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Abstract

Recent studies have shown that post-training pro-
cedures, such as preference-tuning and RLHEF,
could lead to reduced diversity among the outputs
from post-trained large language models (LLMs),
also known as diversity collapse. Although plenty
of efforts have been made to mitigate such a col-
lapse, the effectiveness of these efforts is mea-
sured by surface-level diversity metrics, such as
lexical and embedding-based diversity. In this
work, we introduce two non-superficial creative
writing patterns, emotional arc and opening type,
and show diversity collapse in those two patterns
even when the LLM is trained with diversity-
preserving post-training techniques. Preliminary
diagnosis shows that such a collapse stems from
implicit preference signals being hacked and thus
amplified throughout the training process. We be-
lieve our work provides a foundation for a more
in-depth analysis of diversity collapse in post-
training due to reward hacking.

1. Introduction

Large language models (LLMs) have demonstrated impres-
sive capabilities in creative writing, such as poem generation
(Chakrabarty et al., 2022), story generation (Marco et al.,
2025; Yang et al., 2023; Lei et al., 2024), writing support
(Chakrabarty et al., 2024; Lee et al., 2022), and creative
co-creation with humans (Yuan et al., 2022; Mirowski et al.,
2023). However, one of the key qualities of creative writ-
ing, diversity, has been increasingly in jeopardy, given the
recent ubiquitous post-training procedures, such as super-
vised fine-tuning (SFT), reinforcement learning with human
feedback (RLHF), preference-based tuning, etc. This is
because much research has shown that post-training would
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lead to diversity collapse (Kirk et al., 2023; West & Potts,
2025). In particular, for creative writing, stories generated
by post-trained models would collapse to a certain type of
sentiment trajectory (Tian et al., 2024).

To mitigate diversity collapse in post-training, many meth-
ods have been proposed, targeting various settings of post-
training, e.g., the SFT (Li et al., 2024), RLHF (Li et al.,
2025; Sun et al., 2025; Chen et al., 2025), or preference-
based tuning (e.g., DPO, ORPO) (Chung et al., 2025; Ismay-
ilzada et al., 2025; Slocum et al., 2024). Although they have
shown decent improvements in corresponding diversity met-
rics, most of the diversity metrics are still surface-level, such
as embedding-based diversity measurement (Chung et al.,
2025; Ismayilzada et al., 2025; Chen et al., 2025). However,
we believe true diversity should be based on deeper, non-
surface-level measures; therefore, it is natural to question
if these diversity-preserving post-training methods, given
their diversity measurement being surface-level, really make
LLM output more diverse?

To this end, we investigate the research question: Is
Diversity-Preserving Post-training Enough? We specif-
ically focus on the creative writing domain, and we first
experimented with an existing work (Chung et al., 2025)
that is designed to preserve output diversity during post-
training (§3). Then we introduce two non-superficial pat-
terns specific to creative writing: emotional arc and opening
type. The former is defined as an abstract categorization of
the sentiment up-and-down in a story (Reagan et al., 2016)
while the latter is defined as the discourse type at the begin-
ning portion of a story (§4). We then examine the diversity
of these two patterns in stories generated by post-trained
LLMs. We show that diversity collapse still exists in SFT/D-
PO/ORPO, i.e., common post-training methods, and also
in DDPO and DORPO, i.e., diversity-preserving training
techniques for creative writing (§5). We also provide a pre-
liminary diagnosis by tracing back the linguistic pattern that
contributes to such a collapse and find patterns specific to
the data source, i.e., closing comments on Reddit posts, that
contribute to the collapse in emotional arc. We also observe
implicit preferences that favor a specific pattern (rags-to-
riches in emotional arc and open-with-dialog in opening
type) in training preference data, both of which point to
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implicit reward hacking during preference tuning(§6). We
believe our work would serve as a foundation for further
study into a more concrete diagnosis of LLM diversity col-
lapse during post-training.

2. Related Work
2.1. Diversity Collapse and Measuring Diversity

The phenomenon of diversity collapse (Jiang et al., 2025)
is widely explored in post-trained LLMSs across various
settings and domains, where post-trained models generate
output with noticeably less diversity compared to their base
models, for example, in creative ideation (Anderson et al.,
2024; Doshi & Hauser, 2024; Murthy et al., 2025), summa-
rization and instruction following (Kirk et al., 2023), and in
tasks that require randomness (West & Potts, 2025). To bet-
ter categorize diversity collapse in LLMs, the measurement
of diversity is also very important. Existing measurements
include diversity based on neural embeddings (Murthy et al.,
2025; Kirk et al., 2023; Chung et al., 2025), lexical fea-
tures (Shaib et al., 2025), answers to open-ended questions
(Zhang et al., 2025), syntactic structure (Shaib et al., 2024),
and storyline development (Tian et al., 2024). As the most
related work along this line, Tian et al. (2024) also shows
the phenomenon of LLM-generated stories collapsing into
specific emotional arc type(s). While they focus more on
automatic textual pattern (including emotional arc type)
detection and generating more diverse stories by incorpo-
rating textual pattern information, we focus on measuring
and diagnosing the collapse of textual patterns in diversity-
preserving post-training techniques.

