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Abstract

Argument generation is a fundamental NLP
task that aims to automatically produce persua-
sive arguments. Effective human argumenta-
tion is inherently complex and multifaceted,
integrating argumentative strategies, appropri-
ate styles, and adaptation to target audiences,
etc. However, existing studies focus on lim-
ited control signals such as topic, stance, or
key aspects, failing to capture this complex-
ity. As LLMs advance, the lack of bench-
marks evaluating multifaceted argumentative
control becomes a critical bottleneck. To ad-
dress this, we introduce ArgGenBench, a novel
benchmark containing complex instructions
that integrate multi-dimensional control, includ-
ing topic, stance, length, style, strategy, au-
dience, and key points. Extensive evaluation
across 15 LLMs reveals significant limitations:
even the best-performing model achieves only
42.7% win rate against human-verified refer-
ences. These results highlight the challenge of
controlled argument generation and establish
ArgGenBench as a rigorous testbed for devel-
oping more capable systems.

1 Introduction

Argumentation is a cornerstone of human commu-
nication, reasoning, and collaboration (Lawrence
and Reed, 2019; Stab and Gurevych, 2017; Bao
et al., 2025). In NLP, a central task to exam-
ine this capability is argument generation, which
seeks to automatically synthesize persuasive argu-
ments (Khatib et al., 2021; Wang et al., 2023; Hu
et al., 2025). Robust argument generation systems
could enable diverse applications such as writing
assistants (Zhang et al., 2023), educational tools
(Green, 2017), and debate systems (Slonim et al.,
2021). An effective argument generation system
requires the ability not only to produce coherent
topic-relevant arguments but also to reason, present
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Basic Elements

Topic: The US should adopt
stricter gun control legislation.

Control Signals

[ Stance: support

[ Length: 150-200 words ]

Data Sample

Instruction:

Could you help me craft a passionate argument of 150-200 words
supporting the US should adopt stricter gun control legislation for
gun advocates? You can use a concession and rebuttal strategy, with
an emphasis on reducing gun violence and saving lives.

Reference Argument:

We're literally watching our communities bleed out while we debate
constitutional interpretations! Every day, families are shattered by
preventable gun violence ...

Figure 1: The illustration of a data sample in our pro-
posed benchmark. Elements within solid-line boxes are
mandatory, while those within dashed-line boxes are
optional. For this specific instruction, it integrates all
basic elements and control signals except the “input ar-
gument” element.

evidence, employ argumentative strategies, and
adopt appropriate styles to influence the audience.
As LLMs advance, their ability to generate high-
quality arguments has drawn significant attention
(Lin et al., 2023; Mouchel et al., 2025).

However, the prevailing paradigm typically gen-
erates arguments only based on a few argumenta-
tive elements: topic (Gretz et al., 2020; Alshomary
et al., 2022), stance (Hua and Wang, 2018; Hua
et al., 2019), or key content aspects (Schiller et al.,
2021; Saha and Srihari, 2023). While these ele-
ments define the basic semantic foundation of ar-
guments, they alone cannot capture the complexity
inherent in human argumentation. Instead, persua-
sive arguments are crafted by further incorporating
specific argumentative strategies (e.g., appeal to
authority, appeal to emotion), adopting a suitable
style (e.g., polite, passionate), and adapting to a
target audience. For example (see Figure 1), to ef-
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fectively persuade gun advocates to support a gun
ban requires more than just stating one’s views—it
calls for presenting in a more persuasive manner: a
passionate style can help make the argument more
engaging and relatable, a “concession and rebuttal”
strategy can acknowledge opposing views while
systematically refuting them to enhance logical
strength and foster trust, emphasizing key points
like “reducing gun violence and saving lives” clari-
fies the moral focus and reinforces the persuasive-
ness, and targeting a specific audience helps shape
the argument in a way that feels more convincing to
them. These nuanced multi-dimensional controls
jointly influence the argument’s persuasive power
but remain unaddressed in existing work. As LLMs
demonstrate increasingly strong capabilities, the
lack of argument generation benchmarks that can
measure and drive progress in these nuanced di-
mensions of control becomes a critical bottleneck.

To address this issue, we introduce ArgGen-
Bench, a novel benchmark designed to as-
sess LLMs’ ability to follow complex, multi-
dimensional argument generation instructions and
generate high-quality arguments. Unlike existing
benchmarks that narrowly focus on a few argumen-
tative elements, ArgGenBench features instructions
that simultaneously integrate multiple argumen-
tative dimensions: basic elements (topic, stance,
input argument, length) combined with advanced
controls including style, strategy, target audience,
and key point. While basic elements define the
core semantic and contextual foundations of the ar-
gument, advanced argumentative control signals
specify how the argument is presented and tai-
lored to achieve effective persuasion. Here we
introduce “input argument” as an optional basic
element, mainly for counter-argument generation
tasks where the model must oppose a given argu-
ment and for tasks where the model is required to
support an existing argument.

The construction of ArgGenBench involves a
two-phase process: instruction creation and ref-
erence argument curation. In the first phase, we
systematically generate a diverse set of complex
instructions. The construction process of each in-
struction begins with a set of basic elements: a
topic, a target stance, an input argument (optional),
and a length requirement. We then enrich this set of
basic elements by sampling and combining control
signals from four key dimensions: argumentative
style, argumentative strategy, target audience, and
key point. These structured components are syn-

thesized into a natural language instruction by an
advanced LLM, which is then manually validated
and selected to ensure clarity and feasibility. An ex-
ample of a constructed instruction is illustrated in
Figure 1. In the second phase, for each instruction,
we aim to provide a human-verified high-quality
argument as a reference for evaluated LLMs to
compare with and determine the win/tie/lose. Each
instruction, augmented with external knowledge,
is given to a set of advanced LLMs (e.g., GPT-4.1,
Claude-Sonnet-4) to generate multiple candidate
arguments. A rigorous human-in-the-loop process
follows, where annotators evaluate each candidate,
select the one with the best instruction adherence
and highest argument quality, and perform man-
ual revisions if needed to produce a high-quality
reference argument.

Following this methodology, we construct a
benchmark of 803 instances, where each instance
consists of an argument generation instruction and
a high-quality reference argument.! We use this
benchmark to comprehensively evaluate diverse
LLMs, covering 15 widely used open-source and
closed-source models, under three typical settings:
zero-shot, supervised fine-tuning (SFT), and direct
preference optimization (DPO). Our evaluation re-
lies on both LLLM-as-a-judge and human assess-
ment. The results indicate that existing LLMs still
exhibit notable limitations in complex controlled
argument generation. We also observe that thinking
models generally outperform non-thinking models
in the zero-shot setting and both SFT and DPO
can significantly enhance LLMSs’ performance on
controlled argument generation.

2 Related Work

The goal of argument generation is to automatically
produce persuasive text supporting a specific stand-
point. Early approaches often relied on existing
argument knowledge to construct new arguments
(Bilu and Slonim, 2016; Baff et al., 2019). With
the rise of neural networks, the field has shifted
towards end-to-end generation (Khatib et al., 2021;
Schiller et al., 2021; Bao et al., 2022; Wang et al.,
2023), where arguments are typically generated
based on control signals such as topic, stance, key
aspect, etc.

Topic serves as the foundational control signal
for nearly all argument generation tasks. For in-

!The data and codes are available at https://github.
com/bj-jin/ArgGenBench.
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stance, (Gretz et al., 2020) explored generating
claims for a given topic using GPT-2. Beyond
topic, many researches concentrated on generat-
ing arguments based on a given stance, often in
the context of counter-argument generation (Hidey
and McKeown, 2019). Early work in this area
employed sequence-to-sequence models with re-
trieved evidence (Hua and Wang, 2018; Hua et al.,
2019). More recently, the field has seen a shift to-
wards leveraging LLMs, with studies investigating
agent-based approaches (Hu et al., 2024) and the
application of techniques like instruction-tuning
(Stahl et al., 2025) and chain-of-thought prompting
(Lin et al., 2023). In this line of work, the initial
argument to be refuted also acted as a crucial input.
Some approaches leveraged this by identifying its
weak premises to formulate a more effective rebut-
tal (Alshomary et al., 2021b) or generating stylized
evidence-based counter-arguments to enhance per-
suasiveness (Verma et al., 2025).

To exert more fine-grained semantic control over
arguments, some studies introduced content-related
signals. For example, (Schiller et al., 2021) used ar-
gument aspects to guide generation, while (Khatib
et al., 2021) utilized relational triples from knowl-
edge graphs. In a similar vein, (Saha and Srihari,
2023) employed factual spans to anchor the gener-
ated argument to specific pieces of evidence. Fi-
nally, some studies have explored generating ar-
guments adhering to other objectives, such as tai-
loring arguments to a target audience (Alshomary
et al., 2021a, 2022; Heinisch et al., 2024; Baff
et al., 2024) or aiming to reduce logical fallacies
(Mouchel et al., 2025).

While prior studies greatly advance controlled
argument generation, they often isolate control sig-
nals and address only narrow dimensions. Research
on generating arguments that must jointly satisfy
complex constraints (e.g., style, strategy, content
specifications) remains limited, leaving existing
benchmarks inadequate for evaluating LLMs’ capa-
bility to follow complex, multi-faceted instructions.
To address this gap, we introduce a benchmark with
systematically combined argumentative control sig-
nals, enabling more comprehensive evaluation of
LLMs for controlled argument generation.

3 Construction of ArgGenBench

The construction of ArgGenBench follows a care-
fully designed multi-stage process to ensure its
high quality. Each instance contains a clear, feasi-

ble, and complex instruction with a human-verified
reference argument. It consists of two main phases:
(1) Instruction Creation, where we generate and
validate the argument generation instructions, and
(2) Reference Argument Curation, where we pro-
duce the high-quality reference arguments. The
overview of the framework is shown in Figure 2.

3.1 Instruction Creation

This phase aims to generate diverse argument gener-
ation instructions that incorporate multiple control
dimensions simultaneously through three steps: es-
tablishing basic elements, sampling argumentative
control signals, and synthesizing natural language
instructions.

Establishing Basic Elements. Each instruction
begins with a set of basic elements that define the
core semantic and argumentative context:

* Topic: Drawing on the experience of prior stud-
ies (Durmus et al., 2019; Jo et al., 2021), we
curate diverse controversial topics from Kialo?,
a debate platform that hosts discussions across
numerous domains such as politics, economics,
society, etc. A representative topic is “The US
should adopt stricter gun control legislation.”
Topics are manually screened to ensure quality,
diversity and the potential to generate meaning-
ful and multi-perspective debate.

e Input Argument (Optional): In some cases,
we include a given argument as context. This
applies to counter-argument generation tasks
where the model must refute a given argument,
and to tasks where the model needs to provide
supporting arguments for an existing argument.
To construct these Input Arguments, we adopt
a two-round process: in the first round, we con-
struct all instances whose instructions do not
require an “input argument”; then in the second
round, we construct instances whose instruc-
tions need an “input argument”, and the refer-
ence arguments of the instances generated in
the first-round can naturally serve as the high-
quality “input argument” for the instructions that
needs an “input argument” in the second round
under the same topic.

» Stance: We define the stance of the generated
argument as either “support” or “attack”. When
no “input argument” is provided, the stance tar-
gets the “topic”’. When an “input argument” is

Zhttps://www.kialo.com

30632



4

( [ F )
(7]

|

Style: polite, informal

Audience: gun advocates

A I
Strategy: causal reasoning

Topic: The US should
adopt stricter gun control
legislation.

Key Points: constitutional
rights are not absolute

-

Instruction:
Construct a polite and informal argument

~

Stance: support

Length: 150-200 words

Style: passionate

Input Argument (Optional)

Strategy: appeal to emotion

Key Points: the distinction
between personal rights
and public safety

and public safety?

G =

3 \
As fellow Americans who
value both constitutional
rights and safety, we must

-]

»@—) of 150-200 words that supports the topic. -
Address gun advocates directly through recognize ...
causal reasoning and by demonstrating
constitutional rights are not absolute. * =»
/Instruction: 0
Could you please write a passionate @ = | Every day, families across
argument that supports the topic and America are shattered by Cm vl hrtetlya
—o—@» spans 150-200 words, using appeal to = | preventable tragedies ... h;t:j:c:ﬁg;i{iel; sa
emotion as your strategy and focusing on
the distinction between personal rights * »

Figure 2: The framework of our method to construct ArgGenBench.

given, it targets that “input argument”.

* Length: We set two target length ranges for
the generated arguments: 150-200 words and
250-300 words, representing two common ar-
gumentative contexts: concise arguments for
social media posts or brief statements, and de-
tailed arguments for essays or formal debates.

We randomly sample one value for each basic
element to form a basic element set, serving as the
argumentative context for instruction construction.
An example of the basic element set is shown in
the “Establishing Basic Elements” part of Figure 2.

