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ABSTRACT The automatic construction and dynamic optimization of Chinese language teaching
resources in higher education have new technical ideas based on artificial intelligence and natural
language processing technology. This study introduces an automatic content generation model which
combines semantic encoding, knowledge enhancement, conditional control of learning objectives, and
multi-granularity generation to solve the problems of knowledge bias in the generated content, lack of fit
with learning objectives and lack of structural hierarchy. Moreover, a closed-loop optimization mechanism
including quality evaluation, problem diagnosis and strategy refinement is set up. Experimental results
show that the proposed model achieved BLEU-4, ROUGE-L, and BERTScore scores of 38.12%, 50.36%,
and 0.887, respectively, representing improvements of 2.71, 2.74 percentage points, and 0.018 compared
to T5; the knowledge accuracy rate and instructional objective alignment rate reached 91.8% and 90.7%,
respectively, validating the model’s effectiveness in terms of generation quality and instructional suitability.

INDEX TERMS Artificial intelligence; Natural language processing; Instructional content generation;
Knowledge enhancement; Instructional adaptation

I. INTRODUCTION
Advances in artificial intelligence and natural language
processing technologies have driven the shift in instruc-
tional resource development from manual authoring to data-
driven generation, providing new technical pathways for
the large-scale production, dynamic updating, and person-
alized adaptation of Chinese language course content in
higher education. Yu [1] applied adaptive learning systems
to university Chinese language education, validating the
practical value of intelligent technologies in learning support
and content matching; Shen [2] analyzed the effectiveness
of natural language processing in the automatic gener-
ation of instructional resources, emphasizing the impact
of semantic modeling on content quality. Huang et al.
[3] reviewed the technological evolution and application
challenges in the field of language education, pointing out
that adaptation to teaching scenarios and content credibility
remain key challenges. Law [4] summarized the application
forms of generative technologies from a language teaching
perspective, arguing that content generation must balance
instructional objectives, learner diversity, and assessment

feedback. Lu et al. [5] and Yang et al. [6] further discuss
the resource expansion capabilities of generative content
in higher education; however, research on knowledge con-
straints, hierarchical organization, and closed-loop optimiza-
tion remains insufficient. Liu et al. [7] focus on application
consensus in school education, while Liu and Xiao [8] reveal
differences in teachers’ technological engagement across
different teaching stages, illustrating that generative content
must be embedded within specific teaching workflows.

This study takes the teaching textbooks of Chinese as the
research object, establishes the semantic encoding, knowl-
edge enhancement, objective control, multi-granularity gen-
eration and feedback optimization technology framework.
It’s a framework that includes textbook explanation, liter-
ary appreciation, writing training, cultural knowledge, etc.,
which tends to consolidate the knowledge content, system
structure and teaching applicability of the teaching content,
and gives a measurable and verifiable methodological basis
for the intelligent construction of Chinese language teaching
materials in colleges.
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II. MODELING THE EDUCATIONAL CONTENT
GENERATION TASK
The automatic generation of Chinese language teaching
content in higher education can be formalized as a text
generation task under multiple conditional constraints. The
model input consists of course themes, knowledge points,
instructional objectives, learner levels, and content types,
and combines these with an external knowledge base to
construct a set of instructional conditions [9]. Let the
input text be X = {x1, . . . , xn}, the instructional control
conditions be C, the retrieved knowledge information be
K, and the target instructional text be Y = {y1, . . . , ym}.
Then, the generation process is represented as follows:

Y ∗ = argmax
Y

P (Y | X,C,K)

= argmax
Y

m∏
t=1

P (yt | y<t, X,C,K)
(1)

where n and m represent the lengths of the input and
output sequences, respectively; yt is the tth generated word;
y<t denotes the sequence of words generated up to that
point; P (·) represents the conditional probability; and Y ∗

is the optimal generation result that meets the instructional
requirements [10]. Through stages such as semantic parsing,
knowledge retrieval, condition fusion, content generation,
and quality optimization, the model transforms the original
instructional requirements into instructional text that is
structurally complete, factually accurate, and appropriately
challenging. The specific task workflow is shown in Figure
1.

