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Abstract

With the advancement of educational informatization, vast amounts of Chinese text are
generated across online platforms and digital textbooks. Effectively classifying such text is
essential for intelligent education systems. This study conducts a systematic comparative
evaluation of three Transformer-based models—TinyBERT-4L, BERT-base-Chinese, and
RoBERTa-wwm-ext—for Chinese educational text classification. Using a balanced four-
category subset of the THUCNews corpus (Education, Technology, Finance, and Stock), the
research investigates the trade-off between classification effectiveness and computational
efficiency under a unified experimental framework. The experimental results show that
RoBERTa-wwme-ext achieves the highest effectiveness (93.12% Accuracy, 93.08% weighted
F1), validating the benefits of whole-word masking and extended pre-training. BERT-
base-Chinese maintains a balanced performance (91.74% Accuracy, 91.66% F1) with mod-
erate computational demand. These findings reveal a clear symmetry—asymmetry dy-
namic: structural symmetry arises from the shared Transformer encoder and identical
fine-tuning setup, while asymmetry emerges from differences in model scale and pre-
training strategy. This interplay leads to distinct accuracy—latency trade-offs, providing
practical guidance for deploying pre-trained language models in resource-constrained
intelligent education systems.

Keywords: symmetry/asymmetry; Transformer models; TinyBERT, BERT; RoBERTa;
Chinese educational text classification; natural language processing (NLP); pre-trained
language models

1. Introduction

Recent advances in pre-trained language models (PLMs)—notably BERT and
RoBERTa—have markedly improved Chinese text classification performance. Building
on this progress, we benchmark TinyBERT, BERT-base-Chinese, and RoBERTa-wwm-ext
under a unified and fair experimental setup [1,2].

Earlier studies primarily relied on statistical feature engineering methods such as bag-
of-words (BoW) and term frequency—inverse document frequency (TF-IDF), combined with
shallow classifiers including Naive Bayes and support vector machines (SVMs). Although
effective in some contexts, these approaches fail to capture deep contextual semantics and
generalize poorly to large-scale datasets [1].
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The emergence of deep learning brought substantial progress to text classification.
Convolutional neural networks (CNNs) effectively extract local features [3], while recurrent
neural networks (RNNs) and long short-term memory (LSTM) models capture long-range
dependencies [4]. Despite these advances, such models require large labeled datasets and
remain limited in modeling bidirectional contexts [4].

Pre-trained language models (PLMs) have since revolutionized natural language
processing (NLP). BERT, built upon the Transformer architecture [5,6], achieved state-
of-the-art performance across numerous NLP tasks. In Chinese NLP, variants such as
RoBERTa-wwm-ext [7] and MacBERT [8] further enhance contextual representation through
whole-word masking and refined pre-training strategies. However, these large models
demand substantial computational resources, hindering their deployment in resource-
constrained educational environments.

To mitigate this limitation, lightweight PLMs such as TinyBERT were developed
through knowledge distillation [9]. TinyBERT achieves competitive performance while
significantly reducing inference time and memory usage, making it attractive for practical
educational applications. Nevertheless, systematic comparisons between lightweight and
large-scale PLMs for Chinese educational text classification remain limited.

The objective of this study is to quantify the accuracy—efficiency trade-offs among
compressed, base, and large-scale Transformer models for Chinese educational text classifi-
cation, thereby providing empirical guidance for model selection in resource-constrained
educational environments.

We formalize a Symmetry—Asymmetry Framework as the analytical foundation of
this study. Symmetry refers to the shared Transformer encoder architecture and identical
fine-tuning hyperparameters across all models, ensuring a controlled environment for
comparison. Asymmetry arises from two independent factors: (i) scale and resource
allocation, where model compression (e.g., TinyBERT) introduces structural reduction; and
(ii) pre-training strategy and information encoding, where models such as RoBERTa-wwm-
ext employ whole-word masking and extended corpora for richer contextual representation.
The interaction between this symmetric foundation and the asymmetric factors produces
distinct accuracy-latency trade-offs, which are central to our analysis.

The main contributions of this work are as follows:

(1) Establishing a unified experimental framework for fair model comparison;

(2) Conducting a comprehensive evaluation of accuracy, robustness, and efficiency;

(8) Providing empirical and practical insights for model selection in intelligent educa-
tional applications.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 describes the dataset, methodology, and experimental setup. Section 4 presents the
results and analysis. Section 5 concludes the study with future research directions [10-12].

2. Related Work
2.1. Traditional Machine Learning Approaches

Before the advent of deep learning, Chinese text classification primarily relied on
traditional machine-learning pipelines based on statistical feature extraction and shallow
classifiers. Early studies were dominated by classical representations such as bag-of-words
(BoW) and term frequency-inverse document frequency (TF-IDF), often enhanced with
n-gram features or dimensionality reduction techniques like latent semantic analysis (LSA)
and principal component analysis (PCA) [13]. For Chinese educational texts—characterized
by rich lexical diversity and domain-specific terminology—word segmentation was a
key step in feature engineering, while stop-word removal was widely applied to reduce
feature sparsity.
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Common classifiers included Naive Bayes, support vector machines (SVMs), k-nearest
neighbors (KNNs), and logistic regression. Among these, SVMs were particularly effective
in handling high-dimensional sparse data. Early studies on Chinese news classification
using BoW and SVMs achieved accuracies above 85% on balanced corpora [14]. Similar
approaches were also adopted for tasks such as student feedback analysis and academic pa-
per categorization, where handcrafted features provided interpretable and computationally
efficient baselines [15].

However, these pipelines exhibited several inherent limitations: (i) they treated docu-
ments as unordered collections of words or n-grams, overlooking syntactic and semantic
dependencies—an issue for educational texts with subtle category boundaries (e.g., educa-
tion vs. technology); (ii) they were highly sensitive to manual preprocessing choices and
domain expertise, reducing robustness; (iii) they performed poorly on imbalanced datasets;
and (iv) their feature spaces became extremely high-dimensional and sparse as corpus size
increased, hindering scalability. Despite these drawbacks, traditional methods remain valu-
able for establishing baselines or in resource-constrained scenarios. Hybrid approaches that
incorporate TF-IDF features into neural models have also been explored [16]. Nevertheless,
with the emergence of deep learning and Transformer-based architectures, these traditional
pipelines have largely been supplanted by models capable of capturing richer contextual
and semantic dependencies.

2.2. Deep Learning for Text Classification

Deep learning revolutionized text classification by introducing distributed representa-
tions and hierarchical feature learning. Compared with sparse BoW and TF-IDF vectors,
neural embeddings such as word2vec and GloVe provide dense vector representations
that capture semantic relationships [17]. In Chinese NLP, pre-trained embeddings learned
from large corpora (e.g., Chinese Wikipedia, People’s Daily) laid the foundation for neural
text classifiers.