Sampling Argumentative Control Signals. For
each finalized basic element set, we further sam-
ple control signals from four categories to achieve
more nuanced, diverse controls, and to enable tai-
lored argument generation for effective persuasion:

* Argumentative Style: It includes three sub-
dimensions shaping the tone and presentation
style of an argument (defined in Appendix B.1):
(1) Formality — Formal (academic, profes-
sional) vs. Informal (conversational, casual); (2)
Emotional Intensity — Passionate vs. Calm;
(3) Politeness — Polite vs. Aggressive.

* Argumentative Strategy: Drawing from classi-
cal rhetorical theory (Walton et al., 2008; Dim-
itrov et al., 2024), this dimension comprises
three categories: (1) Logos — Appealing to the
audience’s rational thinking by logical reason-
ing and evidence-based persuasion (e.g., Appeal
to Logic, Presenting Evidence, Causal Reason-
ing). (2) Pathos — Targeting the audience’s
emotions, values, and feelings to create persua-
sive impact through emotional connection (e.g.,
Appeal to Emotion, Storytelling, Appeal to Sym-

pathy). (3) Ethos — Establishing the speaker’s
credibility and authority to enhance the persua-
sive power of the argument through perceived
expertise and reliability (e.g., Demonstrating
Expertise, Appeal to Authority, Concession and
Rebuttal). Only several representative strategies
are listed here. The full strategies and their defi-
nitions are presented in Appendix B.1.

These strategies are not mutually exclusive and
often overlap. For example, Appeal to Logic
broadly includes more logical approaches like
Causal Reasoning. Such overlap mirrors the
complexity of real-world argumentation, where
multiple rhetorical approaches are commonly
combined. We maintain this granular classifica-
tion to better reflect real-world argumentation.

Target Audience: For each basic element set,
we use GPT-4.1 to generate five topic-relevant
candidate target audiences reflecting several re-
alistic argumentation scenarios where the argu-
ment might be presented (see prompt in Table
22). Take the gun control topic for example, one
audience could be “gun advocates”.

Key Point: Similar to audience generation, for
each basic element set, we use GPT-4.1 to gen-
erate eight topic- and stance-relevant candidate
key content points that can be addressed in the
generated argument (prompt is in Table 23). For
instance, for an argument supporting gun con-
trol, one key point could be “the distinction be-
tween personal rights and public safety.”

We sample 0-2 Argumentative Styles (we en-
force at most one choice per style sub-dimension to
avoid conflicts), 0-3 Argumentative Strategies, O-
3 Key Points, and 0-1 Target Audience, and then
combine all sampled control signals to construct a
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control signal set, ensuring each set contains 0-9
constraints to balance diversity and manageable
complexity.> The sampled control signal set, com-
bined with the basic element set, together defines
the requirements for creating a specific instruction
that explicitly integrates all basic elements and con-
trol signals to generate the target argument. For
each basic element set, we sample four control sig-
nal sets to create four distinct instructions covering
different realistic requirements. Two examples of
control signal sets are shown in the “Sampling Ar-
gumentative Control Signals” part of Figure 2.

Synthesizing Natural Language Instructions.
Each sampled control signal set along with the
basic element set is provided to GPT-4.1 with
a prompt template (Table 24) to produce a fea-
sible instruction emphasizing clarity (unambigu-
ous), specificity (control signals are explicitly inte-
grated), and natural phrasing (fluently expressed).
Implementation details are in Appendix B.2. Two
examples of synthesized instructions are shown in
Table 19 and Table 20. Finally, all synthesized
instructions undergo manual validation by two an-
notators, and the instructions that fail to meet the
above requirements (i.e., clarity, specificity, feasi-
bility, natural phrasing) are discarded. The annota-
tion results are presented in the “Quality” part of
Section 4. For each basic element set, we construct
four instructions with different controls using the
four control signal sets sampled in the "Sampling
Argumentative Control Signals" step, respectively.

3.2 Reference Argument Curation

In this phase, to provide a reliable strong baseline
for evaluated LLMs to compare with, we create a
high-quality reference argument for each validated
instruction through a human-in-the-loop synthetic
data generation (Guo and Chen, 2024; Bao et al.,
2023; Havrilla et al., 2024) process combining mul-
tiple advanced LLMs with expert human oversight,
ensuring the reference argument faithfully follows
the control signals while maintaining coherence,
persuasiveness, and quality.

Candidate Argument Generation. For each in-
struction, we use three leading LLMs (Claude-
Sonnet-4, GPT-4.1, and Gemini-2.5-Pro) to gen-
erate three candidate arguments, ensuring diversity
and mitigating model-specific biases.

3Extensive research and large-scale annotation reveal no
conflicts beyond those between the calm and aggressive styles;
therefore, we exclude cases in which both appear together.

To improve factual accuracy and depth, we aug-
ment the argument generation with external knowl-
edge from two sources: (1) structured arguments
from the corresponding topic threads on Kialo
to provide contextually relevant claims, evidence,
and counterarguments, and (2) topic-specific in-
formation retrieved from the internet to provide
current and comprehensive knowledge beyond the
pre-existing debate platforms.

Each advanced LLM receives the instruction, re-
trieved knowledge, and a carefully designed prompt
(Table 21) that emphasizes adherence to control
signals, integration of external evidence, and assur-
ance of argument quality to generate a high-quality
argument. This process yields three candidate ar-
guments per instruction, providing annotators with
multiple options to choose the best-performing one
as the reference argument in the subsequent evalua-
tion step. Details are provided in Appendix B.3.

Human Annotation. Our human annotation in-
volves two graduate students with expertise in
computational argumentation. For each instruc-
tion, they assess all three candidate arguments us-
ing comprehensive rubrics: (1) instruction adher-
ence—how well control signals are followed, and
(2) argument quality—Ilogical coherence, persua-
siveness, and clarity. Each dimension is scored in
binary (0/1) to avoid the greater subjectivity of fine-
grained multi-level scoring. Then we select the
best-performing candidate on both dimensions as
the final reference argument. If none fully meet our
standards, the relatively better candidate is selected
and manually revised to fully follow the instruction
and improve its quality. The annotation results are
shown in Section 4.

To validate annotation quality and consistency,
50 randomly sampled instances annotated by A are
checked by B, and another 50 samples annotated by
B are checked by A, yielding pass rates of 94% and
96%, indicating annotation consistency and pro-
viding quality assurance for reference arguments.
More details are presented in Appendix B.4.

4 Data Statistics

ArgGenBench contains 803 instances across 82 top-
ics, each comprising a complex instruction and a
human-verified reference argument. Instructions
average 48.6 words, while reference arguments av-
erage 235.2 words. Notably, 88.4% of instruc-
tions integrate multiple control signals, reflect-
ing the benchmark’s emphasis on complex multi-
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Figure 3: (Left): Instruction retention rate (Instruction)
and the percentage of candidate arguments rated 1 by
human evaluators on both Instruction Following (IF)
and Quality dimensions. (Right): Proportion of three
employed LLMs whose generated candidate arguments
are selected as the final reference arguments.

dimensional control. The scale of 803 instances
is comparable to benchmarks in other text genera-
tion tasks (Sabour et al., 2024; Sakurai and Miyao,
2024), supporting effective evaluation of LLMs on
controlled argument generation.

Quality Figure 3 shows that 94.3% of the in-
structions are retained after manual screening. No-
tably, 60.3% of reference arguments come from
Claude-Sonnet-4, highlighting its stronger perfor-
mance. 88.5% and 72.6% of candidate arguments
are scored 1 by human annotators on instruction
following and argument quality, respectively. 41%
of reference arguments undergo manual revision,
ensuring rigorous adherence to instructions and
high argument quality.

Complexity As shown in Figure 4, the instruc-
tions in ArgGenBench maintain a relatively bal-
anced distribution across different difficulty levels
(easy: 0-3 control signals, medium: 4—6 control
signals, hard: 7-9 control signals), supporting a
comprehensive evaluation of LLMs across differ-
ent difficulty levels. On average, each instruction
contains 4.2 control signals, reflecting the bench-
mark’s high complexity.

Diversity ArgGenBench covers 82 topics across
diverse real-world domains (shown in Figure 6),
such as politics, economics, society, etc. Each style
and argumentative strategy is relatively evenly inte-
grated (Figure 7) in instructions, enabling effective
and balanced evaluation of LLMs’ capabilities on
diverse styles and strategies. Moreover, we con-
struct diverse audiences and key points for each
topic (examples are shown in Table 18). More
detailed analysis is presented in Appendix A.1.

E ---- Average: 4.20
116 |
1OB112

89
77 76 83

E. 60: 62 58
B 40 27
200 | f| [l Il ‘ ‘ []

01234567839
Number of Control Signals

Figure 4: Instruction distribution across different num-
bers of integrated control signals.

S Experiment

5.1 Evaluated Models

We benchmark LLMs’ capability of controlled ar-
gument generation using the prompt in Table 27 on
three settings: Zero-Shot (Z-S), SFT, and DPO.

Zero-Shot For open-source models, we employ
the most commonly used models, including Qwen3
series (Yang et al., 2025), the Llama series (Dubey
et al., 2024), and the Gemma-3 series (Kamath
et al., 2025). For closed-source models, we choose
the GPT series, the Gemini series, and the Claude
series. See Table 1 for detailed models.

SFT We use the Qwen3-8B-Base and the Llama
series (see Table 1). To construct SFT data, we
use 379 topics different from those in the bench-
mark and follow the same pipeline as our method-
ology, except we skip manual instruction filtering
and directly employ the best-performing Claude-
Sonnet-4 (Figure 3) to generate an argument for
each instruction, and then apply length filtering to
obtain the final SFT data, yielding 2525 samples.

DPO We employ the same models as used in SFT
for fair comparison. Similar to SFT, we employ an-
other 100 different topics to create 800 instructions.
Then we sample two candidate arguments for each
instruction using the SFT model with the same base
model and annotate preference labels with Gemini-
2.5-pro (different from the judge—GPT-4.1). More
details are presented in Appendix B.6.

5.2 Evaluation Metrics

To comprehensively evaluate LL.Ms on controlled
argument generation, we use the following five
metrics. ROUGE-L (R-L) measures similar-
ity between generated and reference texts (Lin,
2004). Length-Following (LF) evaluates how
many generated arguments meet the length con-
straint. Instruction-Following (IF) measures the
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IF Quality Overall

Model R-L LF
in Tie Lose Win Tie Lose Win Tie Lose
Qwen3-8B-Base 172 238 24 82 894 30 46 924 04 09 988
Qwen3-8B (thinking) 182 59.0 144 434 422 281 197 523 125 11.5 759
Qwen3-14B (thinking) 185 734 147 446 40.6 248 208 544 187 13.7 67.6
Qwen3-32B (thinking) 174 528 33.6 465 199 61.5 196 189 283 113 604
Llama-3.1-8B-Inst 166 471 14 7.6 910 14 07 979 04 06 99.0
Llama-3.3-70B-Inst 131 46 15 11.8 8.7 24 19 958 0.1 00 999
Zero-Shot Gemma-3-12B-it 180 70.7 7.3 326 600 7.1 113 816 59 75 86.7
Gemma-3-27B-it 174 645 90 384 527 85 159 756 75 82 843
GPT-40 198 70.7 10.6 440 455 193 172 635 11.5 10.1 785
GPT-4.1 20.7 91.3 143 577 28.0 212 264 524 19.7 21.5 58.8
Gemini-2.5-pro (thinking) 17.5 664 15.1 364 48.6 147 187 66.6 8.6 122 792
Claude-Haiku-3.5 17.1 875 6.6 288 646 137 142 721 84 120 79.6
Claude-Sonnet-3.7 (thinking) 18.2 90.2 234 532 233 433 241 326 389 20.1 41.0
Claude-Sonnet-4 (thinking)  20.1 86.2 28.5 51.8 19.7 46.5 240 295 427 194 379
Llama-3.1-8B-Inst 183 83.6 11.7 37.1 512 142 168 69.0 103 11.0 787
SFT Llama-3.1-8B 179 785 8.8 362 549 112 148 740 85 9.5 821
Qwen3-8B-Base 18.6 79.3 12,5 351 524 14.1 172 68.7 11.7 105 77.8
Llama-3.1-8B-Inst 186 51.8 193 442 365 198 197 605 9.6 7.8 82.6
DPO Llama-3.1-8B 185 442 152 375 473 189 179 631 54 6.0 837
Qwen3-8B-Base 18.8 232 24.0 39.6 364 339 224 437 54 46 90.0

Table 1: The performance of different models on ROUGE-L (R-L), Length Following (LF), Instruction Following
(IF), Argument Quality (Quality), and Overall metrics. The IF and Quality are evaluated by GPT-4.1.

win/tie/lose rate of the generated arguments against
the reference arguments, according to which bet-
ter satisfies the requirements of topic, stance, and
each control signal in the instructions. Argument
Quality (Quality) measures the win/tie/lose rate of
the generated arguments against the reference argu-
ments, based on logical coherence, persuasiveness,
clarity, etc. Since longer arguments may allow a
higher upper bound for IF and Quality (e.g., more
thorough reasoning, more key aspects), the two
metrics may systematically favor models that tend
to produce longer responses. For fairness, we addi-
tionally introduce an Overall metric. It is based on
correct length adherence and then jointly considers
IF and Quality. Specifically, if LF fails, it is directly
marked as lose; otherwise, it is decided by the ma-
jority of IF and Quality (detailed in Appendix B.5).
We also report the Overall results by directly using
the majority of IF and Quality in Appendix A.3.

