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OverviewOverview

1. The “grammar” of Chinese characters
– Regularities in radical positionsg p

2. Evidence for radical position productivity
E i N l h– Experiment: Novel character acceptance

– Corpus: Novel character coinage

3. Triggers for radical position productivity
A simple mathematical model of rule learnability–A simple mathematical model of rule learnability
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1 “Grammar” beyond speech1.  Grammar  beyond speech

• Structural regularities in learned systems
– Sign language (Sandler & Lillo‐Martin, 2006)g g g ( , )
– Music (Lerdahl & Jackendoff, 1983)
Comics (Cohn et al 2012)– Comics (Cohn et al., 2012)

– ...

• Is this “real” grammar?
– Is it mentally active?Is it mentally active?
– If so, is it learned in ways similar to speech?
D i h l d i h?– Does it use the same mental devices as speech?
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Chinese character “grammar”Chinese character  grammar

• An old yet controversial idea
– E.g., Rankin (1965), Wang (1983), Stalphg , ( ), g ( ), p
(1989), Sproat (2000), Hsieh (2006), Kordek
(2013), Ladd (2014), Myers (2016), ...( ), ( ), y ( ),

• My own radical position
Ch f l i i ll i– Character form regularities are mentally active

– Learned from the statistics of characters
– But learning uses statistics in a biased way
– Hence character “rules” are abstractHence character  rules  are abstract
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Radical position patternsRadical position patterns

• Semantic radicals
– Closed‐class components hinting at meaningp g g
– Akin to “affixes”...?

Th t d t i i t t iti• They tend to appear in consistent positions
– Left: 詞 cí “word” (cf. 言 yán “speech”)
– Right: 鵝 é “goose” (cf. 鳥 niǎo “bird”)
– Top: 花 huā “flower” (cf 艸 cǎo “grass”)Top: 花 huā flower  (cf. 艸 cǎo grass )
– Bottom: 盒 hé “box” (cf. 皿mǐn “dish”)
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– ...

My sources for traditional charactersMy sources for traditional characters

• Academia Sinica Balanced Corpus of Modern 
Chinese (Chen et al., 1996)( )
– From a variety of sources available in Taiwan
6 608 character types (83% with L/R/T/B radicals)– 6,608 character types (83% with L/R/T/B radicals)

– 15,370,423 character tokens

• Usenet corpus (Tsai, 2006)
– From 1993‐1994 Usenet postings in TaiwanFrom 1993 1994 Usenet postings in Taiwan
– 13,060 character types (87% with L/R/T/B radicals)
171 894 734 h t t k– 171,894,734 character tokens
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Radical position type frequenciesRadical  position type frequencies
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Position dependent radical variationPosition‐dependent radical variation

• Radicals reduced in complexity at left and top
心～忙 人～位 水～泊 手～拾心 忙 人 位 水 泊 手 拾
艸～花 竹～筆

• Radicals not reduced at right or bottom• Radicals not reduced at right or bottom
忙～忘 泊～泉 拾～拿 加～功

• Exceptions...
刀～刻 火～熟刀 刻 火 熟

• “Rules” addressed here:
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– “Small” radicals: left > right, top > bottom



2 Testing productivity2. Testing productivity

• Prob(Form|Context...)
– Left vs. right, top vs. bottom “small” radicalg , p
– I’ll ignore semantic context, etc....

Top
Prob(T)

Left
Prob(L)

Right
Prob(R)

X g

Prob(B)

X

10
Bottom
( )

Fake character acceptability testFake character acceptability test
• Lexicality: Component is/isn’t used as radical• Lexicality: Component is/isn t used as radical
• Grammaticality: Obey/violate patterns

– Left (top) component is/isn’t smaller

• Judge whether is/isn’t like a character

Lex Nonlex

• Judge whether is/isn t like a character

Lex Nonlex
Gram Ungram Gram Ungram

Left/Right

Top/BottomTop/Bottom
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(Myers, 2011, 2012; see also Myers, 2016, for an experiment on a different pattern)

Only left/right rule generalizesOnly left/right rule generalizes
***
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12*** p < .001; ** p < .01; ns p > .7 in mixed‐effects logistic regression models

Coining new charactersCoining new characters

• Artistic examples from my office door
– Guess which were invented by a Chinese writer!y
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Natural character coinageNatural character coinage

• Characters are not quite closed‐class
– Nonstandard variants are ancient
– Standards in Japan, Korea, Hong Kong, the PRC
Chữ Nôm in pre Romanization Vietnam– Chữ Nôm in pre‐Romanization Vietnam
(I’ll return to this shortly)

• E.g. PRC characters obey positional allophony
– Traditional 言: 警～詞 (no left reduction)言 警 詞 ( )
– Simplified 言: 警～词 (left reduction!)
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Chữ Nôm (𡨸喃)Chữ Nôm (𡨸喃) 

• Source: www.chunom.org (Nguyen, 2015) 
– Incomplete and only coarse frequency estimatesp y q y
– Over 1000 characters/variants from classical texts
Over 400 not found in Usenet corpus– Over 400 not found in Usenet corpus

• Many apparent violations of radical patterns
– Exceptions to left reduction: 手 𢪀 𢬣

