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Abstract

Narratives are widely recognized as a powerful
tool for structuring information and facilitating
comprehension of complex ideas in various do-
mains such as science communication. This
paper explores whether generating narratives
can serve “as a specialized mode of thinking”
that improves the reasoning abilities of Large
Language Models (LLMs). We introduce Story
of Thought (SoT), a novel prompt-driven rea-
soning framework that guides LLMs to con-
struct narratives around the problem statement
to solve the task more effectively. SoT enables
LLMs to integrate narrative techniques such
as metaphor and analogy into their reasoning
process. Our experiments show that SoT signif-
icantly improves the LLMs’ problem-solving
abilities on various tasks including physics,
chemistry, and biology in both JEEBench and
GPQA (e.g., SoT resulted in 13% improvement
compared to CoT when using GPT-4). To vali-
date LLM-based evaluation for generated nar-
ratives, we conduct a human annotation of the
narrative techniques used by LLMs. Our results
show strong inter-annotator agreement between
Llama 3 70B and human annotators. This work
brings LLM reasoning closer to human cogni-
tive processes by mirroring mechanisms such
as analogical problem-solving, which are cen-
tral to how humans understand and process
complex ideas.

1 Introduction

Humans employ two fundamental modes of
thought: the logico-scientific mode which relies
on formal logic and a mathematical system of de-
scription to derive conclusions, whereas the nar-
rative mode organizes information into structured
stories, making sense of complex ideas through
causality (Bruner, 1991). Literature on human
cognition has extensively explored how the hu-
man brain processes narratives, highlighting hu-
mans’ exceptional ability to understand and reason

Figure 1: A comparison of narrative and logico-
scientific explanations for the concept of fractions. The
narrative approach places the concepts into a progres-
sively rolled-out story, while the logico-scientific ap-
proach presents the information objectively.

through them (Hineline, 2018; Armstrong, 2020;
Sanford and Emmott, 2012). A narrative-driven
explanation can enhance the comprehension and
retention of complex subjects compared to a sim-
ple listing of objective information (Fisher, 2021;
Abbott, 2020; Gottschall, 2012). Storytelling ef-
fectively structures information in science com-
munication (Dahlstrom, 2014; Norris et al., 2005;
Martinez-Conde and Macknik, 2017) and educa-
tion (Engel et al., 2018; Negrete and Lartigue,
2004), revealing relationships and contextual nu-
ances (Zak, 2015). Figure 1 shows an example
of the narrative approach that contextualizes facts
within a daily life scenario (story) with a planned
structure, allowing for the use of techniques such as
analogy or progressive disclosure, while the logico-
scientific approach conveys information in a con-
cise in-domain manner.

To date, one of the ways the reasoning process in
large language models (LLMs) has been enhanced
is through prompting techniques that guide them
to break tasks into smaller subtasks such as Chain-
of-Thought (CoT) (Wei et al., 2022) and its more
recent adaptations (Xia et al., 2024). The strategies
of constructing natural language rationales (Ling
et al., 2017), in the CoT context play a vital role in
LLM prompting (Ye and Durrett, 2022; Min et al.,
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2022; Wang et al., 2022; Li et al., 2023). However,
LLMs still struggle with complex problem-solving
tasks that require the ability to integrate, structure,
and apply relevant information effectively (Qiao
et al., 2023; Wang et al., 2023).

In this work, we show that generating narratives
around the problem statement enhances the LLMs’
reasoning ability. Our method integrates narrative
techniques such as analogy into the reasoning pro-
cess with the aim of combining their effectiveness
in explaining abstract concepts with their ability to
organize information flow coherently. Therefore,
we address two main research questions:

RQ1: How to leverage LLMs to generate nar-
ratives around problem statements to facilitate
comprehension and reasoning?
RQ2: Can incorporating narratives into the rea-
soning process improve model performance on
complex problem-solving tasks?
We make the following contributions: (i) We in-

troduce a novel method, Story of Thought (SoT),
that aids LLMs in identifying and arranging rele-
vant information for solving complex tasks by in-
corporating narrative structures into the reasoning
process, (ii) We evaluate the effectiveness of SoT
on GPQA and JEEBench datasets of complex prob-
lems, showing superior performance to existing
prompting techniques with SotA models, and (iii)
We analyze the impact of narrative techniques to
generate narrative-based explanations and investi-
gate why they improve LLMs’ reasoning abilities.

2 Related Work

Bruner (1991) posit that narratives are a fundamen-
tal mode of human thought, allowing individuals to
convey complex concepts in a more understandable
manner. Presenting information through narratives
can enhance learning and memory, promote en-
gagement and motivation (Willingham, 2004; Chen
et al., 2023). The development of narrative-based
educational strategies (Bower and Clark, 1969;
Mawasi et al., 2020; Norris et al., 2005) paved
the way for using them as a framework for organiz-
ing information for problem solving. The use of
narratives can break down complex problems into
sub-problems, providing a step-by-step approach to
answering a question (Szurmak and Thuna, 2013).
Sadiri Javadi et al. (2024) use different narratives
techniques to satisfy diverse requirements for con-
versational information-seeking systems.

There are a plethora of datasets focusing on

answering questions about given contexts. Read-
ing comprehension datasets (Khashabi et al., 2018;
Welbl et al., 2018; Williams et al., 2018; Mihaylov
et al., 2018) explicitly evaluate a system’s ability to
answer questions that need information from multi-
ple sentences in a passage. NarrativeQA (Kočiský
et al., 2018) provides a dataset of 1,567 narratives
and associated QA pairs as written by human anno-
tators. ROCStories (Mostafazadeh et al., 2016) is
a collection of 5 sentence short stories over which
numerous datasets such as TellMeWhy (Lal et al.,
2021) have been built to facilitate answering ques-
tions about narratives. However, none of these
datasets use narratives as a tool of understanding,
or relate to problem solving.

