g cﬁnw

N ortheastern Umversuy ¢
nstitute for Intelligent (3—:|r-::.,-r|__—) |!yE|3 5 AhTIO-!:Yl S

I\retworkgﬁ} Systems

‘ _ OW- Lat ency Semantic
#_ Communications
?fancesca l‘vhneghé‘llo

Principal Research Scientist
k«fortheastem University, Boston (MA), United States

E-mail:
o Website:
- ;,#f"‘? | Research Group Website:

SIS
R
LA W\“

KTH Royal Institute of Technology — Stockholm, Sweden — June 5, 2026


mailto:frestuc@northastern.edu
mailto:fr.meneghello@northastern.edu
mailto:frestuc@northastern.edu
https://francescamen.github.io/
http://mentis.info/

Francesca .Meneghello

* Principal Research Scientist at the Institute for the Institute for ‘\ ‘ Northeastern University
) . . Institute for Intelligent
Intelligent Networked Systems, Northeastern University, USA Networked Systems

* PhD in Telecommunications Engineering 2022 from the Department

of Information Engineering, University of Padova, Italy

* Fulbright-Schuman Scholar, Northeastern University, USA 2023

@,'5:'...1-

2



MENTIS Laboratory

- Research Group
* |2 PhD students, | Research Scientist
* Mainly funded by NSF and DoW

* Research Focus
* Cyber-physical Al-driven systems
+ networking, learning
* ... and their hardware interfaces
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ultiplexing
. Ongoing and future work
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Semantic Commmunications

—O-=3-0—

Weaver's three levels of communication

Level A — Technical
How accurately are bits  How precisely is meaning How effectively does meaning
transmitted? conveyed!? affect behavior?

—

Traditional
Comms

Warren Weaver, “Recent Contributions to the Mathematical Theory of Communication,” in Claude E. Shannon and Warren
Weaver, The Mathematical Theory of Communication, University of lllinois Press, 1949.

Nguyen, Loc X,, et al. “A contemporary survey on semantic communications: Theory of mind, generatlve ai, and deeE |omt ’
source-channel coding,” IEEE Communications Surveys & Tutorials, 2025. -

Cabrera, Juan A, et al. “6G and the Post-Shannon Theory,” Shaping Future 6G Networks: Needs, Impacts, and Technologies, V
Chaccour, Christina, et al. “Less data, more knowledge: Building next-generation semantic communication networks,” IEEE Commu ions Surveys & Tutorials, 2024.



Autonomous system scenario:
A camera-equipped roadside unit needs
to warn a self-driving car of a
pedestrian about to step into the road

Traditional
communications

Semantic
communications

J Transmits the full video frame e Transmits the relevant info only
§* ~100 Mb/s S — e reduce data/control info

* high latency | = redundancy ~0.1 Mb/s
* not good for time- crltlcal apps N . e =4 ° preserve task accuracy \
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Local Computing Full Edge Offloading
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Split the ng?putation and mmit Semantics
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Total inference time

Mobile execution time
Edge execution time

Communication latency
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PhyDNN
Waveform

Tail Task output
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Challenge:
Need to learn channel coding on top of the main task
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PhyDNNs Prebabilistic System:Model

|. Take a pre-trained arbitrary DNN
2. Divide it into head and tail DNNs based on mobile/edge processing power

3. Add embedding layers (stochastic) as trainable layers I:> Extract@tentslmbolsj Z

4. Add the modulation block as non-trainable layers I::> Convert to waveform

5. Add the wireless channel model as a non-trainable Iayer|:> Increase robustness

p(z|x) p(Z]z) ~ pj{ylﬁ)
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AN

ion Formulation™ "%

The latent symbols | Z | should carry only task-specific information

Maximally predictive about output Y Maximally compressive about input X

A ’
Lis =(1(Z;Y) + 8 -[[(X; 2)

= Ep(e.){ Epalo) [~ 10g p(12)]
—— —

Task Performance

+8- Dir(p:ln)llp(z) - H(Y),
N— —
@ommunication Efﬁciencﬂ

N. Tishby, F. C. Pereira, and W. Bialek, “The information bottleneck method,” arXiv preprint physics/0004057, 2000. 15
N. Tishby and N. Zaslavsky, "Deep Learning and the Information Bottleneck Principle”, IEEE Information Theory Workshop (ITW) 2015.




