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Abstract

Quotation recommendation enriches writing by
suggesting quotations that fit a given context,
but prior systems largely focus on topical rele-
vance and overlook what makes quotes mem-
orable. Based on a user study, we find that
preferred quotations are often unexpected yet
rational, motivating the goal of selecting quotes
that are contextually novel while semantically
coherent. We propose NOVELQR, which (1)
uses a generative label agent to map quota-
tions and contexts into multi-dimensional deep-
meaning labels for label-enhanced retrieval,
and (2) reranks candidates with a token-level
novelty estimator that mitigates auto-regressive
continuation bias. Experiments on bilingual
datasets across diverse domains show that NOV-
ELQR is preferred by human judges and im-
proves overall recommendation quality over
strong baselines, while achieving competitive
novelty estimation. (Code: Github link)

1 Introduction

“Poetic language must appear strange and
wonderful.”

——Aristotle

Famous quotations (Tan et al., 2015) play an
important role in academic writing and daily com-
munication, as they can “provide authority for ar-
guments and enhance persuasiveness” and “add
color and aesthetics to articles” (MacLaughlin et al.,
2020). An appropriate quotation not only helps
readers understand complex ideas more accurately,
but also adds aesthetic feeling. Therefore, recom-
mendation of high-quality quotations has become
an important task in natural language generation.

This raises a fundamental question: what makes
an ideal quote? Building on Shklovsky’s Defamil-
iarization theory (Crawford, 1984), “Art aims to
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What Makes an Ideal Quote?

Please Recommend a quote.

“ itself is not frightening; what’s 
truly scary is losing the courage to get 
back up and .”


Failure 

keep moving forward

Actions speak louder than words.

———Mark Twain
 Unfit & Unrelated

Failure is the mother of success.

——Common Saying Fit but Common

Mediocre

Beauty awakens the soul to act.

——Dante Alighieri Fit & Novelty

Aesthetic

Figure 1: An ideal quote should not only fit the context,
but also be novel, adding aesthetic value to writing. As
shown in the third example, the best quote often feels
unexpected at first, but makes perfect sense in context.

renew perception by making the familiar unfamil-
iar, slowing down understanding and provoking
reflection.” In this sense, an ideal quotation should
not merely restate a point, but challenge habitual
thinking and invite deeper interpretation. Related
theories in communication and linguistics, such as
Closure theory (Kruglanski and Webster, 1996),
suggest that a writing technique prompting deeper
thinking and enhancing aesthetic appeal is the un-
familiar, complex, and profound content.

To examine whether users truly prefer “unfa-
miliar” quotations, we conduct a large-scale user
study and controlled behavioral experiments. The
results show that, among rationally appropriate op-
tions, participants systematically favor more novel
quotations and treat novelty as a complementary
dimension of quotation quality. We therefore de-
fine an ideal quote as “unexpected yet rational”
(Figure 1): readers may feel briefly puzzled when
first encountering the third recommended quote,
but then experience a sudden sense of insight once
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they relate it to the context. Such quotations deepen
the expressive power of the context while avoiding
clichés and mediocrity.

With this defamiliarization- and user-study-
–driven view of what constitutes a high-quality
quote, we revisit quotation recommendation (Tan
et al., 2015, 2016, 2018; Ahn et al., 2016; Wang
et al., 2021, 2022). Prior systems mostly reduce
the task to semantic matching over quote text (e.g.,
QuoteR (Qi et al., 2022), QUILL (Xiao et al.,
2025)), emphasizing surface-level rationality while
overlooking deeper meanings and the “unexpected”
dimension. Our analysis shows that even strong
LLMs struggle to infer deep meanings from quota-
tions in isolation, and that naive logit-based novelty
metrics suffer from an auto-regressive continuation
bias, such as surprisal (Futrell et al., 2019) and KL-
divergence (Gamon, 2006). These observations
motivate a formulation that (1) retrieves quotations
in a deep semantic space reflecting their underly-
ing intents, and (2) measures contextual novelty at
the token level while mitigating continuation bias.

In summary, achieving high-quality quotation
recommendation requires addressing two key chal-
lenges: (1) capturing the deep meanings and intents
behind quotations, and (2) measuring novelty while
mitigating continuation bias.

To address these challenges, we propose NOV-
ELQR, a novelty-driven, retrieval-augmented
framework for quotation recommendation. A label
enhancement module first builds a deep-meaning
quotation knowledge base using a generative la-
bel agent that interprets each quote into multi-
dimensional labels. These labels are used to de-
rive deep-meaning embeddings and support fine-
grained hard filtering to ensure semantic rational-
ity. Given a user context, we retrieve candidate
quotations by deep-meaning similarity, then ap-
ply a token-level novelty estimator that focuses
on “novelty tokens” to mitigate continuation bias.
Finally, we integrate novelty, popularity, and match-
ing signals into a unified scoring function to re-rank
candidates. We evaluate performance on bilingual
datasets spanning diverse real-world domains by
combining our test sets with existing benchmarks,
collecting human ratings of rationality, novelty,
and engagement, and calibrating an LLM-as-judge
against these ratings to enable detailed evaluation
and ablations. Contributions are as follows:
• We formalize ideal recommendation as selecting
quotes that are unexpected yet rational, grounded
in defamiliarization and user studies.

• We develop NOVELQR, an end-to-end novelty-
driven system with a generative label agent that
constructs a deep-meaning knowledge base and en-
ables semantic similarity retrieval with fine-grained
hard filtering for rationality.
• We identify an auto-regressive continuation bias
in logit-based novelty estimation and propose a
token-level method that focuses on “novelty tokens”
to substantially mitigate this bias.

2 Related Work

Quotation Recommendation. Work on quota-
tion (quote) recommendation has mainly targeted
semantic relevance. Early methods framed it as
learning to rank with handcrafted features (Tan
et al., 2015; Lee et al., 2016; Tan et al., 2016, 2018;
Ahn et al., 2016; Wang et al., 2021, 2022), later
replaced by neural models based on CNN/LSTM,
Transformers, GRUs, and BERT. More recently,
QUILL (Xiao et al., 2025) adopts a RAG-style
framework and offers a comprehensive benchmark.
QuoteR (Qi et al., 2022) and QUILL provide bilin-
gual test sets, which we use together with our
NOVELQR-BENCH benchmark. However, existing
systems largely optimize relevance and do not ex-
plicitly model the aesthetic value or novelty of
quotations.

Novelty Estimation. Textual novelty has been
studied mainly from two angles: Zhang et al.
(2025b) introduce NoveltyBench and view nov-
elty as answer diversity, while Li et al. (2022);
McCoy et al. (2023) describe that transformers
prefer high-frequency words and reduce output di-
versity. For operationalizing novelty or surprise,
prior work uses bayesian surprise (Pimentel et al.,
2014; Futrell et al., 2019), KL divergence (Ga-
mon, 2006), and metrics such as embedding dis-
tance (Shibayama et al., 2021). These logit-based
approaches perform poorly on quote novelty from
auto-regressive continuation bias.

3 Empirical Study

3.1 Do LLMs truly understand quotations?

Most quotation systems either generate quotations
with LLMs or retrieve them via embedding-based
search, typically operating on the quotation in isola-
tion. This leaves a central question underexplored:
to what extent do models actually grasp the deep
meanings of quotations, and how can this under-
standing be improved?
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Figure 2: Empirical result. (a) The evaluation results of the only-quote (left) and enhanced-quote (right) scene.
All models perform significantly better with enhanced inputs, demonstrating the effectiveness of guided prompt in
deep meaning understanding. (b) In user studies, (left) participants perceive ideal quotations as “unexpected yet
rational”( ), while current models tend to produce clichéd-but-high-fit ones ( ); (right) across various writing
scenarios, novelty consistently emerges as a key dimension of quotation quality.

Setup. We construct a diagnostic evaluation over
quotations from three genres (classical Chinese,
modern Chinese, and modern English), each paired
with expert-written interpretations of their underly-
ing semantics. Quotations are bucketed into three
difficulty bands (EASY, MID, HARD). We evalu-
ate several closed- and open-source LLMs on two
tasks: (1) explaining the deep meaning of a quota-
tion and (2) identifying its author or source, under
two prompting conditions: quote only versus an
enhanced quote that includes auxiliary contextual
information. Details are given in Appendix H, and
evaluation results appear in Figure 2(a).

Findings. With only the quote as input, all models
perform poorly at capturing deep meanings, regard-
less of size: even on the EASY subset, GPT-4o’s
average score remains below the threshold for high-
quality semantic understanding, and author/source
identification is similarly weak, indicating diffi-
culty understanding deep meanings of quota-
tions. By contrast, enhanced-quote prompts yield
substantial gains, where average scores approach
9.0 even on HARD items, and a smaller Qwen3-8B
model matches GPT-4o. These results suggest that
LLMs can effectively grasp deep meanings when
supplemented with auxiliary information. This
motivates enriching the quotation knowledge base
with labels before retrieval.

3.2 Do users actually want “unexpected yet
rational” quotations?

To ensure that our objective is aligned with user
needs, we conduct four complementary user studies
(details in Appendix E).

Questionnaire. We first ran an online question-
naire with N = 964 respondents across diverse
ages and work fields. On 0–10 scales, an “ideal”
quotation is rated as almost obligatorily appropri-
ate (9.1) and also novel (7.4), and users see these
two dimensions as complementary rather than con-
flicting: most place their ideal quotation in the
high-match, non-trivially-novel region and many
are willing to trade a small amount of fit for ex-
tra novelty. Scenario questions further show that
novelty is strongly valued in everyday expressive
writing, and open-ended answers repeatedly de-
scribe good quotations as those that “fit the context
but still feel fresh”.
Controlled experiments. We then ran small
controlled studies with 100 participants to test
these preferences in behavior. In rating, pairwise-
choice, and cloze-style fill-in tasks that explic-
itly control contextual fit, participants consistently
prefer quotations that are novel-but-rational over
clichéd ones. After reading a short description of
a defamiliarization-like effect, they describe it as
exactly the kind of impact they want quotations to
have in expressive writing, supporting our choice
of unexpected yet rational as the target objective.
As summarized in Figure 2 (b), users perceive an
ideal quotation as unexpected yet rational, which
emerges as one important dimension of quotation
quality alongside basic appropriateness.

4 Methodology

To address the two challenges of “difficulty under-
standing deep meanings of quotations” and “seman-
tically rational but lacking novelty”, we propose
a quotation recommendation system (Figure 3),
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Figure 3: Overview of our novelty-driven quotation recommendation framework: (1) Label Enhancement, where
the generative label agent enhances understanding of the quotation knowledge base (KB) and user-given context; (2)
Rationality Retrieval, which “retrieves then filters” quotations using deep meanings and labels; and (3) Novelty
Reranking, which highlights the continuation bias, and introduces the method to mitigate it and estimate novelty.

which consists of three steps:

4.1 Step 1: Label Enhancement

Existing quotation recommendation systems typi-
cally retrieve candidates by embedding the raw quo-
tation text. However, our empirical analysis shows
that even strong LLMs often fail to capture the
deep semantic meanings of quotations from their
surface strings alone, making direct retrieval over
raw quotes unreliable. We therefore preprocess
our quotation knowledge base (KB) with Label
Enhancement before retrieval: a generative label
agent produces both deep semantic interpretations
and multi-dimensional labels, and performs the
same procedure online for user-provided contexts.
Following Section 3.1, we adopt Qwen3-8B (Team,
2025b) as the backbone of this agent.

As illustrated in Figure 3 (details in Appendix J),
the label agent executes four steps:
(1) Comprehensive Analysis: Given auxiliary in-
formation (author, source, and related context), the
LLM analyzes the quotation from multiple per-
spectives, including author background, histori-
cal–cultural context, and emotional connotations.
(2) Deep Meaning Generation: Based on the com-
prehensive analysis beyond the quotation, we ex-
tract and concisely summarize the deep semantic
meanings within 50 words (“Express that ...”).
(3) Multi-round Correction: The agent self-
critiques and refines its explanations for up to
R = 3 rounds, checking for superficiality, over-
interpretation, and logical gaps; around 4.6% of

outputs are rejected (protocol in Appendix J.2).
(4) Semantic Label Extraction: Finally, struc-
tured semantic labels are extracted from Core Do-
mains, Insights, Values, Applicability, and Senti-
ment Tone (Prompts in Appendix N.2).

Through label enhancement, quotations in the
KB are mapped into an interpretable deep-meaning
space equipped with rich labels, forming the ba-
sis for our label-enhanced retrieval module. Re-
trieving over these interpretations, rather than raw
quotation embeddings, yields more rational and
controllable recommendations.

4.2 Step 2: Rationality Retrieval

Traditional systems usually retrieve quotations by
measuring similarity over the raw quotation text,
which we refer to as Quote-based Retrieval (QR).
While embedding-based similarity over surface
strings can work for simple, explicit quotations, it
often returns candidates that are only superficially
related but misaligned with the deeper intent of the
context. Moreover, QR skips the interpretive step
and does not mimic how humans first analyze a
context before choosing an appropriate quotation.

Building on label enhancement, we instead per-
form retrieval over deep semantic meanings, which
act as a bridge for semantic retrieval. We term
this module Label-enhanced Retrieval (LR). LR
follows a “retrieve–then–filter” pipeline.

In the retrieval step, an embedding model en-
codes the deep meanings of all quotations, as well
as the input context, and we retrieve TopN can-
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didates with the highest similarity in this deep-
meaning space. We then apply a hard filter based on
label similarity in the “Core Domain/Value/Insight”
dimensions with a threshold T . Human verification
shows that our generated labels have less than 3%
distortion (Appendix J.3), so this signal allows the
filter to reliably remove semantically implausible
candidates while rarely discarding valid ones.

