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Abstract
This work addresses conflicts in natural-language input prompts for generative models. To resolve such conflicts
in a reliable and explainable way, this work combines modern Large Language Models (LLMs) with abstract
argumentation. The proposed multi-step system uses LLM agents to extract descriptive elements, detect conflicts,
resolve them using abstract argumentation algorithms, and recompose a coherent, conflict-free prompt. To
evaluate the proposed system, five datasets with conflicting prompts for a text-to-image model are generated, and
a comprehensive experimental evaluation is conducted. The results demonstrate reliable conflict identification
and resolution, achieving a resolution rate of up to 93.4%, and producing prompts highly similar to conflict-free
ground truth (F1 BERTScore of up to 0.964).
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1. Introduction

Recent advances in generative artificial intelligence have launched a new era of digital content creation.
Bridging the gap between natural language and other modalities has contributed significantly to the
success of modern generative models. Modern generative models, often referred to as text-to-X models,
where X denotes the target output modality such as text, images, music, or video, enable users to
generate novel content through simple text-based instructions known as prompts [1]. An important
factor in the performance of such systems is the design of these prompts, i. e., the way in which input
is presented to the model. It has been shown that prompt design influences the quality of generation,
as tailored prompts help models better capture user intentions and yield higher-quality outputs [2, 3].
However, handling these prompts in practice is challenging. Arguably, one of the biggest problems
is the semantic alignment between user input and model output [4, 5]. While a model’s ability to
follow prompts is crucial for practical usability, at the same time, prompt following should not be
thought of as unconditional compliance. Mechanisms are needed to distinguish benign instructions
from harmful ones that should be rejected, constrained, or transformed. Several works address this
problem at the model level, for example, with alignment techniques such as reinforcement learning from
human feedback [6]. However, these methods are not always feasible, as they may require access to the
model or be very resource-intensive. For this reason, much simpler mechanisms are often employed
in practice. Such mechanisms include prompt filtering, prompt sanitization or rewriting, and output
classification [7]. In particular, prompt rewriting provides a simple alternative in black-box settings,
where unsafe prompts are transformed into safer variants while preserving as much benign semantic
content as possible [7].

In this paper, we consider the examples mentioned above, in a more general sense, as prompt
conflicts and propose a formal and logically grounded approach to modelling and resolving conflicts
in prompts, by using approaches to formal argumentation [8]. One of the most influential theories in
this area is the pioneering work on abstract argumentation by Dung [9], which introduced abstract
argumentation frameworks to model the interplay among arguments and various semantics to determine
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their acceptability. Argumentation scenarios are represented as directed graphs in which vertices
represent arguments and attacks between arguments are modeled as directed edges. Following the
recent line of research on combining LLMs and formal argumentation [10], we propose the combination
of modern LLM agents with abstract argumentation in a multi-step system to resolve prompt conflicts
for text-based generative models. To be precise, different LLM agents are used to (1) extract descriptive
elements from natural-language inputs, (2) identify conflicts among these elements, and (3) recompose
the conflict-free elements into a coherent prompt after resolution. Framing conflict resolution in text
elements as an argumentation scenario enables the use of sound, complete algorithms to determine sets
of mutually accepted elements. By combining LLMs and formal argumentation, we obtain a flexible,
reliable, and explainable system for resolving conflicts in user prompts for text-based generative models.

To summarize, the contributions of this work are:

• Development of a multi-step approach that integrates LLMs and abstract argumentation to resolve
conflicts in prompts for text-based generative models.

• Comprehensive experimental evaluation of the system using five different datasets.
• The experiments show that the proposed approach successfully identifies and resolves conflicts in

prompts on the examined datasets, achieving a resolution rate of up to 93.4%, with high similarity
to the original prompts (F1 BERTScore of up to 0.964).

The remainder of this paper is structured as follows. In Section 2, the relevant preliminaries with
regard to abstract argumentation and large language models are discussed. In Section 3, related work
is outlined. Section 4 comprises an overview of the developed approach and methodology. Section 5
presents an experimental analysis, and the conclusion is presented in Section 6.

2. Preliminaries

In the following, an overview of the fundamentals of abstract argumentation on the one hand, and of
text-to-image models as well as large language models on the other hand, is provided.

2.1. Abstract Argumentation

An abstract argumentation framework is a tuple AF = (A,R) where A is a set of arguments and R is
a relation R ⊆ A × A. For two arguments 𝑎, 𝑏 ∈ A the relation 𝑎R𝑏 means that argument 𝑎 attacks
argument 𝑏. For 𝑎 ∈ A define 𝑎− = {𝑏 | 𝑏R𝑎} and 𝑎+ = {𝑏 | 𝑎R𝑏}. We say that a set 𝑆 ⊆ A defends an
argument 𝑏 ∈ A if for all 𝑎 with 𝑎R𝑏 then there is 𝑐 ∈ 𝑆 with 𝑐R𝑎.

Semantics are given to abstract argumentation frameworks by means of extensions [9]. An extension
𝐸 is a set of arguments 𝐸 ⊆ A that is intended to represent a coherent point of view on the argumen-
tation modelled by AF. Arguably, the most important property of a semantics is its admissibility. An
extension 𝐸 is called admissible if and only if

1. 𝐸 is conflict-free, i. e., there are no arguments 𝑎, 𝑏 ∈ 𝐸 with 𝑎R𝑏 and
2. 𝐸 defends every 𝑎 ∈ 𝐸,

and it is called complete (CO) if, additionally, it satisfies
3. if 𝐸 defends 𝑎 then 𝑎 ∈ 𝐸.

