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ABSTRACT 

This paper introduces LLM-CloudComplete, a novel cloud

efficient and scalable code completion leveraging large language models (LLMs). 

We address the challenges of deploying LLMs for real

implementing a distributed inference architecture, adaptive resource allocation, and 

multi-level caching mechanisms. Our system utilizes a pipeline parallelism 

technique to distribute LLM layers across multiple GPU nodes, achieving near

linear scaling in throughput. We propose an adaptive resource allocation algorithm 

using reinforcement learning to optimize GPU utilization under varying workloads. 

A similarity-based retrieval mechanism is implemented within a three

system to reduce computational load and improve response times

Additionally, we introduce several latency reduction strategies, including 

predictive prefetching, incremental completion generation, and sparse attention 

optimization. Extensive evaluations on diverse programming languages 
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CloudComplete, a novel cloud-based system for 

efficient and scalable code completion leveraging large language models (LLMs). 

We address the challenges of deploying LLMs for real-time code completion by 

ce architecture, adaptive resource allocation, and 

level caching mechanisms. Our system utilizes a pipeline parallelism 

technique to distribute LLM layers across multiple GPU nodes, achieving near-

resource allocation algorithm 

using reinforcement learning to optimize GPU utilization under varying workloads. 

based retrieval mechanism is implemented within a three-tier caching 

system to reduce computational load and improve response times. 

Additionally, we introduce several latency reduction strategies, including 

predictive prefetching, incremental completion generation, and sparse attention 

optimization. Extensive evaluations on diverse programming languages 
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demonstrate that LLM-CloudComplete outperforms existing state-of-the-art code 

completion systems, achieving a 7.4% improvement in Exact Match accuracy 

while reducing latency by 76.2% and increasing throughput by 320%. Our ablation 

studies reveal the significant contributions of each system component to overall 

performance. LLM-CloudComplete represents a substantial advancement in cloud-

based AI-assisted software development, paving the way for more efficient and 

responsive coding tools. We discuss limitations and future research directions, 

including privacy-preserving techniques and adaptability to diverse programming 

paradigms. 
 

. Introduction 

1.1 Background and Motivation 

Large Language Models (LLMs) have revolutionized the field of natural language 

processing, demonstrating remarkable capabilities in various tasks, including code completion[6]. 

The ability of LLMs to understand and generate code has significantly enhanced developer 

productivity and code quality. As software development evolves, the demand for more efficient 

and accurate code completion tools has grown exponentially[14]. LLMs trained on vast amounts 

of code data have shown promising results in understanding context, predicting complex 

patterns, and generating relevant code snippets[24]. The potential of LLMs in code completion has 

attracted considerable attention from academia and industry, leading to the development of 

advanced models tailored explicitly for programming languages. 

Concurrently, cloud computing has emerged as a transformative technology, offering 

scalable and flexible computational resources. Integrating cloud computing with AI applications 

has enabled deploying resource-intensive models at scale, providing high-performance solutions 

to complex problems. In the context of LLM-based code completion, cloud computing presents 

an opportunity to address the computational challenges associated with these large models. By 

leveraging distributed computing resources, cloud platforms can enhance the efficiency and 
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responsiveness of LLM-based code completion systems, making them more practical for real-

time development environments. 

1.2 Challenges in LLM-based Code Completion 

Despite the promising advancements in LLM-based code completion, several challenges 

persist in achieving optimal performance and usability. The sheer size of LLMs poses significant 

computational demands, often requiring substantial hardware resources for inference. This 

computational intensity can lead to high latency in code suggestions, hampering the real-time 

interactivity crucial for a seamless development experience[19]. Moreover, the quality of code 

completions depends on the model's ability to understand the specific context and nuances of the 

code being written, which can vary significantly across different programming languages and 

project structures. 

Another critical challenge lies in the management of computational resources. The 

complexity of code completion tasks and the dynamic nature of development workflows 

necessitate adaptive resource allocation to maintain efficiency. Furthermore, integrating LLM-

based code completion tools into existing development environments presents technical hurdles, 

requiring seamless communication between local coding interfaces and cloud-based LLM 

services. Ensuring data privacy and security when transmitting code snippets to cloud services 

for completion also concerns many organizations and individual developers[27]. 

1.3 Contributions of This Work 

This research introduces LLM-CloudComplete, a novel approach that leverages cloud 

computing to enhance the efficiency and effectiveness of LLM-based code completion. Our 

work makes several critical contributions to the field. We present a comprehensive system 

architecture integrating cloud-based LLM deployment with optimized code context processing, 

enabling faster and more accurate code completions. The proposed system incorporates advanced 

distributed inference techniques designed explicitly for LLMs, significantly reducing the latency 

of code suggestion generation. 

We introduce adaptive resource allocation mechanisms that dynamically adjust 

computational resources based on the complexity of code completion tasks and real-time 
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demand. This approach ensures efficient utilization of cloud resources while maintaining high-

quality completions. Our research also presents innovative caching and retrieval mechanisms 

tailored for code completion scenarios, further improving response times for frequently requested 

code patterns. 

LLM-CloudComplete incorporates sophisticated latency reduction strategies, including 

predictive prefetching and incremental completion generation, to enhance the system's 

responsiveness. Through extensive experimental evaluation, we demonstrate the superiority of 

our approach compared to existing code completion methods, showcasing significant 

improvements in completion accuracy, response time, and resource efficiency. This work 

provides valuable insights into the synergistic application of cloud computing and LLMs for 

code completion, paving the way for more advanced and efficient developer assistance tools. 
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2. Related Work 

2.1 Large Language Models for Code Completion 

Large Language Models (LLMs) have significantly advanced the field of code completion, 

offering unprecedented capabilities in understanding and generating complex code structures. 

Recent research has focused on developing specialized LLMs trained on vast source code 

repositories across multiple programming languages. These models, such as CodeBERT, GPT-C, 

and Codex, have demonstrated remarkable performance in various code-related tasks, including 

completion, summarization, and translation. The architecture of these models typically involves 

transformer-based networks with billions of parameters, allowing them to capture intricate 

patterns and semantic relationships in code. 

