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Abstract
Lay summaries for scientific documents typ-
ically include explanations to help readers
grasp sophisticated concepts or arguments.
However, current automatic summarization
methods do not explicitly model explanations,
which makes it difficult to align the proportion
of explanatory content with human-written
summaries. In this paper, we present a
plan-based approach that leverages discourse
frameworks to organize summary generation
and guide explanatory sentences by prompt-
ing responses to the plan. Specifically, we
propose two discourse-driven planning strate-
gies, where the plan is conditioned as part
of the input or part of the output prefix,
respectively. Empirical experiments on three
lay summarization datasets show that our ap-
proach outperforms existing state-of-the-art
methods in terms of summary quality, and
it enhances model robustness, controllability,
and mitigates hallucination. The project in-
formation is available at https://dongqi
.me/projects/ExpSum.

1 Introduction

In the domain of lay summarization for scientific
documents, the inclusion of explanatory content
is beneficial for improving readability and acces-
sibility, particularly when dealing with difficult
concepts or complicated statements (Srikanth and
Li, 2021; August et al., 2022; Luo et al., 2022;
Goldsack et al., 2022). As an example, consider
the target sentence being explained (highlighted
in orange ) within the lay summary in Figure 1. It
describes the role of the cerebellum (a similar sen-
tence can be found in the source document, also
highlighted in orange ) and is accompanied by
an explanation highlighted in green , which com-
pares the cerebellum to a coach. This analogy,
which illustrates how the cerebellum adjusts the

∗ This work was conducted during the research visit at the
University of Edinburgh.

timing of actions based on previous movements,
makes the preceding technical description easier
to understand. Using simpler vocabulary or shorter
sentences can make the summaries easier to read,
but could also lead to misinterpretations (Liu and
Demberg, 2023; Han et al., 2023; Wu et al., 2023b;
Hewett et al., 2024). Thus, explanations are often
used to avoid this, balancing accessibility with
accuracy and cognitive load (Oksa et al., 2010).

Empirical analysis of lay summaries supports
the observation that explanations are common-
place. Specifically, by using a discourse parser
(Liu et al., 2020, 2021) to identify explanations in
the eLife and PLOS (lay summarization) datasets
(Goldsack et al., 2022), we find that explanations
account for approximately 19.02% and 18.19%
of summary sentences, respectively. This propor-
tion of explanations in lay summaries is three
times higher than in expert summaries (6.28%
and 5.06%) and nearly four times greater than in
the original academic papers (5.16% and 4.76%).
In other words, explanations are significantly
more common than other discourse relations like
Condition and Purpose. This underscores their
importance in structuring lay summaries and
enhancing text accessibility.

Most lay summarization models follow an
end-to-end approach (Goldsack et al., 2022; Liu
et al., 2022; Goldsack et al., 2023; Liu et al., 2024)
without explicitly accounting for explanations. As
a result, explanations are often underrepresented
in generated summaries, which in turn may be the
reason why generated summaries lack the clarity
and readability found in human-produced ones
(Guo et al., 2021b; Goldsack et al., 2023; Tang
et al., 2023; Liu and Demberg, 2023; Zhang et al.,
2024; Wang et al., 2025). In this paper, we develop
neural models that are capable of generating lay
summaries with controlled explanatory content.
We achieve this by planning the content of the
summary, thus directly steering the model towards
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Figure 1: An excerpt of a source document paired with
its summary (bottom); the explanatory sentence and its
target are highlighted in green and orange , respec-
tively. The RST tree (top) for the text corresponding
to the two sentences shows they are linked by the
rhetorical relation Elaboration.

generating explanations. Plan-based models are a
suitable type of approach for lay summarization, as
they are less prone to hallucinations, offer greater
controllability (Puduppully et al., 2019; Narayan
et al., 2021; Moryossef et al., 2023; Narayan et al.,
2023; Huot et al., 2023, 2024; Liu et al., 2025),
and can be flexibly adapted to different generation
tasks depending on how plans are formulated.

Our method conceptualizes plans as a series of
questions that trigger explanatory content, with
their strategic placement learned from training
data. This placement is not arbitrary; rather,
it reflects where human writers tend to insert
explanations to clarify complex claims or find-
ings. Importantly, our approach not only models
where to explain, but also what is being explained
and how—e.g., through analogy, background, or
causal reasoning. In addition, evaluating such
explanations remains challenging, as automatic
consistency detection metrics often misclassify
useful additions as hallucinations (Cao et al.,
2022). To address this, we incorporate exter-
nal knowledge verification, but acknowledge that
finer-grained human or LLM-based judgments are
still needed for nuanced evaluation.

A common challenge with plan-based models
is the scarcity of datasets with plan annotations.
As a result, plans are often reverse-engineered
from existing reference summaries through auto-
matic means, e.g., by identifying entities (Narayan
et al., 2021; Huot et al., 2024) or generating ques-
tions and their answers (Narayan et al., 2023). Our
approach draws inspiration from Rhetorical Struc-
ture Theory (RST; Mann and Thompson 1987).
RST represents texts as trees (see Figure 1), where
the leaves correspond to Elementary Discourse
Units (EDUs) and the nodes specify how these
and larger units are connected through rhetorical
relations (e.g., Elaboration). Discourse units are
further characterized in terms of their text impor-
tance: nuclei represent central segments, whereas
satellites denote peripheral ones. As depicted in
the upper part of Figure 1, EDUj acts as a satellite
to EDUi, supplying an explanation.

We automatically generate plans from refer-
ence summaries annotated with RST trees (Liu
et al., 2020, 2021). We hypothesize that explana-
tory EDUs answer latent questions (Beaver et al.,
2017), which we verbalize. Our plans are designed
to pose these latent questions, but we do not state
the answers explicitly (see Figure 2). We develop
two model variants that differ in how they integrate
planning in the summarization process, with plans
either included as part of the source document or
as part of the target summary. Empirical results
using Mistral (Jiang et al., 2023) as backbone
confirm that our discourse-driven planning ap-
proach significantly improves the quality of lay
summaries but also has the potential to control
the generation of explanatory content to a certain
extent. Our key contributions are as follows:

• We introduce the task of explanatory sum-
marization, which aims to generate lay
summaries with controlled explanations.

• We propose two discourse-driven models that
generate lay summaries without requiring
manual annotations. Empirical results show
improvements in summary quality and better
alignment with human performance.

• Both qualitative and quantitative analyses
indicate that our models mitigate content
hallucinations and enhance factual accuracy.
However, a gap still exists compared to
human performance.
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Figure 2: We use DMRST (Liu et al., 2021) to extract explanatory (e) EDUs and their target (t) EDUs from
reference summaries, and then feed this data into GPT-4o to generate plans (b).

2 Related Work

Lay Summarization Lay Summarization in-
volves transforming complicated scientific texts
into accessible summaries for non-experts, thereby
enhancing public understanding of scientific
research. Existing investigations have tackled sev-
eral challenges, such as creating datasets and
developing task-specific models. Chandrasekaran
et al. (2020) pioneered the task of scientific lay
summarization, while follow-up work focused
on the development of larger datasets, includ-
ing CDSR (Guo et al., 2021b), eLife, PLOS
(Goldsack et al., 2022), and SciNews (Liu et al.,
2024). Methodological advancements include in-
tegrating domain-specific knowledge graphs with
encoder-decoder models (Goldsack et al., 2023)
and developing methods like ATLAS (Zhang
et al., 2024), which facilitate the generation of
summaries with varying degrees of accessibility
for lay audiences. However, none of the existing
approaches emphasize discourse-driven mecha-
nisms for modulating summary content, nor do
they focus on evaluating the quality or proportion
of explanatory content.

Interactive Summarization Interactive Sum-
marization refers to the process of enabling users

to engage with and influence the summarization
process through interactive interfaces (Costa et al.,
2018; Guo et al., 2021a; August et al., 2023; Kim
an dLee, 2019; Fok et al., 2024). For example,
August et al. (2023) introduced an interface that
provides localized plain-language key points, def-
initions, and question-based navigation, allowing
users to explore medical research more effec-
tively. Similarly, Fok et al. (2024) proposed a
design for recursively expandable abstracts, where
users can click on keywords or phrases to access
system-generated text and citation links. While
interactive summarization is not the focus of our
work, it is worth pointing out that users could
choose to modify the plan and influence the
generation process.

