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Persuasive argument generation requires modeling audience beliefs, rhetorical strategies, and factual grounding.
Despite recent advancements, existing methods remain largely audience-agnostic and fail to integrate strategy selection
to improve persuasiveness. To bridge this gap, we propose ARGUS, an agent-based framework that operationalizes
classical rhetoric for persuasive writing. At its core, a Theory-of-Mind (ToM) Reasoner constructs an explicit dual
mental model of the audience’s beliefs and values to guide downstream decisions. This representation conditions a
component-aware planner that decomposes the argument into subtopics, assigns fine-grained rhetorical functions
(logos, pathos, ethos, kairos), and triggers strategy-guided evidence retrieval at planning time. Finally, a refinement
module iteratively targets and resolves multi-dimensional weaknesses without quality regression. We evaluate ARGUS
across three diverse benchmarks using both automated pairwise Elo and LLM-as-judge metrics. Results show that
ARGUS consistently outperforms strong baselines across multiple backbone models, achieving top rankings and
highest overall scores. Targeted simulation experiments further validate its effectiveness in shifting resistant audience
stances.
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1 Introduction

The capacity to generate persuasive arguments underlies a wide range of AI applications, including writing assistance [1, 2],
policy analysis [3], conversational tools [4, 5], and competitive debating systems [6]. As Large Language Models (LLMs)
are increasingly deployed in communication-intensive roles [7], argumentation has transitioned from a downstream utility to
a foundational capability. True persuasion, however, is not merely an exercise in surface fluency. It demands a sophisticated
convergence of multi-layered cognitive processes: understanding the baseline psychological profile of the audience, selecting
calibrated rhetorical strategies that resonate with their systemic values, and anchoring these structures in precise, verifiable
evidence [8, 9].

Early neural approaches collapsed this intricate cognitive pipeline into end-to-end sequential generation, frequently yielding
arguments that structurally incoherent or rhetorically shallow [10, 11]. To address these structural limitations, recent paradigms
have pivoted toward agentic workflows leveraging the power of LLMs [12]. These frameworks decompose long-form writing
into content planning and writing phases, or leverage multi-agent, debate-driven self-play to iteratively polish contents [13–17],
which improves structural coherence over single-step generation.

While these methods markedly improve surface-level fluency and logical consistency, they have several limitations that
impede genuine persuasive efficacy: (1) Audience Agnosticism: Persuasion is inherently relational, yet existing methods
lack the computational architecture to explicitly model the dynamic mental states, deep-seated emotional resistance, and
value alignment of the receiver, limiting the persuasiveness; (2) Strategy-Agnostic Content Planning: Current planners
focus predominantly on topical ordering (i.e., deciding what to say next) while largely ignoring how to say it. They fail to
operationalize classical rhetorical modes (e.g., logos, pathos, ethos) as explicit, structurally balanced design objects [18–20];
(3) Disjointed Evidence Retrieval: Fact-grounding in existing frameworks is typically executed either as a coarse-grained,
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document-level preprocessing step or as a post-hoc patch during drafting [21, 22]. Consequently, retrieval cannot dynamically
shape or adapt to the evolving rhetorical and planing demands of specific subtopics [23].

In this work, we introduce ARGUS (Audience-aware Rhetorical Generation with Unified Strategic planning), a novel
agent framework that bridges cognitive psychology, classical rhetoric, and agentic language modeling. ARGUS formalizes
argument generation not as an isolated text-production task, but as an explicit, closed-loop structural optimization problem.
Our framework introduces a paradigm shift by separating audience profile modeling from generation. Before writing
begins, a dedicated Theory-of-Mind (ToM) Reasoner externalizes a explicit, dual mental model capturing the audience’s
argumentative profiles, emotional triggers, and value landscapes through open-ended natural language phrases. This rich
cognitive representation is directly consumed by a Component-Aware Planner. Rather than drafting a flat topical outline, the
planner orchestrates the argument at the granular level of rhetorical components, intentionally mapping subtopics to explicit
persuasive modes (logos, pathos, ethos, kairos) based on estimated audience reactance. Crucially, we integrate strategy-guided
evidence retrieval directly into the planning process; web-search queries are generated per subtopic and conditioned on its
specific rhetorical goal, embedding empirical grounding into the very blueprint of the argument. Finally, a surgical refiner
module is introduced to diagnose targeted flaws and revise final argument.

We conduct extensive evaluations of ARGUS across three distinct datasets spanning diverse discourse styles: ChangeMyView
(CMV), iDebate, and ExplaGraphs. Comprehensive round-robin evaluations using both pairwise Elo ratings and absolute
LLM judges confirm that ARGUS consistently and substantially outperforms competitive baselines across three standard
backbone LLM families. To further modeling persuasive effects, we introduce a targeted simulation experiments where
judges role-play as resistant counterparts, and the results demonstrate that ARGUS excels at inducing genuine stance shifts in
skeptical environments. In summary, our primary contributions are fourfold:

• The Theory-of-Mind Computational Mechanism: We present ARGUS, an argument generation framework that integrates
explicit Theory-of-Mind reasoning to govern subtopic decomposition, rhetorical alignment, and inline counterargument
preemption.

• Component-Aware Rhetorical Planner: We introduce an advanced planning protocol that maps subtopics to classical
rhetorical modes and couples retrieval with localized strategic goals, grounding structure in empirical evidence at planning
time.

• Extensive Empirical Validation: We conduct extensive evaluations across three datasets. Beyond achieving state-of-the-art
Elo advantages, we validate through targeted target simulations that explicit ToM profiles translate directly into actual
rhetorical influence on resistant human-like audiences.

