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6G Vision: From Connectivity to Integration

Communication + Computing +

Sensing + Intelligence

Communication
+ Computing

Communication

100-1000 Mbps

1-10 Gbps

5G

100 Gbps

6G

smart agriculture

synaesthesia
nternet

P

blockchain economy

Towards a fully digit&ll, mtelligent, and networked world
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24Kbps 84 Kbps
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1G 2G ‘
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BE—9 = super traffic
Voice SMS Internet Internet of Massive broadband &
calling Applications Internet of Things
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Rebuild
Channel Foundation

From traditional channel
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Outline

Part 1

Rebuild
Channel Foundation

From traditional channel
models to Al-driven
prediction and digital twin
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''''' Foundation
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A Full-Stack Reinvention From Channel Modeling to Content Deliver
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@ New Coverage Jlll New Spectrum (‘I’) New Antennas

% rL'J\ :.;)[;I[V))BANDS (N;g:olj/;gzis :JTT)PDE)R MID-BANDS (r:rl.;;v)AVE BANDS ?:;(-smz XL-MIMO 0 HOlOgraph|C
Space Low-Altitude Covow  (soommew  (soomzem Caomzem ocHzow : MIMO - Fluid antenna -
0 = <
=~ ~ > movable antenna - rotable

Maritime Underwater  Underground antenna - RIS

« Channel models are the foundation for the design, analysis, optimization, and deployment
of every wireless generation.

* 6G brings new opportunities and challenges for accurate, efficient, and generalizable
channel modeling and prediction.

/7 UV \T=T1SJTU ﬂ

5



fh y“
.
& ®
o 3
.:\“‘o\:\- .
™ [
~2
. L ] \:‘\‘\
L ]
0 X X

v’ Establish statistical distribution
from empirical measurement, e.g.
3GPP, WINNER models

v efficient, and serves as
standardized benchmark for
performance evaluation

e Fail to capture fine-grained channel
variations in real environment

v' Explicitly model environment-specific
wave propagation via EM theory, e.g.
full-wave simulation, ray tracing.

v" Highly accurate and strong physical
interpretability

e Computationally prohibitive for large-
scale and real-time application

e Rely on precise 3D topology and
material parameters.

/

& Hybrid Methods

\ J

\_

\

Amplitude

)

Channel Impulse Response (CIR)

+ Domain Path
4+ Secondary Path

v' Combine the strengths of statistical
and deterministic methods

® Introduce tradeoff between accuracy
and complexity

TN TSI TU




End-to-end Mapping

Deep Neural Network
NN
N2

[z L(d) —b{_}—iv -

-~ CNN H»
& C j St

[Levie’2021] [Gupta’2022] [Wei'2024]

[z, L{d)], W, 6)
EE—

» Map environmental features
(e.g. 3D maps, LIDAR) to
channel parameters

> Suitable for large-scale
channel prediction

» Lack physical explainability

Wireless radiation field

[Zhao'2023] [Lu’2024] [Wen 2025]

» Reconstruct the 3D propa-
gation environment via neural
rendering

> Suitable for continuous-space
channel modeling

» Require massive training data

P

Neural Ray Tracing

[Orekondy'2023] [Jia'2024] [Jiang'2025]
> Combine neural networks and RT
framework to implicitly model
radio-environment interaction
» Great potential to achieve
accuracy, efficiency, and

generalization

/7 UV \T=T1SJTU ﬂ
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GeNeRT: Generalizable Neural Ray Tracing

m Core idea: inject neural networks in classic RT pipeline to learn scenario-
general ray—surface interactions, e.g. reflection, diffractions, and scattering

Environment semantic map £

Ray Propagation

Neural Ray-Surface Interaction

RE  RL™
Zy ...

