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Abstract 

This dissertation examines the prospect of applying information theoretic 
principles to help solve problems in historical linguistics. The Minimum Mes­
sage Length principle attributed to Chris Wal lace (similar to the Minimum 
Description Length principle of Jorma Rissanen) is used to judge the goodness 
of hypotheses in the field of historical linguistics. The idea is that theories that 
require a shorter message to describe with their data are better than those that 
require long messages. 

Work in collecting the linguistic data tracing the derivation of some 2714 
words in Modern Cantonese and Modern Beijing from their forms in a recon­
struction of Middle Chinese is described as also is the work in transforming this 
data into a format suitable for use with software developed for this project. 

Heuristics for inferring Probabilistic Finite State Automata (PFSA 1) from 
such data are reviewed and some new heuristics are introduced. These are then 
applied to training data and benchmark results presented. 

Finally, the inference process is applied to the actual linguistic data which 
allows a conjecture regarding a relative closeness of the Chinese dialects to their 
reconstructed ancestor to be formed. 

1 In this dissertation, the abbreviation PFSA has been used to denote both the singular and 
plural of these machines, the "A" in PFSA being understood to represent both Automaton 
and Automata. 



Contents 

1 Introduction 

1 . 1  Stat em ent 
1 . 2  Linguisti c Preliminari es . . . . . . . . . . . . . . . . . . 

1 . 2 . 1  Phones ,  Ph onem es ,  A lloph ones and Morphemes . 
1 .2.2 C ont rast, Minimal Pairs and Dist ributi ons . 
1 .2 .3 Language Change . .  
1 .2.4 Bl eeding and Feeding . .  

1 . 3  Language Reconst ruction . . . .  
1 . 3 .1 Th e Comparative Meth od 
1 .3.2 Int ernal Reconst ructi on . 

1 .4 Language Similarities and Relat edness 

2 Quantitative Methods in Historical Linguistics 

2 .1 Ea rly Work . . . .  
2 .2 Glottoch ronol ogy . 

2.2 . 1  D es cripti on 
2.2.2 Exampl e . . 
2 .2.3 C riti cisms of glottoch ron ol ogy . 

2 .3 The Di rection of This Thesis . . .  

3 Similarity Measures - An Example 

3 .1  Overview . . . . . . . . .  . 
3.2 Mod elling *LNWG to O F  . 
3.3 Mod elling * LNW G  to  OHG 
3.4 Discussion . . 

4 Data Collection 

4 .1  Int roduction . . . . . .  . 
4 .2 O riginal S ources and Reliabi lity . 

4 .2 .1  The Qie yun 
4 .2.2 Reliability . 

4.3 Zihui and DOC . . 
4 .4  Motivati on . . . .  
4 . 5 Chen76 and CN84 
4.6 Relative Ch ronol ogy (RC) 
4.7 Ph on otacti c C onditions and Allophanic ru les 
4.8 Aut omatic D erivations . . . .  
4.9 D ealing with Excepti ons . .. .  

4 .9 .1  Excepti ons to  the RC . 
4 .9.2 Undocum ent ed Changes 
4.9.3 Unappli ed Rules . . . .  

11 

1 
1 
2 
2 
3 

5 
6 
7 
7 
9 

10 

1 2  
12 
14 
1 5  
16  
17  
18 

19 
19 
2 0  
23 
24 

32 
32 
32 
33 
34 
3 5  
37 
39 
41 
44 
47 
47 
49 
49 
49 



4 . 10  Status of A llophani c  Changes . 

4 . 1 1  Consistency of Presented Data 

5 The MML Principle 

5 . 1  Mode lling Inductive H ypotheses . 

5 . 2  In formation Measu res and MML codes 

5 . 3  MML, Bayesianism and MD L . .  . 

5 .4 Encoding Deterministi c PFSA . .  . 

5 . 5 Encoding N on -Dete rminist ic  PFSA 

6 The Sk-strings Method of Inferring PFSA 

6 . 1  Int rodu cti on . . . . . . . . .  . 

