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Abstract

Evaluating the creativity of large language
models (LLMs) in story writing is difficult
because LLM-generated stories could seem-
ingly look creative but be very similar to
some existing stories in their huge and propri-
etary training corpus. To overcome this chal-
lenge, we introduce a novel benchmark dataset
with varying levels of prompt specificity: CS4
(Comparing the Skill of Creating Stories
by Controlling the Synthesized Constraint
Specificity). By increasing the number of re-
quirements/constraints in the prompt, we can in-
crease the prompt specificity and hinder LLMs
from retelling high-quality narratives in their
training data. Consequently, CS4 empowers
us to indirectly measure the LLMs’ creativity
without human annotations.

Our experiments on LLaMA, Gemma, and
Mistral not only highlight the creativity chal-
lenges LLMs face when dealing with highly
specific prompts but also reveal that different
LLMs perform very differently under differ-
ent numbers of constraints and achieve differ-
ent balances between the model’s instruction-
following ability and narrative coherence. Ad-
ditionally, our experiments on OLMo suggest
that Learning from Human Feedback (LHF)
can help LLMs select better stories from their
training data but has limited influence in boost-
ing LLMs’ ability to produce creative stories
that are unseen in the training corpora. The
benchmark is released at https://github.
com/anirudhlakkaraju/cs4_benchmark.

“Creativity is seeing what others see and thinking
what no one else ever thought.” — Albert Einstein

1 Introduction

Large language models (LLMs) can generate sto-
ries that surpass the quality of human-written ones,
which intensifies debates among researchers and

* indicates equal contribution.
† The work was mostly done at Amazon.
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Figure 1: Comparison between CS4 and existing bench-
marks. (a) Depiction of training corpora subsets for
different narrative themes, illustrating the decreasing
availability of training examples for LLMs as prompt
specificity increases. (b) In response to general instruc-
tions, LLM1 tends to copy the relevant high-quality
stories from its training corpus to achieve a good score
in existing story-writing benchmarks. CS4 measures
LLMs’ creativity by comparing LLMs’ performance
drops for more specific instructions. Given more con-
straints, LLM2 could leverage very limited training data
to output higher-quality stories than LLM1, so LLM2 is
more creative.

professional writers about whether human writers
may be replaced by LLMs anytime soon (Gómez-
Rodríguez and Williams, 2023; Zhao et al., 2023b;
Marco et al., 2024). One common argument on the
human side is that LLMs still lack creativity (Bous-
sioux et al., 2023; Chakrabarty et al., 2024; Gómez-
Rodríguez and Williams, 2023), which is defined
as the ability to produce original, unseen, and high-
quality stories in this study.

Current evaluation methodologies are often in-
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sufficient for measuring creativity in story writing.
In existing creative-writing or instruction-following
benchmarks such as FollowBench (Jiang et al.,
2023b), IFEval (Zhou et al., 2023), Collie (Yao
et al., 2023), CIF-Bench (Li et al., 2024b), In-
structEval (Chia et al., 2024), CFBench (Zhang
et al., 2024), and InfoBench (Qin et al., 2024), in-
structions are typically broad and impose limited
constraints, which allow LLMs to perform well by
slightly modifying (or even copying) relevant and
high-quality narratives from their training datasets
(Chang et al., 2023; Hartmann et al., 2023; Min
et al., 2023a) without actually “understanding” the
output story (West et al., 2023). However, it is chal-
lenging to directly check if the generated stories
mostly come from the stories in the model’s train-
ing corpora (Chen et al., 2024). This is because
1) LLMs could (or might often) output text that is
semantically similar to but lexically different from
a training text piece (Ippolito et al., 2023), 2) the
training corpora are usually huge, and searching
these for identifying LLM-generated text could be
expensive, and 3) the training data used for training
many popular LLMs are not publicly available.

To assess the creativity of LLMs in terms of
generating original stories, we propose a novel
evaluation benchmark, CS4, which provides in-
structions with up to 39 constraints. As we have
more constraints in the prompt, the instruction be-
comes more specific and limits the LLM’s ability
to copy text from its training data. For example, as
shown in Figure 1, given a prompt like “Give me a
story about a dragon”, an LLM may reproduce the
finest story from its training data that mentions the
word “dragon”, which could naturally be superior
to an average story crafted by a human. However,
this might not be the case as the specificity of the
prompt increases since the LLM would have fewer
training examples to leverage, for example, “Give
me a story involving a dragon, love, and sea”.

Adding more constraints to a prompt can not
only push LLMs to be more creative but also help
us assess how effectively they handle the intricate
challenges human writers face (He et al., 2024a;
Wen et al., 2024; Pham et al., 2024). This makes
our CS4 benchmark both scientifically valuable and
practically relevant for professional writers, partic-
ularly in the book and film industries. These writers
are tasked with crafting intricate, high-quality nar-
ratives that meet various constraints from the plots
from the existing chapters (Ippolito et al., 2022),
from the rules of their imaginary world, and by

the different needs of editors, the marketing team,
and the readers. Understanding the extent to which
LLMs can replicate this process will not only help
us deep dive into their behavior but could also be
essential for determining their applicability in these
creative domains.

Similar to Jiang et al. (2023b); Yao et al. (2023);
Zhou et al. (2023), we synthesize our prompts by
asking GPT-4 (Achiam et al., 2023) to generate up
to 39 constraints for the story-writing instructions
from users. The constraints in CS4 are synthe-
sized in two ways: 1) manually writing constraints
for some user instructions as few-shot examples,
which help GPT-4 generate constraints for a new
user instruction, and 2) using GPT-4 to extract the
constraints from a human-written story to make
sure the constraints are realistic and satisfiable.

CS4 measures common metrics such as
instruction-following ratio, coherence, and diver-
sity. However, unlike the existing benchmarks that
provide a single score for each metric, CS4 uses
multiple sets of prompts with different numbers of
constraints to compare LLMs’ performances across
a range of prompt specificities (Figure 1). A more
specific prompt (i.e., one with more constraints) is
usually more difficult to satisfy, but a more creative
LLM should have a smaller performance degrada-
tion.

In our experiments, we first found that all the
explored LLMs output significantly worse stories
as the prompt specificity increases. This indicates
that more constraints indeed pose more creativity
challenges on LLMs for generating novel responses
(Chakrabarty et al., 2024; Lu et al., 2024). Second,
given more constraints, we found that the stories
from some LLMs deteriorate faster than those from
others. For example, increasing the number of
constraints from 7 to 39 makes the constraint sat-
isfaction probability drop by approximately 35%
for LLaMA-2 7B (Touvron et al., 2023) but by
only approximately 20% for Gemma-7B (Team
et al., 2024). Third, not all metrics degrade at
the same speed. For example, when we increase
the number of constraints from 7 to 23, LLaMA-2
outputs the stories that are similarly coherent but
satisfy 25% less constraints. Finally, by comparing
OLMo Instruct and OLMo SFT (Groeneveld et al.,
2024), we found that the performance enhance-
ment due to Direct Preference Optimization (DPO)
(Rafailov et al., 2024) or more generally, Learn-
ing from Human Feedback (LHF) (Ouyang et al.,
2022) is much smaller given more constraints. The



results support the hypothesis that LHF achieves
better performance but worse diversity by encour-
aging the LLMs to select good stories from the
training data (Kirk et al., 2024; Le Bronnec et al.,
2024; Xiao et al., 2024; Lake et al., 2024).