Propagation Path

.=y

Tx ConfigurationD,, ; --»

[ XX

Rx Configuration Dy j------------------- >
R): m-th ray state at k-th interaction

(RU=1 €, Dy j; 0) — RE

Environment semantic map Learnable ray propagation
— material-aware scene — neural interaction at each
representation bounce

RF Domain

Rendering | |

~-» CIR:h(7,©, ®)

RF-domain rendering
— full CIR over delay, angle,
and path

/U \T=TSJTU ﬂ

K. Bian et al, “"GeNeRT: A Physics-Informed Approach to Intelligent Wireless Channel Modeling via Generalizable Neural Ray Tracing”

arxiv.org/pdf/2506.18295
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Neural Ray-Surface Interaction

Outdoor Environment £ Rx Configuration D, ;-
— v |
'quq ) Ray-Polygon L = =~ << Yes |, Reach
(k—1) dgﬁ -1 —|" D { | Polarization-Driven ) \ DTS Lpezits Recetver
— Rm = k-1 [V Outgoing Ray ,l 1 No
) (\ Prediction f(8) y) r'y (k)
Fm S ’, No m
=1 e T T T T L —T"
/f Yes ——

|:| Neural Network-Based Module |:| Deterministic l\%ule

Polarization-Driven Outgoing Ray
Prediction Network f(0)

* Fresnel-inspired dual-branch: Explicitly model parallel and
perpendicular polarization components to prevent information loss

* Relative geometry features: reduce spatial dependency for cross-

scenario transfer
» Scatterer semantics: material-aware interaction modeling

Stage 1 - Module-wise

pre-training on EM simulation
Polarization-driven modules learn
general ray—surface interaction from
simulation

Stage 2 - System-wise
end-to-end training on CIR
Receiver-side only CIRs are used to
learn site-specific propagation
characteristics

Stage 3 - Measurement
fine-tuning with real-world MPC
Sparse measured MPCs adapt
polarization modules to real-world
environments

7 1 N\reTrsdlull |

K. Bian et al, “"GeNeRT: A Physics-Informed Approach to Intelligent Wireless Channel Modeling via Generalizable Neural Ray Tracing”

arxiv.org/pdf/2506.18295



Generalization Test

Intra-scenario spatial transferability Inter-scenario generalization

Sa Rx horizontal shift Ss
Overall Err. RCM Err. AvgDelay Err. Overall Errr RCM Err. AvgDelay Err.

Si1s
Overall Errr RCM Err.  AvgDelay Err.

WiNeRT -22.58 dB -8.84 dB 28.45 ns -20.89 dB -7.14 dB 30.99 ns WiNeRT -8.92 dB -3.36 dB 35.18 ns
LWDT -25.58 dB -13.01 dB 19.26 ns -25.07 dB -11.47 dB 22.35 ns LWDT -10.85 dB -4.97 dB 32.38 ns
GeNeRT -37.69 dB -25.79 dB 3.96 ns -36.29 dB -24.69 dB 4.34 ns GeNeRT -35.36 dB -23.77 dB 4.91 ns

-5

Same scenarios as training set
S4, S5: Rx horizontal shift
S6-S14: Rx height change

—
o

e GeNeRT Entirely new scene S15: different

layouts & Tx/Rx distributions

i
w

RCM Error (dB)

GeNeRT generalizes f?" GeNeRT keeps strong zero-shot
better across Rx positions & performance, while baselines

] | ‘\-‘_‘—__k”"_k’_*_—‘————l . H

25 heights degrades sharply

N3 34 6 8 10 1z 1 WIiNeRT [Orekondy’2023] Qualc:omm Al Research
Height Diff ' L - : 5 :
eight Difference (m) Learnable Wireless Digital Twin (LWDT) [Jiang 20%5%@&%3&@

Data Generation Tool: Wireless Insite in outdoor STJU Campus Digital Twin 10




Measurement Campaign

» SJTU SEIEE campus
» 102 reflected paths were extracted

» Fine-tuning: 75 reflected paths
(yellow areas)

> Test: 27 reflected paths (red areas)

USRP X410

3.5GHz
(a) Representatlive Tx—Rx. déploymen[
. w/o w/ .

Metric MLE* MLE* Gain
gveraﬂ ~14.48dB |-22.90d8 8.42dB

rror
ECM —0.90dB —9.32dB| 8.42dB

rror
é"gDelay 6.28 115 3.58ns | 2.70ns

rror

* M.E. denotes measurement finetuning.

