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Kim et al. (2019) is one of the most exciting papers I've had the pleasure to

read in a while. Why? It challenges long-established wisdom in the field. I'll

explain in what follows.

https://medium.com/@ryancotterell/a-review-of-compound-probabilistic-context-free-
grammars-for-grammar-induction-2cd24ad060cf
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Exciting? Why?
» EHEEFIN S PCFG D EM7E LFED EM ThH DIEERIEEL:
CEEYPHTRUTE

»EM T PCFG WEE TERW L IFEH - 1=

» PCFG AABW\D Tl ? 3CEIC T T 2 5I50h°
8L\ TlE (Manning & Schiitze, 1999)

» L DIOE/BWXGEDHRRZIRERT DK DI

* Dependency (Klein & Manning, 2004)
e CCG (Bisk & Hockenmaier, 2013)
e Shorter dependency (K&M), Center-embedding (Noji et al., 2016)
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HE D PCFG: S

p(VP = V NP) = myp_,v np = 0.2 /\VP
p(VP — VP PP) = yp_vp pp = 0.15 N

. NP V NP
p(V — hkes) — TV —likes — 0.002 | | |

He likes chardonnays

BETETI (BIV-IEXRZZ1—F )L T/INT X5 1L)
eXp(ug,NPWVP)

ZBC eXP(UECWVP)

p(VP — V NP) =

» Painless unsupervised learning with features
(Berg-kirkpatrick et al., 2010) D=1 —Z )Lk & AirE S

» £S5V UITERKUETIL (compound PCFG) HIRZE
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» A &3 (not dREASl) D
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HIBEE: XD HILED=RAAL

e KD PCFG: inside-outside TIL—)LDHEAFEZSAE LT EM

° ZIKZ
e SGD JEAEM &> TWB Z EFIF

=)L REARERZ 1Tk T, SGD TEFNEEmXIL
EAEILY:

(Inside-Outside and Forward-Backward Algorithms Are Just Backprop)

yIFESFE LW HM?

= K73 (over-parameterize)

—a1—ZI)LETIVIE SGD THRIERE

MRUP T Weod, EEFEESIFER



https://www.cs.jhu.edu/~jason/papers/eisner.spnlp16.pdf

Gold tree & EEE (2 ViRN)U IS HEESR)

PTB CTB
Model Mean Max Mean Max
Left Branching 3.7 9.7
Right Branching 39.5 20.0
Random Trees 19.2 19.5 15.7 16.0
PRPN (tuned) 47.3 479 304 31.5
ON (tuned) 48.1 50.0 254 25.7
Neural PCFG 50.8 52.6 25.7 29.5
Compound PCFG 55.2 60.1 36.0 39.8

Ordered neurons ICfE N B AREEETT7ILT Y X LE
right-branching (8] 7% /N1 7 A= 15 & WS #EH
https://arxiv.ora/pdf/1909.09428 pdf (Dyer, et al., 2019/9/23)
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Relatedly, the models were quite sensitive to pa-
rameterization (e.g. 1t was important to use resid-

ual layers for rammar size, and optimiza-
tion method. Finally, despite vectorized GPU 1m-

RKETILDRENTSWINTG A —=F[THBURMNEEI U THEWE
ALY/ N A

E R IINFHIFE A https://github.com/harvardnlp/compound-pcfg



What Kind of Language Is Hard to Language-Model?
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Are All Languages Equally Hard to Language-Model?

Ryan Cotterell! and Sebastian J. Mielke! and Jason Eisner' and Brian Roark®
I Department of Computer Science, Johns Hopkins University 2 Google
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What Kind of Language Is Hard to Language-Model? ACL 2019
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Research questions

What Kind of Language Is Hard to Language-Model?

yQ1: (FHFDH)SEBICELHDTEEZETINDEHLIEZE DS ?
YES. IREDEZTTIVICE>THEELD RAYVEDAMEHL L

»Q2: EOLDRBEBIEH UL WH? EBFHLEFEITH D ?
Unclear. ;5FHDEMHM IR EDHND P IT WIBIEETIEERBA TE ALY
T ZAINBERTUNGBATELGN (BEHGLE)

» Q3: Translationese (& native DEZE L D HEH ?

