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Abstract

A frequent roadblock in Al research and its
real-world applications is that there are only
so many potential answers one can get from a
single prompt. In this paper we present RESt
— a prompting technique yielding diverse out-
puts from a single prompt without any human
intervention. We explore AI’s proven divergent
thinking capabilities and supplement them with
the addition of random numbers, which spark
association between different concepts. We
show that, just like humans, machines can be
creative by drawing inspiration from external
stimuli.

1 Introduction

In an age where Al is being integrated into many
aspects of life, a lot of effort is spent on refining its
ability to provide the correct answer to a prompt.
The correct answer can take many forms: a real-
world fact, a solution to a problem, an assessment
of the user’s work, an interesting story. This line of
reasoning, where the goal is to converge on a single
answer, is called convergent thinking. In contrast
stands divergent thinking — an ideation process
with the intention of generating solutions (Razum-
nikova, 2013). AI capable of divergent thinking
can be a great tool for inspiration that also has prac-
tical uses in and of itself, especially in contexts
where a large number of different outcomes is the
target. Examples include: sentence generation for
language learning apps, brainstorm guidance dur-
ing team meetings, or background dialogues for
characters in a video game.

In this paper, we present RESt — a prompting
method developed for maximizing the diversity of
outputs from a single prompt. It performs better
than traditional approaches, with an improvement
of up to 3400% in topic diversity.

We review the literature in Section 2. In Sec-
tion 3, we explain how RESt works and provide an

example of a RESt prompt. We describe our corpus
and evaluate our method’s performance compared
to other approaches in Section 4. Afterwards, in
Section 5, we discuss our findings and potential
future applications of RESt and draw conclusions
in Section 6.

2 Literature review

A lot of research has been conducted on the creative
capabilities of LLMs, with various interpretations
of the term. Many scientists focus on the artistic as-
pect of creativity, with Franceschelli and Musolesi
(2024) providing a comprehensive overview of cur-
rent research and its implications. They adopt a
view that creativity consists of two elements: the
actual content, and the reason behind its creation —
in other words, the intent.

Others focus only on the output of the LLM and
analyze its creative value. Under that approach,
creativity is generally measured using two primary
metrics: originality and usefulness. Originality
(also novelty, uniqueness) is the subject of the diver-
gent thinking niche of research, where Al has been
found to outperform humans in tasks such as the
Divergent Association Task (DAT) (Chen and Ding,
2023), the Alternative Uses Test (AUT) (Steven-
son et al., 2022) and the Consequences Task (CT)
(Hubert et al., 2024). The usefulness (also value)
element ensures that the ideas conceived by the
LLM can be used for practical purposes. Mehrotra
et al. (2024) found that increasing AI’s originality
tends to decrease its usefulness with the exception
of storytelling, where increasing originality also
increases usefulness. In that study, usefulness is
measured by how interested in the story the reader
was. It is likely that for this medium in particular,
originality and usefulness are therefore inherently
linked.

Divergent thinking is a powerful ability of LLMs
due to the multitude of its applications. It can be



used for concept generation to aid with creativity
(Zhu and Luo, 2022), improving the quality of the
output (Liang et al., 2024) or ensuring efficiency of
the solution by exploring different lines of reason-
ing (Yao et al., 2023). Although existing research
highlights the advantages of Al’s divergent think-
ing, these capabilities are often memory-dependent.
The ideas Al generates are diverse, but limited
— eventually, it will return ideas it has come up
with before. When evaluating divergent thinking,
prompts are often structured in a way to receive
multiple answers at once, e.g. “[...] List 10 creative
uses for a book™ (Stevenson et al., 2022). While
this approach works well for single-use scenarios,
it does not retain information across sessions, so
ideas are going to repeat. In a chat setting, this
problem is temporarily solved by memory. How-
ever, this memory is also finite, and is not reliable
for large-scale operations. One way researchers
circumvent this problem is by keeping track of re-
sponses that have already been generated and feed-
ing them back into the LLM (Girotra et al., 2023).
This strategy works in the short term, but it relies
on blocking out certain ideas, rather than inspiring
new ones. This can be an issue in highly special-
ized contexts, where the Al has not had much input
on the topic during its training. Such environments
are prone to creating hallucinations (Perkovi¢ et al.,
2024). Continuing this line of research, in this pa-
per, we develop a method for generating diverse
outputs from the same prompt, even in highly spe-
cialized settings. We also measure the quality of
the results through expert annotations to ensure that
there are no hallucinations.