6 .2  Inducing the Gaines Machine 

5 1  

52 

55 
5 5  

59 

61 

63 

66 

73 
73 

74 

6.3 Minimum Message Length . 76 
6.4 The K-tai ls A pproach . . . 81 

6 . 5 The Sk -st rings A pproach . . 83 

6 .6 Tractabi lit y Conside rati ons 86 

6 .6 .1  Meth od A - Bui ld st rings in decreasing orde r of  probabi lit y 87 

6 .6 .2 Method B - Reject st rings less than a certain probabi lit y 88 

6 .6 .3  Meth od C - Reject relatively improbable strings 88 

6.  7 Resu lts . . . 89 

6.8 Conclusi on 96 

7 A Heuristic Using Cross-Entropy for Sk-Strings 

7 .1  Int roduction . . . . . . . .  . 

7 .2  A Cross -Ent ropi c  Measu re . 

7 .3  Im plementation 

7 .4 Resu lts . . .  

7. 5 Conclusi on . .  

8 Beam Search and Simulated Beam Annealing 

8 . 1  Int roducti on . . . . . . . . . . . . . . . . . . .  . 

8 .2  Beam Search . . . . . . . . . . . . . . . . . . . . . . .  . 

8 . 2 . 1  The Beam Search A lg orithm for PFSA In ference 

8 .2 .2  A lg orithm Com plexit y . . . . . .  . 

8 .3 Simulated Annealing . . . . . . . . . . . . 

8 .3 . 1  Simulated Annealing with a Beam 

8.4 Results and Discussion . .. 

8. 5 Discussi on and Conclusion . 

9 Results and Conclusion 

9 . 1  Prog ram out puts . .  . 

9 . 2  D is cussion . . . . . .  . 

9 . 2 . 1  Status of exce pti ons 

9 .2 .2  Chen76 and CN84 on excepti ons 

9 . 2 .3 Relation between the PFSA and RC diagrams 

9 .2 .4  Significan ce of  diach ronic regularities in MB and MC . 

9 .2 . 5 G lott och ronolog y revisited . 

9 .3  Conclusi on and Pros pects . . .  

iii 

101 
101 

102 

10 5 

107 

1 10 

115 
1 1 5 

1 1 5 

1 16 

1 17  

1 18 

120 

123 

126 

131 
131 

133 

134 

137 

139 

140 

141 

142 



A Guide to Using the Programs 

A.1  Introduct ion . 
A.2 Can on . .  
A.3 G enst r . . . .  
A.4 Randpfsa . . 
A. 5 Skstr, Ktail, Beams and Simba 
A. 6 D fa .. . . . . . . . . .  . 
A.7 G rafit and G roupnodes . 
A.8 DISC LAIMER . . . . . 

B Reduced PFSA 

B. 1 PFSA for SMC >MC (Diach roni c only) . . . . . .  . 
B.2 PFSA for SMC >MC (Diachronic and Allophanic) 
B.3 PFSA for SMC >MB (Diachroni c only) . . . . . .  . 
B.4 PFSA for SMC >MB (Diachronic and Alloph anic) 

C From Simplified Middle Chinese to Modern Beijing 

D From Simplified Middle Chinese to Modern Cantonese 

IV 

147 
147 
149 
1 50 
1 50 
1 50 
1 51 
1 51 
1 52 

154 
1 54 
1 57 
1 60 
1 63 

166 

204 



List of Tables 

1 . 1  Exam ple illust rat ing b leed ing and feed ing re lat ionsh ips am ong ph ono-
logica l  ru les .  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7 

2 . 1  An exam ple il lust rat ing comm on cognate s cores for g lott ochron ology. . 16 

3. 1 D iach ronic ru les for convert ing *LNWG -+ O F. . . . . . . . . . . . . . 2 1  
3.2 The sequences of d iach ron ic ru les t o  derive 20 words from *LNWG t o  O F. 2 3  
3. 3 D iach ron ic ru les for conve rt ing *LNWG -+ OHG. . . . . . . . . . . . . . 24 
3.4 The sequences of d iach ron ic rules t o  derive 20 w ords from *LNWG t o  

