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Abstract

Cognitive diagnosis aimed at assessing a students’ profi-
ciency in specific knowledge concepts based on their re-
sponses to exercises. However, existing cognitive diagnosis
models often overlook anomalies in students and exercises.
For instance, some students might incorrectly response exer-
cises despite having a strong grasp of the knowledge concept,
or they might response correctly despite a lack of understand-
ing. Such subtle anomalies can adversely affect the diagnostic
results of the models. To address these anomalies, we conduct
a qualitative analysis of how anomalous student states and
exercise properties impact response outcomes using causal
diagrams. We propose a framework named Anomaly Detec-
tion for Cognitive Diagnosis (AD4CD) to enhance the ability
of Learning-to-Detect-Anomalous. AD4CD approaches the
problem from a causal perspective, analyzing confounding
paths that affect the true causal relationship between student
ability and response outcomes, and designing an anomaly de-
tection mechanism suitable for cognitive diagnostic models.
Specifically, we first account for anomalous student behaviors
and exercise properties and introduce response times from
both students and exercises as modeling factors. By quantify-
ing the response time distributions in high-dimensional fea-
tures, we identify anomalies within skewed distributions, in-
cluding both left-tail and right-tail anomalies. Using the de-
tected anomaly scores, we comprehensively model the stu-
dents’ anomalous behaviors and exercise anomalies. Addi-
tionally, we reconstruct unbiased true abilities under natural
conditions and use reconstruction loss as an anomaly score
to assist in modeling guessing and slipping features. Lastly,
AD4CD leverages a general cognitive diagnosis model as its
backbone, optimizing the guessing and slipping features to
provide unbiased and accurate feedback. Extensive experi-
mental results demonstrate that AD4CD effectively captures
anomalous data in the diagnostic process across three real-
world datasets, enhancing the accuracy of the diagnostic re-
sults.

Introduction
Amid the development of intelligent education, cognitive
diagnosis has garnered increasing attention (Zhao et al.
2023; Wu et al. 2023; Liu et al. 2023b; Yang et al. 2023,
2019). Cognitive diagnosis aims to assess students’ profi-
ciency in various knowledge concepts through response on
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Figure 1: (a) denotes the cause-effect diagram to ana-
lyze anomalies. (b) The relationship between students’ re-
sponse times distribution and accuracy rate on the AS-
SIST09 dataset.

exercises (Ma et al. 2024e; Yang et al. 2024b; Yu et al.
2024a,b). cognitive diagnosis models (CDMs) utilize stu-
dents’ response records and the Q-matrix, which represents
the relationship between exercises and knowledge concepts,
to model both students’ abilities and the property of the ex-
ercises. This approach enables diagnostic feedback for stu-
dents and provides an analysis of exercise characteristics,
such as difficulty (Ma et al. 2024c; Yu et al. 2024c). Exist-
ing research (Yang, Qin, and Yu 2024; Shen et al. 2024) has
focused on designing various neural network structures to
capturethe naive binary interactions between students and
exercises, such as DNN-based CDMs (Wang et al. 2022;
Ma et al. 2022) represented by NCD (Wang et al. 2020)
and graph-based CDMs (Wang et al. 2023; Ma et al. 2024a)
represented by RCD (Gao et al. 2021). These studies uni-
formly treat historical response records as normal interac-
tion behavior, which is considered to contribute equitably
to model learning. However, in certain situations, the diag-
nostic results from CDMs indicate that the student has a
deep understanding of one knowledge concept but a shal-
low understanding of another, with no correlation between
them. Nonetheless, in practical assessments, the student in-
correctly answered a question linked to the former concept
but correctly responded to one related to the latter. This
unobservable anomalous behavior contradicts the cognition
of CDMs, leading to biased diagnostic results, which are
caused by the coupling of the two entities, including the stu-
dent and the exercise.
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To better understand the causes of this phenomenon, we
proposed a formalized definition for qualitative analysis us-
ing a causal graph, as illustrated in Figure 1 (a). The nodes
represent causal factors, and an edge A → B indicates that
A directly affects B.
• Firstly, {X,A,B} → Y denotes that a student’s inher-

ent ability X , his anomalous state A and the anoma-
lous properties of the exercise B all directly affect the
response outcome Y . Here, A represents situations like
stress or lack of concentration, while B includes errors
in associating exercises with knowledge concepts, which
are manually labeled (Liu et al. 2023a), or ambiguities
inherent in the exercises.

