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Abstract Hyper-heuristics could simply be defined as heuristics timsk other heuristics.
In other words, they are methods for combining existing stigs to generate
new ones. In this paper, we use a grammar-based genetia@progng hyper-
heuristic framework. The framework is used for evolvingeetfve incremental
solvers for SAT. The evolved heuristics perform very welaeigt well-known
local search heuristics on a variety of benchmark SAT prokle
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1. Introduction

Heuristic methods have contributed to the solution of mamyhinatorial
optimisation problems such as bin packing, the travelliagggman problem
(TSP), graph colouring, and the satisfiability problem ($AThe performance
of heuristics on a problem varies from instance to instadso, even on the
same instance, randomised heuristics may be able to prgadé solutions
on one occasion, and bad on another. Hyper-heuristics (Hifsat providing
a more robust approach raising the level of generality atihiptimisation
methods operate. They can be defined as “heuristics to chumsgstics”
(Burke et al., 2003a). The main idea is to make use of diftdnenristic during
the search for a solution.

SAT is one of the most studied combinatorial optimisatioobtems, and
the first problem proved to be NP-Complete. In this paper wkuse genetic
programming (GP) in a HH framework to solve SAT problems. drtigular, we
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use GP to evolve local search heuristics to be used withihnitfealgorithm.
Inc* (Bader-El-Den and Poli, 2008) is a general algorithrattban be used
in conjunction with any local search heuristic and that hees fpotential to
substantially improve the overall performance of the rsiai

The general idea of the algorithm is the following. Rathemtlattempting
to directly solve a difficult problem, the algorithm dynamiliy chooses a sim-
plified instance of the problem, and tries to solve it. If thetance is solved,
Inc* increases the size of the instance, and repeats thiegsauntil the full size
of the problem is reached. The search is not restarted whewanstance is
presented to the solver. Thus, the solver is effectively@odressively biased
towards areas of the search space where there is a higherecbfinding a
solution to the original problem. We look at all this in moretail below.

SAT problem

The target in SAT is to determine whether it is possible tatlsetvariables
of a given Boolean expression in such a way to make the expressie.
The expression is said to be satisfiable if such an assignmesis. If the
expression is satisfiable, we often want to know the assighthat satisfies it.
The expression is typically represented in ConjunctiverhiadrForm (CNF),
i.e., as a conjunction of clauses, where each clause isundtgn of variables
or negated variables.

There are many algorithms for solving SAT. Incomplete athons attempt
to guess an assignment that satisfies a formula. So, if thieyfe does not
know whether that's because the formula is unsatisfiablenoplg because
the algorithm did not run for long enough. Complete algon) instead, ef-
fectively prove whether a formula is satisfiable or not. So, their response is
conclusive. They are in most cases based on backtrackiraf.ig;lthey select
a variable, assign a value to it, simplify the formula basedhis value, then
recursively check if the simplified formula is satisfiabléthis is the case, the
original formula is satisfiable and the problem is solvedhd&divise, the same
recursive check is done using the opposite truth value fovémniable originally
selected.

The best complete SAT solvers are instantiations of the ©Butnam Lo-
gemann Loveland procedure (Davis et al., 1962). Incomkgerithms are
often based on local search heuristics (see next sectitr@seralgorithms can
be extremely fast, but success cannot be guaranteed. Oortrary, complete
algorithms guarantee success, but they computationatkabde considerable,
and, so, they cannot be used for large SAT instances.

Stochastic local-search heuristics. Stochastic local-search heuristics have
been widely used since the early 90s for solving the SAT mlfollowing the
successes of GSAT (Selman et al., 1992). The main idea bttéad heuristics
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Algorithm 1

L = initialise the list of variables randomly
for + = 0 to MaxFlipsdo
if L satisfies formuld’ then
return L
end if
select variabld” using some selection heuristic
flip Vin L
end for
return no assignement satisfying found

is to try to get an educated guess as to which variable willtrikely, when

flipped, give us a solution or move us one step closer to aisaluNormally, the
heuristic starts by randomly initialising all the variablam the CNF formula.
It then flips one variable at a time, until either a solutiorréached or the
maximum number of flips allowed has been exceeded. Algorittehows the
general structure of a typical local-search heuristic far AT problem. The
algorithm is normally repeatedly restarted for a certaimber of times if it is

not successful.