OHG.  . . . . . . . . . . . . . . . . . . . . . . . . . . 2 5  

4 . 1  An exam ple of the Re lat ive Ch ronolog y  in ope rat ion. 44 
4.2 A ll oph ones of a; O pe rat ion of the *CHAMEL PC. 4 5  
4 . 3  An exam ple of an all oph an ic rul e  in feed ing re lat ionsh ip w ith a d i-

a ch ron ic rule. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51  
4.4 An ext ract from A ppendix D to il lust rate the actual presentat ion of the 

data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5 3  

5 . 1  A com parison of  MMLs for 1 to  5 state PFSA explaining Andreae's 
rigged Cas in o. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70 

6 . 1  MMLs of 1000 infe rred aut omata us ing the AND heurist ic for tail s izes 
of 1 -10  and agreement percentages of 1 -100 (Tra in ing set 1 ) .  . . . . . . 90 

6.2 MMLs of 1000 in ferred aut omata using the OR heu rist ic for tail s izes of 
1 -10  and agreement pe rcentages of 1 -100 ( Train ing set 1 ) .  . . . . . . . 90 

6. 3 MMLs of 1000 in fe rred aut omata us ing the LAX heurist ic for tail s izes 
of 1 -10  and agreement percentages of 1 -100 (Train ing set 1 ) .  . . . . . . 92 

6 .4 MMLs of 1000 in ferred aut omata us ing the STRICT heu rist ic for tail 
s izes of 1 -10 and agreement pe rcentages of 1 -100 (Train ing set 1 ) .  . . . 92 

6. 5 MMLs of 1000 in ferred aut omata us ing the AND heu rist ic for various 
tail s izes and agreement pe rcentages ( Train ing set 2 ) .  . . . . . . . . . . 92 

6.6 MMLs of 1000 in fe rred aut omata us ing the OR heu rist ic for various tail 
s izes and agreement percentages (Train ing set 2) . . . . . . . . . . . . . 9 3  

6.7 MMLs of 1000  infe rred automata us ing the LAX heu ristic for various 
tail s izes and agreement percentages ( Train ing set 2) . . . . . . . . . . . 9 3  

6 .8 MMLs of 1000 infe rred aut omata us ing the STRICT heu rist ic for various 
tail s izes and agreement percentages ( Train ing set 2 ) .  . . . . . . . . . . 9 3  

6.9 The number  of t imes ( out of 100 t rain ing sets) that each tail s ize suc­
ceeded in inferring the m in imum aut omat on us ing K-tails and the various 
sk-st rings heu rist ics .  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94 

6 . 10  Success rates of the k -tails and 4 sk-st rings heu rist ics in inferring the 
best PFSA out of 100 small test cases. . . . . . . . . . . . . . . . . . . 9 5  

V 



6. 1 1  Success rates of the k -tai ls and 4 sk -st rings heu rist ics in infe rring the 
best PFSA out of 100 large test cases. . . . . . . . . . . . . . . . . . . . 97 

7. 1 Su ccess rates of the k -tails and 6 sk-st rings heu rist ics (in cluding XEN ­
TROPIC and VARDIST) in inferring the best PFSA out of 100 small 
test cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 1 1  

7.2 Success rates of the k -tails and 6 sk-st rings heuristi cs (in cluding XEN ­
TROPIC and VARDIST) in infe rring the best PFSA out of 100 large 
test cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 12 

8.1 The number  times (out of 100 t raining sets) that each beam size (1 -10) 
succeeded in infe rring the minimum aut omat on using the beam search 
and simba search methods. . . . . . . . . . . . .. . .. . .. . . . . . .  12 5 

9 . 1  MMLs for the can onical PFSA for Middle Chinese t o  Mode rn Cant onese 
and Mode rn Beijing respectively. . . . . . . . . . .. . . . . . . . . . . .  131 

9.2 MMLs for the canonical PFSA for Middle Chinese to  Mode rn Cant onese 
and Mode rn Bei jing respectively using Formula ( 5.4) . . . ... . . . . .. 132 

9.3 MMLs for the reduced PFSA for Middle Chinese to Modern Cant onese 
and Mode rn Bei jing respectively. . . . . . . . . . . . . . . . . . . . . . . 132 

9.4 MMLs for the PFSA for Middle Chinese to  Mode rn Cantonese and Mod -
e rn Beijing respectively fu rther redu ced with beam search. . . . . . . 133 

