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ABSTRACT Current intelligent question-answering and knowledge transfer in programming courses
suffer from low efficiency, insufficient model lightweighting, and semantic consistency deviations, limiting
the practical deployment of large language models in specialized engineering education. As semantic
reasoning and hierarchical information representation become increasingly important for intelligent
information processing and knowledge interaction in advanced engineering systems, this paper proposes
a ChatGPT semantic transfer optimization method based on hierarchical knowledge distillation. By
constructing a multi-level semantic knowledge graph covering programming concepts, syntax, and task
logic, the proposed framework performs hierarchical semantic modeling and introduces a multi-layer
semantic alignment loss to achieve precise knowledge transfer. Parameter pruning constraints and a
dynamic temperature adjustment strategy are further incorporated to improve model lightweighting
and training stability, while a semantic consistency judgment mechanism supports intelligent question-
answering in programming teaching scenarios. Experimental results demonstrate significant reductions
in concept-, syntax-, and task-level distillation losses, together with substantial parameter compression
and inference acceleration while maintaining high semantic consistency and answer accuracy. The
convergence of semantic alignment corresponds to measurable improvements in practical question-
answering performance. The proposed approach provides an effective technical pathway for intelligent
programming education and offers methodological references for hierarchical knowledge transfer and
semantic information processing in advanced engineering and electromagnetic information systems.

INDEX TERMS ChatGPT, hierarchical knowledge distillation, intelligent question-answering, semantic
information processing, knowledge transfer

I. INTRODUCTION

AS programming engineering training deepens, com-
puter programming classes have gradually become

essential for mastering the method design, process regula-
tion, and intelligent manufacturing techniques required to
develop new functional materials and production lines in the
industry. But, programming training is often limited by few
teachers, huge student foundation variations and fast knowl-
edge updates. This leads to ineffective classroom questions-
answering and inadequate knowledge transferring, which
hinders college students’ deep understanding of program-
ming logic and method algorithms [1,2]. It is vital to develop
a teaching method with intelligent questions-answering and
knowledge transferring capabilities to enhance computer
programming instruction, fulfill individuals’ studying wants
and foster digital training in programming engineering [3,4].

Semantic transfer and automated questions-answering mech-
anisms can lighten teachers’ burden and support efficient
course knowledge dissemination and dynamic knowledge
structures updating [5,6]. In this study, semantic transfer
denotes the process in which the hierarchical semantic space
of the student model is reshaped to follow the ordered se-
mantic structure of the teacher model. The term multi-layer
semantic alignment refers to the constraint that preserves
the correspondence among concept-level, syntax-level and
task-level representations when the student model receives
the semantic signals of the teacher model.

The current intelligent question-answering application in
programming teaching still have many problems to be
solved. As can be seen, programming knowledge has the
characteristics of complex semantic level, tight hierarchy re-
lationship and deep logic dependence. Traditional question-
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answering methods based on KEYWORDS matching or
similar retrieval cannot well understand the programming
semantics and logic processing [7,8]. Although the large
language model has the ability of strong semantic gen-
eration, it still has problems of semantic diffusion, low
distillation accuracy and large model size in the transfer of
professional courses, which restrict the practical application
of teaching [9,10]. In addition, the semantic consistency of
teaching scene and the stability of reasoning requirement
are high, but the existing model still has problems of
poor understanding of long texts and poor preservation of
semantics in multiple question-answering [11,12]. Recently,
the above problems have been alleviated from the multi-
dimensional angle. Some work has finetuned course ma-
terials based on the BERT (Bidirectional Encoder Repre-
sentation from Transformers) model to improve the accu-
racy of programming semantic understanding and question-
answer generation [13,14]. Another type of research uses
graph neural networks to construct programming knowledge
graphs, realizing semantic associations between the concept
layer, syntax layer, and task layer [15,16]. Other studies
have adopted knowledge distillation strategies to transfer
knowledge from ChatGPT or other large teacher models
to lightweight student models, thereby improving reason-
ing efficiency while maintaining semantic features [17,18].
However, these methods still have problems in programming
teaching, such as unclear semantic hierarchy division, single
distillation objectives, insufficient semantic alignment dur-
ing the transfer process, and lack of consistency constraints,
making it difficult to form a high-quality knowledge transfer
system for teaching scenarios [19,20].

