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Abstract

Cognitive Diagnosis (CD) models are constrained by the data qual-
ity of students’ response logs. Recent advancements in Large Lan-
guage Model (LLM) based data augmentation show promise for
enhancing CD. However, ensuring the reliability and accuracy of
LLM-generated annotations remains a significant challenge. In this
paper, we propose Multi-Agent based Concept Augmentation for
Cognitive Diagnosis (MACA-CD), a novel approach that enhances
CD by generating and fusing reliable concept descriptions and rela-
tions based solely on concept names. MACA-CD consists of two
main components: (1) a Multi-Agent Debate (MAD) based concept
augmentation process that generates diverse and reliable concept
descriptions and relations, reducing reliance on behavioral data.
For concept descriptions, two agents generate outputs that include
definitions, core features, and real-world applications, and continue
debating until a judge agent determines that consensus has been
reached. Concept relations are then identified using a Breadth-First
Search approach to efficiently and progressively uncover relation-
ships based on concept descriptions, with each step carried out
by MAD. (2) a concept augmentation-enhanced CD model that re-
fines concept embeddings using a graph self-supervised learning
fusion layer and a pairwise comparator-based Description Fusion
Layer, leading to more reliable and accurate concept embeddings.
Experimental results on three real-world datasets show that MACA-
CD consistently outperforms existing methods under various real-
world scenarios.
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1 Introduction

Among Al applications in education [38, 39, 54, 55, 58], Cognitive
Diagnosis (CD) [12] has been widely studied for its capacity to
support fine-grained and personalized requirements [42, 45]. Re-
cent advances in neural network-based CD (NCD) models have
demonstrated superior capability in capturing fine-grained mastery
levels over various knowledge concepts [49, 56], which serves as
the foundation for various downstream tasks, such as course rec-
ommendation [35, 59, 66], computerized adaptive testing [70], and
education level comparison across regions [22].

Although NCD models have shown strong performance across
various tasks, recent studies highlight their heavy reliance on data
quality [23, 29]. On the one hand, a key advantage of NCD models
is their ability to provide fine-grained estimates of each student’s
mastery over individual knowledge concepts. However, achieving
such high-precision diagnostics often requires sufficient interac-
tions between students and all concepts [44]. On the other hand,
NCD models typically assume that users have adequate interaction
records during the training phase. This assumption limits their
robustness in practical scenarios. For instance, in cold-start set-
tings, some students may exhibit very few interactive behaviors
during training, making accurate diagnosis difficult [30]. Similarly,
in inductive scenarios—where users unseen during training appear
at test time, possibly with abundant behavior data—existing NCD
models still require retraining to accommodate them, revealing a
lack of flexibility and generalization capability [29].

One promising direction for enhancing CD is leveraging auxil-
iary information, such as descriptive texts [30, 50] or dependencies
among knowledge concepts [13, 25]. However, collecting such data
often requires time-consuming expert annotation. Motivated by
recent advances in Large Language Models (LLMs), researchers
have proposed using LLMs to generate detailed descriptions that
enhance CD performance [15, 30, 33]. These approaches typically
utilize entity names, corresponding behavioral data, and carefully
crafted prompts to guide LLMs in the automatic annotation process.
Despite their effectiveness, these methods face two major limita-
tions: (1) Existing approaches rely on feeding behavioral data into
LLMs, thereby failing to eliminate the dependency on high-quality
behavioral data. In other words, they remain ineffective for students
who lack behavioral data during the training process. (2) Existing
approaches rely solely on single-pass LLM generation, making it
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difficult to ensure the reliability and consistency of the outputs.
The generated descriptions are often sensitive to prompt design
and may vary across runs, lacking mechanisms for verification or
refinement.

To this end, we propose Multi-Agent based Concept Augmentation
for Cognitive Diagnosis (MACA-CD), which focuses on how to
generate reliable concept descriptions and relations solely based
on concept names. Specifically, MACA-CD can be divided into two
main parts. First, to improve annotation stability and accuracy, in-
spired by the recent success of LLM based agents [27, 31, 52, 61], we
propose a Multi-Agent Debate (MAD) based concept augmentation
process, which focuses on generating diverse and reliable concept
descriptions and relations by leveraging multiple debating agents
and a judge agent. Notably, to improve the efficiency of generating
concept relations while ensuring quality, we design a three stage
relation generation method based on the Breadth-First Search (BFS)
approach. This process relies solely on concept names, ensuring
it is not affected by sparse behavioral data. Second, we propose a
novel concept augmentation-enhanced CD model, which integrates
the generated concept relations and descriptions to refine concept
embeddings in CD. For concept relations, we introduce a graph
self-supervised learning concept fusion layer to improve represen-
tation quality. For concept descriptions, we propose a pairwise
Comparator-based Description Fusion Layer, which innovatively
generates fusion weights based on the reliability of free embeddings.
Extensive experiments have been conducted on three real-world
datasets, demonstrating stable improvements of MACA-CD under
scenarios of cold-start students, zero-shot concepts, and standard
random splits. Our main contributions can be summarized as:

o To address the limitations of dependency on behavioral data and
reliability, we propose MACA-CD , which utilizes a Multi-Agent
Debate-based concept augmentation process.

e To leverage the concept augmentation, MACA-CD further in-
troduces a concept augmentation-enhanced CD model to refine
concept embeddings.

o Extensive experiments on three real-world datasets demonstrate
the stable effectiveness of MACA-CD under scenarios of cold-
start students, zero-shot concepts, and standard random splits.

