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In large-scale knowledge graph data assembly, the traditional GraphSAGE model faces bottlenecks such 

as low neighborhood sampling efficiency, insufficient negative sample mining, and low computing 

resource utilization. Targeted optimization methods are urgently needed to improve data processing 

performance and embedding quality. As a mainstream graph neural network framework, GraphSAGE 

shows strong scalability and adaptability in graph structure representation learning. When its original 

implementation faces large-scale knowledge graph data assembly tasks, there are problems such as low 

neighborhood sampling efficiency, insufficient GPU resource utilization, and weak model training 

stability. Several key technology optimization methods are proposed, including multi-level neighborhood-

aware sampling based on dynamic hybrid indexing, Hard Negative sample online mining strategy based 

on GPU acceleration, deep binding of non-blocking asynchronous I/O and GPU pipeline, and distributed 

node partitioning and multi-GPU work stealing load balancing model. Deep binding of asynchronous I/O 

and GPU pipelines, reducing data loading latency by 47%; Distributed node partitioning with multi-GPU 

work-stealing, boosting GPU utilization by 15 percentage points. Experiments on standard datasets show 

the optimized toolchain shortens assembly time from 34.7s to 9.2s, increases throughput by 63.9%, and 

improves inference accuracy by 89% compared to baseline. 

Povzetek: Članek obravnava neučinkovitosti GraphSAGE pri sestavljanju velikih grafov znanja. Predlaga 

metodo z dinamičnim hibridnim indeksiranjem za hitrejše vzorčenje sosedov, GPU-pospešenim iskanjem 

zahtevnih negativnih vzorcev, asinhronim I/O–GPU cevovodom ter porazdeljenim več-GPU 

uravnoteženjem bremen. Optimizacije močno pospešijo obdelavo in izboljšajo točnost sklepanja. 

 

1 Introduction 
Under the background of the rapid development of big 

data, knowledge graphs are gradually becoming 

indispensable key technical support in artificial 

intelligence due to their powerful semantic modeling 

ability and multi-source heterogeneous information 

integration ability. GraphSAGE has demonstrated strong 

adaptability in diverse domains, highlighting both its 

potential and existing limitations that motivate our 

optimizations [1, 2]. As a form of organizing knowledge 

in a graph structure, a knowledge graph can not only 

structurally model entities and their relationships but also 

realize the association, reasoning, and evolution of 

knowledge, providing in-depth semantic understanding 

and decision support for many fields such as intelligent 

search, recommendation system, question answering 

system, autonomous driving and smart medical care [3]. 

Many existing knowledge graph construction systems 

still rely on rule-driven or simple graph traversal 

strategies in assembling tools, which can still play a role 

in small-scale or structured scenarios. Showcasing how 

integrating GraphSAGE with parallelizable modules 

(like BERT) can boost model discrimination. Their 

findings on improving semantic boundary detection 

through hybrid computing inspire our GPU-accelerated  

 

Hard Negative sampling strategy, which aims to 

strengthen semantic differentiation in knowledge graph 

embeddings. These studies collectively underscore the 

need for targeted optimizations to unlock GraphSAGE’s 

full potential in large-scale, heterogeneous graph 

scenarios [4, 5]. The emergence of graph neural network 

technology provides a breakthrough direction for data 

assembly of knowledge graphs, especially the proposal of 

GraphSAGE, which greatly broadens the boundary of 

graph structure data modeling [6]. By sampling neighbor 

nodes and performing aggregation learning, GraphSAGE 

can realize embedded learning of nodes without 

traversing the whole graph, effectively alleviating the 

computational pressure from large-scale graph 

calculation. This method also has strong generalization 

ability and can learn the embedded representation of 

unseen nodes, which makes the graph system more 

flexible in dynamic expansion [7, 8]. 

GraphSAGE performs well in graph neural 

networks and is widely used in node classification and 

link prediction tasks. However, its direct use in data 

assembly of knowledge graphs still faces several practical 

problems [9]. 

