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Abstract

The rapid advancement of large language mod-
els (LLMs) has driven the deployment of LLM-
based AI tutors on online learning platforms.
This widespread adoption highlights an urgent
need for systematic benchmarks to evaluate
their tutoring capabilities. However, existing
evaluations predominantly focus on isolated,
short-term interactions, overlooking the inher-
ently long-term nature of learning. To bridge
this gap, we introduce LongTutor, a benchmark
for long-term personalized tutoring grounded in
formative assessment theory. Built from expert-
annotated real-world learning logs, LongTu-
tor evaluates LLMs across three progressive
tasks: historical evidence acquisition, knowl-
edge state diagnosis, and adaptive teaching
action. Our experiments reveal a critical ca-
pability mismatch: while LLMs excel at evi-
dence acquisition, they struggle to effectively
leverage long-term history for accurate diagno-
sis and adaptive teaching. To enable scalable
benchmark expansion, we further propose an
automated generator–verifier pipeline, paving
the way toward truly long-term AI tutoring
systems. We release our code and dataset at
https://github.com/liano3/LongTutor.

1 Introduction

The rapid advancement of large language models
(LLMs) has significantly empowered intelligent ed-
ucation (Kasneci et al., 2023; Xi et al., 2025; Chu
et al., 2025), leading many online learning plat-
forms, such as Khanmigo1, Duolingo2 and iFLY-
TEK3, to deploy LLM-based AI tutors that guide
students through the learning process rather than
simply providing answers. Specifically, the AI tu-
tor should provide targeted guidance to assist stu-
dents when they provide incorrect answers. Along-

*Corresponding author.
1https://khanmigo.ai/
2https://www.duolingo.com/
3https://edu.iflytek.com/

Time: 2025-10-11
Problem: (Wood Cutting) A 10m log
is sawn into 5 sections. How many
cuts are needed? (5-1)
KC: Interval Logic
Status: ✔ Correct

Time: 2025-10-22
Problem: (Stair Climbing) Xiao
Ming goes from 1st to 5th floor. How
many intervals are climbed? (5-1)
KC: Interval Applications
Status: ✘ Incorrect

Transfer Deficit: isomorphic problem
"Wood Cutting" -> "Stair Climbing"

To find the number of flights of stairs,
you need to subtract the starting floor
from the ending floor. The formula is:
Intervals = End - Start. Therefore, 5
- 1 = 4 flights.

Don't be tricked! This is like the Wood
Cutting problem. You are climbing 4
flights of stairs (the 'intervals'), not 5.

Long-Term History

Current Error

Evidence

Diagnosis

Teaching

Figure 1: Illustration of long-term personalized tutor-
ing. The system leverages the student’s mastery of the
"Wood Cutting" problem (11 days prior) to teach an iso-
morphic "Stair Climbing" problem (current). Unlike the
context-isolated response (Left) which offers generic
advice, the personalized tutoring (Right) explicitly ref-
erences the user’s specific history to facilitate effective
analogical transfer.

side the growing adoption of these tutoring sys-
tems, there is a rising need to systematically eval-
uate their tutoring capabilities. To this end, the
research community has proposed a variety of ed-
ucational benchmarks. In particular, specialized
datasets such as MathDial (Macina et al., 2023) em-
phasize multi-turn instructional scaffolding (Wood
et al., 1976), while MathTutorBench (Macina et al.,
2025) assess a broader spectrum of instructional
competencies, ranging from error localization to
the application of teaching strategies.

However, a critical gap exists in current bench-
marks: they predominantly evaluate tutoring as
isolated, short-term sessions, overlooking the vital
role of long-term learning histories (Corbett and
Anderson, 1994), which is defined as a chrono-
logical sequence of a student’s problem-solving
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records. According to formative assessment the-
ory (Black and Wiliam, 1998), effective tutoring
should leverage students’ long-term learning his-
tory and follow an Evidence–Diagnosis–Teaching
paradigm (VanLehn, 2006). In this work, we
focus on structured, verifiable subjects such as
mathematics, where these latent states and down-
stream teaching outcomes can be annotated with
high reliability. As illustrated in Figure 1, rather
than providing generic, context-isolated hints for
a "Stair Climbing" problem, the tutor should first
elicit evidence (a prior successful experience on
the structurally analogous "Wood Cutting" prob-
lem, 11 days prior) from the student’s long-term
learning history. Based on this evidence, the tu-
tor diagnoses the student’s current knowledge state
as Transfer Deficit, which means failure to recog-
nize the shared structure between the two problems.
Guided by this diagnosis, the tutor adapts its teach-
ing by linking current difficulties to prior experi-
ences, thereby scaffolding new understanding onto
existing knowledge.

Aligned with the Evidence–Diagnosis–Teaching
paradigm, we introduce LongTutor, the first bench-
mark dedicated to long-term personalized tutoring.
It contains three progressive tasks: (1) Evidence
Acquisition tests the tutor’s fundamental ability to
acquire related evidences from long-term history
as the basis for diagnosis, including information
extraction (e.g., question text, knowledge points)
from single records, multi-session reasoning across
multiple interactions (Wei et al., 2022) (e.g., num-
ber of questions done in a specific day), and hallu-
cination checks to prevent fabrication (Zhang et al.,
2025a) (e.g., trap questions with false premises).
(2) State Diagnosis evaluates the tutor’s analyt-
ical ability to perform cognitive inference, root-
ing student’s current error to specific knowledge
states (e.g., conceptual gap), which aligned with
the Knowledge Dimensions of the Revised Bloom’s
Taxonomy (Anderson and Krathwohl, 2001). (3)
Teaching Action assesses the tutor’s ability to scaf-
fold the problem-solving process using adaptive
teaching strategies (e.g., analogical transfer (Gick
and Holyoak, 1980)) that are derived from the ac-
quired evidence and diagnosed knowledge states.

Conducting effective evaluation on these tasks
requires long-term student learning trajectories
paired with high-quality diagnostic and instruc-
tional annotations. However, such data are ex-
tremely scarce. While existing datasets like
MoocRadar (Yu et al., 2023) and XES3G5M (Liu

et al., 2023b) contain long-term histories (i.e., se-
quences of problem-solving records containing
problem texts and timestamps), they lack the fine-
grained expert labels necessary to assess state diag-
nosis and teaching actions.

To address the data scarcity challenge, we
enriched real-world problem-solving logs (from
XES3G5M (Liu et al., 2023b)) through human
expert annotation. To ensure the reliability of
the ground truth, we adhered to a rigorous qual-
ity control protocol involving independent dual-
expert labeling followed by adjudication. This pro-
cess yielded a high inter-annotator agreement (with
Cohen’s Kappa = 0.90), confirming the trustwor-
thiness of our labels. Consequently, this expert-
annotated dataset serves as the core test set within
our benchmark.

Using this benchmark to evaluate mainstream
LLMs, we observe a distinct performance gap:
while models demonstrate proficiency in basic evi-
dence acquisition, they struggle significantly with
the more complex tasks of state diagnosis and
teaching action. This reveals that current LLMs
fail to effectively leverage students’ learning histo-
ries for long-term personalized tutoring, indicating
substantial room for improvement. Crucially, these
findings underscore the significance of our bench-
mark in advancing personalized education.

Moreover, as the annotation process is labor-
intensive and time-consuming, we propose an auto-
mated generator–verifier pipeline to support scal-
able expansion across larger datasets and multiple
subject domains. The pipeline synthesizes high-
quality data from raw logs and demonstrates strong
label and ranking consistency against human anno-
tations (Cohen’s Kappa = 0.81), providing a reli-
able and low-cost path for benchmark expansion.

2 Related Work

2.1 Benchmarks for LLMs in Education

The evaluation of LLMs in education has tran-
sitioned from assessing standardized problem-
solving to evaluating pedagogical efficacy. Initially,
benchmarks like GSM8K (Cobbe et al., 2021),
MATH (Hendrycks et al., 2021) and LILA (Mishra
et al., 2022) focused on the model’s foundational
reasoning capabilities. As LLMs demonstrated
potential as tutors, the research focus expanded
to their instructional roles. Datasets such as
CIMA (Stasaski et al., 2020), MathDial (Macina
et al., 2023) and SocraTeach (Liu et al., 2024b)

29713



Benchmark/Dataset Domain Statistics Data Capabilities

# Sess. # Q L.T. History Diag. Label Teach. Label

General Long-Context
LOCOMO (Maharana et al., 2024) Open-Domain 1k 7.5k ✓ ✗ ✗
LongMemEval (Wu et al., 2025) Assistant 50k 500 ✓ ✗ ✗

Educational Dialogue
MathDial (Macina et al., 2023) Math Tutoring 2.9k - ✗ ✗ ✓
SocraTeach (Liu et al., 2024b) Math Tutoring 35k 1.4k ✗ ✗ ✓
MathTutorBench (Macina et al., 2025) Math Tutoring 4.5k 9.1k ✗ ✓ ✓
EduBench (Xu et al., 2025) General Edu 4k 4k ✗ ✗ ✓

Knowledge Tracing
MoocRadar (Yu et al., 2023) University MOOCs 14k - ✓ ✗ ✗

XES3G5M (Liu et al., 2023b) Math Practice Logs 3.6k - ✓ ✓† ✗

LongTutor (Ours) Adaptive Tutoring 4.2k 21k ✓ ✓ ✓

Table 1: Comparison of LongTutor with existing datasets. # Sess.: Total number of dialogue sessions or student’s
problem-solving sequences. # Q: Total number of questions or test samples. L.T. History: Whether the dataset
provides long-term student interaction history (sequences of problem-solving records). Diag. Label: Availability of
fine-grained diagnosis annotations (e.g., knowledge states, misconceptions). Teach. Label: Availability of adaptive
teaching strategy or action annotations. †: Diagnosis is limited to binary correctness labels rather than semantic
cognitive reasoning.

assess the ability to provide multi-turn scaffolding,
while benchmarks like MathTutorBench (Macina
et al., 2025) and EduBench (Xu et al., 2025) eval-
uate a wider spectrum of competencies, ranging
from mistake location to pedagogical application.

However, a critical gap remains: these bench-
marks predominantly treat tutoring as isolated snap-
shots. They overlook the long-term nature of learn-
ing, bypassing the complex requirement of mining
a student’s history to infer latent knowledge states.
While datasets like MoocRadar (Yu et al., 2023)
and XES3G5M (Liu et al., 2023b) contain stu-
dents’ long-term learning histories (i.e., sequences
of problem-solving records with timestamps), they
lack the fine-grained diagnostic labels (e.g., concep-
tual gap) and teaching action annotations necessary
to assess the long-term personalized tutoring abil-
ity. This diagnostic step is also closely related to
the broader literature on cognitive diagnosis, which
studies how to infer latent learner states from re-
sponse histories (Wang et al., 2024).