2 Related Work
2.1 Cognitive Diagnosis

Typically, educational CD models involve with the student set S
(IS| = M), the exercise set E (|E| = N), and the concept set K
(IK| = T) [12, 14, 24]. These models take students’ response logs
R = {(m, n, rmn)} and expert-labeled exercise-concept relations Q =
[qnt] NxT as input, and output students’ comprehension levels on
all concepts C [41, 49]. rpyp = 1 indicates that student m’s correctly
answer exercise n; while rp,, = 0 indicates a wrong answer. gp; = 1
indicates that exercise n is related to concept t.

To further boost CD performance, researchers have studied how
to incorporate supplementary information to enhance CD perfor-
mance, e.g., integrating concept relations via graph neural network
and bayesian network [13, 25, 28]. Other studies have also empha-
sized the value of textual data [33, 50]. However, this approach
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incurs additional costs and may introduce errors in the annota-
tions—for example, the presence of cyclic concept dependencies ob-
served in Junyi [8]. Inspired by recent success of LLMs, researchers
have proposed leveraging LLMs for data or representation augmen-
tation [11, 15, 33]. For example, Liu et al. introduce exercise and
concept refiners based on entity descriptions and entity behaviors
to generate more coherent and reasonable detailed descriptions [33].
Gao et al. utilize LLM-based agents to simulate diverse students
based on their profiles and historical behaviors, thereby generating
additional behavior data [15]. Although effective to some extent,
these methods face two key limitations. First, the quality of LLM-
generated content is not always reliable. Second, they still rely
on entity behavior data, making them less effective for cold-start
scenarios.

2.2 Multi-Agent Debate

Recent studies suggest that enforcing structured or unified con-
ditional frameworks can effectively help improve generation con-
sistency under complex constraints [46, 47]. Among these gen-
eration methods, Multi-Agent Debate (MAD) has emerged as a
promising approach [7, 27, 40, 67]. MAD systems leverage multiple
agents to express arguments and introduce a judge agent for final
responses, particularly excelling in tasks requiring deep contempla-
tion [27]. Efficiency studies demonstrate that sparse communication
topologies achieve comparable performance with reduced compu-
tation [26], while group debate frameworks facilitate knowledge
sharing through inter-group interactions [31].

Given MAD’s capacity for reliable generation, researchers now
deploy it for high-quality data augmentation [17, 19, 68]. For exam-
ple, ALGPT employs dynamic multi-agent teams for autonomous
multimodal annotation [69], while FMAD generates labeled reason-
ing datasets by evaluating stepwise contributions via confidence
metrics from multi-agent systems [68]. Despite growing adoption
of MAD for data augmentation, few work has explored its applica-
tion in educational contexts. To address this gap, we pioneer MAD
for educational knowledge structuring, leveraging multi-agent de-
bate to generate two types of reliable outputs: (1) comprehensive
concept descriptions (79¢5) and (2) a directed concept dependency
graph (P). This approach harnesses MAD’s deliberative strengths
to construct accurate augmentation for the CD task.

3 The Proposed MACA-CD

Our proposed MACA-CD comprises two main components. One
is a Multi-Agent Debate (MAD) based concept augmentation mod-
ule. After obtaining the augmentations, the other component is
a concept augmentation-enhanced CD model, which focuses on
efficiently fusing the augmentations to improve CD performance.

3.1 MAD based Concept Augmentation

Figure 1 illustrates the process of the MAD based Concept Aug-
mentation. Existing LLM-based approaches for augmenting CD,
which often assume access to rich context (e.g., student interaction
logs, linked exercises). We focus on addressing a more challenging
cold-start scenario where only the concept name is available.

3.1.1 The components of MAD. As shown in Figure 1, we follow
the standard MAD setup [27, 60], which consists of two debating
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Figure 1: The process of Multi-Agent Debate based Concept Augmentation.

agents (Dy, D1) and a judge agent (J'). We encourage two debating
agents (Dp and D) to generate diverse responses by setting a
high temperature. In the first round, Dy and D; receive the same
task query. In subsequent rounds, each agent must reference the
other’s output and engage in a structured debate. The judge agent
J evaluates the outputs:

True, consensus is reached

T (Do(qo), D1(q1)) ={ (Y]

False, otherwise,

where g, g1 denotes the input for two debating agents, respectively.
If consensus is reached, J will end the debate and we can take one
of (Dy(qo), D1(q1)) as final output; otherwise another round of
debate will happen. In the following sections, we will introduce
the process of augmentation from both side of concept descriptions
and relations.