Different types of classical semantics can be phrased by imposing further constraints. In particular, a
complete extension 𝐸

• is grounded (GR) if and only if 𝐸 is minimal,
• is preferred (PR) if and only if 𝐸 is maximal, and
• is stable (ST) if and only if A = 𝐸 ∪ {𝑏 | ∃𝑎 ∈ 𝐸 : 𝑎R𝑏}.

All statements on minimality/maximality are meant to be with respect to set inclusion. Note that the
grounded extension is uniquely determined and that stable extensions may not exist [9].



𝑎1 𝑎2 𝑎3 𝑎4

Figure 1: Abstract argumentation framework AF1 from Example 1.

Example 1. Consider the abstract argumentation framework AF1 depicted as a directed graph in
Figure 1. In AF1 there are three complete extensions 𝐸1, 𝐸2, 𝐸3 defined via

𝐸1 = {𝑎1}
𝐸2 = {𝑎1, 𝑎3}
𝐸3 = {𝑎1, 𝑎4}

𝐸1 is also grounded and 𝐸2 and 𝐸3 are both stable and preferred.

2.2. Large Language Models

Large language models (LLMs) are neural networks trained on self-supervised objectives (for example,
next-token prediction) over large, web-scale text corpora. After pretraining, the models are typically
further trained or fine-tuned with task-specific data or reinforcement learning from human feedback
to better align model behaviour with user intent [6]. Modern LLMs use the Transformer architecture
as a backbone [11]. The attention mechanism enables efficient modeling of long-range dependencies
and allows for parallelization of the training. Empirically, performance for various natural language
processing tasks improves with increases in model size, data, and compute [12]. As a result, model
parameters were scaled up massively, to hundreds of billions, showing strong few-shot and zero-shot
capabilities [13].

LLMs have achieved strong performance across many benchmarks. For example, recent models obtain
high scores on broad-coverage evaluations such as MMLU [14] and BIG-bench [15], competitive results
on mathematical reasoning benchmarks such as GSM8K [16], and strong performance on programming
evaluations such as HumanEval [17]. However, benchmark performance does not necessarily imply
reliable real-world behaviour. LLM outputs can be factually incorrect or hallucinated [18]. Models may
also inherit or amplify social biases and toxic content present in their training data [19]. Moreover,
they can memorize and expose sensitive training examples, raising privacy concerns [20]. Furthermore,
their training and deployment involve high computational and environmental costs [21].

For this work, a particularly relevant development is the deployment of LLMs as agents. In general,
an agent is commonly understood as a system that perceives an environment and acts within it [22]. In
LLM-based agents, the language model often serves as a central controller that coordinates actions such
as tool calls, API requests, database queries, code execution, or communication with other agents [23].
This extends LLMs from passive text-generation systems to interactive systems that can iteratively
plan, act, observe the consequences of their actions, and revise subsequent behaviour.

3. Related Work

In text-to-X generation, prompt engineering and prompt optimization have been studied as important
factors for improving the alignment between user intent and generated output [2, 3, 4]. Safety-oriented
approaches such as the Universal Prompt Optimizer [7] for safe text-to-image generation transform
unsafe prompts into safer variants while aiming to preserve their semantic content. To be precise, first
the authors use an LLM to preprocess toxic prompts to produce a dataset composed of toxic-clean dataset
pairs. In a second step, another LLM is fine-tuned on the dataset produced in the first step to learn
to rewrite toxic prompts. The instruction hierarchy proposed by Wallace et al. [24] explicitly assigns
priorities to instructions from different sources and trains models to ignore lower-priority instructions



in case of conflict. More precisely, the authors classify prompts as aligned or misaligned with each
other. When multiple instructions are presented to the model, the lower-privileged instructions that are
misaligned with higher-privileged ones are ignored. In a related direction, StruQ [25] separates trusted
instructions from untrusted data to make attacks like prompt injection less effective. This system is
made of (1) a front-end that formats a prompt and user data into a special format, and (2) a fine-tuned
LLM that can produce high-quality outputs from these formatted inputs. The core idea is that the
LLM will only follow instructions given in the prompt part of the query, in contrast, for example, to
prompts in the data part. ReasAlign [26] addresses malicious prompts by reasoning over conflicting
instructions, while trying to preserve the intended user task. The authors instruct the LLM to follow
guidelines for a so-called structured reasoning process. First, the problem is analyzed and decomposed
into multiple subtasks. Following, the LLM tries to extract useful information from external data and
identify conflicting injection instructions while fulfilling the original user task.

Unlike the approaches described above, the approach presented in this work does not require resource-
intensive training or fine-tuning of the LLM models used. Furthermore, the models are not utilized to
resolve conflicts. Rather, LLM agents are solely used for the natural-language tasks, namely extracting
useful information, identifying potential conflicts, and generating revised prompts.

Recent work combines this formal argumentation with LLMs. Argumentative LLMs [27] construct
argumentation frameworks from natural-language decision problems and use formal reasoning to
support explainable and contestable decisions. ArgEval [10] extends this idea towards globally con-
testable decision support by constructing reusable argumentation structures for decision options. In
[28], the authors propose a simple pipeline (MQArgEng) to test the effectiveness of computational
argumentation semantics in enhancing LLM performance. Given a user prompt, an LLM agent is
instructed to generate short replies to the user prompt and list three supporting arguments for each
generated answer. Afterwards, another LLM agent is used to generate the attack relation. The resulting
AF is given to an external solver to determine the accepted arguments. Then, the original input is
augmented with accepted arguments to produce the final reply. Another related direction investigates
whether LLMs themselves can perform argumentation computation. Li et al. [29] study LLMs on the
task of computing extensions under different abstract argumentation semantics.

