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Bin Packing Problem

The uni-dimensional Bin Packing Problem (BPP) is a classical
combinatorial optimization problem.

• Set I of n Items defined by an integer size si ≥ 0
∀i ∈ {1, . . . , n}

• Set J of m Bins with a positive capacity C

Goal : Finding an assignement for each item to a single bin
without breaking the capacity constraints, such that the number of
used bins is minimized.
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Bin Packing Problem

Bin packing is a ubiquitous problem that arises in many practical
applications.

• Timetabling

• Scheduling

• Stock cutting
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Bin Packing Problem

The Bin packing problem is known to be NP-Hard.

Literature contains many different approaches to solve it:

• Genetic Algorithms (Falkenauer 1996)

• Operations Research Methods (Cambazard and O’Sullivan
2010)

• Satisfiability Techniques (Grandcolas and Pinto 2010)

• Constraint Programming (Dupuis et al. 2010, Shaw 2004)

• Heuristics (Alvim et al. 2004)

Most of these approaches rely in their own set of benchmarks
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Bin Packing Problem

To measure the performance of different solving methods for BPP
we find two issues/concerns:

1. No standardized benchmarks.

2. Most benchmarks suites are often unrealistic and/or trivial to
solve (Gent 1998).

What do we propose in this paper?
A benchmark generator allowing us to develop realistic setups
for measuring the performance of different solving methods.
Two main characteristics:

• It should fit well existing real-world BPP instances.

• It should be precise enough to detailed control the instances
being generated (to perform very controlled experiments).
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Weibull Approach

Goal: Find a statistical model for real-world BPP instances

We have selected the Weibull distribution (Weibull 1951)

• Continuous probability distribution

• Unimodal

• Very flexible (parameterisable on its scale and shape)

f (x ;λ, k) =

{
k
λ · (

x
λ)k−1 · e−(x/λ)k x ≥ 0,

0, otherwise
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Weibull Approach

Weibull distribution for different values of the shape (scale fixed)

Weibull-based benchmarks for Bin Packing
Quest for a statistical model for real world BPP instances

The Weibull Distribution - Cont’d
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Figure: Weibull distributions with fixed scale. λ = 1000
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Fitting to real-world instances

We have collected two families of data sets:

1. EURO/ROADEF 2012 Challenge - 121 distinct instances
• Workload consolidation problem

 

2. Examination Timetabling (ETT) - 16 distinct instances
• Allocating exams to sized classrooms

Both problems can be studied as extensions of the uni-dimensional
BPP
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Fitting to real-world instances

Process:

1. Get the observed data from the instance

2. Use Maximum Likelihood Fitting to obtain the Weibull shape
and scale

3. Generate the estimated Weibull distribution

4. See how they look like

5. Statistical goodness-of-fit tests
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Fitting to real-world instances

4. Observation: (Wessa Online Service)
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Fitting to real-world instances

5. Statistical tests: (Kolmogorov-Smirnov and χ2)

Table 1. The parameters of the best-fit Weibull distributions obtained for randomly
selected instances of a number of real-world examination timetabling benchmarks and
instances from the 2012 ROADEF/EURO Challenge sets. We present p-values for
both the KS and χ2 goodness-of-fit tests, highlighting in bold the results that show
a statistically significant fit. #(cat) and lbTail are the number of categories and the
lower bound of the category representing the tail for the χ2 test.

Weibull Best-fit KS test χ2 test
Set Instance shape scale p-value #(cat) lbTail p-value

E
T
T

Nott 1.044 43.270 0.7864 7 100 0.059
MelA 0.946 109.214 0.091 10 427 0.073
MelB 0.951 117.158 0.079 5 47 0.051
Cars 1.052 85.438 0.037 18 53 0.109
hec 1.139 138.362 0.436 10 293 0.204
yor 1.421 37.049 0.062 7 117 0.068

R
A
O
D
E
F

a123 0.447 104,346.70 0.005 30 163,000 0.105
a133 0.549 88,267.85 0.001 15 54,800 0.068
a251 0.562 67,029.83 0.000 30 470,000 0.768
a244 0.334 103,228.30 0.001 30 500,000 0.051
b36 0.725 40,469.74 0.000 20 185,000 0.060
b53 0.454 91,563.28 0.000 30 140,000 0.088