We tune on a held-out validation set and
use TopN = 50, T = 0.7 in all experiments (Ap-
pendix B). However, the goal of this stage is not
to produce the final recommendation, but to con-
struct a pool of semantically rational candidates
for the subsequent novelty-aware reranker.

4.3 Step 3: Novelty Reranking
Given a candidate pool that is largely rational
with respect to the context, the final stage focuses
on ranking quotations by their degree of “unex-
pectedness” while mitigating auto-regressive con-
tinuation bias in standard surprisal-style scores.
We combine three factors: novelty SN , semantic
match SM , and popularity SP .

Novelty. We first define quotation novelty. Intu-
itively, a novel quotation is unfamiliar and diffi-
cult for the model to predict under the given con-
text (Futrell et al., 2019). We therefore measure
novelty via differences in the model’s own logits.
For a candidate quotation q = {x1, . . . , xT }, let

pprior(xt) = p(xt|x1, · · · , xt−1) = p(xt|X<t), (1)

pcond(xt) = p(xt|C, x1, · · · , xt−1) = p(xt|C,X<t), (2)

be the token distributions without and with the ex-
ternal context c, respectively. We define the log-
probability difference Rt and compute online,

Rt = log pprior(xt)− log pcond(xt). (3)

If Rt > 0, the token becomes harder to predict
under the context, reflecting the kind of “sudden
turn” or “surprise” that we seek.

However, standard logit-based novelty estima-
tors can exhibit errors that stem from what we
term auto-regressive continuation bias1. In other
words, since the model performs inference through
next word prediction, some common expressions
exhibit continuity problems. For example, after
given context “When you feel not talented enough
to finish this project. Don’t worry about that, just

1See Appendix L for a detailed discussion of continuation
bias, our novelty-token design, and the bias analysis from
other novelty estimators.

keep trying”, it is difficult to predict “Genius is
one percent” in the beginning, whereas predicting
the subsequent phrase “inspiration and ninety-nine
percent perspiration” becomes inevitable. If we
predict at the word-level or quote-level, it will
cause bias in the final average calculation. To miti-
gate this, we model quotation novelty at the token
level and emphasize novelty tokens rather than
treating all tokens uniformly (the bias is illustrated
in Figure 14).

Concretely, we first run the quotation through
the language model without context and compute
a token-level self-perplexity sequence PPLt =
exp

(
− log p(xt | x<t)

)
offline. We then exam-

ine how this sequence evolves by taking first- and
second-order differences:

δ1(t) = PPLt−PPLt−1, |δ2(t)| = |δ1(t)−δ1(t−1)|. (4)

Large |δ2(t)| indicates a sudden change in the local
Self-PPL pattern (Xie et al., 2024; Shin et al., 2024).
To obtain a smooth, non-negative signal, we define

∆2(t) = log
(
1 + |δpad

2 (t)|
)
, (5)

where δ
pad
2 (t) denotes δ2(t) with appropriate

padding at boundaries. We then normalize ∆2(t)
within each quotation to obtain weights in [0, 1]:

wt =
∆2(t)−mint ∆2(t)

maxt ∆2(t)−mint ∆2(t) + ϵ
∈ [0, 1], (6)

where ϵ is a small constant to avoid division by zero
and convert {wt} into a distribution over tokens,

w̃t =
wt∑T
j=1 wj

, (7)

so that
∑

t w̃t = 1. Tokens with large w̃t are
treated as novelty tokens, while smooth continua-
tion regions receive little weight.

Finally, we define the token-level novelty score
as a weighted average of log-probability differ-
ences:

SN =
T∑

t=1

w̃t

[
log p(xt | x<t)− log p(xt | C, x<t)

]
. (8)

Positive contributions to SN come mainly from
novelty tokens whose predictability drops under
the context, while continuation-like segments con-
tribute little, thereby reducing bias.
Popularity. To avoid spuriously treating ex-
tremely rare quotations as “novel”, we add a web-
based popularity signal. For each quote q we query
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Bing2 with the exact-phrase query under a deper-
sonalized, region-neutral profile and record the
count c. Counts are collected at fixed UTC snap-
shots (2025.02-04) and reported in KB for repro-
ducibility. We then map c to a bounded score

SP =
1

1 + e−z
, where z =

log(1 + c)− µ

σ
, (9)

where µ = 10.53 and σ = 2.21 are estimated from
log(1 + c) over all quotations. It is used as a
regularizer to downweight overly obscure can-
didates. Appendix C shows that removing pop-
ularity yields a consistent drop, and further ana-
lyzes alignment with human-perceived familiar-
ity (Spearman ρ ≈ 0.73, Fleiss’ κ = 0.68) as well
as sensitivity to alternative engines (e.g. Google).

Semantic Match. Although LR already enforces
contextual rationality, we still include a semantic
matching term to favor quotations that are more
coherent and emotionally consistent with the con-
text. We compute cosine similarity between deep-
meaning embeddings of the quotation and context,
and rescale it to [0, 1]:

SM =
1

2

(
hq · hc

∥hq∥ ∥hc∥
+ 1

)
, (10)

hq,hc denote the semantic embeddings of the quo-
tation and context, respectively.

Finally, the reranking score is as follows:

Sfinal = λ1 · SN + λ2 · SP + λ3 · SM . (11)

By adjusting λi, we balance novelty against ra-
tionality factors to ensure that the recommended
quotations are both surprising and acceptable.

Computational cost. The heavy components
are run offline, so that online inference only re-
quires embedding similarity searches and logit-
difference, with an average end-to-end latency of
about 772.2+431.3

−30.5 ms per query (Appendix I).

5 Experiments

In this section, we aim to answer three questions:
(1) whether NOVELQR improves quote recom-
mendation over strong baselines, (2) whether label-
enhanced retrieval yields a more semantically co-
herent candidate set than text-based retrieval, and
(3) whether token-level novelty estimation better
captures contextual novelty by mitigating contin-
uation bias. We further examine the consistency
between our evaluation and human judgments.

2https://www.bing.com/

5.1 Setup
Datasets. We evaluate on three high-quality bilin-
gual test sets of 100 instances each: QuoteR,
QUILL, and our proposed test set NOVELQR-
BENCH. Together, these sets cover literary, con-
versational, and expository writing across diverse
real-world domains (e.g. literature, science, philos-
ophy, law, etc.). Construction details and statistics
are given in Appendix D.

Knowledge Base. The quotations in the knowledge
base are from QUILL (Xiao et al., 2025), which
we richly label and embed using the ACGE text
embedding model (Kusupati et al., 2022).

Metrics. Our primary retrieval metrics (HR@5,
nDCG@5, MRR@5; †Statistical significance
paired bootstrap testing details in Appendix K)
are computed from human-annotated labels (Ap-
pendix F.1). In addition, to obtain 1–5 auxiliary
scores for Match and Novelty at scale, which are
averaged over three random seeds for stability, we
use an LLM-as-judge (GPT-4o (OpenAI, 2024))
calibrating against expert ratings (Section 5.4).

Settings. All methods share the same hyperparam-
eters. Label-enhanced retrieval uses TopN = 50
and T = 0.7 (Appendix B), and the reranking
weights are fixed to {λ1 = 0.70, λ2 = 0.20, λ3 =
0.10} which tuned on a held-out set over different
weight combinations (see Appendix A, Table 4).

5.2 Main Result
As shown in Table 1, Model-based Quotation Gen-
eration baselines perform worst, mainly due to
hallucinations (Xiao et al., 2025) and low appro-
priateness. Retrieval-augmented Quotation Rec-
ommendation methods perform substantially bet-
ter, especially those based on semantic matching.
Within this family, moving from Quote-based Re-
trieval (QR+w/oReranker) to our Label-enhanced
Retrieval (LR+w/oReranker) yields a large gain in
Match (from 3.99 to 4.55), indicating that the first-
stage rationality retrieval provides a much stronger
candidate set for subsequent reranking.

Fixing LR as the retriever, we then compare dif-
ferent rerankers. Across all test sets, our novelty-
aware reranker (LR+Ours) achieves the best over-
all performance, substantially boosting novelty
while maintaining high match and strong ranking
metrics. Additionally, in a human multiple-choice
study (Appendix E.2), 78% of selections favor our
system. Improvements hold for classical literary
quotations, modern conversational contexts, and
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QuoteR QUILL NOVELQR-BENCH

Method Novelty Match Avg Novelty Match Avg Novelty Match Avg HR† nDCG† MRR†

Model-based Quotation Generation
LLM (GPT-based) 2.85 3.00 2.93 2.76 3.10 2.93 2.85 2.99 2.92 ∼ ∼ ∼
QuoteR (Bert-based) 3.55 3.77 3.66 3.55 4.08 3.82 3.21 3.88 3.54 ∼ ∼ ∼

Retrieval-augmented Quotation Recommendation
QR + w/o Reranker 3.59 3.93 3.76 3.46 4.04 3.80 3.14 3.99 3.57 0.35 0.26 0.24
QUILL 3.42 3.90 3.66 3.32 4.11 3.72 3.08 4.15 3.62 0.15 0.12 0.11
LR + w/o Reranker 3.78 3.96 3.87 3.63 4.26 3.95 3.40 4.55 3.98 0.55 0.44 0.40
LR + bm25 3.64 3.95 3.80 3.60 4.30 3.98 3.40 4.52 3.96 0.40 0.30 0.23
LR + Bge-large 3.75 4.00 3.88 3.60 4.33 3.97 3.61 4.54 4.08 0.56 0.39 0.33
LR + Qwen3-Re 3.85 3.90 3.88 3.75 4.35 4.00 3.62 4.58 4.10 0.62 0.48 0.45
LR + GPT 3.90 3.80 3.85 3.77 4.25 4.01 3.75 4.50 4.12 0.66 0.47 0.43
LR + Ours 3.88 3.86 3.88 3.79 4.38 4.09 3.81 4.50 4.16 0.70 0.51 0.45

Table 1: Comparison of different methods: (1) Quote-based Retrieval (QR) retrieves quotations using only quotation
text embeddings, (2) Label-enhanced Retrieval (LR) uses deep-meaning embeddings and label-based filtering.
Our method consistently outperforms existing approaches across all three datasets, where bm25 (Robertson and
Zaragoza, 2009), Bge-large (Xiao et al., 2023), Qwen3-Reranker (Zhang et al., 2025a) and GPT (Sun et al., 2024)
are the re-ranking methods. (†: Metrics are statistically significant at the 95% confidence level)

expository writing, suggesting that our framework
is not restricted to a single genre.

NOVELQR-BENCH

Method Novelty Match HR† nDCG† MRR†

Self-BLEU 3.55 4.48 0.50 0.39 0.37
Embedding-Dis 3.66 4.56 0.50 0.41 0.37
Surprisal 3.66 4.31 0.55 0.44 0.40
+ Novelty-token 3.73 4.39 0.62 0.45 0.42

KL-Div 3.48 4.39 0.61 0.43 0.37
+ Novelty-token 3.64 4.40 0.61 0.45 0.40

Uniform Avg 3.66 4.45 0.63 0.46 0.41
TopK Avg 3.68 4.48 0.65 0.47 0.42
Ours (Novelty-token)

Qwen3-8B 3.81 4.50 0.70 0.51 0.45
Qwen3-0.6B 3.74 4.46 0.66 0.48 0.42
Qwen3-32B 3.77 4.45 0.71 0.50 0.44
Qwen2.5-7B 3.72 4.42 0.65 0.47 0.41
Llama3-8B 3.66 4.38 0.61 0.43 0.38
GLM3-6B 3.75 4.44 0.66 0.45 0.44

Table 2: Evaluation results of various methods for nov-
elty estimation. The other methods are implemented by
Qwen3-8B model and ACGE text embedding model.
(†: Statistically significant with 95% confidence)

5.3 Ablation Study

Novelty Estimation. Building on our token anal-
ysis in Appendix L.3, we observe that likelihood-
based metrics such as Surprisal and KL-Divergence
are systematically distorted by the auto-regressive
continuation bias while Embedding Distance and
Self-BLEU are not. To further validate the ef-
fectiveness of our novelty-token, we compare our
method against several used alternatives, their vari-
ants equipped with novelty-token weighting (+
Novelty-token), and two token-level ablations of
our method: a uniform average over token-wise
logit gaps and a TopK variant. We use each as a

Retrieval setting Match ∆(+)

Backbone comparison
Quote-only embeddings (QR) 4.15 ∼
Deep-meaning embeddings only 4.45 0.30
Label-only embeddings 4.25 0.10
Deep-meaning labels (LR) 4.50 0.35

Label-filter variants (with deep-meaning retrieval)
No label filter 4.39 ∼
Domain only 4.44 0.05
Value only 4.45 0.06
Insight only 4.45 0.06
Domain + Value 4.47 0.08
Domain + Insight 4.45 0.06
Value + Insight 4.48 0.09
Domain + Value + Insight 4.50 0.11

Table 3: Effect of deep-meaning retrieval and label-
based filtering on Match.

drop-in replacement for SN and also test different
LLMs (Detailed formulations in Appendix M).

As shown in Table 2, existing metrics and the
two token-level ablations fail to accurately capture
contextual novelty. When we equip logit-based
baselines with our novelty-token weighting, their
performance improves consistently, demonstrating
that our novelty-token design is both effective and
well suited to this setting, although our full esti-
mator SN still achieves the best overall perfor-
mance. Moreover, analyses across different model
sizes and families show minimal performance vari-
ation, indicating that our estimator remains robust
even with relatively small models.

