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Abstract—Intelligent learning (iLearning) represents a holis-
tic approach to e-learning that dynamically aligns instructional
materials with individual learner needs. Within the iLearning
framework, the cognitive diagnosis model (CDM) serves as a
cornerstone technology by inferring human cognitive states from
diagnostic test response logs. Traditional CDMs typically treat
cognitive states as learnable parameters, optimizing them through
a score prediction-driven paradigm. However, this approach falls
short in the nonidentifiability problem of diagnostic outputs and
lacks efficiency in instant diagnosis for incoming learners. These
limitations pose a significant challenge to the individual fairness
and utility of cognitive assessments. In this study, we introduce
a novel generative diagnosis paradigm designed to resolve these
limitations. By enabling the inductive inference of cognitive states
without the need for parameter reoptimization, our generative
approach ensures strict identifiability and addresses the low effi-
ciency of optimization-based diagnosis. We present two streamlined
yet powerful instantiations of this paradigm: generative item re-
sponse theory and the generative neural cognitive diagnosis model.
Extensive experiments on real-world datasets confirm that our
methodology significantly outperforms traditional models, offer-
ing superior scalability and reliability. Ultimately, this generative
framework provides a robust foundation for the development of
next-generation iLearning environments.

Index Terms—Cognitive diagnosis (CD), fairness, intelligent
learning (iLearning), psychometrics, user modeling.
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I. INTRODUCTION

INTELLIGENT learning (iLearning) encompasses a mul-
tifaceted approach to modern education [1], [2], [3], [4],

as shown in Fig. 1. It can be seen as one type of holistic
e-learning that matches learning materials with user needs [5].
At its core, iLearning is characterized by allocating resources
according to the demands of learners with the aid of information
and communication technology, providing learners with better
learning management to meet the needs of mobile and ubiquitous
learning, and promoting personalized and adaptive learning [4].
This pedagogical model operates through a collaborative frame-
work that distinguishes itself from traditional instructional meth-
ods. Specifically, iLearning employs “pull learning,” a student-
centered paradigm in which learners actively “pull” learning
content according to their own schedules and locations, contrast-
ing sharply with conventional “push learning” models where ed-
ucators transmit predetermined content to passive recipients [6].
The cornerstone of “pull learning” lies in fostering collaboration
and mutual resource sharing among the student community, a
capability substantially enhanced through the implementation
of Web 2.0 technologies that form the foundation of Education
3.0 [5]. This is partly based on the assumption that learners are
aware of their own needs, as well as motivated and capable of
engaging with ICT tools.

Along this line, cognitive diagnosis (CD) is a significant
task in iLearning, which aims to model latent and complex
cognitive states of human learners via mining their response
data on diagnostic tests [7], [8], [9]. Stemming from educational
measurement, CD has been widely applied in various evaluation
scenarios, such as student knowledge proficiency modeling [10],
[11], computerized adaptive testing [12], [13], and model evalu-
ation [14], [15]. Fig. 2 presents two typical cognitive diagnosis
models (CDMs), the item response theory (IRT) model [16],
[17] and the neural cognitive diagnosis model (NCDM) [18].
Given question data and response data, CDMs utilize parameter
estimation algorithms to fit response scores and optimize learner
and item parameters. Learner parameters are then presented as
diagnostic outputs. The IRT models learner ability as a single
variable, whereas NCDM models learner ability as knowledge
mastery degrees. Compared to explicit evaluation techniques,
such as the classical testing theory [19], [20], CD enables
a deeper understanding of the cognition construction of test-
takers, providing clearer guidance on the ability development
of test-takers. Therefore, how to design fair and efficient CDMs

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0009-0000-8877-6927
https://orcid.org/0009-0006-7486-1198
https://orcid.org/0000-0003-2561-3420
https://orcid.org/0000-0002-3235-0967
https://orcid.org/0000-0001-6956-5550
https://orcid.org/0000-0003-1661-0420
https://orcid.org/0000-0002-9202-7678
https://orcid.org/0000-0002-4835-4102
mailto:cslijt@mail.ustc.edu.cn
mailto:qiliuql@ustc.edu.cn
mailto:qiliuql@ustc.edu.cn
mailto:huangzhy@ustc.edu.cn
mailto:cheneh@ustc.edu.cn
mailto:niinin7@sjtu.edu.cn
mailto:mwang@sdsu.edu
mailto:jcklee@eduhk.hk
mailto:mxzhu@ustc.edu.cn
mailto:sjwang3@iflytek.com


LI et al.: TOWARD FAIR AND EFFICIENT INTELLIGENT LEARNING: A GENERATIVE COGNITIVE DIAGNOSIS APPROACH 389

Fig. 1. Overview of intelligent learning (iLearning), from [1].

that yield consistent diagnoses for students with similar abilities
has become a significant research question.

Challenges: The design of CDMs has focused on appropri-
ately modeling latent cognitive states via accurate fitting of
response data. Researchers emphasized designing an appropriate
interaction function [or item response function (IRF) in IRT] for
CDMs to predict response data as accurately as possible [18].
For instance, the IRT uses a logistic function to predict response
data given the random variable representation of learner traits
and item attributes. In this study, this paradigm is called the
transductive prediction paradigm. However, the transductive
prediction paradigm of CD confronts the following inevitable
challenges.

1) A lack of fairness for diagnostic outputs due to noniden-
tifiability: The diagnostic results of CDMs violate the
basic principle of fairness due to the nonidentifiability
problem [21]. For example, Alex and Paul have identical
response score records, as presented in Fig. 2. However,
CDMs cannot provide equivalent diagnostic results for
these learners despite their equivalent performance. This
inequitable treatment creates unjustified advantages or
disadvantages in educational decisions and interventions.
This systematic unfairness directly undermines the relia-
bility of CD.

2) Unable to diagnose instantly for incoming learners: When
new learners come for CD, the CDM has to be retrained
from scratch to update the cognitive states [22], [23].
This can lead to a long time latency (≈ 5.5 h for 832
sequentially arrived incoming learners; see Fig. 3) and
high computational cost (requires retraining the whole
model) and can lead to inconsistency for existing learner
cognitive states before and after retraining, potentially
introducing unfair assessment disparities across time.

Beyond these structural limitations, the effectiveness of cog-
nitive modeling is further complicated by the diverse profiles of
the learners. Individual differences, such as the distinction be-
tween deep learners who seek underlying principles and surface
learners who focus on rote memorization, necessitate diagnostic
models that can capture nuanced learning approaches [24]. Fur-
thermore, the actual receptivity and usage of iLearning platforms

are influenced by a complex interplay of learner readiness,
performance, trust, interactivity, and ethical awareness [25].
Integrating these human-centric factors into CDMs is essential
for ensuring that automated diagnoses are not only accurate but
also aligned with the psychological and ethical realities of the
modern learner.

