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Abstract

The conversational capabilities of large lan-
guage models hold significant promise for en-
abling scalable and interactive tutoring. Prior
work has primarily evaluated general instruc-
tional competence while overlooking a critical
dimension: the ability to adaptively guide learn-
ers based on their evolving cognitive states.
This study takes instructional guidance as a
core capability and asks whether LLMs can
emulate expert tutors who dynamically adjust
strategies in response to learners’ needs. We
introduce GuideEval, a benchmark grounded in
authentic educational dialogues that evaluates
pedagogical guidance through a three-phase
behavioral framework: (i) Assessment, infer-
ring learner states; (ii) Orchestration, adapt-
ing instructional strategies; and (iii) Elicitation,
stimulating proper reflections. Empirical re-
sults indicate that the evaluated LLMs often fail
to provide effective adaptive scaffolding when
learners experience confusion or require redi-
rection. Complementing quantitative results,
we present a detailed failure case analysis, offer-
ing intuitive insights into these limitations. We
further propose a behavior-guided finetuning
strategy based on behavior-prompted instruc-
tional dialogues, substantially enhancing guid-
ance performance. By shifting the focus from
isolated content correctness to learner-centered
state-aware interaction, this work advocates a
more dialogic paradigm for evaluating Socratic
LLMs.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable progress across diverse natural language
processing tasks (Wang et al., 2023; Wei et al.,
2021; Zhao et al., 2023), and have increasingly
been adopted in educational settings to support
more efficient, adaptive, and personalized learn-
ing (Hu et al., 2025a; Beale, 2025). In particular,
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educational question answering has emerged as
an active area in which LLMs serve not only as
fact-retrieving engines but also as interactive tu-
tors that engage students in discipline-specific rea-
soning (Wollny et al., 2021; Lieb and Goel, 2024;
Kuhail et al., 2023).

Recent research has increasingly explored the
integration of the Socratic method (Elder and Paul,
1998; Paul and Elder, 2007) in educational LLMs,
emphasizing iterative Socratic-style questioning
to foster critical thinking (Liang and Wu, 2025).
While these efforts highlight the potential of LLMs
to emulate philosophical dialogue, they often over-
look the crucial pedagogical principle of guidance.
In real educational settings, questioning, especially
when misaligned with a learner’s cognitive readi-
ness, can lead to cognitive overload and hinder
learning (Li et al., 2021; Scarlatos et al., 2025b).
Empirical evidence further indicates that when in-
structional explanations fall outside a learner’s zone
of proximal development (Shabani et al., 2010),
scaffolding fails to enhance engagement and may
impair comprehension and retention (Wittwer and
Renkl, 2008; Hu et al., 2025b). As LLMs increas-
ingly assume the role of virtual educators, a press-
ing question arises: can they provide appropriate
guidance like human teachers?

Human instructors dynamically adjust pedagog-
ical strategies according to context, as adapting
instruction to learners’ evolving cognitive states is
essential for effective teaching. Figure 1 illustrates
several examples in which GPT-4.1 generates simi-
lar responses across varying student understanding
states, highlighting a lack of adaptive instructional
guidance. To this end, we introduce GuideEval (In-
structional Guidance Evaluation Benchmark), de-
signed to systematically evaluate the instructional
guidance capabilities of LLMs serving as interac-
tive tutors and to examine whether these models
are evolving into discerning educational partners or
remain generic tutors executing scripted dialogues.
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[Multi-turn history]

… Can you tell me which number is smaller, 362 or 364?

362

Very good, 362 is smaller than 364. Since the dividend 

is smaller than the product, What do you think we should 

change the quotient to?

That's right, 364 is greater than 362. So in this case, 

what adjustment should we make to the quotient?

(Accurate response)

364 (Erroneous response)

(a) Responses to accurate and erroneous states

[Multi-turn history]

… Now, how much faster is Car A than Car B?

Got it, please go on.

Great! Car A's speed is 80km/h, Car B's is 70km/h. So, 

what's the speed difference?

I don't know.

Let’s take it step by step. Car A goes 80km/h, Car B goes 

70km/h. Can you figure out how many more 

kilometers Car A travels per hour than Car B?

(Comprehension)

(Confusion)

(b) Responses to comprehension and confusion states

Figure 1: Illustrating several example dialogues generated by GPT-4.1, showing similar responses across different
student states.

In this paper, we hypothesize that effective in-
structional guidance can be conceptualized as a
three-phase behavioral framework, which is moti-
vated by the observation that meaningful instruc-
tion requires not only understanding the learner
but also dynamically orchestrating strategies and
eliciting active engagement. The first phase, As-
sessment, concerns the model’s ability to accurately
infer the learner’s current state, a prerequisite for
all subsequent instructional decisions. The second
phase, Orchestration, entails the adaptive pedagog-
ical strategies aligned with the learner’s zone of
proximal development. This includes techniques
such as analogy generation, scaffolding, concep-
tual decomposition, and the strategic use of exam-
ples or counterexamples. The third phase, Elicita-
tion, centers on stimulating learner reflection and
deeper understanding through targeted questioning.
While prior work has emphasized generic ques-
tioning strategies, we highlight discernment-based
elicitation, wherein questions are responsive to the
learner’s current state.

Building on this conceptual decomposition, we
propose an evaluation framework that operational-
izes the three core phases. Each dimension is de-
fined by a set of behavioral indicators and perfor-
mance criteria, enabling systematic, fine-grained
analysis of an LLM’s instructional competencies
throughout the educational interaction tutoring. To
support this framework, we construct a test corpus
grounded in authentic student-model interactions
by collecting multi-turn dialogues from real-world
educational scenarios. To evaluate behavioral vari-
ability, we design contrastive student utterances
simulating diverse cognitive states (e.g., accurate
vs. erroneous, comprehension vs. confusion).
These controlled variations probe the model’s sen-

sitivity to pedagogically salient cues and its capac-
ity for adaptive response. Leveraging this corpus,
we design a suite of evaluation tasks aligned with
each core dimension. These tasks focus on distinct
instructional behaviors, enabling precise measure-
ment of instructional guidance capabilities.

We evaluate a wide range of open-source and
closed-source LLMs as well as education-oriented
models, with a detailed analysis of each dimen-
sion and comprehensive failure pattern study. Our
empirical results reveal three critical findings in cur-
rent LLMs’ instructional behaviors. (1) Ambigu-
ous Feedback on Errors: While models readily
affirm correct responses, they often provide vague
or non-committal feedback on incorrect ones, lim-
iting learners’ ability to promptly identify and rec-
tify mistakes. (2) Limited sensitivity to implicit
learning states: While models respond effectively
to explicit expressions of learner states, they strug-
gle significantly when those states must be inferred
implicitly from the content of students’ answers.
(3) State-Invariant Failure Modes: Certain errors
recur across different learner states, including in-
discriminate affirmation and repeated explanations.

2 Related Work

Building socratic LLMs. LLMs increasingly
serve as interactive educational tutors due to their
advanced language understanding and generation
capabilities. Recent research has focused on
enhancing LLMs’ tutoring performance through
textbook-grounded multi-turn dialogues, such as
TutorChat (Chevalier et al., 2024) and Math-
Dial (Macina et al., 2023), which are further ex-
tended across diverse subjects and grade levels
by NewtBot (Lieb and Goel, 2024) and Socrat-
icMath (Ding et al., 2024). Building on these de-
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(1) Conventional Solution Delivery (2) Sequential Instruction (3) State-aware Socratic Instruction

Q A

Solving

Q

Decomposing

1

…

1st turn

2nd turn

… what state?
how to help? 
what to ask?

Q

1st turn

2nd turn

Student
Feedback

…

(Accurate respond)

That doesn't seem 
correct. Let's rethink 
it…

That‘s correct! Next…

I know —200.

Assessment

20. I don't know. 

(Erroneous respond)

Great! …

Something's not quite 
right with your 
answer.…

Incorrectly affirmed

Correctly rejected 

Incorrectly rejected

Correctly affirmed 

Orchestration

 [Multi-turn history]
… Can you tell me how many 
centimeters are in 2 meters?

 [Multi-turn history]
Now we know the perimeter of the 
square is 24 cm. Can you tell me its 
area?Elicitation

Sure. 36cm².

It seems there’s a bit of 
confusion. Let’s take a 
closer look—can you 
tell me how many 
centimeters are in 2 
meter?

It seems there’s a bit 
of confusion. Actually, 
1 meter equals 100 
centimeters. Now, can 
you tell me how many 
centimeters are in 2 
meters?

No detailed support

Effective scaffolding

Great! Then，
conversely, how many 
parts of a meter is 1 cm?

Great! The question 
states that the price 
of 1 cm of ribbon is 
0.1 yuan. Can you 
calculate the price of 2 
meters of ribbon?

Repeated questioning

Introducing new 
information

Okay, let’s take a closer 
look. To calculate the area 
of a square, we need the 
side length. Since we 
have the perimeter, we 
can use it to find the side. 
Does that make sense to 
you?

Alright, actually there's a 
clever formula to go from 
perimeter to area—would 
you like to try deriving 
it?

Appropriate low-level

Over-challenging

Great! And do you 
still remember how 
we got 6 cm as the 
side length?

Well done! Now 
imagine we change 
the shape to a 
rectangle with the 
same perimeter. 
Could the area be 
larger or smaller?

Shallow follow-up

 Higher-order prompt

Q1

fin. turn

Q2

Qn

Q1

Q2

A1

A2

An

Figure 2: The figure contrasts three instructional approaches and illustrates how models, when aware of student
states, adapt their behaviors across Assessment, Orchestration, and Elicitation dimensions.

velopments, recent studies have explored integrat-
ing the Socratic method, which promotes critical
thinking through iterative questioning (Elder and
Paul, 1998; Paul and Elder, 2007). Early work
used prompt engineering; e.g., Chang et al (Chang,
2023) constructed Socratic prompts. Others use
data augmentation, LoRA-based fine-tuning, and
preference optimization techniques (Ashok Kumar
and Lan, 2024; Shani et al., 2024). EduChat (Dan
et al., 2023) integrates open-ended question an-
swering, essay evaluation, and Socratic dialogue
into a unified LLM framework. Similarly, Socrat-
icLM (Liu et al., 2024) introduces a multi-agent
“Dean–Teacher–Student” to emulate Socratic-style
instruction in mathematical reasoning. Cohn et
al. (Cohn et al., 2025) introduce LLMs as pedagog-
ical agents. Despite these advances, most systems
focus predominantly on Socratic questioning while
overlooking the critical role of instructional guid-
ance.

Evaluating socratic LLMs. Most existing eval-
uation efforts for LLMs emphasize metrics such
as BLEU, ROUGE, and BERT-Score, or fo-
cus on answer correctness and presentation qual-
ity (Favero et al., 2024; Chevalier et al., 2024).
TutorEval (Chevalier et al., 2024), for example,
evaluates scientific reasoning via textbook-based
QA tasks. Recent efforts have shifted toward struc-
tured evaluations of Socratic tutoring capabilities.
SocraticLM (Liu et al., 2024) introduces a five-

dimensional framework. SocratiQ (Ang et al.,
2023) evaluates Socratic-style question generation
using human ratings of fluency, relevance, and
answerability. Dr.Academy (Chen et al., 2024)
presents a benchmark for evaluating questioning
abilities in educational LLMs. MRBench (Mau-
rya et al., 2024) and its taxonomy advance peda-
gogical evaluation but remain focused on response
content rather than adaptive guidance. In contrast,
our state-controlled contrastive design varies stu-
dent states while fixing dialogue history, enabling
precise evaluation of LLMs’ state sensitivity and
adaptive instructional support.

LLM-based Knowledge tracing. Recent efforts
explore whether LLMs can model a student’s evolv-
ing mastery. Neshaei et al. (Neshaei et al., 2024)
demonstrate that fine-tuned GPT models can pre-
dict student performance, while LLM-KT (Wang
et al., 2025) integrates LLMs with sequential stu-
dent models for knowledge tracing, and Scarlatos
et al. (Scarlatos et al., 2025b,a) further leverage
such models as student simulators to optimize tutor
responses toward improved next-step correctness.
Beyond tracing mastery, state-aware tutoring fo-
cuses on how models should adapt their instruc-
tional strategy once a learner’s state is recognized.
Prior work examines different aspects of this adap-
tivity: Wang et al. (Wang et al., 2024) model expert
teachers’ decision-making to guide targeted error
remediation; Daheim et al. (Daheim et al., 2024) in-
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Behavior Dimension Criteria Score

Assessment
A-Affirm Incorrectly identifies the correctness of the student response. 0

Does not explicitly judge, but implicitly signals correctness through follow-up actions. 0.5

A-Redirect Explicitly states whether the response is correct or incorrect (e.g., “completely correct”). 1

Orchestration
O-Advance Fails to move instruction forward; content is repetitive or stagnant. 0

Advances instruction with follow-up prompts or challenges. 1

O-Reconfigure Provides no adaptation when the student is confused or incorrect. 0
Reconstructs explanation (e.g., using analogies, step-by-step reasoning, or simplification). 1

Elicitation
E-Strategic No question posed; only declarative explanation. 0

Asks factual or recall-based question (e.g., “Do you know the formula?”). 1

E-Heuristic Asks procedural or computation-oriented question (e.g., “Can you solve for x?”). 2
Asks higher-order question encouraging reasoning or transfer (e.g., “What if the condition changes?”). 3

Table 1: Scoring criteria for three instructional behaviors each evaluated with two dimensions.

troduce a verify–repair pipeline for diagnosing and
correcting student reasoning errors; and Dinucu-
Jianu et al. (Dinucu-Jianu et al., 2025) train tutor
models via reinforcement learning to dynamically
adjust questioning strategies and scaffold depth
when interacting with simulated students. While
these studies highlight state-sensitive tutoring, our
work complements them with a behavior-grounded
framework for evaluating understudied adaptivity.

3 Instructional Guidance Evaluation

The role of LLMs in education has evolved from
providing complete solutions in a single step, to
guiding learners through sequential steps, and ulti-
mately aspires toward state-aware Socratic instruc-
tion that adapts dynamically to learners’ evolving
states, as shown in Figure 2. Achieving this level
of guidance requires addressing three fundamental
questions: What is the learner’s state? How should
the instruction be adapted? What questions should
be posed to stimulate thinking?

