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Abstract

In this paper we formulate a combinatorial auction
brokering problem as a set packing problem and apply a
simulated annealing heuristic with hybrid local moves to
solve the problem. We study the existing exact and non-
exact approaches to the problem and analyze the perfor-
mance of those approaches. We compared our heuris-
tic with the leading exact method CPLEX 8.0 solver
and another non-exact algorithms Casanova using both
the CATS test sets and test cases believed more diffi-
cult than CATS. Results show that the method is com-
petitive with CPLEX 8.0 and obtains near optimal solu-
tions for the CATS cases and up to 15% and 40% better
solutions compared with CPLEX and Casanova, respec-
tively, when the other instances were used.

1. Introduction

Interest in combinatorial auctions has increased in the
field of artificial intelligence, where a number of prob-
lems and their solutions have been studied. Once such
auction problem can be described as follows: a single
supplier has a number of jobs to fulfill and a number of
bidders put forward a set of bids, each covering a sub-
set of these jobs. Each job can be contained in at most
one selected bid where each bid, if selected by the sup-

plier, results in a profit to the supplier. The problem then
is how the supplier should select bids which result in
the best total profit. Recent work has modelled the auc-
tion problem as a Set Packing Problem (SPP), which is
a well-known NP-hard problem [11], [2], [1], [10], [4],
[7]. The problem can be abstracted as follows: Assume
there aren bids andm jobs and each bid can cover a
number of jobs resulting in a profit to the supplier,wj

(j ∈ 1, ..., n) if bid j is selected, and[aij ]m×n is am-
row, n -column 0-1 matrix, whereaij = 1 if job i is in-
cluded in bidj. Further, the decision variables,xj = 1
if the supplier selects bidj, and 0 otherwise. The in-
teger programming model for the problem as a SPP is
then:

maximize
∑

j∈N

wjxj (1)

Subject to:
∑

j∈N

aijxj ≤ 1, i ∈ M (2)

xj ∈ {0, 1}, j ∈ N (3)

whereN = {1, . . . , n}, M = {1, . . . , m}.The first set
of constraints ensure that each row is covered by at most
one column and the second integrality constraints en-
sure thatxj = 1, if and only if columnj of the matrix is
in the solution, i.e. bidj is selected.



Exact algorithms, such as branch-and-bound[2] and
iterative deepening A* search[10], have been developed
and applied to real world instances. Optimal solutions
have also obtained by the Ilog CPLEX solver [1]. In
addition, non-exact algorithms, including an iterative
greedy approach [7] and stochastic local search [4], have
been studied in the literature. As combinatorial auction
problems are of high relevance to applications, mecha-
nisms for generating realistic test suites have been stud-
ied and a standard benchmark test set generator Combi-
natorial Auction Test Suite (CATS) has been developed
[9].

In [10], Sandholm develops a bidtree IDA* search as
an early exact algorithm for the SPP. Some good pre-
processing techniques are also discussed such as parti-
tioning and the removal of non-competitive bids. Sand-
holm’s approach solves problems with several hundreds
of bids and jobs in less than 10 hours. Another ex-
act branch-and-bound algorithm called CASS on SPP
for combinatorial auctions was proposed by Fujishima,
Leyton-Brown and Shoham in [2]. The CASS algorithm
is presented as a “naive brute-force approach followed
by four improvements.” [2]. The improvements include
bids’ bin concept, caching and a good bounding func-
tion. The algorithm exhibited fairly good performance
providing optimal solutions for test sets with about one
hundred jobs and thousands of bids in reasonable times.
CASS outperforms Sandholm’s approach with respect
to the time [1]. The other exact algorithm makes use of
CPLEX [1]. Although CPLEX is a broad tool, it offered
good experimental results compared with Sandholm’s
IDA* search and Leyton-Brownet al.’s CASS. CPLEX
can reach optimal solutions in shorter times for most test
sets used in [1] generated by CATS. Recently, Sandholm
proposed a second generation branch and bound based
algorithm called CABOB [11]. In [1], CPLEX 6.5 shows
better performance with respect of time spent than the
IDA* algorithm and Sandholm benchmarks CABOB
against CPLEX 7.0, which according to the author, is
1.6 times faster than CPLEX 6.5. Experiments in [11]
show that CABOB is usually faster than CPLEX 7.0 for
most CATS distributions used. According to ILOG spec-
ifications, CPLEX 8.0 is 40% faster than CPLEX 7.0. so
that CPLEX 8.0 is a good benchmark for testing the SPP.
We base our comparisons on CPLEX 8.0.

