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Abstract

Generating academic paper titles requires bal-
ancing two key goals: faithfulness to the con-
tent and attractiveness to readers. Existing
methods often treat title generation as a sim-
ple summarization task, producing accurate but
unengaging titles. While multi-objective Direct
Preference Optimization (DPO) offers a poten-
tial solution, our empirical analysis shows that
combining conflicting objectives into a single
reward is associated with substantial gradient
interference during training. To address this
problem, drawing inspiration from Pareto dom-
inance in multi-objective optimization, we pro-
pose Multi-Objective Dominance Alignment
(MODA), a data-centric training strategy tai-
lored for academic title generation. MODA
retains preference pairs with strict Pareto dom-
inance, thereby reducing exposure to supervi-
sion with opposing reward directions. We im-
plement MODA using dual reward models to in-
dependently score both dimensions. Across our
experiments, this filtering strategy improves the
observed balance between faithfulness and at-
tractiveness, outperforms Human Author base-
lines, and approaches the performance of fron-
tier models despite using an 8B backbone. Our
code is publicly available at https://github.
com/realyoume/title_it_right.

1 Introduction

Paper titles play a central role in scholarly com-
munication, shaping how research is retrieved, in-
dexed, recommended, and read. As scientific publi-
cations continue to grow, automatic title generation
has attracted increasing attention (Mishra et al.,
2021; Ravaut et al., 2022; Zhang et al., 2022; Chen
and Eger, 2023; Bikku et al., 2025; Callegari et al.,
2023). Unlike generic summaries, titles are highly
condensed representations of papers and often form
readers’ first impressions. As illustrated in Figure 1,
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Can you help me think of a good title for this abstract?
'''Multi-Agent Debate (MAD) ...we propose a theoretical framework
that models debate as a stochastic process.... our findings suggest
that ... in many practical settings'''

The Emperor’s New Clothes in NLP: 
Exposing the Futility of Multi-Agent Debate

On the Martingale Property of 
Inter-Agent Belief Trajectories:
A Stochastic Analysis of Debate Convergence

Debate or Vote: Which Yields Better Decisions
in Multi-Agent Large Language Models?

Figure 1: Comparison of title styles: faithful, attractive,
and the optimal balance.

a good title should be both faithful to the paper con-
tent and attractive to readers, which can improve
the visibility and impact of scientific work (Heard
et al., 2023). Balancing these two goals, however,
remains challenging.

Most existing methods formulate title generation
as abstractive summarization and mainly optimize
semantic consistency with the source document
(Lewis et al., 2020; Raffel et al., 2020; Zhang et al.,
2020a). While effective for preserving content, this
formulation does not explicitly capture qualities
that make titles distinctive and attractive. Con-
versely, overemphasizing attractiveness can pro-
duce vague, exaggerated, or unfaithful titles. Aca-
demic title generation is therefore naturally a multi-
objective alignment problem involving two comple-
mentary objectives: faithfulness and attractiveness.

A straightforward solution is to combine mul-
tiple rewards into a scalar score and construct
preference pairs for Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023). However,
scalarization hides conflicts between individual
objectives. Our gradient-level analysis shows
that attractiveness-oriented (AO) and faithfulness-
oriented (FO) samples induce strongly opposing
gradients throughout training, and this conflict per-
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sists rather than disappearing during optimization.
This suggests that the difficulty arises from the
structure of the preference data itself.

To make these conflicts explicit, we formulate
academic title generation with two independent re-
wards for faithfulness and attractiveness. Based on
this dual-reward formulation, we propose Multi-
Objective Dominance Alignment (MODA), a
minimal data-centric solution based on Pareto dom-
inance. MODA retains only preference pairs in
which one title is strictly better on both objectives
and removes pairs with conflicting supervision. Im-
portantly, MODA does not modify the standard
DPO objective; it changes only the composition of
the training data. Our controlled experiments fur-
ther show that data composition strongly affects the
learned faithfulness–attractiveness trade-off, sup-
porting this simple filtering strategy.

Extensive automatic and human evaluations
demonstrate that MODA achieves a strong balance
between the two objectives. In blind human eval-
uation, our 8B-parameter model is preferred over
human-authored titles on 73.5% of the evaluated
abstracts. Against GPT-5.1-High, MODA achieves
a 46.0% win rate. GPT-5.1-High is numerically
preferred more often, but the difference is not sta-
tistically significant under our evaluation protocol.
Our contributions are summarized as follows:

(1) A gradient-level explanation of scalarized
multi-objective DPO. We show that scalar-
ized preference data can create persistent gra-
dient conflicts between objective-specific sam-
ples, explaining why reward aggregation may
fail to jointly optimize multiple objectives.

(2) A dual-reward formulation for faithful and
attractive academic title generation. We
formulate title generation as a two-objective
alignment problem and use separate reward
models for faithfulness and attractiveness to
provide more fine-grained signals for training
and analysis.

(3) A minimal data-centric solution without
modifying the DPO objective. We propose
MODA, which retains only strictly Pareto-
dominant preference pairs and thereby re-
duces exposure to potentially conflicting su-
pervision. This simple data filtering strategy
improves the overall balance between faithful-
ness and attractiveness while keeping standard
DPO unchanged.

The remainder of this paper is organized as fol-
lows: Section 2 reviews related work. Section 3
presents the dual-reward formulation and MODA.
Section 4 reports the main experiments and analy-
sis. Section 5 presents the human evaluation, and
Section 6 concludes.

2 Related Work

2.1 Title Generation

Title generation is commonly formulated as abstrac-
tive summarization, from sequence-to-sequence
models (Nallapati et al., 2016) to pre-trained BART,
T5, and PEGASUS (Lewis et al., 2020; Raffel et al.,
2020; Zhang et al., 2020a). Later work improves
generation through selection, reranking, or refine-
ment (Mishra et al., 2021; Ravaut et al., 2022;
Bikku et al., 2025; Callegari et al., 2023). Such
pipelines can improve the final candidate without
explicitly representing the distinct qualities that
determine whether a scientific title is both accu-
rate and appealing. Most of these approaches op-
timize likelihood or a single aggregate score, so
gains in fluency, salience, or stylistic appeal may
obscure losses in factual specificity. This tension
is particularly important for academic titles, where
small shifts in scope, terminology, or emphasis can
change both the perceived contribution and read-
ers’ expectations of the underlying work. LLMs
further increase title diversity (Chen and Eger,
2023; Rehman et al., 2024), yet lexical metrics
do not fully reflect human judgments of title qual-
ity (Dristy et al., 2023). Existing methods therefore
emphasize content fidelity, general quality, or nar-
row stylistic attributes such as humor, rather than
jointly modeling faithfulness and broadly defined
attractiveness. Our work studies this joint objective
and the training conflicts it introduces.

2.2 Multi-Objective Preference Learning

DPO (Rafailov et al., 2023) directly learns from
preference pairs without reinforcement learning.
Data-centric variants show that pair construction
matters: Curri-DPO (Pattnaik et al., 2024) orga-
nizes multiple pairs per prompt from easy to hard,
whereas fDPO (Morimura et al., 2024) dynami-
cally removes low-quality responses using a reward
model. These methods address pair ordering or re-
sponse quality, but not cases where different objec-
tives reverse the preference direction for the same
pair. A large preference margin or high-confidence
label does not by itself resolve this issue, because
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a pair can remain strongly preferred under one ob-
jective and strongly dispreferred under another.

