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Ab stra c t. A product configurator should be complete and backtrack
free in the sense that the user can choose freely between any valid con-
figuration and will be prevented from making choices that no valid con-
figuration satisfies. In this paper, we ex perimentally evaluate a symbolic
and search-based implementation of an interactive product configuration
algorithm with these properties. O ur results show that the symbolic ap-
proach often has several orders of magnitude faster response time than
the search-based approach due to the precompilation of a symbolic rep-
resentation of the solution space. M oreover, the diff erence between the
average and worst response time for the symbolic approach is typically
within a factor of two, whereas it for the search-based approach may be
more than two orders of magnitude.

1 Intro d u c tio n

P rod u ct confi g u ration involves two major task s: to d efi ne a mod eling lang u ag e
that mak es it easy to sp ecify and maintain a formal p rod u ct mod el and to
d evelop a d ecision su p p ort tool that effi ciently g u id es u sers to d esirable p rod u ct
confi g u rations [1 ]. In this p ap er we focu s on the latter task and investig ate
a com plete and backtrack-free ap p roach to Interactive P rod u ct C onfi g u ration
(IP C ). The inp u t to ou r IP C alg orithm is a p rod u ct mod el that consists of
a set of p rod u ct variables with fi nite d omains and a set of p rod u ct ru les. A
valid p rod u ct confi g u ration is an assig nment to each variable that satisfi es the
p rod u ct ru les. The IP C alg orithm initially has an emp ty set of u ser selected
assig nments. In each iteration of the alg orithm, invalid valu es in the d omain of
the variables are p ru ned away su ch that each valu e in the d omain of a variable is
p art of at least one valid confi g u ration satisfying the ex isting set of assig nments.
The u ser then selects his p referred valu e for any free variable. The alg orithm
terminates when each variable in the p rod u ct mod el is assig ned a valu e. The
IP C alg orithm is comp lete in the sense that the u ser can choose freely between
any valid confi g u ration. It is also back track -free since the u ser is p revented from
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choosing a variable assignment for which no valid configuration exists. Hence
the algorithm never forces the user to go back to a previous configuration state
to explore alternative choices.

In this paper we experimentally evaluate a symbolic and search-based im-
plementation of the IPC algorithm. The symbolic implementation is using a
two-phase approach [2 ]. In the first phase, the product rules are compiled into
a reduced ordered B inary Decision Diagram (B DD) [3] representing the set of
valid configurations (the solu tion space). In the second phase, a fast specialized
B DD operation is used to prune the variable domains. The worst-case response
time only grows polynomially with the size of the B DD. Thus, the computation-
ally hard part of the configuration problem is fully solved in the offl ine phase
given that the compiled B DD is small. The search-based implementation prunes
variable domains by iterating over each possible assignment and searching for a
valid configuration satisfying it. This approach can be improved by memorizing
all assignments for which no solution exist across iterations and, within each
iteration, adding all assignments in a found solution (not just the one being
verified).

The symbolic approach has been implemented using C onfi git Developer 3.2

[4 ] that employs a B DD-derived symbolic representation called V irtual Tables
(V Ts). The search-based approach has been implemented using IL O G S olver 5.3

[5]. We have developed a publicly available benchmark suite called CLib [6] for
the experiments that consists of 14 configuration problems. O ur results show that
the symbolic approach often has several orders of magnitude faster response time
than the search based approach. In addition, the diff erence between average and
worst response time is often within a factor of two for the symbolic approach,
but some times more than two orders of magnitude for the search-based ap-
proach. Moreover, our results indicate that the configuration space of industrial
configuration problems often have small symbolic representations. This result is
somewhat surprising since B DDs blow up for many combinatorial problems in-
vestigated in AI (e.g., the n-q ueens problem and other permutation problems). It
may be the freq uent hierarchical structure of real-world configuration problems
that make them particularly well-suited for B DDs.

The remainder of the paper is organized as follows. In Sect. 2 , we define
product configuration and describe the IPC algorithm. The symbolic and search-
based implementation of the IPC algorithm are described in Sect. 3 and Sect. 4 ,
respectively. We focus on describing the symbolic implementation since we as-
sume that the search-based implementation is straight forward for most readers.
Section 5 presents experimental work. F inally, we describe related work in Sect. 6
and draw conclusions in Sect. 7 .