Motivation and Contribution: In this study, we seek to ad-
vance the field by transitioning from traditional predictive CD
to a generative CD paradigm. We extend the identifiable cogni-
tive diagnosis model (ID-CDM) [26] into a flexible generative
framework that fundamentally disentangles cognitive state in-
ference from response data prediction. Within this architecture,
the standard transductive prediction paradigm is repurposed as
a modular component of a broader generative process, effec-
tively addressing the aforementioned challenges. Specifically,
to mitigate fairness concerns, our framework integrates iden-
tifiability and monotonicity conditions to ensure more reliable
and equitable diagnostic outcomes. Furthermore, the paradigm
facilitates instant diagnosis by enabling inductive inference of
cognitive states, thereby bypassing the need for computationally
expensive parameter reoptimization for new learners. We pro-
vide two concrete instantiations of this approach: generative item
response theory (G-IRT) and the generative neural cognitive di-
agnosis model (G-NCDM). Extensive experiments on real-world
datasets demonstrate the effectiveness of our methods, which
we believe will serve as a robust foundation for future iLearning
environments.

II. RELATED WORK

A. Cognitive Diagnosis

Traditional CDMs predominantly follow a transductive
paradigm, treating learner cognitive states as learnable em-
beddings optimized through response score prediction. Within
iLearning ecosystems, these models serve as the engine for
personalization, transforming raw interaction logs into the ac-
tionable insights required to align educational content with
learner needs. Early discrete models, such as DINA [27], assume
binary knowledge mastery, while continuous models, such as
IRT [28], [29], represent learner ability θi and question pa-
rameters (aj , bj) via logistic interaction functions, typically de-
fined as P (rij = 1|θi, aj , bj) = 1

1+exp{−aj(θi−bj)} . Parameters
in these frameworks are estimated using statistical inference
methods, such as Monte Carlo Markov Chain (MCMC) [30],
[31] or variational inference (VI) [32]. Multidimensional exten-
sions (MIRT) [16] and deep learning-based approaches have
further enhanced diagnostic precision. For instance, NCDM
[18] utilizes neural networks to model complex learner–item
interactions, while recent advancements [33], [34], [35] incor-
porate context-aware features and knowledge graphs. Despite
their accuracy, these models rely on a transductive bottleneck:
cognitive states are tied to parameter optimization during score
fitting. This often results in non-identifiability and necessitates
computationally expensive retraining for new learners. Such
limitations in fairness and scalability pose significant hurdles
for the deployment of reliable, real-time CDMs for iLearning
environments.
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Fig. 2. Overview of CD. Given question data and response data, diagnostic models optimize parameters to fit response scores. User parameters are presented as
diagnostic outputs.

(a) (b)

Fig. 3. Total running time for diagnosis of new learners using transductive and
generative CDMs. Y-ticks are on a logarithmic scale for convenience. n denotes
the number of new learners. (a) ASSIST (n = 832). (b) Math1 (n = 842).

B. Generative Model

Generative modeling [36], [37], [38], [39] has revolutionized
diverse domains by learning underlying data distributions to syn-
thesize novel, high-fidelity samples. Fundamental frameworks,
such as variational autoencoders [40] and generative adversarial
networks [41], established the groundwork for probabilistic
latent variable modeling and adversarial training. In computer
vision, diffusion models [42], [43] have achieved state-of-the-art
performance by formulating generation as a reverse denois-
ing process: pθ(xt−1|xt) = N (xt−1;μθ(xt, t), σ

2
t I). Simulta-

neously, natural language processing has been transformed by
Transformer-based architectures, such as BERT [44], which
leverage masked language modeling to encode bidirectional
context via P (xi|mask) = softmax(W · hi + b). In the field of
recommender systems, architectures, such as U-AutoRec [45]
and collaborative denoising autoencoders (CDAE) [46], recon-
struct user–item interaction matrices to capture personalized
preferences, often employing user-specific noise terms. Despite
these cross-domain successes, the generative paradigm remains
largely underutilized within the CD community. In the con-
text of iLearning, generative models offer profound potential:
by treating cognitive states as latent variables within a gen-
erative framework, systems can perform inductive inference
rather than transductive optimization. This transition allows
iLearning environments to achieve instantaneous, identifiable,
and fair diagnostic outputs for new learners without model
retraining.

III. PRELIMINARIES

In CD, we use S to represent the learner set, E to represent
the item set, andD = {(si, ej , yij)|si ∈ S, ej ∈ E, yij ∈ R} to
represent the response score set, respectively. yij represents the
response score of si on ej . In the classical setting of CD, response
scores are binary. This is common in objective test items, such
as multiple-choice questions. For subjective test items, response
scores are usually on an ordinal scale.

Meanwhile, the learner latent trait set is represented byΘ. The
item attribute set is represented by Ψ. One basic assumption in
CD is thatΘ andΨ decide response scores. Unfortunately,Θ and
Ψ are unobservable. So, CD models first assume the interaction
between learner latent traits and item attributes via a well-defined
IRF, then find the optimal latent variables by fitting response
score data. Formally, the CD task is defined as follows.

Definition 3.1. Cognitive diagnosis: Given the learner set S,
item set E, and response score set D, the goal of CD is to find
the actual learner cognitive states Θ∗ and test item attributes Ψ∗

that can accurately reconstruct the response scores, i.e.,

Θ∗,Ψ∗ = arg min
Θ,Ψ,Ω

E(si,ej ,yij)∼D [L (yij , fΩ(θi;ψj))] (1)

where L is the loss function and fΩ is the IRF.
For instance, in two-parameter item response theory (2PL-

IRT) models, each learner trait θi is a random variable represent-
ing its overall ability, while each item attribute ψj = (aj , bj) is
a pair of random variables representing its discrimination level
aj and difficulty level bj . The IRF is

f (IRT)(θi;ψj) =
1

1 + exp(−aj(θi − bj)) . (2)

The IRF output is viewed as the probability of a successful
binary response score (i.e., yij = 1). Therefore, the distance
metric L(IRT) is the negative log-likelihood function. That is

L(IRT)(y, ŷ) = − [y log ŷ + (1− y) log(1− ŷ)] . (3)

In previous research, the estimation of latent variables de-
pends on directly applied parameter estimation algorithms, such
as the MCMC for distribution estimation of cognitive states or
gradient descent (GD) for point estimation of cognitive states.

