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In Named Entity Recognition tasks, the diffusion model effectively processes discrete data. However, 
the original model struggles with capturing long-distance dependencies and integrating contextual 
information, making it difficult to recognize related entities and handle complex syntactic structures. 
These issues result in ambiguity and uncertainty in entity boundary recognition, affecting overall 
accuracy and stability. To solve this, we suggest a diffusion model with Conditional Random Fields and 
Bidirectional Long Short-Term Memory layers. Firstly, the BiLSTM-CRF model captures long-distance 
dependencies and contextual information, enhancing entity boundary recognition accuracy. Secondly, 
the Tversky and CRF loss functions select optimal label predictions from the probability distribution, 
integrating these through weighted summation to enhance sequence dependency processing and label 
accuracy. Thirdly, we introduce self-attention and graph attention mechanisms to handle complex data 
structures by processing attention probabilities, integrating with the adjacency matrix, and improving 
the recognition of key entity relationships. Finally, an automatic noise adjustment mechanism 
modifies noise levels based on performance, enhancing stability and robustness in inconsistent 
environments. Experiments demonstrate that this approach improves performance on several NER 
datasets, with significant gains in recall, accuracy, and F1 scores, making the model more robust in 
handling noisy and complex environments.
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Named Entity Recognition (NER) refers to detecting and classifying entities into predefined categories, such 
as persons, locations, and organizations1. This task is essential for extracting structured information from 
unstructured text and supports various natural language processing (NLP) applications, including information 
retrieval2, question-answering systems3, syntactic analysis4,5, and machine translation6. Accurate entity 
recognition significantly enhances the performance of these tasks7.

Despite progress in NER, existing models, particularly BiLSTM-CRF, still face significant limitations in 
complex textual environments, particularly when handling long-range dependencies, noisy data, and nested 
or overlapping entities. These challenges are especially prominent in real-world scenarios, such as biomedical 
and legal domains, where sentence structures are more complex and data often contains ambiguities or 
inconsistencies. These models often struggle to accurately recognize entity boundaries, resulting in reduced 
performance. For example, BiLSTM-CRF models tend to misidentify boundaries in nested structures or fail 
to differentiate overlapping entities, which are common in technical and domain-specific texts. In real-world 
applications, where datasets often exhibit high variability in sentence structures and entity types, the lack of 
robustness in these models becomes more evident.

Furthermore, although BiLSTM-CRF models capture bidirectional dependencies, they lack mechanisms to 
explicitly manage uncertainty introduced by noisy data. This issue often causes misclassification, particularly 
when recognizing nested or overlapping entities, and limits the model’s ability to generalize across diverse 
conditions. Therefore, a model is needed that not only improves entity boundary recognition but also adapts to 
noisy and complex data while maintaining performance across diverse environments.

Traditional approaches to NER, such as Hidden Markov Models (HMMs) and Conditional Random Fields 
(CRFs), have contributed significantly to sequence labeling by learning transition probabilities between entities 
and modeling word dependencies within sentences8,9. However, these statistical methods fail to adequately 
address challenges like nested entities or noisy data, which require more advanced contextual modeling. With 
the advent of deep learning, BiLSTM models have emerged, enabling the capture of bidirectional contextual 
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information in text10. Despite their advantages, BiLSTM models face challenges, especially in handling nested 
entities, inconsistent data, and the computational complexity of training11. Integrating CRF with BiLSTM 
enhances sequence label consistency12, but this approach significantly increases computational overhead, 
reducing scalability for real-time applications.

Recent advances combine pre-trained models like BERT with BiLSTM and CRF to further enhance NER 
performance13,14. These models leverage BERT’s contextual understanding and BiLSTM’s ability to capture 
long-term dependencie15s, with CRF ensuring sequence label consistency16,17. However, the reliance on BERT 
introduces significant computational costs, making these models less suitable for real-time systems or resource-
constrained environments. Furthermore, the lack of mechanisms to address entity-level ambiguities in nested 
or noisy data often results in suboptimal generalization across datasets. Additionally, generalizing these models 
across diverse datasets, particularly those containing noisy or non-standard text, remains a significant challenge.

To address these limitations, recent innovations have introduced diffusion models into NLP tasks. Originally 
developed for image and audio generation18,19, diffusion models iteratively refine noisy data through forward-
reverse processes, offering a unique way to manage uncertainties in textual data. These models introduce 
and remove Gaussian noise, progressively refining predictions and clarifying complex structures20,21. While 
diffusion models have proven effective in text synthesis and generation tasks, their potential for NER remains 
underexplored, particularly when integrated with sequence-labeling frameworks.

As shown in Fig. 1, during the forward diffusion process, Gaussian noise is incrementally added to the data 
(denoted as x0 + ε ∼ N (0, 1)). In the reverse diffusion process (denoted as XT ), this noise is progressively 
removed, sharpening entity boundaries. This process helps the model manage the inherent uncertainty and 
complexity of textual data, making it particularly effective for handling noisy and ambiguous data23–25. However, 
diffusion models alone still face challenges in consistently handling long-range dependencies and complex 
syntactic structures, necessitating their integration with other approaches.

To overcome the limitations of current models, we propose a novel approach that integrates the diffusion 
process with BiLSTM-CRF, enabling more precise boundary recognition and increased robustness in noisy, 
real-world datasets. The key innovation of this work lies in combining diffusion models’ noise management 
capabilities with BiLSTM’s sequential dependency modeling and CRF’s structured prediction power. Additionally, 
we incorporate hybrid attention mechanisms to enhance contextual representations, making the model adept 
at recognizing nested and overlapping entities in noisy or complex datasets. The diffusion model iteratively 
refines entity boundaries by adding and removing noise, enabling the model to better handle uncertainty and 
complexity in text. By integrating BiLSTM’s ability to capture long-range dependencies and CRF’s sequence 
labeling capabilities, our model enhances boundary recognition accuracy and overall robustness across various 
conditions.

The main contributions of the proposed integration of CRF and BiLSTM with diffusion models are as follows:

•	 Integration of the diffusion model with BiLSTM-CRF: We introduce a novel integration where the diffusion 
model iteratively refines entity boundaries by adding and removing noise, enhancing boundary recognition 
accuracy in complex, noisy environments. BiLSTM captures long-range contextual dependencies, and CRF 
ensures global sequence label consistency.

•	 Hybrid attention mechanism: A combination of self-attention and graph attention mechanisms refines con-
textual embeddings, effectively capturing both local and global dependencies, enabling the recognition of 
nested and overlapping entities.

•	 Innovative loss function design: The model introduces a multi-task loss function combining Tversky loss 
and Diffusion loss. Tversky loss optimizes label prediction for imbalanced datasets, while Diffusion loss dy-

Fig. 1.  Diffusion-Based NER model overview.
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namically adjusts noise levels to prevent gradient vanishing or explosion, improving model stability and gen-
eralization.

•	 Efficiency optimization and extensive experimental validation: Optimizing the network architecture and 
training process reduced the model’s training and inference time by 50%. An automatic noise adjustment 
mechanism was implemented to maintain consistent training throughout the diffusion process. Extensive 
experiments on both nested and flat NER tasks demonstrate superior performance and computational effi-
ciency compared to state-of-the-art models, underscoring the model’s versatility and scalability across various 
NER tasks.

Experiments demonstrate that the proposed model consistently outperforms existing methods on multiple 
datasets, including biomedical texts, news articles, and scientific literature, with significant improvements in 
handling nested and noisy entity recognition.

The structure of the paper is as follows: Section "Related work" reviews related work on NER, covering both 
traditional and modern approaches. Section "Methods" discusses the construction of the Enhanced Diffusion-
CRF-BiLSTM model (EDCBN), including attention mechanisms and the functions used. Section "Algorithm 
design and complexity" describes the pseudo-algorithm for training and inference. Section "Experimental 
settings and results" outlines the experimental settings, introduces benchmark datasets, and presents results 
with a comparative analysis.

