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Abstract. The entity linking in technical documents has specific issues, with many specialized terms, complex domain
relationships, and the knowledge base often being outdated. This study proposes a high-end graph-based framework that
combines heterogeneous graph attention mechanisms with deep context modeling. Using an adaptive relational reasoning
approach, we combine information from the knowledge base and text to construct a comprehensive representation for
stable entity disambiguation. Many experiments using large-scale, multi-domain datasets have shown that matching
performance has significantly improved; compared to previous methods, accuracy and F1-score have increased by more than
5%, often exceeding 90%. The core components supporting the good results are graph attention, domain knowledge
integration, and context integration; hyperparameter experiments determined stable and scalable settings. The system is
general-purpose, maintaining good accuracy and completeness even in the absence of a vocabulary or ontology. This
approach provides a stable and scalable foundation for the automatic entity resolution of engineering, scientific, and
industrial documents. It has various applications in intelligent document analysis within knowledge management,
information retrieval, and highly specialized technical fields.
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Introduction

Structured knowledge is gradually becoming one of the important components of various scientific research,
engineering innovation, and intelligent information management systems [1]. When entities are mentioned in
unstructured documents, entity linking can be used to connect them to the corresponding entries in
authoritative knowledge bases of the relevant fields. This is an important component of automatic knowledge
acquisition in scientific and engineering literature [2]. With rapid development, entity linking is being used in
fields such as engineering design, biotechnology, and materials science for semantic search and literature mining
[3]. Many studies have already utilized linguistic, semantic, and structural cues in technical documents to align
text entities with knowledge in structured domains [4]. In the early days, most research on entity disambiguation
used dictionary-based methods or heuristic rules. These methods are quite effective in certain cases, but they
are insufficient to handle the volume and complexity of current technical corpora [5].

The accuracy and scalability of scientific text entity linking algorithms have recently been influenced by the
developments in machine learning and graph-based models [6]. Deep neural network models, especially
sequence and hierarchical encoders, have changed the direction of entity linking by directly extracting rich
contextual and semantic patterns from data [7]. Using the aforementioned methods to integrate external
knowledge graphs can further improve the analysis of ambiguous words and the collection of fine-grained
relationships between domain entities [8]. Architectures based on attention mechanisms, such as self-attention
and graph attention, are used to address the issues of long-distance dependency modeling and multi-hop
semantic relationships in entity linking networks, and to improve the accuracy of candidate selection [9]. There
are still serious issues in the technical field. These issues are caused by high lexical variability, the frequent
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occurrence of domain-specific abbreviations, and the limited coverage of structured ontologies. In real-world
applications, there is an increasing need for robust disambiguation capabilities [10].

Based on the above findings, this paper proposes a new technical text entity linking framework that leverages
the representational flexibility and adaptability of Graph Attention Networks (GAT). The framework uses graphs
to seamlessly connect domain knowledge, text features, and contextual clues to support the dynamic
propagation and differentiation of information at the entity level. By learning from various data within the
framework, issues such as ambiguous language, lack of context, and incomplete knowledge bases can be
addressed. Propose foundational theories, innovative methods, experimental validation, and other extended
applications. To support the dynamic propagation and differentiation of information at the entity level, a
heterogeneous graph is constructed, seamlessly connecting domain knowledge, text features, and contextual
clues. By using attention mechanism-based learning, various data within the framework are integrated to
address issues of ambiguous language, lack of context, and incomplete knowledge bases. Conduct
comprehensive empirical research to demonstrate that the method outperforms existing benchmark methods.
Propose the following methods: fundamental theory, method innovation, experimental verification, and
extended application.

