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Abstract

Local search is an important class of incomplete algorithms
for solving Distributed Constraint Optimization Problems
(DCOPs) but it often converges to poor local optima. While
Generalized Distributed Breakout Algorithm (GDBA) pro-
vides a comprehensive rule set to escape premature conver-
gence, its empirical benefits remain marginal on general-
valued problems. In this work, we systematically examine
GDBA and identify three factors that potentially lead to its
inferior performance, i.e., over-aggressive constraint viola-
tion conditions, unbounded penalty accumulation, and unco-
ordinated penalty updates. To address these issues, we pro-
pose Distributed Guided Local Search (DGLS), a novel GLS
framework for DCOPs that incorporates an adaptive violation
condition to selectively penalize constraints with high cost, a
penalty evaporation mechanism to control the magnitude of
penalization, and a synchronization scheme for coordinated
penalty updates. We theoretically show that the penalty values
are bounded, and agents play a potential game in DGLS. Ex-
tensive empirical results on various benchmarks demonstrate
the great superiority of DGLS over state-of-the-art baselines.
Compared to Damped Max-sum with high damping factors,
our DGLS achieves competitive performance on general-
valued problems, and outperforms by significant margins on
structured problems in terms of anytime results.

Code — https://github.com/ycdeng-ntu/DGLS
Extended version — https://arxiv.org/pdf/2508.06899

1 Introduction

Distributed Constraint Optimization Problems (DCOPs)
(Modi et al. 2005; Fioretto, Pontelli, and Yeoh 2018) are
a fundamental formalism for cooperative multi-agent sys-
tems where a set of autonomous agents coordinate with each
other to pursue a global objective via localized commu-
nication. DCOPs have been successfully applied to model
various real-world applications, including scheduling (Pert-
zovsky, Zivan, and Agmon 2024), resource allocation (Mon-
teiro et al. 2012), and smart grids (Fioretto et al. 2017).
Efficiently solving DCOPs remains a long-standing chal-
lenge due to the inherent NP-hardness. Over the past
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decades, many DCOP algorithms have been proposed and
are generally categorized into complete algorithms and in-
complete algorithms, according to whether they guaran-
tee finding the optimal solutions. Complete algorithms in-
clude distributed backtracking search (Modi et al. 2005;
Chechetka and Sycara 2006; Yeoh, Felner, and Koenig 2010;
Netzer, Grubshtein, and Meisels 2012; Litov and Meisels
2017; Deng et al. 2019) and inference (Petcu and Faltings
2005, 2007; Chen et al. 2020), which exhaust the solu-
tion space by either branch-and-bound or bucket elimina-
tion (Dechter 1998). However, the coordination overheads of
these algorithms scale exponentially w.r.t. the problem size,
making them unsuitable for large-scale applications.

On the other hand, incomplete algorithms trade the op-
timality for practical computational overheads (Farinelli
et al. 2008; Cohen, Galiki, and Zivan 2020; Chen et al.
2018; Nguyen et al. 2019; Ottens, Dimitrakakis, and Falt-
ings 2017). Among them, local search (Zhang et al. 2005;
Maheswaran, Pearce, and Tambe 2004; Pearce and Tambe
2007; Zivan, Okamoto, and Peled 2014; Hoang et al. 2018)
is an important class of incomplete algorithms, which it-
eratively refines the solution via local moves. However,
these algorithms often prematurely converge to poor local
optima due to their greedy nature. As an instantiation of
Guided Local Search (GLS) (Voudouris, Tsang, and Al-
sheddy 2010), Generalized Distributed Breakout Algorithm
(GDBA) (Okamoto, Zivan, and Nahon 2016) was introduced
to provide a comprehensive rule set for breaking out of
the local optima by adapting the notion of constraint viola-
tion and cost increase in DBA (Hirayama and Yokoo 2005).
However, the empirical benefits of GDBA often appear to be
marginal compared to well-established baselines like DSA
(Zhang et al. 2005) on general-valued problems.