Related work
Named entity recognition
NER is crucial for information extraction, as it identifies and classifies entities in unstructured text into 
predefined semantic categories. Traditional NER approaches are broadly divided into annotation-based and 
span-based methods, each contributing valuable insights to the development of more advanced techniques.

Annotation-based methods, such as CRF and BiLSTM, use sequence tagging to label each text element for 
entity identification and classification26,27. For instance, Ref.26 combines BiLSTM with CNN to integrate word-
level and character-level features, providing a foundation for sequence tagging. However, this method struggles 
with noisy or diverse text, often misclassifying entities in ambiguous contexts, such as nested or overlapping 
structures. To address these challenges, robust methods like diffusion-based models have emerged, offering 
better noise resilience and boundary recognition capabilities. This underscores the need to advance beyond 
traditional sequence tagging models toward more sophisticated architectures.

Span-based methods identify entity boundaries by predicting their start and end positions in the text28,29. 
Ref.28 proposed a span-based representation and joint training method for NER, effectively handling overlapping 
and discontinuous named entities. Despite their precision in detecting flat entity boundaries, these methods 
exhibit limitations when applied to nested entities or complex sentence structures, often failing in noisy real-
world environments. Our proposed diffusion-based approach builds on these strengths by iteratively refining 
boundary predictions and dynamically handling ambiguous contexts, enabling it to address limitations in 
existing span-based models. This comparison shows how our model builds on the strengths of span-based 
methods while addressing their limitations with more dynamic boundary detection techniques.

In recent years, transformer-based models such as BERT and GPT have significantly improved contextual 
modeling capabilities in NER tasks, establishing themselves as the dominant approach in the field. Through 
self-attention mechanisms, these models effectively capture long-range dependencies, demonstrating strong 
performance in tasks involving nested and overlapping entities30,31. Ref.30 proposed a BERT-based NER 
approach that leverages bidirectional contextual encoding to achieve notable improvements in entity recognition 
performance across complex domain-specific datasets. However, transformer models often face challenges 
related to high computational complexity, which limits their scalability in real-time or resource-constrained 
environments. Moreover, they lack specialized mechanisms for handling nested structures and noisy data, 
leading to inaccuracies in boundary detection. To address these shortcomings, we propose a diffusion-enhanced 
BiLSTM-CRF framework, which combines the noise management capabilities of diffusion models with the 
sequential modeling power of BiLSTM and the global consistency provided by CRF. This results in a lightweight 
and robust solution for NER tasks.

Large language models (LLMs), such as GPT-3 and GPT-4, have also been applied to NER tasks, leveraging their 
strong contextual understanding to achieve improved performance in complex scenarios31. Ref.31 demonstrated 
that GPT-3 excels in identifying ambiguous entities in open-domain tasks due to its advanced contextual 
reasoning capabilities. However, the study also highlighted significant limitations, including high computational 
costs and a general-purpose design that make LLMs less effective in tasks requiring rapid inference or handling 
nested structures. Additionally, LLMs lack task-specific optimizations for sequence labeling, often resulting 
in suboptimal boundary recognition and sequence consistency. In contrast, our diffusion-enhanced BiLSTM-
CRF model is specifically designed for NER tasks, integrating domain-specific optimizations with robust noise 
suppression mechanisms to achieve superior boundary detection accuracy and computational efficiency.

Integration of BiLSTM and CRF in the DIFFUSIONNER model
Since 2015, Sohl-Dickstein and colleagues24 introduced the deep latent generative model, known as the diffusion 
model, which has significantly advanced image and audio generation18–20. This early work laid the foundation for 
applying diffusion models in various domains; however, the discrete nature of text presents specific challenges 
for NLP tasks18,32,33, as explored by Ref.32. Text data, unlike continuous signals such as images, requires careful 
adaptation of diffusion processes to handle its discrete nature. By combining diffusion-based denoising with 
structured sequence prediction models like BiLSTM-CRF, our approach extends these foundational studies to 
the NER domain, enabling effective modeling of ambiguous and overlapping entities.
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While transformer models effectively capture long-range dependencies through attention mechanisms, 
diffusion models provide a novel approach by iteratively introducing and removing noise to refine predictions. 
This makes diffusion models particularly suitable for tasks requiring robustness against noise and complex entity 
boundaries, as demonstrated in recent NER studies22. Unlike transformers, which primarily focus on contextual 
embeddings, diffusion models excel at explicitly managing uncertainties in the data by progressively refining 
entity boundaries. This capability is critical for handling nested entities and noisy datasets, where transformers 
may struggle to maintain consistent predictions. Our integration of diffusion models with BiLSTM and CRF 
further enhances robustness by combining noise refinement with bidirectional dependency modeling and 
sequence labeling.

Researchers have explored the application of diffusion models to various text-based tasks, integrating them 
with additional classifiers such as Diffusion-LM22, DiffuSeq21, and SeqDiffuSeq34. These methods progressively 
denoise and refine text generation, extending their applications to complex text structure modeling35. This 
exploration of text generation through diffusion reinforces the relevance of our model in handling the nuanced 
task of NER, where delineating overlapping or nested entities requires similar progressive refinement techniques. 
Unlike prior diffusion-based methods that focus on generative tasks, our approach directly integrates diffusion 
processes into the sequence labeling framework, enabling the iterative refinement of noisy and ambiguous 
boundary predictions.

In 2023, Shen et al.23 introduced DiffusionNER, a non-autoregressive diffusion model for entity recognition. 
This model’s success in rapid inference and high performance establishes a strong basis for applying diffusion 
models to NER, particularly when speed and accuracy are critical in real-time applications. Our work builds 
on this foundation by integrating BiLSTM and CRF, leveraging their complementary strengths for contextual 
modeling and sequence consistency. Additionally, our use of hybrid attention mechanisms further enhances 
the model’s ability to capture both local and global dependencies, providing significant advantages over prior 
diffusion-based NER approaches.

Methods
Model overview
The Enhanced Diffusion Boundary Classification Network (EDCBN) addresses key challenges in NER, including 
noisy annotations, overlapping entities, and complex text structures, through a unified framework designed to 
enhance feature representation, refine boundary predictions, and ensure structured labeling. The architecture 
integrates five core modules: BERT for contextual embeddings, BiLSTM for sequence modeling, attention 
mechanisms (self-attention and graph attention) for feature refinement, a diffusion process for boundary 
denoising, and a CRF layer for structured sequence prediction.

Each component of this framework contributes uniquely while complementing the others. BERT captures 
local and global semantics but lacks label dependency modeling, which is resolved by the CRF layer ensuring 
global sequence consistency. BiLSTM models forward and backward dependencies but struggles with noisy data, 
a limitation addressed by the diffusion process that iteratively refines predictions. The attention mechanisms 
focus on token-level and entity-level interactions, strengthening feature representation and enabling the 
model to effectively handle ambiguous and overlapping boundaries. Together, these components form a robust 
architecture designed to address the inherent complexities of NER tasks.

Figure 2 illustrates the EDCBN architecture. The process begins with BERT generating token-level contextual 
embeddings from input text. These embeddings are passed through a BiLSTM layer to model sequential 
dependencies, followed by self-attention and graph attention mechanisms to capture both local interactions 
and broader contextual relationships. The CRF layer ensures coherent and globally consistent label sequences, 
while the diffusion mechanism iteratively introduces and removes noise to refine entity boundaries and improve 
robustness.

This integrated framework provides a targeted solution to key NER challenges. By iteratively refining entity 
boundaries, the diffusion mechanism addresses noisy data and boundary ambiguities. The CRF layer, in tandem 
with the diffusion process, improves precision and robustness, especially for overlapping and nested entities. 
Hybrid attention mechanisms enhance the model’s ability to capture both local and global dependencies, 
essential for nested structures. Together, these components enable EDCBN to achieve superior performance on 
noisy datasets, handle complex entity structures, and generalize effectively across diverse text types.

Input and sequence modeling
The EDCBN transforms input text into structured predictions through a pipeline that involves contextual 
embeddings, feature refinement via attention mechanisms, and hierarchical sequence modeling. This process 
is illustrated in Fig. 3, which provides a detailed flowchart of the EDCBN model’s architecture, outlining the 
interactions between its various components and their contributions to the structured prediction task.

