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Abstract: In recent years, the emergence of a large number of parallel data makes us pay 

more and more attention to how to improve the efficiency of decision-making. In this paper, 

scalable machine learning is the research object. First, the existing problems and 

development directions of existing related technologies are analyzed. Then, an extensible 

machine learning algorithm is introduced to solve these problems. Finally, MATLAB is 

used to realize the optimization simulation of n subsystems, and the regression equation 

between the final result and the optimal value as well as the mean square error is obtained. 

The corresponding conclusions are drawn. The parallel and distributed optimization 

algorithms of extensible machine learning run for a short time, The parallel capacity is 

about 3500k, and the global performance can be effectively improved by updating existing 

methods in the feasible region. 

1. Introduction 

Machine learning is a new idea, which developed rapidly in the 1930s. Because of its unique and 

efficient, it has been widely used in scientific research and teaching. With the rapid popularization 

of large-scale integrated circuit technology, artificial intelligence algorithm and other related 

knowledge bases and in-depth promotion of application computing [1-2]. The ability of machine 

processing information is constantly enhanced and tends to be stable. At the same time, more and 

more advanced scientific theories and methods have been developed and applied to practical 

production and life, and certain achievements have been achieved. Therefore, it can be said that the 

problem of distributed optimization based on scalable machine learning has become a hot topic 

[3-4]. 

So far, scholars at home and abroad have done a lot of research on scalable machine learning, 
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virtual world, generalization capability and generic optimization, and have made some 

achievements. They have proposed solutions to these problems from different perspectives. Many 

domestic universities and research institutes have conducted systematic research on scalable 

machine learning, and achieved good results [5-6]. Some scholars introduced how to use the model 

to determine the similarity between sample points. First, a simple linear addition model was 

established to calculate the distance between two nodes and three different nodes, and then the 

algebraic equation with the minimum number of corresponding relationships when obtaining the 

required data was obtained. Then, the formula was extended and improved. Some scholars first 

proposed a machine learning strategy based on knowledge redistribution in their works. The 

strategy aims to minimize the space utilization at the cost of time and maximize the space utilization, 

providing guidance for the rational arrangement of existing resources. Other scholars have studied 

scalable machine learning algorithms and related applications [7-8]. Therefore, parallel and 

distributed optimization algorithms for scalable machine learning are studied in this paper. 

With the rapid development of information and network technology, people have higher 

requirements for data sharing, exchange and application, and scalable machine learning can solve 

these problems well. This paper mainly introduces the extensible machine learning model and its 

basic principles. In this paper, we will establish a virtual prototype system with real-time updating 

characteristics according to the parameters to realize the generalization capability evaluation index 

value distributed algorithm, and then verify whether the strategy can effectively improve the 

reliability, accuracy and robustness of the performance evaluation results through simulation. 

2. Research on Parallel and Distributed Optimization Algorithms for Scalable Machine 

Learning 

2.1. Extensible Machine Learning 

The goal of scalable machine learning is to improve the performance of data sets. Therefore, how 

to effectively reduce redundancy in the parallelization process and obtain high-precision, real-time 

processing, etc. Extensible machine learning is to optimize the newly generated content on the basis 

of existing knowledge by using existing data and algorithms. First, you need to determine a sample 

[9-10]. Then, establish the corresponding model according to the required samples and use the 

samples to test, and when enough new samples are obtained, you can start the next step, that is, 

design the learning process of a part of the unknown group set in a specific scenario, so that the 

entire task has been completed before each iteration, which is what we call the parallelization 

problem. In large-scale parallelization, the same resource allocation strategy is used to ensure the 

similarity and overlap between the numbers of samples obtained. When different methods are used 

to analyze the representative samples, it is found that their differences are very large, and they are 

likely to be inconsistent or even contrary to the existing literature description, which leads to the 

increase of the untrustworthiness of the data set. Therefore, in order to solve this problem, scalable 

machine learning is a rule-based randomization process. It can be continuously optimized, so that it 

can be free of space constraints and time dependence, and has strong fault tolerance, frequent use in 

the de dynamic range, and high efficiency [11-12]. Figure 1 is an extensible machine learning 

flowchart. 
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Figure 1. Scalable machine learning 

When one has two unknowns, there will be a global optimal solution, that is, there is only one 

answer to the question we have studied. Otherwise, it is the local best or all the best solutions. Each 

scalable machine learning needs to optimize it. This technology mainly studies how to use existing 

data sets to increase the performance indicators of the entire link. It has certain advantages when 

dealing with large-scale information in the machine learning process, In some special cases, a 

variety of algorithms can be used to classify the input samples to achieve better optimization results. 

