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Abstract: - The Knapsack Problem with Conflicts (KPC) is an extension of the classic Knapsack Problem (KP) 
that requires pairs of items that are in conflict cannot both be inserted into the knapsack.  The KPC deals with 
one knapsack.   Although we do not claim that this paper involves a new theory, this short paper will 
demonstrate for the first time in the operations research (OR) literature that there can be a significant advantage 
to using two knapsacks, but the advantage to using more than two knapsacks decreases rapidly.  This is 
supported by an extensive empirical analysis solving 11,640 instances based on problems from the OR 
literature.  The methodology of considering the advantage of using more than one knapsack when pairs of items 
can conflict has not been reported previously in the literature.  Based on the authors’ personal experience, this 
information can be very useful to OR practitioners.   
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1 Introduction 
An important extension of the classic knapsack 
problem (KP) is the knapsack problem with 
conflicts (KPC).  In the KPC, in addition to filling 
the knapsack to optimize total profit without 
violating the capacity constraint, there are pairs of 
items that are in “conflict”.  For pairs of items that 
are in conflict, at most one of the items can be 
inserted into the knapsack.  Recent papers [1], [2], 
[3] have shown that optimal solutions can be 
obtained for many KPC instances that are discussed 
in the literature. 

However, except for one paper [4] that focused 
on heuristic solution strategies and small problem 
instances, only problems that consider a single KP 
are considered in the literature [1], [2], [3]. [5], [6], 
[7], [8], [9], [10]. Since the authors are familiar with 
industrial applications [11],  that can involve more 
than one knapsack when solving a KPC, a natural 
question is: What is the advantage of using more 
than one knapsack?  Unfortunately, in real-world 
applications, the trade-off between the benefits and 

costs of using more than one knapsack when solving 
the KPC can be difficult to quantify. 

In this short paper, for the first time in the OR 
literature, using a fixed total capacity for all the 
knapsacks in a given problem, we explore the 
benefit in terms of increased objective function 
values when we go from a single knapsack to more 
than one knapsack when conflict pairs are present.  
Intuitively, we expect more knapsacks (but with 
total capacity fixed) to be beneficial, and we attempt 
to empirically quantify this benefit in terms of 
objective function values under several scenarios. 

When more than one knapsack is used in the 
KPC, it is referred to as the multiple knapsack 
problem with conflicts (MKPC), [4].  We now give 
a mathematical formulation that we used in Gurobi 
for the MKPC that is slightly different from the one 
given in [4].  Let (G, E) be the conflict graph for a 
KPC where G is the set of vertices (items) and E is 
the set of edges (incompatible items have edges 
joining them).  Let each item i (1≤ i ≤ n) have a 
positive integer profit pi and a positive integer 
weight wi, and xij = 1 if item i is inserted into 
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knapsack j (j = 1, 2,…,m) and 0 otherwise.  The 
capacity of knapsack j is cj.    

 
The multiple knapsack problem with conflicts 
(MKPC) is as follows: 
Maximize ∑ ∑ 𝑝𝑖𝑖𝑗 𝑥𝑖𝑗                  (1) 

 
Such that: 
∑ 𝑤𝑖𝑥𝑖𝑗  ≤  𝑐𝑗, 𝑗 = 1 … 𝑚𝑖    (2) 
xij + xkj ≤ 1 ∀ (i, k) ε E, 𝑗 = 1, … , 𝑚  (3) 
∑ 𝑥𝑖𝑗  ≤  1, 𝑖 = 1, … , 𝑛𝑗    (4) 

𝑥𝑖 ∈ {0, 1},          𝑖 = 1, . . . , 𝑛.                (5) 
 
The objective (1) is to maximize the sum of the 

profits of the selected items.  Constraints (2) require 
that the knapsack capacities are not exceeded.  
Constraints (3) ensure that conflicting items cannot 
be placed in the same knapsack.  Constraints (4) 
ensure that an item can be placed in at most one 
knapsack.  Constraints (5) require the variables to be 
binary.   

