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Abstract: The explosive growth of advertising data has increasingly challenged the performance 
and predictive accuracy of traditional advertising platforms. Optimizing and upgrading machine 
learning infrastructure has emerged as a critical solution to address these challenges. This optimi-
zation encompasses the enhancement of computing hardware, the development of scalable and ef-
ficient distributed processing architectures, and the refinement of model training, tuning, and de-
ployment strategies. Such improvements enable advertising platforms to handle massive volumes 
of data more efficiently while delivering more precise insights. This article explores the practical 
applications of machine learning infrastructure optimization in advertising systems, including per-
sonalized ad targeting, accurate estimation of advertising effectiveness, proactive fraud detection 
and risk management, and intelligent allocation of advertising resources. Empirical evidence sug-
gests that these optimizations not only improve the efficiency and quality of ad placement but also 
play a pivotal role in maintaining system stability, reducing operational costs, and supporting more 
informed, data-driven decision-making in dynamic advertising environments. 

Keywords: machine learning; infrastructure optimization; advertising system; performance im-
provement; accurate targeting 
 

1. Introduction 
With the rapid expansion of the advertising industry and the continuous increase in 

data traffic, advertising platforms face mounting pressure to ensure both the efficiency 
and accuracy of their advertising operations. Achieving these goals increasingly relies on 
continuous technological innovation, with machine learning emerging as a central driving 
force. The optimization and upgrading of machine learning infrastructure play a critical 
role in this process, as they directly influence the overall performance, responsiveness, 
and scalability of advertising systems [1]. 

By enhancing machine learning infrastructure, platforms can significantly improve 
the operational efficiency of advertising delivery, refine targeting precision, and elevate 
user engagement and satisfaction [2]. Key strategies for optimization include upgrading 
hardware structures to support higher computational demands, implementing distrib-
uted computing architectures for faster data processing, refining model training processes 
and parameter adjustments for improved predictive accuracy, and automating opera-
tional and maintenance workflows to reduce manual intervention and errors. 

Furthermore, practical applications demonstrate the tangible benefits of these opti-
mizations. For instance, advanced infrastructure can enable real-time processing of large-
scale user data, support adaptive personalization of content, and facilitate the dynamic 
allocation of advertising resources. These improvements not only enhance the effective-
ness of advertising campaigns but also contribute to a more seamless and engaging user 
experience. 
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This article systematically examines the principal approaches to optimizing machine 
learning infrastructure in advertising systems. It presents specific case examples illustrat-
ing the effectiveness of these methods and discusses the potential future trends in intelli-
gent advertising development, highlighting the evolving integration of AI technologies 
into marketing strategies and platform operations [3]. 

2. The Role of Optimizing Machine Learning Infrastructure in Advertising Systems 
2.1. Improving System Performance 

The performance of an advertising system is a critical factor in determining its overall 
operational effectiveness, as illustrated in Figure 1. Optimizing the underlying machine 
learning infrastructure can substantially enhance the computational efficiency of the sys-
tem, particularly in areas such as data processing, storage, and transmission. Implement-
ing advanced hardware configurations, such as high-performance GPUs, accelerates the 
processing of large-scale datasets and model training procedures, reduces computational 
latency, and improves response times for advertising delivery. 

 
Figure 1. Performance improvement of advertising system. 

In addition, the adoption of a distributed computing architecture allows advertising 
platforms to efficiently allocate workloads and manage complex computational tasks. 
This capability is especially vital for real-time advertising recommendations and perfor-
mance evaluations, where rapid data processing and decision-making are required [4]. 
Optimization of the data storage system further reduces delays in data retrieval, improves 
data access efficiency, and ensures the precise placement of advertisements as well as ac-
curate evaluation of their effectiveness. 

The resulting optimized system is capable of handling more frequent and diverse 
advertising requests, maintaining stability under high traffic conditions, and ensuring 
continuous availability of the advertising platform. These improvements collectively en-
hance both the operational reliability and the user experience, laying the foundation for 
more intelligent, responsive, and data-driven advertising strategies [5]. 

