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Abstract

Learning diagnosis is a critical task that monitors students’
cognitive state during educational activities, with the goal
of enhancing learning outcomes. With advancements in lan-
guage models (LMs), many Al-driven educational studies
have shifted towards conversational learning scenarios, where
students engage in multi-turn interactive dialogues with tu-
tors. However, conversational learning diagnosis remains un-
derdeveloped, and most existing techniques acquire students’
cognitive state through intuitive instructional prompts on
LMs to analyze the dialogue text. This direct prompting ap-
proach lacks a solid psychological foundation and fails to
ensure the reliability of the generated analytical text. In this
study, we introduce ParLLD, a preview-analyze-reason frame-
work for conversational learning diagnosis, which lever-
ages multi-agent collaboration to diagnose students’ cogni-
tive state over multiple dialogue turns. Specifically, ParLD
comprises three main components: (1) Behavior Previewer,
which generates a student behavior schema based on previous
states and learning content; (2) State Analyzer, which diag-
noses the tutor-student dialogue and behavior schema to up-
date the cognitive state; and (3) Performance Reasoner, which
predicts the student’s future responses and provides verifiable
feedback to support ParLD’s self-reflection with the Chain
Reflector. They operate sequentially and iteratively during
each interaction turn to diagnose the student’s cognitive state.
We conduct experiments to evaluate both performance pre-
diction and tutoring support, emphasizing the effectiveness of
ParLLD in providing reliable and insightful learning diagnosis.

Introduction

The rapid growth of educational technology has acceler-
ated the adoption of online learning, prized for its flexibility
and personalized experiences. Among various approaches,
conversational learning (Long 2025; Thomas 1994; Jensen
2002) has emerged as a promising paradigm. It enables
students to acquire knowledge through interactive dialogue
with a human or Al-driven tutor, facilitating tailored guid-
ance and adaptive feedback (Park et al. 2024; Lv et al. 2025).
A typical scenario is illustrated in Figure 1(a), where teach-
ing unfolds as a multi-turn dialogue centered on solving a
given learning objective, often framed as solving a question.
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At each turn, the tutor adjusts hints, questions, and feedback
based on the student’s responses, gradually supporting the
learner’s progress by adapting to their current understand-
ing. Effectively supporting this process requires learning di-
agnosis that continuously monitors the student’s cognitive
state (Clow 2013), such as their mastery level of key knowl-
edge concepts relevant to the target question. For example,
poor performance on an algebra-related question signals a
need for targeted intervention in that domain.

Despite its promise, accurately assessing students’ evolv-
ing cognitive states during multi-turn conversations remains
challenging. Traditional methods for modeling students’
cognitive states, such as Knowledge Tracing (KT) (Piech
et al. 2015; Ghosh, Heffernan, and Lan 2020) and Cogni-
tive Diagnosis Models (CDMs) (Lord 1980; Zhang et al.
2024), typically infer knowledge mastery from performance
labels like the correctness of students’ responses. While ef-
fective for discrete exercises, these approaches provide only
coarse-grained estimates and fail to capture subtle, continu-
ous cognitive changes occurring within a single problem-
solving process. In contrast, learner responses in conver-
sational learning are predominantly open-ended, context-
sensitive texts. Cognitive information is distributed and dy-
namically evolves across multiple turns, making stable sig-
nals difficult to extract and limiting the applicability of label-
based methods. This calls for fine-grained diagnosis meth-
ods to interpret rich textual interactions.

Recent advances in Large Language Models (LLMs) of-
fer new opportunities for conversational learning diagno-
sis. LLMs possess strong language understanding, broad
knowledge, and flexible reasoning (Wei et al. 2022; Yue
et al. 2025), enabling them to interpret open-ended, context-
rich responses and track evolving cognitive states (Laban
et al. 2025; Scarlatos, Baker, and Lan 2025). However, ex-
isting work primarily applies LLMs to downstream tasks
such as adaptive learning or scaffolding, often treating cog-
nitive state analysis as a secondary objective (Liu et al.
2024a,b). These approaches typically perform coarse as-
sessments, analyzing only the final response or the entire
dialogue, thereby overlooking the fine-grained, turn-level
cognitive dynamics, and potentially introducing bias (Shi,
Liang, and Xu 2025; Echterhoff et al. 2024). Moreover,
since cognitive states are latent constructs without observ-
able ground-truth labels, validating LLM-generated outputs
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Figure 1: (a) A typical conversational learning scenario where the student interacts with a teacher or intelligent tutor in a turn-
based manner. (b) The ParLD framework for diagnosing cognitive state through the preview-analyze-reason cycle, which can

iteratively evolve with each interaction.

remains inherently difficult (Brown 2002; Bower 2014).

