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How to Read This Thesis

This chapter introduces some basic formatting and other specifics of this document that enable
the reader to make efficient use of it.

Navigation When a new notion is first mentioned, it is highlighted by using an italics font.
When a notion is defined, then it is typeset in italics and repeated on the margin to make it
easier to find the definition again later. Additionally, each defined notion is collected in the
Index.

To make the navigation through this work even more convenient, it might prove beneficial
to have the digital version available in a suitable viewer because this work makes extensive
use of clickable links. When viewed on a screen, clickable links can be identified by a colored
underlining.

Additionally, many mathematical notions are clickable links that lead directly to the respec-
tive definition of the notion. To ensure a good readability, these links are not especially high-
lighted. For example try to click on different parts in the formula rung y; C Ty, x Ug. Even if
a mathematical notion is overloaded, a particular usage of this notion is linked to the relevant
definition (e.g., we defined run for tree automata and we also defined run for string automata).

Structure This work is divided into 7 main chapters and 4 chapters in the appendix. The
former are numbered by Arabic numerals, the latter by capital Latin letters. To keep the main
chapters succinct, many simple proofs were put in the appendix. In that case the page number
of the proof is mentioned on the margin next to the proven statement.

Each main chapter starts with a short introduction to its topic. The introduction is followed
by a paragraph prefixed by “This Chapter”, which shortly summarizes the content of the
respective chapter. Another paragraph prefixed by “Related Work” gives references to other
publications.

The last page of this work presents an overview of variable names with their usual meanings
in the scope of this work.

Abbreviations Complex notions are usually abbreviated. To make sentences with abbrevi-
ations easier to read, we distinguish between the singular and plural form of an abbreviation.
The plural of an abbreviation is formed by appending a tiny “s” even if the not abbreviated plu-
ral is formed differently. For example we abbreviate “weighted tree automaton” by “wta” and
the plural “weighted tree automata” by “wtas”.

notion






1. Introduction

“We speculated what it was like before we got language skills. When we humans
had our first thought, most likely we didn’t know what to think. It’s hard to think
without words "cause you haven’t got a clue as to what you’re thinking. So if you
think we suffer from a lack of communication now, think what it must have been
like then, when people lived in a ‘verbal void’ — made worse by the fact that there
were no words such as ‘verbal void’” — Jane Wagner [Web]

Nature gave humans the ability to speak and to listen. The humans refined their language
abilities and learned to write and to read. The invention of the electronic computer inevitably
lead to the idea to teach those abilities also to these machines.

Natural language processing (nlp) subsumes all applications of computers to deal with human
languages. This includes written as well as spoken language, and language is analyzed as well
as synthesized, i.e., used as input and as output, respectively. The following table lists some
examples of nlp applications.

application input — output examples

dictation software speech — text Dragon NaturallySpeaking
screen reader text — speech NonVisual Desktop Access
translation of texts text — text DeepL, Google Translate
handwriting recognition handwriting — text Google Handwriting Input
news article generation data — text AX Semantics, Wordsmith
grammar checker text — corrections LanguageTool

For many applications, especially those which use text as input, the knowledge of the syn-
tactic description of the processed sentences is important.

“Syntactic descriptions are concerned with three basic types of relationships in
sentences: sequence, e.g. in English adjectives normally precede the nouns they
modify, whereas in French they normally follow; dependency, i.e. relations be-
tween categories, e.g. prepositions may determine the morphological form (or
case) of the nouns which depend on them in many languages, and verbs often
determine the syntactic form of some of the other elements in a sentence —see be-
low); and constituency, for example a noun phrase may consist of a determiner,
an adjective and a noun”  — Hutchins and Somers [HS92, Section 2.5, page 17]

Let us consider the following sentence: “A hearing is scheduled on the issue today.” While
the sequence is already obvious by the sentence, the dependencies and constituencies can be
visualized as in Figure 1.1. The figure shows the constituency structure above the sentence and
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1. Introduction
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Figure 1.1.: Non-projective constituency and dependency structure of an English sentence.
[based on KMNO09, Figure 2.1, page 17]

the dependency structure below the sentence.

The graphics for the constituent structure shows how constituents are hierarchically com-
bined to build the sentence. Each constituent is labeled by its grammatical role. The smallest
constituents are made up of single words of the sentence. For example the word a makes up
the constituent with the role of a determiner (DT), the word hearing makes up a constituent
with the role of a nominal noun (NN). These two constituents are combined to a larger con-
stituent with the role of a noun phrase (NP), and so on.

In the dependency structure, each arrow indicates a dependency. For a particular depen-
dency, the word at the arrowhead is called the clependem‘,1 the word at the other end of the
arrow is called the head;' the label of the arrow is called the dependency type. For example
hearing is a dependent of is, and is is a head of hearing; the dependency type is subject (SBJ).

Looking more closely at the consistency structure of our example sentence, we note that the
constituent labeled with NP-SBJ and consisting of the words “a hearing on the issue” (high-
lighted in red) is interrupted by the constituent labeled with VP and consisting of the words
“is scheduled today” (highlighted in blue). This implies that the constituent structure cannot
be drawn without crossing lines. A similar crossing can be seen in the dependency structure.
This phenomenon is called discontinuity or non-projectivity. However, in this work only syn-
tactic descriptions without discontinuities are considered; cf. Figure 1.2 for an example. It can
easily be seen that the example has no discontinuities because there are no crossing lines in
the graphics.

As mentioned earlier, some nlp applications need syntactic descriptions of sentences. An
application or component of an application that finds the syntactic description for a sentence
is called a parser. Finding the constituent and dependency structure of a sentence is called
constituent parsing [JM09, Chapter 13] and dependency parsing [KMNO09], respectively.

1 | “Other terms that are found in the literature are modifier or child, instead of dependent, and governor, regent or
parent, instead of head” [KMNO09, Section 1.1, page 2, Footnote 1]
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economic  news  had little effect on financial = markets
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Figure 1.2.: Projective constituency and dependency structure of an English sentence. [KMNO09,
Figures 1.1 and 1.2, pages 2-3]

This work is motivated by constituent parsing of sentences resulting in constituent
structures without discontinuities.

In the context of parsing, a sentence is considered as a finite sequence of natural language
words. This includes sequences that make no sense or that are not grammatical. Also, the
morphology of words is not specially treated, and words are considered as atomic entities.
So, for example, a parser for English sentences does not dissect the words apple and apples to
see that they have the same word stem; a parser just knows how a word like apple or apples
may be used in a sentence and does not care about the particular representation of the word.
Nevertheless, morphology can be used to aid parsing. For example, in a preprocessing step,
each unknown word in a sentence could be replaced by a placeholder based on its morphology.
So an unknown word ending with “-ed” could for example be replaced by “past_participle” [cf.
JMO09, Section 5.8.2]. After the replacement, however, the parser treats the placeholders just
like known words, namely as atomic entities.

Considering words as atomic entities allows us to employ formal language theory to deal
with parsing. Formally, the vocabulary of a language, including different morphological forms
of words, is represented by a formal alphabet. The words of the natural language are formalized
as symbols from the alphabet, and sentences are formalized as strings over the alphabet.? The
following table juxtaposes the natural language view and the formal language view.

example natural language formal language description and example

b letter —
ab, ..z Latin alphabet —
she word symbol atomic entity; 3
she, saw, ... vocabulary alphabet finite set of symbols; {c, 8,0}
she saw him sentence string finite sequence of symbols; a3

English natural language formal language set of strings; {3, a3, a8}

2 | In formal language theory, the term “word” has the same meaning as “string”. To avoid confusion, we use the
term “word” only for natural language words.
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1. Introduction

Since we only consider sentences without discontinuities, the constituent structures can be
formalized by (ordered) trees. Formally, a parser implements a function

parse: X* — Tx

where X' is an alphabet representing the vocabulary, 2™ denotes the set of all strings over X,
A is another alphabet, and T, denotes the set of all trees over A. This is still a rather simple
view on a parser; we will refine this idea later.

There are different ways to implement parsing. In transition-based parsing, the sentence is
transformed step-by-step until a final result is reached. The transformation steps are formalized
by transitions of a transition system. In general there are several transitions applicable in a
single step; a guide [KN10, Section 2.3] or oracle [Niv08, Definition 8] chooses the transition
that shall be applied by examining the current intermediate result. Transition based parsers
are used for dependency parsing [KM02; YMO03; Niv08; KN10] as well as for constituent parsing
[Rat97; HN08b; HN0Sa].

Other parsing approaches make explicit use of formal languages to describe natural lan-
guages. In general these languages are infinite, but many of them can be represented in a finite
way by formal grammars. Therefore we speak of grammar-based parsing. When using string
grammars, the constituent structures are built from the derivations of the grammar. Besides
string grammars, which describe formal string languages, there are also tree grammars, which
describe formal tree languages. With each tree we can associate a string by reading the tree’s
leaves from left to right. The obtained string is called the tree’s yield. So, by going backwards
from the yield to the tree, also tree grammars can be used for constituent parsing.

One of the first grammar formalisms motivated by natural languages is the formalism of
context-free grammars (cfgs) [Cho56; Cho59], which defines the class of context-free string
languages. It is easy to find a cfg that reflects the constituent structure of the example sentence
in Figure 1.2 by creating a cfg rule for each inner node using the node’s label for the rule’s
left-hand side and the child labels for the right-hand side:

S — NP VP NP — JJ NN JJ — economic NN — news IN — on
PP — IN NP NP — JJ NNS  JJ — little NN — effect VBD — had
VP — VBD NP PP J) — financial NNS — markets

The tree in Figure 1.2 shows how the sentence can be derived by the cfg. A cfg created from
one or more trees in this way is called a read-off cfg.

There are many other grammar and automata formalisms that are closely connected to
context-free languages. Regular tree grammars [Bra69] and finite-state tree automata [Don70;
TW68], both surveyed by Gécseg and Steinby [GS84; GS15, Chapter 2], define the class of regu-
lar tree languages, however, only considering the trees’ yields results in the class of context-free
string languages. Context-free grammars with latent annotations [MMTO05, Section 2]* also
describe context-free string languages and regular tree languages (cf. Section 3.4).

Some linguistic phenomena, e.g., discontinuities (cf. Figure 1.1), cannot be captured by con-
text-free languages [Shi85]. Consequently, formalisms that go beyond the class of context-free

3 | Actually, Matsuzaki, Miyao, and Tsujii [MMTO05] describe probabilistic context-free grammars with latent an-
notations, but the probabilities can easily be dropped.
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string languages were investigated, for instance, multiple context-free grammars [Sek+91], lin-
ear context-free rewriting systems [VWJ87], (simple) range concatenation grammars [Bou98a;
Bou98b], and tree-adjoining grammars [JLT75; also cf. JS97]. In contrast to context-free gram-
mars, these formalisms can deal with discontinuities. Formalisms that are more powerful than
context-free grammars, but still efficiently usable for parsing, are called mildly context-free
grammar formalisms [Kal10, Definition 2.7, page 23]. Kallmeyer [Kal10] gives a broad overview
of many mildly context-free formalisms. As mentioned earlier, we will not consider disconti-
nuities, and therefore we also will not consider mildly context-sensitive formalisms.

All mentioned formalisms have in common that the derivations of each grammar can be en-
coded by trees. Furthermore, for a particular grammar G the set of all encoded derivations is
a regular tree language £. The language defined by G can be determined by applying a ho-
momorphism to each tree in £. For example consider the read-off cfg of the tree in Figure 1.2.
Let X be the terminal alphabet (the labels at the leafs of the tree), N the set of non-terminals
(the labels of the inner nodes of the tree), and R the set of rules of the cfg. Then we can
encode the derivations of the cfg by trees from Tg. The subset of Ty that contains all the en-
coded derivations of the cfg is a regular tree language. We can now define the homomorphism
hg: Tp — X* to map each tree to the string that is derived by the derivation encoded by the
tree. Additionally, we can define the homomorphism h,: Tp — Ty x to map each encoded
derivation to the respective parse tree of the grammar. This idea is visualized in the following
graphics for an excerpt of the tree in Figure 1.2.

ﬁ—) economic news ...
h

S

NP — JJ ‘I.\JN

e S hy NP
—_ M
JJ] — economic NN — news 1 4 \NN

\ \
economic news

As mentioned earlier, a regular tree language can be represented by a regular tree grammar.
Hence, a grammar from any of the mentioned grammar formalisms can be represented by a
regular tree grammar and a homomorphism. This idea was originally formulated by Goguen,
Thatcher, Wagner, and Wright [Gog+77].* The same idea can be found in other formalisms, e.g.,
generalized context-free grammars [Pol84]° and interpreted regular tree grammars [KK11].
This tight connection of the above formalisms to regular tree grammars makes results for reg-
ular tree grammars especially valuable. In this work, instead of regular tree grammars, we
prefer the equivalent formalism of finite-state tree automata.

This work focuses on constituent parsing using finite-state tree automata.

4 | Actually, Goguen, Thatcher, Wagner, and Wright [Gog+77] use many-sorted algebras instead of regular tree
grammars. However, many-sorted algebras and regular tree grammars are very closely connected.

5 | Unfortunately, the author was not able to acquire the original publication of Pollard [Pol84]. However, gener-
alized context-free grammars are shortly described or mentioned by other authors, who referenced Pollard’s
work [VW]J87, Section 4.1; Sek+91, Section 2.1; KK11, Section 6.3].
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1. Introduction

ds \qﬁ
g g
qo 4g Qo / \QB / \
« «

o o
s %/ \gs /\
B o' B a B

Figure 1.3.: Visualization of transitions of a tree automaton (left-hand side), a tree (right-hand
side), and a combination of transitions which accepts that tree (middle).

A finite-state tree automaton, we will say just tree automaton for short, consists of a finite
set of transitions, and each transition is made up of states and terminal symbols. Additionally,
a tree automaton selects some states as root states. Consider for example the tree automaton
with the transitions

qp — a(Qon Qﬁ>’ o — Q, and dp - 53

where g, and g are states and « and (3 are terminal symbols, and we select g4 as root state. The
transitions are also visualized on the left-hand side of Figure 1.3. They can be imagined as pieces
of a jigsaw puzzle, however, there are typically several ways how transitions fit together, and
each transition may be used multiple times. The states define how the transitions fit together,
and by putting fitting transitions together we may build up a tree as visualized in the middle of
Figure 1.3. If a specific tree can be puzzled together with the transitions of a tree automaton and
the root ends up at a root state, then we say the automaton accepts the tree. Hence, in Figure 1.3
the tree on the right-hand side is accepted by the automaton because it can be puzzled together
as shown in the middle, and the state at the root is actually a root state. More generally, our
example automaton accepts exactly those trees that consist of a right-descending chain of zero
or more o-nodes that is terminated by a -leaf and each o-node has an a-leaf as its left child.

As can be seen in the middle of Figure 1.3, puzzling together a tree assigns states to the posi-
tions of the tree. Such an assignment of states to the positions of the tree is called a run. In our
example, for every tree there is at most one run that is compatible with the transitions. How-
ever, in general there may be several runs for a tree that are compatible with the transitions.

When using a tree automaton for parsing some sentence w, there can be several trees that
are accepted by the automaton and that have w as their yield. Therefore, a parser based on tree
automata actually implements a function

parse: X% — P(T,)

where (T, ) denotes the power set of T,. Hence, parse may return several constituent struc-
tures for a single sentence.

In fact, this is important for nlp because natural language is ambiguous. For example con-
sider the following sentence: “She saw the man with the telescope.” There are two ways to inter-
pret this sentence, and in this example the interpretation determines the constituent structure.

16
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In the left graphics she is using the telescope, and in the right graphics the man has the tele-
scope.

However, the different constituent trees returned by parse are typically not equally likely.
Our example sentence is a pathological case because both constituent structures we presented
make sense. However, a small change to the sentence lets us clearly prefer a specific constituent
structure: “She saw the man with the bag”” Tt seems rather unlikely, yet grammatically possible,
that she was using the bag to see the man. For such cases it would be desirable if a parser
implements a function

parse: X* — (Tp — P)

where P denotes the set [0, 1] of probabilities. That means, applying parse to a sentence re-
turns a mapping from constituent structures to probabilities to signify which constituent trees
are most likely without ignoring the unlikely ones. Constituent structures that do not fit the
sentence at all are then mapped to probability 0.

Tree automata do not assign probabilities to trees, however, they can easily be extended to do
so. Probabilistic tree automata were already introduced by Ellis [E1171]. These can be extended
even further to weighted tree automata (wtas) [FV09, Section 3], which replace probabilities by
weights from an arbitrary semiring. Also other formalisms can be extended by probabilities
or weights. The earliest formal language formalism that makes use of weights are probably
probabilistic (string) automata [Rab63; also cf. Paz71]. There are also probabilistic context-free
grammars with latent annotations [MMTO5, Section 2], probabilistic tree-adjoining grammars
[Res92], etc. Probabilities or weights can also be added to interpreted regular tree grammars
[KK11, Section 6.2], which subsumes adding probabilities or weights to any of the mentioned
unweighted formalisms.

Let us now focus on weighted tree automata (wtas). Recall that a tree automaton (without
weights) defines a set of root states and a set of transitions. Instead, a wta defines a mapping
from states to weights (root weights) and a mapping from transitions to weights (transition
weights), respectively. Alternatively, a wta can be defined as a pair (M, p) where M is a
tree automaton (without weights) and p assigns weights to the root states and the transitions
of M. The weights are elements from a semiring, but for now it is enough to think of them
as probabilities. These weights are used to assign weights to runs and trees: For the weight
of a run on a tree, the weight of the root state and for each use of a transition its weight is

6 | Formally, a tree automaton deals with ranked trees, i.e., trees over a ranked alphabet. In contrast to that, a prob-
abilistic tree automata as defined by Ellis [Ell71] deals with trees over an alphabet without ranks. Furthermore,
Ellis allows infinite trees.
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1. Introduction

multiplied. For the weight of a tree, the weights of all runs on that tree are summed up. A bit
more formally, for a tree ¢ we have

weight(t) = Z weight, . (t,r) where
rE€runs on t
weight,,, (t,r) = weight,,(root state of 1) - H weight,, . (T).

for each use of a
transition 7in 7 on ¢

Also in the context of wta we continue to use the word “accept”; here we say a wta accepts
a tree if the wta assigns to the tree a non-zero weight. An assignment of weights to trees is
called a weighted tree language.

So, a parser based on a wta can return several trees together with their weights.” If a linear
ordering is defined on the weights, then a parser may return only the tree with the best weight
according to the ordering [cf. Knu77]. Alternatively, for some k € N a parser may return the
k best trees [HCO05; also cf. Biic+10].

This work uses weighted tree automata as a formal basis for parsing with a specific
focus on probabilities as weights.

So far we have looked at the general idea of parsing by making use of wtas. In order to
be able to parse sentences of a particular natural language, we need a wta that is especially
tailored to that language.

In this work we investigate different algorithms to create wtas from example data.

The example data consists of constituent trees that are handcrafted by humans; we call such a
sequence of trees a tree corpus. It is important to note that a corpus may only contain finitely
many trees. The process of creating a wta from a corpus is called training.

It is possible to create a wta that accepts exactly the trees in the corpus. However, that would
not be very useful because then we would only be able to deal with sentences that were already
contained in the corpus. Instead, the trained wta should generalize the corpus, i.e., the wta
should also accept sensible trees that are not in the corpus. The challenge is now to find the
right amount of generalization. If a wta does not generalize the corpus enough, then the wta
adheres too much to the corpus and a lot of other sensible trees are not accepted by the wta;
this is called overfitting. If a wta generalizes to much, then the wta accepts many trees that are
not sensible; this is called underfitting.

In this work, training is formalized by making use of probability theory. We assume the trees
in the corpus are drawn according to an unknown probability distribution. The training esti-
mates this unknown probability distribution based on the corpus. However, the training may
not consider arbitrary probability distributions. Instead, the allowed probability distributions
are defined by a model, which is a set of probability distributions. After training, the result can
be evaluated to check if the corpus was reasonably generalized. If underfitting or overfitting is
detected, then the training could be repeated with a modified model.

7 | In general it is hard for a parser to consider the weights of trees because the weight of a tree is a sum over
weights of runs. In practice, parsers typically avoid this summation and return a mapping from runs to weights
instead of a mapping from trees to weights.
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[assumptions]—» modeling —»[ model M ]

i

[corpus]—» training —»[ element of M ]
[test data]—» evaluation H[score]

This formalization of training is typical in machine learning [cf. Bis06]. Closely connected
there is the field of grammatical inference [cf. Higl0]. Higuera [Higl0] tries to draw a line
between training (he calls it induction) and inference:

“Even if this is not formalised anywhere, I believe that ‘grammar induction’ is
about finding a grammar that can explain the data, whereas grammatical inference
relies on the fact that there is a (true or only possible) target grammar, and that
the quality of the process has to be measured relatively to this target.

[...] [I]n the case of grammar induction what really matters is the data and the
relationship between the data and the induced grammar, whereas in grammatical
inference the actual learning process is what is central and is being examined and
measured, not just the result of the process” — Higuera [Hig10, pages ix—x]

Let us now take a closer look at training in the context of wtas. In this case the allowed
probability distributions of the model are determined by wtas. For this purpose the weight
assignments to trees defined by these wtas must be probability distributions. We ensure this
by requiring that the considered wtas are probabilistic.

In this work we do modeling and training only with probabilistic wtas.

For simplicity let us assume that the model directly consists of the wtas instead of the prob-
ability distributions the wtas determine.

model C {wta (M, p) | tree automaton M, probabilistic weight assignment p}

Hence, the training with such a model returns a wta instead of a probability distribution.

The training has to evaluate how well a wta from the model fits the corpus. For this purpose
the likelihood is used in this work. In this scenario the training searches for a wta in the model
such that the likelihood of the corpus is maximized. Therefore such a likelihood based training
is also called maximum likelihood estimation and the result is called the maximum likelihood
estimate.

For maximum likelihood estimation let us consider a special case of models. In this special
case a model is determined by a single tree automaton M: The model consists of probabilistic
wtas that can be created from M by adding weights.

model,, = {wta (M, p) | probabilistic weight assignment p}

With such a model the maximum likelihood estimate cannot be exactly determined in general,
but it can be approximated, e.g., by an EM algorithm for wtas. EM algorithms constitute a
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1. Introduction

whole class of algorithms [DLR77]. An EM algorithm for wtas can be easily derived from EM
algorithms for probabilistic context-free grammars [LY90; Pre04; CS07].

In an even more specialized case, the model is determined by a bottom-up deterministic tree
automaton. With a bottom-up deterministic tree automaton, there is at most one way to com-
bine the transitions to accept a specific tree. With such a model the maximum likelihood esti-
mate can be exactly determined.

In general, the model determines the set of the probability distributions (or wtas in our special
case) the training might choose from. Hence, the model determines how much the training
generalizes the corpus. The more elements in the model, the higher is the risk of overfitting.
The less elements in the model, the higher is the risk of underfitting.

To check whether the training result yields the right amount of generalization, i.e., the result
does neither overfit nor underfit, we can analyze the likelihood of an additional corpus under
the training result. It is important that the data of this additional corpus is held out of the
training. Therefore this corpus is also called held-out data and checking the generalization with
it is called hold-out validation. Since we do not know in advance how much generalization is
needed, we can repeat the training with different models and then choose the training result
which performs best on the held-out data. For our special case where a single tree automaton
determines a model, we need several different tree automata to determine different models.

In the scope of this work, we do not use arbitrary tree automata to determine the different
models. Instead, we start with a tree automaton that can be easily determined from the corpus
and we then iteratively change this tree automaton in order to induce a sequence of different
models. In between the changes, we train and use the training result to guide the changes to
the tree automaton.

1=0 1-th model training

adaption of model i-th wta

As indicted by the graphics, it is possible to use the same corpus for adaption of the model and
training. Only for a subsequent hold-out validation (which is not depicted) it is necessary to
use other data.

In order to change a tree automaton, we use state merging and state splitting. The idea of
state merging is to choose a set of states and replace all occurrences of them by a single new
state. For example, if we consider the transition ¢3 — o(q,, qﬂ) and we decide to merge
the states g, and g4 into the new state ¢, then this transition is replaced by the transition
q — o(q,q). We note that merging may replace different transitions by the same transition.
State splitting works the other way around: Each occurrence of a state is replaced by a state
from a set of new states. For a transition, all possible combinations of state replacements are
kept. For example, if we consider the transition g5 — 0(q,,,q3) and we split the state g4 into
qé and q%, then this transition is replaced by four transitions: qé — 0(q,, qé) qé — 0(q,, qg)
qg — 0(q,, qé), and qg — 0(q,, q%) Of course, we may split several states or merge several
groups of state at once.
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In this work, two particular implementations are investigated that use the idea of state split-
ting and/or state merging to iteratively change the tree automaton that determines the model
used for training. The two approaches work in opposite directions: The state splitting and merg-
ing algorithm [Pet+06] starts with a tree automaton that leads to underfitting. For this purpose
the read-off tree automaton of the corpus can be used, which is created from the corpus simi-
larly to the read-off cfg. By state splitting, the number of states and transitions is step-by-step
increased so the training has more possibilities to fit the corpus, hence, generalization is po-
tentially decreased with every step. The algorithm also uses state merging to undo splits that
seem to be useless in order to keep the size of the tree automaton manageable. The training
with the different models induced by these tree automata is done with an EM algorithm.

The other approach is the count-based state merging algorithm [DN15]. This algorithm starts
with a tree automaton that leads to overfitting. For this purpose the canonical tree automaton
of the corpus is used, which is a tree automaton that accepts exactly the trees in the corpus
by using all the subtrees in the corpus as states. By subsequent merging, the number of states
and transitions is step-by-step reduced so the training has less possibilities to fit the corpus,
hence, generalization is potentially increased with every step. Additionally, this algorithm
only considers bottom-up deterministic tree automaton. Therefore the training can exactly
determine the maximum likelihood estimates for each model. The opposite working directions
of the two algorithms are visualized in the following graphics.

read-off tree automaton

= Ny, underfitting count-based state merging algorithm

= 1171'1]

3

N

s

—

& - . . .

§o ‘%.\0% state splitting and merging algorithm
me overfitting

AN iteration

canonical tree automaton

So far, we ignored a problem that we have when tree automata are directly used to represent
the constituent trees of a natural language. The number of children of a node in a tree is called
the node’s rank. The transitions of a tree automaton determine the ranks that the nodes of

an accepted tree may have.® Since a tree automaton has only finitely many transitions, the

8 | Formally, tree automata are actually defined for ranked alphabets and only work on ranked trees. In a ranked
alphabet, each symbol has an associated rank. In a ranked tree, the rank of the symbol at a node determines the
number of children of the node. Therefore a tree automaton must respect the symbols’ rank in its transitions.
However, this limitation can easily be mitigated by putting several versions of a symbol with different ranks
into the ranked alphabet.
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1. Introduction

nodes in the accepted trees can only have finitely many different ranks. In a constituent tree,
however, for instance a noun phrase (NP) may consist of an arbitrary number of adjectives (J])
followed by a noun (NN).

With unranked tree automata [Tha67, Section II] there is a formalism where the different
nodes of the accepted trees may have infinitely many different ranks. The weighted version of
this formalism are weighted unranked tree automata [DV11, Section 3].

However, it might be desirable to adhere to (ranked) tree automata, for example to use algo-
rithms that already exist for tree automata, but that do not exist for unranked tree automata.
Fortunately, the limitation of the ranks when using tree automata can be mitigated by binariza-
tion. Binarization is about representing a tree (with nodes of arbitrary ranks) by binary trees,
i.e., trees whose nodes have at most rank 2. A binarization strategy is a bijection between (ar-
bitrary) trees and binary trees.” A particular binarization strategy could for example map the
tree on the left-hand side of the following graphics to the tree on the right-hand side.

o
|
Cons
/ (‘7 \ (‘)é CoNs
\
« Y B NuLL 0 / ConNs
| | /N
Q CoNs 8  Nuw
/ N\ |
O‘é NuLL NuLL
NuLL

When a binarization strategy is applied to a tree, then we say the tree is binarized; conversely,
if the binarization strategy is applied backwards to a binary tree, then we say the binary tree
is unbinarized.

Following the ideas of Goguen, Thatcher, Wagner, and Wright [Gog+77], by combining a
binarization strategy with a tree automaton, we virtually get a device that may accept trees
with nodes of arbitrary rank: Let b be a binarization strategy and M a tree automaton; then
we define that the combination of b and M accepts a tree t if M accepts the tree b(t). Such
a combination can also be used for training and parsing: Before the training, each tree in the
corpus is binarized, so the training results in a (weighted) tree automaton that accepts only
binary trees. When this automaton is then used for parsing, the parsing result is a binary tree,
however, it can easily unbinarized to match the form of the trees in the original corpus.

[wta}— train <—[binary tree corpus}— binarize <—[tree corpus]
]—» parse unbinarize

9 | Actually, in Chapter 7 we will formalize a binarization strategy by a surjective mapping from binary trees to
(arbitrary) trees. Also, we will use sorted alphabets in order to consider only selected binary trees eligible for
binarization. However, to keep the introduction simple we adhere to bijective mappings between trees and
binary trees for now.

[sentence
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1.1. The Contributions and the Structure of This Work

In this work we investigate three particular binarization strategies, which are motivated by
the binarization strategies suggested by Matsuzaki, Miyao, and Tsujii [MMTO05]. For each of
the binarization strategies, it turns out that the combination of the binarization strategy with
tree automata is exactly as powerful as unranked tree automata; even in the weighted case (cf.
Chapter 7).

1.1. The Contributions and the Structure of This Work

Let us now introduce the particular structure of this work. While doing so, we also highlight
the contributions of this work.

Chapter 2 In this chapter we introduce the basic notions that are used in the subsequent
chapters of this work.

Chapter 3 In Section 3.1 we motivate the chapter by informally demonstrating the limi-
tations of context-free grammars when they are used to describe trees.

In Section 3.2 we introduce a formal definition of weighted context-free grammars with latent
annotations (wcfg-las), which subsumes less formal definitions of very similar formalisms from
the literature [MMTO05, Section 2, probabilistic context-free grammars with latent annotations;
Ned16, Section 2, latent-variable context-free grammars].

In Section 3.3 we recall weighted tree automata (wtas) from the literature [FV09, Section 3].

In Section 3.4 we show that wcfg-las and wtas are equally powerful when describing weighted
tree languages (Theorem 3.4.9), and when describing weighted tree languages and weighted
string languages simultaneously (Theorem 3.4.10). If the reader is mainly interested in the
later chapters, then it suffices to read Section 3.3, which introduces wtas.

Chapter 4 In the introduction of this chapter, we present the basic ideas of modeling and
training as they can similarly be found in other literature [e.g., Bis06].

In Sections 4.1 to 4.3 we fix some basic notions like probability distributions, likelihood,
maximum likelihood estimation, and probabilistic wtas.

In Sections 4.4 to 4.6 we focus on the special case of maximum likelihood estimation where
the model is defined by probabilistic wtas with a fixed set of transitions. Since this case is
especially important to us, we call it maximum likelihood estimation for wtas. In this case, EM
algorithms [DLR77] can be used to approximately solve the maximum likelihood estimation.
We introduce three versions of an EM algorithm for wtas to solve this problem. Each version
is derived from a very similar algorithm for probabilistic context-free grammars, respectively
[Pre04; LY90; CS07]. We shortly argue that the three versions are equivalent. Having three
different versions of the same algorithm helps us in the next chapter.

Chapter 5 In Section 5.1 we formalize state splitting and state merging for wtas. This
allows us to show various small properties of splitting and merging, where some of them are
interesting enough to state theorems (Theorems 5.1.1, 5.1.5 and 5.1.7).
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1. Introduction

In Section 5.2 we formalize the state splitting and merging algorithm (Algorithm 5.1), which
was originally introduced and implemented by Petrov, Barrett, Thibaux, and Klein [Pet+06].
Our main theorem (Theorem 5.2.2) of this chapter shows that the likelihood of the corpus
increases or stays the same with every iteration of the algorithm.

In Section 5.2.1 we embed two ways to deal with weights while merging into our framework.
One way is presented in Theorem 5.2.4 and it follows the ideas of Petrov and Klein [PK07a].
The second way is presented in Theorem 5.2.5 and follows the ideas of Petrov, Barrett, Thibaux,
and Klein [Pet+06] and Corazza and Satta [CS07]).

In Section 5.2.2 it is argued that the presented formalization is compatible with the imple-
mentation of training in the Berkeley Parser [Pet+06].

Chapter 6 In Section 6.1 we start with some additional preliminaries, including the defi-
nition of bottom-up deterministic wtas.

In Section 6.2 we shortly revisit maximum likelihood estimation for wtas under consideration
of bottom-up determinism and in the context of merging.

In Section 6.3 we introduce the count-based state merging algorithm (cbsm, Algorithm 6.1),
which was originally introduced by Dietze and Nederhof [DN15]. In contrast to the original
publication, we clearly state a problem that we would like to solve, and by making several
assumptions we step-by-step replace this problem by simpler problems; the last problem is
then solved by cbsm.

In Section 6.4 we give some short notes about our implementation of cbsm.

In Sections 6.5 and 6.6 we use our implementation to conduct experiments with artificial
data as well as with real-world data from the Penn Treebank [MSM93].

In Section 6.7 cbsm is compared to an algorithm of Carrasco, Oncina, and Calera-Rubio
[COCO1] for grammatical inference of probabilistic wtas (Algorithm 6.2). Although the al-
gorithms seem similar at the first glance, we expose some important differences and we argue
that the latter algorithm is not well suited for nlp.

Chapter 7 This chapter is about binarization and substantially extends one of the author’s
publications [Die16].

In Section 7.1 we recall weighted unranked tree automata (wutas) [DV11, Section 3], sorted
trees, and many-sorted algebras [Gog+77] from the literature, and we introduce weighted sorted
tree automata (wstas), which enrich wtas by sorts in order to deal with sorted trees.

In Section 7.2 we use homomorphisms to formalize the three binarization strategies pre-
sented by Matsuzaki, Miyao, and Tsujii [MMTO05]. For each binarization strategy, we show
that the combination of the binarization strategy with wtas is exactly as powerful as wutas
(Corollaries 7.2.2 and 7.2.4 and Theorem 7.2.9).

In Section 7.3 we define probabilistic wutas and for each binarization strategy we show that
the combination of the binarization strategy with probabilistic wtas is exactly as powerful as
probabilistic wutas (Theorems 7.3.18, 7.3.22 and 7.3.24). The proofs of these results are especially
delicate because the property “probabilistic” demands syntactic as well as semantic properties.
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2. Preliminaries

We start with basic notions to prepare a solid ground for the following chapters. All these
notions are well-known, and so the main purpose of this chapter is to fix the wording and
notation for later use.

This Chapter In Section 2.1 we introduce basic mathematical concepts like sets, relations,
functions, families, and extrema. In Section 2.2 we introduce algebraic structures in general,
and monoids and semirings as special algebraic structures. In Section 2.3 we introduce strings
and trees and languages of those.

Related Work For a more extensive introduction to the topics of this chapter, we refer to
other literature. The basics and algebraic structures are covered by Gratzer [Gra79] and Wech-
ler [Wec92]. For semirings, we especially refer to Golan [Gol99] as well as Droste and Kuich
[DKO09]. The latter also covers weighted string languages. Tree languages are treated by Géc-
seg and Steinby [GS84; GS15], and weighted tree languages are investigated by to Fiillop and
Vogler [FV09].

2.1. Sets, Relations, Functions, Families, and Extrema

Let us start with basic mathematical definitions. To keep definitions short, we often write “the
notion is defined by notation = definition” instead of “the notion, denoted by notation, is defined
as definition”

Sets For the scope of this work, an intuitive definition of sets is sufficient: A set is a collection
of objects, which we call the elements of the set. By a € A we denote that a is an element of
the set A. The set that has no elements is called the empty set and is denoted by (). A set that
has exactly one element is called a singleton.
Let A and B be sets. We use the following notations:

« A U B denotes the union of A and B,

« AN B denotes the intersection of A and B,

« AN\ B denotes the difference of A and B, i.e., the set that contains exactly those elements

of A that are not elements of B,

« A C Band B O A both denote that A is a subset of or equal to B,

« A C Band B D A both denote that A is a subset of and not equal to B,

+ A and B are called disjoint if AN B = 0.
We often use the set-builder notation to denote sets: By {element | predicate} we denote the
set that contains exactly those elements for which the predicate holds.
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cardinality |-|

powerset (P)

partition

natural numbers (N)

real numbers (R)

Cartesian product

tuple

empty tuple

pair

triple

relation
domain (dom)

codomain (cod)

image (im)

inverse relation (-)~

composition (o)

identity relation (id)

reflexive
symmetric

antisymmetric

1

2. Preliminaries

Let A be a set. The cardinality of A, denoted by | A|, is the number of elements of A if A is
finite; we will not consider the cardinality of infinite sets. The powerset of A is the set of all
subsets of A and is defined by P(A) = {B | B C A}. Note that |P(A)| = 2/l if A is finite.
A partition of Aisaset A C P(A)\ {0} such that [JA = A and A; N A, = 0 for every
A, Ay € Awith A) # A,.

The set of natural numbers (including zero) is denoted by IN. For every & € N we abbreviate
the set {n € N | 1 < n < k} by [k]. Note that [0] = (). The set of real numbers is denoted by
R. For every a,b € R we abbreviate the set {r € R | a < r < b} by [a, b]. If the lower bound a
and/or the upper bound b shall not be included, then the left and/or right bracket is mirrored,
respectively, i.e., we write [a, b[ or ]a, b[ or ]a,b]. For A € {N,R} and i € A we abbreviate the
set {a € A|a > i} by A, ;. The abbreviations A_;, A_;, and A_; are defined analogously.

Letn € Nand Ay, ..., A,, be sets. The Cartesian product of Ay, ..., A,, is defined by A; x ... X
A, ={(ay,...,a,) | ay € Ay,...,a, € A, } and the elements are called n-tuples. Consider the
following special cases:

« Ifn=0,then A; x ... x A, = {()}. We call () the empty tuple.

« Ifn=1then A4, x..x A, =A4,.

« If n = 2, then the elements of A; x A, are also called pairs.

« If n = 3, then the elements of A; x A, x A are also called triples.

« If A, ..., A, are all the same set A, then we abbreviate A; x ... x A, by A™.
If any parentheses are used in the Cartesian product notation, then the parentheses are carried
over to the elements and we get nested tuples, e.g., for sets A, B, C, and D we have A x ((B x
C) x D) ={(a,((b,c),d)) |ac A, be B, ce C, d € D}.

Relations Let A and B be sets. A set R C A x B is called a relation (over A and B). If
A = B,ie, R C A x A, we just call R a relation over A. The domain of R is defined by
dom(R) = A, the codomain of R is defined by cod(R) = B. Let A” C A. By R(A’) we
denote the set {b € B | a € A’, (a,b) € R}. We abbreviate R({a}) by R(a) for every
a € A. The image of R is defined by im(R) = R(A). The inverse relation of R is defined
by R~ = {(b,a) | (a,b) € R}. If we use a suitable symbol to identify a relation, e.g.,
(=) C A x B, then we also write a = b instead of (a,b) € (=).

Let A, B, and C'be sets, and let R C A x Band S C B x C be relations. The composition
of R and S, denoted by S o R, is defined as the relation 7' C A x C where T' = {(a,c) €
AxC|3be B: (a,b) € RA(b,c) € S}. Hence, we have (So R)(A") = S(R(A")) for every
A’ C A. Note that (o) is associative, i.e., (RoS)oT = Ro (S oT) for relations R, S, and T.

Using - as a placeholder, we sometimes implicitly define relations based on other relations.
For example, let A, B, and C'be sets,a € A,b € B,andlet S C (AxB)xAandT C (C'x B)x
B be relations; then S(a,T(+,b)) is the relation R C C x A such that R(c) = S(a,T(c,b))
for every ¢ € C.

Let A be a set. The identity relation on A is defined by id, = {(a, a) | a € A}; we just write
id if A is clear from the context. A relation R C A x A is called

« reflexive if (a,a) € R for every a € A,
« symmetric if (a,b) € R implies (b,a) € R for every a,b € A,
« antisymmetric if (a,b) € R and (b,a) € R implies a = b for every a,b € A, and
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2.1. Sets, Relations, Functions, Families, and Extrema

« transitive if (a,b) € R and (b, c¢) € R implies (a,c) € R for every a,b,c € A.

An equivalence relation on A is a reflexive, symmetric, and transitive relation (=) C A x A.
Note that the identity relation is an equivalence relation. Let a € A. The equivalence class of a
(induced by (=) ) is defined by [a]_ = {b € A | a = b}; we just write [a] if (=) is clear from the
context. The quotient set of A by (=) is defined by A/= = {[a] | a € A}. Note that A/= is
a partition of A and that for every partition P of A there is an equivalence relation (=") such
that P = A/=".

A partial order on A is a reflexive, antisymmetric, and transitive relation (<) C A x A. The
partial order (<) is called a total order if a < b or b < a for every a,b € A.

Functions A function (over A and B) or synonymously mapping (from A to B) is a relation
f € A x Bsuch that f(a) is a singleton for every a € A. Most of the time we identify f(a)
with its element; e.g. we write b = f(a) instead of b € f(a) for some b € B.

The set of all functions over A and B is denoted by A — B. Instead of f € (A — B) we
write f: A — B. We assume that — is right associative,ie, A - B - C=A — (B — C)
for arbitrary sets A, B, and C. Also, we assume that x binds stronger than —, ie, A x B —
C x D= (Ax B)— (C x D) for arbitrary sets A, B, C, and D.

A function f: A — Bis called

« injective if f(a,) = f(ay) implies a; = a, for every a;,a, € A,
o surjective if im(f) = cod(f), i.e., for every b € B there is an a € A such that f(a) = b,
and
« bijective if f is injective and surjective, i.e., for every b € B there is exactly one a € A
such that f(a) = b.
A set A is called countable if there is an injective mapping from A to .

Letk € N,let A, ..., Aj, be sets, and let f: A; x ... x A, — A, be a function. The arity of f
is defined as k; we say that fis a k-ary function. We have additional notions for the following
special cases:

« If k = 2, then we call f a binary function.

« If k = 1, then we call f a unary function.

« If k = 0, then we call f a nullary function.
If fis nullary, then we identify f with its value f() and we typically write f € A, instead of
f: {0} = A,. If fis a binary function, then we sometimes use symbols like ® to denote f, i.e.,
o: A, x Ay — A,. Then we also write a, ® a, instead of ®(a;,a,) for a; € A, and a, € A,.

Example 2.1.1. Let A = {0, 1,2} and let

~~
I
~~
—~
S~—
—
—
— O
=
[S—y
S~—
—
N~—
S~—

Note that f is a binary function from A x A — A. For example, we have f(1,1) = 2 and
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f(2, f(1,1)) = 1. The function f is surjective, but not injective. Let

9= {(07 {(070)7 (17 1)7 (272)})7
(1,{(0,1), (1,2), (2,0)})
(2,{(0,2), (1,0), (2,1)})} C A x P(A x A).

)

Note that g is a unary function from A — A — A. That means g maps elements from A
to unary functions from A — A. For example, ¢(0) is the identity mapping on A, hence
g(0)(1) = 1. The function g is injective, but not surjective. For every a € A the function g(a)
is bijective. o

Let A and B be sets and f: A — B be a function. The kernel of f is the equivalence relation
on A defined by ker f = {(a,a5) € A X A| f(ay) = f(ay)}.

Families Let I and A be sets. An (I-indexed) family is a mapping f: I — A. Instead of
writing f: I — A, we introduce families by writing (z; | i € I) where z; can be any notation
referring to ; this allows us to write x, instead of f(7). The domain [ of f is also called the
index set of the family f. The elements in the image of f are called the members of the family
f. To quantify the codomain A of f, we say f is a family of elements of A. We sometimes
introduce a family f by writing (x; € A | i € I) to make the codomain A of f explicit.

Let Ibeasetand A = (A, | i € I) afamily of pairwise disjoint sets. For this special case of
a family, we often ambiguously use the name A of the family to refer to the family itself and to
refer to the set Uie ; A,. The meaning of A will always be clear from the context. Consequently,
we may write ¢ € A and we call a an element of A. Note the difference to a member of A,
which is a set A, for some ¢ € I.

Extrema Let Abeasetand (<) atotal orderon A. Let A" C A. If there is an elementa € A’
such that a’ < a for every a’ € A’, then a is called the greatest element of A" (w.r.t. (<)) and
it is denoted by max A’. The least element of A" (w.r.t. (<)), denoted by min A’, is defined as
the greatest element of A’ w.rt. (<)~!. Note that there are cases such that there is no greatest
element; but if there is a greatest element, then it is unique. The same holds analogously for
the least element.

Let Bbe aset, B C B, and f: B — A a function. We define the notation max; 5 f(b)
as max f(B’) and the notation argmax, _,, f(b) as f~Y(max f(B’)) or equivalently {b € B’ |
f(b) = max f(B’)}. Analogously, we define the notation min,. - f(b) as min f(B’) and the
notation argmin, _,, f(b) as f~Y(min f(B’)). Often all elements of the result of argmax are
equally suited for further considerations; in such a case we often write b = argmax,, ., f (v")
and act as if argmax would return only a single element where b is that element. Analogously,
we do the same for argmin.

2.2. Algebraic Structures

Let Abe asetando,e: A X A — A be binary functions. We define the following notions:
« ois associative if (a0 b) o c = ao (boc) for every a,b,c € A,
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2.2. Algebraic Structures

« ois commutative if a o b = b o a for every a,b € A,
« a € Ais an identity element w.rt.oifaob =boa = bfor every b € A,
« a € Aisan absorbing element w.rt.cif aob =boa = aforevery b € A, and
« o distributes over o if (acb) @c = (aec)o(bec)andce(aob) = (cea)o(ceb)for
every a, b, c € A.
If o is associative, then we may drop the parentheses when o is consecutively applied to several
elements of A since different positions of parentheses lead to the same result.

An algebraic structure A = (A, fi, ..., f,,) consists of a carrier set A and a list of functions
fi: Ak 5 A, L fn: Afn — A, n > 0, kq,....,k, € N. These functions are also called the
operations of A. We often identify the carrier set A with the identifier of the algebraic structure
A.

A monoid is an algebraic structure M = (M, o, id) such that o: M x M — M is associative
and id € M is an identity element w.r.t. o. M is called commutative if o is commutative. Let
I be a set. An infinitary sum operation on M for I is a mapping from (I — M) — M, ie.,
a mapping that associates with every family (m; € M | i € I) an element of M, which is
denoted by Eie ;™M;. The monoid M is called complete if for every countable set I there is an
infinitary sum operation on M such that for every family (m; € M |i € I):

« if I = (), then Zielmi =id,

- if I = {j} is a singleton, then 3. _ m; =m;,

- if I = {j, k} has exactly two elements, then 3. m; = m; + m, and

- if Jis a countable set and (K; C I | j € J) is a family such that UjeJKj = I and
K;N K, = {forevery j,j’ € Jwith j # j’, then ZjGJZkGKj my, =

A semiring is an algebraic structure X = (R, ®, ®, 0, 1) such that (R, @, 0) is a commutative
monoid, (R, ®, 1) is a monoid, 0 is absorbing w.r.t. ©, and © distributes over @. The operation
@ is called addition and © multiplication of the semiring. The result of an addition is called
sum and the result of a multiplication is called product. R is called

« commutative if © is commutative,

« zero-sum free if a @ b = 0 implies @ = 0 and b = 0 for every a,b € R,

« zero-divisor free if a © b = 0 implies @ = 0 or b = 0 for every a,b € R, and

« complete if the monoid (R, ®, 0) is complete and for every countable set I, family (r; €

R|i€I),and r € R we have
Z(ri or) = (ZT’Z-> or.

Z(r or,)=r0 (Z ri> and

i€l i€l i€l iel

jer i

We will often quantify a semiring X without naming its operations explicitly. Then we assume
the names of the operations are +, -, 0, and 1. Let k € N and (r, € R | i € [k]); then we may
abbreviate the sum and, if X is commutative, the product of these elements as follows:

E Ti:T1+"'+rk’ Hri:’l“l'...'rk,

i€k

and

where the sum is 0 and the product is 1 if £ = 0.

Example 2.2.1. Let us look at some examples of semirings. In some cases, different authors
give different names to the same semiring or the same name to different semirings. Examples
for semirings are given by
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Boolean semiring (B)

probability semiring ()

support (supp)

proven on page 165

alphabet
symbol

ranked alphabet
rank of symbol

2. Preliminaries

« Goodman [Go098, Figure 2.5, page 26],
+ Golan [Gol99, pages 7 and 16],
« Droste and Kuich [DK09, Section 2, page 7],
+ Droste and Gastin [DG09, Section 3, page 183], and
« Mohri [Moh09, Table 1, page 215].
The following list contains examples for semirings from these sources. In this list we use for a

set A the abbreviations AT

= AU{+o00}, A= = AU{—0c0},and A*>*° = AU{—00, +00}.

