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Abstract

Graph Neural Networks (GNNs) have effectively improved
the performance of Cognitive Diagnosis Models (CDMs). Ex-
isting works have proposed a series of Graph-based Cognitive
Diagnosis Frameworks (GCDFs) to enhance robustness to
noise. However, these robust designs are often general meth-
ods for GNNs and are not designed for cognitive diagnosis,
which undermines real cognitive information during the de-
noising process. Interestingly, a noteworthy phenomenon has
been overlooked: even without robustness designs, GCDFs
can still learn correct information in noisy environments.
In this paper, we conduct a comprehensive empirical analy-
sis of this issue. We found that noise primarily accumulates
in lower singular components. Even in noisy environments,
the principal subspaces of representations still remain stable.
Based on these findings, we propose a Noise-aware Cognitive
Diagnostic framework based on Low-rank Alignment, named
NCDLA. The framework first performs low-rank reconstruc-
tion of the interaction matrix between students and exercises,
retaining only larger singular values to achieve noise reduc-
tion. Then, the reconstructed interaction matrix and the origi-
nal interaction matrix are combined with the Q matrix to form
a noise-reduced heterogeneous graph and an original hetero-
geneous graph. In order to distinguish between the interaction
patterns of correct and incorrect responses, we decompose
the heterogeneous graph according to the type of response.
NCDLA achieves denoising of student representations and
exercises representations through a self-supervised strategy
based on low-rank reconstruction and a spectral anchor reg-
ularisation method. Extensive experiments on three datasets
demonstrate that NCDLA achieves optimal prediction perfor-
mance and robustness.

Introduction

With the development of artificial intelligence (Du, Liu, and
Zhang 2025; Xu et al. 2023), intelligent education has be-
come a hot topic, which can improve the quality of edu-
cation and promote education equity (Wang et al. 2024a).
Cognitive Diagnosis Model (CDM), as an fundamental tool
for assessing students’ knowledge mastery (Liu et al. 2023;
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Zhao et al. 2025), has become a support for building an in-
telligent education system. In the CDMs, students with sim-
ilar levels of knowledge mastery will have similar perfor-
mance patterns on exercises that require similar combina-
tions of knowledge concepts (Chiu, Douglas, and Li 2009;
Liu and Cheng 2018). However, data in real-world scenarios
are often noisy (Zhang et al. 2025b; Wei et al. 2024; Si et al.
2025; Ma et al. 2024; Yao et al. 2024; Song et al. 2025; Du
et al. 2025), guesses or slips in students’ reponse logs often
lead the model to incorrectly assess the students’ knowledge
mastery, which reduces the trustworthiness of CDMs (Liu
et al. 2018; Zhao et al. 2024).

Recent studies (Qian et al. 2024; Shao et al. 2025) have
found that representation learning using Graph Neural Net-
works (GNNs) (Lin et al. 2023; Wu et al. 2024; Zhang,
Zhang, and Yuan 2024; Guan et al. 2025b; Liu and Lu 2025)
before cognitive diagnosis can achieve better results. To en-
hance the robustness of CD, existing works have proposed
different frameworks. ORCDF (Qian et al. 2024) injected
noise during the training process, allowing the model to
adapt itself to the noise during training to improve gener-
alisation. However, such randomly added interactions may
introduce non-realistic correlation patterns that conflict with
interactions triggered by the true level of knowledge mas-
tery, leading to the enhancement of possible misinformation.
ISGCN (Shao et al. 2025) calculates the reliability of edges
based on node representations and deletes edges with low re-
liability, but it cannot guarantee the trustworthiness of node
representations and may mistakenly delete correct informa-
tion. It is worth noting that the robustness designs of these
frameworks are essentially general methods for GNNs and
are not designed specifically for cognitive diagnostic, which
undermines real cognitive information.

