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Models do not generalize/adapt

Avoid the need for so many very specific models
per task

Models need lots of data that is labeled
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IQFM — A Wireless Foundational Model
for I/Q Streams in AlI-Native 6G
‘Omar Mashaal and Hatem Abou-Zeid

WAVES LAB. Deparument of Elecrial and Softae Enginering. Usiverity of Calary, Calgary, Cansda
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Abstraci—Foundational models have shown remsarkable po-
and co

tential I natural la mputer viskan,
yet remain in thelr Infancy in wircless communications. Whike
based modalities such as

 few efforts have explored
state information (CSI) and frequency spectragrams,
on raw

Iangely umexplored. This paper presents, IQFM, the firt 1Q
signal foundational model for wireless communications. 1QFM

wsing
590 umphsper cas s bl partsmts st i LoBA,

the same fran achieves 9415% en beam prediction
o TSI mpert, 900% RMLINlG mutuuon
classification (vs. 49.30% ), and 96.05% on RF ngerpriting (vs.

nuixmmdmnkmmnﬂdnul%w
learning in Al-astive 6G systems.

th proiing pfranceof mpeodcd O spyrches. O
on large-scale labeled datasets presents limitaions.
in e of srlabiiy, doniin geaeaizan, s pracice
deployment. In particular, the acquisition of labeled data is
often costly and infeasible in dynamic wireless
16) The cophaizes the need for more cficien euning
reduce reliance on manial anotations

Self-supervised learning (SSL) has emerged s a promis
ing aktenative for wireless communication tasks by enabling
models o leam from unisbeled data. SSL. climinates the need
for large annotsted datasets and has shown success in specific
wireless applications such as modulation classification (9}
(11). beam managemen (12), and emities identication (13}
However, existing work is typicaly limited to single-task sce-
narios, with models tailored 10 specific downstream objectives
As 2 tesul, current SSL appeoaches in raw 1Q data modality
do not fully explot the potential for unified. geoeral
represeotation learning. a property that makes SSL a natural
foundation for building foundational models

Foundational models (FMs) refer o large, pre-rined mod.
els that learn generalizable representations from diverse, un
labeled data and can be adapied 10 a wide rnge of down-

coving (15, wd w ingomin 1 g it i wireless

learning,
Poumbatonas modl, Do Jareing I phars and. gesieebers
signals, Machine learning, MIMO, Modulation classification,

However, mast existing wireless FMs rely
on preprocessed features such as Chanast S Information

Angle
Wireless communication

I INTRODUCTION
IRELESS commanication systems are increasingly
adopting machine learning (ML) methods to improve

key tasks such as modulsion classification (1), channel es-

timation (2] and Angle-of-Aival (AoA) prediction (3], (4],

These data-driven methods improve signal classification under

low signal-to-noise ratio (SNR) conditions and eshance local-

ization accuracy. thereby facilitating more efficient spectruan
wilization and interference management in applications like
cogaitive radio and adaptive beamforming (5). As wireless
networks evolve toward sixth-generation (6) architectures,
which are envisioned as Al-native systems (6). (7). doep
learning (DL) models are expected to play 2 cenizal rol in en-
abling intelligent spectrum allocation, real-time adsplation to
channel dynamics, and autonomaus decisian-making, Despite

(CS1) or spect (16}-{18], which may discard important
Tow-level u‘nd information and add processing overhead. In
contrast, this woek presents, 1 the best of our knowledge,

the first foundational model ained directly on aw 1Q data
By avoiding handcrafied features, our approach enables mare
expressive, task-agnostic representations and supports muli-
task keaming across diverse wireless tasks such as RF fin-
gerprinting, beam prediction, modulation classification, and
angle-of-arival prediction, facilitating low, latency inference
in Al-native 6G systems.
To address this, we introduce an SSL framework designed
specifically for unprocessed multi-chanacl MIMO 1Q data.
ork. supprts efficient mult-task learning across
diverse wireless tasks by peeserving the unigue signal charac-
teristics necessary for each task. The key contribations of this
work are summarized as follows:
o We present, fo the best of our knawledge, the finst
foundational model for wireless commanication signals
that oerates directly on raw IQ data, The model supports
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WAVES FM

The F'Foundation Model for Sensing, Localization and Communications

Human Activity Sensing

WavesFM
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6G WavesFM:
A Foundation Model for Sensing,
Communication, and Localization