Among neural architectures, convolutional neural networks (CNNs) were early pio-
neers. Kim’s model [18] demonstrated that CNNs effectively capture local n-gram semantics
through convolutional filters, outperforming traditional methods on multiple benchmarks.
Adaptations to Chinese datasets achieved strong performance in sentiment analysis, topic
categorization, and educational-resource classification [19]. CNNs are computationally
efficient and particularly suitable for short texts (e.g., course titles, student feedback) where
local contextual patterns predominate.

Recurrent neural networks (RNNs), particularly long short-term memory (LSTM)
and gated recurrent unit (GRU) models, extended text modeling to longer sequences by
capturing temporal dependencies [20]. In Chinese educational contexts, LSTMs often
surpass CNNs in handling long documents such as abstracts and textbook passages, where
long-range context plays a crucial role [21]. Bidirectional LSTMs (BiLSTMs) further enhance
representation by integrating contextual information from both directions.

The introduction of attention mechanisms enabled models to focus selectively on in-
formative words or sentences. The hierarchical attention network (HAN) explicitly models
word—-sentence-document hierarchies, combining interpretability with strong classification
performance on educational corpora [22].

2.3. Pre-Trained Language Models for NLP

Pre-trained language models (PLMs) have reshaped natural language processing
through large-scale unsupervised pre-training followed by task-specific fine-tuning.
BERT [23] was a milestone in this evolution, introducing masked language modeling
(MLM) to capture bidirectional context and next-sentence prediction (NSP) to model inter-
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sentence relations. These innovations produced contextual embeddings that significantly
outperformed static word representations.

Subsequent models refined BERT’s framework to enhance efficiency and effective-
ness. RoBERTa eliminated NSP, expanded training corpora, applied dynamic masking,
and optimized hyperparameters [24]. XLNet introduced permutation-based autoregres-
sive pre-training [25], while ELECTRA improved sample efficiency via replaced-token
detection [26]. ALBERT reduced parameters through factorized embeddings and cross-
layer parameter sharing [27], and DeBERTa further optimized attention mechanisms and
positional encoding [28].

PLMs excel because they leverage massive unlabeled corpora, reducing dependence
on costly manual annotations—an advantage particularly relevant to educational domains.
However, their computational demands remain substantial: BERT-base contains approxi-
mately 110 million parameters, and BERT-large exceeds 340 million, resulting in prolonged
training times and high inference latency. Moreover, general-domain pre-training may fail
to capture domain-specific semantics, underscoring the need for domain adaptation.

These challenges have driven research on the trade-off between accuracy and efficiency,
leading to the development of lightweight PLMs such as TinyBERT and DistilBERT. From
a symmetry perspective, large PLMs preserve structural and representational symmetry
across layers but incur high computational costs, whereas lightweight PLMs apply asym-
metric compression strategies that selectively retain essential information while reducing
redundancy. This contrast motivates our comparative study of models at different scales
for Chinese educational text classification.

2.4. Chinese PLMSs and Domain Adaptation

Applying PLMs to Chinese presents unique challenges due to the language’s lack of
explicit word boundaries and the presence of multi-character semantic units. Character-
level tokenization may disrupt morphemes and weaken semantic representation. To
address these issues, Chinese-specific PLMs have adapted pre-training objectives to better
capture linguistic characteristics. For instance, RoOBERTa-wwm-ext extends RoBERTa with
Whole-Word Masking (WWM), which masks entire words instead of individual characters,
enabling morpheme-level understanding and improving performance in classification and
named entity recognition tasks [29]. Similarly, MacBERT mitigates the pre-train—finetune
discrepancy by replacing [MASK] tokens with semantically similar substitutes, further
enhancing downstream performance [30].

Beyond architectural refinements, domain-adaptive pre-training (DAPT) and task-
adaptive pre-training (TAPT) continue pre-training on domain-specific or task-related
corpora to boost model accuracy. In Chinese NLP, these strategies have proven effective
across specialized fields such as finance, biomedicine, and law (e.g., FinBERT, BioBERT,
Chinese Clinical BERT) [31]. Educational texts—encompassing academic papers, digital
textbooks, and course descriptions—exhibit distinctive vocabulary and a formal writing
style. While general-purpose Chinese PLMs perform reasonably well on such data, domain-
specific adaptation could further enhance accuracy. However, comprehensive evaluations
of domain adaptation for Chinese educational text classification remain limited, as most
prior studies have focused on general benchmarks like CLUE [32].

2.5. Efficiency and Lightweight Transformer Models

Large PLMs achieve state-of-the-art performance but are often costly to deploy in
educational contexts, where efficiency, scalability, and accessibility are crucial. DistilBERT
applies task-agnostic knowledge distillation from BERT, reducing model size by approxi-
mately 40% while retaining over 95% of BERT’s performance on the GLUE benchmark [33].
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TinyBERT further extends this approach through multi-level distillation across embeddings,
hidden states, attention maps, and logits, as well as task-specific distillation. These tech-
niques enable compact student models (4-6 layers) to achieve competitive accuracy with
substantially lower inference costs [34].

MobileBERT incorporates inverted bottleneck layers combined with distillation to
optimize performance for mobile and embedded devices, achieving a balance between
compactness and representational capacity [35]. MiniLM focuses on distilling self-attention
and feed-forward network (FFN) relations, producing extremely small yet competitive
models suitable for large-scale deployment [36]. In addition to distillation, model pruning
(e.g., removing redundant layers or attention heads) and quantization (using low-bit
representations) are commonly adopted to further reduce memory usage and latency with
only minimal accuracy loss [37].

With the growing emphasis on Green Al, concerns about computational efficiency,
sustainability, and energy consumption have become increasingly important. Many ed-
ucational institutions face budget constraints and lack access to high-end GPUs, making
lightweight PLMs particularly appealing for practical deployment. However, systematic
evaluations of such models on Chinese educational corpora remain limited. This gap
motivates our unified comparison of TinyBERT, BERT-base, and RoBERTa-Large to quantify
accuracy—efficiency trade-offs under a consistent experimental framework.

2.6. Educational Text Characteristics and Challenges

Educational texts present unique challenges for automatic classification. First, they con-
tain domain-specific vocabulary—such as pedagogical terms and exam-related jargon—that
requires nuanced semantic modeling beyond what general-domain corpora can provide.
Second, there is substantial semantic overlap between categories (e.g., Finance vs. Stock,
Education vs. Technology), which increases the likelihood of systematic misclassification.
Third, educational corpora exhibit highly variable text lengths, ranging from short head-
lines or course titles to lengthy policy documents and academic reports, complicating
the balance between truncation and context preservation. Finally, class imbalance is a
persistent concern: dominant categories (e.g., Finance news) may overshadow minority
classes, leading to biased classifiers if not properly managed.