To understand why GDBA underperforms on general-
valued problems, we first conduct a pilot study (cf. Figure 1)
analyzing the penalty dynamics of GDBA on both random
DCOPs and structured problems. Our observations reveal
that, on general-valued instances, GDBA uniformly accu-
mulates penalties for nearly all constraints, making them re-
ceive heavy but similar attention, which offsets the benefit
of breakout. Such ineffective penalization stems from over-
aggressive constraint violation conditions (e.g., N M) that
classify most constraints as violated, monotonic penalty in-
creases that lead to unbounded penalty accumulation, and



uncoordinated penalty updates that cause agents to optimize
misaligned objective functions. In light of this, we present a
novel Distributed Guided Local Search (DGLS) framework
for DCOPs, which incorporates an adaptive constraint vi-
olation condition based on the costs of each constraint, an
evaporation mechanism to avoid unbounded penalty accu-
mulation, and a synchronization scheme to enforce coordi-
nated penalty updates. Specifically, our contributions are:

* We systematically examine the key design choices of
GDBA. We find that the over-aggressive constraint vi-
olation conditions, monotonic penalty increment and un-
coordinated penalty update would lead to inferior perfor-
mance on general-valued DCOPs.

* We present a novel DGLS framework that enables effi-
cient GLS for DCOPs. Our DGLS incorporates an adap-
tive constraint violation condition, an evaporation mech-
anism, and a penalty synchronization scheme to fully
unleash the performance of GLS in solving DCOPs.
We also theoretically show that the penalty values are
bounded, and agents play a potential game in our DGLS.

* We compare our DGLS with state-of-the-art DCOP al-
gorithms on various standard benchmarks. Our extensive
empirical results show the great potential of DGLS: on
general-valued problems and scale-free network, DGLS
is able to match or perform slightly better than Damped
Max-sum (DMS) (Cohen, Galiki, and Zivan 2020) with
a high damping factor, while DGLS outperforms DMS
by significant margins on structured problems including
2D lattices, meeting scheduling and weighted graph col-
oring in terms of anytime performance (Zilberstein 1996;
Zivan, Okamoto, and Peled 2014).

2 Preliminaries

In this section, we review necessary preliminaries including
DCOPs, GLS and GDBA.

2.1 Distributed Constraint Optimization
Problems

A DCOP (Modi et al. 2005) can be formalized as a tu-
ple (I,X,D,F) where I = {1,...,|I|} is the set of

agents, X = {x1,...,2|x|} is the set of variables, D =
{D1,...,Dx|} is the set of discrete domains, and F' =
{f1,--., fip|} is the set of constraint functions. Each vari-

able x; takes a value from its domain D;, and each constraint
function f; : D;, x---x D;, — R>( defines a cost for each
possible combination of variables sep(fi) = (x4, - .., X4, )-

The objective is to find a solution 7* = ( dJ, ..., dTX‘ such
that the total cost is minimized:

7" = arg min Z by (T|scp(fj)) ) M

TEH’i D; fJ er

where 7|, (f,) is the projection of 7 onto sep(f;) € X. For
the sake of simplicity, we follow the common assumptions
that each agent controls only one variable (i.e., |[I| = |X|)
and all constraints are binary (ie., f;; : D; x D; —
R>o,Vfi; € F). Therefore, the terms “agent” and “vari-
able” can be used interchangeably.

2.2 Guided Local Search

GLS (Voudouris, Tsang, and Alsheddy 2010) is a meta-
heuristic for helping local search algorithms to escape local
optima using a penalty system. Specifically, GLS considers
the following augmented objective function:

hr)=f(r)+ A Zpi - I[feature ¢ presents in 7],  (2)

where f(-) is the original objective function, p; is the penalty
associated with feature ¢, I is the indicator function, and
A > 0 is the weight to balance the original objective and
penalty. Here, the features are problem-specific. For exam-
ple, a feature could be an edge from city A to city B in
a Traveling Salesman Problem (TSP), or whether a hard
clause is satisfied in Boolean Satisfiability (SAT) (Cai and
Lei 2020). When local search converges to a local optimum,
GLS will select a subset of features presented in the incum-
bent solution to increase the associated penalty value, so
as to force local search to explore novel solutions. In other
words, GLS breaks out of the local optimum by modifying
the problem’s objective landscape.

