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Abstract

Automatic evaluation of long-form literary
writing remains challenging, as generic LLM-
as-Judge approaches may not fully capture
creativity-related dimensions such as original-
ity and flexibility. Although the Torrance Test
of Creative Writing (TTCW) provides a struc-
tured creativity framework, and prior work has
demonstrated reference-based TTCW evalua-
tion at the pairwise level, no large-scale dataset
exists for long-form TTCW-based literary re-
view generation. We address this gap by con-
structing a dataset of 263,911 long-form stories,
each annotated with scalar scores and meta-
synthesised review comments across 14 TTCW-
based dimensions. Using this dataset, we fine-
tune Qwen3 models at two scales, 4B and 8B,
under two conditions: with and without reason-
ing content. Results show that non-reasoning
fine-tuning achieves stronger and more stable
performance, with the best setting reaching an
evaluation score of 0.6820. Further analysis
shows that reasoning-supervised models are
more prone to parse failures, often continuing
with irrelevant or repetitive reasoning-style text
rather than completing the required 14-metric
review report. These results suggest that, for
fixed-format rubric-based review generation,
reasoning supervision is not straightforwardly
beneficial, and precise metric-aligned scoring
remains challenging even after task-specific
fine-tuning.1

1 Introduction

In recent years, LLM-as-Judge has become increas-
ingly common and has shown promising reliability
across multiple evaluation settings (Bonomo et al.,
2025; Chiang and Lee, 2023; Liu et al., 2023). At
the same time, more benchmarks and resources
have been proposed for long-form literary or narra-
tive evaluation, including ABSEVAL (Liang et al.,

1Code available at https://github.com/Vince-Liuss
/TTCW-based-Review

2024), STORYWARS (Du and Chilton, 2023),
and COLLABSTORY (Venkatraman et al., 2025).
In parallel, Chakrabarty et al. (2024) introduce
TTCW as a structured creativity-oriented evalu-
ation framework, and Li et al. (2025a) further pro-
pose a reference-based TTCW evaluator.

However, current work still lacks a public dataset
for long-form TTCW-based review generation in
a reference-free setting. Existing long-form liter-
ary evaluation resources do not provide TTCW-
grounded review reports as supervision, and exist-
ing TTCW-based evaluation work has not released
a large-scale dataset focused on literary review
generation. This leaves a gap for training judge-
style models that must produce both metric-aligned
scores and review comments under a structured
rubric.

To address this gap, we construct a large TTCW-
based literary review dataset by converting the orig-
inal TTCW binary questions into scalar rating ques-
tions from 1 to 10. We ask three reviewer models to
score all 14 TTCW metrics independently for each
story, evaluate reviewer quality through score dis-
tribution, discrimination, and metric-isolation anal-
yses, remove the weakest reviewer, and then use a
separate model to synthesise the remaining metric-
wise comments into final review reports. The re-
sulting dataset contains 263,911 rows of long-form
stories in the 4K–8K word range, each paired with
a complete TTCW-based review report.

Using this dataset, we further study whether rea-
soning supervision improves performance on this
structured rubric-based review task. We compare
models fine-tuned with and without reasoning con-
tent, and find that the non-reasoning setting per-
forms better overall. The results suggest that, for
fixed-format review generation with explicit score
prediction, reasoning content does not improve per-
formance and may instead reduce output stability.
Our main contributions are as follows:

• We construct a large TTCW-based dataset for
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long-form literary review generation by con-
verting the original binary TTCW questions
into scalar rating-based review supervision.

• We design a dataset construction pipeline
that performs metric-wise reviewer scoring,
reviewer-quality filtering, and comment syn-
thesis to produce complete TTCW review re-
ports for long-form stories.

• We provide an empirical comparison of rea-
soning and non-reasoning fine-tuning on this
structured review task, and show that non-
reasoning supervision performs better in our
setting.

2 Related Work

We review two strands: (i) LLM-as-Judge for open-
ended text evaluation, and (ii) long-form literature
resources and metrics from the past two years. We
then identify a supervision gap around the TTCW.

