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Abstract

In the field of intelligent education, cognitive diagnosis aims to assess stu-
dents’ cognitive states by analyzing their historical response data, serving as a
foundation for supporting downstream tasks such as personalized learning rec-
ommendations. However, in real learning scenarios, the distribution of student
response data is often highly imbalanced. Students with fewer responses suffer
from data sparsity, leading to inaccurate diagnoses, which poses a major chal-
lenge for existing models. To this end, we propose a Group-Aware Cognitive
Diagnosis (GACD) framework. The core idea is to group students with similar
answering patterns together. Within each group, we artificially creates additional
”peer interactions” for students with sparse data, effectively giving the model
more information to learn from. Notably, as correct and incorrect responses
reflect distinct behavioral patterns, we first decompose the interaction graph
into two separate subgraphs based on response types and learn representations
from each independently. To ensure accurate modeling of students’ cognitive
states, we introduce a self-supervised strategy to align node representations
between the original and augmented graphs. Finally, the learned representations
are integrated into existing cognitive diagnosis models. Extensive experiments on
three real-world datasets demonstrate that the GACD framework significantly
improves prediction performance.

Keywords: Cognitive Diagnosis, Self-Supervised Learning, Graph Neural Networks,
Data Sparsity
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1 Introduction

The rapid integration of artificial intelligence into educational contexts is facilitat-
ing the emergence of intelligent education [1–3]. As a fundamental component of
this field, cognitive diagnosis [4] aims to assess students’ cognitive states based on
their historical response data, thereby supporting downstream tasks such as exercise
recommendation [5] and course recommendation [6].

Early cognitive diagnosis models were developed based on educational measure-
ment theories, including Item Response Theory (IRT) [7] and DINA [8]. These
approaches rely on manually designed interaction functions to model the relation-
ship between students’ cognitive states and item responses, yet they often fall short
in capturing complex, non-linear interactions. With advances in deep learning, neu-
ral networks have increasingly replaced handcrafted interaction functions, leading to
significant improvements in performance [9]. Subsequent research has focused on lever-
aging deep learning techniques to extract latent information from students’ daily
learning behaviors, enriching the representation of learner characteristics [10–13].
These efforts have contributed to the formation of versatile and scalable cognitive
diagnostic frameworks [12].

However, in real learning scenarios, students’ exercise selections are often subjec-
tive, leading to a biased distribution in response data [14]. Specifically, students tend
to choose simpler items or exercise types with which they are already familiar and
proficient [15]. Furthermore, online education platforms typically design their item
pools to emphasize key and fundamental concepts, resulting in most students engaging
with mainstream problems while only a minority attempt more obscure or challenging
exercises. This subjectivity in exercise choice creates significant disparities in both the
quantity and types of exercises and knowledge concepts that different students engage
with. As shown in Table 1 ,the number of exercises completed by the students varies
greatly across the three regular datasets. A detailed description of these datasets can
be found in 4.1.1. In deep neural network-based cognitive diagnosis models, students
with limited interaction history pose a significant challenge due to the data sparsity
problem. Without sufficient response data [16], the model lacks the necessary evidence
to reliably infer the student’s knowledge state.

Table 1 Statistical summary of student exercise
counts across the three datasets. The mean is rounded.

Degree Assist2017 Neurips2020 Junyi

Maximum 805 150 513
Minimum 2 15 13
Mean 228 76 41
Median 204 75 28

Research has found that students present diverse group characteristics in the cog-
nitive dimension of exercise measurement [17]. According to the cognitive styles, they
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can be divided into field-independent learners and field-dependent learners [18]. Field-
independent students are good at analytical exercises (such as mathematical proof
and graphical reasoning), while field-dependent students are better at situational exer-
cises (such as case analysis and open discussion). From the perspective of memory
capacity difference, students with high memory capacity have significant advantages
in multistep reasoning exercises (mathematical comprehensive exercises, logic chain
exercises) [19]. From the perspective of knowledge representation, language learners
get high scores in text description exercises, and visual learners will improve their
accuracy in solving chart and schematic exercises [20]. In terms of metacognition strat-
egy differences, students with high metacognition ability are better at open exercises
(such as designing experiments and demonstrating ideas) because they can dynami-
cally adjust problem solving strategies [21]. Students’ performance may lead them to
prefer exercises they excel at, which could bias response outcomes. The Latent Class
Analysis (LCA) of students can help to further explore learners’ heterogeneity, reveal
hidden cognitive structure patterns, and provide effective evidence for low-frequency
response data enhancement.