Multi-objective methods instead aggregate re-
wards, modify DPO, or select data in reward space.
MODPO (Zhou et al., 2024) introduces auxiliary-
reward margins; SIPO (Li et al., 2025) combines
sampling, response refinement, and filtering; and
ParetoHqD (Gu et al., 2026) selects data along di-
rectional rays for SFT. MODA complements these
approaches with an empirical gradient-level diag-
nosis in title generation: faithfulness-oriented and
attractiveness-oriented pairs produce persistently
opposing gradients. Unlike pipelines that regener-
ate responses or replace preference optimization
with SFT, MODA filters a fixed candidate pool and
retains the standard DPO objective, allowing us
to study the effect of data composition under con-
trolled conditions. This focus also differs from cur-
riculum scheduling: MODA determines whether
a pair supplies a preference direction consistent
across objectives, rather than when that pair should
be presented. Although the resulting dataset is
smaller, each retained pair provides supervision
that agrees on both faithfulness and attractiveness,
directly reflecting the conflict identified in our gra-
dient analysis. Its contribution is therefore not
generic filtering, but an objective-consistency crite-
rion for conflicting multi-objective supervision.

3 Methodology

As illustrated in Figure 2, our framework con-
sists of two stages. First, we apply Supervised
Fine-Tuning (SFT) to establish a strong initializa-
tion. Second, we propose Multi-Objective Domi-
nance Alignment (MODA), a preference learning
method that filters training pairs using strict Pareto
dominance. By leveraging dual reward models,
MODA simultaneously optimizes the faithfulness
and attractiveness of the generated titles.

3.1 Supervised Fine-Tuning

We use Qwen3-8B (Qwen Team, 2025) as our back-
bone model and apply LoRA (Hu et al., 2022)
for parameter-efficient fine-tuning. The model is
trained with the following instruction template:

“generate a title based on the abstract. abstract:
{abstract}. title: {title}”.

To ensure stable convergence, we train the model
incrementally, adding 100,000 samples at each
stage. The checkpoint from the eighth stage
(800,000 samples in total) achieves the best val-

idation score and is saved as our base model, πsft.
Appendix A.1 provides the full hyperparameter de-
tails about our training.

3.2 Dual Reward Models

To avoid the high cost and subjectivity of human
annotation, we follow the Reinforcement Learning
from AI Feedback (RLAIF) paradigm. We divide
title quality into two independent aspects: faithful-
ness and attractiveness. Each aspect is measured
by a separate reward model to provide fine-grained
optimization signals.

3.2.1 Faithfulness Reward
We define faithfulness as the semantic consistency
between a generated title y and its source abstract
x. Specifically, we use BERTScore F1 (Zhang
et al., 2020b), which uses contextual embeddings
to capture deep semantic similarities rather than
just surface-level word overlap:

Rfaith(y, x) = BERTScoreF1(y, x). (1)

3.2.2 Attractiveness Reward
Attractiveness is subjective and varies by domain,
making it hard to define with simple rules. There-
fore, we learn it from AI-annotated preference data.
Focusing on computer science papers from arXiv,
we prompt DeepSeek V3.2 to rank five random
candidate titles based on attractiveness and select
the best and worst ones to form a pair. The clear
quality gap between the best and worst titles helps
stabilize the reward model training.

We fine-tune a RoBERTa-large (Liu et al., 2019)
model with a scalar regression head, using the
Bradley-Terry ranking loss (Bradley and Terry,
1952):

LBT = −E(y+,y−)

[
log σ

(
s(y+)− s(y−)

)]
, (2)

where s(·) is the predicted attractiveness score.
We validate this reward model through human-
correlation studies in Appendix E.

3.3 MODA

Jointly optimizing faithfulness and attractiveness
is challenging. Combining rewards through a
weighted sum forces a trade-off, while using pref-
erence pairs without a clear winner introduces con-
flicting gradients into DPO. We solve these issues
with MODA, which only uses training pairs where
one title is strictly better than the other.

17579



DPO AlignmentSupervised Fine-Tuning 

LoRAQwen3-8B

Abstract Title Pairs

generate a title based on the abstract. 
abstract: {abstract}, title: {title}.

Instruction Template

1 Dual Reward Models2

Faithfulness Model

Attractiveness Model

BERTScore

RoBERTa

title

abstract,title

Data Construction3

Faithfulness

A
ttr

ac
tiv

en
es

s

Faithfulness

A
ttr

ac
tiv

en
es

s

Pareto Dominance

Trade off

4

Faithfulness

Attractiveness

Figure 2: An overview of Title It Right.

Data Construction. For each abstract x, we pair
the SFT-generated title ysft with the original ground-
truth title yorigin. We evaluate both titles using our
dual reward models to obtain a two-dimensional
score vector:

s(y) =
[
Rfaith(y, x), Rattr(y)

]
∈ R2. (3)

A candidate pair (yA, yB) is kept for DPO training
if and only if yA strictly Pareto-dominates yB:

yA ≻Pareto yB ⇐⇒
{
Rfaith(yA) > Rfaith(yB),

Rattr(yA) > Rattr(yB).
(4)

If yA ≻Pareto yB , we set the chosen title yw = yA
and the rejected title yl = yB . Pairs without a
strict dominance relationship are discarded to avoid
confusing training signals. This allows the model
to learn from its own high-quality outputs, serving
as a form of self-improvement.

DPO Alignment. Out of 30,000 candidate pairs,
our dominance filter selects about 12,448 high-
quality pairs, forming the dataset Dpareto. Start-
ing from πsft, we apply DPO on Dpareto. By only
learning from clear comparisons, MODA provides
consistent training signals. This pushes the model
beyond the standard trade-off curve, improving
faithfulness and attractiveness at the same time.

4 Experiment

We conducted extensive experiments to evaluate
our model. More implementation details are pro-
vided in the Appendix A.

4.1 Experiment Setup
4.1.1 Datasets
Train Data. We collected a large-scale training
dataset consisting of 800,000 abstract-title pairs
from arXiv. The data spans from 2000 to 2024
and encompasses multiple disciplines, including
physics, mathematics, and computer science.

Test Data. For evaluation, we collected papers
indexed on arXiv in 2025, focusing on the field of
Computer Science. We sampled 1,000 papers in
total from this dataset as our test set. This temporal
train-test split reduces the risk of data leakage by
ensuring that the test data postdates our supervised
training corpus.

4.1.2 Training
We conduct all experiments using the Qwen3-
8B model as our backbone, implemented via the
LLaMA-Factory (Zheng et al., 2024) framework.
For parameter-efficient fine-tuning, we apply LoRA
to all linear layers. During the SFT stage, to bal-
ance scale and efficiency, we train incrementally
on subsets of 100,000 samples per stage. We mon-
itor semantic similarity using BERTScore F1 and
apply early stopping if validation scores plateau
for three consecutive stages. For the DPO stage,
we initialize from the best SFT checkpoint and op-
timize the standard sigmoid preference loss. The
complete hyperparameter settings for both stages
are provided in Appendix A.1.

4.2 Experimental Results
Table 1 reports the evaluation results against vari-
ous baselines, yielding two primary observations:

17580



Table 1: Performance comparison under automatic quality evaluation and BT-Arena. Faith./Attr. denote LLM-
judged faithfulness and attractiveness (1–5). BT-Arena scores are reported with 95% confidence intervals from
10,000 cluster-bootstrap resamples (Human Author = 1000). Bold: best result; underline: second-best.