• Secondly, A→ C → X suggests that a student’s anoma-
lous state increases the likelihood of guessing or slipping,
thereby affecting their true ability under natural condi-
tions. For instance, when a student is under noticeable
stress, the probability of guessing increases. Similarly,
when a student feels fatigued or distracted, the likelihood
of careless mistakes significantly rises, leading to under-
estimated diagnostic feedback.

• Furthermore, B → C → X implies that the anomalous
properties of the exercise B elevate the risk of guess-
ing or slipping. Specifically, poorly constructed exercises
may compel the student to guess, while ambiguous exer-
cises might result in careless errors.

• Lastly, C → Y indicates that even under natural condi-
tions, there remains a non-zero probability of guessing or
slipping, which can still affect the final outcome to some
extent (De La Torre 2009).

We define the task of detecting anomalous behaviors
within CDMs as Learning to Detect Anomalous (LDA). The
challenge of the LDA task lies in the fact that anomalous
behaviors are both difficult to observe and hard to quantify.
This leads us to pose a counterfactual question: has a stu-
dent’s response been influenced by anomalous behavior? To
explore this question and block paths that disrupt the true
causal relationship, we re-examined the contextual informa-
tion during the student’s response process, providing a foun-
dation for interpretable diagnostic feedback. As shown in
Figure 1 (b), we visualized the response times of students in
the ASSIST2009 dataset, which reflects the response pro-
cess. The results indicate that both excessively long and
short response times can affect the final accuracy. However,
it is not feasible to judge the presence of anomalous inter-
actions by setting a threshold for learning duration. This im-
plies that each exercise has its own reasonable response time
distribution, and similarly, each student has their own pre-
ferred response time. For example, students with time anxi-
ety may answer exercises quickly. Using such method could
result in most interactions with difficult or easy exercises be-
ing considered anomalous. Similarly, most interactions by
students who prefer quick responses or careful deliberation
would be viewed as anomalous. However, no prior work has
explored the quantification of anomalous behaviors during
the response process.

To address the aforementioned challenges, we designed
a diagnostic framework aimed at enhancing the ability of

LDA, named Anomaly Detection for Cognitive Diagnosis
Framework (AD4CD). From a causal inference perspective,
we analyzed the backdoor paths that obstruct the link be-
tween students’ true abilities and their response outcomes.
To satisfy the backdoor criterion, we developed an anomaly
detection mechanism specifically tailored for cognitive di-
agnostic models. Specifically, we introduced both student
response times and exercise response times. By quantify-
ing the distribution of high-dimensional features from var-
ious perspectives, we identify biased distributions, includ-
ing left-tail and right-tail anomalies. Guided by the detected
anomaly scores, we integrated high-dimensional features to
comprehensively model the anomalous student behavior and
exercise properties. Moreover, to account for the non-zero
probabilities of guessing or slipping under natural condi-
tions, we reconstructed the unbiased true abilities by bas-
ing our model on interpretable diagnostic results. The re-
construction loss serves as an anomaly score, assisting in the
modeling of guessing and slipping features. Finally, AD4CD
uses general CDMs as its backbone, with the modeled guess-
ing and slipping behaviors guiding the diagnosis of unbiased
and authentic response feedback. Extensive experimental re-
sults on three real-world datasets demonstrate that AD4CD
effectively captures anomalous data in the diagnostic pro-
cess.

