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ABSTRACT In highly specialized and terminology-dense scientific and technical texts, existing word
sense disambiguation (WSD) models struggle to adequately model the contextual semantic dependencies
of polysemous words, especially in engineering domains where the same term may carry different technical
meanings across contexts. To address this issue, this paper proposes a robust WSD model that integrates
a bidirectional long shortterm memory network (BiLSTM ) with an attention mechanism, specifically
designed for Chinese patent texts. First, a two-layer BiLSTM is used for bidirectional context modeling
to capture long-range dependencies. Then, a multi-head attention mechanism uses dynamic weighting to
highlight key semantic components, generating highly discriminative context vectors. Finally, a paraphrase
alignment mechanism employs bilinear matching to align the context vectors with candidate paraphrase
embeddings, thereby reducing semantic confusion. Experiments show that the model achieves a Top-1
accuracy of 88.6 % on high-frequency words, with an average paraphrase alignment similarity of 0.920.
In perturbation tests, the average robustness index is 0.159, representing reductions of 62.7%, 53.9%,
and 39.5% compared to Word2Vec+CNN, BiLSTM, and BERT, respectively. The method presented in
this paper helps to enhance the accuracy and stability of word meaning recognition in technical texts,
providing reliable support for knowledge mining and intelligent text processing in technical domains.
Its terminology alignment is also useful for engineering corpora where antenna, wavepropagation and

materials terms require context-sensitive interpretation.

INDEX TERMS
terminology,wave-propagation terminology

I. INTRODUCTION

ITH the rapid development of science and technol-
W ogy, Chinese patent texts have become an important
carrier of knowledge, recording and disseminating a large
number of technological achievements. This is particu-
larly true for innovation in traditional yet evolving sectors,
where advancements in industry processes, materials, and
machinery are increasingly captured and protected within
these comprehensive patent documents. Such technical texts
contain a large number of professional terms and com-
plex language structures. Many terms are polysemous and
often have different meanings in various contexts [1,2].
This semantic diversity not only increases the difficulty
of automated retrieval, knowledge mining, and intelligent
question-answering but also seriously restricts the accuracy
of information extraction and technical intelligence analysis
[3,4]. Traditional rule-based or dictionary-based methods
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require extensive manual maintenance and cannot adapt to
the dynamic evolution of terminology. Additionally, the con-
textual semantic dependency modeling of polysemous words
is insufficient, particularly in terms of lacking an accurate
focus on key semantic components. These models fail to
accurately focus on key semantic components, resulting in
insufficient ability to distinguish between technical terms
(i.e., low-frequency terms) and their fine-grained semantics
that appear less frequently in the corpus. These terms are
precisely the core of industry-specific communication and
knowledge expression.

Existing research primarily focuses on addressing the
issues of terminology polysemy, semantic imprecision,
and insufficient context-dependent information extraction
in technical texts [5-7]. Kumar Ram utilized an enhanced
Needleman-Wunsch algorithm to address the uncertainty,
imprecision, and semantic ambiguity of index terms from
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both local and global perspectives in the information re-
trieval process. The top-k word selection technique was used
to determine and return the k most similar words from the
candidate set, and the effectiveness of the proposed work
was evaluated by comparing it with other state-of-the-art
technologies [8].

In recent years, the development of neural networks,
attention mechanisms, and deep models has made significant
contributions to the advancement of WSD and text matching
technologies [9-11]. To overcome the limitations of tradi-
tional methods in capturing long-range dependencies and
key semantic components, research has gradually shifted
toward context-aware models based on deep learning. It also
particularly focuses on integrating BiLSTM and attention
mechanisms to optimize WSD and text matching accuracy
in technical texts. Hosseini Manda proposed an attention-
based Bi-LSTM model to improve clinical abbreviation
disambiguation in clinical literature. Results showed that the
proposed attention-based Bi-LSTM model achieved an ac-
curacy of 96.09% on the dataset, outperforming state-of-the-
art results [12]. This paper investigates the optimization of
technical term meaning recognition for Chinese patent texts
within a framework combining BiLSTM and an attention
mechanism. Given the highly specialized nature of innova-
tion across various fields, the methodology is designed to
be particularly effective in domains like the industry, where
precise semantic understanding of materials, processes, and
equipment described in patent language is crucial. BILSTM
simultaneously models forward and backward contextual
information, capturing bidirectional dependencies between
terms within the context. The attention mechanism, com-
bined with weight distribution, highlights key information
related to the target term. A paraphrase alignment mech-
anism is also constructed to provide semantic support for
sense discrimination. Bilinear matching is used to achieve
deep alignment in the semantic space, enhancing fine-
grained sense discrimination capabilities. Combining BiL-
STM with attention for paraphrase alignment optimization is
crucial for improving the automated processing of technical
texts, enhancing technical intelligence mining, and enhanc-
ing intellectual property management.

This paper investigates a method for optimizing the ac-
curacy of WSD in technical texts using BILSTM combined
with an attention mechanism. The innovations of this paper
are: 1) joint character-word level modeling in the embedding
layer, enhancing the sub-word structure awareness through
character convolution, enabling low-frequency and out-of-
vocabulary terms to obtain reasonable initial representations;
2) cooperative optimization of context encoding and atten-
tion mechanisms, employing a two-layer BiLSTM to capture
long-range dependencies, followed by location-aware multi-
head attention weighted aggregation, dynamically focusing
on the contextual components most relevant to the semantic
discrimination of the target polysemous word, rather than
uniformly focusing on all neighboring words; 3) construct-
ing an independent paraphrase encoder, and through cross-
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attention and gated bilinear matching, achieving fine-grained
alignment of the context vector and candidate paraphrase
embeddings in the discriminative semantic space, effectively
alleviating semantic confusion caused by the abstract nature
of patent language.

