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abadváry, and Lars Carlsson

Abstract

We propose a news content attunement system that rewrites articles according to a reader-
defined graphic sensitivity setting, or abstains if rewriting is not possible. Conformal
importance selection provides a finite-sample article-level recall guarantee for important
source sentences, while conformal risk control calibrates a bounded aggregate attunement
loss balancing preservation, residual graphic content, and utility. On a held-out dataset,
we preserve 86% of essential facts whilst neutralising ≈97% of graphic content.

1. Methodology

Although LLM deployment in journalism is rising, LLMs can introduce framing bias (Kennedy
et al. (2026)) and hallucinate, such as adding unsupported characterisations of sources or
transforming attributed opinions into general statements (Hagar et al. (2025)). Thus, we
seek to mitigate such challenges using conformal fact preservation and risk control.

Let a source article be extracted using a block-based parser that segments the article
into an ordered sentence sequence x = (c1, c2, . . . , cm), where ci denotes the i-th sentence
and m is the total number of sentences in the article. We then construct a calibration
set comprised of online BBC News articles with 1351 sentence-level human annotations.
Each calibration sentence has an essential-context label ei ∈ {0, 1}, a neutralisability label
ni ∈ {0, 1}, a severity level as an integer between 0-4, and where appropriate, a human-
verified neutralised rewrite r⋆i (where levels 3-4 require neutralisation, and level 2 may be
neutralised depending on context). These annotations define the attuned reference unit

a⋆i =


∅, ei = 0,

r⋆i , ei = 1 ∧ ni = 1,

ci, ei = 1 ∧ ni = 0.

(1)

for each sentence. The article-level attuned reference is A⋆(x) = {a⋆i : a⋆i ̸= ∅}. This
representation evaluates whether a system preserves the meaning required after attunement.
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In the first inference stage, Conformal Importance Summarisation (denoted CIS in nota-
tion) adapted from Kuwahara et al. (2025) is applied. A language model (LM) LLaMA-3.1-
8B-Instruct (Grattafiori et al. (2024)) assigns each sentence an importance score R(ci;x) ∈
[0, 1], using the complete article as context. For the threshold q, the selected set is Fq(x) =
{ci : R(ci;x) ≥ q}. Let Y (x) = {ci : ei = 1} denote the human-labelled essential source
sentences. For target selection recall βCIS, calibration produces a conformal threshold q̂
such that, under exchangeability, Pr[BCIS(Fq̂(X);Y ⋆(X)) ≥ βCIS] ≥ 1 − αCIS, where X is
a random ordered sentence sequence drawn from the same underlying distribution as the
calibration set. Thus, with probability 1 − αCIS, and unseen article retains at least a βCIS

fraction of its essential source sentences. Selected sentences are packaged with their ar-
ticle context and passed to an attunement stage (denoted att in notation) where a LM
will assign a severity score and classify whether they are neutralisable. Candidate out-
puts are generated across ordered policy levels λ, representing increasingly conservative
treatment of sensitive content. For calibration article k, the bounded aggregate loss is
Lk(λ) = wPLP,k(λ) + wGLG,k(λ) + wULU,k(λ), where LP penalises loss of essential infor-
mation, LG penalises residual graphic content, and LU penalises unusable or unsupported
output from the generator. The empirical risk is R̂n(λ) = 1

n

∑n
k=1 Lk(λ). The conformal

risk control framework (Angelopoulos et al. (2024)) is used to select a policy level using the

finite-sample-corrected estimate R̂+
n (λ) =

n
n+1R̂n(λ)+

B
n+1 , λ̂ = min

{
λ : R̂+

n (λ) ≤ αatt

}
.

This provides aggregate expected-risk control when the bounded-loss and monotonicity
assumptions hold. Lastly, a LM assesses each candidate sentence against preservation and
graphic safety criteria. If this verification fails, the sentence enters a remediation queue
with a budget parameter (we use budget=3) where a LM is parsed the source sentence and
verifier feedback in order to generate an acceptable candidate. If unable to neutralise after
the budget is exceeded, the source sentence is replaced with an explicit abstention.

2. Empirical Results

On a held-out test set of 282 human-annotated unseen article sentences, we report a mean
selection recall β = 0.90 at 1 − α = 0.90 of 96.9%, and a mean attuned recall β = 0.85 of
87.1%. Essential fact outcomes show 86.3% coverage (see Figure 1). Overall, we find that
≈3% of facts remain graphic after remediation, and only ≈0.5% are the worst-case scenario
of an explicit abstention. This demonstrates the efficacy of our content attunement pipeline.

Figure 1: A breakdown of essential fact outcomes for unseen articles.
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