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Abstract

The Traveling Thief Problem (TTP) is a challeng-
ing combinatorial optimization problem with broad
practical applications. TTP combines two NP-hard
problems: the Traveling Salesman Problem (TSP)
and Knapsack Problem (KP). While a number of
machine learning and deep learning based algo-
rithms have been developed for TSP and KP, there
is limited research dedicated to TTP. In this paper,
we present the first reinforcement learning based
multi-start neighborhood search algorithm, denoted
by ReinforceNS, for solving TTP. To accelerate the
search, we employ a pre-processing procedure for
neighborhood reduction. A TSP routing and an it-
erated greedy packing are independently utilized to
construct a high-quality initial solution, further im-
proved by a reinforcement learning based neighbor-
hood search. Additionally, a post-optimization pro-
cedure is devised for continued solution improve-
ment. We conduct extensive experiments on 60
commonly used benchmark instances with 76 to
33810 cities in the literature. The experimental re-
sults demonstrate that our proposed ReinforceNS
algorithm outperforms three state-of-the-art algo-
rithms in terms of solution quality with the same
time limit. In particular, ReinforceNS achieves 12
new results for 18 instances publicly reported in a
recent TTP competition. We also perform an ad-
ditional experiment to validate the effectiveness of
the reinforcement learning strategy.

1 Introduction

The Travelling Thief Problem (TTP) is a challenging com-
binatorial optimization problem as it combines two NP-hard
problems: the Traveling Salesman Problem (TSP) [Flood,
1956] and Knapsack Problem (KP) [Pisinger and Toth, 1998].
And it holds practical importance with varies applications in
real-life scenarios, such as water tank transportation [Bonyadi
et al., 2013], printed circuit board design [Reinelt, 1991],
airport ground movement [Weiszer et al., 2014], wavelength
assignment for mesh networks [Hu and Leida, 2004] and the
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routing problem with loading constraints [Tori and Martello,
20101.

Given its theoretical challenge and practical significance,
TTP has attracted increasing research effort in the last decade
[Wagner et al., 2018; El Yafrani and Ahiod, 2018; Namazi
et al., 2023]. Existing research on TTP includes exact al-
gorithms, heuristics and hyper-heuristics. Due to its intrin-
sic intractability, the research lies in the development of ef-
fective heuristics to find near-optimal solutions within a rea-
sonable time limit. Compared to the close relative problems
TSP and KP that have been intensively studied [Lienland
and Zeng, 2015; Osaba et al., 2020; Cacchiani er al., 2022],
TTP has received limited attention. Moreover, the TSP and
KP algorithms integrating machine learning techniques have
demonstrated remarkable performances [Afshar et al., 2020;
Zheng et al., 2021; Pierotti et al., 2021; Xin et al., 2021;
Tu et al., 2023; Pan et al., 2023], while few efforts have been
dedicated to developing machine learning-based TTP algo-
rithms [Namazi et al., 2023].

To the best of our knowledge, no study has been reported
in the literature investigating the interest of the reinforce-
ment learning technique for solving TTP. In this work, we fill
the gap by introducing the first reinforcement learning-based
multi-start neighborhood search algorithm ReinforceNS for
TTP. ReinforceNS integrates pre-processing, initialization,
reinforcement learning based neighborhood search and post-
optimization. To ensure effective exploration of the search
space, ReinforceNS employs a multi-start mechanism to es-
cape local optima traps and the dedicated initialization to re-
generate new high-quality initial solutions. The main contri-
butions of the paper are summarized as follows.

* The proposed ReinforceNS algorithm integrates a pre-
processing procedure and a reinforcement learning-
based neighborhood search procedure to ensure an effec-
tive and efficient examination of promising neighboring
solutions.

» ReinforceNS applies a post-optimization procedure to
further improve the local optimal solutions. This is en-
sured jointly by an item flipping phase and a route refin-
ing phase.

* ReinforceNS is extensively tested on the commonly
used 60 TTP benchmark instances. Experimental results
show the proposed algorithm outperforms three state-of-



Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)

the-art algorithms within the same time limit. In particu-
lar, it finds 12 improved results for 18 instances publicly
reported in a recent TTP competition.

2 Related Work

The TTP problem was first introduced in 2013 [Bonyadi et
al., 2013] and has received increasing attention in recent
years. The existing approaches for solving TTP can be mainly
classified into three families: exact algorithms, heuristics and
hyper-heuristics. In this section, we briefly review exact al-
gorithms and hyper-heuristics, and then focus on heuristics.

