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Abstract

Noun compounds (NCs) such as chocolate cake or student protest are ubiquitous in natural

language yet notoriously ambiguous when interpreted in isolation. Prior work paraphrases NCs

into prepositional or free-form variants but largely ignores the sentential and discourse context

that often determines the intended relation. We propose CaNCi, a context-aware paraphrasing

framework that conditions on local context and retrieved usage exemplars to produce faithful,

diverse paraphrases with calibrated con�dence. CaNCi couples a context encoder with a se-

quence generator and fuses evidence from a dense retriever using Fusion-in-Decoder. To make

outputs reliable for downstream insertion (e.g., machine translation or information extraction),

we calibrate paraphrase probabilities and construct coverage-controlled top-k sets via confor-

mal prediction. Across standard NC benchmarks augmented with sentence contexts, CaNCi

improves isomorphic and non-isomorphic scores, reduces expected calibration error, and yields

safer top-k outputs at target coverage. Human evaluations show higher adequacy and �uency

compared to isolate-only baselines. We release code, data recipes, and analysis protocols to

facilitate reproducibility.

Keywords: noun compounds, paraphrasing, retrieval-augmented generation, calibration, conformal

prediction

1. Introduction and Background

Noun compounds (NCs)�two or more contiguous nouns forming a single semantic unit, such as

student protest, virus lab, or co�ee mug�are pervasive in text across domains (news, scienti�c writing,

social media) and central to downstream tasks like information extraction (IE), machine translation

(MT), and question answering (QA) [1, 2]. They are compact by design: overt relational markers

(prepositions, case/postpositions, verbal heads) that normally express the link between the modi�er

and the head are omitted. The same surface form therefore licenses multiple readings; for example,

student protest may denote a protest by students or about students, while virus lab might refer to a

lab studying viruses or containing them. Choosing the wrong reading in practical systems propagates

as factual errors in IE, adequacy errors in MT, or misleading retrieval summaries [3].

Human readers rarely interpret NCs in isolation; local sentence context and wider discourse typ-

ically supply decisive cues. Useful signals include syntactic patterns (governing verbs, arguments,

appositives), semantic compatibility (selectional preferences and world knowledge), discourse phe-

nomena (coreference and topical continuity), and lexical collocations surrounding the NC. Consider:
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After weeks of negotiations, the student protest forced the council to reverse the tuition hike [4].

The event structure and agentivity of students favor the AGENT reading (protest by students). In

contrast: The committee heard testimony on the student protest scheduled by outside organizers.

Here, scheduled by outside organizers weakens the AGENT reading and supports a TOPIC reading

(about students). Systems that paraphrase NCs without conditioning on these cues tend to default

to globally frequent prepositions or hallucinate content inconsistent with the sentence [4].

We formulate the task as follows: given an NC occurrence (h,m) embedded in a sentence context

C (optionally a broader discourse window D), the goal is to generate a ranked list of paraphrases that

are faithful in that context [5]. Two realizations are useful for practice: prepositional paraphrases of

the form h prep m, which enable controllable normalization and slotting into rule-based pipelines,

and free-form verbal paraphrases, which can be inserted into �uent text for downstream applications.

Evaluation considers surface agreement with references via Iso and NonIso matching, diversity with

Distinct-n, and reliability with probability calibration measures such as Expected Calibration Error

(ECE) and the empirical coverage of set-valued top-k predictions.

Prior isolate-only approaches exhibit recurring failure modes. They often make context-incompatible

choices by selecting majority prepositions like of, for, or in that contradict the governing predicate

[6]. They may introduce lexical over-speci�city, adding unwarranted content words (e.g., asserting

manufacture when the context implies study). They are typically ambiguity-blind, returning a sin-

gle deterministic paraphrase even when multiple readings are equally plausible, which gives users

false con�dence. Finally, their scores are systematically miscalibrated�appearing highly con�dent

on wrong choices�complicating safe insertion into MT/IE pipelines [7].

Our perspective is that faithful NC interpretation demands both conditioning on context and

grounding in real usage [8]. Conditioning aligns the generator with local sentence constraints; ground-

ing mitigates hallucination by retrieving attested paraphrase patterns from large corpora. Because

practical systems must also decide when to trust a generated paraphrase, we treat ranking as prob-

abilistic prediction, calibrate the model's con�dence, and construct coverage-controlled top-k sets so

users can trade set size for reliability [9].