Received Power (dBm)

-10

)
)
.

o8]
]
L

A
S
!

]

9]

]
L

-60

B Path from GeNeRT w/o Finetuning
®  Measured Path
A Path from GeNeRT w/ Finetuning

(A

™

L d

l

LoS Wwall
Ground
0 34 36 38 40 4
Delay (ns)

GeNeRT predicted paths match measured paths closely after fine-
tuning with sparse measuremeﬁty\%—wi%TU m

K. Bian et al, “"GeNeRT: A Physics-Informed Approach to Intelligent Wireless Channel Modeling via Generalizable Neural Ray Tracing”

arxiv.org/pdf/2506.18295
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LAMBDA: Low Altitude Multimodal Base Datasetg/®™

m A comprehensive dataset to empower research in low-altitude UAV Comm & Sensing
» High fidelity: cm-level scene geometry with fine-grained material annotations
> Diverse modalities: wireless CSI, RGB, depth, LiDAR, 4D radar, and IMU

» Rich scenarios: urban/suburban/mountain/campus, rain/snow/fog, day/night, multi-UAV
trajectories/multi-BS

> Flexible configurations: support user-defined array size, bandwidths, & FMCW parameters

m 2.14 TB of data with 540,000+ spatiotemporally aligned multimodal samples

W

T =\

C/'E % &U&W?SJTU ﬂ

Urban Are | Suburan & Mountainous Areas SJTU

L. Zhou et al., “LAMBDA: A Low-Altitude Multimodal Base Dataset for UAV Sensing and Communication,” arx/v.org/pdf/2607.051’<g26



B Integrates 3D scene rendering, ray tracing, and object trajectory control to generate
spatiotemporally aligned sensing and wireless channel data

" @ High-Fidelity Digital Twin Modeling |
Unreal Engine 5 + CADFEKO

Scene Electromagnetic or Object
Rendering  Optical Materials  Trajectories
\\ J
lsupport lsupport
Sensing Data PR Wireless Data
@  Generation . Generation
AirSim Sionnart
e. g.: RGB. Depth. LiDAR e.g.: CSI. 4D Radar
4 l l 2\
Spatiotemporally Aligned Multimodal
Dataset
Visual Standardized Structured
Validation Preprocessing Storage

CADFEKO-Based UAV RCS

UAV Trajectory Control . .
_Simulation m
/7 | \Tm1oJlU

L. Zhou et al, “LAMBDA: A Low-Altitude Multimodal Base Dataset for UAV Sensing and Communication,” arxiv.org/pdl/2607.03826



Demo: Urban Block1 Scenario

LAMBDA Multimodal Visualization | Frame: 000003

Power-Delay Profile (PDP)

e RGB Camera Depth Map
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& Reflocted
® #  Diffracted
-84 «  Scattered 0
= £ )
% ~100 =
—_ " 50 E
[ | -
] | g
= | 00 ¥
E 120 E
$ 150 %
—ld m ' ; ‘ 100
—160 1 v t'* H L 2 i | % =
o 200 400 &0 80O 1000 1200 o
Delay (ns)
LiDAR Point Cloud (3D)
Range-Elevation (RE)
60 ®x GT
1 g 40 _ FFT peak
- =
I EH] 3 v 20
70 = kel
65 =
i 0 £ S
g 55 = s
%0 E b
/[ = 4 B a0
lsn\-\\ // anny" -60
-100 50
—:.-uq-\' l 200 =80
1] 150
M 100 150 200 250 300 0 50 100 150 200 250 300
100 50 Range (m) Range (m)
150 0

Spatiotemporal alignment across modalities
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L. Zhou et al., “LAMBDA: A Low-Altitude Multimodal Base Dataset for UAV Sensing and Communication,” arxiv.org/pdf/2607.03826




LAMBDA Multimodal Visualization | Frame: 000003

Power-Delay Profile (PDP)

