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A Slide Presented Aug. 7, 2019

G = Generation

* Generation: new, fundamental, disruptive technology, a paradigm shift,
for most devices (e.g., cellphones).

* 1G to 4G: each has its key technologies (FM radio, GSM/GPRS, WCDMA,
LTE)

e 5Gis different:

User experienced data rate (Gbps) Connections density (10°/Km?)

0.1 to 1 Gbps | 1 million connectionaXm®

*  Technology’s view: Full duplex, cognitive radio, SDN/NFV, non-orthogonal

multiple access (NOMA), small cells/HetNet, massive MIMO, mmWave —
communications; OR: spectrum expansion, spectrum efficiency enhancement, eSS
network densification

End to End Latency (ms)
1 ms level

* Standardization’s perspective: Enhanced Mobile Broadband (eMBB), URLLC
(Ultra Reliable Low Latency Communications), mMTC (massive Machine Type
Communications)

* How about 6G?

* Spectrum, Terahertz Communications, light (VLC, FSO), blockchain, satellite,
under water, ..} intelligence

A
* Alis disruptive: ML vs. model based; seems highly suitable for wireless ;
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systems, which are historically based on probabilistic models

8/7/2019 Image source: IMT-2020 (5G) Promotion Group, “5G vision of IMT-2020 (5G) promotion group,” Sep. 2014.
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AI/ML and NextG

~
Al / MACHINE

LEARNING

Perception & Understanding
Sense, detect, recognize,
and understand data

Prediction & Learning

R

Forecast traffic, mobility,
channels, and demand

Decision & Optimization

Optimize resources, routing,
and network operations

Generation & Automation
Generate content, automate

The Relationship Between Al/ML and NextG Networks

NextG networks provide the intelligent, agile platform for Al;
Al/ML empowers NextG with autonomy, efficiency, and user-centric experiences.

Al/ML requires
high-performance,
real-time, reliable
connectivity

—_

Al/ML applications |
drive new services

and higher network

NEXTG NETWORKS

/
X w O O

Radio Access Core & Transport Edge & Cloud

Built-in

NextG provides
the platform
for Al at scale

\
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Intelligence ~ Security & Trust \\
\
\

M MIMO, Prog: bl Distributed MEC, Zero-trust,
mmWave/THz, SDN/NFV, Cloud-native, Al-native network, Privacy, }“ secesssccrceseed)
RIS, NTN Network Slicing ~ Serverless closed-loop Resilience |
automation Al enables smarter

High Throughput < Ultra-Low Latency ¢ Massive Connectivity

networks that
adapt and improve

NEXTG NETWORKS
EMPOWER Al/ML
(( )) Real-time Data
A High-quality, diverse,
ubiquitous data

Low Latency
Instant response for
inference & control

Edge Intelligence

Run Al close to users
and devices

Network Slicing
Isolate and guarantee

workflows, and assist users requirements

Continuous Adaptation

Learn continuously from data
and feedback

3 ,

Al DRIVES NEXTG DEMAND

Q E 4t

« Explosive growth of Al applications

[
requires higher bandwidth and lower latency ‘ E] ’

* Al workloads need reliable, secure,

and deterministic networks Devices

[
¢ New Al-native services (XR, autonomous

systems, robotics, industrial automation,
digital twins) demand advanced connectivity

\
\

STRONGER TOGETHER

High Reliability ¢ Energy Efficiency « Native Intelligence

g o

P

e

Edge—-Cloud-Network Continuum

R 8-@ O

q p . . .

O0—O O

loT / Vehicles RAN Sites Edge / MEC Regional Core Cloud
Cloud

Intelligence everywhere, seamless connectivity

d‘

% Al workloads
continuously

Global Reach
Deliver Al services
anywhere, to anyone

r

Al IMPROVES NEXTG NETWORKS
* Intelligent resource management
¢ Anomaly detection & self-healing
* Predictive maintenance & optimization
* Traffic prediction & congestion control

¢ Energy saving & green networks

Together they accelerate the era

\
N

[Image generated by ChatGPT]

Al/ML and NextG networks form a virtuous cycle—driving innovation,

S : S : of intelligent, connected, and autonomous societies.
delivering experiences, and achieving sustainable growth.
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(i) New AI applications: need new mechanisms to support new traffic types
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Human vs. Machine QoS