Model Faith. Attr. Gemma Judge Qwen3.5 Judge

Fine-tuned Language Models

T5-Large 4.772 2.890 900 [866, 933] 959 [926, 992]
BART-Large 4.768 2.915 879 [844, 913] 935 [901, 968]
Pegasus-Large 4.227 2.685 720 [679, 758] 752 [714, 788]

Academic Title Generation

Mishra et al. (2021) 4.765 2.822 923 [889, 955] 1005 [971, 1039]
Callegari et al. (2023) 4.807 2.846 907 [871, 941] 964 [928, 998]
Chen and Eger (2023) 4.233 3.459 988 [951, 1023] 1008 [973, 1044]

Large Language Models

DeepSeek-V3.2 4.973 3.069 1179 [1146, 1213] 1225 [1189, 1262]
DeepSeek-V3.2-Thinking 4.983 3.075 1145 [1110, 1180] 1242 [1208, 1277]
GPT-5.1-High 4.989 3.202 1288 [1251, 1327] 1336 [1299, 1377]

Human Author 4.650 3.043 1000 1000

Preference Alignment

ParetoHqD 4.938 2.975 998 [965, 1031] 1093 [1059, 1127]
OURS (SFT) 4.901 2.990 1009 [975, 1043] 1075 [1041, 1109]
OURS (MODA) 4.913 3.234 1141 [1109, 1176] 1195 [1161, 1230]

MODA strikes a better balance between faith-
fulness and attractiveness while significantly im-
proving preference-based evaluation. Compared
to OURS (SFT), MODA improves attractiveness
from 2.990 to 3.234 and marginally increases faith-
fulness from 4.901 to 4.913. More importantly,
these gains consistently translate to preference-
based evaluations: its BT-Arena score rises from
1009 to 1141 under the Gemma judge, and from
1075 to 1195 under the Qwen3.5 judge. Further-
more, MODA outperforms ParetoHqD, the clos-
est controlled data-selection baseline. Although
ParetoHqD yields a slightly higher faithfulness
score (4.938 vs. 4.913), MODA delivers substan-
tially higher attractiveness (3.234 vs. 2.975) and
better BT-Arena scores under both judges (1141
vs. 998 and 1195 vs. 1093). In contrast, Chen
and Eger (2023) achieves the highest attractiveness
score (3.459) but suffers a severe drop in faithful-
ness (4.233), highlighting the challenge of optimiz-
ing one objective without compromising the other.
Overall, these results demonstrate that using Pareto-
dominant preference pairs effectively yields a more
favorable trade-off between the two objectives.

MODA achieves competitive performance
against frontier LLMs with an 8B backbone.
Among all evaluated systems, MODA ranks sec-
ond in attractiveness (3.234), surpassing DeepSeek-
V3.2 (3.069), DeepSeek-V3.2-Thinking (3.075),
and GPT-5.1-High (3.202), while maintaining a
strong faithfulness score of 4.913. On BT-Arena,
GPT-5.1-High remains the best-performing system,
reaching 1288/1336 under the Gemma/Qwen3.5
judges compared to 1141/1195 for MODA. Nev-
ertheless, MODA noticeably closes the perfor-
mance gap: under the Gemma judge, its score
is on par with DeepSeek-V3.2-Thinking (1141
vs. 1145), and under the Qwen3.5 judge, it
closely follows DeepSeek-V3.2 and DeepSeek-
V3.2-Thinking (1195 vs. 1225/1242). These find-
ings suggest that an 8B model, when trained on
carefully constructed multi-objective preference
data, can achieve human preference quality com-
petitive with frontier models. Detailed pairwise
win rates are provided in Appendix F.
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Figure 3: Gradient cosine similarity between different
sample types throughout DPO training. AO and FO
exhibit persistent negative similarity, while gradients
involving Dom samples show weaker conflict.

4.3 RQ1: How Do Reward Conflicts Arise in
DPO Training?

In multi-objective DPO, linearly aggregating re-
ward scores into a single scalar obscures fine-
grained trade-offs: the model only perceives an
overall preference advantage without knowing
which specific dimension contributes to it.

Sample Categorization. Based on this observa-
tion, we categorize the training data pairs into three
types: (1) Dom: the chosen sample dominates on
both objectives; (2) FO: the chosen sample excels
in faithfulness but lacks attractiveness; (3) AO: the
chosen sample is more attractive but less faithful.
An analysis of 30,000 candidate pairs reveals that
Dom, FO, and AO account for 41.68%, 23.35%,
and 34.97%, respectively—meaning that, under our
reward definitions, over half of the data exhibits
opposing objective directions.

Gradient Conflict Analysis. Figure 3 reveals a
clear and persistent opposition between AO and
FO samples throughout DPO training. Their gradi-
ent cosine similarity decreases rapidly from around
−0.1 in the early stage to below −0.6, and remains
strongly negative thereafter, fluctuating mostly
around −0.7.

Crucially, this opposition does not diminish as
training proceeds. Instead, AO and FO continue
to induce substantially opposing optimization di-
rections until the final training steps, suggesting
that scalar reward aggregation does not resolve the
underlying cross-objective conflict.

In comparison, gradients involving Dom sam-
ples exhibit substantially weaker conflict. Their
cosine similarities are positive or closer to zero
during much of training and remain consistently
higher than that between AO and FO. This contrast
supports our hypothesis that Pareto-dominant pairs
provide compatible supervision for optimization.

Reward-model robustness. Because our default
faithfulness and attractiveness rewards use different
encoders, we further examine whether the observed
objective conflict could be an artifact of encoder
mismatch. We construct three matched-backbone
configurations using RoBERTa-base, RoBERTa-
large, and SciBERT (Beltagy et al., 2019), where
both reward scorers share the same backbone.
Across 60,000 examples, reward rankings remain
stable: Spearman correlations range from 0.723–
0.820 for faithfulness and 0.875–0.901 for attrac-
tiveness, while the overlap between Pareto-selected
subsets ranges from 0.634–0.689. These results
suggest that MODA’s filtering behavior is not spe-
cific to the original encoder configuration and that
the observed faithfulness–attractiveness conflict
cannot be explained solely by encoder mismatch.
Full results with 95% bootstrap confidence inter-
vals are provided in Appendix B.

RQ1 Takeaway: The conflict between objective-
specific samples persists throughout training
rather than diminishing over time, suggesting that
it originates from the structure of the preference
data rather than transient optimization noise. This
motivates a data-centric solution that removes con-
flicting supervision at the data level.

4.4 RQ2: Does Data Composition Determine
Multi-Objective DPO Performance?

For RQ2 and RQ3, we evaluate all variants using
the same proxy reward models as those used dur-
ing data construction. This controlled evaluation
measures how different training regimes optimize
within a fixed objective space, so that performance
differences can be attributed mainly to the training
data rather than to changes in the evaluator. We
therefore interpret the RQ2/RQ3 results as measure-
ments of optimization behavior within this shared
objective space. Table 1 and Section 5 provide com-
plementary evaluations of absolute output quality.

To study how training data composition affects
multi-objective DPO, we construct six controlled
variants based on the sample categories identified
in RQ1. All variants use the same training hyper-
parameters and differ only in sample composition
or dataset size (see Appendix C). The results are
summarized in Table 2 and Figure 4. We highlight
two main findings.

Data composition has a stronger effect than
data scale on the learned preference direction.
Attr-Biased and Faith-Biased, which emphasize
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Table 2: Performance of model variants on the test set. Faith. and Attr. are the internal reward-model scores.
Adjacent ∆ columns report relative gain over BASE as a percentage: (score − scorebase)/scorebase × 100%. Bold /
underline mark the best / second-best score within each metric group; † denotes our proposed method.

