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Abstract obviating the need for the manual specification (Magerman,
o 1995) or automatic inference (Chiang & Bikel, 2002) of lexi-
Tree substitution grammars (TSGs) offer many advantages

over context-free grammars (CFGs), but are hard to learn. Past cal deper_1denC|es. . .
approaches have resorted to heuristics. In this paper, we learn ~ Following standard notation for PCFGs, the probability of
a TSG using Gibbs sampling with a nonparametric prior to  a parse treeis given as:

control fragment size. The learned grammars perform signifi-

cantly better than heuristically extracted ones on parsing accu- Pr(t) = z Pr(f)

racy. We also investigate an online learning scenario that more 4D (1) Dd

closely matches human language learningeywords: tree

substitution grammars; Bayesian learning whered ranges over derivation® (t) of t, and f over the
) fragments comprising each derivation. Under a standard CFG
Introduction (in which all fragments have a depth of one), each parse tree

Tree substitution grammars (TSGs) have potential advastag Uniquely idenfifies a derivation, i.¢2(t)| = 1. In contrast,
over standard context-free grammars (CFGs), but there is n&ultiple derivations in a TSG can produce the same parse
obvious way to learn them. In particular, learning procedur tree, so obtaining the parse probability requires a sunumati
are not able to take direct advantage of manually annotate@ver all derivations that could have produced it.
corpora like the Penn Treebank, which are not marked for This disconnect between parses and derivations compli-
derivations. Since multiple different TSG derivations papr ~ Cates both inference and learning. The inference (parsing)
duce the same parse tree, learning procedures must guess gk for TSGs is NP-hard (Sima'an, 1996), and is often
derivations, the number of which is exponential in the tree2Pproximated with sampling techniques or with the Viterbi
size. This compels heuristic methods of fragment extractio derivation. Grammar learning is more difficult as well. CFGs
or maximum likelihood estimators which tend to extractéarg are usually trained on treebanks, especially the Wall Stree
fragments that overfit the training data. Journal (WSJ) portion of the Penn Treebank. Once the model
These problems are common in natural language proces§ defined, relevant events can simply be counted in thetraip
ing tasks that search for a hidden segmentation. Recentl’9 data.' In contrast, there are no treebanks annqtated with
many groups have had success using Gibbs sampling to ad=>G derivations, and a treebank parse tree pbdes is am-
dress the complexity issue and nonparametric priors to adliguous among 2possible derivations. One solution would
dress the overfitting problem (DeNero, Bouchart & pe to mgnually annotate at_reebapk with TSQ derivations, but
Klein, 2008; Goldwater, Griffiths, & Johnson, 2009). In this in addition to being expensive, this task requires one tawkno
paper we apply these techniques to learn a tree substitutioihat the grammar actually is. .Part of the thinking motivatin
grammar, evaluate it on the Wall Street Journal parsing task SGS is to let the data determine the best set of fragments.

and compare it to previous work. One approach to grammar-learning is Data-Oriented Pars-
ing (DOP), whose strategy is to simply taék fragments in
Tree substitution grammars the training data as the grammar (Bod, 1993). The set of

all fragments can be efficiently represented (Goodman, Y1996
%)ut not with arbitrary distributions over the fragments. dBo

. g : . 2001) approximated all fragments by extracting from the

rewritten as fragments of arbitrary size. Although nonierm Treebank 400K random fragments for each fragment height

nal rewrites are still context-free, in practice TSGs carsén .

. . ranging from two to fourteen, and compared the performance
the independence assumptions of CFGs because larger rulg o e
SR .—of that grammar to that of a heuristically pruned “mini-
capture more context. This is simpler than the complex in- e , .
o : mal subset” of it. The latter’s performance was quite good,
dependence and backoff decisions of Markovized grammars. .~ " :
. . : chieving 90.8% Fscoré on section 23 of the WSJ.

Furthermore, fragments with terminal symbols can be viewe

as learning dependencies among the words in the fragment, 1The harmonic mean of precision and recill:= %%.

TSGs extend standard CFGs (and their probabilistic counte
parts, which concern us here) by allowing nonterminals to b
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Figure 1. Fragment count (thousands) across heights for the

“all fragments” grammar({l) and the superior “minimal sub- Figure 2: A small parse tree, with boxed nodes depicting
set” (@) from Bod (2001). fragment roots. The highlighted fragments dengtes) and