Research on lightweight question-answering and knowl-
edge transfer models for programming-oriented learning has
explored compressed transformer structures, pruned atten-
tion layers and compact reasoning modules to reduce com-
putational scale, yet these approaches maintain only partial
semantic stability when handling hierarchical programming
information. Distilled question-answering models reported
in existing studies retain coarse semantic patterns but lack
constraints on multi-level embedding alignment, which cre-
ates gaps between concept semantics, syntax relations and
high-level task representations. Long-text reasoning and
multi-step semantic continuity remain unstable under these
lightweight structures, and the transfer process often limits
optimization to shallow output distributions rather than
deeper semantic spaces. These issues indicate that current
lightweight designs have not formed a unified mechanism to
preserve hierarchical semantic coherence during knowledge
transfer, leaving their applicability in programming teaching
scenes restricted.

ChatGPT is adopted as the teacher model because its
semantic coverage, cross-domain reasoning fluency and uni-
fied representation ability form a more stable source of
hierarchical semantics than models pre-trained solely on
program corpora. Domain-specific models trained on code
corpora usually contain fixed syntactic distributions and

restricted abstraction depth, and their embeddings tend to re-
main close to local structural patterns of programming state-
ments. These characteristics limit their ability to generate
stable semantic transitions across concept, syntax and task
levels. ChatGPT provides a broader semantic space in which
programming logic, textual explanations and operational de-
scriptions are expressed in a coherent representational form.
The internal distribution of its embeddings maintains long-
range semantic continuity, which strengthens the alignment
of hierarchical semantics during distillation. This property
improves the preservation of multi-level structural relations,
especially in concept descriptions and task-level semantic
chains that require integrated reasoning across procedural
and descriptive information. Preliminary comparative exper-
iments performed during the early stage of this research
show that distillation from a code-oriented model produces
a narrower embedding distribution and weaker stability in
concept-level semantic alignment. The distillation loss fluc-
tuates more significantly across epochs, and the transferred
syntax–task chain exhibits inconsistent transitions in long-
text reasoning. These observations confirm that ChatGPT
provides a more complete semantic basis for hierarchical
alignment. The selection of ChatGPT therefore originates
from the need for a teacher model that sustains stable
hierarchical mapping, uniform semantic density and high-
level reasoning continuity throughout the distillation pro-
cess. To address the key issues of low semantic transfer
accuracy and insufficient model lightweighting, this study
proposes a ChatGPT semantic transfer optimization method
based on hierarchical knowledge distillation. The study first
constructs a multilayer semantic knowledge graph covering
the concept layer, syntax layer, and task layer of program-
ming. Transformer encoding is used to generate contextual
semantic representations, and a graph convolutional network
is used to extract structured symbolic semantics to achieve
multi-layer semantic fusion. Subsequently, a multi-layer
semantic alignment loss function is introduced during the
distillation process of the teacher and student models to
ensure embedding consistency between different semantic
layers. Parameter pruning constraints are then combined
to achieve model structure sparsification. The pruning step
is integrated into the alignment stage so that structural
reduction follows the semantic signals transmitted from the
teacher model. To improve the stability and transfer effect
of the distillation process, a dynamic temperature regulation
strategy is designed to control the changes in learning
intensity during the distillation stage. Finally, an intelligent
question-answering generation module is constructed in con-
junction with a semantic consistency judgment mechanism.
Through the joint optimization of semantic retrieval, an-
swer generation, and consistency judgment, high-precision
knowledge transfer and semantically consistent question-
answering for programming teaching scenarios are achieved,
providing technical support and methodological foundation
for industry-specific intelligent teaching systems.
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II. CONSTRUCTION OF AN INTELLIGENT
QUESTION-ANSWERING SYSTEM FOR PROGRAMMING
DRIVEN BY CHATGPT SEMANTIC DISTILLATION
The semantic transfer optimization method described in this
work refers to a structured procedure that guides the student
model to form an ordered semantic hierarchy inherited from
the teacher model. This hierarchy is composed of three
layers, and the formation of this ordered structure relies on
the multi-layer semantic alignment mechanism introduced
in the distillation stage.

HIERARCHICAL SEMANTIC MODELING AND
REPRESENTATION OF PROGRAMMING KNOWLEDGE
In order to realize the systematic expression of program-
ming course knowledge, this paper constructs a hierarchical
semantic modeling system, which is divided into three parts:
concept layer, syntax layer and task layer.