3.1 Instructional Behavioral Modeling
Building on the three guiding questions, we for-
malize instructional guidance into a three-stage
behavioral framework: Assessment, Orchestration,
and Elicitation. This framework is grounded in the
Model of Contingent Teaching (Van de Pol et al.,
2010).
Assessment. Instructional guidance first requires
assessing the learner’s state, i.e., whether the re-
sponse reflects accurate reasoning, misconception,
comprehension, or confusion. This step identifies
learner readiness and aligns subsequent actions
with the learner’s needs, avoiding instruction at
an inappropriate difficulty level (Chaiklin, 2003;
Shabani et al., 2010).
Orchestration. After assessment, the tutor adapts
scaffolding strategies to advance learning. Tech-

niques such as simplification, analogy, and con-
ceptual decomposition provide calibrated support
while avoiding redundancy and cognitive overload.
Elicitation. Effective tutoring further uses pur-
poseful questions to shift learners from receiving
explanations to articulating, revising, and extend-
ing their reasoning. Bloom’s taxonomy (Chandio
et al., 2016; Eber and Parker, 2007) guides question
depth, from recall to abstraction and transfer, while
constructivist views (Hyslop-Margison and Strobel,
2007) frame elicitation as supporting the transfer of
responsibility through more independent reasoning
and reflection.

Figure 2 illustrates representative examples of
effective and ineffective behaviors in each dimen-
sion, concretizing the distinctions within our frame-
work and highlighting how instructional strategies
should shift in response to different learner states.

3.2 Guidance Evaluation Dimensions

Learner cognitive states. As an initial attempt, we
adopt a coarse-grained categorization for cognitive-
state modeling. Student utterances are classified
into four primary states: accurate (demonstrat-
ing correct reasoning), erroneous (providing incor-
rect answers), comprehension (indicating explicit
understanding), and confusion (expressing uncer-
tainty). These categories capture the predominant
patterns observed in authentic learner–tutor interac-
tions and provide a systematic basis for examining
how models adjust instructional strategies across
different learner states.
Evaluation dimensions and scoring criteria. The
four states can be summarized into two broader
categories: positive (accurate and comprehension)
and negative (erroneous and confusion). By inter-
secting with the three instructional behaviors, we
derive six evaluation dimensions.

When learners in positive state, effective instruc-
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Function Dataset Multi-turn Socratic Contrastive
Student States

Real Student
Involvement #Turns

Train

CIMA (Stasaski et al., 2020) ✓ × × × ∼3.3k
MathDial (Macina et al., 2023) ✓ ✓ × × ∼14.2k
SocraticMath (Ding et al., 2024) ✓ ✓ × × ∼34k
SocraTeach (multi) (Liu et al., 2024) ✓ ✓ × × ∼208k
TutorChat (Chevalier et al., 2024) ✓ × × × ∼1170k
Ours (Train) ✓ ✓ ✓ ✓ ∼50.7k

Eval

Bridge (Wang et al., 2024) ✓ × × ✓ 700
MathDial(test) (Macina et al., 2023) ✓ ✓ × × 572
SocraticMath(test) (Ding et al., 2024) ✓ ✓ × × 685
SocraTeach (multi,test) (Liu et al., 2024) ✓ ✓ × × 1,000
MRBench (Maurya et al., 2024) ✓ ✓ × ✓ 1,596
Ours (Eval) ✓ ✓ ✓ ✓ 5,177

Table 2: Benchmark comparison with major open-source educational dialogue datasets. The Contrastive Student
States denotes whether the dataset explicitly constructs paired state samples. #Turns are calculated as the product
of dialogue counts and average dialogue length.
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Acc. : 1190

Err. : 1181

Eval

Eval

Figure 3: Benchmark construction with human annotation, filtering, and paired state editing.

tion should involve explicit affirmation to rein-
force confidence (A-Affirm), advance the discus-
sion by introducing new concepts or challenges
(O-Advance) and pose higher-order questions that
stimulate reasoning (E-Strategic) (Kang, 2021;
Chandio et al., 2016). Conversely, when learners
exhibit negative, instruction should provide redi-
rection through corrective feedback (A-Redirect),
restructure explanations via scaffolding such as
simplification or analogy (O-Reconfigure), and
employ heuristic questioning that reduces cog-
nitive load and fosters intuitive engagement (E-
Heuristic) (Hyslop-Margison and Strobel, 2007).

Table 1 presents the detailed scoring rubric for
each metric, formalizing these instructional goals
into evaluable criteria. To ensure interpretability,
the scoring rubric was designed with reference to
pedagogical theory: assessment and orchestration
metrics adopt discrete levels reflecting the pres-
ence or absence of appropriate instructional actions,
while elicitation metrics are inspired by Bloom’s
taxonomy to differentiate question depth.

3.3 Benchmark Construction

Dataset collection. We begin with a corpus of
7,899 authentic learner–model dialogues collected
from a Socratic tutoring platform, focusing on mid-
dle school–level mathematics problems. After in-
tegrity check and privacy removal, 800 dialogues
were sampled as the evaluation set. Human annota-
tors first revised model outputs to correct factual er-
rors. Each student utterance was then labeled with
one of four cognitive states. To mitigate imbalances
between accurate and erroneous responses, a subset
of erroneous samples was generated from validated
accurate answers, and comprehension/confusion
pairs were created by producing counterpart utter-
ances with the same context. Such state editing
also enabled paired evaluation of instructional be-
haviors (additional details in Appendix D.1).

The final benchmark consists of 5,177 sam-
ples approximately balanced across the four states
(1,190 accurate, 1,181 erroneous, and 1,403 each
for comprehension and confusion, see Figure 3 for
the data construction pipeline). Similarly, paired
training sets (8,648 Acc./Err. pairs and 16,993
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A-A (n=200) A-R (n=200) O-A (n=400) O-R (n=400) Elicitation (n=300) Cohen’s κ

Human majority vs Model 0.9200 0.9199 0.7378 0.7454 0.6631 0.8012

Table 3: Human–model consistency (Cohen’s κ) across instructional dimensions. n denotes the number of evaluation
samples.

Model Accurate / Erroneous Comprehension / Confusion

A-A (↑) A-R (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

Open-source general LLMs
Qwen3-8B 0.7613 0.5919 0.9050 0.6681 2.0605 1.9213 0.1049 0.9594 0.8959 2.0527 1.7254 0.3281
GLM-4-9B 0.8534 0.4140 0.7647 0.3492 1.8992 1.9195 -0.0064 0.7113 0.8582 1.6450 1.6515 -0.0173
Qwen3-32B 0.8092 0.6008 0.9445 0.7748 2.2252 2.0906 0.1481 0.9622 0.8660 2.1454 1.9808 0.1646
Llama-3.3-70B-Instruct 0.8077 0.5390 0.8947 0.4601 2.0766 2.1087 -0.0418 0.8225 0.8509 1.9936 1.9330 0.0606
DeepSeek-V3 0.8748 0.5428 0.8764 0.6740 2.0059 1.9856 0.0272 0.8710 0.8460 2.0485 1.7349 0.3136
DeepSeek-R1 0.8546 0.5479 0.9344 0.7034 2.1966 2.0314 0.1420 0.9615 0.9294 2.1946 1.9287 0.2659

Closed-source general LLMs
Mistral-medium 0.8206 0.5585 0.7807 0.4924 2.0319 1.9322 0.0889 0.8140 0.7840 1.9544 1.6486 0.3058
O4-mini 0.8189 0.4306 0.9017 0.5597 2.0193 1.9018 0.1099 0.9066 0.8161 2.0299 1.9202 0.1098
GPT-4.1 0.8710 0.4280 0.8739 0.6076 2.2546 2.1254 0.1185 0.8710 0.6151 2.2153 1.9658 0.2495
Claude-sonnet-4 0.9502 0.4780 0.9332 0.6407 2.1410 1.9924 0.1328 0.9173 0.8539 2.1026 1.7562 0.3464
Gemini-2.5-pro 0.9324 0.4136 0.8689 0.5483 2.1471 1.8483 0.2593 0.8580 0.8771 2.0516 1.6533 0.3961
GLM-4-plus 0.9059 0.4665 0.8647 0.5373 1.9134 1.9712 -0.0506 0.7113 0.9565 1.8297 1.7577 0.0720
Doubao-Seed-1.6-Thinking 0.5913 0.5548 0.8713 0.7810 2.0690 1.8744 0.2141 0.9372 0.8496 2.0848 1.7798 0.3051

Education-oriented models
SocraticLM (base: GLM-4-9B) 0.9105 0.1411 0.6840 0.0712 1.3303 1.3458 -0.0160 0.6187 0.4939 1.2397 1.1675 0.0720
Spark X1 0.7445 0.4949 0.8655 0.6147 2.2168 2.0923 0.1222 0.9280 0.7320 2.1518 1.9223 0.2295

Table 4: Evaluation results over Assessment (A-A, A-R), Orchestration (O-A, O-R), Elicitation (E-S, E-H), and
ESA (E-S − E-H). Top three are highlighted green and the best is bold. The E-H metric is an auxiliary reference
and is neither highlighted nor marked with arrows.

Comp./Conf. pairs) were obtained from the re-
maining dialogues, facilitating preference-based
optimization in subsequent fine-tuning experiments
(additional details in Appendix D.3).
Benchmark comparison. Table 2 compares our
dataset with major open-source educational dia-
logue resources. Most prior resources either lack
Socratic interactions, omit contrastive cognitive
state labels, or do not involve real-world interac-
tions. In contrast, our benchmark integrates real-
world dialogues with controlled states under the
same context to enable, for the first time, a system-
atic evaluation of instructional guidance for LLM
competence in educational question answering.

4 Experiments

Setup. Each model is evaluated within a multi-
turn dialogue context with a designated current
learner-state turn and generates the subsequent tu-
tor response. A formal definition of the evalua-
tion input structure and model response is pro-
vided in Appendix D.4. Following “LLM-as-a-
judge” (Fu et al., 2023; Liu et al., 2023; White-
hill and LoCasale-Crouch, 2023), we employ GPT-

4o-mini to evaluate mainstream LLMs and score
how each model exhibits the desired instructional
behaviors. For Elicitation, we introduce Elicita-
tion Strategy Adaptivity (ESA), defined as the av-
erage change in question depth across contrasting
learner states (E-S − E-H). Higher ESA, particu-
larly when coupled with strong E-Strategic scores,
indicates state-aligned questioning strategies. More
details about setup including specific prompts can
be found in Appendix.

4.1 LLM-Human Preference Consistency

We first analyze the consistency between LLM-
based scoring and human judgement. We construct
a 1,500-sample evaluation set from the outputs of
six representative LLMs. The set is carefully bal-
anced not only across instructional dimensions and
learner states, but also across positive and nega-
tive rubric outcomes (score 1 vs. score 0). Each
sample was then independently labeled by three
human raters, with majority voting used to derive
the final human score. We report human–model
consistency using Cohen’s κ in Table 3, reflect-
ing slight differences but remains consistently high
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Figure 4: Deep dive for Assessment and Orchestration behaviors. (a) Feedback score distribution contrasting model
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Figure 5: Deep dive for Elicitation behavior. Bars indicate the average E-Strategic scores under accurate and
comprehension states, while lines plot the corresponding Elicitation Strategy Adaptivity (ESA). Models are ordered
by ESA under accurate/erroneous contrast.

overall. This indicates that the framework’s scor-
ing behavior aligns closely with human judgments.
Further details regarding the construction of the
evaluation set and verification procedures can be
found in Appendix C.

4.2 Evaluation Results

Overall findings. Table 4 presents the evaluation
results across all proposed dimensions.We addi-
tionally report an aggregated overall score in Ap-
pendix B.4 for overall comparison. Among the
models, Qwen3-32B and DeepSeek-R1 stand out
with the most balanced performance across met-
rics, while GPT-4.1 excels in elicitation, providing
deeper and more strategic questions. A consistent
pattern emerges across models: they handle ideal
positive inputs effectively but struggle to adapt to
negative learner responses. This underscores a crit-
ical challenge for future development, enhancing
instructional flexibility to support adaptive teach-
ing under imperfect conditions. To gain deeper
insights, we further analyze model performance

along the three instructional behaviors, focusing on
adaptation to diverse learner states.
Assessment: deficient error detection. Figure 4
(a) shows the distribution of assessment scores con-
trasting model responses to accurate and erroneous
answers. Models achieve consistently high A-A
values (typically >0.8) by affirming correctness
(e.g., Claude-Sonnet-4: 0.95), yet A-R values re-
main substantially lower, reflecting a limitation
to provide corrective feedback. Only a few mod-
els (Qwen3-32B: 0.60; DeepSeek-R1: 0.55) show
moderate detection, whereas SocraticLM performs
poorly (0.14). Many models resort to vague com-
mentary or topic shifts, yielding mid-level (0.5)
scores. This tendency to prioritize politeness over
explicit correction leaves misconceptions unad-
dressed, highlighting deficient error recognition
as a core limitation.
Orchestration: limited flexibility to implicit
states. Figure 4 (b) illustrates the Orchestra-
tion Strategy Adaptivity (OSA), the proportion of
paired cases in which a model responds effectively
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Figure 6: Comparison results over different ways to enhance instructional guidance.

to both states (e.g., accurate vs. erroneous or com-
prehension vs. confusion). Higher OSA reflects
greater flexibility in strategy adjustment. Across
models, OSA is consistently higher for compre-
hension/confusion than for accurate/erroneous con-
trasts, showing that LLMs react more readily to
explicit understanding signals than to implicit cor-
rectness cues. Qwen3-32B (83.4% vs. 75.3%)
adapts relatively well, GPT-4.1 remains stable,
whereas LLaMA-3.3-70B and Mistral-Medium
show declines exceeding 0.2, and SocraticLM
nearly fails (4.8%) under the accurate/erroneous
contrast. These results highlight a consistent lim-
itation among the evaluated models: many mod-
els struggle to flexibly orchestrate strategies in re-
sponse to implicit cues, constraining their capacity
for adaptive scaffolding.
Elicitation: reduced adaptivity across accu-
rate/erroneous responses. As shown in Figure 5,
Gemini-2.5-Pro and Claude-Sonnet-4 achieve high
ESA alongside robust E-Strategic scores, reflecting
adaptive questioning. In contrast, LLaMA-3.3-70B
and GLM-4-Plus exhibit near-zero ESA, indicat-
ing uniform questioning. Notably, most models
show marked ESA declines under accurate/erro-
neous contrasts; some even fall below zero (pos-
ing deeper questions in response to error answers),
which may hinder comprehension. These findings
highlight elicitation adaptivity as a persistent chal-
lenge and underscore the need for more cognitively
aware questioning in future LLMs.

4.3 Case Study: Failure Pattern Analysis

To gain a better understanding of the quantitative
evaluation, we manually examined representative
low-scoring responses, focusing on Assessment
and Orchestration, and conducted a detailed fail-
ure pattern analysis. Appendix A presents repre-
sentative failure cases, along with a small amount

of supplementary quantitative observations for fur-
ther analysis. Notably, although the proportions
may vary, these failure patterns are consistent
across multiple models, emphasizing the need for
behavior-aware instructional strategies.