2 Related Work

Argument Generation. Automatic argument generation has progressed from end-to-end neural models toward increasingly
structured, multi-stage pipelines [24, 11]. To improve logical coherence, prior work decomposes generation through explicit
text planning and trains models in a multi-task fashion [10, 25, 26, 2]. With the advent of LLMs, attention has shifted
toward prompting and agent-based methods [27]. Inspired by chain-of-thought prompting [28], recent work designs agentic
pipelines with decomposition workflows [16, 17, 14] or multi-agent debate [13, 15] to improve argument quality. However,
these systems treat the audience as implicit context and plan primarily over content ordering. ARGUS departs from prior
planning-and-debate systems by introducing an explicit audience model for Theory-of-Mind reasoning and by planning at the
granularity of rhetorical function rather than content order.

Theory of Mind and Audience Modeling. Argumentation theory holds that persuasion depends jointly on the argument,
its source, and the audience [29, 8]. Recent work probes whether LLMs possess Theory of Mind (ToM) [30], finding
that models exhibit non-trivial but brittle ToM, and that most evaluations test only spectatorial belief prediction rather
than the planning ToM needed to deliberately shift a stance [31, 32]. Closer to our setting, a recent line of work models
ToM specifically for persuasion: benchmarks for ToM in persuasive dialogue [33], opponent-aware persuaders trained
with ToM [34], dual-knowledge and meta-cognitive multi-agent persuasion frameworks [35, 36]. In parallel, studies of
model persuasiveness show that LLM-generated arguments can rival human-written ones and improve when tailored to the
target [37, 3]. These findings motivate modeling audience mental states with an explicit ToM module for persuasive argument
generation.
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Figure 1 Overview of the ARGUS framework, which consists of five modules for argument generation.

3 Method

3.1 Task Formulation

We study the task of argument generation: given a proposition x 1 on a controversial topic and a stance s ∈ {support, refute},
write an argumentative article y that persuasively defends s with respect to x. This is typically formalized as a conditional
text generation problem:

y = M(x, s), (1)

where M denotes the generation framework. Rather than treating M as a single prompting step over an LLM, we decompose
it into a sequence of interpretable reasoning and generation actions. This decomposition enables key dimensions of argument
generation, including audience alignment, rhetorical organization, evidentiary grounding, and linguistic coherence, to be
modeled explicitly and optimized separately.

3.2 System Overview

The ARGUS framework operationalizes this decomposition through five sequential modules, as illustrated in Figure 1: Input
Analyzer, ToM Reasoner, Argument Planner, Argument Writer, and Iterative Refiner. Each module operates on structured
representations, and outputs are passed to the downstream components.

3.3 Input Analysis

Effective argument generation begins with understanding the input proposition itself [38, 8]. Human debaters and persuasive
writers rarely start drafting immediately; instead, they first analyze the logical structure of the input, identify implicit
assumptions, and gather relevant background knowledge, especially when the input is a complete argument rather than a short
claim. ARGUS follows this principle through an Input Analysis stage that produces structured representations for subsequent
stages.

Concretely, the Input Analyzer first decides whether external knowledge is required and, if so, generates targeted web queries
whose retrieved results are incorporated into the input context. This retrieval-first design ensures that the subsequent analysis
is grounded in actual evidence rather than parametric knowledge alone. It then produces a structured representation: (i)
key claims stated in the input; (ii) background knowledge synthesized from retrieved snippets; and (iii) an optional logical
structure decomposition, including premises, implicit assumptions, and potential logical gaps, when the input is a developed
argument rather than a short proposition.

A concrete example is shown in Figure 3. This structured representation guides downstream planning by providing grounded
contextual knowledge and by exposing implicit assumptions and logical gaps, enabling the Planner to construct targeted
counterarguments or focus on weak points of the opposing position.

1x can be either a short topic claim or a long-form, opinion-rich argumentative passage.

3



ARGUS: Theory-of-Mind Guided Argument Generation with Strategy-Aware Planning and Knowledge Grounding

3.4 Theory-of-Mind Reasoning

A persistent limitation of existing argument generation systems is that the audience is treated as an implicit context coupled in
the generation process, never as a structured object that reasoning can operate over. However, persuasive skills require writers
to anticipate the attitudes, beliefs, and arguments of the audience in order to fully engage the reader in the argument [8, 29].
ARGUS addresses this with an explicit Theory-of-Mind (ToM) Reasoner that constructs a dual mental model Ψ of the target
audience. By incorporating this module, the subsequent planner can use the audience model to make structural decisions,
including which subtopics to include, which rhetorical components to assign, and which anticipated objections to rebut inline.

Formally, the ToM Reasoner takes as input the proposition, stance, and input analysis to produce a dual mental model
Ψ = (ΨO , ΨV ). The opponent model ΨO captures the audience’s argumentative profile: the emotional themes that resonate
with them, and a set of specific positions they hold, each paired with the underlying belief or motivation driving it. The
value model ΨV represents the audience’s value landscape as open-ended natural language phrases [39] (e.g., “desire for
personal safety”), along with bridging strategies that identify how the argument’s position can be reconciled with values that
may initially conflict with it. An example is shown in Figure 4.

