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ABSTRACT

Starting from the essence of dynamic programming algorithms, the terminology in dynamic
programming algorithms, the applicability conditions of the algorithms, and common sub-problem
models are summarized. The Belman optimal algorithm is used to split the multilevel problems in
dynamic planning into simple single-level problems and solve them one by one, combined with the
function approximation structure to approximate the performance index function, to construct the
adaptive dynamic planning algorithm, and to apply it in the resource balancing optimization of
integrated teaching. The results show that the adaptive dynamic programming algorithm has better
resource balancing effect than other algorithms, and the number of convergence and running time are
reduced by 6-53 times and 48.92-90.34 seconds respectively. The introduction of the adaptive dynamic
programming algorithm improved the resource balancing accuracy of university teaching and learning
management by 4.0%-17.4% in each subject group. As the number of resources increased, the time
consumption required when balancing resources decreased by 50%-83.33% for test groups 3, 4 and
5, and the efficiency of the test improved by 75%-100%. This shows that the algorithm proposed in
this paper is effective when dealing with balancing online and offline teaching resources in higher
education.

Keywords: Adaptive Dynamic Programming Algorithm, Bellman Optimality Principle, Functional
Approximation Structure, Teaching Resource Balancing

1. Introduction

Driven by the development of “Internet+Education”, the blended teaching mode, which integrates
online teaching and traditional offline teaching, has emerged [1-2]. Blended teaching breaks the
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limitations of traditional education, integrates teaching resources, realizes effective communication
between teachers and students, and comprehensively promotes the improvement of students'
comprehensive quality [3]. However, due to the short research time of online and offline blended
teaching mode, there are still many problems [4]. In order to solve the drawbacks of hybrid teaching,
colleges and universities should increase the investment in education, make every effort to protect the
teaching-related support, mobilize the enthusiasm of teachers and students in the classroom, guide
students to consciously carry out the construction of the knowledge system, integrate high-quality
teaching resources, give full play to the optimization of the function of the hybrid teaching
configuration, improve the assessment and evaluation mechanism, and promote the scientific
evaluation of teaching, so as to maximize the advantages of on-line and off-line teaching to promote
the innovation of educational reforms in colleges and universities. In order to maximize the advantages
of online and offline teaching, promote the reform and innovation of university education, and let
education truly serve the majority of students [5-8].

Online-offline integrated teaching, also known as “blended teaching”, is an improvement and
innovation of the current teaching mode [9]. This model is student-centered, pays more attention to
the cultivation of students' independent ability, and meets students' individualized learning needs; at
the same time, blended teaching can not only give play to the interactivity and supervision of
traditional teaching, but also show the advantages of online guided learning and sharing of educational
resources [10-12].

In the traditional teaching mode, students acquire knowledge in the classroom with the help of
textbooks or complete practical training in limited class time, with limited opportunities to participate
in teaching [13]. Online and offline blended teaching breaks the limitations of time and space, and
students independently choose the learning content and control the learning progress, which truly
realizes the tailor-made teaching [14-15]. On the one hand, the open learning space and time are more
conducive to the improvement of students' professional skills. Blended teaching returns the initiative
of the classroom to the students, who are free to arrange their learning progress according to their
own mastery and deepen their mastery of knowledge [16-18].

Compared with traditional offline classroom teaching, online-offline integrated teaching is more in-
depth [19]. The most popular online and offline integrated teaching mode mainly includes, first,
including pre-course preparation, practical operation, practice report, practice verification and other
links, in the pre-course preparation, the teacher can through the network education platform for
classroom teaching of important and difficult to formulate the thinking questions, prompting the
students in the pre-study process to independently think about exploring the answers to the questions
[20-21], and second, classroom teaching, the teacher should be placed in the focus on the practical
operation link, urging students to exercise to cultivate solid practical hands-on ability, practice report
should be through the online teaching. Secondly, during classroom teaching, teachers should focus on
practical operation, urge students to exercise independently to cultivate solid practical hands-on
ability, and the practice report should be completed through the online teaching system [22-23], and
thirdly, based on the results of the practice and the report assessment and scoring, so that students
can learn to analyze the strengths and weaknesses of the whole teaching process by themselves, thus
effectively improving the efficiency and quality of teaching [24].

