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ABSTRACT Efficient semantic information processing and multi-hop knowledge reasoning have become
essential technologies for intelligent information services and next-generation networked systems. To
address inaccurate semantic understanding caused by short or ambiguous queries and insufficient reasoning
capability under fragmented knowledge structures, this study proposes an intelligent question answering
framework that tightly integrates Transformer-based semantic encoding with graph attention reasoning.
The proposed architecture employs DeBERTa-v3-base and conditional random fields for entity recognition,
combines dual-tower vector retrieval with cross-encoder reranking for semantic disambiguation, and
constructs k-hop knowledge subgraphs enhanced by multi-layer Graph Attention Networks to achieve
relation-aware information propagation and evidence aggregation. A multi-task joint optimization strategy
incorporating adaptive gradient normalization, adjacency reconstruction regularization, and negative
sampling is further introduced to improve long-tail generalization and reasoning robustness. Neo4j
graph storage and FAISS vector indexing enable near real-time retrieval and scalable deployment.
Experimental evaluation demonstrates high semantic understanding accuracy, interpretable multi-hop
reasoning capability, and stable performance under short and colloquial queries, with superior Exact
Match and path reasoning accuracy compared with baseline models. Beyond educational applications,
the proposed framework provides an effective methodology for semantic information fusion, distributed
knowledge reasoning, intelligent query processing, and adaptive decision support, offering valuable
references for communication-enabled information systems, networked knowledge services, and intelligent
information infrastructures related to Electromagnetic Waves, Antennas and Propagation engineering
applications.

INDEX TERMS semantic information fusion, graph attention networks, distributed knowledge reasoning,
intelligent query processing

. INTRODUCTION

With the popularization of digital teaching resources and
online learning platforms, natural language-based question-
and-answer services in educational scenarios have become
an important tool for improving learning efficiency and per-
sonalized teaching [1]-[3]. Compared with general question
answering, educational question answering places higher
demands on the accuracy, interpretability, and consistency
with the curriculum system of the answers [4], [5]. However,
students’ inquiries are often expressed in short phrases,
colloquial language, or omissions of information, and the
knowledge in textbooks and question banks exists in dis-
crete and distributed fragments, causing question answering
based on single text retrieval or pure generative models to
frequently fail in multi-hop reasoning, evidence tracing, and
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teaching adaptation [6], [7]. Therefore, how to use structured
teaching knowledge for reliable, multi-step reasoning and
interpretable output while ensuring semantic understanding
has become a key problem that needs to be solved in current
educational intelligent question answering.

In recent years, significant progress has been made in
the research of intelligent question answering systems in
the field of education. Aurpa TT et al. constructed a
question answering system based on reading comprehen-
sion in the Bengali language environment. By applying
Transformer architectures including BERT (Bidirectional
Encoder Representation from Transformers) and ELECTRA
(Efficiently Learning an Encoder that Classifies Token Re-
placements Accurately), the accuracy of question answering
was significantly improved. However, the system is still

3485



JOURNAL
¢ ORG

AE

Z. Bai et al.

limited by the limited size of the language dataset and
has difficulty in dealing with the semantic capture problem
of user phrases or fuzzy queries [8]. Nassiri K reviewed
the Transformer-based text question answering system and
analyzed the implementation and performance of encoders,
decoders and encoder-decoder architectures. However, his
method has limited ability to handle complex multi-hop
reasoning and knowledge fragmentation [9]. Dartiko F et
al. compared RoBERTa (Robustly Optimized BERT Pre-
training Approach) and IndoBERT (Indonesian BERT) in a
campus orientation question-and-answer system. Although
IndoBERT performed well in EM and Fl1, it still had
shortcomings in handling cross-knowledge point reasoning
and information missing problems [10]. Ba Y enhanced
multimodal question-and-answer capabilities by integrating
Mask R-CNN (Mask Region-based Convolutional Neural
Network) and Word2Vec+LSTM (Long Short-Term Mem-
ory), but the model still had limitations in text semantic
understanding and structured knowledge fusion [11].

Zhu Y achieved intelligent adaptive learning driven by
learning objectives based on the KRO (knowledge-resource-
objective) model of knowledge graph and BiLSTM-CRF
(Bidirectional Long Short-Term Memory-Conditional Ran-
dom Field), but the fragmentation and automatic construc-
tion capabilities of the knowledge graph were limited, re-
sulting in limited multi-hop reasoning performance [12]. Yu
H et al. constructed an entrepreneurial education question-
answering system based on knowledge graph semantic
summarization, which improved retrieval and understanding
capabilities through text embedding, similarity retrieval and
graph convolution, but semantic capture under short fuzzy
queries 1is still insufficient [13]. Xiao J proposed the Edu-
VQA (Education Visual Question Answering) framework,
which enhances reasoning through multimodal context se-
lection and large language models, but the deep optimization
of the fusion of structured knowledge and text is still insuf-
ficient [14]. Cao X improved the performance of complex
question answering through joint reasoning of language
models and knowledge graphs, but there is still a problem
of insufficient generalization in the sparse knowledge graph
scenario [15].

Although existing research has achieved results in im-
proving the accuracy of question answering and multimodal
understanding, it generally faces problems such as inaccu-
rate semantic capture caused by short fuzzy queries from
users, failure of multi-hop reasoning caused by knowledge
fragmentation, and insufficient fusion of structured knowl-
edge and text, which put forward room for improvement
for further research. Currently, DeBERTa and graph neural
networks have received widespread attention for their appli-
cation in knowledge graph question answering and intelli-
gent question answering in the education field. Lu W et al.
proposed a natural language question semantic conversion
model based on DeBERTa to address the problems of insuf-
ficient semantic understanding and inaccurate intent recogni-
tion in spatiotemporal queries of natural language. Through
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DeBERTa encoding and BiGRU (Bidirectional Gated Re-
current Unit) + CRF layers, they realized question intent
recognition and query language conversion. On Chinese
corpus, the F1 score reached 92.69%, which significantly
improved the semantic information extraction accuracy [16].
Li S et al. proposed a latent relation multi-head self-attention
joint extraction model based on DeBERTa to improve the
accuracy of entity relation extraction in the knowledge graph
of the manufacturing field. Through semantic representation,
relation extraction and global entity pairing modules, the F1
score exceeded that of existing models [17].