Problem solving datasets focus on mathemat-
ics, physics or other scientific domains. GSM8K
(Cobbe et al., 2021) is a dataset of 8.5K high qual-
ity linguistically diverse grade school math word
problems created by human problem writers. SciQ
(Welbl et al., 2017) is built using a novel method for
obtaining high-quality, domain-targeted multiple
choice questions from crowd workers, and contains
13.7K multiple choice science exam questions. Sci-
enceQA (Lu et al., 2022) adds multimodal context
to collected elementary and high school science
questions. While there has been rapid progress
on these tasks, prior work has not integrated ed-
ucational strategies such as narratives to tackle
them, a setting which is likely to be used in the
real world. MedMCQA (Pal et al., 2022) contains
MCQ questions designed to address real-world
medical entrance exam questions. Such datasets
have been used extensively as yardsticks to mea-
sure the progress of NLP techniques.

The strength of modern LLMs, coupled with
the paradigm of prompting, has driven up perfor-
mance on problem solving tasks. In-context learn-
ing through few-shot examples has been used to
teach LLMs about new tasks using a small number
of examples. Chain of thought prompting (Wei
et al., 2022) nudges LLMs to generate intermediate
steps to mimic an explicit reasoning process before
answering a question. Similarly, Tree of Thoughts
(ToT) (Yao et al., 2023) and Graph of Thoughts
(GoT) (Besta et al., 2024) induce intermediate rea-
soning structures, trees and graphs respectively, to
decide on an answer. However, despite the fact that
narratives have been used as a way to simplify prob-
lems, they have never been explored to improve the
problem solving abilities of LLMs.
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Figure 2: A high-level overview of Story of Thought (SoT), consisting of three steps (top): 1⃝ Question Clarification
(See Section 3.1), 2⃝ Narrative Generation (See Section 3.2), 3⃝ Problem Solving (See Section 3.3) and an actual
example of LLM output (bottom) in each step for the GPQA task. See Appendix C for prompts for each step. The
prompt designed for step 2 incorporates the narrative techniques (highlighted in blue) such as analogical reasoning,
which identifies similarities between the target concept (information being conveyed) and a more familiar concept
(analogy) and progressive disclosure which reveals information gradually throughout the narrative, rather than
presenting it all at once. See Appendix G for an example of SoT.

3 Methodology: Story of Thought

We introduce Story of Thought (SoT), a novel
prompt-driven reasoning approach that generates
narrative-based clarification to guide LLMs’ rea-
soning process. Inspired by the narrative format,
the SoT approach leverages the cognitive benefits
of storytelling, such as contextual understanding
and relational reasoning, that can help LLMs iden-
tify and maintain the information structure. Fig-
ure 2 gives an overview of SoT. It involves three
steps: (i) Question clarification (i.e., acting as
an explorer to dissect and clarify complex ques-
tions (Section 3.1)); (ii) Narrative Generation
(i.e., generating detailed narratives from the clari-
fied question components using different narrative
techniques (Section 3.2)); and (iii) Problem Solv-
ing (i.e., leveraging generated narratives by LLMs
to solve the tasks (Section 3.3)). We describe the
exact prompts used in each step in Appendix C.

3.1 Step 1: Question Clarification
In the first step, we use the LLM’s ability to explore
and clarify the question. Starting with a specialized

prompt, the LLM breaks down the question into its
core components, identifying relevant subtopics
and areas. This detailed analysis is crucial for
generating a coherent narrative that thoroughly ad-
dresses the question.

3.2 Step 2: Narrative Generation

The second step involves generating detailed nar-
ratives based on the breakdown and clarification
performed in Step 1 (question clarification). These
narratives provide a structured context for the ques-
tions to enhance the LLM’s understanding, reason-
ing, and problem-solving abilities. Sadiri Javadi
et al. (2024) discuss different narrative techniques
required in conversational information-seeking sys-
tems. We integrate the below subset of these tech-
niques into our prompt and task LLMs to generate
a narrative, based on the information from Step 1:
1. Progressive Disclosure (PD): Reveals informa-

tion gradually, guiding the LLM step-by-step
through the problem-solving process.

2. Branching (BR): Explores different paths or ap-
proaches to understanding the problem by pro-
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viding multiple perspectives.
3. Analogy (AN): Uses comparisons to familiar

concepts or situations to make abstract compo-
nents more understandable.

4. Analogical Reasoning (AR): Facilitates under-
standing by reasoning through similarities be-
tween the problem and known situations.

5. Metaphor (ME): Simplifies complex ideas
through metaphorical representation.
The selection of these narrative techniques was

grounded in cognitive science and educational psy-
chology principles, which emphasize their effec-
tiveness in enhancing comprehension and reason-
ing. Analogical reasoning and analogy were chosen
for their proven ability to map complex, abstract
problems onto familiar concepts, facilitating un-
derstanding, problem-solving (Gentner and Smith,
2013), and analogical reasoning (Holyoak and Lu,
2021). Metaphors, similarly, reveal how humans
transfer knowledge between domains through struc-
tural mapping (Chiu, 2000; Thibodeau and Borodit-
sky, 2011). Branching aligns with decision-making
frameworks that explore alternative paths to so-
lutions, mirroring human problem-solving strate-
gies (Yao et al., 2024). Progressive disclosure —
rooted in cognitive load theory (Sweller, 1988) —
reflects how humans incrementally process and in-
tegrate new information to manage cognitive load
and maintain focus (Chandler and Sweller, 1991).

