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Abstract
Pre-trained large language models (LLMs) align their outputs with user intent through natural language instructions.
In the summarization task, conciseness of the output is inherently required, which makes the instruction-following
capability of LLMs particularly important. That is, providing supplementary information beyond the instruction can be
undesirable. In this study, we introduce a novel benchmark, InstructSum, consisting of 3,309 types of instructions to
evaluate the instruction-following capability in the summarization task. InstructSum has multiple instructions per
source text, and thus it enables the evaluation of how LLMs adjust the content of the summary according to the
instructions. Our experiments with six LLM families revealed the challenges that LLMs face in this task. For example,
LLMs provide polite and helpful responses with irrelevant information; they go beyond instructions and fail to respond

with a concise summary.

Keywords: Summarization, Evaluation Methodologies, Language Modelling

1. Introduction

Large language models (LLMs) control their output
by referring to instructions or input and output ex-
amples in the prompt (Ouyang et al., 2022; Touvron
et al., 2023a,b; Bai et al., 2023; Jiang et al., 2023;
Gemma Team et al., 2024). Following natural lan-
guage instructions is a fundamental capability of
LLMs to meet users’ requirements in their practical
applications. While LLMs acquire this capability
during post-training, they align their responses with
human preferences (Christiano et al., 2017; Stien-
non et al., 2020; Ouyang et al., 2022). As aresult, to
respond helpfully, LLMs often provide redundant in-
formation beyond the instruction (Saito et al., 2023;
Chen et al., 2024a; Miao et al., 2025).

Because summarization, a prominent applica-
tion of natural language processing and LLMs (Her-
mann et al., 2015; See et al., 2017; Liu et al.,
2024c), inherently requires a concise response,
the instruction-following capability is a crucial prob-
lem; a verbose response exceeding the topic of
the instruction is not appropriate as a summary.
However, although general instruction-following ca-
pability has been extensively studied (Zhou et al.,
2023; Qin et al., 2024a; Jiang et al., 2024a), the
instruction-following in summarization has received
limited attention.

Here, the goal of this paper is to enable the
evaluation of the instruction-following capability in
summarization with an emphasis on a perspective
of conciseness. To this end, we provide a novel
benchmark, InstructSum. The concept of Instruct-
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Instruction1: | ] N Summary 1:
First, include A ... Aof Xis ...
Source Text:
: Xis ...
Instruction 2: Summary 2:
First, include A... — —» AofXis ...
Second, descibe B ... Besides, B is ...

Figure 1: Concept of InstructSum. Each source text
is paired with multiple instructions, and the instruc-
tions specify an increasing number of aspects. We
evaluate LLMs’ instruction-following capability by
focusing on the consistency between the content
in the summary and the aspects in the instruction.

Sum is illustrated in Figure 1. The novelty of In-
structSum lies in its cumulative instruction structure,
where each source text is associated with multiple
instructions, and each successive instruction ex-
tends the previous one by incorporating additional
aspects. LLMs are prompted to generate a sum-
mary as concise as possible that covers only the
aspects specified in the given instruction. To cre-
ate InstructSum, writing instructions places a heavy
burden on annotators because it requires identify-
ing multiple aspects in a summary and formulating
an instruction for each aspect. Thus, to alleviate
the burden, we made clusters of summaries written
in a similar manner, then asked expert annotators
to write the common manner in a cluster as the
instruction. This clustering-based approach offers
several advantages. First, writing instructions with-
out guidance is open-ended and may lead to con-
fusion. Clustering provides guidance that reduces
confusion and improves efficiency. Second, cluster-
ing serves as data augmentation because a set of
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instructions can be used for multiple pairs of source
and target text.

Beyond the dataset creation, we introduce two
types of metrics for InstructSum. The first type
uses the LLM-as-a-judge framework to evaluate
the over-coverage and under-coverage of the gen-
erated summary relative to the given instruction.
The second performs pairwise comparisons be-
tween summaries generated under the different
instructions for the same source text.

We evaluated six LLM families with InstructSum.
Experimental results revealed the challenges of
LLMs in the summarization task. In particular, we
observed that LLMs often failed to generate a con-
cise summary. LLMs provided information beyond
the instructions, even though they were instructed
to generate a summary as concise as possible.
This tendency was remarkable especially when the
instruction consisted of one aspect.