2 Benchmark Construction

As illustrated in Figure 2, the methodology adopted
in this research can be broken down into three
steps – 1) generating constraints, 2) generating
stories, and 3) evaluating the stories based on the
constraints. In this section, we first explain the chal-
lenges encountered in constructing the benchmark
and the solution we propose in each step to over-
come these challenges. Then, we describe some
important details of the first two steps.

2.1 Challenges and Solutions
When constructing the CS4 benchmark, we itera-
tively improve our evaluation process and prompt-
ing strategies. Our goal is to build a benchmark
that allows us to observe an LLM’s response given
many constraints making it challenging for the
LLM. In each iteration, we run small-scale experi-
ments on ChatGPT (GPT-3.5-Turbo) and manually
evaluate their responses. We summarize the chal-
lenges faced and our solutions below. The chal-
lenges also highlight the differences between CS4
and previous studies.

Generating lots of constraints: In the previous
instruction-following studies, the number of con-
straints for each user instruction is usually fixed
and small. For example, even the “hard” set of
InfoBench (Qin et al., 2024) only contains 6.3 con-
straints on average and each instruction has only
one set of constraints.

In CS4, we first synthesize many constraints for
every user instruction using GPT-4 (Achiam et al.,
2023) to progressively sample the intervals from
these constraints later to control the number of con-
straints of each instruction. We call this method
the instruction-based approach because GPT-4 gen-
erates several constraints based only on the user
instruction.

Not generating very difficult constraints: When
there are many synthesized constraints, the con-
straints might contradict each other, making some
constraints unsatisfiable while writing a story. In
the instruction-based approach, we prompt GPT-4
to make the constraints satisfiable. Besides, we pro-
pose a story-based approach, which asks GPT-4 to

derive the constraints from the user instruction and
a reference story that satisfies the instruction (Li
et al., 2024a; Pham et al., 2024), to further address
this issue.

In both approaches, our prompts encourage the
GPT-4 to generate atomic constraints (Min et al.,
2023b), which means each constraint cannot be
broken down further into simpler parts. This al-
leviates the problem of generating very complex
constraints that are hard to follow.

Not generating very easy constraints: An in-
struction following benchmark that is easy for
LLMs may have low discriminative power for
LLMs’ creative capabilities (Jiang et al., 2023b;
Zhang et al., 2024). For prompts generated using
the instruction-based approach, we observe that
ChatGPT tends to output fantasy stories. Since
anything could happen in a fantasy world, LLMs
could easily satisfy the arbitrary number of
constraints. To solve this problem, we restrict the
user instructions to queries on realistic fictions,
which force LLMs to respect common sense and
logical rules in the real world.

For the story-based approach, our first version
of the prompt makes GPT-4 sequentially modify
each sentence in the reference story as a constraint.
This would allow a story writer to simply convert
the constraints back to sentences, forming a story
very similar to the reference story. To address this
issue, we prompt GPT-4 to generate constraints that
span multiple sentences of the story and encourage
the production of constraints that do not follow the
order of the story. In Figure 8, we compare the
constraints before and after addressing this issue.

Reducing the instability of evaluation: It is diffi-
cult to find a metric that can objectively compare
the quality of two stories from two different genres.
For example, incoherence or logical flaws might be
acceptable in an adventure story but disastrous in
a detective story. Some human or LLM evaluators
might also prefer one genre over another. To reduce
the bias and variance in the evaluation, we first ask
GPT-4 to generate a “base” story for the user in-
struction without seeing the constraints. Then, the
7B-LLMs that are being evaluated are prompted
to modify the base story to satisfy the constraints.
Because of the similarity of output stories from
different testing LLMs, it is easier to compare their
qualities.

The extra base story generation step also pre-
vents the tested LLMs from “cheating”. The LLMs
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Figure 2: An overview of the evaluation process in CS4 benchmark. First, we use two different few-shot in-context
learning approaches to synthesize 39 constraints from every user instruction and conduct sub-sampling to create the
prompts with fewer constraints. Next, for each user instruction, the testing LLMs of interest revise a base story,
which is generated without seeing the constraints, to satisfy the constraints. The revised stories are evaluated in terms
of their constraint satisfaction ratio, quality, and diversity. Finally, we estimate LLMs’ creativity by summarizing
their coherence scores and instruction satisfaction ratios for different number of constraints.

might have seen and memorized the reference story
used in the story-based approach and the base story
prevents the LLMs from outputting the reference
story. Besides, without the base story, LLMs might
output a story that contains just the copied input
constraints from the instruction-based prompt with
some simple transitions between constraints.

2.2 CS4 Dataset Creation

As illustrated in Figure 2 and discussed in the pre-
vious section, we use two strategies to synthesize
the constraints and enrich the diversity of the CS4
benchmark. For each constraint generation strategy,
our benchmark dataset consists of 50 user instruc-
tions.

Instruction-based Approach: We collect 50 re-
alistic fiction ideas from Kindlepreneur1 as user
instructions and manually create two few-shot ex-
amples of instructions with ten constraints each.
These in-context examples guide GPT-4 in gener-
ating high-quality constraints, which include more
style-related or open-ended elements compared to
the story-based approach. Please see Figure 7 for
an example of such constraints.

1https://kindlepreneur.com/
realistic-fiction-story-ideas/

Story-based Approach: We collect 50 user in-
structions and their corresponding human-written
reference stories from the Writing Prompts dataset
(Fan et al., 2018) and our manually written few-
shot examples encourage GPT-4 to extract more
abstract and non-sequential constraints from the ref-
erence story. Compared to the instruction-based ap-
proach, this method synthesizes more plot-related
constraints.

Constraint Segmentation: For each instruction
from the above constraint generation strategies, we
segment sets of 7, 15, 23, 31, and 39 constraints
cumulatively. This segmentation results in 500
unique prompts that could be used for story gen-
eration (50 instructions ∗ 2 constraint generation
approaches ∗ 5 sets of constraints).

2.3 Story Generation

We first prompt GPT-4 to write a “base” story with
less than 500 words given the user instruction alone.
Then, we provide the instruction, the base story,
and the constraints to the chosen 7B-LLMs ask-
ing them to modify the base story such that the
constraints are satisfied in the new story in about
500 words. This constraint on the story length in-
creases the task difficulty and reduces the costs of
the subsequent LLM evaluation.

https://kindlepreneur.com/realistic-fiction-story-ideas/
https://kindlepreneur.com/realistic-fiction-story-ideas/


3 Evaluation Metrics

In this work, we primarily use four metrics to eval-
uate the stories generated. These include constraint
satisfaction, story coherence, output diversity, and
LLM’s creativity. In the interest of evaluation cost,
we adopt LLM-as-the-Judge (Liu et al., 2023) and
use GPT-3.5-Turbo to evaluate constraint satisfac-
tion and story coherence by default. Besides the
scores, we also ask GPT-3.5-Turbo to provide jus-
tifications to improve and support its evaluation
judgement (Chiang and Lee, 2023).