RST in Summarization Rhetorical Structure
Theory (RST) is a discourse framework that an-
alyzes the relations between text units, termed
Elementary Discourse Units (EDUs), and their
roles within the document (Marcu, 1997, 1999,
2000). RST categorizes connections among EDUs
into different rhetorical or coherence relations,
such as Elaboration, Contrast, and Causality.
Within this framework, EDUs are arranged into
a hierarchical tree structure, where nucleus EDUs
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are supported or elaborated by satellite EDUs.
Early research (Marcu, 1997, 1999; Louis et al.,
2010) has found that human-written summaries
are often derived from nucleus EDUs, affirm-
ing RST’s usefulness for summarization tasks.
Several studies have explored ways to inject dis-
course structure into summarization models and
demonstrated improved performance compared to
models without such discourse injection (Xu et al.,
2020; Dong et al., 2021; Chen and Yang, 2021;
Liu et al., 2023; Liu and Demberg, 2024). Our
work applies RST to discern explanatory EDUs,
which elucidate or support propositions, and their
related target (explained) EDUs within reference
summaries.

Planning in Summarization Text summariza-
tion with planning involves organizing content
through structured representations prior to gen-
erating summaries. Existing work has primarily
focused on phrase-level planning, which has been
shown to improve summary quality and reduce
hallucination (Narayan et al., 2021, 2023). Plans
have previously taken the form of named enti-
ties (Narayan et al., 2021; Liu and Chen, 2021;
Huot et al., 2024), keyword prompts (Creo et al.,
2023), and question-answer pairs, referred to as
blueprint (Narayan et al., 2023). Our work intro-
duces EDU-level planning, placing emphasis on
larger semantic units. Our plans take the form of
questions (without answers), triggered by expla-
nations identified through RST. This definition
is more flexible (compared to question-answer
pairs), as we do not require answers to be incor-
porated and are not limited to a specific style of
answers or questions.

Question Under Discussion Question Under
Discussion (QUD) conceptualizes discourse as a
dynamic interaction of continuously posed and
answered questions (Roberts, 2012; Benz and
Jasinskaja, 2017; De Kuthy et al., 2020; Ko et al.,
2023). It can be seen as a question generation
strategy, where each sentence serves as a response
to an implicit question arising from its preceding
context, thereby delineating the text’s intent and
structure (Beaver et al., 2017; Wu et al., 2023a,b).
Although QUD has been explored in discourse
analysis (Ko et al., 2023; Wu et al., 2023a) and
to interpret complex linguistic phenomena like
presupposition and information structure (Beaver
et al., 2017), its application in text generation and

summarization has received limited attention. Wu
et al. (2023b) leveraged manual annotation to re-
cover implicit questions to guide sentence-level
simplification. Our work draws inspiration from
QUD in formulating plans as a series of questions.
We work with more complex documents and rely
on large language models, bypassing issues of
scalability arising from manual annotations.

3 Explanatory Summarization

3.1 Task Definition
We formalize explanatory summarization as fol-
lows: Let D = {(x1, s1), (x2, s2), . . . , (xn, sn)}
denote a dataset where each tuple (xi, si) con-
tains a document xi and its corresponding lay
summary si. We further assume si contains some
explanatory elements ei such as examples, con-
textual explanations, or background information.
Our objective is to devise a summarization model
that can model the generation of this explanatory
content.

3.2 Model Overview
Inspired by the blueprint approach (Narayan
et al., 2023), we propose a discourse-driven
planning method to achieve the above goal.
This involves transforming the original dataset
D = {(x1, s1), (x2, s2), . . . , (xn, sn)} into D′ =
{(x1, b1, s1), (x2, b2, s2), . . . , (xn, bn, sn)} by in-
troducing planning component b. We then train
a summarization model to learn the condi-
tional probability distribution P (S|X,B) or
P (B,S|X), where S = {s1, s2, . . . , sn}, X =
{x1, x2, . . . , xn}, and B = {b1, b2, . . . , bn}. Each
bi in B consists of a series of ordered plan ques-
tions (q1, q2, . . . , qn), which do not initially exist
in the original dataset D.

Note that P (S|X,B) assumes plan b is treated
as part of the input sequence, whereas P (B,S|X)
treats b as a prefix to summary generation. The
key challenge in training either model is that plan
b is latent. We thus automatically augment the
original training pairs (x, s) into triplets (x, b, s),
with b acting as a conditional or control signal,
offering an overarching plan for summary genera-
tion while also guiding the creation of explanatory
sentences by prompting responses to the plan.

3.3 Explanatory Content Extraction
To obtain triplets (x, b, s), we apply DMRST
(Liu et al., 2020, 2021), an RST-based parser,
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DATASET # TRAINING # VALIDATION # TEST AVG. DOC TOKENS AVG. SUMM TOKENS COVERAGE DENSITY COMPRESSION RATIO

SciNews 33,497 4,187 4,188 7,760.90 694.80 0.74 0.94 12.71
eLife 4,346 241 241 7,833.14 383.02 0.82 1.77 20.52
PLOS 24,773 1,376 1,376 5,340.58 178.66 0.07 0.90 36.06

Table 1: Descriptive statistics for SciNews, eLife, and PLOS datasets.

to automatically identify and extract all EDUs
functioning as explanations in reference summary
s (see Figure 2). Out of 18 rhetorical categories,
we select four that are relevant to explanatory sen-
tences: Background, Elaboration, Explanation,
and Comparison (Table 5 in Appendix A has
the full list). Given the directed nature of RST re-
lations, we can identify discourse units that serve
as explanations and the content they explain (see
Figure 1). Note that the extracted EDU pairs act
only as a silver standard proxy for the subsequent
training phase of our models. While our approach
is parser-agnostic, we also conduct experiments
with alternative parsers (see Section 5 for details).

3.4 Explanatory Plan Generation

We propose that explanatory sentences can serve
as responses to (implicit) questions raised by
preceding target sentences, aligning with the the-
oretical framework of QUD. We employ GPT-4o
(Achiam et al., 2023) to generate these questions
from target sentences (attested in reference sum-
mary) and the preceding context, as illustrated
in Figure 2. For example, the plan question q2
is generated based on the target sentence t2 and
the sentences that precede it. We do not filter the
generated questions, but we create the plan by
following the order in which explanations appear
in the reference. The prompt for generating plan
questions can be found in Appendix Figure 7.

3.5 Explanatory Summarization Models

We propose two model variants. The first variant
(Plan-Output) concatenates all plan questions
b with the summary s to form a sequence [b; s]
for each document-summary pair. The training
objective for this model is to generate both the plan
and the summary based on the input document x.

The second variant (Plan-Input) is not an
end-to-end model. Instead, it employs a Plan Gen-
eration (PG) module and a Summary Generation
(SG) module, which are trained separately. ThePG
module learns to generate plan b from the input
document x, and is trained on (x, b) pairs, where
x is the input and b is the silver standard plan. The

SG module is trained on ([x; b], s) tuples where
[x; b] represents the input document enriched with
plan questions (we concatenate input document x
with plan b). At test time, the trained PGmodule is
used to predict plan b̂ based on input document x.
Generated questions b̂ are then combined with x
to form the input [x; b̂] for the SG module, which
produces the final summary on the test set.
Plan-Output trains a single end-to-end

model that learns to jointly generate the plan
and the summary. This design reduces inference
overhead, making it well-suited for real-time ap-
plications or resource-constrained environments
(since only one inference call is made during test-
ing). In contrast, Plan-Input adopts a modular
approach, training thePG andSG components sep-
arately. This makes Plan-Input better suited
to settings where task requirements evolve over
time, allowing for the refinement or replacement
of individual module components as needed.

Note that the original Blueprint approach of
Narayan et al. (2023), relies on phrase-level con-
trol (the answers to the questions are mostly named
entities) and, as such, cannot be readily used to
control the generation of explanations that are
typically longer and semantically richer. More-
over, the frequent repetition of entities (i.e., the
same entity is often mentioned multiple times)
adds unnecessary complexity to the planning
process, necessitating the use of filtering algo-
rithms to streamline it. In contrast, planning at the
EDU-level provides a more cohesive structure and
reduces redundancy.