Studies have shown that LLMs can effectively leverage contextual information from the 

immediate code environment and broader project structures to generate more accurate and 

relevant completions. Researchers have explored various training techniques, including 

unsupervised pretraining on large code corpora, followed by fine-tuning on specific 

programming languages or domain-specific codebases. The integration of LLMs into integrated 

development environments (IDEs) has been a subject of extensive research, with efforts focused 

on optimizing model inference for real-time code suggestions while maintaining high accuracy. 

Recent advancements have also addressed the challenge of generating syntactically correct and 

contextually appropriate code completions, incorporating techniques such as beam search and 

constrained decoding to improve the quality of suggestions. 

2.2 Cloud Computing in AI Applications 

Cloud computing has become an integral component in deploying and scaling AI 

applications, offering flexible and scalable computational resources essential for the training and 

inference of large models. Research in this area has focused on developing cloud-native 

architectures for AI workloads, optimizing resource allocation, and enhancing data management 

strategies. Cloud platforms have evolved to provide specialized hardware accelerators, such as 

GPUs and TPUs, tailored for AI computations, enabling efficient processing of complex neural 

network operations. 
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Studies have explored distributed training techniques in cloud environments, addressing 

challenges related to data parallelism, model parallelism, and communication overhead in large-

scale AI model training. Developing serverless computing paradigms for AI applications has 

gained attention, allowing for more efficient resource utilization and cost-effective deployment 

of AI services. Research has also focused on edge-cloud collaborative frameworks, where edge 

devices and cloud resources work to optimize AI model inference, balancing computational load 

and minimizing latency. Privacy-preserving techniques in cloud-based AI applications, such as 

federated learning and encrypted computation, have been explored to address data security 

concerns in sensitive domains. 

2.3 Optimization Techniques for Large Language Models 

Optimizing Large Language Models for efficient inference and deployment has been a 

critical area of research. Techniques such as model compression, quantization, and pruning have 

been extensively studied to reduce LLMs' computational and memory footprint without 

significant loss in performance. Knowledge distillation methods have been employed to create 

smaller, more efficient models that retain the knowledge of larger LLMs. Research has also 

focused on developing adaptive computation techniques that dynamically adjust the model's 

computational depth based on input complexity, allowing for more efficient processing of 

varying inputs. 

Recent work has explored caching mechanisms to store and reuse intermediate 

computations, significantly reducing inference time for repetitive or similar inputs. Researchers 

have investigated efficient attention mechanisms, such as sparse and linear attention, to reduce 

the quadratic computational complexity of self-attention in transformer-based LLMs. The 

development of hardware-aware neural architecture search techniques has enabled the creation of 

LLM architectures optimized for specific hardware platforms, improving inference efficiency. 

Studies have also addressed the challenge of long-context understanding in LLMs, proposing 

methods like recursive chunking and hierarchical encoding to process and generate long 

sequences of code efficiently. Integrating external knowledge bases and retrieval-augmented 

generation techniques has been explored to enhance the accuracy and reliability of LLM-

generated code completions. 
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3. LLM-CloudComplete System Architecture

3.1 LLM-Cloud Complete Overview

LLM-CloudComplete is a novel system 

efficient and scalable code completion using large language models. The architecture consists of 

four primary components: cloud-

generation, and optimization modules. Figure 1 illustrates the high

CloudComplete, showcasing the interconnections between these components and the data flow 

through the system. 

Figure 3.1: High-level architecture of LLM

 

The diagram depicts the four main components (Cloud

Context Processing Module, Completion Generation Module, and Optimization Module) and 

their interactions. Arrows indicate the flow of data and requests between components, with the 

client IDE at one end and the cloud infrastructure at the other.

CloudComplete System Architecture 

Cloud Complete Overview 

CloudComplete is a novel system designed to leverage cloud computing resources for 

efficient and scalable code completion using large language models. The architecture consists of 

-based LLM deployment, code context processing, completion 

imization modules. Figure 1 illustrates the high-level architecture of LLM

CloudComplete, showcasing the interconnections between these components and the data flow 

level architecture of LLM-CloudComplete. 

m depicts the four main components (Cloud-based LLM Deployment, Code 

Context Processing Module, Completion Generation Module, and Optimization Module) and 

their interactions. Arrows indicate the flow of data and requests between components, with the 

IDE at one end and the cloud infrastructure at the other. 
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The system is designed to handle multiple concurrent user requests, dynamically allocate 

resources, and provide low-latency code completions. Preliminary benchmarks indicate that 

LLM-CloudComplete achieves a 37% reduction in response time compared to traditional single-

server LLM deployments while maintaining a completion accuracy of 92.3% across a diverse set 

of programming languages. 

3.2 Cloud-based LLM Deployment 

The cloud-based LLM deployment module utilizes a distributed inference approach to 

process code completion requestsError! Reference source not found. efficiently. We implement a multi-

node architecture, distributing the LLM across multiple cloud instances to parallelize 

computation[2][15][31]. The deployment leverages Kubernetes for orchestration, ensuring seamless 

scaling and load balancing[12]. 

Table 3.1 presents a comparison of inference times for different model sizes and 

deployment configurations: 

Model Size Single Node 4-Node Cluster 8-Node Cluster 

1B params 156 ms 62 ms 41 ms 

6B params 412 ms 153 ms 89 ms 

12B params 875 ms 298 ms 164 ms 

The multi-node deployment achieves a near-linear speedup, with the 8-node cluster 

demonstrating a 5.3x improvement in inference time for the 12B parameter model compared to 

single-node deployment. 

3.3 Code Context Processing Module 

The code context processing module extracts and analyzes the relevant context from the 

user's codebase. This module implements a hierarchical context extraction algorithm that 

considers local and global code structures[1][40]. The process involves tokenization, generation of 

an abstract syntax tree (AST), and semantic analysis. 
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Figure 3.2 depicts the workflow of the code context processing module.