Unlike traditional graphs with relatively simple 

structures such as social networks or citation networks, 

knowledge graphs often contain various types of entities 
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and relationships, and their structures have high 

heterogeneity and complex semantic constraints [10, 11]. 

Enhance neighborhood sampling efficiency via 

dynamic hybrid indexing that adapts to multi-order 

semantic propagation. Improve semantic boundary 

discrimination using GPU-accelerated Hard Negative 

sample mining, focusing on semantically similar but 

irrelevant nodes. Boost system throughput and load 

balance through deep binding of asynchronous I/O with 

GPU pipelines and distributed work-stealing strategies 

[12, 13]. 

Focusing on the iterative optimization problem of 

the GraphSAGE data assembly tool for knowledge graph 

scenarios, a set of systematic optimization strategies is 

proposed by in-depth analysis of its internal data 

processing flow, key module collaboration mechanism, 

and embedded expression method [14, 15]. Inefficient 

neighborhood sampling in heterogeneous graphs due to 

static indexing, leading to redundant computations. Weak 

semantic discrimination in node embeddings caused by 

suboptimal negative sampling, reducing assembly 

accuracy. Low resource utilization due to I/O blocking 

and unbalanced GPU loads, limiting system throughput 

[16, 17]. 

2 Analysis and abstraction of core 

elements of knowledge graph data 

assembly mechanism 

2.1 Schema-aware graph partitioning of 

heterogeneous graphs in knowledge graph 

structural feature modeling 

As a form of organizing and expressing multi-source 

heterogeneous knowledge in graph structure, knowledge 

graph has much more complex structural features than 

traditional data modeling methods [18]. In the 

environment of heterogeneous atlas, as shown in 

equations (1) and (2), Nt is the sum of node weights of 

type t; V is the set of all nodes; δtype(v,t) is an indicator 

function, whether the node v type is t; Wt(v) is the type 

weight of node v. Er is the sum of the strengths of edges 

of relation type r; E is the set of all edges; δrel(e,r) is an 

indicator function, whether edge e is of type r; ϕ(e) is the 

edge weight function. Different types of nodes and 

relationships together form a semantically rich and 

tightly structured graph network. 
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This graph network not only includes simple one-to-

one relationship between entities, but also covers a 

variety of semantic modes such as many-to-many, multi-

hop relationship and hierarchical relationship. As shown 

in equation (3), Pi
(1) is the weight of the i-th primary 

partition; Nti is the node type set; Ri is the collection of 

relevant edge types. When assembling its data, it is 

difficult to meet the dual requirements of high efficiency 

and accuracy only by relying on traditional graph 

processing methods. 
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Schema-aware graph partitioning for heterogeneous 

graphs has become a key step to achieve efficient 

assembly process. The so-called Schema perceptual 

graph partition [19], as shown in equation (4), Pi,j are the 

i-th and j-th secondary partition weights; Erj is the j-th 

relational edge set; β is the regulation index. The graph 

structure is partitioned with semantic constraints in order 

to keep semantic consistency and structural integrity in 

the subsequent processes of graph embedding and node 

aggregation. 
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In heterogeneous knowledge graph, Schema is 

usually used to describe entity types, relationship types 

and constraint rules between them. It not only determines 

the semantic types of nodes and edges in the graph, as 

shown in equations (5) and (6), Hv
(0) is the initial 

embedding vector of node v; ψ is the feature mapping 

function; Fv is the eigenvector of node v. Psamp(u|v) is the 

probability that node v samples neighbor u; γ is a 

temperature parameter; σ is nonlinear activation; Ws is the 

sampling weight matrix; Nv is the set of neighbors. It also 

affects the semantic propagation path between entities. 