2 Intera ctiv e P roduct C onfi g ura tion

We can think of product configuration as a process of specifying a product de-
fined by a set of attributes, where attribute values can be combined only in
predefined ways. O ur formal definition captures this as a mathematical object
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with three elements: variables, domains for the variables defining the combina-
torial space of possible assignments and formulas defining which combinations
are valid assignments. E ach variable represents a product attribute. The variable
domain refers to the options available for its attribute and formulas specify the
rules that the product must satisfy.

Definitio n 1 . A configuration problem C is a triple (X,D,F ), w here X is a

set of variables x1, x2, · · · , xn, D is the Cartesian product of their finite domains

D1 ×D2 × · · · ×Dn, and F = {f1, f2, · · · , fm} is a set of propositional formulas

over atomic propositions xi = v, w here v ∈ Di, specify ing conditions that the

variable assignments must satisfy .

E ach formula fi is a propositional expression inductively defined by

φ ≡ xi = v |φ ∧ ψ |φ ∨ ψ | ¬φ, (1)

where v ∈ Di. We use the abbreviation φ ⇒ ψ ≡ ¬φ ∨ ψ for logical implication.
For a configuration problem C, we define the solution space S(C) as the set of all
valid configurations, i.e. the set of all assignments to the variables X that satisfy
the rules F . Many interesting questions about configuration problems are hard
to answer. Just determining whether the solution space is empty is N P-complete,
since the Boolean satisfiability problem can be reduced to it in polynomial time.

E xample 1. Consider specifying a T-shirt by choosing the color (black, white,
red, or blue), the size (small, medium, or large) and the print (”Men In Black”
- MIB or ” Save The Whales” - STW). There are two rules that we have to
observe: if we choose the MIB print then the color black has to be chosen as
well, and if we choose the small size then the STW print (including a big picture
of a whale) cannot be selected as the large whale does not fit on the small shirt.
The configuration problem (X,D,F ) of the T-shirt example consists of variables
X = {x1, x2, x3} representing color, size and print. Variable domains are D1 =
{black , w hite, red , blue}, D2 = {small ,medium, large}, and D3 = {M IB ,ST W }.
The two rules translate to F = {f1, f2}, where f1 = (x3 = M IB ) ⇒ (x1 = black)
and f2 = (x3 = ST W ) ⇒ (x2 6= small). There are |D1||D2||D3| = 24 possible
assignments. E leven of these assignments are valid configurations and they form
the solution space shown in Fig. 1. ♦

(black , small , M IB ) (black , large,ST W ) (red , large,ST W )
(black ,medium, M IB ) (wh ite,medium,ST W ) (blue,medium,ST W )
(black ,medium,ST W ) (wh ite, large,ST W ) (blue, large,ST W )
(black , large, M IB ) (red ,medium,ST W )

Fig. 1 . Solution space for the T-shirt example

By interactive product configuration we refer to the process of a user inter-
actively tailoring a product to his specific needs by using supporting software
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called a configurator. Every time the user assigns a value to a variable, the con-
figurator restricts the possible solutions to configurations consistent with this
new condition. The user keeps selecting variable values until only one configu-
ration is left. The IPC algorithm in Fig. 2 illustrates this interactive process.
In line 1, the configurator takes a given configuration problem C and compiles

IPC(C)
1 R← Co m p il e (C)
2 while |R| > 1
3 d o cho o se (xi = v) ∈ Va l id -Assign m e n ts(R)
4 R← R|xi=v

Fig. 2 . The IP C Algorithm

it into an internal representation R. The procedure Valid-Assign m e n t s(R) in
line 3 ex tracts the set of valid assig nm ents (choices) from the internal repre-
sentation. In line 4 , the internal representation is restricted to confi g u rations
satisfying the new cond ition. T his behavior of the confi g u rator enforces a very
im portant property of interactive confi g u ration called com pleten ess of in feren ce.
T he u ser cannot pick a valu e that is not a part of a valid solu tion, and fu rther-
m ore, a u ser is able to pick all valu es that are part of at least one valid solu tion.
T hese two properties are often not satisfi ed in ex isting confi g u rators, either ex -
posing the u ser to backtracking or m aking som e valid choices u navailable. T he
sym bolic and search-based im plem entation of the IP C alg orithm d iff er in their
internal representation and im plem entation of the valid assig nm ent and restrict
operations.

