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Modern edge devices leverage ML to support various intelligent applications

ML on Edge Devices
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A New Computing Paradigm for Wireless Edge Networks
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Einference = Eload + Ecomp,analog

How to overcome the energy efficiency barrier of conventional digital computing?

# of operations:

energy per operation: ~0.1 pJ/bit

~O(M·N)

~6 fJ/MAC

‣Z. Gao, S. K. Vadlamani, K. Sulimany, D. Englund, and T. Chen, “Disaggregated Machine Learning via In- Physics Computing at 
Radio Frequency,” Science Advances, vol. 12, no. 2, pp. eadz0817, Jan. 2026.



A New Computing Paradigm for Wireless Edge Networks
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Wireless Smart Edge Networks (WiSE): Principles
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‣Z. Gao, S. K. Vadlamani, K. Sulimany, D. Englund, and T. Chen, “Disaggregated Machine Learning via In- Physics Computing at 
Radio Frequency,” Science Advances, vol. 12, no. 2, pp. eadz0817, Jan. 2026.



Wireless Smart Edge Networks (WiSE): Prototype
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‣Z. Gao, S. K. Vadlamani, K. Sulimany, D. Englund, and T. Chen, “Disaggregated Machine Learning via In- Physics Computing at 

Radio Frequency,” Science Advances, vol. 12, no. 2, pp. eadz0817, Jan. 2026.



Analog Inner-Product Engine using a (passive) RF Mixer
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@fa @fb

@fy = fa - fb

Vectors a and b are encoded into the amplitude of 
the frequency components of signals a(t) and b(t)

The inner product c = ⟨a, b⟩ appears as the 
amplitude of the frequency components of c(t)

‣Z. Gao, S. K. Vadlamani, K. Sulimany, D. Englund, and T. Chen, “Disaggregated Machine Learning via In- Physics Computing at 
Radio Frequency,” Science Advances, vol. 12, no. 2, pp. eadz0817, Jan. 2026.



Wireless Smart Edge Networks (WiSE): Energy Efficiency
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Complex-valued LeNet-300-100 model on the MNIST dataset

Digital computing 
@1 pJ/MAC: 

98.1% accuracy

Analog computing 
@6 fJ/MAC:

95.7% accuracy

2-3 orders of magnitude lower energy 
consumption for ML inference

Breakdown of edge device energy consumption (e):
Radio (e1) + sampling (e2) + minimal digital signal processing (e3)

‣Z. Gao, S. K. Vadlamani, K. Sulimany, D. Englund, and T. Chen, “Disaggregated Machine Learning via In- Physics Computing at 
Radio Frequency,” Science Advances, vol. 12, no. 2, pp. eadz0817, Jan. 2026.



Wireless Smart Edge Networks (WiSE): Applications

9

~O(M·N)

Einference = Eload + Ecomp,analog

# of operations:

energy per operation:

~O(M·N)

~0.1 pJ/bit ~6 fJ/MAC

Ideal for computing and sensing tasks on input is analog by nature (e.g., RF signals, analog sensors)

‣Z. Gao, S. K. Vadlamani, K. Sulimany, D. Englund, and T. Chen, “Disaggregated Machine Learning via In- Physics Computing at 
Radio Frequency,” Science Advances, vol. 12, no. 2, pp. eadz0817, Jan. 2026.
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