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D
om

inant C
oncerns in R

egard to A
pplying 

Technologies: 3 H
istorical Phases

•
C

om
pute: Better com

puter infrastructure, including 
processor pow

er and m
em

ory, up to the early 1990s.

•
N

etw
ork: especially from

 the release of the M
osaic w

eb 
brow

ser in early 1993.   Follow
ed later by search engines.

•
D

ata: from
 the late 2000s.  

•
M

y talk: central role of geom
etric data analysis and I w

ill 
be particularly focused on the role of hierarchical 
topology.

Thursday 31 January 13

Basic ideas and definitions

•
Euclidean geom

etry for sem
antics of 

inform
ation. 

•
H

ierarchical topology for other aspects of 
sem

antics, and in particular how
 a hierarchy 

expresses anom
aly or change.  A

 further 
useful case is w

hen the hierarchy respects 
chronological or other sequence 
inform

ation.
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C
orrespondence A

nalysis is 
A

 Tale of T
hree M

etrics

-
 Chi squared

 m
etric -

 
appropriate for profiles of 
frequencies of occurrence

-
 Euclidean

 m
etric, for 

visualization
, and

 for static 
context

-
 U

ltram
etric, for hierarchic 

relations and
 for dynam

ic 
context
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Triangular inequality 
holds for m

etrics

2
3
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H
orizontal

Vertical
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x

z

y
d(x

,z)
≤

d(x
,y)

+
d(y

,z)

Exam
ple: Euclidean or 

“as the crow
 flies” distance
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U
ltram

etric

•
Euclidean distance m

akes a lot of sense 
w

hen the population is hom
ogeneous

•
U

ltram
etric distance m

akes a lot of sense 
w

hen the observables are heterogeneous, 
discontinuous

•
Latter is especially useful for determ

ining: 
anom

alous, atypical, innovative cases
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Isosceles triangle: 
 approx equal long sides
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Strong triangular inequality, or ultram
etric 

inequality, holds for tree distances
x

y

z

1.0 1.5 2.0 2.5 3.0 3.5

Height

m
ax{

d(x
,y),d(y

,z)}

d(x
,z)

≤

d(x
,z)

=
3
.5

d(x
,y)

=
3
.5

d(y
,z)

=
1
.0

C
losest com

m
on ancestor distance is an ultram

etric 
Thursday 31 January 13

A
nalysis of sem

antics:
1. C

ontext - the collection of all 
interrelationships 

•
Euclidean distance m

akes a lot of sense 
w

hen the population is hom
ogeneous

•
A

ll interrelationships together provide 
context, relativities - and m

eaning  
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A
nalysis of sem

antics:
2. H

ierarchy tracks anom
aly and change

•
Euclidean distance m

akes a lot of sense 
w

hen the population is hom
ogeneous

•
U

ltram
etric distance m

akes a lot of sense 
w

hen the observables are heterogeneous, 
discontinuous

•
Latter is especially useful for determ

ining: 
anom

alous, atypical, innovative cases
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W
hat is so special about hierarchy?

•
U

ltram
etric spaces have interesting properties. 

•
N

ot just in data analysis and pattern recognition, but 
in physics at sm

all scales, and in optim
ization. 

•
U

ltram
etric topology and p-adic num

ber system
s are 

closely associated.  
•

N
ext I w

ill look at: 
•

(i) Q
uantifying inherent ultram

etricity.
•

(ii) C
om

putational im
plications.

