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Outline

• Introduction
• Existing schedulers
• GCN-based distributed scheduler
• Numerical results
• Conclusion

6/6/21 IEEE ICASSP 2021 2



Link scheduling in wireless ad-hoc networks
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• Infrastructureless
• Orthogonal access
• Time-slotted

Scheduler decides which links to transmit 
in a distributed manner
Assumptions
- Single channel
- Single radio interface per node
- Constant TX power

scheduling communication

time slot
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Icons made by photo3idea-studio from Flaticon

https://www.flaticon.com/authors/photo3idea-studio
https://www.flaticon.com/


Conflict graph
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Icons made by photo3idea-studio from Flaticon

• Verticesà links in network
• Edges
• Interface constraints
• Interference relationship

Legitimate 
schedule 

https://www.flaticon.com/authors/photo3idea-studio
https://www.flaticon.com/


Optimal scheduling as MWIS solver

• Conflict graph 
• Utility function
• Optimal scheduling
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Constraint of independent set
Maximum weighted independent set (MWIS)

Per time slot, per channel

NP-hard Heuristics



Average 
local complexity

(Local exchanges)

Existing distributed MWIS schedulers
• Per link utility function
• q, queue length [Joo’12]
• r , predicted link rate [Douik’18]
• qr [Joo’15], q/r [Paschalidis’15]
• Analytical form [Marques’11]

• Heuristic MWIS solver 
• Centralized greedy solver
• Local greedy solver [Joo’12]
• Threshold local greedy [Joo’15]
• Message passing [Paschalidis’15]

6/6/21 IEEE ICASSP 2021 6

Not fully leverage the graph topology
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GCN-based distributed MWIS solver 
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Distributed GCN: a minimal example

• 1-layer GCN
• Input and output dimensions
• Local computing 
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GCN compute

Local exchange Local exchange

Local Greedy Algo



Learning with non-differentiable module
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Input Node 
Embedding

GCN10
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Local Greedy 
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Greedy: 12
GCN (1): 17
GCN (2): 8

𝜌!

⁄17 12

⁄17 12
⁄17 12

𝜌"

⁄8 12

⁄8 12

Reward

Loss function
(root mean square)

Adam optimizer, Learning rate 0.0001 
Exponential decaying exploration 𝜖
Periodic gradient reset

No labelled datasets required!



Numerical Evaluations

• GCN config
• No. of Layers
• Feature dimensions

• Activations

• Training dataset
• Erdo ̋s–Rényi(ER) 
• Barabási–Albert(BA) 
• Graph size

• Average degree

• Small graphs

• Weight dist.
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Training for 25 epochs
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Performance on Erdo ̋s–Rényi(ER) graphs
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• Training dataset
• 5800 ER graphs

• Testing dataset
• 500 ER graphs
• Graph size

• Average degree

• Weight dist.

Message passing [Paschalidis’15] 

Local greedy [Joo’12]

Op\mal
(Gurobi solver)

Practical wireless ad-hoc networks

~4.5%

1-layer GCN

Remark 1: For small ER graphs, GCN can 
improve Local Greedy by 3.5% with only 1 
additional local exchange

Remark 2: No. of layers has tiny influence



Generalizability across graph types
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ER (500) BA (500)

ER (5800) 0.932 0.936

BA (5800) 0.925 0.928
Training

Testing

For BA graph
Other settings identical

Remark 2: GCN holds across graph models

Remark 3: Deeper GCN à lower variance

Remark 1: Local Greedy and MP perform worse 
on BA graphs (high-degree nodes)



• Randomly located users

• 100 users, 40~60 links, single hop flow

• Average degree 13.1

• Link rate

• Utility function

• Flooding traffic

• 100 network instances

• 10 scheduling realizations per instance

• 200 time slots per scheduling realization

Scheduling in mid-sized 1-hop wireless networks
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Remark 1: On small-mid ad-hoc networks (100 users), 
GCN can close half suboptimality gap of Local Greedy 
with only 1 additional local exchange

Remark 2: 1-layer GCN is a good choice

91.1% 95.6% Optimal
96.1%

14

Average 
throughput

fading

# packets could be delivered



Conclusion & future work

• Link scheduling for orthogonal multiple access
• GCN-based heuristic scheduler 

• Leverage network topology
• Efficiency of local greedy solver 
• Reinforcement learning
• Centralized training, distributed deployment

• Performance gain: 91.1% -> 95.6%
• Scalability: L + log(V)
• Generalizability
• Scalar embedding à vectorized embeddings
• Memoryless agent à strategic agent
• Non-orthogonal access
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