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Reminders and Announcements
Elevator Talks on March 12
 Plan for a 5-minute talk that answers the four key Heilmeier questions about your 

project (see https://en.wikipedia.org/wiki/George_H._Heilmeier), namely:
 What are you trying to do? Articulate your objectives using no jargon.
 How is it done today, and what are the limits of current practice?
 What's new in your approach and why do you think it will be successful?
 Who cares? If you're successful, what difference will it make?

 You are encouraged to use visuals (it’s a short talk) but plan them well. The visuals 
should not be pure “eye candy”. They should serve as a vehicle to convey 
information more efficiently.  

 Add a slide on the current status and timeline.
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What We Covered: The Data Bottleneck in Self-
Supervised Learning for IoT
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• Make learning more efficient for IoT data
• Increase the data size (curation and augmentation)



The Era of (Empirically Trained) Domain-
Specific Foundation Models
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Tomorrow’s data driven 
foundation models and LLMs 

(for CPS/IoT applications)
Conventional (scientific) foundation models

CPS/IoT applications of the future will replace conventional scientific 
foundations with empirically trained foundation models



The Data Bottleneck
In domain-specific models, one can’t rely on model scaling laws to improve 
model capabilities (because model size is limited by training data size)

Must re-think the training pipeline to inject the “right amount” of application 
bias such that the learning rate from limited data is accelerated. 
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Encoding into a 
semantically 
well-organized 
latent space

Target/formation detection

Classification/Identification

Localization/Tracking

Finetuning

Self-Supervised 
Pretraining Supported downstream Tasks

Unlabeled Data

Activity Recognition, Intent Prediction

“Encoder” 
(Neural 
Network)

Self-supervised Learning – The Principle 
of Operation



Components of Self-Supervised Learning
Part I: The tokenizer
 Breaks the input stream into pieces to be individually encoded.

Part II: The backbone neural network model (or encoder)
 The neural network that converts the stream of input tokens into a latent representation 

Part III: The pretext task(s) 
 The task that trains the encoder

Data

Encoder

Tokens Latent Representation

D
ecoders

Downstream Tasks

Tokenizer

Backbone 
Neural Network



The Tokenizer
1 2        3        4        5        6

7 8        9        10      11      12

13 14      15       16     17      18

19       20      21      22      23     24

Fixed length 
Tokenization

Variable length 
Tokenization

Picture generated by Tommy Kimura

One-dimensional 
time-series data

Multidimensional 
time-series data

Spatially-distributed 
or graph data



Foundation 
Models for 
CPS/IoT Data 
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IoT Requirement #1:

Handling Time-Series Sensor 
Data



Neural Architecture for Time-Series Data
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Recurrent Neural Networks LSTM Models

Transformers

Structured State Space  Models



Foundation 
Models for 
CPS/IoT Data 
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IoT Requirement #2:

Handling Multimodal Sensor 
Data



Handling Multimodal Sensor Data
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Modality alignment in 
contrastive learning

Modality alignment in 
masked auto-encoding



Handling Multimodal Sensor Data:
Special IoT Considerations in SSL
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New notions of similarity

New masking policies



Foundation 
Models for 
CPS/IoT Data 

16

Contribution #3:

Exploiting Frequency 
Domain Insights



Accommodating Frequency Domain 
Inputs
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Fourier Transform

Harmonics

Signal propagation and low-pass filtering



Accommodating Frequency Domain 
Inputs: Special IoT Considerations in SSL
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Data augmentation considerations:  
No shift-invariance in spectrograms

Contrastive learning considerations: 
Similarity must account for aliasing

Masked auto-encoding 
considerations: Masking 

must account for 
semantic importance



Foundation 
Models for 
CPS-IoT Data 
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Contribution #4: 

Extensions to Distributed 
(Multi-Vantage) Sensing 
Data



Extensions to Distributed (Spatial-Temporal) 
Sensing Data

20

Exploiting multiplicity/complementarity 
of vantage points

Exploiting structured relations among 
vantage points

Exploiting geographic 
(spatial) locations of 

vantage points: duality 
of signal and location



Foundation 
Models for 
CPS-IoT Data 
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Contribution #5: 

Data Curation and 
Augmentation



Data Curation
Curation: How to select more useful data for training?
◦ How is this problem different for CPS/IoT data?
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A Common Data “Selection” Problem:
Coreset Selection for Training
What’s a core-set? 
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A Common Data “Selection” Problem:
Coreset Selection for Training
What’s a core-set?

