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Abstract 

In brand-new AI era, instead of manual service, library robots are going to transport 
books for readers. Under such condition, it is not only convenient for readers to access 
books, but also makes all the books placed in their proper position. This paper employs 
MDP as the model of robot’s path planning. Markov decision process is well applied in 
many engineering works. It expresses the results of an action with some probability and 
an overall policy can be determined by combining these probabilities based on which 
goal specification we choose and how reality problem is converted into mathematic 
model. In our research, SSP is explored as our specification. Based on Markov decision 
process, value iteration and LRTDP are implemented. In addition, this paper analyzed 
the difference between value iteration and LRTDP algorithm via time and space 
complexity. Through the simulation experiment, it is concluded that LRTDP has fast 
convergence and is sub optimal, which is our preferred algorithm compared to VI. 
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1. Introduction 

Library robots are increasingly replacing human services[1]. Due to bigger and bigger library, it is 

more complicated for readers to achieve the books they want. In the digital epoch, people came up 

with the strategies of coding the book. Then readers were able to discover the books according to its 

specific subregion and serial number. Nonetheless it still takes readers numerous time to reach the 

exact positions of the books. In today's AI era, based on our paper, people can command the robot to 

access the book via inputting the code of the book they want into the library robot. This method not 

only avoids the phenomenon of readers piling up books disorderly, but also lets readers quickly obtain 

the books. The process of library robot accessing books is related to Dynamic Path Planning 

system[2]. 

In recent years, plenty of researchers have studied Uncertainty Intelligence Planning Problems[3]. 

These planning problems are typically formulated as an exemplification of a Markov Decision 

Process or MDP[4]. The MDP model has the following characteristics:1)states; 2)actions; 3)transition 

probability; 4)action costs; 5)goal states. In order to conclude an optimal path, the agent must consider 

the probability as well as cost of an action. In fact, MDP with basic note is insufficient to tackle the 

DP problems. More specific restrictions should be added to MDP. In particular, SSP condition would 

be applied to MDP model, which is also what we prefer to make use of in our paper. 
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There are two fundamental algorithms to solve the SSP MDP problems--Policy Iteration and Value 

Iteration[5]. Both algorithms employ Bellman Equations as the backup to reach the Q* and then repeat 

this procedure until the V-value of each state converges. The optimal route is the convergence order 

of the states. 

In addition, there are heuristic search solutions[6]. One of the conventional DP algorithms is called 

LRTA*[Korf, 1990] which is a real-time heuristic search algorithm widely used. After evaluating the 

heuristic value of each state from the goal state, this algorithm starts to update each states’ value via 

serial trails[7]. In particular, Carlos.H and Pedro.M then presented LRTA*(k)[8], a new LRTA*-

based algorithm that is capable of updating the heuristic estimates of up to k states and cuts down on 

some unnecessary steps. After that, RTDP[9] which is the generalization of LRTA* attached with 

probability came out. Real-Time Dynamic Programming(RTDP) allows the map to be quickly 

explored and execute a reasonable action in the present state. After every update, RTDP will consider 

the random issue, in other words, chances are that the agent may not reach the better state from the 

current state. In that case, RTDP needs to perform Bellman Backups again. However, this algorithm 

possesses a shortcoming--lacking the mechanism of convergence detection. Hence, Bonet.B and 

Geffner.H proposed Labeled RTDP[10], avoiding the repeated convergence when seeking for the 

optimal route. LRTDP has the recognition of approaching the V* because ϵ will be set to monitor the 

residual between the present V-value and the last V-value. For instance, if ϵ is less than 0.0001, states 

will be reckoned as converged and labeled. In that case, the agent can pass through the labeled states 

directly and explore the rest space. Time has been greatly saved and an optimal path also achieved 

owing to LRTDP. 

In this project, LRTDP and VI would be applied to deal with DP problems based on SSP MDP. 