Lo
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—&0 ]
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L. Zhou et al, “LAMBDA: A Low-Altitude Multimodal Base Dataset for UAV Sensing and Communication,” arxiv.org/pdi/2607.03826



¢ Our website: https://lambda6g.net (sample codes and documentation included)
¢ Total downloads so far: 14,000+

¢ Future extension
B Synthetic data: enrich scenario, modality, UAV targets

B Measurement data: to be collected at SUTU campus with
a 32-TRX BS, a 512-line LIDAR, and 77GHz mmWave radar

LAMBDA paper LAMBDA website )
/U N\T=T7SJTU ﬂ

L. Zhou et al, “LAMBDA: A Low-Altitude Multimodal Base Dataset for UAV Sensing and Communication,” arxiv.org/pdl/2607.03826



https://lambda6g.net/
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Foundation Models for Wireless Air-Interface P

m Wireless FMs: pre-trained on large-scale wireless data to learn universal representations of
wireless propagation that are generalizable and transferable across scenarios and tasks

- e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e ey om e e e e e e e e e e e e e e e e e e e e e e e e e e e e e Em M e e e e e e e e e e e e e e e e e M e e e e e e e e e e e e e e e e e e e e e

Vision of Wireless Foundation Models towards
Al-Native 6G

v' Cross-task transfer and cross-scenario generalization

Fragmentation Issue with Task-
Specific Al for Wireless

« Scenario- and task-specific, with limited

generalization v" Lower maintenance cost

 High maintenance cost .

Pretraining Data a I Downstream Task

gl ;
Modell Model2 =} Wireless Channel Beamforming
e e — %’ RGB Localization and
. Tracking
Spectrum Sensing Indoor Localization Adaptation
perem m Channel
I JJFH odel3 Model4 RaDAR Train Prediction
Es e BN Ma . . Environment
SR P Wireless Air Interface Reconstruction
— —— Foundation
Transceiver Design Channel Estlmatlon """"""

P e e e e e e
e - — — — — = e e e e . o o = = = =
o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

e e e e — — — — — = = = = e e P . . = = = = = =

_____________________________________________________________________________________________________________________________
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Roadmap of Wireless Foundation Models

Route 1: LLM-fined tuned models Route 2: Wireless-native FMs
v Strength: rapidly leverage the SOTA LLMs. v Strength: capture the wireless data physical
0 Fundamental limitation: structure from ground-level design
- Communication-irrelevant redundancy limits O Key challenge:
performance & deployment efficiency - Incorporate communication-domain

knowledge to strengthen cross-scenario/task
ability and reduce pre-training cost

?
A 2024/10 ?2024/12 ? 2025/02 ? 2025/04 ¢ 2025/07 1 2025/08 2026/01 .2026/04
v |LWM1.0 WiFo WirelessGPT | AI6G-MMP | WFM MUSE-FM WirelessJEPA . _
S |AsU PKU Peng Cheng | SJTU SEU THU University of AirfM-DDA
(o) First wireless FM for Lab Contrastive Temporal model Instruction- Calgary SITU .
(24 FM for LoS channel FM for ISAC learning + for channel, tuned multi- JEPA-based DDA-domain FM for
classification & | prediction map context | angle & traffic task FM multi-task EM cross-task
2024 beam prediction for five tasks | prediction adaptation
2024/06 2024/12 2025/03 2025/07 2025/08 2025/09 2026/4
- LLM4CP Multitask-LLM LLM4BeamPre LVMA4CSI AI2MMUM LLM-CF MambaCSP
o |PKU THU SEU HKUST SJTU Seoul National Uni TUM & RWTH
"5 GPT-2 for GPT-2 + LoRA GPT-2-based Zero—shpt chgnnel LLaMA2 LLaVA-based channell Aachen
o Jchannel for multi-task beam adaptation with instruction tuning | compression & Mamba-based
¢  ®prediction ®adaptation ® management ® vision LLMs ® for unified multi- @ feedback ® hardware-efficient
task adaptation /\[\ CSl prediction W

19



AirFM-DDA: Foundation Models in DDA Domain g/

STF-domain CSI are multipath-superimposed and entangled, propagation physics hard
Challenges _ . o . .
to learn; global attention incurs prohibitive computational complexity.