2. InstructSum

First, we define the instructive summarization task
in §2.1. Then, we describe the dataset creation
process of the dataset satisfying the formulation in
§2.2, §2.3, §2.4, and Figure 2.

2.1.

Instructive Summarization. LLMs output the
summary T when given an instruction I and source
text S. We expect and guide LLMs to generate a
summary for an instruction as concise as possible
while it meets the requirements of the instruction.

Problem Formulation

2.2. Raw Data Collection

We first collected Wikipedia articles and create the
target texts. Second, we generated the source text
from the target text. Finally, we clustered the target
texts for annotation efficiency by leveraging the edit
distance of the Wikipedia titles and abstracts.

Collection of target texts. Following Wik-
iSum (Liu et al., 2018), we used the abstract section
of a Wikipedia article as the target text.!

Generation of source texts. Defining a source
document for a Wikipedia abstract is difficult; the ar-
ticle body often does not contain information stated
in the abstract. Thus, we generate a source text
with gpt-oss-120b (Agarwal et al., 2025).2 Figure 3

'We used the dump data of Wikipedia CirrusSearch

on October 11th, 2022. https://dumps.wikimedia.

org/other/cirrussearch/
2For gpt-oss-120b, we followed the default
reasoning-effort = medium setting in all cases.

shows the prompt. We discuss the quality of the
original and generated source texts in §2.5.

Clustering of target texts. We clustered the tar-
get texts by referring to Wu et al. (2021), which pro-
posed a task to write a sketch of multiple Wikipedia
abstracts. First, we grouped articles whose titles
were identical except for a token at the same posi-
tion. Then, we measured the Levenshtein distance
of all article pairs in the cluster, and removed ar-
ticles whose minimum distance was larger than
70% of its token length from the cluster. Finally, we
deleted clusters with fewer than five members.

2.3. Dataset Annotation

Here, we created instruction sentences that is a part
of the final instruction. The instruction sentences
indicate common content in the target texts in a
cluster. Thus, the resulting instruction sentences
work as a guidance to generate a target text from
the corresponding source text.

Then, we created the relation label between each
instruction sentence and each sentence in a tar-
get text to clarify which sentence in a target text
meets the requirements of an instruction sentence.
Although this information is not required for eval-
uation, this process helps verify the quality of the
instruction creation process. Also, it enables In-
structSum to be used as the post-training dataset
in future work.

Annotation process. We hired six professional
annotators and supervised them with close com-
munication and verification. All annotators were
native English speakers. We assigned an annota-
tor the task of writing instructions for a cluster to
read five articles in the cluster. Then, another an-
notator constructed binary label matrices for all of
the articles in that cluster. Each value in the binary
matrix indicates whether a sentence in the article
contains the content requested by an instruction
sentence. Instead of hiring many crowd workers
and assigning multiple crowd workers to the same
cluster to measure the level of agreement, we hired
and trained a small number of expert annotators in
order to ensure the quality. Because we assigned
an professional annotator to each cluster, we did
not compute the annotator agreement. However,
the labeling process reduced noise in the instruc-
tion annotation by verifying the relationship among
all instructions and all target texts in a cluster. It
took on average 20 minutes to write instructions for
five articles and 72 minutes to label the sentences
in all articles of a cluster.

Annotation of instruction. We asked the expert
annotators to write instructions for 900 clusters and
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(§2.2) Collect target texts, generate (§2.3-1) Annotate instructions
source texts, and create clusters for the target texts in a cluister

T7

T
Target
Text

Instruction
Sentence 1

Source
Text

Instruction
Sentence 5

(§2.3-2) Annotate labels for the
instructions and a target text

Target
Text Sentence 1,2,3,4,5

(§2.4) Create summarization instances
from the instructions and the target text
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Target Text
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Figure 2: Data creation process of InstructSum. Objects in blue boxes are created in each step. In
the first step, described in §2.2, we collected target texts from Wikipedia, generated source texts, and
clustered them. In the second steps in §2.3, annotators wrote instruction sentences for a cluster so that
the instruction sentences mentioned common content in the cluster. They labeled whether each sentence
in a target text has information indicated by each instruction sentence. In the third step in §2.4, we created

(I, S, T) instances by merging instruction sentences.