BERT for contextual embedding
The input sequence S = x1, x2, . . . , xn, where n represents the number of tokens, is first passed through BERT, 
a pre-trained bidirectional transformer. BERT generates token-level contextual embeddings E, which serve as 
the foundation for subsequent refinement.

Mathematical Representation
The BERT embeddings are computed as:

	 E = BERT(S)� (1)

where E ∈ Rn×d represents the embeddings for n tokens, with d denoting the embedding dimension.
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BERT provides dynamic token embeddings that encode contextual information by capturing both local and 
global dependencies within the sequence. This capability is particularly beneficial for NER tasks, as it facilitates 
the resolution of polysemous words, entity boundary ambiguities, and long-range dependencies. The generated 
embeddings are subsequently refined by the Hybrid Attention Mechanism.

Fig. 3.  Workflow of the EDCBN model: step-by-step transformation from input to structured prediction.

 

Fig. 2.  Comprehensive framework diagram: BERT-BiLSTM-CRF with diffusion for enhanced entity 
recognition.
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Hybrid attention mechanism for feature refinement
The Hybrid Attention Mechanism combines Self-Attention and Graph Attention to refine the BERT embeddings, 
enabling the model to capture both local (token-level) and global (entity-level) dependencies in a unified 
representation.

Self-Attention
Self-Attention computes token-to-token dependencies within the sequence, focusing on local interactions. 

For each token embedding E, it calculates:

	 Q = WQE, K = WKE, V = WV E� (2)

	
Self-Attention(E) = softmax

(
QK⊤
√

dk

)
V � (3)

where WQ, WK , WV ∈ Rd×d are learnable weight matrices, and dk  is the dimension of the keys.
Graph Attention
Graph Attention models relationships between tokens as nodes in a graph, leveraging an adjacency matrix 

Adj to capture global dependencies. The graph attention is computed as:

	 Â = σ(WA(A ⊙ Adj) + bA)� (4)

	 Z = concat(A1V, A2V, . . . , AhV )WO � (5)

where WA and bA are learnable parameters, A is the node feature matrix, and WO  is a projection matrix.
Fusion of attention mechanisms
The outputs of Self-Attention and Graph Attention are integrated through a fusion mechanism, defined as:

	 Hybrid-Attention(E) = γ1 · Self-Attention(E) + γ2 · Graph-Attention(E)� (6)

where γ1 and γ2 are learnable weights that dynamically balance the contributions of the two attention 
mechanisms. Initially, these weights are set to γ1 = γ2 = 0.5 to give equal importance to both mechanisms. 
During training, they are optimized via backpropagation.

To ensure stability, the weights can be normalized using:

	 γ1 + γ2 = 1� (7)

or, alternatively, softmax normalization:

	
γ1 = exp(a1)

exp(a1) + exp(a2) , γ2 = exp(a2)
exp(a1) + exp(a2) � (8)

Output of the hybrid attention mechanism
The refined embeddings are denoted as:

	 Erefined = Hybrid-Attention(E)� (9)

These embeddings are passed to the BiLSTM-CRF module for sequence modeling and structured prediction.

Fused BiLSTM-CRF module
The BiLSTM-CRF module processes the refined embeddings Erefined to extract hierarchical sequence features 
and ensure globally consistent predictions.

Three-layer BiLSTM
The BiLSTM module consists of three stacked layers, where each layer captures dependencies at different 

levels of abstraction:

•	 Layer 1: Captures short-range dependencies between adjacent tokens.
•	 Layer 2: Models mid-range interactions, such as phrase-level relationships.
•	 Layer 3: Integrates long-range dependencies across the sequence.

For the i-th layer (i = 1, 2, 3), the forward and backward passes are computed as:

	 H
(i)
forward = −−−−→

LSTM(H(i−1)), H
(i)
backward = ←−−−−

LSTM(H(i−1))� (10)

	 H(i) = H
(i)
forward ⊕ H

(i)
backward� (11)

where H(0) = Erefined.
CRF for structured prediction
The final BiLSTM output H(3) is passed to the CRF layer, which predicts globally consistent label sequences 

by modeling dependencies between adjacent labels. The conditional probability of a label sequence Y is given by:
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P (Y |H) =

exp
(∑n

i=1 ϕ(yi−1, yi, Hi)
)

∑
Y ′∈Y exp

(∑n

i=1 ϕ(y′
i−1, y′i, Hi)

) � (12)

where ϕ(yi − 1, yi, Hi) represents the transition and emission scores.
Integration of BiLSTM and CRF
The hierarchical features extracted by BiLSTM are structured into valid label sequences by the CRF layer, 

ensuring that both contextual and sequential dependencies are effectively modeled.

Diffusion-based refinement process
The diffusion-based refinement process in the EDCBN framework, shown in Fig. 4, resolves boundary 
ambiguities and noisy annotations by iteratively refining sequence representations with Gaussian noise and 
dynamic noise adjustment, ensuring robust and consistent predictions.

Input to the diffusion process
The structured sequence representations generated by the CRF layer serve as the input to the diffusion process. 
These representations are defined as:

	 H(0) = {h
(0)
1 , h

(0)
2 , . . . , h

(0)
T }� (13)

where each token-level feature vector h(0)
t  belongs to a d-dimensional space:

	 h
(0)
t ∈ Rd� (14)

These feature vectors encode both contextual and sequential dependencies, capturing local relationships and 
global sequence structure. As outputs of the CRF layer, these representations are optimized for structured 
prediction tasks, providing a robust foundation for the subsequent refinement in the diffusion process.

Forward diffusion with automatic noise adjustment
In the forward diffusion phase, Gaussian noise is progressively injected into the structured sequence 
representations to simulate boundary uncertainties. This step introduces controlled perturbations, allowing the 

Fig. 4.  Diffusion-based refinement process in EDCBN.
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model to explore variations in entity boundaries and account for potential ambiguities in noisy or inconsistent 
datasets. At each diffusion step t, the sequence representation H(t) is updated as:

	 xt =
√

αt · xt−1 +
√

1 − αt · σt · ε� (15)

where αt ∈ (0, 1) controls the balance between retaining the original representation and introducing noise, 
σt represents the noise scale, and ε ∼ N (0, I) denotes Gaussian noise sampled from a standard normal 
distribution.

Gaussian noise is selected for its desirable mathematical properties, including symmetry, zero-mean 
characteristics, and smooth continuity. These attributes ensure unbiased perturbations and allow controlled 
transformations of the feature space. In the context of Named Entity Recognition (NER), Gaussian noise effectively 
simulates the inherent uncertainties in boundary predictions caused by noisy annotations or ambiguous text 
structures. This process acts as a regularization mechanism, mitigating overfitting and improving the model’s 
robustness to diverse input scenarios.

The automatic noise adjustment mechanism further optimizes this phase by dynamically scaling the noise 
level σt based on the training state of the model. This mechanism adjusts the balance between noise injection 
and structural preservation, ensuring that the forward diffusion phase remains effective across different training 
conditions. The adjusted noise scale is computed as:

	 σt+1 = σt · f(∇loss, θ)� (16)

where ∇loss is the gradient of the loss function and θ represents the model parameters. By incorporating feedback 
from the training process, the noise adjustment mechanism dynamically adapts to the learning capacity of the 
model, allowing for stable and efficient training.

The output of the forward diffusion phase is a noisy sequence representation:

	 H
(N)
noisy� (17)

where H
(N)
noisy captures a robust approximation of the input features, enriched with boundary variations 

introduced by Gaussian noise. These representations serve as the input to the reverse diffusion phase for iterative 
refinement.