12
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13

S
om

e P
roperties of U

ltram
etrics

•
The distance betw

een tw
o objects -- or tw

o term
inals in the 

tree -- is the low
est rank w

hich dom
inates them

.   Low
est 

or closest com
m

on ancestor distance.
•

The ultram
etric inequality holds for any 3 points (or 

term
inals): 

•
d(i, k)  ≤  m

ax {d(i,j), d(j,k)}
•

R
ecall: the triangular inequality is: d(i,k)  ≤  {d(i,j) + d(j,k)} 

•
A

n ultram
etric space is quite special: (i) all triangles are 

isosceles w
ith sm

all base, or equilateral; (ii) every point in 
a ball is its center; (iii) the radius of a ball equals the 
diam

eter; (iv) a ball is clopen; (v) an ultram
etric space is 

alw
ays topologically 0-dim

ensional. 
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14

Q
uantifying ultram

etricity – I 

•
A

ssum
e E

uclidean space.  C
onsider a triplet of 

points, that defines a triangle.
•

Take sm
allest internal angle, a, in triangle ≤ 60 

deg. 
•

…
 and, for the tw

o other internal angles, b and c, if 
| b – c | < 2 deg. (arbitrary sm

all angle), 
•

Then this triangle is ultram
etric.  

•
W

e look for the overall proportion of such triangles 
in our data. 
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15

Q
uantifying ultram

etricity – II

•
S

o: w
e take all possible triplets, i, j, k

•
W

e look at their angles, and judge w
hether or not 

the ultram
etric triangle properties are verified

•
If so: #U

M
-triangles++

•
H

aving exam
ined all possible triangles, our α 

m
easure is: #U

M
-triangles / #triangles

•
A

ll triangles respect these ultram
etric properties 

im
plies α = 1; no triangle does, then = 0  

•
For n objects, this is com

putationally prohibitive, so 
w

e sam
ple i,j,k in practice (uniform

ly)
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16

O
ther W

ays of Q
uantifying 

U
ltram

etricity – III 

•
R

elationship betw
een subdom

inant ultram
etric, 

and given dissim
ilarities.  

•
R

am
m

al, Toulouse and Virasoro, U
ltram

etricity for 
physicists, R

ev. M
od. P

hys., 58, 765-788, 1986.

•
W

hether interval betw
een m

edian and m
ax rank 

dissim
ilarity of every set of triplets is nearly em

pty.  
(Taking ranks provides scale invariance.)  

•
Lerm

an, C
lassification et A

nalyse O
rdinale des 

D
onnées, D

unod, 1981. 
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P
ervasive U

ltram
etricity

•
A

s dim
ensionality increases, so does ultram

etricity.
•

In very high dim
ensional spaces, the ultram

etricity 
approaches being 100%

.
•

R
elative density is im

portant: high dim
ensional and 

spatially sparse m
ean the sam

e in this context. 

•
S

ee: F M
urtagh, “O

n ultram
etricity, data coding, and com

putation”, Journal 
of C

lassification, 21, 167-184, 2004
•

H
all, P., M

arron, J.S
., and N

eem
an, A

., “G
eom

etric representation of high 
dim

ension low
 sam

ple size data”, JR
S

S
 B

, 67, 427-444, 2005
•

F. D
elon, E

spaces ultram
étriques, J. S

ym
bolic Logic, 49, 405-502, 1984 
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C
om

putational Im
plications

•
C

onsider a dendrogram
: a rooted, labeled, ranked, binary tree.   

S
o: n term

inals, n-1 levels.  
•

A dendrogram
’s root-to-term

inal path length is log
2 n for a balanced 

tree, and n-1 for an im
balanced tree.   C

all the com
putational cost 

of such a traversal O
(t) w

here t is this path length.  It holds:           
1 ≥ O

(t) ≥ n-1 .  
•

A
dding a new

 term
inal to a dendrogram

 is carried out in O
(t) tim

e.        
•

C
ost of finding the ultram

etric distance betw
een tw

o term
inal 

nodes is tw
ice the length of a traversal from

 root to term
inals in the 

dendrogram
.  Therefore distance is com

puted in O
(t) tim

e. 
•

N
earest neighbor search in ultram

etric space can be carried out in 
O

(1) or constant tim
e.  

18
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-
 First, agglom

erative hierarchical clustering; then: “hierarchical 
encoding” of data.

-
 U

ltram
etric topology, Baire distance.

-
 C

lustering of large data sets.

-
 H

ierarchical clustering via Baire distance using SD
SS (Sloan D

igital 
Sky Survey) spectroscopic data. 

