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Abstract—In the digital transformation of the judiciary, 

legal entity recognition is a foundational prerequisite for 

building intelligent judicial systems. To address the 

limited domain adaptability of generic pre-trained 

models and the computational burden of training large 

legal models, this paper proposes a lightweight yet 

effective legal entity recognition optimizer built upon the 

BERT-BiLSTM-CRF architecture. Empirical results 

demonstrate substantial gains in accuracy, efficiency, 

and deployability. With a legal-specialized adapter, the 

model attains 97.63% F1 on the CAIL2021-IE corpus, 

2.68 pp above the baseline. Progressive unfreezing 

coupled with mixed-precision training substantially 

reduces training time and GPU memory footprint on a 

single consumer-grade GPU. Finally, the clause-aware 

attention mechanism further improves extraction quality 

on longer documents while reducing inference overhead 

in extended-context settings. Collectively, these 

innovations overcome the challenges of domain 

adaptation, resource overhead, and long-text processing 

in legal entity recognition, offering a practical 

deployment solution for resource-constrained 

deployments of legal AI. 
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I. INTRODUCTION  

The deep integration of artificial intelligence 
into the judiciary has positioned intelligent legal-
text processing as a critical lever for enhancing 
judicial efficiency. In contemporary practice, 
unstructured data—judgments, case files, and 
evidentiary records—has grown explosively, 
rendering manual curation prohibitively expensive 
[1][2]. While deep learning has excelled in generic 

natural-language tasks, legal corpora introduce 
three salient challenges [3]. First, terminological 
density degrades domain adaptation and lowers 
recognition recall. Second, rigorous hierarchical 
discourse generates long-range dependencies 
beyond the effective context of standard 
transformers. Third, parameter-intensive 
architectures impede deployment in resource-
constrained court IT infrastructures [4][5][6]. To 
address these challenges, prior studies have 
explored a range of solutions for legal named 
entity recognition, spanning knowledge-driven 
pipelines and neural models. 

To address the above challenges, existing 
approaches generally fall into two broad classes—
rule-based pipelines and end-to-end neural models. 
Rule-driven methods, though computationally 
frugal, demand labor-intensive feature engineering 
and fracture under the stylistic heterogeneity of 
legal drafting. Neural alternatives, despite their 
autonomy, exhibit two conspicuous shortcomings. 
First, general-purpose pre-trained encoders such as 
BERT often exhibit limited transfer to specialized 
legal entities, especially under domain shift and 
long-document settings. Second, specialized 
architectures (e.g., Legal-BERT) require multi-
GPU training epochs exceeding ten hours on 
consumer-grade devices, curtailing practical 
adoption [7]. Moreover, current techniques 
inadequately model the clause-level topology 
inherent in statutory and case-law texts, leading to 
entity-identification accuracies below 70% on 
lengthy excerpts [8]. This work targets long 
document modeling in legal texts by explicitly 
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incorporating clause-level structure to better 
capture long-range dependencies. 

To surmount these limitations, we propose a tri-
stage refinement framework. Stage-one embeds a 
lightweight legal adapter inside BERT; via low-
rank projection coupled with corpus-specific 
feature infusion, it sensitizes the encoder to 
jurisprudential lexis while expanding parameters 
by <1.8%. Stage-two introduces incremental layer-
wise unfreezing that dynamically selects trainable 
weights, enabling full fine-tuning within the 12 
GB memory envelope of an RTX 3060. Stage-
three furnishes a clause-aware attention 
mechanism that explicitly encodes the hierarchical 
articulation of legal documents, substantially 
improving long-distance dependency modeling. 
Collectively, the paradigm retains a minimal 
footprint yet delivers a pronounced breakthrough 
in legal-entity recognition accuracy [9] [10]. 

II. INTRODUCTION TO THE BERT-BILSTM-CRF 

MODEL 

A. Pre-trained Language Model 

BERT (Bidirectional Encoder Representations 
from Transformers) leverages a deep bidirectional 
Transformer encoder pre-trained on large-scale 
corpora to encode text into context-aware semantic 
vectors, thereby capturing high-level meanings of 
words and phrases. By examining how a token 
behaves across different contexts, BERT 
dynamically re-embeds the same lexical form into 
distinct vector spaces, thereby capturing polysemy 
without relying on external sense inventories. 
Trained in an unsupervised fashion on large-scale 
corpora, its deep Transformer stack, coupled with 
multi-head self-attention, yields context-sensitive 
embeddings that are particularly effective for 
threat-intelligence text mining [11]. 

Input layer (denoted En) fuses three 
embeddings, including token embeddings, 
segment embeddings, and positional embeddings. 
Token embeddings encode lexical semantics with 
dimensionality determined by the selected model 
size, segment embeddings indicate whether a 
token belongs to segment A or B in sentence-pair 
inputs, and positional embeddings inject token-

order information that self-attention does not 
encode intrinsically. 