 

The diagram shows the sequential steps of tokenization, AST generation, semantic analysis, 

and context vector creation. Each step is represented by a box, with arrows indicating the data 

flow between steps. 

Our context processing algorithm achieves a context relevance score of 0.86 on the 

CodeContextBench dataset, outperforming previous methods by 12%. The module 

average of 1000 lines of code in 73 ms, ensuring minimal latency impact on the completion 

process. 

3.4 Completion Generation and Optimization Module

The completion generation and optimization module produces code suggestions and refines 

them based on the processed context. This module implements a novel beam search algorithm 

augmented with syntax-aware constraints to generate syntactically correct and contextually 

relevant completions[5]. 

The optimization process involves 

(beam width = 5)、Syntax validation using language

Figure 3.2 depicts the workflow of the code context processing module. 

The diagram shows the sequential steps of tokenization, AST generation, semantic analysis, 

creation. Each step is represented by a box, with arrows indicating the data 

Our context processing algorithm achieves a context relevance score of 0.86 on the 

CodeContextBench dataset, outperforming previous methods by 12%. The module 

average of 1000 lines of code in 73 ms, ensuring minimal latency impact on the completion 

3.4 Completion Generation and Optimization Module 

The completion generation and optimization module produces code suggestions and refines 

ased on the processed context. This module implements a novel beam search algorithm 

aware constraints to generate syntactically correct and contextually 

The optimization process involves several steps: Candidate generation using beam search 

Syntax validation using language-specific parsers、Semantic coherence 

 

The diagram shows the sequential steps of tokenization, AST generation, semantic analysis, 

creation. Each step is represented by a box, with arrows indicating the data 

Our context processing algorithm achieves a context relevance score of 0.86 on the 

CodeContextBench dataset, outperforming previous methods by 12%. The module processes an 

average of 1000 lines of code in 73 ms, ensuring minimal latency impact on the completion 

The completion generation and optimization module produces code suggestions and refines 

ased on the processed context. This module implements a novel beam search algorithm 

aware constraints to generate syntactically correct and contextually 

several steps: Candidate generation using beam search 

Semantic coherence 
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scoring using a fine-tuned BERT model、Re-ranking based on a composite score of syntax, 

semantics, and likelihood[29][33]. 

Table 3.2: Performance metrics of the completion generation and optimization module. 

Metric Value 

Completion Accuracy 92.3% 

Syntactic Correctness 98.7% 

Semantic Coherence Score 0.89 

Average Generation Time 112 ms 

The module incorporates a caching mechanism that stores frequently used code patterns and 

their corresponding completions. This cache achieves a hit rate of 37%, reducing the average 

completion time to 68 ms for cached patterns. 

We implement a sliding window attention mechanism to address the challenge of long-

range dependencies in code. This approach allows the model to focus on relevant parts of the 

code context while maintaining computational efficiency. Empirical results show that this 

mechanism improves completion accuracy by 8% for functions exceeding 200 lines of code. 

The LLM-CloudComplete system architecture integrates these modules to provide a robust, 

efficient, and accurate code completion service. The cloud-based deployment ensures scalability, 

while the specialized processing and optimization modules cater to the unique challenges of code 

completion tasks. Ongoing work focuses on further optimizing the distributed inference process 

and enhancing the context processing algorithm to handle more complex code structures and 

project-wide dependencies. 
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4. Cloud-based Optimization Techniques for LLM Code Completion

4.1 Distributed Inference for LLMs

Distributed inference is a crucial technique for improving the performance of large lan

models in code completion tasks. Our approach leverages a model parallelism strategy, 

distributing the LLM across multiple GPU nodes in the cloud. We implement a pipeline 

parallelism technique, where different layers of the model are assigned to sepa

allowing for concurrent processing of multiple requests.

Figure 4.1: Distributed Inference Architecture.

 

The diagram shows multiple GPU nodes connected in a pipeline, with arrows indicating the 

data flow between nodes. Each node is labeled wi

output stages are marked. 
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models in code completion tasks. Our approach leverages a model parallelism strategy, 

distributing the LLM across multiple GPU nodes in the cloud. We implement a pipeline 

parallelism technique, where different layers of the model are assigned to separate GPUs, 

allowing for concurrent processing of multiple requests. 

Figure 4.1: Distributed Inference Architecture. 

The diagram shows multiple GPU nodes connected in a pipeline, with arrows indicating the 

data flow between nodes. Each node is labeled with its assigned model layers, and the input and 

based Optimization Techniques for LLM Code Completion 

Distributed inference is a crucial technique for improving the performance of large language 

models in code completion tasks. Our approach leverages a model parallelism strategy, 

distributing the LLM across multiple GPU nodes in the cloud. We implement a pipeline 

rate GPUs, 

 

The diagram shows multiple GPU nodes connected in a pipeline, with arrows indicating the 

th its assigned model layers, and the input and 
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We conducted experiments to evaluate the scalability and efficiency of our distributed 

inference system. Table 4.1 presents the throughput and latency measurements for different 

model sizes and numbers of GPU nodes: 

Table 4.1: Throughput and latency measurements for distributed inference. 

Model Size # of GPUs Throughput (requests/s) Latency (ms) 

6B 1 12.3 81.3 

6B 4 43.7 22.9 

6B 8 79.2 12.6 

12B 1 5.8 172.4 

12B 4 21.6 46.3 

12B 8 39.5 25.3 

The results demonstrate near-linear scaling in throughput as the number of GPUs increases, 

with a corresponding reduction in latency. The 12B model uses 8 GPUs, resulting in a 6.8x 

improvement in throughput and a 6.8x reduction in latency compared to single-GPU inference. 

4.2 Adaptive Resource Allocation 

We implement an adaptive resource allocation mechanism to optimize resource utilization 

and maintain high performance under varying workloads[26]. This system dynamically adjusts the 

number of active GPU nodes based on the current request volume and complexity of code 

completion tasks[3][42]. 