Zhang G et al. proposed relation-aware GAT to address
the problem of aimless reasoning in question answering of
complex knowledge graphs. Through multi-layer relation-
aware attention, they captured different relation path de-
pendencies and improved the Hits@1 by 2.3% and 3.6%
respectively on two types of datasets [18]. He P proposed
a question-aware GCN (Graph Convolutional) model. The
question answering method of the educational knowledge
base (GCN) combines the question description, query entity
and candidate answer subgraph with Transformer encoding
and GCN node update, and outperforms the baseline model
on the MOOC question answering dataset [19]. Fang Y
et al. proposed the forward reasoning and dual-teacher
knowledge distillation method of bilinear GNN (Graph
Neural Network) for the false path reasoning problem in
educational knowledge graph question answering, and ver-
ified the improvement of reasoning ability on the MOOC
question answering dataset [20]. In summary, these studies
have improved the performance of semantic understanding
and graph reasoning through DeBERTa or graph neural
networks, but there are still many research gaps in the intel-
ligent question answering system in the field of education,
which need further research. Moreover, the text semantic
understanding and multi-step reasoning have not been well
integrated, the joint optimization is insufficient, and the
generalization ability for multi-hop reasoning and sparse
long-tail knowledge is limited.

This paper focuses on the construction of an intelligent
question answering system for educational scenarios. It de-
signs an end-to-end joint reasoning scheme with DeBERTa-
v3-base + GAT as the core, and makes the following
contributions: (1) It constructs an end-to-end joint reasoning
framework for educational scenarios, which tightly couples
the fine-tuned DeBERTa-v3-base text representation with
multi-layer multi-head GAT graph reasoning. It constructs
a high-quality candidate pipeline for querying the graph
through k-hop subgraph extraction, node text/type feature
injection and cross reordering, and finally applies it to the
system; (2) It designs a multi-task joint training and regular-
ization strategy (including adaptive gradient normalization
and adjacency matrix reconstruction constraints) to achieve
collaborative optimization between entity recognition, rela-
tion classification and triple completion, and enhance the
generalization ability for long-tail/sparse knowledge; (3)
It realizes a complete verification process from engineer-
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ing storage (Neo4j/FAISS) to interpretable evidence chain
generation and human teacher review, taking into account
interpretability and online retrieval availability, and provides
a replicable research and engineering practice path for
educational question answering and knowledge navigation
scenarios.

Il. DEVELOPMENT OF A QUESTION ANSWERING
SYSTEM DRIVEN BY EDUCATIONAL KNOWLEDGE
GRAPH

In the question-answering system integration phase, this
paper constructs an end-to-end workflow, pipelinedly pro-
cessing user input, knowledge graph retrieval, multi-hop
graph reasoning, and answer generation. The specific pro-
cess includes: first, DeBERTa-v3-base encoding and entity
linking are performed on the user query; candidate entities
and related subgraphs are retrieved from the knowledge
graph; then, information propagation is performed on the
subgraphs through multi-layer GAT, fusing entity nodes and
relational features, and generating a multi-hop reasoning
score for each candidate answer; finally, the optimal answer
is selected through a ranking strategy, and interpretability
annotation is applied to the answer based on the evidence
chain path. A unified interface provides an entire workflow
of data interactions between modules so that each stage’s
output can directly be used by the next stage in real-time to
answer questions.

Robustness and efficiency are ensured through asyn-
chronous parallel processing of the query parsing module,
graph retrieval module, and inference module. The answer
generation module produces the final answer with a corre-
sponding evidence chain by combining the knowledge graph
score with the contextually semantically matched output to
produce the displayed final answer. Additionally, adaptive
strategies are used to determine subjects, question lengths,
and levels of colloquialism. By dynamically varying the
number of candidate entities, inference layers and attention
heads, this system has achieved high precision question
answering and multi-hop inference capabilities in complex
educational environments. Figure 1 shows the joint reason-
ing architecture diagram of DeBERTa-v3-base and GAT for
educational question answering.

Figure 1 illustrates the joint reasoning architecture for
educational question answering based on the DeBERTa-v3-
base model and GAT proposed in this paper. The entire
process starts with a user query, first passing through the
text module to complete word segmentation, encoding,
entity recognition, dual-tower vector retrieval, and cross-
ranking to ensure accurate semantic capture of short texts
and colloquial queries in educational scenarios. The ranked
entity candidates are input to the graph module, where a
k-hop educational knowledge subgraph highly relevant to
the query is extracted through subgraph extraction. In the
node feature assembly stage, the text representation and
entity type information are combined. Subsequently, a multi-
layer, multi-head GAT completes multi-hop information
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transmission and attention weighting based on relational
structure to obtain structured reasoning features. The graph
reasoning representation and text semantic representation
are deeply integrated in the fusion layer, driving the reader to
generate the final answer and evidence chain, and outputting
an interpretable reasoning path.

A. EDUCATIONAL ONTOLOGY AND KNOWLEDGE
GRAPH CONSTRUCTION

This study defines an entity set £ and a relation set R
in the educational corpus. Entities include types such as
knowledge points (KPs), course chapters, concepts, ques-
tions, skills, and resources. Relations include prerequisite
relations, coverage relations, examination relations, rele-
vance relations, and resource relations. Data sources in-
clude textbook paragraphs, exercise banks, and teacher-
student question-and-answer logs. The study uses a fine-
tuned DeBERTa-v3-base sequence labeling model for entity
extraction [21]. For the input text t., the token sequence x
is first obtained by tokenizer encoding, and the hidden state
sequence is output through DeBERTa, as shown in equation

().

ht = DeBERTa(x); (1)

In equation (1), h; represents the hidden state sequence.
Entity boundary prediction is accomplished using CRF, and
the loss function is defined as shown in equation (2) [22]-
[24].

B
Lossnygr = — Zlog P (y(i) | x(i)>
i=1

B /T,
: i 2
- Z (Z Cyii)pyii) + hg : Wyii)
im1 \i=1

+log Z (x(i)>)

In equation (2), C represents the transition matrix; Wyu)
t

represents the projection matrix; Z(z(")) represents the
CRF normalization factor; B represents the batch size; T;
represents the sequence length, and (") represents the label.
Relation extraction employs entity pair representation and a
multi-classification function. The contextual representation
of entity pairs (e;, e;) in the text is obtained by DeBERTa
sentence vector pooling v;; = [h{Y hD -p@ L pU)
and the relation probabilities are output by Softmax, as
shown in equation (3).

eXp(v;Wk)

M
Dw—1 exp(v W)

In equation (3), W, represents the relation weight vector.
The training objective of the relation weight vector is the
cross-entropy, as shown in equation (4).