III. MODEL FOR AUTOMATIC GENERATION OF
INSTRUCTIONAL CONTENT
A. OVERALL MODEL ARCHITECTURE
The automatic instructional content generation model con-
sists of an input representation layer, a semantic encoding
layer, a knowledge enhancement layer, a conditional control
layer, a multi-granularity generation layer, and a content
optimization layer (see Figure 2). The input representation
layer evenly represents the subjects of the course, the
knowledge points, and the teaching objectives; the semantic
encoding layer extracts the semantic features of the context;
the knowledge enhancement layer adds external knowledge
retrieval to the literary knowledge and course knowledge;
the condition control layer combines the learners’ level and
the type of content; the generation layer generates para-
graphs, example problems, and exercises; and the optimiza-
tion layer optimizes the output according to the feedback of
consistency, accuracy, and appropriateness.

B. SEMANTIC ENCODING OF INSTRUCTIONAL TEXTS
The semantic encoding module is based on 18,600 college
Chinese language textbooks, lesson plans, and course re-
sources, comprising a corpus of approximately 3.2 million
tokens. These tokens were uniformly truncated or padded to

512 tokens, and a 32,000-word vocabulary was constructed
[12]. The initial representation of input tokens is:

ei = E(wi) + Pi + Ti (2)

where E(wi) is the embedding of the ith token, Pi is
the positional encoding, and Ti is the text type encoding
[13]. The encoder uses multi-head self-attention to extract
contextual relationships:

H = softmax

(
QKT

√
dk

)
V (3)

where Q, K and V represent the query, key, and value
matrices, respectively; dk denotes the key vector dimension;
and H denotes the semantic feature matrix [14]. This pro-
cess captures thematic relationships, knowledge hierarchies,
and discourse structures in instructional texts, providing
a unified semantic input for knowledge enhancement and
conditional control.

C. KNOWLEDGE AUGMENTATION GENERATION
MECHANISM
The knowledge enhancement module constructs a domain
knowledge base based on curriculum standards, literary
works, author information, and teaching cases, containing
approximately 46,000 knowledge entities and 128,000 rela-
tionship triples. The model retrieves candidate knowledge
based on the semantic encoding results, and the relevance
score is expressed as:

si =
hT ki

∥h∥∥ki∥
(4)

where h is the semantic vector of the instructional text,
ki is the representation vector of the ith knowledge item,
and si is the cosine similarity [15]. The top 10 knowledge
items are selected based on their scores and weighted fusion
is performed via an attention mechanism:

z =

K∑
i=1

aiki (5)

ai =
exp(si)∑K
j=1 exp(sj)

(6)

In the equation, K represents the number of candidate
knowledge items, ai represents the normalized weight of the
ith knowledge item, and z represents the fused knowledge
features [16].

D. INSTRUCTIONAL OBJECTIVE CONDITION CONTROL
The instructional objective condition control module en-
codes four types of objectives—knowledge mastery, skill
training, aesthetic understanding, and cultural identity—into
control vectors, and sets three learner levels, four content
types, and five difficulty levels [17]. The comprehensive
conditions are expressed as:
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Fig. 1. Task Workflow for Automatic Instructional Content Generation.

Fig. 2. Model Architecture Flowchart.

c = Wc[o; l; t; d] + bc (7)

where o, l, t and d are the vectors representing instruc-
tional objectives, learner levels, content types, and difficulty,
respectively; [·] denotes vector concatenation; Wc and bc are
trainable parameters; and c is the comprehensive condition
feature [18].

To modulate the influence of contextual information on
semantic representations, a gated fusion mechanism is in-
troduced:

g = σ(Wg[h; c] + bg) (8)

h̃ = g · h+ (1− g) · c (9)

where h represents the text semantic features, g is the
gating weight, σ denotes the Sigmoid function, · denotes
element-wise multiplication, and h̃ is the fusion representa-
tion constrained by the learning objective, which serves as
the conditional input to the generative decoder [19].

E. MULTI-GRANULARITY CONTENT GENERATION
STRATEGY
The content generation strategy of multi-granularity is to
generate content step-by-step according to the four levels
of “lexeme—sentence—paragraph—instructional unit”, in
which the prediction of candidate expressions is based on
the result of semantic encoding in the lexeme layer, the
syntactic completeness and knowledge consistency checking
is done in the sentence layer, and the conceptual expla-
nation and the guidance of problem-based are carried out
in the paragraph layer, and the organic combination of the
introduction, main body, exercise and summary is done in
the instructional unit layer [20]. Shared semantic repre-
sentation and inter-layer attention mechanism are used to
transfer information between layers. The amount of content
generated and the structure of it is dynamic according to
the instructional goals, type of content, and difficulty level
labels. This is shown in Figure 3.
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Fig. 3. Multi-granularity instructional content generation process.