[Instruction]

You are a professional writer. Given a Wikipedia-style
summary and its topic, write a detailed article of 500 to 1000
words.

The article must include all information and key terms from
the summary, integrated naturally throughout the text and
spread across multiple paragraphs, not concentrated in the
first or last paragraph.

Do not restate the given summary in the first or last
paragraph, and do not create a leading or concluding
paragraph that summarizes the article itself.

You may add additional context, background, examples, and
related information to make the article rich and complex.
Your output must contain only the article itself, with no
explanations or instructions.

[Topic]
{Wikipedia title}

[Summary]
{target text}

[Article]

Figure 3: Prompt for source text generation. {x}
means the substitution of z.

8,988 target texts. They wrote five instruction sen-
tences per cluster according to the following pro-
cedure. To reduce the burden on the annotators,
they read five target texts in a cluster.

Firstly, the annotators extracted keywords of a
class (e.g., Donald Trump and Joe Biden) from
each target text and noted the class name (Presi-
dent’'s Name). Secondly, they wrote an instruction
sentence mentioning a class name that is popular
in the cluster. If the order of appearance of the class
keywords was common throughout the target texts,
the instruction sentence mentioned the order. If the
number of target texts including the class keywords
was less than four, it mentioned the condition under
which to include them. The annotators were given
five source texts per cluster, and thus we consider
that class keywords appearing in five or four source
texts are frequent information in the cluster. In con-

#Items Token Length
Cluster 900 —
Instruction 900 65.2
Source Text 8988 1065.3
Target Text 8988 91.7

Table 1: Statistics of the raw format version of In-
structSum, which is before the transformation into
the instructive summarization format. The length
are counted with spaCy (Honnibal and Montani,
2018) en-core-web-sm tokenizer and averaged
among the dataset. Each instruction has five in-
struction sentences.

trast, class keywords appeared in only three or two
source texts are rare information in the cluster, and
we asked the annotators to specify the cases in
which the target text includes such information.

Annotation of relation between instruction and
target text. The annotators annotated a binary
matrix per target text. The cells in the matrix in-
dicated whether each target sentence, which was
split from the target text, included the content men-
tioned in each instruction sentence. The motiva-
tions of this procedure is not only to collect the
labels but also to secure and feedback annotation
quality.

Data statistics. Table 1 shows the data statistics
of the annotated datasets. We provide histograms
of token lengths in Appendix A.

2.4. Transformation to the instructive
summarization task

Then, we transformed the dataset to the format
defined in §2.1. From the instructions consisting
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of five sentences, we created five instructions 1
by concatenating the instruction sentences from
1toj(j =1,---,5). Because we use LLM-as-a-
judge evaluation, instead of modifying the target
text according to the corresponding instruction, we
instructed the LLMs that the target text was writ-
ten independently of the instruction. We removed
any instructions that were linked to non-successive
sentences in the target text to avoid impractical in-
structions. Note that we denote the instructions
described in this subsection as I; that is, I are not
the raw data collected and annotated in the previ-
ous subsection.

2.5. Dataset Analysis

Data statistics. Table 2 shows the data statistics.
Ly, Ls, and Ly denote the token lengths of the in-
struction, source text, and target text, respectively.

Quality of instruction. Figure 4 shows the dis-
tribution of first words of the 4,500 instruction sen-
tences. 13.0% of the sentences are conditional
instructions beginning with “If.” An example is“If
the song was included on the greatest hits album,
write it down including the song name.” 36.7%
of the sentences refer to the order of appearance
of the class keywords by beginning with specific
adverbs, such as “First” and “Next.” These instruc-
tions are more complex than those that specify only
a keyword class. The remaining 50.3% specify a
keyword class with a variety of expressions.

Quality of source text. Because the source text
is generated by gpt-oss-120b, there is a concern
about the quality of the source text. During gener-
ation, we conducted manual spot checks on two
aspects: the information included in the target text
must be covered by the source text and appear
across its multiple parts. We found that the issue
with coverage was minimal. However, the infor-
mation dispersion requires greater attention in the
pilot version of our dataset because the model often
inserted the target text unchanged into the open-
ing paragraph of the source text. Thus, we added
corresponding constraints (e.g., “integrated natu-
rally throughout the text and spread across multiple
paragraphs”), to the prompt shown in Figure 3.