Starting from the basic theory of dynamic programming algorithms, the multi-stage decision-
making problems in dynamic programming are outlined, and the common sub-problem models in
dynamic programming are summarized. The comparison with other algorithms highlights the
characteristics of dynamic programming in terms of space consumption and time efficiency in solving
practical problems. Using the Bellman optimization principle combined with the inverse analysis
strategy, the multi-stage problem is split into simple single-stage problems and solved one by one to
get the optimal decision of the resource balancing process. The performance of the adaptive dynamic
programming algorithm is compared and analyzed with that of the genetic algorithm and ant colony
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algorithm in terms of operation time and convergence, and the application effect of the algorithm of
this paper in the balancing of teaching resources is evaluated.

2. Adaptive dynamic planning algorithm based on the balance of teaching
resources

2.1.  Dynamic Planning Algorithm

2.1.1. Multi-stage decision-making. Multi-stage decision making [25] refers to the fact that a
problem can be divided into multiple interconnected stages with a chain-like structure in a particular
order. At each stage, a decision needs to be made, the decision of the previous stage will directly affect
the state of the next stage, and the state of the next stage depends on the results of the previous stage.
All stages of decision-making will eventually form a decision sequence, to solve the multi-stage
decision optimization problem is to find a decision sequence to make the problem optimal for a certain
indicator function.

2.1.2. Dynamic programming algorithms. Stages: Stages are attributes of the problem. Usually a
multi-stage decision-making problem can be divided into several interconnected stages in the order
in which they are processed so that the problem can be solved sequentially in the order in which they
are divided. Multiple stages are generally present in a multi-stage decision optimization problem.
Stage variables are often represented by the letter k. Stages have two characteristics: first, there is a
sequential relationship between stages, and second, there is a dependency relationship between
stages.

State: State is an attribute of stages. The state is used to describe the objective conditions that each
stage is currently in. Each stage usually contains multiple states.

The state variable f, isused to denote the state in which stage k islocated, and the set of values

of state f, isdenoted by £, and is called the set of states, where f, € F,, the set of states in stage 3
of the multistage decision problem F, ={D,,D,}.

Decision making: when the state of a stage is determined, different choices can be made, and the
next state can be deduced from the stage

A choice that can be deduced from a state in that stage to a state in the next stage is called a decision.

The decision variable at stage k state f, is denoted by v,(f,), and the set of permissible

decisions at stage k state f, is denoted by V,(f,). Clearly there are v,(f,)€V,(f,). two choices,
i.e., two decisions, to be made from stage 2 state C,, which can be deduced from stage 3 state D,,D,.
That is:

k=2,f,=C,V,(f,)={C,—>D,,C, > D, } (1)

Strategy: The combination of decisions chosen at each stage is called a strategy and is often
represented by the letter p:

() =V () Veafe) Vi (fen)- V(1) (2)

State Transfer: In dynamic programming, the state of the previous stage and the corresponding
decision choices will determine the state of the problem in the current stage. That is, if the state f,
of stage k and the decision v,(f,) are determined, then the state f,,, of stage k+1 of the
problem can also be determined. State transfer is the process of deriving state f,,, in stage k+1

from state f, and decision Vv,(f,) in the first £ stages of the problem, and is often expressed in
the following equation:
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Jea =L (fosvi (F) (3)

Indicator function and optimal indicator function [26]: the indicator function is used to measure the
advantages and disadvantages of the strategy chosen for the problem, while the optimal indicator
function is the value of the indicator function when the problem adopts the optimal strategy, and the
value of the optimal indicator function is the solution of the problem. Generally commonly used

function g,(f,) represents the optimal metric value when the problem starts from a state f, in
stage k and reaches the end of the problem using the optimal strategy p,(f,) of the process. The
metric function g;(C,) ofthe problem represents the shortest path from the current point C, tothe
end point E, where the goal of the problem is to solve g,(4).

