragraphs based on these
dependencies (Xu et al., 2024b). Second, the LLMs
may solve our task largely with their memory of
the books and reviews, exhibiting the Clever Hans
phenomenon (Shapira et al., 2024) — as the eval-
uated books and their reviews have been exposed
to the LLMs during pre-training. It is likely that
the LLMs can recall the associated plot details and

*It is worth noting that PRs steadily drop as LLMs read
longer plot windows, showing that they do incorporate contex-
tual information from story plots.
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knowledge with both short and long windows. We
leave this study of these reasons in future work.

LLMs Perform Poorly on Indirect Questions.
To gain further insight on the LLM performance,
we categorize our questions into two types, direct
and indirect questions, for analysis. Direct question
refers to one with the answer or its synonymous
expressions explicitly appear in the given story plot.
We manually labeled the 150 instances used in hu-
man study, resulting in 104 indirect questions, with
the performance on this subset shown in Table 3.
As expected, both humans unfamiliar with the
books and the LLMs drop dramatically on the sub-
set of indirect questions. Furthermore, it is note-
worthy that both o1 and DS-R1 models also per-
form worse on the indirect questions than on the
full set. As indirect questions typically require
broader global context of the whole stories rather
than only superficial textual clues in the given plot
windows, it suggests that the ToM capabilities of
current LLMs are still limited especially in the as-
pect of comprehensive contextual understanding.

7 Conclusion

We introduce CHARTOM-QA benchmark that
aims to evaluate machines’ ToM capability in sce-
narios with complex social relationships and inter-
actions. CHARTOM-QA focuses on the aspect of
contextual understanding in comprehending ToM
of characters in novels, which is largely ignored in
existing benchmarks. The tasks take the forms of
generative and multichoice QA. For generative QA,
we design an evaluation protocol inspecting bonus
points and penalty in model responses. Experimen-
tal results reveal that current advanced LLMs, in-
cluding ol and DS-R1, still lag behind humans and
struggle at effectively exploiting context to compre-
hend ToM of characters. Overall, our CHARTOM-
QA benchmark highlights the importance of com-
prehensive contextual understanding for advancing
ToM reasoning in LLMs.

Limitations

Our proposed CHARTOM-QA benchmark is built
from the notes written by readers when reading
classic novels. For the creation, as we adopt an
Al-assisted annotation strategy, the annotation re-
sults will be affected by the personal understand-
ing from the annotators and GPT-40. Thus, it re-
quires the annotators to basically know the story of
these books. Besides, the benchmark includes the

ToM dimensions of belief, intention, emotion and
desire, which are prevalently studied in previous
work. However, there are still other ToM dimen-
sions that can be investigated, such as knowledge
and thoughts.

We also design an evaluation protocol that as-
sesses model responses by BPC and PR, where
GPT-4o is used as an evaluator. Such evaluation
would cost much if the dataset is very large or the
stories are excessively long. For those who can-
not afford massively calling OpenAl APIs, other
locally-deployed open-source LLLMs can also be
used to make assessments.

Ethical Consideration

The construction of CHARTOM-QA benchmark
involves the usage of public books and notes writ-
ten by reading app users. During the process of
using these data, we strictly adhere to the guide-
lines in Internet Research Ethics. All the books
are available in the Gutenberg project and their
Chinese-translated version are properly used with
valid license. For the notes, we collect and use them
with necessary procedures to protect the privacy of
online reading app users who wrote the notes. For
annotators participating in the benchmark construc-
tion, they are adequately paid according to their
working hours. In our human study, we do not
collect any personally identifiable information of
the participants. The participants are only asked to
respond to multichoice questions and not required
to provide any new written input.