Exact algorithms utilizing dynamic programming or
mixed-integer programming [Polyakovskiy and Neumann,
2017; Wu et al., 2017] can find optimal solutions with the-
oretical guarantees, but face challenges when dealing with
large instances within reasonable time due to the inherent ex-
ponential complexity.

In contrast, hyper-heuristic and heuristic algorithms can
find near-optimal solutions for practical applications, but they
lack optimality guarantees. The hyper-heuristic algorithms
often utilize genetic programming to generate or select low-
level heuristics for exploring routes or packing plans, such
as [Mei et al., 2015], [Martins et al., 2017; El Yafrani and
Ahiod, 2018], [Martins et al., 20171, [El Yafrani and Ahiod,
2018], [Ali and Mohamedkhair, 2021].

The heuristics are widely studied for solving TTP, which
can be classified into the following three families [Namazi et
al., 2023].

Constructive paradigm. The Chained Lin-Kernighan
Heuristic (CLKH) [Applegate ez al., 2003] is used to gener-
ate a route, and greedy packing strategies are designed while
keeping this route unchanged, such as [Polyakovskiy et al.,
2014; Bonyadi et al., 2014; Faulkner et al., 2015]. S5 ap-
plies them within its restart-based framework [Faulkner et al.,
2015]. The constructive paradigm often serves as an initial-
ization procedure for other TTP algorithms.

Cooperative paradigm. After the generation of an ini-
tial TTP solution through the constructive paradigm, two
separate search procedures for TSP and KP are iteratively
applied to improve the route and packing plans. Some
notable algorithms in this family include the Cooperative
Solver (CoSolver) [Bonyadi et al., 2014] and its improved
versions: CoSolver with 2-opt and Simulated Annealing
(CS2SA) [El Yafrani and Ahiod, 2016], CS2SA with of-
fline instance-based parameter tuning (CS2SA*) [El Yafrani
and Ahiod, 2018], CoSolver with Reverse-Weighted Selec-
tion (RWS) [Zhang er al., 20211, as well as a state-of-the-art
heuristic Cooperation Coordination (CoCo) proposed most
recently [Namazi et al., 2023].

Full-encoding paradigm. Full-encoding paradigm ad-
dresses TTP without segregating it into TSP and KP. Many al-
gorithms adopt a hybrid evolutionary framework [El Yafrani
and Ahiod, 2016; El Yafrani and Ahiod, 2017; Mei et al.,
2014; Wuijts and Thierens, 2019], such as Memetic Algo-
rithm with Two-Stage Local Search (MATLS) [Mei et al.,
2014], Memetic algorithm with Edge Assembly and 2-Point
crossover operator (MEA2P) [Wuijts and Thierens, 2019].
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Additionally, a swarm intelligence algorithm MMAS [Wag-
ner, 2016] based on the Max-Min Ant System [Stiitzle and
Hoos, 2000] has been proposed for solving TTP.

Note that three best-performing algorithms, i.e., S5, CoCo
and MATLS, from each family of heuristics are used for com-
parisons in the experiments.

3 Problem Description

The TTP problem is defined as follows. Let G = (N, E)
be a complete graph, where N = {1,...,n} is the vertex set
with 1 being the starting-ending city (depot) z; and other ver-
tices representing n — 1 other cities and F is the set of edges.
Let D = (d;;) be a non-negative distance matrix associ-
ated with E. A set of items M = {1,...,m} is distributed
among these cities except city x;. Suppose that each city

x; (i € {2,...,n}) contains m; distinct items, denoted as
Mi = {il, “ee 7imi}7 M = U?:lMi and MiﬂMj = @,Z 7& j
Each item iy, (i, € {1,...,m}) positioned in the city x; has

a profit value p;, and weight w;,. The thief starts from city
x1, visits each of the cities exactly once, and returns back to
the starting city x;. During the tour, the thief can pick up
any item into his knapsack in any city until the total weight of
items does not exceed the maximum weight W of the knap-
sack. A renting rate R is to be paid per each time unit being
on the tour.

The Vmin and vyax are the minimum and maximum speeds
that the thief can move respectively. Suppose that v, repre-
sents the speed of the thief in city x;. Eq. (1) gives the lin-
ear relationship between the thief’s speed and the knapsack’s
weight.