Faith↑ Attr↑ Avg↑

Model Score ∆ Score ∆ Score ∆

Base (SFT only) 0.406 — 0.323 — 0.364 —

Unfiltered-Full 0.618 (+52.2%) 0.550 (+70.3%) 0.584 (+60.4%)
Unfiltered-Sub 0.628 (+54.7%) 0.523 (+61.9%) 0.576 (+58.2%)
Attr-Biased 0.588 (+44.8%) 0.576 (+78.3%) 0.582 (+59.9%)
Faith-Biased 0.708 (+74.4%) 0.381 (+18.0%) 0.544 (+49.5%)
BalancedMix 0.678 (+67.0%) 0.492 (+52.3%) 0.585 (+60.7%)

ParetoSelect† 0.692 (+70.4%) 0.507 (+57.0%) 0.599 (+64.6%)
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Figure 4: Faithfulness–attractiveness trade-off across
variants, revealing an approximate Pareto frontier.

different objective-specific sample types, lead to
clearly different outcomes. Attr-Biased achieves
the highest attractiveness score (0.576) but rel-
atively low faithfulness (0.588), whereas Faith-
Biased achieves the highest faithfulness score
(0.708) while reducing attractiveness to 0.381.
These results show that changing the composition
of preference data can strongly shift the model to-
ward one objective at the expense of the other.

By comparison, increasing the amount of data
alone provides much smaller gains. Unfiltered-Full
and Unfiltered-Sub have nearly identical sample
distributions but contain 30K and 12K pairs, re-
spectively. Increasing the dataset size by 2.5× im-
proves the average score only from 0.576 to 0.584.
In contrast, changing the sample composition at a
fixed scale causes much larger changes. This sug-

gests that, under our controlled setting, the compo-
sition of preference data matters more than simply
increasing the number of training pairs.

Pareto-dominant selection provides the best
overall balance between the two objectives.
ParetoSelect, trained only on Dom pairs, achieves
a faithfulness score of 0.692 and an attractiveness
score of 0.507, giving the highest average score
(0.599) among all variants. Although objective-
biased variants can achieve a higher score on one
individual objective, they do so by substantially
sacrificing the other. In contrast, PARETOSELECT

maintains strong performance on both objectives.
A particularly informative comparison is with

BalancedMix, which retains both AO and FO sam-
ples. At the same training scale, ParetoSelect im-
proves both faithfulness (0.678 → 0.692) and at-
tractiveness (0.492 → 0.507), increasing the av-
erage score from 0.585 to 0.599. This result is
consistent with the gradient analysis in RQ1: bal-
ancing conflicting sample types can reduce direc-
tional bias, but it does not remove the conflicting
supervision they introduce. In contrast, filtering for
Pareto-dominant pairs provides more compatible
supervision across the two objectives and leads to
a better overall balance.

RQ2 Takeaway: Data composition strongly
shapes the optimization behavior of multi-
objective DPO. Increasing the amount of data
while keeping a similar composition provides
only limited improvement, whereas changing the
proportions of objective-specific samples substan-
tially shifts the learned trade-off. Selecting Pareto-
dominant pairs achieves the highest average per-
formance and the best balance between the two
objectives among the evaluated variants.
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4.5 RQ3: What Is the Essence of Reward
Weight Tuning?

In multi-objective DPO, reward weighting is com-
monly used to control the relative importance of
different objectives. We define

rα = αrattr + (1− α)rfaith, (5)

where α ∈ [0, 1] denotes the weight assigned to
attractiveness. We refer to the preference data con-
structed using rα as Weight-α. Changing α affects
not only the scalarized reward but also the resulting
data composition, because some conflicting pairs
change their chosen/rejected assignments.

Weight Tuning Induces Changes in Data Com-
position. As α varies, the proportion of Dom sam-
ples remains nearly unchanged, whereas the propor-
tions of AO and FO samples shift systematically
(see Appendix D). To separate this composition
effect from reward weighting itself, we construct
Ratio-λ. For each Weight-α setting, λ is defined
as the proportion of AO samples in the preference
dataset induced by that α:

λα =
NAO(Dα)

|Dα|
, (6)

where Dα denotes the dataset constructed by
Weight-α. Ratio-λ fixes the reward weight at
α = 0.5, retains its preference assignments, and re-
samples the data so that the AO proportion matches
λα. For example, if Weight-0.8 induces an AO
proportion of λ0.8, the corresponding Ratio-λ0.8

reproduces this proportion without changing the
preference assignments defined at α = 0.5.

Weight Tuning Largely Acts through Data
Composition. As Figure 5 shows, Weight-α
and its corresponding Ratio-λ produce similar
faithfulness–attractiveness trade-offs, especially for
moderate values of α. This suggests that a sub-
stantial part of the effect of reward-weight tun-
ing is associated with the induced change in data
composition. Larger differences appear at extreme
weights, where Weight-α yields less balanced op-
erating points. A possible reason is that extreme
scalarization weights can reverse the preference
assignments of low-margin pairs, whereas Ratio-λ
changes only the sampling distribution.

Weight and Ratio Tuning Trace Similar
Trade-offs. Both strategies mainly shift the
model toward different regions of the faithfulness–
attractiveness trade-off rather than consistently im-
proving both objectives. In contrast, PARETOSE-
LECT removes objective-specific conflicting pairs
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Figure 5: Faithfulness and attractiveness scores for
Weight-α and Ratio-λ. α controls the attractiveness
reward weight, while λα denotes the AO proportion in-
duced by the corresponding Weight-α setting.

and provides a more balanced non-dominated op-
erating point. Together with RQ2, these results
indicate that data composition plays an important
role in shaping the optimization behavior of multi-
objective DPO.

RQ3 Takeaway: Reward-weight tuning changes
both the scalarized objective and the composi-
tion of the induced preference data. Reproducing
the AO proportion induced by Weight-α through
Ratio-λ recovers much of the same faithfulness–
attractiveness trade-off, suggesting that data com-
position mediates a substantial part of the effect
of reward weighting.

5 Human Evaluation

To rigorously evaluate our DPO model, we con-
ducted a blind human evaluation on 200 randomly
sampled abstracts from the test set. For each ab-
stract, we compared three candidate titles: the title
generated by MODA, the title generated by GPT-
5.1-High, and the original human-authored title.
Three computer science researchers independently
ranked the three titles by overall quality. Annota-
tors were instructed to prioritize (1) accuracy in
reflecting the core research content of the abstract,
(2) attractiveness to readers, and (3) conciseness.
The complete annotation instructions are provided
in Appendix I.

5.1 Inter-Annotator Agreement

To assess annotation reliability, we calculated
Kendall’s coefficient of concordance W (Kendall
and Smith, 1939). The average agreement across
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Table 3: Abstract-level human preference results after majority voting across three annotators. “Wins / Total” counts
wins of the first system in each comparison. Confidence intervals are Wilson 95% confidence intervals, and p-values
are from two-sided exact binomial tests against a 50% win rate.

Comparison Wins / Total Win Rate 95% CI p-value

MODA vs. GPT-5.1-High 92 / 200 46.0% [39.2%, 52.9%] 0.289
MODA vs. Human 147 / 200 73.5% [67.0%, 79.1%] 2.10× 10−11

GPT-5.1-High vs. Human 143 / 200 71.5% [64.9%, 77.3%] 1.00× 10−9

the 200 abstracts is W = 0.44 (p < 0.001), in-
dicating moderate agreement. The distribution is
bimodal: 61 samples fall near chance-level agree-
ment (W = 0.11), whereas 56 samples exhibit
strong agreement (W = 0.78). This pattern re-
flects the subjective nature of title-quality judg-
ments, even when annotators follow the same eval-
uation criteria.

To avoid treating correlated judgments from the
same abstract as independent observations, we use
the abstract rather than the individual annotation
as the statistical unit in our preference analysis.
For each pairwise comparison, the three annotators’
judgments are aggregated by majority vote, yield-
ing n = 200 independent outcomes. Additional
agreement analyses are provided in Appendix G.
We also note that the use of only three annotators
remains a limitation of the evaluation.