Besides exact algorithms, heuristic methods have
also been applied to the SPP and extensive experimen-
tal studies have been carried out. In [7], a non-complete
greedy heuristic was used which could find non-optimal
solutions for several hundred of bids and jobs. In [4],
a stochastic local search algorithm called Casanova re-
portedly outperformed CASS. It reports better re-
sult quality compared with CASS for test sets in [2] and

[10] by setting cut off times for CASS and Casanova.
Casanova bears a strong resemblance to the Nov-
elty algorithm, one of the best-performing algorithms
for solving hard SAT problems [4]. The stochas-
tic search is based on scoring each search state using
the ”revenue per job” of the corresponding alloca-
tion [4]. The Casanova method is thus one of the
leading non-exact algorithms we found in the litera-
ture.

In this paper, we introduce a new non-exact heuris-
tic algorithm based on simulated annealing (SA) with
hybrid neighborhood search techniques consisting of
a branch-and-bound search, a greedy selection and a
randomized 1,2-exchange. Preliminary results were ob-
tained in [3] which improved on the iterative greedy
search in [7]. We improved the algorithms proposed in
[3] and studied the performance of our algorithm against
the competitive exact and non-exact algorithms, namely
the CPLEX 8.0 solver and Casanova, by applying them
on test sets used in [1] which use four distributions
from CATS. In addition, from [11] and our experimen-
tal results, we found the CATS test sets were solved by
CPLEX and CABOB in a few seconds. Leyton-Brown
et aldiscussed the empirical hardness of different CATS
test set on the combinatorial auction problem in [8],
which made it clear some CATS distributions are in-
deed trivial for CPLEX 7.1, while the uniform distri-
bution is among the hardest distributions in CATS. Be-
cause of this, we have used another more difficult test set
from [7] which factors in several real world constraints
such as pricing, non-dominating bids (where bids that
cover few jobs but provide large profit are called domi-
nating bids and which do not usually occur in real situa-
tions). The results we obtain indicate that our new algo-
rithm is good heuristic for the SPP.

This paper is organized as follows: in the next sec-
tion, the simulated annealing algorithm is discussed and
in section 3, experimental results are studied and com-
pared. We conclude the work in section 4.

2. Simulated Annealing with Hybrid Local
Moves Algorithm

Simulated Annealing (SA) is a meta-heuristic that
differs from the traditional hill-climbing search in the
sense that it may accept a down-hill move which can de-
crease the objective function value with a certain prob-
ability related to the temperature variable [6]. We used
simulated annealing as our heuristic framework and ap-
plied various local moves to approach SPP (refer to Al-
gorithm 1), with the local move probability constantsp1

andp2 being 0.2 and 0.7 respectively, and the cooling
factorC0 is set to 0.9999.



Algorithm 1 Simulated Annealing Framework
S ← {}; best value ← 0;
Temperature ← Tmax; Iter ← 0
Preprocess on Bids()
while Iter < Max Iter and
Temperature > T Terminate do

with probabilityp1
Stemp ← Branch and Bound Move(S);

with probabilityp2
Stemp ← Greedy Move(S);

with probability1− p1 − p2
Stemp ← 1, 2− exchange(S);

δ = value(Stemp)− value(S)
if δ ≥ 0 then

S ← Stemp
else{from S to Stemp is a downhill move}

p = e−δ/T emperature

with probabilityp
S ← Stemp

end if
if value(S) > best value then

best value ← value(S);
end if
iter ← iter + 1
Temperature ← Temperature ∗ C0

end while

2.1. Preprocesses on Bids

In order to increase the time efficiency of the algo-
rithm, we should not consider bids that would definitely
lead to suboptimal results. A simple example is, if two
bids i andj, which cover exactly the same set of jobs,
and wi ≥ wj , we will never include bidj in the so-
lution. Here we generalize this property by forming the
problem RMV-n1-n2: Given a set of jobsJ , andm bids
(b1, . . . , bm), for all i, bi ⊂ J . For the positive inte-
gersn1,n2, wheren1, n2 ≤ m. Can we find two sets of
bidsS1 andS2, such that the followings are satisfied:

• | S1 |= n1 and| S2 |= n2

• for all i, j, i 6= j, if bi ∈ S1 and bj ∈ S1 then
bi

⋂
bj=∅

• for all i, j, i 6= j, if bi ∈ S2 and bj ∈ S2 then
bi

⋂
bj=∅

• ⋃
bi∈S1 bi ⊂

⋃
bj∈S2 bj

• ∑
bi∈S1 wi ≥

∑
bj∈S2 wj

If such two sets S1 and S2 can be found, we will not
include the entire set of jobs S2 in the solution. Figure 1
is an example of RMV-2-2 where S1={bids3,bids4} and
S2={bid1,bid2}. The simple example we introduced at
the beginning of this section is a specification of the
RMV-n1-n2 problem, i.e. RMV-1-1.

