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Abstract

Tree substitution grammars (TSGs) offer many advantages
over context-free grammars (CFGs), but are hard to learn. Past
approaches have resorted to heuristics. In this paper, we learn
a TSG using Gibbs sampling with a nonparametric prior to
control fragment size. The learned grammars perform signifi-
cantly better than heuristically extracted ones on parsing accu-
racy. We also investigate an online learning scenario that more
closely matches human language learning.Keywords: tree
substitution grammars; Bayesian learning

Introduction
Tree substitution grammars (TSGs) have potential advantages
over standard context-free grammars (CFGs), but there is no
obvious way to learn them. In particular, learning procedures
are not able to take direct advantage of manually annotated
corpora like the Penn Treebank, which are not marked for
derivations. Since multiple different TSG derivations canpro-
duce the same parse tree, learning procedures must guess the
derivations, the number of which is exponential in the tree
size. This compels heuristic methods of fragment extraction,
or maximum likelihood estimators which tend to extract large
fragments that overfit the training data.

These problems are common in natural language process-
ing tasks that search for a hidden segmentation. Recently,
many groups have had success using Gibbs sampling to ad-
dress the complexity issue and nonparametric priors to ad-
dress the overfitting problem (DeNero, Bouchard-Côté, &
Klein, 2008; Goldwater, Griffiths, & Johnson, 2009). In this
paper we apply these techniques to learn a tree substitution
grammar, evaluate it on the Wall Street Journal parsing task,
and compare it to previous work.

Tree substitution grammars
TSGs extend standard CFGs (and their probabilistic counter-
parts, which concern us here) by allowing nonterminals to be
rewritten as fragments of arbitrary size. Although nontermi-
nal rewrites are still context-free, in practice TSGs can loosen
the independence assumptions of CFGs because larger rules
capture more context. This is simpler than the complex in-
dependence and backoff decisions of Markovized grammars.
Furthermore, fragments with terminal symbols can be viewed
as learning dependencies among the words in the fragment,

obviating the need for the manual specification (Magerman,
1995) or automatic inference (Chiang & Bikel, 2002) of lexi-
cal dependencies.

Following standard notation for PCFGs, the probability of
a parse treet is given as:

Pr(t) = ∑
d∈D (t)

∏
f∈d

Pr( f )

whered ranges over derivationsD (t) of t, and f over the
fragments comprising each derivation. Under a standard CFG
(in which all fragments have a depth of one), each parse tree
uniquely idenfifies a derivation, i.e.,|D (t)| = 1. In contrast,
multiple derivations in a TSG can produce the same parse
tree, so obtaining the parse probability requires a summation
over all derivations that could have produced it.

This disconnect between parses and derivations compli-
cates both inference and learning. The inference (parsing)
task for TSGs is NP-hard (Sima’an, 1996), and is often
approximated with sampling techniques or with the Viterbi
derivation. Grammar learning is more difficult as well. CFGs
are usually trained on treebanks, especially the Wall Street
Journal (WSJ) portion of the Penn Treebank. Once the model
is defined, relevant events can simply be counted in the train-
ing data. In contrast, there are no treebanks annotated with
TSG derivations, and a treebank parse tree ofn nodes is am-
biguous among 2n possible derivations. One solution would
be to manually annotate a treebank with TSG derivations, but
in addition to being expensive, this task requires one to know
what the grammar actually is. Part of the thinking motivating
TSGs is to let the data determine the best set of fragments.

One approach to grammar-learning is Data-Oriented Pars-
ing (DOP), whose strategy is to simply takeall fragments in
the training data as the grammar (Bod, 1993). The set of
all fragments can be efficiently represented (Goodman, 1996)
but not with arbitrary distributions over the fragments. Bod
(2001) approximated all fragments by extracting from the
Treebank 400K random fragments for each fragment height
ranging from two to fourteen, and compared the performance
of that grammar to that of a heuristically pruned “mini-
mal subset” of it. The latter’s performance was quite good,
achieving 90.8% F1 score1 on section 23 of the WSJ.

1The harmonic mean of precision and recall:F1 =
2PR
P+R .
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Figure 1: Fragment count (thousands) across heights for the
“all fragments” grammar (�) and the superior “minimal sub-
set” (�) from Bod (2001).

This approach is unsatisfying in some ways. Instead of
heuristic extraction, we would prefer a model that explained
the fragments found in the grammar. Furthermore, it seems
unlikely that fragments with ten or so lexical items will be
useful on average at test time — we expect there to be fewer
large fragments than small ones. Repeating Bod’s grammar
extraction experiment, this is indeed what we find when com-
paring these two grammars (Figure 1).