General-domain PLMs often fail to adequately represent educational terminology,
while short texts suffer from information sparsity and long texts demand robust modeling
of extended dependencies. To ensure reliable evaluation, it is essential to use weighted
Precision, Recall, and F1 metrics, along with per-class performance analysis and confusion
matrices to identify systematic error patterns [38].

Beyond linguistic complexity, deployment constraints are particularly pressing in the
educational domain. Many institutions lack access to high-performance hardware, while
real-time applications—such as intelligent tutoring, automated grading, and personalized
content recommendation—require low-latency inference. These constraints underscore the
importance of balancing accuracy and efficiency in model selection and motivate the com-
parative evaluation of lightweight, base, and large PLMs conducted in this study [39-41].

2.7. Comparative Studies of BERT Variants

Comparative evaluations of PLMs have proliferated in recent years. Surveys by Sanh,
V. et al. [29] and Jiao, X. et al. [8] consistently show that PLMs outperform traditional
feature-based and neural baselines across a wide range of NLP tasks. Standardized bench-
marks such as GLUE for English and CLUE for Chinese have further accelerated their
widespread adoption. Empirical comparisons among BERT, RoBERTa, and ALBERT re-
veal that ROBERTa-wwm-ext often surpasses BERT-base on Chinese downstream tasks,
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while ALBERT achieves substantial parameter reduction with only minor performance
loss. Distilled models such as DistilBERT and TinyBERT retain most of the accuracy of their
teacher models while dramatically reducing inference costs. For instance, TinyBERT has
been reported to approach BERT-base performance on CLUE with 7.5x fewer parameters
and up to 9.4x faster inference.

To address this gap, Section 3 details our scale-aware comparative framework for
TinyBERT, BERT-base, and RoBERTa-wwm-ext on Chinese educational text classification.

2.8. Summary and Research Gap

Lightweight PLMs—such as DistilBERT, TinyBERT, MobileBERT, and MiniLM—address
the computational cost challenge by improving efficiency with only modest accuracy trade-
offs, making them suitable for resource-constrained educational environments.

Research gap and our approach: Despite these advances, few studies have conducted
a unified comparison of lightweight, base, and large-scale Chinese PLMs specifically
for educational text classification, while jointly reporting both effectiveness (Accuracy,
Precision, Recall, F1-score, and confusion matrices) and efficiency (training time and
inference latency). To bridge this gap, we benchmark TinyBERT-4L, BERT-base-Chinese,
and RoBERTa-wwm-ext on the THUCNews educational subset. The findings provide
empirical insights for intelligent education systems and clarify the trade-offs between
accuracy and efficiency in practical deployment. Section 3 presents details of the dataset,
preprocessing procedures, experimental setup, and evaluation protocol.

3. Materials and Methods

3.1. Dataset Description and Exploratory Analysis
3.1.1. Corpus Source and Label Taxonomy

The experimental corpus is derived from the publicly available THUCNews dataset,
a widely recognized benchmark for Chinese text classification. To align with the educa-
tional focus of this study, a four-category subset was selected, encompassing Education,
Technology, Finance, and Stock.

Education (ID = 0): News related to K-12 and higher education policy, pedagogy,
examinations, and reform initiatives.

Technology (ID = 1): Reports on educational technology as well as broader technologi-
cal developments relevant to the education sector.

Finance (ID = 2): Coverage of macroeconomic policy, financial reports, and market trends.

Stock (ID = 3): Articles concerning equity markets, index fluctuations, and company
disclosures.

This taxonomy captures the real-world intersections between education, technology,
and finance. For instance, educational reforms often involve technological integration,
while discussions on university funding are closely linked to financial policy. A notable
challenge arises from the substantial lexical overlap between Finance and Stock, which may
lead to systematic misclassifications—an issue further examined through confusion matrix
analysis in later sections.

To ensure consistency, symmetry, and reproducibility, each class is assigned a fixed
numeric identifier. These identifiers are maintained throughout preprocessing, model
training, and evaluation, supporting standardized per-class reporting and analysis. The
full label taxonomy and numeric mapping are summarized in Table 1.



Symmetry 2025, 17, 1812

7 of 26

Table 1. Label taxonomy and numeric mapping.

Class ID Semantics
Education 0 K-12 and higher education policy, pedagogy, exams
Technology 1 Educational technology and related innovations
Finance 2 Macroeconomy, financial reports, market news
Stock 3 Equity market trends, indices, company disclosures

3.1.2. Splitting Strategy and Reproducibility

To ensure a fair and reproducible evaluation, the dataset was divided into training
(80%), validation (10%), and test (10%) subsets using a fixed random seed of 42. This split
ratio follows standard practice in text classification, providing sufficient data for model
learning, a validation set for hyperparameter tuning and early stopping, and a held-out
test set for unbiased final assessment.

As part of preprocessing, a two-stage deduplication procedure was implemented.
First, exact duplicates were identified and removed through hash-based matching to
prevent identical documents from appearing across different splits. Second, near-duplicate
detection was conducted using cosine similarity over 5-g TF-IDF vectors with a strict
threshold of 0.95, retaining only one representative document per cluster of similar texts.
This procedure effectively minimized information leakage that could otherwise artificially
inflate performance metrics.

To maintain distributional symmetry across the splits, stratified sampling was applied
to preserve consistent class proportions. This control is particularly important for semanti-
cally overlapping categories such as Finance and Stock, which could otherwise introduce
class imbalance and bias the learning process.

Comprehensive corpus statistics—including the number of documents, average text
length, length range, class distribution, and truncation ratio—are summarized in Table 2.
These statistics provide transparency regarding dataset composition and reveal that over
93% of documents exceed the maximum input length of 128 tokens, necessitating truncation
during model training.

Table 2. Corpus statistics per split.

. Avg Length . Class Balance
Split Documents (N) (Chars) Min-Max (E/T/F/S) Truncated (>128)
Train 22,400 935.4 7-24,109 0.07/0.07/0.07/0.07 0.94
Validation 2800 952.8 23-43,154 0.07/0.07/0.07/0.07 0.93
Test 2800 954.8 12-22,470 0.07/0.07/0.07/0.07 0.94

3.1.3. Basic Statistics and Length Analysis

To provide a comprehensive characterization of the dataset, we analyzed text length
distributions and class balance across the three splits. As summarized in Table 2, the average
document length ranges from approximately 935 to 955 characters, with outliers extending
up to 43,154 characters in the validation set. These long-tail samples are typically policy
documents or research-oriented news reports that are substantially longer than average.

