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Abstract001

We introduce StorySim, a programmable002
framework for synthetically generating stories003
to evaluate the theory of mind (ToM) and world004
modeling (WM) capabilities of large language005
models (LLMs). Unlike prior benchmarks006
that may suffer from contamination in pretrain-007
ing data, or rely on an LLM for generation,008
StorySim produces novel, compositional story009
prompts anchored by a highly controllable STO-010
RYBOARD, enabling precise manipulation of011
character perspectives and events. We use this012
framework to design first- and second-order013
ToM tasks alongside WM tasks that control for014
the ability to track and model mental states.015
Our experiments across a suite of state-of-the-016
art LLMs reveal that most models perform bet-017
ter on WM tasks than ToM tasks, and that mod-018
els tend to perform better reasoning with hu-019
mans compared to inanimate objects. Addition-020
ally, our framework enabled us to find evidence021
of heuristic behavior such as recency bias and022
an over-reliance on earlier events in the story.023
All code for generating data and evaluations is024
freely available.1025

1 Introduction026

Large language models (LLMs), especially mod-027

els meant for reasoning, have shown increasing028

improvement on benchmarks that were once infa-029

mously challenging. Contemporary models have030

made progress in reasoning through math problems,031

coding, and pure logical deduction (Jaech et al.,032

2024; Guo et al., 2025; Xia et al., 2025). However,033

as the field shifts towards improving reasoning abil-034

ities, we look to LLM’s abilities to reason about035

mental states and the perspectives of other intel-036

ligent agents, a concept known as theory of mind037

(ToM). This has become increasingly important, as038

an LLM without a sound ToM might not be able to039

1Code for and data generated by StorySim is
available here: https://anonymous.4open.science/r/
StorySim-3A48

understand the perspective of a user with harmful 040

intent, or consider the effect its decisions could 041

have on other people, who have their own goals 042

and wishes. Since reasoning about perspectives 043

requires modeling the surrounding world, we view 044

ToM as an extension of world modeling (WM)—an 045

LLM’s capacity to internally represent world states. 046

Agents with strong WM should exhibit ToM, since 047

other minds exist within the same world. 048

ToM is an ability that is measurable in children, 049

where we test their ability to understand that other 050

people have their own mental representations of the 051

world that differs from their own. The prototypical 052

ToM test is known as the Sally-Anne test (Baron- 053

Cohen et al., 1985), where children are given a 054

story akin to the following: 055

Sally and Anne walk into a bedroom. Sally places 056

a toy on top of the bed and leaves. Anne takes the 057

toy and hides it under the bed. When Sally comes 058

back into the room, where is the first place she will 059

look for the toy? 060

It may seem obvious to adults that the first place 061

Sally will look is on top of the bed. However, it 062

has been shown that children under the age of 4.5 063

think that Sally will look under the bed (Memisevic 064

et al., 2018). This is hypothesized to be due to the 065

fact that they have not yet developed ToM, so they 066

cannot understand the fact that Sally and Anne have 067

a different understanding of the toy’s location. 068

LLMs have been evaluated on problems of this 069

nature, and initially showed success (Kosinski, 070

2023). However, small perturbations of this prob- 071

lem often confounds LLMs, indicating that this test 072

has contaminated pretraining data, and LLMs may 073

have overfit to this specific kind of problem, and 074

therefore, they may not necessarily have a sound 075

ToM mechanism (Ullman, 2023). In order to mea- 076

sure ToM ability in a way that is robust against 077

data contamination, we have developed a flexible 078

synthetic benchmark. 079
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Storyboard

Story
enter(
  sally,
  room_1)

enter(
  bob,
  room_2)

enter(
  anne,
  room_2)

enter(
  joe,
  room_4)

enter(
  anne,
  room_3)

enter(
  sally,
  hallway)

enter(
  joe,
  room_2)

enter(
  bob,
  room_3)

enter(
  anne,
  room_2)

enter(
  anne,
  room_1)

Anne and Bob 
are in room 3 
at  t = 8 

Anne moves to 

room 2 at  t = 9
Anne moves to 
room 1 at  t = 10Hallway

Room 1 Room 2 Room 3 Room 4

StorySim

Translate to natural language
Time: 1 2 3 4 5 6 7 8 9 10

Generated example: “Sally enters room 1. Bob enters room 2. Anne enters room 2. Joe enters room 4. Anne enters room 3. Sally 
enters the hallway. Joe enters room 2. Bob enters room 3. Anne enters room 2. Anne enters room 1.
Q: Where does Bob think Anne is?      A: Room 2”

Number of 
characters: 4 
Story length: 10

Figure 1: Example STORYBOARD a graph specifying the story setting layout, requested story length, as well as a
set of key events with timestamps.StorySim generates a story adhering to the graph and satisfying the required
events. In this example, each character can only move to locations corresponding to adjacent vertices in the graph
(all characters start in the hallway). In our experiments, each location has possible other rooms to move to. The
output of StorySim is translated into a natural language QA example.

