
Easy Predictions for the Easy-Hard-Easy Transition

Andrew J. Parkes
CIRL

1269 University of Oregon
Eugene OR 97403, USA

http://www.cirl.uoregon.edu/parkes

Abstract

We study the scaling properties of sequential and parallel ver-
sions of a local search algorithm, WalkSAT, in the easy re-
gions of the easy-hard-easy phase transition (PT) in Random
3-SAT.
In the underconstrained region, we study scaling of the se-
quential version of WalkSAT. We find linear scaling at fixed
clause/variable ratio. We also study the case in which a pa-
rameter inspired by “finite-size scaling” is held constant. The
scaling then also appears to be a simple power law. Combin-
ing these results gives a simple prediction for the performance
of WalkSAT over most of the easy region. The experimental
results suggest that WalkSAT is acting as a threshold algo-
rithm, but with threshold below the satisfiability threshold.
Performance of a parallel version of WalkSAT is studied in
the over-constrained region. This is more difficult because
it is an optimization rather than decision problem. We use
the solution quality, the number of unsatisfied clauses, ob-
tained by the sequential algorithm to set a target for its paral-
lel version. We find that qualities obtained by the sequential
search with O(n) steps, are achievable by the parallel version
in O(log(n)) steps. Thus, the parallelization is efficient for
these “easy MAXSAT” problems.

Introduction
Many systems, both physical and combinatorial, exhibit a
phase transition (PT): the probability of a large instance hav-
ing some property,Q, changes rapidly from zero to one as
an “order parameter” passes through some critical value. If
the decision problem for the propertyQ is NP-hard then
one might also observe what has been dubbed (somewhat
inaccurately) an “easy-hard-easy” transition in the average
search cost to solve an instance, i.e to determine whetherQ
holds (Cheeseman, Kanefsky, & Taylor 1991). Solving in-
stances is hardest when they are taken from the phase tran-
sition region, but becomes much easier as we move away.

An extensively studied example of an easy-hard-easy
phase transition is that occurring in Random 3-SAT (see, for
example, (Kirkpatrick & Selman 1994; Crawford & Auton
1996; Friedgut & Kalai 1996)). If instances are character-
ized by the number of variablesn, and clausesc, then the
relevant order parameter isα = c/n. It is believed that, in

Copyright c© 2002, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.

the largen limit, the probability,P [α, n], of an instance be-
ing satisfiable exhibits a PT. that is, for some critical value
αC thenα < αC giveslimn→∞ P (α, n) = 1, andα > αC
gives limn→∞ P (α, n) = 0. Empirical estimates are that
α ≈ 4.26 (Crawford & Auton 1996).

In this paper, we will avoid the computationally hard re-
gion nearαC and instead focus on properties in the easy
regions. The essential question we ask is “How is easy is
easy”. A theoretical motivation is that current theoretical
lower-bounds onαC are obtained by analysis of polyno-
mial algorithms. For example, analysis of a simple iter-
ated greedy algorithm showsαC ≥ 3.003 (Frieze & Suen
1996). A better understanding of the easy region might lead
to better lower bounds, and maybe even shed light on the
PT itself. Practical motivation comes from the broad cor-
respondence between optimization and decision problems;
finding optimal solutions corresponds to solving problems
at the PT. However, the associated exponential scaling is of-
ten unacceptable, instead scaling must be polynomial, and
so sub-optimal solutions accepted, corresponding to solving
problems in the easier satisfiable region.

We are also motivated by the common use of iterative re-
pair algorithms for large realistic problems. Hence, we study
the iterative repair algorithm “WalkSAT” (WSAT) (Selman,
Kautz, & Cohen 1996). Although it is incomplete, and so
can never prove unsatisfiability, it is usually very effective
on satisfiable instances.

The main portion of the paper presents results on the scal-
ing of WSAT in the easy satisfiable region. Previous work
(Parkes 2001) showed that scaling of the number of flips is
O(n) if α is held constant. We improve upon that work by
finding a simple expression for the median flips needed to
solve instances. The expression gives a good prediction of
performance over a large portion of the easy region.