A. Fairness Requirements of Diagnostic Results

Definition 3.2. Identifiability in CD: Let B = {Θ,Ψ} be
diagnostic results, where Θ and Ψ denote learner cognitive
state and item attribute, respectively. Let {fIRF(θ;ψ) : Θ×
Ψ→ {0, 1}|θ ∈ Θ,ψ ∈ Ψ} be a response function family that
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Fig. 4. Overview of (left) the classic transductive prediction paradigm and (right) the new generative diagnosis paradigm.

simulates the learner–item interaction. Then, y(s)i = fIRF(θi; ·)
denotes the score distribution of learner with trait θi. y

(e)
k =

fR(·;ψk) denotes the score distribution of item with feature
ψk. Then, the diagnostic results are identifiable if and only if
their distinct values lead to a distinct distribution of scores.
Specifically, this is formalized as follows:

y
(s)
i = y

(s)
j → θi = θj (4)

y
(e)
k = y

(e)
l → ψk = ψl. (5)

Diagnostic results are identifiable if both (4) and (5) are satisfied.
For example, as presented in Fig. 2, Alex and Paul have the

same response score distribution. According to the identifiability
requirement, Alex and Paul should have equivalent cognitive
states. However, none of the diagnostic reports of IRT and
NCDM show equivalent cognitive states for them. As a result,
the diagnostic reports are unidentifiable. In real-world scenarios,
the nonidentifiability problem makes diagnostic results unfair to
individuals.

Definition 3.3. Explainability in CD: We define the explain-
ability of CD as the degree to which diagnostic results accurately
represent a learner’s genuine cognitive state.

To illustrate, if a learner is proficient in the concept of “In-
equality,” their diagnosed trait value for that concept should
be sufficiently high to reflect their actual mastery. However,
ensuring explainability directly is challenging since true mastery
levels remain latent and unobservable. Consequently, in CD-
based modeling, explainability is typically addressed indirectly
through the monotonicity assumption [16], [18].

Definition 3.4. Monotonicity Assumption: This principle
posits that a learner’s probability of correctly solving a problem
is a monotonically nondecreasing function of their proficiency

in the required knowledge components [18]. Formally, the as-
sumption is expressed as follows:

θi
(l) � θj (l) ⇔ yil ≥ yjl ∀si, sj ∈ S, el ∈ E (6)

where θi(l) represents the specific mastery level of learner si
regarding the knowledge concepts associated with question el.

In transductive CDMs, satisfying this assumption typically
relies on the inherent monotonicity of the interaction function
[18]. Traditional models, such as DINA [27] and IRT [29],
utilize linear interaction functions that naturally adhere to this
property. Conversely, in neural-based CDMs, such as NCDM
[18], monotonicity is enforced by constraining the interaction
function’s weights to be nonnegative.

IV. GENERATIVE DIAGNOSIS PARADIGM

To address the limitations of transductive models, we propose
a generative diagnosis paradigm that reframes CD as a represen-
tation learning problem (see Fig. 4). This framework consists
of two stages: a generative diagnosis stage, where a learnable
generative diagnosis function (GDF) maps raw response scores
directly to cognitive states, and a score reconstruction stage,
which utilizes an IRF to recover the original scores. By es-
tablishing a functional mapping rather than relying on iterative
parameter fitting, the GDF ensures structural identifiability and
facilitates inductive inference. This allows the model to maintain
diagnostic consistency across identical performance profiles and
provide real-time results for new learners without the need for
computational reoptimization.

A. Generative Diagnosis Function

The generative diagnosis is accomplished via a well-defined
GDF. The GDF takes response scores as input, then directly
generates cognitive states according to the input and its inner
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parameters. Formally, GDF itself is represented by gφ : RZ →
Θ×Ψ, parameterized by φ. Here, Z denotes the scale of the
input data. GDF outputs the latent traits via a generation process
from response score data

θi,ψj = gφ

(
y
(s)
i ;y

(e)
j

)
(7)

here y(s)i represents all response scores related to learner si,

and y
(e)
j ) represents all response scores related to item ej .

Overall, the GDF includes two steps: 1) data aggregation and
2) feature generation. The first step aggregates the sparse, huge
response score data into a denser and smaller representation
for the next step. The second step then extracts latent trait and
item feature information from the condensed representation to
generate diagnostic outputs. We will show how this process
works using a specific instantiation of the generative diagnosis
paradigm in the following sections.

By shifting cognitive state estimation from parameter estima-
tion to diagnostic generation, the goal of CD shifts from finding
the optimal Θ and Ψ to finding the optimal GDF, parameterized
byφ. Moreover, the cognitive state diagnosis process is disentan-
gled from the score prediction process in the inference stage. This
enables two significant advantages of the generative diagnosis
paradigm compared to the transductive prediction paradigm.

1) Efficacy in diagnosing new-coming learners: When new
learners come, their cognitive state estimation could be
instantly obtained by directly inputting their response
scores to the GDF and running the generation process,
without retraining the whole model.

2) Fairness in latent trait estimation: The stable generative
diagnosis process ensures that diagnostic outputs are rig-
orously identifiable. In addition, this benefits the explain-
ability and causality between response data and cognitive
states generated by GDF.

B. Item Response Function

The IRF defines the interaction relationship between learner
traits and item features, which is mathematically identical to the
transductive prediction paradigm. Formally, IRF is represented
by fΩ : Θ×Ψ→ R, parameterized by Ω. IRF then outputs the
prediction of the response score from latent traits

ŷij = fΩ(θi;ψj). (8)

Within the whole generative CD paradigm, the IRF plays an
assistant role in helping the learning of the GDF via response
score reconstruction, rather than dominating the latent trait
estimation.

C. Optimization of Generative CDMs

Given the GDF and the IRF above, the training of a generative
CDM becomes a parameter optimization task, similar to the
classical CD in Definition 3.1. Differently, the training and
diagnosis are disentangled in generative CDMs—the model does
not need to retrain to get new diagnostic outputs. Here we give
a formal definition of the optimization goal.

Definition 4.1 (Optimization Goal of Generative Diagnosis
Paradigm): Given the GDF gφ, the IRF fΩ, the learner set

Fig. 5. Overview of G-IRT model.

S, the item set E, and the response score set D, the goal of
the generative diagnosis paradigm is to optimize the generative
diagnosis process θi,ψj = gφ(y

(s)
i ;y

(e)
j ) by finding optimal

function parameter φ∗ and Ω∗ such that

φ∗,Ω∗ = argmin
φ,ω

E(si,ej ,yij)∼D [L (yij , fΩ(θi;ψj))] . (9)

To demonstrate the universality of the proposed paradigm, we
instantiate it within two distinct and representative CD frame-
works: the classical IRT and the modern NCDM. These imple-
mentations, denoted as G-IRT and G-NCDM, respectively, serve
to verify the paradigm’s adaptability across different modeling
architectures (probabilistic versus neural). In the following sec-
tions, we detail the specific formulation of these instantiations,
beginning with the integration of the generative mechanism into
the IRT framework.

V. G-IRT: GENERATIVE IRT

In this section, we introduce the G-IRT, which could obtain
learner and item traits via feature generation without changing
the original IRT structure. An overview of G-IRT is presented
in Fig. 5.

