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Abstract
Large Language Models (LLMs) are increasingly employed as Al tutors in education due to their scalability and
potential for personalized instruction. However, off-the-shelf LLMs often underperform in educational settings,
exhibiting limitations such as providing answers too readily, failing to adapt their responses to students’ uncertainty,
and remaining susceptible to emotionally manipulative prompts. To address these challenges, we introduce CoDAE,
a framework that adapts LLMs for educational use through Chain-of-Thought (CoT) data augmentation. We collect
real-world dialogues between students and a ChatGPT-based tutor and enrich them using CoT prompting to promote
step-by-step reasoning and pedagogically aligned guidance. Furthermore, we design targeted dialogue cases
to explicitly mitigate three key limitations: over-compliance, low response adaptivity, and threat vulnerability. We
fine-tune four open-source LLMs on different variants of the augmented datasets and evaluate them in simulated
educational scenarios using both automatic metrics and LLM-as-a-judge assessments. Our results show that models
fine-tuned with CoDAE deliver more pedagogically appropriate guidance, promote student reflection and more

effectively prevent premature answer disclosure.
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1. Introduction

Large Language Models (LLMs) are widely used in
everyday life as Al agents, annotators, tutors, and
content generators, supporting a broad range of ap-
plications from customer service to education and
scientific research (Achiam et al., 2023; Wang et al.,
2024; Yuan et al., 2025; Raina et al., 2024). In edu-
cational settings (Chen et al., 2024), LLMs hold the
potential to serve as scalable and personalized Al
tutors that can provide feedback, clarify misconcep-
tions, and guide learners toward the correct answer
(Zdravkova et al., 2023; Grande et al., 2024; Wang
et al., 2024). However, off-the-shelf LLMs are not
always well-aligned with the nuanced demands of
student-tutor interactions (Tabarsi et al., 2025; Xiao
et al., 2025). By analyzing real-world dialogues
between students and a ChatGPT-based Al tutor,
we identify three key limitations of current LLM-
based tutoring systems, as illustrated in Figure 1:
(a) Over-Compliance: the model tends to deliver the
correct answer too readily, bypassing opportunities
for guided reasoning; (b) Low Response Adaptivity:
it fails to adjust its strategy when faced with student
uncertainty, often resorting to unhelpful repetition;
and (c) Threat Vulnerability: it is prone to comply-
ing with emotionally coercive threat prompts, which
can undermine pedagogical integrity.

Meanwhile, Chain-of-Thought (CoT) prompting
has emerged as a prominent technique for enhanc-
ing the reasoning capabilities of LLMs, enabling
them to break down complex tasks into intermedi-
ate steps (Wei et al., 2023b; Kojima et al., 2022).

This step-by-step reasoning process closely mirrors
effective pedagogical practices, in which instructors
guide students incrementally to foster deeper under-
standing (Jiang et al., 2024). However, most CoT
research remains focused on generating rationales
that lead directly to correct answers. In educational
settings, this answer-centric paradigm often fails to
align with pedagogical goals (Cohn et al., 2024). In
real-world classrooms, effective teaching empha-
sizes student engagement, guided reasoning, and
learning through exploration, rather than simply ar-
riving at the correct solution (Harris et al., 2023;
Hutchins and Biswas, 2023). When LLMs are de-
ployed in educational contexts, such as intelligent
tutoring systems or Al-based learning assistants,
their role should shift from that of a problem-solver
to a facilitator: one that supports students through
reasoning processes, encourages active participa-
tion, and enables learners to construct their own
solutions.

To address the aforementioned challenges in
educational settings, we propose CoDAE, a frame-
work designed to adapt LLMs through CoT Data
Augmentation for Education.” CoDAE builds upon
real-world dialogues collected from a learning plat-
form where students interact with a ChatGPT-based
Al tutor. Because these interactions are often low-
quality, typically characterized by brief and uninfor-
mative student responses, we enhance them using
LLMs with Chain-of-Thought prompting. This aug-

'Code and datasets are available at https://
github.com/faerber—lab/CoDAE.
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Figure 1: lllustration of three key limitations of
current LLMs in educational contexts. (a) Over-
Compliance: The model immediately provides the
final answer upon direct request. (b) Low Response
Adaptivity: When faced with student uncertainty,
the model resorts to repetitive restatement instead
of offering supportive guidance. (c) Threat Vulner-
ability: The model yields to emotionally manipula-
tive threat, compromising instructional integrity and
alignment.

