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Abstract

Cognitive anthropology suggests that the dis-
tinction of human intelligence lies in the ability
to infer other individuals’ knowledge states and
understand their intentions (Tomasello et al.,
2005). In comparison, our closest animal rel-
ative, chimpanzees, lack the capacity to do so
(Call and Tomasello, 2008; Hare, 2011). With
this paper, we aim to evaluate LLM perfor-
mance in estimating other individuals’ knowl-
edge states and their potential actions. We
design two tasks to test (1) if LLMs can pre-
dict story characters’ next actions based on
their own knowledge vs. improperly using in-
formation unavailable from their perspective,
and (2) if LLMs can detect when story charac-
ters, through their actions, demonstrate knowl-
edge they should not possess. Results reveal
that most current state-of-the-art LLMs achieve
near-random performance on both tasks, and
are substantially inferior to humans. We argue
future LLM research should place more weight
on the abilities of knowledge estimation and
intention understanding. The project is avail-
able at: https://github.com/DingyiYang/
Act-on-Known/.

1 Introduction

As a flurry of new Large Language Models (LLMs)
continues to attain ever-higher scores on perfor-
mance leaderboards (Deepmind, 2024; Xu and Ma,
2025), it is often difficult to shake the feeling that
the LLMs are not yet matching human intelligence.
On the other hand, it is also increasingly difficult
to articulate where exactly the models fall short.
What, if any, is the remaining difference between
human and machine intelligence?

To understand the shortcomings of machines,
we turn to cognitive anthropological research that
attempts to distinguish homo sapiens from apes
and other animals. A popular view there is that
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Question: What will Mark do next?
A (without implausible knowledge): Look for his dog Rufus.
B (with implausible knowledge): Call 911 to save the injured
person.

Story: Mark hurried through the park with his dog, Rufus.
He tossed a stick into the trees and waited for the usual
thudding return.<knowledge>Deeper in the brush, Rufus
stopped beside a person lying in the leaves, bleeding and
barely conscious. </knowledge> Mark checked the time and
called the dog’s name. The stick hadn’t come back.

Thinking: There was an injured person, Mark
should call 911 to save the person.
Answer: B ❌

Thinking: Mark did not know about the injured
person. He would look for his dog first.
Answer: A ✔️

Figure 1: The Knowledge-sensitive Next-action Predic-
tion (KNP) task, where the implausible knowledge is
highlighted for easy reading (but not highlighted for the
LLMs and the human test-takers). This tests whether
LLMs can take the perspective of the story characters
and choose actions based on knowledge they can access.

humans possess an advanced theory of mind (ToM)
(Premack and Woodruff, 1978) but other animals
do not (Povinelli and Vonk, 2003; Suddendorf and
Corballis, 2007; Krupenye and Call, 2019). That is,
humans are uniquely capable of understanding and
emulating the mental states of other individuals.

Among these, arguably the most influential the-
ory comes from Tomasello et al., who posit that
the one fundamental distinction between humans
and other animals is the ability to understand and
share the intentions of others (USI) (Tomasello,
1999). Tomasello et al. (2005) propose that USI
contains a few components: First, one must rec-
ognize that other individuals are autonomous and
have independent mental states; otherwise it may
be assumed that everyone knows and wants exactly
the same things. Second, one needs to understand
that other individuals choose their actions based on
the knowledge and actions available to them. Inter-
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Ability Tested Knowledge Domain
#Samples Story Length

Performance

Knowledge State
Tracking

Potential Action
Estimation

In-Context
Localization

Knowledge
Domain

Knowledge
Creation Random GPT-5.4 (high)

Theory-of-Mind Benchmarks
ToMi (Le et al., 2019) ✓ - - Location Rule-Based 6K 40 words 0.50 0.90
FANTOM (Kim et al., 2023) ✓ - - 3 Types LLM 10K 537 words 0.50 0.76
T4D (Zhou et al., 2023a) ✓ ✓ - Location LLM - - - -
SIMPLETOM (BehaviorQA) (Gu et al., 2026) ✓ ✓ - 10 Types LLM 1.1K 38 words 0.50 0.77
CharTOM-QA (BeliefQA) (Zhou et al., 2025) ✓ ✓ - General Classic Novel 201 2K words 0.25 0.65

Benchmarks Proposed in This Paper
KNP (Ours) ✓ ✓ - General Human & LLM 500 93 words 0.50 0.61
IKD (Ours) ✓ ✓ ✓ General Human & LLM 1K 601 words 0.25 0.53

Table 1: Comparison between existing datasets. KNP requires models to track characters’ knowledge states and
estimate their potential next actions. IKD requires models to do so for each event in context, and to localize any
implausible action. Compared to datasets that rely on limited LLM-generated scenarios or classic novels prone to
data leakage, our datasets cover broader situations and require richer commonsense understanding of the real world.

estingly, experiments suggest that apes are unable
to track what other apes know and believe (Call and
Tomasello, 2008; Hare, 2011). It stands to reason
that chimpanzees cannot infer intentions of others
from reliable estimations of their knowledge states.

Therefore, a natural question to ask is: can
LLMs infer the knowledge states of human actors?
Using textual stories, we propose two probing tasks:
(1) Knowledge-sensitive Next-action Prediction
(KNP) (Fig. 1), which tests whether LLMs can
predict actions that story characters will likely take,
depending on their own knowledge. (2) Implausi-
ble Knowledge Detection (IKD) (Fig. 2), which
tests whether LLMs can detect when a story char-
acter acts on knowledge they should not possess.

As shown in Figure 2, we construct two bench-
mark datasets, one for each task. We collect and
summarize human-written stories from the inter-
net1. For KNP, we identify or create 2 a knowledge
statement that cannot be plausibly known by a story
character, but has important implications for their
next action. The LLM being tested must predict the
next action of the character, and the correct choice
is that the character will act without the knowledge.
The dataset consists of 500 QA pairs in 5 genres.

For the IKD task, we rewrite the story to intro-
duce a plot hole (Ahuja et al., 2025). In the plot
hole, a story character uses knowledge they cannot
possibly possess in their action. The LLM is re-
quired to detect if a plot hole exists in a given story.
The benchmark consists of 500 correct stories and
500 erroneous stories. Both KNP and IKD stories
were validated by human annotators. Section 4
contains more details.

Our proposed benchmarks demand a more ad-
vanced capacity for tracking knowledge states and

1www.reedsy.com and www.short-story.me
2If no such knowledge exists in the original story, we use

LLM to introduce one.

understanding how they affect actions in the real
world (Table 1 shows comparisons with existing
datasets). They are highly adversarial to state-of-
the-art LLMs. On the KNP task, humans with
zero training and zero demonstrations achieve
an accuracy of 92%, 23 percentage points (pp)
above the best LLM, Claude-4.5-Opus. GPT-5.4
achieves only 61%, whereas GPT-4o performs at
random chance. On the IKD task, Claude-4.5-Opus
achieves 68% classification accuracy and 0.59 IoU
for localization, whereas other models remain at or
below roughly 60% accuracy. The zero-shot human
baseline reaches 76% accuracy. The surprising fail-
ures of LLMs in understanding seemingly simple
stories highlight their deficiency in the critical abil-
ity of estimating knowledge states and potential
actions.

This paper makes the following contributions:

• Inspired by cognitive research, we propose
an important dimension of LLM evaluation:
the ability to understand and share intentions
(USI) of humans. As USI can be difficult to
measure directly, we propose to evaluate a
prerequisite skill: knowledge state tracking
and potential action estimation.

• We build simple and short tests that push
most state-of-the-art LLMs (except the lat-
est Claude and Gemini models) to marginally
above random chance. The finding is interest-
ing by itself and highlights the need for further
research on USI.

2 Related Works

Theory of Mind (ToM) in LLMs. Fundamental
to social intelligence, Theory of Mind refers to
the ability to recognize the fact that other people
possess distinct mental states and to estimate such
states (Nguyen et al., 2025). Most studies that test
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ToM in LLMs focus on the dimension of beliefs
and knowledge (Kosinski, 2024; Kim et al., 2023;
Wu et al., 2023; Nematzadeh et al., 2018; Xu et al.,
2024), others cover intentions (Staab et al., 2023;
Zhou et al., 2023b) and emotions (Wu et al., 2024).

In this work, we focus on the dimension of
knowledge. Most existing works face two limi-
tations: 1) they explicitly ask about knowledge
state understanding, like in ToMi (Le et al., 2019),
Hi-ToM (Wu et al., 2023), and FANTOM (Kim
et al., 2023). For example, given a story “Sally
is in one room; in another room, Anne puts milk
in a box,” they ask “What does Sally think is in
the box?”, which directly cues LLMs to perform
knowledge tracking. In contrast, testing the LLMs
on the action implications of knowledge (our set-
ting) is harder, using questions like “Sally wants
to drink milk. What would she do? A: Go to the
box in another room. B: Try to find milk.” The
inference that the knowledge state is critical in this
decision appears to be rather difficult for LLMs
(see the first ablation in §5.2) but is vital for USI. 2)
Many works employ false-belief contexts, where
the story presents a world state change (e.g., “Sally
puts milk in a basket and leaves; Anne moves it to
a box”), like in T4D (Zhou et al., 2023a) and Open-
TOM (Xu et al., 2024). This setup provides two
alternative world states, implicitly letting LLMs
choose between them. In contrast, our stories
present only an unchanging fact that the charac-
ter cannot know. If LLMs fail to understand that
one’s action is based on their own knowledge, they
will directly use this inaccessible fact. This design
more rigorously tests whether LLMs understand
how perspective-specific knowledge affects action.