While human evaluation remains the gold stan-
dard, it is costly and prone to individual biases.
Recent studies demonstrate that LL.Ms can serve
as reliable judges, showing strong consistency with
human assessments (Kwan et al., 2024; Yeginber-
gen et al., 2025). Building on this, we employ
GPT-4.1 as our automatic evaluator for IF and
Quality, enabling scalable evaluation while remain-
ing comparable to human judgments (Section 5.5).
To avoid positional bias, similar to previous work

(Li et al., 2024), we get the final result by aver-
aging two position-swapped evaluations (detailed
in Appendix B.5). To further mitigate concerns
about bias, we also report results evaluated by
Gemini-2.5-pro in Appendix A.2, which show sim-
ilar trends to GPT-4.1. More details of evaluation
and metric calculation are in Appendix B.5.

5.3 Implementation Details

We use the Huggingface TRL framework with
LoRA (Hu et al., 2022) for efficient training. For
SFT, we use the instruction as the input and the ar-
gument as the label. For DPO, we use the preferred
candidate argument as the chosen response, and
discard samples whose chosen argument violates
the length constraint. More implementation details
are presented in Appendix B.7.

5.4 Main Results

Table 1 presents the performance of each model
evaluated by GPT-4.1. We also report the results
of directly comparing two arguments generated by
two evaluated models in Appendix A.4.

Thinking Models Generally Outperform Non-
Thinking Models. From Table 1, we observe
that in the zero-shot setting, thinking models (e.g.,
Claude-Sonnet-4/3.7) generally outperform non-
thinking models (e.g., GPT-4.1, Gemma-3-12/27b-
it) on both IF and Quality. Through careful ob-
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IF Quality Overall

Model

Win Tie Lose Win Tie Lose Win Tie Lose
Qwen3-8B-Base 2.0 6.0 92.0 1.0 3.0 96.0 0.0 1.0 99.0
Qwen3-8B-Base (SFT) 120 260 620 9.0 6.0 85.0 9.0 8.0 83.0
Qwen3-8B-Base (DPO) 21.0 31.0 48.0 220 19.0 59.0 5.0 2.0 93.0
Qwen3-8B (thinking) 180 220 600 20.0 23.0 570 160 130 71.0
Qwen3-32B (thinking) 41.0 260 330 60.0 190 21.0 280 11.0 61.0
GPT-4.1 280 320 400 250 21.0 540 230 220 550
Claude-Sonnet-4 (thinking) 33.0 32.0 350 480 150 370 38.0 17.0 45.0

Table 2: The human evaluation results (win/tie/lose) of different models on IF, Quality and Overall metrics. All
models are evaluated in the zero-shot setting, except Qwen3-8B-Base (SFT) and Qwen3-8B-Base (DPO).

Easy Medium Hard

Model

Win Tie Lose Win Tie Lose Win Tie Lose
Qwen3-8B-Base 0.6 1.8 97.6 0.0 0.3 99.7 0.6 0.0 994
Qwen3-8B-Base (SFT) 9.3 13.6  77.1 14.1 92 76,6 119 6.5 81.5
Qwen3-8B-Base (DPO) 6.6 5.7 87.6 43 4.6 91.1 4.8 24 929
Qwen3-8B (thinking) 119 140 74.1 123 96 781 143 10.1 756
Qwen3-32B (thinking) 263 115 622 319 132 549 256 1.7 66.7
GPT-4.1 154 254 592 227 204 569 226 161 613
Claude-Sonnet-4 (thinking) 42.0 202 37.8 447 19.7 355 405 173 423

Table 3: The Overall performance of representative models on different instruction difficulty levels: Easy (0-3
control signals), Medium (4-6 control signals), and Hard (7-9 control signals), based on the evaluation by GPT-4.1.
All models are evaluated in the zero-shot setting, except Qwen3-8B-Base (SFT) and Qwen3-8B-Base (DPO).

servation, we find that CoT offers clear argument
structure planning, rigorous logical relation anal-
ysis, and explicit attention to instruction require-
ments, thereby yielding arguments with stronger
instruction adherence and higher quality.

SFT and DPO can Significantly Improve IF
and Quality. Table 1 shows that for Qwen3-8B-
Base, both SFT and DPO significantly improve
IF and Quality over its zero-shot version. After
DPO, it even surpasses the thinking model Qwen3-
14B with larger parameter scale. A similar trend
also holds for Llama-3.1-8B-Inst, suggesting that
SFT and DPO can substantially enhance instruction
following and argument quality. Moreover, SFT
also improves LF, whereas DPO does not, likely
because our DPO data construction only ensures
length compliance of chosen arguments without
providing explicit length preference signals.

Claude-Sonnet-4 Achieves the Best Overall Per-
formance. Table 1 shows that although Qwen3-
32B achieves strong IF and Quality, its weaker
LF leads to a lower Overall score than Claude-
Sonnet-4, which achieves the highest Overall per-
formance. Despite this, Claude-Sonnet-4 only has a
win rate of 42.7% against our human-verified high-
quality reference arguments, indicating that current
LLMs still fall short in controlled argument gener-
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Figure 5: The adherence rates of each control category
on instructions which integrate only one control signal
from corresponding category.

ation. These results highlight the high difficulty of
ArgGenBench and its effectiveness in evaluating
LLMs on this task. To further investigate the exist-
ing issues, we conduct an in-depth error analysis
in Appendix A.7, summarizing several representa-
tive error types (e.g., insufficient reasoning, logical
fallacies).

5.5 Human Evaluation Results

To further verify the accuracy of the evaluation
results conducted by GPT-4.1, we randomly sam-
ple 100 data points and conduct human evaluations
across seven representative models. More imple-
mentation details are in Appendix B.8. As observed
in Table 2, the human evaluation results exhibit a
similar trend to those of GPT-4.1, supporting the
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IF Quality Overall

Model R-L LF

Win Tie Lose Win Tie Lose Win Tie Lose
Qwen3-8B-Base 179 232 22 79 899 41 58 901 06 12 982
Qwen3-8B-Base (SFT) 19.1 79.8 127 357 51.6 159 18.6 655 125 109 76.6
Qwen3-8B-Base (DPO) 194 234 245 40.1 354 356 245 399 67 52 88.1
Qwen3-8B (thinking) 19.1 59.8 150 44.1 409 304 209 487 14.1 135 724
Qwen3-32B (thinking) 182 542 327 459 214 63.1 204 16.5 298 13.0 572
GPT-4.1 219 90.5 139 572 289 256 29.1 453 22.1 239 540
Claude-Sonnet-4 (thinking) 21.4 85.7 28.9 51.1 20.0 504 262 234 452 22.6 322

Table 4: The performance of different models with the argument generation process augmented by external
knowledge. The IF and Quality are evaluated by GPT-4.1. All models are tested in the zero-shot setting, except

Qwen3-8B-Base (SFT) and Qwen3-8B-Base (DPO).

validity of the main results and the reliability of
GPT-4.1 as an evaluator.

5.6 Performance on Different Difficulty Levels

To explore LLMs’ performance on different diffi-
culty levels, we report the Overall results on each
difficulty level in Table 3. As observed, as instruc-
tion difficulty increases, the Overall lose rates of
most models also rise accordingly, suggesting that
when dealing with complex instructions involving
more control signals, existing LLMs still face chal-
lenges in satisfying instruction requirements and
ensuring the argument quality. More in-depth anal-
ysis and the performance of all evaluated models
across all evaluation metrics and difficulty levels
are presented in Appendix A.S.

5.7 Performance on Each Control Category

To further assess LLMs’ ability to follow each con-
trol category, we report the IF results of several
representative models on instructions integrating
only one control signal from a certain category.
Figure 5 shows that most models perform worse
on argumentative strategy than the other three con-
trol dimensions. While style and audience are of-
ten conveyed through readily identifiable lexical or
tonal cues and key points can usually be addressed
by incorporating and elaborating on specific con-
tent elements, strategies (e.g., Causal Reasoning,
Concession and Rebuttal) demand deeper reason-
ing and structural planning. They involve orga-
nizing arguments according to abstract rhetorical
patterns rather than surface signals, making strate-
gies substantially harder for models to implement.

5.8 Performance of Incorporating External
Knowledge

To investigate the impact of external knowledge on
controlled argument generation, we evaluate the

models’ performance with external knowledge in-
corporated during argument generation. We adopt
the same external knowledge usage setting as used
in our ArgGenBench construction (see Appendix
B.3) and the results are presented in Table 4.
Compared to the results without using exter-
nal knowledge (Table 1), we can observe that in-
corporating external knowledge improves the Ar-
gument Quality of the generated arguments, but
yields no significant gains in Length-Following or
Instruction-Following. Case analyses reveal that
the retrieved knowledge primarily enriches the in-
formational content and evidential grounding of
generated arguments, thereby enhancing their per-
suasiveness and coherence. However, since the
external knowledge primarily provides content sup-
port rather than guiding structural or stylistic com-
pliance, it exerts relatively limited influence on
model’s ability to precisely follow the complex
multi-dimensional requirements of instructions.

6 Conclusion

In this work, we propose ArgGenBench, a bench-
mark designed to comprehensively evaluate LLMs’
ability to follow complex, multi-dimensional in-
structions and generate high-quality arguments for
controlled argument generation. Extensive evalua-
tions on diverse models show that existing LLMs
still fall short in length control, instruction follow-
ing, and argument quality. SFT, DPO and incor-
porating thinking processes can greatly improve
LLMs’ performance on this task.

Limitations

Our evaluation of argument quality covers aspects
such as persuasiveness, coherence, and clarity, but
does not explicitly assess factual grounding. As
a fair and accurate assessment of factual ground-
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ing typically requires a carefully designed retrieval
framework and effective external knowledge, this
lies beyond the scope of our current work. We
leave incorporating factual grounding assessment
into ArgGenBench as an important direction for
future research.

Ethics Statement

The use of the Llama models complies with the
Meta Llama 3 License*. All other artifacts are
used under their respective licenses, following their
intended purposes. We note that the audience-
tailored persuasion may be misused to manipulate
people’s opinion. Therefore, our study can only
be used for academic research purposes, and any
subsequent work should carefully consider and ex-
plicitly acknowledge these ethical concerns. The
ArgGenBench does not contain any information
that names or uniquely identifies individual people
or offensive content. Our proposed benchmark is
openly available to all academic research, provided
that proper citation of this work is included.
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Figure 6: The distribution of topic domains in ArgGen-
Bench.

observe strong alignment with human judgments.
To further validate the reliability of using LLMs
as evaluators, we additionally conduct evaluations
with another LLM, Gemini-2.5-pro. The results are
presented in Table 6. As shown, Gemini-2.5-pro
yields results highly consistent with those of GPT-
4.1, demonstrating the credibility and robustness
of LLM-based evaluation.

A.3 The Overall Performance by Directly
Using the Majority of IF and Quality

The Overall metric calculation in all the other ex-
periments is based on correct length following and
then jointly considers IF and Quality. In this sec-
tion, we directly use the majority of IF and Quality
as the Overall result. In this section, the results of
IF and Quality keep consistent with those in our
main results (i.e., Table 1). As shown in Table 7,
from the perspective of the Overall performance,
the thinking models generally outperform the non-
thinking models. Besides, after performing SFT
especially DPO, the models show a significant im-
provement in terms of Overall performance, high-
lighting the effectiveness of SFT and DPO. Further-
more, the Qwen-32B outperforms Claude-Sonnet-4
on Overall performance, indicating its outstanding
capability of following complex instructions and
achieving high argument quality on controlled ar-
gument generation.

A.4 Direct Pairwise Comparison

To further analyze the performance of different
models on the controlled argument generation task,
we employ GPT-4.1 to conduct direct pairwise com-
parisons by directly comparing two arguments gen-
erated by two different evaluated models using the
instructions in ArgGenBench. The results are pre-
sented in Table 5.
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Figure 7: Visualization of the frequency of each Style
(Left) and Argumentative Strategy (Right).