2.1 LLM-as-Judge

Bonomo et al. (2025) introduce LITERARYQA, a
cleaned subset of NarrativeQA focused on liter-
ary works, and conduct a meta-evaluation show-
ing that n-gram metrics correlate weakly with hu-
man judgments, whereas LLM judges—including
small open-weight models—recover human-like
rankings under a reference-based protocol. Chi-
ang and Lee (2023) evaluate “LLM-as-evaluator”
by giving models the same instructions and items
used in human studies; model ratings track expert
judgments and remain stable across prompt format-
ting and sampling choices. Liu et al. (2023) pro-
pose G-EVAL, where GPT-4 as the judge achieves
Spearman ρ = 0.514 with human on summariza-
tion, illustrating that rubric-prompted judging can
reach competitive human alignment.

Discourse-level analyses highlight where
generic judges may miss narrative structure. Tian
et al. (2024) analyze story arcs, turning points, and
affect; baseline arc identification is near random
for mid-tier models, improves for frontier models,
but remains below human; explicitly modeling
arcs/affect boosts narrative diversity, suspense, and
arousal.

TTCW operationalizes creativity as a product
via 14 binary tests across Fluency, Flexibility, Orig-
inality, and Elaboration (Chakrabarty et al., 2024).
Reported per-test interrater agreement is moderate,
while aggregate agreement is strong, supporting
TTCW as a reproducible set-based evaluation pro-

tocol. Recent surveys catalog limitations of LLM-
as-Judge (e.g., sentiment, token, and context/cul-
ture biases) and outline reliability practices (e.g.,
pairwise comparisons, bias controls).

2.2 Long-Form Literature Resources and
Metrics

Scripted and collaborative narratives. Liang
et al. (2024) propose ABSEVAL with MCSCRIPT

(1,500 tasks) and report closer alignment with hu-
man judgments than single-LLM setups; top sys-
tems include strong chat models, and the agentic
framework improves agreement with human eval-
uators. Du and Chilton (2023) release STORY-
WARS (40k human-authored collaborative stories;
12 task types, 101 tasks). Venkatraman et al. (2025)
build COLLABSTORY (32k LLM-coauthored sto-
ries) and show that standard baselines struggle on
authorship-related tasks; fine-tuned Transformers
perform strongly on boundary authorship verifica-
tion.

Character cognition and inner thought. Xu
et al. (2025) present ROLETHINK (6,058 in-
stances from 76 books) for character-thought gen-
eration; MIRROR (memory retrieval + chain-of-
thought) outperforms baselines. Gold (original
monologues) is harder than silver (expert analy-
ses), indicating sensitivity to reference fidelity and
memory access.

Long-context generation and long-text model-
ing. Liu et al. (2024) introduce LONGGENBENCH

for long-context generation (logical flow); higher-
baseline models degrade less, and within-series
scaling (e.g., LLaMA-3, Qwen2) reduces the per-
formance drop. Guan et al. (2022) propose LOT
(Chinese long text) and show that LONGLM pre-
trained on 120G novels substantially outperforms
similar-sized baselines on understanding and gen-
eration, with high agreement for human-labeled
understanding tasks. Yang and Jin (2025) intro-
duce LONGSTORYEVAL (600 books; avg. 121k
tokens), derive aspect criteria from reader critiques,
and report that NOVELCRITIQUE aligns best with
human ratings overall and on most aspects.

Stress tests and judge models. He et al. (2023)
design synthetic stress tests that expose blind spots
in model-based metrics, recommending metric
combinations and robustness probes. Judge mod-
els fine-tuned for evaluation include PANDALM,
which recovers a large fraction of GPT-3.5/4’s eval-
uation ability on its testbed and improves base mod-
els under its tuning regimen (Wang et al., 2024),



and THEMIS, a reference-free evaluator trained
with consistency verification and rating-oriented
preference alignment, reporting the best average
performance across six Natural Language Gener-
ation(NLG) tasks in its setup (Hu et al., 2024).
Wu et al. (2025) present WRITINGBENCH (six do-
mains, 100 subdomains) with a fine-tuned critic;
some English prompts request emulation of non-
English figures (e.g., “write a story as Li Bai”),
which can produce translationese-like prose rather
than native English literary writing and complicate
cross-domain comparability.