Related Work

Entity Linking in Technical Domains

Entity linking in technical domains helps with the automatic retrieval, indexing, and construction of knowledge
graphs [11]. For domains with limited vocabulary, such as chemistry and mechanical engineering, rule-based
manually designed systems are used to complete the work. These systems use domain-specific vocabulary and
pattern matching to perform the initial work [12]. These systems are not flexible enough to adapt to changes in
the terminology of the research field [13]. Statistical methods based on co-occurrence analysis and probabilistic
mapping have made some progress, but handling new or rare entities remains challenging [14]. To improve the
robustness of the model, feature-driven machine learning is combined with contextual clues or syntactic
dependencies [15]. The scientific names of these models are often inconsistent [16]. In order to improve the
disambiguation capability of highly technical texts, distributed semantic representations have recently been
constructed using neural network-based models [17]. To support the aforementioned improvements, large-
scale annotated corpora have also been established for entities in the fields of materials science, biomedicine,
and computer science [18]. These resources have facilitated the development of many applications in the past
few years and supported system evaluations [19].

Graph Neural Networks for Knowledge Representation

Graph Neural Networks (GNNs) have been used to model complex relational data. GNNs are particularly suitable
for knowledge-driven applications, such as many-to-many or graph-structured entities [20]. GNNs propagate
and aggregate information through graph topology to understand end-to-end node and edge representations
that contain local and global structural patterns [21]. Graph Convolutional Networks are the initial version of
structural learning models. Subsequent models such as GraphSAGE and Graph Attention Networks have
improved inductive learning and adjustable neighborhood selection [22]. Performs well in scientific domains
with large-scale, heterogeneous, and frequently updated taxonomies and ontologies [23]. Entity linking using
GNNs can jointly encode text segments and explicit knowledge base relations, thereby obtaining context-aware
entity representations while enhancing the system's robustness to lexical ambiguity [24]. High-quality annotated
graphs are needed for training, but GNNs are still not very popular [25]. Knowledge graphs are incomplete or
general in low-resource technical fields [26].

Attention Mechanisms in Natural Language Processing

In natural language processing, the attention mechanism provides a new method that allows it to continuously
focus on relevant parts of graphs or sequences during encoding and inference [27]. In entity linking, the attention
mechanism can be used to weight the different strengths of contextual words or graph neighbor relationships,
which can even be used for fine-grained disambiguation [28]. The widespread adoption of self-attention
modules and improvements in the Transformer architecture have led to significant advancements in many areas
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of natural language processing technology [29]. The combination model of attention mechanisms and Graph
Neural Networks (GNNs) can use structured relational cues and contextual reasoning to address heterogeneity
issues in scientific and engineering languages [30]. Attention mechanism models have recently been used to
improve the interpretability and accuracy of technical entity linking systems in complex text environments [31].

Methodology

Construction of the Entity Linking Graph

The specialized field of technical entity linking begins with the accurate identification of potential entities and
the careful construction of a heterogeneous graph that can recognize the deep semantics of language and
knowledge bases. Use technical documentation to build a robust sequence labeling model to identify mentions
of potential entities by leveraging syntactic and semantic features in the terminology. A high-performance
candidate generation mechanism dynamically retrieves from a well-organized domain-specific knowledge base
for each identified entity mention. The mechanism simultaneously considers direct lexical similarity and
semantic relevance.

The process of constructing the graph is highly dependent on the technical ontology at the time. Each mentioned
entity, potential entity, and related background noun or keyword in the graph is a node. Due to the vast number
of sources for this information, nodes are classified and labeled in various ways according to their types. These
methods include contextual modifiers, patent entities, components, or process parameters. In this topology,
edges are no longer considered undirected but are assigned weights based on inferred domain-specific
dependencies. The document contains co-reference, knowledge base links, and potential semantic similarity
based on co-occurrence statistics of higher-order terms.

Node attributes need to be preprocessed and normalized to ensure good propagation and aggregation in the
subsequent graph learning phase. The numerical parameters of text-derived features (such as position, part-of-
speech distribution, and mention frequency) are normalized using min-max normalization to ensure that each
dimension is within the range [0, 1]. This helps improve numerical stability during propagation. Through task-
specific representation learning, continuous vectors are used in the space to represent semantic types and
source indicators.

The initialization process of the node feature matrix constructed in the entity linking graph is as follows:

H® = ®([er, pe, cer5¢]) Eq.(1)
Connecting semantic entity embeddings, positional encodings, context aggregation vectors, and symbolic
classification features constitutes each initial node embedding. Fusion is performed through domain adaptation
transformation.

