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Abstract: 

he traveling salesman problem 
(TSP) is an NP-hard problem 
with significant theoretical and 

practical implications. This paper presents a 
hybrid MMAS–MCTS algorithm for the 
Traveling Salesman Problem that incorporates 
an adaptive last-mile intensification 
mechanism to improve solution quality near 
convergence. The proposed framework 
integrates a stagnation-aware MCTS destroy-
and-repair strategy with regret-based 
reconstruction and progressive widening to 
enhance exploration while preserving 
promising solution structures. As the search 
converges, adaptive 2-opt and lightweight 3-
opt refinements are employed to strengthen 
exploitation and further improve solution 
quality. 
 Experimental evaluations on TSPLIB 
benchmark instances demonstrate the 
effectiveness of MMAS–MCTS, which 
achieves optimal solutions for many instances 
and maintains very small optimality gaps on 
larger problems. Comparative analyses 
further show that the proposed approach 
consistently outperforms conventional MMAS 
and MMAS augmented with 2-opt/3-opt local 

search in terms of solution quality and 
robustness. 
 
Keywords: Traveling Salesman Problem. 

Max–Min Ant System. Monte Carlo Tree 
Search. Hybrid Metaheuristics. Adaptive Last-
Mile Intensification. Destroy–Repair Search. 
Local Search. 

 
Introduction 

 The traveling salesman problem (TSP) 
[1- 4] is a classical combinatorial optimization 
problem. It describes a scenario which a 
salesman needs to visit N cities, each exactly 
once, and finally return to the city where they 
originated to find the optimal path. 

 The TSP is often used as a model for 
real-world problems such as logistics route 
planning [5-7], circuit board manufacturing [8-
9], and genetic sequencing [10-12], among 
others, 

 Due to its wide range of practical 
applications and NP-hard computational 
complexity, the Traveling Salesman Problem 
(TSP) remains one of the most extensively 
studied combinatorial optimization problems 
[3–14]. As the number of cities increases, the 
search space grows exponentially, making the 

 T 
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problem increasingly difficult to solve 
optimally [3,13]. Consequently, a wide variety 
of solution approaches have been developed, 
including exact algorithms, approximation 
methods, heuristics, and metaheuristic 
techniques [3 –14]. 

 Exact algorithms [3,2], such as dynamic 
programming and branch-and-bound 
methods, exhibit exponential growth in 
computational requirements as the problem 
size increases. Approximation algorithms 
[15,16] aim to generate near-optimal solutions 
with provable performance guarantees. 
Nevertheless, this computational efficiency is 
achieved at the expense of optimality, and the 
solutions obtained are not guaranteed to be 
optimal [15,16]. Comprehensive surveys on 
the approximability of TSP variants are 
provided in [17]. 

 In contrast to exact and approximation 
algorithms, heuristic algorithms [18,19,20] and 
metaheuristic algorithms [19,21,22] emphasize 
computational efficiency and are capable of 
generating near-optimal solutions within 
acceptable computational times, making them 
particularly suitable for large-scale TSP 
instances. 

 Among the most widely used heuristic 
methods for the TSP are nearest-neighbor and 
insertion strategies [20], as well as the Lin–
Kernighan local search heuristic [23,24]. In 
addition, several metaheuristic techniques 
have been widely investigated for solving the 
TSP, including Genetic Algorithm (GA) [24-
25], Particle Swarm Optimization (PSO) [27-
28], Simulated Annealing (SA) [29-30], Tabu 

Search (TS) [31-32] and Ant Colony 
Optimization (ACO) [33]. 

 Ant Colony Optimization (ACO) 
originates from observations of the foraging 
behavior of real ants. Ants deposit pheromone 
trails while moving between the nest and food 
sources, and these trails influence the path-
selection decisions of other ants. The collective 
use of pheromone information enables the 
colony to gradually identify efficient routes, 
which inspired the development of ant-based 
optimization algorithms [34]. 

 The first formal implementation of this 
concept was introduced through the Ant 
System (AS), where artificial ants iteratively 
construct solutions using pheromone 
information and problem-specific heuristic 
knowledge. The quality of generated solutions 
influences subsequent pheromone updates, 
allowing the search process to progressively 
favor promising regions of the solution space 
[35]. 

