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Abstract

Cognitive diagnosis (CD), inferring student knowledge mas-
tery based on historical response records, is crucial for per-
sonalized educational services such as adaptive practice and
learning path planning. Existing CD models were built based
on the assumption that student’s response data is integral,
overlooking the nonrandom missingness of data caused by
student answering exercises selectively. This missingness
generally leads to biased and incomplete observations, where
confounders, such as selection bias and exposure bias, signif-
icantly undermine the accuracy of student knowledge mod-
eling. To address missingness, we propose a Debiased Cog-
nitive Diagnosis (DBCD) framework through the perspec-
tive of counterfactual modeling to remove exogenous con-
founders from the response data. Specifically, the proposed
DBCD achieves debiasing for CD by applying the idea of
contrastive learning to constrain the model’s prediction distri-
butions on both factual and counterfactual data. For a student,
the factual data is his/her original response records, while the
counterfactual data is generated by sampling the same num-
ber of exercises from all exercises of each concept through
a similarity-based counterfactual sampling strategy. Consid-
ering the difficulty of directly removing the exogenous con-
founders for student, we devise a β-Variational Autoencoder
to model their exogenous confounders within the latent rep-
resentations of knowledge proficiency by leveraging exercise
priors and student response patterns. Then, the learned rep-
resentations are further combined with the vanilla student’s
ability embedding via a gating mechanism-based fusion for
final diagnosis prediction of the model. Extensive experi-
ments on real-world educational datasets demonstrate that the
proposed DBCD effectively mitigates confounders and even
outperforms existing methods, thereby validating the feasibil-
ity and effectiveness of the DBCD framework.

Introduction
Cognitive diagnosis (CD) is a fundamental task in intel-
ligent education, which aims to uncover student’s mas-
tery of knowledge concepts from their historical response
records (Yu et al. 2024a; Gao et al. 2024), providing theoret-
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Figure 1: Exercise and response log distributions under dif-
ferent rates of answering correctly on three datasets.

ical support for downstream personalized educational ser-
vices (Yang et al. 2023a), such as exercise recommendation
and individualized learning path design (Ma et al. 2022b;
Gao et al. 2025; Yu et al. 2025b). Up to now, there have been
a lot of cognitive diagnosis models (CDMs) proposed based
on different techniques (Wang et al. 2024), such as the as-
sumption of educational psychology (Lord 2012), common
neural networks (Wang et al. 2020a; Yu et al. 2025a), and
graph learning (Gao et al. 2021; Yang et al. 2025).

Although existing models have achieved promising re-
sults, they generally assume that student’s response data is
integral and largely overlooked the issue of missing-not-at-
random (MNAR) data (Marlin and Zemel 2009). As shown
in Figure 1, we conducted a density distribution analy-
sis on three real-world datasets, i.e., JUNYI (Chang et al.
2015), ASSIST17, and ASSIST09 (Feng, Heffernan, and
Koedinger 2009), based on the overall exercise correctness
rate and found a discrepancy in the distribution between
the number of related exercises and the number of student-
exercise interactions. Specifically, some students interact
with a limited subset of exercises, often biased towards ei-
ther easy or difficult exercises, making it challenging to ac-
curately assess their knowledge mastery. This nonrandom
missingness is raised by two key types of biases: 1) Selec-
tion Bias: Student may selectively choose which exercises
to attempt based on their current understanding, e.g., prefer-
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Figure 2: A case of biased CD under MNAR.

ring easier exercises for consolidation or harder exercises for
further challenge (Little and Rubin 2019). 2) Exposure Bias:
Due to constraints in practical teaching environments (e.g.,
varying instructor strategies or curriculum pacing), student
may not be equally exposed to all exercises related to a given
knowledge concept, resulting in incomplete learning sig-
nals (Nissen, Donatello, and Van Dusen 2019). In this paper,
we refer to both types of biases as confounders, which con-
tribute to the incompleteness of the observed interaction data
and hinder accurate estimation of student ability, as shown in
Figure 2. Recent progress, such as HeckmanCD (Han et al.
2024), mitigates selection bias using a Heckman-style two-
stage estimation, though its effectiveness declines when the
selection process is misspecified or data are sparse.

To address the missingness posed by confounders, an
intuitive solution is counterfactual modeling (Nabi et al.
2022). However, it is challenging to directly apply the coun-
terfactual modeling to CD due to the following reasons.
Firstly, the mechanism of a student selecting one specific ex-
ercise for answering is typically unobserved, and it is diffi-
cult to explicitly model the response generation process (Xu
et al. 2020). Secondly, due to the sparsity of student response
logs (Ma et al. 2022a), it is challenging to infer student’s re-
actions under counterfactual scenarios, thus making counter-
factual evaluations difficult to validate. Finally, CD aims to
infer student’s knowledge proficiency, while the prediction
of counterfactual modeling requires estimating their poten-
tial performance on unobserved exercises, which is an in-
ference task with higher uncertainty and will introduce ad-
ditional risks to conduct such estimation without accurate
knowledge representations (Piech et al. 2015).