Edges achieve heterogeneous relationships through composite adjacency functions:

TER
In this formulation, for each edge (i, j), multiple relation types r contribute weighted evidence through learned

attention coefficients ai(jr), modulated by an indicator function that encodes the existence of each relation.

The feature matrix and the adjacency matrix have both been orthogonally normalized to ensure that various
types of edges and nodes are comparable:

N 1 1 HO —
A=D72ADZ; HO = — _* Eq.(3)

o
Here, D is the node degree diagonal matrix, 4 and o denote the mean and standard deviation vectors of the
initial feature matrix, ensuring all information channels are balanced prior to subsequent graph learning.

In this architectural design, the heterogeneous entity linking graph has multiple layers, as shown in Figure 1.
Mentions and candidate entities are nodes in the graph, connected by various types of relationship edges. These
edges not only contain textual proximity and co-reference information but also diverse cross-modal knowledge
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from domain ontologies. In order to achieve more complex graph neural network representations downstream,
provide a stream that includes context-aware, structural, and semantic information.
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Figure 1. System Architecture of the Proposed Method.

GAT-Based Entity Representation and Linking

The method is based on a heterogeneous entity linking graph and a multi-layer Graph Attention Network (GAT).
The goal is to address the complex dependency structures and contextual differences in technical corpora.
Whether it is a context anchor, a mentioned entity, or a candidate entity, each node in the graph is iteratively
updated based on the features of its neighbors. The attention mechanism is adjusted based on edge semantics
and node types. GAT is used to address heterogeneous edge relationships and dynamically select and propagate
data in the graph.

The attention mechanism uses specific combinations of structure and content to determine the weights of
neighboring nodes:

exp (U(aT[Whi”Whj”rij]))

aij = T
Yren; exp (o(@T[Wh;||[Why|Ir;]))
where || - || refers to the concatenation operator, W is a learnable weight matrix, o is a LeakyReLU nonlinearity,
and r;; encodes the relation type between i and j.

Eq.(4)

Update the writing on each attention head node:

h;=¢ Z a;;Uh; Eq.(5)
JENG
where ¢ denotes a nonlinear activation function such as ELU, and U is a transformation matrix acting on each
neighbor's representation.

Multi-head attention enhances expressive capability by combining the outputs of different independent
attention mechanisms and then propagating them. The combination update for each node in all K heads can be
written as:

l k l
b = | D afPutn® Eq.(6)
JEN;

72



Graph-based Entity Linking with Heterogeneous Attention for Technical Documents
https://doi.org/10.64972/jiic.2025v3.219p65:69-82

The aforementioned organization can acquire a large amount of structural and semantic dependencies to
address the diversity and variety of technical vocabulary.

Multiple GAT layers are used for iterative message passing, enhancing node representations through
progressively more abstract relational reasoning. After passing through L layers, the output nodes can be used
to resolve local and global knowledge disambiguation issues.

Based on the bilinear similarity function, a candidate selection function is set up for the entity linking task, which
is based on the entity mention and the final node embedding of the candidate entity. The decision for entity
linking depends on the bilinear similarity function:

score(m, ¢) = K Mn® Eq.(7)
Here, M is a learnable projection matrix, and the resulting score determines the confidence of linking mention
m to candidate c.

In the GAT-based reasoning process, the model continuously adjusts the text context and structures the strength
of the connections between ontological and surface language cues. Help the system better learn complex
backgrounds and domain knowledge to identify when subtle distinctions in terminology correspond to different
physical or conceptual entities in highly specialized engineering and scientific fields.

The GAT mechanism in this paper can be explained through attention distribution, which inductively generalizes
new mentions of entities. In order to improve the transparency of expert involvement in the technical workflow,
post-hoc audits can be conducted on the aforementioned content to determine which contextual nodes or
ontology relationships have a greater impact on making specific linking decisions.

Contextual Feature Integration

Contextual semantic signals must be integrated into the entity linking framework, especially in technical
documents, where entity disambiguation often relies on complex linguistic cues and potential document
structures. By embedding local and global linguistic contexts, we can construct rich contextual representations.
Combine this information with knowledge based on structured graphs to establish stable links under ambiguous
conditions.