3.1.2  Concept Description Augmentation. This process can be for-
mulated as 79 = MAD(774™¢). The initial query to MAD is
designed to generate rich concept descriptions from multiple per-
spectives: (1) providing a clear definition grounded in academic
or industry consensus, along with a delineation of concept bound-
aries; (2) listing two core features with concise explanations; and
(3) highlighting one or two real-world examples to demonstrate
practical applications. The process is repeated until all concepts
have been successfully processed.

3.1.3  Concept Relation Augmentation. After generating the con-
cept descriptions, we turn our focus to enhancing the relationships
between concepts. While concept descriptions provide valuable
contextual information, understanding how these concepts relate
to one another is equally important. Following HierCDF [25], we as-
sume that concept relations inherently involve dependencies, with
certain concepts relying on others for their definition or understand-
ing. Consequently, we model these relations as a Directed Acyclic
Graph (DAG) P, where the directionality of the edges represents
the dependency relationships between concepts. A straightforward
approach to discovering such structure is to employ LLM-based
causal inference. However, existing methods typically require ex-
haustive pairwise reasoning [1, 48] or are heavily dependent on
prior knowledge [3, 4].

To overcome these limitations about efficiency [51, 53], we draw
inspiration from Breadth-First Search (BFS) [6, 20] and decompose
the concept relation augmentation process into three sequential

stages, each implemented using MAD to ensure the reliability of
the generated outputs. Below, we provide a detailed introduction
to the three stages:

(1) Graph initialization stage. We begin by identifying root
concepts—those that are not causally dependent on any other con-
cept. Formally, a concept t € K is considered a root if:

Vt e K\t, -causes(t,t) (2)

All agreed-upon root concepts are inserted into a BFS queue 8 to
initialize the construction of the DAG. Throughout the following
two stages, we maintain two dynamic sets: Nyisited, Which tracks
the concepts that have already been explored, and 8, a queue of
candidate concepts for BFS traversal.

(2) Graph exploration stage. In this stage, we aim to guide
the process using BFS to explore child nodes for each unexplored
concept in B. First, we dequeue a concept ¢ from the front of 8
and mark it as visited by adding it to NVyisjteq to avoid revisiting the
same concept. Next, we identify child nodes for the current concept
t. The set of unexplored nodes can be represented as:

K\ (Nvisited U B) (3)

After determining the set of child nodes using MAD, we cannot
immediately decide whether adding an edge for each child concept
is appropriate. Instead, we temporarily store the identified children
in a candidate set Nimp, leaving the final decision for the next stage.

(3) Graph adjustment stage: For each concept in Nymp, we
tentatively add an edge from ¢ to the concept t and verify whether
this addition maintains the DAG property. If no cycle is introduced,
the edge is retained (p,; = 1); otherwise, it is discarded (p, 7 = 0).
Next, we append any newly discovered child concepts (i.e., those
not already in B) to the end of B for further exploration.

Note that, the exploration and adjustment stages alternate until
all concepts have been visited in a BFS-consistent manner (all con-
cepts have been added to N _visited). This procedure progressively
expands the graph while preserving its acyclic structure, forming
the final DAG P. By leveraging BFS, we avoid the inefficiency of
exhaustive pairwise exploration; meanwhile, the use of MAD helps
mitigate the uncertainty inherent in LLM-generated outputs.

3.2 Concept Augmentation-enhanced CD model

The next step is to integrate these enhanced concept represen-
tations into the CD model. Note that, concept embeddings O =
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[01,...,0¢, ..,0r] " play a central role in modeling both student com-
prehension and exercise difficulty in current CD models [33, 50].
Therefore, we focus on how to incorporate external information to
enhance concept embeddings O.

3.2.1 Graph Self-Supervised Concept Fusion Layer. To effectively
integrate hierarchical relations among concepts, we aim to prop-
agate and fuse semantic information over the concept graph. To
this end, we employ a LightGCN-style encoder that refines concept
embeddings by aggregating signals from their graph neighbors [18].
The propagation process at the k-th layer can be defined as:

ok = f’O(k_l), (4)

where 0%) and 0*~1 denote the concept embedding matrix at
k-th and k — 1-th layers, respectively. P denotes the normalized
version of the concept relation graph P.