4. Conflict Detection and Resolution using Abstract Argumentation

In this work, prompt conflict denotes two forms of conflict: internal and external. Internal conflicts occur
within the prompt itself, as in “an empty room full of furniture.” External conflicts arise when a prompt
violates constraints on the model’s permitted output. For example, “Create an image of a desk with a
MacBook on it” conflicts with a constraint prohibiting brands or branded products. To resolve such
cases, we propose a multi-step pipeline that separates conflict detection from conflict resolution: large
language models handle natural-language analysis, while abstract argumentation solving determines
conflict-free prompts for downstream generation tasks.

Figure 4 provides an overview of the system, consisting of multiple stages: (1) Descriptive Element Ex-
traction, (2) Conflict Identification, (3) Argumentation Framework Construction, (4) Conflict Resolution
via an External Argumentation Solver, and (5) Conflict-Free Prompt Generation.

Conflicting Input
Prompt

Extractor Profiler

AF Generation +
Solving

Constructor

Conflict-free Output
Prompt

Figure 2: Overview of the different stages of the proposed pipeline. The LLM agents are represented as icons.
First, the Extractor identifies descriptive elements in the input prompt. The Profiler detects conflicts among
them. Next, an AF is constructed based on the conflicts, and a solver determines the accepted elements. Finally,
the Constructor generates a conflict-free prompt for the downstream model.



Algorithm 1: Overview of Argumentation-based Prompt Conflict Resolution
Input: input prompt 𝑃 ; constraint framework AFc; constraint explanations EX; type

information (𝑇, 𝜏,→𝑇 ); semantics 𝜎; computational task 𝑝; maximum number of retries
𝑟max

Output: conflict-free prompt 𝑃 *

// Stage 1: Descriptive Element Extraction (Algorithm 2)
𝐴← DescriptiveElementExtraction(𝑃, 𝑟max);
// Stage 2: Conflict Identification (Algorithm 3)̂︁𝑀 ← ConflictIdentification(𝐴,AFc,EX, 𝑟max);
// Stage 3: Argumentation Framework Construction (Algorithm 4)

AFf ← ArgumentationFrameworkConstruction(𝐴,AFc, ̂︁𝑀,𝑇, 𝜏,→𝑇 );
// Stage 4: Conflict Resolution (Algorithm 5)
𝐴* ← ConflictResolutionViaSolver(AFf , 𝐴, 𝜎, 𝑝);
// Stage 5: Conflict-Free Prompt Generation (Algorithm 6)
𝑃 * ← ConflictFreePromptGeneration(𝑃,𝐴*);
return 𝑃 *;

In the first stage, all descriptive elements are extracted from the input prompt using an LLM agent
(Extractor). The extracted elements are then analyzed by a second LLM agent (Profiler) to identify
conflicts. Based on the identified conflicts, an AF is constructed. This AF is subsequently passed to an
abstract argumentation solver, which computes the set of descriptive elements that can be accepted
under a given semantics. Finally, using these accepted elements, another LLM agent (Constructor)
generates a conflict-free prompt that preserves the style and wording of the original. This conflict-free
prompt can then be passed to a downstream model. The complete processing pipeline is summarized in
Algorithm 1. The individual steps are explained in detail below.

Descriptive Element Extraction The goal of this stage is to extract meaningful and descriptive
elements from the input prompt. What is considered meaningful or descriptive is highly dependent
on the use case. Generally speaking, meaningful and descriptive elements are prompt components
that convey semantic content, which is relevant for the specific use case, such as entities, attributes, or
relationships between entities. Formally, we define the problem of the descriptive element extraction as
follows. Let Σ denote the vocabulary of all possible words, and let Σ* be the set of all finite sequences
of words over Σ. A prompt is then represented as an element

𝑃 = (𝑤1, 𝑤2, . . . , 𝑤𝑛) ∈ Σ*,

that is, a finite ordered sequence of words 𝑤𝑖 ∈ Σ. From a given prompt 𝑃 , we define the set of all
contiguous subsequences as

𝒯 (𝑃 ) = {(𝑤𝑖, 𝑤𝑖+1, . . . , 𝑤𝑗) | 1 ≤ 𝑖 ≤ 𝑗 ≤ 𝑛}.

This set contains all possible substrings of the prompt that preserve the original word order. To select
those subsequences that possess a descriptive character, an oracle

𝑂𝑃 : 𝒯 (𝑃 )→ {0, 1},

is defined, which evaluates whether a given subsequence is considered descriptive. Based on this oracle,
we want to identify:

𝐷(𝑃 ) = {𝑇 ∈ 𝒯 (𝑃 ) | 𝑂𝑃 (𝑇 ) = 1}.