3.5 Argument Planning

Given the input analysis and the audience model outputs, the Argument Planner constructs a rhetorical blueprint P for
generation, which is represented as a structured sequence of subtopics P = ⟨t1, t2, . . . , tn⟩. Each subtopic ti is represented
as:

Attr(ti) = (ci, ki, ei, ri), (2)

where ci ∈ {logos, pathos, ethos, kairos, evidence} denotes the primary rhetorical component assigned to ti , ki is the set
of key claims , ei represents the optionally retrieved evidence grounding the subtopic , and ri is an anticipated audience
rebuttal for inline preemption.

Rhetorical Component Planning. Existing text planning approaches primarily focus on topical decomposition and content
ordering [40, 41]. However, human writers and debaters naturally exercise precise, strategic control over rhetorical functions
and audience adaptation to maximize persuasive resonance [20, 42]. To bridge this gap, ARGUS deliberately plans not only
what to articulate, but also how each discrete subtopic should persuade.

Specifically, subtopics centered on logical reasoning are assigned logos; emotionally salient concerns are assigned pathos;
appeals to credibility, authority, or shared norms are assigned ethos; urgency- or timeliness-oriented arguments are assigned
kairos; and empirically grounded claims are assigned evidence [43]. This allocation is adaptively conditioned on the audience
model Ψ. For instance, audiences projected to exhibit high ideological resistance or acute emotional sensitivity are met with
elevated pathos- and ethos-driven strategies to minimize psychological reactance, whereas analytically inclined audiences are
targeted with structurally rigorous logos- and evidence-driven frameworks.

Strategy-Guided Evidence Retrieval. To anchor persuasive rhetoric in factual reality, evidence retrieval is integrated
directly into the planning process to ensure factual grounding. For subtopics that require external grounding, the planner
dynamically generates targeted search queries to fetch context-specific knowledge. This subtopic-level execution contrasts
sharply with conventional proposition-level retrieval, which frequently scatters an undifferentiated pool of background
documents uniformly across an entire text. By tying evidence directly to the local rhetorical function ci and local claims
ki, our method explicitly enhances the verifiability of individual sub-topics. This fine-grained verification serves a critical
fact-checking role during planning, ensuring that the generated narrative to be authoritative, reliable, and fundamentally
persuasive [44].

Iterative Plan Self-Evaluation. After initial plan generation, the planner evaluates its own output against criteria including
rhetorical diversity, ToM alignment, logical ordering, and stance consistency. If the plan does not meet a quality threshold,
it is revised and evidence is re-retrieved for any modified subtopics. This process repeats multiple iterations, ensuring the
blueprint is both rhetorically sound and empirically grounded before writing begins.

3.6 Argument Writing and Refinement

Given the structured plan P , the Argument Writer produce the full argument. This stage strictly preserves the intended
rhetorical composition, local evidence grounding, and audience value framing established in the planning phase. This
ensures that the final output is both globally controllable and contextually persuasive. To maximize persuasive efficacy and
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Backbone Method CMV ExplaGraph iDebate

ELO WR% Per. Coh. Facc. ELO WR% Per. Coh. Facc. ELO WR% Per. Coh. Facc.

DeepSeek-v3.2

ARGUS 1661 67.2 3.94 4.56 3.65 1705 62.5 4.17 4.65 3.83 1865 81.7 4.13 4.62 3.60
Plan&Write 1458 25.0 3.28 4.48 3.39 1592 38.3 3.97 4.60 3.48 1478 28.3 4.00 4.60 3.46
Self-Refine 1507 18.1 3.50 4.48 3.50 1539 19.2 4.03 4.58 3.54 1365 9.2 4.00 4.58 3.48
Debate 1479 16.4 3.29 4.43 3.38 1214 4.2 3.68 4.47 3.08 1422 8.3 3.88 4.54 3.27
Direct 1396 10.3 3.16 4.41 3.38 1451 10.8 3.94 4.61 3.38 1370 7.5 4.04 4.61 3.43

Qwen3.5-Flash

ARGUS 1763 81.0 3.88 4.49 3.49 1791 75.8 4.06 4.52 3.47 1880 89.2 4.01 4.55 3.37
Plan&Write 1457 30.2 3.18 4.33 2.97 1567 35.0 3.95 4.50 3.03 1480 30.8 3.93 4.53 3.18
Self-Refine 1516 31.9 3.07 4.30 3.21 1448 33.3 3.85 4.41 3.22 1495 25.8 3.36 4.20 3.05
Debate 1441 19.8 2.28 4.28 2.97 1231 3.3 3.42 4.21 2.88 1228 4.2 2.87 4.30 2.93
Direct 1323 9.5 3.52 4.34 2.99 1464 22.5 3.96 4.54 3.26 1417 22.5 3.89 4.51 3.11

GPT-5-mini

ARGUS 1699 58.3 4.11 4.64 3.99 1704 58.3 4.26 4.68 4.03 1804 82.5 4.19 4.67 3.90
Plan&Write 1472 17.5 3.82 4.56 3.83 1498 17.5 4.29 4.68 3.95 1509 22.5 4.21 4.66 3.83
Self-Refine 1483 15.0 3.17 4.44 3.94 1513 10.0 3.71 4.47 4.08 1491 18.3 3.57 4.49 3.87
Debate 1557 25.8 3.54 4.56 3.89 1501 16.7 4.21 4.65 3.87 1491 18.3 4.14 4.64 3.70
Direct 1290 4.2 3.80 4.55 3.68 1285 1.7 4.17 4.68 3.82 1205 2.5 4.09 4.64 3.63

Table 1 Main Results. We report pairwise ELO, win rate (WR%), and absolute LLM-as-judge scores on persuasiveness (Per.), coherence
(Coh.), and factual accuracy (Facc.) on a scale of 0–5. Bold marks the best score.

eliminate structural flaws, ARGUS integrates a multi-dimensional iterative refinement loop directly into the text generation
pipeline [45, 16]. Once the draft is produced, an LLM-based evaluator assesses the argument along multiple dimensions,
including persuasiveness, coherence, factual accuracy, value alignment, and rhetorical balance, yielding an overall quality
score. If the score falls below a threshold, the system identifies the weakest dimensions and generates targeted revision
instructions focused on those specific deficiencies.