 A representative data subset, often for purposes of performing specific 
tasks

 Example: Find the “radius” of a point cloud 
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A Common Data “Selection” Problem:
Coreset Selection for Training
What’s a core-set?

 A representative data subset, often for purposes of performing specific 
tasks

 Example: Find the “radius” of a point cloud 
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Core-set

Property: The radius computed from the 
core-set is approximately the same as the 
radius computed from the entire set.



A Common Data “Selection” Problem:
Coreset Selection for Training
How to select a core-set (from open domain data) with the property that 
training a neural network on the core-set produces the same quality 
analytics as training it on the original data? 
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Core-setCore-set?



A Common Data “Selection” Problem:
Coreset Selection for Training
What’s different about this problem in IoT settings?
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Core-set? Core-set?



A Common Data “Selection” Problem:
Coreset Selection for Training
What’s different about this problem in IoT settings?

 Sensor data are mostly noise! Representative ≠ Informative!
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Core-set? Core-set?



The Data Curation Problem in IoT:
Informative Coreset Selection for Training
May need to inject application bias to decide what data are informative 
and what data constitute noise when the data are neither interpretable 
nor labeled.
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Core-set?



Data Augmentation for Training
Why do we need data augmentation?

30



Data Augmentation for Training
Why do we need data augmentation?

1) Fill in (categorical) gaps in observations

Example:
 We measured acoustic signatures of cars on a freeway
 We measured acoustic signatures of cars on dirt roads
 We measured acoustic signatures of bicycles on dirt roads
 Can we use generative AI to produces synthetic acoustic signatures 

of bicycles on a freeway? 
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Car             Bicycle 
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Data Augmentation for Training
Why do we need data augmentation?

1) Fill in (categorical) gaps in observations

2) Increase the diversity of observations 
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?

Example: Synthetically vary parameters 
such as the intensity level of a human 
activity, speed of a car, etc. 



Data Augmentation for Training
Why do we need data augmentation?

1) Fill in (categorical) gaps in observations

2) Increase the diversity of observations 

3) Teach the AI (encoder) laws of nature 
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Example: Teach the AI propagation channel 
characteristics (e.g., low pass filtering) from 
synthetically augmented observations (e.g., 
real data + channel simulations)



• Key need: must perform spatially-aware 
fusion of multi-vantage data streams

• Must understand the implications of 
location and structural information 
on sensor data properties

• Key Idea: an extended Masked Auto-
Encoder (MAE) with new reconstruction
objectives that force learning the duality 
of signals and vantage points

• Reconstruct masked signal given 
location, or reconstruct masked 
location given signal

Training Foundation Models from Multi-view 
Data

#1 (x1, y1)

#2 (x2, y2)

#3 (x3, y3) #6 (x6, y6)

#4 (x4, y4)

#5 (x5, y5)

Example IoT System

Spatial Positional
Embedding Module

Token Embedding
Layer

Structural Positional
Embedding Layer

Spatial
Locations
(x1, y1)
(x2, y2)

…

Structure
Indices

Positional
Embeddings

Token
Embeddings

Tokens
from Raw

Data

Embeddings

[6] Y Chen, T Wang, Y Lyu, Y Hu, J Li, T Kimura, H Zhao, Y Hu, D Kara, T. Abdelzaher, “SPAR: Self-supervised Placement-Aware Representation Learning for Multi-Node IoT Systems,” 
arXiv preprint arXiv:2505.16936, May 2025.



Example Multi-modal
Multi-node IoT System

Example IoT Node

Spatial Position: (a, b)

Collected Signal:

Structural Position:

Learning the Signal-Position Duality 
Improves Performance of Spatial Analysis

Moving vehicle localization experiments using self-supervised foundation models. Localization is 
based on 2-second seismic and acoustic data snippets collected from six nearby sensors.  



Moving vehicle localization experiments using self-supervised foundation models. 
Localization is based on 2-second seismic and acoustic data snippets collected from 
six nearby sensors.  

Learning the Signal-Position Duality 
Improves Performance of Spatial Analysis



Example: Multi-Vehicle Joint Classification 
and Localization

Example shows that the approach is able to jointly localize and classify 
multiple vehicle types that are simultaneously present in the field



Adaptive Lossy Compression of Sensor Data for 
Multi-vantage Foundation Model Inference

38

Key observation: 

• The encoder projects input sensor data into a 
latent representation (an embedding) that 
extracts useful higher-level semantics.

• Lossy data compression changes the projection 
of data embedding in the latent space. More 
loss implies bigger changes.

Approach: Minimize the maximum change in data 
embedding location across different sensor streams

Implication: Sensor streams not relevant to the 
higher-level semantics can be compressed more 
(because they contribute less to the latent 
semantic representation).