To address these issues, we propose a Group-Aware Cognitive Diagnosis frame-
work, named GACD to mitigate the impact of imbalanced response data distribution
by enhancing the homogeneity of student latent groups. Specifically, we begin by
clustering students based on their node representations to partition them into dis-
tinct subgroups. Within each student subgroup, we augment interactions between
low-degree student nodes and other students, thereby enhancing both the intra-group
connectivity and the emphasis on low-degree students. Notably, since correct and
incorrect responses reflect different behavioral patterns, we first partition the graph
into two separate subgraphs based on response types and perform representation
learning on each independently. To ensure accurate modeling of students’ cognitive
states, we propose a self-supervised strategy to align node representations between the
original and augmented graphs. Finally, we incorporated the learned representations
into existing cognitive diagnostic models and effectively improved their performance.
Extensive experiments on real datasets have demonstrated our proposed GACD frame-
work achieves state-of-the-art performance on three real-world public datasets. Our
main contributions are as follows:

• We focus on the impact of student latent class and proposed a graph augmentation
method based on student groups. By enhancing the connections of low-degree stu-
dent nodes within subgroups, we improved the topological structure and focused on
disadvantaged students.

• We propose a cognitive diagnostic framework named GACD, which ensures that
node representations on the augmented graph remain consistent with the origi-
nal graph through a self-supervised alignment strategy, while separately capturing
different student response behavior patterns.

• Extensive experiments on three public datasets demonstrate that our framework
achieves optimal performance, validating the importance of student latent class
analysis for cognitive diagnostic models.
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2 Related Work

2.1 Cognitive diagnosis

Cognitive diagnosis aims to infer students’ cognitive states based on their response
data. IRT [7] and DINA [8] were early mainstream cognitive diagnostic models.IRT
conceptualizes student ability as a unidimensional latent trait θ and employs logis-
tic functions to model the probabilistic relationship between this latent trait and
item responses. Furthermore, IRT models dynamically incorporate item parame-
ters—including difficulty, discrimination, and guessing parameters —to optimize
model fit across diverse educational measurement contexts [4]. Unlike the IRT,
DINA [8] models student proficiency as binary mastery vectors via the Q-matrix
(exercise-knowledge correlation matrix), where 1 indicates full command of a knowl-
edge concept and 0 denotes non-mastery. This approach explicitly quantifies noise
factors (i.e., slip and guessing) within its response function. With the advancement of
deep learning [22, 23], research primarily manifests in the following two paradigms. One
is to utilizing neural networks as diagnostic tools, where comprehensive input variables
(e.g., students’ cognitive states, item parameters difficulty/discrimination, and contex-
tual factors) are nonlinearly mapped to response patterns; second is to leveraging deep
learning to mine latent feature vectors from response logs and the Q-matrix, thereby
enriching the embedding representations of students and items. Recent research has
primarily focused on the latter aspect. For instance, Ma et al. [10] integrate the intrin-
sic correlations between students’ cognitive states and knowledge concepts. Gao et
al. [11] unify interaction and structural relationships through a multi-layer graph of
student-exercise-knowledge concept relations. Qian et al. [12] refine cognitive repre-
sentations by decomposing interaction graphs into response-signal-based subgraphs.
Liu et al. [13] streamlines node neighborhood aggregation on interaction graphs to
enable real-time diagnosis. However, most existing cognitive diagnosis models (CDMs)
overlook the critical issue of imbalanced response data distribution.