A noteworthy phenomenon is that even without robust-
ness designs, Graph-based Cognitive Diagnostic Frame-
works (GCDFs) can still learn correct information in noisy
environments as shown in Fig. 1(a). However, all the exist-
ing works have ignored this phenomenon and failed to an-
alyze its causes. In this paper, we conduct a comprehen-
sive empirical analysis of this issue using singular values.
Noise affects both the adjacency matrix and the represen-
tation learned by the model. We first studied how different
levels of noise affect the adjacency matrix and found that
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Figure 1: Analysis of experimental results on the Neur[PS2020 dataset. Simply using LightGCN can achieve certain robustness.
n = 0 represents no noise, and n = 0.05 represents 5% of the interactions were modified. Specifically, we randomly added or
deleted interactions, and this modification may be in the right responses or in the wrong responses.

the enhancement of noise further suppresses singular values,
forcing information to be homogenised. Then, we analysed
the changes in student representations under different noise
levels. We found that the main information in student rep-
resentations is concentrated in a small portion of the princi-
pal subspace and has low rank. The principal subspaces of
the representations remain stable under any level of noise.
However, it is worth noting that as noise increases, the prin-
cipal subspaces undergo subtle changes, forcing informa-
tion to become uniform. Meanwhile, the singular value at
the tail shows unstable fluctuations, which indicates that the
noise intensifies the error information. This ultimately leads
us to conclude that CDMs can learn correct information
from noisy environments because the principal subspaces re-
main relatively stable all the time. To enhance the stability
of the principal subspaces without destroying cognitive in-
formation, we propose a Noise-aware Cognitive Diagnostic
framework based on Low-rank Alignment, named NCDLA.
NCDLA first performs low-rank reconstruction on the inter-
action matrix between students and exercises. The denoised
matrix obtained from the reconstruction only has large sin-
gular values representing the master subspace. To ensure
that the true cognitive information is not destroyed during
representation learning, we employ a self-supervised align-
ment strategy to align the representations on the denoised
and original graphs. Meanwhile, to further ensure the sta-
bility of the principal subspace and prevent the information
from being homogenized by noise, we propose a spectral an-
chor regularization method that constraining the attenuation
of the principal singular value. After obtaining the represen-
tation with stable principal subspaces, we utilized the exist-
ing CDMs for response prediction and ultimately achieved
robust and accurate cognitive diagnosis results. The main
contributions of this paper are as follows:

* We have ascertained the robustness of GCDFs stems
from the stability of their principal subspaces through
empirical analysis. To the best of our knowledge, this is
the first investigation into why GCDFs can learn correct
information in noisy environments.

* We propose NCDLA to enhance robustness without de-
stroying real cognitive information, which includes a
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self-supervised alignment strategy based on low-rank re-
construction and a spectral anchor regularisation method.

* We conducted extensively comparative experiments and
robustness experiments with different levels of noise
on three real-world datasets. The experimental results
demonstrate that NCDLA achieves the best precision and
robustness.

Empirical Analysis in Noisy Environments

As mentioned in the Introduction, although GCDFs ex-
hibit natural robustness in noisy environments, the reason
why they can maintain the ability to learn correct informa-
tion remains unclear. Existing works lack a fundamental un-
derstanding of how models acquire this ability. In order to
analyse this phenomenon, we perform Singular Value De-
composition (SVD) of the interaction matrix and the stu-
dent representation under different levels of noises on the
Neur[PS2020 dataset (Wang et al. 2021). All experimen-
tal results are obtained based on the combination of Light-
GCN (He et al. 2020) and KaNCD (Wang et al. 2023). The
introduction to the datasets are described in Section Exper-
iments. To avoid the influence of extremely large or small
singular values on observation, we use a normalized adja-
cency matrix for analysis. As the Theorem 1 shows, the sin-
gular values of the normalized matrix will remain between
0 and 1. Fig. 1(b) represents the variation of the singular
values of the interaction matrix under different noises, and
we can see that as the noise increases the singular values are
suppressed, forcing the signal energy to be homogenised and
weakening the strength of the principal components.