C X wy, (D)

where ' = “maztmin s a constant value, wy, indicates the
knapsack weight of the thief in city z;, as shown in Eq. (2).
i mj
Wy, = Zijk X zj, st ozj, €{0,1} 2)
j=1k=1
Let I = (x1,...,z,) represent a route plan and P =
(z1,...,2m) be a binary vector representing a packing plan,
where z; equals to 1 when item j is picked up, and O other-
wise. The objective of TTP is to find a route plan II and a
packing plan P of the maximal profit value as Eq. (3).

fL, P) = g(P) = R-4(IL, P)

Uz, = Umax —

:iip, 2 —R'(%-F
i=1 k=1 e Umax — €'+ Wg,
-1

el Umax — C' - Wy,

3)
where g(P) represents the total profit values of all items
packed in the knapsack, R - ¢(II, P) represents the amount
that the thief pays for the knapsack’s rent.

One easily notices that TTP can be reduced to TSP by as-
signing zero to the profit values of all items. Similarly, TTP
can be considered as KP by setting the renting value to zero.

These observations also confirm the challenge of solving the
TTP problem.
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Algorithm 1 The proposed ReinforceNS algorithm

Input: A TTP instance
Output: The best solution (II*, P*)

. Initialize IT*, P* < 0,f* < —oo;
t <+ 0;
Candidate edge sets <— A pre-processing procedure;
while ¢t < T,,,, do
An initial route II <+ TSP solver CLKH;
An initial packing P < An iterated greedy packing
procedure IGP(II);
7:  (Il', P") < RLNS(I, P); /* The reinforcement learn-
ing based neighborhood search procedure */
8:  P” + An Item Flipping Phase IFP(II’, P’); /* Further
improve P’ */
9:  II” < A Routing Refining Phase RRP(IT', P"'); /* Fur-
ther improve II" */
10: if f(II”, P") > f* then

A A

11: f*« far, Py,
12: II* « 11"

13: P* « P,

14:  end if

15: end while
16: return (IT*, P*)

4 The Proposed ReinforceNS Algorithm

The proposed ReinforceNS algorithm is a multi-start iterated
neighborhood search heuristic reinforced by a reinforcement
learning mechanism. After pre-processing, it explores the
search space by repeating a dedicated solution construction,
local optimization and post-optimization. The local optimiza-
tion and post-optimization procedures apply neighborhood
search by transitioning from the current solution to one of its
neighboring solutions. Each iteration involves replacing the
current solution with the best neighboring solution that offers
an immediate improvement over the current solution.

Algorithm 1 provides the general scheme of ReinforceNS
that relies on a multi-start iterated local search framework.
Specifically, after the initialization of the optimal solution
(IT*, P*) and its corresponding objective value f*, Rein-
forceNS applies a pre-processing procedure to reduce the
candidate edge sets, and then performs a series of iterations
until reaching the maximum time limit 7,,,,,. At each itera-
tion, a solution II is generated by the TSP solver CLKH [Ap-
plegate et al., 2003]. Subsequently, an iterated greedy pack-
ing procedure (IGP) is applied to II to produce a packing plan
P, thus initializing a high-quality solution (II, P) for TTP.
This solution is improved through the reinforcement learn-
ing based neighborhood search procedure. To help the search
escape from the local optima, a post-optimization procedure
including an item flipping phase and a route refining phase is
employed for further improvement. The best-found solution
(IT*, P*) is updated and finally returned as the output at the
end of the ReinforceNS algorithm.

4.1 Pre-Processing

Before starting the search, we pre-process the input TTP in-
stance GG using a neighborhood reduction procedure. This is
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achieved by a subgradient optimization approach on the 1-
tree and a-nearness adopted from the well-known TSP algo-
rithm Lin-Kernighan-Helsgaun (LKH) [Helsgaun, 2000].

Given a complete graph G, the neighborhood NV (z;) of city
x; is defined as the set of adjacent cities x; connected to x;
by an edge (z;, z;). Initially, each vertex has n— 1 neighbors.

A 1-tree of G is a spanning tree for the graph of vertex
set V'\x; combined with two edges in E connected to vertex
x;, an arbitrary special vertex in V. A minimum 1-tree 7" is
the 1-tree with minimum length. The a-nearness of an edge
(zi,2;) € Eis defined as a(i, j) = L(T* (z,z;)) — L(T),
where L(T') is the length of 7" and L(T(z;,;)) is the
length of minimum 1-tree that includes the edge (x;, ;).