Code — https://github.com/BIMK/Intelligent-Education/

Related Work

Cognitive diagnosis

Over the past few decades, cognitive diagnosis tasks in edu-
cational psychology have achieved great success. The early
IRT model (Lord 2012) and the DINA model (De La Torre
2009) are two classic cognitive diagnosis models. In IRT,
students’ ability states are represented as one-dimensional
continuous scalar values, and a logistic function is used to
predict the probability of students making a correct response
to an exercise. The MIRT model (Chalmers 2012) extends
students’ ability states to multidimensional vectors. The
DINA model uses binary vectors to represent students’ mas-
tery of various knowledge concepts. In recent years, con-
siderable neural network-based approaches have emerged
for improving the cognitive diagnosis precision (Yang et al.
2024a; Ma et al. 2024b). For example, some researches such
as NeuralCD (Wang et al. 2020) and KaNCD (Wang et al.
2022) intended to utilize neural networks to capture the com-
plex relationships between students and exercises. Mean-
while another researches such as ECD (Zhou et al. 2021),
RCD (Gao et al. 2021), and HierCDF (Li et al. 2022a) utilize
neural networks to learn more valuable information from
contextual features, multi-layer relation graph, hierarchical
structure of knowledge concepts, and so on (Ma et al. 2024d;
Wang et al. 2024; Zhang et al. 2024). However, existing
methods only focus on the historical interactions between
students and exercises, neglecting the crucial factor of stu-
dents’ problem-solving states
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Anomaly Detection
Anomaly detection, also known as outlier detection, is a
key technology in machine learning with broad applica-
tion prospects. It is widely used in fields such as anti-
money laundering (Lee et al. 2020), rare disease detec-
tion (Zhao et al. 2021), and intrusion detection (Lazarevic
et al. 2003). Depending on the type of data, anomaly de-
tection can be divided into anomaly detection on tabular
data, anomaly detection on sequential data, and anomaly
detection on graph data. This paper primarily focuses on
unsupervised anomaly detection technologies on tabular
data, which mainly include distance-based approaches (Ra-
maswamy, Rastogi, and Shim 2000; Breunig et al. 2000),
clustering-based approaches(Ester et al. 1996), tree-based
approaches(Liu, Ting, and Zhou 2008), and neural network
based approaches(Zong et al. 2018; Wang et al. 2019).
For example, as the representatives of distance-based ap-
proaches, KNN (Ramaswamy, Rastogi, and Shim 2000) cal-
culates the distance to its nearest k neighbors and judges
whether a point is an outlier based on the size of this dis-
tance. Similar to KNN, LOF (Breunig et al. 2000) also per-
forms measurements, but instead of using distance, it evalu-
ates the local density deviation relative to its neighbors. As
the representatives of tree-based approaches, iForest (Liu,
Ting, and Zhou 2008), isolates data points by randomly cut-
ting the data. Normal data points are difficult to isolate,
while anomalous points are more easily isolated. However,
these anomaly detection algorithms cannot be directly ap-
plied to the field of cognitive diagnosis.

Preliminary
In this section, we formally define the cognitive diag-
nosis task. We define three entity sets: the student set
S = (s1, s2, . . . , sN ) of size N ; The exercise set E =
(e1, e2, . . . , eM ) of size M ; the knowledge concept set
K = (k1, k2, . . . , kC) of size C. The exercise-concept ma-
trix is defined as Q ∈ RM×C . If Qi,j = 1, then exer-
cise ei contains knowledge concept kj ; otherwise, Qi,j =
0. We also define the interaction record as a quadruple
(si, ej , ri,j , ti,j) ∈ R, where ej is the exercise interacted
with by student si, ri,j = 1 indicates that student si an-
swered exercise ej correctly, and ri,j = 0 otherwise. ti,j
represents the time taken by student si to answer exercise
ej . R represents the entire set of interactions. So, we can
formalize the research problem in this paper as follows:

Problem Definition: Given the students’ response logs R
and the expert-defined Q matrix, our goal is to diagnose stu-
dents’ proficiency after blocking confounding factors.