Our approach mimics a method that people use
to come up with creative ideas — associative think-
ing. It is the ability to find connections between
various concepts (related and unrelated alike) and
draw inspiration from such links. Research sug-
gests that, in practical terms, associative thinking
refers to a person’s capability of navigating through
semantic memory, with more creative individuals
capable of making connections across larger se-
mantic distances (Beaty and Kenett, 2023). As
DAT studies prove (Chen and Ding, 2023; Crop-
ley, 2023; Hubert et al., 2024), LLMs outperform
humans in their ability to make such connections,
indicating that associative thinking has the poten-
tial to enhance the diversity of their output.

Associative thinking always requires a starting
node — the original concept, from which an individ-
ual will make connections to others. In Mehrotra

et al. (2024), who showed that this strategy results
in enhanced creativity from LLMs, using a random
object as the starting node yields better results than
using the original concept. For example, if the
prompt is “Create an original idea for a mug”, start-
ing the association process at ball leads to a more
creative solution than starting at mug. Due to Al’s
inability to produce random output (Liu, 2024), we
believe that their method could be improved by
providing the LLM with an external stimulus.

3 RESt

We propose the Random External Stimulus (RESt)
prompting method, usable in zero-shot, one-shot
and few-shot environments. A RESt prompt con-
sists of five elements:

An externally generated random number
from 0 to 99 (Figure 1).! It is important to note
here that the random stimulus need not be a number
in order to spark associative thinking. For example,
it can be a randomly picked word from a predeter-
mined set. However, the benefit of using numbers
is that their meaning is more neutral and should not
influence the interpretation of the instruction that
comes afterwards in the prompt. Its most impor-
tant feature is that it is generated externally, which
ensures true randomness across larger samples. As
Liu (2024) has shown, GPT can not output random
numbers on its own.

. User: What does the number

{random.choice (range (100)) }
- remind you of?

AU 56 7 99
Python:

@ barium] [ week cents ]
GPT-4o0:

Figure 1: The random number is externally generated,
for example by Python, before it is passed on to the
LLM.

The instruction (Figure 2). This element is
responsible for what the LLM should produce. It

"Numbers greater than 100 often result in associations that
are related to the properties of the number itself (such as being
divisible by 2, being prime, or being a palindrome), resulting
in reduced diversity.



. User: Write a recipe involving

-salmon.
Voy o byl

GPT-40: Sure! Here's a recipe for...

Lemon Herb
Baked Salmon

[ Baked Lemon
Herb Salmon

Baked Lemon
Herb Salmon

Pan-Seared
Salmon

Honey Garlic
Glazed Salmon

Baked Herb-
Crusted Salmon

Baked Herb-
Crusted Salmon

Honey Garlic
Glazed Salmon

Figure 2: Example instruction. Note that when pro-
viding the same instruction to an LLM across sepa-
rate sessions, the answers repeat.

should involve a command (such as write, generate,
come up with) and the desired output (such as a
homework assignment, a fun question, a costume
idea). While there are no restrictions on the scope
of what the instruction can be, it is best to stick
to open-ended requests that do not have correct or
incorrect answers.

Reinforcement of the format (Figure 3). It
is a message encouraging the LLM to retain the
structure it had used in previous responses. While
not relevant for zero-shot learning scenarios, its
purpose is to prevent deviations when the input
changes in the final message. We find that it helps
keep the format of the output consistent, but it is
not an important element of the prompt and can be

() Few-shot-prompting ﬁ
dh
Name an animal. Cheetah.
Name an animal. Eagle.
Name an animal. Mosquito.
L
¥ ¥
Y Name an animal. This | | Name an animal. This
P9 time, come up with an | | time, come up with an
animal that doesn't || animal that doesn't
exist. exist. Your output has

been great so far.