To address the aforementioned challenges, we intro-
duce and formulate the Conversational Learning Diagnosis
(CLD) task, aimed at analyzing a student’s evolving cog-
nitive state within multi-turn tutoring dialogues. To tackle
this task, we propose ParLD, an agent-based framework
built upon a Preview-Analyze-Reason chain. At a high level,
ParLD consists of four core components that work collab-
oratively: a Behavior Previewer, a State Analyzer, and a
Performance Reasoner, which together operate the preview-
analyze-reason chain, and a Chain Reflector, which revisits
the entire chain to refine the diagnosis results. This frame-
work operates iteratively, with each turn unfolding in a
structured sequence. First, inspired by Zone of Proximal
Development (ZPD) theory (Shabani, Khatib, and Ebadi
2010), the Behavior Previewer projects a behavioral schema
based on the student’s prior cognitive state and the current
learning objective; this schema outlines expected behaviors
within their ZPD, providing concrete evidence for the sub-
sequent phase. Next, the State Analyzer scrutinizes the live
student-tutor interaction by mapping the dialogue against
the projected schema, a process that allows it to update the
student’s mastery of relevant Knowledge Concepts (KCs).
Then, the Performance Reasoner leverages this newly up-
dated cognitive state to predict the student’s likely perfor-
mance on the learning question. Crucially, following each
preview-analyze-reason chain, the Chain Reflector initiates
a meta-cognitive loop. It reflects on the entire process, cross-
references dialogue facts to refine its understanding, and up-
dates an internal experience memory. This self-correction
mechanism ensures that ParL.D continuously adapts by al-
lowing each component to draw upon the refined memory in
subsequent turns, thereby progressively improving the diag-
nosis’s fidelity over time. Our contributions are as follows:

» We first formulate the Conversational Learning Diagno-
sis (CLD) task, bridging the critical gap of fine-grained,
dynamic tracking of student cognitive state within un-
structured, multi-turn dialogues.
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* We propose ParLLD, a novel LLM-based agent frame-
work designed to tackle the CLD task. ParLD’s core
innovation is its preview-analyze-reason chain, aug-
mented by a self-correcting reflective mechanism. This
allows the agent to learn from the conversational flow,
continuously adapting and improving the fidelity of its
diagnosis over time.

e We experimentally validate ParLD’s effectiveness,
demonstrating both high accuracy in performance pre-
diction and the ability to generate impactful tutoring
support from its reliable, insightful diagnosis.

Problem Definition

In this section, we begin by defining the core problem and
its associated notations to formally address the challenges of
conversational learning diagnosis.

Notations. We consider a learning session where a student
u engages in a dialogue with a tutor ¢ to solve a given ques-
tion e. This question is associated with a set of knowledge
concepts (KCs), denoted as K. The entire interaction is cap-
tured as a dialogue sequence D, = {d1,da,...,dr}, com-
posed of 7" turns. Each turn d; consists of a pair of utterances
from the tutor and the student. Finally, after the dialogue
concludes, the student’s overall performance on question e
is recorded as 7., which can be a binary outcome (e.g., mas-
tered, not mastered) or a qualitative score.

Definition 1 (Conversational Learning Diagnosis) Given
the dialogue history up to the t-th turn, D!, = {d1, ..., d;},
the goal of Conversational Learning Diagnosis (CLD) is to
infer the student’s latent cognitive state Sy at that turn. This
state, Sy, represents the student’s evolving mastery level
with respect to each relevant knowledge concept k € K..

The results of the learning diagnosis must accurately re-
flect the true cognitive state of students, ensuring that they
are valuable for both students’ self-assessment and the tu-
tor’s instructional decisions.



Methodology

In this study, we introduce ParLD, a novel multi-agent
framework that operationalizes a preview-analyze-reason
chain for conversational learning diagnosis. This architec-
ture is specifically designed to infer and model student cog-
nitive state within dynamic, multi-turn conversational learn-
ing environments.