Il. TECHNICAL TEXT WORD SENSE DISAMBIGUATION
OPTIMIZATION MODEL BASED ON BILSTM AND
ATTENTION MECHANISM

A. JOINT EMBEDDING REPRESENTATION
GENERATION OF TECHNICAL TERMS

Given the large number of long-tail terms, cross-domain ne-
ologisms, and professional abbreviations in Chinese patent
texts, traditional word embedding training methods alone
are difficult to achieve a stable and adequate representation.
This paper generates term embedding representations based
on joint word- and character-level modeling. Based on large-
scale unsupervised pre-training, this approach enhances
representation capabilities through character convolution. It
constructs a patent-specific technical terminology vocabu-
lary to address the issues of semantic sparsity and poor
neologism recognition. Before generating term embeddings,
the Chinese patent text is preprocessed by sentence segmen-
tation, word segmentation, normalization, and vocabulary
construction. A word segmentation tool based on maximum
matching and conditional random fields is used to segment
the text to conform to technical language conventions.
During the word segmentation stage, polysemous terms and
compound nouns are processed. For symbols and abbrevia-
tions, let the abbreviation set be A = {a1,as,- - ,a,} and
the normalization function be F'(-). The normalized term
representation is:

ti = F(ai),

t; is the standardized term corresponding to the abbre-
viation. Term candidate extraction uses Pointwise Mutual
Information (PMI) and left and right entropy to measure
the term boundary. For word w, its mutual information is
defined as [13]:

i:1a27"'an (1)

P (wi, wj)
PMI(w;, w;) = log Pwy) Plw;)

P(w;,w;) represents the co-occurrence probability of
words w; and w;. Where w; and w; are adjacent char-
acters. For a candidate term w = c¢i,co9,--- ,¢y cCOM-
posed of a character sequence, its average PMI(w) is
used to measure the overall correlation strength within the
term, pointwise mutual information defined as PMI(w) =
ﬁZ?:ll PMI(c;,cit1). When the PMI value is high,
it means that the two words have a strong collocation
relationship and are suitable as candidate terms. The left and
right entropies are used to measure the degree of freedom

of the term boundary and are defined as:

@)

Hin(w) == Y P(z|w)log P(z|w) ()
z€L(w)
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Hygni(w) = — Y P(ylw)log P(ylw) (4
yER(w)

L(w) represents the left-neighboring context set of a term,
and R(w) represents the right-neighboring context set. If a
term has large entropy values on both sides, it indicates
that its boundary is stable. The vocabulary is constructed
by filtering the candidate term set T' by setting the average
PMI threshold 6, and the left and right entropy thresholds
Orere and Oyig1, and finally obtaining a professional technical
term vocabulary:

T = {w| PMI(w) > 0, A Hiete(w) > Oref
A Hright (w) Z eright}

Among them, Oy and 6,ig,; are used to control the
stability of the left and right boundaries of the term, respec-
tively. To obtain domain-specific semantic representations
of words, this paper uses the Skip-gram with Negative
Sampling (SGNS) model to train on large-scale unlabeled
patent text. For a given word wy, the goal is to maximize its
probability of appearing in the context window [w;_., W]
[14,15]:

®)

T
Lsans =—D_ D

t=1 —c<j<c
770

[loga (vztthﬂ.)

S
+ Z Eyy,~ P, (w) logo (—UL ka>:|

k=1 ©

o is the Sigmoid function; v,,, is the target word vector;
P, (w) is the negative sampling distribution; ¢ is the number
of negative samples. During training, semantic separability
of word vectors is ensured by bringing terms with similar
contexts closer together in the vector space. To further im-
prove the representation of low-frequency terms in the patent
field, this paper employs subword decomposition technology
to break words into character n-grams and simultaneously
optimize the representation of words and subwords during
word vector learning. This allows for reasonable initial em-
beddings to be obtained even if certain terms rarely appear
in the training corpus by sharing subword information.

Given the large number of new words, abbreviations, and
compound technical terms in patent texts, relying solely
on word embedding training is insufficient to capture their
internal structural information. To this end, this paper intro-
duces a character convolutional neural network at the input
layer to extract morphological and substructure features
from the character-level sequence of terms. It is assumed
that a term consists of a character sequence [c1,Ca, - , Cm],
where each character is mapped to a low-dimensional em-
bedding vector e(c;) € R? Local features are obtained
through a one-dimensional convolution operation [16,17]:

hj=f (W -e(cjjtr—1) +b) )
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f(-) is a nonlinear activation function. Then, the most sig-
nificant features are selected through the maximum pooling
operation:

pehar — mjax h; ®)

The resulting character-level representation h°"?" is used
to capture morphological patterns within the term and to
complement long-tail new words and abbreviations.

To fully leverage word embeddings and character fea-
tures, this paper employs a vector-level fusion strategy to
combine the two to form the final embedding representation
of the term:

hterm — [vw; hchar] (9)

vy 18 the word vector representation, and hehar s the
character convolution feature. Based on the joint represen-
tation, it retains the global semantic information of the
word and integrates the character-level local information to
solve the representation defects of low-frequency terms and
unregistered words.

B. BILSTM CONTEXT ENCODING

Based on the joint embedding representation of technical
terms, this paper constructs a BiLSTM to perform deep
contextual encoding of text sequences. As shown in Figure
1, two independent LSTM (Long Short-Term Memory) sub-
networks, one forward and one backward, work together
to capture contextual semantic information before and af-
ter the target word, respectively. Ultimately, this network
is concatenated to generate a fully context-aware latent
state representation, thereby comprehensively modeling the
complex semantic structure of technical text. BiLSTM is
an extension of the traditional LSTM. It consists of two
independent LSTM networks: a forward LSTM to capture
contextual information about words in the sequence, and
a backward LSTM to capture contextual information about
words in the sequence.