'

'

Got it! Unicorn.

Unicorn.

€

Figure 3: Adding format reinforcement can help pre-
vent the LLM from deviating from the desired format.

omitted if consistency is not a concern. Adherence
to structure can also be achieved in other ways,
such as a system message at the start.

The association algorithm (Figure 4). It can be
any chain-of-thought process consisting of nodes
and transformations. Nodes are concepts the LLM
uses as intermediate steps. The starting node is the
external stimulus and the final node is the desired
output. The algorithm should clearly state how the
LLM should get from one node to the next, such as:
“Say what <node X> reminds you of,” an example
of association. Steps other than association can be
used too, but LLMs have proven to be particularly
good at making connections between concepts. A
viable alternative could be disassociation: “Name

User: Start with {random.choice (range (100)) } and name something that
this number reminds you of. Then, say what edible ingredient that thing reminds
you of. Then use that ingredient as inspiration for a recipe.

random
number

reminds me of... . reminds me of... | . . inspires me to make...
———» | something —— > | ingredient —_—
(association) (association) (inspiration)

recipe

OV

=

GPT-40: The number 19 makes me think of the 19th century, a time of
exploration and trade that brought spices from around the world into European
kitchens. That, in turn, reminds me of cinnamon, a spice that became widely used
in both sweet and savory dishes. Let's make Cinnamon-Spiced Salmon!

Figure 4: Example association algorithm.



Association algorithm

country [+ ingredient+| recipe

Positive example

country -> ingredient -> recipe

If the country is Italy, come up with an ingredient
Italy reminds you of, like mozzarella. Then make
some recipe that involves mozzarella.

Negative example

country -> recipe

If the country is Italy, don't just make an Italian
recipe without coming up with an ingredient first.

Figure 5: Negative and positive examples. Without
them, the LLM is prone to skipping steps in the associa-
tion algorithm.

the most unrelated thing to <node X> that you can
think of.”

A negative and a positive example (Figure 5).
Their goal is to show the LLM how to properly
follow the algorithm. The negative example can
be a reminder to ignore previous nodes in the asso-
ciation algorithm. In an algorithm [X — Y — Z],
X should not directly influence Z. In other words,
a negative example can be a demonstration that
the association algorithm is intransitive. It can also
take other forms, and if an LLM consistently makes
a particular kind of error, it would be worthwhile to
include it in a negative example. A positive exam-
ple should show an acceptable reasoning process.

At its core, RESt is a prompting method for con-
verting one concept into another. However, the in-
clusion of an external stimulus that can be created
without human or LLM input makes it an efficient
technique for generating ideas. A full RESt prompt
can be found in Figure 6.

4 Evaluating RESt

We test our method on OpenAl’s GPT-40 model
(OpenAl et al., 2024). The primary goal of RESt
is to ensure output diversity — how different the
responses are from each other — which we measure
through automatic analysis. Additionally, we mea-
sure output quality through human annotation. The
aim of this evaluation is to determine whether the
problems generated using RESt prompting perform
comparably to those produced by humans and other
generation methods. It is important to note that this

Context

Few-shot prompting. User messages are
“Write a recipe that involves salmon,” LLM
messages are recipes in a consistent format.

RESt prompt
({random.choice(range(100))}) Write
a recipe that involves salmon. Your output
has been great so far. This time I want you
to start with a short line about the number
in front of my message and a thing that it re-
minds you of. Then, I want you to say what
edible ingredient that thing reminds you of.
And then use that ingredient as inspiration
for your recipe. For example, if the number
reminds you of Italy, don’t write a recipe for
pizza with salmon, but instead try to come
up with your own dish that contains salmon
and mozzarella.

GPT-40 response

The number 19 makes me think of the 19th
century, a time of exploration and trade that
brought spices from around the world into
European kitchens. That, in turn, reminds
me of cinnamon, a spice that became widely
used in both sweet and savory dishes.
GPT-4o then provides recipe for Cinnamon-
Spiced Salmon with Roasted Sweet Pota-
toes.