However, since the concept graph is constructed based on LLM-
generated content, it inevitably contains noisy or spurious edges. In
addition, not all relations in DAG are equally reliable or beneficial
for the downstream CD task. To address this, inspired by recent
advances in graph self-supervised learning [32, 57, 64], we introduce
a representation-level augmentation strategy. Specifically, for each
concept embedding o, we generate two perturbed views at the k-th
as follows:

o) = o 1 a7, 0/ = o 17, ®
where A, and A} denote the added noise, which are subject to
Al = eand A = A ® sign(ogk) ), A € R? ~ U(0,1). This design
ensures that perturbations lie on a hypersphere and remain in the
same hyperoctant as the original embedding, preserving semantic
consistency. The overall graph representations can be formulated
aso; = Y 0'*). To encourage robustness and invariance under such
augmentations, we apply a contrastive learning objective that pulls
positive pairs (o}, 0;") closer while pushing apart other embeddings
in the batch. The final self-supervised loss is formulated as:

T -
Lt = Y ~log— b0 0t )]0 ©)
t=1 Yi=1 exp((o} - 07)/7)
where 7 denotes the temperature parameter that controls the con-
centration level of the distribution in the contrastive softmax func-
tion. A lower 7 sharpens the distribution, encouraging stronger
distinctions between positive and negative pairs.

3.2.2  Pairwise Comparator based Description Fusion Layer. Al-
though the semantic embedding 0%¢** contains rich textual infor-
mation, a key challenge remains: how to effectively combine it with
the original ID embedding o;. As shown in Figure 2, to address the
challenge, we adopt a simple MLP to project the textual embedding
o}¢x! into the same dimensional space as the ID embedding. Then,
we propose a dynamically weighted fusion strategy defined as:

oj:i'wl =(1-g:) - MLP(0}**") + g; - 04, (7)

The key lies in determining the concept-wise weight g;, which re-
flects the degree to which the ID embedding should be trusted. Our
intuition is that if a concept has been sufficiently trained through
student behavior data, its ID embedding o, already captures mean-
ingful information. In such cases, g; should be higher to favor the
ID embedding. Conversely, for concepts that lack sufficient opti-
mization—indicated by their ID embedding remaining close to its
initialization—we should down-weight o, and rely more on the
semantic embedding. To realize this adaptive fusion, we design a
gating mechanism that learns the concept-wise confidence score
g+ based on the relationship between the current ID embedding o,
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and its initialization o™*. Rather than relying on predefined met-
rics such as Ly or KL divergence, we adopt a pairwise comparator
network that captures richer interaction signals [9, 63], as follows:

ge = max({,a(MLP(y/(0; - 0f™")2; 0, © 0f™']))). ®

This design allows the model to learn flexible, non-linear patterns
to identify which concept embeddings are under-trained and should
rely more on textual semantics. However, one issue with this design
is during initialization: at the start, the distance between oi,“lt and
o; is too close, leading to an input that is all zeros. In this scenario,
the MLP does not receive sufficient training. To address this, we
introduce a truncation coefficient ¢, where if g, is less than ¢, it is
set to ¢. This ensures the model avoids the problem of receiving
zero inputs during the early stages of training.

3.2.3 Diagnosis Layer. To obtain comprehension matrix C and dif-
ficulty D, we follow KaNCD [50] by combining latent embeddings
of students, exercises and concepts via a simple yet effective proba-
bilistic matrix factorization [36], formulated as:

inal inal
Cmt = 0-(< um,oj; >)> dnt = 0-(< Vmo{ >), (9)

where o represents the sigmoid activation function, u,,, denotes the
student m’s embedding, v,, denotes the exercise n’s embedding, and
o; denotes the concept t’s embedding. <, > denotes the inner dot.
The remaining question is how to establish the relationship between
representations and predicted outcomes [33, 49, 57]. In this paper,
we adopt a simple yet effective diagnostic function, SimpleCD [33],
which is formulated as follows:

Xmn = Qn © (0(cm) — o(dn)), (10)
where x,,, denotes the hidden vector for student m and exer-
cise n. MLPs are used to map x,,, to final prediction #,,,, for-
mulated as #,, = MLPs(Xy;n) . The comprehension matrix C =
[et, - s€ms. ., em]T € RMXT denotes students’ comprehension
levels across all concepts. D = [dy,...,dp,. .., dy]T € RNXC de-

notes exercise difficulty. Finally, we adopt binary cross entropy loss
for model optimization:

Lea = Z

(m,nrmn€Rerain)

_[rmnlogﬁ'mn) +(1- rmn)lfJg(l —mn)], (11)

where R;,qin denotes the training set. By combing Eq.(11) and
Eq.(6), we can obtain the overall loss as follows:

Lan = Lea + BLssi, (12)

where f denotes the balancing parameter between CD task and
self-supervised learning.

3.3 Model Discussion

We provide analyses about concept augmentation and the proposed
augmentation-enhanced CD model, respectively.

