
ORIGINAL ARTICLE

Neurodynamic programming: a case study
of the traveling salesman problem

Jia Ma Æ Tao Yang Æ Zeng-Guang Hou Æ
Min Tan Æ Derong Liu

Received: 31 January 2007 / Accepted: 30 April 2007 / Published online: 31 May 2007

� Springer-Verlag London Limited 2007

Abstract The paper focuses on the study of solving the

large-scale traveling salesman problem (TSP) based on

neurodynamic programming. From this perspective, two

methods, temporal difference learning and approximate

Sarsa, are presented in detail. In essence, both of them try to

learn an appropriate evaluation function on the basis of a

finite amount of experience. To evaluate their perfor-

mances, some computational experiments on both the

Euclidean and asymmetric TSP instances are conducted. In

contrast with the large size of the state space, only a few

training sets have been used to obtain the initial results.

Hence, the results are acceptable and encouraging in com-

parisons with some classical algorithms, and further study

of this kind of methods, as well as applications in combi-

natorial optimization problems, is worth investigating.

Keywords Neurodynamic programming �
Temporal difference learning � Approximate Sarsa �
Traveling salesman problem

1 Introduction

The traveling salesman problem (TSP) is a hard combi-

natorial optimization problem. It is easy to state [6]: given

a set of cities and a cost matrix (representing distances,

travel times, etc., between each pair of them), it is required

to determine the least-cost tour passing once and only once

through each city. The simplicity of this problem is cou-

pled with its apparent intractability. The number of solu-

tions becomes extremely large for a large number of cities.

For instance, even with a symmetric cost matrix, there are

(n–1)!/2 different tours for a n-city TSP. Therefore, an

exhaustive search for the optimal solution cannot be fin-

ished in a polynomial time.

As a kind of NP-complete problems, the TSP is made as

an ideal platform for exploring new algorithmic ideas due to

its simple formulation. Various algorithms have been put

forward to solve the TSP. In general, they can be classified as

exact algorithms and heuristic algorithms. As for exact

methods, the computing time requirements increase either

exponentially, or according to very high-order monomial

functions [30], so the large-scale TSP cannot be solved using

them. For this reason, many heuristic or approximate algo-

rithms have been developed to produce answers which are

near optimal but can be obtained within an appropriate time.

Generally speaking, classical heuristic algorithms can be

divided into tour construction heuristics, tour improvement

heuristics, and composite heuristics [10, 22, 30].

1.1 Tour construction heuristics

Tour constructive heuristics usually start selecting a ran-

dom city from the set of cities and then incrementally build

a feasible TSP solution by adding new cities chosen

according to some heuristic rules. The most used and well
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known tour constructive heuristics are the nearest neighbor

heuristic, the greedy heuristic, the Clarke–Wright heuristic

[7], and the Christofides heuristic [5].

1.2 Tour improvement heuristics

Local improvement heuristic start from a given tour and

repeatedly modify the current tour by exchanging edges so

as to generate a new improved solution until a local opti-

mum is found, namely, until no further improvement is

possible via the heuristic. Among local improvement

heuristics, the most famous are the 2-Opt [9], 3-Opt [26],

and Lin–Kernighan heuristics [21, 27]. In order to over-

come the limitations associated with local optimization

algorithms, global improvement heuristics such as simu-

lated annealing (SA) [25], generic algorithm(GA) [18] and

tabu search [12] are applied. This kind of heuristics provide

some mechanism helpful to escape from local optima and

continue the search further.

1.3 Composite heuristics

Composite heuristics make use of both construction and

improvement techniques. The most successful ones among

them are the CCAO heuristic [16], the genius heuristic

[15], and the iterated Lin–Kernighan heuristic [21].

