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2 Communication and Visualization

B Is a visualization
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ormcnen g @ 2 A @ o
P dd @
@ P d®
e @A N Dy

image from:
http://chicagodesignintern.blogspot.com/




A General Visualization Pipeline (without interaction)

raw data information geometry & labels image
D | G \%
N
I Visual :
Source » Filtering ) Rendering
Mapping

optical signal

Optical
Transmission

optical signal

S

image information knowledge
v \ 1 I 1 K
LN | LN | LN |
Viewing » Perception —> Cognition » Destination

messag sign

Encoder

(Transmitter)

Channel

A General Communication System

al

me

Decoder

(Receiver)

SS

smmmmm e Destination

age




raw data

Three Visualization Subsystems
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Three Visualization Subsystems
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Information Theory Tazonomy

Eelevance in Visnalization

Fondamental Concepts
Maior Chasmtities and Properties

=rLa L

Entropy
Biuneal Information

Major Theorems
Information balance {conservation Laar)

Diata processing inequality

Channe]l Types
Moizeless chanme]
Moisy channal

Charmne] Capacity
Bedundsncy

Source Coding (for Noiseles: Chanmels)
Coding Schemes
Entropy coding (e.g., Hufman,
arithmetic coding)
Dictionary-based coding
Bun-lenzih encoding
Diferential encoding
Subband coding
Transform coding
Cuantization
Multiplexing

A possible mathematical framework that noderpin: the sobject of visnalizafion.

imput and owipat of 3 process of subsystem af different stages of a visnalization pipeline.
Measuring information content (see Section 5.1); salience in visualization.
Uncertainty raduction in visnalizzton (ses Secdon 5_3); information-assisted visualization.
Many theorems can be used to explain visnalization phenomens and events.
Criven two visualizztions, A and B, the amonnt of information about A contsined in B is the
same ac that abowt B in A overview + detmil visnalization; nmlt-wiew visualization
After visual mapping, the visualization cannot contain more information than the orizinal
dats (sese Secdon 6.2); Information cannat be recovered afier baing degradad by some pro-
cesses or subsysterns in 3 visnalization pipeline.
Providing a theoretical basis for classifying visualization subsystems (see Secton 6.
Mot common in practical visualizaton pipelines (see Section 3.
Mlost visnslizadon processas and subsystems can be afected by moise (see Section 3
It can be adapted to define the maxinmom amoont of mformation theat can be vismalized or dis-.
played (see Secdons 5.1 and &)
Efficiency of a visnal mapping; Emor detection and commection (see Secton &)

Inzpiration for developing new data abstraction and viznal encoding technigmes.
Applicable, for example, to the following visualization algorithms:
Logarithrnic plots {see Secton 7.17; importance-based visnslizaton;
informmaton-assisted visualization; magic lens; illustrative defommsion.
Legend desizn; icon desien: visualization literacy: knowledze-assisted visualization.
LSpatial chastering; chittening reduction.
Video visualization; ime-varying dats visualizston.
hnlti-resolution modsling; ransfer funcion desirn in volome rendenng.
percepiually-based visual encoding, frequency-domain volome rendening.
Color mapping; mmlt-resohotion modsling.
Comparative visualizaton; volums rendering; mnli-feld visnslizafon.



3 Quantifying Visual Information

M

B Random variable

X

m [t takes values
Xl’XZ’...’Xm

B Probability mass function

p(x;)
B Entropy
H(X)==2_ p(x)log, p(x)

NELIALT WKW AN dL My |

Claude E. Shannon
(1916-2001)
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Entropy: Example

m Time Series
e 64 independent samples
e each sample is an integer in [0, 255]

e probability mass function is 1.i.d.
(independent and identically-distributed)

m Entropy

HZ)=->S L log, + —512
(2) tgmzozses 2506

m Time Series Plot
e Minimal 256x64 pixels (214 pixels)
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byte 16

byte 32 W

byte 48

minimal 64 pixels

The Most Compact, Why Not?

m The most compact:

e 64 bytes (512 bits)

One pixel per bit seems
not enough for vision

e 4x4 pixels per bit — 212 bits

m Not a counter

example:

e Sequential
or parallel

e Salient
Information

Visual Cortsx. Intormation from the eyes Is In bands,
mnmhl.l? bands of scenery. Detalls from both ayes are
matched In each band, allowing accurate Integration,




Three Visualization Subsystems
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Three Measures for Visualization

m Entropy of Input Data Space: H(X)
m Visualization Capacity: V(G)

m Display Capacity: D

cf. (Yang-Pelaez & Flowers, 2000)

V(G)

H((X

Visual Mapping Ratio (VMR) = v
11 \I\}

max(H (X)-V (G),0)

Information Loss Ratio (ILR) =
H (X)

Display Space Utilization (DSU) = \@



4 Explanation - Logarithmic Plot & Redundancy

m Logarithmic plot
Why is it a useful in some situations?
In what situation?

