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Abstract

Large language models (LLMs) can both eval-
uate and explain text quality; however, most
existing evaluators operate as static classifiers
and lack the ability to refine their reasoning
through interaction. We propose an Iterative
Alpha-Beta Learning framework that jointly
trains two complementary 8B models: an Al-
pha («) classifier that assesses pairwise story
engagement, and a Beta () generator that pro-
duces structured, rubric-guided comparative ex-
planations. The two models co-evolve within a
closed feedback loop: a provides probabilistic
preference signals to guide 3’s Direct Prefer-
ence Optimization (DPO), while 3’s improved
explanations are reintegrated to retrain « via a
KL-based contrastive objective. This dual opti-
mization enables mutual learning: « gains inter-
pretability and robustness from 3’s textual ratio-
nales, while 5 acquires stronger alignment and
discriminative precision from «’s confidence
deltas. Experiments on human-annotated story-
pair datasets (HANNA) show that the proposed
system consistently outperforms strong single-
model baselines in both accuracy and explana-
tion quality across multiple iterative rounds’.

1 Introduction

Story evaluation has become an increasingly im-
portant and substantively challenging problem in
natural language processing (NLP), particularly in
the context of creative writing (Chhun et al., 2024;
Fein et al., 2025). Unlike tasks with well-defined
notions of correctness, stories admit multiple valid
realizations for a given prompt, and their qual-
ity is judged along subjective, high-level dimen-
sions such as coherence, engagement, emotional
resonance, and narrative flow. This inherent open-
endedness makes evaluation both scientifically non-
trivial and practically consequential for analyzing

'Our code, models, datasets, and used prompts will be
released on GitHub.
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and guiding modern large language models (LLMs)
that generate long-form text. Accordingly, a central
question is whether existing automated metrics can
meaningfully capture narrative-level qualities in a
manner that aligns with human judgments.

In practice, most widely used evaluation metrics
fall short of this goal. Standard surface-form mea-
sures, including n-gram overlap metrics such as
BLEU (Papineni et al., 2002) and ROUGE (Lin,
2004), are efficient but correlate poorly with hu-
man assessments of story quality. Learned and
embedding-based metrics, such as BERTScore
(Zhang et al., 2019) and COMET (Rei et al., 2020),
improve semantic sensitivity but remain limited in
capturing higher-level narrative properties like co-
herence, salience, and engagement. More recent
work explores story-specific and reference-free
evaluators, including specialized models (Guan
et al., 2021) and LLM-based judges (Liu et al.,
2023), yet concerns around calibration, robustness,
and interpretability persist, particularly in creative
writing settings (Fein et al., 2025).

These evaluation challenges are tightly coupled
with the growing use of large language models
as creative writing assistants. LLMs are increas-
ingly deployed to support ideation, drafting, and
feedback, yet the effectiveness of such systems
depends critically on how narrative quality is as-
sessed and communicated. Prior work shows that
structured assistance can improve long-range sto-
rytelling (Mirowski et al., 2022), while the form
and granularity of model interventions substantially
shape writer outcomes and experience (Dhillon
et al., 2024). More recently, research has begun to
examine automated feedback for narratives, finding
that although LLM-generated critiques are often
fluent and plausible, they frequently miss the most
consequential story-level issues (Rashkin et al.,
2025). Together, these findings highlight a gap
between the increasing use of LLMs in creative
writing and our limited ability to reliably evaluate
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and guide story generation.

Despite rapid progress, evaluation and writing as-
sistance have largely evolved along separate trajec-
tories. Story evaluators, including automated met-
rics, LLM-based judges, and supervised preference
models, can rank or score candidate stories, yet they
often fail to produce reliable, human-interpretable
rationales that remain stable across prompts and
data distributions (Guan et al., 2021; Fein et al.,
2025). Conversely, writing assistants and feedback
generators can provide detailed critiques, but their
outputs are typically not grounded in a consistent
comparative preference model and are therefore
difficult to use as training signals for robust en-
gagement evaluation (Rashkin et al., 2025). As a
result, a unified framework that jointly improves
preference prediction and explanation quality in a
mutually reinforcing manner remains lacking.

Rather than treating evaluation and explanation
as separate components, we propose a joint model-
ing framework that integrates both within a closed
feedback loop. The core idea is to enable an evalua-
tor () and an explainer (/3) to iteratively refine one
another: evaluative signals guide the generation
of more informative explanations, while reason-
ing over explanations yields more robust and inter-
pretable evaluations. We implement this framework
by training two task-specialized, moderately sized
language models instead of relying on repeated
calls to commercial LLM APIs. This approach
substantially reduces computational and monetary
costs while allowing precise control over model
behavior, training dynamics, and evaluation proto-
cols.

Our main contributions are summarized as fol-
lows:

¢ We introduce the Iterative Alpha—Beta
Learning Framework, a dual-model archi-
tecture that jointly optimizes a preference clas-
sifier and an explanation generator via round-
based mutual feedback.

We evaluate the « evaluator on the HANNA
dataset with human engagement labels and
assess the § explainer through its effects on
«’s confidence and accuracy, expert human
judgments, and downstream story revision
performance. Across multiple iterative train-
ing rounds on human-annotated story-pair
datasets, we observe consistent improvements
in preference accuracy and explanation qual-
ity relative to strong single-model baselines,

with aligned explanations preferred by expert
annotators and leading to higher-quality down-
stream A/B story revisions.