Overview

As depicted in Figure 1(b), the ParLD framework is ar-
chitected as a multi-agent system comprising four special-
ized modules: the Behavior Previewer, the State Analyzer,
the Performance Reasoner, and the Chain Reflector. These
agents operate in an iterative inference loop, processing
turn-based dialogue to dynamically model the student’s cog-
nitive state. Within each conversational turn, the Behav-
ior Previewer first projects a ZPD-Behavior schema. This
projection is conditioned on the prior turn’s cognitive state
and question text, and the associated KCs. Subsequently,
the State Analyzer scrutinizes the live tutor-student dia-
logue, mapping the interaction against the projected behav-
ior schema to infer and update the student’s cognitive mas-
tery of the relevant KCs. Finally, the Performance Reasoner
leverages this updated cognitive state to predict the prob-
ability of the student successfully answering the learning
question. This predictive output is not merely an endpoint.
It serves as a critical signal that initiates a reflective process
by the Chain Reflector, allowing the ParLLD framework to
adaptively refine its internal memory and instructional strat-
egy for subsequent interactions.

We provide detailed explanations of each component in
the following subsections, and all prompts used in ParL.D
are available in the code repository.

Behavior Previewer

A primary challenge in diagnosing cognitive state from di-
alogue is that they are latent constructs, not directly ob-
servable. Attempting to map high-dimensional, unstructured
text directly to a discrete diagnostic label is an ill-posed
problem, often yielding unreliable results due to the signif-
icant semantic gap. To address this, our framework intro-
duces the Behavior Previewer: previewing a set of plausible
and discriminative student behaviors before analyzing the
t-th turn’s dialogue. Inspired by the ZPD theory (Shabani,
Khatib, and Ebadi 2010), which emphasizes the potential for
cognitive growth through guided interaction, we formalize
this preview as a ZPD-Behavior schema. This schema acts
as a structured prior, constraining the subsequent diagnosis.
It categorizes potential behaviors into three zones:

Mastered: Behaviors demonstrated based on prior cog-
nitive state.

Acquirable: Behaviors that can be developed with
teacher guidance.

Inaccessible: Behaviors the student cannot perform even
with guidance.

The zone schema is populated with specific behavioral de-
scriptions and their associated KCs. At turn ¢, the Behavior
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Previewer agent generates this schema, By, by conditioning
an LLM on the prior cognitive state .S;_1, the current ques-
tion’s features (question text e and KC set K.), and a task-
specific prompt, Pp:

By = LLM(S_1, e, K., Py).

The prompt Py is to instruct the LLM to generate ZPD-
Behavior schema, thereby creating a bounded and inter-
pretable hypothesis space for subsequent diagnosis phases.

State Analyzer

The State Analyzer serves as the core diagnostic engine
within the ParLD framework. While other components are
designed to support and refine its diagnosis, this module per-
forms the primary function of inferring the student’s mastery
level for each relevant KC.

The key to its operation is the ZPD-Behavior schema
(B¢), which provides a structured lens through which to in-
terpret the raw dialogue. Instead of analyzing the dialogue in
isolation, the State Analyzer maps the student’s observed be-
haviors in the current turn’s interaction, d;, against the pre-
dicted behaviors outlined in B;. For instance, if the student’s
utterances or problem-solving actions align with behavioral
evidence described in the Acquirable Zone of the schema,
the system can infer a positive shift in mastery for the asso-
ciated KCs. This inference process is formally executed by
prompting an LLM:

St = LLM(St—la Bt7 dt7 €, Pa)'

Here, P, is a prompt engineered to instruct the model to per-
form this evidence-matching and state-updating task. The
output, Sy, is a structured representation of the cognitive
state. As illustrated in Figure 1(b), it contains key-value
pairs for each KC, detailing not only the mastery level
(e.g., Good, Fair, Poor) but also a textual explanation
for the diagnosis (e.g., {"KC1": {"level": "Poor",
"explanation": "..."}}). This structured, explain-
able output is crucial for enabling Al tutors to monitor learn-
ing trajectories and make informed instructional decisions.

