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Abstract

Automatic summarization systems have advanced rapidly with large language
models (LLMs), yet they still lack reliable guarantees on inclusion of critical
content in high-stakes domains like healthcare, law, and finance. In this work,
we introduce Conformal Importance Summarization, the first framework for
importance-preserving summary generation which uses conformal prediction to
provide rigorous, distribution-free coverage guarantees. By calibrating thresh-
olds on sentence-level importance scores, we enable extractive document summa-
rization with user-specified coverage and recall rates over critical content. Our
method is model-agnostic, requires only a small calibration set, and seamlessly
integrates with existing black-box LLMs. Experiments on established summariza-
tion benchmarks demonstrate that Conformal Importance Summarization achieves
the theoretically assured information coverage rate. Our work suggests that Con-
formal Importance Summarization can be combined with existing techniques to
achieve reliable, controllable automatic summarization, paving the way for safer
deployment of Al summarization tools in critical applications. Code is available at
github.com/layer6ai-labs/conformal-importance-summarization.

1 Introduction

Summarization is a widely performed task in many domains, from media [68] and legal documents
[51,134] to scientific articles [11] and clinical reports [19]]. Recent advances in large language models
(LLMs) have significantly improved the quality of summary generation [[15} 11} 29, 64], with methods
such as prompt-based generation [[12}66] and fine-tuned transformer models [[61] exhibiting superior
generalization and adaptability over classical natural language processing (NLP) methods [42} 167].
However, in critical domains any error in an Al-generated summary can have serious consequences
[S]. For example, even with evidence that Al summarizers can reduce physician workloads and
alleviate burnout [25]], lack of consistency and the need to verify the Al’s work remains a concern
for physicians in practice [60]. Despite the improvements mentioned above, no existing method
guarantees retention of important content which could, for example, ensure safety in a high-stakes
application like healthcare [18]].

Conformal prediction [[62,|59] has recently risen in popularity as it provides distribution-free, finite-
sample coverage guarantees [2], and has shown promise in classification [56}, 13} 133]], regression
[LO, 43} 155], and language tasks such as factual question answering [37, 152, 45 [14} 23]]. In this
work, we introduce Conformal Importance Summarization, the first application of conformal
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prediction to document summarization which provides statistical guarantees on the inclusion of
important content.

Our contributions are as follows:

* We formalize the problem of importance-preserving document summarization with statistical
guarantees through the conformal prediction framework.

* We introduce a method that calibrates sentence-level importance scores, allowing summary
generation with user-specified error («) and recall (/) rates.

* We evaluate our method across multiple summarization benchmarks, demonstrating empirical
importance coverage as expected from our theory, and quantifying the utility of our approach.

2 Background and Terminology

2.1 Document Summarization

Summarization is the task of producing a concise version of a source document that preserves its most
important content. There are two major categories of approaches [35]: extractive summarization,
which selects spans of text (typically sentences) taken verbatim from the source text, and abstractive
summarization which generates new sentences that paraphrase or synthesize information from the
source text. While abstractive summarization is extremely accessible due to the advent of instruction-
tuned LLMs [63| 58]], extractive summarization can be more suitable to high-stakes domains because
it limits the possibility of hallucinations and remains more faithful to the source’s meaning. While our
main focus is on extractive summarization, we also show how the two approaches can be combined
to benefit from the improved fluency and conciseness that abstractive summarization offers.

Classical extractive methods such as TextRank [44] rely on heuristics or graph-based techniques.
Modern extractive models, such as BERTSum [41], leverage pretrained language models like BERT
[21]] to encode sentence-level representations and classify sentence importance. Recent trends in
summarization also include reinforcement learning for optimizing summary-level objectives directly
(e.g., ROUGE [50} 139]), fact-consistency tuning using entailment models [36]], and hybrid extractive-
abstractive pipelines [13].

In this work, we show that extractive summarization, which scores and ranks text spans, is naturally
compatible with the calibration step of conformal prediction and can achieve statistical guarantees on
the retention of important sentences.

2.2 Conformal Prediction

Consider a classification or regression problem with inputs x € X associated with ground-truth
values y* € Y drawn jointly from a distribution (z,y*) ~ P. Conformal prediction (CP) [62} 59]
first calibrates a threshold ¢ based on labeled data, then predicts a set of output values Cj (Trest) C Y
for any new datapoint s, while guaranteeing coverage with a user-defined error rate «,

P[yézst € Cq(xtest)] >1—-a. (1)

Remarkably, the coverage guarantee is distribution-free and valid in finite samples, making CP a
versatile tool to provide robust guarantees on correctness in a wide variety of scenarios [2]].

Given a model fy : X — ), CP defines a conformal score function S : X x )Y — R, where
larger values indicate worse agreement between fy(x) and y*. Upon computing .S over n calibration

datapoints, the threshold ¢ is set as the [ntD)A=a)] quantile of the conformal scores. For any new
input, prediction sets are generated by including all output values for which the conformal score is
below the threshold g,

Cy(@ien) = (¥ €V | 8(ziestsy) < d}- &

As long as Ty is exchangeable with the calibration data drawn from PP, Eq. (I)) will hold. For equal
coverage levels 1 — «, the usefulness of prediction sets can be judged by their size [56} 13} 133]], with
smaller average set sizes E|C;| indicating prediction sets that are more useful in downstream tasks
[16,[17]. The quality of Cj is largely driven by the accuracy and calibration of fy, and the design of
S for expressing the model’s confidence.




2.3 Conformal Factuality for Question-Answering

Extending CP to language tasks requires rethinking the problem setup and design of the conformal
score S. Whereas classification tasks have a finite label set )/, open-ended question-answering has an
effectively infinite output space with many semantically equivalent responses, making it incompatible
with the standard CP framework described in Section2.21

Conformal factuality [45] overcomes these challenges by replacing prediction sets with entailment
sets, aiming to give responses that are entailed by the ground-truth y* with high probability [8].
Given a natural language question x and response generated by an LLM, conformal factuality first
decomposes the generated text into subclaims § = {c1,...,¢,}. Weuse T'(z,y*) C g to denote the
subset of generated claims which are entailed by the ground-truth y* for question x. Then, individual
claims are filtered out based on a calibrated threshold ¢. The remaining claims constitute a response
y C g which is factual with high probability,

PlyCT(z,y")] > 1o )

To set g, each claim’s factuality is first evaluated based on heuristics such as model confidence or
self-evaluation. Then, the conformal score is assigned as the greatest factuality level out of all claims
not entailed by y*. After computing the conformal score for each (z, y*) in the calibration set, the

[(n+1)(1=a)]

overall conformal threshold g is set as the quantile of scores.

