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Abstract

In this article, we present a new algorithm for the (non-uniform) generation of RNA secondary

structures of a given fixed size. We address the random generation of these structures according to
a realistic distribution obtained from real-life data, motivated both by bioinformatics and computer
science applications. In fact, structures can be generated at random according to an arbitrary dis-
tribution, which is given by adding a set of statistical parameters (that is observed from a particular
database of real-life RNA molecules) to a very detailed context-free grammar (that models the class
of RNA secondary structures as realistic as possible by distinguishing between all known motifs in
RNA structure).
Briefly, the algorithm extends on the well-known recursive method for (uniform) random genera-
tion and uses the popular framework of admissible specifications of combinatorial classes, yielding
weighted combinatorial classes which allow for non-uniform generation by means of unranking. After
a preprocessing time in O(n?) for the computation of all weighted class sizes, a set of m random
secondary structures of a given structure size n can be computed in worst-case time complexity
O(m -n-log(n)). A number of experimental results shows that our random generation method pro-
duces realistic output, at least with respect to the appearance of the different structural motifs. The
algorithm is available as a webservice at http://wwwagak.cs.uni-k1l.de/NonUniRandGen and can be
used for generating random secondary structures of any specified RNA type.

1 Introduction

The topic of random generation algorithms (also called samplers) has been widely studied by computer
scientists. As stated in [FEPQT], it has been examined under different perspectives, including combina-
torics, algorithmics (design and/or engineering), as well as probability theory, where two of the main
motivations for random sampling are the testing of combinatorial properties of structures (e.g. conjec-
tured structural properties, quantitative aspects), as well as the testing of properties of the corresponding
algorithms (with respect to correctness and/or efficiency).

As considers software engineering, the so-called random testing approach is commonly used to test im-
plementations of particular algorithms, as it is usually not feasible to consider all possible inputs and
unknown which of these inputs are among the most interesting ones. In fact, this approach requires for
the generation of random instances of program inputs that obey various sorts of syntactic and semantic
constraints (where the random instances usually ought to be of a preliminarily fixed input size in order
to be compareable to each other).

In the Bioinformatics area, algorithms for generating random biological sequences have been investigated
for a long time (see e.g. [Fit83 [AE85]). As stated in [DPTO03], random sequences are a topic of great
interest in genome analysis, since according to a powerful paradigm, they represent the background noise
from which the actual biological information must differentiate. Thus, random generation of combinatorial
objects can be used in this context for simulations studies in order to isolate signal (unexpected events)
from noise (statistically unavoidable regularities). In fact, according to [DPT03|, random biological
sequences are for instance widely used for the detection of over-represented and under-represented motifs,
as well as for determining whether scores of pairwise alignments are relevant or not: although there exist
analytic approaches for these kinds of problems, for the most complex cases, it is often still necessary
to be able to alternatively use a corresponding experimental approach (based on randomly generated
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sequences obtained from a computer programm). For this purpose, random sequences must obviously
obey to a certain model that takes into account some relevant properties of actual real-life sequences,
where such models are usually based on statistical parameters only. However, it is known that these
classical models can be enriched by adding structural parameters (see [DPTO03]).

Over the past years, several methods have been proposed for the random generation of more complex
structures, where special attention has been paid to RNA secondary structures. RNA is a single-stranded
nucleotide polymer and a major component of cellular processes (like DNA and proteins). An RNA
strand is formed by linking together certain nucleotide units. The specific sequence of nucleotides along
this chain is called the primary structure of the molecule. By pairing of nucleotides that are not linked in
this chain (i.e. by the so-called effects of base pairing), the linear primary structure is folded into a three-
dimensional conformation, called the tertiary structure, which in many cases determines the function of
the molecule.

Most of the 3D structure is determined by the intramolecular base-pairing interactions in the plane,
which together form the secondary structure of the molecule. For this reason, pseudoknots (induced by
crossing base pairs) are considered as tertiary interactions and are usually not permitted in the definition
of secondary structure. As unknotted structures contain only nested base pairs and are thus essentially
two-dimensional, they can be modeled as planar graphs. This rather descriptive and commonly used
planar graph model for RNA secondary structures was first formalized in [Wat78]. An example is shown
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Figure 1: An RNA secondary structure. Unpaired and paired bases are represented by white and gray
points, respectively.

Most of the existing random generation algorithms for RNA secondary structures are used for predicting
the structure of a given RNA sequence (see e.g. [DL03],[Pon08]), while others can be employed for instance
for evaluating structure comparison softwares |[AdCCT08|. Note that secondary structure prediction
methods based on random sampling represent a non-deterministic counterpart to the up-to-date most suc-
cessful and popular physics-based prediction methods that make use of the energy minimization paradigm
and are realized by dynamic programming algorithms (see e.g. [WFHS99, [Zuk89, [Zuk03| [Hof03]). Ran-
dom sampling also differs from the stochastical RNA structure prediction approach that is based on
context-free modeling of structural motifs and adding some statistical parameters observed in real-life
data by assigning probabilities to the corresponding motifs (see e.g. [DE04, [KH99, [KHO3]).
Nevertheless, it should be mentioned that statistical sampling methods like [DLO03| [Pon0§| used for RNA
structure prediction are based on thermodynamics and thus inevitably inherit the problems and impre-
cisions related to energy minimizing methods, which are caused by the still incomplete commonly used
free energy models for RNAs. In order to overcome these pitfalls, one could take the competing point
of view and consider only typical structural information observed in a set of sample data as the basis
for a new random generation method. If that information draws a realistic picture for all the different
motifs of a molecule’s folding, the corresponding sampling method is likely to produce realistic results.
For these reasons, in the present paper, we rely on the approach of [WNI10D] to develop a new algorithm
for the (non-uniform) random generation of RNA secondary structures (without pseudoknots) according
to a distribution induced by a set of sample RNA dat&ﬂ

INote that the algorithm actually generates secondary structures for a preliminary fixed size, not for a given RNA



The main contribution of this manuscript is the application and generalization of the approach from
[WN10Db] to RNA secondary structures according to an elaborate and thus very realistic model. Partic-
ularly, our random generation method is based on a sophisticated context-free grammar for unknotted
structures which, in order to model the class of all considered RNA secondary structures as realistic as
possible, distinguishes between all known structural motifs that may occur in unknotted RNA secondary
structure. This means that any structural feature is modeled by one or more specific grammar rules with
corresponding probabilities observed from real-life data. Note that this grammar is actually a special
variant of the comprehensive grammar used in [NS10] for deriving a realistic RNA structure model and for
performing the first ever analytical analysis of the expected free energy of a random secondary structure
(of a specified RNA type). Actually, that grammar has been designed as a mirror of the famous Turner
energy model [XSBT98| [MSZT99] which serves as the foundation for most of the existing physics-based
RNA structure prediction methods: all structural motifs for which there are different thermodynamic
rules and parameters are created by distinct production rules (with corresponding probabilities).
According to [WN10b|, our sampling method involves a weighted unranking algorithm for obtaining the
final structures. Briefly, considering an arbitrary structure class of size (cardinality) ¢, a corresponding
unranking method uses a well-defined ordering of all class elements (according to a particular numbering
scheme, the so-called ranking method) and for a given input number r € {1,..., ¢} outputs the structure
with rank r in the considered ordering. Notably, a complete structure of size n is generated by recursively
unranking the distinct structural components from the corresponding subclasses (of substructures with
sizes less than n). In our case, the weighted unranking algorithm requires a precomputation step in worst-
case time O(n?) for computing all weighted class sizes up to input size n. The worst-case complexity for
generating a secondary structure of size n at random is then given by O(nlogn) since we are ranking
structures according to the boustrophedon order (see e.g. [Pon08]).

By the end of this paper, we analyze the quality of randomly generated structures by considering some
experimental results. First, we will consider statistical indicators of many important parameters related
to particular strutural motifs and compare the ones observed in the used sample set of real world RNA
data to those observed in a corresponding set of random structures. Their comparison measures indicate
that our method actually generates realistic RNA structures. Obviously, an algorithm which, for a given
structure size n, produces random RNA secondary structures that are — related to expected shapes of such
structures — in most cases realistic is a major improvement over existing approaches which, for example,
are only capable of generating secondary structures uniformly for size n. Furthermore, we will consider
the two different free energy models defined in [NSI0] for RNA secondary structure (with unknown RNA
sequence) to get further evidence of the good quality of our random generation method (with respect to
free energies and thus rather likely also with respect to appearance of the different structural motifs of
RNA).

2 Prior Results and Basic Definitions

2.1 Uniform Random Generation

In the past, the problem of uniform random generation of combinatorial structures, that is the problem
of randomly generating objects (of a preliminary fixed input size) of a specified class that have the same
or similar properties, has been extensively studied. Special attention has been paid on the wide class of
decomposable structures which are basically defined as combinatorial structures that can be constructed
recursively in an unambiguous way.

In principle, two general (systematic) approaches have been developed for the uniform generation of these
structures: First, the recursive method originated in [NWT8] (to generate various data structures) and
later systematized and extended in [FZV94] (to decomposable data structures), where general combina-
torial decompositions are used to generate objects at random based on counting possibilities. Second
and more recently, the so-called Boltzmann method [DFLS04, [FFPQT], where random objects (under the
corresponding Boltzmann model) have a fluctuating size, but objects with the same size invariably occur
with the same probability.

Note that according to [DFLS04], Boltzmann samplers may be employed for approximate-size (objects
with a randomly varying size are drawn) as well as fixed-size (objects of a strictly fixed size are drawn)
random generation and are an alternative to standard combinatorial generators based on the recursive

sequence of this size, which means we take the combinatorial point of view and completely abstract from sequence.



method. However, fixed-size generation is considered the standard paradigm for the random generation
of combinatorial structures.

2.2 (Admissible) Constructions and Specifications

According to [FZV94], a decomposable structure is a structure that admits an equivalent combinatorial
specification:

Definition 2.1 ([FZV94]). Let A = (A;,...A,) be an r-tuple of classes of combinatorial structures.
A specification for A is a collection or r equations with the ith equation being of the form A; =
¢i(A1, ..., A), where ¢; denotes a term built of the A; using the constructions of disjoint union, cartesian
product, sequence, set and cycle, as well as the initial (neutral and atomic) classes.

The needed formalities that will also be used in the sequel are given as follows:

Definition 2.2 ([ES09]). If A is a combinatorial class, then A" denotes the class of objects in A that
have size (defined as number of atoms) n. Furthermore:

e Objects of size 0 are called neutral objects or tags and a class consisting of a single neutral object
€ is called a neutral class, which will be denoted by &£ (£1,&s,... to distinguish multiple neutral
classes containing the objects €1, €a, . . ., respectively).

e Objects of size 1 are called atomic objects or atoms and a class consisting of a single atomic object is

called an atomic class, which will be denoted by Z (Z,, Z;, ... to distinguish the classes containing
the atoms a, b, ..., respectively).
o If Ay,..., Ay are combinatorial classes and €1,..., €, are neutral objects, the combinatorial sum

or disjoint union is defined as Ay + ...+ Ay := (&1 x A1) U ... U (& x Ag), where U denotes set
theoretic union.

e If A and B are combinatorial classes, the cartesian product is defined as A x B := {(o,8) | @ €
A and § € B}, where size(a, 8) = size(a) + size(S).

Note that the constructions of disjoint union, cartesian product, sequence, set and cycle are all admissible:

Definition 2.3 ([ES09]). Let ¢ be an m-ary construction that associates to a any collection of classes
Bi,...,B,, anew class A := ¢[By,...,B,]. The construction ¢ is admissible iff the counting sequence
(an) of A only depends on the counting sequences (b1.4,),. .., (bm,n) of Bi,..., By, where the counting
sequence of a combinatorial class A is the sequence of integers (a,)n>o for a, = card(A™).

The framework of (admissible) specifications obviously resembles that of context-free grammars (CFGs)
known from formal language theoryﬂ In order to translate a CFG into the framework of admissible
constructions, it is sufficient to make each terminal symbol an atom and to assume each non-terminal
A to represent a class A (the set of all words which can be derived from non-terminal A). However, for
representing CFGs, only the admissible constructions disjoint union, cartesian product and sequence are
needed: Words are constructed as cartesian products of atoms, sentential forms as cartesian products of
atoms and the classes assigned to the corresponding non-terminal symbols. For instance, a production
rule A — aB translates into the symbolic equation A = a x B. Different production rules with the same
left-hand side give rise to the union of the corresponding cartesian products.

Nevertheless, it should be noted that [FZV94] also shows how to reduce specifications to standard form,
where the corresponding standard specifications constitute the basis of the recursive method for uniform
random generation and extends the usual Chomsky normal form (CNF) for CFGs. Briefly, in standard
specifications, all sums and products are binary and the constructions of sequences, sets and cyles are
actually replaced with other constructions (for details see [FZV94]).

The prime advantage of standard specifications is that they translate directly into procedures for com-
puting the sizes of all combinatorial subclasses of the considered class C of combinatorial objects. This
means they can be used to count the number of structures of a given size that are generated from a
given non-terminal symbol. Moreoever, standard specifications immediately translate into procedures
for generating one such structure uniformly at random. The corresponding procedures (for class size
calculations and structure generations) are actually required for (uniform) random generation of words
of a given CFG by means of unranking.