A. Challenges in Latent Trait Estimation of IRT

IRT is a classical CDM that utilizes machine learning tech-
niques to optimize learner and item parameters. Challenges in
latent trait estimation include controllability and efficiency. The
controllability challenge lies in the interdependence of latent
traits during the estimation process. To jointly estimate respon-
dent and item parameters, various estimation algorithms, such
as MCMC, VI and GD, were applied to the estimation of IRT
parameters [32], [47], [48]. However, it is nontrivial to interpret
and control the relationship between latent traits and specific
score distributions because parameters are deductively learned.
The efficiency challenge lies in the incremental estimation of
respondent traits, which is common in the deployment phase of
an IRT model. Every time a new learner arrives, the IRT model
needs to be retrained. The accumulated time cost could be high
when the number of new respondents is huge.

B. GDF of G-IRT

We demonstrate the GDF of G-IRT using 2PL-IRT. In the
traditional 2PL-IRT, the IRF is defined as

P (yij |θi, aj , bj) = 1

1 + exp(−aj(θi − bj)) . (10)

Ideally, if we know the values of two of the three latent traits θi,
aj , and bj , together with the correct probability, we could induce
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the last latent trait. Formally, we first use the sigmoid function
symbol σ(x) = 1/(1 + e−x) to simplify the IRF representation.
Through equivalent transformation of the IRF, we can represent
any of the latent traits by the rest of the latent traits with the
scoring probability, as shown in the following equations:

θi = bj +
σ−1(Pij)

aj
, if Pij , aj , bj are known (11)

aj =
σ−1(Pij)

θi − bj , if Pij , bj , θi are known (12)

bj = θi − σ−1(Pij)

aj
. if Pij , θi, aj are known. (13)

Practically, the calculation of (11)–(13) is nontrivial because
we have no information about the latent traits. The only evidence
we have is the learners’ score matrix. However, an approximate
induction of latent traits can be efficiently achieved using G-IRT.
The core intuition is to resolve the interdependence of latent
traits by introducing “proxy parameters” in the GDF. These
proxies serve as the learnable inputs that drive the feature
generation process. Specifically, they act as stand-ins for the
unobserved priors required in the analytical inversions [see
(11)–(13)]. By replacing unknown true traits with these learnable
proxies, we decouple the estimation, allowing parameters to be
generated via a direct forward pass. Note that these proxies are
auxiliary variables for the generative process and are distinct
from the final diagnostic learner/item traits.

In G-IRT, we first define the latent trait estimation conditioned
on proxy parameters as follows:

θi(ω
a
j , ω

b
j) = ωb

j +
λRij

ωa
j

(14)

aj(ω
θ
i , ω

b
j) =

∣∣∣∣∣
λRij

ωθ
i − ωb

j

∣∣∣∣∣ (15)

bj(ω
θ
i , ω

a
j ) = ωθ

i −
λRij

ωa
j

(16)

where λ ∈ R+ is a hyperparameter. In this definition, σ−1(Pij)
is approximated by λRij . ωθ

· , ωa
· , and ωb

· are the proxy pa-
rameters for estimating latent traits. Now the problem is, for
each observed Rij �= 0, we can calculate an estimated value,
namely, θi(ωa

j , ω
b
j). We aim find a general θi that can minimize

its distance between every θωij , j = 1, 2, . . . ,M . Our goal is to

θ̂i = argmin
θ

∑
j:Rij �=0

(θ − θi(ωa
j , ω

b
j))

2. (17)

We can establish similar goal for âj and b̂j . The solution of
them is

θi =
1

Z
(s)
i

∑
j:Rij �=0

θi(ω
a
j , ω

b
j) (18)

where Z(s)
i =

∑M
j=1 I(Rij �= 0). Similarly, for item parame-

ters, we have the following optimal estimation:

aj =
1

Z
(e)
j

∑
i:Rij �=0

aj(ω
θ
i , ω

b
j) (19)

Algorithm 1: Training of G-IRT.

Input: D = {(si, ej , yij)|si ∈ S, ej ∈ E, yij ∈ R}, the
training dataset

Output: gφ, the GDF of a trained G-IRT
1: Initialize gφ;
2: for epoch in 1 . . . T do
3: for (si, ej , yij) ∈ D do
4: y

(s)
i ← [yij′ |j ′ : (si, ej′ , yij′) ∈ D];

� Obtain the learner response vector for si
5: y

(e)
j ← [yi′j |i′ : (si′ , ej , yi′j) ∈ D;

� Obtain the item response vector for ej
6: θi, aj , bj ← gφ(y

(s)
i ;y

(e)
j );

� Stage 1: Feature generation for learner and item
7: ŷij ← f (IRT )(θi, aj , bj);

� Stage 2: Score reconstruction using IRT
8: end for
9: gφ ← update(L(y, ŷ), gφ);

� Update GDF using gradient descent
10: end for
11: return gφ;

Algorithm 2: Instant Diagnosis Using G-IRT.
Input: gφ, the GDF of a trained G-IRT; Di, the response
scores of a new-coming learner si

Output: θi, the learner ability value
1: y

(s)
i ← transform(Di); �Transform the Di into

response score vector, which scores indexed by item
IDs.

2: θi ← g
(s)
φ (y

(s)
i ); �Generative diagnosis

3: return θi;

bj =
1

Z
(e)
j

∑
i:Rij �=0

bj(ω
θ
i , ω

a
j ). (20)

To formalize these definitions to GDF, we first replace the
response log Rij ∈ {−1, 0, 1} with yij ∈ {0, 1}. Since Rij =
1 denotes correct response, Rij = 0 denotes no response, and
Rij = −1 denotes incorrect response, we have Rij = 2yij −
1∀Rij �= 0. Rij = 0 means yij does not exist in the log. As a
result, we can define the GDF of G-IRT as follows:

gφ(y
(s)
i ; y

(e)
j ) ≡

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

θi=
1

|y(s)
i |

∑
j:yij∈y(s)

i

[
ωb
j +

λ(2yij−1)
ωa

j

]

aj=
1

|y(e)
j |

∑
i:yij∈y(e)

j

∣∣∣ λ(2yij−1)
ωθ

i −ωb
j

∣∣∣
bj=

1

|y(e)
j |

∑
i:yij∈y(e)

j

[
ωθ
i − λRij

ωa
j

]
(21)

where φ = (ωθ, ωa, ωb) is also the optimization target of the
GDF. The training and diagnosis algorithms of G-IRT are shown
in Algorithms 1 and 2, respectively.
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C. Analysis of G-IRT

1) Controllability of Parameter Estimation: A common as-
sumption of IRT is that latent traits follow a specific but unob-
served distribution. For traditional IRT models, setting an appro-
priate prior distribution for latent traits (e.g., standard Gaussian
distribution for θ) could control the posterior distribution of
them to control their scale. Controllable scale help learners to
understand their relative ability compared to the whole learner
group. For G-IRT, however, the scale of latent traits is decided by
the GDF parameter φ rather than their prior distribution. Here,
we analyze how to control the scale of φ to control the parameter
scale of θ, a, and b.

