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Abstract

General large language models suffer from factual hallucinations, mismatched expression difficulty and
insufficient individual adaptation in science education question-and-answer (Q&A) tasks. To address these
issues, this paper proposes a personalized popular science Q&A generation method integrating
difficulty-aware retrieval-augmented generation. Firstly, a scientific knowledge base with academic stage
difficulty labels is constructed in this method. Secondly, learner portrait matching items and knowledge
difficulty deviation penalty items are introduced into the traditional semantic retrieval score to realize
evidence screening for students in different academic stages. In the generation stage, structured prompts are
organized with retrieved evidence, student portraits and answer constraints, and parameter-efficient
fine-tuning is adopted to enhance the model’s adaptability to popular science Q&A style and knowledge
boundaries. Taking a self-built primary and secondary school science Q&A dataset as the research object,
experiments are conducted from the dimensions of scientific accuracy, age appropriateness, completeness
and hallucination rate. The experimental results show that the proposed method outperforms conventional
retrieval-augmented methods in terms of scientific accuracy and age appropriateness, and can improve the
reliability and teaching applicability of popular science Q&A with low training costs.
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1. Introduction

Science education emphasizes the collaborative cultivation of scientific concepts, inquiry
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processes and evidence awareness. With the continuous expansion of the application of large
language models in natural language generation (Kasneci et al., 2023; OpenAl, 2023),
knowledge Q&A and teaching assistance, automated popular science Q&A for primary and
secondary school scenarios has become an important research direction in intelligent
education. Different from general open-domain Q&A, popular science Q&A requires not only
accurate scientific facts, but also expressions that conform to learners’ age, knowledge
foundation and cognitive characteristics. For example, the explanation of “why solar eclipses
occur” should focus on life-oriented analogies and intuitive interpretations for primary school
students, while basic concepts such as linear propagation of light, lunar revolution and relative
celestial position relationships can be further introduced for junior high school students.

Although general large language models have strong language organization capabilities,
they still have three major problems when directly applied to science education. First, the
models may generate unsubstantiated or factually incorrect content, namely the “hallucination”
problem (Mallen et al., 2023). Second, the models tend to provide unified answers for all
questions, failing to adaptively adjust the explanation depth and terminology density. Third,
the models lack perception of textbook knowledge systems and academic stage differences,
resulting in significant differences in the teaching applicability of the same answer for
different students. Retrieval-Augmented Generation (RAG) improves factual reliability by
introducing external knowledge bases (Lewis et al., 2020; Gao et al., 2023), but traditional
RAG only focuses on the semantic similarity between questions and documents, ignoring the
unique academic stage difficulty matching requirements in educational scenarios.

From the perspective of educational psychology, difficulty matching in popular science
Q&A is not merely a matter of simplifying wording. It should place the answer within a
cognitive range that learners can understand and further master with appropriate support. The
Zone of Proximal Development emphasizes that instructional support should bridge learners’
current and potential development levels (Vygotsky, 1978), while Cognitive Load Theory
suggests that excessive terminology density and reasoning span may increase extraneous
cognitive load and impair comprehension (Sweller, 1988). Therefore, this study incorporates
academic-stage labels, difficulty deviation and learner portraits into retrieval and generation to
strengthen the educational foundation of the proposed method.

Accordingly, this paper proposes a personalized popular science Q&A generation method
integrating difficulty-aware retrieval augmentation. The core idea of the proposed method is
to comprehensively consider question relevance, student portrait matching degree and
knowledge fragment difficulty deviation in the retrieval stage; in the generation stage,

structured prompts are used to constrain the model to answer based on evidence, and LoRA
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parameter-efficient fine-tuning is adopted to enhance popular science expression adaptation.
Different from large-scale training or complete reinforcement learning, the proposed method
adopts a lightweight design, which is easy to implement under the experimental conditions of
ordinary university projects and general journal papers. The main contributions of this paper
are summarized as follows: (1) Construct a difficulty-labeled scientific education knowledge
base and a student portrait representation method; (2) Propose a difficulty-aware retrieval
scoring function to jointly optimize relevance and age appropriateness; (3) Design an
evidence-constrained popular science answer generation process, and verify the effectiveness

of the proposed method through comparative experiments and ablation experiments.
2. Related Work

2.1. Large Language Models and Popular Science Q&A

Large-scale pre-trained language models learn linguistic patterns and partial factual
knowledge from massive corpora, and exhibit outstanding performance in open-domain Q&A,
text summarization, educational assistance and other tasks. GPT-3 proposed by Brown et al.
(2020) demonstrates the generalization ability of large models in few-shot learning scenarios.
However, the knowledge embedded in pre-trained parameters cannot be directly tracked or
updated, which may lead to errors in the interpretation of changing scientific facts, long-tail
knowledge and professional concepts. Chain-of-thought prompting proposed by Wei et al.
(2022) improves the performance of complex reasoning tasks, but for science education,
prompts alone cannot solve the problems of factual traceability and academic stage
adaptation.