mentation not only diversifies the conversations but
also enriches their pedagogical value by promot-
ing step-by-step reasoning and delivering more in-
formative guidance toward correct solutions (Long
etal., 2024). To specifically address the three limita-
tions identified in Figure 1, namely over-compliance,
low response adaptivity, and threat vulnerability, we
further construct three specialized dataset variants.
Each variant incorporates targeted dialogue cases
(e.g., “Give me the answer,” “l don’t know,” and emo-
tionally threat prompts) along with manually crafted
pedagogically appropriate responses. These ad-
ditions enable the adapted model to better resist
attack prompts and respond to students in a more
supportive and robust manner.

We then fine-tune four open-source LLMs on dif-
ferent variants of the augmented dataset and eval-
uate their performance in simulated educational
scenarios. Alongside automatic metrics (Perplexity,
Self-BLEU), evaluation is conducted in a similar
vein to Lee and Hockenmaier (2025)’s top-level
categories, using an LLM-as-a-judge framework

to assess pedagogical helpfulness, scaffolding ef-
fectiveness, reasoning progression, clarity, and ro-
bustness. Our results show that, compared with
off-the-shelf models, the adapted LLMs become sig-
nificantly more resistant to prompt-based attacks,
refrain from revealing the final answer too read-
ily, and demonstrate increased patience and in-
structional alignment, with improved pedagogical
helpfulness and scaffolding scores. These findings
underscore the potential of CODAE to enhance the
reliability, adaptability, and interactivity of LLMs in
educational applications.
Our contributions are threefold:

» We propose CoDAE, a framework for adapting
LLMs through Chain-of-Thought data augmen-
tation tailored for educational contexts. As
part of the framework, we release a suite of
pedagogical CoTl datasets in multiple variants,
along with an evaluation framework specifically
designed to assess educational interactions
across diverse subjects.

» We conduct comprehensive experiments with
four open-source LLMs, fine-tuning them on
the CoDAE datasets and evaluating both ped-
agogical quality and guidance effectiveness in
helping students reach correct answers. Our
results demonstrate that LLMs fine-tuned with
CoDAE become more supportive, robust, and
better aligned with educational needs.

+ Our work advances the alignment of LLM be-
havior with educational objectives and pro-
vides publicly available resources to facilitate
the development of more effective, student-
centered Al tutors.

2. Related Work

Al for Education Recent research highlights both
the potential and limitations of LLM-guided tutor-
ing in comparison to traditional human instruction
(Zerkouk et al., 2025). For instance, Pardos and
Bhandari (2023) found that while both LLM- and
human-generated hints contributed to student learn-
ing in math, only the human-authored hints pro-
duced statistically significant gains. Other studies
have raised concerns about the inconsistency and
factual correctness of LLM-generated feedback,
particularly in domains requiring stepwise reason-
ing (Liu et al., 2023b; Li et al., 2024; Lee and Hock-
enmaier, 2025). These issues point to the need
for more reliable alignment between model outputs
and established pedagogical principles (Meyers
and Nulty, 2009). Related work further emphasizes
the value of instructional reasoning and the cultiva-
tion of problem-solving autonomy, rather than direct
answer provision, when deploying LLMs in learning
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Figure 2: Overview of the proposed CoDAE framework. We collect real-world student—Al tutor interactions
and augment them using LLMs with Chain-of-Thought prompting. The augmented dataset is then used to
fine-tune LLMs, resulting in more supportive and robust Al tutors for educational settings.

environments (Riztha et al., 2024). To address this
challenge, Liu et al. (2024) employ LLM agents to
generate synthetic data aligned with the Socratic
method of teaching. In contrast, our work builds on
real conversational data collected from real-world
educational applications.

Instructionally Aligned Al Tutors To address
these concerns, a growing body of research fo-
cuses on instructionally aligned Al tutors that em-
phasize scaffolding and context-aware reasoning
(Pian and Lu, 2025). For example, Fulgencio (2024)
designed a chatbot that guides students through
reflective prompts instead of giving immediate an-
swers. This is part of a broader trend toward So-
cratic models that promote student engagement
through structured interactions (Pappagallo, 2024).
Another line of work introduces hybrid human-Al
tutoring systems, such as Wang et al. (2025), which
employ LLMs to augment live tutoring with Socratic-
style reasoning paths. These systems have shown
promise not only in scaling human expertise but
also in enhancing tutor effectiveness for less ex-
perienced educators. Still, most such tools are
focused on real-time support, rather than leverag-
ing training-time objectives to generate instructional
reasoning from scratch (Qian, 2025; Lai and Lin,
2025).