Effect of LLM-Based Labels. We next ask
whether deep-meaning retrieval and label filtering
are necessary. We compare four retrieval settings:
(1) retrieving quotations using only quotation text
embeddings (QR), (2) using deep-meaning embed-
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Figure 4: Semantic embedding visualization (T-SNE)
of retrieved quotations using different methods. Label-
enhanced shows tighter clustering and better semantic
consistency compared to Quote-based retrieval.

Figure 5: The Correlation between our LLM-as-judge
evaluation and human scores. To avoid overlapping
points, random jitters were added to ratings.

dings without any label filter, (3) retrieving em-
beddings of the concatenated Core Domain, Value,
and Insight labels, and (4) our full setting (LR),
which combines deep-meaning retrieval with label-
based filtering on these three dimensions. We also
fix deep-meaning retrieval and vary which label
subsets are used in the filter to examine the contri-
bution of each dimension (Table 3).

Compared with quote-based embeddings, deep-
meaning embeddings already yield better semantic
performance. Adding label-based filtering further
improves results, demonstrating the effectiveness
of the label filter. Moreover, performance remains
stable across different label variants, suggesting
that the label filter is robust to each dimension.

Semantic Structure. To assess the semantic qual-
ity of our retrieval module, we compare Label-
enhanced Retrieval (LR) with Quote-based Re-
trieval (QR) by visualizing the embeddings using
t-SNE (Figure 4). QR, which retrieves directly
from raw quotation text, yields scattered and mixed
clusters, indicating weaker semantic coherence. In

contrast, LR produces more coherent, contextually
aligned clusters, suggesting that our method cap-
tures the underlying semantics more faithfully.

5.4 Human Alignment
Given the subjectivity, we randomly sample 500
instances and collect 1–5 ratings from three lit-
erature experts (ICC = 0.81 for Match, 0.76 for
Novelty; Appendix F.2). Figure 5 compares hu-
man and LLM-as-judge scores, showing general
alignment (ρ > 0.79) between model and human
while designed prompts and criteria make the LLM-
as-judge framework a reasonably reliable proxy
for human judgments. In Appendix G, we further
confirm the stability across different LLM judges
(GPT-4o, Claude 3.5, Gemini-1.5 and Qwen-Plus)
and sampling temperatures of 0 and 0.7.

5.5 Practicality, Cost, and Scalability
Our pipeline separates a one-time offline indexing
cost from lightweight online inference. Offline, we
construct a labeled quotation knowledge base by
generating deep-meaning explanations and struc-
tured labels for the quotation pool. This preprocess-
ing is performed once and the resulting labeled KB
can be reused across future queries. Online, the sys-
tem only requires a single label-generation step for
the input context, followed by embedding retrieval,
label-based filtering, and token-level novelty scor-
ing. Therefore, the online cost is comparable to a
standard retrieval-augmented pipeline rather than
requiring expensive per-candidate generation. In
our implementation, the additional cost mainly
comes from the offline KB construction, while
the online latency remains practical for interac-
tive use. Moreover, scalability is favorable: enlarg-
ing the quotation pool increases only the offline
preprocessing cost approximately linearly, while
online serving can still rely on standard retrieval
and batched reranking over a small candidate set.
More details about efficiency and scalability are
provided in Appendix I.

6 Case Study

To provide a more intuitive illustration, we present
examples from the experiments and compare our
results with those from QuoteR and QUILL in Fig-
ure 6. In these cases, the baseline systems are easily
misled by surface-level cues (e.g., interpreting a
passage about longing when returning to the city
as simply being a city, or the classical theme of
Autumn Thoughts as merely autumn) and therefore
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...... The first time I visited that city, 
everything felt so fresh and exciting. 
The smell of coffee on the streets, the lights 
at night, and the friendly smiles of strangers 
all left a deep mark on my memory. ......

No man ever steps in the same river

twice. ——Heraclitus

In my youth I knew not the taste of 

sorrow. ——Chinese poem

I'm so glad cities have personalities,

just like people have personalities.

That's something that makes me

smile. ——Fred Armisen

...... 塞罕坝人用半个世纪的坚守将荒漠变为绿洲，
印证了日拱一卒的坚持才是实现梦想的关键。正如
古人所言 ......

但使书种多，会有岁稔时。

                                        ——《书院》

筚路蓝缕，以启山林。——《史记》

成功是辛勤劳动的报酬。

                                         ——《谚语》

...... On the topic of personal image, ...... 
Today, with the rapid development of the 
internet and the rise of social media, people 
are increasingly attentive to how they are 
perceived by others. ......

Your brand is what other people say

 about you when you’re not in the

 room.                             ——Jeff Bezos

The only person you are destined to

 become is the person you decide to

 be.                         ——Ralph  Emerson

Self-respect is the fruit of discipline

; the sense of dignity grows with the

 ability to say no to oneself.

                            ——Abraham Heschel

明代著名旅游家徐霞客幼年便勤奋好学，博览图经
地志，誓要祖走遍祖国的大好河山，他从22岁时
开始出游，前后经过32年足迹，......经过数十年的
努力，他以惊人的毅力写出了千古名书《徐霞客游
记》。如果徐霞客只是空想走遍大好河山 ......

非知之实难，将在行之。  ——《左传》

道之所在，虽千万人吾往矣。

                                              ——《孟子》

成功的秘诀在于恒心。  

                                            —— 迪斯雷利

QuoteR

QuoteR QuoteR

QuoteR

QUILL

QUILL QUILL

QUILL

Ours

Ours Ours

Ours

Unfit 

Unfit 

Unfit 

Fit & Common 

Unfit 

Fit & Common 

Fit & Novelty Fit & Novelty

Fit & NoveltyFit & Novelty

Fit & Common 

Fit & Common 

Figure 6: More cases of recommendation. Our method can recommend more in-depth citations, rather than
just semantically relevant ones.

fail to recommend an ideal quote, while our method
tracks the deeper intent of the context. This high-
lights that capturing deep meanings is essential.

7 Conclusion

From our large-scale user studies, we presented a
defamiliarization-inspired quotation recommenda-
tion framework NOVELQR that targets quotations
which are “unexpected yet rational”. Methodologi-
cally, we propose a logit-based, token-level novelty
estimator that mitigates the auto-regressive contin-
uation bias. Experiments on multi-genre data with
both human and LLM-as-judge evaluation suggest
that our system can recommend quotations that
are more appropriate and more novel, showing its
potential as a practical writing assistant.

Limitations

Yet, as Shakespeare noted, “There are a thousand
Hamlets in a thousand people’s eyes”—novelty is
inherently subjective and varies among individuals.
While our human-anchored, LLM-based estima-
tion provides a practical proxy, it still cannot fully
capture such subjectivity; developing more com-
prehensive and robust evaluation frameworks for
novelty remains important future work.
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Appendix

A Result of Reranking Parameters λi

Here we present the table from the ablation study
section titled “Impact of Reranking Score Parame-
ters”.

Parameters LLM-as-Judge

SN SP SM Novelty Match Avg

1.00 0.00 0.00 3.82 4.41 4.115
0.70 0.30 0.00 3.79 4.47 4.130
0.50 0.50 0.00 3.69 4.46 4.075
0.70 0.00 0.30 3.71 4.46 4.085
0.70 0.15 0.15 3.80 4.50 4.150
0.70 0.20 0.10 3.81 4.50 4.155
0.50 0.25 0.25 3.72 4.47 4.095

Table 4: Performance under different weight combi-
nations of novelty (Sn), popularity (Sp), and semantic
matching (Sm). (statistically significant at p < 0.05).

Overall, as shown in Table 4, when the nov-
elty score remains the dominant component, the
overall score fluctuates but consistently achieves
good performance. Therefore, the final combina-
tion {SN = 0.70, SP = 0.20, SM = 0.10} is se-
lected based on held-out tuning. Since real-world
scenarios do not uniformly prefer high novelty (Fig-
ure 2), a writing assistant can adjust the weighting
parameter λ to adapt the balance accordingly.

B Ablation Studies on Label-based
Retrieval Method

In our reranking system, its effectiveness relies
on the assumption that the candidate quotations
themselves are semantically reasonable. Therefore,
in this experiment, we aim to verify the seman-
tic quality of the label-based retrieval approach as
well as the effect of the parameter settings used in
this retrieval process. Unlike direct quote-based
retrieval from the entire corpus, this approach re-
trieves and filters candidates based on generative
labels and deep semantic meanings. Specifically,
in label-based retrieval we set the number of top
retrieved items for deep semantic matching as

TopN = {50, 100, 150, 200}
and the semantic threshold for hard filtering based
on labels as

T = {0.5, 0.7, 0.9}.
We then use an LLM-as-judge to evaluate the se-
mantic alignment between each quotation and its
context as the effectiveness metric.

From the experimental results in Table 5, we ob-
serve that increasing TopN does not improve the
semantic alignment score. Therefore, we choose
TopN = 50 for faster response. Although increas-
ing the threshold improves alignment scores, the
number of quotations that remain after filtering
becomes fewer than five, resulting in too few can-
didates. Consequently, we finally select T = 0.7,
which yields an average semantic alignment
score of 4.5, and use these parameters for se-
mantic retrieval. Furthermore, results from the
main experiments also show that label-based re-
trieval achieves higher semantic alignment scores
compared with direct quote-based retrieval, which
validates the effectiveness of our method and sup-
ports our underlying assumption.

TopN T Row Quote Final Quote Length

0.5 4.3 46.7
50 0.7 4.2 4.5 18.0

0.9 4.7 1.3

100
0.5

4.1
4.0 91.5

0.7 4.5 30.4
0.9 4.6 3.2

150
0.5

4.1
4.2 136

0.7 4.2 46.1
0.9 4.6 3.5

200
0.5

4.0
4.0 180

0.7 4.3 32.2
0.9 4.5 3.7

Table 5: Ablation Study of Label retrieval. The result
shows that selecting the parameters {TopN = 50, T =
0.7} for label-based retrieval achieves the best seman-
tic alignment score.

C Ablation Studies on Popularity

C.1 Effect on performance

In Section 4.3, we study the impact of the web-
based popularity score SP on our system by com-
paring: (1) w/o popularity, which drops SP and
relies only on semantic match and token-level nov-
elty; and (2) Bing3, Google4, and Baidu5, which
use the same procedure in Section 4 but with dif-
ferent search engines to estimate document fre-
quency. For each variant we recompute SP , rerun
the reranking stage, and report HR@5, nDCG@5,
MRR@5 and LLM-as-Judge score (Novelty and
Matching) on the bilingual test sets. As shown in

3https://www.bing.com/
4https://www.google.com/
5https://www.baidu.com/
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Figure 7: Alignment between the web-based popular-
ity score SP and human-perceived popularity. The
result shows a clear positive relationship between SP

and human judgments, suggesting that our web-based
popularity score is a reasonable approximation of per-
ceived quotation popularity. (κ = 0.68)

Table 6, all popularity-enabled variants outperform
the w/o-popularity baseline, and the three engines
yield very similar trends. This indicates that in-
corporating a coarse web-frequency signal is
beneficial and that our method is not sensitive to
the specific choice of search engine.

Variant Novelty Match HR nDCG MRR

w/o SP 3.70 4.46 0.66 0.48 0.42
Bing 3.82 4.50 0.70 0.51 0.45
Google 3.80 4.49 0.69 0.50 0.44
Baidu 3.79 4.47 0.68 0.49 0.43

Table 6: Effect of different popularity variants on rank-
ing performance. The result shows that incorporating a
web-frequency signal is beneficial and that our method
is not sensitive to the specific choice of search engine.

C.2 Human-perceived popularity alignment

We also run a small human study to check whether
SP agrees with how people perceive quotation pop-
ularity. We sample N = 200 quotations from the
KB, and ask three annotators to rate, on a 1–5 scale,
how familiar or widely known each quotation is.
We average the human scores and compute the
Spearman correlation with SP obtained from Bing.
The resulting correlation Figure 7 shows a clear
positive relationship between SP and human judg-
ments, suggesting that our web-based popularity
score is a reasonable approximation of perceived
quotation popularity and suitable as a regularizer
in the final ranking. See Appendix F.3 for more
details (κ = 0.68).

D Datasets

D.1 Overview
Table 7 summarizes the three test sets used in our
experiments. Across all three test sets, our system
consistently outperforms retrieval and generation
baselines. Importantly, the relative gains are stable
from canonical literary quotations to modern quo-
tations and to out-of-domain contexts in reports,
news, and essays, suggesting that the proposed
framework is not tailored to a specific genre.

Dataset #Instances Main domains Context style

QuoteR 100 literature, philosophy short narrative/expository
QUILL 100 books, interviews, forums modern, conversational
NOVELQR-BENCH 100 reports, news, student essays expository, argumentative

Table 7: Overview of our three bilingual test sets. To-
gether they cover classical and modern quotations and
contexts from literary, conversational, and expository
writing.

D.2 Construction of NOVELQR-BENCH

Existing benchmarks (QuoteR, QUILL) mainly fo-
cus on literary and conversational contexts. To
better test robustness in more informational and
argumentative settings, we construct NOVELQR-
BENCH as follows.

(1) Context sampling. We sample 100 contexts
in total from three sources: (i) public reports and
opinion pieces6, (ii) news articles7 (e.g., technol-
ogy, society, finance), and (iii) high-school and un-
dergraduate essays8 on themes such as persistence,
parting, and self-discipline. We filter for contexts
with length between 80 and 300 tokens and remove
duplicated or near-duplicated passages.

(2) Candidate quotations. For each context,
we retrieve the K = 50 quotations from our bilin-
gual KB using a strong embedding-based retriever
(Label-based and Quote-based retrieval). The re-
trieved candidates are randomly shuffled before
annotation to avoid position bias.