To overcome these challenges, we propose a novel de-
biased cognitive diagnosis framework based on contrastive
counterfactual modeling, termed DBCD. Our contributions
are as follows: (1) A contrastive counterfactual modeling
framework is proposed for CD to remove the bias by con-
straining the model’s prediction distributions on both fac-
tual and counterfactual data based on the idea of contrastive
learning. The student’s factual is his/her original response
data. To build the counterfactual data for each student, a
similarity-based counterfactual sampling strategy is devised
to sample the same number of exercises from all exercises
of each concept. (2) Compared to completely removing the
confounders of student, a β-Variational Autoencoder (β-
VAE) is employed to model the confounders within the la-

tent representations of knowledge proficiency by leveraging
exercise priors and student response patterns. Afterward, a
gating mechanism-based fusion is devised to further com-
bine the student’s representations learned in β-VAE and the
vanilla student’s ability embedding for the final diagnosis
prediction. (3) Experimental results on real-world datasets
and six CD models demonstrate that the proposed DBCD
framework achieves competitive diagnosis accuracy while
exhibiting improved generalization ability and bias mitiga-
tion effectiveness.

Related Work
Cognitive Diagnosis
Up to now, a wide range of models have been proposed
for CD, broadly categorized into two groups: psychomet-
ric theory-based models and deep learning-based models.
Representatives of the first type include IRT (Lord 2012),
MIRT (Chalmers 2012), and DINA (De La Torre 2009).
These models typically formulate a student’s response to
an exercise as a logical function that captures the interac-
tion between student-specific and item-specific characteris-
tics. In contrast, deep learning-based models aim to cap-
ture the complex interactions among students, exercises, and
knowledge concepts. For instance, NCD (Wang et al. 2020a)
and KaNCD (Wang et al. 2022) employ neural networks
to model nonlinear interactions between students and exer-
cises. RCD (Gao et al. 2021) and SCD (Wang et al. 2023b)
construct multirelational graphs among students, exercises,
and knowledge concepts to incorporate structural informa-
tion for accurate representation learning. HyperCD (Shen
et al. 2024) leverages Hypergraph Neural Networks to effec-
tively model the homogeneous influence among students.

Despite their success, existing CD methods rely heavily
on historical student–exercise interactions, which are often
MNAR. Thus, with incomplete responses, they may fail to
accurately infer students’ knowledge proficiency.

Debiased Learning
Debiased learning (DeL) aims to remove biases raised from
data collection, selection, or labeling mechanisms through
statistical or causal approaches, enabling model predictions
to align with true data distribution. DeL has been widely
used in many areas, e.g., recommendation (Schnabel et al.
2016) and causal inference (Shalit, Johansson, and Son-
tag 2017), which can be divided into two types regarding
adopted strategies: data augmentation-based and represen-
tation learning-based approaches. Data augmentation typi-
cally adjusts the contribution of different data samples dur-
ing model training using techniques such as error imputa-
tion or data reweighting, and representatives include IPS
(Schnabel et al. 2016) and DR (Wang et al. 2019). Here DR
achieves unbiased learning by combining inverse propensity
weighting with error imputation. The representatives of rep-
resentation learning-based approaches include AutoDebias
(Chen et al. 2021), CVIB (Wang et al. 2020b), and Counter-
CLR (Wang et al. 2023a). Here CVIB adopts a variational
information bottleneck framework, which enables counter-
factual modeling and debiasing in MNAR settings through
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Figure 3: Structural Causal Models: a) Factual: Biased ob-
servations under confounding influences; b) Counterfactual:
Hypothetical outcomes inferred via causal reasoning.

mutual information decomposition and regularization.
Although DeL methods have achieved notable debiasing

results, they are primarily designed for binary relation tasks
(e.g., user–item) (Schnabel et al. 2016). In contrast, CD in-
volves complex student–exercise–concept triads, hindering
direct application (Ma et al. 2021). Moreover, the lack of
explicit confounder modeling often leads to suboptimal ob-
jectives and limited debiasing effectiveness.

Problem Statement
For the CD task, there are three types of entities: N students,
M exercises, and C knowledge concepts, which can be de-
noted as S = {s1, s2, . . . , sN},E = {e1, e2, . . . , eM} and
K = {k1, k2, . . . , kC}, respectively. All historical interac-
tion records are defined as R = {(si, ej , rij) | si ∈ S, ej ∈
E, rij ∈ {0, 1}} where rij denotes the answer of student
si on exercise ej . rij = 1 indicates a correct answer, and
rij = 0 indicates an incorrect one. The exercise-concept re-
lation matrix is defined as Q ∈ {qjc}M×C , where qjc = 1
if exercise ej is associated with knowledge concept kc, and
qjc = 0 otherwise.

Problem Definition: Given the student response records
R and the relation matrix Q, the goal of debiased CD is to
achieve unbiased diagnosis of student’s proficiency levels by
mitigating the influence of various confounders.

The Proposed DBCD
Overview of DBCD: A Causal Analysis Perspective
Figure 3 (a) reveals the causal structure underlying the CD
process in real world, where some confounders may bias the
ability estimation of students. The model involves four en-
dogenous variables: S (students), E (exercises), X ( student-
exercise interactions), and Y (responses), along with another
exogenous confounder Z influencing both exercise exposure
and exercise selection. Under such a context, CD is to es-
timate the causal effect along the path S,E → X → Y .
It reflects how to model the student’s abilities by predicting
responses Y of interactions X . However, there are two back-
door paths for the confounder Z, probably inducing bias:

• Z → E → X denotes various confounders causing
the bias of student-exercise interactions, such as system-
driven exposure constraints, student self-selection, and
recommendation biases. These confounders cause non-
random and selective interactions, thereby distorting the
observed causal relationship between X and Y .