2.2 Long-Term Interaction Benchmarks

Beyond the educational domain, evaluating LLMs
in long-term scenarios has become a critical
research direction. In open-domain dialogue,
benchmarks like MSC (Multi-Session Chat) (Xu
et al., 2022) evaluate the model’s ability to
maintain persona consistency across disparate
sessions. Similarly, long-context benchmarks
like LOCOMO (Maharana et al., 2024), In-
finiteBench (Zhang et al., 2024) and Long-

MemEval (Wu et al., 2025) test the model’s ca-
pacity to process and reason over extended histor-
ical inputs, often utilizing "needle-in-a-haystack"
retrieval tasks (Liu et al., 2024c).

Despite these advancements, a significant mis-
alignment exists between these open-domain
benchmarks and the requirements of educational
tutoring. These benchmarks typically focus on in-
formation retention (e.g., recalling a user’s past
statement), but tutoring requires inferring latent
knowledge states and take teaching action.

3 LongTutor Benchmark

In this section, we formally define the task of long-
term personalized tutoring and detail the construc-
tion of LongTutor. As illustrated in Figure 2, our
benchmark structures the evaluation around three
capabilities: evidence acquisition, state diagnosis,
and teaching action.

3.1 Task Formulation
We formulate the long-term personalized tutoring
as a sequential process grounded in a student’s long-
term history. Let Ht = {h1, h2, . . . , ht−1} denote
the student’s learning history, where each record
hi = (qi, ki, τi, ci) consists of the question text qi,
associated knowledge points ki, a timestamp τi,
and the binary correctness label ci ∈ {0, 1}. At the
current timestamp t, the student encounters a new
problem qt and commits an error. The model M is
evaluated with three progressive tasks: produce ev-
idence query answers Aevi, diagnostic knowledge
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(1) Evidence Acquisition
Information Extraction

[2025-10-11] Q[136] (Difficulty: High) :
"Calculate the area of
the parallelograms..."  ✔ Correct

Q: What is the content of question[136]?

A: There is a parallelogram in the figure
below.

Multi-session Reasoning
[2025-10-11] Q[152] (Difficulty: High) 
"...parallelograms..." ✔ Correct
[2025-10-11] Q[136] (Difficulty: High) 
"...parallelograms..." ✔ Correct

Q: How many questions related to
"parallelogram" did the student attempt on 2025-
10-11?

A: 2 questions

Hallucination Check

[2025-10-11] Q[114] (Difficulty: High)
"...triangle area..." ✔ Correct

Q: Does the student correctly answer the
question[114] about "parallelograms"?

A: Unknown

(2) State Diagnosis

[2025-10-22] Q[Current] (Low Difficulty):
"...parallelograms..." ✘ Incorrect

Diagnosis: Recall Failure Strategy: Retrieval Practice

Reasoning Process

Evidence from Q[152] Q[136] shows that the student was highly
proficient in parallelogram. However, after an 11-day interval
without practice, the student failed this basic question today.
This indicates recall failure (forgetting).

(3) Teaching Action
Generated Feedback

It's a pity you missed this one! Do you remember how
well you did a week ago (May 22) when you successfully
solved that complex parallelogram question [1366]?

Try to recall: what is the formula for the area of a
parallelogram? Which two key lengths are multiplied?
Look at the base and height given in this question again
—I'm sure you can remember it!

Figure 2: Overview of the three-level evaluation tasks in LongTutor. (1) Evidence Acquisition tests the model’s
ability to extract facts, reason across multiple sessions, and detect hallucinations. (2) State Diagnosis evaluates
the inference of student states by analyzing the learner’s history. (3) Teaching Action assesses the generation of
personalized feedback that explicitly leverages these diagnostic insights.

state label ydiag, and teaching response Rint.

Task 1: Evidence Acquisition. The prerequi-
site for personalized tutoring is a robust under-
standing of the student’s long-term history. To
ensure subsequent diagnoses are grounded in fact
rather than hallucination, this task evaluates the
ability to acquire historical information across three
dimensions: (1) Information Extraction targets
specific details within a single record, (2) Multi-
session Reasoning requires aggregating patterns
across multiple interactions, and (3) Hallucination
Check tests the robustness against false premises.
As shown in Figure 2, the model must extract
the problem text from Q[136], count the "paral-
lelogram" questions on 2025-10-11 by combining
records Q[152] and Q[136], and correctly output
"Unknown" for Q[114] when queried with a mis-
matched topic (parallelograms vs. triangles). These
probes operationalize trace-level grounding under
information overload, rather than serving as stan-
dalone IR exercises.

Task 2: State Diagnosis. Once the evidence is
acquired, the model diagnoses the student’s latent
knowledge state to identify why the error occurred
to support adaptive teaching action. We formu-
late this as a multi-class classification task. To

ensure pedagogical rigor, we ground our diagnostic
framework in the Revised Bloom’s Taxonomy (An-
derson and Krathwohl, 2001), which categorizes
knowledge into four dimensions: Factual, Concep-
tual, Procedural, and Metacognitive. We map these
dimensions to a specific label set: Y = {Recall Fail-
ure, Conceptual Gap, Procedural Error, Transfer
Deficit}. This task requires the model to predict
the correct diagnosis label ydiag ∈ Y based on his-
torical evidence, thereby dictating the subsequent
teaching action. Detailed definitions and symp-
tomatic descriptions of this taxonomy are provided
in Appendix D.

Task 3: Teaching Action. Finally, the ultimate
objective is to translate the diagnostic insight into
an effective teaching action. This task evaluates
whether the model can generate a teaching response
Rint explicitly leveraging the student’s long-term
learning history and executing history-aware teach-
ing strategies. For instance, as shown in Figure 2,
the model observes that the student has a Recall
Failure on a basic parallelogram question after
an 11-day interval of successful practice on com-
plex ones. The generated response directly refer-
ences the student’s past success on a complex par-
allelogram problem (Q[136]) from 11 days prior,
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employs a Retrieval Practice (Roediger III and
Karpicke, 2006) strategy by asking the student to
recall the formula.

3.2 Evaluation Protocols
We propose a multi-dimensional evaluation proto-
col suite corresponding to the three subtasks. De-
tailed definitions and calculation formulas are pro-
vided in Appendix G.

Evidence Acquisition. We evaluate retrieval pre-
cision using Semantic Accuracy (SA). This metric
extends standard Exact Match (EM) by incorporat-
ing an LLM-based semantic equivalence check to
account for correct answers that are paraphrased.

State Diagnosis. We treat state diagnosis as a
multi-class classification task. To address potential
class imbalances among cognitive states, we pri-
marily report the Macro-F1 Score. We also provide
Accuracy for a comprehensive performance view.

Teaching Action. Due to the open-ended nature
of teaching, we adopt a dual-view evaluation. We
report ROUGE-L (Lin, 2004) only as a supple-
mentary lexical-overlap reference, since pedagogi-
cally strong responses need not match the reference
wording. Our primary assessment uses an LLM-
as-a-Judge framework (Liu et al., 2023a; Zheng
et al., 2023) with an instance-specific pedagogi-
cal rubric. Specifically, the judge evaluates each
response based on four dimensions: (i) History Uti-
lization measures how effectively the model lever-
ages the student’s learning history; (ii) Strategy
Alignment assesses whether the feedback adheres
to the diagnosed teaching strategy (Shute, 2008);
(iii) Coherence evaluates the logical structure and
linguistic clarity of the response; and (iv) Appro-
priateness examines whether the difficulty are ap-
propriate (Vygotsky, 1978).

3.3 Data Annotation
To construct reliable evaluation for long-term per-
sonalized tutoring, we curate a human-annotated
dataset with ground-truth labels for the three tasks.

Data Preparation. The proposed tasks necessi-
tate detailed problem texts for semantic evidence
acquisition and timestamps for tracking tempo-
ral dynamics (e.g., forgetting behaviors). Con-
sequently, we build upon XES3G5M (Liu et al.,
2023b), a dataset of real-world primary school
mathematics problem-solving sequences. To en-
sure long-term history, we filter for sequences with

length L > 200 and a span exceeding 7 days. This
yields 3,437 structured histories, from which 1,000
samples were randomly selected for manual anno-
tation as our gold-standard test set.

Annotation Protocol. To ensure the highest stan-
dard of pedagogical validity, we recruited three
highly qualified domain experts, all holding ad-
vanced degrees in Education and possessing pro-
found theoretical knowledge alongside practical
teaching experience. Following established anno-
tation practices (Klie et al., 2024; Macina et al.,
2023), we employ a rigorous protocol involving in-
dependent dual expert annotation followed by adju-
dication to ensure label reliability. Specifically, two
experts independently labeled each sample to pro-
duce evidence Q&A, diagnostic labels, and teach-
ing actions. Any discrepancies were subsequently
reviewed and resolved by the third senior expert
to establish the final gold standard. Please refer to
Appendix E for the detailed procedures.

Quality Validation. To quantitatively assess la-
bel reliability, we computed Cohen’s Kappa (κ)
between the two primary experts over the entire
dataset. The resulting agreement score for diagnos-
tic labels was κ = 0.90, indicating an exceptional
level of consistency. The third senior expert was
involved solely for adjudication, ensuring that the
final ground truth strictly aligns with pedagogical
standards. Illustrative samples covering all four
diagnostic categories are provided in Appendix F.

3.4 Dataset Analysis

Figure 3 summarizes the statistics of the human-
annotated set. As shown in Figure 3(a), diagnostic
labels are imbalanced, with Procedural Error and
Recall Failure being the most frequent. This indi-
cates that most students’ errors come from the ap-
plication of knowledge and forgetting. Figure 3(b)
shows the distribution of students’ historical accu-
racy, covering a variety of proficiency range.

4 Experiments

4.1 Experimental Setup

Models. We evaluate a diverse set of LLMs span-
ning three categories: (1) Closed-source models
(e.g., GPT and Gemini families); (2) Open-source
General models, covering leading architectures like
Llama (Grattafiori et al., 2024), Qwen (Yang et al.,
2025), GLM (Du et al., 2022), and DeepSeek (Liu
et al., 2024a); (3) Education-Specialized models,
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Model Task 1: Evidence Task 2: Diagnosis Task 3: Teaching

IE MR HC Avg. Acc F1 R-L Hist. Strat. Coher. Appr. Avg.