Automatic noise adjustment mechanism
To further optimize the diffusion process, an automatic noise adjustment mechanism dynamically adapts 

the noise scale σt based on the model’s training state. This mechanism ensures that the noise injection remains 
proportional to the model’s learning capacity at each stage, striking a balance between feature exploration and 
structural preservation. The adjustment is computed as:

	 σt+1 = σt · AdjustmentFactor(∇loss, θ)� (18)

where ∇loss is the gradient of the loss function, and θ represents the model parameters. During training, this 
mechanism dynamically scales σt to either increase or decrease noise injection based on the model’s learning state, 
enabling the model to explore boundary variations effectively without destabilizing the feature representations.

Reverse diffusion phase: iterative feature refinement
The reverse diffusion phase reconstructs the noisy sequence representations by iteratively removing the injected 
Gaussian noise. This phase is defined as:

	
xt−1 = xt −

√
1 − αt · σt · ε√

αt
� (19)

where the noise scale σt and perturbations ε are consistent with the forward phase to ensure alignment between 
the two processes.

The learned diffusion kernel K , a T × T  matrix, further refines the features by propagating information 
across tokens based on sequence-level similarities or structural proximity:

	 H(k+1) = α · K · H(k) + (1 − α) · H(0)� (20)

where H(k) represents the sequence features at the k-th iteration. This iterative refinement process continues 
until convergence or a predefined number of iterations, producing the final sequence representation:

	 H
(0)
refined = αKx0 + (1 − α)H(0)� (21)

The diffusion mechanism is an adaptive refinement process fully integrated into the EDCBN architecture. In 
the forward diffusion phase, Gaussian noise is injected into the structured sequence predictions generated by 
the CRF layer, simulating boundary ambiguities. This process is dynamically optimized through the automatic 
noise adjustment mechanism, which scales the noise injection based on the model’s learning state. The reverse 
diffusion phase then iteratively denoises these representations, recovering refined features that ensure both 
local consistency and global coherence. By seamlessly combining noise injection and iterative refinement, the 
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diffusion mechanism enhances the EDCBN framework, addressing noisy annotations and boundary ambiguities 
while improving robustness and accuracy in challenging NER tasks.

Optimized advanced loss functions
In this research, we enhance the performance of the NER model by integrating a suite of advanced loss functions, 
each tailored to address specific challenges in the learning process. These loss functions work in tandem to handle 
data imbalance, maintain sequence integrity, and improve boundary prediction accuracy. Their combination 
allows the model to achieve robust and generalizable performance across diverse NER tasks.

Tversky loss function
The Tversky loss function is employed to tackle the issue of class imbalance, which is common in NER datasets 
where some entity types appear less frequently than others. By generalizing the Dice coefficient, the Tversky loss 
introduces tunable parameters α and β to control the penalties for false positives and false negatives, making it 
particularly effective in imbalanced scenarios. The loss is defined as:

	
LT versky(Y, Ŷ ) = 1 −

∑
i
YiŶi + ϵ∑

i
YiŶi + α

∑
i
Yi(1 − Ŷi) + β

∑
i
(1 − Yi)Ŷi + ϵ

� (22)

where Yi denotes the true probability, Ŷi is the predicted probability, and ϵ ensures numerical stability. The 
parameters α and β are adjusted to prioritize precision or recall depending on the dataset characteristics. For 
instance, increasing α penalizes false negatives more heavily, which is crucial for identifying rare entity types.

CRF loss function
To ensure sequence-level consistency and accurately model dependencies between adjacent labels, we incorporate 
the CRF loss function. This loss is critical for maintaining structured predictions in NER, where label transitions 
(e.g., “B-PER” to “I-PER”) must adhere to specific rules. The CRF loss is defined as:

	
LCRF (Y, H) = − log

(
exp

(∑
i
ϕ(yi−1, yi, Hi)

)
∑

Y ′∈Y exp
(∑

i
ϕ(y′

i−1, y′
i, Hi)

)
)

� (23)

where ϕ(yi−1, yi, Hi) represents the transition and emission scores, and Y  is the set of all possible label 
sequences. By maximizing the probability of the correct sequence, this loss ensures that the model produces 
coherent and valid predictions across tokens.

Boundary loss
Boundary prediction is a critical challenge in NER, particularly for complex datasets with overlapping or nested 
entities. To improve the model’s ability to detect precise entity boundaries, we introduce a Boundary Loss 
function, which directly optimizes the alignment between predicted and true boundary markers. The loss is 
computed as:

	
Lboundary(Y, Ŷ ) =

∑
i

|Yboundaryi − Ŷboundaryi |� (24)

where Yboundaryi  and Ŷboundaryi  denote the true and predicted boundary values, respectively. By focusing 
on boundary-specific errors, this loss complements the CRF loss, which prioritizes sequence-level consistency, 
ensuring that both entity boundaries and overall label sequences are accurately modeled.

Combined loss function
To balance the contributions of the individual loss functions, we define a combined loss function as a weighted 
sum:

	 Ltotal = λ1LT versky + λ2LCRF + λ3Lboundary + λ4Lcross_entropy � (25)

where λ1, λ2, λ3, and λ4 are weighting factors that control the relative importance of each loss component. These 
weights can be tuned to optimize the model’s performance on specific datasets or tasks. For our low-resource NER 
task, we conducted systematic experiments with different weight configurations. Based on validation results, we 
found that setting λ1 = 1.0, λ2 = 0.7, λ3 = 1.2, λ4 = 0.8 yields optimal performance. While maintaining a 
standard weight for Tversky loss (λ1 = 1.0) to address data imbalance, we slightly reduced the CRF loss weight 
(λ2 = 0.7) to prevent overfitting to sequence patterns in limited data scenarios. We enhanced the boundary 
detection loss (λ3 = 1.2) to improve precise entity identification, which is particularly challenging in low-
resource contexts. Meanwhile, we moderately reduced the cross-entropy loss weight (λ4 = 0.8) to balance the 
overall learning objective.

The integration of these loss functions enhances the model’s robustness by addressing different aspects of 
the learning process. Tversky Loss mitigates the impact of data imbalance, ensuring rare entities are correctly 
identified. CRF Loss maintains sequence-level integrity, enabling coherent label predictions. Boundary Loss 
focuses on precise entity boundary detection, which is crucial for complex NER scenarios. Together, these 
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loss functions align the model’s predictions closely with the true probability distributions, improving overall 
accuracy and generalization across diverse datasets.

Algorithm design and complexity
This section presents the implementation details and complexity analysis of the algorithms within the EDCBN 
framework. It describes the training and inference processes, emphasizing parameter optimization and model 
operation during inference.

Training algorithm
The training of the EDCBN model iteratively updates parameters to minimize the loss function. It combines 
diffusion-based boundary refinement, noise injection, and gradient optimization. The model employs BERT for 
token embeddings, followed by BiLSTM and CRF for structured prediction. Algorithm 1 outlines the training 
steps for the EDCBN model.

Algorithm 1.  Training EDCBN model.

Explanation of Algorithm 1
In this training process, each sentence S is processed individually to obtain its token embeddings using 

the BERT model (E = BERT(S)). The embeddings are then normalized to establish the initial boundary 
representation x0. Gaussian noise is incrementally introduced into the boundary representation at every time 
step throughout the forward diffusion.

At each time step during the forward diffusion process“ ? ”at every time step throughout the forward diffusion 
The final boundary and class predictions are computed through the BiLSTM and CRF layers, with model 
parameters θ updated using backpropagation concerning a composite loss function that combines Tversky loss 
for boundary prediction and CRF loss for sequence labeling.

Iterating systematically through all sentences ensures that every sentence S in the dataset D contributes to 
the model’s learning.

Inference algorithm
The inference process utilizes the trained EDCBN model to predict entity boundaries and labels on new data. 
This process uses the trained model parameters θ and employs self-attention and graph attention mechanisms to 
iteratively refine the entity predictions. Algorithm 2 describes the inference
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Algorithm 2.  Inference for EDCBN.

Explanation of Algorithm 2
In the inference process, the noisy boundary representation xT  is progressively refined using the trained 

model’s parameters θ through a denoising function fθ(xt). The denoising function fθis a learned function that 
models the reverse diffusion process, gradually removing the Gaussian noise and recovering the clean boundary 
representation.