Our adaptive allocation algorithm uses a reinforcement learning approach, with the state 

space defined by current workload metrics and the action space representing different GPU 

allocation configurations[16][36]. The reward function is designed to balance throughput, latency, 

and resource costs[23]. 
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Figure 4.2: Adaptive Resource Allocation Process.

 

The diagram shows a flow chart with components for workload monitoring, RL agent 

decision-making, and resource scaling. Feedback loops are illustrated to show the continuous

adaptation process. 

We evaluated the effectiveness of our adaptive resource allocation system over 24 hours 

with varying workload patterns. Table 4.2 presents the performance comparison between static 

and adaptive allocation: 

Table 4.2: Performance compar

Metric 

Avg. Throughput (req/s) 

95th Percentile Latency 

Figure 4.2: Adaptive Resource Allocation Process. 

The diagram shows a flow chart with components for workload monitoring, RL agent 

making, and resource scaling. Feedback loops are illustrated to show the continuous

We evaluated the effectiveness of our adaptive resource allocation system over 24 hours 

with varying workload patterns. Table 4.2 presents the performance comparison between static 

Table 4.2: Performance comparison between static and adaptive resource allocation.

Static Allocation Adaptive Allocation

45.3 62.7

87.2 ms 43.5 ms

 

The diagram shows a flow chart with components for workload monitoring, RL agent 

making, and resource scaling. Feedback loops are illustrated to show the continuous 

We evaluated the effectiveness of our adaptive resource allocation system over 24 hours 

with varying workload patterns. Table 4.2 presents the performance comparison between static 

ison between static and adaptive resource allocation. 

Adaptive Allocation 

62.7 

43.5 ms 
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Resource Utilization 73.4% 91.2% 

Operational Cost $245.6 $198.3 

The adaptive allocation system achieves a 38.4% improvement in throughput, a 50.1% 

reduction in 95th percentile latency, and a 19.3% reduction in operational costs compared to 

static allocation. 

4.3 Caching and Retrieval Mechanisms 

To further optimize code completion performance, we implement a multi-level caching 

system that stores and retrieves frequently used code patterns and their corresponding 

completions[25]. The caching system consists of three levels: L1 (in-memory), L2 (SSD-based), 

and L3 (distributed cache across nodes)[37]. 

Our caching strategy employs a novel similarity-based retrieval mechanism that uses code 

embeddings to find relevant cached completions for new requests. We use a fine-tuned 

CodeBERT model to generate these embeddings, allowing for semantic matching of code 

snippets[8]. 

Figure 4.3: Multi-level Caching Architecture. 
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The diagram shows three layers of caches (L1, L2, L3) with arrows indicating data flow 

between levels and the main inference pipeline. Cache hit/miss paths are marked.

We evaluated the effectiveness of our caching system on a diverse set of code completion 

tasks. Table 4.3 presents the cache hit rates and average retrieval times for each cache level:

Table 4.3: Cache hit rates and retrieval times for different cache levels.

Cache Level 

L1 (Memory) 

L2 (SSD) 

L3 (Distributed) 

No Cache 

The diagram shows three layers of caches (L1, L2, L3) with arrows indicating data flow 

the main inference pipeline. Cache hit/miss paths are marked.

We evaluated the effectiveness of our caching system on a diverse set of code completion 

tasks. Table 4.3 presents the cache hit rates and average retrieval times for each cache level:

: Cache hit rates and retrieval times for different cache levels. 

Hit Rate Avg. Retrieval Time (ms)

23.7% 0.8 

18.4% 3.2 

12.9% 9.7 

- 37.5 

 

The diagram shows three layers of caches (L1, L2, L3) with arrows indicating data flow 

the main inference pipeline. Cache hit/miss paths are marked. 

We evaluated the effectiveness of our caching system on a diverse set of code completion 

tasks. Table 4.3 presents the cache hit rates and average retrieval times for each cache level: 

Avg. Retrieval Time (ms) 
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The multi-level caching system achieves a combined hit rate of 55%, resulting in a 73.3% 

reduction in average completion time for cached patterns. 

4.4 Latency Reduction Strategies 

To minimize end-to-end latency in code completion tasks, we implement several 

optimization strategies: Predictive Prefetching: We use a lightweight LSTM model to predict 

likely completion requests based on the user's coding patterns and prefetch relevant model 

weights and cache entries[20][39]. Incremental Completion Generation: Instead of waiting for the 

entire completion to be generated, we stream partial completions to the user as they are 

produced, improving perceived responsivenessError! Reference source not found..Attention Optimization: 

We implement a sparse attention mechanism focusing on the most relevant parts of the code 

context, reducing computational complexity while maintaining accuracy[9][34].Quantization: We 

apply 8-bit quantization to model weights, reducing memory bandwidth requirements and 

improving inference speed with minimal impact on completion quality[10]. 

We conducted ablation studies to measure the impact of each latency reduction strategy. 

Table 4.4 presents the results: 

Table 4.4: Impact of latency reduction strategies on completion time and accuracy. 

Strategy Latency Reduction Accuracy Impact 

Baseline - - 

+ Predictive Prefetching 18.3% -0.2% 

+ Incremental Generation 27.6% -0.1% 

+ Sparse Attention 35.2% -0.4% 

+ 8-bit Quantization 41.8% -0.7% 

The combined application of all strategies results in a 41.8% reduction in end-to-end 

latency, with only a 0.7% decrease in completion accuracy. 
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These cloud-based optimization techniques collectively enable LLM-CloudComplete to 

provide highly efficient and responsive code completion services. The synergy between 

distributed inference, adaptive resource allocation, intelligent caching, and latency reduction 

strategies allows for scalable and cost-effective deployment of large language models for code 

completion tasks in cloud environments. 
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5. Experimental Setup and Evaluation 

5.1 Datasets and Evaluation Metrics 

To evaluate the performance of LLM-CloudComplete, we utilized a diverse set of datasets 

encompassing multiple programming languages and various code completion scenarios. The 

primary datasets employed in our experiments include CodeXGLUE, a comprehensive 

benchmark for code intelligence tasks, and a proprietary dataset collected from open-source 

repositories on GitHub. The CodeXGLUE dataset comprises 164,923 Python functions and 

52,000 Java methods, while our proprietary dataset contains 1.2 million code snippets across 

Python, Java, JavaScript, and C++. 

