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The Days of Al and Big Data

Write a poem William Shakespeare style about the "Translational Al and Engineering in
Health and Communication” workshop, taking place at the Weizmann Institute of Science.

In this age of science and technology,
Where the boundaries of knowledge are pushed with dexterity,
A workshop is taking place, a sight to see,

Translational Al and engineering, at the Weizmann Institute.

At this hallowed hall, where minds converge,
Experts in their field, with knowledge to purge,
Will gather to discuss and share their knowledge and treasure,

On the intersection of Al, engineering, and health, a measure.

No longer will we be left in the dark,
About the power of Al, and its potential to spark,

Innovation and progress, in health and communication,

At the Weizmann Institute, a new era is born, with determination.

So let us praise this workshop of note,
And give thanks for the knowledge it will promote,
For with its help, we can move forward,

Towards a brighter future, with Al as our ward.

How far Al has come Can we utilize it for truly important purposes? 2



Translational Research in Signal Processing and Al

Bringing together science and technology to address raalrld challenges!

Our goals from toda® workshop:

A Demonstrate how signal processing and Al can advance applications in different arenas (health,
communication, automotive, radar, etc.)

A Inspire new collaborations between academy, healthcare community and industry

A Think how we can leverage the advantages of academia and industry to make a true impact on
unmet needs



ASESSIOM TECHNOLOGIES IN THE ERA OF BIG DATA

ASESSIOR Al AND TECH FOR HEALTHCARE

ASESSIOBt COMMUNICATION AND RADA

AROUND TABLE DISCUSSION

ADEMOEXHIBITION



Thank You!

A SAMPL lab members

A Our collaborators from the hospitals, industry
and academy

A Weizmann conferences section g

A Our speakers: Prof. Irit Sagi, Shmuel Auster, ‘
Prof. Eli Konen, Dr. Efrat Shema, Dr. Leeat -
Keren, Dr. Nir Shlezinger, Assaf Touboul S
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TheManyalgel Center for Biomedical Engineering and Signal Proces:
Where engineering, science and medicine meet
Translational Al and Engineering Research in Health, Sensing and Communicz




The4 Pillars of Our Center

Theoretical research

enter for o A SAMPL lab
Biomedical

Engineering

and Signal £ -
Processing M 2y Clinical arm

Between Science and TechnoloBg$& T Forum




SAMPL Lalgnal Acquisition Modeling Processing andearning
S/AMPL

Signal Acquisition Modeling
Processing and Learning

The technology pillar of our center:

Develop innovative methods for signal acquisition, processing, and learning
theory into real prototypes in various fieldscluding:communication,
Transform Radarmedical and optical imagingiological inference

with industry partners via ouechnology forumto advance next
Collaborate generation technologies




SAMPL Lalgnal Acquisition Modeling Processing andearning

S/ .MPL

TECHNOLOGIES

Help make
technologies
more

F d itati S [uti .
po\(/jve rfu | ast an M?q uI antitative ur?]?gg:golg,on Remote sensin g
and more
accessible to
everyone

6G communication systems Joint radarcommunication system High resolution radar
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SAMPL LabMajor Topics of Research

Radar & Communication

>

>

MIMO communication & radar systems >
Sparse arrays for automotive radar >
Radar and sensors for health applications >
Joint radarcommunication for automotive >

Smart antenna design for ultrasound, radar and comm

Machine Learning

Al for COVID9 detection & monitoring
Al for clinical applications
Model-based machine learning

Machine learning for wireless communications

Ultrasound Technologies

Super resolution and efficient radar systems >

6G comm: near field, RIS, ISAC.. >

Smart Sampling
LevetCrossing sampling & time encoding machine (TENynamic Metasurface Antennas (DMA)

>

>

>

>

>
Modulo sampling & automatic gain control

>
Task based sampling

SubNyquistsampling

Super resolution in ultrasound imaging

Compressed beamforming for wireless ultrasound
imaging

Metasurfacesantennas for communications Joint Radar &

Communications
Systems

Metasurfacedor analog precoding

Compact
Portable Fast &
Devices Quantitative
Efficient MRI
Communications R
Systems g
Z WSy Resolution
Ultrasound Radar

11



SAMPL Clinical

The infrastructure for clinical research: S/AMPL

Brainstorm

|dentify
Design

Harness

Il llll

CLINICAL

with leading physicians via our uniq@dinical Forum

unmet medical needs and important research topics

clinical studies that address these neeiscollaboration with
physicians from Israel and abroad

Innovations in signal processing and artificial intelligence for the
welfare of patients worldwide!