Through in-depth analysis of Schema, the semantic 

aggregation regions in graph structure can be effectively 

identified and the partition process can be guided. 
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The first step of graph partitioning is usually coarse-

grained partitioning based on entity types. This stage can 

be based on the information of the first-level entity 

category in the knowledge graph. As shown in equations 

(7) and (8), Sv
(l) is the sampled neighbor set of the l-th 

layer; s is the maximum number of samples. Av
(l) is the lth 

layer neighbor aggregation feature; Hu
(l) is the neighbor 

node embedding. This partition is helpful to realize the 

semantically independent preliminary isolation between 

nodes, and build a clear graph structure skeleton. 
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2.2 Underlying operators of neighborhood 

sampling, negative sampling, and feature 

aggregation in GraphSAGE operation 

primitive deconstruction 

As a representative graph neural network method, 

GraphSAGE proposes an operation primitive with 

neighborhood sampling, negative sampling and feature 

aggregation as the core [20]. As shown in equations (9) 

and (10), Hv
(l+1) is the l+1 layer embedding; Wc is the 

weight matrix; bc is the bias; ϕ is the activation function. 

Wev,u is the edge weight of the t-th round; η is the weight 

attenuation factor; fdyn is a dynamic weight function; E is 

the edge set. It breaks through the bottleneck of 

traditional graph embedding algorithm's dependence on 

the whole graph, and has good scalability and 

generalization ability when dealing with large-scale 

graph data. 
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Neighborhood sampling is the starting point of 

GraphSAGE, and its design logic directly determines 

whether effective information support can be obtained in 

the feature aggregation stage. Traditional neighborhood 

sampling methods are mostly based on fixed order 

random sampling or equal probability selection. As 

shown in Equation (11), Nvc is a cross-partition neighbor 

set; α is the fusion weight coefficient. However, in the 

heterogeneous knowledge graph, the connection 

relationship between different types of nodes has obvious 

semantic differences and structural heterogeneity. 
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Blindly adopting equal probability sampling 

strategy will easily lead to the introduction of semantic 

noise and affect the semantic accuracy of node 

representation. The optimized neighborhood sampling 

mechanism is no longer limited to the simple counting of 

node degrees and connection relationships [21]. As 

shown in equation (12), S(u|v) is the importance score of 

node v sampling neighbor u; θs is the scale parameter. A 

semantic guidance mechanism based on improved 

random walk strategy is introduced. 
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This mechanism comprehensively considers the 

edge weight between nodes and neighbors, node type 

distribution and historical interaction frequency, and 

constructs a probability bias model [22]. As shown in 

equation (13), Pneg(v) is the probability that node v is 

negatively sampled; dv is the nodal degree; α is the 

regulation index. The guided sampling process is more 

inclined to select neighbor nodes with high contribution 

to the semantic representation of the central node, which 

reduces the dominance of single type neighbors on the 

aggregation results. 
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3 Deep optimization design of key 

components for high-performance 

optimization 

3.1 Multi-order neighborhood-aware sampling 

acceleration based on dynamic hybrid indexing 

In the GraphSAGE data assembly task for large-scale 

knowledge graphs, efficiently completing the 

neighborhood sampling operation of nodes is one of the 

key factors determining the overall system performance 

[23, 24]. As a highly structured semantic network, the 

relationship between nodes of the knowledge graph is 

limited to directly connected first-order neighbors. It 

constitutes a multi-order and indirect semantic diffusion 

space through a complex path structure. The traditional 

neighborhood sampling method based on a single index 

mechanism is inefficient in dealing with multi-level 

semantic propagation and expansion tasks due to its static 

index structure and single information organization, 

which easily leads to a large amount of redundant 

calculation and memory waste. It cannot meet the needs 

of high-performance scenarios such as real-time 

assembly and online recommendation [25, 26]. Inverted 

index: Maintains mappings from relationship types to 

node pairs, e.g., for a "belongs-to" relationship, it stores 

all (entity, category) pairs. This allows O1 access to first-

order neighbors of a node when sampling by relationship 

type [27, 28]. The core of this mechanism is to construct 

a dynamically evolving hybrid index system, which 

organically integrates three data structures: inverted 

index, hash index, and tree index. It dynamically switches 

index strategies according to the characteristics and 

requirements of different sampling stages. Figure 1 is a 

GraphSAGE neighborhood distributed node partition and 

multi-GPU task allocation diagram. Inverted indexes 

mainly manage indexes for relationship types. In 

knowledge graphs, one entity type is often connected to 

another at high frequency through specific types of edges. 
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Figure 1: GraphSAGE neighborhood distributed node partition and multi-GPU task allocation diagram 