For convenience, we assume that every Rij is nonzero.
We further assume the following hyperparameters: let
ωb
j ∈ (βmin, βmax), j = 1, . . . ,M , let ωθ

i ∈ (βmin, βmax), i =
1, . . . , N , and let ωa

j ∈ (ε, ζ), j = 1, . . . ,M .
Parameter scale of θi: We start with discussing the range of

the respondent parameter θi. For the upper bound of θi, we have

θi ≤ ωb + λ

⎛
⎝ 1

M

M∑
j=1

1

ωa
j

⎞
⎠ < βmax +

λ

ε
. (22)

We aim to limit the range of θi within (θmin, θmax). Similarly,
we can obtain the lower bound of θ. By applying them to the
range (p, q), we get the constraint of λ

λ ≤ min{ε(θmax − βmax), ε(βmin − θmin)}. (23)

Parameter scale for cold-start setting: A significant advantage
of G-IRT is its utility in cold-start learner modeling. Consider a
new learner with its response score that has never been observed
in training data. The G-IRT could directly input its response
score vector to the GDF to obtain its ability. However, the cold-
start performance of G-IRT is not only decided by its training
procedure, but the hyperparameter setting. Considering this, we
aim to appropriately set the hyperparameters of G-IRT so that it
can at least handle some special cases. Specifically, we discuss
a special case of all-correct response data, i.e.,R = 1N×M . The
anticipated learner ability should always be greater than the item
difficulty. By computing these values, we have

θi =
1

M

M∑
j=1

ωb
j +

λ

M

M∑
j=1

1

ωa
j

(24)

bj =
1

N

N∑
i=1

ωθ
i − λ

1

ωa
j

(25)

θi − bj = ωb − ωθ + λ

⎛
⎝ 1

ωa
j

+
1

M

M∑
j′=1

1

ωa
j′

⎞
⎠ . (26)

We expect that (θi − bj) is greater than zero so that G-IRT
has a good cold-start performance. Therefore, we limit

λ >
max(ωb − ωθ)

min( 1
ωa

j
+ 1

M

∑M
j′=1

1
ωa

j′
)
≥ ζ

2
(βmax − βmin). (27)

Surprisingly, the constraint for cold-start setting leads to a lower
bound of λ, which jointly works with the upper bounds of λ

mentioned above to decide its region.

Fig. 6. Overview of the G-NCDM.

Make lower and upper bounds compatible: We aim to let the
lower bound and upper bound of λ be compatible to simultane-
ously satisfy the two properties. Therefore, we have

ζ

ε
≤ min

{
2(βmin − θmin)

βmax − βmin
,
2(θmax − βmax)

βmax − βmin

}
. (28)

VI. G-NCDM: GENERATIVE NCDM

In this section, we introduce the application of the generative
diagnosis paradigm in deep learning-based CDMs. We propose
the G-NCDM,1 a simple yet effective method that captures the
complex mapping between response scores and features. An
overview of G-NCDM is presented in Fig. 6.

A. Challenges in Deep Learning-Based CDMs

As illustrated in Fig. 2, current deep learning-based CDMs
characterize learner proficiency through knowledge mastery
levels. A primary limitation of these models is the coupling of
model training with trait diagnosis, which prevents real-time
diagnostic capabilities and compromises diagnosis fairness.
Regarding the latter, deep learning-based CDMs are particularly
susceptible to issues of nonidentifiability and explainability
overfitting. Identifiability, a cornerstone of CD-based modeling
extensively discussed in the literature [49], [50], requires that
diagnostic outcomes distinguish between learners who exhibit
different response distributions. Essentially, distinct latent traits
must produce distinct observable data patterns. Furthermore,
explainability refers to the extent to which diagnostic results
accurately mirror a learner’s true cognitive state. In DL-CDMs,
this is typically quantified by the monotonic relationship be-
tween mastery levels and actual response scores. However,
our empirical analysis reveals that existing CDMs are prone
to “explainability overfitting.” In this phenomenon, diagnostic
results maintain high explainability on training data but fail to
generalize to unobserved test data.

B. GDF of G-NCDM

The design of the GDF within the G-NCDM framework aims
to maintain diagnostic precision while satisfying both identifi-
ability and monotonicity requirements. To achieve this, it uti-
lizes fully connected layers with specific parameter constraints,
allowing the model to learn the diagnostic process from data
while strictly adhering to these two pivotal conditions. The GDF

1 G-NCDM is developed from our proposed ID-CDM [26].
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is formally defined as follows:

gφ

(
y
(s)
i ;y

(e)
j

)
≡

{
g
(s)
φ

(
y
(s)
i

)
; g

(e)
φ

(
y
(e)
j

)}
(29)

θ(imp)
i = FC+

×2
(
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i − 1

)
(30)

θ(exp)
i = σ

⎛
⎝
(
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×Q

√
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⎞
⎠ (31)

θi = (1− α) · θ(imp)
i + α · θ(exp)

i (32)

ψj = FC×3
(
2y

(e)
j − 1

)
(33)

where all activation functions are sigmoid. The FC+(·) denotes
a fully connected layer with nonnegative weight parameters,
which is designed to ensure the monotonicity between response
scores and knowledge mastery degrees.

C. IRF of G-NCDM

Within the IRF, we employ neural networks to capture the
complex interactions between learners and items. Specifically,
we first apply single-layer perceptrons to aggregate conceptwise
diagnostic results into low-dimensional latent features, thereby
obtaining more robust representations of both learners and ques-
tions. These aggregated features are then processed through
fully connected layers to reconstruct the final response scores.
The diagnostic output aggregation layer is formally defined as
follows:

θ
(dense)
i,j = FC+(θi � qj) (34)

ψ
(dense)
j = FC(ψj � qj) (35)

where qj is the jth row of the expert-labeled Q-matrix [51]. qj is
for masking unnecessary knowledge dimensions to ensure that
the optimization only targets for knowledge dimensions required
by the item. For qj = (qj,1, . . . , qj,K), qj,l, l = 1, 2, . . . ,K, is a
binary value denotes whether knowledge dimension l is required
by item j.

Subsequently, the aggregated representations of si and ej are
fed into a three-layer fully connected neural network to predict
the response probability, defined as follows:

ŷij = FC×3
(
θ
(dense)
i,j −ψ(dense)

j

)
. (36)

Finally, neural network parameters of the GDF and the IRF
are learnable parameters. The loss function of G-NCDM is the
cross-entropy loss between actual response scores and the recon-
structed correct probabilities. The model can be trained via GD
algorithms. Specifically, the training and diagnosis algorithms
of G-NCDM are shown in Algorithms 3 and 4, respectively.

VII. EXPERIMENTS

A. Experiment Overview

We aim to answer the following research questions via exper-
iments.

1) RQ1 (Instant diagnosis for new learners): How is the score
reconstruction performance of generative CDMs?

Algorithm 3: Training of G-NCDM.