5.2 Human Preference Results

Table 3 summarizes the abstract-level pairwise
preference results. Evaluators preferred MODA
over human-authored titles for 147 of the 200
abstracts, achieving a 73.5% win rate (95% CI:
[67.0%, 79.1%]). This improvement is statistically
significant based on a two-sided exact binomial
test (p = 2.10× 10−11). Similarly, GPT-5.1-High
outperformed human titles with a 71.5% win rate
(95% CI: [64.9%, 77.3%], p = 1.00× 10−9).

In a direct comparison, MODA was preferred
over GPT-5.1-High on 92 of 200 abstracts (46.0%
win rate, 95% CI: [39.2%, 52.9%]). GPT-5.1-High
was numerically preferred more often (54.0% vs.
46.0%), but the difference is not statistically sig-
nificant (p = 0.289). Thus, we do not observe a
statistically significant difference under our evalua-
tion protocol; this result does not establish that the
two systems are equivalent.

Overall, these results show that MODA is signif-
icantly preferred over human-authored titles under
the adopted criteria. In the comparison with GPT-
5.1-High, the observed difference does not reach

statistical significance, but the relatively broad con-
fidence interval precludes a claim of equivalence
or matched performance.

6 Conclusion

In this paper, we introduce a data-centric frame-
work to generate academic titles that are both faith-
ful and attractive. We empirically analyze the gradi-
ent interference associated with conflicting training
pairs and find that simply tuning reward weights
does not resolve it in our controlled setting. Our
results further suggest that reward-weight tuning
largely acts through changes in the induced data
composition. To improve this composition, we pro-
pose MODA, which uses dual fine-grained reward
models to retain strictly Pareto-dominant pairs and
reduce exposure to ambiguous trade-off signals.
Comprehensive automatic and human evaluations
show that our fine-tuned 8B-parameter model im-
proves the observed balance between faithfulness
and attractiveness, outperforms standard baselines,
and achieves competitive human preference scores
against frontier LLMs.

Limitations

Domain coverage. Our attractiveness reward
model is trained on computer science papers be-
cause rigorous evaluation requires accessible do-
main experts; the SFT corpus itself spans physics,
mathematics, and computer science. This is a
practical, not fundamental, restriction of MODA:
the framework only requires a domain-appropriate
preference dataset, which can be constructed via
RLAIF with any capable LLM. Quantifying cross-
domain transfer is left to future work.

Practical scope. Frontier LLMs may be the most
practical choice for occasional title generation.
MODA instead targets sustained or institutional
workflows that value local deployment, domain
adaptation, reproducibility, data governance, or re-
duced reliance on proprietary APIs. Title gener-
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ation also provides a concrete testbed for multi-
objective alignment; future work should assess
adoption, editing effort, and deployment trade-offs
in real writing workflows.

Reward model reliability. The attractiveness re-
ward model, trained on DeepSeek-V3.2 preference
labels, shows 68.5% pairwise consistency with hu-
man annotators overall and 80.6% for large score
gaps (Appendix E); marginal comparisons remain
noisier. Its scores should therefore not be inter-
preted as definitive judgments of title quality. We
use it only for data filtering, cross-validate results
with two independent LLM judges and a blind hu-
man study (Section 5).

Scope of algorithmic comparison. We do not
fully reproduce SIPO (Li et al., 2025), whose
pipeline adds response refinement and regeneration
to preference-data construction. Adapting it to title
generation would require a task-specific prompt, an-
other generation stage, and new candidates, chang-
ing the candidate pool, data construction, and com-
putational budget. These changes would confound
attribution to the alignment method, while omit-
ting them would not represent the complete SIPO
pipeline. By contrast, we evaluate ParetoHqD un-
der matched candidate, reward, and evaluation set-
tings because it operates directly on preference-
data selection. We therefore discuss SIPO as a
structurally different method and leave full repro-
duction to future work.

Ethical Considerations

Artifact Usage Statement

Datasets. We use paper-title and abstract records
sourced from arXiv, a publicly accessible preprint
repository. arXiv classifies titles and abstracts as de-
scriptive metadata and makes such metadata avail-
able under the Creative Commons CC0 1.0 Univer-
sal Public Domain Dedication.1 This designation
applies to the metadata used in our study, not au-
tomatically to article PDFs, source files, or other
full-text content, whose reuse conditions vary by
submission. We use these records for research and
follow the applicable arXiv access and API terms.

Pre-trained model. We fine-tune Qwen3-
8B (Qwen Team, 2025), an open-weight model
released by the Qwen Team. The official Qwen3-
8B distribution is provided under the Apache

1https://info.arxiv.org/help/api/tou.html

License 2.0.2 We use the model as a backbone for
supervised and preference fine-tuning and retain
the corresponding attribution and license notices.

Training framework. We implement the train-
ing pipeline with LLaMA-Factory (Zheng et al.,
2024), whose source code is distributed under the
Apache License 2.0.3 Our use consists of config-
uring and running its supported fine-tuning work-
flows; any redistribution of code or modified com-
ponents remains subject to the license’s notice and
attribution requirements.

Human Participants and Ethics Review

Recruitment and compensation. We invited
three computer science researchers from an ongo-
ing research collaboration to evaluate 200 randomly
selected test samples. Each participant ranked three
anonymized candidate titles per sample. Participa-
tion was voluntary, and no monetary compensation
was provided; this arrangement was disclosed be-
fore consent was obtained. Because the evaluation
was conducted as voluntary research collaboration
rather than paid employment or crowdsourced la-
bor, no wage rate was set and a country-specific
wage comparison is not applicable.

Consent and data use. Before the evaluation,
participants were told that their rankings would be
used exclusively to assess AI-generated academic
titles for a research publication. We obtained ex-
plicit consent from all participants for this use.

Ethics review. The human evaluation involved
voluntary ranking of anonymized academic titles
by adult researchers and did not collect sensitive
personal information. Given the minimal-risk na-
ture of the task, we did not seek formal institutional
ethics review. All participants were informed of
the purpose and intended use of the evaluation data
and provided consent before participation.

Potential Risks

Optimizing title attractiveness may encourage sen-
sational, overly broad, or insufficiently qualified
wording. Such titles could exaggerate a paper’s
findings, obscure important limitations, or con-
tribute to misleading scientific communication even
when they receive high proxy-reward scores. Un-
critical automation may also weaken author ac-
countability or facilitate high-volume production

2https://huggingface.co/Qwen/Qwen3-8B
3https://github.com/hiyouga/LLaMA-Factory
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of superficially appealing, low-quality submissions.
Generated titles should therefore be treated as sug-
gestions rather than publication-ready outputs and
must remain subject to author or editor review for
factual support, appropriate qualification, and dis-
ciplinary conventions.

Environmental and Computational Impact
Our study requires non-trivial computation. Super-
vised fine-tuning processes up to 800,000 abstract–
title pairs and the experimental analysis includes
multiple fine-tuning variants. For the final align-
ment stage, MODA applies DPO to approximately
12,000 Pareto-dominant pairs selected from 30,000
candidate pairs.

We limit the number of trainable parameters by
applying LoRA with rank 8 to an 8B-parameter
backbone instead of full-parameter fine-tuning, and
conduct training in BF16. Filtering also reduces
the number of preference pairs processed during
the final DPO stage relative to the candidate pool.
These choices are intended to reduce computational
requirements and improve accessibility.

AI Assistant
We used AI assistants solely for translation and
linguistic refinement of the manuscript.
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A Experiment Details

A.1 Training Details

To complement the training procedure described in
Section 4.1, Table 4 reports the hyperparameters
used for the SFT and DPO stages.

Table 4: Key hyperparameters for SFT and DPO stages.

