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‘letter, book’

‘it/he was written’ ‘it/he was caused to write’



‘letter, book’

the same root

Do [XIXED-

‘it/he was written’ ‘it/he was caused to write’




‘letter, book’

the same binyan

IIDs  [XEXE-

‘it/he was written’ ‘it/he was caused to write’




‘letter, book’

the same affix

IIDs  [EIXED-

‘it/he was written’ ‘it/he was caused to write’




a morpheme is a minimal meaning-bearing part of a word

a formal operation on a word,
accompanied by a semantic alteration
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a morpheme is a minimal meaning-bearing part of a word

a formal operation on a word,
accompanied by a semantic alteration




a morpheme is

CAMBRIDGE STUDIES
IN LINGUISTICS 62

A-Morphous
Morphology

STEPHEN R. ANDERSON

a minimal meaning-bearing part of a word

a formal operation on a word,
accompanied by a semantic alteration




root
suffixation English bring » bringing
prefixation Latin amicus » inimicus
infixation Tagalog sulat » sumulat
transfixation Arabic v/ktb » kitab
reduplication Lakota [haska] » [haskaska]
the ablaut Proto-IE *mentis » *mnteis

d Iversitarian prosodic shift English insult » insult
morpheme

truncation French /grad/ » /gra/




do not forget sandhi either

it can get quite heavy

Finnish example from Anderson’s A-Morphous Morphology:

/karahka +1+ta/ “stick”” + *“‘plural” + “partitive”

karahko +1+ta (a — o before 1)

karahko+1+a (t — 0 after a weak syllable before a short vowel)
{karahkoja] (ghde formation)



digression to warm up with computer-scientific concepts

how could a machine find

Ak the longest cluster* of letters
that two words have in

common?

‘letter, book’

the same root

*not necessarily contiguous
INC- [EEEDn

‘it/he was written’ i
it/he was caused to write’

= longest common
subsequence (LCS) problem




LCS(“istaktaba”, “kitabat”) = “ktba” or “itba”

A series of decisions
leads to a candidate
solution:

(D;) pick letter1 of LCS,
(D,) pick letter 2 of LCS,

(D,,) pick letter M of LCS

The choice at D, shapes
the option range of D,
and so on.

k ta o
kt b @
kt a @
kt t ®

k ba @
k b t@®

k at @

ita o
itb @
it a @
it t ®

i ba ©®
i bt®

itabat @

t ba ®
tbt®

bat @

kt ba ©®
kt b t®

kt at @
k  bat @

it ba @
it bt®

i bat @

t bat @
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LCS(“istaktaba”, “kitabat”) = “ktba” or “itba”

k ta @
ki ® kt b @
Kkt ® Kt o
o k a () kt alt o
An exhaustive search ki b ® .
. . . ki a @ k' ba kt ba ®
algorithm will consider Kibt®  kibt®  ptg
all combinations of . e Y ke
choices, up to a total of e b9 RS kobae
o a @ i t ® i.t ar ® it-ba’ @
2N ba : t3 PY itabat @ !lt bat o
4 t® t b : i ba : i bat ®
. ta i bt 'ba
where N is the length tabat @ e bt ®
ba @
of the shorter word. bt @ Cba ®
o tbt®
at

bat @







— a second

210=1024

220 =1 048 576 — ayear

230 =1 073 741 824

240 = 099 511 627 776

2°0=17125 899 906 842 624 — abillion years
260 =1152 921 504 606 846 976 — no life on Earth
270=71180 591 620 717 411 303 424

280 =1208 925 819 614 629174 706 176

220 =1237 940 039 285 380 274 899 124 224

Upping the length of our words from 10 to 70 is enough to prolong the

running time of the algorithm from a second to the lifetime of our planet.




LCS(“istaktaba”, “kitabat”) = “ktba” or “itba”

-
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Greedy strategy:

think T move ahead,
make your choice,
do not look back,
repeat.

Compare:

chess,
personal utilitarian
ethics.




LCS(“istaktaba”, “kitabat”) = “ktba” or “itba”
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Greedy strategy:

think T move ahead,
make your choice,
do not look back,

' repeat.

Compare:

chess,
personal utilitarian
ethics.