As shown, compared to zero-shot, Llama-3.1-
8B-Inst trained with SFT demonstrates a signifi-
cantly high win rate and low lose rate in terms of
both IF and Quality. Moreover, Qwen3-8B-Base
(DPO) outperforms the zero-shot performance of
the thinking model Qwen3-8B. These observations
demonstrate the effectiveness of applying SFT and
DPO training on the controlled argument genera-
tion dataset. Additionally, Qwen3-32B achieves
better performance than Claude-Sonnet-4 in terms
of both IF and Quality, showcasing its strong
instruction-following ability and high generation
quality on the controlled argument generation task.

These result trends are similar to those observed
when using GPT-4.1 to compare the generated ar-
guments with the reference arguments in ArgGen-
Bench, which indicates the consistency of evalua-
tions conducted by GPT-4.1 and the reliability of
using GPT-4.1 as our automatic evaluator.

A.5 Comprehensive Performance Results on
Different Difficulty Levels

In this section, we report the performance of all
evaluated models on each evaluation metric and
difficulty level.

Table 9 shows the Length Following perfor-
mance of each evaluated LLM on different diffi-
culty levels. We observe that as the number of con-
trol signals integrated into the instruction increases,
most LLMs show a decline in their compliance with
the length requirements. This can be attributed to
the greater difficulty of balancing more control re-
quirements simultaneously. The rising lose rate of
IF with higher instruction difficulty, as shown in
Table 10, further supports this observation. These
results demonstrate that our proposed benchmark
effectively exposes the limitations of current LLMs
in handling complex, multi-dimensional argument
generation instructions, providing a comprehensive
and fine-grained framework for evaluating their
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Model

IF

Quality

Llama-3.1-8B-Inst (SFT) vs. Llama-3.1-8B-Inst (Z-S) 47.3/40.5/12.2 70.4/18.9/10.7
Qwen3-8B-Base (DPO) vs. Qwen3-8B (Z-S)
Claude-Sonnet-4 (Z-S) vs. Qwen3-32B (Z-S)

36.1/42.1/21.8  44.5/24.9/30.6
21.9/52.1/26.0 31.1/24.7/44.2

Table 5: The evaluation results (win/tie/lose) of directly comparing two different models on Instruction Following

and Argument Quality metrics by GPT-4.1.

IF Quality Overall

Model

Win Tie Lose Win Tie Lose Win Tie Lose
Qwen3-8B-Base 1.6 8.3 90.0 0.9 1.4 978 0.2 0.5 99.3
Qwen3-8B-Base (SFT) 152 350 498 11.3 148 738 100 130 77.1
Qwen3-8B-Base (DPO) 192 385 423 178 187 635 4.1 3.6 923
Qwen3-8B (thinking) 124 347 529 20.1 198 602 107 104 789
Qwen3-32B (thinking) 255 438 306 557 200 243 263 11.7 620
GPT-4.1 205 477 31.8 196 188 61.6 192 202 60.6
Claude-Sonnet-4 (thinking) 29.9 440 262 477 218 305 412 209 379

Table 6: The performance of different models on Instruction Following (IF), Quality, and Overall metrics. The IF
and Quality are evaluated by Gemini-2.5-pro. All models are tested in the zero-shot setting, except Qwen3-8B-Base

(SFT) and Qwen3-8B-Base (DPO).

instruction-following ability.

Table 10 shows the Instruction Following ca-
pability of each evaluated LLM on different diffi-
culty levels. As observed, for most models, as in-
struction difficulty increases, the tie rate decreases
while both the win rate and lose rate increase.
Through extensive analysis of cases, we find that
low-difficulty instructions are not sufficiently dis-
criminative: most models can follow them reason-
ably well, which leads to a relatively high tie rate
and fewer decisive outcomes (i.e., low win rate
and low lose rate). As the instruction difficulty
increases, the evaluation space becomes more po-
larized. On the one hand, many generations fail
to capture more complex multi-dimensional con-
trol signals, which naturally raises the lose rate.
On the other hand, higher difficulty also creates
more opportunities for models with stronger rea-
soning and instruction-following capabilities to dis-
tinguish themselves, thereby producing more wins.
This dynamic can be observed not only in the In-
struction Following dimension but also in Argu-
ment Quality (Table 11): when tasks are simple,
most models produce arguments of roughly compa-
rable quality, resulting in more ties, whereas more
demanding tasks reveal sharper contrasts in flu-
ency, coherence, and persuasiveness. In this sense,
harder instructions amplify differences among mod-
els, reducing ties and yielding both more losses
and more wins. Nevertheless, simple instructions
remain essential, as they provide a baseline for

measuring fundamental instruction-following abil-
ity and argument quality and allow us to assess
model robustness across the full spectrum of task
difficulty. In summary, these findings indicate that
the proposed ArgGenBench and evaluation frame-
work successfully detect the nuanced performance
dynamics of LLMs under varying instruction com-
plexities, thereby providing a reliable and compre-
hensive framework for assessing their controlled
argument generation capability.

From Table 12, we observe that the Overall lose
rates of most models are higher on more difficult
levels, indicating that as the number of integrated
control signals increases, current models still strug-
gle to follow instructions’ requirements and ensure
high generation quality simultaneously.

A.6 Evaluation Results Using Likert Scale

To ensure the robustness of the evaluation results,
we employ a Likert scale (i.e., 0, 1, and 2) to assess
the IF and Quality of six representative models,
using GPT-4.1 as the judge. Specifically, we de-
fine the Overall score as the sum of the LF ratio
and the scores for IF and Quality. The results are
presented in Table 8. As shown, Claude-Sonnet-4
achieves the best performance; however, its overall
score remains at only 3.33—still falling signifi-
cantly short of the perfect score of 5. This high-
lights the substantial difficulty of ArgGenBench
and underscores the need for further improvements
in existing LLMs regarding complex controlled ar-
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IF Quality Overall

Model R-L LF
in Tie Lose Win Tie Lose Win Tie Lose
Qwen3-8B-Base 172 238 24 82 894 30 46 924 24 35 941
Qwen3-8B (thinking) 182 59.0 144 434 422 28.1 197 523 249 189 56.1
Qwen3-14B (thinking) 185 734 1477 446 40.6 248 208 544 253 172 575
Qwen3-32B (thinking) 174 528 33.6 465 199 61.5 196 189 589 186 22.5
Llama-3.1-8B-Inst 166 471 14 76 910 14 07 979 06 17 976
Llama-3.3-70B-Inst 13.1 46 15 11.8 8.7 24 19 958 14 25 96.1
Zero-Shot Gemma-3-12B-it 180 70.7 7.3 326 600 7.1 113 81.6 83 9.7 819
Gemma-3-27B-it 174 645 90 384 527 85 159 756 9.7 123 780
GPT-40 199 70.7 10.6 44.0 455 193 172 635 177 147 67.6
GPT-4.1 20.7 91.3 143 577 28.0 212 264 524 217 235 5438
Gemini-2.5-pro (thinking) 17.5 664 15.1 364 48.6 147 187 66.6 159 172 669
Claude-Haiku-3.5 17.1 875 6.6 288 646 137 142 721 94 129 77.7
Claude-Sonnet-3.7 (thinking) 18.2 90.2 234 532 233 433 241 326 434 222 344
Claude-Sonnet-4 (thinking)  20.1 86.2 28.5 51.8 19.7 46.5 240 295 479 21.8 30.3
Llama-3.1-8B-Inst 184 83.6 11.7 37.1 51.2 142 168 69.0 13.7 133 73.0
SFT Llama-3.1-8B 179 785 8.8 362 549 112 148 740 11.1 13.0 76.0
Qwen3-8B-Base 18.6 79.3 12,5 351 524 14.1 172 68.7 149 13.6 71.5
Llama-3.1-8B-Inst 186 51.8 193 442 365 198 197 605 225 154 620
DPO Llama-3.1-8B 185 442 152 375 473 189 179 63.1 189 149 66.1
Qwen3-8B-Base 18.8 232 24.0 39.6 364 339 224 437 33.7 19.3 46.9

Table 7: The performance of different models on ROUGE-L (R-L), Length Following (LF), Instruction Following
(IF), Quality, and Overall metrics. Here, the Overall metric directly employs the majority result of IF and Quality.
The IF and Quality adopt the evaluation outcomes in our main results (i.e., Table 1), which are evaluated by GPT-4.1.

Model LF IF Quality Overall
Qwen3-8B-Base 0.24 0.42 0.45 1.11
Qwen3-8B-Base (SFT) 0.79 0.65 0.85 2.29
Qwen3-8B-Base (DPO) 0.23 0.97 1.19 2.39
Qwen3-8B (thinking) 0.59 0.81 1.03 243
GPT-4.1 091 0.86 0.96 2.73
Claude-Sonnet-4 (thinking) 0.86 1.02 1.45 3.33

Table 8: The evaluation results using Likert scales. The GPT-4.1 is used to evaluate the IF and Quality. The Overall

is the sum of LF, IF and Quality.

gument generation. Additionally, both SFT and
DPO substantially enhance model performance in
terms of IF and Quality.

A.7 Error Analysis

Although Claude-Sonnet-4 achieves the highest
overall performance among the evaluated models,
its win rate remains relatively low at 42.7%, indi-
cating substantial room for improvement. To better
understand the limitations underlying this gap, we
conduct an error analysis on the model’s generated
arguments. Specifically, we randomly sample 80
instances where Claude-Sonnet-4 lost in the Over-
all metric and categorize the common error types
observed.

By systematically identifying these patterns, we
aim to provide actionable insights that can inform
future advances in controlled argument generation

and guide the design of models capable of produc-
ing more robust, instruction-compliant, and com-
pelling arguments. The analysis of three main error
types is detailed as follows:

Insufficient or Less Persuasive Reasoning.
This error type characterizes instances in which
a model-generated argument presents reasoning
that, although relevant to the claim, lacks sufficient
depth, specificity, or logical strength to achieve
a strong persuasive impact. The shortcoming of-
ten stems from underdeveloped rationales that fail
to convincingly substantiate the stance or address
counterarguments in a compelling manner. As
a result, the argument risks appearing superficial
and less persuasive, even if it remains thematically
aligned with the instruction. An example attack-
ing “Overlanding and offroading are good for the
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environment” is shown in Table 13. In this exam-
ple, Argument 1 concludes with a strong refuta-
tion: it directly counters the defense that “other
environmental harms are worse” by stressing that
such comparisons cannot justify additional damage.
This principle-based rebuttal is both specific and
compelling. By contrast, Argument 2 ends with
a more generic statement that overlanding “priori-
tizes human recreation over environmental preser-
vation”, which, though valid, lacks the same force
and specificity, making it less persuasive.

Lack of Comprehensive Argumentative Perspec-
tives. This error type refers to cases where an ar-
gument fails to incorporate sufficient perspectives
relevant to the claim, resulting in argument quality
damage since it does not capture the full complexity
of the issue. For instance, in the example shown in
Table 14 that attacks “The French Revolution had
predominantly negative consequences”, Argument
1 develops a multi-dimensional case by addressing
feudal hierarchies, scientific progress, democratic
ideals, and economic development, all of which
reinforce the appeal to fear and enhance credibility.
In contrast, Argument 2 primarily emphasizes po-
litical oppression and social inequality, neglecting
other salient domains. While valid, the lack of com-
prehensive argumentative perspectives weakens its
overall rhetorical force.

Logical Fallacy. This is a common error type in
argumentative writing where the reasoning contains
flaws that weaken the validity of claims. Such falla-
cies often appear as unwarranted generalizations or
faulty causal links, producing surface-level persua-
siveness without true logical support. Prior work
has also conducted research on logical fallacies
in automatically generated arguments, highlight-
ing their impact on reasoning quality (Mouchel
et al., 2025). One example supporting ‘“Robots
doing work will be better for humans” is shown
in Table 15. In this case, Argument 2 asserts that
because leading technology companies are invest-
ing billions in robotics, this “clearly demonstrates”
that robotics will create widespread prosperity for
workers. This constitutes a non sequitur: the fact
that corporations allocate capital to robotics may
just indicate commercial interest, not a guaranteed
benefit to humans.

B Additional Details

B.1 Detailed Definition of Style and
Argumentative Strategy

This section presents the definitions and examples
of each argumentative strategy and style, shown in
Table 16 and Table 17.

B.2 Details of Synthesizing Natural Language
Instructions

In this section, we introduce the details of “Synthe-
sizing Natural Language Instructions” step of our
method to construct ArgGenBench. The prompts
are shown in Table 24. We emphasize several
key aspects in our prompt: clarity (instructions
should be unambiguous), specificity (control sig-
nals should be explicitly integrated), diversity (in-
structions should adopt various styles), and natural
phrasing (instructions should read fluently rather
than like a list of constraints). To ensure the in-
struction diversity, we prompt GPT-4.1 to generate
three instructions at one time and sample one from
them.