3.3 Step 3: Problem Solving

In the final step, the LLM uses the narrative gener-
ated in Step 2 to solve the original QA task. The
structured and contextual understanding provided
by the narrative supports LLM in accessing relevant
aspects of the task.

4 Experimental Setup

To comprehensively evaluate the effectiveness of
our proposed approach, we conduct experiments
across a diverse set of tasks and models, employing
various prompting techniques for comparison.

4.1 Evaluation Tasks

We focus our evaluation on reasoning-intensive
tasks spanning multiple domains, including
physics, biology, math, and chemistry problem-
solving. In particular, we utilize the GPQA (Dia-
mond set) (Rein et al., 2024) and JEEBench (Arora
et al., 2023). GPQA is a Graduate-level Problem-
solving QA dataset that comprises expert-crafted

multiple-choice questions. We use the Diamond
set of GPQA, which contains 198 questions writ-
ten by domain experts in biology, physics, and
chemistry of high quality and difficulty. JEEBench
contains 515 challenging pre-engineering mathe-
matics, physics and chemistry problems from the
highly competitive IIT JEE-Advanced exam.

4.2 Benchmarking Models
To evaluate the performance of our approach across
a wide range of Large Language Models, we exper-
iment with the following LLM families:
1. Meta: Llama-3-8B & Llam-3-70B (instruction-

tuned versions)
2. Mistral: Mistral 7B & Mixtral 8x7B
3. OpenAI: GPT-3.5-turbo & GPT-4-turbo
4. Microsoft: Phi-3-Medium & Phi-3-Mini
These models were selected to cover a wide spec-
trum of capabilities, sizes and families, enabling
a comprehensive evaluation of their strengths and
limitations. More details on the implementation
can be found in Appendix B.

4.3 Methods Studied
We compared our proposed approach against sev-
eral prompting techniques:

Zero-shot Prompting: LLMs are prompted to
solve tasks based solely on their pre-trained
knowledge without any labeled examples or ex-
plicit guidance.
Zero-shot CoT (Wei et al., 2022): We prompt
the LLM to explicitly reason through the steps
required to arrive at an answer (i.e., "think step
by step and answer the question."). This aims
to improve the model’s ability to solve complex
problems by breaking them down into smaller,
more manageable steps.
Tree of Thoughts (Yao et al., 2023): This
method systematically explores multiple reason-
ing paths instead of a single linear progression.
In ToT, a tree-structured solution to a problem is
generated by breaking it down into sub-problems.
This enables the model to consider a broader set
of potential solutions by evaluating each branch
for correctness before proceeding further.
Graph of Thoughts (Besta et al., 2024): This
technique extends the Tree of Thoughts (ToT)
approach by allowing for a more flexible and non-
hierarchical representation of problem-solving
steps. The reasoning steps are treated as nodes,
and the connections between them are edges that
represent logical relationships or dependencies.

95



Prompting Method
Meta Mistral OpenAI Microsoft

Llama 3 8B Llama 3 70B Mistral 7B Mixtral 8x7B ChatGPT 3.5 GPT 4 Phi-3 Mini Phi-3 Medium

Zero-shot 34.2 39.5 35.8 36.36 30.6 34.7 28.79 42.42
Zero-shot CoT 40.91 41.92 31.82 35.35 28.1 35.7 24.75 39.39
Tree of Thoughts 34.34 43.43 29.79 32.82 24.24 42.42 18.68 31.81
Graph of Thoughts 33.83 43.43 28.78 30.30 23.23 40.90 19.69 28.78
Analogical Reasoning (3-shot) 40.91 47.47 37.9 26.26 28.1 41.41 16.67 48.48
Ours: Knowledge Identification 40.4 48.99 35.35 37.77 27.77 40.90 20.71 37.88
Ours: Story of Thought (SoT) 43.43 51.01 38.4 38.89 30.8 48.98 22.73 36.36

Table 1: On GPQA (Diamond set), Story of Thought (SoT) consistently outperforms other techniques. We present
the performance (QA accuracy) of different methods with various LLMs on GPQA Diamond set.

Analogical Reasoning (Yasunaga et al., 2023):
This approach leverages analogies to help the
model draw parallels between known concepts
and the task at hand. By providing analogical
examples, the model is guided to understand and
apply similar reasoning patterns to new problems.
In our experiment, we allow the LLMs to self-
generate three exemplars for each question (akin
to the prompt described in their paper). This
enables them to identify relevant examples and
adapt their reasoning accordingly.
Ours: Knowledge Identification: To mea-
sure the effectiveness of our proposed approach
(i.e., utilizing narrative in reasoning), we prompt
LLMs to solve the task based solely on the gen-
erated knowledge from Step 1 (described in Sec-
tion 3.1). This allows us to compare the model’s
capability in solving tasks using only the iden-
tified relevant knowledge versus leveraging this
knowledge to structure a coherent narrative.
Ours: Story of Thought (SoT): This approach
represents the core of our proposed method,
where we leverage the generated narratives from
Step 2 (described in Section 3.2) to solve the
given tasks.

5 Results

Our proposed SoT approach that incorporates nar-
rative structures improves over almost all previ-
ous prompting approaches across two different
problem-solving datasets. This highlights the po-
tential of using narratives to improve the ability of
LLMs to understand and reason about the given
information in various intensive reasoning tasks.