On test data, claims with assessed factuality level less than ¢ are filtered out. The sets of retained
claims satisfy Eq. (3) by Theorem 3.1 of [45]]. Since longer, more detailed answers are more helpful,
the quality of the final response is judged by how many of the generated claims can be retained,
subject to meeting the coverage guarantee in Eq. (3). Quality is dictated by how well the factuality
of individual claims is assessed, and the prevalence of non-factual claims in the generated response,
which can be improved with a stronger LLM, adjustments to the score function, better grounding
through retrieved context, or reasoning [14} 23| 57].

3 Extractive Summarization via Conformal Importance

We take inspiration from conformal factuality to go beyond question-answering and provide statistical
guarantees on extractive summarization. By calibrating a threshold on an importance score, we ensure
that the final summary preserves the most salient information while maintaining a bounded risk of
omitting critical content.

Formally, our goal is to produce a shorter version y of the long-text x which, with high probability,
retains all important information. We take the long-text z € X’ to consist of multiple sentences,
x ={c1,...,cp}, and let y* C x be the ground-truth set of important sentences from xE] We then
filter out sentences from x based on a calibrated threshold ¢ leaving a subset y C x which retains all
important information with high probability,

Py Cyl21-a. “

We note a key difference between Eq. (3) and Eq. {@): conformal factuality aims for high precision
that retained claims are factual, while conformal importance aims for high recall that important
sentences are retained. As long as high recall is ensured, shorter summaries are preferable which
allows us to measure the quality of y as the proportion of sentences removed. In the remainder of
this section we develop a more general framework for error control than used in conformal factuality,
describe our method to extract summaries, and theoretically prove that it obeys a coverage guarantee.

Generalizing the Coverage Guarantee. One limitation of the conformal factuality framework is
that Eq. (3) rigidly considers a response with any number of non-factual claims to be a failure case. A
more general framework would allow the user to set their own tolerance on how many non-factual
claims could appear in an acceptable response [4]. Hence, for conformal importance we relax the
coverage guarantee Eq. (@) so that summaries are acceptable if they retain at least a fraction § of the

important sentences. Let
o _ lyny
B(y;y*) = | Q)

2For simplicity we break « by sentences, but any span could be used. We discuss cases where y* ¢ x below.
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Figure 1: (a) Steps to compute the conformal score for a labeled datapoint. Ground-truth important
sentences are coloured in green. Sg—1 is the smallest value of R(c; =) for any important sentence. (b)
The conformal threshold ¢ is computed as a quantile of the sorted conformal scores over the calibration
set. (c) At inference, only sentences with importance score R(c;x) > ¢ are retained in the summary.

be the recall, i.e. the fraction of important sentences retained by y. Then the relaxed coverage

guarantee is
P[B(y;y*) > ] > 1 - a. ©)

Of course, this recovers Eq. when = 1.

Conformal Importance Summarization. Given the long-text x we assign an importance score
to each sentence c as R(c; ) such that R(c; z) > 0 with larger scores indicating higher estimated
importance. In practice, the design of the importance score is key to the performance of our method,
and we discuss various options below. Similar to [45], we define a filtering function based on
importance scores

Fy(z) ={ce€ x| R(c;x) > ¢} @)
This function satisfies both Fy(z) = « and Fi,(x) = @ so that F} filters out more sentences as g
increases, and satisfies a nesting property: F,(z) C F,/ () for ¢ > ¢’ [31]].

To determine the appropriate threshold ¢ we use CP calibration with conformal scores over a labeled
calibration dataset. For each pair of long-text z; and ground-truth summary y;” we compute

Sg(x;,y7) == max{q € R | B(Fy(w;);y;) > B} ®)

We note that the maximum always exists by the definition of F},(x). This score computes the largest
threshold ¢ such that at least a fraction 3 of the important sentences are retained after filtration. A
larger ¢ (and hence larger Sg) is preferable as it will produce a more concise summary y; = Fy(z;).

Noting that B(Fy(x);y*) is a non-increasing function of ¢, we have the following observation.

Lemma 1. For a fixed §, we have

Sg(x,y") > q <= B(Fy(x);y*) > B. )

Proof. First, assume that Sg(z,y*) > §. By the definition in Eq . there exists ¢ > § such
that B(F, (x);y*) > B. Since B(F (z ) y*) is non-increasing in ¢, and ¢’ > ¢, it follows that
B(Fy(x);y*) > . On the other hand, now assume B(Fy(x);y*) > 5. By the definition of
maximum, we have Sg(x,y*) > ¢ directly from Eq. . O

With all conformal scores Sg(z;, y; ) computed on the calibration set, we choose the overall conformal

threshold § as the W quantilef’| Given a new long-text xs We score each sentence’s importance
as R(c; xeq), and filter out any sentence with importance less than ¢, returning yiesy = Fj (xtest), as
shown in Figure[I]} This procedure satisfies our generalized coverage guarantee in Eq.

3The different quantile compared to conformal factuality is necessary, as we have shifted to focus on recall
instead of precision in the coverage guarantee and conformal score function.



Theorem 1. Let {x;, yl*}?ill be exchangeable and 0 < 3 < 1. Let § be the W-th quantile
of the scores {Sg(x;,y})} 71, which we assume to be distinct without loss of generality. Then for

a€ [n%rl, 1], we have

. 1
1 - a < PB(Fy(@ns)ivhn) > Bl <1—a+ ——. (10)
n+1
Proof. Lets; = Sg(x,y;) fori =1,...,n,and e = Sp(Tn1,y541). Without loss of generality,
we assume the scores are sorted s; < s2... < s,. By exchangeability of the z;’s, and for any
k=1,...,n,we have k

P[Slestzsk]zl_n+l~ (11
Noting that ¢ = $|4(n1)| by definition of the quantile, and that o > n%_l we obtain
X la(n +1)]
P >ql=1-——=>1—q. 12
[Stest > 4] nyl 2l-a (12)
By Lemma[I] we then have
PIB(Fy(eni1)i i) = A1 21— a. (13)
On the other hand, from Eq. (TZ) we see that
X la(n+1)] am+1)—1 1
Plseg > ¢l=1—-—"""=<1— ——F——— =1— —— 14
St = 4] n+1 n+t 1 R (19
which shows that
i} 1
1—a < PBF(@nt1)iyp) 28] <1l—a+ ——. 15)
n+1
O

Design Choices. Beyond the free parameters « and 5 which can be set according to the user’s error
tolerances, our method involves design choices around the ground-truth y* and the importance score
function R(c; x). We defined important sentences as those sentences appearing in y*, but the source
of ground truth remains flexible. On benchmark datasets for extractive summarization, y* may be
provided at the sentence level as a subset of z. For other datasets, a summary may be given, but not
as verbatim sentences selected from z, in which case we assume sentences in y* can be matched
to a unique source from x. When y* is unavailable, and cannot be collected from domain experts,
automated generation techniques using prompted LLMs can select important sentences. However, we
note the strong possibility of bias if the same LLM is used for R(c; =) [49}[20]]. We describe concrete
methods for sentence matching and ground truth generation in Section 4.1]

Even for the same long-texts x, different users may consider different parts important. For example,
when summarizing clinical notes produced over the course of a patient’s hospital stay, a doctor and
an administrator may have different views on which details are important. Conformal Importance
Summarization can accommodate these different viewpoints; for the same data x, each user can
indicate their preferences y* on the calibration set, and receive a threshold ¢ tailored to their needs. It
may also be beneficial to guide the meaning of importance via R(c; x), for instance by describing
within an LLM prompt the type of information which should be scored highly. Indeed, designing
R(c; x) is the most direct way to influence the ultimate performance of our method, so we offer and
experimentally compare several possibilities that can be grouped into two classes.

