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Next generation of IoT and autonomous devices:

Energy Efficient and Low latency Smart Sensors 

Sensors + Edge Signal Processing and AI

Low Latency Close -Loop for 

control and actuation

 

Low Power System Design

+ Energy harvesting

Energy Efficient and long -range communication 

22.09.2025

Teaching at PBL

Å Embedded systems ï300 students per year

Å Machine Learning on Microcontrollers ï100 students per year

Å P&S 300+ Bachelor students per year  

Å Over 130+ studentsô projects per year. 

Research  at PBL

Å Around 150+ papers published since 2020

Å 10+ Best paper-poster-demo-presentation at IEEE conf.

Å 30+ undergraduate students in conferences 



Introduction to the Today Talk
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Outline and Topics of My Talk

Center For Project Based Learning
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Embedded Systems and Cyber -Physical Systems

ÅComponents and Power

Å CPU

Å Sensors

Å Power consumption

AI and Edge AI: The Importance of the ñSystemò

ÅEfficient Models

Å Quantized and compressed networks

ÅHardware

Å Hardware architectures

ÅExamples

Å TinyML example: Tiny-YOLO on glasses and beyond

Å From wearables to robotics



Often, the main reason for buying is not information processing

Embedded systems (ES) = information processing systems 
embedded into a larger product

Examples:

Embedded Systems



Embedded System

physical/biological/social
processes

observing influencing

reasoning
deciding
big data

CYBER
WORLD

PHYSICAL
WORLD

Nature

Hardware &
Software

Computation

Communication

Embedded System

Use feedback to influence the dynamics of the physical 
world by taking smart decisions in the cyber world



Moving AI from the Cloud to Edge
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Figure reference: Accelerating Implementation of Low Power Artificial Intelligence at the Edge, A Lattice Semiconductor White Paper, November 2018

By integrating efficient Edge AI with sensor fusion and efficiency at system level , we can reduce latency 

by >10x, lower power consumption by up to 90%, enable data protection and without communication. 

The real world doesnôt happen in the cloud 

Sending data to the cloud 

for processing 

introduces 

ÅLatency/reliability

ÅData Protection

ÅNo Wireless 

Communication Needed 

ïLower Bandwidth 

requirements

ÅPower Consumption



CloudĄ EdgeĄ Extreme Edge AI a.k.a. TinyML
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Latency, Privacy

AVERAGE  

CAGR  

27.3%

LOGISTICS

$28BN

SMART

CITIES/  

BUILDING

$12BN

MANUFACTURING /  

INDUSTRIAL AUTOMATION

$22BN

RETAIL

$8 BN

70B$ in 5Y

E. Gousev, Qcomm research



Expected Market success 

D-ITET center for Project-based Learning
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ÅPower Management

ÅArtificial Intelligence

ÅSignal processing

ÅCommunication 

ÅConnected to 
the cloud

ÅConnected to 
other sensors

ÅHuge Amount of 
data and 
Information

ÅApplication 
specific 

ÅCPU

ÅRadio

ÅSensors

ÅPower unit
ÅBattery and EH

Hardware Data

Software Connectivity 

CPS Devices 

The network of physical objects or "thingsñ embedded with electronics, software, sensors, and 

connectivity to enable objects to collect and exchange data.

Core Processing

Sensors ( ECG, 

PPG, EMG and 

QVAR)

Electrodes , 

battery  and 

Dataloggers

IMUs



Components and Requirements by Example







High-Level Physical View



High-Level Physical View



ñExtreme edgeò use case: pico-size form factor UAVs

[1] A. Bachrach, ñSkydioautonomy engine: Enabling the next generation of autonomous flight,ò IEEE Hot Chips 

33 Symposium (HCS), 2021 https://www.bitcraze.io/products/crazyflie-2-1

Å 3D Mapping & Motion Planning 

Å Object recognition & Avoidance

Å 0.06m2 & 800g of weight

Å Energy Capacity (Battery) 5410mAh

Å Smaller form factor of 0.008m2

Å Weight of 27g (30X lighter)

Å Battery capacity of 250mAh (20X smaller)

Advanced autonomous drone and vehicles Nano-drone

Can we fit sufficient ñintelligenceò in a 30X smaller payload and 20X lower energy budget?

https://www.skydio.com/skydio-2-plus

27cm

23cm

9.2cm
9.2cm

Deployment in tight spaces?

Credits: Luca Benini



Fully Onboard Autonomous navigation, with mapping, planning , 
object avoidance and landing  (LIVE DEMO!)