 Several extensions were later proposed 
to improve the performance of the original AS. 
The Ant Colony System (ACS) enhanced the 
search process by introducing a state-
transition mechanism and local pheromone 
updating strategy, resulting in improved 
exploration–exploitation balance and superior 
performance on TSP benchmarks [33]. 
Subsequently, 

 The MAX–MIN Ant System (MMAS) 
further improved the original framework by 
introducing upper and lower bounds on 
pheromone values and restricting pheromone 
updates to the best-performing solutions. 
These modifications helped limit search 
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stagnation and improved the stability of the 
algorithm across different problem instances 
[36]. 

 The success of ACS [33] and MMAS 
[36] motivated the development of numerous 
ACO extensions and hybrid approaches. 
Many of these methods have been applied to 
increasingly large and complex combinatorial 
optimization problems, where improvements 
in solution quality and computational 
efficiency remain active research objectives 
[42]. 
 Unlike previous hybrid ACO 
frameworks, the proposed MMCTS 
framework introduces a stagnation-aware 
MCTS destroy–repair mechanism integrated 
directly into the MMAS search process 
through pheromone feedback. Furthermore, 
an adaptive last-mile intensification strategy 
dynamically activates lightweight 3-opt 
refinements only when the search enters near-
convergence regions, providing a balance 
between diversification and exploitation. 

 
Literature Review 

 Recently, several researchers have 
presented hybrid algorithms to solve the 
traveling salesman problem 

2.1 Recent Hybrid ACO Algorithms 

 Hybridization has become one of the most 
successful strategies for improv ing the 
performance of ACO algorithms on large-
scale TSP instances. Exis ting studies have 
combined ACO with evolutionary 
algorithms, local searc h procedures, 
simulated annealing, tabu search, and 
adaptive large neighbo rhood search 

techniques in order to improve the 
balance between explorati on and 
exploitation. 

 Bai et al. (2023) [37] proposed a hybrid 
ACS-GA algorithm in which the Ant 
Colony System and Genetic Algorithm 
operate concurrently and exchange high-
quality solutions during the search 
process. The method was designed to 
combine the exploitation strength of ACS 
with the diversification capability of GA, 
leading to improved solution quality and 
enhanced convergence behavior on TSP 
benchmark instances. 

 Wu et al. (2025) [38] introduced an 
adaptive two-stage ACO-SA algorithm for 
the Traveling Salesman Problem. In the 
proposed framework, ACO is used to 
construct promising tours, while 
Simulated Annealing (SA) performs 
subsequent local refinement. The 
integration of the two methods enhanced 
search efficiency and improved the 
quality of the final solutions. 

 Tian et al. (2024) [39] integrated Ant 
Colony Optimization (ACO) with the 
Sparrow Search Algorithm (SSA) to 
improve the exploration capability of the 
search process. By utilizing SSA to 
enhance population diversity and guide 
the search toward promising regions, the 
proposed framework reduced premature 
convergence and improved solution 
quality relative to conventional ACO. 

 Wang and Han (2021) [40] investigated 
parameter optimization strategies for Ant 
Colony Optimization to reduce its 



 
www.ijcsjournal.com                                Volume 14, Issue 2, No 05, 2026                                    ISSN: 2348-6600 

REFERENCE ID: IJCS-748                                                                                                                 PAGE NO: 016-033 

 

All Rights Reserved ©2026 International Journal of Computer Science (IJCS Journal)    

Published by SK Research Group of Companies (SKRGC) - Scholarly Peer Reviewed Research Journals 

www.skrgcpublication.org                                                                                                                                                   Page 19 

 

dependence on manually selected 
parameter values. Their approach 
employed auxiliary optimization 
mechanisms to improve pheromone 
initialization and automatically adjust key 
control parameters, resulting in more 
stable convergence and improved solution 
quality across TSP benchmark instances. 

 Liu (2023) [41] proposed the Dynamic 
Adaptive Ant Colony Optimization 
(DAACO) algorithm. The method 
integrates convex hull analysis and K-
means clustering to characterize the 
search space and dynamically regulate the 
ant population during the optimization 
process. This adaptive strategy improved 
search diversity and computational 
efficiency while maintaining competitive 
solution quality. 

 
2.2 Research Gap 

 Despite the success of existing hybrid 
ACO approaches, most methods rely 
primarily on local search or auxiliary 
metaheuristics for intensification and 
diversification. Comparatively little attention 
has been devoted to integrating Monte Carlo 
Tree Search within MMAS as an adaptive 
stagnation-recovery mechanism. Furthermore, 
existing approaches rarely incorporate 
convergence-aware intensification strategies 
that dynamically adjust the search effort near 
high-quality regions. To address these 
limitations, this paper proposes the MMCTS 
framework, which combines MMAS, MCTS-
based destroy–repair search, and adaptive 

last-mile intensification within a unified 
optimization process. 
 