LLM Scoring - An LLM is prompted to return a score between 0 and 1 of how important c is, given
x as context. We test five different LLMs, GPT-40 mini [47], Gemini 2.0 Flash-Lite [6]], Gemini
2.5 Flash [28], Llama3-8B [29], and Qwen3-8B [65]], all with the same prompt given in Appendix
The first three used public APIs, while the latter two were hosted locally on a 48 GB A6000 GPU.

Embedding Similarity Scoring - Sentence-level embeddings are commonly used in extractive
summarization, and we demonstrate how they can be leveraged to give coverage guarantees. Using a
sentence-level embedding model (e.g. SBERT [54])), distances between all embeddings are computed
to form a graph. Then, one of four aggregation methods is used to produce importance scores:
Cosine Similarity Centrality [53] builds a fully connected similarity graph and assigns importance
as the weighted centrality of a node; Sentence Centrality [27] creates a directed graph where each
sentence’s importance is computed based on similarity to later sentences only; GUSUM [26] creates



Table 1: Dataset Details
Dataset Subset Filtering  Labeling Method |Dca| |Dest| Average Length p Label Positive Rate

ECT All Provided 100 2322 45.6 0.10
CSDS Valid + Test Provided 100 1500 25.5 0.27
CNN/DM 1000 samples SBERT Opt. 100 900 31.0 0.10
TLDR-AIC >1 summary SBERT Opt. 100 1043 40.7 0.06
TLDR-Full >1 summary SBERT Opt. 100 1043 216 0.0014
MTS >1 input sentence GPT-40 mini 100 1029 6.4 0.81

an undirected graph where edges are cosine similarities, and the importance score is augmented
with sentence-level features like position and length; LexRank [22] uses a similar undirected graph
construction, but filters out weak connections, and then applies a PageRank-like algorithm [48] over
node centrality to rank the importance of sentences.

Abstractive Post-processing. Extractive summarization limits the possibility of hallucination, but
may produce text which does not flow smoothly. On the other hand, using LLMs for direct abstractive
summarization does not give precise control over coverage and recall. Abstractive summarization
essentially contains two subtasks: identifying important information, and synthesizing it into a
concise and grammatically correct summary [13}24]. Direct prompting forces the LLM to perform
both tasks at once. We argue that disentangling these subtasks can lead to better information retention,
similar to how retrieval-augmented generation [38]] splits question-answering into the two subtasks of
information retrieval and answer generation.

We propose a hybrid extractive-abstractive pipeline which first identifies important information, then
synthesizes it. First, Conformal Importance Summarization extracts important information from x as
y = Fj(z) with guarantees on coverage and recall. Then, extracted sentences y are passed to an LLM
which is prompted to preserve all information, and only improve conciseness and flow. While there
is no guarantee the LLM will maintain coverage, below we test how successful it can be in practice,
and compare it to pure abstractive summarization. The prompts used are given in Appendix [B]

4 Experimental Setup

Our experiments are designed to validate the conformal guarantee given by Theorem|[I} and compare
Conformal Importance Summarization to existing summarization methods that do not provide
guarantees. We run ablations to understand (i) the influence of both v and j3; (ii) the design of the
importance score function R(c;x); and, (iii) for datasets without explicit ground-truth labels, the
label creation method. Finally, we compare pure abstractive summarization with an LLM to our
hybrid extractive-abstractive approach.

4.1 Datasets

We use 5 datasets to evaluate the performance of our framework: ECTSum [46] contains complete
transcripts from corporate earnings calls, as well as expert-curated extractive summaries at the
sentence level; CSDS [40] is a dataset of Chinese language customer-client conversations. Although
the summaries are abstractive, each conversation has sentence-level labels for use as an extractive
benchmark; CNN/DM [32] covers news sourced from CNN and The Daily Mail with human-written
summary sentences; SCITLDR [11]] consists of summaries of scientific papers sourced from both
authors and peer-reviewers, and we use two versions where the input is either the full text (TLDR-
Full), or just the abstract, introduction, and conclusion (TLDR-AIC); MTS-Dialog [7] is a collection
of doctor-patient conversations and corresponding summaries intended to cover dialogue material.

For each dataset, a random subset (n = 100) of all datapoints is sampled to form the calibration
dataset. All remaining samples form the test dataset, except for CSDS where we use only the
original validation and test sets, and CNN/DailyMail where we use 900 samples to reduce resource
requirements, as shown in Table[I] Other details on dataset preparation are given in Appendix [A]l

While ECTSum and CSDS contain sentence-level labels, the other datasets require them to be
generated by comparing the summary text to the original sentences. For CNN/DM and SciTLDR,
a greedy labeling process based on SBERT [54] embedding cosine similarity is used, which we
describe fully in Appendix [A]with Algorithm[I} Due to the heavy context-dependency of MTS, we
instead queried GPT-40 mini to generate the labels, which tended to classify sentences as important at
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Figure 2: User-specified target coverage 1-« versus average empirical coverage, on ECTSum using
Gemini 2.5 Flash scores. Dashed lines show theoretical bounds given in Theorem[I} Results are
averaged over 400 random splits of calibration and test data.

a higher rate. We share the prompt used in Appendix [B] While neither GPT-based nor SBERT-based
labels would completely match a domain expert’s preferences, it is sufficient to evaluate the theoretical
guarantees and performance of Conformal Importance Summarization.

4.2 Metrics

To evaluate the quality of Conformal Importance Summarization, we use several complementary
metrics. First, independent of the conformal framework, we assess the ranking quality of importance
scores R(c; x) using the area under the precision-recall curve (AUPRC), which evaluates how well
each method distinguishes between important and unimportant sentences. AUPRC captures the
trade-off between conciseness (precision) and completeness (recall).

Second, we evaluate the conformal framework by fixing values for the target error rate o and recall
B, and measuring the proportion of sentences removed, akin to set size in traditional conformal
prediction, which reflects how effectively content is compressed while preserving key information.

Finally, the empirical values of coverage and recall actually acheived are relevant. The recall of a
given summary is B(y; y*) defined in Eq. , while the empirical coverage is binary, computed as
B(y;y*) > [. Both these measures are then averaged over the test set.