19

[1] Custom

[2] Commercially available

Each nano-UAV si equipped 

with:

1. 4x 64-pixels depth sensors

2. STM32 - controller

3. GAP9 - co-processor

4. NRF51 transceiver - intra-

swarm communication

5. Active marker - ground truth



Integrated Systems Laboratory

Trends:

ÅGreater HW/SW complexity

ÅMore functionality per area-

Biggest Challenges:

ÅEnergy storage

ÅEnergy consumption

ÅEnergy source

Efficiency improvements:
CPUs: 100 ϳ╧▀▄╬╪▀▄

DSPs: 110 ϳ╧▀▄╬╪▀▄

ADCs: 17 ϳ╧▀▄╬╪▀▄

Radios*
*short range

19-34 ϳ╧▀▄╬╪▀▄

Energy density 
Li-ion battery:

2-2.5 ϳ╧▀▄╬╪▀▄

[1]

[2]

20



Setting Things into Perspective

22.09.2025Dept. of Information Technology and Electrical Engineering 21

Reuther 22: arXiv:2210.04055

Nvidia Jetson

MCU for AI

MCUs



The Growing AI Power Challenge: Bigger Models, Bigger Energy 
Demands

22.09.2025

Dept. of Information Technology and Electrical Engineering
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100 Trillion synapses ~ 20 Watt of Power

10x every 2 years 

AI models are becoming too large for 

embedded processors, while current 

processors consume too much power for 

real-world Edge AI applications



Challenge number 1: Computational resources
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Language Models are Few-Shot

Learners [Brown et al., 2020]



Challenges of Bringing AI to the Edge
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Reuther 22: arXiv:2210.04055

Nvidia GPUs

Advanced AI

Efficient Processors for 

Edge AI

Hardware alone is not enough ð efficient systems, model compression and software optimization can reduce 

memory and compute needs by up to 90%, enabling real -time AI even on sub -Watt devices.

Performance boost 

through efficiency .



Power as a Design Constraint

Center For Project Based Learning
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ÁWhy worry about power?

ÁBattery life in portable and mobile platforms

ÁPower consumption in desktops, server farms 

ÁCooling costs, packaging costs, reliability, timing

ÁPower density: 30 W/cm2 in Alpha 21364 

(3x of typical hot plate)

Where does power go in CMOS?

Dynamic power 

consumption

Power due to short -

circuit current during 

transition Power due to 

leakage current

leakshort
2 VIfAVIfACVP ++= t



Dynamic Power Consumption

fACV2

A - Activity of gates 

How often on average do 

wires switch?

f ïclock frequency

Trend: increasing ...

V ïSupply voltage 

Trend: has been dropping 

with each successive fab

C ïTotal capacitance 

seen by the gateôs outputs

Function of wire lengths,

transistor sizes, ...

Reducing Dynamic Power

1) Reducing V has quadratic effect; Limits?

2) Lower C - shrink structures, shorten wires

3) Reduce switching activity - Turn off unused parts or 

use design techniques to minimize number of transitions 



Short-circuit Power Consumption

Finite slope of the input signal 

causes a direct current path 

between VDD and GND for a 

short period of time during 

switching when both the NMOS 

and PMOS transistors are 

conducting

Vin Vout

CL

Ishort

fAVIshortt

Reducing Short-circuit

1) Lower the supply voltage V

2) Slope engineering ïmatch the rise/fall time of the input and output signals 



Leakage Power

leakVI

Sub-threshold current grows exponentiallywith 

increases in temperature and decreases in Vt 

Sub-threshold 

current



New platform for edge computing every year. Edge-AI Platforms

29

GOPs/s

Power/Thermal Envelope10W1W

6.2 GLOPS/s @6W 50$ 

1 TOPS/s @2.5W 80$  

4 TOPS/s @3W 150$  

1 TOPS/s @20W 1000$  

32 TOPS/s @30W 1500$  

0.6 GLOPS/s @0.1W 4$ 

Linux -

Capable

CPU

MCU

100 GOPS/s @1W 70$  

9 GLOPS/s @0.07W 5$ 

Multi -Core MCU

FPGA

GP-GPU

Embedded

ASIC

1

100

1000

10000

Near-Sensor

0.1W

Å Trends:

Å Optmized

accellerator for 

NN

Å Parallel Solutions

Å Custom 

Architectures



ÅComplexity of AI Challenges

ÅSimpler network in specific condition could 

perform better

ÅThe main Limitation was Computation power

ÅSoftware Mechanism more Efficient in 

Existing Hardware. 