4.4 Behavior-Guided Finetuning

We further explore ways to enhance instructional
capabilities. For efficiency and feasibility, we con-
duct experiments with a compact LLM, Qwen3-
8B (Yang et al., 2025). We take the model (re-
garded as Base) and first examine a prompt-based
approach, Rule-Prompt, which incorporates ex-
ternal if–then policies for different student states
(prompt details in the Appendix). We then em-
ploy finetuning strategies. Specifically, we explore:
SFT, only distills final-turn responses; KTO (Etha-
yarajh et al., 2024), a pointwise preference opti-
mization guided by correctness but lacking rela-
tive contrast; DPO (Rafailov et al., 2023), a pair-
wise preference optimization that exploits relative
comparisons to capture behavioral differences; and
SFT (w/ CoT Distillation) (Li et al., 2023), which
incorporates reasoning traces by process-level su-
pervision. This spectrum of methods allows us to
analyze how supervision, from outcome-only to
process-aware, shapes the model’s capacity. Exper-
imental details are provided in the Appendix.

Figure 6 presents the comparative results across
the three instructional behaviors. SFT (w/ CoT
Distillation) yields the largest gains, particularly
in handling accurate and erroneous states. Four key
findings emerge. First, SFT degrades instructional
strategies by emphasizing final output. Second,
KTO introduces contrastive supervision through
positive and negative examples under opposite stu-
dent states. Yet, its pointwise formulation restricts
effectiveness: lacking pairwise contrast, the model
fails to distinguish subtle behaviors, resulting in
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minimal divergence between strategic and heuris-
tic questioning. Third, DPO alleviates this limita-
tion by leveraging relative comparisons, thereby en-
hancing state recognition and guidance adaptation.
Finally, the most substantial gains derive from CoT
Distillation, where high-quality reasoning traces
function as process supervision, providing explicit
guidance on instructional process knowledge.

5 Conclusion

We present GuideEval, the first benchmark to
evaluate instructional guidance in educational So-
cratic LLMs through a three-phase behavior frame-
work of Assessment, Orchestration, and Elicitation,
grounded in authentic middle-school mathemat-
ics tutoring dialogues. Our empirical evaluation
across diverse LLMs reveals a common limitation
among the evaluated models: ambiguous feedback
that impedes error correction, weak sensitivity to
implicit cognitive states, and recurring failure pat-
terns across states. We provide a detailed analysis
of failure patterns to diagnose model limitations
and inform future model development. Further-
more, we explore preliminary strategies to enhance
LLMs’ ability to approximate the discernment and
responsiveness characteristic of human teachers.
We hope that GuideEval will serve as a benchmark
to advance LLMs toward more adaptive, nuanced,
and personalized learning experiences.

Limitations

While GuideEval provides a structured framework
for evaluating instructional guidance, it primarily
operates on generalized cognitive states (e.g., ac-
curate, erroneous, comprehension, confusion) de-
rived from controlled contrastive designs. This
abstraction, while effective for benchmarking, may
overlook the nuances of individual learner profiles,
such as prior knowledge, misconceptions rooted
in learning history, or engagement patterns. Fu-
ture work may explore personalized evaluation by
incorporating longitudinal learning traces or stu-
dent modeling, enabling finer-grained evaluation
of model adaptability to diverse learner needs. We
also note that GuideEval evaluates instructional be-
haviors rather than downstream learning outcomes,
and is currently grounded in middle-school math-
ematics tutoring. Accordingly, both the relation-
ship between these behavioral measures and actual
learning outcomes, and their generalizability across
subjects, grade levels, tutoring platforms, and more

open-ended settings, remain to be validated.
Beyond these methodological limitations, our

use of real-world educational dialogues also raises
privacy and data-safety considerations. Although
such data improve ecological validity, they require
careful handling to protect student privacy. To mit-
igate these risks, we do not disclose the specific
platform or model involved, and human annotators
removed personally identifiable information, in-
cluding names, school identifiers, and geographic
references. Potentially harmful or inappropriate
content, such as offensive language, was also fil-
tered out. The resulting dataset contains only de-
identified and pedagogically relevant interactions.
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A Failure Case Taxonomy and Examples

To supplement our quantitative evaluation, we
present a taxonomy of model failures under the As-
sessment and Orchestration behaviors, as their cor-
rectness can be reliably and intuitively judged by
human evaluators. For each, we identify common
failure categories and subtypes, illustrated with rep-
resentative dialogue excerpts. These cases reveal
structural issues in instructional guidance, such as
misjudging student understanding or misaligning
teaching strategies. In this way, we hope to provide
deeper insights into the underlying limitations of
current models, thereby extending our understand-
ing beyond numerical performance metrics. Table 7
and Table 8 summarize the taxonomy and provide
example cases.

Typical Assessment errors include misjudging
unconventional yet valid reasoning, questioning

established knowledge, or endorsing incorrect an-
swers. Orchestration failures mainly reflect insuf-
ficient adaptability, such as repeating flawed or al-
ready mastered explanations, offering vague reme-
diation after weak feedback, or failing to provide
new input despite clear learner confusion.

To examine how different failure types are dis-
tributed across erroneous instances, we analyze
two representative models—Qwen3-8B and GPT-
4.1. For both positive learner states (acc/comp) and
negative states (err/conf), we randomly sample 50
positive failure cases and 50 negative failure cases
within each dimension of each model (all instances
receiving a score of 0 for that dimension). Thus, the
sampling size for each model in a single dimension
is 100 cases.

It is worth noting that model failures often
arise from multi-layered mechanisms—such as lan-
guage comprehension, reasoning-chain construc-
tion, strategic decisions, and pedagogical con-
trol—and these factors frequently co-occur. As a
result, many failed responses cannot be cleanly as-
signed to a single category. In the failure-type anal-
ysis, particularly when incorporating quantitative
statistics, we focus on error patterns with relatively
clear and distinguishable causes. For ambiguous or
hard-to-attribute cases, to avoid over-interpretation,
we group them under a general “other” category.
The results are presented in Table 5.

From the distribution shown in the tables, we
observe that compared with GPT-4.1, smaller mod-
els such as Qwen3-8B tend to exhibit more Rigid-
related failures (e.g., repeated checkpointing or re-
visiting earlier steps), and are also more likely to
mistakenly affirm incorrect student answers. De-
spite these differences, both models display similar
weaknesses under erroneous or confused learner
states, particularly in their lack of targeted remedia-
tion and their failure to introduce new instructional
input.

B Metric Design Rationale

B.1 From Cognitive States to Instructional
Goals

To operationalize instructional guidance, we first
delineate the learner’s cognitive states. We adopt a
coarse binary view of learning progress: positive
states indicate that learning can continue produc-
tively, whereas negative states suggest a stall or
misalignment in progress. Building on this, we
further refine the categorization along two axes:
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whether the learner’s response is accurate or er-
roneous, and whether it conveys explicit compre-
hension or confusion. This choice is motivated by
the empirical distribution of our data: as shown
in Figure 3, these four states cover approximately
80% of learner responses in authentic dialogues.
Thus, the taxonomy captures the predominant con-
ditions observed in learner–tutor interactions, while
also providing natural pairs of contrasting states,
such as accurate versus erroneous responses and
comprehension versus confusion, for controlled
comparisons in subsequent experiments. Once this
taxonomy is established, the instructional goals
associated with positive versus negative states nat-
urally follow: positive states should be reinforced
and advanced through affirmation, progression, and
deeper questioning, while negative states call for
corrective feedback, reconfiguration of explana-
tions, and scaffolded questions to lower cognitive
barriers.

B.2 Operationalization of Six Metrics
Following the mapping from learner states to in-
structional goals, we translate the framework into
six concrete evaluation metrics. These metrics rep-
resent observable instructional behaviors that arise
when the model interacts with either positive or neg-
ative learner states. Grounded in established peda-
gogical theory, the definitions provide fine-grained
criteria for systematically evaluating instructional
quality:

• A-Affirm: Evaluates whether the model ex-
plicitly affirms accurate responses. Clear, un-
ambiguous affirmation reinforces learning and
confidence (Kang, 2021), making this a foun-
dational perceptual behavior.

• A-Redirect: Evaluates the model’s ability to
deliver corrective feedback following an erro-
neous response. This includes identifying mis-
conceptions and guiding the student toward a
more accurate understanding, consistent with
evidence on the importance of timely, targeted
remediation (Kang, 2021).

• O-Advance: Evaluates whether the model
strategically introduces related concepts or
challenges within the learner’s zone of prox-
imal development in response to accurate or
comprehension-level inputs.

• O-Reconfigure: Evaluates whether the model
adaptively restructures the instruction, such as

revisiting foundational concepts or modifying
explanatory strategies, to address underlying
misconceptions in response to confused or
incorrect student answers.

• E-Strategic: For learners demonstrating ac-
curacy or comprehension, evaluates whether
the model prompts higher-order thinking
through abstraction, synthesis, or knowledge
transfer questions, following Bloom’s taxon-
omy (Chandio et al., 2016).

• E-Heuristic: Evaluates the use of intuitive,
exploratory prompts in response to confu-
sion or error. These heuristic questions are
designed to foster curiosity, activate prior
knowledge, and engage informal reasoning
to facilitate discovery-based learning (Hyslop-
Margison and Strobel, 2007).

Together, these six metrics constitute an opera-
tionalized, theory-informed rubric for evaluating
instructional behaviors. They capture not only the
appropriateness of model responses but also their
alignment with pedagogical best practices in scaf-
folding and adaptive tutoring.

B.3 Scoring Granularity and Asymmetry
Our scoring rubric applies different levels of gran-
ularity across dimensions, reflecting the distinct
nature of the instructional behaviors being mea-
sured.

For Assessment, judgments of response correct-
ness are not strictly binary. While the act of affirma-
tion or correction can be seen as a yes/no decision,
educational theory suggests that explicit affirma-
tion or correction is pedagogically more beneficial
than vague continuation without judgment. Ac-
cordingly, we adopt a three-tier scheme (1/0.5/0):
explicit affirmation or correction receives 1, im-
plicit acknowledgment without clear judgment re-
ceives 0.5, and misjudgment receives 0. For Or-
chestration, we simplify the scoring by treating the
advancement of instruction as a binary event: the
model either introduces new content or scaffolding
strategies, or it does not. Thus, O-Advance and O-
Reconfigure are scored on a 0/1 basis. For Elicita-
tion, we draw on Bloom’s taxonomy of educational
objectives, which divides cognitive demand into
six levels: knowledge, comprehension, application,
analysis, synthesis, and evaluation. To balance in-
terpretability and practicality, we merge adjacent
levels into three ordered categories; together with
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Dimension Error Scenario Subtype GPT-4.1 Qwen3-8B

Assessment

Positive state failure (n=50)

Rigid adherence to procedural form 6 14
Unwarranted skepticism toward foundational knowledge 14 19
Failure to track student response intent 6 2
Other 24 15

Negative state failure (n=50)
Uncritical acceptance of student answers 21 26
Contradictory positive feedback 12 10
Other 17 14

Orchestration

Positive state failure (n=50)
Instructional misalignment caused by prior assessment failure 7 4
Rigid checkpointing despite comprehension 20 27
Other 23 19

Negative state failure (n=50)
Lack of targeted remediation following vague feedback 15 16
No new instructional input after confusion 21 24
Other 14 10

Table 5: Distribution of failure subtypes across Assessment and Orchestration dimensions for GPT-4.1 and Qwen3-
8B. Each block under a given error scenario is sampled from 50 failed instances per model.

Model Overall Score (↑)

Qwen3-32B 0.7397
DeepSeek-R1 0.7388
Claude-Sonnet-4 0.7247
Qwen3-8B 0.7148
DeepSeek-V3 0.7092
Gemini-2.5-Pro 0.6961
Doubao-Seed-1.6-Thinking 0.6835
Spark X1 0.6778
GPT-4.1 0.6764
Llama-3.3-70B-Instruct 0.6735
o4-mini 0.6725
GLM-4-Plus 0.6722
Mistral-Medium 0.6687
GLM-4-9B 0.6163
SocraticLM 0.4864

Table 6: Overall scores of the evaluated models. The
score equally aggregates Assessment, Orchestration,
and Elicitation performance. Darker green indicates
a higher overall score.

the absence of questioning (score 0), this yields a
four-level scheme (0–3).

Finally, the interpretation of elicitation scores
differs from other dimensions, as it also involves
comparisons of level differentials. Specifically,
higher E-Strategic scores are preferred under posi-
tive learner states, ESA indicate stronger adaptivity
across learner states. In contrast, E-Heuristic serves
as an auxiliary indicator: values within a moderate
range (typically 1–2) are desirable.

B.4 Overall Score

To provide a compact model-level comparison, we
additionally compute an overall score by equally
aggregating the three instructional stages. This
score is used only as a summary measure, while

the fine-grained metrics remain the primary basis
for behavioral analysis.

For Assessment, we average A-Affirm and A-
Redirect. For Orchestration, we average the four
state-specific scores, i.e., O-Advance under accu-
rate and comprehension states and O-Reconfigure
under erroneous and confusion states. For Elici-
tation, we consider both question depth and state
adaptivity: E-Strategic is averaged across accurate
and comprehension states and normalized by its
maximum score of 3, while ESA is linearly normal-
ized from its theoretical range [−3, 3] to [0, 1]. The
normalized E-Strategic and ESA scores are then
equally averaged.

We denote the stage-level scores for Assessment,
Orchestration, and Elicitation as SA, SO, and SE .
Finally, the overall score is defined as

Soverall =
SA + SO + SE

3
, (1)

where the three stage scores are equally weighted.
Table 6 reports the resulting overall scores for all
evaluated models.

C LLM- human consistency detail and
reliability

To construct a dedicated test set for evaluating the
consistency between human raters and our evalua-
tion framework, we first collected model outputs
from six representative systems—DeepSeek-V3,
Qwen3-32B, Qwen3-8B, DeepSeek-R1-0528, o4-
mini, and Spark X1—across all instructional di-
mensions. Each candidate item includes the com-
plete dialogue context, the annotated learner state,
the model’s response, and an initial rubric-based
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Failure Category Failure Subtype Example Case
Positive state failure
(Misjudging Accurate
Answers)

Rigid adherence to procedural form. The student reasonably
combines multiple steps in a calculation (e.g., omitting
intermediate steps), yet the model penalizes this deviation from
its expected solution format, despite the logic being correct.

