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Ambiguity in business English contracts (e.g., lexical polysemy, syntactic nesting) seriously undermines
accurate understanding and execution efficiency. To address this, we propose a Fine-Tuned BERT-CRF
joint labeling model, with the following key methodological details: 1) Corpus Construction: A 12,800-
sample contract corpus (covering 8 business domains) is built, with unified labeling for 4 ambiguity types
(lexical, syntactic, reference, pragmatic) and 9,750 annotated ambiguity instances. 2) Model Design:
BERT is adaptively fine-tuned via “term-aware masking” (prioritizing contract-specific terms); CRF is
integrated as a sequence labeling layer with a domain-prior transition matrix to optimize label generation.
3) Training Strategies: Adversarial training (FGSM/PGD perturbations) enhances robustness, and
incremental online learning (importance sampling) enables dynamic adaptation. Experimental results
demonstrate: For lexical ambiguity, the model achieves 67.5% accuracy, 78.9% recall, and 72.8% F1;
boundary labeling accuracy for the clause “USD 90.1 million” improves from 56% to 79%, syntactic
ambiguity F1 is 62.3%. Lightweight optimization (hidden layer dimension=34) reduces parameters by
45% (to 12.78 M) but requires 89 training rounds to balance performance. This model outperforms
generic BERT-CRF by 9.2% in F1 for complex contract processing, verifying its effectiveness in resolving
contractual syntactic and lexical ambiguity.

Povzetek: Studija predstavlja izboljsan model BERT-CRF za prepoznavanje dvoumnosti v poslovnih

pogodbah, ki z naprednimi ucnimi tehnikami poveca natancnost razumevanja in obdelave besedil.

1 Introduction

In business English contracts, the accuracy and rigour of
contract language are directly related to the legality and
execution of commercial transactions [1, 2]. Contract texts
often strive to be accurate and clear when written.
However, due to the polysemy of the language itself, the
complexity of grammatical structure and the existence of
legal and cultural differences between Chinese and
English, ambiguity still inevitably appears at many levels
of the contract, including term interpretation, syntactic
structure, contextual semantics, etc. [3]. Recent years have
witnessed rapid advancements in LLM/Transformer
applications for legal text processing, providing a critical
context for our research. It proposed LawLLaMA—a 7B-
parameter LLM fine-tuned on 1.2M legal documents—
achieving 70.5% F1 for contract clause classification.
However, LawLLaMA focuses on general contract
analysis and lacks targeted optimization for ambiguity
resolution, resulting in a low 58.3% F1 for syntactic
ambiguity. Similarly, OpenAI’s GPT-4 demonstrated
strong performance in legal text summarization, but its
black-box nature makes it difficult to interpret ambiguity
labeling results—an essential requirement for legal

applications where transparency is critical [4, 5]. How to
effectively identify, analyze and resolve language
ambiguity in business English contracts has become the
research focus in language technology and legal science
and technology [6]. The 12,800-sample contract corpus
was split into training (80%, 10,240 samples) and test sets
(20%, 2,560 samples) using stratified sampling—
preserving the proportion of ambiguity types (e.g., 43.1%
lexical ambiguity) in both sets. A 5-fold cross-validation
was applied to the training set: each fold included 8,192
training samples and 2,048 validation samples. Model
parameters (e.g., BERT learning rate, CRF regularization
coefficient) were optimized based on the average F1 score
across all 5 folds, avoiding bias from a single train-
validation split [7, 8]. As a deep learning language model
based on bidirectional encoder representation, BERT can
effectively capture  contextual information and
dynamically model the meaning of words in specific
contexts. This feature is suitable for semantic analysis of
highly professional and context-dependent business
contracts [9, 10].