Figure 6: An example RESt prompt for writing recipes
with salmon. The constituents are, in order of appear-
ance: random number (blue); instruction (red); rein-
forcement (green); association algorithm (yellow); ex-
amples (purple). The prompting takes place in Python.

evaluation does not validate the automatic diversity
analysis but rather complements it by assessing the
quality of the outputs.

4.1 Corpus

The corpus for this study is a collection of hands-
on spontaneous problems from the Odyssey of the
Mind (OotM) creativity competition . Each prob-
lem is a structured description of a task in which
a team of 5-7 children and/or teenagers must use
everyday materials to complete a challenge (such
as building a structure, or a device for transporting
items between two zones). There is always a scor-
ing section, which dictates how many points the



the user, just write the instruction for the task.

System message

You are an intelligent designer of spontaneous problems for a competition for teams of 5-7 teenagers
and children. You can come up with your own problem ideas and don’t need to be prompted for
the specifics, but you do understand the nature of the competition. In front of every message there
is a number, you can use it to boost your creativity with concept ideas. For example, if the number
is (7), you can think of something involving the 7 continents. Don’t engage in conversation with

Exemplars

User: “({random.choice(range(100))}) Design a manual spontaneous problem.”
Assistant: (human-written problem from the corpus)

Final user message

Do nothing (temperature = 0.5, top_p = 0.5):
Design a manual spontaneous problem. Your output has been great so far.

Boost (temperature = 1, top_p = 0.95):
Design a manual spontaneous problem. Your output has been great so far.

Encourage (temperature = 0.5, top_p = 0.5):
Design a manual spontaneous problem. Your output has been great so far. I want you to
come up with a unique problem that you haven’t seen before.

RESt (temperature = 0.5, top_p = 0.5):

({random.choice(range(100))}) Design a manual spontaneous problem. Your output
has been great so far. This time I want you to start with a short line about the number and
what it reminds you of. Then, I want you to say what mechanical process that thing reminds
you of. And draw inspiration for the task from that. For example, if something reminds
you of the moon, don’t call things in the instruction "rocket" or "lunar capsule"”, but instead
make it about landing an object.

Figure 7: Prompts used to generate problems. Text colored in purple is used only in RESt.

team can get in each category (such as creativity,
height of the structure, or the weight it can bear).
An example problem can be found in Appendix A.
This dataset was chosen because competition orga-
nizers place a lot of importance on not publishing
official problems, so it is unlikely that any LLM
has been trained on it.”> The problems come from
the Polish branch of the competition, and we have
been granted permission to use and publish them
through this study. We also machine-translated
them into English. This extra precaution should
further ensure that GPT-40 has not been trained

2This is only true for official problems. Some schools
and organizations create their own for practice, which can be
found on the Internet. However, they rarely follow the same
format.

on the corpus. Most problems were written by the
same author, who has overseen the creation of all
of them. The role of the corpus in this study is to
provide examples for few-shot prompting and to
compare GPT-40’s output to human-written text.

Besides human-written problems, RESt is com-
pared against 3 other generation methods. They
are:

* Do nothing — the prompt only contains the in-
struction and format reinforcement.

* Boost — the prompt contains only the instruction
and format reinforcement, but the LLM has en-
hanced creativity parameters (temperature = 1
and top_p = 0.95).



* Encourage — the prompt only contains the in-
struction and format reinforcement, but the in-
struction explicitly asks for a unique output.

We generate a total of 800 problems across 16
distinct experimental groups, defined by the com-
bination of four different methods (Do nothing,
Boost, Encourage, and RESt) and four prompting
strategies: zero-shot learning and few-shot learning
with 1, 3, and 5 examples. The generation process
including the precise prompts used is outlined in
Figure 7. Throughout the generation, there was
a total of 2,030,612 input tokens and 1,950,126
output tokens.