3.1 Constraint Satisfaction

We use GPT-3.5-Turbo to judge whether the re-
sponses from the testing LLMs satisfy each con-
straint in the prompt (Jiang et al., 2023b; Qin et al.,
2024; Chia et al., 2024; Zhang et al., 2024; Wen
et al., 2024). Then, our constraint satisfaction met-
ric is defined as the ratio of the number of con-
straints satisfied by the story to the total number of
constraints in the prompt. You can find our prompt
in Figure 11. Our preliminary evaluations show
that the judgment of GPT-3.5-Turbo is highly cor-
related with human judgments in CS4.

3.2 Story Coherence

Adding more constraints tends to make the stories
incoherent. Further, coherence is a more objective
metric than likability, so we use coherence as our
main metric to evaluate the generated story. In
Appendix C, we also report the results of grammar
and likeability. We evaluate coherence using GPT-
3.5-Turbo, which has been shown to match the
performance of human evaluators (Gilardi et al.,
2023).

We found that GPT-3.5-Turbo tends to be too
generous (i.e., often assigning the highest score)
when evaluating the stories generated by LLMs in
CS4 (Gmyrek et al., 2024). To solve the issue, we
choose a generated story with the middle number
of constraints (23 in our experiments) as a baseline
for every user instruction, and compare all stories
for that user instruction with the baseline. To avoid
the positional bias, we randomly swap the order of
each generated story and the baseline in the com-
parison (Zeng et al., 2023). This evaluation method
reduces the times of running GPT-3.5-Turbo from
the N2 to N − 1 compared to the exhaustive pair-
wise comparison (Liusie et al., 2024), where N is
the number of generated stories per instruction.

In each comparison, GPT-3.5-Turbo is prompted

to provide a score out of 5 for both stories for
the criteria of grammar, coherence, and likeabil-
ity. To get a normalized coherence score for the
LLM given the number of constraints, we first av-
erage the scores across the user instructions and
then divide the scores by 5 (the maximum possible
coherence score).

3.3 Output Diversity

We use two methods to measure the generation
diversity of the testing LLMs: self perplexity
and dist-n diversity (Li et al., 2016). Self per-
plexities are calculated using the same LLM that
generates the story. A higher self perplexity
means the testing LLM also assigns probabilities
to other tokens, which implies high generation di-
versity (Hashimoto et al., 2019). Dist-n is the ratio
of distinct n-grams to the total number of n-grams
and we compute the products of dist-2, dist-3, and
dist-4 (Li et al., 2022):

Dist-n Diversity =
4∏

n=2

|unique n-grams|
|total n-grams|

. (1)

3.4 Creativity Measurements

By comparing the curves of LLMs in Figure 1 (b),
we can understand that LLM2 is more creative
than LLM1 since it performs better given more
constraints and this performance decays slower as
more constraints are introduced. To quantify such
observations, we propose two new creativity met-
rics: Quality Under n Constraints (QUCn), and
Relative Creativity Score (RCSm,n), which is the
quality difference in two stories generated using m
constraints and n constraints, respectively.

For a story generated using n constraints, QUCn

is defined as the product of the normalized co-
herence score and the average percentage of con-
straints satisfied. When the prompt contains many
constraints (i.e., large n), a good output story
should still be both coherent and adhere to many
constraints, leading to a high to a high QUCn.

To measure the quality decay speed, we define
the relative creativity score RCSm,n as the differ-
ence between the story quality from the smallest
number of constraints m (QUCm) and the story
quality from the largest number of constraints n
(QUCn). A smaller RCSm,n of an LLM indicates
its slower decay speed and thus better creativity.
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Figure 3: Analyzing the trade-off between coherence and constraint satisfaction.

4 Experiments

This section describes our experimental setup and
analyzes the results obtained for each evaluation
metric used in this study. We first highlight the
trade-off between a model’s instruction-following
ability and the coherence of the generated stories.
We then analyze the effect of LHF and SFT on
text generation using OLMo, discuss our creativ-
ity measurements and the diversities of different
LLMs, and identify which types of constraints are
not satisfied.

4.1 Setup

In this work, we consider six models for story gen-
eration, namely LLaMA-2-7B Chat (Touvron et al.,
2023), Gemma-7B Instruct (Team et al., 2024),
Mistral-7B Instruct (Jiang et al., 2023a), and three
versions of OLMo-7B (Groeneveld et al., 2024) -
OLMo Base, OLMo SFT (the model obtained af-
ter SFT), and OLMo Instruct (the model obtained
after LHF). Each model generates stories for all
the 500 unique prompts described in Section 2.2,
resulting in 3000 stories. The temperature of the
generation is 0.8 and the threshold of top-p is 0.95.
We compare the coherence and constraint satisfac-
tion performances of different LLMs based on the

3000 stories.

4.2 Trade-off Between Coherence and
Constraint Satisfaction

If an LLM outputs the best story in its memory re-
gardless of the prompt, it could achieve the highest
coherence while having the worst constraint satis-
faction. In contrast, an LLM could simply copy all
the plot-related constraints into the story without
proper transitions, resulting in a high constraint
satisfaction score but poor coherence. Figure 15
shows an example of such a trade-off. Hence it
is important to evaluate both constraint satisfac-
tion and coherence and study the interplay between
them.

To compare this trade-off in different LLMs, we
plot both metrics under different numbers of con-
straints in Figure 3. Points at the top-right corner of
the figures correspond to high coherence and con-
straint satisfaction scores. In Figure 3a, we observe
that coherence and constraint satisfaction do not
decay at the same rate. Instead, different LLMs ad-
just the balance between coherence and satisfaction
differently as the number of constraints increases.
For example, LLaMA-2 focuses on maintaining
coherence by sacrificing the satisfaction probability



when the number of constraints ranges between 7
and 23.

We use GPT-3.5-Turbo to evaluate the coherence
and constraint satisfaction in the rest of the exper-
iments because running all the experiments using
GPT-4 exceeds our budget. Replacing GPT-4 in
Figure 3a with GPT-3.5-Turbo makes the curves
in Figure 3b noisier, but the overall trends remain
similar.

Finally, we find that different constraint-
synthesizing approaches could lead to different
results. For example, Gemma-7B outputs more
coherent stories in response to story-based prompts
compared to Mistral-7B in Figure 3b, but the trend
is reversed for instruction-based prompts in Fig-
ure 3c.

4.3 Effects of LHF

A similar analysis was also conducted on OLMo
Base, OLMo SFT, and OLMo Instruct in Fig-
ure 3d to understand the impact of different stages
of LLM training. Their curves are smoother com-
pared to Figure 3b, probably because it is easier
for GPT-3.5-Turbo to evaluate the stories by com-
parison when the stories from LLMs share similar
styles and have relatively worse qualities.