Closed-Source General
Gemini-2.5-Pro 97.0 62.8 87.0 82.3 42.0 39.7 38.1 2.8 4.0 5.0 4.9 4.2
Gemini-2.5-Flash 95.6 57.8 84.4 79.3 46.2 28.1 34.8 2.3 3.6 4.9 4.7 3.9
GPT-5 93.4 31.2 79.0 67.9 40.0 32.2 29.4 1.4 2.4 4.5 3.9 3.1
GPT-5-Mini 77.0 27.8 82.2 62.3 47.4 29.4 29.3 1.2 2.1 4.4 3.7 2.9

Open-Source General
Llama-3.1-8B-Instruct 51.6 12.2 21.0 28.3 19.0 8.0 1.9 1.0 1.0 1.2 1.2 1.1
Llama-4-Scout 52.0 10.6 37.2 33.3 40.0 15.1 25.0 1.0 1.4 3.3 3.0 2.2
Qwen2.5-7B-Instruct 65.4 13.2 33.2 37.3 40.8 16.6 26.2 1.0 1.6 3.1 3.0 2.2
Qwen3-8B 78.6 16.8 35.0 43.5 34.8 16.0 25.6 1.2 1.7 3.5 3.2 2.4
DeepSeek-V3.2 93.2 34.8 78.6 68.9 26.2 24.7 33.1 2.9 3.0 4.7 4.6 3.8
GLM-4.6 91.4 31.2 79.6 67.4 36.2 27.5 36.5 1.3 2.3 4.7 4.4 3.2

Education-Specialized
EDU-Qwen2.5-7B 59.6 9.3 17.7 28.9 26.6 13.1 25.3 1.0 1.4 2.4 2.3 1.8
EduChat-R1-8B 71.6 13.2 14.8 33.2 23.8 11.6 8.9 1.1 1.3 2.4 2.3 1.8
EduChat-7B 49.4 7.2 17.4 24.7 49.4 13.8 11.7 1.0 1.2 2.3 2.3 1.7

Table 2: Main evaluation results on the LongTutor Golden Set. Bold denotes the best performance within each
category. Metrics are organized by task: (i) Evidence Acquisition (IE: Information Extraction, MR: Multi-session
Reasoning, HC: Hallucination Check); (ii) State Diagnosis (Acc, F1); and (iii) Teaching Action (supplementary
R-L: ROUGE-L, and primary Judge scores: Hist., Strat., Coher., Appr.). Avg. columns denote the mean scores for
Evidence and Teaching tasks, respectively.
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Figure 3: Statistics of LongTutor. (a) Distribution of di-
agnosis categories, dominated by procedural errors and
transfer deficits. (b) Distribution of historical accuracy.
The skew towards higher accuracy reflects the selection
bias inherent in long-term active learners.

including EduChat (Dan et al., 2023) and education-
tuned variants. All evaluations are conducted in a
zero-shot setting (Brown et al., 2020). We employ
Gemini-3-Flash as the judge for the teaching action
task. Please refer to Appendix H for detailed imple-
mentation specifications, hardware configurations,
and inference hyper-parameters.

4.2 Main Results

Table 2 presents the comparative results on the
LongTutor benchmark. Aligned with our three
evaluation dimensions, we highlight the follow-
ing key findings. For supplementary analysis (e.g.,
instruction following issues) and performance met-

rics of additional open-source models, please refer
to Appendix I and Table 7.

Evidence Acquisition: The Reasoning Gap.
While models generally exhibit proficiency in
surface-level retrieval, they struggle significantly
with reasoning over long contexts. As shown in Ta-
ble 2, top-tier models like Gemini-2.5-Pro achieve
near-perfect scores in information extraction (IE:
97.0%), yet their performance drops precipitously
in multi-session reasoning (MR: 62.8%). This gap
is even more pronounced in open-source models
(e.g., Llama-3.1 drops from 51.6% to 12.2%), re-
vealing that current LLMs rely heavily on local
pattern matching rather than synthesizing global in-
formation. Furthermore, the varying performance
on hallucination check (HC) indicates that distinct
memory boundaries remain a challenge, with mod-
els often fabricating details when evidence is ab-
sent.

State Diagnosis: A Universal Challenge. The
task of inferring latent knowledge states proves to
be exceptionally difficult. We observe a universal
underperformance across all models, with even the
strongest closed-source model (Gemini-2.5-Pro)
achieving a Macro-F1 of only 39.7%. Most open-
source models struggle to surpass 20% F1. This
low baseline underscores the high research value of
the state diagnosis task: unlike standard QA, cor-
rectly identifying specific knowledge states (e.g.,
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differentiating a conceptual gap from a procedural
error) requires a depth of cognitive modeling that
current general-purpose LLMs have yet to master.

Teaching Action: The History Deficit and Spe-
cialization Tax. In the final teaching action stage,
most models fail to effectively leverage histori-
cal evidence to personalize teaching. The His-
tory Utilization (Hist.) scores are consistently
low (mostly < 2.0 on a 5-point scale), indicat-
ing that generated feedback is often generic rather
than tailored to the student’s long-term learning
history. Notably, we observe a "Specialization
Tax": education-specific models (e.g., EduChat-7B,
EDU-Qwen-2.5-7B) consistently lag behind their
base model (e.g., Qwen2.5-7B) in all tasks. For
instance, EDU-Qwen2.5-7B scores significantly
lower in evidence acquisition (28.9 vs. 37.3) and
teaching Action (1.8 vs. 2.2) compared to its base
model. This suggests that current domain-specific
fine-tuning (e.g., short-form or instruction-dense
datasets) may inadvertently erode the models’ in-
herent long-context robustness.

Diagnosis Failure Modes: A Fine-grained View.
Beyond the overall F1 scores, we identify three
distinct failure patterns that hinder effective state
diagnosis: Category Collapse, where models (e.g.,
GLM-4.6) completely fail to identify specific
knowledge states like Recall Failure; Diagnostic
Hallucination, characterized by aggressive over-
prediction of complex states like Transfer Deficits;
and a pervasive Majority Class Bias. These pat-
terns suggest that current models lack the nuance
required for high-stakes pedagogical reasoning. A
comprehensive breakdown of these model-specific
issues is provided in Appendix I.2.

Qualitative Analysis. Appendix I.3 presents a
case comparison between GPT-5 and GPT-5-mini,
illustrating how identifying a Transfer Deficit en-
ables significantly lower cognitive load for the stu-
dent.

4.3 Evaluation Validity and Task Dependency

We conducted four additional analyses to test
the benchmark. First, on a stratified sample of
100 teaching responses, the rubric-based judge
shows strong agreement with human experts (over-
all Spearman’s ρ = 0.87, 92% within ±1 point;
Table 9), supporting the reliability of LLM-as-a-
Judge for constrained pedagogical verification. Sec-
ond, in an agent-based interactive simulation where

Configuration Evidence (T1) Diagnosis (T2) Teaching (T3)

Acc. ∆ F1 ∆ Score ∆

Gemini-2.5-Flash (Base) 79.3 - 28.1 - 3.88 -

History Type
w/ Short History 47.3 -32.0 27.0 -1.1 4.00 +0.12
w/ Filtered History 87.9 +8.6 32.3 +4.2 3.90 +0.02

Feature Augmentation
w/ Statistical Features 79.2 -0.1 49.2 +21.1 3.90 +0.02

Instruction Strategies
w/ Teaching Instructions 78.0 -1.3 28.7 +0.6 4.63 +0.75

Table 3: Sensitivity analysis of input using Gemini-
2.5-Flash. We report performance on three tasks (T1,
T2, T3) and changes (∆) relative to the baseline. Bold
indicates the best performance in each column; colors
denote improvement or decline.

a fixed GPT-5 student model is initialized with
the gold cognitive state, our static Teaching Score
strongly correlates with the resulting Teaching Suc-
cess Rate (TSR) achieved within three turns (Spear-
man’s ρ = 0.90; Table 8), indicating that the static
benchmark captures more than stylistic imitation.

Third, we quantify the dependency between Di-
agnosis and Teaching by replacing the gold diagno-
sis with model-predicted diagnoses before genera-
tion. Teaching quality drops from 4.6 to 3.9, and
model-level Diagnosis F1 correlates with Teach-
ing Score at ρ = 0.88 (Table 10), confirming
that downstream teaching depends on accurate up-
stream diagnosis. Finally, a Top-20 semantic RAG
baseline underperforms full-history conditioning
on all three tasks (Evidence: 74.2 vs. 79.3; Diagno-
sis: 21.4 vs. 28.1; Teaching: 3.3 vs. 3.9; Table 11),
suggesting that long-term tutoring is not a pure
retrieval problem: temporal continuity and error
trajectories matter.

4.4 Analysis of Long-term History

To understand how long-term history influences
tutoring effectiveness, we conducted a sensitivity
analysis on Gemini-2.5-Flash across three dimen-
sions: history type, feature augmentation, and in-
struction strategy. The detailed configuration def-
initions are provided in Appendix J. The quanti-
tative results, summarized in Table 3, lead to the
following key findings.

The Trade-off Between Recall and Reasoning.
Truncating to short history (L = 20) reveals a sig-
nificant trade-off: while it causes a severe degrada-
tion in evidence acquisition capabilities (dropping
from 79.3 to 47.3), the teaching score surprisingly
improves (∆+0.12). This suggests that while long
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context is indispensable for evidence acquisition, it
may introduce noise that distracts the model during
the generation of teaching response. In contrast,
Filtered History (only contains historical records
sharing the same knowledge points as the target
problem) achieves the best, boosting evidence ac-
quisition to 87.9 (∆+ 8.6) and diagnosis to 32.3
(∆ + 4.2) by filtering out irrelevant noise while
retaining semantic continuity.

The Critical Role of Statistical Features. The
most striking observation for the state diagnosis
task is the massive gain from incorporating statisti-
cal features. This configuration achieves a Macro-
F1 of 49.2, outperforming the baseline by +21.1
points. This demonstrates that models struggle
to implicitly infer knowledge states from raw tex-
tual logs, but explicitly prepending statistical sum-
maries acts as a powerful scaffold, bridging the
reasoning gap.

Impact of Instructional Detail. Incorporating
detailed teaching instructions proves to be the de-
cisive factor for the teaching action task. Explicit
guidance on teaching strategies boosts the teaching
score from 3.88 to 4.63 (∆+ 0.75). This indicates
that fine-grained instructions are necessary to align
the model’s output with high-quality educational
standards, ensuring the response is not just correct
but also pedagogically effective.

5 Scalable Expansion

5.1 Automated Pipeline

Reliance on manual expert annotation imposes a
severe bottleneck on both data scale and domain
adaptability. Recent work has explored using gen-
erative agents to synthesize learner responses for
intelligent education systems (Gao et al., 2025). To
overcome this bottleneck in benchmark construc-
tion, we propose an automated generator-verifier
pipeline that mirrors the rigorous human expert
annotation protocol (Park et al., 2023). The over-
all architecture and workflow of this pipeline are
illustrated in Figure 4.