As a result of such prompt engineering, our
spot checks suggested that the source texts were
aligned with the targets. Table 3 shows an example
of a source text. We observed that the information
in the target text is covered and appeared across
multiple parts in the source text. Also, we calcu-
lated the n-gram coverage of the target text by the
source text. We compared the coverage in Instruct-
Sum with two summarization datasets, CNN/Daily
Mail (CNN/DM) (Hermann et al., 2015) and Multi-

#S #I #T LS L[ LT
8,993 3,309 8,993 1065.3 652 91.7

Table 2: Statistics of InstructSum in the instructive
summarization format. The token length of the
summary (Lg), instruction (L), and target text (L)
is averaged over the dataset.

-
7' 5.9%

@
.Finally

’irst
irstly

Second
econdly

6.7%

misc.

Figure 4: Classification of instructions and distribu-
tion of first words.

News (Fabbri et al., 2019). Here, we reference
CNN/DM and Multi-News because they are com-
monly used benchmarks and the lengths of their
source and target texts are similar to ours. Table 4
lists the results. The n-gram coverage is compa-
rable, which indicates that the source texts in In-
structSum are consistent with the target texts as in
the standard datasets. Also, we found that increas-
ing n decreases the coverage more in InstructSum
than the other datasets. We consider that this is
because our prompt instructing “You are a profes-
sional writer” led to frequent paraphrasing of key
phrases in the target text. Furthermore, we con-
firmed that generating source text leads to higher
n-gram coverage than using the original source text
(i.e., the Wikipedia body).

2.6. Data Distribution and Data Split

Table 5 shows the distribution of the categories
of the Wikipedia articles in the dataset. The
categories were automatically classified by Cir-
rusSearch. We note that an article and a cluster
may belong to multiple categories.

In order to evaluate the control capability with
regard to unseen instructions, we used 104 clusters
that did not include Geography articles as the test
set. The remaining 796 clusters were split randomly
into 746 training and 50 development clusters.
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Title:
70th Primetime Creative Arts Emmy Awards

Target Text:

The 70th Annual Primetime Creative Arts Emmy Awards ceremony
were held over two nights on September 8 and September 9, 2018.
The nominations were announced on July 12, 2018. The ceremony
was in conjunction with the annual Primetime Emmy Awards and is
presented in recognition of technical and other similar achievements
in American television programming, including guest acting roles.

Source Text:

The Creative Arts Emmy Awards have long served as the backstage
engine that powers the glitz of primetime television, honoring the
craftspeople whose work often goes unseen by the casual viewer.
- -+ Over the decades, the awards have evolved from a modest
adjunct to the main Primetime Emmys into a sprawling, multi-night
celebration that mirrors the growing complexity of modern television
production.

In 2018, the ceremony reached a new milestone with its 70th iteration,
reflecting seven decades of industry innovation. The nominations,
unveiled on July 12, - - -

The awards themselves unfolded over two consecutive evenings,
September 8 and September 9, 2018, - - -

One of the most talked-about moments of the 70th Creative Arts Em-
mys was the recognition of guest actors who delivered memorable,
albeit brief, contributions to their respective series. The guest acting
categories—spanning drama, comedy, and limited series—have
become a barometer for the industry’s appreciation of talent that
can elevate a show in just a handful of scenes. - - -

Table 3: Example of a source and target text pair.
The source text is omitted, which consists of 17
paragraphs and 822 words.

1 2 3 4 Lg Lt

InstructSum 77.3 37.8 17.2 8.61 1065.3 91.7
CNN/DM 82.7 46.5 279 191 785.7 66.7
Multi-News 72.0 39.6 23.7 17.7 2119.5 262.4

Original source 56.6 22.4 10.2 5.21 17441 91.7

Table 4: Percentage of n-gram coverage in the sum-
marization datasets. The left columns indicates the
uni-gram , bi-gram, tri-gram, and 4-gram coverage,
respectively. The rest is the token length of the
summary, and target text (L7).

3. Evaluation Metrics

To evaluate the LLM’s instruction-following capa-
bility in the summarization task, we introduce four
metrics.

Precision-GPT (P-GPT). We evaluate the con-
ciseness of summaries that should include the in-
formation requested by the instructions. We obtain
this score by prompting the gpt-oss-120b model to
rate each summary on a scale from 1 (verbose) to
10 (concise). We adopt the open-source gpt-oss-
120b model for reproducibility and cost efficiency.
Figure 5 shows the prompt. We report the average
score over the test split Diess.