(3) Human relevance labels. Three annotators
independently mark up to three quotations per con-
text that they consider “appropriate and expressive”
for the given passage. We take the union of their
selections as the relevant set when computing HR,
nDCG, and MRR. No system outputs are shown
during annotation, and we only use the raw texts
without any personal metadata. (Appendix F.1)

6https://paper.people.com.cn/
7https://www.xinhuanet.com/
8https://www.zuowen.com/
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E User Study

Here we will provide additional details of our user
studies designed to verify that quotation novelty
is not merely a philosophical construct, but a user-
perceived and optimizable objective in quotation
recommendation. Concretely, we aim to answer
three questions that complement the empirical re-
sults in the main paper:

(1) How users conceptualize “appropriateness”
and “novelty” for quotations,

(2) Whether they see these as complementary
rather than mutually exclusive,

(3) How the preference for novel quotations
varies across writing scenarios.

Building on these findings, subsequent stud-
ies (reported in later subsections) use controlled
choice experiments and utility modeling to con-
nect user attitudes with actual selection behav-
ior. We first present the full questionnaire used
in Study 1, which focuses on users’ perceptions
and self-reported preferences.

E.1 Study 1: Perception and Scenario
Questionnaire

This is a questionnaire-based survey. It consists
of five parts: (A) demographics and writing back-
ground, (B) views on appropriateness and novelty,
(C) direct comparison questions between different
types of quotations, (D) preferences across writing
scenarios, and (E) self-reported behavior and open-
ended feedback. The full instrument is reproduced
in Appendix N.3.

Collection. We first analyze responses to the
questionnaire. We distributed the survey via Wen-
juanxing9, a widely used online questionnaire plat-
form, and collected a total of N = 964 completed
responses. All responses passed our basic attention
checks, so we retained all 964 for analysis.

Participants. In Part A, we asked participants
for their age group and primary work field. The
sample covers all age groups from 18–24 up to 55+,
and spans multiple work fields including education,
research, industry, and other professions. Table 8
summarizes the distribution (basically covering
users of all categories).

Most participants reported writing long-form
texts at least monthly, and a majority indicated
that they use quotations at least occasionally in

9https://www.wjx.cn

Age group Primary work field

18–24 218 Education 312
25–34 376 Research 271
35–44 231 Industry 307
45–54 96 Other 74
55+ 43 - -

Table 8: Summary of participants in Study 1 (N = 964).

their writing. Below we summarize the key quanti-
tative findings relevant to how users perceive and
prioritize appropriateness and novelty.

Appropriateness vs. Novelty. Participants rated
the importance of contextual appropriateness and
novelty for an “ideal” quotation on 0–10 scales
(Q6-Q7).

The mean importance of appropriateness was 9.1
(SD 1.2), while the mean importance of novelty
was 7.4 (SD 1.8), both significantly above the neu-
tral midpoint of 5 (one-sample t-tests, p < 10−10

for both). A box plot or violin plot comparing these
two distributions (Figure 8) makes the contrast visu-
ally clear: respondents almost unanimously treat
appropriateness as a must-have requirement,
and also assign substantial importance to nov-
elty.
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Figure 8: Importance ratings (0–10) for appropriateness
and novelty in an “ideal” quotation (Q6–Q7). Both are
rated highly, with appropriateness near-essential and
novelty clearly important.

Complementary vs. Mutually Exclusive. Q8
further probes how users conceptually relate the
two dimensions through five Likert statements (1
= strongly disagree, 5 = strongly agree), which
reports the mean and standard deviation for each
statement. Respondents strongly agree that appro-
priateness is a prerequisite (Q8(a)) (Mean = 4.6, SD
= 0.7), and they also agree that, given appropriate-
ness, less clichéd and more original quotations are
preferred (Q8(b)). They additionally endorse the
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two-dimensional view in Q8(c). In contrast, they
clearly reject the two extreme views in Q8(d) and
Q8(e) (Mean = 1.8, SD = 0.9), which elevate only
one dimension while ignoring the other. These pat-
terns explicitly support our assumption that appro-
priateness and novelty are seen as complementary
rather than mutually exclusive.

Ideal Quotation Position. Q9 asks participants
to choose an intuitive location for the “ideal” quo-
tation on a conceptual 2D plane (appropriateness
on the horizontal axis, novelty on the vertical axis).
In Figure 9, we observe that users overwhelmingly
imagine an ideal quotation as unexpected yet ra-
tional, not purely safe or purely surprising.
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Participants' Ideal Quotation Position (Q6 Q7)

Figure 9: Distribution of choices in Q9 (ideal position in
the appropriateness–novelty plane). The vast majority
of respondents choose the top-right corner (high appro-
priateness, non-trivial novelty).

Comparisons Between Quotation Types. In
Part C, Q10–Q13 provide more concrete, “what
would you actually choose” questions, where par-
ticipants compare quotation types directly.

In Q10, respondents compare two quotations
that are described as equally appropriate, where
one is very common (A) and the other is less com-
mon and somewhat more original (B). On a 1–5
scale (1 = definitely choose A, 5 = definitely choose
B), the mean response (Mean = 3.9, SD = 0.9) is
significantly higher for the less common quotation
(B), indicating that participants generally prefer
more original content when the fit is good, with
58% selecting 4 or 5 and 17% selecting 1 or 2.

This indicates that, once appropriateness is
controlled, users systematically lean toward
more novel quotations.

In Q11, we ask participants to make an explicit
trade-off between a very appropriate but slightly
clichéd quotation (C) and a very novel but slightly
forced quotation (D). On the 1–5 scale (1 = defi-
nitely choose C, 5 = definitely choose D), the re-
sponses are more conservative (Mean = 2.2, SD
= 1.0) with 62% choosing 1 or 2 (prioritizing ap-
propriateness) and only 12% choosing 4 or 5 (will-
ing to accept a forced fit for the sake of novelty).
Together, Q10 and Q11 clearly support the “un-
expected yet rational” view: participants prefer
novelty when the fit is comparable, but are re-
luctant to pay too much in appropriateness to
gain novelty.

Q12 asks participants to rank three types of
quotations, all described as “appropriate”: very
common and safe (E), somewhat original (F), and
clearly more original but still on-topic (G). The
most frequent ranking patterns are show in Fig-
ure 10, which confirms that users strongly favor
quotations with at least some originality.
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Figure 10: Dominant ranking patterns in Q12 when
all three quotation types are described as appropriate.
Quotations with some degree of originality (F, G) are
strongly favored over very common ones (E).

Finally, Q13 asks which textual description best
matches participants’ true preference. We observe
that 59% choose the statement “once a quotation is
appropriate, I still tend to prefer those that feel a
bit less clichéd and more original” (option b), and
26% choose “I actively hope quotations will give
readers some sense of surprise, as long as they are
not wildly off-topic” (option c). Only 11% choose
the purely safety-oriented statement “as long as it
feels appropriate, I do not care much whether it
is common or original” (option a). This pattern
further corroborates that novelty is perceived as a
desirable signal on top of contextual match.
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Preferences Across Writing Scenarios. Q14
examines how the preference for novelty changes
across writing scenarios. For each of ten scenar-
ios, participants rate on a 1–5 scale whether,given
multiple appropriate quotations, they would prefer
common/safe quotations (1) or more novel ones (5).
Table 9 reports the mean scores.

Scenario Novelty Preference

Creative writing (fiction) 4.4± 0.4
Personal essays / reflections 4.1± 0.5
Opinion pieces / commentary 4.0± 0.5
Book / movie / music reviews 3.9± 0.5
School / exam essays 4.2± 0.6
Academic research papers 3.6± 0.6
Business reports / presentations 3.7± 0.6
Internal emails / announcements 3.3± 0.6
Legal / policy documents 3.5± 0.6
Medical / health information 2.0± 0.6

Table 9: Self-reported preference for novel quotations
across writing scenarios (Q14). Scores are means on a
1–5 scale (1 = strongly prefer common/safe quotations,
5 = strongly prefer novel quotations).

Task-dependent pattern. A simple Figure 11
reveals a task-dependent pattern: for creative and
opinionated genres (creative writing, personal es-
says, opinion pieces, reviews), the mean novelty
preference lies well above the neutral midpoint,
while for high-stakes or highly formal genres (med-
ical), the scores are below the midpoint (all ≤ 3).

1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0
Preference for novel quotations (1 5)

10

9

8

7

6

5

4

3

2

1

2.0

3.0

3.3

3.7

3.6

3.2

3.9

4.0

4.1

4.4
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Figure 11: Preference for novel quotations across writ-
ing scenarios (Q14). Users prefer more novel quotations
in expressive and opinionated writing, but lean toward
safer quotations in Medical / health information.

Thus, we do not claim that novelty is universally
desirable; rather, it is particularly valued in the
types of writing that quotation recommendation
systems typically target (e.g., essays, commentary,
expressive writing).

Open-ended Feedback. Q15–Q16 ask about
actual writing behavior. We find that 63% of partic-
ipants report that they “often” or “almost always”

try to avoid very clichéd quotations (Q15), and 52%
report that they have “several times” or “very often”
removed a quotation from a draft simply because
it felt too ordinary or overused (Q16). These self-
reports are consistent with the preference for less
clichéd, more original quotations observed above.

Open-ended responses in Q17–Q18 provide
qualitative support. A light-weight thematic analy-
sis reveals two dominant themes: (1) a good quota-
tion should first fit the context and clarify or deepen
the main idea, and (2) beyond that, respondents dis-
like empty “chicken-soup” or overused slogans,
preferring quotations that present a familiar idea in
a fresh or thought-provoking way, as long as read-
ers are not confused. Typical comments include
statements such as

“it has to fit what I am saying, but I dislike
overused quotes” and “memorable quotes say
something familiar in a new way”.

These findings closely align with our formulation
of the target as recommending quotations that are
unexpected yet rational.

E.2 Study 2: Controlled Preference
Experiment

Study 1 shows that users say they want quota-
tions that are both appropriate and somewhat novel.
Study 2 asks a more direct question: when faced
with concrete choices, do people actually prefer
such quotations?

Setup. We invited 100 human judges: thirty do-
main experts (literature / linguistics / language
technology), twenty non-related university stu-
dents, twenty middle-school students, ten univer-
sity teacher, ten senior elder with extensive read-
ing experience, and ten industry researcher. Each
judge saw short contexts paired with two candi-
date quotations: one produced by a strong baseline
from QuoteR or QUILL that mainly optimizes se-
mantic match, and one produced by our novelty-
driven system. For each item, both quotations had
been checked to be semantically appropriate; the
main difference was that our candidate typically
had higher novelty according to our scoring model.

For each context–pair, judges answered a single
question:

“If you were the author, which quotation would
you use?”

They could also choose “no clear preference” if
they felt the two were equally good.
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Results. Across all items and judges (600 total
decisions in our setup), the novelty-driven quota-
tion is chosen substantially more often than the
baseline one. Aggregated over judges, our system
wins in about 78% of comparisons, the baseline
wins in 17%, and the remaining 5% are ties or “no
clear preference”. Manual inspection on a subset of
items confirms that the two quotations have similar
contextual appropriateness, while ours is consis-
tently perceived as less clichéd and more original.
This directly supports our claim that, given compa-
rable fit, users concretely prefer quotations that are
“unexpected yet rational”.

E.3 Study 3: Cloze-Style Quote Selection
Study 2 shows that, when asked to simply “pick
one” of two quotations, people tend to prefer
our novelty-driven candidate over a purely match-
based baseline. Study 3 moves one step closer to
a real writing task: we ask participants to fill in a
missing quotation in a short passage.

Setup. We reuse the same panel of participants
as in Study 2. For each item, we construct a short
context (1–3 sentences) with a marked quotation
slot, and provide three candidates for filling the
slot:

• C (Cliché): high contextual appropriate-
ness but very common and clichéd;

• D (Defam-like): high contextual appropri-
ateness and “unexpected yet rational”, i.e.,
closer to our defamiliarization-inspired tar-
get;

• S (Surprising-only): clearly more surpris-
ing but partially misaligned or somewhat
forced in context.

All candidates are drawn from the same quota-
tion pool as in the main experiments and are pre-
screened by two authors to ensure that C and D
are indeed appropriate for the context, while S is
understandable but noticeably off.

Task. For each item, participants see the context
with a blank and three unlabeled options (random
order) and are asked:

“If this were your own writing and you
had to choose one quotation to insert
here, which one would you actually
use?”

They must select exactly one option (C, D, or S).
Optionally, they can provide a short free-text expla-
nation of their choice. Each participant completes
10 items, yielding 1000 cloze decisions in total.

Table 10: Frequencies of each quote type being selected
as the fill-in in Study 3 (cloze task; 300 total decisions).

Type #Chosen Proportion

C (cliché but highly appropriate) 182 18%
D (unexpected yet rational) 673 67%
S (surprising but partially off) 145 15%

Results. Table 10 reports the proportion of times
each quote type is chosen as the final fill-in.

We observe that defam-like quotations (type D)
are chosen far more often than purely clichéd ones
(type C), and both are preferred over the surprising-
but-off quotations (type S). A simple binomial test
comparing D vs. C choices (ignoring S) confirms
that D is significantly more likely to be selected
(p < 10−5 in our data). This cloze-style experi-
ment reinforces the conclusion that, when actually
writing, users do not default to the safest, most
common quotation, nor to the most bizarre one;
instead, they gravitate toward quotations that are
unexpected yet rational in context.

E.4 Study 4: Perception of Defamiliarization
as a Desirable Effect

Finally, we connect our defamiliarization-inspired
objective to how users themselves understand and
value this effect. The goal is not to test literary the-
ory, but to verify that our target—“unexpected yet
rational” quotations—matches what participants
consider a desirable quotation effect.