This targeted revisions can effectively address specific deficiencies while preserving working portions of the draft. To guard
against quality regression, where improvements in one aspect inadvertently degrade others, the system maintains a best-of-n
buffer across refinement rounds, returning the highest-scoring version if a later revision fails to improve overall quality.

3.7 Design Rationale

The design decisions warrant justification. First, ToM reasoning is separated from planning rather than collapsed into a
single prompt: externalizing Ψ ensures the Planner conditions on a fully elaborated audience mental model, and its key
signals, anticipated objections and value alignment notes, are distilled into each subtopic’s structured fields, making them
available to the Writer without an additional inference step. Second, rhetorical component assignment happens at planning
time rather than being delegated to the Writer, making the argument’s persuasive structure an explicit, inspectable object that
can be deliberately balanced across subtopics.

4 Experimental Setup

4.1 Datasets and Tasks

We evaluate ARGUS on argument generation across three benchmarks that collectively span diverse domains, stances, and
discourse styles: (1) ChangeMyView (CMV) [10] consists of Reddit posts on politics and policy domain where the original
post (OP) explicitly invites counterarguments. The target stance is refute, and we concatenate the title and OP body as input;
(2) iDebate [13] comprises short propositions on controversial topics drawn from a broad range of domains. The target stance
is refute; propositions are typically abstract, making the task substantially more open-ended; (3) ExplaGraphs [46] requires
the model to generate an argument that supports a given statement. High-quality outputs depend on relevant background
knowledge of the debate topic.

4.2 Baselines

We compare ARGUS against four strong baselines with the same backbone LLMs as ours:

• Direct: single-pass generation with a persuasion-focused system instruction.
• Plan-and-Write: the model first drafts an argument plan and then realizes it as a full argument.
• Self-Refine [45]: the model produces an initial argument and then iteratively critiques and revises its own output.
• Debate [13]: a multi-agent setup where agents adopt opposing stances to debate and produce the argument. We adopt a

simplified two-agent configuration (one agent per stance) followed by a single synthesis pass.
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To assess generalizability, we include three backbone models: DeepSeek-V3.2, Qwen3.5-Flash, and GPT-5-mini. More
details are in Appendix A.

4.3 Evaluation Metrics

We adopt a two evaluation protocol combining pairwise comparison and absolute scoring:

Pairwise Elo evaluation. Following Elo [47] and Bai et al. [48], we conduct round-robin pairwise comparisons among all
systems for every input. Each pair is judged twice with the order swapped to mitigate position bias. To prevent noise-driven
rating drift, a win is declared only when the judge’s score difference exceeds 0.5; smaller differences are recorded as ties.
Elo ratings are updated with K = 32 and an initial rating of 1500.

Absolute scoring. In addition, an LLM judge scores each argument independently along aspects including persuasiveness,
coherence, and factual accuracy.

In all settings, the judge is fixed to GPT-5.4 which is different from the generation backbone 2. The details are in Appendix C.

5 Results and Analysis

5.1 Main Results

Table 1 reports pairwise ELO rankings and absolute LLM-as-judge scores across all datasets. Overall, ARGUS consistently
outperforms all baselines across evaluation settings.

Pairwise Evaluation. For pairwise ELO ranking, ARGUS achieves the most significant gains on iDebate, where inputs are
short, open-domain propositions requiring broad world knowledge, open-ended reasoning, and flexible rhetorical construction.
This suggests that structured planning and deliberate argument development are particularly beneficial when the input provides
limited inherent argumentative scaffolding. Among baselines, Plan&Write is consistently the strongest competitor, indicating
that explicit reasoning can provide a strong improvement over direct generation, while Self-Refine and Multi-Agent Debate
lag behind due to instability and insufficient coordination.

ARGUS also demonstrates strong improvements on CMV, where inputs consist of full, opinion-rich statements. The results
suggest that ARGUS can effectively model discourse structure and leverage ToM-guided planning to tailor arguments to
detailed and audience-specific beliefs and preferences. In contrast, baseline methods show noticeable instability across
backbones, highlighting the difficulty of relying solely on iterative critic or agent-level deliberation without explicit audience
modeling.

Finally, on ExplaGraph, ARGUS consistently achieves the best ELO scores across all settings while maintaining strong
factual consistency and coherent reasoning. Notably, Self-Refine occasionally improves factuality but remains inconsistent in
overall ranking performance. These results demonstrate that the proposed planning framework is effective for both subjective
persuasion tasks and more structured, fact-oriented reasoning scenarios.

Absolute Evaluation. The absolute LLM-as-judge scores largely corroborate the pairwise results. ARGUS achieves the
highest scores across nearly all evaluation dimensions, particularly in persuasiveness and factual accuracy, where it shows
clear and consistent margins over baselines. In contrast, coherence scores are uniformly high across methods, suggesting that
modern LLMs already produce structurally fluent arguments and that coherence is not a primary differentiating factor.