9. 5 20 most frequent exceptions in the phonology of Mode rn Beijing. . . . . 13 6 
9. 6 20 most frequent excepti ons in the phonology of Mode rn Cant onese . . . 137 
9.7 20 most frequent rules in the ph onology of Mode rn Bei jing and Mode rn 

Cant onese. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138 

Vl 



List of F igures 

3 . 1  Canonical PFSA rep resenting the de rivation of  20  *LNWG words into 
O F  . . . . . . . . . . . . . . . . . . . . . . . . . . . . .. . . . . . . . . .  28 

3 .2  Canonical PFSA rep re senting the derivation o f  20  *LNWG wo rds into 
O H G .  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29 

3.3 A generali sation o f  the PFSA in Figu re 3 . 1  ( *LNWG >O F) .  . 30 

3 .4  A gene rali sation o f  the PFSA in Figure 3 .2 ( *LNWG >OHG) . 31  

4 .1  Chen76 Relative Ch ronology for *SMC>MB. . . . . . . . . . 41 

4 .2 Chen76 Modified Relative Ch ronolog y fo r *SMC>MB: RC2 5 ( SHARP 
> PRO COPE) o rders SHARP befo re PRO COPE. 42 

4 .3  CN84 Relative Ch rono log y fo r *SMC>MC. 43 

5 . 1  An encoding o f  4 event s (ABCD) n. . . . . . 57  

5 . 2  An coding of the 4 (ABCD) n with an exception B' 58 

5.3  The events (ABCD) n encoded in the form o f  a PFSA. 58 
5.4 The events (ABCD) n with exception B' encoded in the form o f  a PFSA. 59 

5. 5 An I llegal Automaton. . . . . . . . . . . . . . . . . 6 5  

5.6 1 -state PFSA exp laining And reae' s rigged Casino. 70 

5.7 2 -state PFSA exp laining And reae's rigged Casino. 71 

5.8  3 -state PFSA exp laining And reae's rigged Casino. 71 

5.9 4 -state PFSA exp laining And reae's rigged Casino. Note that the output 
i s  completely p redictable in states 1 and 2 .  72 

5 . 1 0  5 -state PFSA explaining And reae's rigged Casino. 72 

6 . 1  Gaines' 4 state machine. . . . . . . . . . . . . . . . 7 5  

6 .2  Two automata gene rating the same language : a* . 76 

6.3 4 theorie s for the event se quence "abc!" seen once. 77 

6 .4 4 theorie s for the event sequence "abc !" seen 100 times. 78 
6. 5 2 candidate states for me rging in a PFSA. . . . . . . . . 82 

6.6 K-tai ls and sk -st rings reductions o f  a canonical machine. 83 

6.  7 Te st machine u sed to generate st rings fo r t raining set 2. 9 1  

6 .8 MML s of 1000 inferred automata u sing the AND /OR heu ri stics fo r tai l 
si ze s  o f  1 -10  and agreement percentages of  1 -100 (Training set 1) . See 
also Tables  6 . 1  and 6.2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94 

6.9 MMLs of 1000 inferred automata u sing the LAX /STRICT heuri stics fo r 
tai l  si ze s o f  1 -1 0  and agreement percentages of  1 -100 (Training set 1 ) .  
See a lso Table s  6.3 and 6 .4 .  . . . . . . . . . . . . . . . . . . . . . . . . . 9 5  

6 . 10  MML s o f  1000 in ferred automata u sing the AND /OR heu ristics fo r tai l  
si zes o f  1 -10  and agreement percentages o f  1 -100 ( Training set 2) . See 
a lso Tables  6. 5 and 6 .6 .  . . . . . . . . . . . . . . . . . . . . . . . . 96 

Vll 



6. 1 1  MMLs of 1000 inferred aut omata using th e LAX /STRICT h eu ristics for 
tail si zes of 1 -10  and ag reement p ercentages of 1 -100 (Training s et 2 ) .  
S ee als o Tabl es 6 .7  and 6.8. . . . . . . . . . . . . . . . . . . . . . . . . . 97 

6 . 12  The k -tai l m ethod compared with sk-st rings (s =50 %) using 100 ran -
d om t raining sets generat ed b y  small random aut omata (Best machin es 
in ferred using any heu ristic and tail si zes from 1 to  10) . . . . . . . . . . 98 

