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Abstract: Currently, in the field of cross-border e-commerce, there are problems such as insufficient adaptation of general
pre-training models to domain features, significant differences in the semantic gap between English-Chinese cross-
language and English-Russian scenarios, low training efficiency and high deployment costs when implementing complex
models. In this regard, the study proposes a domain-adaptive Multilingual Bidirectional Encoder Representations from
Transformers (MBERT) model that integrates a Domain Adaptation Layer (DAL) and a Cross-Language Alignment
Module (CLAM). This study first performs domain adaptation optimization through pre-training a Domain-Distinguish
Task (DDT) BERT model. On this basis, MBERT is used to provide the model with a cross-language semantic
representation, and the DDT mechanism and Retrieval-Augmented Generation (RAG) technology are finally integrated.
The experimental results showed that, on the SemEval-2016 attribute-level emotion annotation data set, the proposed model
achieved average accuracies of 82.2%, 83.2%, and 88.0% in the English-Chinese, English-Russian, and English-Spanish
scenarios, respectively, demonstrating the best performance. Pre-training took 6.3 h and converged in 16 rounds. Inference
took 19ms/sentence and occupied 9GB of video memory. Adding DAL alone increased the F1 value in the English-Spanish
scene by 4.1%, and adding CLAM alone increased the English-Chinese accuracy by 4.2%.

Keywords: Domain adaptation; bidirectional encoder representations from transformers (BERT); multi-language;
semantic alignment; cross-border e-commerce.
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1. Introduction

Amid the evolving global digital economy, Cross-Border E-Commerce (CBEC) has emerged as a core driver of innovation
in international trade, with expanding market scale and service coverage (Chen et al., 2024). iResearch's 2024 report indicates
China's cross-border export e-commerce achieved a 17.0% CAGR, accounting for 35.3% of total merchandise exports,
demonstrating strong adaptability to global supply chain restructuring and online consumption trends (Adachi and Ogawa,
2025). User inquiry serves as a critical nexus between consumer needs and platform responses, where the accuracy of
semantic analysis and triage efficiency directly impact satisfaction and conversion rates (Yan, 2024). However, multilingual
semantic heterogeneity, domain-scenario ambiguity, and structural limitations of traditional models constitute core
bottlenecks hindering CBEC service intelligence (Goud and Garg, 2025). Current CBEC Multi-Lingual Inquiry (MLI)
processing predominantly relies on manual translation and triage, facing three key constraints (Noorian et al., 2024):
processing delays that fail to meet real-time transaction demands, low triage accuracy that leads to resource misallocation,
and insufficient depth of semantic analysis. General machine translation and understanding models lack domain adaptation
and struggle to capture CBEC-specific semantic information (Ma et al., 2024).

To overcome the above limitations, academia and industry have begun exploring solutions based on pre-trained language
models. Among them, the Bidirectional Encoder Representations from Transformers (BERT) model has become a research
hotspot in CBEC for Natural Language Processing (NLP) tasks, owing to the advantages of its bidirectional attention
mechanism in semantic representation. The core value of the BERT architecture lies in capturing multilingual semantic
associations through bidirectional context modeling, effectively addressing problems such as polysemy and semantic
ambiguity in cross-border scenarios. Its pre-training-fine-tuning paradigm can quickly adapt to specific tasks such as CBEC
inquiry processing and semantic alignment, significantly reducing the cost of domain data annotation. In existing research,
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the application of BERT and its derivative models in the e-commerce field has shown initial value (Zou et al., 2024). Gardazi
et al. noted in their review that the BERT model outperforms traditional deep learning models in tasks such as e-commerce
review analysis and product recommendation, owing to its deep semantic encoding capabilities (Gardazi et al., 2025).
Karabila et al. proposed the BERT-enhanced sentiment analysis model. By fine-tuning the corpus in the e-commerce review
domain, the model achieved accurate identification of emotional tendencies in personalized recommendation scenarios,
confirming the key role of domain adaptation in improving the performance of the BERT model (Karabila et al., 2024). Zhao
et al. effectively mined potential needs from user reviews for the e-commerce recommendation task by integrating BERT
semantic features with deep neural networks, further demonstrating the feasibility of integrating BERT with domain tasks
(Zhao et al., 2024). Bagiyalakshmi and A. C. Kothandaraman optimized the deep learning model architecture and applied
the BERT semantic representation to e-commerce website sentiment analysis, thereby significantly improving the accuracy
of consumer experience evaluation (Bagiyalakshmi and Kothandaraman, 2024).