LiPL®

L

su PR

A
4 ‘;l [ 5
CH

B T
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SAMPL Clinical

Bringing the bench to the bedside and back! S/AMPL

CLINICAL

) - S 3 &

=N 00 >3 ;

J : .:J _,_'_ fii/'f
: . -Vf"i

. ( . A B
SuperResolution for AlGuided Ultrasound Al Conversion
Ultrasound Image Acquisition between Modalities

7 A

Wearable Devices

# 4

POCUS/ung
Ultrasound

Covid19 Radar for Clinical

Combining Imaging ModalitiddsingAl e s
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Various Clinical Collaboratorsin Israel and Abroad!

o
@U Langone

8 SHEBA MEDICAL CENTER h RAMBAM
Tel HaShomer -

City of Health Health Care Campus

N DT NNIDAD T 127N
Sl pul o JLisyl nl )alid 3S o

Schneider Children's Medical Center of Israel

INIDIN 210N 4 /

PTXMUW 4™

SHAARE ZEDEK $
‘ ‘ MEDICAL CENTER
\/ igga
g

Memorial Sloan Kettering
pnun NI M .' RABIN MEDICAL CENTER Cancer Center
.‘ BEILINSON « HASHARON

W MASSACHUSETTS
Wiy GENERAL HOSPITAL
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Examples of Clinical Collaborations:

[.l menmedicaLcener  [MProving breast cancer diagnosis using su@solution and multimodal machine learning

.- BEILINSON « HASHARON

[‘l menmepcaLcenier —— [mproving Croh@ disease diagnosis and monitoring using supsolution ultrasound J

-‘ BEILINSON « HASHARON

Schneider Children's Medical Center of Israel

INTW' 0T NNI9TT TTIW 13N o o o _ono a o . 0 . . u
[‘ i s gy sni 5= Alguided image acquisition to enhance imaging of ovaries in pediatric patients J

[ V) Improving the diagnosis of pleural diseases using ultrasound channel data and machine learning
B

RAERDRERN] "/

Ch L z ; Improving monitoring ofsaucheQdisease using machine learning

%
[\NXU Langone  Machine learning and ultrasound channel data to enhance diagnosis of chronic liver diseaser

MEDICAL CENTER

Machine learningpproach to sonographiassessment of tumovolumes for response
— assessment in patients with pancreat&ncer

Cancer Center

And many more, including a joint Cowt study with several hospitals r
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Digital Revolution

> Processing of physical data P
by computers and digital @ PUQUQU% = 010010010010101)10l
devices

> Digital devices store and

process strings of bits,
namely,0s andls

01001001001010m1101111
0100101101011004

> Data processing:
mathematical algorithms
performed on the bits

17



Analog Girl in a Digital Worbd €iudy Gormareg

Analog world Sampling

Analogto-Digital

-
v

LU = Convertor | EZ  u[n] 010010110
> Music (ADC) _ |
> Radar \ > Signal processing
> Communication L) > Image denoising
> ImageX > CompressioX

Y[n| =

n/ J2) '”\1
fs = # samples/sec ‘ |
R = fslog,(#of levels) bits/sec

18



Sampling Recovery

(1) Sampling yln
—)  Analogto-Digital —>
(ADC)

e &
4:'5- 15*1'i:
L o TP o

\v

ze a .5 .Egﬂ' . ey
3. - . ‘r-Ehl- - 24
4 T - I
5 E i _ﬁ - ® M 20 26
iz 13

':E:':‘-\._ w3 F-o e B P R P U e s P
M E ch_sar o e O e kit
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Sampling Recovery

Sampling

_()b Analogto-Digital 4>
(ADC)

> Time

Need to limit the speed of change!