3. Background and Optimization Techniques 

3.1 ACO-MMAS Framework 

 The proposed algorithm employs the 
Max–Min Ant System (MMAS) as the primary 
search engine. MMAS is an advanced variant 
of Ant Colony Optimization in which 
pheromone values are restricted within 
predefined upper and lower bounds [36,42], 
thereby preventing premature convergence 
and preserving search diversity. 
 At each iteration, a colony of ants 
constructs complete tours probabilistically 
according to the pheromone trails and 
heuristic visibility information [36,42]. The 
probability of moving from city 𝑖 to city 𝑗 is 
defined as 

 
  Where 𝜏𝑖𝑗 denotes the pheromone 
intensity, 𝜂𝑖𝑗 = 1/𝑑𝑖𝑗 represents the heuristic 
information, 𝛼 and 𝛽 control the relative 
influence of pheromone and visibility, and 𝑁𝑘 
denotes the feasible neighborhood of ant 𝑘. 

To reduce computational complexity, 
candidate lists composed of nearest-neighbor 
cities are employed during solution 
construction [36, 42]. After all ants generate 
tours, pheromone evaporation and 
reinforcement are performed according to the 
MMAS update mechanism [36,42]. 
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Furthermore, multiple high-quality solutions 
participate in pheromone reinforcement 
through a rank-based weighting scheme 
inspired by Bullnheimer et al. [43]. The top-
ranked ants deposit pheromone with 
contributions proportional to their ranking, 
thereby strengthening promising search 
directions while maintaining exploration 
capability and search diversity. 
 
3.2 2-opt Local Search 

 To enhance the quality of newly 
generated solutions, a candidate-based 2-opt 
local search procedure is periodically applied 
to the iteration-best tour [44]. The objective of 
2-opt is to remove edge crossings and reduce 
unnecessary detours by replacing two existing 
edges with two alternative edges that produce 
a shorter route. 

 Given two edges (𝑎, 𝑏) and (𝑐, 𝑑), the 
variation in tour length is computed as 

 
𝛥 = [𝑑(𝑎, 𝑐) + 𝑑(𝑏, 𝑑)] − [𝑑(𝑎, 𝑏) + 𝑑(𝑐, 𝑑)] 

 
Where 𝑑(⋅) denotes the distance between two 

cities. Whenever 𝛥 < 0, the exchange is 
accepted and the intermediate segment is 
reversed. To reduce computational overhead, 
the search is restricted to candidate-neighbor 
cities rather than evaluating all possible edge 
combinations. Consequently, the procedure 
provides substantial solution improvements 
while preserving computational efficiency. 

 
 
 
 

3.3 3-opt-lite Intensification 

 Although 2-opt efficiently removes 
most edge crossings, it often becomes trapped 
in local minima. Therefore, an additional 3-
opt-lite intensification mechanism is activated 
when the search approaches high-quality 
regions. 

 The method removes three edges from 
the current tour and reconnects the resulting 
segments using a limited set of promising 
reconnection patterns [44,45,24]. Only the 
three most promising reconnection schemes 
commonly associated with edge-exchange 
improvements are evaluated, while the 
remaining configurations are discarded to 
reduce computational overhead. 

 In contrast to the classical 3-opt 
procedure, which exhaustively examines all 
feasible reconnections, the proposed variant 
restricts the search to candidate-neighbor 
structures and bounded segment lengths, 
thereby significantly reducing computational 
complexity while preserving solution quality. 

 The gain associated with a 3-opt move 
can be expressed as 

 
                     𝐺𝑎𝑖𝑛 = 𝐿current – 𝐿new 
 
 Where 𝐿current and 𝐿new denote the 

tour lengths before and after the reconnection 
operation. The move is accepted whenever 
𝐺𝑎𝑖𝑛 > 0. 
 To detect near-convergence conditions, 
an adaptive intensification criterion is 
employed. The lightweight 3-opt procedure is 
activated when no improvement in the global 
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best solution is observed for 𝑇𝑖𝑛𝑡 consecutive 
iterations: 
 

𝑁𝑜𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 ≥ 𝑇𝑖𝑛𝑡 
 

 Where 𝑇𝑖𝑛𝑡 represents the 
intensification threshold. This mechanism 
allows the algorithm to concentrate 
computational effort near convergence while 
avoiding unnecessary local search during 
early exploration stages. 
 By activating this procedure only 
when the solution quality approaches a 
predefined threshold, additional 
intensification is achieved without 
significantly increasing runtime. 
 
