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• Background：Attention Distraction in Compositional Instruction Following
     LLMs often struggle with compositional instructions that involve multiple inter leaved yet   
     logically independent sub-tasks.

Background & Challenges

• Previous Work: 
 Finetuning Models: 

require large-scale 
training data and 
substantial 
computational overhead;

 High-level Planning & 
Iterative Self-reflection: 
fail to fully suppress 
attention distraction 
from irrelevant sub-tasks.



How can we effectively and efficiently eliminate attention inteference from irrelevant sub-tasks?

Research Question & Contributions

Contr ibution:

• Identify three prototypical types of composition structure;

• First to systematically analyse the reasons behind the performance degradation of LLMs in 

tackling compositional instruction;

• Propose a Structure-Aware Dynamic Attention framework, which dynamically and precisely 

steers the model’s focus to attend to the active sub-task at each generation step, while 

suppressing attention to inactive sub-tasks.

• Comprehensive experiments across diverse benchmarks demonstrate our effectiveness, 

efficiency, and generalization ability.



• Structure Types of Sub-tasks

These sub-tasks, being structurally mutually exclusive, dynamically alternate between active roles that govern the 
output and dormant roles that exert interference throughout the generation process.

Formulation



Methods

• Structure Analysis and Identification

 identify the structure type �;

 extract the sub-tasks � =  {�1, . . . ��}

 serves as a reliable guidance to conduct precise 

and safe attention steering:
• attention steering is confined to the identified 

mutually exclusive sub-tasks; 

• attention masking is performed at the granularity 

of independent and complete sub-task



Methods

• Structure-aware Dynamic Attention 

 Step1:  Mutually Exclusive Masking
• information interaction between the mutually exclusive sub-tasks may introduce blending comprehension; 

• mask attention between exclusive sub-task pairs, i.e., ��, ��, � ≠ �, to mitigate potential mutual interference

     by adopting a bias matrix M on the multi-head attention mechanism:



Methods

• Structure-aware Dynamic Attention 

 Step2:  Active Sub-task Identification
• identify the active sub-task ���� at each generation step that dominates next token prediction:

① highest score: attracts most attention from subsequent tokens.
② low entropy: deterministic and reliable identification.
③ safe progression: only permits active sub-task transitions that aligns the global structure logic.



Methods

• Structure-aware Dynamic Attention 

 Step3:  Dynamic Attention Masking
• At each generation step, suppressing the attention to inactive sub-tasks to eliminate their interference 

• Ensuring faithful and consistent execution of current active sub-task

• effectively mitigates attention interference and enhances model adherence to compositional instructions.



Experimental Results

• Consistent Improvement across Composition Structure Types 



• ATA effectively reduces all types of generation errors

• ATA’s performance is robust to imperfect structure identification
                   

Ablation & Analysis



Ablation & Analysis

• Structure information serves as a safe 

guidance for attention steering;

• Both attention masking module of ATA is 

effective in improving model adherence;

• The active control strategy mitigates errors 

from occasional attention drift and ensure 

valid attention steering                 



Ablation & Analysis

• Generalization on Nested Structures & Larger LLMs

• Time Efficiency of ATA       



Conclusion

• First work to sysmetically analyse the reason behind the performance degradation of LLMs 
in tackling compositional instruction and propose to tackle this challenge by dynamic 
attention steering :
• Superior performance, effectively mitigates attention interference and enhances model 

adherence to compositional instructions.
• Higher efficiency, operates within a single forward pass without requiring parameter updates.
• More flexible, plug-and-play compatibility with various off-the-shelf LLMs and existing 

planning-based techniques.

• Future works: to further broaden ATA’s applicability

• Incorporate with other structure-discovery techniques to tackle challenging scenarios where 

structure is implicit;

• How to conduct structure-agnostic attention steering.
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