2.2. Process of Parallel Computing 

Parallel computing is an optimization algorithm based on distributed space. Through a large 

number of experimental studies, we found that when given conditions, such as initial allocation and 

measurement parameters, we use traditional methods to achieve. However, with the increasing scale 

of the system The increasing performance requirements and large-scale applications challenge the 

high resource utilization (For example, the degree of data sharing is reduced, and the overhead 

computing time is saved because the database can be directly called or the memory operation in the 

function library can be modified in some cases. The basic idea of parallel computing is to randomly 

extract a data set from each observation value. Each set needs to undergo an iteration, and each step 

is completed to get the next level. First, all input sequences are given initialization weight [13-14]. 

Because when there is no global optimization criterion, we can turn the original vector solution into 

a subspace to solve the optimal solution of the problem; Secondly, the output vector is redistributed 

to the output variable and storage parameter in the whole process, and its value is saved as a cost to 

calculate and process all possible parallel operations in the dataset, and finally the results are 
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returned to the next layer. The main process of parallel computing is: first, define an initialization 

matrix, that is, give a subspace distributed on each node, and then analyze the data obtained 

according to certain rules to obtain the corresponding results. When two independent entities are 

connected with each other and have different conditions under constraints, they need to use the 

same parameter. These conditions are called combination, parallelism, universality and other 

eigenvalues. Combination means that the subspace on a node can contain two types of data at the 

same time [15-16]. When a node set contains multiple available resources, the network will 

automatically decompose it into two sub chains, that is, multiple nodes are used to calculate the 

time and space allocated to each class or subsystem. In a parallel machine learning environment, 

these groups are connected to each other to determine an extensible machine learning system model. 

Next, the data is encoded to form a virtual world in the required form, and then specific mapping 

relationships are generated to the entity according to the requirements to achieve a complete 

structural model [17-18]. The speedup ratio is one of the common scalability metrics. For a given 

application G, the speedup ratio Sp is defined as: 

p
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T
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S 1

     

(1) 

When Sp=P is the linear acceleration ratio, Up=1 is the best efficiency. At present, common 

speedup models mainly include Amdahl's law based on fixed workload or fixed problem scale, 

Amdahl, Gustafson's model WlSGustafson, which can be used to solve the scalability problem of 

parallel computing, etc. They measure the scalability of parallel computing, and in turn guide the 

development of parallel computing. 

 11 


Pf

P
SAmdahl

     

(2) 

In the formula, f refers to the ratio of the workload not parallelized in a program to the workload 

of the whole program. The basic research on these concepts and theories has greatly promoted the 

application of moderate parallel computing technology. However, according to the law revealed by 

Amdahl's Law, with the gradual increase of the number of processors in the system, the acceleration 

ratio of the entire program eventually approaches 1/f. 

2.3. Distributed Optimization Algorithm 

In the distributed optimization algorithm, the traditional method and the improved heuristic 

function can be combined to achieve the optimal solution. Traditional genetic algorithm is from 

local search to global optimization. It mainly depends on the characteristics of the sample itself for 

random selection. However, because this search method has strong uncertainty and lacks 

comprehensive and complete information to ensure the slow evolution of the population and the 

inaccurate convergence point, the distribution focuses more on the similarity between groups, that is, 

finding the most similar individuals and the most representative gene sequences in different places 

as the objective function, so as to achieve global optimization. The distributed optimization 

algorithm is based on the rule of random phenomena in probability and mathematical statistics, 

which can predict the local optimal solution in a specific time. Because of these characteristics, it 

can be used for some complex problems. Figure 2 shows the flow of distributed optimization 

algorithm. 
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Figure 2. Distributed optimization algorithm process 

For the research object in this paper, we first considered two possible situations from three 

aspects: first, when we need to conduct large-scale experiments, second, because of some reasons, 

the experiment failed and the results could not be tested or the data could not be accurately obtained, 

and finally, when no optimal solution was found in a specific time. The distributed method uses the 

real-time information of samples, which can improve the global optimization ability to a certain 

extent. However, due to the randomness and asynchronous characteristics, the algorithm will be 

unstable. Therefore, an improved probability optimization strategy is proposed to solve this problem. 