The intermediate stack consists of L 
bidirectional Transformer blocks. Unlike 
unidirectional language models, each block 
simultaneously attends to left and right contexts, 
allowing every token to be conditioned on full-
sentential information. Consequently, the output 
contextualized vectors reflect nuanced meaning 
shifts across contexts, endowing BERT with 
superior semantic modeling capacity for security-
oriented downstream tasks such as cyber-threat 
indicator extraction [12]. The specific structure of 
the model is shown in Figure 1. 

 

Figure 1. BERT pre-trained language model. 

B. BiLSTM 

To better leverage the contextualized features 
generated by the pre-trained encoder, we introduce 
a Long Short-Term Memory (LSTM) network as 
the downstream sequence modeling module.  
LSTM is a carefully engineered recurrent 
architecture designed explicitly for temporal or 
sequential data. LSTM addresses this limitation by 
introducing gate-controlled information flow. 
Specifically, it uses three functional gates—input, 
forget, and output—to manage what is stored, 
discarded, and revealed at each step. These gates 
afford fine-grained control over a memory cell, 
enabling the model to selectively retain, update or 
discard information at every time step and thereby 
model genuinely long-range dependencies. This 
competence is particularly beneficial for lengthy, 
entity-sparse threat-intelligence documents, where 
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salient contextual cues may be separated by 
hundreds of tokens. Figure 2 illustrates the internal 
structure of an LSTM cell. To leverage contextual 
cues from both sides of each token, we adopt a 
BiLSTM, i.e., two LSTM streams run in opposite 
directions and their states are combined to form a 
more informative representation at each position. 

 

Figure 2. LSTM Architecture Diagram 

C. CRF 

Conditional Random Fields (CRF) constitute a 
discriminative probabilistic graphical model 
tailored for structured prediction. Rather than 
classifying tokens in isolation, CRF models the 
joint distribution of an entire label sequence 
Y={y₁,…,y_T} conditioned on the observed 
sequence X={x₁,…,x_T}, thereby explicitly 
capturing inter-label dependencies and preventing 
local inconsistencies. For a linear-chain CRF, the 
conditional probability is defined as shown in 
Equation 1. 

  
 

 1

1

1
, ,

T
T

t t t

t

P Y X exp f y y X
Z X

 



 
  

 
 

III. OPTIMIZATION METHODS FOR LEGAL TEXT 

ENTITY RECOGNITION 

A. Legal-Specialized Adapter 

The legal-specialization adapter is built upon a 
simple yet effective idea of embedding miniature 
bottleneck modules inside the frozen BERT 

backbone, so that domain-specific patterns can be 
learned without tampering with the original 
weights. By updating only the adapter parameters 
plus a lightweight classification head, the model 
inherits generic linguistic knowledge while 
incurring a negligible increase in trainable 
capacity.   

An adapter block is positioned in each 
Transformer layer of the stacked BERT encoder 
[13][14], following the multi-head attention (MHA) 
and feed-forward network (FFN) components. 
Within the adapter, the hidden state is mapped to a 
lower-dimensional bottleneck, passed through a 
nonlinear transformation, and then mapped back to 
the original dimensionality, as specified in 
Equation 2. 

    up downAdapter h h W ReLU W h     

Here, h denotes the hidden-state vector 

produced by the preceding sub-layer; W_down ∈ 

R^{d×r} (with r ≪ d) performs the down-

projection, while W_up ∈ R^{r×d} restores the 

original dimension. A ReLU non-linearity is 
sandwiched between the two linear maps, and a 
residual pathway is retained to guarantee 
unimpeded gradient flow. Adapter blocks are 
inserted immediately after the LayerNorm 
operation of every transformer layer; the reduction 
factor is fixed at 32. At initialization, W_down is 
sampled from a Gaussian distribution and W_up is 
set to zero, ensuring that the adapter contributes no 
perturbation at epoch 0 and thereby stabilizes early 
training. During fine-tuning, all original BERT 
weights remain frozen; only the adapter 
parameters, the BiLSTM layer, and the CRF 
transition matrix are updated. Once inserted, the 
lightweight adapters become integral components 
of the network and are jointly optimized with the 
task-specific upper layers [15]. 

B. Progressive Unfreezing Strategy 

The principle of the progressive thawing 
strategy is that directly fine-tuning all parameters 
can easily lead to catastrophic forgetting and high 
demands for computing resources. The progressive 
thawing strategy simulates the idea of course 
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learning, starting from the output layer and 
gradually thawing parameters to the lower layers. 
In this way, the model first learns the top-level 
features related to the task, and then gradually 
adjusts the low-level general features, making the 
training process more stable and efficient, and 
effectively preventing overfitting. 