Figure 3d demonstrates that OLMo Instruct is
much better than OLMo SFT given only 7 con-
straints, but they almost converge when they are
presented with 31 or 39 constraints. We hypothe-
size that this is because LHF can help LLMs select
better stories when the number of constraints is not
large. For example, at Figure 1 (b), by learning
from human preferences, LLMs could select the
six most coherent stories that satisfy the constraints.
However, if only one relevant training story satis-
fies all three constraints, human preference data
will not help LLMs increase the story quality or
compose new stories. These insights are hard to
discover in the previous benchmarks whose number
of constraints is seldom greater than 10.

4.4 Creativity Evaluation

Table 1 compares the overall creativity of different
LLMs. High QUCn=39 scores for Gemma-7B and
Mistral-7B indicate that these models produce sto-
ries of good quality even in the presence of several
constraints. Gemma-7B has also achieved the low-
est RCSm=7,n=39 score indicating that it is more
creative because the quality of its stories degrades
slower as more constraints are introduced.

Median Self
Model QUC39 RCS7,39 ↓ Length Perplexity

Gemma-7B Instruct 0.4768 0.1531 488 3.6620
Mistral-7B Chat 0.4720 0.2301 657 1.5834
LLaMA-2-7B Instruct 0.3736 0.2928 513 2.2870
OLMo-7B Base 0.1988 0.1807 531 3.6740
OLMo-7B SFT 0.3263 0.2195 572 3.6172
OLMo-7B Instruct 0.3700 0.3395 843 3.6007

Table 1: Overall comparison of different LLMs on story-
based constraints. Smaller RCS indicates higher creativ-
ity. Models adhering closely to the 500-word limit in
our instruction show better compliance and higher self
perplexities mean more diverse outputs. Both metrics
are computed across all the generated stories. The best
values are highlighted.

An LLM could add more relevant plots or transi-
tions to a longer story to satisfy more constraints
or make it more coherent. Thus, although OLMo
Instruct has a higher QUCn=39 score than OLMo
SFT, it is possible that the source of improve-
ment comes from its tendency to output longer
responses by ignoring the 500−word constraint in
our prompt (Singhal et al., 2023; Dubois et al.,
2024). Finally, Gemma-7B outputs more con-
cise and diverse stories compared to Mistral-7B.
Having multiple ways to satisfy many constraints
in shorter stories demonstrates the creativity of
Gemma-7B.

4.5 Story Diversity Evaluation

In Figure 4b, OLMo Instruct has a slightly lower
self perplexity, which is likely a consequence of
LHF during model training (Kirk et al., 2024;
Le Bronnec et al., 2024; Xiao et al., 2024). The vo-
cabulary diversity of LLaMA-2-7B Chat also de-
cays in Figure 4c. Except for these two exceptions,
Figure 4 shows that the diversities of all LLMs do
not have significant changes overall as we add more
constraints into the prompt.

These results might be caused by the balance of
two opposite trends: as the number of constraints
increases, LLMs have fewer relevant training exam-
ples to leverage, potentially leading to decreased
diversity. On the other hand, there are more pos-
sible combinations of constraints they can choose
from to satisfy, which could increase diversity. As
a result, we can focus on analyzing the trade-off be-
tween coherence and constraint satisfaction, with-
out pondering about the implications on diversity.
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Figure 4: Generation diversity for stories written using story-based constraints.

4.6 Error Analysis on OLMo

To delve deeper into the impact of SFT and LHF
in text generation, we perform an error analysis on
the responses to prompts with 39 constraints. In
the error analysis, we manually inspect around 600
constraint satisfactions, and with the help of GPT-4,
we examine all individual constraints violated by
OLMo Base, OLMo SFT, and OLMo Instruct.

We observed that when the constraints were satis-
fied by all three models, they were usually specific
actions or events about the story, or were related
to the style or tone of the story. The LLMs could
simply copy such constraints to the story, thus satis-
fying most of them. When there was a slight depth
added to the character or plot, OLMo Base was un-
able to satisfy them. OLMo Base was also unable
to satisfy inference-based constraints, for exam-
ple, events reflecting societal norms in the story.
Furthermore, when there was any use of obscure
knowledge or interactions between different char-
acters or plot lines, all models failed. Finally, when
complex narrative patterns (like plot twists), spe-
cific roles to characters, or futuristic/imaginative
concepts were given, both OLMo Base and OLMo
SFT fail but OLMo Instruct succeeds. One possi-
ble reason could be that OLMo Instruct tends to
output a much longer story, which has more room
to satisfy more complicated constraints.

5 Related Work

As LLMs become popular, more researchers are cu-
rious about whether LLMs could do well in tasks re-
quiring creativity such as humor generation (Zhong
et al., 2024), comedy creation (Mirowski et al.,
2024), generating creative analogies (Kang et al.,
2022; Ding et al., 2023; Liu et al., 2024), and cre-
ativity tests in psychology (Bellemare-Pepin et al.,
2024). Previous findings suggest that LLMs could
reduce the creativity of a group (i.e., homogeniz-
ing effect) (Moon et al.; Anderson et al., 2024)
while improving the creativity of individual hu-

mans (Kang et al., 2022; Ding et al., 2023; Liu
et al., 2024). Nevertheless, these studies do not try
to measure the creativity of LLMs while preventing
LLMs from memorizing something that looks cre-
ative in the training corpus. Our goal is to provide
an automatic framework for evaluating the creativ-
ity of LLMs under up to 39 constraints, which
differs from the focus of previous benchmarks. For
example, Boussioux et al. (2023); Chakrabarty et al.
(2024) recruit humans to judge if the outputs from
LLMs are creative. CFBench (Zhang et al., 2024)
analyzes the satisfaction ratios given mostly less
than 8 constraints. CELLO (He et al., 2024b), Com-
plexBench (Wen et al., 2024), and Suri (Pham et al.,
2024) provide more complex instructions without
measuring LLMs’ creativity using prompt speci-
ficities.

Finally, our methodology is related to the bench-
marks that test LLMs’ reasoning ability. For exam-
ple, Wu et al. (2023); Nezhurina et al. (2024) pro-
pose reasoning tasks that are challenging for LLMs
to test their limits. Another concurrent study (Lu
et al., 2024) proposes to evaluate LLMs’ coding
creativity by prohibiting the usage of common func-
tions such as a for-loop. Instead, our benchmark
focuses on measuring story-writing creativity in
practical settings.

6 Conclusion

In this work, we propose a novel way to measure
LLMs’ capability in creating original stories. The
resulting CS4 benchmark has the following desired
attributes, which makes it particularly useful for
LLM developers. 1) Inexpensive: We do not need
human annotators to evaluate LLMs’ output. For
the LLMs like OLMo, the GPT3.5-Turbo evaluator
is sufficient. 2) Practical: The in-depth analysis of
the benchmark reveals several actionable and undis-
covered insights. For example, prioritization of
coherence and instruction-following shifts for dif-
ferent LLMs, types of prompts, and prompt speci-



ficities; LHF’s effectiveness diminishes severely in
the presence of more constraints. 3) Simple: By
simply synthesizing more constraints and designing
proper domain-specific prompts, we can measure
the creativity of LLMs. The simplicity makes our
methodology applicable to many domains other
than story generation.
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8 Limitations

As prompts become more specific, tasks could also
become difficult for humans (Tulving and Thom-
son, 1973). Since we haven’t conducted human
experiments, we are unable to compare LLMs’ per-
formances with human performances as in West
et al. (2023); Tian et al. (2024). Next, professional
writers have diverse ways to leverage LLMs (Ip-
polito et al., 2022), we do not know how represen-
tative our prompts in CS4 are. Furthermore, while
LLM-as-the-Judge is supported and widely adopted
by previous research (Chiang and Lee, 2023; Gi-
lardi et al., 2023; Jiang et al., 2023b; Qin et al.,
2024; Chia et al., 2024; Zhang et al., 2024; Wen
et al., 2024), we would like to perform a human
evaluation of the generated stories for their quality
and compare the correlation between the evaluation
judgment of LLMs and humans.