6 . 13  The k -tai l method compared with sk-st rings (s=50 %) using 100 ran -
d om t raining sets generat ed b y  larg e  random aut omata (Best machin es 
inferred using an y heuristic and tail si zes from 1 to  5) . . . . . . . . . . 99 

7. 1 MMLs of 1000 in ferred aut omata using the XENTROPIC h eu ristic for 
tai l si zes 1 -10 and agreement perc entages 1 -100 (Training s et 1 ) .  108 

7.2 MMLs of 1000 in ferred aut omata using the VARDIST heu ristic for tai l 
si zes 1 -10 and agreem ent p ercentages 1 -100 (Training set 1 ) .  . . . . . .  109 

7.3 MMLs of 1000 in ferred aut omata using the XENTROPIC h eu ristic for 
tail si zes 1 -10 and agreem ent perc entages 1 -100 (Training s et 2 ) .  1 1 0  

7.4 MMLs of 1000 inferred aut omata using th e VARDIST heu ristic for tail 
si zes 1 -10  and agreement p erc entages 1 -100 (Training set 2 ). . . . . . . 1 1 1  

7. 5 The sk -st rings (s =50 %) XENTROPIC heuristic compared with the b est 
of 4 sk-strings heuristi cs and the k -tai ls method using 100 rand om t rain -
ing sets gen erat ed by  small random automata. . . . . . . . . . . . . . . 1 12 

7.6 The sk-strings (s =50 %) XENTROPIC heuristic compared with th e b est 
of 4 sk -strings heu ristics and the k -tails meth od using 100 random t rain -
ing sets generat ed by  larg e  random aut omata. . . . . . . . . . . . . . . 1 13 

7 .7 Th e sk-strings (s =50 %) VARD IST heuristic compared with the b est of 
4 sk-st rings heuristics and the k -tails method using 100 rand om t raining 
sets g enerat ed by small random aut omata. . . . .. . . . . . . . . . . .  1 13 

7.8 The sk-st rings (s=50 %) VARDIST heuristic compared with the b est of 
4 sk-st rings heu ristics and the k -tai ls method using 100 rand om t raining 
sets g en erated b y  large random aut omata. . . . .. . . . . . . . . . . .  1 14 

8 . 1  Performance of th e b eam s earch and simba search p roc edu res on Train -
ing set 1 from Chapter 6 .  Th e p lot shows the MMLs of 1000 machin es 
induced against vari ous b eam sizes or tai l si zes (for the 6 sk-st rings 
heu ristics) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123 

8.2 Performance of the b eam s earch and simba search p roc edu res on Train -
ing s et 2 from Chapter 6 .  Th e plot shows the MMLs of 1 000 machin es 
induc ed against various b eam si zes or tail sizes (for the 6 sk-st rings 
h eu ristics) .  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124 

8.3 Beam s earch compared with sk-strings (s =50 %) for 100 t raining sets 
gen erat ed from small random aut omata. . . . . . . . . . . . . .  126 

8.4 Simba search compared with sk -st rings (s =50 %) for 100 t raining s ets 
gen erat ed from small random aut omata. . . . . . . . . . . . . .  127 

8. 5 Beam s earch compared with sk -strings (s=50 %) for 100 t raining s ets 
gen erat ed from larger rand om aut omata. . . . . . . . . . . . . . 128 

8 .6 Simba s earch compared with sk -st rings (s=50 %) for 100 t raining s ets 
g en erat ed from larger random aut omata. . . . . . . . . . . . . . . . . .  129 

8. 7 S eed ed b eam search compared with sk-st rings (s =50 %) and uns eeded 
b eam s earch for 100 t raining s ets g en erat ed from small random aut omata 
(Best of tail s izes 1 to 10 and b eam si zes 1 t o  10) .  . . . . . . . . . . . . 130 

9 . 1  Reduc ed PFSA for the diachronic phon olog y from Middle Chines e  to  
Modern Bei jing (Allophanic d etail excluded) . . . . . . . . . . . . . . . .  1 4 5 

Vlll 



9 .2  Reduced PFSA for the diachroni c phon olog y  from Middle Chinese t o  
Modern Cant one se (A ll ophonic detail excluded) . . . . . . 146 