2 Related Works

Early work on story evaluation relied on overlap-
based metrics such as BLEU, ROUGE, and chrF,
which assess surface-level similarity to refer-
ence texts. However, these metrics often fail
to capture true narrative quality in open-ended
tasks like story generation, where diverse but
valid outputs exist (Guan et al., 2021; Guan and
Huang, 2020). Embedding-based metrics, includ-
ing BERTScore (Zhang et al., 2019) and Mover-
Score (Zhao et al., 2019), compare contextual em-
beddings instead of raw tokens. While improving
semantic sensitivity, they remain limited in detect-
ing higher-level narrative aspects such as coherence
and plot progression (Guan et al., 2021). Learned
metrics, like BLEURT (Sellam et al., 2020) and
COMET (Rei et al., 2020), are trained on human an-
notations, often from summarization or translation
domains. These correlate better with human judg-
ments than traditional metrics but lose effective-
ness when applied to creative generation (Guan and
Huang, 2020). Reference-free and discriminator-
based models, such as ADEM (Lowe et al., 2017),
RUBER (Tao et al., 2018), and UNION (Guan and
Huang, 2020), assess generation quality without
reference texts. UNION uses contrastive learning
on perturbed examples to train a classifier iden-
tifying low-quality stories, improving robustness
but requiring careful error design. Pairwise human
comparison has emerged as a preferred evaluation
strategy due to higher reliability over Likert-style
scoring (ter Hoeve et al., 2020). Recent studies
leverage LLMs as evaluators, with models like
GPT-3.5 and GPT-4 achieving strong agreement
with human judgments in story and summarization
tasks (Liu et al., 2023). Nonetheless, prompt sen-
sitivity and limited transparency in their decision-
making remain key challenges (Liu et al., 2024).

Large language models (LLMs) are increasingly
used as writing assistants, supporting tasks ranging
from idea generation and drafting to editing and
stylistic refinement. Systems such as Wordcraft
and GhostWriter enable users to co-author stories
with Al-generated suggestions, thereby enhancing
ideation and writing productivity (Yuan et al., 2022;
Yeh et al., 2024). However, research on human
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Al co-writing reveals important trade-offs: while
LLM assistance often improves fluency and effi-
ciency, it can also shape authorial style and reduce
writers’ sense of ownership over the text (Gero
et al., 2023). Recent work has begun to address
these concerns by designing interfaces that provide
users with greater control over LLM contributions.
For example, some systems allow authors to spec-
ify the Al persona or writing mode to better align
generated content with authorial intent (Lee et al.,
2022). At the same time, the widespread adoption
of LLMs in professional and academic writing has
intensified debates around plagiarism and respon-
sible use, motivating calls for clearer guidelines
and more robust detection methods. Most closely
related to our work, Rashkin et al. (2025) intro-
duces a dedicated task and dataset for evaluating
LLM-generated feedback on story writing. Their
findings show that, although contemporary LLMs
often produce feedback that is specific and super-
ficially plausible, they frequently fail to identify
the most salient writing issues and struggle to ap-
propriately balance critical and positive comments.

3 Proposed Approach

3.1 Notation

Let the tuple define each training sample:

(pA, SA, PB, SB; 3/)
where:
* pa, pp are distinct prompt texts,

* s4,Sp are the corresponding story genera-
tions,

» y € {0, 1} is the binary preference label (y =
0 if s 4 preferred; y = 1 if sp preferred).

We define two task-specialized language models
with complementary roles:

* The o model is a pairwise evaluator that pre-
dicts which of the two stories is more engag-
ing according to human preferences. Given a
story pair, it outputs a preference label.

e The $ model is an explainer that generates
structured, rubric-guided comparative expla-
nations describing how the two stories differ
along engagement-related dimensions, with-
out explicitly stating which story is preferred.

3.2 Overall structure

We introduce an iterative framework that jointly
improves story engagement evaluation and gener-
ates informative explanations that guide the produc-
tion of higher-quality stories. Figure 1 illustrates
the overall system architecture. The system oper-
ates on a pair of prompt story inputs, denoted as
(pa,sa) and (pg, sp), where p represents the writ-
ing prompt and s the corresponding story. Given
a story pair, the 8 model generates a structured,
rubric-guided comparative explanation that charac-
terizes differences between the two stories along
engagement-related dimensions. The o model then
predicts which story is more engaging, optionally
conditioning on the generated explanation, and we
evaluate the extent to which the explanation im-
proves both prediction confidence and accuracy.”
Each explanation is further assessed by the v model
by comparing predictions made with and without
the explanation and measuring the resulting con-
fidence shift. These confidence shifts are used
to rank explanations. High-impact explanations
are used to update [ via preference optimization,
while the strongest explanation for each pair is
also incorporated as auxiliary supervision to up-
date . Through this closed feedback loop, the
generator learns to produce more informative ex-
planations and the classifier learns more robust and
interpretable preference judgments, with both mod-
els improving jointly across iterations.

3.3 « classifier

Overall structure. « is a causal language model
employed as a binary classifier over {A, B}. Clas-
sification is performed by extracting the last-token
logits at a designated answer position and applying
a softmax over the corresponding label tokens.

Input of «. For each example with fields
(pa,SA,PB,SB,Y), We construct two variants: a
no-explanation prompt and a with-explanation
prompt, where the latter inserts a candidate expla-
nation F from [ into the system preamble.

Intermediate steps in a. « tokenizes the input,
identifies the string “Answer:” to locate the answer
position, truncates the input at that point, performs
a single forward pass, and extracts the logits at the
final position. Applying a softmax over the label
token IDs yields py(y | -). For any explanation F,

2All prompts used during training are reported in Ap-
pendix A.1.
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Figure 1: Overall model architecture. Blue arrows indicate data flow, while red arrows denote parameter updates.
E, represents the xth explanation candidate generated by (3, and the explanation highlighted in green corresponds

to the top-ranked candidate selected by the « classifier.

we define the confidence uplift as

=py(y | E) —po(y | @), ¢))

computed using the paired with and without vari-
ants described above.

A(E)

Final output of «. At inference time, a pre-
dicts the preferred option by comparing the label-
conditioned probabilities at the answer position
(“Answer: A” versus “Answer: B”).

Loss of a. « is trained using a KL-style cross-
entropy objective at the answer token. Specifically,
let ¢(y) denote the target distribution, defined as a
one-hot vector over the gold label, and let py(y) de-
note the predicted two-class distribution produced
at the final token. The per-example loss is

LxL(0) = KL(q(v) [ po(y))
—— ) a(y)logps(y) + const. @)

yE€{A,B}

3.4 [ generator

Overall structure. [ is a causal language model
that generates structured, rubric-guided compara-
tive explanations with seven fixed section headings.