However, existing research still has obvious shortcomings. Although the general BERT model demonstrates excellent
semantic representation capabilities in NLP, its versatility is limited by the training corpus, and its semantic alignment
accuracy in the CBEC vertical field still has considerable room for improvement (Bilal and Almazroi, 2023). Therefore, this
research question is whether the domain adaptation module can significantly improve the cross-language semantic alignment
accuracy of CBEC multilingual inquiries. In view of this, the study proposes a CBEC-MLI semantic alignment and intelligent
triage method based on domain-adaptive BERT, aiming to achieve efficient semantic matching and accurate MLI triage in
CBEC scenarios. The innovation of the research lies in the integration of Multilingual BERT (MBERT), Domain-distinguish
Task (DDT), and Retrieval-Augmented Generation (RAG) technology. It strengthens CBEC-specific semantic capture
through domain adaptation, relies on a multilingual architecture to address semantic heterogeneity, and combines RAG to
improve the accuracy of triage decisions. The research builds a complete technical-logical framework based on cross-
language representation learning theory and domain self-adaptive transfer learning. The cross-language representation
learning theory advocates achieving semantic space mapping alignment for different languages through shared encoders,
providing a fundamental theoretical support for the MBERT architecture; domain self-adaptive transfer learning focuses on
alleviating the catastrophic forgetting of general pre-trained models in vertical scenarios, corresponding to the two core
improvement mechanisms of hierarchical parameter freezing and DDT domain pre-training described in the text. At the
same time, the retrieval-enhanced generation theory is introduced, using external domain corpus knowledge to compensate
for the semantic representation defects caused by limited labeled samples, forming a three-level progressive theoretical
development framework of cross-language representation foundation, domain transfer optimization, and retrieval knowledge
reinforcement.

2. Methodology
2.1. Construction of Domain-Adaptive BERT Model

In CBEC scenarios, multilingual semantic alignment and accurate triage demand robust cross-lingual understanding
capabilities. From an industry perspective, expanding global trade has amplified CBEC transaction volumes, yet cultural
context differences and localized industry terminology cause traditional machine translation to produce semantic deviations,
resulting in over 40% inquiry processing delays or triage errors that directly impact customer satisfaction and repurchase
rates. User demands also stratify significantly: B-side buyers prioritize professional terms (batch quotations, customs
policies), while C-end consumers focus on lifestyle expressions (logistics, after-sales support). BERT addresses these
challenges through its deep Transformer architecture and bidirectional pre-training mechanism (Hung and Huy, 2025; Arslan,
2024), enabling deep integration of general semantic knowledge with domain-specific tasks via pre-training and fine-tuning.
The BERT architecture is shown in Fig. 1.
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Fig. 1. BERT model structure
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In Fig. 1, BERT processes input sequences of words or subwords, converted into tokens by a tokenizer that segments
text into model-compatible units based on the pre-trained vocabulary (Giirbiiz and Kotan, 2025). During pre-training, input
sequences undergo word, segment, and position embedding to form initial vectors, then propagate through multi-layer
Transformer encoders (Hao et al., 2023). The Transformer's attention mechanism is the core of semantic encoding. The
query Q;,key K;,andvalue V; ofthe i-th header is generated via linear projection, and the calculation is given by Eq. (1).

Qi =xw?
K; = XWk (1)
Vi = Xw/

In Eq. (1), X is the input sequence. Q, K, and V are query, key, and value, and WL.Q, K, WY are the corresponding
projection matrices (Li et al., 2025). On this basis, the i-th attention head calculates the feature weight by scaling the dot
product attention, and the expression is as shown in Eq. (2).

QiKiT
E)Vi 2

In Eq. (2), d is the key and query dimension. In order to integrate multi-dimensional attention features, the model
splices the outputs of all attention heads and converts them into a unified-dimensional feature vector through the output
projection matrix, which is the final output of multi-head attention, as shown in Eq. (3).

