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Abstract

Recent studies reveal that large language models (LLMs) often struggle to re-
solve conflicting instructions embedded within hierarchical prompts, resulting in
decreased compliance with system-level directives and compromising the relia-
bility of safety-critical applications. While earlier approaches attempt to improve
instruction hierarchy awareness through prompt engineering or embedding-level
modifications, they typically lack structural modeling and either offer limited
gains or require extensive fine-tuning. In this work, we introduce FocalLoRA, a
parameter-efficient and structure-aware framework that strengthens hierarchical
instruction adherence by selectively optimizing structurally critical attention heads,
referred to as focal heads, which exhibit heightened sensitivity to instruction con-
flicts. Experiments across multiple models and a dedicated benchmark demonstrate
that FocalLoRA markedly enhances system instruction compliance with minimal
tuning cost. For instance, on Llama-8B, fine-tuning only 0.0188% of parameters
yields a 35.52% ↑ in system instruction compliance.

1 Introduction

Large Language Models (LLMs) have fundamentally transformed numerous domains and achieved
significant breakthroughs across a wide range of applications (Ouyang et al., 2022; Yao et al.,
2022; Ganguli et al., 2022; Team et al., 2024; Yang et al., 2024b). Their remarkable capabilities in
understanding complex instructions and generating sophisticated plans make them well-suited for a
variety of high-level cognitive tasks, such as decision making, multi-step reasoning, and collaborative
problem solving (Brown et al., 2020; Achiam et al., 2023; Touvron et al., 2023b). A structured
approach to optimizing such AI applications has been widely adopted, commonly referred to as the
instruction hierarchy design. This method aims to clarify the priority order of instructions, which
helps the model execute tasks correctly and mitigates the risk of ambiguity, as shown in Figure 1.

Modern LLMs leverage techniques such as conversational fine-tuning and token embedding to help
the model distinguish between different message roles (Wu et al., 2024; Geng et al., 2025). This is
typically achieved through structured prompt formatting, as illustrated in the example below, where
<|assistant|> denotes the response of the model. In such formatting, each message is tagged
with a role label: <|system|> specifies high-level behavioral instructions that define the model’s
identity and should be strictly followed throughout the conversation, <|user|> represents user-issued
requests or questions, <|assistant|> indicates the response from the model.
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Example Dialogue:
<|system|> You are a French-speaking assistant. Always respond in French.
<|user|> Can you tell me how to make pasta?
<|assistant|> Bien sûr ! Pour faire des pâtes, commencez par faire bouillir de l’eau salée...

In the above example, the model adheres to the system instruction by responding in French, despite the
user prompt being in English. However, such a simple separation mechanism is essentially just a form
of string tagging and is not explicitly distinguished within the model’s underlying attention structure.
The model often struggles to resolve them effectively or determine the correct priority among
competing instructions when facing instruction conflicts. This limitation can lead to inconsistent or
even incorrect behavior in downstream tasks, particularly in safety-critical or multi-turn dialogue
settings where precise instruction following is essential. This raises a critical question: how can
we effectively detect the occurrence of instruction conflicts and enhance the model’s adherence to
higher-priority directives?

Recent methods have aimed to strengthen the model’s awareness of instruction hierarchy by applying
prompt formatting techniques or embedding role-specific signals throughout fine-tuning (Greshake
et al., 2023; Zhang et al., 2023; Wu et al., 2024; Hines et al., 2024; Geng et al., 2025). However, these
approaches often rely on implicit encoding of instruction roles within the prompt, which may be brittle
under adversarial reformulations or insufficient for resolving conflicts between overlapping directives.

Figure 1: Problem illustration. We describe mainstream
instruction hierarchies and input token formats, and analyze
their current limitations. Ideally, we expect the model to
allocate its attention primarily to the system instruction, as
it does during pretraining. However, in practice, it tends
to focus more on user instructions and downstream task
content, rather than adhering to system-level directives.

In this work, we begin by analyzing the
attention mechanisms underlying instruction
hierarchy design and observe that attention
patterns differ substantially between normal
scenarios and those involving instruction
conflicts. Motivated by this finding, we
introduce FocalLoRA, which identifies a
subset of attention heads called Focal Heads,
whose behavior changes significantly in
the presence of instruction conflicts. These
heads play a structurally important role in
mediating instruction-following behavior.
FocalLoRA operates in two stages. First,
the Conflict-Sensitive Heads Identification
(CSHI) module detects attention heads that
are particularly responsive to discrepancies
between system and user instructions. Then,
the System-Aware Heads Optimization
(SAHO) module selectively fine-tunes these
heads to enhance their focus on system-level
directives. This targeted adaptation helps the model better prioritize higher-level instructions and
improves its ability to resolve conflicting guidance more effectively. Our main contributions can
be summarized in three aspects:

❶ Conflict Identification. We introduce a novel approach for detecting instruction conflicts by
identifying Focal Heads, which are attention heads that exhibit significant divergence between
normal and conflicting instruction scenarios.
❷ Targeted Optimization. We fine-tune the identified focal heads within the attention mechanism
to strengthen the model’s responsiveness to system-level directives, thereby improving its ability to
resolve instruction conflicts and follow hierarchical instructions with greater reliability.
❸ Empirical Validation. We conduct extensive experiments across models of different sizes to assess
the effectiveness of our method. Notably, with only 0.0188% of parameters fine-tuned, our method
achieves a 35.52%↑ improvement in system instruction compliance on Llama-8B.

