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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.



A Comment on Debates

Debate G1 G2 G3 G4 G5 G6 G7 G8
D1 Contrastive] MAE MAE MAE
D2 Small Large Small
D3 Time Freq Time
D4 MAE MAE MAE MAE
D5 Fixed Variable Variable
D6 S3 S3 S3 S3

Agreement

Dissenting opinion




A Comment on Debates

Departing from consensus opinion (with good reasons) is highly correlated with
I innovation and success in research environments!

Debate G1 G2 G3 G4 G5 G6 G7 G8
D1 Contrastive] MAE MAE MAE
D2 Small Large Small
D3 Time Freq Time
D4 MAE MAE MAE MAE
D5 Fixed Variable Variable
D6 S3 S3 S3 S3

Agreement

Dissenting opinion




Group 1

A Comment on Debates | srmkie  Mathewpan  avis zhang

A-leg. Departing from consensus opinion (with good reasons) is highly correlated with
I innovation and success in research environments!

Debate G2 G3 G4 G5 G6 G7 G8
D1 Contrastive] MAE MAE MAE
D2 Small Large Small
D3 Time Freq * Time
D4 MAE MAE MAE MAE
D5 Fixed Variable Variable
D6 S3 S3 S3 S3

Agreement

Dissenting opinion (a “*” denotes that dissenting opinion won!)




What We Covered: The Data Bottleneck in Self-
Supervised Learning for loT

Class Project Ideas Introduction.

Fundamentals of Self-Supervised
Learning: Tokenization, Pre-
training, Fine-tuning, Backbone
Architectures (e.g., auto-
encoders, transformers, etc), and
Issues with Scaling Laws for IoT

Applications

Self-supervised Learning
Architectures for Time-Series
Data: RNNs, LSTMs, and State
Space Models

Representation Learning from
Multimodal Sensor Data

Representation Learning from
Multimodal Sensor Data (Student
Led)
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The Era of (Empirically Trained) Domain-
Specific Foundation Models

CPS/IoT applications of the future will replace conventional scientific

foundations with empirically trained foundation models <3
e i) 2’7’54 gg & &
, 2 5

NazSO

el —
e sy %
aNeO¥ is e
(.v,.\.! ore the
"ottt
;w%;, Smart Water
ALOLS=
e Management
o o maCh
e
.....
:‘\i\ L ol
!
o2 '.99 “x
3 CREW
@ . 2
) RS
™ %
N2
(o

Public Safety

Tomorrow’s data driven

Conventional (scientific) foundation models foundation models and LLMs
(for CPS/loT applications)



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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Self-supervised Learning — The Principle
of Operation

Supported downstream Tasks

Target/formation detection

Encoding into a
semantically
well-organized
? e “Encoder” latent space

© o) == pase ‘ (Neural > .

Classification/ldentification

Localization/Tracking

@ @ - ’NCompIex Events Netwo rk)

Unattended Sensors

Activity Recognition, Intent Prediction

Finetuning



Components of Self-Supervised Learning

Part I: The tokenizer
= Breaks the input stream into pieces to be individually encoded.

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

Part lll: The pretext task(s)
= The task that trains the encoder
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Neural Network
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time-series data

The Tokenizer " s 1°‘
o e o

5000 1

oA

—5000 -

T T T T T
8000 10000 12000 14000 16000

6 2060
Time
Variable length
5000
Tokenization
—5000 A Al Hith i ; 2 . . "
0 2000 4000 6000 8000 10000 12000 14000 16000
Time
. Spectrogram of First Sequence
Fixed length |
Tokenization |
~5000 : pn i ‘ . ‘
0 2000 4000 6000 8000 10000 12000 14000 16000

Picture generated by Tommy Kimura "

One-dimensional

time-series data Spatially-distributed

or graph data



loT Requirement #1.:

Foundation

Models for Handling Time-Series Sensor
CPS/loT Data Data




Neural Architecture for Time-Series Data
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loT Requirement #2:

Foundation

Models for Handling Multimodal Sensor
CPS/loT Data Data




Handling Multimodal Sensor Data

Compare
—» Contrastive
(Loss)
(Embedding)
Modality alignment in
Alignment Error (Loss) .
masked auto-encoding
Encoder
> > Reconstruction
Mask Encoder Decoder Error (Loss)
Compare
Contrastive
(Loss)
. . . Shared
Modality alignment in Semantic
. . Space
contrastive learning