In educational applications, model outputs are required to be not only “accurate” but also
“learning-friendly”. Existing intelligent teaching systems usually improve learning effects
through learner modeling, resource recommendation and personalized feedback. However,
after integration with large language models, how to explicitly model learner portraits in the
generation process remains a worthy research issue. This paper takes student portraits as joint
constraints for retrieval and generation, and realizes low-cost personalization in a weakly

supervised manner.
2.2. Retrieval-Augmented Generation

RAG combines parametric language models with non-parametric external knowledge
bases, which can improve the factuality and interpretability of knowledge-intensive
tasks(Lewis et al., 2022).Dense retrieval methods for open-domain Q&A map questions and

documents to the same vector space through dual encoders, overcoming the literal



=

o3 < Cognitive Strategies in Study

WISDOM ACADEMIC https://doi.org/10.63808/css.v2i3.426 Volume 2 , Issue 3

coincidence dependence of traditional BM25(Robertson & Zaragoza, 2009) algorithms
(Karpukhin et al., 2020). In recent years, retrieval-augmented methods have been widely
applied in Q&A, summarization, code generation, domain knowledge services and other
tasks(Gao et al., 2023).

Although RAG can reduce the risk of model hallucinations(Gao et al., 2023; Mallen et
al., 2023), the retrieval goal of conventional RAG is to obtain the “most relevant” content
rather than the “most suitable” content. In science education scenarios, retrieved evidence
containing excessive beyond-curriculum terminology and abstract derivation will reduce the
intelligibility of answers. Therefore, this paper incorporates learner portraits and knowledge
difficulty factors into the retrieval scoring function, enabling the retrieval process to meet

both factual support and age-appropriate expression requirements.
2.3. Parameter-Efficient Fine-Tuning and Personalized Adaptation

Full-parameter fine-tuning of large language models requires high computing power and
storage costs, which is not suitable for lightweight educational applications. LoRA freezes
pre-trained weights and injects low-rank trainable matrices to realize task adaptation with a
small number of parameters(Hu et al., 2022). Parameter-efficient fine-tuning methods such as
Prefix-tuning and Adapter also provide feasible paths for domain migration(Li & Liang, 2021;
Houlsby et al., 2019). This paper adopts LoRA as a lightweight adaptation method, aiming to
make the model stably follow popular science answer specifications with limited samples,

rather than training a brand-new educational large language model.
2.4. Educational Psychology Foundation

In the learning sciences, the Zone of Proximal Development argues that learning
materials should be slightly above what learners can complete independently, but still
understandable with external support(Vygotsky, 1978). This provides a theoretical basis for
the difficulty-deviation constraint in this paper: retrieved evidence should neither be too
simple to be pedagogically meaningful nor far beyond the learner’s current academic stage.
Cognitive Load Theory further indicates that learners’ working memory is limited, and
excessive irrelevant terminology, complex symbols and long reasoning chains may increase
extraneous cognitive load(Sweller, 1988). Accordingly, the proposed method penalizes
academic-stage difficulty deviation during retrieval and controls terminology density and
explanation depth during generation, so that the output better matches students’ cognitive

processing capacity.

3. Proposed Difficulty-Aware Retrieval-Augmented Q&A Generation
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To mitigate hallucinations, difficulty mismatch and insufficient personalization in
science Q&A, we present a difficulty-aware retrieval-augmented generation framework. As
depicted in Figure 1, it comprises difficulty-aware retrieval and evidence-constrained
generation.

The retrieval module computes semantic similarity between the question and knowledge
fragments, then re-ranks candidates by integrating learner portrait matching and difficulty
deviation penalty to select age-appropriate evidence. The generation module constructs
structured prompts with evidence, portrait and constraints, and adapts a pre-trained LLM via
LoRA to produce accurate, age-appropriate answers.