E xam ple 2. For the T -shirt problem , the assig nm ent x2 = sm all will, by the
second ru le, im ply x3 6= S T W and since there is only one possibility left for
variable x3, it follows that x3 = M IB . T he fi rst ru le then im plies x1 = b lack .
U nex pected ly, we have com pletely specifi ed a T -shirt by ju st one assig nm ent. ♦

From the u ser’s point of view, the confi g u rator respond s to the assig nm ent by
calcu lating valid choices for u nd ecid ed variables. It is im portant that the response
tim e is very short, off ering the u ser a tru ly interactive ex perience. T he d em and
for short response-tim e and com pleteness of inference is d iffi cu lt to satisfy d u e
to the hard ness of the confi g u ration problem .

3 S y m bo lic Im p le m e n ta tio n o f th e IP C A lg o rith m

S ince checking whether the solu tion space is em pty is N P -com plete, it is u nlikely
that we can constru ct a confi g u rator that takes a confi g u ration problem and
g u arantees a response tim e that is polynom ially bou nd ed with respect to its
size. T he sym bolic approach is offl ine to com pile the confi g u ration problem to
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a representation of the solution space that supports fast interaction algorithms.
The idea is to remove the hard part of the problem in the offline phase. This will
happen if the compiled representation is small. We cannot, however, in general
avoid exponentially large representations.

3.1 S ymbo lic S o lu tio n S p ace R ep resen tatio n

A configuration problem can be efficiently encoded using B oolean variables
and B oolean functions. We assume that domains Di contain successive inte-
gers starting from 0. For example we encode D2 = {small ,mediu m, large} as
D2 = {0, 1, 2}. Let li = dlg |Di|e denote the number of bits req uired to encode a
value in domain Di. E very value v ∈ Di can be represented in binary as a vector
of B oolean values v = (vli−1, · · · , v1, v0) ∈ B

li . Analogously, every variable xi

can be encoded by a vector of B oolean variables b = (bli−1, · · · , b1, b0). Now, the
formula xi = v can be represented as a B oolean function given by the expression
bli−1 = vli−1 ∧ · · · ∧ b1 = v1 ∧ b0 = v0 (written b = v). For the T-shirt example
we have, D2 = {small ,mediu m, large} and l2 = dlg 3e = 2, so we can encode
small ∈ D2 as 00 (b1 = 0, b0 = 0)) , medium as 01 and large as 10.

The translation to a B oolean domain is not surjective. There may exist as-
signments to the B oolean variables yielding invalid values. For example, the com-
bination 11 does not encode a valid value in D2. Therefore we introduce a domain

constraint that forbids these unwanted combinations FD =
∧n

i=1
(
∨

v∈Di
xi = v).

Furthermore, we define a translation function τ that maps a propositional ex-
pression φ to the B oolean function it represents

τ(φ) :

n∏

i=1

B
li → B. (2)

The translation is defined inductively as follows

τ(xi = v) ≡ (bi = v) (3)

τ(φ ∧ ψ) ≡ τ(φ) ∧ τ(ψ) (4)

τ(φ ∨ ψ) ≡ τ(φ) ∨ τ(ψ) (5 )

τ(¬φ) ≡ ¬τ(φ). (6 )

Finally we can express a B oolean function representation S ′(C) of the solution
space S(C).

S′(C) ≡ τ(FD) ∧

m∧

j=1

τ(fj). (7 )

The resulting symbolic implementation of the IPC algorithm is shown in Fig. 3.
In this implementation, the internal representation is a B oolean encoding Sol of
the solution space. In order to restrict the solution space in line 4, it is conjoined
with the B oolean encoding of the assignment chosen by the user.
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Sy m bo l ic-IP C (C)
1 So l← S

′(C)
2 while |So l| > 1
3 d o cho o se (xi = v) ∈ Va l id -Assign m e n ts(So l)
4 So l← So l ∧ τ(xi = v)

F ig . 3 . Sy mbolic implementation of the IP C algorithm

3.2 Bin ary D e cisio n D iag ram s

A red u ced ord ered B inary Decision Diag ram (B DD) is a rooted d irected acyc lic
g rap h rep resenting a B oolean fu nction on a set of linearly ord ered B oolean vari-
ables. It has one or two terminal nod es labeled 1 or 0 and a set of variable
nod es. E ach variable nod e is assoc iated with a B oolean variable and has two
ou tg oing ed g es low and high. G iven an assig nment of the variables, the valu e
of the B oolean fu nction is d etermined by a p ath starting at the root nod e and
rec u rsively following the hig h ed g e, if the assoc iated variable is tru e, and the low
ed g e, if the assoc iated variable is false. T he fu nction valu e is tru e, if the label of
the reached terminal nod e is 1; otherwise it is false. T he g rap h is ord ered su ch
that all p aths resp ect the ord ering of the variables.