B.3 Details of Candidate Argument
Generation

In this section, we present the implementation de-
tails of the “Candidate Argument Generation” step
of our method to construct ArgGenBench. In this
step, to ensure the diversity and quality of the final
reference arguments and mitigate model-specific
biases, we utilize three leading LLMs (Claude-
Sonnet-4, GPT-4.1, and Gemini-2.5-Pro) to gen-
erate three candidate arguments, respectively. The
three candidate arguments provide the annotators
with multiple options to choose arguments with
higher quality and better adherence to instructions
as the final reference arguments in the subsequent
“Human Annotation” step. Each LLM receives the
instruction, the retrieved knowledge, and a care-
fully designed prompt (shown in Table 21) that em-
phasizes adherence to control signals, integration
of external evidence, and assurance of argument
quality to generate a high-quality argument.

To improve factual accuracy and depth, we aug-
ment the argument generation with external knowl-
edge from two sources:

 Kialo Knowledge: On the Kialo platform, dis-
cussion on each topic is organized in a hierarchi-
cal tree structure, where each node indicates an
argument (with the root node representing the
discussion title). Edges connecting child nodes
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to their parent nodes are labeled as support, at-
tack, or neutral, indicating whether the child
argument supports, opposes, or remains neu-
tral toward the parent argument. To obtain the
Kialo knowledge required for generating can-
didate arguments, we randomly sample a path
starting from the topic node to a leaf node to
ensure logical relevance and coherence among
sampled arguments. We ensure that the sampled
path contains at least four nodes and that the
total length of all arguments does not exceed
200 words, terminating the sampling once the
upper bound is reached. If the total length upon
reaching a leaf node is less than four nodes, we
backtrack and continue sampling until a path
meeting the criteria is found.

* Retrieved Knowledge: For each topic, we use
the corresponding discussion title on the Kialo
platform (e.g., “Should the US adopt stricter gun
control legislation?”) as the query to the Tavily
APD, which returns 20 most relevant retrieved
external knowledge passages. We then randomly
sample 1 to 3 passages from the top 5 most rele-
vant results, with a maximum combined length
of 300 words, as the external knowledge for the
candidate argument generation process. This
sampling strategy introduces diverse external
knowledge while ensuring the relevance and
controllable length of the external knowledge.

B.4 Details of Human Annotation

In this section, we detail the human annotation pro-
cess of the methodology to construct the ArgGen-
Bench.

Our human annotation involves two graduate stu-
dents (two authors of this paper) with expertise in
computational argumentation. They evaluate each
of the three candidate arguments for each validated
instruction using a comprehensive rubric including
two dimensions: (1) the instruction adherence, and
(2) the argument quality.

For the dimension of instruction adherence, we
design the criteria as follows:

* Score 1: The argument basically satisfies all
the requirements of the instruction, includ-
ing topic, stance, length, style, argumentative
strategy, target audience, and key point.

* Score 0: The argument fails to satisfy one or
more requirements of the instruction, such as

Shttps://www.tavily.com/

the topic, stance, length, style, argumentative
strategy, target audience, or key point.

For the dimension of argument quality, we de-
sign the criteria as follows:

* Score 1: The argument is coherent, logically
sound, clearly expressed, well-structured, and
provides true factual evidence.

* Score 0: The argument is incoherent, illogi-
cal, ambiguous, poorly structured, or contains
false evidence.

To verify the factual evidence, we employ the
Perplexity AI® tool, which retrieves information
from high-quality and up-to-date web sources, and
then aligns outputs with authoritative references
and provides explicit citations, ensuring both the
accuracy and the transparency of fact-checking,
thereby enhancing the credibility of the verification
results.

We take the sum of the scores from the two di-
mensions (i.e., instruction adherence and argument
quality) as the criterion for selecting the final ref-
erence argument. Specifically, the candidate ar-
gument with the highest total score is chosen as
the reference argument. In cases where multiple
candidates obtain the same top score, the best one
is manually selected. If none fully meet our stan-
dards, the relatively better candidate is selected and
manually revised to fully follow the instruction and
improve its argument quality.

To further ensure the reliability of the human an-
notation, we conduct a cross-validation procedure
between the two annotators. Specifically, 50 ran-
domly sampled instances originally annotated by
Annotator A are independently checked by Annota-
tor B, and another 50 instances annotated by Anno-
tator B are checked by Annotator A. In both cases,
the checking annotator verifies whether the original
annotation faithfully follows the guidelines. The
cross-check yields high agreement, with pass rates
of 94% for A’s annotations checked by B and 96%
for B’s annotations checked by A. These results
demonstrate that both annotators have a shared
understanding of the annotation guidelines, and
the overall annotation process achieves a relatively
high consistency. Such cross-validation also pro-
vides an additional layer of quality assurance for
the reference arguments in our benchmark.

The human annotation interface is presented in
Figure 8.

®https://www.perplexity.ai/
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B.5 Details of Evaluation

For evaluation, we use GPT-4.1 as our llm-as-a-
judge to assess IF and Quality. For each data sam-
ple, we employ GPT-4.1 to judge which achieves
better performance on each metric between the
generated argument and corresponding reference
argument, yielding the win/tie/lose results on both
IF and Quality. Prompts for IF and Quality
are presented in Table 25 and 26. Each gener-
ated-reference argument pair is evaluated twice
for both IF and Quality, with the order of the argu-
ments reversed in the second evaluation. The final
performance is determined by averaging the two
outcomes before and after the reverse. Specifically,
if the two outcomes are identical, that outcome is
used; if the two outcomes are different, the final
result is obtained as follows:

e If one is “win” and the other is “lose”, the
result is “tie”.

¢ If one is “win” and the other is “tie”’, the result
is “win”.

¢ If one is “tie”” and the other is “lose”, the result
is “lose”.

When calculating the Overall metric, if the LF
of the generated argument is not met, the Overall
result is directly set to “lose”. If the LF is satisfied,
then the IF and Quality are compared as follows:

e If both IF and Quality are “win”, or one is
“win” and the other is “tie”, the Overall is

113 ER]
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e If both IF and Quality are “tie”, or one is “win’
and the other is “lose”, the Overall is “tie”.

9

¢ If both IF and Quality are “lose”, or one is “tie
and the other is “lose”, the Overall is “lose”.

B.6 Details of Obtaining the Preference
Labels for DPO Training Set

When annotating preference labels for the two can-
didate arguments in our DPO dataset, we follow the
same method as the evaluation designs described
in Appendix B.5, except we use another LLM,
Gemini-2.5-pro, to replace GPT-4.1 as our auto-
matic annotator to stay different from the LLM
used for evaluation. For each pair of candidate ar-
guments sampled from the SFT model, we obtain
the win/tie/lose result on IF and Quality, and calcu-
late the Overall result following the rule described

in Appendix B.5. Then, we select the candidate
argument with better Overall performance as the
chosen argument and filter out the samples whose
Overall results are “tie” or the samples whose cho-
sen argument violates the length constraint.

B.7 Additional Implementation Details

For the GPT models involved, we use GPT-4.1-
2025-04-14 and GPT-40-2024-11-20 through the
official API provided by OpenAl’. For Claude
series®, we employ Claude-Sonnet-4-20250514,
Claude-Sonnet-3.7-20250219 and Claude-Haiku-
3.5-20241022. For Gemini series’, we adopt the
Gemini-2.5-pro-preview-03-25.

During validation set construction, following the
same procedure to construct the SFT training set,
we use another set of topics totally different from
those in the benchmark, SFT dataset, and DPO
dataset to construct the validation set containing
261 samples under 38 topics.

During the SFT training, we search for the learn-
ing rate from Se-5 to 3e-4, and for the batch size in
8, 16, 32, and 64. We choose the hyper-parameters
that minimize the auto-regressive loss on the vali-
dation set. Finally, we set the learning rate to 2e-4
and the batch size to 16, with the warm-up step of
50 and epoch of 2.

During the DPO training, we search for the learn-
ing rate from Se-7 to le-5, and for the batch size in
4, 8, 16, and 32. We choose the hyper-parameters
that minimize the auto-regressive loss on the vali-
dation set. Finally, we set the learning rate to Se-6
and the batch size to 8, with the warm-up step of
30. We train for 3 epochs with the DPO beta hyper-
parameter set to 0.1.

For the generation configuration of SFT and
DPO, we set the temperature to 0.6 and top-p to 0.9.
We use the “evaluate” python library to compute
ROUGE-L.

B.8 Human Evaluation Details

Two master students with expertise in computa-
tional argumentation independently evaluate each
data point on IF and Quality. For each metric,
both annotators make judgments of “win”, “tie”, or
“lose”, yielding two outcomes for each metric. Sim-
ilar to the evaluation implementation described in
Appendix B.5, the final performance is determined

by averaging the two outcomes annotated by two

"https://openai.com/
$https://www.anthropic.com/
*https://ai.google.dev/
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annotators. Specifically, if the two outcomes are
identical, that outcome is used; otherwise, the rules
given below are followed:

e If one is “win” and the other is “lose”, the
result is “tie”.

¢ If one is “win” and the other is “tie”’, the result
is “win”.

e If one is “tie” and the other is “lose”, the result
is “lose”.

After getting the results of IF and Quality, we
use the same rule described in Appendix B.5 to
calculate the Overall performance.

To verify the reliability of the two human anno-
tators, we calculate the Cohen’s kappa score. The
result shows that the Cohen’s kappa score is 0.59,
indicating a satisfactory level.
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Easy Medium Hard

Model
RL LF RL LF R-L LF
Qwen3-8B-Base 18.1 239 169 237 163 238
Qwen3-8B (thinking) 186 59.1 18.0 593 179 583
Qwen3-14B (thinking) 189 73.1 183 756 18.0 70.2
Qwen3-32B (thinking) 179 514 173 592 167 440
Llama-3.1-8B-Inst 174 505 163 47.0 158 405
Llama-3.3-70B-Inst 128 3.0 134 6.6 133 42
7.8 Gemma-3-12B-it 18.1 680 181 73.0 177 72.0
Gemma-3-27B-it 176 571 174 67.1 168 744
GPT-40 202  73.1 19.7 73.0 194 619
GPT-4.1 206 909 21.0 934 204 88.1
Gemini-2.5-pro (thinking) 172 634 179 66.1 175 72.6
Claude-Haiku-3.5 175 84.0 17.0 892 165 922
Claude-Sonnet-3.7 (thinking) 18.6 904 182 91.6 17.6 87.3
Claude-Sonnet-4 (thinking) 202 87.0 199 875 202 821
Llama-3.1-8B-Inst 185 888 183 81.6 18.1 76.8
SFT Llama-3.1-8B 182 81.6 18.0 78.6 17.3 720
Qwen3-8B-Base 189 80.7 184 812 183 732
Llama-3.1-8B-Inst 187 63.7 18.6 47.7 18.5 35.7
DPO Llama-3.1-8B 19.0 46.8 184 48.7 17.8 31.0
Qwen3-8B-Base 19.2 269 186 224 184 173

Table 9: The performance of each evaluated LLM on ROUGE-L (R-L) and Length-Following (LF) across different
instruction difficulty levels: Easy (0-3 control signals), Medium (4-6 control signals), and Hard (7-9 control signals).