2.3 Generalized Distributed Breakout Algorithm

GDBA (Okamoto, Zivan, and Nahon 2016) provides a com-
prehensive set of rules for breaking out of local optima in
DCOPs, which adapts the concepts of constraint violation
and cost increase in DBA (Hirayama and Yokoo 2005) for
solving Distributed Constraint Satisfaction Problems (DisC-
SPs) (Yokoo et al. 1998). Essentially, GDBA can be viewed
as an instantiation of GLS where the features can be a full
constraint function, a specific row or column within it, or a
single cost cell, depending on the scope of changes to the
penalty values during breakouts. Specifically, when a Quasi
Local Minimum (QLM) (Hirayama and Yokoo 2005) is de-
tected, each agent in QLM first identifies a set of violated
constraints based on the cost values under the incumbent
local solution, then independently increases the penalty as-
sociated with the features in these violated constraints by 1,
which corresponds to selective penalization in GLS. Besides
additive penalty like Eq. (2), GDBA’s variants also consider
the multiplicative penalty:

hr) =Y Fij(didy) - [1+ M(di,dy)],  (3)
fij€F
where 7 = (dy, . ..,d|x|) is a solution, M;; is the cost mod-
ifier (i.e., a matrix of penalty values) associated with con-
straint function f;; with the initial value of 0.

3 Distributed Guided Local Search

In this section, we present the Distributed Guided Local
Search (DGLS) framework. We first motivate our research
by analyzing the key design choices of GDBA. Then we de-
tail DGLS and theoretically analyze its properties.

3.1 Motivation

To analyze the dynamics of penalty values of GDBA, we
consider its widely used variant (M, N M, T) on both sparse
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Figure 1: Analysis of penalty dynamics of GDBA

random DCOPs (RND) and meeting scheduling (MS) (Zi-
van, Okamoto, and Peled 2014; Maheswaran et al. 2004)
where GDBA demonstrates notably inferior and superior
performance, respectively (cf. Section 4). Figure 1a plots the
mean penalty values in all cost modifiers against iterations.

It can be seen that the average penalty grows linearly in
random DCOPs, meaning that almost every constraint is pe-
nalized in most rounds. That is due to the fact that the non-
minimum (/N M) violation condition is over-aggressive for
general-valued constraints where the minimum cost entries
are sparse. As a result, most constraints are considered as
violated and the corresponding cost modifiers are increased
once a QLM is detected. In contrast, when solving meeting
scheduling problem where multiple minimum costs present
in each constraint, penalty growth is much more moderate.

To look deeper into this issue, we also display the normal-
ized IQR (i.e., interquartile range divided by mean) and Co-
efficient of Variation (CV) of penalty values in Figure 1b. It
can be observed that, compared to solving meeting schedul-
ing problems, penalty values in GDBA have a much lower
variability when solving random DCOPs. Such indiscrimi-
nate penalization cause each constraint to receive heavy but
similar attention, which could offset the benefit of breakout.

The unbounded penalty accumulation also contributes to
the ineffective penalization. Specifically, GDBA monoton-
ically increases cost modifiers without any decay mecha-
nism, even when the constraints are almost perfectly satis-
fied, e.g., constraint costs that are only slightly above the
minimum costs, which in turn exacerbates the pathologies
of over-penalization and indiscriminate penalization, as evi-
denced by Figure 1a and 1b, respectively.

Finally, agents in QLM independently increase the cost
modifiers, which may cause agents to optimize different ob-
jectives. Consider a constraint f;; being flagged as violated
for the first time. If agent 7 is in QLM while agent j doesn’t,
then the cost modifier for f;; becomes 1 from agent ¢’s side
but remains 0 from agent j’s side after breakout. Such mis-
match introduces asymmetry in cost structures and poten-
tially breaks the correspondence between pure strategy Nash
Equilibrium and local optimum (Chapman et al. 2011; Grin-
shpoun et al. 2013).