The strategy is to first compress the data to maintain the original attributes, and then use the average 

convergence factor value under the homogenization or approximate minimum mean square error as 

the parameter estimator and the distribution function as the optimal solution before updating the 

particles. 

3. Experimental Process of Parallel and Distributed Optimization Algorithms for Scalable 

Machine Learning 

3.1. Parallel and Distributed Optimization Algorithm Framework Based on Extensible 

Machine Learning 
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Figure 3. A framework of parallel and distributed optimization algorithms based on scalable 

machine learning 

As shown in Figure 3, in the extensible machine learning, the existing knowledge has been 

expanded to improve their cooperative work ability. This method obtains better performance by 

constantly updating the original content within a certain time range. First, we give a characteristic 

parameter value function with good certainty, which is easy to apply to real life, and easy to 
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implement and control. Then we define these data as properties that specifically describe attributes 

or state dependent properties. Finally, we use some commonly used models in extensible machine 

learning to expand these attributes to form a complementary relationship with other types of 

methods. The extensible machine learning method is based on the original, According to the 

existing theoretical knowledge, use the existing mature technology and tools to optimize and 

improve it. The algorithm is widely concerned because it requires a large number of data sets and 

has a slow computing speed. Based on the fact that the distributed link online updating method does 

not support the performance under the parallelization condition, the traditional spline control point 

scalable machine learning method achieves rapid convergence in the iteration cycle, but these 

problems are random. The parallel distributed optimization algorithm based on extensible machine 

learning is mainly a new method proposed by traditional Python to solve complex and nonlinear 

problems. This method takes advantage of the association relationship between many different 

categories, and randomly selects more than two types of attributes in a given group. By combining 

these two types of attributes, it realizes the interdependence and collaboration between all nodes in 

the entire network topology. At the same time, it also takes into account whether the virtual 

resources in the current virtual link can be reallocated to reduce the required overhead when there 

may be some changes between various types of attributes. 

3.2. Functional Test of Parallel and Distributed Optimization Algorithm Framework Based on 

Extensible Machine Learning 

The test content includes the performance test, performance analysis and improvement of two 

different dimensions of scalable machine learning algorithms. This method can be used in each 

random sampling sample point to achieve parallel distributed optimization. If there are multiple 

intra group outsourcing, select one of them as the test set for testing. If a combination of single 

machine learning algorithm is used, other joint random sampling can also be considered for testing. 

One dimension function is used to calculate the proportion between the number of distributed 

samples and all feature subsets in each attribute set. This value is called observation value. The 

average weight of this data directly determines whether the model is effective in the global. The 

other dimension function is used to measure how much the number of random variables in each 

attribute set affects its statistical inference ability. 

4. Experimental Analysis of Parallel and Distributed Optimization Algorithms for Scalable 

Machine Learning 

4.1. Functional Test Analysis of Parallel and Distributed Optimization Algorithm Framework 

Based on Extensible Machine Learning 

Table 1 shows the functional test data of parallel and distributed optimization algorithm 

frameworks. 

Table 1. Parallel and distributed optimization algorithm framework function 

Test times 
Algorithm processing 

time(s) 
Frame run time(s) Parallel capacity(k) 

1 5 4 3421 

2 4 5 4325 

3 3 4 3454 

4 5 6 3523 

5 4 4 4334 
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Figure 4. Functional testing of parallel and distributed optimization algorithms based on scalable 

machine learning 

Through the analysis of the test results of the scalable machine learning algorithm, it can be seen 

that the parallel and distributed methods based on scalable machine learning have certain 

advantages in solving complex and time-varying problems. There may be mutual interference 

between the two local optimal solutions. Secondly, the proportion of the same type of parameter set 

in the feasible regions under different types is large and there are many influencing factors. Finally, 

when the combination scale of n feasible regions is determined. It can be seen from Figure 4 that 

the parallel and distributed optimization algorithms of this scalable machine learning have a short 

running time and a parallel capacity of about 3500k. 

5. Conclusion 

With the rapid development of computer technology, machine learning and parallelization have 

become a hot topic. In this paper, N different kinds of robots are studied. The performance 

evaluation system of multi class robots is built by using the scalable resource allocation method 

based on MATLAB/environment. The simulation analysis shows that the model can control the two 

nodes cooperatively. In the cooperation, the virtual parameter selection algorithm is used to realize 

the local optimal value selection, and finally the mean square error and mean absolute deviation of 

the data required to minimize the actual error are reduced to the lowest level, so as to improve the 

integrity and stability of the system. 
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