Theorem 1 Let 01 > o9 > > o, be the singular
- - _1 _1

values of R given by R = Dg¢?RDg* , where Dg

diagMat(R - 1) and D = diagMat (1" R) are degree

matrices. Then

1>01>09>...20.>0.

)

To analyse the performance of CDM in noisy environ-
ments, we artificially created noisy environments of dif-
ferent degrees. Specifically, we randomly added or deleted
interactions, and this modification may be in the right re-
sponses or in the wrong responses. Fig. 1(c) represents the
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Figure 2: The subspace similarity between representations in different noise environments and those without noise on the
NeurIPS2020 dataset. No matter how large the noise is, the principal subspace maintains an extremely high similarity. As the

noise increases, the representation is forced to homogenize.

variation of the singular value of the student representation
under different noises. The singular values show an over-
all decreasing trend, with a significant decrease in the prin-
cipal components and a slower decrease in the tailed sin-
gular values. In particular, there is a partial amplification
of the tailed singular values, which indicates that there is
some noise that enhancing the misinformation. Meanwhile,
the singular values vary greatly, and the principal compo-
nents have low rank, which is determined by the properties
of LightGCN as described in Theorem 2. Light GCN magni-
fies the singular values at the head and reduces those at the
tail, making the learned representation have a low-rank ten-
dency. Notably, the fluctuations of the larger singular values
are always consistent, indicating that the information of the
dominant component is well preserved and the model is still
able to accurately learn the interaction patterns.

Theorem 2 For student—exerclise interactions with nor-
malized matrix R = Dg?RDg*> and SVD R
P diag(0)QT, LightGCN’s output with L layers satisfies:

Hg — Pdiag( ,i“) W, Hp = Qdiag( }f’) W,
where ’(/J](CL)

o) and satisfies limy,_, . w,(f) = 0, for o, < 1 and

L . . . L
L}Fl Zl:O O'i: s strlctly mncreasing in

limy, a0 ) =1, for oy = 1.

While the analysis of singular values provides important
insights into how noise affects cognitive diagnosis, we do
not yet fully understand how much important information is
retained by student representations. To further explore this
issue, we analysed the subspace similarity between student
representations under different levels of noise and student
representations under no noise. We conducted the analy-
sis based on the Frobenius-norm (Peng et al. 2016) on the
NeurIPS dataset, with the experimental results shown in
the Fig. 2. Given W € R%*? and W’ € R%*? with sin-
gular value decompositions: W = Uy Xy 'V, W =
Uy Ew- Vi, where singular vectors are ordered by de-
scending singular values. The principal subspace similarity
metric fori,j € {1,2,...,k} (k < d)is:

v g
s 1) %

2
F .
min(z, j)

@
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The similarity of student representations decreases as
noise increases, indicating that noise interferes with the CD.
As noise increases, the similarity of the principal subspaces
decreases, but the range of high-similarity spaces expands,
further illustrating that noise forces homogenisation, weak-
ening the intensity of principal components. However, re-
gardless of the level of noise, the principal subspaces main-
tain high similarity. According to Theorem 2, the repre-
sentations learned by LightGCN naturally have a low-rank
tendency, which explains the previously mentioned phe-
nomenon and enables CDMs to achieve a certain degree of
accuracy even under noise interference. Therefore, how to
enhance the stability of the principal subspaces without de-
stroying the real cognitive information has become the re-
search focus of this paper.

Method

In this section, we provide a comprehensive overview of
NCDLA. The overall framework is shown in the Fig. 3.