(DeepSeek-V3)
History: Model: (Previously inferred that the last page of the
book is page 128) ... The question says Lele finished reading
the book in 4 days, so how many pages did he read on average
each day?
Student: 32
Model response: Let’s think about it again. If the last page is
page 128, then how many pages does the book have in total?

Unwarranted skepticism toward foundational knowledge. In
tasks involving definitions (e.g., geometry), the model
repeatedly questions or rejects correct responses grounded in
well-established principles, potentially due to gaps in
domain-specific pedagogical knowledge.

(Llama-3-3-70B-Instruct)
History: Model: ...Now, let’s look at Statement (2): If two
parallel lines are cut by a third line and the consecutive interior
angles are equal, then both parallel lines are perpendicular to
the third line. Do you think this statement is correct?
Student: Yes, it’s definitely correct.
Model response: Actually, Statement (2) is a bit misleading.
If two parallel lines are cut by a third line and the consecutive
interior angles are equal, this usually suggests that the third
line is perpendicular to the two parallel lines, but it does not
necessarily mean that both parallel lines are perpendicular to
the third line...

Failure to track student response intent. When students provide
informal or slightly ambiguous replies that clearly relate to the
model’s previous question, the model fails to recognize the
contextual continuity and misjudges the response.

(Qwen3-32B)
History: Model: ...Now, we know that the speed ratio between
the passenger car and the freight car is 5:6, so we can distribute
the total speed according to this ratio. Can you calculate the
speed of each vehicle?
Student: 55/66
Model response: Your approach is correct, but the result
seems a bit off. If the total speed is 110 km/h and the ratio is
5+6=11 parts—how much is each part? Can you try
recalculating it?

Negative state failure
(Affirming Erroneous
Answers)

Uncritical acceptance of student answers. The model affirms
student responses (e.g., “Correct” or “Well done”) even when
the answer is wrong. These failures are not tied to any specific
question type, suggesting a generalized pattern of
indiscriminate positive feedback.

(GPT-4.1)
History: Model: ...The question says the new quotient is 2 less
than the original one, and the remainder stays the same. This
means the dividend was reduced by 2 times the divisor. Can
you use this information to find out what the divisor is?
Student: Thirty. (The correct answer is 36)
Model response: Great, you’ve found that the divisor is 30.
Now that we know the dividend is 291, the divisor is 30, and
the remainder is unknown, we can use this information to
express the original division equation.

Contradictory positive feedback. The model initially affirms a
wrong answer, yet in subsequent reasoning provides a correct
solution inconsistent with the student’s response—revealing an
internal conflict between its judgment and actual knowledge.

(glm-4-plus)
History: Model: ...Can you tell me the values of n and m by
solving the system of equations -3n = -15 and m = n - 3?
Student: m = 5, n = 2 (The correct answer is m = 2, n = 5)
Model response: Very good! By solving the equation -3n =
-15, we get n = 5. Then, substituting n = 5 into the equation m
= n - 3, we get m = 5 - 3 = 2. So, the values of m and n are 2
and 5 respectively...

Table 7: Representative failure cases under the Assessment behavior.

score produced by the framework (score 1 indicates
that the behavior satisfies the rubric requirement,
whereas score 0 indicates a violation; for the Elic-
itation dimension, labels correspond to question-
depth levels 1/2/3).

All candidate samples from the six models were
merged and randomly shuffled, we perform strati-
fied sampling on the merged dataset. Specifically,
we randomly sampled 100 positive (score = 1) and
100 negative (score = 0) LLM-rated instances for
each state in Assessment (accurate vs. erroneous)
and Orchestration (all four learner states). For Elici-
tation, we randomly sampled 100 instances for each
of the three levels (1, 2, 3). This process yielded a
total of 1,500 samples for human annotation.

• A-Affirm (Accurate state): 100 items with
score 1 and 100 with score 0;

• A-Redirect (Erroneous state): 100 items
with score 1 and 100 with score 0;

• O-Advance:

– Accurate state: 100 with score 1 and 100
with score 0;

– Comprehension state: 100 with score 1
and 100 with score 0;

• O-Reconfigure:

– Erroneous state: 100 with score 1 and
100 with score 0;

– Confusion state: 100 with score 1 and
100 with score 0;

• Elicitation: 100 items for each of levels 1, 2,
and 3.

Each sample was independently labeled by three
human raters, with majority voting used to de-
rive the final human label. We report agreement
between human judgments and the LLM-based
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Failure Category Failure Subtype Example Case
Positive state failure
(Instructional Failures after
accurate Answers or
Comprehension)

Instructional misalignment caused by prior assessment failure.
When the model misjudges the student’s understanding during
the Assessment phase, it selects an inappropriate strategy
during the Orchestration phase—such as repeating
explanations or overcorrecting instead of advancing
instruction.

(gemini-2.5-pro)
History: Model: ...Can you tell me how much less money
Mom would spend if she buys 6 kilograms of pears instead of
3 kilograms?
Student: 2.4 (The correct answer)
Model response: I think you might be a bit confused. Let’s
take a moment to reorganize our thinking...

Rigid checkpointing despite student comprehension. Even
after the student explicitly demonstrates full understanding, the
model circles back to re-explain previously mastered concepts
instead of advancing instruction.

(Qwen3-8B)
History: Model: ...Now that we know x = 33, meaning there
are 33 rooms in total, the next step is to calculate the total
number of people. Can you substitute x = 33 into the original
equation and compute the total number of people?
Student: It equals two-seven-zero.
Model response: Alright, let’s verify that... (The model
proceeds with the calculation and verification) It seems the
total number is indeed 270 people. However, I noticed you
might have been a bit confused in your calculation—for
example, is “two-seven-zero” accurate? Can you double-check
both calculation steps?

Negative state failure
(Instructional Failures after
Erroneous Answers or
Confusion)

Lack of targeted remediation following vague feedback. When
the model fails to explicitly identify an incorrect answer, its
subsequent guidance lacks specificity—making it difficult for
students to recognize and correct their misconceptions.

(qwen3-32b)
History: Model: ...Now, we have 5 pieces of chocolate to be
evenly divided among 4 children. Can you tell me how many
pieces each child gets?
Student: One fourth.
Model response: You mentioned “one fourth”—that’s
interesting. Now, if I want to divide 1 piece of chocolate
evenly among 4 children, what fraction of that piece does each
child get?

No new instructional input after confusion. Despite the student
expressing clear confusion or lack of knowledge, the model
continues prompting without offering new explanations,
examples, or scaffolding—resulting in ineffective instructional
guidance.

(DeepSeek-V3)
History: Model: ...There are two numbers whose reciprocals
are equal to themselves: 1 and -1. That’s because the
reciprocal of 1 is 1, and the reciprocal of -1 is also -1. Do you
understand?
Student: I’m a bit confused.
Model response: That’s okay. Let’s take a moment to think
carefully about what a reciprocal is. If a number is a, then what
is its reciprocal?

Table 8: Representative failure cases under the Orchestration behavior.

scores, as well as the reliability of human an-
notations. Specifically, Table 9 reports pairwise
Cohen’s κ between every pair of human raters,
Fleiss’ κ across the three human raters, and Co-
hen’s κ between the majority-voted human label
and the model judge. To quantify the statistical
uncertainty of these agreement estimates, we ad-
ditionally compute 95% bootstrap confidence in-
tervals using 10,000 resampling iterations, which
are reported alongside the corresponding κ values
in Table 9. The Fleiss’ κ row provides the stan-
dard multi-rater agreement statistic among human
annotators, while the Human majority vs Model
row measures the alignment between the model
judge and human consensus. Across both pairwise
and multi-rater agreement statistics, the results ex-
hibit a clear hierarchy—Assessment > Orchestra-
tion > Elicitation—suggesting that more abstract
instructional dimensions are inherently harder to
operationalize and thus yield lower inter-rater con-
sistency. Overall, the majority-voted human judg-
ments demonstrate strong and stable alignment
with our evaluation framework.

D Evaluate Experimental Details

We provide additional details regarding the evalua-
tion and fine-tuning procedures.

D.1 State Editing Process

The state editing process is LLM-based state rewrit-
ing followed by human check with the goal of con-
structing contrastive sample pairs under the same
dialogue context. For accurate to erroneous edit-
ing, the LLM is given the student’s original correct
answer along with the ground-truth solution. It is
then prompted to rewrite the answer into a plausible
and commonly observed mistake, while preserving
the student’s linguistic style and general reasoning
path. The rewriting prompt used in this stage is
shown below:

Accurate → Erroneous Editing Prompt

You are a teaching assistant who is
good at generating students'
incorrect answers.

Background: Below is a math dialogue.
The model has just asked the student
a question, and the student has given
a correct answer. Please rewrite the
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A-Affirm
(n=200)

A-Redirect
(n=200)

O-Advance
(n=400)

O-Reconfigure
(n=400)

Elicitation
(n=300)

Overall
Kappa

Pairwise inter-rater agreement among human annotators

human1 vs human2
0.9200

[0.8598, 0.9699]
0.9700

[0.9300, 1.0000]
0.5550

[0.4747, 0.6334]
0.7100

[0.6398, 0.7753]
0.4700

[0.3896, 0.5476]
0.7169

[0.6872, 0.7461]

human1 vs human3
0.8900

[0.8206, 0.9499]
0.9500

[0.9000, 0.9900]
0.5850

[0.5047, 0.6634]
0.5450

[0.4608, 0.6250]
0.4850

[0.4073, 0.5613]
0.6884

[0.6569, 0.7199]

human2 vs human3
0.9100

[0.8493, 0.9600]
0.9399

[0.8892, 0.9800]
0.5627

[0.4763, 0.6411]
0.6643

[0.5895, 0.7350]
0.5911

[0.5131, 0.6634]
0.7437

[0.7141, 0.7712]

Multi-rater agreement among human annotators

Human raters (Fleiss’ κ)
0.9066

[0.8533, 0.9531]
0.9533

[0.9133, 0.9864]
0.5652

[0.5008, 0.6258]
0.6396

[0.5823, 0.6965]
0.5094

[0.4469, 0.5685]
0.7163

[0.6936, 0.7400]

Human–model consistency

Human majority vs Model
0.9200

[0.8601, 0.9699]
0.9199

[0.8601, 0.9699]
0.7378

[0.6685, 0.8026]
0.7454

[0.6786, 0.8098]
0.6631

[0.5927, 0.7306]
0.8012

[0.7738, 0.8264]

Table 9: Human annotation reliability and human–model consistency across instructional dimensions. Pairwise
human agreement is measured by Cohen’s κ, multi-rater human agreement is measured by Fleiss’ κ, and human–
model consistency is measured by Cohen’s κ between majority-voted human labels and model judgments. Values in
brackets denote 95% bootstrap confidence intervals.

student's answer into a ``common
incorrect answer.'' The rewritten
answer should match the student's
speaking style, preserve the general
reasoning logic, but contain an error
in calculation or conclusion.

[Model Question]
{assistant_msg}

[Student Answer]
{user_msg}

[Rewrite as an Incorrect Answer]
(Please output only the incorrect-
answer text, such as ``400*2/5'',
``44'', ``8 meters'', ``1/3'', etc.
Do NOT use LaTeX format.)

For comprehension to confusion editing and
vice versa, we adopt a replacement-based strategy.
To construct contrastive sample pairs, we first use
an LLM classifier to determine whether a given
student utterance expresses comprehension or con-
fusion. For samples originally labeled as compre-
hension, we replace the final-turn student utterance
with a confusion-style response sampled from a cu-
rated set of explicitly confused expressions, thereby
producing a matched confusion counterpart. The
replacement expressions are derived from authen-
tic student utterances, where brief phrase-like re-
sponses are common. The classification prompt is
shown below:

Comprehension<–>Confusion Classifica-
tion Prompt

Please determine which of the
following categories the students
utterance belongs to:

1. The student expresses ``already
understood'' through simple
affirmative phrases, with short and
uncomplicated content, such as ``Got
it,'' ``Okay,'' or ``Please continue
.''

(Output: understood)

2. The student expresses ``still not
understanding'' or ``remaining
confusion,'' also with short and
simple content, such as ``Huh?'', ``
Not clear,'' or ``Still not very sure
.''

(Output: not_understood)

3. The student is explaining,
elaborating, or saying something else
that is not a simple expression of

understanding or lack of
understandingfor example, ``Thanks,''
``Give me another question,'' ``I

want to try a different method,'' or
answering the problem itself.

(Output: other)

Model message: {last_model_messages}
Student message: {user_message}

After generating rewrites through LLM assis-
tance, all edited student utterances undergo a final
round of manual verification. Annotators check
whether the rewritten content maintains contextual
coherence, satisfies the intended cognitive state,
and avoids introducing contradictions or unnatu-
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Figure 7: Histogram of user-turn counts across dialogue
instances.

ral phrasing. Samples that fail this verification are
removed from the dataset. At this stage, human
involvement serves purely as a quality-control safe-
guard rather than as a content generator.

D.2 Sim-to-Real Gap Analysis

To balance the evaluation data, we construct a por-
tion of erroneous-state student utterances through
LLM-assisted state editing. Although we impose
prompt-level constraints during data construction
to make the rewritten errors pedagogically and lin-
guistically realistic, we further examine whether
the generated erroneous utterances introduce a sub-
stantial sim-to-real gap compared with authentic
student errors.

We compare model performance on real erro-
neous samples and LLM-generated erroneous sam-
ples. Table 10 reports model performance on the
two subsets under the same evaluation protocol.
Although minor variations exist, the overall per-
formance patterns remain largely consistent across
real and generated errors. In particular, the gen-
erated erroneous samples do not appear to be uni-
formly easier: different models exhibit similar rela-
tive strengths and weaknesses across the two sub-
sets. Together with the style-preserving constraints
used during data construction, this comparison pro-
vides evidence that the generated erroneous sam-
ples are not systematically easier in terms of model
behavior. While these results do not rule out the ex-
istence of a sim-to-real gap, they suggest that such
a gap does not substantially alter model rankings
or the overall performance trends observed in our
evaluation.

D.3 Overall Dataset Statistics

This section provides a statistical overview of the
evaluation corpus, summarizing the scale of the

data, the proportion of edited student utterances,
and the structural characteristics of the multi-turn
dialogues. For reproducibility, all token statistics in
this section are computed using the gpt-4o-mini
tokenizer.

In total, the corpus contains 2,499,059 tokens.
During cognitive-state construction (accurate, erro-
neous, comprehension, and confusion), we edited
a subset of the final-turn student utterances. The
edited student utterance tokens account for 34,031
tokens, corresponding to only 1.36% of all tokens.
At the turn level, the dataset contains 26,723 user
utterances, among which 2,204 are edited student
turns, making up 8.25% of all user messages. This
indicates that state editing is kept at a modest scale,
preserving the overall linguistic characteristics of
the original corpus.

