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SUMMARY BABY STEPS [LESS IS MORE

We present two simple, data complexity aware approaches WsJ1 WoJ2 = Ad-Hoc™ Init | =] WSJ15
for unsupervised grammar induction and apply them to Klein
and Manning’'s Dependency Model with Valence: Baby Steps
bootstraps itself without a prior, by increasing data complex-
ity gradually; Less is More focuses on fewer but lower com-
plexity examples, trading off quantity against ambiguity.

e iterative training with increasingly longer sentences e standard batch training, but at “sweet spot” lengths
e initialization-free e linguistically-informed prior (our implementation ot Ad-Hoc)

TRAIN=TEST [N FIXED EVAL
DEPENDENCY MODEL WITH VALENCE e

challenging as more (com- culty (by smoothing), holding
plex) training data is added it constant (at WSJ{40, 10})

e generative process e single-state head automata - R -
EM with wuniform prior ERRETES Ad-Hoc* sometimes better

e projective trees e unlexicalized (part-ot-speech tags) T learns some structure (e.g. than both Ad-Hoc and Baby

undirected dependencies) Steps (e.g., at WSJ10)

EXAM P LE RN m I~ . Undirected Accuracy (%) on WSJk Directed Accuracy (%) on WSJ10

[

=
=

NNS VBD IN NN & | 5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
| | | | | '

Payrolls fell in September
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(1 — IP)STOP (07 L7 T)) IP)ATTACH (07 L7 VBD) (1 — IP)STOP (VBD, L, T)) IP)ATTACH(VB]:)v Lv NNS) o . Baby Steps always improves, aCle EMs | alarming'{ Oracle training also = Oracle training eventually wors;

(1 _ IEDSTOP (VBDv R, T)) IP)ATTACH (VBD, R, IN) (1 _ IEDSTOP(INa R, T)) IP)ATTACH(:[Na R, NN) . where impact of learning is ; hibits a bump near the OraCIe than at W3J3 (by WSJ36)
. large (e.g., at WSJ{14, 5,4}) dggrtiftinne e ; = -
IEDSTOP (VBD, L, F) PSTOP (VBD, R, F) IEDSTOP (NNS, L, T) PSTOP (NNS, R, T) N - ' supervised (MLE) sweet S_potEWSJIQ)
N WA .. luti
IEDSTOP (IN, L, T) IP)STOP (IN, R, F) IP)STOP (NN, L, T) IP)STOP (NNa R, T) °*. . - o -1012 Ad-Hoc™ peaks at a sweet spot
Pgrop (<>, L, F) Pgrop (<>7 R, T) : - — Less is More (around WSJ15)

Ad-Hoc initialization )
by 9.8% (at WSJ10) Ad-Hoc™’s prior peaks
p— early (at WSJ7)

T T F B aby Steps Only Bezlby Stepsé
) it [N 4y T nd down
STAN DARD TRAI NI N GZ Ad_Hoc Init WSJ10 . Baby Steps beats ‘ !

e EM via inside-outside re-estimation (on WSJ10)
e Ad-Hoc harmonic initializer aims for balanced trees

Ad-Hoc* eventually nearly as bad
as its prior at WSJ7 (by WSJ23)
EM with uniform
prior learns little
of (directed) de-
pendencies

Ad-Hoc™’s prior eventu-
ally falls below guessing
rate (by WSJ24)
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Small tweaks to Klein and Manning’'s approach of 2004 beat
2009 state-of-the-art on longer sentences. We suspect that
other parsing models and unsupervised learning algorithms

also stand to gain from an awareness of data complexity. GENERALIZ ATION ST ATE OF THE ART

Ad-Hoc* | Baby Steps Ad-Hoc* | Baby Steps | | | Decoding WSJ20 | WSJ™
Attach-Right (Klein and Manning, — 33.4 31.7

Section 23 | 44.1 (588) 39.2 (538) 31.5 (5 1 6) 39.4 (540) Ad-Hoc (Klein and Manning, Viterbi 39.1 34.2
WSJ100 43.8 (58.6) | 39.2 (53.8) 31.3 (51.5) | 39.4 (54.1) Dirichlet (Cohen et al., Viterbi 39.4 | 349

Brownl100 | 43.3 (59.2) | 42.3 (55.1) 32.0 (52.4) | 42.5 (55.5) Ad toc oo o VLR aoe | 50

Log-Normal Families (Cohen et al., Viterbi 45.1 39.0
r The National Science Foundation, award I1S-0811974. Baby Steps (@15) Viterbi 44.3 39.2

Baby Steps (@45) Viterbi 44.4 39.4

. . Log-Normal Families (Cohen et al., MBR 45.9 40.5
The F hn Hertz F ,
H( :IrtZ e Fannie & John Hertz Foundation Shared Log-Normals (tie-verb-noun) (Cohen and Smith, MBR 47 .4 41.4

for unwavering, generous support and encouragement. . Bilingual Log-Normals (tie-verb-noun) (Cohen and Smith MBR 48.0 42.2
NIPS Workshop on Grammar Induction, Less is More (Ad-Hoc* @15) Viterbi 48.2 | 44.1

Prof. Christopher D. Manning, for a wonderful course on “Natural Language Representation of Language and Language Learning Smoothed (skip-val) (Headden et al., Viterbi
o Processing” (CS.224N), and Prof. Andrew Y. Ng, for an instantly useful and Smoothed (skip-head) (Headden et al., Viterbi Section 23
qﬁ "u nford accessible course on “Machine Learning” (CS.229). Smoothed (skip-head), Lexicalized (Headden et al., Viterbi
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