To reduce the neighborhoods of each vertex, we use a sub-
gradient optimization procedure that gradually adjusts the
vertex degree towards 2 for a minimum 1-tree by introduc-
ing a penalty to each vertex. In our experiment, the size of
N (z;) is set to 15. The ReinforceNS algorithm utilizes these
reduced neighborhoods for the subsequent search.

4.2 Initialization

To ensure efficient search, the quality of initial solutions is
crucial for guiding the search towards promising regions. We
apply TSP and KP approaches separately to generate an initial
TTP solution (II, P) with high-quality.

We employ Chained Lin-Kernighan Heuristic [Applegate
et al., 2003] (CLKH) to generate a high-quality route II. It is
noteworthy that CLKH is one of the most widely used algo-
rithms for solving TSP.

Based on the route II, we design a dedicated Iterated
Greedy Packing (IGP) procedure to attain a good packing
plan P for constructing an initial solution (II, P) for TTP. We
adopt the scoring function as Eq. (4) [Faulkner et al., 2015]
to evaluate item £ picked up from city x;.

i
Sip = — (4)

Wiy, X &
where & = dy, 2, + Z;:il dy; ;. represents the distance

from city z; to the ending city (depot) of the route. Notice
that there is a trade-off between weight and profit value, we
also introduce exponents to Eq. (5) and the function becomes
as the following Eq. (5).

K

P,
B Y
w;, X &

(&)

Sip =

Different from [Faulkner et al., 2015], we use three parame-
ters s, 3 and ~y to adapt the impact of profit value, weight and
distance respectively.

The IGP procedure is composed of four steps. First, we
randomly sample the values of x, 8 and « from a uniform
distribution between 0 and 1. Second, iteratively choose an
item with the highest score, calculated by Eq. (5), and pack
it into the knapsack. When the total weight of items does not
exceed the maximum weight W of the knapsack multiplied
by a randomly selected factor § between 0.5 and 1, a feasible
packing P, is obtained. Third, repeat the above two steps for

lolg(z?lq’ron) times to determine a best-found packing P. Finally,

starting with the parameters «, 5, v and 0 that attains P},
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we further explore the search for optimizing the packing by
adjusting x and S, such as (k — 0,8 — 0), (k + 6,8 + 0),
(k — 0,8+ 0), and (k + 0,8 — 0), where 6 is a parameter
set to 5 and will progressively decreases by 0.75 times during
the search. This process repeats 20 times, ultimately yielding
a high-quality initial packing solution P. Consequently, an
initial solution (II, P) is effectively constructed.

4.3 Reinforcement Learning-Based Neighborhood
Search

Neighborhood search is a powerful local optimization ap-
proach, we apply a reinforcement learning mechanism to
speed up neighborhood examination, and propose a Re-
inforcement Learning-based Neighborhood Search (RLNS)
procedure to discover better solutions.

Recall that L(T') is the length of the minimum 1-tree, and
the a-nearness «/(¢, j) of an edge (x;, x;) is the extra length
of the L(T) to include this edge, we define the Q-value for
city x; and city x; as shown in Eq. (6), where the parameter
T is setto 0.5 and b is set to 1e~6.

L(T)
T'Oé(i,j)+(1—T)'di7j+b

Qi) = (©)

The pseudocode of our RLNS is shown in Algorithm 2. Af-
ter initializing the Q-value for each edge using Eq. (6), RLNS
performs a series of iterations, with the maximum number
of iterations Iter,, .. set to 1000. At each iteration, RLNS
employs the € — greedy strategy for each city z; (excluding
the depot) to select a neighboring city x; for 2-opt exchange.
More precisely, it selects the best neighboring city z; with the
highest Q-value from the neighborhoods N (x;) with a prob-
ability of 1 — ¢, and randomly selects x; with a probability
of ¢ = 0.2. Note that, the items of the sub-route from x; to
2; should be removed from the knapsack of P, since the sub-
route between x; and x; is changed. For the cities located
along the new sub-route from x; to x;, RLNS adds an item
with the highest score (Eq. (5)) among the items from these
cities into the knapsack and repeats until the total weights ex-
ceeds the maximum weight of knapsack W multiplied by 4.
The best local optimal solution is updated once a better ob-
jective value is found. Afterwards, the Q-value of (z;, ;) is
updated using Eq. (7). Here, the parameter A and ¢ are set
to 0.1 and 0.9 respectively, and the state s;, action a;, and
reward r(s¢, a;) are defined as follows.