Additionally, compared to datasets built from
standardized templates (Le et al., 2019) or lim-
ited scenarios (Gandhi et al., 2023; Chen et al.,
2024; Gu et al., 2026), our dataset is drawn
from diverse human-written stories, which cover a
broader range of realistic scenarios and offer a more
out-of-distribution assessment for ToM. Although
CharToM-QA (Zhou et al., 2025) also targets gen-
eral scenarios, it relies on classic novels and is
subject to serious data leakage concerns. More-
over, the lengthy context (over 2K words) makes
it unclear whether the challenge stems from con-
text length or ToM understanding. Our KNP task,
by contrast, features much shorter natural narra-
tives (93 words on average), yet LLMs still show
near-random performance.

Narrative Understanding. Many works focus
on basic story element understanding, such as Nar-
rativeQA (Karpinska et al., 2024), BookQA (An-
gelidis et al., 2019), and FairyTaleQA (Xu et al.,
2022). FlawedFictions (Ahuja et al., 2025) investi-
gates if LLMs can detect plot holes that may require
complex logical reasoning. Our IKD task uses a
similar setting but focuses on plot holes related to
characters’ knowledge states.

3 Tasks of Implausible Knowledge

We define implausible knowledge as knowledge
that an individual’s physical location, social status,
or personal experience does not plausibly grant
them. For instance, if a story character knows a
stranger’s name at first glance, we would consider
it implausible3. Other examples include knowledge
of private thoughts of others, or knowledge about
events that happened in a far away location, in the
character’s absence, or in the future.

We design two tasks to evaluate LLMs’ under-
standing of knowledge. The KNP task (Sec 3.1)
focuses on the prediction of next actions ex ante,
whereas the IKD task (Sec 3.2) focuses on the
detection of actions that depend on implausible
knowledge ex post. As such, these two tasks test
two complementary aspects of the understanding
of implausible knowledge.

3.1 Task 1: Knowledge-sensitive Next-action
Prediction

In this task, each story contains an implausible
piece of knowledge K that the story character C
should not know, but K has strong implications
on the next action of C. For example, C is look-
ing for ancient treasures and K is the location of
the treasure. Upon learning K, C would go to the
location immediately. Without K, it would be im-
plausible for C to go to the exact right location
without proper justification.

After reading the story, the LLM is asked to
choose the more plausible next action for story
character C. There are two choices, an action that
C would normally take without knowing K, and an
action C would take knowing K. Clearly, the first
action is the correct choice. We report the accuracy.

3.2 Task 2: Implausible Knowledge Detection
This task evaluates if an LLM can determine
whether a story character possesses knowledge in-

3Unless, of course, the story already established that the
character has magic or some mind-reading device.
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accessible to them given the narrative context. For-
mally, let S be a narrative consisting of a sequence
of events E = {e1, e2, ..., en}. An erroneous story
with implausible knowledge K satisfies two condi-
tions: (1) there is an event ek where a story char-
acter C either states the information K or takes an
action premised on K, and (2) it is highly unlikely
for C to know K at the time of ek.

The task contains two subtasks. In the binary
classification subtask, the LLM classifies each story
into logically consistent (1) or inconsistent (0). We
report the classification accuracy. Given a story xi,
a predicted class ŷi, and the ground-truth label yi,
the accuracy is simply

∑N
i 1(ŷi = yi)/N , where

N is the number of stories and 1(·) is the indicator
function.

In the localization subtask, if the LLM deter-
mines the story to be logically inconsistent, it must
localize the error by identifying the error-inducing
sentences serr. We prompt the LLM to predict
the error sentences ŝerr in words, and compute the
intersection-over-union (IoU) with the ground truth
at the word level. The localization metric li for the
i-th story is calculated as:

li =

{
1(ŷi = 1), if yi = 1 (no error)
1(ŷi = 0) IoU(serr, ŝerr), if yi = 0 (error)

The dataset-level localization metric is computed
as the average of li.

4 Dataset Construction

4.1 Story Collection
We collect 500 open-source stories from www.
reedsy.com and www.short-story.me, covering
five popular genres of romance, fantasy, kids, mys-
tery, and science fiction. To avoid copyright issues,
we perform automatic summarization of all col-
lected stories (see Fig. 7 for the summarization
prompt), yielding the raw original stories Sori.

4.2 Data Construction
As depicted in Figure 2, we propose a data con-
struction process that combines LLM generation
and human validation and refinement. For LLM
generation, we use GPT-5 with high reasoning for
all steps. Detailed prompts are in the Appendix.

Introducing Implausible Knowledge. Given an
original story, we first identify a piece of referenced
knowledge that satisfies two criteria: (1) at the time
of an event ek, a character cannot plausibly possess

this knowledge; and (2) the knowledge nevertheless
could influence the character’s actions in ek. If no
suitable instance of such knowledge is present, we
prompt the model to generate one and insert it into
the narrative in a natural manner.

Next-action Question Construction. Given the
implausible knowledge K, character C, and event
ek, we use the story context preceding ek as the in-
put to the KNP task. We then construct a question
about the character’s next action, where the answer
depends on whether C knows K. We provide two
candidate answers: a correct option and a distrac-
tor. The question-generating LLM is prompted to
ensure that, assuming that C does not know K,
the action without K is clearly the correct choice
and the distractor is not independently plausible for
other reasons.

Human annotators check for the correctness of
the answers. For example, suppose K is “the girl
whom C loves thinks he is weird,” and C is char-
acterized as very shy. If the correct option is “he
finds the courage to confess” and the distractor is
“he does not have the nerve to confess”, the dis-
tractor may remain plausible solely due to shyness
rather than being caused by K. In this case, hu-
man annotators may choose to rewrite the options
themselves or regenerate using the LLM. The final
refined dataset contains 500 QA pairs for the KNP
task, with stories averaging 93 words in length.

Erroneous Story Construction. The original
stories Sori do not contain plot holes. To obtain
the erroneous stories for the IKD task, we rewrite
event ek under the counterfactual assumption that
the character possesses the identified implausible
knowledge, yielding a modified event e′k. The LLM
is prompted to produce a rewrite that is fluent and
coherent while introducing as few changes to the
original event as possible. At the same time, the
inconsistency introduced by e′k should not be ex-
plainable within the story world. In addition, if
rewriting ek affects subsequent events, the LLM is
asked to make the minimal adjustments necessary
to preserve narrative continuity after e′k.

During human validation, the annotators re-
check the validity of e′k and overall continuity. For
example, cases in which e′k can be justified by “the
character may obtain knowledge with magic power”
or “the character is lying about their possession of
the implausible knowledge” are not considered as
errors. Human annotators regenerate e′k until the
requirements are met.
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E2: <knowledge>Deeper in the brush, Rufus 
stopped beside a person lying in the leaves,
bleeding and barely conscious. </knowledge>

E4: After waiting a while, Mark called for Rufus
and set off to find his dog. 

Step 2:  Rewrite the event
Step 3:  Rewrite the following
story if necessary

Step 2: Construct a question
Step 3: Construct the answers

Erroneous Story

Task 2: Implausible Knowledge Detection

Task 1: Knowledge-sensitive
Next-action Prediction

Question: What will Mark do next?

   ❌Answer with Implausible knowledge:

   ✔️Answer without Implausible knowledge:

Step 1: Introduce Implausible Knowledge for the Character 

E1: Mark hurried through the park with his dog,
Rufus. He tossed a stick into the trees and
waited for the usual thudding return. 

E3: Mark checked the time and called the dog’s
name. The stick hadn’t come back.

E5: When he found  Rufus, he saw an injured
person. He immediately called the police.

E4': Mark hurried to the brush, calling 911 to
save the person.

Look for his dog Rufus.

Call 911 to save the injured person.

Story Context (E1 - E4)

E5': He stayed until the help came.

Figure 2: Our dataset construction process (Section 4). Using the original story, we first identify implausible
knowledge that a character cannot possess at a given event, and that would affect the character’s action. If no such
knowledge exists, we prompt the model to introduce one. Then: 1) For the KNP task, we construct a question about
a knowledge-sensitive action, creating two answer options—one without the implausible knowledge and one with
the knowledge; 2) For the IKD task, we rewrite the original event to generate an erroneous story.

Further, the human annotators are asked to re-
move explicit explanations that character C does
not know K in the story. The LLM being tested
should reason about character knowledge states
using commonsense, rather than hints in the text.

Combining the 500 erroneous and 500 original
correct stories4, this yields the dataset for the IKD
task, with an average length of 601 words.

Overall, approximately 40% of the samples in
both tasks are refined by annotators. Additional
details about the annotators and data refinement
requirements are provided in the Appendix.

5 Experiments

LLM Tested. We test several models across two
categories: closed-source models (Gemini-3-Pro,
GPT-5.4, GPT-5, GPT-5-mini, GPT-4o, Claude-4.5-
Sonnet, and Claude-4.5-Opus) and open-source
models (LLaMA3.3-70B (Dubey et al., 2024a),
LLaMA3.1-70B (Dubey et al., 2024b), LLaMA3.1-
8B, Qwen3-MAX, Qwen3-32B (Yang et al., 2025),
Qwen3-8B, DeepSeek-Chat, DeepSeek-R1 (v3.1
and v3.2) (Liu et al., 2025), Kimi-K2.5-Instruct
(Team et al., 2026), and Kimi-K2.5-Thinking.

Settings. We test the LLMs using the zero-shot
setting. Since the task requires reasoning about
knowledge states, we always ask the models to

4Original stories are also verified and refined by human
annotators to remove any possible logic errors.

generate their thinking process and output the an-
swer. For temperature and top-p settings, we apply
the default settings for all open-source models and
closed-source APIs, then average scores across 3
runs. For the KNP task, we randomly shuffle the
position of correct and distractor answers to avoid
positional bias in LLMs.

Human Performance. We recruited 2 annotators
with sufficient English proficiency and gave them
the same instructions we provided to the LLMs.
For each task, the annotators solved 50 questions.