In the next section, we will provide a literature 
review of the KPC and the one paper that we are 
aware of that deals with the MKPC.  This will be 
followed by a discussion of how we selected 
problem instances to test our hypothesis that more 
knapsacks are beneficial when solving a knapsack 
problem with conflicts.  Next, we will provide an 
empirical analysis of the results obtained from using 
Gurobi to solve each of the 1680 selected test 
instances with different numbers of knapsacks, but 
such that the total knapsack capacity for a given 
problem is fixed.  Gurobi will be called on to solve 
11,640 problems.  We will close this short paper 
with some observations concerning the benefit of 
having more than one knapsack when there are pairs 
of items that are incompatible and cannot both be 
inserted into the same knapsack.  
 

 

2 Literature Review 
In this section, the focus will be primarily on the 
KPC.  However, we will also discuss the one paper 
[4] that we are aware of that deals with the MKPC.  
Since the literature on the knapsack problem and its 
extensions is very extensive, we suggest the reader 
start by referring to [12],  [13], [14} for a good 
overview.  It is interesting to note that the KPC has 
gone by several names in the OR literature.  In 2002 
[10], this problem was introduced as the 
disjunctively constrained knapsack problem 
(DCKP) and used heuristic and exact algorithms to 
solve it.  In [10], an exact algorithm based on the 
branch-and-bound method is used that is based on 

dualizing the conflict constraints.  In a 2006 paper 
[5], a local search-based algorithm for the DCKP 
was proposed.  In a 2007 paper [6], the DCKP was 
solved using reduction strategies, and a branch-and-
bound method was used to solve the reduced 
problem.  In a 2009 paper [9], the problem is now 
referred to as the Knapsack Problem with Conflict 
Graphs (KPCG), and [9] develops an algorithm 
capable of producing exact solutions when G is 
either a chordal graph or a graph with bounded tree 
width.  In still referring to this problem as the 
DCKP, a 2012 paper [7] and a 2014 paper [8] make 
use of scatter-search and an iterative rounding 
search-based heuristic to solve the DCKP, 
respectively.  Both [1] and [2] present state-of-the-
art exact algorithms for large instances of the KPC.  
In [1], a branch-and-bound algorithm is presented 
that is based on binary branching.  In [2], a 
combinatorial branch-and-bound algorithm based on 
an n-ary branching scheme is proposed. This 
approach combines different procedures for pruning 
the branch-and-bound nodes built on different 
relaxations of the KPC.    It is noted in both [1] and 
[2] that these highly specialized algorithms lose 
their advantage over general-purpose integer 
programming software for optimally solving 
knapsack problems with conflicts (KPC) as the 
conflict graph density decreases.  For conflict 
graphs with densities below 0.1, it is felt that 
general-purpose integer programming software 
performs well.  However, in a 2025 paper [3], it was 
shown that a large number of 4,800 KPC instances 
(most with conflict graph densities greater than 0.1) 
used in [1] and [2] could be solved efficiently using 
Gurobi with default parameters on a standard 
computer.  Specifically, in [3], over 90% of the 
4,800 KPC instances were solved to optimality, with 
82% solved in an average of 3 seconds.  Hence, [3] 
demonstrated that the general-purpose integer 
programming software Gurobi is capable of solving 
a large number of KPC instances from the literature. 

The KPC deals with “hard” conflict constraints.  
Hence, for any pair of incompatible items, they 
cannot both be inserted into the knapsack,  
However, in a 2020 paper [15] the idea of “soft” 
conflict constraints was introduced in which pairs of  
incompatible items can both be inserted into the 
knapsack if a penalty is paid.  This type of knapsack 
problem is referred to as the knapsack problem with 
forfeits (KPF).  Besides the 2020 paper that 
introduced the KPF, the following paper, [16]. [17], 
[18], [19], [20] have presented solution approaches 
for the KPF.    

All the papers mentioned above deal with 
conflicts between pairs of items and only one 
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knapsack. There is only one paper [4] that the 
authors are aware of that considers the MKPC.  In 
[4], the focus is on four heuristic solution 
procedures that are tested on 18 different MKPCs 
with 15 instances (the number of knapsacks is fixed 
in each instance) for each problem (a total of 18x15 
= 270 instances).  In [4], there is no discussion or 
analysis to determine the advantage of having 
different numbers of knapsacks.  All these instances 
were generated by the author of [4], and we are still 
waiting for a reply to two requests we made for 
access to the 270 instances (first request sent 
11/20/2024).  