We propose StorySim, a framework that allows080

us to generate stories to evaluate ToM and WM081

abilities of LLMs. The core events of the story are082

described by a high level specification called the083

STORYBOARD. Aside from the STORYBOARD, the084

rest of the story is randomly-generated, but guar-085

anteed to be cohesive and consistent. An example086

of this framework is shown in Figure 1. The STO-087

RYBOARD provides a description of the setting in088

which the story will take place, including which089

locations are accessible from each other, as well090

as required actions characters need to make, the091

length of the story, the number of characters, etc.092

StorySim then takes this and generates a story093

that is coherent with the STORYBOARD, filling in094

all other details randomly in a way that is consis-095

tent with the provided constraints. Due to the exact096

specificity of the events that occur in StorySim via097

the STORYBOARD, the randomness of the events in098

between, and the length of the stories we generate,099

the chance that any synthetically-generated story in100

our experiments has appeared in the training data101

of any LLMs is astronomically small.102

By leveraging StorySim to systematically eval-103

uate current LLMs, we are able to address the fol-104

lowing research questions in this paper:105

RQ1 Can we measure ToM abilities of LLMs in106

a way that is robust to data contamination and107

heuristics?108

RQ2 To what extent do LLMs rely on memoriza-109

tion and heuristics to answer ToM questions?110

RQ3 Can ToM abilities in LLMs be evaluated in- 111

dependently of their general world modeling ca- 112

pabilities? Relatedly, do LLMs show stronger 113

performance on general world modeling tasks 114

or on ToM-specific reasoning? 115

2 Related Work 116

Theory of Mind: Existing research benchmark- 117

ing ToM in language models focuses on prompt- 118

ing with stories followed by question-answering 119

(Grant et al., 2017; Sap et al., 2019), including the 120

TOMI dataset (Le et al., 2019). However, these 121

are outdated, and have very likely leaked into the 122

pretraining data of contemporary LLMs. In fact, 123

Ullman (2023) demonstrates that trivial alterations 124

of the TOMI dataset causes model performance 125

to drop (e.g., Sally-Anne setup in Section 1, but 126

the bed is transparent). In order to address data 127

leakage, newer benchmarks have been created (He 128

et al., 2023; Chen et al., 2024b). Specifically, we 129

position our work as similar to Sclar et al. (2024), 130

where the authors present EXPLORETOM, a frame- 131

work that allows for graph-based synthetic story 132

generation and question answering. As in our work, 133

this ensures that generated examples are relatively 134

unseen by LLMs. However, while EXPLORETOM 135

uses an LLM to turn fixed contexts into stories, 136

our framework generates sentences directly from 137

a STORYBOARD. This gives precise control over 138

when events occur, enabling targeted tests (e.g., 139

shifting exact state-change locations to probe LLM 140
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behavior). Figure 8 shows that LLM-generated141

stories often fail to meet such constraints, while142

StorySim reliably produces stories of any speci-143

fied length, set of characters, and events. Huang144

et al. (2024) introduce a complexity measure for145

ToM tasks and a prompting method that makes146

implicit character state attributes explicit, offering147

a formal representation of ToM events similar to148

ours. However, we test whether LLMs can reason149

over implicit character states without such scaffold-150

ing. Our framework can also add extraneous state151

changes from irrelevant characters, but, as shown152

in Figure 6, these have little effect on ToM per-153

formance, contrasting with the findings found in154

previous work.155

World Modeling: Though there is much work156

evaluating aspects of WM abilities of LLMs157

(Kočiský et al., 2018; Qiu et al., 2025; Qian et al.,158

2025), there are none, to the best of our knowl-159

edge, that examine the relationship between WM160

and ToM ability. We consider ToM to be an ex-161

tension of world modeling since ToM requires the162

explicit modeling of mental states and how they163

may change over time, and mental states are de-164

pendent on the goals, limitations, and perspectives165

of agents. In the stories we generate, the charac-166

ter’s perspectives only consist of what they observe167

around them, so to reason over this requires under-168

standing the world in which they live and the limita-169

tions of each character’s perception and knowledge.170

Wang et al. (2024) train a narrator and a role player171

model to interact within role-playing game environ-172

ments. This setup implicitly requires both models173

to construct and maintain an understanding of the174

environment (WM), while the narrator must also175

infer the role player’s perspective to guide narra-176

tive choices (ToM). However, the task itself does177

not directly evaluate either ToM or world modeling178

capabilities in isolation.179

Synthetic Datasets: Though existing synthetic180

datasets meant for benchmarking LLMs exist (Patel181

et al., 2024; Shvets, 2025; Sood, 2024; Mishra and182

Prabakeran, 2025), there are none that evaluate183

ToM and WM abilities as we do. Synthetic datasets184

have been shown to be an effective method for185

training LLMs to perform well on logic tasks (Xie186

et al., 2025), clinical text classification (Tang et al.,187

2023), deductive reasoning (Saparov et al., 2023),188

and more. The diversity of synthetic data is an189

important factor in the evaluation of performance190

on both in- and out-of-distribution data (Chen et al.,191

2024a; Havrilla et al., 2024). For this reason, we192

developed StorySim to be highly programmable 193

and able to generate a wide range of stories. 194

3 Methods 195

Broadly, the StorySim framework works by gener- 196

ating each story in two steps: (1) we create a STO- 197

RYBOARD, which contains high-level information 198

about the story we want to generate, and (2) using 199

this STORYBOARD, StorySim generates a story 200

that meets the specifications of the STORYBOARD 201

and randomly generates sequences of events that 202

fill in the gaps coherently and consistently. 203

In this dataset, we define a STORYBOARD as 204

D = (C, ϕ,G,E, n) where C is a set of charac- 205

ters, G is a directed graph describing locations in 206

which the story happens, E is a programmed set of 207

events that occur in the story, and n is the length 208

of the story in terms of the number of events. The 209

StorySim framework then generates a sequence 210

of n events, where each event can be written in the 211

form ϕ(c, l) where ϕ is the action, c ∈ C is the 212

character performing the action, l ∈ V (G) is the 213

location of the action, and V (G) are the vertices of 214

G. These locations of the events follow the struc- 215

ture of G, so characters can only move between 216

adjacent vertices in G. The only parts of the story 217

that are deterministic are the events specified in 218

E, which dictates specific time steps at which ac- 219

tions occur. Aside from this, all other events are 220

randomly-generated, but are guaranteed to be cohe- 221

sive with respect to the events specified in E. An 222

example of such a story is provided in Figure 1. 223

This sequence of events can be simply translated 224

into natural language using templates, which maps 225

each ϕ(c, l) into plain text. 226

Though a simple framework, StorySim can be 227

used to create a wide variety of stories. StorySim 228

does not use template-based generation when cre- 229

ating new stories, and can be used to simulate any 230

story where each action can be modeled as a rela- 231

tion (or set of relations) that act over a subject and 232

node from the graph. The subject does not neces- 233

sarily need to be a human, and the nodes need not 234

be locations. Additionally, the stories can feature 235

manually-created actions as well, which can add an- 236

other layer of complexity to the events described by 237

StorySim. See Figure 11 for an example of a more 238

narrative-like story generated by StorySim. Ad- 239

ditionally, Figure 14 demonstrates how StorySim 240

can be used to generate stories to test goal-directed 241

and counterfactual reasoning ability; however, we 242
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focus on false-belief tasks, as they provide a more243