4.3 Baselines

No existing methods provide coverage guarantees for extractive summarization. In lieu of such
existing baselines, we implement the several importance scoring methods described in Section [3}
and also compare to the empirical coverage attained by LLMs without our conformal framework.
In particular, we use GPT-40 mini to directly label each sentence as important or not, given the
long-text as context but without access to the ground-truth summary. The prompt we use is provided
in Appendix [B| Whereas Conformal Importance Summarization can provide summaries for any
choice of «, this baseline only provides a single value empirically, with no user control.

For the targeted evaluations of importance functions via AUPRC, we also include the ground-truth
importance rate as a reference point, as it represents the performance of a random scoring function.

5 Results
5.1 Testing the Coverage Guarantee

First, we empirically verify the theoretical guarantees proved in Section [3] We run Conformal
Importance Summarization on the calibration set for a specified « and 3, and measure the empirical
coverage on the test set. The coverage rate should lie between 1 — a and 1 — v + n%rl in expectation,
per Theorem|[I] Since the coverage is a random variable depending on the calibration data, we repeat
the process a total of 400 times with randomized data splits, and average the coverage. Figure
shows results for the ECTSum dataset with Gemini 2.5 Flash scores under several values of o and
5. We see that the average coverage consistently lies between the theoretical bounds, as expected.
Deviations from the bounds are minor, and result from the variance of the coverage random variable.
The same plots for other datasets and scoring functions are shown in Appendix [C.1]
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Figure 4: Target recall 3 vs. proportion of sentences removed (conciseness). Left: Lines indicate
different values for the target error rate & on CSDS. Right: Lines indicate different datasets (o« = 0.1).
Stars indicate the empirical recall and conciseness achieved by GPT-40 mini without conformal
prediction.
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Figure [3] (dashed line) also shows the baseline em- recall B(y; y*) of important sentences in sum-
pirical recall when using GPT-40 mini as a stan- maries, averaged over the CSDS test set. The
dalone extractive summarization tool, as described in  dashed line shows GPT-40 mini performance
Section £3l This demonstrates how our conformal ~Without using conformal prediction.

method allows more fine-grained control over recall and coverage than relying on LLMs directly.
The same plots for other datasets and scoring functions are shown in Appendix[C.2]

High recall alone is not the objective, since summaries also must be concise. Figure [ shows the
proportion of sentences removed as the target recall 3 is varied. Higher /3 values are more conservative
and retain more sentences, while lower values lead to shorter summaries but may miss more important
information. We see that for a given value of 3, higher values of « also result in shorter summaries,
since greater risk tolerance enables more sentences to be removed. These trends are consistent across
datasets and scoring functions, as shown in Appendix [C.3]

Again, we contrast this with the non-conformal baseline shown as stars in Figure[d] Direct extraction
with GPT-40 mini produces more concise summaries than our method for a given recall level, but
offers no control over what that recall level is. In cases where concise summaries are the top priority,
our method allows the user to tune 3 down (or a up) to produce shorter summaries than the baseline.

5.3 Importance Score Function Performance

The efficacy of Conformal Importance Summarization is highly dependent on the design of the
importance score R(c; x). Here we compare the performance of the alternatives described in Section
across datasets. Table 2] (left columns) shows the sample-averaged AUPRC between the scores and
ground-truth importance labels, as well as the dataset positive rate. Gemini 2 and 2.5’s scores perform
the best across all datasets, but GPT-40 mini also demonstrates superior performance compared to
classical NLP methods. Smaller, open-source models still perform admirably compared to NLP
approaches. Constraining GPT-40 mini to output a binary score rather than a float negatively affects
its performance.

Table [2] (right columns) shows the performance of different score functions as measured by the
proportion of sentences removed with « = 0.2 and § = 0.8. Once again, the Gemini models and
GPT-40 mini generally perform the best by having the greatest reduction in length for this level of
coverage. One example summary with filtered and retained sentences is shown in Figure[3}



Table 2: Performance comparison of importance scoring methods. Left: AUPRC of importance
rankings compared to ground truth. AUPRC of the original article indicates the proportion of all
sentences labeled as important. Right: Conciseness of summaries (proportion of sentences removed)
under Conformal Importance Summarization with « = 0.2 and 3 = 0.8. Higher is better.

Importance Score AUPRC 1 Proportion of Sentences Removed 1

ECT CSDS CNN/DM TLDR-AIC TLDR-Full MTS|ECT CSDS CNN/DM TLDR-AIC TLDR-Full MTS
Original Article [0.10 027 0.10 0.06 0.014 0.81 10.00 0.00 0.00 0.00 0.00 0.00
Cos. Sim. Centrality |0.22 0.34 0.34 0.35 0.14 0.86|0.22 0.11 0.18 0.29 0.5 0.18
Sentence Centrality | 0.14 0.34 0.29 0.28 0.09 0.86 | 0.17 0.08 0.22 0.30 0.50 0.10
GUSUM 021 044 0.33 0.21 0.09 0.90 | 0.11 0.24 0.27 0.15 0.20 0.13
LexRank 022 043 0.32 0.32 0.14 f o016 012 0.20 0.37 0.35 w4
GPT-40 mini (binary) | 0.12 0.34 0.13 0.08 0.02 0.83]0.24 0.22 0.26 0.22 0.28 0.08
GPT-40 mini 030 0.49 0.34 0.33 0.20 093]0.24 0.25 0.30 0.40 0.26 0.16
Llama3-8B 0.18 039 0.22 0.15 0.05 0.92|0.13 0.11 0.14 0.11 0.17 0.14
Qwen3-8B 0.17 038 0.22 0.16 0.04 091]0.13 0.11 0.09 0.14 0.12 0.22
Gemini 2.0 Flash-Lite | 0.35  0.68 0.42 0.39 0.25 0.95 | 0.28 0.46 0.25 0.40 0.45 0.13
Gemini 2.5 Flash 043 0.69 0.36 0.34 0.24 0.94 10.37 049 0.26 0.41 0.47 0.14

We shifted our financial forecast for prioritizing cash and liquidity given the uncertainties and we delivered
another year of outstanding cash flow, our fourth consecutive year of cash flow greater than $1 billion. In
addition, in our 2020 Sustainability Report, we committed to the ambitious goals of reducing our Scope 1and
2 greenhouse gas emissions by one-third by 2030 and achieving carbon neutrality by 2050. As-a+esutEBHF
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When we put this together, we expect our 21 adjusted earnings per share will increase between 20% and
30% compared to 2020. HHp-the-first ter-of 20206; HRES-per-shr B
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Eastman, we expect '21 to be our fifth consecutive year of free cash flow above $1 billion. Over the next two
years, Eastman will invest approximately $260 million in the facility, which will support Eastman's
commitment to addressing the global waste crisis and mitigating challenges created by climate change, while
also creating value for shareholders. Using the company's polyester renewal technology, this new facility will
use 110 kmt [Phonetic] of plastic waste to produce premium high-quality specialty plastics made with
recycled content. This will not only reduce the company's use of fossil fuels feedstocks, but it will also
reduce our greenhouse gas emissions by 20% to 30%.
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Figure 5: Example of Conformal Importance Summarization using Gemini 2.5 Flash scores. Left:
Ground-truth summary sentences in blue; text with a strikethrough indicates sentences filtered out by
Conformal Importance Summarization (« = 0.2, 8 = 0.8). On this example, all important sentences
were retained (B(y;y*) = 1) while 36% of all sentences were filtered out. Right: Sentence-wise
importance scores R(c; ) compared to the conformal threshold § (dashed line).