Hyperparameter SFT DPO

Shared Configurations

BASE_MODEL Qwen3-8B
LORA_RANK 8
LORA_ALPHA 16
LORA_DROPOUT 0.1
OPTIMIZER adamw_torch
LR_SCHEDULER_TYPE cosine
BF16 True
MAX_GRAD_NORM 1.0

Stage-Specific Configurations

LEARNING_RATE 1× 10−5 5× 10−6

NUM_TRAIN_EPOCHS 1 3

A.2 Metrics

(1) Attractiveness and Faithfulness: We evaluate
the faithfulness and attractiveness of the generated
titles by prompting Gemma-4-31B, as detailed in
the Appendix J. To ensure the stability of the re-
sults, we repeated the evaluation three times and
used the mean score as the result.

(2) BT-Arena Score: We conduct pairwise pref-
erence judgments using LLM-based evaluators and
fit a Bradley-Terry model to the resulting win/loss
outcomes. Let β̂i denote the estimated BT log-
strength parameter of model i. We convert the
BT coefficients to an Elo-style scale relative to the
ORIGIN baseline as

BT-Arenai = 1000 +
400

ln 10

(
β̂i − β̂ORIGIN

)
. (7)

Under this transformation, ORIGIN receives a
score of 1000, and a 400-point difference corre-
sponds to an approximately 91% predicted win
probability under the Bradley–Terry model. The
transformation preserves the ordering and relative
statistical comparisons implied by the fitted BT
coefficients while expressing them on an intuitive
Elo-style scale.

A.3 Baselines

To evaluate the effectiveness of our method, we
compared it with a range of different baseline meth-
ods. These baseline methods included three repre-
sentative models finetuned on the same data (total-
ing 800,000 samples), original titles used as heuris-
tic baselines, and three LLM models.

• BART (Lewis et al., 2020) : BART is widely
recognized for its excellent performance in
summarization and text generation tasks

• T5 (Text-to-Text Transfer Transformer)
(Raffel et al., 2020) : T5 is a unified frame-
work that can transform all natural language
processing problems into text-to-text formats.
T5 is known for its strong generalization ca-
pabilities and consistent performance across a
variety of benchmarks.

• Pegasus (Zhang et al., 2020a) : Pegasus is a
model designed specifically for abstract text
summarization. By employing empty sen-
tence generation as the objective during the
pre-training phase, Pegasus achieves outstand-
ing performance in capturing key information
from documents.

• Mishra et al. (2021): This method decom-
poses academic title generation into three se-
quential stages: generation, selection, and re-
finement. Originally built on GPT-2, we re-
implement it using Qwen3-8B as the back-
bone to ensure a fair comparison.

• Callegari et al. (2023): This approach en-
hances title quality through a post-processing
pipeline that combines SciBERT-based seman-
tic matching with linguistic rule filtering. We
replace the generation backbone with Qwen3-
8B for a fair comparison, while retaining the
original post-processing module.

• Chen and Eger (2023): This method
frames humor-controlled title generation as a
sequence-to-sequence task, fine-tuning trans-
formers by prepending humor constraints to
the abstract and further training on pseudo-
data to enforce these conditions. For a fair
comparison with their primary supervised ap-
proach, we fine-tune Qwen3-8B using an
equivalent constraint-based protocol.
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• ParetoHqD (Gu et al., 2026): ParetoHqD is
a multi-objective alignment method that se-
lects high-quality training data along direc-
tional rays in the reward space and performs
supervised fine-tuning on the selected sam-
ples. We include it as the closest Pareto-based
data-selection baseline to MODA.

• DeepSeek-V3.2 (DeepSeek-AI et al., 2025):
A leading open-source LLM, renowned for
powerful inference capabilities, it is a compet-
itive benchmark for general text generation.

• GPT-5.1-High: GPT-5.1-High represents the
leading performance of LLMs, where “high”
refers to reasoning effort. Due to its superior
language generation capabilities, it provides a
strong benchmark for zero-shot performance.

• Human Author: We use the original title
written by human authors as a simple yet com-
petitive benchmark.

B Reward-Model Backbone Robustness

To further examine whether the observed conflict
between faithfulness and attractiveness is an ar-
tifact of using different reward-model encoders,
we conduct an additional robustness analysis with
matched-backbone configurations. Specifically,
we consider RoBERTa-base, RoBERTa-large, and
SciBERT. For each configuration, the faithfulness
and attractiveness reward scorers use the same
backbone architecture.

We evaluate the consistency of different back-
bone configurations on 60,000 examples from the
preference-data construction process. Specifically,
we measure: (1) Spearman’s rank correlation co-
efficient ρ between reward rankings across back-
bone configurations for faithfulness and attractive-
ness, respectively; and (2) the overlap coefficient
between the corresponding Pareto-selected subsets.
We also report 95% confidence intervals based on
10,000 bootstrap resamples.

As shown in Table 5, the reward rankings remain
broadly consistent across backbone choices. For
faithfulness, the Spearman correlations range from
0.7226 to 0.8203, while attractiveness exhibits even
stronger agreement, with correlations ranging from
0.8746 to 0.9005. The Pareto-selected subsets also
retain substantial overlap, with overlap coefficients
between 0.6342 and 0.6891.

These results indicate that changing the encoder
affects the exact reward scores and selected sam-

ples to some extent, but does not substantially alter
their overall rankings or the resulting Pareto-based
data selection. Although this analysis does not rule
out backbone effects, it suggests that MODA’s fil-
tering behavior is not specific to the original reward-
model encoder configuration. In particular, the
observed conflict between faithfulness and attrac-
tiveness is unlikely to arise solely from encoder
mismatch and is consistent with tension between
the two objectives under our evaluation setting.

C Research Question 2 Experiment
Settings

Table 6 summarizes the six data compositions
used in the RQ2 ablation study. ParetoSelect
uses only Pareto-dominance pairs.BalancedMix
balances the two objective-specific categories (AO
and FO) while retaining a majority of Dom samples.
Attr-Biased and Faith-Biased each up-weight one
orientation-specific type to 60%. Unfiltered-Full
and Unfiltered-Sub reflect the unfiltered natural dis-
tribution at full scale (30K) and subsampled scale
(12K), respectively, serving as baselines to isolate
the effect of filtering from that of data volume.

D Weight Tuning and Data Ratio
Distribution

Table 7 reports the distribution of the three sample
categories for α ∈ {0.2, 0.4, 0.5, 0.6, 0.8}, based
on 30K candidate sample pairs. Sample pairs with
identical weighted scores are excluded. Conse-
quently, the number of valid pairs varies slightly
across different values of α. The number of Dom
samples remains unchanged, whereas their propor-
tion exhibits minor variation due to the different
numbers of valid pairs. As α, the weight assigned
to attractiveness, increases, the proportion of AO
samples increases monotonically, while the propor-
tion of FO samples decreases monotonically.

E Attractiveness Reward Model
Consistency

To validate the effectiveness of our trained attrac-
tiveness reward model, we conduct a human evalua-
tion on 200 samples. Evaluators are asked to select
the more attractive title from a given pair, after
which we analyze the agreement between human
choices and model scores.

As shown in Table 8, the overall agreement be-
tween the model and human judgments reaches
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Table 5: Reward-model robustness across matched backbones. We report Spearman’s ρ for reward rankings and
overlap coefficients for Pareto-selected subsets, with 95% bootstrap confidence intervals.

Backbone Pair Faithfulness ρ Attractiveness ρ Overlap Coef.