5.1 Main Results
The results are shown in Table 2. For knowledge-
sensitive action prediction (KNP), most models
perform near-randomly — especially open-source
models. Among leading models, Claude-4.5-Opus
and Gemini-3-Pro achieve the highest performance
at around 0.7. Analysis of their reasoning processes
reveals that they consider knowledge states when
predicting character actions (Case shown in Fig.
10). However, their understanding of knowledge
states still needs improvement, revealing a gap with
human performance of 0.92.

For logic error detection (IKD), many leading
models perform only slightly better than random in
the binary classification task. For instance, GPT-5
(high) achieves 0.58, DeepSeek-R1 reaches 0.61,
and Claude-4.5-Opus shows the highest perfor-
mance at 0.68. In the localization task, perfor-
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KNP Implausible Knowledge Detection (IKD)

Action Choice Binary Classification Localization

Accuracy Pos Cls Neg Cls Full Cls Neg Loc Full Loc

Open-weight Models
Qwen3-8B 0.50 0.58 0.31 0.45 0.04 0.31
Qwen3-8B (think) 0.49 0.69 0.32 0.51 0.05 0.37
Qwen3-32B 0.49 0.78 0.23 0.51 0.04 0.41
Qwen3-32B (think) 0.50 0.65 0.45 0.55 0.10 0.38
Qwen3-Max (think) 0.53 0.86 0.24 0.55 0.07 0.47
LLaMA3.1-8B 0.51 0.14 0.64 0.39 0.11 0.13
LLaMA3.1-70B 0.55 0.41 0.60 0.51 0.08 0.25
LLaMA3.3-70B 0.54 0.69 0.36 0.53 0.05 0.37
Kimi-K2.5-Instruct 0.56 0.71 0.51 0.61 0.27 0.49
Kimi-K2.5-Thinking 0.57 0.74 0.49 0.62 0.26 0.50
DeepSeek-V3.1 0.47 0.40 0.65 0.53 0.16 0.28
DeepSeek-R1-V3.1 0.55 0.76 0.46 0.61 0.22 0.49
DeepSeek-V3.2 0.50 0.68 0.50 0.59 0.20 0.44
DeepSeek-R1-V3.2 0.57 0.94 0.27 0.61 0.16 0.55

Closed-weight Models
GPT-4o 0.49 0.92 0.10 0.51 0.03 0.48
GPT-5-mini 0.52 0.83 0.18 0.51 0.06 0.45
GPT-5 (low) 0.57 0.81 0.37 0.59 0.18 0.50
GPT-5 (medium) 0.58 0.80 0.33 0.57 0.15 0.48
GPT-5 (high) 0.58 0.85 0.30 0.58 0.13 0.49
GPT-5.4 (high) 0.61 0.93 0.27 0.60 0.12 0.53
Gemini-3-Pro 0.67 0.28 0.86 0.57 0.47 0.38
Claude-4.5-Sonnet 0.66 0.35 0.82 0.59 0.29 0.32
Claude-4.5-Opus 0.69 0.88 0.48 0.68 0.30 0.59

Zero-shot Human 0.92 0.82 0.70 0.76 0.61 0.72

Table 2: Main results on KNP and IKD tasks. For IKD, we show the classification and localization performance on
the positive set (correct stories), negative set (erroneous stories), and the full set.

mance is even lower—DeepSeek-R1 achieves 0.55,
and Gemini-3-Pro reaches 0.38. An interesting
finding is that different models also exhibit distinct
judgment tendencies: GPT-4o shows a strong bias
toward determining stories are logically consistent,
while Gemini-3-Pro shows the opposite tendency.
As a result, although some models display high per-
formance on either the positive set (stories with no
errors) or the negative set, the overall performance
is poor. Human performance is also not particu-
larly high, largely due to the lengthy context. If we
highlight the events containing the error and the
relevant knowledge, their localization performance
on the negative set increases from 0.61 to 0.86.

Effect of Scale. Comparing LLMs with differ-
ent parameter counts, such as LLaMA-3.1 (8B vs.
70B) and Qwen3 (8B, 32B, MAX), we see that
model scaling improves performance only slightly.
This suggests that knowledge estimation and track-
ing may not be easily solved by scaling alone.

Effect of Extended Reasoning. We explore
whether different model series show improvement
with extended thinking processes. For instance,
we compare DeepSeek-chat and DeepSeek-R1,
Qwen3’s thinking and non-thinking modes5, as
well as GPT-5’s different reasoning levels. How-
ever, extended reasoning does not lead to clear
improvement. This highlights that knowledge es-
timation and tracking cannot simply be resolved
through test-time scaling and requires specialized
training.

Takeaway

Most state-of-the-art LLMs show near-
random performance in knowledge state track-
ing and potential action estimation. Test-time
scaling does not show a clear advantage.

5For non-thinking mode, the model still outputs a short
chain of thought.
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5.2 Further Analysis and Ablation

This section presents an in-depth analysis of LLMs’
understanding of knowledge.

Effects of Genre. We examine whether narrative
style affects performance. We compare five genres
in our benchmark dataset: romance, fantasy, sci-
ence fiction, kids, and mystery. As shown in Figure
3, different genres show no clear performance dif-
ference across either task. The fantasy and mystery
genres show slightly lower performance—possibly
because models tend to excuse errors as explainable
within the fantastic and some mysterious settings.6

Ablation: Focusing LLMs on Character Knowl-
edge. In the basic setting used in Table 2, the
LLMs are not told that they need to track knowl-
edge states of story characters. In order to test if
the LLMs would perform differently if they know
the ability being tested, in this experiment, we ex-
plicitly instruct them to focus on the specific knowl-
edge states of story character.

The results are shown in Figure 4. On aver-
age, the explicit prompt to pay attention to char-
acter knowledge improves accuracy by 12.6 pp
in IKD (Whole Set) and 14.8 pp in KNP, with
GPT-5.4 achieving the highest boost. This sug-
gests the LLMs do not yet understand the depen-
dency between actions taken by humans and their
knowledge, which is a critical component of USI
according to Tomasello et al. (2005). After being
prompted, the best accuracy is 85% on KNP, still
falling short of the performance of the human par-
ticipants who did not receive this prompt.

IKD Localization Ablation: Isolating Knowl-
edge Tracking. The IKD localization task is the
most complex and has the lowest performance. Do-
ing this correctly requires making a sequence of
decisions correctly: (1) identifying the statement
of the implausible knowledge. (2) identifying the
action of the story character premised on the im-
plausible knowledge, (3) knowing that knowledge
inconsistency needs to be checked, and (4) per-
forming knowledge tracking correctly to classify
the story and localization. This makes it difficult to
interpret the results of IKD. To isolate the effects
of Step #4, we build the following ablated versions
of the IKD localization task.

6The stories explicitly state that the characters in our ques-
tions do not possess magic power (so they cannot use magic
to obtain implausible knowledge).

Ablation 1: We explicitly highlight the erroneous
event and instruct the model to identify whether
it contains a logical inconsistency. Compared to
the full task, this setting removes the need to scan
and reason over all events, reducing the problem
to detecting a logical error within a single, pre-
identified event.
Ablation 2: We further highlight both the erro-
neous event and the event that introduces the im-
plausible knowledge for the character, and ask the
model to detect the logical inconsistency. This
setting eliminates the challenge of locating the rel-
evant background knowledge, requiring the model
only to reason about the inconsistency between the
two given events.
Ablation 3: Building on Ablation 2, we addition-
ally instruct the model to explicitly focus on im-
plausible character knowledge states. This repre-
sents the simplest setting, isolating the core ca-
pability under evaluation: whether the model un-
derstands that a character cannot possess certain
knowledge given the narrative context.

The results are shown in Table 3. We find
that for all models, the first two ablations do not
bring clear improvement. However, in Ablation
3—where models are asked to focus on knowl-
edge states—performance shows a clear increase.
This aligns with our previous experimental findings:
models do not pay much attention to knowledge
states in their default setting. Yet even under this
condition, performance remains modest for most
models, highlighting the need for future improve-
ments.

Takeaway

(1) Even when other required skills, such as
retrieval in a long context, are removed from
the problem, the LLMs still perform worse
than humans.
(2) Performance improves when LLMs are
asked to focus on knowledge, suggest-
ing LLMs do not understand the depen-
dency between actions taken by humans and
their knowledge, which is critical for USI
(Tomasello et al., 2005).

KNP: Binary Choice vs. Open-Ended Genera-
tion. For the Knowledge-sensitive Next-action
Prediction task, the default setting is a binary
choice task. We explore whether the provided an-
swers serve as hints or distractors for the models.
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Figure 3: Performance on different genres.
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Figure 4: Ablation: Focusing LLMs on Character Knowledge.

Localization (Negative Story)

Model Default Abl. 1 Abl. 2 Abl. 3

Qwen3-8B (think) 0.05 0.12 0.14 0.33
Qwen3-32B (think) 0.10 0.34 0.29 0.60
Qwen3-Max (think) 0.07 0.28 0.33 0.69
LLaMA3.1-8B 0.11 0.20 0.23 0.28
LLaMA3.1-70B 0.08 0.29 0.39 0.67
LLaMA3.3-70B 0.05 0.18 0.3 0.55
Kimi-K2.5-Instruct 0.27 0.47 0.54 0.70
Kimi-K2.5-Thinking 0.26 0.46 0.54 0.71
DeepSeek-V3.2 0.20 0.36 0.41 0.78
DeepSeek-R1-V3.2 0.16 0.26 0.30 0.59
GPT-4o 0.03 0.12 0.22 0.62
GPT-5.4 (high) 0.12 0.22 0.30 0.61
Gemini-3-Pro 0.47 0.68 0.73 0.80
Claude-4.5-Opus 0.30 0.45 0.48 0.62

Human 0.61 - 0.86 -

Table 3: Ablation studies on the IKD-localization task
(Neg set), which isolate the ability to estimate knowl-
edge states from long-context understanding.