NO. SZETTI/LICE>T. MEITHEWIH DD, BETIEALY
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Mg BRDEEBZEDHERIT DH

p(-) = NLL
en Ilove Florence! 0.03 = 5 bits
de Ich griiRe meine Oma und die Familie dahein. 0.008 = 7 bits

nl Alle mensen worden vrij en gelijk in waardigheid en rechten geboren. 0.0004 = 11 bits

» I RE

« EEETIOLEE (\—TLF YT 1) (FI—/RKF

e SRENERDET—/NADER D = SHEFADLR?

» I 9 B /55 (Cotterell et al., 2018)

e AN E U O—/NR =&IERT —F Z{E> (Europerl, Bible)

e UNK G USEBETI/ILZES (BPE-LM, char-LM)

11



‘HUS OFEAE

p(-) = NLL
en Resumption of the session. 0.013 = 6.5 bits
de Wiederaufnahme der Sitzung. 0.011 = 6.3 bits
nl Hervatting van de sessie. 0.012 = 6.4 bits
» RN IZELTH . BENERD; BEERIXENERG S

SaBDOEZRINU RE (B CTHERTE HRE) ML L

» 1B D775 Bits per English character (BPEC) (Cotterell 18)
o WHMAESE “HEI—/N\ADFH TE|>THIE
e 2 TDEEEITE > TXD alignment BNENTWBNEMNH S

e Europerl Tldd 21ZEAJEE; Cotterell 18 [& Europerl D A {EFE
SEFEEEIIEL LY = Bible = alignment BN RE£
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Fully parallel corpora

LM surprisals/NLLs

yl,en

Y1,de

Y1,bg

Y 2,en

4 4.,en

Y2.de

Y4.de

Y2.,bg

Y4.bg

J

J

J

aligned multi-text

BPEC: Zen Zde Zbg
(difficulty) ... L., L.,
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RIEE (X) hFHE = st ETILTEF

EEMEBETETIL (multiplicative mixed-effects)

Y2,de ~ Mo - expdje

LM surprisals/NLLs

}/I,en .yl,de = N4
P
language Y2, en yZ,dem Ny o B DS
model :>- R e
.)/4,en y4,bg — n4
\ U
aligned multi-text d., dge dbg
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RIEE (X) hFHE = st ETILTEF

EEMEBETETIL (multiplicative mixed-effects)

aligned multi-text

EEDETIL (ETIL2)
vij = n; - exp(d;) - exp(€;j)

o? =1n (1 + eXp((T,z)_l)

OV EOBRE

i n;
2 2
o°—0: o
El]~./\/( 2‘,0'i),
\-
Y4 en Yabg = Ny
U U
den dde dbg
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EDEZBNE L LD (with BPE/char-RNNLM)

Difficulties on Europarl

—4 -3 —2 -1 0

VS.
Difficulties on Bibles
de‘ de-, 20|
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- deu
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en de
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en
J
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y BEIDEEE-

= K D{EHE

=)L, EBHOO—I)IXR T—BUEEE

TOHLEREEAD (BEShBLE

LU & D)
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MCC = morphological counting complexity
(Cotterell 18 TELFHEESI D 3 - T2 E)

= HEARARIEEH SNEBEW (BEWREETILICE D ERHIPZEDL - )
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ftDEMMEDIBIETIEIESIH?

» WALS features / dependency length / Head-POS entropy
o ... ENBEAIRERBAREAIRL

» KD BRIEZEEESH?
o Difficulty for char-RNNLM: raw-character length & 1HES

* Bibles: p <.001; Europerl: p<.01
* RNN OFIEREANDcd (RWEBENEI DA U S728))

e Difficulty for BPE-RNNLM: :2& 1t X & 1853
e Bibles: p <.00000000001; Europerl: t8EE%: L
o BEN L\ & BPE MW > THEEEEENZ LK BEIN5

EE5%H RNN DFFEICEDEUEEEWZS (T7Z=AI)
SEFMNICHBWERIETShiEh o Tc (Cotterell 18 DETE)
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Takeaway

L&D

/11

» Cross-linguistic study (& T Z(C{TU\E

» DED—ERDFEBEDH & H TERZ —AL U TIEWLIFZRL

» ¢H ACL community [FZE5E(C U DMEERZR LV U .
cross-lingual 72 'J Y —ADNERIBFEZ R TEHEL LW
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