AHMED ABOULFOTOUH, ELSAYED MOHAMMED, AND HATEM ABOU-ZEID
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ABSTRACT In the past decade, breakthroughs in deep learning (DL} have sparked interest in Al-native
6G networks. While exiensive research has focused on developing DL models for wireless network
functions, most cfforts have focused on highly specialized models that have limited sbility to perform
effectively in real-world scenarios and generalize to out-of-distribution data. Furthermore, they have very
limited ability to perform multiple tasks. The notion of Wireless Foundation Models (WFM) has recently
‘emerged a5 a promising solution to-this challenge. This paper introduces WavesFM, a novel WFM, capable
of supporting communication, sensing, and localization tasks. The model processes image-like wireless
modalties, such as spectrograms and channel state information (CSD. and in-phase and guadsatuse (1Q)
signals aranged a5 orthogonal frequency-division multiplexing (OFDM) resource grids. We demonstrate
the strong WavesFM A [z

Fifth Generarion New Radio (5G NR) positioning: multiple-input multiple-output OFDM (MIMO-OFDM)
channel estimation; human sctivity sensing; and radio-frequency (RF) signal elassifieation. Compared o
supervised baselines trained individually, our approach achieves superior performance while sharing 80%
of its parameters across tasks. Furthermore, we show that pretraining on domain-Televant data not only
‘boests performence but also sccclerates convergence, reduciag training Gme by up to 5x. Additionally, we
incorporate Low-Rank Adaptation (LoRA) fine-tuning, which eagbles full parameter sharing across tasks,
significantly reducing memory overhead without compromising performance. These resuls demonstzate
that our unified WFM can suppost diverse tasks and deliver significant gains in both performance and
efficiency, highlighting the transformative potential of WEMS to drive Al-native paradigms in future
sixth-generation (66) networks.

5G NR Positioning

INDEX TERMS 6G, Foundation Models, Sensing, Localization, MIMO Chennel Estimation

Spe

L INTRODUCTION
Recent advances in artificial intelligence (AI), particularly
decp learming (DL}, are prompting further research inio how
these advances can impact the development of 6G technolo-
gics. I is envisioned that Al will permeste cvery aspect
of wireless networks, from design and deployment o op-
exation, supporting = varicty of nefwork functions, cnabling
new services, and adupting dynamically 10 the environment.
Enhanced adaptability and programmability theough AT will
also fucilitate sutonomous neswork management, allowing
metworks to operate with limited human inteevention (1]

DL has shown great potential when applied 10 individual
witeless tasks. including automatic modulation classification
[2], [3). channel estimation [4], constellation and waveform
design (5], among others, most of which rely on supervised
leamning (SL). Early success of DL came from SL, which
imvolves collesting & labeled dataset for 4 specific task, that
s used to train and evaluate the model. However, SL has
several drawbacks. Not every task has a labeled dataset,
and labeling is costly and time-consuming. Moreaver, the
resulting models are dedicated for one task. In practical wire-
ess systems with resource and latency constraints. deploying
2 single model for cach task consiituies a huge overhead.

o

https://ieeexplore.ieee.orqg/iel8/8782

661/10829557/1113114pdf
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Tiny Federated Wireless Foundation Models
2 ANBf S3aa C2dzyRIGA2Y a2RSta Ol
way

?,iﬁ Frozen weights

Different task heads

Pre-trained WFM
(ViT Autoencoder)

Tiny Federated Wireless Foundation Models for
Resource Constrained Devices

Mohammad Hallag*, Fazal Muhammad Ali Khan*!, Ahmed Aboulfotouh®, Syed Ali Hassan!, Senior
Member; IEEE, Kapal Dev', Senior Member, [EEE Mohammad Tabrez. Quasim®, Senior Member, IEEE, and

Hatem Abou-Zeid®, Membery, 1EEE,

Absiract—Deploying large-scale foundation models (FMs) in
challenges due

v rves the integrity of speetrogram re-
construction, while federated fine-tuning supports decentrlized
sy s e i Meecgratemt s Ao,
Experim on buman activity sewing and radio

o oeibenio e o

Speciically, the pruned ViT-hased WFMs a

Loy e

capabilities are powered by three key technologies: artificia
intelligence (A), edge computing. and robust cybersecurity
together supporting cost-fficient, secure, and highly auto-
mated production (1), However, TIoT edge devices must oper-
ate unde srict memory. energy, and latency constraints, which
in turn limit the size and complexity of the AL models that can
feasibly run at the network edge

Recent progeess in wireless foundation medels (WFMs),
which can perform multiple communication and sensing tasks
simultaneously, offers  promising Solution for mesting the
strict performance requirements of TloT. Trained on large vol-
umes of unlabeled radio spectra, WFMs learn representations
that transfer across communication, localization, nd sensing
wasks. @), (3). This multi-task capacity is highly atactive
for typical TT workloads: a single edge node can clas-
sify anodulations to maintaia ink reliabilty, estimate device
position for mobile-robot coordination, and monitor channel
pesturbitions for anosaly detection, without maintaining sep-