Other Downstream Tasks

Frame-Structure Priors:
------------------------- FS-PE: &
ni = (N, Aty Ny, i, Af) )‘ it ’ | = e
A ! Task 1 Task 2 Task N ¢
A

[
N [
[

1
Antenna e

( i C ( ) Angle

! [ f lay

; Window-Based Window-Based
—> Attention Module —> —G3  Attention Module — —)@
L. _ \ S

RS Latent Y
XLy, enc |Representation XL1 dec

requency

Data
Preprocessing

- Recovellad
STF-CSI Hgys ;

Doppler
Recovered DDA-

AirFM-DDA Encoder EG)E AirFM-DDA Decoder 5@) p domain CSI Hyg. i

Doppler

STF-CSI: HJ,

ol - [ransform CSIl into Delay-Doppler-Angle (DDA) domain to resolve multipaths
L[:FIl ~ Window-based attention reduces complexity from 0(n?) to 0(n) while preserving locally-

correlated multipath structures in DDA domain

AirFM-DDA (Air-Interface Foundation Model in the Delay—Doppler—Angle Domain)
S IN\F=rsJTull |

K. Bian et al., “AirFM-DDA: Air-Interface Foundation Model in the Delay-Doppler-Angle Domain for Al-Native 6G" arXiv:2605.00020y1



AirFM-DDA: Channel Reconstruction Performance g/

Channel Prediction across Channel Estimation across Pretraining setup
user speeds SNR B CSIl data: 2.85M CSI samples on
= AUPM-DDA-Lurge 4 LLMAWM DeepMIMO across 22 cities, 18

=5 —@— AirFM-DDA-Base —— U-Net

w&,_, for training, 4 for testing
o A\‘\‘N : B CSI config: 3.5GHz carrier;

L
S

g g T 71
G 15 g le—u . 4dB single-antenna UE; 8x4 BS
Z ZoIS| ¢——e o o +——*
-— ., L array; two frame structures per
-20 —— AirFM-DDA-Large —A— LLM4WM 20 City, FS'A (360 kHZ SCS) and
—8— AirFM-DDA-Base —4— WiFo-Large B
—#— AirFM-DDA-Small —¥— Transformer FS_B (1 ] 44 MHZ SCS)
0-20 20-40 40-60 60-80 80-100  100-120 5 75 10 12.5 15 17.5 20
Speed Bin (km/h) SNR (dB)
Computing Efficiency: AirFM-DDA vs. WiFo v AirFM-DDA-base achieves 9x
_ : : _ : faster inference and 88% lower
Metric AirFM-DDA  AirFM-DDA  AirFM-DDA | WiFo-Large  WiFo-Large L
-Small -Base -Large @=05 (@=07)  GPU memory than WiFo-Large at
Params (M) 62.62 97.69 140.52 85.88 85.88 similar pa rameter scale
FLOPs (G) 656.96 1020.01 1462.59 1550 2100.19
Infer Latency (ms) 2461 27.83 31.38 253.21 255.12
Peak GPU Mem (GiB) 1.44 1.68 1.95 13.66 14.61 m
/1 \T=7SJTU
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AirFM-DDA: Few-Shot Downstream Task Adaptationgy®™

LoS/NLoS-identification and Beam Prediction (3.5GHz — 28GHz BP)

. Training AirFM AirFM AirFM Raw Task
Task Metric Ratio -DDA-L -DDA-B -DDA-S LLMIWM LWM CSI Spec.” KRN
| 10% 96.39 95.28 94.24 88.30 91.86 84.06 84.76 65.10
LoS F1 Score 25% 96.65 05.82 94.66 91.00 92.18 88.04 89.93 69.84
(%) 50% 97.02 96.23 95.26 92.40 93.24 90.77 91.70 70.80
100% 97.59 97.09 95.52 93.50 94.24 92.25 93.77 75.00
10% 65.95 61.43 57.41 49.62 4475 32.44 35.18 21.08
Bp Top-1 Acc. 25% 70.24 67.00 62.25 55.97 52.16 38.41 45.83 28.81
(%) 50% 76.86 72.68 67.50 60.60 58.04 43.44 51.57 34.66
100% 82.82 79.51 77.16 66.38 64.59 4731 56.84 38.41