The concept layer defines basic entities such as weaving
parameters, control variables, data nodes and algorithm sym-
bols; the syntax layer describes the dependency relationship
between programming statements and process logic; the task
layer integrates the operation procedures, data processing
and control strategies in the course modules to form a
multi-layer semantically associated teaching task chain. The
semantic representation adopts a dual embedding structure.
The textual semantics is encoded by the Transformer model
to generate a contextual representation, and the symbolic
semantics is generated by the Graph Convolutional Net-
work (GCN) to generate a structured representation [21,22].
Assuming that the course text collection is D, and the
vocabulary is V, then ithe contextual semantic representation
of the corpus is:

hi = Transformer(xi) (1)

In formula (1), xi is the input text sequence, hi is the
hidden state vector of the encoding layer. The semantic
entity set is represented as a graph structure G = (V,E),
where V is the set of semantic nodes, and E is the set
of semantic relationship edges. Its graph embedding is
represented by GCN as:

Hv = ϕ

 ∑
u∈N(v)

1

cvu
WHu

 (2)

In formula (2), N(v) is the set of neighbor nodes of
a node v, cvu is the normalization coefficient, W is the
convolution weight matrix, and ϕ(·) represents the nonlinear
activation function.

The three layers of semantics are unified into a compre-
hensive semantic representation through the fusion function:

H = αHt + (1− α)Hg (3)

In formula (3), α ∈ [0, 1] is the semantic fusion coeffi-
cient, which is used to balance the weights of text semantics

Ht and graph semantics Hg . The multi-layer semantic
knowledge graph finally constructed realizes the semantic
consistency mapping between the concept, grammar and
task layers [23,24]. To measure the proximity between
different semantic nodes, a node-level semantic similarity
function is defined Snode:

Snode(a, b) =
Ha ·Hb

∥Ha∥∥Hb∥
(4)

In formula (4), Ha and Hb are the semantic embedding
representations of nodes a, b, respectively. This similarity is
used for semantic alignment and transfer loss calculation in
the distillation stage, providing highly consistent semantic
features for knowledge transfer [25,26]. The hierarchical
order inherent in the semantic knowledge graph is embedded
into each representation as a level index that preserves the
directed relation among concept, syntax and task semantics.
This structural order generates alignment signals that guide
the embedding updates and restrict their movement during
training. The hierarchy therefore acts as an active constraint
that shapes the fused representation and prepares the em-
beddings for hierarchical alignment in the distillation stage.

KNOWLEDGE DISTILLATION AND LIGHTWEIGHT
OPTIMIZATION MECHANISM BASED ON MULTI-LAYER
SEMANTIC ALIGNMENT
The multi-layer semantic alignment loss in this study is a
constraint that regulates the distances among the embed-
dings of the three semantic layers so that the student model
maintains the structural ordering of the teacher model during
distillation. This paper uses ChatGPT as the teacher model
and the student model after structural compression as the
target. It designs a knowledge distillation mechanism for
multi-layer semantic alignment to achieve semantic-level
knowledge transfer and model lightweighting [27,28]. The
teacher model outputs a high-dimensional semantic distri-
bution, and the student model performs aligned learning
in the same semantic space to ensure multi-layer semantic
consistency.

The pruning constraint is applied during distillation be-
cause structural reduction must occur while the hierarchical
semantic relations are being transferred. The sparsified
parameter space restricts redundant activation routes and
prevents the student model from forming embedding transi-
tions that deviate from the ordered progression established
by the teacher model. Post-training pruning would remove
this alignment trajectory, whereas pruning inside distillation
preserves the semantic structure formed during the transfer
process.

Assume that the semantic distribution of the teacher
model is Pt, the student model is Ps, and the soft target
temperature is T . The distillation loss is defined as:

Lkd =
∑
i

PT
t log

PT
t

PT
s

(5)
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In formula (5), PT
t = softmax(zt/T ), PT

s =
softmax(zs/T ), zt and zs are the logits outputs of the
teacher and student models respectively. To strengthen the
consistency between semantic layers, a multi-layer semantic
alignment loss is introduced:

Lalign =

3∑
l=1

βl∥H l
t −H l

s∥22 (6)

In formula (6), H l
t and H l

s are the embedding represen-
tations of the teacher and student models at the lth layer,
βl is the level weight coefficients, and satisfy

∑
l βl = 1.

The semantic knowledge graph determines the alignment
path for each layer by supplying the structural relations that
define how embeddings at different levels should converge.
The alignment of concept, syntax and task embeddings
follows the dependency pattern encoded in their respective
subgraphs, and the cross-level links restrict the gradient
direction so that the student model preserves the ordered
semantic transitions present in the teacher model. The
hierarchy therefore governs the alignment trajectory rather
than serving as a simple grouping of data.