Algorithm 1: Distributed Guided Local Search for agent ¢

1: Initialize cost modifiers to 0
2: Choose a random assignment d; € D;
3: Send x; = d; to all neighbors N;
4: while termination condition is not met do
6 Receive assignment z; = d; from all neighbors N;
7 di + argmingep, »_; EFFCOsT(d, j, d;)
8 A < >, EFFCOST(d;, j, d;) — EFFCOST(d;, j, d;)
9 Send gain A; to all neighbors N;
10 Receive gain A; from all neighbors A;
11 if A; > 0 then
12: if A; is the best improvement then
14 else if no neighbor can improve then
15 for j € N; do
16 if ISVIOLATED(d;, j, d;) then
17 P, +— P U {j}
18 Send a (SYNC, ¢) message to agent j
19 P, « receive (SYNC, j) from neighbors N;
20: for j € N; do
21: EVAPORATE(j)
22: INCREASEMOD(d;, §, d;, P;, P;)
23: Send x; = d; to all neighbors N;

Algorithm 2: Effective Cost Computation

1: function EFFCOST(d;, 7, d;)

2: if manner = additive then

3: return f;;(d;, d;) + M;;(d;, d;)

4 else if manner = multiplicative then
5 return flj (dl, dj) . [M” (dz, dj) + 1]

3.2 DGLS Framework

In light of this, we present a novel Distributed Guided Lo-
cal Search (DGLS) framework for DCOPs. To overcome
the over-penalization and indiscriminate penalization, our
DGLS incorporates an adaptive rule for selectively penal-
izing the constraints with high costs. Besides, we introduce
an evaporation mechanism to avoid unbounded penalty ac-
cumulation. Finally, we propose a synchronization scheme
to enforce coordinated penalty update. Algorithm 1 presents
the sketch of DGLS.

Like GDBA, each agent 7 in our DGLS begins with ini-
tializing the cost modifiers and broadcasting a randomly se-
lected assignment d; to its neighbors. After that, it looks for
the best assignment d; and calculates the corresponding gain
A; based on the current local view and cost modifiers via
EFFCOST (cf. Algorithm 2), where the base cost is modified
in either additive (A) or multiplicative (M) way. After that,
it broadcasts the gain to the neighbors to determine whether
it should make a local move. Particularly, if A; = 0 and
no neighbor can improve, then a QLM is detected and agent
1 starts to select constraints to penalize. After that, all cost
modifiers are evaporated by a rate vy, and finally agent ¢ per-
forms coordinated penalty update given a scope (i.e., cell,
table, row or column). Therefore, a DGLS is instantiated by
specifying a tuple (A/M,~, cel/tab/row/col).



Algorithm 3: Adaptive Violation Condition

Algorithm 4: Coordinated Penalty Update

1: function ISVIOLATED(d;, 7, d;)
N fij((hiivdjg_fij
fig—Ffij
if RANDOM(O, 1)< 7 then
return True
return False

Adaptive violation condition Instead of using fixed rules
in GDBA, our DGLS incorporates an adaptive rule for
identifying violated constraints (cf. Algorithm 3). Intu-
itively, for each constraint f;; we first compute its nor-
malized cost 7, where fij = ming, 4, fij(di,d;) and
fij = maxy, 4, [ij(di,d;). Then we stochastically mark
the constraint as violated with a probability of 7. This also
generalizes the utility-based penalization in classical GLS
(Voudouris, Tsang, and Alsheddy 2010), where the features
with the highest score are deterministically penalized.

Our adaptive rule has several unique advantages. First, it
eliminates the need to tune the constraint violation condition
in GDBA (e.g., NZ, NM and M X). Second, it perfectly
aligns with objective (1) by measuring the “badness” of a
constraint with the normalized cost. Particularly, if the con-
straint cost equals the minimum value, then the constraint
cannot be flagged as violated; conversely, if the constraint
cost attains the maximum value, then there must be a con-
straint violation. By selectively penalizing constraints, we
avoid over-penalizing the constraints with the cost close to
their minimum value, which directs local search to pay more
attention to the constraints that incur high costs.

Evaporation mechanism We periodically decay the cost
modifiers through an evaporation mechanism (cf. EVAPO-
RATE). For each constraint f;;, the associated cost modifier
M;; is geometrically decayed by 0 < v < 1. Formally,

Mij(di,dj) — ’}/Mij(di7dj), Vd; € Di,dj S Dj. @)

The evaporation mechanism addresses the issue of un-
bounded penalty accumulation. Combining with our adap-
tive violation condition, it helps local search to effectively
forget the penalty of the well-satisfied constraints (e.g., the
constraints whose current cost is close to the minimum
value), and thus realizes selective penalization.