“1L, B, and S denote Large, Base, and Small, respectively. The task-specific baseline is ST-CNN for LoS identification and SPMM for BP.
Few-shot adaptation: freeze the pre-trained encoder; train only lightweight task heads with few labeled data

v AirFM-DDA adapts well with few labels, proving that that DDA-domain representation learned
during pre-training captures a deep, transferable understanding of wireless channel physics.

/7 UV \T=T1SJTU ﬂ

K. Bian et al., “AirFM-DDA: Air-Interface Foundation Model in the Delay-Doppler-Angle Domain for Al-Native 6G" arXiv:2605.00020y1




AirFM-DDA: Cross-Dataset Generalization P

Time-domain Channel Prediction in NMSE Time-domain Channel Prediction in NMSE on
on WAIR-D [Huangfu 2022] at 2.6GHz carrier LAMBDA [Zhou 2026] at 3.5GHz carrier with
with different fine-tuning size Zero-Shot

& Model TP (x = 0.5) FP (x = 0.5)
g WiFo-Large -14.46 -8.38
§ AitFM-DDA-Small ~ -18.25 17.92

z § AirFM-DDA-Base _18.70 _18.54

g § AirFM-DDA-Large -19.19 -19.48

g N

) EZZ AirFM-DDA-Large 5 AirFM-DDA-Small EXE WiFo-Large v" With zero-shot, AirFM-DDA-Small achieves
Zero SRt e tnine Data Volume 0% 2.5dB gain on WAIR-D and 3.8dB gain on

LAMBDA over WiFo-Large

/7 UV \T=T1SJTU ﬂ

K. Bian et al., “AirFM-DDA: Air-Interface Foundation Model in the Delay-Doppler-Angle Domain for Al-Native 6G" arXiv:2605.00020y1
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Application scenarios:
resource-constrained, task-oriented, and generative
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Digital Compatibility Challenge in DeepJSCC P

= Key challenge
= Digital incompatibility: direct transmission of continuous semantic features over the air conflicts
with digital protocols & devices
= Optimization barrier: non-differential digital modulation prevents gradient-based learning

Q(x)
" e dQ/dx undefined
SR () I £
- : ‘, P . . . . xj X
A B Discrete operation breaks
gradient flow

= Traditional digitalization methods

= Quantization+modaulation: fail to adapt to varying channel condition
= Codebook-based methods (VQ-VAE): high training cost for large codebook size

Question: How can do we make SemCom systems compatible with digital systems
while preserving the benefits of end-to-end learning? ﬂ
>J U
26
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DeepJSCC

O analog modulation

Joint Source-Channel Decoder

A signal-level JSCC X

> anne > —>

Solution 1: JCM Joint Coding Modulation Encoder : . . ..

O digital modulation . fﬁ { 00 )