P(rile;,e;) =

3
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FIGURE 1. DeBERTa-v3-base and GAT’s Joint Reasoning Architecture for Educational Question Answering

M
Lossrer, = fZZyl(]k) log P(rk|es, e;5) 4
k=1 (i,5)

After entity and relation extraction, triples are validated
using rule constraints and synonym normalization to gen-
erate a preliminary knowledge graph G = (E, R, TEG),
where the graph TEG = (e;,ry,e;) is a set of triples.
The knowledge graph is stored in the Neo4j graph database,
and a vector index F is generated and stored in FAISS for
subsequent fast candidate retrieval. A graph-based quantita-
tive method is applied to measure the structural properties
of the newly constructed educational knowledge graph to
help evaluate how well it provides multi-hop reasoning
and question-answering coverage. Additionally, this method
can assist with understanding how well the different types
of nodes are connected and accessible for evidence, and
whether the current educational knowledge graph contains
adequate structured evidence to support GAT. This method
includes counting total nodes of each type, counting the
total number of edges broken down by type of relationship,
computing the average degree of the KPs, and determining
what percentage of the KPs are assigned to questions.

Simultaneously, a 2-hop subgraph example is used to
demonstrate the feasibility of transferring evidence from
KPs to questions via pre-requisite chains. In Figure 1, the
horizontal and vertical axes represent the drawing coordi-
nates of nodes in the schematic layout (for visualization
purposes only); the node shapes and colors correspond to
node types (dark blue square = Course, blue square =
Chapter, orange circle = KnowledgePoint, green rhombus
= Question, gray triangle = Resource); the line type and
color of the edges represent relationship types (orange solid
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line = pre_requisite, blue solid line = assessments, gray
dashed line = Covered By, gray dotted line = Related To,
green dotted line = Resource Of); the thick red line and
bold nodes represent the example 2-hop reasoning subgraph
(KP1—-KP2—KP3—Q3), facilitating intuitive verification
of the existence of chain evidence. A schematic diagram
of the knowledge graph structure in the education field is
shown in Figure 2.

As shown in Figure 2, the total number of nodes is
22 (Course 1, Chapter 3, Knowledge Point 8, Question 6,
Resource 4); the total number of edges is 25, of which,
by type, are: Covered By = 8, Pre-Requisite = 4, Assess
= 6, Related To = 3, and Resource Of = 4. The over-
all average undirectedness is 2.27, while the knowledge
point subset (8 nodes) is touched by edges a total of
32 times, with an average undirectedness of 4.0. 75%
of the KPs are directly covered (Assessed) by questions,
indicating that most KPs can be directly evaluated us-
ing the existing question bank; the remaining 25% (KP4,
KP6) are not directly covered by questions, suggesting the
existence of long-tail KPs that require expansion of the
question mapping. The chain formed by the Pre-Requisite
edges (KP1—KP2—KP3—KP4—KP5—KP6) is continu-
ously visible in the graph, enabling access from early KPs
to nodes directly supported by questions or resources via 2-
hop/3-hop (KP1 can indirectly reach Q3 through KP2 and
KP3). This demonstrates the basic feasibility of the graph
for multi-hop reasoning. In this example, at least three KPs
(KP1, KP2, KP3) form dense sub-chains with an average
degree of 5, indicating that nodes acting as “propagation
chains” in multi-hop reasoning have higher centrality, mak-
ing them suitable for GAT to transmit evidence in multi-
level aggregation. In summary, the graph currently possesses
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resources still need to be added for the uncovered KPs
(25%) to improve question-answering coverage and long-
tail generalization ability.

To perform a quantitative assessment of the near real-
time retrieval capability of the end-to-end response time for
the core retrieval system and to validate this. The system
achieves a balance between computational complexity and
retrieval latencies to accomplish this through multiple meth-
ods of optimization including: preconstructing a FAISS-
based vector index for the entity retrieval; performing asyn-
chronised parallel processing of both the query parsing and
graph reasoning modules; and dynamically adjusting the
GAT layers and attention heads to retrieve trivial queries.
The various optimisation approaches applied throughout the
system’s integrated pipeline of deep semantic encoding and
graph reasoning will allow for millisecond-level responses
by the query system, thereby enabling the query system to
meet its latency targets of executing near real-time retrieval
within the context of real-world educational applications.

B. DEBERTA-V3-BASE TEXT SEMANTIC ENCODING
AND ENTITY LINKING

The DeBERTa-v3-base model is a third-generation base
version of the DeBERTa series based on the transformer
architecture [25]. It achieves the separation modeling of
semantic vectors and positional information by applying
a decoupled attention mechanism and enhanced relative
positional encoding, enabling the model to capture the
dependencies between words more accurately [26]. For user
query g, it is first encoded as h, = DeBERTa(q)cLg)
using DeBERTa-v3-base. For candidate entity vector, entity
retrieval uses cosine similarity, as shown in equation (5).
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In equation (5), sim(é;|q) represents the cosine similar-
ity. Then, the top-K candidate E, are selected for cross-
ordering. The reordering uses a cross-encoder DeBERTa
with input [g;e;] and concatenated representation z;, out-
putting entity link probabilities, as shown in equation (6).

P(eilq) = o(W, 2 + by) (6)

In equation (6), b, represents the bias; W,! represents the
weight matrix; and o represents the sigmoid function. The
reordering training uses binary cross-entropy, as shown in
equation (7).

K
Lossgr, = — Z [yi log P(eilq) + (1 — y;) log(1 — P(eilq))]

i=1

(N

In equation (7), y; indicates whether the entity is correct.

After the entity links are completed, a subgraph G, is

constructed using candidate entities. The node feature h.,

of the subgraph h., = [e;;1;] is obtained by concatenating
the entity vector e; with the type embedding ¢;.

C. RELATIONSHIP IDENTIFICATION AND TRIPLE
COMPLETION

After entity extraction and linking, this study performs
relation recognition on entity pairs (e;, e;). First, the context
representation of each entity pair in the text is encoded.
Given the start and end token indices (s;, e;) of entity e; in
the text t., it is represented as a pooled vector, as shown in
equation (8).

1
= — h 8
v 6i—8i—|—1t§; t ®)
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In equation (8), v; represents the vector of entity e;
after pooling. Similarly, the representation v; of entity e;
is obtained. The entity pair representation is obtained by
concatenation and linear mapping to obtain the relation
feature vector, as shown in equation (9).

Vij = ReLU(WTe[’U“ V534 ® Uj] + bre) (9)

In equation (9), ® represents element-level product. The
relationship classification probability is output through Soft-
max, as shown in equation (10).

exp(ug vij)
M )
k=1 exp(ug,vig)
In equation (10), M is the total number of relation types
and u; is the relation weight vector. The training loss for
relation recognition is cross-entropy, as shown in equation

(11).

k=1,...,M (10)

P(rilei, e;) =

Lossprer, = — ZZ@/ )logP (rilei,e;) (11
k=1 (i,5)

In equation (11), yi(j’-f) is the label of the entity pair
(e;, ;) corresponding to the relation 7. To complete the
triplet completion, this study applies graph-end prediction.
An adjacency matrix is constructed to represent the current
knowledge graph structure, where a relation exists A;; = 1,
if a relationship exists between known entity pairs (e;, e;),
and O otherwise. Edge representation learning and a bilinear
scoring function are used to predict latent relations, as
shown in equation (12).

