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Abstract: With the rapid advancement of advertising technology, advertising intelligent 
algorithm platforms are facing increasing computing and storage challenges, especially in 
the context of distributed architecture. Improving platform performance has become a key 
and urgent task. This study is based on the basic framework of distributed systems, and 
deeply explores the performance constraints of advertising intelligent algorithm platforms 
in areas such as data storage, computing resource allocation, algorithm training, and 
network broadband. Targeted optimization measures are proposed. Specific strategies 
include adopting advanced data processing architectures, implementing flexible resource 
allocation and management, using distributed algorithm training architectures to 
accelerate model training processes, and optimizing data transmission processes to 
enhance platform performance. After experimental testing, the optimized platform 
exhibits better efficiency and lower latency in processing large amounts of data and 
high-intensity computing tasks, comprehensively improving the performance level of 
advertising intelligence algorithms. This study provides an effective solution for 
improving the performance of advertising intelligent algorithm platforms and has high 
practical value. 

1. Introduction 

When dealing with the massive user data parsing, real-time decision-making, and customized 
recommendations of advertising machine learning platforms, the strong demand for computing 
power and storage resources has become particularly prominent. Distributed architecture, as a key 
solution for solving large-scale data processing and high concurrency computing tasks, has been 
widely deployed in the field of advertising machine learning. In a distributed environment, 
advertising machine learning platforms still face many challenges such as data storage limitations, 
computational performance bottlenecks, uneven resource distribution, and long model training 
times, all of which affect the overall performance of the system. Exploring and improving the 
performance of advertising machine learning platforms to address these challenges has become a 
focus of academic attention. This study aims to analyze these difficulties and propose specific 
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performance improvement measures to enhance the efficiency and scalability of advertising 
machine learning platforms. 

2. Characteristics of Distributed Systems 

Distributed systems, with their unique characteristics, as shown in Figure 1, exhibit unique 
advantages in handling complex tasks and large-scale datasets. Its parallel processing capability is 
particularly outstanding, as multiple nodes can synchronously execute different tasks, improving 
computational efficiency. For advertising machine learning platforms, they must handle massive 
amounts of user data and advertising content, while distributed systems reduce processing time by 
distributing computing tasks to numerous nodes for parallel operations. Scalability is also a key 
attribute of distributed systems. Faced with the continuous increase in data scale and processing 
requirements, the system can flexibly expand computing resources. By adding more nodes, the 
system can handle a larger amount of tasks and data without interfering with existing services. 
Distributed systems have shown strong adaptability and advantages in the application of advertising 
machine learning platforms, effectively solving performance bottlenecks and ensuring service 
efficiency and stability. 

 

Figure 1. Characteristics of Distributed Systems 

3. Performance issues of advertising machine learning platforms 

3.1 Bottlenecks in large and complex data storage and computation 

In advertising machine learning platforms, massive amounts of advertising information and 
related data need to be efficiently processed and saved, including key data such as user behavior 
tracking, ad click through rates, and conversion tracking. These data volumes are enormous, diverse 
in types and structures, covering everything from textual information to images, videos, and data 
captured by various sensors. Faced with vast and complex data sets, traditional single machine 
processing and storage solutions are no longer able to efficiently meet the requirements, and there 
are obvious performance bottlenecks. Especially in terms of data storage, with the continuous 
expansion of user scale, storage demand is exponentially increasing, which puts enormous pressure 
on databases and file systems, limits storage space, and affects data read and write efficiency. 
Traditional relational databases are difficult to handle complex data structures, while distributed file 
systems and NoSQL databases, although having some scalability, still face challenges in data 
consistency and transaction processing, which increases the overall complexity of the system. 
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3.2 Unequal allocation of computing resources and excessive system load 