F. MODEL TRAINING AND PARAMETER OPTIMIZATION
The model uses 18,600 instructional texts to construct
training, validation, and test sets, divided in a 7:1:2 ratio.
The batch size is set to 32, with a maximum of 30 training
epochs, an initial learning rate of 2× 10−5 , and a dropout
rate of 0.1.

The training objective consists of the generation loss,
knowledge consistency loss, and conditional control loss:

L = λ1Lgen + λ2Lknow + λ3Lctrl (10)

where Lgen, Lknow and Lctrl represent the text gen-
eration, knowledge constraint, and instructional objective
control losses, respectively, and λ1, λ2, λ3 are the weight
coefficients [21]. Parameters are optimized using AdamW
with learning rate decay set as follows:

ηt = η0

(
1− t

T

)
(11)

where η0 is the initial learning rate, t is the current train-
ing step, and T is the total number of steps [22]. Gradient
clipping and an early stopping mechanism are combined
to suppress overfitting; the relevant training parameters are
shown in Table 1.

IV. COURSE CONTENT: INTELLIGENT OPTIMIZATION
METHODS
Intelligent optimization of instructional content emphasizes
the output generated by the system, and takes “qual-
ity evaluation–problem identification–difficulty adjustment–
regeneration” as a closed loop [23]. The system evaluates
the content quality from five aspects: semantic consistency,
knowledge accuracy, goal alignment, difficulty appropriate-
ness and linguistic coherence to locate the problems of
knowledge discrepancy, loose structure, word repetition and

TABLE 1. Model Training Parameters and Loss Function Settings

Parameter Category Parameter Setting

Data Configuration Training:Validation:Test Split 7:1:2
Input Configuration Maximum Sequence Length 512
Training Configuration Batch Size 32
Training Configuration Maximum Number of Epochs 30
Optimization Configura-
tion

Optimizer AdamW

Optimization Configura-
tion

Initial Learning Rate 2 × 10−5

Regularization Dropout Rate / Weight Decay 0.10 / 0.01
Training Stability Gradient Clipping Threshold / Early-

Stopping Patience
1.0 / 5

Loss Function λ1, λ2, λ3 0.60, 0.25, 0.15

difficulty imbalance by low-scoring items. The optimization
module calls the knowledge correction, content reorgani-
zation, redundancy compression and difficulty adjustment
strategies for revising a candidate text partially or totally.
The reworked results are then again sent back to the
evaluation module until the comprehensive score reaches
a pre-set threshold or the maximum number of iterations
is attained, ensuring the instructional content is stable in
terms of knowledge, structure and instructional suitability.
The particular closed-loop system is displayed in Figure 4.

V. EXPERIMENTAL RESULTS AND ANALYSIS
A. EXPERIMENTAL ENVIRONMENT CONFIGURATION
The experiments were performed on the Ubuntu 20.04
system using hardware platform of Intel Core i9 processor,
64 GB of RAM and NVIDIA RTX 3090 GPU. The soft-
ware environment consisted of Python 3.10, PyTorch 2.0,
Transformers 4.31 and CUDA 11.8. The experimental data
were 18,600 college Chinese language textbooks, lesson
plans, curriculum standards and teaching cases, which were
divided into training set, validation set and test set according
to the ratio of 7:1:2 [24]. The input sequence length was
fixed to 512, the batch size fixed to equal 32 and the number
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Fig. 4. Closed-Loop Framework for Intelligent Optimization of Instructional Content.

TABLE 2. Experimental Environment and Dataset Configuration

Configuration Category Configuration Item Parameter Setting

Hardware Environment Processor Intel Core i9
Hardware Environment GPU / Memory NVIDIA RTX 3090 / 64 GB
Software Environment Operating System Ubuntu 20.04
Software Environment Development Framework Python 3.10, PyTorch 2.0
Software Environment CUDA / Transformers CUDA 11.8 / Transformers 4.31
Dataset Configuration Data Sources University Chinese textbooks, lesson plans,

curriculum standards, and teaching cases
Dataset Configuration Dataset Scale 18,600 texts, approximately 3.2 million to-

kens
Dataset Configuration Dataset Split Training:Validation:Test = 7:1:2
Training Configuration Sequence Length / Batch Size 512 / 32
Training Configuration Maximum Epochs / Random

Seed
30 / 42

of training iterations fixed to 30. To ensure experimental
reproducibility, the random seed was set to 42 and AdamW
optimizer was used.