4 Experimental Setup

Datasets We report results on three lay sum-
marization datasets, namely SciNews (Liu et al.,
2024), eLife (Goldsack et al., 2022), and PLOS
(Goldsack et al., 2022). Table 1 presents different
statistics for these datasets, which vary in terms
of size, domain, and summary length. In the table,
COVERAGE measures the extent to which the sum-
mary directly uses tokens from the source material,
with higher coverage indicating that a greater pro-
portion of the summary’s tokens come from the
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source. DENSITY calculates the average length of
the source text segments associated with each to-
ken in the summary, where higher density suggests
the inclusion of longer continuous text segments
in the summary. COMPRESSION RATIO represents the
ratio between the length of the source document
and the summary, with a higher compression ratio
signifying a more concise summary.

Automatic Evaluation Metrics We report sev-
eral complementary metrics aimed at assessing
different facets of summary quality. We use ROUGE

(Lin, 2004) and BERTSCORE (Zhang et al., 2020)
to evaluate informativeness against the human
references; we report F1 of Rouge-2 (R2) and
Rouge-Lsum (RLSUM). We use D-SARI (Sun et al.,
2021) and Flesch Reading Ease Formula (FRE,
Kincaid et al., 1975) to measure summary read-
ability. D-SARI and FRE scores range from 0 to
100, with higher values indicating easier-to-read
material and lower scores reflecting more complex
passages. Additionally, we compute EXPRATIO,
which represents the proportion of explanatory
EDUs to the total number of EDUs in the gen-
erated summary (explanatory and target EDUs
always appear in pairs due to the RST structure).
A higher EXPRATIO suggests the summary contains
more explanations. We also report the generated
summary length, which we calculate as the av-
erage number of summary tokens (AST) using
spaCy.

We assess factual consistency between the
source document and the generated summary
using SUMMACConv (Laban et al., 2022), which
determines whether summary sentences are en-
tailed by the input. However, human-written lay
summaries often include additional external infor-
mation, which could be mistakenly classified as
hallucinations when assessed automatically with
original SUMMACConv. This highlights the limita-
tions of traditional consistency detection metrics
for our task, where only extrinsic hallucinations,
rather than all additional explanations, should be
penalized.

To address this issue, we propose a new SUM-
MAC variant. Specifically, for summary sentences
with entailment scores below 0.5 (i.e., not sup-
ported by the source text), we use the Wikipedia-
API to retrieve relevant articles and re-evaluate
these sentences using SUMMACConv. This approach
allows us to determine whether sentences unsup-
ported by the source text can be validated using

external knowledge bases. If the highest entail-
ment score from the retrieved articles is higher
than the original score, it replaces the original
score for that sentence. We report both the origi-
nal SUMMACConv and the proposed variant, which
we call SUMMAC∗. We also leverage VERISCORE

(Song et al., 2024) to verify whether the claims in
the generated summary align with objective facts
by consulting external knowledge bases. For claim
extraction and verification, we use GPT-4o.

Model Comparisons We build Plan-Output
and Plan-Input (PG and SG) on top of the
Mistral-7B-Instruct-v0.3, which we
fully fine-tune on the above datasets (enriched
with plan annotations). We compare our models
against the following Mistral configurations:
a) zero-shot setting (MistralZS); b) in-context
learning with one randomly selected demonstra-
tion from the training split (MistralICL); and
c) full parameter fine-tuning without planning
(MistralFT ).

We also re-implement the best-performing
multi-task blueprint model (BlueprintMT )
from Narayan et al. (2023), which is opti-
mized for two tasks: 1) question generation given
source document and said answer, or 2) sum-
mary generation given the same document and
its question-answer plan. We use GPT-4o to
identify answers (while the original Blueprint
model extracts answers using spaCy, we employ
GPT-4o which leads to better performance – on
average 2.21% higher RLSUM across datasets) and
generate corresponding questions and fine-tune
with the same backbone Mistral model on
datasets enriched with question-answer plans.1

All comparison models follow identical hyper-
parameter settings detailed in Appendix B. We
also include results with GPT-4o (Achiam et al.,
2023) in zero-shot (GPT-4oZS) and in-context
learning (GPT-4oICL) settings; we compare
against the state-of-the-art (SOTA) methods on
each dataset (results are directly taken from re-
spective publications). For a fair comparison, we
use the same prompt and/or selected sample for
both MistralZS/ICL and GPT-4oZS/ICL. Af-
ter inference, we discard all generated plans,
retaining only the summaries for automatic
evaluation.

1Prompts are offered in Appendix Figures 8, 9, 10 and 11.
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DATA MODEL R2 RLSUM BERTSCORE D-SARI FRE EXPRATIO AST SUMMAC/SUMMAC∗ VERISCORE

Sc
iN

ew
s

MistralZS 7.07 37.02 57.21 14.12 27.41 10.45 554.29 46.11/52.65 0.43
MistralICL 7.11 37.31 57.57 14.65 31.93 9.87 602.33 50.12/59.27 0.48
GPT-4oZS 12.79 40.51 58.15 20.15 33.05 11.73 611.09 58.21/64.96 0.56
GPT-4oICL 13.22 40.73 58.17 20.33 38.91 11.90 634.76 60.04/66.74 0.52
MistralFT 15.56 46.12 64.38 30.11 38.25 13.61 669.27 64.10/69.73 0.56
BlueprintMT 15.62 46.10 64.33 32.35 40.01 15.03 688.93 72.35/75.18 0.62
Plan-Output 15.73 46.30 65.34 36.23 42.25 17.51 685.33 72.29/75.03 0.67
Plan-Input 15.88†‡ 46.41†‡ 65.32†‡ 37.18†‡ 43.11†‡ 17.68†‡ 692.14†‡ 72.40†/75.38†‡ 0.71†‡

Liu et al. (2024) 14.92 45.19 62.80 — — — — — —
Reference Summary — — — — 42.23 18.91 694.80 45.08/81.94 0.81

eL
if

e

MistralZS 8.90 36.19 61.38 18.28 28.43 10.29 301.16 45.45/56.68 0.39
MistralICL 8.97 36.26 61.40 20.07 33.60 10.30 333.27 47.42/58.98 0.45
GPT-4oZS 11.15 44.29 64.34 24.57 38.17 11.10 329.39 47.30/58.46 0.56
GPT-4oICL 11.31 44.38 63.77 25.52 44.19 11.22 368.42 50.92/60.07 0.60
MistralFT 14.40 47.68 86.87 32.60 48.42 13.56 377.59 58.31/62.33 0.58
BlueprintMT 14.85 48.09 87.22 35.31 50.33 14.51 375.47 60.31/65.44 0.62
Plan-Output 14.91 48.27 87.57 38.77 56.76 17.71 377.61 61.33/68.21 0.70
Plan-Input 15.11†‡ 48.64†‡ 87.92†‡ 39.22†‡ 55.48†‡ 17.73†‡ 380.39†‡ 61.35†‡/68.28†‡ 0.75†‡

Goldsack et al. (2023) 14.24 45.71 85.40 — — — — — —
Liu and Demberg (2024) 14.92 48.21 87.81 — — — — — —
Zhang et al. (2024) 12.57 44.14 85.20 — — — — — —
Reference Summary — — — — 51.83 19.02 383.02 49.38/82.28 0.83

PL
O

S

MistralZS 6.43 31.42 63.24 19.09 29.70 11.03 130.14 45.83/67.47 0.41
MistralICL 6.50 31.66 63.31 21.27 35.93 11.19 149.30 49.02/68.87 0.44
GPT-4oZS 11.57 35.39 64.22 21.06 32.69 12.31 155.25 55.23/70.79 0.52
GPT-4oICL 11.72 35.40 64.50 23.74 39.44 12.31 152.38 58.02/73.03 0.50
MistralFT 14.31 40.22 87.69 32.39 36.45 13.70 158.93 60.02/75.25 0.57
BlueprintMT 14.20 41.35 88.04 33.48 36.04 14.67 166.54 62.22/77.67 0.63
Plan-Output 15.28 41.33 88.17 39.22 40.01 18.12 167.77 62.25/77.79 0.74
Plan-Input 15.72†‡ 41.64†‡ 88.22†‡ 40.07†‡ 40.27†‡ 17.65†‡ 171.12†‡ 62.27†/77.95†‡ 0.72†‡

Goldsack et al. (2022) 13.52 38.63 — — — — — — —
Zhang et al. (2024) 12.33 40.60 85.70 — — — — — —
Reference Summary — — — — 30.08 18.19 178.66 53.43/84.71 0.87

Table 2: Model performance on three lay summarization datasets. Bold numbers represent the best results
achieved by the models in each test set, excluding human results from the comparison. EXPRATIO is the
number of explanatory EDUs over all EDUs in summaries. Symbols † and ‡ denote that Plan-Input
is statistically significant (p < 0.05) against MistralFT and BlueprintMT using paired t-test,
respectively.