Table 5.1: Composition of evaluation datasets used in the experiments. 

Dataset Language Of Snippets Avg. Length (tokens) 

CodeXGLUE Python 164,923 124.7 

CodeXGLUE Java 52,000 156.3 

Proprietary Python 450,000 137.2 

Proprietary Java 350,000 168.5 

Proprietary JavaScript 250,000 112.8 

Proprietary C++ 150,000 189.4 

For evaluation metrics, we employed a combination of accuracy-based and efficiency-based 

measures. The primary metrics include Exact Match (EM), the percentage of completions that 

match the ground truth. Edit Similarity (ES): The normalized Levenshtein distance between the 

generated completion and the ground truth. BLEU Score: A measure of the quality of the 

generated code compared to the reference. Mean Reciprocal Rank (MRR): The average 

reciprocal of the rank of the correct completion in the model's top-k predictions. Latency: The 
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time taken to generate a completion, measured in milliseconds. Throughput: The number of 

completion requests processed per second. 

5.2 Baseline Models and Comparison Methods 

We compared LLM-CloudComplete against several state-of-the-art code completion 

systems and deployment methods[41]. The baseline modBBBBBERT-based cardelBERT, a 

BERT-basedcardel pre-trained on a largenerallydex Codexodexe generatlaCodexodexodeodel's 

large-sTaTabinodeodelarge.TabNineodelpositories.TabNine: A commercial code completion 

tool using deep learning. 

For deployment methods, we compared our cloud-based approach with Single-GPU 

Inference, which is traditional deployment on a single high-end GPU. CPU-based Distributed 

Inference: Deployment across multiple CPU nodes. Edge-Cloud Hybrid: A system that combines 

local edge computing with cloud resources. 

Table 5.2: Characteristics of baseline models and deployment methods. 

Model/Method Model Size Inference Hardware Distributed 

CodeBERT 125M Single GPU No 

GPT-C 1.5B Single GPU No 

Codex 12B Multi-GPU Yes 

TabNine N/A CPU No 

Single-GPU Inference 6B Single V100 GPU No 

CPU Distributed 6B 32 CPU nodes Yes 

Edge-Cloud Hybrid 6B Edge + Cloud GPUs Partial 
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LLM-CloudComplete 

5.3 Performance Analysis 

We conducted extensive experiments to evaluate the performance of LLM

across various dimensions. Figure 6 illustrates the comparison of completion accuracy and 

latency across different models and deployment methods:

Figure 5.1: Completion Accuracy vs. Latency.

 

The x-axis represents the average latency in milliseconds, while the y

Match accuracy. Each point on the scatter plot represents a different model or deployment 

method, with LLM-CloudComplete highlig

between accuracy and latency, with LLM

LLM-CloudComplete consistently outperforms baseline models in terms of accuracy while 

maintaining competitive latency[22]
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Table 5.3: Detailed performance comparison across models and deployment methods. 

Model/Method 
EM 
(%) 

ES 
(%) 

BLEU MRR 
Latency 

(ms) 
Throughput 

(req/s) 

CodeBERT 42.3 68.7 0.56 0.61 45.2 22.1 

GPT-C 51.8 74.2 0.63 0.72 78.6 12.7 

Codex 63.5 82.1 0.71 0.81 156.3 6.4 

TabNine 47.6 71.5 0.59 0.68 38.9 25.7 

Single-GPU 
Inference 

55.2 76.8 0.65 0.75 92.4 10.8 

CPU Distributed 54.7 76.3 0.64 0.74 108.7 9.2 

Edge-Cloud Hybrid 57.9 78.5 0.67 0.77 63.5 15.7 

LLM-CloudComplete 68.2 85.3 0.75 0.84 37.2 26.9 

LLM-CloudComplete achieves a 7.4% improvement in Exact Match accuracy over the next 

best model (Codex) while reducing latency by 76.2%. The throughput of LLM-CloudComplete 

is 4.2 times higher than Codex, demonstrating the efficiency of our cloud-based optimization 

techniques. 

5.4 Ablation Studies 

To understand the contribution of each component in LLM-CloudComplete, we conducted a 

series of ablation studies. Figure 5.2 visualizes the impact of different optimization techniques on 

latency and throughput: 

Figure 5.2: Impact of Optimization Techniques. 
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Table 5.4: Ablation study res

Configuration 
(%)

Base Model 67.8

+Distributed Inference 67.9

+Adaptive Resource 
Allocation 

68.0

+Caching Mechanism 68.1
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Table 5.4: Ablation study results for LLM-CloudComplete components. 

EM 
(%) 

Latency 
(ms) 

Throughput 
(req/s) 

GPU Utilization 

67.8 89.4 11.2 

67.9 52.7 19.0 

68.0 46.3 21.6 

68.1 41.8 23.9 
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GPU Utilization 
(%) 

62.3 

78.5 

89.2 

91.7 
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+Latency Reduction 
Strategies 

68.2 37.2 26.9 93.5 

The ablation studies reveal that each component of LLM-CloudComplete contributes 

significantly to its overall performance. Distributed inference provides the most significant single 

improvement in latency and throughput. Combining all techniques results in a 58.4% reduction 

in latency and a 140.2% increase in throughput compared to the base model. Notably, the 

accuracy (EM) remains relatively stable across different configurations, indicating that our 

optimization techniques do not compromise completion quality. 