Potential Risks

As our benchmark is derived from classic novels,
the stories are essentially fictional and might have
limitations of the time. Meanwhile, the notes writ-
ten by users reflect their personal interpretation of
the story, which may contain content expressing
negative emotions. However, please note that the
construction approaches and evaluation protocols
in this paper can also be used in other type of tasks.
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Appendix
A  Book List

We keep the books with top 20 user notes for the
construction of CHARTOM-QA benchmark. These
books are publicly accessible and span different
historical periods, genres, and topics. Table 4 lists
the chosen books and the number of questions be-
longing to each book in the descending order. It is
also notable that our dataset has included a num-
ber of unique target characters (150 in total) from
these books. These characters are significantly di-
verse, crafted by different authors with varying
literary styles. Particularly, these characters pos-
sess distinct personalities, encompassing various
types and fundamentally different personal back-
grounds. These elements could introduce diversity
to our dataset, effectively mitigating potential bi-
ases related to literary style and topic.

Book #Question
Madame Bovary 167
The Count of Monte-Cristo 101
Crime and Punishment 94
Of Human Bondage 88
Pride and Prejudice 82
Anna Karenina 79
War and Peace 53
Jane Eyre 49
Wauthering Heights 42
The Brothers Karamazov 37
Anne Of Green Gables 33
Little Women 32
The Idiot 30
Twenty Thousand Leagues under the Sea 29
Les Miserables 23
Notre-Dame de Paris 22
Oliver Twist 21
Father Goriot 19
Tess of the d’Urbervilles 19
The Red and the Black 15
Total 1,035

Table 4: The book list and the number of questions from
each book.

B ToM Dimensions Studied

In this paper, we concern four ToM dimensions
of characters within story plots including Belief,
Intention, Emotion and Desire. The definitions of
these dimensions are as follows

* Belief: Beliefs encompass both objective facts
and subjective perceptions concerning the ex-
istence or truth of something.

* Emotion: Emotions are strong feelings de-
riving from one’s circumstances, mood, or
relationships with others. And emotions are

variously associated with thoughts, feelings,
behavioral responses, and a degree of pleasure
or displeasure.

Intention: Intentions are blueprints that steer
actions, encompassing both future plans and
the motivations driving current behaviour.

Desire: Desires encompass both physical
needs and psychological yearnings. Desires
incline people toward action and fulfilling de-
sires is pleasurable. Their fulfillment is nor-
mally experienced as pleasurable in contrast
to the negative experience of failing to do so.

C Comparison of Benchmark
Characteristics

In Table 5, we compare the characteristics of our
CHARTOM-QA and other ToM benchmarks. First,
our CHARTOM-QA provides both multichoice QA
and generative QA tasks. Second, as the classic
novel stories are directly used, CHARTOM-QA
needs no additional story creation procedure, un-
like most of other benchmarks. Meanwhile, it natu-
rally possesses high-quality diverse social scenar-
ios with complex social relationships and interac-
tions due to the intrinsic features of human-written
novels. Third, for the problem construction, most
other benchmarks involve templates for generat-
ing questions or answers. Although this kind of
template-based approach can produce a relatively
large number of problems, it could bring shortcuts
and spurious correlations into benchmarks. In con-
trast, we adopt an Al-assisted human annotation
strategy elaborated in Section 4 without any pre-
defined template. This simultaneously ensures the
efficiency and quality of our annotation process.
Last and most importantly, in the aspect of
character background, CHARTOM-QA is the only
benchmark that incorporates character’s previous
experience depicted in story. Most of other ToM
benchmarks merely provide depictions of charac-
ter’s current situation or some pre-defined back-
ground information such as conversation topics,
preference items. As demonstrated by the hu-
man study described in Section 6.3, such personal
background is necessary for comprehensive con-
textual understanding about characters to correctly
answer ToM-related questions in CHARTOM-QA.
Specifically, participants with similar educational
levels who have read the book (and thus possess
knowledge of long personal backgrounds) perform
significantly better than those who have not read
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Benchmarks w/. T