This leads to the central gap addressed in this work: existing NC paraphrasing systems largely

operate on isolated compounds and report only surface-matching metrics, with limited attention to

sentence/discourse context and little to no analysis of calibration or coverage in ranked outputs. The

absence of these ingredients obstructs safe deployment in MT/IE/QA, where an uncalibrated top-1

choice can yield cascading errors [10].

We introduce CaNCi, a context-aware, retrieval-augmented paraphrasing framework that condi-

tions generation on a learned representation of the sentence (and optional discourse) together with

retrieved usage snippets. A dense retriever supplies attested exemplars, and a sequence generator

(e.g., T5) integrates them using Fusion-in-Decoder to guide preposition choice and surface realiza-

tion [11]. We calibrate paraphrase probabilities using temperature scaling on a held-out set [12]

and form set-valued predictions via split conformal prediction [13], delivering top-k outputs that

meet a user-speci�ed coverage target on unseen data. To measure real-world utility, we propose

a context-augmented evaluation protocol that supplements Iso/NonIso matching with diversity,

ECE, empirical coverage, and human judgments of adequacy and �uency under actual sentence

contexts [14].

Within related work, NC interpretation has been explored through rule templates, distributional

semantics, and neural generators trained on SemEval-style annotations [15], but the dominant as-
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sumption is still isolate-only processing. Retrieval-augmented generation has improved factuality

and reduced hallucinations in QA and summarization by grounding generation in retrieved text [16].

Probability calibration and distribution-free risk control via conformal prediction have been devel-

oped for classi�cation and reading comprehension [17], yet are rarely applied to ranking over strings

such as paraphrases. CaNCi uni�es these threads by injecting sentence/discourse evidence, ground-

ing in usage exemplars, and delivering calibrated, coverage-controlled predictions that are practical

for deployment [18].

Finally, we anticipate broad impact for computer and data science. Context-aware, calibrated

paraphrasing supports safer IE pipelines by o�ering alternatives with transparent con�dences, im-

proves MT adequacy for NC heavy language pairs, and enables interactive systems that expose multi-

ple readings rather than a brittle single guess. Beyond NCs, the general recipe�context conditioning,

retrieval grounding, and conformal set prediction�extends to reliable text generation components

throughout data-centric NLP systems.

2. Method: Context-Aware and Calibrated Paraphrasing

Given an NC occurrence (h,m) embedded in a sentence C (optionally expanded with a document

window D), our goal is to output a ranked set of paraphrases that are faithful to the meaning

signaled by C. We target two complementary realizations: a prepositional form of the pattern h

prep m, which provides a normalized and easily controllable rendering for rule-based pipelines, and

a free-form verbal rendering that can be inserted into �uent text. Throughout, we denote the full

input by x = (h,m,C,D) and the model's ranked candidates by {pj} with scores s(pj |x).
The model CaNCi operationalizes the �context + usage grounding� perspective from the intro-

duction by combining a context encoder, a dense retriever, and a generator. First, a transformer

encoder fθ (e.g., RoBERTa) encodes the sentence (and, when available, a compact discourse win-

dow) into a contextual representation c. To focus the encoder on the compound, we surround the

head and modi�er with special boundary tokens and retain a small left/right window around the NC

to preserve governing predicates and arguments. Second, a late-interaction dense retriever R indexes

a large corpus of attested NC usages. At inference, a query representation built from (h,m,C) is

matched against the index to return a small set of usage snippets {uj}Rj=1 that exemplify plausible

readings of the same or closely related compounds. Retrieval uses approximate nearest-neighbor

search and in-batch/hard-negative training so that returned snippets are semantically close yet di-

verse; we deduplicate near-duplicates and �lter snippets with low lexical or semantic overlap to

avoid spurious patterns. Third, a sequence generator gϕ (e.g., T5) conditions on [h,m, c, {uj}] using
Fusion-in-Decoder: each retrieved snippet is encoded separately and the decoder attends across them

alongside the contextual representation, which empirically reduces hallucination and improves prepo-

sition choice. For the prepositional variant, we employ constrained decoding so that the �rst content

token is chosen from a small, curated preposition inventory, after which the decoder freely realizes the

remaining surface form; for the free-form variant, we use standard decoding. We generate an N -best

list with beam search, apply light n-gram blocking for diversity, and retain K unique paraphrases for

downstream calibration and set construction.