The process iteratively recovers less noisy boundary representations xt−1 until the clean boundary 
representation x̂0 is obtained. From this final representation, entity boundaries are identified, refined, and any 
overlapping entities are resolved.

Algorithm design and complexity
In this section, the computational complexity of the EDCBN framework is comprehensively analyzed. The 
framework is decomposed into its key components, their respective time complexities are analyzed, and the 
overall computational cost is presented. We address reviewers’ comments on the importance of explicitly 

Fig. 5.  Time complexity contributions of EDCBN components.

 

Model Variant Time Complexity Training Time (h) Inference Time (ms)

Diffusion O(T · n · d) 4 120

+ BiLSTM O(T · n · d) + O(L · n · d2) 5 180

+ CRF O(n · k2) 5.5 190

+ Graph Attention O(n2 · d) 6 240

+ Self-Attention O(n2 · d) 6 310

Table 1.  Time Complexity and Performance of EDCBN Components (ACE2004).
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accounting for complexity during training and inference and discuss the impact of added modules such as 
BiLSTM, CRF, graph attention, and self-attention. Complexity contributions are summarized in Table 1, and 
their proportional impacts are visualized in Fig. 5.

The following sections detail the time complexity of each component in the EDCBN framework, and Fig. 5 
visually summarizes how the complexity contributions from each component grow as additional modules are 
introduced:

Diffusion process: The diffusion process operates in both forward and reverse directions. Each step processes 
a sequence of length n with an embedding dimension d. With T  diffusion steps, the complexity is given by:

	 Forward diffusion: O(T · n · d), Reverse diffusion: O(T · n · d).

BiLSTM layers: Each BiLSTM layer processes the sequence bidirectionally, with a complexity of O(n · d2) 
per layer. For L BiLSTM layers, the total complexity is:

	 O(L · n · d2),

where L = 3 in our framework.
CRF decoding: The CRF layer performs dynamic programming over n tokens and k labels to compute the 

most probable sequence. The complexity is:

	 O(n · k2).

Graph attention mechanism: The graph attention mechanism computes pairwise relationships between n 
nodes in the adjacency matrix. The resulting complexity is:

	 O(n2 · d).

Self-attention mechanism: Self-attention involves comparing all token pairs within a sequence. The 
complexity is:

	 O(n2 · d).

Total complexity: Combining all components, the overall complexity of the EDCBN framework is:

	 O(T · n · d) + O(L · n · d2) + O(n · k2) + O(n2 · d).

The EDCBN framework’s computational cost grows as additional modules (BiLSTM, CRF, graph attention, and 
self-attention) are introduced. As illustrated in Fig. 5, the contributions of each component to the overall time 
complexity are visually summarized. The diffusion process dominates with O(T · n · d), particularly for longer 
sequences or larger embedding dimensions. Graph and self-attention contribute significantly to the quadratic 
growth in sequence length n due to pairwise comparisons. However, these modules provide essential global 
context modeling, leading to performance gains.

Experimental settings and results
Datasets
In this study, we rigorously evaluated the performance of our proposed NER model using five diverse and 
specialized datasets: ACE200436, GENIA37, CoNLL200338, SciERC39, and NCBI-Disease40. These datasets 
were selected for their representation of diverse NER challenges across different domains, enabling a thorough 
assessment of the model’s robustness, versatility, and generalization to various types of text. The specific 
characteristics of each dataset are outlined below:

•	 ACE2004: This dataset focuses on nested entity recognition within news texts. The primary challenge of this 
dataset lies in its complex, multi-layered entity structure, where entities are often embedded within other 
entities. Correctly identifying these nested structures is crucial for enhancing the model’s ability to handle 
real-world texts with intricate syntactic dependencies. We selected this dataset to evaluate the model’s effec-
tiveness in recognizing complex relationships between entities.

•	 GENIA: The GENIA dataset is sourced from the biomedical domain and comprises highly specialized biolog-
ical terms. This dataset poses challenges due to its domain-specific terminology and long-distance dependen-
cies within the text. It assesses the model’s ability to generalize to niche scientific areas where linguistic pat-
terns may differ significantly from general language use. Selecting GENIA enables us to evaluate the model’s 
performance on domain-specific NER tasks, particularly in the life sciences.

•	 CoNLL2003: As one of the most widely used flat NER benchmarks, the CoNLL2003 dataset comprises news 
articles containing person, location, and organization entities. It serves as a standard testbed for NER mod-
els, enabling us to compare our results against various state-of-the-art methods. The primary motivation for 
including this dataset is to evaluate the model’s generalization ability for standard NER tasks in general news 
texts, which feature simpler, non-nested entity structures compared to ACE2004.

•	 SciERC: The SciERC dataset consists of scientific papers from the computer science domain and presents 
the challenge of recognizing domain-specific terms and identifying relationships among them. The dataset 
evaluates the model’s ability to perform NER on highly technical content, where the distinction between sim-
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ilar terms may be subtle. It also assists in evaluating the model’s performance in extracting entities and their 
relationships in academic papers, which necessitate a strong understanding of technical terminology.

•	 NCBI-Disease: This dataset, sourced from the biomedical domain, focuses specifically on disease-related en-
tity recognition. One of the key challenges in this dataset is the high level of noise present in biomedical texts, 
such as inconsistent naming conventions and acronyms. Including NCBI-Disease evaluates the model’s ability 
to handle noisy, domain-specific datasets and its robustness in recognizing medical terminology.

In summary, the selection of these datasets ensures a comprehensive evaluation across multiple domains 
while highlighting the specific strengths of the proposed model. The nested entities in ACE2004 evaluate the 
model’s capacity to handle complex entity structures and long-distance dependencies. GENIA and NCBI-
Disease present domain-specific challenges that evaluate the model’s ability to generalize to highly specialized 
biomedical vocabularies. SciERC, with its technical terms in the computer science domain, tests the model’s 
precision in distinguishing between similar technical entities, while CoNLL2003, as a standard NER benchmark, 
allows for direct comparison with existing methods, showcasing the model’s versatility across both standard and 
domain-specific tasks. Collectively, these datasets ensure that the model is rigorously tested for generalizability, 
robustness, and accuracy across various applications.

Implementation details
We employed precision, recall, and F1 score as evaluation criteria, calculated at the entity and token levels to 
guarantee a thorough evaluation of the model’s performance. These metrics, widely used in NER tasks, offer 
a balanced measure of model accuracy and stability across different datasets. The calculation methods are as 
follows:

•	 Precision: 

	
Precision = T P

T P + F P
� (26)

 where TP denotes the number of true positives (correctly predicted entities) and FP denotes the number of false 
positives (incorrectly predicted entities).

•	 Recall: 

	
Recall = T P

T P + F N
� (27)

 where FN denotes the number of false negatives (entities that the model missed).

•	 F1 score: 

	
F 1 = 2 × Precision × Recall

Precision + Recall
� (28)

The F1 score is the harmonic mean of precision and recall, offering a balanced measure between the two. It is 
particularly useful for assessing the trade-off between precision and recall, ensuring that both over-prediction 
and under-prediction of entities are taken into account.

Experiments were performed using an NVIDIA GeForce RTX 3090 GPU (24 GB VRAM), with training 
durations varying across datasets depending on batch size and complexity. On average, training required X 
hours per dataset. The model was trained with the Adam optimizer, and a linear warm-up and decay strategy 
was applied to the learning rate to stabilize training, particularly in the early stages.

For text encoding, we employed bert-large and biobert-large models, which were fine-tuned to meet the 
specific requirements of each dataset. These pre-trained models offer strong baseline representations, which we 
adapted for the NER task by introducing task-specific layers (i.e., BiLSTM and CRF layers). Fine-tuning was 
conducted by adjusting the learning rates for the pre-trained and task-specific layers separately, with the learning 
rate for the pre-trained layers set lower to preserve the knowledge acquired from large-scale corpora.