RoBERTa-base vs. RoBERTa-large 0.8203 [0.8166, 0.8238] 0.9005 [0.8986, 0.9022] 0.6891 [0.6833, 0.6951]
RoBERTa-base vs. SciBERT 0.7478 [0.7430, 0.7525] 0.8746 [0.8723, 0.8769] 0.6342 [0.6275, 0.6409]
RoBERTa-large vs. SciBERT 0.7226 [0.7174, 0.7276] 0.8751 [0.8727, 0.8773] 0.6355 [0.6289, 0.6421]

Table 6: Data compositions for the DPO data-mix abla-
tion. All settings share the same hyperparameters and
differ only in sample-type proportions or scale.

Setting Dom AO FO Pairs

ParetoSelect 1.00 0.00 0.00 12K
BalancedMix 0.60 0.20 0.20 12K
Attr-Biased 0.20 0.60 0.20 12K
Faith-Biased 0.20 0.20 0.60 12K
Unfiltered-Full 0.42 0.35 0.23 30K
Unfiltered-Sub 0.42 0.35 0.23 12K

Table 7: Distribution of sample categories under differ-
ent reward weights α.

α (attr) 1− α (faith) Dom AO FO

0.2 0.8 41.67% 14.24% 44.08%
0.4 0.6 41.67% 27.90% 30.42%
0.5 0.5 41.68% 34.97% 23.35%
0.6 0.4 41.67% 41.22% 17.10%
0.8 0.2 41.67% 51.01% 7.32%

68.5%. Furthermore, this agreement improves sig-
nificantly as the score gap between the titles widens.
When the score gap is less than 2, the agreement is
57.1%, slightly above the random baseline (50%).
This is expected: for title pairs of similar quality,
even human annotators struggle to reach a consen-
sus. Such divergence may reflect the subjectivity
of the task rather than reward-model error alone. In
contrast, when the score gap exceeds 4, the agree-
ment reaches 78.5%, suggesting that the reward
model is more reliable when distinguishing titles
with clear quality differences.

Crucially, the attractiveness reward model serves
only as a data filtering tool in this paper, rather than
a final evaluation metric. To avoid over-reliance
on a single reward model, all core conclusions
are cross-validated through two independent LLM
judges and blind human evaluations.

Table 8: Attractiveness scorer accuracy by score differ-
ence interval. |∆s| denotes the absolute difference in
attractiveness scores assigned by the scorer to the two
candidate titles.

|∆s| Samples Accuracy

[0, 2) 56 57.1%
[2, 4) 51 62.7%
[4, 6) 31 74.2%

[6,+∞) 62 80.6%

Overall 200 68.5%

F Pairwise Comparison

Tables 9 and 10 report pairwise win rates for a
representative subset of systems, including strong
proprietary and open-source models, the human-
authored baseline, ParetoHqD, and our SFT and
MODA models. We use the same head-to-head
preference protocol as BT-Arena and report results
separately for each automatic judge. Table 9 uses
Gemma-4-31B as the judge, while Table 10 uses
Qwen3.5-27B. Each cell shows the percentage of
comparisons in which the row model is preferred
over the column model. Results for the remaining
models are omitted for clarity, and diagonal entries
are not reported.

G Inter-Annotator Agreement Details

For each of the 200 samples, we built a 3× 3 rank
matrix and calculated Kendall’s W as follows:

W =
12S

m2(n3 − n)
, (8)

where m = 3 is the number of annotators, n = 3
is the number of titles, and S =

∑
j(Rj − R̄)2 is

the sum of squared differences between the column
rank sums and their mean. A score of W = 0
means no agreement, while W = 1 means perfect
agreement.

The W scores for all samples take six specific
values, and their frequencies are shown in Table 11.
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Table 9: Pairwise win rates (%) among selected models with Gemma-4-31B acting as the pairwise judge. Each cell
reports the share of comparisons where the row model beats the column model.

Model DeepSeek-V3.2 DeepSeek-V3.2-Thinking GPT-5.1-High Human Author ParetoHqD OURS (SFT) OURS (MODA)

DeepSeek-V3.2 – 49.5% 28.1% 72.0% 76.8% 80.6% 54.5%

DeepSeek-V3.2-Thinking 50.5% – 31.6% 67.0% 67.9% 69.8% 48.5%

GPT-5.1-High 71.9% 68.4% – 76.8% 87.0% 81.8% 76.0%

Human Author 28.0% 33.0% 23.2% – 48.2% 49.5% 32.0%

ParetoHqD 23.2% 32.1% 13.0% 51.8% – 45.7% 30.3%

OURS (SFT) 19.4% 30.2% 18.2% 50.5% 54.3% – 28.9%

OURS (MODA) 45.5% 51.5% 24.0% 68.0% 69.7% 71.1% –

Table 10: Pairwise win rates (%) among selected models with Qwen3.5-27B acting as the pairwise judge. Each cell
reports the share of comparisons where the row model beats the column model.

Model DeepSeek-V3.2 DeepSeek-V3.2-Thinking GPT-5.1-High Human Author ParetoHqD OURS (SFT) OURS (MODA)

DeepSeek-V3.2 – 56.1% 29.3% 67.7% 83.1% 67.0% 61.0%

DeepSeek-V3.2-Thinking 43.9% – 25.5% 80.8% 77.6% 70.4% 57.0%

GPT-5.1-High 70.7% 74.5% – 83.0% 80.5% 84.8% 68.0%

Human Author 32.3% 19.2% 17.0% – 36.1% 45.9% 25.3%

ParetoHqD 16.9% 22.4% 19.5% 63.9% – 54.0% 27.9%

OURS (SFT) 33.0% 29.6% 15.2% 54.1% 46.0% – 26.8%

OURS (MODA) 39.0% 43.0% 32.0% 74.7% 72.1% 73.2% –

Table 11: Distribution of per-sample Kendall’s W
scores across 200 annotated samples.

W S Samples

0.000 0 8
0.111 2 61
0.333 6 34
0.444 8 26
0.778 14 56
1.000 18 15

Mean — 0.44

We observed a bimodal distribution in the results:
61 samples scored W = 0.11, and 56 scored W =
0.78. This suggests that annotators strongly agreed
on about half of the items, while the remaining
titles were naturally difficult to rank.

H Case Study

Figure 6 presents two representative case studies
comparing titles generated by the original authors,
GPT-5.1-High, and our MODA model. In Case
1, the author’s title emphasizes technical fidelity,

while GPT-5.1-High produces a descriptively accu-
rate but verbose alternative. Our model generates a
concise, reader-oriented title that foregrounds the
practical value without sacrificing informativeness.
In Case 2, the author’s title is technically exhaus-
tive but lengthy. GPT-5.1-High condenses it while
preserving technical terminology. Our model takes
a bolder approach with a metaphorical opening,
achieving both memorability and conciseness —
qualities consistently rewarded in our attractive-
ness reward model.

I Human Evaluation Protocol

Evaluators were provided with clear guidelines be-
fore commencing the evaluation. All titles were
anonymized and presented in a random order. The
exact text of the instructions provided to evaluators
is shown in Figure 7.

17592



Case1
abstract:
Black box large language models (LLMs) make
information extraction (lE) easy to configure, but hard to
trust. Unlike traditional information extraction  ...

Human Author
SafePassage: High-Fidelity Information Extraction
with Black Box LLMS

GPT-5.1-High
SafePassage: Grounded Contexts for Trustworthy
Information Extraction with Black-Box LLMS

OUR MODA
SafePassage: Making Information Extraction from
Black Box LLMs Trustworthy

Case2
abstract:
Accurate intraday solar iradiance forecasting is crucial
for optimizing dispatch planning and electricity trading.
For this purpose, we introduce a novel and ...