30

Real Problem for SoA Research
How Transformers was Created based on attention mechanism . 
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Efficiency is always crucial J



Trade-off accuracy vs size

GOP+

MB+

[culurciello18]

Lees than 1Goperations

Memory limit 

of 1Mbyte



Needs for Model Compression

Operation Energy [pJ] Relative 
Cost

32 bit int ADD 0.1 1

32 bit float ADD 0.9 9

32 bit Register File 1 10

32 bit int MULT 3.1 31

32 bit float MULT 3.7 37

32 bit SRAM Cache 5 50

32 bit DRAM 
Memory

640 6400

Source: http://isca2016.eecs.umich.edu/wp-content/uploads/2016/07/4A-1.pdf

Energy table for 45nm CMOS process

4

9x

30x

128x

http://isca2016.eecs.umich.edu/wp-content/uploads/2016/07/4A-1.pdf
http://isca2016.eecs.umich.edu/wp-content/uploads/2016/07/4A-1.pdf
http://isca2016.eecs.umich.edu/wp-content/uploads/2016/07/4A-1.pdf
http://isca2016.eecs.umich.edu/wp-content/uploads/2016/07/4A-1.pdf
http://isca2016.eecs.umich.edu/wp-content/uploads/2016/07/4A-1.pdf


Shrinking Techniques

²ƘŜƴ ǿŜ ǘŀƭƪ ŀōƻǳǘ ƳƻŘŜƭ ƻǇǘƛƳƛȊŀǘƛƻƴ ƻǊ ǎƛȊŜ ǊŜŘǳŎǘƛƻƴΣ ǿŜΩǊŜ Ƴŀƛƴƭȅ ǘŀƭƪƛƴƎ ŀōƻǳǘΥ

ÅReducing the number of weights

ÅReducing the number of bits per weight

ÅReducing the number of operation to do ςLess MAC

Å[ŜǘΩǎ ǘŀƪŜ ŀ ŘŜŜǇŜǊ ƭƻƻƪ ƛƴǘƻ ǘƘŜ Ƴŀƛƴ ǘŜŎƘƴƛǉǳŜǎ ǘƻ ŀŎƘƛŜǾŜ ǘƘƛǎΗ



Methods for Model: Compression

3
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ÅDeep Compression:
ÄCompressing Deep Neural Networks with Pruning

ÄTrained Quantization

ÄKnowledge Distillation 

* You can combine above methods

ÅAutoML -NAS for Model Compression and Acceleration on
Mobile Devices



Embedded device implementation trick: Quantization 

ML models are trained with floating-point data on GPU graphic cards or servers.
Embedded systems have often no FP, or are very efficient without 

Quantization:
Å Fixed-point quantization helps to avoid the costly floating-point computation
Å To reduces the memory footprint for storing both weights and activations, which is critical for 

resource-constrained platforms

www.youtube.com%2Fwatch%3Fv%3DC-dasYZ3rF4&psig=AOvVaw2VUzE4HjPemHgXLhFx-

aOQ&ust=1649758060214000&source=images&cd=vfe&ved=0CAsQjhxqFwoTCIiUuevhi_cCFQAAAAAdAA

AAABAD



How This is possible?

ÅThe majority of CPS processors provide SIMD instructions that operate on 8-or 16-
bit integers . All registers are still 32-bits wide, but the SIMD instructions operate on 
2 x 16-bit values or 4 x 8-bit values at the same time within a 32-bit register.

Å Instructions that work on 8 - or 16-bit data types are useful for processing data such 
as video or audio, as they do not require full 32-bit precision. The SIMD 
instructions allow these 2x16-bit or4x8 -bit operations to be performed in parallel.



Instruction set architecture (ISA)

ÅAn instruction set architecture acts as an interface between the software and the hardware.

Å
Å
Å

Part of the abstract model of a computer defining how the CPU is controlled by the software. 

Specify both what the processor is capable of doing as well as how it gets done.

Provide the only way through which a user is able to interact with the hardware.

ÅExamples of an instruction set:

Å
Å
Å
Å
Å
Å
Å

ADD - Add two numbers together. 

COMPARE - Compare numbers.

JUMP - Jump to a designated RAM address.

JUMP IF - Conditional statement that jumps to a designated RAM address. 

LOAD - Load information from RAM to the CPU.

STORE - Store information to RAM. 

IN/OUT - I/O for a device, e.g., monitor.

Instruction set [Link]; Instruction set architecture [Link]; Apple [Link]; Intel Skylake [Link]; AMD Ryzen [Link]; RISC-V [Link]

MIT 6.S965: TinyML andE cientDeep Learning Computing
https://e cientml.ai 38

Slides adpated by 

prof. Han MIT



Instruction set architecture (ISA)

ÅComplex Instruction Set Computer (CISC)

Å

Å

Has many specialized instructions, some of which may only be rarely used in practical 

programs.

E.g., Intel x86

ÅReduced Instruction set Computer (RISC)

Å

Å

Simplifies the processor by e cientlyimplementing only the instructions that are frequently 

used in programs, while the less common operations are implemented as subroutines.