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

ﬂetric Human Users M2M / loT \

Primary Focus User Experience (QoE) Absolute Reliability & Timing

Latency Tolerance Low (<150 ms) Ultra-low (<1 ms) OR Very High (Hours)
Packet Loss Tolerance Moderate (1%—5%) Zero (0%)

Traffic Pattern Sustained, predictable Burst, unpredictable, or scheduled

K‘I’ypical Bandwidth High (Mbps to Gbps) Very Low (Kbps) /
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(ii) Integrated Sensing and Communications

Motivation: P P =0 9(®) = rect(57)

« Stringent SWaP-C, latency, and spectrum constraints motivate e
shared sensing and communication on a common platform + B ty ,</

» Three design philosophies: Communication-centric, Radar-centric, 1 A=t 4 ‘,.—Jﬁ; chfrglg“\/zep

and clean-slate ISAC co-design

» Key trade-off: Communication data rate «» sensing fidelity «
legacy compatibility

Frequency fto fy+B

» Radar-centric design: transforms legacy FMCW radars into dual-
function sensing and communication nodes for 6 G/NextG
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. . . . 0 t-A t t+At—At t+At—At t+At—At ty+Aeeot, —At t, +A T
« Firmware-only upgrades enable side communication channels R mEEem R e TlinS(Ot;T; ¢ MoT M ¢
C

without compromising the radar’s safety-critical sensing mission

»

Binary Message Sequence b=[1,0,1,1,0,1,0, 1]

o

I i i
' Time t(0to Tc)
Flnal Modulated Chirp Amphtude lsmod(t)l

> Time (t)
1
Joint Radar and Communication Waveform

i’ﬂ} \ - V2V ¢ <> V2l Data \ ()

o ) ¥~ Messages | | | «"» Exchange |
Integrated . e
Sensing + s =u (w)Range ——F -

Communication X Detection

»
>
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TOP PANEL: i =
Traditional s commumcalon o amen = =3 by b, b, by by bg bg b,
FMCW Radar = < 0Ot 1y
®‘- S E : . Time (normalized) | : E :
. K ! : Modulatlon Function m(t) =1->(1- b )(1-p) g(t ) 4 :
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> - . Data Embedding P l 1 |
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Simultaneous Radar Sensing and High-Data-Rate Communication

~ £ Timet(0OtoT)
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Diftferent Ways to Embed Data and Results

Phase-Attached Modulation Constrained Frequency Hopping Phase-Coded Ortho. Sequences
Small shaped phase perturbation Admissible tone set offsets Constant-modulus codes
t) = Afk + at - -
5 (f) - ej(?wfgt+ﬂat2+wc(t;x)) fCFH( ) — fO + f + at, spcos(t) = Zau(t) eI bu (%) su(t), |au(t)] £1
SPAM y € kKT < t < (k+1)T e
Y (t;x) = communication phase, band-limited _ |a,(t)| € 1: weights; s,,(t): K quasi-orthogonal codes;
shaping ArstEsh i ) @,(x): phase shifts determined by the data

Mean-shift phase regime Empirical tone distribution Code sequence assignment

B Radar SI\'IR ‘De‘gra|datior‘1 vs. Elmb'eddinlg Density P 10° [ r————r—
| SNR Loss E e o :ISRP Experi n;fnlul
=" easurement Uncertainty
| |= = = Acceptable Threshold //_ e 102 ~ = Hardware Floor (~0.3%)
-
Lok D | AT Rt i
€3]
1.5+ / 1 : 2
5 oo ] / ] 0 5 10 15 20
2 L hersseh : | . | SNR (dB)
S 1.0 R R : / 5 g > (a) BER Performance
o~ Design Point | - o T I
% 7=0.10 ! Acceptable ... 2 100
e \\ A : ¥ Threshold - E \? = = | m— Simulation (Ideal)
e S s o af EIEES C SO IS a0 B S PR T S 4@~ USRP Experimental
92 . o 1 $ireeron] = : 920 95% L‘on;fient: I;ten-lj
/ i . ; g o .E ‘a' ;‘erfnrm.nu Gap (offset +80%)
| . i o i I~ — — 959 Target
0 0% — 5% :10% T 15%, 20% w 0 5 10 15 20
0 0.05 0.10 0.15 0.20 SNR (dB)
Embedding Density n (b) Symbol Recovery
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iii) RF Data Augmentation