A = o(e] Wiey) (12)

In equation (12), W}, is the relation-specific parameter
matrix, and the output value A( ) represents the probability
of the existence of the triple. The completion loss adopts the

negative sampling binary crossentropy, as shown in equation
(13).

log /Algf) — Z

(i,5,k)ETE~

LossGrapH = — Y
(3,3, k)ETE+
13)
In equation (13), TE™ is the set of positive triples and
TE~ is the set of negative sampled triples.

D. GRAPH FEATURE INJECTION AND GAT INFERENCE
To enhance multi-hop reasoning capabilities, text and type
features are injected into nodes in the subgraph. Each
node is represented hg?) = [es;ti;v5]. As a type of graph
neural network, GAT is used in this paper to update node
representations, as shown in equation (14) [27], [28].

3490

log(l—flgf)

~—

H
W = | o

S alwOrD ) 1=0,...,L-1
d=1

JEN(2)
(14)
In equation (14), H is the number of attention heads;
W (@ is the linear transformation of the d-th head; and N (7)
is the set of neighbors of node ¢. The attention coefficient
is defined as shown in equation (15) [29]-[31].

Q@ _ exp(LeakyReLU(a(® T [W (@ e].)}))

S ewy exp(LeakyReLU @@ T [W@rD | w@n{]))

s)
In equation (15), a(® represents the attention vector.
Through L-layer iterative updates, the node representation
th) simultaneously encodes multi-hop graph structural
information and textual semantic information. During the
inference phase, the updated node representation is used
to calculate the entity pair relevance score, as shown in
equation (16).

sco(e;, ej) = th”hg]L) (16)

In equation (16), sco(e;,e;) represents the entity pair
relevance score.

E. JOINT TRAINING AND MULTI-TASK LOSS

To simultaneously optimize text semantic understanding and
knowledge graph structure reasoning, this paper designs a
joint training framework, taking entity recognition, relation
recognition, triple completion, and entity linking as multi-
task joint training objectives. The overall loss function is
defined as shown in equation (17).

Lossiota; = A1 Lossygr + A2 LossgEer 17
+ A3 Lossgrapa +XA4 Lossgr, 1n
In equation (17), Lossitq; represents the overall loss
function. This paper dynamically weights the loss of each
task and uses the adaptive gradient normalization (Grad-
Norm) method to adjust A, so that the gradient contributions
of each task are balanced and the joint optimization is
not overly dominated by any one task. In order to further
enhance the multi-hop reasoning capability, an adjacency
matrix reconstruction regularization is added to the graph
reasoning part, as shown in equation (18).

=Y, 4
0,J

In equation (18), /L-j represents the adjacency prediction
updated by GAT, and A;; represents the actual adjacency.
The final joint loss is shown in equation (19).

Lossadg; iill% (18)

LOSSjomt = LoSstotal +5 LOSSadj 19
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In equation (19), 8 represents the regular weights of the
graph structure. During training, the optimizer used was
AdamW [32]-[34]. The learning rate was scheduled using
cosine annealing [35], [36]. This training strategy ensures
stable convergence of the model in a multi-task environment,
taking into account the performance of text understanding,
entity recognition, relation reasoning, and triple completion.

lll. PERFORMANCE VERIFICATION SCHEME FOR
INTELLIGENT QUESTION ANSWERING SYSTEM

A. EXPERIMENTAL DATA AND PREPROCESSING

The datasets upon which to conduct these experiments in-
clude several unique corpora: First is a collection of 15,000
publicly available high school mathematics and physics
textbook paragraphs taken from chapters published by both
People’s Education Press and Higher Education Press; Sec-
ond is an exercise-and-answer pair collection consisting of
40,000 publicly available exercise-and-answer pairs taken
from the university question database of both Universities’
question banks and previous examinations; Third is a set
of 12,000 unique question-answer pairs from teachers’ and
students’ question/answer logs that have been posted on
MOOC platforms and located on the discussion threads of
selected Universities’ college-classroom discussion threads;
Finally, the expert group assembled reference datasets to
create a gold standard through manual annotation of 5,000
examples of entity-relations within the textbooks and Q&A
datasets and through manual annotation of 3,000 complex
Q&A examples with multi-hop reasoning paths.

The initial knowledge graph constructed based upon
the aforementioned corpora contains approximately 22,000
entities and 55,000 triples. The scale uses a small sam-
ple of highly annotated graphs previously determined to
be experimentally verified, with controllable annotations,
for use in a wide range of core knowledge across many
disciplines. It focuses specifically on high school core
knowledge systems (English, Chinese, math, and physics)
by removing marginal, extended, and reproducing content-
related information so as to allow for both the logical
rationality of knowledge graphs used in our experiment, and
their reasoning performance. All data used in the experiment
were split up based on “standard experimental” conditions,
with 80% of the data included in the training dataset, 10%
in the validation dataset, and 10% in the testing dataset.
The test dataset included previously unseen entities and
relationships to test for long-tail generalization performance.

The preprocessing procedures are made up of several
cleaning methods and standardization methods to ensure
consistency among datasets for training and evaluation pur-
poses. The first method is removing duplicates/anonimizing
the original text; then the data undergoes character normal-
ization and standardization of punctuation. This is followed
by sentence segmentation (to obtain stable sentence units),
word segmentation (to obtain stable word units), formatting
of questions and answers, and splitting multi-turn dialogues
into separate question-answer pairs for every turn of the con-
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versation. After that, proofed labelled data is reviewed for
consistency in the label; the labelling scheme is block-based,
and labelling boundaries are aligned with word segmentation
results through character alignment. Entity standardization
is achieved by constructing an alias table and a thesaurus.
Candidate normalized mappings are generated based on
fuzzy string matching and semantic vector retrieval, and
manually sampled for verification. A negative sample set is
generated for relation and graph training to balance positive
and negative distributions, and samples are stratified by
subject and entity frequency to ensure comparability of
the training, validation, and test sets in terms of subject
distribution and entity frequency. All preprocessing results
are output as normalized text files, labeled files, and vector
index files for direct use by downstream model training and
retrieval modules.