Performance Reasoner

While the ZPD-Behavior schema provides strong priors for
the State Analyzer, the framework’s reliability needs to
be further enhanced by incorporating a verifiable feedback
loop. This is the primary function of the Performance Rea-
soner, which enables the Reflector to perform chain reflec-
tion on its diagnostic results.

Specifically, the Performance Reasoner takes the State
Analyzer’s output, the cognitive state S;, and uses it to pre-
dict the student’s final performance (r,.) on the question e.
This predictive task is formulated as:

Yt = LLM(St, €, Pr)

Here, P, represents a prompt specifically designed to elicit
predictive reasoning from the LLM. The resulting output,
Yyt is a structured tuple formatted as (7, Rationale), where
7 is the predicted learning outcome for the current turn (e.g.,
€ {mastered, not mastered}), and “Rationale” provides the
textual justification for this prediction.



Crucially, this prediction is verifiable. Once the student’s
actual performance, 7., is observed at the end of the ses-
sion, it can be compared against the prediction ;. This com-
parison provides a concrete error signal that is essential for
the framework’s self-reflection and refinement, which will
be detailed in the next section.

Chain Reflector via Memory

To enable adaptation in a single learning turn, ParLD is
equipped with a memory system and a reflective mechanism.

Conversation Memory. The Conversation Memory, M,
serves as an episodic buffer for the current learning session.
It is designed to store a complete record of the operations
within each turn, which we denote as a “turn trace”, h;.

At its core, this trace contains the dialogue from the cur-
rent turn d;, the generated ZPD-Behavior schema B;, and
the inferred cognitive state S;. Crucially, if a reflection is
triggered by the Chain Reflector during this turn, the result-
ing R_trace is also appended to h;. After the operations of
turn ¢ are complete, its trace h; is added to the memory. This
update process is formally represented as:

Mt == Mtfl U {ht}
It is noted that conversational memory is ephemeral and

is purged when a new learning conversation begins at a low
storage cost.

Chain Reflector. The Chain Reflector is a critical com-
ponent that drives ParLD’s self-correction process. It is acti-
vated when a discrepancy occurs between the Performance
Reasoner’s prediction and the observed student performance
at each interaction turn. Upon detection of such a discrep-
ancy, the Reflector systematically revisits the entire preview-
analyze-reason chain, querying the Conversation Memory to
identify the root cause of the error.

For example, when auditing the preview-analyze sub-
chain at turn ¢, the Reflector might ask: “Was the cogni-
tive state S; correctly inferred, given the dialogue d; and the
schema B,;?” This inquiry is guided by a specific prompt,
Prefiect> Which generates a structured critique:

RP—>A = LLM(Mta Preﬂect)~

Here, Prefiect 1s the reflection prompt that justifies whether
the ZPD-Behavior schema B; accurately informs the cog-
nitive state S;. The Rp_ 4 is a structured output contain-
ing two key pieces of information: a judgment (e.g., ac-
curate or not) and a critique (a textual explanation for
the judgment). If the reflection indicates that the cognitive
state was inaccurately inferred, the Chain Reflector triggers
the State Analyzer to rerun the diagnosis process, utilizing
Rp_ 4 and the internal memory associated with previous
changes. The diagnosis continues iteratively until the per-
formance prediction is accurate. Additionally, we introduce
a max_num parameter to control the cost in the experimental
setup, limiting the number of reflection iterations.

By leveraging the Chain Reflector via Conversation Mem-
ory, this mechanism ensures that the diagnostic model con-
tinuously adapts, thereby enhancing the accuracy and fi-
delity of its cognitive state diagnosis in subsequent interac-
tion turns.
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Experiments

This section details the empirical evaluation of our proposed
framework, ParLD. The primary objective of ParLD is to
generate accurate, turn-by-turn diagnoses of a student’s cog-
nitive state within a conversational learning context. How-
ever, evaluating the accuracy of these inferred states is inher-
ently challenging, as the true cognitive state is a latent, unob-
servable construct. Therefore, to validate the efficacy of our
framework, we assess its utility through two well-defined
proxy tasks that are directly dependent on the quality of the
generated diagnoses: (1) student performance prediction and
(2) tutoring support. Our experimental design is guided by
the following research questions:

RQ1: How effective is ParLD at predicting student per-
formance compared to baseline models?