controlled test of ToM.244

While the generated stories are not the most com-245

plex in terms of prose or grammatical complexity,246

we can easily add different factors to stories that247

allow us to evaluate LLMs in a targeted manner.248

By using events described in simple sentences, we249

minimize confounding factors related to sentence250

interpretation, ensuring that any model errors stem251

from limitations in the targeted ability. We further252

explore this in Appendix D.1.253

In our experiments, we create many such STORY-254

BOARDS that allow us to create stories with ques-255

tions that can only be answered by models with256

sufficient ToM and WM abilities. The exact pa-257

rameters of D in our experiments are specified in258

Appendix A. We generate stories involving char-259

acters moving between a set of rooms connected260

by a hallway. We conducted experiments using261

different types of settings and found no significant262

difference in performance, as shown in Figure 6.263

In order to test ToM abilities, we generate two264

types of ToM problems:265

First-order ToM problem: Ask about one char-266

acter’s knowledge of another character’s267

location. E.g.: “Where does Bob think268

Alice is?”269

Second-order ToM problem: Ask about one char-270

acter’s knowledge, of another character’s271

knowledge, of a third character’s location.272

E.g.: “Where does Bob think Charlie273

thinks Alice is?”274
To create stories that allow us to ask questions275

like the ones above, we create two types of STO-276

RYBOARDS which specify events for characters S1,277

S2, and T . In the above examples, S1 is Bob, S2278

is Charlie, and T is Alice. We use StorySim to279

generate stories to test first-order ToM using the280

following STORYBOARD: S1 and T move to the281

same location at some time, T moves to a different282

location. Then, unbeknownst to S1, T moves to a283

third location, where they remain for the entirety of284

the story. We also generate the second-order ToM285

stories using the following STORYBOARD: where286

S1, S2, T move to the same location, then S2 and287

T later meet again at a different location, then T288

moves to a different location on their own.289

RQ1 & RQ3: To answer these research ques-290

tions, we aim to generate stories that allow us to291

measure ToM and WM abilities in controlled ex-292

periments, while minimizing the chance that the293

model can exploit memorization from pre-training294

data. Using the second-order STORYBOARD as 295

described above, we generate a large number of 296

stories, and prompt the LLMs with the following 297

three questions: 298

ToM Prompt: Where does S1 think S2 thinks T is? 299

WM-Human Prompt: When S1 and S2 were in the 300

same room as T , where did T go? 301

WM-Inanimate Prompt: When S1 and S2 were 302

in the same room as T , where was T moved to? 303

The first question type requires the LLM to un- 304

derstand the perspective of S1 and their perceived 305

location of S2 and T , thereby directly testing its 306

ToM capabilities. The second question type is 307

equivalent to the first, but instead of asking the 308

model to consider the perspective of S1, we prompt 309

it to algorithmically search through the story to find 310

an event where S1’s perception of the locations of 311

S2 and T changed. Thus, the second question is a 312

test of world modeling capability, since we do not 313

ask about the mental state of any character, and an- 314

swering the question requires understanding of the 315

events in the story. Finally, the third question type 316

is equivalent to the second, but instead of describ- 317

ing human subjects, the story describes inanimate 318

objects. This question is meant to test whether 319

the LLM’s world modeling ability is sensitive to 320

whether the entities in the world are animate or 321

inanimate, which shows us the difference in ability 322

when the model is considering humans compared 323

to anything else. The results of evaluating a suite 324

of LLMs on these three prompts is shown further 325

below. 326

RQ2: One advantage of the design of StorySim 327

is that it allows us to test for specific heuristics 328

we suspect that models are exploiting to answer 329

questions. We take recency bias as an example of 330

a heuristic that LLMs may use when making pre- 331

dictions. The flexibility of StorySim enables us 332

to easily setup an experiment to test this. Given 333

a STORYBOARD for a first-order or second-order 334

ToM problem, we ask whether the number of time 335

steps between the event where S1 last perceives 336

T ’s location and the event where T makes their 337

third and final move is predictive of model perfor- 338

mance. Note that when T makes their final move 339

in the story, S1’s earlier knowledge of T ’s location 340

becomes inaccurate. But since T ’s last movement 341

is a more recent event in the story, LLMs may uti- 342

lize a heuristic where they predict T ’s last location, 343

despite the fact that S1 did not see this movement. 344

We refer to this number of time steps between these 345
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two events as the mislead distance. Our initial hy-346

pothesis was that increasing the mislead distance347

would increase the model’s accuracy due to recency348

bias in the prompt.349

To test these heuristics, we create STORY-350

BOARDS for both first- and second- order ToM351

problems, but we vary the mislead distance. We352

evaluate multiple LLMs on these examples and353

evaluate their performance.354

In addition, we explore whether and to what ex-355

tent models have overfit to simpler ToM questions356

by significantly increasing the number of subjects357

in the stories. We hypothesize that models may358

have seen question-answering prompts based on359

stories during pretraining, but it is unlikely they360

have such examples where the stories contain large361

amounts of characters. Being able to do so would362

imply that the models can generalize more robustly363

to stories with many mental states, and would there-364

fore provide evidence of more robust/generalizable365

ToM and WM capabilities. We prompt the models366

using the ToM Prompt and WM-Human Prompt,367

except we ask a first-order ToM question. The368

results of evaluating the performance of multiple369

LLMs using this story setup and two prompts are370

shown in Figure 6.371

4 Results372

Task GPT-4 R1

Sally-Anne 100% 100%
Random Story 75% 87%

Table 1: Accuracy on Sally-Anne vs other ToM tasks.
(top row) Models are prompted with the exact Sally-
Anne setup shown in Section 1, in a story with 5 events.
(bottom row) Models are given a randomly-generated
first-order ToM story of the same length.