Q(s¢,a) =(1 = X) - Q(s¢, ar)+
+ A |78ty a0) + dmax Q(ser1,a’) | (7)
a
 State s;: The state at the current iteration ¢ is a city x;

that is going to select a neighboring city for applying the
2-opt exchange operator.

* Action a;: Select a neighboring city x; of city x; at the
current iteration ¢.

 Transition: The next state after performing the action is
the next city that needs to select a neighboring city for
the 2-opt exchange operator.
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Algorithm 2 The pseudocode of the RLNS procedure

Input: The initial solution (II, P), the best objective value f’
Output: The local optimal solution (II', P’)
1: Initialize Q-value of each edge by Eq. (6);
2: for iter <+ 0 To Iter,,q, do
3:  Initialize the local objective value fi,cq = —00;
4: for z; + 2 To xz,, do
5: xj = e—greedy(N(z;)) /* Select x; of the highest
Q-value with a probability 1 — € and select x; at
random with a probability € */
6: Remove items of P from the sub-route that begins
at city x; and ends at city z; from the knapsack;
II < Apply 2-opt exchange on II at city z; and z;;
8: P < Iteratively add the items with the highest score
as Eq. (5) of the sub-route from city x; to city x;
into the knapsack without exceeding W x 9;

9: if f(H, P) > flocal then

10: flocal «— f(ﬁv ?)’ Mioear < ﬁ7 Piocat < P
11: end if

12: Update Q-value of (x;, x;) according to Eq. (7)
13:  end for

14: if flocal > f/ then

15: I « Hlocala P+ Plocals fl <~ flocal

16:  endif

17: IT + Hlocals P« -Plocal

18: end for

19: return local optimal solution (II', P’)

* Reward r(s¢, a;): Suppose that the current solution
(I1y, Py), after performing the 2-opt exchange oper-
ator at city z; and x;, the neighboring solution is
(ITy, Py). The difference between the objective values
of the neighboring solution and the current solution is
denoted as 7(s¢, ar) = f(I1y, Py) — f(Iy, Po).

During Iter,,q, consecutive iterations, the best-found so-
lution (IT', P’) is updated if an improved solution has been
found, and the best-found solution (IT', P’) is returned as the
final output of RLNS.

4.4 The Post-Optimization Procedure

In addition to the RLNS procedure described above, the pro-
posed ReinforceNS algorithm develops a post-optimization
procedure to further improve the quality of the best-found so-
lution (IT', P’) obtained by RLNS. This post-optimization is
ensured jointly by an item flipping phase and a route refining
phase.

The item flipping phase is devised to optimize the pack-
ing solution P’ while keeping the route solution IT' un-
changed. The flipping operator for an item involves removing
it from the knapsack if it is already included or including it
if not. During each iteration, the item flipping phase pseudo-
performs the flipping operator for each item 7. If this opera-
tion leads to a new objective value, the item ¢ is flipped using
the item flipping operator. If no improvement is achieved, the
item ¢ remains unchanged. This process repeats until no new
objective value is discovered during an iteration.
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Figure 1: Illustration of adjusting the position of a city in the route

From the problem definition of TTP, one easily notices that
as the thief approaches the ending city (depot), the weight of
the knapsack increases, leading to a decrease in speed. We
introduce a route refining phase to try to move the cities with
heavy yet valuable items included in the knapsack to the last
positions of the route, for further optimization of the TTP so-
lution.

Figure 1 provides an illustrated example of efficiently cal-
culating the time cost ¢ (II, P) in Eq. (3) when adjusting the
position of a city in the route. Suppose that the route solu-
tion is II and the packing solution is P, the lengths of edges
(i, xit1), (zj—1,2;), and (z;, z;41) are 7, 4, and 3 respec-
tively, and the speed of the thief in city x; is 5 and in city
251 1s 2. City x; is moved to a position between cities x;
and x; 41 of the route, resulting in a new path IT'. The lengths
of the new edges (z;,x;), («j,2;+1) and (z;,x;11) are 5,
6, and 5 respectively. As city x; has no picked-up items, the
speed of the thief remains unchanged. Using Eq. (8), the time
increment A is calculated as 5£° + 5 — (I +344) = —0.2,
which can be efficiently computed in O(1) time complexity.
One observes that adjusting the position of a city in the route
makes the new path IT’ longer (16 vs. 14), but reduces the
time cost (-0.2), resulting in a better route solution.