• Z → Y denotes the direct influence of these confounders
on the estimation of student’s abilities, such as motiva-
tion and fatigue, constituting additional confounding.

The two backdoor paths hinder direct estimation of the in-
tended causal effect. The Backdoor Criterion prescribes ad-
justing for Z as P (Y | do(X)) =

∑
Z P (Y | X,Z). How-

ever, Z is usually unobserved and hard to infer, making ex-
plicit adjustment infeasible.

To this end, we propose a representation-level counterfac-
tual intervention framework (Shalit, Johansson, and Sontag
2017; Wang et al. 2023a), as shown in Figure 3(b), simulat-
ing causal intervention without directly observing Z. Specif-
ically, to block the Z → Y path, a β-VAE is used to en-
code student’s responses and exercise attributes into a latent
representation, which is the student’s latent knowledge pro-
ficiency hz ∈ RC . This latent representation is combined
with the student’s ability embedding hs ∈ RC to yield a
fused feature hf ∈ RC , mitigating the direct confounder
effect on predictions. To block the Z → E → X con-
founder path, we generate counterfactual exercise samples
E∗ based on exercise similarity. Each student interacts with
unbiased alternative exercises, yielding counterfactual inter-
actions X∗ and responses Y ∗ to disentangle confounder ef-
fects in exercise selection.

Intuitively, robust predictions may be consistent across
factual and counterfactual scenarios. Thus, a contrastive in-
formation regularization inspired by CVIB is used to encour-
age robustness against confounding bias:

Lfc= -
1

N

∑
(s,e,r̂)∈Df

(s,e,r̃)∈Dcf

(r̂ log r̃ + (1− r̂) log(1− r̃)) , (1)

where Df is the factual data, i.e., R, and Dcf denotes the
counterfactual data of student-exercise interactions.

Overview. The counterfactual intervention framework for
CD, as shown in Figure 4 (a), can be drawn from above
causal analysis. Therefore, the implementation of the DBCD
can be induced from the intervention as Figure 4 (b). Firstly
a VAE pretrained on factual data is used to extract student’s
latent representation. Then, it will be combined with the
ability embedding of student. Next, the fused knowledge
proficiency of student will be used for counterfactual mod-
eling of student based on the sampled counterfactual data
through contrastive information regularization.

Latent Knowledge Proficiency Modeling & Fusion
Latent Knowledge Proficiency Modeling via β-VAE To
mitigate exercise-level bias caused by confounder Z, the
idea of multi-exercise aggregation is adopted to infer a la-
tent representation hz for a student from his/her historical
responses. By doing so, the sensitivity to exercise selection
or exercise exposure biases can be reduced, thereby yielding
more robust knowledge proficiency representations.

Specifically, we construct the input matrix Xi = [ri,d] ∈
RM×2 for student si. ri = ((ri1, . . . , rij , . . . , riM )) ∈
{0, 1}M is the binary response vector and d =
(d1, . . . , dj , . . . , dM ) ∈ RM is the exercise difficulty vec-
tor. dj is computed as its empirical correctness rate, serving
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Figure 4: (a) A counterfactual intervention perspective framework based on causal inference; (b) Specific implementation of
DBCD induced by causal analysis.

as a bias-insensitive auxiliary input (Chen et al. 2024). Each
row [rij , dj ] ∈ R1×2 is first encoded by the exercise-wise
encoder fitem(·) followed by mean pooling to obtain a global
representation x̄i ∈ RH :

x̄i =
1

M

M∑
j=1

fitem([rij , dj ]). (2)

Then x̄i is used to obtain the latent representation hz based
on a diagonal Gaussian posterior:

hz : q(hz | Xi) = N (µi, diag(σ
2
i )),

µi = fµ(x̄i), logσ2
i = flog σ2(x̄i),

(3)

where fµ(·) and flog σ2(·) are learnable en-
coders. µi = (µi1, . . . , µik, . . . , µiC) ∈ RC and
σi = (σik, . . . , σik, . . . , σiC) ∈ RC denote the mean
and standard deviation. To promote knowledge-level align-
ment, the exercise-concept relation matrix Q is incorporated
into hz as r̂i = σ

(
fdec(hz) ·Q⊤). Here fdec(·) is a decoder

network and σ(·) is a sigmoid activation. By doing so,
the prediction of each log only depends on the knowledge
concepts associated with each log’s exercise, ensuring in-
terpretability. To train the β-VAE stably, the KL divergence
loss with free-bits regularization (Chen et al. 2016) and the
reconstruction loss are adopted:

Lrec = BCE(r̂i, ri),

Lkl =
C∑

k=1

max
(
− 1

2

(
1 + log σ2

ik − µ2
ik − σ2

ik

)
, τ

)
,

(4)

where τ is a lower-bound threshold that enforces minimum
information flow for each dimension.

Gating Mechanism-based Knowledge Proficiency Fu-
sion After obtaining the latent representation hz , a gat-
ing mechanism-based fusion is devised to combine the latent
representation hz with the ability embedding hs:
hf=gi ⊙ hs+(1− gi)⊙ hz,gi=σ([hs,hz]×Wg), (5)

where Wg ∈ R2C×C is a learnable weight matrix, ⊙ de-
notes element-wise multiplication, and [·] is the concatena-
tion. With the fused representation hf , the final prediction
of students answering exercises can be made with existing
CDMs. This gating mechanism-based fusion enables CDMs
to adaptively balance general and concept-specific knowl-
edge signals, enhancing robustness to bias.