Batch sizes were optimized for each dataset to ensure stable gradient updates and efficient use of GPU 
memory. Specifically, for ACE2004, CoNLL2003, SciERC, and NCBI, a batch size of 8 was used, while a batch 
size of 4 was chosen for GENIA, due to the complexity and length of its input sequences. This variation in batch 
sizes was determined empirically by monitoring convergence rates and the stability of the training process across 
datasets.

The model architecture included three BiLSTM layers and a CRF layer for entity boundary detection, with each 
layer contributing to the model’s ability to capture long-distance dependencies and ensure consistent sequence 
labeling. The CRF layer enables the model to learn optimal label sequences by considering the dependencies 
between adjacent labels.

To further enhance the model’s robustness, we conducted hyperparameter tuning through grid search, 
experimenting with various settings for learning rates, batch sizes, and regularization techniques. The final 
hyperparameter choices were those that consistently achieved the best performance across validation sets for all 
datasets. Table 2 summarizes the key parameters used during training and evaluation.
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Additionally, the model’s training and evaluation process incorporated gradient clipping with a maximum 
norm of 1.0 to prevent gradient explosion during backpropagation, particularly in the deeper layers of the 
network. Training was configured to run for 100 epochs with early stopping based on improvements in the 
validation F1 score to prevent overfitting.

Table 2 presents a summary of the key training and evaluation parameters, detailing the critical values and 
their roles in fine-tuning the model for optimal performance.

Time efficiency optimization strategies in NER
The implementation of the Tversky loss function significantly enhanced the time efficiency of our model, 
particularly in reducing both training and inference durations. This specialized loss function optimizes label 
prediction accuracy, particularly in cases of class imbalance, by adjusting the weights for false positives and false 
negatives. Consequently, the model converges more quickly during training, resulting in substantial reductions 
in training time without compromising accuracy.

As illustrated in Fig. 6, the introduction of the Tversky loss function resulted in a 50% reduction in training 
time for the ACE2004, GENIA, and CoNLL2003 datasets. For example, training on the ACE2004 dataset 
decreased from 6 hours to 3 hours. Similarly, the training time for GENIA was reduced from 4 hours to 2 hours, 
and for CoNLL2003, from 6 hours to 3 hours. These time savings are crucial for tasks that require frequent 
model updates or real-time deployment.

Fig. 6.  Time savings with improved method.

 

Parameter Value Parameter Value

train log iter 1 split epoch 10

train batch size 8 stage one lr scale 2.0

epochs 100 prop drop 0.3

lr 5e-05 num proposals 60

lr warmup 0.1 sampling timesteps 5

weight decay 0.01 timesteps 1000

max grad norm 1.0 scale 1.0

match boundary weight 1.0 eval batch size 16

match class weight 1.0 entity threshold 2.5

loss boundary weight 1.2 seed 488

loss class weight 0.8 BiLSTM layers 3

loss tversky weight 1.0 CRF layer 1

loss crf weight 0.7 Diffusion time steps (T) 1000

repeat gt entities 60 Noise intervals (K) 60

eval every epochs 1 Sampling interval (γ) 5

sampling processes 4

Table 2.  Model training and evaluation parameters.
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This efficiency gain was achieved by minimizing the number of gradient updates required for convergence. 
By effectively addressing class imbalance and concentrating on key entity boundary predictions, the Tversky 
loss minimizes unnecessary adjustments during training, streamlining the process and significantly reducing 
computational load.

In addition to decreasing training times, our model also exhibited significant improvements in inference 
time. The optimizations, driven by both the Tversky loss function and the diffusion process, facilitated faster 
predictions, making the model well-suited for real-time NER tasks. On average, inference time per entity was 
reduced by 25%, supporting integration into real-time systems that demand quick and adaptive responses to 
new data.

These results, as illustrated in Fig. 6, validate the efficiency of the model, making it both faster and adaptable 
for real-time applications. The optimized training process, combined with the Tversky loss, ensures that the 
model maintains high accuracy for complex NER tasks while significantly reducing computational time.

Performance across datasets
The EDCBN model demonstrates consistent improvements across multiple datasets, including ACE2004 (F1: 
88.52%), GENIA (F1: 81.01%), and CoNLL2003 (F1: 92.78%).

On the ACE2004 dataset (Table 3), our model achieved the highest F1 score of 88.52% and a recall of 88.86%. 
However, the precision (Pr: 88.19%) was slightly lower than Shen et al. (2023) (Pr: 88.05%). This suggests that 
our model emphasizes maximizing recall for comprehensive entity detection, which occasionally leads to minor 
trade-offs in precision.

On the CoNLL2003 dataset (Table 5), our model achieved the highest recall (93.09%) and a competitive F1 
score of 92.78%, while Shen et al. (2023) reported a slightly higher F1 score (92.83%). This result highlights the 
precision-recall trade-off: our model prioritizes recall to ensure more entities are successfully detected, a critical 
factor in NER tasks requiring high coverage.

These results highlight the model’s ability to discern entity boundaries and manage complex data, as evidenced 
by notable gains in both precision and recall across diverse datasets. Comparative analysis of these datasets can 
be found in Table 3, Table 4, and Table 5, while Figs. 7, 8, and 9 illustrate the corresponding trends.

For the NCBI dataset, which contains a larger sample size (5424), we conducted cross-validation using 
K = 3 and K = 7. The choice of K = 7 was motivated by the need to balance maintaining sufficient training 
data in each fold with achieving more stable results due to the larger dataset. As shown in Table 8, the variances 
in precision and F1 scores remain relatively low, ensuring stable performance across folds. Using K = 7 ensures 
that the model experiences more varied data exposure during training and evaluation, offering deeper insights 
into its generalization capabilities.

On the NCBI dataset, the EDCBN model achieved an F1 score of 89.24%, with precision of 87.41% and 
recall of 91.25%. Compared to BioBERT (2020), which achieved a higher F1 score (89.90%) and slightly better 
precision, our model’s lower precision can be attributed to the inherent challenges in biomedical text processing. 
Specifically, the complex and overlapping boundaries of biomedical terms introduce ambiguity, leading the 
model to occasionally misidentify entity spans. Additionally, while the noise adjustment mechanism improves 
robustness, the variability and ambiguity in biomedical texts may still cause misclassifications, further affecting 
precision.

Nonetheless, the model’s higher recall (91.25%) demonstrates its strength in capturing more entities effectively, 
ensuring fewer missed detections-an essential aspect of biomedical NER applications. This performance reflects 
the trade-off between precision and recall, where a focus on maximizing recall ensures comprehensive entity 
detection, albeit at the cost of slightly reduced precision.

Model

ACE2004

Pr.(%) Rec.(%) F1(%)

Wang et al.(2020) 86.08 86.48 86.28

Yu et al.(2020) 87.30 86.00 86.70

Li et al.(2020) 85.05 86.32 85.98

Shibuya and Hovy(2020) 84.71 83.96 84.33

Yan et al.(2021b) 87.21 85.92 86.56

Wang et al.(2021) 86.27 85.09 85.68

Fer et al.(2021) 86.74 86.51 86.63

Yang et al.(2022) 86.54 86.79 86.66

BERT-MRC 84.63 83.46 84.04

He et al.(2022) 84.99 85.83 85.70

Tan et al.(2022) 88.46 86.10 87.26

Zhang et al.(2022) 86.36 84.54 85.44

Li et al.(2022b) 87.33 87.71 88.39

Shen et al.(2023) 88.05 88.17 88.11

Ours 88.22 88.90 88.56

Table 3.  Results on ACE2004.
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Fig. 7.  Performance on ACE2004.

 

Model

CoNLL2003

Pr.(%) Rec.(%) F1(%)

Devlin et al. (2019) - - 92.8

Yu et al. (2020) 92.74 92.15 92.35

Li et al. (2020b) 92.47 92.95 92.70

Sequence Labeling BERT 91.93 91.54 91.73

Sequence Labeling BART 89.60 91.63 90.60

BERT-MRC 90.61 91.55 91.08

PromptNER [BERT-large] 92.48 92.33 92.41

Shen et al. (2023) 92.83 92.50 92.65

Ours 92.54 93.10 92.79

Table 5.  Results on flat NER datasets.

