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Abstract. The Traveling Salesman Problem (TSP) is a renowned com-
binatorial optimization problem with wide-ranging practical applica-
tions. However, TSP is an NP-hard problem, which makes finding an
efficient and accurate solution computationally challenging. While deep
learning and reinforcement learning have shown promise in solving TSP,
prevailing methods suffer from some limitations, such as excessive model
complexity and long inference durations. In this work, we propose a
method for solving TSP, which extracts knowledge from a complex
teacher model to a lightweight student model. The teacher model adopts
an encoder-decoder framework and uses the mixed chunk attention mech-
anism to extract the features of the input city sequence. The student
model adopts the same architecture as the teacher model, but simplifies
network parameters by decreasing the dimensionality of hidden layers via
knowledge distillation. Instead of using a tour generated by the teacher
model to guide the student model, our teacher model guides the stu-
dent model at each time step. Extensive experiments demonstrate the
competitive and effective nature of our model.

Keywords: traveling salesman problem (TSP) · knowledge
distillation · reinforcement learning

1 Introduction

The Traveling Salesman Problem (TSP) is a classic problem in combinatorial
optimization [1] which has extensive applications in various fields, such as trans-
portation, logistics, tourism, infrastructure development, and so on [2]. The TSP
aims to find the shortest route that visits each city and returns to the starting
city in a given set of cities.
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The traditional algorithms for solving TSP can be classified into three main
categories [3]. The first category is exact algorithms, which search the complete
solution space to find the optimal solution that satisfies the constraints [4]. How-
ever, due to the NP-hard nature of TSP, it becomes more and more difficult to
find the theoretical optimal solution as the problem size grows. Therefore, these
methods are only suitable for small-scale tasks. The second category is approxi-
mation algorithms, which provide faster solutions [5] but susceptible to getting
stuck in local optima. As a result, the obtained solutions are typically suboptimal
or approximate solutions to the global optimum. The third category is heuris-
tic algorithms, primarily inspired by nature-based algorithms such as genetic
algorithms [6], particle swarm optimization [7], and ant colony optimization [8].
These heuristic algorithms exhibit relatively high computational efficiency. How-
ever, the design of these heuristic rules [9,10] is typically based on manual expert
knowledge, resulting in increased computation time and cost as the problem size
grows.

Traditional algorithms has complex modeling process and exhibit lower effi-
ciency for solving TSP. With the continuous development of artificial intelli-
gence technologies such as deep learning and reinforcement learning, as well
as their excellent performance in various problems, researchers have begun to
explore end-to-end methods for solving TSP [11–14]. Compared to traditional
algorithms, deep reinforcement learning-based methods offer simpler modeling
and higher efficiency, which demonstrate significant potential and advantages in
solving TSP. Consequently, deep reinforcement learning methods have become
one of the mainstream choices for solving TSP.

However, current approaches based on deep reinforcement learning for solving
TSP commonly suffer from the issues of large parameter sizes and long inference
time. Therefore, this work introduces the technique of knowledge distillation
into the modeling framework for solving TSP. Knowledge distillation [15] is a
technique that transfers knowledge from large and complex models (referred
to the teacher model) to smaller models being trained (referred to the student
model). Specifically, the core idea behind knowledge distillation is to enable the
student model to imitate the behavior of the teacher model under its supervision,
resulting in the student model exhibiting more competitive performance. Teacher
models usually have excellent performance and generalization ability, but are
often complex and have many parameters. In contrast, the network size of the
student model is smaller, which can meet the constrains of hardware resources.

Currently, the existing method has used knowledge distillation to solve TSP.
Literature [16] guides the student model based on tours, where the teacher model
generates complete paths one time and employs them to guide the training of the
student model. However, if the student model makes errors, the teacher model
cannot promptly correct the student model, which can affect the learning speed
of the student model to some extent. To address above issue, we propose an
novel model, where the teacher model guides the student model at every time
step. Specifically, we first pre-train the teacher model. Then, at each time step,
we measure the difference between the probability distributions outputted by
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the teacher model and the student model. And the nodes selected by the teacher
model are used to update their states. So in our model, the student model can
receive timely guidance from the teacher model.