2Note that we assume the reader has basic knowledge of the notions concerning context-free languages and grammars.
An introduction can be found for instance in [Har78|.



Simply speaking, the unranking of decomposable structures (like for instance RNA secondary structures
which can be uniquely decomposed into distinct structural components) works as follows: Each structure
s in the combinatorial class 8™ of all feasible structures having size n is given a number (rank) i €
{0,...,card(S8™) — 1}, defined by a particular ranking method. Based on this ordering of the considered
structure class 8™, the corresponding unranking algorithm for a given input number i € {0, ..., card(S™)—
1} computes the single structure s € 8™ having number 7 in the ranking scheme defined for class S™.
Note that in this context of unranking particular elements from a considered structure class, the cor-
responding algorithms make heavy use of their decomposability, as the distinct structural components
are unranked from the corresponding subclasses. In fact, the class sizes can be derived according to the
following recursion:

1 C is neutral and n = 0,
0 C is neutral and n # 0,
size(C,n) = 1 C is atomic and n =1,
0 C is atomic and n # 1,
Zle size(A;,n) C=A1+...+ Ay,
>oi—osize(A,j) -size(B,n —j) C=AxDB.

Note that when computing the sums for cartesian products, we can either consider the values for j
in the sequential (also called lexicographic) order (1,2,3,...,n) or in the so-called boustrophedon order
(1,n,2,n —1,...,[%]). In either case, given a fix number of considered combinatorial (sub)classes (or
corresponding non-terminal symbols), the precomputation of all class size tables up to size n requires
O(n?) operations on coefficients. One random generation step then needs O(n?) arithmetic operations
when using the sequential method and O(n-log(n)) operations when using the boustrophedon method (for
details we refer to [FZV94]).

Obviously, using uniform unranking procedures to construct the ith structure of size n for a randomly
drawn number ¢, any structure of size n is equiprobably generated. Consequently, in order to make
sure that, for given size n and a sample set of random numbers ¢, the corresponding structures are in
accordance with an appropriate probability distribution (as for instance observed from real-life RNA
data), it is mandatory to use a corresponding non-uniform unranking method or an alternative non-

uniform random generation approach.

2.3 Non-Uniform Random Generation

Coming back to the random testing problem from software engineering, we observe that generating objects
of a given class of input data according to a uniform distribution is sufficient for testing the correctness
of particular algorithms. However, if one intends to gather information about the “real-life behaviour”
of the algorithm (e.g. with respect to runtime or space requirements), we need to perform simulations
with input data that are as closely as possible related to corresponding application. This means to obtain
suitable test data, we need to specify a distribution on the considered class that is similar to the one
observed in real life and draw objects at random according to this (non-uniform) distribution. Deriving
such a “realistic” distribution on a given class of objects can easily be done by modeling the class by an
appropriate stochastic context-free grammar (SCFG). Details will follow in Section

As regards RNA, it has been proven that both the combinatorial model (that is based on a uniform
distribution such that all structures of a given size are equiprobable and that completely abstracts from
the primary structure, see e.g. [SW78| [VC85], [Neb02al]) and the Bernoulli-model (which is capable of
incorporating information on the possible RNA sequences for a given secondary structure, see e.g. [HSS98|
Neb04bl, [ZS84]) for RNA secondary structures are rather unrealistic. However, modeling these structures
by an appropriate SCFG yields a more realistic RNA model, where the probability distribution on all
structures is determined from a database of real world RNA data (see e.g. [Neb02bl Neb04a]).

Based on this observation, the problem of non-uniform random generation of combinatorial structures
has been recently addressed in [WN10b]. There, it is described how to get algorithms for the random
generation of objects of a previously fixed size according to an arbitrary (non-uniform) distribution
implied by a given SCFG. In principle, the construction scheme introduced in [WNI0b| extends on
the recursive method for the (uniform) random generation [FZV94] and adapted it to the problem of
unranking of [Mol05]: the basic principle is that any (complex) combinatorial class can be decomposed
into (or can be constructed from) simpler classes by using admissible constructions.

Essentially, in [WNI0b], a new admissible construction called weighting has been introduced in order to



make non-uniform random generation possible. By weighting, we understand the generation of distin-
guishable copies of objects. Formally:

Definition 2.4. If A is a combinatorial class and A is an integer, the weighting of A by X is defined as
M= A+ ...+ A. We will call two objects from a combinatorial class copies of the same object iff they
—_——

A times

only differ in the tags added by weighting operations.

For example, if we weight the class A = {a} by two, we assume the result to be the set {a,a}; weighting
B = {b} by three generates {b,b,b}. Thus, 24 4+ 3B = {a,a,b,b,b} and within this class, a has relative
frequency %, while b has relative frequency % Hence, this way it becomes possible to regard non-uniformly
distributed classes.

As weighting a class can be replaced by a disjoint union, size(AA,n) = A-size(A, n) and the complexity
results from [Mol05] also hold for weighted classes. Hence, the corresponding class size computations up
to n need O(n?) time.

2.4 Stochastic Context-Free Grammars

As already mentioned, stochastic context-free grammars (SCFGs) are a powerful tool for modeling com-
binatorial classes and the essence of the non-uniform random sampling approach that will be worked out
in this article. Therefore, we will now give the needed background information.

2.4.1 Basic Concepts

Briefly, SCFGs are an extension of traditional CFGs: usual CFGs are only capable of modeling the class
of all generated structures and thus inevitably induce a uniform distribution on the objects, while SCFGs
additionally produce a (non-uniform) probability distribution on the considered class of objects. In fact,
an SCFG is derived by equipping the productions of a corresponding CFG with probabilities such that
the induced distribution on the generated language models as closely as possible the distribution of the
sample data. The needed formalities are given as follows:

Definition 2.5 ([FH72]). A weighted context-free grammar (WCFG) is a 5-tuple G = (I,T,R, S, W),
where T (resp. T') is an alphabet (finite set) of intermediate (resp. terminal) symbols (I and T are disjoint),
S € I is a distinguished intermediate symbol called aziom, R C I x (I UT)* is a finite set of production
rules and W : R — R™ is a mapping such that each rule f € R is equipped with a weight wy := W (f). If
G is a WCFG, then G is a stochastic context-free grammar (SCFG) iff the following additional restrictions
hold:

1. For all f € R, we have W(f) € (0, 1], which means the weights are probabilities.

2. The probabilities are chosen in such a way that for all A € I, we have ZfeR,Q(f):A wy = 1, where
Q(f) denotes the premise of the production f, i.e. the first component A of a production rule
(A,a) € R. In the sequel, we will write wy : A — « instead of f = (4, ) € R, wy = w(f).

However, at this point, we decided to not recall the basic concepts regarding SCFGs, as they are not really
necessary for the understanding of this article. The interested reader is referred to the corresponding
section in [NS10]. For a more fundamental introduction on stochastic context-free languages, see for
example [HFT71]. In fact, the only information needed in the sequel is that if structures are modeled
by a consistent SCFG, then the probability distribution on the production rules of the SCFG implies a
probability distribution on the words of the generated language and thus on the modeled structures. To
ensure that a SCFG gets consistent, one can for example assign relative frequencies to the productions,
which are computed by counting the production rules used in the leftmost derivations of a finite sample
of words from the generated language. For unambiguous SCFGs, the relative frequencies can actually be
counted efficiently, as for every word, there is only one leftmost derivation to consider.

2.4.2 Modeling RNA Secondary Structure via SCFGs

Besides the popular planar graph representation of unknotted secondary structures, many other ways
of formalizing RNA folding have been described in literature. One well-established example is the so
called bar-bracket representation, where a secondary structure is modeled as a string over the alphabet
Y :={(,),|}, with a bar | and a pair of corresponding brackets ( ) representing an unpaired nucleotide and
two paired bases in the molecule, respectively (see, e.g. [VC85]). Obviously, both models abstract from



primary structure, as they only consider the number of base pairs and unpaired bases and their positions.
Moreoever, there exists a one-to-one correspondence between both representations, as illustrated by the
following example:

Example 2.1. The secondary structure shown in Figure [I] has the following equivalent bar-bracket
representation that can be decomposed into subwords corresponding to the basic structural motifs that
are distinguished in state-of-the-art thermodynamic models:

exterior loop

T CCCC I ey NI Rely || hels | )))) 1], where

multiloop (of degree 3)

bulge left 2X 2 interior loop
hely = (((C I ((C I\Illlal ) M) hels = (CIECIECCCCHEN) WINE) 1)),
hairpin 2X7 interior loop

multiloop (of degree 2)

and hely = ((( 1 (((C | helza (II1I])))) 1] 2elz2 ), with
———
1X7 interior loop
single bulge left 1x1 interior loop
—— ——
helyn =(C 1C Il ) ) and helao = CL(C L D) 1)
~~ ~~
hairpin hairpin

Note that the reading order of secondary structures is from left to right, which is due to the chemical
structure of the molecule.

Consequently, secondary structures without pseudoknots can be encoded as words of a context-free lan-
guage and the class of all feasible structures can thus effectively be modeled via a corresponding CFG.
Basically, that CFG can be constructed to describe a number of classical constraints (e.g. the presence
of particular motifs in structures) and it can also express long-range interactions (e.g. base pairings). By
extending it to a corresponding SCFG, we can also model the fact that specific motifs of RNA secondary
structures are more likely to be folded at certain stages than others (and not all possible motifs are
equiprobable at any folding stage).

In fact, it is known for a long time that SCFGs can be used to model RNA secondary structures (see
e.g. [SBHT94]). Additionally, SCFGs have already been used successfully for the prediction of RNA
secondary structure [KH99, [KHO3]. Moreoever, they can be employed for identifying structural motifs
as well as for deriving stochastic RNA models that are — with respect to the expected shapes — more
realistic than other models [NebO4a]. Furthermore, note that an SCFG mirror of the famous Turner
energy model has been used in [NS10] to perform the first analytical analysis of the free energy of RNA
secondary structures; this SCFG marks a cornerstone between stochastic and pyhsics-based approaches
towards RNA structure prediction.

2.4.3 Random Generation With SCFGs

SCFGs can easily be used for the random generation of combinatorial objects according to the probability
distribution induced by a sample set, where the only problem is that they do not allow the user to fix
the length of generated structures. In particular, given an SCFG G and the corresponding language
(combinatorial class) £(G), a random word w € £(G) can be generated in the following way:

o Start with the sentential form S (where S denotes the axiom of the grammar G).
e While there are non-terminal symbols (in the currently considered sentential form), do the following:

1) Let A denote the leftmost non-terminal symbol.
2) Draw a random number r from the interval (0, 1].

3) Substitute symbol A by the right-hand side « of the production A — « determined by the
random number r.
This means consider all m > 1 rules p; : A = a1,...,Ppm : A — a,, having left-hand side A,
where according to the definition of SCFGs, >_!", p; = 1 must hold. Then, find ¥ > 1 with

Zi:ll P <1< Zf;l pi, i.e. determine k > 1 with r € (Zf:ll pi,Zlepi . The production

corresponding to the randomly drawn number r € (0, 1] is then given by A — «; and hence,
in the currently considered sentential form, the non-terminal symbol A is substituted by ay.



e If there are no more non-terminal symbols, then the currently considered sentential form is equal
to a word w € £(G); w has been randomly generated.

Note that the choice of the production made in 3) according to the previously drawn random number is
appropriate, since it is conform to the probability distribution on the grammar rules.

Example 2.2. Consider the language generated by the SCFG with productions 3/4 : S — € and 1/4 :
S — (S5). Thus, we start with the sentential form S, then consider the leftmost non-terminal symbol,
which is given by S, and draw a random number r € (0, 1]. If 0 < r < 3/4, the production determined by
ris S — € and thus, we get the empty word and are finished. Otherwise, 3/4 < r < 3/4 4+ 1/4 = 1, which
means we have to consider A — (S) for the substitution in step 3) and thus obtain the sentential form
(S). Afterwards, we must repeat the process, as there is still one non-terminal symbol left.

Unfortunately, there is one major problem that comes with this approach for the (non-uniform) random
generation of combinatorial objects: The underlying (consistent) SCFG G implies a probability distribu-
tion on the whole language £(G), such that we generate a word of arbitrary size. In order to fix the size,
we can proceed along the following lines:

1) We translate the grammar G into a new framework which allows to consider fixed sizes for the
random generation, such that

2) the distribution implied on £(G) conditioned on any fixed size n is kept within the new framework.

A well-known approach which allows for 1) is connected to the concept of admissible constructions used
to describe a decomposable combinatorial class (see above). As the operations (like cartestian products,
unions, and so on) used to construct the combinatorial objects are also used to define an order on them, it
becomes possible to identify the ith object of a given size and the problem of generating objects uniformly
at random reduces to the problem of unranking, that is the problem of constructing the object of order
(rank) ¢, for ¢ a random number (see e.g. [Lie98]).

Remark. Some might think that with an appropriate SCFG (modeling a given class of objects) at hand,
it is not really neccessary to use an unranking method that implies cumbersome formalities such as
admissible constructions and decomposable classes if we want to generate random objects of a fixed size
n. As a matter of principle, they are right — we could also use a conditional sampling method: If we need
to generate a word of size n from non-terminal symbol A, where there are m > 1 rules f; = A — «,
1 < i <'m, having left-hand side A, then we just need to choose the next production f; according to

Prob(A — a; =* | size(x) =n)
Prob(A =* z | size(z) =n)

which is the posterior probability that we used production rule f; under the condition that a word of size
n is generated.