The function 𝐷 maps each prompt 𝑃 to a subset of its contiguous subsequences, namely those which
satisfy the descriptive criterion of 𝑂𝑃 . The set 𝐷(𝑃 ) = {𝑑1, ..., 𝑑𝑚} is the set of descriptors in 𝑃 . In



Algorithm 2: Descriptive Element Extraction with Repair and Retry
Input: input prompt 𝑃 ; maximum number of retries 𝑟max

Output: descriptor set 𝐴
𝑟 ← 0;̂︀𝐴← Extractor(𝑃 );
while ¬ValidDescriptors( ̂︀𝐴) dô︀𝐴← RepairDescriptors(𝑃, ̂︀𝐴);

if ¬ValidDescriptors( ̂︀𝐴) then
if 𝑟 ≥ 𝑟max then

return ⊥;
𝑟 ← 𝑟 + 1;̂︀𝐴← Extractor(𝑃 );

𝐴← ParseDescriptors( ̂︀𝐴);
return 𝐴;

the presented approach, an LLM agent, referred to as the Extractor, is utilized to construct the set 𝐷(𝑃 ).
An instruction prompt specifies which elements are to be extracted and how the output of the Extractor
should be structured, by providing multiple paired examples of user prompts and the desired extracted
descriptors. As input, the agent receives the prompt 𝑃 and is instructed to return a list of descriptors
𝐴 contained in 𝑃 . The extracted descriptors then serve as input for the subsequent stage, in which
conflicts are identified. Since the output of the Extractor is generated by an LLM, it may not conform
to the expected structured format. Therefore, the output is validated and, if necessary, repaired. Here,
ValidDescriptors checks whether the output conforms to the expected descriptor-list format and can
be parsed successfully. If the repaired output is still invalid, the extraction is retried up to 𝑟max times.
The complete procedure is shown in Algorithm 2.

In the following, we give a simple example to demonstrate the Extractor.

Example 2. Let’s consider the input prompt 𝑃 = An empty room full of furniture. The agent may
extract the following descriptors: 𝐴 = {empty room, full of furniture}.

Conflict Identification In this phase, conflicts among the previously extracted descriptors are
identified and returned in a structured form for further processing in the subsequent stage. As introduced
above, we distinguish between two types of conflicts: (1) internal conflicts and (2) external conflicts.
Internal conflicts are conflicts within the set of extracted descriptors. Given the descriptor set 𝐴 =
{𝑎1, . . . , 𝑎𝑘}, the goal is to identify pairs of distinct descriptors (𝑎𝑖, 𝑎𝑗) ∈ 𝐴×𝐴 with 𝑖 ̸= 𝑗 such that
𝑎𝑖 and 𝑎𝑗 are conflicting. External conflicts are conflicts between extracted descriptors and predefined
constraints. We model these constraints as an abstract argumentation framework AFc = (E,R′), where
E = {𝑒1, . . . , 𝑒ℓ} is the set of constraint arguments and R′ ⊆ E × E is the attack relation between
constraint arguments. Analogously to internal conflicts, the goal is to identify pairs (𝑎𝑖, 𝑒𝑗) ∈ 𝐴× E
such that descriptor 𝑎𝑖 conflicts with constraint argument 𝑒𝑗 . Analogously, for symmetrical case
(𝑒𝑗 , 𝑎𝑖) ∈ E×𝐴.

Let 𝑈 = 𝐴 ∪ E denote the set of all elements considered in this stage. We define a conflict relation
𝐶 ⊆ 𝑈 × 𝑈 such that, for 𝑥, 𝑦 ∈ 𝑈 ,

(𝑥, 𝑦) ∈ 𝐶 ⇐⇒ 𝑥 is in conflict with 𝑦.

This relation is analogous to the attack relation in abstract argumentation frameworks, as introduced in
Section 2.1. For each element 𝑥 ∈ 𝑈 , we define the mapping

𝑀(𝑥) = { 𝑦 ∈ 𝑈 | (𝑥, 𝑦) ∈ 𝐶 },



Algorithm 3: Conflict Identification with Repair and Retry
Input: descriptor set 𝐴; constraint framework AFc = (E,R′); constraint explanations EX;

maximum number of retries 𝑟max

Output: conflict mapping ̂︁𝑀
𝑟 ← 0;̂︁𝑀raw ← Profiler(𝐴,AFc,EX);
while ¬ValidMapping(̂︁𝑀raw, 𝐴,E) dô︁𝑀raw ← RepairMapping(𝐴,AFc,EX, ̂︁𝑀raw);

if ¬ValidMapping(̂︁𝑀raw, 𝐴,E) then
if 𝑟 ≥ 𝑟max then

return ⊥;
𝑟 ← 𝑟 + 1;̂︁𝑀raw ← Profiler(𝐴,AFc,EX);̂︁𝑀 ← ParseMapping(̂︁𝑀raw);

return ̂︁𝑀 ;

which assigns to each descriptor or constraint argument the set of elements with which it conflicts. The
mapping 𝑀 is constructed using another LLM agent, referred to as the Profiler. To improve the reliability
of the Profiler, it is provided not only with the extracted descriptors and predefined constraints, but also
with explanations of the constraints. Each explanation contains a brief description of the corresponding
constraint, including examples of descriptors that would violate it.

The input to the Profiler is given by the triple (𝐴,AFc,EX), whereEX: E→ Σ* maps each constraint
argument in E to its natural-language explanation. The resulting conflict mapping is denoted bŷ︁𝑀 = Profiler(𝐴,AFc,EX). Similar to the Extractor, the Profiler is instructed by means of a prompt
that defines what constitutes a conflict for the task at hand. As the conflict mapping is also produced
by an LLM, its structured output is validated before further processing. Here, ValidMapping checks
whether the output conforms to the expected mapping format and only refers to elements in 𝐴 ∪ E.
Invalid outputs are first repaired; if repair does not yield a valid mapping, the Profiler is retried up to
𝑟max times. This procedure is detailed in Algorithm 3.