4.1 Sally-Anne Is No Longer a Good Test for373

ToM374

To highlight the inadequacy of benchmarks that375

rely on the Sally-Anne problem to measure ToM,376

we used StorySim to mirror the Sally-Anne exper-377

iment using GPT-4 and R1, using a STORYBOARD378

that specifies a first-order ToM problem with 5379

events matching the experiment exactly. As shown380

in Table 1, both of these models had perfect scores381

on this task, which is far from the results of prompt-382

ing the models using randomly generated stories of383

the same length.384

4.2 Evaluating ToM vs WM Capabilities 385

We tested a suite of LLMs using the prompts dis- 386

cussed in Section 3. Starting with a STORYBOARD 387

describing a second-order ToM event, we generate 388

100 stories consisting of 100 events with which 389

we query each model. Figure 2 shows the results 390

of zero-shot prompting as discussed in Section 3 391

using GPT-4 (Achiam et al., 2023), R1 (Guo et al., 392

2025), the Llama 3.1 Instruct family, Llama 393

3.2 Instruct, Llama 3.3 Instruct (Touvron et al., 394

2024), and Qwen QwQ (Yang et al., 2025). GPT-4, 395

Llama-3.2, and R1 are the only models that per- 396

form better on the ToM prompt than on the WM- 397

Human prompt. While the remaining models score 398

higher on WM-Human than on ToM, their raw ac- 399

curacies on both tasks are generally higher—or 400

at least comparable—to those of Llama 3.2 and 401

GPT-4. An exception is R1, which achieves the 402

highest ToM accuracy overall. In every model ex- 403

cept GPT-4, the WM-Human score is higher than 404

WM-Inanimate, indicating that considering human 405

subjects makes LLMs more accurate in tracking 406

changes in location than with inanimate objects. 407

However, the fact that most of the model’s ToM 408

scores are lower than WM scores leads us to be- 409

lieve that LLMs have greater difficulty when tasked 410

to reason over the mental states of characters. 411

Since increasing model scale allows LLMs to 412

perform better on many other tasks, we endeavor 413

to test whether or not ToM and WM abilities are 414

enhanced with more parameters. To this end, we 415

test three models of varying sizes in the Llama 416

3.1 family. 417

In Figure 2, the Llama 3.1 70B model outper- 418

forms both the 8B and 405B models on WM tasks, 419

while ToM scores rise with model size. To explore 420

this further, we evaluated the Llama family in a 421

3-shot setting (Figure 3), revealing a strong cor- 422

relation between model size and both ToM and 423

WM-Inanimate performance, with the peak being 424

405B again. These results suggest that, within the 425

Llama 3.1 architecture, there is a clear correla- 426

tion between ToM and model size. In the 3-shot 427

setting, this correlation is apparent in WM abilities 428

as well. 429

4.3 Do LLMs Rely on Heuristics for ToM? 430

Our next experiments aim to address whether or 431

not LLMs are exploiting simple heuristics to an- 432

swer our questions rather than relying on an actual 433

ToM mechanism. We used StorySim to create 434
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Figure 2: Model performance per model using the ToM, WM-Human, and WM-Inanimate prompts. For each of
these prompts, the models are given a story containing 100 events, and we give 100 such stories to each model. The
black bars represent the 95 percent confidence interval.
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Figure 3: Performance by the Llama 3.1

Instruct family of models, using 3-shot examples
given the ToM prompt, WM-Human prompt, and
WM-Inanimate prompt. Similar to Figure 2, these
stories have 100 events each.

controlled randomly generated stories that, along435

with us tracking the responses of the model, would436

allow us to easily determine whether there is a pat-437

tern in the responses the LLMs give us, indicating438

reliance on a shortcut to respond to the prompt.439

4.3.1 How Sensitive Are LLMs to Recency440

Bias in ToM?441

In order to gain insight into whether or not442

LLMs rely on recency bias or a heuristic, specifi-443

cally where the model predicts T ’s last location444

without considering S1’s mental state, we eval-445

uated GPT-4, R1, R1-Distilled Qwen, Llama446

4 Scout, Llama 4 Maverick, and o3-mini on447

first- and second-order ToM problems while in-448

creasing the mislead distance (i.e., the number of449

steps after S1 sees T move to another location be-450

fore T moves to a different location altogether)451

(Meta AI, 2025b,a; DeepSeek AI, 2025). We chose452

this set of models because they can be organized453

into pairs based on model family with differing454

numbers of parameters. Though we see no signif-455

icant evidence of recency bias, we present values 456

across mislead distances to display StorySim’s 457

ability to generate targeted stories. R1, GPT-4, 458

Qwen, and Maverick perform nearly identically 459

at smaller mislead distances, but see greater differ- 460

ences at larger mislead distances. GPT-4 struggles 461

with the task the most, and Llama 4 Scout out- 462

performs Maverick despite its smaller size. In 463

all other pairs of models from the same family, 464

the larger model outperforms the smaller one, pro- 465

viding further evidence of a correlation between 466

parameter size and ToM ability. 467

Figure 4 (right) shows the results of the second- 468

order ToM version of the experiment. Again, 469

Llama 4 Scout outperforms Maverick, despite 470

the difference in model size, but R1 outperforms 471

its distilled Qwen counterpart. The performance 472

gaps between pairs of models of the same fam- 473

ily shrinks in the second-order setting, pointing 474

to the difficulty of this ToM task. The most clear 475

differences in performance happen at the largest 476

mislead distances, with the Llama models and R1 477

finishing above the rest. GPT-4 is the only model 478

that noticeably improves performance relative to 479

other models. Interestingly, the worst performing 480

model in this setting is o3-mini, which is the best 481

performing model in the first-order setting. 482

We delve into the reasoning behind the errors 483

that o3-mini, R1, and GPT-4 make in the next 484

section. However, we do not see any correlation 485

between performance and mislead distance, indi- 486

cating that there is no recency bias at play in the 487

second-order setting. 488

6



10 20 30 40 50 60 70 80
Mislead Distance

0

20

40

60

80

100

Ac
cu

ra
cy

 (%
)