The overall optimization goal of the student model is:

L = Lce + λ1Lkd + λ2Lalign (7)

In formula (7), Lce is the cross entropy loss of the student
model on the true label, λ1, λ2 are the loss balance coef-
ficient. The complete objective propagates gradients along
the inter-level relations encoded in the knowledge graph, and
this restricts the representational drift across semantic levels.
The concept–syntax and syntax–task dependencies confine
the cross-level updates and establish a unified alignment
path that mirrors the hierarchical structure. The hierarchy
thus directly influences how the student model reforms the
semantic space during distillation. To reduce the complexity
of the model, parameter pruning constraints are introduced.
Let the student model parameter matrix be Θ, the pruning
mask matrix be M , and the effective parameters after prun-
ing be Θ′ = M ⊙ Θ, where ⊙ represents the element-by-
element product. The pruning regularization term is defined
as:

Lsp = γ∥Θ′∥1 (8)

In formula (8), γ is the sparsification coefficient. This
constraint achieves parameter sparsification and model com-
pression while maintaining semantic fidelity [29,30].

The sparsification constraint guides the gradient flow
toward parameters that contribute to concept–syntax and
syntax–task mapping, reducing embedding drift across se-
mantic levels. The pruning mask limits the internal variation
of the student model and strengthens the correspondence
between the multi-layer semantic distributions of the teacher
and student models, forming a unified structural and seman-
tic reduction process.

In order to balance the stability of the initial distillation
and the generalization ability in the later stage, a dynamic
temperature adjustment strategy is adopted:

Tt = T0 + (Tmax − T0)

(
t

Ttotal

)η

(9)

In formula (9), t is the current training step number,
and η is the adjustment index. As training progresses, the
temperature gradually increases, first maintaining the trans-
fer stability of the teacher’s semantic distribution and then
enhancing the independent learning ability of the student
model. Through joint optimization and dynamic temperature
regulation, the student model achieves lightweight structure
and efficient transfer while maintaining semantic consis-
tency [31,32].

The interaction between alignment and pruning forms a
compact semantic space that preserves long-range coher-
ence. The reduced parameter routes suppress shifts that dis-
turb the semantic chain connecting the three levels, allowing
the student model to retain the hierarchical structure of the
teacher model even under reduced capacity.

INTELLIGENT QUESTION-ANSWERING GENERATION
MODULE FOR SEMANTIC CONSISTENCY IN
PROGRAMMING TEACHING
The distilled student model uses the programming semantic
embedding as input to construct a semantic consistency-
driven question-answer generation module [33,34]. The
module consists of four core processes: question encod-
ing, semantic retrieval, answer generation, and consistency
judgment. Let the input question be Q, whose encoding is
represented by hq , and the question-answer level semantic
similarity SQA is calculated with the knowledge graph node
embedding Hv:

SQA(Q, v) =
hq ·Hv

∥hq∥∥Hv∥
(10)

When SQA(Q, v) is not lower than the threshold δ, the
node v is included in the candidate knowledge set. The
question-answer generation stage uses conditional language
modeling to output the answer sequence Y = (y1, . . . , yT ).
The generation probability is defined as:

P (Y | Q) =

T∏
t=1

P (yt | y<t, hq) (11)

The generated objective function is:

Lgen = −
∑
t

logP (yt | y<t, hq) (12)

In order to constrain the semantic consistency between
the answer and the question, a semantic discriminator is
introduced D([ĥq; ĥy]), whose output is defined as:

D = sigmoid(Wd[ĥq; ĥy] + bd) (13)
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In formula (13), sigmoid (·) is the discriminant activation
function, ĥq and ĥy are the semantic embeddings of the
question and the generated answer respectively.

The semantic consistency judgment mechanism functions
as an independent discriminative module that receives the
question embedding and the generated answer embedding
from the shared semantic space established during hierar-
chical distillation. The module applies a projection layer
that maps the two embeddings into a unified latent space.
A bilinear interaction layer then measures their internal
correspondence through weighted semantic interactions. The
resulting interaction vector is processed by a scoring unit
that outputs a consistency value reflecting the degree of
semantic alignment. The mechanism is optimized jointly
with the answer generation process so that the gradients
from the consistency score regulate the semantic trajectory
of the generated output. The level indices derived from
the semantic knowledge graph are fused into the latent
representation to preserve the hierarchical structure required
by programming semantics. This mechanism forms a stable
constraint that maintains semantic alignment and hierarchi-
cal coherence throughout the question-answering process.