Method
Causal Inspired Analysis
As illustrated in Figure 2(a), we present the causal graph
of the LDA task. It reveals that introducing certain con-
founding paths leads to uncontrollable bias and weak in-
terpretability. To explore the causal effect between X and
Y , while considering the confounding variables {A,B,C},
we first analyze all paths between X and Y . These in-
clude four paths: (1) X → Y , (2) X ← C ← A → Y ,

(3) X ← C ← B → Y , and (4) X ← C → Y . We uti-
lize the backdoor criterion to condition on these paths. The
backdoor criterion requires that for a pair of ordered vari-
ables (P,Q) and a variable set Z, the following conditions
must be satisfied: (1)Z contains no descendants of P , and
(2)Z blocks all backdoor paths between P and Q. Accord-
ingly, we identify the backdoor paths as those represented by
(2), (3), and (4). Thus, our goal is to block these confound-
ing paths in order to discover the true causal relationship
between X and Y .

Anomaly Detection
To block the confounding paths X ← C ← A → Y and
X ← C ← B → Y , we conditionally adjust for the sets
of confounding variables {A,C} and {B,C}, respectively.
The adjustment formula based on the backdoor criterion is:

P (Y | do(X)) =
∑

{A,C}∪{B,C}

P (Y | X,A,C)P (A,C)

+ P (Y | X,B,C)P (B,C),
(1)

where P (Y | X, ·) represents the influence of X on Y af-
ter controlling for confounders, and P (·) denotes the joint
probability distribution of the confounders. To condition on
the confounders, we will separately detect abnormal student
states and anomalous exercise properties, which correspond
to blocking the first and second confounding paths.

Since abnormal data exist within the interaction data, and
students’ response times can serve as a basis for anomaly
detection, we first transform the response times in the re-
sponse log into response vectors to quantify the detec-
tion. For student i, let xsi = (xi1, xi2, . . . , xiM )T repre-
sent his response vector. Similarly, for exercise j, let xej =

(x1j , x2j , . . . , xNj)
T denote its response vector. Given the

set of response times T = {tij | (si, ej , ri,j , ti,j) ∈ R} in
the response log, xij is defined as follows:

xij =

{
tij , if (si, ej , rij) ∈ R,

−1, else .
(2)

Due to the data collection mechanisms of the platform, the
response times include both discrete and continuous values.
For the former, we map the features using a parameter matrix
E, while for the latter, we apply an affine transformation to
project them into the same dimensional space:

xencij ∈ R1×d =

{
Wj ∗ xij + bj , tij is continuous,
lookup(Ej , xij), else,

(3)
where W and b represent learnable parameters, and d de-
notes the feature dimension. By using this approach, we ob-
tain encoded representations for the student and exercise,
denoted as x

enc(s)
i ∈ R1×dsi×d and x

enc(e)
j ∈ R1×dse×d,

respectively. It is important to note that this encoding is only
applied when xij ̸= −1, so dsi and dse represent the ac-
tual number of questions the student responded to and the
number of responses the exercise received, respectively.

Next, we propose an anomaly scoring mechanism to cap-
ture potential anomalous signals from the high-dimensional
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Figure 2: (a) the causal inspired analysis, and (b) the schematic diagram of AD4CD framework

representations. The anomaly score leverages the multi-
dimensional relationships between features to quantify devi-
ations from expected behavior within the feature space. For
each encoded high-dimensional data point xencij , we define
its anomaly score oij based on the point’s position relative
to the overall distribution in the embedding space. Instead of
relying on predefined cumulative distribution functions, we
evaluate the behavior of data points across multiple dimen-
sions to determine whether they exhibit anomalous charac-
teristics. Specifically, we assume that the high-dimensional
representations of both students and exercises are indepen-
dently and identically sampled from a distribution with a
empirical cumulative distribution function (ECDF) (Li et al.
2022b) F̂ : Rd → [0, 1]. For any a ∈ Rd, we define:

F̂
(h)
left(a) :=

1

n

n∑
i,j=1

{
xenc

(h)

ij ≤ a
}

and F̂
(h)
right(a) :=

1

n

n∑
i,j=1

{
xenc

(h)

ij ≥ a
}
.