Coordinated penalty update We coordinate the penalty
update between two agents by explicitly communicating
the index of constraints to be penalized. Specifically, for
each round, agent ¢ maintains a set of self-penalized con-
straints P; and a set of constraints penalized by neighbors
P;. When it decides to penalize a constraint f;; (i.e., ISVI-
OLATED(d;, j, d;)=True), agent ¢ first records the index to
P; and notify neighbor j through a SYNC message. After
that, it collects the index associated with all SYNC mes-
sages from neighbors as P;. Finally, it performs coordinated
penalty update according to Algorithm 4.

Specifically, if the update scope is either cell (cel) or ta-
ble (tab), then the corresponding entries of the cost modifier
will be increased by 1 if the index presents in either P; or

1: function INCREASEMOD(d;, j, d;, P;, P)

2 if scope = cell then

3 if j € P,V j € P, then

4 Mij(di,dj) FMij(di,dj)-Fl

5 else if scope = table then

6: if j € P,V j € P, then

7 Mij(d/- d/) <« Mij(d/- d/) +1, vd.,d'
8

1 g g (2Rl
: else if scope = row then

9: if j € P, then

11: if jy € P, then

12: Mij(dg,dj) FMij(d;,dj)—ﬁ-l, Vd;
13: if j € P, A\ j € P, then

14: Mlj(d“ dj) — Mz](du dj) -1

15: else if scope = column then

16: if j € P; then

17: Mm‘(dé,dj) FMij(d;,dj)‘i‘l, Vd;
18: if j € P, then
20: if j € P, A j € P, then
21: Mij(di,dj> FMij(di,dj) -1

P;. On the other hand, if the update scope is row, agent ¢
will increase the entries in the d;-th row regardless of x;’s
assignment if the penalization of f;; is initiated by agent i.
If j € P, agent ¢ mirrors the operation of agent j by penal-
izing the d;-th column of the cost modifier. Finally, if both
agent 7 and j penalize constraint f;;, then we minus 1 from
M;;(d;, d;) to avoid double-counting. The scope of column
(col) follows a similar pattern by exchanging row and col-
umn operations.

3.3 Theoretical Results

In this subsection, we theoretically analyze the properties of
DGLS. We first show the upper bound of values in cost mod-
ifiers in our DGLS, which avoids the uncontrollably growing
penalty values in GDBA.

Theorem 1. With evaporation rate 0 < v < 1, the penalty
values in any cost modifier are bounded by 1/(1 — ).

Proof. Consider the worst-case scenario where a specific

entry (d;, d;) is incremented in every round. Let Mi(f) be
the penalty value in round k. We have

M (i dj) =07 +1=1
MP(divdy) =1-y+1=147

MP (i dj) =1+ 7 +92 4+ 44 L

As k — oo, this geometric series converges to 1/(1 — ),
which concludes the theorem.



Corollary 1. The effective cost is bounded for both additive
and multiplicative cases:

EFFCOST A(d;, j,d;) < fij +1/(1 —7)
EFFCOSTy(di, 5, d;) < fij - [1+1/(1 —7)].

This corollary indicates that the contribution of any con-
straint to the total effective cost is bounded by a constant,
which prevents any constraint from dominating the aug-
mented objective as the number of rounds grows.

We then show that our coordinated penalty update guar-
antees the consistency of cost modifiers from both sides of
each constraint. This consistency, in turn, enables a potential
game structure in DGLS.

Lemma 1. At the beginning of each round, the cost modifier
of the constraint between agent i and agent j from i’s side is
the same as the counterpart from j’s side."

Theorem 2. For each round, agents in DGLS play a poten-
tial game where the potential function is the total effective
cost given the current cost modifiers.

Proof. Define the potential function as

1
== EFFCOST(d;, j, d;

5 Dicr Dsen, EFFCOST(di, j,ds), (5)
where 7 = (dy, . ..,d|x/) is a solution. Consider an agent i
unilaterally changing its assignment from d; to d}, while all
other agents maintain their current assignments. The change
in agent 7’s local cost is:

EFFCOST(d;, 5, d;j) —

Ai = ZjeM

The change in the potential function is:

EFFCoOST(d;, j,d;).