In this paper, we will focus strictly on using 
Gurobi to determine the benefit of having more than 
one knapsack when pairs of incompatible items are 
considered in the problem and the conflict 
constraints are “hard”.  In other words, we are 
focusing only on the KPC.  In the next section, 
empirical analysis will demonstrate the benefit of 
being able to use more than one knapsack with the 
total capacity fixed.   
 
 
3 Empirical Analysis 
 

3.1 The Problem Instances 
The 4,800 KPC instances that were used in [1], [2], 
and [3] consisted of four data sets with correlated 
data that were referred to as C1, C3, C10, and 
CORRELATED, and four data sets with 
uncorrelated data that were referred to as R1, R3, 
R10, and RANDOM.  The datasets C1, C3, and C10 
each had 720 KPC instances, and CORRELATED 
had 240 KPC instances. And the datasets R1, R3, 
and R10 each had 720 KPC instances, and 
RANDOM had 240 KPC instances for a total of 
4,800 KPC instances.  The KPC instances in 
CORRELATED and RANDOM had the sparsest 
conflict graph densities, ranging from 0.001 to 0.05.  
The KPC instances in C1, C3, C10, R1, R3, and 
R10 had conflict graph densities ranging from 0.1 to 
0.9.  For more information on these KPC instances, 
[3]. 

Since we were interested in maintaining a fixed 
total capacity when more than one knapsack was 
used in a problem, out of the 4,800 KPC instances, 
we only considered instances where the knapsack 
capacity was at least 2000.  For example, if a 
knapsack problem had a capacity of 3,000, when we 
considered it with two knapsacks, each of the two 
knapsacks had a capacity of 1,500.  When three 
knapsacks were considered, each of the three 
knapsacks had a capacity of 1,000, and so forth.    

Problem instances that were used in this 
computational analysis are summarized in Table 1 
and Table 2.  From Table 1, for instances with 
capacities of 2,000 or 3,000, we considered the 
impact of using up to six knapsacks.  From Table 2, 
for instance, with capacities of 10,000, we 
considered the impact of using up to ten knapsacks.    

 
Table 1. Knapsack Capacities—up to 6 knapsacks 

 

CORRELATED--120 instances, RANDOM--120 
instances. Total capacity per instance equals 2000 

Number of 
knapsacks 

Capacity per knapsack 

1 2,000 
2 1,000, 1,000 
3 666, 666, 667 
4 500, 500, 500, 500 
5 400, 400, 400, 400, 400 
6 333, 333, 333, 333, 334, 334 

C3--360 instances, R3--360 instances. Total capacity 
per instance equals 3000 

Number of 
knapsacks 

Capacity per knapsack 

1 3,000 
2 1,500, 1,500 
3 1,000, 1,000, 1,000 
4 750, 750, 750, 750 
5 600, 600, 600, 600, 600 
6 500, 500, 500, 500, 500, 500 

Source: created by the authors 

 
Table 2. Knapsack Capacities—up to 10 knapsacks 

C10--360 instances, R10--360 instances 
Total capacity per instance equals 10,000 

Number of 
knapsacks 

Capacity per knapsack 

1 10,000 
2 5,000, 5,000 
3 3,333, 3,333, 3,334 
4 2,500, 2,500, 2,500, 2,500 
5 2,000, 2,000, 2,000, 2,000, 2,000 
6 1,666, 1,666, 1,667, 1,667, 1,667, 

1,667 
7 1428. 1428, 1428, 1429, 1429, 1429, 

1429 
8 1250, 1250, 1250, 1250, 1250, 1250, 

1250, 1250 
9 1111, 1111, 1111, 1111, 1111, 1111, 

1111, 1111, 1112 
10 1000, 1000, 1000, 1000, 1000, 1000, 

1000, 1000, 1000, 1000 
Source: created by the authors 

 
3.2 Analysis of Gurobi Solutions When 

 Solving These 11,640 MKPC Instances  
Unless otherwise stated, all Gurobi (12.0.3) runs are 
executed using default parameter settings on an 
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AMD Ryzen 5 7600X 6-Core Processor 4.70 GHz 
with a 64-bit operating system, x64-based processor 
using Windows 11.  Because of the huge number of 
problems to be solved (11,640 instances), a time 
limit of 300 seconds was used for each problem.  
We used Gurobi because it had performed well in 
[3], and as new versions of Gurobi come out, it is 
very easy to upgrade and take advantage of 
improvements in the proprietary software.   