b

d Problem Construction

Task Form Templsalt(; Ty ngauol?{uman Te?;(;ll);f;n CZ‘}S“U:ITI?SM Character Background #Eval_Q
ToMi (Nematzadeh et al., 2018) MOQA 4 4 N/A 6,000
SoCIAL IQA (Sap et al., 2019) MQA - - - v v N/A 2,204
Hi-TOM (Wu et al., 2023) MQA v v N/A 1,000
FANTOM(Kim et al., 2023) MQA,GQA v v v v N/A 2,118
BIGTOM (Gandhi et al., 2023) MQA v v v v N/A 5,000
NEGOTIATIONTOM (Chan et al., 2024) MQA v v v pre-defined character’s preference items 13,800
OPENTOM (Xu et al., 2024a) MQA v v v v pre-defined personlity traits and preferences 16,008
COKE* (Wu et al., 2024) NLG - - - v v /| Na -

Benchmarks w/o. T based Problem Construction

Task Form Tcmplsalt(c): Yy C/:iauo}?uman Tcl::;?if;n CX‘}S"U:I‘LI‘:IM Character Background #Eval_Q
FAUXPAS-EAI (Shapira et al., 2023) MQA,GOA v 4 N/A 80
TOMCHALLENGES (Ma et al., 2023a) | MQA,GQA v v v N/A 360
TOMBENCH (Chen et al., 2024) MQA o/ v /| NA 2,860
CHARTOM-QA (Ours) MQA,GOA v 4 4 all of the character’s previous experience de- 1,035

picted in story

Table 5: Comparison among CHARTOM-QA and other ToM benchmarks in terms of task form, story generation,
problem construction, character background and the number of evaluation questions (# Fval_Q). In the column of
“Task Form”, MQA, GOA and NLG refer to multichoice QA, generative QA and natural language generation tasks,
respectively. “v"” denotes that a benchmark possesses corresponding properties. “N/A” means the story merely
depicts character’s current situation without extra character background. “-” in the # Fval_() column means the
task form does not support the counting of questions equivalent to standard QA settings. *The COKE and SOCIAL
IQA datasets are essentially about thoughts on input events/situations so the concept of stories does not apply.

belief intention emotion desire
#Question 201 220 463 151
#Bonus Point 311 367 700 212
#Qupp—1 108 106 267 95
#Qupp—2 77 84 159 51
#Qupp>2 16 30 37 5

Table 6: Statistics of questions and their bonus points in
each ToM dimension.

when given the same contexts. It shows that our
CHARTOM-QA highlights the importance of com-
prehensive contextual understanding for ToM rea-
soning, an aspect overlooked by previous bench-
marks.

D Statistics of Questions & Bonus Points

CHARTOM-QA consists of ToM-related questions
about characters in the dimensions of belief, in-
tention, emotion and desire. For the evaluation
of generative QA, the bonus points for each ques-
tion are extracted for subsequent assessment. In
Table 6, we present the statistics of questions and
bonus points in each dimension. Since most ques-
tions have less than 3 bonus points, we group them
into “Q#bpzl”, “Q#prQ” and “Q#bp>2”9 which
refers to questions with one, two and more than
two bonus points.

E Correlations of Evaluation Metrics
with Humans on Generative QA

For Generative QA, besides the designed LLM-
based evaluation protocol, we also use conven-
tional token-based (RougeL.) and embedding-based

BPC(%) Rougel(%) BertScore(%)
GPT-40 39.8 21.5 56.6
GPT-3.5-Turbo-1106 34.0 19.6 51.6
Llama-3.1-8B-Instruct 335 16.2 50.8
Qwen2-7B-Instruct 349 15.9 50.5
Mistral-7B-Instruct-v0.3 29.9 19.0 49.7
InternL.M2-7B-Chat 27.6 17.7 49.7
Human Correlation* 0.92 0.72 0.81

Table 7: Generative QA performances of LLMs in terms
of BPC, RougeL and BertScore with the context length
being 2k. “*”: The human correlation of these metrics
are calculated on the subset used in our human study.

