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Talk Overview
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Å Why Foundation Models (FMs) for 6G?

Å How to Build & Evaluate 6G FMs
AI Fundamentals: Self-supervised learning, model fine-tuning

1.  WAVES Foundation Model

2.  IQ Foundation Model

3.  Tiny Federated Wireless Foundation Models

ÅChallenges & Research Directions
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(Why) Build Wireless Foundation Models 

Plug and Play AI Radios!

ÅEliminate Individual Model Building 

ÅGeneralize to New Tasks & Unseen Scenarios

ÅReduce Data Collection
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Why Foundation Models for 6G?

Models do not generalize/adapt

 

Models need lots of  data that is labeled

Avoid the need for so many very specific models 
per task
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IQ-FM
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The 1st Foundation Model that directly processes IQ Streams

ÅPretrained on a real-world dataset of IQ signals from SDRs

ÅEvaluated on 2 in-distribution & 3 out-of-distribution tasks 

https://arxiv.org/pdf/2509.03077 

https://arxiv.org/pdf/2509.03077
https://arxiv.org/pdf/2509.03077
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WAVES FM
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The 1st Foundation Model for Sensing, Localization and Communications

ÅPretrained on 3 real-world datasets

ÅEvaluated on 4 out-of-distribution tasks 

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

661/10829557/11131142.pdf 

https://ieeexplore.ieee.org/iel8/8782661/10829557/11131142.pdf
https://ieeexplore.ieee.org/iel8/8782661/10829557/11131142.pdf
https://ieeexplore.ieee.org/iel8/8782661/10829557/11131142.pdf


 

Hatem Abou-Zeid ς WAVES LAB

Tiny Federated Wireless Foundation Models
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²ƛǊŜƭŜǎǎ CƻǳƴŘŀǘƛƻƴ aƻŘŜƭǎ Ŏŀƴ ōŜ ά¢ƛƴȅέ ŀƴŘ ǘŀǎƪǎ Ŏŀƴ ōŜ ƭŜŀǊƴŜŘ ƛƴ ŀ federated 
way

ÅCompress the Wireless Foundation Model to fit the target deployment

ÅLearn the wireless task head in a federated way

https://ieeexplore.ieee.org/abstract/docu
ment/11087489/  

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?
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ÅThe 1st self supervised learning framework to demonstrate multi-task 

learning of IQ signals.

ÅThe first to demonstrate AoA as a task that can be learned in a self 
supervised way

https://ieeexplore.ieee.org/abstra
ct/document/11161144/ 

https://ieeexplore.ieee.org/abstract/document/11161144/
https://ieeexplore.ieee.org/abstract/document/11161144/
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https://www.hatem-abouzeid.com/waves-lab 

https://www.hatem-abouzeid.com/waves-lab
https://www.hatem-abouzeid.com/waves-lab
https://www.hatem-abouzeid.com/waves-lab
https://www.hatem-abouzeid.com/waves-lab
https://www.hatem-abouzeid.com/waves-lab
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How to Build & Evaluate 6G FMs
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2 Components: The Foundation Model and Task Head
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Building Wireless Foundation Models (WFMs) 

1. Model Pretraining

ÅDefine data modalities of the WFM (IQ streams, spectrograms, CSI, etc)

ÅCollect datasets of those modalities (can be unlabeled)

ÅDefine the foundation model architecture (transformer, CNN encoder, etc)

ÅDesign an SSL approach to pretrain the model (masked auto-encoders, 
contrastive learning etc)
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Building Wireless Foundation Models 

2. Model Fine-tuning 

ÅDefine downstream tasks (e.g. AoA, modulation classification) and collect labeled datasets

Å¢ƘŜ ŦƻǳƴŘŀǘƛƻƴ ƳƻŘŜƭΩǎ ƻǳǘǇǳǘ ŦŜŀǘǳǊŜǎ ǎŜǊǾŜ ŀǎ ƛƴǇǳǘǎ ǘƻ ǘƘŜ ǘŀǎƪǎ

ÅA simple MLP is appended for each task and trained (ideally with a few samples only)