Concept augmentation Process (Section 3.1): For concept
description augmentation, our method requires O(T) MAD calls,
where T denotes the total number of concepts. In other words,
although each MAD call may involve multiple rounds of agent
interaction, the number of outer-loop calls scales linearly with T.
As for relation augmentation, our method adopts a batch reasoning
strategy to reduce complexity. During the graph initialization stage,
for each concept, we prompt to the MAD whether it is causally
dependent on any other concept in the set. This requires O(T) MAD
calls. During the graph exploration stage, we dequeue one concept
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Figure 2: The overall structure of Concept Augmentation-enhanced CD model.

and query its causal links to the remaining unexplored concepts
in batch at each step, leading to O(T) total MAD calls. During the
graph adjustment stage, we validate whether adding a new edge
would introduce a cycle. This is also done in batch per parent node,
maintaining O(T) MAD calls overall.

Augmentation-enhanced CD model (Section 3.2): Compared
to KaNCD [50], Our model introduces two augmentation-driven
modules to enhance concept representations. For the graph self-
supervised concept fusion, at each layer, we perform sparse matrix
multiplication, and the additional time complexity is O(&E| - d),
where |E| denotes the number of edges in concept DAG P and d
is the dimension of O. The self-supervised learning loss involves
comparing perturbed views of concept embeddings, which requires
O(T? - d) operations. For the description fusion, the gating mecha-
nism is computed per concept, yielding a lightweight complexity
of O(T - d). Due to page limitations, we have placed other models
discussions in Appendix, e.g., pseudo codes for the concept relation
augmentation process.

4 Experiments
In the section, we try to answer these Research Questions (RQ):

RQ1: Does MACA-CD outperform baselines across all datasets?
(Section 4.2)

RQ2: Are both components in MACA-CD essential for cognitive
diagnosis? (Section 4.3)

RQ3: How does the choice of LLM backbones influence CD per-
formance? (Section 4.4)

RQ4: How does MACA-CD perform under different hyperparam-
eter configurations? (Section 4.5)

RQ5: Does MACA-CD maintain its competitiveness when evalu-
ated with alternative DOA metrics? (Section 4.6)

Table 1: The detailed statistics of three datasets.

Dataset Eedi-2020 SLP XES3G5M
#Students 4,918 1,760 2,000
#Exercises 948 1,346 1,624
#Concepts 53 60 2,41

#Response Logs 1,382,727 135,788 207,204
Q Density 1 1 1
#Sparsity 98.922% 94.268% 93.621%

4.1 Experimental Settings

4.1.1 Datasets. We select three publicly available datasets for the
experiments, i.e., Eedi-2020!, SLP [65], and XES3G5M [34]. All these
three datasets provide three essential elements: students’ response
logs on exercises, exercise-concept relations Q, and concept names.
The detailed statistics of these datasets are in Table 1. Sparsity
denotes the sparsity of the dataset, calculated as ‘RI . Q Density
denotes the average number of concepts per exercise. To establish
well-defined experimental settings, we performed careful data cura-
tion: for the Eedi-2020 dataset, we specifically selected response logs
from Tasks 3 and 4, excluding students with fewer than 10 response
records to ensure data reliability. The SLP dataset was constructed
by combining response logs from three core disciplines (Biology,
Mathematics, and Physics), similarly applying the 10-response min-
imum threshold for student inclusion. Following the established
practice in [33], we randomly sampled 2,000 students from the
XES3G5M dataset - a substantial sample size that adequately sup-
ports both model training and evaluation in cognitive diagnosis

!https://eedi.com/projects/neurips-education-challenge
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research. To maintain conceptual clarity, our analysis exclusively
focused on leaf-node knowledge concepts for the XES3G5M dataset.

4.1.2  Evaluation and Settings. Following previous works [13, 57],
we adopt two widely-used evaluation metrics: Area Under the
Curve (AUC) [37], and Degree of Agreement (DOA) [30, 50]. While
AUC assess predictive performance, DOA specifically quantifies
the alignment between predicted concept comprehension levels
and actual student response patterns. Consistent with the method-
ology in [43, 44], we primarily report DOA results on the testing
set in our main findings, reserving discussion of alternative DOA
configurations for subsequent experimental analyses. This multi-
metric approach enables comprehensive evaluation of both overall
performance and fine-grained concept mastery prediction.

To systematically evaluate performance of MACA-CD under
different settings, we adopt the following three distinct data parti-
tioning strategies: (1) A standard random split where all response
logs are divided into training and test sets at the ratio of 8:2; (2) A
cold-start scenario where students are first split equally into warm
and cold groups - all response logs from warm students are included
in the training set, while for each cold student, a maximum of 2
response logs are allocated to training with the remainder assigned
to the testing set; (3) A zero-shot concept scenario where 20% of
concepts are randomly selected and all associated response logs
are exclusively placed in the test set, ensuring the training set con-
tains no information about these withheld concepts. These three
experimental settings allows us to rigorously assess MACA-CD ’s
capabilities across standard, cold-start, and zero-shot scenarios.