The distribution of document lengths is illustrated in Figure 1. Most samples fall
between 500 and 1500 characters, yet inputs to pre-trained language models (PLMs) are
capped at a maximum sequence length of 128 tokens. Consequently, approximately 93-94%
of documents exceed this threshold and require truncation. This reveals a key trade-off:
truncation ensures computational efficiency but inevitably leads to contextual information
loss—particularly for lengthy texts such as educational policies or financial reports.
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Figure 1. Character length histogram for train/validation/test splits.

Most documents exceed 128 characters, resulting in truncation ratios above 90%.

Regarding label balance, Figure 2 shows the per-class distribution across the entire
corpus. The four categories—Education, Technology, Finance, and Stock—are nearly sym-
metric in size, with each contributing approximately 7% of the total dataset (see Table 2).
This balanced composition minimizes the risk of class dominance in evaluation metrics.
However, as discussed later in Section 4.2 (Error Analysis), significant lexical overlap be-
tween Finance and Stock frequently leads to misclassification, emphasizing the importance
of using weighted Precision, Recall, and F1-scores for fair performance assessment.
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0.05 -

0.04
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label

Figure 2. Per-class distribution (Education, Technology, Finance, Stock).
All four categories are evenly represented, minimizing class imbalance bias.

3.1.4. Lexical Overlap and Class Similarity

To further investigate potential sources of classification difficulty, we quantified lexical
overlap between categories using the Jaccard coefficient. For two vocabularies V5 and Vg
constructed from character-level 2-g tokens (with minimum document frequency = 5), the
coefficient is defined as follows:

. |VA ﬂVB|

— Yall Vel 1
VA UV @

J(Va, Vs)
where | VANVpg | is the number of shared lexical units, and | VAUVpg | is the total number of
distinct units across both categories. This measure captures the degree of lexical similarity
relative to combined vocabulary size.
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The results, summarized in Table 3, show broadly comparable vocabulary sizes—
ranging from 92,811 tokens in Stock to 101,065 tokens in Finance—indicating balanced
lexical richness across domains. The highest overlap (0.728) occurs between Finance
and Stock, reflecting extensive reuse of financial terminology in both categories. This
explains the frequent misclassifications between them, particularly in stock market reports
containing macroeconomic terms.

Table 3. Pairwise lexical overlap (Jaccard coefficient).

Class Education Technology Finance Stock
Education 1.000 0.685 0.640 0.593
Technology 0.685 1.000 0.665 0.633
Finance 0.640 0.665 1.000 0.728
Stock 0.593 0.633 0.728 1.000

Meanwhile, Education and Technology also exhibit moderate overlap (0.685), largely
due to shared terminology related to policy, innovation, and educational technologies.
Their overlap with Finance and Stock is comparatively lower (~0.59-0.67), suggesting
clearer lexical separation, though minor confusion may still occur.

Figure 3 shows the darker shading along the Finance-Stock axis highlights their strong
lexical similarity, while lighter areas such as Education-Stock indicate weaker connections.
This analysis provides a linguistic explanation for classification errors observed later (see
Section 4.2) and further motivates the use of weighted evaluation metrics and confusion
matrix analysis for fair model assessment.

1.00

Education

Technology

Finance

Stock

&
& N
@\) X &

Figure 3. Lexical overlap heatmap across categories (char-2-g, min_df = 5).

3.1.5. Preprocessing Strategy and Case Analysis

To ensure robustness in downstream modeling, a multi-stage preprocessing pipeline
was implemented to reduce textual noise while preserving semantic integrity. The steps
included the following:

Removal of HTML tags and other markup artifacts;

Normalization of full-width and half-width characters;

Standardization of punctuation symbols;

Reduction in redundant whitespace.

Together, these operations harmonize text formatting, eliminate spurious tokens, and
prepare the corpus for consistent tokenization.

A representative example from the Finance category is presented in Table 4. The
original document contained 3153 characters, which decreased to 2954 characters after



Symmetry 2025, 17, 1812

10 of 26

preprocessing—a reduction primarily attributed to the removal of HTML remnants and
inconsistent character forms, without any semantic loss. Importantly, the meaning and
readability of the text remained intact after cleaning.

Table 4. Example of preprocessing impact on text length and tokenization.

Label Original Processed Truncated Attention
Length (Chars) Length (Chars) @128 Length
Finance 3153 2954 0 128

The transformation is further visualized in Figure 4, which compares raw and prepro-
cessed document lengths and illustrates the corresponding output from the BERT tokenizer.
Although both the original and cleaned texts span several thousand characters, subword
tokenization compresses the input into a maximum of 128 tokens. In this particular exam-
ple, truncation was not triggered, demonstrating that subword segmentation effectively
captures most of the contextual information while maintaining computational efficiency.

—-- max_length=128
3000 - =

2500 A

2000 -

Length

1500

1000

500 4

Original (chars) Preprocessed (chars) Token length (@128)

Figure 4. Preprocessing example: length before/after and tokenized length.

The plot compares raw versus cleaned document lengths and shows the capped
tokenized sequence length (128 tokens).

3.2. Model and Training Configuration
3.2.1. Model Architecture

The first model employed in this study is TinyBERT-4L (huawei-noah/TinyBERT_
General_4L_312D), a compressed variant of the BERT architecture designed to balance
accuracy and computational efficiency. TinyBERT consists of four Transformer encoder
layers, each containing 12 self-attention heads and a hidden size of 312. Compared with
BERT-base (12 layers, hidden size 768), TinyBERT reduces both parameter count and
inference latency by more than half while retaining competitive performance. These
characteristics make it particularly suitable for experiments conducted on limited-resource
platforms such as Kaggle GPUs.

The input text is first tokenized using the WordPiece tokenizer with a maximum
sequence length of 128 tokens. Each sequence is prefixed with a [CLS] token, serving as
the global representation of the document. Tokens are embedded into dense vectors and
sequentially passed through the four stacked encoder layers. Each encoder layer comprises
two core components:

1. Multi-head self-attention, which captures contextual dependencies;

2. Position-wise feed-forward networks (FFNs), which apply non-linear transformations.

After encoding, the final [CLS] embedding is extracted as the document-level repre-
sentation. To mitigate overfitting, a dropout layer with a probability of p = 0.1 is applied.
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The resulting vector is then passed through a fully connected linear layer, projecting it
into a four-dimensional logit space corresponding to the four target categories: Education,
Technology, Finance, and Stock.

The Softmax function converts logits into a probability distribution over classes, as
defined in Equation (2):

k) — &Pz _

p(y = kx) < exp(zc),C 4 (2)
where zy is the logit associated with class k, and the denominator ensures normalization
across the four categories.

The overall workflow is illustrated in Figure 5, which depicts the full processing
pipeline from tokenized input — encoder layers — [CLS] embedding — dropout — linear
projection — Softmax — class probabilities. This compact yet expressive architecture
enables TinyBERT to deliver efficient Chinese text classification while preserving much of
the representational capacity of full-sized BERT models.