5 Results

Our results are summarized in Table 2, which
consists of three main blocks corresponding
to different datasets. Within each block, we
compare models in zero-shot and in-context
learning settings against fine-tuned systems and,
where applicable, against the human reference
summaries.

We find the performance of fine-tuned models
to be superior. Across all metrics and datasets,
Plan-Input emerges as the top-performing
model, followed closely by Plan-Output (see
R2 and RLSUM). Recall that Plan-Input is a
pipeline system where the plan and summary gen-
eration stages are trained separately, which we
hypothesize makes the summarization task easier.

In comparison to the related BlueprintMT

and other comparison models, our two discourse-

driven systems produce summaries that are eas-
ier to read (see FRE and D-SARI), contain
more explanations (see EXPRATIO), are closer to
human-level performance (see Reference Sum-
mary), and align more closely with human
summaries in terms of length (AST). Since
BlueprintMT relies on entities and phrases
to generate plans, it lacks diversity in the types
of questions it predicts; in fact, what and who
questions are the greatest majority with an av-
erage of 82.2% across datasets. In contrast, our
models produce a more balanced distribution, with
what and who questions making up 23.2% of the
plan, while how and why questions account for an
average of 66.4%.

As human-authored summaries often include
content that is not directly mentioned in the
source document (Cao et al., 2022), we observe
relatively low (original) SUMMAC scores. However,
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when external knowledge bases are consid-
ered, we find that human summaries exhibit
the lowest level of extrinsic hallucinations.
VERISCORE results further corroborate the ob-
servation that model-generated summaries lag
behind human-authored ones regarding factual
consistency. Nevertheless, fine-tuned models are
overall more consistent, with plan-based models
having an advantage against MistralFT and
state-of-the-art systems. Both Plan-Input and
Plan-Output achieve the highest consistency
scores across datasets and metrics, indicating that
planning at the EDU-level not only enhances con-
sistency compared to phrase-level planning but
also enables the generation of summaries with
more elaborations while maintaining lower levels
of hallucinations.

Impact of Plan Generation Ablation Next, we
ablate our plan generation strategy more closely,
comparing it to naive alternatives. We apply
Plan-Input as our main model, except when
indicated otherwise.

1. Lead-3Q and Lead-KQ: Generate plans based
on the first 3 or first K EDUs in the reference
summary.

2. Tail-3Q and Tail-KQ: Generate plans based
on the last 3 or last K EDUs in the reference
summary.

3. Random-3Q and Random-KQ: Generate
plans based on 3 random or K random EDUs
in the reference summary.

4. All-EDUsQ: Generate plans based on each of
the EDUs in the reference summary.

5. NonExp-EDUsQ: Generate plans based on
each of the non-explanatory EDUs in the
reference summary.

6. PG for zero-shot learning: Train a PG model
and use the plan questions it generates as
instructions to Mistral in a zero-shot
setting.2

Here, K denotes the average number of ex-
planatory EDUs parsed in training set summaries,
rounded up to the nearest whole number (K = 8
for SciNews, K = 4 for eLife, and K = 2 for
PLOS). For the first four experiments, we do
not differentiate between explanatory and non-
explanatory EDUs. Each selected EDU serves as

2The prompt can be found in Appendix Figure 11.

DATA MODEL R2 RLSUM VERISCORE

Sc
iN

ew
s

MistralFT 15.56 46.12 0.56
Lead-3Q 15.47 46.12 0.59
Lead-KQ 15.50 46.15 0.52
Tail-3Q 15.41 45.80 0.50
Tail-KQ 15.40 45.85 0.50
Random-3Q 15.35 45.88 0.48
Random-KQ 15.33 45.94 0.47
All-EDUsQ 15.48 46.11 0.52
NonExp-EDUsQ 15.42 46.03 0.49
MistralZS+PG 7.15 37.11 0.46

eL
if

e

MistralFT 14.40 47.68 0.58
Lead-3Q 14.68 48.14 0.59
Lead-KQ 14.71 48.11 0.60
Tail-3Q 14.25 47.85 0.54
Tail-KQ 14.30 47.74 0.54
Random-3Q 14.65 48.05 0.56
Random-KQ 14.62 48.00 0.55
All-EDUsQ 14.62 48.10 0.56
NonExp-EDUsQ 14.56 48.02 0.52
MistralZS+PG 10.11 38.69 0.42

PL
O

S
MistralFT 14.31 40.22 0.57
Lead-3Q 14.69 40.66 0.59
Lead-KQ 14.57 40.59 0.56
Tail-3Q 13.78 40.12 0.52
Tail-KQ 13.72 40.18 0.51
Random-3Q 14.21 40.26 0.54
Random-KQ 14.14 40.20 0.53
All-EDUsQ 14.41 40.33 0.55
NonExp-EDUsQ 14.37 40.33 0.54
MistralZS+PG 6.74 32.44 0.48

Table 3: Comparison of different plan generation
strategies using Plan-Input and Mistral in
fine-tuned and zero-shot settings.

the target sentence; all preceding EDUs are con-
sidered context and are used to generate the cor-
responding plan questions. For instance, in the
All-EDUsQ experiment (all sentences from the
reference summary are involved in the plan gen-
eration, rather than being limited to explanatory
EDUs), the first sentence is treated as a target
EDU (since there are no preceding EDUs, there
is no context in this case) and the first plan ques-
tion is generated. Next, the second EDU is treated
as a target EDU, and the first EDU is used as
context, and so on.

As shown in Table 3, Lead-3Q, Lead-KQ, and
All-EDUsQ strategies demonstrate marginal im-
provements over MistralFT across all datasets,
while all other strategies result in decreased
performance. All strategies in Table 3 are
worse than BlueprintMT , Plan-Input, and
Plan-Output, in terms of summary quality and
factual consistency. This implies that heuristic
ablations are less effective for the generation of
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plan questions. Results for NonExp-EDUsQ and
All-EDUsQ also verify that modeling and gener-
ating plan questions for explanatory sentences is
more valuable for lay summarization than mod-
eling and generating plans for other sentences.
Results for MistralZS+PG further show that a
robust plan generator improves performance, even
in zero-shot settings.

Impact of Discourse Parser We next inves-
tigate the extent to which the choice of RST
parser influences summary output quality. Specif-
ically, we compare the DMRST parser, which has
been trained on the RST treebank, against re-
sults derived from GPT-4o and Mistral in
zero-shot settings (the instruction is detailed in
Appendix Figure 12). For GPT-4o and Mis-
tral, we use these models to directly extract
explanatory sentences and their target sentences,
rather than performing RST parsing, as RST
parsing is a more complex task.3 Following
Stede et al. (2017), we implement a rule-based
method (RB) for extracting explanations (detailed
in Appendix C). We also use the RST-Coref parser
(Guz and Carenini, 2020) and LLaMA-based RST
parser (Maekawa et al., 2024) for comparison. To
simulate parser instability, we design a random re-
placement (RR) method, where explanatory EDUs
identified by DMRST are randomly replaced with
non-explanatory or non-target EDUs. The num-
ber of replacements varies from one to the total
number of explanatory EDUs per article, mimick-
ing parser inaccuracy in identifying explanatory
content. Finally, we introduce full random replace-
ment (FRR), a variant representing the worst-case
scenario of parser inaccuracy, where all explana-
tory EDUs are replaced with randomly selected
non-explanatory or non-target EDUs. All these
models are trained using Plan-Input as the
default model.

Figure 3 shows that summarization perfor-
mance improves with parsing accuracy (see
DMRST vs. RR/FRR). DMRST consistently out-
performs more naive methods based on GPT-4o
and Mistral, as well as the RST-Coref parser
and the rule-based approach. Its performance is
comparable to the LLaMA-based RST parser,
but it has a smaller parameter size and incurs
lower computational costs in parsing. We also

3The performance is better in the former way–on average,
the RLSUM score is 7.82% higher than the latter across datasets
when applied Mistral under zero-shot setting.