-
H

ierarchical clustering via Baire distance using chem
ical com

pounds.

-
 R

eferences.

-
 T

hen I w
ill m

ove to narrative analysis and synthesis.

A
pplications in Search and D

iscovery
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N
ext: the B

aire (ultra)m
etric20
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A
n exam

ple of Baire distance for tw
o num

bers (x
  and y) using 

a precision of 3:

Baire distance betw
een x

 and y:

d
B (x, y) =

 10
−

2 

Base (B ) here is 10 (suitable for real 
values)
Precision here =

 |K
| =

 3

That is:
k=

1 ->
 X

k  = Y
k   ->

  4
k=

2 ->
 X

k  = Y
k   ->

  2
k=

3 ->
 X

k  ≠ Y
k   ->

  5≠
7

x
 =

 0
.4

2
5

y
 =

 0
.4

2
7

Baire, or longest com
m

on prefix distance - and also an ultram
etric
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-
 

Baire 
space 

consists 
of countable 

infinite 
sequences 

w
ith 

a 
m

etric defined in term
s of the longest com

m
on prefix [A. Levy. Basic Set 

Theory, D
over, 1979 (reprinted 2002)]

-
 T

he longer the com
m

on prefix, the closer a pair of sequences.

-
 T

he Baire distance is an ultram
etric distance.  It follow

s that a 
hierarchy can be used to represent the relationships associated 
w

ith it.  Furtherm
ore the hierarchy can be directly read from

 a 
linear scan of the data.   (H

ence: hierarchical hashing schem
e.)

-
 

W
e 

applied 
the 

B
aire 

distance 
to

: 
chem

ical 
co

m
po

unds, 
spectrom

etric and photom
etric redshifts from

 the Sloan D
igital Sky Survey 

(SD
SS), and various other datasets.

O
n the Baire (ultra)m

etric

Thursday 31 January 13

-  W
e took a subset of 

approxim
ately  0.5 m

illion data 
points from

 the SD
SS release 5 [see 

D
’Abrusco et al]:

- declination (D
ec) 

- right ascension (R
A

)
- spectrom

etric redshift
- photom

etric redshift.

-  D
ec vs R

A
 are show

n in the 
figure.

SD
SS (Sloan D

igital Sky Survey) D
ata

Thursday 31 January 13

D
ata - exam

ple

145.4339      0.56416792    0.14611299     0.15175095
145.42139    0.53370196    0.145909         0.17476539
145.6607      0.63385916    0.46691701     0.41157582
145.64568    0.50961215    0.15610801     0.18679948
145.73267    0.53404553    0.16425499     0.19580211
145.72943    0.12690687    0.03660919     0.06343859 
145.74324    0.46347806    0.120695         0.13045037

R
A

D
EC

spec. redshift
phot. redshift
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•
M

otivation - regress z_spect on z_phot 

•
Furtherm

ore: determ
ine good quality 

m
appings of z_spect onto z_phot, and less 

qood quality m
appings

•
I.e., cluster-w

ise nearest neighbour 
regression

•
N

ote: cluster-w
ise not spatially (R

A
, D

ec) 
but rather w

ithin the data itself

Thursday 31 January 13

Perspective Plots of D
igit D

istributions

O
n the left w

e have z_spec  w
here three data peaks can be observed. 

O
n the right w

e have z_phot w
here only one data peak can be seen.

Thursday 31 January 13

•
82.8%

 of z_spec and z_phot have at least 2 
com

m
on prefix digits.

•
I.e. num

bers of observations sharing 6, 5, 4, 3, 2 decim
al digits. 

•
W

e can find very efficiently w
here these 

82.8%
 of the astronom

ical objects are.

•
21.7%

 of z_spec and z_phot have at least 3 
com

m
on prefix digits. 

•
I.e. num

bers of observations sharing 6, 5, 4, 3 decim
al digits. 

Fram
ew

ork for Fast C
lusterw

ise R
egression 
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•
N

ext - another case study, using 
chem

oinform
atics - w

hich is high 
dim

ensional.