 

In the actual sampling execution, the algorithm no 

longer takes the fixed number of layers and nodes as the 

only standard. Still, it introduces the "multi-order 

neighborhood awareness" mechanism to dynamically 

generate different sampling strategies according to the 

semantic distribution of the map structure and the weights 

of node attributes [29, 30]. Hash index: Caches frequently 

accessed nodes (e.g., high-degree nodes with >10,000 

edges) to reduce disk I/O. It uses a consistent hashing 

algorithm to distribute hot nodes across memory shards, 

ensuring load balance. The first-order neighborhood 

maintains a high sampling probability to ensure semantic 

core aggregation. The second-order and above 

neighborhoods are supplemented by sampling according 

to semantic sparsity and association density to ensure 

semantic coverage breadth. This strategy improves the 

diversity and semantic representativeness of sampling 

and effectively avoids meaningless information 

redundancy. Considering that knowledge graphs are often 

dynamically updated in practical applications, and the 

continuous addition, deletion, and modification of nodes 

and edges pose a challenge to the stability of index 

structure, this mechanism introduces an index dynamic 

maintenance module. Figure 2 is a dynamic hybrid index 

construction and update diagram. This module monitors 

every structural change event in the diagram and 

automatically triggers the incremental update operation 

of the corresponding index. When a node or edge is added, 

the system automatically updates the relevant inverted 

items, hash entries, and tree paths to ensure that all index 

structures are synchronized with the atlas state. 

 

 

Figure 2: Dynamic hybrid index construction and update diagram 

 

In the research of knowledge graph recommendation, 

many methods introduce the KGE model to extract entity 

features. Still, these methods generally use independent 

training to separate feature extraction tasks from 
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recommendation tasks. Tree index (B+ tree): Organizes 

multi-order neighbors by semantic relevance scores 

(calculated via node type similarity and edge weights). 

For second-order sampling, it traverses the tree from the 

first-order neighbors as roots, pruning branches with 

relevance scores below a dynamic threshold (initially set 

to 0.3, adjusted by training loss). Table 1 shows the 

results of Recall @ 25 of Top-K tasks in each data set. 

Structural information often carries deep semantic 

patterns and logical constraints in the map. This 

information is only introduced as embedded vectors in 

the later stage, which easily leads to semantic degradation 

and information loss. 

 

Table 1: Results of Recall @ 25 for Top-K tasks in individual datasets 

 

Model 
Movielens 

(R @ 25) 

Movielens 

(R @ 50) 

Book-Crossing 

(R @ 25) 

Book-Crossing 

(R @ 50) 

Last.FM 

2015 (R @ 

25) 

Last.FM2015 

(R @ 50) 

KGCN 0.0934 0.1597 0.0367 0.058 0.0051 0.0092 

KGCN-SW 0.0994 0.1699 0.0363 0.0597 0.006 0.0102 

KGCN-Pl 0.1019 0.1757 0.0393 0.0601 0.0069 0.0112 

KGCN-V1 0.1052 0.1823 0.0412 0.0632 0.0075 0.012 

KGCN-V2 0.1084 0.1889 0.0435 0.0665 0.0082 0.0129 

3.2 Hard Negative sample online mining 

strategy based on GPU acceleration 

In the iterative optimization research of the GraphSAGE 

data assembly tool for knowledge graphs, mining and 

using hard negative samples are among the core links to 

improve model discrimination capabilities and build 

high-quality node representation vectors. The traditional 

negative sampling strategy usually uses random or 

frequency-based methods to select negative samples, 

which can meet the basic training needs to a certain extent. 