Inputs are linearized as a single sequence so that both context and retrieved evidence are available

at decode time:

NC: h#m ∥ CTX: C ∥ RET: u1⟨SEP⟩ . . . ⟨SEP⟩uR.
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This format makes the conditioning explicit and allows ablations that remove either the context or

the retrieved block to quantify their contributions.

Training minimizes a composite objective that couples faithfulness, alignment, and probability

mass shaping. The primary term is sequence-level cross-entropy LXE to reference paraphrases. To

ensure the generator actually uses contextual cues rather than shortcutting to globally frequent

prepositions, we add an InfoNCE-style contrastive term Lcon that aligns the context representation

c with representations of faithful paraphrases while pushing away mismatched pairs. Concretely, if

r(p) is a frozen encoder embedding of paraphrase p, then for a positive pair (c, r(p+)) and a set of

negatives N , we write

Lcon = − log
exp(sim(c, r(p+))/τ)

exp(sim(c, r(p+))/τ) +
∑

p−∈N exp(sim(c, r(p−))/τ)
.

Finally, we encourage the model to concentrate probability on faithful candidates using a coverage

regularizer Lcov that penalizes di�use distributions over the candidate set. A simple and e�ective

form is an entropy penalty restricted to candidates that pass lexical/semantic plausibility checks,

combined with a margin that lifts faithful references over near-miss alternatives. The full loss is

L = LXE + λcon Lcon + λcov Lcov.

Because downstream users need reliable con�dences, raw sequence scores are calibrated on a

held-out calibration split. We �t a single temperature T by minimizing negative log-likelihood, and

rescale scores via p̂(p | x) ∝ exp(s(p | x)/T ), which reduces overcon�dence without changing the

ranking. To expose ambiguity rather than hide it, we convert calibrated probabilities into set-valued

outputs with a target reliability using split conformal prediction. We compute nonconformity scores

on the calibration set�e.g., η(p, x) = 1− p̂(p | x) for single-choice, or a cumulative-mass variant for

sets�and take the (1−α) quantile qα as a threshold. At test time, we sort candidates by p̂(p | x) and
include them until the cumulative nonconformity is below qα, yielding Sα(x) with provable marginal

coverage 1 − α on unseen data. This construction directly supports the �coverage-controlled top-k�

promise from the introduction: practitioners can tune α (or equivalently allow the set size to vary)

to trade o� compactness for reliability.

Putting the pieces together, inference proceeds in a small number of clear steps. We encode

the sentence to obtain c, retrieve R attested usage snippets with R, and run the generator to

produce an N -best list with scores. We apply temperature scaling, optionally rerank with a light

lexical/semantic �lter to downweight o�-topic candidates, and �nally form the conformal set Sα(x).

The returned object includes both a ranked list and a calibrated, coverage-controlled set so that

downstream components can either take the top item when high con�dence is available or consume

a small alternative set when the compound is genuinely ambiguous.

The dominant cost is retrieval; we build the index once and use ANN search (e.g., FAISS/ScaNN)

for sublinear query time. With typical settings (R ∈ [5, 10], K ∈ [5, 10]), retrieval latency is a

few milliseconds on commodity GPUs/CPUs, and Fusion-in-Decoder adds a small constant factor

at decode because snippets are encoded in parallel and fused only in the decoder cross-attention.

Memory can be bounded by product quantization of the index and by truncating snippets to a �xed

token budget. For throughput-sensitive deployments, we cache retrieval results for frequent NCs,

precompute c for recurring contexts, and prune candidates with low calibrated probability before

conformal set construction, preserving the reliability guarantees while keeping latency predictable.
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3. Experiments and Results

We evaluate whether conditioning on context and grounding in usage exemplars improves the faithful-

ness and reliability of NC paraphrases. To re�ect real deployment conditions, we construct context-

rich datasets by augmenting standard NC paraphrasing resources with sentence-level occurrences

mined from large corpora. For each target NC type (head h, modi�er m), we harvest sentences from

Wikipedia and CommonCrawl using dependency patterns that capture nominal modi�cation (e.g.,

compound/nn) and light noun�noun variants. We normalize in�ectional variants, �lter noisy matches

with lexical and semantic compatibility checks, and deduplicate near-duplicates by MinHash. Splits

are performed at the document level with an 80/10/10 train/validation/test ratio to prevent leakage

of topical cues; additionally, we ensure that exact sentence duplicates and near-paraphrases do not

straddle splits. For calibration, we hold out a small slice of the training documents as a separate

calibration set that is never used to update model weights. In parallel, we build a retrieval corpus

by indexing millions of sentences containing the same or closely related NCs (including morpho-

logical and lexical variants), which allows the dense retriever to surface attested usage snippets for

Fusion-in-Decoder.