 This is a key benefit: A simple neural network is trained with only a few labeled task data
                                      samples (per task)
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Building Wireless Foundation Models 

2. Model Fine-tuning 

ÅDefine downstream tasks (e.g. AoA, modulation classification) and collect labeled datasets

Å¢ƘŜ ŦƻǳƴŘŀǘƛƻƴ ƳƻŘŜƭΩǎ ƻǳǘǇǳǘ ŦŜŀǘǳǊŜǎ ǎŜǊǾŜ ŀǎ ƛƴǇǳǘǎ ǘƻ ǘƘŜ ǘŀǎƪǎ

ÅA simple MLP is appended for each task and trained (ideally with a few samples only)

ÅThe foundation model itself can also be adapted/fine-tuned when needed
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Done! One model, multiple tasks: By swapping task heads we can use the 
same model for different applications!

Task 
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WAVES-FM

A Foundation Model for Sensing, 
Communication and Localization

Ahmed Aboulfotouh 
PhD student

Elsayed Mohamed
MSc student
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Autoencoders ς Preliminaries 
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ÅLearn to compress and reconstruct data

ÅEncoder maps input to a lower dimension feature space  

ÅDecoder reconstructs original input

Illustration of the Autoencoder architecture. Source: [ƛƭƛŀƴǿŜƴƎΩǎ blog

https://lilianweng.github.io/lil-log/2018/08/12/from-autoencoder-to-beta-vae.html#td-vae
https://lilianweng.github.io/lil-log/2018/08/12/from-autoencoder-to-beta-vae.html#td-vae
https://lilianweng.github.io/lil-log/2018/08/12/from-autoencoder-to-beta-vae.html#td-vae
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Masked Autoencoders for Self-supervised Learning 
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ÅPredicting masked portions of input is a common pretext task in SSL

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

He, Kaiming, et al. "Masked autoencoders are scalable 

vision learners." Proceedings of the IEEE/CVF 

conference on computer vision and pattern recognition. 

2022.
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Another SSL example for language models:
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ÅAfter pretraining, the decoder is discarded

ÅThe FM is the encoder

¢ƘŜ ŜƴŎƻŘŜǊ ƛǎ ǘƘŜ άŦƻǳƴŘŀǘƛƻƴ ƳƻŘŜƭέ

He, Kaiming, et al. "Masked autoencoders are scalable 

vision learners." Proceedings of the IEEE/CVF 

conference on computer vision and pattern recognition. 

2022.
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Pretraining Dataset 1: RF Spectrograms (RFS)

ÅThis dataset consists of spectrograms of various RF signals captured over-the-air. 

ÅData was collected in Downtown, Toronto, for a range of signal types. 

ÅIt resulted in excellent performance on all the 4 previous tasks

ÅAdditional datasets were included to further improve the performance
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Pretraining Dataset 2: WiFi-CSI

ÅThis dataset consists of CSI measurements captured using two WiFi routers, 
one as a transmitter (operating in 802.11n AP mode at 5 GHz with a 40 MHz 
bandwidth) and a three-antenna receiver.

ÅIt is collected for tasks such like human authentication and intruder 
detection. It is closest domain-wise to human activity sensing.

ÅExperiments were conducted in two indoor environments: a lab testing area, 
and an office cubicle.
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Pretraining Dataset 3: 5G-CSI

ÅThis dataset comprises CSI measurements collected with commercial off-the-
shelf 5G equipment. 

ÅThe setup includes a baseband unit and a four-channel picocell sub-6GHz 
remote radio unit that together form a base station, as well as a user terminal 
(UT) mounted on an autonomous vehicle.