“Easy” is usually taken to mean polytime. However, this
is specific to sequential algorithms. It is also natural to ask
how easy the underconstrained regions are for parallel algo-
rithms. The question is non-trivial because it is generally be-
lieved not all polytime algorithms can be done efficiently in
parallel. “Easy” in the parallel world corresponds to solving
in polylog time, O(log(n)k), i.e “Nicks class”,NC (see (Pa-
padimitriou 1994)). Problems that areP-complete, such as
HORNSAT, are easy for sequential algorithms but still hard
for parallel algorithms. Earlier work studied a parallel ver-
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sion of WSAT and found it to be an efficient parallelization
on underconstrained problems (Parkes 2001). Here, we con-
sider the over-constrained region, (the other “easy”), treat-
ing the problem as MAXSAT. We find that solution qualities
achievable in O(n) time by the sequential version are achiev-
able by the parallel version in polylog time; again suggesting
that, on average, this form of “easy” is also “easy parallel.”

Scaling ofWSAT

The version ofWSAT that we use is:

for i := 1 to MAX -TRIES
P := a randomly generated truth assignment
for j := 1 to MAX -FLIPS

if P is a solution,then returnP
elsec := a randomly selected unsatisfied clause

foreach literal l ∈ c
B(l) = number of clauses that would

break if were to flipl
m = minimum value ofB(l)
L = { l | B(l) = m}
if m = 0 then flip a random literal fromL
else

with probabilityp flip a random literal inc
elseflip a random literal fromL

return failure

At each iteration an unsatisfied clause is selected randomly
and one of its literals is flipped. The heuristic for selection
of the literal is to avoid breaking of other clauses. Though
sometimes, controlled by a “noise parameter,”p, a random
choice is made.

To study scaling requires making a choice forα as we
increasen, that is, a “slice” through(c, n) space. We first
consider the simplest choice: a “fixed-α slice”. Previous
work (Parkes 2001) showed that the average number of flips
increased linearly along such a slice. For completeness,
we first repeat the fixed-α experiments of (Parkes 2001).
Studying scaling not only requires a selection of problem in-
stances, but also requires decisions about how algorithm pa-
rameters, such asp, should be varied. Here we make the sim-
plifying assumption that parameters are constant. In (Parkes
2001), the noise parameter,p was set to0.3, and although
this is close to optimal in the under-constrained region, we
will see later that it is significantly sub-optimal as we move
closer to the PT. Here, we usep = 0.5 which gives better
performance.

To obtain the mean, Maxflips was set large enough,5 ×
107, that problems are generally solved on the first try. Un-
like (Parkes 2001), we determined not only the mean but also
the median numbers of flips. Figure 1 gives the results along
fixed-α slices for a representative set ofα values. When we
are well below the PT then median and mean values essen-
tially coincide and scaling is clearly a simple linear. Asα
increases then, for smaller values ofn the mean is signifi-
cantly below the mean, but asn increases the two averages
converge again.

Since the mean and median are so close, we decided to
focus on the median because it requires much less CPU time.
To find medians we setMAX -FLIPS large enough to solve
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Figure 1: Number of flips needed byWSAT along “fixed-α
slices.” For each indicated value ofα both the mean and
median points are plotted; when not overlapping they can be
distinguished because the mean is higher and is also given
error-bars (corresponding to the usual 95% confidence inter-
val, not the standard deviation).

over 50% of the instances on the first try. In this case, it
is sufficient to setMAX -TRIES=1, keepMAX -FLIPS small
and leave many instances unsolved. Also the median tends
to be less susceptible to outliers. For small values ofn we
filter out unsatisfiable instances using a complete solver. For
largern this was impractical, but for the easy regions studied
here, this turned out not to be important (very few instances
are expected to be unsatisfiable).
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Figure 2: Empirical values for theq(α) of (1), and the flip
inefficiency measuref(α) of (2). The “power law” fitted to
theq(α) is 1.27/(4.19− x)2.055.

The (asymptotic) linearity in Figure 1 suggests the median
number of flipsF is given by

F = q(α)n (1)

Note, F is the number of flips that will solve 50% of the
(satisfiable) instances. InWSAT the initial truth assignment
is random and so, for Random 3-SAT, can be expected to
leavec/8 of the clauses unsatisfied. At fixedα this is also
linear inn, and so it is useful to define

f(α) =
F
c/8

=
8q(α)

α
(2)
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which can be regarded as an “inefficiency measure”. Fits
to the data gave values for theq(α) andf(α) as plotted in
Figure 2. We will return to the “power law” later. Observe
that for smallα the repairs are efficient, approximately one
flip is needed per initial unsatisfied clause. This is consistent
with the expectation that clauses are loosely coupled and so
repairs will show little interference.