Ay = (I, P) = y(IL, P)

_ d-'E'ia"L'j + dlj,wi+1 + dlj—lvl'jﬂ

Vg, ’Uﬁj—l
— <d$i’aji+1 + dr.7—17x.7 + dz.ﬁzj-f—l ) (8)
Va; vmj—l

To clarify the route refining phase, a path II, is defined as
a route that starts from the depot and ends at city =. For each
city x; without items included in the knapsack, we pseudo-
insert it into each edge of II,, and efficiently calculate the
time cost using Eq. (8). If several improved objective val-
ues are discovered, city z; will be inserted into the edge with
the best objective value. If no improved objective values are
found for any of these cities, the route refining phase stops.

5 Experiments

To evaluate the effectiveness of the proposed ReinforceNS
algorithm, we present computational results in comparison
with the best publicly reported results from the TTP compe-
tition at the Genetic and Evolutionary Computation Confer-
ence (GECCO) 2023 on three sets of 18 instances. Addition-
ally, we compare the performance of ReinforceNS with that
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of the best-performing algorithms in the literature using three
sets of 60 widely used benchmark instances.

ReinforceNS was implemented in C++ and compiled us-
ing GNU g++ 9.4.0 with ‘-O3’ optimization flag. The experi-
ments were conducted on the AutoDL server with an Intel(R)
Xeon(R) Platinum 8255C CPU @ 2.50 GHz and a memory
limit of 40 GB. The maximum runtime limit 7, ., was set to
600 seconds, which is a common stopping condition for eval-
uating TTP algorithms. Given the stochastic nature of Rein-
forceNS, each instance was executed 10 times. Note that the
source code of the reference algorithm CoCo [Namazi et al.,
2023] is publicly available, we re-ran CoCo on our platform
to ensure a fair comparison.

Benchmark instances. The TTP benchmark library!, pro-
posed by Polyakovskiy et al. [2014], comprises a total of 9720
instances with city counts ranging from 76 to 85900. In our
experiments, we used a subset of 60 benchmark instances
selected from this library, ranging from 76 to 33810 cities.
These instances are widely used in previous studies and are
categorized into three sets: CatA, CatB and CatC, each con-
taining 10 specific instance files. We use suffixes to denote
the specific selected instance files.

e CatA: The maximum weight of knapsack is relative
small. Each city has only one item. The weights and
profits of the items are bounded and strongly correlated.

e CatB: The maximum weight of knapsack is moderate.
Each city has five items. The weights and profits of the
items are uncorrelated, and the weights of all items are
similar.

* CatC: The maximum weight of knapsack is high. Each
city has ten items. The weights and profits of the items
are uncorrelated.

Comparison with the best results from TTP competition.
We compare our ReinforceNS algorithm with the results of
the most recent TTP competition organized by Markus Wag-
ner et al. at the GECCO conference in 2023. Table 1 provides
the comparative results for a total of 18 instances with the
same time limit. These 18 instances are also classified into
three sets: CatA, CatB and CatC. They are randomly selected
from 10 instance files of each category, indicated by the suffix
r”. The column “Competition*” presents the best average
results among 5 top-performing algorithms publicly reported
on the website of GECCO 2023. The next column “Rein-
forceNS” reports our best average results over 10 runs. Note
that we truncate the decimal of all results for brevity. The
better results between Competition* and our ReinforceNS are
indicated in bold. One easily observes that our proposed al-
gorithm outperforms the best results publicly reported on the
website by 12 out of 18 instances. Upon closer examination
of ReinforceNS’ performance, it is observed that it achieves
more new results as the maximum weight of the knapsack and
the items in each city increase.