Experimental Setup

‘ Mobile Device Edge Server 2\ AT | (5
‘ Jetson Orin Nano Intel Xeon CPU S e a&l..':‘{“
RTX 8000 GPU canmeto Y
get the code! -333{' oy
] P
mllln//u/l////////////////////// . .
Tx Frontend Wireless Channel Rx Frontend
USRP B210 USRP B210
\
Tx
- Task: Image classification iy

- Datasets: CIFAR-I10/CIFAR-100

- DNN architectures: ResNet20,
ResNet56, and ResNetl 10
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Baselines:
« SC: split computing [1] uses the first ResNet block as head

« BF: BottleFit [2] reduces width of the last conv in the first ResNet block

of 1-2 kernels

Results (average across different DNNs):

* Reduces by 2.3x latency than BF

* Reduces by 17X communication latency than BF (17x smaller payload)
* Reduces by 70% energy consumption

* Reduces by 92% communication energy consumption

ResNet-20 | ResNet-56 | ResNet-110
LOS 7823 % | 82.34 % 34.85 %
PhyDNNs —_T0s | 7464 % | 7851 % 80.74 %
Full stack | Baseline | 87.52% 90.6% 92.26%

[I1Y. Kang, et al., “Neurosurgeon: Collaborative Intelligence Between the Cloud and Mobile Edge,” ACM SIGARCH Computer Architecture News, 2017

[2] Y. Matsubara, et al., “BottleFit: Learning Compressed Representations in Deep Neural Networks for Effective and Efficient Split Computing,”
in Proc. of IEEE WoWMoM, 2022.
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|

Comparisgnﬁvith SOTADT=JSCC

o
DT-JSCC PhyDNNS 200 — 0 Mobile Device [ Comm. 1500’%
g9 b ]
#Params 436 M 475 K 8@ B Edge Server 1000§
(Head) fe 2100 T s
#FLOPs 4=l 500 <
: 291.65M 3= >
(Head) [Mac] | O184M | 291.65 £2 - _ B
Accuracy [%] | 82.22 80.43 0" C < < s S8
N N
< o
« Encoder is 100x larger than PhyDNNs « DT-JSCC increases the latency by ~7X
«  FLOPS are 2x greater than PhyDNNs « DT-JSCC consumes ~8X more energy

*  Only 1.79% loss in accuracy

[DT-JSCC] S. Xie, S. Ma, M. Ding, Y. Shi, M. Tang, and Y. Wu, “Robust Information Bottleneck for Task-Oriented Communication with Digital Modulation,”
IEEE JSAC 2023 18



Semantic Multiplexing

Mohammad Abdi, Francesca Meneghello

and Fra/g%j esco Restuccia
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Objective: Transmit multiple semantic streams independently of the number of antennas

Semantic Multiplexing Transmitter Semantic Multiplexing Receiver
N\ | 7~ Unbind
Semantic U | Princess
o = Signal g s —’—>>"> cake
00 o) =-
é = % Jis o éU -
7 . J57 + o U Cardamom
A 2 3 & 1 § g > @_»}_> bun
E&|] |8 2| |3 5
2, o 0 o | Ci
o o _>_> _, Cinnamon
@ é } bun
Task / N Task
Inputs Outputs
Binding key :>Disjoint processing
21

[I] Tony A Plate, “Holographic Reduced Representations,” IEEE Transactions on Neural networks, 1995.