20



NyquistTheorem (928 Recovery

Signal in time Frequency content

ﬁandwidth>

» time 1 » frequency

Nyquist rate

x(t) = ioz x(nT)sinc(t —nT), T =+

Is
n=-—o0

Sampling rate must be greater (or equal)

than twice themaximalfrequency of the signal

21



Shannon Theoreml©48

> Maximum amount of CFWRn PIng (1+SNR

information that can be Capacity Spectrum Antennas Signal Quality
sent over a channel:

Signal to Noise

Total data Radio frequenc Number of
Ratio on the
communication
channel

throughput spectrum antennas on
capacity of utilized by the uncorrelated
the system network signal paths

> Minimal compression distortion using a fixed number of bits

L1 (o . st
R(D):Elog(%] yin —»| ENC [—»| DEC [ ¥%nl &
R

bitrate(memory) [bit/sec]

22



Challenges of Nyquist and Shannon Bounds

Large Bandwidth High ratesamplers > Expensivédnardware-
_ and quantizers intensive systems
> High rate > Highenergy systems

communications =

> High resolution
e.g.in radar and
imaging

=> > Large digital databases:
difficult to process,
store and transmit

> Latency

In medical imaging, high rates often translate into 7
long scanning times drigh radiation dosages

ADCs, the front end of all digital devices, lead to
hardware, data and power bottlenecks

23



Physical Bounds: Super Resolution

> All measuring devices are bandwidth or resolution limitec / \
due to diffraction A

> Diffraction: spreading of waves passing through an apert
> AbbeQ diffraction limit in optical imaging:

,O 0 Super-resolution | Optical microscopy resolution
Spatial resolution is proportional 3” “% 7& | Ene 'if;ll =
to half the imaging wavelength o om0 {rum o oo T
> Spatial resolution in an antenraray ”
or ultrasound probe is inversely v
: N
proportional to the aperture —

Science and Math Lead to Bounds on Technolog

24



The Technology Futurdefeating Physics & Math by Combining The

Synergize the two:

Mathematical Use physics to enable

Science imposes analysis imposes new ways of conveying

limits on our ability limits on information that can only
to hear, see and technology in be interpreted by

communicate terms of speed, mathematical algorithms
size, and power - to enable new

technologies!

IF YOU CANdJ BEAT THEM JOIN THEM

25



Contrast Enhanced Ultrasound

> Ultrasound is wawbased and

thereforeresolution limited -
=

3.

> Physics: Use contrast agengo(ovué %

Theinterface iy blood
Sonovue between the echogenicity
contains gas bubbles and
microbubbles M contrast

blood acts as a

reflector of the
ultrasound

beam

between the

blood and the

surrounding
tissues

poorly soluble
In aqueous
solutions

26



Super Resolution Using CEUS

This does not always DIﬁICUlt ©
work ¢ sometimes feesﬁ)gﬁﬁ)m
contrast only makes tissue

everything brighter!

Combine math and
physics: Track
bubbles to get super
resolution!

27



Florescence Microscopy

Standard optical images Noble prize2014

are resolution limited Super resolution florescence
microscopy
Injecting fluorophores can

increase resolutiord O fold but
precludes live cell imaging

Increase fluorophore
density and use

algorithms to localize! ﬂ
Eric Betzig
.

Photo: A. Mahmoud Photo: A. Mahmoud
Stefan W. Hell William E. Moerner

28



CrossFertilization of Science and Technology

Moving to technology
inspires new ways of

. ) New physics and algorithms
transmitting signals and new . )
‘ : Inspire new technologies
mathematical and physical

limits to investigate

X Science advancing technology, advancing sciefice

o _',,T W75 %.” UK 3 - ~————_Radar x

i jon ~ »

oy T f ﬁ b /.9;‘
‘lt PN ; T S\l i Radar Rx
b

i o . Portable ultr nd Automotive joint radar
Superresolution Efficientquantizer ortable ultrasou joint
ultrasound probe communication

29



Talk Outline

PACE Technology: Physics and AlgorltthL/ o)
Coupled toEnhhancetechnology

> Applications to ultrasound and radar
> Super resolution in microscopy and US

> Model-based artificial intelligence

30
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Standard Acquisition Systems: Modular Design

Design rule: Design rule:
Nyquist theorem Shannon theorem

Each block optimized |

010010110
separately

Processing of
data

@~ _
Design rule:

G — L. MSE, error rate, etc.