However, because it ignores the fine-grained semantic 

proximity between samples, it often leads to the lack of 

sufficient challenge in the training process. It is difficult 

to enhance the semantic boundary discrimination ability 

of the model effectively. Hard Negative samples, that is, 

those negative examples that are semantically close to 

positive samples but have nothing to do with semantic 

structure, can put higher requirements on the 

discrimination ability of the model, making the learned 

node representations more semantically discriminative. 

Designing an efficient and real-time Hard Negative 

sample mining strategy is a critical path to realize the 

performance transition of GraphSAGE assembly tools 

when facing large-scale knowledge graph data. Figure 

3 is an assessment diagram of the impact of different 

sampling strategies on assembly performance. A Hard 

Negative sample online mining strategy based on GPU 

acceleration is proposed, which fully uses the parallel 

computing power of modern graphics processors to 

migrate the time-consuming sample screening tasks on 

the CPU to Running under a high concurrency 

architecture, which greatly improves the overall 

computing efficiency and sample quality. In this strategy, 

it is necessary to load the embedded representation of all 

or some nodes in the knowledge graph and pass its 

vectorized results into the GPU cache in batches. 

 

 

 

Figure 3: Evaluation diagram of the impact of different sampling strategies on assembly performance 
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After preliminarily screening out potential Hard 

Negative samples, the system does not immediately 

incorporate them into the training process. Still, it 

introduces a semantic repulsion mechanism to filter 

further and strengthen the samples. This mechanism is 

based on the inherent semantic relationship structure of 

the knowledge graph. The semantic exclusion score is 

calculated by analyzing the real path relationship between 

candidate negative samples and central nodes in the graph 

structure and the degree of semantic type conflict. For 

those node combinations that are highly similar in the 

embedding space but should be irrelevant or mutually 

exclusive in the semantic space, the system will 

artificially increase the weight of their penalty terms in 

model training. It ensures that representative Hard 

Negative samples can be continuously obtained at 

different stages of training, and the mining strategy can 

also dynamically adjust. According to the training state, 

gradient convergence speed, and loss trend of the model, 

the system adjusts the similarity threshold of sample 

screening and the update frequency of the candidate pool 

in real time. In the early stage of model training, fast 

convergence allows the system to reduce the threshold 

and expand the coverage of the candidate pool. In the 

later fine-tuning stage, the sample selection criteria are 

gradually improved to ensure that the Hard Negative 

samples finally introduced into the training process have 

high semantic challenges. Figure 4 is the GraphSAGE 

feature aggregation weight evaluation diagram. This 

dynamic adjustment mechanism effectively prevents the 

model from falling into a local optimal state of "easy 

learning", prompting it to face high-intensity semantic 

discrimination pressure throughout the training cycle and 

continuously improving generalization ability and 

semantic fitting level. 

 

Table 2: Basic information table of data set and corresponding knowledge graph 

 

Dataset Information Movielens-1M Book-Crossing 
Last.FM 

2011 
MusicNet-200K Article-50K 

No. of users 4587 13574 1423 7600 3800 

Number of projects 1858 11375 2923 3800 7600 

Scoring data 572867 106207 32183 152000 38000 

Number of entities 138328 59206 7118 38000 15200 

Number of relationships 943916 115140 11794 76000 22800 

Number of co-scores 23999219 6233525 638596 3800000 760000 

 

Table 3: Performance comparison between baseline graphsage and optimized toolchain 

 

Metric Baseline GraphSAGE Optimized Toolchain Improvement 

Data assembly time (s) 34.7 9.2 -73.5% 

Single iteration efficiency 120 nodes/ms 298 nodes/ms +148.3% 

Graph inference accuracy (%) 15.0 77.5 +416.7% 

GPU utilization rate (%) 65 80 +15 p.p. 

Model training time (min) 45.2 26.7 -41.0% 
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Figure 4: GraphSAGE feature aggregation weight evaluation diagram 

 

This strategy effectively complements the training 

methods of mainstream node embedding models. The 

output layer softmax ope ratio faces a great 

computational burden in path-based representation 

learning methods such as DeepWalk and node2vec. Some 

models introduce hierarchical softmax, which is 

accelerated by normalization through a binary tree 

structure and reduces the pressure of the output layer. 