Recall-GPT (R-GPT). We evaluate that complete-
ness of summaries that should satisfy all the as-
pects in the instruction. We calculate this score in

Geography/Regions 6920
Culture/Sports 2808
Culture/Media 2157

Culture/Biography 1969
History and Society/Politics and Government | 1458
Culture/Media 958
Geography/Geographical 833
STEM/STEM 629

Culture/Visual Arts 523

History and Society/Society 485

History and Society/Transportation 431

Table 5: Top-ten categories/subcategories of arti-
clesin InstructSum. CirrusSearch groups Wikipedia
into four categories: Geography, Culture, STEM,
and History and Society.

the same manner as P-GPT. 1 is an incomplete
summary, and 10 is a complete one.

F1-GPT (F-GPT). We report F-GPT, the harmonic
mean of P-GPT and R-GPT, as a balanced metric.

Length Consistency (L-Cons). In the instructive
summarization task, the content in the generated
summary f(S,I) is determined by the instruction I.
From the perspective of conciseness, the amount
of content in the summary should increase as the
number of aspects specified in the instructions in-
creases. As explained in §2.4, each source text
has five instructions; the instruction I; consists of
the first j instruction sentences (i.e., sentences 1
through j). Here, because I; C I if j < k, the
content in f(S, I;;) must be richer than in f(S,I;).
Thus, we define length consistency as follows:

o |7 30 60U L) > 1S L)} |

1<j<4

where [(-) is the token length and §(-) is an indicator
function.

Liu et al. (2024b) conducted a meta-evaluation
based on 100 samples in the instructive summariza-
tion, which includes variants of P-GPT and R-GPT.
They reported that Irrelevant Information, which
corresponds to P-GPT based on gpt-4-0314 (Ope-
nAl, 2023), and Missing Information, which corre-
sponds to R-GPT, have correlations of 0.738 and
0.949, respectively, with the human annotations in
a system-level evaluation.

4. Experiments

We investigated the instruction-following capability
of state-of-the-art LLMs in the summarization task.
We note that the purpose of our experiments is not
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[Instruction]

Please act as an impartial judge and evaluate the quality
of the summary responded by an Al assistant to the user
instructions displayed below. Instead of the source text,
your evaluation must rely the reference summary written
by a human from the same source text, independent of the
instructions. Begin your evaluation by providing a short
explanation. Be as objective as possible. After providing
your explanation, you must judge whether the summary
provides only the information requested by the instructions
on a scale of 1 (verbose) to 10 (concise) how completely
the summary provides all the information requested by the
instructions on a scale of 1 (incomplete) to 10 (complete) by
strictly following this format: “[[rating]]”, for example: “Rating:

(s,

[Instructions for Assistant]
{instructions}

[The Start of Assistant’'s Summary]
{generated summary}
[The End of Assistant's Summary]

[The Start of Reference Summary]
{reference summary}
[The End of Reference Summary]

Figure 5: Prompt for the precision score (colored
in red) and recall score (blue).

Summarize this article as concisely as possible, following
the instructions below. Include all points mentioned in the
instructions, and do not add anything beyond them. Only
provide the summary, without any additional explanation.

[Instructions]
{instructions}

[Title]

{Wikipedia title}
[The Start of Article]
{source text}

[The End of Article]

[Summary]

Figure 6: Prompt for inference.

to rank LLMs against each other, but to discuss the
current achievements and challenges of LLMs.

4.1. Experimental settings

Models. We adapted six LLM families:
Llama3 (Grattafiori et al., 2024), Llama4-
Scout (Meta Al, 2025), gemma3 (Gemma

Team et al., 2025), Qwen3 (Yang et al., 2025),
GPT-5 (OpenAl, 2025).3, and gpt-oss-120b. We
used the non-reasoning mode for all evaluation,
except gpt-oss, which was selected for the
self-evaluation scenario.