(4)

Here, xenc
(h)

ij denotes the h-th feature of the multidi-
mensional data points. This function provides a measure
of extremeness by evaluating how small F̂ (x

enc(s)
ij ) and

F̂ (x
enc(e)
ij ) are across all dimensions. If the results are small,

this suggests that the data point lies in the far left tail of the
joint distribution, indicating that the point may be an outlier.
Therefore, we estimate the left and right tails of the CDF
across all d dimensions under the independence assumption:

F̂left(x
enc
ij ) :=

d∏
h=1

F̂left(x
enc(h)

ij )

and F̂right(x
enc
ij ) :=

d∏
h=1

F̂right(x
enc(h)

ij ).

(5)

The sample skewness sparsity γh for h-th dimension is
calculated as follows:

γh =
Ei=1,...,n(x

enc(h)

nj − Ei=1,...,nx
(h)
nj )

3[
1

n−1Ei=1,...,n(xenc
(h)

nj − Ei=1,...,nx
(h)
nj )

2
] 3

2

. (6)

When γh < 0, it indicates left-skewed distribution, and vice
versa. To adaptively learn the anomaly scores, we integrate
the above steps to obtain the complete computation:

o(xencij ) = −
d∑

h=1

[
{γh < 0} log(F̂hleft(x

ench

ij ))

+ {γh ≥ 0} log(F̂hright(x
ench

ij ))
]
.

(7)

Through this mechanism, we calculate anomaly scores for
each student and exercise, denoted as osi ∈ Rds×1 and oej ∈
Rde×1, respectively. Furthermore, we utilize an attention
mechanism to model the impact of anomalous states guided
by the anomaly scores. Specifically, the anomaly scores
serve as the query and key, while the high-dimensional re-
sponse representations x

enc(s)
i and x

enc(e)
j act as the value.

This process aims to capture potential anomalous signals
from the high-dimensional representations. We then obtain
the anomaly influence representations from both the student
and exercise perspectives:

αi = softmax(
osi × osi

T

√
d

)x
enc(s)
i ,

αj = softmax(
oej × oej

T

√
d

)x
enc(e)
i ,

(8)

where αi ∈ R1×ds×d and αj ∈ R1×de×d are used to con-
trol the anomalous states of students A and the anomalous
properties of exercises B, respectively.
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Detection in Natural State
Even in the absence of anomalous student states or exercise
preperties, under natural conditions, students may still guess
or slip with a certain probability (corresponding to the path
X ← C → Y ). To block this confounding path, we aim to
explore the natural state of student ability, capturing subtle
deviations in their abilities. Given that such deviations di-
rectly affect diagnostic results and representation learning,
we multiply the natural ability of the student xNi with the
representations of all knowledge concepts. This approach
enables the diagnostic results of different knowledge con-
cepts to be interpreted through intrinsic knowledge relation-
ships. For a given student i and the one-hot vector hsi we
formulate it as:

xKi = hsi × (EK)T (9)

where EK ∈ RC×d refers to the learnable embedding ma-
trix for knowledge concepts (with N and C representing the
number of students and knowledge concepts, respectively).

Given that the obtained student representations of mas-
tery across all knowledge states may be influenced by noisy
data, we propose to model the uncertainty in these inferred
abilities based on the observed data. We map the observed
ability representations to a latent space, and then capture the
unbiased latent ability by learning the probability distribu-
tion of the latent variables, which is used to reconstruct the
true ability of the students. Our goal is to maximize the evi-
dence lower bound (ELBO) based on the observed xKi :

LELBO(θ, ϕ;xKi ) =λ1Eqϕ(z|xK
i )

[
logpθ(xKi | z)