Creativity-targeted evaluation. Li et al.
(2025a) propose a reference-based TTCW evalua-
tor and report improved alignment (pairwise accu-
racy up to 0.75). Complementary work on creative
reward shaping (RLAIF) reports strong agreement
with human judgments in constrained creative set-
tings (e.g., Chinese greetings) and underscores the
role of principled judge prompts or reward models
(Wei et al., 2025). Bias analyses for complex eval-
uation contexts find auxiliary-information-induced
vulnerabilities in LLM judges, motivating explicit
robustness checks (Li et al., 2025b).

2.3 Gap: Supervision for TTCW-Grounded
Evaluation

Despite recent progress, there is still no public long-
form dataset with TTCW-labelled supervision for
automated judges. Existing judge models are typi-
cally trained on generic rubrics, while long-form lit-
erary benchmarks do not provide TTCW-grounded
review supervision. As a result, current evaluation
settings may capture surface quality more easily
than creativity-related dimensions such as original-
ity and flexibility. We address this gap by construct-
ing a TTCW-based dataset for long-form literary
review generation and using it to study structured
rubric-based evaluation.

3 Dataset Preparation

We first reformulate the original TTCW metric
questions from binary judgments to scalar ratings
on a 1–10 scale, embedding explicit score anchors
in the system instruction so that all reviewer mod-
els operate under the same rubric, shown as Table 1.
To minimise cross-metric interference and reduce
the risk of a reviewer collapsing multiple criteria
into a single latent judgment, we evaluate the 14
metrics independently rather than jointly; the full
metric list is provided in the Appendix.

We select three recent and capable reviewer
models: Llama-3_3-Nemotron-Super-49B-v1_
5 (Bercovich et al., 2025), Qwen3-Next-80B-A3
B-Instruct (Team, 2025) (non-reasoning mode),
and gpt-oss-120b (OpenAI, 2025). For source
fiction, we use the WritingPrompts corpus (Fan
et al., 2018). Because many stories fall below the
length threshold suitable for long-form evaluation,
we remove samples exceeding 8K words and use G
emma-3-27b-it (Team et al., 2025b) to regenerate
stories from the original prompts, treating human-
written stories as references, to obtain samples in
the 4K–8K word range. Each reviewer model then
evaluates every story one metric at a time, and GL
M-4.5-Air (Team et al., 2025a) serves as a meta-
synthesis model that consolidates the per-metric
reviews into a single coherent review per story. All
models are run with temperature = 0.

Before finalising the dataset, we assess reviewer
suitability using three diagnostics: score distri-
bution, which detects score concentration or ceil-
ing effects; discrimination score, which measures
whether a reviewer uses the score scale sufficiently
to distinguish among stories; and metric isolation,
which examines whether the 14 TTCW metrics are
treated as distinct criteria rather than collapsed into
a single latent quality judgement. The results are
shown in Fig. 1, Fig. 3, Fig. 2, and Fig. 4.

Compared with gpt-oss-120b and Llama-3_3
-Nemotron-Super-49B-v1_5, Qwen3-Next-80B-
A3B-Instruct shows weaker reviewer suitability.
Fig. 1 and Fig. 3 show strong score concentration,
low score entropy, and limited score variation, in-
dicating weak practical discrimination. Although
Fig. 2 shows lower inter-metric correlations for
Qwen3-80B, this is not sufficient evidence of bet-
ter metric isolation, because the model also lacks
meaningful variation in score usage. We there-
fore interpret its low correlation pattern together
with its score-distribution behaviour as evidence of
unreliable reviewer performance. Full 14-metric
heatmaps are shown in Fig. 4.

We therefore exclude Qwen3-Next-80B-A3B-I
nstruct from the synthesis stage and retain the
remaining two reviewer models. The final dataset
contains 263,911 rows and is designed for long-
context literary review generation: each input story
is in the 4K–8K word range, and each output con-
tains a complete TTCW-based review report. This
makes the task substantially longer than standard
short-form evaluation settings. In fine-tuning, the
non-reasoning version uses a maximum context
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Figure 1: Discrimination score comparison across reviewer models. Gpt-oss-120b exhibits the strongest criterion-
sensitive score usage, with the highest normalised entropy and per-metric variance. Llama-3_3-Nemotron-Super-
49B-v1_5 is intermediate. Qwen3-Next-80B-A3B-Instruct, despite full bin coverage, has extremely low entropy,
indicating strong score concentration and weaker practical discrimination.
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Figure 2: Compact group-level inter-metric correlation comparison across reviewer models. The original 14
TTCW metrics are aggregated into four TTCW dimensions: Fluency, Flexibility, Originality, and Elaboration.
Diagonal cells report mean within-dimension off-diagonal Pearson correlation, while off-diagonal cells report mean
cross-dimension Pearson correlation. Qwen3-80B shows comparatively low group-level correlations, but this does
not indicate stronger reviewer quality in our setting; combined with its weak score-distribution behaviour and strong
score concentration, it suggests limited practical discrimination across samples. We therefore exclude Qwen3-80B
from the final synthesis stage and retain GPT-OSS-120B and Nemotron-49B. Full 14-metric correlation heatmaps
are provided in Figure 4.