What does it try to optimize?

B Redundancy in Visualization Design
Good and bad?
When is it useful?

Should this community pay more attention to “redundancy”?
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Information Loss Ratio (ILR)

Display Space Restriction
® 64x64 pixels

Evenly distributed
probability mass function

Linear visual mapping

ILR Is a probabilistic
measure about

e a data space X

e not an instance X




Non-uniform Distribution

m Linear visual mapping
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Non-uniform Distribution
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Non-uniform Distribution
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Three Visualization Subsystems

raw data image image knowledge
D \% 1 V' 1 K
LN | | N |
Vis- Vis- Vis- L
Source > > » Destination
encoder channel decoder

intuitiveness
clarity
low info. loss

message message

e B Qo e

A

error detection

compactness .
error correction

A General Communication System



Three Visualization Subsystems

raw data image image knowledge
D \% 1 V' 1 K
LN | | N |
Vis- Vis- Vis- L
Source > > » Destination
encoder channel decoder

error detection
error correction

intuitiveness
clarity
low info. loss

message message

e B Qo e

A

error detection

compactness .
error correction

A General Communication System



300

250

200

150

100

50

199 200
T T
o © | 138 o G
o @ o @D
s |8 2] fg /8
T ) = T ®
Q Q Q Q Q
= = = = =
© o© © © o©
2008
—rt
S Lo,
. =y
‘\.. hﬂ,..,—-—"'-;

£EM

How?

m Redundancy

e see Rheingans &
Landreth, 1995

m Display Space Utilization
(DSU) is generally very
low

m 25-50 fps refresh rate can
be utilized



5 Laws - Interaction and User Studies

Law 3:

The information about an overview in one
of its detailed view is the same as that
about that detailed view in the overview.




. No Mutual Information
p(x,y) Hint Hint

Vortex  25%  25% 5 _ P(X,Y)
negative | (X ,Y) = Z Z p(X, y) IOgZ
Xe XyeY p(x)p(y)
VNO 5%  45%
ortex
e m Example 1: 1 =0.147

positive




Example 1

. No
p(x,y) Hint Hint

Vortex 25% 25%

No 0 0
Vortex R0 it
false
positive

Example 2

: No
p(x,y) Hint Hint

Vortex 40% 10%

No

0 (0]
Vortex Lok O

false
positive

false
negative

false
negative

Mutual Information

m Example 1: I(X;Y) =0.147
m Example 2: I(X;Y) =0.278




The Role of User Studies

m Do quantitative
measurements make
user studies less
Important?




Example 1

: No
p(x,y) Hint Hint

Vortex 25% 25%

No

Vortex o7 45%
Example 2
No

p(x,y) Hint Hint

Vortex 40% 10%

No

(0) 0
Vortex TR -

If we can measure p(X,y), p(x), p(y), ...

m Example 1: I(X;Y) = 0.147
m Example 2: I(X;Y) =0.278




6 Prediction - DP Inequality & a Prediction

. . . (%, Y, 2) = p(x) p(y[x) p(zly)
m Data processing inequalit P
P g q y p(x) F—P{X)— —p(ly)
“No clever manipulation of data
can improve the inferences that X— Process1 —>Y— Process2 —Z
can be made from the data” 1(X;Y) 1(Y; 2)
[Cover and Thomas, 2006] 1(X:Y)> | (X . Z)
B Markov chain conditions
Closed coupling: (X, Y), (Y,2)
interaction U interaction U
X and Z are conditionally " eracllon ' " eracllon ?
independent X— Processl —>Y— Process2 —*Z

B What if the condition is broken?

domain knowledge about X

I(X;Y)!I (X:2) Iy
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Editor:

Visualization Viewpoints .

Data, Information, and Knowledge

in Visualization

-
n visualization, we use the terms data, infor-
mation and Jmowledge extensively, often in an
interrelated context. In many cases, they in-

dicate different levels of abstraction, understand-

ing, or truthfulness. For example, “visualization is
concerned with exploring data and information,”

= e T e

e Ty

gain insight into an information space,"! and “in-
formation visualization” is for “data mining and
knowledge discovery.”” In other cases, these three
terms indicate data types, for instance, as adjec-
tives in noun phrases, such as data visualization,
information visualization, and knowledge visual-
ization. These examples suggest that data, infor-
mation. and knowledee could serve as both the
input and output of a visualization process, raising
questions about their exact role in visualization.

There are many competing definitions of data,
information, and knowledge, in different aspects of
computer science and engineering and in other dis-
ciplines such as psychology, management sciences,
and epistemology (the theory of knowledge).? The
use of the three terms isn't consistent and is often
conflicting. For instance, data and intormation are
often interchangeable in computing (for example,
data processing and information processing or data
management and information management). From
a systems perspective, however, data is referred to
as bits and bytes stored on or communicated via
a digital medium. So any computerized represen-
tations, including knowledge representations, are
LYPSS UL Gela. A LUE ULLGE MEedil, LLUNE LHE peis
spective of knowledge-based systems, data is a sim
pler form of knowledge.