For the shape parameter of the Weibull we considered a very large range:
[0.1, 0.2, . . . , 19.9], giving 199 settings of this parameter. By fixing the scale pa-
rameter to 1000 we considered item sizes that could span over three orders-of-
magnitude. To build our problem generator we used the Boost library [2]. This
is a C++ API that includes type definitions for random number generators and a
Weibull distribution, which is parameterized by the random number generator,
the shape and the scale. Iteration capabilities for traversing the distribution of
generated values are also provided. We generated 100 instances for each combi-
nation of shape and scale, giving 199 classes of item sets, providing 19,900 item
sets. For each of these sets we generated bin packing instances by taking each
set and associating it with a bin capacity in the range described above. In this
way we could be sure that as we changed bin capacity, the specific sets of items
to be considered was controlled.

Hardware. Our experiments were run on an Intel Dual Core 2.4Ghz processor
with 4GB RAM memory, running Windows XP(SP3). Microsoft Visual Studio
2008 tools have been used for compiling and linking the C++ code.

Constraint-based Bin Packing Model. For our experiments we have used
Gecode 3.7.0 [8]. The bin packing model used is the most efficient one included in
the Gecode distribution for finding the minimum number of bins for a given bin
packing instance [25]. This model employs the L1 lower bound on the minimum
number of bins by Martello and Toth [19]. It uses an upper bound based on
the first-fit bin packing heuristic which packs each item into the first bin with
sufficient capacity.
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Experimental setup

Number of Items N = 100
Weibull Scale λ = 1000
Weibull Shape k ∈ {0.1, 0.2, . . ., 19.9}
Bin Capacity Factor C ∈ {1.0, 1.1, . . ., 2.0}

• 100 Instances per shape.

• Different combinations of bin capacity act over the same set
of instances

Analysis will be held for both systematic and heuristic solving.
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Systematic Solving

The most efficient model of the distribution:

• L1 lower bound (Martello and Toth 1990) and First-Fit upper
bound

• Variables:
• Number of bins
• Load variables
• Bin assigned to each item

• Global constraint (Shaw 2004)

• Symmetry breaking

• Complete Decreasing Best Fit Search (Gent and Walsh 1997)

• Timeout
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Systematic Solving

Considering solving time and the percentage of instances solved.

Weibull-based benchmarks for Bin Packing
Performing controlled experiments

Systematic solving

Systematic soving with Gecode with a 10 seconds timeout. Considering
solving time.
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Systematic Solving

Conclusions:

• Obvious interrelationship between:
• Bin capacity
• The item size distribution
• Problem hardness
• Number of items per bin

• For each capacity, range of Weibull shape settings for which
bin packing is hard

• Hardness increases as bin capacity increases

• Number of bins increases as shape parameter increases
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Heuristic Solving

Four different strategies (Rieck implementation)

• MaxRest

• FirstFit

• BestFit

• NextFit
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Heuristic Solving

Considering solving quality w.r.t the optimal solution of the CP
method

Weibull-based benchmarks for Bin Packing
Performing controlled experiments

Heuristic Solving

Heuristic solving with MaxRest and NextFit. Considering solving quality.
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Figure: Shape k ∈ {0.1, 0.2, . . . , 19.9}
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Heuristic Solving

Conclusions:

• Whereas the greediness of the NextFit heuristic does not pay
off, the more considered reasoning used by the MaxRest,
FirstFit and BestFit heuristics does.

• For them, the quality of the solutions obtained follows the
difficulty for the CP method
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Summary

• We have presented a parameterisable benchmark generator for
BPP instances based on the Weibull distribution.

• We have showed that our approach can very accurately model
real-world bin packing problems.

• We have presented an empirical analysis of both systematic
search and heuristic methods for BPP based on a large
benchmark suite generated using our approach, showing a
variety of interesting behaviours that are otherwise difficult to
observe systematically.
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Perspectives

• Gather a large set of BPP instances from real world
applications.

• Use our three parameters model {Shape, Scale, Bin capacity}
as a a basis for tuning BPP methods and generating
portfolio-based BPP solvers relying on these parameters for
learning their best configuration.

• Extend the model to produce benchmark generators for a
variety of other important problems.
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End

Thank you for your attention
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