Contrastive Counterfactual Modeling for Student’s
Knowledge Proficiency
To eliminate exercise-level bias caused by confounder Z as
much as possible, the contrastive counterfactual modeling
is devised, which constrains the model’s prediction distribu-
tions on both factual and counterfactual data.

Similarity-based Counterfactual Sampling Strategy To
collect the counterfactual data, a similarity-based counter-
factual sampling strategy is devised to build counterfactual
data on response logs R. The main idea of this strategy is to
generate counterfactual data according to factual interaction
pairs (si, ej), where si ∈ S, ej ∈ E. To generate reason-
able counterfactual data {(si, ep)|si ∈ S, ep ∈ E}, exer-
cise ep in the counterfactual data pairs needs to keep similar
structural or semantic properties to ej in factual data pairs,
which enables the model to better capture underlying causal
invariances. Not limited to unattempted exercises, the de-
vised strategy can select candidate counterfactual data from
both attempted and unattempted exercises by following the
structural similarity criterion:

ep ∈ {el|el ∈ E \ {ej} and sim(ej , el) > δ}, (6)

where δ is a predefined threshold and sim(·) is a similarity
function. To improve the applicability of this strategy, we
consider two complementary similarity perspectives.

Structure similarity (via the exercise-concept relation
matrix): Suppose ej and ep are associated with knowledge
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concept sets Kj and Kp, their structure similarity can be de-
fined by Jaccard coefficients:

simstruct(ej , ep) = |Kj ∩ Kp|/|Kj ∪ Kp|. (7)

Semantic similarity (via exercise representations): Sup-
pose the embedding of exercises ej and ep are hej ,hep ∈
RC , their semantic similarity are computed by

simembed(ej , ep) = (h⊤
ej hep)/(∥hej∥ · ∥hep∥). (8)

These two similarity measures can be used independently
or combined via the weighted sum, depending on the char-
acteristics of the datasets. For each factual pair (si, ej), we
sample a single counterfactual exercise ep from the similar-
ity set to form the counterfactual pair (si, ep).

Counterfactual Modeling via Contrastive Information
Regularization With the sampled counterfactual data
{(si, ep)|si ∈ S, ep ∈ E}, we aim to align the model’s pre-
diction distributions on factual and counterfactual data by
contrastive information regularization.

The contrastive information regularization is based on an
assumption: student’s representations are stable and exer-
cise embeddings capture semantic consistency. Therefore,
we expect r̂ ≈ r̃ when ej and ep are structurally or seman-
tically similar, where r̂ and r̃ denote the predicted response
of student si on exercise ej and counterfactual exercise ep.
To achieve the regularization, we apply an information-level
contrastive objective to the models’ prediction distributions
instead of imposing contrastive constraints directly on the
ability embeddings of students. Specifically, the loss Lfc in
Eq. (1) is adopted as the contrastive objective to minimize
the divergence between predictions in factual and counter-
factual data, promoting alignment of the model’s causal rea-
soning. To prevent the model from being overly confident in
underdetermined scenarios with the contrastive information
regularization, another entropy regularization is added:

Lp =
1

N

∑
[r̂ · log r̂ + (1− r̂) · log(1− r̂)] , (9)

which encourages the model’s prediction distributions to re-
main uncertain when appropriate.

Training Procedure of DBCD
Training of the proposed DBCD framework has two stages:
1) training the β-VAE on factual data, and 2) training CDMs
with the β-VAE on both factual and counterfactual data.

In the first stage, the β-VAE is trained on the factual data
R to learns the latent representation hz from each student’s
response vector ri and the prior exercise difficulty vector d
by optimizing the reconstruction loss and the KL divergence
loss, with the following objective:

Lvae = Lrec + β · Lkl, (10)

where β is a hyperparameter controlling the weight of the
KL divergence. After training, the β-VAE parameters are
fixed, and latent representations hz are inferred for all stu-
dents as input features for the subsequent diagnosis model.

In the second stage, the CDMs are trained on the built
counterfactual data by using the latent representation hz

Dataset Students Exercises Concepts Logs Q-Density

ASSIST09 2493 17676 123 267423 1.20
ASSIST17 1704 3162 102 390305 1.23
JUNYI 3418 711 39 138538 1.00

Table 1: Dataset statistics.

obtained from the trained β-VAE. Specifically, the gating
mechanism-based fusion in Eq. (5) is first employed to inte-
grate hz with the original student embedding hs as the fused
representations hf . Then, the CDMs can complete the mod-
els’ prediction based on the hf along with the embeddings
of corresponding exercises and concepts. Finally, the CDMs
can be trained by optimizing the overall loss as follows:

Ltotal = Lfactual + Linfo, Linfo = α · Lfc + γ · Lp, (11)

where Lfactual denotes the model’s loss on factual data, i.e.,
applying the binary cross-entropy loss to rij and r̂ij .

