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What is it? ... want to measure the importance of

information i° .

Ex.1 Message 1A: “A dog bite a professor.” ABJ

A

Message 1B: “A professor bite a dog.”

1B is not likely to happen - information value is high -
information content must be large

”

n n L 1 1A W

Message 2B: “That day was raining in June.”

2A is not likely to happen - information value is high >
information content must be large

Ex.2 Message 2A: "That day was snowing in June.
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B Desired nature of information content (1) ... Value should be
large when event has low probability

Desired measure satisfies that information content I1(x)
becomes large along with the occurrence probability p(x)
of an event x becomes small

Information content becomes I(x)=0 when p(x)=1 since it
always occurs and there is no value as an information

Information content I(x) approaches oo when p(x) is close to
0 since such event seldom occurs

T EIEM -SSR / Coding Theory and Cryptography



S5 E(3)

| B L A4

B FHELLTHEHFINIME2 ... MIAL-EHOERDFEREE
JELRDEROIEHREDH

- BRXPELUVEZR y NHILICEI-I=EE. TNETNDOHIRE
% p(X), piy). TEBREZ 1(X), I(y) £EFTDE.FER x &y DA
SHEITHT HHEER p(t) (X p(t)=p(x)p(y) THY. FH=E 1(t)

(&, 1(O)=1(x)+I(y)
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Desired nature of information content (2) ... Total information
content of multiple independent events is given by
summation of all event’s information contents

— Let the occurrence probabilities and information contents
of the independent event x and y be p(x), p(y) and 1(x), I(y).
The combined probability p(t) of the events x and y is

p()=p(xX)p(y), and combined information content I(t) should
be an addition of two information contents I(t)=I(x)+I1(y)

When Ex.1 and 2 are combined, each event is
independent. i.e. “A professor bite a dog.” is independent
from “That day was snowing in June.”
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IERE (4)

B FHREOTER
- FEREOMEL(ERABIOM SLUHE2 (AN Eimi=d
BE&K... x#iEE%L (log)
- NHOEZ2IEALBRE I(X) DEZ... HIRFEER p(x) T
HHER x DEC (Self Information Content)

— Hifiglbit: Binary Unit MR
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Definition of Information Content

Find function which satisfies desired nature (1)
(Monotonic decreasing) and nature (2) (Addition) ...
Logarithmic function (log)

Definition of Information Content I(x) having 2 for
logarithmic base I(X) ... of event x
with the occurrence probability p(x)

1
|(X)E|ngﬁ=—|092 p(X)

mr\""7

Unit is bit: abbreviation of Binary Unit
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log, x=y < x=a’
- B0

log, xy =log, x+log, vy
- REROHH

log, X’ = ylog, x
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Review

m Calculation of logarithm
— Definition of logarithm

log, x=y < x=a’

— Logarithm of multiplied variables

log, xy =log, x+log, vy

— Logarithm of the variable to the power of other
variable

log, x* =ylog, x
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Review(2)

m Calculation of logarithm
— Relation often used in information theory

X =log, X
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B IR p()=pX)py) ZFO2FER x Ly DEAEOEFR I
xI9 HECIFHRE () DMEMEDHER
|('[)=—|ng p(t)
=—log, p(x)p(y)
=—|092 p(x)—log2 p(y)
=1(x)+1(y)

E
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B Confirmation of additional characteristics of information
content I(t) where the combined event t (combined by x
and y) has the occurrence probability p(t)=p(x)p(y)

|('[)=—|ng p(t)

=—log, p(x)p(y)
=—log, p(x)-log, p(y)
=1(x)+1(y)
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Quiz

How much is the information content when you get 1
by casting one dice?

How much is the information content when you get ace
by drawing one card?
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m Self Information Content
— Information Content of one message

B Mean Information Content

— Measure of mean importance of messages occur in a
certain probability

— Example of different importance
e \Weather forecast of LA in June

— p(hazy sunshine)=0.95, p(shower)=0.05

— Weather forecast is not important in average since it is
almost always hazy sunshine.

e Weather forecast of Tokyo in June
- p(fine)=0.6, p(occasionally rain)=0.4
— Weather forecast is important since it is uncertain.
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B Definition of Mean Information Content

- To N events a, a,, ... ,ay having occurrence
probabilities p,, p,, ... ,py , the mean information
content |_.is given as follows.