B. DESIGN OF COMPARATIVE EXPERIMENTS
We selected Transformer, BART, T5, and GPT-2 as com-
parison models and conducted training and testing under
identical dataset splits, input lengths, and training epochs.
All models uniformly used the AdamW optimizer with
a batch size of 32 and a fixed random seed of 42 to
minimize the impact of parameter configuration differences
on experimental results [25]. Content generation quality
was evaluated using BLEU, ROUGE-L, and BERTScore;
instructional adaptability was measured by knowledge ac-
curacy, alignment with instructional objectives, difficulty
matching, and teachers’ comprehensive ratings; and statis-
tical metrics such as the number of parameters, latency per
text generation, and GPU memory usage were recorded.
Each set of experiments was run independently five times,
and results are reported as mean and standard deviation.

C. COMPARISON OF CONTENT GENERATION QUALITY
Comparative experiments were conducted to evaluate the
text generation capabilities of different models for col-

TABLE 3. Comparison of Generation Quality Across Different Models

Model BLEU-4/% ↑ ROUGE-L/% ↑ BERTScore ↑ Perplexity ↓

Transformer 31.84±0.42 44.17±0.38 0.842±0.004 22.6±0.7
BART 34.26±0.37 46.53±0.41 0.861±0.003 19.8±0.5
T5 35.41±0.33 47.62±0.35 0.869±0.003 18.9±0.4
GPT-2 32.97±0.46 45.08±0.44 0.853±0.005 21.1±0.6
Proposed Model 38.12±0.29 50.36±0.31 0.887±0.002 16.7±0.3

lege Chinese language teaching texts under identical data
split, training parameters, and decoding settings. BLEU-4,
ROUGE-L, BERTScore, and perplexity were used to mea-
sure the lexical overlap, semantic consistency, and linguistic
fluency of the generated texts. The results are shown in Table
3.

The proposed model achieved BLEU-4 and ROUGE-L
scores of 38.12% and 50.36%, respectively, representing
improvements of 2.71 and 2.74 percentage points over
T5; The BERTScore improved from 0.869 to 0.887, and
the perplexity decreased to 16.7. The results indicate that
knowledge enhancement and multi-granularity generation
can improve semantic coherence in text and reduce topic
drift and expressive inconsistencies.

D. ANALYSIS OF INSTRUCTIONAL ADAPTATION
EFFECTIVENESS
The evaluation was conducted across four dimensions:
knowledge accuracy, alignment with instructional objec-
tives, difficulty adaptation, and teachers’ comprehensive
ratings. The test samples covered tasks such as literary
appreciation, language knowledge, writing practice, and
cultural understanding; the results are shown in Table 4.

The proposed model achieved a knowledge accuracy rate
of 91.8%, an improvement of 3.9 percentage points over
T5; the instructional objective alignment rate and difficulty
fit reached 90.7% and 89.6%, respectively, with a teacher
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TABLE 4. Comparison of Instructional Adaptation Performance Across
Different Models

Model Knowledge Accuracy/% Objective Matching/% Difficulty Adaptation/% Teacher Score

Transformer 82.6±1.2 80.8±1.5 79.4±1.4 3.72±0.11
BART 85.9±1.0 84.7±1.2 83.5±1.1 3.96±0.09
T5 87.9±0.9 86.4±1.0 85.7±1.2 4.16±0.08
GPT-2 83.8±1.3 82.5±1.4 81.2±1.5 3.81±0.12
Proposed Model 91.8±0.7 90.7±0.8 89.6±0.9 4.41±0.06

TABLE 5. Results of Model Ablation Experiments
Model Configuration BLEU-4/% BERTScore Knowledge Accuracy/% Objective Matching/%

Full Model (K = 10) 38.12±0.29 0.887±0.002 91.8±0.7 90.7±0.8
Without Knowledge Enhancement 35.06±0.41 0.864±0.004 84.3±1.1 89.6±1.0
Without Objective Control 36.21±0.38 0.872±0.003 90.6±0.9 82.8±1.3
Without Multi-granularity Generation 35.48±0.44 0.868±0.004 89.4±1.0 87.2±1.1
Without Closed-loop Optimization 36.67±0.35 0.878±0.003 88.1±0.9 88.5±1.0
Knowledge Retrieval (K = 5) 37.34±0.32 0.881±0.003 89.9±0.8 89.8±0.9
Knowledge Retrieval (K = 15) 37.76±0.31 0.884±0.003 91.2±0.8 90.1±0.8