Our implementation follows the method described earlier. The context encoder is roberta-base;

the generator is t5-base. Unless otherwise noted, we use batch size 128, Adam with learning rate

2×10−4, and early stopping on validation negative log-likelihood to avoid over�tting to frequent

prepositions. We format inputs with explicit �elds for the NC, the sentence context, and the retrieved

snippets so the decoder can jointly attend to all evidence. The retriever is trained with in-batch and

mined hard negatives so that returned snippets are semantically close yet diverse; at inference we

use approximate nearest neighbors (FAISS/ScaNN) and retrieve R snippets (typically R ∈ [5, 10]).

The generator produces an N -best list via beam search with light n -gram blocking (we use N and

the �nal list size K in the 5�10 range in our experiments). Temperature T is �t on the calibration

split by minimizing NLL, yielding calibrated probabilities that do not perturb ranking. Conformal set

construction then converts the calibrated list into coverage-controlled outputs with a target reliability

(1− α) chosen by the user.

We compare against four baselines designed to tease apart the e�ects of context, retrieval, and

calibration. The Isolate-only T5 baseline ignores sentence context and retrieved evidence, approxi-

mating the dominant setting in prior NC paraphrasing work. Rule templates instantiate hand-crafted

prepositional patterns commonly used for normalization and serve as a lower bound on �uency and

diversity. CaNCi w/o retrieval keeps context conditioning but removes the grounding exemplars,

testing whether usage evidence is necessary beyond sentence features. CaNCi w/o calibration mea-

sures the impact of the uncertainty layer by running the full model but skipping temperature scaling

and conformal prediction. These comparisons allow us to attribute gains to each component and to

evaluate the risk of overcon�dent errors.

We report automatic and human metrics aligned with our deployment goals. Surface agreement

with references is measured by Iso and NonIso matching, which respectively reward structurally

aligned and meaning-preserving paraphrases even when surface forms di�er. Diversity is assessed

with Distinct-n (we report n=2) to ensure that improved accuracy is not achieved by mode collapse.

Reliability is captured by Expected Calibration Error (ECE; lower is better) and empirical coverage

Cov@1 − α, which should track the target coverage if uncertainty estimates are well calibrated.

For human evaluation, expert annotators judge adequacy (does the paraphrase express the correct
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relation in context?), �uency, and context-�t on a strati�ed sample with ambiguous and idiomatic

NCs; ties and multiple-valid-readings are explicitly allowed, which matches the set-valued prediction

objective.

Figure 1 summarizes the system architecture, highlighting how sentence context and retrieved

usage snippets are fused in the decoder while the calibration layer converts ranked lists into coverage-

controlled sets. Table 1 presents the main automatic results (mean±std across three random seeds).

The full CaNCi achieves the best scores across the board, improving Iso and NonIso matching

relative to isolate-only generation and rule templates, increasing Distinct-2, and substantially reduc-

ing ECE. Importantly for safe deployment, Cov@90% tracks the nominal target closely for CaNCi,

while isolate-only and uncalibrated variants under-cover, returning overly narrow sets that miss plau-

sible readings. These outcomes re�ect the central claim of this paper: contextual cues sharpen the

intended relation, usage grounding reduces hallucination, and calibration turns scores into reliable

uncertainty estimates.