MultiHead(Q,K,V) = Concat(head,, head,, ..., head,)W° 3)

Attention(Q;, K;, V;) = Soft max(

In Eq. (3), W? is the output projection matrix. Among them, the output head; expression of the i-th attention head is
shown in Eq. (4).

head; = Attention(QWiQ. Kwk,vw?) @)

There are two forms of positional encoding used in Transformer models, corresponding to even and odd indices of the
embedding dimension. The expression of even-numbered positions is shown in Eq. (5).

. pos
PE(pos,Zi) = Sln( 10002i/d) 4)

In Eq. (5), PEpos,iy is the position code, pos is the position index, and d is the embedding dimension. The odd
position calculation is given by Eq. (6).

pos
PE(pos,2i+1) = cos( 10002i/d) (6)

Each encoder layer comprises multi-head self-attention and feed-forward networks for semantic extraction and
integration. BERT performs Masked Language Model (MLM) and Next Sentence Prediction (NSP) tasks on the final layer
output (Zardak et al., 2023) (Koy and Colak, 2024): MLM predicts masked tokens via classification, while NSP determines
sentence continuity through binary classification. DDT enhances BERT's domain adaptation by embedding domain
differentiation tasks during pre-training, guiding the model to learn cross-domain feature variations for more accurate
domain-specific representations (Hicham and Nassera, 2024). The BERT-DDT architecture is illustrated in Fig. 2.

In Fig. 2, BERT-DDT achieves domain adaptation by jointly training domain and emotion classification tasks. The base
architecture uses BERT's multi-layer Transformer encoder to generate token-level features and sentence-level [CLS]
representations. Two parallel branches extend from this: (1) an emotion classification branch that predicts sentiment via a
linear classifier on global features, serving the core task (Kassem et al., 2024); and (2) a domain classification branch
incorporating a Gradient Reversal Layer (GRL) that reverses gradients during backpropagation, which ensures the model
learns domain-invariant emotional features while maintaining domain discrimination capability.
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Fig. 2. Architecture diagram of cross-domain sentiment analysis based on BERT-DDT

2.2. Cross-Language Pre-Training Model Based on MBERT-DDT
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Although the BERT model pre-training corpus spans multiple languages, it lacks targeted optimization for vertical fields
such as CBEC, making it difficult to accurately capture cross-language semantic associations among terms. Therefore, this
study introduces the MBERT model as the basic architecture. MBERT strengthens cross-language semantic representation
capabilities by expanding the language coverage and domain diversity of the pre-training corpus, as shown in Fig. 3.
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Fig. 3. MBERT model architecture

In Fig. 3, MBERT extends BERT's core architecture for multilingual scenarios through a three-layer structure: input
embedding, deep encoding, and flexible output. The input layer combines word embedding (mapping multilingual
vocabularies to a unified semantic space), language embedding (identifying source language), and positional embedding
(preserving word order) (Kansal and Diwaker, 2025). The encoder comprises 12 Transformer layers, each containing multi-
head self-attention (capturing cross-lingual associations via parallel attention weights) and a Feedforward Neural Network
(FNN) for nonlinear transformation, enhancing domain-specific feature discrimination. The FNN formulation is given in Eq.

(.
FFN(x) = max(0,xW; + by)W, + b, N

In Eq. (7), x is the input vector. max is the activation function. W, and b; are the weight matrices and bias terms
of the middle layer. W, and b, are the weight matrix and bias terms of the output layer. The output layer produces
sentence-level global features via [CLS] tokens, which not only support downstream tasks such as emotion classification but
also, through fine-tuning, adapt to the semantic alignment requirements of CBEC-MLI, laying an architectural foundation
for the subsequent introduction of domain adaptation modules (Maiga et al., 2025). Next, the model introduces the MLM
pre-training task and uses the cross-entropy loss function for training (El-Ansari and Beni-Hssane, 2023). The expression of
the probability p(x,|%,) of the correct word from the first formula is shown in Eq. (8).

p(x41%a) = Soft max(Wnhg + by,) (®)

In Eq. (8), X, is the input text after random mask processing. a is the sequence position. x, is the true label of the
masked word at position a. h, is the context vector corresponding to position a calculated by the BERT model. W, and
b,, are weight matrices and bias vectors specific to the MLM task. Softmax is the normalized exponential function. The
calculation of the cross-entropy loss function L,, is shown in Eq. (9).