Human Author
Solar Multimodal Transformer: intraday Solar
lrradiance Predictor using Public Cameras and Time
Series

GPT-5.1-High
Solar Multimodal Transformer: Single-Frame
Camera and Normalized Time Series Fusion for
Short-Term lrradiance Forecasting

OUR MODA
Seeing the Sun: A Lightweight Multimodal Approach
for Accurate Solar lrradiance Forecasting

Figure 6: Case Study.

J Prompts

Preference Annotator. Figure 8 illustrates the
prompts for constructing our attractiveness prefer-
ence samples. The model is instructed to select the
most and least attractive titles from the candidate
list, favoring bold, simple, and unexpected titles.

Title Generation. Figure 9 illustrates how we
prompt the LLM to generate titles from abstracts,
assigning it the role of a computer science reviewer
to balance faithfulness and attractiveness.

Faithfulness Judge. Figure 10 illustrates the
prompts for assessing faithfulness. The model per-
forms rigorous checks to ensure generated content
is fully supported by the abstract without introduc-
ing external assumptions.

Attractiveness Judge. Figure 11 shows the
prompt for the attractiveness metric, focusing on
stylistic quality to measure how well a title res-
onates with readers.

Welcome to this task of manually evaluating title
quality.This task aims to assess the performance
of different models in generating academic/article
titles by comparing titles generated by various
models.

1. Task Overview
You will see an abstract of an academic paper and
three randomly arranged title options (A, B, C).
Your task is to rank these three titles based on the
content of the abstract.

Core Rules:
Blind Testing Principle: The generation models for
options A/B/C are randomly shuffled. Please
evaluate objectively based entirely on title quality.

Mandatory Ranking: 
A, B, and C must be ranked in a complete order: 
1 (best), 2 (second best), 3 (worst).Ties are not
allowed.

2. Evaluation Criteria
When ranking, please consider the following
priorities from highest to lowest:

Accuracy: Does the title accurately reflect the core
research content of the abstract? Are there any
factual errors or over-inferences?

Attractiveness: Given the above conditions, is the
title distinctive and attractive? 

Conciseness: Is the title concise and free of
redundant words?

Figure 7: Annotation Instruction.

Holistic Preference Judge. Figure 12 illustrates
the prompt for comparing two candidate titles, in-
structing the model to act as a senior academic
editor and determine the better title by jointly eval-
uating rigor and attractiveness.
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# Role
You are an expert in the field of computer science.
You can now only choose titles that immediately
grab attention.

# Input Data
{titles}

# Rules
Before outputting JSON, you should strictly follow
the rules:
Chosen: Select the boldest title. Features: simple
and unexpected.
Reject: Select the most long-winded and boring
title. Features: Long sentences strung together and
lack of clear 'hooks'.
Output: You MUST output in this strict JSON
structure.
Exactness: Strictly prohibited from modifying any
characters in the original titles.

# Output Format
{ 

"chosen": "Exact title string from the list", 
"reject": "Exact title string from the list" 

}

Figure 8: Preference Annotator Prompt.

# Role
You are an expert in the field of computer science,
specializing in reviewing papers for top-tier
conferences.

# Task
Please read the provided paper abstract and help
me come up with the best possible title for the
paper. The title must balance faithfulness
and attractiveness.

# Abstract
{abstract}

# Return Format (json)
```json
{
    "title": "your title"
}
```

Figure 9: Generating Title.

# Role
You are an expert in the field of computer science.
You have a high academic taste and care a lot
about how well the title reflects the abstract.

# Task
Please read the provided [Abstract] and perform a
rigorous quantitative evaluation of the [Candidate
Title List] based on its **Faithfulness** to the
original text.

# Input Data
## 1. Abstract：
{abstract}
## 2. Candidate Title List：
{titles}

# Evaluation Criteria: Faithfulness
Core Definition: Measures how well the title reflects
the abstract. It demands semantic alignment. The
title must accurately reflect the task, method, and
scope defined in the abstract without overclaiming.
* **0-2 (Low):** Factual deviation: core keywords
lack basis in the abstract or introduces hallucinated
benefits not mentioned in the text.
* **2.5-3.5 (Mid):** Covers the primary task, but
evidence is weak: uses words not defined in the
abstract or loses specific nuances of the
methodology.
* **4-5 (High):** Absolute alignment: every claim
and keyword is anchored in direct, verifiable
evidence within the abstract.

# Rules
Please execute the following steps:
1. **Textual Grounding Analysis**: For each title,
identify which specific
phrases or concepts from the [Abstract] support it.
2. **Independent Scoring**: Assign a score from 0-
5 (0.5 increments)
strictly following the Faithfulness criteria above.
3. **Formatted Output**: You MUST output in this
strict JSON structure:

# Output Format
```json
[
    {

"title": "Title 1",
"analysis": "Brief critique focusing on textual
grounding and factual accuracy.",
"scores": {

"faithfulness": 0
}

    }
]
```

Figure 10: Faithfulness Judge Prompt.
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# Role
You are an expert in the field of computer science.
You should understand which titles are
attractive and can enhance the citation potential of
a paper.

# Task
Please perform a quantitative evaluation of the
[Candidate Title List] only based on their
Attractiveness. You will evaluate the titles focusing
on their linguistic appeal rather than the context of
the abstract.

# Input Data
## Candidate Title List：
{titles}

# Evaluation Criteria: Attractiveness
Please provide a score from 0 to 5 (in 0.5
increments). You should follow the rules.
Core Definition: Attractiveness
Measures whether the title appeal to the aesthetic
of most people and whether it is highly unique.
0-2 (Low): Overly ordinary: lacks any tension or
narrative hook; Grammatically correct but lacking
appeal, too lengthy
2.5-3.5 (Mid): Standard academic phrasing:
difficult to stand out among thousands of papers.
4-5 (High): Use precise vocabulary, elegant
structures, thought-provoking or insightful.

# Rules
1. Independent Scoring: Assign a score from 0-5
(0.5 increments) strictly following the
Attractiveness criteria above.
2. Actionable Critique: Provide a brief explanation
of why the title succeeded or failed.
3. Output Format: You MUST output in this strict
JSON structure:
```json
[
    {

"title": "Title 1",
"scores": {
    "attractiveness": 0
},

        "critique": "Briefly describe the strengths or
weaknesses."
    }
]
```

Figure 11: Attractiveness Judge Prompt.

# Role
You are a senior academic editor with peer-review
experience at top-tier venues (e.g., ACL, EMNLP,
NeurIPS).

# Task
Given a paper abstract and two candidate titles (A
and B), determine which title is better by
considering both rigor and attractiveness.
Output **strict JSON only** — no preamble, no
markdown fences.

# Evaluation Criteria
## Rigor
Does the title accurately capture the core problem
and overarching objective? Prioritize titles that
abstract complex mechanisms into clear, high-
level contributions. Penalize dense strings of
methodological jargon that obscure the primary
focus.
## Attractiveness
Is the title elegant, readable, and designed to
maximize dissemination? Reward narrative-driven
phrasing that explicitly communicates the paper's
value proposition. Prioritize active, engaging
aesthetics over purely descriptive model
nomenclature.

# Judgment Rules
- Evaluate both titles on Rigor and Attractiveness,
then compare holistically.
- **A wins**: A is meaningfully better overall on
both criteria.
- **B wins**: B is meaningfully better overall on
both criteria.
- **Tie**: Both titles are of comparable quality with
no clear winner on either criterion.

# Input
Abstract
{{ABSTRACT}}
Title A
{{TITLE_A}}
Title B
{{TITLE_B}}

# Output Format

{
  "reason": "<one concise sentence explaining the
decision>",
  "winner": "A" | "B" | "tie"
}

Figure 12: Holistic Preference Judge Prompt.
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