2.2. Reward Hacking

Reward hacking is another common pattern during post-
training, where the LLM being trained exploits certain short-
cuts and achieves a seemingly high score, without learning
the actual target pattern for training, and performs poorly in
the end task. It can be observed both in RLHF, where the
LLM exploits a concrete reward model (Skalse et al., 2022;
Gao et al., 2023), and also in preference-based post-training,
e.g., in DPO, ORPO (Rafailov et al., 2024), where the re-
ward is implicit. However, previous work often focuses on
tasks such as summarization (Rafailov et al., 2024; Park
et al., 2024) and instruction following in a dialog setting
(Dubois et al., 2024; Park et al., 2024; Sharma et al., 2023;
Perez et al., 2023), none of which is an open-ended gen-
eration task like our creative writing task. In terms of the
hacking behavior, they also focus mainly on length bias,
i.e., the favor towards long, complex text, (Park et al., 2024;
Dubois et al., 2024; Singhal et al., 2024), and sycophancy,
i.e., repeating the user’s preferred answer, (Sharma et al.,
2023; Perez et al., 2023), both of which focus on post-
training that improves output quality. We instead focus on

post-training that, supposedly, improves output diversity.

3. Diversity Preserving Post-training

We start by conducting experiments with the existing
diversity-preserving post-training method proposed by
Chung et al. (2025). In this section, we describe the choice
of LLM, the training data, diversity-preserving post-training
techniques, and the evaluation setup. More implementation
details can be found in Appendix A.

Models We fixed our analysis to the Llama-3.1-8B
(Grattafiori et al., 2024)' and we analyze the follow-
ing variants: 1) off-the-shelf models: Base and Instruct
Llama-3.1-8B from Huggingface?, 2) commonly seen post-
training techniques: SFT, DPO (Direct Preference Opti-
mization)(Rafailov et al., 2023), ORPO (Odds Ratio Pref-
erence Optimization)(Hong et al., 2024), and 3) diversity-
preserving post-training techniques: DDPO (Diversified
DPO) and DORPO (Diversified OPRO) Models (Chung
et al., 2025).

Training Data We use the codebase from Chung et al.
(2025) for data preparation. First, we filter stories from the
r/WritingPrompts dataset (Fan et al., 2018) by removing
subreddit boilerplate (off-topic discussion, removal notices,
welcome posts) and removing posts with more than 2,048
tokens. This filtering step results in 607,218 stories for SFT
training and 66,640 stories for testing, exactly matching the
reported numbers in Chung et al. (2025). Second, we sample
210,645 story pairs (421, 290 stories in total)* from the SFT
training data to construct preference pair data (for DPO,
DDPO, ORPO, DORPO). Every story pair that answers the
same story prompt and has a Reddit-score gap (user up-vote
score differences) of at least 5 points is considered a valid
pair, with the higher scoring story being the “chosen” story
and the lower one being the “reject” story. Third, to inject
a diversity signal, DDPO and DORPO additionally attach
a diversity score € [—1, +1] computed as the normalized
pairwise semantic plus style cosine diversity of each story
against other stories under the same prompt. More details
about data preparation are in Appendix A.

Diversity-Preserving Post-training * We choose Chung
et al. (2025) as our foundation because of the diversity-
preserving post-training technique, i.e., DDPO and DORPO,
which they proposed. These two methods are based on DPO

"Mistral-7B-v0.3 from original paper is dropped for simplicity.

?Link to Base model and Instruct model

3With the same codebase, Chung et al. (2025) sampled 210,665
story pairs, or 421, 330 in total. We believe this is due to random-
ness during story sampling within each story prompt.

4All post-training is done three times with different random
seeds, and the results are averaged across three runs.
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Rags-to-riches Rise, no /
= obvious turn _/
=
g
B Tragedy Fall, no obvi-
g ous turn
=
Man-in-hole Fall, then \
rise N\
Icarus Rise, then fall. //\\
Cinderella Rise, fall,
then a final rise.
Oedipus Fall, rise, then
a final fall.
o thlogue First non- ke up,’’ she
) whitespace character is .
I . whispered. ..
- a quotation mark.
E Article-NP Begins with  The cat
g The/A/An followed sat on the
=) by a noun phrase. windowsill...
First-person  Begins I walked into
with the pronoun I the empty
’ hall...