First Order Model Accuracy vs Mislead Distance

GPT-4
Deepseek-R1
Llama 4 Scout
Llama 4 Maverick
O3 Mini
Distill Deepseek R1 Qwen
Random chance

10 20 30 40 50 60 70 80
Mislead Distance

0

20

40

60

80

100

Ac
cu

ra
cy

 (%
)

Second-Order Model Accuracy vs Mislead Distance
GPT-4
Deepseek-R1
Llama 4 Scout
Llama 4 Maverick
Distill Deepseek R1 Qwen
o3 Mini
Random chance

Figure 4: (left) Model accuracy on the first-order ToM task as a function of the mislead distance (i.e., the number of
steps after S1 sees T move to another location and before T moves to a different location altogether). (right) Model
accuracy on the second-order ToM task as a function of mislead distance. Shading indicates a 95% confidence band.
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Figure 5: Number of mistaken examples (out of 100), with each example categorized by error type, for the first-
order(top) and second-order(bottom) ToM mislead experiments on (left) GPT-4, (middle) R1, and (right) o3-mini.

4.3.2 What Kind of Mistakes do LLMs Make?489

In the first-order case, we chose to focus on R1 and490

GPT-4 for our error analysis, since the former has491

the strongest evidence of a performance correlation492

with mislead distance, and the latter performs the493

worst overall in the group. However, in the second-494

order case, o3-mini performs the worst despite495

being the best performing model in the first-order,496

so we analyze that as well. The most common error497

for GPT-4 is prompt refusal, while for R1 it is insuf-498

ficient context length. We attempted to address this499

by experimenting with different prompts to guide500

the models, but as shown in Figure 8, other than501

three outliers, there is no significant difference be-502

tween the prompt we used in the final experiments503

and other similarly performing prompts. For R1,504

prompt refusal looks like the model trying to rea-505

son through an answer, but eventually running out506

of context length. For GPT-4, this looks like the507

model replying with “not enough information”.508

Aside from this, we also found that the most509

common error is to repeat the location of the first510

place where characters are in the same location.511

For example, in Figure 1, this would correspond 512

to the LLMs guessing room 2, since that is where 513

Bob and Anne cross paths on their way to room 3, 514

as specified by the STORYBOARD. We refer to this 515

as the First Common Location Heuristic. For both 516

the first- and second-order ToM tasks, we want 517

to quantify the relative proportions of each of the 518

types of errors, so we tracked model responses 519

and categorized them as we increased the mislead 520

distance. The results of this are shown in Figure 5. 521

In the first-order experiments, R1’s performance 522

improvement as mislead distance increases is 523

largely due to a reduction in insufficient context 524

length errors. This suggests that the model strug- 525

gles to reason about the mental states of characters 526

when the relevant ToM event is less recent in the 527

story. See Appendix E for concrete examples. 528

GPT-4 exhibits a slight downward trend in 529

prompt refusal as mislead distance increases, while 530

its rate of First Common Location Heuristic re- 531

mains roughly constant. However, GPT-4 predicts 532

locations other than the initial crossing point far 533

more frequently than R1, which ultimately leads to 534
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Figure 6: (Left) Model accuracy vs the number of characters in the story using ToM (solid) and WM (dashed)
prompts. (Right) Model accuracy vs mislead distance using GPT-4 using three different STORYBOARDs featuring
characters entering and exiting rooms from a hallway, characters in a field jumping in and out of holes in the ground,
and characters joining and leaving conference calls. Otherwise, the stories are generated in the same way.