— Mean information content is called “Entropy.”
Entropy H(S) for the memory-less source S is
denoted by




B THFREDFEH
- LAGABILUREOADXKIAFTHDFEIEREZ 1,,(L),
le(T) ET B E

|..(L)=-0.95l0g,0.95—0.05l0g, 0.05 = 0.286

| (T)=-0.6log,0.6 —0.4log, 0.4 =0.997

EGY . RR6ADRATHMD AN, FHFHEHA KRS ER
TEHMTHHIENHMD

Uiad ¥ =3
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B Example of Mean Information Content

— Let mean information content to weather forecast
LA in July and Tokyo in July be I,(L), I(T)

|..(L)=-0.95l0g,0.95-0.05l0g, 0.05 = 0.286
|..(T)=-0.6log,0.6 —0.4log,0.4 =0.997

Thus, mean information content of weather forecast
Tokyo in July has larger value, and is recognized
more important message.
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Mutual Information

B Definition of Mutual Information

— Define information content when receiving incorrect
information

— Weather forecast and real weather
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Mutual Information(2)

m Example
— X: Real weather
— Y: Weather forecast
— P(x,y): Individual probability
—  P(x), P(y): Joint probability
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REOXRKNDIUREE—: H(X)

H(X)=H,(0.57)=0.986

ZZITVH (T rOF—RE%
H.(p)=-plog, p—(1-p)log,(1-p)

RIATFHREBRIMEL-ELEEDERFEDRTD F T HER
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Mutual Information

Entropy of real weather: H(X)

H(X)=H,(0.57)=0.986

where. H; denotes entropy function
H((p)=-plog, p—(1-p)log,(1-p)

conditional probability of real weather when we know
weather forecast
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B SR (RITHRELED)
- RI[ATHHBEDESITERED
RIHEE . ROMERIL0.75,
0.25

B XRFHREHDEEDIGEDE
BOXKOIAOE—: H(X|)

H(X|f)=H,(0.75)=0.81

RRFH T HEEAMDIGENDE
BOXKOIAOE—: HX|r)

H(X |r)=H,(0.70)=0.88
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Mutual Information(4)

Conditional probability (under

known weather forecast)

-  P(fine)=0.75, P(rain)=0.25
when weather forecast says
“fine”

Real weather’s entropy : H(X|f)
when forecast “fine” is known

Real weather’s entropy : H(X]r)
when forecast “rain” is known




A FHR=(5)
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B SHEfFIoraE—

- RIAFPHBERMELELEEDRBFEORTDI OE—:
H(XIY)

H( X |Y )=0.60x0.81+0.40x0.88 = 0.838

- EHMfIbAE—DES

H(X 1Y) == P(y)Y P(x]y)log,P(x]y)
y X
=—> > P(x,y)log, P(x|y)
X
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Mutual Information(5)

B Conditional entropy

— Real weather’s entropy with known weather
forecast: H(X]|Y)

H( X |Y )=0.60x0.81+0.40x0.88 = 0.838

— Definition of conditional entropy

H(X 1Y) == P(y)Y P(x]y)log,P(x]y)
y X
=—> > P(x,y)log, P(x|y)
X
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m HEFE#HRE (Mutual Information (content))

I(X;Y)=H(X)-H(X]|Y)

B MHERRER. FRICE>TERAILEHWVENESORE
- REFTHOHITIE. H(X)=0.986, H(X|Y)=0.838 ThHY.HEIH
#{R= (L 1(X;Y)=0.986-0.838=0.146 &%:3

- RRFHICELH-T. EEFEDOXKICEAL T, F15 0.146 EVED
ERENEZA NS ELEEKRT S
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Mutual Information(6)

Mutual Information (content)
(XY )=H(X)=H(X]Y)

Mutual Information is a measure of ambiguity by

receiving information

- In the example, H(X)=0.986, H(X|Y)=0.838. Thus,
mutual information is given by I(X;Y)=0.986-
0.838=0.146

— This means that 0.146 bits information is given in
average by weather forecast in regard to real
weather
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