In advertising intelligent learning systems, the imbalance of resource allocation is one of the key 
obstacles that constrain the efficiency of system operation. Given that advertising systems need to 
cope with massive data streams and complex intelligent algorithm models, resource allocation often 
deviates, putting immense pressure on certain computing nodes and affecting the overall 
performance of the system. The load faced by advertising intelligent learning systems is composed 
of a mixture of numerous tasks and requests, each with different computational requirements and 
data processing volumes. If the resource scheduling strategy of the system cannot monitor and 
adjust the load status of each node in a timely manner, some resource intensive tasks may 
excessively consume computing resources, compress the computing space of other tasks, and 
prolong the entire computing process. During periods of surge in traffic, uneven allocation of 
resources is particularly prominent, which may lead to a decrease in system efficiency and, in 
severe cases, may cause system paralysis or temporary service interruption. If the allocation 
mechanism of computing resources fails to reasonably consider the priority differences between 
tasks, the required computing load, and the specific requirements for data access, it may result in 
some tasks being unable to obtain necessary computing resources, affecting the processing capacity 
and response time of the entire system. 

3.3 Model training time is too long 

On advertising intelligence algorithm platforms, model training is a resource intensive activity, 
especially when dealing with massive datasets, where the training cycle is often extremely long. 
Given the massive amount of advertising data, such as user base, behavior history, and real-time 
click streams, relying solely on traditional single machine training methods is no longer sufficient to 
meet the requirements of fast and efficient processing. Even with the application of distributed 
computing architecture, excessively long model training time is still an urgent problem that the 
platform needs to solve. These advertising algorithm models are designed with complexity, 
involving numerous feature processing, parameter optimization, and model validation steps. Faced 
with a huge amount of data, model training must go through multiple iterations, adjust various 
hyperparameters, and perform cross validation. These operations are not only time-consuming, but 
also require extremely high computing power. Even with concurrent computing using multiple 
nodes, time constraints are difficult to completely overcome. Especially when applying deep 
learning techniques, the increase in training time is almost exponential, which undoubtedly poses a 
serious challenge for advertising systems that pursue instant feedback. The excessively long model 
training cycle affects the response speed and work efficiency of the advertising intelligent platform, 
and may also lead to resource waste, reduce the system's response sensitivity, and affect the 
effectiveness of advertising placement and user interaction experience. 

3.4 Network bandwidth limitations in distributed computing 

In distributed advertising intelligent algorithm systems, network bandwidth plays a key role in 
constraining overall performance due to its highly dependent architecture on large-scale data 
exchange. Faced with massive advertising data processing and intelligent algorithm computing 
tasks, frequent data exchange between nodes and broadband limitations may evolve into 
performance bottlenecks in the system, thereby reducing computing speed. In distributed processing 
architecture, the demand for data transmission is extremely large, especially during the execution of 
large-scale data caching, algorithm training, and parameter update operations. In advertising 
intelligent algorithm systems, achieving real-time data transfer between computing units is 
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particularly crucial, especially in distributed training mode where parameter synchronization and 
gradient information exchange between nodes will generate massive data traffic. Once the network 
broadband is insufficient, the data transmission rate will be limited, resulting in communication 
delays among nodes and affecting the overall computational efficiency of the system. The 
distributed network broadband limitation not only slows down data transmission speed, but may 
also cause a backlog of computing tasks, weaken the overall performance of the system, and 
become a major obstacle to improving the efficiency of advertising intelligent algorithm systems. 

4. Performance optimization and improvement strategies for advertising machine learning 
platforms 

4.1 Introducing an efficient data preprocessing framework to reduce data processing time 

Preprocessing data in advertising machine learning platforms is the core step in optimizing 
model training effectiveness and speed. This process generally involves data purification, attribute 
filtering, data standardization, and filling in data gaps, which often require a significant amount of 
computing power and time cost. Especially when dealing with the large, ever-changing, and 
continuously updated user data in advertising systems, traditional data processing methods cannot 
meet the requirements of efficient and real-time processing. Adopting advanced data processing 
architecture can shorten the time required for data processing and improve the overall operational 
efficiency of the platform. 