There are generally two ways to calculate the optimal indicator function: if the initial state of the
problem is determined, it can be calculated by starting from the initial state to the goal state in a
downward push: if the goal state of the problem is determined, it can be calculated by starting from
the goal state backward push. In general, the backward push is used to calculate, at this time the
planning equation is:

g&(f)=opt (g (T, (J:v(J))+CT (v (/i) (4)

where f, isthe state the problem is in at stage k, Vv,(f,) is the decision variable when the state is
J, at stage k,and V,(f,) is the corresponding set of allowed decisions. 7, (f,,v,(f;)) is the
process of computing the state of stage k+1 from the states and decisions V,(f,) of the first k
stages of the problem, i.e., f, +1=7,(f,.v.(f,)). CZ.(f,,v,(f,))) is the cost of the decisions made
from stages k to k+1. g,(f,) denotes the value of the best metric to reach the end of the process

using the optimal strategy starting from the state f, of the k th stage of the problem, which can be
time, space, path, yield, etc.

2.1.3. Conditions for the applicability of dynamic programming algorithms:

1) Optimal substructure property. Dynamic programming algorithms to solve multi-stage decision-
making problems, the first step is often to describe the structure of the optimal solution to the problem,
if the optimal solution of a problem is composed of the optimal solution of the subproblem, the
problem is said to satisfy the optimal substructure property. The nature of the optimal substructure is
the basis of dynamic programming algorithms, any solution structure does not satisfy the nature of
the optimal substructure of the problem, it can not be solved by dynamic programming methods.

2) No backwardness. When the multi-stage decision-making problem is divided into a number of
stages, for a certain stage, the state of each stage before it will not be able to affect the decision made
in the current stage. The current stage can only through the current state of the decision-making
process to the future development of the process will not depend on the state of the previous stage,
which is the absence of posteriority.

3) Overlapping subproblems. When the algorithm repeatedly calculates the same sub-problem in the
process of running, it means that the sub-problems in the problem have overlapping. The subproblems
of the problem that can be solved by the partition algorithm cannot overlap, and if the subproblems
overlap, there are a large number of repetitive calculations in the partition algorithm, which leads to
the time inefficiency of the algorithm.

2.1.4. Patterns in the design of dynamic programming algorithms. The conventional design steps of
the dynamic programming algorithm are as follows:
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1) Define subproblems: Based on the characteristics of the problem, the problem is divided into
several subproblems. There is a sequential relationship between the sub-problems and the current
sub-problem can be solved given a relatively small sub-problem solution.

2) Select the state: the objective situation of the subproblem is represented by the state, and the
state must satisfy no posteriority.

3) Determine the state transfer equation: the process of determining the state of the current stage
through the state of the previous stage of the current stage and decision-making choices is state
transfer. Decision-making and state transfer have a direct connection, if the stage is determined to
determine the range of decisions that can be selected, then the state transfer equation of the problem
can be written naturally.

4) Finding boundary conditions: the initial or ending conditions for the iteration of the state transfer
equation. Dynamic programming algorithm does not have a unified standard model can be used for all
problems, the actual problem is different, the algorithmic model of dynamic programming is also
different, therefore, the need for specific problems to be specifically analyzed.

2.1.5. Common Subproblem Models
I: Inputis X, X,,...,X,, divide the subproblem by X, X,,...,X.

II: Inputs X, X,,...X, and 1.Y,...,Y , divide the subproblems by X,,X,,...,X, and Y.Y,,..Y,.
[1I: Divide the subproblem by X, X, ,,..,X, whentheinputis X,X,,... X, .

i+lo°"

IV: When the input is a tree structure, the stage is divided by subtrees.

Tree dynamic programming is dynamic programming built on a tree structure. The subproblems are
more obvious in the tree structure, and generally the subtree with each node as the root node is the
subproblem. The state transfer equation is established based on the relationship between the father
node and the child node, and the optimal value of the father node is deduced from the optimal value
of the child node. Finally, the optimal solution of the problem is finally obtained by passing information
to the root node through the child nodes of the root, and solving for the root.