B. EXPERIMENTAL DESIGN AND PARAMETER SETTING
To verify the advantages of the DeBERTa-v3-base + GAT
model in educational question answering and multi-hop
reasoning tasks, the experiment adopted a three-part split
(80/10/10) for training/validation/testing, and additionally
reserved a subset of unseen entities/unseen relations in
the test set for long-tail generalization evaluation. The
control groups included: DeBERTa-v3-base + GraphSAGE
(Graph Sample and aggregate), DeBERTa-v3-base model,
RoBERTa-base, BERT-wwm-ext, BILSTM-CRF (a tradi-
tional baseline for sequence labeling), Word2Vec + LSTM,
and BM25 (Best Matching 25). All baselines were trained
and evaluated on the same corpus and under the same
training/testing split, and the same retrieval candidate pool
and evaluation script were used to ensure comparability. The
evaluation process includes: candidate retrieval — entity
linking — subgraph extraction — inference/generation —
evaluation metric calculation; for each model, metrics such
as question answering EM, question answering F1, preci-
sion, recall, path-acc, evidence coverage, and total latency
are recorded.

Path-Acc quantifies the level of consistency between the
model’s reasoning path and the gold standard path created
manually. It indicates whether the model uses logically
rigorous and educationally compliant paths of knowledge
associations to derive an answer. This is important for ed-
ucational QA. Educational knowledge reasoning is distinc-
tively structured, relying on the hierarchical and associative
relationships of knowledge points. Thirdly, unlike simple
answer accuracy indicators that focus on just one answer,
Path-Acc can also track the model’s reasoning logic, which
is especially critical in educational scenarios that require
an interpretable answer and present an evidence chain to
support the answer, and is congruent with the overall system
design goal of generating interpretable evidence chains for
learning tutoring. Finally, Path-Acc has hierarchical discrim-
inability for difficulty in multi-hop reasoning, with a gradual
decline in performance as the number of hops increases.
The test set was grouped according to each question type’s
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TABLE 1. Parameter Settings

Parameter Categories Value Illustrate

Text Learning Rate 2.00E-05 AdamW Optimizer

Text Batch 16 Batch Size per Card (with
gradient accumulation)

Text Training Elections 3-5 Early Stopping Based on Val-
idation Set

Maximum Sequence Length 512 Text Truncation/Padded
Length

Text Dropout 0.1 Transformer Layer Dropout

GAT Layer 2 Number of Graph Network
Layers

Number of GAT Heads 8 Number of Multi-Head At-
tention Heads

GAT Hidden Dimension 256 Total Representation Dimen-
sion After Single Head or
Concatenation

GAT Learning Rate 1.00E-03 Individual Optimizer or Pa-
rameter Set

GAT Dropout 0.1 Layer Dropout

Loss Weights 20/ 10/ 1.0 Initial Weights, Dynamically

/0.5 Adjustable During Training
Using GradNorm

Adjacency  Reconstruction 0.1 Adjacency Matrix Recon-

Weights struction Regularization
Strength

Negative Samples 5 Number of Negative/Positive
Samples for Triple Patch
Completion

Subgraph Hops 2 Subgraph Expansion Depth

Search Top-K 20 Number of Vector/Text Can-
didates

Random Seed 42 Reproducible ~ Experiment
Results

length, use of colloquialisms, and the general topic of
each question in order to measure the model’s stability
between each of the different distributions of input used for
testing. In addition, 300 random samples were assessed by
3 educational professionals on the relevance, adequacy, and
accuracy (1-5 point scale) of the model’s evidence chain in
order to validate multi-hop inference and accountable. The
overall latency of the system for both batch and concurrent
queries was also analyzed. Each experiment was conducted
30 times in a consistent hardware and software environment,
and the average and standard deviation were provided for
comparison. Table 1 displays parameters.

IV. MULTIDIMENSIONAL ASSESSMENT OF
EDUCATIONAL QUESTION-ANSWERING SYSTEM

A. OVERALL QUESTION-ANSWERING PERFORMANCE
ANALYSIS

In the following segment, we will look at the overall perfor-
mance of varying models within the context of answering
questions from knowledge graphs in the field of education
based on how well the models measure up on accuracy,
completeness, and precision. To evaluate the performance of
each of the models, four different metrics (EM, F1, Precision
and Recall) have been collected. The overall performance of
each of the four metrics for the question-answering models
is displayed in Figure 3. The figure depicts the results of 30
repeated experiments on all four metrics across the three
models, using a violin plot to represent the probability
density and depicting the mean and standard deviation of
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the results as displayed by the black dots and black lines as
indicated on the graphic.

As shown in Figures 3(a) to 3(d), DeBERTa-v3-
base+GAT performs best across all four metrics: EM =
0.934+0.018, F1 = 0.94940.023, Precision = 0.955+0.022,
and Recall = 0.940 + 0.020, demonstrating its superior ac-
curacy and coverage. DeBERTa-v3-base+GraphSAGE and
DeBERTa-v3-base models follow closely behind, with EM
values of 0.900 and 0.889, and F1 values of 0.926 and 0.909,
respectively. RoBERTa-base and BERT-wwm-ext perform
relatively well, but slightly worse than the DeBERTa series.
The traditional BILSTM-CRF and Word2Vec+LSTM mod-
els exhibit moderate overall performance, with EM values
of 0.790 and 0.750, and F1 values of 0.840 and 0.812,
respectively. BM25 performed the worst as the baseline
model, with an EM score of only 0.604 and an F1 score of
only 0.698, demonstrating the significant advantage of deep
learning-based Transformer models in question-answering
tasks. Differences between metrics also show that Precision
is generally slightly higher than Recall, indicating that the
model’s accuracy in predicting answers is slightly better
than its coverage. The performance differences mentioned
above are mainly due to model structure and feature repre-
sentation capabilities. DeBERTa-v3-base+GAT, by combin-
ing Transformer encoding with graph structure information
from graph neural networks, can better capture relation-
ships between entities and contextual semantics, improving
question-answering accuracy and coverage.

B. ASSESSMENT OF MULTI-HOP REASONING ABILITY
To evaluate the multi-hop reasoning ability of different mod-
els in knowledge graph question answering in the education
field, this section uses two metrics: Path-Acc (path accuracy)
and Evidence Coverage (evidence coverage), which measure
whether the model correctly identifies the reasoning path
and the degree of evidence coverage, respectively. The
multi-hop reasoning ability evaluation is shown in Figure
4. Figure 4 shows the performance of each model within a
three-hop range: the horizontal axis represents the number
of hops, and the vertical axis represents the mean of the two
metrics; each scatter point represents a model, the error bars
represent the standard deviation, and the horizontal shift is
used to distinguish different models with the same number
of hops.