Graph Construction and Representation Learning

Initial representations for each node are obtained by first en-
coding students, exercises, and knowledge using trainable
embeddings Hg € RV*4 Hx € RM*4 and Hg <
RZ*? respectively. In CD, the input data consists of two
parts: the exercise-concept relationship matrix (also known
as the Q matrix) and the response logs L. To better utilise
interaction information and facilitate modelling, we decon-
structs these complex data into a heterogeneous graph. We
divide the heterogeneous graph into two subgraphs based on
whether students answered exercises correctly:

i o I O] O Iy O
Ap=|1, O Q| Ay=|1, O Q|, 3
O QT o O Q" o

where Ip denotes right response matrix, Iy, denotes the
wrong response matrix, O denotes the zero matrix, QQ de-
notes the Q matrix, and T indicates matrix transpose.

We employ LightGCN (He et al. 2020) as the GNN
method. We first perform symmetric normalisation to avoid
the influence of degree distribution imbalance, enabling
more stable gradient propagation:
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Figure 3: The proposed NCDLA framework. In the figure,
CDMs refers to any existing cognitive diagnostic models.

A=D :AD ?, &)
where A € {A R,AW} is the original adjacency matrix,
and D € RWHM+2)x(N+M+72) ig the degree matrix.
Subsequently, layered information propagation and fusion
are performed based on the normalised interaction graph:

HY = AH(-D, (5)

where HY) ¢ R(N+M+2)xd denotes the node representa-
tion at the [-th layer, and d is the dimensionality.

Node representations are learned separately on the cor-
rect and incorrect interaction graphs. To prevent informa-
tion confusion caused by directly superimposing response
signals, a dual-channel adaptive aggregator is employed to
fuse the node representations from both graphs:

Hip=o (WPHY + WPHD),  ©)
where Hg), H%,IV) € R? represent the node representations
from the correct and incorrect interaction graphs respec-

tively, W%),Wg,) € R4 are trainable parameter matri-
ces, and ¢(-) denotes a Multi-Layer Perceptron (MLP). The
final representation is obtained by applying average pooling
to the layer-wise representations:

1 L

- Z'Y(I)H%/)R’

H =
L
=0

N
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where ) identical

ZlL:O A0 =1.

Low-rank Reconstruction and Alignment

are layer weights satisfying

As discussed in Empirical Analysis, the key to the robust-
ness of CDMs lies in the stability of the primary subspace.
To this end, we propose a low-rank reconstruction method
based on using SVD to obtain the denoised adjacency ma-
trix. By the Theorem 3 (Eckart and Young 1936), SVD pro-
vides the unique minimiser of the Frobenius norm among all
rank-r approximations, ensuring maximal retention of latent
cognitive signals while discarding noise perturbations.

Theorem 3 (Eckart-Young-Mirsky Theorem) For a
rank-r matrix P with SVD P = UXV T ifk < r:
arg  min  |P—P|p=Ux, VT, (8)
P : rank(P)=k

where Xy, retains X’s k largest singular values with others
zeroed.

Specifically, we reconstruct a denoised matrix A, from
observed interactions A, € R™*™ through a sequence of
spectral operations. First, the target rank & is determined via
dimensional thresholding: k = p - min(n,m). In this paper,
p is set to 0.04. A random projection matrix Q € R™**
with A(0,1) entries is generated, Yo = A,.(), initiating
the iterative refinement process:

Y, =QR (AL - QR(AY: 1)), 9)

where qr (-) refers to QR decomposition.

After three power iterations, an orthonormal basis Q3 =
QR(Y3) € R™ ! is extracted, projecting the original ma-
trix into a noise-robust subspace. The reduced matrix B =
Qs ' A, € RFxn g decomposed via SVD:

B=UpX,V}, (10)

where Xy, = diag(oy,...,0%,0,...,0). Finally, we can get
the reconstructed student-exercise interaction matrix:

Ay = QsUpZ Vi (1D
Following Eq.(3), we can get the denoised graph A. Our
goal is to have similar representations from the original
graph A and the denoised graph A, ensuring that CDM is
still effective even when there is noise on the graph. We
propose to use Self-Supervised alignment Loss (SSL) to en-
hance the robustness of the representation through Lgg; :

— > log (exp (Wb /7)) = > log (exp (hLh] /7)),

seS ecE
12)
where h{, denotes the corresponding representation via A.

