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 lo
al sear
h (GLS) and geneti
 algo-rithms (GAs) with on-line adaptation of a penalty-based �tness fun
tion, separately, have produ
edpromising results when they have been used to solverandom binary 
onstraint satisfa
tion problems (BC-SPs). In this paper we investigate the e�e
tiveness ofGAs that 
ombine these two methods, more spe
i�-
ally, whether the use of a more involved �tness fun
-tion improves the performan
e of GLS algorithms forrandom BCSPs. GLS has been re
ently used in a hy-brid GA [3℄; at ea
h generation, the o�springs pro-du
ed by the appli
ation of geneti
 operators are im-proved by means of a lo
al sear
h pro
edure. Next, werepla
e the �tness fun
tion with the �tness fun
tionfrom SAW-ing [2℄ and de�ne an adaptive 
ost fun
-tion (resulting in GLS+SAW). We 
ondu
t extensiveexperiments on a large set of standard ben
hmark in-stan
es of random BCSPs. Binary 
onstraint satisfa
-tion problems are de�ned by having a set of variables,where ea
h variable has a domain of values, and a setof 
onstraints a
ting between pairs of variables. A so-lution of a BCSP is an assignment of values to thevariables in su
h a way that all restri
tions imposedby the 
onstraints are satis�ed. In this paper we userandomly generated BCSPs that 
an be de�ned by fourparameters: the number of variables n, the (uniform)domainsize m, the probability of a 
onstraint betweentwo variables d (density), and the probablity of a 
on-
i
t between two values of a 
onstraint t (tightness).The results indi
ate that the addition of the SAW-ingmethod does not deteriorate the su

es rate (per
ent-age of runs that �nd a solution, SR) of GLS, whileit de
reases the average number of �tness evaluations(AES) for some 
lasses of problems. When 
omparingGLS+SAW with one of the best GA based algorithms,Mi
rogeneti
 Iterative Des
ent Method Geneti
 Algo-rithm (MIDA) [1℄, we found that GLS+SAW is slightlybetter in both SR and AES.
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