Although we can run the LLM evaluators au-
tomatically, the dataset construction still requires
several iterations of prompt refinements. If we
want to measure the creativities for more applica-
tions, automating the prompt design and prompt
difficulty control is an interesting future project.
To achieve the goal, it might be necessary to mea-
sure the specificity/difficulty of each constraint and
automatically detect conflicts between constraints.
Moreover, we haven’t investigated if various agent-
like or sophisticated prompting strategies such as
Zhong et al. (2024); Zhao et al. (2023a); Mirowski
et al. (2024); Wei et al. (2024) could boost the
creativity in CS4.

Finally, there are many different ways to define
and measure creativity. LLMs could do very well

in psychological creativity tests (Bellemare-Pepin
et al., 2024), but not so well in other measurements
such as comedy creation (Bellemare-Pepin et al.,
2024). We only adopt one creativity definition (i.e.,
outputting original contents) and provide one inex-
pensive yet indirect way to measure the creativity
of LLMs. The creativity measurements are tangled
with other abilities of LLMs. For example, an LLM
could be good at outputting an original story but
bad at following instructions. CS4 currently may
not be able to assign a high creativity score on such
an LLM. In this case, directly measuring the sim-
ilarity between the output story and the stories in
the training data might be expensive but necessary.

9 Impact Statement

Creativity is a signature of human intelligence, so
measuring the creativity gap between humans and
AI models could help us predict if or when AI
models could achieve artificial general intelligence.
By meticulously assessing the impact of prompt
specificity, our research can advance our under-
standing of the gap between artificial creativity and
human-like storytelling and potentially be extended
to measure creativity in more domains.

Other researchers could extend our conclusions,
potentially leading to negative impacts on our re-
search. For example, they might use our observa-
tions as evidence to argue that an LLM is merely
a parrot without reasoning abilities, or that LHF is
not an effective approach.
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A Appendix

In the supplementary material, we describe more
details about our methods and prompting strategy,
present some examples from our CS4 benchmark,
and discuss more experimental results, focusing on
those obtained from instruction-based constraints.

A.1 Prompting Strategy for Constraints
Generation

Creating the CS4 benchmark and evaluating differ-
ent stories generated using the benchmark depends
largely on the prompts given to the LLMs. Here,
we detail the various carefully crafted prompts that
primarily use few-shot prompting, reasoning, and
LLM-as-the-judge prompting strategies. Qin et al.
(2024) noted that on average, prompts with over
6.29 constraints (or requirements, as they call it),
are hard for LLMs to satisfy comprehensively. To
challenge LLMs in creative story writing, we thus
start by providing LLMs with prompts containing
7 constraints, and in our CS4 benchmark, we pro-
gressively increase the number of constraints by
8, obtaining prompts with 7, 15, 23, 31, and 39
constraints. As elaborated in Section 2.2, we use
two strategies for generating constraints, namely
instruction-based and story-based constraints gen-
eration. While generating constraints solely based
on an input instruction given to GPT-4, control-
ling the diversity of the generated constraints is
crucial. Given no restrictions, GPT-4 generates
constraints corresponding to different story genres
for the same instruction. Such constraints depre-
ciate the quality of the benchmark since it makes
story writing extremely difficult. To overcome this,
we restricted the genre of constraints to Realistic
Fiction. For the same purpose, we prompted the
model to avoid generating constraints that contra-
dict one another. We also prompted the model to
avoid generating constraints that require specific
domain knowledge or using poetry-related termi-
nology. Having such constraints would highly curb
a model’s ability to write creative, original stories.
Finally, we prompted the model to come up with
atomic constraints (Min et al., 2023b) to 1) ensure
that prompts with more constraints are more spe-
cific and complex than those with fewer constraints,
and 2) make evaluating stories generated using CS4
easy. We provided few-shot examples illustrating
each of these requirements. Figure 5 provides a
general framework of the prompt used to develop
instruction-based constraints.

While generating story-based constraints, some
of the above issues become irrelevant since the
model generates constraints based on a story that
already exists. For example, it is not possible to
generate contradicting constraints or constraints
about different genres from the same story. How-
ever, it is more likely that the model incorporates
different proper nouns from the story into the con-
straints, copies specific events from the plot into the
constraints, and maintains the flow of the plot in the
constraints. All this would allow any LLM or story
writer that uses the CS4 benchmark to copy the con-
straints one after another to generate a meaningful,
coherent story. This could be considered “cheating”
and would not allow one to appropriately evaluate
the model for its creativity and coherence. To han-
dle these issues, we prompted GPT-4 to generate
constraints avoiding proper nouns and encouraging
it to generate constraints that are non-linear with
respect to the plot of the story and satisfy multiple
lines of the plot rather than a highly specific event.
Finally, to generate 39 diverse constraints, it is cru-
cial to have stories that are long enough. If not, the
model would start repeating constraints or generate
more constraints that are style-related, than plot-
related. To overcome this, we sorted the stories
from the Writing Prompts dataset in decreasing or-
der of length and picked stories that did not violate
any of GPT-4’s human-alignment policies. We pro-
vided few-shot examples illustrating each of these
requirements. Figure 6 provides a general frame-
work of the prompt used to develop story-based
constraints. Figures 7 and 8 show some examples
of constraints generated using the instruction-based
and story-based strategies, respectively.

A.2 Prompting Strategy for Story Generation

Compared to the prompts for generating constraints
in Appendix A.1, the prompts for story generation
are straightforward. First, we prompt GPT-4 to
generate a “base” story providing just the instruc-
tion as the input (Figure 9). This is done by setting
the parameters of temperature, top_p (sampling
strategy), and max_tokens to 0.8, 0.95, and 4096,
respectively. The six 7B models are next tasked
with modifying these base stories to satisfy dif-
ferent constraints (and hence prompts of different
specificities) in CS4 (Figure 10). All stories are
generated using the NVIDIA superpod-a100 GPU
consisting of 12 nodes, and VLLM for efficient re-
source utilization, faster inference, and scalability.



System Prompt: You are an English writing expert and you need to set hard essay prompts 
for the genre of Realistic Fiction. Your aim is to generate extremely hard constraints 
that make the essay writing very challenging. An essay prompt is defined as a main 
instruction + constraints. You will be given an instruction as the input and you should 
generate complex constraints that can be added to the instruction which together make up 
the essay prompt. 