Regarding dialogue structure, each full message
sequence contains on average 482.72 tokens. Sep-
arately, user messages average 27.97 tokens per
turn, while assistant messages average 87.29 to-
kens. The average number of user turns per dia-
logue is 5.16, with a minimum of 2 and a maximum
of 24, reflecting natural variability in real educa-
tional interactions. To further illustrate the struc-
tural distribution of the data, Figure 7 presents a
histogram of turn counts across dialogue instances.

D.4 Input Data Structure

Each evaluation instance isolates a single state turn
while preserving the authentic dialogue context.
The integrity of the context is ensured in a separate
preprocessing step and is not part of this section.

Formally, for the t-th state turn, we first denote
the authentic context as

Ct =
{
(SQ, Q0), (S1, Q1), . . . , (St−1, Qt−1)

}
.

(2)
Here, SQ denotes the student’s initial query and Q0

the model’s first reply. For j ≥ 1, Sj is the learner’s
j-th utterance and Qj the corresponding model
reply. All pairs in Ct come from real interactions.

An evaluation instance is then represented as

D =
(
Ct, Sstate, R

)
. (3)

The pivot student utterance Sstate is either the orig-
inal utterance St or a state-edited variant obtained
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Table 10: Comparison between real erroneous samples and LLM-generated erroneous samples. A-R, O-R, and E-H
denote the same evaluation dimensions as in the main experiments.

Model Real Errors Generated Errors

A-R ↑ O-R ↑ E-H ↑ A-R ↑ O-R ↑ E-H ↑
Qwen3-8B 0.5858 0.5937 1.9261 0.5961 0.6854 1.9001
DeepSeek-R1 0.5750 0.6947 2.0711 0.5356 0.7079 2.0137
o4-mini 0.4276 0.5211 1.8895 0.4320 0.5780 1.9076
Gemini-2.5-Pro 0.4103 0.5013 1.8443 0.4151 0.5705 1.8502
Claude-Sonnet-4 0.4934 0.6385 2.0185 0.4707 0.6417 1.9800
SocraticLM 0.1913 0.0765 1.3641 0.1174 0.0687 1.3371

by flipping exactly one state axis:

Sstate =





St, e = 0,

Flipα(St),

e = 1,

α ∈ {Acc/Err,

Comp/Conf}.
(4)

The associated state label is

ystate ∈ {accurate, erroneous,

comprehension, confusion}.

We use two mutually exclusive edit types. α =
Acc/Err denotes an answer-correctness flip, i.e.,
accurate → erroneous. α = Comp/Conf denotes
a metacognitive-expression flip, i.e., comprehen-
sion ↔ confusion.

Given Ct and Sstate, the model under evaluation
produces

R = M
(
Ct, Sstate

)
. (5)

For contrastive analyses within the same context,
we maintain a pair identifier pid linking the authen-
tic St and its edited counterpart Flipα(St) when
e = 1.

D.5 Evaluation Settings
We adopt two inference protocols depending on
accessibility. For models available on the Aihub-
Mix platform, we invoke the official API endpoints.
For open-source models not accessible via API
(e.g., SocraticLM), we employ a custom inference
pipeline implemented with the MS-Swift frame-
work on a single NVIDIA H800 GPU. In both
cases, the decoding temperature was fixed at 0.1 to
ensure response stability, and the maximum output
length was set to 4096 tokens. All other generation
parameters follow the default settings of the Aihub-
Mix API. For models that produced auxiliary think
traces, we remove these traces before evaluation to
maintain consistency.

E Finetuning Experimental Details

E.1 Training Data Generation

The training corpus is derived from the same pool
of authentic learner–model dialogues as the evalua-
tion data. After reserving 800 dialogues for evalu-
ation, the remaining conversations serve as candi-
dates for training. Unlike the evaluation set, which
is manually labeled and state-edited, the training
set contain no human-provided state annotations.

To ensure quality at scale, we adopt an automatic
filtering pipeline. First, we use GPT-4o-mini to de-
tect and remove dialogues containing factual or
conceptual errors. Next, we construct diverse con-
texts covering the four target states. Specifically:

• We identify a subset of contexts where the
learner’s answer was verified as correct by
both the original model and ChatGPT (dual
validation).

• From these contexts, we generate erroneous
variants by rewriting correct answers into in-
correct ones. This procedure has been shown
to produce more natural and pedagogically
plausible errors than directly sampling erro-
neous from a model (Cochran et al., 2023).

• We further select a subset of reliable contexts
and append additional learner utterances ex-
plicitly expressing comprehension or confu-
sion, covering the metacognitive dimension.

Finally, to generate target instructional re-
sponses, we employ DeepSeek-R1 as the teacher
model, given its strong overall guidance perfor-
mance and its ability to provide explicit reasoning
traces for process-level supervision. A carefully
designed system prompt instructed the model to an-
alyze learner states, adjust strategies, and provide
guided explanations; the full prompt is presented
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Accurate / Erroneous Comprehension / Confusion

Model A-A (↑) A-R (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

DeepSeek-R1 0.8546 0.5479 0.9344 0.7034 2.1966 2.0314 0.1420 0.9615 0.9294 2.1946 1.9287 0.2659
+ Designed Prompt 0.9071 0.9149 0.9613 0.8857 2.1017 1.7714 0.3272 0.9572 0.9879 2.1682 1.7320 0.4362

Table 11: Evaluation results of DeepSeek-R1 and DeepSeek-R1 with designed prompt.

below this section. This produced high-quality re-
sponses are recorded along with their associated
think traces for subsequent experiments. To exam-
ine the quality of data generated by DeepSeek-R1
+ Designed Prompt, we conduct evaluations on our
proposed GuideEval benchmark. As shown in Ta-
ble 11, the model exhibits notable improvements
across multiple dimensions compared to the orig-
inal DeepSeek-R1, validating the reliability and
effectiveness of the generated data.

Formally, both training and evaluation instances
share the tuple structure introduced earlier:

D =
(
C, Sstate, R

)
. (6)

The difference lies in how Sstate and R are ob-
tained:

• In the evaluation set, Sstate is either an au-
thentic or state-edited student utterance with
a human-verified label, and R is the response
of the model under evaluation.

• In the training set, Sstate is either a veri-
fied correct answer or its error/metacognitive
rewrite, and R is the guided response gener-
ated by DeepSeek-R1 with think traces.

This distinction highlights that while both
datasets share a common representational form,
the evaluation set serves as a controlled testbed,
whereas the training set serves as a large-scale syn-
thetic supervision resource.

Designed Prompt

You are a teacher skilled in Socratic
instruction.
Your task is to guide students through
multi-turn dialogues to help them
understand concepts and solve
problems.
Please strictly follow the rules below
:

[Dialogue Style Requirements]
- Use natural, fluent, and encouraging
language with clear logic and
guidance;

- In each turn, ask only one guiding
question that is highly relevant to
the student's current state;
- Do not directly provide the final
answer or full solution process, but
instead guide the student step by
step through questioning;
- If the student gives an incorrect
answer or expresses confusion,
promptly adjust your strategy (e.g.,
by giving examples, changing
perspectives, or revisiting
definitions);

[Question Standards]
- Low-level: Recall/confirmation
questions, usually to check whether
the student understands (``Do you
understand?''), or to confirm
attention to a given condition.
Students can answer briefly with ``

yes/no'' without calculation or
reasoning.
- Mid-level: Application/operation
questions that guide students to
perform calculations, substitutions,
comparisons, or simplifications.
Students need to perform one or two

steps of calculation, but the method
is clearly given.
- High-level: Questions that require
integrating information, judging
trends, or transferring knowledge.
These usually require multi-step

reasoning and larger cognitive leaps.

[Format Requirements]
- In each turn, first output your
teaching rationale inside the
following tags:
<think>
- As a problem setter, reflect on:
what was the previous question? What
concept or trap did it aim to test?
What is the correct answer? Was the
student's answer correct?
- Judge the student's response type (
correct/understanding, incorrect, or
confused) and select the strategy
accordingly (strictly follow below):

- If the student answered
correctly or expressed understanding,
explicitly encourage the student. In
your reply, use the phrase

``You already know the answer to
the previous question is ...'', then
provide the answer and move on to
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the next step of reasoning.
- If the student answered

incorrectly, explicitly state the
mistake in your reply, explain the
cause of error,

and correct it immediately. The
next question should be simpler, of a
lower level, and include more basic
concepts.

- If the student expressed
confusion, identify the hardest-to-
understand point from the previous
step, and explain it through
decomposition,

examples, analogies, or real-
life connections. The next question
should also be simpler, of a lower
level, and include more basic
concepts.
</think>

Then provide your reply directed to
the student (show only the reply).

Always follow this format to conduct
the Socratic-style dialogue.

E.2 Automatic Filtering

The initial motivation for filtering arise from our
fine-tuning methods, which include pairwise pref-
erence optimization such as DPO and KTO. These
approaches require training data to be organized
into reliable contrastive pairs, where the quality
of each pair directly affects optimization stability.
To this end, we repurpose our evaluation frame-
work as a filtering mechanism: the same scoring
functions used to assess instructional quality in
evaluation were applied to candidate training data,
enabling us to automatically discard low-quality or
inconsistent pairs. This ensures that the retained
training set not only reflects diverse learner states
but also meets a minimum standard of instructional
adequacy, thereby providing stronger supervision
signals for pairwise optimization.

A candidate pair refers to two state-opposed re-
sponses, either accurate vs. erroneous or compre-
hension vs. confusion. Importantly, the positive
and negative roles are relative: we denote the rela-
tively stronger side as y+ and the weaker side as y−.
For instance, when the erroneous-type response is
designated as the positive instance in a pair, the
corresponding accurate-type response becomes the
negative instance. Thus, y+ and y− are merely
placeholders for relative positions, allowing both
categories of cognitive opposition to be uniformly
integrated.

Each sample receives rubric scores S from our

evaluation framework, which reuses the scoring
logic developed for instructional quality assess-
ment. Specifically, S is computed as the average
of Assessment and Orchestration scores; if the as-
sessment dimension is absent, we simply use the
orchestration score. For a candidate pair (y+, y−),
we obtain four scores under the accurate and er-
roneous rubrics: Sa(y

+), Se(y
+), Sa(y

−), Se(y
−).

We then compute a diagonal-margin metric:

A∆ =
(
Sa(y

+)+Se(y
−)

)
−
(
Se(y

+)+Sa(y
−)

)
.

This formulation reflects two principles: (i) within-
standard quality—each sample should score high
under its own rubric; and (ii) cross-standard con-
trast—each sample should score low under the
opposite rubric. Larger A∆ values therefore indi-
cate stronger separation along the assessment and
orchestration dimensions.

To incorporate the elicitation dimension, we fur-
ther define

C = A∆ ·
(
1 + β ·max(E∆, 0)

)
, β = 0.2,

where E∆ corresponds to the elicitation strategy
adaptivity (ESA). In this scheme, assessment and
orchestration serve as the foundation, while elici-
tation acts as a bonus factor, rewarding pairs that
also exhibit greater questioning divergence. We
set a threshold of C ≥ 1; only such pairs are pre-
served for training, yielding a dataset that satisfies
baseline instructional adequacy while amplifying
pedagogical contrast.

Overall, our goal is to use LLMs to construct and
filter reliable state-opposed pairs as supervision for
downstream training, and to examine how differ-
ent fine-tuning objectives affect benchmark perfor-
mance. While this construction shares a similar un-
derlying rationale with counterfactual data augmen-
tation (Chen et al., 2023; Zhang et al., 2025), we in-
stantiate it in the context of instructional-response
supervision, where state-opposed contrasts help an-
alyze how models adapt to different learner states.

E.3 Finetuning Settings

We fine-tune Qwen3-8B under three paradigms:
supervised fine-tuning (SFT), Direct Preference
Optimization (DPO), and Kahneman–Tversky Op-
timization (KTO). All runs adopt LoRA-based
parameter-efficient training on a single NVIDIA
H800 GPU with bfloat16 precision and a maxi-
mum sequence length of 4096 tokens. All three
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Figure 8: Distribution of the composite C scores across all samples. Each bar represents one discrete score value,
while vertical dashed lines mark the 20th, 40th, 60th, and 80th percentile cut points.

paradigms followed the same evaluation and check-
pointing schedule: validation every 100 steps,
checkpoint saving every 400 steps (up to 5 re-
tained).

SFT (response-only vs. with think traces / CoT
distillation). We train on the full curated dataset
(∼50k samples, real educational contexts with
DeepSeek-R1 targets under detailed prompts). We
implement two variants: one using response-only
outputs, and another incorporating intermediate
think traces (CoT distillation). Hyperparameters:
LoRA rank = 8, α = 32, 5% validation split, per-
device batch size = 2, gradient accumulation steps
= 8, learning rate = 1× 10−4, and warmup ratio
= 0.05.

DPO (pairwise). This is trained on the automati-
cally filtered subset (∼30k samples) to ensure con-
trastive quality. Using swift rlhf, we set LoRA
rank = 8, α = 32, bfloat16 precision, and maxi-
mum length = 4096. We train for 2 epochs with
per-device batch size = 2, gradient accumulation
= 8, learning rate = 1× 10−5 (smaller for stabil-
ity), and warmup ratio = 0.05. Following common
practice, the DPO inverse-temperature was fixed at
β = 0.1.

KTO (pointwise). This is also trained on the
automatically filtered subset (∼30k samples), to
study approval-style pointwise preference optimiza-
tion without pairs. Specifically, we split the pos-
itive/negative examples from DPO pairs into ac-
cepted and rejected samples for KTO. We train
with the same LoRA setup (rank = 8, α = 32,

bfloat16, max length = 4096), with 2 epochs, per-
device batch size = 2, gradient accumulation = 8,
learning rate = 1×10−4, and warmup ratio = 0.05.

E.4 Additional Results on a Smaller Backbone

To examine whether our observations depend
on the Qwen3-8B backbone, we further conduct
fine-tuning experiments on DeepSeek-R1-Distill-
Llama-3B, a smaller backbone model. For each
fine-tuning method, we sample model responses
three times and evaluate each set of outputs inde-
pendently. Table 12 reports the average score over
the three evaluation runs, with mean absolute devi-
ation (MAD) shown in parentheses.