RQ2: What are the individual contributions of the Pre-
viewer and Reflector modules to ParLD’s overall perfor-
mance?

RQ3: What is the utility of ParLD’s diagnostic outputs
for enhancing pedagogical decision-making in interactive
learning scenarios?

Dataset
We use the MathDial and CoMTA datasets for experiments:

MathDial (Macina et al. 2023) is a large-scale dataset
comprising 2,861 dialogues. These dialogues feature inter-
actions between human teachers and a student agent simu-
lated by InstructGPT (Ouyang et al. 2022). Each conversa-
tion is goal-oriented, designed to guide the student toward
correctly solving a math problem they had previously an-
swered incorrectly. For our experiments, we strictly adhere
to the official train/test split provided with the dataset.

CoMTA (Miller and DiCerbo 2024) provides authentic in-
teraction data, capturing real student dialogues with an in-
telligent tutoring system from Khan Academy. To ensure a
focused evaluation on clear learning objectives, we curated a
subset of this data by filtering 116 of 188 conversations that
contained clear conversational goals, making them suitable
for our turn-by-turn diagnostic analysis.

The conversations in both datasets are annotated with a
final label indicating whether the student has fully mastered
the question. This valuable label is used to validate the stu-
dent’s performance on the task.

Utilized LLMs

Considering the power, need for structured output, and cost-
effectiveness of the model, we select GPT-4.1 (OpenAl
2025) and GPT-40 (OpenAl 2024) via OpenAI’s API ser-
vice to construct the ParLD agent framework. All LLMs
used in the experiments have their temperature set to 0 to
ensure stable output. Additionally, the maximum reflection
time in the Reflector is set to 2 and 1 in MathDial and
CoMTa, respectively, to save costs. The code is available at
https://github.com/fannazya/ParL.D.



Models MathDial CoMTA
ACCT F11 ACCt F17
DKT 58.72 65.26 51.88 46.40
AKT 57.67 6450 53.84 52.88
DKVMN 55.15 63.04 5231 47.06
SAINT 58.25 6398 5176 47.06
SimpleKT 56.70 63.38 44.58 44.73
ParLD (GPT40) 65.08 64.04 57.02 56.84
ParLD (GPT4.1) 68.72 66.15 57.26 56.91

Table 1: Comparison of model performance on the MathDial
and CoMTA datasets, with the best and second-best mod-
els highlighted in bold and underlined, respectively. The ar-
row T means the higher score, the better performance. These
markers are also for the following results.

Performance Prediction Comparison (RQ1)

Motivation. In this section, we aim to evaluate whether
the cognitive state generated by ParLD accurately reflects
the students’ learning progress. For precise evaluation, we
use the annotated labels as the final learning outcome for
each conversation, comparing them with the predicted out-
comes based on the final cognitive state. Notably, this pre-
diction is made on the final turn without triggering the chain
reflection process.

Baselines and Evaluation Metrics. Given the limited
work on the CLD task, we utilize several Knowledge Trac-
ing (KT) models (Scarlatos, Baker, and Lan 2025) for com-
parisons: DKT (Piech et al. 2015), AKT (Ghosh, Heffernan,
and Lan 2020), DKVMN (Zhang et al. 2017), SAINT (Choi
et al. 2020), and SimpleKT (Liu et al. 2023), which predict
students’ future performance based on their dialogue learn-
ing history. To ensure a fair comparison, we only report the
prediction at the final turn of the conversation. The effective-
ness of the models is assessed using both classification and
regression metrics, including accuracy (ACC) and F1-score.

Table 1 demonstrates that ParLD (GPT-4.1) achieves
state-of-the-art performance on both the Mathdial and
CoMTA datasets, outperforming all traditional KT models.
GPT-4.0 also performs well, ranking second in most met-
rics, except for the F1 score on the Mathdial dataset. Specif-
ically, ParLD (GPT-4.1) surpasses the best-performing DKT
model on the Mathdial dataset by a margin of 10%. This
result underscores the potential of LLMs to significantly im-
prove learning diagnosis tasks, particularly in predicting stu-
dents’ cognitive states and the reasoning behind their final
predictions. Notably, ParLD (GPT-4.1) outperforms ParL.D
(GPT-4.0), highlighting how enhanced LLM capabilities can
lead to more accurate and insightful predictions of learning
progress. This points to a promising direction for future ed-
ucational technologies.