2.2. Make Advertising Placement More Precise 
By thoroughly optimizing the advertising placement architecture, platforms can lev-

erage advanced algorithms to gain a deeper understanding of user preferences and de-
liver highly personalized advertising content [6]. Through the intensive analysis of big 
data and the application of intelligent algorithms, platforms are able to accurately identify 
users' preferences, behavioral patterns, and potential consumption tendencies, thereby 
customizing advertising content for each individual. 
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At the architectural level, enhancements in distributed computing environments and 
upgrades in storage solutions allow platforms to efficiently process massive datasets, con-
struct more precise user profiles, and support advertisers in formulating more effective 
marketing strategies. Machine learning models continuously refine themselves by analyz-
ing both historical user behavior and real-time feedback, dynamically adjusting advertis-
ing delivery strategies, and progressively improving the accuracy of recommendations [7]. 

Moreover, optimizing hardware configurations and the model training process ac-
celerates algorithm iteration, enhances the system's learning efficiency, and increases the 
precision of ad placement. The resulting optimized advertising distribution system not 
only boosts user engagement and transaction rates but also significantly improves adver-
tising return on investment, creating greater commercial value for advertising publishers. 

3. Optimization Methods for Machine Learning Infrastructure 
3.1. Improvement of Hardware Architecture 

With the continuous advancement of machine learning technologies and the rapid 
growth of data volume, conventional hardware infrastructures are increasingly inade-
quate to meet the high-performance requirements of advanced advertising systems in 
terms of computing power and data processing efficiency. Upgrading and enhancing 
hardware architecture is therefore central to improving the overall performance of ma-
chine learning infrastructure. To accommodate the rapid development of complex algo-
rithms, advertising systems must transition to more flexible and easily scalable hardware 
platforms. Compared with traditional devices, modern hardware solutions emphasize 
multi-level computing capabilities and highly parallel processing, offering significant ad-
vantages for distributed computing and data parallelization [8]. 

Many advertising platforms have adopted GPU-based accelerated computing sys-
tems to transform traditional CPU-centered processing. This architecture improves the 
performance of deep learning algorithms during both training and inference, particularly 
when processing large volumes of advertising data, thereby reducing model training cy-
cles. Additionally, some platforms have integrated specialized accelerators, such as 
FPGAs and TPUs, to optimize hardware for machine learning tasks. These customized 
hardware components streamline computational workflows and enhance execution effi-
ciency within the advertising system. For example, TPU accelerators are employed in cer-
tain large-scale advertising systems to enable real-time optimization of ad placement strat-
egies, accelerating the alignment between advertising content and user behavior while 
simultaneously improving system processing capacity and overall ad effectiveness. The 
deployment of such specialized hardware has significantly increased computational effi-
ciency and strengthened the system's capability to handle large-scale data processing. 

3.2. Application of Distributed Computing Framework 
The traditional standalone computing architecture often encounters bottlenecks in 

both computing power and storage capacity, making it increasingly difficult to process 
large-scale datasets efficiently. In contrast, distributed computing systems divide compu-
tational tasks across multiple servers to perform collaborative processing, significantly 
accelerating computation and effectively addressing challenges in data storage and trans-
mission. By leveraging this approach, advertising systems can complete machine learning 
tasks more rapidly in scenarios involving massive data, improving the accuracy, real-time 
responsiveness, and adaptability of ad delivery, performance evaluation, and campaign 
optimization [9]. 