Our main contributions are summarized as follows:

(1) We propose a new knowledge distillation framework for solving TSP. In this
framework, the teacher model guides the student model at each time step,
which can alleviate the problem of error accumulation and accelerate the
model’s training speed, ultimately yielding a lightweight student model.

(2) We introduce the mixed chunk attention mechanism in the encoder of the
teacher model, which reduces the time complexity of the encoding process
from O(n2) to linear, thereby reducing the inference time.

(3) Through experiments conducted on synthetic datasets and real-world
datasets, we demonstrate the effectiveness of teacher model-guided. The pro-
posed KDRL model achieves a significant reduction in parameter size and
inference time while maintaining a minimal loss in accuracy.

2 Proposed Method

In this section, we first introduce the mathematical formulation of TSP, then
detail the teacher model, the student model and the loss function in our method.

2.1 Mathematical Formulation

The TSP problem instance s is typically represented as an undirected com-
plete graph with n nodes [13]. The features of node i ∈ (1, · · · , n) are denoted
by its two-dimensional coordinates Xi. The solution is a permutation of nodes
(tour) obtained through the model, represented as π = (π1, · · · , πn). Here
πt ∈ (1, · · · , n)∧{πt �= πt′ ,∀t �= t′}.The solution is measured by the length of the
permutation Len(π), given by Len(π) = ||Xπn

− Xπ1 ||2+
∑n−1

i=1 ||Xπi
− Xπi+1 ||2.

The total reward of a solution permutation is defined as the negative of its length,
i.e., −Len(π|s). The policy π to be learned in our method is modeled as:

pθ(π|s) =
n∏

t=1

pθ(πt|s, π1:t−1), (1)

where p(π|s) is the probability of obtaining the solution permutation π given
the problem instance s, and θ is the trainable parameters of the policy network.

2.2 Teacher Model

Since the TSP involves mapping a random sequence of the input nodes to a
specific sequence of the nodes in the solution permutation, it can be viewed as
a Seq2Seq task. In this work, we adopt the classical encoder-decoder framework
to design the teacher model. As shown in Fig. 1, our teacher model consists of
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Fig. 1. The architecture of the teacher model.

encoder, context node and decoder. Specifically, the encoder of the teacher model
takes the two-dimensional coordinates of the nodes X = [X1,X2, · · · ,Xn] as
input, and obtains static features HE = [hE

1 , hE
2 , · · · , hE

n ]. The static features are
used to construct context node h1

(c). Then the static features and context node
are input to the decoder. The decoder calculates the probability distribution of
the candidate nodes p = [p1, p2, · · · , pn], and then selects the node π1 according
to the probability distribution. Next, in a loop, the context node ht

(c) is updated
based on the node selected in the previous time step, i.e. πt−1. And the next
node πt is chosen according to the context node ht

(c) and the static features of
the candidate nodes until a complete permutation solution is obtained.

Encoder. The encoder of the teacher model resembles the encoder of the Trans-
former. However, since the multi-head attention mechanism has the time com-
plexity of O(n2d) during similarity calculation, we adopt the mixed chunk atten-
tion mechanism proposed by Hua et al. [17] as an alternative. The mixed chunk
attention combine the Gated Linear Units (GLU) [18] and Linear Attention
mechanism to reduce the time complexity to linear.

Specifically, the encoder takes the two-dimensional coordinates of nodes in
the problem instance, represented as X = [X1,X2, · · · ,Xn], as its input, and
X ∈ R

n×dx . Then the input data enters the initial embedding layer to extract
the initial feature. The computation formula for the embedding layer is as follows:

h0
i = xiWe + be, (2)

where We ∈ R
dx×dh is the weight matrix. be represents the bias. The initial fea-

ture of all nodes represents as H0 = [h0
1, h

0
2, · · · , h0

n]. When initial feature enters
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the mixed chunk layer, it is divided into M non-overlapping blocks, each with
a length of c. For the m-th block of data Hm, it simultaneously passes through
two Dense layers with Swish activation functions to obtain Um ∈ R

c×de and
Vm ∈ R

c×de , where de is the dimension of the intermediate expansion layer, and
passes through a Transform layer to obtain Zm ∈ R

c×ds , where ds represents the
dimensionality during attention computation. Then, Zm undergoes four simple
affine transformations to obtain Klocal

m , Qlocal
m , Kglobal

m and Qglobal
m . In order to

realize the interaction and fusion of data within each block, it is necessary to
calculate local attention. Its calculation formula is as follows:

V local
m = relu2(Qlocal

m Klocal
m

T
+ bm)Vm, (3)

where bm is the bias. Assuming that the vector dimension of the input node is d,
the time complexity of local attention is O(M × c2 × d) = O(ncd). So the time
complexity of computing local attention is linear. Then the global attention of
inter-block data is calculated. The calculation formula is as follows:

V global
m = Qglobal

m (
M∑

h=1

Kglobal
h

T
Vh). (4)

The order of multiplication in the attention matrix is redesigned. It is equivalent
to the calculation formula of the linear attention mechanism [19]. Then, the
outputs of local attention and global attention are fed into a mixed attention
layer. The computational form of the mixed attention layer is similar to that
of GLU. The difference is that the interconnection between input data cannot
be obtained in GLU. However, the inputs of the mixed attention layer, which
are the local attention and global attention, have already fused the interaction
information between data. Its calculation formula is as follows:

Om = [Um � (V local
m + V global

m )]Wo, (5)

where Wo ∈ R
de×dh . Finally, the mixed attention of M blocks is concatenated

together to obtain the mixed attention of the whole instance, denoted as Hmix =
[hmix

1 , hmix
2 , ..., hmix

n ] and Hmix ∈ R
n×dh . Therefore, it can be seen that the time

complexity can be reduced from O(n2) to linear. The resulting mixed chunk
attention is subjected to skip connection and batch normalization in the residual
network. Then it is fed into the feed-forward layer, followed by a skip connection
and batch normalization. Finally, the static features extracted by the encoder
are expressed as HE = [hE

1 , hE
2 , ..., hE

n ].

Context Node. The context node can incorporate key node information in
the decoding process to improve the quality of decoding. At the t-th time step,
the context node ht

(c) ∈ R
3×dh includes the static feature of the initial node

hE
π1

∈ R
1×dh , the static feature of the selected node in the previous time step

hE
πt−1

∈ R
1×dh and graph embedding information h(g) ∈ R

1×dh of all nodes. h(g)

is calculated as follows:

h(g) =
1
n

n∑

i=1

hE
i . (6)
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If t = 1, the information of the initial node and the selected node in the previous
time step are learnable parameters. The context node needs to be updated at
every time step.

Decoder. Our decoder is similar to the AM (Attention Model) [13]. At the
t-th time step, the decoder first applies the multi-head attention layer to the
context node and the static feature of the candidate nodes to extract the relevant
features. And use a mask matrix to control all nodes to be selected only once.
The query vector of this layer comes from the context node, i.e., q = h(c)WQ.
The key vector and the value vector are obtained by embedding candidate nodes,
i.e., ki = hE

i WK ,vi = hE
i WV . WQ ∈ R

dh×3dh , WK ∈ R
dh×dh and WV ∈ R

dh×dh

are the trainable weight matrixs. The calculation formula is as follows:

ĥt
(c) =

{
softmax( qT kj√

dk
)vj , if j �= πt′ ,∀t′ < t

−∞, otherwise
, (7)

where dk = dh. Then enter the single-head attention layer to calculate the final
correlation value. The query vector and the key vector are similar to the multi-
head attention layer. The calculation formula is as follow:

q(c) = ĥt
(c)WF , (8)

kf
i = hE

i WM , (9)

u(c)j =

{

C · tanh(
qT
(c)k

f
j√

dk
), if j �= πt′ ,∀t′ < t

−∞, otherwise
, (10)

where WF ∈ R
dh×dh and WM ∈ R

dh×dh are the trainable weight matrixs. C
is a constant. During the experiments, it’s 10. Finally, the probability of the
candidate nodes are calculated through the SoftMax function and then select
the next node. The calculation formula is as follows:

pi = pθ(πt = i|s, π1:t−1) =
eu(c)i

∑
j eu(c)j

. (11)