If the problem RMV-n1-n2 has a solution, we can
prevent the set of bids, namely S2 to be included in the
solution and thus improve the efficiency of our heuristic.
Unfortunately, the general RMV-n1-n2 is NP-Complete,
since we can transform the Set Packing Problem to it.

One decision version of SPP can be expressed as:
Given a ground setS, a collection of subsetsC, each

Jobs: 1      2      3      4      5      6      7      8

Bid 1

w1 = 10

Bid 2

w2 = 15

Bid 3

w3 = 8

Bid 4

w2 = 20

In this examplebid1 andbid2 will never both be selected, as
selectingbid3 andbid4 together would give a better result.

Figure 1. RMV-2-2 example

subset has a weightwi, two constantsW andK, can we
find a collection of subsetsC ′ ⊂ C such that|C ′| = K,
∀c1, c2 ∈ C ′, c1 ∩ c2 = ∅, and

∑
ci∈C′ wi ≥ W?

In the transformation, we add one bidb′ = J(the en-
tire set) and set the weight ofb′ to beW , and letn1 = K,
n2=1. If there is a solution of RMV-K-1 with S2=b′, we
can conclude that the solution for SPP exists.

Since the problem is NP-Complete, no polynomial al-
gorithms can be found unless P=NP. In the implementa-
tion, we only preprocess to handle RMV-1-1, RMV-1-2
and RMV-2-1, as general RMV-n1-n2 is computation-
ally expensive.

In the preprocess stage to eliminate useless sets of
bids, for the solutions obtained from RMV-1-1 or RMV-
2-1, we directly remove the only bid inS2 from the can-
didate bid set. For the solutions obtained from RMV-1-2,
we need to handle it differently. We will discuss this in
the next section where the branch-and-bound search is
introduced.

2.2. Local Move 1: Branch-and-Bound

The branch-and-bound search is a complete brute-
force algorithm improved by adopting a suitable bound-
ing function and other techniques to prune the search
space, and giving results in an affordable amount of time
spent. In [2], a branch-and-bound algorithm CASS is ap-
plied to the whole solution space. Therefore if given suf-
ficient time, the exact algorithm can give optimal re-
sults for any test set. CASS is branching on the num-
ber of jobs, so it performs well on the test sets which
have a very small number of jobs, usually 30 to 150, and
a relatively large number of bids, which is usually sev-
eral thousand. CPLEX IP Solver exhibits a better per-
formance than CASS for most of the test sets gener-
ated from CATS, which are usually with several hun-
dred jobs.



In our method, we employ the branch-and-bound idea
to perform the local move by applying it to a small frag-
ment of a solution. We select a subset of jobs and bids
and try to find the optimal solution on this small por-
tion, while keeping the other jobs and bids in the current
solution unchanged. The details are presented in the fol-
lowings.

2.2.1. Overview Let the current solution be the set of
selected bidsS, with | S |=m0. Our branch and bound
local search will randomly choosem1 (m1 ≤ m0)
bids (b1, . . . , bm1 ) in S, and remove them from the so-
lution. As each bid is a set of covered jobs, consider
the set of jobs

⋃m1
i=1 bis as K. Let P be the maxi-

mum set of bidsc1, . . . , c|P |, such that∀ci ∈ P , ci ⊂
K. Then, we use branch-and-bound to find the op-
timal solution for bids inP which is put back into
S, the original solution set. Obviously, the new solu-
tion is feasible as all bids inP do not conflict with
any other bid inS and is at least as good as the old
one, since the partial optimal solution for bid setP is
found by the branch-and-bound search. In the imple-
mentation, we chose a smallm1 so that the number of
bids in P is small, and the branch-and-bound search
can be fast and used as a local move in our SA frame-
work.

2.2.2. Implementation Let P be defined as in the pre-
vious section. The aim is to find the optimal solution
with respect to bids inP by branch-and-bound search.
Several preprocessing techniques are used to improve
time efficiency.