The following example illustrates the behavior of the Profiler.

Example 3. Consider the descriptor set 𝐴 = {empty room, full of furniture}
and the constraint framework AFc = (E,R′), where E = {no_empty_room}. Let the explanation

mapping be given by

EX(no_empty_room) = “the room must contain at least one object”.

The Profiler may then return the following conflict mapping:

Profiler(𝐴,AFc,EX) =

⎧⎪⎨⎪⎩
empty room ↦→ {full of furniture, no_empty_room},

full of furniture ↦→ {empty room},
no_empty_room ↦→ {empty room}

⎫⎪⎬⎪⎭ .

Argumentation Framework Construction The goal of this stage is to construct a single AF that
represents the conflict relation among the extracted descriptors and the predefined constraints. In a
simple setting, for instance when no external constraints are specified, the construction of the final
argumentation framework is straightforward: one argument is generated for each descriptor, and
attacks between arguments are added according to the conflict mapping ̂︁𝑀 produced by the Profiler. To
model more complex scenarios, such as cases where predefined constraints must not be violated by



Algorithm 4: Argumentation Framework Construction
Input: descriptor set 𝐴; constraint framework AFc = (E,R′); conflict mapping ̂︁𝑀 ; type set 𝑇 ;

type assignment 𝜏 ; permitted type-level attack relation→𝑇

Output: final argumentation framework AFf
E′ ← E ∪𝐴;̂︀𝐶 ← {(𝑥, 𝑦) ∈ E′ × E′ | 𝑦 ∈ ̂︁𝑀(𝑥)};
𝑅′ ← R′ ∪ {(𝑥, 𝑦) ∈ ̂︀𝐶 | (𝜏(𝑥), 𝜏(𝑦)) ∈→𝑇 };
AFf ← (E′, 𝑅′);
return AFf ;

user-provided descriptors, we additionally model the permitted directions of attacks. To this end, we
introduce a set of types 𝑇 , a type assignment function 𝜏 : 𝐴 ∪ E→ 𝑇 , and a type-level attack relation
→𝑇⊆ 𝑇 × 𝑇 .

The set 𝑇 contains the possible types that can be assigned to descriptors and constraint arguments.
For example, the type hard rule can be used to represent constraints that must hold and cannot be
challenged, whereas the type soft rule can be used for constraints that may be attacked. The function
𝜏 assigns exactly one type to each element in 𝐴 ∪ E. The relation →𝑇 determines which types of
arguments are allowed to attack which other types. Thus, the input for the final argumentation-
framework construction is given by 𝐵 = (𝐴,AFc, ̂︁𝑀,𝑇, 𝜏,→𝑇 ), where 𝐴 is the set of descriptors,
AFc = (E,R′) is the argumentation framework modelling the constraints, ̂︁𝑀 is the conflict mapping
produced by the Profiler, 𝑇 is the set of types, 𝜏 is the type assignment function, and→𝑇 is the permitted
attack relation for the types 𝑇 .

The type assignment for constraint arguments is defined in advance. For the descriptors, different
options are possible. The simplest variant assigns a fixed type to every descriptor. A more sophisticated
variant uses an additional LLM agent to assign each descriptor a suitable type 𝑡 ∈ 𝑇 , based on the
available types and the explanations of the constraint arguments. After each descriptor has been
assigned a type, the final argumentation framework AFf = (E′, 𝑅′) can be constructed.

We first extend the set of constraint arguments E to E′ = E ∪ 𝐴, with 𝐴 and E disjoint. The final
attack relation 𝑅′ contains the predefined attacks between constraint arguments and the additional
attacks induced by the conflict mapping, provided that they respect the permitted attack relation→𝑇 .
Formally, let ̂︀𝐶 = {(𝑥, 𝑦) ∈ E′ × E′ | 𝑦 ∈ ̂︁𝑀(𝑥)} be the conflict relation induced by the Profiler.
Then 𝑅′ = R′ ∪ {(𝑥, 𝑦) ∈ ̂︀𝐶 | (𝜏(𝑥), 𝜏(𝑦)) ∈→𝑇 }. We denote the resulting framework by AFf . The
construction of AFf is summarized in Algorithm 4. In contrast to the other stages, this stage does not
involve any use of an LLM: the set of arguments is obtained from the extracted descriptors and constraint
arguments, while the attack relation is constructed deterministically from the conflict mapping and the
permitted attack relation according to the types as defined above. The constraint framework itself, as
well as the types and permitted type-level attacks, are specified in advance for the respective application
scenario.

Note that this construction shares similarities with value-based argumentation frameworks [30], in
which attacks are evaluated not only with respect to conflicts between arguments, but also with respect
to the values associated with the arguments and the preference ordering over these values.