32



Joint PACE Acquisition Systems

Compressed
Sensing

Joint Design:

A Structure in
input/system

A Output task

A Math recovery

010010110

Processing of
MACHINE LEARNING Artificial data

WIRELESS Intelligence in
COMMUNICATIONS Covid-19 -

Model based, efficient, and

interpretable data driven methods! a3



Multiple Frequency Bands

> Multiband Communication
> Mishaliand Eldai9

. Analog-to-Digital
é Unknown carriers e R

Sampling, detection, and hardware

A Can be viewed agmnax— bandlimited
A But sampling at rate> 2 f,,.x IS a waste of resources

> Multispectral imaging, multispectral CT

34



Streams of Pulses

> \etterli et. alp2

Radar:

Sub-Nyquist Radar Systems

R

VeIOC|ty

IR~

ty L 3 % Distance to target
Ultrasound:
i - A
/\ > ¢
) 0

A sampler that takes advantage of the pulses' structure can use fewe

samples and lead to higher resolution

35



Compressed Beamforming

> Chernyakovand Eldail3-15
> SNR and resolution are increased by using an antenna array

> Beamforming is performed by introducing appropriate time shifts to the received signals

Focusing the received
beam by applying
nonlinear delays

128256
elements

Scan Plane

F9) =58 i St e g0 @ (/o)

Requires high sampling and processing rates (lots of d3gta

One image trace need28samplers @O0M, beamforming tol50 points,
total of 6.3x10° sums/frame!

36



Challenges

Can w&
> Reduce analog sampling rates of very noisy signals

> Perform nonlinear beamforming on stNyquist samples, without Q
interpolating to the high Nyquigtate grid digitally

Yes, useCompressed Beamforming!

> Reduce US machine size
at same resolution B ot

~,
> |ncrease frame rate |
| R ot
) | (e E

\ )
d‘et

q®

> Enable3D imaging

> Enable remote
wireless ultrasound

37



Union of Subspaces

U — U Ay > Lu and D@8, Mishali and Elda®9
AEA 4 .AAz
z(t) € Ax» — A" is unknown a-priori As 2(t) Ax,

Each A, has low dimension

> Allows to keep low dimension in the problem model
> Low dimension translates to low sampling rate

A sampling operator is invertible over a union of subspaces U if and only if
it is invertible for every

Ary = Ay + Ay = {z|r = z1 + x2, where 1 € Ay, 22 € A}

38



Xampling Hardware

> Mishaliand Eldar10-14
> Alias the data onto low dimensional space by mixing with periodic functions

p1(t)

nly,
é() H(f) —rS— 7]
Time ”Il”
o T z(t) : Reduce bandwidth
Frequency ||| | || P (t)
0 nl,
é H(f) —r— ym[n]

A, AAMAL

Compressed

Xxt) = =3 Acquisition il => sensing and

processing

Analog preprocessing Low rate (bandwidth) -



Xampling Hardware

Sample at low rate using standard ADCs such that in digital we get a CS proljisEs

Low rate, low bandwidth, simple hardware and low computational cost
Achieves the CramdRao bound given a stMyquist sampling rate

(BentHaim, Michaeli, and Eldd2)

Minimizes the worstcase capacity loss for a wide class of signal models

(ChenEldarand GoldsmitH3)

Message—=)

X(t)
Encoder | =)

signal structure,

h®) | =P =

captured by channel capacityachieving
1 3 sub-Nyquist sampler
min max CapLoss ~ 5 {H(ﬁ) — ol ( )}

sampler states

(07

zhy dzy RSNAF YLIX Ay 3 7
M) =—Blogf—(1-Alog1=5) 1|y  Fog NEAGS NI §A2
binary entropy function
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Compressed Sensing

>CandesRomberg, Ta06, Donoho06

K-sparse
(K nonzeros)

Yy X Compressed
m Sensing
Theoryand Applications
l — Yonina C. Eldar and Gitta Kutyniok
Short — e ;
~ 2K measurements [

Long

Main ideas:

> Sparse input vector with unknown support

> Sensing by sufficiently incoherent matrix (seamdom)

> Polynomiailtime recovery algorithms frorilog n measurements

41



Compressed Sensing Extensions

>

Nonlinear sparse recovery (optics):

A Phase retrieval
(Shechtmaret. all11, 14, 15, Eldar and Mendelsoih2,
Ohlsson et. al?2)

A Nonlinear compressed sensing

(Beck and Elddr2, Bahman et. al1, Ohlssoret. al13,
Yang et. al5)