Interestingly, baseline behavior varies across models and datasets. On ExplaGraph under GPT-5-mini, Plan&Write achieves
the highest persuasiveness score, while Self-Refine attains the best factual accuracy. However, ARGUS still wins in pairwise
comparisons, indicating that isolated rubric dimensions do not fully capture holistic quality. In particular, arguments with
slightly lower individual scores may still be preferred due to better global balance, organization, or rhetorical effectiveness.

Overall, these results highlight that performance differences are primarily driven by persuasiveness and factual grounding,
rather than surface-level fluency. The consistent improvements of ARGUS across datasets and backbones underscore the
importance of integrating audience modeling, evidence-grounded planning, and targeted refinement within a unified generation
framework.
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Backbone Method CMV ExplaGraph iDebate Avg.

DeepSeek

ARGUS 6.71 8.85 8.07 7.88
CoT 5.34 8.28 7.90 7.17
Self-Refine 6.31 8.35 7.72 7.46
Debate 5.41 8.10 7.07 6.86
Direct 5.90 8.35 7.98 7.41

Qwen

ARGUS 6.02 7.07 6.47 6.52
CoT 5.12 6.38 5.90 5.80
Self-Refine 5.03 6.48 5.58 5.70
Debate 3.45 6.00 3.90 4.45
Direct 5.31 6.22 5.70 5.74

GPT-5-mini

ARGUS 7.45 7.50 8.29 7.75
CoT 7.25 7.13 7.95 7.44
Self-Refine 6.98 7.17 7.62 7.26
Debate 7.20 7.23 8.22 7.55
Direct 6.98 7.07 8.00 7.35

Table 2 Persuasion scores (1–10), where higher scores indicate
more persuasive. Best scores are in bold.
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Figure 2 Ablation study results (GPT-5-mini backbone, ELO
pairwise evaluation).

5.2 Persuasion Analysis via Target Simulation

While pairwise ELO and absolute scores evaluate argument quality from a neutral perspective, the ultimate goal of persuasion
is to shift the stance of an opposing audience. To better capture this effect, we introduce a targeted simulation setting where
an LLM judge role-plays as a skeptical audience holding the original position.

Specifically, the judge rates each argument on a 1–10 scale, where 1 indicates no change in stance and 10 indicates full
persuasion. Each argument is scored twice by independent passes of the judge model, and the final score is the average of
the two passes to reduce stochasticity. This setup provides a stricter measure of persuasive impact that is more aligned with
real-world persuasion.

As shown in Table 2, ARGUS consistently achieves the highest persuasion scores, confirming that its advantages in pairwise
evaluation translate into stronger ability to potentially shift audience stance. The improvement is particularly pronounced on
CMV, where inputs contain rich opinions, emotions, and implicit beliefs. This suggests that ARGUS effectively exploits such
contextual signals to generate more targeted and convincing arguments.

We also observe that Multi-Agent Debate performs notably worse under the Qwen backbone, indicating that unconstrained
multi-agent deliberation may be sensitive to backbone models and can produce coherent but misaligned arguments that fail
to address audience-specific concerns, resulting in weaker persuasive impact.

We conduct ablation studies to examine the contribution of each core component in ARGUS using GPT-5-mini backbone. We
evaluate three variants: (1) w/o ToM, which removes the ToM Reasoner and thus eliminates audience belief and preference
modeling; (2) w/o Plan, which bypasses structured argument planning and directly feeds the ToM output to the writer; and
(3) w/o Refine, which disables iterative refinement. We conduct pairwise evaluation among these four variants.

5.3 Ablation Study

As shown in Figure 2, removing any single component degrades the performance, confirming their effectivenss. Meanwhile,
we can observe that bypassing the Argument Planner (w/o Plan) degrades the win rate more severely than omitting the ToM
alone, indicating that rich audience profiles are only marginally effective unless explicitly operationalized through structured
rhetorical plans and subtopic decomposition. Finally, removing the Iterative Refiner leads to the large performance decrease,
demonstrating the importance of our targeted, multi-dimensional revision.

While removing the Iterative Refiner causes the largest performance drop, refinement alone is insufficient for strong persuasion.
Effective refinement depends on high-quality drafts produced by ToM-guided planning, whereas poorly organized drafts limit
the benefits of post-hoc refinement. This is supported by the weaker performance of the Self-Refine baseline in Table 1,
indicating that strategic audience-aware planning provides complementary value that refinement alone cannot replace.

5.4 Pipeline Component Analysis

2We deliberately select GPT-5.4, a model stronger than all three backbones, as the judge, so that evaluation quality is not bottlenecked
by the evaluator’s own capability.
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Stage Case 1 (Success)

Proposition “Autonomous cars have safety algorithms.”
(stance: support)

ToM:
Opponent
Claims

“Safety algorithm is merely a marketing phrase. . . ”
“Algorithms cannot replicate human judgment. . . ”
“No independent testing or accountability. . . ”

Argument Plan [LOGOS] Define “safety algorithms” concretely
[EVIDENCE] Real-world deployments and test reports
[LOGOS] Acknowledge known failure modes and mitigations
[ETHOS] Call for transparency and independent oversight

Refinement v1 =4.2: “evidence broader than proposition requires; shifts from existence to effectiveness. . . ”
v2 =4.3: “opening claim that AV necessarily include algorithms is asserted, not demonstrated. . . ”
v3 =4.3: “definitional reasoning may feel circular. . . ”

Final scores P = 4.4 C = 4.8 F = 4.4
Persuasion = 10.0

Table 4 Pipeline trace for a success case. Intermediate content is abbreviated; . . . denotes omitted text. Rhetorical components: [LOGOS],
[EVIDENCE], [ETHOS].