This paper adopts a two-layer BiLSTM structure, primar-
ily based on the following considerations: technical patent
texts often contain long complex sentences and semantic
dependencies across clauses, making it difficult for a single-
layer BiLSTM to adequately model such deep contextual
relationships; in sequence labeling and semantic matching
tasks, two-layer recurrent networks can typically achieve
a good balance between expressive power and the risk
of overfitting. In preliminary experiments, the single-layer
model shows significantly weaker ability to capture key
semantic components compared to the two-layer structure
when processing sentences containing multi-level process
descriptions. Although a three-layer BiLSTM might further
improve performance, its marginal benefits are limited, and
it significantly increases the computational burden, failing to
meet the practicality requirements of this study. Therefore,
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FIGURE 1. BiLSTM context encoding architecture
considering both performance and efficiency, a two-layer
BiLSTM is selected as the basic encoding architecture. G =[fiOc_ 1+ O¢ (17)

Let the input sequence be X = [x1, 22, - ,x7], wWhere
x; = ht*’™ ¢ R? is the joint embedding representation
of the t-th term. The hidden state of the forward LSTM is
represented as:

hy = LSTM (1, hy 1) (10)

The hidden state of the backward LSTM is represented
as:

b = LSTM (1, hiy) (1)

The final bidirectional hidden state is concatenated to
form the context representation:

BY = [hy; he) (12)

[; ] represents a vector concatenation operation. By simul-
taneously retaining the preceding and following context of
a term, long-distance dependencies are modeled, improving
the understanding of the semantics of complex technical
texts. LSTM units control information flow through a gating
mechanism, alleviating the vanishing gradient problem and
preserving long-term dependency information [18,19]. For
each time step, the calculation formula is:

it = o(Wixy + Uihy—1 + b;) (13)
fi=0(Wsxy + Uphy_1 + by) (14)
ot = o(Woxy + Ushi—1 + b,) (15)
& = tanh(Wezy + Uchy—1 + be) (16)
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(©® represents an element-by-element multiplication oper-
ation, while W, U, and b represent the network parameter
matrix and bias term. The forward and backward LSTMs
independently compute hidden states, which are then con-
catenated to form a bidirectional representation [20,21].
Concatenating the forward and backward states makes the
representation of each term more sensitive to the entire sen-
tence. Through BiLSTM context encoding, the forward and
backward loops capture long-range semantic information
by combining the context vectors of the terms’ semantic
information before and after the sentence and paragraph.
Low-frequency terms and long-tail terms are dynamically
distinguished based on the context.

C. MULTI-HEAD ATTENTION WEIGHTED AGGREGATION
This paper employs a multi-head attention mechanism ap-
plied to the entire context sequence encoded by BiLSTM,
aiming to enhance the model’s global awareness of context.
To achieve semantic focus on target polysemous words, after
obtaining the enhanced representation of the entire sequence
through standard self-attention computation, the contextual
information aggregated by the target word’s position vector
is extracted and specifically analyzed. The model performs
a multi-head self-attention transformation on the contextual
hidden state sequence, ensuring that the representation at
each position incorporates information from other positions
in the sequence. For the target polysemous word position,
the corresponding output vector is essentially a weighted
aggregation value of its query vector interacting with all
keys in the sequence, containing the most relevant contex-
tual semantic components to the target word, thus achieving
focus on contextual information.

To enhance the model’s ability to perceive different
semantic subspaces, the above process is executed in parallel
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eight times (i.e., eight attention heads), each learning a -

different semantic attention pattern. The outputs of all heads A; = softmax (QiK i ) (25)
are concatenated and fused into the final context focus vector Vg

through a linear transformation and layer normalization op-
eration. This vector retains the contextual evidence most rel-
evant to the target word, serving as input to the subsequent
paraphrasing alignment module. Unlike traditional whole-
sequence self-attention, it is a local cross-attention form
specifically tailored for word sense disambiguation tasks:
it always takes the target word as a guide and selectively
extracts discriminative information from the context, thereby
improving semantic focusing accuracy while maintaining
computational efficiency.

Based on the BiLSTM context encoding, the context
hidden state sequence is obtained:

H = [hb RS- hh] e RT*4 (18)

To further focus on the semantic information most rele-
vant to the target polysemous word, this paper introduces a
multi-head attention mechanism for weighted aggregation.
Based on linear transformations, it generates the query
matrix Q, key matrix K, and value matrix V. The attention
distribution is calculated and weighted summed to obtain the
head representation. Finally, the outputs of each head are
concatenated and mapped back to the original dimension.
By using different attention heads to capture information in
different semantic subspaces in parallel, it achieves refined
semantic discrimination of the polysemous word context,
thereby optimizing the accuracy of WSD in technical texts,
as shown in Figure 2:

Independent linear mapping is performed on the i-th
attention head [22,23]:

Qi = HWE + b2 (19)
K; = HWEK 4 bK (20)
Vi=HW) +b/ (21)

WiQ, WX, and W) are learnable weight matrices; biQ,
bE, and b} are bias vectors. Q;, K;, V; € RT*4 and

dy = d/H. The query, key, and value vectors for each time
step are:

g = hwE 4% (22)
ki = WMWK 4K (23)
vi = bYW +b) (24)

The scaled dot product attention is used to calculate the
weight matrix. The attention weight matrix A; € RT*7T
[24,25] of each head is:
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Specifically for each position ¢, the s weight is:

el )TV o6
ts T T i i
Ej:l exp (Qt ’ (kj)T/V dh)
ai’s represents the attention weight of the t-th position to
the s-th position in the sequence, and softmax ensures that
Zstl a;s = 1. The single-head output is generated by the
weighted sum of the attention weights [26,27]:

T
5= aj vl 27)
s=1

The vector z} of each time step aggregates the atten-
tion information of the position in the entire sequence,
highlighting the semantic components related to the target
polysemous word. The output of the 8 heads is concatenated:

Zeoncat = [Z1; Zos -+ ; Zg) € RT*4 (28)

Finally, by linearly mapping back to the original dimen-
sion, the context focus representation z; € R< is obtained:

2t = Zeoncat tWY +b° (29)

WO € R4 is the output mapping matrix, and b© € R?
is the bias. The final output of the entire sequence is:

Z = lz1529; - 527) € RTxd (30)

Assuming that the position of the target polysemous word
in the sequence is t*, then its focus is expressed as:

H T
s =YY ape (BEWY 40 ) WO +0 (3D
i=1 s=1

The final focus representation of the target polysemous
word position is given by formula (31), which realizes
dynamic focus on key contextual semantic components by
aggregating the information of the target word and the
whole sequence in each attention head after interaction.
The inner layer weighted summation aia V% reinforces
contextual information related to polysemous words. The
outer layer concatenation and linear mapping integrate the
subspace information from different heads. The resulting z;
is directly used for word sense matching or disambiguation
tasks.

The cross-entropy loss function L is used in training to
supervise the correct sense selection for polysemous words.
Given that each training instance (sentence) contains only
one target polysemous word to be disambiguated, let the
position index of the target word in the sentence be ¢*. For
a batch of training data, the loss function is defined as:
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Y S

weW c=1

Yo = )log Plsclz,)  (32)

Where W represents the set of all target polysemous
words in the training data, and for each word w, ¢},
represents its position index in the current sentence, and 2
is its corresponding context focus vector. C, is the number
of candidate senses corresponding to the polysemous word
w in the predefined sense library. P(s.|z:: ) represents the
probability that the model predicts the word as the c-th
sense s. given the context vector z , and this probability
is calculated through a word-specific softmax classification
layer:

. b))
L+

exp((v”) Tz

S5 exp((v)” >>
(w)

ve  and béw) are the classification weight vector and bias
term associated with the c-th sense of word w, respectively.

P(sc|z t;) =

D. INTERPRETATION ALIGNMENT MECHANISM

Based on multi-head attention weighted aggregation, a para-
phrase alignment mechanism is constructed to deeply align
the context representation with the paraphrase semantics of
the candidate meaning. By fusing the global and local infor-
mation of the two, it explicitly determines which meaning a
term best matches in a specific context, as shown in Figure
3:

In terms of the overall architecture, a separate encoder is
first established for each candidate paraphrase. A BiLSTM
is used to model the sequential dependencies within the
paraphrase. An attention mechanism is then employed to
extract a global summary and a local focused representa-
tion, resulting in a semantic vector for the candidate. The
model then incorporates cross-attention, using the contex-
tual focused vector as a query and matching paraphrase
encodings word by word, highlighting the most relevant
paraphrase components. Then, through vector fusion and
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bilinear matching, the model maps the contextual and
paraphrase semantics into a discriminant space, generating
an aligned comprehensive representation. Finally, a prob-
abilistic discriminant is performed to select the paraphrase
most consistent with the context. Semantic discrimination in
technical texts often relies on fine-grained correspondences
on specific semantic dimensions, rather than the consistency
of the overall vector direction. Cosine similarity or dot
product essentially assumes that all semantic dimensions
are equally important and that the interaction is symmetric
and linear, making it difficult to model this dimensionality
selectivity and asymmetric dependency. In contrast, bilinear
matching, by introducing a learnable weight matrix, allows
the model to adaptively measure the interaction strength be-
tween context vectors and paraphrasing vectors in different
semantic subspaces. It retains sufficient expressive power
to distinguish between semantically similar but technically
different paraphrases, while avoiding the training instability
problems caused by overly complex neural network struc-
tures.

The candidate definitions in this model are derived from
structured domain knowledge sources, and the Chinese
patent definitions are extracted semi-automatically and ver-
ified by experts. First, potential descriptive fragments of
terms were automatically extracted from the specification,
claims, and background art sections of the patent text used
in the experiment, using pattern matching and keyword
triggering rules. Then, three experts with backgrounds in
patent examination independently reviewed the automati-
cally extracted candidate definitions:

1) determining whether the extracted fragments consti-
tuted a valid definition of the term in the patent context;

2) correcting unclear, ambiguous, or overly lengthy de-
scriptions;

3) supplementing standard or commonly used definitions
for terms not covered by automatic extraction.

After independent annotation, all items with disagree-
ments were discussed collectively until a consensus was
reached. The final definition library was constructed based
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FIGURE 3. Paraphrase alignment architecture

on definitions agreed upon by at least two experts, ensuring
the credibility of the annotation results. Statistical analysis
showed that the Fleiss-Kappa coefficient for the initial
definition validity judgment among experts (step 1) was
0.78, indicating a high degree of consistency. Candidate
paraphrases are provided in natural language formats such
as dictionary definitions, Wikipedia descriptions, and stan-
dard terminology entries. They are mapped to a shared
semantic space using a BILSTM encoder and then bilinearly
matched with the context vector. For the candidate, its
paraphrase text is represented as a sequence of tokens

Yi = Yk, - Yk L], with each token jointly embedded
and mapped:
E(Y) = [e(yra), -+ s e(yr.r,)] € R (33)

Y} represents the paraphrase text sequence of the k-th
candidate meaning, of length L;. Each word is mapped to
a vector e(yy ¢ ), which is derived from a joint embedding—
a concatenation of the word-level vector and the character
convolution vector—ensuring that the paraphrase text and
context are in the same vector space. e(y ¢) is isomorphic
t0 Aword, char, €nsuring that the paraphrase and context are
in the same vector space. The paraphrase sequence is then
encoded using a BiLSTM, as shown in Table 1:

The BiLSTM gating and state updates here align with the
BiLSTM context encoding steps, encoding the sequential
information within the interpretation at the same scale. The
interpretation sequence is encoded using a BiLSTM with
the same structure as the context: the forward pass captures
the left-to-right semantic flow of the interpretation, and the
backward pass captures the right-to-left information. Each
position generates a bidirectional hidden state hZ’t with
dimension d, consistent with the context. When contextual
information is limited, weighted pooling is performed on
H®) to obtain a global semantic prior for the interpretation:

ag,e = wy tanh(Wrhy',) (34)

exp(ag,¢)

e (39)
SrE L exp(a.e)

Qg t =
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Ly
U = Zak,thzi,t e R¢ (36)
=1

The context is considered to have "limited contextual
information" when any of the following conditions are met:

1) the number of valid lexical units in the context window
is less than 5;

2) the Shannon entropy of the context is less than 0.8
(calculated in units of characters), indicating insufficient
semantic diversity.

In attention pooling, a learnable projection W; and ac-
tivation tanh are used to map each position to a scalar
score, which is then compressed into a weighted score using
w} . Softmax normalization is then performed to obtain the
weight a; at each position in the paraphrase sequence.
These weights are then weighted and summed across the
position vector to produce a global paraphrase vector wg.
uy, captures the core words in the paraphrase text and
serves as a global semantic summary of the paraphrase. To
discover which tokens in the paraphrase specifically support
a particular meaning in the current context, cross-attention
is employed, using z;+ as the query and the paraphrase hg’;t
as the key/value [28,29]:

exp(=] Wahlt, V)

Br,t = , (37)
Ze 1‘3XP(Zt* ah?z/\/&)
Ly,
vk = Brihpl, € R? (38)

t=1

The paraphrase vector is first projected into the match-
ing space through a linear transformation W,, and then
the standard scaled dot product is calculated and softmax
normalized to obtain the matching weight () ; of each
paraphrase position relative to the context. vy is the "local
aggregation vector of the paraphrase facing the current
context", which emphasizes the words or fragments in the
paraphrase that are most relevant to the current context. The
global summary u; and the context-aware local aggregation
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TABLE 1. Interpretation sequence encoding

Step Variables Encoding
— —
Forward LSTM gt LSTMj (e(yk.t), hk,t-1)
—
Backward LSTM %k,t LSTMy(e(Yk,t)s A k,t4+1)
—
Context definition indicates hth [hr; hit) € R4
Context definition: hidden state sequence H® [hzfl, s, hZka] € REkx4

vy, are concatenated and fused into a unified paraphrase rep-
resentation g through linear transformation and nonlinear
activation [30]:

gr = tanh(W, [uy; vg] + b,) € R (39)

The concatenation operation [uy;vi] € R?*? and W, €
R%*2¢ project it back to the d dimension. After fusion, g,
retains both the "global indication" of the interpretation and
the "local response to the current context." To obtain a more
discriminative context-interpretation consistency measure,
bilinear matching is used and adaptive fusion is performed
through gating. The bilinear consistency score is:

Sl(cbil) = Z; Wegr + by, Wy € Rdxd (40)
Gated fusion is expressed as:
rie = tanh(We [z ; ge] + br) 41)
Ak = o (Wilzl; 98] + b) (42)
= MO+ (1 =M)Oz. eRY (43)

With W, € R%*24  the vector gate ) allows the
model to adaptively balance "interpretation-driven features"
with "context-based features" in each dimension. When the
context is clear and consistent with the interpretation, Ay
tends to retain z;-. When the context is ambiguous or the
interpretation provides strong evidence, A; amplifies the
effect of 7, thereby improving discriminative power in
long-tail or scarce context scenarios. The bilinear score is
combined with the linear criterion of the fusion vector to
form the final score. Then, for the candidate sense set of
the current target polysemous word, the softmax function is
used to normalize it into the posterior probability of each
candidate sense:

e = S](cbil) + w;,rék + b, (44)
_ exp(sg)
P(silze, Vi) = o DUk) (45)
Zj:l exp(s;)

p(Sk|ze, Yy) represents the probability that the model
predicts the target word as the k-th sense sj, given the
contextual focus vector z;~ and candidate senses Y. This
softmax normalization is word-specific, meaning that for
different target words w, the summation term in the de-
nominator only involves the scores of its own C;, candidate
senses.
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lll. WORD SENSE DISAMBIGUATION ACCURACY
EVALUATION

A. EXPERIMENTAL DATA

The data used in this paper is mainly derived from Chinese
patent texts published on the China Intellectual Property
Network, covering patent specifications and claims from
2015 to 2020. To ensure the representativeness and relia-
bility of the experimental results, this paper selects patent
specifications in four typical fields of mechanical manufac-
turing, materials science, information and communication,
and new energy as the original corpus, extracts candidate
technical terms based on the title, abstract, and text of the
patent text, and obtains a preliminary set of term candidates
by combining the term joint embedding generation process.
By combining manual annotation with patent interpretation
resources, a corresponding set of interpretations is estab-
lished for polysemous terms, and the usage instances and
interpretations of each term in different contexts are aligned
to form the data pairs required for supervised training and
verification. The final dataset information is shown in Table
2:

Terms exhibiting significantly different technical mean-
ings in different contexts within the patent corpus are
selected from candidate terms and classified as polyse-
mous. The candidate meaning set for each polysemous term
originates from its explicit internal definition. Sentences
in which the term is explicitly defined are extracted from
the patent specification. For each occurrence instance of
each polysemous term, the annotator determines its specific
meaning based on the overall semantics of the sentence it
appears in and matches it against the constructed candidate
meaning set. The candidate meaning with the highest se-
mantic fit to the current context is selected; if all candidate
meanings do not match, they are marked as "ambiguous" or
"unknown." This process is independently completed by two
annotators with relevant technical backgrounds. Initially, a
trial annotation is performed using a common subset of
100 sentences, followed by independent annotation of all
data. The Cohen’s Kappa coefficient for polysemous term
meaning judgment between the two annotators is 0.76,
indicating good consistency between them. The dataset con-
tains 1,810 patent documents, from which 5,613 candidate
technical terms are extracted and labeled, forming the basic
vocabulary for model training and evaluation. Based on this,
896 terms with explicit polysemy are identified, with an
average of 2.7 candidate definitions associated with each
polysemous term.