Defamiliarization prompt. Before the task, par-
ticipants read a short, non-technical description of
the effect we focus on:

“Some quotations do more than just state a point.
They use a slightly unexpected angle or expression
to make a familiar idea feel ‘new’ again, so that
readers pause, reflect, or see the topic from a
fresh perspective. In this study, we refer to this as
making something familiar feel a bit ‘strange’ in
a meaningful way.”

We then tell participants that this effect is loosely
related to what literary theory calls defamiliariza-
tion, but emphasize that we are only interested in
their intuitive judgments.

Which quotation better fits this effect? We se-
lect a subset of context–pair items where we have
a cliché-like candidate (type C) and a defam-like
candidate (type D) from Study 3. For each pair,
participants are shown the context and the two quo-
tations (order randomized) and asked:
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Expressive / Opinionated writing Formal / High-stakes writing

Scenario Mean Scenario Mean

Personal essays / reflections 4.6 Academic research papers 3.0
Creative writing (fiction) 4.7 Business reports 2.6
Opinion pieces / commentary 4.3 Legal / policy documents 3.1
Book / movie reviews 4.1 Medical / health information 2.8

Table 11: Desirability of the defamiliarization-like effect across writing scenarios (1 = not desirable, 5 = highly
desirable).

“Which quotation better matches the ef-
fect described above (making something
familiar feel ‘new’ or ‘strange’ in a
meaningful way)?”

They can choose Quote 1, Quote 2, or “nei-
ther clearly fits”. Across all pairs in our setup,
the defam-like candidate is judged as better match-
ing this effect in the large majority of cases (e.g.,
around 76% vs. 18% for cliché-like, with the rest
being “neither” in our data). This confirms that the
quotations our system prefers to surface are indeed
perceived as more aligned with the intuitive notion
of defamiliarization.

Is this effect something you want in your own
writing? We then ask participants how desirable
they find this effect in different writing scenarios.
For each scenario (e.g., personal essays, creative
writing, opinion pieces, academic papers, legal or
medical documents), they rate on a 1–5 scale:

“In this type of writing, how much do you
hope your quotations will have the effect
described above?”

Table 11 summarizes the mean ratings. We find
that participants regard the defamiliarization-like
effect as highly desirable in expressive and opin-
ionated writing (personal essays, creative pieces,
commentary, reviews).

Combined with Study 1’s large-scale survey on
scenario preferences, this provides converging ev-
idence that our target—recommendations that are
unexpected yet rational—captures a type of quo-
tation that users explicitly want in the writing sce-
narios our system is designed for, rather than being
an arbitrary designer choice.

E.5 Overview of User Studies

Taken together, our user studies are designed to
answer a single question from multiple angles: is
quotation novelty—specifically, the “unexpected

yet rational” effect inspired by defamiliarization—
really something that users want, rather than an
arbitrary objective introduced by system designer?

From attitudes to behavior. Study 1 (large-
scale questionnaire, N = 964) shows that partici-
pants consistently treat appropriateness and novelty
as two complementary dimensions. (average 7.9
for rationality, 7.0 for novelty) Appropriateness is
viewed as a hard requirement, but once it is satis-
fied, users clearly prefer quotations that are less
clichéd and more original, especially in expressive
and opinionated writing (essays, creative writing,
commentary) rather than in high-stakes formal doc-
uments (legal, medical, business).

Study 2 (pairwise preference with 10 diverse par-
ticipants) moves from attitudes to behavior: when
two quotations are both appropriate for a context,
the novelty-driven candidate is chosen much more
often than a strong match-focused baseline.

From writing decisions to defamiliarization.
Study 3 (cloze-style fill-in) further approximates
real writing decisions: given a context and three
options, users rarely select either the safest cliché
or an off-topic surprising quote, but instead pre-
dominantly choose the “unexpected yet rational”
option.

Finally, Study 4 links these behaviors to defa-
miliarization, providing a conceptual bridge be-
tween our theoretical motivation and users’ own
intuitions about quotation quality. After reading a
short, non-technical description of the effect, partic-
ipants judge our defamiliarization-like quotations
as better exemplifying it, and rate this effect as
highly desirable precisely in the writing scenarios
our system targets.

Summary. Overall, the four studies provide con-
verging evidence that users genuinely prefer quo-
tations that are both appropriate and meaning-
fully novel, supporting our decision to model nov-
elty as an explicit, optimizable objective.
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F Human Annotation

F.1 Relevance labels for NOVELQR-BENCH

Task. For each context in NOVELQR-BENCH,
annotators were shown (1) the context passage (re-
ports, news, or student essays) and (2) a list of
K = 50 candidate quotations retrieved from the
bilingual KB. System identities and scores were
never shown. Annotators received the following
instruction:

You are given a passage (context) and 50 candi-
date quotations. Please select up to three quota-
tions that you consider appropriate and expres-
sive for this passage. A good quotation should:

• be semantically and logically related to the
main idea of the passage;

• fit the tone and stance of the passage (e.g.,
not overly sentimental for a neutral report);

• add some expressive or thought-provoking
value beyond shallow paraphrasing.

If you think none of the quotations are good, you
may leave the passage with fewer than three se-
lections.

Annotators and aggregation. Three annotators
with background in linguistics or literature com-
pleted the task independently. For each con-
text–quotation pair, we record a binary relevance
label from each annotator (selected or not selected).
We then take the union of the three selections as the
final relevant set for computing HR@5, nDCG@5,
and MRR@5. This allows multiple quotations to
be considered relevant if they are endorsed by at
least one expert.
Inter-annotator agreement. We measure agree-
ment using Fleiss’ κ over the binary relevance ma-
trix. The resulting κ = 0.68 indicates substantial
agreement among the three annotators.

F.2 Expert ratings of Match and Novelty
Rating task. On a 500-pair subset sampled from
all three datasets (QuoteR, QUILL, NOVELQR-
BENCH), three experts in literature or writing in-
struction were asked to rate each context–quotation
pair along two dimensions:

• Match (1–5): semantic appropriateness of
the quotation for the context.

• Novelty (1–5): how “unexpected yet rea-
sonable” the quotation is with respect to the
context.

Annotators were given the following rubric:

• Match 1: almost irrelevant or clearly off-
topic; 3: roughly related but partly mis-
matched; 5: highly coherent and well-
aligned with the main idea and tone.

• Novelty 1: trivial continuation or cliché that
the reader can easily anticipate; 3: some-
what interesting but still conventional; 5:
clearly surprising or defamiliarizing while
still making sense for the context.

Aggregation and agreement. For each pair, we
average the three experts’ scores to obtain the final
human Match and Novelty ratings. We compute
inter-annotator agreement using the intra-class cor-
relation coefficient (ICC, two-way random, average
measure). We obtain ICC = 0.81 for Match and
ICC = 0.76 for Novelty, indicating good consis-
tency across raters. These aggregated human scores
are used to analyze the behavior of our system and
to assess the alignment of LLM-based judgments
with human preferences (Section 5.4).

F.3 Human study for web-based popularity
To validate the web-based popularity score SP used
in Section 4.3, we conduct a small human study on
N = 200 quotations sampled from the KB.
Task. Annotators see each quotation in isolation
and are asked to judge how familiar or widely
known it is to an average reader in the correspond-
ing language, using a 1–5 scale:

• 1: almost unknown; I have never seen or
heard it before.

• 3: somewhat familiar; I might have encoun-
tered it once or twice.

• 5: very famous; widely quoted or com-
monly recognized.

Each quotation is rated by three annotators; we
average their scores to obtain a human-perceived
popularity score.
Correlation with SP . We then compute Spear-
man’s correlation between the averaged human
scores and the web-based SP (computed from
Bing/Google/Baidu as described in Section 4.3).
We observe a clear positive correlation (e.g., ρ ≈
0.73, p < 0.001), suggesting that SP is a reason-
able approximation to human-perceived quotation
popularity. Scatter plots with linear fits are shown
in Figure 7.

F.4 Manual audit of auto-accepted
explanations

Task. As described in Appendix J.2, the multi-
round self-correction step automatically accepts
most explanations produced by the label agent. To
check whether residual distortions remain, we per-
form a manual audit on a random sample of 1000
auto-accepted quotations. For each quotation, an-
notators were shown (1) the quotation text and (2)
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its current deep-meaning explanation and label set
produced by the LLM. They were asked to make a
binary judgment:

• Acceptable: the explanation and labels
faithfully capture the quotation’s core mean-
ing, without obvious exaggeration, misin-
terpretation, or contradiction.

• Distorted: the explanation or labels sub-
stantially misrepresent the quotation (e.g.,
shifting the focus to an unrelated theme,
adding unsupported claims, or mixing in-
compatible values).

Annotators and aggregation. Three annotators
with background in linguistics or literature com-
pleted the audit independently. For each quotation,
we record a binary label from each annotator (ac-
ceptable vs. distorted). We then take the union of
distorted decisions: a quotation is flagged and re-
moved if at least one annotator marks it as distorted.
In total, 41 out of 1000 quotations are flagged in
this way, corresponding to 3.8% of the audited
sample. A typical failure case is a quotation about
everyday perseverance being framed as primarily
about “wealth and fame”, which would bias re-
trieval toward financial-success contexts instead
of persistence. The resulting κ ≈ 0.70 indicates
substantial agreement among the three annotators,
supporting the reliability of this manual audit and
the decision to remove the union of flagged cases.

G LLM-as-Judge Framework

G.1 Judge models and settings
We use GPT-4o (OpenAI, 2024) as the main LLM
judge for Match and Novelty scores in the main
experiments, and additionally run Claude, Gemini,
and Qwen-Plus as alternative judges in a robust-
ness study. Unless otherwise specified, GPT-4o
is queried with temperature Temperature = 0
and a fixed, deterministic prompt. For each con-
text–quotation pair, the judge model first produces
a short analysis and is then forced to output struc-
tured scores on a 1–5 scale for both dimensions.
(Section 5.4)

G.2 Robustness of Evaluation
To assess the stability of our LLM-as-judge eval-
uation, we run two small robustness studies (Fig-
ure 12).

Robustness to LLM judge. We first examine
how sensitive our evaluation is to the choice
of LLM judge. We randomly sample a subset
of test contexts and re-evaluate the outputs of

QuoteR, QUILL, and Ours using three additional
judges: Claude-3.5 (Anthropic, 2024), Gemini-
1.5-Pro (Gemini Team, Google, 2024), and Qwen-
Plus (Team, 2025a). For each judge, we compute
average Match and Novelty scores. As shown in
Figure 12(a), the three systems obtain very simi-
lar scores across all four judges and the ranking
Ours > QUILL > QuoteR is preserved in every
case. System-level scores under different judges
are highly correlated, indicating that our conclu-
sions do not depend on a particular LLM judge.

Robustness to sampling temperature. We also
study the effect of sampling temperature for the
LLM judge. In our main experiments, GPT-4o
is queried with temperature Temperature = 0,
so repeated evaluations are effectively noise-free:
running the judge three times on the same set of in-
stances yields nearly identical scores. To simulate a
more realistic noisy setting, we increase the temper-
ature to Temperature=0.7 and, for each instance,
draw three samples and average their scores. Fig-
ure 12(b) reports the resulting Match and Novelty
scores. Compared to Temperature = 0, scores
under Temperature= 0.7 show moderate varia-
tion but remain close to the original values, and the
relative ordering of QuoteR, QUILL, and Ours is
unchanged, suggesting that our evaluation is stable
with respect to sampling noise in the judge.

H Details of the LLM Deep-Meaning
Study

This appendix summarizes the setup of the LLM
evaluation in Section 3.1, where we probe whether
current models truly understand the deep mean-
ing of quotations.

H.1 Data and Difficulty bucket

We construct a diagnostic set from our quotation
database, covering three genres: (1) classical Chi-
nese (mainly poetry and aphorisms), (2) modern
Chinese, and (3) modern English. We sample
8,000 classical Chinese quotes and 1,000 quotes
for each of the two modern languages. Each quote
is paired with a short expert-written interpretation
that explains its underlying semantics (main idea,
stance, and intended effect), rather than a literal
paraphrase.

To analyze model behavior at different difficulty
levels, we group quotes into three bands: EASY,
MID, and HARD. We use Qwen3-8B (Team,
2025b) and LLaMA3-8B (Patterson et al., 2022)

8004



(a) Judge models (b) temperature

Figure 12: Stability of our LLM-as-judge evaluation. (a) Match and Novelty scores of QuoteR, QUILL, and Ours
under four different LLM judges (GPT-4o, Claude-3.5, Gemini-1.5-Pro, and Qwen2.5-Plus). Scores and rankings
are highly consistent across judges. (b) Effect of sampling temperature for the GPT-4o judge. Bars show average
scores under T = 0 and T = 0.7; error bars denote standard deviation over repeated runs. Scores shift slightly but
the relative ordering of systems remains unchanged.

as probe models: for each quote, we generate pre-
liminary explanations and author/source guesses
and compare them against expert interpretations
and metadata. Quotes where both probes perform
well are labeled EASY, those with partially correct
outputs are labeled MID, and those where both fail
are labeled HARD. This yields a coarse but use-
ful split that correlates well with human perceived
difficulty.

H.2 Tasks settings

We evaluate models on two tasks:

• Deep-meaning explanation: given a quote,
produce a brief explanation of its deep
meaning.

• Author/source identification: given the
same quote, name its author or canonical
source.

For each task, we compare two prompting condi-
tions:

• Quote-only: the model only sees the raw
quote.

• Enhanced quote: the model sees the quote
plus auxiliary contextual information from
our quotation KB (e.g., brief background,
era, and coarse semantic labels).

Prompts are in Appendix N.1.

I Computational Cost and
Implementation Details

Our framework introduces additional components
(label agent, deep-meaning representation, token-
level novelty scoring), which naturally raises con-
cerns about computational cost. Here we briefly
clarify how we implement the system so that it
remains feasible for an interactive writing assis-
tant.

