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Examples:

A radio signal carries modulated music and speech.

* A heartbeat signal (ECG) contains information about the
health of a person’s heart.

e Speech is an acoustic signal that humans use to transmit
Information to each other.

e A digitized, coded and modulated speech signal carries
speech signals.(PCM,Pulse Code Modulation)
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1A
4)DP(Data Processing) VS. DSP

DP Is the arithmetic processing of Integer
numerical quantities (accounts, salary spread sheets and so
on). Fast processing of data is desirable but not essential.

DSP is concerned with the arithmetic processing of
numerical representations of real world analogue gquantities.
Real time performance is necessary, such that processed
outputs are produced as fast as input data is available.

The key difference is :
DSP - REAL TIME ARITHMETIC
DP - NON REAL TIME ARITHMETIC

2024/9/8 15 MMVCLAB
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Typical
Applications

Data Manipulation

Math Calculation

Word processing, database
management. spread sheets.
operating sytems, elc.

Digital Signal Processing,
motion control. scientific and
engineering simulations. etc.

addition (A +8=0")
multiphication (4 =f=(")

data movement (1 =% )
value testing ([ A=8 then ..

Main
Operations

All microprocessors can perform both tasks; however, it is difficult
(expensive) to make a device that is optimized for both. Traditional
microprocessors, such as the Pentium®, primarily directed at data
manipulation. Similarly, DSPs are designed to perform the
mathematical calculations needed in Digital Signal Processing.

2024/9/8 16 MMVCLAB
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5) Why DSP ?

Analog Systems vs. || Digital Systems

— T — —)AD| *2 |DIAD)

IN L ﬁ OUT IN 2 OUT

- translate analog (e.qg. filter) design into digital
- expand functionality/flexibility/...
(e.g. analog speech recognition? analog....?)

2024/9/8 17 MMVCLAB



1. B & DSP In present-day systems?

@ Example: Telephone Line

voice-band modems : up fo 56kl
band

Iits/sec in 0..4kHz

ADSL modems : up to cmvits/sec in 30kHz...1MHz

band
(3.5...5km)

VDSL modems : up to Z2Nipits/sec in ...10MHz band
(0.3...1.5km) X 1000

xDSL communication impairments:
channel attenuation/distortion, echo, cross-talk,...

2024/9/8 18 MMVCLAB



1. B & DSP In present-day systems?

Enabling Technology Is ASP

@ Signal Processing DSP-|
1G-SP:(analog filters DSP-II
2G-SP: digital-filters, FFT’s, etc.
3G-SP: full of mathentatics; linear algebra,

statistics, etc...
@ VLSI
@ elc...

2024/9/8 19 MMVCLAB
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2.DSP()VEARAEEN

QIRIREFIIMTH (FFT)

FE2/DIT-FFT (%83 BXBYFFT) Decimation In Time
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2.DSP()VEARAEEN

BiEEI N-1
= y(n) = Xh(k)x(n k)

() LT T &
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3. DSPHft5&h75-Deep Learning
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Definition 1. A class of machine learning techniques that exploit
many layers of non-linear information processing for supervised or
unsupervised feature extraction and transformation and for pattern
analysis and classification. (Li Deng)

Definition 2: “A sub-field within machine learning that is based on
algorithms for learning multiple levels of representation in order to
model complex relationships among data. Higher-level features and
concepts are thus defined in terms of lower-level ones, and such a
hierarchy of features is called a deep architecture. Most of these
models are based on unsupervised learning of representations.”
(Wikipedia on “Deep Learning” around March 2012.)
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@ Definition 3: “A sub-field of machine learning that is based on
learning several levels of representations corresponding to a
hierarchy of features or factors or concepts, where higher-level
concepts are defined from lower-level ones and the same lower-
level concepts can help to define many higher-level concepts. Deep
learning is part of a broader family of methods
based on An observation (e.g., an image)
can be represented in many ways (e.g., a vector of pixels), but some
representations make it easier to learn tasks of interest (e.g., is this
the image of a human face?) from examples, and research in this
area attempts to define what makes better representations and how
to learn them.” see Wikipedia on “Deep Learning” as of this writing
in February 2013; see

2024/9/8 MMVCLAB


http://en.wikipedia.org/wiki/Machine_learning
http://en.wikipedia.org/w/index.php?title=Learning_representation&action=edit&redlink=1
http://en.wikipedia.org/wiki/Deep_learning
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@ Definition 4: “Deep Learning is a new area of Machine
Learning research, which has been introduced with the
objective of moving Machine Learning closer to one of its
original goals: Artificial Intelligence. Deep Learning is about
learning multiple levels of representation and abstraction that
help to make sense of data such as images, sound, and text
See
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y = f(x; W) N:{Wl, .. ,W4}
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s — O A B, = f(x; W)

gmr= cxrewm y-ew B
EHIRIE,
IVA: A ey

- BHMTHEIEE wn
FIRAIREE:
RBM (Restricted \
Boltzmann :gzzgﬁ;ﬁﬂﬁ
Machines); (Layerwise)

Auto-Encoder TS

(Preraining)