[7] Tianchen Wang, Yizhuo Chen, Hongjue Zhao, You Lyu, Jinyang Li, Tomoyoshi Kimura, Yigong Hu, Denizhan Kara, Maggie Wigness, Jeffrey Twigg, Tarek Abdelzaher, “On Network-
Efficient Multimodal Multi-Vantage Foundation Models for Distributed Sensing,” In Proc. 22nd IEEE International Conference on Mobile Ad-Hoc and Smart Systems (IEEE MASS), 
Chicago, IL, October 2025.



Fine-tuning Nodes in the Field
Can a group of heterogeneous deployed sensors jointly improve each other’s AI models in the field 
without using labeled data?
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Yes  jointly vote on (i.e., 
guess) labels of new 
samples, then use those 
guesses as soft labels for 
fine-tuning…

BUT…

Must be careful how to 
batch new samples to avoid 
catastrophic forgetting and 
avoid bias to specific classes

[8] Jinyang Li, Yizhuo Chen, Ruijie Wang, Tomoyoshi Kimura, Tianshi Wang, You Lyu, Hongjue Zhao, Binqi Sun, Shangchen Wu, Yigong Hu, Denizhan Kara, Beitong Tian, Klara 
Nahrstedt, Suhas Diggavi, Jae H Kim, Greg Kimberly, Guijun Wang, Maggie Wigness, Tarek Abdelzaher, “RestoreML: Practical Unsupervised Tuning of Deployed Intelligent IoT 
Systems,” In Proc. DCoSS-IoT, Lucca, Italy, June 2025. 
Best Paper Award.



Fine-tuning Nodes in the Field
Can a group of heterogeneous deployed sensors jointly improve each other’s AI models in the field 
without using labeled data?
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Yes  jointly vote on (i.e., 
guess) labels of new 
samples, then use those 
guesses as soft labels for 
fine-tuning…

BUT…

Must be careful how to 
batch new samples to avoid 
catastrophic forgetting and 
avoid bias to specific classes Note: Accuracy of new (red) node improves 

without degrading accuracy of other nodes

[8] Jinyang Li, Yizhuo Chen, Ruijie Wang, Tomoyoshi Kimura, Tianshi Wang, You Lyu, Hongjue Zhao, Binqi Sun, Shangchen Wu, Yigong Hu, Denizhan Kara, Beitong Tian, Klara 
Nahrstedt, Suhas Diggavi, Jae H Kim, Greg Kimberly, Guijun Wang, Maggie Wigness, Tarek Abdelzaher, “RestoreML: Practical Unsupervised Tuning of Deployed Intelligent IoT 
Systems,” In Proc. DCoSS-IoT, Lucca, Italy, June 2025. 
Best Paper Award.



Foundation 
Models for 
Battlefield 
Data 
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Contribution #4: 

Efficiency Extensions



Input-Aware Model Quantization
Can we train an adaptive quantization scheme to adaptively quantize the AI model at run-time in 
an input-aware fashion to reduce the fidelity of less important inputs while retaining the fidelity 
of more important ones?
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[9] Ashitabh Misra, Nurani Saoda, Tarek Abdelzaher, “Latency-Constrained Input-Aware Quantization of Time Series Inference Workflows at the Edge,” In Proc. IEEE Conference on 
Computer Communications (Infocom), London, UK, May 2025.



Latency-Optimal Hierarchical (Mixture of 
Experts) Classification
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Given a choice of experts (classifiers), in what order to try them to minimize time to successful classification?

[10] Tarek Abdelzaher, Sanjoy Baruah, Alan Burns, Yigong Hu, “Timely Classification of Hierarchical Classes,” In Proc. 46th IEEE Real-Time Systems Symposium (IEEE RTSS) , Boston, 
MA, December 2025.



Foundation 
Models for 
Battlefield 
Data 
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Other Topics
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Background: Foundation Models – The 
Principle of Operation



46

Encoding into a 
semantically 
well-organized 
latent space

Target/formation detection

Classification/Identification

Localization/Tracking

Finetuning

Self-Supervised 
Pretraining Supported downstream Tasks

Unlabeled Data

Activity Recognition, Intent Prediction

“Encoder” 
(Neural 
Network)

Background: Foundation Models – The 
Principle of Operation ++

++How to interpret elements of data sequences in proper context? 
(The interpretation of each element might depend on what 
happened earlier)



Sequences, Attention, and Transformers
A key to encoding the inputs properly is to interpret them in context.