Organically integrating BERT's deep semantic
modelling ability with CRF's sequence labelling
optimization ability to construct the BERT-CRF joint
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labelling model has become an effective technical path in
the current research of business English contract
ambiguity resolution [11, 12]. LegalBERT v2, fine-tuned
on 500k commercial contracts, improved lexical
ambiguity recognition to 69.2% F1. Yet it relies on a
single-layer classifier for labeling, failing to model label
dependencies—a gap addressed by our CRF integration.
Additionally, It applied a BERT-BiLSTM model to
contract ambiguity, but their static training framework
cannot adapt to new legal terms, whereas our incremental
online learning solves this “model lag” issue [13, 14].
Based on BERT, the model fully extracts the semantic
representation in the contract language through pre-
training and fine-tuning of large-scale business contract
corpus and accurately labels the identified potential
ambiguity with the help of the CRF module [15]. A
dropout layer with a rate of 0.1 was added between
BERT’s output and the CRF input layer. This randomly
deactivates 10% of the semantic representation neurons
during training, reducing over-reliance on specific
features (e.g., rare contract terms). Experimental results
show this reduced the training-test F1 gap from 8.2% to
4.5% [16, 17]. The system gradually improves the
generalization ability and robustness of ambiguity
recognition in complex contract language environments
through corpus expansion and model optimisation. It
provides technical support for an intelligent understanding
of business contract texts and automatic early warning of
legal risks [18].

2 Computational linguistics analysis
of contract ambiguity in business
English

2.1 Modeling of semantic ambiguity and
syntactic complexity of contract texts

Business English contract is an indispensable and
important document in international  business
communication [19]. As shown in equations (1) and (2), E
is the log-likelihood function of the model; N is the
number of training samples; Xi is the i-th contract text
input sequence; Yi is the tag sequence corresponding to
the i-th sequence; 6 is the set of model parameters.
P(Yi|Xi;0) is the conditional probability of the label
sequence Y given the input sequence X and the parameter
0; Z(X;0) is a normalization factor; T is the sequence
length; f() is the characteristic function. Its language
expression carries clear rights and obligations, transaction
terms and legal responsibilities.

Ezi(log P(Y1X,:0)) (1)

1 T
P(Y | X;0)=———¢ex f(Y.,.Y, X t;0
(Y1X;0) 20X:0) p(;( (Vi ))
)
Due to the flexibility and complexity of the language
itself, business English contracts inevitably face the
problems of semantic ambiguity and syntactic complexity
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in the actual use process. As shown in equation (3), Y and
X are the sets of all possible label sequences. These two
kinds of linguistic features are the core factors leading to
contract ambiguity.

T
Z(X;0)= Y ep(Q f(VLY X 560)) (3)
YeY(X) i=1

Accurately identify and analyze these linguistic
phenomena, as shown in equation (4), w is the weight
vector; ¢() is the feature mapping function. It has
important theoretical significance and practical value for
realizing automatic ambiguity resolution and improving
the accuracy of contract understanding.

FY Y X60) = (Wag(Yiy Y X)) (4)

Syntactic complexity is another characteristic of
business English contract language. As shown in
equations (5) and (6), L(0) is a loss function with a regular
term; A is the regularization coefficient; 02 is the square of
the parameter norm. ht is the BERT-encoded
representation of the t-th word; xt is the t-th word of the
input sequence; 0b is the BERT model parameter. In order
to realize the accurate expression of complex business
behaviors and legal responsibilities, the contract text often
adopts long sentence structure, a large number of nested
clauses, and the accumulation of modifiers.

L(0) = D IogP(Y 1 ,:6) +Z110IF (5)

h =BERT(x;6,) (6)

A typical contract clause may contain attributive
clauses, adverbial clauses, appositive structures and non-
predicate verb structures. As shown in equations (7) and
(8), st is the state score vector of the CRF layer; Ws is the
weight matrix; bs is the bias vector. at(y) is the forward
probability; Ay', y is the label transfer score; st(y) is the
current state score. As a result, the logical relationship
between subject, predicate and object is unclear, the scope
of verb action is vague, and the core meaning is difficult
to accurately identify.

s, =W,h +b, (7)
a(y)= ZO‘H( y')-exp( A, +si(y) (8)

2.2 Construction and labeling specifications
of business contract corpus

In the process of formulating labeling specifications, the
completeness and accuracy of the labeling system must be
ensured. As shown in equations (9) and (10), Bt(y) is the
backward probability; Y is the optimal label sequence;
AYt—1 is the label transfer score. And ensure consistent
application in all corpus.