Decoder

Customized structurally-pruned
ViT encoder based on task
complexity and client resource
constraints

Federated Fine-tuning

Server with a version of the tiny

model

(Pruned ViT encoder + Task

Clients with a copy of
the tiny model and a

local dataset

Servers performing

Federated Fine-tuning

Clients performing
Federated Fine-tuning

mutiplyoccumute operatons (MAC) reduction, 85% lower L0100 o i models. WEMS.also extibit siong.“out- Pruning ViT D Head)
eatead i il mlainog b ok securas: O metiod 91 istibotion” gcocralizaton dus o i broad sining (4] p——
iog By xploing ambient radio emisions for sensing. WM can encoder S
priming ratios and aa heterogenety eves, H i *Loweding ; -
educing commueication ovurad, makin i gy ot Sepanbte st iy ot st using pre- : E———
However, the practical adoption of WFMs at the network P ii _—— " ),
Indes Torms—Fedseatd Toundaton, maodels, wielss Toun  cdge tamuine Tnited by thet sele, a foundation models training — - Client’s local dataset
dation models, structured pruning, sision transformers, medel  (EMs) with huadreds of millions or evea billions of parameters dataset L T——
Py e " impose significant challenges. These models require substan- =~
tial memory capacity, intensive computational resources, and.

L INTRODUCTION
The Industrial Intemet of Things (10T integrates networks
of sensors, robots, and controllers that ensble real-time mon-
itoring, predictive maintensnce, and data~driven optimization
of industrial processes. Within the Industry 4.0 vision, these
g aubor. Fusl Mobammad Al Khun (et
an ph{Aece @ seces e pk)
Depanment_of Hleciical and Sofoware Engivering, University
of Cilgay, Conoda (emall (mobammad bals,  sbmed cboulfoout,
hatemabouzed} ucal gy )

puter Science (SEE

Comy Natonsl
University of Scicnces & Technology (NUST), Ilsmabad, Pukian. (sl

, South Ataca

SDepment of Compuler Seience and Aifisl Intlligence, College of
Comptng and Infomin ey, Unenty o B, PO Bos 551
Bish, Sa Arabia. (il Gbreagutn gmai

high energy consumption, constraints that exceed the capa-
bilites of typical TIoT edge nodes, which are often resource-
constrained and designed for low-power, real-time operation.
uthermore, in decentralized T environments where data
is generated and processed across a distributed network of
device, deployment mu alo addess stingent requirements
data pri urity, and compliance with regulatory

To address these challenges und enable the practical de-
ployment of WFMs in constrained edge environments, we
propose a structured bloek-wise pruning strategy s compress
the vision transformer (ViT)-based WFM introduced in [2].
After peusing, we fine-tuse the comspressed model using
federated learning (FL), a decentralized training approach
that keeps raw data on local devices, thereby preserving user
privacy and reducing communication overhead. Our meth

designed with two main objectives: () 1o reduce the size and
complexity of the ViT-based WEM for cflicient execution on

https://ieeexplore.ieee.org/abstract/docu

ment/11087489

Hatem AbouZeid¢ WAVES LAB

Pre-training dataset



https://ieeexplore.ieee.org/abstract/document/11087489/
https://ieeexplore.ieee.org/abstract/document/11087489/
https://ieeexplore.ieee.org/abstract/document/11087489/
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Self-supervised Radio Representation Learning:
Can we Learn Multiple Tasks?

Ogechukwu Kanut, Ashkan Eshaghbeigi®. and Hatem Abou-Zeid!

#Department of Electrical and Software Engineering, University of Calga

., Canada

“Quherent Inc.. Toronto, Ontario, Canada

Abrossi—Artisl Insitigence (AT ks sntiiputod to play &
pivotal role in 6G. However, a key challenge in
e soutions 5. the exienci: data coection and Inheiing
efforts required to train supervised deep learning models. To
learning (SSL)

cently demonstrated remarkable success across various domains
by leveraging arge volumes of uniabeied data o achiers near-
pe dve

world dataset. We assess the generalizability of these learned rep-
resentations across two wireless communications tasks: angle of

expected that Al will further redefine wireless communication
in 6G, transitioning networks from mere connectivity enablers
to intelligent ecosystems.

