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An Information-Theoretic View of Visualization
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Three Visualization Subsystems

raw data image image knowledge
D v v’ K
N N N
Vis- Vis- Vis- ..
Source @ —» —_— —_— ——— Destination
encoder channel decoder

..u»
.-u»

message message

Encoder Decoder

(Transmitter) (Receiver) Destination

error detection

compactness .
error correction

Three Communication Subsystems



Claude E. Shannon (1916-2001) Entropy
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m Random variable (alphabet)
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Shannon’s Definition of Information

Min Chen, Cost-Benefit Analysis of Data Intelligence,
https://vimeo.com/145258513, 2015
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An Alphabet and its Letters

m English alphabet A B C .. XYZ
m All English prefixes bio, geo, pre, pro, ..., un
m All English words a, ..., silicosis, ..., titin, ...

m All sentences in a text corpu

45 |etters
pneumonoultramicroscopicsilicovolcanoconiosis

m All published BioVis papers

m ... 189,819 letters

a word or a formula?



Data Processing Inequality

p(x, Y, 2) = p(x) p(ylx) p(zly)

p(x) F——PYX)— ——P(zly)—

m “No clever manipulation of
data can improve the
X PZO;?SY“ Y P'VIO‘;?SZSZ —Z inferences that can be made
a0 (r:2) from the data”
1(X:Y)>1(X:2) [Cover and Thomas, 2006]




Mutual Information (shared uncertainty)
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An Example Data Analysis and Visualization Process
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Data Processing Inequality

alphabet alphabet alphabet alphabet alphabet alphabet
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Data Processing Inequality: Big Data Input?

So alphabet alphabet alphabet alphabet alphabet alphabet
s ~ Zl Zz Zs Zu ZL ZL+1
: Process Process Process Process ..
Big Data— 1 — 5 —— . —> L1 —> L — Decision
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p(X, Y, 2) = p(x) p(y[x) p(zly)

p() —PO—  —P(aly)—

X— Processl —Y— Process2 —/
1(X;Y) 1(Y; 2)

1(X:Y)>1(X:2)

interaction U, interaction U,

| |

X— Processl —Y— Process2 —Z

domain knowledge about X

| '

X— Processl —+»Y— Process2 —Z

I(X;Y)!I(X;Z)

DPI is not Ubiquitous

m Markov chain conditions
e Closed coupling: (X,Y), (Y,Z)

e X and Z are conditionally
independent

m What if one of the conditions is
broken?

m In visual analytics, both
conditions are usually broken.

M. Chen and H. Janicke, An information-theoretic
framework for visualization, IEEE Transactions
on Visualisation and Computer Graphics, 2010



Soft Knowledge in Data Intelligence

alphabet alphabet alphabet alphabet alphabet alphabet
: Process Process Process Process ..
Big Data— 1 — 5 —— . — L1 —> . — Decision

All possible decisions under different conditions
a) totally data-driven
b) totally instinct-driven
c) data-informed

d) due to unknown or
uncontrollable factors

entropy
H(X)

x € X is a piece of soft knowledge

entropy
H(z,)

Jz,;x)
mutual
information



Transformation

alphabet alphabet alphabet alphabet alphabet alphabet
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M. Chen and A. Golan, What may visualization processes optimize?,
IEEE Transactions on Visualisation and Computer Graphics, 2015



A Sequential Workflow and Two Basic Metrics

alphabet alphabet alphabet alphabet
© Process . Process
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The sth Function (Process):

Alphabetic Compression Ratio (ACR):

A Reverse “Guessing” Process:

Potential Distortion Ratio (PDR):
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Kullback-Leibler divergence

Z \Y

Process
F

S

forward mapping

Z, \vs+1

Solomon Kullback
1907-1994

Process
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l

Richard Leibler
1914-2003




Cost-Benefit Ratio

alphabet alphabet alphabet alphabet alphabet alphabet
© Process . Process : Process .
Data — 1 — ... — S — ... — . — Decision

m Effectual Compression Ratio (ECR):

H(Zs1) + Dk (Z| | Zs)

Yecr(Fs) = (L)

B Incremental Cost-Benefit Ratio (ICBR):

BE;)  H(Zy)— H(Zeir) - Dx(Z1Z)
ZF) ¢ (F.)

Y(F) =
m Cost can be measured in energy, time, money, etc.

M. Chen and A. Golan, What may visualization processes optimize?, IEEE Transactions on Visualization and Computer Graphics, 2015



Cost-Benefit Optimization
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Three Spaces and Three Measures

M. Chen and H. Janicke, An information-theoretic
framewor k for visualization, IEEE Transac tions
on Visualisation and Computer Graphics, 2010

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

V (G)

Visual MappingRatio (VMR) =
pping ( ) H(X)

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

Information Loss Ratio (ILR) =
H(X)

Display Space Utilization (DSU) J@



s l<—minimal 64 pixels—>] B 76543210 B Example Of V(G)
e .l H NN
i " m Entropy of Data Alphabet
100 - byte 16 E.;. ;= o 64 255 i i B
E' . H(Z) = ;;256 log, 256_512
: = V(G) = H(Z)

m Binary Pixel Plot: D
e 4x4 pixels per bit
o D:2%x24=2"3 bits
m Time Series Plot: D
e Minimal 256x64 pixels
o D:28x26 =214 Dbits
B The more compact, the better?
m Cost?