]
− λ2KL(qϕ(z | xKi )∥p(z)),

(10)

where the first term is the reconstruction term, ensuring that
the latent representations can accurately reconstruct unbi-
ased abilities, thereby mitigating uncertainty. The second
term encourages the variational posterior qϕ(·) to approx-
imate the prior distribution p(·), which is a standard nor-
mal distribution. We focus specifically on the reconstruction
term. First, we model the observed ability representations
xKi as a distribution in the latent space:

z ∼ qϕ(z | xKi ) = N (z;µ(xKi ), σ2(xKi )), (11)
which captures the student’s latent cognitive ability. This la-
tent variable allows to faithfully reconstruct unbiased ability:

pθ(x
K
i | z) ∼ N (xKi ; fθ(z), I), (12)

where fθ(·) is a decoder that maps the latent representations
back to the observation space. The difference between the
reconstructed and observed abilities is considered as a natu-
ral state anomaly score, which can be calculated as:

os
N

i = Eh=1,...,d(x
K(h)

i − fθ(z)
(h)), (13)

where h denotes the h-th representation feature. To model
this natural state anomaly score, we fuse it with the specific
knowledge concept corresponding to the current response,
denoted as knowledge concept kl. This fusion is formulated
as:

βi = fφ(σ(o
sN

i × hkl × EK)), (14)
where fφ(·) represents a multi-layer perceptron, hkl is the
one-hot vector of knowledge concept kl, and σ(·) is the ac-
tivation function.

Data ASSIST09 ASSIST17 Junyi
#Students 2,954 1,708 115,886
#Exercises 17,707 3162 721
#Knowledge concepts 123 102 39
#Responses logs 331,106 882,075 14,767,179

Table 1: Dataset Statistics

AD4CDM: An Implementation of AD4CD
In this section, we introduce AD4CDM as an implemen-
tation of AD4CD to demonstrate its feasibility. Since the
three confounding paths mentioned earlier all involve guess-
ing and slipping, represented by the variable C, we condi-
tionally control the three anomaly representations modeled
in the first two subsections, conditioned on C. These three
types of anomaly representations collectively influence the
modeling of guessing and slipping scenarios. Thus, we inte-
grate these three representations using an attention mecha-
nism:

Qi = Ki = Vi = αi ⊕ αj ⊕ βi,

α∗
i , α

∗
j , β

∗
i = softmax(

Q×KT

√
3 ∗ d

)V
, (15)

where the three representations serve as queries, keys, and
values, respectively, and⊕ denotes the concatenation opera-
tion. Subsequently, we extract the integrated representations
to obtain two representations within the variable C:

xGuess
i ∈ R1×1 = fψG

(σ(α∗
i ⊕ α∗

j ⊕ β∗
i )),

xSlip
i ∈ R1×1 = fψS

(σ(α∗
i ⊕ α∗

j ⊕ β∗
i )),

(16)

where fψG
and fψS

represent linear layers with different pa-
rameter weights. To block the influence of variable C on
the true response results, we model these learned represen-
tations together with a general CDM to obtain unbiased re-
sponse results:

y∗ij =M(hsi , hej , hcl),

ŷij = xGuess
i (1− y∗ij) + (1− xSlip

i )y∗ij ,
(17)

where M(·) denotes the prediction of the general CDMs,
hej is the one-hot vector for exercise j, and ŷ represents the
unbiased diagnostic feedback predicted by AD4CD. We use
the cross-entropy loss function to supervise the learning of
the entire AD4CD framework:

LCD = −
∑

(si,ej ,ri,j ,ti,j)∈R

rij log ŷij+(1−rij) log (1−ŷij).

(18)
Finally, the complete loss function for training the entire

AD4CD is defined as:

L = LCD + LELBO. (19)