However, conventional Al-driven models, predominantly
based on supervised learning, have demonstrated limited scal-
mm, and adapiability in high stakes applications where

hammesses large volumes of unlabelled data and thus reduces
the dependency on manual annotations. It has enabled founda-
tion models across domains, empowering Al models o leam

timation and

(AMO). Our results show that carefully designed

and diverse data enable contrastive Jearning to produce high-
quality, invariant latent representations. These representations
are effective even with frozen encoder weights, and fine-tuning
further enhances performance, surpassing supervised baselines.
To the hest of our knowledge, this is the first Work to propose
1 deronerat the aTacieases of il guparvsed baming for
radio sigoal across multple tisks, Our findings highlght t
potential of Faing to ranateres AL foe wireless
Eommunications by redhcing dependence on abled data and
improing model scneralization — paving the way for scalable
Jourdatisial 6 A1 modes

Sl aaporrised lnmlng, 66, foundational mod-
as i intelligence, direction of arrival, contrastive learning.

1. INTRODUCTION

Following the widespread deployment and success of the

higher data rates, ultra-reliable and wbiquitous connectivity
demands in wireless communication systems. In parallel. AT

m . particularly
ssing (NLP), vision,

Several of these Al advances have no doubt found their way
o wirles, sommumicaion nefworks, In (e 3G e, AL has

ied to man network
optimization, waftic prediction, ol drecion slﬂmf\camly
enhancing network performance and user experience (1. It is

T e i pportd y Al Iencie, MITACS sl
Quhereat Inc. Th suthors also thank Denve Datsworks, Calgary, Canada, for
their high-performance compute.

meaningful without explicit labels - which
enhance: and robustness. Foun-
dation models in vi self-supervised leaming

techniques without need for labels and addressed tasks. like
segmentation, classification and object detection in zero-shot
or few-shot learning contexts [2]. In multimodal leaming,
(cchmqucs like CLIP and SAM illustrate the versatility of

foundation models th across

various tasks without retraining [3].
Given the sbundance of unlsbelied radio dta, adopting
d leaming in wireless is well
motivated and requires further research. Some recent studies
have explored its application in various wireless localization
and sensing tasks [4]-[B], channel estimation [9] . an
fingerprinting [T0]. However, the primary focus of prior work
in wircless communications has been on a single task. In
this paper, we ask the question of whether SSL can be u
effectively for multiple tasks in the wireless context. We draw
inspiration from the recent advances in representation learning
m other domains and propose the usage of momentum
contrast for generic radio representation leaming. Our goal
is twofold: 1) to devise a robust scheme of SSL using
momentum contrast to leamn radio representations with radio-
specific augmentations. and 2) to assess the transferability of
the leamed representations across multiple wireless
alworld datasets. The following are the contribations of this
aper:
« To the best of cur knowledge. this work is the first

EE

s
tasks: angle of arrival (A0A) estimation and automatic
modulation classification (AMC) on a real-world dataset.

Hatem AbouZeid¢
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(a) Self-supervised pretraining with MoCo framework.

A The1st self supervised learning framewattx demonstrate multitask
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learning of 1Q signals.

A The first to demonstrat@oAas a task that can be learnedin a
supervised way
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2 Components: The Foundation Model and Task Head® CALEARY

Generic

\ Features
f Signal
Classification
Ucdlg-mem» -[9]........ - - _ Spectrum
cess Forecasting
Wireless Signal
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: Task
The Foundation Model Head
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Input Feature extraction Classification Output

(Goeing back to) Feature Extraction then Classification
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2 Components: The Foundation Model and Task Head¥ “A-eARY

Generic
Features
f \ ] Signal
] Classification
]
UCH)UM» S ....... - 0 _, Spectrum
eess = Forecasting
Wireless Signal ||
Modalities \ J ]
. Task
The Foundation Model Head

Key to achieving thesgeneric featuress self
supervised learninthat usesunlableddata
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Building Wireless Foundation Models (WFMSs)

Generic

( \ Features
% =RLERI0 s —p —p
cess
Wireless Signal
Modalities \ /

The Foundation Model

1. Model Pretraining

A Define data modalities of the WFM (IQ streams, spectrogramsetcSI,
A Collect datasets of those modalities (can be unlabeled)

A Define the foundation model architecture (transformer, CNN enccetey,

A Design arBSL approado pretrain the model (masked autencoders,
contrastive learningtc)

Hatem AbouZeid¢ WAVES LAB
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Building Wireless Foundation Models

@ "
vcd)g-mem» ~I9]........ - 0 _
cess
Wireless Signal I I I I
Modalities
\ >

2. Model Finetuning
A Define downstream taske® (g.AoA modulation classification) and collect labeled datasets
At KS FT2dzyRFUA2Y Y2RSt Qa 2dzi LJzi FSI GdzNB A
A A simple MLP is appended for each task and trained (ideally with a few samples only)