Attention matrix: what other tokens should I consider in interpreting 
the current token?
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Transformer 
Architecture

The KV cache holds 
the embeddings of 
recently/frequently 
used tokens

(Prefill)

Cat 
ate 
and it 
was 
happy

Semantic 
Value

Role: 
“Pointer”

Role: 
“Pointed to”



Common Self-Supervised Pretraining Approaches
Next Token Prediction
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“Encoder”
(Dimensionality 
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Common Self-Supervised Pretraining Approaches
Next Token Prediction
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Common Self-Supervised Pretraining Approaches
Next Token Prediction
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Pre-filling
(Embedding)

Decoder
(Reconstruction)

Observation Validation

Error?

Cat 
ate 
then 
it 
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a 
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“nap”

Cat ate 
then it 
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Autoregressive Next Token Generation

Decoder-
Centric 

Solution

KV 
Cache

Pre-
filling



An Abstraction of Modern Foundation Model 
Execution
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Attention Matrix

Prefilling Decoding

Service Requests

Request Execution

KV 
Cache

Computing Platform



52

Efficient Sparse 
Matrix Algebra

Attention Matrix

Prefilling Decoding

Deadline-
Aware Model 
Quantization

Service Requests

Request Execution

Model 
Reduction

KV 
Cache

KV Cache 
Management

Computing Platform

Data 
Prefiltering

Real-time 
Schedulability

Analysis

Model 
Reduction

Importance-Driven 
Data (e.g., Attention 
Matrix) Approximation

Opportunities for 
workload prioritization 
and real-time analysis.

An Abstraction of Modern Foundation Model 
Execution
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Efficient Sparse 
Matrix Algebra

Attention Matrix

Prefilling Decoding

Deadline-
Aware Model 
Quantization

Service Requests

Request Execution

Model 
Reduction

KV 
Cache

KV Cache 
Management

Computing Platform

Data 
Prefiltering

Real-time 
Schedulability

Analysis

Model 
Reduction

Importance-Driven 
Data (e.g., Attention 
Matrix) Approximation

Opportunities for 
workload prioritization 
and real-time analysis.

Request 
Scheduling

Throughput 
Optimization

Load 
Balancing

Mixture of Experts
Cascades/ Routing

Additional “service-
level” opportunities

An Abstraction of Modern Foundation Model 
Execution (as a Service)



For More on the Foundation Model 
Bottlenecks Topic

54

T. Abdelzaher, Y. Hu, D. Kara, 
T. Kimura, A. Misra, V. 
Ramani, O. Tardieu, T. Wang, 
M. Wigness, A. Youssef, “The 
Bottlenecks of AI: Challenges 
for Embedded and Real-Time 
Research in a Data-Centric 
Age,” Accepted to Special 
Issue of the Journal of Real-
Time Systems, Vol. 61, Issue 
2, June 2025

1

2

3

4

https://link.springer.com/article/10.1007/s11241-025-09452-w

[11] T. Abdelzaher, Y. Hu, D. Kara, T. Kimura, A. Misra, V. Ramani, O. Tardieu, T. Wang, M. Wigness, A. Youssef, “The Bottlenecks of AI: Challenges for Embedded and Real-Time Research 
in a Data-Centric Age,” Accepted to Special Issue of the Journal of Real-Time Systems, Vol. 61, Issue 2, June 2025
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Summary
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• Key Insight: We enhanced the state of the art on foundation 
model training and inference for CPS-IoT applications in four 
respects:

• Improved learning and inference from multimodal sensor 
data

• Exploitation of frequency domain characteristics of physical 
signals

• Extentions of foundation model training to multi-vantage 
sources

• Improved efficiency of AI models

• Next Steps: 

• A middleware to support edge AI
• Extend to embodied AI applications
• Improve robustness of edge AI data-to-decision workflows 

to domain shift, re-tasking, reconfiguration, etc.



Publications Covered in this Talk (The Last 12 Months): Publications Covered in this Talk (The Last 12 Months): 

57

1. Chenzhi Hu, Yatong Chen, Denizhan Kara, Shengzhong Liu, Tarek Abdelzaher, Fan Wu, Guihai Chen, “OpenMAE: Efficient Masked Autoencoder for Vibration Sensing with Open-Domain Data 
Enrichment,” Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies (ACM IMWUT), also presented in UbiComp, Espoo, Finland, October 2025.