4.2 Diversity evaluation

For evaluating the diversity, we employ ma-
chine classification into clusters through BERTopic.
Aside from the 800 generated problems, we add
20 human-written problems, resulting in a total of
820 documents. We use PCA as the dimensionality
reduction algorithm with random state equal to 42,
and set the minimum cluster size to 2, the lowest
possible value. We choose to set the minimum size
this low because the primary goal of our method
is to produce diverse outputs, and a smaller mini-
mum cluster size allows us to capture this diversity
more accurately. Clusters that cannot be further
broken down will naturally remain cohesive, while
those that can be split into smaller clusters will be,
providing a more nuanced understanding of the di-
versity within our dataset. Once the problems are
classified into clusters, we measure the diversity of
each experimental group by summing up the total
number of clusters in that group, treating every out-
lier as a separate cluster. Then, that sum is divided
by the number of documents in each group, which
is the final diversity score, on a scale from O to 1.
A score of 1 indicates maximal diversity.

4.3 Diversity results

We observe that RESt outperforms every other
prompting method at each level of few-shot learn-
ing (Figure 8) by a factor of over 100% over the
second best performing approach, Boost, and up to
3400% over the worst method, Do nothing. RESt
is also on par with the human-written corpus in
terms of diversity, which is a major accomplish-
ment, as the LLM has no memory of what problems
it had written before, unlike a human. A noticeable
pattern emerges where zero-shot prompting yields
less diverse outputs compared to few-shot prompt-

0.7 1

0.6

0.4

0.3 1

Diversity score

0.2 1

0.1 1

0.0 -
0

- Do nothing
@ Rest

1 3 5 human
Number of Shots

- Boost - Encourage
@ Human

Figure 8: Diversity of the output across 16 generation
groups compared to human-written problems.

ing across all generation methods. However, the
specific trend varies for each method, potentially
due to the limited sample size. For RESt in partic-
ular, the most diverse output is achieved through
3-shot prompting, with a diversity score of 0.72.

4.4 Quality evaluation

To measure the quality of generated results, we
ask experts to make judgments regarding several
aspects of the problems. The experts consist of
3 people who have experience writing, solving
and scoring these kinds of problems for the of-
ficial Odyssey of the Mind competition. They
are given 20 problems, which had been picked
randomly from a sample of problems generated
through 5-shot prompting® and the human-written
corpus. The distribution is 4 problems from each
of the 4 generation methods, plus 4 human-written
problems. The experts judge the problems in 8
categories: readability, clarity, logic, practicability,
novelty, scoring, acceptability and human element.
A brief overview of what each category means is
outlined in Table 1. Full questions can be found in
Appendix B. The available responses for each cate-
gory are: “bad”, “not good”, “unsure”, “not bad”,
“good”. They are afterwards converted to a scale
from 1 to 5, with 1 being “bad” and 5 being “good”.
The participants do not know which problems are
generated by Al and which are human-written.

3This decision was motivated by the fact that 5-shot rep-
resents the highest level of few-shot learning used in our ex-
periments. By exposing the model to the largest number of
examples, we aim to ensure that the structure of the gener-
ated problems is as similar to the human-written problems as
possible.



Category Explanation

Readability Is the problem grammatically well written and well structured?
Clarity Is the problem easy to understand?

Logic Does the problem have no contradictions or missing steps?
Practicability Is the problem possible to solve given the time and materials?
Novelty Is the problem unique and/or fun?

Scoring Does the problem have an appropriate scoring system?
Acceptability Would you accept the problem at an OotM competition?

Human element

Do you think the problem was written by a human?

Table 1: Categories judged by experts in the annotation task.

5.5 1

Mean Score

Readability Clarity Logic

I Do nothing [ Boost

Practicability

I Encourage

Acceptability Human element

Novelty Scoring

Il RESt I Human

Figure 9: Experts’ judgment of the quality of the problems across 4 generation methods compared with human-

written problems.