Typical trade-offs in multiple (alternate)
algorithms that all solve the same problem

fast fast fast

; A A

\\_//

exact simple exact simple exact simple

Exhaustive Greedy Non-standard
search strategies solutions



LCS(“istaktaba”, “kitabat”) = “ktba” or “itba”

I |s|tjalk|t|a|b]a
k €€ € ECECECECECEC
I €€ ECECECECECCEC
t] €C €€ ECECECE
al € €€ ECECECCECCEC
b €€ € E€ECECCCE
a| €€ CECECCECRE
t] €€ €8 GGG

The Needleman-Wunsch algorithm
for LCS is very much a non-trivial

invention. It is as exact as the 2N
algorithm, but consumes just N2
units of time instead.




Trade-off structure for

the longest common
subseqguence (LCS)
p ro b I em Typical trade-offs in multiple (alternate)

algorithms that all solve the same problem

fast

Exhaustive Non-standard
search strategies solutions

exact simple



a tractable problem

fast

exact simple



fast

exact \ simple
an intractable problem

one that is believed to have no exact
solution of appreciable efficiency




The artificial learners await us now.
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cattus murilegus mures legit
ctrattus murilegus mureées legit
“alternate” - B B .
morpho- catttus murilegus mures legit
logies - - - .
ctatttus murilegus mures legit
catitus murilegus mureées legit
catttus muarilegius muarés leg+t the right
9 9 morphology
ctatt+ttu+s  m+utrti+l+e+rgtuts  m-+u+r+e+s  |+e gti+t
NN Ccatttttuts  mru+tr++Hl+etgruts . mtatriets  le+g it
mlg;"i’ehso' ctatt+tru+s  m-+u+r+i+l+ergtuts  m+u+r+é+s  l+e+g i+t
cta+t+tru+s  m-+u+r+i+l+e+gru+ts  m-+u+r+é+s  |+e+g+i t
ctatt+ttu+s  m+utrti+l+e+rgtu+ts  m+u+r+e+s  l+e+gti+t




what makes the right morphology
stand out among the others?

the proposed lexical items recur

catttus muritlegtus mur+es
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what makes the right morphology
stand out among the others?

the proposed lexical items recur
catt@ mDr+T+Ieg@ m u r+e
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what makes the right morphology
stand out among the others?

the proposed lexical items recur
catt@ @Hleg@ @és
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what makes the right morphology
stand out among the others?

the proposed lexical items recur
catt@ @T @és it
e g+i+t

lte+g | t
r+e+s |+e+g I+t
+u+r+e+s  |+e+gH t
Mm+u+r+e+s |+e+g+i+t



what makes the right morphology
stand out among the others?

the proposed lexical items recur
catt@ @T @és it
+0 +0 +0 +1 +1 +1

e+g | t

—~—

hypothesis: score a point for each re-use of
a lexical item; adopt the top-scoring lexicon
M+u-+r+e+s  |[+e+g+ t

l+e+g I+t

Mm+u+r+e+s  |+e+gHi+t
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simulation does not support our hypothesis

cattus
cattus
cattus
cattus
cattus
cattus
cattus

murilequ+s miré+s legit

murile+g+u+s mdré+s le+g+it
muril+e+g+u+s mdré+s l+e+g+it
muri+l+e+g+u+s midreée+s l+e+g+it
mur+i+l+e+g+u+s mur+é+s l+e+g+it
mu+r+i+l+e+g+u+s mu+r+é+s l+e+g+it
m+u+r+i+l+e+g+u+s m+i+r+é+s l+e+qg+it

cattu+s m+i+r+i+l+e+g+u+s m+u+r+é+s l+e+g+it
catt+u+s m+a+r+i+l+e+g+u+s m+ut+tr+é+s l+e+g+it
cat+t+u+s m+u+r+i+l+e+g+u+s m+u+r+é+s l+e+qg+i+t
catt+t+u+s m+u+r+i+l+e+g+u+s m+u+r+é+s l+e+g+i+t



Score
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we perform much better, though, by

making longer repetitions score more points

cattus
cattus
cattus
cattus
cattus
cattus
cattus

murilequ+s miré+s legit

murile+g+u+s mdré+s le+g+it giiu s @é S i t
muril+eqg+u+s muaré+s l+eg+it

midri+leg+u+s miré+s leg+it 2 43 *3
mur+ile+g+u+s midr+é+s le+g+it

mur+il+eqg+u+s midr+é+s l+eg+it

mur+i+leg+u+s midr+é+s leg+it

cattu+s mur+i+leg+u+s mur+é+s leg+it

catt+u+s mar+i+leg+u+s mur+é+s leg+it

cat+t+u+s mdr+i+leg+u+s mir+é+s leg+i+t

cat+t+t

+u+s mur+i+leg+u+s mur+é+s leg+i+t



Unsettling interim observations

Still operating within an 2N-time exhaustive
search framework. No tractability guarantee.