(
! P(ﬂx) p(z|t,s)

X | 7 \‘ — S Channel Frequency
TaskIn | ! 3 4 Mod. : Response (CFR)
Task In2 | | Binding t % . H Sample 121

PilotIn 1 [p q: 2
PR 1| Processing | > £ 2 CN(G ) M=
TaskIn3 | /S : !
O 4--}F -

: | S
Wireless - H h | . 4 I Task Out |
Channel | = i | ColE Z L § Unbinding | | ™ out 2
| nf N =~ |4i|:|. 7y > 9 > + , T G
—_ = — = I =l l 0 Processing | ! ot Sut
_ ! | Demod. ! - \ | Task Out 3
| J Non-trainable : | : v v J, : A
e I ) . Yy
Trainable I ~; p(y|z’ 3) I

N o o o e e e e e e e e e e e e e o e e o o e e = — J 22



Dynamic AdéEtation of,.fS/éﬁ“@ﬁc Multiplexing

Two types of pilots:
« Communication Pilots — as in standard transmissions, used to estimate the channel response

* Task-Oriented Pilots — transmitted in one of the computing channels and used to adapt the SSM TX and

RX blocks
___________ e —mm o
Standard Pilot : — \1 . — : Known Bits
110101 — » L. O —» 110101
—I—< I |
: Mod. : ;! O: Demod : Known Result
|
Sem%?ltc;% ‘&1 > A O O ( _——» Princess cake
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Experimental Evaluation

L ol !
TESthd. & [,.fr!f/"”.'”'”” . ‘ >
* Ful IY'd|glta| SD R built from two Mobile Device Tx Frontend "Im""llum””‘”””HWIH Rx Frontend Edge Server
Zynq UltraScale+ System-on-Chip Jetson Orin mmVVave Wireless  mmwave Intel Xeon

Channel
with Pi-Radio front-ends Nano MIMO SDR MIMO SDR  NVIDIAAIOO

« 57-64 GHz band (mmWave)
« 8%8 multiplexing

* | GHz bandwidth




Image Classification, 4 comms channels

* WideResNet DNNs (WRN): 28-10, 16-8, 10-4 [1]

* CIFAR-10, CIFAR-100

96

Accuracy (%)
\O
=

80

~
)

[oN)
(@]

Accuracy (%)

a1
e}

Number of Tasks

Results:

* WRN-28-10 CIFAR-10: 93.09% 8-task accuracy, only
4% less than 2-task accuracy while reducing latency by 4Xx

CIFAR-10 | MNet BF-9 BF-3 MCR2 PhyDNN SM
WRN-28-10 I\%If’gs 94.74 % 96.88 % 96.42 % 22%; §§§§Z 33;;‘22;5
WRN-16-8 1\%1?55 93.86 % 95.96 % 95.44% oy or © 102 % 500 %
WRN-10-4 I\%ﬁgs 87.71 % 9138 % 90.13 % gg:igg‘j gg:giz §§§ZZ

CIFAR-100 | MNet BF-9 BF-3 MCR2 PhyDNN SM
WRN-28-10 \*° 17920 % 8132 % 80.63% 1100 v 15157 78877
WRN-16-8 1\%1?55 7684% 7758 % 71129 (o0 % 218 % D503 %
WRN-10-4 1 |6623% 69.08% 67.38% oo o S137 €358 7%

[1] Sergey Zagoruyko and Nikos Komodakis, “Wide Residual Networks,” in

British Machine Vision Conference 2016.