It is designed to be label-blind while remaining
evidence-grounded in both stories.

Input and Output of 5. We construct a prompt
containing (pa, s4,pB, sp) and instruct /3 to gen-
erate a comparative explanation that contrasts the
two stories along engagement-relevant dimensions,
without expressing a preference or making a predic-
tion. The explanation is constrained to consist of
exactly seven sections: Emotional Resonance, Mys-
tery and Sensory Intrigue, Tension and Conflict,
World Building, Pacing, Character, and Clarity and
Structure?.

Intermediate steps in 5. We sample m candi-
date explanations for each item. These samples are
sent to « for evaluation and ranking. The resulting
rankings are then used to construct DPO pairs for
subsequent training of [.

Loss of 5. We train 5 using DPO on (chosen,
rejected) explanation pairs. Based on ranking
scores produced by «, the top-ranked explanation
is treated as the chosen explanation, while all re-

3The seven fixed headings are determined based on clus-
tering results of LLM-generated explanations. Further details
are provided in Appendix A.2.
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maining candidates are treated as rejected explana-
tions. Let ¢ denote the parameters of 5 and -y the
inverse temperature. The DPO objective encour-
ages a higher relative preference for the chosen
explanation over the rejected explanation:

Lopo(d) = —loga(yAy), 3)

where Ay = log py(E™) — logpy(E~) and o(-)
denotes the logistic function.

4 Experiments

4.1 Datasets

We evaluate the proposed method and baseline
models on the HANNA dataset (Chhun et al., 2022),
which contains 1,056 narratives annotated by three
independent raters along six quality dimensions
using a five-point Likert scale. Our experiments
focus on the engagement dimension, which cap-
tures the extent to which a reader is engaged with
a story. For each narrative, the engagement score
is computed as the average of the three human rat-
ings. Based on these averaged scores, we construct
a pairwise comparison dataset in which each in-
stance consists of two prompts and story pairs. For
each instance, two stories are randomly sampled
from the corpus, and a preference label is assigned
according to their average engagement scores. To
prevent over-representation, each story appears in
at most 25 comparison instances.

To simulate realistic supervision for knowledge
distillation, we randomly sample 16,000 prompt
and story pairs from the comparison dataset for
training. We additionally sample 2,000 pairs for
validation and 2,000 pairs for testing. Stories in-
cluded in the training, validation, and test sets are
mutually exclusive.

4.2 Benchmarked LLM Performance

For reference, we evaluate several large language
models (LLMs) on the test split of the pairwise
comparison dataset (approximately 2K samples).
As shown in Table 1, most models perform poorly
without task-specific supervision, despite strong
general capabilities, whereas GPT-5.2-thinking
achieves substantially better results. These find-
ings underscore the limitations of out-of-the-box
LLMs for story evaluation and motivate dedicated
training, which informs our model design. We fur-
ther evaluate few-shot learning for Llama-3.3-70B-
Instruct with five in-context examples, obtaining
an accuracy of 0.58 and an F1 score of 0.57. This

Model Accuracy F1

Llama-3.3-70B-Instruct 0.48 0.46
Llama-4-latest 0.62 0.57
GPT-4 0.57 0.55
GPT-5.2-thinking 0.87 0.84

Table 1: Performance of LLMs on the test subset of
the dataset. Reported metrics include accuracy and F1
score.

result aligns with Chhun et al. (2024), who show
that LLLMs are more reliable at selecting the better
storyteller than at evaluating individual stories in
isolation.

4.3 Baselines and Comparisons

All models are fine-tuned on a single A100 GPU us-
ing Llama-3.1-8B-Instruct as the base model. Fine-
tuning is performed with a LoRA configuration
using rank » = 64, lora_alpha = 16, a LoRA
dropout rate of 0.5, and 4-bit quantization. Both
Llama-3.1-8B-Instruct and Llama-3.3-70B-Instruct
are obtained from Hugging Face.

Pairwise only Baseline This model is trained
solely as a discriminator based on Llama-3.1-8B-
Instruct. Given two independently generated story
prompt pairs, it predicts which narrative better sat-
isfies its prompt in terms of engagement. The input
consists only of the two story prompt pairs, and
the model outputs a binary decision (“A” or “B”)
indicating the preferred example. No explanatory
text is generated. Model parameters are optimized
using a standard binary classification loss.

Multi-task Generative Model We reformulate
the evaluation task as a unified sequence genera-
tion problem. Inputs are prefixed with a marker
(for example, [cls]) to indicate the classification
phase, during which the model generates a single
token (“A” or “B”’) denoting the preferred story. A
second marker (for example, [gen]) then prompts
the model to generate a natural language explana-
tion aligned with the explanation labels. These
explanation labels are produced by the Llama-3.3-
70B model and describe why one story is more
engaging than the other.

14255



5 Evaluation

5.1 Evaluating the Explanation Model (5)

We evaluate whether explanations F generated by
[ improve the labeler « and overall story quality.
Each item ¢ comprises a prompt and two stories
(A;, B;) with gold label y; € {A,B}. The labeler
« outputs class probabilities with and without the
explanation F;:

P (y) = f;f(y | A;, Bi),

N “4)
pi'(y) = Pr(y | Ai, Bi, E;).

Predictions are defined as ¢}"° = argmax, p}"(y)
and g} = arg max, p}' (y). We define the baseline
confidence as ¢; = max{p}°(A), p;"°(B)}.

5.2 Log-odds lift

We quantify how E; updates a’s calibrated belief
about the true label. Let the log odds before and
after observing F; be

EZVO _ log b; ~Vggi) ’

1 —p°(vi) 5)
Y =log _Pi\¥i) N(gl) ,

1 —p¥(ys)

where p = min(max(p, €),1 — €) with e = 1076
to ensure numerical stability. The per item log odds
lift is

Al =07 = 07°. (6)
We report E[A/], median(A/), and Pr(A¢ > 0).
A positive lift indicates that F; increases a’s confi-
dence in the correct label.