To investigate this, we conduct an open-ended pre-
diction experiment: without given option answers,
we first generate the open-ended answer, then apply
the LLM-as-a-Judge method (Li et al., 2024) for
open-ended evaluation. We provide GPT-5 with
the story, question, answer options, and generated
answer. If it aligns with the correct option, it’s cor-
rect; if aligns with the incorrect option, it’s wrong.
Answers aligning with neither are filtered out—7%
on average.

Model Binary Choice Open-Ended

Qwen3-8B (think) 0.49 0.53
Qwen3-32B (think) 0.49 0.51
Qwen3-Max (think) 0.53 0.53
LLaMA3.1-8B 0.51 0.52
LLaMA3.1-70B 0.55 0.57
LLaMA3.3-70B 0.54 0.58
Kimi-K2.5-Instruct 0.56 0.56
Kimi-K2.5-Thinking 0.57 0.56
DeepSeek-V3.2 0.49 0.51
DeepSeek-R1-V3.2 0.57 0.58
GPT-4o 0.49 0.52
GPT-5.4 (high) 0.61 0.62
Gemini-3-Pro 0.67 0.64
Claude-4.5-Opus 0.69 0.64

Table 4: Comparing the QA formats on the KNP task:
binary-choice vs. open-ended generation. For binary
choice, we report accuracy. For open-ended generation,
we report the scores given by LLM-as-a-Judge.

The results are shown in Table 4. We observe
that the two question formats do not create substan-
tial differences in the scores, demonstrating that
the conclusions based on binary choice setting are
robust.

5.3 Case Studies

Figures 8–11 provide qualitative examples of
model performance on the KNP task. While
Claude-4.5-Opus and Gemini-3-Pro exhibit an
emergent capacity to discern the relationship be-
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tween character actions and knowledge states, they
fall short of human proficiency, as evidenced by the
quantitative results in Table 2 and the error case in
Figure 8. Other models perform even worse, tend
to apply knowledge directly to answer questions
without analyzing whether the character can actu-
ally access it. Notably, extended reasoning does
not help with this capacity—in the case shown in
8, DeepSeek-R1 generates 2.1K tokens in its rea-
soning process (within <think></think>), yet this
provides no benefit for the inference.

Prediction results on the IKD task, shown in Fig-
ures 5-7, indicate that current LLMs are not very
sensitive to actions driven by implausible knowl-
edge when processing stories. Although Claude-
4.5-Opus and Gemini-3-Pro perform better than
others, they still show a gap compared to humans.
Gemini-3-Pro, specifically, shows a tendency to
be overly strict and tries to locate errors even in
correct stories (Figure 7).

6 Conclusion

In this work, we explore whether current LLMs
possess a significant Theory-of-Mind (ToM) ca-
pacity that distinguishes human intelligence from
other animals: understanding others’ independent
knowledge states and predicting their correspond-
ing actions. We carefully design two tasks for
evaluation: Knowledge-sensitive Next-Action Pre-
diction (KNP) and Implausible Knowledge Detec-
tion (IKD). Based on experimental exploration us-
ing our proposed benchmarks, most leading LLMs
show near-random performance in this area, with a
significant gap compared to humans. This finding
highlights the need for future research.
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A Dataset Construction

A.1 Implausible Knowledge Types
Implausible knowledge may originate from sev-
eral sources, including: private thoughts (another
character’s unexpressed mental state that has not
been externally revealed), distant events (events
occurring elsewhere or during the character’s ab-
sence), future events (events that have not yet oc-
curred), and inaccessible secrets (facts that are not
reasonably accessible, such as a stranger’s family
background or the hidden location of a map). We
provide LLMs with these definitions as a reference.

A.2 Automatic Data Construction Prompts
The prompt for Next-action Question Construction
(KNP task) is provided in Table 5. The prompt
for an erroneous story construction (IKD task) is
provided in Table 6.

A.3 Human Refinement
We recruit three workers to check and refine the
auto-generated data. The refinement instructions
are summarized as follows:

KNP Task: Annotators are tasked with reviewing
the story context, questions, and answer options,
in which implausible knowledge is explicitly high-
lighted in their annotation. They need to check the
correctness of the answers. That is, given the story
context and the character’s knowledge state, the
right answer is clearly correct, and the distractor
answer cannot be explainable. For example, con-
sider a scenario where the implausible knowledge
K is “the girl whom C loves thinks he is weird,”
and C is characterized as very shy. If the distractor
is “he does not have the nerve to confess,” it is
explainable. Even if readers understand that C is
unaware of K, they infer the distractor is plausible
solely based on C’s shyness. In such conditions, an-
notators are instructed to either rewrite the options
manually or regenerate them using the LLM.

IKD Task: For original stories, annotators read
the entire story and correct any logic errors. Then
they read the rewritten erroneous story, focusing on
the rewritten content and implausible knowledge,
which are highlighted in the annotation. They must
ensure that: (1) The implausible knowledge error
is valid. For instance, if the character possesses
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magic powers to know the information, the sam-
ple is filtered and regenerated until acceptable. (2)
The erroneous story does not include an explicit
explanation that someone lacks the knowledge. For
example, in “Mark, not knowing the injured per-
son in the brush, hurried to the brush and called
911”, the annotator removes the explicit hint “not
knowing the injured person in the brush”. This
ensures tested LLMs reason about character knowl-
edge states using common sense rather than textual
hints.

Annotators refined approximately 40% of the
auto-generated data. Our authors then reviewed
all refined data, making additional improvements
to the data. We will release the data annotation
file (containing detailed instructions and annotation
samples) to support future research.

B Evaluation Prompts

For tested LLMs, we apply the prompt shown in
Table 8 for the KNP task and the one shown in
Table 9 for the IKD task.
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Input (Erroneous Story)
Story:
Agatha, the old woman of the forest, finds a prim, fur-cloaked child at her doorstep: Lady Beatrice the Third, golden-haired and jeweled, certain she’s found 
a witch. Beatrice insists she saw Agatha casting spells among the trees and demands to be taken on as an apprentice. Agatha denies it, teasing the girl with a 
mock curse toad or worm, only to be told, quite solemnly, that witches feed on young girls’ souls—and Beatrice would trade hers if it meant learning magic. 
Alarmed by what the child reads but curious about her stubbornness, Agatha asks what she wants. Beatrice refuses to say.
Agatha returns to her chores, but the girl hounds her every step: inspecting the grain bin for hexes, peering into the henhouse as if the birds might be 
demons in disguise, squinting at garden tools for hidden charms. Day after day, the routine settles like weather. When ignoring fails to banish her, Agatha 
greets Beatrice in the mornings and, with a sigh, puts her to work. The little lady is no quick study, but she is willing. Agatha teaches her how not to startle 
the chickens, how to gather eggs, how to pull weeds by the roots, and which insects are foes and which are friends. The girl’s pink dresses come away 
brown; she never once complains. In her mind, this is “secret witch training with the mysterious woman,” and she lays verbal snares: Do witches have black 
cats or owls? How many make a coven? Have you ever turned someone into a frog?
As the cottage grows tidy and the chores thin out, Agatha teaches sewing, knitting, basket weaving. One morning she finds her sons’ old pastels, half-used, 
and offers them. Beatrice’s face brightens, then hardens into business again. She draws and chatters—until she goes quiet. Agatha leans over to find a 
radiant ocean: sand, gulls, sunlight glimmering like jewels. “It’s my ocean,” the girl whispers, then rushes out, leaving her gloves behind.
The next day brings no knock. Night brings the Duke, worry-lined, begging for help. The tracks lead into the forest; the rain has smothered the hounds. 
Agatha gathers shawl, bell-staff, blanket, and the gloves, and sends the men searching where they will not find her. She goes where the forest shows her: to 
the ancient tree whose roots sprawl like arms. There, under its lowered boughs, lies Beatrice, shivering in her ruined finery. Agatha wraps her, breathes 
warmth into her, and the girl revives with a triumphant smile. “I knew you were a witch! You used my gloves to find me.” Agatha laughs and says: she found 
Beatrice because she knows the woods like her own hands—and because children often end up here, as she and her sons once did.
The child’s bravado crumbles. She wanted a witch to send her back to the coast, to her mother’s first home, to the ocean’s diamonds. The forest feels dark 
and loud. Agatha explains that fear belongs to the unknown: the towering trees cradle life; the calls are neighbors. Home by the sea will remain hers, but 
this place can become home too, if she learns it. And the Duke? Odd, yes. Cruel, no. He was frantic to find her. The girl, surprised, leans in and sleeps. Agatha 
rings her bell; the searchers come. The Duke stumbles under the boughs and, still breathless with panic, blurts, “No more of your ‘secret witch training’ 
with the mysterious woman.” Beatrice announces she wants the ways of the forest, not witchcraft. “Tomorrow,” Agatha says.
Back home, aching but smiling, Agatha settles by the hearth. The fire blooms at a flick of her fingers. She thinks of tonics, and of which stray spell the girl 
might have glimpsed. Next time, she’ll be more careful.

