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In a world of increasingly fast networking and growing distribution, 
the distinction between “embodied”, “embedded”, and “ambient” 

AI will increasingly become blurred.

Following the ubiquitous computing vision, in a world of ubiquitous AI, 
the ideal AI interface will blend seamlessly into the physical environment, 

disappearing into the background and becoming largely invisible.
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Intelligent CPS Applications in Human Spaces 
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Advances in AI will enable a change in application characteristics:

• From data collection to understanding: Interpreting signals in context…

• From specific tasks to transferable “world” representations: Generalizing across uses, environments, contexts, and 
sensors

• From isolated devices to integrated physical/cyber/human environments: Ambient intelligence for collaborative 
situation understanding

• From special-purpose interfaces to collective reasoning systems: Representations that enable learning and reasoning 

Advances in AI have also created the largest computational bottleneck in the history of computation!

A Physical AI Challenge: How to reap the benefits while reducing the cost?



The “Big Picture” Contribution
The AI Landscape:

DeepSense
• Natively interpret sensor data
• Generalize easily to new 

conditions/tasks
• Support multiple related 

application domains

Trend
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https://hothardware.com/news/nvidia-blackwell-moe-10x

Modern AI architectures 
are increasingly built on 
mixture of expert (MoE) 
models: 
A large number of total 
parameters, but a sparse 
structure – only a small 
fraction of parameters are 
activated at any given time. 

Modularity/Sparsity
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ChatGPT ~ 40 Million KWH/Day Human Brain ~ 20 Watt
                             0.48 KWH/Day

8 orders of magnitude energy 
difference

Trillions of weights

100s of Trillions of synapses



Another Dimension of Modularity 
(Inspired by Cognition)
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Modularity/Sparsity
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External 
Stimuli

Perception, 
Interpretation, 
Reaction Cache

Other 
Processing

Another Dimension of Modularity 
(Inspired by Cognition)

95%
Example: OpenAI GPT-5 — explicit fast/reasoning routing

Abstract, conceptual 
reasoning
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External 
Stimuli

Perception, 
Interpretation, 
Reaction Cache

Other 
Processing

Another Dimension of Modularity 
(Inspired by Cognition)

95%
Example: OpenAI GPT-5 — explicit fast/reasoning routing

Significant 
Opportunities for 
Advancing Efficient 
Pervasive, 
Ubiquitous, and 
CPS Applications!
Micro 
Foundation 
Models (µFMs) 

Abstract, conceptual 
reasoning



The “Big Picture” Contribution
The AI Landscape:

DeepSense
• Natively interpret sensor data
• Generalize easily to new 

conditions/tasks
• Support multiple related 

application domains

System-1 Micro-Foundation Models : Optimizing for the Common Case in Tactical AI



The “Big Picture” Contribution
The AI Landscape:

DeepSense
• Natively interpret sensor data
• Generalize easily to new 

conditions/tasks
• Support multiple related 

application domains

Micro-foundation Models:
Solving for the Common Case

• Orders of magnitude smaller 
size than “System 2” models

• Natively interpret sensor data
• Generalize easily to new 

conditions/tasks
• Support multiple related 

application domains

System-1 Micro-Foundation Models : Optimizing for the Common Case in Tactical AI



13

Optimized for:
 Specialized Domains

Unique Applications

Application-specific 
Sensing Modalities

Physical Domain-
specific Insights

µFMs: Reaping Advantages of 
Domain Specialization



14

A Factory for Generating Domain-Specific 
Foundation Models (to Handle the 95%)



What Guides the Principles of Production of 
Domain-Specific (Micro) Foundation Models?
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Bottlenecks?
Challenges?

What general principles underlie the 
production of domain-specific foundation 

models (for CPS/IoT applications)?
Conventional (scientific) 
foundational knowledge

(… for pervasive, ubiquitous and CPS/IoT applications)
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Bottlenecks?
Challenges?

What general principles underlie the 
production of domain-specific foundation 

models (for CPS/IoT applications)?
Conventional (scientific) 
foundational knowledge

(… for pervasive, ubiquitous and CPS/IoT applications)

This is analogous to the 
rise of CPS in the 2000s, 
looking for fundamental 
tenets of the discipline.