{0,1}, V , A, 0 ,1) Boolean semiring [Go098; Gol99; DK09; Moh09],

Nt -+ . , 1) counting semiring [Go098],

R , +, -, 0 ,1) real numbers semiring,

[Rggo , + o, , 1) inside semiring [Go098], probability semiring [Moh09],
R=2, @)ogs +5 +00,0)  log semiring [Moh09], where x @,,, y = —log(e™ + e7Y),
R*°° | min, +, 400, 0) tropical semiring [Moh09],

)
)
)
)
)
, min, +, +00, 0)
, min, 4+, +00, 0)
, max, +, —o0, 0)
5, max, +, —o0, 0)
, min, +, —00, 0)

, max, -, 071)

tropical semiring [Go098; DK09], min-plus semiring [DK09],
tropical semiring [Gol99; DK09], min-plus semiring [DK09],

arctic semiring [Goo098],

arctic semiring [DK09], max-plus semiring [DKO09],

arctic semiring [DK09], max-plus semiring [DKO09],

Viterbi semiring [Go098; DK09], probability semiring [DG09]. o

For this work, we define the Boolean semiring B = ({0,1},V, A,0,1) and the probability
semiring P = (R.y U {+00},+,-,0,1). We prefer the name “probability semiring” for P

because we will often only consider the elements from 0 to 1 and interpret them as probabilities.
Note that both, B and P, are complete [DK09, pages 8-9], zero-sum free, and zero-divisor free.
Let A be a set, W a semiring, and f: A — X a mapping. The support of f is defined by

supp(f) = A\ f71(0) = {a € A| f(a) # 0}.

Lemma 2.2.2. Let R be a semiring, I be a finite set, (A; | i € I) a family of finite sets, and
(fi: A, = R | i € I) a family of mappings. Then the following holds:

S S e =TI Al

a;€A;  a,€A, =1 1=1acA;

2.3. Formal Languages

Alphabets
symbols.
A ranked alphabet X is a family (X*) | k € N) of pairwise disjoint sets such that Uke[N Xk

is finite. The rank of a symbol is defined by rk(c’) = k for every k € N and o € X¥). We also
denote the set U Y(*) by X and the meaning of X will always be clear from the context. To

signify the rank of asymbol 0 € X for some k € N, we write (%), We also use this notation

An alphabet is a finite non-empty set. The elements of an alphabet are called
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2.3. Formal Languages

to introduce ranked alphabets; e.g., we write X' = {a(?), 50 ~(1), 5211 and mean that ¥is a
ranked alphabet where ¥(©) = {a, 5}, X = {~}, and X = {o}.

Strings
literature, strings are often called words, but we will continue to say strings in order to avoid
confusion with words in natural languages. A string is denoted just by listing its elements, e.g.,
let I' = {a,b}, then abab is a string over I The set of all strings over X' is denoted by X*.
To quantify a string and its symbols, we often write w = w;...w,, € X* without quantifying
n € Nand wy,...,w, € X explicitly. Let w = w;...w,, € X*. The length of w is defined by
|w| = n. The empty string, denoted by ¢, is the string of length 0. Letting I"be a set, we define
|w|p = |{i € [n] | w; € I'}], and we abbreviate [w|;,, by [w],. Letting v = v;...v,,, € X" be
a string, the concatenation of v and w is defined by vw = v;...v,,,w;...w,,. Letting ¢ € N be a
number, the string w' is recursively defined by w’ = ¢ if i = 0, otherwise w’ = w' w.

Let X' be a set. A string over X' is a finite sequence of elements from 3. In the

Typically we only consider alphabets for J). We note that 2* is countable if and only if Y is
countable.

Formal String Languages Let X be an alphabet. A (string) language over X is a set of
strings over X, i.e., a subset of X*. Note that a language may contain an infinite number of
strings.

Let R be a semiring. An R-weighted (string) language over X is a mapping from X* — X.

Trees Let X be an alphabet. The set of unranked trees over X, denoted by Uy, is the smallest
set U such that for every 0 € X, k € N, and ¢, ...,t;, € U we have o(ty,...,t;,) € U. We
abbreviate () € Uy, by 0. Lett = o(ty,...,t;,) € Us. We call o the root symbol of t. The
root rank of t is defined by rk(t) = k. The set of positions of t is a finite subset of N* and
recursively defined by pos(t) = {e} U Uie[k}{ip | p € pos(t;)}. The height of t is defined
by ht(t) = 1 + max{|p| | p € pos(t)}. Let p € pos(t). The position p is called a leaf if
pl & pos(t). The subtree of t at p is recursively defined by t|, = tif p = e and t[, = t,| , if
p = ip’. The set of all subtrees of t is defined by subs(t) = {t|, | p € pos(t)}. This notion is
extended to sets ' C Uy, by subs(7") = UteT subs(t). The symbol of t at p, denoted by t(p),
is defined as the root symbol of ¢| . The rank of t at p is defined as rk(¢|,). Let I"be a finite
set. The yield of t restricted to I'is an element of I™ and recursively defined by yield () = o
if k = 0and o € I} and yield () = yield (¢,)... yield .(t;) otherwise. The yield of ¢ is
defined by yield(¢) = yield _(¢). The tree ¢ is called monadic if pos(t) C {1}", otherwise it is
called non-monadic. By Us,(I") we denote the set of those trees t € Uy, such that for every
p € pos(t) we have that t(p) € X'if p is not a leaf.

Let X be an alphabet, ¢ € Uy, and p € pos(t). The node of t at p is defined as the pair (¢, p).
The label of the node (t, p) is defined as ¢(p). We also say the node (¢, p) is labeled by t(p). If
p = p'i for some i € N, then (t, p) is the parent of the node (t, p). Let k = rk(t|,) and i € [k].
The i-th child node of (t, p) is the node (¢, pi). The i-th child tree of (t, p) is the tree | ,;. We
often use the ambiguous term children for child nodes or child trees; the concrete meaning will
be clear from the context.

31

string

length of string ||
empty string (&)

concatenation

string language

weighted string lang.

unranked trees (U )
root symbol

root rank
positions (pos)
height (ht)

leaf

subtree (...| )
subtrees (subs)
symbol at position
rank at position
yield (yield)
monadic

u.()

node

label of node
parent

child node
child tree



ranked trees (T )

tree language

weighted tree language

contexts (C )

subcontext (...|")

contexts of depth n

2. Preliminaries

Let X' be a ranked alphabet. The set of ranked trees over X, denoted by Ty, is the smallest set
T such that for every k € N, o0 € X% t,,....t, € T'we have o(t,,...,t;,) € T. Obviously we
have Ty, C Uy. Therefore all notions for unranked trees are also valid for ranked trees. Note
that for ranked trees the symbol at a position determines the rank at this position.

Formal Tree Languages Let X' be an alphabet. An (unranked) tree language over X' is set of
trees over X, i.e., a subset of Uy.. Let R be a semiring. An K-weighted (unranked) tree language
over X is a mapping from Uy, — .

Let X be a ranked alphabet and X a semiring. A ranked tree language over X is a subset of
Ts,. An R-weighted ranked tree language over X' is a mapping from Ty, — R. Obviously a
ranked tree language is also an unranked tree language. An R-weighted ranked tree language
over X' can be easily extended to an R-weighted (unranked) tree language over X’ by mapping
each tree in Uy, \ Ty, to 0.

Contexts Let X be aranked alphabet such that x ¢ Y. The set of all contexts over X, denoted
by Cy, is defined as the set of all those trees t € Ty, ({z}) that have exactly one position
p € pos(t) such that t(p) = z. The composition of a context ¢ and a tree ¢, denoted by ¢ - ¢,
is defined as the tree resulting from replacing x in ¢ by ¢. Note that ¢ could also be a context.
This composition operation is associative, i.e., (¢; - ¢5) -t = ¢4 - (¢4 - t) for every context ¢; and
o, and every tree t. Occasionally, we extend this operation to sets: Let C be a set of contexts
and T a set of trees; then we define C- T = {c-t | ce€ C, t € T}. We write C - tandc-T
instead of C' - {t} and {c} - T, respectively. Let ¢ be a tree and p € pos(t). The subcontext of t
at p, denoted by t|?, is defined as the context ¢ such that ¢(p) = v andt = c - t[,. Let n € N.
The set of all contexts over X' of depth n, denoted by C'y, is the subset of Cy, of those contexts
where the position of z has length n. Hence, C% = {z}.
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In this chapter we give a formal definition of weighted context-free grammars
with latent annotations (wcfg-las) [cf. MMTO05; Ned16], and we recall weighted
tree automata (wtas) from the literature [cf. FV09]. We show that both formalism
are equally powerful.

In Section 2.3 we recalled (weighted) string and tree languages. These can be used to formal-
ize natural language sentences and their syntactic structure, respectively. Since the number
of sentences in a natural language is typically infinite, we need finite representations of lan-
guages in order to be able to deal with them practically. Two formalisms to achieve that are
weighted context-free grammars with latent annotations (wcfg-las) and weighted tree automata
(wtas). These formalisms can be used to simultaneously describe specific weighted string and
tree languages.

This Chapter In Section 3.1 we start with a gentle, example-driven introduction on how
context-free grammars (cfgs) [Cho56; HU79, Chapter 4] can be used to formalize natural lan-
guage sentences and their syntactic structure using strings and trees, and we argue that the
power of cfgs to describe tree languages is rather limited. Therefore, in Section 3.2 we intu-
itively introduce context-free grammars with latent annotations (cfg-las). These grammars work
like cfgs where the non-terminals are equipped with additional annotations to guide the deriva-
tion process. However, these annotations are not visible in a derived tree or string; this is why
they are called latent. We then formalize weighted cfg-las (wcfg-las), which are finite represen-
tations of specific weighted string and tree languages. Since we are not aware of a formal defi-
nition of wcfg-las, we provide our own formalization, which is based on informal/semi-formal
definitions from the literature (cf. related work).

In Section 3.3 we recall weighted tree automata (wtas) from the literature [FV09, Section 3.2];
wtas are another approach to finitely represent specific weighted tree languages. In Section 3.4
we show how a wta can be used to define a weighted string language, and we then show that
the power of wcfg-las and wtas to describe weighted string and tree languages is practically
the same (cf. Theorems 3.4.9 and 3.4.10).

Related Work Context-free grammars (cfgs) were originally introduced under the name type
2 phrase-structure grammars by Chomsky [Cho56; Cho59]. A survey about formal properties
of cfgs was compiled by Hopcroft and Ullman [HU79, Chapter 4]. The idea to equip the non-
terminals of a cfg with additional information to improve the performance in nlp applications
can be found in several publications [e.g. Joh98, parent annotation; KM03; Pre05]. Matsuzaki,
Miyao, and Tsujii [MMTO05, Section 2] introduced probabilistic context-free grammars with la-
tent annotations (pcfg-las), which, in contrast to cfgs, allow a clear distinction between non-

33
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terminals and their annotation. We generalized pcfg-las to wcfg-las that use weights from a
commutative semiring. Hence, a pcfg-la is just a wcfg-la using the probability semiring [P.
Nederhof [Ned16, Section 2] introduces latent-variable context-free grammars (l-cfgs), which
can be seen as wcfg-las using the Boolean semiring B; he just gives a short outlook to I-pcfgs
[Ned16, Section 7], which correspond to wcfg-las over the probability semiring [P.

A survey on wtas was compiled by Fiilop and Vogler [FV09, Section 3]. We note that wtas
are a generalization of finite-state tree recognizers introduced by Thatcher and Wright [TW68]
and Doner [Don70], and surveyed by Gécseg and Steinby [GS84, Chapter II; GS15, Chapter 2].
Ellis [Ell71] introduced probabilistic tree automata.

3.1. Context-Free Grammars (CFGs)

In this section we give a short and intuitive introduction on how context-free grammars (cfgs)
can be used in nlp, and we show a specific disadvantage they have when it comes to trees.

We assume that the reader is already familiar with cfgs. Formally a cfg is a finite represen-
tation of a string language. Therefore in nlp, cfgs can be used to describe the sentences of a
natural language. The vocabulary of the natural language then defines the terminals of the cfg.

At the same time, considering the parse trees of a cfg, a cfg also represents a tree language.
Therefore a cfg can also be used to represent the syntactic structure of a sentence. The syntactic
categories of a natural language then define the non-terminals of the cfg.

Example 3.1.1. Consider the following cfg for some simple English sentences. The start sym-
bolis S.

S — NP VP NP — the child VP — sees NP
NP — the children VP — see NP
NP — the deer

This grammar allows us to derive the sentences “the child sees the deer” and “the children see
the deer”. The corresponding parse trees look as follows:

NP NP VP
the/ >hild see{ \NP the/ c)ildren see/ \NP
the/ >eer the/ >eer
These are valid English sentences and their parse trees represent their grammatical structure.

Unfortunately, we may also derive the sentences “the child see the deer” and “the children sees
the deer”:
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S S
VRN RN
NP VP NP
/ N\ /\ / N\ /\
the child see the children sees NP

NP
/ N\ / N\

the deer the deer

These are not valid English sentences because the grammatical number of the subject does not
match the predicate. o

Example 3.1.1 shows the problem that a cfg might allow sentences and parse trees that are
not linguistically sensible. To solve the concrete problem from Example 3.1.1, we need to pass
around the information about the grammatical number. For this purpose we would have to
adapt the rules and non-terminals, but, consequently, this would change the parse trees. The
formal reason for this is that cfgs can only describe local tree languages [GS84; GS15, cf. Sec-
tion 2.9 local forests]. In the next section, we will look at a formalism that is similar to cfgs, but
does not require us to change the trees to solve the problem in Example 3.1.1.

3.2. Context-Free Grammars with Latent Annotations
(CFG-LAs)

In this section we start with an informal introduction of context-free grammars with latent
annotations (cfg-las) and continue Example 3.1.1 from the previous section. Afterwards we
formalize the slightly more general weighted cfg-las (wcfg-las).

A context-free grammar with latent annotations (cfg-la) is very similar to a cfg. The only dif-
ference is that non-terminals in rules are equipped with latent annotations. Strings are derived
in the same way as with cfgs. Also trees are derived in the same way as with cfgs, but in the
end the latent annotations are removed. So the annotations are called latent annotations be-
cause they are not visible in the final trees.

Let us illustrate this idea by continuing Example 3.1.1.

Example 3.2.1. Consider the following cfg-la, which is similar to the cfg in Example 3.1.1. The
latent annotations are denoted in brackets. Derivations start at S[@).

S[@] — NP[sg] VP[sg] NP[sg] — the child VP[sg] — sees NP[sg]
NP[sg] — the deer VP[sg] — sees NP[pl]

S[@] — NP[pl] VP[pl] NP[pl] — the children VP[pl] — see NP[sg]
NP[pl] — the deer VP[pl] — see NP|pl|

As with the grammar from Example 3.1.1, we can derive the sentence “the deer sees the
children”. If we view the cfg-la from the current example as a cfg by assuming the latent
annotations are just a part of the non-terminals, then the following tree on the left-hand side
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is a parse tree of the sentence. By removing all latent annotations from that tree, we get the
tree on the right-hand side, which is a tree in the tree language defined by the cfg-la.

S[2] S
SN 7N
NP[sg] VP[sg] NP VP
/ \ / N\ ~— /N /\
the deer sees NP[pl] the deer sees NP
/ N\ /N
the  children the  children

Now consider the sentence “the child sees the deer”. This sentence can also be derived by
our grammar. We note that the singular and plural of deer are identical and that the concrete
grammatical number of deer in this sentence is not clear. This fact is captured by our example
grammar: Viewing the grammar as cfg, there are two different parse trees. Nevertheless, both
trees lead to the same tree after dropping the latent annotations.

S[?]
VRN
NP[sg] VP[sg]
/ N\ aw :
the child sees NP[sg
/ N\ N
the deer NP VP
/ \ /\
(] the child sees NP

VRN / \
NP[sg] VP[sg] // the deer

/N /N
the child sees NP[pl]
/ N\

the deer

In contrast to Example 3.1.1, we cannot derive the sentences “the child see the deer” and “the
children sees the deer” because now the latent annotations ensure that the grammatical number
of the subject matches the predicate. o

Let us now formalize the intuition from above. In the formal part, we use terminal symbols
or just terminals to represent words from a natural language. A natural language sentence is
then represented by a string of terminals.! Also, instead of just defining cfg-las, we immediately
introduce the slightly more general wcfg-las, which additionally assign a weight to each rule.
Using weights from the Boolean semiring B, wcfg-las are equivalent to cfg-las without weights.

Definition 3.2.2 (wcfg-la; cf. Matsuzaki, Miyao, and Tsujii [MMTO05, pcfg-la]). Let R be a

1| In formal texts, a string is often alternatively called a word. In order to avoid confusion with the meaning of
“word” in the context of natural language, we continue to use the term “string”.

36



3.2. Context-Free Grammars with Latent Annotations (CFG-LAs)

commutative semiring. An K-weighted context-free grammar with latent annotations (R -wcfg-
la)is a tuple (N, X, H, I, P) where

« N is an alphabet (of non-terminals),

« Y 'is a finite set (of terminals),

« H is an alphabet (of latent annotations),

« I: N x H — X is a mapping (initial weights), and
P: (N x H)x ((N x H)UX)* — R is a mapping with finite support (rule weights),
such that N, X, and N x H are pairwise disjoint. =

In the context of wefg-las and if not stated otherwise, we always assume that X is an arbi-
trary commutative semiring. Let G = (N, X, H, I, P) be an R-wcfg-la. We denote elements
(o,h) € N x H by olh| and elements (4, w) € dom(P) by A — w. An element A — w of
dom(P) is called a rule, and A is called its left-hand side and w its right-hand side. We abbre-
viate Uy(X') by Ug.

We now define the semantics of wcfg-las. In fact, we even define two semantics: One consid-
ering trees over terminals and non-terminals (without latent annotations), and one considering
strings over terminals.

The semantics for trees defines a weighted tree language for a given wcfg-la. Intuitively,
to get the weight of a tree ¢ one considers all possible decorations of this tree with latent
annotations; each decorated tree can be assigned a weight by multiplying up a rule’s weight
for each occurrence of a rule in the decorated tree; the weights of the decorated trees are
summed up to get the weight of {. However, our formal definition works a bit differently: The
tree ¢ is traversed from root to leaves and at each position all possible latent annotations are
considered immediately. Considering the distributivity of semirings, it is easy to see that this
approach is equivalent to the intuitive approach. We prefer this definition because it suits our
later proofs better.

Definition 3.2.3 (tree semantics of wcfg-la). Let X be a commutative semiring and G =
(N,X,H, I, P)an R-wcfg-la. The weighted tree language of G, denoted by [G]y, is defined
as

0 ifoe Xk

Yoy L)) - [GlE(h,t) ifce N with o = #(e)

[IGly: Ug = R, tr {
where

[G]¥: H x (Ug\X) — R,
(ho, 1) = Z P(oglho] = wy oy [hy]wy ... op[hy] wy,) - H [[G]]{?(hi’ﬂsi)
(h,eH|i€[k]) i€[k]

where? n = tk(t), k € [n], 0, ..., 0 € N, wy, ..., w, € X*, and (s; € [n] | i € [k]) such that

. 0 = t(e),
. WO W, ...0,w;, = t(1)...t(n), and

2 | Note that a summation ... has exactly one addend if £ = 0.

(h;eH|ic[k])
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even number of o
= ) = )
even number of 3

Figure 3.1.: Sketch of a tree ¢ with [G](¢) # 0O for the wefg-la G from Example 3.2.5.

+ s, is the position of the i-th occurrence of a symbol from N in wyo,w; ...0,wy, for every
i € [k]. o

The string semantics of a wcfg-la defines a weighted string language. The weight of a string
is the sum of the weights w.r.t. the tree semantics of the trees with the string as yield.

Definition 3.2.4 (string semantics of wcfg-la). Let R be a complete commutative semiring and
G = (N,X,H,I,P) an R-wcfg-la. The weighted string language of G, denoted by [G]s, is
defined as

[Cls: Z* = R,  wr > [G]y(t). =

tels: yield  (t)=w

Note that we need a complete semiring in the string case because there can be an infinite
number of trees with the same yield.

From now on we drop the indices from [G]y, [G]% and [G]s, and just write [G] as it will
always be clear from the context which one is meant.

Example 3.2.5. Let G = (N, Y, H, I, P) be the P-wcfg-la where

¢ N ={1,0}. 2 = {8}, H={0,1},

« 1(7[0]) = 0.5 and I(o[1]) = 0.5 and everything else is mapped to 0, and

« P(c]0] — a~[0] B) = 0.5,
P(o[0] = ao[1] B) = 0.5,
P(o[l] = aol0] 5) =1,
P(~y[0] — ¢) =1, and every other rule is mapped to 0.

The grammar assigns a non-zero weight to a tree if it has the form sketched in Figure 3.1,
otherwise the assigned weight is 0. For each string in X* there is at most one non-zero weighted
tree with the string as yield. For strings we have [G](a?" 32") = 0.5""! for every n € N and
every other string is mapped to 0. o
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3.3. Weighted Tree Automata (WTAs)

In this section we recall from the literature the formalism of weighted tree automata (wtas),
which is another formalism to describe specific weighted tree languages. Since wtas are es-
sential for the next chapters, we define many important notions dealing with wtas. We recall
two different, yet equivalent, definitions for the semantics for wtas, which allows us to choose
the more suitable definition in each later application. Let us immediately start with the formal
definition of wtas.

Definition 3.3.1 (wta; cf. Fiilop and Vogler [FV09, Definition 3.2, page 322]). Let R be a com-
mutative semiring. An K-weighted tree automaton (R-wta) is a tuple (Q, X, I, A) where

@ is an alphabet (of states),

« Y is a ranked alphabet (of terminals),

« I: () — R is a mapping (root weights), and

. A: <UkefN Q x X*) x QF) — R is a mapping (transition weights). =

When we define an X-wta (Q, X, I, A) and we have already fixed @) and X, then we often
use dom(A) before we define A itself. This is legitimate because dom(A) = Uke[N Q x X*) x

Q" is exclusively determined by @ and X. We write wta instead of R-wta if we are not inter-
ested in a particular X.

Let (Q,X,I,A) be a wta. Since there are only finitely many k& € N such that £*) = §),
we have that dom(A) is finite. For better readability, we denote elements (qy, o, (¢4, ---, qx)) €
dom(A) by g, — o(qy, -, q;) and call them transitions.> Sometimes, especially in examples,

we fix the weight w = A(qy — 0(qy, ..., q;)) of a transition by writing “qy — o(qy, ..., ;)"

and the root weight w = I(q) of a state ¢ € Q by writing “—— ¢”. In examples, weights
that are not explicitly stated are generally assumed to be zero. If we are not interested in the
detailed structure of a transition, we write (¢ — £) € dom(A); note that ¢ is a variable and not
a terminal symbol. The left-hand side of ¢ — & is defined by lhs(q — &) = ¢; the right-hand
side of ¢ — & is defined by rhs(q — &) = &

In the context of wtas and if not stated otherwise, we always assume that X is an arbitrary
commutative semiring. Let M = (Q, X, I, A) be an R-wta. We define the relation run, y; C
Ty; x Uy such that (¢,7) € rung, , iff pos(t) = pos(r). Instead of run, s, we also write run,,.
Let (¢,7) € run,,. We say that r is a run of M ont. Let p € pos(t). The transition of t and r
at p is defined by trans,(t,7) = 7(p) — (t(p))(r(pl), ..., r(pk)) where k = rk(t| ).

We now define two equivalent semantics for wtas. We define both because that allows us to
respectively choose the more convenient one in later applications.

Definition 3.3.2 (run semantics of wta [cf. FV09, Section 3.2]). Let X be a commutative semir-
ing and M = (Q, X, I, A) an R-wta. The weighted tree language of M (by run semantics),
denoted by [M],,, is defined as

[[M]]run: TE - R, L= Z I(T(E)) ’ [[M]];un(t7r)

rerun,,(t)

3 | This notation of transitions is inspired by the notation of rules of regular tree grammars [GS84; GS15, Section 2.3].
Using this notation also for wtas is natural since regular tree grammars are equivalent to tree automata (B-wtas)
[GS84; GS15, Theorem 2.3.6].
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where

M) : TUny — R, (t,r) H Atrans ,(t,7)). O

run *
pEpos(t)

To refer to summands of [M],,,, we define the mapping [M]': run,, — X such that (¢,7) >
I(r(€)) - [M]}un(t, 7). We sometimes silently extend [M];,, and [M]" to the domain Ty; x U,
and set [M ]/, (t,7) = 0 and [M]'(¢,r) = 0 if (t,7) ¢ run,,.

run

Definition 3.3.3 (initial algebra semantics of wta [cf. FV09, Section 3.2]). Let R be a commu-
tative semiring and M = (Q, X, I, A) an R-wta. The weighted tree language of M (by initial
algebra semantics), denoted by [M],;, is defined as

ini»

[[M]]ini: TE_>Ra tHZI [[M]]lm q, )
qeQ

where

[M]f: @ x Ty, — R,
(@0t t) = Y Alg=ol(qy, o qp) - [[IMT e ts). o

Q1¢"~7quQ iE[k]
It turns out that [ M, = [M];y and [M]is(q,t) =3 (&)
T runM rie

R-wta M = (Q, X, I, A),q € Q,and t € Ty, [FV09, p. 324].

[[M]] (t,r) for every

run I'Lll’l

Example 3.3.4. Let M = (Q, X, I, A) be the P-wta where Q = {qy,q;,4,,q3} and ¥ =
{9 30) ~©0) 531 and T and A are given by:

1 0.5 1
— qp G0 — 0(qar 91, 43) a1 — (94,90, 95)
0.5 1
qO — Y qa —

1
q3 — 0.

Recall that states and transitions that are not mentioned are mapped to 0 by I and A, respec-
tively.

The wta M is visualized on the left-hand side of Figure 3.2. We visualize states by circles
and terminals by boxes. For each non-zero weighted transition there is a box with an arrow
that points to the left-hand side of the transition and if there are states on the right-hand side,
then there are lines connecting the box with those states. The order of the states on the right-
hand side can be read from the graphics by starting at the arrow and collecting the states
connected by lines counterclockwise. The weight of the transition is written next to the box.
Non-zero initial weights are depicted by arrows going out of the respective state. We note that
the arrows in the graphics are directed reversely in comparison to our mathematical notation.
This is because this graphical representation of wtas is inspired by the graphical representation

of functional hypergraphs.
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Figure 3.2.: Visualization of the wta M and the tree ¢ with the run r of M on ¢ from Exam-
ple 3.3.4.

The wta M assigns the same weights to trees from Ty, as the grammar G from Example 3.2.5;
G assigns weight 0 to trees from Ug \ Ty.. Consequently, Figure 3.1 also sketches the form of
trees that are assigned a non-zero weight by M.

Consider the tree t = o(a, o(a, 7, 8), 5). Let r € run,,(t) be the following run of M on t:
7 = Go(qa> 91 (40> 90, 43)s 4p)- The tree and the run are visualized on the right-hand side of
Figure 3.2. In such graphical representations we put the states of a run above the corresponding
position of the tree. We have that [M]/,.(¢,7) = 0.5%. =

run

From now on we will drop the indices and primes from [M], [M],, [M ]y and

[M]:,;, and just write [M] as it will always be clear from the context which one
is meant. If we use [M] without any arguments, we refer to [M],,, = [M]
Note that we keep writing the superscript of [M]" in order to distinguish it from

[M] = [MTun

ini*

Let X be a commutative semiring and 3’ be a ranked alphabet. A weighted tree language
L: Ty, — R is called recognizable if there is an R-wta M such that [M] = £.

Consider the Boolean semiring B. For any set A, a mapping from A — B can be viewed as
a subset of A and vice versa. Therefore B-wta are equivalent to (unweighted) tree automata,
and for a B-wta M = (Q, X, I, A) we also write I, A, and [M] instead of supp([), supp(A),
and supp([M]), respectively, directly viewing these mappings as sets.

Let R be a commutative semiring, M = (Q, X, I, A) an R-wta, and let t € Ty,. We say
M accepts t if [M](t) # 0, otherwise we say M does not accept t. It is easy to see that if M
accepts ¢, and R is zero-sum free and zero-divisor free, then there is a run r € run,;(¢) such
that I(r(¢)) # 0 and A(trans ,(t,7)) # O for every p € pos(?).

Let f: R — B be the mapping such that f(0) = 0 and f(a) = 1 for every a € R\ {0}. The
support automaton of M is the B-wta defined by crisp(M) = (Q, X, I, A”) where I’(q) =
f(I(q))foreveryq € Qand A’ (1) = f(A(7)) forevery 7 € dom(A’); in other words, viewing
I’ and A’ as sets, I’ = supp(I) and A" = supp(A). Note that, if M accepts ¢, then also
crisp(M) accepts t. The inverse does not hold for every semiring R, but the following lemma
lists sufficient properties of the semiring such that the inverse does indeed hold. The lemma
is implicitly used in proofs of Fiillop and Vogler [FV09, Theorem 3.12] and Borchardt, Maletti,
Seselja, Tepavéevi¢, and Vogler [Bor+06, Lemma 3].
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Lemma 3.3.5. Let R be a zero-sum free and zero-divisor free commutative semiring and M an
R-wta. Then [crisp(M)] = supp([M]).

Proof. Let M = (Q, X, 1, A) be the given K-wta. Since R is zero-sum free and zero-divisor
free, it is easy to see that the mapping f: X — B from our definition of support automaton is
a homomorphism [cf. FV09, proof of Theorem 3.12].

Therefore, for every ¢t € Ty, one can show that [crisp(M)](q,t) = f([M](q,t)) for every
¢ € @ by induction on the structure of t. Then it is easy to show that [crisp(M)](¢) =
F([M](¢t)) for every t € Ty,. [cf. Bor+06, proof of Lemma 3]

Let us now look at the equation in the lemma. Recall that [crisp(M)] is just a short notation
for supp([crisp(M)]). By what we have shown above, this is equal to supp(f([M])), and
since f obviously does not change the support, this is equal to supp([M]). q.e.d.

Let M, = (Q, X, [, Ay) and M, = (Q4, X, I5, A,) be two K-wta over the same semiring

R and over the same ranked alphabet 3. We call M a sub-wta of M, if

« @ CQy,

« I,(q) € {0,1,(q)} for every ¢ € Q);, and

« Ay(1) € {0, A5(7)} for every 7 € dom(A,).
Note that the last two conditions imply supp(Z;) C supp(I,) and supp(A;) C supp(A,); if
R = B, then this implication is even an equivalence. Also note that this property implies that
[M1](t,7) € {0,[M5](2,7)} for every (¢,7) € runy, .

We call M, and M, isomorphic if there is a bijection f: Q; — @, such that I;(q) =
I,(f(q)) for every ¢ € @y and Ay(q — o(qy, -, q)) = As(f(a) = o(f(qr); - flar)))
for every (¢ — o(qy,...,q;)) € dom(A;). Note that if M, and M, are isomorphic, then
[M] = [Ms], [M](g,t) = [M](f(q),t) for every ¢ € Q; and t € Ty, and the bijection f
can be extended to runs such that [M ] (¢, ) = [M5](¢t, f(r)) for every (¢,7) € run,,.

Let My, ..., M,, be R-wtas where n € N. We say a property P holds for M ,,..., M, up
to isomorphism if there are R-wtas M7, ..., M, such that M, is isomorphic to M, for every
i € [n] and Pholds for M7, ..., M,.

3.4. Equivalences of WCFG-LAs and WTAs

In this section we compare the power of wefg-las and wtas to describe weighted tree languages
and weighted string languages. We show that their power to describe weighted tree languages
is identical if only ranked trees are considered (Theorem 3.4.9). We also show that their power
to describe both a weighted tree and string language simultaneously is the same except for
some corner cases (Theorem 3.4.10).

Before we come to the final theorems, we have to show several lemmas.

Converting Terminals to Non-Terminals and Vice Versa in a WCFG-LA We start by
showing that in a wefg-la any terminal can be transformed into a non-terminal and, vice versa,
also some non-terminals can be transformed into terminals without changing the weights of
trees.

We first show how terminals can be converted into non-terminals.
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Construction 3.4.1. Let G = (N, X, H,I, P) be an R-wcfg-la, « € X, and h, € H. We
construct the R-wefg-la G’ = (N’, X', H,I’, P") where

« N =NU{a},
« X =3Y\A{a},
« I'(a[h]) = 0and I'(c[h]) = I(co]h]) for every 0 € Nand h € H, and
P(r) if thereis r € dom(P) such that r’ results from r by
L, replacing every occurrence of «v in 7 by a[h, ],
« P'(r') = o
1 if " = (alh,] — €), and

0 otherwise.

Lemma 3.4.2. For every R-wcfg-la G = (N, X, H,I,P) and o € X there is an R-wcfg-
laG" = (N',X' H,I', P’) suchthat N' = NU{a} and X' = ¥\ {a}, and for everyt € Uz,
we have

&)@ = {EGH v Z}ferewlijsce;.)
The R-wefg-la G” can be effectively determined by Construction 3.4.1.
Proof. Note that Uy C Ug,. We consider four different cases for ¢t € U :
« t € X': By Definition 3.2.3 we have [G](t) = [G'](t) =0
« t = a: By Definition 3.2.3 and by construction of I’, we have [G](t) = [G'](t) =

« t € Uz \Ug: This case implies that ¢ has is an inner node that is labeled by c. Since
P’(a[h] — w) = 0 for every h € H and w # ¢, we have [G'](¢) = 0.

et = o(ty,...,t,) € Us\X: Let 0, = t,(c) for every i € [n]. We prove by complete
induction on the height of ¢ that [[G']](h t) = [G](h,t) for every h € H. To ease
the notation, but without loss of generality, we assume that there are k,¢ € {0,...,n}

suchthatk < /¢, 0,,...,0, € N,o,,1 =..=0,=0w,and 0y, ...,0, € X’ For every
hy € H we have
[G'1(hos 1)
= Z P’ (olho] = o1[hy]...op[he] 0441 H[[G]] irts)
(h;€Hig[f]) i€fe] (by Definition 3.2.3)
_ ST Polhe] > oulhyloylhy]
(h;cHIi€[k]) (h;eHlie{k+1,...,0}) Ot [Pggsr]---00lhy)
S, )
Jlienm,s) - IT 0 16730 t)
i€[k] ie{k+1,...,4}
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= Y Plolhg] = orlh]eoyli] g lholeoglho] 0 0,)

(h;eH|ick])
H [G'1(h;,t;) H [G'](hgy,t;) (by Construction 3.4.1)
i€[k] ie{k+1,...,0} 1
= Z P(olho] = o1[hy]...op[h] 0410, H[[Gﬂ irti)
(h;eH|i€[k]) iclk]
(by Construction 3.4.1 and induction hypothesis)
= [G](hy,t) (by Definition 3.2.3)

Since all initial weights that are relevant for ¢ are the same in G and G’, we can conclude

that [G'](t) = [G](¥).
These cases cover every element of U, hence, the lemma holds. q-e.d.

We now show how specific non-terminals can be converted into terminals.

Let G = (N,X,H,I, P) be an R-wcfg-la and 0 € N. The non-terminal o is called non-
initial if I(o]h]) = 0 for every h € H. It is called leaf-only if P(c]h] — w) = 0 for every
h € Hand w # €.

Construction 3.4.3. Let G = (N, X, H, I, P) be an R-wcfg-la and o € N leaf-only and non-
initial. We construct the R-wcfg-la G’ = (N', X', H,I’, P") where

« N =N\A{a},
« X =XYU{a},
« I’(o[h]) = I(o[h]) for every 0 € N" and h € H, and

« foreveryr = (olh| — s;...s,,) withec € N',h € H,n > 0,and s, ..., s, € (N' x H)U
X, letting X = {i € [n] | s; = a} we set

P'(r)= > Plofh] = si...s,) - [[ Plaln

(h;eH|ieX) 1€X
where s; = alh;] if i € X, and s, = s, otherwise. =

Lemma 3.4.4. For every R-wcfg-la G = (N, X, H,I, P) and every leaf-only and non-initial
non-terminal o € N there is an R-wefg-la G' = (N', X', H,I’, P") such that N’ = N \ {«a}
and X' = X U {a}, and for every t € U, we have

ﬂﬂ@z“gW)f%Q%

0 otherwise.

The R-wcfg-la G’ can be effectively determined by Construction 3.4.3.
Proof. Note that Uy, C Ug. We consider four different cases for ¢t € Ugy:

« t € X: By Definition 3.2.3 we have [G](t) = [G'](t) =0
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« t = a: Since « is non-initial, we have [G](t) = 0, and by Definition 3.2.3 we have

[G'1() =

» t € Uz \ Ug: This case implies that ¢ has an inner node that is labeled by «. Since « is
leaf-only, we have [G](t) =

et =o0(ty,...,t,) € U \2": Let 0, = t,(c) for every i € [n|. We prove by complete
induction on the height of ¢ that [G J(h,t) = [G](h,t) for every h € H. To ease the
notation, but without loss of generality, assume that there are k, ¢ € [n] such that & < ¢,

01,00, €N oy 1 =...=0y=a,and 0y, ...,0, € X. We have

[G7T(ho, 1)
= ) Plolhg] = orlh]eoplhy] opireon) - [TIG TR 1)

(h;€Hi€[k]) i€lk] (by Definition 3.2.3)
= Z Z P(olho] = o1[hy]...op[ly]

(h € Helk) (h,e HiETRt 1)) 01 [Pss)0e ]

Op41--0n )
I Pl = ) - H[[Gﬂ
ie{k+1,..

(by deﬁn1t10n of P’ and induction hypothesis)

= Z P(olho] = oy[hy]...op[h] gy H[[G]] irti)
(h,eH|i€ll]) i€[f]
(by commutativity and distributivity)
= [G](hy,t) (by Definition 3.2.3)

Since all initial weights that are relevant for ¢ are the same in G and G’, we can conclude

that [G'](t) = [G](%).

These cases cover every element of Uy, hence, the lemma holds. q-ed.

Converting WCFG-LAs into WTAs and Vice Versa Since wtas use ranked alphabets while
wcfg-las use alphabets without ranks, we need the following notion for our next results. Let
G = (N,X H,I,P)bean R-wcfg-la. We call G ranked if we can assign ranks to the symbols
in N such that P(o[h] — w) # 0 implies that |w| = rk(o) for every rule o[h] — w. If G is
ranked, it is easy to see that [G](t) = O for every ¢t € Uy(X) \ Ty, assuming rank 0 for
symbols from Y. An example of a ranked wcfg-la is the grammar G in Example 3.2.5.

Construction 3.4.5. Let G = (N, X, H, I, P) be a ranked R-wcfg-la such that X' = (). We
construct the R-wta M = (Q, N, I, A) where Q = N x H and for every 0,0’ € N, h € H,
and ¢y, ..., q;, € Q with k = rk(o) we let

A((o' h) = o(qyy ..y qp)) = {P(U[h] — qq...q) ifo= ?’ and _

0 otherwise.
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Lemma 3.4.6. For every ranked R-wcfg-la G = (N, X, H, I, P) such that X = (), there is
an R-wta M such that [M](t) = [G](t) for every t € Ty. The R-wta M can be effectively
determined by Construction 3.4.5.

Proof. We use the initial algebra semantics of wtas to prove the lemma. Let t = o(¢4,...,t;,) €
Ty andlet o, = t,(¢) for every i € [k]. By construction, we have [M]((¢”, h),t) = 0 for every
o’ € N\ {c} and h € H. By complete induction on the height of ¢, we have for every h € H

[M]((o, 1), 1)
= > A((o,h) = (05, hy), ooy (0, i) - T DT, i), 1)

(1h1),:5 (P ) €Q welk] (by Definition 3.3.3)
= Z A((O’, h) - U((Ulvhl) ok7hk H[[Mﬂ O3 z z)
hy,...,hp€H i€[k]

(by Construction 3.4.5 and semiring properties for 0)

= Z P(calh] = oq[hy]...o5[hs]) H[[G]] i ti)

hyyeshy €H ic(k]
(by Construction 3.4.5 and induction hypothesis)
= [G](h,1). (by Definition 3.2.3)
Since the initial weights of G are copied from M, we have [M](t) = [G](¢). q.ed.

Construction 3.4.7. Let M = (Q, X, I, A) be an R-wta. We construct the R-wcfg-la G =
(N,0,Q,I,P)where N = UkGN X) and for every k € N, 0y, ...,0;, € N, and ¢y, ..., ¢, € Q
we let

Algy — 0o(qy, -, q1)) if k= 1k(oy) and

P(oglgo] = o1la1]--oplax]) = {0 otherwise. ”

Lemma 3.4.8. Let X be a ranked alphabet. For every R-wta M with terminal alphabet 3 there
is a ranked R-wcfg-la G such that [G](t) = [M](t) for every t € Ty,. The R-wefg-la G can be
effectively determined by Construction 3.4.7.

Proof. Obviously, G is ranked by construction. We use the initial algebra semantics of wtas to
prove the rest of the lemma. Let ¢t = o(¢4,...,t;,) € Ty, and let o; = t;(¢) for every i € [k]. By
complete induction on the height of ¢, we have for every ¢ € Q)

[GCl(q.t)= > Plolgl = oyla].oxlan)) - [[IG(g;¢;)  (by Definition 3.2.3)

Q1""7leQ 7,6[]{)]
= Y Alg—olg, ) [[IMNat,)
G159 €Q i€[k]
(by Construction 3.4.7 and induction hypothesis)
= [M](q,1). (by Definition 3.3.3)
Since the initial weights of G are copied from M, we have [G](t) = [M](¢). q.ed.
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Equivalences of WCFG-LAs and WTAs We are now prepared for the final results of this
section. We start with the power of wtas and wcfg-las only considering weighted tree lan-
guages, i.e., ignoring the string semantics of wcfg-las for now.

Theorem 3.4.9. Let R be a commutative semiring and 3 a ranked alphabet. For every weighted
tree language £: Ty, — R, the following are equivalent:

¢ There is an R-wta M such that [M] = L.

e There is a ranked R-wcfg-la G such that [G](t) = £(t) for every t € Ty..

Proof. The theorem is a direct consequence of Lemmas 3.4.2, 3.4.6 and 3.4.8. g-e.d.

Recall that wcfg-las also have a semantics for strings (cf. Definition 3.2.4). By extending this
definition, one can easily define a corresponding weighted string language for any weighted
tree language: Let X' be an alphabet, I' C 3, X be a complete commutative semiring, and
£L: Uy, — R. We define the weighted string language Yield-(£): I — R such that

Yield-(£)(w) = > L(t)

teTy: yield (t)=w

for every w € I'*. In this way one can also associate a weighted string language with a wta.
The terminals [ 'that are considered for the strings can be chosen freely. However, in the string
semantics of a wcfg-la the symbols that are allowed to appear in the strings are already fixed
by the distinction between terminals and non-terminals. But Lemma 3.4.2 and Lemma 3.4.4
allow to change this fixation: Given a wefg-la G = (N, X, H, I, P), one may choose symbols
I' C N U X that shall be considered for strings. If each non-terminal in I" \ X' is non-initial
and leaf-only, then a wefg-la G = (N \ I',I',H,I’, P’) such that [G]]y = [G']y can be
constructed. Hence, Theorem 3.4.9 can be extended by the consideration of weighted string
languages:

Theorem 3.4.10. Let R be a complete commutative semiring, X a ranked alphabet, and I' C
X(0). For every weighted tree language £: Ty, — R such that £(t) = 0 for every t € I, the
following are equivalent:
¢ There is an R-wta M such that [M] = L.
e There is a ranked R-wcfg-la G such that [G]s = Yield (L) and [G](t) = £(t) for every
t € Ty

Proof. Assume there is a ranked R-wcfg-la G, such that [G,](t) = £(t) for every t € Ty,. By
Lemma 3.4.2 we can find a ranked R-wcfg-la G| where each terminal of G is converted into a
non-terminal without changing the tree semantics. Since G isranked and [G](t) = £(t) =0
for every t € I, we can assume w.l.o.g. that each non-terminal in I"is non-initial w.r.t. G;.
Hence, by Lemma 3.4.4 we can construct a ranked R-wcfg-la G from GG; without changing the
tree semantics and such that [G]g = Yield(£).

The rest is analogous to Theorem 3.4.9. g-e.d.

By Theorem 3.4.10, the power of wcfg-las and wtas to describe weighted tree and string
languages is practically the same. Since wtas are much easier to deal with in a formal context,
we will prefer wtas over wcfg-las in the rest of this work.
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4. Training of WTAs

In this chapter we recall modeling and training from the literature [cf. Bis06].
Based on three EM algorithms [DLR77] for cfgs [LY90; Pre04; CS07], we present
adaptions of these algorithms for wtas. We argue that the three presented algo-
rithms are equivalent.

Let us start this chapter with the following hypothetical situation, where we use many in-
tuitive notions that we will formalize afterwards.

Imagine a device that produces a continuous stream of data. We may observe as
much data as we like. The data is not completely random, i.e., the device prefers
some data over other data. That means the device has some internal representa-

tion of how the data shall preferably look like. However, we only have a limited limited knowledge
knowledge about the inner workings of the device. Let us therefore call this device
the opaque device. opaque device

Despite our limited knowledge about the opaque device, we want to build another
device that can simulate the opaque device, i.e., a device that produces data with
seemingly the same preferences like the opaque device. Let us call this new device

the transparent device. We can use our limited knowledge about the opaque device transparent device
to build a prototype of the transparent device. Since we are not yet sure about all prototype

the details, we equip the prototype with many control knobs for tuning its behavior. control knobs

We now take some data produced by the opaque device and call it training data. We training data
analyze the training data carefully and use our insights to tune the control knobs

of the prototype. This tuning is called training and it shall configure the prototype training

in such a way that it prefers producing data that is similar to the training data.
Since we know about the inner workings of our prototype, we know how turning
a control knob affects the output of the prototype. In fact, we may even tell how
well the prototype can mimic the training data just by examining the positions of
the control knobs.

As soon as we find the best configuration of the control knobs to mimic the training
data, we swiftly grab some hot glue to fix the control knobs of the prototype, put it
into a shiny glass case, and - voila — we are done building our transparent device.
If we have done everything right, the transparent device will produce data with
the same preferences as the opaque device. To check if our transparent device
works correctly, we can analyze some new data from the opaque device and check
by inspecting the positions of the control knobs if the transparent device can also
mimic this new data well.
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intuitive notion formal notion

opaque device unknown probability distribution
limited knowledge assumptions

prototype model

transparent device training result

control knobs parameters

training data training data

tuning/training training

quality of mimicking reward function

Table 4.1.: Juxtaposition of intuitive and formal notions regarding training.

The text above includes all important ideas that we need to understand training. Table 4.1
summarizes the used intuitive notions and relates them to the formal notions we are about to
introduce. However, note that our formalization is still very sketchy. For a rigorous introduc-
tion for this topic, we refer to other literature (cf. Related Work).

Modeling and Training Let D be a set and let p be an unknown probability distribution
over D, ie., a mapping p: D — [0,1] such that 3° _p(d) = 1. We call the elements of
D data. Although p is unknown, assume that we can randomly draw an element from D
arbitrarily often according to the probability distribution p. By making assumptions about p,
we define a model, which is a family M = (py | 6 € ©) of probability distributions. The
elements of the index set © are called parameters. So, each parameter § € © determines
a probability distribution p,. We want to find the parameter § € © such that p; is most
similar to p. Since p is unknown, we estimate this similarity by analyzing data that was drawn
according to p. This is formalized by a reward function p: D* x M — R where M is the set
of all probability distributions over D, and we call a value assigned by p a reward.! A greater
reward means a greater similarity between the two arguments. Now, given a finite sequence
of data d,...d,, € D* that we call training data, we identify a parameter € © such that

seo P(dy-d,y, pg). This
search for 0 is called training. If the training data was drawn according to p, then we wish that
6 = 6, where 6 induces Dg, Which is most similar to p (see above). However, since the training
data is random and only finite, and therefore cannot fully represent p in general, we can only
hope that pj is similar to pg. It is therefore important to use much training data because more
data can represent p better.

the reward p(d, ...d,,, p;) is maximized, i.e., we calculate § = argmax

Formally we assumed that we can draw elements from D arbitrarily often according to p.
However, in practice we typically have only a fixed finite sequence of data that was drawn
according to p. Nevertheless, this data (or only parts of it) can be used as training data as
described above.