•
Since w

e are using digits of precision in our 
data (re)coding, how

 do w
e handle high 

dim
ensions?

Thursday 31 January 13



Baire D
istance A

pplied to 
C

hem
ical C

om
pounds

Thursday 31 January 13

30

M
atching of C

hem
ical S

tructures

- Clustering of com
pounds based on chem

ical 
descriptors or chem

ical representations, in the 
pharm

aceutical industry.  
- U

sed for screening large corporate databases.  
- Chem

ical w
arehouses are expanding due to m

ergers, 
acquisitions, and the synthetic explosion brought 
about by com

binatorial chem
istry. 
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31

B
inary Fingerprints

1 0  0 0 1 0 0 0 1 ...1

Fixed length bit strings such as
D

aylight
M

D
L

B
C

I
etc.

Encode

Thursday 31 January 13

C
hem

oinform
atics clustering 

•
1.2 m

illion chem
ical com

pounds, each characterized by 1052 
boolean presence/absence values.  

•
Firstly w

e note that precision of m
easurem

ent leads to 
greater ultram

etricity (i.e. the data are m
ore hierarchical).

•
From

 this w
e develop an algorithm

 for finding equivalence 
classes of specified precision chem

icals.  W
e call this: data 

“condensation”. 
•

S
econdly, w

e use random
 projections of the 1052-

dim
ensional space in order to find the B

aire hierarchy.  W
e 

find that clusters derived from
 this hierarchy are quite sim

ilar 
to k-m

eans clustering outcom
es. 

32
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•
N

orm
alize chem

ical com
pounds by dividing each row

 by row
 

sum
 (hence “profile” in C

orrespondence A
nalysis term

s).
•

Tw
o clustering approaches studied:

•
Lim

it precision of com
pound / attribute values.  This has the 

effect of m
ore com

pound values becom
ing the sam

e for a given 
attribute.  Through a heuristic (e.g. interval of row

 sum
 values), 

read off equivalence classes of 0-distance com
pounds, w

ith 
restricted precision.  Follow

 up if required w
ith further analysis 

of these crude clusters.  W
e call this “data condensation”.  For 

20000 com
pounds, 1052 attributes, a few

 m
ins. needed in R

. 
•

S
econd approach: use random

 projections of the high 
dim

ensional data, and then use the B
aire distance.  

33
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-
W

e have a new
 w

ay of inducing a hierarchy on data 

-
First view

point: encode the data hierarchically and essentially read off the clusters

-
A

lternative view
point: w

e can cluster inform
ation based on the longest com

m
on 

prefix

-
W

e obtain a hierarchy that can be visualized as a tree

-
W

e are hashing, in a hierarchical or m
ultiscale w

ay, our data

-
W

e are targeting clustering in m
assive data sets

-
T

he Baire m
ethod - w

e find - offers a fast alternative to k-m
eans and a fortiori to 

traditional agglom
erative hierarchical clustering

-
A

t issue throughout this w
ork: em

bedding of our data in an ultram
etric topology 

Sum
m

ary Rem
arks on Search and D

iscovery
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A
nalysis of N

arrative
Technical Issues A

ddressed 

•
W

e m
ust consider com

plex w
eb of relationships.

•
Sem

antics include w
eb of relationships - them

atic structures and 
patterns. Structures and interrelationships evolve in tim

e.   

•
Sem

antics include tim
e evolution of structures and patterns, including 

both: threads and com
m

onality; and change, the exceptional, the 
anom

alous. 

•
N

arrative suggests a causal or em
otional relationship betw

een events.

•
A

 story is an expression of causality or connection

•
N

arrative connects facts or view
s or other units of inform

ation. 
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Topics 

•
C

asablanca - analysis of em
otion in scene 43

•
Tw

o senses of sem
antics - all interrelationships, and change over 

tim
e

•
A

ssociate these, resp., w
ith Euclidean m

etric and ultram
etric

•
Text attributes and their significance (and feasibility of m

apping 
these onto desired outputs)

•
C

haracterizing structure and properties of C
SI television 

episodes

•
Text synthesis - supporting collaborative narrative construction - 
book w

riting 

Thursday 31 January 13



•
Scene 43 in C

asablanca (out of 77 scenes).