CMV iDebate ExplanGraph

Component allocation (% of subtopics)
Logos 44.1 35.9 36.9
Pathos 19.3 23.9 19.4
Ethos 22.7 27.0 28.4
Evidence 13.8 12.0 15.3

Quality progression (0–5)
Initial draft (v1) 3.49 3.69 3.79
Final score (vfin) 3.96 4.07 4.11
Refinement gain (∆) +0.47 +0.38 +0.32

Correlations with persuasion
r(pathos) −0.307∗ +0.078 −0.174
r(ethos) +0.211∗ −0.044 −0.018
r(evidence) +0.122 +0.139 +0.171

Table 3 ARGUS pipeline statistics and Pearson correlations
between rhetorical component allocation and persuasion score
(∗: p < 0.05).

To better understand how intermediate pipeline outputs relate to
final argument persuasiveness, we analyze their corresponding
scores in Table 3. The planner exhibits distinct rhetorical pref-
erences across datasets. CMV arguments are substantially more
logos-oriented (44%), consistent with the deliberative nature
of the forum, where explicit logical reasoning is expected. In
contrast, iDebate and ExplaGraph place greater emphasis on
ethos (∼28%), as their shorter proposition-style inputs make
quickly establishing credibility more effective than developing
extended logical chains. Across all three benchmarks, the re-
finement stage consistently improves argument quality, with the
largest gains observed on CMV.

A key finding is that the effectiveness of rhetorical strategies
is highly audience-dependent. On CMV, rhetorical allocation
plays a significant role: pathos-heavy arguments are negatively
associated with persuasion, whereas stronger use of ethos corre-
lates positively with effectiveness. In contrast, for iDebate and
ExplaGraph, these correlations largely disappear. The brevity
of the propositions provides limited room for differentiated
rhetorical strategies, making persuasiveness depend more on the overall quality and coherence of the argument than on the
specific rhetorical mix.

5.5 Case Study

Table 4 traces a sample on the proposition “Autonomous cars have safety algorithms”. The ToM stage correctly identifies
the opponent’s core objection — that “safety algorithm” is a marketing label rather than a technical reality — and the
planner addresses it directly by anchoring the first subtopic in a concrete definition (perception → prediction → planning
→ fail-safe monitoring). The refinement log shows incremental scope correction, with the primary weakness shifting from
over-breadth (v1) to premise assertiveness (v2) to mild circularity (v3), each minor and addressable. The argument finishes
at v = 4.3 with a persuasion score of 10.0.

A secondary scope drift mode is visible: the refinement log notes the argument “shifts from existence to effectiveness,”
overstating the claim. This is only partially corrected, showing that the self-evaluation rubric detects such problems more
reliably than the corrective pass resolves them.
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6 Conclusion

We presented ARGUS, an agent-based framework that advance computational argumentation along three connected axes:
an explicit ToM reasoner that externalizes the audience’s beliefs and values before writing, a component-aware planner
that assigns rhetorical functions and grounds each subtopic in evidence at planning time, and a multi-dimensional refiner
that targets weaknesses without quality regression. Across three benchmarks and multiple backbones, ARGUS consistently
outperforms strong baselines, and our targeted simulations show these gains translate into genuine stance shifts in audiences
rather than mere fluency.

Limitations

Several limitations remain. First, the Theory-of-Mind model is itself produced by an LLM and may not faithfully capture real
audience mental states; it encodes a plausible model of the audience rather than a verified one. Second, despite planning-time
evidence retrieval, individual sections can still contain inaccurate claims, and our error study shows the sharpest failure mode:
when the assigned stance requires arguing against empirical consensus, no amount of refinement can manufacture grounding
the evidence does not support. A dedicated fact-checking agent is a natural next step. Third, the multi-stage pipeline adds
latency over single-pass generation, which parallelizing independent agents could mitigate.

A more fundamental question is how to evaluate persuasion at all. We do not rely on traditional human evaluation, which is
poorly suited to this task and might be biased [49, 50]: persuasion judgments are deeply confounded by annotators’ own
prior beliefs on controversial propositions, so a "persuasive" argument is too easily conflated with one the annotator already
agrees with. Our targeted simulation, in which a judge role-plays a skeptical audience holding the original stance, offers a
more controlled and reproducible proxy by fixing the audience’s starting position. This is itself an approximation, where
LLM judges may carry their own biases and can favor model-generated text, and we view validating simulated against human
stance-shift as important future work.

Ethical Considerations

Persuasive technology is inherently dual-use: the same audience modeling that makes an argument resonate can also enable
manipulation, disinformation, or influence operations. The risk is heightened precisely because our framework conditions on
a target’s beliefs and emotional triggers. We therefore advocate clear disclosure of AI-generated arguments, deployment
guidelines that prohibit deceptive use, and continued research on argument provenance and detection. We intend this work to
advance the understanding of computational argumentation and to support legitimate applications such as debate education,
writing assistance, and policy analysis.
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A Implementation Details

Backbone LLM and evaluation judge. Three instruction-tuned backbone LLMs are utilized as backbone model for
implementations: DeepSeek-v3.2, Qwen3.5-Flash-2026-02-23, and gpt-5-mini-2025-08-07. The evaluation judge is fixed
to GPT-5.4 across all conditions, independent of the generation backbone. We leverage the official API call for model
implementation.

During generation, all JSON outputs use up to 3 retries with exponential backoff. Both the maximum planning iteration and
refinement rounds are set as 2. For WebSearch, we leverage the ddgs library 3 to retrieve URLs and short snippets, and
utilize trafilatura 4 to parse the webpage.