AD Z EFFCOST(d;, j, d;) — EFFCOST(d., ,d;)
JEN
+ 2 Z EFFCOST(d;, i, d;) — EFFCOST(d;, i, d}).

76./\/

By Lemma 1, the cost modifiers are the same from both
agent ¢’s and j’s side, which implies

EFFCOST(d;, §, d;) = EFFCOST(d;,%,d;),
and

EFFCoOsT(d;, j,d;) = EFFCOST(d;, i, d}).

Therefore, A; = A®, which concludes the theorem. O

Theorem 2 indicates that unlike in GDBA, agents in our
DGLS optimize a consistent and well-defined global objec-
tive, i.e., the total effective cost (cf. Eq. (2) and Eq. (3)).
Furthermore, any local improvement of an agent exactly cor-
responds to a reduction in the global effective cost.

We now establish some equivalences of DGLS variants.

Theorem 3. If f;; : D; x D; — {0,1}, Vf;; € F, then
(A, ~,cel) and (M, ~, cel) are equivalent for any ~.

"Proof is provided in the extended version.

Proof. We prove the theorem by showing that for each
round £ and assignments d; € D;,d; € D;,

EFFCOSTX“) (di, j,d;) = EFFCOST(k)(di,j, d;), (6)

where EFFCOSTXC) and EFFCOSTEW) are the effective cost
for round k under additive and multiplicative manner, re-
spectively. If f;;(d;,d;) = 0, then the constraint f;; can-
not be flagged as violated since n = 0 (cf. Algorithm 3).
Therefore the corresponding entry (d;, d;) of the cost modi-
fier M;; in both variants remains O since no increment hap-
pens. In this case, Eq. (6) holds because

EFFCOSTY (di, j,d;) = 0+ Mij(di, d;) = 0+0=0
EFFCOST\ (dy, j,d;) = 0+ [1 + M;;(ds,d;)] =0-1=0.
On the other hand, if f;;(d;, d;) = 1, then the two variants
maintain the same penalty for entry (d;, d;) given the same
decay factor . We show it by induction. The fact holds for
the first round where the cost modifiers are 0. Assume that
it holds for round k. If there is a QLM and d;, d; are the
incumbent assignments, then f;; must be violated and the
penalty of entry (d;,d;) will be incremented by 1 in both
variants since 7 = 1. Otherwise, there is no increment for
both variants. Given the same evaporation rate -y, the fact
holds for round k + 1. Therefore, Eq. (6) holds for this case
because
EFFCOSTXC)(di,j, dj) =1+ ]V[Z] (dl, d])
EFFCOST\ (di, j,d;) = 1+ [1+ My;(di, d;)] = 1 + M;;(ds, d;).
O

Theorem 4. (A,~,tab) is equivalent to Maximum Gain
Message (MGM) for any .

Proof. Let’s consider the decision process of agent ¢ under
the additive manner:

di =argming cp, E

= argmmd;eD,y E JeN, fz‘j( i

In table scope, the cost modifiers are updated table-wise
(cf. line 5-7 of Algorithm 4). Therefore M;;(d;,d;) =
¢ij, Vd} € D;, which gives us

d; =argming¢p, Z fu( d;) + cij

= arg mind;eDi ( Z fu ))

= argmind/ieDi ZjENz f’L]( 79 ])

This exactly matches the decision rule for agents in MGM
(Maheswaran, Pearce, and Tambe 2004). Besides,

A; =Y EFFCosT(d;, j, d;) — EFFCOST(d;, j, d;)

EFFCOST(d’,j, d;)

dj) + Mij(d;, dj).

JEN;

=Y fi(di dj) + Mij(di,dy) — fij(d;,dy) — My (dy, dy)
JEN;

=Y fildidy) = fi(d, dj) + cij — e
JEN;

= Z fij(ds, dj) — fij(d5,dj),

JEN;
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Figure 2: Performance on random DCOPs

which also produces the same gain as in MGM. Therefore,
the theorem is concluded. O
Finally, we show the complexity of DGLS as follows.

Theorem 5. In each round of DGLS, agent i communicates
O(|N;|) messages and performs O (|N;| * | D, |D;l)
operations, where D! D;|.

ax‘ *

max — AIgIMNaX;en;

Proof. Bach round agent 7 communicates |N;| assignment
messages, |N;| gain messages, and ¢ SYNC messages,
where ¢ < |V;] since i notifies a neighbor j only when f;; is
flagged as violated. Therefore, the total number of messages
communicated by agent 4 is in O(|N;]).