•
C

rucial m
id-point scene.  Follow

ing M
cK

ee, I w
ill 

analyze 11 subscenes (“beats”).  

•
R

ight, first three subscenes (in blue, brow
n, red).

EX
T. BLA

C
K

 M
A

R
K

ET
 - D

AY

A
t the linen stall, Ilsa exam

ines a tablecloth w
hich an A

rab vendor 
is endeavoring to sell. H

e holds a sign w
hich reads "700 francs."

A
R

A
B

You w
ill not find a treasure like this in all M

orocco, M
adem

oiselle.
O

nly seven hundred francs.

R
ick w

alks up behind Ilsa.

R
IC

K
You're being cheated.

She looks briefly at R
ick, then turns aw

ay. H
er m

anner is
politely form

al.

ILSA
It doesn't m

atter, thank you.

A
R

A
B

A
h, the lady is a friend of R

ick's? For friends of R
ick w

e have a 
sm

all discount. D
id I say seven hundred francs? You can have it for 

tw
o hundred.

R
eaching under the counter, he takes out a sign reading "200 

francs", and replaces the other sign w
ith it.

R
IC

K
I'm

 sorry I w
as in no condition to receive you w

hen you called 
on m

e last night.

ILSA
It doesn't m

atter.

A
R

A
B

A
h, for special friends of R

ick's w
e have a special discount. O

ne 
hundred francs.

H
e replaces the second sign w

ith a third w
hich reads "100

francs."

M
ovie 

C
asablanca

shot by W
arner 

Brothers 
betw

een M
ay and 

A
ugust 1942

For M
cK

ee, 
com

position of
C

asablanca is
“virtually perfect”.  
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A
nalysis of C

asablanca’s “M
id-A

ct 
C

lim
ax”, Scene 43

subdivided into 11 “beats” (subscenes)

•
M

cK
ee divides this scene, relating to Ilsa and R

ick seeking black m
arket exit visas, into 11 “beats”