Ablation Study (RQ2)

To isolate the contributions of our proposed modules, we
conducted an ablation study comparing the full ParLD
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Figure 2: The ablation study of ParLD (GPT-4.1) on the
MathDial dataset.

framework against three variants in the performance pre-
diction task. The first variant, w/o P, removes the Behavior
Previewer, thereby analyzing the dialogue directly without
the constraining ZPD-Behavior schema. The second variant,
w/o R, disables the Reflector, which means memory updates
from performance feedback are not incorporated, allowing
us to measure the impact of the reflection mechanism. Fi-
nally, the w/o P+R variant serves as a baseline without both
the Behavior Previewer and Performance Reflector, relying
solely on the State Analyzer for performance prediction.

The experimental results in Figure 2 demonstrate that,
for both GPT-4.1 and GPT-4.0, ParLD outperforms all vari-
ants, confirming the contribution of each component to the
reliability of its learning diagnosis. Notably, the “w/o P”
variant, which relies solely on the State Analyzer, performs
the worst in predicting whether a student has effectively
learned the material. This highlights the critical role of
the preview-analyze chain, supported by the psychological
ZPD-Behavior schema, in providing the necessary context
for the State Analyzer. In contrast, reflecting only on the
analyze-reason chain can mislead the Analyzer, resulting in
less accurate predictions.

Effects on Tutoring Support (RQ3)

In this section, we investigate whether the learning diag-
nosis results can assist the tutor system in enhancing in-
structional strategies to improve conversational learning out-
comes. Evaluating tutoring support is inherently challeng-
ing, as tutoring interventions alter real students’ learning
states, making controlled comparisons impossible. To this
end, we conduct simulation experiments and perform qual-
ity evaluations.

Tutoring Enhancement Simulation

To answer RQ3, we designed a simulation experiment to
evaluate the pedagogical utility of ParLD’s diagnostic out-
puts. The core motivation is that a more accurate cognitive
diagnosis should lead to more effective tutoring instructions,
which in turn should help students solve the problem more
efficiently. We measure effectiveness by calculating the ac-
curacy of simulated students’ answers to the learned ques-



Model Setting CRT Avg. T| Int.Avg. T|
-ParLD 72.22 3.29 2.83
GPT-4.1 -DA 62.96 3.28 3.04
-DR 56.48 3.25 3.39
-ParLD  62.04 343 3.20
GPT-40 -DA 53.70 3.74 3.63
-DR 49.07 3.81 3.63

Table 2: Comparison of GPT-4.1 and GPT-40 in tutoring
support across different settings on the MathDial dataset.
The arrow 1(]) means the higher (lower) score, the better
(worse) performance.

tions when guided by instructions generated from ParLD’s
diagnostic results.

Simulation Setup. We use the same settings as the origi-
nal dataset, simulating students with InstructGPT using the
default profile information, and filtering 108 conversations
where the simulated student did not answer correctly until
the final turn. The simulation proceeds as follows: starting
from the second turn, the teacher’s utterance is modified by
generating improved tutoring instructions based on the cog-
nitive state produced by ParLLD. At each turn, the student’s
response is verified for correctness; if it is correct, the sim-
ulation terminates. We set the maximum number of turns
for each conversation to the original number of turns in the
dataset. The model settings compared are Direct Respond
(DR), which directly responds to the student’s response,
and Direct Analyze (DA), which simply analyzes the stu-
dent’s cognitive state in each turn and generates correspond-
ing teaching instructions.

Evaluation Metrics. We use three metrics as follows:

* Correct Rate (CR): The percentage of simulated dia-
logues that end with a correct student answer.

Avg. Turns (Avg. T): The average number of turns taken
to reach a solution for those dialogues that were success-
fully solved.

Intersection Avg. Turns (Int. Avg. T): The average
number of turns for only those dialogues that were suc-
cessfully solved by all compared models. This metric
provides a fairer comparison of efficiency on a common
set of problems.