Each candidate definition is presented in the form of a

VOL. 15, NO. 3, AUGUST 2026



L. Gao et al.

JOURNAL
¢ ORG

AE

TABLE 2. Dataset information

Technical field Number of patents

Candidate number of terms (items)

Number of polysemous terms  Average number of definitions

Mechanical manufacturing 322 1483
Materials science 481 1242
Information communication 516 1521
New energy 491 1367
Total 1810 5613

231 2.7
198 2.5
254 29
213 2.6
896 -

natural language sentence, derived from the explicit def-
inition in the patent specification, and is used for model
training after standardization. To enhance the reproducibility
and comparability of the experimental results, a public
modern Chinese word sense disambiguation dataset is used
as a supplement. This dataset contains 1,083 polysemous
words and an average of 20 context instances per word
to test the performance of the model on a general corpus.
To evaluate the model’s generalization ability and avoid
inflated evaluation results due to information leakage, a
strategy based on patent documents was adopted. The patent
documents were randomly shuffled and divided into training,
validation, and test sets in a 7:1.5:1.5 ratio.

B. EXPERIMENTAL SETUP
The model parameter settings for this paper are shown in
Table 3:

The evaluation is conducted from the perspectives of
long-tail term and fine-grained distinction, interpretation
alignment, and cross-domain generalization. In terms of the
selection of comparison methods, this paper mainly con-
siders comparison with the current mainstream and repre-
sentative word sense disambiguation and semantic matching
methods:

(1) Word2Vec+CNN: Convolutional neural network is
used to capture local context features, and the input is
Word2Vec word vector;

(2) BiLSTM (no attention): Only bidirectional LSTM is
used for context modeling to examine the contribution of
the attention mechanism;

(3) BERT: Using the BERT-wwm-ext Chinese pre-trained
model as a baseline, a complete sentence containing the tar-
get polysemous word is input into the model. The contextual
representation of the target word is obtained by extracting
the hidden state of the last Transformer layer at the position
corresponding to the target word token. A fully connected
classification layer is stacked on top of this representation,
and the entire model is fine-tuned end-to-end on the patent
training set for the downstream disambiguation task.

C. EXPERIMENTAL RESULTS

1) Long-Tail Terms and Fine-Grained Differentiation

To verify the model’s effectiveness in processing long-tail
sparse samples and fine-grained sense distinction tasks, this
paper uses Top-K accuracy (k ranging from 1, 3, or 5)
as an indicator and conducts comparisons based on the
term frequency range and the number of senses. Based on
the frequency of occurrence of terms in patent texts, they
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are divided into three categories: high frequency, medium
frequency, and low frequency. High-frequency words are
those appearing in the top 33% of the total frequency, mid-
frequency words are those appearing in the middle 33%
of the total frequency, and low-frequency words are those
appearing in the bottom 34% of the total frequency. Based
on polysemous terms, the number of senses is divided into
two senses, three senses, and multiple senses (>4). The
results are shown in Figures 4 and 5:

As shown in Figure 4, the accuracy of high-frequency
terms is generally higher than that of low-frequency terms.
This is because high-frequency terms appear more fre-
quently in the corpus, allowing for richer contextual fea-
tures to be learned during training. Low-frequency terms,
on the other hand, have sparse context and are prone
to poor representation. The BiLSTM+Attention model
achieves higher Top-1, Top-3, and Top-5 accuracy for high-
frequency, medium-frequency, and low-frequency terms. In
Figure 4A, the proposed model achieves 88.6% Top-1
accuracy for high-frequency terms, compared to 78.5%,
82.7%, and 86.2% for the Word2Vec+CNN, BiLSTM,
and BERT models, respectively. In Figure 4B, the pro-
posed model achieves 82.3% Top-1 accuracy for medium-
frequency terms, compared to 70.2%, 74.8%, and 79.6%
for the Word2Vec+CNN, BiLSTM, and BERT models,
respectively. In Figure 4C, the proposed model achieves
72.5% Top-1 accuracy for low-frequency terms, compared
to 58.4%, 62.9%, and 68.7% for the other three comparison
models, respectively. Overall, the proposed model achieves
superior Top-K accuracy across different frequency ranges
compared to the Word2Vec+CNN, BiLSTM, and BERT
models. BILSTM+Attention enhances the representation of
long-tail words through character convolutional features
and dynamically aggregates contextual information through
the attention mechanism, effectively alleviating the sparse
representation of low-frequency terms.