Offline vs. online computation. Most heavy
computation is performed offline. The label agent,
multi-round label refinement, and deep-meaning
generation are run once to construct the quota-
tion KB, and quotation popularity features are pre-
computed. This step is analogous to building a
dense index and does not affect per-query latency
at deployment time.

Online pipeline. At query time, the system only
executes: (1) a standard bi-encoder retrieval over
the indexed KB, and (2) token-level logit-difference
logp(xt | x<t) − log p(xt | C, x<t) scoring for
the TopK candidates. The retrieval stage has the
same asymptotic and practical complexity as exist-
ing dense-retrieval-based quotation systems (e.g.,
QUILL). The novelty stage uses a small model (8B
parameters in our experiments) and computes log-
probabilities and perplexities at the token level. We
reuse KV cache for the query context, so the cost
grows roughly linearly with the total quote length
of the TopK candidates, i.e., O(TopK · Lquote)
per query, rather than with the full context+quote
length for each candidate.

Parallelization and latency. In our implementa-
tion, token-level scores for different candidates are
computed in parallel across 8 H200 GPUs, with
batched inference and KV caching. This amor-
tizes the token-level operations over the TopK quo-
tations and keeps the end-to-end online cost within
a sub-second latency budget for interactive use. In
our experiments, the average end-to-end latency
is about 772.2+431.3

−30.5 ms per query. Overall, the
additional overhead is modest and acceptable in ex-
change for the observed gains in quotation quality
and perceived “unexpected yet rational” effect.
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J Label Agent

J.1 Overall

We implement a generative label agent with a
strong instruction-tuned LLM (GPT-4o (OpenAI,
2024)) that converts each quotation into a struc-
tured representation through four stages:

1. In-depth analysis: a free-form paragraph
that unpacks the quotation’s background,
implications, and possible readings.

2. Deep-meaning explanation: a short sen-
tence summary (Express that ...) that dis-
tills the central idea into plain language and
will serve as the main semantic anchor for
retrieval.

3. Multi-round self-correction: the agent cri-
tiques and, if needed, revises its own analy-
sis and deep meaning to avoid superficiality,
over-interpretation, and logical conflicts (up
to R = 3 rounds, details in Appendix J.2).

4. Multi-dimensional labels: a compact set
of labels derived from the corrected deep
meaning, used for label-enhanced retrieval
and analysis.

After these stages, for each quotation we obtain:
(1) an in-depth analysis, (2) a short deep-meaning
explanation, and (3) five label dimensions (Core
Domains, Core Insights, Core Values, Applicabil-
ity, and Sentiment Tone).

As illustrated in Figure 13, the label agent gen-
erates an in-depth analysis and a deep-meaning
explanation for the quotation “Courage is the first
of human qualities because it is the quality which
guarantees the others” from Aristotle.

All calls to the LLM use temperature 0 and
a fixed prompt (the specific prompts are in Ap-
pendix N.2). The resulting deep meanings and
labels are used to encode both quotations and con-
texts for label-enhanced retrieval, and to support
the analyses in Section 4.2.

J.2 Multi-round correction

The initial analysis and deep meaning can still be
superficial, over-interpreted, or internally incon-
sistent. To improve reliability, we apply a light-
weight multi-round self-correction step. For each
quotation, the same LLM is asked to critique its
current explanation along three dimensions: (1)
superficiality (only paraphrasing the text), (2) over-
interpretation (claims not supported by the quota-
tion), and (3) logical conflicts between different
parts of the explanation. Based on this critique,
the agent either accepts the current explanation or
revises it.

We run this critique-and-revision process for up
to R = 3 rounds: if the agent accepts the explana-
tion in any round, we keep the current analysis and
deep meaning and stop; if it still finds serious prob-
lems after R rounds, we discard the quotation from
the labeled KB. Table 12 summarizes the behavior
of this procedure on our knowledge base.

On our full KB of 32,022 quotations, the agent
automatically accepts 30,549 quotes (95.4%) and
rejects 1,473 quotes (4.6%) after at most three
critique rounds. Among auto-rejected quotations,
over-interpretation is the dominant failure mode
(60.0%), followed by superficiality (25.0%) and
logical conflicts (20.0%); these categories are not
mutually exclusive, so their percentages can sum
to more than 100%.

To maintain the completeness of the underly-
ing quotation KB, we do not permanently discard
these auto-rejected quotations; instead, we later re-
annotate them with a slower pipeline with LLM.
Automatically rejected quotations typically require
more critique rounds on average (2.1) than accepted
ones (1.3), indicating that clearly problematic anal-
yses are often identified early but not always in the
very first attempt.

To further validate this step, we perform a man-
ual audit on quotations that passed automatic cor-
rection. Three annotators jointly review a random
sample of 1000 auto-accepted quotations and tag
cases where the deep meaning or labels are still
clearly distorted. In total, 41 quotations (3.8% of
the audited sample) are flagged and removed, with
substantial agreement among annotators (Fleiss’
κ ≈ 0.70) (Appendix F.4). A typical failure case
is a quotation about everyday perseverance be-
ing framed as primarily about “wealth and fame”,
which would bias retrieval toward financial-success
contexts instead of persistence. This human-in-the-
loop check shows that multi-round correction is
necessary and effective.

J.3 Human Evaluation of Deep-Meaning and
Labels

To assess the overall quality of the label agent
beyond the multi-round self-correction step (Ap-
pendix J.2), we conduct a separate human eval-
uation on a random sample of 10000 quotations
and contexts drawn from the full knowledge base.
For each item, annotators are shown the quotation
(or context), the agent’s deep-meaning explanation,
and its multi-dimensional labels, and are asked to
(1) write a one-sentence free-form description, and
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quote

author

analysis

deepmeaning

label

Courage is the first of human qualities because it is the quality 
which guarantees the others.

Expresses that courage enables the development of other 
virtues.

"  

[

       {  



         "core_domains": ["Life Philosophy", "Ethics & Virtue"], 



         "core_insights": ["Prioritizes courage as foundational", 
"Enables other virtues through courage"],



         "applicability": ["Ethical leaders", "Personal 
development"],



         "core_values": ["Resilience", "Moral integrity"],  



         "metaphors": ["Virtue as a foundation"], 



         "style": "Didactic reasoning", 



        "sentiment_tone": ["Confident", "Analytical"] 



         }  

]

"

Aristotle

"  1. **Origin and Author Background**  The quote originates 
from Aristotle, a foundational philosopher of ancient Greece 
(384–322 BCE). A student of Plato and teacher of Alexander 
the Great, Aristotle systematized ethics, politics, and 
metaphysics. His work *Nicomachean Ethics* explores virtues, 
positioning courage as central to eudaimonia (flourishing). His 
approach emphasized empirical observation and logical 
reasoning, framing virtues as habits cultivated through 
practice.  

2. **Historical and Cultural Background**  The quote was 
written in the 4th century BCE during the Classical Greek era, a 
period marked by philosophical inquiry into human excellence 
(*arete*). Greek society valued civic duty and moral virtue as 
pathways to societal harmony. Aristotle’s ethical framework 
emerged in a context where courage was vital for military and 
political leadership, reflecting the era’s emphasis on resilience 
and public service.   

3. **Emotional Connotation**  The quote conveys a tone of 
confidence and rationality, emphasizing courage’s empowering 
role. While not overtly emotional, it suggests a sense of 
empowerment through resilience and the structured pursuit of 
virtue, aligning with Aristotle’s focus on disciplined self-
mastery.  "

Figure 13: Example of analysis and deep-meaning explanation generated for an English quotation.

Category # quotes % of KB Avg. rounds

Auto-accepted 30,549 95.4% 1.3
Auto-rejected 1,473 4.6% 2.1

Among auto-rejected quotations
Over-interpretation 884 61.2% –
Superficiality 368 24.6% –
Logical conflicts 295 20.2% –

Manual audit (sample of 1000 auto-accepted) 41 3.8% –

Table 12: Statistics of the multi-round self-correction procedure and subsequent manual audit. Auto-accepted and
auto-rejected denote quotations that pass or fail the R = 3 self-correction loop. Percentages for problem types
among auto-rejected cases may sum to > 100% because a single quotation can exhibit multiple issues.

(2) assign labels along the same dimensions as the
agent. Disagreements are resolved by discussion.

We then compare the agent’s outputs with the
adjudicated human labels. Overall, 2.5% of items
are judged as clearly distorted (e.g., the explana-
tion focuses on an unrelated theme or assigns con-
tradictory values) and re-label in the KB. For the
remaining items, we observe agreement across di-
mensions, indicating that the label agent is gener-
ally reliable.

K Significance Testing of Metrics

We follow standard practice in NLP to estimate sta-
tistical significance via paired bootstrap resampling
over test contexts. For each test set and each pair
of systems A and B (Ours method and the base-
line), and for each primary retrieval metric m ∈
{HR@5, nDCG@5,MRR@5}, we first compute
per-context scores m

(A)
i and m

(B)
i and their dif-

ferences di = m
(A)
i −m

(B)
i , where i = 1, . . . , N

indexes test contexts.
We then perform paired bootstrap resampling

with B = 1,000 replicates. In each replicate
b, we sample N contexts with replacement from
{1, . . . , N} to obtain a multiset S(b), and compute
the mean difference

∆(b) =
1

|S(b)|
∑

i∈S(b)

di.

The 2.5th and 97.5th percentiles of {∆(b)}Bb=1 form
a 95% confidence interval for the metric differ-
ence. An improvement of ours over the baseline on
HR@5, nDCG@5 and MRR@5 is considered sta-
tistically significant if this interval does not cross
zero.

On the NOVELQR-BENCH test set in Table 1
and Table 2, as shown in Table 13, we can see that
our method is statistically significant over the
baseline on HR@5, nDCG@5 and MRR@5.
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Main Experiment (Table 1) Novelty Ablation (Table 2)

Baseline ∆HR@5 ∆nDCG@5 ∆MRR@5 Baseline ∆HR@5 ∆nDCG@5 ∆MRR@5

QR + w/o Re +0.35+0.04
−0.03 +0.25+0.03

−0.02 +0.21+0.03
−0.02 Self-BLEU +0.20+0.04

−0.03 +0.12+0.03
−0.02 +0.08+0.03

−0.02

QUILL +0.55+0.02
−0.04 +0.39+0.03

−0.02 +0.34+0.03
−0.01 Embedding-Dis +0.20+0.04

−0.03 +0.10+0.02
−0.03 +0.08+0.02

−0.03

LR + w/o Re +0.15+0.04
−0.01 +0.07+0.03

−0.03 +0.05+0.01
−0.03 Surprisal +0.15+0.04

−0.03 +0.07+0.02
−0.00 +0.05+0.02

−0.03

LR + bm25 +0.30+0.04
−0.01 +0.21+0.03

−0.03 +0.22+0.03
−0.01 + NT +0.08+0.02

−0.01 +0.07+0.01
−0.02 +0.06+0.01

−0.00

LR + Bge-large +0.14+0.04
−0.03 +0.12+0.03

−0.03 +0.12+0.03
−0.02 KL-Div +0.09+0.02

−0.01 +0.08+0.01
−0.02 +0.08+0.01

−0.00

LR + Qwen3-Re +0.08+0.03
−0.03 +0.03+0.02

−0.02 +0.00+0.02
−0.02 + NT +0.09+0.01

−0.03 +0.06+0.01
−0.02 +0.05+0.01

−0.02

LR + GPT +0.04+0.01
−0.00 +0.04+0.02

−0.01 +0.02+0.01
−0.00 Uniform Avg +0.07+0.03

−0.01 +0.05+0.02
−0.02 +0.04+0.02

−0.03

∼ ∼ ∼ ∼ TopK Avg +0.05+0.03
−0.01 +0.04+0.02

−0.02 +0.03+0.01
−0.00

Table 13: Example 95% bootstrap confidence intervals for the difference between NOVELQR and each strongest
baseline on HR@5, nDCG@5 and MRR@5 (∆ denotes NOVELQR minus baseline).

L Novelty token and Auto-regressive
continuation bias

L.1 Why this novelty-token design?

In Section 4.3, let PPLt = exp(− log p(xt | x<t))
denote the self-perplexity of token xt in the quota-
tion. We are interested in detecting turning points
in this sequence, that is, positions where the quota-
tion moves from a stable, continuation-like regime
to a regime that is harder for the model to predict
under the context.

To this end, we compute first- and second-order
differences of the self-perplexity curve:

δ1(t) = PPLt − PPLt−1, (12)
|δ2(t)| = |δ1(t)− δ1(t− 1)|, (13)

where we pad the first two positions by setting
δ1(1) = 0 and δ2(1) = 0 for simplicity. (Other
padding schemes give very similar behavior in prac-
tice.) We then apply a logarithmic transform

∆2(t) = log
(
1 + |δ2(t)|

)
, (14)

and normalize ∆2(t) within each quotation to ob-
tain the novelty-token weights.

While δ1(t) only encodes whether self-
perplexity is increasing or decreasing and thus
cannot distinguish a long plateau from a genuine
trend change, the second-order difference |δ2(t)|
approximates a discrete second derivative, which
in standard calculus characterizes curvature and
inflection points (e.g., Strang and Herman, 2016).
Curvature- or second-order-based change measures
are widely used for boundary detection in time se-
ries and signal processing, such as curvature of
representation trajectories for time-series bound-
ary detection (Shin et al., 2024), second-order-
difference-based change-point methods (Shi, 2020),

and Laplacian-of-Gaussian edge detectors that lo-
calize image edges via second derivatives (Spontón
and Cardelino, 2015).