3.4 MCTS-Based Destroy–Repair Search 

 To overcome stagnation, the proposed 
algorithm integrates a Monte Carlo Tree 
Search (MCTS) module [46-47]. Unlike 
traditional applications of MCTS in game-
playing environments, the present 
implementation uses MCTS as a destroy–
repair optimization operator that is activated 
only after a prolonged period without 
improvement. 

The search tree consists of candidate tours 
generated through a set of neighborhood 
transformation operators. Three actions are 
considered: 

 
1. Destroy–Repair. 
2. Segment Shuffle. 
3. Segment Swap. 

 

Node selection follows the Upper Confidence 
Bound for Trees (UCT) policy [52]. 

 
Where 𝑄𝑖 denotes the average reward of 

node 𝑖, 𝑁 is the visit count of the parent node, 
𝑛𝑖 is the visit count of the current node, and 𝐶 
controls the exploration–exploitation balance. 
 To limit excessive tree growth, 
Progressive Widening is employed: 

 
 Where 𝑚(𝑁) is the maximum number 

of children that may be expanded [46,47], 
while 𝑘 and 𝛼 regulate the growth rate. 

 The destroy–repair operator removes a 
subset of cities associated with costly edges 
and subsequently reinserts them using a 
regret-based insertion heuristic inspired by 
the regret insertion strategies of Solomon [49] 
and later adaptive large neighborhood search 
frameworks [50]. 
 
The reward is computed as: 
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Where 𝐿root is the objective value of the root 
solution and 𝐿rollout is the objective value 
obtained after the rollout process. 
        During rollout, a partial candidate 
solution is further refined using a stochastic 
destroy–repair procedure followed by a 
candidate-based 2-opt improvement step. 
 The collected information is propagated 
backward through the tree according to 

 
 
Thereby guiding future exploration toward 
promising search regions [46]. 
 
3.5 Proposed MMCTS Framework 

 The proposed framework combines the 
complementary strengths of population-based 
exploration, local improvement, and adaptive 
intensification within a unified optimization 
process. 

 Initially, MMAS performs global 
exploration and constructs candidate tours 
using pheromone-guided probabilistic 
decisions. The resulting iteration-best solution 
is subsequently refined through candidate-
based 2-opt local search. When the search 
approaches high-quality regions, a lightweight 
3-opt intensification stage is activated to 
further improve solution quality. 

 If no improvement is observed for a 
predefined number of iterations, the MCTS 

destroy–repair module is triggered. This 
component performs a focused exploration 
around the current best solution using 
stochastic tree search and adaptive 
neighborhood transformations. Any improved 
solution discovered by MCTS is immediately 
incorporated into the pheromone model 
through 

𝜏𝑖𝑗 ← (1 − 𝜌)𝜏𝑖𝑗 + 𝛥𝜏𝑖𝑗 
 

 Following the pheromone update, the 
standard MMAS pheromone limits are 
enforced to prevent excessive trail 
accumulation and search stagnation. The 
updated pheromone values are bounded 
according to allowing the information 
obtained by MCTS to influence future solution 
construction by the ant colony [36,42]. 

𝜏𝑖𝑗 = min (𝜏max, max(𝜏min, (1 − 𝜌)𝜏𝑖𝑗 + 𝛥𝜏𝑖𝑗)) 
 

Where 𝜏min and 𝜏max denote the lower and 
upper pheromone bounds defined by t he 
MMAS framework. 
 Consequently, MMAS provides global 
exploration, 2-opt and 3-opt-lite perform local 
intensification, and MCTS serves as an 
adaptive diversification mechanism for 
escaping stagnation. The interaction among 
these components creates a balanced search 
process capable of achieving both solution 
quality and robustness across different TSPLIB 
instances. 
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3.6 MMCTS Algorithm 

 Algorithm 1 summarizes the overall 
workflow of the proposed MMCTS 
framework. 

 

 4. Methodology 
4.1 Overall Methodology 

 The proposed MMCTS algorithm 
follows a multi-stage optimization 
methodology that integrates global 
exploration, local exploitation, adaptive 
diversification, and convergence-oriented 
intensification within a unified optimization 
process. The framework combines the 
exploration capability of the Max–Min Ant 
System (MMAS) with the adaptive search 
ability of Monte Carlo Tree Search (MCTS), 
while lightweight local search operators are 
selectively employed to improve solution 
quality. The overall methodology of the 
proposed framework is illustrated in Figure 1. 