Researchers have attempted to clarify the tax-
onomy of terms used in the visualization com
munity (for example, in the work of Ed H. Chi}
Ben Shneiderman,’ and Melanie Tory and Torsten
Méller?). However, the terms data, information
PR R T Jadan vacmeaic = himccmaen Thic ackisla
doesn't attempt to offer a different taxonomy for
visualization. Instead, we differentiate these three
terms from the perspective of visualization pro-

January/February 2009

Published by the IEEE Computer Society

cesses. Furthermore, we examine the current and
future role of information and knowledge in the
development of visualization technology.

Definitions of Data, Information and
Knowledge

.

el e S

quire knowledge, we must differentiate these terms
in the perceptual and cognitive space. Because we
can also store data, information and knowledge in
the computer, we must also differentiate them in
the computational space.

Perceptual and Cognitive Space

The data-information-knowledze-wisdom (DIKW)
hierarchy’ is a popular model for classifying hu-
man understanding in the perceptual and cog-
nitive space. The origin of this hierarchy can be
traced to the poet T.S. Elior.* Table 1 shows Rus
sell Ackoff's definitions of data, information, and
knowledge.”

Let ™ be the set of all possible explicit and
implicit human memory. The former en-
compasses the memory ot events, tacts, and
concepts, and the understanding of their
meanings, context, and associations, The lat-
ter encompasses all nenconscious forms of
memory, such as emotienal responses, skills,
and habits.” We can thus focus en three subsets

of memory, Peaa € I, Pinto © P, and Praow C P, where

“datay Finfo, and Pynew are the sets of all possible

CAPLICIL 4010 LIELPILICIL WICIUE Y AUUUL UdLa, 11 Las
tion, and knowledge, respectively.

Despite the lack of an agreeable set of the defi-
nitions of data, information, and knowledge, a
consensus exists that data isn't information, and
information isn't knowledge. Without diverting
from this article’s scope, here we simply assume
that Fawa, Pinfe, and Pnow aren’t mutually disjoint
aend cnmena af bk fn a sidkeab af s abkhae AT s
losing generality, we can generalize Pypew to in-
clude wisdom, and any other high level of under-
standing, in the context of the DIKW hierarchy.

0272:1716/09/525.00 © 2009 |EEE

IEEE CG&A, Jan. 2009

Interactive visualization

Information-assisted
visualization

Knowledge-assisted
visualization




7 Conclusions and Future Work

“The purpose of computing is

B The process of gaining insight can be insight, not numbers."

improved by using numbers.

s i
B Information theory can explain many "!(
phenomena in visualization, z ,,"l-
but be careful with naive use. L Sl
. -.
B The current limitations: "’AP
assumption of memoryless, = \ [
¥ 4

lack of real p(x)).
This talk is an overview of the paper.

Details of related work,

in particular, Matt Ward’s suggestion
(see Purchase et al. 2008)

Richard W. Hamming
(1915-1998) §




The Role of a Theoretic Framework
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A possible mathematical framework that noderpin: the sobject of visnalizafion.

imput and owipat of 3 process of subsystem af different stages of a visnalization pipeline.
Measuring information content (see Section 5.1); salience in visualization.
Uncertainty raduction in visnalizzton (ses Secdon 5_3); information-assisted visualization.
Many theorems can be used to explain visnalization phenomens and events.
Criven two visualizztions, A and B, the amonnt of information about A contsined in B is the
same ac that abowt B in A overview + detmil visnalization; nmlt-wiew visualization
After visual mapping, the visualization cannot contain more information than the orizinal
dats (sese Secdon 6.2); Information cannat be recovered afier baing degradad by some pro-
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Providing a theoretical basis for classifying visualization subsystems (see Secton 6.
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Mlost visnslizadon processas and subsystems can be afected by moise (see Section 3
It can be adapted to define the maxinmom amoont of mformation theat can be vismalized or dis-.
played (see Secdons 5.1 and &)
Efficiency of a visnal mapping; Emor detection and commection (see Secton &)

Inzpiration for developing new data abstraction and viznal encoding technigmes.
Applicable, for example, to the following visualization algorithms:
Logarithrnic plots {see Secton 7.17; importance-based visnslizaton;
informmaton-assisted visualization; magic lens; illustrative defommsion.
Legend desizn; icon desien: visualization literacy: knowledze-assisted visualization.
LSpatial chastering; chittening reduction.
Video visualization; ime-varying dats visualizston.
hnlti-resolution modsling; ransfer funcion desirn in volome rendenng.
percepiually-based visual encoding, frequency-domain volome rendening.
Color mapping; mmlt-resohotion modsling.
Comparative visualizaton; volums rendering; mnli-feld visnslizafon.
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