Generator (The Annotator). Simulating the
role of an expert annotator, the Generator trans-
forms raw interaction logs into candidate bench-
marks. To enhance diagnostic precision and miti-
gate interference from irrelevant noise, we refine
the long-context input by selecting only histor-
ical records with overlapping knowledge points

Generation Phase Verification Phase

Generator Agent Verifier Agent

Related History

Structured
Prompt
(Constraints,
Bloom's,
Guidelines)

Audit Criteria
(Fact, Logic,
Pedagogy)

Diagnostic Schema Intervention Strategy

Transfer Deficit

Procedural Error

Conceptual Gap

Recall Failure

Analogical Transfer

Stepwise Scaffolding

Conceptual Explanation

Retrieval
Practice

Statistical
Features

Figure 4: Overview of the scalable annotation pipeline.
The upper panel illustrates the generator-verifier archi-
tecture, where the Generator synthesizes data from re-
lated history and statistical features, followed by a rig-
orous audit by the Verifier. The lower panel details the
Diagnostic Schema, which maps knowledge states to
targeted teaching strategies.

and augmenting them with statistical features (e.g.,
question error rates and recent accuracy). Both re-
finements are grounded in the empirical findings
from Section 4.4. This setting is materially eas-
ier than the benchmark’s raw zero-shot diagnosis
task: the Generator receives filtered histories and
explicit statistical features, while the Verifier only
needs to audit and repair a structured draft instead
of generating labels from scratch.

Verifier (The Adjudicator). To ensure align-
ment with human standards, the Verifier acts as
the senior adjudicator. It rigorously audits the Gen-
erator’s output against the raw history, checking for
three dimensions defined in our manual protocol:
factual consistency, diagnostic logic, and teaching
validity. Upon detecting discrepancies, the Verifier
refines the data to meet the criteria. This separation
of roles explains why the pipeline can produce re-
liable silver data even though zero-shot diagnosis
remains challenging for individual models.

5.2 Data Quality Validation

To validate the reliability of this pipeline, we con-
ducted an agreement study on a random sample
of 100 instances against human ground truth. Our
selected configuration (GPT-5 + Gemini-3-Flash)
achieved a Cohen’s Kappa of 0.81 and an accuracy
of 87%, matching the qualitative reliability tier of
human experts ("Almost Perfect" agreement). As
detailed in Table 12, this pipeline significantly out-
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Task Evidence Diagnosis Teaching

Spearman’s ρ 1.00 0.90 1.00
Kendall’s τ 1.00 0.80 1.00

Table 4: Rank-order consistency between Gold and
Synthetic sets across tasks. High correlation indicates
that model rankings are preserved across data types.

performs single-model baselines (e.g., GPT-5 alone
achieved only κ = 0.61), demonstrating the neces-
sity of the cross-verification.

5.3 Evaluation Consistency Validation
The utility of our automated pipeline lies in its abil-
ity to serve as a reliable and low-cost proxy for
human-annotated benchmark. To validate this, we
generated a synthetic set (LongTutor-Synth, 2,437
instances) and compared model rankings against
the human-annotated gold standard (LongTutor-
Gold). As shown in Table 4, the pipeline demon-
strates exceptional fidelity, achieving perfect rank
alignment (Spearman’s ρ = 1.00) for evidence
acquisition and teaching action tasks, and strong
consistency (ρ = 0.90) for state diagnosis. This
confirms that the synthetic evaluations preserve the
relative performance of models observed in human
annotations. Detailed per-model scores are pro-
vided in Appendix K.

Finally, to mitigate concerns regarding domain
specificity and enrich community resources, we ap-
plied the pipeline to a completely different data
source, MoocRadar (Yu et al., 2023), covering
university-level Mooc scenarios. This resulted in
the release of 729 high-quality instances, validat-
ing the pipeline’s adaptability to varied educational
contexts and providing a more diverse benchmark
for future research.

6 Conclusion

We presented LongTutor, the first benchmark eval-
uating LLMs on long-term personalized tutoring
via an Evidence–Diagnosis–Teaching framework.
Unlike existing single-session evaluations, Long-
Tutor assesses LLMs on utilizing learning histo-
ries for personalized tutoring. Our experiments
reveal a significant gap: while LLMs excel at his-
torical evidence acquisition, they struggle to trans-
late evidence into accurate diagnoses and adaptive
teaching, indicating that retrieval capability alone
is insufficient. Additionally, we validated a gener-
ator–verifier pipeline to address data scarcity. We
hope LongTutor fosters the development of AI tu-

tors that can harness the full potential of long-term
learning history to provide truly personalized and
pedagogically intelligent guidance.

Limitations

While LongTutor provides a robust framework for
long-term personalized tutoring evaluation, several
limitations remain. First, our current focus is pri-
marily on mathematics, where errors follow clear
logical patterns; the applicability of our framework
to subjective disciplines like creative writing re-
mains to be explored. Second, despite our recip-
rocal verification mechanism, the synthetic data
generated by frontier models may still harbor sub-
tle inductive biases or specific pedagogical pref-
erences that differ from diverse human teaching
styles. Finally, our benchmark evaluates static his-
torical snapshots rather than dynamic, real-time in-
teractions, and the long-term scope is currently con-
strained by model context windows. Future work
will aim to address these issues by incorporating
interactive simulators and more efficient memory
architectures for extensive student histories.
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A Dataset Card & License

We explicitly state that all artifacts are released
for research purposes. The dataset content, de-
rived from XES3G5M (Liu et al., 2023b) and
MoocRadar (Yu et al., 2023), is compatible with the
CC-BY 4.0 license as it involves significant human
annotation and refinement. Details are provided in
Table 5.

B Potential Risks

First, although we adopt expert annotation and a
generator–verifier pipeline, synthetic data may still
reflect biases or pedagogical preferences of the
underlying LLMs. Second, improper use of diag-
nostic labels without human oversight could lead to
overconfident or misleading educational feedback.
Third, future deployments should also monitor sub-
group fairness and the trade-offs between fairness
and overall utility, rather than focusing solely on
average performance (Zhang et al., 2025b).

C Use of AI Assistants

We disclose the use of large language models and
AI assistants in the preparation of this work as
follows:

Writing and Polishing. AI assistants (e.g., Gem-
ini 3 Flash, ChatGPT) were used to refine the lin-
guistic quality and clarity of the manuscript. The
authors provided original drafts of the text, and the
AI models suggested improvements in grammar,

style. All AI-generated suggestions were manu-
ally reviewed, edited, and verified by the authors to
ensure technical accuracy and to prevent the intro-
duction of hallucinations.

Coding and Infrastructure. GitHub Copilot and
similar AI-driven coding assistants were utilized
during the development of the data processing
pipeline and evaluation scripts. All code logic was
rigorously tested by the authors through unit tests
and manual debugging to ensure the integrity of
the experimental results.

D State Taxonomy Details

To ensure the theoretical validity of our diagnostic
framework, we align our knowledge state labels
(Error Types) with the Knowledge Dimensions of
the Revised Bloom’s Taxonomy (Anderson and
Krathwohl, 2001). This alignment serves a dual
purpose: it provides a rigorous standard for classi-
fying student errors and directly guides the selec-
tion of the optimal teaching strategy.

Table 6 presents the comprehensive taxonomy,
detailing the definition, symptoms, and targeted
teaching strategy for each diagnostic category.

E Annotation Protocol Details

To ensure the high quality and consistency of the
LongTutor benchmark, we implemented a struc-
tured three-step annotation pipeline. As mentioned
in the main text, all steps were conducted under
independent dual expert annotation followed by ad-
judication to ensure label reliability. The specific
procedures for each task are as follows:

Step 1: Evidence Query Construction. Annota-
tors designed probing queries to rigorously evaluate
history retrieval and reasoning capabilities. These
queries were constructed to cover three distinct cat-
egories: (1) specific record queries targeting factual
details from a single interaction record; (2) cross-
session reasoning queries requiring the aggregation
of information or identification of patterns across
multiple historical sessions; and (3) hallucination
traps asking about non-existent records or absent
details, which require the model to correctly ab-
stain rather than fabricating information.

Step 2: Diagnostic State Labeling. Given the
student’s current incorrectly answered problem and
the full learning history Ht, annotators inferred the
underlying cognitive cause of the error. They as-
signed a diagnostic label based on our predefined
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Property Details

Dataset Name LongTutor
Task Domain Education, Personalized Tutoring, State Diagnosis, Teaching Action
Language Simplified Chinese (zh-CN), English

Data Statistics Total Size: 4,166 Student Interaction Sequences
• XES3G5M Source: 3,437 sequences (Math)
• MoocRadar Source: 729 sequences (MOOC/STEM)

Annotation Method • Human-Annotated (Gold): 1,000 sequences from XES3G5M.
• Model-Synthesized (Silver): 2,437 sequences from XES3G5M + 729 from MoocRadar (Generated
by LLM with strict schema constraints).

Content Type Student exercise history, Statistical features, Diagnostic labels (Recall Failure, Conceptual Gap, etc.),
Teaching Strategies, and Natural Language Feedback.

License (Data) CC-BY 4.0 (Creative Commons Attribution 4.0 International)
License (Code) MIT License (for evaluation scripts)

Table 5: Overview and Datasheet for LongTutor. This table summarizes the dataset statistics, sources, annotation
methods, and licensing terms.

Error Type (Our Label) Bloom’s Knowledge Dimension (Anderson and Krathwohl, 2001) Definition & Symptoms Targeted Strategy

Recall Failure Factual Knowledge The student has previously mastered the specific
knowledge but fails to retrieve basic elements or
terminology due to memory decay.

Retrieval Practice

Conceptual Gap Conceptual Knowledge The student demonstrates a fundamental mis-
understanding of the interrelationships among
basic elements, theories, or classifications.

Conceptual Explanation

Procedural Error Procedural Knowledge The student understands the underlying concept
but commits errors in the execution of algo-
rithms, specific techniques, or calculation steps.

Stepwise Scaffolding

Transfer Deficit Metacognitive Knowledge The student possesses the knowledge in isolation
but lacks the conditional knowledge to apply it
in novel contexts or variations.

Analogical Transfer

Table 6: The diagnostic taxonomy of LongTutor. We map our educational error types to the Knowledge Dimensions
of the Revised Bloom’s Taxonomy. This mapping guides the selection of the optimal teaching strategy. In particular,
we associate transfer deficits with metacognitive knowledge, as they reflect a lack of conditional knowledge
regarding when and how to apply known concepts across contexts.

taxonomy (see Table 6), ensuring the diagnosis
reflects the student’s knowledge state (e.g., concep-
tual gap versus recall failure) rather than just the
surface error.