Besides, agent ¢ finds d; in O(J\V;| * |D;|) operations,
evaporates all cost modifiers in O (|N;| * |Di .| *|D;|)
operations and increments the cost modifiers in
O (|N;i] % |Diaxl % | D;]) operations in the worst case
(e.g., tab scope is used and all involved constraints are
penalized). Therefore, the total number of operations is in
O (INi| * | Dipanl * D). 0

4 Empirical Evaluations

Benchmarks and baselines We evaluate our algorithm on
various standard DCOP benchmarks, including: (1) random
DCOPs with 120 agents, a graph density of 0.1 (sparse)
or 0.6 (dense); (2) scale-free networks (Barabasi and Al-
bert 1999) with 120 agents and my = m; = 3; (3) 2D
lattices with grid size of 10 x 10; (4) meeting scheduling
problems using Events-as-Variable (EAV) formulation (Zi-
van, Okamoto, and Peled 2014; Maheswaran et al. 2004)
with 20 available time slots, 20 meetings and 90 persons,
where each person randomly selects two meetings to partic-
ipate, the travel time between any pair of meetings is uni-
formly drawn from [6, 10], and a cost equal to the number of
overbooked persons is incurred if the difference between the
time slots of two meetings are less than the travel time; (5)
weighted graph coloring problems with 120 agents, 3 avail-
able colors, and graph density of 0.05, where a conflict cost
is uniformly selected from [1, 100] if two adjacent agents as-
sign the same color. For benchmarks (1-3), we consider the
problems with a domain size of 10 and uniformly select con-
straint costs from [0, 100]. For each benchmark, we generate
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Figure 3: Performance on topology-structured problems

100 random instances and each instance is solved 20 times
with the maximum round of 1000. Finally, we average the
anytime cost (Zilberstein 1996; Zivan, Okamoto, and Peled
2014) of each round of 2000 runs as the final result. All ex-
periments are conducted on a Linux workstation with Intel
Xeon W-2133 CPU and 32GB memory.

For competitors, we consider DSA (Zhang et al. 2005)
with p = 0.8 and GDBA (Okamoto, Zivan, and Nahon 2016)
as representative local search algorithms; MGM2 (Mah-
eswaran, Pearce, and Tambe 2004) as a representative K-
OPT algorithm, and DMS (Cohen, Galiki, and Zivan 2020)
with damping factors A = 0.7 and 0.9 as the state-of-
the-art baselines. For GDBA, we consider its (M, NM,T)
variant that exhibits the strongest performance according to
(Okamoto, Zivan, and Nahon 2016).

Performance comparison Empirically, we find DGLS
variants (M, 0.5, col) and (M,0.9,col) perform best on
general-valued problems and cost-structured problems, re-
spectively. Therefore, we consider these two variants for
performance comparison. Figure 2 presents the anytime re-
sults on both sparse and dense random DCOPs. It can be ob-
served that our DGLS exhibits a fast convergence speed on
sparse problems, quickly surpasses all baselines after about
50 rounds. GDBA, on the other hand, fails to effectively
break out of local optima and is dominated by DSA in the
sparse case. Besides, it is interesting to find that the gap be-
tween GDBA and our DGLS narrows on dense problems.
This is because each constraint has a higher cost than the
sparse setting. Therefore, agents in our DGLS trigger pe-
nalization more frequently (cf. Algorithm 3), which exhibits
similar behavior to the GDBA under the N M violation con-
dition. Still, DGLS outperforms GDBA by a significant mar-
gin in the dense setting, thanks to the evaporation mecha-
nism and synchronization scheme for coordinated penalty
updates.