Most of the TSP algorithms so far based on artificial

neural networks (ANN) cannot be competitive with clas-

sical heuristic algorithms. However, this technology is

quite potential and great improvements have already been

achieved. The potential in tackling the TSP using ANN is

due to two aspects. On one hand, its learning capability is

very spectacular. The other lies in the fact that many neural

network models can be implemented naturally on parallel

computers. Hence, the ANN technology could solve opti-

mization problems at a speed that has never been achieved

before.

The first application of a neural network approach to the

TSP was due to Hopfield and Tank [19]. The Hopfield–

Tank model basically performs a gradient descent search to

find a local minimum of an appropriate energy function [1].

Hence, it is expected that the local minimum corresponds

to a good solution of the TSP being solved. Besides the

Hopfield Tank model, the elastic net approach and the self-

organizing map approach for the TSP have been reported.

The elastic net approach [11] is fundamentally different

from the approach of Hopfield and Tank. It is a geomet-

rically inspired algorithm, originating in the work of

Willshaw and Von der Malsburg [37]. The self-organizing

map approach is a variant on the elastic net approach. It is

inspired by the competitive neural networks of Kohonen.

A more detailed survey of neural network algorithms can

be found in [30].

Neural network approaches to the TSP mentioned above

mainly use unsupervised learning, which belongs to the

paradigm of learning without a teacher. This paradigm also

includes reinforcement learning. It is a ‘‘behavioral’’

learning problem [17]. Specifically, in this problem, the

agent must learn behavior through trial-and-error interac-

tions with an environment [23]. This kind of learning has

attracted much interest in the machine learning community

in recent years. The classical approaches to the study of RL

is to learn a highly skilled behavior through a process of

punishment and reward [17]. Some methods based on these

approaches have been used to solve the TSP. For example,

Dorigo [10] has developed an optimization technique known

as ant colony system (ACS) for solving the TSP, which was

based on the metaphor of ant colonies. Gambardella and

Dorigo [14] proposed an Ant-Q algorithm inspired by the

work on the ACS, which presented many similarities with Q-

learning. Miagkikh and Punch [28] used a multi-agent RL

algorithm which combined local and global search charac-

teristics to solve combinatorial optimization problems.

This paper tries to solve the TSP from the perspective of

neurodynamic programming. In contrast with the classical

one mentioned above, neurodynamic programming is a

modern approach to the study of RL, which builds on dy-

namic programming. Using this approach, an agent learns

to make good decisions by observing its own behaviors and

considering possible future stages without actually expe-

riencing them [17]. The approach has been successfully

applied to solve difficult large-scale problems in many

diverse fields [17], which include backgammon [35], ele-

vator dispatching [8], and dynamic channel allocation [32].

The successful applications mentioned above using this

approach can be contributed to its emphasis on planning

and its learning capability provided by neural networks.

Hence, neurodynamic programming has great potential in

solving the large-scale TSP.

The rest of this paper is organized as follows. Sections 2

and 3, respectively present the TD learning method and the

approximate Sarsa method for solving the TSP, both of

which adopt neurodynamic programming techniques.

Section 4 describes some computational experiments that

are carried out to evaluate the two methods and to compare

them with the classical algorithms to the TSP. Finally,

Sect. 5 discusses the results of the experiments and con-

cludes the paper by summarizing the difficulties and limi-

tations in solving the TSP by using the neurodynamic

programming techniques.

2 Temporal differences learning

In the case of the large-scale TSP, two difficult problems

involved in RL must be solved. The first problem is the
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temporal credit assignment problem. Suppose a learning

agent performs a sequence of actions and obtains a total

cumulative cost over the sequence. For the purpose of

obtaining an optimal policy, it must figure out how to as-

sign credit or blame to each of a set of interacting decisions

to capture an efficient tradeoff between immediate and

future cost. The second problem is the generalization

problem. Faced with a enormous size of the state space, it

is costly or impossible for the agent to explore completely.

Therefore, in a new situation, the agent must have the

ability to predict the cumulative cost over the remaining

sequence of the travel based on past experience.