(flower by Jeannette Wing)



Guiding Challenge:
The Resource Bottleneck
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Power: ~ 10 Watt ~ 1 Watt 
 

~ 0.1 Watt

AI for Embedded Processors

AI for Microcontrollers

Hyper-tiny AI

Raspberry Pi Model 4 Arduino SparkFun RedBoard



Guiding Challenge:
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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A Factory for Generating Domain-Specific 
Foundation Models (to Handle the 95%)

Data Curation & 
Generation



Exploitation of Unvetted Open Domain Data
Can unvetted measurements of a relevant modality (e.g., vibration sensing) be used to enhance 
foundation model training?
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Pre-training a model 
with unvetted data can 
degrade downstream 
performance. Need 
automated means to 
vet/augment data! 
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Pre-training a model 
with unvetted data can 
degrade downstream 
performance. Need 
automated means to 
vet/augment data! 

99% of the sensor data out there might be noise! Garbage in, garbage out!
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A Factory for Generating Domain-Specific 
Foundation Models (to Handle the 95%)

Model Pre-Training/Fine-Tuning



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 suitable 

for downstream diagnostics and prediction tasks 

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

Data

Encoder

Tokens Latent Representation

Decoders

Downstream Tasks

Tokenizer

Backbone 
Neural Network

Towards a Data-Efficient Self-Supervised 
Learning/Inference Pipeline
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Towards a Data-Efficient Self-Supervised 
Learning/Inference Pipeline



Images: Break into patches. 

Text: Break sentence into words. 

Graphs: Break into nodes. 

Tokenization



Images: Break into patches. 

Text: Break sentence into words. 

Graphs: Break into nodes. 
• Fixed-length Tokenization: Each batch of n 

samples is converted into a token
• Variable-length Tokenization: Samples are 

clustered into groups of different sizes 
depending on latent information content. 
Each cluster is converted into a token. 

Tokenization for domain-specific time-series data
Tokenization



1. Hierarchical Embedding: Capture multi-scale 
embeddings of physical signals 

2. Temporal Anchor Placement: Dynamically identify 
transition (anchors) between events

3. Dynamic Temporal Information Fusion: Adaptively 
condense redundant intervals 

Evaluation
Achieving better accuracy with fewer tokens

Tokenization



Data

Encoder

Tokens Latent Representation

Decoders

Downstream Tasks

Tokenizer

Backbone 
Neural Network

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 suitable 

for downstream diagnostics and prediction tasks 

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

The Self-Supervised Learning/Inference 
Pipeline



Localization & 
Tracking

…

Thin 
Waist
(Created 
by new 
Encoder 
+ Pretext 
Tasks)

Representation Learning as a “Thin Waist” of a “System 1”-Based Architecture

Encoder

Applications
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Semantic encoding in a 
sufficiently high-
dimensional space

Self-supervised 
Pretraining

?

(1) New Input

velocity

distance

…

VibroFM: A Miniature “Vibrometry” Foundation 
Model (Using Multimodal Contrastive Learning)

Fine-tuning: insert a few 
labeled points to map 
space regions to labels



VibroFM

VibroFM

Cross-application         transfer

Representation Generalizability
Will representation trained for one application (e.g., vehicular transportation) be useful for another (e.g., drone 
detection)?  



Representation Generalizability
Observation: 
• The same VibroFM encoder (pre-training on vehicle data) was used to encode UAV data.
• A classification head was added to classify drones (UAS)
• Drone classification based on the VibroFM representation outperformed (in many cases) a drone 

classifier designed from scratch in a supervised fashion from labeled drone data! 
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A Factory for Generating Domain-Specific 
Foundation Models (to Handle the 95%)

Model Adaptation



Adapting the Model to Target Hardware, 
Input Quality, and Data Complexity
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Power: ~ 10 Watt ~ 1 Watt 
 

~ 0.1 Watt

AI for Embedded Processors
AI for Microcontrollers

Hyper-tiny AI

Raspberry Pi Model 4 Arduino SparkFun RedBoard

Differences in Data Complexity

Differences in Target Hardware

Differences in Input Quality



A Toolchain For Adaptive Model 
Quantization
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General Compiler for AI 
Models to produce Adaptively 

Quantized Versions



Summary
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Key takeaways: 

• The CPS community has a great role to play in adapting the 
state of the art in training and inference to the needs of 
physical/embodied AI applications

• One may need to rethink the balance between “system 2” 
and “system 1” solutions for the physical/embodied AI 
application space, optimizing for the 95%!

• The idea of a factory for “System 1” solutions (for physical 
AI) deserves more exploration, complementing the popular 
“System 2” models (LLMs/VLMs/VLAs) to attain significant 
savings!
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