Let us now see how modeling and training can be applied to natural language and wtas. Let

1| Note that the reward function is not arbitrary. With a rigorous formalization, the reward function would be
induced by the assumptions and the model. However, we skip the details because we will focus on training.
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D = Ty, for some ranked alphabet ' such that D contains all syntax trees of natural language
sentences. The probability distribution p could for example be implicitly defined by a group of
linguists that write down syntax trees for natural language sentences. Since they are linguists,
we assume that they mostly produce syntax trees that are linguistically sensible; however, we
do not (yet) know what makes a tree linguistically sensible. By training, we now want to find
a way to describe the linguistically sensible trees. For that purpose we first have to define a
model. We assume, a wta is well-suited to capture what makes a tree linguistically sensible.
So we define a model M by making use of wtas. In fact, we only consider probabilistic wtas: A
probabilistic wta, besides other properties, is a P-wta and the weights that it assigns to trees
form a probability distribution. We now use probabilistic wtas with terminal alphabet 3 as
parameters © and our model M consists of the probability distributions that can be defined by
probabilistic wtas.

As the reward function, we use the likelihood: Given a sequence of data from D and a proba-
bility distribution over D, the likelihood is the product of the probabilities of the data according
to the distribution. We can now take a sequence ¢;...t,, of trees produced by the linguists and
start training. The training result is a probabilistic wta 6 € O such that the likelihood for the
trees t;...t,, according to p, is maximal.

Overfitting and Underfitting Recall our goal to find the parameter § € © such that pj
is most similar to p. However, because p is unknown, by training we instead search for the
parameter 6 such that the reward for a finite sequence of training data and p; is maximal.

Hence, the training result f is tailored to the training data and not so much to p. It is therefore
likely that pj; assigns much higher probabilities to data that was seen in the training data than
p or pg does. Such an inadvertently large bias of the training result towards the training data
is called overfitting. In the worst case, p; assigns zero probability to all data that was not seen
in the training.

Whether we end up with overfitting depends on the amount of training data and on the
model. Consider two different models M; and M, for the same data D such that M/, contains
all probability distributions of M, and some more. That means, the training works similar for
both models, but if we use M, then the training has more probability distributions to choose
from as if we use M,. We say M, has alarger model complexity than M,. Obviously, overfitting
is more likely for models with higher complexity. That does not mean that one should reduce
the model complexity as much as possible because then you might be left with probability
distributions that neither fit the training data nor p. This is then called underfitting.

Recall our example model from above, which was defined using probabilistic wtas. It turns
out that with this model we will always end up with overfitting. Because the training data
is finite, it is always possible to find a probabilistic wta that assigns non-zero probabilities
exclusively to trees that were seen in the training data. Hence, the model complexity has to be
reduced. This can for example be done by limiting the allowed number of states of the wtas.
To reduce the complexity even further, one might fix the set of states and only allow non-zero
weights for a predefined set of transitions.
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reward for training data

reward for hold-out data

reward

underfitting overfitting

chosen model model complexity

Figure 4.1.: Intuitive comparison of the reward for the training data and the reward for the
hold-out data w.r.t. the training results for different model complexities.

Generalization and Hold-Out Validation We have seen that overfitting occurs when p;
has a bias towards the training data. What we want instead is that p; also assigns non-zero
probability to data that was not part of the training data; this is called generalization of the
training data. The less probability we assign to the training data in total, the more we gener-
alize. But if we generalize too much, then we end up with underfitting. So the goal is to find a
model that allows for just the right amount of generalization such that the training can find a
probability distribution that fits p and not just the training data.

Unfortunately, we cannot directly compare a training result to p. But we can consider new
data that was drawn according to p and determine the reward for this new data and the training
result. A high reward is then an indicator for the right amount of generalization.

In practice we typically do not have access to an unlimited stream of data that is distributed
according to p. However, we can take the available data and divide it into two parts. We use
one part as training data and call the other part hold-out data because we will hold this part
out of the training. We can now train with different models and for each training result we
can determine the reward for the hold-out data and the training result. We then choose the
training result that gives us the largest reward on the hold-out data. Note that this is typically
different from the training result that gives the largest reward on the training data. This method
is called hold-out validation.

Figure 4.1 gives an intuition about the rewards for the training data and hold-out data for
different model complexities. The higher the model complexity, the larger the reward for the
training data with the respective training result. However, the reward for the hold-out data
with the respective training result reaches a maximum for an intermediate model complexity.
Left to this maximum, i.e. with less model complexity, we tend to underfit; conversely, right to
this maximum, i.e. with more model complexity, we tend to overfit.

Note that besides hold-out validation there are also other methods to check for the right
amount of generalization. For further details we refer to other literature.

This Chapter In this chapter we will concentrate on a training method called maximum
likelihood estimation. We focus on a special case of maximum likelihood estimation for wtas. As
a practical implementation for training in this special case, we show different, yet equivalent,
versions of the EM algorithm.
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4.1. Probability Distributions

This chapter is more or less only a collection of facts and observations, which we need in the
subsequent chapters. We will only slightly touch the surface of the discussed topics. To get a
deeper understanding, we suggest to consult, e.g., the literature listed below.

Related Work For a broader overview about modeling, training, and validation, we refer to
Bishop [Bis06].

Our insights about the EM algorithm are based on Dempster, Laird, and Rubin [DLR77], Lari
and Young [LY90], Prescher [Pre04], and Corazza and Satta [CS07]. We deliberately transfer
results from weighted context-free grammars (wcfgs) to wtas. This is legitimate because wtas
can be viewed as special wcfgs: A tree can also be viewed as a string by interpreting the terminal
symbols and the symbols “(”, “)”, and “,” that we use to denote trees as terminal symbols for
strings. Hence, a wta can also be viewed as a device that assigns weights to strings. With this
view it is easy to transform a wta into a wcfg that assigns the same weights to strings.

The wcfgs that are considered in the mentioned literature exclusively use weights from the
probability semiring P, and, similar as for probabilistic wtas, the weights must define certain
probability distributions. In the literature such wcfgs go by the names of probabilistic context-
free grammars (pcfgs) and stochastic context-free grammars (scfgs).

4.1. Probability Distributions

In this work we will often use wtas as devices to assign probabilities to trees and runs. For this
purpose we need some very basic probability theory. In this section we introduce just enough
details to understand this work.?

Let A be a countable set. A probability distribution (over A)is a mapping p: A — [0, 1], such
that > _, p(a) =1.

Let A, and A, be countable sets and p a probability distribution over A; x A,. Note that
the mapping p,: 4; — [0, 1] where p;(a;) = Z%GA2 plaq,a,) for every a; € A, is also a
probability distribution. Analogously we can construct a mapping p,: Ay — [0, 1] that is also
a probability distribution. Calculating p; or p, is called marginalization and p, and p, are called
marginal distributions. Depending on the context, we may view p as the probability distribution
Py OI py; we then just write p(a, ) and p(a,) instead of p; (a1 ) and py(ay ), respectively.

Leta, € A, and ay € A,. If p(ay) # 0, then the conditional probability of a, given a, is

defined by p(a, | ay) = %’;2). Analogously, if p(a;) # 0, then the conditional probability
of a, given a, is defined by p(ay | ay) = %. For every a, € A,, if p(ay) # 0, then

the mapping p: A; — [0, 1] where p](a;) = p(a; | ay) for every a; € A, is a probability
distribution. Analogously, for every a; € A;, we can construct a mapping p5: A, — [0, 1]
that is also a probability distribution. We denote these probability distributions by p(- | a5)
and p(- | a,), respectively.

2 | We really avoid diving into the details of probability theory. For example we avoid concepts like random vari-
ables. Nevertheless, all of our notions, definitions, and equations can be translated to proper probability theory
involving random variables.
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4. Training of WTAs

4.2. Maximum Likelihood Estimation

One approach for training is maximum likelihood estimation. In this context, the training data
is represented by a corpus.
Let A be a countable set. A corpus (over A) is a mapping ¢: A — R such that supp(c) is

non-empty and finite. The size of c¢ is defined by |c| = Za€supp(c> c¢(a). Sometimes we refer to

the values of a corpus by the word counts. Also, for an element a € A we say that a is in the
corpus c if a € supp(c), i.e., c(a) # 0.

Let c: A — R, be a corpus. The empirical distribution of c is defined as the probability
distribution p,: A — [0, 1] where p,(a) = %% for every a € A.

lc]

Let p: A — [0,1] be a probability distribution and c¢: A — R a corpus. The likelihood of c
under p is defined by

Lclp)= [ playe.
)

a€supp(c

Let A be a countable set, ¢ a corpus over A, and M = (p, | 6 € ©) be a family of probability
distributions over A. The® maximum likelihood estimate from M on c is defined as

argmax L(py | ¢).
0cO
Theorem 4.2.1 (Prescher [Pre04, Theorem 1]). Let A be a countable set, ¢ a corpus over A,
and M = (py | 6 € O) be a family of probability distributions over A. If there is a 6 € O such
that p, is the empirical distribution of c, then 6 is the maximum likelihood estimate from M on c.

4.3. Probabilities and WTAs

We now introduce how wtas can be related to probabilities. Let M = (Q, X, I, A) be a P-wta.
We call M

« out-probabilistic if for every ¢ € () we have > A(T) =1,

T€dom(A): lhs(T)=q

« semi-probabilistic if M is out-probabilistic and qu Q I(q) =1,
« consistent if ZteTE [M](t) =1, and
« probabilistic if it is semi-probabilistic and consistent.

That means:
« If M is out-probabilistic, then the transition weights define a probability distribution
over each set of transitions with the same left hand side.
« If M is semi-probabilistic, then additionally the root weights define a probability distri-
bution over the set of states.

3 | Although formally argmax returns a set of results, in the context of maximum likelihood estimation we usually
act as if there is always a single result. In other words, we are already satisfied if we only find one element that
maximizes the likelihood.
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4.4. The EM Algorithm for WTAs

« If M is consistent, then [M] is a probability distribution over Ty, and [M ]! is a proba-
bility distribution over run,,.

Hence, if M is consistent, then we can use the overloaded notations for probability distribu-
tions also for [M]!. With that, we have [M]'(t) = [M](t) for every t € Ty..

Let M = (Q, X, I, A) be awtaand (¢,r) € run,,. For every ¢ € ) the frequency of q inr
(on t) is defined by

flq|r) =1lg|t,r) =Hp € pos(t) | r(p) = q}!.
For every 7 € dom(A) the frequency of Tinr ont is defined by
f(7 [t,7) = [{p € pos(t) | trans,(t,7) = T}|.
With these ingredients we can easily create a wta from a corpus as follows.

Definition 4.3.1 (read-off wta). Let X be a ranked alphabet and c a corpus over Ty.. The read-
off wta of c is the P-wta M . = (Q, X, I, A) where

- Q={g,|oeX}
>

tEsu ctle)=0o
. I(qa) — €s PP(C)|C|(5)

fC 7 |tr)-et)

c(t)

for every g, € @, and

2

« A7) = tesupp(c) for every 7 € dom(A).
> sppe) FOBS(7) [ o7 (1)
where 7, € run, (¢) such that r,(p) = q,(,) for every p € pos(t). O

We note that the read-off wta M, is probabilistic and that the weights of M , resemble empirical
distributions: The root weights are the empirical distribution over the root states in the runs
r, and the transition weights combine the empirical distributions of transitions with the same
left-hand side. However, in general [M ] is not the empirical distribution of c.

4.4. The EM Algorithm for WTAs

The goal of the EM algorithm is to approximate the maximum likelihood estimate for specific
problem instances. Since we concentrate on wtas in our work, we consider maximum likelihood
estimation only for the special case of wtas.

Let M = (Q, X, I, A) be awta and c a corpus over Ty.. By prob(M) we denote the set of all
probabilistic P-wtas (Q, X, I", A”) such that supp(I”") C supp(/) and supp(A’) C supp(A). In
other words, prob (M) consists of all probabilistic P-wtas that may be constructed by changing
the non-zero weights of M, which includes changing non-zero weights to zero. Let M =
(IM'] | M’ € prob(M)) be the family of probability distributions defined by the weights
assigned to trees by the wtas in prob(M). The maximum likelihood estimate for M on c, denoted
by mle_ (M), is defined as the maximum likelihood estimate from M on ¢, i.e.,

mle (M) = argmax L(c|[M']).
M’ eprob(M)
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4. Training of WTAs

Intuitively, by definition of prob(M), this optimization is only allowed to improve the like-
lihood by changing the non-zero weights in the given wta. Note that for wta M _ in Defini-
tion 4.3.1 we already have that M, € mle (M) [Pre04, Theorem 10], ie., the likelihood of
M . cannot be improved by just changing the weights. This is due to the strong connection
between the states and the terminals in this wta.

Determining mle (M) would be easy if ¢ was a corpus over run,,; this is also called a corpus
over complete data. In that case one could simply analyze relative frequencies of states and
transitions similar as in Definition 4.3.1. However, the corpus ¢ does only contain trees and
we cannot directly infer associated runs; therefore this is called a corpus over incomplete data.
Only having incomplete data makes it very hard to determine mle ().

An approach to approximate mle () is the EM algorithm presented in Algorithm 4.2 (note
the helper function in Algorithm 4.1). Actually, the term “EM algorithm” describes a whole
class of algorithms, which was originally introduced by Dempster, Laird, and Rubin [DLR77].
The abbreviation “EM” stems from the idea to alternately execute an expectation step and a
maximization step. Algorithm 4.2 follows the general idea of an EM algorithm as presented by
Prescher [Pre04, Definition 13]. He also presents an instantiation of this idea to pcfgs [Pre04,
Theorem 11], which is very similar to Algorithm 4.2.

Algorithm 4.1 Helper Function for the EM Algorithms
Input: . corpus I over a set of wta states,
« corpus A over a set of wta transitions,
Output: « [’, which is the empirical distribution of 7,
« A’, which combines the empirical distributions of transitions in A with the same
left-hand side
1: function NORMALIZE(], A)
2: for ¢ € dom(7) do
3 I'(q) < I(q)/ X2
4: for 7 € dom(A) do
AN(T) = A X cgomi a): ths(ry=tns(r) A7)

6: return (I, A")

q’€dom

o 1(d)

The idea of the EM algorithm is to iteratively adapt the weights of the wta M to improve
the likelihood. In a single iteration, the algorithm first determines a corpus over complete data
based on the current weights. This is called the expectation step or E step for short. Afterwards
it adapts the weights of the wta based on the complete data corpus from the E step. This is
called the maximization step or M step for short. These two steps constitute an iteration of the
EM algorithm, hence, the algorithm repeatedly alternates the E step and the M step.

The likelihood will improve or at least stay the same with every iteration. However, for
practical applications the iteration must be stopped at some point. To decide when to stop, one
could use ad hoc criteria like stopping as soon as the improvement in the likelihood induced
by the current iteration falls under a predefined threshold. Another idea is to also track the
changes of the likelihood for some hold-out data and stop as soon as the likelihood on the
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4.4. The EM Algorithm for WTAs

Algorithm 4.2 The EM Algorithm in the Style of Prescher [Pre04]

Input:

« alphabet X,
« corpus c over Tx,
« probabilistic P-wta M, = (Q, X, I, 4,) such that L(c | [M,]) > 0,

Output: « sequence M, M, M,, ... of probabilistic P-wtas such that

1:
2
3:
4

Lic | [M,]) < L(e | [M,]) < Lic | [M]) < ...

fori«+ 0,1,2,...do

for ¢ € supp(c) do > E step
for r € run,, (?) do
ft,r) = ct) - [M]'(r | 1)
initialize I and A with zeros > M step
for t € supp(c) do
for r € run,, (¢) do
1(r(e)) & T(r(2)) + f(t,7)
for p € pos(t) do
T < trans,(t,7)
Alr) « Alr) + £(t7)
(i1, A1) < NORMALIZE(], A) [> cf. Algorithm 4.1
Mipy Q2 1;11,4;,)

Algorithm 4.3 The EM Algorithm in the Style of Lari and Young [LY90]

Input/Output: as in Algorithm 4.2
1: fori<+0,1,2,...do

2:
3:

4:

for ¢ € Q,t € supp(c), p € pos(t) do
calculate outside,, (¢ | |°) and inside,; (q | t[,) for later use

for 7 =gy = o(qy, ..., q;) € dom(4;) do

1
A(7) Ztesupp(c) c(t) - HM'L]](O' o
'pr(poi(t): OUt31deMi(q0 | t]P) - Ay(T) - Hje[k] 1n51deMi (qj | t’;;j)
p)=0c
forq € Q do
I(q) A Ztesupp(c) C(t) ' m ' Iz(q> ' inSideMi (q ’ t)
IRPPAY < NORMALIZE(/, ct. Algorithm 4.1
I 1, A I, A D> cf. Algorith

Mgy —(Q, 2, 14, 441)

Algorithm 4.4 The EM Algorithm in the Style of Corazza and Satta [CS07]

Input/Output: as in Algorithm 4.2
1: fori<+0,1,2,...do

2:

M1 < EMStep (M) [> cf. Definition 4.6.5
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hold-out data starts falling. This is similar to hold-out validation, which we presented in the
introduction of this chapter.
We now present some useful properties of the EM algorithm.

Lemma 4.4.1 (cf. Sinchez and Benedi [SB97, Theorem 4.1] or Chi and Geman [CG98]). Every
wta in the output of Algorithm 4.2 is probabilistic.

Lemma 4.4.2 (cf. Prescher [Pre04, Theorem 11] and Dempster, Laird, and Rubin [DLR77, The-
orem 1]). For the output of Algorithm 4.2, we have that L(c | [M;]) < L(c | [M;,1]) for every
i€ N.

By definition a likelihood is at most 1, hence, by Lemma 4.4.2 the sequence of likelihoods
that corresponds to the sequence of wtas in the output of Algorithm 4.2 must converge to
some value. In fact, the sequence even converges to a critical point (i.e., local minimum, local
maximum, or saddle point) [cf. Pre01a; Pre01b]. However, it is not guaranteed that the sequence
converges to a global maximum.

Lemma 4.4.3. For the output of Algorithm 4.2, we have for every i € N that
e I;(q) = 0 implies I, ,(q) = 0 for every ¢ € Q and
e A;(1) =0 implies A; (1) = 0 for every T € dom(4;).

Proof. In line 4 of the algorithm, it is easy to see that f(¢,7) = 0if I,(r(¢)) = 0 or if there is
a position p € pos(t) such that A, (trans,(¢,7)) = 0. By examining the following lines of the
algorithm, it is also easy to see that in line 12 we have thatalso I(r(¢)) = 0 or A(trans ,(,7)) =
0, respectively. The lemma follows by the definition of NORMALIZE. q-ed.

In the following sections we will introduce alternative formulations of the EM algorithm for
wtas. They will help our investigations in the next chapters.

4.5. Inside and Outside Weights

Based on the inside and outside weights, we show in Algorithm 4.3 an alternative formulation
of the EM algorithm in Algorithm 4.2. It works analogously to the algorithm presented by Lari
and Young [LY90, page 41]. They present an EM algorithm for pcfgs* in Chomsky normal form.
Before we present the alternative EM algorithm (Algorithm 4.3), we introduce the inside and
outside weights. Although we introduce them for general complete semirings, we will actually
only use them for the probability semiring [P.

Let & be a commutative and complete semiring. Let M = (Q, X, I, A) be an K-wta and
q € Q. The inside weight of q in M is defined by

inside ,(q) = Z 2] (e, ).

(t,r)€runy,: r(e)=¢q

Put into words, inside,(q) is the sum of the weights of all trees with runs of M with root
symbol ¢. Note that the root weights are not included.

4 | What we call a pcfg is called a stochastic context-free grammar (scfg) by Lari and Young [LY90].
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4.6. Adaption of the Estimation of Corazza and Satta [CS07] to WTAs

For the definition of the outside weights, we have to extend some notions of wtas to contexts.
We define runs for contexts analogously to runs for trees: The relation c-run,, 5; C Cy x Uy
is defined such that (c,r) € c-rung, 5 iff pos(c) = pos(r). Instead of c-run, 5, we also write
c-run,,. For every ¢ € @, by c-rung, 5, we denote the subset {(c,7) € c-rung, , | Vp €
pos(c): ¢(p) = v = r(p) = q}, i.e, we only consider runs that have the symbol q at
the position of the x in the context. Also, we extend the notions [M],,, and [M];
Definition 3.3.2) to contexts by assuming A(q — x) = 1 for every q € Q.

The outside weight of q in M is defined by

outsider (q) = > I(r(e)) - [M](c,7).

(¢,r)€c-runi,

run run

Put into words, outside,,(q) is the sum of the weights of all contexts and runs that have the
symbol ¢ at that position in the run where the context has the z.

Intuitively, to calculate the inside weights, we start at a specific state and “dive into” any tree
and run starting at that state. Conversely, for the outside weights we start “outside” of any tree
with the root weights and try to reach a specific state.

The definitions above take any tree or context into account to calculate the inside or outside
weights. However, for the EM algorithm we need a restriction to specific trees or contexts. Let
g € Q and t € Ty.. The inside weight of q in M restricted to t is defined by

inside (¢ | t) = > [M](t, 7).
rerun, (t): r(e)=q

Note that inside (¢ | t) = [M]},(q,t) (cf. Definition 3.3.3). Now let ¢ € @ and ¢ € Cy,. The
outside weight of q in M restricted to c is defined by

outsiderr(q|c)= > I(r(e)) - [M](c,7).
rec-runi, (c)
Note that for every ¢ € Cyx, and t € Ty, we have
[M](c-t) = ZoutsideM(q | ¢) - inside,,(q | ).
q€Q

Also note that completeness of the semiring is not required in the restricted case since all sums
are finite.

Using inside and outside weights, we define Algorithm 4.3. This algorithm uses the same
input as Algorithm 4.2. Moreover, it is an EM algorithm [cf. Pre01a; Pre01b] so it also has the
same output as Algorithm 4.2. Hence, Algorithm 4.2 and Algorithm 4.3 are equivalent in the
function they compute.

4.6. Adaption of the Estimation of Corazza and Satta [CS07] to
WTAs

In this section we introduce the expected value and the cross entropy, which is tightly con-
nected to the likelihood. Based on that, we again reformulate the EM algorithm in Algo-
rithm 4.2; the reformulation is shown in Algorithm 4.4. For that purpose we transfer some
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results of Corazza and Satta [CS07] for pcfgs to wtas. One important result shows how to esti-
mate the weights of a P-wta /M based on a probability distribution p over run,, such that the
cross-entropy between p and [M] is minimized (Lemma 4.6.3). Finally we will show how the
inside and outside weights are connected to expected values.

Letp: A — [0, 1] be a probability distribution and f: A — R a mapping. The expected value
of f under p is defined by’

a€supp(p)

We only consider the support of p to avoid undefined products like 0 - co (e.g. in the definition
of cross-entropy below). Often we define f inline; then we use the notation E,,(Aa. f(a)).

Let p and p’ be probability distributions over a countable set A. The cross-entropy between p
and p’, denoted by H(p || p’), is a value in R,y U {oo} defined as

1
H(p [ p') =E,(Aa.log ——) = — Z p(a) -logp’(a). [CS07, Equation 4]
v'(a) acsupp(p)

Since we overloaded the notation of probability distributions, p and p” do not necessarily have
to be probability distributions over A; it is enough if they induce marginal distributions over
A. If it is not clear which marginal distributions are meant, then we explicitly mention A by

writing Hy (p || p”).
The cross-entropy and the likelihood are tightly connected, which is shown in the following
lemma.

Lemma 4.6.1. Let A be a countable set, p a probability distribution over A, and c a corpus over
A. If p, is the empirical distribution of c, then

1
H(p, || p) = —logL(p. | p) = Tl -logL(c | p).

Its proof makes use of the following property of the likelihood.

Lemma 4.6.2. Let A be a countable set, p a probability distribution over A, and c and c, corpora
over A, such that c,(a) = s - c(a) for every a € A and some s > 0. Then we have

L(cy | p) =L(c| p)® and, equivalently, logL(c, | p) = s-logL(c | p).
In the remainder of this section, we use the notation 1, for some predicate P. This is an

abbreviation defined as
1 if Pis true,
1p= . .
0 if Pis false.

As advertised in the introduction of this section, we now show how to estimate the weights
of a wta based on a probability distribution over its runs.

5 | With proper probability theory, the expected value would be defined for real-valued random variables. In this
context, p would actually be a random variable A: {2 — A and E, () is then the expected value of the random
variable f o A.
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Lemma 4.6.3 (Corazza and Satta [CS07, Equation 9]). Let ) be an alphabet, X' a ranked alpha-
bet, and p a probability distribution over run, . Let M= (Q, X, I, A) where for every q € ()

and g — ¢ € dom(A)
E,(A(t,r).-flg = £ [ t,7))

f(q) = Ep<)‘(t7 T)‘lr(s):q) and (q - g) ()\(t 7“) f( q | t T)) :
Then ~
M= agmin  H_(p| [M]).
M=(Q,X,1,A):

M is a probabilistic P-wta

Note that by Lemma 4.6.1 minimizing the entropy is equivalent to maximizing the likelihood.
Also note that, if the probability distribution over rung, y; is given by a wta, then the expected
frequencies of transitions and states are related as follows.

Lemma 4.6.4 (Corazza and Satta [CS07, Equation 16]). Let M = (Q, X, I, A) be a probabilistic
P-wta. Then

E[[]V[]]I<)‘(t7 r)‘L”(E):q) = I<q)
forevery q € QQ and
Epep (AL, r)-flg = €[ 1,7)) = Alg = &) - Epagp (A, 7)-£(g [ £,7))
for every ¢ — £ € dom(A).
The next definition gives us the main building block of Algorithm 4.4.

Definition 4.6.5 (Corazza and Satta [CS07, Equation 42]). Let M = (Q, X, I, A) be a prob-
abilistic P-wta, p; a probability distribution over TZ, and p, a probability distribution over
run,,.° We define EMStep? (M) as the wta (Q, X, I, A) where

1

I(q) =E, (A.E, (A1, 0)—,)) and
E, (AL.E, (p(Ar. f(q —&|t,r)))
A O = Ol 4 [0 :
Instead of EMStepg ? (M) we also write EMStepp 2(M) if ¢ is a corpus and p, is the empirical

distribution of ¢. Furthermore, instead of EMStepE r (M) we also write just EMStep ().
Let M = (Q, X, I, A) be a probabilistic P-wta and c¢: Ty, — R~ be a corpus. Then calcu-
lating EMStepc(M ) resembles an iteration of the EM-Algorithm with corpus c and initial wta
M [CS07, Section 7.2]. This gives us Algorithm 4.4. Also note that in the definition of EMStep
the terms E,, ;) (Ar.1,,_,) and E,_,(Ar.f(¢ — & | t,7)) clearly resemble the E-step as
originally defined by Dempster, Laird, and Rubin [DLR77, Equation 2.2].
If M = EMStep (M), then we call M an EM fixpoint w.rt. c.

6 | In fact, we only need the conditional probabilities p, (7 | t) for runs 7 and trees t where p, (¢t) # 0. However,
for our work we can keep the formalities simple and can demand that p, is a probability distribution over run,.
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Lemma 4.6.6 (Corazza and Satta [CS07, Equation 41]). Let () be an alphabet, 3 a ranked al-
phabet, and p a probability distribution over Ty..

Let f be the mapping from the set of all probabilistic P-wtas with state set () and terminal
alphabet X to R.y U {oo} such that f(M) = H(p || [M]). If a wta M is a critical point (i.e.,
local minimum, local maximum, or saddle point) of f, then M is an EM fixpoint w.r.t. p.

Finally we show how some expected values can be expressed in terms of inside and outside
weights.

proven on page 168 Lemma 4.6.7. Let M = (Q, X, I, A) be a probabilistic P-wta. Forevery g € Q and T = q, —
o(qq, -, q;) € dom(A) we have

* Epyp(A(t, ). £(q | t, 7)) = outside,,(g) - inside,,(g),
* Eppep(A(t, 7). £(r | £,7)) = outside,(qy) - A(7) - [ [ insidey(q;),
i€[k]

and for every q and T as above and every t € Ty, we have

* Epepey (Ar-flg [ £,7) = [[ ]]( ) Z outside,(q | t|?) - inside,(q | t|,), and

pEpos(t)

° E[[M]]I(‘t)()\’r'f(T ’ t, 1“))1
= o0 > outsidey(go | t1?) - A(r) - ] insiden(g; | t],:).
pepos(t): i€lk]

t(p)=c

By this lemma it is easy to see that Algorithm 4.3 and Algorithm 4.4 are equivalent in the
function they compute.
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5. State Splitting and Merging

In this chapter the training approach from the following paper is rigorously for-
malized in order to prove some of its properties:
Slav Petrov, Leon Barrett, Romain Thibaux, and Dan Klein.

“Learning accurate, compact, and interpretable tree annotation” [Pet+06]

In the previous chapter, we introduced the EM algorithm for training a P-wta on a tree
corpus. We saw that the EM algorithm can only adapt the non-zero weights of an already
existing wta M (cf. Lemma 4.4.3), which is reflected in the underlying model M = ([M’] |
M’ € prob(M)) (cf. Section 4.4). Hence, the model complexity is determined by the initial
wta M. However, the appropriate model complexity to prevent underfitting and overfitting
is typically unknown. Therefore we introduced the approach to try different models and to
compare the respective training results based on some hold-out data. Still, since there are a lot
of different models, we cannot try out each one of them.

In this chapter we will present an approach to iteratively adapt the model complexity by
modifying the wta that is given to the EM algorithm. As training data, we use a corpus over
trees. The idea is to start with a low model complexity and to increase the complexity in small
steps. So we start with a wta M that has only a few states, e.g., the read-off wta for the corpus.
We then iterate the following steps, which are also depicted in Figure 5.1, starting with the
counter ¢ = 0O:

1. The wta M is created by duplicating each state of M;. We say, each state of M, is split
into two new states. The transition weights of M, are appropriately distributed to define
the transition weights of M.

2. The wta M, results from the application of the EM algorithm to M| and the corpus.

=050
> M. SPLIT M
Y !
t:=¢+ 1
M MERGE M

Figure 5.1.: Basic idea of the state splitting and merging algorithm (Algorithm 5.1, page 73).
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3. The wta M7 is created from M, by undoing selected splits of states from step 1. In
step 1 each state was split into two new states; in the current step the two states can
be replaced by a single state again. We say, a pair of states is merged into a single state.
The splits that are undone are those that do not contribute much to the likelihood of the
corpus under [M7]. The transition weights of M, are appropriately combined to define
the transition weights of M5.

4. The wta M ;_; results from the application of the EM algorithm to M5 and the corpus.
The counter ¢ is incremented.

These steps are iterated resulting in a sequence M, M |, M, ... of wtas. We call this approach
the state splitting and merging algorithm.

You might have noticed that the merging step works against our goal to increase the model
complexity. However, this step helps to keep the number of states in a practically manageable
range. Also, since merging only undoes recent splits, we have that M, , has at least as many
states as M ;.

This Chapter In Section 5.1 we formalize the ideas of splitting and merging states of wtas
and show simple properties of these operations. We use an arbitrary commutative semiring
where possible and the probability semiring where needed. In Section 5.2 we present the state
splitting and merging algorithm (Algorithm 5.1), which we intuitively introduced above. We
also present our main theorem of this chapter (Theorem 5.2.2), where we show the development
of the likelihood in an iteration of the algorithm. In Section 5.2.1 we investigate two ways
of dealing with the weights while merging. In Section 5.2.2 we show how our formalization
relates to the Berkeley Parser, which is an implementation of the state splitting and merging
algorithm by Petrov, Barrett, Thibaux, and Klein [Pet+06].

Related Work The state splitting and merging algorithm was originally presented by Petrov,
Barrett, Thibaux, and Klein [Pet+06] for P-wcfg-las and is repeated in later publications [PK07b;
Pet09]. For our formal considerations, we used wtas instead wcfg-las. This is legitimate because
wtas and wcfg-las are equally powerful (cf. Section 3.4). We decided for wtas because we find
them easier to deal with in a formal context.

The key to the success of the state splitting and merging algorithm is the merge step because
it keeps the number of states in a practically manageable range. Earlier approaches created
different grammars by splitting the states of a base grammar into a different, but respectively
fixed, number of states and trained these grammars independently [MMTO05; Pre05].

Instead of splitting every state and undoing unfavorable splits afterwards by merging, there
are also ideas to select only some states for splitting and go without merging [DE06].

A resulting wta of the state splitting and merging algorithm is typically used for parsing
sentences in natural language processing. Besides training, parsing is also implemented in
the Berkeley Parser [Pet+06]. There are also other parser implementations, e.g., Egret,! which
claims to be a reimplementation of the Berkeley Parser, and BUBS parser? [Bod+11; DBR11],

1| Egret was written by Hui Zhang and was published via Google Code in 2010:
https://code.google.com/archive/p/egret-parser/
2| BUBS parser on Google Code: https://code.google.com/archive/p/bubs-parser/
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5.1. State Splitting and Merging for Weighted Tree Automata

which focuses on efficiency. In contrast to the Berkeley Parser, these parsers do not implement
the state splitting and merging algorithm.

For two wtas M and M’ where the second resulted from the first by splitting states, we say
that M is coarser than M’, and M is finer than M. The state splitting and merging algorithm
outputs a sequence of wtas that get increasingly finer. This fact can be exploited to improve
the efficiency of parsing [PK07a; PK07b]: A sentence is first parsed with a coarse wta, which
is rather cheap because a coarse wta has relatively few states. Afterwards this parsing result
is used to guide parsing with a finer wta, which is more efficient than parsing without such
guidance. This can be iterated several times with increasingly finer wtas. All in all, parsing
with this approach is faster than just parsing with the finest wta directly. This approach is
occasionally called coarse-to-fine parsing. It is revisited in the implementation of the Ckylark
parser [Oda+15], which focuses on minimizing the number of parsing failures, i.e., cases where
no parse tree could be found.

Consider a transition ¢ — o(q, q) of a wta. Splitting the state ¢ into ¢” and ¢! induces a split
of the transition in eight new transitions ¢* — o(q’, ¢*) with 4, j, k € {0, 1}. If after training
for example the transitions ¢° — o(¢°, ¢") and ¢° — o(¢°, ¢*) have very similar weights, then
it is a waste of resources to store the weight twice. Instead, one could just store the weight once
for the transition ¢ — o(q", ¢) while keeping in mind that ¢ is a placeholder for ¢° and ¢'.
Analogously, if we store a weight for the transition ¢! — o(q, ¢) with the same placeholder g,
then this represents the weight of the four transitions ¢* — o(¢’, ¢*) with j, k € {0, 1}. This
idea allows a memory efficient representation for wtas/wcfg-las resulting from splitting. The
underlying formalism is called multi-scale grammars. This efficient representation of transition
weights may already be used while training [PK08].

The state splitting and merging algorithm was also generalized to hypergraphs, which were
then used to represent tree adjoining grammars [OS12]. There are also state splitting and
merging approaches for tree substitution grammars [FVP12; Shi+12].

5.1. State Splitting and Merging for Weighted Tree Automata

In this section we define notions for coarsening and refining the state set of a wta. We call
these notions merging and splitting, respectively. For example, let ¢° and ¢' be states of a
wta. We may replace every occurrence of these two states by ¢; we say we merge ¢° and ¢!
to g. We use a mapping 7 to denote the connection between the not yet merged and merged
states: 7(q") = 7m(q¢') = q. The mapping also includes states that are not changed, e.g.,
7(qs) = g, This replacement of states of course affects transitions. For example the transition
q, — o(q*, q°) would be merged to g, — o(q, ) (cf. Figure 5.2).

We may also consider the inverse of m and a wta with the state ¢. Then we may split q
into the states ¢ and ¢' by applying 7~ 1. Again, we also have to consider transitions. With
7L, e.g., the transition ¢, — o(q,q) would be split into ¢, — o(¢°,¢°), ¢, — o(¢°, q'),
q, — o(q',q°),and ¢, — o(qt, ¢') (cf. Figure 5.2), i.e., for every combination of the split states
we get a transition.

Now let us formalize this idea. Let M = (Q, X, I, A) and M’ = (Q’, X, I’, A”) be R-wtas
with the same terminal alphabet X, and let 7: Q)" — @ be a surjective mapping. Depending
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5. State Splitting and Merging

Figure 5.2.: Visualization of split and merge with 7(q°) = 7n(¢*) = gand 7(q,) = q,.

merger on our current view, we call 7w an M’ -merger (w.r.t. Q) or an M -splitter (w.r.t. Q").
splitter If we view 7 as a merger, we underline this view by writing merge _ instead of . We overload
merge this notion for states, transitions, sets of those, and runs as follows.
merge : Q" — Q, ¢ = ()
merge : dom(A’) — dom(4), ¢ — o(qy, -, q;) = 7(qy) — o(m(q)), .., m(qy))
merge : P(Q") — P(Q), Q" > {merge (¢') [ ¢ € Q'}
merge : P(dom(A")) — P(dom(4)), A s {merge (7)[7" € Z/}
merge : Uy — Up, 7"+ r where pos(r) = pos(r’)

and Vp € pos(r): r(p) = w(r'(p))
We say that M is a m-merge of M’ if
supp(l) C merge (supp(I’)) and supp(A) C merge (supp(4’)).

faithful merge We call M a faithful m-merge of M’ if the inclusions above are equalities. In general, there
are several (faithful) m-merges of M’ because of flexibility in the weights.

proven on page 171 Theorem 5.1.1. Let M and M’ be B-wta, and m an M’ -merger. If M is a faithful m-merge
of M’, then [M] 2> [M'].

Recall that [M] and [M’] in the theorem are B-weighted tree languages, which can be viewed
as sets. By Lemma 3.3.5 we immediately get the following corollary.

Corollary 5.1.2. Let X be a zero-sum free and zero-divisor free commutative semiring, M and
M’ be R-wtas, and 7 an M’ -merger. If M is a faithful m-merge of M’, then supp([M]) D
supp([M']).

split Conversely, if we view 7 as a splitter, we underline this view by writing split  instead of
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5.1. State Splitting and Merging for Weighted Tree Automata

faithful faithful faithful faithful
1 , 9 M, M, 2 —> M
‘ m-split T-merge ‘ ‘ T-merge m-split ‘
-~ crisp(M ) = crisp(M3) ---~ -~ crisp(M) = crisp(My) ---~

Figure 5.3.: A faithful 7-split followed by a faithful m-merge, and vice versa.

71, Also, we overload this notion for states, transitions, sets of those, and runs as follows.
split_: Q — P(Q"), g1 (q)
split_: dom(A) — P(dom(4A")), gy = o(qy, - ) = {5 = o(qi, -, )
| Vi € [k]: g; € split_(g;)}

split_: P(Q) — P(Q’), Q- U split_(q)
q€Q

split_: P(dom(A)) — P(dom(A")), A | split ()
TEA

split_: Uy — Uy, T merge;l(r)

We say that M’ is a w-split of M if

supp(I”) C split_(supp(Z)) and supp(A’) C split_(supp(A)).

We call M’ a full w-split of M if the inclusions above are equalities. We call M a faithful full split
m-split of M if M is a faithful m-merge of M’. Again, because of flexibility in the weights, faithful split
there are several (full or faithful) 7-splits of M in general. Note that every full split is faithful.

If we only consider faithful merges and splits, then it is easy to see that merging and splitting
can be reversed in the following sense, which is visualized in Figure 5.3:

« Let M be a wta, m an M -splitter, M, a faithful 7-split of M, and M5 a faithful
m-merge of M. Then crisp(M ) = crisp(M ).

+ Let M, be a wta, m an M |-merger, and M, a faithful m-merge of M ;. Then there is a
faithful 7-split M 4 of M, such that crisp(M ) = crisp(M ).

Example 5.1.3. Let ¥ = {¢(?), (1) (9} be a ranked alphabet, let Q = {q,,q} and Q" =
{q,,4°, ¢} be sets of states, and let m: Q" — @ such that

m(g) =q, 7(°)=¢ and (') =q
Let M, = (Q, X, I;, A,) be a P-wta where I, and A, are given by:

1/3 2/3 1 1/2
s —q g — 0(q,q) q—(q) qg—a.
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Let M, = (Q', X, I,, A,) be a P-wta where I, and A, are given by:

1/3 0.1

4 g, — 0(q°,¢°) ¢° = v(¢q°)
By 4, = o(¢,q") ¢ 25 4(g") @B a
3 q* q, 93 o(q", ¢°) PR +(¢%) g vz
6 % olg',q") g 23 (g
Let M5 = (Q', X, I3, A3) be a P-wta where I; and A are given by:
B g g, — a(q°,q%) q° LR (¢°)
ﬁ q° qs R a(q®, qb) q° 1_/4> v(gY) q° 3_/4> o
¢! g, — (g, q") g 78 () PRI N
(Igiﬂf((l .q") qlgA(ql)

We observe the following:

« M, is a faithful m-merge of M,

« M, is a faithful m-merge of M5,

+ M is a faithful m-split of M, but not a full 7-split, and

« M, is a full m-split of M ; and therefore also a faithful 7-split.

The split and merge of the o-transitions is also depicted in Figure 5.2. Some of the properties
above are violated in the following examples.

. If, e.g., I5(q°) was 0 or Az(g, — 0(q° ¢°)) was 0 while assuming the other weights
were left unchanged, then M| would not be a faithful merge of M 5 and M 5 would not
be a faithful split of M ;.

« If any of the weights of M, given above were 0, then M, would not be a full 7-split of
M.

« If, e.g., A3(g, — «) was non-zero, then M 5 would not be a 7-split of M ; nevertheless
M would still be a m-merge of M 5, but not a faithful one.

. If, e.g., A (¢, — ) was non-zero, then M| would not be a m-merge of M 5; nevertheless
M 5 would still be a 7-split of M, but not a faithful one. o

5.1.1. Splitting Weights and Probabilities

Let M = (Q, X, I,A)and M’ = (Q’, X, I', A”) be R-wtas,and let m: Q)" — @ be a surjective
mapping. We say M’ is a proper m-split of M if M” is a 7-split of M,
VgeQ: I(g)= Y  TI'(¢), and
q’esplit_(g)

V1 € dom(A): V¢’ € split_(lhs(7)): A(r) = Z A (")
7"€sp1it7r (7):
lhs(7")=q’

It is easy to see that a proper 7w-split is also a faithful m-split. A proper split preserves the
weights of trees and runs as we present in the following two results.
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Lemma 5.1.4. Let M and M’ be R-wtas, and let w be an M -splitter. If M’ is a proper -split
of M, then for every (t,r) € runy and q" € split_(r(c)) the following holds:

[MEr) = > [,
r’esplit_(r):
' (e)=¢

Theorem 5.1.5. Let M and M’ be R-wtas with the terminal alphabet X, and let ™ be an
M -splitter. If M is a proper w-split of M, then [M](t) = [M'](t) for every t € Ty..

We now concentrate on the probability semiring P. Let M = (Q,X,I,A) and M’ =
(Q', X, I, A”) be P-wtas, and let 7: Q" — @ be a surjective mapping. Let € € [0, 1]. We say
M’ is an e-proper w-split of M if M is a proper w-split of M, and if ¢ > 0, then®

« VgeQ:Vq €split (¢):e-z<1'(¢") <% wherex = ‘spllifiqzqﬂ’ and
« V1 =qy = o(qy, 5 q) € dom(A): Vi’ € split (r): ez < A'(r") < £ where

€
A . . .
v =20 and c = [split_(r)/Isplit_(a0)] = T, __,,lsplit (a))].

The definition of e-proper 7-split implies that

« there is exactly one 1-proper 7-split of M,

+ the terms O-proper 7-split and proper m-split are equivalent, and

. forevery g,e’ € [0,1] with e < &’ every &’-proper m-split is an e-proper 7-split.
Also note that for every € > 0 every e-proper 7-split is a full 7-split.

Intuitively, if M is a 1-proper m-split of M, then the weight of a transition 7 € dom(A) is
evenly distributed over transitions in split_(7) C dom(A’) with the same left-hand side; the
same holds analogously for the root weights. If M is an e-proper 7-split of M with ¢ € [0, 1],
then ¢ determines how much M’ may deviate from the 1-proper 7-split of M ; a lower ¢ allows
a larger deviation.

Example 5.1.3 (continuing from p. 67). We observe the following:
+ M, is an e-proper 7-split of M| for every ¢ < 0.4.
+ M, is not an e-proper m-split of M ; for every ¢ > 0.4.
+ M is not a proper m-split of M ;. o

5.1.2. Merging Probabilities

We continue concentrating on the probability semiring P. Let M’ = (Q', X, I’, A”) be a
P-wta, () a set, and 7: Q" — @ be an M’ -merger. We define a m-distributor to be a mapping
A: Q" — [0,1] such that for every ¢ € @ we have Zq,ESpht @ A(¢') = 1, ie., the values

assigned by A to states which are merged to the same state sum up to 1. Let A be a 7-distributor.

3 | Here € does not denote the empty string. It will always be clear from the context which kind of € is meant.
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The 7-merge of M’ with respect to A is defined by merge;\r(]l/[’) = M where M = (Q, X, I, A)
is the m-merge of M such that

VgeQ: I(q) = Z I'(q"), and
q’Esplitﬂ(q)
V71 € dom(A): A(r) = Z Aq’) - A(T').
q’GSplitﬂ_(th(T)) T’Esplitﬁ(’r):
lhs(7")=q’

The constraints for A\ ensure that the property of being semi-probabilistic is preserved while
merging:

Lemma 5.1.6. Let M’ be a P-wta, let m be an M’ -merger, and let \ be a w-distributor. If M’
is semi-probabilistic, then also merge;‘ (M) is semi-probabilistic.

Note that there are (semi-probabilistic) m-merges M of M’ such that there is no 7-distributor
A with M = merge:‘r (M"). Nevertheless, the variety of 7-distributors gives us enough flexi-
bility for our later tasks.

Let M be a wta, m an M -splitter, and M’ a proper 7-split of M. By the definitions of
proper splits and merging w.r.t. a w-distributor, it is easy to see that mergef; (M") = M for any
m-distributor A.

The following theorem allows us to compose/decompose mergers and distributors from/into
several mergers and distributors.

Theorem 5.1.7. Let M| = (Q,, X, I, A,) be a P-wta, m, an M |-merger, A\, a 7, -distributor;
let My = merge:‘rl (M), Ty a My-merger, and Ny a wy-distributor. Let m = 74 o my, and con-
1

struct A such that A(q) = A\ (q) - A\y(7,(q)) forevery q € Q. Then merge;\r2 (mergeil (My)) =
merge2 (M ,) = merge (M ;).

Example 5.1.3 (continuing from p. 67). We observe the following:
« M, is a m-merge of M, with respect to A for every w-distributor A because M, is a
proper m-split of M ;.
« M, is a m-merge of M 5 with respect to A\ where

Ma) =1 AM¢") =5 and A= ¢ :

One might suspect that the weight of a single tree gets smaller by a merge because after

merging more trees may get a weight greater than zero and therefore the weight is distributed
over more trees. However, that is not true in general as the following example shows.

Example 5.1.8. Consider the probabilistic wta M = (Q, X, I, A) where Q = {¢°,¢'}, ¥ =
{7 al® BOY and I and A are given by

1 0.8 0.2
— ¢° q° — y(qh) " = a

0 0.2 0.8
— ¢ ) gt — 8.
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Consider the M-merger 7 with 7(¢°) = 7(¢') = ¢ and the 7-distributor \ with A\(¢°) =
A(q') = 0.5. Then the 7-merge of M with respect to A is M’ = (Q’, X, I’, A") where Q =
{q}, and I and A’ are given by

1 0.5 0.1 0.4
—q q— (q) q— « q— 0.

There are trees whose weights get smaller by the merge, e.g.:

2, [M](v(8)) = 0.64,
L [M](~(B)) =0.2.

[M1(5) =0, [M](v(v(v(~(a))))) = 0.00512,

[M7](5) = 04, [M T (v(v(v(7(@))))) = 0.00625.
Especially trees that already had a non-zero weight before the merge can have an even larger
weight after the merge; in this example this is true for the tree v(y(v(7v(«)))). D

5.2. The State Splitting and Merging Algorithm

In this section we present and investigate the state splitting and merging algorithm (Algo-
rithm 5.1), which is a formalization of the approach presented by Petrov, Barrett, Thibaux,
and Klein [Pet+06]. Starting with an initial probabilistic P-wta M, and a tree corpus c, the
algorithm iterates the two main parts: splitting the current automaton (cf. function sprLit) and
merging the current automaton (cf. function MERGE). In between, the current automaton is
trained on the corpus ¢ by the EM algorithm (cf. Section 4.4). This results in a sequence of
automata M, M,, etc. with increasing likelihood for the corpus c if certain assumptions are
met (cf. Theorem 5.2.2).

The splitting refines the automaton by splitting all the automaton’s states, so the EM algo-
rithm has more possibilities to approximate the corpus with the automaton and increase the
likelihood. Since we want the EM algorithm to improve the approximation, we cannot use
a 1-proper split because that would distribute the weight of every transition evenly over its
splits and the EM algorithm would then adhere to such even distributions. Therefore we ran-
domly choose an e-proper split where € € ]0, 1] is a parameter of the algorithm. Note that we
also forbid € = 0, i.e., we only allow full splits because otherwise splits would be allowed to
introduce zero-weights, which the EM algorithm cannot change (cf. Lemma 4.4.3).