ÅIt is collected for localization and closest domain-wise to 5G NR Positioning.
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Å¢ƘŜ ǎǇŜŎǘǊƻƎǊŀƳ ƛǎ ŘƛǾƛŘŜŘ ƛƴǘƻ ǇŀǘŎƘŜǎ ŀƴŘ ŀ ƭŀǊƎŜ ҈ŀƎŜ ƻŦ ǘƘŜ ǇŀǘŎƘŜǎ ƛǎ άmŀǎƪŜŘέ

ÅThe ViT ƳƻŘŜƭΩǎ ŘŜŎƻŘŜǊ ƻōƧŜŎǘƛǾŜ ƛǎ ǘƻ ǊŜŎƻƴǎǘǊǳŎǘ ǘƘŜ ƻǊƛƎƛƴŀƭ ǎǇŜŎǘǊƻƎǊŀƳ ŦǊƻƳ ǘƘŜ ƳŀǎƪŜŘ 
version.

ÅDuring this process, the goal of the ViT encoder is to learn good representations of the 
wireless signals that enable reconstruction

Masked Wireless Modeling
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Using WavesFM for New Tasks
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Task-1: WiFi Human Activity Sensing

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

ÅParticipants performs these activities between a pair of Wi-Fi access points, and CSI is 
measured for each activity.

Sample from the datasetData Collection

Yang, Jianfei, et al. "EfficientFi: Toward large-scale lightweight WiFi sensing via CSI compression." IEEE 
Internet of Things Journal 9.15 (2022): 13086-13095.
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Task-2: RF Signal Classification

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

Sample from the dataset

CommRad RF: A dataset of communication radio signals for detection, identification and classification
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Task-3: 5G NR Positioning

ÅThis 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.

Data Collection Sample from the dataset

Gao, Kaixuan, Huiqiang Wang, and Hongwu Lv. "CSI dataset towards 5G NR high-precision positioning." IEEE 

Dataport (2021).
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Task-4: MIMO-OFDM Channel Estimation

ÅThe uplink of MIMO-OFDM system is simulated using Sionna. We employ the Urban Microcell 
(UMi) channel model specified by 3GPP.

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

ÅThe 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.
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Results on the 4 downstream tasks
Human Activity Sensing

RF Signal Classification

5G NR Positioning

MIMO-OFDM Channel Estimation
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LoRA Fine-tuning on RF Signal Classification

ÅDue to the 2% performance gap between ViT-SL and ViT-All, we 
implement LoRA fine-tuning
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Do we need all pre-training datasets?

Human Activity SensingRF Signal Classification

ÅWiFi-CSI and Human Activity Sensing 
exhibit the strongest correlation Ą 
rapid convergence and best 
performance.

Å RF-S and RF signal classification exhibit 
some correlation Ą fast convergence 
and best performance.
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Representation Alignment

Fréchet Distance

Cosine Distance

Å To quantify alignment between pre-training and downstream datasets, we measure the overlap 
of their feature distributions by encoding samples from each dataset using the frozen pre-trained 
encoder and comparing the resulting representations. 

ÅWe employ two metrics: mean cosine distance and Fréchet distance.
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Representation Alignment

Å To complement these quantitative measures, we further visualize the inter-dataset relationships via a 2D 
UMAP projection of the top 50 principal components
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1. Can we learn generic representations from wireless signals for multiple tasks?

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

2. Can we learn these embeddings in a self-supervised fashion without requiring 
labeled data?

 WAVES-Ca ǇǊƻǇƻǎŜŘ άMasked Wireless Modelingέ ǳǎƛƴƎ ǊŜŀƭ-world 
unlabeled datasets to pre-train the ViT encoder-decoder

Recap of Goals
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Key Takeaways

ÅPretraining data diversity is more important 
than data size alone

ÅNegative transfer may arise when 
downstream data deviate sharply from the 
modalities encountered in pre-training. 