Experiments
Experimental Settings
Datasets and Preprocessing We evaluated our method
on three real-world datasets: ASSIST09, ASSIST17, and
JUNYI. Dataset statistics are summarized in Table 1, where
Q-density indicates the average number of knowledge con-
cepts per exercise. Following (Saito 2020), we built stan-
dardized test sets for controlled evaluation, as existing
benchmarks lack predefined splits under missing-at-random
(MAR) conditions. All models are evaluated under three set-
tings: 1) Full, the original test set; 2) Random, a randomly
sampled subset; and 3) Uniform, a re-sampled subset with
uniform missingness. More processing details and experi-
ments can be found in the appendix.

Baselines and Evaluation Metrics We compared DBCD
with representative baselines, including MIRT, DINA, NCD,
KaNCD, KSCD (Ma et al. 2022a), HyperCD, an adapted
CVIB for debiasing and HeckmanCD, a debiasing strategy
designed to address bias in CD tasks. All methods employed
publicly available implementations with hyperparameters
tuned as in their original studies. We adopt three standard
metrics: accuracy (ACC) (Yang et al. 2024; Yu et al. 2024b),
root mean square error (RMSE) (Pei et al. 2018; Yang et al.
2023b), and area under the ROC curve (AUC) (Bradley
1997; Yu et al. 2024c).

Parameter Settings All models were implemented in Py-
Torch with Xavier initialization (Glorot and Bengio 2010)
and optimized using Adam (Kingma and Ba 2014). For
MIRT, the latent trait dimension was set equal to the num-
ber of concepts C (Yang, Qin, and Yu 2024). The similarity
threshold δ varied between 0 and 0.5, and the dimension of
x̄i was set to 64. Batch size was fixed at 128. During train-
ing, the KL weight β was dynamically varied from 0 to 1, the
temperature τ ranged from 0.001 to 0.5, and the regulariza-
tion weight α spanned 0.001 to 2, with γ fixed at 0.01. Our
code is available at https://github.com/sherklock/Intelligent-
Education/tree/main/DBCD.

27615



Dataset & Metric MIRT DINA NCD

Base CVIB DBCD Base CVIB DBCD Base CVIB DBCD

A
SS

IS
T

09

Fu
ll

ACC% ↑ 70.74 ± .19 71.00 ± .11 72.07 ± .18 65.75 ± .06 65.20 ± .08 69.46 ± .04 71.55 ± .12 71.82 ± .16 72.55 ± .42
AUC% ↑ 72.30 ± .33 72.59 ± .01 74.68 ± .29 69.01 ± .08 69.89 ± .06 72.23 ± .22 72.92 ± .01 73.99 ± .15 75.28 ± .08
RMSE% ↓ 44.74 ± .17 44.61 ± .05 45.73 ± .14 49.13 ± .04 48.77 ± .01 46.74 ± .02 43.93 ± .05 44.25 ± .26 43.44 ± .23

R
an

do
m ACC% ↑ 70.72 ± .24 71.03 ± .03 72.13 ± .19 65.76 ± .09 65.19 ± .12 69.57 ± .07 71.70 ± .16 71.97 ± .16 72.63 ± .40

AUC% ↑ 72.24 ± .31 72.59 ± .14 74.75 ± .33 69.16 ± .14 69.95 ± .11 72.43 ± .17 73.19 ± .02 74.21 ± .13 75.47 ± .05
RMSE% ↓ 44.74 ± .16 44.58 ± .05 45.69 ± .18 49.06 ± .06 48.74 ± .04 46.64 ± .01 43.84 ± .06 44.14 ± .26 43.36 ± .21

U
ni

fo
rm ACC% ↑ 71.18 ± .13 71.59 ± .17 72.82 ± .41 65.75 ± .10 65.30 ± .14 70.01 ± .08 72.17 ± .14 72.37 ± .07 73.15 ± .36

AUC% ↑ 72.28 ± .35 72.66 ± .17 75.40 ± .41 69.04 ± .11 70.03 ± .15 72.51 ± .15 73.02 ± .03 74.02 ± .13 75.58 ± .02
RMSE% ↓ 44.41 ± .14 44.23 ± .03 44.89 ± .27 48.96 ± .05 48.57 ± .07 46.31 ± .03 43.63 ± .05 43.89 ± .30 43.04 ± .22

JU
N

Y
I

Fu
ll

ACC% ↑ 77.35 ± .10 77.28 ± .04 80.07 ± .15 67.21 ± .26 67.72 ± .39 76.48 ± .13 79.19 ± .29 79.37 ± .06 79.89 ± .07
AUC% ↑ 75.62 ± .22 74.90 ± .30 80.46 ± .05 70.89 ± .05 72.26 ± .31 76.67 ± .21 80.13 ± .03 79.78 ± .01 79.75 ± .01
RMSE% ↓ 40.89 ± .10 41.10 ± .10 37.58 ± .05 45.31 ± .11 45.23 ± .15 42.57 ± .18 37.95 ± .05 38.26 ± .30 37.96 ± .08

R
an

do
m ACC% ↑ 77.54 ± .11 77.57 ± .16 80.32 ± .12 67.48 ± .47 68.00 ± .33 76.71 ± .24 79.40 ± .23 79.62 ± .13 80.26 ± .02

AUC% ↑ 75.77 ± .24 75.22 ± .27 80.45 ± .20 71.02 ± .25 72.47 ± .23 76.49 ± .30 80.27 ± .03 79.97 ± .02 79.86 ± .08
RMSE% ↓ 40.69 ± .07 40.82 ± .13 37.56 ± .22 45.08 ± .25 44.96 ± .12 42.40 ± .18 37.78 ± .05 38.05 ± .28 37.76 ± .11