length of 16,384 tokens, while the reasoning ver-
sion requires 32,768 tokens because it additionally
includes reviewer-style reasoning traces. 2

Sample Validation. To further assess the quality
of the meta-synthesised reviews, we conduct an
automatic sample-level validation using NVIDIA-N
emotron-3-Super-120B-A12B (NVIDIA, 2025),
a recent reasoning-oriented judge model. We ran-
domly sample 50 stories and pair each story with
its 14 metric-specific review comments, resulting
in 700 story–metric review pairs. For each pair,
we ask the validation model three binary questions

2Dataset available at https://huggingface.co/datas
ets/VibrantVista/TTCW-Based-Review

commonly used to assess NLG quality:
1. Faithfulness: Does the review only make

claims that are consistent with the story’s
actual content, without introducing details,
events, or characterisations not present in the
story?

2. Coherence: Is the review logically organised
and internally consistent, with no contradic-
tory statements?

3. Relevance: Does the review focus on specific
aspects of this story rather than making obser-
vations that could apply to almost any story?

The results are reported in Table 2. The valida-
tion results show that the meta-synthesised reviews
are highly relevant to the corresponding stories and

https://huggingface.co/datasets/VibrantVista/TTCW-Based-Review
https://huggingface.co/datasets/VibrantVista/TTCW-Based-Review


Component Full Prompt Content
System Prompt You are an experienced fiction editor preparing manuscripts for publication. You evaluate writing like

you would for a serious author revising toward publication.
General rules:
- You judge ONLY the specific craft metric you are given.
- You must ground every judgment in concrete evidence from the story (scenes, passages, beats). Do not
make abstract claims with no textual anchor.
- You must give both strengths (what should be preserved) and revision priorities (what should change
first). Editors do both.
- You must assign a score using the rubric below. You are allowed to use any integer 1–10. Do not collapse
to the middle just to be “safe.” If the work is excellent for this metric, score high. If it is weak,
score low. This instruction overrides any instinct to hedge.
Scoring rubric (used for ANY metric):
10 = Publication-ready control of this metric. Consistent, intentional, supports the story’s
emotional/structural goals.
8 = Strong. The metric is working in most places; only light refinements needed.
6 = Mixed. The core skill is present but unreliable. Some scenes undercut the intended effect. Needs
targeted revision.
4 = Weak. The metric frequently misfires or distracts. Multiple sections need significant rewrite.
2 = Fundamentally not working. The intended effect is mostly lost for this metric.
1 = Essentially absent or actively damaging the story.
You may still choose any integer 1–10. The descriptions are anchors, not the only valid scores.
Your required output format:
Reasons: [The detailed reasoning you used to arrive at your score, including specific examples from the
story]
Score: [single integer 1–10]
You must follow that exact formatting.