Similarly, if the production rule is of the type A — BC (assuming the grammar is in Chomsky normal
form (CNF), which does not pose a problem, as an unambiguous SCFG can be efficiently transformed
into CNF [HETI1]), we can choose a way to split size n into sizes j and n — j for the lengths generated
from non-terminal symbols B and C'. This requires precomputing n length-dependent probabilities (i.e. all
probabilities for generating a word of any length up to n) for each non-terminal symbol, which might
seem to be similar (with respect to complexity) to precomputing all class sizes up to n for all considered
combintatorial (sub)classes as needs to be done for unranking.

However, there is one striking difference: length-dependent probabilities (which by the way yield a so-
called length-dependent SCFG (LSCFG), see [WN10a]), require a very rich training set. In fact, if the
RNA data set used for determining the distribution induced by the grammar is not rich enough, then
the corresponding stochastic RNA model is underestimated and its quality decreases. This is especially a
problem when considering comprehensive CFGs that distinguish between many different structural motifs
in order to get a realistic picture of the molecules’ behaviour; such a grammar should however be preferred
over simple lightweight grammars as basis for a non-uniform random generation method. Nevertheless,
this problem does not surface when sticking to conventional probabilities and the corresponding traditional
SCFG model. Actually, since we consider a huge CFG where all possible structural motifs are created by
distinct productions, we generally obtain realistic probability distributions and RNA models (see [NS10]).
Bottom line is that hooking up to unranking of combintatorial classes offers a significant benefit compared
to conditional sampling, namely a greater independence of the richness of the training data. For this
reason, we decided to consider the unranking approach instead of conditional sampling, even though it
requires a more cumbersome framework.



2.5 Unranking of Combinatorial Objects

The problem of unranking can easily be solved along the composition of the objects at hand, i.e. the
operations used for its construction, once we know the number of possible choices for each substructure.
Assume for example we want to unrank objects from a class C = A 4+ B. We will assume all elements
of A to be of smaller order than those of B (this way we use the construction of the class to imply
an ordering). Finding the ith element of C, i.e. unranking class C, now becomes possible by deciding
whether ¢ < card(A). In this case, we recursively call the unranking procedure for A. Otherwise (i.e. if
i > card(A)), we consider B, searching for its (i — card(A))th element.

Formally, we first need to specify an order on all objects of the considered combinatorial class that have
the same size. This can be done in a recursive way according to the admissible specification of the class:

Definition 2.6 ([Mol05]). Neutral and atomic classes contain only one element, such that there is only
one possible ordering. Furthermore, let <¢» denote the ordering within the combinatorial class C™, then

e IfC=A1+...+ A and v, € C", then v <¢n ' iff

[v € (A)" and ' € (A;j)" and i < j] or [v,7" € (A;)" and v <(4,)» 7']-

e 1€ = Ax B and 7 = (a ), = (o, §') € C", then  <c ' if
[size(r) < size(a’)] or [j = size(a) = size(a) and o <(4y; '] or [a = & and f <(zyn—; 5]

when considering the lexicographic order (1,2, 3,...,n), which is induced by the specification C" =
AP x B+ A x B L+ A2 x B2 4+ A" x BO.

e fC=AxBandy=(xp),y =(«,5)€C" then vy <c» v iff

[min(size(a), size(3)) < min(size(a’), size(8'))] or
[min(size(a), size(3)) = min (sme(a’),size(ﬁ’)) and size(a) < size(a’)] or

[j = size(a) = size(a’) and a <(4); '] or [a = o and f <(gyn-; F]

when considering the boustrophedon order (1,7,2,n —1,...,[%]), induced by the specification
C"=A"xB"+ A" x BY + A x B" L+ A" x B! +

Considering <¢n, the actual unranking algorithms are quite straightforward. Therefore, they will not be
presented here and we refer to [MMO1, WNI0b] for details.

Recall that in [WN10Db], the basic approach towards non-uniform random generation is weighting of
combinatorial classes, as this makes it possible that the classes are non-uniformly distributed. If those
combinatorial classes are to correspond to a considered SCFG, we have to face the problem that the
maximum likelihood (ML) training introduces rational weights for the production rules while weighting
as an admissible construction needs integer arguments.

When translating rational probabilities into integral weights, we have to assure that the relative weight of
each (unambiguously) generated word remains unchanged. This can be reached by scaling all productions
by the same factor (common denominator of all probabilities), while ensuring that derivations are of equal
length for words of the same size (ensured by using grammars in CNF). However, a much more elegant
way is to scale each production according to its contribution to the length of the word generated, that
is, productions lengthening the word by k will be scaled by ¢*. Since we consider CFGs, the lengthening
of a production of the form A — « is given by |a| — 1. However, this rule leads to productions with a
conclusion of length 1 not being reweighted, hence we have to assure that all those productions already
have integral weights. Furthermore, e-productions need a special treatment. We don’t want to discuss
full details here and conclude by noticing that the reweighting normal form (RNF) keeps track of all
possible issues:

Definition 2.7 ([WNI10D]). If G = (I, T, R, S, W) is a WCFG, @ is said to be in reweighting normal form
(RNF) iff

—_

G is loop-free and e-free.

2. For all A - o € R with A =S, we have |a| < 1.

3. For all A — o € R with A # S, we have |a| > 1 or W(A — «) € N.
4

. For all A € I there exists o € (I UT)* such that A - a € R.



Note that the last condition (that any intermediate symbol occurs as premise of at least one produc-
tion) is not required for reweighting, but necessary for the translation of a grammar into an admissible
specification.

Definition 2.8 ([WNI0D]). A WCFG G is called loop-free iff there exists no nonempty derivation A =1 A
for A € I. Tt is called e-free iff there exists no (A,€) € R with A = S and there exists no (4, a1 Sasz) € R,
where € denotes the empty word.

If G and G’ are WCFGs, then G and G’ are said to be word-equivalent iff £L(G) = L(G’) and for each word
w € L(G), we have W(w) = W' (w).

In [WN10D, it is shown how to transform an arbitrary WCFG to a word-equivalent, loop-free and e-free
grammar, that grammar to one in RNF and the latter to the corresponding admissible specification.
Formally:

Theorem 2.1 ([HFT1]). If G is a SCFG, there exists a SCFG G' in Chomsky normal form (CNF) that

s word-equivalent to G, and G' can be effectively constructed from G.

The construction given in [HETI] assumes that G is e-free. It can however be extended to non-e-free gram-
mars by adding an additional step after the intermediate grammar G has been created (see e.g. [WN10h]).
Furthermore, it should be noted that an unambiguous grammar is inevitably loop-free.

Theorem 2.2 ([WNI10b]). If G is a loop-free, e-free WCFG, there exists a WCFG G’ in RNF that is
word-equivalent to G and G' can be effectively constructed from G.

Altogether, starting with an arbitrary unambiguous SCFG Gy that models the class of objects to be
randomly generated, we have to proceed along the following lines:

e Transform Gy to a corresponding e-free and loop-free SCFG G;.

Transform G into Gy in RNF (where all production weights are rational).

Reweight the production rules of Gs (such that all production weights are integral), yielding
reweighted WCFG Gs.

Transform G3 (with integral weights) into the corresponding admissible specification.

This specification (with weighted classes) can be translated directly

— into a recursion for the function size of all involved combinatorial (sub)classes (where class
sizes are weighted) and

— into generating algorithms for the specified (weighted) classes,
yielding the desired weighted unranking algorithm for generating random elements of £(Gy).

A small example that shows how to proceed from SCFG to reweighted normal form and the corresponding
weighted combinatorial classes which allow for non-uniform generation by means of unranking is discussed
in Appendix [A]

3 Generating Random RNA Secondary Structures

We will now consider the previously discussed approach to construct a weighted unranking algorithm
that generates random RNA secondary structures of a given size according to a realistic probability
distribution.

As for this paper, the corresponding probability distribution will be induced by a set of sample (SSU and
LSU r)RNA secondary structures from the databases [WRAP™01, [WdPWWO02|, which will be referred
to as biological database in the sequel. However, the presented algorithm can easily be used for any other
distribution, which can be defined by a database of known RNA structures of a particular RNA type;
our webservice implementation accessible at http://wwwagak.cs.uni-kl.de/NonUniRandGen is actually
able to sample random secondary structures of any specified RNA type.
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3.1 Comnsidered Combinatorial Class

According to the common definition of RN A secondary structure, we decided to consider the combinatorial
class of all RNA secondary structures without pseudoknots that meet the stereochemical constraint of
hairpin loops consisting of at least 3 unpaired nucleotides, formally:

Definition 3.1 ([NS10]). The language £ containing exactly all RNA secondary structureﬁ is given by
L= ﬁuﬁﬁ , where Ly, := (£;)Ly, Ly := {|}* is the language of all bar-bracket representations of single-
stranded regions and £; is the language of all bar-bracket representations of other possible substructures,

i.e. is the smallest language satisfying the following conditions:
L {}* \{l,I} € £, (bar-bracket representations of hairpin loops).
2. If w € Ly, then (w) € L; (bar-bracket representation of a stacked pair).
3. If w € £y, then {|}T(w) C £; and (w){|}T C £; (bar-bracket representations of bulge loops).
4. If w € £y, then {|}T(w){|}T C £; (bar-bracket representations of interior loops).

5. If wy,...,w, € L and n > 2, then L,(w1)Ly(w2) -+ Lo(wn) Ly C L; (bar-bracket representations
of multibranched loops).

The desired weighted unranking algoritm thus generates, for a given size n and a given number i €
{0,...,card(L™) — 1}, the ith secondary structure s € L™, where card(L™) = size(L,n) is the number of
elements in the weighted class £™.

3.2 Considered SCFG Model

First, we have to find a suitable SCFG that generates £ and models the distribution of the sample data
as closely as possible. To reach this goal, it is important to appropriately specify the set of production
rules in order to guarantee that all substructures that have to be distinguished are generated by different
rules. This is due to the fact that by using only one production rule f to generate different substructures
(e.g. any unpaired nucleotides independent of the type of loop they belong to), there is only one weight
(the probability ps of this production f) with which any of these substructures is generated, whereas
the use of different rules f1,..., fx to distinguish between these substructures implies that they may be
generated with different probabilites py,,...,py,, where ps, + ... 4+ ps, = py. This way, we ensure that
more common substructures are generated with higher probabilities than less common ones.

Example 3.1. A (rather simple) unambiguous SCFG G, generating the language L is given by:

wy : Sy — CA,

wy: A— (B)C, ws:A— (B)CA,
wg: B=|||IC,  ws: B— CA,
we : C — €, wy : C—|C.

When changeing the production ws : B — C'A used to generate any possible k-loop for k£ > 2 (any loop
that is not a hairpin loop) with probability ws into the two rules

Ws.1 - B — C(B)C, Wy : B — C(B)CA,

where ws 1 +ws 2 = ws, it becomes possible to generate any possible 2-loop (i.e. a stacked pair, a bulge (on
the left or on the right), or an interior loop) and all kinds of multiloops (i.e. any k-loop with k > 3) with
different probabilities, which could increase the accuracy of the SCFG model. By additionally replacing
the first of these two new rules, ws; : B — C(B)C, by the four productions

Wws1.1 B — (B), W5.1.2 : B — |C'(B)7 W5.1.3 : B — (.B)C'l7 W5.1.4 B — |C’(.B)C'|7

where (w511 4+ ...+ ws1.4) + W52 = w51 + ws.2 = ws, we can distinguish between the different types
of 2-loops more accurately, yielding a more realistic secondary structure model. In fact, in the case
of significant differences of the new probabilities (ws.1.1,...,ws1.4 and ws2), we can expect a huge
improvement in the model’s accuracy.