2 Related Work
2.1 Instruction Hierarchy and Prompt Design
To improve instruction following in LLMs, recent work has explored structured prompt designs that
encode the hierarchical relationships between different types of instructions. A common approach
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involves formatting prompts using special tokens or message role identi�ers, which help indicate the
intended authority or priority of each instruction segment (Touvron et al., 2023a; OpenAI et al., 2024;
Yang et al., 2024a). This practice is widely adopted in deployed systems and foundational models.
However, several studies have shown that explicitly embedding hierarchical structures within prompts
alone lacks robustness (Lan et al., 2019; Wallace et al., 2024; Hung et al., 2024; Geng et al., 2025).

Instructional Segmentation Embedding (ISE) (Wu et al., 2024) enhances system-level directives by
introducing segment-level embeddings. Recent studies also present practical paths for encoding in-
struction hierarchy in language models, including architecture-level separation that isolates instruction
and data processing (Zverev et al., 2025) and inference-time dynamic attention steering that reallocates
attention to salient instruction spans (Venkateswaran and Contractor, 2025). We position FocalLoRA
as a complementary training-time, parameter-ef�cient, and structure-aware approach. It identi�es
con�ict-sensitive attention headsfocal headsand adapts only these components with lightweight
parameter updates, improving system-level compliance without modifying the base architecture.

2.2 Attention-Based Analysis of LLMs

Attention mechanisms serve as a key lens for interpreting and understanding the internal decision
processes of large language models. Numerous studies have analyzed the role of attention heads in
capturing syntactic dependencies, entity co-reference, and task-speci�c signals (Clark et al., 2019;
Vig, 2019; Hao et al., 2021). Some works further investigate the sparsity and redundancy among
attention heads, suggesting that only a subset of heads are critical for model performance (Michel
et al., 2019; Voita et al., 2019; Yasunaga et al., 2022; Perez and Ribeiro, 2022; Shi et al., 2025b).

Building on these insights, recent research has further examined the functional roles of attention
heads in shaping model behavior. Some work (Radford et al., 2019; Kobayashi et al., 2020; Perez
and Ribeiro, 2022) analyzed not only the attention weights but also the norm of attention vectors,
revealing that certain heads exhibit strong task-speci�c behavior and contribute disproportionately to
model decisions. Such �ndings suggest that a small subset of heads may encode critical inductive
biases or control signals (Piet et al., 2024; Zheng et al., 2024). Inspired by this perspective, our
work takes a further step by identifyingfocal headsthat are particularly sensitive to instruction
con�icts. These heads are leveraged as intervention targets during �ne-tuning to enhance the model's
instruction-following capabilities.

3 Problem Identi�cation

3.1 Preliminary

Notations. We exclude third-party data sources such as retrieved content and focus solely on two-party
interactions constructed from system and user messages. A sequence of tokens is represented as:

x = f

system instruction
z }| {
x1; : : : ; xn s ;

user instruction
z }| {
xn s +1 ; : : : ; xn s + n u ;

user task
z }| {
xn s + n u +1 ; : : : ; xn s + n u + n t g; T = ns + nu + nt ; (1)

For brevity, we useI s, I u , andI t to denote the system instruction, user instruction and user task
throughout this paper. Their corresponding token counts are denoted byns, nu , andnt , with the total
sequence length given byT = ns + nu + nt . We then consider a Transformer decoder withL layers
andH attention heads per layer. At each layer` 2 [L ], each headh 2 [H ] produces a set of queries
Q ( `;h ) , keysK ( `;h ) , and valuesV ( `;h ) . The head-level attention matrix is de�ned as:

A ( `;h ) = softmax
�

Q ( `;h ) K ( `;h )>
p

dk

�
2 RT � T ; (2)

wheredk denotes the dimensionality of the key vectors. Each elementA ( `;h )
a;b represents the attention

weight assigned from a query tokenxa to a key tokenxb.

3.2 Problem Formulation

Given a token sequencex composed ofI s, I u , andI t , an instruction con�ict occurs when the
constraints imposed byI s andI u are incompatible with respect to the generation ofI t . Formally,

3




	Introduction
	Related Work
	Instruction Hierarchy and Prompt Design
	Attention-Based Analysis of LLMs

	Problem Identification
	Preliminary
	Problem Formulation
	Problem Visualization

	Methodology
	Overview
	Conflict-Sensitive Heads Identification
	System-Aware Heads Optimization

	Experimental Design
	Dataset Construction
	Experimental Setup
	Evaluation Protocols
	Experiment Results and Analysis

	Conclusion and Discussion
	Datasets Details
	Types of Constraints
	Base Tasks List

	Deployment Details
	Hardware & Training Configuration
	Details of Implementing FocalLoRA

	More Experimental Details
	Broader impact