These experimental results demonstrate the effectiveness of LLM-CloudComplete in 

providing high-accuracy code completions with low latency and high throughput. The cloud-

based optimization techniques enable efficient scaling and resource utilization, making LLM-

CloudComplete a promising solution for large-scale code completion tasks in real-world 

development environments. 
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6. Conclusion and Future Work 

6.1 Summary of Contributions 

This paper introduces LLM-CloudComplete, a novel cloud-based system for efficient and 

scalable code completion using large language models. Our work makes several significant 

contributions to the field of AI-assisted software development. We have demonstrated that 

leveraging cloud computing resources can substantially enhance the performance of LLM-based 

code completion systems, addressing critical challenges in latency, throughput, and resource 

utilization. 

The distributed inference architecture proposed in this study enables the deployment of 

larger and more capable language models for code completion tasks. By distributing the model 

across multiple GPU nodes, we achieve near-linear throughput scaling and significant latency 

reductions. The adaptive resource allocation mechanism introduced in LLM-CloudComplete 

optimizes resource utilization under varying workloads, improving cost efficiency and system 

responsiveness. 

Our multi-level caching system, coupled with a similarity-based retrieval mechanism, 

effectively reduces the computational load on the LLM by reusing previously generated 

completions for similar code contexts. This approach improves response times and enhances the 

consistency of code suggestions across similar coding patterns. 

The latency reduction strategies implemented in LLM-CloudComplete, including predictive 

prefetching, incremental completion generation, attention optimization, and quantization, 

collectively contribute to a significant decrease in end-to-end completion time. These 

optimizations enable real-time code completion even for complex programming tasks and large 

codebases. 

Extensive experimental evaluations demonstrate that LLM-CloudComplete outperforms 

existing state-of-the-art code completion systems across multiple metrics. The system achieves a 

7.4% improvement in Exact Match accuracy over the next best model while reducing latency by 

76.2% and increasing throughput by 320%. These results underscore the potential of cloud-based 

approaches in advancing the capabilities of AI-assisted programming tools. 



319 

 

 

6.2 Limitations and Future Directions 

While LLM-CloudComplete demonstrates significant advancements in cloud-based code 

completion, several limitations and areas for future research remain. The current system 

primarily focuses on single-file code completion tasks. Extending the model to incorporate 

project-wide context and dependencies would enhance its ability to generate more contextually 

appropriate completions for large-scale software projects[4]. 

The privacy and security implications of transmitting code snippets to cloud-based services 

for completion require further investigation. Future work should explore privacy-preserving 

techniques, such as federated learning or homomorphic encryption, to enable secure code 

completion without exposing sensitive source code to potential vulnerabilities[7][38]. 

The adaptability of LLM-CloudComplete to different programming languages and coding 

styles could be improved. Future research should focus on developing more flexible and 

transferable language models that can quickly adapt to new programming languages or domain-

specific coding patterns with minimal fine-tuning[11][30]. 

The system's performance on edge cases and rare coding patterns could be enhanced. 

Investigating few-shot learning techniques or integrating external knowledge bases could 

improve the model's ability to handle uncommon programming constructs or domain-specific 

librariesError! Reference source not found.[44]. 

The energy efficiency and environmental impact of large-scale cloud deployments for code 

completion warrant further examination[35]. Future work should explore more energy-efficient 

model architectures and deployment strategies to minimize the carbon footprint of AI-assisted 

software development tools[18]. 

Integrating LLM-CloudComplete with existing software development workflows and IDE 

environments presents technical and user experience challenges[32]. Future research should 

investigate seamless integration methods and conduct user studies to optimize developer 

interaction and AI-powered code completion systems[13]. 

The long-term impact of AI-assisted code completion on developer productivity, code 

quality, and software engineering practices remains an open question. Longitudinal studies 
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examining the effects of advanced code completion tools on software development processes and 

outcomes would provide valuable insights for the continued development of these 

technologies[17]. 

Addressing these limitations and pursuing these future directions will further advance the 

field of AI-assisted software development, potentially revolutionizing how developers write and 

maintain code in the coming years. 

  



321 

 

 

7. Acknowledgment 

I want to extend my sincere gratitude to Kangming Xu, Haotian Zheng, Xiaoan Zhan, 

Shuwen Zhou, and Kaiyi Niu for their groundbreaking research on evaluating and optimizing 

intelligent recommendation system performance with cloud resource automation compatibility, 

as published in their article titled "Evaluation and Optimization of Intelligent Recommendation 

System Performance with Cloud Resource Automation Compatibility"[45]. Their insights and 

methodologies have significantly influenced my understanding of cloud-based optimization 

techniques and provided valuable inspiration for my research in this critical area. 

I would also like to express my heartfelt appreciation to Fanyi Zhao, Hanzhe Li, Kaiyi Niu, 

Jiatu Shi, and Runze Song for their innovative study on the application of deep learning-based 

intrusion detection systems in network anomaly traffic detection, as published in their article 

titled "Application of Deep Learning-Based Intrusion Detection System (IDS) in Network 

Anomaly Traffic Detection"[46]. Their comprehensive analysis and implementation approaches 

have significantly enhanced my knowledge of network security and inspired my research in this 

field. 

 

References 

[1] Zhang, L., Li, Y., Li, J., Xia, X., Yang, J., Luo, R., Wang, M., Chen, L., Liu, J., & 

Yang, M. (2024). Hierarchical Context Pruning: Optimizing Real-World Code Completion with 

Repository-Level Pretrained Code LLMs. ArXiv preprint arXiv:2406.18294v2. 

[2] Chen, Y., Li, R., Yu, X., Zhao, Z., & Zhang, H. (2024). Adaptive Layer Splitting 

for Wireless LLM Inference in Edge Computing: A Model-Based Reinforcement Learning 

Approach. In 61st ACM/IEEE Design Automation Conference (DAC '24). ACM/IEEE. 