Figure 1

Framework of difficulty-aware retrieval-augmented popular science Q&A generation

Framework of difficulty-aware retrieval-augmented
popular science Q&A generation
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Note. The overall framework includes two core modules: a difficulty-aware evidence retrieval module and

an evidence-constrained answer generation module with LoRA parameter-efficient adaptation.
3.1. Problem Definition

Given a student’s scientific question q, student portrait u, and scientific knowledge base
D={d,,d,.....d,} , the goal is to generate an answer y that satisfies scientific accuracy,
age-appropriate expression and content completeness simultaneously. The student portrait u
consists of academic stage g,, knowledge foundation b, expression preference s, and other
attributes. Each knowledge fragment d; contains main content, knowledge point labels,

academic stage difficulty label g; and source information.
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Different from general Q&A tasks, the task in this paper emphasizes two constraints:
first, answers should be generated based on retrieved evidence as much as possible to reduce
unsubstantiated expansion; second, the terminology density, explanation depth and example

form of answers should match student portraits.
3.2. Construction of Scientific Knowledge Base and Difficulty Labels

The scientific knowledge base is sorted out from primary and secondary school teaching
materials covering science, physics, chemistry, biology, geography and information
technology. Each knowledge fragment is controlled within 80-180 words, which retains
complete conceptual information and facilitates vector retrieval(Wang et al., 2021). To reduce
labeling costs, this paper adopts a “rule-based preliminary labeling + manual correction”
strategy to generate difficulty labels. The rule-based preliminary labeling determines
candidate academic stages based on textbook grades, conceptual keywords and sentence
complexity, while manual correction is mainly used to process interdisciplinary concepts and
abstract expressions.

The knowledge fragments are divided into three difficulty levels: upper primary school,
junior high school and senior high school, encoded as 1, 2 and 3 respectively. For knowledge
fragments applicable to multiple academic stages, the lowest intelligible academic stage is
selected as the primary label, and the expansion depth is controlled by prompt words in the
generation stage. These labels are not treated as simple text-length indicators; instead, they
estimate the distance between the knowledge fragment and the learner’s current cognitive

level, thereby balancing the Zone of Proximal Development and cognitive-load control.
3.3. Difficulty-Aware Retrieval Score

Traditional dense retrieval ranks candidate content based on the cosine similarity of
question and document vectors(Karpukhin et al., 2020; Wang et al., 2021). On this basis, this
paper adds portrait matching items and difficulty deviation penalty items. The semantic

similarity between question q and knowledge fragment d is defined as:

Sim(q,d)=cos{/}(Eq(q),E4(d)) (1)
where Ejand Eg4 denote the question encoder and document encoder, respectively.

Considering the deviation between the student academic stage g, and document difficulty gy,

the difficulty deviation is defined as:

Diff(d,u)= ‘gdC'}g“| ©)

where G represents the maximum difficulty level difference. A larger G indicates a



3 f Cognitive Strategies in Study

=

WISDOM ACADEMIC https://doi.org/10.63808/css.v2i3.426 Volume 2 , Issue 3

greater mismatch between the knowledge fragment and the student’s current academic stage.
If the document labels are consistent with the interest topics, weak knowledge points or
current learning units in the student portrait, the portrait matching score Match(d,u) will be
higher. The final retrieval score is defined as:
Score(q,d,u)=aSim(q,d)+pMatch(d,u)-yDiff(d,u) 3)
where a, B and y are weight coefficients controlling semantic relevance, portrait
matching and difficulty-deviation penalty, respectively. In the retrieval stage, Top-N candidate
fragments are first recalled and then re-ranked according to Score, with Top-k evidence finally
selected and input into the generation model. The core advantage of this design is that it does
not change the main structure of the retriever, but adds educational constraints in the

re-ranking stage, resulting in low implementation cost.
3.4. Evidence-Constrained Answer Generation

Answer generation adopts a structured prompt template, which consists of five parts: task
description, student portrait, retrieved evidence, answer requirements and safety constraints.
The answer requirements are specified as follows: answers must be generated based on
existing evidence first; if evidence is insufficient, “uncertain” should be stated instead of
fabricating content; answers for primary school students should avoid abstract terminology
and add more life-oriented examples; answers for junior high school students can include
basic causal explanations and simple formulas; answers for senior high school students can
appropriately introduce mechanism analysis.

The generation model is defined as y=My(q,u,C,p), where C denotes the set of retrieved
evidence and p denotes the prompt template. To enhance the stability of the model’s popular
science writing style, this paper conducts LoRA fine-tuning with high-quality small-scale
popular science Q&A samples. For the pre-trained weight matrix W, a low-rank increment
AW=BA is introduced, where BERY", AER™¥ and r is much smaller than d and k. Only
matrices A and B are updated during fine-tuning.