5.1 Performance on GPQA

Results on GPQA (Diamond set) are presented in
Table 1. For this task, SoT is the best method to use
with six of eight models. The open-source Llama
3 70B records the highest accuracy using the SoT

method, achieving a score of 51.01%. This is the
highest accuracy observed among all models and
methods tested in the study. Furthermore, the GPT-
4 model shows the most notable improvement in
accuracy with SoT, compared to the zero-shot base-
line. Specifically, the accuracy for GPT-4 increased
from 34.7% under zero-shot conditions to 48.98%
with SoT (i.e., an absolute increase of 14.28%, or
a relative increase of 41% respectively).1 Interest-
ingly, all reasoning strategies lead to an accuracy
drop for the Phi-3 Mini model, and all CoT strate-
gies except Analogical Reasoning also lead to the
accuracy drop of the Phi-3 Medium model com-
pared to its zero-shot baseline. We hypothesize
that this is due to the low quality of the generated
explanations and study it further in §6.1. We note
that, on average, models improve the most on bi-
ology problems when using SoT. See Appendix D
for subject-wise performance evaluation.

5.2 Performance on JEEBench

Table 2 presents detailed experimental results on
JEEBench. Our proposed method (SoT) consis-
tently improves the performance of seven out of
the eight LLMs. Using SoT, Llama 3 70B perfor-
mance surpasses even the GPT models. It obtains
the highest scores in all subjects and question types
(Except Single-Correct), with an overall aggregate
score of 0.453. This is a significant improvement
on the previous SotA, which was a strong GPT-4
model used with both CoT and Self-Consistency.
Across models, the results highlight the effective-
ness of Story of Thought (SoT) in enhancing model
performance on complex, multi-disciplinary bench-
marks like JEEBench, setting new SotA results in
several categories. The improvements are particu-
larly notable in the subject categories and question
types where the other methods struggle.

1We also find that Llama 3 70B with SoT outperforms zero-
shot o1-preview which uses CoT style reasoning internally.
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Chemistry Mathematics Physics Integer Single-Correct Multi-Correct Numeric Total
GPT-4+CoT+SC@8* 0.463 0.308 0.449 0.293 0.618 0.410 0.234 0.389

Llama 3 8B 0.143 0.082 0.089 0.061 0.127 0.148 0.044 0.102
Llama 3 8B+CoT 0.127 0.101 0.116 0.11 0.145 0.149 0.036 0.112
Ours: Llama 3 8B+SoT 0.154 0.195 0.172 0.072 0.259 0.324 0.028 0.173
Llama 3 70B 0.324 0.189 0.274 0.171 0.345 0.316 0.131 0.25
Llama 3 70B+CoT 0.264 0.228 0.268 0.159 0.291 0.317 0.175 0.249
Ours: Llama 3 70B+SoT 0.554 0.329 0.471 0.446 0.42 0.485 0.462 0.453
Mistral 7B 0.119 0.079 0.091 0.049 0.109 0.159 0.022 0.094
Mistral 7B+CoT 0.106 0.123 0.059 0.073 0.118 0.165 0.022 0.102
Ours: Mistral 7B+SoT 0.2 0.177 0.201 0.11 0.245 0.224 0.146 0.19
Mixtral 8x7B 0.22 0.151 0.167 0.122 0.218 0.261 0.058 0.176
Mixtral 8x7B+CoT 0.237 0.142 0.152 0.061 0.209 0.27 0.08 0.173
Ours: Mixtral 8x7B+SoT 0.253 0.251 0.274 0.268 0.309 0.277 0.182 0.257
ChatGPT 3.5 0.228 0.146 0.173 0.073 0.318 0.249 0.029 0.177
ChatGPT 3.5+CoT 0.17 0.111 0.167 0.11 0.173 0.206 0.051 0.142
Ours: ChatGPT 3.5+SoT 0.189 0.128 0.189 0.073 0.291 0.204 0.051 0.161

GPT 4 0.423 0.212 0.352 0.207 0.455 0.383 0.153 0.309
GPT 4+CoT 0.468 0.280 0.335 0.256 0.473 0.448 0.175 0.350
Ours: GPT 4+SoT 0.535 0.294 0.413 0.378 0.4 0.453 0.321 0.395
Phi-3 Mini 0.256 0.12 0.199 0.146 0.255 0.224 0.08 0.18
Phi-3 Mini+CoT 0.256 0.137 0.171 0.134 0.209 0.216 0.139 0.181
Ours: Phi-3 Mini+SoT 0.224 0.209 0.181 0.183 0.282 0.234 0.124 0.207
Phi-3 Medium 0.298 0.193 0.165 0.146 0.255 0.286 0.139 0.218
Phi-3 Medium+CoT 0.253 0.195 0.199 0.171 0.236 0.274 0.139 0.214
Ours: Phi-3 Medium+SoT 0.279 0.203 0.224 0.232 0.273 0.263 0.153 0.231

Table 2: On JEEBench, Story of Thought (SoT) outperforms previous SOTA as well as other methods. We present
the aggregate score by subject as well as question type and present the overall aggregate score. The best overall
scores are highlighted in blue while the best score by method for a model is in bold. * reported in (Arora et al., 2023).

6 Analysis of SoT Aspects

6.1 Role of the Narrative Quality/Choice

The choice of narrator model (i.e., the model
that generates narratives) can impact the problem-
solving resuls. In the following experiments, we
apply the narratives generated by other large and
small open-source LLMs to the Phi-3 Mini and
Phi-3 Medium models. The results of these experi-
ments are presented in Table 3.

Narrative Generator Solver Models
Phi-3 Mini Phi-3 Medium

Llama 3 8B 23.74 (+1.01↑) 37.88 (+1.28↑)
Llama 3 70B 25.25 (+2.52↑) 39.39 (+2.79↑)
Mistral 7B 24.24 (+1.51↑) 38.38 (+1.78↑)
Mixtral 8x7B 24.74 (+2.01↑) 35.86 (-0.74↓)

Table 3: Applying generated narratives by open-source
models to Microsoft models to solve the tasks.