Task
Head

This is a key benefiA simple neural network is trained with only a few labeled task.dj
samples (per task)

Hatem AbouZeid¢ WAVES LAB
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Building Wireless Foundation Models

@ "
Ucd)q-mem» ... - 0 _
cess
Wireless Signal I I I I
Modalities
\ >

2. Model Finetuning
A Define downstream taske® (g.AoA modulation classification) and collect labeled datasets
At KS FT2dzyRFUA2Y Y2RSt Qa 2dzi LJzi FSI GdzNB A
A A simple MLP is appended for each task and trained (ideally with a few samples only)
A The foundation model itself can also be adapted/fitneed when needed

Task
Head

Done! One model, multiple taskdBy swapping task heads we can use the
same model for different applications!

Hatem AbouZeid¢ WAVES LAB
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Autoencodersc Preliminaries

ALearn to compress and reconstruct data
AEncoder maps input ta lower dimension feature space
ADecoder reconstructs original input

Reconstructed

S e Ideally they are identical. ------------------ - input

x ~ x'

Encoder Decoder ;
= "l 9¢ fo 1

An compressed low dimensional
representation of the input.

lllustration of the Autoencoder architecture. SourfeA € A | ¥légS y 3 Q&
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MaskedAutoencoders for Selsupervised LearningeAEary

APredicting masked portions of inpus a common pretext task in SSL

[] _

[] ]
. =
e O u
yi o O
’ . . . He, Kaiming, et al. "Masked autoencoders are scalable

‘ _ [ vision learners." Proceedings of the IEEE/CVF
m encoder —> = decoder = > l ggr;fzerence on computer vision and pattern recognition.
N S HEEEE 7
£ n N
target

= — —
R O

[ ] []

[] _]

Here the encoder needs to learn a representation that also allows the
decoder to reconstruct the missing masked patches

Hatem AbouZeid¢ WAVES LAB
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Another SSL example for language models:

you has the highest probability you,they, your..

Output [CLS] how are doing today [SEP]

N O

BERT masked language model

N R R A A

Input [CLS] |  how | are MASK] | doing | today | [SEP)

Hatem AbouZeid¢ WAVES LAB
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AAfter pretraining, the decoder is discarded
AThe FM is the encoder

He, Kaiming, et al. "Masked autoencoders are scalable
vision learners." Proceedings of the IEEE/CVF

conference on computer vision and pattern recognition.
2022.

encoder
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=
v
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-
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Pretraining Dataset 1: RF Spectrograms (RFS)

AThisdatasetconsistsof spectrogram®f variousRFsignalscapturedover-the-air.
A Datawascollectedin Downtown, Toronto, for a rangeof signaltypes

Alt resultedin excellentperformanceon all the 4 previoustasks

A Additionaldatasetswere includedto further improvethe performance

—
a7

c gi!
..D

Frequency Bin

Time Time
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Pretraining Dataset 2WiFrCSI

AThisdatasetconsistsof CSImeasurementscapturedusingtwo WiFirouters,
one asa transmitter (operatingin 80211n APmodeat 5 GHzwith a 40 MHz
bandwidth)andathree-antennareceiver

Alt is collected for tasks such like human authentication and intruder
detection It is closestdomainwiseto humanactivity sensing

A Experimentsvere conductedin two indoor environments a lab testingarea,
andan office cubicle

il | JilWl , iy

I A

|| 1|[-|'

I LA

W

il
| |"

Subcarrier Index
Subcarrier Index
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Pretraining Dataset 3. 5&S|

AThis dataset comprises CSI measurements collected with commereitagoff
shelf 5G equipment.

AThe setup includes a baseband unit and a{cheinnel picocell SUBGHz
remote radio unit that together form a base station, as well as a user terminal
(UT) mounted on an autonomous vehicle.

Alt is collected for localization and closest domuaiise to 5G NR Positioning.

Subcarrier Index
Subcarrier Index

Time Time
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Masked Wireless Modeling & CALEARY

A¢KS aLISOONRIAIN)IY AA
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version.
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20 2 GAQOS Aa (2 NBO:z

A During this process, the goal of tMéTencoder is to learn good representations of the
wireless signals that enable reconstruction
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UsingWavesFMor New Tasks

Hatem AbouZeid¢ WAVES LAB
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Taskl: WiFIHuman Activity Sensing

A The dataset contains channel state information (CSI) measurements for six human
activities: running, walking, falling, boxing, arm circling, and floor cleaning.