Example 4. Let 𝑑1 = empty room, 𝑑2 = full of furniture, and 𝑒1 = no_empty_room. Thus, 𝐴 =
{𝑑1, 𝑑2} and E = {𝑒1}. Suppose that predefined constraints are treated as hard constraints that cannot
be attacked by user-provided descriptors. We introduce the type set 𝑇 = {𝑡𝐷, 𝑡𝐶}, where 𝑡𝐷 denotes the
type of user-provided descriptors and 𝑡𝐶 denotes the type of predefined constraints. The type assignment
is given by 𝜏(𝑑1) = 𝜏(𝑑2) = 𝑡𝐷 and 𝜏(𝑒1) = 𝑡𝐶 . To ensure that descriptors cannot attack predefined
constraints, we define the permitted type-level attack relation as→𝑇= {(𝑡𝐷, 𝑡𝐷), (𝑡𝐶 , 𝑡𝐷), (𝑡𝐶 , 𝑡𝐶)}.
In particular, (𝑡𝐷, 𝑡𝐶) /∈→𝑇 , so attacks from user-provided descriptors to predefined constraints are
not permitted.



Algorithm 5: Conflict Resolution via an External Argumentation Solver
Input: final argumentation framework AFf ; descriptor set 𝐴; semantics 𝜎; computational task

𝑝 ∈ {SE,EE}
Output: accepted descriptor set 𝐴*

if 𝑝 = SE then
𝐸* ← Solver(AFf , 𝜎, SE);

else
ℰ ← Solver(AFf , 𝜎,EE);
𝐸* ← 𝑆(ℰ);

𝐴* ← 𝐸* ∩𝐴;
return 𝐴*;

The final set of arguments is E′ = 𝐴∪E = {𝑑1, 𝑑2, 𝑒1}. The conflict mapping returned by the Profiler
induces, among others, the potential attacks (𝑑1, 𝑒1) and (𝑒1, 𝑑1). However, (𝑑1, 𝑒1) is discarded because
it would be an attack from a descriptor to a constraint, whereas (𝑒1, 𝑑1) is retained because attacks
from constraints to descriptors are allowed. Assuming R′ = ∅, the resulting attack relation is therefore
𝑅′ = {(𝑑1, 𝑑2), (𝑑2, 𝑑1), (𝑒1, 𝑑1)}. Thus, the resulting argumentation framework is AFf = (E′, 𝑅′).

Conflict Resolution via an External Argumentation Solver After constructing the final argu-
mentation framework AFf = (E′, 𝑅′), an external solver is called to compute extensions under a given
semantics 𝜎 and computational task 𝑝 ∈ {SE,EE}. Let 𝐸𝜎(AFf) ⊆ 2E

′ denote the set of all extensions
of AFf under semantics 𝜎. For the task SE, the solver computes a single extension 𝐸 ∈ 𝐸𝜎(AFf). For
the task EE, the solver enumerates all extensions, that is, it returns the set 𝐸𝜎(AFf). An additional
selection function 𝑆 : 22

E′ → 2E
′ is used to choose one extension from the set of computed candidates.

A simple selection rule is to choose an extension that contains the largest number of accepted user
descriptors, with random selection as a tie-breaker. The descriptor set passed to the final stage is then
given by 𝐴* = 𝐸* ∩ 𝐴. This set contains exactly the descriptors accepted in the selected extension
and therefore serves as the basis for generating a conflict-free prompt. The complete resolution step is
shown in Algorithm 5.

Importantly, the framework does not assume that every conflict admits a unique resolution. Depending
on the structure of the argumentation framework and the chosen semantics, several extensions may
exist, representing different but internally consistent ways of resolving the conflicts. In such cases,
there is not necessarily a single extension that can be regarded as the semantically “correct” one
without introducing additional preferences. The treatment of such ambiguity depends on the intended
application. If a single conflict-free prompt is required, a selection function 𝑆 can be used to choose
one of the extensions according to an application-specific criterion. For example, the simple selection
rule described above favors extensions that preserve the largest number of user-provided descriptors.
Alternatively, if preserving the ambiguity is desirable, the task 𝐸𝐸 can be used to enumerate the
extensions. Each extension then represents a possible resolution and could, in principle, be used to
generate multiple alternative conflict-free prompts. The latter variant is not evaluated in the experiments
presented in this work, which focus on producing a single output prompt.

Example 5. We choose the computational task as 𝑆𝐸 − 𝑆𝑇 , i. e., the computation of a single stable
extension. Recall that the final argumentation framework is given by AFf = (E′, 𝑅′), where E′ =
{𝑑1, 𝑑2, 𝑒1} and 𝑅′ = {(𝑑1, 𝑑2), (𝑑2, 𝑑1), (𝑒1, 𝑑1)}. Here, 𝑑1 = empty room, 𝑑2 = full of furniture, and
𝑒1 = no_empty_room. The external solver returns 𝐸* = {𝑒1, 𝑑2}. The accepted descriptor set is
therefore 𝐴* = 𝐸* ∩𝐴 = {𝑑2}. Thus, only the descriptor 𝑑2 = full of furniture is passed to the final
stage.



Algorithm 6: Conflict-Free Prompt Generation
Input: original prompt 𝑃 ; accepted descriptor set 𝐴*

Output: conflict-free prompt 𝑃 *

𝑃 * ← Constructor(𝑃,𝐴*);
return 𝑃 *;

Conflict-Free Prompt Generation In the final stage, a conflict-free prompt 𝑃 * is generated from
the accepted descriptor set 𝐴*. The goal is to construct a prompt that preserves the style and structure
of the original user prompt 𝑃 while expressing only descriptors that have been accepted in the selected
extension.

To this end, we use another LLM agent, referred to as the Constructor. The Constructor receives
the original prompt 𝑃 and the accepted descriptor set 𝐴* as input and returns a revised prompt
𝑃 * = Constructor(𝑃,𝐴*). The agent is instructed to preserve the language, style, and tone of 𝑃 as
far as possible, while ensuring that the generated prompt does not reintroduce rejected descriptors.
Thus, 𝑃 * represents a conflict-free reformulation of the original prompt with respect to the accepted
descriptor set 𝐴*. The final generation step is summarized in Algorithm 6.