Figure 3: Summary quality as a function of different
RST parsers.

find that RST-based models (irrespectively of the
parser at hand) outperform the baseline fine-tuned
(MistralFT ) and SOTA models (the perfor-
mance of the previous best-published model on
RLSUM for each dataset in Table 2), and fre-
quently surpass the BlueprintMT model, as
illustrated by the red, green, and blue dashed
lines, respectively.

Impact of Plan Quality To evaluate how the
quality of plan questions affects model perfor-
mance, we employ GPT-4o in a zero-shot setting
as a question generator (see Section 3.4). In addi-
tion, we apply the Mistralmodel and the recent
question generation model (RAST), developed by
Gou et al. (2023). Moreover, we implement an-
other random replacement (RR) method, where
questions generated by GPT-4o are randomly
substituted with irrelevant ones.4 The number of
questions replaced varies from one to all for each
article. Finally, we introduce another full random
replacement (FRR), where questions generated
by GPT-4o are all replaced with random irrel-
evant questions. Throughout these experiments,
Plan-Input remains the default model.

Figure 4 reveals that plan questions have a direct
impact on summary quality (compare GPT-4o vs.
RR/FRR). Our method exhibits a certain degree
of robustness, as it performs reasonably well even
when the questions contain some degree of noise
(RR vs. FRR). In the FRR condition, model per-
formance degrades substantially, which suggests
that relevant plan questions are instrumental in
improving summary quality. Although questions
generated by Mistral and RAST lead to lower
performance gains compared to GPT-4o, these

4The prompt can be found in Appendix Figure 13.
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Figure 4: Summary quality as a function of different
question generation methods.

open-source models offer a cost-effective alterna-
tive. Despite not reaching the highest performance,
they still surpass the previous state-of-the-art
results.

Impact of Plan Composition An advantage of
plan-based models is their capacity to directly
control the content of the output summary by
simply altering the plan that gives rise to it. In
this section, we investigate the extent to which
changes in the formation of the plan questions
can be observed in the generated summaries.5

To this end, we conduct a controlled generation
experiment. We investigate whether our models
can be guided to avoid generating these particular
types of explanations by eliminating questions
from the plan that correspond to specific types of
explanatory EDUs.

Specifically, we remove from the plan questions
corresponding to Background, Comparison, Elab-
oration, and Explanation (EDUs are identified by
the DMRST parser). Table 4 reports the propor-
tion of explanatory EDUs in the output summaries
for our two models when no manipulation takes
place. These results are compared with summaries
generated from plans in which specific types of
explanations have been deliberately removed. By
deleting plan questions related to certain types
of explanations, we evaluate the models’ capac-
ity to refrain from generating particular types of
EDUs. Results presented in Table 4 confirm that
our discourse-driven planning approach is suffi-
ciently expressive to control the explanations and
their discourse function in the summary. For both
Plan-Input and Plan-Output, we observe
a close alignment between the questions in the

5We modify the plan generated by the model and evaluate
whether our modifications have any bearing on the output.

DATA RELATION
Plan-Output Plan-Input

NODEL DEL ΔRLSUM NODEL DEL ΔRLSUM

Sc
iN

ew
s Background 4.04 0.98 0.45 4.18 1.07 0.42

Comparison 2.21 0.21 0.38 2.60 0.33 0.39
Elaboration 6.47 1.25 1.56 6.39 1.20 1.50
Explanation 7.09 1.69 1.62 7.88 2.11 1.56

eL
if

e

Background 4.38 1.04 0.27 4.24 1.02 0.24
Comparison 2.40 0.17 0.13 2.59 0.19 0.15
Elaboration 5.46 1.16 0.46 5.42 1.15 0.40
Explanation 6.07 1.72 0.58 6.11 1.81 0.52

PL
O

S

Background 4.33 0.97 0.20 4.09 0.92 0.22
Comparison 2.02 0.09 0.11 2.12 0.13 0.13
Elaboration 5.25 1.13 0.26 5.32 1.15 0.25
Explanation 6.42 1.52 0.48 6.72 1.49 0.42

Table 4: Proportion of explanatory EDUs in pre-
dicted summaries for models with (DEL) and
without (NODEL) deletions in the plan. In the
NODEL setting, the model regulates the proportion
of explanatory content in the plan and summary.
In the DEL setting, the plan is manipulated by re-
moving specific explanations. ΔRLSUM = RLSUM

before plan deletion − RLSUM after plan deletion.

plan and the types of explanations produced in the
summary.

Amongst explanatory relations, Elaboration
and Explanation emerge as the most significant
contributors to overall summary quality. In the
Plan-Inputmodel, the deletion of Elaboration
explanations consistently results in lower RLSUM

across datasets (e.g., a drop from 46.41 to 44.91
in SciNews and from 48.64 to 48.24 in eLife). In
contrast, removing Comparison explanations has
a minor effect on summary quality, as reflected in
the relatively stable RLSUM scores across datasets
(e.g., 41.64 vs. 41.51 in PLOS and 48.64 vs. 48.49
in eLife). In the NODEL condition, we observe
that Elaboration and Explanation relations are
more prominent in the summary texts, which sug-
gests that removing them will be more detrimental
(e.g., compared to Background or Comparison).

6 Human Evaluation

To alleviate the limitations of automated met-
rics and more profoundly analyze the quality of
model-generated summaries, we randomly select
5 instances from each of the SciNews, eLife,
and PLOS datasets (a total of 15) for human
evaluation. The evaluators are postgraduate or
doctoral students specializing in Computer Sci-
ence or Computational Linguistics with advanced
proficiency in English. They are compensated at
our university’s standard hourly rate, and remain
blind to the origin of each summary during the
evaluation process. In this study, we compare
MistralFT , BlueprintMT , Plan-Input
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Figure 5: Human evaluation results along different
dimensions of summary quality.

(our best performing model), GPT-4oZS , and
human-authored reference summaries. Each sum-
mary is independently rated by three different
evaluators, resulting in a total of 225 (15× 5× 3)
evaluation samples.

Our judges rate each summary on a 1 to 5
Likert scale across the dimensions of Faithful-
ness, Relevance, Informativeness, Accessibility,
Explanation Accuracy, and Explanation Useful-
ness, with higher scores indicating better quality.
They are also tasked with ranking the summaries
from highest to lowest based on their relative
quality within the set of candidates. Raters high-
light explanations while reading the summary
and the source document. To assess the explana-
tions’ accuracy and usefulness, judges are allowed
to consult external knowledge sources, such as
books, academic papers, and Wikipedia, but not
any AI tools. When they are not able to judge the
accuracy or usefulness of explanations, raters are
asked to skip them and flag them for expert re-
view. We provide detailed evaluation guidelines in
Appendix E (Figure 14) and discuss cases flagged
for expert review in Appendix F.

Figure 5 reports the performance of each model
across all summary samples, as well as the pro-
portion of times a model is rated best (or worst).
Fleiss’ Kappa scores for Faithfulness (κ = 0.712),
Relevance (κ = 0.835), Informativeness (κ =
0.673), Accessibility (κ = 0.707), Explanation
Accuracy (κ = 0.604), and Explanation Useful-
ness (κ = 0.633) indicate substantial inter-rater

agreement, with an average of κ = 0.694. Overall,
we observe that human-written summaries outper-
form all neural summarization models in terms of
quality, with particularly pronounced differences
in the usefulness and accuracy of explanations.
Notably, human-written summaries also perform
best in terms of faithfulness.

Among the four neural models under con-
sideration, GPT-4oZS performs worst, while
MistralFT also obtains low results, with a
22.2% likelihood of being rated as worst. Mod-
els based on planning (BlueprintMT and
Plan-Input) outperform MistralFT , with
Plan-Input being superior across all met-
rics. On certain criteria, such as accessibility,
Plan-Input is on par with human summaries.
Compared to other neural summarization systems,
it is also more likely to generate high-quality
summaries.

7 LLM-as-Judge Evaluation

Due to the considerable length of the source doc-
uments and their summaries, it is not feasible to
conduct extensive manual evaluations. Therefore,
we also use an LLM-based evaluator (Liusie et al.,
2024; Zheng et al., 2023; Liu et al., 2025) to per-
form large-scale comparisons of system outputs.
We use the prompt targeting the same dimen-
sions of summary quality adopted in our human
evaluation and use GPT-4o as our evaluator (fol-
lowing the hyperparameter settings outlined in
Appendix B). To avoid potential bias from previ-
ous interactions, we reset the conversation history
before each query, making no further adjustments.