worse performance on the overall task.535

The second-order experiments do not clearly in-536

dicate reliance on a specific heuristic by R1; rather,537

the task appears sufficiently challenging to induce538

complete model failure in many cases. GPT-4 in-539

stead sees more First Common Location errors.540

o3-mini performs the worst on the second-order541

task across all models. Figure 5 shows that it com-542

mits the First Common Location error far more543

than the other models we analyze. While reasoning544

models may be able to work through the first order545

task despite perturbations in the setup, they still are546

not able to conquer the second-order task without547

falling victim to reliance on incorrect heuristics.548

4.4 Do More Characters Make ToM More549

Difficult?550

In an effort to determine whether or not LLMs rely551

on having only seen ToM questions about stories552

with only a few characters, we experimented with553

increasing the number of characters in the stories.554

By keeping the length of the story at 100 events,555

of which only a handful are specified by the story-556

board, increasing the number of characters yields557

stories where an increasing proportion of the events558

features a novel character.559

In the first-order ToM prompt, the number of560

characters does not appear to have a statistically561

significant effect on ToM performance for either R1562

or GPT-4. However, when prompted with the WM563

equivalent of the first-order ToM task, GPT-4 strug-564

gles with fewer characters but improves markedly565

as the number of characters increases. This sug-566

gests that the presence of more distinct human enti-567

ties in the prompt elicits more accurate world mod-568

eling behavior in GPT-4, enabling it to respond569

more accurately to our prompts.570

5 Conclusion and Future Work 571

We present StorySim, a framework that syntheti- 572

cally generates ized stories from a STORYBOARD, 573

a high-level outline containing a number of key 574

events. This framework enables us to evaluate the 575

ToM and WM abilities of LLMs in a fashion that 576

is robust against data contamination, investigate 577

whether world modeling ability is a good predictor 578

of ToM ability, and identify heuristics that LLMs 579

may use in place of robust ToM reasoning. 580

Our results show that most LLMs exhibit gen- 581

erally stronger world modeling ability than ToM. 582

However, we observe promising signs that increas- 583

ing model size may improve ToM performance. 584

Our error analysis reveals that LLMs often memo- 585

rize incorrect character locations within the stories. 586

While the placement of character location changes 587

makes a difference in LLM performance, we don’t 588

see widespread recency bias across the models, 589

though we do see a reduction in performance and 590

reliance on heuristics in reasoning models. 591

We hope this work inspires future efforts to 592

benchmark ToM and social reasoning abilities in 593

LLMs. Though we focus on each character’s per- 594

ception of another’s locations, StorySim’s pro- 595

grammability allows for more complex stories than 596

those presented here. As LLMs are increasingly 597

used in socially-sensitive domains—such as re- 598

sume filtering, college admissions, and healthcare, 599

a rigorous benchmark of their ToM and social rea- 600

soning capabilities is essential. StorySim repre- 601

sents a step toward understanding how LLM’s lim- 602

itations in ToM affect their applicability in real- 603

world settings, as well as the potentially harmful 604

consequences of their wider deployment. 605
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6 Limitations606

We focus on simple aspects of ToM here since mod-607

els struggle on this taks, but adding more compli-608

cated ToM components such as goal-directedness609

is another potential future avenue. The question610

of whether or not LLMs use heuristics or have a611

sound representation of goal directedness needs to612

be explored, but could not be fit into this study.613

Another limitation of this framework is that the614

stories generated by our experiments consist of one615

character at a time performing exactly one action.616

Future work could allow for more complicated ac-617

tions that happen simultaneously, or actions that618

have a duration or periodicity. This could com-619

plicate the modeling of the characters’ theories of620

mind, but could prove to be a more robust and re-621

alistic test. Additionally, a natural way to increase622

the difficulty of ToM problems is to go from first-623

to second-order ToM questions, and then beyond.624

But there may be other dimensions of complexity625

in ToM that may be more relevant in real-world626

settings.627
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the cafe. Bob goes to the field. Charlie arrives
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Figure 7: A story about characters meeting and exchang-
ing phone numbers using the actions arrives, heads,
goes to, and heads to. Each sentence is a generated
event.

The storyboard D used in the majority of our ex- 785

periments was created using the following values.: 786

Mislead experiments: 787

• Characters C := A set of 8 randomly sampled 788

names. 789

• Actions ϕ := {enters} 790

• Location graph G which has six locations, 791

where each vertex has exactly three outgoing 792

edges, representing three locations that can be 793

accessed from that location. 794

• Manually specified events E = [{name: 795

cross paths,actors: {S1, T}, location: loca- 796

tion 1,t=10}, 797
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{name:move, actor:T , location: sec-798

ond location , t=11 },799

{name: exclusive random, actors: {S1, T},800

t=12, stop: 12 + mislead distance },801

{ name: move,802

actor:T ,location:third location, t=803

12 +mislead distance }804

{ name: exclusive random, actors: {S 1, T},805

stop: n } ]806

• n = 100807

The “exclusive random” event makes StorySim808

randomly generate sequences that don’t affect the809

actors specified. Note that for the second-order810

experiments, the only difference is the introduction811

of S2, and an additional cross paths event is added812

to create the second layer of ToM. In every trial, S1,813

S2, and T are randomly picked from C. Further,814

location 1, second location, and third location815

are all randomly generated from G.816

The storyboard used for the experiments de-817

scribed in the ToM vs WM capabilities evaluation818

is the same as the second-order mislead distance819

experiment, but the mislead distance is fixed at 30.820
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Figure 8: Number of correctly generated stories out
of 30 trials using GPT-4. The LLM was prompted to
generate stories according to constraints described by a
Storyboard that specifies the first-order ToM problem
across various mislead distances.

A core feature of StorySim is its ability to gen-822

erate stories that adhere to the exact specifications823

of the Storyboard. In Figure 8, we display the824

performance of GPT-4 generating stories825

C Prompt Experiments 826
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Figure 9: Number of prompts refused by GPT-4 and
Deepseek-R1 over 50 trials, with a fixed Storyboard.
Indices on the horizontal axis refer to to prompts shown
in Table C.1. Black bars indicate a 95% confidence
interval.

In this section, we include supplementary results 827

from our experimentation with different prompts 828

to avoid prompt refusal, as initially referenced in 829

Section E. We find that there is not a significant 830

difference between most of the prompts we tried, 831

and large differences in performance between the 832

prompt we tried (index 1) and any other prompt is 833

often due to our prompt being substantially better. 834
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C.1 Table of Prompts835

# Prompt Text

1 Read the following story and answer the question at the end. Note that all characters start in the hallway.
Characters in the same location can see where eachother go when someone leaves. If characters are in
different locations, they cannot see eachother. There is enough information to answer every question.

2 Please read the following story and answer the concluding question. Every character starts in the hallway.
Characters who occupy the same location can observe each other’s departures, while those in separate
locations cannot. All questions are answerable, so be sure to provide an answer.

3 INSTRUCTIONS: Read the story and answer the question that follows. All characters begin in the hallway.
When two characters share a space, they know where the other goes upon leaving; characters in different
spaces lack this information. Every question has a sufficient basis in the story, and you must provide an
answer. Story:

4 Review the story and give the answer to the final question. Characters start out in the hallway. Characters in
the same room always observe each other’s movements, while characters in different rooms remain unaware.
The necessary information is guarenteed to be available; provide the answer succinctly.

5 Read the following narrative and answer the question that appears at the end. All characters begin in the
hallway. Shared locations allow characters to see one another move; separated characters have no visibility.
Rely solely on the information in the story and give a direct answer.

6 Carefully read the story and respond to the final question. Every character starts in the hallway. Characters
sharing a location know where others go when they leave; characters in different locations do not. The
question can be answered from the text alone—state your conclusion briefly.