The temporal differences (TD) method is the most

popular approach to the first problem, which was firstly

proposed by Sutton [33]. This method is similarly driven

by the error between temporally successive predictions

instead of the error between predicted and actual outcomes.

On the other hand, a multilayer perceptron (MLP) trained

with the back-propagation algorithm is very suitable for

solving the generalization problem. Combining the two

methods mentioned above, an approach, named as TD-

Gammon, has been successfully applied in playing back-

gammon game [35]. This TD-Gammon programm can play

at a grandmaster level. The proposed approach to the TSP

in this paper is closely related to it. In what follows, more

details will be given.

The TSP discussed later can be defined as follows.

Let S = s1,...,sn be a set of cities, G = {(s1,s2):s1,s22S} be

the edge set, and cost(s1,s2) be a cost measure associated

with the edge (s1,s2)2G. The TSP is the problem of finding a

closed tour with minimal cost that each city is visited once.

In the case cities si, sj2S are given by their coordinates

ðXsi
; Ysi
Þ; ðXsj

; Ysj
Þ and cost(si,sj) is the Euclidean distance

between si and sj, the problem is the Euclidean TSP

(ETSP), where cost(s1,s2) = cost(s2,s1). If cost(s1,s2) „
cost(s2,s1), then the ETSP becomes the asymmetric TSP

(ATSP).

Some terms are defined in the following for later use.

Let n be the number of all cities 2S.

Let StateHist (Sr) be a list which memorizes the se-

quence of cities already visited, where Sr stands for the

current city. This list is used to constrain the leaning agent

to make action selection so that all cities would be visited

once and only once.

Let x(t) be the state of the TSP at step t in the tour. In

order to fully represent the state, it would contain both the

current city, and the cities to be visited in the future.

Hence, in this paper, x(t) uses a column vector with n + 1

dimensions to encode the agent’s state. The values of the

first n elements correspond to particular cities 2S

respectively. Specifically, 0 denotes that the city has been

visited; 1 denotes the city is the current one or the one to

be visited. The last element uses the sequence number of

the current city to stand for the current position of the

agent. Figure 1 illustrates state representations of a certain

tour. In Fig. 1a, the black circle stands for the current

city. The black one deleted with a dash stands for the city

visited before. The white one stands for the city to be

visited. Then we can get the representations of these

states shown in Fig. 1b. This kind of representation is

used as input representation for the evaluation network

Cnet described later.

The cost-to-go function for a policy p starting from state

x(t) is defined by

JpðtÞ ¼ costðtÞ þ Jpðt þ 1Þ ð1Þ

where cost(t) is the cost incurred at the transition from state

x(t) to state x(t + 1), and the policy p refers to a random

selection among the feasible cities s 2 StateHist (Sr) at

state x(t) in this section. It need to be pointed that discount

factor is not considered because the TSP is a finite-horizon

problem.

The evaluation network Cnet is depicted in Fig. 2,

which aims to provide J(t) as an approximate of Jp(t) in Eq.

(1). The prediction error for Cnet is defined as

eðtÞ ¼ ½Jðt þ 1Þ þ costðtÞ� � JðtÞ ð2Þ

(b)(a)

Fig. 1 Illustration of state

representations of a certain tour
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In the evaluation network Cnet, the output J(t) will be of

the form

JðtÞ ¼
Xm

i¼1

w
ð2Þ
i ðtÞviðtÞ ð3Þ

viðtÞ ¼ uðuiðtÞÞ ¼
1

1þ expð�uiðtÞÞ
i ¼ 1; . . . ;m ð4Þ

uiðtÞ ¼
Xn

j¼1

w
ð1Þ
ij ðtÞxjðtÞ i ¼ 1; . . . ;m ð5Þ

where ui is the input of the ith hidden node, vi corresponds

to the output of the hidden node, and m is the total number

of hidden nodes in the evaluation network Cnet.