Overall, the smaller backbone exhibits more
mixed trends than Qwen3-8B. Standard SFT im-
proves several supervision-sensitive metrics on
the 3B backbone, especially recall-oriented and
elicitation-related dimensions, but these gains are
accompanied by drops in several accuracy- and
orchestration-oriented metrics. Together with the
Qwen3-8B results, this suggests that final-turn re-
sponse supervision may impose a strong behavioral
prior from the supervised data: it can pull a weaker
model upward from a low baseline, while poten-
tially diluting the stronger model’s original capa-
bilities and pushing different backbones toward a
similar response regime. In contrast, SFT with CoT
distillation achieves stronger state-sensitive adapta-
tion on key metrics such as recall-oriented scores
and ESA, suggesting that process-level supervision
better helps models recognize learner states and ad-
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just their responses accordingly. Meanwhile, DPO
and KTO bring only marginal improvements on this
smaller backbone. These results further support
our main finding that process-aware supervision is
more effective than supervising final-turn responses
alone for complex Socratic tutoring behavior, while
also indicating that a moderately larger backbone
may be more practical for fully internalizing such
interactive instructional patterns.

F Prompt Templates

In our experiments, we employ two categories of
prompt templates. The first type aims to provide
the tested models with an initial instruction for
generating responses. The second type is designed
for evaluation, serving as scoring prompts to assess
the quality of model outputs. In this section, we
present all prompt templates used in both stages.

F.1 Generation Prompts
We use two types of system prompts for model
response generation:

• Original Prompt: The base system instruc-
tion which is added to all models before test-
ing.

• Rule Prompt: An instructional behavior
guideline describing how the model should
adapt based on student responses (applied in
§4.4 Behavior-Guided Finetuning).

The detailed system prompt texts are shown in the
boxes below.

Original Prompt

You are to role-play as a Socratic-
style teacher engaging in multi-turn
dialogue with me. Follow these rules
to provide guided answers to my
questions:
- Always keep the dialogue natural and
fluent, ensuring logical flow and
interactivity.
- Do not directly provide the final
answer or the full solution process.
Instead, guide me to think through
questions.
- In each turn, ask only one guiding
question. The question should be
based on my previous response,
helping me gradually approach the
correct answer.
- If the student consistently shows a
lack of understanding, adjust your
explanation strategy by providing
further clarification or posing more
basic questions.

Rule Prompt

You are to role-play as a Socratic-
style teacher engaging in multi-turn
dialogue with me. Follow these rules
to provide guided answers to my
questions:
- Always keep the dialogue natural and
fluent, ensuring logical flow and

interactivity.
- In each turn, ask only one guiding
question. The question should be
based on my previous response,
helping me gradually approach the
correct answer.
- Do not directly provide the final
answer or the full solution process.
Instead, guide me to think through
questions.
- Evaluate the type of my response: is
it correct/understanding, incorrect,
or expressing confusion? Then adapt

your strategy accordingly:
- If the student's response is

correct or shows understanding:
acknowledge the correctness, and when
appropriate, pose a slightly more

challenging question to deepen
understanding.

- If the student's response is
incorrect: attempt to guide them
toward recognizing the mistake. This
may involve re-explaining, giving
examples, or gently pointing out the
error. The next question should be
easier to handle, or you may take a
more teacher-led approach.

- If the student expresses
confusion: consider adjusting your
explanation, for example by using
simpler language, analogies, or more
basic questions.

F.2 Evaluation Prompts

Each behavioral metric is scored using prompt-
based assessments. In short, these prompts are
designed to reflect the following evaluation aspects:

• A-Affirm: Was the correct student answer
explicitly affirmed?

• A-Redirect: Was the student error identified
and redirected?

• O-Advance: Did the model meaningfully ad-
vance instruction for an already-understood
response?

• O-Reconfigure (Erroneous): Did the model
revise its explanation after encountering a mis-
conception?
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Method Accurate / Erroneous Comprehension / Confusion

A-A (↑) A-R (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

DeepSeek-R1-Distill-Llama-3B

Base
0.8126

(0.0023)
0.2881

(0.0014)
0.7658

(0.0064)
0.0754

(0.0051)
1.2521

(0.0168)
1.1749

(0.0058)
0.0772

(0.0110)
0.7078

(0.0033)
0.8517

(0.0038)
1.1112

(0.0057)
1.0157

(0.0071)
0.0955

(0.0091)

Rule Prompt
0.8123

(0.0041)
0.2962

(0.0042)
0.7756

(0.0034)
0.0847

(0.0034)
1.2482

(0.0125)
1.1927

(0.0228)
0.0555

(0.0304)
0.7315

(0.0040)
0.8676

(0.0003)
1.0953

(0.0155)
1.0159

(0.0206)
0.0794

(0.0059)

SFT
0.7097

(0.0014)
0.4820

(0.0042)
0.6798

(0.0017)
0.2760

(0.0026)
1.6443

(0.0138)
1.5339

(0.0085)
0.1104

(0.0065)
0.6626

(0.0065)
0.5724

(0.0024)
1.4272

(0.0056)
1.1673

(0.0056)
0.2599

(0.0032)

KTO
0.8105

(0.0028)
0.2986

(0.0038)
0.7714

(0.0090)
0.0796

(0.0034)
1.2216

(0.0328)
1.1760

(0.0279)
0.0456

(0.0546)
0.7249

(0.0034)
0.8639

(0.0095)
1.0736

(0.0158)
1.0123

(0.0084)
0.0613

(0.0242)

DPO
0.8036

(0.0043)
0.2959

(0.0044)
0.7692

(0.0069)
0.0786

(0.0019)
1.2179

(0.0127)
1.1816

(0.0100)
0.0363

(0.0095)
0.7135

(0.0024)
0.8598

(0.0102)
1.0756

(0.0147)
1.0136

(0.0157)
0.0620

(0.0138)

SFT w/ CoT Distillation
0.7411

(0.0041)
0.4994

(0.0008)
0.7008

(0.0022)
0.2765

(0.0030)
1.5291

(0.0105)
1.3876

(0.0077)
0.1415

(0.0043)
0.6785

(0.0024)
0.6308

(0.0038)
1.3713

(0.0014)
1.0641

(0.0010)
0.3072

(0.0005)

Table 12: Additional fine-tuning results on DeepSeek-R1-Distill-Llama-3B. Each entry reports the mean score over
three evaluation runs, with mean absolute deviation (MAD) shown in parentheses.

• O-Reconfigure (Confusion): Was the instruc-
tion restructured in response to expressed con-
fusion?

• Elicitation Level: Into which cognitive level,
as defined in our taxonomy, did the model’s
question fall?

The detailed evaluation prompt texts are pro-
vided below.

A-Affirm

You are a rigorous educational
research assistant, skilled in
analyzing whether a model understands
a student's response.

[Task Objective]Determine whether the
model clearly recognizes that the
student's response is correct.
[Task Instructions]The student has
just given a correct response. You
need to assess whether the model
shows recognition or affirmation of
that response, specifically including:

Explicit affirmation: e.g.,
expressions like ``That's right,'' ``
Good job,'' or ``Completely correct
.''
Implicit recognition: if the model,
without denying the answer, directly
proceeds to the next step of
explanation, this is considered
implicit recognition (score = 0.5).
Denial or doubt: if the model
recalculates, raises objections, or
asks for corrections, this indicates
the model does not accept the student
's answer as correct (score = 0).
[Input Dialogue] {dialog_str}
Note: Only evaluate [the model's
current response].
First, write your reasoning inside
tags, including:
Did the model in this round explicitly
agree or disagree with the student?
Which sentence shows this?

If there was no explicit agreement or
disagreement, did the model directly
move on to the next step? If yes,
consider it implicit recognition.
If there was no explicit agreement or
disagreement, but the model added
further elaboration on the previous
step, consider this as the model
assuming the student was wrong.
Then output strictly in the following
JSON format:
'''json
{
"Assessment": 1/0.5/0
}
'''

A-Redirect

You are a rigorous educational
research assistant, skilled in
analyzing whether a model recognizes
an incorrect student response.
[Task Objective]Determine whether the
model clearly recognizes that the
student's response is incorrect.
[Task Instructions]The student gave an
incorrect response in the previous

turn. You need to assess whether the
model shows recognition of this,
specifically including:
Explicitly pointing out the error (
score = 1): the model uses clear
denial or critical wording, such as:
``There's a mistake in your step,'' /
``That answer is not correct,'' / ``
You may have made an error in
calculation.''
Implicitly indicating the error (score
= 0.5): the model does not directly
deny but shows suspicion or adds
reasoning, for example:
Asking a new question to get the
student to check the previous step.
Adding further explanation of the
previous reasoning without agreement.
Using phrases like ``Let's think
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carefully,'' or ``Let's try a
different approach.''
No doubt (score = 0): the model
affirms the student's response and
continues, e.g., ``Good job!'' or ``
Your calculation is correct,''
showing no recognition of the error.
[Input Dialogue] {dialog_str}
Note: Only evaluate [the model's
current response].
First, write your reasoning inside
tags, including:
Did the model in this round explicitly
agree or disagree with the student?
Which sentence shows this?
If there was no explicit agreement or
disagreement, did the model re-
explain or validate the previous step
? If yes, consider this implicit
recognition of error.
Then output strictly in the following
JSON format:
'''json
{
"Assessment": 1/0.5/0
}
'''

O-Advance

You are a rigorous educational
research assistant, skilled in
analyzing whether a model
demonstrates progression ability in
instructional dialogues.
[Background]Below is the multi-turn
dialogue so far. Please read and
understand its progression: {context}
[Task Objective] In the current turn,
the student expresses ``already
understood'' or gives a correct
answer. Determine whether the model's
current reply shows ``progression''
--- i.e., whether it pushes the
problem-solving process further
beyond the previous turn.
[Scoring Criteria]Assign 1 or 0 for
guidance quality:
Cases considered as progression (score
= 1):

Guiding the student to the next
calculation, analysis, or reasoning
step
Posing new questions or challenges to
encourage deeper thinking
Summarizing the current content and
introducing a higher-level question
or method
Cases considered as non-progression (
score = 0):
Repeating the same explanation or
question as the previous turn
Re-asking content already answered by
the student
Circling around mastered content
without introducing new information

[Current Student Utterance]: {
current_user}
[Current Model Response]: {
current_model_respond}
First, write your reasoning inside
tags, including:
What new information did the model add
compared with the previous turn? Did
it push the solution forward?

Was there a new question, a new step,
or a conclusive summary?
Why do you judge this as progression
or non-progression?
Then output strictly in the following
JSON format:
'''json
{
"Orchestration": 0/1
}
'''

O-Reconfigure (Erroneous)

You are a rigorous educational
research assistant, skilled in
analyzing whether a model
demonstrates reconstruction ability
after a student's incorrect response.
[Background]Below is the multi-turn
dialogue so far. Please read and
understand its progression: {context}
[Task Objective] The student's
previous turn did not correctly
answer the model's question. Complete
the following tasks:

Identify where the student's previous
answer went wrong, and point out the
main error compared with the ground
truth (GT).
Determine whether the model's current
reply demonstrates ``reconstruction''
--- i.e., whether it recognizes the

error and reasonably guides the
student toward correction or correct
understanding.
[Scoring Criteria]Assign 1 or 0 for
guidance quality:
Effective reconstruction (score = 1):
The model hints at the error or guides
the student to discover it through

questioning, prompting, or
verification (note: does not have to
explicitly say ``wrong'').
Guidance methods may include: hints,
recomputation, emphasizing conditions
or key concepts, asking the student

to check a specific step.
The model does not need to give the
final answer or change its
explanation style, as long as the
direction is correct and helps the
student correct the error.
Ineffective reconstruction (score = 0)
:
The model fails to notice the student'
s error and treats the wrong answer
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as correct.
The model's explanation goes in the
wrong direction, deviates from the GT,
or fails to provide useful guidance.

The model skips over the error and
moves to the next step.
[Ground Truth]: {GT}
[Current Student Utterance]: {
current_user}
[Current Model Response]: {
current_model_respond}
First, write your reasoning inside
tags, including:
What was the student's error? (
difference from GT)
Did the model guide around this error?
Which expressions are key? Was the
direction correct?
Then output strictly in the following
JSON format:
'''json
{
"Orchestration": 0/1
}
'''

O-Reconfigure (Confusion)

You are a rigorous educational
research assistant, skilled in
analyzing whether a model
demonstrates reconstruction ability
when a student expresses ``not
understanding.''
[Background]Below is the multi-turn
dialogue so far. Please read and
understand its progression: {context}
[Task Objective] In the current turn,
the student expresses confusion,
indicating they did not understand
part of the model's previous
explanation. Complete the following
two tasks:
Compare the current model reply with
the previous explanation. Did the
model add new information that aids
understanding (e.g., more detailed
reasoning, more basic concepts,
concrete examples, definition recall,
etc.)?

Judge whether this new information
helps the student better understand
what was previously unclear --- i.e.,
whether it lowers cognitive load or
moves closer to the correct reasoning
path.

[Scoring Criteria]Assign 1 or 0 for
guidance quality:
Effective reconstruction (score = 1):
The model adds more concrete, basic,
or detailed explanation, such as
rephrasing, step-by-step reasoning,
plugging in numbers, or explaining
concepts.
The model supplements preconditions,
clarifies definitions, or guides the

student to observe problem structure.
The model does not need to fully
resolve the confusion, as long as it
moves closer to clarity.
Ineffective reconstruction (score = 0)
:
The model simply repeats the previous
explanation or exact wording.
The model only asks ``Which part don't
you understand?'' or encourages the

student to think, without adding
explanation.
The model's content remains at the
same level the student found
confusing, without lowering
difficulty.
[Current Student Utterance]: {
current_user}
[Current Model Response]: {
current_model_respond}
First, write your reasoning inside
tags, including:
What new information did the model add
compared to the previous turn? Was

it more detailed, a definition, an
example, or a rephrasing?
Is the new information easier to
understand? Does it lower the student
's cognitive burden?
Then output strictly in the following
JSON format:
'''json
{
"Orchestration": 0/1
}
'''

Elicitation Level

You are a rigorous educational
research assistant, skilled in
analyzing the quality of questions in
instructional dialogues.

Please complete the following task:
Determine whether the model's
response (model\_response) contains a
question, and classify the cognitive
level of that question.

[Task Instructions]
Step 1: Determine whether the model
posed a question (i.e., whether it
asked the student something). If
there is no question at all, directly
output ``Question Level: 0.''