Category « CI AMD
Readability -0.01  -0.21-0.16  0.95
Clarity 021  -0.13-0.49 1.40
Logic 0.15 -0.13-040  1.30
Practicability 0.24  -0.09-0.54 1.35
Novelty 0.36  0.04-0.60 1.35
Scoring 0.31  -0.05-0.59 1.35
Acceptability -0.03  -0.26-0.22  2.00
Human element -0.27 -0.38--0.14 2.30

Table 2: Inter-Annotator Agreement through Krippen-
dorff’s Alpha («), its 95% confidence intervals (CI),
and average maximum disagreement (AMD) for each
category.

4.5 Quality results

Before analyzing the results, we calculate Inter-
Annotator Agreement (IAA) between the 3 experts
(Table 2). We calculate it using Krippendorff’s Al-
pha using the Krippendorff Python package (Cas-
tro, 2017) with the level of measurement set to
ordinal, together with 95% confidence intervals, as
recommended by van der Lee et al. (2019). Addi-
tionally, we calculate average maximum disagree-
ment (AMD) for each category to better illustrate
what the disparities are. The expert survey shows
moderate agreement in certain categories, while
none in others. The categories the experts agreed
on the most are novelty, scoring, practicability and
clarity, with the best alpha value being 0.36. On
the surface, this constitutes poor IAA, but it is im-



portant to note that the task was highly subjective.
It is expected that evaluations with few annotators
have lower TAA scores, as well as larger confi-
dence intervals given the variable nature of human
language (van der Lee et al., 2019; Amidei et al.,
2018). However, it is worth noting that in terms
of AMD, experts seem to agree on readability the
most, with an average AMD of 0.95. The AMD
scores seem overall acceptable, with the excep-
tion of two categories: acceptability and human
element, where disagreement is high under both
metrics.

Despite a lack of clear agreement, there is still
insight to be gained from the quality survey, visu-
alized in Figure 9. Interestingly, human-written
problems are unanimously rated at 5 out of 5 points
by all experts. While the sizable error bars make
it difficult to state clear patterns, human-written
problems seem to have a lead over Al-generated
problems in all categories but one — novelty, where
Encourage performs the best. This category sees
the most agreement among the experts, but con-
tains the longest margins of error, particularly for
the RESt method. This indicates that problems
in that group are highly different from each other,
most of them being either an exceptional success or
a notable underperformance. However, the general
consensus seems to be that, across most categories,
RESt performs slightly worse than other generation
methods in terms of the quality of its output.

5 Discussion

5.1 Practical applications

RESt could be a crucial technique for any environ-
ment where the goal is to generate pieces of text
that are different from each other. In education,
it can be used to create large sets of exercises or
homeworks for students to practice, such as in Jor-
dan et al. (2024). In research, it enables scientists to
gather a rich and varied dataset with minimal inter-
vention, without having to resort to methods such
as feedback loops or asking for multiple answers
in a single prompt to prevent repetitions. In the in-
dustry, there is a multitude of use cases for diverse
generation. These range from physical products
like collection cards, to digital assets like unique
customization options on a website, to tools used
by project teams to brainstorm ideas and guide their
discussion. There is also potential in using RESt
for inspiration, both by real artists and LLMs them-
selves. As Mehrotra et al. (2024) show, Al-written

stories are much more immersive when associative
thinking strategies are employed. Enhancing those
strategies with true randomness could lead to even
better results.

5.2 RESt as a supplement

In this paper we proved that RESt is capable of
generating a number of different concepts with-
out any intervention, but not all of those concepts
will meet the expectations of the user. It is there-
fore worth exploring this approach not only as a
standalone method, but also as a complement to
others. Some examples include Tree-of-Thoughts
(Yao et al., 2023), Multi-Agent Debate (Liang et al.,
2024), or other prompting strategies where the aim
is to improve the quality of the output (Sahoo et al.,
2024).

6 Conclusions

While simple at its core, RESt is a powerful prompt-
ing technique for obtaining diverse outputs in mass
quantities, with a slight decrease in quality. Fur-
ther research should focus on establishing whether
that quality drop is statistically significant. Addi-
tionally, other experiments with RESt should be
performed — specifically, single concept generation,
where the LLM is asked to produce one word. This
approach seems easier to reliably evaluate in terms
of diversity, because text understanding is no longer
necessary. Lastly, increasing creativity parameters
elevated the Boost method above Do nothing. It
would be useful to test if adjusting those values
could similarly lead to RESt producing better and
more diverse results.