The deep contextual encoder encodes each mentioned entity to extract its contextual embedding. This includes
higher-level discourse structures as well as windowed word sequences from surrounding sentences, capturing
the broad dependencies of the topic. Formally, the context embedding for entity mention m can be defined as

cn = Y({ey | wEW,}T () Eq.(8)
where {e,,} are pre-trained or fine-tuned token embeddings for words in the local window W, , and I'(d,,,)
encodes discourse-level signals from document section d,, (such as paragraph role, subsection type, or
contextual intent).

To jointly leverage knowledge-driven and context-driven information, we design a fusion layer that
synergistically combines the node representations produced by GAT with the semantic context vectors. This
layer employs a gated integration approach to adaptively balance structured and contextual signals according
to their predictive salience for the linking task. The global feature vector for a given candidate node c after fusion
is

2, =6(A - + (1-20) - ¢,) Eq.(9)
where h, ) denotes the node's final GAT embedding, c, is the contextual embedding, A, is a learnable or
attention-derived fusion gate controlling the relative influence, and § represents a nonlinear transformation
with layer normalization to maintain numerical stability and interfeature coherence.

In addition to the aforementioned functions, the dynamic information path adjustment mode can also address
issues of local ambiguity and insufficient document details. During the training process, backpropagation altered
the context encoder and the graph representation module. This enables the model to find the best integration
path suitable for the semantic complexity of the technical corpus.

Graph-driven reasoning and rich parameterized contextual semantics directly address the various differences in
scientific language. Adding integrated modules can significantly improve the recall and precision of entity linking
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in benchmark datasets. This is particularly applicable to rare words, subtle synonyms, or context-sensitive
meaning changes, which can pose challenges for pattern-based or knowledge-based algorithms.

Experimental Setup

Datasets and Evaluation Metrics

These technical corpora aim to cover various organized and unorganized industrial and scientific texts, which
form the empirical basis of this study. These datasets contain annotated entities from patent databases,
engineering guides, and academic papers. Over 115,000 mentions and millions of pairs come from different
fields (such as electronic component design, industrial automation, and new materials research). In order to
conduct the evaluation, a thorough expert review and verification process must be undertaken to ensure that
all mentions are accurately linked to their corresponding real entities.

Figure 2 shows the end-to-end experimental workflow and describes the processes of sourcing, filtering,
annotating, and partitioning the raw data. The two components of this process are entity mention recognition
and candidate set construction. Domain ontologies and lexical variants will both be part of it. Due to the
scalability and adaptability of the pipeline, various technical documents can be handled in practice. The workflow
diagram shows the impact of each major stage on data volume and entity diversity.

Data Acquisition

patent data

Data Filtering

filters

Annotation
Protocol

Candidate Set
Construction

Dataset
Stratification

knowledge base

Training Set
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B-® ||
e : . i human expert icon
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\; directional arrows J

Figure 2. Experimental Workflow for Technical Entity Linking
There are three reasons for choosing these metrics to evaluate the link model: technical accuracy, etc. Precision
is the percentage of correctly linked entities in each entity link prediction:

| True Positives |

Precision = — — Eq.(10
| True Positives| + |False Positives | a.(10)
The ratio of correctly linked entities to all valid references in the corpus is called recall:
| True Positives |
Recall = Eq.(11)

| True Positives| + |False Negatives |
The F1 score is the harmonic mean of precision and recall, used to address class imbalance and varying degrees
of ambiguity in the data.

2 - Precision - Recall
F1 =

— Eq.(12)
Precision + Recall
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In addition to the aforementioned traditional indicators, the analytical framework also categorizes them based
on time and environment to demonstrate changes in high-demand technological environments. The
aforementioned indicators guided the final models and architectures chosen for all these industrial applications.

Experimental Implementation

All experiments were conducted in the same computing environment, using high-performance NVIDIA A100
Tensor Core GPUs, and the PyTorch backend optimized for sparse matrix operations and large-scale graph
parallelization. By using Bayesian optimization to modify the model's hyperparameters on the validation set, we
aim to stabilize convergence and reduce overfitting during cross-domain transfer.