5.4 Ablations

First, we perform ablations over the labeling method for datasets lacking explicit ground truth.
Specifically, in Appendix [C.4 we test ROUGE-1, -2, and -L scores [39] instead of SBERT cosine
similarity, in conjunction with Algorithm|I]to create importance labels, then re-evaluate AUPRC and
conciseness performance for all importance scoring methods. Aside from small changes in the scores,
the performance trend is similar, and no fundamental difference in our conclusions would have been
made with another labeling method.

Our method relies on a labeled calibration set which could be expensive to curate. In Appendix [C.3]
we perform an ablation over the calibration set size n. Compared to n = 100 used throughout this
work, having as few as 50 labeled examples can still produce comparable results.

5.5 Comparison to Direct Abstractive and Hybrid Extractive-Abstractive Summarization

Next, we evaluate existing LLMs prompted to directly summarize text while retaining at least a
fraction 3 of important information. To give these models guidance on what information is considered
important, we add 10 examples from the calibration set to the prompt, enabling in-context learning
[9]. We also test our proposed hybrid pipeline from Section[3|where an LLM starts with our extractive
summary and is prompted to retain all information. If successful, this would preserve the empirical
coverage level, while improving paragraph flow and potentially shortening the text further. We use
Gemini 2.5 Flash for the extractive component, as it showed the strongest results in Table[2] and test
GPT-40 mini as the abstractive model (similar plots for Gemini 2.5 Flash are given in Appendix [C.6).

Unlike extractive summarization, in abstractive summarization determining whether the important
aspects of a ground-truth sentence have been preserved is subjective. Hence, we use a proxy for recall
B(y;y*) based on semantic entailment: each ground-truth important sentence in y* is compared to

“LexRank’s bag of words embedding step fails on this dataset, hence no scores are available.
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Figure 6: Comparison between extractive summarization with our method, abstractive summarization
with an LLM, and our hybrid proposal on ECTSum. Here the target coverage is 1 — o = 0.8, the
conformal approach uses Gemini 2.5 Flash scoring, and the abstractive model is GPT-40 mini.

the generated summary y using an LLM-based evaluator to check if the important aspects of the
sentence have been retained. In practice we use GPT-40 mini with prompts given in Appendix [B]

In Figure[6]using ECTSum we first observe that direct prompting to retain a fraction 5 of important
information is not effective, achieving coverage on only 55-70% of summaries. While the hybrid
approach has lower coverage than conformal alone, it greatly outperforms direct prompting. Notably,
its improved recall and coverage are achieved with the same level of conciseness as direct prompting.
We attribute this to how the hybrid approach separates out the two subtasks of identifying important
information, and synthesizing it into a concise summary. Perhaps surprisingly, we note that direct
prompting for different levels of 5 does give some level of control over recall.

6 Conclusions and Limitations

Our results show that Conformal Importance Summarization provides distribution-free coverage
guarantees for extractive summarization. It allows integration with both LLMs and classical NLP
techniques to achieve flexible and reliable summary generation with control over the tradeoff between
completeness and conciseness. Furthermore, we show that these results hold with a variety of
importance scores and labeling methods, which could reflect different user preferences for importance.

Our experiments suggest that recent LLMs are well-suited to judge sentence-level importance. LLMs
prompted to directly judge importance can achieve higher sentence removal rates than our conformal
method for a single recall level, but do not provide any control over the desired recall or conciseness.
An LLM prompted to directly summarize inputs while retaining all important information tends to
produce very concise summaries, but with much lower coverage and recall than requested. Separating
the subtasks of judging importance and synthesizing information greatly improves recall without
sacrificing conciseness. Since we did not perform extensive prompt tuning, we suspect that greater
performance could be achieved with our method through tuning, or through reasoning models such
as Deepseek-R1 [30].

While our benchmark suite spanned the domains of finance, customer service, news, science, and
medicine with both English and Chinese examples, we note that it only contained two datasets with
explicit ground-truth labels for extractive summarization, while the other three datasets required
label refinement. Our datasets are somewhat limited in maximum length - with the exception being
SciTLDR-Full at an average length of 216 sentences. Meanwhile, electronic health records may
exceed 200,000 words [19]. Implementing Conformal Importance Summarization for such a problem
would be a valuable step towards validating its practical utility and establishing standards for « and 5.

Towards the goal of summarizing longer documents, it is possible to extend our framework to spans
of text other than sentences, which we focused on for convenience. Simply break the long-text into
spans, score their importance, and filter out spans with scores lower than the calibrated threshold.
For example, paragraph-sized spans would reduce the number of spans that need to be scored for
long documents. Due to the lack of existing datasets with long documents and labeled extractive
summaries at the paragraph level, we have not performed these experiments.

Future work could extend our framework to more general forms of labels. One possibility is
to perform extractive summarization with non-binary labels, such as an annotator’s Likert scale
rating of importance, and provide guarantees of including sentences with a specified fraction of
the total importance weight. A more ambitious goal is to extend the framework fully to abstractive
summarization. This would enable us to better leverage LLMs’ natural abstractive capabilities, allow
better evaluations on a wide range of datasets, and provide more natural sounding summaries.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We provide evidence supporting each claim made in the abstract and introduc-
tion.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Section [f] outlines the limitations that affect our proposed method. Other
limitations and the choices we made to surmount them are outlined throughout the text.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: Full proofs are provided in the main text.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We disclose full details on the selection and processing of datasets, algo-
rithm used to producing labels, scores, thresholds, and selections of sentences for the final
evaluation. Datasets are publicly available.

Guidelines:

» The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Our codebase is available at github.com/layer6ai-labs/conformal-importance-
summarization. Datasets are publicly available.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: All experimental details are disclosed in Section[d]and Appendix [Al
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: While error bars and statistical analysis are preferred, we were not able to
provide them on all experiments due to the cost associated with rerunning experiments that
utilize commercial LLMs. Select experiments do come with error bars.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Computational costs for conformal prediction are negligible and not a barrier
to reproduction. The other computational costs come from LLM inference for which we
used commercial APIs, and locally hosted open-source models run on an A6000 GPU with
48 GB of memory.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines)?

Answer: [Yes]
Justification: Our research conforms with the Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Summarization is a standard NLP task performed by Al and non-Al means -
our method does not introduce new negative societal impacts. Benefits are discussed in the
motivation.
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11.