A. 1 And reae's 5 state machine without vertica l  n ode grouping 152 
A .2  And reae's 5 state machine with n odes 0 ,  2 and 4 grouped ve rtically . 15 3 

ix 



P reface 

In lat e 1993, Profess or Jon Pat ri ck , wh o was then just ab out to  leave Deakin University 
in Melb ou rne for Mass ey gave a seminar here on som e  computati onal work h e  was d oing 
in Basqu e linguisti cs. I had at that tim e just joined the C omputer S ci en ce d epartment 
as an assistant lectu rer and was avid ly looking for a PhD project to b egin. Like almost 
everyb ody else I have m et,  I a lso  had a comp elling int erest in hist ori cal linguisti cs and 
had my own opini on of h ow it sh ould b e  d one. I s ent a b ri ef CV t o  Jon asking if he  
w ou ld like  to  take on a d oct oral student in  his Basque p roject aft er his arrival and the 
answer soon cam e back in the affirmative. In the b eginning, though, ou r int enti on was 
quite different, and much more g randiose and ambitious - we were h oping to ass ess 
wh ether or not th e linguisti c is olate Bas que was relat ed to the D ravidian language 
Tamil, whi ch by the way, I happ en to b e  very flu ent in. 

As tim e went on, however, the focus of the project changed rather dramatically and 
eventually b ecame much more realisti c. It narrowed down int o developing a t echniqu e  
for finding distan ce measu res b etween relat ed natural  languages to  aid linguists in thei r  
task of subgrouping. We decid ed, wis ely p erhaps, that b old p rop osa ls in the linguisti c  
d omain are b est made by linguists .  W e  also decided, with the advi ce of my s econd 
sup ervisor, D r  John Newman in th e D epartm ent of Linguisti cs and Second Language 
Teaching, t o  us e Chines e  data for the project . This data had b een p rovided to John 
cou rt esy of Profess or Wi lliam S -Y. Wang at the University of Cali fornia, Berkeley. 

Th e fi eld of computational linguisti cs is such that almost all C omputer S ci entists 
s eem t o  have thei r  own uni que  n oti ons of h ow on e sh ould app ly computati onal meth ods 
t o  hist ori cal data. While th ere may be  merits and demerits to  each su ch app roach , this 
dissertation is not an evaluati on of th ei r  relative goodness. It is a detai led account of 
one part icu lar app roach - the on e describ ed here- and how it can b e  us ed t o  provid e 
linguists with a t ool for effective subgrouping of languages. 

Overview of contents 

Chapt er 1 gives a b ri ef int roducti on to the p roblem and d es crib es som e  linguisti c t erms 
and concepts for the b en efit of the reader unacquaint ed with them. Chapter 2 is a b ri ef 
su rvey of p revious w ork in the fi eld of linguist ics which h as  b een pu rsued along simi la r  
lin es .  A n  example of th e m ethod ology appli ed to  a toy problem i s  then p rovided i n  
Chapt er 3 .  Chapt er 4 d escrib es th e procedure by which t h e  data for this p roject was 
collect ed and the m otivation for using it. The MML crit erion, which is cent ral t o  this 
p roject , is int roduced and d es crib ed in Chapter 5,  which is followed by Chapt ers 6 -8 
where m ethods t o  in fer stru ctu re from the data using the MML criteri on are looked 
at. Finally, Chapter 9 gives the results obtained,  discuss es them and des crib es the 
p rosp ects for future work in this area. 
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Publications 

Parts of this dissertation have been published in various places during the course of 
working on this project. The following is a list of them, with brief notes on which 
chapters they refer to. 

Raman, A. V. and J. D. Patrick (1997). Linguistic similarity measures using the 
Minimum Message Length principle. In R. D. Blench and M. Spriggs (Eds.), Archaeol­
ogy and language I: Theoretical and methodological orientations, pp.26Q-277, London: 
Routledge. This paper was also read at the WAC-3 Conference, New Delhi, December 
1994. Material from this paper can be found in Chapters 2 and 3. 