Training and Optimization

NCDLA framework enables plug-and-play combination
with arbitrary existing CDMs. First, for models requiring



fixed dimensionality, a feature transformation layer is de-
signed to resolve dimension matching issues:

H; = ReLU (HW; + by), (13)

where W, is the weight matrix and by is the bias vector.

As pointed out in the empirical analysis, the rapid decay
of high singular values in learned representations remains a
significant challenge, particularly as it increases susceptibil-
ity to noise and degrades feature discriminability. To address
this limitation, we propose a Spectral Anchor Regularisa-
tion (SAR) method, a novel loss component that explicitly
preserves the spectral integrity of latent representations by
counteracting the disproportionate attenuation of dominant
singular components. SAR operates by first decomposing
the student representation Hg via SVD:

Hs =UXV', (14)

which generates ordered singular values o; where o7 >
09 > --- > g4. Then, we designed an exponential weighted
penalty function for singular values. Exponential weighting
creates a soft thresholding effect that disproportionately pe-
nalises attenuation of early singular values, with A modulat-
ing the strength of spectral prioritisation:

1 a
2 : A
ﬁSAR = —— e 0.
a -
=1

The denoised representations serve as inputs to down-
stream diagnosis models. The prediction of student-exercise
interactions can be formalised as:

Ysx = CDM (Hg,Hy,Hy).

15)

(16)

During NCDLA framework training, end-to-end opti-
misation is achieved through a joint training mechanism.
Specifically, the negative log-likelihood function is first em-
ployed to measure response prediction capability:

£BCE = - Z [ys:c IOgO' (Qsa:) +
(S,X)eL

(1 = ysz) log (1 — o (Js2))] ,

where L denotes response logs, and y,, indicates whether
the current student answered correctly.

We then combine prediction loss, self-supervised align-
ment loss, and SAR loss to obtain the final loss function:

(13)

a7

L= Lpce+ o Lss1, + 5 - Lsar,

where a and ( are the hyperparameters.

Experiments

In this section, we conducted comprehensive experiments to
verify the predictability and robustness of NCDLA.

Setups

Datasets and Metrics. Experiments were performed on
three public datasets: Assistl7 (Feng, Heffernan, and
Koedinger 2009), NeurIPS2020 (Wang et al. 2021), and
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Dataset Assit2017  NeurIPS2020  Junyi
#Students 1,709 2,840 10,000
#Exercises 3,162 6,000 734
#Concepts 102 268 734
#Response Logs 390,311 214,328 408,057
Sparsity 0.072 0.012 0.055
ACR 0.815 0.631 0.687
Q Density 1.22 4.14 1.00

Table 1: Statistics of three datasets.

Junyi (Chang, Hsu, and Chen 2015). Table 1 presents de-
tailed statistics. Sparsity Rate represents the density of in-
teractions in the student-exercise interaction matrix. Av-
erage Correctness Rate (ACR) reflects the average diffi-
culty level of items across the dataset. The datasets were
partitioned into training, validation, and test sets using a
7:1:2 ratio. Three metrics were employed to measure clas-
sification model performance: Accuracy (ACC), Area Un-
der the receiver operating characteristic Curve (AUC), and
F1-score. Additionally, we adopt the Degree of Agreement
(DOA) (Qian et al. 2024) as the interpretability metric.
Baselines and Implementation Details. We integrate
various CDMs with different frameworks. We selected two
types of CDMs as backbones: IRT (Hambleton and Swami-
nathan 2013) and MIRT (Chalmers 2012) based on statisti-
cal methods, and NCD (Wang et al. 2020), MFKC (Li et al.
2022b) and KaNCD (Wang et al. 2023) based on neural net-
works. For frameworks, we adopted LightGCN (LGCN) (He
et al. 2020), ORCDF (Qian et al. 2024), and ISGCD (Shao
et al. 2025) for comparison. It is worth noting that both OR-
CDF and ISGCD have made improvements for robustness.
For all methods, we use Xavier to initialize parameters and
Adam for optimization. For fair comparison, the embedding
size d of MIRT and KaNCD is set to 32, and d of NCDM
and MFKC is uniformly set to the number of knowledge
concepts K. The batch size of all datasets is set to 4096.
For the hyperparameters in NCDLA, the learning rate is set
to 0.04, a to 0.001, 5 to 0.1, A to 0.2, and a is set to 2. Each
experimental result is the average under five random seeds.