The advanced data preparation workflow supports distributed job execution of data, by 
dispersing the relevant operations of data preparation across numerous processing units for 
synchronous execution. This strategy improves the speed of data processing and alleviates the 
processing latency caused by the performance limitations of a single processing unit. Data 
preparation systems generally have scalable features that can automatically allocate computing 
power according to the growth of data size, ensuring that system performance does not decrease due 
to the expansion of data volume. The current data preparation system integrates various efficient 
algorithms and optimization methods, including data deduplication, compression, and feature 
extraction, which improves the efficiency of the data preparation stage and saves computing 
resources. The normalization process in data preprocessing can also be optimized through efficient 
algorithms. For example, the commonly used data normalization method in standardization is: 

 σ
µ−

=′
XX

 (1) 
In formula (1), X is the original data, μ is the mean of the data, σ is the standard deviation of the 

data, and X'is the normalized data. By adopting this advanced data preprocessing architecture, 
advertising machine learning platforms can achieve tasks such as data cleaning, format conversion, 
and standardization in a relatively short period of time, improving the efficiency of data processing. 
This provides stronger data support for the subsequent model construction and real-time advertising 
evaluation. This strategy shortens the data processing cycle, reduces the burden on system resources, 
and further enhances the overall performance and responsiveness of the system. 

4.2 Dynamic Resource Scheduling and Management 

In the intelligent advertising processing system, flexible allocation and regulation of resources is 
one of the key mechanisms under distributed architecture. It can track the running load of each 
computing node in real time, optimize the configuration of computing power, and ensure the 
smooth operation of the system. The core of this resource management strategy lies in automatically 
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adjusting resource allocation based on real-time workloads and system conditions. This scheduling 
mechanism improves the effective utilization of computing resources and can flexibly adjust 
resource allocation plans based on task importance, execution time, and computing requirements. In 
distributed intelligent advertising systems, given the unpredictability of advertising information and 
computing tasks, dynamic resource allocation can flexibly adjust resources based on real-time 
workload and task characteristics, ensuring performance stability even in high concurrency 
environments. 

Taking the algorithm training work involved in intelligent advertising placement as an example, 
an infrastructure with numerous computing nodes has different processing capabilities, and the 
training tasks assigned to each model have differences in computation and resource consumption. 
With the help of a flexible task allocation mechanism, the system can decide whether to assign tasks 
to the most suitable nodes or temporarily allocate additional computing power based on the urgency 
of the tasks, current computational pressure, and the operational status of the nodes. For example, 
when the computational requirements of a model suddenly increase, the scheduling system will 
automatically expand resources to speed up processing. When the pressure of the task decreases, the 
system will automatically reduce the allocated resources and minimize unnecessary resource 
consumption. The following table shows the changes in computational resource utilization 
efficiency and task completion time of advertising machine learning platforms before and after the 
introduction of dynamic resource scheduling: 

Table 1 Resource Utilization Efficiency of Advertising Machine Learning Platform 

Scheduling 
Strategy 

Total 
number of 

tasks 

Total 
number of 

nodes 

Average 
load 

balancing 
degree 

Total 
calculation 

time 
(hours) 

Average 
utilization 

rate of 
computing 
resources 

(%) 

Task 
completion 

time 
(minutes) 

Static 
resource 

allocation 
1000 10 65% 150 70% 45 

Dynamic 
resource 

scheduling 
optimization 

1000 10 95% 120 85% 35 

 
Observing the data table, it can be found that after adopting the dynamic resource scheduling 

optimization strategy, the resource utilization efficiency of the system increased, and the workload 
balancing of nodes improved to 95%, which is a qualitative leap compared to the traditional static 
resource allocation of 65%. Thanks to the implementation of dynamic resource scheduling and 
management, advertising machine learning platforms are able to flexibly adjust resource allocation 
based on real-time computing task requirements, solving the problems of resource surplus and 
uneven load, accelerating system response speed and improving processing efficiency, providing 
stronger technical support for advertising analysis and customized push. 