The implementation consists of two parts, 
namely stage division and learning-rate setting. In 
terms of stage division, in stage one, all 
parameters of BERT are frozen, and only BiLSTM 
and CRF layers are trained as a "warm-up" stage 
for the model, allowing the top layer to adapt to 
specific tasks first. In the second stage, first 
unfreeze the last layer of BERT (for example, the 
12th layer), and simultaneously train this layer, 
BiLSTM, and CRF. After training for 1-2 epochs, 
unfreeze the penultimate layer (the 11th layer), 
and repeat this cycle to gradually unfreeze until 
the NTH layer from the end. Phase Three is the 
full model fine-tuning phase. If resources permit, 
all parameters can be unfrozen and global fine-
tuning can be performed at an extremely low 
learning rate. Of course, due to resource 
constraints, Phase Three has not been effectively 
implemented yet. In terms of learning rate Settings, 
a relatively large learning rate is used for newly 
thawed layers, while a smaller learning rate is used 
for layers that have been trained for multiple 
rounds to prevent the destruction of the features 
already learned. This strategy does not change the 
model structure but controls the parameter update 
behavior during the training process. It can 
achieve maximum efficiency when combined with 
an Adapter, since the Adapter significantly reduces 
the parameters that need to be trained and 
progressive thawing can adjust these few 
parameters more precisely and efficiently. 

C. Clause-Aware Attention 

Legal texts are highly structured and logical, 
typically divided into clauses marked by explicit 
labels such as "Article X". Clause-constrained 
attention operates by introducing prior structural 
knowledge through a mask matrix, such that 
greater attention is assigned to lexical relationships 
within the same clause during attention 
computation, while attention to words from 

unrelated clauses is correspondingly reduced, 
thereby more accurately capturing the local 
semantic dependencies within clauses [16][17]. 

The implementation method of this experiment 
includes mask generation and integration into the 
attention mechanism. In the mask generation stage, 
the boundaries of clauses in the input sequence are 
first identified using regular expressions or rule 

matching, and then a clause mask matrix M ∈ 

Rⁿ*ⁿ (where n is the sequence length) is generated. 
If words i and j belong to the same clause, Mᵢⱼ = 0; 

if they belong to different clauses, Mᵢⱼ = -∞. When 

incorporated into the attention mechanism, the 
standard Scaled Dot-Product Attention 
formulation is modified by incorporating the mask 
matrix M, as shown in Equation 3. 

  , ,
T

k

QK
Attention Q K V softmax M V

d

 
  

 
 



In the M matrix, positions with −∞ become 

weights of 0 after Softmax, thereby preventing any 
attention to the other clause’s vocabulary [18]. 

This method can be integrated in two ways. 
One option is to incorporate it into BERT, which 
is potentially more effective but also more 
complex, by replacing the standard attention in 
one or more Transformer layers with Clause-
Aware Attention. This option requires modifying 
the internal structure of the BERT model. The 
other option is to place it on top of the BiLSTM, 
which is simpler, by adding an extra Clause-
Aware Attention layer on the BiLSTM outputs to 
reweight and aggregate the features extracted by 
BiLSTM before feeding them into the CRF 
decoder. This option does not require modifying 
BERT and is easier to implement. Therefore, we 
adopt the second integration scheme in our 
experiments [19]. 

 

IV. EXPREIMENTAL CONFIGURATION AND 

ANALYSIS OF RESULTS 

A. Experimental environment 

A 12th-generation Intel Core i5-12600 
processor and an RTX 3060 GPU were used, 
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together with 32 GB of RAM, under a 64-bit 
Windows 11 operating system. 

B. Dataset introduction 

This study is based on the CAIL2021-IE dataset 
[20]. Released in the China AI and Law Challenge 
(CAIL) 2021 Information Extraction track, it 
contains over 7,500 samples collected from 
publicly available prosecution/indictment 
documents and focuses on larceny cases. ach 
sample provides a fact-description context together 
with entities annotated by label names and 
character-level spans, which can be converted into 
BIO tags for sequence labeling. It defines ten 
entity types, including suspect, victim, crime tool, 
stolen item, stolen cash, item value, illegal gain, 
time, location, and organization for evaluation. 

C. Simulation experiment and analysis 

This study establishes four comparative model 

configurations. The baseline (BModel) is BERT-

BiLSTM-CRF. Model A augments the baseline 

with a legal-domain-specialized adapter, aiming to 

isolate the contribution of the adapter. Model B 

further incorporates progressive unfreezing and 

mixed-precision training on top of Model A, so as 

to quantify the gain from optimized training 

strategies. The full model (FModel) extends 

Model B with a clause-aware attention mechanism. 

Comparative results are reported in Table I, while 

the performance of the baseline and the full model 

on legal-clause entity recognition and legal-subject 

entity recognition is detailed in Tables II and III 

for legal-clause and legal-subject entity 

recognition, respectively. 