Results Analysis. The results show that ParLD (GPT-4.1)
and ParLD (GPT-4.0) significantly outperform both Direct
Respond (DR) and Direct Analyze (DA), with DR per-
forming the worst. Specifically, ParLD with GPT-4.1 helps
72.22% of students effectively learn the material, compared
to just 56.48% with Direct Respond using GPT-4.1. This dif-
ference underscores the superior efficacy of ParLD in facil-
itating effective learning. It also highlights the reliability of
the cognitive states diagnosed by ParLLD, which are essential
for adapting the tutoring process to each student’s needs.
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In terms of average dialogue turns (Avg. T), ParLD with
GPT-4.0 reduces the number of interactions required for ef-
fective tutoring, while yielding results that are similar to
those of DR and DA when used with GPT-4.1. This close-
ness is reasonable because more complex questions natu-
rally require more turns for effective tutoring. The valid ad-
vantage of a lower Int. Avg. T on the common set of prob-
lems solved by all models using ParL.D further supports this
point. The reduced Int. Avg. T indicates that ParL.D not only
improves learning outcomes but also requires fewer dialogue
turns to help students master the material efficiently.

In a word, ParLD offers a dual benefit: it helps students
overcome learning challenges more effectively while requir-
ing fewer interactions.

Quality Evaluations: To further evaluate the diagnostic
quality of ParLD, we sampled 20 simulated conversations
and assessed the reliability of the inferred cognitive states.
Two mathematics-proficient students rated the diagnostic re-
sults in terms of Accuracy and Coherence using a 3-point
scale (1 = worst, 3 = best). ParLLD outperformed DA (2.475
vs. 2.1 in Accuracy; 2.7 vs. 2.425 in Coherence), indicating
its advantage in conversational learning diagnosis.

Case Study (RQ3)

In this section, we present a specific case of multi-turn con-
versational learning diagnosis and tutoring from the Math-
Dial dataset to demonstrate the strong learning diagno-
sis and tutoring enhancement capabilities of our proposed
framework. By comparing DR (Direct Respond) and ParLD-
supported tutoring (Figure 3(a) and (b)), we can observe that
ParL.D effectively mines evidence of areas where the student
struggles, such as Subtraction. In the following turn, the tu-
toring system generates targeted instructions focused on this
Subtraction KC, helping students identify and fill knowl-
edge gaps, ultimately enhancing learning outcomes. The DR
cannot capture the student’s confusion and merely describes
the question without specifying the underlying knowledge
concept. As a result, the student tutored by DR fails after 10
dialogue turns, whereas ParL.D achieves the correct answer
in just three turns.

Related Works
Learning Diagnosis

Learning Diagnosis aims to model and understand student
learning processes by analyzing educational data (Clow
2013). Within this field, two prominent lines of research are
Knowledge Tracing (KT) and Cognitive Diagnosis Models
(CDMs). The KT research line (Liu et al. 2025; Gao et al.
2025a) focuses on predicting student performance by track-
ing knowledge evolution over time. This area has progressed
from foundational models like Bayesian Knowledge Tracing
(BKT) (Yudelson, Koedinger, and Gordon 2013) to modern
deep learning approaches DKT (Piech et al. 2015) and its
advanced variants (Ghosh, Heffernan, and Lan 2020; Shen
et al. 2021; Liu et al. 2019). CDMs, conversely, aim to infer
students’ fine-grained proficiency on specific skills based on
their question responses. This includes classic models like



they charge me for gratuities?

Question: A shady restaurant is charging customers gratuities after taxes without them being aware. If my total bill was
$140, the sales tax in my city is 10%, I ordered a NY Striploin for $80, and I ordered a glass of wine for $10, how much did

Teacher/Tutor:Hi Rishi! Could you walk me through your solution?

First
turn

Student: Sure. The total cost of food and drinks before taxes and gratuities is 80+10 = $90. Then,
the tax on the food and drinks is 10/100 x 90 = $9. The total bill including tax is 90+9 = $99. .....

Simulated Tutoring

GPT 4.1-DR (Left)
Teacher/Tutor: [s the gratuity 10% of $140, or
is $140 the total after both tax and gratuity have
already been added? Try expressing the total bill

as: (food + drink) + tax + gratuity = $140, and Plain statements|
without KC hint'

solve for the gratuity.

Student: Okay, let me try that. So, (80+10) +
(10/100 x (80+10)) + gratuity = $140. This
simplifies to 90 + 9 + gratuity = $140. Then,
gratuity = $140 - 99 = $41. So, the gratuity is
actually $41, not $14. I see now that I made a
mistake by not considering the tax and gratuity
as separate amounts. Thank you for helping me
understand this problem better.