A Participants performs these activities between a pair officcess points, and CSl is
measured for each activity.

~ box circle clean

e ™" P T TyT———————

fall run walk

I

Data Collection Sample from the dataset

Yang,Jianfej et al. 'EfficientFi Toward largescale lightweightViFisensing via CSI compression." IEEE
Internet of Things Journal 9.15 (2022): 1308695.
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Task2: RF Signal Classification

A The dataset for this task consists of spectrograms representing various types of radio
signals, categorized into 20 classes.

cellular wifi

R A

bluetooth airband

Sample from the dataset

CommRad RF: A dataset of communication radio signals for detection, identification and classification

Hatem AbouZeid¢ WAVES LAB
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Task3: 5G NR Positioning CALGARY

A This dataset contains CSI measurements from reference signals exchanged between a
user and four base stations. The task is to predict the UE's position based on its CSI.

B
Y
' b,

[21.545. 21.7]

Data Collection Sample from the dataset

:
X
(,

) o A 18 |

Gao, Kaixuan, Huigiang Wang, and Hongwu Lv. "CSI dataset towards 5G NR high-precision positioning." IEEE
Dataport (2021).
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Task4: MIMO-OFDM Channel Estimation

A The uplink of MIMBDFDM system is simulated usiBpnna We employ the Urban Microcell
(UMi) channel model specified by 3GPP.

A Channel estimation is conducted at pilot positions and interpolated for the remaining OFDM
symbols that carry data.

A The system operates at a carrier frequency of 3.5 GHz, with a subcarrier spacing of 30 kHz and
an average user speed of 3 m/s.

Received Pilots CSI

Subcarrier index
Subcarrier index

Hatem AbouZeidc WAVES LAB OFDM Symbol OFDM Symbol




Results on the 4 downstream tasks

5G NR Positioning

Human Activity Sensing

MIMO-OFDM Channel Estimation

Probability Density
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LoRAFInetuning on RF Signal Classification

ADue to the 2% performance gap betwe¥i-SL and/iT-All, we
ImplementLoRAfine-tuning

o ViT-SL: 88.94% ViT-All: 90.31%

airband 1.0
ais

bluetooth
uetoot
cellular 0.8
dab
dsd
fm 0.6
lora
morsft?f
on-o
packet 0.4
plogsag
teletype
e 0.2
radiosonde
sstv
vor —0.0 80
wifi

Mean Accuracy

a=1
= a=4
—d— =8
® Conventional
== ViT-SL

True Label

0 1 2 3 4 5 6

Predicted Label Predicted Label Trainable Parameters (M) !
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Do we need all praraining datasets?

TABLE 3: Performance Metrics for Each Pre-training Model on Downstream Tasks

Model Human Activity Sensing | RF Signal Classification 5G NR Positioning Channel Estimation
Accuracy’(%) Epochs’ | Accuracy’(%) Epochs’ | Mean Error (m)  Std. Dev. (m) Epochs’| Mean Square Error
ViT-RFS 89.29 + 5.00 122 [ 86.13 +1.16 141 ] 1.19 + 0.06 0.85 186 0.413 + 0.031
VIiT-WiFi [96.16 + 0.60 20 ] 85.541 + 1.72 111 [ 0149+ 0.03 ] 0.38 179 0.422 + 0.021
VIT-5G 7933 +5.86 123 | 66.83+2.72 163 0.83 + 0.01 0.65 190 | (0.374+0.033 ) A WIiFiCSI| and Human ACtIVIty Sensi ng
[ ViT-All 95.67 +1.93 82 86.05 +0.79 128 0141 +£0.02 0.33 182 0.329 + 0.015 L -
ViT-RFS/WiFi 94.86 + 2.23 118 85.24 + 1.62 117 0.140 £+ 0.02 0.36 176 0.363 + 0.028 eXhI blt the StrongeSt CorrelatIOAz
ViT-SL 98.32+092 107 | 83.07+2.30 91 0.81 + 0.05 0.63 182 0.405 + 0.009 rapld convergence and best
; g::::[f; ;:;mpﬂuidn:ﬁnx r:fe;r:‘ ge;—;]:.:;c;u;fzq :::;;h t(]:r:;::j‘e-ncz ':nret:; :;Ijanoed evaluation in the presence of class imbalance. p e rfo rm an C e .
RF Signal Classification Human Activity Sensin : P
y J A RFS and RF signal classification ex
100 .
" PO S e s N + e some correlatiord fast convergence

and best performance.
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Representation Alignment

A To quantify alignment between prigaining and downstream datasets, we measure the overlap
of their feature distributions by encoding samples from each dataset using the froze¢rapred
encoder and comparing the resulting representations.