In summary, we would like a principled (model-based)
means of determining from the data which set of fragments
should be added to our grammar, and we would like to do so
in a manner that prefers smaller fragments but permits larger
ones if the data warrants it. This type of requirement is com-
mon in NLP tasks that require searching for a hidden segmen-
tation, and in the following sections we apply it to learninga
TSG from the Penn Treebank.

Collapsed Gibbs sampling with a DP prior2

For an excellent introduction to collapsed Gibbs sampling
with a DP prior, we refer the reader to Appendix A of
Goldwater et al. (2009), which we follow closely here. Our
training data is a set of parse treesT that we assume was
produced by an unknown TSGg with probability Pr(T |g).
Using Bayes’ rule, we can compute the probability of a par-
ticular hypothesized grammar as:

Pr(g | T ) =
Pr(T | g)Pr(g)

Pr(T )

Pr(g) is a distribution over grammars that expresses oura pri-
ori preference forg. We use a set of Dirichlet Process (DP)
priors (Ferguson, 1973), one for each nonterminalX ∈ N, the
set of nonterminals in the grammar. A sample from a DP is
a distribution over events in an infinite sample space (in our
case, potential fragments in a TSG) which takes two parame-
ters, a base measure and a concentration parameter:

gX ∼ DP(GX ,α)
2Cohn, Goldwater, and Blunsom (2009) and O’Donnell, Good-

man, and Tenenbaum (2009) independently proposed similar mod-
els.
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Figure 2: A small parse tree, with boxed nodes depicting
fragment roots. The highlighted fragments denote▽(S) and
△(S) for the interiorS node. These fragments also corre-
spond with the spinal extraction heuristic.

GX ( f ) = Pr$(| f |; p$)∏
r∈ f

PrMLE(r)

The base measureGX defines the probability of a fragmentf
as the product of the PCFG rulesr ∈ f that constitute it and
a geometric distribution Pr$ over the number of those rules,
thus encoding a preference for smaller fragments.3 The pa-
rameterα contributes to the probability that previously un-
seen fragments will be sampled. All DPs share parametersp$
andα. An entire grammar is then given asg = {gX : X ∈ N}.
No head information is used by the sampler.

Rather than explicitly consider each derivation of the parse
trees (which would define a TSG and its associated param-
eters), we use a collapsed Gibbs sampler to integrate over
all possible grammars and sample directly from the poste-
rior. The Gibbs sampler is an iterative procedure. At ini-
tialization, each parse tree in the corpus is annotated witha
specific derivation by marking each node in the tree with a
binary flag. This flag indicates whether the fragment rooted
at that node (a height one CFG rule, at minimum) is part of
the fragment containing its parent. The Gibbs sampler con-
siders every non-terminal, non-root nodec of each parse tree
in turn, freezing the rest of the training data and randomly
choosing whether to join the fragments abovec and rooted
at c (outcomeh1) or to split them (outcomeh2) according to
the probability ratioφ(h1)/(φ(h1)+ φ(h2)), whereφ assigns
a probability to each of the outcomes (Figure 2).

Let ▽(n) denote the fragment above and including node
n and△(n) the fragment rooted atn; ◦ is a binary operator
that forms a single fragment from two adjacent ones. The
outcome probabilities are:

φ(h1) = θ( f )

φ(h2) = θ(▽(c)) ·θ(△(c))

where f =▽(c)◦△(c). Under the CRP, the fragment proba-
bility θ( f ) is a function of the current state of the rest of the

3GX ( f ) = 0 unless root( f ) = X .



training corpus, the appropriate base measureGroot( f ), and the
concentration parameterα:

θ( f ) =
countz f ( f )+αGroot( f )( f )

|z f |+α

wherez f is the multiset of fragments in the frozen portion of
the training corpus sharing the same root asf , and countz f ( f )
is the count of fragmentf among them.

Online Learning
The Bayesian approach that we adopt is attractive as a model
for human language learning in that it allows for learning
grammars based on general principles for optimal learning
from data, without appealing to language-specific apparatus.
However, the training proceedure that we have described is
unrealistic in that it requires the learner to store all the sen-
tences it has seen and iteratively re-analyze them. We have
also conducted experiments in a more realistic online setting.
Here, the learner is presented with each sentence once, an-
alyzes it into tree fragments, increments the counts for the
relevant trees in the grammar, and then moves on to the next
sentence. While a human learner would not have access to
Penn Treebank parse trees, we make the assumption that the
trees are a reasonable proxy for the ability of the learner to
interpret the sentence in the real-world context of its use.

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
data is presented. An important question for experimentation
is the degree to which online learning is competitive with tra-
ditional Gibbs sampling for realistic data sizes.