– “Embedded” radicals: 𧷸 𧸝 𡨸Embedded  radicals: 𧷸 𧸝 𡨸

– Chữ Nôm characters have a tendency to be 
formed by “compounding” instead of “affixation”
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formed by  compounding  instead of  affixation

Radical positions in Chữ NômRadical  positions in Chữ Nôm
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Estimating productivity in AS corpusEstimating productivity in AS corpus

• Productivity as coinage rate (Baayen & Renouf, 1996)
– Hapax legomena (words that appear only once in p g ( pp y
a corpus) potentially include novel coinages

– P*N : Productivity P of word class c as number ofP N,c : Productivity P of word class c as number of 
hapax legomena of class c, proportional to all 
hapax legomena in corpus of N tokenshapax legomena in corpus of N tokens

• Relative productivity can also be visualized as 
h l f hthe slope of growth curves
– Plot types vs. tokens in ever larger samples
– Steep slopes suggest word types still being added
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Empirical growth curves (AS corpus)

P*L  = .75

P*T = 10P T  = .10
P*B  = .08

P*R = 06P R   .06

18(Token order randomized to improve smoothness)



Modeled growth curves (AS corpus)

19
(Large Numbers of Rare Events regression using Generalized  Inverse Gauss‐Poisson 
modeling, which gave the best fit here: Baayen, 2001; Evert & Baroni, 2007)

Modeled growth curves (Usenet)

P*L  = NA

No hapax legomena:p g
Lowest token
frequency is 4!

P*T  = NA
P*B  = NA
P*R = NAP R   NA

20(Large Numbers of Rare Events modeling with Generalized  Inverse Gauss‐Poisson)

3 Triggering productivity3. Triggering productivity

• Yang (2005, 2016): The Tolerance Principle
– How many exceptions Etol to a rule in a set of Ny p tol
word (item) types can a learner tolerate before 
the rule becomes unlearnable?

• Model assumes an Elsewhere principle
Fi h if i i i– First search memory to see if item is an exception

– If not, then apply the rule
– Exception searching has a measurable cost
– Too many exceptions mean rule gives no benefitToo many exceptions mean rule gives no benefit
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Yang’s Tolerance PrincipleYang s Tolerance Principle

Etol ≈ N / ln N
• Quick proof• Quick proof

– Average steps to search all N items is N / ln N
– If exceptions E exceed this cost, just list all N items

• See Yang’s work for detailsg
– Copious empirical evidence from child language
N li l i S ll N it l E– Nonlinear learning: Smaller N permits larger Etol

– Slightly more detailed proof is given in Appendix
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Implications for radical positionsImplications for radical positions
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ConclusionsConclusions

• Left > right radical rule
– Just barely passes Yang’s Tolerance Principley p g p
– Readers generalize it to nonradicals
Huge L/R contrast in corpus estimated coinage– Huge L/R contrast in corpus‐estimated coinage

• Top > bottom radical rule
– Far from passing Yang’s Tolerance Principle
– Readers don’t generalize it to nonradicalsReaders don t generalize it to nonradicals
– No T/B contrast in corpus‐estimated coinage
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Appendix: Proving Tolerance (1/4)Appendix: Proving Tolerance (1/4)

Yang (2005, 2016):
• Learner hypothesis 1: List all N words (items)Learner hypothesis 1: List all N words (items)

– Assume frequency ordering and Zipf’s Law
Wh i h b f d d?– What is the average number of steps needed?

W1 1 1 1 1 1 1 1 1 1 1 1 1

W2 2 2 2 2 2 2

W3 3 3 3 3

W 4 4 4 Zipf’s LawW4 4 4 4

mean(11,...,112, 21,...,212/2, 31,...,312/3, 41,...,412/4) =

p

31
4×12/(12×(1+1/2+1/3+1/4)): N/ΣiN(1/i)

Appendix: Proving Tolerance (2/4)Appendix: Proving Tolerance (2/4)
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N/ΣiN (1/i) ≈ N/ln N
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Appendix: Proving Tolerance (3/4)Appendix: Proving Tolerance (3/4)

• Learner hypothesis 2: E exceptions, rest by rule
– All items optimally sorted and obey Zipf’s Lawp y y p
– What is the average number of steps needed?

W1

...

W

Prob = E/N E / ln E stepsExceptional items
WE

WE+1

...Prob = 1‐E/N E stepsRegular items
...

...

E stepsRegular items
(check all exceptions)
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WNSo: (E/N)(E/ln E) + (1‐E/N)E

Appendix: Proving Tolerance (4/4)Appendix: Proving Tolerance (4/4)

• How many exceptions make Hyp 2 too costly?
– Find E such that
N/ln N　= (E/N)(E/ln E) + (1‐E/N)E
(no rule) (rule)(no rule) (rule)

– Set x = E/N, f(x) = x(E/ln E) + (1‐x)E ‐ N/ln N
– To find x where f(x) = 0: Get derivative f’(x) = 
0, exploit deriv(ln x) = 1/x, ignore small terms

• Resulting estimate: Etol ≈ N / ln N
Same as number of steps for all listing hypothesis– Same as number of steps for all‐listing hypothesis
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