Inference. We fed the prompts shown in Figure 6
to the model and generated summaries in a zero-
shot fashion. We used vlim (Kwon et al., 2023b) on

SWe used the gpt-5-2025-08-07 shapshot In the AP
call, we set reasoning-effort minimal and verbosity low.

| Size | P-GPT R-GPT F-GPT L-Cons

Llamag | 8B | 222 818 333 485
70B | 318 855 411 505

Llama4 |[109B| 6.38 7.96 656  60.4
ommas| 4B | 498 799 561 543
9 27B | 692 855 7.16 609
4B | 686 810 6.88 616

Qwen3 | 8B | 697 831 708 643
14B | 717 858 737 63.6

32B | 7.86 861 7.85 72.1

nano | 6.75 8.83 7.16 64.8

GPT-5 | mini | 669 916 723 61.4
720 931 767 645

gpt-oss |120B| 7.08 9.30 7.59 585

Table 6: Performance of the models.

eight NVIDIA H100 (80GB) GPUs for generation.

4.2. Results and discussion

Can LLMs generate concise summaries? Ta-
ble 6 shows the main results. We first focus on
P-GPT, which measures the degree to which the
content in the summary is required by the instruc-
tions. In other words, a smaller P-GPT means that
the summary is more redundant with respect to
the instructions. We found that the P-GPT scores
were consistent with the model size except for GPT-
5. This is reasonable because GPT-5 nano “is
great for summarization and classification tasks”
according to the official document.* The Qwen3-
series showed strong performance even with the
4B model. The Llama3-series showed the lower
P-GPT scores, indicating that it tends to provide
polite responses with additional information rather
than strictly following instructions.

Can LLMs generate informative summaries?
Secondly, we discuss R-GPT, which measures the
degree to which the requirements in the instructions
are satisfied in the summary. We found that the
R-GPT performance remained consistently high
across the models.

Comparing the P-GPT and R-GPT, all models
had a higher R-GPT score than P-GPT. This ten-
dency reflects the post-training strategy of LLMs.
Because LLMs are trained to generate human-
preferred responses, they tend to add potentially
relevant information to minimize the risk of over-
looking the given instructions. Consequently, LLMs
often go beyond the given instruction and fail to
produce concise summaries.

*https://platform.openai.com/docs/
models/gpt—-5-nano
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Figure 7: Average P-GPT, R-GPT, and F-GPT of generated summaries per number of instruction sen-

tences.
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Figure 8: Average token length of generated sum-
maries per number of instruction sentences. We
omit the results of Llama3-series because they
were over 700 tokens.

Can LLMs generate balanced summaries?
Third, we mention F-GPT, the harmonic mean of
P-GPT and R-GPT. We found consistency between
F-GPT and model size, similar to the observation
for P-GPT. Besides, Qwen3-series perform well
due to their high P-GPT scores.

Do LLMs adjust the amount of content in their
summaries according to instructions? Then,
we explore L-Cons, which reflects the expectation
that when an instruction requests more aspects,
the content of the summary should increase ac-
cordingly. Considering that the chance level of
L-Cons is 50%, we conclude that LLMs have only
a limited ability to adjust the amount of content in
response to instructions. We hypothesize that the
LLMs learned a preferred generation length during
post-training and tend to maintain this length even
when instructed otherwise. To further advance this
discussion, we pose the next research question.

Can LLMs change the length of the summaries
according to the instructions? Figure 8 shows
the average token length grouped by the number
of instruction sentences. We observed two main
trends: an overall upward trend for |I| > 3 and
the longest generations at |I| = 1. The upward
trend is expected; more instructions are given, and
the summarization becomes longer as the content
required for the instructions increases.

We consider that the longest generation at || I|| =
1 reinforces the aforementioned observation that
LLMs learn a preferred generation length. That is,
LLMs tend to expand the output with additional in-
formation up to their preferred length, although they
are instructed to generate summaries as concisely
as possible. In contrast, if the instructions consist
of multiple sub-queries, LLMs can determine what
content to include in the summary based on the
instructions, independently of their preferred length.

Can LLMs change the contents of the summary
according to the instruction? Figure 7 shows
the average P-GPT, R-GPT, and F-GPT grouped by
the number of instruction sentences. P-GPT was
defined such that 1 means verbose and 10 means
concise. Therefore, P-GPT suffers from the same
issue seen in the token length. At || I|| = 1, the sum-
mary has redundant information to meet a certain
token length, and the P-GPT scores worsen. When
III|| > 2, the P-GPT scores exhibit an inverted U-
shape, particularly when the LLMs achieve rela-
tively high scores (e.g., P-GPT > 6). When more
aspects are fed, it becomes more challenging to
respond to all the requirements concisely. We con-
sider this to be the reason for the inverted U-shape
of P-GPT scores.

