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Wireless Multihop Networks

• Autonomous, self-organizing networks
• No base-stations!
• Wide applications

• Mobile Ad-Hoc Networks
• Internet-of-Things, wireless sensor networks
• Wireless backhaul (drone + satellites, small 

cells)
• Traffic offloading in 5G and beyond (D2D)
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Military ad hoc networks Internet of Things

Drone swarm

Drone-assisted networks

CubeSat backhaul

Vehicular networks



Distributed Scheduling Basics

• Conflict graph
• Vertices à links
• Edges à Conflict (interface and 

interference) between links

• Orthogonal access
• Contention-based scheduling
• Distributed greedy scheduler (synchronized)
• Weighted CSMA (random access)

• Scheduling overhead increases by 
neighborhood size
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Scheduling Overhead v.s. Network Density

• Massive access
• 10 million connections per km2  

• Network Capacity ↓
• Battery life ↓
• Radio footprint ↑ (Interference, security vulnerability due to topology leakage)
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• Existing solutions
• Topology control
• Sleep scheduling
• Cross-layer optimization
• Traffic-based link sparsification

Scheduling overhead increases by size of interfering neighborhood!

Sparse networks
Dense networks
Massive access

Required scheduling overhead

[Santi 2005, Ramanathan 2004, Ray 2016]

[Ye 2004, Ray 2016, Guha 2011, Long 2020]

[Lin 2010, Xiang 2014, Wu 2020]



Traffic-based Link Sparsification

• Only the most demanding links contend for scheduling
• Demand à per-link utility

• Prior knowledge
• eCDF of Per-link utility
• Cut-off quantile

• Statistical thresholding
• Longer backlog (Queue)
• Network capacity loss
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Can we do better than statistical thresholding?

Heaviside step function

Global cut off threshold

Per-link utility
Otherwise,



Topology-aware Link Sparsification
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Otherwise,

Statistical baseline 
(global threshold)1. Localized functions

link parameters

Local threshold

1. GCN can be implemented in a distributed manner
2. GCN only runs once a while (until topology changes)

Dense scheduler

Sparse scheduler

2. Generalize to different topologies



Non-differentiable downstream pipeline
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Dense scheduler

Sparse scheduler

Scheduling contention is a 
non-differentiable discrete function
(set operations)

Link sparsification is a 
non-differentiable discrete function
(step function)

Objective function defined on 
the output of non-
differentiable functions



Two-stage customized reinforcement learning
• Stage 1: train topological selectivity
• Get higher utility with less nodes

• Stage 2: normalize link parameters
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Performance on identical input network states

• Input network state

• Results relative to dense scheduler
• Approx. ratio
• Retention ratio

• GCN-based link Sparsification
• Higher total utility
• Lower average node degree
• Lower P2P message complexity
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Performance on scheduling

• ER conflict graphs
• Random Point process
• Uniform transmit power
• 100~300 links per graph
• 500 conflict graphs

• Moderate traffic load
• Packet arrivals: Poisson 
• link rates: normal distribution
• 300 time slots
• Same realization of arrivals and link 

rates fed to different schedulers
• Cut-off quantile: 0.95
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Average degree of 
sparsified conflict graph

Point-2-point message 
complexity with local 
greedy scheduler

Avg degree of original conflict graph Avg degree of original conflict graph

1/3 ~1/5 of 
statistical baseline

Decrease by 
network density



Conclusion & future work

• Optimize link parameters with GCN 
• Parameterized link sparsification functions reduces scheduling overhead
• Low computational and communication overhead

• Magic of reinforcement learning
• No labels or ground truth
• A good baseline à a better algorithm

• Principled learning method for non-differentiable pipeline [work in progress]

• GNN to optimize local parameters in a network
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