ÅImportant to understand the embedding 
space of your encoder

ÅThis is a first step! More general multi-
modal data, pre-training, and fine-tuning 
approaches need to be investigated.
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Wireless Foundation Model s for 
IQ Signals

Omar Mashaal, PhD Candidate & 
Alberta Innovates Fellow

Ogechukwu Kanu
MSc student
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IQFM

ÅPretrained using SimCLR with carefully tailored wireless-specific augmentations

ÅPretrained on a real-world dataset

ÅEvaluated on 2 in-distribution & 2/3 out-of-distribution tasks 

ÅAll datasets are real-world, except RML2016a (semi-realistic)
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The Pre-trained Dataset & Testbed

48

ÅIQ samples from a stream of 4 
channels received at Rx with 
different Tx angles & 
modulations 

Å Angle ranges -70 to 70 in 10 
degree increments on both 
azimuth and elevation

Å7 different modulation schemes
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The Pre-trained Dataset & Testbed
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ÅIQ samples from a stream of 4 
channels received at Rx with 
different Tx angles & 
modulations 

Å Angle ranges -70 to 70 in 10 
degree increments on both 
azimuth and elevation
ÅThis results in 225 AoA 

combinations

Å7 different modulation schemes
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Contrastive Learning as the SSL Technique

50

Å/ƻǊŜ LŘŜŀΥ !ƴƻǘƘŜǊ {{[ ǘŜŎƘƴƛǉǳŜ ǘƘŀǘ ǘǊŀƛƴǎ άŜƴŎƻŘŜǊ ƳƻŘŜƭǎέ ǘƻ ǇǊƻŘǳŎŜ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ ǘƘŀǘ 
bring similar (positive) pairs closer and dissimilar (negative) ones further apart in the 
embedding space. 

Å!ǳƎƳŜƴǘŀǘƛƻƴǎΥ ¢ƘŜ ŜƴŎƻŘŜǊ ƛǎ ǇǊƻǾƛŘŜŘ άŀǳƎƳŜƴǘŀǘƛƻƴǎέ ƻŦ ƛƴǇǳǘǎ ǘƘŀǘ ƛǘ ƴŜŜŘǎ ǘƻ Ǉǳǘ 
together in the feature space

ÅSimCLR is a prominent self-supervised learning framework for learning visual representations.

SimCLR Visually Explained - Vasudev Sharma

https://vasudev-sharma.github.io/posts/2022/03/SimCLR-visually-explained/
https://vasudev-sharma.github.io/posts/2022/03/SimCLR-visually-explained/
https://vasudev-sharma.github.io/posts/2022/03/SimCLR-visually-explained/
https://vasudev-sharma.github.io/posts/2022/03/SimCLR-visually-explained/
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SimCLR Overview

ÅCNN is the encoder 
Åe.g. f (·): ResNet-50 (output h)

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

GitHub - google-research/simclr: SimCLRv2 - Big Self-Supervised Models are Strong Semi-Supervised Learners

https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
https://github.com/google-research/simclr
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SimCLR Augmentations

52

SimCLR Visually Explained - Vasudev Sharma

https://vasudev-sharma.github.io/posts/2022/03/SimCLR-visually-explained/
https://vasudev-sharma.github.io/posts/2022/03/SimCLR-visually-explained/
https://vasudev-sharma.github.io/posts/2022/03/SimCLR-visually-explained/
https://vasudev-sharma.github.io/posts/2022/03/SimCLR-visually-explained/
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Why Contrastive Learning for Wireless?

53

ÅContrastive learning can help enable invariance to time shifts/delays, 
noise, and other wireless channel artifacts

ÅbŜŜŘ ǘƻ ŘŜŦƛƴŜ ƎƻƻŘ άwireless signal augmentationsέ 
ÅTime delays, noise, etc

ÅChannel masking

ÅChannel dropping
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Contrastive Learning ς Clusters often created in the 
embedding space 

Clusters are often dependent on the augmentations and contrastive learning framework

One dataset Ą Different augmentation strategies Ą produce task-relevant clusters

   (More details follow in the next slides)



 

Hatem Abou-Zeid ς WAVES LAB

Contrastive Learning for Wireless IQ Signals
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VSingle Task
VModulation classification from raw IQ: ResNet-50 encoder with SimCLR pretraining [1].