R-GPT was defined such that 1 means incom-
plete and 10 means complete. Thus, it showed an
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Title:
70th Primetime Creative Arts Emmy Awards

Title:
Absolution (Agents of S.H.I.LE.L.D.)

Instructions:
1. State what the purpose of the awards are for.
2. Mention when the nominations were announced.

Instructions:
1. Include which universe the show is set in.
2. Write down the name of the director.

Summary for Instruction 1: (P-GPT 9, R-GPT 10)

The purpose of the 70th Primetime Creative Arts Emmy Awards is
to honor the technical and artistic contributions of craftspeople in
television, including set design, costume creation, sound mixing,
visual effects, guest acting, and other behind-the-scenes work that
supports the production of primetime television.

Summary for Instruction 1 and 2: (P-GPT 9, R-GPT 10)

The 70th Primetime Creative Arts Emmy Awards honor the technical
and artistic contributions behind television production, including set
design, sound, visual effects, and guest acting. The nominations
were announced on July 12, 2018.

Table 7: First example of the generated summaries
by Qwen3-32B.

overall downward trend, because as the number
of aspects in the instruction increases, it becomes
more challenging to satisfy all of them. The trend
of F-GPT is consistent with that of P-GPT.

Qualitative analysis. We discuss the typical be-
haviors of the generated summaries in Instruct-
Sum. Here, we focus on Qwen3-32B because it
performed best in the F-GPT score. We list the first
two instruction sentences and the corresponding
generated summaries due to space limits.

Table 7 shows the first example. The correspond-
ing source and target texts are shown in Table 3.
We consider that the generated summary for in-
struction 1 is one of the expected behaviors of
LLMs in the instructive summarization. The top-
ics in the summary remained within the scope of
the instruction (the purpose of the awards). How-
ever, the model helpfully added details within the
topic to avoid a too simple response that humans
do not prefer. The generated summary for instruc-
tion 1 and 2 is also acceptable. However, we found
that the LLMs tend to answer the request in the
first instruction extensively and to add a brief an-
swer to the second instruction at the end. Such an
imbalanced explanation problem, where the infor-
mation regarding the second instruction is shorter
and simpler than that of the first instruction, was
observed throughout the experiments. This find-
ing can be regarded as a novel form of positional
bias (Liu et al., 2024a; Chen et al., 2024b; Zeng
et al., 2025). The proposed L-Cons metric detects
the imbalanced explanation problem by penalizing
shorter summaries for more requests.

Table 8 shows the second example. The gener-
ated summary for instruction 1 is a typical error. It
went beyond the topic of the instruction (universe),
such as the season. This is because LLMs adhere
to a preferred generation length and thus expand
summaries with irrelevant information to reach a
learned length. The P-GPT score detects this type

Summary for Instruction 1: (P-GPT 3, R-GPT 10)

“Absolution” is part of the third season, which intertwines the after-
math of *Captain America: Civil War* with the series’ own storyline.
The episode, directed by Billy Gierhart and written by Chris Dingess
and Drew Z. Greenberg, features the team battling Hive, an ancient
Inhuman parasite, in a high-stakes conflict that tests their leadership,
loyalty, and morality. Clark Gregg reprises his role as Phil Coulson,
while Chloe Bennet, Brett Dalton, Ming-Na Wen, lain De Caestecker,
Elizabeth Henstridge, Henry Simmons, and Luke Mitchell deliver
key performances. The episode aired on May 17, 2016, and was
praised for its character development, visual style, and integration
of MCU themes.

Summary for Instruction 1 and 2: (P-GPT 10, R-GPT 10)

The episode “Absolution” is part of the *Agents of S.H.I.LE.L.D.*
series set in the Marvel Cinematic Universe. It was directed by Billy
Gierhart.

Table 8: Second example of the generated sum-
maries by Qwen3-32B.

of error. The generated summary for instruction
1 and 2 is a simple yet expected example as the
summarization output. However, the generated
summary to the first instruction in the first example
exhibits a polite and helpful style that is typical of
LLMs’ responses. We consider that both scores of
9 and 10 in P-GPT are desirable, and they capture
different styles of summaries.