A B DD is red u ced su ch that no p air of d istinct nod es u and v are assoc iated
with the same variable and low and hig h su c cessors (F ig . 4 a), and no variable
nod e u has id entical low and hig h su c cessors (F ig . 4 b). Du e to these red u c tions,

u v u

x x x

(a) (b)

F ig . 4 . (a) nodes assoc iated to the same variable with eq ual low and high successors
will be converted to a single node. (b) nodes causing redundant tests on a variable are
eliminated. H igh and low edges are drawn with solid and dashed lines, respectively

the nu mber of nod es in a B DD for many fu nctions encou ntered in p ractice is often
mu ch smaller than the nu mber of tru th assig nments of the fu nction. Another
ad vantag e is that the red u c tions mak e B DDs canonical [3 ]. Larg e sp ace saving s
can be obtained by rep resenting a collection of B DDs in a sing le mu lti-rooted
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graph where the sub-graphs of the BDDs are shared. Due to the canonicity,
two BDDs are identical if and only if they have the same root. C onseq uently,
when using this representation, eq uivalence checking between two BDDs can be
done in constant time. In addition, BDDs are easy to manipulate. Any Boolean
operation on two BDDs can be carried out in time proportional to the product
of their size. The size of a BDD can depend critically on the variable ordering.
To fi nd an optimal ordering is a co-N P -complete problem in itself [3], but a good
heuristic for choosing an ordering is to locate dependent variables close to each
other in the ordering. For a comprehensive introduction to BDDs and bran chin g

program s in general, we refer the reader to Bryant’s original paper [3] and the
books [7 , 8 ].

3.3 BDD-Based Imp lementation of th e IP C A lgorith m

In the offl ine phase of BDD-based interactive confi guration, we compile a BDD
S̃(C) of the Boolean function S ′(C) of the solution space. The variable ordering
of Boolean variables of S̃(C) is identical to the ordering of the Boolean variables
of S′(C). S̃(C) can be compiled using a BDD version τ̃ of the function τ , where
each Boolean operation is translated to its corresponding BDD operation

τ̃(xi = v) ≡ BDD of τ(xi = v) (8 )

τ̃(φ ∧ ψ) ≡ O p
∧
(τ̃(φ), τ̃(ψ)) (9 )

τ̃(φ ∨ ψ) ≡ O p
∨
(τ̃(φ), τ̃(ψ)) (10)

τ̃(¬φ) ≡ O p
¬
(τ̃(φ)). (11)

In the base case (8 ), τ̃(xi = v) denotes a BDD of the Boolean function τ(xi = v)
as defi ned in S ec. 3.1. For each of the inductive cases, we fi rst compile a BDD
for each sub-ex pression and then perform the BDD operation corresponding to
the Boolean operation on the sub-ex pressions. We have

S̃(C) ≡ O p
∧
(τ̃(FD), τ̃(f1), · · · , τ̃(fm)). (12)

Due to the polynomial complex ity of BDD operations, the complex ity of com-
puting S̃(C) may be ex ponential in the size of C.

E xam ple 3. The BDD representing the solution space of the T-shirt ex ample
introduced in S ect. 2 is shown in Fig. 5 . In the T-shirt ex ample there are three
variables: x1, x2 and x3, whose domain sizes are four, three and two, respectively.
As ex plained in S ect. 3.1, each variable is represented by a vector of Boolean
variables. In the fi gure the Boolean vector for the variable xi with domain Di

is (xli−1

i
, · · · , x1

i
, x0

i
), where li = dlg |Di|e . For ex ample, in the fi gure, variable

x2 which corresponds to the size of the T-shirt is represented by the Boolean
vector (x1

2
, x0

2
). In the BDD any path from the root node to the terminal node

1, corresponds to one or more valid confi gurations. For ex ample, the path from
the root node to the terminal node 1, with all the variables taking low values
represents the valid confi guration (black , sm all , M IB ). Another path with x1

1
, x0

1
,
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and x1

2
taking low values, and x0

2
taking high value represents two valid configu-

rations: (black ,medium,MIB) and (black ,medium, S T W ), namely. In this path
the variable x0

3
is a don’t care variable and hence can take both low and high

value, which leads to two valid configurations. Any path from the root node to
the terminal node 0 corresponds to invalid configurations. ♦

x
1

1

x
0

1

x
1

2 x
1

2

x
0

2 x
0

2
x

0

2
x

0

2

x
0

3
x

0

3

1 0

Fig. 5 . BDD of the solution spa ce of the T -shirt ex a m ple. Va ria ble x
j

i denotes bit bj

of the Boolea n encoding of product va ria ble xi.