Dynamic batching runs training instances each time to maximize hardware usage and ensure strict separation of
training, validation, and test partitions. Select the test set, which will use stratified sampling to cover all types of
document structures and rare terms. Improve generalization ability by using a stochastic weight averaging
scheme, with early stopping conditions based on the moving average of validation loss.

The training objective is a comprehensive loss function that includes entity link classification and structural
consistency penalties. Letting the predicted linkage distribution for mention m to candidate ¢ be p,,. and the
ground truth be y,,., the total loss is given by

final final) [ 2
Liotal = _z z YmclOg Pme + ﬁz wij”hl( - h]( ma)”z Eq.(13)
m c i,j

For each dataset, the weights w;; and the regularization parameter f have been adjusted. Force the embedding
similarity between nodes connected by high-confidence ontology edges.

Through five independent runs using different random seeds, the results will be the average performance. To
ensure reproducibility and statistical reliability, these results will include monitored standard deviations.

Baseline Methods for Comparison

In order to ensure the scientific validity of the comparison, baseline methods with diverse architectures will be
selected, as these methods have performed excellently in recent technical entity linking research. Includes
classic feature-based linking models, deep neural mention-entity matching networks, and advanced graph-
enhanced methods, but does not use attention-based propagation. Each baseline was thoroughly re-
implemented and retrained on the benchmark dataset, using the same preprocessing, candidate construction,
and evaluation protocols. These protocols are the same as the proposed methods.

A scoring function can be used to create a comparison system for the comparison and grouping of all statistical
data. The evaluation criteria for the summary ranking are

N
1
Srank = Nz Nqa(y1 - Flg + v, - Precision; + y5 - Recall,) Eq.(14)
d=1
where N is the total number of dataset partitions, ¥4, ¥,, Y3 are task-dependent weighting coefficients summing
to one, and n, reflects the relative technical difficulty for partition d (such as ambiguity density or ontology
sparsity).

For each slice of the dataset and method, a comprehensive ablation study and error decomposition analysis will
be conducted to provide detailed information on the overall system performance, as well as the specific reasons
for the technical improvements brought by the new attention-based graph structure.

Results and Discussion

Quantitative Results and Analysis

The performance of the improved entity linking method has seen some improvement. After comparing with a
strong baseline model, as shown in Figure 3(a), the accuracy results indicate that the model can still correctly
select entity references even in the presence of a large number of overlapping and ambiguous terms. Combining

75



Graph-based Entity Linking with Heterogeneous Attention for Technical Documents
https://doi.org/10.64972/jiic.2025v3.219p65:69-82

semantic structure with context-aware attention mechanisms is feasible. This helps to address references that
cannot be resolved through surface lexical overlap in the corpus.

As shown in Figure 3(b), both the feature-based method and the traditional neural baseline significantly reduced
the number of false positives. The aforementioned improvements are mainly attributed to the system's ability
to filter candidates through dynamically weighted graph relationships. In highly specialized technical texts, the
ability to reject false or contextually irrelevant matches has been enhanced.

As shown in Figure 3(c), the recall rate of authoritative entities is relatively high; the model can not only retrieve
frequently occurring technical terms but also rare and frequently mentioned technical terms. In the entity linking
graph, propagate context and ontology signals to achieve comprehensive coverage while reducing losses caused
by overly aggressive candidate pruning.

As shown in Figure 3(d), the Fl-score results of the solutions are similar. A high and stable F1 score indicates
that there is a good balance between precision and recall across various dataset domains and partitions, with
an increase in one dimension not being offset by a decrease in the other dimension. The following areas contain
many complex documents and interrelated entities.

a) Accurac b) Precision
100 (a) y (b)

0.95

0.90

<4 o
o o
O O
0.75
Ours
~®- GNN
0.70 =@— BERT
- Feature
=@~ Heuristic
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(c) Recall (d) F1-Score
1.00
0.95
0.90
o 0.85 0 \\
o o
O O
? 0.80 n

0.75 :\‘\‘:‘\“_\'
0.70 \\
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Patents Manuals Materials Biomedical Patents Manuals Materials Biomedical
Domain Domain

Figure 3. Comparison of Model Performance: (a) Accuracy; (b) Precision; (c) Recall; (d) F1-Score.
In performance experiments with a larger candidate pool and increased ambiguity, the model demonstrates
greater scalability and stability. In the context of increasing problem complexity, the stability of the model's
accuracy and recall rates indicates that it can be widely applied. Combine local text cues with the global
knowledge graph to make reasonable entity linking decisions.