[3] Yu, Z., Wang, Z., Li, Y., You, H., Gao, R., Zhou, X., Bommu, S. R., Zhao, Y., & 

Lin, Y. (2024). EDGE-LLM: Enabling Efficient Large Language Model Adaptation on Edge 

Devices via Layerwise Unified Compression and Adaptive Layer Tuning and Voting. In 61st 

ACM/IEEE Design Automation Conference (DAC '24). ACM/IEEE. 

[4] Qian, L., & Zhao, J. (2024). User Association and Resource Allocation in Large 



ISSN:3006-4023 (Online), Journal of Artificial Intelligence General Science (JAIGS)  322 

Language Model Based Mobile Edge Computing System over 6G Wireless Communications. In 

2024, IEEE 99th Vehicular Technology Conference (VTC). IEEE. 

[5] Deng, K., Liu, J., Zhu, H., Liu, C., Li, J., Wang, J., Zhao, P., Zhang, C., Wu, Y., 

Yin, X., Zhang, Y., Su, W., Xiang, B., Ge, T., & Zheng, B. (2024). R2C2-Coder: Enhancing and 

Benchmarking Real-world Repository-level Code Completion Abilities of Code Large Language 

Models. ArXiv preprint arXiv:2406.01359v2. 

[6] Li, H., Wang, S. X., Shang, F., Niu, K., & Song, R. (2024). Applications of Large 

Language Models in Cloud Computing: An Empirical Study Using Real-world Data. 

International Journal of Innovative Research in Computer Science & Technology, 12(4), 59-69. 

[7] Ping, G., Wang, S. X., Zhao, F., Wang, Z., & Zhang, X. (2024). Blockchain-

Based Reverse Logistics Data Tracking: An Innovative Approach to Enhance E-Waste 

Recycling Efficiency. 

[8] Zhan, X., Shi, C., Li, L., Xu, K., & Zheng, H. (2024). Aspect category sentiment 

analysis based on multiple attention mechanisms and pre-trained models. Applied and 

Computational Engineering, pp. 71, 21–26. 

[9] Liu, B., Zhao, X., Hu, H., Lin, Q., & Huang, J. (2023). Detection of Esophageal 

Cancer Lesions Based on CBAM Faster R-CNN. Journal of Theory and Practice of Engineering 

Science, 3(12), 36–42. 

[10] Liu, B., Yu, L., Che, C., Lin, Q., Hu, H., & Zhao, X. (2024). Integration and 

performance analysis of artificial intelligence and computer vision based on deep learning 

algorithms. Applied and Computational Engineering, pp. 64, 36–41. 

[11] Liu, B. (2023). Based on intelligent advertising recommendations and abnormal 

advertising monitoring systems in the field of machine learning. International Journal of 

Computer Science and Information Technology, 1(1), 17–23. 

[12] Wu, B., Xu, J., Zhang, Y., Liu, B., Gong, Y., & Huang, J. (2024). Integration of 

computer networks and artificial neural networks for an AI-based network operator. arXiv 

preprint arXiv:2407.01541. 

[13] Liang, P., Song, B., Zhan, X., Chen, Z., & Yuan, J. (2024). Automating the 

training and deployment of models in MLOps by integrating systems with machine learning. 

Applied and Computational Engineering, 67, 1-7. 

[14] Li, A., Yang, T., Zhan, X., Shi, Y., & Li, H. (2024). Utilizing Data Science and 

AI for Customer Churn Prediction in Marketing. Journal of Theory and Practice of Engineering 



323 

 

 

Science, 4(05), 72–79. 

[15] Wu, B., Gong, Y., Zheng, H., Zhang, Y., Huang, J., & Xu, J. (2024). Enterprise 

cloud resource optimization and management based on cloud operations. Applied and 

Computational Engineering, pp. 67, 8–14. 

[16] Zhang, Y., Liu, B., Gong, Y., Huang, J., Xu, J., & Wan, W. (2024). Application 

of machine learning optimization in cloud computing resource scheduling and management. 

Applied and Computational Engineering, pp. 64, 9–14. 

[17] Huang, J., Zhang, Y., Xu, J., Wu, B., Liu, B., & Gong, Y. Implementation of 

Seamless Assistance with Google Assistant Leveraging Cloud Computing. 

[18] Guo, L., Li, Z., Qian, K., Ding, W., & Chen, Z. (2024). Bank Credit Risk Early 

Warning Model Based on Machine Learning Decision Trees. Journal of Economic Theory and 

Business Management, 1(3), 24–30. 

[19] Xu, Z., Guo, L., Zhou, S., Song, R., & Niu, K. (2024). Enterprise Supply Chain 

Risk Management and Decision Support Driven by Large Language Models. Applied Science 

and Engineering Journal for Advanced Research, 3(4), 1–7. 

[20] Song, R., Wang, Z., Guo, L., Zhao, F., & Xu, Z. (2024). Deep Belief Networks 

(DBN) for Financial Time Series Analysis and Market Trends Prediction. 

[21] Ping, G., Wang, S. X., Zhao, F., Wang, Z., & Zhang, X. (2024). Blockchain 

Based Reverse Logistics Data Tracking: An Innovative Approach to Enhance E-Waste 

Recycling Efficiency. 

[22] Zheng, H., Wu, J., Song, R., Guo, L., & Xu, Z. (2024). Predicting Financial 

Enterprise Stocks and Economic Data Trends Using Machine Learning Time Series Analysis. 

[23] Guo, L., Song, R., Wu, J., Xu, Z., & Zhao, F. (2024). Integrating a Machine 

Learning-Driven Fraud Detection System Based on a Risk Management Framework. 

[24] Yang, T., Xin, Q., Zhan, X., Zhuang, S., & Li, H. (2024). ENHANCING 

FINANCIAL SERVICES THROUGH BIG DATA AND AI-DRIVEN CUSTOMER INSIGHTS 

AND RISK ANALYSIS. Journal of Knowledge Learning and Science Technology ISSN: 2959–

6386 (online), 3(3), 53–62. 

[25] Zhan, X., Ling, Z., Xu, Z., Guo, L., & Zhuang, S. (2024). Driving Efficiency and 

Risk Management in Finance through AI and RPA. Unique Endeavor in Business & Social 

Sciences, 3(1), 189–197. 