A(S) for the interiorS node. These fragments also corre-

This approach is unsatisfying in some ways. Instead ofpond with the spinal extraction heuristic.
heuristic extraction, we would prefer a model that expldine
the fragments found in the grammar. Furthermore, it seems Cx(f) = Pr([f[;ps) I_| Phiae (1)
unlikely that fragments with ten or so lexical items will be <
useful on average at test time — we expect there to be fewerhe base measuf@y defines the probability of a fragment
large fragments than small ones. Repeating Bod's grammags the product of the PCFG rules f that constitute it and
extraction experiment, this is indeed what we find when coma geometric distribution Rrover the number of those rules,
paring these two grammars (Figure 1). thus encoding a preference for smaller fragmént&he pa-

In summary, we would like a principled (model-based)rametera contributes to the probability that previously un-
means of determining from the data which set of fragmentseen fragments will be sampled. All DPs share paramegers
should be added to our grammar, and we would like to do sanda. An entire grammar is then given gs= {gx : X € N}.
in a manner that prefers smaller fragments but permits largeNo head information is used by the sampler.
ones if the data warrants it. This type of requirement is com- Rather than explicitly consider each derivation of the pars
mon in NLP tasks that require searching for a hidden segmenrees (which would define a TSG and its associated param-
tation, and in the following sections we apply it to learnang eters), we use a collapsed Gibbs sampler to integrate over
TSG from the Penn Treebank. all possible grammars and sample directly from the poste-
Collapsed Gibbs sampling with a DP prior2 r_ior_. T_he Gibbs sampler is_ an iterative procedure. At i_ni-

. ) . _ tialization, each parse tree in the corpus is annotated avith
For an excellent introduction to collapsed Gibbs samplingspecific derivation by marking each node in the tree with a
with a DP prior, we refer the reader to Appendix A Of pinary flag. This flag indicates whether the fragment rooted
Go_ldwater et gl. (2009), which we follow closely here. Our ¢ that node (a height one CFG rule, at minimum) is part of
training data is a set of parse tregsthat we assume Was the fragment containing its parent. The Gibbs sampler con-
produced by an unknown TSGwith probability PXT'|g).  siders every non-terminal, non-root nodef each parse tree
Using Bayes’ rule, we can compute the probability of a par-n trn, freezing the rest of the training data and randomly

ticular hypothesized grammar as: choosing whether to join the fragments abavand rooted
Pr(g| 7) = Pr(7T | g)Pr(g) atc (outcom_ehl) or to split them (outcoméy) accordln.g to
Pr(T) the probgpnlty ratiop(hy) /(o(hy) + (p(hz)): where@ assigns
a probability to each of the outcomes (Figure 2).
Pr(g) is a distribution over grammars that expressesaqui- Let 7(n) denote the fragment above and including node

ori preference fog. We use a set of Dirichlet Process (DP) and A(n) the fragment rooted at; o is a binary operator

priors (Ferguson, 1973), one for each nontermiia N, the  that forms a single fragment from two adjacent ones. The
set of nonterminals in the grammar. A sample from a DP isyytcome probabilities are:

a distribution over events in an infinite sample space (in our
case, potential fragments in a TSG) which takes two parame- oh)) = 6(f)
ters, a base measure and a concentration parameter: ohy) = 8((c))-8(A(C))

9x ~ DP(Gx,0) wheref = 57(c) o A(c). Under the CRP, the fragment proba-

2Cohn, Goldwater, and Blunsom (2009) and O’Donnell, Good-bility 8(f) is a function of the current state of the rest of the
man, and Tenenbaum (2009) independently proposed similar mod———
els. 3Gy (f) = 0 unless rodff) = X.



training corpus, the appropriate base mea&ygy ), and the grammar size LP LR F1

concentration parametetr PCFG 46K 75.37 70.05 72.61
coun, (f)+aG (f) spinal 190K 80.30 78.10 79.18
8(f) = f rooK ) minimal subset | 2.56M 76.40 78.29 77.33

jzt| +a 100,0.7,100) 64K 81.23 80.98 81.10

(
wherez; is the multiset of fragments in the frozen portion of (100,0.8,100) 63K 82.13 81.36 81.74
the training corpus sharing the same roof aand couny, (f) (100,0.9,100) 62K 82.11 81.20 81.65
is the count of fragment among them. (100,0.7,<100) | 798K 82.38 82.27 82.32