4.1.3  Baselines. We select the following representative CD models
as baselines:

o NCDM ([49]. It applies neural networks into CD, and uses high-
dimensional representations to represent students’ abilities.

e KaNCD [50]. It adopts matrix factorization techniques on rep-
resentations of student abilities and exercise difficulties.

e ISG-CD [43]. It focuses on how to better utilize the student-
exercise bipartite graph based on subgraph construction and
information bottleneck principles.

e IDCD [23]. It introduces an encoder-decoder based diagnostic
module with inductive learning to guarantee identifiability.

e DFCD [33]. It leverages LLMs to refine exercise/concept coher-
ence, then fuses these semantic features with response-specific
patterns to enhance CD.

It should be noted that MIRT lacks the capability for concept-
specific diagnosis, as it represents student ability through undiffer-
entiated latent embeddings and thus cannot infer comprehension
levels on individual knowledge concepts (nor measure DOA). For
fair comparison with DFCD, which enhances both concept and
exercise texts through textual and behavioral data—we retain only
its concept-side augmentation in our experiments, as our method
does not utilize exercise texts.

4.1.4 Hyperparameter Settings. For the MAD component, we em-
ploy Qwen3-Turbo [62] with its temperature parameter set to 0.5 to
promote diversity across all datasets. Regarding the CD model con-
figuration: (1) we maintain a consistent batch size of 8,192 student-
exercise response logs through random sampling; (2) the learning
rate is tuned from {0.0001, 0.0005, 0.001, 0.005, 0.01} for all models,
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with the Adam optimizer [21] universally applied; (3) the free em-
beddings (i.e., up,, v, and o;) are fixed at 16 dimensions. For graph
self-supervised learning, we perform hyperparameter searches on:
(i) the graph propagation depth {1,2,3,4} in Eq.(4), (ii) the balancing
coefficient $ in Eq.12 across {0.1, 0.01, 0.001, 0.0001, 0}, while fixing
the contrastive temperature 7 in Eq.6 at 0.2. The threshold in Eq.
(8) is searched from {0, 0.2, 0.4, 0.6, 0.8}.

4.2 Overall Performance

We report overall performance in Table 2. There are several obser-
vations from these three tables.

e First, our proposed MACA-CD consistently outperforms base-
lines across all three scenarios. It yields about 1% AUC improve-
ment for cold-start students, over 0.6% gains in standard settings,
and achieves the largest improvements—at least 5% AUC—in the
challenging zero-shot concept scenario.

e Second, while ISG-CD shows relatively strong performance in
standard random scenarios, this advantage disappears in cold-
start and zero-shot conditions. For instance, its AUC drops below
KaNCD'’s by nearly 5% for cold-start students on the Eedi-2020
dataset. This limitation occurs because ISG-CD requires exist-
ing edges - a condition unmet when handling new students or
exercises related to zero-shot concepts in the testing set.

o Third, our analysis reveals DFCD also demonstrates strong per-
formance across all scenarios. This outcome serves dual signifi-
cance: (1) it validates the necessity of using LLMs for educational
data augmentation, and (2) confirms the superior effectiveness
of the MAD based concept augmentation process compared to
direct prompting.

o Finally, MACA-CD shows substantially larger gains in cold-start
and zero-shot settings than in standard scenarios. This supports
the principle in Eq. 8: when sufficient behavioral data are avail-
able, cognitive diagnosis models already perform well, whereas
augmentation becomes crucial in data-sparse cases. These re-
sults confirm that our data augmentation pipeline is essential
for practical educational scenarios with limited behavioral data.

4.3 Ablation Study

The core idea of MACA-CD lies in how to utilize Concept Descrip-
tion and Relation Augmentation to enhance Cognitive Diagnosis
(CD). In this section, we conducted ablation studies to analyze
whether each of these two modules is effective individually. Specif-
ically, we considered the following experimental setups: when nei-
ther Section 3.1.1 nor Section 3.1.2 is applied, the model is equivalent
to SimpleCD (a simplified model proposed in [33]); when Section
3.1.1 and Section 3.1.2 are applied individually, and when both
modules are used together (i.e., MACA-CD). The results of these
ablation studies on the SLP dataset are shown in Figure 3.

«SimpleCD
Sec3.2.1
Sec3.22
MACA-CD

0s | NME= = 05
AUC DOA

AUC DOA AUC
(a) Cold-start Students (b) Zero-shot Concept (c) Standard Random

Figure 3: Ablation Study on the SLP dataset.
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Table 2: Overall performance under various scenarios across three datasets. The optimal results are marked in bold, while the
second-best are underlined. Asterisks (*) denote performance improvements that are statistically significant.