» Reconstruction
Compare Error (Loss)




andling Multimodal Sensor Data:
necial |oT Considerations in SSL
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Contribution #3:

Foundation

Models for Exploiti
ploiting Frequency
CPS/loT Data Domain Insights




Accommodating Frequency Domain
Inputs

Signal propagation and low-pass filtering Sensor 1
4 meters

Fourier Transform A
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Accommodating Frequency Domain
Inputs: Special lIoT Considerations in SSL

Data augmentation considerations:
No shift-invariance in spectrograms

L5l TR

Frequertcy (Hz)

Similarity metrics (in representation learning)
should account for the possibility of aliasing

, _ _ _ Masked auto-encoding
Contrastive learning considerations:

e T considerations: Masking
Similarity must account for aliasing must account for
semantic importance




Contribution #4:

Foundation

Models for Extensions to Distributed

CPS-loT Data (Multi-Vantage) Sensing
Data




Extensions to Distributed (Spatial-Temporal)
Sensing Data

Exploiting multiplicity/complementarity Exploiting structured relations among
of vantage points vantage points

The attention layer 10T Sensing System Edge/Cloud: Recognition Model with Feature Reconstruction
) Spatial Sensor Topology »
HEE : ol " ,
£5 598 2 & Exploiting geographic
111 11 - i i
| I : (spatial) locations of

vantage points: duality
of signal and location

Global Position Attention J Global Modality Attention

Overall encoder architecture
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Foundation Contribution #5:
Models for

CPS-loT Data Data Curation and
Augmentation




Data Curation

Curation: How to select more useful data for training?
> How is this problem different for CPS/loT data?




A Common Data “Selection” Problem:
Coreset Selection for Training

What’s a core-set?




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




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 ) 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?

'¥* Core-set? Core-set

; e 1
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A Common Data “Selection” Problem:
Coreset Selection for Training

What’s different about this problem in loT settings?

_ Core- set'-’




A Common Data “Selection” Problem:
Coreset Selection for Training

What’s different about this problem in loT settings?

= Sensor data are mostly noise! Representative # Informative!

_ Core- set'-’




The Data Curation Problem in loT:
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.

_ Core- set'-’
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Data Augmentation for Training

Why do we need data augmentation?




Data Augmentation for Training

Why do we need data augmentation?

Car Bicycle

Freewa
1) Fill in (categorical) gaps in observations v ?
v

Dirt road

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 Al to produces synthetic acoustic signatures
of bicycles on a freeway?



Data Augmentation for Training

Why do we need data augmentation?

1) Fill in (categorical) gaps in observations

2) Increase the diversity of observations v’ ? v’

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 Al (encoder) laws of nature
Example: Teach the Al propagation channel

characteristics (e.g., low pass filtering) from
synthetically augmented observations (e.g.,

Sensor 1
4 meters

215

real data + channel simulations)
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https://www.researchgate.net/figure/The-fundamental-limitation-of-linear-time-
invariant-low-pass-filtering-the-length-of-a_fig5_260804992




[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.

Training Foundation Models from Multi-view
Data

« Key need: must perform spatially-aware . Eotf;ﬁ?:;s
fusion of multi-vantage data streams Lg(g;;;a);s { e
- Must understand the implications of =~ ... [ fawy [ Emhedinghod ]—l
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Encoder (MAE) with new reconstruction | %6y s o) | OEE
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of signals and vantage points T | oens _{ roken mbedding %%%_
- Reconstruct masked signal given e 0og
location, or reconstruct masked %%%

location given signal



Learning the Signal-Position Duality
Improves Performance of Spatial Analysis

i Example Multi-modal ‘:

multi-node 10T system | MlOVing vehicle localization experiments using self-supervised foundation models. Localization is

5 ol =2 - based on 2-second seismic and acoustic data snippets collected from six nearby sensors.
| ol 2 Pe

M3N-VC Single-vehicle Localization

iy g Method Label Ratio 1.0 Label Ratio 0.5 Label Ratio 0.2

| MSE (m?) (}) Dist. Err. (m) (}) MSE (m?)({) Dist. Err. (m) ({) MSE (m?)(}) Dist. Er. (m) ({)
iekid i eme 51.11+1467  676+075  7181+1532  7.99+064 11137802  11.05+0.57
Jemmmmemeeeo--’ Cosmo 3840+414  603+021  5312+£975  7.19+£040  97.08+£949  10.95+0.57