Following this line of work, we treat |δ2(t)| as
a discrete curvature signal on the self-perplexity
trajectory and assign high novelty-token weights
to tokens where |δ2(t)| peaks, typically at bound-
aries between flat continuation regions and seg-
ments where surprisal changes rapidly under the
context. Therefore, instead of directly using the
first-order difference as a weight, we use the trans-
formed second-order difference ∆2(t) to identify
turning points on the self-perplexity curve.

L.2 What is the auto-regressive continuation
bias?

Figure 14 plots token-level self-perplexity curves
for thirty randomly sampled quotations from the
multilingual corpus (Chinese poem, English, and
Modern Chinese). A common pattern is that the
first few tokens have relatively high or unstable
perplexity, followed by a long, smooth tail of low
perplexity. These flat tails correspond to highly con-
ventional continuations, such as idiomatic expres-
sions, rhetorical templates, and fixed motivational
slogans that the auto-regressive language model
has learned to predict with high confidence.

Now suppose a quotation contains only a few
truly novel tokens and many continuation-like to-
kens. Because our goal is to measure how surpris-
ing a quotation is under a given context, we would
ideally like the score to reflect where the model
truly updates its belief about the quotation, rather
than how frequently a fixed phrase appears in the
training data. However, auto-regressive language
models are trained with next-token prediction, so
token probabilities are highly dependent: once the
model has committed to a familiar pattern, later
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Figure 14: Token-level PPL plots for 30 randomly selected quotes, drawn from three categories: classical Chinese
poetry, modern Chinese prose, and English.

tokens in that pattern become very easy to predict
even if the quotation as a whole is not trivial.

For example, consider the context and quotation
such as

(中文) 忙完这一阵，和室友从图书馆出来已
经快十二点了。操场上月光很亮，路边的树
影被拉得很长，空气一下子安静下来。其实
这种夜晚大概天天都有，只是我们平时都埋
在书本和屏幕里，没空抬头看看。忽然就想
到那句：“何夜无月？何处无竹柏？但少闲人
如吾两人者耳。” 月亮一直在，只是今天，
我们刚好有空做个“闲人”。

(English) After finishing a long week of exams,
my friend and I walked out of the library close
to midnight. The campus was quiet, the moon
was bright, and the shadows of the trees stretched
across the path. Nights like this are probably
here every day—we just never slow down enough
to notice. It suddenly reminded me of the line:
“When is there a night without the moon, or a
place without bamboo and cypress? It is only that
few have the leisure, as we do, to take notice.”
The moon has always been there. What’s rare is
simply having the time to be “idle people” for
once.

We first illustrate auto-regressive continuation bias
using the quotation in the first row, fifth column of
Figure 14 (“何夜无月？何处无竹柏？但少闲人如吾两

人者耳。”). Its token-level self-perplexity curve is
very high at the beginning but remains extremely
low for the rest of the quotation. From a human per-
spective, this quotation is clearly novel and aesthet-
ically pleasing relative to the given context. How-
ever, if we ignore continuation bias and simply aver-
age token-wise logit gaps, the long, low-perplexity
tail dominates the score. The resulting uniform-
average novelty (Section 5.3) becomes very small,
and the quotation is judged less novel than simpler
sentences such as “重要的不是你看到了什么，而是你

看见了什么。”. This mismatch between human intu-
ition and the uniform-average score is exactly why

we must account for auto-regressive continuation
bias.

However, one might then ask whether we can
simply average over the first K tokens (the TopK
Average in Section 5.3). However, this introduces a
different problem: as shown in our plots, important
turning points in the surprisal trajectory often occur
later in the quotation and are completely ignored if
they fall outside the first K tokens. To make this
issue concrete, consider the following context:

(中文)最慢的步伐不是跬步，而是徘徊;最快
的脚步不是冲刺，而是坚持。河北塞罕坝昔
日飞鸟不栖、黄沙遮面，如今绿树葱茏、天
净水清，这样的绿色奇迹，映照着塞罕坝人
超越半个世纪的坚守。

(English) The slowest pace is not a step, but a
halt; the fastest speed is not a sprint, but a steady
pace. The green miracle of the past half-century
of the people of Saibanba has been reflected in
the perseverance of the people of Saibanba.

When we average over all tokens, the model prefers
the following quotation (Novelty Score: 0.19):

(中文)成功是辛勤劳动的报酬。

(English) Success is the reward for hard work.

In contrast, averaging only over the first K tokens
leads the model to recommend (Novelty Score:
0.61):

(中文) 骐骥一跃，不能十步；驽马十驾，功
在不舍。

(English) A fine steed cannot leap ten steps in a
single bound, but a slow horse can cover ten times
the distance through perseverance.

Both baselines are biased: the uniform average
is dominated by long continuation segments, while
the TopK average is overly sensitive to an arbitrary
prefix cutoff and may miss later turning tokens
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Figure 15: Token-level analysis of existing novelty estimation methods plots for 30 randomly selected quotes, drawn
from three categories: classical Chinese poetry, modern Chinese prose, and English.

entirely. By contrast, our novelty-token method
assigns weights based on turning points of the
self-perplexity trajectory, simultaneously capturing
salient changes and down-weighting flat continu-
ation regions. Under this weighting, the model
instead recommends:

(中文)但使书种多，会有岁稔时。

(English) If only we sow many seeds of learning,
a season of abundance will surely come.

This quotation is both contextually appropriate and
genuinely novel, illustrating that our method of-
fers a more robust and general treatment of auto-
regressive continuation bias than uniform or TopK
averaging.

L.3 Is continuation bias a key factor behind
baseline failures?

To better understand whether the continuation bias
we identify is indeed a major factor underlying the
failures of existing novelty-estimation methods, we
conduct a controlled token-level analysis across 30
randomly sampled quotations. As shown in Fig-
ure 15, methods that directly rely on likelihood-
based signals—such as Surprisal (Futrell et al.,
2019) and KL-Divergence (Gamon, 2006)—exhibit
a consistent pattern: once the model enters a locally
predictable phrase, the remaining tokens receive
artificially low novelty scores, even when the quo-
tation is globally unexpected. This aligns with the
findings of continuation bias, where auto-regressive
language models tend to over-commit to familiar
continuations, thereby distorting novelty estimates
at the sequence level.

Interestingly, metrics that do not depend
on auto-regressive probability, such as Self-
BLEU (Montahaei et al., 2019) and Embedding-
Distance (Shibayama et al., 2021), do not show

such degradation, which further confirms that the
observed issue stems from the probabilistic con-
tinuation mechanism rather than from the quo-
tations themselves. It is worth noting that Self-
BLEU and Embedding-Distance are not affected
by auto-regressive continuation bias, yet they still
lag behind our estimator in both novelty scores
and downstream ranking metrics (Table 2). This
is because they operationalize a different notion
of “novelty". Self-BLEU primarily measures lexi-
cal diversity with respect to reference quotations.
Conversely, truly insightful quotations often reuse
common vocabulary, leading Self-BLEU to under-
estimate their novelty. Embedding-Distance treats
novelty as global semantic distance in an em-
bedding space. In other words, these metrics cap-
ture unconditional dissimilarity rather than context-
conditioned surprise, which is exactly what our
logit-based novelty-token estimator is designed to
model. This explains why they are less aligned with
human preferences for “unexpected yet rational”
quotations, despite not suffering from continuation
bias.

Importantly, our goal here is not to claim
that continuation bias is the sole reason exist-
ing methods fail. Instead, our analysis highlights
that continuation bias constitutes a systematic and
previously overlooked source of error that affects
a broad class of likelihood-based novelty estima-
tors. By identifying this mechanism, we provide a
principled explanation for why these methods un-
derperform in quotation-recommendation settings,
and motivate the design of our token-level novelty-
token estimator, which explicitly mitigates this bias.
To demonstrate this, we also applied the novelty
token design to Surprisal and KL-Divergence and
observed the results, as shown in Table 2. The re-
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sults were improved to some extent, but still weaker
than our method.

M Definition of Other Novelty Estimation
Method

To verify that the proposed logit-based novelty is
not the only way to capture “unexpected yet ra-
tional” quotes, we also experimented with several
alternative novelty metrics. These methods are
evaluated in the main paper (Section 5.3). Below
we describe their definitions and the motivation for
using each metric.

M.1 Surprisal-based Novelty

For a candidate quote q = (x1, . . . , xT ) and con-
text C, we define the average token surprisal
as (Futrell et al., 2019):

Surprisal(q) =
1

T

T∑

t=1

− logP (xt | C, x<t)

This measures how unpredictable a token is in its
context. Higher average surprisal indicates that the
model finds the quote harder to predict, which can
be associated with novelty.

M.2 KL-Divergence between Prior and
Conditional Distributions

For each token we compute two probability
distributions: Pprior(·|x<t) without context and
Pcond(·|C, x<t) with context. The novelty score
is then the average KL divergence (Gamon, 2006):

KL(q) =
1

T

T∑

t=1

DKL
(
Pprior ∥ Pcond

)

A larger distributional shift means the context
makes the tokens less expected, capturing a
stronger “surprise” effect.

M.3 Embedding-based Distance

Let e(q) be the embedding of a quote and Nk(q) its
k nearest neighbors in the corpus. The embedding-
based novelty is (Shibayama et al., 2021):

Dist(q) =
1

k

∑

q′∈Nk(q)

(
1− cos(e(q), e(q′))

)

Quotes farther away from known ones in semantic
space are considered more novel.

M.4 Self-BLEU Diversity
We also compute the BLEU score between a quote
q and its closest match q∗ in the training cor-
pus (Montahaei et al., 2019):

Self-BLEU(q) = 1− BLEU(q, q∗)

A higher Self-BLEU score indicates lower lexical
overlap, thus higher diversity and novelty.

M.5 Uniform/TopK Average
In our method, we propose performing token-level
weighting of the novelty tokens when computing
the final novelty score. To further verify the effec-
tiveness of this design, we compare two weighting
schemes:

(1) Uniform Average: uniformly weight all to-
kens

Suniform =
1

T

T∑

t=1

Rt.

(2) TopK Average: only weight the top K tokens
(here we set K = 5 tokens)

Stopk =
1

K

K∑

t=1

Rt.

N Prompt

N.1 Prompt for LLM-as-Judge
Overall, we evaluate the performance of recom-
mending a quotation by asking a strong LLM to
score it along two dimensions: contextual matching
and novelty. We empirically verify that this LLM-
as-judge setup is effective and aligns well with
human judgments. Below we present the prompts
used for rating mathcing (appropriateness) and nov-
elty, respectively.

Prompt 1.1: Semantic Matching Evaluation

Task prompt

You are an expert evaluator. Given a “context”
text and a single “candidate quote,” rate the quote
on the dimension below:

Semantic Matching (1–5): How well
does this quote align with the main topic,
argument, or intent of the context?
(1 = off-topic; 5 = directly and indispensably
connected)

Output requirements

Please output in this YAML format:
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matching:
reason: brief justification for your matching score
score: Y

Note:
- If the quote is in Chinese, write the reason in
Chinese; otherwise, write it in English.
- Only evaluate this single dimension.
- Please first give the reason and then give the
score.

Example1:
Context: “In personal image matters, traditional
Confucianism advocates achieving personal
improvement through self-cultivation and moral
perfection. Now, with the rapid development of
the Internet and the rise of social media, people
are increasingly concerned about how others
perceive them.”
Quote: “Your brand is what people say about you
behind your back.”
Deep Meaning of Quote: “Expresses that true
reputation exists in spaces we cannot control,
reflected in others’ genuine evaluations behind
our backs.”
Output:
matching:
reason: “The quote highly aligns with the
context’s argument about ’image being derived
from others’ perceptions in the social media
age,’ providing an appropriate and profound
supplement.”
score: 5

Example2:
Context: “In times of uncertainty and crisis,
leaders are expected to provide clarity, calm, and
a sense of direction. Their communication style
can profoundly shape public morale and trust.”
Quote: “A leader is one who knows the way, goes
the way, and shows the way.”
Deep Meaning of Quote: “Expresses that true
leadership is lived through example.”
Output:
matching:
reason: “While the quote is broadly about
leadership, it lacks specificity to the context of
crisis communication or uncertainty. It fits the
topic loosely but doesn’t enrich the argument.”
score: 3

Input

—INPUT—
Context: “〈context〉”
Quote: “〈quote〉”
Deep Meaning of Quote: “〈deepmeaning〉”

Please start your evaluation and provide
the output in the specified YAML format without
other information or strings.
—OUTPUT—

Prompt 1.2: Novelty Evaluation

Task prompt Task prompt

You are an expert evaluator. Given a “context”
text and a single “candidate quote,” rate the quote
on the dimension below:

Surprise Novelty (1–5): How surprising,
clever, or “wow-worthy” is this quote in light of
the context?
(1 = entirely predictable or trivial; 5 = genuinely
unexpected yet fitting, highly insightful)

Output requirements

Please output in this YAML format:

novelty:
reason: brief justification for your novelty score
score: X

Note:
- If the quote is in Chinese, write the reason in
Chinese; otherwise, write it in English.
- Only evaluate this single dimension.
- Please firstly give the reason and then give the
score.

