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Introduction

To maximize AI potential in distributed 

environments, managing shared resources is 

vital for ensuring equitable user access. This 

poster presents the Time Critical Hierarchical 

Inference (TCHI) framework, a decentralized 

mechanism that optimizes collective 

performance across edge devices without 

explicit inter-communication.

Key Challenge: Preventing network saturation 

and the dominance of high-power nodes to 

ensure fairness across heterogeneous 

devices

System Architecture & Experiment

To solve this problem, we propose the following 

system architecture:

Results
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Conclusion

By utilizing adaptive thresholding, the system 

balances server utilization and individual accuracy 

to ensure fair resource distribution.

Future directions include:

• Hyperparameter tuning

• Scalability analysis

• Heterogeneous user scenarios
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