7 Instructions Read the story and answer the question that follows.
Rules:

• All characters begin in the hallway.

• When characters share a location, they observe each other’s movements; those in different places
cannot.

• When characters share a location, they observe each other’s movements; those in different places
cannot.

• The answer is fully determined by the story.

Provide a concise, final answer.
8 Instructions You will read a story involving characters moving between locations and then answer compre-

hension questions.
Rules:

• All characters start in the hallway.

• Characters who share a location can track each other’s departures; characters who are apart cannot

• The question is completely answerable from the story.

• Provide a single, final answer.

9 Instructions: Read the story about characters moving between different locations, then answer the question
that follows.
Rules:

• All characters begin in the hallway.

• Characters in the same place can observe each other’s departures; characters in different places cannot.

• The question is fully answerable from the provided text.

• Respond with one clear final answer.

Story:

12



10 You are an assistant tasked with reading a story about characters moving between locations and then answering
questions based on it. Follow these rules:

• All characters start in the hallway.

• Characters who share a location can see where others go; characters who are apart lack this visibility.

• The question is fully answerable from the narrative.

• Provide one final answer.

If it ever seems like information is missing, re-check the story—it always contains enough clues. Avoid
repeating yourself. Story:

11 You are a helpful reading assistant that will read the provided story about characters moving between locations,
then answer comprehension questions at the end. Here are some rules that you must remember:

• All of the characters start in the hallway.

• Characters who share a location know where the other goes when leaving; characters in separate
locations have no visibility.

• The question is 100 percent answerable using the given information.

• Output a single final answer.

If you ever think there isn’t enough information in the story, check again, because the questions are designed
to be answerable by the prompt. Try not to repeat yourself. Story:

12 INSTRUCTIONS: Read the following story and answer the question at the end. Note that all characters start
in the halllway. If two characters are in the same location, then they know where eachother are. If one of
them leaves the location, then the other will know where they went. There is enough information to answer
every question. You must provide an answer to every question.
Story:

Table 2: Full prompt texts used in the experiments.
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Figure 10: Results of paraphrasing the stories explored
in the main text using GPT-4o-mini. (Top) GPT-4 per-
formance across various mislead distances. (Bottom)
Difference in performance between paraphrased stories
and unchanged StorySim stories. Negative values indi-
cate better performance on StorySim.

D Narrative Variations836

In this section, we explore changes to the types of stories837
generated in the main text. We begin by investigating how838
robust LLM performance is to rephrasing on some of our839
experiments. Then we provide examples of more complicated840
stories that can be generated with StorySim.841

D.1 Evaluating Performance on LLM842

Paraphrased Stories843

In order to investigate the sensitivity of LLMs to the way that844
StorySim stories are generated, we evaluated GPT-4’s perfor-845
mance on paraphrased versions of the same stories covered in846
Figure 6 (right). Paraphrasing was done by passing each gener-847
ated event to GPT-4o-mini and asking it to change the phrasing848
of the sentence without altering its meaning. To encourage849
diversity in resposnes, we set the temperature parameter equal850
to 1.3. The line graph in Figure 10 demonstrates the similarity851
in performance of GPT-4 between paraphrased and StorySim852
generated events across most mislead distances. The bar chart853
in Figure 10 shows the difference in performance between854
LLM paraphrased stories and StorySim stories. Negative val-855
ues indicate better performance on vanilla StorySim stories.856
The 95 percent confidence interval is about 9%, so differences857
below that are insignificant. Interestingly, the Hallways and858
Doors setup presents the biggest difference in performance,859
while the other settings only have significant differences at a860
few mislead distances.861

D.2 Examples of More Complex Stories 862

While the generated stories used in our experiments are repeti- 863
tive in structure, StorySim can generate more complex sto- 864
ries given the correct STORYBOARD. We provide Figures 11 865
through 14 as a supplementary example of this. If one wishes 866
to make more detailed versions of the stories generated by our 867
framework, it’s possible to use an LLM to follow the generated 868
events and generate a polished story. The story shown in Fig- 869
ure 13 is the result of asking GPT-4o to do such a thing (Hurst 870
et al., 2024). Figure 14 demonstrates two possible stories that 871
can be generated to ask counterfactual and goal-directedness 872
questions that require ToM reasoning. In our main study, we 873
found that models struggle with false-belief ToM tasks enough 874
to warrant leaving other types of ToM to future work. How- 875
ever, recalling the notation from the Methods section, imagine 876
a story generated where ϕ := whisper and G was an adja- 877
cency graph specifying a social network of characters who can 878
only whisper to other specified characters. Further, imagine 879
creating multiple StorySim objects and creating a story by 880
sampling randomly generated events from both of them. This 881
could be used to create stories that target characteristics with 882
multiple dimensions. We invite readers to use StorySim to 883
create custom stories that may fit their needs. 884
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Jill decides to head to the store and spend 
all her money on apples.

 
Jill then gets frustrated and calls her Mom.

 
Jill hangs up and calls a friend instead.

 
Jill then gets frustrated and calls her Dad, 

who talks to her sternly.

 Jill then decides to get a job.

Jill decides to 
head to the 

store and spend 
all her money 

on apples.
Jill then gets 

frustrated and 
calls her Mom.

Jill hangs up 
and calls a 

friend instead.

 Jill then 
decides to get a 

job.

Jill then gets 
frustrated and 
calls her Dad, 
who talks to 
her sternly.

Figure 11: An example of a more nuanced story with corresponding graph, generated using StorySim.

Hank widens hole 2.

Georgia widens hole 2.

Danny enters hole 1.

Alice enters hole 2.

Charlie widens hole 2.

Georgia illuminates hole 1.

Alice enters the field.

Figure 12: StorySim story generated with three relations: enters, illuminates, and widens

Charlie arrived at the field first, scanning the open space with an expectant glance. Moments later, Bob
made his way there too, walking at a steady pace. Whatever brief conversation they might have had was
short-lived—Bob soon departed for the store.