Based on the aforementioned metric-based insights, the combination of graph reasoning and context-sensitive
encoding is beneficial for the technical entity linking task. The model not only improves the primary metrics but
also establishes stable and diverse advantages at the fine-grained technical metric level. This sets a new high
standard for the analysis of industrial and scientific entities.
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Ablation Study

Each part of the model is dismantled, and then an ablation study is conducted to evaluate the contribution of
each part to the model. To ensure the fairness and clarity of the analysis, it is necessary to sequentially remove
or modify the explicit context integration in the Graph Attention Network (GAT), external knowledge bases, and
experimental design, while keeping other parts unchanged.

Figure 4(a) depicts the impact of the graph reasoning layer. When a simple mean aggregation module is used
instead of GAT, all performance metrics show a significant decline, with the Fl-score and recall rate being
particularly affected. Using an adaptive attention mechanism with heterogeneous edge semantics in technical
texts is necessary. Extremely fine-grained neighborhood information weighting will be used to improve entity
resolution for overlapping or nested mentions.

Figure 4(b) shows the experimental results without external knowledge base features. The lack of structured
domain knowledge leads to a significant decline in the accuracy and precision of infrequent or irregular items in
the system, while the basic context inference for high-frequency words remains relatively effective. Knowledge-
driven context propagation helps improve the robustness of predictions under changes in terminology and
domain.

The role of explicit context modeling is shown in Figure 4(c). Removing contextual embeddings from the feature
set will reduce the model's recall rate, and there will be a large number of unresolved or incorrect links in text
sections with ambiguous expressions or sparse co-reference chains. Context-sensitive encoding is necessary to
connect local syntactic cues in technical narratives with the higher-level structure of discourse.

100 (a) GAT (b) Knowledge Base
' = Full Model mmm Full Model
0.95 mmm w/o GAT - w/o Knowledge
0.90
%) o
5 0.85 5
O O
@ @
T 0.80 o
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0.70
0.65
Patents Manuals Materials Biomedical Patents Manuals Materials Biomedical
Domain Domain
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)
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O
@
I 0.80
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0.70
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Figure 4. Ablation Study of Model Components: (a) GAT; (b) Knowledge Base; (c) Context.
Figure 5 shows the complete hyperparameter sensitivity analysis, including the aforementioned architecture-
level ablation experiments. As shown in Figure 5(a), multi-head attention can increase the number of heads in
the model by enhancing the model's expressiveness and stability. However, too many heads may lead to
diminishing returns and cause overfitting. As shown in Figure 5(b), choosing the ideal neighbor size directly
affects the trade-off between expressiveness and computational cost. If the neighborhood is too large, local
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minima will appear; if the neighborhood is too large, the node signal will weaken. As shown in Figure 5(c), the
relationship between the learning rate and convergence indicates that a longer step size can accelerate
optimization without making the network unstable; conversely, the convergence process is either too slow or
ineffective.

(a) Attention Heads (b) Neighbor Size
0.93 0.93
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©

1e-05 5e-05 1e-04 5e-04 1e-03
Learning Rate

Figure 5. Hyperparameter Sensitivity Analysis: (a) Attention Heads; (b) Neighbor Size; (c) Learning Rate.
According to the above results, and since each ablation set supports at least five independent seed experiments,
all modules and parameters are essential components of the entire system on the robust datasets across all six
graphs. Deterioration indicates that using graph-based relational reasoning or external knowledge and
background modeling is not necessary unless it is very obvious. Hyperparameter analysis indicates that to
maintain the model's optimal performance in entity linking across different domains, some adjustments to the
default values are necessary.