Figure 5 shows a comparison of the Top-K accuracy of
different models across a range of polysemous terms. In
Figure 5A, the proposed model achieves a Top-1 accuracy
of 89.4% for bi-sense terms, while the comparison models
achieve 80.6%, 83.9%, and 87.5%, respectively. In Figure
5B, the proposed model achieves a Top-1 accuracy of 83.2%
for tri-sense terms, while the comparison models achieve
72.3%, 76.1%, and 80.7%, respectively. In Figure 5C, the
proposed model achieves a Top-1 accuracy of 74.1% for pol-
ysense terms, while the comparison models achieve 60.1%,
64.2%, and 70.3%, respectively. BILSTM models contextual
dependencies, resolving the difficulty of traditional con-
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TABLE 3. Model parameter settings

Module Parameter Specifications
BiLSTM Hidden state dimension 256
Word vector dimension 300
BiLSTM layers 2
Attention mechanism Number of attention heads 8
Attention dimension
Dropout ratio 0.3
Batch size
Learning rate le-3
Maximum sequence length 128
Interpretation alignment mechanism Definition alignment represents dimensions 256

95

90
Word2VectCNN Word2Vec+HUNN
85
BILSTM e, BILSTM
7]
g &0
BERT 25
75
BIiLSTM+Attention " BILSTM +Attention
Top-1 Top-3 Top-5 Top-1 Top-3 Top-5
Top-K Accuracy (%) Top-K Accuracy (%)

Word2Vee+CNN 80

75

BILSTM

Models

BERT

(8]

BiLSTM+Auention
&0

Top-1 Top-3 Top-5
Top-K Accuracy (%)

FIGURE 4. Comparison of term frequency intervals: (A) shows the results for high-frequency terms; (B) shows the results for
medium-frequency terms; (C) shows the results for low-frequency terms.
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FIGURE 5. Comparison of the number of meanings: (A) shows the results for two-meaning terms; (B) shows the results for
three-meaning terms; (C) shows the results for multiple-meaning terms

volutional networks in capturing longrange context. The of low-frequency or polysemous terms. Word2Vec+CNN
attention mechanism further weights contextual information, performs poorly when handling polysemous words because
focusing on key semantics and improving the discrimination convolution operations primarily capture local features and
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lack global semantic information. While BiLSTM alone can
model context, it lacks the weighted attention mechanism,
making it difficult to highlight core semantic features.
BERT’s performance is limited when dealing with patent
and technical texts, as the distribution of the pre-trained
corpus differs from that of professional domain terminology,
resulting in insufficient representation of long-tail terms
and abbreviations. This model, which combines BiLSTM
context encoding with multi-head attention-weighted aggre-
gation, effectively captures contextual semantic informa-
tion, highlighting the semantic components most relevant
to the target polysemous word and thereby improving the
accuracy of fine-grained sense differentiation. In the long-
tail keyword and fine-grained discrimination experiments,
this paper further calculated the macro-average precision,
recall, and F1 score at the term level. Precision, recall, and
F1 score were calculated individually for each polysemous
word appearing in the dataset. A simple arithmetic mean
of these metrics for all terms was then performed to obtain
the final macro-average precision, recall, and F1 score, as
shown in Table 4.

TABLE 4. Comparison of classification performance

Model Macro-precision (%) Macro-recall (%) Macro-F1 (%)
Word2Vec+CNN 72.8 70.5 71.6
BiLSTM 78.5 76.9 713
BERT 81.3 79.8 80.2
BiLSTM+Attention 86.7 84.9 85.8

Table 4 shows that BILSTM+Attention outperforms other
compared models in terms of macro-average precision,
recall, and F1 score. Macro-precision reaches 86.7%, ex-
ceeding the Word2Vec+CNN, BiLSTM, and BERT mod-
els by 13.9%, 8.2%, and 5.4%, respectively. Macro-recall
reaches 84.9%, exceeding the Word2Vec+CNN, BiLSTM,
and BERT models by 14.4%, 8.0%, and 5.1%, respectively.
Macro-F1 reaches 85.8%, exceeding the Word2Vec+CNN,
BiLSTM, and BERT models by 14.2%, 8.5%, and 5.6%,
respectively. The specific results demonstrate that the pro-
posed model offers superior classification performance.
Based on context encoding and attention weighting, the
proposed model can more accurately extract key evidence
determining term meaning from complex and lengthy patent
texts, demonstrating a superior classification advantage in
term discrimination.

2) Interpretation Alignment

To reveal the model’s ability to align paraphrase definitions
with varying text features and context richness, it divides the
patent data by technology field and measures the model’s
paraphrase alignment similarity within each field for term
context lengths of 1-10, 11-20, 21-40, and 41 words or
longer. Paraphrase alignment similarity is calculated as the
average cosine similarity between the context vector and the
paraphrase vector. The final comparison results are shown
in Figure 6.
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As shown in Figure 6, the performance of each model
improves as the context length increases. However, com-
pared with other models, the BILSTM+Attention model in
this paper has more ideal results in interpretation align-
ment similarity, with the highest average similarity reaching
0.920. In Figure 6A, when the text length reaches 41 words
or more, the average similarity of the proposed model is
0.840, while the average similarities of other models are
all below 0.8. In Figure 6B, when the text length reaches
41 words or more, the average similarity of the proposed
model is 0.869; the average similarities of other models
are 0.630, 0.751, and 0.797, respectively. In Figure 6C,
when the text length reaches 41 words or more, the average
similarity of the proposed model is 0.920; the average
similarities of other models are 0.733, 0.836, and 0.887,
respectively. In Figure 6D, when the text length reaches 41
words or more, the average similarity of the proposed model
is 0.880; the average similarities of other models are 0.637,
0.794, and 0.820, respectively. Overall, the proposed model
demonstrates the strongest paraphrase alignment capabilities
across a range of varying context lengths. During training,
it generates not only contextual representations of terms
but also embedded representations of candidate paraphrases.
The context vectors output by Attention align more closely
with the paraphrase vectors in the semantic space, thereby
reducing confusion between different meanings and improv-
ing the similarity of paraphrase alignment.