VTransformer-based contrastive SSL for modulation learning [2].

VDebiased contrastive loss to better handle hard examples in modulation tasks [3]. 

[1] K. Davaslioglu, S. Boztaş, M. C. Ertem, Y. E. Sagduyu, and E. AyanogluΣ ά{ŜƭŦ-supervised rf signal representation learning for nextg signal 
ŎƭŀǎǎƛŦƛŎŀǘƛƻƴ ǿƛǘƘ ŘŜŜǇ ƭŜŀǊƴƛƴƎΣέ L999 ²ƛǊŜƭŜǎǎ /ƻƳƳǳƴƛŎŀǘƛƻƴǎ [ŜǘǘŜǊǎΣ ǾƻƭΦ мнΣ ƴƻΦ мΣ ǇǇΦ срς69, 2022.

ώнϐ ²Φ YƻƴƎΣ ·Φ WƛŀƻΣ ¸Φ ·ǳΣ .Φ ½ƘŀƴƎΣ ŀƴŘ vΦ ¸ŀƴƎΣ ά! ǘǊŀƴǎŦƻǊƳŜǊ-based contrastive semi-supervised learning framework for automatic modulation 
ǊŜŎƻƎƴƛǘƛƻƴΣέ L999 ¢ǊŀƴǎŀŎǘƛƻƴǎ ƻƴ /ƻƎƴƛǘƛǾŜ /ƻƳƳǳƴƛŎŀǘƛƻƴǎ ŀƴŘ bŜǘǿƻǊƪƛƴƎΣ ǾƻƭΦ фΣ ƴƻΦ пΣ ǇǇΦ фрлς962, 2023.

ώоϐ /Φ ·ƛŀƻΣ {Φ ¸ŀƴƎΣ ½Φ CŜƴƎΣ ŀƴŘ [Φ WƛŀƻΣ άMclhnΥ ¢ƻǿŀǊŘǎ ŀǳǘƻƳŀǘƛŎ ƳƻŘǳƭŀǘƛƻƴ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴ Ǿƛŀ ƳŀǎƪŜŘ ŎƻƴǘǊŀǎǘƛǾŜ ƭŜŀǊƴƛƴƎ ǿƛǘƘ ƘŀǊŘ ƴŜƎŀǘƛǾŜǎΣέ 
IEEE Transactions on Wireless Communications, 2024.
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Contrastive Learning for Wireless IQ Signals
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VSingle Task
VModulation classification from raw IQ: ResNet-50 encoder with SimCLR pretraining [1].

VTransformer-based contrastive SSL for modulation learning [2].

VDebiased contrastive loss to better handle hard examples in modulation tasks [3]. 

VMulti-Task
      Multi-task SSL on raw IQ using contrastive learning and MoCo framework (modulation + AoA)

VO. Kanu, A. Eshaghbeigi, and H. Abou-½ŜƛŘΣ άSelf-supervised radio representation learning: Can we learn 
multiple tasks?έ ƛƴ tǊƻŎΦ L999 L//Σ нлнр
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Contrastive Learning for Wireless IQ Signals

57

VSingle Task
VModulation classification from raw IQ: ResNet-50 encoder with SimCLR pretraining [1].

VAntenna response enhancement in MIMO radar via contrastive SSL [3].

VTransformer-based contrastive SSL for modulation learning [4].

VDebiased contrastive loss to better handle hard examples in modulation tasks [5]. 

VMulti-Task
VMulti-task SSL on raw IQ using contrastive learning and MoCo framework (modulation + AoA) .

VIQ Foundation Model (this talk)
     5 tasks including 3 totally out-of-distribution tasks
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Applied Wireless Augmentations

Channel dropping

Original signal Time rolling

Channel masking