Fo r a B DD versio n o f the Symbolic-IPC alg o rithm , each B o o lean o per-
atio n is tran slated to its c o rrespo n d in g B DD o peratio n . T he respo n se tim e is
d eterm in ed by the c o m plex ity o f perfo rm in g a sin g le iteratio n o f the pro ced u re.
A ll su b-o peratio n s can be d o n e in tim e lin ear in the size o f So l ex cept Va lid -

A ssign me n t s in Lin e 3 . T his pro ced u re can be realized by a spec ialized B DD
o peratio n with wo rst-case c o m plex ity

O(

n∑

i=1

|Vi||Di|), (1 3 )

where Vi d en o tes the n o d es in So l asso c iated with B DD variables en c o d in g the
d o m ain o f variable xi. A s u su al, Di d en o tes the d o m ain o f xi. Fo r each valu e o f
each variable, the pro ced u re track s whether the valu e is en c o d ed by So l. Du e
to the o rd erin g o f the B DD variables, fo r each variable xi, this track in g can be
c o n strain ed to the n o d es Vi.
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4 S e a rch -b a se d Im p le m e n ta tio n o f th e IP C A lg o rith m

Search-based approaches like SAT techniq ues or C SP techniq ues can also be used
to implement the IP C algorithm. In such cases the fi rst step of the algorithm is
to compile the confi guration problem into an internal representation used by the
applied search techniq ue. The internal representation implicitly represents the
set of valid confi gurations. The iterative step of the IP C algorithm is repeated
until all the variables in the product model are assigned a value. For search-based
techniq ues, the procedure for calculating Valid-Assignments is theoretically
intractable. E very time an assignment is made, propagation is applied to prune
the invalid values in the domain of all unselected variables. This can be done
by checking whether each value in the domain of all the variables has at least
one valid confi guration satisfying the existing set of variable assignments. In the
worst case, the search-based confi gurator has to fi nd 1 − m +

∑
m

i=1
di solutions

for each iteration, where m is the number of unassigned variables during the
iteration, and di is the domain size of the unassigned variable i during the it-
eration. Improved average complexity of Valid-Assignments can be obtained
by memorizing invalid variable values. Since the solution space keeps decreas-
ing, an invalid value will remain invalid in later iterations. In addition, within
each iteration, whenever the search-based IP C fi nds a solution, it can mark all
the assignments in the solution as valid. This can remove redundant search for
solutions.

5 E x p e rim e n ta l E v a lu a tio n

We use Con fi git Developer 3.2 [4 ] for the symbolic implementation of the IP C
algorithm. C onfi git Developer has a compiler which fi rst checks for the semantic
correctness of the product model. If the semantics is valid, it creates a V ir-
tual Table (V T) that symbolically represents all valid solutions of the product
model. For the search-based implementation of the IP C algorithm we use IL O G

S olver 5.3 [5 ]. ILO G Solver is a commercial constraint programming based C ++
library for solving constraint satisfaction/ optimization problems. In a compar-
ative study, it has been shown to outperform a range of other C SP solvers [9 ].
The source code of our benchmarks for ILO G Solver has been constructed to the
best of our knowledge. But we are not experts on the ILO G Solver technology
and there may exist more effi cient implementations. ILO G C onfi gurator [5 ] is
another product from the same company which uses ILO G Solver for confi gura-
tion problems. ILO G C onfi gurator, however, only does set bound propagation.
This means that it may be possible for a user to choose assignments for which
no valid confi guration exists if the ILO G C onfi gurator is used for interactive
confi guration.

For each confi guration benchmark used in the experiments, 10 0 0 random
req uests are generated using C onfi git Developer. There are several cycles of re-
q uests. E ach cycle contains a seq uence of req uests in increasing order. E ach
req uest consists of a set of assignments to some of the variables in the product
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model. Each cycle of requests simulates an interactive configuration process of
a product.

All the experiments were carried out on a Pentium-III 1 GH z machine with
2GB of memory, running Linux. The benchmarks used in the experiments are
available in the CLib benchmark suite [6 ] in the Configit input language and the
ILOG Solver source language.