Example 6. Continuing the running example, recall that the original prompt is 𝑃 =
“An empty room full of furniture.” and that, under stable semantics, the accepted descriptor set is
𝐴* = {𝑑2}, where 𝑑2 = full of furniture. The descriptor 𝑑1 = empty room was rejected because
it conflicts with the predefined constraint 𝑒1 = no_empty_room.

The Constructor therefore removes the rejected descriptor while preserving the style of the original
prompt. A possible conflict-free prompt is 𝑃 * = “A room full of furniture.” This prompt retains the
accepted descriptor 𝑑2 and avoids reintroducing the rejected descriptor 𝑑1. It can therefore be passed to
the downstream generative model as the final conflict-free prompt.

5. Experiments

This section describes the experiments conducted and presents the results of the analysis. The objective
of the experiments is to evaluate the performance of the proposed approach on real-world data. In
particular, the evaluation aims to examine both the system’s ability to identify and resolve conflicts
in natural-language prompts and its effectiveness in generating conflict-free prompts that remain
faithful to the original style and semantics. To this end, the approach is evaluated on four new datasets
containing conflicting prompts for a text-to-image model.

The remainder of this section is structured as follows: In Section 5.1, the experimental setup is
described. A brief overview of the base datasets, the process of generating the experiment datasets,
and the evaluation pipeline, including the used metrics is given. In Section 5.2, the results of the
experimental analysis are presented.

5.1. Setup

To examine the performance of the proposed approach in conflict identification and resolution, an
experimental analysis was conducted. In total, we examined five different datasets across two distinct
scenarios. In the first scenario, we focused on internal conflicts in the form of contradicting information
within the prompt. In particular, we generated four different benchmarks based on the Pixelrose
and DiffusionDB datasets. Subsequently, the original datasets and the dataset generation process are
described in more detail.

DiffusionDB The DiffusionDB [31] dataset is a large-scale text-to-image prompt dataset containing
14 million images generated by Stable Diffusion [32], 1.8 million unique prompts, and hyperparameters
specified by real users. The authors downloaded chat logs from Stable Diffusion Discord channels using



DiscordChatExporter1 and saved them as HTML files. The corpus was restricted to channels where
users invoked a bot to run Stable Diffusion (Version 1) by entering a prompt.

PixelProse PixelProse [33] comprises over 16 million diverse images sourced from three different
web-scraped databases: (1) CommonPool [34], (2) CC12M [35] and (3) RedCaps [36]. CommonPool
contains a large pool of image-text pairs, that were filtered using cld32 to detect English-only text and
select image-text pairs similarity. The CC12M dataset comprises 12.4 million web-crawled images and
alt-text pairs. RedCaps is curated from Reddit3. It consists of 12 million image-text pairs from 350
different subreddits. In this work, the image captions are interpreted as detailed user prompts to a
text-to-image model.

The dataset generation process used in the experiments is as follows. First, we randomly sampled
3000 prompts from DiffusionDB and 1000 prompts from each of the sources of PixelProse. Following
the procedure outlined in Section 4, an LLM agent (Extractor) was instructed to extract the descriptive
elements from each prompt. From these extracted elements, a random subset was selected (5 to 10),
and conflicts in the form of direct contradictions were generated, using another LLM agent. Finally, a
third LLM agent, similar to the Constructor, composed a single, contradictory prompt that combined the
original content with the generated contradictions.

The second scenario is more complex and addresses both internal and external conflicts. Here, we
use the SceneTeller [37] dataset, which is explained in more detail below.

SceneTeller This dataset is based on the 3D-FRONT dataset [38], a large-scale indoor-scene dataset
comprising 18, 797 rooms furnished with textured 3D objects from 3D-FUTURE [39]. In addition, each
scene comes with a textual description of the layout. In total, the dataset contains 3, 397 training, 453
validation, and 423 test bedroom scenes.

For our experiments, we randomly sample 500 prompts from the bedroom scenes of the dataset. In
addition, we construct a constraint argumentation framework tailored to the layout-generation setting.
This framework encodes different layout-specific rules, such as avoiding the placement of furniture in
the center of the room or ensuring that at least one corner of the room remains empty. Overall, the
constraint framework consists of 36 constraint arguments and 18 attacks between constraint arguments.
Furthermore, for this more complex scenario, we evaluate an agent-only baseline in which a single LLM
agent is given the constraints and instructed to resolve the conflicts directly.

To quantify the semantic similarity between the original and the generated prompts, the BERTScore
[40] is used, which correlates well with human judgments of semantic similarity. While BERTScore
indicates how well the generated text preserves meaning, it does not allow any conclusions to be drawn
about the ability to resolve conflicts. To directly capture the performance regarding conflict resolution,
metrics that quantify the presence of conflicts pre and post processing are used. To detect conflicts, we
use the Extractor and Profiler agents.