For instance, an advertising system may need to process a dataset containing one 
billion user behavior records. Using distributed computing frameworks such as Apache 
Spark, this dataset can be partitioned into multiple subsets, each processed in parallel 
across different computing nodes. The training of an advertising recommendation model 
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can then be formulated as a loss function minimization problem, where the objective is to 
find a set of model parameters θthat minimizes the loss function: 

𝐿𝐿(𝜃𝜃) = 1
𝑁𝑁
∑ ℓ(𝑦𝑦𝑦𝑦, 𝑓𝑓(𝑥𝑥𝑥𝑥;𝜃𝜃))𝑁𝑁
𝑖𝑖=1            (1) 

In formula (1), N represents the size of the dataset, yi denotes the true label of the i-
th sample, xi is the feature vector of the sample, ℓ is the loss function, f(xi;θ) is the predic-
tion function, and θrepresents the model parameters to be learned. The distributed com-
puting architecture significantly enhances the real-time processing capabilities of adver-
tising systems, accelerates the training and iteration speed of machine learning algorithms, 
and provides critical technical support for improving overall advertising performance [10]. 

With improved computational efficiency, advertising platforms can rapidly extract 
key insights from massive volumes of data, enabling more precise targeting and strategic 
decision-making. This capability allows platforms to gain a competitive advantage in 
highly dynamic and data-intensive market environments. 

3.3. Refinement of Model Training and Optimization 
In the optimization of machine learning infrastructure, precise training and tuning of 

models play a decisive role in enhancing the operational performance and effectiveness 
of advertising systems. The training and optimization process requires processing vast 
amounts of data, and the careful adjustment of model parameters directly impacts the 
accuracy and effectiveness of advertising delivery. With the increasing volume and com-
plexity of advertising data, relying solely on conventional model training methods is no 
longer sufficient to meet modern demands. Consequently, precise model training and op-
timization have become particularly critical. 

Effective model training involves the selection of appropriate algorithms and opti-
mization strategies to improve both accuracy and convergence speed. Adjusting ad-
vanced parameters during the training process is essential to ensure the reliability and 
robustness of the model. Traditional methods often depend on manual parameter tuning, 
which, although effective in some cases, proves inefficient for large-scale models and mas-
sive datasets, and is prone to being trapped in local optima. 

In response, many advertising systems have adopted automated parameter optimi-
zation techniques, such as Bayesian optimization and exhaustive search strategies. These 
intelligent approaches enhance the efficiency of parameter adjustment, reduce human in-
tervention, and allow the model to better adapt to complex, large-scale advertising data, 
ultimately improving the accuracy and effectiveness of ad placement and recommenda-
tion. 

3.4. Improvement of Operation and Maintenance Automation 
Faced with the rapid growth of advertising data and the increasing complexity of 

system architecture, traditional manual approaches to operation and maintenance have 
become inefficient and insufficient to meet the requirements for real-time response and 
high reliability. By leveraging automation tools and developing relevant scripts, auto-
mated operation and maintenance systems can perform comprehensive system monitor-
ing, rapid fault detection, efficient resource allocation, and intelligent log analysis. These 
capabilities improve operational efficiency, reduce human errors, and ensure the stable 
and reliable functioning of the advertising system. 

For example, an advanced advertising platform has implemented an automated op-
eration and maintenance system to establish a real-time monitoring and control mecha-
nism for its ad publishing infrastructure. The system features automated fault detection 
and recovery: when delays in advertising requests are identified, the platform automati-
cally switches to a backup server and optimizes load distribution, ensuring uninterrupted 
ad delivery. Additionally, automated log processing tools collect real-time operational 
data, enabling the platform to identify and address system performance shortcomings ef-
ficiently. 
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As shown in Table 1, the implementation of operational automation has led to meas-
urable improvements in the performance of the advertising delivery system, highlighting 
the effectiveness of automated monitoring and maintenance in enhancing system stability 
and responsiveness. 