Input: D = {(si, ej , yij)|si ∈ S, ej ∈ E, yij ∈ R}, the
training dataset; Q = (qjl)M×K , the item-knowledge
Q-matrix

Output: gφ, the GDF of a trained G-NCDM
1: Initialize gφ and fω;
2: for epoch in 1 . . . T do
3: for (si, ej , yij) ∈ D do
4: y

(s)
i ← [yij′ |j ′ : (si, ej′ , yij′) ∈ D]; �Obtain the

learner response vector for si
5: y

(e)
j ← [yi′j |i′ : (si′ , ej , yi′j) ∈ D; �Obtain the

item response vector for ej
6: θi,ψj ← gφ(y

(s)
i ;y

(e)
j ); �Stage 1: Feature

generation for learner and item
7: ŷij ← fω(θi,ψj ;Q); �Stage 2: Score

reconstruction using neural network
8: end for
9: gφ ← update(L(y, ŷ), gφ); �Update GDF using

gradient descent
10: end for
11: return gφ;

Algorithm 4: Instant Diagnosis Using G-NCDM.
Input: gφ, the GDF of a trained G-NCDM; Di, the
response scores of a new-coming learner

Output: θi, the learner ability value
1: y

(s)
i ← transform(Di); �Transform the Di into a

response score vector, which scores indexed by item
IDs.

2: θi ← g
(s)
φ (y

(s)
i ); �Generative diagnosis

3: return θi;

2) RQ2 (Offline diagnosis for existing learners): How is the
score prediction performance of generative and transduc-
tive CDMs?

3) RQ3 (Reliability of diagnosis): How is the identifiabil-
ity and explainability of diagnostic outputs of different
CDMs?

4) RQ4 (Statistical features of diagnosis): How is the statis-
tical feature of diagnostic outputs of generative CDMs?

5) RQ5 (Utility of diagnosis): How can generative CDMs be
used in real-world applications?

B. Experiment Setup

1) Datasets: In this study, we evaluate the performance of
G-IRT and G-NCDM on two representative intelligent edu-
cation datasets, the ASSIST (ASSISTments 2009-2010 “skill
builder”) [52] and the Math1 [53] dataset. These datasets reflect
two classical scenarios of CD, including 1) online learning
platforms, which have a large number of learners, various test
items, and sparse response scores, and 2) offline ability tests,
which have a large number of learners, fewer but well-designed
test items and dense response scores. Details of the datasets
are available in Table I. In experiments, we split datasets by
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TABLE I
SUMMARY OF EXPERIMENT DATASETS

Dtrain : Dvalid : Dtest = 70% : 10% : 20%. We split datasets us-
ing two methods: the user split for score reconstruction and the
random split for score prediction. The user split ensures that the
train, test, and validation sets have disjoint learner groups. The
random split ensures that every learner is shared by the train,
test, and validation sets.

2) Baselines: We compare generative CDMs with two cate-
gories of baselines. 1) Transductive CDMs for score prediction.
The baseline includes DINA [27], IRT [16], MIRT [16], and
NCDM [18]. Transductive CDMs model learner and item fea-
tures via score prediction. These models can predict response
scores for existing learners and items, but cannot instantly
diagnose new learners’ cognitive stats and reconstruct response
scores. For the fairness of comparison, we further choose 2)
encoder–decoder user modeling methods for score reconstruc-
tion. The baseline includes U-AutoRec [45] and CDAE [46].

3) Implementation Setting: We implement all models with
PyTorch using Python.2 For deep learning models, the param-
eters are initialized with Xavier normal [54]. The optimization
algorithm is Adam [55]. All experiments are run on a Linux
server with one NVIDIA Tesla-A100 GPU and two 2.10 GHz
Intel Xeon E5-2620 v4 CPUs.

4) Hyperparameter Setting: For G-IRT, we set βmin = 2.5,
βmax = 3.5, ε = 1, ζ = 3, θmin = 1, θmax = 5, and λ = 1.5.
This hyperparameter setting satisfies constraints in (23), (27),
and (28). For G-NCDM, we set α = 0.9.

C. Experiment Analysis

1) Score Reconstruction Performance (RQ1): Table II
presents the score reconstruction performance results for RQ1,
comparing our proposed generative CDMs against traditional
encoder–decoder baselines on two real-world datasets. The re-
sults demonstrate the superior performance of the generative
paradigm across multiple evaluation metrics. On the ASSIST
dataset, both G-IRT and G-NCDM achieve substantial improve-
ments over the encoder–decoder methods, with G-NCDM reach-
ing the highest accuracy (0.735) and best RMSE (0.433), while
G-IRT attains the best F1-Score (0.827). Notably, even G-IRT
without training achieves a competitive F1-Score performance
(0.816), highlighting the inherent effectiveness of the generative
modeling approach. On the Math1 dataset, G-IRT demonstrates
consistent superiority with the highest accuracy (0.782) and best

2 Our code is available at https://github.com/CSLiJT/Generative-CD.git.

RMSE (0.408), while G-NCDM shows comparable performance
to the best encoder–decoder baseline CDAE. The performance
gains are particularly pronounced on the ASSIST dataset, where
generative models achieve accuracy improvements of approxi-
mately 3% –4% and F1-Score improvements of 2% –3% over
traditional methods. These results validate that the generative
paradigm effectively addresses the score reconstruction task
while maintaining the capability for instant diagnosis of new
learners without requiring parameter re-optimization, thus con-
firming the practical advantages of our proposed approach.

2) Score Prediction Performance (RQ2): Table III presents
the score prediction performance results for RQ2, evaluating
both generative and transductive CDMs on existing learners
using random data splits. The results reveal that our proposed
generative models achieve remarkable performance, often sur-
passing traditional transductive methods that were specifically
designed for offline diagnosis scenarios. On the ASSIST dataset,
G-NCDM demonstrates superior performance across all met-
rics, achieving the highest accuracy (0.734), F1-score (0.811),
and best RMSE (0.428), outperforming the best transductive
baseline NCDM by 1.4% in accuracy and 1.9% in F1-Score.
Similarly, on the Math1 dataset, both G-IRT and G-NCDM
achieve identical and superior accuracy (0.734) compared to the
best transductive method NCDM (0.727), with G-NCDM show-
ing the most balanced performance with the highest F1-Score
(0.710) and best RMSE (0.413). Notably, even G-IRT without
training demonstrates competitive performance, particularly on
the ASSIST dataset, where it achieves 0.700 accuracy and 0.810
F1-Score, highlighting the inherent strength of the generative
modeling paradigm. These results are particularly significant as
they demonstrate that generative models not only excel at instant
diagnosis for new learners (as shown in RQ1) but also maintain
competitive or superior performance in traditional offline diag-
nosis scenarios, effectively bridging the gap between inductive
and transductive learning paradigms in CD.

3) Reliability of Diagnostic Outputs (RQ3): We analyze the
reliability of diagnostic outputs from their identifiability and
explainability.