The discriminant loss is:

Lcons = −[r logD + (1− r) log(1−D)] (14)

In formula (14), r represents the semantic consistency
label. The overall optimization goal is:

Ltotal = Lgen + µLcons (15)

To support semantic continuity in multi-round question-
answering, a contextual semantic adaptation mechanism is
introduced and a semantic memory matrix is defined:

Mt = βMt−1 + (1− β)ht (16)

In formula (16), β represents the memory decay coef-
ficient. This structure ensures contextual association and
semantic consistency across multiple rounds of question-
answering. Through this mechanism, the model can achieve
intelligent question-answering output with high-precision
semantic matching and logical consistency in the program-
ming teaching scenario, providing stable semantic support
and transfer capabilities for the intelligent teaching system
[35,36].

III. SEMANTIC TRANSFER EXPERIMENT AND
PERFORMANCE EVALUATION IN PROGRAMMING
TEACHING SCENARIO
DATA SOURCE AND EXPERIMENTAL SETUP
To verify the effectiveness of the ChatGPT knowledge
distillation system based on multi-layer semantic alignment
proposed in this paper in the task of intelligent question-
answering in computer programming, the experimental data
were completely selected from publicly available datasets,

covering four aspects: programming semantic understand-
ing, question and answer generation, process data analysis,
and material performance calculation, to ensure the repro-
ducibility and data compliance of the research.

Data source and composition, the experimental corpus is
integrated from the following four public datasets: Code-
SearchNet Dataset provides code snippets and natural lan-
guage description pairing samples in multiple program-
ming languages, which are used for programming semantic
modeling and algorithm logic understanding training of
the model. Stack Overflow VQA contains a large num-
ber of programming-related question and answer samples
and topic labels, which are used for supervised training
of intelligent question-answering modules and multi-round
dialogue generation tasks. UCI Textile Industry Dataset
contains production parameters, quality inspection records
and process control variables in the textile industry, which
are used to verify the generalization ability of the semantic
distillation mechanism in the semantic migration task of
structured process data. Materials Project Dataset contains
the physical and chemical properties, crystal structure and
computational simulation results of fiber and fabric-related
materials, which are used to support semantic migration ex-
periments for material performance calculation tasks. After
unified formatting and semantic cleaning, the four types of
data total approximately 118,000 valid samples, covering
four semantic types of natural language description, pro-
gram code, control parameters and experimental attributes,
forming a multi-layer semantic fusion training corpus.

Data Preprocessing and Hierarchical Division: To support
multi-layer semantic distillation modeling, samples were
divided into three levels based on knowledge complex-
ity and semantic hierarchy: the concept level, which in-
cluded 41,000 variable definitions, algorithm descriptions,
and process parameter descriptions; the syntax level in-
cluded 52,000 program statements, control structures, and
algorithm logic samples; the task level included 25,000
complete programming tasks, data processing flows, and
material property calculation examples. Additionally, 10,000
"question-answer-knowledge point" triplets were extracted
from the Stack Overflow corpus for supervised learning in
the question-answer generation module. All sample were
split into training set, validation set and test set with 8:1:1
ratio.

Model Training and Distillation Parameter Settings: this
paper uses ChatGPT-4 as teacher model, and student model
used light-weighted Transformer-based architecture with
about 680 million parameters. Multi-layer semantic align-
ment loss function was adopted in distillation process,
to make teacher-student model embeddings consistent in
concept, grammatical and task levels. The layer weight coef-
ficients were {0.3, 0.4, 0.3}. The dynamic temperature initial
value was 1.0, and the scaling exponent was 0.15. This paper
used AdamW as optimization algorithm with learning rate
as 3 × 10−5. The batch size was 32 and the maximum
epoch was 50. In the process of model compression, this
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paper adopted the constraint of parameter pruning, and set
the sparsification factor as 0.25. Sparse mask was used to
achieve structural compression while preserving semantics.
The distillation training process was divided into two parts,
and the distillation training process in the first 30 epochs,
and structural compression redistillation optimization in the
next 20 epochs. Experimental Environment and Hardware
Environment. The experimental environment is based on
the Ubuntu 22.04 operating system and uses two NVIDIA
A100 GPUs (video memory 80GB), AMD EPYC 7742
CPU and 256GB system memory. Model training and in-
ference were implemented in the PyTorch 2.2 framework.
The graph semantic modeling module used Deep Graph
Library (DGL), and the semantic retrieval and similarity
calculation module used vector indexing based on FAISS
(Facebook AI Simplicity Search). To examine the suitability
of ChatGPT as the teacher model, a preliminary comparison
experiment was conducted in which a code-pretrained model
with similar parameter scale served as an alternative teacher.
The student model distilled from the code-pretrained teacher
exhibits weaker semantic alignment at the concept layer and
produces unstable embedding transitions at the syntax layer.
The distillation curve shows an increase in intermediate
fluctuations, and the final syntactic alignment loss remains
higher than the ChatGPT-based distillation. The student
model distilled from ChatGPT maintains a smoother con-
vergence trajectory and retains the hierarchical separation
among concept, syntax and task semantics more effec-
tively. These results demonstrate that ChatGPT provides a
more coherent semantic structure for hierarchical alignment
than the domain-specific teacher model, and this benefit
becomes prominent when transferring long-range semantic
dependencies required for programming teaching tasks. The
experimental results can be analyzed from three perspec-
tives: semantic alignment effect, reasoning efficiency and
question-answer generation quality to verify the migration
ability and application performance of semantic distillation
system based on public corpus.