•
Beat 1 is R

ick finding Ilsa in the m
arket

•
Beats 2, 3, 4 are rejections of him

 by Ilsa

•
Beats 5, 6 express rapprochem

ent by both

•
Beat 7 is guilt-tripping by each in turn

•
Beat 8 is a jum

p in content: Ilsa says she w
ill leave C

asablanca soon

•
In beat 9, R

ick calls her a cow
ard, and Ilsa calls him

 a fool

•
In beat 10, R

ick propositions her 

•
In beat 11, the clim

ax, all goes to rack and ruin: Ilsa says she w
as m

arried to Laszlo all along.  R
ick is 

stunned

Thursday 31 January 13

m-1
.0

-1
.0

M-1
.0

M

-1
.0

-0
.5

-0
.5

M-0
.5

M

-0
.5

0
.0

0
.0

M0
.0

M

0
.0

0
.5

0
.5

M0
.5

M

0
.5

1
.0

1
.0

M1
.0

M

1
.0

1
.5

1
.5

M1
.5

M

1
.5

2
.0

2
.0

M2
.0

M

2
.0

m-2
.0

-2
.0

M-2
.0

M

-2.0

-1
.5

-1
.5

M-1
.5

M

-1.5

-1
.0

-1
.0

M-1
.0

M

-1.0

-0
.5

-0
.5

M-0
.5

M

-0.5

0
.0

0
.0

M0
.0

M

0.0

0
.5

0
.5

M0
.5

M

0.5

1
.0

1
.0

M1
.0

M

1.0

1
.5

1
.5

M1
.5

M

1.5

F
a
c
to

r 1
, 1

2
.6

%
 o

f in
e
rtia

MF
a
c
to

r 1
, 1

2
.6

%
 o

f in
e
rtia

M

F
a
c
to

r 1
, 1

2
.6

%
 o

f in
e
rtia

F
a
c
to

r 2
, 1

2
.2

%
 o

f in
e
rtia

MF
a
c
to

r 2
, 1

2
.2

%
 o

f in
e
rtia

M

Factor 2, 12.2% of inertia

111M

1

222M

2

333M

3

444M

4

555M

5

666M

6

777M

7

888M

8

999M

9

1
0

101
0

M

1
0

1
1

111
1

M

1
1

P
rin

c
ip

a
l p

la
n

e
 o

f 1
1

 b
e

a
ts

 in
 s

c
e

n
e

 4
3

MP
rin

c
ip

a
l p

la
n

e
 o

f 1
1

 b
e

a
ts

 in
 s

c
e

n
e

 4
3

M

P
rin

c
ip

a
l p

la
n

e
 o

f 1
1

 b
e

a
ts

 in
 s

c
e

n
e

 4
3

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M...M

.

...M

.

...M

.

...M...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M...M

.

...M...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M...M...M

.

...M

.

...M

.

...M

.

...M...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M

.

...M...M

.

...M

.

...M

.

...M

.

...M...M...M

.

...M

.

...M

.

...M

.

210 w
ords used in these 11 “beats” or subscenes
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R
epulsion

A
ttraction

Beat 8: Ilsa 
to leave

C
asablanca!

Beat 11: Ilsa m
arried 

to Laszlo all along!
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Exam
ple: 77 scenes clustered - contiguity or sequence-constrained, 

com
plete link hierarchical clustering.

Show
s up 9 to 10, and progressing from

 39, to 40 and 41,
as m

ajor changes.

Thursday 31 January 13

•
Back to a deeper look at C

asablanca

•
W

e have taken com
prehensive but 

qualitative discussion by M
cK

ee and sought 
qualitative and algorithm

ic im
plem

entation

Thursday 31 January 13



M
cK

ee, M
ethuen, 1999

C
asablance is based

on a range of 
m

iniplots.  

M
cK

ee: its 
com

position is 
“virtually perfect”

Text is the 
“sensory surface” 
of the underlying 

sem
antics

Thursday 31 January 13

Style analysis of scene 43 based on M
cK

ee 
M

onte C
arlo tested against 999 uniform

ly 
random

ized sets of the beats 

•
In the great m

ajority of cases (against 83%
 

and m
ore of the random

ized alternatives) 
w

e find the style in scene 43 to be 
characterized by:

•
sm

all variability of m
ovem

ent from
 one beat 

to the next

•
greater tem

po of beats

•
high m

ean rhythm

Thursday 31 January 13

O
ur w

ay of analyzing sem
antics 

•
W

e discern story sem
antics arising out of 

the orientation of narrative

•
T

his is based on the w
eb of 

interrelationships

•
W

e exam
ined caesuras and breakpoints in 

the flow
 of narrative

•
W

ith C
SI scripts: characterization

Thursday 31 January 13

C
SI: C

rim
e Scene Investigation 

Transcripts of 3 episodes first aired by C
BS O

ct. 2000

Thursday 31 January 13
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Text Synthesis

•
A

ristotle’s Poetics (c. 350 BC
)

•
“O

utlines and episodization” - 
“Stories ... should first be set out in 
universal term

s ... on that basis, one 
should then turn the story into episodes 
and elaborate it.”

•
“... reasoning is the speech w

hich the 
agents use to argue a case or put 
forw

ards an opinion” 

Thursday 31 January 13

Support environm
ent for collaborative, 

distributed creating of narrative

•
Pinpointing anom

alous sections 

•
A

ssessing hom
ogeneity of style over successive 

iterations of the w
ork

•
Scenario experim

entation and planning

•
T

his includes condensing parts, or elaborating

•
Sim

ilarity of structure relative to best practice 
in chosen genre

Thursday 31 January 13

“Project TooM
anyC

ooks: A
pplying Softw

are D
esign 

Principles to Fiction W
riting”

Joe R
eddington (R

H
U

L, C
om

p. Sci.), 

D
oug C

ow
ie (R

H
U

L, English) and m
yself 

!