2. Preliminaries 

The problem to solve is how to plan an optimal route for the library robot. It is a stochastic intelligence 

planning problem. To unravel this issue, we establish library 2D map based on MDP model and set 

it in a SSP situation. On this basis, VI, RTDP and LRTDP algorithm are applied to address this 

problem. All of this knowledge will be specifically elaborated as follows: 

2.1 MDP 

The MDP has the following properties. 

1) State: the state of the robot includes the location of the robot and value of the states[11] which can 

be utilized to evaluate the distance between each state and the target. The value of the state is 0, when 

the state belongs to goal state. When the state is not in the target, in the VI, we assign 100 to the states. 

In the RTDP, the value of states is assigned according to the shortest distance between the state and 

the target state, which is also called heuristic value. Besides that, states also embrace the conditions 

of doors. For example, in state1(location(n8), door1(0), door2(0), door3(1)), ‘door3(1)’ indicates that 

the door3 is open. 

2) Precondition of action & Probability: the process from one state to another is called action. The 

occurrence of action has its corresponding preconditions. For instance, only when the robot is in 

position n10, can the action "from n10 to n11" be taken. This probability is determined by the specific 

background of the problem, such as the status of doors or the appearance of temporary obstacles. 

3) Cost: each action also incorporates its corresponding cost. The definition of cost could be time, 

distance, or the consumption of work. The size of cost is the key to discover the local optimal value 

V*. 

𝑉∗(�̅�) = 𝐸𝑀,𝑠̅
𝑚𝑖𝑛 (∑𝑐(𝑠𝑖, 𝑎𝑖)

𝑛𝐺

𝑖=0

) = 𝑖𝑛𝑓𝜋𝐸𝑀,𝑠̅
𝜋 (∑𝑐(𝑠𝑖, 𝑎𝑖)

𝑛𝐺

𝑖=0

) 

SSP 

Most MDP solution methods with SSP[12] bind demand some extra assumptions about the model. 
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1) Goal can be reached with probability 1 

2) There are no 0-cost cycles 

2.2 Bellman Equations 

Bellman equations is the core of the different kinds of algorithms (VI, RTDP, LRTDP), which is like 

a compass to lead the robot to reach the goal state. 

𝑄∗(𝑠, 𝑎) =∑𝑇(𝑠, 𝑎, 𝑠′)[𝐶(𝑠, 𝑎, 𝑠′) + 𝑉∗(𝑠′)] 

There are several cardinal variables to explain: 

1) Action cost refers to the time or energy required to execute an action (defined by the specific 

issues). 

2) In VI, value of state can be set to like 100 except the goal state which should be set to 0. In RTDP, 

value of state should be assigned according to the Dijkstra algorithm.  

3) For each action, Q-value[13] is the most significant variable. It is achieved by Bellman equation. 

the Q-values of different directions are compared so as to decide the local optimal direction Q*. The 

value of each state will be updated after each trail.  

4) Transition probability represents the probability of each action occurred. 

2.3 Value Iteration 

VI[14] is an algorithm to learn the optimal path based on MDP. To begin with, it is necessary to set 

the initial value of all the states except goal state as a fixed number like 100. Instead, the value of 

goal state would be assumed as 0. After successive refinements, if the residual between this value and 

its last value is less than ϵ, the system will grant this state has converged. Figure 1 shows the pseudo-

code of the VI. 

 

Figure 1. Pseudo-code of the VI 

 

There are numerous advantages and disadvantages of VI.  

Advantage: it is exceptionally universal. Once fixing the destination, we can achieve the whole 

optimal route via Bellman equation iteration. These routes do not require a starting point, since they 

extend from the end to every possible starting point. 

Disadvantage: due to abandon the starting point, it calculates every possible starting point, which 

requires a colossal sum of calculation. 