Limitations

We are confident that RESt is exceptionally promis-
ing. However, due to the complex nature of the
metrics involved, it present challenges in objective
measurement, which are discussed further in Ap-
pendix C. Furthermore, as the expert annotation
shows, the quality of the output is not as high as
standard prompting methods like Do nothing.

Ethical considerations

The data for the quality of the outputs was obtained
through a survey, with answers from 3 experts who
have experience writing, solving and scoring such
problems for Odyssey of the Mind Polska. Each
expert was paid 100 PLN (around 25 USD) for the
task.
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A Example problems

Figure 10 contains one of the 20 problems from
the human-written corpus. They all follow a simi-
lar structure — first, they contain meta information
about the problem, including its title and proce-
dures about asking judges for the time. Then, they
describe the setting of the competition. Afterwards
they explain the core of the problem, and then pro-
ceed to specific rules. The final section of the in-
struction is the scoring, where the team learns how
many points they can receive for each aspect of
the problem. The list of materials is not present
in real-world problems (because the materials are
visible to the participants), but we chose to include
them to have annotators evaluate how well suited
the provided materials match are to the task in
the practicability category. None of the problems
contain any personal information. An example 5-
shot RESt output can be found in Figure 11. The
reasoning part was cut out from the diversity and
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quality evaluations to prevent from easily distin-
guishing them from the rest, but we include it here
for demonstration of the algorithm.

B Expert survey

The survey was conducted through Google Forms.
Participants were sequentially presented with a
problem, followed by an explanation of the eval-
uation categories they were asked to judge, and
then a grid where they recorded their judgments.
The exact questions the experts were asked can be
found in Table 3. The problems were presented to
each participant in the same order. All 3 experts
are native speakers of Polish and fluent speakers of
English.

C BERTopic clustering

We decided that the best minimum cluster size pa-
rameter for evaluating diversity would be 2 — it is
the smallest possible cluster size, which provides
us with a granular approach. That way, we separate
clusters that can be separated, but nearly identical
outputs stay classified together. However, inter-
esting trends can be observed when changing that
parameter to higher values (Figure 12). At 5, the
Boost method outperforms RESt in 1-shot prompt-
ing, while at 10, all four methods perform similarly
(except for Boost at 1-shot).

It is likely that at higher minimum cluster size
values, BERTopic merges problems written in a
similar style together, which can be evidenced by
a sudden drop of human diversity between 4 and
5. At a minimum cluster size of 10, human-written
problems have a diversity score of 0.05. Given that
there is 20 of them, it means that they all become
merged into a single cluster, despite being distinct
from a human’s perspective. We hypothesize that
the same happens to other methods, and Boost’s
relatively strong performance could be attributed to
its high temperature and top_p parameters, which
cause it to use a more varied vocabulary, thus result-
ing in perceived diversity. In our view, that makes
it all the more impressive that RESt outperforms
Boost at lower minimum cluster sizes.
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Solve the hands-on problem titled "Lightning Structure."

All team members can participate in working on the task. The problem statement will first be read
to you in its entirety, and then its key parts will be repeated. You will have two written copies of
the instructions at your disposal, which you can use whenever you wish. Once the clock starts, you
can also ask at any time how much time you have left. Good luck!

Instructions:

1. There is a square marked with tape on the floor, along with materials you can use. You are not
allowed to use anything else. Scissors can be used for work but cannot be incorporated into the
solution.

2. Your task is to construct one solid structure from the available materials, which should be as
tall as possible. If a golf ball is placed on top of it, you will earn significantly more points for the
height of the structure.

3. The structure can only touch the floor—and only within the designated square. It cannot be
supported by anything or anyone.

4. You will have only 5 minutes to solve the problem. You will be informed when there are 2
minutes left, and then 1 minute left. You can talk to each other and ask the judges questions
whenever you want—but the time measurement will not be paused for this.