U
ni

fo
rm ACC% ↑ 74.13 ± .17 73.96 ± .13 76.59 ± .24 64.18 ± .28 64.56 ± .32 71.42 ± .13 76.06 ± .32 75.85 ± .23 76.68 ± .06

AUC% ↑ 75.59 ± .08 74.91 ± .20 80.28 ± .13 70.33 ± .20 71.81 ± .27 75.63 ± .19 79.84 ± .04 79.45 ± .03 79.32 ± .01
RMSE% ↓ 43.23 ± .08 43.66 ± .05 40.26 ± .33 47.89 ± .18 47.83 ± .10 46.09 ± .22 40.31 ± .05 40.89 ± .42 40.57 ± .08

Table 2: Comparative performance of DBCD, CVIB, and selected baselines on real-world datasets, where the best result in each
setting is highlighted in bold.

Dataset & Metric MIRT-DBCD

Experience Difficulty IRT-based variant

A
SS

IS
T

09

Fu
ll

ACC% ↑ 72.07± 0.18 72.19± 0.25
AUC% ↑ 74.68± 0.29 74.62± 0.17
RMSE% ↓ 45.73± 0.14 45.80± 0.08

R
an

do
m ACC% ↑ 72.13± 0.19 72.24± 0.26

AUC% ↑ 74.75± 0.33 74.67± 0.21
RMSE% ↓ 45.69± 0.18 45.75± 0.15

U
ni

fo
rm ACC% ↑ 72.82± 0.41 72.87± 0.30

AUC% ↑ 75.40± 0.41 75.36± 0.48
RMSE% ↓ 44.89± 0.27 44.86± 0.25

Table 3: An ablation verification experiment on the difficulty
of the exercises.

Overall Performance
To validate the effectiveness of our proposed DBCD debi-
asing strategy, we conducted experiments on real-world ed-
ucational datasets under three distinct test set construction
strategies. The performance was compared against six rep-
resentative cognitive diagnosis models (MIRT, DINA, NCD,
KaNCD, KSCD, and HyperCD), the counterfactual-based
debiasing baseline CVIB, as well as HeckmanCD which is
a debiasing strategy designed to address bias in CD tasks.
Detailed results are reported in Table 2, Table 4, and Ta-
ble 5. The results demonstrate that DBCD consistently out-
performs the base models across most settings in terms of
ACC, AUC, and RMSE. For simple models such as DINA,
it achieves notable improvements, with approximately 6%

increase in ACC, 4% increase in AUC, and 2.5% reduction
in RMSE. Although the improvements are more modest for
complex models such as KaNCD, the method still maintains
robust performance. In addition, DBCD surpasses CVIB in
nearly all cases, further confirming its effectiveness and suit-
ability for CD tasks. Moreover, while HeckmanCD yields
competitive debiasing when its selection model is correctly
specified, its performance drops sharply under misspecifi-
cation or data sparsity. In contrast, DBCD remains stable
owing to its representation learning and counterfactual con-
sistency regularization. To conclude, DBCD offers a gen-
eral and effective framework for debiasing cognitive diagno-
sis under MNAR settings, achieving consistent and statisti-
cally significant gains in predictive accuracy and robustness
across diverse model architectures and evaluation setups.

Ablation Study
To evaluate the effectiveness of each core component in
our proposed DBCD framework, we conducted a compre-
hensive ablation study involving the following two variants:
1) w/o β-VAE: this variant removed the latent representa-
tion inference and fusion module; 2) w/o CCM: this vari-
ant removed the contrastive counterfactual modeling mod-
ule. The detailed experimental results are illustrated in Fig-
ure 5. As shown, removing the β-VAE yields the most sig-
nificant performance drop, marked by increased RMSE and
reduced ACC and AUC, indicating its pivotal role in stabi-
lizing training. Excluding the CCM module results in con-
sistent but milder declines, reflecting its contribution to dis-
criminative precision. The full model achieves the best over-
all performance. In summary, the β-VAE ensures robust rep-
resentation learning under MNAR conditions, while CCM
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Dataset & Metric KaNCD KSCD HyperCD

Base CVIB DBCD Base CVIB DBCD Base CVIB DBCD

A
SS

IS
T

09

Fu
ll

ACC% ↑ 72.39 ± .74 72.88 ± .17 72.90 ± .03 72.54 ± .07 72.54 ± .10 72.74 ± .08 72.39 ± .07 72.59 ± .07 72.84 ± .07
AUC% ↑ 75.95 ± .03 75.83 ± .06 75.99 ± .05 75.58 ± .04 75.54 ± .05 75.84 ± .04 75.31 ± .07 75.56 ± .03 75.99 ± .03
RMSE% ↓ 42.86 ± .36 42.74 ± .01 42.68 ± .03 42.82 ± .05 42.84 ± .01 42.93 ± .10 42.92 ± .04 43.10 ± .20 42.78 ± .04

R
an

do
m ACC% ↑ 72.50 ± .67 72.89 ± .12 72.87 ± .06 72.54 ± .05 72.53 ± .14 72.81 ± .12 72.40 ± .10 72.62 ± .13 72.90 ± .06