2.2. Adaptive Dynamic Programming Fundamentals

2.2.1.  Bellman Optimality Principle. Dynamic programming (DP) method [27] is an effective tool for
solving optimal control problems. The Bellman optimization principle involves splitting the multistage
problem into simple single-stage problems and solving them one by one. In the problem solving
process, the use of reverse analysis strategy, that is, for a stage of decision-making, it depends on the
current state and will affect the later decision-making, each stage of the optimal decision-making
composition constitutes the optimal strategy of the problem. Linear, nonlinear dynamic problems can
be solved using the idea of the principle of optimality, for the discrete nonlinear system assuming that
phase & has state variable x(k),the decisionis u(k),you can get the following dynamic equations:

x(k+1) = F(xe(k),u(k)),k = 0,1, (5)

where: x(k)eR" is the state variable and u(k)€R" is the decision variable. This equation for
moving from x(k) to x(k+1) is called the state transfer equation. Define the “cost” of transferring
the system from state k£ tostate k+1 with the following cost function:

JOx(@)i) = 2 7 IOk, ulk), k), k = ii 1, (6)

k=i
where: [(x(k),u(k),k) represents the utility function, y(0<y <1) is the discount factor and is
satisfied, the cost function can also be called the performance indicator function. In the case of initial
state determination, the control objective is to minimize the above equation by solving u(k). The
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optimality principle of problem solving is the idea of reverse recursion, to minimize the cost function
in stage k&, the minimum cost of the current moment and the next moment needs to be cumulative:

J"(x(k)) = min,,, {(x(k),u(k)) + yJ" (x(k +1))} (7)

The corresponding decision u(k) atthe stage of satisfying % inthe above equation is the optimal
decision at the current moment and is represented by the following equation:

u' (k) = argmin, , {(x(k),u(k)) + yJ " (x(k +1))} 8)

For continuous nonlinear systems:
J(x(0,0) = [ " Ux(@)u(0)d7 9)
x(t)zF(x(t)au(t))at:()vlv'” (10)

where: F(x,u) represents the continuous system state function. The cost function of this system is:

It has the same meaning as the cost function of the discrete system, i.e., find an optimal response to
minimize the cost function. The way to solve the continuous system is to discretize it and find the
solution by using the idea of discrete system, both will theoretically converge to the same solution as
long as the sampling time is small enough. According to the optimality principle, the Hamilton-]Jacobi-
Bellman (HJB) equation can be obtained:

ol . oJ
T D M {Z(X(t),u(t),t) + (%) F (x(t),u(t),t)}

. (11)
oJ

ox(t)

= 10x(0),u” (0),0) + () F(x(0),u’ (¢),1)

The above equation is a first order nonlinear partial differential equation of J (x(£),f) to x(¢),t.
Motor vector control is a nonlinear system, and the optimal control strategy is obtained by solving the
HJB function. However, it is not easy to solve the first order nonlinear partial differential equation, and
the problem of “dimensional disaster” occurs with the growth of state variables and decision making.

2.2.2. Adaptive dynamic programming. Adaptive Dynamic Programming [28] uses a function
approximation structure to approximate the performance index function and realize the forward
solution of the optimization problem. The structure of ADP method mainly consists of evaluation
network, action network network and model network. Where the evaluation network is the
approximation structure of J(x(k)), the action network is the approximation network of the
relationship between x(k) and u(k),and the model network represents the controlled system. Two
strategies are used to realize ADP: Heuristic Dynamic Programming (HDP) and Quadratic Heuristic
Programming (DHP), and the schematic diagrams of HDP and DHP are shown in Fig. 1 and Fig. 2,
respectively. It can be seen that the network structure of HDP and DHP is basically the same, the
difference lies in the cost function output of the two. HDP evaluates the network output cost function,

while DHP outputs the cost function gradient M
ox(k)
——— 1X g'llze ' """"""""""""""""""""""""""""""""""" i
Action u(k) S Model X(k+1) 3 Evaluation J(X(k+1))) +L(( K90
X(k) . network . network . network ]
v Ta T
Evaluation | J(x(k)) s

network
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Fig. 1. HDP schematic diagram
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Fig. 2. DHP schematic diagram