2.2 Latent class analysis

LCA is a statistical method for identifying latent subgroups within a population [24].
It operates on the premise that associations among observed variables (manifest vari-
ables) can be explained by underlying categorical variables. The earliest application
of LCA in cognitive diagnosis is the Mixed Rasch Model (MRM) [25], which inte-
grates the Rasch model with latent class structures. Subsequent research has developed
multiple variants of mixture IRT models based on diverse problem contexts and the-
oretical assumptions. For instance, Smit et al. [26] demonstrated that incorporating
covariates related to latent classifications enhances class separation and reduces stan-
dard errors of parameter estimation. Vermunt et al. [27] applied multilevel mixture
IRT models to mathematical assessments. De Jong et al. [28] implemented multilevel
multidimensional mixture IRT models in cross-cultural studies to analyze latent vari-
able structures. Crucially, mixture models bridge a methodological gap: traditional
IRT handles continuous latent variables but not categorical ones, while LCA captures
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Fig. 1 An overview of GACD framework. The lower part of the diagram details the group-
based enhancement process. Notably, in the correct and incorrect subfigures, the same student may
be assigned to different groups.

categorical latent variables but ignores continuous traits [29]. This integration sig-
nificantly improves model-data fit. However, in deep cognitive diagnosis frameworks,
explicit utilization of LCA remains scarce. Although some models implicitly learn stu-
dent group characteristics through parameter iteration, they generally lack systematic
analysis and exploitation of latent class structures.

3 Methodology

In this section, we present the proposed GACD framework shown in Fig 1. The frame-
work is designed to alleviate the data sparsity issue and the oversmoothing problem
by exploiting the homophily among students. The overall architecture consists of
four components: (1) Response Graph Decomposition, (2) Clustering-aware Structural
Augmentation, (3) Dual-stream LightGCN Encoding with Contrastive Alignment, and
(4) Multi-view Fusion and Diagnosis.

3.1 Response Graph Decomposition

Following the established graph-based cognitive diagnosis paradigm, we first construct
a heterogeneous graph G = (V, E) based on the response logs T and the Q-matrix
Q. To explicitly capture the distinct semantic implications of correct and incorrect
responses, we decompose the original interaction matrix I into two disjoint matrices:
IR (containing only correct responses) and IW (containing only incorrect responses).

Consequently, we construct two specific subgraphs: theRight Subgraph (GR) and
the Wrong Subgraph (GW ). Their adjacency matrices, AR and AW , are formulated
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as:

AR =





0 IR 0
I⊤R 0 Q
0 Q⊤ 0



 , AW =





0 IW 0
I⊤W 0 Q
0 Q⊤ 0



 (1)

where Q denotes the association between exercises and concepts. This decomposition
allows the model to learn student mastery patterns from success and failure contexts
independently.

3.2 Clustering-aware Structural Augmentation

To mitigate the sparsity of student-exercise interactions and enhance the representa-
tion of tail users, we propose a Conditional Edge Generation mechanism. This
module operates identically on both latent student spaces of GR and GW , but for
brevity, we describe the general process.

We first obtain the initial feature representations of students, denoted as XS . We
employ the K-means algorithm to partition the student set S intoK latent clusters C =
{C1, C2, . . . , CK}. The clustering objective is to minimize the intra-cluster variance:

min
C

K
∑

k=1

∑

si∈Ck

∥xsi − µk∥
2
2, (2)

where µk is the centroid of the k-th cluster. This step groups students with similar
learning behaviors or cognitive states.

Within each cluster Ck, we identify students who lack sufficient diagnostic evidence.
We define a subset Stail

k ⊂ Ck comprising the students ranked in the bottom 50%
based on their interaction density or historical accuracy. To facilitate information
propagation among these structurally isolated nodes, we augment the graph by adding
edges between them.