Not every state split contributes the same amount to the increase of likelihood. Therefore
the function MERGE identifies split states that shall be merged, or, in other words, splits that

shall be undone. For this purpose, every state split is undone independently and the impact on

mer ?: /
the corpus’ likelihood is analyzed in line 13. The fraction W measures how much

undoing the currently considered split would harm the likelihood: If the fraction is below 1,
the likelihood gets worse. Of course, by undoing a split, we make the automaton coarser again
so in most of the cases this fraction will be below 1 and we harm the likelihood. On the
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other hand, we do not want the automaton to get too complex, which is a good motivation
for merging. Therefore we introduced the threshold 1 € [0, 1], which lets us configure the
maximally accepted loss in the likelihood to find a trade-off between the loss of likelihood and
the complexity of the automaton. If we exceed this threshold, i.e., the fraction is below p, then
we keep the currently considered split. For every merge, we have to determine a distributor A
(cf. lines 12 and 14). The distributor shall induce a merge such that the resulting wta is close to
the wta before merging; we will give two variants to determine reasonable distributors in the
following section.

Figure 5.4 visualizes the development of the likelihood of the corpus in an iteration of Al-
gorithm 5.1; you can ignore 7, 7, 7y, and id for now. Note that some of the relations in the
figure only hold under certain assumptions, which we will detail in Theorem 5.2.2. To prove
the relations, we need the following lemma.

Lemma 5.2.1. Let X' be a ranked alphabet, c a corpus over Ty,, and M, and M, probabilistic
P-wtas over X. If crisp(M5) is a sub-wta of crisp(M ) up to isomorphism, then

L(e [ [mle (M1)]) = L(c | [M]).

Proof. Since crisp(M ) is a sub-wta of crisp(M; ) (up to isomorphism), prob(M',) clearly con-
tains a wta )] that is equivalent to ) ,. Since mle chooses from prob(J{) to maximize the

likelihood of ¢, we have L(c | [mle, (M )]) > L(c | [M7]) = L(c | [M4]). q.ed.
We can now investigate the relations from Figure 5.4.

Theorem 5.2.2. Let ¢+ > 1. Consider the variable bindings in the i-th iteration of the main
loop (line 1) of Algorithm 5.1. Under the assumptions that

e EM(M,c) = mle (M) for every wta M, and

e crisp(M,;_;) is a sub-wta of crisp(M%) up to isomorphism,
we have that

e Le | [V ) 2 Le | U] € Lie | [M3]) > Lie | [M3]) < Lie | [M]),
e Lc | [M3]) > Le | [M.]), and

« Le | [M,]) < Lie | []).

Proof. First let us highlight some connections between the different wtas. For this purpose,
consider the following splitters and mergers, which are also visualized in Figure 5.4. Let 7 be
the splitter used in iteration ¢ in line 6 in Algorithm 5.1, i.e., M is a 7-split of M;,_;, and let
7, be the merger used in iteration ¢ in line 15, i.e., M5 is a 7, -merge of M. In Figure 5.4 we
indicated that the EM algorithm does not change the set of states by id. By Lemma 4.4.3, we
also have that M7, is a w-split of M,_;, M, is a m;-merge of M, and M7 is a 7, -merge of M.
Since the function MERGE only undoes splits induced by m, there is a 7, such that 7 = 75 o 7y,
hence, M5 and M ; are m,-splits of M,_;.

We now prove the relations from the theorem one after another following their numbering.
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Algorithm 5.1 The State Splitting and Merging Algorithm
Input: .« corpus c over Ty, where X is a ranked alphabet
« probabilistic P-wta M, = (Q, X, I, 4) such that L(c | [M]) >0
« pw€[0,1]ande € ]0,1]
Output: « sequence M, M,, ... of probabilistic P-wtas
such that L(c | [M;]) < L(c | [M,]) < ...
Note: This property only holds under certain assumptions; cf. Theorem 5.2.2.
1: fori«+ 1,2,...do
2: M7 = spLit(M,_q); MY, EM(M7,c)
3: MY < MERGE(MY); M; <— EM(M5, c)

4: function spLIT(M)

5 7 < M -splitter splitting every state ¢ in M into ¢! and ¢
6: return an e-proper m-split of M

7: function MERGE(M ")

8 7 < identity mapping

9 for all states ¢ s.t. ¢*, ¢? in M’ do

10: 7 < identity mapping

11 71(q') < qand 7(¢?) + ¢

12: A < a good 7-distributor

13: if M%w > pthen m(ql) < gand 7(¢?) + ¢
14: A < a good 7-distributor

15: return mergej‘r (M")

16: function EM(M, ¢)
17: return approximation of mle (M) calculated by the EM algorithm (Section 4.2)

{ T=TyoM ~ ==~ id----- , m W ————— id----- .

EM Vf SPLIT T: EM :( MERGE 1 | EM ‘

— M M M M M;
L(c | [M,4]) = Lc|[Mi]) < L(c | [M5]) é) L(c [ [M3]) < L(c | [M])

6

(<)

k L ) JJ

Figure 5.4.: Splitters/mergers and development of the likelihood in an iteration of Algo-
rithm 5.1. Note: The parenthesized relations only hold under certain assumptions;
cf. Theorem 5.2.2.
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(1) L(c | [M,_1]) = L(c | [M]]): This follows directly from Theorem 5.1.5 since, by
definition of spLIT, M is a proper split of M,_;.

(2) L(c | [M1]) < L(e | [M45]): This is a property of the EM algorithm, cf. Lemma 4.4.2.

(3) L(c | [M5]) = L(c | [M5]): Here we may use Lemma 5.2.1, where M and M, from
the lemma are instantiated with M| and M7, respectively, and by the first assumption
of the theorem we have M/, = mle_(M); we now detail why the lemma is applicable.

Y N Y
We have to show that crisp(M5) is a sub-wta of crisp(M) up to isomorphism. That
means there must be an injective mapping ¢: Q5 — Q) such that the application of
L to every state in crisp(M) yields a sub-wta of crisp(M]). We now show that this is
indeed the case for every ¢ where ¢(q) € split7r1 (q) for every q € Q5.

Let 7" € supp(Aj) and let «(7") be the result of applying ¢ to every state in 7. We show
that ¢(7") € supp(A]). Since M7} is a my-split of M,_;, there is a 7 € supp(4,_;)
such that 7" € split_ (7). Since € > 0 and M is e-proper m-split of M, ;, M7 is
also a full 7-split of M i—1- Therefore split_(7) C supp(A}) and since 7 = 7, o m; also
split7T1 (1") C supp(A7]). Since v(7") € splitTrl (1"), we have «(7") € supp(4]).

Analogously it can be shown that ¢(¢") € supp(l]) for every ¢’ € supp(l;). Hence,
crisp(M5) is a sub-wta of crisp(M]) up to isomorphism and Lemma 5.2.1 is indeed
applicable.

(4) L(c | [M5]) < L(c| [M;]): This is analogous to (2).

(5) L(c | [M5]) > L(c | [M,]): Again we may use Lemma 5.2.1, where M, and M, from
the lemma are instantiated by M and M, respectively. The proof that the lemma is
applicable is analogous to the proof'in (3) because by Lemma 4.4.3 we have that crisp(M;)
is a sub-wta of crisp(M35).

6) L(c | [M,;_1]) < L(c | [M;]): For this relation we finally need the second assumption
from the theorem. Then we can directly apply Lemma 5.2.1, where M and M, from
the lemma are instantiated by M5 and M,_,, respectively. By the first assumption from
the theorem, we then have that M; = mle (M%), which, together with Lemma 5.2.1,
proves the relation. q-ed.

Let us now discuss the assumptions in Theorem 5.2.2 from a practical point of view. The first
assumption arises from the fact that the EM algorithm only converges to local maxima (or gets
stuck at other critical points) and that there is no general way to find the maximum likelihood
estimate. We just hope that a result of the EM algorithm is “good enough”.

The second assumption is needed because the run of the EM algorithm that returns M7,
and the merge that returns M5 might introduce zero-weights such that crisp(M,_;) is not
a sub-wta of crisp(M7%) up to isomorphism although M7 is a m,-split of M,_;. Those zero-
weights cannot be changed by the application of the EM algorithm to M (cf. Lemma 4.4.3) so
without the assumption we could end up with L(c | [M,_1]) > L(c | [M;]) in pathological
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cases. However, practically these new zero-weights can be replaced by small non-zero weights
before executing the EM algorithm.

Let us discuss some further practical issues. In practice we need an initial wta as input for the
algorithm. Petrov, Barrett, Thibaux, and Klein [Pet+06] use the read-off wta (Definition 4.3.1)
for that purpose. One could also try to start with a wta that has only one state.* It is important
to start with a wta that does not already lead to overfitting when the EM algorithm is applied
because the state splitting allows to improve the fitting (i.e., the likelihood) even more.

To additionally counter overfitting, Petrov, Barrett, Thibaux, and Klein [Pet+06] added an-
other step to the loop of the algorithm, where the weights of the current wta are slightly re-
distributed. This technique is called smoothing. We omitted smoothing from our formalization
since its effects would be undone in the next application of the EM algorithm anyway because
we assumed the EM algorithm finds the maximum likelihood estimate (cf. Theorem 5.2.2).

Algorithm 5.1 produces an infinite sequence of wtas. However, in practice the algorithm
needs to stop at some point. Hold-out validation can be used to find a suitable point for stopping
(cf. Chapter 4, page 51).

The reader might have noticed that when we split or merge a wta M into M, we cautiously
try to assign weights to M’ such that M is as close to M as possible. Formally, there is
no reason for that because after every split and merge we execute the EM algorithm, and we
assumed that the EM algorithm returns the maximum likelihood estimate (cf. Theorem 5.2.2).
However, in practice the EM algorithm only converges to critical points, and the wta that
is initially passed to the EM algorithm greatly influences to which point the EM algorithm
converges. Therefore we try to transfer our earlier training achievements from M to M” as
well as possible to give the EM algorithm a good starting point.

Example 5.2.3. Let ¥ = {a(?), 41} be a ranked alphabet and ¢: Ty, — R~ a corpus where

c(y(@) =1,  cly(v(r(a))) =1,
and every other tree in Ty, is mapped to 0. We create the read-off wta of ¢ (Definition 4.3.1) and
we get M, = (Q, X, I, A) with Q = {q,, qv} and the following non-zero root and transition
weights:
1 0.5 0.5 1
—q, ay, — v(q,) ¢y — ¥(qa) Qo —> Q.
With this wta, the likelihood of our corpus is L(c | [M]) = 0.5* = 0.0625.

We now input c and M into the state splitting and merging algorithm (Algorithm 5.1). First
the algorithm calls spLIT, which splits each state of M, into two new states, i.e., it uses the
M y-splitter m where 7(¢9) = 7(¢}) = ¢, and 7(¢,) = 7(q}) = ¢, The 1-proper m-split of
M then has the following non-zero weights:

0.5 0.25 0.25 1
— 49 ¢ —= () ¢ == (q%) o — @
0.5 0.25 0.25 1
—q @ == v(dh) @ = v(q) o — @
0.25 0.25
@b == 7(d9) @b == (d%)
0.25 0.25
@ == () @ = (qh) -

4 | This is different from using only a single latent annotation when using wcfg-las instead of wtas.
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Using the 1-proper 7-split as a starting point for the EM algorithm is not useful because the
EM algorithm would preserve the symmetries in the weights, which of course limits the possi-
bilities to obtain a high likelihood. Therefore Algorithm 5.1 uses another e-proper m-split M}
with an € < 1 that does not have such symmetries. Recall that ¢ just controls how much an
e-proper m-split may deviate from the 1-proper 7-split, therefore we skip giving an example
for M. Then M is passed to the EM algorithm, which might find the wta M, with the fol-
lowing weights:

1 0 0.3 1
— ¢ 7% — (%) @5 = v(qd) 4o — «
0 0.3 0.3 1
— g a5 — (q;) @ — 7(aa) Qo — @
1 0
@b — 7(d9) @& — (%)
L0 L0
- — 7(4qy) &y — V(4,) -

For each tree in the corpus, there are exactly two non-zero weighted runs of M, which only
differ in the state at the position of the a-leaf. The likelihood of ¢ given M7 is therefore

Lic| [M5]) =(2-1)-(2- 1) = L ~0.15.

Next, the algorithm calls MERGE, which undoes the split of each state of M, independently
and analyzes the change in the likelihood. Let us start with merging the states qg and q}Y back
to ¢, i.e., we use the My-merger m with 7(¢9) = 7(¢}) = ¢, 7(¢}) = ¢%. and 7(q},) = ¢

We use the 7-distributor A where A(¢)) = 3 and Mgh) = 1. So merge:‘r(]V[ 5) yields

1 0.5 025 . o 1
—q, ¢, — (q,) ¢, — v(qa) qo — @
025 , 4 11
¢y — 7(qa) qo — .

Let us call this wta M. This merge reduces the likelihood significantly; to be precise we end
up where we started: L(c | [M,]) = L(c | [M,]) = 0.0625. The algorithm would reject this

merge for every pu > % = % ~ 0.42.

Let us now merge g9, and g, back to g,,, i.e., we use the Mj-merger m with w(¢9) = ¢9,
7(¢}) = ¢}, and 7(q)) = 7(q}) = q,- We use the 7-distributor A where A(¢3) = A(g},) = 0.5.
So merge;\r (M) yields

=0 ¢© 5 7(¢?) & *% (ga) Go —
gt 49 o v(qd)

) ¢}~ v(da)

¢t 5 y(dh).

Let us call this wta M . This merge does not change the likelihood at all, i.e., we have L(c |

[2,]) =L(c | [M}]) = 5 ~ 0.15. Hence, % = 1, which means the algorithm would
perform this merge for every p € [0, 1].

If v is chosen such that the algorithm just performs the second merge, then MERGE returns the
wta M5 = M. This wta is then passed to the EM algorithm, which cannot further improve

the likelihood. Hence, the first iteration of the algorithm yields M, = M5 = M o

= ar
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5.2.1. Finding a Good 7-Distributor

As we have seen, our definition of merge has the parameter A\, which gives us some flexibil-
ity on how to merge the weights of transitions while preserving being semi-probabilistic (cf.
Lemma 5.1.6). In this section we try to find reasonable values for A. For this purpose we will
use the results of Corazza and Satta [CS07] that we introduced in Section 4.6

Let M’ be a probabilistic P-wta and 7 an M’-merger. We want to find a m-merge M of
M’ by choosing a good m-distributor \ for mergei (M’). Note that the state set of M is
independent of A\. Hence, also the set of runs of M is independent of A; therefore we can
assume that run,, is fixed without having a fixed A, yet.

In order to use the estimation of Corazza and Satta [CS07], we have to define a probability
distribution over trees with runs of M using M’. For this purpose we define [M ]! : run,, —
P where

V(t,r) € runye: (M) = > [MTHE ) (5.1)

r’esplit_(r)

If we consider the marginal distributions over trees, then [M’]. and [M’]! assign the same
weight to trees:

VtETy: [MTL(H) = > > ) = [T,

reruny,(t) r’esplit (r)

Minimizing Cross-Entropy Between the Original and the Merged WTA

Now, following Corazza and Satta [CS07], we can estimate the weights of the merged automa-
ton M such that the cross-entropy between the probability distributions over trees with runs
of M determined by M’ (cf. Equation (5.1)) and M is minimized:

Theorem 5.2.4. Let M’ = (Q', X, 1", A") be a probabilistic P-wta and m an M'-merger. Let
M be the probabilistic T-merge of M’ that minimizes the cross-entropy w.r.t. runs of M, ie.,
M= agmin  Hy, ([0 [M]).
wta M such that: "

M is a w-merge of M,
M is probabilistic

Then M = mergei(])/[’) where X is the m-distributor such that

Epep(A(E,r)-flg" [£,7)

Vq/ € Q/: >\<q/> = - — pod
Z ”esplit_(merge_( E[[M/]]I()\( >f(q ’ t,r ))

This approach is not new; Petrov and Klein [PK07a] used the same idea to estimate prob-
ability assignments for a hierarchy of context-free grammars with latent annotations. Their
grammar hierarchy was produced by state-splitting [Pet+06].
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Considering a Corpus While Merging

Let us recall our actual goal of state-splitting: Given a corpus over trees, we want to find an
automaton that approximates the corpus. To evaluate the approximation, we use the likeli-
hood, where a larger likelihood indicates a better approximation. Equivalently we can use the
cross-entropy to evaluate the approximation (see Lemma 4.6.1), where a smaller cross-entropy
indicates a better approximation. Actually, in the previous paragraph, we indeed minimized a
cross-entropy, but this cross-entropy did not consider a corpus. We may have considered the
corpus indirectly because, in our state-splitting algorithm, a grammar is trained on a corpus
before it is merged, but the merging itself, as it was presented, is agnostic to the corpus.

Now we want to merge in a way that is aware of a corpus. So, again, we want to find a
m-distributor to merge M. For this purpose, let ¢ be a corpus over Ty, where X is the alphabet
of terminal symbols of M’. Let us assume that M is the result of an EM training on c. After
the merge, we can train the resulting automaton on c again using the EM algorithm. The
weights after the merge will be the starting point for the latter run of the EM algorithm. As we
have detailed earlier, we want to choose a starting point that is similar to M’. Now, the idea
is to use the unmerged automaton M directly as a starting point for the latter run of the EM
algorithm: We can use M’ to estimate the expected frequencies of transitions, and use these
to execute an EM step.

Theorem 5.2.5 (EM distributor). Let M’ = (Q’, X, 1, A”) be a probabilistic P-wta and © an
M’ -merger. Let c be a corpus over Ty,, and let p, be the empirical distribution of c. Let M be
a m-merge of M’.

If M’ is an EM fixpoint w.r.t. ¢, then EMStepEM/HI’r (M) = mergei‘r(M’) where \ is the
m-distributor such that

Ep, (M- Epaergipn (M- flg” | &)
By (ALEpagrig (A £(g” [ £,77)))

Vg € Q' Mq') = 5

q”esplit_(merge (q’)
We call the distributor presented above the EM m-distributor. For our merging, we can actually
assume that the automaton to merge is an EM fixpoint because it is the result of an execution of

the EM algorithm. In the next section, we will see that this 7-distributor is used in the Berkeley
Parser [Pet+06].

5.2.2. Notes About the Berkeley Parser

In this section we give some implementation details of the state splitting and merging algorithm
in the Berkeley Parser [Pet+06] and relate them to our formalization in the previous sections.
We base our analysis on the version published on GitHub by Slav Petrov.’ The Berkeley Parser
is implemented in Java; we will reference relevant classes, functions, and code lines in the
footnotes. We only describe the default behavior of the implementation. There are several

5 | cf. https://github.com/slavpetrov/berkeleyparser. We consider the tag release-1.0, which references commit
0365f7adb3ef9f4fa8107e95bafdb3966324f3be. The commit is actually empty and not an ancestor of mas-
ter, but its parent d2159589ece5£33440£38c6c81797£747b6abe06 is an ancestor of master. For consistent
indentation, view the source code with tabulator width 2.
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command line flags to change that behavior, but for simplicity we will ignore them in our
description.

The implementation uses weighted context-free grammars with latent annotations (wcfg-las,
cf. Section 3.2) instead of wtas; recall that both are practically equally powerful (cf. Section 3.4).
In the source code, the non-terminals of a wcfg-la are called states and the latent annotations
correspond to substates. In contrast to wcfg-las, every state may have a different number of
substates. The states and substates are represented as ints so that they can be directly used
for array indexing.

As a corpus, the Berkeley Parser expects a finite sequence of trees. By counting the oc-
currences of trees, such a sequence can be easily converted to a corpus that is expected by
Algorithm 5.1. As the initial grammar, the Berkeley Parser uses the wcfg-la equivalent of the
read-off wta of the corpus (Definition 4.3.1).

The implementation iterates spLiT, EM, MERGE, and EM similarly to Algorithm 5.1. Addition-
ally the iteration is augmented by a smoothing step and another call to EM. Smoothing slightly
redistributes the current weights to counter overfitting. For details about the smoothing, we
refer to the original publication [Pet+06, Section 2.4].

The implementation of splitting is straight forward. Every substate is split into two new
substates and the weights resemble a 1-proper split tweaked by pseudo random numbers to
give the EM algorithm a suitable start.

The merging is much more involved and comprises several steps:®

« calculation of inside and outside weights,

« calculation of the entries of an array called mergeweights,

« approximation of the change in likelihood caused by the different merge options,

« determination of the states that should be merged, and finally

« application of the merge.
We now link those steps to our notions in the previous sections. For that purpose we assume
that M’ is the wta corresponding to the grammar just before merging. For a state s and a
substate i of s, we denote the corresponding wta state by s,.

The inside and outside weights are the basis for the further calculations; they are restricted
to trees and contexts occurring in the corpus. In the source code, they are called inside and
outside scores.” Note that both scores might be scaled by some constants,® presumably to
prevent floating point underflow. The scores are attached to the nodes of the considered tree:
Let ¢ be a tree and [ the node of the tree at some position p. Then, after calculating the scores,’
we have

calcScaleFactor(l.getIScale()) - l.getIScore(i) = insidey (s; | t[,) and

calcScaleFactor(l.getoscale()) - l.getOScore(i) = outside, (s, | t|?)

where s is the state at [ and i is a substate of 5.1 Note that for a fixed state the scaling of the

6| edu.berkeley.nlp.PCFGLA.GrammarTrainer.main lines 404-408.
7 | edu.berkeley.nlp.syntax.StateSet.getIScore and ... getOScore.
8| edu.berkeley.nlp.syntax.StateSet.getIScaleand...getOScale,alsocf....scaleIScores and...sca-
leOScores, and cf. edu.berkeley.nlp.util.ScalingTools.
9| edu.berkeley.nlp.PCFGLA.ArrayParser.doInsideOutsideScores.
10 | edu.berkeley.nlp.util.ScalingTools.calcScaleFactor lines 21-44.
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inside scores is the same for all its substates. This holds analogously for the outside scores.

With the help of the inside and outside scores, the variable mergeweights'! is calculated.
It is a nested array of doubles ranging over states and substates. For every state s and every
substate i of s, we have

Z l.getIscore(i) - l.getOScore(7) (5.2)

Weight | =
mergeeights|s][i zt: Zj l.getIscore(j) - l.getoScore())

let:
l.getstate()=s
where ¢ runs over all trees in trainStateSetTrees, i.e. the training corpus, [ runs over nodes
of ¢, and j runs over all substates of state s.

Note that the mergeweights as presented above are normalized'? after their cal-
culation such that Vs: 3 mergeweights[s][i] = 1. However, this normalization
cancels out in our considerations anyway, therefore we do not mention it anymore.

The denominator in Equation (5.2) equals the weight of the tree ¢ in the current grammar, but
scaled according to the scaling of the inside and outside scores. However, the numerator has
the same scaling, hence, the scaling cancels out.”® All in all, these array entries resemble the
expected values in the numerator of the EM distributor (Theorem 5.2.5):

mergeWeights[s] [’L] = Epc ()\t E[[M/]](\t) ()\T,. f(Sl | t, T,>)>-

Next the mergeweights are used to approximate the change in likelihood for the different
merge options. In contrast to Algorithm 5.1, the ratio of likelihoods before and after the merge
(cf. line 13) is only approximated [Pet+06, cf. A \notaTion O1 P- 436].M* For a state s and sub-
states ¢ and j of s, the approximation of the likelihood change for merging ¢ and j is calculated
as follows:

deltas[s][i][j]=)_ >  log

l.getéf;tzeo:s (Zk ke (i) l.get1score(k) - l.getOScore(k))
+ (py - l.getIscore(i) + p, - l.get1Score()))
- (l.getoscore(i) + l.getoscore(j))

>, l.getiscore(k) - l.getoscore(k)

(5.3)
where

mergeWeights|[s][i] d
an

P1= mergeWeights[s][i] + mergeweights]s|[j]

11| edu.berkeley.nlp.PCFGLA.GrammarTrainer.main line 404,
edu.berkeley.nlp.PCFGLA.GrammarMerger.computeMergeWeights lines 406-430, and
edu.berkeley.nlp.PCFGLA.Grammar.tallyMergeWeights lines 2172-2193.

12 | edu.berkeley.nlp.PCFGLA.GrammarMerger.computeMergeWeights line 427 and
edu.berkeley.nlp.PCFGLA.Grammar.normalizeMergewWeights lines 2199-2211.

13| edu.berkeley.nlp.PCFGLA.Grammar.tallyMergeWeights line 2188.

14| edu.berkeley.nlp.PCFGLA.GrammarTrainer.main line 405,
edu.berkeley.nlp.PCFGLA.GrammarMerger.computeDeltas lines 386-398, and
edu.berkeley.nlp.PCFGLA.Grammar.tallyMergeScores lines 2224-2278.
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mergeWeights|[s][j]

- mergeWeights|[s|[i] + mergeweights]s|[j]

The variables p; and p, correspond to the identically named variables in the paper, where they

were not defined formally [Pet+06, p. 436]. Note that p; and p, equal A(s;) and A(s;) for the EM
m-distributor A for a merger 7 that merges s, and s;. In Equation (5.3), again, any scaling of the
inside and outside scores cancels out.!® Ignoring the scaling, the numerator is the probability of
t in the current grammar. The denominator intuitively is the probability of ¢ where the merge
of ¢ and j is only applied at node /. Note that the values in deltas are logarithmized and the
ratio is reciprocal in contrast to line 13 in Algorithm 5.1 and A \xnoTaTioN IDt the paper [Pet+06,
p- 436].

Then the deltas are used to determine the states that shall be merged. Only state pairs that
originated from the same state while splitting are considered for merging. Instead of fixing a
threshold y as in Algorithm 5.1, the Berkeley Parser adapts this threshold for every merge.'®
The threshold is chosen such that a given percentage (default: 50%) of state splits is undone.
The states to be merged are then selected according to the dynamically determined p.

When finally performing the merge, the Berkeley Parser again uses the EM distributor.'’
Analogously to p; and p, above the distributor for the merge is calculated with the help of the
mergeWeights. It is calculated inline and not assigned to a dedicated variable;'® yet the EM
distributor can be recognized.

5.3. Conclusion and Further Research

In this chapter we formalized the state splitting and merging algorithm of Petrov, Barrett,
Thibaux, and Klein [Pet+06]. For this purpose we started with the investigation of splitting
and merging for wtas (Section 5.1). This laid the groundwork for the definition of the state
splitting and merging algorithm (Algorithm 5.1). We showed that the likelihood of the cor-
pus increases or stays the same with every iteration of the algorithm (Theorem 5.2.2). We also
presented two ways for the algorithm to deal with the weights while merging (Theorems 5.2.4
and 5.2.5). Finally we connected our theoretical view on the algorithm to the practical imple-
mentation in the Berkeley Parser [Pet+06] (Section 5.2.2).

In the introduction (Chapter 1) we recalled that many grammar formalisms can be repre-
sented by combining a regular tree grammar (or finite-state tree automaton) with a homo-
morphism. Hence, the state splitting and merging approach can also be transferred to other
grammar formalisms. This was already done for tree substitution grammars [FVP12; Shi+12]
and tree-adjoining grammars on the basis of hypergraphs [0S12]. Currently, state splitting and
merging for hybrid grammars is investigated in order to develop parsers for non-projective

15| edu.berkeley.nlp.PCFGLA.Grammar.tallyMergeScores line 2236 talking about line 2263:
“don't need to deal with scale factor because we divide below”.

16 | edu.berkeley.nlp.PCFGLA.GrammarTrainer.main line 406 and
edu.berkeley.nlp.PCFGLA.GrammarMerger.determineMergePairs lines 436-533.

17 | edu.berkeley.nlp.PCFGLA.GrammarTrainer.main line 408,
edu.berkeley.nlp.PCFGLA.GrammarMerger.doTheMerges lines 311-377, and
edu.berkeley.nlp.PCFGLA.Grammar.mergeStates lines 2287-2444.

18 | edu.berkeley.nlp.PCFGLA.Grammar.mergeStates lines 2351-2353 and lines 2411-2413.
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dependency structures [cf. GNV17]. It might be valuable to transfer the state splitting and
merging approach to even more formalisms. We hope that the formalization presented in this

work will help in this process.
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6. Count-Based State Merging

This chapter is a substantially extended version of the following paper:
Toni Dietze and Mark-Jan Nederhof.
“Count-based State Merging for Probabilistic Regular Tree Grammars” [DN15]

In the previous chapter, we introduced the state splitting and merging algorithm (Algo-
rithm 5.1, page 73), which, given a corpus and a P-wta with only a few states, produces a
sequence of P-wtas with an increasing number of states. Each of these wtas is trained on the
corpus using the EM algorithm. In other words, the EM algorithm is applied to models with
increasing model complexity, resulting in a sequence of wtas that induce an increasing likeli-
hood of the corpus.

In this chapter we present the count-based state merging algorithm (cbsm), which takes the
inverse direction: The algorithm starts with a model with a high model complexity and the
model complexity is reduced step by step. Each model consists of probability distributions
induced by wtas in prob(M) for a B-wta M. We demand that M is bottom-up deterministic,
which implies that for each tree there is at most one non-zero weighted run of M on the tree.
This property makes the maximum likelihood estimation mle (1) for a tree corpus ¢ very easy
(cf. Theorem 6.1.4), which saves us from using the computationally expensive EM algorithm.

The algorithm is sketched in Figure 6.1. Its only input is a tree corpus c. It produces a finite
sequence M7, ..., M" of probabilistic P-wtas such that L(c | MY ;) > L(c | MY) for every
i € [m]. Internally also a sequence Mg, ..., M5 of B-wtas is produced. The initial B-wta M
is the canonical B-wta of ¢, which is a B-wta that accepts exactly the trees from the corpus.
Starting with the counter ¢ = 0, the following steps are iterated:

1. The maximum likelihood estimate M = mle_ (M ?) is calculated.

2. Based on the corpus, an MP-merger 7 is chosen by BESTMERGER such that
« 7 is non-trivial, i.e., there are two states ¢; # ¢, such that 7(q;) = 7(qy),
o m(MB) is bottom-up deterministic, and
« the likelihood of ¢ under mle, (7 (ME)) is preferably large,

where (M%) denotes the! faithful 7-merge of M.
3. The wta M? ;| is set to the' faithful m-merge of M?. The counter i is incremented.

The iteration continues as long as there are non-trivial M ¥-mergers, i.e., M? has more than
one state.

For the first P-wta, we have that []] is the empirical distribution of c. There is no prob-
ability distribution that induces a higher likelihood of ¢ (cf. Theorem 4.2.1), so the algorithm

1| For a B-wta M and an M -merger m, there is exactly one faithful 7-merge of M.
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=0 M | mle ME

apply merge @ BESTMERGER

Figure 6.1.: Basic idea of the count-based state merging algorithm (cbsm, Algorithm 6.1,
page 94). The wta M § is the canonical B-wta of the corpus.

starts with “maximal overfitting”. The algorithm then improves the generalization by merging
states step-by-step. At some point the calculated P-wta will start to underfit the corpus. This
turning point may be found by hold-out validation.

Since the considered wtas are bottom-up deterministic, it is easy to count how often a transi-
tion is needed to accept each tree in the corpus. These counts can be used to directly determine
the likelihood of the corpus under the maximum likelihood estimate, which is needed by BEsT-
MERGER to determine the next merger. The maximum likelihood estimate itself is not needed
for that purpose. This is why the algorithm is called count-based.

If a wta returned by cbsm is later used for parsing sentences, then bottom-up determinism is
also an advantage: Finding the most probable tree with the sentence at its leaves is easy with
bottom-up determinism because we do not have to sum up the weights of several runs to get
the weight of a tree since there is at most one non-zero weighted run.

This Chapter In Section 6.1 we introduce some additional preliminaries. In Section 6.2 we
investigate the effect of merging on the likelihood under the maximum likelihood estimate.
In Section 6.3 we formally introduce the count-based state merging algorithm (cbsm, Algo-
rithm 6.1, page 94). By making several assumptions, we derive cbsm from the idea to find
the probabilistic P-wta that induces the largest likelihood of the corpus, but only has at most a
given number of states. In Section 6.3.1 we show further adaptions to cbsm that might be bene-
ficial for practical implementations. In Section 6.4 we give a short overview about our practical
implementation of cbsm. This implementation is used in Section 6.5 to conduct experiments
with artificial wtas and tree languages. In Section 6.6 we conduct further experiments using
real world data from the Penn Treebank [MSM93]. In Section 6.7 we compare cbsm to the al-
gorithm for tree language inference from probabilistic samples (tlips, Algorithm 6.2, page 125)
of Carrasco, Oncina, and Calera-Rubio [COC01; COC98], which similarly takes a corpus as in-
put and outputs a bottom-up deterministic probabilistic P-wta that results from merging states
of the canonical wta. Despite the similarity at first glance, we will reveal major differences
between the two algorithms. Finally, we conclude the chapter in Section 6.8 and give some
further research ideas.

Acknowledgments The author thanks Mark-Jan Nederhof, the coauthor of the original pub-
lication [DN15], for the inspiring discussions about count-based state merging. He also thanks
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Sebastian Mielke, a former student, who was a great help for the execution and evaluation of
the experiments presented in Sections 6.5 and 6.6.

Related Work The tlips algorithm [COCO01; COC98] is a generalization of a similar approach
for learning deterministic stochastic finite (string) automata from text [CO94; CO99]. For
the tree case, Fernau [Fer02; Fer07] presents another approach, but only for function distin-
guishable regular tree languages. There is also a generalization of n-grams to trees including
smoothing techniques [RCC00; RCC02]. An approach similar to tlips, but for general (i.e., not
necessarily bottom-up deterministic) probabilistic tree automata, was presented by Denis and
Habrard [DHO07].

6.1. Preliminaries

We continue using the concept of merging introduced in Section 5.1. For a merger 7 we will
only write 7 instead of merge _ since we only deal with merging and do not consider splitting
in the current chapter. Let M be a B-wta and 7 be an M- -merger. Because of the Boolean
semiring, there is exactly one faithful m-merge of M, which we will denote by 7(M).

Let M = (Q,X,1,A) be a wta. We call M bottom-up deterministic if rhs(7;) = rhs(7,)
implies lhs(7;) = lhs(7,) for every 7,7, € supp(A). If M is bottom-up deterministic, then
it is easy to see that for every tree there is at most one non-zero weighted run of M on that
tree. This run can be easily determined by puzzling together non-zero weighted transitions,
starting at the leafs, working towards the root. When working bottom to top in this way, then
at every step there will be at most one fitting transition with a non-zero weight; hence the
name “bottom-up deterministic”.

For the Boolean semiring B, bottom-up determinism does not restrict the power of B-wtas:

Theorem 6.1.1 (Gécseg and Steinby [GS84, Chapter II, Theorem 2.6; GS15, Theorem 2.2.6]).
For every B-wta M there is a bottom-up deterministic B-wta M such that [M] = [M'].

Unfortunately, this does not hold for every semiring.

Theorem 6.1.2 (Borchardt and Vogler [BV03, Lemma 6.3]). There is a semiring X and an K-wta
M such that for every bottom-up deterministic R-wta M’ we have [M] # [M'].

In particular, Borchardt and Vogler [BV03, Lemma 6.3] use a [P-wta in their proof, but not a
probabilistic one.

We note that a (semi-)probabilistic and bottom-up deterministic P-wta can have weights
which are different from 0 and 1. This is because semi-probabilistic and bottom-up determinis-
tic are defined in opposite directions: The former concerns transitions with the same left-hand
side while the latter concerns transitions with the same right-hand side.

Example 6.1.3. We define the P-wta M = ({qo, ¢, }, {7V, (9}, I, A) where the non-zero
weights of I and A are given by

1 1

1
— qo a0 — Y(q1) a

15

N
~
w

v(qp)

l

qq
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We note that M is both semi-probabilistic and bottom-up deterministic. Nevertheless M has
weights different from 0 and 1.
Let t = y(y(7(«))). The only non-zero weighted run of M on ¢ is q,(q; (qy(q;)))- =

Let M = (Q, X, I, A) be a bottom-up deterministic wta. Note that for every ¢ € Ty, there
is at most one run r € run,,(t) such that [M](¢,r) # 0. Assuming there is such a run, we
denote this run by rf .

Let ¢ be a corpus over Ty, such that supp(c) C supp([M]). Note that for every t € supp(c)
there is exactly one non-zero weighted run r’,, of M ont. Based on M, we derive three corpora
from c:

i dom(A) = Ry, T Z c(t) - |{p € pos(t) | T = trans, (t,14,)}
tesupp(c)

et Q= Ry, g Y c(t)-[{pepost) | g=1h(p)}
tesupp(c)

e Q— R0, qr Z c(t).

tesupp(c):
q=rfy(€)

5

Note that for every ¢ € Q

c%,[(q): Z che(T), and (6.1)
Tedom(A):
g=lhs(T)
S@) =@+ Y laraly (). (6.2)
T€dom(A),

(a0—0(q1;5qx))=T
These corpora can be used to find the maximum likelihood estimate given a bottom-up deter-

ministic wta:

Theorem 6.1.4 (cf. Prescher [Pre04, Theorem 10]). Let M = (Q, X, 1, A) be a bottom-up
deterministic wta and c a corpus over Ty, such that supp(c) C supp([M]). Then mle.(M) =
(Q, X, 1, A) where

I w01 N e
Ita) = Alr) c%,[ lhs(7))

forevery q € Q and T € dom(A).

Let X' be a ranked alphabet and C' C Ty, a finite, non-empty set. The canonical B-wta of C
is defined as M = (Q, X, I, A) where

Q=subs(C), I=C. and A= {t]. = (t()(ths e tlaey) | £ € Q).

Note that every canonical wta is bottom-up deterministic and that r’ (p) = ¢| p for every
t € Qand p € pos(t). Also note that supp([M]) = C. Let c be a corpus over Ty, and
Mg = (Q, X, I, Ap) the canonical B-wta of supp(c). The canonical P-wta of c is defined as
mle, (M ). Note that for the canonical P-wta M = (Q, X, I, Ap) of ¢ we have
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e Ip(t) = C‘(ct‘) for every t € @, and

« Ap(71) = 1forevery 7 € Ag and Ap(7) = 0 otherwise.

Hence, [Mp](t) = Ip(t) for every t € @ and [M ] is the empirical distribution of c.

Let M = (Q, X, I, A) beawtaand C C Ty. Intuitively, the restriction of M to C'is the wta
resulting from M by setting each weight to O that is not needed in any non-zero weighted run
on any tree from C. Formally it is defined by restrict(M) = (Q’, X, I, A") where letting
runs = {(t,r) € run,, | t € C, [M](t,r) # 0} we have

« Q' ={qeQ]|3(t,r) € runs: Ip € pos(r): r(p) = q}

, I(q) if there are (¢,7) € runs such that 7(¢) = ¢, and
- I'(q) = ,
0 otherwise, and

A'(r) A(r) if there are (t,7) € runs and p € pos(t) such that trans ,(¢,7) = 7,
L] T) =
0 otherwise.

We call M C-restricted if M = restrict(M). For every t € Ty, note that ¢ € C implies
[restricto(M)](t) = [M](t), but t ¢ C does not generally imply [restrict(M)](t) = 0.

Corollary 6.1.5. Let X be a ranked alphabet, c a corpus over Ty,, and M be a bottom-up deter-
ministic wta with terminal alphabet .. Then we have

[restrict mle, (M))] = [mle.(M)].

supp(c) (

Proof. By Theorem 6.1.4 it is obvious that the restriction of mle, (M) to supp(c) only removes
states that have root weight 0 and that only occur in transitions with weight 0 while leaving
all other weights unchanged. Therefore the corollary follows immediately. q-ed.

Theorem 6.1.6. Let X' be a ranked alphabet, C C Ty, a finite, non-empty set, and M . the
canonical B-wta of C. Then for every C-restricted, bottom-up deterministic B-wta M with the
terminal alphabet X such that C' C [M] there is an M -merger 7 such that

M =7(Me).

6.2. The Likelihood of the Maximum Likelihood Estimate and
Its Behavior While Merging

As indicated in the introduction, merging of bottom-up deterministic wtas plays an important
role in this chapter. In this section we investigate the effect of merging on the likelihood of a
corpus under the maximum likelihood estimate; that means, given a corpus ¢, a B-wta M, and
an M -merger m, we compare L(c | [mle,(M)]) and L(c | [mle,(7w(M))]). We consider this

2 | Note that Q" might be empty. However, the definition of wtas is restricted to non-empty sets of states for
technical reasons. Since these reasons do not apply in the current context, we drop this restriction for now.
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comparison while demanding that M is bottom-up deterministic (Theorem 6.2.1), and while
demanding that both M and 7(M) are bottom-up deterministic (Conjecture 6.2.2). We will
also show how L(c | [mle.(M)]) can be easily determined if M is bottom-up deterministic
(Lemma 6.2.3).

Intuitively, one might expect that merging cannot improve the likelihood because reducing
the number of states seems to reduce the possibilities to fit a corpus. It turns out that this
intuition is wrong:

Theorem 6.2.1. There is a bottom-up deterministic B-wta M, an M -merger 7, and a corpus c
such that supp(c) C [M] and

L(c [ [mle (M)]) < L(c | [mle,(m(M))]).
Note that 7 (M) is not necessarily bottom-up deterministic.

Proof. The wtas in this proof originated from a discussion with Markus Teichmann [Tei17].
Let X = {a(®, 80 41} be a ranked alphabet and let ¢ be a corpus over Ty, such that

c(y(v(a))) =1 and  c(v(v(B))) =1.

Let My = (Q, 2,1, A;) be the P-wta with @); = {q, ¢3, 95} and the following non-zero
root and transition weights:

1/2 1/2 1/3
— q g —« q3 —
1/2 1/2 2/3
4 qs q1 4 v(gq2) qs 4 v(q3)
1
a9 — Y(q1) -

Note that M, is bottom-up deterministic. We will use M = crisp(M; ) to show the theorem.
Let My = (Q,, X, I,, A,) be the P-wta with Q5 = {¢;, ¢ } and the following weights:

1 1/4 1/4
— q 40‘ a1 45
1/2 0 ,
a1 — 7(qo) q — Y(q1)
1
g — Y(q1) -

Note that M, is a m-merge of M, where 7w(q;) = m(q3) = ¢; and 7(qy) = ¢,. Incidentally,
M, is bottom-up deterministic, but 7(crisp(M )) is not bottom-up deterministic.

Intuitively, M has the ability to distinguish trees with an even number of « symbols from
those with an odd number, but only if they have an « leaf. Therefore M, “wastes” probability
mass on trees with 3 leaf and an uneven number of v symbols. By merging with m, the ability
of M to distinguish even from odd numbers of v symbols for trees with « leaf is also made
available for trees with [ leaf. This is the intuitive reason for L(c | [M,]) being larger than
L(c | [M,]); we will calculate the exact likelihoods in the following.

88



6.2. The Likelihood of the Maximum Likelihood Estimate and Its Behavior While Merging

We now show that the theorem holds for the B-wta M = crisp(M, ), the M -merger 7, and
the corpus c. We have that supp(c) C [M]. We also have that M (and M) is bottom-up
deterministic and that M; = mle_ (). The likelihood of ¢ under M, is

—_

1 2 21 1

LMD = 5-5-1-

1
2 2 2333 108
VI e))=F ML (v(B)=%

N

The likelihood of ¢ under M, is

1 1 1 1 1
[Mol(v(v(@)=5  [Ma](v(v(8))=5
Since M, € prob(w(M)), by the definition of mle we have that
Lic | [M.]) <L(c| [mle (x(M))])
and therefore
L(c | [mle (M)]) = L(c | [M,]) <L(e | [M,]) <L(c | [mle(x(M))]). ged.

Note that this proof exploits the fact that 7(M') does not have to be bottom-up deterministic.
We conjecture: If we had additionally required that (M) is bottom-up deterministic, then
Theorem 6.2.1 would not hold.

Conjecture 6.2.2. Let M be a B-wta, m an M -merger, and c a corpus such that supp(c) C [M].
If M and w(M) are bottom-up deterministic, then

L(c | [mle.(M)]) = L(c | [mle.(x(M))]).

Unfortunately, we were not able to prove or refute the conjecture. In Appendix D on page 177
we give some details about the difficulties we faced.

Independently from Conjecture 6.2.2, bottom-up determinism allows us to calculate the like-
lihood of the maximum likelihood estimate directly.

Lemma 6.2.3 (Dietze and Nederhof [DN15, Equation 2]). Let M = (Q, X', I, A) be a bottom-  proven on page 178
up deterministic B-wta and c a corpus over Ty, such that supp(c) C [M]. Then we have

hela) A ()
. HTEsupp(A) o (T)

()
IT,coSc(@ ™

1, chela)
‘c| le|

L(c | [mle (M)]) =

Lemma 6.2.3 and Theorem 6.1.4 rely on the three corpora c?;,[, CIM, and cﬁ/[. Now assume

that M resulted from the application of a merger to another bottom-up deterministic wta. In
that case we can (re)use the three corpora for the other wta to determine the corpora for M.
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Observation 6.2.4 (Dietze and Nederhof [DN15, Equation 3]). Let M = (Q,X,I,A) be a
bottom-up deterministic B-wta and c a corpus over Ts, such that supp(c) C [M]. Also let 7 be an
M -merger such that w(M) is bottom-up deterministic and let M' = (Q', X, 1", A") = w(M).
Then we have

che(7) = > che(7),

T€dom(A): 7'=n(T)

Sod)= >, S3lq), and
qeQ: ¢'=7(q)
del@)=Y_ g
q€Q: ¢'=7(q)

forevery 7/ € dom(A’) and ¢’ € Q’.

The observation is easy to see since bottom-up determinism allows us to derive r’,, for every
t € supp(c) by replacing every state ¢ in r%,; by 7(q).

6.3. The Count-Based State Merging Algorithm

In this section we derive the count-based state merging algorithm (Algorithm 6.1). We start by
motivating an initial problem (Equation (6.3)) that we would like to solve. We then change this
problem step-by-step into simpler problems by introducing several assumptions until we end
up with the final algorithm (Algorithm 6.1).

Let ¢ be a corpus of trees. Considering all probability distributions over trees, recall that
the empirical distribution of ¢ maximizes the likelihood of ¢ (cf. Theorem 4.2.1). The canonical
P-wta of c represents the empirical distribution of c. Therefore it is a probabilistic P-wta that
maximizes the likelihood of ¢, i.e., there is no other probabilistic P-wta with a higher likelihood
of c.

The canonical wta assigns a non-zero weight only to those trees that are in the support of
the corpus. This is not very useful in practice because we want to generalize the corpus, i.e.,
we want a wta that accepts more trees than there are in the corpus, but still enforces important
properties that can be observed in the corpus. A way to achieve this is to consider only wtas
with a restricted number of states and choose the one that maximizes the likelihood. Since we
do not know what number of states is appropriate, we do this for every number of states that
is smaller or equal than the number of states of the canonical wta.

Formally, let n be the number of states of the canonical wta of ¢. By definition of the canoni-
cal wta, we have that n = |subs(supp(c))|. For every i € [n]let M, be the set of all probabilis-
tic P-wtas with at most ¢ states. We define the sequence M, , M, _;,..., My of probabilistic
P-wtas where for every i € [n]

M, = argmaxL(c | [M]). (6.3)
MeM,

Note that L(c | [M;]) > L(c | [M;]) for every i € [n — 1] because M, ; O M;. Also note
that M, is the canonical P-wta and that we cannot get a better likelihood by allowing more
than n states because M ,, represents the empirical distribution (see above).
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6.3. The Count-Based State Merging Algorithm

Let us call the sequence M ,,, ..., M ; of wtas the canonical wta-sequence of c. For practical
applications we could choose a single wta from the sequence that fits the application best. But
the calculation of this sequence is not practically feasible at all. Therefore we will now make
several assumptions to successively create simpler problems until we arrive at a problem that
can be practically solved.

Assumption 6.3.1. The wtas in the canonical wta-sequence are bottom-up deterministic. o

This means that for every i € [n] we remove all wtas from M, that are not bottom-up deter-
ministic. For the next step, we also need the following lemma, which allows us to decompose
an argmax operation.

Lemma 6.3.2. Let A and B be sets, [: A — R a mapping, w C B x A a relation such that
w(B) = A and w(b) #+ () for every b € B, and let m C w be the relation such that m(b) =
argmax _ . l(a) for every b € B. Then we have

m(argmax (m(b))) = argmax(a).
beB acA

We now use Assumption 6.3.1 and Lemma 6.3.2 to rewrite the problem. For every i € [n] let
MP be the set of all bottom-up deterministic B-wtas with at most 4 states. By Assumption 6.3.1
we have that M; = prob(MP) for every i € [n] (cf. Section 4.4 for definition of prob). By
definition of the maximum likelihood estimate and by Lemma 6.3.2, we can rewrite the current
problem as follows, where the lemma is instantiated with A = M;, B = M?,1 = L(c | [-]),
w = prob(-), and m = mle_(-): For every i € [n]

M,; = mle,(ME) where MB = argmaxL(c | [mle,(M)]).
MeM?