Step 2: If the model did ask a
question, classify it according to
the following standards.
[Question Level Classification
Standards]
(0) **No Question (Question Level = 0)
**
* The model only explains or states
information, without asking any
question.
(1) **Basic Question (Question Level =
1)** --- Recall or confirmation
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questions.
* Usually used to check whether the
student understands or notices a
condition.
* Requires no calculation or reasoning
; can be answered with ``yes/no'' or
simple short responses.
* Examples:

* ``Do you understand?'' / ``Did
you get it?'' / ``Do you know the
difference-of-squares formula?''
* ``Do you know what conditions are

given in the problem?'' / ``Do you
think this explanation is clear?'' /
``Do you have any other questions?''
(2) **Intermediate Question (Question
Level = 2)** --- Application or
operational questions.
* Guides the student to perform
calculations, substitutions,
comparisons, or simplifications,
requiring hands-on work.
* The student needs **one or two steps
of calculation**, but the approach
is usually clear.
* Examples:

* ``Can you solve this equation to
find the value of $x$?'' / ``Can you
try adding the two numbers together
?''
* ``Can you expand $(x+y)^2$ and see
if you can simplify the whole
expression?''
(3) **Advanced Question (Question
Level = 3)** --- Reasoning, transfer,
evaluative, or creative questions.

* Requires the student to **integrate
information, judge trends, transfer
knowledge, or propose new methods**.
* Usually involves multi-step
reasoning with larger cognitive leaps.

* Examples:
* ``Can you tell me what conclusion

we can draw from $(x-y)^2 > 0$?''
* ``Can you summarize the pattern of
area changes?'' / ``Do you think
there is a simpler method?''
* ``Can you come up with a new way

to solve this problem?'' / ``If the
condition changes, will the answer
change?''
[Question]
{question}
[Model Response]
{single\_dialog}
First, write your reasoning inside <
think> </think> tags, including:
* Does the response contain a question
?
* If yes, which sentence is it, and
according to the classification
standards, what is its basis?
Then output strictly in the following
JSON format:
```json
{

"Question Level": 0/1/2/3

}
```

G Supplementary Experiments for
Robustness

This section supplements our main results with sev-
eral robustness experiments designed to validate
the stability and reliability of our evaluation frame-
work. We report: (1) repeated evaluation runs, (2)
cross-judge consistency using alternative evalua-
tor models, (3) sensitivity analyses under different
decoding temperatures, and (4) statistical uncer-
tainty and judge-error sensitivity analyses. The re-
sults show that our main conclusions remain stable
across inference noise, evaluator choice, decoding
configurations, sampling uncertainty, and potential
judge errors.

G.1 Evaluation Stability Across Multiple
Runs

To assess the stability of our evaluation procedure,
we repeated the full scoring process for GPT-4.1
three times under the same experimental config-
uration. Across all instructional dimensions, the
mean absolute deviation (MAD) between runs re-
mained small, with variations well within a reason-
able range (see Table 13). These results indicate
that the evaluation scores are only minimally af-
fected by inference stochasticity, suggesting that
the framework yields stable assessments across re-
peated executions.

G.2 Consistency Across Different Evaluator
Models

To assess whether our findings depend on the
choice of evaluator model, we further evaluated
six representative models using Claude-3-Haiku
as an alternative judge. These models were se-
lected because they exhibit clearly distinguishable
behavioral patterns in the main results—Qwen3-
8B (moderate open-source baseline), DeepSeek-R1
(strongest open-source performer), GPT-4.1 (high
E-S depth with small OSA gaps), Gemini-2.5-pro
(high ESA), Mistral-medium-3 (high proportion of
explicit error identification with larger OSA dispar-
ities), and SocraticLM (high explicit affirmation in
accurate cases but overall weaker performance).

As shown in Table 14 and Table 15, the absolute
scores produced by the alternative judge exhibit
expected shifts, but the models largely preserve the
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Accurate / Erroneous Comprehension / Confusion

Run A-A A-R O-A O-R E-S E-H ESA O-A O-R E-S E-H ESA

1 0.8710 0.4280 0.8739 0.6076 2.2546 2.1254 0.1185 0.8710 0.6151 2.2153 1.9658 0.2495
2 0.8731 0.4369 0.8731 0.6017 2.2538 2.1059 0.1358 0.8745 0.6301 2.1967 1.9522 0.2445
3 0.8710 0.4326 0.8689 0.6025 2.2529 2.1144 0.1407 0.8667 0.6386 2.2081 1.9587 0.2495

avg. 0.8717 0.4325 0.8720 0.6039 2.2538 2.1152 0.1317 0.8707 0.6279 2.2067 1.9589 0.2478
MAD 0.00093 0.00300 0.002 0.00244 0.00058 0.00678 0.00878 0.0027 0.00856 0.00667 0.00460 0.00222

Table 13: Evaluation stability of GPT-4.1 across three repeated runs.

behavioral characteristics observed in the main re-
sults. To further quantify stability at the ranking
level, Table 16 reports the rank changes between
the original evaluation (GPT-4o-mini) and the al-
ternative judge, together with the Spearman corre-
lations for each metric. The rank shifts are small,
and most Spearman correlations exceed 0.88, in-
dicating strong consistency. Taken together, these
results suggest that our qualitative findings are not
overly sensitive to the particular evaluator model
used.

G.3 Effect of Temperature on Evaluation
Outcomes

To examine whether decoding configurations in-
fluence our evaluation, we analyze the effect of
generation temperature on model behavior. In the
main experiments, we set the decoding temperature
of the tested models to 0.1. This choice is moti-
vated by two factors: (1) as an evaluation setting,
a low temperature reduces sampling variance and
makes the output more reflective of the model’s un-
derlying preferences or “average strategy,” which
is particularly important in educational contexts
where accuracy is prioritized over stylistic diver-
sity; and (2) we avoid temperature 0 because greedy
decoding often leads to overly repetitive and unnat-
ural responses (e.g., repeatedly producing phrases
like “good job”), which does not reflect realistic
tutoring behavior.

To further examine the impact of decoding tem-
perature, we evaluate Qwen3-8B under four set-
tings (0, 0.1, 0.5, and 1.0). As shown in Ta-
ble 17 and Table 18, we observe a mild downward
trend in several dimension scores as temperature in-
creases beyond 0.1. However, the variations remain
smooth, and no sharp fluctuations or trend reversals
appear. These results suggest that while tempera-
ture does introduce some degree of variability, its

influence is limited.

G.4 Statistical Uncertainty and Judge-Error
Sensitivity

The main results primarily report point estimates of
model performance. To further quantify their statis-
tical uncertainty and examine the reliability of the
reported differences, we conduct three complemen-
tary analyses: (1) bootstrap confidence intervals for
the main evaluation metrics, (2) paired bootstrap
analysis for planned model and finetuning compar-
isons, and (3) judge-error sensitivity analysis to
examine the robustness of our main conclusions to
potential evaluator noise.

For the bootstrap analyses, we use 10,000 resam-
pling iterations and report 95% confidence intervals
using the 2.5th and 97.5th percentiles. Single-state
metrics are resampled at the sample level, while
contrastive metrics such as ESA and OSA are re-
sampled at the paired-sample level to preserve their
dependence structure. Model differences are eval-
uated using paired bootstrap resampling over the
same evaluation instances. Together, these analyses
complement the point estimates in the main text by
distinguishing stable trends from small differences
that may arise from sampling variation or evaluator
noise.

Bootstrap confidence intervals. The main re-
sults in Table 4 are reported as point estimates. To
quantify the sampling uncertainty associated with
the finite evaluation set, we additionally compute
95% bootstrap confidence intervals for all main
metrics, including Assessment, Orchestration, Elic-
itation, and the contrastive adaptivity metrics. Ta-
bles 19 and 20 report the intervals for the Accu-
rate/Erroneous and Comprehension/Confusion set-
tings, respectively.
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Accurate / Erroneous Comprehension / Confusion

Model A-A (↑) A-R (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

Qwen3-8B 0.5828 0.5089 0.9958 0.9695 1.9025 1.7814 0.0852 0.9950 0.9929 1.9736 1.5792 0.3951
DeepSeek-R1 0.6920 0.5017 0.9992 0.9721 1.9445 1.8442 0.1025 0.9964 0.9943 1.9843 1.7441 0.2402
GPT-4.1 0.7181 0.4809 0.9983 0.9534 1.9924 1.8932 0.0864 0.9900 0.9722 1.9715 1.6486 0.3229
Gemini-2.5-pro 0.8021 0.4839 0.9924 0.9356 1.8933 1.6610 0.2444 0.9907 0.9836 1.8601 1.5039 0.3544
mistral-medium-3 0.6521 0.5013 0.9874 0.9314 1.7849 1.7102 0.0765 0.9786 0.9779 1.7434 1.4968 0.2466
SocraticLM 0.8231 0.4743 0.9563 0.5119 1.4933 1.5000 -0.0111 0.9287 0.8681 1.3264 1.2780 0.0485

Table 14: Evaluation results using Claude-3-Haiku as the alternative judge across representative models.

OSA Scores A-A State (%) A-R State (%)

Model Acc/Err Comp/Conf Diff 1 (Aff.) 0.5 (Imp.) 0 (Skep.) 1 (Rej.) 0.5 (Imp.) 0 (Aff.)

Qwen3-8B 0.963 0.9879 0.0249 19.16% 78.24% 2.61% 3.47% 90.85% 5.68%
DeepSeek-R1 0.9679 0.9907 0.0228 40.59% 57.23% 2.18% 4.91% 90.52% 4.57%
GPT-4.1 0.953 0.9629 0.0099 44.54% 54.54% 0.92% 3.64% 88.90% 7.46%
Gemini-2.5-pro 0.9358 0.9741 0.0383 61.43% 37.56% 1.01% 2.12% 92.54% 5.34%
Mistral-medium-3 0.9136 0.9579 0.0443 32.27% 65.88% 1.85% 9.58% 81.10% 9.32%
SocraticLM 0.4593 0.8125 0.3532 88.32% 5.46% 6.22% 8.14% 11.95% 79.92%

Table 15: Combined OSA scores and assessment behavior distributions across representative models using Claude-
3-Haiku as the alternative judge.

Paired bootstrap comparisons. To assess
whether the differences between finetuning meth-
ods are statistically reliable, we conduct paired
bootstrap comparisons. Since two models are eval-
uated on the same set of instances, their scores are
not independent. Rather than bootstrapping the two
models separately and comparing their confidence
intervals, we first compute the paired difference for
each matched evaluation instance, di = sAi − sBi
and then bootstrap these matched differences to ob-
tain a 95% confidence interval for the performance
difference between the two methods.

Table 21 summarizes, for each comparison, the
number of evaluation metrics whose difference con-
fidence intervals lie entirely above zero, entirely be-
low zero, or cross zero. An interval entirely above
zero indicates a reliable positive difference for the
first method, while an interval entirely below zero
indicates a reliable negative difference; intervals
crossing zero are treated as statistically uncertain.
Overall, the statistical results are consistent with
the trends reported in the main text.

Judge-error sensitivity. To examine whether
residual evaluator errors could affect the trends
reported in our main results, we estimate the empir-
ical conditional error distribution P (human label |
judge label) from the human validation set and use

it to perturb the automatic scores over the full eval-
uation set. We repeat this procedure 10,000 times
and recompute the cross-state adaptivity gaps af-
ter each perturbation. We report the median, the
95% perturbation interval (PI), and the probability
that the corresponding difference remains positive,
Pr(∆ > 0). Unlike the bootstrap confidence in-
tervals above, the PI captures uncertainty induced
by plausible judge errors rather than finite-sample
variation.

For each model, we compute the adaptivity gap
between Comp./Conf. and Acc./Err., and then aver-
age these differences across models. As shown in
Table 22, both the OSA and ESA gaps remain posi-
tive across all perturbations. This further supports
the main observation that models exhibit stronger
adaptivity to explicit comprehension/confusion sig-
nals than to learner states that must be inferred
from the content of student answers.

H Example of State-Sensitive Responses
after CoT Distillation

This appendix presents a case study to illustrate
how CoT distillation enhances the state-sensitive
instructional behaviors of the model. Compared
with GPT-4.1 responses shown in Figure 1, the dis-
tilled model produces more differentiated feedback
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Accurate / Erroneous Comprehension / Confusion

Model A-A (↑) A-R (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

Qwen3-8B 0 0 -1 0 1 1 0 -1 0 1 0 1
DeepSeek-R1 0 1 0 0 0 0 0 1 0 1 1 -1
GPT-4.1 0 -1 1 0 0 0 0 -1 0 -2 -1 2
Gemini-2.5-pro -1 1 0 0 -1 0 0 1 0 0 0 -1
mistral-medium-3 0 -1 0 0 0 -1 0 0 0 0 0 -1
SocraticLM 1 0 0 0 0 0 0 0 0 0 0 0

Spearman ρ 0.9429 0.8857 0.9429 1.0000 0.9429 0.9429 1.0000 0.8857 1.0000 0.8986 0.9559 0.7714

Table 16: Ranking changes of six representative models when switching the evaluator from GPT-4o-mini to Claude-
3-Haiku, along with Spearman rank correlations per metric.

Accurate / Erroneous Comprehension / Confusion

Temperature A-A (↑) A-R (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

0 0.7649 0.5513 0.9184 0.6226 2.0706 1.9432 0.1397 0.9468 0.8916 2.1320 1.7703 0.3612
0.1 0.7613 0.5919 0.9050 0.6681 2.0605 1.9213 0.1049 0.9594 0.8959 2.0527 1.7254 0.3281
0.5 0.7550 0.5720 0.9151 0.6602 2.0790 1.9644 0.1099 0.9444 0.8774 2.0870 1.8019 0.2851
1.0 0.7227 0.5538 0.8882 0.6415 2.0630 2.0102 0.0481 0.9473 0.8603 2.1426 1.8617 0.2808

Table 17: Evaluation results of Qwen3-8B under different decoding temperatures.

when interacting with students in distinct cognitive
states. As shown in Figure 9, the model adapts
its explanations and questioning strategies more
explicitly depending on whether the student’s re-
sponse is accurate vs. erroneous or demonstrates
comprehension vs. confusion. This highlights the
potential of CoT distillation in improving instruc-
tional adaptivity.

I The effect of the Filtering Threshold C

To examine whether the proposed filtering thresh-
old C effectively selects higher-quality contrastive
pairs, we conducted a series of controlled studies
under different filtering conditions. Specifically,
we constructed three datasets by applying thresh-
olds C ≥ 0, C ≥ 1, and C ≥ 2, which yielded
approximately 49k, 30k, and 9k training samples,
respectively. In addition, to disentangle the influ-
ence of data quantity from data quality, we created
a fourth dataset by randomly sampling ∼9k pairs
from the C ≥ 1 pool while preserving the same
pair-type proportions as the C ≥ 2 subset. All
datasets were used to fine-tune Qwen3-8B under
identical DPO-LoRA settings, enabling a direct
comparison of how the filtering threshold affects
downstream instructional guidance performance.