Case Studies and Limitations

How the model's flexible entity linking is used in various technical fields has been specifically applied. As shown
in Figure 6(a), the accuracy of semiconductor patents is 93.8%, successfully addressing the complex
dependencies and dense terminology issues of hierarchical entity references. As shown in Figure 6(b), 92% of
these cases were correctly resolved, indicating the robustness of normalization to domain changes. Figure 6(c)
shows the entity linking of phrases in the emerging field of advanced materials. For example, "graphene-
reinforced composite interface" does not exist in traditional ontologies, but it has been accurately mapped to
the ontology with an accuracy of over 90%, indicating that this structure can be generalized through local
semantic combinations.
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Figure 6. Case Study Visualizations: (a) Document A; (b) Document B; (c) Document C.

Biomedical and legal materials have these defects. As shown in Figure 7(a), the accuracy of the domain-specific
modules is 85.6% and 81.3%, respectively, with the most common errors occurring in sections with ambiguous
abbreviations (e.g., "ACE," which can have multiple interpretations depending on the context but lacks sufficient
co-reference signals). As shown in Figure 7(b), the false negative rate for compressed scientific abstracts rises to
22%. In these short, complex texts, entity definitions are difficult to find, as they may be hidden or vary between
different sections.

100 (a) Domain-specific Accuracy 030 (b) Error Rate Distribution
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Figure 7. Cross-domain Analysis: (a) Domain-specific Accuracy; (b) Error Rate Distribution.
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The aforementioned results stem from several systemic issues, including non-standard abbreviations, unclear
cross-references within consistency documents, and occasional inconsistencies in actual annotations. The
accuracy of high-performance engineering and industrial textbooks has consistently exceeded 90%, and they are
considered enterprise-ready. However, less formal and rapidly changing technical drafts require feedback-driven
knowledge integration.

According to the above analysis, many issues fall into one of the following three categories: high complexity of
the field, frequent changes in terminology, or lack of background knowledge. Documents generated from
preliminary research or cross-organizational collaboration may include non-standard, emerging entities more
quickly than organized knowledge resources. In this case, manual review often uses incomplete information for
linking, and occasionally, unusual errors occur, such as the most recent match not being the expected reference.
The returned entity links, after post-processing constraints or professional review, will have an accuracy level
that is acceptable for operational purposes. When the domain ontology and contextual signals are clearly
defined, the maximum effect will be achieved. In order to ensure the reliability of the system at all stages of
industrial and scientific applications, further research is still needed in the areas of discourse interpretation and
continuous learning.

Conclusion

This paper introduces a new framework for graph-based technical entity linking, model architecture, and
empirical data. This method addresses the limitations of traditional pipeline methods by systematically
integrating various graph attention mechanisms and deep context fusion techniques. It has improved the ability
to analyze ambiguous and overlapping entities and has been widely applied in engineering and scientific fields.
The new model still outperforms the existing baseline model in terms of accuracy, precision, and recall. This is
especially applicable in cases where a large number of technical terms, uncommon expressions, or knowledge
resources are used. Further ablation and analysis of the system's sensitivity were conducted to confirm the
necessity of adaptive graph reasoning and domain-aware contextual modeling. Large-scale cross-domain
experiments further demonstrate the feasibility and adaptability of this method in industrial and scientific fields.

Theoretical support provides a new systematic framework for integrating structural and semantic evidence.
Relational perception propagation in knowledge-enhanced graphs helps identify potential dependencies within
complex technical corpora and dynamically refines contextual understanding at both document and local levels.
The two will collaborate to ensure the system maintains high reliability, even as the vocabulary of new research
and industrial applications rapidly changes. The generalization ability of link logic is supported by interpretable
attention mechanisms and detailed ablation studies, making it a reliable tool for expert involvement in
applications and automated document processing.

The results of this study provide some research directions for the future. Strengthening discourse perception
and temporal entity modeling to ensure stable connections between entities across different versions of
documents and multiple collaborators. Real-time knowledge expansion and incremental ontology learning can
be combined to improve the performance of the ontology in a constantly changing technological environment.
To improve efficiency, a human-machine collaborative review system can be used to manage the connections
between new entities and advanced entities. Graph-based entity linking will continue to benefit fields such as
science and technology, engineering innovation, and enterprise knowledge management.
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