4.3 Accelerating Model Training through Distributed Training Framework 

On the machine learning platform of intelligent advertising systems, model training is a task that 
requires extremely high computing power, especially when dealing with huge amounts of data. The 
traditional way of training relying on a single computer often fails to meet efficiency and time 
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standards. In order to accelerate the development of models, distributed training architectures have 
been widely applied in the field of intelligent advertising. This architecture disperses training tasks 
across numerous computing units, unleashing the powerful power of parallel processing and 
accelerating model generation efficiency. This strategy improves computational efficiency and can 
handle large datasets, effectively shortening the training cycle of the model. 

The advertising platform uses deep learning models for advertising recommendation tasks, 
which include multiple levels of neural networks. In a distributed training framework, training data 
is divided into several batches, and each batch is allocated to different nodes for parallel processing. 
The gradient calculated for each node is ∇ J (θ i), whe         -th 
node. Through data parallelism, the gradient calculation results of each node will be summarized on 
a parameter server and then globally updated: 

 
( )∑
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In formula (2), θt is the model parameter for the current iteration, η is the learning rate, N is the 
number of nodes, ∇J (θi) is the gradient of the i-th node, and θt+1 is the global parameter for the 
next iteration. With the help of distributed gradient descent strategy, the data processing and 
computational communication ability of the advertising intelligent learning system is enhanced 
during the training phase, improving the efficiency of training. By utilizing a distributed training 
architecture, the system is able to parallelize massive amounts of data, shorten model training time, 
and enhance overall system performance. This optimization method is particularly suitable for 
handling advertising push tasks containing large amounts of data, high-dimensional feature vectors, 
and complex algorithms, improving the training efficiency and prediction accuracy of the model. 

4.4 Compressed transmission of data using efficient transmission protocols 

On the algorithm platform of intelligent advertising, the use of advanced transmission 
mechanisms and data reduction techniques can improve the speed of data transmission, shorten the 
delay in the transmission process, reduce the burden on the system, and enhance the overall 
performance of the platform. This efficient transmission mechanism not only ensures the stability 
and smoothness of data transmission, but also improves transmission efficiency by improving the 
composition of data packets and reducing unnecessary data transmission. For example, transport 
protocols such as gRPC and Apache Kafka have been widely used in distributed architectures, 
supporting efficient end-to-end communication and enabling concurrent processing and 
asynchronous transmission of data streams. Combined with data compression methods such as LZ4, 
Snappy, etc., compressing the data before sending greatly reduces the demand for network 
bandwidth and accelerates data transmission speed. The following table shows the changes in data 
transmission efficiency of advertising machine learning platforms before and after adopting 
efficient transmission protocols: 

Table 2 Changes before and after efficient transmission protocol 
Transmission 

Protocol 
Original data size 

(MB) 
Compressed data 

size (MB) 
Transmission time 

(seconds) 
Network bandwidth 
utilization rate (%) 

TCP/IP 100 100 60 75% 
gRPC + Snappy 100 30 25 95% 

 
From Table 2, it can be seen that the use of efficient transmission protocols combined with data 

compression has improved transmission efficiency, reduced the consumption of network resources, 
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and enhanced the system's response speed and processing capabilities. By reducing the data 
transmission volume and utilizing efficient communication protocols, the advertising intelligent 
analysis system reduces data transmission time and bandwidth usage, enhancing system 
performance. This improves the system's operational efficiency and user experience in the face of 
high concurrency scenarios, processing large-scale datasets, and advertising push and evaluation 
work that requires quick response. 

5. Conclusion 

This article focuses on distributed architecture and explores in depth the performance limitations 
of machine learning platforms in the advertising field, with a particular emphasis on the challenges 
faced in key areas such as data processing, resource allocation, model iteration, and network 
communication. A series of targeted improvement measures have been proposed, including 
adopting advanced data preprocessing architecture, improving resource management methods, 
implementing distributed acceleration model learning, and optimizing data transmission processes. 
The effective implementation of these measures enhances the performance of advertising machine 
learning platforms in handling massive amounts of data and carrying high load tasks, bringing 
stronger technical support to the advertising field. In the future, with the continuous development of 
hardware devices and algorithm technology, the performance of distributed advertising machine 
learning platforms is expected to achieve greater leaps, laying a more solid foundation for the future 
development of advertising technology. 
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