[CLS]
Embedding

v

Dropout
(p=0.1)
el ez Encoder Encoder Encoder Encoder

—5 +

Input(max_| [—5 > >
en=128) Layer1 Layer2 Layer3 Layer4

Linear(4-
dim)

v

Softmax(Eq
uation 3-1)

¥

Class
Prob(E/T/F/
S)

Figure 5. TinyBERT-4L architecture for Chinese news classification.

The diagram illustrates the end-to-end workflow, including tokenization, embedding,
multi-layer encoding, [CLS] pooling, dropout, linear transformation, and final Softmax-
based classification.

3.2.2. Optimization and Training Configuration

For fine-tuning the TinyBERT-4L model, we employ the AdamW optimizer, which
decouples weight decay from gradient updates and has proven highly effective for
Transformer-based architectures. The training objective is the cross-entropy loss, a standard
choice for multi-class classification. For a labeled sample (x, y), where y € {1,.. .,4}, the loss
is defined as follows:

exp,

_— 3
T exp(ze) ©

Lee(xy) = —logp, = —log
where z denotes the logits produced by the classification head, and py is the probability
assigned to the ground-truth class y.

To enhance training stability and prevent overfitting, several regularization and opti-
mization techniques are applied:

Gradient clipping at a maximum norm of 1.0 to prevent exploding gradients;

Dropout with p = 0.1 applied to the [CLS] embedding to improve generalization;

Weight decay with a coefficient of 0.01 to regularize parameter magnitudes;

Mixed-precision training (fp16) using PyTorch AMP, which reduces GPU memory
usage and accelerates training while maintaining numerical stability.
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The learning rate follows a linear decay schedule with warm-up. Specifically, the first
10% of training steps are allocated for warm-up, followed by a gradual linear decay until
the end of training. The learning rate at step ttt is defined as follows:

t
Mo pr, 0 <t < pT,
Ny = _ (4)
* {no-(l—({_iﬁT),pTgtST,

where g =5 x 1077 is the initial learning rate, T the total number of updates, and p = 0.1
the warm-up ratio.

The full set of training hyperparameters is summarized in Table 5, ensuring experi-
mental transparency and reproducibility.

Table 5. Training hyperparameters for TinyBERT-4L.

Component Value
Backbone model huawei-noah/TinyBERT_General_4L_312D
Optimizer AdamW
Initial learning rate 5x 107>
Warm-up ratio 0.1
Weight decay 0.01
Dropout 0.1
Batch size (train/eval) 64/128
Max sequence length 128
Epochs 10
Gradient clipping 1.0
Mixed precision Enabled
Random seed 42

The training dynamics are illustrated in Figures 6 and 7. Figure 6 shows the training
loss curve across 10 epochs, characterized by a sharp decline during the first three epochs
followed by gradual convergence to approximately 0.49 at epoch 10. This smooth trajectory
confirms the stability of the optimization process under the AdamW optimizer and mixed-
precision setup.

2.25 A
2.00

1.75 1

Train Loss

1.25 A

1.00 A

0.75 A

0.50

Epoch

Figure 6. Training loss of TinyBERT-4L across 10 epochs.

Meanwhile, Figure 7 presents the validation accuracy curve. Accuracy rises rapidly
during the initial epochs (from roughly 0.40 to 0.75 by epoch 3) and then increases more
gradually, stabilizing around 0.80 after epoch 8. These results demonstrate that the warm-
up plus linear-decay learning rate schedule effectively balances fast convergence with
robust generalization.
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Figure 7. Validation accuracy of TinyBERT-4L across 10 epochs.

3.2.3. BERT-Base-Chinese

To establish a robust baseline, we fine-tuned BERT-base-Chinese, one of the most
widely adopted pre-trained Transformer models for Chinese NLP. The model consists of
12 stacked Transformer encoder layers, each with a hidden size of 768 and 12 self-attention
heads, amounting to approximately 110 M parameters. Compared with TinyBERT-4L,
BERT-base offers substantially higher representational capacity and stronger contextual
modeling ability but at the cost of greater computational and memory demands. This
makes it an appropriate benchmark for evaluating the trade-off between classification
performance and resource efficiency, which lies at the core of this study.

The Figure 8 diagram illustrates the processing pipeline, including token and posi-
tional embeddings, sequential encoding through 12 Transformer layers, and classification
via dropout, linear projection, and Softmax.

Input Embedding W
(Token + Position)
7 ™ ™
Encoder 1 Encoder 7
- —~ =~
Encoder 2 Encoder 8
- ~ |~ ~
Encoder 3 Encoder 9
- ~N ~
Encoder 4 Encoder 10
- ™~ N
Encoder 5 Encoder 11
- ~ ~
Encoder 6 Encoder 12
~— g —
~ ) ) ~
[CLS] —» Dropout - Linear - Softmax

- J

Figure 8. BERT-base-Chinese architecture (12-layer Transformer).

The training dynamics are illustrated in Figures 9 and 10. Figure 9 shows the training
loss curve over 10 epochs, exhibiting a smooth downward trajectory and stable convergence.
Figure 10 presents the validation accuracy curve, which increases steadily across epochs
and approaches near-saturation by epoch 10. These results confirm that BERT-base-Chinese
effectively captures semantic and lexical patterns in the educational corpus, achieving
strong generalization performance under the standardized training framework. Fine-
tuning followed the same optimization setup as TinyBERT-4L.
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Figure 9. Training loss curve for BERT-base-Chinese over 10 epochs.
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Figure 10. Validation accuracy curve for BERT-base-Chinese over 10 epochs.

3.2.4. RoBERTa-wwm-ext Chinese

To further enrich the comparative analysis, we fine-tuned RoBERTa-wwm-ext Chi-
nese, a state-of-the-art pre-trained Transformer model incorporating Whole-Word Masking
(WWM). Unlike the character-level masking strategy used in BERT, WWM masks entire
Chinese words during pre-training, allowing the model to capture more coherent and
semantically meaningful representations. The “ext” extension enhances model capacity
through longer training and the inclusion of larger pre-training corpora, making RoBERTa-
wwme-ext one of the most competitive models for Chinese downstream tasks such as
news classification.