We observe that the narratives generated by
most models consistently improve the accuracy
of both Microsoft models compared to the baseline
(i.e., when both models use their own generated
narratives in Step 2 to solve the tasks, shown in

Table 1). The absolute improvements range from
1.0% to 2.8%, with the Llama 3 70B model generat-
ing the most effective narratives. A slight decrease
in accuracy is observed with the mixture-of-experts
Mixtral 8x7B narratives for the Phi-3 Medium
model, highlighting the need for careful selection
and evaluation of narrator models to ensure com-
patibility and optimal performance. Larger models
generate narratives that break down problems to
make them more easily solvable. Unsurprisingly,
there is larger room for improving the problem
solving abilities of smaller models.

6.2 Impact of Narrative Techniques
To measure the impact of each narrative technique,
we jointly prompted on the performance of open-
source Meta models, we ablate the designed prompt
in Step 2 (of Section 3.2) to apply each of the tech-
niques separately. The results in Table 5 indicate
that employing any single narrative elements at
a time is notably less effective at boosting QA
accuracy than utilizing a combination of these
simultaneously. For both Llama models, the de-
crease in accuracy is comparably smaller (-3.0%
to -5.6%) when using only the analogical com-
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Narrative Technique
Meta Mistral OpenAI Microsoft

Llama 3 8B Llama 3 70B Mistral 7B Mixtral 8x7B ChatGPT 3.5 GPT 4 Phi-3 Mini Phi-3 Medium

Progressive Disclosure 427 597 191 191 744 570 367 368
Branching 30 56 51 20 72 168 34 61
Analogy 418 425 117 161 498 595 569 499
Analogical Reasoning 205 191 78 108 213 336 276 206
Metaphor 249 316 103 137 811 428 418 291
∑

1329 1585 540 617 2338 2097 1664 1425

Table 4: Comparing Generated Narratives - Total Number of Occurrences for each Narrative Technique (Evaluator:
Llama 3 70B)

Narrative Technique
Meta

Llama 3 8B Llama 3 70B
Progressive Disclosure 34.85 (-8.58↓) 44.95 (-6.06↓)
Branching 34.34 (-9.09↓) 44.95 (-6.06↓)
Analogy 39.39 (-4.04↓) 46.46 (-4.55↓)
Analogical Reasoning 40.4 (-3.03↓) 45.45 (-5.56↓)
Metaphor 41.41 (-2.02↓) 44.44 (-6.57↓)
None 38.38 (-5.05↓) 45.45 (-5.56↓)
All 43.43 51.01

Table 5: Comparing accuracy when using a single narra-
tive technique or no narrative technique (None). Values
in parentheses represent the decrease in accuracy per-
centage points compared to a combination of multiple
narrative techniques simultaneously (shown in Table 1).

ponents of the narrative (Analogy and Analogical
Reasoning) than when using only the structural in-
structions (Progressive Disclosure or Branching)
which leads to larger (-6.0% to -9.1%) accuracy
loss. However, reasoning alone does not perform
on par with the full narrative generation listing all
the techniques. Prompting for Metaphor usage only
leads to a larger accuracy loss in the 70B model
(-6.6%) compared to the smaller one (-2.0%). The
None condition, where no narrative technique is
mentioned in the prompt, results in an accuracy
drop (-5.0% to -5.6%). This makes it difficult to
determine how the narrative techniques relate to
each other. We study this going forward.

6.3 Analyzing Generated Narratives

To gain deeper insights into the generated narra-
tives, we prompt Llama 3 70B to annotate the num-
ber of times each narrative technique appears (i.e.,
the number of occurrences) in each generated nar-
rative across all models used in our experiments.
We can better interpret how the model executed the
narrative generation prompt, by asking it to label
if and where the mentioned techniques are used in
the generated narrative. A proportion of the narra-
tive techniques and their correlation can provide us

Figure 3: Correlation coefficients among all narrative
elements (PD = Progressive Disclosure, BR = Branch-
ing, AN = Analogy, AR = Analogical Reasoning, ME
= Metaphor) used in the SoT approach for GPT 4 and
Llama 3 70B in solved and unsolved tasks.

with a better picture of LLM’s interpretation of the
instruction as well. The instructions can be found
in Appendix C. We aim to uncover patterns and
variations in the use of narrative techniques across
different LLMs. Table 4 compares the total number
of occurrences for each narrative technique across
various LLMs.

Variability in Utilization of Narrative Tech-
niques Across Models: In our designed prompt
in Step 2 (i.e., Narrative Generation), LLMs gener-
ate narrative using all 5 narrative techniques. How-
ever, as Table 4 indicates, not all elements were em-
ployed equally. This reveals that while some tech-
niques like Analogy and Progressive Disclosure
were consistently utilized, others such as Branching
were applied less frequently. We observe a trend
across all LLM families where models with larger
capacities, such as Llama 3 70B and GPT-4, con-
sistently show higher occurrences of narrative tech-
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Similarity Metric
BertScore ROUGE-L BLEU

SoT Reasoning CoT Reasoning SoT Reasoning CoT Reasoning SoT Reasoning CoT Reasoning
Llama 3 8B 0.28 0.06 0.19 0.11 6.57 0.19
Llama 3 70B 0.3 0.04 0.2 0.1 8.18 0.06
Mistral 7B 0.27 0.33 0.18 0.2 8.12 4.65
Mixtral 8x7B 0.3 0.34 0.19 0.21 8.92 8.14
ChatGPT 3.5 0.3 0.24 0.19 0.16 6.1 6.07
GPT 4 0.31 0.34 0.19 0.2 8.84 6.73
Phi-3 Mini 0.27 0.31 0.17 0.19 6.54 6.36
Phi-3 Medium 0.3 0.35 0.2 0.21 7.13 8.4

Table 6: Comparison of generated Story of Thought (SoT) and Chain of Thought (CoT) reasoning with Human
Explanations on the GPQA (Diamond set) using BERTScore, ROUGE-L, and BLEU metrics across various large
language models. Bold values indicate the reasoning approach that is more similar to human explanations for each
model and metric pair.

niques compared to their smaller counterparts. Fur-
thermore, ChatGPT 3.5 & GPT-4 demonstrate the
highest total occurrences of narrative techniques,
with 2,338 and 2,097, respectively with a notable
emphasis on Metaphors and Analogies.