The best heuristics of this type include:

m GSAT: (Selman et al., 1992) which, at each iteration, fligs tariable
with the highest gain score, where the gain of a variabledgiifierence
between the total number of satisfied clauses after flipgiegvariable
and the currentnumber of satisfied clauses. The gainisime@dlipping
the variable reduces the total number of satisfied clauses.

m HSAT: (Gent and Walsh, 1993) In GSAT more than one variablg ma
present the maximum gain. GSAT chooses among such variedoles
domly. HSAT, instead, uses a more sophisticated stratéggldcts the
variable with the maximum age, where the age of a variablesistimber
of flips since it is was last flipped. So, the most recently figppariable
has an age of zero.

s GWSAT: (Selman and Kautz, 1993) with probabilitgelects a variable
occurring in some unsatisfied clauses while with probabglit— p) flips
the variable with maximum gain as in GSAT.

s WalkSat: (Selman et al., 1994) starts by selecting one ofittsatisfied
clauseg”. Then it flips randomly one of the variables that will not kea
any of the currently satisfied clauses (leading to a “zemafge” flip). If
none of the variables i’ has a “zero-damage” characteristic, WalkSat
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selects with probability the variable with the maximum score gain, with
probability (1 — p) a random variable i

= Novelty: (Hoos and Stutzle, 2000) After selecting a randomeatisfied
clause, Novelty flips the variable with the highest scoressiit was the
last variable flipped in the clause. If this is the case, witbbpbility p
the same variable is flipped, otherwise a random variabla tiee same
clause is selected.

Evolutionary algorithms and SAT problem.  Different evolutionary tech-
niques have been applied to the SAT problem. There are twa maearch
directions: direct evolution and evolution of heuristics.

An example of methods of the first type — direct evolution HisGA which
was introduced in (Marchiori and Rossi, 1999). There a dgemégorithm was
used to generate offspring solutions to SAT using the stagknetic operators.
However, offspring were then improved by means of localdearethods. The
same authors later proposed ASAP, a variant of FlipGA (Retssi., 2000). A
good overview of other algorithms of this type is provided @ottlieb et al.,
2002).

The second direction is to use evolutionary techniques toraatically
evolve local search heuristics. A successful example &f ithithe CLASS
system developed in (Fukunaga, 2002; Fukunaga, 2004). rdbegs of evolv-
ing new heuristics in the CLASS system is based on five caditibranching
cases (if-then-else rules) for combining heuristics. &ffely CLASS can be
considered as a very special type of GP system where thessamd used instead
of the standard GP operators (crossover and mutation). Vdteesl heuristics
were competitive with a number of human-designed heusistidowever, the
evolved heuristics were relatively slow. This is becausectbnditional branch-
ing operations used in CLASS evaluate two heuristics firdttaay then select
the output of one to decide which variable to flip. Also, riesilng evolution to
use only conditional branching did not give the CLASS systéaimugh freedom
to evolve heuristics radically different from the humarsigeed heuristics (ef-
fectively, the evolved heuristic are made up by a number sfateheuristics).
Another example of system that evolves SAT heuristics isSSRAGE system
introduced in (Boyan and Moore, 2000). STAGE tries to imprdle local
search performance by learning (online) a function thatligte the output of
the heuristic based on some characteristics seen durirggtreh.

Hyper-heuristics, GP and SAT

As we noted above, hyper-heuristics are “heuristics to shamher heuris-
tics” (Burke et al., 2003a). A heuristic is considered ag+oi-thumb or “edu-
cated guess” that reduces the search required to find asuluthe difference
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between metaheuristics and hyper-heuristics is that timediboperate directly
on the targeted problem search space with the goal of findatighal or near
optimal solutions. The latter, instead, operate on theibes search space
(which consists of the heuristics used to solve the targablpm). The goal
then is finding or generating high-quality heuristics fomaget problem, for a
certain class of instances of a problem, or even for a paatiénstance.