Latency and‘Energy Consu@’mn

Setup:
- Mobile Device Comm. P

B Edge Server - - B Mobile Device B Comm. )« |mage classification, WRN-28-10
/g %\ * 8 communication channels and 4
=200 = ’
>, 0 — multiplexed tasks
|5 =¥ Baselines:
S 5 - MNet/ms: MIMO-DNNs [I] +
0= split computing [2]
SN AR QY - BF/ss: [3
K K FTF Bl coiingroscod
é\ %\ %\ Q * MCR2/sm: precoding/postcoding
Avoroaches LoS NLoS ] similar to MIMO comms [4]
PP Approaches - PhyDNN/
Results: V4 SS

* Reduces latency by ~4x over MNet, BF-9/ss, BF-3/ss, PhyDNN, and 8x over MCR2 (average across models)

* Reduces computation energy by ~34X compared to task-oriented SemCom approaches with WRN-28-10, and

reduces comms energy consumption by ~187x over full-stack methods on average with WRN-10-4

[1] Yiping Kang, et al., “Neurosurgeon: Collaborative Intelligence Between the Cloud and Mobile Edge,” ACM SIGARCH Computer Architecture News 45, 2017.

[2] Nicolas Menet, et al., “MIMONets: Multiple-Input-Multiple-Output Neural Networks Exploiting Computation in Superposition”. Advances in Neural Inf. Proc. Systems,” 2023.
[3] Y. Matsubara, et al., “BottleFit: Learning Compressed Representations in Deep Neural Networks for Effective and Efficient Split Computing,” in Proc. of IEEE WoVWMoM, 2022.
[4]Chang Cai, et al., “Multi-Device Task-Oriented Communication via Maximal Coding Rate Reduction,” IEEE Transactions on Wireless Communications, 2024.

[5] Chang Cai, et al., “End-to-End Learning for Task-Oriented Semantic Communications Over MIMO Channels: An Information-Theoretic Framework,” IEEE Journal on 20
Selected Areas in Communications, 2025.
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Inference-time Adaptation =

* Dynamic channel: positions of the transmitter and receiver changed every 100 inference steps

«  Comparison with the SOTA MCR?2 approach

— MCR2 =--- SM --- SM/No-Pilots
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[MCR2] Chang Cai, et al., “Multi-Device Task-Oriented Communication via Maximal Coding Rate Reduction,” IEEE Trans. on Wireless Communications, 2024. 27






Semantic communications

3 key research
questions

monitor
data reliability!?
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TradltlonaLfV’é Semantic' Communications

complex modulated symbols

Input e OFDM Output

X : symbols RF signals
data bits ! OUREALID dn i o ympols - \ iy data
l( _________________________________ P ! Z - (Z; | 1|OFDM sym. " L >z S /
Ngpsobits | Z [Nspsym| | © Nersym.| & | | & 1|OFDM sym.| > © > O oy
| s © [NVepsc bits S [Nspsym e INsrsym, g & = (Z; ZI (Z) ZJ Jg
bltS CODING < E 2 o = —> g o &= 1J0FDM Sym, ; B s [0 @ J < ——
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scC 3 : E z 21.13]. 18 i 2 =
FOR FEC = % : 2 : : Z | 20" 0 % . g . 8
Sec. II-B N A |Nppgebits | © [Nspsym. S INsrsym. | ~ = . E E - 8 : %
TSP BN | [BEL TSP
: Sec. II-B i
| Sec. :
| 1I-D
NET o > j NET
C Nss spatial streams Nrx transmit chains C
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Semantic communications

3 key research
questions

PR 3) How to limit energy [B
consumption?

2) How to monitor

data reliability!?

PhyDNNs Neuromorphic

Semantic Multiplexing ’ B computing

Imprecise probability



Artificial Neuron Spiking Neuron
Neuron
Sample
N(,uz t, 03 t)
yz t

https://snntorch.readthedocs.io/en/latest/tutorials/tutorial_2.html



Semantic communications

3 key research
questions

' 3) How to limit energy ;f{ff
consumption?

2) How to monitor
data reliability!?

PhyDNNs el A Neuromorphic
Semantic Multiplexing * computing

Reliable and efficient network intelligence ﬁf 6
i’



Northeastern University
Institute for Intelligent
Networked Systems

Thank you!

Francesca Meneghello
Principal Research Scientist
Northeastern University, Boston (MA), United States
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