A We employ two metrics: mean cosine distance and Fréchet distance.

Fréchet Distance

Human Activity Sensing  RF Signal Classificaion  5G NR Positioning  Channel Estimation

RF-5 15.022 18.578 14.244 13.994
WiFi-CSI 6.876 21.595 7.490 10.948
5G-CSl1 19.374 26.155 18.778 20.346

Cosine Distance

Human Activity Sensing  RF Signal Classification  5G NR Positioning  Channel Estimation

RF-S 0.698 0.739 0.700 0.662
WiFi-CS1 0.239 0.936 0.316 0.460
5G-CS1 0.793 1.026 0.783 0.892
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Representation Alignment

A To complement these quantitative measures, we further visualize the-tataset relationships via a 2D
UMAP projection of the top 50 principal components

25
20 - - B RFS
~ - € WiFi-CSI
A *x  5G-CSI
< - © RF Signal Classification
> © 5G NR Positioning
— B = @ Human Activity Sensing
. O Channel Estimation
in
g e mmti®
_5 7 [ T} l'ig;:' *;?*
-15 -10 -5 0 5 10 15 20
UMAP-1
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Recap of Goals CALGARY

1. Can we learn generic representations from wireless signals for multiple tasks?

WAVES-M demonstrates the effectiveness of a Vision Transformer encoder to
achieve this

2. Can we learn these embeddings in aseippervised fashiowithout requiring
labeled dat&

WAVESC a  LINE Maske8 Wireléss Modelidg dza A-wioAd NI I ¢
unlabeled datasets to prerain the ViTencoderdecoder

Hatem AbouZeid¢ WAVES LAB
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Key Takeaways ) CALGARY

Human Activity Sensing

{58
EN

RF Signal Classification
Ly

1%
(L]

5G NR Positioning

B %

g5 || g3 g5 || g3

=6 535 =5 >5 MIMO-OFDM Channel Estimation

@
rrrrr Conventional LoRA =
ocks Fine-tun ing Fine-tuning

WavesFM
APretrainingdata diversityis more important
than data size alone

ANegative transfemay arise when
downstream data deviate sharply from the
modalities encountered in prgaining.

Almportant to understand thembedding
spaceof your encoder

A

L3018 LIA

AThis is a first stefMore general mult N
modal data, preraining, and finetuning a|mr
approaches need to be investigated. %ij & -P LS menon
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I Q F M Modulation Classification M CALGARY
Q
NQ FM
RF Fingerprinting
— 1 @)
— O —
/ g% Beam Prediction
 — 1
e
: &
Single / Multi 'fl;‘oﬁf‘o/bli_:]ngear Angle of Arrival prediction
channels Raw IQ data ( ! ))
BN B
% Frozen Encoder | .& Optimized weights I Linear Layer

APretrained usin@imCLRvith carefullytailored wirelessspecific augmentations
APretrained on a realvorld dataset

AEvaluated on 2 idistribution & 2/3 outof-distribution tasks
AAIl datasets are realorld, except RML2016a (serealistic)
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The Pretrained Dataset & Testbed

AIQ samples from a stream of 4
channels recelved at Rx with
different Tx angles &
modulations

A Angle ranges70 to 70 in 10
degree increments on both
azimuth and elevation

A7 different modulation schemes

Hatem AbouZeid¢ WAVES LAB
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The Pretrained Dataset & Testbed

AIQ samples from a stream of 4

Skip-3 Data Setup

channels received at Rx with MO0 00080000008
different Tx angles & Hieessessssseste
modulations HIOSSSSe8ss8se8s
A Angle ranges70 to 70 in 10 Koocssssscossass
degree increments on both BiS888888 8528858
azimuth and elevation M0 SS8E080888E8
This results in 22B0A MISOSSSSSSS8888s
combinations T T WY e gy g

Azimuth (%)

A7 different modulation schemes
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Contrastive Learning as the SSL Technique

Al 2NB LRSIY ' y2GKSNI {{[ UG0SOKYAIljdzS GKIF O GNJ
bring similar (positive) pairs closer and dissimilar (negative) ones further apart in the
embedding space.

Al dZAYSY Gl GA2yayYy ¢KS SYO2RSNJI A4 LINPYARSR a4l
together in the feature space
A SImCLRs a prominent selupervised learning framework for learning visual representations.