ISSN:3006-4023 (Online), Journal of Artificial Intelligence General Science (JAIGS)  324 

[26] Feng, Y., Qi, Y., Li, H., Wang, X., & Tian, J. (2024, July 11). Leveraging 

federated learning and edge computing for recommendation systems within cloud computing 

networks. In Proceedings of the Third International Symposium on Computer Applications and 

Information Systems (ISCAIS 2024) (Vol. 13210, pp. 279–287). SPIE. 

[27] Zhao, F., Li, H., Niu, K., Shi, J., & Song, R. (2024, July 8). Application of deep 

learning-based intrusion detection system (IDS) in network anomaly traffic detection. Preprints. 

[28] Xu, H., Niu, K., Lu, T., & Li, S. (2024). Leveraging artificial intelligence for 

enhanced risk management in financial services: Current applications and future prospects. 

Engineering Science & Technology Journal, 5(8), 2402-2426. 

[29] Shi, Y., Li, L., Li, H., Li, A., & Lin, Y. (2024). Aspect-Level Sentiment Analysis 

of Customer Reviews Based on Neural Multi-task Learning. Journal of Theory and Practice of 

Engineering Science, 4(04), 1-8. 

[30] Yuan, J., Lin, Y., Shi, Y., Yang, T., & Li, A. (2024). Applications of Artificial 

Intelligence Generative Adversarial Techniques in the Financial Sector. Academic Journal of 

Sociology and Management, 2(3), 59-66. 

[31] Li, Huixiang, et al. "AI Face Recognition and Processing Technology Based on 

GPU Computing." Journal of Theory and Practice of Engineering Science 4.05 (2024): 9–16. 

[32] Shi, Y., Yuan, J., Yang, P., Wang, Y., & Chen, Z. Implementing Intelligent 

Predictive Models for Patient Disease Risk in Cloud Data Warehousing. 

[33] Zhan, T., Shi, C., Shi, Y., Li, H., & Lin, Y. (2024). Optimization Techniques for 

Sentiment Analysis Based on LLM (GPT-3)—arXiv preprint arXiv:2405.09770. 

[34] Lin, Y., Li, A., Li, H., Shi, Y., & Zhan, X. (2024). GPU-Optimized Image 

Processing and Generation Based on Deep Learning and Computer Vision. Journal of Artificial 

Intelligence General Science (JAIGS) ISSN: 3006–4023, 5(1), 39–49. 

[35] Chen, Zhou, et al. "Application of Cloud-Driven Intelligent Medical Imaging 

Analysis in Disease Detection." Journal of Theory and Practice of Engineering Science 4.05 

(2024): 64–71. 

[36] Wang, B., Lei, H., Shui, Z., Chen, Z., & Yang, P. (2024). Current State of 

Autonomous Driving Applications Based on Distributed Perception and Decision-Making. 

[37] Yang, P., Chen, Z., Su, G., Lei, H., & Wang, B. (2024). Enhancing traffic flow 

monitoring with machine learning integration on cloud data warehousing. Applied and 

Computational Engineering, 67, 15-21. 



325 

 

 

[38] Jiang, W., Qian, K., Fan, C., Ding, W., & Li, Z. (2024). Applications of 

generative AI-based financial robot advisors as investment consultants. Applied and 

Computational Engineering, pp. 67, 28–33. 

[39] Fan, C., Li, Z., Ding, W., Zhou, H., & Qian, K. Integrating Artificial Intelligence 

with SLAM Technology for Robotic Navigation and Localization in Unknown Environments. 

[40] Li, Zihan, et al. "Robot Navigation and Map Construction Based on SLAM 

Technology." (2024). 

[41] Fan, C., Ding, W., Qian, K., Tan, H., & Li, Z. (2024). Cueing Flight Object 

Trajectory and Safety Prediction Based on SLAM Technology. Journal of Theory and Practice of 

Engineering Science, 4(05), 1–8. 

[42] Ding, W., Tan, H., Zhou, H., Li, Z., & Fan, C. Immediate Traffic Flow 

Monitoring and Management Based on Multimodal Data in Cloud Computing. 

[43] Wang, Shikai, Kangming Xu, and Zhipeng Ling. "Deep Learning-Based Chip 

Power Prediction and Optimization: An Intelligent EDA Approach." International Journal of 

Innovative Research in Computer Science & Technology 12.4 (2024): 77-87. 

[44] Jiang, W., Yang, T., Li, A., Lin, Y., & Bai, X. (2024). The Application of 

Generative Artificial Intelligence in Virtual Financial Advisor and Capital Market Analysis. 

Academic Journal of Sociology and Management, 2(3), 40-46. 

[45] Xu, K., Zheng, H., Zhan, X., Zhou, S., & Niu, K. (2024). Evaluation and 

Optimization of Intelligent Recommendation System Performance with Cloud Resource 

Automation Compatibility. Journal of Computer Technology and Applied Mathematics, 15(2), 

23–26. 

[46] Zhao, F., Li, H., Niu, K., Shi, J., & Song, R. (2024). Application of Deep 

Learning-Based Intrusion Detection System (IDS) in Network Anomaly Traffic Detection. 

Journal of Computer Technology and Applied Mathematics, 14(3), 16–21. 

[47] Onabanjo, E. (2024). Digital Transformation: The impact of AI on Cloud 

Transformation. Journal of Artificial Intelligence General science (JAIGS) ISSN: 3006-4023, 

5(1), 174-183. 

[48] Ekakitie, E. (2024). Innovative Application of Juniperus Communis Wood Oil in 

Acne Skincare:: Analyzing Its Antimicrobial Properties. Journal of Knowledge Learning and 

Science Technology ISSN: 2959-6386 (online), 3(2), 253-262. 



ISSN:3006-4023 (Online), Journal of Artificial Intelligence General Science (JAIGS)  326 

 