GPT-5 (high)
Reasoning: The plot is internally consistent. Agatha denies being a witch to protect herself and the child, but the ending reveals she does possess magic—a 
deliberate character deception, not a contradiction. The timeline (the girl leaving gloves, not arriving the next day, the Duke arriving at night, Agatha finding 
her at the ancient tree) is plausible. Agatha misleading the searchers and later summoning them with her bell also fits her motives and the circumstances 
(she wanted to reach the child first). Ambiguities like “the forest shows her” can be read figuratively or as subtle magic without breaking logic. No 
statements directly contradict established facts.
Logical Error: NA
Conclusion: No❌

Gemini-3-Pro
Reasoning: I have analyzed the story's plot, character motivations, timeline, and consistency.
1.  Character Consistency (Agatha): Agatha denies being a witch throughout the interactions with Beatrice but is revealed to be one in the final paragraph. 
This is a plot twist/dramatic irony, not a logical error. Her internal monologue acknowledging she must be "more careful" aligns with Beatrice's initial claim 
of having seen her casting spells.
2.  Character Consistency (Beatrice): Beatrice's desire for magic changes from wanting power/to trade her soul, to wanting to go home, to accepting the 
forest. This is character development. Her specific fear/desire cycle is consistent.
3.  Plot Flow & Timeline: Beatrice visits daily->One day gets upset and runs out->The next day she does not return (Agatha notes the absence)->That night 
the Duke arrives. Although the Duke waiting until the "next night" to search the cottage seems slow for a missing child, it acts on the logic that he first 
searched elsewhere or waited for her return, and the weather caused delays. It is not a logical impossibility.
4.  The “Gloves” Logic: Beatrice accuses Agatha of using gloves for a spell (sympathetic magic). Agatha denies this, claiming she used woodcraft. The 
narration calls this "the truth." This is consistent: Agatha is a witch, but she chose to use her knowledge of the woods (and the fact that lost children 
gravitate to the ancient tree) rather than a spell to find the girl. Thus, the narrator's statement remains true even though Agatha is secretly a witch.
No inconsistencies contradicting the established logic were found.
Logical Error: NA
Conclusion: No❌

Claude-4.5-Opus
Reasoning: Let me analyze the story for logical inconsistencies.
1. Agatha's denial of being a witch: Throughout the story, Agatha denies being a witch to Beatrice. She claims she found Beatrice "because she knows the 
woods like her own hands" rather than through magic. However, at the end, "The fire blooms at a flick of her fingers. She thinks of tonics, and of which stray 
spell the girl might have glimpsed." This reveals Agatha actually IS a witch.
2. Is this a logical error?: The fact that Agatha lies to Beatrice about being a witch is not itself a logical error - characters can deceive other characters. The 
story is internally consistent: Agatha is actually a witch who denies it to the child, and at the end we learn the truth. This is not a contradiction.
3. The gloves: Beatrice claims "You used my gloves to find me" and Agatha denies using magic. But since Agatha is a witch, she might have used magic. 
However, the story says "She goes where the forest shows her" which could be interpreted either way. This ambiguity is not a logical error.
4. Beatrice's behavior: She runs away wanting to go to the ocean/coast, to her mother's first home. This is consistent with her drawing the ocean and going 
quiet about it.
5. Timeline: The sequence of events flows logically - Beatrice arrives, works with Agatha, draws the ocean, runs away, is found, and is returned.
I don't find any clear logical inconsistencies. The story maintains internal consistency - Agatha hiding her true nature as a witch while teaching the girl 
practical skills, then being revealed as actually magical at the end, is a deliberate narrative choice, not a logical error.
Logical Error: NA
Conclusion: No❌

Human
Reasoning: The phrase “secret witch training with the mysterious woman” is explicitly described as Beatrice’s internal thought; she does not say it aloud. 
The Duke has no access to her private phrasing or inner framing of the chores, and there is no indication anyone told him. 
Logical Error: The Duke stumbles under the boughs and, still breathless with panic, blurts, “No more of your ‘secret witch training’ with the mysterious 
woman.” ✅
Conclusion: Yes✅

Figure 5: Predictions on the IKD task (Erroneous Story). For easy reading, the logic error is in bold and implausible
knowledge for the character is underlined.
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Input (Erroneous Story)
Story:
Jen lives by the unwritten rules for the single woman who wants a child: don’t look at children, don’t engage, don’t talk about them, don’t let 
others talk about them, and absolutely don’t confess that you want one. Any glance, any story, any softness around babies broadcasts your 
yearning like a tinny loudspeaker and turns you, in the mind of any would-be suitor, from possibility to problem.
So Fridays become her private rebellion. On her half day, she slips into a museum housed in a former church and sits before a marble mother and 
child—the Madonna, serene, nursing. Stone that feels like breath. A virgin, a mother, perfect and untouchable. From her first visit in early spring
she loves Her, though at first she hurries past, afraid passersby will relish the pathos: a childless woman gazing at the mother of mothers. Still, she 
returns almost weekly, allowing herself to look openly, to feel the awe and ache she hides everywhere else.
Jen’s childlessness feels to her like something visible and damp, soaking everything; she believes it’s the first thing people see, the thing they 
instantly forgive with modern politeness, that flashing pity more humiliating than scorn. She tries to mask it and fails. Everyone forgives her. 
Everyone sees. Everyone but him.
He’s wiry, a little ugly, smelling like too much sports deodorant. He looks at the statue, at Jen, back at the statue, and squints. “Is she bumming 
you out?” he asks in a raspy voice. She stiffens. “Excuse me?” He keeps going, casual, untrained in the rituals of polite distance. “You’ve got those 
rules—don’t look at children, don’t engage, don’t talk about them,” he says, not unkindly. “So why are you looking at her if she’s making you 
sad?” She reaches for hauteur: it’s art, she says; art is supposed to make you sad. He doesn’t play along. He muses about stone faces and missing 
eyelashes, suggests fake ones, jokes that his own are fake. She, mortified by her own mouth, compliments his eyelashes, then backpedals. He 
smiles, and she feels that brief, ridiculous flare of attraction she now feels toward anyone with the potential to end her longing.
He asks again, simply: why does this make you sad?
She wants to disappear into marble herself—frozen, voiceless, unhurtable. She prepares to drive him off with the blunt force of her truth. But 
when it comes out it’s softer than she intended: “Because I want a baby, and she has one.”
She waits for the choreography she knows by heart: the shuffle, the watch check, the urgent call, the apology formed from manners and exit 
strategies. She can already feel him scolding himself for intruding, for missing the obvious, for failing to pre-forgive her.
Instead he gathers nothing but warmth. “Well,” he says, almost cheerful, “if you think that baby’s great, wait till you see the size of the horse 
some soldier has in the next room. Come on, I’ll show you.” His smile is less bright now, but steadier. He doesn’t fix or pity or flee. He redirects.
Jen stands. They walk together toward the marble horse.

GPT-5 (high)
Reasoning: I checked for contradictions in timeline, character behavior, and cause-and-effect. Jen’s evolving behavior (first hurrying past the 
statue, later sitting with it weekly) is consistent. The line “Everyone sees. Everyone but him.” aligns with the later interaction because “seeing” 
refers to others casting pity and treating her as a problem, while he engages without pity or retreat. His remark about her “rules” can be read as a 
general cultural observation or an inference from her demeanor, not literal mind-reading. No events contradict established facts, and the 
redirection to the horse sculpture is plausible within the museum setting.
Logical Error: NA
Conclusion: No ❌

Gemini-3-Pro
Reasoning: The story introduces a set of "unwritten rules" in the first paragraph (don’t look at children, don’t engage, etc.) as Jen's internal, 
private method. The narrative implies that the man in the museum is a stranger or a new acquaintance (indicated by her observing his appearance, 
her formal "Excuse me?", and her viewing him as a "would-be suitor" with potential). However, in the fourth paragraph, this man explicitly quotes 
these internal/private rules back to her verbatim. There is no logical way for a stranger in a museum to know Jen's specific, private mental code of 
conduct regarding children, nor is it explained how he would know she subscribes to these specific rules just by looking at her.
Logical Error: “He looks at the statue, at Jen, back at the statue, and squints. ... ‘You’ve got those rules—don’t look at children, don’t engage, 
don’t talk about them,‘ he says, not unkindly.”✅
Conclusion: Yes✅

Claude-4.5-Opus
Reasoning: Let me analyze the story for logical inconsistencies.
1. The story establishes that Jen follows unwritten rules about not looking at children, not engaging with them, etc., to hide her desire for a child 
from potential suitors.
2. She visits a museum on Fridays to look at a Madonna and child statue privately.
3. A man approaches her and says: "You've got those rules—don't look at children, don't engage, don't talk about them."
This is problematic. The story explicitly states at the beginning that these are Jen's internal "unwritten rules" that she lives by - they are her 
private strategy to avoid broadcasting her yearning. The man somehow knows these exact rules word-for-word, even though:
- They've never met before
- These rules are described as something Jen personally follows, not publicly known information
- The narrator earlier describes these as "unwritten rules" that Jen "lives by"
However, re-reading more carefully, the opening could be interpreted as the narrator describing a general social phenomenon that single women 
who want children follow - "the unwritten rules for the single woman who wants a child" - suggesting these might be commonly understood 
social rules rather than Jen's private invention. In this interpretation, the man could be aware of these cultural conventions.
But even with this interpretation, it's strange that a stranger would so directly and accurately quote these specific rules to someone he just met. It 
feels like he has access to information about Jen's internal thoughts that he shouldn't have.
Logical Error: “You‘ve got those rules—don’t look at children, don‘t engage, don’t talk about them,” he says, not unkindly.✅
Conclusion: Yes✅

Human
Reasoning: There is no indication that anyone told him the woman's secret thought.
Logical Error: "You've got those rules—don't look at children, don't engage, don't talk about them," he says, not unkindly.✅
Conclusion: Yes✅