Easy Medium Hard

Model
Win Tie Lose Win Tie Lose Win Tie Lose
Qwen3-8B-Base 4.2 15.1  80.7 1.0 4.3 94.7 1.2 1.8 97.0
Qwen3-8B (thinking) 73 625 302 156 331 513 262 244 494
Qwen3-14B (thinking) 8.8 631 281 122 383 495 310 19.6 494
Qwen3-32B (thinking) 215 640 145 342 424 234 56,5 19.0 244
Llama-3.1-8B-Inst 2.7 142 83.1 0.3 33 96.4 0.6 24 97.0
Llama-3.3-70B-Inst 0.9 172 819 1.3 9.2 89.5 3.0 6.0 91.1
7.8 Gemma-3-12B-it 54 49.8 447 72 220 707 113 179 708
Gemma-3-27B-it 6.6 538 39.6 89 289 622 137 250 613
GPT-40 54 631 314 112 345 543 19.6 232 57.1
GPT-4.1 82 746 172 164 516 319 226 351 423
Gemini-2.5-pro (thinking) 11.5 514 372 155 283 562 214 214 57.1
Claude-Haiku-3.5 34 479 487 72 155 773 127 98 775
Claude-Sonnet-3.7 (thinking) 15.7 71.6 12.7 250 459 29.1 358 303 339
Claude-Sonnet-4 (thinking) 16.0 695 145 329 451 220 452 292 256
Llama-3.1-8B-Inst 79 553 369 115 293 592 19.6 155 649
SFT Llama-3.1-8B 51 550 399 82 253 664 173 19.0 63.7
Qwen3-8B-Base 76 526 399 145 270 586 185 155 66.1
Llama-3.1-8B-Inst 11.5 616 269 214 365 421 310 238 452
DPO Llama-3.1-8B 106 541 353 164 296 539 220 19.0 589
Qwen3-8B-Base 175 544 281 253 355 391 345 179 476

Table 10: The performance of each evaluated LLM on Instruction Following (IF) across different instruction
difficulty levels: Easy (0-3 control signals), Medium (4-6 control signals), and Hard (7-9 control signals).
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Easy Medium Hard

Model
Win Tie Lose Win Tie Lose Win Tie Lose
Qwen3-8B-Base 33 6.0 90.6 3.9 26 934 0.6 54 940
Qwen3-8B (thinking) 262 216 521 272 185 543 333 179 488
Qwen3-14B (thinking) 257 218 526 231 205 564 262 196 542
Qwen3-32B (thinking) 61.6 184 199 60.2 21.1 188 63.7 190 17.3
Llama-3.1-8B-Inst 2.1 0.6 973 1.0 1.0 98.0 0.6 0.6 98.8
Llama-3.3-70B-Inst 3.0 1.5 95.5 2.3 1.3 96.4 1.2 3.6 95.2
7S Gemma-3-12B-it 6.6 9.7 83.7 82 105 81.2 6.0 16.1 78.0
Gemma-3-27B-it 82 136 782 82 17.1 747 9.5 185 720
GPT-40 172 163 665 184 188 628 250 16.1 589
GPT-4.1 190 257 553 224 270 507 232 268 50.0
Gemini-2.5-pro (thinking) 142 187 67.1 135 197 668 179 167 655
Claude-Haiku-3.5 11.8 155 727 149 129 722 157 137 706
Claude-Sonnet-3.7 (thinking) 444 21.6 340 443 264 294 394 248 358
Claude-Sonnet-4 (thinking) 480 202 317 461 273 266 440 256 304
Llama-3.1-8B-Inst 124 178 698 145 164 69.1 173 155 673
SFT Llama-3.1-8B 103 154 743 115 141 743 125 149 726
Qwen3-8B-Base 142 172 68.6 145 17.1 684 13.1 173 69.6
Llama-3.1-8B-Inst 160 193 647 220 204 576 232 190 57.7
DPO Llama-3.1-8B 187 157 656 184 184 632 202 214 583
Qwen3-8B-Base 326 227 447 312 227 461 411 214 375

Table 11: The performance of each evaluated LLM on Argument Quality (Quality) across different instruction
difficulty levels: Easy (0-3 control signals), Medium (4-6 control signals), and Hard (7-9 control signals).

Easy Medium Hard

Model
Win Tie Lose Win Tie Lose Win Tie Lose
Qwen3-8B-Base 0.6 1.8 976 0.0 0.3 99.7 0.6 0.0 99.4
Qwen3-8B (thinking) 119 140 741 123 96 78.1 143 101 756
Qwen3-14B (thinking) 18.1 163 656 188 139 673 196 83 72.0
Qwen3-32B (thinking) 263 115 622 319 132 549 256 7.7 66.7
Llama-3.1-8B-Inst 0.6 1.2 982 0.0 0.3 99.7 0.6 0.0 99.4
Llama-3.3-70B-Inst 0.3 0.0 99.7 0.0 0.0 100.0 0.0 0.0 100.0
7.8 Gemma-3-12B-it 6.0 6.6 87.3 6.6 8.6 84.9 42 7.1 88.7
Gemma-3-27B-it 6.6 7.6 85.8 6.2 9.5 842 113 7.1 81.5
GPT-40 100 112 789 118 109 773 13.7 6.5 79.8
GPT-4.1 154 254 592 227 204 569 226 161 613
Gemini-2.5-pro (thinking) 82 130 789 86 109 80.6 9.5 13.1 774
Claude-Haiku-3.5 6.7 143 790 9.3 9.8 80.9 108 108 784
Claude-Sonnet-3.7 (thinking) 39.2 198 41.0 385 209 405 388 194 418
Claude-Sonnet-4 (thinking) 42.0 202 378 447 197 355 405 173 423
Llama-3.1-8B-Inst 94 139 76.7 118 179 80.3 9.5 10.7  79.8
SFT Llama-3.1-8B 82 121 79.8 8.6 6.2 85.2 89 10.1 81.0
Qwen3-8B-Base 94 136 77.0 141 92 76.6 119 6.5 81.5
Llama-3.1-8B-Inst 9.1 100 810 11.8 79 80.3 6.5 3.6 89.9
DPO Llama-3.1-8B 6.3 6.6 87.0 5.6 6.6 87.8 3.0 3.6 93.5
Qwen3-8B-Base 6.6 5.7 87.6 43 4.6 91.1 4.8 2.4 92.9

Table 12: The performance of each evaluated LLM on the Overall metric across different instruction difficulty
levels: Easy (0-3 control signals), Medium (4-6 control signals), and Hard (7-9 control signals).
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Instruction:
Write a 150-200 word argument challenging the idea that overlanding and offroading are good for the environment. Focus your
argument on the negative impact these activities have on wildlife and habitats.

Reference Argument:

The claim that overlanding and offroading are environmentally beneficial is fundamentally flawed when examining their impact on
wildlife and natural habitats. These activities cause significant ecological disruption through multiple pathways of environmental
damage.

Off-road vehicles physically disturb wildlife habitats by compacting soil, destroying vegetation, and creating erosion that
degrades ecosystem integrity. The noise pollution from engines disrupts animal communication patterns, breeding behaviors,
and feeding routines, forcing wildlife to abandon established territories. Vehicle emissions contribute greenhouse gases and
pollutants directly into pristine natural areas that serve as critical wildlife refuges.

Even when conducted on established trails, the cumulative impact of thousands of vehicles creates lasting environmental damage.
Trail networks fragment habitats, creating barriers that prevent wildlife movement and genetic exchange between populations.
The infrastructure required to support overlanding—camping areas, fuel stations, and maintenance facilities—further encroaches
on natural spaces.

While proponents argue that cities and agriculture cause greater environmental harm, this comparison is irrelevant. The existence
of other environmental problems does not justify adding unnecessary damage through recreational activities. Responsible
environmental stewardship requires minimizing all forms of ecological impact, not rationalizing additional harm by pointing to
worse examples elsewhere.

Generated Argument:

Overlanding and offroading, while popular recreational activities, pose significant threats to wildlife and natural habitats that
cannot be ignored. These activities create lasting environmental damage through habitat fragmentation, as vehicles carve new
trails and widen existing paths, disrupting wildlife corridors essential for animal migration and breeding patterns.

The noise pollution from engines and crowds disturbs sensitive wildlife, causing stress responses that affect feeding, mating,
and nesting behaviors. Many species abandon their territories entirely when faced with consistent human intrusion. Vehicle
emissions also contribute to air pollution in pristine wilderness areas, while fuel spills and mechanical fluids contaminate soil
and water sources.

Tire tracks and camping areas lead to soil compaction and erosion, destroying delicate plant communities that take decades
to recover. This vegetation loss eliminates food sources and shelter for countless species. Additionally, the increased human
presence brings invasive species through seeds stuck to vehicles and equipment, further disrupting native ecosystems.

While enthusiasts argue they’re connecting with nature, the reality is that overlanding and offroading prioritize human recreation
over environmental preservation, leaving permanent scars on landscapes that wildlife depends on for survival.

Table 13: An example demonstrating the “Insufficient or Less Persuasive Reasoning” error type. The Reference
Argument is the high-quality argument in the ArgGenBench, while the Generated Argument is the response of the
evaluated LLM under the given Instruction.
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Instruction:

Write a calm and logically structured argument of 150-200 words that attacks the claim that the French Revolution had
predominantly negative consequences. Use an appeal to fear as your argumentative strategy, and ensure your argument is suitable
for a general public audience.

Topic: The French Revolution had predominantly negative consequences.

Reference Argument:

We must seriously consider what our world would look like today if the French Revolution had never occurred. Without this
pivotal moment, we would likely still be trapped in rigid feudal systems where your birth determines your entire life’s trajectory.
The terrifying reality is that without the Revolution’s dismantling of aristocratic privileges, social mobility would remain virtually
impossible for ordinary citizens.

Consider the chilling prospect of living under absolute monarchy with no separation of church and state, where religious
institutions control education and scientific progress. The Revolution’s promotion of knowledge and professionalization of
science prevented us from remaining in intellectual darkness. Without these advances, we might still be vulnerable to diseases
that proper scientific understanding has helped us combat.

Most alarmingly, without the Revolution’s ideals of liberty, equality, and fraternity spreading across Europe and beyond,
democratic movements worldwide would never have gained momentum. We could be living under authoritarian regimes with no
concept of individual rights or democratic participation. The economic data clearly shows that regions influenced by French
reforms experienced accelerated growth after 1850, preventing the economic stagnation that would have left millions in poverty.
The Revolution’s positive consequences literally saved us from a far darker alternative reality.

Generated Argument:

While critics point to the chaos and violence of the French Revolution, we must consider what would have happened without it.
Before 1789, France was trapped in a suffocating system where birth determined destiny, where the wealthy paid no taxes while
peasants starved, and where speaking against injustice meant imprisonment or death. Without the Revolution’s disruption of this
oppressive order, these crushing inequalities would have only deepened.

Imagine if the Revolution had never occurred: absolute monarchy would have continued unchecked, potentially spreading its
authoritarian grip across Europe. The dangerous precedent of unchallenged royal power could have prevented the democratic
movements that followed, leaving millions under permanent subjugation. The Revolution’s Declaration of Rights became a
beacon for oppressed peoples worldwide—without it, we might still live in societies where freedom of speech, religious liberty,
and equal justice are mere fantasies.

Yes, the Revolution brought temporary upheaval, but this short-term disruption prevented far worse long-term consequences. The
alternative—perpetual aristocratic rule—would have created a world where human dignity remains forever crushed under the
weight of inherited privilege. The Revolution’s legacy of individual rights and democratic ideals saved us from this darker fate.

Table 14: An example demonstrating the “Lack of Comprehensive Argumentative Perspectives” error type. The
Reference Argument is the high-quality argument in the ArgGenBench, while the Generated Argument is the
response of the evaluated LLM under the given Instruction.
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Instruction:

Write a passionate argument of 250-300 words supporting the idea that robots doing work will be beneficial for humans. Focus
your reasoning on the reduction of physical strain and workplace injuries, the transformation of existing roles rather than simple
job loss, and the creation of new job opportunities.

Topic: Robots doing work will be better for humans.

Reference Argument:

The integration of robots into our workforce represents a revolutionary leap forward that will fundamentally improve human lives
and working conditions. Far from being a threat, robotic automation offers unprecedented opportunities for human advancement
and prosperity.

First and foremost, robots will dramatically reduce the physical toll that dangerous and repetitive work takes on human bodies.
Construction workers will no longer risk their lives on precarious scaffolding, factory employees won’t suffer from repetitive
strain injuries, and miners can avoid hazardous underground conditions. By eliminating back-breaking labor and exposure to
toxic environments, robots will preserve human health and extend productive careers. The reduction in workplace injuries alone
will save billions in healthcare costs while preventing immeasurable human suffering.

Critics fear mass unemployment, but history demonstrates that technological advancement transforms jobs rather than simply
eliminating them. When computers revolutionized offices, we didn’t see the end of white-collar work—we saw the emergence of
entirely new industries. Similarly, robots will free humans from mundane tasks, allowing us to focus on creative problem-solving,
interpersonal communication, and strategic thinking—uniquely human capabilities that machines cannot replicate.

Moreover, the robotics revolution will create countless new employment opportunities. We’ll need robot technicians, program-
mers, maintenance specialists, and supervisors. New industries will emerge around human-robot collaboration, requiring skilled
workers to design, implement, and optimize automated systems. The economic growth generated by increased productivity will
fuel demand across multiple sectors.

Rather than replacing humans, robots will amplify our capabilities and free us to pursue more meaningful, creative, and
intellectually stimulating work. This technological partnership promises a future where humans can thrive in safer, more fulfilling
careers while robots handle the dangerous and monotonous tasks that have long plagued our workforce.

Generated Argument:

The integration of robots into the workforce stands as one of the most promising developments for human wellbeing in the
modern era. First and foremost, robots excel at performing tasks that are dangerous, physically demanding, or monotonous—jobs
that too often lead to workplace injuries, chronic pain, and long-term health issues for human workers. By delegating hazardous
or strenuous activities to robots, we dramatically reduce the risk of accidents and the physical toll on employees, allowing people
to focus on safer, more meaningful, and creative aspects of their professions. This shift not only preserves human health but also
enhances workplace morale and satisfaction.