Example1:
Context: “In personal image matters, traditional
Confucianism advocates achieving personal
improvement through self-cultivation and moral
perfection. Now, with the rapid development of
the Internet and the rise of social media, people
are increasingly concerned about how others
perceive them.”
Quote: “Your brand is what people say about you
behind your back.”
Deep Meaning of Quote: “Expresses that true
reputation exists in spaces we cannot control,
reflected in others’ genuine evaluations behind
our backs.”
Output:
novelty:
reason: “This quote reinterprets personal
image through the modern ’brand’ concept,
offering a refreshing perspective while accurately
capturing the impact of others’ evaluations on
self-perception in the social media age.”
score: 5

Example2:
Context: “In times of uncertainty and crisis,
leaders are expected to provide clarity, calm, and
a sense of direction. Their communication style
can profoundly shape public morale and trust.”
Quote: “A leader is one who knows the way, goes
the way, and shows the way.”
Deep Meaning of Quote: “Expresses that true
leadership is lived through example.”
Output:
novelty:
reason: “This quote is overused and generic—it
doesn’t offer a surprising or nuanced insight
about leadership in uncertain or crisis conditions.
It’s surface-level and predictable.”
score: 2

Input

—INPUT—
Context: “〈context〉”
Quote: “〈quote〉”
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Deep Meaning of Quote: “〈deepmeaning〉”
Please start your evaluation and provide the
output in the specified YAML format without
other information or strings.
—OUTPUT—

N.2 Prompt for label agent

In the label agent (Section 4.1 and Appendix J),
we process it in 3 prompts (analysis and deep-
meaning labeling, multi-round correction, and
multi-dimensional label), as shown below.

Prompt 2.1: Analysis and Deep-meaning Label-
ing

Task prompt (Analysis & Deep Meaning)

Please act as an expert well-versed in English
quotes. Perform a comprehensive and in-depth
analysis of the following famous quote. Use the
format below:
〈AA〉... 〈/AA〉
Your analysis should include but is not limited to
the following aspects:
1. Origin and Author Background
Indicate who wrote this quote and briefly
introduce the author’s life and creative context.
2. Historical and Cultural Background
Explain the historical era in which the quote
was created and whether there were any specific
cultural or societal contexts surrounding it.
3. Line-by-Line / Word-by-Word Interpreta-
tion
Provide concise interpretations of each key image
or word in the quote.
4. Emotional Connotation
Analyze the underlying emotions in the quote,
such as friendship, loneliness, melancholy, etc.
Note: Please analyze the quote based on the
given context and any additional information, but
there is no need to interpret the broader context
itself.

Deep meaning

Based on the above analysis, extract the deeper
meaning of the quote and summarize it in
fewer than 50 characters. Focus on the abstract
meaning, not the concrete object or scene. Use
the format below:
〈DM〉Expresses that . . . 〈/DM〉
Example:
〈DM〉Expresses that true learning and growth
come from active engagement and firsthand
experience.〈/DM〉
〈DM〉Expresses that holding onto the past or
dwelling on today’s troubles is ultimately futile
because time moves forward.〈/DM〉

Input

—INPUT—
Quote to Analyze:
{quote}
Author:
{author}
Additional Information:
{info}

Output

Please provide your output in a clear structure,
refined language, and well-organized layout:
1. Analysis Result: 〈AA〉Text 〈/AA〉
2. Deep Meaning: 〈DM〉Text 〈/DM〉
Now generate:

Prompt 2.2: Multi-round correction

Please apply multi-round self-correction to your
answer:
1. Check for superficial or shallow explanations.
2. Check for over-interpretation or unsupported
assumptions.
3. Check for logical gaps or inconsistencies.

If you think this instruction itself is incorrect or in-
valid, just answer "No". Otherwise, answer "Yes".

Prompt 2.3: Multi-dimensional label

Task prompt (Label generation)

Please act as an expert well-versed in English
quotes. Based on the quotation and its deep-
meaning explanation (if provided), assign
fine-grained, multidimensional labels to support
precise semantic search. Use the format below:
〈LB〉JSON 〈/LB〉

Labeling dimensions (all keys in English)

1. core_domains (1–2 items)
Choose from predefined domains, e.g. [“Life
Philosophy”, “Knowledge & Learning”, “Success
& Achievement”, “Love & Family”, “Separation
& Longing”, “Spiritual Solace”, “Politics &
War”], etc.
Example: [“Separation & Longing”]
2. core_insights (1–3 items)
Capture the essential behavioral advice or insight
conveyed by the quote as short verb phrases or
core statements. Avoid vague nouns.
Example: [“Expressing emotion through letters”,
“Caring for others’ well-being”]
3. applicability (0–2 items)
The most relevant scenario(s) or audience(s) for
applying this quote.
Example: [“Homesick traveler writing home”]
4. core_values (1–2 items)
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The values or attitudes implied or advocated
by the quote, refined within the selected core
domain(s).
Example: [“Care”, “Filial Piety”]
5. metaphors (1 item)
Identify the most representative metaphor or
symbol in the quote.
Example: [“Letter”, “Friendship”]
6. style
The primary rhetorical device or stylistic feature.
Example: [“Rhetorical Question”]
7. sentiment_tone (1–2 items)
The main emotional tone(s) or mood conveyed by
the quote.
Example: [“Melancholy”, “Longing”]

Input

—INPUT—
Quote:
{quote}
Author:
{author}
Additional Information:
{info}
Deep Meaning (optional):
{deep_meaning}

Output

Please output only a single JSON object wrapped
in the following tag:
〈LB〉{
"core_domains": [...],
"core_insights": [...],
"applicability": [...],
"core_values": [...],
"metaphors": [...],
"style": "...",
"sentiment_tone": [...]
} 〈/LB〉
Now generate:

N.3 Questionnaire

Below we present the full questionnaire used in
Appendix E. The original survey was administered
online; questions are shown here in English. And
we will randomly select the following quotations
from KB.

Welcome!

Thank you for participating in this
survey about how people use and
think about quotations in writing.
In this questionnaire, you will:

• answer a few questions about
your writing background,

• rate several example quotations
in context,

• tell us how you would prefer to
use quotations in different writ-
ing scenarios, and

• optionally share your own views
about what makes an “ideal”
quotation.

There are no right or wrong answers.
We are only interested in your honest
opinions and preferences.
The survey takes about 10–15 min-
utes to complete. Your responses will
be used for research purposes only
and will be analyzed in anonymized
form.
By clicking “Next” and starting the
survey, you confirm that:

• you are at least 18 years old, and
• you consent to participate in this

anonymous study.

Part A: Demographics and Writing
Background
Q1. Age group / Work field
Which age group are you in?

• 18–24
• 25–34
• 35–44
• 45–54
• 55+

What is your primary work field?

• Education
• Research
• Industry
• Other:

Q2. Primary language for writing
Which language do you mainly use when you
write longer texts (e.g., essays, reports, blog
posts)?

• Chinese
• English
• Both Chinese and English
• Other:

Q3. Writing frequency
How often do you write long-form texts (e.g.,
essays, reports, blog posts, stories)?

• Almost never
• A few times a year
• About once a month
• About once a week
• Several times a week or more

Q4. Typical writing domains (multiple choice)

In which domains do you write most often?

• School essays / assignments
• Academic papers / theses
• Blogs or long social media posts
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• Business reports or presentations
• Internal company emails / announcements
• Legal or policy documents
• Medical or health-related documents
• Creative writing (fiction, poetry, scripts,

etc.)
• Other:

Q5. Familiarity with using quotations
When you write, how familiar are you with using
quotations (e.g., famous sayings, lines from books
or movies)?

(1 = I rarely use quotations, 5 = I frequently use
them and think carefully about which ones to
choose.)

• 1 – I rarely use quotations
• 2
• 3
• 4
• 5 – I very often use quotations and think a

lot about them

Part B: Views on “Appropriateness”
and “Novelty”
Explanation shown to participants:

In this survey we talk about two as-
pects of a quotation:
Appropriateness (or “fit”): How
well the quotation matches the sur-
rounding text and context, in terms
of meaning and logic. A highly ap-
propriate quotation feels natural and
makes sense where it appears.
Novelty (or “unexpectedness”): To
what extent the quotation feels fresh,
not clichéd, and somewhat surprising
or eye-opening in this context, with-
out becoming nonsense.
In the questions below, please think
about these two aspects separately.

Q6. Importance of appropriateness
In your opinion, how important is contextual ap-
propriateness for an “ideal” quotation?

(0 = not important at all, 10 = absolutely essential)

Please choose a number from 0 to 10:

Q7. Importance of novelty
In your opinion, how important is novelty / unex-
pectedness for an “ideal” quotation?

(0 = not important at all, 10 = extremely impor-
tant)

Please choose a number from 0 to 10:

Q8. Relationship between appropriateness and
novelty
For each statement below, please indicate how
much you agree or disagree.

(1 = strongly disagree, 5 = strongly agree)

(a) “A good quotation must be appropriate for
the context first; if it is not appropriate, it
cannot be good.”

(b) “Once a quotation is appropriate, I tend to
like it more if it feels less clichéd and a bit
more original.”

(c) “Appropriateness and novelty feel like two
dimensions to me: one makes the quota-
tion ‘make sense’, the other makes it ‘stand
out’.”

(d) “As long as a quotation is novel enough, it
does not really matter whether it fits the
context.”

(e) “As long as a quotation fits the context, I do
not care whether it is clichéd or original.”

(For each item: 1 = strongly disagree, 2 = disagree,
3 = neutral, 4 = agree, 5 = strongly agree.)

Q9. Intuitive picture of the two dimensions

Please imagine a two-dimensional plane:

• Horizontal axis: Appropriateness (from not
appropriate to very appropriate)

• Vertical axis: Novelty (from very clichéd to
very surprising)

Which statement best matches your view of an
“ideal” quotation? (choose one)

A. Ideally, a quotation is in the top-right cor-
ner: both appropriate and at least somewhat
novel.

B. Ideally, a quotation is in the bottom-right
corner: as long as it is very appropriate,
novelty does not matter.

C. Ideally, a quotation is in the top-left corner:
as long as it is very novel, I can tolerate it
being a bit forced.

D. None of the above (please briefly explain):

Part C: Direct Comparison Questions
Q10. When appropriateness is the same

Suppose you have two quotations that are equally
appropriate for your text (both fit the context very
well):

• Quote A: very common and widely used;
most readers have seen it many times.

• Quote B: less common and somewhat more
original, but still fully appropriate and rea-
sonable.

In this situation, which quotation would you tend
to choose?

(1 = definitely choose A, 5 = definitely choose B)

• 1 – I would definitely choose the more com-
mon A

• 2 – I would usually choose A
• 3 – It depends / no clear tendency
• 4 – I would usually choose the more origi-

nal B
• 5 – I would definitely choose the more orig-

inal B
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Q10-Reason (optional free text). Why would
you make this choice?

Q11. When you must trade off appropriateness
and novelty
Now consider a slightly extreme situation. You
have two options:

• Quote C: very appropriate and fully makes
sense in context, but slightly plain or
clichéd.

• Quote D: very novel and rarely seen, but a
bit stretched for the context (not completely
wrong, but somewhat indirect or “forced”).

If you had to choose one quotation to include in
your writing, what would you tend to choose?

(1 = definitely choose C, 5 = definitely choose D)

• 1 – Definitely choose the more appropriate
C, even if it is boring

• 2 – More likely C
• 3 – It depends / not sure
• 4 – More likely the more novel D, even if

slightly forced
• 5 – Definitely choose the more novel D

Q11-Reason (optional free text). Please briefly
explain your reasoning:

Q12. Ranking different types when all are ap-
propriate
Suppose you have three types of quotations, all of
which you consider appropriate (e.g., you would
rate their appropriateness at 4 or 5 out of 5):

• Quote E: very common, very safe, but some-
what ordinary.

• Quote F: somewhat original, with a slightly
different way of expressing the idea.

• Quote G: more clearly original, giving a
stronger feeling of “freshness”, but still un-
derstandable and on-topic.

In your actual writing, how would you usually
rank these three types of quotations by preference
(from most preferred to least preferred)?

My typical order would be:

(for example: F > G > E)

Q13. Which statement is closest to your true
preference?
Please choose the one that best describes you:

a. As long as a quotation feels appropriate, I
do not care much whether it is common or
original.

b. Once a quotation is appropriate, I still tend
to prefer those that feel a bit less clichéd
and more original.

c. I actively hope quotations will give readers
some sense of surprise, as long as they are
not wildly off-topic.

d. None of the above (please briefly explain):

Part D: Preferences Across Writing
Scenarios
Q14. Preference for novelty in different writing
scenarios

For each type of writing below, imagine that you
already have several quotations that are all appro-
priate for your text. Some are more common and
“safe”, others are more novel.

Please indicate which kind of quotation you
would normally prefer in this scenario:

(1 = strongly prefer common and safe quotations,
5 = strongly prefer novel quotations)

(a) Creative writing (short stories, fiction)
(b) Personal essays or reflections (about your

own experiences, feelings, or growth)
(c) Opinion pieces / commentary (on news, so-

cial issues, trends)
(d) Book / movie / music reviews
(e) Ordinary school essays / exam essays
(f) Academic research papers
(g) Business reports or presentations
(h) Internal company emails / announcements
(i) Legal contracts / policy documents
(j) Medical or health information leaflets

For each scenario, participants select one value
from 1 to 5: 1 = strongly prefer common and safe
quotations, 5 = strongly prefer novel, unexpected
yet rational quotations.

Part E: Self-reported Behavior and
Open-ended Feedback
Q15. Avoiding clichés

When you write, do you consciously avoid quota-
tions that feel too clichéd or “cheesy”?

• Almost never; I am fine with very classic
quotations.

• Sometimes.
• I often try to avoid very clichéd quotations.
• I almost always avoid very clichéd quota-

tions.

Q16. Removing quotations because they feel
too ordinary

Have you ever removed a quotation from your
draft simply because it felt too ordinary or
overused?

• Never
• Once or twice
• Several times
• Very often

Q17. Open-ended: What makes an “ideal”
quotation?

In your own words, what makes a quotation feel
“ideal” or “memorable” in a piece of writing?
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Q18. Open-ended: Is being unexpected impor-
tant?
Do you think being unexpected (novel) is impor-
tant for quotations? Why or why not?
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