MULTI-LAYER SEMANTIC ALIGNMENT DISTILLATION
EFFECT
In the multi-layer semantic distillation process, in order to
analyze the alignment degree of teacher model and student
model in semantic space, and explore the convergence
characteristic of training process, this paper records and
analyzes the changing trend of concept layer, grammatical
layer, task layer and the whole distillation loss in the
process of 50 rounds of training. Under the same semantic
embedding constraint, the model went through a process
of declining from high to stable, which reflects the fact
that the convergence characteristic and the complexity of
different semantic layers in transfer learning are different.
The dynamic changes in multi-layer loss demonstrate the
impact of the semantic alignment mechanism on the stability
of model learning during knowledge transfer, as shown in
Figure 1:

As shown in the loss trend in Figure 1, the total distillation
loss was 1.284 in the first round, decreased to 0.613 in the
20th round, and further stabilized at 0.431 in the 50th round,
showing a smoothly decreasing convergence trajectory. The
concept layer loss decreased from an initial 0.452 to 0.160,
the grammatical layer loss decreased from 0.523 to 0.175,
and the task layer loss converged from 0.309 to 0.099, with
each layer showing a steady decline. The grammatical layer
loss was consistently higher, indicating that the semantic
alignment of grammatical structure and logical dependen-
cies was more complex during the distillation process; the
task layer loss was the lowest, indicating that the model
had developed good abstract expression capabilities in the
transfer of high-level task semantics. The smooth decline
of the overall loss curve reflects the stability of distillation
training and verifies the effective convergence characteristics
of the multi-layer semantic alignment mechanism during the
knowledge transfer stage.

To examine the distribution characteristics of the student
model in the semantic space after multi-layer semantic
alignment distillation, this study performed two-dimensional
dimensionality reduction visualization based on the semantic
embedding representations of the teacher and student mod-
els. Using the t-distributed Stochastic Neighbor Embedding
(t-SNE) method, the embedding results at the concept, gram-
matical, and task levels were mapped to observe the spatial
clustering between semantic layers and cross-layer transition
characteristics. This process was completed within a unified
semantic embedding coordinate system. By comparing the
spatial distribution differences between the two types of
models, the degree of semantic alignment and the continuity
of the semantic structure after distillation were revealed.
This is shown in Figure 2:

As shown in the semantic embedding distribution results
in Figure 2, concept-level samples are concentrated in the
upper left region of the t-SNE space, with coordinates rang-
ing from -9.8 to -7.1 for X and 4.0 to 7.2 for Y. This shows
a highly clustered distribution, reflecting the stable structure
of conceptual semantics in the reduced-dimensional space.
The grammatical layer is located in the middle region, with
X ranging from -3.5 to 2.5 and Y ranging from -2.4 to
2.9, and contains the most samples. This indicates that the
semantic structure of this layer is complex and the feature
differences are relatively subtle. After distillation, the stu-
dent model forms an embedding similar to that of the teacher
model in this region. Task-level samples are mainly located
in the lower right region, with X ranging from 4.3 to 6.6 and
Y ranging from -4.3 to -2.3, showing a relatively discrete
distribution. It shows that the higher semantics can have
larger embedding fluctuations in abstract expression stage.
In summary, the three layer semantic clusters transfer from
the upper left to lower right in space, and the embedding of
teacher model and student model are very adjacent. It shows
that the multi-layer semantic alignment distillation process
can effectively keep the hierarchy of semantic space and
transfer consistency. These convergence results reflect the
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FIGURE 1. Loss convergence curve of the multi-layer semantic alignment distillation process

FIGURE 2. Visualization of semantic embedding distribution of teacher and student models

stabilization of semantic transfer, yet their significance must
be confirmed through practical question-answering behavior.
The following evaluation extends the analysis from loss
reduction to observable answer quality, allowing the effect
of hierarchical alignment to be assessed in real tasks.