Figure 6: Predictions on the IKD task (Erroneous Story). For easy reading, the logic error is in bold and implausible
knowledge for the character is underlined. The vital reasoning process that considers the character’s knowledge
state is in green.
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Input (Correct Story)
Story:
The train pulled in at 6:00 p.m. Jason hurried to Ellie, and they sat on her porch swing, holding hands. He broke the news: the Army was sending 
him to Germany for twenty months. Ellie stiffened, tears in her eyes. He reminded her he had six days’ leave, and they spent every minute of it 
together. He left, promising the months would fly.
They did. Jason returned, and for two months they spent every weekend and most nights together. Ellie was happy. Then September came. Jason 
started college and worked two jobs. At first he visited two or three times a week; soon it was two or three times a month. By the end of his 
sophomore year, his visits were rare. During his junior year he became engaged and married. He did not see or speak to Ellie again. She learned of 
his marriage third-hand, mourned for months, then moved away to make a new life.
Jason and his wife settled down after college, and for thirty years he believed himself happily married. One ordinary evening, he came home 
expecting his usual welcome. The house was silent. In the kitchen, he found a letter addressed to him. “Oh, God. Oh, God, no,” he murmured as he 
read: she had left him for another man. “Gone? After all these years? What’s going to happen to me?” For weeks he searched for answers and 
found none.
One Sunday morning, the phone rang. “Hello? Yes, this is Jason. Who is this? Huh? Ellie? Ellie who?” Then he came alive. “My Ellie? Is it really you?” 
She was a widow and moving back. He asked her to dinner to tell her everything.
At the restaurant he feared she wouldn’t come, but then she called his name. They smiled and hugged. “Ellie, I would have known you anywhere. 
You haven’t changed a bit.” They sat and looked into each other’s eyes, as if searching. Jason saw what he wanted to see: an answer.
She asked what had happened. “I don’t know. She just left me…for another man,” he said. He spoke of lonely nights, of thinking of Ellie to get 
through them. “I thought I had the perfect marriage, and then it was gone.”
Ellie sighed. “Losing someone you love is painful, isn’t it, Jason?” He agreed, then drifted into memories. “Those were the days,” he said softly. He 
asked about her life. She told him she had moved to Texas, married Dean, started a small business, had a daughter. She showed him a photo. He 
glanced, then pulled out his own, talked of his daughters and first grandchild, and shook his head at the memory of the letter. “I loved her, but she 
didn’t love me, and I don’t know why.”
“I can understand it,” Ellie said. “People pretend. People use people.” She paused. “I knew someone who loved a man who didn’t love her back. 
He used her and then he left her.” Jason missed the point. He circled again to his pain. She told him Dean had died a year after their daughter was 
born. He offered sympathy, then returned to himself. At last he took her hands. “Ellie, I should have contacted you right after my wife left me. I —”
Ellie pulled away and cried. “Suddenly, after all these years, I’m important. Why did you let us disappear, Jason? Why didn’t you want me back then? 
Why didn’t you see I could have made you happy?”
He faltered. “Life was good until my wife left me. Then I was so unhappy. And then…I thought of you. But now we’re together. The past is gone. 
We have the present and the future.”
Ellie stood. “Yes, the past is gone—and what we had is gone, too. What you and I hoped for this evening didn’t happen. I’m sorry…for both of us. 
Good-bye, Jason.” He reached for her. “Ellie…please, don’t leave me.” After she left, he reread his wife’s letter, dropped it, covered his face, and 
sobbed. “What’s going to become of me?”

GPT-5 (high)
Reasoning: The narrative states that Jason “did not see or speak to Ellie again” after he married. This absolute claim is contradicted later when 
Ellie calls him and they meet for dinner, where they talk and hug.
Logical Error: “During his junior year he became engaged and married. He did not see or speak to Ellie again.”
Conclusion: Yes❌

Gemini-3-Pro
Reasoning: The story contains a direct contradiction regarding the timeline of the characters' interaction. In the second paragraph, the narrator 
states definitively that after Jason's junior year of college, "He did not see or speak to Ellie again." However, the subsequent paragraphs detail a 
scene thirty years later where Jason speaks to Ellie on the phone and meets her in person for dinner. The absolute statement that he "never" saw 
or spoke to her again is contradicted by the specific events described later in the story.
Logical Error: "He did not see or speak to Ellie again."
Conclusion: Yes❌

Claude-4.5-Opus
Reasoning: Let me analyze the story for logical inconsistencies.
1. Timeline check:
- Train arrives at 6:00 p.m., Jason has 6 days‘ leave before going to Germany for 20 months. -> He returns, they spend 2 months together. ->
September comes, he starts college. -> By end of sophomore year, visits are rare. -> During junior year, he gets engaged and married. -> They settle 
down after college, 30 years pass. -> His wife leaves him. -> Ellie calls, they meet at restaurant.
2. Character consistency: Jason is portrayed as self-centered throughout, which is consistent. Ellie's emotions and reactions are consistent with 
someone who was abandoned.
3. Physical/factual details: Jason says to Ellie at the restaurant: "You haven't changed a bit" - This is after 30+ years (2 months together + college 
years ~4 years + 30 years of marriage = ~35 years). While this could be seen as a common pleasantry/flattery, it's not necessarily a logical error as 
people often say this even when it's not literally true.
4. Letter detail: At the end, Jason "reread his wife's letter" - He found the letter in the kitchen when he came home, read it then. He apparently
kept it and had it with him at the restaurant. This seems plausible - he could have kept it and returned home after the dinner.
5. Ellie’s contact: Ellie calls Jason on the phone. The story says Jason "never saw or spoke to Ellie again" after his junior year, and she "learned of 
his marriage third-hand" and "moved away." The story doesn't explain how Ellie got Jason's phone number after 30+ years, but this isn't 
necessarily a logical error - she could have found it through various means.
I don't find any clear logical contradictions in the narrative.
Logical Error: NA
Conclusion: No✅

Human
Reasoning: I do not find any logic errors.
Logical Error: NA
Conclusion: No✅

Figure 7: Predictions on the IKD task (Correct Story). In this narrative, the sentence “He did not see or speak to
Ellie again” is context-bound: it means Jason did not see or speak to Ellie during the many years after his marriage,
not for the rest of his life. Therefore, Gemini-3-Pro and GPT-5 are overly strict in flagging this as a logic error.
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Input
Story:
After threading traps, I slip through a phase-wall into fresh corridors, pick the fifth doorway marked by a faint ridge, and follow a long 
hall. A rhythmic knock slides a wall open into a control room studded with consoles scrawled in symbols I can’t read. A big green button 
sits center, with symbols that actually means: “Double-press Recall”. No manual, no one else. Then a door pops and two aliens rush in. I 
hover a finger over the button, quip about licensing, and press it; alarms chirp and they panic. My temporal locator finally unscrambles; I 
thumb what I think is Home—nothing. Wands come out. Enforcement officers burst in as my locator beeps; I realize I’d hit Emergency.

Question: With officers now in the control room and the maze corridor still open behind them, what will the narrator do to get out?

Answers:
A. Ask the Galactic Convention officers to guide or escort them out.
B. Double-press the green button to trigger the Recall and leave immediately.

Qwen3-32B
Reasoning: The narrator is in a control room with a green button labeled "Double-press Recall." They previously pressed it once, 
triggering an emergency that alerted enforcement officers. Since the button requires a double-press to activate Recall, the narrator's 
next logical step is to press it again. This action would likely initiate the Recall function, allowing escape through the phase-wall, 
especially since the corridor remains open. 
Answer: B❌

GPT-4o
Reasoning: The narrator is in a precarious situation, with enforcement officers entering the control room and their immediate 
surroundings becoming increasingly hostile. The green button in the center of the console is labeled “Double-press Recall,” which 
implies it is a mechanism for some sort of retrieval or transportation, potentially leading to an escape or reset of the situation. There are 
no guarantees that the Galactic Convention officers will assist or escort the narrator out, given that their sudden entrance suggests they 
might not be friendly or aligned with the narrator’s interests. Hence, relying on the recall feature stands as a more direct and potentially 
successful means of escape.
Answer: B❌

GPT-5 (high)
Reasoning: A single press set off alarms; the label indicates a double-press actually triggers Recall. With enforcement officers likely to 
detain the narrator and the corridor risky, using the button to Recall and exit immediately is the safest, fastest option.
Answer: B❌

DeepSeek-R1
[Due to space limitation, we do not display the full reasoning process]
Reasoning: The narrator knows from the symbols that the green button triggers "Recall" when double-pressed. They previously pressed 
it once, causing alarms and panic, but not Recall. Now, with enforcement officers arriving in response to the Emergency signal from the 
temporal locator, the narrator is in a precarious situation and likely seeks a quick escape. The open corridor behind the officers might 
offer an exit, but running past them is risky and not presented as an option. Given the narrator's earlier defiant attitude (quipping about 
licensing) and the immediate need to avoid capture, double-pressing the green button to activate Recall and leave immediately is the 
most logical course of action. Asking the officers for help would likely lead to detention or interrogation, making option B less plausible.
Answer: B❌

Gemini-3-Pro
Reasoning: The story establishes that the narrator is an intruder who has broken into a secure facility using stealth techniques. Their 
personal escape method, the "temporal locator," has failed (resulting only in an "Emergency" signal rather than transport "Home"). 
Facing armed aliens and enforcement officers who have just burst in, a diplomatic request for an escort would result in capture or death. 
The text mentions earlier that the symbols on the big green button translate to "Double-press Recall." Since their own equipment is 
broken, the only remaining logical option for escape is to use the facility's technology by following the translated instruction to trigger 
the Recall.
Answer: B❌

Claude-4.5-Opus
Reasoning: Looking at the story, the narrator has been trying to escape throughout. They pressed the green button once which caused 
alarms and panic. The button is labeled "Double-press Recall" - meaning it needs to be pressed twice to activate the Recall function. The 
narrator only pressed it once initially. Their temporal locator failed when they tried to use it (hitting Emergency instead of Home). Now 
with officers in the room and the situation escalating (wands coming out, enforcement arriving), the most logical escape would be to 
complete the double-press on the Recall button, which they now know requires two presses to activate. The narrator has already 
demonstrated they're willing to use the button and has been actively trying to escape rather than cooperate with authorities.
Answer: B❌

Human
Reasoning: The story mentions that the narrator cannot read the symbols and has no manual explaining them. Therefore, the narrator 
cannot know the actual use of the button.
Answer: A✅

Figure 8: Predictions on the KNP task. The correct reasoning process—that considers the character’s knowledge
state when predicting their actions—is highlighted in green. The incorrect knowledge state understanding is in red.