Joint Coding Modulation Decoder

> Task

O symbol-level JSCC o.".jg-:o J ;+bj > Channel ’L o 5'e J

Solution 2: BitSemCom  BitSemCom Encoder
O digital modulation
O bit-level JSCC X

Digital
Demodulation

Digital
Modulation

- BitSemCom Decoder

Y 8 y

Task

s

Digital Channel
Demodulation Decoding

Z YN

Conventional be Source Channel
digital system Coding Coding

Digital
Modulation

Channel

Source 2
Decoding

—q |T|

N U
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Gumbel-Softmax Sampling

Semantic © © @ Learnable Coel - ‘ - «#++| Semantic
Extractor © = ® Symbol Oty e Decoder
o Mapper °7) >
~~~~~~~~~~ S
T e e Zz==a 4
|
|
Probabilistic

Generation

pen(ZIXﬁ) Gumbel-Softmax
j Sampling

Learnable symbol mapping

Gumbel noise g

~

constellation
vector

« Probabilistic generation: learn the transition probability of constellation symbols p,, (z|x, )

« Gumbel-Softmax sampling: a reparameterization trick for differential constellation symbol
generation based on p,, (z|x, 0)

= Optimized via end-to-end training for channel adaptation

Y. Bo, etal., “Joint Coding-Modulation for Digital Semantic Communications via Variational Autoencoder,” [IEEE TCOM 2024.

g [0g(") ; one — hot(\)g
Temperature E i
- .
S ackpropagation y.
/U N\T=T7SJTU ﬂ
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Bit-level JSCC.:

BitSemCom

BitSemCom Encocder

Semantic Learnable
Extractor Bit Mapper

Digital | Digital
—>| Modulation . Demodulation

)
BitSemCom
Decoder

Image

Recon Image

p
Zg Probabilistic S
Generation H

Sampling

=]
Gumbel-Softmax I
b

Learnable Bit Mapping

Key remarks

= Learn the probability mapping ps from semantic v Joint source-channel coding at bit level

features z, to bit sequence b

v Seamlessly integrated into existing digital system

= Use Gumbel-Softmax sampling to obtain b from p; by reusing all standard modulation, waveform,

= Optimized jointly with semantic extraction via E2E-
learning by taking channel into account.

and beamforming technique
v Support both soft-/hard-decision demodulator

/7 UV \T=T1SJTU ﬂ

H. Zhang, et al, “BitSemCom: A Bit-Level Semantic C

ommunication Framework with Learnable Probabilistic Mapping,” IEEE Com Letter 2026. 29



JCM Performance with QAM modulation
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Y. Bo, etal., “Joint Coding-Modulation for Digital Semantic Communications via Variational Autoencoder,” /EEE TCOM 2024. 30




k=1/16 (L, =8192, OPSK,AWGN)
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Robust at low SNR
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H. Zhang, et al, “BitSemCom: A Bit-Level Semantic Communication Framework with Learnable Probabilistic Mapping,” IEEE Com Letter 2026. 31



v 256 x 256 RGB image with
single Beidou short
message service (<12Kbits)
with PSNR = 28dB
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Generative Al for Semantic Communications P

Joint Source-Channel-Generation Coding Problem Formulation
2BIEES max 1(X;Y),

0,0
x ncoder NOISY enerator \
4{ Fncod J_L{ Channel ]_Lm_’ s.t. dp(p(X),p(Gg(Y))) <.

B MI preserves source semantic rather than

B The receiver design shifts from deterministic enforce pixel-level matching
reconstruction to controllable stochastic B Perceptual constraints for realistic and high-
generation quality visualization
Deterministic Reconstruction Controllable Stochastic Generation
A A

—_—

1

10 dB 0 dB 5dB 10dB  0dB 5dB

[1] T. Wu, et al, “Joint source-channel-generation coding: From distortion-oriented reconstruction to semantic-consistent gﬁ'/@{ﬁh{{%?@ﬁu m

[2] T. Wu, et al, “JSCGC: Joint Source-Channel-Generation Coding for Wireless Generative Communications,” submitted to /EEE TWC, 2026. 33




Summary and Open Challenges

Reshape 6G through full-stack reinvention: rebuild the channel foundation,

redesign the air interface, and redefine what to transmit

-- GeNeRT, LAMBDA, AirFM-DDA, JCM, BitSemCom, JSCGC

[od
Scaling laws and benchmarks
for wireless FMs

What is the 'ImageNet moment' of
wireless foundation models? We
need shared datasets, unified
benchmarks, and scaling laws
grounded in propagation physics.

A

A theory of semantic and
generative communication

Rate—distortion theory guided 70
years of communication design.
What is its counterpart when the goal
is semantic consistency and content
generation?

Open ecosystems for
standardization

Open datasets (LAMBDA), open
models (AirFM-DDA), and open
interfaces — so that 6G intelligence
is reproducible, comparable, and
deployable.
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SHANGHAI JIAO TONG UNIVERSITY

Thank you
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