Second
turn

Failed after 10 dialogue turns.

Sup?t/

Teacher/Tutor: The gratuity is not 10% of the
total bill. Instead, use subtraction: What do you
get if you subtract the subtotal (food + tax) from
the total bill?

GPT 4.1-ParLD (Right)

Cognitive state from ParLD:
{ "Subtraction": {"level": "poor", " explanation ": Rishi
does not use subtraction to isolate the gratuity...},

/1...}

Student: Oh, I see. If I subtract $99 from $140, I
get $41. So the gratuity is actually $41. Thank
you for the hint, it makes more sense now.

Succeeded after 3 dialogue turns.

Figure 3: A specific case of multi-turn conversational learning diagnosis and tutoring from the MathDial dataset.

Item Response Theory (IRT) (Lord 1980) and more recent
methods like NeuralCDM (Wang et al. 2020), which lever-
ages neural networks to model complex student-question in-
teractions. Additionally, recent deep learning-based CDMs
have been developed to address practical challenges in on-
line education, such as item scarcity (Chen et al. 2023; Yao
et al. 2023), zero-shot diagnosis (Gao et al. 2024), and noisy
interactions (Yao et al. 2024). A primary limitation of cur-
rent methods is their fundamental reliance on structured, dis-
crete data, such as right/wrong answers to questions. This
makes them inherently ill-suited for the unstructured, open-
ended nature of turn-by-turn conversational learning.

Conversational Learning

Conversational learning (Jensen 2002; Thomas 1994) lever-
ages dialogue as a primary mechanism for knowledge ac-
quisition and skill development. Early pioneering works
in this area, often categorized as Intelligent Tutoring Sys-
tems (ITS), laid the foundational principles. Systems like
AutoTutor (Graesser et al. 2004) and other tutorial dia-
logue systems (Olney, Graesser, and Person 2010) used tech-
niques such as Latent Semantic Analysis (LSA) and scripted
dialogue moves to guide students. However, these tradi-
tional systems often relied on heavily pre-authored con-
tent and rule-based dialogue managers, which made them
labor-intensive to build and limited their flexibility. The
advent of Large Language Models (LLMs) has catalyzed
a paradigm shift in conversational learning (Milano, Mc-
Grane, and Leonelli 2023), overcoming many of these tra-
ditional limitations with their extraordinary knowledge and
strong interactivity. Existing research has focused on lever-
aging LLMs as powerful tutors or educational tools for ap-
plications such as Socratic teaching (Liu et al. 2024a; Ding
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etal. 2024), generating dynamic learning scaffolds (Liu et al.
2024b), and recommending personalized learning paths (Lv
et al. 2025; Cao and Wu 2025), behavior simulation (Zhang
et al. 2025; Gao et al. 2025b). However, in many of them,
learning diagnosis is treated as an intermediate step for a
downstream task, rather than a primary research objective.
This highlights a remaining gap in leveraging the full poten-
tial of LLMs for dynamic, reliable learning diagnosis within
conversational settings.

Conclusion

In this paper, we addressed the critical challenge of unre-
liable and psychologically ungrounded learning diagnosis
in conversational learning environments. To tackle this is-
sue, we introduced ParLLD, a novel preview-analyze-reason
agent framework that leverages multi-agent collaboration
for a more robust diagnosis of students’ cognitive state. Un-
like prevailing approaches that rely on direct and often brittle
prompting of language models, ParLLD implements a struc-
tured, iterative process. By first generating a Behaviour Pre-
view schema, then using a State Analyzer to interpret the live
dialogue in context, and finally leveraging a Performance
Reasoner for self-reflection, ParLLD establishes a more reli-
able analytical loop. Our experiments, focusing on the prac-
tical utility of the diagnosed states, demonstrated ParL.D’s
effectiveness. The cognitive state produced by our frame-
work significantly enhanced the accuracy of student perfor-
mance prediction and proved valuable for informing appro-
priate tutoring support. In conclusion, ParLD represents a
significant step towards more reliable, insightful, and action-
able learning diagnosis, providing a foundational component
for the next generation of truly adaptive conversational tutor-
ing systems.
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