(

(

(

100,0.8,<100) | 506K 82.27 81.95 82.10
100,0.9,<100) | 290K 82.64 82.09 82.36
100,0.7,500) 61K 81.05 81.76 81.85

Online Learning

The Bayesian approach that we adopt is attractive as a mode
for human language learning in that it allows for learning
grammars based on general principles for optimal Iearning(loo’ 0.8,500) 60K 82.73 82.21 8246
from data, without appealing to language-specific apparatu (100,0.9,500) SOK 82.57 81.53 82.04
However, the training proceedure that we have described is(1000.7,<500) | 2.05M 82.81 82.01 82.40
unrealistic in that it requires the learner to store all tae-s ~ (100,0.8,<500) | 1.13M 83.06 82.10 82.57
tences it has seen and iteratively re-analyze them. We havé100 0.9, <500 | 528K 83.17 81.91 82.53
also conducted experiments in a more realistic onlinergetti
Here, the learner is presented with each sentence once, an- Table 1: Labeled precision, recall, angd énh WSJ§23.
alyzes it into tree fragments, increments the counts for the g, 5
relevant trees in the grammar, and then moves on to the next
sentence. While a human learner would not have access to 82
Penn Treebank parse trees, we make the assumption that the 815 L
trees are a reasonable proxy for the ability of the learner to
interpret the sentence in the real-world context of its use. 81
In the online training regimen, although early sentences
cannot be re-analyzed in light of later data, we would still
expect eventual convergence to a similar grammar as more 80 PCFG initialization ——— 1
data is presented. An important question for experimenniati . . spinal initialization --ll---
is the degree to which online learning is competitive witl tr 79'5100 200 300 400 500 600 700 800 900 1000
ditional Gibbs sampling for realistic data sizes.

80.5

iteration used to build grammar

. EXpe”men.tS Figure 3: Accuracy for th¢100,0.7,-) grammar family from
We trained our grammars on sections 2 to 21 of the WSJ potgifferent initialization states.

tion of the Penn Treebank, and report results on sentences
with no more than forty words from section 23.
We compare with three other grammars: (1) a standardResults
Treebank PCFG; (2) a “"spinal” TSG, produced by extract-Table 1 contains parser scores. The spinal TSG outperforms
ing n lexicalized fragments from each lengthsentence in  a standard unlexicalized PCFG and the significantly larger
the training data. Each fragment is defined as the sequence gfiinimal subset” grammar. The sampled grammars outper-
CFG rules from leaf upward all sharing a head, according tdorm all of them. Nearly all of the rules of the best sin-
the Magerman head-selection rules. We detach the top-levele iteration sampled grammét00,0.8,500) are lexicalized
unary rule, and smooth with counts from the Treebank CFG50,820 of 60,633), and almost half of them have a height
rules; and (3) an in-house version of the heuristic DOP “min-greater than one (27,328). Constructing sampled grammars
imal subset” grammar of Bod (2001). by summing across iterations improved over this in all cases
The Gibbs samplers were initialized with the spinal gram-but at the expense of a much larger grammar.
mar derivations. We construct sampled grammars in two Figure 3 displays parsing accuracy as a function of sam-
ways: (1) by summing fragment counts from the derivationpling iteration, from two initialization points. The gram-
states of the first sampling iterations (denoted, pg,<i)),  mars for this plot were taken from a single iteration. Accu-
and (2) by taking the counts only from iteratiorfdenoted racy seems to converge around the 500th iteration, although
(a, ps,i)). Depth-one CFG counts were added for smoothingthere is some evidence that these samplers are still miging t
and fragment probabilities were set using relative frequen  slowly (Cohn & Blunsom, 2010).

2l rules of height one, plus 400K fragments sampled at each Figure 4 shows a histogram of fragment size taken from the

heighth,2 < h < 14, minus unlexicalized fragments bf> 6 and  counts of the fragments (by token) actually used in parsing
lexicalized fragments with more than twelve words. WSJ823. Parsing with the “minimal subset” grammar uses



10% : : : : : _ unlikely to be useful for inference, and could be discoudage
OO ] in the model with a more informative base measure.
105G~ 0000 @"@”'@“'@”'@”’@”% In our online setting, we find that by sweeping through the
. (100,0.8,500), actual grammar —— | sentences of the Treebank only once, and resampling each
10 (100’0'8‘50n2i)r']itr’§;d ;;LS;?gr\;VnS"fﬁ fffgi': node in the tree 100 times, we achieve a parser with 76.14
10° minimal, used parsing WSJ23 -@- precision and 77.36 recall, when we initialize the sampling
of node with all nodes being segmentation points (a PCFG
102 ] baseline). While this is not competitive with our best result
] it shows that significant improvement over the PCFG baseline
10t o O o @ of 71.72 precision and 72.81 recall is possible with just one
o ? ? pass through the data.
10 T
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Summary
Collapsed Gibbs sampling with a DP prior fits nicely with the

Figure 4: Histogram of fragments sizes used in parsing{flSk gf Iearr!ingla TSG. 'I_'he s:mpled grar(r;mz;l(rs ﬁre model-
WSJ823 (filled points), as well as from the grammars them- ased, are simple to sp_emfy and extract, and ta ef[ ?meCt
selves (outlined points). shape over fragment size. They outperform heuristicalty ex

tracted grammars, and can do so with many fewer fragments.

number of words in subtree’s frontier
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