Architecturally, RoOBERTa-wwm-ext shares the same 12-layer Transformer encoder as
BERT-base, with a hidden size of 768 and 12 self-attention heads. This alignment reflects
symmetry in the backbone architecture, whereas asymmetry arises from differences in
pre-training objectives and corpus scale. As illustrated in Figure 11, tokenized sequences
(maximum length of 128) are embedded using token and positional embeddings, processed
through the 12 encoder layers, and summarized via the [CLS] embedding. The [CLS] repre-
sentation is then passed through a dropout layer (p = 0.1), followed by a linear classifier and
Softmax layer, yielding probability distributions over the four target categories: Education,
Technology, Finance, and Stock.
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Figure 11. RoBERTa-wwm-ext architecture.
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The diagram illustrates the embedding layer, the stack of 12 encoder blocks, and the
[CLS]-based classification pipeline (dropout — linear — softmax).
Fine-tuning followed the same optimization setup as TinyBERT-4L. The only dis-
tinction lies in the pre-trained initialization—RoBERTa-wwm-ext benefits from extended
pre-training on large-scale Chinese corpora with Whole-Word Masking (WWM), providing

a semantic advantage over BERT-base.

The training dynamics are illustrated in Figures 12 and 13. Figure 12 shows the
training loss curve over 10 epochs, which decreases smoothly and converges stably without
divergence. Figure 13 presents the validation accuracy curve, which improves rapidly

during early epochs and stabilizes at a consistently high level thereafter.
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Figure 12. Training loss curve for RoBERTa-wwm-ext Chinese (10 epochs).

0.955 1

0.950

0.945

Val Acc

0.940 -

0.935 A

0.930 -

[

Figure 13. Validation accuracy curve for RoBERTa-wwm-ext Chinese (10 epochs).
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Overall, the results confirm that RoBERTa-wwm-ext effectively captures semantic de-
pendencies beyond character-level representations. In particular, it demonstrates superior
robustness in distinguishing Finance and Stock, where lexical overlap is substantial, while
maintaining strong performance in Education and Technology. This comparison highlights
the architectural symmetry shared across models and the asymmetry introduced by distinct
pre-training strategies—consistent with the central analytical theme of this study.

3.2.5. Summary of Model and Training Configuration

This subsection consolidates the architectural and training configurations of the
three Transformer-based models examined in this study—TinyBERT-4L, BERT-base-
Chinese, and RoBERTa-wwm-ext Chinese—highlighting both their structural symmetry
and pre-training asymmetry.

From a structural standpoint, all three models share the same Transformer encoder
backbone and adopt an identical fine-tuning setup: 10 training epochs, batch sizes of 64 /128,
learning rate of 5 x 107>, warm-up ratio of 0.1, weight decay of 0.01, and mixed-precision
(fpl6) training. This consistent configuration ensures fairness in comparison and isolates
performance variations to differences in model capacity and pre-training strategy.

At the same time, clear asymmetries emerge among the models:

TinyBERT-4L applies knowledge distillation, compressing the network into 4 layers
(~14 M parameters) while retaining essential representational capabilities. Its compactness
and efficiency make it highly suitable for resource-constrained environments.

BERT-base-Chinese maintains the standard 12-layer architecture (~110 M parame-
ters) with masked language modeling (MLM) pre-training, offering stronger contextual
modeling but at the expense of substantially higher computational and memory costs.

RoBERTa-wwm-ext Chinese mirrors the BERT-base structure but diverges in pre-
training objectives. Through whole-word masking (WWM) and extended corpus pre-
training, it achieves superior semantic fidelity and robustness, particularly in fine-grained
domains such as finance and stock analysis.

Table 6 summarizes the core architectural characteristics and training configurations
of the three models.

Table 6. Summary of model architectures and training configurations.

Model L H Heads Params Pre-Training Epochs Batch LR Warmup WD FP16
(Tx/Val)
. Distilled from 5
TinyBERT-4L 4 312 12 ~14M BERT-base 10 64/128 5x10 0.1 0.01 Yes
BERTbase- 15 763 12 ~110M MLM 10 64/128  5x10° 01 001 Yes
Chinese
RoBERTa- 12 768 12 ~110M WWM + ext 10 64/128  5x10° 01 0.01 Yes
wwm-ext corpora

To complement the tabular summary, Figure 14 provides a comparative visualization
of parameter size and relative efficiency. As shown, TinyBERT-4L (~14 M parameters)
is over 7x smaller than BERT-base and RoBERTa-wwm-ext (=110 M each), resulting
in substantially lower inference latency. However, this efficiency comes at the cost of
reduced representational depth. In contrast, BERT-base and RoBERTa-wwm-ext exhibit
architectural symmetry but differ in pre-training; the latter achieves stronger robustness
and semantic coherence owing to the Whole-Word Masking mechanism and extended
pre-training corpus.

TinyBERT achieves the highest efficiency with minimal parameters, whereas BERT-
base and RoBERTa offer stronger semantic modeling but require substantially greater
computational resources.
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Figure 14. Comparison of parameter size and efficiency across models.

3.3. Evaluation Protocol
3.3.1. Evaluation Metrics

To ensure a rigorous and reproducible assessment of model performance, four widely
adopted classification metrics are employed: Accuracy, Precision, Recall, and F1-score.
Together, these metrics evaluate the symmetry of correct predictions across all four cate-
gories (Education, Technology, Finance, Stock), while also revealing asymmetries in model
behavior when certain classes are more susceptible to misclassification.

Accuracy measures the overall proportion of correctly classified samples and is defined

as follows: TP+ TN

TP+TN+EP+FN ©)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false

Accuracy =

negatives, respectively. Precision quantifies the reliability of positive predictions:

. TP
Precision = TP L EP (6)
Recall measures the classifier’s sensitivity:
TP
Recall = ———— 7
T TP TN @

Fl-score represents the harmonic mean of Precision and Recall, providing a balanced
evaluation of model performance—particularly under class imbalance:

o precision x Recall

F1=2
precision + Recall

)

In this study, we report weighted averages of Precision, Recall, and F1-score across all
categories. This approach ensures a fair evaluation by accounting for class proportions and
preventing bias toward majority classes.

For a more fine-grained analysis, confusion matrices are also utilized to visualize the
distribution of correct and incorrect predictions across the four categories. These matrices
highlight systematic asymmetries, such as frequent confusion between Finance and Stock
due to high lexical overlap. This dual-level evaluation—combining global macro-metrics
with localized error diagnostics—provides a comprehensive perspective on model behavior,
which will be further analyzed in Section 4.4.



Symmetry 2025, 17, 1812

18 of 26

3.3.2. Experimental Setup

All experiments were conducted on the Kaggle GPU platform, equipped with an
NVIDIA Tesla T4 GPU (16 GB VRAM), 2 vCPUs, and 13 GB RAM, representing a stan-
dard mid-range computing environment. The software stack consisted of Python 3.10,
PyTorch 2.1.0, Transformers 4.37.0, and scikit-learn 1.4.0, ensuring full compatibility and
reproducibility across runs. To accelerate computation and reduce memory usage, mixed-
precision training (fp16) was enabled. For reproducibility, a global random seed (42) was
fixed across Python 3.10, NumPy 1.26, and PyTorch 2.1.