ﬂt( y)= Zﬁul( y )-exp( Ay’y' + Sl+1( y ) (9)

V=arg "N (ALY +5 (%) (10)

The training process was monitored using the
validation set’s F1 score. Training stopped early if the
validation F1 did not improve for 5 consecutive epochs
(patience=5), preventing overfitting to noisy training
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samples. This cut unnecessary training rounds by 15%
while maintaining peak performance. Scripts for contract
text cleaning (e.g., footnote removal), tokenization (using
spaCy’s en_core_web_sm model with custom business
English term lists), and label formatting (converting
annotations to BIO format).

It is necessary to set up a professional labeling team
and organize systematic training courses [20]. As shown
in equation (11), X' is the input after resisting disturbance;
€ is the perturbation amplitude; VxL is the gradient of the
loss function over the input. Make the labeler have a
comprehensive understanding of the characteristics of
contract language, ambiguity types, and the use of labeling
tools.

X' =X+0-sin(VxL(8; X,Y)) (11)

In the actual operation of labeling, it needs to be
implemented in strict accordance with the established
process. As shown in equation (12), Ladv(0) is the
adversarial training loss; o is the weight coefficient.
Including the steps of initial labeling, recheck, error
correction and consistency check.

Lo (0)=al(0; XY )+(1-a)L(8;XY) (12)

Especially, the consistency test among labelers is the
key means to ensure the reliability of corpus. By
calculating the labeling consistency coefficient, as shown
in equation (13), 6t is the t-th iteration parameter; 1) is the
learning rate; VO is the loss gradient. Deviations among
team members in specific labeling types can be found, and
unified adjustments can be made to further improve the
quality of the corpus.

0..=0-1V,L(6) (13)

3 Design of joint labeling model
architecture based on BERT-CRF

3.1 Contract domain adaptability fine-tuning
of pre-trained language models
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Because of its powerful context representation ability and
good transfer performance, the BERT model has shown
excellent results in various natural language processing
tasks [21]. However, asa text type with strong
professionalism, rigorous language specification and
complex syntactic structure, business English contracts
contain significantly different semantic logic and syntactic
patterns from pre-trained corpora such as news text,
question-and-answer dialogue and general corpora [22,
23]. Suppose the general BERT model resolves contract
ambiguity without proper domain fine-tuning. In that case,
the lack of understanding of linguistic features such as
technical terms, contract sentence patterns, rights and
responsibilities expressions, etc., will often lead to the
deviation of the model in ambiguity judgment and even
the problem of understanding deviation [24, 25]. Adaptive
fine-tuning of the BERT model based on contract corpus
is necessary to achieve high-precision semantic
recognition and ambiguity resolution [26, 27]. Two
mainstream perturbation methods are explicitly adopted
for adversarial sample generation: Fast Gradient Sign
Method (FGSM) and Projected Gradient Descent (PGD).
The implementation steps are detailed as follows:
Calculate the loss gradient xL of the input sequence x
relative to the model’s combined loss (cross-entropy loss
+ CRF loss); For FGSM: Generate perturbation as sign,
where € is set to 0.01 (determined via 5-fold cross-
validation to balance perturbation intensity and semantic
preservation); For PGD: Apply iterative small
perturbations for T =5 iterations, and project the perturbed
input onto an L2 ball with radius to avoid semantic
distortion [28, 29]. Figure 1 is a contract text diagram
based on BERT-CRF. It mainly relies on the mask
language model and next-sentence prediction tasks. By
masking part of the vocabulary and letting the model
predict according to the context, the model is trained to
capture the meaning change of words in the professional
context.
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Figure 1: Contract text diagram based on BERT-CRF

Through repeated training in many business contract
texts, the model can gradually adjust its parameter
structure and learn the semantic distribution and syntactic

logic of contract texts more accurately [30]. Data
Preprocessing: New contract texts are segmented using
spaCy’s business English tokenizer, with noise (e.g.,
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irrelevant footnotes) removed and formats standardized;
Sample Screening: An importance scoring function is used,
where A(s) = ambiguity density of sample s, frequency of
s’s domain terms, semantic diversity of s. Samples with
S(s) > 0.6 are selected as high-priority incremental data;
Model Update: The selected samples are merged with 20%
of historical high-quality samples (to avoid forgetting),
and the model is updated using mini-batch gradient
descent (batch size=16, Ir=1e-5) without full retraining.
The representative maximum entropy model provides
theoretical support for early language modelling, and its
core idea is to make the most uniform prediction of event
probability under all known constraints; that is, it is
assumed that no other biased speculations are made except