12.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We do not release models or data with a high risk of misuse.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We cite the creators of all models and datasets we use.
Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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13.

14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Our code has been released at |github.com/layer6ai-labs/conformal-importance-
summarization, including documentation.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: We do not use human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: We do not use human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: Our uses of LLLMs are standard.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Additional Experimental Details

A.1 Dataset Processing Details
Some modifications were required to make datasets amenable to our extractive summarization setting.

* TLDR-AIC: We selected the Abstract-Introduction-Conclusion subset to provide an appropriate
amount of input context for summarization. A large portion of this dataset consists of single-
sentence summaries. We focus on samples where multiple versions of single-sentence summaries
have been written from different perspectives (e.g. author, reviewer), a total of 1143 samples, and
pool those sentences into a single summary as the ground truth.

* TLDR-Full: This version of SciTLDR uses the full text of a scientific paper as the input, making
inputs much larger and summaries a much smaller fraction of the long-text. Otherwise, processing
is the same as TLDR-AIC.

* MTS-Dialog: This dataset contains question and answer-style conversations between doctors
and patients. Hence, certain sentences require context for correct interpretation. To accommodate
this, each question from the doctor and all subsequent patient responses were merged into a single
sentence unit, following the pattern "Doctor: questions. Patient: answers". If a sample input
contained two or fewer sentences after this merge, the entire sample is removed from the dataset;
1129 samples remained after this filtering.

Dataset Licenses ECT is released under a GNU GPL license. CSDS is provided for use without
a specific license. CNN/DM and SciTLDR are both released under an Apache-2.0 License. MTS-
Dialog is released under a Creative Commons Attribution 4.0 International license. Hence, our usages
of these five datasets are permissible under their respective licenses.

A.2 Greedy Optimization for Extractive Summarization Labeling

The following greedy oracle labeling method is used to provide sentence-level importance labels for
datasets that lack sentence-level ground-truth annotations. All we require is that a reference summary
r be available, which could be abstractive rather than extractive. The output of the algorithm is an
extractive summary that can be used as ground truth y* in Conformal Importance Summarization.
First, for a long-text x we compute a similarity score V' between each sentence c¢; and the reference
summary, then sort sentences by score in descending order. We then iterate through the ranked
sentences in a greedy manner and add them to the extractive summary if the overall similarity of the
combined extractive summary to r increases by at least 5. Mathematically, if the current extractive
summary is g%, with similarity to r of V' (yZ,.; ), the sentence ¢; is added to yZ,,, if

V(y:urr U {ci}; T) - V(yc*urr; T) > 0. (16)

After one iteration through the sentences in x, we return ¥, to be used as the ground truth extractive
summary y*. This process is depicted in Algorithm I]

Algorithm 1: Greedy Optimization for Extractive-Summarization Labeling

Input: Sentences z = [c1, ..., ¢p|, reference summary r, scoring function V'(-; -), threshold ¢
Output: Extractive summary y*
Compute v; = V(¢;; ) for all ¢;
Sort indices by descending v giving the permutation © = [y, ..., 7,];
Yeur 0
Veurr <= 0
forj =1topdo
14— Ty
A« V(y:urr U {ci}; T) — Veurrs
if A > 4 then
y:urr — y:urr U {Ci};
Veur < Veurr + 45
return yJ,,.
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B LLM Prompts

Ground Truth Labelling. To generate LLM-based ground-truth labels for important sentences in
extractive summarization where sentence-level labels were not available, we provided input sentences
as separate strings to GPT-40 mini, along with the existing summary text from the dataset. The
prompt in Listing 1| was used to produce a list of ground-truth labels corresponding to each input
sentence.

Evaluate whether each input claim is included in the summary text. The output labels
, corresponding to each input claim, should be either 0 or 1, indicating
whether the corresponding claim, or the information it carries, is indeed
included in the actual summary. For example, if claim_1’s information is
contained in the summary, then label_1 should be 1; if information carried in
claim_3 cannot be found in the summary text, then label_3 should be O.

Summary text:
{summary_text}

List of claims:
{[claim_text]}

Listing 1: System Prompt for Creating Sentence-Level Ground-Truth Labels

Importance Scoring. To generate LLM-based scores R(c;;y*) for Conformal Importance Summa-
rization, the source text was provided to an LLM along with the individual sentences from that text as
separate strings. The prompt in Listing|2| was used to produce a list of importance scores between 0
and 1 corresponding to each input sentence.

Please evaluate the importance of each input claim in the original text, based on
how the information carried in the claim is aligned with the overall message.
Please provide a importance score for EACH input claim. Each output score
should be a two decimal float number ranged between 0O and 1, indicating how
important the corresponding input claim is in the context of the text document.

For example, if claim 1’s information is highly aligned with that of the input
text, and very likely to be included in the summary, then score 1 should be
close to 1, say greater than 0.8; if information carried in claim 3 is trivial
or only remotely related to the central message of the text, and is not worthy
of inclusion in the summary, then score 3 should be close to 0, say less than
0.2.

Original text:
{original_text}

List of claims:
{[claim_text]}

Listing 2: System Prompt for Creating Importance Scores

We also experimented with prompting the LLM to give binary scores R(c;; y*), rather than floats.
The prompt in Listing |3| was used to produce a list of importance scores corresponding to each input
sentence as above.

Evaluate the importance of each input claim in the original text, based on how the
information carried in the claim is aligned with the overall message. Please
provide a binary importance score for EACH input claim. Each output score
should be either O or 1, indicating whether the corresponding input claim is
important enough in the context of the text document to be included in the
summary. For example, if claim 1’s information is highly aligned with that of
the input text, and very likely to be included in the summary, then score 1

24




should be 1; if information carried in claim 3 is trivial or only remotely
related to the central message of the text, and is not worthy of inclusion in
the summary, then score 3 should be O.

Original text:
{original_text}

List of claims:
{[claim_text]}

Listing 3: System Prompt for Creating Importance Scores with Binary Restriction

Direct Abstractive Summarization. We tested the ability of instruction-tuned LLMs to directly
create abstractive summaries that retain a specified fraction 5 of important information. To guide
the LLM as to what type of information was important for a given dataset, ten examples from the
calibration dataset were provided to enable in-context learning [9].

Here are examples of what constitutes important information to include in the
summary :

{examples_text}

Create an abstractive summary of the following text.
Requirements:

- Aim to retain at least {betal}’ of the important information

- Use your own words and phrasing (abstractive, not extractive)

Input text to summarize:
{input_text}

Listing 4: System Prompt for Direct Abstractive Summarization

Hybrid Extractive-Abstractive Summarization. To disentangle the subtasks of importance assess-
ment and summary synthesis, we applied abstractive summarization with an LLM as a post-processing
step after Conformal Importance Summarization. The abstractive step used the following prompt that
specifies all information should be retained from the extractive summary input.