The results at fixed-α slices show linear scaling but have
two drawbacks. They give no insight into the nature ofq(α).
Also, the phase transition (PT) region covers an ever nar-
rower region ofα asn increases, and so there is a reason-
able sense in which a fixedα moves away from the PT as
n increases. This movement could make the fixed-α slice
artificially easy. Both deficiencies are overcome if we also
study slices that causeα to increase asn increases. A natural
candidate would be a slice at a fixed value of “probability an
instance is unsatisfiable.” However, in the underconstrained
region such probabilities are too small to measure directly;
to sidestep this difficulty we use methods inspired by “finite-
size rescaling”.

For any finite value ofn the transition is not a step func-
tion, but instead become sharper asn is increased. The be-
havior of the satisfiability probability,P [α, n], was illumi-
nated by ideas from physics (Kirkpatrick & Selman 1994)
which suggested defining a new parameter

u(α, n) = (α− αC)n1/ν (3)

The expectation was that for well-chosenν the probability
would be close to some functionP (u) depending onu only.
Keepingu constant asn increases drivesα → αC in such
a way that the “probability of satisfiability” stays constant,
just as desired for our slice. Experimentally, this was found
to happen forν = 3/2 (Kirkpatrick & Selman 1994) . How-
ever, these early results hadαC = 4.17 whereas more ex-
tensive studies later suggestedαC = 4.24 or αC = 4.26
depending on exactly how the data was analyzed (Crawford
& Auton 1996). Given this uncertainty we decided to relax
the definition foru to

uα0(α, n) = (α0 − α)n2/3 (4)

where α0 was another parameter, (initially) expected to
come out to be the same asαC . (Also, for convenience,
we have flipped signs so thatu > 0 corresponds to the satis-
fiable side of the PT).

Hence, we define a “fixed-u slice” as a sequence of prob-
lems with

α(n) = α0 − uα0n
−2/3 (5)

Note thatα → α0 asn increases.
Firstly, we took slices took slices atu = 100 and with

α0 = 4.24 andα0 = 4.17. Results are shown in Figure 3. In
all cases, “flips” refers to median number of flips over a set
of (satisfiable) instances. (Usually 1000 instances were used
per point, except for the vary largest slowest ones. How-
ever, away from the PT, the variances are often small and
so not many instances are needed to obtain a reliable esti-
mate.) Both cases are close to straight lines on the log-log
scale and so close to power laws, however the slopes change
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Figure 3: Scaling atu = 100, but with different values of
α0. The lines are best-fits of (6).
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Figure 4: Scaling along lines of fixedu for various values
of u with α0 = 4.19. Associated lines are fits to (7) with
pb = 2.37 and onlypa allowed to vary withu.

slowly with n. This suggested considering a modified power
law:

v3(n) = pan(pb+pc log(n)) (6)

wherepa, pb, andpc are adjustable constants, and a posi-
tive value ofpc corresponds to a power-law with a slowly
increasing exponent. This gave gave reasonable fits to both
the α0 = 4.24 andα0 = 4.17 lines. However, as is clear
from the trends in the slopes,pc > 0 for α0 = 4.24 but
pc < 0 for α0 = 4.17. Given these opposing trends it was
natural to ask whether some intermediate value ofα0 was
closer to a power law. Trial and error suggestedα0 = 4.19,
and the associated data is also shown in Figure 3. (In this
section our aim is to find a simple functional approximation
to the data and so the informal use “trial and error” is ade-
quate.) Fitting to (6) gave a value forpc that was consistent
with zero, that is, within the confidence limits reported by
the fit facility in gnuplot that we used for all function fitting.

Having identifiedα0 = 4.19 as giving a simple power law
along theu = 100 slice we then moved to try other values
of u. Results are shown in Figure 4. Except for deviations
at the end of the range that we will discuss later, each value
of u also seems to be a straight-line. More surprisingly the
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Figure 5: Results forpa(u) as obtained from Figure 4
and (7) withpb = 2.37. The associated “power law” is
1.27/u2.055.

lines are parallel on the log-log plot suggesting that they all
corresponds to power law scaling with the same exponent.
This suggested fitting the data to a 2-parameter restriction of
(6)

F = pa(u)npb (7)

Trial and error gavepb = 2.37. The coefficientspa(u) were
then extracted using each slice; the results are plotted in Fig-
ure 5.

