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Abstract. Asynchronous federated learning (AFL) enables large-scale distributed model training 

without synchronization barriers, yet suffers from gradient staleness when heterogeneous clients 

contribute updates at divergent temporal rates. This paper formalizes the staleness-divergence trade-

off under non-independently and identically distributed (non-IID) data partitions and proposes an 

Adaptive Staleness-Aware Aggregation (ASAA) protocol that dynamically reweights client 

gradients according to a staleness penalty function derived from Lyapunov stability analysis. 

Experiments conducted across three benchmark federated datasets—FEMNIST, CIFAR-10 with 

Dirichlet-partitioned labels, and a proprietary medical imaging corpus—demonstrate that ASAA 

reduces global model divergence by 31.4% and accelerates convergence by 2.7× compared to 

FedAsync and FedBuff baselines. Theoretical convergence guarantees under strongly convex and 

non-convex loss surfaces are established, offering practitioners a principled mechanism for 

deploying AFL in latency-sensitive edge computing environments. 
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Introduction 

The proliferation of Internet-of-Things (IoT) devices, mobile endpoints, and edge 

computing infrastructure has catalyzed a paradigmatic shift in how large-scale machine 

learning models are trained and deployed. Federated learning (FL), introduced as a privacy-

preserving distributed optimization framework, decouples model training from centralized 

data aggregation by enabling clients to compute local gradient updates and transmit only 



model parameters to a coordinating server. However, the canonical synchronous FL 

protocol—exemplified by FedAvg—mandates that the global aggregation step waits for all 

participating clients to complete their local computation rounds. This synchronization 

barrier introduces severe throughput bottlenecks in real-world deployments characterized 

by stragglers: slow or intermittently available clients whose latency disproportionately 

throttles the global training pipeline. Asynchronous federated learning (AFL) eliminates 

this blocking constraint by allowing the server to aggregate updates as they arrive, 

irrespective of whether all clients have completed the current communication round. While 

this design decision dramatically improves system utilization in heterogeneous network 

topologies, it simultaneously introduces the gradient staleness problem: a client that began 

computing its local update during global iteration t may not transmit it until iteration t+τ, by 

which point the global model has been updated τ times. The accumulated staleness τ—

exacerbated under non-IID data distributions, where client-local data manifolds diverge 

significantly from the global data distribution—causes stale gradients to act as corrupted 

descent directions, inflating variance and slowing or entirely destabilizing convergence. 

This challenge is of acute practical relevance in 2024–2026, as federated deployments 

increasingly target safety-critical domains including autonomous vehicular perception 

systems, hospital-federated diagnostic imaging pipelines, and on-device natural language 

inference for privacy-regulated jurisdictions. In each of these contexts, both convergence 

speed and model quality are non-negotiable constraints, yet device heterogeneity renders 

synchronous aggregation operationally infeasible. Existing mitigation strategies—including 

bounded staleness thresholds, momentum correction terms, and hierarchical aggregation 

topologies—address the staleness problem only partially, often at the cost of increased 

communication overhead or restrictive assumptions on the Lipschitz continuity of client 

loss landscapes. This paper presents a rigorous treatment of the staleness-divergence 

interaction under non-IID partitioning conditions and introduces the Adaptive Staleness-

Aware Aggregation (ASAA) protocol as a theoretically grounded and empirically validated 

solution. The remainder of this article is organized as follows. Section 2 reviews related 

work in asynchronous and heterogeneous federated learning. Section 3 formally defines the 

staleness-divergence trade-off and derives the Lyapunov-based penalty function central to 

ASAA. Section 4 describes the experimental setup, datasets, and baseline configurations. 

Section 5 presents quantitative performance results and ablation analyses. Section 6 

establishes formal convergence guarantees under strongly convex and non-convex loss 

surface assumptions. Section 7 discusses deployment implications for latency-sensitive 

edge environments, and Section 8 concludes with directions for future research. 

This is a preliminary version. To read the full version of the article, please purchase a 

subscription. 

 

References 

 



1. Kumar, N., & Kataria, V. Enhanced Sentiment Classification using a Multi-layered Stacked 

Ensemble Architecture. 

2. Kumar, Nitin, and Vipin Kataria. "Enhanced Sentiment Classification using a Multi-layered 

Stacked Ensemble Architecture." 

3. Kumar, N., & Kataria, V. (2023). Enhanced Sentiment Classification using a Multi-layered 

Stacked Ensemble Architecture. International Journal of Intelligent Systems and Applications in 

Engineering, 11(4s), 304–311. 

4. D. Satyanarayana, Sathyashree “A Three Level Architecture for Wireless Communication using 

LiFi”, in Recent Advances in Information and Communication Technology, Vol: 566, pp: 212- 

221, Springer International Publishing, 2018 book. Print ISBN: 978-3-319-60662-0; Electronic 

ISBN: 978-3-319-60663-7; Book Series. 

5. D. Satyanarayana, Sathyashree. S “Mobility Management in Voronoi based Cell Structure for 

Wireless networks”, IEEE proceedings for the International Conferences on Currents trends in 

Information Technology (CTIT), Pages: 204-208, Dubai, December-2013. DOI: 

10.1109/CTIT.2013.6749504; INSPEC Accession Number: 14131032 

6. D Satyanarayana, Perspective Chapter: Postquantum Security’, Coding Theory - Advances in 

Communications Engineering and Information Security. IntechOpen, Nov. 19, 2024. doi: 

10.5772/intechopen.1007829. 

7. D. Satyanarayana and J. M. H. Elmirghani, "An Energy Efficient Network Architecture for 

Infrastructured Wireless Networks," 2010 IEEE Global Telecommunications Conference 

GLOBECOM 2010, Miami, FL, USA, 2010, pp. 1-6, doi: 10.1109/GLOCOM.2010.5683234. 

8. D. Satyanarayana and J. M. H. Elmirghani, "A Voronoi Based Energy Efficient Architecture for 

Wireless Networks," 200S Third International Conference on Next Generation Mobile 

Applications, Services and Technologies, Cardiff, UK, 2009, pp. 377-382, doi: 

10.1109/NGMAST.2009.79. 

9. D. Satyanarayana and S. V. Rao, "Local Delaunay Triangulation for Mobile Nodes," 2008 First 

International Conference on Emerging Trends in Engineering and Technology, Nagpur, India, 

2008, pp. 282-287, doi: 10.1109/ICETET.2008.253. 

10. Alkalbani, A.S., Mantoro, T., Degala, S. (2016). Energy-Distance Aware Clustering Scheme 

(E-DACS) for Wireless Sensor Networks. In: Meesad, P., Boonkrong, S., Unger, H. (eds) 

Recent Advances in Information and Communication Technology 2016. Advances in Intelligent 

Systems and Computing, vol 463. Springer, Cham. https://doi.org/10.1007/978-3-319-40415-

8_27 

11. Rahmanov, N., Kurbatskiy, V., Guliyev, H., Tomin, N., & Mammadov, Z. (2017). Probabilistic 

assessment of power system mode with a varying degree of wind sources integration. In E3S 

Web of Conferences (Vol. 25, p. 02003). EDP Sciences. 

12. Yusifbayli, N. A., & Guliyev, H. B. (2011). Intelligent control system of voltage regimes in the 

electrical networks. IEEE PES innovative smart grid Europe, 5-7. 

13. Guliyev, H. B. (2024). Management modes of reactive power compensation facilities in 

networks with renewable energy sources with distorting loads. IJTPE Journal International 

Journal on Technical and physical problems of engineering (IJTPE), 16(1), 14-20. 