Moulti-Layer Transformer Encoder Self-Attention Mechanism
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known information, thus minimizing the risk of
misjudgment caused by subjective assumptions while
maximizing entropy. The maximum entropy model is
mainly used in text classification and part-of-speech
tagging in natural language processing. Its concept also
inspires the modelling direction of subsequent deep
learning models to rely on objective data features as much
as possible during the training process and reduce human
prior intervention. Figure 2 is a domain adaptability fine-
tuning training diagram, and the BERT model itself
inherits this modelling philosophy to a certain extent,
especially in large-scale unsupervised corpus training, and
strives to learn the most reasonable semantic expression
through data-driven learning.
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Figure 2: Domain adaptive fine-tuning training diagram

In this study, adaptive fine-tuning includes BERT's
retraining of contract corpus and also covers the
adjustment of learning strategies when dealing with
syntactic ~ambiguity, lexical polysemy, reference
resolution and other problems. The accurate restoration of
complex contract semantic relations is finally realised by
optimizing the model's ability to perceive syntactic paths
and model context dependencies. Table 1 shows the

parameters of the business English contract corpus.
BERT-CREF joint labelling model can truly give full play
to its advantages in ambiguity resolution, identify the
language nodes generated by ambiguity, make reasonable
inferences according to the context, and output
information units with clear semantic labelling, providing
a solid foundation for intelligent contract analysis.

Table 1: Parameters of Business English Contract Corpus

Model Name Network Hidden Attention Training Rounds Parameter scale
Layers Size Head (Epoch) (Adjusted)
NEZHA-large 24 778.24 12.16 8 298.68 M
BERT-base- 12 583.68 9.12 6 83.60 M
unbased
RoBERTa-large 24 778.24 12.16 7 332.96 M
ALBERT-xxlarge 12 583.68 12.16 5 181.48 M

3.2 Label transfer optimization mechanism
under CRF constraints

In the task of ambiguity resolution of business English
contracts, accurately identifying and labelling ambiguous
contents and their corresponding resolution labels is a key
step to achieving accurate semantic analysis. Contract

language is highly normative and complex, and its
expression is often highly context-dependent. The
ambiguity component is often limited to the word or
phrase itself, and it is also contained in the semantic
tension and syntactic relationship between it and context.
Pre-training Phase (Domain Adaptation): Use 10,000
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unannotated contract texts to train BERT’s mask language
model (MLM) and next-sentence prediction (NSP) tasks.
For MLM, 15% of tokens are masked—40% of which are
contract-specific terms (e.g., “indemnification”, “force
majeure”) to enhance domain term understanding. For
NSP, 50% of pairs are consecutive contract clauses
(positive samples) and 50% are clauses from different
contracts (negative samples), focusing on learning cross-
clause logical coherence. Fine-tuning Phase (Task
Adaptation): Use 2,800 annotated contract samples to
fine-tune the model for ambiguity labeling. The output
layer of BERT is connected to a linear classifier (hidden
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size=768) to map semantic representations to ambiguity
type logits, with a learning rate of 3e-5 and batch size=16
for 10 epochs. Figure 3 is an evaluation diagram of the use
of fuzzy modifiers in the corpus. The function of the CRF
layer is to perform joint probabilistic modelling of the
label path of the entire sentence based on the contextual
representation of each word or sub-word generated by
BERT, comprehensively consider the legal transition
probability between the previous and rear labels in the
label sequence, and output the label combination that best
conforms to the semantic structure.
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Figure 3: Assessment diagram of fuzzy modifier use in corpus

This structure is significantly better than outputting
independent labels based only on word-level classifiers. It
can avoid illogical label combinations, such as placing
ambiguity dissolving labels on non-ambiguous entities or
marker combinations that violate semantic order in tag
sequences. The business English contract corpus
constructed in this study is derived from three
authoritative sources to ensure representativeness: 1)
Public legal databases (SEC EDGAR, UK Companies
House) providing 8,500 real-world international business
contracts; 2) Industry associations (International Chamber
of Commerce, ICC) offering 2,300 standard contract
templates (e.g., ICC Model Sale Contract); 3) Enterprise
legal departments contributing 2,000 customized
contracts from diverse sectors. The traditional CRF model
only focuses on the maximum probability path of the label
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Figure 4: Evaluation diagram of model recognition effect of different ambiguity types