 The optimization process starts by 
reading the TSPLIB instance and constructing 
the corresponding distance matrix. Candidate 
lists are then generated to restrict 
neighborhood exploration and reduce 
computational complexity during solution 
construction. Subsequently, the pheromone 
matrix is initialized according to the MMAS 
strategy using an initial solution generated by 
the nearest-neighbor heuristic. These 
initialization steps provide the information 
required for the ant colony to begin the 
optimization process efficiently. 

 During each iteration, all ants construct 
complete tours according to the MMAS 
probabilistic transition rule based on 
pheromone intensity and heuristic visibility. 
The best solution obtained in the current 
iteration is refined using a candidate-based 2-
opt local search before updating the global 
best solution whenever an improvement is 
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achieved. Afterwards, rank-based pheromone 
reinforcement is performed, followed by the 
application of the standard MMAS 
pheromone bounds in order to preserve the 
balance between exploration and exploitation. 

 Whenever the search stagnates for a 
predefined number of consecutive iterations, 
the optimization process activates the MCTS-
based destroy–repair module. The MCTS 
procedure performs stochastic tree search 
using destroy–repair, segment shuffle, and 
segment swap operators to explore alternative 
solution structures around the incumbent 
solution. Any improved solution produced by 
MCTS is immediately incorporated into the 
pheromone model, allowing subsequent 
MMAS iterations to exploit the newly 
discovered search information. 

 As the optimization approaches near-
convergence regions, an Adaptive Last-Mile 
Intensification strategy is activated. Instead of 
applying computationally expensive 
refinement throughout the optimization 
process, additional search effort is 
concentrated only during the final 
optimization stage. This phase enlarges the 
candidate neighborhood, increases the MCTS 
computational budget through additional 
simulations and deeper search, and performs 
lightweight 3-opt refinement followed by 
candidate-based 2-opt cleanup. Consequently, 
the proposed framework achieves improved 
solution quality while maintaining 
computational efficiency throughout the 
search process. 

The complete optimization procedure is 
summarized in Algorithm 1, whereas the 

interaction among the major optimization 
components is illustrated in Figure 1. 
 

 

 
5. Experimental setup and result analysis 
5.1 Running Environment and Parameters 

 This section presents the comparative 
experimental results and analysis of the 
proposed MMAS-MCTS(Max–Min Ant 
System with Monte Carlo Tree Search), and 
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some other algorithms on the basis of the TSP 
instance set. 

 Experimental Environment: The 
algorithms MMAS-opt2-opt3 and MMAS-
MCTS are all written in MATLAB R2019a. The 
operating environment is Windows11X64 with 
Intel(R) Core (TM) i5-12500H processor and 16 
GB RAM. 

 The main parameter settings in these 
algorithms are shown in Table 1. Each 
instance runs 30 iterations, and each iteration 
is run 1000 times. 
 

Table 1 : Main parameter settings of the 
proposed algorithm 

Parameter Value 

α 1.2 

β 5 

ρ 0.2 

Candidate list size 35 

pbest 0.05 

MCTS simulations 900 

MCTS depth 4 

UCT constant 1.3 

Destroy fraction 0.18 

Repair multistart 10 

Stagnation limit 60 

 

Parameter Value 

𝛼 1.2 

𝛽 5.0 

𝜌 0.20 

𝑄 1.0 

𝐾𝑐𝑎𝑛𝑑 35 

𝑝𝑏𝑒𝑠𝑡 0.05 

Maximum iterations 1000 

Number of ants Adaptive 

Stagnation limit 60 

MCTS simulations 900 

MCTS depth 4 

UCT constant (𝐶𝑝) 1.30 

Destroy fraction 0.18 

Repair multistart 10 

Progressive widening 𝑘 1.8 

Progressive widening 𝛼 0.55 

2-opt Enabled 

3-opt-lite Enabled 

Deep restart threshold 4 

 
Table 2: Set the parameters of each algorithm 

Component Parameter Value 

MMAS 
Pheromone 

importance (𝛼) 
1.2 

MMAS 
Heuristic 

importance (𝛽) 
5.0 

MMAS 
Evaporation rate 

(𝜌) 
0.20 

MMAS 
Pheromone 

de
po

1.0 
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sit 
fac
tor 
(𝑄) 