Table 1. Main results on the context-augmented NC benchmark (mean±std over 3 seeds). Higher Iso/NonIso and

Distinct-2 are better; lower ECE is better; Cov@90% should be close to 0.90

Method Iso NonIso Distinct-2 ECE↓ Cov@90%

Isolate-only T5 62.3±0.6 44.8±0.7 0.18 10.7 0.78

Template rules 55.9±0.5 41.3±0.5 0.10 15.2 0.61

CaNCi w/o retrieval 67.4±0.5 49.6±0.6 0.23 6.1 0.86

CaNCi full 71.8±0.4 53.2±0.5 0.27 3.4 0.90

Input
NC: h#m

CTX: sentence (+ discourse window)
Context Encoder

f  (RoBERTa)
Context Rep

c

Dense Retriever 
Indexed usage snippets (u1 | u2 | ... | uR)

Fusion-in-Decoder Generator g  (T5)
conditions on [h, m, c, {u_j}]

Candidates
pj

Calibration Layer
Temperature scaling + Split Conformal

Set

1) Provide NC + sentence context 2) Encode context 3) Obtain c

4) Retrieve attested usages 5) Generate candidates with FiD

6) Calibrate + build set with coverage

Fig. 1. System overview of CaNCi. A context encoder produces a sentence representation for the NC occurrence; a

dense retriever supplies attested usage snippets; a Fusion-in-Decoder generator conditions on both to produce candidate

paraphrases. A calibration layer converts scores into reliable probabilities and coverage-controlled set outputs.

The reliability diagram in Figure 2 visualizes calibration by binning paraphrase probabilities and

plotting predicted con�dence against empirical correctness; the closer the curve to the diagonal, the

better. Isolate-only T5 exhibits classic overcon�dence: high predicted probabilities correspond to

lower empirical accuracy, yielding a larger ECE. By contrast, CaNCi pulls the curve toward the di-

agonal across bins and reduces mass in the most overcon�dent region, indicating that the temperature
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tuning meaningfully corrects miscalibration while preserving ranking. In practice, this translates into

fewer catastrophic top-1 insertions and more trustworthy top-k sets when the compound is genuinely

ambiguous.

Fig. 2. Reliability diagram comparing isolate-only T5 vs. CaNCi. The closer the curve to the diagonal, the better

the calibration. CaNCi reduces overcon�dence across probability bins, re�ected in lower ECE.

Beyond aggregate numbers, qualitative inspection reveals patterns aligned with our design choices.

When the sentence provides agentive or event-structural cues, CaNCi prefers prepositions like by, for,

or against consistently with the governing verb, whereas isolate-only models drift toward frequent

but inappropriate choices like of or in. Retrieval is especially bene�cial for idiomatic or domain-

speci�c compounds (e.g., scienti�c NCs) where attested snippets anchor the generator to correct

realizations. In free-form outputs, retrieved phrasing reduces lexical over-speci�city and narrows the

space of plausible realizations to those supported by usage.

Ablation studies clarify the contribution of each component. Removing retrieval disproportion-

ately harms ambiguous NCs with multiple viable readings in the abstract, because sentence-level

cues alone do not always disambiguate without world or domain knowledge; this ablation lowers

both Iso/NonIso and diversity while slightly worsening ECE. Removing context conditioning has

a broader negative e�ect: the model reverts to globally frequent prepositions and loses sensitivity

to governing predicates and argument structure, yielding notable drops in surface agreement. Dis-

abling the calibration layer leaves ranking accuracy roughly intact but increases ECE and causes

under-coverage in Cov@1− α, which is undesirable for downstream consumers that depend on set-

valued guarantees. Together these ablations support the thesis from the introduction: context, usage

grounding, and calibration are complementary levers for faithfulness and reliability.

For completeness, we monitored resource use and latency. Retrieval dominates inference but can

be made sublinear with ANN search; indexing is a one-time o�ine cost, and query-time latency is

bounded by the number of retrieved snippets R and the token budget fused in the decoder. Prod-

uct quantization and snippet truncation keep memory footprint modest, and caching frequent NCs

amortizes retrieval overhead. In all settings we report, the calibrated set construction adds negli-

gible overhead after probabilities are computed, while providing strong reliability bene�ts. Overall,
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the results indicate that CaNCi not only improves accuracy and diversity but also delivers practi-

cal, coverage-controlled outputs suitable for integration into IE and MT pipelines that must handle

ambiguous noun compounds in context.

4. Discussion and Conclusion

The results in Table 1 and Figures 1�2 support the central premise of this work: incorporating

sentence context and grounding generation in attested usage substantially improves the faithfulness

and reliability of NC paraphrasing. Compared to isolate-only generation and rule templates, CaNCi

consistently raises Iso/NonIso scores while yielding more diverse outputs (Distinct-2) rather than

collapsing onto a few high-frequency prepositions. These gains align with the intuition developed

in the introduction: local syntactic and semantic cues sharpen the intended relation, and retrieved

exemplars reduce hallucination by anchoring the generator to patterns that actually occur in text

[19, 20].