Experiment
Experimental Settings
Dataset Introduction We conducted experiments on three
real-world datasets: ASSISTments09, ASSISTments17,
and Junyi. These datasets all include a field for stu-
dents’ response times. ASSISTments (Feng, Heffernan,
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ASSIST09 ASSIST17 Junyi
MODEL ACC↑ RMSE↓ AUC↑ ACC↑ RMSE↓ AUC↑ ACC↑ RMSE↓ AUC↑
IRT 0.7020 0.4558 0.7152 0.6720 0.4608 0.6884 0.7571 0.4153 0.6834
IRT+ 0.7239 0.4291 0.7568 0.6751 0.4547 0.7133 0.7733 0.3985 0.7319
DINA 0.6922 0.4604 0.6967 0.6498 0.4753 0.6636 0.7541 0.4299 0.6737
DINA+ 0.7204 0.4318 0.7412 0.6604 0.4619 0.6940 0.7761 0.4007 0.7225
MIRT 0.7187 0.4506 0.7473 0.6838 0.4543 0.7083 0.7695 0.4031 0.7286
MIRT+ 0.7343 0.4232 0.7655 0.6851 0.4507 0.7254 0.7839 0.3944 0.7467
NCD 0.7262 0.4302 0.7525 0.6705 0.4600 0.6923 0.7716 0.4024 0.7303
NCD+ 0.7367 0.4216 0.7672 0.6762 0.4524 0.7195 0.7816 0.3881 0.7557
KSCD 0.7340 0.4232 0.7750 0.6856 0.4521 0.7135 0.7732 0.4004 0.7367
KSCD+ 0.7416 0.4182 0.7823 0.6898 0.4453 0.7370 0.7782 0.3914 0.7508
KANCD 0.7357 0.4225 0.7778 0.6858 0.4530 0.7124 0.7739 0.4002 0.7373
KANCD+ 0.7403 0.4182 0.7815 0.6895 0.4465 0.7340 0.7838 0.3872 0.7646

Table 2: In the overall performance comparison across the three datasets, the ”+” symbol indicates that the AD4CD framework
has been added to the original base model, and all improvements are statistically significant.(i.e., two-sided t-test with p < 0.01.

and Koedinger 2009) is a publicly available dataset col-
lected from the online tutoring system ASSISTments, while
Junyi (Chang et al. 2015) is from the online learning plat-
form ”Junyi Academy,” established in 2012. For these three
datasets, we filtered out students with fewer than 10 response
logs to ensure sufficient data for model training. After pro-
cessing, the statistical results of the three datasets are shown
in Table 1.

Evaluation Method We use three metrics, namely Root
Mean Square Error (RMSE), Prediction Accuracy (ACC),
and the Area Under the ROC Curve (AUC), are used to as-
sess the prediction performance.

Backbone Models To verify the effectiveness of our
model, we conducted comparative experiments based on
the mainstream cognitive diagnosis models. We first se-
lected three statistical-based cognitive diagnosis mod-
els: IRT (Lord 2012), MIRT (Chalmers 2012), and
DINA (De La Torre 2009). Additionally, we chose three
neural network-based models: NCD (Wang et al. 2020),
KSCD (Ma et al. 2022), and KANCD (Wang et al. 2022).

Parameter Setup The loss function ratios was set to 1,
0.01 and 1. The hyperparameters of the comparison meth-
ods were tuned on the validation set according to the orig-
inal papers. All models were implemented in Pytorch, and
all experiments were conducted on a Linux server with an
RTX4090.

Overall Performance
To validate the effectiveness of our framework, we con-
ducted prediction experiments on the three datasets men-
tioned above. Table 2 shows a comparison of the perfor-
mance of the six base cognitive diagnosis models with
and without the AD4CD framework. Firstly, it is evident
that models equipped with AD4CD outperform the origi-
nal models across all datasets, reflecting the effectiveness
of anomaly detection in enhancing cognitive diagnosis per-

Models ACC RMSE AUC
w/o slipping 0.7140 0.4318 0.7524
w/o guess 0.7282 0.4271 0.7577
w/o fusion 0.7254 0.4307 0.7467
AD4CD 0.7367 0.4216 0.7672

Table 3: Ablation study based on ASSIST09 dataset.

formance. Secondly, we observed that the performance im-
provement of our framework on the ACC is relatively lower
for some models, while the AUC metric shows a higher im-
provement. This may be due to the common issue of data
distribution imbalance across datasets. We also performed
statistical hypothesis testing and found that the p-value was
less than 0.01, which further demonstrates the validity of our
proposed framework.