Experiments
We trained our grammars on sections 2 to 21 of the WSJ por-
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 standard
Treebank PCFG; (2) a “spinal” TSG, produced by extract-
ing n lexicalized fragments from each lengthn sentence in
the training data. Each fragment is defined as the sequence of
CFG rules from leaf upward all sharing a head, according to
the Magerman head-selection rules. We detach the top-level
unary rule, and smooth with counts from the Treebank CFG
rules; and (3) an in-house version of the heuristic DOP “min-
imal subset” grammar of Bod (2001).4

The Gibbs samplers were initialized with the spinal gram-
mar derivations. We construct sampled grammars in two
ways: (1) by summing fragment counts from the derivation
states of the firsti sampling iterations (denoted(α, p$,≤i)),
and (2) by taking the counts only from iterationi (denoted
(α, p$, i)). Depth-one CFG counts were added for smoothing,
and fragment probabilities were set using relative frequency.

4All rules of height one, plus 400K fragments sampled at each
heighth,2 ≤ h ≤ 14, minus unlexicalized fragments ofh > 6 and
lexicalized fragments with more than twelve words.

grammar size LP LR F1

PCFG 46K 75.37 70.05 72.61
spinal 190K 80.30 78.10 79.18
minimal subset 2.56M 76.40 78.29 77.33
(100,0.7,100) 64K 81.23 80.98 81.10
(100,0.8,100) 63K 82.13 81.36 81.74
(100,0.9,100) 62K 82.11 81.20 81.65
(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 81.95 81.76 81.85
(100,0.8,500) 60K 82.73 82.21 82.46
(100,0.9,500) 59K 82.57 81.53 82.04
(100,0.7,≤500) 2.05M 82.81 82.01 82.40
(100,0.8,≤500) 1.13M 83.06 82.10 82.57
(100,0.9,≤500) 528K 83.17 81.91 82.53

Table 1: Labeled precision, recall, and F1 on WSJ§23.
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Figure 3: Accuracy for the(100,0.7, ·) grammar family from
different initialization states.

Results
Table 1 contains parser scores. The spinal TSG outperforms
a standard unlexicalized PCFG and the significantly larger
“minimal subset” grammar. The sampled grammars outper-
form all of them. Nearly all of the rules of the best sin-
gle iteration sampled grammar(100,0.8,500) are lexicalized
(50,820 of 60,633), and almost half of them have a height
greater than one (27,328). Constructing sampled grammars
by summing across iterations improved over this in all cases,
but at the expense of a much larger grammar.

Figure 3 displays parsing accuracy as a function of sam-
pling iteration, from two initialization points. The gram-
mars for this plot were taken from a single iteration. Accu-
racy seems to converge around the 500th iteration, although
there is some evidence that these samplers are still mixing too
slowly (Cohn & Blunsom, 2010).

Figure 4 shows a histogram of fragment size taken from the
counts of the fragments (by token) actually used in parsing
WSJ§23. Parsing with the “minimal subset” grammar uses
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Figure 5: Counts of fragments containing varying numbers of
words. The grammars are+ (10,0.7,500), 3 (100,0.7,500),
× (10,0.9,500), and2 (100,0.9,500).

highly lexicalized fragments that do not improve accuracy.
Its larger fragments do correlate with sentence-level accuracy,
however, they are too specific to be of general use. In contrast,
the histogram for the sampled grammar matches the shape of
the histogram from the grammar itself. Gibbs sampling with
a DP prior chooses smaller but more general rules.

As expected, the number of fragment types and their
growth rate is directly affected byα, p$, and the number of
iterations the sampler is run. Figure 5 presents lexicalized
statistics for four grammars; we plot the number of fragments
in that grammar according to their degree of lexicalization, as
measured by the number of words among a fragment’s leaves.
From this, we can see that the stop probability has a more pro-
nounced effect on lexicalization thanα.

The DP is not perfect, and still allows some very large frag-
ments to enter and remain in the grammar. As examples, the
most lexicalized fragment in the(10,0.9,100) grammar had
thirty-two terminals (a flat NP with many commas), and the
tallest rule had a height of fourteen. These sorts of rules are

unlikely to be useful for inference, and could be discouraged
in the model with a more informative base measure.

In our online setting, we find that by sweeping through the
sentences of the Treebank only once, and resampling each
node in the tree 100 times, we achieve a parser with 76.14
precision and 77.36 recall, when we initialize the sampling
of node with all nodes being segmentation points (a PCFG
baseline). While this is not competitive with our best results,
it shows that significant improvement over the PCFG baseline
of 71.72 precision and 72.81 recall is possible with just one
pass through the data.

Summary
Collapsed Gibbs sampling with a DP prior fits nicely with the
task of learning a TSG. The sampled grammars are model-
based, are simple to specify and extract, and take the expected
shape over fragment size. They outperform heuristically ex-
tracted grammars, and can do so with many fewer fragments.
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