Give me a numbered list of exactly 40 constraints.
The constraints you generate can be plot, style or format related. The constraints should 
be complex and creative so you may come up with constraints that differ from the main 
topic of the instruction. However, keep them realistic. Further, for the same instruction 
avoid generating constraints that contradict each other. 

It should NOT require any specific domain knowledge to understand the constraints. Do NOT 
include complicated vocabulary or ask for any poetry-related format in your constraints. 
Make your constraints such that a flow (if any) in a story can be maintained.
The constraints should be clear and atomic, that is, if a constraint can be decomposed 
into multiple sub constraints, list all of them separately. DO NOT REPEAT CONSTRAINTS. 

Here are some examples : -
Example 1 Input: Write a story that follows the journey of a professional working woman 
named Rachel Michelle.
Example 1 Output:
1. ⁠ ⁠Rachel is single, has two kids she is supporting through high school.
2. ⁠ ⁠Rachel is considering leaving her corporate job to become an entrepreneur. 
3. ⁠ ⁠The story should detail the steps she takes to create a life plan and make the leap.
...
Example 2: ...

<User input: Instruction>

Figure 5: General framework of the system prompt used to generate instruction-based constraints.

System Prompt: You are a writing expert. I will give you a story as an input. Your task 
is to generate a set of 39 free-form constraints from the story that you think might 
have been used to write the story in the first place.
DO NOT REPEAT CONSTRAINTS. Generate a variety of creative, free-form constraints 
pertaining to the plot of the story. These constraints have to be atomic. An atomic 
constraint refers to a single, indivisible constraint/condition. If a constraint 
encompasses multiple conditions or constraints and can be decomposed further, please do 
so.
Avoid using proper nouns in the constraints you generate. Try to generate constraints 
that satisfy/drive at least a few sentences in the story instead of those that are very 
specific and satisfy only one line of the story.
Read the input story carefully, and come up with 39 plot-related constraints. These 
should strictly pertain to the plot of the story and impact the direction in which the 
story unfolds. If you can not write 39 atomic, plot-based constraints, give me 
stylistic constraints based on how the story is written. These could talk about the 
tone of the story (for example: active/passive voice), mood/setting of the story, etc.
Write all the constraints in the form of instructions. For example, if you want to 
write "The main character is introverted.", phrase it as "The main character should be 
introverted".

<Few shot examples for avoiding proper nouns in the constraint> 
<Few shot examples for avoiding highly specific constraints> 
<Few shot examples for breaking complex constraints into atomic ones> 
<Few shot examples with story, instruction as the input, and 39 constraints as the 
output> 

<User input: Story from Writing Prompts dataset>

Figure 6: General framework of the system prompt used to generate story-based constraints.

A.3 Prompting Strategy for Evaluating
Constraint Satisfaction

Figure 11 shows the framework of the prompt used
to evaluate the stories for their constraints satis-



Instruction: Write a story about two characters struggling to shift their priorities and keep their relationship 
intact as they age.

Constraints: 
1. The story must be set in a small coastal town where the characters have lived their whole lives.

2. Both characters must have had successful careers in different fields—one in science and the other in the arts.
3. Each character must face a unique health issue that influences their priorities.

4. Introduce a supporting character who acts as a catalyst for change in their relationship.
5. The narrative must include flashbacks to their youth, showing how their dreams and aspirations have changed 

over time.
6. The characters must attempt to learn a new skill together, which they find challenging.

7. Incorporate a significant scene that takes place in a local cafe that holds sentimental value to the characters.
8. The story must include the celebration of their 40th anniversary.

…

Figure 7: Example of instruction-based constraints along with the corresponding instruction.

Story from Writing Prompt Dataset: 
Week 18 aboard the Depth Reaver , 

Circa 2023 - I walk about the dull gray 
halls , the artificial gravity making my 

steps feel almost as if they were on land. 
I glance out a window as I pass it by. 

There 's the sun, and there 's the moon 
right there. And , of course, there 's the 
Earth .I kinda miss it. Then again , space 

is pretty cool. It 's got some brilliant 
views, and the wifi is surprisingly good. 

Even countless miles away from the 
Earth, I can crush Silver noobs on CS GO. 

I pass by Dale Malkowitz, the head 
scientist on board. `` Evening , Dale '' I 
say . `` What up , Danny ?'' he replies 
cordially . `` Nothin ' much . A little 

bored , I guess. '' He shakes his head in 
disbelief… 

Constraints in our benchmark: atomic, 
non-linear, relatively independent to 

other constraints, fewer proper nouns 
included:

1. Start the story with a bored astronaut 
in a spaceship. 

2. Include a revelation of an unexpected 
large-scale phenomenon in space.

3. The narrative should capture a sense 
of isolation and longing for Earth 

contrasted with the allure of space's 
beauty and tranquility.

…
10. The story should involve a crew 
experiencing routine life aboard a 

spacecraft until the unusual event occurs.
…

13. The story must feature a moment of 
shared disbelief among the crew 

members when faced with an 
extraordinary sight.

…

Initial constraints – highly specific to the 
plot, interdependent, and includes 

several proper  nouns: -
1. Begin the story with a character, 

Danny, walking through the 
spaceship, the Depth Reaver, feeling 

a mix of boredom and awe.
2. Include a casual interaction between 

Danny and Dale Malkowitz, the head 
scientist.

3. Express Danny's sense of boredom 
despite being in space.

…
6. Introduce a surprising observation of 

the moon appearing cracked and its 
surface breaking apart with increasing 

intensity.
7. Gather other crew members, Janice, 

Terry, and Johnny, to witness the 
phenomenon in total disbelief. 

…

Figure 8: Example of story-based constraints before and after accounting for atomicity, linearity, specificity, and
proper nouns.

System Prompt: You are a writing expert. Come up with a creative story in no more than 
500 words based on the below instruction. 

<User Input: Instruction>

Figure 9: General framework of the system prompt used to generate the base story using GPT-4.

faction. Qin et al. (2024) suggests breaking down
prompts into simpler criteria that can be easily eval-
uated to understand a model’s instruction follow-

ing ability. Inspired by this framework, we use a
reasoning-based approach to compute the number
of constraints satisfied by each story. For each con-



System Prompt: You are a writing expert. The below base story was written based on the 
following instruction: <Instruction>. Come up with a new story in about 500 words by 
modifying the given base story to accommodate the following constraints: <List of 
constraints>.
Base Story: 
<Base story generated by GPT-4>. 

Figure 10: General framework of the system prompt used to modify the GPT-4-generated base story to accommodate
different constraints.

straint, we ask the evaluator model to reason if a
constraint is not satisfied. On the other hand, if a
constraint is satisfied, we ask the evaluator model to
print the sentences of the stories that adhere to the
constraint. Finally, we prompt the model to print
the total number of constraints the story satisfies.