Suppose we representP by a graphG < V, E >.
Let V be the nodes representing each bid,|V |=|P |. Each
edge inE from nodei to nodej represents the fact that
bid i and bidj conflict with each other. We first parti-
tion G into connected components, where, clearly, the
sum of optimal solutions of each connected component
is the optimal solution for the bid setP . This prepro-
cessing step is used in [10].

In order to handle RMV-1-2 discussed in the previ-
ous section, we simply add an edge between the two
bids if they are in the same connected component, to
make sure that the two bids will never be selected to-
gether; if the two bids are in different connected com-
ponents, we will not add this edge because otherwise it
would form a larger connected component and decrease
efficiency.

The bounding function used is similar to the one used
in CASS. For each job covered by any bid inP , we over-
estimate the profit each single jobi can bring by:t(i) =
max{wj /|bj | : 1 ≤ j ≤ m, job i ∈ bj}. Suppose the cur-

rent solutionS consists ofm0 bids (b1, . . . , bm0), then
the bounding function is:

bound(S) = value(S) +
∑

i

t(i)

wherevalue(S) is the total profit fromS, andi is such
that job i ∈ bj for somebj /∈ S and jobi /∈ bk for all
bk ∈ S.

Whenever the bound is smaller than the current best
solution, the current branch is discarded. We note that
the branch-and-bound method used for a partial solu-
tion hybridize an exact search within a non-exact a lo-
cal move heuristic.

2.3. Local Move 2: Greedy Local Search

The greedy local search will find an unselected bid
that does not conflict with any bids already in the cur-
rent solution and has the largest greedy value. In any
greedy local search, the choice of the greedy value will
have a great impact on the solution quality. The profit of
a job is a good greedy value for a bid, but the profitwi of
bid bi does not reflect the fact that the more bidsbi con-
flicts with, the more constraints will be incurred on the
bids if includebi is included in the solution. Hence, the
greedy value of bidbi is defined to be the profit from
bi less the penalty incurred bybi, which we denote by
penaltyi defined by:

penaltyi =
n∑

j=1

(C1∗profitj−C2∗
n∑

k=1

profitk∗cjk)∗cij

Here,cij = 1 if and only if there is ak such that
aik = 1, whereajk is defined in section 2, andC1 and
C2 are scaling factors.penaltyi for bi takes into consid-
eration the total profit of all bids that conflict withbi, and
also conflicting bids withbi which conflicts with other
bids.

2.4. Local Move 3: 1,2-Exchange

The 1-exchange and 2-exchange moves are random
moves in the solution space. They randomly pick 1 or
2 unselected bids from the candidate bid set. For 2-
exchange, it only selects 2 bids that are not in conflict
with each other. It then removes any bid in the current
solution that will conflict with newly selected bid(s), and
adds the new 1 or 2 bids into the current solution.

3. Experimental Results

In this section, we present the experimental re-
sults and compare the method developed here (denoted



SAGII) with the exact CPLEX 8.0 solver and non-exact
Casanova algorithm. CPLEX uses the SPP model pro-
vided in [1], and the parameters were tuned for the
best solutions we could achieve. As we were un-
able to secure the original Casanova program from
the authors of [4], we implemented Casanova as de-
scribed in [4] and extensively tuned all the parameters.
We tested the three approaches first using test sets gen-
erated by CATS which were used in [1] with four
different distributions. Then, we tested the three ap-
proaches using test sets generated from Lauet al. [7]
of various problem sizes, where generating mecha-
nisms were different from CATS in the sense that [7]
factors more real-world imputs such as bidders’ pric-
ing range, fairness among bidders and each job’s
preference with different bidders, etc. All the experi-
ments were run on machines with Pentium IV-2.40GHz
CPU, 1GB Memory.

3.1. Comparison Using CATS Test Set

In [9], Leyton-Brownet al.discussed the need to have
a standard test suite for combinatorial auction problems,
and analyzed the way for generating test suite with var-
ious emphasis through different mathematical distribu-
tions. CATS programs were developed for researchers to
generate their own test sets with different problem sizes
and distributions such as the binomial distribution and
exponential distribution. So far, there have been a num-
ber of papers which used CATS as a standard test suite to
measure performance, e.g., [5], [13], [12] . In our work,
we used the test sets in [1]. We follow the name conven-
tion for test sets, e.g. UNI-p-q is a test set with uniform
distribution,p jobs andq bids and applied four types of
test sets, namely test sets with random, binomial, expo-
nential and uniform distributions and analyzed the per-
formance of CPLEX, Casanova and SAGII. The results
are presented in Table 1, wheret1, t2 andt3 are the av-
erage time required for CPLEX, Casanova and SAGII,
respectively, for the 10 instances of each category in
seconds.µ measures the average result values of each
method andδCasanova andδSAGII are the differences,
in percentage, of the Casanova and SAGII results from
optimal results obtained by CPLEX, respectively.