Adaptive dynamic programming evolved gradually from the beginning when it had to be trained
offline to being able to learn adaptively online. For continuous nonlinear systems, the cost function is
shown in Equation (9) and the state equation is shown below:

x = f(x)+g(xu,x(t,) = x, (12)
The HJB functions are as follows:

H(x,u,Jx)zl(x,u)+JxT(f(x)+g(x)u) (13)

where: J_ is the partial derivative of the cost function with respect to x.When the optimal control
strategy is found, the H]B function is equal to 0. A neural network is generally used to fit the evaluation
network and the action network:

J(x)=W!g (x)+e,

. (14)
u(x)=W,¢,(x)+¢,

where W and W, are the evaluation network and action network weights, ®, and ®, are the

activation functions of the evaluation network and action network. &, and &, are the errors of
evaluation network and action network. Substituting the output of the evaluation network into the
above equation, when H(x,u,J ) is gradually approaching 0, it means that the evaluation network
gradually reaches the optimal cost, and the output of the action network will reach the optimal strategy

decided by the evaluation network. According to the above idea synchronously update the two
network weights to achieve online adaptive.

2.2.3. DHDP Fundamentals. Discrete nonlinear systems:
x(t+1) = fTx(0),u(r)] (15)

x(¢) is the system state variable, and u(¢z) is the system control variable. The system indicator
function, or called the cost function:

J(t)= ia“r(wk) (16)

r is the utility function, which represents the reward and punishment of the system, and
a(0<a <1) is the discount factor, which represents the effect of » on the indicator function at
different times. In order to solve the optimization problem consisting of equation (14), it is necessary
to find a suitable decision sequence u(¢) that minimizes the indicator function J . According to
Bellman's optimality theory, thatis, J" isthe minimum costsum of ¢ momentsand ¢#+1 moments,
and the corresponding ¢ moments u(¢) also reach the optimum:
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u' (1) =argmin, , {r(x(t),u(t)) +aJ" (x(t+1))} (17)

DHDP uses the structure of evaluation network, action network and model network, the DHDP
schematic is shown in Figure 3:

X(t)| network network

, ‘ | )
v r(t)T v oo T J(t-l)-r(t)T

u 1 X!tz H i
Action u(t) Evaluation J(t): *

System Uc(t)

Fig. 3. Schematic diagram of DHDP

The role of the evaluation network in the figure is to evaluate the error function of the network by
calculating the indicator function based on the state variables and training it based on the error
function:

E(t)y=e(t)/2
e.(t)=al(@t)-[J(t-1)-r()]

In order to ensure the convergence of the indicator function to the target, the evaluation network
adopts the idea of back-propagation, and the network weights are updated by calculating the first-
order bias inversion of the error to the weights:

(18)

w.(t+D)=w(t)+Aw, ()
OE (1) (19)

Aw,(£) = -4, o )

w.(t) is the evaluation network weights and A.(4 >0) is the learning rate of the evaluation
network, which decays linearly with .

The action network is designed to indirectly back-propagate the error between the indicator
function J and the target value. The target value of the indicator function U, (f), and setting U, ()
to 0 represents the target value of the indicator function training is 0. The state variables are used as
inputs to the action network, and the control signals output by the network are used as inputs to the

model network, so that the action network can be put into use in either linear or nonlinear models.
The error function of the action network is as follows:

E (t)=e(t)/2

20
¢, (1)=J(-U,(0) (20)
The weight update algorithm is similar to the evaluation network:
w, (t+1)=w,(t)+Aw,(?)
Aw, () = -4, LD (21)

" ow, (1)

w. (¢) represents the action network weights, and 4 (4, >0) represents the learning rate, which
decays linearly with z. The action network and evaluation network of DHDP are constructed using
PIDNN, which is shown in Egs. (19) and (21), and the training updates of network weights w, and
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w. are adjusted according to the feedback self-learning, which needs to compute the gradient change,
which is computationally intensive and slow.