There are different classes of hyper-heuristics. In ongsotd HH systems,
the system is provided with a list of preexisting heurisfmssolving a certain
problem. Then the HH system tries to discover what is the begtience of
application for these heuristics for the purpose of findirgplution as shown
in Figure 11-1. Different techniques have been used to Bdiflsystems of
this class. Algorithms used to achieve this include, fomegke: tabu search
(Burke et al., 2003b), case-based reasoning (Burke etlgt), genetic algo-
rithms (Cowling et al., 2002), ant-colony systems (Silvalet2005), and even
algorithms inspired to marriage in honey-bees (Abbass100

Another form of hyper-heuristic is one where the system poed
(meta-)heuristics by specialising them from a generic tatep The specialisa-
tion can take the form of one or more evolved components, vbén modify
the behaviour of the meta-heuristic or heuristic. This apph has given, for
example, very positive results in (Poli et al., 2007) whéeeggroblem of evolv-
ing offline bin-packing heuristics was considered. ThereNaB used to evolve
strategies to guide a fixed solver. This approach was alsmtak(Bader-El-
Den and Poli, 2008) where Inc* was originally proposed. Téodver was
applied to the SAT problem with good success. To further owprchances
of success, a key element of Inc*, its strategy for adding r@mdoving SAT
clauses, was evolved using GP. (We will provide more infdiomaabout this
below, since the work presented in this paper relates gidsdhc*.)

A third approach used to build HH systems is to create (ev@lve) new
heuristics by making use of treemponent®f known heuristics. The process
starts simply by selecting a suitable set of heuristics éinatkknown to be use-
ful in solving a certain problem. However, instead of digdeeding these
heuristics to the HH system (as in the first type of HHs disedstbove), the
heuristics are first decomposed into their basic compon@ifterent heuristics
may share different basic components in their structurewé¥er, during the
decomposition process, information on how these compsneate connected
with one another is lost. To avoid this problem, this infotima is captured by
a grammar. So, in order to provide the HH systems with enoofgrmation
on how to use components to create valid heuristics, one finsistonstruct
an appropriate grammar. Hence, in the hyper-heuristichisthird type, both
the grammar and the heuristics components are given to theyidtéms. The
system then uses a suitable evolutionary algorithm to evabw heuristics,
Figure 11-2 shows an abstract model for the process. Forgeaimn recent
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Figure 11-1. Shows an abstract structure of one of the HH types: In this,tiAH tries to find
the best sequence of heuristics to solve a certain problem.

work (Burke et al., 2006a) GP was successfully used to evaveheuristics of
for one-dimensional online bin packing problems. WhileBader-El-Din and

Poli, 2007) this approach was used in a system called GP-biHZP Hyper-

Heuristic) to evolve heuristics for the SAT problem whicle apecialised to
solve specific sets of instances of the problem. A compatietween GP-HH
and other well-known evolutionary and local-search heigggevealed that the
heuristics produced by GP-HH are very competitive, beingpanwith some

of the best-known SAT solvers.

Contributions of this Paper

The Inc* algorithm proposed in (Bader-El-Den and Poli, 2088d briefly
discussed above has been successful. There the choicesifibidied prob-
lems progressively leading to the original (hard) problendynamic so as to
limit the chances of the algorithm getting stuck in localio@. Whenever
the system finds a simplified instance too difficult, it baaéks and creates a
new simplified instance. In the SAT context, the simplifiedipgems are sim-
ply obtained by choosing subsets of the clauses in the afigarmula. The
subset in current use is called tblauses active listDepending on the result
of the heuristic on this portion of the formula, the algomitithen increases
or decreases the number of clauses in the active list. Nitane choice of
how many clauses to add or remove from the active list of Irftéraa suc-
cess or failure is very important for the good performancehef algorithm.
In (Bader-El-Den and Poli, 2008) genetic programming wasiue discover
good dynamic strategies to make such decisions optimalyratime. These
strategies were constrained to act within the specific Ihgdithm (which we
report in Algorithm 2), which was human designed.
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Figure 11-2. Shows an abstract structure of one of the HH types, In thistlyp input heuristics
H are decomposed to their componetsefore evolving new heuristics from these components.

Encouraged by the success of Inc* and the GP-HH, in this weekwant
to take Inc* one step further. We want to evolve local sear8ii Beuristics
specifically designed to work well within Inc*, instead ofsjuevolving the
control element of Inc* which decides how many clauses to edcemove
upon success or failure, which is what we did before. To dg tlie make use
of the grammar-based Hyper-Heuristic GP framework deweojm (Bader-
El-Din and Poli, 2007; Bader-El-Den and Poli, 2007). As oaa easily see
inspecting the local search heuristics for SAT presentedalall the heuristics
share similar components, for example variable score¢seteof a clause and
conditional branching. The components of these heurigiius additional
primitives that are necessary to evolve more complex bebasiare used to
generate the grammar for GP-HH, as described in the nexbeect

By giving GP-HH the freedom to design completely new Inc*rebars, we
hoped to find algorithms for the solution of the SAT problemtthre novel and
even more powerful than Inc* or GP-HH alone.