Identifiability of diagnostic results: To quantitatively assess
the identifiability of CDMs on augmented data, we utilize the
identifiability score (IDS) [26]. This metric serves as a proxy
for identifiability: a higher IDS indicates greater consistency
between the diagnostic results of original and shadow learners
(or questions). A maximum IDS signifies rigorous identifia-
bility. Specifically, the IDS for learner traits Θ is defined as
follows:

IDS(Θ) =
1

ZIDS

∑
i∈S

∑
j∈S

I(ri = rj) ∧ I(i �= j)

[1 + dist(θi,θj)]
2 (37)

whereZIDS =
∑

i∈S
∑

j∈S I(ri = rj) ∧ I(i �= j). The dist(θi,
θj) is the distance measurement of diagnostic results. In instan-
tiation, we choose the Manhattan distance [56] as the measure-
ment. IDS(Θ) is monotonically decreasing at dist(θi,θj). Fur-
thermore, learner traits are identifiable if and only if IDS(Θ) =
1. Along this line, the identifiability of question features Ψ is
also evaluated by calculating IDS(Ψ). Table IV presents the
identifiability analysis results for RQ3, revealing a fundamental

https://github.com/CSLiJT/Generative-CD.git
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TABLE II
SCORE RECONSTRUCTION PERFORMANCE OF GENERATIVE USER/LEARNER MODELING (RQ1)

TABLE III
SCORE PREDICTION PERFORMANCE OF TRANSDUCTIVE/GENERATIVE CD (RQ2)

TABLE IV
IDS ↑ OF DIAGNOSTIC RESULTS (RQ3)

(a) (b)

Fig. 7. Degree of consistency (DOC↑) of diagnostic results (RQ3). (a) Overall
abilities. (b) Knowledge proficiencies.

advantage of generative CDMs in terms of diagnostic reliability.
The results demonstrate a stark contrast between traditional
transductive and our proposed generative approaches in terms of

identifiability guarantees. All traditional transductive methods
(DINA, IRT, MIRT, NCDM, and NCDM-Const) fail to achieve
identifiability for both learner diagnostic results (Θ) and ques-
tion diagnostic results (Ψ), as indicated by the “✗” symbols,
with their IDS ranging from as low as 0.041 (MIRT) to 0.968
(NCDM-Const) across different datasets. In sharp contrast, both
G-IRT and G-NCDM achieve perfect identifiability with IDS
scores of 1.000 for both learner and question diagnostics on both
ASSIST and Math1 datasets, as confirmed by the “✔” symbols.
This perfect identifiability ensures that the diagnostic outputs
produced by our generative models are theoretically guaranteed
to be unique and reliable, addressing a critical limitation of tradi-
tional CD methods. The superior identifiability performance of
generative models stems from their well-designed generation
process that explicitly incorporates identifiability conditions,
providing practitioners with diagnostic results they can trust
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(a) (b) (c)

Fig. 8. Visualization of diagnostic results using KDE. Learners w/o response logs are removed from the visualization. (a) IRT@ASSIST. (b) G-IRT@ASSIST.
(c) Correct@ASSIST.

(a) (b) (c)

Fig. 9. Visualization of diagnostic results using KDE. Learners w/o response logs are removed from the visualization. (a) IRT@Math1. (b) G-IRT@Math1.
(c) Correct@Math1.

(a) (b) (c) (d)

Fig. 10. Visualization of diagnostic results using u-map, colored with learner score rates. Learners w/o response logs are removed from the visualization.
(a) NCDM@ASSIST. (b) G-NCDM@ASSIST. (c) NCDM@Math1. (d) G-NCDM@Math1.

TABLE V
RAW RESPONSE SCORE CASES OF LEARNERS IN MATH1(RQ5)

TABLE VI
KNOWLEDGE CORRECT RATES IN MATH1(RQ5)
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for high-stakes educational assessment and decision-making
scenarios.

Explainability of diagnostic results: Fig. 7 presents the ex-
plainability analysis results for RQ3. Our approach is motivated
by the principle that an explainable learner’s knowledge profi-
ciency should be monotonic with respect to their performance;
specifically, higher proficiency levels should result in higher
response scores on relevant questions. Drawing inspiration from
prior research [57], we adopt the degree of consistency (DOC)
[26] as our evaluation metric. For a given question el, the DOC
is defined as follows:

DOC(el)=

∑
i,j δ(ril,rjl)

∑K
k=1 qlk∧J(l, i, j)∧δ(θik,θjk)∑

i,j δ(ril,rjl)
∑K

k=1qlk∧J(l, i, j)∧I(θik �=θjk)
.

(38)
The DOC measures the monotonicity between diagnostic

results and response scores for learners answering the same item.
We present experiment results for IRTs and NCDMs, respec-
tively, because the former diagnose learner cognitive states as
overall ability (single-dimensional value), while the latter diag-
nose learner cognitive states as knowledge proficiencies (mul-
tidimensional value). Here, “θ from train/test” denotes that the
evidence data for generative diagnosis is from the training/test
dataset. Response scores for calculating DOC are from the test
dataset. Regarding the result analysis, we have two findings.
First, it can be observed that the DOC of generative CDMs (i.e.,
G-IRT and G-NCDM) with θ from the training dataset is mostly
higher than that of the corresponding transductive CDMs. This
observation indicates that generative CDMs can mostly capture
the monotonicity between explicit response scores and implicit
cognitive states, demonstrating the psychometric explainability
of diagnostic results for learners in various scenarios. Second,
it can be observed that the DOC of generative CDMs with
θ from the test dataset is always higher than other results.
This essentially demonstrates the explainability of generative
diagnosis. As both the evidence data for diagnosing learner
cognitive states and the response scores for calculating DOC are
from the same dataset, generative CDMs can effectively capture
the complex mapping between response scores and cognitive
states, generating reliable diagnostic results while maintaining
excellent score reconstruction accuracy (see Table II).

4) Distribution Analysis of G-IRT (RQ4.1): To explore the
utility of G-IRT, we visualize the histogram of estimated learner
ability θ and correct rates. Figs. 8 and 9 present the visual-
ization results, with the probability density estimated by the
kernel density estimation. The evaluation motivation is that
the distribution of appropriate learner diagnosis results should
present an association with the distribution of observed learner
correct rates. From Fig. 8, we can observe that the distribution of
learner correct rates is skewed. This property is well preserved
by the distribution of diagnostic results of G-IRT. From Fig. 9,
we can observe that the distribution of learner correct rates is
multimodal. This property is also well preserved by G-IRT.
These observations demonstrate the advantage of the generative
diagnosis paradigm. The reason is that, according to (14) and
(18), the generative process of learner ability θ is equivalent to
calculating a weighted average of response scores. Therefore,

(a) (b)

Fig. 11. Visualization of diagnostic results in ASSIST using u-map, colored
with learner score rates. All learners in the raw data, including those with-
out response logs (colored with dark red), are included in the visualization.
(a) NCDM. (b) G-NCDM.

the calculation of score rate can be viewed as a special case of
the generative diagnosis process. On the contrary, transductive
IRT relies on parameter estimation to diagnose learner ability,
which loses the information of the distribution of the overall
correct rate during parameter estimation of learner ability.