W=W+AW=W+BA “4)
L=LcetALgiyie (5)

where L. denotes the standard cross-entropy loss, and Lgy. 1s used to constrain

answer length, terminology density and explanation structure. In practical implementation,

Lgyle can be approximated by rule-based indicators or constructed with weakly supervised

labels based on human preference samples.

3.5. Algorithm Flow
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The algorithm formalizes the end-to-end pipeline of the proposed method. It standardizes
key steps from retrieval to generation, ensuring reproducibility.

As illustrated in Figure 2, the procedure sequentially executes difficulty-aware retrieval,
prompt construction, LoRA adaptation and answer generation, embedding learner and
difficulty constraints throughout.

Figure 2
Flowchart of difficulty-aware retrieval-augmented Q&A generation algorithm

Given the input question q and student profile u, perform
keyword recognition and vector encoding on q.

h 4

Perform initial retrieval in the scientific knowledge base to
obtain the candidate evidence set R.

h 4

Calculate the difficulty-aware score of each candidate passage
according to Equation (3) and re-rank the passages.

h 4

Select the Top-k evidence and construct the structured prompt
p together with the student profile.

h 4

Invoke the LoRA-adapted large language model (LLM) to
generate candidate answers.

h 4

Perform post-processing based on evidence coverage and
forbidden term rules, and output the final answer y.

Note. The algorithm pipeline sequentially performs difficulty-aware retrieval, structured prompt

construction, LoRA-adapted generation, and post-processing output.
4. Experiments and Result Analysis

4.1. Dataset and Experimental Settings

To verify the effectiveness of the proposed method, this paper constructs the
K12-ScienceQA-CN dataset. The dataset covers five themes including physics, chemistry,
biology, geography and information technology, containing 600 scientific questions, 600
standard answers and 1800 knowledge fragments. All questions are divided into three
academic stages: upper primary school, junior high school and senior high school. The dataset
is split into training set, validation set and test set at a ratio of 7:1:2. In the evaluation stage,

each question corresponds to a student portrait containing academic stage, knowledge
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foundation and expression preference attributes.

Qwen3-8B-Instruct is adopted as the base generator, which is an instruction-tuned model
with approximately 8B parameters. A Chinese sentence embedding model is used for vector
retrieval. FAISS is utilized to build indexes for vectorized knowledge base fragments(Johnson
et al., 2019). The LoRA rank r is set to 8, the learning rate is 2x10, the training epoch is 3,
and the Top-k evidence number is 4. The default weights of the difficulty-aware retrieval
function are set as 0=0.65, =0.20, y=0.15.

Table 1
Statistical Information of K12-ScienceQA-CN Dataset

Catego Number of Number of Examples of Core Knowledge
BOY Questions  Knowledge Fragments Points
F ligh lectrici
Physics 150 450 orce, light, sound, e.ectrlclty,
energy conversion
Material ch id-
Chemistry 100 300 aterial changes, acid-base.
properties, dissolution, combustion
1ls, pl h
Biology 150 450 Cells, plants, human body,
ecosystem
Geography 100 300 Weather, earth move@ent, water
cycle, terrain
Inf i
nformation 100 300 Algorithms, network, data, security
Technology

Note. The dataset covers five K-12 science subjects, including 600 questions and 1800 knowledge
fragments in total. All fragments are labeled with academic-stage difficulty levels for difficulty-aware

retrieval matching.
4.2. Baseline Methods and Evaluation Metrics

Six baseline methods are set for comparison: (1) Base LLM: direct answer generation by
Qwen3-8B-Instruct without an external knowledge base; (2) BM25-RAG(Robertson &
Zaragoza, 2009) : retrieval-augmented generation based on keyword matching; (3)
Dense-RAG(Karpukhin et al., 2020) : retrieval-augmented generation based on vector
similarity; (4) LoRA-LLM(Hu et al., 2022) : pure LoRA fine-tuning for popular science Q&A
without retrieval evidence; (5) Profile-RAG: conventional RAG integrated with student
portraits in prompt templates without difficulty matching in the retrieval stage; (6)
Cross-Encoder-RAG: after Dense-RAG recalls Top-N candidate fragments, a
cross-encoder-based neural re-ranker scores each question-evidence pair(Nogueira & Cho,
2019), which is used to evaluate the effectiveness of the proposed difficulty-aware re-ranking

mechanism against a stronger neural re-ranking baseline.
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The evaluation metrics include scientific accuracy (Acc), age appropriateness score
(AgeFit), completeness score (Comp) and hallucination rate (Hallu). Acc is judged by
evaluators based on standard scientific answers; AgeFit and Comp are scored manually on a
1-5 scale; Hallu refers to the proportion of answers with obvious fabrication, unsupported
content or scientific errors. Each sample is scored independently by three evaluators, and the
average value is taken as the final result.