Firstly, we validate the agreement between
GPT-4o and human ratings using the same set of
15 samples originally employed for human eval-
uation. We obtain a single rating per sample by
averaging the scores of individual participants.
We compute Fleiss’ Kappa to measure the agree-
ment between GPT-4o scores and the aggregated
human ratings across evaluation dimensions. The
resulting agreement scores are as follows: Faith-
fulness (κ = 0.582), Relevance (κ = 0.643),
Informativeness (κ = 0.633), Accessibility (κ =
0.624), Explanation Usefulness (κ = 0.615), and
Explanation Accuracy (κ = 0.597). We find that
human raters andGPT-4o are in substantial agree-
ment. Following this, we expand the evaluation
to include all samples in the test sets across our
three datasets. We present results on SciNews in
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Figure 6: Evaluation with GPT-4o on SciNews.

Figure 6 and in the Appendix for the other two
datasets (see Figures 15 and 16).
GPT-4o assigns the lowest scores to its

own answers compared to fine-tuned models.
Human-written summaries consistently receive
the highest rating and are generally regarded as of
the highest quality. In line with our human evalua-
tion, GPT-4o also recognizes that Plan-Input
is better than BlueprintMT and MistralFT .
We discuss the statistical significance of our
results in Appendix H.

8 Qualitative Analysis

We conduct a qualitative analysis in Appendix I
by examining two case studies (see Tables 7 and
8), with a particular focus on comparing outputs
generated by humans and machines. Through this
analysis, we observe differences in hallucination
patterns across different models, and our find-
ings suggest that incorporating structured planning
into the generation process can effectively reduce
certain types of errors.

Specifically, plan-based models demonstrate
improved factual consistency compared to
GPT-4o and MistralFT by better organizing
information before generation. For instance, when
describing how the cerebellum adjusts movements
based on feedback (see Table 7), GPT-4o states,
‘‘The cerebellum acts as the brain’s command
center for motor control.’’ At first glance, this
phrasing may seem reasonable, but it inaccurately
represents the cerebellum’s role and could lead

to misconceptions. Instead of commanding
movements, the cerebellum fine-tunes them using
feedback from previous actions, adjusting their
timing and coordination. When summarizing
a document focusing on Musashi-1, a protein
that binds to molecules of RNA and helps to
promote cell growth during development (see
Table 8), MistralFT incorrectly attributes
certain properties to Musashi-1, such as it being
‘‘permanently destroyed Musashi-1’’ by oleic
acid. In reality, Musashi-1 is not permanently
destroyed but rather inhibited or down-regulated
by compounds like oleic acid. These mistakes
suggest a tendency to overgeneralize patterns
or infer causal relations that are not supported
by evidence. In contrast, plan-based models
(Plan-Output and Plan-Input) avoid these
types of errors.

Unlike GPT-4o and MistralFT , which often
produce fragmented or overly general statements,
our models demonstrate a better grasp of causal
and logical connections within the scientific nar-
rative. For example, in the cerebellum case (see
Table 7), our models successfully preserve the
logical flow between experimental observations
and their implications, while GPT-4o distorts
causal relations by overgeneralizing. This is be-
cause structured planning forces the model to
first outline key arguments and causal relations
before generating text. This process reduces the
risk of introducing spurious causal or conceptual
connections, which are particularly important for
explanation-oriented text.

Plan-based models are not without limitations;
for instance, we occasionally observe misattri-
butions, such as linking Musashi-1 to kidney
cancer (see Table 7). However, they offer an
improvement over models like GPT-4o in both
factual accuracy and overall reliability. In sum,
the qualitative analysis underscores the potential
of plan-based models to enhance lay summa-
rization quality while also highlighting areas for
further refinement.

9 Conclusion

In this paper, we propose a planning-driven
method designed for lay summarization. Our
approach leverages insights from Rhetorical
Structure Theory and the Question Under Dis-
cussion framework to create question-based plans
tailored to explanatory content. We develop two
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models that differ in how they integrate plan-
ning in the summarization process (plans are
part of the source document or the target sum-
mary) and investigate their impact on overall
performance. Empirical studies demonstrate that
our models improve summarization performance
compared to vanilla fine-tuning and surpass previ-
ous state-of-the-art methods. Furthermore, unlike
phrase-based planning models, our analysis con-
firms the effectiveness of utilizing discourse
knowledge for high-level planning, resulting
in more factually consistent and higher-quality
summaries.
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A RST Labels

We will now explain in detail the semantics of
the discourse relations listed in Table 5, and how
they can serve as explanations. For instance, the
Background relation is used to set the context
for an event, such as ‘‘The storm caused massive
flooding. As a result, the government declared a
state of emergency.’’ Here, the background infor-
mation helps to explain why a state of emergency
is declared. Similarly, the Elaboration relation
provides additional information to clarify a state-
ment, as in ‘‘The new software version is more
user-friendly. It includes a redesigned interface
and improved performance,’’ where the addi-
tional details elaborate on why the software is
considered user-friendly. Other elaboration types
include general-specific, part-whole, process-step,
object-attribute, set-member, and example, each
providing specific details to support and explain a
broader statement. For example, ‘‘Many animals
hibernate during winter. For example, bears often
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RST TYPE RST LABEL

Background Background, Circumstance
Elaboration Elaboration-additional,

Elaboration-general-specific,
Elaboration-part-whole,
Elaboration-process-step,
Elaboration-object-attribute,
Elaboration-set-member,
Example, Definition

Explanation Evidence,
Explanation-argumentative,
Reason

Comparison Comparison, Preference,
Analogy, Proportion and
Topic-Comment

Table 5: RST explanatory relations.

find caves or dig dens to sleep through the cold
month’’ elaborates on a general statement with a
specific example.

Explanation relations, such as Evidence and
Reason, offer support or justification for a state-
ment. For instance, ‘‘Many species are endangered
due to habitat destruction. Studies have shown that
deforestation has led to significant population de-
cline.’’ uses evidence to support the claim about
endangered species. Similarly, ‘‘She missed the
meeting because her car broke down’’ provides a
reason to explain her absence. Comparison rela-
tions like Preference and Analogy, help explain by
highlighting similarities or differences, as in ‘‘A
computer’s memory works like a human brain,
storing information for later use,’’ where the anal-
ogy clarifies the concept of computer memory by
comparing it to a familiar idea.

B Hyperparameter Settings

For all fine-tuning experiments, we utilize the
AdamW optimizer (Loshchilov and Hutter, 2019)
with β1 = 0.9, β2 = 0.999, ε = 10−9, and weight
decay = 0.1, along with a warm-up ratio of 0.15.
The initial learning rate is set to 5e-5, employing
cosine learning rate scheduling. We set the ran-
dom seed to 2,024 and the dropout rate to 0.1.
For SciNews, we set the maximum number of
new generation tokens to 1,024, for eLife to 512,
and for PLOS to 256. All other parameters fol-
low the default settings of the Transformers
library. During training, we save the checkpoint
with the highest Rouge-2 F1 on the validation set

as the final checkpoint. All experiments run for
15 epochs with a batch size of 8, and early stop-
ping is implemented to prevent overfitting, with
all models converging before reaching 15 epochs.
During inference, we employ beam search with
size 4, length penalty of 3.0, and set the no-repeat
n-gram size to 3.

For GPT-4o,6 we use version gpt-4o-2024-
05-13 (our experiments took place May 1, 2024,
to March 31, 2025) with the following hyperpa-
rameter settings: We set temperature to 1, top p
to 1, frequency penalty to 0.2, and presence
penalty to 0.2. All other hyperparameters follow
OpenAI’s default values.

C Rule-based Extraction of Explanations

We develop a set of rules aimed at identifying
words and phrases that indicate four types of
explanations, which are in turn based on RST
relations:

• Background includes Background and Cir-
cumstance relations, signalled by words such
as ‘‘historically’’ and ‘‘traditionally.’’

• Elaboration covers various Elaboration re-
lations (e.g., Additional, General-Specific,
Part-Whole, Process-Step, Object-Attribute,
and Set-Member), as well as Example and
Definition relations, signalled by words like
‘‘defined as’’ and ‘‘for example.’’