2.4 RTDP 

Just like VI, RTDP is also an algorithm based on Bellman Equation. However, it does not need to 

repeatedly calculate the path from each point to the destination. Contrariwise, before planning path, 

values of each state are needed to be calculated with the Dijkstra algorithm[15]. The solution is: given 

graph A and source vertex G, find the shortest path from G to all vertices in the graph. After setting 

a start point and an end point, RTDP is able to trace an optimal route according to comprehensive 

calculation of heuristic values, cost and probability of the correlative states. The pseudo-code of 

RTDP is shown in Figure 2. 
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Figure 2. Pseudo-code of RTDP 

 

In the Figure 2, 𝑎𝑟𝑔𝑚𝑖𝑛𝑎∈𝐴𝑄
𝑉𝑙(𝑠, 𝑎)  determines the next direction to be taken, after applying 

bellman equation. 

Next, according to the given probability, random sampling is carried out to determine whether the 

agent can walk through this door and then update the state of each door. As a shorthand, this process 

is defined as check function. If the result of the sampling is that door is open, the state will be 

transferred to the next state, otherwise the original state will be retained. 

Finally, these steps would be repeated until the agent reach the goal state. In addition, a limited time 

needs to be placed. The cycle will continue until the time is exhausted. 

 

 

Figure 3. Pseudo-code of LRTDP 
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2.5 LRTDP 

Without loss of generality, many simple problems are not computationally intensive, accordingly they 

run thousands of iterations in just a few seconds. Because RTDP will always cycle before running 

out of time, it is pointless to continue to run RTDP since the terminal has been concluded, which is a 

serious waste of computing resources. We call it "over-convergence". However, LRTDP can address 

this problem, depending on its feature of labelling the state as solved when the state has converged. 

The process of checking states’ situation is to monitor the residual (which we will regard as ϵ) between 

the one state’s current V-value and last V-value. If ϵ is less than the fixed number, this state will be 

reckoned as solved and then should be labelled. In general, convergence is an up-down process. 

In this way, the trail will terminate when it achieves the optimal path instead of running until the 

limited time. The pseudo-code of LRTDP is shown in Figure 3. 

3. Experiment 

In order to verify the feasibility and superiority of these algorithms in this problem, we write several 

codes in Python to compare their convergence speed and optimality. 

3.1 Experiment Result of Value Iteration 

 

 

Figure 4. The results of python code (n11 was set as goal state) 

 

As shown in Figure 4, the red marked represents the convergence of nodes. The result has 13 iterations. 

According to the order of the nodes’ convergence, the optimal path can be concluded. 

 

 

Figure 5. The simple map of the library 

 

For example, in Figure 5, n3 is taken as start state. The optimal path from n3 to n11 is ‘n3_n7, n7_12, 

n12_n11’. 
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3.2 Experiment Result of LRTDP 

The result of LRTDP is shown in Figure 6. A restriction was added to avoid RTDP from repeating 

for so many unnecessary trails. 

 

 

Figure 6. The result of LRTDP 

 

4. Conclusion 

Logically, LRTDP should take less time than Value iteration owing to less pointless search. However, 

it is astonishing that running LRTDP code takes a lot more time than VI. As shown in Figure 7. 

 

 

Figure 7. Time of running LRTDP and VI 

 

On our reflection, it is the LRTDP’s heuristic step (generating initial values) that takes substantial 

time. In comparison the generation of the initial values in VI is too simple, just making all of them 

100. Deeper reason requires further explore. 

Generally speaking, VI algorithm spends considerable space on producing the complete and copious 

routes. It costs LRTDP plentiful space to produce heuristic values. However, VI expends much more 

space than LRTDP in general. As shown in Table 1. 

 

Table 1. Comparison of VI and LRTDP 

Algorithm Space Consumed Speed Optimal 

VI more Slow convergence optimal 

LRTDP less Fast convergence Partially optimal 

 

Back to our goal, our algorithms are designed to allow library robots to deliver books and guide 

readers. After the comparison above, we find that LRTDP has fast convergence and is sub optimal, 

which is our preferrable algorithm.  
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