Correlation Among Narrative Techniques: To
further investigate the dynamics of narrative tech-
niques, we compute correlations between the fre-
quencies of narrative techniques across solved and
unsolved tasks, as shown in Figure 3. This analy-
sis aims to uncover if the models consistently use
certain narrative techniques together or vary signif-
icantly. Our initial results indicate diverse correla-
tion patterns, suggesting that the effectiveness of
narrative techniques in solving tasks across various
LLMs needs to be further analyzed.

6.4 Human Evaluation
To assess the reliability of the LLM-based annota-
tion method (described in Section 6.3), we conduct
a human evaluation of narrative techniques used
by LLMs in generated narratives. We provide 3
annotators with 15 narratives generated by 8 dif-
ferent models, resulting in a total of 120 narratives.
Annotators were instructed to identify and count
how many times each narrative technique appeared
in each narrative. The aggregated annotations were
then analyzed using the Krippendorff Alpha Coeffi-
cient to assess inter-annotator agreement.

The average agreement score across all tech-
niques was 0.72, indicating strong inter-annotator
agreement, with Llama 3 70B aligning closely
with human annotators, validating the use of
LLM-based evaluation for assessing narrative
techniques. While annotators show the highest
agreement in Branching and Analogy, with average
scores of 0.75 and 0.79, respectively, they have in

Metaphor and Analogical Reasoning lower agree-
ment scores (0.69 and 0.68). The extended results
can be found in Appendix F.

6.5 Analyzing SoT Reasoning

Table 6 compares the similarity of SoT and CoT
reasoning outputs to human explanations for differ-
ent language models on the GPQA (Diamond set)
dataset, using BertScore, ROUGE-L, and BLEU.

The differences between ROUGE-L values are
insignificant and do not display any clear trends.
However, according to BLEU scores, using SoT
results in explanations closer to humans and the dif-
ferences are more pronounced. As per BertScore
Llama 3 models’ explanations are more similar to
human ones when using SoT reasoning across all
three metrics. However, Mistral models, GPT-4,
and Phi-3 Mini generate explanations more similar
to human explanations when using CoT reason-
ing across all metrics. The semantic similarity of
narratives generated by Llama 3 70B to human
explanations combined with their effect of improv-
ing smaller models indicates that these narratives
present information about the problems in a simpli-
fied manner.

7 Conclusion
Inspired by findings from human cognitive pro-
cesses explored in didactics research, in this work,
we propose to use narratives in LLMs prompting.
We present strong evidence on public benchmark
datasets that narratives have the potential to notably
enhance the reasoning abilities of LLMs in com-
plex problem-solving tasks. By incorporating narra-
tive structures, which mimic human cognitive pro-
cesses of organizing and interpreting information,
LLMs can achieve higher levels of performance
and provide more contextually enriched responses.
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Limitations

Dataset limitations. So far, we used only GPQA
and JEEBench problems as the most challenging
set of problem-solving benchmarks we were aware
of. Other comparable benchmarks, such as MGSM,
are much closer to human or superhuman accu-
racy already without reasoning prompts and will
be explored in future work.

Analysis limitations. The occurrences of narra-
tive techniques do not necessarily imply the quality
or effectiveness of the generated narratives; rather,
they provide insights into the models’ tendencies
and preferences in employing these techniques.
Therefore, answering the question of why narra-
tive is helping LLMs is more complex and needs to
be further investigated by looking into different re-
search areas such as cognitive and communication
theories.
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A Robustness of LLM Predictions

In the original GPQA dataset used for our experi-
ments, the correct answers are always presented
as the first option among the multiple choices.
However, To further evaluate the robustness of
the LLMs, we conduct an additional experiment
where the correct answers are placed in the sec-
ond option instead. Table 7 presents the results
of these experiments, comparing the performance
of various prompting methods across six different
open-source LLMs. We observe that most LLMs
experience a significant drop in accuracy when the
correct answer is moved to the second option. How-
ever, despite the overall decrease in accuracy, our
proposed approach, Story of Thought (SoT), con-
sistently outperforms the baseline methods for most
LLMs. The SoT method achieves the highest accu-
racy for the Meta Llama 3 8B, Meta Llama 3 70B,
Mistral 8x7B, and Microsoft Phi-3 Medium mod-
els, demonstrating its effectiveness in enhancing
the robustness of LLMs to changes in the problem
structure.

B Model Implementation Details

All experiments, except for those involving Ope-
nAI models, were conducted on local machines
equipped with GPUs. The models were run locally
on a GPU setup without quantization using the
Hugging Face Transformer library2. For OpenAI’s
GPT-3.5-turbo (gpt-3.5-turbo-0125) and GPT-4-
turbo (gpt-4-turbo-2024-04-09) models, we use
the OpenAI API to generate outputs. Across all
models, the results are averages over 5 runs with a
temperature of 1.0 and a maximum number of to-
kens of 8,000. The other parameters are set to their
default values. To ensure consistency in the model
outputs, we utilized the Jsonformer Python pack-
age3, resulting in structured JSON outputs. A t-test
was performed, yielding a p-value of 0.032, indi-
cating statistical significance at the conventional
0.05 level.