• Explanation includes Evidence,
Explanation-Argumentative, and Rea-
son relations, signalled by words such as
‘‘because’’ and ‘‘due to.’’

• Comparison includes Comparison, Prefer-
ence, Analogy, and Proportion relations,
signalled by words like ‘‘compared to’’ and
‘‘similarly.’’

Table 6 presents the words and phrases asso-
ciated with each of these relations. To identify
these indicators within the text, we compile
regular expression patterns tailored to each cat-
egory. Explanatory content is collected on a
sentence-by-sentence basis: If a signal word
is detected within a sentence, that entire sen-
tence is categorized accordingly. In constructing
these patterns, we use the caret symbol ∧ be-
fore certain words to restrict their occurrence to

6https://platform.openai.com/docs
/models/.
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Category Signal Words and Phrases
Background ˆhistorically, ˆtraditionally, ˆpreviously, ˆin the past, ˆbefore, ˆinitially, ˆonce, ˆearlier, ˆin the

beginning, ˆat first, ˆprior to, ˆoriginally, ˆat the outset, ˆat the time, ˆlong ago, ˆdecades ago, ˆin
former times, ˆpreviously mentioned, ˆthe history of, ˆthe origin of, ˆin earlier times, ˆfrom the
outset, ˆin the early days, ˆover the years, ˆlong before, ˆcenturies ago, ˆduring the early stages, ˆat
that time, ˆback then, ˆonce upon a time, ˆthroughout history, ˆpreviously established, ˆover the
course of history, ˆin ancient times

Comparison compared to, compared with, ˆsimilarly, likewise, in contrast, in comparison, in opposition, ˆon
the contrary, ˆon one hand, ˆon the other hand, ˆconversely, rather than, different from, ˆunlike,
similar to, analogous to, contrary to, in contradistinction, distinct from, distinguishable from, as
opposed to, in the same way, by comparison, comparable to, differ(?:s|ed|ing) from,
diverg(e|es|ed|ing)? from, in a similar manner, in the same vein, on the flip side, correspondingly,
on a different note, in opposition to, different from, in a contrasting way, in an analogous way

Elaboration defined as, refer(?:s|red|ring)? to, mean(?:s|t)?, known as, definition, ˆin other words, ˆthat is to
say, ˆthat’s to say, ˆthis is to say, ˆthat means, ˆthis means, ˆthis implies, ˆthat implies, i.e., e.g.,
for example, for instance, such as, ˆto clarify, ˆto explain, whereas, ˆto illustrate, ˆto elaborate,
ˆspecifically, ˆparticularly, in particular, as an example, by way of example, more precisely, ˆto
be specific, ˆto exemplify, namely, by way of illustration, expounded upon, in more detail, one
example, an example, ˆto add to this

Explanation because, due to, since, thanks to, owing to, for the sake of, stemming from, given that, in light of,
for this reason, for that reason, for the reason that, for the purpose of, for this cause, the reason is,
the reasons are, as a result, consequently, as a consequence, accordingly, with the result that, so
that, such that, result(?:s|ed|ing)? in, , result(?:s|ed|ing)? from, lead(?:s|ed|ing)? to, which means,
thereby, whereby, in consequence of, on account of, so as to, on the grounds that

Table 6: Words and phrases used to heuristically identify discourse relations signaling explanations.

sentence-initial positions. This method ensures
that words like ‘‘historically’’ or ‘‘similarly’’ are
recognized only when they function as introduc-
tory elements, which is common in explanations.
Additionally, we utilize regular expressions such
as differ(?|ed|ing) to capture different
word forms. Once each explanatory sentence is

identified, we then select the preceding sentence
as its target sentence.

D Model Prompts

In this section, we present the various prompts
used in our work.
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Figure 7: Prompt used by GPT-4o and Mistral to
generate plan questions based on target sentences and
their context.

Figure 8: Prompt used by MistralZS , GPT-4oZS

and MistralFT to generate summaries.

Figure 9: Prompt used by MistralICL and
GPT-4oICL to generate summaries.

Figure 10: Prompt used by GPT-4o to identify named
entities for Blueprint model.

Figure 11: Prompt used by Plan-Input and
Plan-Output models.

Figure 12: Prompt used by GPT-4o and Mistral to
directly extract explanatory content.

Figure 13: Prompt used by GPT-4o to generate
irrelevant questions.
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E Human Evaluation Guidelines

Figure 14: A snapshot of the experimental instructions seen by our human raters.
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F Human Expert Evaluation Results

Our human evaluators identify six examples where
they could not make a decision on the accuracy
and usefulness of explanations. Three are gener-
ated by GPT-4oZS , two by MistralFT , and
one by BlueprintMT , covering fields such as
Biology, Neuroscience, and Materials Science.
To further assess these cases, we enlist experts
with a Ph.D. degree in the relevant areas. Using
the same guidelines, GPT-4o receives an aver-
age rating of 2.33 for explanation accuracy and
2.67 for explanation usefulness. ForMistralFT ,
the average rating is 3.50 for both accuracy and
usefulness, while BlueprintMT receives a rat-
ing of 4.00 for accuracy and 2.00 for usefulness.
These expert evaluations align with the initial hu-
man assessment, reinforcing the consistency of
the findings across the highlighted explanations.

G GPT-4o Evaluation Results

Figure 15 shows automatic evaluation results on
the eLife dataset using GPT-4o as the judge.
Results on the PLOS dataset are summarized in
Figure 16, again using GPT-4o as the evaluator.

Figure 15: Evaluation results (dimensions of Faith-
fulness, Relevance, Informativeness, Accessibility,
Explanation Accuracy, and Explanation Usefulness)
on eLife using GPT-4o as a judge.

Figure 16: Evaluation results (dimensions of Faith-
fulness, Relevance, Informativeness, Accessibility,
Explanation Accuracy, and Explanation Usefulness)
on PLOS using GPT-4o as a judge.

H Significance Testing

We use paired t-tests to analyze the results
of our human evaluation and automatic eval-
uation (LLM-as-Judge with GPT-4o). In the hu-
man evaluation, we find that human responses
are perceived as significantly better against all
baseline models across metrics; with regard
to Faithfulness and Accessibility, differences
against Plan-Input and BlueprintMT are
not statistically significant. Plan-Input is sig-
nificantly better in Explanation Usefulness and
Accessibility compared to all neural network
models (but not human answers).

In the LLM-as-Judge evaluation, human
summaries outperform all neural models across
all datasets and metrics with statistical signifi-
cance. Plan-Input is significantly better over
other neural network models on the SciNews
dataset across all metrics except Relevance
and Informativeness. On the eLife dataset,
Plan-Input outperforms other neural network
models on all metrics except Faithfulness,
Explanation Usefulness, and Relevance. On the
PLOS dataset, Plan-Input significantly out-
performs competitor models in all metrics except
Informativeness, Faithfulness, and Relevance.
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These results are derived with a significance level
of p < 0.05.

I Case Study
In this case study, we compare human-written
lay summaries with those generated by neural

models (see Tables 7 and 8). Human summaries
go beyond simply listing experimental results;
they provide well-structured interpretations of the
research background, methods, and key findings,
whereas neural models often generate content that
appears plausible but contains inaccuracies.

Model Output

Human Reference The cerebellum utilizes proprioceptive feedback to fine-tune the timing of movements in a sequence based on
previous actions. Imagine the cerebellum as a coach who watches how you perform a move, then gives tips
to improve the next one based on what was seen. But how exactly does it achieve this? To investigate, we
trained rabbits to blink in response to an external cue and explored whether the cerebellum could use feedback
from one blink to trigger the next. As expected, after learning the initial blink, the rabbits blinked again in
response to their own first blink, creating a chain of movements. Control experiments confirmed that each blink
was initiated by the previous one rather than the original cue. Consistent patterns of brain activity during this
process indicate that the cerebellum adjusts movement based on feedback from previous actions. Building on
this, we trained rabbits to blink on cue, and they learned to initiate additional blinks in response to earlier blinks
in the sequence. We further found that the rabbits could use a blink from one eye as a cue to trigger a blink
in the other eye, suggesting that the same mechanism governs these movements. This raises the possibility
that the cerebellum might also guide sequences of cortical activity during cognitive tasks, given its extensive
connections to the cortex, a question future experiments should explore.