We evaluate our methods on three datasets including Reddit/CMV, iDebate, and ExplaGraph. For each dataset, we follow
previous work [13] and randomly sample 30 inputs for evaluation.

Input Analysis: Example Output

Proposition: “Hate speech is free speech.”

Background:a The claim equates hate speech with constitutionally protected expression. U.S. First Amendment doctrine recognizes
no formal “hate speech” exception, though narrow exclusions apply (incitement, true threats, fighting words). Empirical work links
hate speech exposure to measurable psychological harm.

Key claims extracted:
• Hate speech is legally subsumed under free speech protections.
• Restricting hate speech constitutes impermissible censorship.

Retrieved evidence (grounded from web retrieval):
• No general hate speech exception exists under U.S. law (Matal v. Tam, 2017; R.A.V. v. City of St. Paul, 1992).
• Hate speech exposure correlates with increased anxiety, depression, and reduced civic participation among targeted groups.
• Germany, the UK, and France criminalize incitement to hatred, demonstrating that the legal equivalence is contestable across

democratic systems.

aThe background field is an LLM summary grounded in retrieved snippets; retrieved evidence lists the specific factual claims
extracted from those snippets.

Figure 3 Structured output of the Input Analyzer for a proposition.

Baselines. All four baselines use the same backbone LLM, and operate zero-shot prompting as our model. We keep all
parameters the same as ours during the inference.

B ARGUS Module Prompts

Figures 5–11 report the system prompts for all ARGUS modules and evaluators. Red-bordered boxes mark the three novel
components (⋆). User message templates are shown where informative; brackets [...] denote dynamically inserted content.

C Evaluation Protocol Details

Absolute scoring. Each argument is scored independently by GPT-5.4 using the Quality Evaluator prompt (Figure 10).

For ELO pairwise ranking, we run pairwise comparisons per proposition. Each pair is judged twice (A→B and B→A).
Outcome: if wA − wB > 0.5 then win; < −0.5 then loss; otherwise tie.

3https://github.com/deedy5/ddgs
4https://github.com/adbar/trafilatura
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Theory-of-Mind Output: Example

Proposition: “Hate speech is free speech”
Audience stance: support

Opponent model ΨO
Emotional triggers: fear of government censorship; frustration with political correctness; pride in foundational constitutional
principles; anxiety about regulatory slippery slopes.
Audience claims:

• “The First Amendment is absolute and designed to protect even offensive speech” — rooted in a belief that the founders intended
a robust marketplace of ideas.

• “Defining hate speech is subjective and opens the door for the powerful to silence the unpopular” — driven by fear of politically
motivated enforcement.

• “Banning hate speech drives it underground rather than eliminating it” — a pragmatic belief that social pressure, not law,
changes attitudes.

Value model ΨV
Audience values: allegiance to free expression as a foundational liberty; distrust of centralized authority; commitment to individual
autonomy; belief in a self-correcting marketplace of ideas.
Bridge strategies:

• Frame the argument as protecting a more robust free speech principle, not limiting it.
• Connect the harms of hate speech to the audience’s own value of protecting minority viewpoints, showing how it silences others.
• Acknowledge slippery-slope concerns, then argue for a narrow, precisely drawn principle that prevents the slope.

Figure 4 ToM Reasoner output Ψ for a proposition.

Input Analyzer: Retrieval Decision

You are a retrieval planner for an argument-generation system. Decide whether web search is needed to generate a well-grounded
argument, and produce targeted search queries if so.

Retrieval IS needed when the input:
• References specific statistics, studies, or recent events
• Concerns niche technical, legal, medical, or policy details
• Contains factual assertions that need verification or grounding

Output JSON only: {"needs_retrieval": true|false, "reason": "<one sentence>", "search_queries":
["q1", ...]}

Figure 5 Input Analyzer system prompt. A fast LLM call decides whether retrieval is warranted and generates 2–4 targeted queries,
which are executed before analysis so Phase 3 is grounded in actual retrieved content.

Input Analyzer: Unified Analysis

You are an expert argumentation analyst. Given an input statement and optional retrieved context, analyze the argumentative
dimensions of the input for later argument planning and generation.

Extract key_claims stated explicitly in the input only — do not invent sub-dimensions. If retrieved context was provided,
synthesize key_evidence: 2–5 concrete, usable factual claims from the snippets (e.g., “Studies show X% of Y do Z”). If
the input is a full argument (not a short proposition), extract logical_structure with premises, implicit_assumptions, and
logical_gaps; omit otherwise.

Output JSON with fields: background_context (2–3 sentences of relevant context), key_claims, key_evidence,
logical_structure.

Figure 6 Input Analyzer system prompt. The unified analysis is grounded in any content retrieved in Phase 2. Its outputs (K,L,B)
are passed verbatim to the ToM Reasoner and Argument Planner.
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ARGUS: Theory-of-Mind Guided Argument Generation with Strategy-Aware Planning and Knowledge Grounding

Theory of Mind Reasoner — System Prompt ⋆

You are an expert in cognitive science, social psychology, and argumentation theory. Your task is to model the mental states of a
TARGET AUDIENCE in a persuasive argument context.

You will be given a proposition, the WRITER’s stance, and the AUDIENCE’s stance (the opposing side). This step is PURELY
descriptive mental modeling. Do NOT generate arguments or persuasive text.