The results are shown in Table 1. The first column in the table lists the
name of the benchmark. The second column lists the amount of CPU time in
seconds used by Configit Developer for generating the corresponding VT file.
The third column lists the size of the generated VT file in K ilo Bytes (K B). As
for BDDs (see Sect. 3), the variable ordering plays a crucial role in the size of
the VT files generated. U nless specified, the default variable order was used in
the experiments. The fourth column lists the number of solutions (# Sol) in the
generated VT file. After generating a VT, the number of solutions represented
by it can easily be counted. This is equivalent to the total number of valid
configurations for the instance. In the subsequent four columns, the CPU time
for Average response (Avg. RT) and Worst response (Wst. RT) are listed in
seconds for both Configit Developer and ILOG Solver. The response times listed
for Configit Developer include the time taken for the requests generation and
writing the requests into a file. The corresponding times listed for ILOG Solver
only include the time taken for reading the requests information from the file.
Requests are generated as specified above.

Ta b le 1 . Experimental Results

Virtu a l Ta b le Av g. RT (sec) W st. RT (sec)
Ben ch m a rk

Tim e(sec) S ize(K B) # S o l C o n fi git IL OG C o n fi git IL OG

Renault 4 6 0 .0 0 1 2 9 2 2 .8 x1 0 12 0 .1 2 7 3 4 8 9 .2 9 * 0 .2 4 0 4 8 9 .2 9 *

Bik e 0 .4 5 2 2 1 .3 x1 0 8 0 .0 0 0 5 1 .8 5 5 0 .0 1 0 8 8 2 .6 8
PC 0 .8 9 2 4 1 .1 x1 0 6 0 .0 0 0 7 1 .3 0 2 0 .0 1 0 2 .1 2
PSR 0 .3 8 3 7 7 .7 x1 0 9 0 .0 0 1 4 2 .3 9 8 0 .0 1 0 4 8 6 .1 2

Parity3 2 1 3 3 0 .0 0 1 2 1 9 2 .0 x1 0 8 0 .0 9 6 0 0 .0 6 1 0 .4 1 6 0 .2 4

Big-PC 1 4 .8 2 7 6 6 .2 x1 0 19 0 .0 0 1 2 0 .0 1 0

v1 5 .6 7 † 2 5 3 8 .2 x1 0 123 0 .1 6 2 0 0 .3 2 0

w1 5 6 .5 2 † 1 3 4 7 1 .0 x1 0 89 0 .0 6 8 0 0 .1 6 0

ESVS 0 .2 5 6 .7 3 .5 x1 0 9 0 .0 0 0 4 0 .0 5 9 0 .0 1 0 0 .1 4
F S 0 .2 5 5 .8 2 .4 x1 0 7 0 .0 0 0 3 0 .0 3 6 0 .0 1 0 0 .2 1
F X 0 .2 2 5 .3 1 .2 x1 0 6 0 .0 0 0 3 0 .0 2 9 0 .0 1 0 0 .1 0

M achine 0 .1 4 6 .7 4 .7 x1 0 8 0 .0 0 0 4 0 .0 0 9 0 .0 1 0 0 .0 3

C 1 6 9 F V 2 .3 0 (1 4 4 ) 2 8 7 3 .2 x1 0 15 0 .0 1 3 4 0 .1 9 5 0 .0 1 0 2 8 .7 7
C 2 1 1 F S 6 .9 3 (9 5 7 ) 3 7 0 1 .4 x1 0 67 0 .0 2 1 9 0 .3 1 4 0 .0 2 0 6 7 .0 9
C 2 5 0 F W 3 .2 2 (1 1 1 ) 3 0 8 1 .2 x1 0 37 0 .0 1 4 8 0 .2 0 3 0 .0 1 0 3 8 .9 8
C 6 3 8 F VK 1 6 .5 3 (1 9 8 0 ) 5 3 4 8 .8 x1 0 123 0 .0 3 8 5 0 .6 0 8 0 .0 50 7 2 .6 2

* F or finding one solution only (i.e., not complete).
†The variable order file has been provided by C onfigit Software.

106



The Renault car configuration benchmark is described in [10]. Configit De-
veloper takes 460 seconds to generate the VT file containing 2.8x1012 solutions
for the Renault instance. But ILOG Solver takes 489 seconds just to solve the
problem represented as a CSP instance. The average response time obtained for
Renault by Configit Developer is 0.127 3 second. Corresponding worst response
time is 0.240 second.