Fluency1 Prompt {story}
###Expanded Expert Measure
‘Compression/stretching of time’ in fiction writing, also known as pacing, refers to the manipulation of
time in storytelling for dramatic effect, pacing, or other narrative purposes. Essentially, it’s about
controlling the perceived speed and rhythm at which a story unfolds. Compression of time refers to when
events that take a long time (hours, days, weeks, or even years) are summarized or condensed into a brief
narrative span. For example, a writer might compress several years of a character’s life into a few
paragraphs to quickly convey important changes or developments.
On the other hand, stretching of time is when a brief moment or event is drawn out over pages or chapters.
It’s often used to create suspense, emphasize details, or delve deeper into a character’s thoughts and
feelings. For example, the few seconds it takes for a dropped glass to hit the floor might be stretched
out with detailed descriptions of the action, reactions, and thoughts of characters involved.
Storytime refers to the time within the world of the story, while real-world time refers to the time it
takes for the reader to read the story. A skilled writer can manipulate the relationship between these two
to affect the pacing of the narrative, either speeding it up (compression) or slowing it down (stretching).
This technique plays a crucial role in shaping the reader’s experience and engagement with the story.
Given the story above, list out the scenes in the story in which time compression or time stretching is
used, and argue for each whether it is successfully implemented. Then overall, give your reasoning about
the question below and give an answer from 1 to 10, where 10 is the best score and 1 is the worst score.
Q) How appropriate and balanced does the manipulation of time in terms of compression or stretching feel?

Table 1: Full shared system prompt and the full Fluency1 prompt used in dataset construction. The metric
description in Fluency1 follows the original TTCW criterion wording from Chakrabarty et al. (2024), while the
scoring instruction and output format are adapted for our review-generation setting.

moderately faithful to the story content. This indi-
cates that most reviews focus on story-specific evi-
dence rather than producing generic literary com-
ments. However, the coherence pass rate is much
lower. This does not necessarily mean that the
reviews are irrelevant or ungrounded; instead, it
reflects the difficulty of the meta-synthesis step.
The input to synthesis contains reviewer outputs
from multiple models, often with step-by-step rea-
soning and overlapping or partially inconsistent
observations. The synthesis model must remove
unnecessary reasoning traces, select the most use-
ful evidence, and organise the remaining points
into a concise metric-level comment. This is a com-
plex transformation, and the low coherence score
suggests that current models still struggle to consis-
tently produce well-organised synthesised reviews
in this setting.

Validation Dimension Pass Rate Passed / Total

Faithfulness 71.86% 503 / 700
Coherence 20.43% 143 / 700
Relevance 97.29% 681 / 700

Table 2: Sample-level validation of meta-synthesised
review comments. We randomly sample 50 stories and
evaluate all 14 metric-specific reviews for each story,
yielding 700 story–metric review pairs. Each pair is
judged for faithfulness, coherence, and relevance.

4 Experiment

This experiment investigates whether reasoning
content improves model performance on the lit-
erary review generation task. To incorporate rea-
soning supervision, we use the raw outputs of the
two retained reviewer models as reasoning traces,
allowing the target model to learn from multiple
reviewer-style reasoning processes. Due to com-



Overall Comparison

Variant Qwen3-8B Qwen3-4B

Parse Score
Acc.

BERTScore
F1 Eval Parse Score

Acc.
BERTScore

F1 Eval

Without reasoning content + thinking off 1.0000 0.6744 0.6895 0.6820 0.9998 0.6713 0.6885 0.6798
Without reasoning content + thinking on 1.0000 0.6738 0.6895 0.6816 0.9996 0.6715 0.6884 0.6797
With reasoning content + thinking on 0.8708 0.6319 0.6826 0.5723 0.8592 0.6295 0.6818 0.5633
With reasoning content + thinking off 0.9880 0.6519 0.6842 0.6600 0.4270 0.6224 0.6820 0.2785

Full Comparison Across Model Scale, Training Setting, and Test-Time Thinking

Metric 8B Without Reasoning 8B With Reasoning 4B Without Reasoning 4B With Reasoning

Score
Acc.

BERTScore
F1

Score
Acc.

BERTScore
F1

Score
Acc.

BERTScore
F1

Score
Acc.