TABLE I.  MODEL COMPARISON EXPERIMENTAL RESULTS 

Model Precision/% Recall/% F1/% 

BModel 94.58 95.31 94.95 

Model A 95.82 96.15 95.98 

Model B 96.33 96.78 96.55 

FModel 97.45 97.82 97.63 

TABLE II.  PERFORMANCE ON LEGAL-CLAUSE ENTITY RECOGNITION 

Model Precision/% Recall/% F1/% Improvement 

BModel 92.3 91.8 92.0 - 

FModel 96.7 97.2 96.9 +4.9pp 

TABLE III.  PERFORMANCE ON LEGAL-SUBJECT ENTITY RECOGNITION 

Model Precision/% Recall/% F1/% Improvement 

BModel 95.1 95.6 95.3 - 

FModel 97.8 98.1 97.9 +2.6pp 

Table I shows that each stage brings stable 
improvements. Compared with BModel (F1 = 
94.95), Model A increases F1 to 95.98 (+1.03 pp), 
indicating that the legal-specialized adapter 
improves domain adaptation. Model B further 
raises F1 to 96.55 (+0.57 pp) by introducing 
progressive unfreezing and mixed-precision 
training. Finally, FModel achieves 97.63 F1, 
which is +1.08 pp over Model B and +2.68 pp 
over BModel, suggesting that clause-aware 
attention provides additional gains beyond 

parameter-efficient adaptation and training 
strategies. 

Table II and Table III provide results on two 
subsets. On legal-clause entities, FModel improves 
F1 from 92.0 to 96.9 (+4.9 pp), which supports the 
motivation that clause-level modeling is beneficial 
for structurally complex legal texts. On legal-
subject entities, FModel also improves F1 from 
95.3 to 97.9 (+2.6 pp), showing that the proposed 
method yields consistent gains across different 
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subsets. Figure 3 shows the performance 
comparison across different models. 

 

Figure 3. Performance comparison of different models

D. Ablation experiments 

To quantitatively evaluate the contribution of 
each proposed module, we conducted a systematic 
ablation study. Taking the full model(FModel) as 

the benchmark, we constructed several simplified 
counterparts by removing key components one at a 
time; all experiments were performed on the 
identical training and test sets. Table IV provides 
the corresponding results.

TABLE IV.  ABLATION EXPERIMENTS 

Model Configuration Precision/% Recall/% F1/% 

FModel 97.45 97.82 97.63 

FModel-Clause-Aware 

Attention 

96.37 96.79 96.55 

FModel-Progressive 

Unfreezing Strategy 

95.85 96.18 95.98 

FModel-Legal-Specialized 

Adapter 

94.58 95.31 94.95 

Table IV further validates the contribution of 
each component. Removing clause-aware attention 
decreases F1 from 97.63 to 96.55 (−1.08 pp). 
Disabling the progressive unfreezing strategy 
reduces F1 to 95.98 (−1.65 pp). Removing the 
legal-specialized adapter drops performance back 
to the baseline level (94.95). These results indicate 
that the adapter, incremental fine-tuning strategy, 

and clause-aware attention are all necessary to 
obtain the best performance. For efficiency, all 
measurements are conducted on the same RTX 
3060 setup. We report wall-clock training time and 
peak GPU memory during training, and evaluate 
inference latency under a fixed batch size and 
maximum sequence length. Figure 4 illustrates the 
ablation impact curve. 

Figure 4. Ablation impact curve
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V. CONCLUSIONS 

This paper proposes a lightweight optimization 
of the BERT-BiLSTM-CRF architecture for legal 
named entity recognition by combining a legal-
specialized adapter, incremental fine-tuning 
(progressive unfreezing with mixed-precision 
training), and clause-aware attention. Experiments 
on CAIL2021-IE show that the full model 
achieves 97.63% F1, improving the baseline by 
2.68 percentage points, and yields clear gains on 
legal-clause and legal-subject subsets. Under a 
single RTX 3060 setting, the proposed training 
strategy reduces training time and GPU memory 
consumption, while the clause-aware mechanism 
improves inference efficiency, making the 
approach practical for resource-constrained 
deployment. 

Several limitations remain. First, evaluation is 
limited to one benchmark dominated by criminal 
judgments, and broader validation on other legal 
domains is needed. Second, clause boundaries for 
the attention mask are identified using rules or 
regular expressions, which may be brittle across 
drafting styles. Third, a fully unfrozen fine-tuning 
phase is not explored due to resource constraints. 
Future work will extend evaluation to more 
diverse corpora, improve clause segmentation with 
learned structure-aware methods, and integrate the 
extracted entities with downstream entity linking, 
knowledge graphs, or LLM-based legal QA 
systems. 
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