The Bike and PC instances are configuration examples provided along with
Configit Developer. They represent a bike and a personal computer configuration
problem. The size of the PC and Bike instances in the Configit language is around
500 and 7 00 lines of code, respectively. In both cases, the average response time
for Configit Developer is only a fraction of a millisecond. This is possible as
the sizes of the corresponding VT files are very small. The corresponding worst
response time for those two instances are 10 milliseconds only. But the average
and worst response times for ILOG Solver are comparatively very high. The
worst response time for ILOG Solver in case of Bike is 882.68 seconds, which
is more than 400 times the corresponding average response time. In case of the
PC example, there is not a large diff erence between the average and the worst
response time of ILOG Solver. But still the values are high when compared to the
corresponding values for Configit Developer. The PSR benchmark represents a
power supply restoration problem modelled as a configuration instance. Further
details about this problem is available in [11]. The performance of ILOG Solver
and Configit Developer on the PSR instance is similar to those obtained for the
Bike instance, with a large worst case response time by ILOG Solver. Parity32 13
represents a parity learning problem as a configuration instance. Information
about this problem is available in [12]. In case of the Parity32 13 problem, ILOG
Solver has better performance compared to Configit Developer. The diff erence
is not large though. It is interesting that the VT files for Bike, PC, and PSR are
compiled faster than the corresponding average response times given by ILOG
Solver.

Big-PC represents the configuration problem of a personal computer with
several additional features than those of the previous PC instance. The v1 and
w1 instances represent real configuration problems of some of the customers of
Configit Software. They are anonymized by renaming.3 For these two instances,
the corresponding variable order file was also provided by Configit Software.
These instances have very large product models. For example, the Big-PC has
2500 lines of code in the Configit language. The w1 instance has more than
66,000 lines of code. It is very hard and error prone to convert them manually to
ILOG Solver code. Hence for those instances Table 1 only has results obtained
for Configit Developer. Even though these instances represent very large product
models, Configit Developer has fast average and worst response times.

The ESVS, FS, FX , and M achine instances are from [13]. The first three in-
stances represent screw compressor configuration problems. The last one repre-
sents parts of a real-world 4-wheeled vehicle configuration problem, anonymized
by renaming. These four instances are easy compared to the previous 8 instances.

3 Due to legal issues, v1 and w1 are not available in CL ib.
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This is refl ected by their VT file sizes. The VT files for these instances are gener-
ated in a fraction of a second. In case of the FS instance, the VT file generation
time is almost equal to the corresponding worst response time by ILOG Solver.

The last four instances are automotive product configuration problems from
[14]. The original instances are in DIMACS CN F format. Good variable orders
for these instances are obtained with the BuDDy BDD package [15] using the
sift dynamic variable ordering heuristic. Configit Developer uses these variable
orders for efficient VT file generation. The time taken by BuDDy to find a good
variable order is listed in brackets in the second column of the table. For some
large CN F files in [14], we did not do experiments as it took a lot of time to
find good variable orders. For those instances, the average response time and the
worst response time given by ILOG Solver are very large.

6 Related Work

Compilation techniques have also been studied for search techniques. In [16],
the authors presented Minimal Synthesis Trees (MSTs), a data structure to
compactly represent the set of all solutions in a CSP. It takes advantage of com-
bining the consistency techniques with a decomposition and interchangeability
idea. The MST is a polynomial-size structure. Operations on the MSTs, how-
ever, are of exponential time complexity. This may lead to long response times
for an interactive configurator based on MSTs.

Acyclic constraint networks and the tree clustering algorithm [17, 18] rep-
resent a CSP solution space in a more compact way, organizing it as a tree of
solved sub-problems. For extracting a solution, the generated structure offers
polynomial time guarantees in the size of the structure. The size of the sub-
problems, however, cannot be controlled for all instances and might lead to an
exponential blow-up. The complexity of the original problem is dominated by the
complexity of the sub-problems, which are exponential in both space and time.
N evertheless, this is one of the first compilation approaches used to solve CSP
problems. There are efforts to cope with this exponential blow-up by additional
compression using Cartesian product representation [19].

We are only aware of one other symbolic precompilation technique. In [10],
the authors present a method which compiles all valid solutions of a configuration
problem into an automaton. After compiling the solutions into an automaton,
functions required for interactive configuration, like implications, explanations,
and valid-domain-calculations can be done efficiently. They also present a theo-
retical view of all the complexity issues involved in their approach. They show
that all the tasks involved in an interactive configuration process are intractable
in the worst case. The BDD and automata approach to two-phase interactive
configuration may perform equally well. A major advantage of using BDDs,
however, is that this data structure has been studied intensely in formal verifi-
cation for representing formal models of large systems [20, 21]. In particular, the
variable ordering problem is well studied [7]. Furthermore a range of powerful
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software packages have been developed for manipulating BDDs [15, 22]. To our
knowledge, automata compilation has not reached this level of maturity.