 

Model

GENIA

Pr.(%) Rec.(%) F1(%)

Wang et al.(2020) 79.45 78.94 79.19

Luo et al.(2020) 77.40 74.60 76.00

Shibuya and Hovy(2020) 79.92 76.55 78.20

Wang et al.(2021) 79.20 78.16 78.67

Xu et al.(2021) 80.30 78.90 79.60

Yan et al.(2021b) 78.81 79.11 78.95

Fer et al.(2021) 78.20 78.23 78.22

Yang et al.(2022) 78.02 77.77 77.88

BERT-MRC 79.47 79.70 79.89

He et al.(2022) 81.08 76.33 78.64

Tan et al.(2022) 82.31 78.66 80.44

Zhang et al.(2022) 81.04 77.21 79.08

Shen et al.(2023) 81.72 79.73 80.81

Ours 82.56 79.76 81.04

Table 4.  Results on GENIA.
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Model

NCBI

Pr.(%) Rec.(%) F1(%)

BioBERT (2020) 87.70 87.70 89.90

SicknessMiner (2022) 85.22 87.14 86.17

Instr-Tuned NER (2022) 86.90 87.60 87.25

Multi-Task Learning (2022) 85.40 88.10 86.73

Hierarchical NER (2022) 86.50 87.20 86.85

SBLC (2023) 86.30 86.00 86.20

NER with BERT (2023) 86.15 88.05 87.09

BioNER-LLAMA (2023) 86.90 87.60 87.25

DiffusionNER (2023) 86.88 89.69 88.20

Ours 87.41 91.29 89.28

Table 6.  Results on NCBI.

 

Fig. 9.  Performance on CoNLL2003.

 

Fig. 8.  Performance on GENIA.
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Table 6 provides a comparative analysis, and Fig. 10 visually illustrates these performance trends.
For the SciERC Dataset, which contains a smaller sample size (1857), we selected K = 2 and K = 3 for 

cross-validation. Given the smaller dataset, these values of K help maximize the training data available in each 
fold while still permitting reliable performance evaluation. Specifically, K = 2 minimizes variance by ensuring 
that each fold contains a substantial portion of the data for training, while K = 3 strikes a balance between 
training data size and validation stability, making it a suitable choice for smaller datasets like SciERC.

As illustrated in Table 8, for both datasets, the selected values of K provide a robust evaluation of the model’s 
performance. For NCBI, K = 7 provides greater fold variation and stability, while for SciERC, the smaller values 
of K = 2 and K = 3 enable effective evaluation without excessively reducing the training data size. This cross-
validation strategy illustrates the adaptability of our model to datasets of varying sizes and highlights its robust 
performance in NER tasks across different data distributions.

The model yielded an F1 score of 69.97%, with a precision of 67.39% and recall of 72.85%, showcasing its 
proficiency in managing specialized scientific terminology (see Table 7 and Fig. 11).

Ablation study analysis
The ablation study presented in Table 9 and Fig. 12 comprehensively evaluates the contributions of different 
components within our model, including CRF, BiLSTM, and various Attention Enhancement Mechanisms (Self-
Attention Mechanism, Graph Attention Mechanism, and their combination). These experiments were conducted 
on the SciERC, ACE2004, and NCBI datasets to provide a holistic understanding of each component’s impact 
on precision, recall, and F1 scores.

The results demonstrate that CRF and BiLSTM effectively enhance sequence labeling performance by 
addressing different aspects of the NER task. Specifically, the Diffusion+CRF configuration improves global 
consistency by leveraging CRF’s ability to capture inter-label dependencies during the decoding process. This 
approach achieves F1 scores of 69.70%, 69.95%, and 69.68% on SciERC, ACE2004, and NCBI, respectively, 

Model

SciERC

Pr.(%) Rec.(%) F1(%)

SciIE (2020) 65.12 68.78 66.91

SciBERT (2020) 64.98 69.12 66.99

BERT-Sci NER (2021) 63.45 67.54 65.49

Unified NER (2021) 62.89 66.32 64.56

SciERC BERT (2022) 65.23 70.01 67.32

Transf NER (2022) 66.01 71.45 68.23

Hierarchical NER (2023) 64.75 68.29 66.47

Span-NER (2023) 65.89 69.78 67.76

DiffusionNER (2023) 66.70 72.55 69.51

Fine-tuned SciBERT (2024) 64.12 68.54 66.25

BERT-MultiTask (2024) 63.95 67.23 65.56

Ours 67.40 72.87 69.99

Table 7.  Results on SciERC.

 

Fig. 10.  Performance on NCBI.
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highlighting its capability to reduce output-level inconsistencies. On the other hand, the Diffusion+BiLSTM 
configuration significantly enhances the model’s contextual representation by capturing bidirectional sequential 
dependencies, particularly excelling on the ACE2004 dataset with an F1 score of 88.26%. This improvement 

Model Metrics SciERC ACE2004 NCBI

Diffusion+CRF

Pr. (%) 67.05 67.35 67.02

Rec. (%) 72.60 72.82 72.63

F1. (%) 69.70 69.96 69.70

Diffusion+BiLSTM

Pr. (%) 67.37 88.12 67.23

Rec. (%) 72.82 88.44 72.74

F1. (%) 69.97 88.28 69.91

Diffusion+Self-Attention

Pr. (%) 67.02 88.12 87.13

Rec. (%) 72.62 88.43 90.13

F1. (%) 69.72 88.27 88.61

Diffusion+Graph Attention

Pr. (%) 66.92 88.02 87.03

Rec. (%) 72.77 88.63 90.63

F1. (%) 69.72 88.32 88.79

Diffusion+Self-Attention+Graph Attention

Pr. (%) 67.22 88.17 87.28

Rec. (%) 72.82 88.73 90.93

F1. (%) 69.87 88.44 89.07

Table 9.  Ablation experiments.

 

Fig. 11.  Performance on SciERC.

 

Dataset k Precision Mean (%) Recall Mean (%) F1 Mean (%)

NCBI 3 84.25 79.87 80.49

NCBI 7 84.27 79.88 80.50

SciERC 2 66.82 60.23 60.03

SciERC 3 66.82 60.23 60.03

Dataset k Precision Variance Recall Variance F1 Variance

NCBI 3 2.94 5.98 2.47

NCBI 7 6.24 7.02 3.94

SciERC 2 1.37 0.76 0.03

SciERC 3 4.99 4.38 2.49

Table 8.  Cross-validation results on NCBI and SciERC datasets.
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reflects BiLSTM’s strength in modeling complex and long-range relationships, which are critical for identifying 
entities in challenging sentence structures.

To address the limitations of CRF and BiLSTM and further refine the model, we introduce Attention 
Enhancement Mechanisms, which simultaneously capture local and global dependencies:

•	 Self-attention mechanism improves the model’s ability to capture fine-grained local contextual relationships. 
On the NCBI dataset, it significantly boosts recall to 90.10% and achieves an F1 score of 88.25% on the 
ACE2004 dataset, demonstrating its effectiveness in enhancing recall-driven entity detection.

•	 Graph attention mechanism focuses on modeling global relationships between entities, which are often crit-
ical in complex biomedical and scientific texts. This mechanism achieves a recall of 90.60% on the NCBI 
dataset, leading to an F1 score of 88.77%, showcasing its capability to capture global dependencies effectively.

•	 Combining self-attention and graph attention achieves the best overall performance by integrating both 
local and global contextual information. This configuration yields superior F1 scores of 88.42% (ACE2004), 
89.05% (NCBI), and 69.85% (SciERC), reflecting its ability to balance precision and recall across datasets.

Fig. 12 visually illustrates the impact of these configurations on the ACE2004 dataset, providing a color-
coded comparison of precision, recall, and F1 scores. This visualization highlights the subtle yet significant 
improvements brought by each setup, facilitating a clear evaluation of their effectiveness. The inclusion of both 
tabular (Table 9) and graphical (Fig. 12) representations offers a comprehensive analysis, enabling a deeper 
understanding of how individual components and their combinations influence overall model performance.