Still considering only prefixes and suffixes.

No regard for well-formedness of the analyses,
e.g. suffixes can also appear as prefixes.




no regard for well-formedness of the analyses,

e.g., suffixes can also appear as prefixes

9 catt+tu+s mur+i+leg+u+s mdr+é+s leg+it
10 cat+t+u+s mir+i+leg+u+s mur+é+s leg+i+t
11 ca+t+t+u+s mur+i+leg+u+s mar+é+s leg+i+t



no regard for well-formedness of the analyses,
e.g., suffixes can also appear as prefixes

iterated suffixes (like +t+t) are unlikely

9 catt+tu+s mur+i+leg+u+s mdr+é+s leg+it
10 cat+t+u+s mir+i+leg+u+s mur+é+s leg+i+t
11 catt+t+u+s mur+i+leg+u+s mar+é+s leg+i+t



no regard for well-formedness of the analyses,
e.g., suffixes can also appear as prefixes

iterated suffixes (like +t+t) are unlikely

word-finality and -initiality is not captured

9 catt+tu+s mur+i+leg+u+s mdr+é+s leg+it
10 cat+t+u+s mir+i+leg+u+s mur+é+s leg+i+t
11 catt+t+u+s mur+i+leg+u+s mar+é+s leg+i+t



no regard for well-formedness of the analyses,
e.g., suffixes can also appear as prefixes

iterated suffixes (like +t+t) are unlikely

word-finality and -initiality is not captured

incur markedness penalties
through arbitrary rules?

9 catt+tu+s mur+i+leg+u+s mdr+é+s leg+it
-penalty, + 10 cat+t+u+s mir+i+leg+u+s mir+é+s leg+i+t
-penalty, + 11 ca+t+t+u+s mir+i+leg+u+s mir+é+s leg+i+t



*NoOROOT (disqualify?)

*TWOROOTS

*TWICEINAWORD

*IsBOTHSUFFIXANDPREFIX

*INCONSISTENTLYFINALORINITIAL

Did we just
let UG In?




uniform weighted

reward reward
scheme scheme




uniform weighted

reward reward
scheme scheme

MDL family



Mminimum description length (MDL) proper

cattus mirilequs mures legit

cattl mirilegl murées leglit/us eIl REeldlllale 1l o=
single digit, twice, but include
‘us” in the lexicon, once

cattl 2ileqgl 2és legit/us,mur
cattl 2131 2es 3it/us,mur,leg
N\ J

Y

Mminimization was not ]
fruitful in a corpus this small lexicon

superficially, a very much distinct principle

but can be also conceived of as
just another scoring scheme



MDL as just another reward scheme

catt + us # mur + 1 +leg + us # mur + es uniform
reward
1 1 scheme

catt + us # mur + 1 +leg + us # mur + és weighted
reward
2 3 scheme

MDL, as
presented

4 -2 3 -1 -3 ] 0 here

catt + us & mur + 1 + leg + us & mur + és

4 2 5 1 5 2 3 2 add lengths




different flavors of MDL unequivocally dominate

the artificial morphological learner scene




different flavors of MDL unequivocally dominate
the artificial morphological learner scene

the Goldsmith et al. papers and Linguistica:

2000
2001

2002
2004

2005

2006

Linguistica: An Automatic Morphological Analyzer

Unsupervised Learning of the Morphology of a Natural Language
Using eigenvectors of the bigram graph to infer morpheme identity
An algorithm for the unsupervised learning of morphology

From Signatures to Finite State Automata

A heuristic for morpheme discovery based on string edit distance
Using morphology and syntax together in unsupervised learning
The SED heuristic for morpheme discovery: a look at Swahili

Exploring variant definitions of pointer length in MDL.



different flavors of MDL unequivocally dominate
the artificial morphological learner scene

the Creutz et al. papers and Morfessor:

2002 Unsupervised Discovery of Morphemes
2004 Induction of a Simple Morphology for Highly-Inflecting Languages
2005 Inducing the Morphological Lexicon of a Natural Language from Unannotated Text

Unsupervised Morpheme Segmentation and Morphology Induction from Text
Corpora Using Morfessor 1.0

Latent Linguistic Codes for Morphemes Using Independent Component Analysis
2006 Morfessor in the Morpho Challenge

non-exhaustive list



Morpho Challenge 2010 by Creutz et al.