0 8 16 24 32 40 48 56 64 < ea] _ L ReCOnStrUCtabi"ty?

128 A

minimal 256 pixels
minimal 64 pixels

64 A
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192 A
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minimal 256 pixels

H(X) = 512 bits
V(G) = 512 bits
D = 16382 bits
VMR = 1

ILR =0

DSU = 0.03

H(X) = 512 bits
V(G) = 384 bits
D = 4096 bits
VMR = 0.75
ILR = 0.25

DSU = 0.09
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(a) evenly distributed p

Information Loss Ratio (ILR)

Display Space Restriction
e 64x64 pixels

Evenly distributed probability
mass function

Linear visual mapping

ILR is a probabilistic measure
about

e adataspace X

e not an instance x;
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<— minimal 64 pixels —] Information Loss Ratio (ILR)

256 -

m Display Space Restriction
192 1 e 64x64 piXGlS

m Evenly distributed probability
mass function

. s m Linear visual mapping
E information loss: . o
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256
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641 192 - .
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128 4
64 -
0 T T T 0 M. Chen and H. Janicke, An information-theoretic

0 8 16 24 32 40 48 56 64 0 8 16 24 32 40 48 36 64 framework for visualization, IEEE Transactions
(a) evenly distributed p on Visualisation and Computer Graphics, 2010



Non-uniform Distribution

m Linear visual mapping

probability Z linear Z
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information loss:

information loss:
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® Nonlinear visual mapping
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(c) 4 regional mappings
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m Logarithmic visual mapping
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A Prediction?

m Display capacity Dis limited.
m Data space: noticeable non-uniform distribution: H(X)<< H__ (X)

m Visualization capacity V(G): a visual representation exhibiting a
similar non-uniform distribution of space requirement can reduce

information loss.
m Can adjacency matrixces be improved for trees?
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Map Overlay and its Generalization in Visualization

(b) Everts et al. [EBRI09] (c) Bair, House [BH07] (d) Treavett, Chen [TC00]
Type C Types C.D. G Type D.J

% «— Dimension Welghts —— &

(e) Collms et al. [CPC09] (f) Guo et al. [GXY12] (g) Kindlmann, Westin [KW06] (h) Ware [War(9]
Types C.E Type E Type F Types G, J

”

(1) Chcn etal. [CPL*11] (j) Saﬂo et al [SMY‘O*] (k) Drocourt et al [DBS*11] (1) Ware, Plumlee [WP13]
Types C, G, ] Type C.H Typel
;

i | 0oEOEOE
'\, 0000000
/| 0000008
a7 flielolololololo

(m) Viola et al. [VESGO06] (n) Correa et al. [CSC06] (0) Bolchcn et al. [BBS*08]  (p) Maguire er al. [MRSS*12]
Type E.J Type H.J Types E.G.H.J Type ]




Visual Multiplexing

m Frequency-division multiplexing (FDM)
m Time-division multiplexing (TDM)
m Space-division multiplexing (SDM)
m Code-division multiplexing (CDM)
Location p can be associated with X spatial domain D Perceived information may include
in the source data or determined by estimated values and relationships
a spatial mapping. other signals and noise with data conveyed by other signals.
.—C3—> —C4—>C —Cy—>
X = (xq,x5,*,x)atp MUX == X B Cq - = =p DEMUX  information about X at p
— Cp—> 7 —Cp—>
Xcan be a data record or a set of partially temporal domain T

encoded visual attributes.

vis-encoder vis-link (consisting of many vis-channels) vis-decoder

M. Chen, S. Walton, K. Berger, J. Thiyagalingam, B. Duffy,
H. Fang, C. Holloway, and A. E. Trefethen,
Visual multiplexing, Computer Graphics Forum, 2014.



10 Types of Visual Multiplexing
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Type C: Introduce Partial Occlusion




Type D: Use a‘Hollow’ Visual Channel

A 4 A 4

-

5 14
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Type G: Depict a Continuous Field




Type H: Shift a Visual Channel

v
o o




Type J: Assume A Priori Knowledge




How about When Every Pixel is Used?

Data Visualization Display
Space Space Space V(G)
<1
H V(G) D D
Data Space Entropy Visualization Capacity Display Space Capacity

(Visualization Space Entropy)



o e o —— s — o — ¢

Systematics Application

e

—m C:Introduce Partial Occlusion

__m E:Introduce Translucent
Occlusion

B G: Depict a Continuous Field

m J: Assume A Priori Knowledge

R. P. Botchen, S. Bachthaler, F. Schick, M. Chen, G. Mori, D.
Weiskopf and T. Ertl, Action-based multi-field video visualization,
IEEE Transactions on Visualization and Computer Graphics, 2008.