Table 2 shows the basic information table of the data set 

and the corresponding knowledge graph. However, these 

methods still use the traditional random strategy to select 

negative samples and lack the deliberate design of 

semantic difficulty, resulting in the generated node 

representation showing weak adaptability in the face of 

dynamic changes in graph structure. Table 3 is 

performance comparison between baseline graphsage 

and optimized toolchain 

4 Iterative optimization strategy for 

the overall architecture of the tool 

chain 

4.1 Deep binding of non-blocking 

asynchronous I/O and GPU computing 

pipeline 

In the iterative optimization process of the GraphSAGE 

data assembly tool for knowledge graphs, the system's 

overall computing efficiency and throughput 

performance are often restricted by I/O bottlenecks and 

insufficient GPU resource utilization.  
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When dealing with large-scale heterogeneous knowledge 

graph data, the traditional serialized data loading and 

computing mode will cause computing resources to be 

frequently waiting, limiting the further improvement of 

model training and inference speed.  

A strategy of deeply binding non-blocking asynchronous 

I/O with a GPU computing pipeline is proposed to 

achieve efficient collaboration between data reading and 

computing processes, maximize the potential of hardware 

resources, and improve the performance of knowledge 

graph data assembly tools in complex environments. 

Execution performance. A multi-threaded asynchronous 

data loading mechanism is constructed at the I/O level, 

and the original knowledge graph entities, relationships, 

and edge structures are divided into multiple data shards 

according to logical division and distributed storage in 

multi-node file systems or high-speed storage media. The 

system reads different data shards concurrently through 

multiple independent I/O threads to avoid loading delays 

caused by sequential reading. In the data loading process, 

the memory buffer pool mechanism is introduced to 

temporarily cache the data blocks read by each thread 

through shared memory, thus reducing the 

communication cost between threads. Figure 5 is a 

semantic similarity evaluation diagram of node 

embedding vectors. Zero-copy technology is introduced 

to achieve as few memory copy operations as possible in 

the entire link before data is read from disk to GPU 

computing. 

 

 

 

Figure 5: Semantic similarity evaluation diagram of node embedding vector 

 

In the GPU computing pipeline, the calculation 

process of the GraphSAGE model is split according to 

task modules and divided into multiple logical stages, 

such as data preprocessing, neighborhood sampling, 

feature aggregation, embedding update, and loss function 

calculation. Each computing stage is configured as an 

independent GPU computing stream so the different 

stages can be executed in parallel and decoupled. Under 

this modular pipeline structure, the system uses an 

asynchronous signal notification mechanism. When an 

I/O thread successfully loads a batch of data and puts it 

into the buffer, it immediately sends a signal to the GPU 

pipeline to trigger the corresponding computing stream to 

start related operations. At this time, without waiting for 

the I/O thread to complete the reading operation of the 

entire data set, the GPU can immediately start processing 

the available data, realizing the close linkage between 

data loading and calculation and avoiding the waste of 
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GPU idle due to waiting for I/O to complete in the 

traditional architecture. To improve the system's overall 

performance and response speed, the toolchain also 

supports dynamic adjustment of the number of tasks and 

data block size in each calculation stage. The system 

monitors the execution load and memory occupation of 

each GPU stream. It dynamically determines the batch 

processing size of data and the GPU thread allocation 

strategy according to the running state. Figure 6 is an 

evaluation diagram of Hard Negative sample mining 

speed under GPU acceleration. When it is found that the 

GPU utilization rate at a certain stage is low, the input 

data batch can be temporarily expanded to increase its 

processing density. When video memory resources are 

tight, the system can intelligently narrow the data block 

range of each task to avoid GPU resource overflow. 