AUC% ↑ 76.17 ± .07 75.97 ± .04 76.12 ± .06 75.71 ± .04 75.66 ± .04 75.98 ± .04 75.42 ± .05 75.66 ± .06 76.12 ± .05
RMSE% ↓ 42.76 ± .34 42.67 ± .04 42.64 ± .03 42.76 ± .06 42.79 ± .01 42.86 ± .09 42.88 ± .04 43.05 ± .19 42.71 ± .03

U
ni

fo
rm ACC% ↑ 72.81 ± .79 73.29 ± .18 73.45 ± .07 73.05 ± .10 73.10 ± .12 73.25 ± .10 72.96 ± .26 73.00 ± .16 73.35 ± .07

AUC% ↑ 76.17 ± .06 76.00 ± .07 76.25 ± .04 75.80 ± .05 75.71 ± .08 76.01 ± .09 75.48 ± .09 75.67 ± .08 76.17 ± .03
RMSE% ↓ 42.56 ± .36 42.47 ± .02 42.38 ± .02 42.52 ± .05 42.57 ± .02 42.69 ± .15 42.61 ± .05 42.91 ± .27 42.50 ± .06

JU
N

Y
I

Fu
ll

ACC% ↑ 79.95 ± .13 79.70 ± .13 80.35 ± .09 80.80 ± .09 80.99 ± .05 81.06 ± .08 80.75 ± .48 80.85 ± .04 80.93 ± .02
AUC% ↑ 80.25 ± .17 79.77 ± .06 81.00 ± .01 81.74 ± .04 81.30 ± .03 81.56 ± .06 81.90 ± .04 81.51 ± .06 81.93 ± .06
RMSE% ↓ 37.61 ± .01 37.82 ± .03 37.26 ± .01 36.82 ± .04 36.93 ± .09 36.82 ± .02 36.85 ± .23 36.96 ± .09 36.55 ± .12

R
an

do
m ACC% ↑ 80.16 ± .15 79.95 ± .16 80.64 ± .14 80.98 ± .14 81.16 ± .09 81.21 ± .11 80.90 ± .54 81.04 ± .06 81.13 ± .10

AUC% ↑ 80.39 ± .14 79.93 ± .09 81.09 ± .03 81.70 ± .02 81.30 ± .04 81.61 ± .03 81.91 ± .05 81.51 ± .05 81.95 ± .05
RMSE% ↓ 37.39 ± .04 37.61 ± .04 37.07 ± .01 36.70 ± .04 36.76 ± .09 36.65 ± .03 36.71 ± .23 36.81 ± .06 36.58 ± .11

U
ni

fo
rm ACC% ↑ 76.74 ± .16 76.40 ± .10 77.19 ± .03 77.87 ± .06 77.86 ± .05 77.98 ± .07 77.77 ± .44 77.68 ± .10 77.83 ± .12

AUC% ↑ 80.14 ± .14 79.37 ± .11 80.91 ± .08 81.64 ± .04 81.01 ± .04 81.42 ± .04 81.75 ± .03 81.29 ± .08 81.90 ± .02
RMSE% ↓ 39.99 ± .04 40.33 ± .13 39.60 ± .04 39.03 ± .01 39.39 ± .15 39.15 ± .06 39.11 ± .16 39.42 ± .19 39.02 ± .20

Table 4: Comparative performance of DBCD, CVIB, and selected baselines on real-world datasets, where the best result in each
setting is highlighted in bold.
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Figure 5: Ablation study of DBCD conducted on ASSIST09.

enhances predictive accuracy. Together, they effectively im-
prove DBCD’s generalization and bias mitigation.

Reasonableness Analysis of Empirical Accuracy
To further validate the rationality of our current use of em-
pirical accuracy as a feature of exercise difficulty in the VAE
module, we conducted an ablation validation experiment on
the ASSIST09 dataset based on the MIRT model. Specifi-
cally, we replaced the empirical accuracy rate with the item
difficulty estimated by a 3-parameter IRT model. The results
are shown in Table 3. The results show that the performance
of our current implementation is statistically indistinguish-
able from that of the IRT-based variant. These results further
validate that our approach remains robust and unbiased with
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Figure 6: Hyperparameter sensitivity analysis conducted on
the ASSIST09 dataset.

respect to the construction of the item difficulty feature.

Hyperparameter Analysis
To assess the impact of KL regularization and contrastive
alignment on model performance, we conducted experi-
ments on the ASSIST09 dataset with varied hyperparameter
settings. The results are shown in Figure 6. As can be seen,
setting τ = 0.1 and α = 0.1 yields optimal or near-optimal
ACC and AUC across all test splits. Moderate KL regular-
ization and contrastive weighting improve model discrim-
ination and robustness. To sum up, our regularization and
contrastive objectives effectively enhance DBCD’s predic-
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Dataset & Metric MIRT

Base HeckmanCD DBCD

A
SS

IS
T

09

Fu
ll

ACC% ↑ 70.74± 0.19 70.97± 0.30 72.07± 0.18
AUC% ↑ 72.30± 0.33 71.11± 0.61 74.68± 0.29
RMSE% ↓ 44.74± 0.17 44.52± 0.06 45.73± 0.14