A key contribution of CaNCi is reliability, not just accuracy. The reliability diagram in Figure 2

shows that temperature scaling brings predicted probabilities closer to empirical correctness across

bins, materially lowering ECE. This matters for deployment: downstream consumers�IE slot �llers,

MT post-editors, interactive assistance�bene�t from probability estimates that re�ect actual risk

[20]. Equally important, conformal set construction converts a ranked list into a coverage-controlled

top-k set whose empirical Cov matches the target; unlike uncalibrated baselines that under-cover,

CaNCi returns compact sets when the model is con�dent and gracefully expands them when the NC

is genuinely ambiguous. The result is a controllable trade-o� between brevity and safety that can be

tuned per application.

Qualitative analysis reinforces the quantitative picture. When sentences provide agentive or

event-structural cues, CaNCi prefers prepositions compatible with the governing predicate (e.g., by,

for, against), whereas isolate-only models drift toward globally common but context-inappropriate

choices such as of or in. Retrieval is especially helpful for domain-speci�c and idiomatic NCs:

attested phrasing narrows the hypothesis space and suppresses over-speci�c or invented realizations

in free-form outputs [9, 10]. These e�ects persist even when context alone is moderately informative,

suggesting that context and usage grounding act as complementary signals.

Ablation trends (described in the results) clarify the role of each component. Removing re-

trieval disproportionately hurts ambiguous compounds, indicating that sentence-level signals are

sometimes insu�cient without external usage evidence. Stripping context conditioning broadly low-

ers Iso/NonIso accuracy as the model reverts to prior lexical preferences, con�rming the necessity

of conditioning on the governing predicate and arguments. Disabling calibration leaves ranking

largely intact but raises ECE and undercuts Cov, weakening guarantees that are essential when

paraphrases will be consumed automatically. Together, these observations support our design choice

to unify context conditioning, retrieval grounding, and calibration in a single pipeline [11].

The proposed evaluation protocol�combining surface matching, diversity, calibration error, em-

pirical coverage, and human judgments under real sentence contexts�proved informative. Reporting

only Iso/NonIso would mask critical reliability di�erences visible in ECE and Cov, while diversity

metrics ensure that gains do not come from mode collapse. Human ratings of adequacy and context-

�t tracked automatic metrics closely, suggesting that the calibrated, context-aware outputs are not

only better aligned with references but also more useful to annotators in practice [21].
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The approach depends on a retrievable usage footprint: extremely rare NCs or newly coined

compounds may lack high-quality exemplars, limiting the bene�t of grounding. Although retrieval is

sublinear with ANN search and the index is quantized, memory and latency budgets still constrain R

and the token budget fused in the decoder. Calibration is split-conformal and thus distribution-free

in a marginal sense; it does not guarantee per-instance coverage or group-conditional fairness, and

set sizes can vary across inputs. Finally, while our constrained decoding for prepositional outputs

improves controllability, the curated preposition inventory may require adaptation across domains

and languages.

Despite these constraints, the results demonstrate practical value for computer and data science

applications. In IE pipelines, calibrated top-k sets enable safer slot �lling by exposing alternatives

with known reliability; in MT, context-appropriate paraphrases improve adequacy for NC heavy sen-

tences; in interactive systems, users can choose among plausible readings rather than accept a brittle

single guess. Because CaNCi returns both a ranked list and a coverage-controlled set, integrators

can implement risk-aware policies (e.g., accept top-1 above a probability threshold; otherwise hand

o� a small set to a veri�er).

Future work includes multilingual extensions that realize case/postpositions in morphologically

rich languages, discourse-level context beyond a single sentence, and joint modeling of surface para-

phrases with structured relation labels to improve interpretability. Exploring group-conditional cali-

bration and per-instance risk control is another promising avenue for safety-critical settings. We also

anticipate bene�ts from retrieval personalization (domain-speci�c indices) and lightweight adapters

that let CaNCi operate under strict latency budgets.

In conclusion, CaNCi advances NC paraphrasing from isolate-only surface rewriting to context-

aware, usage-grounded, and uncertainty-calibrated generation. The combination of improved accu-

racy, diversity, and reliable coverage makes the method suitable for deployment in data-centric NLP

systems that must handle ambiguity transparently and safely.
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