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Constraint Optimization with Quality Bounds

3786

TENDA OKIMOTO,!! YONGIOON JOE, !
ATsusHI TwasAKIT! and MakoTo Yokoof!

A Distributed Constraint Optimization Problem (DCOP) is a fundamental
problem that can formalize various applications related to multi-agent coopera-
tion. Since it is NP-hard, considering faster incomplete algorithms is necessary
for large-scale applications. Most incomplete algorithms generally do not pro-
vide any guarantees on the quality of solutions. Some notable exceptions are
DALO, the bounded max-sum algorithm, and ADPOP. In this paper, we de-
velop a new solution criterion called p-optimality and an incomplete algorithm
for obtaining a p-optimal solution. The characteristics of this algorithm are

as follows: (i) it can provide the upper bounds of the absolute/relative errors
of the solution, which can be obtained a priori/a posteriori, respectively, (ii)
it is based on a pseudo-tree, which is a widely used graph structure in com-
plete DCOP algorithms, (iii) it is a one-shot type algorithm, and (iv) it has
adjustable parameter p, The evaluation results illustrate that this algorithm
can obtain better quality solutions and bounds compared to existing bounded
incomplete algorithms, while the run time of this algorithm is shorter.
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(1) Set E' to E.
(2) choose each node i € V' from the last to the first based on o and apply the following
procedure.
if 35,3k € A(E',0,i) s.t. (j,k) € E', then set E' to E' U{(j,k)}.
(3) Return G' = (V, E").
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Fig.1 (a) shows a constraint graph with ten nodes. (b) shows the induced chordal graph of (a) based

ono=1<=<...<10. Induced width of (b) is three. (c) shows the subgraph of (b) obtained
by removing edges (1,4) and (7, 10). Since (1, 4) is missing despite the existence of (1,6) and
(4, 6), this graph is not chordal.
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3.1 p-optimal algorithm
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(1) Set E' to E.

(2) repeat the following procedure w(G,0) — p times

e For eachi €V where p+1 < ord(i) < w(G,o)

remove the first back-edge in G' = (V, E") from E' if there is one.

(8) Return G' = (V, E').
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Fig.2 (a) presents a part of p-reduced graph G’ = (V, E”’), where j, k € A(E",0,14), and (j, k) € E".

(b) presents a situation where (7, k) is not j’s first back-edge in G, i.e., there exists node I s.t.
<k () € E,and (j,1) € E".
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—e—(a) solution quality
--%:--(b) relative-error-based estimation
---4-++(C) absolute-error-based estimation

Normalized Quality

03 U000 200000 500000 0400000000 p-optimal 0000 (a)d(b) 000 (¢c)0ODOO
(2)0(b) 000 (¢) 000 1000000000
Fig.3 (a), (b), and (c) in p-optimal algorithm for graphs with 20 nodes, induced width 5, and

density 0.4. Value closer to 1 is desirable.
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e (a) t=1-solution quality

—e— (a) p=I-solution quality — (b) p=1-relative-error —— (c) p=1-absolute-error

- (b) t=1-relative-error
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Fig.4 (a), (b), and (c) in p = 1l-optimal algorithm and DALO-t = 1 for graphs with (i) 20 nodes, induced width 5, (ii) 20 nodes, density
0.3, and (iii) density 0.3, induced width 3. Broken line indicates results for DALO-t = 1. Value closer to 1 is desirable.
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00000000000 0000000 DALO-t=100000000
Fig.5 Obtained rewards (not normalized) and run time (ms) for graphs with 1,000 nodes and
induced width 5. Broken line indicates results for DALO-t = 1.
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—e— (a) p=1-solution quality:--@-- (a) bmaxsum-solution quality
= (b) p=1-relative-error  --%: (b) bmaxsum-relative-error
—a— (c) p=1-absolute-error
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Fig.6 (a), (b), and (c) in p = l-optimal algorithm and bounded max-sum algorithm for graphs with

induced width 2. Broken line indicates results for bounded max-sum (bmaxsum) algorithm.

Value closer to 1 is desirable.
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Fig.7 Obtained rewards (not normalized) and run time (ms) for graphs with 1,000 nodes and
induced width 2. Broken line indicates results for bounded max-sum (bmaxsum) algorithm.
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