C Prompts Used in Story of Thought

We describe the prompts used for each stage in the
SoT framework.

2https://huggingface.co/docs/transformers
3https://github.com/1rgs/jsonformer

C.1 Question Clarification

You are an explorer who wants to identify and
collect different related and specialized
subject areas to clarify the question. Your
goal is to narrow down the question and
provide relevant areas of knowledge and
experience you have that help clarify the
question mentioned below. You should not
answer the question.

<question>

C.2 Narrative Generation

You are an expert in narrative-based
explanations for science communication.
Your goal is to clarify the following
question in a narrative way through the
interconnected information provided below
to enable a non-expert to comprehend the
question in a more coherent and
contextually rich manner. You should not
answer the question.

Make sure to use all of these narrative
techniques when clarifying the question
through the interconnected information:
Progressive Disclosure, Branching, Analogy,
Analogical Reasoning, and Metaphor.

<question>

<generated information in the previous step>

C.3 Problem Solving

You are an expert in analyzing narrative-based
explanations for solving tasks. Please
answer the following question based on the
following narrative-based clarification:

<question>

Options:
<options>

<generated narrative in the previous step>

C.4 Analyzing Generated Narratives

You are an expert in analyzing narrative-based
explanations for science communication.
Your goal is to find out which narrative
techniques have been used in the following
narrative-based explanation.

Label the narrative-based explanation using the
following narrative-based techniques:

1. Progressive Disclosure
2. Branching
3. Analogy
4. Analogical Reasoning
5. Metaphor

<generated narrative>
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Prompting Method
Meta Mistral Microsoft

Llama 3 8B Llama 3 70B Mistral 7B Mixtral 8x7B Phi-3 Mini Phi-3 Medium

Zero-shot 30.81 (-3.39↓) 31.31 (-8.19↓) 19.7 (-16.1↓) 18.18 (-18.18↓) 29.8 (+1.01↑) 21.72 (-20.7↓)
Zero-shot CoT 27.27 (-13.64↓) 33.33 (-8.59↓) 22.73 (-9.09↓) 17.17 (-18.18↓) 32.32 (+7.57↑) 21.21 (-18.18↓)
Analogical Reasoning 27.78 (-13.13↓) 40.91 (-6.56↓) 10.61 (-27.29↓) 19.19 (-7.07↓) 35.86 (+19.19↑) 16.67 (-31.81↓)

Ours: Knowledge Identification 32.32 (-8.08↓) 42.4 (-6.59↓) 16.67 (-18.68↓) 14.65 (-23.12↓) 28.28 (+7.57↑) 23.26 (-14.62↓)
Ours: Story of Thought (SoT) 34.85 (-8.58↓) 45.4 (-5.61↓) 20.2 (-18.2↓) 20.2 (-18.69↓) 27.7 (+4.97↑) 25.75 (-10.85↓)

Table 7: Performance of various LLMs across different prompting methods on GPQA (Diamond set). Correct
answers are presented in the second option. Values in parentheses indicate the change in accuracy compared to the
original setting in Table 1 where the correct answer was in the first option.

D Subject-wise Performance Evaluation

Figure 4 presents the subject-wise performance of
different models on both GPQA and JEEBench
when using SoT across the different problem do-
mains. We observe that, on average, models im-
prove the most on biology problems when using
SoT in GPQA. We hypothesize that this is because
it is easier to simplify information for graduate-
level biology problems that can be used by models
to come up with a solution.

In JEEBench, on average, model performance
is highest on Chemistry problems when using SoT.
This is in contrast to findings on GPQA and could
occur due to the difference in the degree of dif-
ficulty of problems in the two datasets (graduate
level vs high school level). Regardless, improve-
ments on Biology problems are not far behind those
for Chemistry.

E Performance on JEEBench

F Huamn Evaluation

Table 9 presents the Krippendorff Alpha coeffi-
cient measuring inter-annotator agreement between
three human annotators and Llama 3 70B across
five narrative techniques: Progressive Disclosure
(PD), Branching (BR), Analogy (AN), Analogi-
cal Reasoning (AR), and Metaphor (ME). Higher
values indicate stronger agreement. The overall av-
erage agreement of 0.72 shows a strong correlation
between LLM-based and human annotations, sup-
porting the validity of the LLM-based evaluation
method.

Annotator Recruitment and Demographics:
We recruited three master’s students in computer
science, aged between 24 and 27 (one female, two
males). The annotators were compensated fairly
for their time, ensuring alignment with appropri-
ate compensation standards. Each annotator was
provided with 120 narratives and given detailed

instructions, including the definitions of each narra-
tive technique as described in Section 3.2, to ensure
a consistent evaluation process. Each annotation
was performed independently to minimize bias and
ensure reliability.