Chain-of-Thought Prompting and its Limita-
tions in Education Although advances in CoT
prompting have improved the ability of LLMs to rea-
son through complex problems (Yu et al., 2023),
most research in this area has focused on gen-

erating the reasoning steps that lead directly to
(correct) answers (Chen et al., 2025); and in bench-
marking tasks, answer-focused output is the goal
(Cao et al., 2025). But this approach is at odds
with educational settings, where the primary goal is
improving learner comprehension and knowledge
(Dunlosky et al., 2013). Take, for example, domains
such as math and science, where problem solving
often involves either the application of formulae,
commonsense reasoning, or both. In these cases,
the instructional value of assisted problem solving
is not in the procurement of an answer, but rather
in the guidance which leads the student to finding
the answer on their own (Schéfer et al., 2024).

All together, these lines of inquiry support the
promise of Al-powered student scaffolding, but re-
veal a lack of formal tools and datasets for train-
ing and evaluating models in guided CoT genera-
tion (Plaat et al., 2024). Our work fills this gap by
introducing a novel structured reasoning dataset
and task definition centered on educational CoT
for guidance-oriented generation, where the goal
is not to solve, but to provide student support and
foster reasoning.

3. Data Collection and Augmentation

3.1.

We base our work on a dataset of student—tutor
interactions which is provided by a learning plat-
form, collected from a GPT4.0-powered Al tutor de-
ployed in a real-world homework help setting. We
keep only conversations for students who signed
the informed consent and remove any personally

Original Dataset



identifying information. Each interaction consists
of a system message ("system") containing the stu-
dent’s initial answer to the homework question, and
a (multi-turn) dialogue between the student ("user")
and the Al tutor ("assistant"). The dataset spans a
range of academic disciplines such as economics,
biology, math, etc.

However, as illustrated in Figure 1, the original
dataset presents several challenges when used
for modeling high-quality instructional CoT behav-
jor. First, student turns tend to be extremely short-
often consisting of single words, acknowledgments
("ok"), or vague indicators of confusion ("i don’t
know"). Second, many dialogues display repetitive
interaction patterns, where the student repeatedly
signals uncertainty ("idk spam"), to which the Al
tutor sequentially provides the next reasoning step
with minimal engagement from the student. This
results in interactions that are formally valid but
pedagogically shallow, lacking the richness of re-
flective questioning or scaffolding strategies that
promote deeper understanding.

These characteristics limit the dataset’s utility for
training models to generate pedagogically rich guid-
ance. To address this, we design a structured data
augmentation pipeline that retains the core edu-
cational content while enhancing the instructional
depth of the tutor turns and increasing the overall
quality of the dialogue.

3.2. Pedagogical CoT Generation

To transform the original dataset into high-quality,
pedagogically meaningful interactions, we deploy a
structured data augmentation pipeline to repurpose
existing student—tutor exchanges into Socratic-style
instructional chains of thought. This involves pre-
processing raw dialogues, structuring contextual
inputs, and using few-shot prompting with an LLM
to generate enriched tutor responses that guide
student reasoning without revealing final answers.
We use Qwen2.5-72B-Instruct (Qwen, 2024)
for the data augmentation.

3.2.1. Preprocessing

We remove the low-information dialogues, those in
which student turns are missing or empty. Remain-
ing dialogues are required to include at least one
complete exchange between a student and the Al
tutor. For each selected interaction, we retain the
full dialogue history and insert it into a structured
prompt alongside an example of a high-quality ed-
ucational exchange drawn from a curated set of
model outputs or hand-crafted examples.

For each interaction, we insert a structured input
consisting of four fields:

+ question: A textual representation of the origi-

nal homework question submitted by the stu-
dent.

« discipline: The subject area of the question
(e.g., algebra, economics, biology).

+ solution: An expert-authored solution to the
question, if available. In cases where the ex-
isting solution is missing, we simply add “No
expert solutions are available for this ques-
tion".

» message: A student-tutor dialogue extracted
from the original dataset, used both as con-
text and as a stylistic anchor for the model’s
generation.