Formally, the set of augmented edges Eaug is generated via the following conditional
sampling process:

Eaug =

K
⋃

k=1

{

(u, v) | u ∈ Stail
k , v ∼ Uniform(Stail

k \ {u})
}

(3)

This formula indicates that for every tail student u, we randomly sample a peer v
from the same tail subset to establish a structural link. We apply this augmentation
to both subgraphs, resulting in the augmented adjacency matrices A′

R = AR + AR
aug

and A′
W = AW +AW

aug.

3.3 Dual-stream Representation Learning

We adopt LightGCN [30] as the backbone encoder to capture high-order connectivities.
We establish two parallel encoding streams corresponding to the Right and Wrong
views.
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For each view V ∈ {R,W}, we propagate embeddings on both the original graph
(AV ) and the augmented graph (A′

V ). The graph convolution at layer l is defined as:

H
(l)
V =

(

D̃
− 1

2

V ÃV D̃
− 1

2

V

)

H
(l−1)
V , (4)

H
′(l)
V =

(

D̃′
− 1

2

V Ã′
V D̃′

− 1

2

V

)

H
′(l−1)
V , (5)

where HV and H ′
V denote the embeddings learned from the original and aug-

mented graphs, respectively. The final representations for each stream are obtained

by aggregating the layer-wise outputs, e.g., HV =
∑

l αlH
(l)
V .

To ensure the robustness of the structural augmentation, we employ Contrastive
Learning to align the representations learned from the original and augmented
structures. We minimize the InfoNCE loss for both Right and Wrong streams:

LCL =
∑

V ∈{R,W}

∑

u∈S

− log
exp(sim(hu,V , h

′
u,V )/τ)

∑

v∈S exp(sim(hu,V , h′
v,V )/τ)

(6)

where τ is the temperature parameter. This objective enforces the augmented graph
to preserve the intrinsic semantic properties of the original graph while enriching the
structure.

3.4 Fusion and Diagnosis

Constructing the final student representation requires effectively integrating the
semantic information from both the Right and Wrong views. Following the fusion
strategy proposed in ORCDF, we acknowledge that correct and incorrect interactions
represent heterogeneous, and often contradictory, signals regarding a student’s mastery
level. Simple summation or concatenation may lead to information interference.

Therefore, we employ a parameterized fusion mechanism to adaptively aggre-
gate the representations from the two subgraphs. Let HR and HW denote the final
aggregated embeddings from the Right and Wrong streams, respectively. The fused
representation Hfuse is computed as:

Hfuse = σ (HRWR +HWWW + bfuse) , (7)

where WR,WW ∈ R
d×d are trainable weight matrices that project the view-specific

embeddings into a unified semantic space, bfuse is the bias term, and σ(·) denotes the
sigmoid function. This operation ensures that the distinct contributions of successful
and failed attempts are weighted appropriately before integration.

To ensure the proposed framework is model-agnostic and compatible with various
backbone Cognitive Diagnosis Models (CDMs), we introduce a transformation layer.
Since certain CDMs (e.g., NeuralCDM) require the input embedding dimension to
strictly align with the number of knowledge concepts Z, while our LightGCN encoder
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operates in a latent dimension d, we apply a linear projection:

H = HfuseWt + bt, (8)

where Wt ∈ R
d×Z and bt ∈ R

Z are the transformation weights and bias. If the
backbone CDM utilizes latent vectors (e.g., KaNCD), Wt acts as an identity mapping
or a dimension alignment matrix where the output dimension matches the latent size.

Finally, the transformed student representations Hin are fed into the interaction
function of the specific CDM to predict the probability of student u correctly answering
exercise ei. The prediction process is formulated as:

ŷui = MCDM

(

Hsi , Hej , Hc

)

, (9)

where MCDM (·) represents the CDMs.
The entire framework is trained end-to-end by minimizing the joint objective

function combining the prediction loss and the contrastive regularization term.

4 Exeperiments

In this section, we evaluate the performance of the proposed GACD framework, verify
the necessity of each component, and finally present a superparametric analysis.