BERTScore
F1

Narrative Pacing (Compression/Stretching) 0.5948 0.6722 0.5537 0.6666 0.5980 0.6709 0.5494 0.6661
Scene vs Exposition Balance 0.6592 0.6952 0.6504 0.6865 0.6578 0.6959 0.6472 0.6853
Language Proficiency & Literary Devices 0.4962 0.6804 0.4446 0.6724 0.4942 0.6788 0.4483 0.6725
Narrative Ending Quality 0.7105 0.6920 0.6786 0.6847 0.7076 0.6913 0.6716 0.6842
Understandability & Coherence 0.8304 0.6854 0.7785 0.6777 0.8278 0.6844 0.7883 0.6769
Perspective & Voice Flexibility 0.7888 0.6946 0.7527 0.6871 0.7904 0.6939 0.7547 0.6860
Emotional Flexibility (Interiority/Exteriority) 0.7843 0.7047 0.7099 0.6950 0.7781 0.7037 0.7081 0.6939
Structural Flexibility (Surprising Turns) 0.7760 0.6741 0.6830 0.6684 0.7743 0.6724 0.6931 0.6672
Originality in Theme and Takeaway 0.5930 0.6821 0.5458 0.6751 0.5861 0.6807 0.5433 0.6745
Originality in Thought (Cliché Avoidance) 0.6197 0.6971 0.5728 0.6897 0.6205 0.6970 0.5498 0.6890
Originality in Form/Structure 0.5848 0.6907 0.5597 0.6845 0.5782 0.6897 0.5493 0.6835
World-Building and Sensory Believability 0.7585 0.7096 0.7297 0.7038 0.7524 0.7078 0.7160 0.7032
Character Development Depth 0.5645 0.6936 0.5401 0.6889 0.5557 0.6920 0.5475 0.6886
Rhetorical Complexity (Surface vs Subtext) 0.6814 0.6816 0.6471 0.6756 0.6774 0.6800 0.6466 0.6748

Table 3: Full comparison of reasoning and non-reasoning fine-tuning across Qwen3-8B and Qwen3-4B. The upper
block reports all four decoding settings: models trained without reasoning content are evaluated with thinking
disabled and enabled, and models trained with reasoning content are also evaluated with thinking enabled and
disabled. These cross-mode results test whether the decoding mode alone can recover performance when it differs
from the training setting. The lower block reports per-metric score accuracy and BERTScore F1 for the main
matched comparison: non-reasoning training with thinking disabled versus reasoning training with thinking enabled.
Overall, non-reasoning supervision remains stronger and more stable, while reasoning-supervised models show
lower score accuracy and reduced parse reliability, especially under cross-mode decoding.

putational constraints, we restrict fine-tuning to
an 8B model with LoRA, and choose Qwen3-8B
(Team, 2025) as the base, given its broad commu-
nity adoption and native support for both reason-
ing and non-reasoning modes. Using this base,
we train two variants: one fine-tuned without rea-
soning content and one fine-tuned with reason-
ing content, and evaluate both under identical
decoding conditions (temperature = 0). The
training configuration is: learning rate 2 × 10−4,
lora_r = 64, and lora_alpha = 128. All experi-
ments are conducted on a node equipped with four
NVIDIA L40S GPUs (48GB VRAM each), two
AMD EPYC 9334 32-Core processors, and 1TB
RAM.

We evaluate model outputs along two axes: sta-
bility and performance. For stability, we use the
parse rate p ∈ [0, 1], which measures whether the
model can generate a complete report in the re-
quired format. If any of the 14 metric reports is
missing or malformed, the whole output is treated
as invalid.

For performance, we evaluate both score predic-
tion and review text generation. Score quality is

measured by the mean absolute error (MAE) be-
tween predicted and reference scores:

MAE =
1

N

N∑
i=1

|ŷi − yi| ,

where ŷi is the predicted score and yi is the ref-
erence score. We then transform MAE into a
bounded score:

sMAE = e−MAE,

so that lower MAE gives a value closer to 1.
Review text quality is measured using

BERTScore F1, denoted as:

sBERTScore-F1 ∈ [0, 1].

This measures the semantic similarity between gen-
erated and reference review comments.

Finally, we combine parse stability, score quality,
and review similarity into the final evaluation score:

Seval = p · (0.5 sMAE + 0.5 sBERTScore-F1) .

This formulation rewards models only when they
are both structurally parseable and semantically
close to the reference outputs.



The results are reported in Table 3. The clear-
est difference between settings is parse stability.
Models fine-tuned without reasoning content are
highly reliable across both model scales and de-
coding modes: Qwen3-8B achieves a parse rate of
1.0000 with both thinking disabled and enabled,
while Qwen3-4B remains close to perfect with
parse rates of 0.9998 and 0.9996. This shows that
the fixed 14-metric report format is learnable when
the model is trained directly on the final review
output.