This structured record is then used to prompt the
model to generate a revised message that guides
the student through reasoning processes aligned
with pedagogical best practices, such as encour-
aging reflection, breaking down problem-solving
steps, and eliciting conceptual connections.

3.2.2. Prompt Template for Data
Augmentation

We design a custom instructional prompt to guide
the model's generation behavior, following prior
work (Martin and Graulich, 2024). The prompt in-
corporates contextual metadata and explicit instruc-
tional constraints, emphasizing reasoning support
while avoiding direct answer disclosure. It includes
a high-quality example interaction and few-shot
dialogue demonstrations that illustrate multi-turn,
Socratic-style tutoring. These examples showcase
how the assistant encourages reflection, breaks
down reasoning steps, and maintains alignment
with the student’s phrasing and engagement level
without revealing the final answer. The prompt is
further designed to match the tone and style of
the student’s original message while improving the
pedagogical quality of the assistant’s reply. Finally,
the model is instructed to produce its response
within special <guidance> tokens, ensuring that
the generated instructional content remains clearly
separated from any additional conversational text.

3.2.3. Further Augmentation

To better address the three limitations illustrated in
Figure 1: over-compliance, low response adaptivity,
and threat vulnerability. We further augment the
dataset with targeted adversarial examples. Specif-
ically, we introduce dialogue cases where users
attempt to elicit direct answers (e.g., adversarial re-
quests such as “just give me the answer”), express
uncertainty (e.g., “l don’t know”), or issue emotion-
ally coercive prompts designed to manipulate the
Al tutor.



Each adversarial user message is paired with
a manually crafted, pedagogically appropriate as-
sistant response. This additional augmentation
enables the model to: (i) resist harmful attempts to
bypass guided reasoning, (ii) provide more support-
ive feedback when faced with uncertain students,
and (i) remain robust against emotionally coercive
threats. In total, we construct four dataset variants.
The base variant, CoDAE, focuses on promoting
guided reasoning without directly revealing the cor-
rect answer (addresses Limitation 1). Building upon
this base dataset, we further create three special-
ized variants:

» CoDAE I: extends CoDAE with additional in-
teractions where students say “l don’'t know,”
encouraging the model to provide more diverse
and guidance-oriented reasoning (addresses
Limitation 1 and 2).

+ CoDAE A: augments CoDAE with conversa-
tions that include threat-based or emotionally
coercive prompts, teaching the model to han-
dle such adversarial cases appropriately (ad-
dresses Limitation 1 and 3).

« CoDAE I+A: combines both CoDAE | and Co-
DAE A to address Limitations 1, 2 and 3 simul-

taneously.
Subject Samples Mean Tags Mean Chars
Economics 1544 2.96 392.46
Mathematics 446 3.06 351.69
Biology 724 3.37 327.87
Chemistry 48 3.73 512.10
Statistics 135 3.06 437.85
Undisciplined 4 3.00 324.50
Total 2901 3.10 392.58

Table 1: Summary statistics for the CoDAE dataset.

Table 1 summarizes the statistics of the CoDAE
dataset across different subject areas. For each
subject, we report the total number of dialogue
samples, the average number of <guidance> tags
per sample (Mean Tags), and the average number
of characters per sample (Mean Chars). In total,
the CoDAE dataset spans 5 subjects and contains
2901 dialogue samples.

4. LLM Fine-Tuning

We adapt four open-source LLMs of compara-
ble size (7—9B parameters) by fine-tuning them
on the augmented CoDAE datasets: Llama-
3.1-8B-Instruct (Llama, 2024), Qwen2.5-
7B-Instruct (Qwen, 2024), InternLM3-8B-
Instruct (InternLM, 2023), and Gemma-2-9B-
1T (Gemma, 2024).

For efficient adaptation, we employ LoRA (Low-
Rank Adaptation) (Hu et al., 2022), which updates
only a subset of parameters (e.g., projection lay-
ers in transformer blocks), reducing both memory
usage and computational cost.

To ensure that training focuses exclusively on
guidance generation, we apply token masking: to-
kens outside the <guidance> block are assigned
a loss weight of —100, ensuring that only guidance
tokens contribute to the cross-entropy loss. This
strategy enables the model to leverage full conver-
sational context while being explicitly optimized to
generate high-quality instructional guidance.