A.4 Prompting Strategy for Evaluating
Coherence and Story Quality

To evaluate the stories for their quality, we develop
a comparative framework that compares the quality
of a story in terms of likeability, grammar, and
coherence, with another story. We use LLM-as-the-
judge, prompting GPT-4 to provide a score out of
5 for the two stories under consideration based on
likeability, grammar, and coherence, along with a
reason for the scores (Figure 12). We then ask the
model to pick a winner between the two stories for
each category, and an overall winner based on all
three categories. The obtained coherence scores
are then normalized and used to plot the trade-off
curves in Section 4.2. An example of such a pair-
wise comparison is shown in Figure 13.

However, we do not compare every unique pair
of stories. Instead, as described in Section 3.2 we
pick a story written using 23 constraints as the mid-
dle story with which all other stories are compared.
We don’t compare the middle story with itself. The
story set as the middle story is compared 14 more
times than any other story. So, we instead divide its
coherence score by 14 to provide a fair comparison
and normalized coherence score.

B Evaluation Details

This section briefly discusses additional results ob-
tained upon evaluating the stories generated using
the CS4 benchmark, focusing primarily on those
obtained from instruction-based constraints. First,
as the number of constraints increases, the LLMs
find it harder to satisfy all of them while coming
up with the stories. This essentially means that the
model’s instruction-following ability decreases as

the specificity of the prompt increases. Figure 14
illustrates this result by measuring the average per-
centage of constraints satisfied across all stories
generated from the CS4 benchmark in this work. It
shows that the percentage of constraints satisfied
by the models decreases with an increase in the
number of constraints, i.e., an increase in prompt
specificity. In this paper, GPT-3.5-Turbo refers to
gpt-3.5-turbo-0125.

Additionally, as discussed in Section 3, evaluat-
ing the stories for both instruction-following and
quality is crucial. This is because models tend to
compromise one for the other when prompt speci-
ficity increases. Figure 15 shows a toy example
of such a trade-off. Figures 3c and 16 depict this
trade-off quantitatively for stories generated using
instruction-based constraints. While it can be ob-
served that these stories satisfy more constraints
compared to those generated from story-based con-
straints because of the inherent nature of the gen-
eration process, the trade-off can still be observed
clearly. Figure 3d and 16 further illustrate that
while LHF is helpful in the presence of fewer con-
straints, its impact in leveraging useful data in the
presence of several constraints decreases. The con-
vergence of OLMo SFT and OLMo Instruct curves
as the constraints become 31 or 39 evidence this.

Next, to perform error analysis, we considered
all stories generated by the three OLMo models for
prompts with 39 constraints. These represent the
most complex inputs in CS4. From the 2 constraint
generation strategies, 50 instructions in each, and 3
OLMo models, we obtain a total of 300 stories for
evaluation. We manually inspected all stories cor-
responding to 5 different instructions for their con-
straint satisfaction, resulting in a manual inspection
of 585 constraints (5 instructions ∗ 39 constraints
∗ stories from 3 OLMo models). We then uploaded
all 300 stories, their corresponding constraint satis-
faction results, and our observations from manual
inspection to the OpenAI website asking GPT-4
to refine our findings with some examples. After



System Prompt: You are an expert reader. I will give you a story followed by a set of 
constraints.
Your task is to carefully read both of them and tell how many constraints are being 
satisfied in the story.
As the output, print yes/no for each constraint based on whether it is being satisfied 
or not, followed by a 1 line explanation of why it is being satisfied/violated.
In case a constraint is being satisfied, print the sentence/line from the story in 
which it is being satisfied. If a constraint is not being satisfied, give an 
explanation of how it is being violated. Be very strict in your evaluation.
Mark a constraint as satisfied ("yes") only if it is being completely satisfied in the 
story. For no satisfaction/partial satisfaction, mark a "no".
Finally, print the number of constraints that are being satisfied.

Here are some examples: -
<Example 1>: 
Story: - The crew of the Depth Reaver were charting a course through the...
Constraints: -
1. Write a story based on the following constraints in less than 377 words.
2. Start the story with the sentence: "Week 18 aboard the Depth Reaver, Circa 2023"
3. Include a revelation of an unexpected large-scale phenomenon observed in space."
Output -
1. Yes - The story is 302 words long, meeting the constraint of being less than 377 
words.
2. No - The story starts with the sentence: " The crew of the Depth Reaver…” which does 
satisfy the given constraint. 
3. Yes - The revelation of the moon cracking open to reveal a colossal human face 
qualifies as an unexpected large-scale phenomenon observed in space.
Number of constraints satisfied: 2
<Example 2>:
...

<User input: Story and constraints>

Figure 11: General framework of the system prompt used to evaluate stories for constraint satisfaction.

verifying the examples, we concluded our analysis
in Section 4.6. Figure 19 illustrates these results.
It depicts the number of constraints satisfied by
different combinations of OLMo models, with the
Instruct model satisfying the greatest number of
constraints.

As the prompt specificity increases, two oppos-
ing forces could affect the perplexity and diversity
of the stories. With more constraints, LLMs have
fewer training examples to leverage, resulting in
fewer options to generate the next word at any given
instance, leading to a low perplexity and diversity
score. On the other hand, with more constraints,
LLMs are forced to generate more novel stories
which would reflect as high perplexity and diver-
sity scores. They could also generate stories with
high perplexities by choosing to satisfy only a few
of the several constraints in the prompt. To study
which of these forces is stronger, it becomes impor-
tant to compute perplexities and diversity scores
for each story. Perplexities are calculated using the
same model that generated the story. To analyze the
dist-n diversity of the models, we generated three

sets of outputs for each input prompt and computed
the diversity across these generations. This resulted
in a generation of 4500 stories (500 prompts ∗ 3
LLMs ∗ 3 stories = 4500 stories. While Figures 4a,
4b, and 4c show perplexity and diversity results for
story-based constraints, Figures 17 and 18 show
the corresponding results for the instruction-based
constraints.

Finally, Table 2 denotes the QUC39 and RCS7,39

scores for stories generated using 7 and 39
instruction-based constraints. These essentially
denote the stories generated using the simplest
and most complex prompts from CS4. Here, the
story length indicates the number of words in the
story which is computed by splitting each story
into words using white spaces. In Table 3, we av-
erage the results from Table 1 and 2 to present a
more holistic view of how models perform irre-
spective of the constraint-generation strategy. The
results corresponding to all stories developed from
all levels of prompt specificities are shown in Fig-
ure 20. While OLMo Instruct can be seen to have
the steepest decrease in terms of the QUC39 score,



System Prompt: You are an English writing expert and you can compare and evaluate story 
essays on these metrics with the following definitions -
1. Grammar: Which story has better writing and grammar comparatively?
2. Coherence: Which story has a better logical flow and the writing fits together with 
respect to the plot?
3. Likability: Which story do you find more enjoyable to read?
You will be given two Stories - Story A and Story B. Add a rating out of 5 for each 
category, specify which story you prefer for each metric by providing a one line reason 
for your preference.
For each category, provide a category winner story as the letter "A" or "B", based on 
the ratings.
Finally, assign an overall winner story as the letter "A" or "B" based on the ratings 
and category wins.