113

Comparison with three best-performing TTP algorithms.
Then we compare ReinforceNS with three top-performing

"The TTP instances are available at https://cs.adelaide.edu.au/
~optlog/CEC2014COMP _InstancesNew/
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Instance CatA CatB CatC
Competition®* ReinforceNS Competition®* ReinforceNS Competition® ReinforceNS

lin105-r 9676 9682 24192 24065 26578 26595

a280-r 19585 18764 116814 117616 429258 435919

pcb3038-r 410490 422658 1104937 1139976 5980458 6271190

fnl4461-r 270073 268202 1647439 1696880 6582360 6716312

d18512-r 2383189 2488247 5064611 5230325 24482316 25110240

pla33810-r 1952100 1845009 16114318 15395460 58945556 57201510

Table 1: Comparison with the best results from TTP competition at GECC0O2023 within the same time limit
Instance Cat A CatB CatC
) MATLS S5 CoCo ReinforceNS ~ MATLS S5 CoCo ReinforceNS ~ MATLS S5 CoCo ReinforceNS

eil76-1 3798 3741 4108 4492 11446 10615 11756 12815 34627 35947 36531 41627
kroA100-1 4680 4278 4747 4723 13546 12054 14137 13425 40773 40578 41120 41284
ch130-1 8759 9250 9563 9586 23024 21746 23200 23590 72214 71351 75871 75739
ul59-1 8358 8637 8763 9017 25005 24612 25817 25830 77503 76609 82358 79855
a280-1 17677 18402 18579 19034 38189 38981 38991 39540 136745 140724 141642 143500
u574-1 25188 26909 27290 27592 99943 103471 103840 104159 338644 336282 341736 342746
u724-1 49321 50346 51030 51531 113943 116460 118111 118434 372407 386856 396398 391756
dsj1000-1 144118 142726 144219 144415 147982 148794 153050 157509 485557 503440 517894 526704
111304-1 76674 79848 81104 81276 218940 218950 221487 220789 759038 759791 784959 772945
f11577-1 86615 90300 92192 106730 244808 251442 252795 261846 847734 884372 895948 924266
d2103-1 114140 120674 121769 124269 304993 311941 324502 325730 1124960 1136320 1173330 1178710
pcb3038-1 146943 160196 161672 164526 502804 518939 519845 525384 1576420 1619324 1637390 1651740
fnl4461-1 247830 263040 264278 268554 695519 706454 708201 720026 2308650 2335839 2357480 2393520
pla7397-1 363395 392979 396697 394495 1373580 1427093 1429701 1423741 4350370 5074983 5228070 5000960
r111849-1 653507 706972 717283 707586 1880390 1929624 1959430 1932340 6439530 6607124 6719360 6581260
usal3509-1 749344 804847 817734 810759 2379690 2569175 2639170 2596250 9156090 9306518 9578140 9445360
brd14051-1 760496 874655 885054 891925 2313280 2504101 2550740 2566320 8020670 8581641 8869890 8873420
d15112-1 858458 938614 973416 938768 2397170 2514992 2689720 2539980 8662630 9191849 10335900 9296610
d18512-1 961759 1071013 973416 1076830 2820810 2989434 3024180 3056510 14898000 16419198 16662700 16792324
pla33810-1 1688720 1863667 1931620 1835050 5337440 5936408 6140350 6007239 19460600 20406280 20611150 19770750
Best number 0 0 6 14 0 0 7 13 0 0 9 11

Table 2: Comparison with three best-performing TTP algorithms in the literature within the same time limit

TTP algorithms from the literature: MATLS [Mei et al.,
2014], S5 [Faulkner et al., 2015] and CoCo [Namazi et al.,
2023]. Table 2 lists the best average results of these algo-
rithms, consistent with previous studies. These 60 instances
are selected from the first instance file of each category, typ-
ically used for comparing results of the TTP algorithms, in-
dicated by the suffix “-1”. One easily observes that our Rein-
forceNS consistently dominates MATLS and S5 in terms of
the best average result for all 60 instances. Additionally, Re-
inforceNS outperforms CoCo for 38 out of the 60 instances,
especially for the two benchmark sets CatA and CatB with
small and medium sizes.

The 95% confidence intervals based on the best average
results in Table 2 are further introduced for a statistical eval-
uation of these algorithms. They are calculated using Eq. (9).

€))

vz

Here, p represents the mean of the Relative Deviation Index
RDI = ==& x 100 [Kim and Kim, 1996], where res is
the result of the reference algorithm, min and max are the
minimum and maximum results among all the algorithms, re-
spectively. The o denotes the standard deviation of results,
and z represents the number of instances. Figure 2 illustrates
the 95% confidence intervals for these algorithms, highlight-

ing that ReinforceNS outperforms the three comparison algo-

95% Confidence Interval = p + 1.96 x
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rithms and demonstrates stable performance with the lowest
variance.