1 «Ns 1 onNf -
Lm =- N_SZKilﬁzail lOg p (xalxa)) (9)
NEK 1 Ny
In Eq. (9), Z is all the masked positions in the K-th sentence. —KZ is the average loss of the K-th sentence.
a=1 T a=1

Ny
logp (x41%,)) is the logarithm of the probability of calculating the correct word. Z is the sum of the losses of all

K=1
NS
samples Ng in the training batch. —Z is the average loss of the entire batch. For the emotion classification task, this
S K=l

study uses a binary classification probability distribution, i.e., the probability of a positive or negative emotion. After Softmax
processing, the expression of the prediction probability distribution y, is shown in Eq. (10).

Ye = Soft max(Wehicrs) + yc) (10)

In Eq. (10), hjcys) 1s the hidden state vector corresponding to the [CLS] tag obtained from the last layer of the BERT
pre-trained model. W, is the weight matrix of the sentiment classifier. y, is the bias term of the sentiment classifier. To
minimize the prediction error of the emotion classifier, this study guides the model to optimize its parameters by measuring
the discrepancy between the true label and the predicted probability distribution. The cross-entropy loss function L. is
shown in Eq. (11).
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In Eq. (11), yc(i) and yc(i) are the true labels and predicted probabilities of the i-th sample. yc(i) (a) and yc(i) (a) are
the values of the true label vector and the predicted probability vector of the i-th sample at the a-th position. In response to
the semantic alignment requirements of CBEC multi-language scenarios, this study introduces hierarchical embedding and
bidirectional attention interaction on the MBERT-DDT architecture to achieve deep correlation of multi-language semantics.
The cross-language pre-training model based on MBERT-DDT is shown in Fig. 4.

In Fig. 4, token-embedded maps map cross-lingual vocabulary into a shared semantic space to ensure semantic relevance.
Language embedding uses binary coding to demarcate language boundaries and prevent grammatical interference. Positional
embedding encodes word order in both sequences, preserving source-language modification logic while capturing target-
language syntax (Pinar, 2025). These embedding features are subsequently enhanced by the DDT module through domain-
specific and general-domain classification tasks, enabling the model to anchor domain-specific semantics while filtering
general noise.
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Fig. 4. Cross-language pre-training model based on MBERT-DDT

2.3. CBEC-MLI and Intelligent Triage Integrating MBERT-DDT and RAG

After the pre-training stage, the MBERT-DDT model strengthens cross-language semantic alignment between the source
and target languages. It also introduces the CBEC review text corpus, which mitigates the inductive bias toward non-review
texts, making it more suitable for semantic modeling in vertical fields. In view of the intelligent triage requirements of
CBEC-MLI, which require rapid matching to corresponding service nodes, this study focuses on the attribute-level emotion
classification task during the fine-tuning stage and further optimizes the model parameters using source-language annotation
data. The architecture of the attribute sentiment classification fine-tuning model is shown in Fig. 5.

Tag embedding Segmented embedding Position embedding
2 representation representation representation
Yy —mm- e W e ————— D 1
fé Transformer encoder submodule |<—: [ B ] b : Lo : !
o] | | | | |
§ Transformer encoder submodule | : E2 | : L3 | : L2 :
£ ; | e e |
| | | | | !
| Transformer enioder submodule | : - : L+ : :
| |
| | | |
_ LE Average pooling layer | o : + : + :
2R | | |
Ly * [ ! : ! J
g2 | Fully connected layer+Softmax layer | : ! : | : |
2% | |
=i 7 | | I | I :
£ 5 | | |
<2 Attribute emotional distribution | Pt P !
2 L———————2 Lo——-—-—-———2 [ ———

In Fig. 5, the fine-tuning process uses the source-language annotated corpus as training data and, by constructing an input
sequence in the form of <attribute, sentence>, guides the model to learn the associated features of attribute words and
sentence emotions, thereby achieving accurate modeling of attribute-level semantic representations. Assuming that the

source language sample set in the fine-tuning stage is X = {xl,xz, .. .,xn}. After encoding by the cross-language pre-
training model, the attribute-level sentence representation Hg can be obtained, as shown in Eq. (12).