As shown in Figure 4(a) Path-Acc, DeBERTa-v3-
base+GAT performs best across all hop counts: 0.960 +
0.008 for 1-hop, 0.945+0.010 for 2-hop, and 0.9134+0.013
for 3-hop. In contrast, the traditional statistical method
BM?25 performs worst, with a 3-hop count of only 0.555 £
0.022. The DeBERTa-v3-base+GraphSAGE and DeBERTa-
v3-base models also outperform other Transformer and
sequence models, but are slightly lower than the GAT
combination. Figure 4(b) shows that the trend of Evidence
Coverage is similar to that of Path-Acc. The coverage rates
of DeBERTa-v3-base+GAT in 1-hop, 2-hop, and 3-hop are
0.948+0.009, 0.928+0.011, and 0.895+0.014, respectively,
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while BM25 is only 0.528 &£ 0.024. This indicates that the
combination of deep Transformer and graph neural network
can significantly improve evidence coverage in multi-hop
inference.

Overall, as the number of hops increases, the Path-Acc
and Evidence Coverage of all models show a decreasing
trend, but the decrease of DeBERTa-v3-base+GAT is the
smallest, indicating that it still maintains high stability in
long-chain inference. These performance differences pri-
marily stem from variations in the models’ capabilities in
capturing structured knowledge information and modeling
relationships. DeBERTa-v3-base+GAT adopts a graph atten-
tion mechanism. It effectively models the interactions and
relationships between knowledge nodes. This ensures accu-
rate path selection in multi-hop inference. It also guarantees
the coverage of key evidence nodes. Although GraphSAGE
can also be utilized to obtain information of the graph
structure, the aggregation of node information is slightly

VOL. 15, NO. 3, AUGUST 2026

less effective due to its longer chain propagation, which has
resulted in lower Path-Acc and lower Evidence Coverage.
The standard Transformer or BiLSTM models do not model
their graph structure explicitly and therefore lose many
of their intermediate node information as the number of
hops increases during the process of multi-hop inferences,
causing a significant degradation of overall performance.
Additionally, BM25, a text-based matching algorithm, is
not intended for logical reasoning across multiple hops,
resulting in its worst performance in tasks that require three
or more hops to complete.

Based on these results, the Transformer models perform
better at providing answers to questions from educational
knowledge graphs using multi-hop inference than other
methods. Furthermore, these results demonstrate that the
length of an inference chain can affect the performance
of the models. To visualize the different ways that their
model either successfully or unsuccessfully completed the
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multistep reasoning task and which key nodes played a
role in this success, the analysis created a subgraph of the
knowledge graph, along with heat encoding of the nodes.
This visualization of successful and unsuccessful paths is
provided in figure 5. Figure 5 displays heat values (between
0 and 1) for color and size of each node, where red indicates
low confidence and yellow/white indicates high confidence
for that model’s evidence or level of confidence in that entity
node. Gray represents the edges of each node and indicates
a knowledge relationship, the type of relationship between
nodes is indicated in the middle of each edge. Solid green
arrows will indicate typical successful paths, while dotted
light red arrows will indicate typical failed paths. The start
and finish for the paths will be highlighted with differing
shapes to illustrate where important connections exist.

The successful path (Quadratic Eq — Discriminant —
Solution Step 2 — Example Problem) as illustrated in Figure
5 has substantially higher heatmap scores than the equivalent
nodes within the failed path. For example, Quadratic Eq
= 0.98, Discriminant = 0.90. In comparison, the paths
associated with Completing Square and Solution Step 1
have much lower heatmap scores (Completing Square =
0.88, Solution Step 1 = 0.76), indicated by dashed lines.
This indicates that the model’s inference deteriorates or has
less confidence through Completing Square and Solution
Step 1 associated with Example Problem compared to
the successful path. This visualization also demonstrates
that the model includes fewer higher-order dependency
nodes in stages where knowledge conveys across multiple
steps/transformations.

C. ROBUSTNESS UNDER DIFFERENT QUESTION
LENGTHS/COLLOQUIALISM LEVELS

In this section, we looked at how robust models are given
different complexity of inputs from two angles: the length
of the question (Short/Medium/Long) and the amount of
colloquialism (Low/Medium/High). In general, the lengths
of question indicate to us how adaptable a model will be to
semantic span and information density. In contrast, looking
at the levels of colloquialism allows us to understand how
stable the models are in relation to non-standard expression.
The results from the eight models were compared using
EM and F1 as performance metrics across various lengths
and levels of colloquialism. The results from the robustness
comparisons between the different lengths and colloquialism
levels are contained in Figure 6. Figures 6(a) and (b) provide
detail on the various length group comparisons, whereas
Figures 6(c) and (d) provide detail on the various levels
of colloquialism comparisons. Each comparison consists of
eight model bars, as well as the corresponding standard
deviation for each bar, which reflects the model’s sensitivity
to input type.

As can be observed from Figures 6(a) and 6(b), the
EM and F1 scores of all models decrease as the problem
length increases from Short to Medium to Long, but the
performance gradients differ significantly. DeBERTa-v3-
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base+GAT consistently maintains the highest performance,
achieving EM scores of 0.96 £ 0.018, 0.94 + 0.020, and
0.90 £ 0.014 respectively, and F1 scores of 0.97 & 0.017,
0.95+0.013, and 0.92 £ 0.014, demonstrating the smallest
performance degradation with increasing problem length.
DeBERTa-v3-base+GraphSAGE follows closely (EM 0.94+
0.019 — 0.88 +0.019; F1 0.95 £ 0.018 — 0.90 £ 0.014).
Colloquialism has a negative effect on the performance of
the models shown in Figures 6(c) and 6(d). Models with low
to high levels of colloquialism decrease in performance from
low, to medium and then finally high levels of colloquialism.
As for the GAT model (Overall score) this decrease from
low to high colloquialism is as follows: EM: 0.95+0.017 —
0.90 £ 0.019; FI: 0.96 £+ 0.018 — 0.91 £ 0.014. On the
other hand BM25 which is purely statistical has seen the
largest drops in performance due to the presence of col-
loquialisms, specifically high colloquial expressions: EM:
0.60 £ 0.015 — 0.52 4+ 0.013. As noted earlier, at medium
to high levels of colloquialism RoBERTa-base and BERT-
wwm-ext had much more consistent performances than
models based on word segmentation or vectorized words.
Finally, the model structure (GAT) combined with a high
quality pre-trained model, performed better than all models
tested on the robustness of each of these models using two
different tests.