3Note that according to this definition, completely unpaired structures are prohibited.
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According to the previously mentioned facts (and the corresponding illustrations by Example , we
decided that the basis for our weighted unranking algorithm should be the following e-free, loop-free and
unambiguous SCFGEl, which has been derived from the sophisticated SCFG presented in [NS10] that
distinguishes between all known structural motifs that can be found in RNA secondary structure:

Definition 3.2. The unambiguous e-free SCFG Geto generating exactly the language L is given by
Gso = (g, ¥g,,,» Big,,,» 5'), where

Ig\sto = {S/’E’S’T’C’A’L’G7D7B7F7H7P?QﬁR’V7WO’J’K7M7X3KZ7N,U}?
Y5, ={(),|} and Rg  contains exactly the following rules:
]/7\1 08— E,
py:E—S, p3:E— SC,
pe:S— A ps:S—TA,
]/7\6IT—>E, ]/)\7IT—>C,

shape of exterior loop

ps: C —|, po:C — C|, ~ strands in exterior loop
Pio: A— (L), ~ initiate helix

p11:L— A, pi2:L— M, ~ initiate stacked pair or multiple loop
pis:L—P, piyu:L—Q, pi5:L— R, ~ initiate interior loop
pig: L —F, pi7:L— G, ~» initiate hairpin loop or bulge loop

Pis: G— A|l, Dio:G— AD, Doy :G—|A, D21 : G— DA, ~ shape of bulge loop

P22 : D — B, .
Pa3:B—|,  Pa:B— DBl strands in bulge loop

Pos : F = ||, P2e : F = |lll, P27 : F = ||l|H, o

pas: H—|, Dpoo:H— H|, hairpin loop

P30 : P—|A]l, pa1: P—|A|l, ps2: P —||Al, ps3s: P —||A]||l, ~ small interior loops

P3a Q= O], P35 : Q—||V],
p3s : R— 0|, p37: R—||[W],

p3g V. — JO, other interior loops
]/9\39 W — JA,
]/)\40 :0 — AK7

Par:J = |, Daz:J —J,

~ oy strands in interior loo
p431K_>|7 p44:K_>K|7} P

ﬁ45 M — XYV,
]/)\462X—>A, ﬁ47ZX—>UA,
Pag 1 Y = Z, multiple loop

]/9\4912*))(, ﬁ502Z‘)XN,
]/)\512N%Z7 ]/7\522N—>U7

P53 : U —|, Psa:U —U|l. ~» strands in multiple loop

Figures 2| and [3] illustrate by examples how (parts of) secondary structures are generated by this SCFG,

where we used I to denote the full parse tree for I =* z (i.e. for consecutive applications of an

—_
x

arbitrary number of production rules that generate the subword z from the intermediate symobl T) in
oder to obtain a more compact tree representation. In fact, it is easy to see that the overall structure
is always produced by starting with the axiom S’, while any particular substructure or structural motif
that belongs to the combinatorial (sub)class Z is created from the corresponding intermediate symbol 1.
Note that ésm contains more production rules (and more different non-terminal symbols) than the SCFG
considered in [NSI0], but this new grammar is e-free and additionally, the conclusion of every single
production contains at most two non-terminal symbols, such that the resulting unranking algorithm has
to consider less cases (i.e. less “else if ( )” cases). For details, see [WN10b] and Section

Furthermore, it should be mentioned that we decided to assign relative frequencies to the production
rules of G0, since such probabilities can be computed efficiently for unambiguous SCFGs. Moreover,

4Note that these are exactly the preliminary required conditions for the basis SCFG according to [WNT0b].
5 All references starting with Sm are references to the supplementary material.
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Figure 3: Particular subtrees of the tree presented in Figure [2}

by estimating the probabilities Di, 1 < i < 54, by their relative frequencies, the resulting grammar
st has the consistency property, which means G, provides a probability distribution on the language
L(Gsto) = L. In particular, we have trained the probabilities (relative frequencies) of Gy, from the
structures s € E(gAstO) given in our biological database. The resulting probabilities are given in Table
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of and their floating point approximations, rounded to the third decimal place, are given in Table
of Sm-11]

3.3 Derivation of the Algorithm

The elaborate SCFG _C'jsto is appropriate for being used as the basis for the desired weighed unranking
method: after having determined the RNF of this SCFG and the corresponding weighted combinatorial
classes, we easily find a recursion for the size function (in the same ways as discussed in Example .
Then, we can use the resulting weighted class sizes for the straightforward construction of the desired
unranking algorithm.

In fact, for the construction of the complete algorithm, we simply have to use Algorithms 1 to 4 (Unranking
of neutral classes, atomic classes, disjoint unions and cartesian products, respectively) and Algorithm 6
(Unranking of weighted classes)ﬁ given in [WN10b] as subroutines. However, to improve the worst-case
complexity of the resulting unranking procedure from O(n?) to O(n-log(n)) by using the boustrophedonic
order instead of the sequential order, a simple change in Algorithm 4 (Unranking of cartesian products)
is neccessary (see e.g. [Pon08]).

A random RNA secondary structure of size n can easily be computed by drawing a random number
i € {0,...,size(£,n) — 1} and then unranking the ith structure of size n. The worst-case runtime
complexity of this procedure is equal to that of unranking and is thus given by O(n - log(n)) when
using the boustrophedonic order. By repeating this procedure m times, a set of m (not necessarily
distinct) random RNA secondary structures of size n can be generated in time O(m - n - log(n)), where
a preprocessing time of O(n?) is required for the computation of all (weighted) class sizes up to input
length n.

A complete and detailed description of the derivation of our weighted unranking algorithm for (SSU
and LSU r)RNA secondary structures can be found in Section since it is too comprehensive to be
presented here and the different steps for its generation correspond to those described in [WNI10D].

Availability of Software

It may be of interest to the reader that this non-uniform random generation algorithm for RNA secondary
structures has been implemented as a webservice which is accessible to the scientific community under
http://wwwagak.cs.uni-kl.de/NonUniRandGen. Since it is relevant for researchers to have methods
available for generating random structures that are realisitic for a particular investigation, this webservice
is also capable of allowing the user to specify the distribution from which the corresponding structures
should be sampled (in the form of a set of secondary structure samples from which the parameters for
our grammars are inferred).

4 Discussion

The purpose of this section is to analyze the quality of randomly generated structures by considering
some experimental results.

4.1 Parameters for Structural Motifs

As a first step, we decided to consider several important parameters related to particular structural motifs
of RNA secondary structure and compare the observed statistical values derived from a native sample
(here our biological database, i.e. the set of real-life RNA data that we used for deriving the distribution
and thus the weights for the unranking algorithm) to those derived from a corresponding random sample
(i.e. a set of random structures generated by our algorithm). In order to obtain an appropriate random
sample, we have generated exactly one random structure of size n for each native RNA structure of size
n given in our database, such that for each occuring size n, the random sample and the native sample
contain the same number of structures having this size.

The determined results are presented in Table[I] Comparing the specific values of all different parameters,
we can guess that our algorithm produces random RNA secondary structures that are, related to the
different structural motifs and thus related to the expected shape of such structures, in most cases
realistic. Obviously, this is a major improvement over existing approaches for the random generation
of secondary structures of a given input size n (where the corresponding specific RNA sequence is not

6Note that the application of this algorithm for unranking of weighted classes is the only difference to similar uniform
unranking methods.

14



Expected Value Variance

Parameter Random | Native || Random | Native
nuMynp 848.179 839.956 98964.7 103426.
UMY, 420.848 424.96 27785.3 31310.9
UM g 179.73 181.822 4959.96 5117.47
nume 1. 1. 0. 0.

numy, 36.6983 36.4818 196.935 185.596
numg 321.18 324.26 16538.8 19343.4
numy 20.6061 20.5782 87.1894 50.3103
num; 26.1442 26.538 125.66 194.769
nums,, 16.2197 17.1018 57.8874 41.0261
nump,; 99.6683 100.7 1549.24 1492.84
unp, 106.014 79.8382 4039.69 3897.61
unpy, 6.93534 6.93188 18.4264 77.464
unp, — — — —

unp, 1.9948 1.99596 3.10283 6.87868
unp,; 7.14617 7.08869 16.5725 31.1197
unp,,, 16.0122 16.2577 87.4906 195.497
UnPpey - — - —

bps, 9.41479 6.94105 29.1956 6.30949
bps;, — — — —

bps, 1. 1. 0. 0.

bps, 1. 1. 0. 0.

bps; 1. 1. 0. 0.

bps,,, 2.68212 2.72734 1.12921 1.21643
bps,.; 422249 | 4.22006 | 13.6266 | 5.52299

Table 1:  Specific values (expectation and variation) of important parameters related to particular
strutural motifs of RNA secondary structure, derived from a native sample (our biological database)
and from a random sample, respectively. num, denotes the number of occurrences of motif z in one
secondary structure and unp, (bps,) denotes the number of accessible unpaired bases (base pairs) in one
substructure of type x. unp, bps, urs denote unpaired bases, base pairs and unpaired regions, whereas
e, h,s,b,i,m, hel denote exterior loop, hairpin loop, stacked pair, bulge loop, interior loop, multiloop and
helix, respectively.

known, but only its length n), as those (sequence-independent) methods are only capable of generating
structures uniformly at random for input size n. Furthermore, with the SCFG model used here, we have
an new model for RNA secondary structures at hand which realistically reflects the structure of an RNA
molecule and its basic strucural motifs.

4.2 Related Free Energies

For further investigation on the accuracy of our random generator, we take on a completely different
point of view and consider thermodynamics. The reason behind this idea is that if an RNA secondary
structure model induced by a SCFG shows a realistic behaviour (expectation and variance) with respect
to minimum free energy, then it is rather likely that our grammar also shows a realistic picture for all the
different structural motifs of a molecule’s folding (as the free energy of a molecule’s structure is defined
as the sum of the energy contributions of all its substructures).

Since we do not know the corresponding RNA sequences for the randomly generated structures, we can not
use one of the common sequence-dependent thermodynamic models for RNAs. Therefore, we decided to
consider both the static and dynamic free energy modelsﬂ defined in [NSI0] for RNA secondary structures
with unknown sequence. These models are based on the well-known Turner energy model [XSB'98|
MSZT99] and model parameters have been derived from the same biological database (of SSU and LSU

"In the static model, averaged free energy contributions for the distinguished structural motifs are considered which
can easily be derived from the training data (by sequence counting). These averaged values actually represent the free
energy contributions that have to be added for the respective whole substructures. For the dynamic model, corresponding
average values for length-dependent free energy contributions (that depend on the number of unpaired or paired bases
within particular substructures) are added for each component (unpaired base or base pair) in the respective motifs, such
that in contrast to the static model, substructures of different lengths are assigned different free energy values.
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rRNAs) that we consider in this article. In fact, both models have turned out to show a realistic behaviour
and can therefore be used to judge the quality of random structures generated by our algorithm.

4.2.1 Unquantified Results

Similar to [NSI0], we denote the free energy of a given secondary structure s € L according to the
static and dynamic model by gstqt(s) and gayn(s), respectively. Moreover, the expected free energy and
corresponding variance that have been analytically derived in that paper for any n > 0 are denoted
bY frenergym = E [energy(s) | size(s) = n] and 02,04, » = V [energy(s) | size(s) = n], respectively, where

energy € {gstat, gayn}. The corresponding confidence interval for n > 0 and k > 1, which contains at
least (100 — 1,%) percent of the energies in {energy(s) | s € L"} is denoted by Iepnergy,n(k) := (tenergy,n —
ko cnergy,ns lenergy,n + KOenergy,n). As these analytical energy results from INS10] and our unranking
algorithm have been derived from the same database of real-life RNA data and by modeling the same
class L of structues via very similar SCFGs, it seems adequate to use them for comparisons with the
energies of our randomly generated structures.

Before we start with our comparisons, note that for any sample set S of secondary structures, we
can calculate the corresponding energy points EP(S, energy) := {(size(s), energy(s)) | s € S}, where

energy € {gstat,gayn}- Obviously, we can also compute the corresponding “average energy points”
AvEP(S, energy) := {(n, Ly = Wl(:s") D scsn energy(s)) | S™ # @} and the corresponding “energy vari-
ance points” VarEP(S, energy) := {(n,afb = m > sesn (Hn — energy(s))? | S™ # [Z)}, respectively.

In the sequel, we will denote a random sample generated by our algorithm by R and a native sample
(biological database) by N.
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Figure 4: Plots of the confidence intervals Ig,,., »(k) for the static energy model (blue), for k €
{V/2,2,4/10,4/20} (top left to bottom right), together with the corresponding energy points EP(R, gstat)
for the random sample (cyan) and EP (N, gstqt) for the native sample (green).

In order to obtain an appropriate random sample for our energy comparisons, we derived a large
set of random structures by generating 1000 RNA secondary structures for each of the sizes n €
{500, 1000, 1500, . .., 5000, 5500} with our weighted unranking algorithm. To compare the energies of
our randomly generated structures to the corresponding confidence interval(s), we decided to consider
any k € {V/2,2,v/10,v/20}, meaning the probability that the free energy of a random RNA secondary
structure of size n lies within the corresponding interval is greater than 0.5, 0.75, 0.9, and 0.95, respec-
tively.

Figure [4] shows a plot of the corresponding four confidence intervals (analytically derived, related to
our biological data) along with the energy points for our random sample and for our native database,
respectively, under the assumption of the static energy model. The corresponding plots for the dynamic
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Figure 6: Plots of the expected free energy pg,,,, » (blue) and pg,, . » (purple) of a random RNA secondary
structure of size n, together with the “average energy points” AvEP(R, gsiat) (cyan) and AvEP(R, giyn)
(magenta) for the random sample.
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Figure 7: Plots of the variance of the expected free energy o2 . (blue) and o 1y (PUrple) of a random
RNA secondary structure of size n, together with the “energy variance points” VarEP(R, gstat) (cyan)
and VarEP(R, gayn) (magenta) for the random sample.
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energy model are shown in Figure bl Looking at both figures, we immediately see that the energies for
our set of randomly generated RNA secondary structures seem to fit to the ones for the considered RNA
database and also to the corresponding analytically obtained energy results from [NSI0]. This observation
becomes even more clear by considering Figures [6] and [7]] There, we compare the previously introduced
“average energy points” and “energy variance points” to the analytically determined expected free energy
and corresponding variance from [NS10], respectively.

4.2.2 Quantified Results

The previously considered energy comparisons have been presented only by unquantified plots. This
may not be very satisfying, since it is obvious that the free energy would decrease with structure size
and aside from this, it could have been expected that for large randomly generated sets of structures of
a given size, the average energy and corresponding variance fit the analytically obtained energy results
derived under the assumption of a basically equivalent SCFG model for secondary structures. Therefore,
there is a need to consider some sort of quantification and additionally present corresponding quantified
comparison results.