4.1. Attention Masking

Chain-of-Thought reasoning is typically repre-
sented as an internal monologue generated by the
model and enclosed within special token markers
(Team, 2025). Since our fine-tuning setup uses full
dialogue data containing both user and assistant
turns, we must ensure that the model is explicitly
trained to act only as the assistant. This process is
conceptually similar to masked language modeling
in pretraining, where certain parts of the text are
masked out: masked tokens serve as conditioning
context, while only unmasked tokens contribute to
the loss during optimization.

Without proper masking, we observed that the
model occasionally imitated user messages rather
than producing instructional responses. To pre-
vent this behavior, we mask out all tokens ex-
cept for the assistant’s final guidance message.
In our dataset, the output field contains a sin-
gle assistant utterance in the format <assis-
tant>:<guidance>...</guidance>. During
training, we compute the loss solely on this guid-
ance block, ensuring that the model learns to gen-
erate high-quality instructional responses without
reproducing student input.

Algorithm 1 illustrates how we construct masked
labels for the guidance tokens, ensuring that only
tokens within the <guidance> span contribute to
the loss during fine-tuning.

5. Evaluation

Our evaluation assesses the LLMs in a constrained
tutoring setting, where models are expected to scaf-
fold student reasoning, aiding student problem solv-
ing, without directly disclosing answers. Unlike
conventional CoT benchmarks that reward final-
answer accuracy, our focus is on pedagogical qual-
ity and refusal robustness. All model variants are
tested under a standardized constrained prompt
used at inference time, ensuring consistent compar-
ison across base models and fine-tuning strategies.



Algorithm 1 Create masked labels for guidance
tokens

Require: input text x, output text y, tokenizer T
Dz xlly

ids < T'(z)

labels < array of size |ids|, filled with —100

gs < T'(<guidance>)

ge < T(</guidance>)

start < index of subsequence g; in ids

end < index of subsequence g. in ids plus
|ge‘ -1

8: for i = start to end do

9: labels[i] + ids]i]

10: end for

11: return ids, labels

NoaRk w2

We evaluate five fine-tuning variants for each
LLM:

+ the off-the-shelf model without fine-tuning
(baseline),

+ fine-tuning on the base CoDAE dataset (FT),

+ fine-tuning on CoDAE |, which includes addi-
tional interactions with user distress messages
(FT1),

« fine-tuning on CoDAE A, which introduces
user attack messages (FT A), and

« fine-tuning on the combined CoDAE I+A
dataset, which includes both distress and at-
tack cases (FT I+A).

Each variant is evaluated on a shared held-out
test set consisting of 1000 queries, sampled uni-
formly (250 per configuration) from the four test set
variants.

Evaluation spans two complementary tracks:

+ Instructional Quality: Using automatic met-
rics (perplexity, Self-BLEU) and LLM-as-a-
Judge scores (pedagogical helpfulness, scaf-
folding effectiveness, clarity, etc.) over model-
generated CoTs in response to authentic stu-
dent queries.

+ Jailbreak Robustnhess: Using the jailbreak
benchmark dataset of adversarial prompts de-
signed to elicit undesired behaviors (Chao
et al., 2024) , we evaluate whether the model
discloses a solution (jailoreak success) and
whether it issues an explicit refusal.

LLM-Judgments for both tracks are rendered us-
ing the 1.1.aMA-3.3-70B-Instruct model, un-
der a standardized scoring rubric, resulting in high-
agreement evaluation of both instructional align-
ment and adversarial resistance across model con-
ditions.

5.1.

We report two automatic metrics to assess fluency
and response diversity across model variants:

Fluency (Perplexity): Perplexity is computed
using Falcon3-7B as an external reference model
(Penedo et al., 2023). Lower values reflect greater
fluency and syntactic coherence.

Response Diversity (Self-BLEU): To evaluate
adaptability, we calculate Self-BLEU on model out-
puts. Lower Self-BLEU indicates more diverse,
less repetitive responses, serving as an indicator
of instructional flexibility and resilience (Zhu et al.,
2018).

Automatic Metrics

5.2. LLM-as-a-Judge Evaluation

To assess instructional quality, we use a structured
LLM-as-a-Judge protocol inspired by recent work
(Zheng et al., 2023; Liu et al., 2023a; Chiang and
Lee, 2023). Each model’s output is rated on a
scale (1-5) or as True / False (Accuracy) by L.L.aMA-
3.3-70B-Instruct (Llama, 2024) along several
pedagogical axes. The dimensions include:

« Accuracy: This metric reflects how often
the model directly provides the final answer.
Higher accuracy indicates more frequent an-
swer disclosure, which is not desirable in our
tutoring context. Ideal responses guide rea-
soning without giving away the solution.