His errand complete, Bob returned to the field once more, retracing his earlier steps. Charlie, now done
with his own time at the field, headed off toward the store.

Elsewhere, Alice also made her way to the store. It happened that she and Charlie were there at the same
time. After a short conversation near the entrance, they exchanged phone numbers before parting ways.

Bob stopped by the store again—not his first visit that day—perhaps tying up a loose end. Meanwhile,
Alice took a detour and went to the café. It was quieter there, a place to think or simply pause.

Not long after, Bob returned yet again to the field, following the same path he’d already walked earlier.
Charlie, too, arrived at the café—perhaps by coincidence, or perhaps not.

Some time passed. Then, with her phone in hand, Alice made a call. One by one, she reached out to their
friends to tell them what had happened.

Figure 13: Using events from Figure 13 to create a more interesting story by asking an LLM(GPT-4o) to use the
structure of the generated events to generate a natural sounding story, without adding any new events that deviate
from the original.
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Charlie enters room 3.
Frank enters room 2.
Alice enters room 2.
Danny enters room 3.

Georgia enters room 1.
Charlie enters the hallway.

Bob enters room 2.
Frank enters the hallway.

Alice enters room 2.
Danny enters the hallway.
Bob enters the hallway.

Frank enters room 4.
Charlie enters room 5.

Bob enters room 4.
Alice enters room 1.

Harvey enters room 5.
Question: Who is Bob clearly trying to follow?

Alice enters room 3.
Charlie enters room 2.

Jake enters room 2.
Jake places a football on the ground.

Jake enters room 4.
Charlie throws the football into room 1.

Georgia enters room 5.
Jake enters room 2.

Jake can’t find the ball.
Jake enters the hallway.
Jake can’t find the ball.

Jake enters room 1.
Jake found the ball.

Question: Where would Jake have found the ball if Charlie
didn’t throw it in a different room?

Figure 14: (Left) A story generated to ask a goal-directedness ToM question. (Right) A story generated to ask a
counterfactual ToM example.
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E Example of Insufficient Context Length885

Response for R1.886

Below is an example of one of R1’s responses where it runs887
out of context length. Note that all errors that it reports finding888
in the story are untrue. The ellipsis indicates truncation of the889
prompt for brevity, but where the sentence cuts off in the last890
step is not truncation, that is where it ran out of context length.891
These erroneous responses from R1 often involve the model892
attempting to enumerate the story’s events, trying to determine893
when S1 last saw T , and then restarting its reasoning chain.894
When R1 does produce a concrete but incorrect answer, it895
is most often a First Common Location Error, suggesting a896
tendency to memorize the first location where S1 and T are897
seen together.898
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<think>
Okay, let’s try to figure out where Alice and Bob were last in the
same room and where Alice saw Bob go when he left.
The question is a bit tricky because I need to track both
Alice and Bob’s movements through all the
rooms and see when they were last together.
Then, once they part ways, I need to note where Bob
went next from Alice’s perspective.

First, I’ll start by going through the story step
by step, noting each time Alice or Bob moves. Since all characters
start in the hallway, their initial positions are there. Let’s list out their
movements in order:

1. Edward enters room_1.
2. Alice enters room_1. So now Alice is in room_1 with Edward.
...
35. Georgia enters room_5. Georgia was in room_5, but maybe she left?
Wait, step 23: Georgia was in room_5. Then step 24: Frank leaves room_5.
Then step 25: Charlie enters room_2. Then step 26: Charlie to hallway.
Step 27: Frank to room_4. Step 28: Danny to room_2. Step 29: Frank to room_3.
So Georgia was in room_5 until step 35: Georgia enters room_5 again? Wait,
maybe she was in room_1 before. Let me check. Step 15: Georgia enters room_1.
Then step 23: Georgia enters room_5. So she was in room_1, then room_5.
Then step 35: Georgia enters room_5 again? Wait, maybe that’s a typo.
Let me check the original movements again.

Looking back at the original list:

After step 15: Georgia enters room_1.

Then step 23: Georgia enters room_5. So she moves from room_1 to room_5.
...
Step 34: Frank enters room_2.

Step 35: Georgia enters room_5. Wait, but she was already in room_5 at
step 23. So maybe she left room_5 at some point? Let me check.
The steps after step 23:

After step 23 (Georgia enters room_5), the next movement
involving Georgia is step 35: Georgia enters room_5 again.
But unless she left room_5 in between, she would still be there.
But according to the given movements, characters only move when
specified. So if Georgia entered room_5 at step 23, she stays
there until she moves again. The next move for Georgia is
step 35: Georgia enters room_5 again. Wait, that’s
redundant. Maybe it’s a mistake, or perhaps she was in
another room. Let me check the steps again.

Wait, step 23: Georgia enters room_5. Then step 24: Frank leaves room_5.
Then step 25: Charlie enters room_2. Step 26: Charlie to hallway.
Step 27: Frank to room_4. Step 28: Danny to room_2.
Step 29: Frank to room_3. Step 30: Frank to room_4.
Step 31: Frank to room_3. Step 32: Frank to room_2.
Step 33: Frank to room_1. Step 34: Frank to room_2.

Georgia’s movements:

- Enters room_4 (step 8)
- Enters room_1 (step 15)
- Enters room_5 (step 23)
- Then step 35: Georgia enters room_5 again.
Maybe she was in room_1 again? Wait, no. After step 15, she was in room_1.
Then step 23, she moves to room_5. Then step 35: she’s entering room_5 again.
That doesn’t make sense unless she left. But according to the given steps,
she didn’t leave. So perhaps this is a mistake,
but I’ll proceed as per the given data.
Maybe she was in room_5 and then enters again,
which doesn’t change her location. So she’s still in room_5.
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Continuing:

35. Georgia enters room_5. (Still there)
...
53. Danny enters room_1. (From room_4 to room_1)
54. Georgia enters <|EOS|>
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