5. Related Work

5.1. Instruction-following capability of
large language models

In the early days of the LLM era, the instruction-
following capability of LLMs was fine-tuned and
evaluated by providing a wide range of NLP tasks
and viewing their task definition as the instruc-
tions (Wei et al., 2022; Wang et al., 2022). As
the use of LLM has become widely spread and
increasingly diverse, the fine-grained instruction-
following capability has attracted attention. Due
to the increased attention, some papers have re-
leased benchmarks that include instructions regard-
ing various aspects in addition to the main task de-
scription (Zhou et al., 2023; Qin et al., 2024b; Jiang
et al., 2024b; Chen et al., 2024b; He et al., 2024;
Wen et al., 2024; Dussolle et al., 2025; Pyatkin et al.,
2025). However, in general NLP tasks, a helpful yet
verbose response can be acceptable. In summa-
rization, where conciseness is essential, such ver-
bosity is a crucial problem. Thus, we extended this
line of work to summarization and created Instruct-
Sum by focusing on the summaries for the different
instructions and the same source text. In the in-
structive summarization task, Skopek et al. (2023);
Liu et al. (2024b) investigated a meta-evaluation of
this task and discussed potential evaluation met-
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rics. Based on their meta-evaluation, we adopted
the P-GPT and R-GPT metrics for InstructSum and
conducted large-scale experiments on the various
LLMs.

5.2. Controllable abstractive
summarization

Abstractive summarization has been controlled by
given queries (Dang, 2005, 2006; Nema et al.,
2017; Kulkarni et al., 2020; Zhong et al., 2021;
Zhu et al.,, 2022; Huang et al., 2023; Ramirez-Orta
et al., 2025), aspects (Wang and Ling, 2016; Yang
et al., 2018; Hayashi et al., 2021; T.y.s.s. et al,,
2024; Zhong and Litman, 2025), keywords (Saito
et al., 2020b; He et al., 2021; Liu and Chen, 2022),
styles (Goyal et al., 2022; Bao et al., 2023), and
lengths (Kikuchi et al., 2016; Saito et al., 2020a;
Liu et al., 2022; Kwon et al., 2023a; Retkowski and
Waibel, 2025). Although each specification method
has its own advantages, InstructSum is novel be-
cause it focuses on controlling both the amount
and the categories of information included in the
summary via multiple textual instructions, and en-
ables the evaluation of LLMs’ capabilities from this
perspective.

5.3. Conciseness in LLM-based
summarization

Reinforcement learning used to train LLMs can in-
duce length bias (Shen et al., 2023; Singhal et al.,
2024), which encourages verbose outputs. As
LLMs that favor longer responses continue to be
released, conciseness remains a fundamental prin-
ciple of summarization and addressing it is increas-
ingly important. Several recent studies have in-
corporated conciseness as an evaluation dimen-
sion (Liu et al., 2024b; Song et al., 2024; Lee et al.,
2024; Song et al., 2025). This work highlights the
importance of conciseness in LLM-based summa-
rization by providing the evaluation framework that
explicitly controls the amount of information in the
summary.

6. Conclusion

To evaluate the instruction-following capability of
LLMs in the summarization task, we introduced the
InstructSum dataset and the evaluation metrics.
Our experiments clarified the following chal-
lenges of the state-of-the-art LLMs: (i) LLMs prefer
the coverage of summaries to the conciseness; (i)
both conciseness and coverage increase as the
model size grows; (iii) LLMs may learn a prefer-
able token length of the response during their post-
training, and they expand the summary until the
length even if it beyond user’s intent; (iv) LLMs

heavily focused the first instruction and disregard
later instructions. We believe that our InstructSum
dataset and findings provide a solid foundation in
exploration of the instruction-following capability in
summarization.
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Figure 9: Histogram of token lengths for the source
text.
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Figure 10: Histogram of token lengths for the target
text.
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Figure 11: Histogram of token lengths for the in-
structions.

A. Dataset Details

Figures 9, 10, and 11 show the histograms of
the token lengths for the source text, the target
text, and the instruction in InstructSum, respectively.
We exclude values below the 0.5th percentile and
above the 99.5th percentile for clarity.
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