l~~ Deep learning is powerful, but fundamentally limited by '
the availability, quality, and diversity of data 5
10
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 N
=>» Variability in the RF signal representations across different types »
of devices
=>» Difficult with generalization beyond training data U,l; U;- et
sk s O e sk i
© A promising approach is to leverage AIGC for synthesizing ot | o »
RF data, with o sl
=» Conditional GAN models 048 = o4l ﬁ/ -~ Limited Real (144 mins)
> Diffusion and stable diffusion models I i | I - it Sttt |
=» Domain knowledge remains crucial for model design and for 01 _Ey“ldy:"' g o ,;"; +EE§§ Eifg'nggygm;” "
assessing the quality of the synthesized datasets oo o UflsPo::iitiml:i‘izosn crrﬂ‘im) 0% 04 04 05 0 0 10 1% z'lgpmhzs;u R
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Training-Free Diffusion for Fast Domain Adaptation

Stage 3: Downstream

Stage 1: Few-shot Support Set Stage 2: Generative Refinement )
Integration
\ - N P e e
K RFID Samples (Class C) ( ) i () Real Target |
Analytical Prior Construction No Neural ; :& Data i

. % Network / Essssssssgesssssssss .

‘ Boxing e, — l Z ﬁ(,‘) No Training

TK I , '
K .
1 i Single :
. 0’12, — E E (p(’) = I‘p)z Gaussian Prior
Drinking — i=1 N (up,Zp) Bi-LSTM
| ) Classifier
>
o

7

Normalized i
Samples p N ™~ 4
- Reverse SDE Solver

? Squatting  fe—pp!
Repeated for

Each Class Zi_At = 2t +1Vzlog ptSG (z¢) +vV2ne

Per-Feature Z-Score
Normalization

2D
Analytical Score

Synthetic
Data

k Walking S - § Complexity Comparison
noisy mid clean Standard DDPM: O(M-L-D)
SG-TFDM: O(M-D)

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
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Training-Free Diffusion for Fast Domain Adaptation

SG-TFDM efficiency | 500x faster on GPU, 1800x faster on CPU vs. trained DDPM How priors + diagonal T generate RF data . nmse = ‘data Via reverse SDE

real RFID walking - K= 6 support 0/511 lab

0mi Training (min, log) 5700 ms Per-sample latency (ms, log) 2.8GB  Memory footprint (MB, log) reverse step 00/80 t=0.95 a=0.10 mean noise var §;=1.00
0] ™ SG prior © N(up, 2p) - linear pull toward GM prior + K=6 components - responsibility-weighted pull
[} Y Hp (prior mean) - * M ...ux (mode centres)
@ K=6 real samples
1min 9
10°4
[ ) 22 % ® * 3 *
Aot F2% )
L ] *
135 MB
104 ® ®
10° ® *
P T
40 MB
0 [none)
107
DOPM TE-DIff SG-TFDM DOPM TF-Diff SG-TFDM DDPM TE-DIff SG-TFDM SG - generated 30 x 36 RFID window real walking ref GM - generated 30 x 36 RFID window real walking ref.
[trained) (GLOBECOM 2025) (this work) (trained) (GLOBECOM 2025} (this work) (trained) (GLOBECOM 2025) (this work) - -
- b=
o |~ o -
. .
FID Scores (Inception, lower is better)
o o
E 14 E 14
g g

DDPM (trained): 30.2 e
SG-TFDM (this work): 6.9-7.9 » *

0 9 18 27 35 0 9 18 27 35
How this works

prior — closed-form score - reverse-time integrator - sample
. . . SG score: —I;}(z—agp) GM score: Dyi(z, t)lfig’(zfayun], Yi= softmax over —}(z — aw) "I (2 — )
=>» 4x sharper distribution match over here; DD (10 forcean isul cofvergence, T ‘ |

I AllData (S1-59) > S10/S11 cross-session, accuracy (%) and macro-F1

mmmmmm
SSIM Score (per-pair, higher is better)

Source-only

DDPM (trained): 0.41

From scratch 54.2 472 63.8 .540 80.4 .764

SG-TFDM (this work): 0.90 -0.92
Fine-tune (real-only) 75.6 751 80.0 .798 83.8 .834
=» 2x structural fid eIity Fine-tune + SG-TFDM (ours) 86.1 857 92.4 924 92.9 .028
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