Training. In order to mitigate the challenges associated with obtaining costly
and time-consuming labels for training data in TSP, we use RL to train the
teacher model. The quality of the current policy is evaluated by the total length
of the solution permutation. Consequently, for a given problem instance s, the
loss function is defined as follows:

LTe(θTe|s) = EpθT e (πT e|s)[Len(πTe)], (12)

where θTe and πTe respectively denote the model’s parameters and solution
permutation. Len(πTe) represents the total length of the solution permutation.
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We optimize the loss function using the REINFORCE algorithm combined
with a Baseline [20]. Therefore, the gradient computation formula for the teacher
model is as follows:

∇LTe(θTe|s) = EpθT e (πT e|s)[(Len(πTe) − b(s))∇logpθT e(πTe|s)], (13)

where b(s) represents the baseline, which can reduce variance. In the experimen-
tal operation, the choice of baseline has a great impact on model performance.
We select the Greedy Rollout strategy as the baseline, because it’s simple yet
effective. Additionally, we employ the Adam optimizer to update the gradients
during training.

2.3 Student Model

We employ the pre-trained teacher model to provide guidance to the student
model named Lightweight Deep Reinforcement Learning Model Based on Knowl-
edge Distillation (KDRL). During the guidance process, the teacher model only
predicts the next node based on the current state at each time step, no longer
updates its parameters. The student model shares a similar architecture to the
teacher model but with reduced network parameters to enhance inference speed.
Specifically, we decrease the dimension of the student model’s hidden layers to
32, while the teacher model’s hidden layer dimension is 128. Figure 2 illustrates
the comparison of feature tensor sizes between the teacher model and student
model at every layer within a single time step for the 50-node instance. The
batch size is set to 512.

Fig. 2. Tensor size comparison between the teacher model and the student model within
a single time step.
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2.4 Loss Function

Similar to the typical knowledge distillation models, the loss function for training
the KDRL model comprises two components: the student loss (LSt) and the
distillation loss (LDi). The loss function is defined as L = αLSt + βLDi, where
LSt represents the student model’s loss and LDi represents the distillation loss.
The hyperparameters α and β are used to balance the importance of the two
losses, so that the model can achieve better performance.

Student Loss. The student model is trained using the same method as the
teacher model, which is reinforcement learning. Similarly, we measure the per-
formance of the student model based on the total length of the solution permu-
tation generated by the student model. The loss function of the student model,
considering a specific problem instance s, is calculated as follows:

LSt(θSt|s) = EpθSt (πSt|s)[Len(πSt)], (14)

where θSt denotes the parameters of the student model. πSt represents the solu-
tion permutation obtained by the teacher model, and Len(πSt) represents the
total length of the solution permutation.

Similarly, we employ the REINFORCE algorithm combined with Greedy
Rollout strategy as the baseline to estimate the gradient of the loss function.
The gradient computation formula of the student model is as follows:

∇LSt(θSt|s) = EpθSt (πSt|s)[(Len(πSt) − b(s))∇logpθSt(πSt|s)]. (15)

Distillation Loss. The distillation loss is used to measure the discrepancy
between the action probability distributions outputted by the teacher model
and the student model, thereby encouraging the student model to emulate the
teacher model’s node selection. The computation process is illustrated in Fig. 3.
At the initial time step, the node information is inputted into the two models. In
subsequent time steps, we calculate the discrepancy of their probability distribu-
tions. Next, we sample the next action, i.e., select the next node, according to the
probability distribution of the teacher model. We use this action to respectively
update their next states. Thus, at each time step, the teacher model provides
guidance to the student model. In detail, the two models respectively output
their logits, which are processed through a softmax function with a temperature
parameter T which is used to adjust the smoothness of the predicted distribu-
tion. The probability distribution calculation formula for the teacher model at
time step t is as follows:

pθT e(πTe
t = i|sTe, πTe

1:t−1) =
exp(uTe

(c)i/T )
∑

j exp(uTe
(c)j/T )