5.3 Win-rate@£k by baseline confidence

We partition items by «’s baseline confidence c;
and quantify improvements (“rescues”) and harms
within each bin. Let the bin boundaries be 7y <
71 < --- < Tg, defined by fixed thresholds or
quantiles. We define bin by = {i : 7,1 < ¢; <
Tk}

Rescue Win-rate@k. Among instances where «

is initially incorrect, we measure the fraction that
are corrected after incorporating E;:

Ziebk Yi
max(l, D ich, 6i>
where v; = 1[§"° # yi A g = yi] and §; =
1[97° # y;]. This metric captures whether § im-

proves performance on challenging instances char-
acterized by low c¢;.

RescueWR, = , (D

Harm rate & Net Win-rate.
the harm rate,

We further report

Hy,

max(1, Cx)’ ®

HarmRate, =

where Hy =3, 1[9"° = yi A 9" # ;] counts
previously correct predictions that become incor-
rect, and Cy, = 3., 1[§° = y;] counts origi-
nally correct predictions in bin by.

We also report the net improvement,

G| — |L
NetWR,, = 1O+l = IL&l ’“'|b " el ©)
k

Here, Gy = {i € by : §}"° # yi, 9} = yi} de-
notes corrected errors, and L = {i € by : §}'° =
Yi, U # yi} denotes newly introduced errors.

5.4 Matched vs. mismatched explanations

To verify that performance gains arise from the
item-specific signal, we compare the effect of the
matched explanation F; with mismatched expla-
nations F; drawn from other items. Let A?‘amh
denote a chosen per-item effect, such as probabil-
ity lift p"(v;) — p}"°(y;) or log odds lift A¢;, and
let A?isma“h denote the same effect when pairing
(A;, B;) with an explanation F; for j # i, averaged
over M randomly selected indices j for stability.
We report the average treatment effect (ATE):

ATE=F A;natch _ Almismatch] ) (10)
A positive ATE indicates that matched explanations
provide item-specific utility beyond generic text.
Statistical significance is assessed using a paired ¢
test or a permutation test over per-item differences.

5.5 A/B revision win-rate (extrinsic quality)

We evaluate whether explanations improve story
rewriting quality. For each prompt, we generate a
baseline draft Sy ; and a revised draft S ; guided
by E; (e.g., using the same generator with and
without conditioning on F;). A judge compares
(S04, 51,;) and returns a preference. Define [; =
J[S1; is preferred to Sy ;]. The A/B revision win
rate is

N
. 1
WinRate = N Z; 1;, (11)

with ties assigned a value of 0.5.
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Model Accuracy F1 Accuracy (H) F1(H)
Baseline (P) 0.81 0.78 0.69 0.68
Multi-task 0.85 0.83 0.74 0.71
Iterative System 0.91 0.90 0.84 0.82

Table 2: Qualitative performance of the o model, where
‘P’ denotes the pairwise-only model and ‘H’ indicates
harder instances with less than a one-point difference in
human engagement scores.

Metric Value
Mean Ap (test) +0.0252
Median Ap +0.0187
Pr(Ap > 0) 64.1%

Table 3: Probability lift from conditioning e on 3 ex-
planations on the test set.

5.6 Human Preference Evaluation of
Explanations

In addition to model-based metrics, we evaluate
explanation quality using human preference judg-
ments. For each prompt story pair, annotators com-
pare two explanations, one generated by the trained
[ model and one by an untrained baseline (Llama-
3.1-8B-Instruct without task-specific fine-tuning),
and select the explanation that better justifies the
story preference.

Annotations are provided by six NLP PhD anno-
tators*, each independently evaluating explanation
pairs. We report the fraction of comparisons in
which each explanation source is preferred>.

6 Results & Analysis

We report a qualitative comparison of model per-
formance on the dataset in Table 2, using accuracy
and F1 score as evaluation metrics. All reported
scores are averaged over the test set across five runs
with different random seeds during training.

6.1 General Performance

Table 2 summarizes the performance of different
models relative to baselines. The pairwise base-
line achieves 81% accuracy and 0.78 F1, substan-
tially outperforming GPT-4 (5§7%, 0.55) and Llama-
3.3-70B Instruct (48%, 0.46), as well as its 5-shot
variant (58%, 0.57). The multitask model further
improves performance to 85% accuracy and 0.83
F1. Our full model achieves the best results, with
91% accuracy and 0.90 F1. On the harder sub-

“The related prompts are reported in Appendix A.1.3.

5An example of explanation comparison is provided in
Appendix A.3.

set, where human-annotated engagement scores dif-
fer by less than 1, baseline performance degrades
sharply, while our model exhibits only a modest de-
cline, demonstrating greater robustness. All results
are evaluated against expert human annotations.

6.2 Explanation-Induced Probability Lift
(§5.1)

We evaluate how conditioning on 3’s explanations
influences the probability that o assigns to the
correct label. Table 3 reports the probability lift
Ap = p"(y;) — p“°(y;) on the test set. On aver-
age, explanations increase «’s confidence by 2.52
percentage points, suggesting that 3 provides infor-
mative evidence rather than merely stylistic content.

The distribution of Ap indicates that improve-
ments arise from many small, consistent shifts
rather than a few large changes. Positive lifts oc-
cur in a majority of test cases, while large nega-
tive effects are rare, suggesting that 5 explanations
refine o’s confidence instead of destabilizing pre-
dictions. This behavior is consistent with §6.4,
where explanation-induced gains concentrate in
low-confidence cases and remain largely neutral
elsewhere.

6.3 Log-Odds Lift and Stability (§5.2)

To assess whether the observed gains reflect sta-
ble calibration shifts rather than brittle decision
changes, we compute the log odds lift Al =
0 — ' (Eq. (5) in §5.2). Table 4 reports a con-
sistently positive shift, indicating that explanations
tend to refine s beliefs rather than destabilize its
decisions.

Statistic Value
Mean A/ +0.114
Median A¢  +0.072
Pr(A¢>0) 66.8%

Table 4: Log-odds lift from conditioning on 3 explana-
tions.