(BertScore) metrics for assessing the quality of
model responses. In Table 7, we report the ex-
perimental results in terms of BPC, RougeL and
BertScore when the context length is 2k. The re-
ported values are the weighted averages of corre-
sponding metrics over the four ToM dimensions.
From the table, our LLM-based metric gives simi-
lar relative rankings among different LLMs as con-
ventional metrics. Moreover, on the subset used
in our human study, we let human experts assess
model responses by giving scores ranging from 0
(nonsense) to 1.0 (perfect). The Pearson Corre-
lations of human judgments with BPC, RougeL
and BertScore are 0.92, 0.72 and 0.81, respectively.
These results further justify the reliability of our
designed evaluation protocol.

F Prompt for Book Note Filtering

For book notes filtering, we incorporate the above
definitions into the prompt and keep those notes
that can reflect any one of the four ToM dimension
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Assuming you are an expert in psychology and
literary. Reading app users will take notes while
reading novels, which may include the analysis
about characters. Please use theory of mind to
determine whether the user notes about the novel
plots explicitly describe the ${dimension} of the
target characters in the plot.

[Definition of ${dimension}]: ${definition}
[User Note]: ${user_note}
[Target Character]: ${target_character}

If “Yes”, describe what the ${dimension}
of ${target_character} is; If not, give your
reason. Note that (1) We need the ${dimension}
of the characters in the novel expressed by
readers, not that of the reader. (2) Only consider
the content about the ${dimension} explicitly
described in the note. Do not guess or make any
unnecessary prediction.

Please answer in the following format:
“Yes / No”
“${dimension} of ${target_character} / Reason”

Table 8: The prompt for book note filtering.

of characters. The prompt for filtering book notes
is presented in Table 8.

G Prompt for ToM Paraphrasing

In Section 4.2, after the key note is extracted, we
use GPT-4o0 to paraphrase it into a complete descrip-
tion about the ToM of the target character within
the story plot. The prompt for paraphrasing is pre-
sented in Table 9.

H Prompt for Question Generation &
Verification

In Section 4.2, we leverage GPT-40 to generate a
set of candidate questions, to which the ToM de-
scription of the target character is the answer. Then,
at most 4 candidate questions are kept for each
ToM description after verification. The prompts for
question generation and verification are presented
in Table 10 and Table 11, respectively.

I Prompt for Extracting Bonus Points

In CHARTOM-QA benchmark, for each question,
we provide the bonus points that are expected to
be included in model responses. The prompt for
extracting bonus points is presented in Table 12.

Assuming you are an expert in psychology and
literary. Reading app users will take notes while
reading novels, which may include the analysis
about characters. The critical fragments of
a user note that can reflect the ${dimension}
of the target character in the novel plot are
extracted as key note. Please use the theory of
mind to paraphrase the fragmented key note
into a complete ToM description about the
${dimension} of ${target_character}. You are
also given the original note and its corresponding
underlined text.

Underlined Text]: ${underlined_text)}
User Note]: ${user_note}

Key Note]: ${key_note}

Target Character]: ${rarget_character}

— ———

Note that (1) We need the ${dimension}
of the target character in the novel, not that of
the reader. (2) Only consider the content about
the ${dimension} explicitly described in the
note. Do not guess or make any unnecessary
prediction. (3) Do not always copy the content
of the key note. You are encouraged to make
necessary polishing without changing the
original meaning. (4) Straightforwardly describe
${dimension} and avoid providing additional
explanations.

The ToM description about the ${dimen-
sion} of ${rarget_character} is:

Table 9: The prompt for key note paraphrasing.