Although this looks much more complicated than before, bottom-up determinism allows us to
cut corners. By Theorem 6.1.4 we may directly calculate the maximum likelihood estimate
mle, (M) for a given bottom-up deterministic wta M. Also, by Lemma 6.2.3, its likelihood
L(c | [mle.(M)]) canbe calculated directly without explicitly calculating mle (M) first. These
calculations solely rest on counts that are derived from the corpus. This property will also be
important for our final algorithm; in fact we find this important enough to call the algorithm
count-based.

Considering Corollary 6.1.5 we can cut down M, and M? even further by only allowing wtas
that are restricted to supp(c). This allows us to apply Theorem 6.1.6 and we can reformulate
the current problem again: Let M be the canonical B-wta of ¢ and for every i € [n] let I, be
the set of M, mergers 7 such that 7(M ) is bottom-up deterministic and has at most i states.
For every i € [n] we have

M, =mle (7;(M,)) where m; = argmax L(c | [mle.(w (M ))]).

well;

Let us now take another view on mergers. Let M be a B-wta and let 7, and 7, be M -mergers.
If ker m; = ker 7y, then 7, (M) is isomorphic to 74 (M). For our problem we do not need to
distinguish between isomorphic wtas. Therefore we can identify 7; and 7, and just consider
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6. Count-Based State Merging

their kernel. The kernel of a mapping is an equivalence relation and for every equivalence
relation (=) there is a merger 7 such that kerm = (=), e.g., by letting 7(q) = [¢]= for every
state ¢ € dom(=).

Therefore we can reformulate the problem again by using equivalence relations to represent
mergers. Let (=) be an equivalence relation on some set (). The merger w.r.t. (=) is defined by
n_(q) = [g] for every q € Q). Let M _ be the canonical B-wta of ¢ and for every i € [n]let E;
be the set of equivalence relations (=) on the state set of M, such that n_ (M ) is bottom-up
deterministic and has at most i states. For every i € [n] we have

M; = mle,(n (M,)) where (=,;) = argmax L(c | [mle,(st_(M,))]).
(=)€E;
In our further considerations we call a merger 7 trivial if ker 7 = id. Consequently, we also
call an equivalence relation trivial if it is an identity relation.
Up to now, for every i € [n], the search of M, uses M _ as its basis. But there are many
supp(c)-restricted B-wtas M that may be reached in several intermediate steps, ie., M =
T;(o(m (M,))...) for j € Nwhere 7, ..., 7, are non-trivial mergers such that for every k € [J]

j
the wta 7. (...(my (M ,))...) is bottom-up deterministic.

Assumption 6.3.3. Let M, ..., M be the canonical wta-sequence for some corpus (Equa-
tion (6.3)). Assume that for every i € [n — 1] there is an M, ;-merger 7; such that M, is a
m;-merge of M, ;. O

This is a rather bold assumption that changes the problem significantly. Nevertheless we make
this assumption because it allows us to formulate the problem recursively:

M; = mle.(n_ (M) where  (5,) = a(rg)renng(C | [mle, (= (M;.1))])
for every i € [n — 1] where M, is the canonical B-wta of ¢ and E; is the set of equivalence
relations (=) on the state set of M, ; such that n_ (), ) is bottom-up deterministic and has
at most ¢ states.

In other words, we now employ a greedy strategy where we apply mergers consecutively
instead of applying every merger to M .. Note that there may be some i € [n — 1] such that
M ;1 has less than i + 1 states and, hence, (=;) and n__ are trivial and M is isomorphic to
M ;. Again, there is no practical use in having several isomorphic wtas, therefore we redefine
our sequence of wtas and do not allow trivial mergers.

M = mle,(n_ (M;_,))  where  (5;) = argmaxL(c | [mle.(n_(M;_))])
(5)eE;
for every i € [m] where M, is the canonical B-wta of ¢ and E is the set of non-trivial equiv-
alence relations (=) on the state set of M;_; such that n_(M_,) is bottom-up deterministic.
We let m € N be maximal such that the sequence M7, ..., M is well defined. Hence M,
has only one state and therefore there are only trivial M, -mergers.

Note that the indices of the wtas do not correspond to their number of states anymore. Also
note that the indexing now is the other way around, i.e., M, = M, is the canonical wta and
M, is isomorphic to M.

Next, we further reduce the search space, i.e., we reduce the sets E; for every i € [m)].
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6.3. The Count-Based State Merging Algorithm

Assumption 6.3.4. Conjecture 6.2.2 is true. o

This assumption implies: If there are (=, ), (=,) € E; with (=)
msuch that m_ = mon_ , then L(c | [mle.(n_ (M;_4))]) >
Therefore, since we maximize the likelihood, we can ignore (=,).

Formally, let F be a set of equivalence relations on a set. An equivalence relation (=) € F
is called minimal (in E) if there is no (=’) € F such that (=’) C (=).> Analogously, let IT
be a set of mergers for some fixed wta. We call a merger m € II minimal (in II) if there is no
7’ € II such that ker 7’ C ker 7. In other words, if 7 is minimal in /7, then there is no merger
my € II such that m = m, o m; for some non-trivial merger ms.

Let M be a wta and (=) an equivalence relation on the states of M. To simplify our wording
in the following, we say (=) is suitable (for M) if (=) is non-trivial and n_ (M) is bottom-up
deterministic. Analogously, we say an M -merger 7 is suitable (for M) if 7 is non-trivial and
(M) is bottom-up deterministic.

We now remove all elements from E that are not minimal, arriving at the following problem.

C (=,), i.e., there is a merger
L(e | [mle.(r=, (M;1))])-

M = mle,(n_ (M) where (=,) = argmaxL(c | [mle,(_(M[_))]) (6.4
(5)eE;
for every i € [m] where M is the canonical B-wta of ¢ and E is the set of all minimal
suitable equivalence relations on the state set of M;_,. We let m € N be maximal such that
the sequence is well defined.

The constraint to only consider minimal suitable mergers may reduce the number of con-
sidered mergers. However, in practice it is rather expensive to check if a merger is minimal.
Therefore we will also consider some mergers that are not minimal. Yet we will ensure that no
minimal suitable merger is missed and, hence, the resulting sequence of wtas is the one defined
above (assuming Conjecture 6.2.2 is true).

Let us take a step back and look at what we have done so far. We motivated our interest in
the canonical wta-sequence M ,,, ..., M ; of ¢ (Equation (6.3)), but unfortunately this sequence
is not practically computable, so we created simpler problems by introducing several assump-
tions. We finally arrived at the sequence My, ..., M, (Equation (6.4)), which is connected to
the canonical wta-sequence as follows:

Observation 6.3.5. Let c be a corpus, let M, ..., M| be the canonical wta-sequence of ¢ (Equa-
tion (6.3)), and let M), ..., M, be the sequence defined by Equation (6.4) based on c. We have
e M, = M{ and M| = M, up to isomorphism, and
« if Assumptions 6.3.1, 6.3.3 and 6.3.4 were true, then there would be j,, ..., j, € [m| such
that 0 =35, < j, 1 < ... <jp <jy=mand M; = ]V[; up to isomorphism for every
i € [n].

The calculation of the sequence M, ..., M, seems cheap enough to be worth implementing.
This is done in Algorithm 6.1. We call the algorithm count-based state merging (cbsm) because

3 | Note that the subset relation (C) defines a partial order on sets. Therefore our definition of minimal is consistent
with the definition of minimal elements of partial orders. Also note that the set of equivalence relations on a
set is even a complete lattice ordered by the subset relation (C). For further information about partial orders
and lattices, we refer to other literature [e.g., Grd68; Gra79].
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Algorithm 6.1 Count-Based State Merging (CBSM)

Input: .« corpus cover Ty,
Output: « sequence of bottom-up deterministic P-wtas M7, ..., M’ that is equal to the se-

10:
11:

12:
13:
14:
15:

20:
21:

quence defined in Equation (6.4) (also cf. Observation 6.3.5)

ME < canonical B-wta of ¢
MY < mle, (ME) [> M, is the canonical P-wta of ¢
1< 0
while there exists a non-trivial M E-merger do

7 + BESTMERGER(M P, ¢)

i 1+1

M = m(M7 )

ME < mle, (MP)

function BESTMERGER(M, ¢)
IT <~ MERGERCANDIDATES (M)
return argmax__ L(c | [mle (7 (M))])

function MERGERCANDIDATES(M )
let () be the set of states of M

E < {saTturaTE(M, idg U {(q1,92); (22, 1) }) [ {01, 02} € Q, ¢1 # @2}
return {n_ | (=) € £}

function SATURATE(M, (=)

while n_ (M) not bottom-up deterministic do
find non-zero weighted transitions 7y and 7, in M such that
rhs(7y ) = rhs(7,), but
lhs(7,) # lhs(my)
(=)« ) U{(a1, %), (@2, @) | @1 € [ths(my)]=, g5 € [Ihs(ry)]}

return (=)
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finding the best merger for a wta is based on the likelihood, which, by Lemma 6.2.3, can be
directly calculated from counts.

The function MERGECANDIDATES is crucial for cbsm (Algorithm 6.1); it finds all minimal suit-
able mergers (and possibly some more) for a wta. We will now detail, how and why this func-
tions works. Let M be a wta and let (=) be a minimal suitable equivalence relation on the state
set of M. Alsolet (=") be a non-trivial equivalence relation such that (=) C (=). If n_, (M) is
bottom-up deterministic, then (=") = (=) because (=) is minimal. Otherwise, if t_, () is not
bottom-up deterministic, then there are two non-zero weighted transitions 7; and 7, of M such
that rhs(7,) =’ rhs(7,), but Ihs(7;) %’ lhs(ry). Since (=) C (=), we have rhs(7; ) = rhs(7,),
and since 7_ (M) is bottom-up deterministic, we have lhs(7;) =" lhs(7,). Hence, we also have
(=) C (=) where (=) = (=) U{(g1, ), (4> 01) | & € [hs(ry)]or g € [Ihs(r)] ), e,
(=") is (=’) with the added equivalence of ¢; and gs.

These steps can now be applied again to (=”) and iterated. Since (=) is finite, after a finite
number of iterations, we have (=”) = (=). Also, since (=) is non-trivial, there are two distinct
states ¢; and ¢, such that ¢; = ¢, and we could start with (=) = id U {(qy,¢5), (¢2,¢1)}
and still reach (=) with the above iteration. Since (=) was arbitrary, every minimal suitable
merger can be reached in this way by starting with only two equivalent states. Also, starting
with two arbitrary equivalent states always leads to a unique minimal suitable merger, which
is formalized in the following lemma.

Lemma 6.3.6. Let M = (Q, X, 1, A) be a B-wta, and let (=) be an equivalence relation over
Q. Then there is a least (i.e. unique minimal) equivalence relation (=) such that (=) C (=) and
n= (M) is bottom-up deterministic.

This way of finding all minimal suitable mergers is implemented in the functions MERGER-
CANDIDATES, which iterates over all pairs of states,* and SATURATE, which accumulates states
to be merged until the merged wta is bottom-up deterministic. Note that every merger returned
by MERGERCANDIDATES is a suitable merger, but not necessarily a minimal suitable merger.
However, every minimal suitable merger is returned.

6.3.1. Further Adjustments for Practical Implementations

In this section we introduce some adaptions to cbsm (Algorithm 6.1) to further reduce the
runtime of the algorithm.

Improving Efficiency of argmax Calculation Reconsider the maximization in line 11 of
cbsm (Algorithm 6.1) for another optimization:

argmax L(c | [mle,(w(M))]).

mwell

4 | By “pair of states” or “state pair” we actually refer to an unordered pair {q;, g5} of states such that q; # g¢5.
The order does not matter in the context of mergers and, since we only consider non-trivial mergers, the states
shall be distinct.
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We may divide the maximized likelihood by L(c | mle,(M)) without changing the result of
the argmax operation:
L 1
g 1€ | [lee(rO0)])
rerr L(c | [mle (M)])

Intuitively, the fraction tells us the change in likelihood caused by merging.

Recall that the likelihood of the maximum likelihood estimate is just a large product of counts
(cf. Lemma 6.2.3). Therefore, in the fraction of likelihoods introduced in expression (6.5), for
many instantiations of 7 many factors in the fraction cancel out. In detail: Let (=) = kerm,

(6.5)

and o . .
Q={1<QIlld-I> 1} @ =@, o
A={re All[r]-| >1},and A =1(A),

where (=) is extended to transitions such that 7, = 7, iff n_(7;) = n_(7,). Then, by

Lemma 6.2.3 and with M’ = 7(M):

L(c | [mle,(M)]) _ g e
L(c | [mle (M)]) I hela)

A (r S (q)
I b (™™ Tlgh@™

A < () e /(@) )
Lz ™ 1 S (@™

(6.7)

This equation again shows nicely why we call the algorithm “count-based”: All calculations
are done based on the counts of states and transitions derived from the corpus. Even though
the algorithm outputs probabilistic P-wtas, there is no need to explicitly calculate probabilities.

Heuristic Reduction of the Number of Considered Mergers Despite all assumptions
and optimizations so far, calculating the argmax operation in line 11 of cbsm (Algorithm 6.1)
exactly is still not feasible in practice for typical corpus sizes for the following reasons. The
number of states of the canonical wta equals the number of different subtrees in the corpus.
The function MERGECANDIDATES considers all pairs of distinct states to build up mergers. The
number of those pairs grows quadratic in the number of states of the wta. Unfortunately, it is
not practically feasible to consider all those pairs. Therefore we introduce an easily calculable
heuristic that will estimate how promising it is for a pair of states that the induced merger is
chosen by the argmax operation.

Applying several assumptions, we now create our heuristic from Equation (6.7). Consider
two distinct states ¢; and ¢,, and a merger 7 such that 7(q;) = 7(g,) and 7(q) = ¢ for
q ¢ {q1,q}. Assume that the application of 7 leads to a bottom-up deterministic wta, hence,
Equation (6.7) is directly applicable. Also assume that the first two fractions of Equation (6.7)
equal 1. In other words, we only consider the last fraction in Equation (6.7). By using Observa-
tion 6.2.4, we can rewrite the denominator of this fraction. The result defines our heuristic h§,:

Q Q
C]QV[(Q1)CM<q1> . C?y[(qz)cﬂ[(qz)

WS (a1 05) = '
M(ql Q2) (C%[<q1) +C?V[(q2>)c%[(q1)+0%[(QQ)
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|
|

/
applied merger/

states ordered state pairs* ordered mergers mapped to

by counts c%,[ by heuristic h§; the result of Equation (6.7)
A3 Sreate {A,B} 1+ 0.8 | create and ‘mrg A B E 0.3\
B4 sate pairs {A,C}+ 0.6 | saturate \\mrg A C > 0.5/\
Cr6 {B,C} 0.5 | MEEErS mrg B, C, D, F- 0.1 |
D9 {A,D} 0.3 |

{B,D} = 0.2 considered pairs
: for beam width 3

Figure 6.2.: Usage of the heuristic to find the merger that shall be applied. For better readability
we used upper case letters to name states.

The special form of this definition gives rise to the following lemma.
Lemma 6.3.7. For positive arguments, the following function is strictly monotonically decreasing:

o T . yy
f($7y) - (.%' +y)x+y'
In other words, the lemma means that f(x,,y;) > f(xq,y,) for every 0 < z; < z, and
0 <y, <y, withz; <zyo0ry; <ys.

Putting the definitions of 4, and f together, we have:

hse(a1,a2) = F(cSe(ar), 5 (a2))

So, according to the heuristic and by Lemma 6.3.7, it is best to merge states with the least
counts w.r.t. cg. Since the heuristic is only a rough approximation of Equation (6.7), we cannot
just take the state pair* P?6¢ > with the largest heuristic value and apply the saturated merger
(cf. SATURATE in cbsm, Algorithm 6.1). Instead we choose n € N and consider only those n
state pairs that have the largest heuristic value. We hope that the best merger results from one
of these state pairs if n is large enough. In the following we call n the beam width.> In this
way we can adapt the function MERGECANDIDATES such that it only returns a limited number of
mergers. The beam width can be added as another parameter of the algorithm. In the following
we will use the phrase “the mergers that lie in the beam” to refer to those mergers that are
returned from this adapted function MERGECANDIDATES.

The heuristic as we have defined it makes it especially cheap to determine the mergers that
lie in the beam: By the monotonicity of f (cf. Section 6.3.1 and Lemma 6.3.7), we only need
to consider the states with the lowest counts to find the state pairs with the largest heuristic
values. Figure 6.2 summarizes how the heuristic is used to find the merger that is eventually
applied in an iteration.

5 | Note that, despite the name “beam width” we do not perform a beam search because we do not backtrack.
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Ad-Hoc Reductions of the Number of Considered Mergers To restrict the number of
considered mergers even more, it may be useful to forbid some kinds of mergers. We call this a
merge restriction. It is important that a merge restriction is preserved by the function SATURATE
in cbsm (Algorithm 6.1), i.e., if a merger 7 for a wta M is allowed by a merge restriction, then
also m_ where (=) = sATURATE(M, ker 7) must be allowed.

A merge restriction that we will use in some of our experiments forbids to merge states with
different root symbols. Recall that by the definition of the canonical wta the states are initially
trees, so this makes sense in the first iteration of cbsm. The resulting states of a merge are in
general not single trees anymore, but by following the merge restriction we can still virtually
assign a unique root label to those states, namely the same root label the states had before
merging. With this view the merge restriction also makes sense in the later iterations. Note
that this merge restriction is actually preserved by SATURATE.

Normalization: Giving Large Mergers a Boost Let () be a set of states and 7 be a merger
with dom(7) = Q. The size of 7 is defined by |7| = ZAGQ/(ker Tr) (|A]—1). Note that 7 is trivial

iff || = 0. If || = 1, then there is exactly one state pair* {¢;, g, } such that 7(q;) = 7(g,).
Intuitively, |7| is the number of mergers of size 1 that are needed if we want to express 7 as a
composition of such mergers.

Revisiting line 11 of cbsm (Algorithm 6.1), larger mergers tend to induce a smaller likelihood
L(c | mle (7(M))) than smaller mergers. The saturation of a merger 7, might increase its size
much more than the saturation of another merger ,. Since cbsm enforces saturation, this can
be seen as a disadvantage for 7, versus m,. To mitigate this disadvantage, one can include the
size of a merger in its evaluation as follows.

Recall the search in line 11 of cbsm (Algorithm 6.1):

argmax L(c | mle_(7(M))).

well
Also recall that it is equivalent to just consider the change in likelihood:
L 1 M
 arguma He [ mle(x(00))
well L(C | mlec(M))
Instead of considering the pure change in likelihood, one could compensate the disadvantage
of larger mergers using their size:

argmax
mell

R/L(C | mle, (n(M)))
L(c | mle,(M))

We call this idea normalization. Intuitively, if ¢ is the change in likelihood induced by a merger
7, then /8 can be interpreted as the average change in likelihood induced by one of || merg-
ers of size 1 whose composition is equal to 7.

6.4. Implementation of Count-Based State Merging

In order to analyze the practical performance of cbsm (Algorithm 6.1) including the adjustments
from Section 6.3.1, we implemented a prototype in the programming language Haskell. The
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implementation is part of the project Vanda, which is a collection of tools and libraries for
natural language processing and experiments with formal languages written in Haskell.® The
tools are aggregated in a single command line program with a versatile command line interface
to access the different functionalities.

Our implementation is mainly done in the Haskell modules with prefix vanda.cBsM. The
related command line tools can be listed by executing vanda cbsm help. Algorithm 6.1 (cbsm)
is implemented in the Haskell module vanda.CBSM.CountBasedStateMerging and can be
executed via the command vanda cbsm cbsm, which accepts various command line arguments
to control the algorithm. The command vanda cbsm cbsm help lists all possible command line
arguments with a short help text; we will briefly describe some of them below.

The implementation of cbsm (Algorithm 6.1) can read an arbitrary number of corpus files
passed via the command line. If no corpus file is explicitly passed, then the program reads
the corpus from the standard input. A corpus file can also be a directory; in that case the
program recursively reads all files in that directory. If several corpus files are read, then they
are just concatenated and treated as a single corpus. A corpus file contains an arbitrary number
of corpus entries, optionally separated by white space or newline. A corpus entry is a tree
represented by an S-expression. Given a possibly infinite set of atoms, an S-expression (symbolic
expression) is either an atom or a list of S-expressions enclosed in parentheses, i.e., (s; ... 5;)
where s, ..., s, are S-expressions, k € N.” The S-expression for a tree is recursively defined
by

o if k=0,

S(o(ty, .. ty)) = (o s(ty) ... s(ty)) ifk>1.

Hence, e.g., the tree o(y(a), B) is represented by the S-expression (¢ (7 «) 3). In the imple-
mentation, a space in an S-expression can be any white space including newline.

We now detail some command line options that are important for the experiments in the
following sections. A command line option is a command line argument that begins with two
dashes (--). Some command line options require a value, which is just appended to the option,
separated by an equal sign (=). Alternatively, the value can also be passed as an additional
command line argument which directly follows the command line option (without =). If a
command line option does not expect a value, we also call it command line flag or just flag for
short. Many of the command line options refer to the adjustments to cbsm (Algorithm 6.1) we
introduced in Section 6.3.1.

« --heuristic: We implemented two different heuristics. For our experiments, we only
use the heuristic described in Section 6.3.1. Since this is not the default heuristic, you
have to explicitly choose it via command line option --heuristic=pld.

The default heuristic --heuristic=cs is defined as —(c%,[(ql) + c%,[ (gy)) for two states

g, and g,.

6 | Note that the name Vanda is ambiguous. Here we are talking about the Haskell project, which you can find on
GitHub under the name vanda-haskell: https://github.com/tud-fop/vanda-haskell.
There is another project called Vanda Studio, which provides a graphical front-end for designing complex ex-
periments based on existing tools using special graphs called workflows. Vanda Studio does not play a role for
our implementation and experiments.

7 | S-expressions were originally introduced by McCarthy [McC60]. Note that, in contrast to our definition, he
used pairs instead of lists. To represent lists, he used specially nested pairs terminated by a special atom.
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+ --beam-width: This command line options expects an integer value and sets the beam
width to that value. Recall that the beam width determines how many of the best state
pairs according to the heuristic are used for building the mergers, from which the even-
tually applied merger is chosen. By setting the beam width to a value larger than the
number of available state pairs, the heuristic is effectively disabled because then all state
pairs are used.

« --restrict-merge: This command line option allows to enforce different merge re-
strictions. In our experiments, we will only use --restrict-merge=terminals, which
enables the merge restriction we described in Section 6.3.1.

« --normalize: Provide this command line flag to enable normalization.

There are some additional options to deal with special corpus formats and to preprocess the
trees in the corpus before passing it to cbsm (Algorithm 6.1). Some of the options can only
be fully understood after reading later sections. Nevertheless we already list them here to
give a full overview over all relevant options at a single place. For further details concerning
options dealing with the Penn Treebank, we refer to Section 6.6, and for options dealing with
binarization, we refer to Section 6.6 and Chapter 7.

« --as-forests: Provide this flag if there are additional parentheses “(...)” around each
corpus entry. This is for example the case in the Penn Treebank.

+ --weighted-corpus: Provide this flag if every tree in the corpus has an attached count.
It is then assumed that every corpus entry has the form (count tree) where tree is the
tree in the usual format.

« --penn-filter: Provide this flag to remove all predicate argument structure annota-
tions from trees in the format of the Penn Treebank.

+ --defoliate: Provide this flag to remove the leaf nodes from each corpus tree that
consists of more than the root node.

+ --binarization: Use this command line option to select a binarization that shall be ap-
plied to every tree in the corpus. We will only use --binarization=1eftbranchingl
in our experiments.

6.5. Experiments with Artificial Automata and Corpora

In this section we will investigate several probabilistic, bottom-up deterministic P-wtas that are
artificial, i.e., not based on natural language. We will use such a wta )M to create an artificial
corpus c. The corpus c is given as input to our algorithm. We will then check if the original
wta M (or an isomorphic variant) is found by the algorithm.

We now detail the creation of the corpus c. The first idea that comes to mind might be the
following: We interpret the root weights and the transition weights of M as probabilities. This
is reasonable because M is probabilistic. We can now randomly generate a tree as follows: We
start by randomly choosing a root state. Then we replace this state by the right-hand side of a
randomly chosen transition with this state on the left-hand side. If there are still states in the
result, then we do the same with these states, and repeat this process until no states are left.®
All random choices are done according to probability distributions given by the weights of .

8 | Note that this resembles the derivation process of an equivalent (weighted) regular tree grammar.
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Note that a tree ¢ is generated with the probability [M](¢) because there is at most one non-
zero weighted run of M on ¢ since M is bottom-up deterministic. We can randomly generate
several trees in this way and use the frequencies of the generated trees for the corpus c.

It turns out that even for a small wta M it can be rather expensive to create a representative

corpus ¢ in that way; by representative we mean that for every two trees ¢,,t, € supp(c) we
have that c¢(t,)/c(t5) is similar to [M](¢y)/[M](t5).

Example 6.5.1. Consider the wta chains-2 on page 102. With p = 0.9 the wta assigns the
following weights among others:

v(a) = 0.9 Y(v(y())) = 0.09 Y(v(v(v(v())))) = 0.009.

In a representative corpus, the first of those trees would have a frequency that is roughly
100 times as large as the frequency of the third tree. Hence, at least about 100 trees have
to be randomly generated to represent this proportion. o

In order to avoid this expensive generation, we use the following approach instead. We
choose a number £ € N and only consider the k best trees according to M, i.e., those k trees
that have the largest weight assigned by M. We then let the corpus c assign counts to the
k best trees such that the counts are approximately proportional to the trees’ weight. Every
other tree is assigned count 0. Formally: Let ¢, ..., ;. be the k best trees according to M such
that [M](t;) > [M](t;,,) for every i € [k — 1]. Then we define the corpus c by

(M)
round([m(tk)> ift € {tq,...., 1},

0 otherwise,

c(t) =

where round(x) = |2 + 0.5 for every = € R. Note that this definition implies that the lowest
non-zero count in cis 1.

Experimental Setup In Section 6.5.1 we list several wtas, which we use for our experiments.
Note that some of them are parameterized by a parameter p. Figure 6.3 visualizes the experi-
mental steps for dealing with one of these wtas. The first step of an experiment is to generate a
concrete wta M by choosing one of the wtas and setting the parameter p (if the wta is parame-
terized). This wta is passed to the command line tool Tiburon® [MK06]. By using the command
line option - -kbest k, Tiburon generates the k best trees according to M, where k is another
parameter of the experiment.!” In the next step, the probabilities of the trees are scaled and

9 | Tiburon can be downloaded from its website https://www.isi.edu/licensed-sw/tiburon/. The source code is
available on GitHub https://github.com/isi-nlp/tiburon. In fact, we adapted Tiburon to allow the output of
weights without rounding (command line flag --precise-output). This adapted version is also available on
GitHub https://github.com/Flupp/tiburon. Note that there is also a pull request for this change https://github.
com/isi-nlp/tiburon/pull/2.

10 | Actually, instead of a wta, Tiburon expects a weighted regular tree grammar (wrtg) as input. This is not a
problem because a wta can easily be converted to an equivalent wrtg. Also, Tiburon does not really return
the best trees, but the trees resulting from the best derivations of the wrtg (therefore repetitions are possible)
together with the weight of the derivations. Fortunately, this is not a problem either: Since our wtas are bottom
up deterministic, the corresponding wrtg has at most one derivation for a tree. Therefore, in our case Tiburon
does indeed return the best trees.
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. k best trees probabilities
generate wta wta Tiburon . ags corpus
with probabilities to counts
L comparison <—[sequence of wtasje Vanda cbsm

iteration parameters

Figure 6.3.: Experimental setup for experiments with artificial wtas. Data is depicted by
rounded boxes, functions are depicted by angular boxes.

rounded as explained in the previous paragraph to create a corpus. This corpus is given to the
implementation of cbsm (Algorithm 6.1) in Vanda,'! including some command line options:
We choose a beam width that exceeds the number of available state pairs to effectively ignore
the heuristic, and in some experiments we enable normalization. For the resulting sequence
of wtas My, M, ..., M ,,, we then manually compare each wta from the sequence with M. In
detail, we check if there is an ¢ € {0,...,n} such that crisp(M;) is isomorphic to crisp(M).
If that is the case, then we return ¢, otherwise we return “—”. Note that 7 coincides with the

iteration of cbsm (Algorithm 6.1) that yielded M ,.

6.5.1. The Artificial Automata

In this section we list the various bottom-up deterministic P-wtas we used for our experiments.
The wta chains-2. This wta deals with trees over the alphabet {y!), a(*)} and assigns non-
zero weights to trees that are of the form ((...(c)...)) and have an even height. The parameter
p determines the probability of the « transition.

1 1 1—
— qq a0 — Y(aq) @ — ()

ql & (6% (]
The wta chains-6. This wta deals with trees over the alphabet {71, o9} and assigns non-

zero weights to trees that are of the form y(7(...(«)...)) and have a height that is divisible by 6.
The parameter p determines the probability of the « transition.

1 1 1 1—
— g a0 — 7(g5) a3 — V(g2) @ — ¥(q0)
1 1 P
a5 — v(qq) a2 — Y(qy) q —
1
qs — Y(q3) o

11 | The version of vanda we used for these experiments is from 2017-02-21 12:40. The Git commit of this version
is 718€201fc07£74049918c0cf4139ed901c2edb36.
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The wta chains-2-or-3. This wta deals with trees over the alphabet {y!), a(*)} and assigns
non-zero weights to trees that are of the form y(7(...()...)) and have a height that is divisible
by 2 or 3. The parameter p determines the probability of the a transition. The transition weights
are identical to those of the wta chains-6; therefore we only list the non-zero root weights.

1/4 1/4 1/4 1/4
— qp — — (3 — Q> =

The wta chains-2-or-3-or-5. This wta deals with trees over the alphabet {y*), (9} and as-
signs non-zero weights to trees that are of the form ~y(7(...(«)...)) and have a height that is
divisible by 2, 3 or 5. The parameter p determines the probability of the « transition. Since this
wta requires 30 states, we omit its concrete definition. The wta is defined analogously to the
wta chains-2-or-3. O
The wta chains-2-and-3. This wta deals with trees over the alphabet {¢(®), v ()} and
assigns non-zero weights to trees that are of the form o(v(...(a)...),y(...(c)...)) where the
left subtree has an even height and the right subtree has a height that is divisible by 3. The
parameter p determines the probability of the « transition.

1 1

~
(=2}

1
o —q, 4 —0(q0,%) 2 —) @ — V()
/ \ 1/6 1 P
Y Y e qs — 0(q0,93) a5 — () @ —«
o | = 1/6 1
B "V Vi qs — 0(qs, %) 4 — 7(q3)
: ] 1/6 1
E|r a 45 = 0(ds,q3) a3 — Y(q2)
1/6 1
«Q q, — 0(q3,9) ¢ — v(q1)
1/6
qs = (42, q3) o

The wta pathlengths-210-2. This wta deals with trees over the alphabet {o(?),v(1), a(0} and
assigns non-zero weights to trees where every path has an even length. The parameter p de-
termines the probability of the « transition. It works analogously to the wta chains-2.

1-p

1

1/2
— qo q — 0(q1,91) a1 — (4o Qo)
1/2 e
qo — Y(q1) a1 — v(qo)
4 2« O

One might wonder — to really make pathlengths-210-2 analogous wta to chains-2 — why we
did not define it as a wta over {c(®, v (9} that assigns non-zero weights to trees of an
even height. It turns out that the language of trees of even height over this alphabet is not
recognizable because a wta would have to track the exact height of subtrees to decide if the
height of the whole tree is even, which is not possible with a finite number of states.

The wta pathlengths-210-6. This wta deals with trees over the alphabet {¢(?),v(1), a(9} and
assigns non-zero weights to trees where every path has a length that is divisible by 6. The
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parameter p determines the probability of the « transition. It works analogously to the wta
chains-6. For the definition we let p, = 0.2- (1 —p)andp, = 0.8 - (1 —p).

1 0.2 0.8 .
a1 L2 a(qp)

— qp qop — U(Qsa (I5> qo — 7((15)
0.2 0.8
45 — 0(qy,q4) a5 — v(qq) a1 — v(q0)
0.2 0.8 D
q — 0(qs3,43) qq — Y(q3) q —
0.2 0.8
q3 — 0(q2,92) q3 — 7(q2)
0.2 0.8
a3 — 0(q1,q) a5 — Y(qy) o

The wta pathlength-leftmost-20-2. This wta deals with trees over the alphabet {c(?), o(0}
and assigns non-zero weights to trees where the leftmost path has an even length. The param-
eter p determines the probability of the « transition.

1 1/2 e
— qo 9o — 0(q1,9) q1 — 0(qo, )
1/2 e
90 — ol(q1,q1) @1 — (4o, 01)
ql L (0% O

The wta pathlength-leftmost-20-4. This wta deals with trees over the alphabet {c(?), a0}
and assigns non-zero weights to trees where the leftmost path has a length that is divisible by
4. The parameter p determines the probability of the « transition.

—q g0 —0(q3,9%) a3 ——0(42,%) G ——0(q,0%) « (4o, %)
QOI—/4>‘7(‘137(]1) Q31_/4>U(Q2aQ1) Q21—/4>‘7<Q1=Q1> 51 ia(%ﬂh)
4o 1—/4> 0(q3:92) 43 ﬁ 0(¢2:42) @2 1_/4> o(¢1:%2) @ = o(40: 92)
4o 1—/4> o(g3,q3) 43 ﬁ o(q2,q3) o 1—/4> olq1,493) @ ﬁ (4o, q3)
q; 25 a o

The wta zig-zag-200-2. This wta deals with trees over the alphabet {o(?), o9, 30} and as-
signs non-zero weights to trees that contain a zig-zag pattern of ¢ nodes as sketched in Fig-
ure 6.4, i.e., trees that have a position of the form 2121...2 or 2121...21 that is labeled by «.
Since bottom-up determinism makes this wta rather complicated, we first show another wta
that is not bottom-up deterministic, but accepts the same (unweighted) language.

—q q — U(qam qr) qr — U(qhqx) 4y — U(qz7 q:v)
q; —r q, —r d. —r
Q;n — B
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E

Figure 6.4.: Sketch of a tree that is assigned a non-zero weight by the wta zig-zag-200-2.

qlr ql- Q-r q_ -
o o o o
RN RN RN RN
o o o o o o o o
\ / \ /o \ / \ /
o o o o o o o o
/ \ / \ / \ / \
o o o o o o o o
. BN ; /- BN /
o o O o o o O o
g Z g Z S 2 g 2
o o I} « « 15} 15} I3

Figure 6.5.: Sketches of trees where the wta zig-zag-200-2 has a non-zero weighted run that
has the respectively given state at its root. Note that in general the left and right
subtrees do not have to be of the same height.

The actual wta zig-zag-200-2 is defined as follows; note that it is bottom-up deterministic and
that it accepts the same language of trees as the previously shown wta if we ignore the weights.

B B,
0, Ha 0.2
o) g o) o Polaa) 0o olg g
o) o Polane) o olane) o ele,q)
0 Bolaa,) a0 ol a,)  a. 1/—19 ol .q) a "Holg .a)
0 B olgna,) o olen ) Yolma) o olana)

Figure 6.5 visualizes the intuition of the states. The weights of the transitions may seem a bit
unbalanced, but this is necessary to get a consistent wta. o

The wta zig-zag-pathlength-200-2. This wta uses the alphabet {c(?), a(?), 50} and assigns
non-zero weights to trees that contain a zig-zag pattern of even length (cf. Figure 6.4), i.e., trees
that have a position of the form 2121...21 that is labeled by « or (. This wta is very similar to
the wta zig-zag-200-2; only the leaf transitions and the weights of the other non-zero weighted

105



6. Count-Based State Merging

transitions are different.

13 qir ek q:- q ¢ a
0.
0 ogay) o Polana) e Dolae) o Mole )
e Holana) o oana) e Holane) o Holga)
1r v o(¢-,q1,) @ 2/_49 o(q . q) 4. 1/—49 JUBEBE S éﬂ) (@, 0..)
0 Dol an) o Bolera) @ Dolanma) 0. Nolga) o

6.5.2. Results

In this section we present the results of our experiments for the artificial wtas. The detailed
experimental setup was presented on page 101.

Investigated Properties Tables 6.1 and 6.2 show the results of our experiments. The p col-
umn lists the used values for the parameter p, which determines the weights of the wta, or “—”
if the wta has no parameter. The k column gives the number of different trees in the corpus;
recall that the corpus focuses on the & best trees of the respective wta. The last columns give
the results of the experimental runs. Each row contains the statistics of one run with deacti-
vated --normalize flag (“no” column) and one run where this flag is activated (“yes” column).
An entry has the form “i/n”, “i/n (m)”, or “—/n” where i, n, and m are integers. The integer
n is the total number of iterations of the algorithm. Let M be the wta determined by the first
two columns of the respective row, and let M, be the wta returned in the ¢-th iteration of the
cbsm algorithm in the respective experimental run.
« If the entry has the form “i/n”, then crisp(M ;) and crisp(M) are isomorphic. We say
that M was (fully) recovered
« If the entry has the form “i/n (m)”, then crisp(M ;) is a sub-wta of crisp(M') up to iso-
morphism, and M has m more non-zero weighted transitions than M ;. We say that M
was partially recovered. Intuitively M ; lacks m non-zero weighted transitions to make
it a full recovery.
« If the entry has the form “—/n”, then M was neither fully nor partially recovered.

For some wtas, the lowest used p value is rather high (e.g., 0.89 for the wta pathlength-
leftmost-20-4). This is necessary to get consistent wtas. The numbers for k£ might seem specif-
ically chosen (e.g., we often used k = 26 instead of nice round numbers like 20 or 30), but if
not stated otherwise there is no specific reason for the choices. In some cases, to avoid numer-
ical problems, we limited & such that the ratio of the weight of the best tree and the k-best tree
is not too large. This applies to chains-2, chains-6, and chains-2-or-3 where the maximal used
value for k gets smaller with greater values for p. Only for pathlength-leftmost-20-4 the values
405 and 1302 for k were chosen intentionally, which we will explain later.

<

Discussion The tables show that the algorithm successfully recovered the original wta in
many cases. The results suggest to activate the --normalize flag because, if the wta was
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recovered without normalization, then it was also recovered with normalization, while the
reverse implication does not hold. Presumably, normalization helps to prevent that the al-
gorithm chooses mergers that turn out to be bad in the long run. This is important because
the algorithm works greedily (cf. Assumption 6.3.3) and therefore cannot recover from a bad
merge decision from a previous iteration.

Also, most table rows show that a run of the algorithm with activated --normalize flag
needs less iterations than a run without it. This is expected because normalization mitigates
the generally larger impact of larger merges on the likelihood. Surprisingly, there are some ex-
amples where a run with normalization needs more iterations than without normalization (e.g.
for pathlength-leftmost-20-4 with p € {0.94,0.95} and k € {405, 1302}). This can be explained
by the enforcement of bottom-up determinism because some merges in earlier iterations can
imply that only large merges are possible in a later iteration without breaking bottom-up de-
terminism.

Let us now look into some examples in more detail. The recovery of the wta in Table 6.1
succeeds for all tested instances if normalization was used and the corpus size is large enough.
The wtas in this table have in common that they mostly deal with monadic trees. Only wta
chains-2-and-3 is a slight exception: With this wta the non-zero weighted trees have a non-
monadic root node, but the rest is still monadic.

In contrast to that, the wta in Table 6.2 cannot be recovered in all cases. All these wtas deal
with non-monadic trees. The algorithm succeeds for the wta pathlengths-210-2, pathlengths-
210-6, and pathlength-leftmost-20-2, but fails for the wta pathlength-leftmost-20-4, zig-zag-200-2,
and zig-zag-pathlength-200-2. The first two wtas check whether a given property holds for
every path of a tree. Conversely, the last four wtas check a property only for a specific path
in a tree while the subtrees offside this path are arbitrary. This might render the recovery of
one of the last four wtas especially difficult because “the algorithm can’t see the forest for the
trees”: The algorithm works by investigating the counts of the subtrees in the corpus. In the
corpus every tree has a path with the desired property, but offside that path there are often
many subtrees that do not represent that property.

Requiring a property only for a single path also seems to affect the quality of the corpus in
the sense that the relative counts in the corpus poorly resemble the probabilities assigned by
the wta. For example for the wta pathlength-leftmost-20-4 with p = 0.89 and p = 0.94, the
smallest k such that the corpus contains a tree whose leftmost path has a length greater than 4
is k = 405. Up to k = 1272 the corpus does not contain another tree with this property. With
k = 1302 you find 7 more different trees with this property, but then again up to k& = 4074
you do not find any more trees with this property. This is the reason for choosing k£ = 405
and k = 1302 for our experiments. For p = 0.95 the smallest k for finding a tree with that
property is even k = 1271; we did not reflect this in the experiments.

The relative frequencies of the leftmost path lengths in such a corpus do not represent the
probabilities as given by the respective original wta very well. For example with p = 0.89
and k = 1302 we have that more than 99.97% of the corpus!? consists of trees whose leftmost
paths have length 4. Conversely, considering the probability distribution given by the wta, the
probabilities of trees whose leftmost paths have length 4 sums up to only 0.89. Presumably,

12 | More formally that means 99.97% < (3

t such that leftmost path has length 4 C(t) ) / | ¢ | !
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normalization
wta P k no yes
chains-2 0.00001 26 25/ 26 1/ 2
2 states 330 329/330 1/ 2
~ 0.1 26 25/ 26 1/ 2
N 203 116/117 1/ 2
RAES
I 0.5 26 25/ 26 1/ 2
v |.2
B 31 14/ 15 1/ 2
@ 0.9 10 7/ 8 1/ 2
chains-6 0.00001 26 28/ 30 1/ 3
6 states 100 102/104 1/ 3
5y 0.1 26 28/ 30 1/ 3
' o 100 102/104 1/ 3
Y| o>
I 0.5 26 20/ 28 1/ 3
¥ 1.5
B 31 15/ 17 1/ 3
o 0.9 10 8/ 10 1/ 3
chains-2-or-3 0.00001 26 —/ 39 —/ 5
6 states 330 —/495 2/ 4
~ 0.1 26 —/ 39 2/ 4
V2 330 —/495 1 3
,.y o
N 0.5 26 —/ 39 1/ 3
v |2 124 —/184 1/ 3
2
al|® 0.9 26 24/ 26 1/ 3
40 26/ 28 1/ 3
chains-2-or-3-or-5  0.00001 60 —/ 88 —/ 4
30 states 330 —/449 1/ 4
~ o 0.1 60 —/ 88 —/ 4
|8 330 —/449 5/ 8
v |ed
D bes 0.5 60 —/ 88 1/ 4
Tz 330 —/449 1/ 4
o & 0.9 60 —/ 88 1/ 4
220 —/299 1/ 4
chains-2-and-3 0.00001 26 34/ 37 27/ 30
7 states 330 —/389  333/336
/‘7\ 0.1 26 34/ 37 27/ 30
Y ) 330 —/389  332/335
! (S
Yy oy 1B 0.5 26 34/ 37 27/ 30
. Z 330 369/372  331/334
Zly a|”
“3 0.9 26 33/ 36 27/ 30
o 330 362/365  330/333

Table 6.1.: Results of the experiments with artificial wtas for (mostly) monadic trees. The struc-
ture of the table is described in Section 6.5.2.
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normalization
wta P k no yes
pathlengths-210-2 0.56 26 25/ 26 21/ 22
2 states 330 221/222 211/212
0.6 26 32/ 33 28/ 29
330 210/211 184/185
0.7 26 33/ 34 29/ 30
330 218/219 200/201
0.9 26 33/ 34 28/ 29
330 228/229 227/228
pathlengths-210-6 0.67 26 46/ 48 (1) 36/ 38 (1)
6 states 330 402/404 338/340
0.7 26 45/ 47(1) 32/ 34 (1)
330 427/429 366/368
0.8 26 46/ 48 (1) 35/ 37 (1)
330 384/386 336/338
0.9 26 45/ 47 (1) 37/ 39(1)
330 316/318 284/286
pathlength-leftmost-20-2 0.8 26 28/ 29 25/ 26
2 states 330 195/196 190/191
0.85 26 22/ 23 19/ 20
330 —/165 159/160
0.9 26 26/ 27 22/ 23
330 —/197 179/180
pathlength-leftmost-20-4  0.89 26 30/ 33 (6) 30/ 30 (6)
4 states 405 —/146 —/141
1302 —/350 —/269
094 26 35/ 38(6) 33/ 35(6)
405 —/157 —/198
1302 —/306 —/371
095 26 28/ 31(6) 26/ 28 (6)
405 220/223 (4)  291/293 (4)
1302 —/835 —/967
zig-zag-200-2 - 26 —/ 32 —/ 29
4 states 330 —/282 —/270
512 —/248 —/246
1024 —/663 —/694
zig-zag-pathlength-200-2  — 26 —/ 19 —/ 16
4 states 330 —/215 —/211
512 —/268 —/287
1024 —/119 —/262

Table 6.2.: Results of the experiments with artificial wtas for non-monadic trees. The structure
of the table is described in Section 6.5.2.
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6. Count-Based State Merging

this small number of trees with a length of the leftmost path greater than 4 in the corpus makes
it hard for the algorithm to detect the regularity on that path. Further experiments are needed
to explore if the algorithm still fails if the relative frequencies of trees with different leftmost
path lengths is closer to the probability distribution given by the wta.

6.6. Experiments with the Penn Treebank

In this section we present our results of experiments with a fraction of the Penn Treebank. We
look at four runs of our algorithm with different parameters.

The Penn Treebank [MSM93] is a collection of English sentences together with their syntactic
structure. The sentences originate from different sources. One source is the Wall Street Journal.
Some of its articles from the eighties contribute 49 208 sentences to the Penn Treebank. There
are other sources, which are partly equipped with additional information; however, we will not
consider sentences from these sources. The syntactic structure of a sentence consists of part-
of-speech information about the words of the sentence and information about how the words
of the sentence are put together to a hierarchy of sentence components to form the complete
sentence.

These information are available in different formats. We only consider the format that rep-
resents all the information for a sentence in a single tree. Such a tree has at least height 3. The
leaf nodes of the tree read from left to right make up the English sentence. Every parent node
of a leaf has only this leaf as a child and its label contains the part-of-speech tag (cf. Table 6.4)
of the English word at the leaf. The other nodes represent the hierarchical structure of the sen-
tence and their labels are called bracket labels (cf. Table 6.3)."* Some trees also contain predicate
argument structure annotations [Mar+94], which is structural information that cannot be rep-
resented by a tree. This information is represented by additional leaf nodes and by additional
information in some node labels.

In some experiments we will apply a binarization to the trees before running cbsm (Algo-
rithm 6.1). A binarization is an injective mapping from arbitrary trees to trees that exclusively
contain nodes with at most two children. The practical purpose of binarization is to give the
algorithm more possibilities to generalize the corpus. In Chapter 7 we take a closer look at the
purpose of binarizations in general and formal properties of some concrete binarizations.

Experimental Setup For our experiments we use the Wall Street Journal data from the third
release of the Penn Treebank.' In particular we use the zeroth section® for training and the

13 | In natural language processing, labels of leaf nodes are sometimes called terminals and labels of inner nodes
are called non-terminals. The part-of-speech tags are occasionally called preterminals. We do not use these
terms with this meaning to avoid confusion with the definition of some of these terms in the context of formal
grammars and automata.

14 | Marcus, Mitchell, et al. Treebank-3 LDC99T42. Web Download. Philadelphia: Linguistic Data Consortium,
1999. https://catalog.ldc.upenn.edu/LDC99T42
Successor of:

Marcus, Mitchell, Beatrice Santorini, and Mary Ann Marcinkiewicz. Treebank-2 LDC95T7. Web Download.
Philadelphia: Linguistic Data Consortium, 1995. https://catalog.ldc.upenn.edu/LDC95T7
15| treebank_3/parsed/mrg/wsj/00/wsj_00{01..99} .mrg
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6.6. Experiments with the Penn Treebank

Penn Treebank
parameters Vanda cbsm .
i section 0

[sequence of Wtas} vanda parse [« SCdUeNCe of|_] yield
sentences
Penn Trebank for each wta sequence
complete of trees

Penn Treebank
section 23

Vanda recognize-trees count states evalb
[recognizable trees count} [number of states] [F—measure}

Figure 6.6.: Experimental setup for experiments with the Penn Treebank. Data is depicted by
rounded boxes, functions are depicted by angular boxes. Note that we preprocess
the Penn Treebank such that the trees’ leaves are part-of-speech tags. Therefore in
our experiments a sentence is a sequence of part-of-speech tags.