6.4 Win-Rate@k vs. Baseline Confidence
(§5.3)

Table 5 decomposes rescue and harm® as
functions of «’s baseline confidence ¢; =
max(p;°(A), pi’°(B)). Explanations are most ef-
fective when « is uncertain: in the lowest confi-

®Rescue and harm rates are computed conditional on base-

line wrong predictions within each confidence bin, ensuring
consistency with the overall baseline accuracy.
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dence bin, 3 achieves the highest rescue rate with
limited harm, resulting in the largest net win rate.
As confidence increases, both rescue and harm de-
cline, leading to near-neutral effects for already
easy instances. These patterns support the intended
role of 3 as targeted assistance rather than indis-
criminate perturbation.

Conf. bin  Rescue WR Harm NetWR
(0.50,0.60 0.34 0.06  +0.28
(0.60,0.70 0.27 0.05 +0.22
(0.70,0.80 0.18 0.04 +0.14
(0.80,0.90 0.09 0.03  +0.06
(0.90,1.00 0.03 0.02  +0.01

Table 5: Win-rate decomposition by « baseline confi-
dence (Eq. (8)—(10) in §5.3).

6.5 Matched vs. Mismatched Explanations
(85.4)

We examine whether performance gains arise from
item-specific explanations rather than generic eval-
uative text. Following §5.4, we compare matched
explanations to mismatched ones, defined as ran-
dom explanations drawn from other items, and re-
port the average treatment effect (ATE). Table 6
shows that matched explanations yield substantially
larger lifts than mismatched controls, supporting
the claim that 8 learns content-grounded rationales.

Measure Matched Mismatched ATE
Mean Ap  +0.0252 +0.0061 +0.0191
Mean A/ +0.114 +0.031 +0.083

Table 6: Matched vs. mismatched explanation effects

(85.4).

6.6 Extrinsic Utility: Story Revision
Win-Rate (§5.5)

We evaluate downstream usefulness by testing
whether §-guided revisions yield higher quality
stories than their originals. As shown in Table 7,
B revised stories are preferred significantly more
often, indicating that S provides actionable feed-
back that improves perceived story quality under
expert human judgment’.

6.7 Statistical Significance

We evaluate explanation effects using paired, non-
parametric tests to avoid distributional assumptions.
The matched versus mismatched differences in Ta-
ble 6 are significant under a paired permutation test

7A story revision example is provided in Appendix A.4.

Comparison Win-Rate
Revised w/ 5 vs. Original 0.61

Table 7: A/B preference win-rate for S-guided revisions
against the original story (§5.5), annotated by six NLP
PhD evaluators. Ties counted as 0.5.

(p < 0.01). The mean lifts in Ap and A/ reported
in Tables 3 and 4 are also significant under a two-
sided Wilcoxon signed rank test (p < 0.01). For
revision win rate in Table 7, a 95% bootstrap confi-
dence interval indicates a significant improvement
over 0.5.

6.8 Human Preference for 5 Explanations

(85.6)

We report human preference results for explanation
quality in Table 8. Across evaluated prompt—story
pairs, explanations generated by [ are preferred
more frequently than those produced by the un-
trained baseline model. This indicates that iter-
ative alignment improves not only the utility of
explanations for ¢, but also their perceived quality
according to expert human judgment.

Preference Rate
60.6 %
39.4%

Explanation Source
[ (trained)
Baseline (untrained)

Table 8: Human preference rates for explanations, com-
paring the trained 8 model against an untrained Llama-
3.1-8B-Instruct baseline. Preferences are annotated by
six NLP PhD evaluators.

Across all metrics (§5.1-§5.6), 8 explanations
provide consistent, item-specific improvements:
they lift o’s confidence and log-odds most in uncer-
tain cases, outperform mismatched controls, and
translate into better downstream revisions. These
results jointly support iterative dual-model align-
ment as a practical way to learn explanations that
are both discriminative and useful.

6.9 Explanation Comparison Result

In general, the aligned 8 model produces stronger
explanations because it consistently grounds its
reasoning in concrete textual evidence, rather than
relying on broad but weakly supported thematic
descriptions. In particular, the model more effec-
tively identifies salient linguistic cues, defined as
specific words or phrases that indicate key narrative
elements, and uses them to distinguish between ex-
amples and generate interpretations that are directly
traceable to the underlying stories. As a result, its
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explanations are more specific, discriminative, and
interpretable. By contrast, the base model more
frequently produces fluent but generic commen-
tary that appears plausible at a high level while
remaining loosely grounded in the text. To facili-
tate understanding of the framework, we present a
subset of an explanation comparison example.®

Prompt A and Story A.

Story A: the smell of the dry air was strong, but
it wasn’t really the smell of death. i had never
smelled anything so strong. i had never tasted
anything so strong before. it was just that i was
getting used to it. the smell of the dry air was
strong, but it wasn’t really the smell of death. i’d
smelled it before, but it wasn’t really the smell of
death. it was the smell of the dry air. i was getting
used to it. i had never smelled anything so strong
before. i had never smelled anything so strong
before.

Prompt B and Story B.

Story B: do you want to play football again? no,
michael replied. i’m playing football. what? you
think i’m going to be able to play? yeah, but i
don’t think i’m going to be able to play football.
yeah, that’s just a matter of time. do you think
i’m going to be able to play football? i don’t think
so. but i don’t think i’m going to be able to play
football, michael said.

Explanation from base model.

1) Emotional Resonance & Thematic Connec-
tion

Both stories evoke a sense of familiarity and com-
fort, but in vastly different contexts. In Story
A, the narrator’s matter-of-fact descriptions of
the zombie apocalypse create a sense of resigned
acceptance (“i was getting used to it”), while
in Story B, Michael’s trash talk with President
Obama creates a sense of playful camaraderie
(“yeah, that’s just a matter of time”). In Story A,
the theme is survival, while in Story B, it’s the
absurdity of the situation.

Explanation from aligned S model.

1) Emotional Resonance & Thematic Connec-
tion

In Story A, the theme of desensitization to the
zombie apocalypse is explored through the pro-
tagonist’s increasingly casual attitude toward the
smell of death (“I was getting used to it.”), elicit-
ing emotional detachment. In Story B, youthful
arrogance is expressed through Michael’s confi-
dent trash-talking (“‘Yeah, that’s just a matter of
time.”), creating a more energetic emotional tone.