4.1 Setups

4.1.1 Datasets Description.

We conduct experiments on three real-world datasets: Assist2017 [31], NeurIPS2020
[32], and Junyi [33]. Assist2017 is collected from the ASSISTments online tutoring
platform, containing student exercise logs in mathematics. The NeurIPS2020 dataset
is released for the NeurIPS 2020 Education Challenge, covering a broader range of K-
12 mathematical problems. The Junyi dataset comes from the Junyi Academy online
learning platform, including interaction logs on mathematics exercises over a longer
period. These datasets vary in scale, knowledge structure, and sparsity, allowing for
a comprehensive evaluation of the model’s effectiveness and generalization ability.
Detailed statistics are summarized in Table 2. Sparsity Rate represents the density
of interactions in the student-exercise interaction matrix. Average Correctness Rate
(ACR) reflects the average difficulty level of items across the dataset. We divide the
datasets into training, validation, and test sets in a 7:1:2 ratio.

4.1.2 Baseline Models.

To showcase the effectiveness of GACD framework, we integrate it with various CDMs,
As backbone models, we selected two categories of CDMs: those based on statisti-
cal methods—including Item Response Theory (IRT) [7] and Multidimensional IRT
(MIRT) [34]—and those built on neural networks, namely Neural Cognitive Diagno-
sis (NCD) [9], Matrix Factorization with Knowledge Consistency (MFKC) [35], and
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Table 2 Dataset summary

Datasets Assist2017 Neurips2020 Junyi

Students 1709 2840 10000
Exercises 3162 6000 734
Concepts 102 268 734
Response Logs 390311 214328 408057
Sparsity 0.072 0.012 0.055
ACR 0.815 0.631 0.687
Q Density 1.22 4.14 1.00

Table 3 The comparative experimental results on three datasets. Bold indicates the best result.

Dataset Assist2017 Neurips2020 Junyi
Method ACC AUC F1 DOA ACC AUC F1 DOA ACC AUC F1 DOA
IRT 85.56 88.27 91.66 - 69.95 75.22 76.85 - 76.27 80.37 83.49 -
LightGCN-IRT 86.75 89.43 92.11 - 71.43 76.56 78.63 - 77.46 81.74 84.31 -
ORCDF-IRT 86.83 89.43 92.13 - 71.45 76.68 78.24 - 77.57 81.68 84.42 -
GACD-IRT 86.84 89.46 92.22 - 71.65 84.95 78.78 - 77.63 81.84 84.57 -
MIRT 86.38 89.32 91.98 - 70.09 74.51 77.84 - 77.09 80.95 84.25 -
LightGCN-MIRT 86.07 88.58 91.89 - 70.49 75.47 78.25 - 77.29 81.17 84.28 -
ORCDF-MIRT 86.76 89.52 92.11 - 71.54 76.58 78.35 - 77.51 81.33 84.25 -
GACD-MIRT 87.25 89.86 92.45 - 71.74 77.25 78.95 - 77.61 81.85 84.26 -
NCDM 82.22 79.56 89.39 55.54 69.73 74.19 76.8 66.55 74.27 78.07 82.59 50.41
LightGCN-NCDM 83.29 82.94 89.87 56.94 70.55 75.58 77.00 67.57 75.00 74.8 82.43 55.44
ORCDF-NCDM 85.63 87.59 91.27 60.27 71.36 76.68 77.72 69.25 76.86 80.89 83.78 59.43
GACD-NCDM 86.69 89.35 92.08 64.73 71.54 76.79 77.95 70.34 77.21 81.25 83.85 60.41

CDMFKC 83.01 84.34 89.93 55.98 70.86 76.05 77.21 68.35 74.87 78.43 82.51 49.24
LightGCN-CDMFKC 83.09 83.46 89.70 57.20 71.83 76.82 78.42 69.90 76.19 80.83 82.47 59.33
ORCDF-CDMFKC 86.94 89.58 92.08 62.70 71.66 76.72 78.55 72.15 77.26 81.05 84.37 60.64
GACD-CDMFKC 87.17 89.81 92.20 65.99 71.86 77.11 78.62 72.14 77.48 81.39 84.62 60.78