23rd section'® for testing. This amounts to 1921 trees for training and 2 416 trees for testing.
Before using those trees, we preprocess them:
« we remove predicate argument structure annotations (by --penn-filter),
« we remove the leaves (by --defoliate) in order to get trees with part-of-speech tags
at the leaves, and
+ in some experiments we binarize the trees (by --binarization=leftbranchingl).
This binarization preserves the yield, i.e., if f is the binarization, then for every tree ¢
we have yield(t) = yield(f(t)).

For training we use a beam-width of 10 000 (by --beam-width=10000) and we restrict the
merges (by --restrict-merge=terminals) in order to only merge states that represent trees
with the same root terminal (cf. Section 6.3.1, page 98). We conducted four different trainings
by varying two parameters:

« disabling or enabling binarization (--binarization=leftbranching1), and

« disabling or enabling normalization (--normalize).
Figure 6.6 summarizes the steps for a single training including the calculation of the properties
that we introduce in the next paragraph. The version of vanda we used for training is from
2017-05-17 15:15."7

Investigated Properties Recall that cbsm (Algorithm 6.1) yields a sequence of wtas. We will
compare these wtas on the basis of different properties. To quantify the linguistic quality of a
wta M, we consider the following properties:

16 | treebank_3/parsed/mrg/wsj/23/wsj_23{00..99}.mrg
17 | The Git commit of this version is 970ec82a094d4£35cdad49b09d9e49341fb7040f.
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6. Count-Based State Merging

« The number of (preprocessed) trees ¢ in the Penn Treebank that have a non-zero weight
[M](t). We call this the recognizable tree count of M.

» The parsing performance of M in terms of the bracketing F-measure using our test cor-
pus. In detail that means, for every (preprocessed) tree ¢ from the test corpus, we first de-
termine its yield w = yield(t). Then we parse w using M, i.e., we determine a tree ¢ such
that yield(f) = w and [M](£) is maximal; in a formula: ¢ = AGMAX,, i)y [M](E).
Since this is done for every tree from the test corpus, we get another corpus consisting of
the parsing results. This corpus is compared with the test corpus using the tool evalb.'®
The tool compares corresponding trees from the two corpora and calculates the bracket-
ing F-measure to evaluate the similarity between the two corpora.'” The F-measure is a
value between 0 % and 100 %, where a value of 100 % means that the corpora are identical.
If we evaluate wtas that were trained on binarized trees, then we undo the binarization
in the parsing results before comparing them to the (unbinarized) trees in the test corpus.
Note that nothing needs to be changed in the parsing itself because the used binarization
preserves the yield.

Furthermore we look at trivial properties like the number of states.

Figures 6.7 to 6.10 visualize those properties for the wtas generated in the four different
experiments. The x-axes show the iteration in which the respective wta was generated, the
y-axes show the values of the respectively indicated property. In each figure, we only show
the data for the last iterations of the algorithm; the concrete intervals are stated in the captions.

In the plots for the bracketing F-measure, if a data point has a red color, then many parse
errors occurred, i.e., many of the yields of the trees from the test corpus could not be parsed.
Since elements from the test corpus that lead to parse errors are completely ignored by evalb,
the values of these red data points are not very meaningful.

The horizontal gray lines in the plots highlight some special property values, which we
describe in the following. Note that, depending on the range of the y-axis, not every special
property value is included in every plot.

In the plots for the recognizable tree count, we highlighted the size of the training corpus
(1921 trees) and the size of the Penn Treebank (49 208 trees) because these are the bounds for
the recognizable tree count in our experiments (every resulting wta assigns non-zero weights
to the trees from the training corpus).

In each plot for the bracketing F-measure, we highlighted the maximal value; the vertical
gray line indicates the corresponding iteration. In Figures 6.7 and 6.8 we additionally high-
lighted the value for the last iteration. These are the plots for the experiments without bina-
rization; note that in these experiments the wta resulting from the last iteration coincides with
the read-off wta (cf. Definition 4.3.1). This is due to the used merge restriction (--restrict-
merge=terminals).

Discussion of Investigated Properties The plots for the experiments without binarization
(Figures 6.7 and 6.8) clearly show that the wta with the best bracketing F-measure exceeds

18 | We use the version from November 3, 2013. Downloadable at:
http://nlp.cs.nyu.edu/evalb/ or https://github.com/Flupp/evalb.
19 | For details we refer to the README file of evalb.
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6.6. Experiments with the Penn Treebank

the bracketing F-measure of the trivially computable read-off wta (cf. Definition 4.3.1). We get
the best results with a wta from the experiment without binarization and with normalization
(71.06 %).

Interestingly the recognizable tree count still rises significantly after the maximum peak in
the bracketing F-measure. This is probably the case because for the recognizable tree count a
test tree is either accepted by the wta and therefore counted, or it is not accepted and therefore
not counted. However, the bracketing F-measure already rewards partial matches of a parsing
result and the respective test tree. While the mergers after the peak increase the recognizable
tree count even more, they presumably have the side effect of destroying the structures that
were favorable for the bracketing F-measure before.

The results for the experiments with binarization (Figures 6.9 and 6.10) are rather bad. Still,
the maximal bracketing F-measure is much better than the bracketing F-measure for the wta
resulting from the last iteration (i.e., the read-off wta). However, the maximal bracketing F-
measure is much lower than the bracketing F-measure for the read-off wta. Maybe this can be
improved by a more clever merge restriction that takes the binarization into account.

All four experiments (Figures 6.7 to 6.10) have in common that only the last iterations yield
wtas that do not cause significantly many parse errors with our test corpus (recall that the red
color of data points in the lower plots indicates a large number of parse errors). A similar be-
havior can be seen in plots for the recognizable tree count: Only with the wtas from the last
iterations a significant amount of trees from the Penn Treebank is accepted. These are the rea-
sons why we limited our plots to the last iterations. We see two potential explanations for these
results: One reason could be overfitting to the training data, i.e., the wtas from earlier itera-
tions do not accept many trees besides those in the training corpus. For the other explanation,
note that the wtas in the last iterations do not have many more states than the read-off wta,
especially in the experiments without binarization (Figures 6.7 and 6.8). So maybe the wtas in
earlier iterations already generalize the corpus significantly, but these generalizations just do
not include the generalizations needed to deal with the test data.

Discussion of Linguistic Plausibility Let us now focus on the experiment without bina-
rization and with normalization (Figure 6.8). Figure 6.11 visualizes the merges in the last it-
erations of the algorithm; especially all merges occurring after the peak in the bracketing F-
measure are depicted. In this figure, each node of a tree represents a state. Nodes with labels
starting with g represent unmerged states from the canonical wta. Each other node represents
a state that results from merging the states represented by the node’s children; if such a node
is depicted as a leaf, then we just omitted to draw the subtrees to keep the graphics succinct.
The number left of the hash “#” gives the iteration in which the merge was conducted. The
number right of the hash gives the count of the state with respect to the corpus (cf. C?V[ for a wta
M). Note that the count of a node is the sum of the counts of its subnodes (cf. Observation 6.2.4).
Recall that a state of the canonical automaton is a (sub)tree from the corpus. Our merge
restriction (--restrict-merge=terminals) allows us to separate states that have root label
NP - those are depicted in the upper tree — from those states that have root label VP - those
are depicted in the lower tree. Below the leaves, the states (which are trees) from the canonical
automaton that were merged to get the respective leaf are listed. In the lists, the root nodes
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Figure 6.7.: Experiment without binarization and without normalization.

Only the iterations from 15 239 to 15371 are shown.
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Figure 6.8.: Experiment without binarization and with normalization.
Only iterations from 11729 to 11 808 are shown.
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Figure 6.9.: Experiment with binarization and without normalization.
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Figure 6.10.: Experiment with binarization and with normalization.
Only iterations from 18 589 to 19 022 are shown.
Not visible in the upper plot: In iteration 18 592 the number of states drops from
4488 to 861.
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NP: 11808 # 15456
11807 # 13578

11804 # 5503

11805 # 1878
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11802 # 3517
N

11803 # 955
N\
Quoeo #923  11761#190 iy, #765 11799 #1986 11798 # 1379 11797 # 2138 11799 # 8075
PRP NNPPOS  NNP NNP DT NN NNS NN everything
NNP NNP POS DT NNP NNP JJ NNS else
DT JJ NN NN NN
DT NNS
NN NNS
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11806 # 7159
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11793 # 6847

PN X

11739 # 6697

Qursos #127 11769 #185 11782 # 150
VBZ VBP VBN everything
VBD VB else

Figure 6.11.: The last mergers in the experiment without binarization and with normalization.

This graphics is a small excerpt of the output of:
Vanda cbsm show-info --int2tree int2tree.bin.gz info-000011808.bin.gz
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VP  Verb Phrase

6.6. Experiments with the Penn Treebank

Phrasal category that includes all constituents
that depend on a head noun.
Phrasal category headed a verb. [sic]

Table 6.3.: Meaning of some bracket labels in the Penn Treebank. Excerpt from Section 2.1 of
treebank_3/docs/prsguidl.pdf from the Penn Treebank.

2.

3.

7.
12.
13.
14.
15.
17.
18.
19.
27.
28.
29.
30.
31.
32.

CD
DT
I
NN
NNS
NNP
NNPS
POS
PRP
PRP$
VB
VBD
VBG
VBN
VBP
VBZ

Cardinal number

Determiner

Adjective

Noun, singular or mass

Noun, plural

Proper noun, singular

Proper noun, plural

Possessive ending

Personal pronoun

Possessive pronoun

Verb, base form

Verb, past tense

Verb, gerund or preset participle
Verb, past participle

Verb, non-3rd person singular present
Verb, 3rd person singular present

Table 6.4.: Meaning of some part-of-speech tags in the Penn Treebank. Excerpt from Section 3
of treebank_3/docs/tagguidl.pdf from the Penn Treebank. The numbering is
taken over from the original table just for reference. The original table contains 36
part-of-speech tags.
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6. Count-Based State Merging

of the states (trees) are omitted because they are all labeled NP or VP for the respective tree;
e.g., DT NN stands for the tree NP(DT, NN). Note that every listed tree has height 2; any larger
trees are subsumed by the rightmost leaf in both trees. Tables 6.3 and 6.4 list the meaning of
the bracket labels and part-of-speech tags occurring in Figure 6.11.

Since the bracketing F-measure gets worse after conducting most of the depicted merges,
the distinction between the different states represented by the leaves seems valuable. Some of
the distinctions are even linguistically sensible. For example, in the NP tree, the second leaf
subsumes some noun phrases that have a possessive ending (POS). This is sensible because
in general you cannot interchange such a noun phrase with another one without making a
sentence ungrammatical, e.g., you may say “Mary’s bike is new”, but not “He bike is new”
(except “He bike” is, e.g., a company name). The fourth leaf only subsumes noun phrases
that start with a determiner (DT; but note that DT also appears below the sixth leaf). Also this
seems sensible: You may say “The bike is fast”, but not “Car is fast.” The sixths leaf subsumes
noun phrases that deal with nouns that are not proper nouns (NN and NNS, but not NNP and
NNPS). It is not so clear whether this is sensible, especially since singular and plural nouns are
mixed together.

Problems We continue to focus on the experiment without binarization and with normal-
ization as a concrete example. Nevertheless, the stated problems also occur in the other exper-
iments.

Figure 6.12 visualizes the evaluations of the considered mergers of the first iterations. Based
on the heuristic, the algorithm considers only some of the possible mergers for evaluation. We
say these mergers lie in the beam. Recall that the mergers that lie in the beam are sorted by
their heuristic value (cf. Figure 6.2). The position of a merger within the beam is called its beam
index. In Figure 6.12 the mergers that lie in the beam of a specific iteration (x-axis) are depicted
as pixels in the vertical direction, while the vertical position corresponds to the merger’s beam
index (y-axis). The evaluation of a merger is encoded by its pixel’s color (scale on the right-
hand sinde). The merger that is eventually applied in the respective iteration is highlighted by
a blue circle. The figure shows that only in the first iterations a chosen merger can be located
anywhere in the beam (blue circles) and many other good mergers are available (yellow/orange
pixels). But after some iterations the chosen merger is either at the bottom of the beam or at
the upper end. The reason is that many states in the canonical wta have count 1 because the
corresponding (sub)trees occur just once in the corpus. Also, 1 is the lowest non-zero count
that we get with our corpus. Therefore, the heuristic lets the algorithm prefer states with count
1 over other states for merging. Since there are so many states with count 1 in the beginning,
there are enough different pairs of such states for building mergers to completely fill up the
beam until iteration 6 242 (not visible in the plot). For many iterations, the beam only covers
a fraction of these mergers of states with count 1. In the implementation, the mergers that lie
in the beam are always enumerated in the same order (except for mergers that contain states
that resulted from earlier mergers). Therefore, the mergers that are good w.r.t. the evaluation
and make it into the beam are exhausted after some iterations. After that, often all mergers
in the beam have the same evaluation (large red area); in that case the algorithm just chooses
the first merger in the beam. Only sometimes better mergers slide into the beam from above
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103

beam index
log,, evaluation

0 50 100 150 200 250 300 350 400 450 500
iteration

Figure 6.12.: Evaluation of the considered mergers in the first iterations of the experiment with-
out binarization and with normalization. The circles mark the mergers that were
eventually chosen based on the evaluation.

The color map is a fraction of the output of:

Vanda cbsm render-beam --rle --colormapmin=-4 --colormapmax=0

--chunksize=20 --chunkcruncher=maximum statistics-evaluations.csv 0 output.png
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because already applied mergers from earlier iterations make room for other mergers. The
implementation offers the option --shuffle to (pseudo-)randomize the order of mergers with
the same heuristic and hence randomize which of those appear in the beam. Unfortunately, we
have not yet conducted enough experiments to judge if this improves the training result.

Figures 6.7 and 6.8 show a huge drop in the state count after iteration 15246 and after iter-
ation 11 738, respectively. For the experiments in Figures 6.9 and 6.10, the drops at the begin-
ning of the plotted intervals are not visible and only mentioned in the caption, but you find
other noticeable drops in iteration 26 140 and in iteration 18 986, respectively. This is presum-
ably due to our greediness assumption (cf. Assumption 6.3.3). The algorithm prefers the best
merger in every iteration, but at some point there are only bad mergers left. Bad mergers tend
to be rather big mergers, which explains the drop in the state count. Interestingly, normaliza-
tion does not seem to have a significant effect on this behavior. It might be worth trying some
kind of beam search instead of our greedy approach to allow the algorithm to deviate from the
best merger in an iteration if this gives rise to better options in a later iteration.

Despite the relatively small corpus, the runtimes of the trainings in our experiments are
rather long with our current implementation:

binarization normalization runtime®

no no 2.9d
no yes 2.1d
yes no 38.3d
yes yes 13.7d

Table 6.5.: Runtimes of our implementation of cbsm (Algorithm 6.1) for the first 1921 trees
from the Penn Treebank.

The runtime is not evenly spread over all iterations. One might expect that the runtime
per iteration gets smaller with the size of the wta, but we get a completely different picture.
Figure 6.13 shows the runtimes per iteration for the experiment without binarization and with
normalization. Up to iteration 10566 no iteration takes longer than 1.6s — this is why we
omitted the first 10 000 iterations in the figure. But this changes dramatically in the following
iterations. The runtimes in the highlighted area sum up to 95 % of the complete runtime, but
only 7 % of the iterations contribute to that sum. It turns out that many of the explored mergers
in the highlighted iterations are relatively large and that most of the runtime is spent with
saturation of mergers (cf. SATURATE in cbsm, Algorithm 6.1). This is understandable since the
algorithm works greedily (cf. Assumption 6.3.3) and therefore applies all the cheap mergers
(that are mostly relatively small) in the earlier iterations. Conversely, the good news is that
93 % of the iterations are rather cheap and saturation is not a problem at all. To mitigate the
expensive saturation, in many of the iterations it might be possible to stop the loop in SATURATE
earlier if there already is a good fully saturated other merger and it is predictable that the loop
cannot lead to a better merger.

20 | The training was conducted with an Intel® Xeon® Processor E5-2630 v2 (15 M Cache, 2.60 GHz). The numbers
might not be perfectly accurate because occasionally other demanding processes were run in parallel.
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6.7. Comparison to the Approach of Carrasco, Oncina, and Calera-Rubio [COCO01]
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Figure 6.13.: Runtime? per iteration for the experiment without binarization and with normal-
ization.

6.7. Comparison to the Approach of Carrasco, Oncina, and
Calera-Rubio [COCO01]

In this section we investigate an algorithm that was introduced by Carrasco, Oncina, and
Calera-Rubio [COC98; COC01].2! The algorithm is called tree language inference from prob-
abilistic samples (tlips, cf. Algorithm 6.2). The input and output of this algorithm are similar to
the input and output of our count-based state merging algorithm (cbsm, Algorithm 6.1): The
algorithm takes a corpus as input, infers a probabilistic, bottom-up deterministic wta from the
corpus, and outputs this wta. If the corpus is large enough, the output wta at least accepts the
trees from the corpus and, depending on the corpus, the output wta might also generalize the
corpus [COCO01, Theorem 3].

In the following we give an intuitive introduction to tlips (Algorithm 6.2). For the formal de-
tails we refer to the original publications. Afterwards we compare tlips to cbsm (Algorithm 6.1).

Note that Rafael C. Carrasco kindly provided an implementation of tlips (Algorithm 6.2) and
published it on GitHub.?? For our investigations, however, we mostly used our own implemen-
tation in Vanda (command vanda pdta).

The Algorithm Algorithm 6.2 (tlips) expects a corpus c over trees as input. It is assumed
that the corpus ¢ was sampled according to a probability distribution defined by a bottom-up
deterministic, probabilistic wta ). That means, ¢ shall be the result of |¢| random choices of
a tree according to the probability distribution [M]. Therefore technically only integers are
possible as image of ¢; we keep this in mind without changing the definition of corpora.
Viewing the corpus as a random sample of M gives rise to the key idea: The larger the corpus,
the higher the probability that relative frequencies in the corpus are a good approximation

21 | There are two very similar publications from the same authors. Most of the time we will only reference the
newer one.
22 | https://github.com/rccarrasco/tlips
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of corresponding probabilities of M. Algorithm 6.2 (tlips) shows the approach of Carrasco,
Oncina, and Calera-Rubio [COCO01] in our own notation. By comparing relative frequencies,
tlips implicitly builds up equivalence classes of subtrees from the corpus. If the corpus was a
good sample of [M], then these equivalence classes correspond to the states of M.

The function comp determines if two trees belong to the same equivalence class. For this
purpose, the two trees are put in different contexts.?® If for the same contexts the statistics for
the two trees are similar, then these two trees are considered equivalent.

Let us discuss this idea in more detail. Let X' be the alphabet of M. To ease the notation, we
define [M](T) = 3=, _ [M](t) for T C Ty. Let ¢t € Ty,. Based on [M] and depending on ¢,

we define the probability distribution p, over contexts such that for every s € Cy, we have®

- HM]](CE © S8 t)
) = "y o

Intuitively, if an according to [M] randomly chosen tree ¢’ contains ¢ as a subtree, then p,(s)
is the probability that ' also contains s-t. Lett,, t, € Tx. It turns out that, if® r’}, (¢) = r'2(¢),
then p, = p, [COCO1, Equation 17]. So, if p; # p,,, then rgl,[(s) + r%{(e). This can be
seen as (another) generalization of the Myhill-Nerode Theorem [HU79, Theorem 3.9]; other
generalizations exists for (unweighted/B-weighted) tree automata [GS15, Theorem 2.7.1] and
for deterministic, probabilistic P-weighted string automata [CO99, Equation 23].

Instead of checking if p, = p, , tlips (Algorithm 6.2) performs the following similar check
[COCo01, Equation 18; COC98, Equation 16]:

Vs € Cy: Vr € Ch: D, (1) = Pgy, (7). (6.8)

Note that r is a context of depth one. If this condition holds, then tlips assumes that ¢; and
t, are equivalent. Of course, tlips does not know any of the involved probability distributions
because M is unknown to tlips. Instead tlips uses the relative frequencies of subtrees in the
corpus to estimate the needed probabilities.

This is implemented in the function comp and Figure 6.14 visualizes the calculation of the
estimated probabilities. Using the counts from the corpus, the probabilities from above are
estimated as follows:

c(r-s-t c(r-s-t
P, (1) & (c(stl)l> and  pg, (1)~ (0(3752)2)
where € is defined as in line 1 in tlips (Algorithm 6.2). Note that these fractions are calculated
in the function DIFFER, which is called from comp. Since these fractions are only estimations,
in contrast to the probabilities in Equation (6.8), the fractions are not compared exactly. Instead
it is checked if the difference of these fractions exceeds a certain threshold. If this is the case,

23 | Here by contexts we actually mean the special trees as we have defined them in Section 2.3 on page 32.

24 | In fact, we are dealing with conditional probabilities here. To avoid diving too deep into probability theory, we
do not use the typical notions and notations for conditional probabilities.

25 | Recall that r, is the unique non-zero weighted run of a bottom-up deterministic automaton M on a tree .
Hence, %, () is the root state of this unique run. If such a run does not exists, we define r,;(¢) = () assuming
() is not a state of M.
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Algorithm 6.2 Tree Language Inference from Probabilistic Samples [COCO01, Figures 2-4]
Input: .« corpus cover Ty,

e avsuchthat0 < v < 2
Output: « set of states )

+ set of transitions A

1: let ¢ be the corpus over Ty, such that for every s € Ty,
c(s)=> > c(t) [> note that supp(¢) = subs(supp(c))

2: Q «— 0
3: W<« {t|t € supp(c), ht(t) =1}
4: while W #£ () do
: choose t = o (ty, ..., t;) from W such that ht(¢) = min{ht(s) | s € supp(¢)}

tesupp(c) pEpos(t): t|,=s

5
6: W« W\ {t}

7: if 3t € Q: comp(t,t") then

8 A+ AU — o(ty,...t;))
9

: else
10: Q<+ QU {t}
11: A~ AU (t — o(ty,...,t))
12: W~ W U{v(sq,...,5;) €supp(c) | vy € X, sq,...,5, € Q, Fi € [k]: s, =t}

13: function comp(t;,t, € Ty)
14: for s € Cy, such that s - t; € supp(¢) or s - t, € supp(¢) do

15: for r € C}; do

16: if DIFFER(C(7 - s - t1), €(s-t1), ¢(r-s-ty), €(s-ty)) then
17: return false

18: return true

19: function pIFrer(f, m, f',m’)
! 1 2 1 2
> \/Qm ]'Og o + \/2m’ lOg o

20: return ‘% —
AN AN
c(r-s-ty) c(r-s-ty)

Figure 6.14.: Visualization of the functions comp and DIFFER.

c(s-ty) c(s-ty)
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then ¢, and ¢, are assumed to be not equivalent. Checking the threshold is implemented in the
function DIFFER. Note that the threshold gets lower with a growing number of occurrences of
the considered subtrees in the corpus. This makes sense because intuitively the estimations are
more reliable for large corpora.

The main loop of tlips (line 4 in Algorithm 6.2) examines (sub)trees from the corpus in as-
cending order of their height. Trees that still need examination are held in the set W. For
every examined tree it is checked if, according to comp, an equivalent tree was found in an
earlier iteration. If that is the case, the equivalent tree is reused to create new transitions
(line 8). Otherwise the current tree is added to the set of states (line 10) and used for new
transitions (line 11), and also new trees that need examination are added to W (line 12). Note
that possibly not every (sub)tree from supp(c) will be examined in the main loop because it
might never be put into W. We will revisit this fact in the comparison of tlips (Algorithm 6.2)
to cbsm (Algorithm 6.1).

The output of tlips (Algorithm 6.2) only consists of states and (non-zero weighted) transitions
of a wta without concrete weights. However, with the knowledge of the states and the non-
zero weighted transitions, it is easy to also infer their weights from the corpus. Note that tlips
guarantees bottom-up determinism because it only adds trees to W that will induce right-hand
sides of transitions that do not yet occur in A when the tree is added (cf. line 12).

Comparison Let us now compare tlips (Algorithm 6.2) with cbsm (Algorithm 6.1). We start
with the similarities.

Both algorithms output (at least the ingredients for) bottom-up deterministic wtas. For this
purpose, both algorithms need a corpus over trees as input. One can argue that both algorithms
are rather similar because they both use the canonical wta of the given corpus as their starting
point and produce their outputs by merging states: This is obvious for cbsm (Algorithm 6.1),
and in tlips (Algorithm 6.2) we can interpret ¢ as the counts of the states of the canonical
automaton, and therefore we can interpret the equivalence classes defined by comp as the
equivalence classes of a merger that is applied to the canonical wta to produce another wta
M. The output of tlips (Algorithm 6.2) consists of states and transitions from this wta M, but
note that in some cases the output does not contain all states and transitions of this wta (cf.
the third item in the following).

However, besides these similarities we identify four important differences between the two
algorithms.

+ The most obvious difference is that cbsm (Algorithm 6.1) outputs a sequence of wtas
while tlips (Algorithm 6.2) outputs the ingredients for only a single wta.

+ Another difference is that cbsm (Algorithm 6.1) does not distinguish between corpora
that only differ by a scaling factor, i.e., a corpus cand a corpus ¢, where ¢, (a) = s-c(a) for
every a € dom(c) and some s > 0 yield the same results with cbsm. This follows directly
from Lemma 4.6.2 since the decisions of cbsm are exclusively based on the likelihood.
In contrast to that, tlips (Algorithm 6.2) might yield different results for different scalings
of a corpus. This is due to the fact that tlips compares relative frequencies based on a
threshold that depends on the corpus (cf. function DIFFER). For example, let ¢ be the
corpus where c(7"(a)) = 219" for n € [10] and everything else is 0; by 7" () we
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denote the tree consisting of a chain of n y-nodes followed by an a-leaf. The algorithm
will compare ¢(7"())/e(y" () with €(y" 1 (a))/e(y"2(a)). These fractions both
equal 1/2 for every n < 10. But for n = 11, the first fraction equals 0 and therefore
differs from the second. Yet, since ¢(7'°(a)) = 1 and ¢(7°()) = 2, the threshold in
function DIFFER will be relatively large, so DIFFER returns false (if @ < x with  ~ 1.68).
The algorithm will output transitions of a wta that accepts any chain of y-nodes followed
by an a-leaf.

If we scale the corpus by s = 1000, the situation is different. The values of the fractions
are not affected by the scaling since the scaling cancels out. But the thresholds in DIFFER
is much smaller with this scaled corpus. For n = 11 we now have ¢, (v!°(a)) = 1000
and ¢, (7?(«)) = 2000. Therefore only for extremely small o (o < @ with x ~ 6-1077°)
the function DIFFER returns false, otherwise it returns true. For any large enough «, tlips
will return transitions of a wta that accepts only the trees from the corpus.

This also makes sense intuitively: Recall that it is assumed that the corpus is sampled
from an unknown wta. If we consider ¢, with s = 1000, then any tree in supp(c,) was
sampled at least 1000 times. Therefore it is rather likely that the unknown wta assigns a
very low probability or even 0 to the trees that are not in supp(c, ). Conversely, consid-
ering the unscaled corpus c it is rather likely that we missed many non-zero weighted
trees while sampling.

A third difference is that cbsm (Algorithm 6.1) guarantees that the output wta accepts the
trees in the corpus. This is not the case for tlips (Algorithm 6.2). For example consider a
wta that accepts the tree 6(y(«)) and any chain of y-nodes followed by an a-leaf, but no
other tree. For a corpus ¢ sampled from that wta, we expect that ¢(«) and ¢(y(«)) get
some extra counts in contrast to trees with longer v-chains because ¢(«) and ¢(y(«)) are
affected by ¢(d(y(cx))). But this small contrast will only exceed the threshold in DIFFER
if the corpus is large enough. With a small corpus, comp(a, y(«)) might yield true, so
tlips assumes that o and v(«) are equivalent. In this case, the tree d(v(a)) would never
be added to W and therefore tlips would not generate a transition for the J-node.

Also, the two algorithm strongly differ in their runtime performance. Recall that our
implementation of cbsm (Algorithm 6.1) takes days to weeks using the first 1921 trees
from the Penn Treebank as corpus (cf. Table 6.5). With the same corpus, our implemen-
tation of tlips (Algorithm 6.2) only takes 197 s in the worst case. We get the worst run-
time with oo = 2 because then the threshold in DIFFER is always 0, and therefore DIFFER
will maximally often return true, leading to a maximal number of iterations of the main
loop (line 4). The resulting wta when using o = 2 is rather close to the canonical wta
because for nearly every pair of trees comp returns false. With o = 1.9 the result is still
rather close to the canonical wta, but the resulting wta does only accept 5 of the 1921
trees from the corpus (cf. the third difference). This cannot get better with lower values
for o because the more pairs of trees are considered as equivalent, the lesser trees are
added to W for future examinations.

Hence, the third difference makes it difficult to use tlips (Algorithm 6.2) for natural language
purposes because natural language corpora are probably too small a sample for tlips. Also, a
wta might not be powerful enough to really capture natural language. It is not clear, what tlips
outputs if the corpus was sampled with a more powerful device than a wta. Nevertheless, for
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natural language purposes, maybe tlips can be altered to mitigate those problems or maybe the
output of tlips can be used as an input for another algorithm that uses the output as starting
point to search for a better wta.

6.8. Conclusion and Further Research

In this chapter we developed the count-based state merging algorithm (cbsm, Algorithm 6.1)
aiming at applications in natural language processing. We conducted several experiments to
investigate the performance of the algorithm. Also, we recalled the algorithm for tree language
inference from probabilistic samples (tlips, Algorithm 6.2) from the literature [COCO01], and we
compared cbsm to tlips.

The experiments with artificial wtas (Section 6.5) show that, in many cases, cbsm (Algo-
rithm 6.1) is able to recover a wta from a representative corpus. The experiments with the
Penn Treebank (Section 6.6) show that cbsm is able to produce wtas that perform better than
the trivially computable read-off wta.

Besides these positive results, we identified several problems and gave ideas for improve-
ments. The major problem that needs to be solved before cbsm can be used in real applications
is the long runtime (cf. Table 6.5). Also, for real parsing applications an efficient parsing al-
gorithm that is able to deal with practical problems like unknown words is needed. Because
of these current limitations, we omitted a comparison to the Berkeley Parser whose training
algorithm was investigated in Chapter 5.

We have seen that bottom-up determinism makes calculations of likelihoods and maximum-
likelihood estimates cheap, but maintaining bottom-up determinism - at least with our imple-
mentation - is rather expensive (cf. discussion of Figure 6.13). It is not clear if bottom-up de-
terminism is worth these costs: Maybe bottom-up determinism inherently limits the potential
of wtas for applications in natural language processing; at least theoretically bottom-up deter-
minism is a limitation (cf. Theorem 6.1.2). Note that the state-splitting approach in Chapter 5
is not restricted to bottom-up deterministic wtas.

Last but not least we stated Conjecture 6.2.2, which still lacks a proof.
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This chapter is a substantially extended version of the following paper:
Toni Dietze. “Equivalences between Ranked and Unranked Weighted Tree Au-
tomata via Binarization” [Diel6]

In the Penn Treebank [MSM93], there are trees with nodes that have a particularly large
rank, e.g., the subtrees shown in Figure 7.1. One may think of sentences whose constituent
trees require nodes with even larger ranks, e.g., by using a noun phrase that contains a large
compound noun accompanied by many adjectives. Of course, the larger the ranks of the nodes
in the constituent tree the longer the sentence, and the longer the sentence the harder it is to
understand the sentence. However, it is not clear when a sentence is too long or when the
rank of a node is too large. Therefore, when creating a grammar or an automaton to deal with
constituent trees, we do not want to put a fixed limit on the maximal rank of nodes. Instead,
we want to allow arbitrary large ranks, e.g., when listing adjectives before a noun in a noun
phrase.

This is a problem if we want to capture the set of all valid syntax trees with a wta. In fact:
A wta allows only finitely many different ranks in all non-zero weighted trees. This is already
due to the use of ranked alphabets; but even if we used alphabets without ranks (similar to
wcfg-las, cf. Section 3.2) and, consequently, allowed wtas to use an arbitrary number of states
on the right-hand side of transitions, a wta can still only allow finitely many ranks because the
ranks are determined by the transitions and we would only allow a finite number of non-zero
weighted transitions.

These limitations of wtas are mitigated by binarization. Binarization is about encoding ar-
bitrary trees into binary trees, i.e., trees where all nodes have at most rank 2, such that the
original tree can be reconstructed from the binary tree. We use the term binarization on three
different abstraction levels:

+ In the most general context, by binarization we mean the idea of reversibly transforming
trees into binary trees.

« In a more concrete setting, a binarization or binarization strategy assigns to every tree ¢
at least one binary tree ¢" such that the original tree ¢ can be unambiguously recovered
from each assigned binary tree ¢'.

« Finally, we also call ¢’ itself a binarization (of t).

The current abstraction level will always be clear from the context. We also use the verbs bina-
rize and unbinarize for the application of a binarization strategy and for undoing a binarization,
respectively.

Figure 7.2 shows an example tree and its binarization according to left-branching binariza-
tion. This binarization strategy is introduced in Section 7.2.1. It replaces the children of a node
by a chain of Cons symbols terminated by NurL and the original children are attached left to
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NP-SB]J
DT NNP NNP NNP ] NN NN NN

A Financial Times-Stock Exchange 100-share index option contract

treebank_3/parsed/mrg/wsj/00/wsj_0097.mrg, subtree of 34th tree

NP-SB]J

JJ NNP NN NNP NNP ° NNP " NNP

former Gulf Power senior vice president Jacob F. °° Jake " Horton

treebank_3/parsed/mrg/wsj/02/wsj_0279.mrg, subtree of 14th tree

Figure 7.1.: Example subtrees from the Penn Treebank 3 (LDC99T42)'* P3¢ 110 containing nodes
with many child trees.
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Figure 7.2.: An unranked tree and its binarization according to left-branching binarization.
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[unranked tree corpus}

—————————————————

unbinarize

unranked tree

Figure 7.3.: Solid part: Possible use of binarization for training and parsing with wtas. Dashed
part: Viewing the solid part as training and parsing with wutas. Data is depicted
by rounded boxes, functions are depicted by angular boxes.

the chain.

A binarization strategy can now be combined with a wta to represent a weighted unranked
tree language: The weight of an unranked tree is then the weight assigned by the wta to the
binarization of this tree. If there are several binarizations for the unranked tree, then their
weights are summed up.

The solid part of Figure 7.3 shows a way how binarization can be incorporated into exist-
ing training and parsing algorithms for wtas: Before training, the trees of a training corpus are
binarized, and after parsing, the result is unbinarized. Note that the training corpus and the
parsing result consist of unranked trees. Since the children of an unranked node are typically
distributed over several nodes by binarization, the training can now adapt the number of chil-
dren of the unranked node.

For parsing, it is desirable that the maximal number of states in a transition of a wta (or a
similar formalism) is low in order to have a low parsing complexity [BKV13]. For example
the well-known CYK algorithm for cfg parsing requires that the cfg is in Chomsky normal
form, where the number of non-terminals in a rule is either one or three [HU79, Sections 4.5
and 6.3]. Fortunately, the transitions of a wta resulting from training with a binarized corpus
have at most three states. Hence, a wta resulting from the approach presented in Figure 7.3 is
well-suited for parsing with a low complexity.

The combination of a binarization strategy and a wta can be transformed into a weighted un-
ranked tree automaton (wuta). A wuta recognizes an unranked tree language without a detour
through binarization. This is indicated by the dashed part of Figure 7.3.
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This Chapter In this chapter we investigate three different binarization strategies: left-
branching binarization (Section 7.2.1), right-branching binarization (Section 7.2.2), and mixed
binarization (Section 7.2.3). For each strategy we characterize the weighted unranked tree lan-
guage resulting from combining a wta with the binarization strategy. In fact, to simplify the
formalization, we use weighted sorted tree automata (wstas) instead of wtas. For the characteri-
zation of the weighted unranked tree languages, we introduce weighted unranked tree automata
(wutas). For each of our binarization strategies, we show that for every wsta combined with
the binarization strategy there is a wuta that recognizes the same weighted unranked tree lan-
guage and vice versa (Corollaries 7.2.2 and 7.2.4 and Theorem 7.2.9). This is also the case if we
only allow probabilistic wstas and probabilistic wutas (Theorems 7.3.18, 7.3.22 and 7.3.24). All
the proofs provided for our results are constructive.

With these results the training in Figure 7.3 can also be seen as a training for wutas because
we can construct a wuta from the binarization and the wta resulting from training.

Related Work The three binarization strategies we investigate are inspired by the binariza-
tions presented by Matsuzaki, Miyao, and Tsujii [MMTO05]. They use their binarizations for
training and parsing in a way similar to Figure 7.3. Our results give a formal explanation for
why the performance of their training is rather independent from the used binarization.

For the unweighted case, binarizations (also called encodings) were investigated by, e.g.,
Comon, Dauchet, Gilleron, Léding, Jacquemard, Lugiez, Tison, and Tommasi [Com+07, Sec-
tion 8.3]. Their first-child-next-sibling encoding is similar to our left-branching binarization.
Their extension encoding is also used to define stepwise tree automata [CNT04]. A stepwise
tree automaton is defined like a (ranked) tree automaton. It accepts an unranked tree if it ac-
cepts the extension encoding of the tree while the automaton is interpreted as a (ranked) tree
automaton. Hogberg, Maletti, and Vogler [HMV09, Lemmas 4.2 and 6.2] extend this connection
to the weighted case and show that weighted stepwise tree automata and wutas are equally
powerful.

Goguen, Thatcher, Wagner, and Wright [Gog+77] introduced the idea to represent a grammar
or an automaton, e.g., a wuta, by a many-sorted algebra and a homomorphism. This idea
can similarly be found in other formalisms, e.g., generalized context-free grammars [Pol84]
and interpreted regular tree grammars [KK11]. In this work we use wstas instead of using
many-sorted algebras directly.

Weighted unranked tree automata (wutas) were introduced by Droste and Vogler [DV11, Sec-
tion 3].! They were further investigated by Gotze [G6t17], where the semiring weight struc-
ture is replaced by the more general structure of tree valuation monoids. Note that unranked
tree automata (without weights) were already introduced by Thatcher [Tha67, Section II] and
called pseudoautomata.

The definition of wutas incorporates weighted string automata (wsas), which were intro-
duced by Eilenberg [Eil74, Chapter VI, Section 6] and called K-X'-automata, where K is a
semiring and Y’ an alphabet.

1 | Note that Droste and Vogler [DV11] use similar names and abbreviations like we do, but with different meanings:
What is called a wuta by us, that is called a weighted tree automaton (wta) by them. What is called a wta by
us, that is called a ranked wta by them.
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In Section 7.3.2 the idea of Construction 7.3.11 and Lemma 7.3.12 is also known as weight
pushing or just pushing in the context of minimization of weighted string automata and trans-
ducers over various semirings [Moh97, page 296; Moh00, Sections 2.1 and 3.3; Eis03; Moh05,
Section 4.2.3; Moh09, Section 7.3] and weighted tree automata [MQ11]. Construction 7.3.13
and Theorem 7.3.14 are similar to what is known as renormalization when dealing with weight-
ed context-free grammars (wcfgs) over the probability semiring [AMP99, Section 5; Chi99,
Corollary 3; NS03, Section 3]. However, to renormalize a wcfg, its inside weights are required,
which can only be approximated in general. Since we concentrate on wsas over the probability
semiring, we are able to give an exact construction (Construction 7.3.13) and sufficient condi-
tions when the construction is applicable (Theorem 7.3.14).

Our results imply that the class of weighted languages recognizable by probabilistic wsas
is closed under reversal (Corollary 7.3.16). Paz [Paz71, Chapter I, Section A, Theorem 1.8]
presents an analogous result for his probabilistic automata, which are slightly different from
our probabilistic wsas. His construction requires an exponential number of states in compari-
son to the given automaton. Our definition of probabilistic wsas allows the presented construc-
tion (reversal followed by Construction 7.3.13), which does not change the state set at all. Paz’
construction can be easily adapted to our case, yet it is unclear if our construction can also be
adapted to his case.

7.1. Preliminaries

In this chapter we will use sorts to enforce simple properties of trees and wtas. This will help
us in the formalization of binarization and in related proofs. For this purpose we define sorted
alphabets. We then define trees over certain sorted alphabets and sorted wtas; both are just
restrictions of ranked trees and wtas without sorts, respectively.

Let S be a non-empty set of elements we call sorts. An S-sorted alphabet X' is a family
(X) | s € S) of pairwise disjoint sets X(*) where U,cs X(9) is finite and non-empty. To
signify the sort of a symbol o € X*) for some s € S, we write o(*). Recall that we also denote
the set USE g (s) by X and the meaning of X will always be clear from the context. Note that

- Y=U,.q ) is an alphabet,

« if S'is a singleton, then an S-sorted alphabet is equivalent to an alphabet (without sorts)
since the single sort adds no information at all, and

« our definition of ranked alphabets is identical to the definition of N-sorted alphabets.

Let S be a non-empty set and X' be an (S x S*)-sorted alphabet. The family of (.S-sorted)
trees over X, denoted by Ty, = (TTS) | s € S), is defined as the smallest family (T'®) | s € S)
such that for every (s, 5;...5;) € (S x S*), for every o € X(s0:515%) for every t, € T*1),
ooty € T8, we have o(t,, ...,t,) € T*0). Note that Ty, C Uy, so all notions for unranked
trees are also valid for sorted trees.

We extend the definition of rank to (S x S*)-sorted alphabets X by letting rk(o) = |w| for
every o € X5 where s € Sandw € S*. With this definition we have that rk(t],) = rk(t(p))
for every t € Ty, and p € pos(t), i.e., the rank at a position of a sorted tree coincides with the
rank of the symbol at that position. Therefore we view an (S x S*)-sorted alphabet X' also as
a ranked alphabet. Note that Ty, C Ty, and, if S is a singleton, then Ty, = Ty,
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7. Binarization

Many-Sorted Algebras Let S be a non-empty set and let X' be an (S x S*)-sorted alphabet.
A Y-algebra is a pair (A, §) where

. Aisafamily (A®) | s € S) of pairwise disjoint sets (carrier sets) and

« Ois afamily () | o € X)) of functions (operations) where 67): A1) x .. x Alsk) —

A0 for every k € N, sg,...,5, € S,and 0 € X (s0,51--5k)
We call X' the signature of (A,0), and we call A the carrier of (A,0). Often we refer to a
X-algebra (A, 6) only by its carrier A.
Let (A, 0) and (B, §) be two X-algebras, and let A be a family (h(®): A®) — B | s € §)

of mappings. The family h is called a homomorphism (from (A, 0) to (B, 0)) if

W (09 (ay, ..., ay)) = 87 (h) (ay), ..., A (ay,))

for every k € N, s4,...,5, € S, 0 € X051-5) "and a; € A% for every i € [k]. Most of
the time we will consider A as a mapping from A — B where h(a) = h*)(a) for every s € S
and a € A®). This is well-defined because the members of A are pairwise disjoint. Let R be a
commutative semiring. If A1 (b) is finite for every b € B, then we extend h to mappings from
A — R by defining

h: (A—R)— (B—R), f|—><b|—> Z f(a)).

ach~1(b)

A XY-algebra A is called initial if for every Y-algebra B there is a unique homomorphism
from A to B. Intuitively, the elements in the carrier of an initial algebra encode the terms over
the operations of any algebra with the same signature.

The X-term-algebra is defined as the S-algebra (Ty, 6) where 07) (¢, ....t;) = o(ty, ..., t;)
for every k € N, sg,...,5;, € S,and 0 € XY (s0:51--55)  Note that the J/-term-algebra is initial
[BL70, Proposition 15, page 127].

Weighted Sorted Tree Automata (wstas) We will now define weighted sorted tree au-
tomata (wstas). It will turn out that wstas are rather similar to wtas; the only difference is that
wstas have sorts attached to states and terminals, and that weights are only defined for transi-
tions where the sorts of the terminal and the states fit together. Analogously to wtas, we will
define a run semantics for wstas. For that purpose we define runs that also have to be compat-
ible with the sorts. The semantics then ranges only over sorted trees.

Definition 7.1.1 (wsta). Let S be a set of sorts and X a commutative semiring. An K-weighted
S-sorted tree automaton (R-S-wsta) is a tuple (Q, X, I, A) where
« () is an S-sorted alphabet (of states),
« Yisan (S x S*)-sorted alphabet (of terminals),
« I: Q — R is a mapping (root weights), and
e A= (AD: QB0 x ... x QBr — R | (s9,5,...5;) € S xS, 0 € 05150 is a
family of mappings (transition weights). o

Alternatively, the transition weights A could be represented by a mapping

A ( U Q(So) w 3(s0581--81) % (Q(So) X ... X Q(%))) - R

(80,81...55,)ESXS*
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with A’ (qg,0,q,...q,) = A9 (qy,qy...q5,) for every (sq,5,...5,) € S x S*, o € X(50:51-5x)
and q, € Q). ..., q, € Q'*¥). This alternative representation of the transition weights reveals
the similarity between the newly defined wstas and the previously defined wtas (Definition 3.3.1
on page 39).

Let M = (Q, X, I, A) be an R-S-wsta. The size of M is defined by size(M') = |supp(I)| +
Zaezlsupp(A("m. For s € S we call M s-rooted if for every 5 € S\ {s} and ¢ € Q) we
have that 7(q) = 0. We define the relation run,, C Ty, x U such that (¢,7) € run,, iff

« pos(t) = pos(r) and
. for every p € pos(t) letting k € N and s, s, ..., s, € S such that 7(p) € Q®) and
t(p) € X (80:51--55) we have s = S i-e., the sort of the state and the terminal at the same
position match.
For (¢,r) € run,, we say that r is a run of M on t.

Definition 7.1.2 (run semantics of wsta). Let M = (Q, X, I, A) be an R-S-wsta. The weighted
tree language of M, denoted by [M],,,. is defined as

run’

IIMﬂrun: TI—E - ‘SQ7 l= Z I(T(S» : [[M]]llrun(tvr>
rerun,, (t)
where
[M]fun: Tuny, — R, () T A% (r(p), r(p1)..r(prk(t],))). o
pEpos(t)

Note the similarity to the run semantics of wtas (Definition 3.3.2 on page 39). It is easy to see
that wstas and wtas are equally powerful: For every R-wta M’ we can construct an R-S-wsta
M such that S'is a singleton and [M],,, = [M] (note that the domains of both semantics are
the same since S is a singleton). Also, for every R-S-wsta M we can construct an K-wta M’
such that [M'](t) = [M],u(t) for every t € Ty,. By setting to zero the weights of transitions
that are not consistent with the sorts, we immediately get [M '] () = O for every t € Ty, \ Ty..

Weighted Unranked Tree Automata (wutas) We will now introduce weighted unranked
tree automata (wutas). In contrast to wtas, wutas can assign non-zero weights to several trees
where the same terminal appears with different ranks. In order to define wutas, we first have
to define weighted string automata (wsas).

Definition 7.1.3 (wsa). Let R be a commutative semiring. An X-weighted string automaton
(R-wsa) is a tuple (P, X, J, II, F') where
« Pis an alphabet (of states),
X/ is an alphabet (of terminals),
« J: P — X is a mapping (initial weights),
« II: P x X x P — R is a mapping (transition weights), and
« F: P — X is a mapping (final weights). o

By wsa(R, X)) we denote the set of all R-wsas with terminal alphabet X.

Let N = (P, X, J,II, F) be an R-wsa. The size of N is defined by size(N') = |supp(J)| +
|supp(I1)|+|supp(F')|. We define the relation run , to be the set that contains (w, r) iff w € X*
and r: {0, ..., |w|} — P. For (w, ) € run,, we say that r is a run of N on w.
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7. Binarization

Definition 7.1.4 (run semantics of wsa). Let N' = (P, X, J, II, F') be an R-wsa. The weighted
string language of N (by run semantics), denoted by [N],,,, is defined as

[Miwn: & = R, w Z J ) [NV fun (w, ) - F(r(|wl))
where
[N]n: Tuny — R, (wyow,, ) > [ (i = 1), w;,7(0)). o
i€n]

Definition 7.1.5 (wuta). Let X be a commutative semiring. An K-weighted unranked tree
automaton (XR-wuta) is a tuple (Q, X, I, A) where

+ (Q is an alphabet (of states),

« Y is an alphabet (of terminals),

« I: Q = X is a mapping (root weights), and

« A:Q x X — wsa(R, Q) is a mapping. =

Let M = (Q,X,1,A) be an R-wuta. The size of M is defined by size(M) = |supp(I)| +
quQ e Size(A(g, 0)). The number of states of M is defined as |Q| plus the numbers of

states of all wsas in the image of A, i.e., |Q| + (ZNeim(A) number of states of V). We define
the relation run,, C Uy, x Uy, such that (¢,7) € run,, iff pos(t) = pos(r). For (,7) € run,,
we say that r is a run of M on t.