MMAS 
Candidate list 

size (𝐾𝑐𝑎𝑛𝑑) 
35 

MMAS 𝑝𝑏𝑒𝑠𝑡 0.05 

MMAS 
Maximum 
iterations 

1000 

MMAS Number of ants 

Adaptive 
according 

to problem 
size 

Local Search 2-opt Enabled 

Local Search 2-opt frequency 

Every 
iteration 

(small/me
dium) or 
every 2–4 
iterations 

(large 
instances) 

Local Search 2-opt budget 
Adaptive 

(≤ 8𝑛) 

Local Search 3-opt-lite Enabled 

Local Search 
3-opt activation 

threshold 
1.08 × 𝑂𝑃𝑇 

Stagnation 
Control 

Stagnation limit 
60 

iterations 

Stagnation 
Control 

Smoothing factor 
(𝜆) 

0.18 

MCTS 
Number of 
simulations 

900 

MCTS Maximum depth 4 

MCTS 
UCT exploration 

constant (𝐶𝑝) 
1.30 

MCTS Rollout steps 1 

MCTS Destroy fraction 0.18 

MCTS Repair multistart 10 

MCTS 
Progressive 
widening 

coefficient (𝑘) 
1.8 

MCTS 
Progressive 
widening 

exponent (𝛼𝑝𝑤 ) 
0.55 

MCTS 
Maximum 
children 

30 

MCTS Reward mode Relative 

Destroy–Repair 
Segment shuffle 

fraction 
0.06 

Destroy–Repair 
Segment swap 

fraction 
0.04 

Deep Restart Restart threshold 

4 
consecutiv

e MCTS 
failures 

Deep Restart Restart factor 0.85 

 

 To test the effectiveness of the 
experiments will be conducted using TSP 
instance of different sizes from the TSPLIB 
database, which are arranged as follows: 

 In order to illustrate the performance of 
MMAS-MCTS for different scales of TSP, TSP 
instances of scales from 16 to 1304 were 
selected from TSPLIB for resolving. 
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The results were provided in Table 2. From 
the table, the best objective value from 30 
replications for each instance is listed in 
column four, and its optimality gap (in 
column five) was computed (in percentage) 
from the known optimal value (from column 
three). 
 

Table 3: Results of the objective values and 
average time 

 

 
 
 

 From the results, the hybrid MMAS 
algorithm was able to solve medium sizes 
instances to reach the optimal solution. 

 The optimality gaps for most instances 
were within 1%. Column six showed the 
standard deviation of the objective values 
from 30 replications in percentage. The 
deviations were less than 1% in all tested 
instances, which implied consistency of the 
algorithm. The last column in the table was 
the average solution time (in seconds) for each 
instance. 
 

Table 4: Results of the average gaps 
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    To compare the performance of the 
hybrid MMAS algorithm with the MMAS- 2-
opt,3-opt heuristic and the traditional MMAS 
algorithm, additional experiments were 
performed for those methods by using the 
same settings. 
 The average optimality gaps from each 
method were reported in Table III. From the 
results, the hybrid MMAS algorithm 
outperformed the MMAS- 2-opt,3-opt 
heuristic and the traditional MMAS algorithm 
in almost all cases. 

 The proposed MMAS-MCTS algorithm 
was compared with [37] and [51], where 
MMAS-MCTS had better results. 

  
Figure 4-5 show the routes of 70,226 cities 

generated by MMAS, MMAS, opt-2, opt-3, 
and hybrid algorithms, respectively. 

 

 

 
 

 
 

 
 

Fig 4: Algorithm MMAS, MMAS, opt-2, opt-
3, and hybrid tours for 70 cities 
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Fig 5: Algorithm MMAS, MMAS, opt-2, 
opt-3, and hybrid tours for 226 cities 

 
 

 In this paper, we developed a hybrid 
MCACS algorithm, conducted several 
numerical experiments, and compared the 
results with the [37] and [51] algorithms. 

 
Conclusion 

 This paper presented MMCTS, a hybrid 
MMAS–MCTS framework for the Traveling 
Salesman Problem that combines pheromone-
guided exploration, MCTS-based stagnation 
recovery, and adaptive last-mile 
intensification. Experimental results on 
TSPLIB benchmark instances demonstrated 
that the proposed approach consistently 
achieved optimal or near-optimal solutions 
with very small optimality gaps and high 
robustness across different problem sizes. The 
integration of MCTS destroy–repair search 
and adaptive 2-opt/3-opt-lite refinement 
effectively improved solution quality and 
outperformed conventional MMAS and 
MMAS enhanced with local search techniques. 
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