Requirements:
- Use more concise language to make the text shorter
- Retain all of the information from the input text

- Improve flow, coherence, and readability
nnn

Listing 5: System Prompt for Abstractive Summarization as a Post-Processing Step

Sentence-level Recall Estimation. Unlike for extractive summaries, determining if an abstractive
summary has retained a specific piece of important information requires a judgement call. Hence,
we estimated recall of sentence-level information using GPT40-mini prompted to determine if the
content of a sentence is retained in an abstractive summary.

You will be given an important sentence from the original text and a generated
summary. Your goal is to determine whether the important sentence given is
retained in the generated summary.

Important sentence:
{important_sentence}

Generated summary:
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{summary}

Output True if the important sentence is retained in the generated summary. Output

False otherwise.
nnn

Listing 6: System Prompt for Determining if a Ground-truth Important Sentence is Retained in an
Abstractive Summary

C Additional Experimental Results

C.1 Coverage Plots for all Datasets and Methods

To supplement the results in Section[5.1] here we show the empirical coverage obtained by all methods
across all datasets. This confirms that all numerical comparisons in our work are fair in that they all
achieve the expected coverage level. In Figures [7]-[I1]we shows plots analogous to Figure[2]in the
main text. All parameters are identical to that in the main text. We see a similar trend where nearly
all datapoints fall within the bounds for all plots, with occasional small deviations due to the inherent
randomness involved and finite sample sizes.
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Figure 7: User-specified probability of achieving coverage (1-«) vs. empirical probability of achieving
coverage, on the CNN/DM dataset. Dashed lines show theoretical bounds given in Theorem[I] Results
are averaged over 400 random splits of calibration and test data.
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Figure 8: User-specified probability of achieving coverage (1-«) vs. empirical probability of achieving
coverage, on the CSDS dataset. Dashed lines show theoretical bounds given in Theorem|[I} Results
are averaged over 400 random splits of calibration and test data.
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Figure 9: User-specified probability of achieving coverage (1-«) vs. empirical probability of achieving
coverage, on the TLDR-AIC dataset. Dashed lines show theoretical bounds given in Theorem [I]
Results are averaged over 400 random splits of calibration and test data.
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Figure 10: User-specified probability of achieving coverage (1-«) versus empirical probability of
achieving coverage, on MTS dataset. Dashed lines show theoretical bounds given in Theorem [I]
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30



Empirical vs Theoretical Coverage (ECT) Difference in Coverage (ECT)

Empirical vs Theoretical Coverage (ECT) Difference in Coverage (ECT)

gl oo 3 - —
§ . H g g
g § g H
g g 3 2
2 Themema\ Bounds s < Theorencal Bounds -
£ & £ J
" TargetCoverage (1-a@) : Target Coverage (1 - o T Thrget Coverage (1- 0) - : Target Coverage (1 - a) ;
Empirical vs Theoretical Coverage (ECT) . Difference in Coverage (ECT) Empirical vs Theoretical Coverage (ECT) Difference in Coverage (ECT)
Qo 7 B Qo 3
S £ & £
£.|— g £ — g
S oot Bunds £ S Freovenca sounds £
5- 3 3
.. 2 . 2.
™ Target Coverage (1 - o) N - Torget Coverage (1-a) - Torget Coverage 1-0) Target Coverage (1- @)
(¢) GUSUM (d) LexRank
Empirical vs Theoretical Coverage (ECT) Difference in Coverage (ECT) Empirical vs Theoretical Coverage (ECT) Difference in Coverage (ECT)
Qo B Qo Ehe
3 £ & s ]
l’v.. g m“, B
s Soeareca e £ g rearetc! g s
g 3 g 3
" TagetCoverage1-a) Trget Coverage (1 - o) " TagetCoverage(1-a) Target Coverage (1 - a) ;
(e) GPT-40 mini (f) Llama 3
Empirical vs Theoretical Coverage (ECT) Difference in Coverage (ECT) Empirical vs Theoretical Coverage (ECT) . Difference in Coverage (ECT)
o 3 @ 3"
g H g H
§ g g s.
3 2 3 2
< Theoreuca\ Bounds Fo < Theorencal Bounds Ko
£ g ] g
3 - 3

Target Coverage (1 - a) Target Coverage (1 - a)

(g) Qwen 3

Empirical vs Theoretical Coverage (ECT)

Target Coverage (1 - a)

(h) Gemini 2.0 Flash-Lite

Difference in Coverage (ECT)

Target Coverage (1 - o)

wl po10
B =095

@
&
Gon
3
S

Target Coverage (1 - o)

— B=10
= B=095 =
—— =085
— B=075

Target Coverage (1 - )

(i) Gemini 2.5 Flash

Figure 11: User-specified probability of achieving coverage (1-av) vs.
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achieving coverage, on the ECT dataset. Dashed lines show theoretical bounds given in Theorem ]
Results are averaged over 400 random splits of calibration and test data.
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C.2 Error Rate vs. Recall Plots for all Datasets and Methods

Figures|12|-|16|show the empirical recall B(y;y*) based on the choice of error rate « for all datasets
and methods’] analogous to Figurein Section The trend is similar, with higher « leading to
lower recall of important content. We notice that for TLDR-AIC and CNN/DM, many of the lines
for different 5 values overlap one another. This may be due to the low number of sentences in the
long-texts for these datasets, making some 3 values effectively equivalent for those x.

>Due to computational constraints, we only compute this plot for LexRank on the CNN/DM dataset
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Figure 12: Target error rate « versus empirical recall B(y; y*) of important sentences in summaries,
averaged over the CNN/DM test set. The dashed line shows GPT-40 mini performance without
using conformal prediction. Several curves may overlap when there are only a few discrete levels of
empirical recall possible, making some values of /3 equivalent.
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Figure 14: Target error rate «v versus empirical recall B(y; y*) of important sentences in summaries,
averaged over the TLDR-AIC test set. The dashed line shows GPT-40 mini performance without
using conformal prediction. Several curves overlap because all datapoints in TLDR-AIC contain a
small number of ground-truth sentences, meaning there are only a few discrete levels of empirical
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Figure 15: Target error rate v versus empirical recall B(y; y*) of important sentences in summaries,
averaged over the MTS test set. The dashed line shows GPT-40 mini performance without using
conformal prediction. Several curves may overlap when there are only a few discrete levels of
empirical recall possible, making some values of /3 equivalent.
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C.3 Target Recall vs. Conciseness Plots for all Datasets and Methods

Figures[I7]-[20] show the conciseness, the proportion of sentences removed, based on the choice of 3
for all datasets and methodﬂ analogous to Figurein Section Once again, the trend is highly
similar across settings, with higher § leading to a smaller reduction in length.