7 Conclusion

We propose an iterative dual-model framework that
jointly learns story preferences and explanations

8The complete example is provided in Appendix A.3.

without explanation-level supervision. The result-
ing explanations improve preference prediction, es-
pecially in low-confidence cases, are preferred by
expert evaluators, and provide actionable guidance
that improves story revisions. These results show
that iterative alignment effectively trains explana-
tions as integral components of evaluation systems
rather than post hoc justifications.

8 Limitations

Task and domain scope. Our study focuses on
story evaluation with pairwise preferences, and the
proposed framework may not directly generalize
to other domains or evaluation tasks without task-
specific adaptation.

Data limitations. Our study relies on a single
human-annotated dataset. The stories in this dataset
are relatively short and may exhibit low linguistic
quality, including repetition or incoherent content
generated by large language models, which can re-
duce internal consistency. These limitations restrict
the generalizability of our findings and motivate
future validation on higher-quality datasets.

Human evaluation scale. Human evaluations
are conducted by a small pool of expert annotators.
While this helps ensure consistency and informed
judgments, it may not fully reflect the preferences
of broader or more diverse reader populations.

Explanation properties beyond utility. We
evaluate explanations primarily through their utility
for preference modeling and story revision. Assess-
ing additional properties such as factuality, faithful-
ness, or longer-term effects on downstream genera-
tion remains an important future work direction.

Ethical considerations. As with other
explanation-generating systems, there is a risk that
explanations may appear persuasive or authorita-
tive even when imperfect or incomplete. Care
should be taken when deploying such models in
settings where explanations could influence user
judgment, decision-making, or creative outcomes
without appropriate transparency or safeguards.
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A Appendix

A.1 Prompts
A.1.1 Alpha («) Classifier Prompts

The o model is trained as a pairwise engagement
classifier that outputs a binary decision over {A,
B}. For each training instance (p, s4,PB, SB,Y),
we construct two input variants: a no-explanation
prompt and a with-explanation prompt, where the
latter injects an explanation F generated by /.

With explanation.
You are a helpful chatbot tasked with evaluating
story engagement.

Use the following *analysis* as support (it may
or may not be helpful): { £’}

Prompt A: {pa}

Prompt B: {pr}
Story B: {sp}

Which story is more engaging? Answer with A or
B.

Answer: {y}

Without explanation.

You are a helpful chatbot tasked with evaluating
story engagement.

Prompt A: {pa}
Story A: {sa}

Prompt B: {pr}
Story B: {sgB}

Which story is more engaging? Answer with A or
B.

Answer: {y}

Here, {pa},{pp} denote the two prompts,
{sa},{sp} the corresponding stories, {E£} the
candidate explanation (when present), and {y} €
{A, B} the gold preference label.

A.1.2 Beta (8) Explanation Generator Prompt
The S model is trained to generate label-blind,
rubric-guided comparative explanations with seven
fixed section headings. It is explicitly instructed
not to predict or reveal which story is better, and
instead to provide evidence-grounded comparisons.

You are evaluating engagement strictly by the

rubric below. Do NOT guess or state which story

is better. Do NOT reveal any labels. Write a com-

parative analysis that follows the exact 7 sections
and bullets.

RUBRIC SECTIONS (use these exact headings
and order):

1) Emotional Resonance & Thematic Connection
2) Mystery & Sensory Intrigue

3) Tension & Conflict Dynamics

4) Immersive World-Building

5) Pacing & Flow

6) Character Development & Relatability

7) Narrative Clarity & Structure

For each section: - Cite 1-2 concrete spans from
each story (short quotes or paraphrases).

- 1-2 crisp comparative sentences: specify how A
vs B differ on THIS dimension.

- Avoid vague language and avoid claiming an
overall winner.

Return 2—4 sentences per section. Keep the total
length concise.

Prompt A: {pa}
Story A: {sa}
Prompt B: {pp}
Story B: {sB}

Your structured comparative analysis (with the 7
headings exactly):

A.1.3 Human Annotation Prompt

For annotations related to Section 6.6, the prompt

used to instruct annotators is as follows:
Given the prompt story pair inputs, you are asked
to judge which explanation provides a more com-
parative analysis with sufficient detail based on
the predefined seven components for evaluating
story engagement. Engagement refers to the ex-

tent to which a reader is engaged with the story
content.

Prompt A: {pa}
Story A: {sa}
Prompt B: {pp}
Story B: {sp}
Explanation X: { £}
Explanation Y: { £, }

For annotations related to Section 6.8, the prompt
used to instruct annotators is as follows:
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Given a prompt story pair along with an expla-
nation of why one story is better than the other
and a revised version of the weaker story, you are
asked to judge which story the original weaker
story or the revised version is more engaging. En-
gagement refers to the extent to which a reader is
engaged with the story content.

Prompt (good): {pgood}

Story (good): {Sgood}

Prompt (bad): {pvad}

Story (bad): {sbad}

Revised bad story: {srevised }

A.2 Beta (5) Explanation Headings

The seven headings are derived by prompting
Llama-3.3-70B-Instruct to produce comparative ex-
planations of why one story is more engaging than
another, using a comparison dataset constructed
from HANNA, followed by clustering the gener-
ated explanations. These explanations reveal re-
curring criteria employed by the model to assess
story engagement. Applying k-means clustering
identifies seven salient dimensions: Emotional Res-
onance, Mystery and Sensory Intrigue, Tension and
Conflict, World Building, Pacing, Character, and
Clarity and Structure. We adopt these headings
as the basis for modeling and evaluating story en-
gagement. The definitions of these headings are as
follows:

* Emotional Resonance: The extent to which a
story evokes emotional responses and sustains
affective engagement through mood, empathy,
or emotional progression.

* Mystery and Sensory Intrigue: The degree
to which a story maintains curiosity and im-
mersion through suspense, vivid sensory de-
tail, or the gradual revelation of information.