What really matters is the degree to which the energy ranges of the random structures agree, in dis-
tribution, with our biological database. This means we have to find out if the energies related to a
random sample (generated by our unranking method) and those related to a native sample (given by
the structures in our biological database) come from a common distribution. Consequently, we have to
consider the energies of a random sample and those of a native one as two independent sets of values
and determine the extend to which their distributions coincide, or in other words to test for significant
differences between these two sets.

For this reason, we decided to apply one of the most common (non-parametric) significance tests known
from statistics, the so-called Mann- Whitney U-test [MIW47T], which is widely used as statistical hypothesis
test for assessing whether two independent samples of observations (with arbitrary sample sizes) come
from the same distribution. It is also known as the Wilcozon rank-sum test [Wild5] which however can
only be applied for equal sample sizes.

Formally, this test is used to check whether the null hypothesis Ny — which states that the two independent
samples X and Y are identically distributed (i.e. F(X) = F(Y)) — can be accepted or else, has to be
rejected. More specifically, the result of such a test, the so-called p-value, is a probability answering
the following question: If the two samples really have the same distribution, what is the probability
that the observed difference is due to chance alone? In other words, were the deviations (differences
between the two samples) the result of chance, or were they due to other factors and how much deviation
can occur before one must conclude that something other than chance causes the differences? The
p-value is called statistically significant if it is unlikely that the differences occurred by chance alone,
according to a preliminary chosen threshold probability, the significance level o (common choices are
e.g. a € {0.10,0.05,0.01}). If p > «, the deviation is small enough that chance alone accounts for it;
this is within the range of acceptable deviation. If p < o, we must conclude that some factor other than
chance causes the deviation to be so great, this will lead us to decide that the two sets come from different
distributions.

For our analysis, we again decided to generate the same numbers of random structures for any size
as are given for this size in our biological database, such that random and native sample contain the
same numbers of structures for any occuring size (and hence the sample sizes are equal). Moreoever,
note that the unquantified results presented in Figures [] and [5] might yield the assumption that for any
structure size, some energy values of randomly generated structures are scattered too widely around
the corresponding expected value, such that those randomly drawn secondary structures can not be
considered realistic (neither with respect to thermodynamics nor with respect to structural composition
and expected shape). In an attempt to disprove that assumption, we decided to perform a series of
Wilcoxon tests by considering a number of different random samples. These samples are created by
obeying a specified energy-based rejection scheme: Do not add a randomly generated structure of a given
size to the sample if its free energy (according to the static or dynamic model or according to both
models) lies outside the corresponding confidence interval(s). Formally, for any preliminary chosen value
k > 1, a generated structure s € L" is added to the random sample iff

[9stat € Ig,,0.n(k) (variant “static”)] or [gayn € Iy,,, n(k) (variant “dynamic”)] or
[9stat € Ig,,0, (k) and gayn € Igdymn(k) (variant “both”)];

otherwise it is rejected. This means we accept only a specified deviation of the energy energy(s) of the
random structure s from the corresponding expected free energy penergy,n and reject structures whose

18



Chosen Percent || Models Model Model Resulting
Value Within || Used for for Wilcoxon
of Corr. for Native Random p-Value
k Interval || Rejection | Energies | Energies (approx.)
Dynamic | Dynamic | Dynamic 0.0008438
_10_ 100504 1 Static Static Static 1.872-107°
3vi1 Both Dynamic | Dynamic 0.000507
Both Static Static 1.851-10710
Dynamic | Dynamic | Dynamic 0.001567
25 ~ 1.02598 5 Static Static Static 1.454 - 10710
V19 Both Dynamic | Dynamic 0.0002654
Both Static Static 1.009 - 10~
Dynamic | Dynamic | Dynamic 0.001374
VIO Static Static Static 3.526 - 1077
3~ 105409 10 Both Dynamic | Dynamic 0.0004116
Both Static Static 9.018 - 10710
Dynamic | Dynamic | Dynamic 0.003618
2 Static Static Static 2.530-107
V3T 1.15470 25 Both Dynamic | Dynamic 0.001228
Both Static Static 1.162-1077
Dynamic | Dynamic | Dynamic 0.02394
Static Static Static 1.278 - 1076
Vslddal |50 ) gl Dynamic | Dynamic |  0.001389
Both Static Static 1.515-1077
Dynamic | Dynamic | Dynamic 0.1184
9 75 Static Static Static 0.001034
Both Dynamic | Dynamic 0.0495
Both Static Static 0.0009445
— Dynamic | Dynamic 0.4007
> 100 Static | Static 0.08961

Table 2: Significance results for statistical hypothesis testing, computed by the Wilcoxon rank-sum
method.

energy differs too much from the expected value. Note that for k = oo (confidence interval Ienergy n (k)
contains 100 percent of the energies energy(s) of all s € L™), no structures are rejected. Hence, in this
case, the corresponding random sample corresponds to the usual (unrestricted) output of our algorithm.
The Wilcoxon test results for our native sample together with any of a number of random sample sets
generated in the previously described restricted manner, respectively, can be found in Table As we
can see, the best results are achieved for the unrestricted sample sets, where all free energies of randomly
generated structures were allowed during the sample creation process. Moreover, these two results (for
the unrestricted case k = 00) are not statistically significant when considering the common significance
level o = 0.05, that is in both cases, we can assume that the energies of the random structures and
those of the biological data follow a common distribution. These observations indicate that our weighted
unranking algorithm produces random RNA secondary structures that are — related to the free energy of
such structures (in expectation and variation) — in expectation realistic.

Besides that, it is obvious that the computed p-values are much better for the dynamic energy model
than for the static one. This underlines the suggestion made in [NS10] that, although both energy models
have been proven to be realisitic, due to the more realistic variation of free energies connected to varying
loop length, the dynamic model should be used for possible applications. Since at least for the dynamic
model, the random data fit very nicely with the native data, we can conclude that structures generated
by our non-uniform random generation algorithm behave realistic with respect to free energies and — as
the energy of the overall structure is assumed to be equal to the sum of the substructure energies — rather
likely also with respect to appearance of the different structural motifs of RNA molecules.

4.3 Conclusion

Altogether, we can finally conclude that the non-uniform random generation method proposed in this
article produces appropriate output and may thus be used (for research issues as well as for practi-
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cal applications) to generate random RNA secondary structures. In fact, for any arbitrary type of
(pseudoknot-free) RNA, a corresponding random sampler can be derived in the presented way. Actually,
our webservice can be used for generating random secondary structures of any specified type of RNA. It
just requires a database of known structures for the respective RNA type as input.

Note that in this work, we abstract from sequence and consider only the structure size as input for
our algorithm. Thus, an interesting problem for future research would be to find a way to extend
the presented realistic SCFG model to additionally deal with RNA sequence. In fact, this work and
especially the considered elaborate SCFG could mark some sort of stepping stone towards new stochastic
RNA secondary structure prediction methods realized by statistical random sampling.
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A How to Construct a Weighted Unranking Algorithm from a
Given SCFG

The purpose of this section is to give a rather small example for applying the construction scheme
propsed in [WN10D] to proceed from an arbitrary SCFG to reweighted normal form (RNF) and then to
the corresponding weighted combinatorial classes which allow for non-uniform generation by means of
unranking.

Example A.1. Let us consider the SCFG G4, which contains the following rules:

wle—>B,
we : B—(B), ws:B—|C,
wy : C — ¢, ws : C —|C.

To apply the approach presented in [WN10b] to transform a given SCFG to RNF, the grammar needs to
be e-free and loop-free. Thus, we first have to transform grammar G, into the following one:

@125—)3,
@ : B —(B), @:B—C,
@420*)', @50*)'0

The transformation of G4 into RNF now works as follows: First, we have to gather all possible chains
A— Ay = Ay — ... — «, where A # S and |a| = 1. These chains are B — C, B — C — | and C — |;
the rules B — C and C' — | are then removed. Second, we have to replace each of these chains by a
specific new rule. In fact, we have to add B¢¢ — C, B¢ — | and che — | to the new set of productions.
Consequently, our new rule set is now given by

1/1)\125—>B,
@2:3—)(3),
’&1\550—>|O,

1:BO 50, 1:BC 5|, 1:0k |

Third, for each occurence of a non-terminal symbol A in the conclusion of a production and each previously
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added new rule A®4142: 5 o corresponding to a chain A — A; — Ay — ... = «, add a specific new
rule. This way, we obtain the following production set:

’@115—>B, 1/1)\1"&;335—>BC’€, @1'@3'@425—)3"0,
Wy : B— (B), 1y Ws:B— (BY), - @3- 04 :B— (B°),
W5 :C —|C, W5 -0y :C—|Cle,

1: B% = C, 1: B¢ |, 1:Che = .

Fourth, each intermediate symbol that no longer occurs as premise in any of the productions has to be
removed and fifth, each production of the form S — «, where S is the axiom and |a| > 1 has to be
changed in a specific way. However, since in our case, there is obviously nothing left to do, the transfor-
mation of G4 into RNF is finished.

For G4 (in RNF), where all production weights are rational, we can determine the common denominator
s of the weights of productions with premise .S, as well as the common denominator ¢ of the weights of
the remaining productions (i.e., of the productions with premise B or C'). Then, the reweighting of the
production rules of (the RNF of) G, is done by multiplying the weights of productions with source S by
s, and the weights of the other productions A — «, where A # S, by the factor ¢/®/=1. After that, we
obtain the following reweighted grammar G:

wi S — B, wh o S — BYE, wh : S — BIC,
wy: B— (B), wh:B— (B, wj:B—(B°),
wh: C—|C,  wh:C —|Cbe,

1: B%¢ - C, 1:B|’C—>|, 1:0"6—>|7

where each w}, 1 < i < 8, is integral.

The (now weighted) grammar can easily be translated into a corresponding admissible specification, which
includes the weighting of all involved combinatorial (sub)classes, as described earlier. For the reweighted
grammar G/, this specification is given by the following equations:

S =B, S, = BC, S5 = BIC,
Blif.f?(XBXZ,?)7 BQZZ(XBC’EXZ), BgZZ(XBl’CXZ),
G = 2 xC, Cy = Z x Cle,

BCe =¢, B¢ = 2, cle =z,

S=w) -8 +wh-S+ wh - Ss,
B:wﬁl-Bl—l—wg-Bg—i—wé-Bg,
C:w/7'01+wg;~02,

which can be simplified in the following way:
81:Z(XBXZ), BQZZ(XCXZ), BgZZ(XZ|XZ),
61:2:|><C7 CQZZ|><Z|,
S=wy B+wy -C+uwy- 2,

B:wﬁl-Bl—i—wg-Bg—i—wé-Bg,
C=w’7-C1+wg~Cg.

As described earlier, this specification (with weighted classes) derived from reweighted grammar G/
transforms immediately into a recursion for the function size of all needed combinatorial classes. For g{l,
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the recursion for the function size has the following form:

size(B,n — 2) T =B,
size(C,n — 2) 7 = By,
1 7 = Bs and n = 3,
size(C,n — 1) T =C,

size(T,n) = 1 Z=Cy and n =2,
w] - size(B,n) + wh - size(C,n) + wh - 1 I=Sandn=1,
w} - size(B,n) + w} - size(C,n) + wh - 0 Z=S8andn#1,
w) - size(By,n) + wi - size(Ba, n) + wg - size(Bs,n) I =B,
wh - size(Cy,n) + wyg - size(Ca,n) I=C,
0 else.

This recursive size function (with weighted class sizes) can now be used for the straightforward con-
struction of a corresponding algorithm for the non-uniform generation of elemets of £(G4) by means of
unranking, as proposed in [WN10b].
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Supplementary Material

Sm-I Derivation of the Algorithm

In this section, we give a complete and detailled description of the derivation of our weighted unranking
algorithm for RNA secondary structures. The different steps are made according to the approach de-
scribed in [WNI0D] to get an unranking algorithm that generates random RNA secondary structures of
a given size n according to the distribution on all these structures.

Sm-I.1 Considered (unambiguous, e-free and loop-free) SCFG

First, note that in [NS10], to obtain the stochastic model for RNA secondary structures derived from real-
world RNA data, the following unambiguous SCFG which unambiguously generates exactly the language
L given in Definition has been used:

Definition Sm-I.1. The unambiguous SCFG G, generating exactly the language L is given by Ggo =
(Igsto7 Egsto’ Rgsto’ S)? where

Igs;o :{S7T7C7A3LaGaBaF7H7P7Q7RaJaK7M7N7U}7

Y6... = {(,),|} and Rg,,. contains exactly the following rules:

p1: S —=TAC,

po: T — TAC, ps: T — C,

py: C — (), ps 1 C — €,

Pe : A— (L)a

p7ZL—>(L), ngL—)M, pgiL—)P, ploiL%Q,
pn:L—>R, plgiL%F, p132L—>G,

P14 : G — (L)I7 P15 - G — (L)B”7 P16 : G — |(L), P17 G — ||B(L)7
plgtB—>B|7 p1g : B — €,

p2o F = Il pn - F Il por: F |l

pgg:H—)Hl, p242H—>6,

pas : P = |(L)], P26 : P = |(L)], par: P = |I(D)], pas = P = ([(D)I],
pro - Qo IDENL pso s @ = (DKL

pa R DKL pe R (D),

pgglz]*)(]l, ]7342J*>€7

p35IK*>K|, pggSKg)E,

psr 2 M — U(L)U(L)N,

pgg!N—)U(L)N, p3g : N = U,

pao : U = U, pa U — e

In this grammar, different intermediate symbols have been used to distinguish between different sub-
structures. In fact, the reason why this grammar has so many production rules is that the grammar must
be able to distinguish between all the different classes of substructures for which there are different free
energy rules according to Turner’s thermodynamic model considered in [NS10].