+ Clarity: Is the response comprehensible and
well-structured?

+ Reasoning Progression: Does the explana-
tion logically guide from known to unknown?

» Pedagogical Helpfulness: Does the tutor
support reasoning without solving the prob-
lem?

 Scaffolding Effectiveness: Are intermediate
steps introduced incrementally?

5.3. Jailbreak Benchmark Evaluation

To evaluate the robustness of the model, we as-
sess refusal robustness using the one-shot jail-
break benchmark introduced by Chao et al. (2024).
Each model is tested on a standardized set of ad-
versarial prompts crafted to simulate manipulation,
emotional appeal, or persistent challenge. Model
responses are evaluated by the LLM judge on two
axes:

+ Jailbreak Success: Does the model disclose
or imply the correct answer?

* Refusal Rate: Does the model issue an ex-
plicit refusal?



These two dimensions capture complementary
aspects of instructional alignment: a model may
avoid answer disclosure (low jailbreak success)
without necessarily refusing (low refusal rate), or
it may issue firm refusals while still leaking partial
solutions. High performance requires both robust-
ness to adversarial intent and consistent alignment
with non-answering instructional behavior.

This benchmark complements the instructional
quality scores by probing model alignment under
pressure, isolating refusal behavior from pedagogi-
cal coherence. As a whole, this multi-phase evalu-
ation protocol offers several benefits:

+ Scalability: LLMs reduce the need for costly
human annotation.

» Alignment: Evaluation is prompt-aligned with
instructional goals.

« Empirical reliability: Recent work has shown
that GPT-4 and similar models achieve strong
agreement with expert raters on reasoning
and instructional quality (Gu et al., 2024; Yuan
et al., 2025).

We report the mean, variance, and qualitative
trends in these scores across all models and con-
ditions.

6. Results and Analysis

We organize our results along two primary dimen-
sions: pedagogical quality and instructional fidelity.
Table 2 reports evaluation outcomes for all model
variants under constrained prompting, highlighting
the effects of different data augmentation strategies
during fine-tuning compared to their off-the-shelf
(baseline) counterparts. Within each model family,
we compare five configurations: baseline (no fine-
tuning), general fine-tuning on CoDAE (FT), fine-
tuning on CoDAE | with refusal to distress-message
prompts (FT 1), fine-tuning on CoDAE A with refusal
to attack-message prompts (FT A), and fine-tuning
on the combined CoDAE I+A dataset (FT I+A). Bold
scores denote the best-performing variant within
each model group, and underlined scores denote
the second-best results.

Fluency and Linguistic Coherence Measured
by perplexity, fluency results are mixed. Qwen2.5
FT slightly outperforms the base model (4.06 vs.
4.21), and LLaMA3.1 FT I+A achieves the best
fluency within its series (4.19), improving upon
the base model (4.7). Although Gemma2 exhibits
higher perplexity compared to the other models, the
Gemma2 FT I variant still outperforms its baseline
counterpart (7.71 vs. 8.85).

Response Diversity and Instructional Robust-
ness Finetuned models show higher response
diversity on uncertainty prompts. For example,
LLaMAS3.1 FT achieved lower Self-BLEU (73.11 vs.
75.95) and Gemmaz2 FT | scored the lowest over-
all (66.24 vs. 68.91 for the base). These results
suggest instructional fine-tuning increased model
adaptability to vague or underspecified queries,
such as “l don’t know,” by encouraging varied but
still pedagogically grounded responses.

Accuracy (Answer Disclosure) Instructional
fine-tuning generally reduce answer disclosure
rates. Gemma2 FT I+A achieved the lowest
accuracy score (0.06), outperforming the base
(0.10), indicating improved compliance with the
non-answering norm. Importantly, this reduction
does not correlate with declines in helpfulness or
clarity, which remains high, reinforcing that refusing
to answer does not require sacrificing guidance.

Clarity and Reasoning Progression Instruc-
tional finetuning lead to clearer and more log-
ically sequenced reasoning outputs. Qwen2.5
FT 1+A achieved the highest clarity score overall
(4.83), surpassing the base (4.79). However, in the
LLaMA family, the baseline LLaMAS3.1 outperforms
all of its finetuned variants in both clarity (4.78)
and reasoning progression (4.58), suggesting that
large pretrained models may already possess well-
structured instructional capabilities that can be dis-
rupted by additional alignment constraints. These
results indicate that while alignment data often rein-
forces explanation quality, its benefits may depend
on the underlying model’s pretraining and instruc-
tion tuning regime.