Raman, A. V. and J. D. Patrick (1997). The sk-strings method for inferring PFSA. 
In Proceedings of the workshop on automata induction, grammatical inference and lan­
guage acquisition at the 14th international conference on machine learning - ICML-97, 
Nashville, Tennessee, (in press). Material from this paper can be found in Chapter 6. 

Raman, A. V. and J. D. Patrick (1997). A heuristic using cross-entropy for sk­
strings In Technical Report TR 1/97, Information Systems Department, Massey Uni­
versity. Material from this report can be found in Chapter 7. 

Raman, A. V. and J. D. Patrick (1997). Beam search and simba search for PFSA 
inference, In Technical Report TR 2/97, Information Systems Department, Massey 
University. Material from this report can be found in Chapter 8. 

Raman, A. V., J. Newman and J. D. Patrick (1997). A complexity measure for 
diachronic Chinese phonology. In Proceedings of the SIGPHON97 workshop on com­
putational phonology, Madrid (in press). Material from this paper can be found in 
Chapter 9. 

An explanation for some typesetting decisions 
I 

I feel compelled to say a few words about the typesetting process this dissertation has 
been through. I initially started writing the thesis using Microsoft Word on my Apple 
Macintosh, but found its performance

' 
unsatisfactory. Moreover, all my programs to 

manipulate the data were being run under Unix. What I wanted was a single command 
that could automatically take the ASCII outputs from my various experiments, turn 
them into tables, graphs and pictures and insert them in the right places in the thesis 
and also generate my bibliography neatly. 

I thus deemed it best to migrate the work to fb.'!EX and embarked on this bold 
venture. Not one bit of this effort was wasted as fb.'!EX, and more particularly the Unix 
environment have paid it back several times and over. The amazing variety of utilities 
and high-quality programs available freely under Unix enabled me to get precisely what 
I wanted. Unix scripts using awk, sed and grep did most of the initial formatting of 
my program's ASCII outputs. All the formatted tables were generated automatically 
by scripts that ran the experiments themselves. So were the various graphs which 
were produced using the excellent gnuplot program. The various files which made up 
the chapters were edited under 'lEX mode in GNU emacs. Emacs macros also helped 
immensely in migrating my bibliography database from EndNote on the Macintosh into 
Bib'!EX. Finally, I was able to put the various commands into a Makef ile and my 
dream of generating the entire thesis with a single command was realised. "Make dvi" 

generated the dvi version of my thesis, which I then printed off using dvips. The dvi 
and postscript versions of the thesis are available from me on request. My thanks to 
Donald Knuth for '!EX, Leslie Lamport for fb.'!EX, Oren Patashnik for Bib'IEX and to 
the authors of the various free software packages, especially GNU emacs and family, 
which I have found to be of utmost use in typesetting this work. 
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BibTEX explicitly recommends against the use of the Chicago style A for bibliogra­
phies.2 Since I did use that style in the end, I feel a need to justify my decision. When 
I read a paper, I like to get an idea of when a certain result being cited was achieved. 
The plain style doesn't allow for this easily, as it is annoying having to flip to the 
reference section each time you have passed a citation. Also, I am told that although 
real scientists don't admit to it, most of us do unofficially build up knowledge about 
the reputation of authors and would like to know if a result being cited is attributed to 
a reputable author or not. Again, the plain style doesn't allow for this easily. Perhaps 
it is alright for a short paper as there aren't too many references to wade through, but 
in a dissertation such as this, I felt Chicago A would be most appropriate. 
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A Koan about Prior Knowledge6 

In the days when Sussman was a novi ce, Minsky on ce came to  him as he  sat hack ing 
at th e PDP-6. 

"What are you d oing?" , asked Minsky. 
"I am t raining a rand omly wi red neu ral net t o  play Tic-Tac-Toe" Suss man repli ed. 
"Why is the net wi red rand omly ?" , asked Minsky. 
"I do not want it to have any preconcepti ons of h ow to play", Sussman said . 
Minsky then shut his eyes . 
"Why d o  you dose you r  eyes ?" ,  Sussman ask ed h is t eacher. 
"S o that the room wil l b e  empty." 
At that mom ent, Sussman was en light ened. 

6Taken from The New Hackers Dictionary, 2nd ed. ,  Compiled by Eric S Raymond, MIT 
Press, Cambridge MA, 1994, p.475 
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