However, as e-freeness and loop-freeness are required preliminarily, we have to consider another unam-
biguous SCFG generating the same language £, where we have to guarantee that the same substructures
are distinguished as are distinguished in Gg,.

Using the usual way of transforming a non-e-free grammar into an e-free one, the following definition can
immediately be obtained from the previous one:

Definition Sm-I.2. The unambigous and e-free SCFG G
by Gio = (Ig:,.,Xgr, , Rgr,,S'), where

sto

!0 generating exactly the language £ is given

Igém = {S/7 S7 T7 C? A7 L’ G’ B’ F) H7 P7 Q? R7 J’ K7 M) N7 U}?

Y. =1{(),|} and Rg:  contains exactly the following rules:
py: S =S,
Py S — A, ph S — AC, ph: S —TA, Py S —=>TAC,
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py: T — A, pg: T — AC, ph: T —TA, py: T — TAC,

py: T — C,

Plo: C =, Pl C — (|,

p/12 : A_)(L)v

pis : L — (L), Py L— M, pis i L — P, e : L — Q,

pi7: L — R, plg: L — F, Plo : L = G,

Pho : G = (L)], Py + G — (L), Phy : G — (L) B,

phs + G — |(L), Py + G = |[(L), Phs + G — || B(L),

p/26:8—>|7 pl27:B—>B|’

pas + F = |, Py F = |||l P50 F =Nl P51 F = ||| H,
Pag s H — 1, P33 H — H,

VP lDL e PO s PolOL e PO
I@ZQ%”%wm p@1Q+M?ﬁm“ Pho = Q — |IICO)I, Par = Q = |I[I(D)I,
P Q = |||(L) K], a5 - Q = ||| J(L)K]],

Pha + R =[Ol Pis + R — [(L)K]|], Phe + B —[|[(D)], Par : R—||[J(L)],
Pﬁlsij_}lla p29:J_>J|a|

Pyt K — |, pk K — K|,

Dot M — (L)(L), Pis s M = U(L)L),  phy: M — (L)U(L),  pss: M — (L)(L)N,
pgﬁ M — U(L)U(L), p’57 M — U(L)(L)N, pi..—)g M — (L)U(L)N, p’59 M — U(L)U(L)N7
péo : N — (L), pg : N = U(L), Pho : N = (L)N, pis : N = U(L)N,
Pes - N = U,

Pes U — |, Pee : U — Ul

Unfortunately, the set of productions of G/, contains productions with up to 5 non-terminal symbols in

the conclusion. This is not acceptable for our purpose, for the following reason: the desired unranking
algorithm makes use of the size of combinatorial classes whose representations somehow are derived from
CFGs with particular integer weights on their productions. If we constructed this WCFG by starting
with the grammar G/, , then this would yield a huge number of production rules. Consequently, the
translation would imply a huge specification of the combinatorial classes and the corresponding function
to compute their sizes and thus the corresponding unranking algorithm would have to distinguish between
an unnecessarily and most importantly unacceptably large number of cases.

Nevertheless, the size of the production set of the weighted grammar underlying the desired unranking
algorithm can be significantly reduced by starting with a modification of grammar G/, which has only

production rules with minimum possible numbers of non-terminal symbols in the conclusion. In fact, by

transforming G, appropriately considering this observation, we obtained the SCFG gstoz

Definition Sm-I.3. The unambiguous e-free SCFG Q\Sto generating exactly the language L is given by
Gsto = (Iésto7 Zésco’ R(j\sto’ S/)’ where

Ié\sto = {5/7 E7 S7 T’ 07 'A7 L7 G7D7B7F7 H7 P7 Q’ R? V? W O’ J7 K? M7 X’ K Z? N? U}?

Y5, ={(),|} and Rg  contains exactly the following rules:

}/7\115/—>E7

Dy E— S, p3: B — SC,

]/)\4IS—>A, ]/)\5:S—>TA,

ﬁGST%E, [/)\7IT*>C’,

ps: C =1, Py : C = (Y,

]/3\10:A—>(L)7

]/9\11:L—>A7 ]/7\121L—>M, ﬁlgiL%P, f)\14ZL—>Q,
]/)\151L—>R, ]/)\162L—>F, ]/)\17ZL—>G,

ﬁlSIG—)Al, Z/)\lgIG—>AD, ﬁQOZG—>|A’ ]/)\QllG—>DA7
]’7\22:D4)B|,

D23t B — |, P2sa s B — B,

Prs: F = Il P2 F =l por: F—|llIH,

]/3:28:H_>|7 ﬁgg:H—)Hl,

P3o : P— |14|7 ]/)\31 P — |14||7 ﬁ32 P — ”Al, i)\gg P — ”A”,
P3a: Q@ = 10|, D35 = Q@ = ||V,

Pss : R—|O|],  DPar : R—||W],

]/9\38 V= JO,

26



]/9\39 : W—)JA,

p40:O—>AK,
pa:J =, Paz = J = J|,
Paz 1 K — |, paa s K — K|,
Dus i M — XY,

]/3\461X—>A, ]/9\472X—>UA,

p48:Y—>Z,

f)\491Z—>X7 f)\501Z—>XN,
]/)\51:N—>Z, ]/)\522N—>U,
ps3 s U — |, psa s U — Ul

]/)\QIEHS,
Z/)\4SS—>A,
]/D\GIT—>E,
ﬁ8:0_>|a
]/)\112[4—)14,
]/7\152L—>R,
P23 B — |,
Pas : H — |,
pa:J —|,
Paz: K — |,
ﬁ462X—>A,
]/)\482Y*>Z,
]/')\4922—)X7
]/7\512N—>Z,
]/9\532U—)|.

E=_5,
E=S= A,

S= A,

T=F,

T=C,
T=C=|,
T=FE=3S5,
T=FE=5=A,

C=|,

L= A,
L= M,
L= P,
L=Q,
L = R,
L=F,
L= G,

B=|,

]/7\7ZT—>C,
]/)\121L—>M7
]/)\16:[/—>F,
]/9\522N—)U,

Thus, the following 32 chains are gathered in step 1:

targets[E] =

targets[S| =

targets[T] =

targets|[C]

targets|L] =

Sm-1.2 Transforming our SCFG into RNF

Now, we can construct the desired weighted grammar that will be underlying our unranking algorithm:
In the first step, we gather all possible chains of productions that do not lengthen the sentential form.
In fact, we have to consider all rules A — a, A # S’, with |a| = 1, to obtain all such chainﬂ Hence, we
have to consider the following set R} f of 22 production rules:

pis:L—P, puu:L—Q,
]/)\17:L—>G,

{(57 )\E,S = ﬁ?v E)a

(Aa )\E,A = ﬁQ ° ﬁ47 S)}7
{(Aa )‘S,A = §4a 6)}7
{<E7 )\T,E = l/)\ﬁa 6)7
(C7 AT,C’ = §77 6)7
(l) >‘T,| = P7 P8, C)a
(Sa )\T,S = ]/7\6 : I/)\Qu E)}v
(A, A7,4 := o - P2 - Pa, ES)},
{(lv AC,l = Z/)\Sa 6)}5
{(A, )\L,A = 5117 6)7
(M, ALM = P12, €),
(P,AL.p = D13,€),
(Qa >\L,Q = ]/9\143 6)7
(Rv )\L,R = Z/)\IEM 6)7
(F7 )\L,F = i)\167 €),
(G, ALc = Di7,6)},

targets[B] = {(|, Ap, := P23, €)},

8Note that these rules will be removed after step 1.
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H=|,

J =,

K =|,

X=A,

Y =7,
Y=7=X,
Y=7=X=A,

Z =X,
Z=X=A,

N=Z,

N=U,
N=U=|,
N=7=X,
N=7=X=A,

U=|,

targets[H] = {(|, A\g| := Pas, €)},
targets[J] = {(|, Ay := Pa1,€)},
targets[K] = {(|, Ak = Du3, €)},
targets[X] = {(A,Ax, 4 := P16, €) }»
targets|Y] = {(Z, \y,z := Dus, €),
(X, AY7X = Z/)\48 : Z/)\497 Z)7
(A, Ay, := Das - Pag - Pas, ZX)},

targets[Z] = {(X, Az, x = Dag, €),
(A, Az,A = Pag - Pas, X)},

targets|N| = {(Z, \n.z = D51, €),
(U, \nu := Ds2,€),
(I, A, == P52 - P53, U),
(X, AN, x = D51 - D19, Z),
(A, AN, A = D51 - Dag - Pas, ZX)},

targets[U] = {(|, \v,| := Ps3,€)}.

Furthermore, the 22 production rules contained in R}m ¢ are now removed. This results in the following

set Rém, := Rg \ Ry, ; of 32 rules:

ﬁle’%E,

p3: E— SC,

D5 S —TA,
ﬁglC—)Cl,

pio : A — (L),
ﬁlgiG%Al, ]/?\19:
]/J\QQZD—)Bl,
]/9\24:B—>B|,

pas : F =l P26
ﬁggtH—)Hl,

Pso: P— A, Da
P3a: Q = ||O|l, Pss
}/7\36:R—>|O||, ]/7\37:
]/9\38:V—>JO,
]/)\392W—>JA,
Z/)\4()IO—>AK,
]/?\421J*>J|,
]3442K—)K|,
]/9\451M—)XY,
]/)\471X—)UA,
]/)\50:Z—>XN,
]/)\542U*>U|.

G‘)AD, [/)\QOZGﬁlA, ﬁgliG*)DA7
S F =, P2 F = ||||H,

P —|All,  ps2:P—||Al,  p3s: P — |4,
Q— |V,

R — ||W],

Additionally, in step 2, for each chain a new intermediate symbol and a new production are introduced.
Thus, according to the 32 chains gathered in step 1, we here obtain the following set R%n f of 32 new

production rules:

1:E% — 8, 1: EAS 5 A,

1:S4c— A,

1: T8¢ 5B, 1:T% >C,  1:7M9 |,
1:T75F 5 8, 1:TAES 5 A,

1:Clhe -,
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s LA 5 A, 1:
: LB 5 R, 1:
: Bl B

cHbe — |,

s Jbe — |,

cKbe - [,

C XA S A,
1Y% & Z, 1
7% 5 X,

2 ZAX 5 A,

i N%¢ = 7, 1: NV U, 1:
:NXZ 5 X, : NAZX A
(U = |

LM< 5 M, 1:LP¢— P,
Lfe 5 F, 1: L% - @G,

1: L% —Q,

(YXZ 4 X 1: 742X 5 4,

)

NI ),

e e e e e e
—

In step 3, for each occurrence of a non-terminal symbol in the conclusion of a production and each chain
starting with this non-terminal symbol, we have to add a new production with the corresponding new
intermediate symbol instead of the considered one. Thus, in step 3, the remaining 32 production rules

from Rét = Rg  \ R}, are transformed (according to R?, ;) into the following set Rét of 79 new
rules: SO
Il)\l : S/*)E, }/7\1'/\E,S : S/*)ES’E,
D1 Apa: S — EAS
]/7\3 ZE—)SC7 ]/?\3')\5',,4 : E—>SA’EC,
D3 Ao+ E— SCle, P3-As,a- Ay 1 B — SA<Cle,
]/)\5 S — TA, ﬁ5 . )\T,E S = TE’EA,
Ps-Arc S — TOA, PsApy S — TIHOA,
f)\5 . /\T,S S = TS’EA, ]/9\5 . )\T,A 5 = TA’ESA,
Po:C—C|, Po- Ay C— Clel,
]/J\lo : A—)(L), ﬁlO')\L,A : A—)(LA’E),
]/?\10 . )\L,M A — (LM’G), ]/9\10 . >\L,P A — (LP’G),
]/7\10 . )‘LyQ A — (LQ’G)7 ]/)\1() . )\L,R A — (LR’G),
Pro-ALr i A— (L5, Pro-Anc : A— (LG9,
pis: G — A, Dig : G — AD,
Z/)\QotGﬁlA, ]/)\gliG%DA,
P22 : D — B, P22 Ag) - D — Ble|,
]/)\24 ZB—)B'7 ﬁ24')‘B,| ZB—>B|’€|,
pas : =l p2e : F = ||l
por i F = |||H, Por - Amy : F — ||| H,
ﬁgg:H—)Hl, ﬁ29'>\H7| IH—}HI’El,
]/9\30 P - |14|7 ]/7\31 P — |A||7
P32 : P — || 4], P33« P — | A,
Pas: Q — ||O]], pas 1 Q — ||V,
p3s : B — O], par : R— [|[W],
Pag 1 V — JO, Pss - Agp 1 V = JheO,
ﬁgg!W—}JA, pgg')\JJ ZW—)J"EA,
Pao : O = AK, Pao - Ay 1 O = AKle,
Pao i J = J|, Paz- Ay J = Jhe,
ﬁ44:Kﬁ>K|a p44'AK,| :K%Klﬁla
]/7\45 M — XY, ]/7\45 )\Y’Z : ]\4—>,X'Y'Z’67

]/)\45 . )\Y,X M — XYX’Z,
Pas - Ax,a: M — XAeY,

]/)\45')\)/,,4 M —>XYA’ZX,
]/)\45 . /\X,A . /\y7z M — XA,eyZ,e7

Pus - Ax.a-Ayx : M — XAYEZ BioAxa-Aya: M — XAYyAZX
par: X - UA, Par - Auy : X — Ul<A,
Pso 1 Z — XN, Pso - An.z : Z — XN%e,

]/)\50 . /\N,U = XNU’E,
P50 An,x 1 Z — XN5Z,
1/0\50 . )\X,A : Z—)AX'A’E.N'7
)\N,U = )(A’E]VU’G7

Pso - Any: Z — XNIW,
ﬁ50 . >\N,A 1 — XNA’ZX,
P50 Ax. A ANz Z — XAENZe

P50 - Ax,A - ﬁ50')‘X,A')\N,| : Z%XA’ENLU7
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Pso - Axa-Anx i Z = XYNYZ 0 Pag-Axa-Ana s Z = XANAZX
4:U_>U|> 1/7\54')‘U,| :U—>U|’5|.