TABLE 6. Comparison of Model Efficiency
Model Parameters/M FLOPs/G Generation Latency/ms Peak GPU Memory/GB Throughput/(samples · s−1)

Transformer 118 21.4 64.7±1.8 5.2 15.4
BART 139 28.9 72.8±2.1 6.1 13.7
T5 223 41.6 94.5±2.7 8.4 10.6
GPT-2 124 24.7 68.9±2.0 5.7 14.5
Proposed Model 246 39.8 88.2±2.3 8 11.3

rating of 4.41. Compared to Transformer, its teacher rating
improved by 0.69 points, indicating that the condition con-
trol mechanism can effectively align instructional objectives
with content difficulty.

E. ABLATION EXPERIMENTS AND PARAMETER
ANALYSIS
The experiments used the same training set, optimizer,
and random seed across all runs, focusing on evaluating
generation quality and the model’s ability to adhere to
instructional constraints. The results are shown in Table 5.

After removing the knowledge enhancement module, the
knowledge accuracy rate dropped from 91.8% to 84.3%;
after removing the target control module, the target matching
rate fell to 82.8%. When the number of retrieved items
increased from 5 to 10, the BLEU-4 score improved by 0.78
percentage points; however, when it was further increased to
15, the score decreased to 37.76%, indicating that a retrieval
count of 10 strikes a good balance between knowledge
coverage and information redundancy.

F. MODEL EFFICIENCY AND SYSTEM PERFORMANCE
Under the same hardware platform and generation length,
the number of statistical model parameters, computational
load, latency per text generation, peak video memory usage,
and throughput reflect the deployment costs of the model
in batch-generation scenarios for educational content. The
results are shown in Table 6.

The proposed model has 246 M parameters, with a peak
GPU memory usage of 8.0 GB. The latency for generating
a single text sample is 88.2 ms, which is lower than T5’s
94.5 ms; its throughput reaches 11.3 samples/s. Although
knowledge retrieval and conditional control increase the
parameter scale, computational complexity is kept at 39.8 G
through shared semantic encoding and candidate knowledge
truncation.

With 1, 10, 30, 50, and 100 concurrent users configured to
generate requests of uniform length for instructional content

TABLE 7. Comparison of System Performance

Concurrent
Users

Average
Response

Time/s

P95 Latency/s Throughput
(requests ·

s−1)

CPU
Utilization/%

GPU
Utilization/%

Error Rate/%

1 0.91 1.08 1.09 18.6 31.4 0
10 1.06 1.31 8.92 34.2 58.7 0
30 1.28 1.62 21.4 52.8 74.9 0.07
50 1.56 2.03 28.7 67.5 86.1 0.18
100 2.41 3.36 34.9 82.7 94.3 0.63

in succession, we measured the average response time, P95
latency, throughput, resource utilization, and error rate. The
test results are shown in Table 7.

As the number of concurrent users increased from 1 to
50, the system throughput rose from 1.09 transactions/s to
28.70 transactions/s, with an average response time of 1.56
s and an error rate of only 0.18%. When the number of
concurrent users reached 100, the throughput increased to
34.90 transactions/s, with an average response time of 2.41 s
and an error rate of 0.63%; the system continued to operate
stably.

VI. CONCLUSION
In response to the problems of generation and optimization
of Chinese language teaching content in higher education, a
technical framework of "semantic encoding" – "knowledge
enhancement" – "teaching goal setting" – "multi-granularity
Chinese language teaching content generation" – "closed-
loop Chinese language teaching content quality evaluation"
was designed, which can continuously process from re-
quirement analysis to Chinese language teaching content
generation, and then to Chinese language teaching content
quality optimization. The main contribution is to combine
domain knowledge constraints, teaching-objective control
and hierarchical generation mechanisms in a single system,
and to use multidimensional evaluation feedback to enhance
knowledge accuracy, structural integrity and the pedagogical
adaptability. However, the current model is still hindered by
restricted coverage of its corpora, subjectivity of teacher’s
evaluation and insufficient cross-course transferability, and
still cannot be fully used to represent complex context
of literature and implicit intentions of teaching. Future
research should increase the size of the multi-institutional
and multidisciplinary corpora, introduce the dynamic updat-
ing of knowledge, individualized student profile, long-term
feedback mechanism in teaching, and enhance the general-
izability, interpretability and applicability of the framework
in higher education.
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