Table 1. Changes in Performance of Advertising Delivery System before and after Implementation 
of Platform Operation and Maintenance Automation. 

index Before 
automation 

After 
automation 

Increase 
amplitude 

Average response time 300 milliseconds 150 milliseconds 50% reduction 
System failure recovery time 45 minutes 5 minutes 89% reduction 
Success rate of advertising 

placement 97% 99.5% 2.5% increase 

Number of manual interventions 30 times/week 5 times/week 83% reduction 
With the implementation of automated operation and maintenance management, the 

efficiency of fault repair and the accuracy of advertising placement on the platform have 
been significantly improved, while the reliance on manual operations has been greatly 
reduced. This ensures the continuity and stability of the system. The adoption of auto-
mated operation and maintenance mechanisms has enhanced the overall performance 
metrics of advertising platforms, generated operational cost savings, and created a more 
reliable and efficient environment for advertisers to publish and manage their campaigns. 

4. Practical Application of Machine Learning in Advertising Systems 
4.1. User Personalized Advertising Recommendations 

In advertising delivery systems, personalized promotion relies on comprehensive 
analyses of users' past behavior, individual preferences, and social network information 
to create tailored advertising content for each user. This approach enhances advertisement 
click-through rates and increases user engagement. By deeply mining user interaction 
data, the system can uncover potential interests and needs, delivering targeted advertise-
ments that align closely with users' behaviors or preferences. Personalized advertising not 
only improves the precision of ad placement but also optimizes user experience, reduces 
the intrusiveness of traditional advertising, and helps advertisers achieve higher returns 
on investment. 

In the implementation of personalized advertising recommendations, widely used 
machine learning algorithms include matrix factorization techniques, such as singular 
value decomposition (SVD), and deep learning architectures, such as neural collaborative 
filtering. In collaborative filtering, matrix factorization decomposes the user-advertise-
ment interaction matrix into two lower-dimensional matrices, reducing data dimension-
ality while extracting deep-level feature representations of both users and advertisements. 
The process can be formally expressed as: 

𝑅𝑅 ≈ 𝑈𝑈 ⋅ V 𝑇𝑇             (2) 
In formula (2), RRR represents the user-advertisement rating matrix, UUU is the user 

feature matrix, and V is the advertisement feature matrix. By optimizing the matrix de-
composition process, the system can more accurately predict individual users' preferences 
for specific advertisements, thereby enhancing the precision and effectiveness of person-
alized ad delivery. 

4.2. Intelligent Prediction of Advertising Effectiveness 
The application of intelligent prediction in advertising placement highlights the piv-

otal role of machine learning technology in the advertising industry. In contrast, tradi-
tional advertising methods primarily rely on past experience to establish basic rules, 
which limits their ability to accurately forecast advertising effectiveness, particularly in 
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the face of market fluctuations and diverse user behaviors. By leveraging machine learn-
ing algorithms to conduct in-depth analyses of large-scale historical advertising data, 
complex predictive models can be constructed to anticipate the responses of different ad-
vertisements across various user segments. This intelligent prediction approach enables 
advertisers to allocate budgets more effectively, enhance the efficiency of ad placement, 
and dynamically adjust strategies during campaigns to maximize advertising returns. 

For example, in promoting smartphone advertisements, a platform may use machine 
learning models to estimate ad effectiveness by considering factors such as user interest 
classification, consumption history, and advertisement content. Regression models are 
then employed to predict the potential click-through rates of advertisements. The plat-
form can represent this predictive process using the following linear regression model: 

CT�R=β0+β1𝑥𝑥1+β2𝑥𝑥2+...+β𝑛𝑛𝑛𝑛𝑛𝑛         (3) 
In formula (3), 

CT
�R is the predicted click through rate, x1, x2,..., xn are the feature 

variables that affect click through rate, such as user interest, ad type, exposure times, etc., 
β0, β1,..., βn are the parameters of the model. By training on historical advertising data, 
the platform is able to predict the click through rate of each advertisement and adjust the 
frequency and duration of ad display accordingly, optimizing advertising strategies. After 
optimization, the platform's ad click through rate has increased by 15%, and the return on 
advertising expenditure (ROAS) of advertisers has also been improved. 