Let 𝑎 denote the number of instances rated as having at least one conflict both pre- and post-processing
steps. Let 𝑏 be the number of instances where at least one conflict was present pre and no conflicts post,
𝑐 be the number of instances where new conflicts were introduced, and 𝑑 be the number of instances that
remained conflict-free. The total number of paired observations is 𝑁 = 𝑎+ 𝑏+ 𝑐+ 𝑑. The conflict rate
pre-processing is defined as the proportion of instances with a conflict before processing 𝑝pre = 𝑎+𝑏

𝑁 .
Analogously, the conflict rate post-processing is given by 𝑝post = 𝑎+𝑐

𝑁 . To quantify improvement, the
absolute reduction rate (ARR), i. e., the absolute decrease in conflict rate from pre to post processing, is
reported. This metric can be expressed either as the difference of prevalences or as the net balance of
resolved versus newly introduced conflicts.

𝐴𝑅𝑅 = 𝑝pre − 𝑝post =
(𝑎+ 𝑏)− (𝑎+ 𝑐)

𝑁
=

𝑏− 𝑐

𝑁
.

1https://github.com/Tyrrrz/DiscordChatExporter
2https://github.com/google/cld3
3https://www.reddit.com/
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In addition, we employed the relative reduction rate (RRR), which quantifies the proportional decrease
in conflicts before and after conflict resolution. The relative reduction rate is then defined as

𝑅𝑅𝑅 =
𝑝pre − 𝑝post

𝑝pre
.

As LLM agents, the gpt-oss:20b4 model was used. The 𝜇-toksia [41] solver was used to solve the
task SE-ST for all instances. The ST semantics was chosen because it yields a keep-or-discard decision
rather than leaving conflicting descriptors undecided. The source code, all agent prompts, and the set
of constraints used in our experiments are publicly available 5.

5.2. Results

Table 1
Overview of results on all five datasets, in terms of the conflict rate pre (ppre) and post (ppost), absolute reduction
rate (ARR), relative reduction rate (RRR), and the BERTScore (Precision, Recall, and F1).

Dataset ppre ppost ARR RRR BERTScore

Precision Recall F1

DiffusionDB 0.912 0.121 0.791 0.867 0.944 0.935 0.940
Pixelprose𝑐𝑐12 0.976 0.064 0.912 0.934 0.948 0.930 0.939
Pixelprose𝑐𝑜𝑚𝑚𝑜𝑛 0.97 0.077 0.893 0.921 0.945 0.926 0.935
Pixelprose𝑟𝑒𝑑𝑐𝑎𝑝𝑠 0.985 0.074 0.911 0.924 0.947 0.928 0.937
SceneTeller 0.904 0.319 0.585 0.647 0.971 0.959 0.964

Table 1 summarizes the results across the datasets. Overall, the system substantially reduces conflict
rates in both scenarios. Unsurprisingly, the simpler scenario with only internal conflicts shows better
results, with 𝑝post remaining below 0.121, 𝐴𝑅𝑅 ranging from 0.791 to 0.912, and 𝑅𝑅𝑅 ranging from
0.867 to 0.934. The highest reduction is achieved on Pixelprose𝑐𝑐12 with an 𝐴𝑅𝑅 of 0.912 and an 𝑅𝑅𝑅
of 0.934, closely followed by PixelProse𝑟𝑒𝑑𝑐𝑎𝑝𝑠 with an 𝐴𝑅𝑅 of 0.911 and an 𝑅𝑅𝑅 of 0.924, while
DiffusionDB shows the lowest 𝐴𝑅𝑅 of 0.791 and the lowest 𝑅𝑅𝑅 of 0.867. For the harder scenario on
the SceneTeller dataset, the results still show a high reduction in conflicts with an 𝐴𝑅𝑅 of 0.585 and an
𝑅𝑅𝑅 of 0.647. In comparison, the agent-only baseline gets a substantially lower 𝐴𝑅𝑅 of 0.228 and
𝑅𝑅𝑅 of 0.254. However, the baseline achieves a slightly higher BERTScore of 0.970 compared to 0.964.
This is most likely because the baseline agent tends to copy the original prompt when it is unable to
resolve the conflicts.

The BERTScore values remain consistently high across the remaining datasets, with F1 scores between
0.935 and 0.940. Overall, the results indicate that the system reduces conflicts effectively while largely
preserving the semantic content of the original prompts.

6. Conclusion

In this work, an argumentation-based approach is presented for resolving conflicts in user prompts for
text-based generative models. By combining flexible LLM agents, which identify and extract conflicts,
with abstract argumentation methods, which resolve the detected conflicts, the approach generates
conflict-free prompts while preserving the style of the original prompt. This was demonstrated in
an experimental analysis using five different datasets. The results show that the proposed approach
can successfully identify and resolve conflicts with resolution rates of up to 93.4% while maintaining
textual similarity to the input, as reflected in high BERTScores. In future work, additional datasets
could be examined, as well as various combinations of LLM agents. Since this work has focused
4https://ollama.com/library/gpt-oss
5https://github.com/aig-hagen/Argumentation-based-Prompt-Conflict-Resolution.git
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primarily on resource-efficient LLMs, future work could also use larger models. In addition to the LLM-
based evaluation, a human evaluation of the generated prompts would also be desirable. Furthermore,
additional experiments could be conducted to compare the prompts not only at the textual level but
also in the generative model’s output domain. Various other text-conditioned generation tasks, such
as text-to-video or text-to-music, could also be investigated, as prompt formulation varies greatly
depending on context.

Declaration on Generative AI

During the preparation of this work, the authors used ChatGPT and Grammarly in order to check
grammar and spelling, paraphrase, and reword. After using these tools/services, the authors reviewed
and edited the content as needed and take full responsibility for the publication’s content.
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