We now have two descriptions of the scaling. For con-
stantα, F is O(n), and given by (1). For constantu4.19, it is
O(npb ), and given by (7). Consistency requires

q(α)n ≡ pa(u)n2.37 (8)

Eliminatingn using (4) gives

q(α)(α0 − α)2.055 = p(u)u2.055 (9)

The sides of this equation then depend on independent vari-
ables and so by “separation of variables” must both be some
constant,g0, whence

q(α) =
g0

(α0 − α)2.055 (10)

p(u) =
g0

u2.055 (11)

We find thatg0 = 1.27 gives a good fit to bothq(α) and
p(u). The corresponding “power laws” are illustrated along
with the empirical coefficients in Figure 2 and Figure 5.

Hence, we findF ≈ G where

G =
g0n

(α0 − α)g1
(12)

with g0 ≈ 1.27, α0 ≈ 4.19, andg1 ≈ 2.055.

Refinements of the Scaling Results
The functional form of G suggests that we can generalize the
definition ofu and a fixed-u slice to

α(n) = α0 − uα0n
−β (13)

for which

G =
g0

u
n1+βg1 (14)

That is, for any valueβ > 0, we obtain a slice for which
α → α0 asn →∞, and for which G is a simple power-law.

0.8

0.9

1

1.1

1.2

0 0.5 1 1.5 2 2.5 3 3.5 4

E
xp

t/f
un

ct
io

n

c/n

4.25

4.22

4.19

Figure 6: Ratio of experimentalF to “best-fit” G for various
α0. (At n = 51200 with p = 0.5)

Conversely, it suggests imposing polynomial growth on F
also forces us belowα0, that is,α0 would be a threshold
between polynomial and super polynomial (though not nec-
essarily exponential) growth. It is important to note that the
finite-size scaling value,β = 2/3, turns out not to be pre-
ferred in any way. Hence, although the results were inspired
by finite-size scaling, they are ultimately independent. This
also answers objections to using finite-size scaling parame-
ters far outside the PT region.

The valueα0 ≈ 4.19 is somewhat surprising since the
PT itself is believed to be atαC ≈ 4.24 which is distinctly
above this value. Since previous experiments to determine
αC were limited ton ≤ 400 whereas we have worked up to
n = 51, 200, it is possible that the PT has shifted slightly for
these values ofn. However, we do not know any reason to
disbelieveαC ≈ 4.24. Also, Figure 4 show the data deviates
from the fitted lines for both small and largeα. Hence, in
this section, we make a closer investigation of the scaling.

Experiments are performed at fixed values ofn and at in-
tervals of∆α = 0.01 and with 101 instances per point, and
with a single run ofWSAT per instance. This small sample
size leaves some noise in the data, as will be evident from
the graphs, but was essential in order to keep the total cpu
time practical for the large values ofn used.

Firstly, Figure 6 gives the ratio of experimentalF to var-
ious “best fits” for G. The differences are systematic rather
than just random. Over most of the range the difference is
less than 10%, and so the functionG still provides an good
predictor of F within the easy region. However, the system-
atic discrepancies do mean that fittingG to the data will give
slightly different values for the parametersα0, g0 andg1 de-
pending on the range used for the fit. Furthermore, the ten-
dencies in the deviations are such as to favor the small value
of α0 obtained in the experiments along constant-u slices.

The failure of G for small values ofα is not unreasonable.
For typical instances many variables will not occur at all,
and the clauses are highly likely to be very decoupled. They
could easily have a qualitatively different behavior. Hope-
fully, the small deviations of the flip inefficiency from 1.0
could be derivable analytically, and G modified accordingly.
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Figure 7: Rescaled flips,f = F/(c/8). For noisep = 0.5.
G is selected by fitting ton = 25600 over the range [3.0,4.1]
giving α0 = 4.21, g1 = 2.10, andg0 = 1.43.

Generally, instances close to the PT are more important,
and so the discrepancies at large values ofα are more of a
concern. Hence, consider Figure 7 where we show empiri-
cal values for, f, “flips/(c/8),” close the the PT. On reading
Figure 7 it helps to consider the case that flips were a simple
power law,F = anb, and sof(n) = (8a/α)nb−1. With
fixed α, this giveslog(f(2n)) − log(f(n)) = b − 1. Each
doubling ofn leads to the same increment on the y-axis, and
linear scaling corresponds to zero increment between lines.