Definition 7.1.6 (run semantics of wuta). Let M = (@, X, I, A) be an R-wuta. The weighted
tree language of M (by run semantics), denoted by [M],,,, is defined as

[[Mﬂrun: UE - ‘%? t= Z [[Mﬂrun<t T)
rerun,(t)
where
[M]un: Tuny, — %, (tr)y =TI [ACG), to)(r(p1)-.r(prk(t],)). o
pEpos(t)

By exploiting distributivity it is easy to find the following equivalent semantics. Let P,
be the set of all states of all wsas in the image of A. We define the relation ex-run,, to be
the set that contains (¢,e) iff ¢ € Uy and e = (7, s) where r € run,,(¢) and s: pos(t) —
U, o ({0, n} — Pyy) such that 5(p) € runp () i) (r(pl)...r(prk(t[,))) for every p €
pos?t For (t e) € ex-run,, we say that e is an extended run of M ont. Note that ex-run,, (¢)
is a relation for every t € Uy,

Definition 7.1.7 (ex-run semantics of wuta). Let M = (Q,X, I, A) be an R-wuta. The
weighted tree language of M (by ex-run semantics), denoted by [M ] runs is defined by

ex-run * UE%R L= Z I( ( )) [[Mﬂex—run( (T7S>)

(r,s)€ex-runy,(t)

[M]
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where

[ - ex—runM — R,

(r,8)) = H I ) [N lan (r(p1)-7 (K, ), 5(p) -, (s(p)(Kp))

pepos(t

run *

where N, = (P,,Q, J,, I, F,) = A(r(p),t(p)) and k,, = rk(t|,,) for every p € pos(t). o

) p7

For every wuta M we have that [M],,, = [M] and for every (t,7) € run,, that

run

Mty = > Mt (1))

s€ex-runy, (t)(r)

ex-run

A similar result was stated by Droste and Vogler [DV11, Definition 6.7 and Observation 6.8].
Let M = (Q, X, I, A) be an R-wuta. The wuta M is called unified if the wsas in the image
of A only differ in the initial weights or do not differ at all. We unify M by constructing the
unified wuta M’ = (Q, X, I, A”) by constructing the disjoint union of all the wsas in M and
replacing every wsa by this union with appropriately adapted initial weights, i.e., A’(q,0) =
(P",Q, 1, ,, 11", F") where
« (P @Q,Jy 5 1, 5, F, ) = Alg,0) forevery g € Q and o € X,

q,00 4 q,0
« PP={p,,lq€Q, 0eX, peP,}

« forevery ¢ € Q and o € X we let

J40(Pg0) = J4.0(P)s
' (py.51 4, Pg0) = 1 -(p,q, D),
F'(pyo) = F,.(p)

for every ¢ € Q and p,p” € P, ,, and every other value of J; ,, [T, and F is 0.

Let M = (Q,X,I,A) be a unified wuta. Since all wsas in M have the same transition
weights and the same final weights, an implementation of unified wuta could store these
weights only once for all wsas. Therefore we define the unified size of M by usize(M) =
|supp(I)|+|supp(II)|+ |supp(F)| +ZqEQ7062]supp(Jq,U)] where IT and Frepresent the tran-
sition and final weights of every wsa in M and J, , represents the initial weights of A(g, o) for
every g € Q and o € X. Analogously, we define the unified number of states of M as |Q|+ |P)|
where Pis the set of states of every wsa in M.

Notational Remarks In the following, analogously to wtas, we will drop any indices and
primes from the semantic brackets [-] for wstas, wsas, and wutas. It will always be clear from
the context, which semantics is meant.
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4o
g
‘ D1

Cons
& \{% 9o
o

A o
« Cons & h \iq gs "7
&Y 2 Py 9 N3 Py
Ps / \ '? ﬁ) 2 ",
Y

NuLL Cons «Q Y B
k- —> F=—>
‘p(i q3/ \p4 Ps "b\> i —]3’\ Dy
Cons 6  NuLL 6 7
(6%
Q4/ \p7 ‘ 4} A
« NULL NULL Pg
Ps
NuLL

Figure 7.4.: Left-branching binarization of a tree and the original tree including corresponding
runs of left-related wsta and wuta.

7.2. Relating WSTAs and WUTASs via Binarizations

In this section we present three different binarization strategies. We formalize the binarization
strategies by surjective mappings h: T, — Uy, where Y is an alphabet and [ is a sorted
alphabet with the maximum rank of a symbol being 2. In fact, such a mapping h will be a
homomorphism between two many-sorted algebras. We binarize a tree ¢t € Uy, by applying
the inverse of h. Note that there might be several different binarizations for ¢ if h is not injective.

We show that wstas together with any of the presented binarizations and wutas are equally
powerful; formally: for each presented binarization h we have that for every wuta M there is
a wsta M’ and vice versa such that [M] = h([M']), ie, [M](t) = > " [M](t") for
every t € Ty, (Corollaries 7.2.2 and 7.2.4 and Theorem 7.2.9).

t'eh1

7.2.1. Left-Branching Binarization

Our first binarization is inspired by the LEFT binarization of Matsuzaki, Miyao, and Tsujii
[MMTO05, Figure 6]. It is similar to first-child-next-sibling encoding [Com+07, Section 8.3.1]. It
transforms an unranked branch into a sequence of branches growing rightwards (cf. Figure 7.4).

Let X' be an alphabet and let S = {T, H} be a set of sorts. Intuitively, T is the sort for trees
and H is the sort for hedges (sequences of trees). Based on X and assuming Cons, Nurr ¢ X,
we define the (S x S*)-sorted alphabet I'by '™ = 53 [(HTH) — fcons}, ') = {NurL},
and all other family members are empty. We call I the left-branching alphabet (for X).

We now use [ as a signature for many-sorted algebras. There is a unique homomorphism
h from the I*term-algebra into the S-sorted algebra ((A®) | s € S),(0, | ¢ € I')) where
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A — U, AH) — (U,

Vo e X:0,(t,..t,) = o(ty, ... t}),
Ocons (tor t1-tx) = Loty by,
ONurL() = €.
We call h the left-collecting homomorphism (for X). Figure 7.4 (ignoring the states for now)
illustrates h. Note that & is a bijection, where h(t')(p) = t'(12°2=11...12P»~11) for every

€ TT}T) and p = p;---p,, € pos(h(t")).
Now let M" = (Q', I',I’, A”) be a R-S-wstaand M = (Q, X, I, A) be an R-wuta. We say
that M and M’ are left-related if
« I'(p) = 0 for every p € Q'™ ie., M is T-rooted,
cQ=Q,
« I(q) = I'(q) for every ¢ € Q'", and
. for every g, € Q and 0 € ¥ we have A(qy, o) = (Q'™, Q'™

Jgp0 (D) = A" (gg,p),
(p,q,p') = A'CON)(p ¢, p'), and
F(p) = ANULL) (p)

II, F) where

’ 40‘7’

for every g € Q"™ and p,p’ € Q'™
Assume that M and M’ are left-related. In that case, M is unified. It is easy to see that the
unified number of states of M equals the number of states of M’ and usize(M) = size(M").

Theorem 7.2.1. Let X' be an alphabet, I the left-branching alphabet for X, and h the left-
collecting homomorphism for X. Let M be a wuta with terminal alphabet 3 and let M’ be a
wsta with terminal alphabet I'. If M and M’ are left-related, then [M] = h([M"]).

Recall that h([M'])(t) = >, _, ®
the equation in the theorem is equlvalent to [M'](t") = [M](h(t")) for every t" € Tp.

[M"](t") for every t € Uy.. Hence, since h is a bijection,

Proof. Assume that M and M’ are left-related. Figure 7.4 shows an example tree and its
image under h. Moreover it shows a run and its image under the function f: run,, —
ex-run,, that is defined as follows: For every (¢',7’) € run,, and p € pos(h(t)) we let p’ =
12,1711...1270 711 and define f(t',7") = (h(t'), (r,s)) where r(p) = r’(p’) and s(p)(i) =
1’ (p'12") for every i € {0, ..., rk(t|,) }. Note that f is a bijection.

Let (t',r") € runy, and( ( T, )) = f(t',r"). We show that [M](¢, (r,s)) = [M'](t",r")
while letting NV, = (P,,Q, J,, 11, F,) = A(r(p),t(p)) and k, = rk(t|,) for every p € pos(t).

[, (r, S))

= H J( ) - IN(r(p1)...r(pk,), s(p)) - F,(s(p)(k,))  (by Definition 7.1.7)
pepos(t)

- H J,(5(p)(0)) - ( [T 17,(s(p)i = 1), 7o), 5(0)(0)) ) - F, (s(p) k)
pepos(t i€lk,] (by Definition 7.1.4)
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= I 2 (o). s(p)(0)) - ( TT A O (s(p)(i 1), 7(pi), s(p)(0)))

pEpos(t) €[k,

. A/(NULL) (s(p)(k,)) (by definition of left-related)
= II  aveDe () ()

pepos(t), p/=12°1-11...1271pI 11

(T a2 (a2t (1274, 7 (p'121)) )
i€lk,]

. A/(t/(p’wk”))(r/(p/lz’fp)) (by definition of h and f)

— H A'(t/(p,”(r/(,o/),T/(p/l),...,r’(p’ rk(t”\p,)))
p'epos(t’) (by commutativity of - and definition of h)
= M), ") (by Definition 7.1.2)

Since by definition of left-related the root weights I and I” are essentially the same, this im-
mediately implies that [M](t) = [M"](t"). q.ed.

Corollary 7.2.2. Let X' be an alphabet, I' the left-branching alphabet for X, and h the left-
collecting homomorphism for 2.
e For every wuta M with terminal alphabet X,
there is a T-rooted wsta M’ with terminal alphabet I’
such that [M] = h([M']), and
e for every T-rooted wsta M’ with terminal alphabet T,
there is a wuta M with terminal alphabet X
such that [M] = h([M']).

Proof. Note that the definition of left-related can be read as a construction of a wuta given a
wsta and vice versa. Also we may assume w.l.o.g. that the wuta M in the second item is unified.
Hence, the corollary follows directly by the definition of left-related and Theorem 7.2.1. q.e.d.

7.2.2. Right-Branching Binarization

Our second binarization is called right-branching binarization. It is based on the RIGHT bina-
rization of Matsuzaki, Miyao, and Tsujii [MMTO05, Figure 6]. You will note that right-branching
binarization is very similar to left-branching binarization. The differences revolve around the
new symbol Snoc, which replaces the symbol Cons.

Let X' be an alphabet and let S = {T,H} be a set of sorts. Based on X and assuming
Snoc, Nutr ¢ X, we define the (S x S*)-sorted alphabet I'by I'™H) = 5 P(HHT) — foyocl,
') = INuir}, and all other family members are empty. We call I" the right-branching
alphabet (for X).

We now use [ as a signature for many-sorted algebras. There is a unique homomorphism
h from the I*term-algebra into the S-sorted algebra ((A®) | s € S),(0, | ¢ € I')) where
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do
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Figure 7.5.: Right-branching binarization of a tree and the original tree including corresponding
runs of right-related wsta and wuta.

AM = Us, AF = (Un)™,

VO‘ € 2: 00'<t1tk’) - G(t17 7tk’)’

Osnoc by Ty tyy1) =ty bytyin,
ONurL() = €.

We call h the right-collecting homomorphism (for X). Figure 7.5 (ignoring the states for now)
illustrates h. Note that h is a bijection, where h(t')(p) = t/(11%0=,12...11¥n-1=Pn2) for every
' € T\ and p = p,--p,, € pos(h(t')) letting k; = rk(h(t)]
Note that ¢/ (11%0=r12...11%-17,i211%:) = Nurr.
Now let M" = (Q', I',I’, A”) be a R-S-wstaand M = (Q, X, I, A) be an R-wuta. We say

that M and M’ are right-related if

« I’(p) =0 forevery p € Q'™ ie., M’ is T-rooted,

L Q=Q,

. I(q) = I’ (q) for every ¢ € Q'", and

. for every g, € Q and 0 € ¥ we have A(qy,0) = (Q"™, Q'™ J, I, F, ) where

po..p,) foreveryi € {0,...,n—1}.

J(p) = ANUL) (),
I(p,q,p') = A'SNC) (g, p), and
F<1070'<p> = A/(U) (qu)

for every ¢ € Q'™ and p,p’ € Q'™.
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Assume that M and M are right-related. In that case, the wsas in the image of A may only

differ in the final weights, or, in other words, then reversing all wsas in M results in a unified

wuta. Let M be the wuta where every wsa in M is reversed. It is easy to see that the unified

number of states of M equals the number of states of M’ and usize(M) = size(M’).
Analogous to Theorem 7.2.1 we have the following theorem.

Theorem 7.2.3. Let X be an alphabet, I' the right-branching alphabet for X, and h the right-
collecting homomorphism for X. Let M be a wuta with terminal alphabet X and let M’ be a
wsta with terminal alphabet I'. If M and M’ are right-related, then [M] = h([M']).

Since h is a bijection, the equation in the theorem is equivalent to [M’](t) = [M](h(t)) for
everyt € .

Proof. The proof is analogous to the proof of Theorem 7.2.1. Figure 7.5 depicts a run and its
image under the function f: run,, — ex-run,;, which is needed for the proof. q.ed.

Corollary 7.2.4. Let X be an alphabet, I' the right-branching alphabet for X, and h the right-
collecting homomorphism for X.
e For every wuta M with terminal alphabet X,
there is a T-rooted wsta M’ with terminal alphabet I"
such that [M] = h([M']), and
e for every T-rooted wsta M’ with terminal alphabet T,
there is a wuta M with terminal alphabet X
such that [M] = h([M']).

Proof. Analogous to the proof of Corollary 7.2.2. q-ed.

7.2.3. Mixed Binarization

We now have a look at a binarization where the direction of growth may be flipped at arbitrary
positions from rightwards to leftwards; cf. CENTER-PARENT and CENTER-HEAD binarization of
Matsuzaki, Miyao, and Tsujii [MMTO05, Figure 6]. For this purpose, let S = {T,H,H}. Intu-
itively, T is the sort for trees, and H and H are sorts for hedges (sequences of trees). We distin-
guish two sorts for hedges because later we define operations that add elements to hedges, and
for hedges of sort H we only add elements at the left end while for hedges of sort H we only
add elements at the right end. Based on Y and assuming Fuip, Cons, NuLL, SNoc, NULL ¢ Y, we
define the (S x S*)-sorted alphabet I"by

oo = 5 AT — (Fp),
F(H,E) — {NULL}, F<H’TH) = {CONS},
e — (Norr), THT) — fonoc),

and all other family members are empty. We call I"the mixed-branching alphabet (for XJ). There
is a unique homomorphism h from the I-term-algebra into the S-sorted algebra ((A®) | s €

142



7.2. Relating WSTAs and WUTAs via Binarizations

do
do
A o A
<y .
'L Pt \1514 qM D3q4.p,
f P2q,.p
t, ty ts

Figure 7.6.: Undoing a mixed binarization via Construction 7.2.8. The left tree is one possible
mixed binarization of the right tree. The extended run on the right tree is con-
structed from the depicted run on the left tree. The arrow in the left tree indicates
the processing order of the constructed wuta. Note that the arrow touches p; twice.

S),(6, | 0 € ') where 2 AT = Uy, A® = A® = (Uy)*, and

VYo e X Ho(tltk)> = U(tl, "'?tk)’ QFLIP(tl“'tk’tk+1> = tl"‘tk'tk'+1’
ONurL() = &, Ocons (to t1--tk) = tot1- -ty
ONoz() = & Osnoc (t1 -tk tk+1) =1y Aty

We call h the mixed-collecting homomorphism (for 3'). Unfortunately, this homomorphism is
just surjective, but not bijective. That means, there may be several possible binarizations of
an unranked tree. Given a wsta M’ we will construct a wuta M, such that the weight of an
unranked tree ¢ under M is the sum of weights of all binarizations » () under M".

Figure 7.6 shows an unranked node with the three subtrees ¢, ¢,, t; on the right-hand side
and one possible binarization with the binarized subtrees ¢}, t5, t5 on the left-hand side. Note
that the rightmost subtree ¢3 is attached to the node labeled Frip, yet this node is located in the
middle of the tree. Therefore, if we follow the path from the root to the leaf labeled NottL, we
find ¢/, t5, and ¢}, in this order. For the indicated run, we find the states in the order p;, p;, p3.
Da-

Conversely, in the unranked case we find the subtrees in the order ¢,, ¢, t5. This is indicated
by the arrow in the left tree of Figure 7.6. Therefore, in a run of a wsa from the constructed
wuta, we have to pass along the information that we visited the state p; because we need it at
the rightmost subtree ¢;. Additionally, since each transition of the wsa deals with one subtree,
but the NULL node has no subtrees, we have to guess a child and pass on this guess in the state.
The constructed run is depicted in the right tree of Figure 7.6.

2 | By definition, the carrier sets of a many-sorted algebra must be disjoint; however, we violate this condition for
A™ and A®, This could be fixed by defining, e.g., A® = {H} x (Uy)* and A™ = {H} x (Uy)*. However,
to ease the notation we adhere to A™ = A® = (Uy)*. It will always clear from the context from which
carrier an element comes from.
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Figure 7.7.: Sketch of a P-trapping wsa where P consists of the states in the dashed rounded
rectangle. States are depicted by circles and non-zero weighted transitions are de-
picted by arrows.

In this section we investigate a construction (Construction 7.2.8) that transforms a wsta over
a mixed-branching alphabet into a wuta following the intuition of Figure 7.6. In order to make
the final construction more manageable, we start with the investigation of wsas of a special
form.

Let N = (P,X,J,II,F) be awsaand P C Pa set. The wsa N is called P-trapping if
J(p) = 0 for every p € P and II(p,0,p) = Oforeveryp € P,o € X, andp € P\ P.
Figure 7.7 sketches an example of a P-trapping wsa. It is easy to see that, if V' is P-trapping,
then for every (w,r) € run, and 4,5 € {0,...,|w|} such that 7(i) € P and r(j) ¢ P we
have [V](w, r) = 0. In other words: As soon as a P-trapping wsa enters a state from P, it is
“trapped in P”, i.e., subsequently it may only enter states from P, otherwise the weight of the
run is 0.

Let V be a P-trapping wsa and (w,7) € run,,. The run r is called P-trapped if there is an
¢ € [|w| + 1] such that r(0),...,r(¢{ —1) € P\ P and r({),...,r(Jw|) € P; we then call ¢
the P-trap position in r. Note that £ = |w| + 1 if no state in 7 is from P. Also note that
[N](w,r) = 0if r is not P-trapped.

In the following construction, given a P-trapping wsa, we construct a wsa where the trapped
part of every run of the original wsa is reversed.

Construction 7.2.5. Let N = (P, X, J,II, F') be a P-trapping wsa. The P-reversal of N is
the wsa N’ = (P, X, J’, I’ F") where

« PP =(P\P)UP where P"={p,,|peP,oce X, se P\ P} and
. for every p,7,5s € P\ P,p,7 € P,and 0,0’ € X we let
J'(p) = J(p), '(p,o,r) = (p,o,r),  F'(p,s) =1(s,0,p),
H/<8707 ?U,s) = F(F)’ F/(p) = F(p>5
H/<po'/,sv g, ?J,s) = H(fv o', ﬁ)’
and every other weight is 0. o

We continue using the variables from the previous construction. It is easy to see that the

number of states of N/ is in O(|P|? - | X|) and that size(N”') € O(|P| - | X| - size(N)).
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Note that N/ is P’-trapping. Let run be the largest set such that run C run,, and every run
in run is P-trapped. We define the mapping revs: run — run,, such that for every (w,r) €
run letting n = |w| and letting ¢ be the P-trap position in r we have revs(w,r) = (w’,r’)
where 7' (0) = r(0) and

(w,, r(z)) ifi<¥,
_ . —_ .
) (o, pa,p) ifi > ¢, where p=r({ +n—1),

0= Wy, _; and
p=r(f—1).

for every i € [n]. Note that w’ = wywy...w, ; w,w,, ...w,. Also note that 7’ is P’-trapped
with P’-trap position /. It is easy to see that rev is injective.

Lemma 7.2.6. Let N be a P-trapping wsa and let N be the P-reversal of N'. Then

[N’ 77) - F (7 (Jw']))
_ {[[N]](w, r)- F(r(lw|)) ifthereis (w,r) s.t. (w',r") = revy (w,r),

0 otherwise.

for every (w’,r") € run,,, where F'and F’ are the final weights of N and N, respectively.

Proof. In this proof, we use the variable bindings from the construction of the P-reversal (Con-
struction 7.2.5). Also, let n = |w’|. For the first case in the equation, let £ be the P-trap position
in7’. If £ = n + 1, then the lemma follows immediately by the definition of P-reversal and the
definition of rev . If ¢ < n, then we have the following. Fori € {/,...,n} we have v’ (i) € P’.
So 7/ (1) is of the form P, ,» which allows us to define the following three notations:

r(i)=p, (i), =0 and  7(i),=s.
Using this notation, we have:

[N’ 77) - E7 (7" (n)

= <H I (r'(i—1), wj, 7“(1))) - F'(r'(n)) (by Definition 7.1.4)
i€[n]

= H (' (i —1), w;, W(z))) < F(r'(0)) (by definition of P-reversal)
ie[l—1]

(' (@), /(i = 1), v (i = 1))) I (r'(n)y, (), 7/ (n))

ie{l+1,...,n}
= H I(r@Ei—1), w,, r(z))) - F(r(n)) (by definition of rev )
i€[l—1]
I(r(0 4= 3), w1+ m— i+ 1)) - (€~ 1), g, 7(0)
ie{l+1,..,n}
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= H H(r(i—1), w,, r(z))) - F(r(n)) (substituting i by £ + 1 +n — jin 2nd [])
ie[l—1]
(r(j = 1), wy, 1)) - (€= 1), wp, 7(0))
je{n,n—1,..0+1}
= [N](w,r) - F(r(Jwl])) (by commutativity and Definition 7.1.4)

This concludes the first case in the equation. By the definition of rev ., the second case in the
equation applies to (w’, ") where
« 7’ is not P’-trapping, or
« 1’ is P’-trapping with P’-trap position £ < n and there is a position i € {/,...,n} such
that r/(¢), # wj orr’ (i), # r'({ —1).
In both cases we have [N'](w’,r’) - F’(r'(n)) = 0 by definition of P-reversal. q.ed.

Lemma 7.2.7. Let N be a P-trapping wsa and let N’ be the P-reversal of N (Construc-
tion 7.2.5). Then for every w € X* we have 3 [N](w) =3_ _ . [N']}(w).

Proof. We use the variable bindings from Construction 7.2.5 (P-reversal).

> [V](w)

weX*

= Z J(r(0)) - [N](w,r) - F(r(Jwl|)) (by Definition 7.1.4)
(w,r)€run,,

= Z J(r(0)) - [N](w,r) - F(r(lwl|)) ([NV](w,r) = 0 if r not P-trapped)

(w,r)€runy,:
r is P-trapped
= J(r(0)) - [N’ ") - F7 (7 (Jw'])) where (v, ") = revy (w,r)

SnuisTllDetrrl;E;id (by Lemma 7.2.6)
= J'(r'0)) - [N'](w',r") - F' (v (|w'])) where (w’,r") = revy (w, )
(w,r)Eruny, :

i Paramed (by Construction 7.2.5 and def. of rev)

= J (' (0)) - [N'](w',r") - F' (" (Jw'|)) (by injectivity of rev)
(w’,r")€im(revy)
= J (' (0) - [N J(w',r") - F/(r" (Jw'])) (by Lemma 7.2.6)
(w’,r")erun,.,
= > [V](w) (by Definition 7.1.4)
we X+
q-ed.

We now have all the ingredients we need to finally transform a wsta over a mixed-branching
alphabet into a wuta following the idea of Figure 7.6.

Construction 7.2.8. Let X be an alphabet, S = {T,H,H}, and I the mixed-branching al-
phabet for Y. Let M’ = (Q',I',I’, A”) be a T-rooted R-S-wsta. We construct the R-wuta
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= ('™, x, I, A) where for every g € Q' Mando € X we let I(qy) = I'(qp) and let
A(qy, o) be the Q'™ -reversal of the wsa Nogso = (Q'W U™ @M, Jgo.00 I, F) where

Jgoo®) = A (qo,p).  H(p,q,r)=A"CN)(p qr), F(p)=ANI(p),
(p,q,7) = AT (p, 7 q)
=\ _ ’ S =\ , W _
Jyp0 (D) =0, 1I(p,q,7) = AN (B 7.q),  F(p) = AN (p),
I(p,q,7) =0,
for every p,r € Q'™ p,7 € Q'™ and g € QM. O

Note that )V, , in the construction is @’ (H)_trapping and by the definition of the Q’(®-reversal

(cf. Construction 7.2.5) we have for every ¢, € Q') and for every o € X that A(qy,0) =
(P,Q'™, J,II, F) where

J(p) = A" (gq, p), H(p,q,r) = AN p q.r), F(p,,) =P (s pq)
(s, q,7,,) = AU (7 ), F(p) = ANUIL) (),
H(pq 57Q7 q,s ) SNOC ( )

for every p,r,s € Q'™ p,7 € Q'™ and ¢, ¢’ € Q'™ and every other weight is 0.

In Construction 7.2.8, with the results for Construction 7.2.5, we have that the number of
states of a single wsa in M is in O(|Q’|?) and its size is in O(|Q’|? - size(M")). Note that M
is unified. Therefore it is easy to see that the unified number of states of M is in O(|Q’|?) and
that usize(M) € O(|Q’|? - size(M")).

Theorem 7.2.9. Let X be an alphabet, S = {T,H,H}, I" the mixed-branching alphabet for X,
and h the mixed-collecting homomorphism for 3.

For every T-rooted R-S-wsta M’ with terminal alphabet I, there is an R-wuta M with ter-
minal alphabet X' such that [M] = h([M']). The wuta M can be effectively determined by
Construction 7.2.8.

The proof of the theorem is partly very similar to the proofs of Lemmas 7.2.6 and 7.2.7. There-
fore we encourage the reader to read those proofs first.

Proof. Let M’ be a T-rooted K-S-wsta with terminal alphabet I We show that the wuta M
constructed by Construction 7.2.8 has the required property.

Lett’ € Tpand let ¢t = h(t"). We first define the helper function b, : pos(t) — pos(t’),
which maps a position from the unranked tree ¢ to the corresponding position in the binarized
tree t', i.e., t'(by (p)) = t(p) for every p € pos(t). The function b,/ is inductively defined. We
define b,/ (¢) = € and for every p € pos(t) and i € N.; such that pi € pos(t) we define
by (pi) as follows: Let p’ = by (p) and let k = rk(t]p/).i Also, if the subtree t| ,; is of the
form Cons(..., ...(..., Cons(..., FLp(..., ...)))), then we let £ € [k] such that ¢’(p’12°"!) = Fur,
otherwise we let £ = k + 1. We define

. p12¢711 ifi <,
bt’ (IOZ) = r100—11k—i .
p 125721572 if i > 4.
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We now define the function f: run,,, — ex-run,, (analogously to the proof of Theo-
rem 7.2.1). Figure 7.6 visualizes this mapping. For every (t',7’) € run,,, we define f(t',7") =
(t,(r,s)) where t = h(t’) and (r,s) € ex-run,,(t) such that for every p € pos(t) letting
p" =by(p) wehave r(p) = r’(p’) and letting k and / as in the definition of b,, above we have
for every i € {0, ..., k}

' (p'12%) ifi < ¢,
D if 1 > ¢, where

Note in contrast to h that f is injective.

Now we show that [M'](¢t',r") = [M](f(t',r")) for every (t',r") € run,, . For this
purpose we first look at only a single factor of the big product in the definition of [M]., ., (cf.
Definition 7.1.7). Let (t',r") € run,,, let (¢, (r,s)) = f(t',7"), let p € pos(t), let p" = b,/ (p),
let k =rk(t|,), and let N = (P, Q, J, I, F') = A(r(p), t(p)). We define

[M1,(t, (r,5)) = J(s(p)(0)) - [N](r(p1)...r(pk), s(p)) - F(5(p)(K)).

Again, let £ be as in the definition of b,,. Assume that ¢ < k, i.e., FLip was used to binarize the
node at position p of ¢, so we have t'(p’12¢"1) = Fuw. For i € {/, ..., k} we have that s(p)(i)
is of the form P,y which allows us to define the following three notations:

Using this notation, we can transform [M] (¢, (r, 5)) as follows.

[M1, (L, (r,5)) = J(s(p)(0)) - [IN](r(p1)...r(pk), s(p)) - F(s(p)(K))
= J(s(9)0)) - ( T H(s(p)i = 1. 7(pi),5(0)(0))) - Fls(p)(K))  (by Deinition 7.1.4)
i€[k]
= AN (r(p). 5(0)0)
[1 A€o (s(p)(i — 1), r(pi), s(p)(0))
i€[l—1]
- AYNULL) (55 (7)) (by Construction 7.2.8)
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= A (), (D))

(T A2 e (o127, (o120 1), (01129))
ie€[f—1]

_A/(t’(p/12e’1lk’zl))(T,/(p/12é—11k—€1))
A/(t/(p’m‘f*llk*il)) (T’(p/ 1961 1k7i1)’

T/(p/ 12€71 1I~z7i+11)7 T/(p/ 12€71 1k7i+12))>
AT (p1287 ) (p 12071, (p7120712))

ie{l+1,...,k}

(by definition of h and f)

Note that in the last transformation step every transition in the Cons-Frip-Snoc-NUIL chain
starting at position p’ in ¢’ is accounted exactly once.

If £ > k, then Furp is not involved in the binarization of the node at position p in ¢ and we
therefore can transform [M] (¢, (r, s)) as in the proof of Theorem 7.2.1 (note that there this
transformation is part of the transformation of [M](, (7, s))).

Using the above transformation, we now show that [M](¢, (r,s)) = [M'](t",r"):

Mt (r,8) = ] M, (r,s) (by def. of [, and Definition 7.1.7)
pEpos(t)
= I a0 () (1), ot (0 1k(#],))
p’ €pos(t’)
(by transformation of [M] ,, commutativity of -, and definition of h)
= M), r") (by Definition 7.1.2)

According to our above quantifications, this holds for every (¢,(r,s)) € im(f). For every
(t,e) € ex-run,, \ im( f) we have by Construction 7.2.8 that [M](¢,e) = 0.
All in all we have

[M](t) = Z I(r(e)) - [M](¢, (r,s)) (by Definition 7.1.7)

(r,s)€ex-run, ()

= > I(r(e)) - [MI(, (r,8))  (IM](E,e) = 0if (¢, ) & im(f))

(r,s)€ex-run,; (t)Nim(f)

= Z I(r(e)) - M)t r") where (t',7") = f~1(t,(r, s))

(r,s) Eex-runy ()Nim(f) (by above transformation and injectivity of f)

= Z I'(v () - [M'](t,7") where (t',7") = f~L(t, (r,5))

(r,5) €ex-runy, (¢)Nim(f) (by Construction 7.2.8 and def. of f)
= Z I'(r'(e)) - [M'](t,r") (by injectivity of f)
(t',r")€run,,/ :
h(t' )=t
= Z [M](t). (by Definition 7.1.2)
t'eh=1(t)
q-e.d.
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For the inverse direction of Theorem 7.2.9, i.e., constructing a wsta given a wuta, note that
trees resulting from left-branching and right-branching binarization are also valid binarizations
w.r.t. mixed binarization (modulo different node labels). Therefore the results from the previous
sections can be applied.

7.3. The Probabilistic Case

In this section we revisit the results from the previous section, but this time we only consider
the probability semiring and demand that the automata are probabilistic. A probabilistic au-
tomaton can be viewed as a device that generates strings or trees by randomly choosing the
transitions that shall be applied. For that purpose the weights of applicable transitions must
always sum up to 1 and also the weights of all strings or trees must sum up to 1.

For every binarization strategy h from the previous section, we show that we can construct
a probabilistic P-wuta M given a probabilistic P-wsta M’ such that [M] = h([M’]) and
vice versa. The challenge is to ensure the semantic property that [M] = h([M’]) while also
ensuring the syntactic property that certain transition weights sum up to 1.

We start by further investigating wsas (Sections 7.3.1 and 7.3.2) to lay the groundwork for
the results regarding wstas and wutas (Theorems 7.3.18, 7.3.22 and 7.3.24 in Section 7.3.3).

7.3.1. Additional Preliminaries About WSAs

We introduce some additional definitions and results for wsas that help us in the later sections.
Properties of WSAs Note that the definitions and results of this paragraph are not restricted
to the probability semiring.

Let R be a zero-divisor free, commutative semiring, N' = (P, X, J, I, F') an R-wsa, and
p € P

« The state p is accessible (in ') if there is (w,r) € run, such that 7(|w|) = p and

J(r(0)) - [N](w,r) # 0.

« The state p is terminating (in N') if there is (w,r) € run,, such that 7(0) = p and

INN(w,r) - F(r(|lw|)) # 0.

« The R-wsa N is called accessible or terminating if every state of V' is accessible or ter-
minating, respectively.

« The K-wsa NV is called reduced if V' is accessible and terminating. In other words: NV is
reduced if for every state p € P there are (w,r) € run,, and i € {0, ..., |w|} such that
r(i) = pand J(r(0)) - [N](w,r) - F(r(lw])) # 0.

Construction 7.3.1. Let R be a zero-divisor free commutative semiring. Additionally let
N = (P,X,J,II,F) be an R-wsa. We say we reduce N by constructing the R-wsa N’ =
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(P, X, J',II', F") where®
P ={p e P[3(w,r)€runy: J(r(0) [N](w,r)  F(r(lw[)) #0
AFi € {0, ..., Jw[}: r(i) = p},

and J'(p) = J(p), I’ (p,o,p’) = II(p,o,p’), and F'(p) = F(p) for every p,p’ € P’ and
oe . =

Observation 7.3.2. For the wsa N and N’ from Construction 7.3.1, we have that
e N’ is reduced,
° TUnN;, O runye,
o [N](w) = [N'](w) for every w € X*, and
o [N](w,r) = [N'"](w,r) for every (w,r) € run,..

Properties of WSAs over the Probability Semiring From now on we will concentrate on
the probability semiring.
AP-wsaN = (P,X,J,II,F) is called

« out-probabilistic if for every p € Pwe have F(p) + EUGZJ p,ePH(p, o,p)=1,
« semi-probabilistic if it is out-probabilistic and Z J(p) =1,
- convergentif 3 _ . [N](w) is finite,

consistent if this sum is 1, and

« probabilistic if it is semi-probabilistic and consistent.

These notions are strongly influenced by Dupont, Denis, and Esposito [DDE05]. We now take
over some results from these authors and generalize some of them slightly.

Lemma 7.3.3 (Dupont, Denis, and Esposito [DDEO05, Corollary 1]). Let N be a P-wsa. If N is

semi-probabilistic, then
> VIw) <1

we X+
Lemma 7.3.4. Let N = (P, X, J,II,F) be a P-wsa. If N is out-probabilistic, then
> IVI(w) <> JI(p)
wel* peP

Proof. The lemma obviously holds if ZPGPJ(p) = 0. Otherwise, let N/ = (P, X, J' I, F)
where J'(p) = J(p)/ ZpePJ<p>' By the definition of run semantics (Definition 7.1.4), we

have
>V = Y IVIw) /3 J0)
we ¥ we X+ peP
Hence, by Lemma 7.3.3, the lemma follows immediately. q-ed.

3 | Since R is zero-divisor free, the set P’ can easily be constructed by a reachability analysis in a graph constructed
from the non-zero weighted transitions of V.

151

out-probabilistic
semi-probabilistic

convergent
consistent

probabilistic



matrix
index sets

entry

transpose

7. Binarization

Lemma 7.3.5 (Dupont, Denis, and Esposito [DDE05, Proposition 2]). Let N be a P-wsa that
is semi-probabilistic. Every accessible state of N is terminating if and only if N is consistent.

This implies that every semi-probabilistic and terminating or even reduced P-wsa is consistent
and therefore probabilistic.

Lemma 7.3.6. Let N' = (P, X, J,II, F) be an out-probabilistic P-wsa. Every accessible state
of N is terminating if and only if N is convergent and

Y IVIw) =" J(p).

we X+ peP

Proof. The lemma obviously holds if Zpe pJ(p) = 0 because then there is no accessible state.
Otherwise, let N/ = (P, X, J’,II, F) where J'(p) = J(p)/zpepJ(p). Note that N is
semi-probabilistic. Also note that every accessible state of N’ is terminating if and only if this
is the case for V. By the definition of run semantics (Definition 7.1.4), we have

D IVIw) =Y [INI(w) /Y I ().

we X+ weX* peP

Hence, by Lemma 7.3.5, N is consistent if and only if } _ [N](w) = Epep J(p). qed.

Lemma 7.3.7. Let N be a P-wsa. If N is out-probabilistic and terminating, then the P-wsa
obtained by reducing N (Construction 7.3.1) is also out-probabilistic and terminating.

Proof. Let N = (P, X, J,II, F) be an out-probabilistic and terminating P-wsa and let N/ =
(P",X,J’,II', F") be the P-wsa obtained by reducing V. By Construction 7.3.1, N is termi-
nating since V is terminating. We now prove by contradiction that V' is also out-probabilistic.
Assume that N’ is not out-probabilistic. That means there is a p € P’ such that F’(p) +
ZUG Spep I’ (p,o,p’) # 1. Then, since NV is out-probabilistic, there isa p € P \ P’ such
that I1(p, o, p) # 0. Since N is reduced, p is accessible in N’ and therefore also in V. Since
II(p,0,p) # 0, also p is accessible in V. Since NV is terminating, p is also terminating in V.
So p is accessible and terminating, hence p € P’, which is a contradiction. q-e.d.

Defining WSAs Using Matrices For our following considerations we use an alternative
view on wsas using matrices. This view allows us to use results about matrices for our proofs.
Besides, we can formulate our results more elegantly.

We first define some basic notions about matrices. Let R be a set, and let I and J be finite,
non-empty sets. An I X J matrix (over R) is a mapping from I x J — R. Let Abean I x J
matrix. The sets I and J are called the index sets of A. The elements of im(A) are called entries.
Assuming I and J are totally ordered, A can be viewed as a table with |I| rows and |J| columns
containing values from X. Instead of A(i, j) we write (A), ; fori € Iand j € J; if [ or J
is a singleton, then we just write (A), or (A),, respectively, and we say that Aisa 1 x Jor
I x 1 matrix, respectively. If both, [ and J, are singletons, then we identify A with its single
entry. Note thata 1 x I or I x 1 matrix over X may be viewed as a mapping from I — X. The
transpose of A, denoted by A", is the J x I matrix where (A"); ; = (A), ; for every i € I and
jed
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Now, let R be a semiring. A zero matrix, denoted by 0, is a matrix where every entry is 0;
the index sets of a zero matrix will always be clear from the context. Let A and Bbe I x J
matrices over R. The matrix sum of A and B and the matrix difference of A and B (if there
are additive inverses), denoted by A + B and A — B, respectively, are the I x J matrices such
that for every¢ € Tand j € J

(A+ B)i,j = (A)i,j + (B>i,j and (A— B)i,j = <A>i,j - (B)i,j'
Additionally, let K be a finite, non-empty set. Let A be an I x J matrix over X and Ba J x K
matrix over R. The matrix product of A and B, denoted by A - B, is the I x K matrix where
foreveryi € ITand k € K

(A ) B)i,k = Z(A>u ) (B)j,k-
jeJ

Now, let A be an I x I matrix over R. If i # j implies (A), ; = 0 for every i, j € I, then A
is called a diagonal matrix. Let X: I — X be a mapping; by diag(X) we denote the diagonal
matrix D where (D), ; = X (i) for every i € I. An identity matrix, denoted by Id, is defined as
diag(X) where X (i) = 1 for every i € I; the index set I will always be clear from the context.
For n € N we inductively define A™ by

Id ifn =0,
A" =
A-A"1 ifn > 0.

Note that for matrices over a semiring and with fitting index sets we have that

« the matrix sum is associative,

» the matrix sum is commutative,

+ 0 is an identity element w.r.t. the matrix sum,

» the matrix product is associative,

« Id is an identity element w.r.t. the matrix product,

+ 0 is an absorbing element w.r.t. the matrix product, and

« the matrix product distributes over the matrix sum.
Hence, for an index set I and a semiring X the set of I x I matrices over R together with the
operations from above also define a semiring.

Still, let A be an I x I matrix, but now over R. We call A invertible if there is an I x I matrix
Bsuchthat A- B = B- A = Id. Note that B is unique if it exists and can be determined
effectively. Therefore we call B the inverse of A and denote it by A=, Let X: I — R_o- Note
that diag(X) is invertible and that (diag(X))™" = diag(X") where X": I — R, such that
X' (i) = (X(i)) ! for every i € I.

Theorem 7.3.8 (Heuser [Heu06, instantiation of Theorem 12.4, page 109]). Let I be a finite,
non-empty set and let A be an I x I matrix over R. If the Neumann series Znew A" converges,
then Id — A is invertible and
(d—A)t =) A
neN
We now describe a view on wsas using matrices. Let (P, X, J, I, F') be an R-wsa. We will
interpret Jas a 1 x Pmatrix, F'as a P X 1 matrix, and we will write IT (@) for the P x Pmatrix

defined as <H(U))p,p’ = II(p,o,p’) forevery o € X, p,p’ € P.
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7. Binarization

Definition 7.3.9 (matrix semantics of wsa). Let N' = (P, X, J,II, F) be an R-wsa. The
weighted string language of N (by matrix semantics), denoted by [N, is defined as

Wpw: &5 = Ry wyew, s J - (ﬁ ) - F. o
=1

Recalling the run semantics of wsas (Definition 7.1.4), we note that [N],.. = [V]
Chapter VI, Corollary 6.2; page 137].

[Eil74,

run

Lemma 7.3.10. Let X be a complete commutative semiring and N = (P,X J,II,F) an
R-wsa. Then we have

Z[[N]](w):ZJ-Ai-F where A:ZH(”).

we X+ ieN oeX

Proof. We can transform the left-hand side of the equation in the lemma as follows.

Z [IN](w) = Z Z [N (wy...w;) (by definition of X*)

we X+ iEN wy,..., w;€X

— Z Z J - (ﬁ H(wj)) - F (by Definition 7.3.9)
j=1

ieEN wq,...,w;€X

= Z J - ( Z ﬁ I (wj)) - F (by distributivity)

ieN Wy w; €8 j=1

= Z J- (H Z H(")> -F (by Lemma 2.2.2)
€N j=1 oceX

= Z J-A"F (by definition of A and [])
ieN

q-ed.

7.3.2. Constructing an Out-Probabilistic WSA from a Converging WSA

In this subsection we show that each converging P-wsa can be transformed into an equiv-
alent out-probabilistic P-wsa (Theorem 7.3.14). This result is important for some proofs in
Section 7.3.3.

For the results in this subsection, we exploit the fact that the elements of the probability
semiring (except co) are real numbers: In intermediate calculation steps we sometimes use
subtraction and division with elements from the probability semiring. Subtraction might result
in negative numbers, which are not part of the probability semiring; however, we ensure that
no negative numbers end up as weights in a P-wsa.

For the main theorem (Theorem 7.3.14) of this subsection, we need the following construction
and lemma. The idea of the construction is to change the weights of a P-wsa locally without
changing its semantics. For this purpose, the weights of “incoming” transitions (including
initial weights) of some state p are scaled by some factor = while the weights of “outgoing”
transitions (including final weights) of p are scaled by 1. Weights of transitions from p to p
itself do not change. Figure 7.8 visualizes this idea. Construction 7.3.11 applies this idea to all
states simultaneously.
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7.3. The Probabilistic Case

&) s

Figure 7.8.: Changing weights 7, ..., 7 at state p of a wsa with a positive real x.

Construction 7.3.11 (cf. weight pushing in related work, page 133). Let N = (P, X, J, 11, F)
be a P-wsa and let X: P — R . We construct the P-wsa

N’ = (P, X, J-diag(X), II’, diag(X)™! - F) where
II'%) = diag(X)~! - I1\9) - diag(X) foreveryo € . o

Lemma 7.3.12 (cf. weight pushing in related work, page 133). For N and N’ from Construc-
tion 7.3.11, we have that [N] = [N'].

Proof. Letw € X*. Using the matrix semantics of wsas (Definition 7.3.9), it is easy to see that for
every factor diag(X) in [V'](w) there is the adjacent factor diag(X)~! and vice versa. q.e.d.

Construction 7.3.13 (cf. renormalization in related work, page 133). Let N = (P, X, J, 11, F)
be a convergent and reduced P-wsa. Also, let A = ZUE o1 (#), Then Id —A is invertible and

we construct the P-wsa N/ by applying Construction 7.3.11 to N with X = (Id—A)"1- F. o

Theorem 7.3.14 (cf. renormalization in related work, page 133). For every convergent P-wsa
there is an equivalent out-probabilistic and reduced P-wsa, which can be effectively determined
by Construction 7.3.13.

Proof. Let NV be a convergent P-wsa. Without loss of generality we can assume that NV is re-
duced (cf. Construction 7.3.1 and Observation 7.3.2). Let A be defined as in Construction 7.3.13.
We first show that Id — A is invertible. For every p,p’ € Pand i,k € N we have

00 > Z [N](w) (by convergence)
wer*
= Z J- Al F (by Lemma 7.3.10)
jeN
> Z J-ATF (by dropping summands)
j>itk
:ZJ.Ai.AJ‘.Ak.F (by def. of A7)
JEN
> Z(J CAY), (AT, (A . F )y (by dropping summands from matrix product)
JeEN
=(J A", <Z(Aj)p7p/> (AF-F),. (by distributivity)
JEN
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Since V' is reduced, there are i,k € N such that (J - A%), > 0 and (A" - F),, > 0; therefore
ZjeN(A])P’P’ < oo for every p,p” € P. Hence, ZJ,GN A’ is a converging Neumann series, and
therefore by Theorem 7.3.8 the inverse of Id — A exists and is equal to this sum.

Since Id —A is invertible, Construction 7.3.13 may be applied to . We now show that the
constructed wsa is out-probabilistic. The definition of X in the construction may be trans-
formed as follows:

X=(d-A)"1 F
= (d—-A) - X=F (by def. of inverse)
= X—A-X=F (by distributivity)
= X=F+A-X
< diag(X) ' X =diag(X) ! F +diag(X) ' A - X (by distributivity)
= (1...1)7T = diag(X)™! - F + diag(X) ™! - A - diag(X) - (1 ... 1)T
(since X = diag(X) - (1...1)T)

— Vpe P: 1= (diag(X)!- F), + (diag(X)~!- A - diag(X) - (1 ... 1)T)p
<  VpeP: 1=(diag(X)""-F),+ ) (diag(X)""-A-diag(X)),

v'ep (by def. of matrix product)
= VpeP: 1= (diag(X) "' F),+ Z (diag(X)~' - I1'?) - diag(X)),, ,»

o€XP'€P  (by def. of A and distributivity)

The last transformation step exactly resembles the definition of out-probabilistic for N”.

In order that Construction 7.3.11 can be applied, it remains to be shown that every entry of X
is strictly positive. Recall that every entry of A is non-negative and that for every p € Pthere
isa j € N such that (A7 - F'), > 0. This implies that every entry of (Id —A4)~' = Zjew Al is
non-negative and that every entry of X = (Z]EN A7) - Fis strictly positive.

Allin all X is well defined and we can apply Construction 7.3.11 to N and X, which yields a
P-wsa N that is out-probabilistic as shown above and satisfies [N'] = [N’] by Lemma 7.3.12.
Since every entry of X is strictly positive, it is easy to see by Construction 7.3.11 that N is
reduced if V is reduced. q.e.d.

Note that a wsa can be seen as a special case of a wta or wcfg. In this view, X in Construc-
tion 7.3.13 represents the inside weights of the wta (cf. Section 4.5) or wcfg, and the application
of Construction 7.3.11 resembles the renormalization of the wcfg (cf. related work, page 133).

Corollary 7.3.15 (cf. renormalization in related work, page 133). For every consistent P-wsa
there is an equivalent probabilistic P-wsa, which can be effectively determined by Construc-
tion 7.3.13.

Proof. Since the given wsa can be easily reduced (cf. Construction 7.3.1 and Observation 7.3.2),
this follows directly from Theorem 7.3.14 and Lemma 7.3.6. q-ed.

Corollary 7.3.16 (cf. related work (page 132) of Paz [Paz71]). The class of weighted languages
recognizable by probabilistic P-wsas is closed under reversal.
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Proof. A wsa can easily be reversed by transposing the transition matrices and interchanging
initial and final weights. The corollary follows by Corollary 7.3.15. q-e.d.