Hg = PreT(Xs; 6,) (12)

(V)]
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InEq.(12), PreT isacross-language pre-training model. X is the input fine-tuning data set, containing N constructed
sequences. &) is the parameters of the pre-trained model. At the beginning of fine-tuning, these parameters are initialized
as pre-trained weights (Teke et al., 2025). The pooled sentence vector MeanPooling is shown in Eq. (13).

Qs = MeanPooling (Hs) (13)

In Eq. (13), MeanPooling is the average pooling function. The output attribute emotion category probability is shown
in Eq. (14).

y = Softmax(WQs + b) (14)

In Eq. (14), W is the weight matrix and b 1is the bias vector. The fine-tuning phase uses the cross-entropy loss function
as the optimization objective and updates the model parameters by measuring the discrepancy between the predicted
probability distribution and the true label. The loss function L is shown in Eq. (15).

L=-3" logP (x8) (15)

In Eq. (15), xs(i) is the training sample, & is the set of unfrozen parameters and attribute emotion classifier parameters,
and U is the data set. After fine-tuning, the model acquires both cross-lingual semantic alignment and attribute-level
sentiment classification capabilities, enabling direct target language input during testing without additional annotation. To
address deviations in semantic understanding stemming from outdated domain knowledge and poor triage accuracy in
CBEC-MLI processing, this study introduces RAG technology to enable precise domain knowledge retrieval and dynamic
adaptation. The retriever is fine-tuned on CBEC-specific datasets to optimize domain term matching, while a dynamic weight
adjustment mechanism enables adaptive retrieval scope and knowledge fusion weighting based on domain relevance and
context complexity. The RAG architecture is shown in Fig. 6.
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Fig. 6. RAG architecture

Fig. 6 illustrates the RAG system architecture comprising a retriever, external knowledge base, and generator. Upon
receiving user input, the retriever performs semantic encoding and vector similarity calculation against the knowledge base
to recall Top-K relevant documents (Coban et al., 2024). These documents are integrated with the original query to form an
enhanced input sequence for the generator. During decoding, the generator leverages its language modeling capabilities to
ensure grammatical correctness and multilingual fluency, while employing attention mechanisms to ground its outputs in
retrieved domain knowledge. A dynamic update interface enables real-time policy ingestion and incremental updates to the
vector space, ensuring the system maintains up-to-date domain knowledge.

3. Results
3.1. Experimental Setup

To ensure the experiment's generalization and adaptability, this study used two data sources: a public corpus and a real-world
business corpus. The public corpus used the SemEval-2016 attribute-level emotion annotation dataset, which includes
annotation specifications for multilingual emotional expressions. The real corpus was collected from public comments on
Suning.com’s CBEC platform, covering two core cross-border fields: catering (service category) and notebooks (3C digital
category). The former corresponds to the immediate consumption scenario, and the latter corresponds to the high customer
unit price durable consumer goods scenario. The semantic features of the inquiry orders across the two scenarios differ
significantly, enabling comprehensive testing of the model's domain adaptation ability. In the catering field, English (the
lingua franca of global trade) was selected as the source language, and Spanish (the main consumer market in South America)
and Russian (the core market in Eastern Europe) were selected as the target languages. In the notebook field, English was
selected as the source language, and Chinese (China's local market) as the target language. Corpus processing follows a two-
stage logic of pre-training and fine-tuning. In the pre-training stage, Google Translate API was used to construct <source
language, target translation> sentence pairs to achieve multi-language semantic alignment. In the fine-tuning stage, only an
annotated source-language corpus was used, and the development and training sets were split 8:2. Table 1 shows the specific
configuration parameters.
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The size, distribution characteristics, and category distribution of the experimental corpus directly affect the adequacy of
model training and the objectivity of evaluation. The specific statistical information of the corpus used is shown in Table 2.