Weights W(2) from the hidden layer to the output layer

and weights W(1) from the input layer to the hidden layer

are updated according to the chain rules described in detail

as follows.

1. DW(2) (hidden to output layer)

Dw
ð2Þ
i ðtÞ ¼ aðtÞeðtÞ

Xt

k¼1

kt�k oJðkÞ
ow

2ð Þ
i kð Þ

ð6Þ

oJðtÞ
ow

2ð Þ
i tð Þ

¼ viðtÞ ð7Þ

2. DW(1) (input to hidden layer)

Dw
ð1Þ
ij ðtÞ ¼ aðtÞeðtÞ

Xt

k¼1

kt�k oJðkÞ
ow

1ð Þ
ij kð Þ

ð8Þ

oJðtÞ
ow

2ð Þ
ij tð Þ

¼ oJðtÞ
oviðtÞ

oviðtÞ
ouiðtÞ

ouiðtÞ
ow
ð1Þ
ij ðtÞ

¼ w
ð2Þ
i ðtÞviðtÞ½1� viðtÞ�xjðtÞ ð9Þ

where a(t) is the learning-rate parameter of the back-

propagation algorithm of the evaluation network Cnet,

which usually decreases gradually to a small value. k is a

recency factor. The TD error for adjusting the network

weights can be determined by the discrepancy between not

only two but multiple consecutive predictions if k > 0.

The total learning procedure of the evaluation network

Cnet can be summarized as follows.

1. Initialize the evaluation network Cnet arbitrarily,

which is used to produce J(t).

2. For each episode = 1,2,... (where a episode refers to a

complete tour from the start city back to the begin-

ning), do the following.

(a) Initialize state x(1).

(b) For each remaining step i to the destination, do what

follows.

i. Take action a using random policy p, observe cost(i),

x(i + 1).

ii. Adjust the evaluation network by backpropagating the

TD error (cost(i) + J(i + 1)–J(i)) through it with input

x(i).

iii. i ‹ i+1.

iv. Go to (b).

3. Go to 2.

3 Approximate Sarsa

The standard Sarsa method [34] is a kind of on-policy

TD control method, which in essence is a stochastic

value iteration algorithm under the situation lack of

the prior knowledge of the transition probabilities. A

kind of approximate Sarsa method is applied to solving

the TSP.

A concept, Q values, is introduced in the form of

Qp(s,a) due to Watkins and Dayan, which refers to the

expected discounted reward or cost for executing action a

at state s and following policy p thereafter [36]. The

object in the Sarsa method is to estimate Q*(s,a) for an

optimal policy. This method is very similar to the famous

Q-learning. One major difference between them is the

latter computes Q values based on the action selected

off-policy.

The evaluation network Qnet to approximate Q*(s,a)

used in this section is a MLP trained with the back-prop-

agation algorithm based on the standard Sarsa method. The

prediction error at state s for Qnet is defined as

eðsÞ ¼ ½Qeðs0; a0Þ þ costðs; aÞ� � Qeðs; aÞ ð10Þ

···
······

···
J

x1

x2

xn

W(1)

W(2)

input layer hidden layer output layer

Fig. 2 Illustration of the implementation of a nonlinear evaluation

network Cnet using a feedword network with one hidden layer
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where s and s¢ are the states of the TSP at step t and step

t + 1 respectively, a and a¢ are the actions taken at their

corresponding states, e refers to e-greedy policy, cost(s,a)

is the immediate cost by taking action a at state s.

As for the TSP, the input representation for Cnet de-

scribed in Sect. 2 contains the information of action se-

lected as well. So the same input representation can be used

for Qnet.

The learning algorithm of the evaluation network Qnet

can be summarize as follows.

1. Initialize the evaluation network Qnet arbitrarily,

which is used to produce Qe(s,a).

2. For each episode = 1,2,... (where a episode refers to a

complete tour from the start city back to the begin-

ning), do the following.