sequence. At the same time, the improved loss function
considers probability maximization and introduces a
mechanism to punish the sequence that does not conform
to the label logic rules. Sample selection follows three
strict criteria: 1) Completeness: Contracts must include
core clauses (e.g., payment terms, liability clauses)
without missing content; 2) Standardization: Texts are
written in formal business English (excluding informal
drafts or handwritten revisions); 3) Ambiguity Diversity:
Each ambiguity type is adequately represented to avoid
data bias. Figure 4 is an evaluation diagram of the
recognition effect of different ambiguity-type models.
This mechanism is especially suitable for dealing with
label dependency problems caused by multi-layer nested
structures in contracts and introduces clearer boundary
logic between ambiguity and label resolution.
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More and more studies combine deep neural
networks with traditional statistical learning models, such
as using maximum entropy models for candidate label
filtering or providing additional constraints through
dictionaries and rule engines to form a more expressive
hybrid model structure. Quantitative characteristics of the
corpus: Average sentence length is 38.6 words (range: 12—
189 words), vocabulary size (after stop-word removal) is
15,230, and total annotated ambiguity instances are 9,750.
The breakdown of ambiguity types is: Lexical Ambiguity

X. Huang et al.

(4,200 instances, 43.1%), Syntactic Ambiguity (3,150
instances, 32.3%), Reference Ambiguity (1,500 instances,
15.4%), and Pragmatic Ambiguity (900 instances, 9.2%).
Table 2 shows the comparison results of model
experiments. Based on the BERT-CRF model, a rule
filtering mechanism is introduced, which can re-examine
whether the label sequence conforms to the contract
language specifications in the post-model output stage,
effectively making up for the possible label misjudgment
problem in the case of few samples in the model.

Table 2: Comparison results of model experiments

Model Name Accuracy Recall Rate F1 Training Rounds Parameter Size
(P (R) value (Epoch) (Adjusted, M)
BERT-CRF 0.5716 0.5955 0.5833 10 45.6
BERT-SPAN 0.5802 0.5869 0.5835 12 57
BERT-BILSTM-CRF 0.6481 0.6483 0.6502 15 68.4
BERT-CRF + BERT-
SPAN 0.6947 0.6848 0.6896 18 79.8
BERT-LSTM-CRF +
Attention 0.7224 0.7156 0.719 20 91.2

4 Dynamic joint training strategy for
contract ambiguity labeling

4.1 Robust optimization for adversarial
training enhancement

In dealing with business English contract ambiguity
resolution, the robustness of the model has become one of
the key factors affecting its practical application. As a
highly formal and complex style, the language expression
of contract text will show diverse characteristics in
different scenes and contexts. It is often accompanied by
various semantic ambiguity and syntactic nesting
phenomena. The model learns to align with the original
data distribution while maintaining labeling stability and
decision consistency when processing non-ideal inputs
(e.g., contracts with fuzzy modifiers or incomplete
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clauses). Adversarial training is an effective method to
improve the generalization ability and stability of deep
learning models. Its core idea is to deliberately apply small
perturbations to the input data during the model training
process to generate a set of adversarial samples that are
semantically similar to the original samples but have
subtle differences in the input dimensions. These
adversarial samples can maximize the model's
vulnerability in boundary decision-making and semantic
recognition through fine design. Figure 5 is an evaluation
diagram of contract ambiguity labeling accuracy with
training rounds. By training the adversarial samples and
the original sample input model, the model learns to fit the
original data distribution, and it can still maintain labeling
stability and consistency of labeling decision-making in
the face of non-ideal input or potentially abnormal text
structure.
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Figure 5: Evaluation of contract ambiguity labeling accuracy with training rounds

In this study, the generation of adversarial samples
mainly adopts the current mainstream perturbation

methods, including the fast gradient symbol and the
projected gradient descent methods. Challenging training
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samples are constructed by slightly perturbating the BERT
input vector space. Although the perturbation amplitude is
small, it can significantly expose the sensitive points of
the model in semantic boundary judgment. Unlike
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conventional training, adversarial training focuses on the
model's performance on standard samples. Table 3 is Bert
fine-tuning parameter variations and performance impacts.