AUTHOR|METHOD PRECISION [|RECALL || F-MEASURE || TYPE AUTHOR ||[METHOD PRECISION ||RECALL [|F-MEASURE || TYPE
Kohonen ||Morfessor S+W 65.62% 69.28% |(|67.40% S Spiegler ||DEAP MDL-NOCAT 56.03% 70.71% |62.52% S
Kohonen ||Morfessor S+W+L 67.87% 66.43% |[67.14% S Spiegler ||DEAP MDL-CAT 57.43% 66.59% [161.67% S
Lignos Base Inference 80.77% 93.76% |[64.95% U Kohonen ||Morfessor S+W+L 58 38% 6335% |l60.76% S
Lignos Iterative Compounding 80.27% 52.76% |[63.67% U Kohonen |[Morfessor S+W 57 599 5521% |156.38% 3
i - 0, 0, 0,

Spiegler ||DEAP MDL-NOGCAT °1.44%  ||80-95% ||62.91% S Spiegler |[DEAP PROB-NOCAT  |[56.66%  ||44.79% |[50.03% s
Spiegl DEAP PROB-NOCAT 58.52% 63.06% |[60.70% S

peoe i i i Kohonen |[Morfessor U+W 56.97% |[42.98% ||49.00% P
Lignos Aggressive Compounding|[71.45% 52.31% |[60.40% U - - -

Lignos Aggressive Compounding|[63.07% 32.98% (148.94% U
Kohonen |[Morfessor U+W 60.33% 59.55% ||59.94% P
Spiegler ||DEAP PROB-CAT 51.93% 42.41% ||46.69% S

Spiegler ||DEAP MDL-CAT 49.83% 75.08% |/59.90% S

, Spiegler ||Promodes-E 43.26% 45.73% ||44.46% P
Nicolas |[MorphAcq 67.83% 53.43% |[59.78% U

i 0 0 Q
Spiegler |[|DEAP PROB-CAT 55.00% 56.61% ||55.79% S Spiegler || Promodes 41.59% 4741% ||44-31% P
i 0 0 0

- Morfessor Baseline 81.39% 41.70% |(55.14% u Golenia_||MAGIP 36.25% 03.73% ||43.29% S
Spiegler |[Promodes 39.59% 64.72% 1149 13% P - Morfessor CatMAP 80.31% 29.51% ||43.16% U
Spiegler ||Promodes-E 49 69% 46.22% |47 90% =) Spiegler ||Promodes-H 35.08% 53.45% ||42.36% P
- Morfessor CatMAP 86.84% 30.03% 1144.63% U Lignos Iterative Compounding 75.32% 26.70% |(|39.43% U
Golenia |IMAGIP 29 889% 70.65% 1142.00% S Lignos Base Inference 78.98% 24.46% |(|37.35% U
Spiegler [|Promodes-H 26.84% 63.69% |3 - Morfessor Baseline 90.60% 14.39% (|24
- Letters 4.41% 99.88% |8 - Letters 5.04% 99.89% ||9.




Morpho Challenge 2010 by Creutz et al.