R
an

do
m ACC% ↑ 70.72± 0.24 71.06± 0.23 72.13± 0.19

AUC% ↑ 72.24± 0.31 71.25± 0.48 74.75± 0.33
RMSE% ↓ 44.74± 0.16 44.46± 0.10 45.69± 0.18

U
ni

fo
rm ACC% ↑ 71.18± 0.13 71.12± 0.27 72.82± 0.41

AUC% ↑ 72.28± 0.35 70.55± 0.62 75.40± 0.41
RMSE% ↓ 44.41± 0.14 44.47± 0.13 44.89± 0.27

A
SS

IS
T

17

Fu
ll

ACC% ↑ 67.98± 0.09 69.20± 0.17 69.42± 0.14
AUC% ↑ 73.58± 0.04 75.15± 0.26 75.80± 0.25
RMSE% ↓ 46.53± 0.04 44.83± 0.09 44.72± 0.13

R
an

do
m ACC% ↑ 67.87± 0.04 69.10± 0.25 69.31± 0.20

AUC% ↑ 73.47± 0.09 75.02± 0.32 75.71± 0.28
RMSE% ↓ 46.59± 0.05 44.89± 0.13 44.75± 0.11

U
ni

fo
rm ACC% ↑ 68.09± 0.13 68.87± 0.27 69.42± 0.22

AUC% ↑ 73.86± 0.09 74.92± 0.37 75.96± 0.24
RMSE% ↓ 46.31± 0.04 44.98± 0.15 44.71± 0.15

JU
N

Y
I

Fu
ll

ACC% ↑ 77.35± 0.10 78.69± 0.27 80.07± 0.15
AUC% ↑ 75.62± 0.22 78.80± 0.64 80.46± 0.05
RMSE% ↓ 40.89± 0.10 38.90± 0.35 37.58± 0.05

R
an

do
m ACC% ↑ 77.54± 0.11 78.79± 0.32 80.32± 0.12

AUC% ↑ 75.77± 0.24 78.74± 0.56 80.45± 0.20
RMSE% ↓ 40.69± 0.07 38.78± 0.36 37.56± 0.22

U
ni

fo
rm ACC% ↑ 74.13± 0.17 75.43± 0.41 76.59± 0.24

AUC% ↑ 75.59± 0.08 78.19± 0.70 80.28± 0.13
RMSE% ↓ 43.23± 0.08 41.42± 0.43 40.26± 0.33

Table 5: Comparative performance of Base, HeckmanCD,
and DBCD, with the best result in each setting highlighted.

tive accuracy and robustness by balancing latent information
preservation and enforcing consistency.

Visualization Analysis
To examine the physical meaning of the gating mechanism,
we visualize concept-level gating values gi on the Junyi
dataset. Figure 7 shows the distribution of averaged gating
values across concepts. Some concepts exhibit notably lower
values, indicating stronger reliance on latent representations
than on student embeddings. This suggests that the model
can adaptively identify concepts with sparse or biased data
and automatically strengthen the contribution of latent rep-
resentations through gate adjustment, thereby achieving a
concept-level debiasing effect.

Computational Complexity Analysis of DBCD
To assess the computational requirements of our frame-
work, we analyze its two-stage training procedure. The first
stage trains the VAE on factual data. VAE has to process
N students. For each student, it has encoding cost Mν + ξ
and decoding cost ηfull, ν and ξ mean encoding per (stu-
dent, item) and aggregation. Thus, VAE’s complexity is

Figure 7: Visual analysis of gi on the JUNYI dataset.

MIRT

DBCD

Env A
Env B

Env A
Env B

0

1

0

1

Figure 8: A case study on the MIRT model and the proposed
DBCD method conducted on the ASSIST09 dataset.

N ∗ (Mν + ξ + ηfull). The second stage performs coun-
terfactual generation and CD model training. The counter-
factual generation’s complexity is O(M(q̄2 + s̄) + |R|k),
having three parts: QQ⊤ computation costs O(Mq̄2) (sup-
pose each item contains average q̄ concepts), item pool con-
struction costs O(Ms̄) (s̄ denotes average retained neigh-
bors), and sampling k counterfactuals per interaction costs
O(|R|k). The CD model is then trained on both factual and
counterfactual samples, increasing its training cost by a fac-
tor of k relative to using factual data only.

Case Study
To validate our debiasing strategy, we conducted a case
study on the ASSIST09 dataset with two training settings:
1) Env A with MNAR data influenced by confounders; 2)
Env B approximating MAR as an unbiased baseline (Saito
2020). Both the original MIRT and DBCD-enhanced MIRT
models were trained accordingly. Results are shown in Fig-
ure 8. As shown, the original MIRT exhibits notable bias in
Env A, especially on concepts K3–K5 and K8–K10, while
DBCD substantially reduces this bias, producing estimates
closer to the unbiased Env B. In summary, our strategy ef-
fectively alleviates MNAR bias, improving the accuracy of
knowledge state estimation in cognitive diagnosis.

Conclusion
We propose DBCD, a debiasing framework for CD un-
der MNAR conditions, addressing bias from selective stu-
dent responses. It integrates: (1) latent knowledge profi-
ciency modeling via a VAE fused with ability embeddings
through a gating mechanism for robust prediction; and (2)
contrastive counterfactual modeling that regularizes predic-
tions between factual and counterfactual samples to reduce
bias. Experiments on real-world datasets demonstrate the su-
periority of DBCD over competitive baselines, validating its
effectiveness in mitigating MNAR-induced bias.
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