D. PERFORMANCE BY ENTITY TYPE AND DISCIPLINE
DISTRIBUTION

This section of research focuses on determining the per-
formance of different entities in a variety of disciplines
from an educational perspective. Specifically, this study
will look at the prediction ability and recognition ability
of a variety of entities from an educational knowledge
graph perspective and determine if the performance of these
models differ based on the type of knowledge structure
present. In this study, the metrics that have been used to
compare performance across entities and disciplines are F1
score and Path-Acc. The F1 score reflects the accuracy
and recall for the classification of entities, while Path-Acc
reflects the correctness of the prediction of path relationships
between entities. Figure 7 represents the performance of
entities by type across the distribution of disciplines. Figure
7 is presented in a grouped radar chart, and each radar chart
represents the performance of a particular discipline. There
are five axes on each radar chart, which represent the five
different types of entities (Knowledge Point, Course, Chap,
Question, Resource). The radial grid scale in the figure is
[0.5, 0.7, 0.9], used to help observe the relative magnitudes
of each metric.

As can be seen from Figure 7, there are significant differ-
ences in the performance of each discipline across different
entity types. Figure 7(a) In mathematics, Question has the
highest F1 score (0.96) and Path-Acc score (0.93) among all
indicators, while Resource has the lowest (F1=0.78, Path-
Acc=0.70). Figure 7(b) In physics, Question also has the
highest score (F1=0.88, Path-Acc=0.85), while Resource
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Figure 7(a) Performance of Diferent Entty Types under the Discipline of Mathematcs; Figure 7(b) Performance of Diferent Entty
Types under the Discipline of Physics; Figure 7(c) Performance of Diferent Entty Types under the English Subject; Figure 7(d)
Performance of Diferent Entty Types under the Chinese Subject

has the lowest (F1=0.65, Path-Acc=0.58). Figure 7(c) In F1 score (0.92) and Path-Acc (0.89), while Course and
English, the performance is relatively balanced, with Knowl- Resource have relatively low performance (Course F1=0.76,
edgePoint F1=0.88, Path-Acc=0.86, and Resource F1=0.93, Path-Acc=0.72, Resource F1=0.70, Path-Acc=0.63). Over-
Path-Acc=0.90, indicating that the model is relatively stable all, Question and Chapter have high predictive performance
in English entity recognition and path prediction. Figure in most subjects, while Resource and Course have inconsis-
7(d) In language arts, Chapter has the most outstanding tent predictive performance.
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TABLE 2. Results of Operational Efficiency and Delay Analysis

Model Retrieval Time (ms & std)  Total Latency (ms = std)  Throughput (GPUs) (qps)  Throughput (CPUs) (qps)

50.8 £ 4.0 120.5 + 7.2 200 + 12 48+5
60.5+5.2 140.3 + 9.1 170 £ 15 10+6
48.14+3.6 1152+ 6.5 210 £ 10 50+ 4
52.3 +4.1 1287+ 7.8 190 + 12 15+5
1324+ 8.0 185+ 13 43+£5

95.6 +5.4 250 + 15 60 £ 6
80.3+4.2 300 £ 20 [GET
145.7+3.0 500 + 25 120 + 10

E. OPERATIONAL EFFICIENCY AND DELAY ANALYSIS
Key metrics to evaluate the practicality of knowledge
graph question-answering systems for education include the
model’s efficiency of operation and the speed of response to
the end user. In this section, I will compare how well pre-
trained transformers combined with graph networks perform
on queries compared to pure pretrained transformers, deep
learning methods, and BM25. I will summarize those results
of the efficiency of operation and response times in Table
2. Table 2 gives the efficiency of operation results. The
average time and fluctuation for one query is reported for the
average Retrieval Time, the total amount of time it takes for
the responder to complete a specific request (Total Latency
Time), and the throughput, or concurrency of the model for
both GPU and CPU processing for a specific number of
queries.

As shown in Table 2, BM25 has the shortest retrieval time
(12.1 £ 1.7 ms), the lowest total latency (45.7 4= 3.0 ms),
and the highest throughput (GPU 500 gps, CPU 120 gps),
demonstrating the speed advantage of traditional retrieval
methods. Word2Vec + LSTM and BiLSTM-CRF also ex-
hibit low latency and high throughput, at 22.5 £ 2.4 ms /
80.3+4.2 ms and 35.24+3.1 ms / 95.61+5.4 ms, respectively,
with throughputs of 300 gps and 250 gps on GPU and
respectively. Deep language models combined with graph
neural networks, such as DeBERTa-v3-base + GAT, exhibit
moderate retrieval time and total latency (50.8 4.0 ms /
120.5 & 7.2 ms), with throughput of 200 gps on GPU and
48 gps on CPU, slightly lower than the pure DeBERTa-v3-
base model (48.1 + 3.6 ms / 115.2 £+ 6.5 ms). GraphSAGE
combined with the DeBERTa-v3-base model has the highest
total latency (140.3+9.1 ms) and the lowest throughput (170
gps on GPU and 40 gps on CPU), indicating that complex
graph network structures increase computational overhead.
Other purely pre-trained models (RoBERTa-base, BERT-
wwm-ext) perform in the middle, with latency between
128.7 and 132.4 ms and GPU throughput between 185 and
190 gps. Traditional retrieval methods (BM25) require no
deep computation and rely primarily on inverted indexes,
resulting in extremely low latency and high throughput.
Word2Vec + LSTM or BiLSTM-CREF require less compu-
tation in sequence modeling and also achieve fast response
times. Pre-trained language models combined with graph
neural networks require additional computation between
text embedding and graph structure propagation, thus in-
creasing retrieval and latency while decreasing throughput.
Pure language models, although having a large number of
parameters, can be highly parallelized, resulting in slightly
lower latency than graph network methods.
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TABLE 3. Validation Results of Generalization Ability for Long-tail/Sparse
Knowledge

Model EM (mean =+ std) F1 (mean = std) Path-Acc (mean = std)
DeBERTa- 0.72 +0.03 0.78 £ 0.02 0.81 £+ 0.03
v3-base

+ GAT

DeBERTa- 0.68 £+ 0.04 0.74 £ 0.03 0.77 £ 0.04
v3-base

+ Graph-

SAGE

DeBERTa- 0.63 £0.05 0.70 £ 0.04 0.72 £ 0.05
v3-base

RoBERTa- 0.60 £ 0.06 0.67 £ 0.05 0.70 £+ 0.05
base

BERT- 0.58 + 0.06 0.65 £ 0.04 0.68 + 0.06
wwm-

ext

BiLSTM- 0.50 £+ 0.05 0.57 £ 0.04 0.60 + 0.05
CRF

Word2Vec 0.42 £+ 0.07 0.50 £ 0.06 0.55 £+ 0.06
+ LSTM

BM25 0.30 + 0.05 0.35 £ 0.04 0.40 + 0.05

F. VERIFICATION OF GENERALIZATION ABILITY FOR
LONG-TAIL/SPARSE KNOWLEDGE

This experiment tested how well the model generalized
to long-tailed or sparse knowledge by reserving unseen
entities and relations in the test set, and comparing different
models on three evaluation metrics: EM, F1 score, and
Path Accuracy. The EM metric looks at how accurately a
model can match the correct answer, while the F1 score
combines the precision and recall of the model. However,
Path Accuracy measures how accurately the model predicts
the relationships between entities based on the relationship
path connecting them to the first entity being tested. Table
3 provides evidence of the models’ overall performance
and consistency in making predictions regarding entities and
relationships based on their testing of long-tailed and sparse
knowledge in terms of the evaluation metrics used.