Due to computational constraints, we only compute this plot for LexRank on the CNN/DM dataset
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Figure 17: Target recall 3 vs. proportion of sentences removed (conciseness). Lines indicate different

values for the target error rate & on CNN/DM.
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Table 3: Performance comparison of importance scoring methods, measured in AUPRC of claim
rankings compared to ROUGE-1/2/L based ground truth labels. Higher is better.

Importance Score ROUGE-1 ROUGE-2 ROUGE-L
CNN/DM TLDR-AIC |CNN/DM TLDR-AIC | CNN/DM TLDR-AIC

Dataset Positive Rate |  0.10 006 | 0.10 006 | 0.10 0.06
Cos. Sim. Centrality 0.13 0.30 0.27 0.26 0.31 0.29
Sentence Centrality 0.28 0.27 0.24 0.24 0.27 0.27
GUSUM 0.31 0.19 0.30 0.18 0.30 0.19
LexRank 0.32 0.30 0.28 0.26 0.32 0.28
GPT-40 mini (binary) 0.13 0.08 0.13 0.08 0.13 0.08
GPT-40 mini 0.38 0.37 0.34 0.32 0.37 0.33
Llama3-8B 0.23 0.18 0.21 0.16 0.24 0.19
Qwen3-8B 0.23 0.20 0.22 0.17 0.23 0.20
Gemini 2.0 Flash-Lite |  0.42 0.40 0.38 0.39 0.40 0.38
Gemini 2.5 Flash 0.35 0.36 0.32 0.34 0.34 0.36

Table 4: Performance comparison of importance scoring methods, measured in conciseness of
summaries (proportion of sentences removed) under Conformal Importance Summarization compared
to ROUGE-1/2/L based ground truth labels. Higher is better.

Importance Score ROUGE-1 ROUGE-2 ROUGE-L
CNN/DM TLDR-AIC | CNN/DM TLDR-AIC | CNN/DM TLDR-AIC

Original Article | 0.00 0.00 | 0.00 0.00 | 0.0 0.00
Cos. Sim. Centrality 0.22 0.24 0.23 0.12 0.21 0.22
Sentence Centrality 0.22 0.20 0.25 0.22 0.19 0.22
GUSUM 0.21 0.07 0.32 0.10 0.18 0.07
LexRank 0.17 0.26 0.17 0.29 0.16 0.25
GPT-40 mini (binary) 0.26 0.22 0.26 0.22 0.26 0.22
GPT-40 mini 0.32 0.25 0.33 0.28 0.29 0.21
Llama3-8B 0.25 0.27 0.31 0.37 0.27 0.27
Qwen3-8B 0.07 0.06 0.15 0.08 0.11 0.08
Gemini 2.0 Flash-Lite | 0.11 0.09 0.09 0.10 0.09 0.11
Gemini 2.5 Flash 0.22 0.28 0.30 0.31 0.22 0.29

C.4 ROUGE Score-based Ground Truth Performance

Table 3|and A respectively show the AUPRC and conciseness of summaries when we test our methods
using labels generated from ROUGE scores, rather than cosine similarity, using Algorithm[I] Since
we only use this algorithm for CNN/DM and SciTLDR, we only display results for CNN/DM and
TLDR-AIC.

The results are similar to using cosine similarity: Gemini 2.0 Flash-Lite once again performs best
in terms of AUPRC, and Gemini 2.5 Flash still performs very well in terms of sentence reduction
length. The best numerical values for AUPRC and conciseness on each dataset are also comparable
to the cosine similarity-based ground truth from Table 2]

C.5 Ablation over Calibration Set Size

Throughout the paper, we used a fixed calibration set size of n = 100 samples to demonstrate that the
method can operate with very little labeled data. However, in some regimes the availability of labeled
data can be extremely limited, so in this section we test our method with even fewer calibration
datapoints.

The effect of calibration dataset size in conformal prediction is well understood theoretically; the
coverage guarantee is famously “valid in finite samples”, meaning that it holds statistically for any
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Table 5: Ablation of empirical coverage over calibration dataset size n.

Target Coverage Mean Standard Deviation
l-a n=20 n=50 n=75 n=100n=25 n=50 n=T75 n=100
0.60 0.61 0.61 0.60 0.61 0.09 0.07 0.05 0.05
0.65 0.65 0.67 0.66 0.65 0.09 0.07 0.06 0.05
0.70 0.73 0.71 0.71 0.70 0.09 0.06 0.05 0.05
0.75 0.77 0.77 0.75 0.75 0.09 0.06 0.05 0.05
0.80 0.81 0.81 0.80 0.80 0.08 0.05 0.05 0.04
0.85 0.89 0.86 0.86 0.85 0.06 0.05 0.04 0.04
0.90 0.92 0.90 0.91 0.90 0.05 0.04 0.03 0.03
0.95 0.96 0.96 0.96 0.95 0.04 0.03 0.02 0.02

Table 6: Ablation of summary conciseness (proportion of sentences removed) over calibration dataset
size n. Results are taken over 20 random calibration/test splits.
n  Mean Std
25 028 0.09
50 031 0.08
75 032 0.08
100 0.33  0.05

finite calibration dataset. In practice, n controls the variance of the coverage viewed as a random
variable over the calibration data. For a textbook-style explanation of these details, see Section 3.2 of

[2]].

We match the experimental setting of Figure [2] which uses 8 = 0.8 and the Gemini 2.5 Flash scoring
function to generate results on the ECTSum dataset, shown in Table[5} As guaranteed by Theorem I}
the empirical coverage is no less than 1 — « for all values of n. Lower values of n tend to overshoot

the minimum coverage 1 — « by a bit more, because the upper bound of 1 — o + n}rl becomes
looser with n, but we still find all values within theoretical bounds (for example, ﬁ =~ 0.04, and

ﬁ ~2 0.02). The primary reason to increase n is to reduce the variance of the empirical coverage
so that it is less likely any given instantiation has lower than expected coverage.

Given that we find the coverage guarantee to be satisfied, we can also check the main metric of our
method’s performance: the conciseness of summaries it produces (as the proportion of sentences
removed). In Table [6] we find little difference in the performance when using 50 to 100 samples,
although variance is increased on smaller datasets. Overall, this ablation demonstrates that our
method is applicable in the very low labeled data regime.

C.6 Direct Abstractive and Hybrid Extractive-Abstractive Comparison

Here we provide additional plots using the same settings as in Section [5.5] Figure 22] shows the
comparison between extractive summarization with our conformal method, abstractive summarization
with an LLM, and our hybrid proposal of applying abstractive summarization to our extractive sum-
mary, this time with Gemini 2.5 Flash used for both conformal scoring, and abstractive summarization.
The results are highly comparable to Figure [6]
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Figure 22: Comparison between extractive summarization with our method, abstractive summariza-
tion with an LLM, and our hybrid proposal on ECTSum. Here the target coverage is 1 — o = 0.8,

the conformal approach uses Gemini 2.5 Flash scoring, and the abstractive model is also Gemini 2.5
Flash.
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