KaNCD 85.03 86.45 90.98 57.90 71.01 75.97 77.91 68.67 75.27 75.21 83.32 53.86
LightGCN-KaNCD 85.49 87.05 91.25 58.38 71.32 76.59 77.33 69.23 76.61 79.89 83.6 58.88
ORCDF-KaNCD 87.14 89.73 92.27 62.42 71.59 76.92 78.18 70.09 77.54 81.43 84.35 60.58
GACD-KaNCD 87.56 90.17 92.46 67.69 71.91 77.56 78.42 71.14 77.80 81.84 84.66 61.22

KaNCD 85.03 86.45 90.98 57.90 71.01 75.97 77.91 68.67 75.27 75.21 83.32 53.86
LightGCN-KaNCD 85.49 87.05 91.25 58.38 71.32 76.59 77.33 69.23 76.61 79.89 83.6 58.88
ORCDF-KaNCD 87.14 89.73 92.27 62.42 71.59 76.92 78.18 70.09 77.54 81.43 84.35 60.58
GACD-KaNCD 87.66 90.19 92.62 68.07 71.96 77.53 78.56 70.75 77.78 82.13 84.66 61.37

Knowledge-aware Neural Cognitive Diagnosis (KaNCD) [36]. For comparative eval-
uation, we adopted two representative frameworks: LightGCN (LGCN) [30] and the
ORCDF framework [12].

4.1.3 Evaluation Metrics and Parameters Setting.

To evaluate classification performance, we used three metrics: Accuracy (ACC), AUC,
and F1-score. For interpretability assessment, we utilized the Degree of Agreement
(DOA) [12]. All models were optimized with Adam, with parameters initialized via
Xavier. For fair comparison, we set the embedding size d to 32 for MIRT and KaNCD,
and to the number of knowledge concepts C for NCDM and MFKC. The batch size
was fixed at 4096 across all datasets. The hyperparameters were configured as fol-
lows: learning rate = 0.04, K with the range {1, 2, 3, 4, 5, 6}, τ within the range
{0.1, 0.5, 1.0, 3.0, 5.0}. All reported results are averaged over five runs with different
random seeds.
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4.2 Comparative Experiments

The comparative experimental results on the three datasets are presented in Table
3. As shown, GACD consistently improves all baseline CDMs across every dataset.
This demonstrates that GACD effectively mitigates the impact of imbalanced response
data distribution and achieves more accurate cognitive diagnosis. Among the meth-
ods, MIRT demonstrates enhanced diagnostic capabilities by modeling students’
multidimensional latent abilities, overcoming the limitation of traditional IRT’s uni-
dimensional ability assumption. KaNCD achieves superior diagnostic outcomes by
implicitly learning inter-knowledge relationships through latent vectors, leveraging
mastered knowledge components to infer proficiency in uncovered ones. LightGCN
significantly improves cognitive diagnosis models by using graph neural networks to
model heterogeneous interaction graphs while integrating existing models as response
prediction modules. The ORCDF framework effectively distinguishes correct and erro-
neous behavior patterns by decomposing the heterogeneous graph into right-response
and wrong-response graphs. However, its random response reversal strategy for data
augmentation during training may unintentionally reinforce erroneous information in
the original data. GACD employs a group-homogeneity enhancement strategy, avoid-
ing random or uncertainty-based operations. This allows it to more reliably supplement
semantically relevant interaction information for data-scarce student nodes. At the
same time, a contrastive learning alignment strategy ensures that the enhanced graph
representations remain consistent with the original semantics, effectively preventing
the information interference or loss risks.

Table 4 Ablation study on three datasets.