Comparative Experiments

The comparative experimental results across three datasets
are presented in Table 2. It can be observed that NCDLA
consistently improves all baseline CDMs across all datasets.
This confirms that NCDLA effectively removes noise from
the data and achieves more accurate cognitive diagnosis.
MIRT demonstrates enhanced diagnostic capabilities by
modelling multiple latent dimensions of students, overcom-
ing the limitation of traditional IRT’s unidimensional abil-
ity assumption. MFKC achieves diagnostic improvement be-
yond KaNCD attains superior diagnostic outcomes by im-
plicitly learning inter-knowledge relationships through la-
tent vectors, leveraging mastered knowledge components to
infer proficiency in uncovered ones. LightGCN significantly
enhances cognitive diagnosis models by utilising GNNs to
model heterogeneous interaction graphs while incorporating
existing models as response prediction modules. This effi-



Dataset Assit2017 Neurips2020 Junyi

Method ACC AUC F1 DOA | ACC  AUC Fl1 DOA | ACC AUC F1 DOA
IRT 8556 88.27 91.66 - 69.95 7522 76.85 - 7627 80.37  83.49 -
LGCN-IRT 86.75 89.43 92.11 - 7143 76.56  78.63 - 7746 81.74 84.31 -
ORCDF-IRT 86.83 89.43 92.13 - 7145 76.68  78.24 - 77.57 81.68 84.42 -
ISGCD-IRT 86.78 89.45 92.03 - 71.52 7676 78.70 - 7750 81.42 84.46 -
NCDLA-IRT 86.85 89.49 92.15 - 71.65 8495 78.78 - 77.64 81.50 84.68 -
MIRT 86.38 89.32  91.98 - 70.09 7451 77.84 - 77.09 80.95 8425 -
LGCN-MIRT 86.07 88.58 91.89 - 7049 7547 7825 - 7729 81.17 84.28 -
ORCDF-MIRT 86.76  89.52 92.11 - 71.54  76.58  78.35 - 7751 8133 8425 -
ISGCD-MIRT 87.02 90.08 92.26 - 71.55 7698  78.07 - 77.68 8149  84.67 -
NCDLA-MIRT 87.28 90.15 9240 - 71.71 7725 7847 - 7779 81.44 84.64 -
NCDM 8222 79.56 8939 5554 | 69.73 7419 7680 66.55 | 7427 78.07 82.59 50.41
LGCN-NCD 8329 8294 89.87 5694 | 70.55 7558 77.00 67.57 | 75.00 74.80 8243 55.44
ORCDF-NCD 85.63 87.59 91.27 6027 | 7136 76.68 77.72 69.25 | 76.86 80.89 83.78 59.43
ISGCD-NCD 8576 8791 9137 5943 | 7143 76.86 78.19 69.23 | 76.51 80.46 8427 55.36
NCDLA-NCD 87.82 90.78 92,74 68.15 | 72.07 7739 78.80 69.84 | 77.35 81.45 84.05 60.09
MFKC 83.01 8434 8993 5598 | 70.86 76.05 7721 6835 | 74.87 7843 82.51 49.24
LGCN-MFKC 8577 8851 9134 59.65| 71.62 76.82 7842 6990 | 76.19 80.83 8247 59.33
ORCDF-MFKC | 86.94 89.58 92.08 62.70 | 71.66  76.72  78.55 72.15 | 77.26 81.05 8437 60.64
ISGCD-MFKC 86.87 89.45 92.05 6423 | 71.82 7720 78.17 7175 | 76.96 8098 83.73 61.27
NCDLA-MFKC | 87.34 8991 9238 68.25 | 71.86 7737 78.87 7246 | 77.34 8139 84.21 61.36
KaNCD 85.03 86.45 9098 5790 | 71.01 7597 7791 68.67 | 75.27 7521 83.32 53.86
LGCN-KaNCD 8549 87.05 91.25 5838 | 7132 76,59 7733 69.23 | 76.61 79.89 83.60 58.88
ORCDF-KaNCD | 87.14 89.73 9227 6242 | 71.59 7692 78.18 70.09 | 77.54 81.43 8435 60.58
ISGCD-KaNCD | 87.04 89.62 9221 6442 | 71.87 7720 77.69 7037 | 77.57 81.80 84.61 60.60
NCDLA-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