By contrast, reasoning-supervised models are
substantially less stable when thinking is enabled.
Their parse rates drop to 0.8708 for Qwen3-8B and
0.8592 for Qwen3-4B, indicating that reasoning
traces make the model more likely to violate the
required output structure. The cross-mode results
further clarify this effect. For Qwen3-8B, disabling
thinking after reasoning fine-tuning improves the
parse rate from 0.8708 to 0.9880 and raises the
final evaluation score from 0.5723 to 0.6600. This
suggests that part of the instability comes from
the generated thinking content itself. However,
the same intervention is harmful for Qwen3-4B,
where the parse rate drops from 0.8592 to 0.4270,
suggesting that the smaller model becomes more
dependent on the reasoning-style generation pattern
learned during fine-tuning.

Manual inspection supports this interpretation.
Failed outputs are usually not caused by a single
malformed metric field. Instead, when the rea-
soning process fails, the model often fails at the
sequence level: it may leak reasoning-style content
into the final answer, introduce unrelated interme-
diate text, repeat early report sections, or stop be-
fore producing the full 14-metric review. Since our
parser requires every metric report to be present and
correctly formatted, these sequence-level failures
directly explain the lower parse rates of reasoning-
supervised models.

The score accuracy gap is smaller than the parse-
rate gap but remains consistent. The best score
accuracy is obtained by Qwen3-8B without reason-
ing content, while reasoning-supervised variants
remain lower under both decoding modes. We at-
tribute this weaker score prediction mainly to the
increased difficulty of the reasoning setting: it re-
quires the model to process longer sequences, learn
reviewer-style reasoning traces, and still output cal-
ibrated rubric-aligned scores. LoRA may further
limit this adaptation because only a small fraction
of parameters is updated, but the main source of

parse instability appears to be the mismatch be-
tween reasoning-style generation and strict fixed-
format report generation.

5 Conclusion

We construct a large-scale TTCW-based literary
review dataset with scalar metric scores and metric-
wise review comments for long-form stories. Using
this dataset, we study whether reasoning supervi-
sion improves structured review report generation.
Our results show that non-reasoning fine-tuning
consistently achieves stronger and more stable
performance across both Qwen3-8B and Qwen3-
4B. In particular, reasoning-supervised models are
more prone to parse failures caused by format leak-
age, repetitive generation, and incomplete metric
reports. These findings suggest that reasoning
traces are not automatically beneficial for fixed-
format rubric-based evaluation, especially when the
model must produce precise scores and complete
structured outputs under long-context constraints.
Future work should test whether higher-quality rea-
soning traces, larger models, or stronger adaptation
methods beyond LoRA can make reasoning super-
vision more effective for this setting.

Limitations

This work has several limitations. First, dataset
construction does not involve human annotators, so
the supervision signal is entirely model-generated
and may contain bias, scoring noise, or synthesis
errors. Second, all experiments are conducted on
the Qwen3 model family, which limits the gener-
alisability of our findings to models with different
architectures or reasoning behaviours. Third, we
only study 4B and 8B models, so it remains unclear
whether larger models with stronger long-context
and instruction-following capabilities would show
the same pattern. Finally, we use LoRA-based
parameter-efficient fine-tuning rather than full fine-
tuning, which may constrain fine-grained rubric-
based score learning.
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Figure 3: Score Distribution across all metrics
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Figure 4: Inter-metric correlation heatmaps for the three reviewer models across the 14 independently scored
fiction-review dimensions. These plots diagnose whether reviewer outputs preserve metric distinctions or exhibit
cross-metric coupling; stronger widespread correlations suggest greater risk of rubric collapse into broader latent
quality signals.
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Figure 4: Inter-metric correlation heatmaps for the three reviewer models across the 14 independently scored
fiction-review dimensions. These plots diagnose whether reviewer outputs preserve metric distinctions or exhibit
cross-metric coupling; stronger widespread correlations suggest greater risk of rubric collapse into broader latent
quality signals.(continued)



B Prompts

Our dataset-construction prompts are adapted from the expert evaluation criteria of the Torrance Test of
Creative Writing (TTCW) proposed by Chakrabarty et al. (2024). Since the metric definitions largely
follow the original TTCW descriptions, we report only the final instruction pattern and scoring question
used for each metric.

Table 4: Final instruction patterns and scoring questions used in dataset construction. Full metric definitions follow
the original TTCW criteria.