, (16)

where θTe represents the pre-trained network parameters of the teacher model.
πTe

t represents the node selected by the teacher model at the t-th time step. sTe
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Fig. 3. The distillation loss is calculated by comparing the probability distributions of
the teacher model and the student model at each time step. Both models update their
states based on the actions generated by the teacher model.

represents the state of the teacher model at current time step. πTe
1:t−1 represents

the solution permutation generated by the teacher model up to time step (t−1).
uTe
(c)i denotes the compatibility value of the i-th node in the teacher model’s

decoder. T represents the temperature parameter.
Similarly, the probability distribution calculation formula for the student

model at time step t is as follows:

pθSt(πSt
t = i|sSt, πTe

1:t−1) =
exp(uSt

(c)i/T )
∑

j exp(uSt
(c)j/T )

, (17)

where θSt represents the network parameters of the student model. πSt
t represents

the node selected by the student model at the t-th time step. sSt represents the
state of the student model at current time step. uSt

(c)i denotes the compatibility
value of the i-th node in the student model’s decoder.

The distillation loss measures the discrepancy of the probability distributions
obtained by the teacher model and the student model at all time steps. At each
time step, the calculation formula for the distillation loss is as follows:

LDi =
T∑

t=1

Ψ [pθT e(πTe
t = i|sTe, πTe

1:t−1), pθSt(πSt
t = i|sSt, πTe

1:t−1)], (18)

where the Ψ(·) is used to measure the distribution divergence between the two
models. In this model, we utilize the Kullback-Leibler Divergence (KL diver-
gence) [21] as the measure, expressed as follows:

KL(pθT e ||pθSt) =
∑

i

pθT e(logpθT e − logpθSt). (19)
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3 Experiments

3.1 Experiment Settings

The datasets used in our experiments include synthetic datasets and real-world
datasets. For the synthetic datasets, the nodes are generated by uniformly sam-
pling random 2D coordinates within the unit square [0,1]× [0,1], representing the
problem instances. The real-world datasets are obtained from the widely-used
TSPLIB dataset [22]. All experiments are conducted on a Linux-based Ubuntu
system, utilizing GPUs for training and testing. The experiments are performed
using a Geforce RTX 3080 graphics card.

During training, we set the epochs of the teacher model to 200 and the
epoch of KDRL to 40. Each epoch processes 256 batches of data, with a batch
size of 512. The learning rate is set to 0.0001. After each epoch, the model is
evaluated on 1000 problem instances. If the updated weight parameters shown
an improvement of over 0.05, the Baseline is updated, replacing the previous
weight parameters. The parameter α, β and T are respectively set to 0.5, 5.0
and 2. During testing, the two models employ two different strategies, greedy
strategy and sampling strategy, to select the next node based on the probability
distributions of candidate nodes.

Table 1. Comparison of the KDRL model with the teacher model on synthetic datasets.

Model Concorde Teacher
(Greedy)

Teacher
(Sampling)

KDRL
(Greedy)

KDRL
(Sampling)