3. Effectiveness of Adaptive Dynamic Programming Algorithms in Balancing
Teaching Resources

3.1. Application of Adaptive Dynamic Programming Algorithms to Class Scheduling

3.1.1. Resource balance results for scheduling quality. The genetic algorithm, ant colony algorithm
and adaptive dynamic programming algorithm are used for experimental testing respectively, with the
same test cases, and the quality of the scheduling is judged according to the number of soft constraints
satisfied in the class schedule, and the comparison is made after ten runs of each. The comparison
results of the three algorithms are shown in Table 1. All three algorithms for class scheduling
effectively avoid the occurrence of conflict phenomenon. The ant colony algorithm satisfies the
constraints better than the genetic algorithm, but underperforms compared to the adaptive dynamic
programming algorithm. The quality of the class schedule discharged using the adaptive dynamic
programming algorithm is superior compared to the two algorithms.

Table 1. Comparison results of three algorithms

Genetic Ant colony Adaptive dynamic planning
Program . . .
algorithm algorithm algorithm
The number of times of hard constraint 0 0 0
A course has two classes a week, and the course
38.74 26.59 17.35

is less than a day
Difficult courses schedule bad times 35.12 21.33 16.42

The number of times a teacher has less than a

9.71 4.28 1.05

special requirement

3.1.2. Comparison of Algorithm Runtime and Adaptation. The running time and adaptability of the
three algorithms are compared and analyzed when the scheduling units are 60, 120, 240, 480, and 960.
The results of comparison of algorithm running time and adaptation are shown in Table 2. As can be
seen from the table, the three algorithms have more running time as the number of scheduling units
increases. In the case of the same scheduling units, the ACO algorithm takes the longest time and the
adaptive dynamic programming algorithm is the shortest. The fitness values of the three algorithms
increase with the growth of scheduling units, and the fitness of the algorithms gradually stabilizes
when the number of scheduling units reaches a certain number. The adaptive dynamic programming
algorithm has a higher fitness value than the other algorithms for the same number of scheduling units.
In summary, the adaptive dynamic programming algorithm has a short scheduling time and its
adaptability value is much larger than other algorithms, so it is verified that the use of adaptive
dynamic programming algorithm to solve the scheduling problem is feasible and effective. For example,
in the scheduling unit at 960, the time used by the algorithm in this paper is reduced by 23.82s and
65.72s compared with the genetic algorithm and the ant colony algorithm; and its adaptability is
improved by 52.83 and 21.77, respectively.

Table 2. The algorithm runs time and fitness comparison results

Comparative Scheduling Genetic Ant colony Adaptive dynamic planning
content unit algorithm algorithm algorithm
Algorithm time( s) 60 28.053 34.264 27.668
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120 55.489 66.049 52.816
240 113.456 108.316 85.893
480 268.002 300.35 233.453
960 631.484 673.387 607.667
60 174.364 205.496 216.722
120 200.139 206.765 225.955
Algorithm fitness 240 211.388 218.256 271.736
480 244.322 268.182 316.954
960 289.786 320.842 342.612

3.1.3. Convergence comparison of algorithms. In order to compare the performance of the
algorithms, given a convergence value, the three algorithms are analyzed for reaching that
convergence value. Given the operation time and adaptation value, set the scheduling unit to 526, the
algorithms run until 150 seconds to stop the operation, the adaptation value of 250 to stop the
operation, each algorithm is run 15 times, and the number of iterations and the adaptation value at
the time of stopping the operation are recorded. The results of convergence comparison of the
algorithms are shown in Table 3. When stopping the operation, the ant colony algorithm (98.634 times)
and the genetic algorithm (105.815 times) run fewer iterations than the adaptive dynamic
programming algorithm (123.258), which shows that the three algorithms are the most efficient and
the ant colony algorithm is the least efficient when scheduling classes. This is related to the multi-stage
decision making and dynamic planning strategy of the adaptive dynamic programming algorithm. In
terms of adaptability, the adaptive dynamic programming algorithm has a higher adaptability value
(281.163) than the ant colony algorithm (249.559) and the genetic algorithm (235.514), which again
validates the argument that a mixture of the two algorithms can make up for the inadequacy of a single
algorithm in solving the class scheduling problem.