!

!
!

Thursday 31 January 13



Books w
ritten collaboratively 

using support environm
ent 

described here.
U

pper left: R
H

U
L English students; 

others: secondary school pupils. 
A

vailable for K
indle on A

m
azon.

Thursday 31 January 13

H
ierarchy, as w

ell as geom
etry (Euclidean factor space as in C

orrespondence 
A

nalysis) for both understanding and w
orking in com

plex system
s.  

In this presentation: applications to search and discovery, inform
ation retrieval, 

clusterw
ise regression, know

ledge discovery.  
T

hen analysis and synthesis of narrative, using film
script and literary texts.

•
Follow

ing slide is of: H
erbert A

 Sim
on (1916-2001), N

obel 
Prize in econom

ics 1978.  C
oined: “bounded rationality”, 

“satisficing”, - and hierarchy as the architecture of 
com

plex system
s.  See: The Sciences of the Artificial, M

IT
 

Press.  

Thursday 31 January 13

M
IT

 Press, 3rd edn., 1996

C
hapter titles include:

- T
he psychology of thinking

- R
em

em
bering and learning

- T
he science of design

- Social planning
- T

he architecture of com
plexity: 

hierarchic system
s

Thursday 31 January 13

T
hank You

•
M

y collaborators:

•
Pedro C

ontreras

•
A

dam
 G

anz

•
Joe R

eddington

Thursday 31 January 13



R
eferences 

•
F. M

urtagh, C
orrespondence A

nalysis and D
ata C

oding w
ith R

 and Java, 
C

hapm
an and H

all/C
R

C
 Press, 2005.  See chapter 5 on text analysis.  Softw

are 
at w

w
w

.correspondances.info

•
F. M

urtagh, A
. G

anz, S. M
cK

ie, J. M
othe and K

. Englm
eier, "Tag C

louds for 
D

isplaying Sem
antics: T

he C
ase of Film

scripts", Inform
ation V

isualization Journal, 
forthcom

ing.  9, 253-262, 2010.

•
F. M

urtagh, "T
he C

orrespondence A
nalysis platform

 for uncovering deep 
structure in data and inform

ation", Sixth Boole Lecture, C
om

puter Journal, 53, 
304-315, 2010.

•
F. M

urtagh, A
. G

anz and S. M
cK

ie, "T
he structure of narrative: the case of film

 
scripts", Pattern R

ecognition, 42, 302-312, 2009. (See discussion in Z
. M

erali, 
"H

ere's looking at you, kid. Softw
are prom

ises to identify blockbuster scripts.", 
N

ature, 453, p. 708, 4 June 2008.)

•
F. M

urtagh,  A
. G

anz and J. R
eddington, “N

ew
 m

ethods of analysis of narrative 
and sem

antics in support of interactivity”, Entertainm
ent C

om
puting, 2, 115-121 

2011. 
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-
 F. M

urtagh, “Thinking ultram
etrically”, in D

. B
anks, L. H

ouse, F.R
. M

cM
orris, P.  

A
rabie and W

. G
aul, E

ds., C
lassification, C

lustering, and D
ata M

ining 
A

pplications, S
pringer, 3-14, 2004.

-
 F. M

urtagh, “O
n ultram

etricity, data coding, and com
putation”, Journal of 

C
lassification, 21, 167-184, 2004.

-
 F. M

urtagh, “Identifying the ultram
etricity of tim

e series”, E
uropean P

hysical 
Journal B

, 43, 573-579, 2005.

-
 F. M

urtagh, G
. D

ow
ns and P. C

ontreras, “H
ierarchical clustering of m

assive, high 
dim

ensional data sets by exploiting ultram
etric em

bedding”. S
IA

M
 Jnl. on S

cientific 
C

om
puting, Vol. 30, N

o. 2, pp. 707–730. February 2008.

-
 P. C

ontreras and F. M
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