n=20 Length 3.84 3.85 3.83 3.86 3.84

Gap 0.00% 0.18% 0.05% 0.42% 0.05%

Time 52 s 0.3 s 283 s 0.2 s 246 s

Memory Usage - 2487MiB 2487MiB 2119MiB 2119MiB

n=50 Length 5.70 5.78 5.72 5.87 5.73

Gap 0.00% 1.40% 0.35% 2.98% 0.53%

Time 59 s 0.8 s 713 s 0.6 s 603 s

Memory Usage - 4597MiB 4597MiB 3231MiB 3231MiB

n=100 Length 7.76 8.06 7.88 8.29 7.97

Gap 0.00% 3.86% 1.54% 6.83% 2.71%

Time 93 s 1.8 s 1898s 1.3 s 1393 s

Memory Usage - 6045MiB 6045MiB 4033MiB 4033MiB

3.2 Comparison Experiments

To better demonstrate the lightweight nature of KDRL, we compare it with
the teacher model using evaluation metrics including Length, Gap, and Time.
Length refers to the total length of the solution permutation generated by the
model. Gap is used to evaluate the gap between current solution and the optimal
solution. Time refers to the time that the model needs to generate a solution.
Additionally, we introduce “Memory Usage” to provide a more intuitive repre-
sentation of the model’s lightweight characteristics. For other methods, we do
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not measure the memory usage, so we use “-” to indicate this. Tabel 1 and
Tabel 2 respectively present the experimental results of the teacher model and
KDRL on both the synthetic datasets and the real-world datasets. Concorde [23]
is a professional solver widely recognized for achieving the world’s best records
on many TSP datasets. From the results, it can be observed that compared to
the teacher mode, the KDRL slightly reduces the quality of the solutions but
significantly reduces memory usage and inference time. To further validate the
effectiveness of the KDRL, we also compare it with several classical baseline
models.

Table 2. Comparison of the KDRL model with the teacher model on real-world
datasets.

TSPLIB eil51 berlin52 st70 eil76 rat99 kroA100 kroB100 eil101

Concorde Length 426 7542 675 538 1211 21282 22142 629

Gap 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Time 0.02 s 0.04 s 0.05 s 0.03 s 0.12 s 0.09 s 0.20 s 0.07 s

Teacher(Sampling) Length 426 8229 682 553 1430 25002 23952 655

Gap 0.00% 9.11% 1.04% 2.79% 18.08% 17.48% 8.17% 3.53%

Time 0.08 s 0.08 s 0.12 s 0.14 s 0.19 s 0.19 s 0.19 s 0.19 s

KDRL(Sampling) Length 426 7735 682 555 1461 24805 25095 669

Gap 0.00% 2.56% 1.04% 3.16% 20.64% 16.55% 13.34% 6.36%

Time 0.06 s 0.06 s 0.08 s 0.09 s 0.12 s 0.13 s 0.13 s 0.13 s

In addition to Concorde mentioned above, the baselines we use include:

• LKH3 [24]: The LKH (Lin-Kernighan-Helsgaun) algorithm, a local optimiza-
tion algorithm based on λ-opt exchanges, is an effective heuristic algorithm
for TSP.

• OR-Tools: An open-source solver developed by Google in 2016 for solving
combinatorial optimization problems, providing various interfaces.

• Bello et al. [11]: The first deep reinforcement learning model that applies RL
to solve the TSP problem.

• Dai et al. [25]: This method treats the input of the TSP problem as a graph
and utilizes graph neural networks to extract information from the graph.

• Kool et al. [13]: Based on the Transformer, the proposed AM (Attention
Model) combines attention mechanisms for solving TSP.

• Joshi et al. [26]: This method use a combination of GNN and LSTM to encodes
the input data. It is trained by supervised learning and RL.

• Lou et al. [27]: This method use GCN to encode the input data. Additionally,
it update the information in different problem instances of various sizes using
the same number of message steps by controlling the number of neighbors for
each node.

The experimental results comparing the KDRL model with the baseline mod-
els are shown in the Tabel 3. It can be observed that the KDRL model using
the Greedy strategy achieves improvement in terms of inference time. Although
the KDRL model using the Sampling strategy performs better than the Greedy
strategy in terms of solution quality, it leads to increased inference time.
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Table 3. Comparison of the KDRL model with the baselines on synthetic datasets.