Table 1. Experimental configurations

Configuration

Name Model/Parameter
category
CPU Intel Xeon Silver 4314 @ 2.40GHz
Hardware GPU NVIDIA A100
memory 256GB DDR4 3200MHz
storage 2TB SSD + 10TB HDD
operating system CentOS 7.9
Software Deep Learning Framework TensorFlow 2.10 + Hugging Face Transformers 4.25
translation tool Google Translate API V3
evaluation tool Scikit-learn 1.2.0
pre-training Batch size 64, learning rate 1e-4, 15 iterations
Model . . . . .
hyperparameters .ﬁne-tul?mg Batch size 32, learnmg rate 26-5, 25 iterations
yp Domain adaptive module dropout=0.3, Attention weight decay=0.01
Table 2. Details of corpus statistics
Notebook Catering
/ EN (Source EN-CH EN (Source EN-RU EN-SP Total
language) language)
Number of training sets 1882 1882 1925 1925 1925 9539
(pieces)
Number of development 471 471 482 482 482 2388
sets (pieces)
Average sentence length 13 24 14 12 15 /
(number of words)
Maximum sentence
length (number of words) 73 132 37 64 7 /
Distribution of emotional 73843
categories (positive: 1430:923 1430:923 1657:749 1657:749 1657:749 850.

negative)

In Table 2, the two types of domain corpora are consistent in terms of quantity, length characteristics and emotional
distribution: the size of the single-language training set was approximately 1800 to 1900 items, ensuring adequate model
training. The text length increased significantly after translation (for example, the average length of the notebook EN-CH
increased from 13 words to 24 words), which is consistent with differences in language expression habits between Chinese
and English. The ratio of positive to negative emotions in each language direction was approximately 1.5:1 to mitigate data
bias during model training. A total of 9,539 training data points and 2,388 development data points could fully support model
performance evaluation in cross-language scenarios.

3.2. Domain-Adaptive BERT Model Performance Test Results

To verify the emotional feature discrimination ability and domain transfer performance of the proposed model in cross-
domain scenarios, this study inputs the text data from the source and target domains into the model, respectively and extracts
the 768-dimensional feature vector for each text encoded by the model. It then uses the t-SNE algorithm to reduce the high-
dimensional features to 2D for visualization, as shown in Fig. 7.

Fig. 7(a) shows a source domain visualization: feature vectors exhibit clear separation by sentiment polarity, with positive
samples concentrated on the left and negative samples on the right; minimal overlap indicates effective capture of emotional
features and distinguishable semantic encoding. Fig. 7(b) presents target domain visualization with similarly distinct
positive/negative clustering, showing only minor edge intersections. To balance cross-lingual general knowledge retention
with domain-specific learning while mitigating catastrophic forgetting, this study employs hierarchical parameter freezing
during fine-tuning. All experiments were independently repeated three times. The variance intervals for each evaluation
index were measured and reported as 0.8%-1.5%, and the 95% confidence intervals were £1.2%. This precisely quantified
the range of fluctuations in the model performance indicators, effectively avoiding interference from random errors in a
single experiment on the conclusion, and significantly improving the reproducibility and credibility of the experimental
results. Systematic exploration of freezing layer effects across language directions and domains is shown in Fig. 8.
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Fig. 7. Visualization of model features
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Fig. 8. Comparison of the effects of freezing layers on parameters

Fig. 8(a) examines layer freezing effects in EN-CH scenarios, with optimal performance at 4 frozen layers (82.2%
accuracy, 80.6% F1). Fig. 8(b) shows EN-RU results, where the optimum shifts to 6 layers (83.3% accuracy, 81.4% F1).
Fig. 8(c) presents EN-SP results, peaking at 6 frozen layers with 88.0% accuracy and 85.3% F1, the highest across all
scenarios. The F1 score improvement from 84.8% (layer 5) to 85.3% (layer 6) indicates that accurate attribute-word
distinction requires mid-level parameter optimization. Five mainstream CBEC multilingual models were compared: MT-

DNN (A), MBERT (B), ERNIE-M (C), SSL-MBERT (D), and XLM-RoBERTa (E). Their accuracy across language
directions is shown in Fig. 9.
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Fig. 9. Comparison of cross-language classification accuracy of various models

Fig. 9(a) presents cross-lingual accuracy for English-Chinese (notebook domain): MT-DNN (71%), MBERT (74%), and
the proposed model (82%). Fig. 9(b) shows English-Russian (catering) results: SSL-MBERT achieved 81% with unlabeled
Russian data, XLM-RoBERTa(E) reached 83%, while the proposed model attained 84%; its domain-adaptive module
effectively extracted core semantics (taste, service, delivery) and mitigated Russian morphological interference. Fig. 9(c)
displays English-Spanish (catering) performance, with all models exceeding 74% and the proposed model reaching 88%.