In step 4, we must delete all intermediate symbols that no longer occur as premise. Obviously, interme-
diate symbols no longer occurring as premise of a production are

T,L,N,Y.

We easily observe that the productions that contain at least one of these 4 intermediate symbols in the
conclusion and thus have to be removed are exactly the following ones:

]/9\5 : S = TA,
P+ A— (L),
545 : M—>XY, i)\45 ')\X,A M — XA,eY7
Pso: Z— XN, Dso-Axa:Z— XAN.

Consequently, after the removal of these 6 rules from R2 , there still remain 73 new production rules.
Fmally, in step 5, we must make sure that the COHClubIOH of all productions with premise S’ (axiom
of gsto that we started with) does not have a length greater than 1. However, since there is only one
production with premise S’ in our start grammar ésto and the conclusion of this production has size 1,
there is nothing to do. Thus, the resulting new grammar is given by:

Definition Sm-I.4. The WCFG gsto generating exactly the language L is given by gsto = (g~ U
I’JO,EQ «,Rg- U R S:O,S’) where
IQ\:‘ = {Sl,E’ S’ C7A7G7D)B7F7H7P7 Q’ R7 V)WO’ J7 K7M7X7 Z7 U}?
I/ . _{ESE EAS SAC
e TE,E TC,e T|,C TS,E TA,ES C|,e
LA’€7LM’€7LP’G7LQ’e,LR’e,LF’S,LG’E,
Bl Hle gle Kle,
A€ yZe yX.Z yAZX gXe 7AX
NZ,€7NU7€7N|7U7NX,Z’NA,ZX7 U|,e},
Yg- = {(,),|} and Rg - contains exactly the following rules:
At S — E, Aot S — Es’e, Az @ S — EA’S,
A\t E— SO, X5 1 E — S4<C, Xe 1 B — SCle, At B — SheClhe,
Ag 1S — TEeA Ao 1 S — TO<A, Ao 2 S = ThCA,
A1 S — TS’EA7 A2 : S — TA’ESA,
iz 1 C — (), Ay 0 C — Cle,
)\15 A — (LA’E), AlG A — (LM’E), A17 A — (LP’G)7 Alg A — (LQ’G)7
)\19 A — (LR’E), A20 A — (LF’E), AZI A — (LG’E),
)\225G*>A|, AQgZG*)AD, )\24IG4)|A, )\25ZG4)DA,
Mg : D — B, Aoy : D — Ble|,
Aog : B — B, Aag : B — Ble|,
Ago @ F— ”l7 A3 F— ””7 A3zt F— ””I{7 A3z F— ””Hl’é,
Xag : H — HI, Ass : H — HIe|,
A3g 1 P — |A|, A7 P — |A||, A3g 1 P — ”Al, A3g : P — ”A“,
)\40 : Q—>||O||, )\41 Q—>||V|,
)\42 R—>|O“7 )\43 R—)”Wl,
)\44ZV—>JO, /\452V—>J|’EO,
i : W — JA, iz« W — JheA,
)\4820—>AK7 )\49:O—>A‘K'I’€7
)\502J—>J|, /\51:J—)J|’€|,
)\521K—>K|7 A{;gi[(-}[(l’él7
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Asq 0 M — XYZ’G, M55 0 M — XYX’Z, A56 -
As7 o M — XA,eyZ,e7 Asg : M — )(A’EY'X’Z7 As9 -
oo : X = UA, Ae1 i X — UleA,
)\62 = XNZ’E, A63 = )(]\ﬂj’e7 >\64
)\65 2Z4)4X’.Z\/TX’Z7 )\66 ZZ*)XNA’ZX,
X7 1 £ — XA’eNZ’E, Xeg 1 £ — XA’SNU’E, 69
Ao 1 £ — XA’ENX’Z, A 4 — )(A’esz’ZX7
)\721U—>U|, /\732U—>U|’€|,
whereas R... contains exactly the following rules:
A74 ES< - S, A7s EAS A,
/\76 : SA’E — A,
)\77 cTEe E, /\78 : TC’6 — C, )\79 :
)‘80 : TS’E — S, )\81 : TA’ES — A,
Ag2 : CI’E — I,
Ag3 ¢ LAe - A, Ag4 LM< M, g5
A7 - LEe R, Ass - LFe F, Agg :
)\90 : B|»€ — |7
Aot : .FI"6 — |,
Ag2 : J|’6 — |,
Ao3 : Kl’e — |,
/\94 : )(A’E — A,
)\95 (Y% Z, Agﬁ YXZ X, )\97 :
)‘98 c 2% X, )\99 : ZA’X — A,
A100 : NZ< Z7 A1o1 ¢ NU< [J7 A102 :
)\103 : NX’Z — X, )\104 : NA’ZX — A,
)\105 : (]I’E — |

Sm-1.3

Now, the weights of the 73 production rules given in the subset of productions Rg - have to be reweighted.
In order to achieve this goal, we first have to compute the two common denombltﬁators s and ¢, where s
is the common denominator of the weights of productions with premise S’ (i.e., of productions number 1
to 3), and c¢ is the common denominator of the weights of the remaining productions (i.e., of productions
. Using the rounded probabilities (weights) for the production rules of Q

given in Table [3] shown in Section we immediately find the smallest common denominators to bc

number 4 to 73) of Rg -

s = 10,000 and ¢ = 10, 000.

The desired new weights for the considered set of productions Rg -« are then computed by multiplying
the old weights of productions with source S’ by s, and by multlplylng the old weights of productions

Reweighting the Production Rules

A—a,A#S (and A€ I5. ), by col=t.

Formally, for the rewelghted ‘set of productions RA

and

pi = A

=1 where )

M — XyAZX,
M — XA,eyA,ZX

- Z — XN,

: Z — XAENIY,

T |,

: LPe P,
LG @G,

A6

yAZX 5 A,

NI ),

ii=MN s, forie{1,2,3}

A =y, forie {4,...,

The resulting integer weights can be found in Table [ shown in Section

Sm-1.4 Transforming Reweighted Grammar into Admissible Specification

Given the reweighted grammar G.r

sto)

corresponding combinatorial classe

& =8SxC,
53=S><Oz|,

=AxC,
54=A><Oz|,

9Note that this specification has already been simplified by removing classes that are only duplicates of others.
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, we get the following weights:

we immediately obtain the following admissible specification of the



Slng/L
S4=S><.A,
C1:C><Oz|,
A1=Oz(><./4><04),
./442(1(><Q><Oz)7
A7:OZ(XQXO¢),

glz.AXOq,
g3:a|><A,
D1:B><Oé|,
BliBXOél,

]:1:04|><a|><a|,
.F4:Oé|XO(|X()[|XOé|XOé|,
H1:H><Oz|,
P1:a|xAxa|,
P4ZCI(|><O¢|X.A><C¥|XO&|,
Qr=a xqx0Xxaq xq,
R1:a|x0xa|xa|,

SQZCX.A,
S5=.A><.A7
C2:Oz|><04|,
Az = o X M x oy,
A5=Oé(><RX()z),

g2:AXDa
94:D><A,
Dg:a|><oz|,
BQZQIXO[|7
.7:2=Oé|><04|><04|><0z|,

H2=a|xa|,
732204|><A><Oz|><0¢|,

Q2:a|xa|xan|,
RQZOL|XOZ|><WXO[|,

83:a|><A7

Ag,:a(Xan),
AGZQ(XFXQ),

]:3=Oz|><OZ|><Oc|><04|><'H7

733=oz|><oz|><.A><oz|,

V1=j><0, V2:a|><(’),
lejX.A, W2:a|><A,
OleXIC, OQZAXQ|,
T =T X q J2 = X q,
]C1:’C><Oé|, K2:a|xa|,
./\/11:/Y><Z7 MQZXXX, MgZXX./L
M4=.A><Z, M5=.A><X, M(;:.AX.A,
Xi=UXA, Xy = o) X A,
Zi=XxZ, Zy =X x U, Z3=X x ay,
Z4=XXX, Z5:X><.A,
ZGZ.AXZ, Z7:AXU, Zg:.AXOtl,
ZgZ.AXX7 Z10:.A><.A,
U ZUXOq, U2=a|><a|,

S'=p1-E4pa-S+pz- A,

E=py-E 4 ps - E+ pg - E3 + pr - &y,

S =pg-S1+ po-So+ 1o - S+ pa1 - Sa + pao - Ss,

C = p13-Cy + p1s - Co,

A= pis - A1+ pie - Ao + par - Az + pag - Ag + pag - As + pioo - As + 21
G = po2 - Gy + pog - Go + poa - G3 + pos - Gy,

D = o6 - D1 + po7 - Da,

B = pog - By + pag - Ba,

F =30 - F1+ par - Fo + pzz - F3+ p33 - Fa,

H = p3a - Hi + p3s - Ha,

P = p3ze - P1 + psr - P2+ p3g - Ps + usg - Pa,

Q = pao - Q1 + pa1 - Qa,

R = paz - R1 + pas - Ro,

V = pas - V1 + pas - Vo,

W = pae - Wh + paz - W,

O = pag - O1 + pag - Oa,

J = pso - T+ ps1 - Jo,

K = sz - Kq + pss - Ko,

M = psg - My + pss - Mo + pse - M3z + ps7 - My + psg - Ms + pisg - M,
X = peo - X1+ per - o,

Z = ez 21+ pe3 - Z2 + pea - Z3 + pies - Za + fiee + 25 + per - Z6 + pes * 27+ oo - Zg + piro - Z9 + i1 - Z1o,
U = gy - Uy + prz - Us.

: A77

Now, this (simplified) specification can easily be transformed into the following recursive form for the
function size:

32



w1 - size(E,n) + usg - size(S,n) + ps - size(A,n) I =38,
sizeg(Z,n) Te{&|1<i<4forZI=¢,
sizeg(Z,n) Te{S|1<i<blorZ=S,
sizec(Z,n) Te{C|1<i<2}orZ=C,
sizes(Z,n) Te{A|1<i<TiorZ=A,
sizeg(Z,n) Te{G|1<i<4}orZ=gG,
sizep(Z,n) ZTe{D;|1<i<2}orZ=D,
sizep(Z,n) Te{B|1<i<2}orZI=B8,
sizep(Z,n) Te{F|1<i<4}orZ=F,
sizey(Z,n) Te{H:|1<i<2}orZT="H,
sizep(Z,n) ZTe{P|1<i<4}orZ="P,
size(Z,n) := | sizeq(Z,n) Te{9;|1<i<2}orZ=29,
sizegr(Z,n) Te{R;i|1<i<2}orZI=TR,
sizey (Z,n) Te{v;|1<i<2orZ=V,
sizew (Z,n) ZTe{W;|1<i<2}orZ=W,
sizep(Z,n) ZTe{0;|1<i<2}orZ=0,
size;(Z,n) Te{J|1<i<2}orZT=J,
sizeg(Z,n) Te{K;|1<i<2}orI=K,
sizep (Z,n) ZTe{M;|1<i<6}orZ=M,
sizex(Z,n) Te{X|1<i<2orI=2X,
sizez(Z,n) Te{Z|1<i<10}orZ=2Z2,
sizey(Z,n) Te{|1<i<2torZ=U,
0 else,
where
Z;:ll size(S,j) - size(C,n — j) I=2¢&,
Z;:ll size(A,j) - size(C,n — j) I =26,
sizep(Z,n) = s%ze(S,n -1) I =2¢&s,
size(A,n—1) T =Ey,
pg - size(E1,n) + ps - size(Ea,n) + pg - size(Es,n) + py - size(Eg,n) I =€,
0 else,
S i) size(€,)) - size(A,n — j) =25,
S0~ size(C,j) - size(A,n — j) =25,
size(A,n—1) Z=_S8;s,
sizes(T,n) = ZZ:E s%ze(S,j') : si.ze(.A,n — j-) T = 8.,
> j—1 size(A,j) - size(A,n —j) =S,
s - size(Si,n) + pg - size(Sa,n) + pip - size(Ssz, n)
+p11 - size(Sy, n) + p12 - size(Ss, n) =S,
0 else,
size(C,n — 1) Z=0C,
sizec(T,n) = 1 Z=Cy and n =2,

w13 - size(Cy,n) + p1g - size(Cayn) I =C,
0 else,
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sizea(Z,n) :=

sizeg(Z,n) :=

size(A,n —2)
size(M,n —2)
size(P,n —2)
size(Q,n — 2)
size(R,n — 2)
size(F,n — 2)
size(G,n —2)