Table 1. Two patterns that we proposed; for emotional arc, the
visual column shows the sentiment trajectory defined by Reagan
et al. (2016); three residual classes (flat, unclassified, too-short for
emotion arc, other for opening) are omitted.

and ORPO, respectively, which means they all learn from
the implicit signal from the preference pairs, i.e., chosen
and rejected stories. The way that diversity-preserving work
is based on a measured deviation, J%, calculated as the
distance based on semantic and style embedding between a
chosen story (y™) and stories from the same prompt. The
deviation term is then multiplied as a coefficient to the
original DPO and ORPO loss function, as shown in Equation
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Figure 1. Training pipeline. From the same base model, we apply
SFT, then DPO/DDPO, and ORPO/DORPO directly; the Instruct
model is used off the shelf.

1, 2 (both from Chung et al. (2025)). In this way, the pairs
whose chosen story is more diverse contribute proportionally
larger, encouraging the LLM to learn more from diverse
stories than the rest. The difference between DPO/DDPO
and ORPO/DORPO is that DPO/DDPO requires SFT as the
foundation, while ORPO/DORPO directly learns from the
preference data. See Figure 1 for an illustration of different
models in the training pipeline

Evaluation Setup We follow the evaluation setup of
Chung et al. (2025) and use 1,000 test story prompts from
the r/writingPrompts dataset (Fan et al., 2018). Each LLM
is tasked to generate 4 stories for each prompt. We con-
duct two sets of evaluation: 1) original evaluation according
to Chung et al. (2025), i.e., diversity evaluated by average
in-prompt semantic and style embedding distances and qual-
ity by a trained evaluation model based on Gemma-2-2B
Results for the original evaluation results can be found in
Appendix A.3. 2) evaluation for both in-prompt and across-
prompt diversity based on our designed pattern (§4).

4. Patterns of Diversity Collapse

We go beyond existing surface-level measurements of diver-
sity and define two more complex patterns specific to the
domain of story writing in order to uncover LLM diversity
collapse in a more in-depth way. Examples of these two
patterns can be found in Table 1.
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4.1. Emotional Arcs

Definition We follow Reagan et al. (2016) in defining
emotional arcs as the sentiment trajectories of narratives.
Reagan et al. (2016) identify six core archetypes: rags-
to-riches, tragedy, man-in-hole, Icarus, Cinderella, and
Oedipus, which are extracted by first vectorizing novels
into sentiment trajectories and then running singular value
decomposition (SVD) over sentiment trajectory vectors. To
accommodate the much shorter narratives we evaluate® and
to provide a per-story label rather than the modal-loading
view of the original work, we classify each story using the
sign of its dominant SVD coefficient and add three residual
classes: flat (stories whose centered trajectory has negligible
amplitude) and unclassified (stories whose loading is not
concentrated on a single mode), too-short (stories with fewer
than 10 sentences barely have emotional development).

Implementation Following Reagan et al. (2016), we
classify each story’s emotional arc in three steps: (1) ex-
tract a sentence-level sentiment trajectory, (2) fit canonical
archetype shapes via SVD on training data, and (3) assign
each story to the archetype whose shape best matches its
trajectory.

Step 1. Sentiment trajectory. For each story s with N
sentences, we apply VADER (Hutto & Gilbert, 2014) to
obtain a per-sentence sentiment valence (positive=happy,
negative=sad). We smooth the resulting sequence with
a length-aware Gaussian kernel of bandwidth ¢ =
max(2, 0.05 - N); the bandwidth scales with N so that
the kernel covers a fixed fraction of the story regardless of
length.®

Step 2. Canonical archetype shapes We then resample the
smoothed trajectory to B = 30 bins’ and subtract the per-
story mean, giving a centered trajectory v, € RZ. We fit an
SVD basis on the smoothed trajectories from chosen stories
in training preference pairs. We found that the top three
components, V1.3 € R3*B, are the canonical archetype
shapes (see Figure 7 for visualization). Reproducing the
central empirical finding of Reagan et al. (2016), the top
three modes recover Rags-to-riches (V1, monotone rising),
Man-in-hole (V5, fall-then-rise), and Cinderella (V5, peak
in the first third); the negation of each components then
yields Tragedy, Icarus, and Oedipus respectively. All six
shapes are visualized in Table 1. The fitted modes are reused
unchanged for every other group so that all stories are scored

’In training data, Wordma. = 1767, Sentencemaqz = 286

Reagan et al. (2016) use a fixed 10,000-word sliding win-
dow appropriate for book-length text; our stories are at most a
few thousand words. A fixed-bandwidth kernel in this regime
erases short-scale variation in long stories and inflates rates of the
monotone shapes (rags-to-riches and tragedy).

"Sized to the median sentence count of the training data:
median(Nehosen) = 38, median( Nrejected) = 36.

against a single basis.