J Construction of Difficult Distraction
Choices for Multichoice QA

Furthermore, to increase task difficulty, we also
exploit the model responses obtained in the eval-
uation of generative QA. Concretely, the defects
of those responses pointed out by the evaluator are
used as potential misleading directions. During
the construction of distraction choices, GPT-40 can
selectively use these misleading directions for ref-
erence to produce more difficult content. In this
way, our multichoice QA task becomes much more
challenging. Table 13 gives the prompt for the
construction of such distraction choices.

K Prompt for Responding to Questions

Table 14 and Table 15 give the prompts for respond-
ing to the questions in generative and multichoice
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Assuming you are an expert in psychology and literary. Please raise questions related to the ${dimension}
of the characters in the novel based on [Story Plot] and [Underlined Text] from the book ${book_name}.

Story Plot]: ${story_plot}

Underlined Text]: ${underlined_text)
Target Character]: ${target_character}
ToM Description]: ${ToM_description}

— ——

Note that (1) [ToM Description] should directly be the fluent and logically correct answer to your question.
(2) The questions should be closely related to current story plot. (3) The question should focus on core
content rather than trivial details in the plot. (4) Only raise one question.

The question you raise that meets the above requirements is:

Table 10: The prompt for question generation.

Assuming you are an expert in psychology and literary. You are reading the book ${book_name}. There
are a piece of description about the ${dimension} of ${target_character} and a question related to the
book story. Please judge whether [Candidate Question] is an appropriate question whose direct answer is
[ToM description].

[Candidate Question]: ${candidate_question}
[ToM description]: ${ToM_description}

An appropriate question should satisfy the following requirements: (1) [Candidate Question] should not be
too broad. (2) [ToM description] should be a fluent and logically correct answer to [Candidate Question].

Please answer in the following format:
“Appropriate / Inappropriate”
“Reason”

Table 11: The prompt for question verification.

QA during experiments, respectively. the two bonus points. The penalty explains the

defects existing in the response. For the multi-
L Prompt for Generative QA Evaluation  choice QA, the model selects the wrong candidate
choice. Table 19 gives another case about Monte
Cristo’s belief from the book “The Count of Monte
Cristo”. Note that this question involves the second-
order belief of the character, which can evaluate the
second-order ToM capability of models. We can
see that GPT-40 covers both bonus points in genera-
tive QA and select the correct choice in multichoice

QA.

For generative QA evaluation, we leverage GPT-
40 as an evaluator to assess the quality of model
responses based on the bonus points extracted from
the reference answer. Table 16 presents the prompt
for inspecting which bonus point is included in a
response. Besides, the evaluator also finds defects
in a response as penalty. The bonus point coverage
and penalty rate are the two metrics measuring
the quality of a response. The prompt for finding
defects in a response is presented in Table 17.

M Illustrative Cases

Table 18 gives a case of question about Vautrin’s
intention from the book “Father Goriot”, accompa-
nied with the responses of GPT-40. For the gen-
erative QA, the response of GPT-40 covers one of
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Assuming you are an expert in psychology and literary. Based on your profound understanding of the story
in the book ${book_name}, extract the critical bonus points from the [Answer] for the [Question]. The
bonus points are used to comprehensively assess the quality of responses from other respondents. Below
are the [Story Plot], [Question] about the character ${target_character} and the [Reference Answer].

[Story Plot]: ${story_plot}
[Question]: ${question}
[Reference Answer]: ${reference_answer}

Note that (1) Bonus points must be derived from the reference answer without hallucination. Bonus points
are the indispensable points in the reference answer, but should not include any unnecessary explanatory
content. (2) Different bonus points should orient to different aspects of the reference answer. (3) The
semantic granularity of the bonus points should not be too fine. Each bonus point must be a sentence that
constitutes a complete semantic unit. Semantically coherent content in the reference answer should not be
broken down into multiple bonus points.

Please use ‘\n’ to separate multiple bonus points line by line and every point should conform to the
following format:
[Bonus Point]: “Content of bonus point”

Table 12: The prompt for extracting bonus points from reference answers.