* Tension and Conflict: The presence and de-
velopment of stakes, obstacles, or opposing
forces that drive narrative momentum and
reader investment.

* World Building: The coherence and richness
of the story’s setting, including the establish-
ment of rules, context, and background ele-
ments that support the narrative.

* Pacing: The effectiveness with which the
story allocates narrative time and transitions,
balancing progression and detail to maintain
engagement.

* Character: The clarity, consistency, and de-
velopment of characters, including their moti-
vations, actions, and interpersonal dynamics.

* Clarity and Structure: The logical organiza-
tion and readability of the narrative, including
clear progression, coherence, and absence of
confusion or unnecessary complexity.

A.3 Explanation Comparison Example

We present a representative example comparing
explanations generated by a base model and the
aligned [ explainer. Although both explanations
are structured around the same seven rubric dimen-
sions, the base model frequently relies on generic
or weakly grounded descriptors that do not clearly
explain why one story is preferred. For instance,
in discussing emotional resonance, the base model
characterizes Story A as conveying “resigned ac-
ceptance” and Story B as exhibiting “playful ca-
maraderie”, but does not connect these labels to
narrative stakes or character motivation. Similarly,
the base explanation notes that Story B is “incred-
ibly unlikely” and therefore mysterious, without
explaining how this surprise functions within the
narrative.

In contrast, the 5 model consistently grounds its
judgments in explicit narrative mechanisms. When
discussing emotional resonance, it links Story A’s
detachment to desensitization caused by immortal-
ity (“desensitization to the zombie apocalypse”)
and contrasts this with Story B’s “youthful arro-
gance” expressed through competitive trash talk.
For tension and conflict, the 5 explanation explic-
itly attributes Story A’s lack of suspense to the
absence of stakes (“immortality removes meaning-
ful stakes), while identifying Story B’s conflict
as arising from a “competitive gameplay” scenario
against a high-profile opponent. These explana-
tions not only describe surface properties but artic-
ulate causal relationships between story premises,
character motivation, and reader engagement.

Overall, by repeatedly tying abstract rubric
dimensions to concrete textual evidence (e.g.,
repetition-induced monotony in Story A versus
“faster pacing and varied dialogue” in Story B), the
[ model produces explanations that are more faith-
ful, internally consistent, and interpretable. This
qualitative behavior aligns with the quantitative re-
sults in Sections 5.6 and 6.8, where [3-generated
explanations are preferred by human annotators
and yield stronger downstream effects.
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Prompt A and Story A.

Prompt A: You are an immortal during the zom-
bie apocalypse. During the apocalypse the zom-
bies ignore you and you try to live a normal life
during the outbreak.

Story A: the smell of the dry air was strong, but
it wasn’t really the smell of death. i had never
smelled anything so strong. i had never tasted
anything so strong before. it was just that i was
getting used to it. the smell of the dry air was
strong, but it wasn’t really the smell of death. i ’d
smelled it before, but it wasn’t really the smell of
death. it was the smell of the dry air. i was getting
used to it. i had never smelled anything so strong
before. i had never smelled anything so strong
before.

Prompt B and Story B.

Prompt B: Michael, a 15 year old Call of Duty
player, realizes the greatest trash-talking opportu-
nity of all time. Over his headset, he recognizes
his opponent’s voice as that of President Obama.

Story B: do you want to play football again? no,
michael replied. i’m playing football. what? you
think i’m going to be able to play? yeah, but i
don’t think i’m going to be able to play football.
yeah, that’s just a matter of time. do you think
i’m going to be able to play football? i don’t think
so. but i don’t think i’m going to be able to play
football, michael said.

Explanation from base model.

1) Emotional Resonance & Thematic Connec-
tion

Both stories evoke a sense of familiarity and com-
fort, but in vastly different contexts. In Story
A, the narrator’s matter-of-fact descriptions of
the zombie apocalypse create a sense of resigned
acceptance (“i was getting used to it”), while
in Story B, Michael’s trash talk with President
Obama creates a sense of playful camaraderie
(“yeah, that’s just a matter of time”). In Story A,
the theme is survival, while in Story B, it’s the
absurdity of the situation.

2) Mystery & Sensory Intrigue

Story A’s descriptions of the dry air and smell of
death are vivid and immersive, but lack a sense of
mystery (“i had never smelled anything so strong
before”). In contrast, Story B is shrouded in mys-
tery: Michael and President Obama’s conversa-
tion is incredibly unlikely, and the reader is left
wondering how this is possible.

3) Tension & Conflict Dynamics

Story A’s narrative is remarkably tension-free,
with the narrator simply going about their day
despite the zombie apocalypse. In contrast, Story
B’s tension comes from the absurdity of the sit-
uation: Michael and President Obama’s banter
creates a sense of awkwardness and unease.

4) Immersive World-Building

Both stories create a vivid sense of their respective
worlds, but in different ways. Story A’s descrip-
tions of the zombie apocalypse are matter-of-fact,
while Story B’s world is whimsical and surreal,
with President Obama as a trash-talking opponent.

5) Pacing & Flow

Story A’s narrative is meandering and repetitive,
with the narrator’s descriptions becoming increas-
ingly circular. In contrast, Story B’s pacing is
snappy and engaging, with quick dialogue creat-
ing a sense of rapid-fire exchange.

6) Character Development & Relatability
Story A’s narrator is enigmatic and underdevel-
oped, while Story B’s Michael is relatable and
well-defined. We get a sense of Michael’s person-
ality through his trash talk, while the narrator in
Story A remains a mystery.

7) Narrative Clarity & Structure

Story A’s narrative is non-linear and difficult to
follow, while Story B is clear and structured, with
a recognizable beginning, middle, and end.

Explanation from aligned $ model.
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1) Emotional Resonance & Thematic Connec-
tion

In Story A, the theme of desensitization to the
zombie apocalypse is explored through the pro-
tagonist’s increasingly casual attitude toward the
smell of death (“I was getting used to it.”), elicit-
ing emotional detachment. In Story B, youthful
arrogance is expressed through Michael’s confi-
dent trash-talking (“Yeah, that’s just a matter of
time.”), creating a more energetic emotional tone.