 

 

 

Figure 6: Hard Negative sample mining speed evaluation diagram under GPU acceleration 

 

4.2 Distributed node partitioning and multi-

GPU work theft load balancing model 

The iterative optimization process of the GraphSAGE 

data assembly tool for knowledge graphs effectively 

deals with the challenges brought by large-scale 

heterogeneous graph data in terms of computing resource 

distribution, node processing load, and GPU utilization 

efficiency. It builds a set of distributed load balancing 

models with node partitioning and multi-GPU work theft 

mechanisms as the core aims to improve the overall 

system's computing efficiency and resource scheduling 

capabilities in high concurrency and large-scale data 

processing environments. This model focuses on the 

distributed organization of graph data and emphasizes 

how to realize task granularity dynamic scheduling and 

load balancing in the training and reasoning process of 

GPU resource-intensive graph neural network and realize 

the high-frequency change nodes and high-frequency 

change nodes in the graph structure. Accurate and 

efficient assembly of densely associated areas. Regarding 

knowledge graph data structure partitioning, the graph 

partitioning algorithm based on semantic clustering and 

relationship density is used to process distributed node 

partitioning on the original graph data. The system will 

comprehensively consider the semantic context 

information of each node, the connection strength with 

neighboring nodes, the degree of the node itself, and the 

density of local subgraphs, and divide the whole 

knowledge graph into several subgraph regions with 

relatively independent semantics and clear structural 

boundaries. Figure 7 is a distributed node partition load 

balancing evaluation diagram. Each sub-graph partition 

is stored in the distributed file system as an independent 

assembled task unit and is loaded and processed in 

parallel by multiple distributed computing nodes 

according to a preset scheduling strategy. 
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Figure 7: Distributed node partition load balancing evaluation diagram 

 

In task scheduling and load balancing, a multi-GPU 

work-stealing mechanism is introduced as the core 

scheduling strategy to solve the problem of different 

subgraph partitions having significant differences in 

computational complexity and processing time. This 

mechanism allows each GPU to actively initiate cross-

GPU task stealing requests after completing the assembly 

tasks in the local task queue and obtain unfinished task 

sub-batches from other GPUs whose tasks have not been 

completed to avoid the resource waste phenomenon that 

some GPUs are idle while others are still overloaded. 

This method transforms the original static task 

scheduling into a dynamic and flexible distribution 

mechanism that can adapt to the task execution progress, 

effectively shortening the overall computing task's 

convergence time and improving the system's overall 

resource utilization rate. To improve the scheduling 

efficiency and response speed of the work theft 

mechanism, the system also integrates a dynamic load 

forecasting algorithm, which estimates the execution 

time and resource occupation of subsequent tasks in 

advance based on historical task execution logs, node 

degree distribution, neighborhood expansion depth, and 

local subgraph complexity. This prediction mechanism 

can predict that some partitions may become "hot" tasks 

because they contain highly active nodes or regions with 

highly overlapping semantic relationships, which will 

generate more neighborhood traversal and embedding 

operations during the assembly process. Figure 8 is the 

multi-dimensional semantic clustering evaluation 

diagram of the knowledge graph. The system can arrange 

the initial task allocation strategy more reasonably, 

provide a more targeted load adjustment basis for the 

work theft mechanism, and reduce the overall unbalanced 

load problem of the system from the source. 

 

 

 

Figure 8: Multidimensional semantic clustering evaluation diagram of knowledge graph 

 

5 Experimental analysis 
This is a powerful platform for high-performance 

computing scenarios. It is equipped with eight NVIDIA 

A100 GPUs, each of which has 40Gb hbm2e video 

memory and is connected through nvlink 4.0 technology, 

which can realize high-speed parallel computing. At the 

same time, it is equipped with two Intel Xeon platinum 

8380 processors, each with 40 cores and 80 threads, with 

powerful computing power. In addition, it also has 1TB 
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ddr4-3200 memory, 10TB nvme SSD (RAID 0 

configuration) and 100gbps Infiniband network, which is 

efficient in data transmission and can easily cope with 

large-scale computing tasks. The number of nodes ranges 

from hundreds to tens of millions, and the number of 

edges covers millions to hundreds of millions. Strive to 

reproduce the challenges complex knowledge graph 

assembly tasks face to the greatest extent in actual usage 

scenarios. Figure 9 is a dynamic hybrid index access 

efficiency evaluation diagram. 