2.  GP hyper-heuristic for evolving Inc* SAT heuristics

As mentioned before, the most important step in designingPaHgper-
Heuristic framework is constructing a grammar capable etdbing heuristics
forthe targeted domain. The grammar shows the GP systenmhgoslementary
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Algorithm 2 Inc* approach to solving SAT problems.
1: L = random variable assignment
. AC = small set of random clauses from the original problem
. Flips = number of allowed flips at each stage
: Flips Total = 0 {This keeps track of the overall number of flips used
: Flips .Used = 0 {This keeps track of the flips used to test the activé list
. Inc_Flip_Rate = rate of increment in the number of flips after each fail
repeat
for i = 0 to Flipsdo
if L satisfies formuld’ then
return L
end if
select variabld” from AC using some selection heuristic
flip Vin L
end for
Flips_ Total = FlipsTotal + FlipsUsed
update clause weights
if L satisfiesAC then
if AC contains all clauses ik’ then
return L
end if
AC = add more clauses to the active list
else
sort AC
AC =remove some clauses from the active list
Flips = increment allowed flips
26: end if
27: until Flips Total < MazFlips
28: return no assignment satisfying found
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components obtained from the decomposition of previokslywn heuristics
could be connected to generate valid evolved heuristice.gfdimmar presented
in this section is an extension of the one used in (Baderiklabd Poli, 2007;
Bader-El-Den and Poli, 2007), which we modified so as to beenafficient
and to better suit the Inc* framework. The grammar contaiesnents form
the heuristic descried in the previous section.

The GP Hyper-Heuristic framework allows us to use compaant used
in handcrafted heuristics to see whether they can help tbkitean process.
This is important in our case because we are not just evoleitej-search SAT
heuristics but much more sophisticated heuristics for In€dr example, we
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Random | |
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Figure 11-3. The GP Hyper-Heuristic grammar used for evolving Inc* SATihstics.

added to the grammar new conditional branching conditibased on the size
of the currentlauses active lisas will be described in details later.

To construct our grammar, we classified the main componé@aDbheuris-
tics into two main groups. The first group of components, @rbureturnsa
variablefrom an input list of variables (e.g., the selection of a @mdvariable
from the list or of the variable with highest gain score). Tezond group,
Group 2, returna list of variablesfrom the CNF formula (e.g., the selection of
a random unsatisfied clause which, effectively, returnstaofi variables). The
grammar is designed in such a way to produce functions withide effects
(i.e., we avoid using variables for passing data from a giito another).
The aim was to reduce the constraints on the crossover aratiorubperators,
and to make the GP tree representing each individual simpler

The grammar we used and its components are shown in Figuge The
root of each individual (an expression in the language ieduxy the grammar)
is the primitiveF1ip, which flips a variabler. The variablev is typically (but
not always) selected from a list of variablds,using appropriate primitives.
There are three ways in which this can happen.
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The first method is to select the variable randomly fronirhis is done by
the functionRandom 1.

The second method is to choose the variable based on thecfdbeevari-
ables in the list. In other words, the choice depends on homymeore clauses
will be satisfied after flipping a variable. A positive signtbé score means that
more clauses will be satisfied. A negative score is insteaalirdd if flipping
the variable will cause fewer clauses to be satisfied. Thecseh based on
score is done by eithetaxScr or ScndMaxScr. These functions select the
variable with the highest and second highest score ftpnespectively. Both
MaxScr andScndMaxScr require a second argumeap, in addition to a listL.
This argument specifies how to break ties if multiple vaealihave the same
highest score. Ibp is TieAge, the tie will be broken by favouring the variable
which has been flipped least recently, whitesRandom breaks ties randomly.

The third method for selecting a variable is through the fili@ ZeroBreak
which selects the variable that will not “unsatisfy” any bétcurrently satisfied
clauses. If a such variable does not exist in the given higt primitive returns
its second argument, which is selected by any of the previous methods.