Information Theory and Visualization

Data Intelligence — a big picture
Visualization — a small picture
Measurement, Explanation, and Prediction
Example: Visual Multiplexing

Example: Error Detection and Correction

Example: Process Optimization

N o kA wh e

Summary

Min Chen EUROGRAPHICS &3




Information Theory and Visualization

Data Intelligence — a big picture
Visualization — a small picture
Measurement, Explanation, and Prediction
Example: Visual Multiplexing

Example: Error Detection and Correction

Example: Process Optimization

N o kA wh e

Summary

Min Chen EUROGRAPHICS &3




Four Levels of Visualization

1. Disseminative Level O(1)
e Thisis”“a"!

2. Observational Level O(n)
e “a""b"“c" .. what, when, where?

3. Analytical Level O(nk)
e Are”a’"b" “c"related? Why?

4. Model-developmental Level O(kn), O(n!)
e How does“a”lead to“b"?

M. Chen and A. Golan, What may visualization processes optimize?,
IEEE Transactions on Visualisation and Computer Graphics, 2015
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P. A. Legg, D. H. S. Chung, M. L. Parry, M. W. Jones, R. Long, I. W. Griffiths and M. Chen,
MatchPad: Interactive Glyph-Based Visualization for Real-Time Sports

Performance Analysis, Computer Graphics Forum, 2012 O bse rvatl O n a.I VI S U al I Z a.tl O n
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P. A. Legg, D. H. S. Chung, M. L. Parry, M. W. Jones, R. Long, I. W. Griffiths and M. Chen,

MatchPad: Interactive Glyph-Based Visualization for Real-Time Sports

Performance Analysis, Computer Graphics Forum, 2012
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Wales' Rugby World Cup team using

Swansea Uni app

Welsh coaches are using technology
developed for them by experts at Swansea
University to improve their match analysis
at the Rugby World Cup.

Coach Warren Gatland and his backroom team
are bombarded with statistics about scrums,
line-outs and tackles during each game.

Now they are using an 'app' to simplify the
information they need and understand the
team's performance.

It also allows the coaches to review video of key moments during play.
The Welsh team employs three analysts whose job t s to collate data

about all aspects of each game from the set pieces and restarts to
tackles made or missed

The MatchPad was tested by the Welsh team at
Cardiffs Millennium Stadium

Related Stories

Wales 'strongest' Euro
cup hope
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Information Theory Tazonomy

Belevance in Visnalizationm

Fuondamental Concepis
Major Chusntities and Properiies

Entropy
Mutual Information
Major Theorems
Information balance {conserration Lyar)

Diata processing inequaliny

Chamme] Types
Moizeless chanme]
Moisy channal

Chamne] Capacity

Bedundsncy

-

Source Coding (for Noiseles:s Channels)
Coding Schemes
Entropy coding {e.g., Hufman,
arithmetic coding)
Dictionary-based coding
Fun-lengzih encoding
Diferentisl encoding
Subband coding
Transform coding
Chisnbizaton
hultiplexing

A possible mathematical framework that underpins the subject of vismalization.

Cresmtitstve messurements about the data and visnalization space, and the relatonship bebwvean
impuf and owipnt of 3 process or subsystem at different stages of & visnslizaton pipeline.

MMeasuring information content (see Section 5.1); salience in visualization.
Uncertamiy reduction in visualizston (see Secion 5_3); information-assisted visualization.
Afany theorsms can be nsed to explam visnalization phenomens and events.
Given two visualizations, A and B, the amount of information about A contained in B is the
same as that abowt B in A; overview + detail visnalization; opoali-view visualization
After visual mapping, the visualization cannot contain more information than the original
data (see Section §.2); Information cannot be recovered afier baing depraded by some pro-
cesses or subsystems ina visualization pipelins.
Providing a theoretical basis for classifying visualization subsystems (ses Section ).
Mot common in praciical visualization pipelines (see Secion 3.
Mliost visuslizaton processes and subsystems can be afected by noise (see Section 3.

It can e adapted to define the maximum amount of informaton that can be visuwalized or dis-.
played {see Secons 5.1 and 6}

Efficiency of a visnal mapping; Emor detection and commection (see Secton §).

Inspiration for developing new data abstraction and vismal encodims techmigues.
Applicable, for example, to the following visualization algorithms:

Logarithrnic plots {see Secton 7.17; mportance-based visnslizaton;
informmaton-assisted visualization; magic lens; illustrative defornmation.

Lagend design; icon design; visualization literacy; knowledza-assisted visualization,
Spatial chastering; chittering reducion.
Wideo visualization; ime-varying data visualizaton.
Mfnlti-resolution madaling: ransfer funciion desipn in volome rendering.
percepiually-based visual encoding, frequency-domain volome rendering.

Color mapping; nmlt-resolation modsling,

Comparative visualizafon; volums rendering; pmli-feld visnalization.