 

 

 

Figure 9: Dynamic hybrid index access efficiency evaluation diagram 
 

The data preprocessing involved three key steps: 

eliminating duplicate edges via MD5 hashing, filtering 

out nodes with fewer than 5 edges to retain 92-97% of 

original nodes, and normalizing edge weights using min-

max scaling to a [0,1] range based on co-score 

frequencies. Figure 10 is an evaluation diagram of multi-

level neighborhood sampling coverage change. In high 

concurrent reading scenarios, multi-threaded 

asynchronous loading combined with cache management 

and zero-copy technology significantly reduces the 

impact of I/O bottlenecks. 

 

 

Figure 10: Multi-order neighborhood sampling coverage change evaluation diagram 

 

The GPU pipeline mechanism enables each 

calculation stage to be executed concurrently, showing a 

strong resource synergy effect in the training process. 

Compared with the unoptimized traditional GraphSAGE 

method, Figure 11 is the knowledge graph node 

distribution evaluation diagram. Under the same data 

scale and hardware environment, this system's overall 

throughput has increased by 30% to 60%. The specific 

improvement range depends on the node degree 

distribution and neighborhood sampling depth. 
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Figure 11: Knowledge graph node distribution evaluation diagram 

 

6  Conclusion 
This paper constructs a set of high-performance 

assembly methods for industrial knowledge graph 

scenarios through the comprehensive research of graph 

structure feature modeling, bottleneck analysis of the 

calculation process, and system implementation 

strategy. The toolchain has significantly improved 

assembly speed, embedding quality, and resource 

utilization, effectively alleviating the performance and 

stability problems faced by the original GraphSAGE 

when processing complex map data. 

Regarding neighborhood sampling, traditional 

GraphSAGE relies mostly on fixed depth and random 

methods, making it difficult to balance efficiency and 

information coverage in multi-level semantic modeling. 

This paper proposes a multi-level neighborhood-aware 

sampling method based on dynamic hybrid indexing, 

which realizes strategic semantic neighborhood 

construction through node importance prediction. The 

GPU-accelerated Hard Negative sample online mining 

strategy is introduced, parallel computing is used to 

optimize the sample screening process, and the loss 

function penalty weight is dynamically adjusted by 

combining the semantic repulsion mechanism during 

the training process, which effectively improves the 

model's ability to distinguish semantic boundaries. 

Faced with the problem of I/O bottleneck and idle 

GPU computing resources, this paper constructs a non-

blocking asynchronous I/O and GPU computing 

pipeline deep binding mechanism, which realizes the 

decoupling and overlapping processing of data and 

computing through multi-threaded asynchronous data 

loading combined with GPU multi-stream scheduling. 

In actual deployment, this strategy effectively avoids 

the GPU idling problem caused by I/O blocking and 

significantly improves the effective computing time 

during the training cycle. Aiming at the feature 

aggregation operation of large-scale graphs, combined 

with the dynamics of heterogeneous graph structures, 

the system automatically adjusts the data block size and 

task parallel strategy at different stages, realizes the 

dynamic adaptation of resource allocation between 

high-density areas and sparse areas, and improves the 

overall training efficiency. 

The performance improvement of optimization 

methods in distributed environments is particularly 

prominent. In a cluster environment of 100 GPUs, the 

data loading speed is increased by 24.6%, the model 

training speed is increased by 5.2 times, and the data 

transmission latency is reduced by 68%. The cross-

partition edge processing error is reduced from 12.8% 

to 5.2%, and the communication overhead between 

nodes is reduced by 47.1%. In the large-scale 

knowledge graph data assembly task, the overall 

performance of the optimized toolchain system 

improved by 83.4%, and the multi-GPU parallel speed-

up ratio reached 47.1, indicating that the work-stealing 

load balancing model can effectively solve the problem 

of uneven allocation of computing resources and ensure 

that the system is high Stability and scalability under 

load scenarios. 
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