As shown in Table 23, the results across the
four datasets reveal clear differences driven by

the filtering threshold. When lowering the thresh-
old from C ≥ 1 to C ≥ 0, the model’s
performance drops noticeably—particularly on
A−Redirect, O−Reconfigure, and elicitation-level
scores—suggesting that low-quality pairs introduce
conflicting preference signals that hinder stable op-
timization. When comparing C ≥ 2 with the 9k
subset sampled from C ≥ 1, both containing the
same amount of data, the higher threshold con-
sistently yields better outcomes, indicating that
the metric C indeed selects contrastive pairs with
clearer behavioral separation, making preference
learning easier. Finally, comparing the 30k and 9k
filtered sets shows that although high-quality sam-
ples help, too little data limits the model’s ability to
acquire abstract patterns such as elicitation adaptiv-
ity, whereas the 30k C ≥ 1 set learns these behav-
iors effectively. This suggests that Once quality is
ensured, sufficient data coverage remains essential
for acquiring higher-level instructional strategies.

J Human baseline on proposed
GuideEval Benchmark

To establish a human baseline for comparison, we
recruited an experienced frontline teacher with sub-
stantial real-world instructional and tutoring ex-
perience. The teacher was asked to provide re-
sponses on a subset of the evaluation data con-
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OSA Scores A-A State (%) A-E State (%)

Temperature Acc/Err Comp/Conf Diff 1 (Aff.) 0.5 (Imp.) 0 (Skep.) 1 (Rej.) 0.5 (Imp.) 0 (Aff.)

0 0.5612 0.8508 0.2896 74.18% 21.37% 4.45% 27.18% 46.02% 21.80%
0.1 0.6099 0.8638 0.2539 69.83% 28.37% 3.79% 30.26% 41.70% 14.40%
0.5 0.5975 0.8396 0.2421 73.32% 23.59% 3.69% 27.76% 39.59% 15.78%
1.0 0.5679 0.8133 0.2454 67.43% 24.68% 4.89% 23.22% 42.89% 14.57%

Table 18: Combined OSA scores and assessment behavior distributions of Qwen3-8B under different decoding
temperatures.

Model A-A (↑) A-R (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

Qwen3-8B [0.7353, 0.7752] [0.5729, 0.6127] [0.8882, 0.9210] [0.6288, 0.6831] [2.0059, 2.0891] [1.8653, 1.9517] [0.0444, 0.1827]
GLM-4-9B [0.8340, 0.8714] [0.3898, 0.4381] [0.7403, 0.7882] [0.3220, 0.3763] [1.8580, 1.9403] [1.8763, 1.9636] [-0.0741, 0.0432]
Qwen3-32B [0.7903, 0.8277] [0.5831, 0.6174] [0.9311, 0.9571] [0.7508, 0.7983] [2.1857, 2.2630] [2.0508, 2.1288] [0.0840, 0.2124]
Llama-3.3-70B-Instruct [0.7907, 0.8242] [0.5153, 0.5627] [0.8764, 0.9121] [0.4312, 0.4890] [2.0279, 2.1245] [2.0631, 2.1543] [-0.1097, 0.0248]
DeepSeek-V3 [0.8576, 0.8912] [0.5242, 0.5610] [0.8571, 0.8941] [0.6466, 0.7000] [1.9630, 2.0496] [1.9441, 2.0263] [-0.0358, 0.0889]
DeepSeek-R1 [0.8382, 0.8710] [0.5297, 0.5665] [0.9202, 0.9479] [0.6771, 0.7288] [2.1571, 2.2345] [1.9907, 2.0729] [0.0790, 0.2049]
Mistral-medium [0.8017, 0.8391] [0.5369, 0.5801] [0.7571, 0.8042] [0.4644, 0.5212] [1.9891, 2.0731] [1.8907, 1.9746] [0.0272, 0.1519]
O4-mini [0.8029, 0.8340] [0.4165, 0.4441] [0.8840, 0.9185] [0.5305, 0.5873] [1.9840, 2.0546] [1.8678, 1.9381] [0.0531, 0.1679]
GPT-4.1 [0.8546, 0.8870] [0.4110, 0.4449] [0.8496, 0.8882] [0.5797, 0.6356] [2.2193, 2.2908] [2.0898, 2.1619] [0.0593, 0.1765]
Claude-sonnet-4 [0.9383, 0.9611] [0.4576, 0.4983] [0.9189, 0.9476] [0.6127, 0.6678] [2.1030, 2.1791] [1.9585, 2.0271] [0.0720, 0.1911]
Gemini-2.5-pro [0.9197, 0.9445] [0.4012, 0.4262] [0.8487, 0.8882] [0.5199, 0.5759] [2.1092, 2.1840] [1.8092, 1.8863] [0.1963, 0.3222]
GLM-4-plus [0.8903, 0.9210] [0.4449, 0.4886] [0.8445, 0.8840] [0.5093, 0.5661] [1.8764, 1.9504] [1.9339, 2.0085] [-0.1049, 0.0037]
Doubao-Seed-1.6-Thinking [0.5702, 0.6114] [0.5420, 0.5675] [0.8520, 0.8898] [0.7572, 0.8039] [2.0277, 2.1110] [1.8328, 1.9151] [0.1460, 0.2822]
SocraticLM (base: GLM-4-9B) [0.8958, 0.9252] [0.1237, 0.1585] [0.6580, 0.7109] [0.0568, 0.0864] [1.2672, 1.3916] [1.2814, 1.4093] [-0.1012, 0.0691]
Spark X1 [0.7248, 0.7643] [0.4805, 0.5102] [0.8462, 0.8849] [0.5881, 0.6432] [2.1756, 2.2580] [2.0483, 2.1339] [0.0556, 0.1901]

Table 19: Bootstrap confidence intervals for the main evaluation metrics under the Accurate / Erroneous state
contrast. Each entry reports the 95% bootstrap confidence interval.

sisting of 400 instances—100 samples randomly
selected from each of the four learner states. These
teacher-produced responses were then evaluated us-
ing our framework, and the resulting human scores
were compared against the performance of other
models on the same 400-sample subset, as shown
in Table 24.

With the human baseline incorporated, the be-
havioral differences between human teachers and
LLMs become more pronounced. Human teachers
excel at handling erroneous learner responses, pro-
viding explicit correction and fine-grained recon-
struction—a natural product of professional teach-
ing expertise—which leads to clear advantages in
A-R and O-R. In contrast, current LLMs still strug-
gle to deliver systematic error-aware remediation.
At the same time, although human teachers tend
to adopt a more conservative and steady instruc-
tional style—rarely pushing aggressively or posing
frequent high-level questions—they nonetheless
exhibit meaningful differences in question depth
across the accurate/erroneous and comprehension/-
confusion conditions, adjusting their instructional
challenge according to learner states. LLMs, de-
spite often producing questions of generally higher
nominal depth, show limited ability to modulate

question difficulty based on the learner’s cogni-
tive condition, revealing a lack of genuine state-
sensitive pedagogical adaptation.
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Model O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

Qwen3-8B [0.9487, 0.9694] [0.8909, 0.9215] [2.0128, 2.0898] [1.6883, 1.7625] [0.2746, 0.3795]
GLM-4-9B [0.6871, 0.7356] [0.8396, 0.8760] [1.6051, 1.6850] [1.6108, 1.6928] [-0.0577, 0.0442]
Qwen3-32B [0.9522, 0.9722] [0.8482, 0.8831] [2.1091, 2.1803] [1.9437, 2.0171] [0.1155, 0.2138]
Llama-3.3-70B-Instruct [0.8026, 0.8418] [0.8317, 0.8695] [1.9508, 2.0364] [1.8916, 1.9743] [0.0050, 0.1170]
DeepSeek-V3 [0.8539, 0.8881] [0.8268, 0.8653] [2.0078, 2.0891] [1.6971, 1.7733] [0.2602, 0.3664]
DeepSeek-R1 [0.9508, 0.9715] [0.9159, 0.9423] [2.1575, 2.2331] [1.8924, 1.9651] [0.2160, 0.3150]
Mistral-medium [0.7933, 0.8339] [0.7627, 0.8047] [1.9166, 1.9929] [1.6130, 1.6850] [0.2545, 0.3578]
O4-mini [0.8909, 0.9216] [0.7954, 0.8368] [1.9950, 2.0641] [1.8888, 1.9516] [0.0641, 0.1547]
GPT-4.1 [0.8574, 0.8917] [0.5895, 0.6401] [2.1789, 2.2516] [1.9301, 2.0014] [0.2017, 0.2986]
Claude-sonnet-4 [0.9031, 0.9316] [0.8354, 0.8717] [2.0684, 2.1361] [1.7227, 1.7897] [0.3001, 0.3913]
Gemini-2.5-pro [0.8393, 0.8759] [0.8599, 0.8942] [2.0143, 2.0890] [1.6183, 1.6869] [0.3480, 0.4443]
GLM-4-plus [0.7705, 0.8133] [0.9458, 0.9665] [1.7912, 1.8681] [1.7220, 1.7933] [0.0207, 0.1247]
Doubao-Seed-1.6-Thinking [0.9237, 0.9501] [0.8311, 0.8681] [2.0456, 2.1240] [1.7413, 1.8182] [0.2537, 0.3557]
SocraticLM (base: GLM-4-9B) [0.5930, 0.6443] [0.4683, 0.5203] [1.1797, 1.2989] [1.1155, 1.2195] [0.0050, 0.1391]
Spark X1 [0.9145, 0.9416] [0.7085, 0.7548] [2.1112, 2.1910] [1.8838, 1.9601] [0.1753, 0.2844]

Table 20: Bootstrap confidence intervals for the main evaluation metrics under the Comprehension / Confusion state
contrast. Each entry reports the 95% bootstrap confidence interval.

[Multi-turn history]

… Can you tell me which number is smaller, 362 or 364?

362

Right, since 362 < 364, that means 7 is too high for the 

quotient. What should we adjust the quotient to?

You said 364, but that's incorrect. 362 is smaller than 

364 (362 < 364). Let's review: compare digits from left 

to right—hundreds and tens are the same, but 2 < 4 in 

the ones place. So, 362 is smaller. Let’s reinforce: 

which number is larger, 362 or 364?

(Accurate response)

364 (Erroneous response)

(a) Responses to accurate and erroneous states

[Multi-turn history]

… Now, how much faster is Car A than Car B?

Got it, please go on.

Great, you’ve already figured out that the speed 

difference is 10 km/h. Since Car A went 40 km more and 

the speed difference is 10 km/h, how long did it take 

them to meet?

I don't know.

That‘s okay. Speed difference means how much farther 

Car A goes per hour. For example, if Car A goes 100 

km/h and Car B 90 km/h, the difference is 10 km/h. In 

our case, Car A is 80 km/h, B is 70 km/h — so how 

much faster is Car A per hour?

(Comprehension)

(Confusion)

(b) Responses to comprehension and confusion states

Figure 9: Illustrative responses from the CoT-distilled model under the same dialogue context. The distilled model
demonstrates more differentiated strategies toward (a) accurate vs. erroneous states and (b) comprehension vs.
confusion states.

Comparison > 0 < 0 Cross 0 Interpretation

DPO − KTO 4 1 3 Partial gains
DPO − SFT 7 0 1 Reliable gains
DPO − Base 7 0 1 Reliable gains
SFT − Base 0 7 1 Stable degradation
SFT-CoT − Base 7 0 1 Reliable gains

Table 21: Paired bootstrap analysis of the main finetun-
ing comparisons. We count metrics whose 95% CIs for
paired differences are above, below, or cross zero.

Metric Median ∆ 95% PI Pr(∆ > 0)

OSA: Comp./Conf. − Acc./Err. 0.1296 [0.1222, 0.1371] 1.0000
ESA: Comp./Conf. − Acc./Err. 0.0692 [0.0557, 0.0828] 1.0000

Table 22: Judge-error sensitivity of the aggregate cross-
state adaptivity gaps. For each perturbation, we first
compute the Comp./Conf. minus Acc./Err. difference
for each model and then average these differences across
models.
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Accurate / Erroneous Comprehension / Confusion

Model A-A (↑) A-R (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

Qwen3-8B 0.7613 0.5919 0.9176 0.6681 2.0605 1.9213 0.1049 0.9644 0.8959 2.0527 1.7254 0.3281

C ≥ 0(49k) 0.9055 0.5093 0.7269 0.3169 1.7017 1.5458 0.1296 0.6793 0.6579 1.5103 1.0870 0.4230
C ≥ 1(30k) 0.8357 0.8326 0.8672 0.7390 2.0361 1.7831 0.2667 0.9565 0.9743 2.1775 1.7263 0.4512
C ≥ 1(9k) 0.9185 0.4564 0.7471 0.2907 1.7345 1.7356 -0.0358 0.6857 0.5303 1.6151 1.2694 0.3457
C ≥ 2(9k) 0.9055 0.5974 0.9294 0.4911 2.1664 2.1041 0.0605 0.9415 0.9408 2.1419 1.9636 0.1719

Table 23: Effect of filtering threshold C on DPO-LoRA fine-tuning performance (based on Qwen3-8B). Color
intensity encodes the deviation from the Qwen3-8B baseline (darker = larger deviation), with green indicating
improvements and red indicating degradation.

Accurate / Erroneous Comprehension / Confusion

Model A-A (↑) A-R (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑) O-A (↑) O-R (↑) E-S (↑) E-H ESA (↑)

Human 0.83 0.87 0.73 0.70 1.80 1.33 0.47 0.79 0.84 1.60 1.20 0.40

Qwen3-8B 0.78 0.60 0.95 0.58 2.18 1.90 0.28 0.96 0.91 2.00 1.71 0.29
DeepSeek-R1 0.855 0.54 0.93 0.71 2.33 2.05 0.28 0.96 0.95 2.09 1.88 0.21
GPT-4.1 0.895 0.44 0.90 0.60 2.30 2.13 0.17 0.90 0.62 2.13 1.94 0.19
Gemini-2.5-pro 0.925 0.42 0.86 0.57 2.19 1.90 0.29 0.89 0.91 2.15 1.61 0.54
Mistral-medium-3 0.81 0.57 0.81 0.56 2.01 2.07 -0.06 0.80 0.81 1.91 1.64 0.27
Claude-sonnet-4 0.965 0.51 0.95 0.69 2.30 2.06 0.24 0.89 0.91 2.01 1.77 0.24
Llama-3.3-70B-Instruct 0.795 0.51 0.83 0.43 2.07 1.97 0.10 0.86 0.90 2.06 2.12 -0.06

Table 24: Human baseline and model performance on the 400-sample subset.
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