SimCLR 34.40 £ 4.47 5.64 £0.25 45.14 = 7.34 6.57 = 0.08 74.53 £3.13 9.48 £0.17
AudioMAE  22.36 + 049 540 £ 0.11 30.12 4 2,97 6.33 £ 0.28 41.75 £ 3.30 747 £0.28
CAV-MAE  18.85 + 041 5.06 £+ 0.04 22.90 = 0.82 558 +0.12 24.84 +0.33 578 £0.10
| ====s==os=o==ac i FOCAL 3243 £ 4.68 337 £ 022 40.84 +2.82 6.20 £ 0.19 69.62 £ 5.62 8.50 = 0.35
Spatial Position: (a,b) | FreqMAE 29.61 1+ 2.85 5.36 £ 0.16 42.06 £ 14.44 6.25 £0.70 91.40 £ 35.32 9.15 4127
--------------- i PhyMask 28.02 & 5.91 5291033 33.74 = 2.18 5.85+0.12 64.36 +£4.70 8.44 £ 0.36

. SPAR 12.98 + 0.11 4.20 £+ 0.07 15.07 £ 1.03 4.51 £+ 0.09 21.36 + 0.62 5.40 = 0.04




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.

M3N-VC Multi-vehicle Joint Classification and Localization

Method
mAP@4m (%) (1) mAP@6m (%) () mAP@8m (%) (1) mAP@10m (%) (1)

CMC 0.06 + 0.05 0.48 +£0.36 1.61 +=1.10 3.62 +£2.19
Cosmo 0.16 = 0.05 1.66 +=0.23 477 +£0.72 952 +1.20
SimCLR 0.31 +=0.14 2.22 +0.58 6.53+1.24 13.07 4+ 2.08
AudioMAE 1.39 +0.48 6.96 +1.42 17.11 = 3.24 28.98 +4.01
CAV-MAE 22.12 +2.94 52.08 +4.16 7341 +£3.24 85.36 = 1.78
FOCAL 0.08 + 0.05 0.82 +£0.40 294+ 1.04 6.82 +1.99
FreqMAE 0.24 4+ 0.01 1.67 +£0.32 5.34 +£0.99 11.31 +=1.49
PhyMask 0.08 + 0.03 0.88 £0.24 3.04 +0.74 6.64 + 1.46
SPAR 41.57 + 2.69 71.82 + 3.69 86.28 + 1.77 92.99 + 0.79

Visualization of Single-Vehicle Localization
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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




[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,

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

Key observation:

* The encoder projects input sensor data into a 10 —— JPEG
latent representation (an embedding) that Y (z,':: Sibifd
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

Localization Distance Error (m)

Implication: Sensor streams not relevant to the

higher-level semantics can be compressed more a 6 3 10 12 1a
. Percentage of Total Traffic (%)

(because they contribute less to the latent

semantic representation).




[8] Jinyang Li, Yizhuo Chen, Ruijie Wang, Tomoyoshi Kimura, Tianshi Wang, You Lyu, Hongjue Zhao, Bingi 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-loT, 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 Al models in the field
without using labeled data?

Yes =2 jointly vote on (i.e., Node 3
guess) labels of new Node 2
Node 1

samples, then use those
guesses as soft labels for

Ensemble Server

P

e Local
Inference

Samples

fine-tuning... ] 0 e " Wndow mgim
. (1 1] L
Must be careful how to L. . lﬂ EA;::;;;:: TRE——
batch new samples to avoid | | Ouuneranee l e B i # E’ fﬁ
catastrophic forgetting and a tocalsample o

avoid bias to specific classes



[8] Jinyang Li, Yizhuo Chen, Ruijie Wang, Tomoyoshi Kimura, Tianshi Wang, You Lyu, Hongjue Zhao, Bingi 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-loT, 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 Al models in the field
without using labeled data?

-+ n0(90.4%) = nl(88.1%) =~ n2(86.4%) = n3(78.8%)
Yes = jointly vote on (i.e., . L e
guess) labels of new 90- = N N, o
samples, then use those AT A '-~../,_.;:-_-'/‘L~.:£g4'=-l>n"=’?§“
guesses as soft labels for I L :
fine-tuning... — 85- r“"‘"
w /
.
BUT... 80' /I
- A
Must be careful how to
0 200 400 600 800 1000 1200

batch new samples to avoid
catastrophic forgetting and
avoid bias to specific classes

Timestamp

Note: Accuracy of new (red) node improves
without degrading accuracy of other nodes



Contribution #4:

Foundation
Models for

Battlefield Efficiency Extensions
Data




[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.