2. Tianchen Wang, Yizhuo Chen, Hongjue Zhao, You Lyu, Jinyang Li, Tomoyoshi Kimura, Yigong Hu, Denizhan Kara, Maggie Wigness, Jeffrey Twigg, Tarek Abdelzaher, “On Network-Efficient 
Multimodal Multi-Vantage Foundation Models for Distributed Sensing,” In Proc. 22nd IEEE International Conference on Mobile Ad-Hoc and Smart Systems (IEEE MASS), Chicago, IL, October 
2025.

3. Denizhan Kara, Tomoyoshi Kimura, Dachun Sun, Jinyang Li, Yizhuo Chen, Yigong Hu, Hongjue Zhao, Joydeep Bhattacharyya and Tarek Abdelzaher, “DiffPhys: Differential Physics 
Augmentations for Enhanced Representations,” In Proc. 34th International Conference on Computer Communications and Networks (ICCCN), Tokyo, Japan, August 2025.

4. T. Abdelzaher, Y. Hu, D. Kara, T. Kimura, A. Misra, V. Ramani, O. Tardieu, T. Wang, M. Wigness, A. Youssef, “The Bottlenecks of AI: Challenges for Embedded and Real-Time Research in a Data-
Centric Age,” Special Issue of the Journal of Real-Time Systems, Vol. 61, Issue 2, July 2025

5. Jinyang Li, Yizhuo Chen, Ruijie Wang, Tomoyoshi Kimura, Tianshi Wang, You Lyu, Hongjue Zhao, Binqi Sun, Shangchen Wu, Yigong Hu, Denizhan Kara, Beitong Tian, Klara Nahrstedt, Suhas 
Diggavi, Jae H Kim, Greg Kimberly, Guijun Wang, Maggie Wigness, Tarek Abdelzaher, “RestoreML: Practical Unsupervised Tuning of Deployed Intelligent IoT Systems,” In Proc. DCoSS-IoT, 
Lucca, Italy, June 2025. (Best Paper Award)

6. Y Chen, T Wang, Y Lyu, Y Hu, J Li, T Kimura, H Zhao, Y Hu, D Kara, T. Abdelzaher, “SPAR: Self-supervised Placement-Aware Representation Learning for Multi-Node IoT Systems,” arXiv preprint 
arXiv:2505.16936, May 2025.

7. Ashitabh Misra, Nurani Saoda, Tarek Abdelzaher, “Latency-Constrained Input-Aware Quantization of Time Series Inference Workflows at the Edge,” In Proc. IEEE Conference on Computer 
Communications (Infocom), London, UK, May 2025.

8. Tomoyoshi Kimura, Xinlin Li, Osama Hanna, Yatong Chen, Yizhuo Chen, Denizhan Kara, Tianshi Wang, Jinyang Li, Xiaomin OUYANG, Shengzhong Liu, Mani Srivastava, Suhas Diggavi, Tarek F. 
Abdelzaher, “InfoMAE: Pairing-Efficient Cross-Modal Alignment with Informational Masked Autoencoders for IoT Signals,” In Proc. ACM TheWebConference (WWW), Sydney, Australia, April 
2025.

9. Tomoyoshi Kimura, Yizhuo Chen, Denizhan Kara, Jinyang Li, Tianshi Wang, Ruijie Wang, Joydeep Bhattacharyya, Jae Kim, Prashant Shenoy, Mani Srivastava, Maggie Wigness, Tarek 
Abdelzaher, “The Case for Micro Foundation Models to Support Robust Edge Intelligence,” In Proc. 10th IEEE International Conference on Collaboration and Internet Computing (IEEE CIC), 
Washington, DC, November 2024.

10. Denizhan Kara, Tomoyoshi Kimura, Yatong Chen, Jinyang Li, Ruijie Wang, Yizhuo Chen, Tianshi Wang, Shengzhong Liu, Lance Kaplan, Joydeep Bhattacharyya, Tarek Abdelzaher, “PhyMask: An 
Adaptive Masking Paradigm for Efficient Self-Supervised Learning in IoT,” In Proc. 22nd ACM Conference on Embedded Networked Sensor Systems (SenSys), Hangzhou, China, November 
2024.

11. Tomoyoshi Kimura, Jinyang Li, Tianshi Wang, Yizhuo Chen, Ruijie Wang, Denizhan Kara, Maggie Wigness, Joydeep Bhattacharyya, Mudhakar Srivatsa, Shengzhong Liu, Mani Srivastava, Suhas 
Diggavi, Tarek Abdelzaher, “VibroFM: Towards Micro Foundation Models for Robust Multimodal IoT Sensing,” In Proc. 21st IEEE International Conference on Mobile Ad-Hoc and Smart 
Systems (MASS), Seoul, South Korea, September 2024.