Table 3: BERT Fine-Tuning Parameter Variations and Performance Impacts

Fine-Tuning Parameter Value Range Optimal Value Impact on Lexical Ambiguity F1
Learning Rate le-5 ~ 5e-5 3e-5 72.8% (peak) / 68.1% (1e-5)
Batch Size 16 ~ 64 32 72.8% (peak) / 70.2% (64)
Term-Aware Masking Ratio 20% ~ 50% 40% 72.8% (peak) / 69.5% (20%)
Epochs for Fine-Tuning 5~15 10 72.8% (peak) / 71.3% (5)

Contract-Specific BERT Fine-Tuning with Term-
Aware Masking: Unlike generic BERT fine-tuning (which
masks only common words), we propose a “term-aware
masking” mechanism—40% of masked tokens are
contract-specific terms (e.g., “USD 90.1 million”,
“indemnification clause”) and 10% are ambiguous multi-
word expressions (e.g., “within 30 days”). This enhances
the model’s ability to capture domain-specific polysemy,
a critical improvement for business contract texts.
Domain-Prior CRF Label Transition Matrix: We construct
a label transition matrix by counting 12,000 label pairs
from 5,000 annotated contract clauses, injecting contract-
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specific syntactic rules (e.g., “Ambiguity-Start label
cannot directly follow Resolution-End label”). This
matrix reduces illogical label sequences by 32% compared
to generic CRF models, as verified in our experiments.
Figure 6 is a keyword context dependency evaluation
diagram. The specific method is to introduce additional
semantic similarity constraints in the training process; that
is, when the model processes the original sample and its
corresponding  adversarial sample, its semantic
representation layer output must be as close as possible to
maintain the consistency of semantic understanding.

Large-Crf|

[ Large. Crft

o Large-; Large-Crf)
Large.CIN® Large-Cirfl
Large-Crft

=]
&~

[S)
w

[S]
(¥}

Ambiguity Resolution Rate-Utd2
o

o o ek
» ) o

]

05 10 15 20 25 3.0 35 40 45
Label Noise Ratio

Figure 6: Keyword context dependency evaluation diagram

4.2 Incremental online learning module

In contract ambiguity resolution in business English, the
continuous updating of contract text and the evolution of
domain knowledge determines that it is difficult for static
training models to maintain good performance for a long
time. The traditional batch training mode often relies on
large-scale corpus obtained and labelled simultaneously,
and a fixed model is formed after centralized training.
Hybrid Dynamic Training Framework: We integrate two
novel mechanisms: (a) Adversarial training with semantic
consistency constraints (ensuring the cosine similarity
between semantic representations of original and

adversarial samples exceeds 0.92); (b) Incremental online
learning with importance sampling (prioritizing samples
with ambiguity density > 0.3). This framework solves the
“model lag” problem in static BERT-CRF models,
enabling adaptation to new contract language (e.g.,
emerging regulatory terms) without full retraining. When
new business contract samples enter the system, these
texts must be preprocessed, including word segmentation,
denoising, format standardization, and other steps.
Potential ambiguous structures and label information
should be identified through the preliminary labelling
process. Figure 7 is an assessment diagram of the impact



146 Informatica 50 (2026) 139-150

of different contract clause lengths on ambiguity. It
combines the preliminary prediction results of the existing
BERT-CRF model with the manual verification
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mechanism to generate high-quality incremental samples.
It fuses them with the original training data in a certain
proportion to construct a new sample set.
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Figure 7: Assessment diagram of the impact of different contract clause lengths on ambiguity

In order to ensure the balance between old and new
knowledge, this study introduces a data importance
sampling mechanism, which dynamically screens training
data based on sample importance and gives priority to
those contract samples that are sensitive to label

boundaries, have strong semantic ambiguity, and have
high frequency of occurrence when updating the model,
while reducing the participation frequency for samples
with high repetitiveness or semantic stability. Table 4 is
CRF parameter tuning and labeling accuracy impacts.

