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AI/ML and NextG
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(i) New AI applications: need new mechanisms to support new traffic types
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Human vs. Machine QoS
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QoS requirements differ fundamentally between human-centric communication and Machine-to-

Machine (M2M) communication due to human biological limits versus automated speed needs. 

• Humans require smooth, continuous data delivery, while machines prioritize data integrity, massive scale, and 

deterministic timing.

• Human eyes are not sensitive to high frequency signals, which may be different from ML inference



(ii) Integrated Sensing and Communications
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Motivation: 

• Stringent SWaP-C, latency, and spectrum constraints motivate 

shared sensing and communication on a common platform 

• Three design philosophies: Communication-centric, Radar-centric, 

and clean-slate ISAC co-design 

• Key trade-off: Communication data rate sensing fidelity 

legacy compatibility 

• Radar-centric design: transforms legacy FMCW radars into dual-

function sensing and communication nodes for 6G/NextG 

• Firmware-only upgrades enable side communication channels 

without compromising the radar’s safety-critical sensing mission
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Different Ways to Embed Data and Results



(iii) RF Data Augmentation
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Deep learning is powerful, but fundamentally limited by 

the availability, quality, and diversity of data

Unlike CV and NLP, RF data collection is time-consuming 

and costly, with strong locality, and 

➔ Collected data is often noisy and sparse, 

➔ … spans spectral, temporal, and spatial dimensions

➔ Diversity of environment is often limited

➔ Variability in the RF signal representations across different types 

of devices

➔ Difficult with generalization beyond training data

A promising approach is to leverage AIGC for synthesizing 

RF data, with

➔ Conditional GAN models

➔ Diffusion and stable diffusion models

➔ Domain knowledge remains crucial for model design and for 

assessing the quality of the synthesized datasets 
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Training-Free Diffusion for Fast Domain Adaptation
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Three stages: (1) K-shot support set + per-feature Z-score; (2) analytical Single-Gaussian prior + reverse-SDE; 

(3) Bi-LSTM downstream classifier.  Complexity: SG-TFDM = O(M*D) vs DDPM = O(M*L*D).

Three stages, zero learned parameters in the inner loop  |  CPU at 3.2 ms / sample



Training-Free Diffusion for Fast Domain Adaptation
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SSIM Score (per-pair, higher is better)

DDPM (trained):       0.41

SG-TFDM (this work):  0.90 - 0.92

➔ 2x structural fidelity

FID Scores (Inception, lower is better)

DDPM (trained):       30.2

SG-TFDM (this work):  6.9 - 7.9

➔ 4x sharper distribution match


	Slide 1: PANEL: Emerging Technologies for NextG Networks
	Slide 2: A Slide Presented Aug. 7, 2019
	Slide 3: AI/ML and NextG
	Slide 4: (i) New AI applications: need new mechanisms to support new traffic types
	Slide 5: Human vs. Machine QoS
	Slide 6: (ii) Integrated Sensing and Communications
	Slide 7: Different Ways to Embed Data and Results
	Slide 8: (iii) RF Data Augmentation
	Slide 9: Training-Free Diffusion for Fast Domain Adaptation
	Slide 10: Training-Free Diffusion for Fast Domain Adaptation