The list of variables can be selected from the CNF formula in three simple
ways. The first two are directly taken from the handcraftedristics: A11
returns all the variables in the formula, while returns all the variables in one
of randomly selected clause. The third methotlLUC, selects all the variables
in all unsatisfied clauses. This primitive can be very uséuald, indeed, was
often used by GP) in stages where the number of clauses tlabses active
list of Inc* is relatively small.

The grammar also includes conditional branching compan@®v and
IFL). Branching components are classified on the basis of teairm type.
The conditionprob means that the branching is probabilistic and depends on
the value ofprob. Also the branching can be done on other criteria Bkee
of theclauses active listWhile this is not in any of the handcrafted heuristics,
we added it to our grammar to make GP able to evolve heuridtasadapt
with the different stages in the Inc* algorithm, while it gressively adds and
removes clauses from the active lisastAtmp is trueif the Inc* last attempt
to satisfy theclauses active listvas successful arfdlseotherwise.

3.  Experimental setup

In evolving Inc* SAT heuristics we used a training set in¢ghgdSAT prob-
lems with different numbers of variables. The problems weaken from the
widely used SATLIB benchmark library. All problems were damly gener-
ated satisfiable instances of 3-SAT. In total we used 50nieets 10 with 100
variables, 15 with 150 variables and 25 with 250 variableil¥\strategies are
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evolved using 50 fitness cases, the generality of best ofndimiduals is then
evaluated on an independent test set including many morar&Adnces.

The fitnessf(s) of an evolved strategy was measured by running the Inc*
algorithm under the control of on all the 50 fitness cases. More precisely

f(s) = Z <z’nc5(i) * Uf?) + flz'pls(S)

%

whereu(7) is the number of variables in fitness caseénc; (i) is a flag repre-
senting whether or not running the Inc* algorithm with st@t s on fitness case

i led to success (i.einc, (i) = 1 if fitness case is satisfied and O otherwise),
and flips(s) is the number of flips used by strategyveraged over all fitness
cases. The factar(i)/10 is used to emphasise the importance of fitness cases
with a larger number of variables, while the teimflips(s) is added to give

a slight advantage to strategies which use fewer flips (thieery small and
typically plays a role only to break symmetries in the preseaf individuals

that solve the same fitness cases, but with different degfefficiency).

The GP systeminitialises the population by randomly drgwindes from the
function and terminal sets. This is done uniformly at randimg the GROW
method, except that the selection of the function (hdadp is forced for the
root node and is not allowed elsewhere. After initialisafithe population is
manipulated by the following operators:

= Roulette wheel selection (proportionate selection) igludeeselection
is permitted.

= The reproduction rate is 0.1. Individuals that have not keféscted by
any genetic operator are not evaluated again to reduce theuwation
cost.

m  The crossover rate is 0.8. Offspring are created using dalsesc form
of crossover. A random crossover point is selected in thé pasent,
then the grammar is used to select the crossover point frens¢lbond
parent. It is randomly selected from all valid crossovempmi If no
point is available, the process is repeated again from tgabmg until
crossover is successful.

= Mutation is applied with a rate of 0.1. This is done by selegt random
node from the parent (including the root of the tree), datgthe sub-tree
rooted there, and then regenerating it randomly as in thilisation
phase.

= We used a population of 500 individuals.

We have used the following parameters values for the Incritlgm:
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Success Rate
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Figure 11-4. Average success rate performance of WalkSAT, IncWalkSatmcHH.

= To start with we allow 2,000 flips for instances with more t12&® vari-
ables, while we use 100 flips for smaller instances.

= Upon failure, the number of flips is incremented by 20%.

= We allow a maximum total number of flips of 400,000 for instesavith
more than 250 variables, while we use 100,000 flips for smialé¢ances.

= The maximum number of tries is 1000 (including successfdl amsuc-
cessful attempts). This is mainly to prevent the system fgetting into
an infinite loop.

= We evolved Inc* SAT heuristics for one simple Inc* strategi@hich
adds 15% clauses after each success and removes 10% dftésieae.

4, Results

We start by showing a typical example of the search heusidtic Inc*
evolved using the GP Hyper-Heuristics framework.