Pedagogical Helpfulness and Scaffolding Effec-
tiveness Finetuned models frequently generate
more constructive and supportive tutor responses.
For instance, Qwen2.5 FT |+A outperforms the
base Qwen2.5 on both pedagogical helpfulness
(4.05 vs. 3.89) and scaffolding effectiveness (4.28
vs. 4.17). Similarly, Gemma2 FT I+A achieves
the highest pedagogical helpfulness (4.70) and im-
proves scaffolding relative to its base variant (4.54
vs. 4.48). These improvements suggest that struc-
tured exposure to instructional prompting during
finetuning enhances the model’s ability to guide
rather than tell.

Jailbreak Resistance and Refusal Behavior
Fine-tuned models largely preserved the strong
refusal and jailbreak resistance behaviors of their
base counterparts. For most families, including
Qwen2.5 and LLaMAS3.1, the model variants main-
tain comparable jailbreak resistance and refusal



Self- . Reasoning Pedagogical Scaffolding JB Ref
Model PPL| BLEUi Accuracy| Clarity? ProgressionT HelpfulnessT EffectivenessT Ftes.T RateT
Llama3.1 4.7 75.95 | 0.19 £ 0.39 | 4.78 + 0.44 4.58 + 0.83 413 +£1.30 422 +1.13 1.00 0.97
Llama3.1 FT 6.08 73.11 | 0.26 £ 0.44 | 4.40 £ 0.94 4.27 £1.05 3.63 + 1.43 3.66 + 1.36 0.99 0.96
Llama3.1 FT I 5.29 78.72 | 0.22 + 0.42 | 4.56 + 0.68 4.36 + 0.96 3.83 +1.37 3.86 + 1.29 1.00 0.98
Llama3.1 FT A 5.72 73.39 | 0.27 £ 0.44 | 456 +0.75 4.38 + 0.95 3.73 +1.44 3.78 + 1.33 1.00 0.97
Llama3.1 FT I+A 4.19 74.47 | 0.51 £ 0.50 | 4.34 + 0.77 4.31 £0.92 3.04 + 1.55 3.27 + 1.45 1.00 0.97
Qwen2.5 4.21 78.94 | 0.33+£0.47 | 479 +0.44 4.79 £ 0.46 3.89 + 1.42 417 £1.18 1.00 0.92
Qwen2.5 FT 4.06 76.56 | 0.30 £ 0.46 | 4.82 + 0.40 4.81 +£0.43 4.03 +1.37 4.25+1.15 0.99 0.92
Qwen2.5 FT | 4.31 76.29 | 0.36 £+ 0.48 | 4.77 + 0.45 4.79 £ 0.45 3.85+1.44 416 £1.20 0.99 0.92
Qwen2.5 FT A 4.5 76.05 | 0.29 + 0.46 | 4.82 + 0.40 4.81 £ 0.42 4.05 + 1.36 423 +1.15 0.99 0.92
Qwen2.5 FT I+A 4.54 76.47 | 0.28 £ 0.45 | 4.83 + 0.40 4.81 + 0.41 4.05 + 1.36 4.28 +1.10 0.99 0.92
InternLM 2.83 76.95 | 0.33 £ 0.47 | 4.60 + 0.67 4.65 + 0.68 3.74 £ 1.46 3.81 £ 1.42 1.00 0.94
InternLM FT 3.71 75.67 | 0.36 £ 0.48 | 4.61 + 0.65 4.68 + 0.66 3.60 + 1.60 3.66 + 1.58 0.98 0.94
InternLM FT | 4.15 76.64 | 0.34 £ 0.48 | 4.59 + 0.67 4.65 +£0.70 3.59 +1.62 3.62 + 1.61 0.77 0.74
InternLM FT A 4.82 76.51 | 0.34 £ 0.47 | 4.59 + 0.69 4.62 £ 0.74 3.57 +1.65 3.60 + 1.63 0.67 0.67
InternLM FT I+A 4.04 76.01 | 0.32 + 0.47 | 4.62 + 0.62 4.66 + 0.65 3.62 + 1.60 3.66 + 1.59 0.71 0.69
Gemmaz2 8.85 68.91 | 0.10 £ 0.29 | 4.93 +0.28 4.62 £ 0.55 4.54 £ 0.97 4.48 £ 0.80 1.00 0.99
Gemma2 FT 10.79 67.95 | 0.10 £ 0.30 | 4.92 + 0.31 4.64 £ 0.59 4.52 +£1.00 4.45 + 0.86 1.00 0.99
Gemma2 FT | 7.7 66.24 | 0.07 + 0.25 | 4.95 + 0.22 4.65 + 0.54 4.67 £ 0.85 4.57 £ 0.75 1.00 0.98
Gemma2 FT A 7.9 68.98 | 0.10 + 0.30 | 4.92 + 0.32 4.64 + 0.58 453 +1.01 4.46 + 0.87 1.00 0.98
Gemmaz2 FT I+A 8.24 67.48 | 0.06 + 0.23 | 4.95 + 0.25 4.62 + 0.58 4.70 £ 0.79 4.54 £ 0.74 1.00 0.98