EXAMPLE OUTPUT 1:
Grammar Preference: A
A - 5/5: Story A has a few minor grammatical issues, but overall, it demonstrates 
strong control of language.
B - 4/5: Story B is well-written but has slightly more noticeable issues in grammar and 
sentence structure.
Coherence Preference: A
A - 4.5/5: Story B has a strong coherence, effectively conveying the emotional journey 
and the progression of events.
B - 4/5: Story A maintains a consistent and engaging narrative flow, though some parts 
are a bit abstract.
Likability Preference: A
A - 4/5: Story B's realistic and emotional narrative is likely to resonate more with a 
wide range of readers.
B - 3.5/5: Story A is imaginative and intriguing, but its abstract nature might not 
appeal to all readers.
Overall Winner: A
<EXAMPLE OUTPUT 2:>

<User Input: Story A, Story B>

Figure 12: General framework of the system prompt used to compare two stories in terms of coherence, grammar,
and likability.

Once upon a time, there 
was a retired ballet dancer 
named Sarah. She was in 
her mid-thirties and had 
spent most of her life on 
stage, dancing and 
perf.................................... 

The scent of lavender and 
fresh leather filled the air, a 
fragrance that lingered in 
the air long after the 
boutique had closed. It was 
the scent of dreams and 
aspir.................................

Story A has better 
writing and language 
compared to Story 

B. The s-

Story A has a better 
logical flow, with the 

plot deve-

Story A is more 
enjoyable to read 

with its eng-

LLM as Judge

Grammar Likability

Generated Story A Generated Story B

MISTRAL 
7B

GEMMA 
7B

11 
Constraints

23 
Constraints

Parser

Coherence

Figure 13: Example of a single pair-wise comparison
for evaluating story quality.

Mistral and Gemma show relatively consistent per-
formance across different prompt specificities in
the CS4 benchmark.

Figure 14: Percentage of constraints satisfied by storied
generated by different LLMs.

C Grammar and Likability Scores

Finally, we briefly explain the results obtained
while evaluating the stories for their grammar qual-
ity and likability. These metrics are computed
with coherence using the same pipeline. Figure 21
shows the normalized grammar scores for stories
written using different models with the CS4 bench-



Example of Tradeoffs
Constraint A: “The main character enjoys reading at home.”
Constraint B: “Something surprising happened at a school.”

Coherent Story A (But fails constraints): “Mary loves to read everyday. 
This makes her a really good student at school.”

Constraint Satisfying Story B (But incoherent): “John enjoys reading at 
home. Then, something surprising happened at school!”

Figure 15: An example of a trade-off between constraint
satisfaction and coherence.
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Figure 16: Trade-off results for OLMo Base, OLMo
SFT, and OLMo Instruct models for instruction-based
constraints.

Median Self
Model QUC39 RCS7,39 ↓ Length Perplexity

Gemma-7B Instruct 0.5933 0.2273 533 3.7096
Mistral-7B Chat 0.6049 0.2131 818 1.4958
LLaMA-2-7B Instruct 0.4814 0.2637 585 2.3285
OLMo-7B Base 0.1963 0.3047 374 3.9865
OLMo-7B SFT 0.3036 0.3363 542 3.6753
OLMo-7B Instruct 0.3054 0.4188 826 3.6151

Table 2: Overall comparison of different LLMs on
instruction-based constraints. Smaller RCS indicates
higher creativity. Models adhering closely to the 500-
word limit in our instruction show better compliance
and higher self perplexities mean more diverse outputs.
Both metrics are computed across all the generated sto-
ries. The best values are highlighted.

Median Self
Model QUC39 RCS7,39 ↓ Length Perplexity

Gemma-7B Instruct 0.5350 0.1902 510.5 3.6858
Mistral-7B Chat 0.5384 0.2216 737.5 1.5396
LLaMA-2-7B Instruct 0.4275 0.2783 549 2.3077
OLMo-7B Base 0.1975 0.2427 452.5 3.8302
OLMo-7B SFT 0.3150 0.2779 557 3.6462
OLMo-7B Instruct 0.3377 0.3792 839.5 3.6079

Table 3: QUC39, RCS7,39, story length, and self-
perplexity scores averaged across story-based and
instruction-based constraints.

mark. Similarly, Figure 22 depicts the normalized
likability scores. These figures generally indicate

that these scores do not vary drastically as the num-
ber of constraints increases. While one can see a
slight dip in these scores with increased prompt
specificity in many cases, these dips are not as
significant as the trade-off between constraint satis-
faction and coherence. This suggests that models
produce stories of similar grammar and likability
properties irrespective of the prompt specificity, in-
dicating that these metrics are associated with the
model architecture rather than the prompt. For ex-
ample, one can observe that Mistral, Gemma, and
LLaMA-2 always produce competitive grammar
and likability scores while OLMo SFT and OLMo
Instruct outperform OLMo Base. This means that
while LHF can not help produce highly coherent
stories in the presence of several constraints, they
can still alleviate the model’s performance in terms
of grammar and likability.
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(a) Perplexity scores for Mistral, Gemma, and LLaMa-2 on
instruction-based constraints.

(b) Perplexity scores for OLMo Base, SFT, and Instruct on
instruction-based constraints.

Figure 17: Perplexity scores for stories developed using instruction-based constraints.

Figure 18: Diversity scores for stories developed using
instruction-based constraints.

Figure 19: Error analysis for stories developed using
story-based prompts with 39 constraints.
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(a) QUC scores for stories developed using instruction-based
constraints.
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(b) QUC scores for stories developed using story-based con-
straints.

Figure 20: QUC scores comparison for stories developed using instruction-based and story-based constraints in CS4
benchmark.
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(a) Grammar scores for stories generated using Gemma, Mistral,
and LLaMA-2 using instruction-based constraints.
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(b) Grammar scores for stories generated Gemma, Mistral, and
LLaMA-2 using story-based constraints.
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(c) Grammar scores for stories generated using OLMo Base,
SFT, and Instruct using instruction-based constraints.

0.3 0.4 0.5 0.6 0.7 0.8
Constraint Satisfaction

0.72

0.74

0.76

0.78

0.80

0.82

0.84

No
rm

al
ize

d 
Gr

am
m

ar
 S

co
re

Constraints: 39

Constraints: 31Constraints: 23

Constraints: 15
Constraints: 7

Constraints: 39

Constraints: 31
Constraints: 23

Constraints: 15

Constraints: 7

Constraints: 39
Constraints: 31

Constraints: 23

Constraints: 15

Constraints: 7

Model
OLMo Instruct
OLMo SFT
OLMo Base

(d) Grammar scores for stories generated using OLMo Base,
SFT, and Instruct using story-based constraints.

Figure 21: Grammar scores for stories generated using CS4 benchmark.
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(a) Likability scores for stories generated using Gemma, Mis-
tral, and LLaMA-2 using instruction-based constraints.
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(b) Likability scores for stories generated using Gemma, Mis-
tral, and LLaMA-2 using story-based constraints.
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(c) Likability scores for stories generated using OLMo Base,
SFT, and Instruct using instruction-based constraints.
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(d) Likability scores for stories generated OLMo Base, SFT,
and Instruct using story-based constraints.

Figure 22: Likability scores for stories generated using CS4 benchmark.
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