Method
Assist2017 NeurIPS2020 Junyi

ACC AUC F1 DOA ACC AUC F1 DOA ACC AUC F1 DOA

GACD-KaNCD 87.56 90.17 92.46 67.69 71.91 77.56 78.42 71.14 77.80 81.84 84.66 61.22

w/o CSA 84.39 87.26 91.13 68.62 69.22 73.42 77.44 73.68 75.39 79.66 83.05 60.65
w/o RGD 85.72 88.60 91.62 60.84 66.78 69.09 74.96 59.35 73.33 79.94 83.31 55.94

4.3 Ablation Study

To diagnose the relative importance of each key component within the GACD frame-
work, we perform an ablation study and evaluating their impacts through controlled
experiments. the ablation analysis is conducted using the following two versions:

• w/o CSA: Remove Clustering-aware structural augmentation from the GACD
framework without clustering students and increasing intra class connectivity.

• w/o RGD: Remove response graph decomposition from the GCAD framework and
replace it with perform convolution on the entire response graph.

Based on the findings presented in Table 3, we selected KaNCD as the backbone
for ablation study. The experimental findings on the three datasets are presented
in Table 4. The results indicate that eliminating either module leads to a signifi-
cant decline in the ACC, AUC, and F1-score. The DOA outcomes for w/o RGD are
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markedly lower than those for GACD-KaNCD and w/o CSA, suggesting that differen-
tiation of response signals plays a pivotal role in enhancing the interpretability of the
model. The clustering enhancement might cause individual representations to converge
towards their respective cluster centroids, consequently diminishing the nuanced differ-
ences among students within the same group. This could explain why GACD-KaNCD
exhibits a lower DOA compared to w/o CSA.

(a) Assist2017 (b) NeurIPS2020 (c) Junyi

Fig. 2 Effect of K (Number of groups) on three datasets. Based on KaNCD.

4.4 Hyperparameter Analysis

To analyze the selection of the hyperparameter K in the K-means clustering method
described in 3.2, we conduct experiments using ACC as the evaluation metric. ACC
offers an intuitive measure of model performance under different hyperparameter
settings. The results on the three datasets are summarized in Fig 2. The optimal
clustering grouped students into 4 clusters for Assist2017 and Neurips2020 datasets,
and 5 clusters for Junyi dataset. To investigate the reasons, we statistically analyzed
the degree information of students in each dataset presented in Table 1. Combined
with Table 2, the Junyi dataset contains more student nodes, yet exhibits a signif-
icantly lower and more dispersed average node degree compared to the Assist2017
and NeurIPS2020 datasets. This explains why the Junyi dataset requires a greater
number of student clusters: when most student nodes suffer from severe information
scarcity. If only a few clusters are used, each cluster will contain too many students
with diverse characteristics. Consequently, the edges added between them may not
accurately capture true student similarities, leading to inefficient information propa-
gation. By increasing the number of clusters, students within each group become more
homogeneous. This results in higher-quality added edges and more precise informa-
tion dissemination, thereby better compensating for the original structural sparsity.
It follows that on the premise of avoiding over classification, GACD needs a larger K
when applied to Sparse datasets of student interaction.
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5 Conclusion

This paper proposes the Group-Aware Cognitive Diagnosis (GACD) framework to
address the challenge of data sparsity and imbalance in student response data, which
leads to inaccurate cognitive assessment. The core solution involves grouping stu-
dents with similar patterns and artificially augmenting connections for data-sparse
students within their groups. Specifically, the framework first decomposes the inter-
action graph into separate subgraphs for correct and wrong responses, then performs
clustering-aware structural augmentation to enhance connectivity for tail students,
followed by dual-stream representation learning with a contrastive alignment strat-
egy to maintain semantic consistency, and finally fuses the multi-view representations
for diagnosis. Experiments on three real-world datasets demonstrate that GACD con-
sistently improves the performance of various backbone cognitive diagnosis models,
validating its effectiveness in achieving more reliable assessment by mitigating data
sparsity through group-aware graph augmentation and self-supervised learning. These
findings demonstrate the effectiveness of applying latent class analysis to cognitive
diagnosis and offer insight for the design of future diagnostic frameworks.
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