16



Input
Story:
Twenty years ago we bought a tanzanite pendant in Zanzibar; we were sure of forever. Back home he joined the army; I wept, wrote, 
then learned to be alone. Two summers later he returned; we met at the village fair, familiar and strange. On the way there I had already 
met someone else and meant to end it. Sunlit and nervous, he was taller, leaner. We ate spun sugar, wandered the booths. At the target 
shoot he squared his shoulders. “I’ll win that teddy for you,” he said.

Question: At the village fair, what will David most likely do next?

Answers:
A. Postpone any public proposal.
B. Go ahead with his public romantic proposal.

Qwen3-32B
Reasoning: The story describes a couple who have a complicated history—initially in love, separated by the man's military service, and 
later reconnecting at a village fair. However, it is revealed that the narrator has already met someone else and intended to end the 
relationship with the man. At the fair, the man behaves in a romantic and affectionate way, such as trying to win a teddy bear for her. 
Given that the narrator has already decided to end the relationship, it is unlikely she would accept a public romantic gesture from him. 
Therefore, the most likely outcome is that any public proposal would be postponed.
Answer: A❌

GPT-4o
Reasoning: The story provides the context that the narrator was in a relationship with someone who joined the army, but during his 
absence, the narrator met someone else and intended to end the relationship. At the village fair, the person from the past (presumably 
David) displays confidence and familiarity, attempting to win a teddy bear for the narrator. However, the narrator's internal sentiment is 
to end the relationship, as they have already met someone else. Given this context, it is more likely that David would sense the shift in 
the narrator's feelings and refrain from making a public romantic proposal, opting instead to postpone any such gestures until he better 
understands the situation.
Answer: A❌

GPT-5 (high)
Reasoning: The reunion feels strained (“familiar and strange”), and the narrator intends to end the relationship after meeting someone 
else. He’s focused on winning a teddy at the target shoot. A public proposal would be risky and out of step with the mood, so he’d likely 
avoid it.
Answer: A❌

DeepSeek-R1
[Due to space limitation, we do not display the full reasoning process]
Reasoning: The story depicts a reunion between the narrator and David after a two-year separation. The narrator has resolved to end 
the relationship due to meeting someone else. David's nervousness and the "familiar and strange" atmosphere imply he may perceive 
some emotional distance. Given the narrator's intention to break up and the potential for a public proposal to lead to rejection and 
embarrassment, David is more likely to postpone any such gesture rather than proceed immediately.
Answer: A❌

Gemini-3-Pro
Reasoning: The story establishes a dramatic irony where David ("he") acts based on their past promise of "forever," while the narrator 
secretly intends to break up with him. David's behavior—being "nervous," "squaring his shoulders" (showing determination), and trying 
to win a teddy bear—are traditional romantic gestures indicating he is trying to impress her and re-establish their bond. Since he acts 
with confidence in his romantic pursuit ("I'll win that teddy") and is unaware of the narrator's plan to end the relationship, he acts 
consistent with a man preparing for a major romantic gesture.
Answer: B✅

Claude-4.5-Opus
Reasoning: The story describes a reunion at a village fair between two people who had been in a relationship. The narrator mentions 
that "On the way there I had already met someone else and meant to end it" - indicating the narrator intended to break up with the 
returning soldier. However, the soldier (presumably David) appears unaware of this intention. His behavior at the fair shows him trying 
to impress and be romantic - he's described as "Sunlit and nervous" and says "I'll win that teddy for you," which is a classic romantic 
gesture. This suggests he's building up to something romantic, possibly a proposal. Given that he seems to be in a romantic mindset, 
trying to win her affection with gestures like winning a teddy bear, and appears nervous (consistent with someone about to propose), 
he would most likely continue with romantic gestures. However, since there's no indication he's aware of her intention to end things, 
and he's actively trying to be romantic and impressive, he would likely proceed with a public romantic proposal rather than postpone it.
Answer: B✅

Human
Reasoning: The man did not know that the narrator had already met someone else and intended to end the relationship, so he would 
continue with the proposal.
Answer: B✅

Figure 9: Predictions on the KNP task. The correct reasoning process—that considers the character’s knowledge
state when predicting their actions—is highlighted in green. The incorrect knowledge state understanding is in red.
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Input
Story:
He promised he’d be there, even if he wasn’t the groom. He dresses in a tux, takes his spot up front, and watches her walk the aisle in 
her mother’s dress. “You may now kiss the bride.”  Guests filter toward the reception, lights low and music warming up. Earlier, she had 
pulled the DJ aside and requested their old road-trip song, planning to steal a brief thank-you dance with him right after the first toasts.
After the ceremony, he finds her alone, hands her a small box. She hugs him, thanks him, and turns toward the dance floor.

Question: Right after he gives her the small box and she heads toward the dance floor, what is he most likely to do?

Answers:
A. Stay through the toasts and wait by the dance floor for the thank-you dance.
B. Slip out of the hall and leave.

Qwen3-32B
Reasoning: The man is not the groom but has a significant role in the bride's life, as evidenced by his promise to be there and the bride's
pre-arranged plan to dance with him after the toasts using their "old road-trip song." After giving her the box (likely a meaningful gift), 
she heads to the dance floor. Since the dance is scheduled after the toasts, he is most likely to stay through the toasts to fulfill their plan. 
His presence in a tuxedo and the emotional context (thank-you dance) suggest he intends to remain and share the moment.
Answer: A❌

GPT-4o
Reasoning: Based on the context of the story, the character clearly has a meaningful and supportive relationship with the bride, 
highlighted by the promise to attend her wedding despite not being the groom. Attending the wedding in a tuxedo suggests he planned 
to stay for the entire ceremony and was deeply involved in the event. The bride’s arrangement for a thank-you dance with their special 
song further indicates the expectation of a moment shared between them later on. Given these elements, it would be reasonable to 
conclude that he would stay through the toasts and wait for the thank-you dance rather than leave after delivering the small box.
Answer: A❌

GPT-5 (high)
Reasoning: He kept his promise by attending and giving a small, likely symbolic gift. He doesn’t know about her planned thank-you 
dance, and watching the reception (especially the first dances) would be painful and awkward, so he’d quietly bow out.
Answer: B✅

DeepSeek-R1
[Due to space limitation, we do not display the full reasoning process]
Reasoning: The man promised to attend the wedding despite not being the groom, showing his commitment to support the bride. The 
bride specifically requested their old road-trip song from the DJ, planning a thank-you dance with him after the first toasts, indicating 
she expects him to stay for that moment. Leaving early would disappoint her and contradict his promise. After giving her the gift, she 
turns toward the dance floor, likely to begin reception events, but the planned dance has not yet occurred. Therefore, he is most likely 
to stay for the toasts and wait for the dance.
Answer: A❌

Gemini-3-Pro
Reasoning: The story relies on the literary trope of unrequited or past love. The phrase “even if he wasn’t the groom” and the fact that
he had to “promise” to attend implies that being there is emotionally difficult for him. By attending the ceremony (“takes his spot up 
front”) and giving her the gift privately immediately afterward (giving him a moment of closure), he has fulfilled his specific promise. 
While the bride planned a dance (creating dramatic irony), the man does not know it, his choice to find her alone for a private exchange 
rather than joining the general crowd suggests he intends to make a quiet exit before the reception, avoiding the pain of watching the 
celebrations.
Answer: B✅

Claude-4.5-Opus
Reasoning: Let me analyze the context and emotional dynamics of this story.
The story establishes that:
1. He promised he‘d be there for her wedding, even though he’s not the groom (suggesting a close relationship, possibly former 
romantic partner or very close friend); 2. He dressed up and stood up front, fulfilling his promise; 3. She specifically requested their “old 
road-trip song” and planned to have a thank-you dance with him after the toasts; 4. He gave her a small gift box, she thanked him with a 
hug, and then turned toward the dance floor
The key question is: does he know about the planned thank-you dance? The story says "she had pulled the DJ aside" - this suggests she 
arranged it privately/secretly as a surprise for him. He likely doesn't know she's planning this dance.
From his perspective: He made a promise, he kept it, he gave her a gift as a gesture of closure or friendship, and she's now heading to 
her reception as a married woman. The emotional weight of the scene - watching someone you care about marry someone else, the 
"old road-trip song" suggesting shared history - implies this is emotionally difficult for him.
The narrative arc suggests a bittersweet moment: he fulfilled his promise, said his goodbye through the gift, and now his role is 
complete. Without knowing about the planned dance, and given the emotional difficulty of the situation, slipping away quietly after this 
closure moment seems most consistent with the story's tone.
Answer: B✅

Human
Reasoning: Since there is no evidence that the man knew about the thank-you dance, he would likely leave. 
Answer: B✅

Figure 10: Predictions on the KNP task. The correct reasoning process—that considers the character’s knowledge
state when predicting their actions—is highlighted in green. The incorrect knowledge state understanding is in red.
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Input
Story:
Twilight faded as the hunter climbed to the mountaintop bastion, called out, and was admitted by unseen magic. Led through halls that 
were eerie yet oddly homely, he reached a warm grand solar where a powdered fledgling vampire reclined by the hearth. The hunter set 
his saw-blade against the wall—talk first, always—and they fenced with words as the vampire sipped something red. The welcome was 
theatrical, almost kind. Before the hunter arrived, the vampire stitched a binding glamour into the rug by the hearth; one step onto the 
woven sigils would hold a guest fast until he spoke a releasing word. “Let’s speak plainly,” the hunter said. He had come to make a deal.

Question: As he begins to make his offer in the solar, how will the hunter position himself and his weapon?

Answers:
A. Pick up his blade and stay by the doorway, insisting they talk away from the hearth rug.
B. Leave his blade against the wall and step closer to the hearth to speak plainly.