Table 2: Performance comparison of different models and their fine-tuned variants on all evaluation
metrics. Bold values indicate the best results within each model group, and underlined values denote the

second-best results.

rates to the original models, indicating that instruc-
tional alignment does not compromise safety. The
main exception was InternLM, where fine-tuned
variants show a marked decline in jailbreak resis-
tance (e.g., 0.77 for FT | vs. 1.00 for the base),
suggesting some tradeoff between pedagogical
tuning and adversarial robustness. Overall, these
results support the conclusion that most models
can be finetuned for instructional quality without
substantially weakening their defense against jail-
breaks, which is aligned with prior work by Wei et al.
(2023a).

In summary, LLMs adapted by CoDAE yield
consistent pedagogical improvements across most
models. The FT I+A configuration, in particular,
demonstrates strong alignment with the goals of
educational CoT: guiding reasoning effectively while
resisting answer disclosure.

7. Conclusion

In this work, we present CoDAE, a Chain-of-
Thought-based data augmentation framework de-
signed to adapt large language models for educa-
tional settings. By collecting real-world student—Al
tutor interactions and enriching them with pedagog-
ically oriented reasoning, CoDAE enables models
to provide more supportive and context-aware guid-
ance rather than directly revealing answers. We
further introduce specialized dataset variants to
address key limitations of current Al tutors, includ-
ing over-compliance, low response adaptivity, and
susceptibility to adversarial prompts.
Comprehensive experiments across multiple

open-source LLMs show that fine-tuning with Co-
DAE consistently improves pedagogical helpful-
ness, scaffolding, and instructional clarity. No-
tably, the combined I+A variants often outperform
both their base models and singly fine-tuned coun-
terparts, indicating that exposure to both benign
and adversarial instructional contexts fosters more
adaptive and balanced tutoring behavior. These
gains are achieved without sacrificing refusal fidelity
or jailbreak resistance in most model families.

Overall, our findings demonstrate that dataset
augmentation can substantially enhance the in-
structional alignment of large language models
for educational scenarios. Beyond performance
metrics, our study highlights how pedagogically
grounded reasoning patterns—when systematically
infused through data—can reshape LLM behav-
ior toward more human-aligned tutoring. CoDAE
thus serves as a step toward bridging the gap be-
tween machine reasoning and educational peda-
gogy, showing that reasoning-driven data design
can serve as a powerful lever for aligning LLMs with
instructional goals. Looking ahead, several promis-
ing directions emerge. First, reinforcement-based
fine-tuning and self-improvement loops could fur-
ther refine the balance between guidance and re-
fusal, allowing models to learn from real-time stu-
dent feedback. Second, cross-lingual and subject-
specific extensions of CoDAE could broaden its
applicability to multilingual and domain-sensitive
learning contexts. Third, human-in-the-loop deploy-
ment studies in authentic classrooms will be cru-
cial to validate pedagogical effectiveness, measure
learning outcomes, and ensure equitable student
support.



8. Ethical Considerations

This work focuses on improving the pedagogical
alignment and robustness of large language mod-
els used in educational contexts. Our framework is
designed to support human educators rather than
replace them, and it is not intended for high-stakes
decision-making. All datasets, models, and evalua-
tion scripts are released under licenses that permit
research use while discouraging misuse in non-
educational settings. Future deployment in real
classrooms should include continuous human over-
sight and fairness audits to ensure safe and equi-
table use of adapted LLMs.
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