4.3. Construction of Anti Fraud and Risk Prevention System 
The construction of an anti-fraud and risk prevention system is a critical component 

in ensuring the healthy operation of advertising platforms. Such a system must be capable 
of accurately identifying risks and preventing fraudulent activities, including fake clicks, 
malicious registrations, and false advertising. With the rapid evolution of advertising plat-
forms, fraudulent methods continue to advance, rendering traditional rule-based detec-
tion and screening mechanisms insufficient to meet emerging challenges. Leveraging ma-
chine learning technology to develop intelligent fraud detection systems has therefore be-
come essential for effective risk management. By analyzing historical data with machine 
learning algorithms, these models can autonomously detect abnormal behaviors and en-
hance the platform's preventive capabilities. 

For instance, when an advertising platform encounters malicious click attacks, a de-
cision tree algorithm can assess whether user behavior is legitimate by examining param-
eters such as IP address, operating system, and click frequency. Once suspicious behavior 
is detected, the system can automatically initiate response strategies, including restricting 
ad displays or blocking malicious users. This approach effectively suppresses fraudulent 
activity and protects the interests of both advertisers and the platform. 

4.4. Intelligent Allocation and Dynamic Adjustment of Advertising Resources 
In advertising systems, achieving intelligent allocation and dynamic management of 

advertising resources is essential for enhancing ad effectiveness and improving resource 
utilization efficiency. These resources include the placement of advertisements as well as 
the comprehensive management of budgets, time slots, and target audiences. Tradition-
ally, most resource allocation methods relied on pre-set rules or manual intervention. 
However, with the continuous expansion of advertising platforms and the increasing 
complexity of demand, these conventional approaches are no longer sufficient to meet 
requirements for immediacy and accuracy. Leveraging machine learning technology for 
intelligent allocation and dynamic adjustment of advertising resources can significantly 
improve system efficiency and maximize advertisers' returns. 

For example, some advertising platforms employ deep reinforcement learning tech-
niques to optimize resource allocation. The system uses real-time data to perform for-
ward-looking analyses of ad responses among specific audiences. After each ad display, 
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the system collects and evaluates feedback, such as click-through rate metrics. If an ad-
vertisement underperforms during a given time period, the system automatically reduces 
its exposure frequency and reallocates budget to higher-performing ads, thereby improv-
ing resource utilization efficiency. By adopting this strategy, advertisers can lower adver-
tising costs while simultaneously enhancing ad conversion efficiency. 

5. Conclusion 
This article provides an in-depth analysis of the widespread application and effec-

tiveness of machine learning infrastructure upgrades in the advertising industry. By en-
hancing hardware capabilities, refining computing architectures, innovating model train-
ing techniques, and optimizing operation and maintenance processes, advertising sys-
tems have achieved substantial improvements in computational efficiency, targeting ac-
curacy, and intelligent management. These advancements are particularly evident in key 
areas such as personalized advertising recommendations, real-time performance estima-
tion, and fraud detection, where machine learning has significantly accelerated the trans-
formation of advertising operations toward greater intelligence. 

The integration of machine learning enables advertising platforms to analyze mas-
sive datasets, identify nuanced user preferences, predict advertising performance, and 
dynamically adjust campaigns, which collectively enhances the precision and return on 
investment for advertisers. Moreover, the adoption of automated operation and mainte-
nance frameworks ensures system stability and operational efficiency, further supporting 
the scalability and robustness of advertising infrastructure. 

Despite the considerable progress made in optimization techniques, continuous de-
velopment remains critical. As data volumes expand and user demands evolve, advertis-
ing platforms must sustain innovations in hardware acceleration, distributed computing, 
adaptive model training, and intelligent automation. In the future, the convergence of ad-
vanced machine learning methods with emerging technologies, such as real-time analytics, 
reinforcement learning, and multimodal data integration, is expected to propel the adver-
tising industry toward higher efficiency, deeper personalization, and greater intelligence. 
This ongoing evolution will not only enhance the user experience and advertising effec-
tiveness but also drive the holistic upgrade of the advertising ecosystem, fostering a more 
sustainable, data-driven, and competitive advertising environment. 
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