Table 2: The comparative experimental results on three datasets. Bold indicates the best result.

cacy stems from the inherently heterogeneous topological
relationships among core educational entities. The model’s
higher-order relational learning capability enables extraction
of deeper cognitive patterns from sparse interaction data.

ORCDF, ISGCD, and NCDLA divide the heterogeneous
graph into right-response and wrong-response graphs, effec-
tively mitigating confusion between correct and erroneous
patterns. However, although ORCDF improves performance
through stochastic response reversal as data augmentation
during training, this random inversion may inadvertently re-
inforce erroneous information present in the original data.
ISGCD selectively removes edges based on uncertainty and
heterogeneity metrics, but such operations risk erroneous
elimination of valid information, resulting in ISGCD under-
performing ORCDF under some scenarios. NCDLA’s em-
pirically designed low-rank reconstruction methodology ef-
fectively circumvents these limitations.

Robustness Analysis

In this paper, noise refers to either adding new interactions
or deleting existing interactions. For these robustness exper-
iments, modified interactions constituted 5%, 15%, and 25%
of the total interactions respectively. KaNCD was employed
as the backbone model to evaluate performance under four
frameworks. Results on the NeurIPS2020 dataset are pre-
sented in the Fig. 4. Experimental findings demonstrate
that while all frameworks exhibit gradually declining accu-
racy with increasing noise levels, they maintain reasonable
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predictive capability. Crucially, NCDLA framework consis-
tently preserves superior accuracy across all noise condi-
tions. Although ORCDF enhances model robustness through
random interaction-type inversion, this randomised opera-
tion primarily targets generalisation improvement. This en-
hancement of generalisation mainly stems from the fact that
when there is a significant distribution bias in the interac-
tion pattern, the random inversion strategy can create mean-
ingful virtual negative samples, effectively increase the di-
versity of negative samples, and alleviate the overfitting of
the model. However, such random inversions may inadver-
tently reinforce erroneous information, potentially mislead-
ing the model. ISGCD performs edge deletion based on
computed reliability metrics, but cannot guarantee the re-
sulting representations are both accurate and trustworthy,
risking loss of valid information. NCDLA’s low-rank recon-
struction methodology achieves precise noise detection and
targeted mitigation, effectively eliminating noise impact. By
circumventing the interference issues inherent in alternative
approaches, NCDLA delivers optimal robustness in cogni-
tive diagnosis.