As illustrated in Table 3, the most effective results were
achieved by the combination of the DeBERTa-v3-base and
GAT models across all metrics (EM = 0.72 + 0.03; F1
= 0.78 + 0.02; Path-Acc = 0.81 + 0.03). The model’s
improved performance indicates that the addition of graph-
based information greatly enhanced its ability to general-
ize to unseen entities and relationships. Following closely
behind, the DeBERTa-v3-base + GraphSAGE model also
performed very well overall, achieving slightly lower results
than GAT (EM = 0.68 £ 0.04; F1 = 0.74 £ 0.03; Path-
Acc = 0.77 £ 0.04). Text-only models achieved moderate
levels of performance—for instance, the DeBERTa-v3-base
model achieved an EM of 0.63 & 0.05; the EM scores for
the RoBERTa-base and BERT-wwm-ext models were both
< 0.70, indicating that solely relying on text information
has a limitation in predicting sparse structured knowledge.
In contrast, traditional systems and retrieval techniques
produced the poorest performance—the EM scores for both
the BiLSTM-CRF and Word2Vec+LSTM were only 0.50
and 0.42 respectively, while BM25 produced an even lower
EM score of 0.30.
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TABLE 4. Ablation Test

EM Fl L-hop Path-Acc  2-hop Path-Acc  3-hop Path-Acc

0.934+0.018  0.949 +£0.023  0.960 £ 0.008  0.945 +0.010  0.913 £+ 0.013
0.867 £0.021  0.882+0.024  0.915+0.011  0.872+0.015  0.826 +0.018
0.859 £0.023  0.871 £0.025 0.908 £0.012  0.865+0.016  0.818 £ 0.019
0.892+0.020  0.905+0.022  0.936 £ 0.009  0.903 +0.012  0.869 + 0.015
GAT—GCN 0.885 £ 0.021 0.898 £0.023  0.929 £0.010  0.895£0.013  0.852 £ 0.017
‘W/O GradNorm+Regular 0.876 £0.022  0.891 £0.024  0.922+0.011  0.883 £0.014  0.838 £ 0.018

G. TEACHER SATISFACTION AND EVIDENCE QUALITY
ASSESSMENT

To fully assess the quality of various types of knowledge
graph question answering models in educational contexts
and their influence on teacher’s overall level of satisfaction,
this section utilizes “teacher’s satisfaction rating” as its
primary means of evaluating these models. Three separate
dimensions are used for quantitative analysis: relevance,
sufficiency, and accuracy. Comparison will illustrate signif-
icant variations between model scores as well as the degree
of variance in the accuracy and completeness of knowl-
edge graph evidence chain creation. Figure 8 contains a
visual representation of the evidence chain and the teacher’s
satisfaction rating by each of the four models where the
horizontal axis indicates the score range (1-5 points), while
the vertical axis displays the four knowledge graph question-
answering models.

The highest score across the three dimensions was ob-
tained by DeBERTa-v3-base+GAT which scored an aver-
age of 4.590 (Relevance), 4.558 (Sufficiency), and 4.559
(Correctness) across all three dimensions. These averages
indicate that the generated evidence chain provided by this
system is the most complete, most accurate and most rele-
vant evidence chain to the question being asked. DeBERTa-
v3-base+GraphSAGE scored an average between 4.304 and
4.323, slightly behind that of the approach described in this
paper. The DeBERTa-v3-base model, which is a pure Trans-
former model, performed moderately well, obtaining aver-
age scores of 4.002 (Relevance), 4.037 (Sufficiency), and
3.981 (Correctness). The overall performance of RoBERTa
and BERT-wwm-ext is significantly lower than what has
been observed for the DeBERTa models, as indicated by the
widely varying mean scores (3.465-3.917). All three tradi-
tional methods were substantially below 3.1, with BM25 in
particular obtaining only a mean score of roughly 2.222 to
2.237. These results demonstrate that traditional approaches
for generating evidence chains are significantly less effective
than their deep learning counterparts, based on the level of
evidence chain generation and teacher satisfaction. Overall,
Figure 8 clearly presents the ranking of model performance.
The ridge width indicates the concentration of the score
distribution; high-scoring models are more concentrated,
while low-scoring models are more dispersed, reflecting
differences in model stability. To verify the impact of each
module on the overall model, an ablation experiment was
designed, and the results are shown in Table 4.

Table 4 presents the ablation experiment results of the
core modules of the DeBERTa-v3-base + GAT model, with
the full model as the benchmark and five ablation variants
constructed by single-variable removal or replacement, and
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the results quantified by EM, F1 and 1/2/3-hop Path-Acc.
The full model achieves the optimal performance across all
indicators, with EM at 0.934 £ 0.018, F1 at 0.949 + 0.023,
and 1/2/3-hop Path-Acc reaching 0.960 + 0.008, 0.945 +
0.010 and 0.913 4 0.013 respectively. All ablation variants
show varying degrees of performance decline compared
with the full model. The decline trend of each variant fully
reflects the irreplaceable contribution of each core module
to the model’s performance, and the performance drop is
more obvious in multi-hop reasoning indicators, especially
3-hop Path-Acc, indicating that each module plays a more
critical role in complex long-chain reasoning tasks.

V. CONCLUSION

This paper constructs an end-to-end joint reasoning frame-
work based on DeBERTa-v3-base and multi-layer multi-
head GAT. Candidate entities are obtained through entity
recognition, vector retrieval, and reordering. Relationship-
aware multi-hop propagation is performed in the k-hop
subgraph, and graph reasoning and text semantics are com-
bined in the fusion layer to achieve interpretable answer
and evidence chain generation. The system achieves good
question-answering accuracy and multi-hop reasoning per-
formance on textbook, question bank, and teacher-student
question-and-answer data, verifying the effectiveness of
deep coupling between semantic representation and graph
reasoning. Limitations include the influence of annotation
quality on graph construction, insufficient stability of sparse
domain reasoning, and efficiency issues caused by multi-hop
graph expansion. Future research could explore incremental
graph construction and more efficient structured reasoning
mechanisms.
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