5. The task will end when the time limit is reached or when you request an evaluation.

6. You will be scored as follows:

a. For every full 5 centimeters of the structure’s height, you will receive 2 points.

b. If a golf ball is supported on top of the structure, the score for its height will be multiplied by 3.
¢. You will also earn between 1 and 10 points for the creativity of your solution...

d. ...and between 1 and 15 points for teamwork.

List of available materials:

- 15 wooden toothpicks

- 7 drinking straws

- 7 cotton swabs

- 7 flexible, unbreakable paper clips

- 7 pipe cleaners

- 3 playing cards

- 3 small adhesive labels

- 2 rubber bands

- 2 sheets of AS paper

- 1 paper cup

- 1 R20 battery

- 1 pair of scissors (can be used for work but cannot be incorporated into the solution)

Figure 10: Example problem from the human-written corpus.
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The number 27 reminds me of the 27 letters in the Spanish alphabet. This, in turn, makes me
think of the mechanical process of a printing press, where letters are arranged to form words and
sentences. Drawing inspiration from this, let’s create a task that involves arranging elements to
convey a message.

Solve the manual problem titled "Message in Motion."

All team members can participate in working on the task. The problem’s content will first be read
to you in its entirety, and then its key parts will be repeated. You will have two written copies of
the instructions at your disposal. You can refer to them whenever you wish. Once the clock starts,
you can also ask at any time how much time you have left. Good luck!

Instructions:

1. You will have 6 minutes to complete the task. You will be informed when there are 2 minutes and
then 1 minute remaining. You can talk among yourselves and ask the judges questions whenever
you want, but the time measurement will not be paused for this.

2. On the table, there are various materials and a set of symbols. Your task is to arrange these
symbols to form a coherent message that can be "read" by moving a pointer across them.

3. The symbols must be placed on a track that you will create using the available materials. The
track should guide the pointer smoothly from the start to the end of the message.

4. You may not touch the symbols directly with your hands once they are placed on the track. You
must use the pointer to adjust their positions if needed.

5. The task will end when the time limit is reached or when you request an evaluation.

6. You will be scored as follows:

a. You will receive 1 point for each symbol correctly placed in the sequence.

b. You will earn 5 bonus points if the entire message can be read smoothly without stopping the
pointer.

¢. You will also receive between 1 and 10 points for the creativity of your track design...

d. ...and between 1 and 10 points for teamwork.

List of available materials:

- 15 small cardboard squares (for symbols)

- 10 popsicle sticks

- 5 pipe cleaners

- 5 rubber bands

- 3 sheets of colored paper

- 3 adhesive labels

- 2 paper cups

- 1 marble (to be used as the pointer)

- 1 pair of scissors (can be used for work but not incorporated into the solution)

Figure 11: Example 5-shot RESt output. Purple text was cut out before evaluation.

13




Diversity score

Diversity score

Diversity score

minimum cluster size = 2

0.7 1

0.7 1

0.6 1
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0.0 -
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Figure 12: Diversity scores depending on minimum cluster size. PCA random_state parameter is 42.
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Category

Question

Readability

Clarity

Logic
Practicability
Novelty

Scoring

Acceptability

Human element

Is the instruction understandable to you from the grammatical
point of view? Does it contain typos? Do you find the wording
strange or unnatural?

Do you understand what the task is? Is the information in the
instruction presented in an appropriate order?

Does everything make sense? Are there contradictions? Is there
missing information? Is the instruction consistent?

Is the task physically possible? Is it reasonable for a human or team
of teenagers to do? Are the time limit and materials adequate?

Is the problem unique? Would it be fun to solve? Have you seen a
problem like this before?

In the evaluation section, does the number of points awarded for
each category make sense? Do you find that there should be a
category that’s missing? Is there a scored category that shouldn’t
be scored?

Would you accept this task at the Odyssey of the Mind competi-
tion? Does it follow the structure of a typical OotM problem? Is it
too easy?

Does the task feel as if it was written by a human? (good if human,
bad if Al)

Table 3: Categories judged by experts in the annotation.
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