3.3. Application Effect of Domain-Adaptive BERT Model in CBEC
To comprehensively verify the engineering value and performance advantages of the proposed model, this study conducted

comparative experiments from three dimensions: training efficiency, deployment adaptability, and module component
effectiveness. The system evaluated its practical value in CBEC multi-language scenarios. Training efficiency was measured
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by two indicators: pre-training time and convergence rounds. The comparison results of different models are shown in Fig.
11.
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Fig. 11. Comparison of pre-training time and convergence epochs for different models

Fig. 11(a) compares pre-training times: MT-DAN required only 2.3 hours due to its shallow architecture and the absence
of large-scale multilingual pre-training; SSL-MBERT took the longest at 11.5 hours due to pseudo-label generation and
iterative optimization on unlabeled data; the proposed model required 6.3 hours, 25.9% less than MBERT. Fig. 11(b) shows
the convergence rounds for MT-DAN (40), MBERT (25), and XLM-RoBERTa (18), with the proposed model achieving the
fastest convergence at 16 rounds. To assess deployment feasibility, model parameters, inference time, and GPU memory
usage are compared across six models, as shown in Fig. 12.
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Fig. 12. Comparison of different model parameter quantities, inference time, and existing comparisons

Fig. 12(a) compares model parameters: MT-DAN (18M), ERNIE-M (150M), SSL-MBERT (slightly higher than
mBERT due to pseudo-label prediction heads), XLM-RoBERTa (85M via streamlined pre-training), and the proposed model
(98M). Fig. 12(b) shows inference time and memory usage: MT-DAN was fastest at 13ms/sentence, and SSL-MBERT was
slowest at 32ms/sentence; the proposed model achieved 19ms/sentence, outperforming MBERT and XL M-RoBERTa, with
only 9GB of GPU memory versus XLM-RoBERTa's 10GB. To systematically analyze the independent gains of the DAL,
CLAM, and RAG components as well as the collaborative effects of different combinations, the study uniformly used
MBERT as the standard baseline. All experimental groups shared exactly the same dataset and hardware environment. The
pre-training learning rate was traversed through {5e-5, le-4, 2e-4}, and the fine-tuning learning rate was traversed through
{le-5, 2e-5, 5e-5}. The dropout values were 0.1/0.3/0.5, and the number of layers for layer-wise freezing was varied across
0/4/6/8 layers. The experiments were set up with single-, dual-, and triple-module combinations, totaling 6 control groups.
This precisely isolated the individual effects and interaction effects of each module. The ablation experiment results are
shown in Table 3.

Table 3 Comparison of ablation experiment results

EN-CH EN-RU EN-SP
Model
Acc(%) F1(%) Acc(%) F1(%) Acc(%) F1(%)
MBERT 74.7 73.4 77.0 72.8 81.6 75.3
MBERT+DAL 76.8 74.2 78.5 75.8 83.9 79.4
MBERT+CLAM 78.9 75.7 80.1 76.9 84.5 80.2
MBERT+RAG 77.5 74.6 78.2 74.5 82.7 77.1
MBERT+DAL+CLAM 80.1 78.2 81.5 79.4 86.2 82.6
Ours 82.2 80.6 83.2 81.3 88.0 85.3
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From the stratified ablation results in Table 3, it can be seen that in the single-module scenario, DAL is good at capturing
the domain-specific semantics in the cross-border e-commerce field, and the F1 score in the same language family EN-SP
scenario increased by 4.1%. CLAM focuses on eliminating semantic differences across languages, and the accuracy rate in
the cross-language family EN-CH increased the most (4.2%). RAG relies on the domain knowledge base to supplement
scarce industry terms and integrates the retrieved semantic vectors into the encoding end to participate in prediction, thereby
slightly correcting the semantic defects of the general pre-trained model. The combination of the dual-module DAL + CLAM
can simultaneously address domain feature extraction and cross-language mapping, and its performance is further improved
compared to a single module. However, without external knowledge reinforcement from RAG, the indicators still show
obvious shortcomings. The complete integration model of the three modules achieves the best performance, demonstrating
that DAL, CLAM, and RAG each have distinct responsibilities and strong synergistic benefits, and that none can be omitted.