Figure 11-4 shows one of the best performing heuristicsvedbfor the Inc*
strategy represented as a program tree. As one can seeabvauestics are
significantly more complicated than the standard heusstve started from
(e.g., GSat, WalkSat, Novelty). So, a manual analysis of ti@wcomponent
steps of an evolved heuristic contribute to its overall perfance is difficult.
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Although the initial population in GP is randomly generatedl includes no
handcrafted heuristics, we have noticed that most of thiesvetved individuals
contain patterns of instructions similar to those in harafted heuristics. This
means that our grammar-based GP system has been able riruiffieuristics
patterns to create new heuristics for Inc*.

The Inc* strategy and parameter settings used during thieitamo process
are the same as the one used in the testing phase. Table bivdtble results of
a set of experiments comparing the performance of threaitigts: WalkSat
alone, WalkSat with Inc* (IncWalk) and the heuristic evalvey GPHH with
Inc* (IncHH). Instances with up to 250 variables were takemT SatLib (uf20
touf250). Larger instances were taken from the benchmaidf siee SAT 2007
competition. None of the test instances had been used inRHesi®ing phase.
The performance of the heuristics on an instance is the nuailfigs required
to solve it averaged over 10 independent runs of a solvendare the results
are statistically meaningful. The AF column shows the ayeraumber of flips
used by each heuristic in successful attempts only.

Table 11-1. Comparison between average performance of WalkSat andSatikith Inc* and
Inc* with the evolved heuristic (IncHH) SR=success rate/Bverage back tracks , AF=average
number of flips.

WalkSat IncWalk IncHH

name claused SR AF SR AF BT SR AF BT

uf20 91 1 104.43 1 136.32 1.13 1 98.54 0.96
ufs50 218 1 673.17 1 702.52 | 4.25 1 723.52 | 3.13
uf75 325 1| 1896.74 1| 1970.59| 8.15 1| 1909.61| 7.17
uf100 430 1 | 3747.32 1 | 3640.62| 10.31 1| 3769.42| 9.07
ufl50 645 | 0.97 | 15021.3 1 13526 | 15.44 1 | 6454.14| 12.60
uf200 860 0.9 | 26639.2 | 0.92 | 27586.2 | 20.59 1 | 26340.8| 19.09
uf225 960 | 0.87 | 29868.5| 0.87 | 32258.8 | 21.27 1 | 34187.7| 20.24

uf250 1065 | 0.81 | 38972.4| 0.83 | 39303.5| 25.15| 0.93 | 39025.6 | 24.37
com360 | 1533 | 0.68 | 277062 | 0.66 | 225874 | 33.82 | 0.77 | 147617 | 31.87
com400 | 1704 | 0.66 | 172820 | 0.70 | 188435 | 31.64 | 0.78 | 191493 | 32.7
com450 | 1912 | 0.64 | 169113 | 0.71 | 190325 | 32.72 | 0.77 | 170459 | 30.36
com500 | 2130 | 0.38 | 271822 | 0.42 | 297683 | 35.72 | 0.45 | 265762 | 36.59
com550 | 2343 | 0.35 | 288379 | 0.40 | 278567 | 39.84 | 0.41 | 266429 | 38.23
com600 | 2556 | 0.44 | 257479 | 0.47 | 228347 | 36.64 | 0.58 | 297932 | 39.12
com650 | 2769 | 0.34 | 274112 | 0.43 | 285964 | 34.65 | 0.43 | 282352 | 44.30

We categorise the results in Table 11-1 into two groups. Tsedroup in-
cludes relatively small instances with no more than 100adeis. The second
group includes larger instances with more than 100 var&altethe first group
of problems all heuristics have a perfect success rate 0¥%10The IncHH
performance is close to the performance to other heuristigarding the num-
ber of flips used. However, IncHH was able to significantlypeutorm the



176 GENETIC PROGRAMMING THEORY AND PRACTICE VI

other heuristics solving more instances from the secondmas shown also in
Figure 11-4.

5. Conclusions

We have used the GP-HH framework for evolving customised Is&lristics
which are used within the Inc* algorithm. GP has been ablevtidve high-
performance heuristics for SAT problems.

In future work, we will try to generalise the framework to ethproblem
domains, including scheduling, time tabling, TSP, etc.oAlge will test the al-
gorithm on diffident types of SAT benchmarks (e.qg., strustuaind handcrafted
SAT problems). We also want to study the effect of grammargthesn HH
frameworks in more detail.
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