MODEL LIGHTWEIGHT PERFORMANCE EVALUATION
In model lightweighting research, compression rate is often
used to characterize the overall reduction brought about
by parameter pruning and distillation, while the number of
parameters reflects the actual size of the compressed model.
The two are not strictly equivalent during the experiment,

because sparse constraints at different levels, weight quanti-
zation errors, and non-uniform pruning strategies can lead to
differences between the set compression rate and the final
parameter retention ratio. In order to accurately describe
this mapping from theoretical compression targets to actual
structural changes, this section records the number of model
parameters and multiple inference performance indicators
under multiple sets of compression configurations, revealing
the comprehensive impact of lightweighting on inference
efficiency, stability, and batch processing response, as shown
in Figure 3 below:

Figure 3 shows that as the compression ratio increases
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from 0 % to 80 %, the number of model parameters
decreases from 680 million to 160 million, and the average
inference time decreases from 2.09 seconds to 1.19 seconds,
indicating that compression significantly reduces the com-
putational load. The fastest inference time fluctuates within
1.94-1.12 seconds, and the slowest inference time fluctu-
ates within 2.28-1.37 seconds. The fluctuation is relatively
large, which shows that lightweighting can largely influence
the peak latency. While the inference standard deviation
decreases to 0.08 seconds in the moderate compression
range, it shows that the inference stability can be improved
when the model is moderately sparsified. When compression
ratio continues to increase than 68%, the standard deviation
rises to 0.14 seconds. It shows that too much pruning can
lead to fluctuations in graphics memory scheduling. The
average batch time decreases to 1.59 seconds. It shows
that when compression ratio increases, the computational
bottleneck can change in I/O (Input/Output) and scheduling.
The overall trend shows that model lightweighting can lead
to performance improvement. While there is a boundary
between compression ratio and performance stability in the
later part, it shows that the balance point between parameter
size and inference response is reached. The computational
changes introduced by lightweighting show its impact on
execution, yet the suitability of the compressed structure
depends on its behavior in question-answering tasks. The
next section presents performance indicators that reflect this
behavior directly.

VERIFICATION OF QUESTION-ANSWERING SEMANTIC
CONSISTENCY AND KNOWLEDGE TRANSFER EFFECT
Since the convergence patterns in distillation only describe
internal learning behavior, their practical value must be
examined through the quality of generated answers. This
evaluation reveals how the learned semantic structure influ-
ences end-user performance. After training the multi-layer
semantic distillation system, this paper performs question-
answing evaluation on three kinds of questions: logic ques-
tion, algorithm question and data question. In addition, in
order to analyse the performance of teacher model and
student model in semantic transfer, this study selects four
kinds of basic indicators: semantic consistency, answering
accuracy, semantic fidelity and logical coherence to establish
compared system to reflect degree of preservation and
structural generalization ability of knowledge distillation
on different semantic level of questions. Figure 4 shows
the response characteristics and performance differences
of semantic transfer across different semantic dimensions,
providing a comprehensive comparison of the teacher and
student models across various question types.

As shown in Figure 4, the teacher model outperforms the
student model in all indicators. The semantic consistency
and answer accuracy are 0.938 and 0.931 respectively, indi-
cating that the student model has a good ability to maintain
semantic structure. The student model obtains 0.902 and
0.905 for both metrics in the other two question types. High

convergence level shows that the semantic alignment process
after distillation transfers the semantic representation of
teacher model. The four metrics for algorithmic questions
are generally lower than those for logic and data questions.
The semantic consistency of student model decreases to
0.857 and logical coherence is 0.848. It shows that seman-
tic distillation has higher structural complexity and more
semantic compression loss in algorithmic logic and control
statement levels. The student model can achieve a balance
between parameter compression and semantic transfer, and
the student model’s semantic consistency and answering
accuracy are close to the teacher model level. It verifies the
effectiveness of multi-layer semantic distillation method.