The adaptive dynamic programming algorithm has the shortest running time when the fitness value
reaches 250. Since the adaptive dynamic programming algorithm uses a dynamic programming
algorithm with multi-stage decision making in the initial stage of the search, a large amount of search
time can be saved in the initial stage compared to the ACO algorithm. Using the ACO algorithm in the
later stages of the search avoids consuming a lot of time on useless iterations compared to the genetic
algorithm, while the ACO algorithm also has better parallel search capability. Therefore, the adaptive
dynamic programming algorithm for solving the scheduling problem is superior to the ant colony
algorithm and the genetic algorithm in terms of operational efficiency and rationality of the class
schedule.

Table 3. The convergence of the algorithm is compared

Performance comparison Algorithm [teration number Fitness
Genetic algorithm 105.815 235.514
Ant colony algorithm 98.634 249.559

The performance comparison of the

given operation time algorithm( The
Adaptive dynamic planning

scheduling unit is 526,time=150 s) ) 123.258 281.163
algorithm
Performance comparison Algorithm [teration number Running time
Genetic algorithm 147.69 251.245
The proposed fitness value )
. ) Ant colony algorithm 101.019 209.819
algorithm is compared(The Adantive d ‘e planni
scheduling unit is 526 fitness=250) apHive cynarmic planiing 94.818 160.904

algorithm
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3.2.  Application of Adaptive Dynamic Programming Algorithm in Teaching Resource Balancing

3.2.1. Experiment on balanced division of resources for management of disciplinary types. Scientific
and effective teaching management methods are an important factor in ensuring teaching quality. In
the teaching process, it is necessary to focus on optimizing the dynamic optimization problem of
teaching quality management in colleges and universities. The dynamic planning algorithm is based
on the optimization of the process of online and offline integration of teaching management in colleges
and universities, and the optimization is mainly carried out from the point of view of two-way dynamic
programming in this method.

In order to test the accuracy of the adaptive dynamic programming algorithm, 25 courses of the
same type of data were used for sequential numbering test, in which a group of 5, divided into (subject
1~subject 5) 5 different educational disciplines to test and take the median. The results of the
algorithm grouping optimization accuracy comparison are shown in Figure 4. The results of the
analysis show that by introducing the optimization measures of the adaptive dynamic programming
algorithm, the accuracy of the college teaching management has been improved in all the discipline
groups. The optimized algorithm demonstrated higher accuracy than the pre-optimization in all
subject groups tested, with subject 1 showing the most significant accuracy increase of 17.4% and
subject 4 showing the lowest increase of 4.0%. The increase in the remaining three disciplines ranged
from 9.6% to 12.1%. It can be seen that the introduction of the adaptive dynamic planning algorithm
resulted in a significant increase in the balancing effect of discipline type management resources.

:| Adaptive dynamic planning algorithm
C] Dynamic planning algorithm

90.5
Discipline 5 |8
0.2
| b
Discipline 4
g eer fa
e
=)
B ‘88.()
& Discipline 3
= 79
: |
Q
vy
e 4.3
A Discipline2 |~;
82.2
073
Discipline | |
80
T T T T T
0 20 40 60 80 100

Percentage accuracy(%)

Fig. 4. Algorithm optimization accuracy comparison

To further demonstrate the characteristics of the algorithm after optimization, Fig. 5 shows the
comparison curve plots of the overall pre-optimization and post-optimization at various stages for 25
datasets accompanied by data volume and time variations. As can be seen from the figure, the adaptive
planning algorithm takes longer time than the planning algorithm with the same test data nodes. This
shows that the computational performance of the algorithm is significantly improved after
optimization.
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Fig. 5. Algorithm optimization curve