Ablation Studies

To clarify each module’s contribution, ablation studies were
conducted by respectively removing the low-rank recon-
struction alignment (w/o ALI) and spectral anchor regular-
isation (w/o SAR) components. Similar to previous robust-
ness testing, varying noise levels were artificially introduced
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Figure 4: Accuracy under different noises on NeurIPS2020.

to assess the robustness of each variant. Experimental re-
sults on the Neur[PS2020 dataset are shwon in the Fig. 5.
Results demonstrate that the removal of either module sig-
nificantly diminishes diagnostic accuracy, confirming each
component’s effectiveness in enhancing cognitive diagno-
sis performance. Concurrently, framework robustness con-
sistently decreases with module removal. The decrease in re-
sults is more pronounced when the low-rank reconstruction
module is removed. This is because low-rank reconstruction
undertakes the task of structural noise filtering, and SAR
performs refined representation constraints on this basis.
Without the SAR module, this variant can still learn the de-
noised representation through the denoised graph structure
and self-supervised alignment. Crucially, ALI and SAR sta-
bilise the primary subspace from complementary perspec-
tives: the former operates on the adjacency matrix structure
while the latter regulates node representations.

Related Works

In this section, we introduce the related works in two parts:
conventional methods and GNN-based methods.

Conventional Cognitive Diagnosis Methods. Statisti-
cal methods such as IRT (Hambleton and Swaminathan
2013; Xu et al. 2025) and MIRT (Chalmers 2012) effec-
tively infer students’ performance. With advances in com-
putational hardware, deep neural networks have been intro-
duced into cognitive diagnosis methodologies (Zhang et al.
2023; Wang et al. 2024b; Shen et al. 2024; Liu et al. 2025).
NCDM (Wang et al. 2020) recognised the limitations of
expert-designed interaction functions and proposed a novel
data-driven cognitive diagnosis framework. MFKC (Li et al.
2022b) designed and modeled the difficulty and discrim-
ination of knowledge concepts based on neural networks.
KaNCD (Wang et al. 2023) uses matrix factorization layers
to reflect students’ proficiency in grasping concepts. How-
ever, these methods typically treat students, exercises, and
concepts as independent entities, rendering them inadequate
for learning the intricate interaction patterns among these
three elements. This limitation results in the loss of valu-
able interaction structural information during the inference
of cognitive states.
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Figure 5: Ablation experiments on NeurIPS2020.

GNN-based Cognitive Diagnosis Methods. With the ex-
tensive research and application of GNNs (Chen, Wang, and
He 2025; Luo et al. 2024; Guan et al. 2025a; Cheng et al.
2025; Zhang et al. 2025a), some researchers (Gao et al.
2021; Hou et al. 2025) have recognised that the relation-
ships can form graph structures, leading them to incorporate
GNN into their CDMs (Li et al. 2022a). However, existing
works (Qian et al. 2024; Yao et al. 2024; Shao et al. 2025)
have found that frameworks that first conduct representation
learning and then concatenate CDMs as the backbone of-
ten have better results. ORCDF (Qian et al. 2024) employed
data augmentation and self-supervised alignment to acquire
relatively robust representations. ISGCD (Shao et al. 2025)
quantifies the uncertainty of edges, achieving robust results
by removing unreliable edges. However, these methods do
not notice the natural robustness of LightGCN. In this pa-
per, we conduct empirical analysis to identify the sources
of CDMs’ robustness and propose an accurate and robust
graph-based cognitive diagnosis framework.

Conclusion

In this paper, we conducted extensive empirical analyses
to investigate the robustness in CDMFs. Our findings re-
veal that stabilisation of the principal subspace is pivotal for
maintaining the robustness of cognitive diagnosis, as noise
induces information homogenisation. Building upon these
findings, we propose a novel framework named NCDLA,
which first denoises interaction graphs via low-rank recon-
struction and aligns representations through self-supervised
learning. Concurrently, a spectral anchor regularisation loss
function is introduced to stabilise the singular values of node
representations to avoid homogenization. Comprehensive
experimental evaluations demonstrate that NCDLA achieves
optimal diagnostic accuracy and noise resistance. This paper
represents the first systematic investigation into why graph-
based cognitive diagnosis frameworks can effectively learn
correct information in noisy environments. These findings
advance the theoretical understanding of graph-based di-
agnostic frameworks and offer valuable insights for future
graph-based cognitive diagnosis framework design.
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