(a) Initialize state s, choose action a using e-greedy

policy derived from Qe(s,a).

(b) For each remaining step i to the destination, do what

follows.

i. Take action a, observe cost(s,a), s¢.
ii. Choose action a¢ using e-greedy policy derived from

Qe(s¢,a¢).
iii. Error signal e(s) ‹ Qe(s¢,a¢) + cost(s,a)–Qe(s,a).

iv. Adjust the evaluation network Qnet by backpropa-

gating error signal through it with input (s,a).

v. s ‹ s¢; a ‹ a¢.
vi. Go to (b).

3. Go to 2.

4 Some computational results

To evaluate the TD and approximate Sarsa methods for

solving the TSP, the ETSP and ATSP are taken into ac-

count. As for the ETSP, two test sets are considered. The

first set is a randomly generated 10-city problem, while the

second set is composed of three geometric problems, which

are taken from the real world. It is important to run

experiments on both sets of instances because difference in

structures of the instances makes them difficult for a par-

ticular algorithm and at the same time easy for another one

[10]. In addition, three test instances of ATSP are all

specific real-world ones taken from TSPLIB [31].

In this paper, the recency factor k in (6) and (8) was

set to 0 in the TD method for the reason of simplicity.

Hence, the following experiments mainly focus on the

evaluation of the TD(0) and approximate Sarsa meth-

ods. The initial results are encouraging and show the

potential for neurodynamic programming techniques ap-

plied to solving large-scale combinational optimization

problems.

4.1 Case I

Table 1 represents the results of the first experiment on the

random instance of the ETSP. The TD (0) and approximate

Sarsa are compared with the method based on the standard

Hopfield–Tank network, which is the first neural network

approach applied to the TSP.

The continuous Hopfield–Tank network was constructed

as an n · n (n refers to the number of cities) matrix of

nodes that were used to encode solutions to the TSP. The

energy function of this network and its parameter settings

used in this case are described as follows.

E ¼A

2

X

x

X

i

X

j6¼i

VxiVxj þ
B

2

X

i

X

x

X

y 6¼x

VxiVyi

þ C

2
ð
X

x

X

i

Vxi � nÞ2

þ D

2

X

x

X

x 6¼y

X

i

dxyVxiðVy;iþ1 þ Vy;i�1Þ ð11Þ

where A,B,C,D are parameters used for weighting the

various components of the energy. More details about (11)

can be found in [30].

We set A = 0.5, B = 0.5, C = 0.2, D = 0.1, Dt = 10–5 in

this experiment. The initial input values Uxi(0) = 0.02�ln(n–

1) + random noise, where random noise distributed within

the range from –0.1 to 0.1.

The procedure adopting the Hopfield network run for

636 iterations to obtain the best result listed in Table 1. The

average of iterations was 453.

In order to obtain statistically reliable results, the re-

peated presentations [33] paradigm was used for training

the two kinds of evaluation networks Cnet and Qnet in this

paper. Specifically, the weight vectors were only updated

after the complete presentation of a training set. Each

training set was presented repeatedly to each learning

procedure until the procedure no longer produced any

significant changes in the weight vectors.

In the first experiment, we constructed 100 training sets,

each consisting of 10 sequences (one sequence means a

complete tour), for training both the Cnet and Qnet. The

learning curves presented in Fig. 3 show the mean per-

formances of the two methods over this experiment.

Table 1 Comparison of the TD(0) and approximate Sarsa with the

Hopfield–Tank algorithm on a 10-city random instance of the ETSP

Index Hopfield Sarsa TD(0)

Best 5.4965 5.4518 5.4356

Average 7.4113 5.6132 5.8355

MSE 0.5331 0.0524 0.1073
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4.2 Case II

The results on the geometric instances of the ETSP are

reported in Table 2. These benchmark instances can be

found in TSPLIB [31].