Efficiency in this study is defined through three complementary indicators: parameter
count, training time per epoch, and inference latency (ms/sample). Inference latency
measures the average GPU forward-pass time per sample, excluding tokenization and data-
loading overhead. These indicators jointly quantify the trade-off between computational
cost and real-world deployability in intelligent education systems.

To guarantee symmetric comparability across models, all fine-tuning experiments
were conducted under identical training configurations:

Epochs: 10 for each model.

Batch size: 64 for training, 128 for validation and test.

Maximum sequence length: 128 tokens, with truncation applied to longer texts.

Optimizer: AdamW with 31 =0.9, 3, =0.999, e =1 x 1078, and weight decay = 0.01.

Learning rate: 5 x 1075, scheduled linearly with 10% warm-up steps.

Loss function: weighted cross-entropy, where weights were inversely proportional to
class frequencies to mitigate mild imbalance.

Early stopping: applied if validation weighted F1 did not improve for 3 consecutive epochs.

We fixed the 10-epoch schedule to maintain controlled comparability across model
scales and adopted an 80/10/10 data split to balance training sufficiency, validation stability,
and unbiased testing. This configuration ensures a fair trade-off between model complexity
and dataset representativeness while preserving reproducibility across experiments.

A consolidated overview of the experimental configuration is summarized in Table 7,
which lists the hardware specifications, software environment, and hyperparameter settings.

Table 7. Experimental setup summary.

Component Specification Notes
GPU NVIDIA Tesla T4 (16 GB) Mixed precision enabled (fp16)
CPU & Memory 2vCPUs, 13 GB RAM Kaggle default configuration
Software Python 3.10, Pqurgh 2.1.0, Transformers 4.37.0, Reproducible across runs
scikit-learn 1.4.0
Epochs 10 Best checkpoint selected by validation F1
Batch size 64 (train)/128 (val & test) Unified across all models
Max sequence 128 tokens Truncation applied beyond this length
Optimizer AdamW Weight decay = 0.01
Learning rate 5 x 107° + linear scheduler 10% warm-up steps
Loss function Cross-entropy with class weights Handles mild class imbalance
Seed 42 Fixed for reproducibility

In addition to the textual summary, Figure 15 visualizes the experimental workflow,
covering dataset preprocessing, tokenization, model fine-tuning, and evaluation. The
workflow underscores that the only asymmetry among models arises from differences
in encoder capacity and pre-training strategy, while all other conditions were strictly
controlled to ensure a fair and symmetric comparison.
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Figure 15. Experimental workflow for Chinese news classification.

This figure illustrates the unified pipeline adopted in our study, ensuring fairness in
comparing TinyBERT, BERT-base, and RoBERTa.

4. Results and Analysis
4.1. Overall Performance Comparison

Following the unified training and evaluation protocol established in Chapter 3, we
compared the performance of three representative pre-trained models—TinyBERT-4L,
BERT-base-Chinese, and RoBERTa-wwm-ext—on the held-out test set. All evaluation
metrics were computed according to Equations (4) through (7), with Precision, Recall, and
F1-score reported in their weighted form to mitigate the mild class imbalance discussed in
Section 3.1.3.

Table 8 presents the overall classification results. In addition to the standard effective-
ness indicators (Accuracy, Precision, Recall, and F1-score), we report the average inference
latency per sample to capture computational efficiency. This dual perspective enables a
balanced assessment of both effectiveness (symmetry in predictive accuracy) and efficiency
(asymmetry in computational demand).

Table 8. Overall classification performance on the test set.

Model Accuracy Precision Recall F1-Score Inference Latency
TinyBERT-4L 0.8892 0.8876 0.8892 0.8879 2.8
BERT-base-Chinese 0.9174 0.9161 0.9174 0.9166 6.7
RoBERTa-wwm-ext 0.9312 0.9305 0.9312 0.9308 124

Among the three models, RoOBERTa-wwm-ext achieved the highest overall perfor-
mance, with an Accuracy of 93.12% and a Weighted F1-score of 93.08%. Compared with
TinyBERT-4L, this represents a relative error reduction of 14.7%, and a 5.1% improve-
ment over BERT-base-Chinese. However, these gains come at a significant computational
cost—inference latency rises to 12.4 ms/sample, making it more than four times slower
than TinyBERT.

BERT-base-Chinese achieved a well-balanced trade-off, improving TinyBERT’s ac-
curacy by approximately 2.8 percentage points while maintaining a moderate inference
latency of 6.7 ms/sample.

Despite lower predictive accuracy, TinyBERT-4L remains highly appealing in latency-
sensitive applications such as mobile deployment, real-time educational feedback, and
interactive tutoring systems, thanks to its exceptionally low inference cost (2.8 ms/sample).

To further illustrate the performance—efficiency trade-off, Figure 16 plots Accuracy
against Inference Latency. The figure demonstrates that no single model dominates both
dimensions: RoBERTa-wwm-ext achieves the highest accuracy, TinyBERT offers the lowest
latency, and BERT-base-Chinese provides a balanced middle ground between performance
and efficiency.
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Figure 16. Accuracy vs. Inference Latency Trade-Off.

This scatter plot visualizes the trade-off between effectiveness and efficiency. Tiny-
BERT is best suited for real-time educational applications with strict latency constraints,
whereas RoOBERTa-wwme-ext is preferable when accuracy is prioritized and computational
resources permit.

4.2. Confusion Matrix Analysis

While the overall metrics in Table 8 provide a high-level summary of model effec-
tiveness and efficiency, they do not reveal how classification errors are distributed across
categories. To address this limitation, we analyze the confusion matrices of TinyBERT-4L,
BERT-base-Chinese, and RoBERTa-wwm-ext on the held-out test set (Figures 17-19). All
matrices are row-normalized, such that diagonal entries represent per-class recall, whereas
off-diagonal entries indicate systematic misclassifications.

Consistent with the lexical similarity analysis in Section 3.1.4, the highest level of
confusion occurs between the Finance and Stock categories. Both classes share extensive
vocabulary—including terms such as index, fund, and stock market—which makes them
challenging to distinguish. In contrast, the Education and Technology categories exhibit
greater lexical and semantic separability, leading to consistently higher recall values.
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Technology -
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Figure 17. Confusion matrix for TinyBERT-4L.
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Figure 18. Confusion matrix for BERT-base-Chinese.
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Figure 19. Confusion matrix for RoOBERTa-wwm-ext.

The matrix is row-normalized; diagonal entries indicate per-class recall, and off-
diagonal entries capture systematic misclassifications between semantically overlapping
categories such as Finance and Stock.

The matrix is row-normalized; diagonal entries indicate per-class recall; errors are
primarily concentrated between Finance and Stock.