2) Mystery & Sensory Intrigue

In Story A, the sensory detail of the “smell of the
dry air” creates an immersive atmosphere, but the
straightforward narration limits surprise. In Story
B, the unexpected reveal of President Obama’s
voice introduces a strong element of surprise and
intrigue.

3) Tension & Conflict Dynamics

Story A lacks tension because immortality re-
moves meaningful stakes, leaving the protagonist
largely unchallenged. In contrast, Story B intro-
duces external conflict through competitive game-
play against a high-profile opponent, generating
excitement and suspense.

4) Immersive World-Building

Story A focuses on the apocalyptic environment
but provides limited specificity beyond repeated
sensory cues. Story B constructs a vivid gaming
world through details such as the headset interac-
tion and competitive framing.

5) Pacing & Flow

Story A’s pacing is slow and repetitive, reinforc-
ing a sense of monotony. Story B’s faster pacing
and varied dialogue create momentum and narra-
tive energy.

6) Character Development & Relatability

The protagonist in Story A remains underdevel-
oped, with limited insight into internal motivation.
In contrast, Michael’s personality, confidence, and
competitive drive are clearly expressed, making
him more relatable.

7) Narrative Clarity & Structure

Story A’s repetitive structure leads to a diffuse
and unclear narrative trajectory, whereas Story
B follows a clearer progression with a defined
setup and interaction, resulting in greater narrative
coherence.



A.4 Story Revision Example

We present a representative example to illustrate
how rubric-guided explanations translate into con-
crete narrative improvements. In the original
weaker story, the narrative is fragmented and repet-
itive, with limited emotional grounding, unclear
character motivation, and little sense of tension
or progression. The explanation explicitly diag-
noses these deficiencies across multiple dimen-
sions, including emotional resonance, narrative
clarity, and character development, noting the ab-
sence of conflict, sensory detail, and purposeful
structure. Guided by this feedback, the revised
story introduces a focused conversational scene
between the restaurant owner and the reporter, es-
tablishing clear stakes centered on the restaurant’s
survival, a coherent narrative arc, and a consistent
point of view. Emotional engagement is strength-
ened through the owner’s internal responses, while
tension emerges naturally from the reporter’s prob-
ing questions. The revision further improves pac-
ing and coherence by replacing disjointed dialogue
with a structured exchange that advances the narra-
tive toward a credible resolution. Overall, the exam-
ple demonstrates that explanation-guided feedback
supports substantive narrative revision rather than
superficial editing.

Prompt.

You are the owner of a small restaurant that is
struggling to stay open. Suddenly, your restaurant
is on the front page of the newspaper.

Original weaker story.

The newspaper was already in the news. The
reporter had been there so long that it was hard to
tell what to write about. Hey, I’'m the owner of a
small restaurant. oh, I'm good, said the reporter.
This is the first time Ive ever been to a restaurant,
and I’m having a hard time believing it. this is the
first time I’ve ever been to a restaurant, said the
reporter. i’'m sorry, I’'m not a big fan of the name,
but I'm pretty sure this is the first time I’ve ever
been to a restaurant. That’s a bit weird, said the
reporter. I think I’m a bit weird, but I'm not very
bad at anything. oh, I’m sorry, said the reporter.

Rubric-guided explanation

(1) Emotional Resonance & Thematic Connec-
tion. In contrast to Story A, Story B revolves
around a mundane and unexpected event, lack-
ing a clear emotional resonance. For example,
“this is the first time i’ve ever been to a restaurant,
and i’m having a hard time believing it” conveys
bewilderment rather than emotional connection.

(2) Mystery & Sensory Intrigue. Story B is set
in a restaurant but lacks sensory details, making
it feel less immersive.
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(3) Tension & Conflict Dynamics. Story B lacks
conflict and tension, as the reporter’s visit is un-
expected but not necessarily tense. For example,
“i think 1’'m a bit weird, but i’m not very bad at
anything” downplays potential tension.

(4) Immersive World-Building. Story B takes
place in a familiar setting but provides little world-
building beyond generic conversation.

(5) Pacing & Flow. Story B moves quickly
through repetitive dialogue without building to-
ward a clear turning point.

(6) Character Development & Relatability. The
owner and reporter feel one-dimensional; their
dialogue lacks distinct motivations or traits.

(7) Narrative Clarity & Structure. Story B lacks
a clear narrative structure, and the reporter’s visit
feels like a random event rather than a directed
plot.

Revised story (guided by the explanation).

The newspaper reporter sat at a small table in the
back of my restaurant, scribbling notes on a pad
of paper. “i’m writing a story about this place,”
she said, looking up at me with a mixture of cu-
riosity and skepticism. “it’s the first time i’ve ever
been to a restaurant, and i’m having a hard time
believing it.” i smiled, feeling a mix of emotions.
“it’s true,” i said, “we’re a small restaurant, and
we’re struggling to stay open.” the reporter raised
an eyebrow. “struggling to stay open?” she re-
peated. “that’s an understatement.” she leaned
in, her voice taking on a more conspiratorial tone.
“tell me more.” i hesitated, unsure of how much to
reveal. “it’s just been tough,” i said finally. “the
economy’s been tough, and we’ve been trying to
stay afloat.” the reporter nodded, her eyes narrow-
ing. “i see,” she said. “and what makes you think
this restaurant is worth saving?” i felt a surge
of defensiveness, but the reporter’s tone was not
unkind. “i think it’s worth saving because of the
people who work here,” i said. “they’re good peo-
ple, and they deserve a chance to succeed.” the
reporter nodded again, this time with a hint of a
smile. “i think i’m starting to understand,” she
said. “but i have to ask, what’s the most surprising
thing that’s happened here?” i thought for a mo-
ment before responding. “i think it’s the fact that a
newspaper reporter has shown up at my doorstep,”
i said, smiling wryly. The reporter laughed, a
small, mirthless sound. “i guess that’s true,” she
said. But I'm glad I did.” as she finished her story,
I couldn’t help but feel a sense of hope. Maybe,
just maybe, this small restaurant would make it
after all.