Figure 3 compares the anytime performance on topology-
structured problems. It can be seen that GDBA performs
poorly and is strictly dominated by all other competitors on
both scale-free networks and 2D lattices, which highlights
the inefficiency of GDBA in dealing with general-valued
problems. In contrast, our DGLS effectively changes the
problems’ landscape through adaptive violation condition,
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Figure 4: Performance on cost-structured problems

evaporation and coordinated penalty update whenever local
search gets trapped in local optima. These mechanisms en-
able selective penalization that directs local search to focus
more on the constraints with high costs, and therefore result
in a much steadier improvement over time. In fact, DGLS
not only significantly outperforms all local search heuristics,
but also improves DMS by 3.77%—6.03% on 2D lattices with
p-value< 1072,

Figure 4 presents the results on weighted graph-coloring
problems and meeting scheduling problems. GDBA demon-
strates great advantages over all competitors except DGLS
on these cost-structured problems. This can be attributed to
the multiple cost minimums present in each constraint (e.g.,
the cost entries for conflict-free colors in weighted graph
coloring problems or time slots in meeting scheduling prob-
lems). As a consequence, the cost modifiers in GDBA grow
moderately compared to general-valued problems (cf. Fig-
ure 1), thus the over-penalization and indiscriminate penal-
ization are alleviated as a side effect. Nevertheless, GDBA
is still strictly dominated by DGLS which explicitly imple-
ments selective penalization through the adaptive violation
condition and evaporation mechanism. Notably, our DGLS
surpasses all baselines within the first 50 rounds and con-
tinuously improves given more rounds, significantly out-
performing DMS by 61.24%—66.30% and 5.47%-9.45% on
weighted graph-coloring problems and meeting scheduling
problems with p-value< 107, respectively.

Ablation study To understand how each component con-
tributes to the success of our DGLS, we perform an ablation
study on sparse random DCOPs and present results in Fig-
ure 5. Here, we consider the DGLS variant of (M, 0.5, tab)
for ablation since it is algorithmically comparable to GDBA
(M, NM,T) due to the same manner and scope parameters.
In fact, GDBA (M, NM,T) can be recovered from DGLS
(M, 0.5, tab) if adaptive violation condition (AVC), evapo-
ration, and coordinated penalty update (CPU) are disabled.
AVC tends to contribute most significantly to the anytime
performance. Without AVC, DGLS indiscriminately penal-
izes each constraint that incurs a cost higher than the min-
imum cost, which leads to ineffective penalization and per-
forms only slightly better than DSA. This also aligns with
our observation that the over-aggressive constraint viola-
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Figure 5: Ablation study on sparse random DCOPs

tion conditions in GDBA could severely limit its perfor-
mance on general-valued DCOPs. Evaporation, on the other
hand, also plays an important role in controlling the magni-
tude of the penalty values. Without it, DGLS suffers from
unbounded penalty growth and substantially slower con-
vergence compared to the full DGLS. Interestingly, com-
pared to DGLS w/o AVC, DGLS w/o evaporation exhibits
better performance, which also highlights the advantage
of our adaptive violation over the fixed violation rules in
GDBA. Nonetheless, the combination of AVC and evapora-
tion works synergistically to enable effective selective penal-
ization, as demonstrated by the strong performance of DGLS
w/o CPU and full DGLS. Finally, CPU ensures that agents
optimize coherently given the changing cost modifiers, lead-
ing to moderate but consistent improvements.

5 Conclusion

As an instantiation of GLS on DCOPs, GDBA aims to help
local search break out of local optima by increasing the
penalty values of violated constraints. However, its empir-
ical benefits remain marginal on general-valued problems.
This suboptimal performance stems from three key issues:
over-aggressive constraint violation conditions, unbounded
penalty accumulation, and uncoordinated penalty updates.
Such pathologies lead to ubiquitous over-penalization and
indiscriminate penalization, ultimately undermining the in-
tended benefits of breakout.

We therefore present DGLS, a novel GLS framework for
DCOPs that effectively addresses these issues by incorpo-
rating an adaptive violation condition to selectively penal-
ize constraints with high cost, a penalty evaporation mech-
anism to control the magnitude of penalization, and a syn-
chronization scheme for coordinated penalty updates. Theo-
retically, we show that the penalty values of our DGLS are
bounded, and agents play a potential game where the po-
tential function is the total augmented cost given the current
cost modifiers. Our extensive empirical evaluations on var-
ious standard benchmarks confirm the superiority of DGLS
over the existing local search heuristics, as well as the state-
of-the-art Damped Max-sum on both general-valued and
cost-structured problems.
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