Features

p - Feature :|
¥ |— Extractor >
1 B
B 11 S
2 )

" Feature
& |— Extractor >
&

ST

SIMCLIIsually Explainedvasudev Sharma
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SIMCL®verview

ACNN is the encoder
e.g. f (-): ResN&O (output h)

A Contrastive loss is applied to the MLP
output, but representations from the
CNN are used for downstream tasks.

exp(sim(z,-,Zj)/’T)

SN Ly exp(sim(z;, 24)/7)

£5J2—|Dg

GitHub- googleresearchsimclt SImMCLRv2BIg SelSupervised Models are Strong Sedunipervised Learners
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SImCLRAugmentations % CALGARY

(a) Original (b) Crop and resize  (c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter)

. a3
:‘"» $ 3 ’ - 3}.

(f) Rotate {90°, 180°, 270°} (g) Cutout (h) Gaussian noise (1) Gaussian blur (j) Sobel filtering

Figure 4. Illustrations of the studied data augmentation operators. Each augmentation can transform data stochastically with some interna
parameters (e.g. rotation degree, noise level). Note that we only test these operators in ablation, the augmentation policy used to train ou
models only includes random crop (with flip and resize), color distortion, and Gaussian blur. (Original image cc-by: Von.grzanka)

SIimCLKNisually ExplainedVasudev Sharma
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Why Contrastive Learning for Wireless? @ CALEARY

AContrastive learning can help enable invariance to time shifts/delays,
noise, and other wireless channel artifacts
Ab SSR (2 RS&ifRlksy Sgnal&@rientadiofis
Time delays, noisefc
Channel masking
Channel dropping

Zero — masking

Antenna — dropout

m »
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Contrastive Learning Clusters often createt the auveasny or
embedding space

Clusters are often dependent on the augmentations and contrastive learning framework
One datasefy Different augmentation strategied producetask-relevant clusters

(More details follow in the next slides)

0.6

@ BPSK
Ccw
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< QAM
QAM64

QPSK
SINE

PCA Component 2
PCA Component 2
Cluster / Class

—-0.50 -0.25 0.00 0.25 0.50 0.75 —05 0.0 05
PCA Component 1 PCA Component 1
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Contrastive Learning for Wireless 1Q Signals
V Single Task

V Modulation classificationfrom raw 1Q: ResNe&i0 encoder witlSimCLRretraining [1].
V' Transformerbased contrastive SSbr modulation learning [2].

V Debiased contrastive los® better handle hard examples in modulation tasks [3].

[1] K.DavasliogluS Boztas, M. CErtem Y. ESagduyyand EAyanogix Gdueivided rf signal representation learning extgsignal
Of F AaAFAOIOA2Y SAGK RSSLI §f SENYyAYy3IAZE L9996 20622 NBf Sada /2YYdzyAOF GA2Yy a

WHG 2d YZ2y3I>: - ® WAI2Z2Z | ¢ . dmsed.cobtrakiifelsghdpervised Raran)fra[ndaV\erfﬁraMtlc moNL]iay(oaTQ NJY S
NBO23ayAlGA2yZé L9999 ¢NIYyalObdAzya 2y [/ 23yAE96#3023.2YYdzyAOFIGA2ya | yR

wo6 [/ d - Al2Z { D  Mclhnhd ¢ 28| lGLBg[EIIZdzm YR f DOWK2RAEL GOGAZ2Y OflF AaAAFAOlI GA2Y
IEEE Transactions on Wireless Communications, 2024.
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Contrastive Learning for Wireless 1Q Signals

V Single Task

V Modulation classificationfrom raw 1Q: ResNe&i0 encoder witlSimCLRretraining [1].

V' Transformerbased contrastive SSbr modulation learning [2].
V Debiased contrastive los® better handle hard examples in modulation tasks [3].

V Multi-Task

Multi-task SSL on raw 1Q using contrastive learning and MoCo frameworkil@tion +A0A)

O. Kanu, AEshaghbeigiand H. Abo#2 S A RRIEsupérvised radio representation learnin@€an we learn
multipletasks?¢ Ay t NRO® L999 L/ / Z HAHP
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Contrastive Learning for Wireless 1Q Signals

V Single Task

V Modulation classificationfrom raw 1Q: ResNe&i0 encoder witlSimCLRretraining [1].

V' Antenna response enhancemem MIMO radar via contrastive SSL [3].
V' Transformerbased contrastive SSbr modulation learning [4].

V' Debiased contrastive los® better handle hard examples in modulation tasks [5].

V Multi-Task

V Multi-task SSL on raw IQ using contrastive learning and MoCo framework (modulat#h +

V1Q Foundation Model (this talk)
5 tasks including 3 totally owutf-distribution tasks
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Original signal Time rolling
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Amplitude
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Channel masking Channel dropping
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