3.2.2. Multidisciplinary resource balance merger experiment. After passing the algorithmic
accuracy measure described above, the overall instructional management merger experiment is to be
conducted. The minimum score problem of the sports event merger test is a very typical test of the
practical application of decision monotonicity, which meets the requirements of quadrilateral
inequality and monotonicity in the process of state transfer, which fundamentally reduces the number
of states involved in the process of state transfer, and achieves the purpose of reducing the complexity
of the problem in the time required to solve the problem on the basis of the qualitative purpose. This
method is often used for course scheduling optimization, in which multiple programs need to be
combined in order to minimize costs or maximize benefits. The study selected a number of datasets
divided into different types of courses and optimized the data by merging and combining them so that
the total score of each group meets the minimum requirements, and the results of the experimental
data for course scheduling optimization are shown in Table 4. [t can be seen through the test that when
the amount of data is small, the difference between the time required before and after optimization is
not significant. Along with the increase in the amount of data, the effect of optimization is significantly
enhanced and the time required is significantly shortened, especially when the course schedule is
intensive. At this time, the efficiency of test groups 3, 4 and 5 is increased by 50%, 66.67% and 83.33%
respectively, and the time required after optimization is significantly reduced.

Table 4. The course arrangement optimizes the test results

Test group
Test content
1 2 3 4 5
2 6.8.3 7,13,14,8, 13,11,12,15,19, 16,7,1,9,15,11, 25, 22,
Test data number 1,13,4,2,7 ;; 1 iz’ 9,12,4,2,5, | 16,13,11,18,9,7, | 24,21, 18,19, 16, 20, 3, 24,
n 6,3,0 2,17,8,14 17,12, 23,10, 20,8
Output result 45 68 194 1206 3754
Optimize the pre-run
) 0.06 0.06 0.06 0.06 0.06
time( s)
Optimized running
) 0.06 0.06 0.03 0.04 0.05
time( s)
Efficiency added( %) 0.00 0.00 50 66.67 83.33
Effect No obvious change Obvious
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3.2.3. Teaching resource planning test results. Another test was conducted to solve the monotonicity
of inequalities and decisions. The post office test is one of the current popular methods which
functions to maximize the allocation of teaching resources, and this test can be used to derive
reasonable teacher working hours, design the most efficient scheduling plan, arrange teachers
according to the number of students, and so on. The test selected 25 test data for post office problems
and the results of the teaching resource planning test are shown in Table 5. The results show that the
optimized algorithm is fully applicable. When the data is relatively small, the time before and after
optimization is still not much different. And along with the increase in the amount of data, the
alternating increase in the number of villages involved and the number of post offices to be established,
the time of the optimization project is obviously reduced, while the efficiency of the optimization has
been significantly improved. Especially, the effect of the fifth group of tests is obvious, with a 100%
improvement.
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Table 5. Teaching resource planning test results

Test group
Test content
1 3 4 5
Village number 1 2 8 28 27
Output result
Post number 4 13 282 292
Output result 8 15 57 18934 24512
) ) Preoptimize 0.08 0.07 0.07 0.15 0.16
Running time( s) —
After optimization 0.06 0.04 0.04 0.08 0.08
Efficiency added (%) 33.33 75.00 75.00 87.50 100.00
Effect General More obvious More obvious More obvious Obvious

4. Conclusion

This paper introduces the Bellman optimization principle on the basis of the dynamic planning
algorithm and constructs an adaptive dynamic planning algorithm. The balance of resources and the
application effect of the algorithm in the online and offline integrated teaching of higher education are
analyzed.

1) The adaptive dynamic planning algorithm can be applied to resource balancing problems such as
class scheduling in the process of teaching, and the quality of its class schedule is better. In addition,
with the increase of class scheduling units, the running time of the algorithm is more, but compared
with other algorithms, the computing time is the shortest, and the adaptive ability is stronger, the
advantage is more obvious. Especially in terms of adaptability, the adaptability value of this paper's
algorithm (281.163) is 31.60 and 45.65 higher than that of ant colony algorithm and genetic algorithm,
respectively, which once again verifies that this paper's algorithm is better in terms of operational
efficiency and schedule rationality when solving the scheduling problem.

2) After the introduction of the optimization measures of adaptive dynamic programming algorithm,
the accuracy of college teaching management is improved by 4.0%-17.4% in all subject groups. It can
be seen that the optimized algorithm demonstrated higher accuracy than the pre-optimization in all
subject groups tested. The optimization effect of the model is more obvious when the amount of data
processed by the model is larger.
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