Metric Eedi-2020 SLP XES3G5M
Model AUC DOA AUC DOA AUC DOA
Cold-start Students Scenario
NCDM 0.6699 0.5237 0.7224 0.5564 0.6881 0.4944
KaNCD 0.6903 0.5755 0.7348 0.5662 0.6916 0.5122
ISG-CD 0.6562 0.5365 0.7092 0.5952 0.6931 0.5658
IDCD 0.6718 0.5616 0.7263 0.5702 0.6942 0.5495
DFCD 0.6922 0.5942 0.7359 0.6341 0.6987 0.5762
MACA-CD 0.7024* 0.6131" 0.7428* 0.6396" 0.7072* 0.6047
Zero-shot Concept Scenario
NCDM 0.4961 0.4897 0.5012 0.5155 0.5134 0.5089
KaNCD 0.4993 0.4535 0.5127 0.5216 0.5038 0.4825
ISG-CD 0.6575 0.6849 0.5477 0.5505 0.5641 0.5643
IDCD 0.5727 0.7033 0.5448 0.5401 0.5120 0.6614
DFCD 0.6623 0.7244 0.6389 0.7054 0.6085 0.6842
MACA-CD 0.6991" 0.7263" 0.6952* 0.7544* 0.7068* 0.7024*
Standard Random Scenario
NCDM 0.7632 0.6716 0.8110 0.7406 0.7351 0.5477
KaNCD 0.7724 0.7164 0.8153 0.7413 0.7681 0.6360
ISG-CD 0.7788 0.7202 0.8187 0.7429 0.7782 0.6706
IDCD 0.7762 0.7218 0.8171 0.7402 0.7655 0.6602
DFCD 0.7780 0.7211 0.8168 0.7425 0.7704 0.6688
MACA-CD 0.7844* 0.7235* 0.8236" 0.7466* 0.7930* 0.7056*

From the ablation studies, we observe the following key findings:
First, both modules prove to be effective across different scenarios,
indicating that both are necessary. Second, we found that the effects
of the two modules are most significant in the zero-shot concept
scenario, while the improvements are least noticeable in the ran-
dom split scenario. This empirically validates the core principle of
Eq. (8): when sufficient behavioral data exists (standard scenario),
cognitive diagnosis models can achieve adequate accuracy with-
out augmentation. However, in data-sparse real-world cases (cold-
start/zero-shot), the augmentation becomes crucial, confirming that
our data augmentation pipeline is essential for handling practical
educational complexities where behavioral data is insufficient.

4.4 Performance with varying LLM backbones

We systematically evaluate the performance of the MACA frame-
work with various LLMs as backbones to assess its practical utility.
This includes SimpleCD (base), which operates without external
information, as well as mainstream LLM backbones like GPT-3.5 [5],
Llama 3 [16], Qwen3-Turbo [62], and GPT-40 [2].

Key findings from Figure 4 are as follows: First, the quality of
cognitive annotations generated by different LLMs has a significant
impact on the downstream CD task. Performance improvements are
most notable in zero-shot scenarios, where the system can leverage
the cognitive annotations in the absence of task-specific training
data. In contrast, in standard random splits, the improvements are
minimal, with less than a 0.5% AUC improvement between GPT-3.5,
Llama 3, and SimpleCD, indicating that for well-established tasks,
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Figure 4: Varying LLM backbones on the SLP dataset.

cognitive annotations provide limited value beyond the baseline
models. Second, while GPT-40 theoretically holds the potential
for optimal performance, Qwen3-Turbo demonstrates superior effi-
ciency, delivering comparable efficacy with lower cost. This advan-
tage, coupled with its ability to handle larger-scale tasks without
significant loss in performance, makes Qwen3-Turbo the preferred
backbone for the final backbone.

4.5 Hyperparameter Analyses

During the training of the model, two crucial parameters play a
significant role: ¢ in Eq. (8) and the balancing parameter g in Eq.
(12). These two parameters are key to the fusion process of the
description and relation. We analyze these parameters through
experiments to determine the conditions under which our model
performs best.

Several important findings can be observed from Figure 5. First,
we find that when the balancing parameter f takes values between
{0.0001, 0.001, 0.01, 0.1}, the model performance remains relatively
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Figure 5: AUC performance when varying § and { on the
Eedi-2020 dataset.

consistent. However, when $ = 0, the model performance rapidly
declines. This highlights the positive role of the self-supervised
loss. Based on our experimental observations, we conclude that
introducing the self-supervised loss helps ensure the uniformity
of representations, preventing the model from quickly overfitting.
Instead, the model gradually explores better parameters within a
relatively reasonable search space, ultimately improving perfor-
mance. Second, we found that the best performance occurs when
{ is set to a relatively low value, such as 0.2. This is because the
introduction of ¢ is meant to prevent o; from being unoptimized,
which would result in the MLP input in Eq. (8) being all zeros. A
slight adjustment to the lower bound suffices to achieve this goal.
Increasing ¢ forces the free embedding to contribute more during
training, but this may not be a practical requirement. Third, when
comparing different scenarios, we find that the zero-shot concept
scenario behaves differently from the other two. In this scenario,
the optimal result is obtained when ¢ = 0. The reason for this is
that, in the training set, the concepts corresponding to zero-shot
concepts do not have any corresponding training response logs.
Consequently, these parameters cannot be optimized. Therefore,
not forcing them to participate in the final embeddings leads to
better performance.