To further quantify the model’s semantic alignment capa-
bility, this paper introduces a semantic consistency score
based on KL divergence as an evaluation metric. For a
given target word and its context, the model calculates a
score for each candidate sense using a paraphrase alignment
mechanism, which is then normalized using softmax to
obtain the contextual semantic distribution. Simultaneously,
to obtain a contextindependent paraphrase prior distribution
based solely on the paraphrase text itself, a separate para-
phrase encoder generates a representation for each candidate
paraphrase, which is then mapped to a scalar score through
a separate parameter layer and normalized using softmax.
The Kullback-Leibler divergence from the paraphrase prior
distribution to the contextual semantic distribution is calcu-
lated. A smaller KL divergence indicates a closer semantic
distribution between the context and the paraphrase, and
the model is more stable and consistent in capturing word
meaning. The model comparison results are shown in Figure
7

Figure 7 shows that the proposed model, BiL-
STM+Attention, outperforms the comparison models in
semantic consistency across all four technical domains. In
Figures 7A, 7B, 7C, and 7D, its KL divergence distribution
is lower overall, and the box heights are smaller, indicating
more stable semantic capture and less susceptibility to con-
textual fluctuations. In contrast, BERT, a deep pre-trained
model, also demonstrates strong consistency in most do-
mains, but still falls short of the proposed model, indicating
that semantic deviations can still occur in long contexts.

4754



JOURNAL
¢ ORG

AE

L. Gao et al.

Similarity
Similarity

1-10 11-20
Context length (number of words)

21-40 41+

1-10 11-20 2140 41+
Context length (number of words)

Similarity

Similarity

1-10 11-20
Context length (number of words)

21-40 41+

1-10 11-20
Context length (number of words)

I Word2Vec+CNN [N BiLSTM I BERT NENEM BiLSTM+Attention

2140 41+

FIGURE 6. Comparison of similarity in semantic alignment: (A) shows the similarity for Mechanical manufacturing; (B) shows the
similarity for Materials science; (C) shows the similarity for Information communication; (D) shows the similarity for New energy
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FIGURE 7. Semantic consistency comparison: (A) shows the KL divergence of Mechanical Manufacturing; (B) shows the KL
divergence of Materials Science; (C) shows the KL divergence of Information Communication; (D) shows the KL divergence of New

Energy

While BiLSTM effectively models contextual order, it lacks
an explicit attention mechanism. Word2Vec+CNN performs
the worst, with a higher divergence distribution, reflecting
its difficulty maintaining stable paraphrase consistency in
complex contexts. Overall, the proposed model, leveraging
the weighted modeling of key contextual terms by the atten-
tion mechanism, effectively enhances semantic consistency
during paraphrase alignment, demonstrating a significant
advantage in technical text scenarios.

3) Robustness

In the robustness evaluation, the robustness index is intro-
duced as a core indicator to measure the model’s stability
in the face of input perturbations. This metric is based on
the model’s Top-1 accuracy performance on the original test

4755

set and its Top-1 accuracy performance on various pertur-
bation test sets. For each perturbation type, the robustness
metric is defined as the absolute value of the relative rate
of performance degradation. Based on the original patent
text, synonym replacement, character insertion, character
deletion, word order disruption, and mixed perturbations
are introduced to simulate text variations that may occur
in real application scenarios. The lower the index value,
the more stable the model’s performance remains under
interference conditions, and the stronger its robustness. The
model comparison results are shown in Figure 8:
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FIGURE 8. Robustness index comparison

In Figure 8, the average robustness index of the BilL-
STM+Attention model under all perturbation types is 0.159.
The average indices of the other three models are 0.426,
0.345, and 0.263, respectively. Compared to the comparison
models, the average robustness index is reduced by 62.7%,
53.9%, and 39.5%, respectively. Word2Vec+CNN has the
highest average index, indicating its extreme sensitivity to
text perturbations. This is primarily due to its reliance on
static word embeddings, which cannot effectively capture
contextual changes. The BiLSTM model has advantages in
terms of temporal dependencies, but lacks global modeling
capabilities, resulting in a moderate average index. The
BERT model performs suboptimally under perturbations,
but its over-reliance on word-granular embeddings reduces
its robustness when subjected to noisy characters. Overall,
the model in this paper has stronger semantic understanding
capabilities and can effectively recognize the same mean-
ing in different expressions. Through bidirectional context
modeling and attention-weighted aggregation, it can more
flexibly focus on stable semantic features. Even if some
words are replaced or interfered with by noise, the model
can still maintain a high degree of interpretation consistency,
verifying its stability and reliability in cross-disturbance
scenarios.

IV. CONCLUSION

To enhance the semantic precision of technical terms, this
paper examines Chinese patent texts and develops an opti-
mization model that integrates BILSTM and attention mech-
anisms. As a domain rich in polysemous technical language,
the industry benefits critically from this precision, allowing
the model to accurately parse complex terms. Based on
the joint embedding generation of terms and definitions, a
BiLSTM is used to capture bidirectional dependencies in
the context, and a multi-head attention-weighted mechanism
is combined to highlight key information. Through the
definition alignment mechanism, the context vector and the
definition vector are more closely aligned in the semantic
space. Experimental results show that the Top-1 accuracy
of the proposed model is significantly better than that of
the comparison models under different term frequencies and
polysemy intervals, with outstanding advantages in low-
frequency and polysemy scenarios. In evaluating interpre-
tation alignment, similarity, and semantic consistency, the
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proposed model maintains higher consistency across all
technical fields and varying context lengths, with the lowest
KL divergence. In the robustness dimension, the average
robustness index is 0.159, which is 62.7%, 53.9%, and
39.5% lower than that of the Word2Vec+CNN, BiLSTM,
and BERT models, respectively. It not only effectively
improves the accuracy of term meaning correspondence but
also demonstrates relatively ideal stability and antiinter-
ference ability. This robustness is essential for knowledge
extraction in specialized domains, as demonstrated by its
reliable support for semantic understanding in professional
fields like the industry, where precise terminology is crit-
ical for innovation and intellectual property management.
However, this paper still has limitations; the current model
relies on a predefined set of candidate definitions. Future
work can explore an end-to-end generative WSD framework,
combining external knowledge graphs to dynamically re-
trieve definitions, further reducing the dependence on static
definition libraries.
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