Input-Aware Model Quantization

Can we train an adaptive quantization scheme to adaptively quantize the Al 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?

: Bit-widths known during training (o + o) Bit-widths not known during training (a £+ o)
Aichiectune Mehod gt ~8bits  ~14bits  ~ 26 bits ~5bits  ~Tbits ~13bits  ~ 23 bits
Bit-Mixer 54.2+17.6 62.1+11.73 708+ 7.2 74.2+43 439+ 115 58.2410.2 642+ 7.3 65.3 £ 8.4
CoQuant 64.4+11.6 712446 70.3 +6.3 701433 62.6 5.7 66.3 + 3.4 7.3+29 722428
FCN RobustQuant  64.6 + 14.7 68.2 + 6.4 69.3 + 6.7 78.1+6.2 59.4+4.2 614+ 3.1 68.3 +4.1 714+ 3.1
DQNet 712476 725+45 73.44+5.2 T1.2:£5.5 68.6 + 6.1 69.4+44 T1.3+32 T3l 21
REACTQUANT 73.4+45 7T4.44+31 768+46 788133 69.1+41 743+31 T72.7+46 T756+3.2
Bit-Mixer 65.9+10.4 7T3.8+£72 T743+11.1 81.1 £6.7 59.24+126 64.7+11.6 69.0 £ 9.3 73.1+8.1
CoQuant 78.4 +12.5 798+ 159 844498 87.5+6.1 68.5 + 8.8 76.8+ 3.5 796 + 3.1 83.2+ 2.8
ResNet 18 RobustQuant  79.3+9.1 83.3+95 85.8+9.1 86.5+8.3 69.2+93 721+72 81.8+47 82.7+43
DQNet 81.5+11.3 84.6 + 7.2 84.2+6.5 87.6 +£5.2 71.8+7.3 74.1+6.1 788 +£5.2 84.6 + 3.2
REACTQUANT 85.2+6.4 87.7T+65 87T8+5T7 881+45 792453 838+27 831+33 855+21
Bit-Mixer 54.1+9.2 68.0 £ 9.1 69.8 + 7.2 69.6 + 6.3 57.14+11.2 61.3 +9.2 63.3 = 8.5 66.0 & 6.7
CoQuant 58.3 8.2 69.2 + 8.6 71.2+5.6 4.5+ 3.7 H8.8+ 7.2 67.0+5.1 68.9 + 2.8 739+12
EBN RobustQuant  63.7 4+ 7.1 T23+71 T738+42 751441 62.1+48 64.1+49 66.4+59 73.1+21
DQ-Net 65.3+7.2 71.34+£53 7414551 7T46+3.9 6414+£32 T03+x42 70135 T27+£37
REACTQUANT T71.7+4+45 764+52 75.24+3.7 T76.1+5.1 66.7+25 T7T15+32 T22+41 751136




[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,

Latency-Optimal Hierarchical (Mixture of
Experts) Classification

Given a choice of experts (classifiers), in what order to try them to minimize time to successful classification?

Classifiars ’ Intermediate Global sSuv COUPE
Ko Ki K> K3 Ky Ks K Kget
Modality, params | Both, 129698  Both, 356610 | Both, 130469  Both, 1217109 | Acoustic, 80355 | Acoustic, 80355  Both, 129955 -
Success rate 76.1 87.6 66.8 99.9 1 91.1 94.9 1
Execution time 80.8 317.0 104.7 869.9 80.9 80.9 104.5 10000

Classifiers for the vehicle detection case study (Section V-A).

Cumulative Distribution Function (CDF)
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> H
£ 200 = Global S :
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= 100 ™= Fast first E 02 ! !
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* Key Insight: We enhanced the state of the art on foundation
model training and inference for CPS-loT 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

Summa ry sources

* Improved efficiency of Al models

* Next Steps:

* A middleware to support edge Al
* Extend to embodied Al applications

* Improve robustness of edge Al data-to-decision workflows
to domain shift, re-tasking, reconfiguration, etc.
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