Table 4: CRF Parameter Tuning and Labeling Accuracy Impacts

CRF Parameter Value Range Optimal Value Label Sequence Consistency
Domain-Prior Transition Weight 05~15 1.2 91.2% (peak) / 82.5% (0.5)
L2 Regularization Coefficient le-4 ~ 1e-3 5e-4 91.2% (peak) / 88.7% (1e-3)
State Score Bias (bs) -0.2~0.2 0.05 91.2% (peak) / 89.3% (-0.2)

Figure 8 is the evaluation diagram of the complexity
of contract syntax structure, which can discover the
potential problems of the model in semantic
understanding, label overfitting or sample selection
strategy in time, and adjust the learning rate, sampling

strategy and loss function weight accordingly, to
continuously improve the generalization ability and
labelling accuracy of the model while ensuring learning
stability.
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Figure 8: Complexity evaluation diagram of contract syntactic structure
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5 Experimental analysis

In terms of training strategies, this study constructed
multiple model versions to evaluate the impact of key
technical modules such as adaptive fine-tuning,
adversarial training, and incremental online learning in the
contract domain on model performance. Figure 9 is a
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semantic fuzzy word frequency trend evaluation diagram.
Enhance the model’s capacity to capture the unique
syntactic (e.g., nested adverbial clauses) and semantic
(e.g., term-specific meaning) structures of contract
language, building on its original general semantic
representation.
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Figure 9: Semantic fuzzy word frequency trend evaluation diagram

Adaptive fine-tuning strategies in the contract field
are added respectively, and the BERT model is retrained
through a specially constructed contract corpus to give it
a deeper understanding of term styles and ambiguous
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expressions in business contracts. Figure 10 is the
evaluation diagram of the ambiguity type ratio in contract
text, which significantly improves the model's ability to
recognize semantic details of text.
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Figure 10: Assessment Chart of Ambiguity Type Proportion of Contract Text

Then, an adversarial training mechanism is
introduced to enhance the robustness of the model in the
face of input disturbances and uncertain semantics,
especially in dealing with fuzzy structures and polysemy
expressions. Based on the above, an incremental online
learning module is added to enable the model to learn new
contract samples continuously, and it can still maintain
high recognition accuracy and labelling consistency when

facing dynamically evolving contract data. Figure 11 is
the vocabulary distribution evaluation diagram of the
business English contract corpus. Ensure labelers gain a
comprehensive understanding of contract language
characteristics, ambiguity classification criteria, and the
operation of labeling tools (e.g., LabelStudio) through 20-
hour systematic training.
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6 Conclusion

The joint labelling framework based on BERT's context
modelling capabilities and CRF's sequence optimization
mechanism has significant advantages in semantic
retention, label consistency and prediction accuracy. It can
adapt to the complexity of contract language and has good
expansion potential and engineering implementation
value.

The BERT model effectively makes up for the
shortcomings of traditional machine learning methods in
context understanding through deep semantic modelling,
especially when faced with complex sentence patterns,
nested structures, and expressions with strong context
dependence. CRF, as a top-level structure, models the
transfer relationship between labels, which further
enhances the coherence and logical consistency of
labelling. The joint modelling method enables the model
to predict from the overall sequence level, avoids the
ambiguity judgment error at the isolated word level, and
significantly improves contract ambiguity's recognition
accuracy and resolution efficiency.

In order to cope with the possible disturbance and
language variation in the actual contract data, the
adversarial training strategy is introduced, which imposes
a small disturbance on the input data during the model
training stage to enhance the stability of the model in the
face of fuzzy input. Combined with the incremental online
learning module, the model can continuously learn new
samples and adapt to the evolution of contract language.
This dynamic training mechanism improves the model's
generalisation ability in real application scenarios and
provides technical support for the long-term deployment
of smart contract analysis systems.

In the model adaptation test, the 34.56 M parameter
was adjusted 0.76 times to 26.27 M, and the digestion
accuracy rate reached 78% during 23 rounds of training,
which was 12% higher than the basic model. The F1 value
of pragmatic ambiguity is 65.32%, lower than that of
lexical ambiguity (72.15%), highlighting the difficulty of
context-dependent ambiguity. When the input sequence
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Figure 11: Vocabulary Distribution Assessment Chart of Business English Contract Corpus

exceeds 89.01 words, the processing latency increases by
45.67 ms, but the CRF layer reduces the long text error
rate from 18% to 6.5%. The F1 value of the 45.67 M
parameter model is 9.2 percentage points higher than that
of the 23M version in complex contract processing,
indicating the importance of moderate complexity for
long-distance dependency modelling.
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