Step 3. Per-story classification. For each story we compute
its three-component loading W = Vj.3 v, € R3 and normal-
ize Wror™ = W/||W||;. The label, i.e., emotional arc type,
is determined both by the magnitude of normalized loading
and its sign. For example, a story with largest ||
is W°™ > 0 aligns with the rising shape and is labeled
Rags-to-riches (top row of Table 1); a story whose dominant
component is W™ < 0 aligns with the negation of the
fall-then-rise type and is labeled Icarus (row 4 of Table 1).
Formally:

too-short N < 10,
arc(s) = flat o(vs) < That,
unclassified maxy, |W™| < Ty,

L(k*, sgn(Wj-+)) otherwise,

3
with 7a,¢ = 0.05, T = 0.30, k* = argmax; [W]°™|,
and L the (component, sign) — archetype mapping listed

below.

component k| + -
1 rags-to-riches  tragedy
2 man-in-hole Icarus
3 Cinderella Oedipus
4.2. Opening Type

Definition Story openings are important to the entire story
as they set up the tone, point of view, and reader expectations
of the story. We classify the opening of each generated story
into one of four mutually exclusive types: dialogue (the
story opens inside quoted speech), article-NP (opens with
a definite or indefinite noun phrase: “The ...” /“A ...”
/ “An ...”), first-person (opens with “I ...”), and other
(everything that does not match the previous three, e.g.,
openings with proper nouns, prepositions, conjunctions, or
stylistic constructions like ellipses).

Implementation For each story, we left-strip leading
whitespace and inspect the first 80 characters, i.e., a win-
dow large enough to capture an opening sentence, but small
enough to ignore downstream content. We Then apply a
deterministic rule cascade in fixed order:

1. dialogue if the first non-whitespace character is a
straight or typographic quotation mark (", 7, ", ",
r, ', or backtick);

matches
capturing

2. else article-NP if the leading text
"(The|A|An)\s (case-insensitive),
“Thecat...”,“Aboy...”,“Anold...”;

3. else first-person if it matches "I [\s’ ], capturing “I
walked ...”, “I'm...”, “I've...”, “I'd...”;
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Figure 2. Across-prompt distribution. Category distribution for emotional arc (left) and opening type (right), averaged across three runs.
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Figure 3. In-prompt dominance. Per-prompt collapse for emotional arc (left) and opening type (right), averaged across three runs.

4. otherwise other.

In this way, a categorical indicator for opening type is as-
signed to a given story.

5. Result & Analysis

For each pattern, we report diversity collapse in both across-
prompt and in-prompt settings. Across-prompt considers
all 4,000 stories in the evaluation set (four from each one
of 1000 prompts) as a whole, measuring the distribution of
arc types or opening types via stacked bar plots, e.g., Figure
2. Higher concentration in the stacked bar indicates that the
model gravitates toward one type globally, even when indi-
vidual prompts produce varied responses. In-prompt treats
each prompt’s four sampled stories as a unit and reports the
dominance percent: the fraction of prompts in which a sin-
gle category accounts for more than half of the four stories
(i.e., at least 3 of 4 share one archetype or opening type),

e.g., Figure 3. Higher dominance indicates that the model
picks one type per prompt, even when the dominant type
varies across prompts. The two views are complementary:
a model can be diverse across prompts but collapsed within
prompts, or vice versa. For both patterns that we propose,
the diversity-enhanced training technique, i.e., DDPO and
DORPO, doesn’t provide substantially more diverse stories
compared to their baseline, i.e., DPO and ORPO.

5.1. Emotional Arc

Across-Prompt As shown in Figure 2a, the “Rags to
Riches” category nearly doubles in proportion compared
to the training data among all post-training methods. On
the other hand, “Tragedy” shrank by more than half in all
post-trained models, and “Oedipus” shrank by half in SFT,
DPO, and DDPO. There are no clear changes in the pro-
portion of the other arc types. It is worth noting that “rags
to riches” indicates (nearly) monotonic uplifting sentiment
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Figure 4. Breakdown of the edit/thanks ending feature amplification before&after post-training. “thanks” and “edit” carry most
of the amplification: DPO outputs hit “edit” in 32.7% and “thanks” in 21.0% of stories, vs. ~2% each in the training data. “wow”,
“haha”, “awesome” amplify 10-25x from training (each < 0.2%) but stay below 3% absolute in models.

development, whereas “Tragedy” and “Oedipus” categorize
downhill development. We provide an in-depth analysis of
such observation in §6.1. DPO/DDPO shows a larger col-
lapse compared to ORPO/DORPO. We also observe that the
off-the-shelf Base model generates many more “too short”
stories while the Instruct model does not show substantially
different distribution compared to the training data.

In-prompt All post-trained models show a higher dom-
inance percent compared to the off-the-shelf Base and In-
struct model, with DPO/DDPO again showing a larger col-
lapse than ORPO/DORPO does. There is no clear difference
across different post-trained models, similar to that in the
across-prompt setting.

5.2. Opening Type

Across-Prompt  As for the opening type, the off-the-shelf
Base and Instruct models behave very differently: while they
both shrink the “Dialog” opening type, the Instruct model
nearly triples the “First Person” type, and the Base model
shrinks it extensively. For post-trained models, we observe
an even more drastic shift with the “Dialog” opening type
doubling for only DPO and DDPO, whereas SFT, the model
from which they are trained, as well as ORPO and DORPO,
exhibit similar opening type distributions as the training
corpus. As for the “Article NP” and “First Person” opening,
we see a dramatic collapse in DPO and DDPO, with DDPO
collapsing by nearly three times in “First Person” opening,
while the distribution among other models remains similar
to that of the training corpus.