YRIE % ST =T W B IR (RU A L) + 7 BB IS5

Pre-Training + Fine-Tuning
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@ J:_:E%SAOIWCA{ I SREZINVNEECE
— AENIALA,
@ 2006ZFEHinton&E AR T4 —Eijc?eﬁ}?i

Zoin 4T3 &
(RBM,Autoencoder,CDELES)

@ Changes in computing
technology favor
Deep learning, eq.GPU
@ Changes In data scale

& S b Le Cun
E . New York
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® 2009: DNN for small-scale ASR (Mohamed, et al.
2009, NIP22)

OTIMIT core test set, PER=23.0%

® 2011: DNN for large-scale ASR

OOver 30% rel. gain in Switchboard (Seide et al.,
2011)
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oILSVCR-2012=E-Elf%iR5l: ImageNets3E

motor scooter
mite ainer motor scooter
black widow go-kart
cockroach amphibian moped

fireboat bumper car
drilling platform golfcart

gr " mushroom cherry adagascar cat

convertible agaric “dalmatian ‘Squirrel monkey
grille mushroom grape spider monkey

pickup jelly fungus elderberry titi

beach wagon glll fungus |ffordshire bullterrier indri
fire engine | dead-man's-fingers currant howler monkey

20 p kSR HEEIIGER, 100044533

2024/9/8

MMVCLAB



RE S-S (88)

ILSVCR-201225 25 rhibisb=
- 16.4%

Krizhevsky et. al.

@ bigger gap than for acoustic @ hx:g?%

« University of Tokyo e 26.1%
« Oxford University Vision Group « 26.9%
 INRIA + XRCE « 27.0%
« University of Amsterdam e« 29.5%
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Intreduction

The 10 Technologies

Past Years

Deep Learning

With massive
amounts of
comﬁ_utatlonal power,
machines can now
recognize cbhjects and
translate speech in
real time. Artificial
intelligence is finally

Temporary Social
Media

Messages that guickhy
self-destruct could
enhance the privacy
of online
communications and
make people freer to

Prenatal DNA
Sequencing

Reading the DMNA of
fetuses will be the
next frontier of the
genomic revolution.
But do you really want
to know about the
genetic problems or
musical aptitude of

Additive
Manufacturing

Skeptical about 3-D
printing? GE, the
world's largest
manufacturer, is on
the verge of using the
technology to make

Baxter: The Blue-
Collar Robot

Rodney Brooks's
newest creation is
easy to interact with,
but the complex
innovations behind the
robot show just how
hard it is to get along

getting smart. N be spontaneous. N vour unborn child? N jet parts. N with people. N
MemoryImplants Smart Watches Ultra-Efficient Sclar Big Data from Cheap Supergrids
Power Phones

A maverick
neurcscientist
believes he has
deciphered the code
by which the brain
forms long-term
memories. Next:
testing a prosthetic
implant for pecple
suffering from long-
term memory loss.

F

The designers of the
Pebble watch realized
that a mobile phone is
more useful if you
don't have to take it
out of your pocket.

F

2024/9/8

Doubling the

efficiency of a sclar

cell would completely
change the

economics of
renewable energy.
Manotechnology just
might make it

possible. N

Collecting and )
analyzing information
from simple cell
phones can provide
surprising insights into
how people move
about and behave —
and even help us
understand the

spread of diseases. N

A new high-power
circuit breaker could
finally make highly
efficient DC power
grids practical. N
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4. AREFE S E R RIEEAMDSP 1§ ZHE
RRBFE SN EED LG
1) Bi& M JEE Adaptive Filtering
2) R 8 L i 5 AR R
Short Time Fourier Transform,Wavelet Transform
)M Tt
Modern Spectrum Estimation
INESTE S EZEREY ki
Multi-rate Processing of Digital Signal
5)IERBE 5 AL B (= HriE o 4r)
Non-Gaussian Signal Processing
6)LA5r3K,RAN B RE S A EERK
Classification and Recognition
(VQ,Neural network,HMM,...)

1117
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4 MARB 2B 5 AE Y AEEMDSP IR ZHE

DSP Il iRIZRHE
1) Bi& R 3 3838 (Weiner Filtering, Kalman
Filtering, LMS Adaptive Filtering,RLS Adaptive
Filtering,Linear Predictive Error Filtering)
)IMARIBE T (SR ANLE AL, KRG
fliit)
)P 3 A R HMENL 0t 5456
HEZES IR CGRtR, BARFS(E T4, (3
i€ X, RS MER)
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4 MARBZE S BRI KEEMDSP H)ZHE

2% H:

@ A. Oppenheim &-R=ScChater DSR-|
‘Digital Signal'Pracessing’ (PrentiCe Hall, 1977)

@ WhRAE, NI ETSAH) , rhRERE
HoAt, 1999,

o ikWEE, (BIESAHE) , HeRFEH i,

1995,
@ Simon klaykin BSP-II

"Adaptive Filter Theory’ (Prentice Hall, 2002)
@ Ali H. Saved

Fundamentals of Adstive Filtering
(IEEE Press,2828;
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