For α < 4.1 and largen the points on Figure 7 indi-
cate that the scaling approaches linear scaling, though af-
ter initially being super-linear forn < 3200. However, at
α = 4.15 the increment on doublingn seems to be increas-
ing each time, suggesting that growth is faster than a simple
power-law. Also, observe that the formula for G, even with
α0 = 4.21, gives a line that severely underestimates F for
largen once we are in the regionα > 4.15, and again the
underestimation seems to increase withn.

Hence, the data indicates a transition atα ≈ 4.15 from
power-law to super-polynomial scaling. Note that the tran-
sition is not associated with unsatisfiable instances (for these
values ofα andn we are well outside the PT).

Assuming the threshold is real, then it is natural to ask
whether it is sensitive to the exact algorithm used, or is pos-
sibly tied to some (unknown) change in properties of the
instances. Hence, in Figure 8 we give medians flips for
p = 0.3 and1.0 as well as thep = 0.5 used until this point.
Again,G gives good fits to the data over the middle range of
α values, but we see that the obtained values for the parame-
ters do change significantly. This suggests the thresholds are
as driven more by failings of the algorithm, rather directly by
semantic properties of instances.

Interestingly, performance at smaller values ofα is insen-
sitive top, presumably reflecting the lesser need for escape
from local minima on such easy instances.

Lastly we look at Figure 9 which is the same type of plot
as Figure 7 but forp = 1.0 instead ofp = 0.5. In the region
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Figure 8: Median flips for indicated values of the noise pa-
rameterp. The lines are those of G, using the indicated
“best-fit-values” for the parameter lists[α0, g0, g1].
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Figure 9: Rescaled flips,f = F/(c/8). For noisep = 1.0.
G is selected by fitting ton = 25600 over the range [2.0,3.0]
giving α0 = 3.27, g1 = 1.30, andg0 = 0.39.

n ≈ 105, then forαT < 3.0 scaling approaches linear for
the largest n values used. Whereas forα > 3.1 it seems to be
growing faster than a power law. This time there appears to
emerge a transition atαT ≈ 3.1 from linear to super-linear
(and apparently super-polynomial). Atp = 1.0, WSAT is
particularly simple: a “no-breaks” move is taken if possible,
otherwise a literal is flipped at random. Hopefully, the extra
simplicity will eventually allow an analytic derivation the
non-trivial asymptotic behavior observed.

We should note that in all these apparent thresholds it is
hard to eliminate the possibility that the threshold moves
slowly as n increases. For example, a slow decrease in
the threshold, would correspond to scaling, at fixed-α, be-
ing linear until some large value ofn and then changing to
super-linear or super-polynomial at very largen. We see no
evidence for such behavior, but cannot eliminate it.

We also remark that the thresholds only become apparent
for largen. Although a few hundred variables are sufficient
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to show a clear satisfiability threshold, it seems that the algo-
rithmic thresholds here needs tens of thousands in order to
become clear. The ability ofWSAT to escape local minima
effectively might only diminish when faced with the (pre-
sumably) much deeper local minima occurring in large the-
ories. Also the results often only show linear growth once
reaching largen. In practice, this means that scaling results
obtained at smalln (meaningn < 1000) might be mislead-
ing. Unfortunately, experiments with such large values ofn
are currently impractical except in the easy region.

Previous studies of the scaling ofWSAT have generally
focussed on the PT region. The behavior ofWSAT along the
phase transition line was studied in (Singer, Gent, & Smaill
2000)).(Gentet al. 1997) study scaling across the PT re-
gion; Although they only study much smaller values onn it
might well be valuable to relate their results at the edge of
the PT region to ours at the edge of the easy region. Also, see
(Coarfaet al. 2000) for recent studies of scaling of system-
atic algorithms in the underconstrained region, and a useful
overview of other scaling results.

Parallel WSAT and Empirical Scaling Results
A direct parallelization ofWSAT is simply to repair all the
unsatisfied clauses in parallel, rather than a randomly se-
lected one (Parkes 2001). ForWSAT(PAR) the central loop
of WSAT(SEQ) is replaced with a “parallel flip” or “parflip”:

parallel: foreach clause c
if c is unsatisfied

foreach literal l ∈ c
B(l) = number of clauses that would

break if were to flipl
m = minimum value ofB(l)
L = { l | B(l) = m}
if m = 0 then flip a random literal fromL
else

with probabilityp flip a random literal inc
elseflip a random literal fromL

Note that O(n) flips are done simultaneously, and so it is
reasonable to hope for a linear speedup. If the sequential
version takes O(n) then it is also reasonable to hope that
the parallel version would run in (poly-)logarithmic number
of flips. Observing that constant-α slices are O(n) for se-
quentialWSAT, Previous studies (Parkes 2001) of the above
parallel version found that the hoped for speedup did indeed
occur. Empirically, constant-α slices were O(log(n)2).