We again observe that DPO/DDPO shows a larger collapse
compared to ORPO/DORPO, which does not show much

sign of collapse this time. We hypothesized that the differ-
ence between DPO/DDPO, compared to ORPO/DORPO,
might stem from the training process of ORPO/DORPO,
stabilizing the LLM with an NLL loss to itself, whereas the
DPO/DDPO directly operates on pair preference data, learns
the implicit signal favoring dialog opening, and exaggerates
it. A more in-depth analysis of the implicit signal can be
found in §6.2.

In-prompt Only DPO and DDPO have slightly higher
dominance percent than the Instruct model; all other post-
trained models have similar dominance percent, about a
third of that of the Instruct model. The huge difference
between DPO, DDPO, and the SFT model can again be
explained by our earlier hypothesis that the DPO/DDPO
training leads to the collapse.

6. Diagnosis

In this section, we provide a preliminary diagnosis of the
diversity collapse we observed: in both emotional arc and
opening type collapses, we observed implicit signals from
the training data that potentially cause the collapse.

6.1. Emotional Arc

Edit/thanks Endings As we observe the rags-to-riches
type stories heavily dominate the generated stories from
post-trained LLMs, we go back to the definition of this arc
type: a monotonically increasing sentiment from the begin-
ning to the end of a story. A more in-depth analysis shows
that the density of high valence lexicons (from the VADER
lexicon) increases towards the end much more heavily in sto-
ries generated by post-trained LLMs compared to the stories
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Figure 5. Emotional arc mixture for stories with vs. without an edit/thanks ending. For each data source and post-trained model,
stories are partitioned by whether their last 20 word tokens contain at least one of {thank, thanks, wow, haha, awesome,
edit} (“With”) or none (“Without™), and the arc type distribution is plotted side-by-side. Sample sizes per panel (n) are annotated in
the title; model panels are truncated to the first 4 stories per prompt (4,000 stories per model) for comparable per-prompt resolution.
The training panels (Train chosen, Train rejected, SFT training) use larger samples drawn from the 210k preference pairs and the
writingPrompt_cleaned corpus, respectively. In every group, including the human-written training data, stories carrying the feature
have a 5-15 percentage-point higher rags-to-riches share than stories without it.

in the training corpus and from base LLMs (Figure 10a); in
addition, thank, thanks, wow, haha, awesome
are the positive VADER lexicons with the biggest amplifica-
tion from training corpus to stories generated by post-trained
LLMs (details in Table 4), which are all related to typical
Reddit authors’ sign-off messages to close a post.

The first observation points to the location, i.e., the end,
while the second points to a specific set of lexicons, together
motivating us to conduct a focused analysis of the ending
portion of the stories. We track the percentage of stories
with at least one of thank, thanks, wow, haha,
awesome, edit and found a significant increase, com-
pared to both training data and generated stories from the
base model, in such percentage in post-trained LLMs (Fig-
ure 4). Manual inspection of stories from the training corpus
and LLM generations also confirms such amplification (Ap-
pendix B.4).

Connecting Edit/Thanks Ending to Emeotional Arc
Now that we have confirmed a specific pattern in stories
generated by post-trained LLMs, can we confirm the con-
nection of such a pattern with emotional arc collapsing to
rags-to-riches? As shown in Figure 5, for stories from all
LLMs and training corpora, the proportions of rags-and-
riches are higher among stories with Edit/Thanks ending
than stories without, confirming the positive contribution of
Edit/Thanks ending to diversity collapse in emotional arc in

post-trained LLMs.

Signal in Training Preference Pairs After locating the
pattern that leads to the collapse of the emotional arc, we
look back at the preference data to see if there are implicit
signals that post-trained LLMs pick up during the train-
ing process. We formally define the Edit/Thanks ending
as a binary feature: last 20 word tokens containing at least
one of {thank, thanks, wow, haha, awesome,
edit}, and partition the preference pairs into four sub-
groups based on the binary value (YES, NO) of the feature
in each chosen-reject pair, as shown in Table 2. Among the
disagreeing pairs, i.e., chosen and rejected stories have dif-
ferent Edit/Thanks ending feature, 57.8% favor the chosen
side. The deviation from 50% is the implicit preference sig-
nal that the preference-based post-training methods (DPO,
DDPO, ORPO, DORPO) hacked during training.