Model n = 20 n = 50 n = 100

Length Gap Time Length Gap Time Length Gap Time

Concorde 3.84 0.00% 52 s 5.70 0.00% 59 s 7.76 0.00% 93 s

LKH3 3.84 0.00% 16 s 5.70 0.00% 147 s 7.76 0.00% 650 s

OR-Tools 3.85 0.37% 52 s 5.80 1.83% 147 s 7.99 2.90% 712 s

Bello 3.89 1.42% - 5.95 4.46% - 8.30 6.90% -

Dai 3.89 1.42% - 5.99 5.16% - 8.31 7.03% -

Kool(Greedy) 3.85 0.34% 0.3 s 5.80 1.76% 0.7 s 8.12 4.53% 1.7 s

Kool(Sampling) 3.84 0.08% 260 s 5.73 0.52% 704 s 7.94 2.26% 1858s

Joshi 3.86 0.06% 5 s 5.87 3.10% 27 s 8.14 8.38% 93 s

Luo 3.85 0.38% 1 s 5.73 0.65% 9 s 8.04 3.61% 2 s

KDRL(Greedy) 3.86 0.42% 0.2 s 5.87 2.98% 0.6 s 8.29 6.83% 1.3 s

KDRL(Sampling) 3.84 0.05% 246 s 5.73 0.53% 603 s 7.97 2.71% 1393 s

3.3 Ablation Experiments

To validate the validity and reliability of KDRL, we conduct ablation experi-
ments. We separated the distillation loss and the student loss in the KDRL to
form two variants, the DL-Free Model and the SL-Free Model. Due to hardware
limitations, the batch size is 256 when conducting experiments on the synthetic
dataset with problem instance size of 100. Table 4 shows the comparison between
the original model and its varients on different node sizes. The results show that
KDRL outperforms both the DL-Free Model and the SL-Free Model on all three
metrics. Therefore, combining the distillation loss with the student loss enhances
the effectiveness of the model. The combined loss function improves the solution
quality while reducing the solution time.

Table 4. Ablation study of KDRL loss function.

Model Concorde DL-Free
(Greedy)

DL-Free
(Sampling)

SL-Free
(Greedy)

SL-Free
(Sampling)

KDRL
(Greedy)

KDRL
(Sampling)

n = 20 Length 3.84 3.87 3.84 3.86 3.84 3.86 3.84

Gap 0.00% 0.78% 0.09% 0.43% 0.06% 0.42% 0.05%

Time 52 s 0.2 s 247 s 0.2 s 251 s 0.2 s 246 s

n = 50 Length 5.70 5.95 5.78 5.90 5.74 5.87 5.73

Gap 0.00% 4.39% 1.40% 3.51% 0.70% 2.98% 0.53%

Time 59 s 0.6 s 615 s 0.6 s 604 s 0.6 s 603 s

n = 100 Length 7.76 8.40 8.14 8.30 7.98 8.29 7.97

Gap 0.00% 8.25% 4.90% 6.96% 2.84% 6.83% 2.71%

Time 93 s 1.3 s 1395 s 1.3 s 1401 s 1.3 s 1393 s
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Fig. 4. Sensitivity analysis of hyperparameters affecting model performance in problem
instances with 50 nodes.

3.4 Sensitivity Experiments of Hyperparameters

We conduct experiments on three important hyperparameters, α, β and T , which
influence the performance of KDRL. The experiments are performed on a syn-
thetic dataset with a problem size of 50 nodes. In each experiment, we vary
only one parameter. The results are shown in Fig. 4. It can be observed that the
KDRL model is most sensitive to the variation of T and least sensitive to the
variation of the β. If α is set to 0.5, the model exhibits the fastest convergence
rate and achieves the best experimental results. Setting β to 5 yields the best
overall performance of KDRL. If T is set to 2, the model achieves the best perfor-
mance. Therefore, based on the parameter sensitivity experiments, the optimal
parameter settings are α = 0.5, β = 5, and T = 2.

4 Conclusion

In this work, we propose a lightweight deep reinforcement learning model based
on knowledge distillation (KDRL) for solving TSP. In the encoder, we adopt
the mixed chunk attention mechanism to extract features of input data, which
reduce time complexity. At each time step in the knowledge distillation pro-
cess, the teacher model and KDRL respectively output the probability distribu-
tions of candidate nodes, and we use KL divergence to measure the difference
between them. Meanwhile, at each time step, the selected node of the teacher
model is used to update the states of the two models, ensuring that the teacher
model guides the student model at each time step. Extensive experimental results
demonstrate that our teacher model effectively guides the student model. The
KDRL model maintains superior solution time and memory usage performance
with a small solution quality loss. Future work will explore using multiple teacher
models to simultaneously guide the student model to allow the student model
to learn more. In addition, this work focuses on solving the classic symmetric
TSP problem, and in the future, we can study TSP problem variants in different
scenarios.
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