Reference based sparse recovery (MRI)
(Weizman, Eldar and B&ashatl6)

Sparsity with tracking (ultrasoun¢jolomon et. al8)

Statistical sparsity
(Pal and Vaidyanathal¥, Solomon et. al8, Cohen and EId4ds8,
Romero et. all6)

Deep learningGregorand LeCurilO, Mousavi and Baraniuk?,
Borgerdinget. al17, Aggarwal et. dl8, Bora et. all7, Wu et. all9)

ODoDDOoOO0DO0O-0 8=
EL"] OoDDOoOODOO0OE - N

4 2



Mathematical Recovery: Dynamic Range

> Dynamic rangas defined as the difference between the maximum and minimum
values of the displayed signal

> Signals beyond dynamic range are clipped!
> An example of a narrow vs. broad dynamic range in an ultrasound scan:

CHS§-2
Abdomen
30dB

a

3.6 MHz
DR 30 dB
Edge 1
Persist 3
RIS3
Map D
Tint 1

17 fps

Broad dynamic range of IVC | Narrow dynamic range of IVC
el 105

[ — 1 3T
P100% MI0.71 TIS1.4 TIB1.4
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Mathematical Recovery: Dynamic Range

> Transmission medium or processing
devices have limited dynamic range

> Clipping beyond dynamic range

> A modulo operation is used to limit
dynamic range prior to transmission

> The nonlinear modulo causes distortion High dynamic
making inference difficult range image

> Signal structure.g.correlation, sparsity,
Is used to recover the signal

( Standard ADC Modulo

A

Modulo Smpler Y, Folded image Unfolded

4 4



Efficient Hardware

Timing Based Sensing:

Change the information recorded!

/ Synchronous ADC:
Sample signals at regular intervals
Quantizing amplitudes

0,

> Controlled by a global clock:
Powerconsuming
> Increasing the sign@amplitude
A Increases amplitude
guantization dynamic range
A Increases required number of
bits per sample
e 1010010100010 1

1011101010100
100101000101 1

> Lazar and Totlo4
> Adam Scholefield andVetterli 20

Quantizing timings

= [ 1l
0 F)

> No global clock is required:
Low power consumption
> Increasing the sign@lamplitude
A Decreases timing quantization
dynamic range
A Decreases required number of bits
per sample

Integrator

Comparator

1 t 6—&
—J-d'r =
K Jo

Spike trigger reset

P
\_

> Naaman, Mulleti, Eld&?2

Time encoding machine:
Eventdriven sensing approach

ur hardware contains:

Integrator
AComparator

Reset mechanism
Sampling robustly at sub
Nyquist rates!

Reduce power and
bits while leveraging

low-cost, simple
hardware




Example: ECG Continuous Monitoring

> Using synchronous ADC to extract cardiac data is consuming in power and bits
> Our sampling and recovery approach uses minimaldydpist rates with energy

efficient hardware, allowing for higaccuracy HR extraction

Signal

Biased
signal

' '
e o e - o =

1.
Signal ;|
integral osl

0

L5
Encoding 1]
0.5}

0
0 1 2 3 4

Time (sec)

Hardware results in action

Sampling
T T

T
==——FECG input | |

integrator

== TEM output ||

m—threshold

TEM sampling

0.8

0.6 F

0.4

0.2

TEM Recovery
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Xampling: Practical Compression + Sampling

> Xampling: practical suNyquist sampling and
processing - el

> Many examples in which we reduce sampling rate
by exploiting structure

> Low rate translates to lower radiation dosage,
faster scanning, processing wideband signals,
smaller devices and improved resolution

n Radar

Two ways: theory translated to practice, building
the devices led to many new theoretical concept:

47



Advantages of Joint PACE Design

&

Compact, portable
devices with better
imaging quality

Efficient massive
MIMO systems

Fast and

&

guantitative MR

Joint radar and
comm systems

&

-

&

Efficient wideband
sensing

Super resolution
microscopy and
ultrasound

&

Compact, cheap
andhigh
resolutionradar

Interpretable, 0
deep networks for
medical imaging
communication
systems, and more

v
)

clonee
| —
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‘E‘ dn theory, theory and practice are the samhepractice, they are n@t. aiert Einstein
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SubNyquist Ultrasound Imaging

> Chernyakova and Eld&8-15
Low ratesampling enables: Standard Imaging ~1/32 of the Nyquist rate
> 3D imaging | a
> High frame rate for
cardiac imaging
> Handheld wireless device:
rural medicine,
emergency imaging in the
fleld/ambulance

100

120

140

160

Feature

4% Nyquistrate at

Compressed Ultrasound Imaging:
From Sub-Nyquist Rates to Super
Resolution

every channel!
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Bring the Digital Revolution to Ultrasound, Anywhere

Xamplingtechnology samples and processes ultrasound signals without loss
of information at very low rates!