In this case, although different initial configurations

have been applied to the Hopfield–Tank network, it can-

not converge to any feasible tour within 10,000 iterations.

The reason mainly lies in the fact that the constraints of

the TSP, namely that each city must be visited exactly

once, are not strictly enforced but rather introduced into

the energy function as penalty terms. So it seems very

difficult to find good parameter settings for solving large-

scale TSP problems. On the other hand, the topological

structures of cities may have some effects on the per-

formances of this method.

In comparison with the Hopfield–Tank network, the

SOM network is more effective in solving the ETSP.

The SOM network in its original form performs poorly for

the ETSP, mainly because the scheme changes the weights

based only on the distance of the winning neuron to the

various neurons on the ring [1]. Burke et al. [4] modified

the above strategy in their guilty net (GN) algorithm. Re-

ported computational results indicate that the GN performs

better than the Hopfield–Tank network [30]. Hence, we

compare the TD(0) and approximate Sarsa with the GN.

The heuristics with which we compare are GA and SA.

Comparison is performed on the best results because of the

availability of published results. In Table 2, results using

GN are from [1], those using GA and SA are from [20], and

the optimal values are from TSPLIB for Eil51, st70 and

Eil76. In the context, the optimal lengths refer to the best,

or at least the best known results.

In the second experiment, we constructed 30 training

sets, each consisting of 5 sequences (one sequence means a

complete tour), for training both the Cnet and Qnet. The

learning curves presented in Figs. 4, 5 and 6 show the

mean performances of the two methods over the second

experiment.

4.3 Case III

In above comparisons with some neural network approaches

and classical heuristics, the TD(0) and approximate Sarsa

give acceptable results. Hence, their performance in solving

the ATSP is expected. Since the ATSP is based on a directed

graph and can be regarded as a generalization of the ETSP, it

is much more difficult to solve than the ETSP. Using exact

methods, the largest ETSP solved optimally has 2,392 cities

[29] while the largest ATSP solved optimally has no more

than 200 cities [14]. Although it generally outperforms the

Hopfield–Tank algorithm on the ETSP, the SOM approach

is restricted to geometric instances and cannot be applied for

the ATSP. In contrast, both the TD(0) and approximate

Sarsa maintain applicable when applied to the ATSP.

In this case, we compare the TD(0) and approximate

Sarsa with some heuristics such as the nearest neighbor

construction heuristic [13], the nearest neighbor heuristic

combined with a fast-3-Opt tour improvement heuristic

(NN-fast-3-Opt)[13], ATSP-GA [13] and ACS-3-opt [10].

The ATSP-GA approach was proposed by Freisleben and

Merz. This approach uses a nearest-neighbor heuristic for

creating the initial population of a GA, applies the fast-3-

Opt heuristic [2] to this initial population for producing a

population of local optima, and then uses GA to search the

space of local optima in order to find the global optimum.

ACS-3-opt presented in [10] is a version of the ACS aug-

mented with a restricted 3-opt tour improvement heuristic.

The ACS is a tour construction heuristic which produces a

set of feasible solutions mutated from the previous best

solution and then applies the restricted 3-opt [24] to locally

optimize these solutions.

Table 3 reports the results obtained by the TD(0) and

approximate Sarsa on the specific real-world instances,

which are also taken from TSPLIB [31]. In this table,

comparison is performed on the best results. Results using

0 500 1000 1500 2000
5

5.5

6

6.5

7

7.5

Iterations

Le
ng

th
 o

f t
ou

r
TD(0)
SARSA

Fig. 3 Learning curves of the TD(0) and Sarsa over the 10-city ETSP

Table 2 Comparison of the

TD(0) and approximate Sarsa

with other algorithms on

geometric instances of the ETSP

NA not available

Problem Name TD(0) Sarsa GN GA SA Optimum

Eil51 (51-city ETSP) 504.5925 503.3179 470.7 428 443 426

st70 (70-city ETSP) 783.0206 843.7116 755.7 NA NA 675

Eil76 (76-city ETSP) 655.8313 643.3601 614.3 542 580 538
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the nearest neighbor and NN-fast-3-Opt are from [13],

those using ATSP-GA and ACS-3-opt are from [3], and the

optimal values are from TSPLIB [31] for ry48p, ft70 and

kro124p.