Qwen3-32B
Reasoning: The hunter is in a situation where the vampire has set a trap via the rug’s binding glamour. To avoid being ensnared, the 
hunter must avoid stepping onto the rug. Since the story mentions the vampire’s theatrical welcome and the hunter‘s intention to “talk 
plainly,” the hunter would prioritize safety by staying near the doorway (away from the rug) and keeping his weapon accessible. Option 
A aligns with this strategy: picking up the blade and insisting on distance from the rug ensures he remains free to act if needed. Option B, 
stepping closer to the hearth, would risk triggering the trap, which contradicts the hunter's cautious approach. 
Answer: A❌

GPT-4o
Reasoning: The room has an element of danger for the hunter, as the vampire has set a hidden trap with the glamour in the rug to hold 
him in place if he steps on it. Given the tension between the hunter and the vampire, along with the knowledge that stepping onto the 
rug could lead to being trapped, it would be logical for the hunter to pick up his saw-blade and remain away from the rug, ensuring he 
does not fall victim to the trap. Therefore, he is likely to position himself away from potential danger and keep his weapon for
protection while insisting on talking away from the hearth where the vampire's trap is set.
Answer: A❌

DeepSeek-R1
Reasoning: The hunter's established approach is "talk first, always," as demonstrated by his initial action of setting his saw-blade against 
the wall. There is no indication in the story that he is aware of the binding glamour on the hearth rug, and his statement "Let's speak 
plainly" suggests a shift to more direct negotiation, likely involving moving closer to the vampire by the hearth to engage earnestly. 
Therefore, he is expected to continue with his weapon set aside and step closer.
Answer: B✅

GPT-5 (high)
Reasoning: The story says the hunter “set his saw-blade against the wall.” The vampire has already prepared a binding glamour in the 
hearth rug, suggesting a trap for anyone who steps closer. Unaware of the glamour in the hearth rug, he'll likely approach the hearth 
without his weapon as he begins to make his offer and "speak plainly"—fitting both his habit and the setup.
Answer: B✅

Gemini-3-Pro
Reasoning: The story explicitly states that the hunter "set his saw-blade against the wall" because his philosophy is "talk first, always,"
indicating he is willing to disarm to negotiate. The vampire is positioned "by the hearth." To "speak plainly" and conduct the 
conversation he initiated, the hunter would naturally approach the vampire. Since the text provides no indication that the hunter 
detects the hidden trap in the rug, his behavior (leaving the weapon and engaging in conversation) leads him to step closer to the 
hearth where the vampire is engaged.
Answer: B✅

Claude-4.5-Opus
Reasoning: The story establishes several key details about the hunter's behavior and knowledge. First, the hunter "set his saw-blade 
against the wall—talk first, always" - this shows his established protocol is to put down weapons before negotiations. Second, he says 
"Let's speak plainly," indicating he wants to proceed with direct negotiation. Third, and most importantly, the hunter has no knowledge 
of the binding glamour the vampire stitched into the rug - this trap was set "before the hunter arrived" and there's no indication he was 
informed of it or detected it.
Given that the hunter follows his custom of setting aside weapons for talks, wants to speak plainly (suggesting moving closer for 
earnest conversation), and is unaware of the trap by the hearth, he would logically leave his blade where he placed it and move toward 
the hearth where the vampire is positioned to begin negotiations - walking right into the trap he doesn't know exists.
Answer: B✅

Human
Reasoning: There is no evidence that the hunter noticed the rug, so he would likely leave his blade against the wall and step closer to 
the hearth.
Answer: B✅

Figure 11: Predictions on the KNP task. The correct reasoning process—that considers the character’s knowledge
state when predicting their actions—is highlighted in green. The incorrect knowledge state understanding is in red.
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Next-action Question Construction

Your task is to create a story comprehension question that focuses on characters’ knowledge. The question should test the reader’s
ability to determine what action the characters will plausibly take based on the information they actually know.

Here is an example for you to understand the task:
{Provide an example here}

Original story:
<story>
{story_original}
</story>

Instructions:
1. Introduce implausible knowledge for a character: Find a mentioned knowledge that meets these conditions:
- 1) A character cannot know it at one event point.
- 2) The knowledge is mentioned before the event point.
- 3) It strongly affects the character’s action.
If no such knowledge exists, create one and weave it naturally into the story. Avoid explicitly stating that the specific character
cannot access it. Here are some suggestions for creating unknown knowledge: {Implausible Knowledge Types}

2. Construct the question: Create a question about the character’s action. This action should differ depending on
whether the character knows the knowledge or not.

3. Construct the answers: Provide two answers:
- Answer without Knowledge: What the character would most plausibly do without knowing the knowledge. This is the correct
answer.
- · Answer with Knowledge: What the character would most plausibly do if knowing the knowledge. This is the distractor answer.

Notes:
- If you modify the story, ensure the story remains natural, coherent, and logically consistent.
- Do not explicitly state that the character cannot know the knowledge.

Output Format:
<response>
<previous_story>
[Previous story before the selected event. Mark the content that mentions the unknown knowledge with <knowledge> and
</knowledge>]
</previous_story>

<character>
[The name of the character]
</character>

<question>
[The constructed question about the character’s action. Do not include the knowledge in the question.]
</question>

<implausible_knowledge>
[Explain and verify why the character cannot know this knowledge at the time of the question]
</implausible_knowledge>

<answer_without_knowledge>
[Most plausible action without knowing the knowledge. Only output this action, do not include any reasoning text.]
</answer_without_knowledge>

<answer_with_knowledge>
[Most plausible action if knowing the knowledge. Only output this action, do not include any reasoning text.]
</answer_with_knowledge>

<explanation>
[Explain why the “without knowledge” action is more plausible and the other is not.]
</explanation>
</response>

Table 5: The prompt for Next-action Question Construction.
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Erroneous Story Construction

Your task is to rewrite a story to include a logical inconsistency related to Character Knowledge States, where characters possess
knowledge they shouldn’t plausibly have. Here are example categories of Implausible Knowledge:
- {Implausible Knowledge Type}: {Descriptions of the Implausible Knowledge.}

Original story:
<original_story>
{story_original}
</original_story>

Instructions:
1. Introduce implausible knowledge for a character: Select a character, knowledge, and an event that satisfy the following
conditions:
- The knowledge should be mentioned in the original story.
- The character cannot plausibly know the knowledge at the event point.
If no such knowledge exists, create one and weave it naturally into the story.
2. Rewrite the event: Suppose the character possesses this Implausible Knowledge, rewrite the selected event. Make as few changes
as possible.
3. Rewrite the following story: If the rewritten event affects later events, adjust what’s necessary to maintain overall continuity.

Notes:
- Avoid explicitly stating that the character cannot know the Implausible Knowledge.
- Ensure the rewritten event is fluent and coherent.
- Ensure the logical inconsistency cannot be explained. For example, if the included inconsistency can be explained by “the character
pretends to know the Implausible Knowledge to achieve a goal” or “the specific character could know the Implausible Knowledge
because the story establishes they have magic,” this does not constitute a logical inconsistency.

Output Format:
<response>
<original_event>
[the original event text, only output the content, do not include any other text]
</original_event>

<character>
[the name of the character]
</character>

<implausible_knowledge>
[cite the original story content that mentions the implausible knowledge]
</implausible_knowledge>

<knowledge_explanation>
[explain and verify that the character cannot know this knowledge]
</knowledge_explanation>

<modified_explanation>
[explain how the character’s actions, decisions, or dialogue will change if they possess the knowledge]
</modified_explanation>

<modified_event>
[the rewritten event text, mark the modified content with <modified> and </modified>]
</modified_event>

<modified_story>
[the whole rewritten story, only output the content, do not include any other text]
</modified_story>
</response>

Table 6: The prompt for generating erroneous stories.
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Story Summarization Generation

You are an expert at writing story summaries.

Condense the following story into a concise summary of approximately 500 words:

<story>
{story}
</story>

Instructions:
1. Maintain the main plot.
2. Maintain the original writing style.
3. Use natural, fluent English suitable for middle to high school readers.
4. If the original story contains logical errors or immoral content, refine them in the summary.
5. Begin your summary directly — no introduction, title, or closing remarks.

Summary (500 words):

Table 7: The prompt for story summarization.

KNP task

Read the story below and answer the related question.

Story:
{story}

Question:
{question}

Answers:
{answers}

Output Format:
Reasoning: {The reasoning process}

Answer: {“A” or “B”}

Table 8: The prompt for KNP Task.

IKD Task

Your task is to determine if there are any logical errors in the given story. A logic error is an inconsistency in a storyline that goes
against the flow of logic established by the story’s plot.

Story:
<story>
{story}
<\story>

Notes:
- Focus only on logical errors — not stylistic, grammatical, or moral judgments.

Output Format:
Reasoning: {Explain your reasoning process}

Logical Error: {If a logic error exists, quote the sentences containing the logical error; If not, output “NA”}

Conclusion: {“Yes” if you find a logic error; “No” if no logic error exists}

Table 9: The prompt for the IKD task. In the default setting, we do not instruct the LLMs to focus on knowledge
states, while in ablation studies, we add instructions to focus on characters’ knowledge states.
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Open-Ended QA Evaluation

You are an accuracy evaluator. Compare the “Generated Answer” against the “Correct Answer” and the “Incorrect Answer”.
- Output “True” if the action in the Generated Answer aligns well with the action in the correct Answer.
- Output “False” if the action in the Generated Answer aligns well with the action in the incorrect Answer.
- Output “NA” if the action in the Generated Answer is unrelated to either.

Input Data:
Question Context: {question_context}

Question: {question}

Generated Answer: {generated_answer}

Correct Answer: {correct_answer}
Incorrect Answer: {incorrect_answer}

Output (True/False/NA):

Table 10: The prompt for the Open-ended QA Evaluation.
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