Step 3: Teaching Response Drafting. Annota-
tors authored a reference golden response condi-
tioned on the assigned diagnosis. To serve as a
valid ground truth for personalized tutoring, each
response was required to explicitly leverage the stu-
dent’s learning history (e.g., referencing a similar
past mistake or a mastered concept), adhere strictly
to the prescribed teaching strategy associated with
the diagnostic label, and maintain coherence and
appropriateness with respect to the student’s profi-
ciency level.

E.1 Instructions Given to Annotators

To ensure annotation quality, we provided a com-
prehensive instruction manual to all participants.
The guidelines included: (1) Task Definitions,
which clearly outlined the three-step pipeline (Ev-
idence Query, Diagnostic Labeling, and Teaching
Response Drafting); (2) Example Gallery, show-
casing high-quality reference annotations versus
common pitfalls; and (3) Safety and Privacy Pro-
tocols, instructing annotators to flag any inappro-
priate content and avoid introducing Personally
Identifiable Information (PII) during drafting. A
dedicated training session was conducted to clarify
the nuances of our diagnostic taxonomy and the
"scaffolding" nature of the required pedagogical
responses.
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E.2 Annotator Recruitment and Payment

We recruited three expert annotators holding ad-
vanced degrees (Master’s or Ph.D.) in Education,
ensuring they possess both profound theoretical
knowledge and practical teaching experience. Par-
ticipants were compensated at a rate of 50 CNY
per hour. This rate significantly exceeds the local
minimum wage.

E.3 Data Consent

All annotators provided explicit written consent for
their contributions to be used for research purposes
and the public release of the LongTutor benchmark.
We informed all participants about the project’s
goals, the intended use of the data, and their right to
withdraw from the study at any time. All data used
for annotation were sourced from public datasets.

E.4 Ethical Considerations.

All participation was voluntary, and annotators
were informed that they could withdraw from the
project at any stage without penalty. No personal
sensitive data was collected from the annotators
during the recruitment or compensation process,
and the tasks involved no exposure to harmful or
offensive content.

F Data Examples

We present category-wise qualitative examples
from the LongTutor test set to illustrate the an-
notation of the three hierarchical tasks. Each table
corresponds to one diagnostic category defined in
Table 6. For clarity and readability, the input con-
text shown in each table is a truncated excerpt of
the full learning history, containing only interac-
tions relevant to the corresponding evaluation.

Recall Failure. Table 15 shows an illustrative
example diagnosed as Recall Failure, highlight-
ing cases where students fail to retrieve previously
mastered factual knowledge. The example demon-
strates how historical interactions are used for evi-
dence acquisition queries, diagnosis, and history-
aware teaching.

Conceptual Gap. Table 16 presents an exam-
ple labeled as Conceptual Gap, where errors stem
from misunderstandings of conceptual relation-
ships. The case illustrates how diagnostic rea-
soning and targeted conceptual explanations are
grounded in the student’s learning history.

Procedural Error. Table 17 provides an example
of Procedural Error, in which students understand
the underlying concepts but fail during procedu-
ral execution. The example highlights stepwise,
history-aware scaffolding strategies.

Transfer Deficit. Table 18 shows an example
diagnosed as Transfer Deficit, illustrating failures
to apply known knowledge in novel contexts. The
case demonstrates the use of analogical transfer
grounded in prior learning experiences.

G Metric Calculation Details

Semantic Accuracy (SA) Given a model-
generated answer â and the ground-truth evidence
a, SA is defined as:

SA(â, a) =




1,

if EM(â, a) = 1

∨G(â, a) = True
0, otherwise

(1)

where G is an LLM-based evaluator (prompted
zero-shot) that determines if â preserves the core
semantic components of a.

Macro-F1 Score For the cognitive state classi-
fication, Macro-F1 is calculated as the arithmetic
mean of per-class F1 scores:

Macro-F1 =
1

|Y|
∑

i∈Y

2 · Pi ·Ri

Pi +Ri
(2)

where Pi and Ri denote the precision and recall for
category i ∈ Y .

ROUGE-L Since the text is in Simplified Chi-
nese, we utilized jieba for word-level tokenization
before calculating these metrics to ensure accurate
overlap matching. We used the standard rouge-
score Python package for calculation. We treat
ROUGE-L as a supplementary lexical-overlap ref-
erence rather than a primary pedagogical metric.

LLM-as-a-Judge Scoring The holistic score S
for the Teaching Action task is derived from four
pedagogical dimensions D (History Utilization,
Strategy Alignment, Appropriateness, Coherence):

S =
1

|D|

|D|∑

j=1

sj , sj ∈ [1, 5] (3)

where sj represents the score assigned by the judge
for dimension j. In the main comparison table,
we report both the four dimension scores and their
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mean. Appendix I.1 further validates this rubric
against human expert scoring and dynamic tutoring
outcomes.

H Experimental Setup Details

Models. We utilized a combination of local de-
ployment and API access to evaluate the wide range
of models: (1) Open-Source Models: Sourced from
Hugging Face4. Models fitting within local mem-
ory were deployed using the vLLM library (Kwon
et al., 2023). (2) Large-Scale Models: Models
exceeding local memory limits (e.g., GLM-4.6)
were accessed via third-party cloud APIs, includ-
ing OpenRouter5 and SiliconFlow6. (3) Propri-
etary Models: Evaluated directly via their official
provider APIs.

Hardware Configuration. Local experiments
were conducted on 2×NVIDIA A100 (40GB)
GPUs, and a 16-core Intel Xeon Gold 6426Y CPU.

Inference Hyperparameters. To ensure repro-
ducibility and deterministic outputs, we applied a
uniform decoding strategy across all models: (1)
Temperature: Set to T = 0.0 to minimize ran-
domness (greedy decoding). (2) Generation Limit:
Maximum generation length set to 3,000 tokens to
accommodate long teaching responses. (3) Judge
Configuration: For the LLM-as-a-Judge evaluation
in Task 3, we utilized Gemini-3-Flash with T = 0.0
to ensure consistent scoring standards. Evaluation
is performed on each sample individually, and the
final results are reported as the average across the
entire dataset.

Input & Prompting Strategy. To simulate a re-
alistic long-term tutoring scenario, we adhere to
a standardized input protocol for all tasks: (1)
Context Window (Ht): We construct a long-term
context consisting of the student’s most recent
L = 100 practice records. Each historical record
explicitly includes the question text, associated
knowledge points, interaction timestamp, and the
correctness label (Correct/Incorrect). (2) Target
Problem: The sequence concludes with the current
incorrectly answered problem, which serves as the
target for diagnosis and teaching. (3) Prompt For-
mat: We employ a unified zero-shot prompt tem-
plate to wrap this context, instructing the model

4https://huggingface.co/
5https://openrouter.ai/
6https://cloud.siliconflow.cn/

to act as an educational expert. The exact prompt
structure is illustrated in Figure 7.

I Additional Results

Table 7 reports the evaluation results of additional
models that are not included in the main compari-
son table due to space constraints. These models
primarily consist of alternative open-source base-
lines. All models are evaluated under the same ex-
perimental protocol, inference configuration, and
evaluation metrics as described in the main paper.

Beyond the core findings presented in Sec-
tion 4.2, we provide further granular insights into
the model behaviors observed during the evalua-
tion.

Open-Source: Strong Pedagogy, Limited
Context. Chinese open-source models (e.g.,
DeepSeek-V3.2, GLM-4.6) show impressive teach-
ing quality, with Coherence and Appropriate-
ness scores competitive with closed-source lead-
ers. However, a significant gap exists in long-
context evidence acquisition (Task 1), where they
trail Gemini-2.5-Pro (Avg 68.9 vs. 82.3). This in-
dicates that while their instructional generation is
high-quality, maintaining precision over long-term
history remains a challenge.

Instruction Following Collapse in English-
Centric Models. We observe a catastrophic
breakdown in instruction following for Western-
centric models (e.g., Llama-3.1-8B) when process-
ing long-context Chinese educational histories. Un-
like native Chinese models, they struggle to adhere
to complex formatting constraints (e.g., specific
JSON schemas) under this linguistic distribution
shift, leading to near-random performance (e.g.,
Llama-3.1’s extremely low F1 of 8.0 and Teaching
Avg of 1.1).

The Accuracy-F1 Discrepancy in Diagnosis.
A significant divergence between Accuracy and
Macro-F1 is observed in weaker models. For in-
stance, EduChat-7B achieves a relatively high Ac-
curacy of 49.4% but a low F1 of 13.8%. This dis-
crepancy reveals that these models tend to predict
"safe" majority-class labels rather than accurately
identifying diverse knowledge states. In contrast,
stronger models like Gemini-2.5-Pro maintain a
more balanced performance (42.0% Acc vs. 39.7%
F1), indicating a more genuine capability.
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Model Task 1: Evidence Task 2: Diagnosis Task 3: Teaching

IE MR HC Avg. Acc F1 R-L Hist. Strat. Coher. Appr. Avg.

Additional Open-Source Models
Qwen3-14B 75.6 15.2 68.4 53.1 23.2 17.7 30.1 1.9 2.0 3.9 3.7 2.9
Qwen3-32B 81.8 21.2 68.4 57.1 36.2 23.6 34.4 1.6 2.2 4.5 4.2 3.1
GLM-4-9B-Chat 68.8 8.2 39.6 38.9 45.4 17.8 7.6 1.0 1.3 2.3 2.1 1.7
DeepSeek-V3 92.4 32.6 77.0 67.3 23.8 17.4 36.9 1.2 2.1 4.6 4.1 3.0
InternLM3-8B-Instruct 22.6 4.2 9.0 11.9 27.6 13.5 13.8 1.2 1.2 2.1 2.1 1.7
Ministral-3-8B-Instruct 58.4 7.4 5.8 23.9 34.8 18.1 5.8 1.1 1.1 1.7 1.7 1.4

Table 7: Additional evaluation results for other open-source models. The formatting and metrics follow the
conventions of Table 2. Avg. for Teaching is calculated as the mean of the four judge scores (History, Strategy,
Coherence, Appropriateness).

Model Static Score TSR

Gemini-2.5-Pro 4.2 52.0%
GPT-5 3.1 45.5%
DeepSeek-V3.2 3.8 41.0%
Llama-4-Scout 2.2 36.2%
EduChat-7B 1.7 18.5%

Table 8: Correlation between the static Teaching Score
and dynamic Teaching Success Rate (TSR). The model
ranking yields Spearman’s ρ = 0.90.

I.1 Evaluation Validity and Task Dependency

We report four supplementary analyses added in
the camera-ready revision to address evaluation
validity and pipeline rationality concerns.

Dynamic Simulation. To complement static eval-
uation, we build an agent-based tutoring setup. A
fixed GPT-5 student simulator is injected with the
gold diagnosis label and interacts with the tutor
model for up to three turns. We measure Teaching
Success Rate (TSR), defined as the percentage of
sessions in which the student solves the target prob-
lem within three turns. Table 8 shows a strong rank
correlation between TSR and the static teaching
score.