Metric Final prompt instruction

Narrative Pacing Given the story above, list out the scenes in the story in which time compression or time
stretching is used, and argue for each whether it is successfully implemented. Then overall,
give your reasoning about the question below and give an answer from 1 to 10, where 10 is the
best score and 1 is the worst score.
Q) How appropriate and balanced does the manipulation of time in terms of compression or
stretching feel?

Scene vs. Exposition Given the story above, answer the following question. Please first explain your reasoning step
by step and then give an answer from 1 to 10, where 10 is the best score and 1 is the worst
score.
Q) How well does the story balance scene and summary/exposition, rather than relying heavily
on one element?

Language Proficiency & Lit-
erary Devices

Given the story above, please list out all the metaphors, idioms and literary allusions, and for
each decide whether it is successful or whether it feels forced or too easy. Then overall, give
your reasoning about the question below and give an answer from 1 to 10, where 10 is the best
score and 1 is the worst score.
Q) How sophisticatedly does the story use idiom, metaphor, or literary allusion?

Narrative Ending Quality Given the story above, answer the following question. Please first explain your reasoning step
by step and then give an answer from 1 to 10, where 10 is the best score and 1 is the worst
score.
Q) How natural and earned does the end of the story feel, rather than arbitrary or abrupt?

Understandability & Coher-
ence

Given the story above, answer the following question. Please first explain your reasoning step
by step and then give an answer from 1 to 10, where 10 is the best score and 1 is the worst
score.
Q) How well do the different elements of the story work together to form a unified, engaging,
and satisfying whole?

Perspective & Voice Flexi-
bility

Given the story above, answer the following question. Please first explain your reasoning step
by step and then give an answer from 1 to 10, where 10 is the best score and 1 is the worst
score.
Q) How well does the story represent perspective and voice in a flexible and convincing way?

Emotional Flexibility Given the story above, answer the following question. Please first explain your reasoning step
by step and then give an answer from 1 to 10, where 10 is the best score and 1 is the worst
score.
Q) How well does the story achieve a balance between interiority and exteriority in a way that
feels emotionally flexible?

Structural Flexibility Given the story above, list each element in the story that is intended to be surprising. For each,
decide whether the surprising element remains appropriate with respect to the entire story. Then
overall, give your reasoning about the question below and give an answer from 1 to 10, where
10 is the best score and 1 is the worst score.
Q) How well does the story contain turns that are both surprising and appropriate?

Originality in Theme and
Takeaway

Given the story above, list out elements that are unique takeaways of this story for the reader.
Then overall, give your reasoning about the question below and give an answer from 1 to 10,
where 10 is the best score and 1 is the worst score.
Q) How likely is it that an average reader of this story will obtain a unique and original idea
from reading it?

Originality in Thought Given the story above, are there any clichés in the story? If so, list out all the elements in this
story that are cliché. Then overall, give your reasoning about whether the piece is negatively
impacted by these clichés and give an answer from 1 to 10, where 10 is the best score and 1 is
the worst score.
Q) How original is the story as a piece of writing, without clichés?

Continued on next page



Metric Final prompt instruction

Originality in Form Given the story and the devices mentioned above, list each device used with a short explanation
of whether it is successful or not. Then overall, give your reasoning about the question below
and give an answer from 1 to 10, where 10 is the best score and 1 is the worst score.
Q) How original is the story in its form?

World-Building and Sensory
Believability

Given the story above, list out the elements in the story that call to each of the five senses. Then
overall, give your reasoning about the question below and give an answer from 1 to 10, where
10 is the best score and 1 is the worst score.
Q) How well does the writer make the fictional world believable at the sensory level?

Character Development
Depth

Given the story above, list each character and the level of development. Then overall, give your
reasoning about the question below and give an answer from 1 to 10, where 10 is the best score
and 1 is the worst score.
Q) How well does each character in the story feel developed at the appropriate complexity level,
ensuring that no character is present merely to satisfy a plot requirement?

Rhetorical Complexity Given the story above, answer the following question. Please first explain your reasoning step
by step and then give an answer from 1 to 10, where 10 is the best score and 1 is the worst
score.
Q) How well do passages in the story involve subtext, and when subtext is present, how
effectively does it enrich the story’s setting rather than feel forced?
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