Assuming you are an expert in psychology and literary. Please construct appropriate multichoice questions
for the given [Story Plot] from the the book ${book_name}.

Story Plot]: ${story_plot}

Question]: ${question}

Reference Answer]: ${reference_answer}
Misleadings]: ${misleadings}

— — —

Note that (1) Ensure that the reference answer is the only correct answer to the question. (2) The three
distraction candidate choices should be seemingly plausible but actually unreasonable. (3) You can refer
to the reference answer and misleadings to construct distraction choices. (4) Do not repeat the same
content in different distraction choices.

Please provide distraction candidate choices that meet the above requirements and conform to the following
format:

[Distraction Choice 1]: (Choice Content)

[Distraction Choice 2]: (Choice Content)

[Distraction Choice 3]: (Choice Content)

Table 13: The prompt for constructing difficult distraction choices in multichoice QA.
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Assuming you are an expert in psychology and literary. Based on your profound understanding of the
story in the book ${book_name}, Please answer the [Question]. The following items give the [Story Plot]
and the [Question].

[Story Plot]: ${story_plot}
[Question]: ${question}

Note that you should respond to the question using only one concise sentence, with around
${length_of answer} tokens.
Your response is:

Table 14: The prompt for responding to questions in generative QA.

Assuming you are an expert in psychology and literary. Based on your profound understanding of the
story in the book ${book_name}, Please answer the [Question]. The following items give the [Story Plot],
the [Question] and the four candidates from [Candidate Choices]..

[Story Plot]: ${story_plot}
[Question]: ${question}
[Candidate Choices]:

(1). ${cand_choice_1}
(2). ${cand_choice_2}
(3). ${cand_choice_3}
@). ${cand_choice_4}

Note that

1. You should only choose one candidate from (1),(2),(3),(4).
2. Only output the index of your chosen candidate.

3. Do not include any other unnecessary content or symbol.

Your choice is:

Table 15: The prompt for responding to questions in multichoice QA.
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Assuming you are an expert in psychology and literary. Based on your profound understanding of the
story in the book ${book_name}, assess the quality of the response to the given [Question] according to
the provided [Reference Answer] and corresponding [Bonus Points]. You are supposed to indicate which
bonus points are explicitly or implicitly included in the response.

Question]: ${question}

Reference Answer]: ${reference_answer}
Bonus Points]: ${bonus_points}
Response]: ${response}

— —— —

Note that (1) The reference answer and bonus points must be the core basis of assessment. (2) The
response may be similar to a certain bonus point but with different wording. As long as it expresses a
similar meaning to this bonus point with no error, the point can be considered to be validly included. (3)
If the response does not include any bonus point, just output ‘[Included Bonus Points]: None’

Please conform to the following format:
[Included Bonus Points]: “<Indices of the included bonus points separated by commas, such as ‘1,2’>”

Table 16: The prompt for inspecting which bonus points are included in a response.

Assuming you are an expert in psychology and literary. Based on your profound understanding of the
story in the book ${book_name}, according to the [Story Plot] and [Reference Answer], you are supposed
to detect whether there is any defect existing in the [Response] to the [Question].

[Story Plot]: ${story_plot}

[Question]: ${question}

[Reference Answer]: ${reference_answer}
[Response]: ${response}

Note that (1) The reference answer and story plot must be the core basis for detecting defects in the
response. (2) Defects refers to factual or logical errors in the response. (3) Do not reluctantly find defects
when the response is totally reasonable. If there is no defect, just output ‘[Defect]: None’

Please conform to the following format:
[Defects]: “Content of defects in the response”

Table 17: The prompt for pointing out defects in a response.
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Plot Window

’

...... Bring us some liquor, Turk!” “Here it is, sir,

Plot Window

said Christophe, holding out the bottle. Vautrin
filled Eugene’s glass and Goriot’s likewise, then
he deliberately poured out a few drops into his
own glass, and sipped it while his two neighbors
drank their wine. All at once he made a grimace.