Human–LLM Agreement. We additionally
compare the LLM judge against two expert an-
notators on a stratified sample of 100 teaching re-
sponses, using the same rubric for both sides. Ta-
ble 9 shows that agreement is strongest on the ped-
agogically central dimensions of history grounding
and strategy alignment.

Task Dependency. To verify that the three tasks
form a functional pipeline rather than isolated
probes, we compare teaching quality under ideal
versus predicted diagnosis inputs. Table 10 shows
that misdiagnosis leads to clearly worse teaching,

Dimension Spearman’s ρ Within ±1 pt

History Utilization 0.91 94%
Strategy Alignment 0.86 90%
Coherence 0.78 87%
Appropriateness 0.75 83%

Overall Score 0.87 92%

Table 9: Human–LLM agreement on teaching eval-
uation. Strong alignment supports rubric-based LLM
judging for this constrained pedagogical verification
task.

Diagnostic Input Teaching
Score Observation

Gold Diagnosis 4.6 Targeted and pedagogi-
cally aligned scaffolding.

Predicted Diagnosis 3.9 Misdiagnosis leads to
irrelevant instructional
moves.

Table 10: Impact of diagnosis accuracy on teaching
quality. Accurate upstream diagnosis is a prerequisite
for high-quality downstream teaching.

while the model-level Diagnosis F1 and Teach-
ing Score exhibit a strong Spearman correlation
of ρ = 0.88.

RAG Baseline. Finally, we compare full-history
conditioning with a strong semantic retrieval base-
line that retrieves the Top-20 most similar historical
interactions before generation. Table 11 shows that
RAG underperforms full-history conditioning on
all three tasks, suggesting that longitudinal tutoring
requires temporal continuity in addition to semantic
relevance.

I.2 Fine-grained Diagnosis Analysis

To investigate the discrepancy between Accuracy
and F1 scores (e.g., GLM-4.6: 36.2% Acc vs. 27.5
F1), we analyze error distributions in Figure 5.
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Context Strategy Evidence
(T1)

Diagnosis
(T2)

Teaching
(T3)

Long Context 79.3% 28.1 3.9
RAG (Top-20) 74.2% 21.4 3.3

Table 11: RAG versus full-history conditioning. Long-
Tutor benefits from preserving chronological continuity
rather than retrieving only semantically similar snippets.
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Figure 5: Fine-grained diagnosis analysis: (a) Macro-
F1 across knowledge states, highlighting GLM-4.6’s
collapse on Recall Failure; (b) Prediction counts vs.
Gold Standard (dashed). Models like DeepSeek-V3
and GLM-4.6 exhibit significant over-prediction bias in
specific categories.

Three failure patterns emerge:

Category Collapse. GLM-4.6 exhibits a total
collapse on Recall Failures, achieving 0.0 F1 (Fig-
ure 5a). Analysis reveals zero predictions against
104 gold samples, effectively treating the 4-way
task as 3-way. This suggests a failure to align lin-
guistic cues of memory retrieval errors with the
appropriate pedagogical labels.

Diagnostic Hallucination. Open-source mod-
els show severe calibration issues (Figure 5b).
DeepSeek-V3 aggressively over-diagnoses Trans-
fer Deficits (202 predicted vs. 58 gold), conflating
general confusion with cross-context failures. Sim-
ilarly, GLM-4.6 defaults to Conceptual Gaps (325
predicted vs. 87 gold), over-attributing errors to
fundamental understanding gaps rather than proce-
dural slips.

Majority Class Bias. Several strong proprietary
models still favor a "safe bet" strategy, peaking
at 52.8% F1 on the majority class (Procedural Er-
ror, n = 251) but failing on minority states like
Recall Failure (18.5% F1). In contrast, Gemini-2.5-
Pro maintains a balanced distribution closest to the
Gold Standard, explaining its superior Macro-F1
(39.7).

I.3 Qualitative Case Study

To demonstrate the concrete impact of model ca-
pability on utilizing long-term student history, we
present a detailed comparison in Table 14.

Scenario Overview. The student failed to solve
a new path-counting problem (Q8285) that intro-
duced a specific constraint ("move from smaller
to larger numbers"). Crucially, the input history
included successful attempts at "Shortest Path La-
beling" problems (e.g., Q779–Q784), indicating
the student possesses the underlying skill but failed
to adapt it.

Analysis of Model Behaviors. The performance
of different models illustrates a clear divide in
how historical data is utilized to guide pedagog-
ical decisions. Model A (GPT-5-mini), despite
having access to the student history, failed to lever-
age specific prior knowledge and defaulted to a
generic "Procedural Error" diagnosis. This led to
a high-cognitive-load teaching involving techni-
cal concepts like "Directed Graphs" and "Dynamic
Programming," which likely exceeds the student’s
zone of proximal development and ignores their
actual learning trajectory. In contrast, Model B
(GPT-5) accurately identified a "Transfer Deficit"
by recognizing that the student possesses the un-
derlying skill ("Labeling Method") but failed to
adapt it to the new context. Consequently, Model
B generated an Analogical Transfer cue that ex-
plicitly linked the current problem to the student’s
past successes. This approach effectively facil-
itates knowledge transfer and reduces cognitive
load, showcasing a more sophisticated level of true
personalization.

J Sensitive Study Settings

We define the baseline configuration consistent
with the standard protocol in Appendix H, utiliz-
ing the full interaction history (Ht) with L = 100
records. Against this baseline, we introduced three
variations to isolate specific factors:

Context Selection Strategies. We first evaluated
a short history (L = 20) approach, where the input
is truncated to retain only the most recent 20 inter-
action records to test the model’s dependency on
long-term versus short-term memory. Alternatively,
we implemented Filtered History, which replaces
the rigid chronological window with a dynamic re-
trieval of up to 100 historical records sharing the
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same knowledge points (KPs) as the target prob-
lem, thereby prioritizing semantic relevance over
temporal proximity.

Feature Augmentation. We investigated the im-
pact of statistical features by explicitly prepending
a quantitative summary block to the textual input.
This block incorporates metrics derived from the
full history, such as the student’s overall accuracy,
error rates on related knowledge points, and recent
performance trends.

Instruction Strategy. We enhance the system in-
struction with detailed, step-by-step teaching guide-
lines. For instance, "If the error is a Transfer
Deficit, you must provide a real-world analogy...".

K Pipeline Validation Details

Data Quality. Detailed breakdown of our
pipeline agreement study highlights the critical role
of the Generator–Verifier architecture in achieving
expert-level reliability. We compared two pipeline
configurations against single-model baselines us-
ing a random sample of 100 instances, with results
summarized in Table 12. The pairing of GPT-5
as the generator and Gemini-3-Flash as the veri-
fier achieved the highest performance (κ = 0.81,
"Almost Perfect"), whereas removing the verifier
caused a significant performance decline across
all models. For instance, GPT-5 alone dropped to
κ = 0.61, sliding into the "Substantial" tier. This
ablation study confirms that cross-verification is
necessary to reach the "Almost Perfect" threshold,
significantly outperforming single-model labeling.

Evaluation Consistency. Table 13 provides the
performance scores for various models across the
Evidence Acquisition, State Diagnosis, and Teach-
ing Action sub-tasks, comparing results on both
Human-Annotated (Gold) and Synthetic (Synth)
datasets. Gemini-2.5-Pro leads the evaluation with
the highest scores in all categories, including a
Evidence Acquisition accuracy of 82.3% and a Di-
agnosis F1 of 39.7% on the gold set. Notably, the
performance rankings of the models are perfectly
preserved between the Gold and Synthetic datasets
for both the Evidence Acquisition and Teaching
tasks. This consistency demonstrates the high qual-
ity of the synthetic data produced by our pipeline
and its reliability as a proxy for human-standard
evaluation.

Configuration (Generator / Verifier) Kappa (κ) Acc (%) Interpretation

Human vs. Human (Experts) 0.90 93 Almost Perfect

GPT-5 / Gemini-3-Flash 0.81 87 Almost Perfect
Gemini-3-Flash / GPT-5 0.70 79 Substantial

Gemini-3-Flash (w/o Verifier) 0.65 75 Substantial
GPT-5 (w/o Verifier) 0.61 74 Substantial

Table 12: Detailed Agreement study for the Diagnos-
tic Labeling task (N = 100). The Generator / Verifier
pipeline significantly outperforms single-model base-
lines.

Model Evidence (Acc) Diagnosis (F1) Teaching (Score)
Gold Synth Gold Synth Gold Synth

Gemini-2.5-Pro 82.3 78.9 39.7 37.0 4.18 4.18
Gemini-2.5-Flash 79.3 78.0 28.1 26.3 3.88 3.85
Qwen3-32B 57.1 54.7 23.6 21.9 3.13 3.10
Qwen3-14B 53.1 53.3 17.7 16.3 2.88 2.80
Qwen3-8B 43.5 47.6 16.0 17.8 2.40 2.40

Table 13: Performance consistency between Human-
Annotated (Gold) and Synthetic (Synth) datasets. The
rankings are perfectly preserved for Evidence and Teach-
ing tasks.

L Experimental Prompts

We provide the detailed prompt templates utilized
in our experiments.

Figure 6 details the prompts for our LLM-as-
a-Judge framework. These include the Semantic
Accuracy evaluator for evidence retrieval and the
LLM-as-a-Judge for teaching actions. The latter
uses a structured rubric to score responses based on
history utilization, strategy alignment, coherence,
and appropriateness.

Figure 7 presents the inference prompt used to
evaluate the AI Tutors (Models-Under-Test). This
prompt features a modular design to facilitate abla-
tion studies (e.g., toggling diagnostic rules or sta-
tistical features). Notably, it incorporates a "Con-
straints Reminder" block at the end of the user input
to mitigate instruction forgetting caused by long
interaction histories.

Figure 8 illustrates the data annotation prompt
used by the automated pipeline to generate anno-
tated data. It enforces strict logical consistency
between the student’s history, the state diagnosis,
and the teaching action.
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Category Content (Chinese / English Translation)

Student Context (Input for Both Models)
History Log Events: Q779–Q784 (Multiple Entries) Result: Correct

Skill: Labeling Method / Shortest Path Counting (标数法/最短路径)
Evidence: Student consistently solved path counting problems using the addition principle correctly.

Current Problem ID: Q8285 Result: Error
Task: Count paths from Room 1 to 10. Constraint: Must move from a smaller number to an adjacent
larger number.