4. Discussion and Interpretation

Feature visualization reveals clear clustering of positive/negative sentiments across source and target domains, confirming
DAL's effectiveness in extracting scenario-specific features (delivery timeliness, hardware parameters) and CLAM's unified
semantic space mapping, aligning with Peng et al.'s findings on domain adaptation improving vertical scene accuracy (Peng
et al., 2025). Parameter freezing experiments show optimal levels at 4 layers for cross-lingual (EN-CH) and 6 layers for
same-language-family (EN-RU, EN-SP) scenarios, balancing general and domain knowledge while preventing catastrophic
forgetting, consistent with Kumar et al.'s hierarchical optimization logic (Kumar et al., 2025). Performance comparisons
demonstrate significant advantages: average accuracies of 82.2% (EN-CH), 83.2% (EN-RU), and 88.0% (EN-SP), ranking
first among the models compared. Cross-lingual alignment ratios remain stable at 90-95% with only 5% fluctuation,
substantially outperforming benchmarks such as MT-DNN and addressing multilingual alignment limitations in Karn et al.'s
e-commerce recommendation research (Karn et al., 2023). Ablation experiments confirm the necessity of the dual-module
synergy mechanism. When only DAL was added, the F1 value of the British-Spanish scene increased by 4.1%. When only
CLAM was added, the accuracy of the English-Chinese cross-language system increased by 4.2%.

Engineering indicators demonstrate greater practical value. The pre-training process takes 6.3 hours, and convergence
can be achieved after 16 rounds. The inference process takes 19ms per sentence and occupies 9GB of memory, meeting the
deployment requirements of mid-range GPUs. It can be seen that the model's automatic semantic parsing and triage
capabilities can significantly shorten the customer service ticket processing chain, effectively reducing manual time and
labor costs; at the same time, the standardized intelligent triage mechanism optimizes the customer service workflow,
avoiding manual triage mismatches and omissions, and improving the standardization and efficiency of cross-border inquiry
processing. Across different CBEC platforms, significant differences in business logic, user inquiry habits and the semantic
expressions of each platform mean the model has not been tested across platforms. As a result, its semantic alignment
accuracy and triage efficiency may fluctuate, making it difficult to ensure compatibility on non-Suning platforms. For niche
languages with fewer resources, due to the scarcity of training corpus, the model's semantic representation ability is
insufficient, semantic misjudgments are prone to occur during runtime, and it is difficult to accurately capture the order
inquiry intention of the niche language. Under different query structures, differences in sentence length and in the expression
of intent will affect the model's parsing performance. Complex sentence patterns or non-standard query structures may lead
to deviations in model semantic extraction and reduce triage accuracy.

5. Conclusion

This study proposed a domain-adaptive BERT model that integrates DAL and CLAM and verified its effectiveness and
practical value through systematic experiments. The study found that the dual-module collaboration mechanism effectively
solved the core problem, that DAL accurately extracted scene-based features, and that CLAM realized unified semantic
mapping across different language affinities. The combination of the two raised the model's average accuracy to 82.2%,
83.2% and 88.0% in the English-Chinese, English-Russian and English-Spanish scenarios, which outperformed MT-DNN,
MBERT and other models. The hierarchical parameter freezing strategy optimized the knowledge balance. Experimental
results showed that cross-language (English-Chinese) optimal freezing was 4 layers, whereas the same-language family
(English-Russian, English-Spanish) was optimally frozen at 6 layers. This confirmed that this strategy can avoid catastrophic
forgetting. Model pre-training took 6.3 hours and 16 rounds of convergence. Inference took 19ms/sentence and occupied
9GB of video memory. It was suitable for mid-range GPU deployment and addressed the high implementation costs of
traditional models. The model proposed in the study needs to improve its accuracy in processing extreme emotions. Future
research can expand multimodal inquiry-processing capabilities to better meet CBEC's needs for intelligent upgrades.
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