...... It was M. de Villefort, and not the prefect,
who returned to the house of M. de Villefort.
The procureur felt more at ease, although he had
learned nothing really satisfactory, and, for the
first time since the dinner-party at Auteuil, he
slept soundly. ......

“Corked” he cried. ......

Generative QA

Generative QA

Question: Why did Vautrin choose to fill Eugene
and Father Goriot’s glasses first?

Reference Answer: Vautrin deliberately flatters

Question: What does the Count of Monte Cristo
believe Mr. Villefort’s attitude towards him is,
and what actions does he expect Villefort to take?

Eugene and Father Goriot to ensure that his “busi-
ness” does not fall through.

(1) Vautrin deliberately tries to please Eugéne and Father
Goriot.

(2) To ensure that his “business” does not fall through.)(
Vautrin might use this ges-
ture to show friendliness and generosity, thereby

Reference Answer: The Count of Monte Cristo
knows that Mr. Villefort must harbor suspicions
about him and will inquire everywhere for infor-
mation about him.

(1) Christophe the Count of Monte Cristo knows that Mr.
Villefort must have doubts about him.

(2) Mr. Villefort will inquire about news concerning the
Count of Monte Cristo everywhere.

fostering closer relationships and easing Eu-
gene’s distant attitude toward him, all while con-
cealing his true intentions.

Penalty: The response mentioning “easing Eu-
geéne’s distant attitude toward him” is neither

The Count of Monte Cristo
believed that Mr. Villefort harbored suspicion
towards him and would continue to monitor and
investigate his actions through various means.
Penalty: None

explicitly stated nor implied in the excerpt.

Multichoice QA

Vautrin’s actions are more likely driven by a need
to maintain control of the situation and conceal
his true intentions, rather than simply addressing
Eugene’s cold demeanor.

Multichoice QA

Question:Why does Vautrin choose to fill Eu-
gene and Father Goriot’s glasses first?
Candidate Choices:

(1) Vautrin filled Eugene and Father Goriot’s glasses first
to display his generosity and win the favor of everyone at
the table.

(2) Vautrin did this to assert his superior status over Eugene
and Father Goriot at the table, so he could take control of
the conversation.

(3) Vautrin deliberately flatters Eugene and Father Goriot
to ensure that his “business” does not fall through.

(4) Vautrin chose to fill their glasses first to test their reac-

Question: What does the Count of Monte Cristo
believe Mr. Villefort’s attitude towards him is,
and what actions does he expect Villefort to take?
Candidate Choices:

(1) The Count of Monte Cristo believes that Monsieur de
Villefort holds a cautious attitude towards him and will take
careful actions to observe his movements.

(2) The Count of Monte Cristo plans to take a series of
actions to seek revenge on Monsieur de Villefort and his
family, and therefore believes that Villefort has already
realized his plan.

(3) The Count of Monte Cristo knows that Mr. Villefort
must harbor suspicions about him and will inquire every-
where for information about him.

(4) As no specific threat is discovered, the Count of Monte

Cristo believes that Monsieur de Villefort will not take
any immediate action and will simply maintain a watchful
stance for the time being.

tion to the wine at the banquet, in order to decide whether
to involve them in more secretive plans.

Correct Choice: (3)

Correct Choice: (3)

3

Table 18: Case 1 from “Father Goriot”. ¥ means the
response of GPT-40 covers the bonus point. X means
the corresponding bonus point is not covered. The de-
fects of response are also indicated in the penalty. For
multichoice QA, the model selects the wrong choice.
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) Table 19: Case 2 from “The Count of Monte Cristo”.
means the response of GPT-40 covers the bonus point.
The response of GPT-40 covers all bonus points with
no penalty in generative QA. It also selects the correct
choice in multichoice QA. Note that this question in-
volves the second-order ToM capability.