In summary, the integration of CRF, BiLSTM, and attention mechanisms provides a robust and balanced 
solution to the challenges of NER tasks. While CRF ensures global decoding consistency and BiLSTM enhances 
sequential context modeling, attention mechanisms further refine the model’s performance by capturing both 
local and global relationships. The combination of Self-Attention and Graph Attention achieves the most 
significant improvements, underscoring the importance of leveraging complementary components for advanced 
NER systems.

Performance analysis under varying noise conditions
As discussed in Chapter 3, the model employs Gaussian noise to enhance its generalization capabilities, 
particularly in addressing boundary ambiguities and annotation inconsistencies in NER tasks. Here, we present 
an evaluation of the model’s behavior across different noise levels, showcasing its ability to maintain stability in 
noisy environments.

Figure 13 illustrates the precision, recall, and F1-score metrics across three datasets (ACE2004, CoNLL2003, 
GENIA) with and without added noise. As observed, the model maintains high performance even in noisy 
environments, with only slight decreases in precision and recall. This affirms the model’s resilience and stability, 
further emphasizing the advantages of integrating Gaussian noise into both training and inference processes.

The model’s ability to maintain strong performance despite noisy input illustrates its robustness, a quality 
critical for real-world NER applications where noisy data is prevalent. By managing noise in the form of 
boundary ambiguities and misannotations, the model effectively minimizes overfitting and improves prediction 
accuracy on unseen data.

This analysis highlights how Gaussian noise, when applied effectively, acts as a regularizer, smoothing 
predictions and preventing overfitting to noise in training data. As noted in the introduction to this section, our 
experiments confirm that Gaussian noise significantly enhances the model’s robustness across different datasets, 
enabling better generalization across both noisy and clean data.

Sensitivity analysis of hyperparameters
This section presents a systematic sensitivity analysis of key hyperparameters across three datasets (ACE2004, 
NCBI, and SciERC), using precision, recall, and F1 score as evaluation metrics. Our analysis examines both 
individual hyperparameter effects and their joint optimization. In particular, we focus on the loss function 

Fig. 12.  Ablation study heatmap.
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weight parameters, the noise adjustment parameter, and the attention mechanism weights. Figs. 14, 15, and 16 
illustrate the performance trends for each parameter.

•	 Loss function weight analysis:  Our loss function comprises several components, including the Tver-
sky loss, boundary loss, CRF loss, and cross-entropy loss. Initially, we evaluated the default setting 
(λ1 = λ2 = λ3 = λ4 = 1.0) to understand the baseline contribution of each loss component (with λ1 play-
ing a key role in balancing the Tversky loss). We then conducted an exhaustive grid search to optimize the 
combination of these weights. The experiments identified the combination λ1 = 1.0, λ2 = 0.7, λ3 = 1.2, 
and λ4 = 0.8 as the optimal setting, yielding the best average performance across all test datasets. As shown 
in Table 10, this optimized configuration improved the F1 score by 0.04 percentage points on the ACE2004 
and NCBI datasets and by 0.02 percentage points on the SciERC dataset compared to the uniform allocation. 
These results underscore that while individual parameters are important, their joint tuning is critical-espe-
cially for handling nested entities and noisy data.

Fig. 14.  ACE2004 sensitivity analysis.

 

Fig. 13.  ACE2004 sensitivity analysis.
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Fig. 16.  NCBI sensitivity analysis.

 

Fig. 15.  SciERC sensitivity analysis.
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•	 Loss function weight (λ1): λ1 is critical for balancing the Tversky loss during optimization. In the experi-
ments, the default setting (λ1 = 1.0) achieved excellent performance across all datasets:

	– ACE2004: F1 score of 88.56%, balancing precision and recall effectively.
	– NCBI: F1 score of 89.28%, reflecting robustness in biomedical text.
	– SciERC: F1 scores ranged from 68.50% to 69.99%, showing minimal sensitivity.

•	 Noise adjustment parameter (σ): The parameter σ regulates dynamic noise during boundary refinement:

	– ACE2004: Best F1 score (88.65%) at σ = 1.0, with degradation at both lower and higher values.
	– NCBI: Stable performance across a wide range, peaking at 89.20% for σ = 1.0.
	– SciERC: F1 scores between 68.55% and 70.25%, reflecting low sensitivity.

•	 Attention mechanism weights: The attention mechanism consists of two components: self-attention and 
graph attention weights:

	– Self-attention: Best F1 scores were observed at Wself = 1.0 or Wself = 1.2, depending on the dataset, 
with SciERC showing the highest sensitivity.

	– Graph attention: Similar trends, with SciERC benefiting most from optimized Wgraph = 1.2.

Overall, the sensitivity analysis demonstrates that ACE2004 is highly sensitive to all hyperparameters due to 
its complex nested entity structures, whereas NCBI shows robustness while still benefiting from fine-tuning 
noise and attention weights. Although SciERC is generally less sensitive, it significantly improves with optimized 
attention mechanisms. In particular, the integrated loss function weight optimization highlights that increasing 
the boundary loss weight (λ3) is critical for enhancing nested entity recognition, reducing the CRF loss weight 
(λ2) helps mitigate overfitting-especially under limited data conditions-and fine-tuning the cross-entropy loss 
weight (λ4 = 0.8) balances the overall learning objective. These findings emphasize the importance of dataset-
specific hyperparameter tuning for achieving robust performance in diverse NER tasks.

Conclusion
In this paper, we present the EDCBN framework, a novel approach that integrates a diffusion model with BiLSTM 
and CRF layers. This combination enhances the capability to capture contextual information and improves 
the accuracy of entity boundary recognition. Our model demonstrates significant advancements in NER, 
achieving competitive performance across multiple datasets, including ACE2004, GENIA, and CoNLL2003, 
with improvements in both precision and recall. Furthermore, the incorporation of Gaussian noise within the 
diffusion process enables the model to effectively manage noisy environments, enhancing its robustness and 
suitability for real-world applications where data imperfections are prevalent. Our experiments confirm the 
effectiveness of this integration, demonstrating that the EDCBN model outperforms several state-of-the-art 
models across diverse datasets.

Limitations
While the EDCBN model enhances both performance and time efficiency in NER tasks, it still faces several 
limitations that need to be addressed in future work. One major challenge is the stochastic nature of the diffusion 
process, which may affect the model’s stability during training, particularly under varying noise conditions. 
Another limitation is that the performance gains of the EDCBN model, although significant, come with the 
trade-off of higher computational requirements, potentially limiting its scalability for very large datasets or 
resource-constrained environments. Future work should concentrate on optimizing the model’s efficiency while 
preserving its robustness and exploring additional data augmentation techniques to improve stability under 
extreme noise conditions. Finally, extending the model’s applicability to other tasks beyond NER and conducting 
a more detailed analysis of its performance across various domain-specific datasets would be beneficial.

Data availability
The datasets used and/or analysed during the current study are available from the corresponding author on 
reasonable request.

Received: 20 October 2024; Accepted: 23 May 2025

Weight Combination ACE2004 NCBI SciERC Average

λ1 = 1.0, λ2 = 1.0, λ3 = 1.0, λ4 = 1.0 88.52 89.24 69.97 82.58

λ1 = 1.0, λ2 = 0.8, λ3 = 1.0, λ4 = 0.8 88.53 89.25 69.98 82.59

λ1 = 1.0, λ2 = 0.6, λ3 = 1.2, λ4 = 0.8 88.54 89.26 69.98 82.59

λ1 = 1.0, λ2 = 0.7, λ3 = 1.2, λ4 = 0.8 88.56 89.28 69.99 82.61

λ1 = 1.2, λ2 = 0.7, λ3 = 1.2, λ4 = 0.7 88.55 89.27 69.98 82.60

λ1 = 0.8, λ2 = 0.8, λ3 = 1.1, λ4 = 0.9 88.53 89.25 69.98 82.59

Table 10.  Performance comparison of different loss function weight combinations.
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