AUTHORI|IMETHOD PRECISION [|[RECALL |[|F-MEASURE || TYPE ||Recision IRECALLIF-VEASURE [ TYPE
Kohonen ||Morfessor S+W 65.62% 69.28% ||67.40% S 00%%  ||70.71% Jl6252% IS
7.43% 66.59% |[|61.67% S
Kohonen ||Morfessor S+W+L 67.87% 66.43% |[|67.14% S 8.38% 63.35% ||60.76% s
Lignos ||Base Inference 80.77% 53.76% ||64.55% U |2 relite PR IS
6.66% 44 79% ||50.03% S
Lignos lterative Compounding 80.27% 52.76% |[63.67% U 6.97%  ||42.98% ||49.00% P
3.07% 39.98% (|48.94% U
Spiegler ||DEAP MDL-NOCAT 51.44% 80.95% |162.91% S T 93% 2221% |l26.60% S
Spiegler ||DEAP PROB-NOCAT 58.52% 63.06% |/60.70% S 3.26% 45.73% ]|44.46% P
1.59% 47.41% ||144.31% P
Lignos Aggressive Compounding|[71.45% 92.31% ||60.40% U 6.25%  |53.73% |[43.29% S
Kohonen ||Morfessor U+W 60.33% 59.55% |159.94% P o1 |29.0TR IR TE% Y
5.08% 53.45% |([42.36% P
Spiegler ||DEAP MDL-CAT 49.83% 75.08% |159.90% S 5.32% 26.70% |(|39.43% u
) o o o 8.98% 24.46% |([37.35% U
Nicolas |[MorphAcq 67.83% 53.43% ||59.78% U 5 60% 12 39% |22
Spiegler ||[DEAP PROB-CAT 55.00% 56.61% ||55.79% S 04% 99.89% |[9-
- [l Morfessor Baseline [181.39% H41.70% ||155.14% (U
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Spiegler ||DEAP MDL-NOCAT 51.44% 80.95% 1162.91% S o3 22219 26 69% s
Spiegler ||DEAP PROB-NOCAT 58.52% 63.06% ||60.70% S 3.26% 45.73% ||44.46% P
1.59% 47.41% ||144.31% P
Lignos Aggressive Compounding||71.45% 52.31% |[60.40% U 6.25% 53.73% |(43.29% S
Kohonen || Morfessor U+W 60.33% 59.55% |59.94% P 2o ||295T% J3316% |9
5.08% 53.45% |([42.36% P
Spiegler ||DEAP MDL-CAT 49.83% 75.08% 1159.90% S 5.32% 26.70% |[39.43% u
] 8.98% 24.46% |([37.35% U
Nicolas |[[MorphAcq 67.83% 93.43% ||59.78% U S 60% 12399 |24
Spiegler ||DEAP PROB-CAT 55.00% 56.61% ||55.79% S 04% 99.89% ||9.
- [| Morfessor Baseline [(81.39% (41.70% |155.14% (U




seems intractable indeed: we
should discuss greedy and hybrid

Still operating within an 2N-time exhaustiw approaches Instead
search framework. No tractability guarantes B

Unsettling interim observations

current solutions still struggle
Still considering only prefixes and suffixes even with strictly suffixing =Yale
prefixing morphologies
No regard for well-formedness of the analyses, B
e.g. suffixes can also appear as prefixes.

use hard-wired markedness penalties

or attach a grammar (# lexicon) to the
compressed (MDL-ized) corpus







morpho-phonological analogies




morpho-phonological analogies

foods : unfed foods : booted bets : foods

unfed : booted bets : unfed

booted : bets




morpho-phonological analogies

f d : fd ood : oo d S : S

foods

NReE ed : ed e e

booted bt :bt




morpho-phonological analogies

foods : unfed foods : booted bets : foods

unfed : booted bets : unfed

booted : bets




morpho-phonological analogies

loops

foods :
: *unlep

unfed

foods : booted
rails : xbaitel

unfed : booted
unfix : *bootix

bets : foods
beta : ¥*fooda

bets : unfed
bits : *unfid

booted : bets
mooded : meds



because we anticipate reduplication,

some analogies will not have an unique solution to be
singled out on grounds of general pattern detection alone

*NCB

/|

prase
] |
paprase paprase

rase
1]

(sléepé » paslépe) (slépé » *sasléepe) (slépée » *péslepe) (slépé » *séslépé)




X - Xe

X - Xs

C,00C,s » unC,eC,



we expect frequency to sift the grain from the chaff

C,00C,s » unC,eC,

(
Ny

X
3
X
)




morpho-phonological analogies: issues

réqis, regi, regem etc. are in the corpus, but *reg is not

for each pair of words, also include their LCS in the lexicon

subtyping relations on morphemes:
crate+s and box+es will be counted separately

reapply top N morphemes on all words, the result might be just
one consistent phonological rule away

alignments are done strictly on 3-phoneme stems (and 4, 5, ..)

slot splitting and slot merging: complicated




the radial graphs represent
numeric feature sequences

the feature sequences are
obtained by reducing the

dimensionality of word
m + Z neighborhood data

Isafe] additive compositionality emerges

13

[save]
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contesting the “form » meaning” unidirectionality: Word2Vec
.\{\Q
Q

WS
o unsu .Sed\e’a
search for correlations between formal and e
(approximate) semantic additions
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Conclusions

Word2Vec

Self-evident. Intractable in pure form. Boosting accuracy
introduces complexity. Generalization to non-concatenative
(NC) morphologies appears difficult. Research ample.

Seemingly tractable in pure form. Naturally generalizes to NC
morphologies. Research scarce. Promising so far.

Research in its infancy. Extraordinary theoretical appeal, but
any conclusions inevitably premature.

Not covered here. Sizable body of research. Rapidly gaining
traction in industry. Highly distinct variety of artificial learners.
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