Model A: GPT-5-mini
Diagnosis Procedural Error (Failed to link specific history)
Reasoning Student mastered concepts but made errors in enumeration steps. (Ignores the specific method used in

history).
Teaching [Stepwise Scaffolding / High Cognitive Load]

先复述题意... 步骤一：把图看成有向图，列出邻接表。步骤二：从终点10开始向回推，用动
态规划：设f(n)为从房间n到10的走法数...
(Step 1: Treat the map as a Directed Graph and list the Adjacency Table. Step 2: Use Dynamic
Programming backwards from node 10: Let f(n) be the number of ways from room n to 10...)

Model B: GPT-5
Diagnosis Transfer Deficit (Inferred from History Q779-Q784)
Reasoning The current problem is similar to previous "Labeling Method" problems (Q779-Q784), but introduces a

direction constraint. The student failed to transfer the existing method to the new constraint.
Teaching [Analogical Transfer / Personalized]

先把这题转化为和你做对的“最短路径标数法”类似...
规则：只能从相邻且编号更小的房间走到更大的房间。步骤：把1号房间标1。按编号从小到
大，每个房间的走法数=所有与它相邻且编号更小的房间的数之和。... 你先试着标到5号？
(Let’s transform this into the "Shortest Path Labeling Method" you solved correctly before... Rule:
Only move from smaller to larger. Step: Label room 1 as "1". For each room, the number of ways =
sum of numbers in adjacent smaller rooms... Try labeling up to room 5 first?)

Table 14: Case study comparing diagnosis and teaching quality. Although both models received the history log,
GPT-5-mini failed to leverage the student’s prior mastery of the “Labeling Method,” resulting in a complex, technical
explanation. GPT-5 correctly diagnosed a “Transfer Deficit” and guided the student to adapt their existing knowledge
to the new problem constraint.
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PART I: Input Context (History & Current Question)

History

Item 1359 Time: 2021-05-05 12:57:25 Result: Correct

KC:菱形对角线(Rhombus Diagonals)

Text: 已知菱形的对角线AC和BD，求其长度。

Translation: Given the diagonals AC and BD of a rhombus, determine their lengths.

Daily Sum-
mary

Date: 2021-05-05

Correct Count: 14

Current
Meta Time: – Result: Wrong

Question KC:平行四边形面积(Parallelogram Area)

Text: 计算下列平行四边形的面积。

PART II: Output Tasks (Ground Truth)
Task Type Annotation (Chinese / English)

1. Evidence

Information Ex-
traction

Q:在2021年5月5日12:57:25，学生回答的问题1359中，菱形的对角线AC和BD的长度分别是多少？

Q: What were the lengths of diagonals AC and BD in question [1359] answered on 2021-05-05 12:57:25?

A: AC=18，BD=6。

A: AC = 18, BD = 6.

Multi-session
Reasoning

Q:学生在2021年5月5日当天总共正确回答了多少道题目？

Q: How many questions did the student answer correctly on 2021-05-05?

A: 14道。

A: 14 questions.

Hallucination
Check

Q:学生在什么时候正确回答过关于“圆形面积计算”的问题？

Q: When did the student correctly answer a question about “Circle Area Calculation”?

A: Unknown

A: Unknown.

2. Diagnosis

Label Recall Failure（遗忘导致的提取失败/ Recall Failure）

Reason 学生在相关几何概念上的历史正确率极高（related_concept_acc=1.0），表明其已掌握该知识。然而，距离上次
正确回答同类问题已过去16天（>4天），且当前题目整体错误率较低（error_rate=0.15）却仍然作答错误，符合
遗忘曲线下的知识提取困难特征。

Reason: Despite perfect historical accuracy on related concepts (related_concept_acc=1.0), the student failed after a
16-day gap since the last correct attempt (>4 days). Given the low difficulty of the current problem (error_rate=0.15), this
error is consistent with recall failure caused by forgetting.

3. Teaching

Strategy Retrieval Practice（提取练习）

Response 小同学，我发现你之前在面积计算上可是“百分百正确”的小专家呢！你在5月5号那天一口气做对了十几道不同
的面积题。这次出错，更像是因为隔了一段时间没练习，公式一时没被成功想起来。
先来帮它“找回来”吧：
1)你还记得平行四边形的面积公式吗？它需要用到哪两个量？
2)看看图中带有直角标记的线段，它分别对应的是“底”还是“高”？
试着先写出公式，再代入数值计算一次。

Response: You previously showed perfect performance on area calculations, but after a long gap, the formula may not
be readily retrievable. Let us recall it step by step by first writing down the formula and identifying the base and height
indicated in the figure.

Table 15: An illustrative example of the Recall Failure category in the LongTutor benchmark. The student exhibits
retrieval difficulty despite strong prior mastery, highlighting the impact of forgetting over time.
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PART I: Input Context (History & Current Question)

History

(... Previous interactions omitted ...)

Item 151 Time: 2021-05-22 10:07:35 ID: 152 Result: Wrong

KC:平行四边形(Parallelogram)

Text: 下图中有个平行四边形，请判断...

Translation: There is a parallelogram in the figure below, please determine...

Item 152 Time: 2021-05-22 10:42:10 ID: 1366 Result: Correct

KC:平行四边形面积(Parallelogram Area)

Text: 一个平行四边形底是20，高是15，求面积。

Translation: A parallelogram has a base of 20 and height of 15. Calculate the area.

Current

Meta Time: 2021-05-29 ID: 450 Result: Wrong

Question KC:平行四边形面积(Parallelogram Area)

Text: 计算下面图形的面积。
Translation: Calculate the area of the figure below.

PART II: Output Tasks (Ground Truth)
Task Type Annotation (Chinese / English)

1. Evidence

Information Ex-
traction

Q:学生在2021-05-22 10:07:35回答的题目[152]的具体内容是什么？

Q: What was the specific content of question [152] answered on 2021-05-22 10:07:35?

A:下图中有个平行四边形．
A: There is a parallelogram in the figure below.

Multi-session
Reasoning

Q:学生在2021-05-22这一天内，一共尝试了几道关于“平行四边形”相关知识点的题目？

Q: How many questions related to “Parallelogram” did the student attempt on 2021-05-22?

A: 2道

A: 2 questions.

Hallucination
Check

Q:学生在2021-05-24回答的有关“三角形面积计算”的题目编号是多少？

Q: What is the ID of the question regarding “Triangle Area Calculation” answered on 2021-05-24?

A: Unknown

A: Unknown.

2. Diagnosis

Label Conceptual Gap（概念性缺失/ Conceptual Gap）

Reason 学生在平行四边形相关概念上的历史正确率仅为0.29。在题目[152]和当前题目[450]中均未能正确识别“底”和“对
应的高”，尽管其曾在[1366]中成功应用面积公式，说明其对核心概念关系的理解仍不牢固。

Reason: The student shows low accuracy (0.29) on related conceptual knowledge. Although they previously applied the
area formula correctly in [1366], repeated failures in identifying the base and corresponding height in [152] and the current
problem indicate a fundamental conceptual misunderstanding.

3. Teaching

Strategy Conceptual Explanation（概念性讲解）

Response 小同学，我们又见面啦！这道题其实藏着一个小秘密：平行四边形的面积就像是把长方形“推歪了”得到的，所
以它的面积公式还是“底×高”。不过要注意，这里的“高”必须和底边垂直。回想一下你在[1366]中是如何找到那
条垂直线段的，这次也试着先在图中找出互相垂直的两条线吧！

Response: This problem hides a small secret: a parallelogram can be viewed as a slanted rectangle, so its area is still base
× height. However, the height must be perpendicular to the base. Recall how you identified this perpendicular segment in
[1366], and try to locate it in the current figure.

Table 16: An illustrative example of the Conceptual Gap category in the LongTutor benchmark. Part I shows the
historical context and the current incorrectly answered problem. Part II presents expert annotations for Evidence
acquisition, State Diagnosis, and Teaching Action.
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PART I: Input Context (History & Current Question)

History

Item 5021 Time: 2021-05-21 04:54:10 Result: Correct

KC:长方形性质(Rectangle Properties)

Text: 判断题：长方形是特殊的平行四边形。（）
Translation: True or False: A rectangle is a special type of parallelogram.

Daily Sum-
mary

Date: 2020-10-31

KC:面积/周长（长方形、正方形）

Correct Count: 4

Current
Meta Item: 2271 Result: Wrong

Question KC:周长变化（图形切割）
Text: 比较图形切割前后周长的变化。

PART II: Output Tasks (Ground Truth)
Task Type Annotation (Chinese / English)

1. Evidence

Information Ex-
traction

Q:学生在2021年5月21日04:54:10回答正确的那道判断题的具体内容是什么？

Q: What was the content of the judgment question answered correctly on 2021-05-21 04:54:10?

A:判断题：长方形是特殊的平行四边形．（）
A: True/False: A rectangle is a special type of parallelogram.

Multi-session
Reasoning

Q:在2020年10月31日这一天，学生一共正确回答了几道与长方形或正方形面积/周长相关的题目？

Q: How many area/perimeter questions related to rectangles or squares did the student answer correctly on 2020-10-31?

A: 4道。

A: 4 questions.

Hallucination
Check

Q:学生在2021年1月22日回答关于“正方形面积计算”的填空题时填写的具体数值是多少？

Q: What numerical value did the student fill in for a square area calculation on 2021-01-22?

A: Unknown

A: Unknown.

2. Diagnosis

Label Procedural Error（过程性错误/ Procedural Error）

Reason 学生在相关知识点上的历史正确率为1.0，且在同一天刚刚正确完成了长方形性质判断题，说明其对概念本身并
不存在缺失。当前题目涉及图形切割后的周长变化比较，属于多步骤推理问题，且整体错误率较高（0.62）。
学生的失误更可能源于未能系统追踪“切割后新增边”的计算步骤，而非对周长概念的误解。

Reason: Given perfect historical accuracy and a recent correct judgment on rectangle properties, conceptual misunder-
standing is unlikely. The current multi-step perimeter comparison task (error rate 0.62) suggests a failure in tracking newly
introduced edges after cutting, indicating a procedural rather than conceptual error.

3. Teaching

Strategy Stepwise Scaffolding（分步支架式引导）

Response 小同学，这道题我们需要一步一步“跟着图形走”。你之前在处理长方形周长和图形变化时表现得都很稳定。
我们慢慢拆解：
1)沿中点剪开后，剪出的线段长度等于原来的宽（8厘米）。
2)想一想，这条“剪痕”在两个新图形中分别变成了什么？
3)当新的边出现时，周长是如何发生变化的？
你先不用急着算总周长，先告诉老师：一共新增了几条8厘米的边。

Response: Let us follow the geometric transformation step by step. Focus first on identifying the new edges introduced by
the cut before computing the final perimeter.