The matrix is row-normalized and shows the most balanced classification across
categories with reduced Finance-Stock confusion.

Overall, the confusion matrix analysis highlights a symmetry—asymmetry dynamic:
all three models perform symmetrically well on semantically distinct categories (Education,
Technology), while their ability to resolve asymmetric lexical overlaps (Finance, Stock)
improves progressively with model scale and pre-training sophistication.

4.3. Efficiency—Effectiveness Trade-Off

While classification accuracy remains a primary objective, efficiency plays an equally
critical role in real-world educational applications, where computational resources are
often limited and models must operate at scale. To capture this dimension, we analyze the
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trade-off between effectiveness (Accuracy, Fl-score) and efficiency (training and inference
cost) across the three models—TinyBERT-4L, BERT-base-Chinese, and RoBERTa-wwm-ext.

Table 9 summarizes the efficiency metrics obtained from our experiments. TinyBERT
exhibits the fastest training dynamics, requiring only 42.5 s per epoch, and achieves the low-
est inference latency (2.8 ms/sample), translating to a throughput of 357.1 samples/s. These
characteristics make it particularly attractive for latency-sensitive educational scenarios
such as mobile tutoring or interactive feedback systems.

Table 9. Efficiency metrics of different models.

.. . Inference Latency Throughput

Model Training Time/Epoch (s) (ms/Sample) (Samples/s)
TinyBERT-4L 425 2.8 357.1
BERT-base-Chinese 131.2 6.7 149.3
RoBERTa-wwm-ext 248.6 12.4 80.6

In contrast, BERT-base requires 131.2 s per epoch and 6.7 ms/sample latency, offering
a balanced trade-off between accuracy and efficiency.

RoBERTa-wwme-ext delivers the highest predictive performance but incurs the greatest
computational cost—248.6 s per epoch and 12.4 ms/sample latency—limiting its practicality
in resource-constrained environments.

Beyond global efficiency, Figure 20 compares per-class F1-scores. TinyBERT maintains
consistent but relatively lower performance across categories, particularly in Finance and
Stock, where lexical overlap increases task difficulty. BERT-base improves robustness across
all categories, while RoBERTa consistently achieves the highest F1-scores, especially in
fine-grained economic distinctions—though at substantially higher computational cost.
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TinyBERT-4L
BERT-base
0.975¢ mmm RoBERTa-L
0.950
0.9251
o
o
$ 0.900
—
w
0.875}
0.850
0.8251
0.800 Education Technology Finance Stock

Figure 20. Per-class F1-score comparison.

This bar chart compares F1-scores for Education, Technology, Finance, and Stock across
the three models. TinyBERT shows competitive but weaker results in Finance and Stock,
while RoBERTa dominates across all classes.

To illustrate deployment trade-offs, Figure 21 plots overall Accuracy against inference
latency. TinyBERT resides in the low-latency, lower-accuracy corner, making it ideal for
lightweight educational applications. RoBERTa lies at the high-accuracy, high-latency
end, best suited for server-level applications. BERT-base occupies the middle, providing a
balanced option between the two extremes.
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Figure 21. Accuracy vs. Inference Latency.

This scatter plot illustrates the performance—efficiency asymmetry: RoBERTa maxi-
mizes effectiveness, TinyBERT minimizes latency, and BERT-base achieves equilibrium
between both.

Finally, Figure 22 compares training time per epoch. TinyBERT is nearly six times
faster than RoBERTa, underscoring its suitability for rapid experimentation and frequent
retraining—an advantage especially relevant in educational domains where models must
adapt to evolving curricula, new courses, or policy updates.
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Figure 22. Training time per epoch.

The line chart shows that TinyBERT achieves the shortest training time, followed by
BERT-base, while RoBERTa requires the most resources.

In summary, TinyBERT offers the best balance between efficiency and effectiveness,
delivering competitive accuracy with superior speed and resource economy. BERT-base
provides a moderate compromise, while RoBERTa achieves the highest predictive power
but with prohibitive computational cost. These findings highlight the importance of
jointly considering both accuracy and efficiency when selecting models for deployment in
intelligent educational systems.
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4.4. Error Analysis

Although all three models achieve strong overall performance, detailed inspection
reveals systematic asymmetries in error patterns, particularly between semantically over-
lapping categories. To investigate these issues, we conducted a fine-grained error analysis
on the test set.

As shown in Figures 17-19, similar Finance-Stock confusion patterns appear across all
models. This aligns with the lexical similarity analysis in Section 3.1.4, where the Jaccard
coefficient between these two categories reached 0.728—the highest among all class pairs.

The matrices are row-normalized and highlight Finance-Stock confusions across
models, with severity decreasing from TinyBERT to RoBERTa.

To complement the quantitative findings, Table 10 presents representative misclassifi-
cation cases drawn from the test set. Each example demonstrates how lexical overlap or
semantic ambiguity contributes to classification errors.

Table 10. Representative misclassification cases from the test set.

True Label Predicted Label Example (Excerpt) Possible Cause
Finance Stock Fund pferformance drove the Shared tokens commonly used in Stock news
index upward
. Stock market volatility intensified Semantic framing overlaps with
Stock Finance . L. 1
financial risks macroeconomic discourse
EdTech platforms adopted new .
Technology Education algorithms to improve EdTech terminology overlaps between Tech

. . and Education
learning experience

These results confirm that semantic overlap is the primary driver of residual classifica-
tion errors. RoBERTa demonstrates higher robustness than TinyBERT and BERT-base, yet it
remains vulnerable to Finance-Stock confusions under ambiguous contexts.

In summary, the error analysis suggests two promising directions for future improvement:

1.  Domain-specific pre-training (e.g., finance-adapted or education-adapted PLMs) to
enhance fine-grained discrimination in specialized contexts.

2. Hierarchical classification strategies, such as first distinguishing between economic
and non-economic domains before refining Finance vs. Stock, to reduce semantic
interference and strengthen decision boundaries.

5. Conclusions

This study conducted a comprehensive comparison of three pre-trained Transformer
models—TinyBERT, BERT-base-Chinese, and RoBERTa-wwm-ext—on a Chinese educa-
tional text classification task.

The experimental results demonstrate that RoOBERTa-wwm-ext achieves the highest
classification accuracy and robustness, TinyBERT provides the best efficiency for resource-
constrained environments, and BERT-base-Chinese offers a balanced compromise between
performance and computational cost.

These findings highlight the symmetry—asymmetry trade-off between model effective-
ness and efficiency in Transformer architectures. The results provide practical guidance
for selecting appropriate PLMs in intelligent education systems and lay the foundation for
future research on domain-specific pre-training and hierarchical classification strategies to
further enhance precision and interpretability.
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