Previous work comparing symbolic and search-based approaches is very lim-
ited. Comparative studies of the SAT search engine zChaff [23] and BDD com-
pilation show that neither approach has generally better performance than the
other [24]. Similarly, a comparison of the Davis-Putnam procedure and BDDs
shows complementary strengths of the two approaches rather than one dominat-
ing the other [25]. For interactive configuration, though, an important advantage
of the BDD approach is that it is possible to compile the solution space prior to
user interaction whereas search must be interleaved with user requests.

7 Conclusion

In this paper we have compared a symbolic and search-based implementation of
a complete and backtrack-free interactive product configuration algorithm. Our
experimental results show that the symbolic approach often has several orders
of magnitude faster response time than the search based approach due to the
precompilation of the solution space into a symbolic representation. In addition,
the difference between average and worst response time is often much smaller
for the symbolic approach than for the search-based approach. Our results in-
dicate that BDD-derived representations often are small for real-world configu-
ration instances. We believe that this may be due to the modular structure of
configuration problems with a frequent hierarchical tree-like decomposition of
dependencies that BDDs are particularly well-suited for.

We are currently working on an open source C++ Library for BDD-based
interactive configuration for research and education purposes (CLab, [26]) and a
comprehensive benchmark suite of industrial configuration problems (CLib, [6]).
Future work includes developing specialized BDD operations to support both
the compilation phase and interactive phase of product configuration.
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13. Tiihonen, J., Soininen, T., N iemelä, I., Sulonen, R.: Empirical testing of a weight

constraint rule based configurator. In: ECAI 2002 Configuration Workshop. (2002)
17–22 http://www.soberit.hut.fi/pdmg/Empirical/index.html.

14. Sinz, C., Kaiser, A., Kchlin, W.: Formal methods for the validation of auto-
motive product configuration data. Artificial Intelligence for Engineering De-
sign, Analysis and Manufacturing 17 (2003) 75–97 Special issue on configuration
http://www-sr.informatik.uni-tuebingen.de/~sinz/DC/.

15. Lind-N ielsen, J.: BuDDy - A Binary Decision Diagram Package.
http://sourceforge.net/projects/buddy (online)

16. Weigel, R., Faltings, B.: Compiling constraint satisfaction problems. Artificial
Intelligence 115 (1999) 257–287

17. Dechter, R., Pearl, J.: N etwork-based heuristics for constraint-satisfaction prob-
lems. Artificial Intelligence 34 (1987) 1–38

18. Dechter, R., Pearl, J.: Tree-clustering schemes for constraint-processing. Artificial
Intelligence 38 (1989) 353–366

19. Madsen, J.N .: Methods for interactive constraint satisfaction. Master’s thesis,
Department of Computer Science, University of Copenhagen (2003)

20. Burch, J.R., Clarke, E.M., McMillan, K.: Symbolic model checking: 1020 states
and beyond. In: Proceedings of the 5th Annual IEEE Symposium on Logic in
Computer Science. (1990) 428–439

21. Yang, B., Bryant, R.E., O’Hallaron, D.R., Biere, A., Coudert, O., Janssen, G .,
Ranjan, R.K., Somenzi, F.: A performance study of BDD-based model checking.
In: Formal Methods in Computer-Aided Design FMCAD’98. (1998) 255–289

22. Somenzi, F.: CUDD: Colorado university decision diagram package. ftp://vlsi

.colorado.edu/pub/ (1996)
23. Moskewicz, M.W., Madigan, C.F., Zhao, Y., Zhang, L., Malik, S.: Chaff : Engi-

neering an effi cient SAT solver. In: Proceedings of the 38th Design Automation
Conference (DAC’01). (2001)

24. Pan, G .and Vardi, M.Y.: Search vs. symbolic techniq ues in satisfiability solving. In:
Proceedings of the Seventh International Conference on Theory and Applications
of Satisfiability Testing (SAT 2004). (2004)

110



25. Uribe, T.E., Stickel, M.E.: Ordered binary decision diagrams and the Davis-
Putnam procedure. In Jouannaud, J.P., ed.: Proceedings of the 1st International
Conference on Constraints in Computational Logics. Volume 845 of Lecture Notes
in Computer Science., Springer (1994)

26. Jensen, R.M.: CLab: A C+ + library for fast backtrack-free interactive product
configuration. http://www.itu.dk/people/rmj/clab/ (online )

111