100
MATLS I

S5
CoCo E

ReinforceNs

fof o

80
60 1

“1t

204

RDI

T T T
MATLS S5 CoCo ReinforceNs

Figure 2: The 95% confidence intervals for ReinforceNS and three
top-performing TTP algorithms (MATLS, S5, CoCo)

Ablation study. To demonstrate the effectiveness of incor-
porating Reinforcement Learning (RL), we conduct an ab-
lation study comparing ReinforceNS with RL against Rein-
forceNS without RL, denoted as ReinforceNS w/o RL. The
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CatA CatB CatC
Instance Reil/fgl;giNs ReinforceNS Re$/f§rl§iNS ReinforceNS Regl/f;)rlgiNS ReinforceNS
eil76-1 4425 4492 13014 12815 41079 41627
kroA100-1 4565 4723 13057 13425 41284 41284
ch130-1 9432 9586 23337 23590 75319 75739
ul59-1 9052 9017 25806 25830 81058 79855
a280-1 18899 19034 39479 39540 143452 143500
u574-1 27892 27592 104573 104159 342521 342746
u724-1 51253 51531 119115 118434 393002 391756
dsj1000-1 144283 144415 151821 157509 515114 526704
r11304-1 81667 81276 221059 220789 762346 772945
f11577-1 101337 106730 261280 261846 920634 924266
d2103-1 123927 124269 323658 325730 1174880 1178710
pcb3038-1 165357 164526 527866 525384 1644460 1651740
fnl4461-1 268992 268554 719383 720026 2388919 2393520
pla7397-1 392257 394495 1419201 1423741 5046910 5000960
r111849-1 713446 707586 1938050 1932340 6520150 6581260
usal3509-1 807241 810759 2523510 2596250 9326630 9445360
brd14051-1 890845 891925 2525700 2566320 8710360 8873420
d15112-1 965523 938768 2590480 2539980 9234710 9296610
d18512-1 1096370 1076830 3041130 3056510 16422100 16792324
pla33810-1 1793450 1835050 5935330 6007239 19699160 19770750
Best number 8 12 8 12 5 15
Table 3: Comparisons between ReinforceNS with and without reinforcement learning
comparative results are summarized in Table 3. From the ta-
ble, we can observe that ReinforceNS achieves superior per- 100 ;
[}

formances, surpassing ReinforceNS w/o RL by 12, 12 and 15
instances in CatA, CatB and CatC, respectively. This suggests
that the RL mechanism can indeed select promising neigh-
boring solutions and facilitate an efficient search, leading
to better results in most instances. Moreover, ReinforceNS
with RL demonstrates competitive performance against Re-
inforceNS w/o RL, particularly on the large TTP instances.
Additionally, Figure 3 shows that both ReinforceNS and Re-
inforceNS w/o RL demonstrate greater stability than the three
top-performing TTP algorithms. Among them, ReinforceNS
stands out as the most stable with the lowest variance.

6 Conclusion

In this paper, we propose the first learning-based algorithm
utilizing the great power of reinforcement learning mech-
anism to combine with an effective neighborhood search
heuristic for TTP. The proposed ReinforceNS algorithm in-
corporates a dedicated initialization procedure to identify
promising regions, a neighborhood search procedure rein-
forced by a Q-learning strategy to find high-quality local
optima, a post-optimization procedure for further improve-
ment, and a multi-start mechanism to overcome deep local
optima traps. We perform extensive experiments of the Rein-
forceNS on three sets of 60 benchmark instances. The com-
parisons with three state-of-the-art algorithms demonstrate
the high competitiveness of our ReinforceNS in terms of solu-
tion quality and stability. In particular, ReinforceNS achieves
improved results for 12 out of the 18 instances that were pub-

80

60

RDI

40 4

MATLS

S5

CoCo

ReinforceNS w/o RL
ReinforceNs

20 A

o] o] o] o] lo] o

0 MA+L5 SIS Cu‘Co Relnforce!‘\ls wjo RL REmfa‘r(eNS
Figure 3: The 95% confidence intervals for ReinforceNS w/o RL,
ReinforceNS and three best-performing TTP algorithms (MATLS,

S5, CoCo)

licly reported in the recent TTP competition at GECCO 2023.
This work provides supporting evidence for using reinforce-
ment learning to improve the efficiency of heuristics. As such
it would be interesting to investigate other machine learning
or deep learning techniques for solving TTP for future work.
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