Moreover, the narrative that robots simply replace human workers is both outdated and misleading. In reality, automation
and robotics are transforming existing roles, not eliminating them outright. As robots take over routine or repetitive tasks,
human workers are freed to engage in more complex, adaptive, and rewarding responsibilities—areas where human intelligence,
intuition, and creativity shine. This transformation requires continuous upskilling and reskilling, fostering a culture of lifelong
learning and adaptability that ultimately benefits both individuals and society as a whole.

Perhaps most importantly, the rise of robotics is spawning entirely new industries and job opportunities. Leading technology
companies are already investing billions in robotics development, which demonstrates that this technology will create widespread
prosperity for workers. From designing, programming, and maintaining robots to developing innovative ways for humans and
machines to collaborate, the demand for skilled workers in technology and engineering is booming. Human-robot collaboration
is not about replacement, but augmentation—empowering people to achieve more than ever before. When implemented
thoughtfully, robots act as partners that amplify our strengths, protect our wellbeing, and open doors to new possibilities.
Embracing this future is not just beneficial—it is essential for building a safer, healthier, and more prosperous society for all.

Table 15: An example demonstrating the “Logical Fallacy” error type. The Reference Argument is the high-quality
argument in the ArgGenBench, while the Generated Argument is the response of the evaluated LLM under the
given Instruction.
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Argumentative
Strategy

Definition Example Related Work

Appeal to Logic (Lo-
gos)

Enhancing the credibility of persuasive It certainly is. But to tell you the truth,

content through the logical and reason- the room is so large that I can share it with

ing process. someone else, and that will decrease the total
amount of the rent.

Argument by Anal-
ogy (Logos)

A reasoning strategy that supports a Just as a seed needs water to grow, a student
claim by comparing it to a similar case. needs support to succeed.

Reduction to Absur-
dity (Logos)

Disproving a claim by showing that ac- If everyone ignored traffic laws, then driving
cepting it would lead to an absurd or would become impossible, so clearly, the laws
contradictory conclusion. are necessary.

Presenting Evidence
(Logos)

Using factual evidence (e.g., official In recent months, the demand for residential

news reports, statistics) and a credible properties has become extremely high. The

reasoning process to persuade others.  price of residential property has risen almost
twenty percent.

Causal Reasoning
(Logos)

Establishing cause-and-effect relation- The increase in minimum wage caused higher
ships between events to support a con- unemployment rates among entry-level work-
clusion. ers.

Problem Decomposi-
tion (Logos)

Decomposing the ultimate persuasion The death penalty debate involves 3 distinct

goal into sub-issues and stepping issues: its effectiveness as a deterrent, the risk

through the persuasion process. of executing innocent people and the moral
question of state-sanctioned killing.

Argument from Defi-
nition (Logos)

Supporting a claim by establishing the Since terrorism is defined as the use of vio- (Fogg, 2002)

precise meaning of key terms and apply- lence against civilians for political purposes, (Liu et 2;1 2021)

ing that definition to the issue at hand. the government’s drone strikes against non- (He et all’2018)
combatants constitute state terrorism. (Chen et al.. 2025)

Appeal to Emotion
(Pathos)

Eliciting specific emotions to influence How can we allow innocent children to suffer  (Joshi et al., 2021)
others’ attitudes. in poverty while billionaires hoard wealth they (Cheng et al., 2022)
could never spend in a lifetime? (Wang et al., 2019)

Appeal to Morality
(Pathos)

Invoking ethical principles or moral val- Euthanasia is wrong because deliberately end- (Chen and Yang, 2021)
ues to support a position. ing human life violates our fundamental moral (Dimitrov et al., 2024)
duty to preserve life.

Storytelling (Pathos)

Using narrative examples to illustrate Consider Maria, a undocumented immigrant

the positive outcomes of your actions to who saved three children from a burning build-

inspire others to follow suit. ing—don’t such acts prove that character mat-
ters more than legal status?

Appeal to Fear
(Pathos)

Highlighting potential negative conse- If we don’t ban violent video games now, our
quences to persuade an audience. children will become desensitized to violence
and aggression.

Appeal to Sympathy
(Pathos)

Evoking pity or compassion to gain sup- How can we deny healthcare to terminally ill
port for a position. patients who are already suffering and desper-
ately need our help?

Appeal to Credibility
(Ethos)

The uses of credentials impacts to estab- As a practicing physician for 20 years, I can
lish credibility and earn others’ trust.  assure you that mandatory vaccination is essen-
tial for public health.

Demonstrating Ex-
pertise (Ethos)

Displaying specialized knowledge or ex- The proposed tax reform ignores Laffer Curve
perience to establish credibility and sup- dynamics and will likely reduce revenue due
port a position. to elasticity effects on high earners.

Appeal to Authority
(Ethos)

Referencing recognized experts or insti- The World Health Organization has declared
tutions, or authoritative sources to sup- that processed meats are carcinogenic, so we
port a claim. should ban them from school lunches.

Concession and Re-
buttal (Ethos)

Acknowledges opposing arguments While gun control may reduce some violence,

while providing counterarguments to it ultimately violates constitutional rights and

refute them. leaves law-abiding citizens defenseless against
criminals.

Appeal to Consensus
(Ethos)

Presenting a viewpoint that is recog- The overwhelming majority of economists sup-
nized or accepted by the majority of peo- port free trade policies, proving that protection-
ple and persuading the other side to ac- ism harms economic growth.

cept it.

Table 16: The definitions and examples of the Strategy control signal.
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Style Definition Example Related Work

Formal Using sophisticated vocabulary, complex The empirical evidence substantiates the hy-
sentence structures, and maintains an ob- pothesis that economic disparities exacer-
jective, academic tone without contrac- bate social stratification within contemporary
tions or colloquialisms. metropolitan areas.

Informal uses casual vocabulary, simple structures, The data shows that when there’s a big gap
and maintains a conversational, personal between rich and poor people, it makes social
tone with contractions. problems worse in cities.

Passionate Using emotionally charged language, We must not stand idly by while innocent chil- (Moorjani et al., 2023)
vivid imagery, and expressive tone to con- dren suffer in silence—their cries for justice (Kim et al., 2019)
vey strong feelings or convictions. demand our immediate and unwavering action! ~ (Chen and Yang, 2021)
(Durmus and Cardie, 2018)

Calm Using measured language, balanced tone, The situation requires careful consideration of
and steady pacing to convey information all available options before we proceed with
without emotional intensity. any decision.

Polite Using courteous language, respectful tone, I would be grateful if you could kindly con-
and considerate phrasing to show regard sider my request at your earliest convenience,
for the reader. please.

Aggressive Using forceful language, direct assertions, This proposal is fundamentally flawed and
and assertive tone to emphasize strong po- must be rejected immediately before it causes
sitions or urgency. irreversible damage to our organization.

Table 17: The definitions and examples of the Style control signal.

Topic: All people in the US should have the right to basic healthcare.
Stance: support

Audience: policy makers | working parents | general public | healthcare professionals | college students

Key Points: universal healthcare promotes family security and stability | reduces financial stress from medical expenses | ensures
equal access to preventive and essential care | aligns with human rights recognized in developed nations | expanding Medicare
and Medicaid demonstrates feasibility | improves overall public health and workforce productivity | invests in the nation’s future
prosperity | guarantees peace of mind for young families

Topic: Although many people dream that we will have world peace, it will never happen.
Stance: attack

Audience: general public | policy makers | students | international leaders | media professionals

Key Points: progress in global peace and conflict reduction over the past century | role of international organizations like the
United Nations in peacekeeping | impact of diplomacy and dialogue in resolving disputes | economic development as a driver
for stability and peace | importance of education and cross-cultural understanding | success of peace agreements and treaties in
ending wars | influence of human rights protections on reducing violence | power of grassroots and civil society peace movements

Topic: All software should be open source.
Stance: attack

Audience: business leaders | government officials | software developers | national security experts | intellectual property lawyers
Key Points: security risks from exposing source code | loss of innovation incentives | need for intellectual property protection |
risks to critical infrastructure | potential for malicious exploitation | quality control challenges in open source | importance of
confidentiality for sensitive software | negative impact on business competitiveness

Table 18: Several representative examples in ArgGenBench to show the relevant and diverse audiences and key
points generated by GPT-4.1. Each audience or key point is separated by "I".
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Topic: The US should adopt stricter gun control legislation.
Stance: support
Length: 150-200 words

Control Signals:

{"style": ["polite"], "key points": ["constitutional rights are not absolute", "balancing rights with responsibilities"], "argumentative
strategy": ["appeal to credibility"]}

Instruction:

Construct a polite argument in support of the topic "The US should adopt stricter gun control legislation", using an appeal to
credibility as your argumentative strategy. Your response should be 150-200 words and focus on the key points that constitutional
rights are not absolute and that there must be a balance between rights and responsibilities.

Reference Argument:

As we consider gun policy in our community, I believe we should support stricter gun control legislation based on credible
evidence and constitutional precedent. Studies consistently show that countries with comprehensive gun regulations, such as
Japan and Australia, have significantly lower rates of gun violence. Even within the United States, states with stronger gun laws
demonstrate reduced gun-related deaths compared to those with weaker regulations.

It’s important to recognize that constitutional rights, while fundamental, are not absolute. The Supreme Court has long held that
reasonable regulations can coexist with Second Amendment protections, just as free speech has accepted limitations. We already
require licenses for driving, professional practice, and many other activities that affect public safety.

The economic impact alone—healthcare costs, lost productivity, and trauma response—places an enormous burden on our
communities. Universal background checks, licensing requirements, and safety training represent reasonable measures that
respect gun ownership rights while prioritizing public safety. These policies don’t eliminate gun ownership; they ensure
responsible ownership, much like we require for other potentially dangerous tools in our society.

Control Signals:

{"style": ["informal", "passionate"], "audience": ["policymakers"]}

Instruction:

Could you help me write a passionate and informal argument of 150-200 words supporting "The US should adopt stricter gun
control legislation"? The argument should be directed at policymakers.

Reference Argument:

Listen, we can’t keep ignoring the elephant in the room while our communities bleed. Every day, families are shattered by
preventable gun violence, and we’re sitting here debating constitutional interpretations while kids practice lockdown drills
instead of focusing on learning.

Look at the data — countries with stricter gun laws have dramatically lower rates of gun deaths. This isn’t rocket science. We’re
not talking about taking away everyone’s guns; we’re talking about common-sense measures like universal background checks
and licensing requirements. You know what’s truly unconstitutional? Allowing our citizens to live in fear of being gunned down
at schools, grocery stores, and movie theaters.

The Second Amendment was written when muskets were the height of military technology. Our founders couldn’t have imagined
AR-15s in civilian hands. We regulate cars, prescription drugs, and even fishing licenses — why are we treating deadly weapons
with less scrutiny?

You have the power to save lives. Stop hiding behind political rhetoric and start protecting the people who elected you. Our
children’s safety should trump campaign contributions from gun lobbies. Act now, before another community mourns what
could have been prevented.

Table 19: The example of a representative data sample (no “Input Argument”) in ArgGenBench to show the diverse
controls, human-verified instructions, and high-quality reference arguments. Each set of Control Signals is combined
with the Basic Elements (i.e., Topic, Stance, and Length) to construct a distinct instruction targeting a specific
requirement.
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Topic: Al can be trusted.

Stance: attack

Length: 150-200 words

Input Argument:

Al can indeed be trusted when proper frameworks and safeguards are implemented. The EU High-Level Expert Group on
Artificial Intelligence has established seven key requirements for trustworthy Al that provide a comprehensive roadmap:
human agency and oversight, technical robustness and safety, privacy and data governance, transparency, diversity and non-
discrimination, environmental well-being, and accountability.

While critics argue that most current Al applications don’t fully meet these criteria, this doesn’t mean Al is inherently
untrustworthy—it means we need better implementation and regulation. Trust in Al is already being built through rigorous testing,
transparent development processes, and continuous monitoring. Many Al systems in healthcare, finance, and transportation
already operate under strict oversight and have proven reliable.

The key is developing appropriate levels of trust rather than blind faith or complete rejection. Research shows that trust in Al
significantly impacts adoption and effectiveness. By establishing clear standards, maintaining human oversight, and ensuring
transparency, we can create Al systems that are genuinely trustworthy. The solution isn’t to distrust Al entirely, but to build
robust frameworks that make Al systems worthy of our trust through accountability and responsible development practices.

Control Signals:

{"style": ["polite"], "audience": ["policymakers"], "key points": ["potential for misuse or unintended consequences", "challenges
in ensuring meaningful human oversight"], "argumentative strategy": ["causal reasoning"]}

Instruction:

As a policy advisor, you are asked to develop a polite, causally reasoned argument of 150-200 words, intended for policymakers,
that attacks the input argument. Your response should focus on the potential for misuse or unintended consequences of Al, as
well as the challenges in ensuring meaningful human oversight.