One might study the behavior ofWSAT(PAR) along
constant-u slices however this would probably not be inter-
esting. The sequential is polynomial, O(n2.37) rather than
linear, and so (presumably) the most one can hope for is to
reduce this to O(n1.37).

Instead, we are motivated from the fact that many prob-
lems are over-constrained and are treated as optimization
rather than decision problems. We take this to correspond
to takingα > αC and treating the problems as MAXSAT
rather than SAT. In this case one goal might be to satisfy
as many clauses as possible; however, this is NP-hard and

10

100

1000

10000

100000

100 1000 10000

n

seqflips
2n

parflips

Figure 10: Instances are taken from Random 3-SAT with
α = 6, and an associated target quality is fixed to that
achieved byWSAT(SEQ) in 2n flips. For each instance, we
then plot both the average sequential flips and parallel flips
needed to achieve the target quality.

can be expected to take exponential time. In practice, sub-
optimal solutions are sought, and local repair methods such
asWSAT are still effective.

Hence, we ask whether theWSAT(PAR) gives an effec-
tive parallelization on over-constrained optimization prob-
lems. Unfortunately, doing optimization rather than sim-
ple satisfiability means that there is no natural meaning of
“success” for a search attempt. To overcome this we took
a simple method to evaluateWSAT(PAR) with respect to
WSAT(SEQ).

1. select a value of Maxflips m(n)

2. for each instance we determine a target quality T by

(a) for each instance we runWSAT(SEQ) for m(n) flips and
determine the smallest number of unsatisfied clauses
that occurred

(b) this is averaged over multiple runs ofWSAT(SEQ)

3. this target quality is then used as “success criterion.” That
is, WSAT is considered to succeed as soon as the number
of unsatisfied clauses is reduced toT or better.

4. bothWSAT(SEQ) andWSAT(PAR) are then evaluated by
this success criterion.

Not surprisingly,WSAT(SEQ) then takes O(m(n)) flips.
If m(n) is selected to be linear then it is reasonable to hope
that WSAT(PAR) will reduce this to polylog flips. This ap-
pears to be confirmed by experiments, of which we report
just a typical representative in Figure 10: Qualities achiev-
able byWSAT(SEQ) in 2n flips, are, on average, achievable
in O(log(n)) flips by WSAT(PAR).

More challenging forWSAT(PAR) is to give O(n log(n))
flips to WSAT(SEQ). A typical result is given in Fig-
ure 11. In this caseWSAT(PAR) fails to achieve a linear
speedup. However, we noted thatWSAT(PAR) can make
sets of flips that are likely to be too drastic. In particular,
it can cause clauses that satisfied by two or more literals
to become unsatisfied. Hence, we implemented a second
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Figure 11: Points are determined as for Figure 10 except that
the target quality is determined usingn(1 + log2(n/100))
flips of WSAT(SEQ). We also plot points giving the perfor-
mance of the modified parallelWSAT.

versionWSAT(par,NI), that only allows one of the literals
to be flipped in such cases. In this case, Figure 11 a lin-
ear speedup, from O(n log(n)) to O(log(n)) was again ob-
served.

We take this as evidence that the “easy MAXSAT” prob-
lems we have defined using the over-constrained region of
Random 3-SAT are also easy for parallel algorithms.

Closing Comments and Future Work
We have found a remarkably simple expression, (12), that
is a good predictor of the median number of flips used by
WSAT over a large portion of the easy region below the
phase transition in Random 3-SAT.

The expression (12) along with other results presented,
suggest thatWSAT has a threshold value ofα beyond which
the median flips scaling is super-polynomial, but below
which scaling is linear. The position of the threshold de-
pends on the noise parameter. It would be interesting to see
whether other versions of local repair show similar behavior.

The greatest deficiency of this work is that it is purely em-
pirical, and so cannot prove anything about true asymptotic
behavior. Hopefully, some of the results can eventually be
supported by analytic studies, if only for small values ofα,
or for simpler versions ofWSAT such as with the noise pa-
rameterp = 1.
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