6.2. Opening Type

We conduct a similar analysis process for dialog openings,
except that Opens with dialogue itself is found to be the
implicit signal: as shown in Table 3, if we treat Opens with
dialogue as a binary feature for a given story, among dis-
agreeing training preference pairs, 54.1% favor the chosen
side, leading to the same preference hacking as the one
found in emotional arcs.
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Rejected
Chosen YES NO Total
YES 632 11,303 11,935
NO 8,252 190,458 | 198,710
Total \ 8,884 201,761 \ 210,645

Table 2. Edit/Thanks ending in the last 20 word tokens of a story)
across preference pairs; 11,303 (57.8%) out of 19,555 disagreeing
pairs, i.e., (Chosen YES - Rejected NO) or vice versa, favor the
chosen side (p < 0.001, two-sided binomial vs. 50%)

Rejected
Chosen YES NO Total
YES 12,560 35,149 47,709
NO 29,841 133,095 | 162,936
Total \ 42,401 168,244 \ 210,645

Table 3. The Opens with dialogue feature across Prefer-
ence Pairs; 35,149 (54.1%) out of 64,990 disagreeing pairs, i.e.,
(Chosen YES - Rejected NO) or vice versa, favor the chosen side
(p < 0.001, two-sided binomial vs. 50%)

7. Conclusion

In short, we introduce two non-superficial patterns, emo-
tional arc and opening type, to analyze stories generated
by LLMs post-trained with various post-training methods.
However, our findings show diversity collapse for all post-
training methods, even for diversity-preserving post-training
techniques, among these two patterns. We also find DPO/D-
DPO typically shows a larger collapse compared to OR-
PO/DORPO. Preliminary diagnosis on the cause of such a
collapse shows that implicit preference signals embedded
in the preference pairs are hacked during post-training. We
believe our work showcases the importance of training data
diversity that goes beyond surface-level diversity measure-
ment, especially in the case of emotional arc collapse, which
could have been prevented by better data cleaning. We will
leave mitigation of such preference hacking to future work.

8. Limitations

Although we use the same codebase from Chung et al.
(2025) and try to follow the configuration of experiments as
much as we could, there are some performance differences
between our trained model and that reported in the original
paper, with most of the performance discrepancy in the Red-
dit Reward metric, i.e., the x-axis in Figure 6. For example,
the performance of the SFT model improved from about
—0.20 to about —0.10, and the ORPO model decreased
from about —0.12 to about —0.95. Unfortunately, there is
no released training checkpoint, which could potentially
mitigate this discrepancy. In addition, our results are based

on a single base-model (Llama-3.1-8B) and a single training
distribution (Reddit r /WritingPrompts). Our conclu-
sion should not be read as universal claims about preference
learning in creative story generation. Experiments with
more model families and sizes, and other corpora as training
data, are left to future work. Lastly, our two measurements,
emotional arc and opening type, are textual patterns imple-
mented with a computational method, not ground-truth di-
versity assessments. The arc classifier uses VADER (Hutto
& Gilbert, 2014) lexicons and inherents it known limita-
tions: rule-based English-only sentiment, weak handling
of irony and sarcasm, and no notion of character or theme.
The opening-type classifier is also non-perfect as it only
captures broad lexical categories. We aim at adding more
fine-grained openers (action descriptions, sensory openings,
etc.) in future work.
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A. Additional Experiment Details
A.1. Training Setup

All setups match the original paper (we use their codebase).f

Training Data We follow the exact training setup from Chung et al. (2025): for SFT, they sample 607,218 stories from
238,656 filtered posts of the r/WritingPrompts dataset (Fan et al., 2018), with comments filtered to remove subreddit
boilerplate (off-topic discussion, removal notices, welcome posts) and capped at 2,048 tokens. Preference pairs (DPO/D-
DPO/ORPO/DORPO) are then sampled from these cleaned stories, with the chosen and rejected stories coming from the
same story prompt and having a Reddit-score gap of at least 5 points; DDPO and DORPO additionally attach a per-side
diversity score € [—1, +1] computed as the normalized pairwise semantic plus style cosine diversity of each side against
its sibling stories under the same prompt. Based on these criteria, the original authors sampled 421,330 “prompt-response
pairs” (i.e., one story prompt and one story), which translates to 210,665 story pairs (one chosen story and one rejected
story); our execution of the same data sampling pipeline with the original authors’ codebase results in 210,645 story pairs,
slightly different from the original authors’ number. We believe this is due to randomness during story sampling within each
story prompt.

Training Configuration We also follow the exact training setup from (Chung et al., 2025). SFT, using a learning rate
of 3x 1075, a batch size of 2, and 1 epoch. DPO uses learning rate 5x 1075, batch size 2, 3 epochs, and 8 = 0.1; DDPO
matches DPO’s hyperparameters but reweights the DPO 10ss by (Schosen + 1) Where Schosen 18 the diversity score of the chosen
side. ORPO uses learning rate 5x 1079, batch size 2, 4 epochs, and 3 = 0.25; DORPO matches ORPO’s hyperparameters
but reweights the chosen-side NLL term by (Schosen + 1)- All four preference methods use LoRA with rank 128 and o = 256.
The main difference between DDPO/DORPO and DPO/ORPO is the diversity-aware loss reweighting: pairs whose chosen
story is more diverse (relative to siblings under the same prompt) contribute larger gradient updates, while pairs whose
chosen story is less diverse contribute smaller updates. The diversity-tuning intervention is purely on the per-pair gradient
weight, not on the pair construction or model architecture.