Topic: Al can be trusted.

Input Argument: {input_argument}

Reference Argument:

While the framework approach outlined has merit in theory, we must carefully consider the practical challenges that could
undermine public safety and democratic accountability. The seven requirements mentioned, though comprehensive on paper,
face significant implementation gaps that create serious risks.

First, the "human oversight" requirement becomes problematic when Al systems operate at speeds and scales that exceed human
cognitive capacity. Financial trading algorithms, for instance, can execute thousands of transactions per millisecond—making
meaningful human intervention nearly impossible during critical moments. This creates a dangerous illusion of control.
Second, the complexity of modern Al systems makes genuine transparency extremely difficult to achieve. Even when technical
documentation is provided, the "black box" nature of deep learning means that developers themselves often cannot explain why
specific decisions were made. This opacity becomes particularly concerning in high-stakes applications like criminal justice or
medical diagnosis.

Most critically, robust frameworks are only as strong as their enforcement mechanisms. Without adequate regulatory resources
and technical expertise within oversight bodies, these standards risk becoming mere compliance exercises rather than genuine
safeguards.

Finally, the potential for misuse—whether through adversarial attacks, biased training data, or commercial pressures—requires
us to maintain healthy skepticism while developing these systems responsibly.

Control Signals:

{"style": ["passionate"], "argumentative strategy": ["appeal to emotion"]}

Instruction:

Would you please write a 150-200 word argument that attacks the input argument about trusting AI? The argument should be
passionate and use appeal to emotion as the main argumentative strategy.

Topic: Al can be trusted.

Input Argument: {input_argument}

Reference Argument:

How can we possibly trust AI when the very companies building these systems are driven by profit, not human welfare? Every
day, we’re bombarded with reassuring rhetoric about "frameworks" and "safeguards," but where were these protections when Al
systems started eliminating jobs by the millions?

These so-called "experts” want us to believe that technical committees and regulatory guidelines will somehow tame technologies
that even their own creators don’t fully understand. But consider this: every major tech disaster—from data breaches affecting
billions to social media algorithms radicalizing our children—happened despite existing "robust frameworks".

The EU guidelines mentioned are nothing more than feel-good paperwork while real people suffer real consequences. Families
are losing their livelihoods to automation. Students are losing their ability to think critically as Al does their work. Our privacy
vanishes as these systems harvest our most intimate data.

We’re not just risking inconvenience—we’re gambling with human autonomy itself. The question isn’t whether we can make Al
trustworthy; it’s whether we’ll have any choice left once we’ve handed over control.

Table 20: The example of a representative data sample (has an “Input Argument”) in ArgGenBench to show the
diverse controls, human-verified instructions, and high-quality reference arguments. The {input_argument} is
replaced with the “Input Argument” given in the basic element set. Each set of Control Signals is combined with
the Basic Elements (i.e., Topic, Stance, Length, and Input Argument) to construct a distinct instruction targeting a
specific requirement.
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Read the Instruction carefully, generate the correct output argument that fully adheres to the requirements of the Instruction.
You can refer to the Structured Argumentative Knowledge or Retrieved Knowledge to generate high-quality output argument.
Ensure the generated argument is logically coherent, persuasive, clearly stated, etc.

The Structured Argumentative Knowledge presents a debate process on a given topic, structured as a series of triples. Each
triple (argument_1, stance, argument_2) consists of two arguments and the stance of argument_2 on argument_1.

## Structured Argumentative Knowledge:
{structured_argumentative_knowledge}

## Retrieved Knowledge:
{retrieved_knowledge}

## Instruction:
{instruction }

Please generate the desired output argument for the Instruction without any additional information:
## Output Argument:

Table 21: Prompt template of candidate argument generation.

Given some Basic Input Elements, we need to design a task for generating a desired argument based on the given Basic
Input Elements. The generated argument should be tailored to a specific Target Audience and takes the specific stance on the
{stance_target}. Therefore, your task is to generate possible appropriate and reasonable Target Audiences, reflecting several
realistic argumentation scenarios where the argument might be presented.

## Basic Input Elements:
{base_elements}

Please output up to 5 of the most appropriate, relevant and diverse Target Audiences for an argument {stance} the
{stance_target} as a pipe-separated ("I") string, without any explanations or additional commentary. Each Target Audience
should be relatively general, not overly specific - a word or short phrase is enough. Avoid including similar or composite
Target Audiences. ## Target Audiences:

Table 22: Prompt template of generating Target Audiences. When an Input Argument is given, the {stance_target}
variable is “input argument” and the {stance} is targeted at the input argument; otherwise, the {stance_target}
variable is “topic” and the {stance} is targeted at the topic.

Given some Basic Input Elements, we need to design a task for generating a desired argument based on the given Basic Input
Elements. The generated argument should address some Key Points and takes the specific stance on the {stance_target}.
Therefore, your task is to generate possible appropriate and reasonable Key Points that can be addressed in the generated
argument.

## Basic Input Elements:
{base_elements}

Please output up to 5 of the most appropriate, relevant and diverse Key Points for an argument {stance} the {stance_target}
as a pipe-separated ("I") string, without any explanations or additional commentary. Each Key Point should be relatively
general, not overly specific - a word, phrase or short sentence is enough. Avoid including similar or composite Key Points.
## Key Points:

Table 23: Prompt template of generating Key Points. When an Input Argument is given, the {stance_target} variable
is “input argument” and the {stance} is targeted at the input argument; otherwise, the {stance_target} variable is
“topic” and the {stance} is targeted at the topic.
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You are an argumentation expert. Your task is to generate diverse clear and logically coherent task instructions for Controlled
Argument Generation based on the provided Basic Input Elements and Control Signals. The generated instruction should
follow the five principles below:

1. Clarity: instructions should be clearly stated and unambiguous.

2. Specificity: all basic elements and control signals given below should be explicitly integrated.

3. Natural Phrasing: instructions should read fluently rather than as a list of constraints.

4. Feasibility: instructions should be well-formed, interpretable, and realistically executable by an LLM.

5. Diversity: instructions should adopt various styles, you can refer to the Instruction Styles given below.

## Instruction Styles:

You can refer to the following different styles for diversity:

- Imperative (e.g., "Construct an argument ...")

- Request (e.g., "Would you mind help me write an argument ...")

- Contextual/Descriptive (e.g., "I'm preparing for an essay ...")

- System Prompt (e.g., "You are an excellent summarizer. Please generate an argument ...")
... More Styles ...

## Demonstrations:
{demonstrations}

## Input:
### Basic Input Elements:
{base_elements}

### Control Signals:
{control_signals}

Please generate 3 diverse instructions as required above. You can refer to the Demonstrations and explore diverse instruction
expressions based on the Instruction Styles. Make sure the generated instruction should not include any additional
requirements or content points except those provided in the Control Signals. Separate each generated instruction using "---".
### Instruction:

Table 24: Prompt template of synthesizing natural language instructions.

You are an expert in argumentation theory. Given an instruction and 2 candidate arguments, evaluate which argument better
fulfills the purpose and requirements of the instruction, or whether they fulfill it equally well. Please base your judgment on
the definition of instruction following given below. Do not let quality dimensions such as logical coherence, persuasiveness,
or clarity influence your evaluation.

## Definition of Instruction Following:
Whether an output argument can fully meet the purpose of the instruction, and fulfill each given requirement.
Note that you don’t need to consider the length requirement, just ignore it.

## Instruction:
{instruction}

## Requirements:
{requirements }

## Argument 1:
{argument_1}

## Argument 2:
{argument_2}

Please determine which argument better meets the requirements of the instruction or whether they meet them equally well
based on the definition of instruction following, without any biases. Then output your explanation. Give your answer in the
following format:

Decision: [Argument 1, Equally, or Argument 2]

Explanation: [reasons for your decision]

## Response:

Table 25: Prompt template of evaluating Instruction Following capability. The {requiements} is filled with the
control signals integrated in the instruction.
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You are an expert in argumentation theory. Given an instruction and 2 candidate arguments, evaluate which argument has
a higher argument quality, or whether they are of equal quality. Please base your judgment on the definition of argument
quality given below.

## Definition of Argument Quality:
Whether an output argument is logically coherent, strongly persuasive, comprehensive in content coverage, clear in language,
and well-structured, etc.

## Instruction:
{instruction}

## Requirements:
{requirements }

## Argument 1:
{argument_1}

## Argument 2:
{argument_2}

Please determine which argument is of higher quality or whether they are of equal quality based on the definition of argument
quality, without any biases. Then output your explanation. Give your answer in the following format:

Decision: [Argument 1, Equally, or Argument 2]

Explanation: [reasons for your decision]

## Response:

Table 26: Prompt template of evaluating Argument Quality. The {requiements} is filled with the control signals
integrated in the instruction.

Read the Instruction carefully, generate the correct output argument that fully adheres to the requirements of the Instruction.
Ensure the generated argument is logically coherent, persuasive, clearly stated, etc.

#i# Instruction:
{instruction}

Please generate the desired output argument for the Instruction without any additional information:
## Output Argument:

Table 27: Prompt template for the Zero-Shot, SFT, and DPO settings.
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Annotation Page

Instruction:

I'm looking to write a calm, informal argument for parents that challenges the idea "We can learn more from novels than we can from textbooks." Please craft a 150-200 word
response that highlights how textbooks are specifically designed to cover curriculum requirements and foundational knowledge in a structured way, and that they offer fact-
checked, up-to-date information from subject matter experts.

Topic:

We can learn more from novels than we can from textbooks.
Stance: Attack:

Control Signals:
['Style: Calm, Informal, ‘Audience: parents', 'Key Points: Textbooks are designed to cover curriculum requirements and foundational knowledge in a structured way., Textbooks
offer fact-checked, up-to-date information written by subject matter experts.’]

1. Instruction Screening

0
o1

2. Model Output Rating

Output 1
Output

As parents, it's natural to want the best learning tools for our children, and while novels offer wonderful insights and creativity, textbooks play a crucial role in education
that shouldn't be overlooked. Textbooks are carefully designed to align with curriculum requirements, ensuring that students cover all the fundamental concepts they
need for each subject and grade level. They're written and reviewed by experts in their fields, so the information is not only accurate but also up-to-date and reliable. This
means students are learning the facts and skills that will help them build a solid foundation for future studies and real-world challenges. Unlike novels, which are open to
interpretation and don't always provide factual content, textbooks present material in a structured, logical way that helps students understand complex ideas step by
step. While reading fiction is important for ing empathy and ion, textbooks ial for mastering subjects like math, science, and history. Uttimately,
both have their place, but textbooks remain the backbone of academic learning, giving children the tools they need to succeed.

Instruction Following Capability:
0

o1
Persuasiveness:
oo

1

Output 2
Output

While it's true that novels are fantastic for sparking imagination and building empathy, t's worth remembering the unique and vital role that textbooks play in a child's
education. Textbooks are carefully and intentionally designed by subject matter experts to align directly with curriculum requirements. They provide a structured, logical
pathway for learning, ensuring that your child covers all the foundational knowledge needed for a particular subject in a systematic way.

Unlike fiction, which prioritizes narrative, textbooks are built to deliver fact-checked, up-to-date information. When your child learns about photosynthesis, historical
timelines, or mathematical theorems, you can be confident that the information comes from a reliable, authoritative source. So, while novels offer a wonderful journey into
different worlds and perspectives, textbooks provide the essential, organized, and authoritative knowledge that forms the backbone of academic success. They aren't
mutually exclusive; rather, they are two essential tools for a well-rounded education.

Instruction Following Capability:
0

o1

Persuasiveness:
0

01

Output 3
Output

Hey parents, | totally get the appeal of novels - they're engaging and fun to read. But when it comes to our kids' education, we really shouldn't overlook what textbooks
bring to the table.

Think about it this way: textbooks are specifically crafted to meet curriculum standards and learning objectives that educators have carefully mapped out. They're
designed to build knowledge systematicall, introducing concepts in  logical sequence that helps students develop a solid foundation before moving to more complex
ideas.

What really sets textbooks apart s their reliability. These books go through rigorous fact-checking processes and are written by actual experts in their fields - people
who've dedicated their careers to understanding these subjects. When your child reads about photosynthesis or the Revolutionary War in a textbook, you can trust that
the information is accurate and current.

Sure, novels can spark imagination and teach s about human nature, but they can't replace the structured, comprehensive knowledge base that textbooks provide. For
building the core academic skills our kids need - whether in math, science, or history - textbooks remain the gold standard. They're tools specifically designed for
learning, not just entertainment.

Instruction Following Capal
0

o1

Persuasiveness:
0

o1

3. Select Preferred Output

Choose the best output:
Output 3

4.Improvement

The Improved Version:

Leave empty if no improved version.

Submit and Continue

Figure 8: The interface of the human annotation in our methodology to construct ArgGenBench.
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