Table 17: An illustrative example of the Procedural Error category in LongTutor. The student demonstrates
intact conceptual understanding but fails to correctly execute the multi-step reasoning required after a geometric
transformation.
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PART I: Input Context (History & Current Question)

History

Item 1832 Result: Correct

KC:奇数与偶数的应用(Parity Reasoning)

Text: 找出两个整数，使得它们的和为264，差为57，这样的两个数是否存在？

Translation: Find two integers whose sum is 264 and difference is 57. Do such numbers exist?

Daily Sum-
mary

Date: 2021-02-27

KC:奇数与偶数的应用
Correct Count: 4

Current
Meta Item: 1835 Result: Wrong

Question KC:奇偶性不变量（翻动问题）
Text: 根据翻动规则判断给定情形是否可以实现。

PART II: Output Tasks (Ground Truth)
Task Type Annotation (Chinese / English)

1. Evidence

Information Ex-
traction

Q:学生在记录[1832]中回答的问题内容是什么？

Q: What was the content of the question answered in record [1832]?

A:找出两个整数，使得它们的和为264，差为57，这样的两个数是否存在？

A: Find two integers whose sum is 264 and difference is 57.

Multi-session
Reasoning

Q:在2021-02-27当天的历史记录中，学生总共正确回答了多少道知识点为“奇数与偶数的应用”的题目？

Q: How many questions related to parity reasoning did the student answer correctly on 2021-02-27?

A: 4道。

A: 4 questions.

Hallucination
Check

Q:学生在回答[1838]这道填空题时，具体的思考耗时是多少秒？

Q: How many seconds did the student spend thinking when answering item [1838]?

A: Unknown

A: Unknown.

2. Diagnosis

Label Transfer Deficit（迁移困难/ Transfer Deficit）

Reason 学生在“奇数与偶数的应用”相关题目上的历史正确率达到100%，并且不久前刚刚正确解决了同类的翻动或开关
问题。然而，当前题目仅在规则形式上做出变化（翻动次数从固定变为递增），其核心逻辑仍然依赖奇偶性不
变量。学生未能将先前成功的问题建模方式迁移到该变式情境中，体现出典型的跨情境迁移困难。

Reason: Despite perfect historical accuracy and recent success on analogous flipping problems, the student fails to transfer
the invariant-based parity reasoning to a structurally modified scenario, indicating a clear transfer deficit.

3. Teaching

Strategy Analogical Transfer（类比迁移引导）

Response 小同学，这道题其实和你之前做过的“翻杯子”“开关灯”问题是同一类哦！
我们来做个对照：
1)每个状态从初始到目标，必须被翻动奇数次；
2)多个对象同时满足条件时，总翻动次数的奇偶性是关键不变量；
3)比较题目给出的总翻动次数与理论要求的奇偶性。
试着用这个思路，再判断一次当前情形是否可行。

Response: Try mapping this problem back to previously solved flipping or switching tasks by identifying the invariant parity
condition before evaluating feasibility.

Table 18: An illustrative example of the Transfer Deficit category in LongTutor, where the student possesses intact
domain knowledge but fails to transfer an invariant-based reasoning strategy to a structurally modified problem.
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Evaluation Prompts for Automated Benchmarking

— METRIC 1: LLM-BASED SEMANTIC ACCURACY (G) —

Evaluate whether the MODEL response is factually consistent with the GOLD reference for the QUERY.

### CRITERIA FOR A MATCH
• Semantic Equivalence: The MODEL answer must convey the same core meaning as the GOLD reference.
• Correctness: The MODEL answer must not contain contradictions or factual errors relative to
the GOLD.

• Style Ignored: Ignore differences in length, phrasing, or punctuation.
### OUTPUT FORMAT
Output strictly valid JSON with no markdown formatting:
{"match": true} if it matches, or {"match": false} otherwise.

TASK: {task} QUERY: {query}
GOLD_ANSWER: {gold_answer}
MODEL_ANSWER: {pred_answer}

— METRIC 2: LLM-AS-A-JUDGE (TEACHING ACTION) —

ROLE: Strict Educational Teaching Evaluator.
TASK: Compare the MODEL response to the GOLD reference (representing one possible high-quality
answer). Rate on a 1–5 scale (1: Very Poor, 5: Excellent).
### SCORING RUBRIC

1. History Utilization (s1): Does the model use student’s learning history to transition and
connect new knowledge? Is the usage appropriate and supportive of the current step?

2. Strategy Alignment (s2): Is the approach precise (targets the diagnosed misconception/goal)
rather than providing generic help?

3. Coherence (s4): Logical consistency (no contradictions, sequential steps) and language fluency
(natural, helpful tutoring tone).

4. Appropriateness (s3): Is it concise and aligned with the learner’s Zone of Proximal Development
(ZPD)? Is it accessible without excessive jargon?

### FINAL OUTPUT FORMAT
Return strictly a JSON object:
{ "history_score": 1-5, "strategy_score": 1-5, "coherence_score": 1-5, "appropriateness_score":
1-5, "overall_score": 1-5, "reason": "Detailed justification..." }

Figure 6: LLM-based evaluation prompts. The Semantic Accuracy evaluator (G) performs factual consistency
checks for Task 1, while the Multi-dimensional Judge assesses the pedagogical quality of Teaching Actions across
four key dimensions.
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Prompt Template for Model Inference (AI Tutor Evaluation)

[System Instruction]
### ROLE
You are an expert AI Tutor. Analyze student data to answer queries, diagnose state and provide targeted teaching.
### CONFIGURATION
[Diagnosis & Strategy Schema] (Always Present)
- Recall Failure: Forgot previously mastered knowledge... → Strategy: Retrieval Practice...
- Conceptual Gap: Fundamental misunderstanding... → Strategy: Conceptual Explanation...
(...Definitions for Procedural Error and Transfer Deficit...)

[Optional Module: Statistical Features Definitions] (Condition: use_feature=True)
- related_concept_acc: The student’s historical accuracy on related concepts.
- related_last_correct_interval_days: Time interval since last correct answer.
- cur_question_error_rate: Global Item Difficulty...

[Optional Module: Diagnostic Heuristics] (Condition: use_feature=True)
[Decision Matrix (Evaluate from Top to Bottom)]
| Priority | Condition (History & Feature) | Question Type | Diagnosis |
| 1 | High Prior Acc + Long Gap (>4d) | Any | Recall Failure |
| 2 | Low Prior Acc OR New KC | Any | Conceptual Gap |
| 3 | Mid Acc + Short Gap | Novel Context | Transfer Deficit |
| 4 | Mid Acc + Short Gap | Complex/Multi-step | Procedural Error |

[Optional Module: Teaching Guidelines] (Condition: use_teach=True)
Adhere to these 4 dimensions:
1. History Utilization: DO NOT use generic phrases. MUST explicitly reference specific evidence.
2. Strategy Alignment: Strict mapping (e.g., Recall Failure → Ask guiding question).
3. Human-like Tone: Avoid robotic headers. Use conversational markers.
4. Appropriateness: Keep language simple (K-6 level).

### TASKS
1. Evidence: Answer queries based on History...
2. Diagnosis: Infer the student’s state. Select ONE diagnosis from the Schema.
3. Teaching: Generate teaching response. Optimize against dimensions (if enabled).
### OUTPUT FORMAT
Return strictly a JSON object:
{ "evidence": [...], "diagnosis": "...", "reason": "...", "strategy": "...", "teaching": "..." }

[User Input]
### INTERACTION HISTORY
[...Chronological sequence of student exercises...]

[Optional Input: Statistical Features] (Condition: use_feature=True)
- related_concept_acc: 0.85
- related_last_correct_interval_days: 5.0
- cur_question_error_rate: 0.65
(...calculated feature values...)

### CURRENT QUESTION
[...Question Text and Metadata...]
### EVIDENCE QUERIES
(Optional: Included if test_obj has queries)
- Q1: What concept did the student fail on 3 days ago?
Analyze the data and generate the JSON response.

Figure 7: The inference prompt template fed to the AI Tutor models. The Core Schema is always present, while
the Statistical Features module (definitions and heuristic logic) and Teaching Guidelines module are injected
conditionally based on the experimental setting.
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System Prompts for the LongTutor Annotation Pipeline

— STAGE 1: INITIAL GENERATOR PROMPT —

### ROLE
Expert Educational Data Scientist. Generate a "Gold Standard" benchmark by analyzing student
logs to create test cases and ideal teaching.
### EVIDENCE CHECK TASK (For AI Tutor Evaluation) Generate 3 Q&A pairs (Simplified Chinese) with
specific constraints:

• Q1 (Information Extraction): Verbatim detail from a single interaction record.

• Q2 (Multi-session Reasoning): Summary/pattern (count, accuracy, temporal logic) across
multiple records. Use scope constraints (e.g., "within current concepts") to ensure uniqueness.

• Q3 (Hallucination Check): Ask about non-existent records/details. Answer must be "Unknown".
No "Yes/No" or "Is there" phrasing.

### DIAGNOSIS & STRATEGY DECISION MATRIX
Evaluate strictly from Top to Bottom based on Student History and Features:

Priority Condition: History & Features Condition: Question Type Diagnosis Strategy
1 High Prior Acc (>80%) & Long Gap

(>4 days)
Any Question Recall Failure Retrieval Practice

2 Low Prior Acc (<50%) OR New
Knowledge Point

Any Question Conceptual Gap Concept Explanation

3 Mid/High Acc (>50%) & Short Gap
(<4 days)

Novel Context / Word Problem Transfer Deficit Analogical Transfer

4 Mid/High Acc (>50%) & Short Gap
(<4 days)

Complex / Multi-step Procedural Error Stepwise Scaffolding

— STAGE 2: VERIFIER & OPTIMIZATION PROMPT —

### VERIFICATION GOAL
Verify and refine the draft JSON. Principle: Minimal Intervention—only fix quality or logic
issues.
### QUALITY CHECKLIST
1. Unambiguous Q&A: Ensure Q2 is uniquely computable from the provided history slice alone.
2. Grounding: Q1 answer must be a verbatim extraction; Q3 must not use forbidden "Yes/No"

patterns.
3. Logic Alignment: Re-check if the draft diagnosis correctly matches the Decision Matrix

priorities.
4. Teaching Humanization: Ensure teaching content references specific past evidence (e.g., "I

remember you solved [ID] correctly..."). Replace robotic transitions with conversational
markers (e.g., "Wait a second...", "Notice how...").

### FINAL OUTPUT FORMAT
Return strictly a JSON object:
{ "evidence": [...], "diagnosis": "...", "reason": "...", "strategy": "...", "teaching": "..." }

Figure 8: Complete system prompt pipeline. The Generator establishes initial diagnostic labels and evidence
probes, while the Verifier enforces factual grounding, logical consistency across the decision matrix, and human-like
instructional tone.
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