>
>

>

Allows to integrate electronics into probe: wireless ultrasound

Enabling ariopen image¢ ¢ advanced signal processing and Al methods
on channel datahat can run on any platform

Enabling remote health flexibility
Super resolution methods

Low bandwidth [ ) Advancectloud based
CHANNEL data <, < Signal processing

$

—> L P -»))4T>((¢. G E

U '
Low ratesampling HW aae‘ Low rateprocessing

"
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Demo Movie




Deep Adaptive Beamforming

> Luijten et. all9

it
A 8]
b e8] s
A A High-quality
target (EBMV)

Deep learning
Delay-and-sum
(standard) Improved contrast
and resolution
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Inverse Ultrasound; Extracting Tissue Roperties

Since different tissues have different physical

> Shultzman and EIdé’fZ

properties, they reflect sound waves differently /

> Speed of Sound303J
> Acoustic attenuation
> Density

> Elasticity

These measurements encode information

about the gross structure of the tissue!

> Use wave equations to relate the data with

these properties
> Backpropogat¢o extract properties!

The inverse method:

Acquired ultrasound signalg,
tissue properties

B-mode image Sound-speed image

1530
Conventional e

Left: Conventional Bnode ultrasound image
Right:SoSmap (breast tumor yellow)

fln=1]

m

______ ®— X — + — ®— x + — ==
Canvolution 1 [
F[n] n
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Radar/Time of Flight Imaging

> Barllan and Eldat4, Rossi et. dl4, Cohen and Elddi8, Cohen et. a8

> Small, cheap radars with excellent resoluticn

> We can also reduce physical parameters:
A Create a radar map in less time
A Use fewer antenna elements

] COMPRESSED
> Spectrum sharing between radar and e SENSING

communication over the same channel
> Free congested spectrum
> Fast frequency detection

in Radar Si
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SubNyquist and Cognitive Radar

COMPRESSED
SENSING

in Radar Signal Processing

EDITED BY
Antonio De Maio, Yonina C. Eldar,

and Alexander M. Haimovich




Cognitive Automotive Radar

> Mulleti et. al18-20

> Efficient radar systems that scan
large environments

communicate at the same time
> High resolution and high bit rate

57



DeepSparse Antenna Array
>Mulleti et. al19-20

Highres DOA=) Large are=)y dagh, power
We propose NMNbased sparse subarray selection

The method is cognitive and adapts according to the
current target scene

The method is scalable and performs better than a-non
adaptive random selection method

\Y

FAST.LEARNING SPARSE ANTENNA ARRAY SA ﬂ MF.
sl Acquion Moy

FOR AUTOMOTIVE RADAR A Deep Sparse Antenna Array Selection
e | st ray True DOA Estimater

nnnnnnnnnnnnnnnnnn
|| s

|

: — = B B rogems Performance Plots = ——— "
I - et e T— 5 1

— -~ - o o s ==
&3 H H —— W : T o
P Antenna o 1 | ] a
— array =% y - "y - /8 | S e ’ Q ‘ Cg}‘
: - ' b N s S el ) N2 Caf
= ~NE, /AR -0-0-0-0- f - ] e * "
\ T - : I et ) 0 ekl 2N
" o
FilY p L —_—
{0 i

|

“-\\_ b
R

58



DeepSparse Antenna Selection

2.4GHz syste

1 5 GHz system

16 element Rx Transcei

GUI
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Remote Patient Monitoring Using mrdVave Radar

Noncontact vital signs monitoring of multiple subjects
Capable of analyzing very small movements

Accurate human localization in a cluttered environment
Interpretable mathematical modelling

Utilizing the sparse nature of the signals

VVV VYV

0 5 10 15 20 25 30
Slow-Time [s]
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