E.g., Arm , RISC-V

ÅExample: For performing an ADD operation

Å

Å

ÅRISC may need 4 instructions :

C = A + B

CISC may only need one instruction: add a,b,c

load a, reg1; load b, reg2; add reg1 + reg2 = reg3;

storereg3,c

Instruction set architecture [Link]; CISC - Complex Instruction Set Computer [Link]; RISC - Reduced Instruction Set Computer [Link]

MIT 6.S965: TinyML andE cientDeep Learning Computing
https://e cientml.ai 39

Slides adpated by prof. Han MIT



SIMD Programming

ÅSIMD (Single Instruction Multiple Data)
Å
Å

ÅWith SIMD programming, we can
Å
Å

Exploit data-level parallelism in loops

Achieve speedup by quantization (e.g., int8, fp16)
Di erencebetween a conventional and SIMD instructions

a0 a1 a2 a3

b0 b1 b2 b3

X

a

b

X

Perform operations on data vectors with a single instruction 

Available on mostly all current processors

Single Data

Single Instruction

32bit

Single Instruction 

Multiple Data

128bit

MCUNet: Tiny Deep Learning on IoT Devices [Lin et al., NeurIPS 2020] 

On-Device Training Under 256KB Memory [Lin et al., NeurIPS 2022]

MIT 6.S965: TinyML andE cientDeep Learning Computing
https://e cientml.ai

The Cortex-M4 and Cortex-M7 provide SIMD instructions 

that operate on 8- or 16-bit integers. All registers are still 32-

bits wide, but the SIMD instructions operate on 2 x 16-bit 

values or 4 x 8-bit values at a time within a 32-bit register.

Slides adpated by prof. Han MIT

Single Instruction Multiple Data for ARM Cortex -M

16 or 8bit



SIMD Programming in ARM Cortex-M

To use the SIMD instructions from C code:
load values into int32_t variables (ie 32bit registers) 
invoke the corresponding SIMD intrinsic instructions , 
for example: 
int32_t x, y, z; 

y = Some value ; 

x = Some value; 

z = __SADD16(x, y);

This will perform two 16 -bit signed additions in parallel on the corresponding 
halfwords of the operands and writes the results into the corresponding 
halfwords of the destination , leaving the result in z.



Pruning:Motivation

https://web.stanford.edu/class/ee380/Abstracts/160106-slides.pdf
7



Pruning and Compression or Distillation

Pruningτ removes the connections (weights) in the NN below a certain threshold since 
these provide low or no utility to the output and may even lead to overfitting. The sparse 
Neural Network needs to be retrained after this process.

Knowledge Distillationτoften neural networks have a lot of meaningful connections and others that are redundant. 
The information in the final model that has been trained is transferred to a smaller network model with fewer 
parameters. This compresses part of the network knowledge into a smaller network allowing to reduce the size of the 
model.



Is Pruning come for free?Fine Tuning of Pruning

Pruning a model can have a negative effect on accuracy. You
can selectively prune layers of a model to explore the trade-off 
between accuracy, speed, and model size.
Tips for better model accuracy:
һIt's generally better to fine-tune with pruning as opposed to 
training from scratch.
һTry pruning the later layers instead of the first layers.
һAvoid pruning critical layers (e.g. attention mechanism).

Figure source and more reading: Molchanov, Pavlo, 

Stephen Tyree, Tero Karras, Timo Aila, and Jan Kautz. 

"Pruning convolutional neural networks for resource efficient

inference." arXiv preprint arXiv:1611.06440 (2016).



Magnitude-based method: Iterative Pruning + 
Retraining (Experiment: Overall)

Han, Song, et al. "Learning both weights and connections for efficient neural network." NIPS. 2015.

45

Network Top-1 Error Top-5 Error Parameters Compression 
Rate

LeNet-300-100 Ref 1.64% - 267K

12XLeNet-300-100
Pruned

1.59% - 22K

LeNet-5 Ref 0.80% - 431K

12X
LeNet-5 Pruned 0.77% - 36K

AlexNet Ref 42.78% 19.73% 61M

9X
AlexNet Pruned 42.77% 19.67% 6.7M

VGG-16 Ref 31.50% 11.32% 138M

13X
VGG-16 Pruned 31.34% 10.88% 10.3M



Possible Pruning

Taylor expansion: pruning as 
an optimization problem

Activation: We can evaluate 
the standard deviation or the 
mean of the activations to 
decide to keep the node or not.

Minimum Weight: simplest 
possible criterion, and it does 
not require any additional 
computation during the fine-
tuning process. Evaluation the 
norm of the weight. 

Figure source and more reading: Molchanov, Pavlo, Stephen Tyree, Tero Karras, Timo Aila, and Jan Kautz. 

"Pruning convolutional neural networks for resource efficient inference." arXiv preprint arXiv:1611.06440 (2016).

Pruning of feature maps in VGG-16 fine -tuned on the Birds -200 dataset.



It is also important on large machine!