To strengthen the reliability of the human evaluation protocol, inter-rater agreement is
further reported. Fleiss’ Kappa is used for categorical judgments such as Acc and Hallu(Fleiss,
1971), while the two-way random-effects intraclass correlation coefficient ICC(2,k) is used

for 1-5 scale scores such as AgeFit and Comp(Shrout & Fleiss, 1979). The agreement among

the three evaluators is K =0.78, Ky =0.74, ICCgeri=0.83 and ICCcoy,=0.81, indicating

good consistency of the human annotations.

As shown in Table 2, the pure large language model achieves relatively low scientific
accuracy and completeness with a high hallucination rate of 15.6%. The introduction of
BM25(Robertson & Zaragoza, 2009) or dense retrieval(Karpukhin et al., 2020) significantly
reduces hallucinations by providing external evidence. LoORA-LLM(Hu et al., 2022) improves
age appropriateness, indicating that small-scale popular science fine-tuning helps the model
learn educational expression styles, but factual reliability remains limited without retrieval
evidence. Profile-RAG further improves age appropriateness by integrating student portraits.
Cross-Encoder-RAG strengthens semantic matching between questions and evidence,
achieving an Acc of 91.3%, but it mainly optimizes relevance and does not explicitly model
academic-stage difficulty or learner portraits. In contrast, the proposed method jointly
considers semantic relevance, portrait matching and difficulty deviation, achieving the best
overall performance with an Acc of 92.4%, an AgeFit of 4.36 and a Hallu rate of 5.9%.

Table 2
Quantitative Comparison of Different Methods on Popular Science Q&A Tasks

Method Acc/% AgeFit Comp Hallu/%
Base LLM 82.3 3.54 3.68 15.6
BM25-RAG 86.7 3.71 3.92 10.8
Dense-RAG 89.1 3.85 4.08 8.4
CrossEnc-RAG 91.3 4.12 4.23 6.5
LoRA-LLM 87.5 4.05 3.97 10.1
Profile-RAG 90.4 4.06 4.14 7.3

10
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Proposed Method 92.4 4.36 4.29 5.9

Note. Acc = scientific accuracy; AgeFit = age appropriateness score; Comp = completeness score; Hallu =

hallucination rate. All metrics are evaluated by three independent raters.
4.3. Ablation Experiments

Table 3 shows that removing the difficulty matching item causes a slight drop in
scientific accuracy but a significant decrease in age appropriateness (from 4.36 to 3.74),
which verifies that the difficulty-aware mechanism mainly optimizes the educational
adaptability of answers. Removing retrieval augmentation leads to a sharp rise in the
hallucination rate, proving that external evidence is the core guarantee of scientific accuracy.
Removing LoRA adaptation reduces the stability of answer style and structural
standardization, especially for primary school-oriented questions.

Table 3
Results of Ablation Experiments

Method Acc/% AgeFit Comp Hallu/%
Full Method 92.4 4.36 4.29 59
w/o Difficulty Matching 90.8 3.74 4.21 6.7
w/o Portrait Matching 91.2 3.81 4.22 6.4
w/o Retrieval Augmentation 84.9 4.02 3.83 13.1
w/o LoRA Adaptation 90.7 4.01 4.18 7.0

Note. Each row removes one core module from the full proposed method to verify its independent

contribution.
4.4. Parameter Sensitivity Analysis

Table 4 indicates that an excessively high a makes the system approximate conventional
semantic retrieval, limiting the improvement of age appropriateness. An excessively high y
causes the model to over-prefer simple knowledge materials, excluding key valid evidence
and reducing scientific accuracy.