From Table 1, we see that SAGII always outper-
forms Casanova providing 20% to 30% improvement
in results for all distributions in 1/6 to 1/4 of the time
spent as Casanova. We believe this is partially because
Casanova’s local search is much more random and unin-
formed than SAGII. In [4], Casanova makes use of two
kinds of local searches: a totally random move and a
greedy local move, both of which do not closely relate
to the properties of the SPP. In SAGII, however, in addi-

tion to random local moves, i.e. 1,2-exchange, guided lo-
cal searches are used, namely branch and bound search
and greedy local search. The greedy value used is more
detailed than that used in Casanova. Besides that, our
branch-and-bound local move hybridizes the exact lo-
cal algorithm within the non-exact simulated annealing
heuristic framework. This hybridization makes use of
the property of SPP that when a partial optimal solution
is found for a certain set of jobs, the new solution af-
ter replacing the corresponding part with the partial op-
timal solution, is also feasible.

Compared with CPLEX, for 3 out of the 4 distribu-
tions (random, binomial and exponential), SAGII gives
results with good quality always within 5% from opti-
mal. Note that SAGII produces optimal results for all
test sets with binomial distribution, and the time spent
is less than 1/6 the time required for CPLEX. However,
SAGII did not produce results good enough compared
with CPLEX for the uniform distribution, where CPLEX
enjoys approximately a 15% advantage. According to
[11], the uniform distribution is a hard test case for
CABOB as well as requiring running times about twice
the time spent of CPLEX 7.0. Casanova also obtained
very poor results for uniform distribution instances —
the results were more than 40% away from optimal.

In general, in the experiments, CPLEX was the best
exact algorithm for CATS test set. But after analyz-
ing log reports from CPLEX, we discovered that the
four CATS generated test sets were generally ”easy”
for CPLEX as the number of Gomory Fractional Cuts
CPLEX made was usually very small. This is also the
reason why CPLEX ran extremely fast for the random
and exponential distributions. Also from the generating
mechanisms of CATS, which are mainly concerned with
mathematical distributions on bids and prices, there is
still room for the test suite to be improved by consider-
ing other realistic factors. We also compared the three
methods on test sets from [7] in the next section.

3.2. Comparison Using Another Realistic Test
Set

CPLEX, Casanova and SAGII were used to test sets
generated from [7]. As in section 3.1, even more test sets
with comparable number of jobs and bids are used. The
test sets include up to 1500 jobs and 1500 bids. We find
that these test sets are also realistic in the sense that they
considered real auction factors such as bidder fairness,
job’s preference etc. It considers several factors in de-
ciding the structure of a test set, such as a pricing fac-
tor which models a bidder’s acceptable price range for
each bid, a preference factor which models the bidder’s
preference in different bids, and a fairness factor which



Test set # instance t1 µ1
CPLEX t2 µCasanova δ1 t3 µSAGII δ2

RND-400-2000 10 4.2 16143.8 244.2 10505.4 34.93% 58.9 15950.0 1.19%
BIN-150-1500 10 198.6 109293.0 148.5 89546.8 18.07% 26.5 109293.0 0
EXP-30-3000 10 0.1 44723 446.3 32662.2 26.97% 81.0 43241.7 3.31%
UNI-100-500 10 25.9 129050.0 109.6 69153.3 46.41% 18.8 110941.5 14.03%

Table 1. Experimental results on CATS test set

measures the fairness in distributing of jobs among bid-
ders.

We found that CPLEX performed more badly than
when applied to CATS distributions. We compared the
performance of CPLEX, Casanova and SAGII on some
of the test sets from [7]. Test sets are labeled REL-n-m,
wheren is the number of jobs andm is the number of
bids. Because CPLEX cannot give the optimal values for
any of the test sets in a reasonable amount of time, in or-
der to give advantage to CPLEX, we allowed CPLEX
3600 seconds to run each of the 15 test cases generated
randomly from [7] and compared the results CPLEX ob-
tains at that time, while both SAGII and Casanova termi-
nate in much shorter times (see Table 2), wheret1 and
t2 is the time spent for SAGII and Casanova for each
test instance, respectively andδ1 and δ2 measures the
percentage of of SAGII over CPLEX and Casanova, re-
spectively.