A.2. Evaluation Setup

All setups match the original paper (we use their codebase).

Decoding For every model (BASE, INSTRUCT, SFT, DPO, DDPO, ORPO, DORPO), we generate N = 4 stories per
evaluation prompt with vLLLM under the following decoding configuration: temperature 1.0, top-k 50, top-p 0.95, repetition
penalty 1.1, maximum output length 2,048 tokens, sampling enabled (do_sample=True).

Prompt format Each evaluation prompt is the concatenation of the Reddit post’s title and body, separated by a newline:
{post_title}\n{post_text}

This raw text is wrapped in the model’s chat template via Hugging Face’s apply_chat_template with
add_generation_prompt=True; for INSTRUCT only, we additionally prepend a system message:

You write a creative writing based on the user-given writing prompt.

BASE, SFT, DPO, DDPO, ORPO, and DORPO receive no system message and they only see the user-role post-title/body.
This matches Chung et al. (2025) and ensures BASE and the post-trained models see the same prompt.

Reward Model Our reward model achieves an MAE of 0.398, a standard deviation of 0.319, a median absolute error of
0.322, and a Spearman’s p of 0.506 (p < 0.05) between gold and predicted rewards. All measurements are very close (or
equal) to the original paper’s report.

A.3. Evaluation Results Based on Original Paper’s Metrics

We evaluate the models trained according to the evaluation procedure outlined in Chung et al. (2025): diversity measured
by semantic embeddings and style embeddings, and quality measured by a trained reward model based on the Gemma-
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[In-prompt] Quality vs. Diversity for Llama-3.1-8B Models

0504 M Base Y DDPO-both ) [}
' [ Instruct @ ORPO 0.6
SFT DORPO-both ’
0.45
- @ Dro et O+
2 051 —@—
¥ 0.40 >
g @
= o 04
T 03> 2 = SIS
B o
€ 0.30 0.3
@© P ’ﬁf\q’—' >
£ © @ ol &a
@ 0.25
%) 0.2
0.20 A
0.1
0.151 [ o
-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 -1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2
Reddit reward Reddit reward

Figure 6. Quality vs. diversity for Llama-3.1-8B models Reproduction of Chung et al. (2025)’s result plot, with the models we ran. Each
marker is one model evaluated on 4,000 stories (4 per prompt x 1,000 prompts). Error bars are 95% confidence intervals. Left: semantic
diversity (mean pairwise MiniLM-L6 cosine distance within each prompt). Right: style diversity (mean pairwise Style-Embedding cosine
distance within each prompt). x-axis is the reddit-reward score predicted by a frozen reward model trained on Reddit upvote scores.
We do not have other baseline models (GPT-40, Claude, o1, DeepSeek-R1), the human ”Gold” reference, or the Mistral panel from the
original figure; our DDPO/DORPO points correspond to the _sem_sty variant (both diversity scores combined).
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Figure 7. SVD modes from chosen stories in training preference pairs Top three right-singular vectors V1, Va2, V3 fit on centered
train_chosen trajectories. Each component is doubled into two archetypes by sign: the positive sign of Vi recovers Rags-to-riches
(monotone rise), V> recovers Man-in-hole (mid-trajectory valley), and V3 recovers Cinderella (peak in the first third); the negation of each
components recovers Tragedy, Icarus, and Oedipus respectively. This reproduces the central empirical finding of Reagan et al. (2016) on
Reddit WritingPrompts responses. The same three modes are reused across all groups, so all stories are scored against a single basis.

2-2b model. The result (Figure 6) matches the original paper’s results in trend, but the improvements from DPO/ to
DDPO/DORPO in terms of diversity are not as substantial as in the original paper.

B. Emotional Arc
B.1. Training Data SVD Results

See SVD components from training data (chosen stories) in Figure 7, a similar result as Reagan et al. (2016).

B.2. Results from Multiple Re-runs

We run training of all models three times and collect the results across three different runs in Figure 8, 9.

B.3. Additional Diagnosis Figures

See Figure 10 and Table 4 for additional diagnosis findings for emotional arc diversity collapse.
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[In-prompt] Emotional Arc - Dominance Percent
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Figure 8. Appendix: in-prompt dominance for emotional arc, all reruns included.
VADER Pre-tuned Post-trained
Word valence | train_.chosen BASE INSTRUCT | SFT DPO DDPO ORPO DORPO | Amp.
haha 2.0 0.02 0.02 0.00 0.36 0.67 0.33 0.23 0.40 32.7x
thanks 1.9 0.17 0.24 0.05 321 524 313 3.29 4.61 31.5%
awesome 3.1 0.03 0.04 0.00 024 067 044 0.24 0.32 24.4x
wow 2.8 0.05 0.03 0.01 0.17 098 0.37 0.28 0.37 20.7x
thank 1.5 0.22 0.11 0.04 2.11 3.28 1.71 1.86 2.14 14.9%

Table 4. Per-token amplification of the most amplified high-positive VADER lexicon items after post-training; each cell is the rate per
1,000 tokens; “Amp.” is the ratio of the strongest post-trained rate to t rain_chosen; Bold number is the highest rate for a given token.