Ablation Study
In order to study the impact of different modules on the over-
all performance within the framework, we conducted abla-
tion experiments. The results are shown in Table 3. We re-
moved guess state modeling, slipiing modeling, and anoma-
lous state fusion modeling, denoted as “w/o guess”, “w/o
slipping”, and “w/o fusion”, respectively. The results show
that all our frameworks achieve the best results, which effec-
tively illustrates the effectiveness of our proposed modules.
It also shows that we are able to model the anomalous states
effectively, thus improving the accuracy of the model.

Case Study
Representation Visualization In order to better visualize
the outliers identified by our framework, we conducted vi-
sualization experiments on the model. First, we displayed
the outliers learned from the interaction duration data in the
model. We used the ASSIST09 dataset and extracted a por-
tion of the G graph from the model, where the horizontal
axis represents different student IDs, the vertical axis rep-
resents different problem IDs, and the numbers indicate the
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Figure 3: Abnormal information heat map.

Figure 4: Robustness Experiment.

interaction durations for the students with the problems. A
value of−1 represents no interaction, and the colors indicate
the outliers we learned, with darker colors representing more
significant outliers. It is worth noting that due to the sparsity
of the dataset, we extracted the densest 10× 10 matrix from
the G graph for better visualization. As shown in Figure 3,
our anomaly detection method successfully learned the ab-
normal status values of students, which will aid in the sub-
sequent modeling of the impact of these abnormal statuses.

Robustness Experiment We constructed simulated
anomalous learning interaction data on the ASSIST09
dataset for additional robustness testing of our model.
Specifically, we randomly reversed each student’s in-
teraction data within different answer time intervals.
Figure 4 show the performance differences between our
NCD+AD4CD model and the original NCD after introduc-
ing different amounts of noise data points for each student.
We can observe that as the amount of noise data increases,
the performance of both models decreases. However, the
decline in NCD+AD4CD is slower, validating that our
model is more robust. It is worth noting that even without
adding any simulated noise data, our model still performs
well as it can capture potential anomalies present in the
original dataset.

Anomalous Interaction Analyze To demonstrate the role
of anomaly detection in our model, as shown in the Fig-
ure 5, we present an example of diagnosing students using
the NCD and NCD-AD4CD models on the Junyi dataset. It

Figure 5: An example of student anomalous interaction on
the Junyi dataset.

can be observed that the diagnostic results for the knowledge
concepts ”calculus” and ”decimals” differ between the two
models, which is mainly due to the AD4CD model taking
into account the impact of students’ anomalous states. For
the knowledge concepts ”decimals,” the student correctly
answered the question in a short time but then answered in-
correctly on a subsequent question of the same knowledge
concepts within a normal time frame. Considering the im-
pact of the student’s state, AD4CD determined that the stu-
dent had not mastered the ”decimals” knowledge concepts,
predicting a high probability of guessing in the first attempt,
and subsequently judged the first response as a guess in the
Bayesian posterior calculations. Similarly, for ”calculus,”
the student answered incorrectly after taking an excessively
long time. The AD4CD model considered that this might
be due to the student’s overthinking or loss of concentra-
tion, leading to a slip, and therefore predicted a higher slip
probability, ultimately classifying this interaction as a slip
in the Bayesian posterior calculations. This example shows
that our framework can identify students’ anomalous inter-
action and produce interpretable diagnostic results.

Conclusion
In this paper, we analyze the impact of students’ anoma-
lous behaviors and exercise properties on response outcomes
using a causal diagram. We propose a new task, Learn-
ing to Detect Anomalies (LDA), and introduce a frame-
work called AD4CD (Anomaly Detection for Cognitive Di-
agnosis), which blocks confounding paths and uncovers the
causal relationship between students’ abilities and response
outcomes. To achieve this, we develop an anomaly detection
mechanism tailored to cognitive diagnostic tasks, identify-
ing anomalous signals from response time distributions and
reconstructing students’ true abilities. Experiments on real-
world datasets demonstrate the effectiveness and scalability
of our framework.
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