G Story of Thought (SoT) vs. Chain of
Thought (CoT)
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Chemistry Mathematics Physics Integer Single-Correct Multi-Correct Numeric Total
GPT-4+CoT+SC@8* 0.463 0.308 0.449 0.293 0.618 0.410 0.234 0.389
Llama 3 8B 0.143 0.082 0.089 0.061 0.127 0.148 0.044 0.102
Llama 3 8B+CoT 0.127 0.101 0.116 0.11 0.145 0.149 0.036 0.112
Llama 3 8B+Analogical Reasoning (3-shot) 0.139 0.111 0.128 0.11 0.145 0.165 0.058 0.124
Ours: Llama 3 8B+Knowledge Identification 0.199 0.099 0.134 0.073 0.227 0.171 0.058 0.137
Ours: Llama 3 8B+SoT 0.154 0.195 0.172 0.072 0.259 0.324 0.028 0.173
Llama 3 70B 0.324 0.189 0.274 0.171 0.345 0.316 0.131 0.25
Llama 3 70B+CoT 0.264 0.228 0.268 0.159 0.291 0.317 0.175 0.249
Llama 3 70B+Analogical Reasoning (3-shot) 0.314 0.24 0.295 0.195 0.318 0.349 0.19 0.276
Ours: Llama 3 70B+Knowledge Identification 0.317 0.226 0.254 0.195 0.345 0.323 0.146 0.26
Ours: Llama 3 70B+SoT 0.554 0.329 0.471 0.446 0.42 0.485 0.462 0.453
Mistral 7B 0.119 0.079 0.091 0.049 0.109 0.159 0.022 0.094
Mistral 7B+CoT 0.106 0.123 0.059 0.073 0.118 0.165 0.022 0.102
Mistral 7B+Analogical Reasoning (3-shot) 0.157 0.084 0.116 0.073 0.155 0.169 0.029 0.114
Ours: Mistral 7B+Knowledge Identification 0.109 0.055 0.063 0.037 0.091 0.117 0.022 0.073
Ours: Mistral 7B+SoT 0.2 0.177 0.201 0.11 0.245 0.224 0.146 0.19
Mixtral 8x7B 0.22 0.151 0.167 0.122 0.218 0.261 0.058 0.176
Mixtral 8x7B+CoT 0.237 0.142 0.152 0.061 0.209 0.27 0.08 0.173
Mixtral 8x7B+Analogical Reasoning (3-shot) 0.202 0.155 0.197 0.122 0.191 0.281 0.066 0.179
Ours: Mixtral 8x7B+Knowledge Identification 0.184 0.129 0.144 0.122 0.155 0.237 0.044 0.15
Ours: Mixtral 8x7B+SoT 0.253 0.251 0.274 0.268 0.309 0.277 0.182 0.257
ChatGPT 3.5 0.228 0.146 0.173 0.073 0.318 0.249 0.029 0.177
ChatGPT 3.5+CoT 0.17 0.111 0.167 0.11 0.173 0.206 0.051 0.142
ChatGPT 3.5+Analogical Reasoning (3-shot) 0.208 0.125 0.148 0.098 0.2 0.216 0.073 0.156
Ours: ChatGPT 3.5+Knowledge Identification 0.155 0.141 0.167 0.122 0.209 0.188 0.073 0.151
Ours: ChatGPT 3.5+SoT 0.189 0.128 0.189 0.073 0.291 0.204 0.051 0.161
GPT 4 0.423 0.212 0.352 0.207 0.455 0.383 0.153 0.309
GPT 4+CoT 0.468 0.280 0.335 0.256 0.473 0.448 0.175 0.350
GPT 4+Analogical Reasoning (3-shot) 0.479 0.286 0.396 0.305 0.4 0.43 0.307 0.371
Ours: GPT 4+Knowledge Identification 0.481 0.287 0.386 0.293 0.373 0.452 0.314 0.373
Ours: GPT 4+SoT 0.535 0.294 0.413 0.378 0.4 0.453 0.321 0.395
Phi-3 Mini 0.256 0.12 0.199 0.146 0.255 0.224 0.08 0.18
Phi-3 Mini+CoT 0.256 0.137 0.171 0.134 0.209 0.216 0.139 0.181
Phi-3 Mini+Analogical Reasoning (3-shot) 0.205 0.159 0.195 0.146 0.264 0.218 0.088 0.182
Ours: Phi-3 Mini+Knowledge Identification 0.168 0.091 0.106 0.073 0.136 0.181 0.044 0.118
Ours: Phi-3 Mini+SoT 0.224 0.209 0.181 0.183 0.282 0.234 0.124 0.207
Phi-3 Medium 0.298 0.193 0.165 0.146 0.255 0.286 0.139 0.218
Phi-3 Medium+CoT 0.253 0.195 0.199 0.171 0.236 0.274 0.139 0.214
Phi-3 Medium+Analogical Reasoning (3-shot) 0.258 0.181 0.173 0.159 0.218 0.276 0.117 0.202
Ours: Phi-3 Medium+Knowledge Identification 0.288 0.163 0.205 0.207 0.236 0.235 0.161 0.211
Ours: Phi-3 Medium+SoT 0.279 0.203 0.224 0.232 0.273 0.263 0.153 0.231

Table 8: On JEEBench, Story of Thought (SoT) outperforms previous SOTA as well as other methods. We present
the aggregate score by subject as well as question type and present the overall aggregate score. * denotes SOTA
results taken from the original paper (Arora et al., 2023).

Model Name Narrative Technique
Progressive Disclosure (PD) Branching (BR) Analogy (AN) Analogical Reasoning (AR) Metaphor (ME)

Llama 3 8B 0.69 0.84 0.68 0.68 0.93
Llama 3 70B 0.77 0.68 0.82 0.61 0.73
Mistral 7B 0.65 0.76 0.97 0.65 0.62
Mixtral 8x7B 0.67 0.78 0.74 0.82 0.76
ChatGPT 3.5 0.6 0.69 0.67 0.68 0.69
GPT 4 0.64 0.81 0.82 0.8 0.6
Phi-3 Mini 0.69 0.73 0.79 0.62 0.61
Phi-3 Medium 0.66 0.69 0.79 0.61 0.61
Average 0.67 0.75 0.79 0.68 0.69

Table 9: Krippendorff Alpha Coefficient for Human and LLM Annotations.
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Figure 4: Performance of Story of Thought (SoT) on GPQA and JEEBench across various LLMs and domains.
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Figure 5: An actual example of SoT.
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