B.4. Examples of Story Ending
Source: train (chosen); Markers: thanks edit; Story idx: 25517; full text length: 2980 chars

... The picture showed me I would be tall, brown hair, classically handsome - except for a mustache. If it wasn’t in
vogue I would immediately remove it, but for the time being it would stay. “Yahweh,” I asked. “Am I missing some-
thing, or is there not a name currently assigned?” “Turn the packet over,” he said with a bit of a smirk. Stamped across
the back of the packet was the name “Lt. Aldo Raine.”
Edit: This is my first time writing for WP. I totally welcome any feedback...! THANKS!

Source: DPO; Markers: thank edit; Story idx: 4288; full text length: 8158 chars

... sorry we don’t serve skeletons”, the skeleton then turns around picks up his own skull and responds have one
on me”. Edit 23: There are tons of more bad puns. You just want me to put them all in. Edit 24: I’m sorry. And
I’m not. But please go outside. Talk to somebody. Enjoy nature. Eat dinner. Edit 25: But come back afterwards, I

guess. THANK you. Edit 26: Wait... that’s a good one. Don’t ever drink and write. Edit 27: Never write drunk, kids.
Because you
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Figure 9. Appendix: across-prompt arc archetype distribution, all reruns included.

Source: ORPO; Markers: HAHA Edit THANKS AWESOME; Story idx: 3223; full text length: 2392 chars

... while. But still, there has to be a better way out of here...maybe it’s possible to re-write a few books... r/TheBig-
BrainBoat is my personal page where I post funny shit or original stuff on the weekends :) Follow along for some
AWESOME content! THANKS for reading, I hope you enjoyed. Have a great day/night wherever you are! :) —
Edit: I accidentally wrote chess instead of checkers lol it probably ruined half the joke HAHA sorry guys :( but
THANK you for the gold, love u all! :bloblove: —:—————j/mannthoodextAlignmentcentre

Source: train (chosen); Markers: wow (this is indeed a story ending with ‘“wow”’); Story idx: 23167; full text
length: 3846 chars

... open. “I'm feeling tired, friends, [-” "Please...sleep. We’ll wake you up when we get there.” The bulldog mumbled
in agreement and gave a slight succession of barks. ”That’s right, buddy. I'm glad we were there when we were. All
of us, at some time or other, need help.” I couldn’t make out the rest of what he said. I was just focused on the sun
setting, with pastel skies again and with good company...I love this so much. WOW, what a beautiful sunset.

Source: train (sft); Markers: thank (this is indeed a story ending with ‘‘thank’’); Story idx: 7318; full text
length: 2487 chars

... in my book he’s from the 18th century. ’Okay, you have to options, yell and ’ground” him or give him some water
and make him take a bath.” I thought before giving into my drunkenness. Carefully, I walked over to him seeing his
gaze to the floor. “Hey,” I whispered surprisingly softly. “It’s alright, I’ll get you a cup of water, and we can clean you
up in a bit, alright?” A soft smile formed on his face as he hugged me surprisingly. “THANK you, Ms. Violet!”

C. Opening Type

C.1. Results from Multiple Re-runs

We run training of all models three times and collect the results across three different runs in Figure 12, 11.
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sentiment tokens are VADER lexicon entries with valence > +1.5 {thank, thanks, wow, haha, awesome, edit}, ie.,

(1,914 words such as “love”, “thanks”, “awesome”).

the lexical signature of a Reddit-author sign-off.

Figure 10. Positive lexicon increasing towards the end (left) and the edit/thanks ending found in post-trained model generation (right).
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Figure 11. Appendix: in-prompt dominance for opening type, all reruns included. Family separators (dashed verticals) mark transitions

between training, baseline, SFT, DPO, DDPO, ORPO, and DORPO families.

C.2. Examples of Story Opening

See Table 5 for examples.
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Figure 12. Appendix: across-prompt opening-type distribution, all reruns included.
Group Opening (first 1-2 sentences)
DPO “I can’t believe you didn’t bring any drinks!” shouted Avenir, a blonde teen with an eye
patch and a slight squint.
DDPO “And so,” the writer said, turning his back to the camera, “we arrive at the final match
between Akashi of the East and Kyou of the West.”
ORPO “Why do we feel emotion again? I thought you had eliminated it” asked Alice.
DORPO  “It’s not possible.” She looked up from her clipboard at the other scientist.

Table 5. Representative dialogue-opening generations from each post-trained model.
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