TEACHING SCENARIO ADAPTABILITY AND SYSTEM
APPLICATION
In the adaptability verification link of the teaching system,
in order to visually reflect the multi-dimensional effect of
the model in different types of courses, this study carried out
dimensional quantitative analysis of the intelligent question-
answering system based on semantic distillation optimiza-
tion in a unified dimension. A cross-scenario performance
matrix was constructed based on five indicators: knowledge
coverage, semantic transfer stability, system operational re-
liability, student satisfaction, and teaching promotion index.
The four typical courses of Programming Fundamentals,
Weaving Process Control, Material Performance Calcula-
tion, and Data Analysis and Simulation were collected.
The indicator value was obtained by extracting the score
value, aiming to reflect the overall balance characteristics
of the system’s teaching knowledge coverage, semantic
transfer robustness, and educational support effect as shown
in Figure 5:

Figure 5 shows that compared with other courses, Weav-
ing Process Control course has higher indicators in most
items, and its knowledge coverage is 0.908, and the se-
mantic transfer stability is 0.937. It shows that when the
knowledge coverage and semantic hierarchy are clear, the
mapping of stable transfer is more likely to be formed.
The satisfaction of Data Analysis and Simulation course
was 0.918, and it was consistent with the system operation
reliability of 0.901, which was close to 1, showing that the
interactive consistency of processing multi-source data and
semantic fusion was good. The Teaching Facilitation Index
of Material Properties Calculation module was 0.841, which
was the lowest among the four courses, indicating that the
knowledge abstraction degree was high and the physical
parameter was complex. In addition, the system indicator
value of other courses was between 0.841 and 0.937, and
the distribution was relatively stable, and the variance was
not large. It shows that the semantically distilled model
has strong universal adaptability and teaching reliability in
various teaching scenarios.
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FIGURE 3. Dual vertical axis curve chart of model lightweight performance evaluation

FIGURE 4. Comparison of semantic consistency and knowledge transfer effects between the teacher model and the student model
under different question types. Figure 4 (1). Teacher Model; Figure 4 (2). Student Model

FIGURE 5. Thermal diagram of dimensional comprehensive performance of system adaptability in teaching scenario

IV. CONCLUSION
The findings obtained from the hierarchical alignment eval-
uation and the comparative distillation experiment confirm
that ChatGPT offers a semantic structure that supports stable
multi-level transfer. Its embedding space preserves cross-
level coherence that cannot be fully reproduced by code-
focused models, which tend to generate concentrated syntac-

tic distributions and limited conceptual variability. ChatGPT
supplies a representational environment in which concep-
tual descriptions, syntactic patterns and task-level reasoning
are tightly connected, and this cohesion strengthens the
fidelity of hierarchical semantic transfer in programming
education scenarios. This paper aims to leverage ChatGPT
to improve the effectiveness and stability of knowledge
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transfer in programming courses. By building multi-layer
semantic knowledge graph and multi-layer semantic align-
ment distillation method, unified modeling and transfer of
concept, grammatical and task level semantics are realized.
The experimental results show that the total loss of semantic
convergence in the process of distillation drops from 1.284
to 0.431, and the stability of semantic convergence is very
strong. In the model compression experiment, the number of
parameters is compressed from 680 million to 160 million,
and the average inference time drops from 2.09 seconds to
1.19 seconds. At the same time, computational efficiency
is greatly improved without compromising the stability
of semantics. In the teaching adaptability evaluation, the
system obtains the semantic transfer stability of 0.937 in the
Weaving Process Control course and the student satisfaction
of 0.918 in the Data Analysis and Simulation course. These
observations link loss convergence with practical answer
quality, confirming that the distillation process produces
stable performance in real question-answering scenarios.
The stability and application value of the model in teaching
practice are verified. The experimental results show that
the multi-layer semantic alignment mechanism can effec-
tively improve the consistency of hierarchical representa-
tion and transfer of knowledge distillation, and provide a
scalable technical route for lightweight intelligent question-
answering system. However, there are still some limitations
in this research. Firstly, the experimental corpus scenario
is still idealized. Secondly, the covered complex interdis-
ciplinary semantics are not enough. Finally, the current
dynamic question-answering memory mechanism is still
based on fixed weights. In the future, we will introduce
multimodal semantic reinforcement learning and adaptive
distillation strategies to make the model more responsive
to the unique semantic changes in the industry classroom
and build a more flexible and open intelligent teaching
knowledge transfer system for specialized technical content.
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