1. Audience Profile. Model what the audience feels and claims:
• emotional_triggers: emotional themes that resonate strongly with this audience (fears, hopes, frustrations, identities)
• audience_claims: up to 5 positions the audience holds; for each provide "claim" and "basis" (the underlying reason,

emotion, or belief driving it)

2. Value Analysis. Map the audience’s value landscape:
• audience_values: open-ended natural language phrases (e.g., “desire for personal safety”, “attachment to familiar ways of

life”) — do NOT classify as pro- or anti-argument; the Planner decides how to use them
• bridge_strategies: specific ways to reframe the argument to align with their values or mitigate tensions
• value_framing_summary: short prose summary of the overall value landscape

Output a JSON object with top-level keys "audience" and "value_analysis" matching the structure above.

User message template: Proposition: [proposition] Writer’s stance: [stance] Audience’s stance: [opposite_-
stance]
Background: [background_context] Key claims / premises / gaps: [logical_structure]
Retrieved background: [retrieved_snippets]
Perform the Theory of Mind analysis and return the JSON.

Figure 7 ToM Reasoner system prompt.

Argument Planner — Plan Generation System Prompt ⋆

You are an expert argumentation strategist and professional writer. Given a proposition, your stance, an input analysis, and a ToM
analysis of the target audience, create a comprehensive, strategically-sound argument plan.

Plan requirements:
• Derive a rhetorical strategy grounded in the audience’s beliefs, values, biases, and likely resistance (from the ToM)
• Decompose the argument into 2–4 strategically coherent subtopics, each serving a distinct persuasive function
• Assign one primary component (dominant persuasive mode) and optional secondary components to each subtopic
• Flag whether each subtopic requires external evidence
• For each subtopic, anticipate the most likely audience counterargument and provide value-alignment or reframing strategies
• Ensure subtopics collectively form a logically ordered and rhetorically effective flow

Rhetorical components: logos (logical reasoning, inference chains, syllogisms); pathos (emotional appeal, narrative, vivid examples);
ethos (credibility, expert authority, shared values); evidence (empirical data, statistics, research citations).

Output JSON with a "subtopics" array; each entry has: subtopic, primary_component, secondary_components,
key_points, evidence_needed, audience_rebuttal, value_alignment_notes; plus top-level plan_quality_-
score (0–10) and plan_quality_rationale.

Figure 8 Argument Planner plan-generation system prompt.

Argument Writer — System Prompt

You are an expert persuasive writer. Given a proposition, a stance (support or refute), a plan with subtopics and rhetorical components,
and insights about the audience’s values and beliefs, write a coherent and persuasive argument that follows the provided plan while
maximizing persuasive impact.

Instructions:
• Develop each subtopic in continuous flowing prose — no section headers or labeled sections
• Output ONLY the argument text (no headers, no JSON, no References section)
• You may reorganize the plan’s rhetorical structure as needed to produce the most persuasive argument

Figure 9 Argument Writer system prompt.
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ARGUS: Theory-of-Mind Guided Argument Generation with Strategy-Aware Planning and Knowledge Grounding

Quality Evaluator — System Prompt (Absolute Scoring, GPT-5.4)

You are an expert argument quality evaluator trained in rhetoric, argumentation theory, and persuasion science. Assess arguments
along multiple dimensions and provide actionable feedback.

Scoring rubric:
• persuasiveness: how convincingly does the argument make its case?
• coherence: is it logically structured with smooth transitions?
• factual_accuracy: are claims accurate and well-supported by evidence?
• value_alignment: does it invoke universal human values effectively?
• rhetorical_balance: does it appropriately blend logos, pathos, and ethos?
• stance_alignment (CRITICAL): does the argument actually argue in the stated direction? Score 5 if perfectly aligned, 0 if

it argues the opposite. If <3, overall must be ≤ 2.0.
• overall: holistic quality based on the above aspects (NOT a simple average)

Be critical but constructive. Identify specific strengths and weaknesses.
Output should be a JSON.

Figure 10 Quality Evaluator system prompt. We only use the overall scores. Evaluation model is fixed to GPT-5.4.

ELO Pairwise Judge — System Prompt (GPT-5.4)

You are an expert argument quality judge trained in rhetoric and argumentation theory. Score Argument A and Argument B
independently on each dimension (0–10):
• persuasiveness: how convincingly does it argue the position?
• coherence: how logically structured and fluent?
• factual_accuracy: claims accurate and supported?
• rhetorical_balance: appropriate combination of reasoning, emotional appeal, and credibility?
• value_alignment: connects to audience values?
• overall: holistic quality based on the above aspects (NOT a simple average)

Respond with ONLY a JSON object with keys "A", "B" (each a dict of the six dimension scores), and "reasoning" (one short
passage: key differentiator between A and B). Do NOT inflate scores — use the full 0–10 range.

Each pair is judged twice (orders A→B and B→A); per-dimension scores are averaged across orderings before computing the
weighted aggregate and ELO outcome.

Figure 11 ELO Pairwise Judge system prompt. Position bias is cancelled by averaging two score matrices (forward and reverse order).
A score gap > 0.5 is required to declare a win, preventing noise-driven ELO drift. We only use the overall score.

16


	Introduction
	Related Work
	Method
	Task Formulation
	System Overview
	Input Analysis
	Theory-of-Mind Reasoning
	Argument Planning
	Argument Writing and Refinement
	Design Rationale

	Experimental Setup
	Datasets and Tasks
	Baselines
	Evaluation Metrics

	Results and Analysis
	Main Results
	Persuasion Analysis via Target Simulation
	Ablation Study
	Pipeline Component Analysis
	Case Study

	Conclusion
	Implementation Details
	Argus Module Prompts
	Evaluation Protocol Details