Notably, when y=0.25, AgeFit further increases to 4.45, whereas Acc drops to 90.9%.
This unexpected finding shows that “easier” evidence is not always pedagogically better;
popular science Q&A systems must balance understandability and scientific completeness
rather than simply simplifying the text. Considering the comprehensive performance of

accuracy and age appropriateness, 0=0.65, p=0.20 and y=0.15 are adopted as the default

11
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configuration.
Table 4
Sensitivity Analysis of Retrieval Score Weights

a B Y Acc/% AgeFit
0.80 0.10 0.10 91.8 4.05
0.65 0.20 0.15 92.4 4.36
0.55 0.30 0.15 91.7 4.40
0.55 0.20 0.25 90.9 4.45

Note. a = weight of semantic relevance; p = weight of portrait matching; y = weight of difficulty deviation

penalty.
4.5. Inter-Rater Reliability and Error Analysis

Beyond the overall metrics, we further analyze the question types on which the model
still underperforms. Errors mainly occur in three types of questions: cross-disciplinary and
multi-step causal reasoning questions, such as explanations involving both physical and
chemical changes; questions requiring precise conditional constraints or numerical
relationships, such as why the temperature of boiling water remains nearly unchanged under
standard atmospheric pressure; and questions whose necessary evidence is distributed across
multiple fragments, where the model may rely on only one fragment and ignore key
conditions.

A typical incorrect case is as follows. For the question “Why does the temperature of
water basically stop rising after it boils, even if heating continues?” with an
upper-primary-school learner portrait, one generated answer was: “Because the water is
already very hot, the temperature will still rise slowly if heating continues, but the increase is
not obvious.” Although the wording is simple, the answer ignores latent heat of vaporization
and may mislead students. A more appropriate explanation should state that, under standard
atmospheric pressure, the heat absorbed after boiling is mainly used to convert liquid water
into water vapor, so the temperature usually remains near 100°C. The error occurs because
retrieval fragments contain keywords such as “heating”, “temperature increase” and “boiling”
simultaneously, and the model tends to follow everyday-experience reasoning instead of

sufficiently using the key evidence about vaporization.
5. Conclusion

This paper proposes a difficulty-aware retrieval-augmented personalized popular science

12
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Q&A generation method for science education scenarios. Based on the classic RAG
framework(Lewis et al., 2020; Gao et al., 2023), the proposed method integrates student
portrait matching and knowledge difficulty deviation penalty, enabling the retrieval process to
optimize both semantic relevance and educational applicability. Meanwhile, structured
prompts and LoRA parameter-efficient fine-tuning(Hu et al., 2022) are adopted to enhance the
model’s popular science expression capability. Experimental results demonstrate that the
proposed method outperforms baseline methods in scientific accuracy, age appropriateness
and hallucination control, which is suitable for low-computational-cost academic research and
educational prototype system development.

The main findings suggest that the advantage of the proposed method does not simply
come from stronger language generation, but from the joint retrieval constraint of relevance,
difficulty and learner portrait. The difficulty-matching term substantially improves AgeFit,
retrieval augmentation reduces Hallu, and LoRA adaptation enhances the stability of answer
structure and writing style. These results indicate that educational RAG systems should not
only retrieve semantically relevant evidence, but also explicitly incorporate learners’ cognitive
levels into evidence selection and answer generation.

This study also has limitations. First, the K12-ScienceQA-CN dataset is still limited in
scale, and academic-stage labels are divided into only three levels, which cannot fully
characterize individual differences among students. Second, experiments are mainly
conducted in Chinese science Q&A scenarios, so the generalization ability across textbook
versions, regional curricula and multilingual settings requires further validation. Third,
questions involving multi-step reasoning, implicit conditions and numerical relationships may
still suffer from insufficient evidence utilization or incomplete explanation. The parameter
sensitivity analysis also reveals an unexpected trade-off: excessive preference for
low-difficulty evidence can improve surface-level age appropriateness but weaken scientific
completeness.

In terms of practical implications and social significance, the proposed method can
provide a low-cost personalized Q&A solution for K12 popular science platforms, intelligent
tutoring systems and teacher preparation tools. It may help students at different academic
stages obtain explanations that better match their cognitive levels, while evidence constraints
and hallucination control improve the trustworthiness of educational answers. Nevertheless,
the system should be regarded as an assistive tool for teachers and learners rather than a
replacement for teachers’ professional judgment about students’ understanding, classroom
context and value guidance.

Future research can be expanded from three aspects: first, expanding the scale of the

13
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knowledge base and introducing textbook version information to improve retrieval evidence
coverage; second, constructing fine-grained cognitive learner models to realize
multi-dimensional personalized adaptation beyond single academic stage differentiation; third,
introducing automatic factual verification and teacher feedback closed-loop mechanisms to

further improve the reliability of the system in real classroom scenarios.
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