7.3.3. Binarization and Probabilistic Tree Automata

In Section 7.2 we transformed wstas into wutas and vice versa and only worried about the
weights of trees. In this section we will additionally consider the property of being probabilis-
tic, i.e., we show that for every probabilistic wsta following one of our binarization strategies
there is a probabilistic wuta and vice versa such that both automata assign the same weights to
trees modulo a homomorphism (analogously to Corollaries 7.2.2 and 7.2.4 and Theorem 7.2.9).
For that purpose we first define some additional notions for wstas and wutas.

The notions for wtas defined in Section 4.3 can directly be carried over to wstas. We call a
w(s)ta M = (Q, X, 1, A) reduced if for every q € @ there are (¢,7) € run,, and p € pos(t)
such that [M](¢,r) > 0 and t(p) = q. We will also need the following lemma.

Lemma 7.3.17 (Stiiber [Stii12, Lemma 11]). For every probabilistic P-w(s)ta there is an equiva-
lent reduced and probabilistic P-w(s)ta that can be effectively determined by removing all states
that are not accessible.

Now let M = (Q, X, I, A) beawutaandlet (P, ,,Q,J, 5, 11, 5, F, ;) = A(q, o) for every
q € Q and o € Y. The wuta M is called

« reduced if A(q, o) is reduced for every ¢ € Q and o € X, and for every ¢ € Q) there are
(t,r) € run,, and p € pos(t) such that [M](¢,r) > 0and r(p) = q.

« out-probabilistic if A(q, o) is out-probabilistic for every ¢ € Q and o € X, and

VaeQ: Y > J.p) =1

oc€X peP, ,

« semi-probabilistic if M is out-probabilistic and quQ I(q) =1,
« consistent if ZtGUE [M](t) =1,

Note that if M is semi-probabilistic, then the wsas in the image of A are not semi-probabilistic
in general. Also note that neither for w(s)tas nor for wutas being semi-probabilistic and reduced
generally implies being consistent.

Left-Branching Binarization We first look at the property of being probabilistic in the
context of left-branching binarization.

Theorem 7.3.18. Let X be an alphabet, S = {T,H}, I the left-branching alphabet for X, and h
the left-collecting homomorphism for X.
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7. Binarization

e For every probabilistic P-wuta M with terminal alphabet 3,
there is a probabilistic T-rooted P-S-wsta M’ with terminal alphabet I"
such that [M] = h([M']), and

e for every probabilistic T-rooted P-S-wsta M’ with terminal alphabet I,
there is a probabilistic P-wuta M with terminal alphabet X
such that [M] = h([M']).

These automata can be effectively determined.

Proof. Note that the result of unifying a probabilistic P-wuta is also probabilistic. Therefore,
for the first item of the theorem we can assume w.l.o.g. that M is unified. Hence, we can con-
struct the respective automaton in both items as in the definition of left-related. By definition
of left-related, M is semi-probabilistic iff M is semi-probabilistic. The theorem follows by
Theorem 7.2.1. q-ed.

Right-Branching Binarization In this paragraph we show a theorem for right-branching
binarization (Theorem 7.3.22) that is analogous to Theorem 7.3.18. The proof is based on two
constructions. The first construction (Construction 7.3.20) transforms a P-wuta (with some
additional properties) into a P-S-wsta where S is the set of sorts used for right-branching bi-
narization. The second construction (Construction 7.3.21) transforms a P-S-wsta (with some
additional properties) into a P-wuta. In the proof we show for each construction that, if the
construction starts with a probabilistic automaton M, then the result is also probabilistic and
equivalent (modulo application of the right-branching homomorphism) to M. Since the con-
structions consist of several steps, these properties are also shown for the intermediate results.
Besides the constructions, we also need an additional lemma.

Lemma 7.3.19. For every probabilistic P-wuta there is an equivalent reduced and probabilistic
P-wuta that can be effectively determined.

Proof. Let M, be the given probabilistic P-wuta. Let M, be the result of unifying M ;. Note
that also M, is probabilistic.

We can now construct the wsta M5 such that M, and M7 are left-related. By Theorem 7.2.1,
M is consistent. Since M, is probabilistic, by the definition of left-related, M7 is semi-
probabilistic. Hence, M is probabilistic.

By Lemma 7.3.17 we can construct an equivalent wsta ), that is reduced.

Now we construct the wuta M 5 such that M 5 and M are left-related. By applying Theo-
rem 7.2.1 twice and Lemma 7.3.17 in between, we have that [M 5] = [M 5]. Since M is prob-
abilistic, so is M 5 by definition of left-related. Since M :1 isreduced, by definition of left-related
the wsas in M 5 are terminating and we have that for every ¢ € @ there are (¢,7) € run,, and
p € pos(t) such that [M](t,r) > 0and t(p) = ¢.

The final wuta M is constructed by reducing the wsas in M. Since these wsas are ter-
minating and out-probabilistic, by Lemma 7.3.7 the resulting wsas are reduced and also out-
probabilistic. Note that the other mentioned properties of M 5 also hold for M ;. Hence, M
is reduced, probabilistic, and equivalent to M ;. q-ed.
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Construction 7.3.20. Let X' be an alphabet, S = {T,H}, and I the right-branching alphabet
for Y. Let M be a reduced probabilistic P-wuta over the terminal alphabet 2. We construct
the T-rooted P-S-wsta M’ over the terminal alphabet I"as follows.

+ Construct the P-wuta M, by reversing every wsa in M.

+ Construct the P-wuta M, by applying Construction 7.3.13 to every wsa in M.

« Construct the P-wuta M 5 by unifying M.

+ Construct the P-wuta M, by reversing every wsa in M 5.

« Construct the P-S-wsta M’ such that M, and M are right-related. =

Construction 7.3.21. Let X' be an alphabet, S = {T,H}, and I the right-branching alphabet
for X. Let M’ be a reduced T-rooted P-S-wsta over the terminal alphabet I. We construct the
P-wuta M over the terminal alphabet 3 as follows.

« Construct the P-wuta My such that M| and M are right-related.

+ Construct the P-wuta M 4 by reducing every wsa in M ;.

+ Construct the P-wuta M by applying Construction 7.3.13 to every wsa in M ,. o

Theorem 7.3.22. Let X' be an alphabet, S = {T,H}, I the right-branching alphabet for X, and
h the right-collecting homomorphism for .
e For every probabilistic P-wuta M with terminal alphabet X,
there is a probabilistic T-rooted P-S-wsta M’ with terminal alphabet I’
such that [M] = h([M']), and
e for every probabilistic T-rooted P-S-wsta M’ with terminal alphabet T,
there is a probabilistic P-wuta M with terminal alphabet X
such that [M] = h([M']).
These automata can be effectively determined by Construction 7.3.20 and Construction 7.3.21, re-
spectively.

Proof of first item. By Lemma 7.3.19 we can assume w.l.o.g. that M is reduced. We first show
that M is probabilistic by following the steps of Construction 7.3.20.

 Note that because M is reduced and probabilistic, the wsas in M are reduced and out-
probabilistic, so by Lemma 7.3.4 they are also converging. The reversals of these wsas,
i.e., the wsas in M {, are then also reduced and converging.

« Hence, Construction 7.3.13 can be applied and by Theorem 7.3.14 all wsas in M, are
reduced and out-probabilistic. By Lemma 7.3.6 and Theorem 7.3.14 we have that the
sum of the initial weights of a wsa in M, equals the sum of the initial weights of the
corresponding wsa in M.

« By the definition of unification, also the wsas in M 5 are out-probabilistic and the sum of
initial weights of a wsa in M ; equals the sum of the initial weights of the corresponding
wsa in M.

+ By reversing the wsas of M 5, we have that the sum of the final weights of a wsa in M,
equals the sum of the initial weights of the corresponding wsa in M.

« By that and since the reversals of the wsas in M , are out-probabilistic, we have that by
definition of right-related M is probabilistic.

Note that [M] = [M,] = [M,] = [Ms] = [M,] since the reversal of a wsa, Construc-
tion 7.3.13 (by Theorem 7.3.14), and unification of a wuta do not change semantics. Hence, the
equation in the theorem follows by Theorem 7.2.3. q.e.d.
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Proof of second item. By Lemma 7.3.17 we can assume w.l.o.g. that M” is reduced. We first
show that M is out-probabilistic. For that purpose we first show that the wsas in M are out-
probabilistic by following the steps of Construction 7.3.21:
« Since M’ is probabilistic, by the definition of right-related the reversals of the wsas in
M are terminating. Hence, by Lemma 7.3.4 the wsas in M, are converging.
« By Observation 7.3.2, also the wsas in M, are converging.
« By the previous item, Construction 7.3.13 is applicable, and by Theorem 7.3.14, the wsas
in M are out-probabilistic.
This concludes the first half of showing that M is out-probabilistic.

For the second half, note that all wsas in M; have the same set of states P = Q/(H> where
@’ is the S-sorted alphabet of states of M’. Let Q, X, I, A;, A,, and A such that M; =
(Q, X, 1,A,), My =(Q,X,1,A,),and M = (Q, X, 1,A). By following again the steps of
Construction 7.3.21, we have the following for every ¢ € Q:

- Because M is probabilistic, we have }- Zpe pFy0(p) = 1 where I , represents

the final weights of A, (q,0) for every ¢ € Y. Note that, since M is reduced, the re-
versal of A,(q, o) is terminating for every ¢ € X. Therefore by Lemma 7.3.6 we have
ZO’GE EwGQ* [[Al (Q’ U)]] (UJ) =1
+ By Observation 7.3.2 this also holds for A,.
« By Theorem 7.3.14 this also holds for A, and A(q, o) is reduced for every o € X. There-
/ 7 , s
fore by Lemma 7.3.6 we have de 5 ZPE I 7.0(P) = 1 where J; , represents the initial

weights of A(q, o) for every o € X.
This concludes showing that M is out-probabilistic.
Since M is probabilistic, by definition of right-related the initial weights I sum up to 1.
Together with M being out-probabilistic this implies that M is semi-probabilistic.
By combining Theorem 7.2.3, Observation 7.3.2, and Lemma 7.3.12, we immediately get that
[M] = h([M']). Since M is probabilistic, this implies that M is consistent. Since M is also
semi-probabilistic, we have that M is probabilistic. q-e.d.

Mixed Binarization Note that for mixed binarization the direction from wutas to wstas is
already covered by our results for left- or right-branching binarization because the left- or
right-branching binarization of an unranked tree is also a mixed binarization. For the other
direction we need an additional construction.

Construction 7.3.23. Let X be an alphabet, S = {T,H, H}, and I" the mixed-branching al-
phabet for >. Let M be a reduced T-rooted P-S-wsta. We construct the P-wuta M as follows.
« Construct the P-wuta M, by applying Construction 7.2.8 to M".
+ Construct the P-wuta M 4 by reducing every wsa in M.
« Construct the P-wuta M by applying Construction 7.3.13 to every wsa in M. o

Theorem 7.3.24. Let X be an alphabet, S = {T,H, H}, I the mixed-branching alphabet for X,
and h the mixed-collecting homomorphism for 3.
e For every probabilistic T-rooted P-S-wsta M’ with terminal alphabet T,
there is a probabilistic P-wuta M with terminal alphabet X
such that [M] = h([M']).
The wuta M can be effectively determined by Construction 7.3.23.

160



7.4. Connection to the Training Methods in Previous Chapters

The proof is very similar to the proof of the second item of Theorem 7.3.22.

Proof. Let Q, X, I, Ay, A,, and A such that M| = (Q, X, 1,4,), M, = (Q,X,1,A,),
and M = (Q, X, I,A). Also, for ¢ € Q and 0 € X we use the objects V, , and J, , from
Construction 7.2.8.

By Lemma 7.3.17 we can assume w.l.o.g. that M’ is reduced. We first show that M is out-
probabilistic. For that purpose we first show that the wsas in M are out-probabilistic. We have
the following for every ¢ € @ and o0 € X. Because M’ is probabilistic and reduced, V, ,
is out-probabilistic and terminating by Construction 7.2.8, and therefore also convergent by
Lemma 7.3.4. We now follow the steps of Construction 7.3.23.

« By Lemma 7.2.7, also A (q, o) is convergent.

« By Observation 7.3.2, also A,(q, o) is convergent and additionally reduced.

« By the previous item, Construction 7.3.13 is applicable, and by Theorem 7.3.14, A(q, o)
is out-probabilistic.

This concludes the first half of showing that M is out-probabilistic.

For the second half, note that all wsas NV, , for ¢ € () and o € 2 have the same set of states;
we call this set P. We have the following for every ¢ € Q). Because M is probabilistic, we
have }° ZpEP J4.0(p) = 1. Recall that N, , is terminating for every o € Y. Therefore by
Lemma 7.3.6 we have 3 _ ZweQ* [V, o](w) = 1. Again we follow the steps of Construc-
tion 7.3.23.

+ By Lemma 7.2.7 we have ) _ . ZwEQ* [A(q,0)](w) = 1.

« By Observation 7.3.2, this also holds for A,.

« By Theorem 7.3.14, this also holds for A, and A(g, o) is reduced for every o € X. There-
fore by Lemma 7.3.6 we have > __ ZPE pJa.0(p) =1 where J| ; represents the initial
weights of A(q, o) for every o € X.

This concludes showing that ) is out-probabilistic.

By Construction 7.2.8, the initial weights sum up to 1. Together with M being out-probabi-
listic this implies that M is semi-probabilistic.

By combining Theorem 7.2.9, Observation 7.3.2, and Lemma 7.3.12, we immediately get that
[M] = h([M']). Since M is probabilistic, this implies that M is consistent. Since M is also
semi-probabilistic, we have that M is probabilistic. q-ed.

7.4. Connection to the Training Methods in Previous Chapters

As already indicated by Figure 7.3 in the introduction of this chapter, existing training algo-
rithms for w(s)ta can be plugged into the binarization framework. By the results of this chapter,
we effectively end up with a training framework for wutas (Corollaries 7.2.2 and 7.2.4 and The-
orem 7.2.9) or even probabilistic wutas (Theorems 7.3.18, 7.3.22 and 7.3.24).

Especially the training algorithms presented in Chapters 5 and 6 can be augmented with
binarization. The wtas in these algorithms can be easily replaced by wstas, but some care has
to be taken when states are split or merged: When a state is split into several states, the new
states must have the same sort as the original state. Also, only states of the same sort may be
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Figure 7.9.: Visualization of the binarization strategy used in Section 6.6. Note that the yields
of both trees are identical.

merged, and the resulting state must have the same sort as the original states. These restrictions
can easily be incorporated into the algorithms.

In some experiments in Section 6.6, we already used binarization. However we could not use
a binarization strategy from the current chapter because our parsing algorithm expects that the
parsed sentence is the yield of the parsing result. Therefore we used the following binarization
strategy: Let X be an alphabet and let S = {T,H} be a set of sorts. Based on X and assuming
Cons, SINGLE ¢ X, we define the (S x S*)-sorted alphabet I"by

It = (5o e XY, T = {Cons},
e — x5 I'T) = fSiNGie).

There is a unique homomorphism h from the S-sorted term algebra over I"into the S-sorted
algebra ((A®) | s € S),(0, | 0 € ")) where AV = Uy, A® = (Ug)*, and

Vo e X: 0,0

U<t1?"'7tk>’ GCONS(t()?tl"'tk) :totl'“tk”
g, Osingre(t) =t

The homomorphism h is visualized in Figure 7.9. It represents the binarization strategy we
used in Section 6.6. In Vanda, this binarization strategy is called leftbranchingi and it is
enabled by the command line option --binarization=1eftbranchingl.

Although leftbranchingl binarization is rather similar to left-branching binarization, we
cannot immediately transfer our results for left-branching binarization to leftbranchingi.
However, we assume that it is possible to transfer the results by adapting the relevant con-
structions. Despite the lack of a formal proof, we considered leftbranching1 binarization a
valid replacement for left-branching binarization in our experiments.

7.5. Conclusion and Further Research

In this section we formalized three binarization strategies of Matsuzaki, Miyao, and Tsujii
[MMTO05]. Following the ideas of Goguen, Thatcher, Wagner, and Wright [Gog+77], we showed
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7.5. Conclusion and Further Research

that each binarization strategy can be combined with w(s)tas, which yields devices that are ex-
actly as powerful as wutas (Corollaries 7.2.2 and 7.2.4 and Theorem 7.2.9). We also showed that
this is still true if probabilistic w(s)tas and probabilistic wutas are considered (Theorems 7.3.18,
7.3.22 and 7.3.24).

Similar results can probably be shown for other binarization strategies, e.g., for the binariza-
tion strategy leftbranchingl in Vanda (cf. Section 7.4).

Let C'be a set of trees. The set of child label sequences of C'is defined as set of all sequences of
child labels of nodes of trees in C. Let X be a zero-sum free and zero-divisor free commutative
semiring. For each X-wuta we conjecture that the set of child label sequences of the set of
all non-zero weighted trees is a regular string language. This is due to the fact that the right-
hand side of each transition of a wuta uses a wsa to determine the allowed child trees. By the
findings of this work, for a combination of an R-wsta with one of the presented binarization,
we also have that the set of child label sequences of the set of all non-zero weighted trees is a
regular string language.

Considering constituent trees from nlp, one could ask if regular string languages are enough
for such sets of child label sequences. There are binarization strategies that allow to go beyond
regular string languages in this context. For example, the mixed binarization strategy can be
changed such that an arbitrary number of Frips is allowed in a single Cons-Snoc-chain, i.e.,
the direction of growth may be changed arbitrarily often. If this new binarization strategy is
combined with an R-wsta, then we conjecture that the set of child label sequences of the set of
all non-zero weighted trees is a context-free string language, but not a regular string language.
However, in order to train an K-wsta in this context, one has to acquire training data that
contains such Cons-Snxoc-chains with different numbers of Frips and it is not clear how to do
that.
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A. Proofs for Preliminaries

Lemma 2.2.2. Let R be a semiring, I be a finite set, (A; | i € I) a family of finite sets, and
(fi: A, = R |1 € I) a family of mappings. Then the following holds:

S S [ =113 s

a€A;  a,€A, i=1 i=1 a€cA,

Proof. We can transform the left-hand side as follows:

-3 Z(ﬁmm fulan)
a; €A, a,_1€A,_; =1 a,€A,

a €A, a, 1€A, _; i=1 a, €A,
_Qéﬁ%»“aéﬁmo
“1IS il

1=1acA

(by def. of T])

(by distributivity)

(by distributivity)
(by iteration of previous steps)

(renaming and by def. of [])

q.e.d.
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B. Proofs for Training of WTAs

Lemma 4.6.2. Let A be a countable set, p a probability distribution over A, and c and c, corpora
over A, such that ¢ (a) = s - c(a) for every a € A and some s > 0. Then we have

L(c, | p) =L(c|p)® and, equivalently, logL(c, | p) = s-logL(c | p).

Proof. We show the first equation by transforming its left hand side into its right hand side.

Lics [p)= [ pla)-® (by def. of L)
a€supp(c,)
= H p(a)>® (by def. of c,)
a€esupp(c,)
= H (p(a)c(a) )s (by power laws)
a€supp(c,)
= ( H P(a)da))( (by power laws)
a€supp(c,)
= ( H p(a)c(“)> (by def. of ¢, and s > 0)
a€supp(c)
=L(c|p)* (by def. of L)
The second equation follows directly by the logarithm laws. q-e.d.

Lemma 4.6.1. Let A be a countable set, p a probability distribution over A, and c a corpus over
A. If p, is the empirical distribution of c, then

1
H(p. || p) = —logL(p, | p) = Tl -logL(c | p).

Proof. We show the first equation by transforming its left hand side into its right hand side.

H(p. | p) == > p.la)-logp(a) (by def. of H)
acsupp(p,)
= —log H p(a)Pe@ (by logarithm laws)
a€supp(c)
= —logL(p. | p) (by def. of L)
The second equation follows directly by Lemma 4.6.2 and the definition of p,. g-ed.

Lemma 4.6.7. Let M = (Q, X, I, A) be a probabilistic P-wta. Forevery q € Q and T = q, —
o(qqy -, q) € dom(A) we have
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B. Proofs for Training of WTAs

* Eppyep(A(tr).£(q | £,7)) = outside, () - inside,,(q),

* Eppep (A r).£(7 | £, 7)) = outside(gq) - A(7) - H inside 5/ (q;),
i€[k]

and for every q and T as above and every t € Ty, we have

1 . o
* Epyepepp (A f(g [ £,7)) = i : Z outside,(q | t|?) - inside, (q | t|,), and
M) L
4 E[[M]]I(\t)()\r f(T | t, 7"))1
= 0 > outsidey(qq | ) - A(r) - [] inside(g; | #],0)-
pf(po)s(t) : i€[k]
p)=0

Proof. For the first item, note that there is a bijection between {(t,p) | t € Ty, p € pos(t)}
and Cy, x Ty. With that, we have the following.

B (A5 7)- g | £,7))

= > M) -fg | t,r) (by def. of E)
(t,r)€run,,
= > [M]tr)-Hp e pos(t) [ r(p) = g} (by def. of f)
(t,r)Eruny,
= Z Z [M] (¢, ) (by distributivity)
(t,r)€run,,; pepos(t):
r(p)=q

= Z Z Z [MARCED) (by commutativity)

t€Ts; pepos(t) rErun,,(t):
r(p)=q

=> > > ST M) - [ ,ry)  (by def. of [M])

t€Ty; pepos(t) ryec-runf (t]°) ro€runy (¢],):
r(e)=q

= Z Z Z Z [M]) e, ry) - [M] (¢, 75) (see bijection above)

ceCx €Ty rycc-rund (c) ro€run, (t):

r(e)=q
= (Z Z [[M]]I(c,’rl)> . < Z Z [[]V[]](t,rg)> (by comm. and distr.)
ceCyx riecruni (c) t€Ts, ry€runy, (t):
r(e)=q
= outside ,(q) - inside 5, (q) (by def. of outside and inside)

The second item can be shown analogously.
For the third item, we have the following.

EHM]]I(‘t>(AT f(q ‘ t, 7’))
- Z [M] (| t) - f(q | t,r) (by def. of E)

resupp([MT([t))
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= [[Ml]](t) Z [MEE,7) - £(q | t,7) (by def. of supp, of [M]'(- | t), distributivity)
rerun,, (t)
—mam >, Y, M) (by def. of f, distributivity)
rerun;(t) PGPOS(t)5
(p)=
= HMI]](” Z Z [, 7) (by commutativity)
pepos(t) reruny (t):
T(p)=q
—pim 2. 2. > AT ) [ ra) by defof [
pEPos(t) ryec-runf (t|P) ro€runy (t],):
r(e)=q
=i O ( 3 [[M]]I(t|p,r)> - ( ST, 7“)) (by distributivity)
pEpos(t) rec-runf, (¢°) reruny(t|,):
r(e)=q
= [[Ml]](t) Z outside,(q | ¢|?) - inside, (q | ¢|,) (by def. of outside and inside)
pEpos(t)
The forth item can be shown analogously. q.e.d.

169






C. Proofs for State Splitting and Merging

Theorem 5.1.1. Let M and M’ be B-wta, and m an M’ -merger. If M is a faithful m-merge
of M’, then [M] 2 [M'].

Proof. Let M be a faithful m-merge of M. Lett € [M’] and " € run,, (t) a non-zero
weighted run of 1" on ¢. By the definition of faithful m-merge, it is easy to see that merge (1)
is a non-zero weighted run of M on ¢ and therefore ¢ € [M]. Hence, [M] D [M’'].  q.ed.

Lemma 5.1.4. Let M and M’ be R-wtas, and let w be an M -splitter. If M’ is a proper m-split
of M, then for every (t,r) € runy, and ¢’ € split_(r(¢)) the following holds:

M) = Y ).
7’ esplit_(r):
' (e)=¢

Proof. We prove the lemma by induction over the structure of trees and runs. For brevity we
will not repeat the constraints in sum and product indices in consecutive lines if they do not
change, and we drop the index 7 of split.

Let & = rk(t). Assume that the equation in the lemma holds for (t|,,7|;), ..., (t|x, 7|x)
(induction hypothesis). Let o = t(¢). We transform the right-hand side of the equation.

> )

r’ esplit(r):

' (e)=¢
= > S Y I () (by def. of split)
qi€esplit(r(1)), riesplit(r|y): 7} Esplit(r|s):

diesplitr(ky 1O Tk()=ds

k
= 3 AW o) [T (by def. of [...]

/
qis-0s qr T

k
= Y A = oldhnap) > > I ) (by distributivity)
r ry, =1

qqye-es qy
k
= Y A sl ) [T DS ) (by Lemma 2.2.2)
qps-sdh, 1=1 7’ esplit(r|;):
v(e)=d,
k
= Z A'(g = o(d), - qp)) - H[[]V[]] (t);s7l;) (by induction hypothesis)
AR =1
k
= (X AW = o ma)) - [T 1) (by distributivity)
@t =1
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C. Proofs for State Splitting and Merging

k
= A(r(e) = o(r(1),...,7(k))) - H[M]](ﬂl,r\l) (by def. of proper split)

= [M] (. r) (by def. of [...])
q-ed.

Theorem 5.1.5. Let M and M’ be R-wtas with the terminal alphabet X, and let w be an
M -splitter. If M is a proper w-split of M, then [M](t) = [M'](t) for every t € Ty..

Proof. In the following we will drop the index 7 of split. At first, note that split(r; )Nsplit(ry) =
() for every r,7ry € run,,(t) with r; # ry, and | ® split(r) = run,, (¢). This means
(¢

Terun,,

that split describes a partition on run,; (¢), i.e., the family (split(r) | 7 € run,,(t)) is a parti-
tioning of run,/ (t). Now we can transform the right-hand side of Theorem 5.1.5 as follows:

[M1()
= Y I'(r(e) M1t ) (by def. of [...])
r/€run,, ./ (t)
= Z Z I'(r(e)) - [M'](t, ") (by partitioning run(t))
rerun,,(t) r’ Esplit(r)
= Z I'(r(e)) - [M'](t,r") (by def. of split)
rerun () g’ Esplit(r(e)) r’ esplit(r) :
' (e)=¢
= > I’( N ) (by distributivity)
rerun,, (t) g’ €split(r(e) r’/ Esplit(r):
' (e)=¢
= Z Z I'(q") - [2](¢t,r) (by Lemma 5.1.4)

rerun,,(t) ¢’ esplit(r(g))

= Z I/(q/)> M (¢t ) (by distributivity)
rerun, (t) g’ esplit(r(e))
= Z I(r(e)) - [M](t,r) (by def. of proper split)
rerun,, (t)
= [M](¢t) (by def. of [...])
q-ed.

Lemma 5.1.6. Let M’ be a P-wta, let ™ be an M’ -merger, and let \ be a w-distributor. If M’
is semi-probabilistic, then also mergei (M) is semi-probabilistic.

Proof. Let (Q', X, 1", A"y =M"andlet M = (Q, X, I, A) = mergei(M/). Assume that M’

is semi-probabilistic. Then we have

NoIg=) > TI'()=) Il =1

q€Q 9€Q q’esplit_(q) q'eQ’
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where the equations hold by def. of mergei since 7 is surjective and since M is semi-proba-
bilistic, respectively. Also, for every g € () we have

Y Alg o alqy, - qp)

keN,
cexk),
41, 9,EQ
= Z Z ANq) - A(q = o(d),....q})) (by def. ofmerge;\r)
ke, = q’esplit (q),
Q1of-§1[k >E,Q qiesp‘l‘i‘t?(%)y
ar€split_(gy,)
= D> D > e X M)A gl p)
q’esplit_(q) keN, 0, €Q, qLEQ,

oex® glesplit (q)  ghesplit. (g,) (by associativity and commutativity)

= Z Z Z Z Aq')-A'(q" —o(q,...,q,))  (since 7 is surjective)

g’esplit_(q) keN, ¢leQ’  qjeqQ’

gex®
= > M) D> D D A ol ) (by distributivity)
q’esplit_(q) EEN, ¢ieQ’  q.eQ’
gex®)
= Z Ag') -1 (since M’ is semi-probabilistic)
q’esplit_(q)
=1 (by def. of m-distributor \)
Hence, also MM is semi-probabilistic. q-ed.

Theorem 5.1.7. Let M| = (Q,, X, I, A,) be a P-wta, m, an M |-merger, A\, a 7, -distributor;
let My = mergeil (M), Ty a My-merger, and Ny a wy-distributor. Let m = 74 o my, and con-
1

struct A such that A(q) = \;(q) - A\y(7,(q)) forevery q € Q. Then merge;\r2 (mergeil (My)) =
merge:‘r2 (M,) = mergei (My).

Proof. Let
« My =(Qq, X, I, Ay) = merge;\rl(])/[l) and
« My =(Qs, 2,15, 43) = merge;\é(]\/[g).

Then for every ¢; € ()3 we have

I3(q3) = Z I (qs) (by def. of I5)

42 ESpIitM (as)

- Z Z I(qy) (by def. of I,,)

qs Esplit_,r2 (g3) @1 EsplitTr1 (g2)

= Z I(q) (by def. of split and o)

qresplit, - (g3)
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C. Proofs for State Splitting and Merging

Also, for every transition 75 € dom(A3) we have

Ag(73)

= Y M(hs(ry)) - Ay(ry) (by def. of Aj)
Ty Gsplitﬂz (13)

= > Nhs(rp)- Y A(hs(my)) - Ay (ny) (by def. of A,)
Ty Gsplit7r2 (m3) T GSPIitWI (T2)

= > A(hs(ry)) - A (ths(my)) - Ay (7y) (by distributivity)
72€sp1it7r2(73),
T 'Esplit7r1 (15)

= Z Ag(my(ths(7y))) - Ay (ths(7y)) - Ay (1) (by def. of 7,)
Ty »Esplitﬂ_2 (13),
T €split7r1 (13)

= > Alhs(ry)) - Ay (ry). (by def. of \, split and o)
Tlesplithwl(ﬁ)

Hence, mergei‘r2 (mergej‘r1 (My)) = merge;\r (M ). q.ed.

Theorem 5.2.4. Let M' = (Q', X, 1", A”) be a probabilistic P-wta and 7 an M’ -merger. Let
M be the probabilistic T-merge of M’ that minimizes the cross-entropy w.r.t. runs of M, ie.,

M = argmin
wta M such that:
M is a w-merge of M,
M is probabilistic

[T N [T,

run N (

Then M = mergei(M’) where X is the m-distributor such that

Epep(AE,r)-f(g" [£,7))

@A) = o Eey ML) [ 67)

2

”esplit_(merge_(

Proof. To ease the notation in sum indices in this proof, we will just write split instead of split_.
Let (Q, X, 1, A) = M. For every (q — £) € dom(A) we have:

Alg—¢€)
_ Epep (A 7)-flg = £t 7))
T Epep M) flg 7)) (by Lemma 4.6.3)

Tet,r)-flg = & t,r)

_z [
DOTEr) fa [67)
(=
=

_E

t,r)€run,,

(by def. of E)

MYt ) - flg = E [ Er)
[[M’]]( ) -fla  [tr)

t r)Eruny, r’/ esplit(r

(by Equation (5.1))

t r)Eruny, r/ esplit(r
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t,r)Erun,,

r’esplit(r

r/ split(r

r’esplit(r

(by distributivity)

/7 / /
(e esplitlgre (L & THT)

2,
(t,r)€runy, Z
>
2

(t,r)erun,,

X
D>
_ztrerunw
D>
_Z(

t,r’)erun,,/

[m’

r/ esplit(r

It r

NEG
[[
[
[

-

gRG
T
Tt
¢ flg’ [ t,77)

(by def. of f and split)

€ )

q’ esplit(q)

(¢’ —&’)esplit(g—¢&

Z(t,r/)erunM/ HM

[, r

(¢’ =€’ )esplit(g—¢) Z(

)

2y
2y

q’ esplit(q f(q/ ’ 2 7’/)
(by def. of split and surjectivity of )
e DT ) £ = € [1,7)

q’ esplit(q)

S oo, PO Fl

(¢’ —¢&')esplit(g—¢) E[[M/]]I ()\(t,

[ 2,77)
(by distributivity, associativity, and commutativity)

') flq" = & [ t,77))

I
M~ MM

q’ €split(q)

M

(¢'=¢’)esplit(g

E[[M/]]I(A<t,
A(q" = &) Epep(AE, ).

—¢)

A L) (by de. of )

/

q’ esplit(q

flq" | £,7"))
Epep (A1) £(g" [ ¢,17))

(" = &)) - Epep(AE, 7). flg" [ £,77))

(by Lemma 4.6.4)

/

q’ esplit(q

D

q’esplit(q) &’ esplit(€)

Vg € Q:

M) =

P

. Zq ’esplit(q) (Zé/ESplit(f) A
X,

Z A/(q/ — 5/)) .

The last line resembles the definition for the transition weights of mergej;(
tion 5.1.2), where the curly brace indicates the m-distributor A as defined in the theorem.

Theorem 5.2.5 (EM distributor). Let M’ =
M’ -merger. Let c be a corpus over Ty, and let p, be the empirical distribution of c. Let M be
a m-merge of M.

If M’ is an EM fixpoint w.r.t. c, then EMStepEM/HI" (M) = mergeﬁ(M’) where \ is the
m-distributor such that

E[[M’]]I()\(t’ 7"/). f(q/ | t, T‘/>)
(by def. of split, commutativity, and distributivity)

Epep(A(E, 7). £(g" [ t,r7))
Zq”espht E[[M’]]I()\< /> f(q// | t,’f‘/))
@)

(by distributivity)

M) (cf. Sec-

For every q € Q one can transform I (q) analogously, leading to the definition of the root

weights of merge” A(M”). Hence, M = merge’ A7),

q-e.d.

(Q, X, I, A") be a probabilistic P-wta and 7 an

Ey (ALBpapyen (M- £g" [ £,77)))

2

q”esplit_(merge (q’))

Epc ()\t E[[M/]](\t) ()\’l”/. f(q” | t, T'/))> '
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C. Proofs for State Splitting and Merging

Proof. In the following equations we will write split instead of split .
EI\/IStepEM/]]ITr (M). For every (¢ — &) € dom(A) we have:

Alg =€)
Ep, (A Epergs gy (M- flg = €] £,7))
E, (A Epeq o (Ar-£(g [ t,7)))

_ ZtETE pC(t) ) Z’I’Eim(run [[M/]]I (T | t) : f(q — & ’ t, 7“)
e e 2 M 8) g [t7)

reim(runy,;)

(¢'—=¢€")esplit(g—¢)

Let (Q,X,1,4) =

(Definition 4.6.5)

(by def. of E)

fl¢ =& | t,r")

(
e, P X cinan, T ) - 32
(

I XCE SN L [CAOEDS flg

q’ split(q)

[ t,77)
(by Equation (5.1), d13tr1but1v1ty, and def. of f and split; similar in proof of Theorem 5.2.4)

Z(q’—)ﬁ/)ESplit(q—hﬁ) ZtEUE pC(t) ’ ZT / €im(run /) [[M ]] (T ‘ t) (q - g | t,r )

Zq’esplit(q) ZtGUE pc(ﬂ ’ Z [[M ]] (T ‘ t) (

r/ €im(run,,/)

| t,77)

(by distributivity, associativity, and commutativity)

Z(q =€) 65pht(q—>§) O‘t Epverpen J(Ar (g = & [ tr))
Zq’ESplit(q) Pc(At‘E[[M’ﬂI(‘\t)O\T .f( | t,r’ )))

Epe (At Bparrpie

(by def. of E)

(A’ f(q’ =€ |t,r"))

If M’ is an EM fixpoint, then we have A’(¢" — ¢') =

E,. (At. EHM/]]I('\t)(AT/~ f(q’

[t, "))

(¢" = &) € dom(A") (cf. Definition 4.6.5). Hence, we can proceed as follows:

(¢’ —¢&’)€esplit(g—E)

A(q" = &) E, (ALEpyppep (A £(q" | t,77)))

q’ esplit(g

(At-Eppepcp (Ar'£(g" [ ,77)))

q’ esplit(g

2.
X, Ep,

— Zq ' esplit(q <Z£’espht( 3 (@ = &) -Bp (A Epppryegy (M £(g" [ £,77)))
Z Pc (At E[[M/]]I(.‘t) (Ar £(q’ ’ t,17)))

) for every

(by def. of split, commutativity, and distributivity)

()\t E[[]V[’]] ) ()\’r’ f( ! ‘t ’I"/ ))

Z(ZA’q—%>z

q’€esplit(q) & €split(€) q” esplit

(@) p ()\t E[[]V[']] “t) ()\7’ f( ” ‘ t T )))

Alg")

(by distributivity)

The last line resembles the definition for the transition weights of mergei‘r (M") (cf. Sec-
tion 5.1.2), where the curly brace indicates the m-distributor A as defined in the theorem.
For every ¢ € @, one can transform /(q) analogously, leading to the definition of the root

weights ofmerge;\r(]l/[’). Hence, EMStepEM/HIW(]V[) =(Q, X, I,A) = merge;\r(M').
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D. Proofs for Count-Based State Merging

Theorem 6.1.6. Let X' be a ranked alphabet, C C Ty, a finite, non-empty set, and M . the
canonical B-wta of C. Then for every C-restricted, bottom-up deterministic B-wta M with the
terminal alphabet X such that C' C [M] there is an M -merger T such that

M =n(Mg).

Proof. Let 7 be the M -merger such that () = 1%, () for every ¢ € subs(C'). We now prove
that M = w(M ). For that purpose let (Q, X, I A) Mand (Qr, X, 10, Ap) = M.

Since C' C [M], it is easy to see that 7T(I'§V[ ) = 1%, for every ¢t € subs(C). This immediately
proves that Q 2 7(Qy), I 2 w(Is), and A 2 ( c). We now show the other direction of
the inclusions.

Q C m(Qc): Assume there is a state ¢ € @ such that ¢ ¢ 7(Q). Since M is C-restricted
and bottom-up deterministic, there is a tree ¢t € C' such that [M](¢,r},) # 0 and there is a
position p € pos(t) such that 1y, (p) = ¢. Because of bottom-up determinism, we also have

thel, =157 Yo Since t|, is a state of M ., we have ¢ = er?(s) = 7(t|,), which contradicts the

assumptlon that ¢ ¢ m(Qc).

I C 7(I): Assume there is a state ¢ € I such that ¢ ¢ 7(I). Since M is C-restricted and
bottom-up deterministic, there is a tree t € C' such that [M](¢,1%,) # 0 and 1%, () = q.
Hence, ¢ = 1r%;(¢) = m(t) and since M is the canonical B-wta, we have ¢ € I, which
contradicts ¢ ¢ m(1).

A C 7(Ap): Assume there is a transition 7 € A such that 7 ¢ 7(Ay). Since M is
C-restricted and bottom-up deterministic, there is a tree ¢ € C and a position p € pos(t)
such that [M](t, 1) # 0 and trans ,(,1%,) = 7. Because of bottom-up determinism, we also

‘p ‘pz

have 'y |, = 1,7 = 7(t|,) and ry;|,; = 17" = 7(t|,) for every i € [rk(t(p))]. Therefore
7 = 7(trans,, (t, rmc)) which contradicts 7 ¢ 7(Ap). q.ed.

Conjecture 6.2.2. Let M be a B-wta, m an M -merger, and c a corpus such that supp(c) C [M].
If M and w(M) are bottom-up deterministic, then

L(e [ [mle (M)]) = L(c | [mle,(w(M))]).

We tried to prove the conjecture as well as we tried to refute it by a counter example. Unfor-
tunately we had no success on any of the two sides. We now list some observations that made
a proof hard for us.

« The first proof idea that may come to mind is to show for every ¢ € supp(c) that
[mle (M)](t) > [mle,(m(M))](t), which by the definition of the likelihood would
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prove the conjecture. Unfortunately this is not possible. We were able to find an ex-
ample for ¢ and M where [mle (M )](t;) > [mle, (7(M))](t;), but [mle (M)](ty) <
[mle (7 (M))](ty) for some ¢,,t, € supp(c): Consider the following bottom-up deter-
ministic P-wta M.

2/3 3/5

1/2
= q, Uo — Y(qq) a5 — Y(qp)
1/3 2/5 1/2
— 43 q, — « q5 — B

Let ¢ be the corpus where ¢(y(y(«))) = 1, e(y(a)) = 1, e¢(y(5)) = 1, and everything
else is mapped to zero. Note that M = mle_.(M). Now consider the M -merger m where
7(q,) = m(qs) = q. Then mle (7(M)) is equal to:

1 4/7

2/7 1/7
—q q— (q) / /

q— «

Now let us look at the likelihoods of ¢ under the two wtas.

Lic| [mle.(M)]) = 355 = 1% - 3 - 13
—_— = —— —_—

0.00128 0.096 0.16 0.083

V V AN V
0.00124... 0.092... 0.163... 0.081...

1024 32 = e
L(c | [mle, (m(M))]) = 823543 343 49 29 -

The factors equal the weights of the trees v(vy(«)), v(«), and v(5), respectively. As we
can see, the second tree has a higher weight under 7(M), yet the overall likelihood is
smaller with 7(M).

« The three corpora ¢}, 0%4 and c’,; depend on a bottom-up deterministic wta M. When
we choose the values for these corpora arbitrarily, i.e., independently from a wta, then
we are able to construct a counter example. But we were not able to find a bottom-up
deterministic wta M that induces such corpus values. Therefore we assume that a proof
has to exploit properties that arise from the dependence of these corpora on a bottom-up
deterministic wta.

Lemma 6.2.3 (Dietze and Nederhof [DN15, Equation 2]). Let M = (Q, X, I, A) be a bottom-
up deterministic B-wta and c a corpus over Ty, such that supp(c) C [M]. Then we have

)Cﬁvr(T)

helg)
HqEQ CI]V[<q> e ‘ HTEsupp(A) C?V[(T

Q

L(c | [mle . (M)]) = BIE I (
qeQ “mld

)C%[(Q)

Proof. We prove the lemma by transforming the left-hand side of the equation into its right-
hand side. For that purpose let N' = (Q, X, J, A) = mle, (M) and assume that 0° = 1.
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; Se(7)
e he@™ HTESUM Ae(r) ™

g helq

L(c [ [mle, (M)]]) =Ll [ [NVD)

11 [W I(#) (def. of L)

tesupp(c

11 ( > [[N]]tr) (def. of [])

tesupp(c) rerun,,(t)

H [NV (t, b, ) (assumptions for M and c)
tesupp(c)
H [NV, ) (rh, = 1%, for every ¢ € supp(c))
tesupp(c)
c(t)
H < H A(trans,, ))) (def. of [NV])
tesupp(c) pEpos(t
J(rt,(e))ct) - H Altrans ,(t, 1%, (distributivity)
tesupp(c) pEpos(t)
H J(r ) H H A(trans ,(t,1%,)° e(t) (commutativity)
tesupp(c tesupp(c) pepos(t)
(I H J<q>c“>) I IO IO e
qeQ tesupp(c): T€dom(A) tesupp(c)  pepos(t):
q=r%,(¢) T=trans , (t,r%)
(commutativity, dom(A) = dom(A))
Etesupp(c): C<t> Ztesupp Z pepos(t): C<t)

(H J(q) a=th(e) ) . H /1(7') T=trans (¢, ) (b - pd = bc+d, 00 = 1)
9e@ Tedom(A)

(H J(q)cm))' I Alr)Sremme O llpeposlir=tans, (1)

qeQ Tedom(A)

(def. of ¢, distributivity)
(H cM<q>)- I1 /1 )he(7) (def. of ¢3,)
q€Q T€dom(A
(H o). ] A6 Jelel) (r ¢ supp(4) = ¢h(r) = 0)
qeqQ TEsupp(A

(by Theorem 6.1.4, comm., distr.)

hela) che(T)
[T,cqlel™ T, cpuppa) e (ths(r)) ™

(7_)09\,[(7-)

TESupp

chela) A
) HTEsupp(A) o

I1 |C|Clm(q) ' Q Al (comm.)
9€Q HQGQ HTGsupp(A): lhs(7)=¢q CM<q>
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1 A ( )
HqGQ CIM(Q)CM(Q) HTESupp(A) C%(T)CMT c.pd ctd
B || (@ .H s (Q)Z*Emppw:lhsm:ch” (b 5%= 579
qeQ M
(@) A (\e(T)
o @™ T ppia) (D)
_ 2lac@ M . _TEsump(4) (def. of ¢, and ¢2, (cf. Equation (6.1))
|e|lel i Q ( )C?W(q) M M
Chp\q
€@ M
This concludes our proof. q.ed.

Lemma 6.3.2. Let A and B be sets, [: A — R a mapping, w C B x A a relation such that
w(B) = A and w(b) # 0 for every b € B, and let m C w be the relation such that m(b) =
argmax . l(a) for every b € B. Then we have

m(argmax (m(b))) = argmaxl(a).
beB acA

Proof. Note that I(m(b)) = I(I"*(max(w(b)))) = max{(w(b)). We transform the left-hand
side of the lemma’s equation into its right-hand side.

m(argmax [(m(b)))
beB

— m({b € B l(m(b)) = maxI(m(B))})

— m({b € B | l(m(b)) = max{i(m(®)) | b€ B}})

=m({b € B | maxl(w(b)) = max{maxi(w(b)) | b € B}})
({b € B| maxl(w(b)) = maxl(w(B))})

=m({b € B | maxl(w(b)) = maxI(A)})

= "N (maxl(w({b € B | maxI(w(b)) = maxI(A)})))

= ["1(max[(A))

= argmax((a) q.ed.
acA

=m

Lemma 6.3.6. Let M = (Q, X, I, A) be a B-wta, and let (=) be an equivalence relation over
Q. Then there is a least (i.e. unique minimal) equivalence relation (=) such that (=) C (=) and
1= (M) is bottom-up deterministic.

Proof. Existence: Consider (=") = Q x Q, i.e,, ¢ = g, for every ¢;,q, € Q. Then (=) C
(=) and nt_, (M) is bottom-up deterministic. Now either (=’) is minimal or there is another
equivalence relation that is minimal because there are only finitely many equivalence relations
over Q).

Uniqueness: Assume there is a minimal (=") # (=) satisfying the conditions. Then, by
Lemma D.0.1 (see below), (=) N (=) would also satisfy the conditions, which contradicts that
(=) and (=) are minimal. Hence, (=) is unique. q.ed.

Lemma D.0.1. Let M = (Q,X,I,A) be a B-wta, and let (=) and (=,) be equivalence
relations over Q such that n_ (M) and n_ (M) are bottom-up deterministic. Let (=) =
(=1) N (=5). Then also n_ (M) is bottom-up deterministic.
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Proof. Assume n_(M) is not bottom-up deterministic. Then there are two transitions p, —
O(P1s s Prc(o)) a0d Gy —> (G -, Gui()) in supp(A) such that p; = g; for every 1 < i <
rk(o), but p, # q,. Hence, p, =, ¢; and p, =, ¢, for every 1 < i < rk(o), and therefore
Do =1 qo and py =5 q,. This implies p, = g, which is a contradiction so ni_ (M) is bottom-up
q-ed.

deterministic.
Lemma 6.3.7. For positive arguments, the following function is strictly monotonically decreasing:  introduced on page 97

xm .yy

f(xvy):W'

Proof. To make it easier to derive f, we transform the definition as follows:
e G )
T,Y) = = . .
f(@:y) (x+y)*ty x4y T4y
For positive arguments, the partial derivatives of f are

I () () ()

W:ln(xiy) : (xiy)r (xiy)y

For z,y > 0 the fractions are smaller than one. This means the logarithms are negative, hence
the whole terms. So fis monotonically decreasing. q-ed.
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Table of Variable Names

In this work we try to use specific variable names only with specific meanings. The following
table lists the usual meaning of symbols we use. Sometimes we also add primes or indices to
these symbols. Occasionally you might encounter exceptions from the listed meanings.

symbol  meaning
2 r alphabet (unranked, ranked, or sorted)
a, 8,7, 0 symbol from an alphabet

string

tree (unranked, ranked, or sorted)
position in a tree

context or corpus

semiring, usually commutative
set of sorts

sort

weighted tree automaton (wta), weighted sorted tree automaton (wsta), or
weighted unranked tree automaton (wuta)

set of states of a wta/wsta/wuta

state of a wta/wsta/wuta

root weights of a wta/wsta/wuta, initial weights of a wcfg-la, or index set
transition weights of a wta/wsta/wuta

transition of a wta

right-hand side of a wta/wsta/wuta transition

weighted string automaton (wsa)

set of rules of a wcfg-la or set of states of a wsa
initial weights of a wsa or index set

transition weights of a wsa

weighted context-free grammar with latent annotations (wcfg-la)
alphabet of non-terminals of a wcfg-la

alphabet of latent annotations of a wcfg-la

initial weights of a wcfg-la, root weights of a wta/wsta/wuta, or index set
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