4.6 DOA Analyses

In Table 2, we adopt the classic DOA calculation formula [50] and
record its consistency on the testing set. We note that some re-
searchers emphasize different approaches to DOA calculation. For
instance, Chen et al. highlight that DOA should be validated for
consistency across all response logs, including both training and
testing sets [10]. Further, researchers introduced DOA@K, an im-
provement over the classic DOA [29, 33]. The main difference is
that DOA@K focuses only on the top K concepts with the highest
number of response logs in the experiment. This improvement en-
hances operational efficiency and addresses issues where certain
knowledge points have insufficient response logs, leading to less
accurate results.

Cold-start Students Zero-shot concepts Standard random

= KaNCD = KaNCD = KaNCD
= isG-CcD | | = s6co | | - 15G-CD

MACA-CD

DOA@5 DOA@10 DOA@5 DOA@10 DOA@S5 DOA@10

Figure 6: DOA analyses on the Eedi-2020 dataset.

Pengyang Shao et al.

Cold-start Students Zero-shot concepts Standard random
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== IDcD == IDcD
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722 | MACA-CD 474 B MACA-CD.
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Figure 7: DOA analyses on the SLP dataset.

Figures 6 and 7 display the results of DOA@5 and DOA@10
on the Eedi-2020 and SLP datasets, respectively. Analysis shows
that, while our results are not the best, they maintain a very strong
performance. This finding aligns with the trend observed in his-
torical works [33, 50], which suggests that initially, DOA and AUC
move in the same direction, but as overfitting on the training set in-
creases, a discrepancy between the two metrics starts to emerge. We
believe this phenomenon is due to class imbalance. When one para-
digm dominates, its influence grows stronger as training progresses,
causing certain logs to have less impact, and ultimately leading the
model to produce diagnostic results that contradict these samples.
Such contradictions are reflected directly in the DOA@XK values.
It is also important to highlight that, across various scenarios on
different datasets, our method consistently demonstrates superior
performance on the DOA@K metric. Combined with the overall
performance data in Table 2, our proposed MACA-CD not only
achieves significant improvement in accuracy but also yields good
results in DOA, reflecting the effectiveness of our approach.

5 Conclusion and Future Work

Current Cognitive Diagnosis models are often limited by the avail-
ability and quality of students’ behavioral data, which can signif-
icantly hinder their ability to provide accurate assessments. Ex-
isting methods tend to rely heavily on such data, making them
less effective in scenarios like cold-start situations. While recent
advancements in LLM based augmentation have shown promise in
enhancing CD, the reliability and accuracy of LLM-generated anno-
tations remain challenging. In this paper, we proposed MACA-CD,
a novel approach that generates and fuses reliable concept descrip-
tions and relations based solely on concept names. By leveraging
Multi-Agent Debate, MACA-CD reduced the reliance on behavioral
data and ensures more accurate and stable concept representations.
Experimental results on three real-world datasets demonstrated
that MACA-CD consistently outperforms existing methods, provid-
ing robust and reliable diagnosis across various practical scenarios.
Future work will explore the application of LLM-based data aug-
mentation in other educational domains where data may be limited
or difficult to obtain.
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Model Discussion

A.1 Detailed Procedures of Concept Relation

Augmentation

We present detailed pseudo codes for the concept relation augmen-
tation process in Algorithm 1. The proposed algorithm efficiently
constructs a reliable concept DAG by combining the strengths of
MAD and BFS. It avoids exhaustive pairwise comparisons by adopt-
ing a structured, batched reasoning strategy that incrementally
expands the graph. This significantly improves computational ef-

fic

iency without compromising reasoning depth. Meanwhile, the

MAD framework ensures semantic agreement between agents be-
fore committing any relation, enhancing the quality and consistency

of

the generated structure.

Algorithm 1: Concept Relation Augmentation via BFS

Input: Concept set K = {t1,t2,...,tT}
Output: Concept relation DAG P
Nyisited <— 0,8 — 0,P «— 0 ; // Initialization
Stage 1: Graph Initialization;
foreach t € K do
Query MAD: Is t causally dependent on any ¢ € K \ {t}?;
if MAD returns False then
L B.enqueue(t);

Stage 2-3: Graph Exploration and Adjustment;
while 8 # 0 do
t < B.dequeue();
Nyisited-add(t);
/Vtmp — 0;
foreach € K \ (N,jsireq U B) do

Query MAD: Is t a prerequisite of £?;

if MAD returns True then

L /Vtmp~add(?);

foreach t € Ny do
Temporarily add edge (t — ) to P;
if P remains acyclic then
Confirm p, 7 = 1;
if 7 ¢ B then
L B.enqueue(?);

else
L Remove edge (t — 1), set p, 7 = 0;

return concept DAG P
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