In this experiment, for instances ry48p and ft70 we

constructed 30 training sets, each consisting of 5 sequences

(one sequence means a complete tour), for training both the

Cnet and Qnet. For instance kro124p, 60 training sets were

used, each of which consists of 2 sequences. The learning

curves presented in Figs. 7, 8 and 9 show the mean per-

formances of the two methods over the third experiment.

5 Discussion and conclusion

According to the computational results presented in the

preceding section, some discussions are made on the fol-

lowing aspects.

Observing the learning curves of each method in Figs. 3,

4, 5, 6, 7, 8 and 9, an apparent fact can be found that the

TD(0) usually converges slower than the approximate

Sarsa method, whereas the latter is easy to stuck in the

local minima. An intuitive explanation is the learning agent

following the e-greedy policy is gradually prone to make

the decisions based on past experience instead of trying a

new potentially profitable action when parameter e de-

creases with time. Therefore, the larger the state space is,

the easier the agent plunges in the local minima. On the

other hand, the reason why the TD(0) method can work

using the random policy is that the training procedure of

the evaluation network Cnet is driven by the temporally

successive error, so that the output of Cnet can approxi-

mate the maximum-likelihood estimate based on past

experience. As for the lower speed of convergence to the

optimal, the reason is that no reinforcement signal has been

used for improving policy during learning.

As can be seen from the Table 1, both the TD(0) and

approximate Sarsa methods offer better performance than

the method based on the Hopfield–Tank network on the

quality of solutions. In the meanwhile, the latter method

cannot get any feasible solution in the second experiment.

So it seems that both methods presented in this paper are

more effective than this classical neural network approach

in solving the large-scale TSP.

Based on comparison shown in Tables 2 and 3, the

initial results provided by both the TD(0) and approximate

Sarsa are not compatible with the ones produced by the

classical heuristics such as GA, SA, etc. The reason lies in

three difficulties. The first one is the dilemma of the gen-

eralization capability implemented by MLP. On the one

hand, generalization is a key in finding a suboptimal

solution in a large state space. As an evaluation function

approximator, MLP would produce reasonable outputs for

inputs not encountered during learning based on past

experience. On the other hand, it is inevitable for MLP to

learn the evaluation value for new states at the cost of

changing the mapping values of other states learned.

Another difficulty lies in the traveling rule that the

learning agent has to obey. A certain action cannot be taken
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when the learning agent moves forward. This leads to an

extreme decrease in the scope of the admissible state-action

space for the agent to explore. Accordingly, more training

sets will be needed to get a satisfactory performance for

both methods presented in this paper.

The third difficulty is the tradeoff between exploration

and exploitation. This point has been discussed at the

beginning of this section.

However, in spite of the difficulties mentioned above,

the initial results are very encouraging since only a few

training sets have been used in contrast with the large size

of the state space. Furthermore, the experimental results

have shown that the TD(0) and approximate Sarsa maintain

effective in solving both the ETSP and the ATSP. It indi-

cates that neurodynamic programming is an effective

strategy for the TSP.

In addition, comparison reported in Table 3 has shown

that the combined algorithms such as NN-fast-3-Opt,

ATSP-GA and ACS-3-op clearly outperform the classical

near-neighbor heuristic. Although it has been proven that

some classical heuritics, when applied individually, can

produce quite good quality solutions, combined algorithms

seem much more robust. So in order to improve the per-

formance of the TD(0) and approximate Sarsa, a possible

way is to build some efficient tour improvement heuristics

into these neurodynamic programming approaches. It will

be the subject of future research.
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