H1s - size(,Al,n) + w16 - size(Ag,n) + p17 - Size(Ag, n) + u1s - size(Aq,n)
+i1g - size(As,n) + pgo - size(Ag,n) + u21 - size( Az, n)
0

size(A,n—1)
ST size(A, j) - size(D,n — j)
size(A,n—1)

Z;;ll size(D,j) - size(A,n — j)
L2 - size(Gr1,n) + pos - size(Ga, n) + po4 - size(Gs, n) + pos - size(Ga,n)
0

size(B,n — 1) 7 =",
. 1 Z =Dy and n =2,
sizep(Z,n) :=
toe - size(Dy,n) + por - size(Dy,n) I =D,
0 else,
size(B,n — 1) I=D5,
. 1 T =By and n =2,
sizep(Z,n) :=
Hog - size(Bl,n) + H29 * size(BQ,n) T= B,
0 else,
1 IT=F and n =3,
1 IT=Fyand n=4,
size(H,n —4) T =Fs,
sizep(Z,n): =11 I=F,andn=>5,
p3o - size(Fi,n) + pg1 - size(Fa,n)
+uge - size(F3,n) + uss - size(Fy,n) I =F,
0 else,
size(H,n —1) Z="™H,
. 1 Z="Hy and n = 2,
sizey(Z,n) := ]
p3a - size(Hi,n) + pss - size(Ha,n) Z ="H,
0 else,

sizep(Z,n) :=

size(A,n —2)
size(A,n —3)
size(A,n —3)
size(A,n —4)

36 - size(P1,n) + ugy - size(Po,n) + uss - size(Ps, n) + uzg - size(Py,n)

0
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I:Ah

T = A,
I - A37
T=Ay
T=As,
T = As,
1=A,
T=A,
else,

7 =G,
7 = Gy,
1=gs,
T =Gy,
=g,
else,

I - 7)1,
I - 7)2,
7 =Ps,
I - 7)4,
I="7P,
else,



size(O,n —4) 7 =0y,
i -3 1=
sizeq(Z,n) := s1ze(]{,n ) . D,
4o - size(Q1,n) + pq1 - size(Qa,n) I = Q,
0 else,
size(O,n — 3) 7 ="R,
) B 7_
sizen(Z,n) = size(W,n — 3) Ra,
fa2 - size(R1,n) + pas - size(Ra,n) I =TR,
0 else,

Z;:ll size(J,j) - size(O,n — j) =V,

) size(O,n — 1) =YV,
sizey(Z,n) :=
tag - size(Vi,n) + pg5 - size(Vo,n) I =1V,
0 else,

S size(J,)) - size(A,n — j) =W,

J

‘ size(A,n —1) =W,
sizew(Z,n) :=
tag - size(Wi,n) + pay - size(Wa,n) I =W,
0 else,

Y] size(A,j) - size(K,n—j)  I=0,
size(A,n —1) T=0,,

sizep(Z,n) :=
olZ;n) tag - size(O1,n) + pag - size(Og,n) I =0,

0 else,
size(J,n—1) =",
) 1 IT=Jyand n=2,
size;(Z,n) := ) ]

wso - size(J1,n) + ps1 - size(Jo,n) I =J,

0 else,

size(IC,n — 1) =K,

. 1 T =K and n =2,
sizeg(Z,n) := ) )

ts2 - size(Ky,n) + pss - size(Koyn) I =K,

0 else,
Z;L:_ll size(X,j) - size(Z,n — j) =M,
Z;L:_ll size(X,j) - size(X,n — j) Z= Moy,
Z;:ll size(X,j) - size(A,n — j) Z=Ms,
Z;:ll size(A,j) - size(Z,n — j) 7 = My,

sizey(Z,n) := Z;:ll size(A,j) - size(X,n —j) 7= Ms,

Z;:ll size(A,j) - size(A,n — j) Z = Ms,
lsg - size(My,n) + uss - size(Ma,n) + s - size(Ms, n)
+ps7 - size(My,n) + uss - size(Msy,n) + usg - size(Mg,n) I =M,
0 else,

Z?;ll size(U,j) - size(A,n — j) =24,
size(A,n—1) =X,

sizex(Z,n) :=
x(Zm) leo - size(Xy,n) + pe1 - size(Xa,n) I =X,

0 else,
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sizez(Z,n) :=

sizey(Z,n) :=

> iy size(A, )
YT size(A, j)

te2 - size(Z1,n) + pes - size(Z3,n) + pes - size(Z3,n) + pes - size(Zy,n)
+ues - size(Zs,n) + uer - size(Zg,n) + ues - size(Z7,n) + peo - size(Zs, n)
+u70 - size(Zg,n) + 71 - Size(Zlg,n)

0

j) - size(Z,n — j)
j) - size(U,n — j)
-size(X,n —j)
-size(A,n —j)
-size(Z,n —j)
-size(U,n — j)
-size(X,n — j)
-size(A,n —j)

size(U,n — 1)

1

0

W7o - size(Uy,n) + prs - size(Us,n)

I =Uy and n =2,

1 =2,
T =2,
I =Z;,
T = Zy,
T =Z;5,
T = Zs,
T =Z,
1= Zg,
T =2y,
T = Z,
I=2Z,

else,

From those recurrences, the desired algorithm can easily be constructed. As the complete presentation
of this algorithm would be too comprehensive, we decided to omit it and instead refer to Algorithms 1 to
4 and 6 given in [WNI10b|, since for the construction of our unranking algorithm, we had to use exactly
these Algorithms as subroutines.
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Sm-II Tables

Nonterminal Nt

Probabilities of Rules with Premise Nt

S7
E

H o> Q 3 »

O Z N K X Z R w0 =2 < @mOoOo9vm=mwg

P51t

P53t

1
137
6476

177
129527

11086
127757

14367
1489787
L,
605069
7929757

1893
264325

11667
383997
L,
4967
127487

3912
680757

8191
40700~

533
49127

4986
291057

2357
56797

)

27441
846207

15731
53725
1,

6196
870357

1,
2812
55123
7737
17437°

109939
518817

~

P12 -
D16 :

P19 :

P42 -

2V

Par -

Pso -

Ps2 -

P54 -

6339
6476

12775
129527

1689
127757

134611
1489787

31912
792975

2723
317197

7235
383997

491

~ 2
P13 *= 364325
~ 38399

P17 *= 7929755

~ . 11831
P20 ‘= 38399>

7781
127487

23208
680757

32509
40700

1053
49127

24119
29105°

3322
56797

~ . 8191
P27 *= 736159

2963

57179
846207

37994
537257

80839
870357

52311

551237
9700

17437

408878
518817 "

P21 =

P14 =

P32 = 14736 P33 =

5821
158595

7666
383997

7015
14736

)

Table 1: The probabilities (relative frequencies) for the production rules of the SCFG QAStO,
training it using our biological database.
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Nonterminal Nt Probabilities of Rules with Premise Nt
S’ p1 := 1.000,

E Do = 0.021, Py := 0.979,

S Py = 0.014,  ps := 0.986,

T Do := 0.868, Py := 0.132,

C Ps := 0.096, Py := 0.904,

A ]/9\10 := 1.000

L ;/0\11 = 0.763, ]/?\12 = 0.040, ]/9\13 = 0.019, ]/)\14 = 0.037,
]/)\15 = 0.007, ]/)\16 = 0.086, ]/)\17 = 0.048,

G ﬁlS = 0304, ]/)\19 = 0.188, Z’)\QO = 0308, ]/)\21 = 0200,

D ]/?\22 := 1.000

B Pos = 0.390,  Poa := 0.610,

F ]/7\25 = 0057, 1/9\26 = 0341, ]/9\27 = 0.602,

H ]/7\28 = 0.201, ]/)\29 = 0.799,

P ]/)\30 = 0109, ]/)\31 = 0214, ]/)\32 = 0201, ﬁgg = 0476,

Q ]/7\34 = 0171, ]/)\35 = 0829,

R Pag = 0.415, P37 := 0.585,

Vv ]/9\38 := 1.000

W ﬁgg := 1.000

O ]/9\40 := 1.000

J Pur = 0.324, Puo 1= 0.676,

K ]/)\43 = 0293, 1/7\44 = 0707,

M Pas = 1.0000

X 1/0\46 = 0.071, ]/?\47 = 0.929,

Y Pas := 1.0000

7 ]/)\49 = 0051, ﬁ50 = 0949,

N ]/?\51 = 0444, [/)\52 = 0556,

U Ps3 = 0.212,  Psa := 0.788.

Table 2: Floating point approximations of the probabilities (relative frequencies) for the production rules
of the SCFG G0 (rounded to three decimal places).
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Nonterminal Nt Weights of Rules with Premise Nt

S A1 = 1.0000, A2 :=0.0212, )3 := 0.0003,

E Ag :=0.9788, A5 :=0.0134, A :=0.0944, X7 := 0.0013,

S As = 0.8559,  Ag := 0.1304, Ao := 0.0126, A;; := 0.0181,
)\12 = 0.00027

C /\13 = 09036, /\14 = 00871,

A A1 := 0.7630, A6 := 0.0402, Ay7 := 0.0186, A5 := 0.0367,
Ao = 0.0072, Aop := 0.0858, Aoy := 0.0484,

G A2 := 0.3038, g3 :=0.1884, g4 := 0.3081, g5 := 0.1996,

D Ag¢ = 1.0000, g7 := 0.3896,

B /\28 = 0.61047 )\29 = 0.2378,

F /\30 = 00575, )\31 = 03409, /\32 = 06016, )\33 = 0.1211,

H Azq := 0.7987, g5 := 0.1608,

P Azg = 0.1085, Ag7 := 0.2144, Az := 0.2011, g9 := 0.4760,

Q Ago = 0.1713, A4y := 0.8287,

R )\42 = 0.41507 )\43 = 0.5850,

\Y% /\44 = 10000, )\45 = 03243,

W A6 := 1.0000, Ayg7 := 0.3243,

O Asg := 1.0000, 49 := 0.2928,

J Aso := 0.6757,  As1 := 0.2191,

K )\52 = 0.70727 )\53 = 0.2071,

M /\54 = 10000, /\55 = 0.0510, /\56 = 00036, )\57 = 0.0712,
/\58 = 00036, )\59 = 00003,

X Aeo = 0.9288, g1 := 0.1968,

Z Aoz = 0.4211, g3 := 0.5279, Agq := 0.1119, g5 := 0.0215,

)\66 = 0.0015, )\67 = 0.0300, )\68 = 0.0376, )\69 = 0.0080,
/\70 = 0.00157 )\71 = 0.0001,
U Az 1= 0.7881, A7z := 0.1670.

Table 3: Floating point approximations of the probabilities (weights) A;, 1 < i < 73, for the production
rules of the grammar G, (rounded to four decimal places). Note that for i € {74,...,105}, \; := 1
holds.
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Nonterminal Nt

Integer weights of Rules with Premise Nt

S’

E

> Q

sllv e

2R« 0E<mO THE

N >

U

251

2%

Ha

He

us
K10
H12
H13
K15
K1z
H19
H21
H22
H24
K26
28
H30
H32
K34
H36
138
a0
Ha2
Haq
Kae
22
K50
M52
M54
H56
H58
H60
He62
He4
He6
H68
70
72

:= 10000,
=3,

= 9788,

= 944,

:= 8559,

= 126,

= 2,

:= 9036,

:= 76300000,
:= 1860000,
:= 720000,
:= 4840000,
:= 3038,

= 3081,

:= 10000,
= 6104,

:= 5750000,

:= 6016000000000000,

= 7987,
:= 10850000,

:= 201100000000,
:= 1713000000000000,
:= 415000000000,

:= 10000,
:= 10000,
:= 10000,
= 6757,
= 7072,
:= 10000,
= 36,

= 36,

= 9288,
= 4211,
= 1119,
= 15,

:= 376,
=15,

= 7881,

o = 212,
s = 134,
H7 = 137
Lo = 1304,
p11 = 181,
p14 = 871,

Hi6 = 40200007
p1g := 3670000,
20 = 8580000,

M3 = 1884,
M5 = 1996,
a7 = 3896,
H29 = 2378,

w31 = 340900000000,

w33 = 1211000000000000,
M35 = 1608,

w7 = 214400000000,

39 = 4760000000000000,
fa1 = 828700000000,

a3 = 585000000000,

H45 = 3243,
Ha7 = 3243,
H49 = 2928,
H51 = 2191,
liss = 2071,
pss = 510,
ps7 = 712,
ps9 = 3,
He1 ‘= 1968,
He3 = 5279,
pes = 215,
per == 300,
peg = 80,
prr =1,
H73 = 1670.

Table 4: Integer weights p;, 1 < i < 73, for the production rules of the grammar G
i€ {74,...,105}, p; := 1 holds.
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