GPT-4o The cerebellum acts as the brain’s command center for motor control, directly issuing movement instructions
and ensuring precise timing. To test this, scientists trained rabbits to blink in response to a vibration signal.
Once trained, the rabbits began blinking in a continuous rhythm, even without an external cue, indicating that
the cerebellum could independently generate movement sequences. Interestingly, when the researchers covered
one of the rabbit’s eyes, the uncovered eye still continued blinking, suggesting that the cerebellum maintains
a direct, hardwired link between the two eyes. These findings demonstrate that the cerebellum is not only
responsible for movement execution but may also function as a memory hub for motor programs, completely
independent of the cerebral cortex.

MistralFT The cerebellum helps coordinate movements by adjusting actions based on prior attempts. To study this,
scientists trained rabbits to blink in response to a sound. Over time, the rabbits developed a habit of blinking
twice in succession, suggesting that the cerebellum is responsible for generating repetitive movements. Further
experiments showed that rabbits could use one blink as a cue for another, even switching between eyes. This
suggests that the cerebellum not only controls basic motor sequences but also plays a role in synchronizing
different body movements. It is even possible that the cerebellum helps regulate general cognitive functions,
though more research is needed.

Plan-Output q1: What can the role of the cerebellum in motor control be compared to?
q2: How do rabbits form a sequence of consecutive blinks after training?
q3: What does it suggest that rabbits can use a blink from one eye to trigger a blink in the other eye?

The cerebellum acts like a coach, refining movements based on past experiences. To explore this, scientists
trained rabbits to blink when they heard a tone. Over time, the rabbits learned to initiate a second blink in
response to their own first blink, forming a sequence of movements. This suggests that the cerebellum uses
sensory feedback to fine-tune motor control. Furthermore, the rabbits could blink one eye and then trigger
a blink in the other eye, indicating that the cerebellum directly controls bilateral facial coordination. These
findings highlight the cerebellum’s essential role in sequencing motor actions and suggest that it may also
contribute to higher-level cognitive processes.

Plan-Input q1: What kind of role does the cerebellum play in motor control?
q2: How do rabbits trigger a sequence of blinks from an initial blink after training?
q3: What does it reveal about motor control mechanisms that rabbits can use a blink from one eye to trigger
a blink in the other eye?

The cerebellum functions as a predictive system that learns movement patterns and automatically sequences
them. Researchers trained rabbits to blink when given an air puff. After sufficient training, the rabbits began
to produce consecutive blinks, with each blink triggering the next. This suggests that the cerebellum can store
movement chains and replay them when needed. Additionally, the researchers found that a blink in one eye
could lead to a blink in the opposite eye, implying that the cerebellum might have specialized circuits dedicated
to synchronizing both sides of the body. These insights open the possibility that the cerebellum also orchestrates
sequences of thoughts and decisions, a topic for future research.

Table 7: Case study 1: We use red font to mark hallucinated information. This sample comes from the test split of
the eLife dataset (Goldsack et al., 2022).
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Model Output

Human Reference When an embryo is developing, stem cells must divide and develop into many specialized types of cells.
However, if cell division doesn’t stop, or if it restarts later in life, it can cause tumors to form. Musashi-1 is
a protein that binds to molecules of RNA and helps to promote cell growth during development: mice that
lack this protein have serious brain defects and die shortly after birth. Musashi-1 is usually turned off in adult
cells that are not dividing. Sometimes, however, it remains active and contributes to the growth of cancers in
the brain and the gut. Reducing Musashi-1 levels in colon tumors slows their growth and causes the cancer
cells to die. To find a compound that would switch off Musashi-1, Clingman et al. screened more than 30,000
compounds and identified four inhibitors. One of these was oleic acid, a fatty acid that is found in olive oil and
other animal and plant oils. Oleic acid interacts with Musashi-1 in a way that changes the shape of the protein.
These changes mean that Musashi-1 is no longer able to regulate the genes that control cell proliferation.
Clingman et al. also found that Musashi-1 promotes the activity of a particular enzyme that makes fatty acids;
molecules that are needed in large quantities when cells are dividing. Musashi-1 appears to act as a nutrient
sensor, turning down the activity of this enzyme in cells when levels of oleic acid are high, and turning up
enzyme activity when oleic acid levels are low. The findings of Clingman et al. further reveal how our diets
can affect gene expression, and may aid the development of new treatments against cancer.

GPT-4o Musashi-1 is a protein that plays a crucial role in early development by directly binding to DNA and activating
genes responsible for cell proliferation. In mice that lack Musashi-1, the protein is compensated by other
molecular pathways, allowing them to develop normally with only minor cognitive impairments. To explore
ways to inhibit Musashi-1, Clingman et al. analyzed a vast library of nearly 135,000 chemical compounds.
They identified four potential inhibitors, including oleic acid, a fatty acid mainly found in red meat and
dairy products. This compound works by permanently destroying Musashi-1, preventing it from affecting
cell division. In cancer studies, researchers found that reducing Musashi-1 levels in colon tumors leads to
uncontrolled tumor growth and increased metastasis. These findings suggest that Musashi-1 may function as a
critical tumor suppressor, and future therapies should aim to enhance its activity in cancer patients rather than
inhibit it.

MistralFT Musashi-1 is a protein that regulates cell division by binding to RNA. It is active during embryonic development
but usually turns off in adults. However, it can remain active and contribute to tumors in the brain and lungs.
To inhibit Musashi-1, researchers screened over 30,000 compounds and found oleic acid, a substance present
in coconut oil and dairy products. Oleic acid interacts with Musashi-1 and permanently destroys it, stopping
it from regulating genes linked to cell growth. Additionally, high oleic acid levels completely shut down
metabolism in cells, showing how diet influences gene regulation and cancer treatment.

Plan-Output q1: What is the role of Musashi-1 in cell development and cancer growth?
q2: How does oleic acid affect Musashi-1 and its function in cell proliferation?
q3: How does Musashi-1 function as a nutrient sensor in relation to fatty acid synthesis?

Musashi-1 is a protein that binds to RNA molecules and plays a crucial role in cell division and tissue
development. During early embryonic growth, it ensures proper differentiation of stem cells. Mice lacking
Musashi-1 experience severe neurological defects and typically survive for several months before succumbing
to developmental issues. Normally, Musashi-1 is turned off in mature cells, but in some cases, it remains
active and has been linked to tumor formation in the brain and kidneys. To counteract Musashi-1 activity,
Clingman et al. screened over 30,000 potential inhibitors and identified four promising compounds. One of
them, oleic acid–found in olive oil and fish oil–was particularly effective. It interacts with Musashi-1 in a
way that causes the protein to break down, thereby preventing it from controlling genes involved in cell
proliferation. Additionally, Musashi-1 functions as a metabolic sensor by regulating fatty acid synthesis. When
oleic acid levels are low, Musashi-1 suppresses enzyme activity, reducing fatty acid production. However,
when oleic acid concentrations rise, the enzyme becomes highly active, increasing fatty acid availability to
support rapid cell growth. These findings illustrate the link between diet and gene regulation and could inform
new therapeutic strategies for cancer treatment.

Plan-Input q1: What happens to mice that do not have Musashi-1, and what does this indicate about its function?
q2: How did researchers identify inhibitors of Musashi-1, and what is one of the inhibitors they found?
q3: What effect does reducing Musashi-1 levels have on colon tumors, and what does this suggest for cancer
treatment?

Musashi-1 is a crucial protein that binds to RNA and plays a key role in cell division and development. When
mice lack Musashi-1, they develop mild brain defects but survive into adulthood, though with noticeable
neurological impairments. This suggests that Musashi-1 is essential for normal brain development and proper
neural function. To identify potential inhibitors of Musashi-1, Clingman et al. conducted a large-scale screening
of nearly 52,000 chemical compounds. Among the four inhibitors they discovered, one was oleic acid, a fatty
acid commonly found in olive oil and coconut oil. Oleic acid interacts with Musashi-1 by binding to it directly,
leading to its complete deactivation. Reducing Musashi-1 levels in colon tumors has been shown to accelerate
their growth, making the tumors more aggressive. This suggests that Musashi-1 may have a dual role in cell
regulation, potentially acting as both a tumor promoter and suppressor in different contexts. These findings
provide new insights into the complex role of Musashi-1 in cancer and could inform the development of novel
therapeutic strategies.

Table 8: Case study 2: We use red font to mark hallucinated information. This sample comes from the
test split of the eLife dataset (Goldsack et al., 2022).
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