From the table, we see that SAGII consistently out-
performed CPLEX giving better results in much shorter
times for every instance. SAGII produced, on average,
a 4.15% better results than CPLEX for the REL-1000-
1000 test set, 7.53% for REL-1000-1500 test set and
9.24% for REL-1500-1500 test set. Note that SAGII out-
performs CPLEX increasingly as test set size increased.
We note that SAGII only used about 1/80 to 1/40 the
time when compared with CPLEX in experiments.

Comparing SAGII with the non-exact algorithm
Casanova, we can see that SAGII outperforms Casanova
by providing a more than 30% better result in about
half the time required by Cassanova. In the next sec-
tion, we compare the two heuristic methods more in-
tensively using 500 test instances generated by the
mechanism described in [7].

3.3. Intensive Experimentation on SAGII and
Casanova

500 instances are generated with 5 different prob-
lem sizes in order to compare the performance of SAGII
and Casanova. Table 3 shows the results, wheret1 and
t2 are the average times for SAGII and Casanova, re-
spectively andµSAGII andµCasanova are the average

results of the two methods.δ measures the difference
(µSAGII − µCasanova)/µSAGII .

When applied on the new test sets, Casanova failed
to obtain the same-quality result as SAGII. In addition,
we find that SAGII’s performance is stable with respect
to each 100 test instances in one category. It can always
outperform Casanova as it usually obtains results which
are more than 30% better than Casanova’s results, and
SAGII requires only about half the running time com-
pared with Casanova. We note that SAGII also outper-
forms Casanova in the CATS test sets.

4. Conclusion

In this paper, we modeled a combinatorial auction
problem as a set packing problem. We surveyed the lit-
erature for exact and non-exact algorithms developed
for the problem and proposed a new heuristic method
based a simulated annealing framework with three types
of local move strategies, including a hybridization of
exact branch-and-bound search in the non-exact simu-
lated annealing heuristic. The results in extensive exper-
iments showed that the method outperformed the lead-
ing heuristic, Casanova. When compared with CPLEX
8.0, the method obtained results very close to optimal
solutions in a short time on the four distributions in the
CATS test sets. When applied to a new set of test cases
described in [7], SAGII performs better than CPLEX,
giving better result in much shorter time.
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Test Instance SAGII t1 CPLEX δ1 Casanova t2 δ2

REL-1000-1000 86179.64 45.19 81755.45 5.13% 52048.73 113.55 39.60%
REL-1000-1000 83500.82 44.80 80479.80 3.62% 51340.27 111.16 38.51%
REL-1000-1000 85079.99 44.94 85079.99 0 54440.12 108.13 36.00%
REL-1000-1000 86747.23 44.58 81563.71 5.98% 54998.44 117.16 36.60%
REL-1000-1000 88513.37 44.58 83195.99 6.01% 51003.39 132.92 42.38%
REL-1000-1500 85101.43 71.05 79453.93 6.64% 53992.12 164.94 36.56%
REL-1000-1500 88086.29 67.56 74623.20 15.28% 58365.02 164.66 33.74%
REL-1000-1500 82046.16 69.03 80656.88 1.69% 58527.76 171.72 28.66%
REL-1000-1500 82341.22 68.11 78085.08 5.17% 55821.04 171.80 32.21%
REL-1000-1500 83772.91 67.09 76334.65 8.88% 56001.82 174.25 33.15%
REL-1500-1500 104346.07 90.73 92981.93 10.89% 65543.41 161.11 37.17%
REL-1500-1500 106056.08 90.95 98763.83 8.19% 64962.00 166.88 38.75%
REL-1500-1500 105699.93 91.09 98763.83 6.56% 70140.69 170.56 33.64%
REL-1500-1500 103252.95 90.42 92408.82 10.50% 65026.40 171.70 37.02%
REL-1500-1500 105462.71 91.22 94840.40 10.07% 62404.80 160.98 40.83%

Table 2. Experimental results on our new test set

Test set # instance t1 µSAGII t2 µCasanova δ
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Table 3. Comparison between Casanova and SAGII
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