Gurobi was able to solve to proven optimality 
98% of the instances used from C3, 
CORRELATED, R3, and RANDOM.  Since the 
instances in C10 and R10 have been shown [3] to be 
harder to solve, it is not surprising that, given the 
300-second time limit, only 70% of the C10 
instances used and 74% of the R10 instances used 
obtained proven optimums.  However, we felt that 
the solutions generated by Gurobi would be valid to 
determine the benefit in terms of objective function 
values of using more than one knapsack.  Most 
instances that were not proven optimum had 
relatively small mipgap values.  In other words, the 
solutions obtained were guaranteed to be close to 
the optimums.  Furthermore, the solution values that 
were not proven optimum were close enough to be 
of value in industrial applications such as [11]. 

Alternatively, even allowing the 30% of the C10 
instances and the 26% of the R10 instances not 
proven optimal in 5 minutes to run for up to one 
hour for each of the 10 scenarios could potentially 
require a total execution time of 84 days, which we 
felt was not warranted.      

The results of Table 3 and Table 4, as well as 
Figure 1 and Figure 2, vividly illustrate the 
advantage of using at least two knapsacks instead of 
one.  In Table 3, for total capacities of both 2,000 
and 3,000, using two knapsacks has a major 
advantage over just using one knapsack based on the 
improved objective function values.  When the 
capacity is 10,000, the advantage of using more than 
two knapsacks is also evident.  Table 4 clearly 
shows that for total capacities of 2,000 and 3,000, 
the benefit of increased objective function value 
decreases dramatically beyond two knapsacks.  
When the capacity is 10,000, the advantage of using 
more than two knapsacks does not decrease 
dramatically after two knapsacks.  Figure 1 and 
Figure 2 visually display the information given in 
Table 3 and Table 4 for the C3 and C10 cases.  
These figures dramatically show the drop in 
additional benefits beyond the use of two knapsacks. 

 
 
 
 

Table 3. Average objective function values based on 
the number of knapsacks 

Number of 
knapsacks 

CORRELATED C3 C10 

1 3305 2751 4784 
2 3552 3083 7323 
3 3612 3109 8687 
4 3632 3110 9428 
5 3632 3111 9856 
6 3632 3111 10104 
7   10217 
8   10291 
9   10320 
10   10341 

Number of 
knapsacks 

RANDOM R3 R10 

1 8087 678 925 
2 9398 894 1569 
3 9676 969 1997 
4 9737 996 2284 
5 9737 1005 2481 
6 9737 1008 2619 
7   2715 
8   2782 
9   2829 
10   2860 

Source: created by the authors 

 
Table 4. Percent increase in average objective 

function value when the number of knapsacks is 
increased by one 

 

Number of 
knapsacks 

CORRELATED C3 C10 

2 7.46% 12.07% 53.09% 
3 1.70% 0.86% 18.61% 
4 0.55% 0.03% 8.54% 
5 0.00% 0.01% 4.53% 
6 0.00% 0.00% 2.51% 
7   1.12% 
8   0.72% 
9   0.29% 
10   0.21% 

Number of 
knapsacks 

RANDOM R3 R10 

2 16.21% 31.72% 69.67% 
3 2.96% 8.49% 27.25% 
4 0.63% 2.71% 14.39% 
5 0.00% 0.97% 8.62% 
6 0.00% 0.30% 5.55% 
7   3.67% 
8   2.47% 
9   1.69% 
10   1.12% 

Source: created by the authors 
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Fig. 1: C3 
Source: created by the authors 

 

 
Fig. 2: C10 
Source: created by the authors 

 
 
4  Conclusion 
The knapsack problem with conflicts (KPC) 
addresses the situation where pairs of items are 
incompatible and at most one item in a pair can be 
inserted into the knapsack.  However, the KPC deals 
with only one knapsack, and there can be industrial 
applications that can handle more than one 
knapsack.  In this short article, for a variety of 
scenarios, we show that the objective function 
values can be increased significantly when two 
knapsacks are used instead of one.  However, the 
benefit in terms of increased objective function 

value increases slowly when more than two 
knapsacks are considered.  Finally, in real-world 
applications, the benefits of having more than one 
knapsack must be weighed against logistical and 
productivity concerns related to dealing with more 
than one knapsack when pairs of incompatible items 
are involved.  
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