5) Clustering Analysis of G-NCDM (RQ4.2): To examine the
statistical feature of diagnostic traits, we visualize the diagnostic
outputs of the CDMs. For NCDM and G-NCDM, which repre-
sent cognitive states as multidimensional knowledge proficien-
cies, we employ UMAP [58] for dimensionality reduction. In
these visualizations, learner data points are colored according to
their overall correct rates to determine if the diagnostic results
effectively distinguish between different performance levels.
Figs. 10 and 11 display these results, from which we derive
two primary findings.

Finding 1—Cognitive states diagnosed by G-NCDM are bet-
ter clustered with respect to correct rates: Fig. 10 presents vi-
sualization results that have removed learners without response
scores. From the visualization on ASSIST, we can observe that
cognitive states generated by G-NCDM are linearly separable,
as red points (i.e., learners with a correct rate less than 0.5)
aggregate in the bottom left of the figure, while blue points
(i.e., learners with a correct rate greater than 0.5) spread in the
center of the figure. From the visualization on Math1, we can
also observe that points with similar color (i.e., learners with
similar correct rate) aggregate tightly for G-NCDM@Math1,
while points with different colors usually mix within a small
region for NCDM@Math1. Both the linear separability and
the tight aggregation of similar color demonstrate the statistical
reliability of G-NCDM.

Finding 2—G-NCDM can effectively recognize empty learn-
ers: Online learning platforms inevitably include empty learners,
such as the ASSIST dataset introduced in Table I. We present in
Fig. 11 the cognitive states of all learners, including those empty.
It could be observed that empty learners (dark red points) are
well separated and aggregated in the top right of the visualization
of G-NCDM, while they overlap with other learners in the
visualization of NCDM. Essentially, this ability of G-NCDM
originates from the generative diagnosis mechanism. Since the
score vectors of all empty learners are the zero vector, their
diagnostic results are also the same as and different from other
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Fig. 12. Case of diagnostic report generated by G-NCDM. The middle term shows the visualization of all learners’ diagnostic outputs using u-map, with each
point colored by the learner’s correct rate (blue denotes higher correct rates while red denotes lower correct rates).

Fig. 13. Score reconstruction and prediction performance of G-NCDM w.r.t.

hyperparameter α in ASSIST. The higher the α, the large the weight of θ(exp)
i

in generating θi.

learners. This finding validates the generalization ability and
outlier detection ability of G-NCDM.

6) A Case Study of G-IRT and G-NCDM (RQ5): We explore
the utility of generative CDMs in real-world scenarios via a case
study. Specifically, we select Math1 for the case study because
the dataset comes from the representative offline test scenario
and the response scores are dense. We then select two learners,
including one ranked top 20% and one ranked top 80% by correct
rates. We present their raw response scores and knowledge
correct rates, as shown in Tables V and VI. We then input
their data into G-IRT and G-NCDM, respectively, to obtain and
visualize the diagnostic reports. Each diagnostic report consists
of two components: 1) the learner’s cognitive state and 2) the
learner’s relative position in the learner group. We make a
crossover comparison between the two learners’ response data
and diagnostic reports to see if G-IRT and G-NCDM work for
this scenario. We have the following two findings.

Finding 1—G-NCDM can well reflect the real knowledge pro-
ficiency of learners: By comparing observed knowledge correct
rates (see Table VI) and generated knowledge proficiencies (see
the left of Fig. 12), we find that the latter is consistent with
the former. For instance, for learners 1737 and 2094, only the
knowledge correct rate on A5 “plane vector” of the former is
lower than that of the latter. This is exactly reflected in their
generated knowledge proficiencies. In addition, both learners
perform poorly on knowledge A6 “property of function” and

Fig. 14. Case of diagnostic report generative by G-IRT. The orange curve
presents the CDF of generated learner ability. The term p denotes the CDF value
of learners, which is equivalent to the ratio of learners whose correct rates are
lower than the target learner.

A7 “image of function,” with correct rates less than 0.33. This is
also well reflected in their knowledge proficiencies, with values
always less than 0.4. These observations essentially demonstrate
the effectiveness of the forked design of the GDF of G-NCDM
[see (30)]. Technically, the direct, parameter-free generation of
θ
(exp)
i ensures that diagnostic results largely reflect knowledge

correct rates, while the neural network-based generation of
θ
(imp)
i calibrates diagnostic results for more fine-grained diag-

nosis and better score prediction performance (see Fig. 13). The
center of Fig. 12 presents the learners’ relative position in the
learner group, which also reflects their different cognitive states.
Overall, G-NCDM can well reflect knowledge conceptwise cog-
nitive states in this scenario.

Finding 2—G-IRT is beneficial to learner ranking and overall
cognitive state diagnosis: As shown in Fig. 14, the diagnostic
report of G-IRT is presented as a cumulative distribution function
(CDF) of generated learner abilities. We can observe from the
report that learner 1737 is ranked top (1− p)× 100% = 17%
(θ = 3.09), and learner 2094 is ranked top (1− p)× 100% =
78% (θ = 2.64). These results are consistent with observed
response data, demonstrating the effectiveness of G-IRT in
real-world scenarios.
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VIII. CONCLUSION AND FUTURE WORK

A. Conclusion

In this study, we proposed the generative CD paradigm in
iLearning, with a core focus on enhancing diagnostic fairness
and efficiency. The generative diagnosis paradigm overcomes
two significant challenges of traditional CDMs that lead to
inequitable assessment. The first challenge is a lack of identifia-
bility, which directly violates the fundamental fairness principle.
Diagnostic outputs provided by CDMs are unidentifiable and
lack psychometric reliability, resulting in different diagnoses
for students with identical response patterns. This inequity
systematically disadvantages certain learners based solely on
algorithmic artifacts rather than actual ability differences. The
second challenge is their unavailability for instant diagnosis of
new learners, which limits the efficiency of CDMs in realistic
iLearning systems. CD for new-coming learners requires retrain-
ing transductive CDMs, which is resource-consuming and can
lead to inconsistent assessments of existing learners—creating
an unfair temporal bias in educational evaluation. The generative
diagnosis paradigm effectively overcomes these fairness chal-
lenges via the generative diagnosis procedure, which generates
learner cognitive states using a GDF rather than parameter opti-
mization, ensuring that students with the same response patterns
receive equivalent diagnoses. Technically, we further proposed
two instantiations of the generative diagnosis paradigm, the
G-IRT and the G-NCDM. Respecting G-IRT, we established
the GDF by substituting unobservable parameters in the inverse
of the IRF of IRT with proxy parameters, creating a more equi-
table assessment framework. We then analyzed mathematical
properties of G-IRT and provided parameter constraints for
better cold-start performance and controllability, ensuring con-
sistent diagnosis across diverse learner populations. Regarding
G-NCDM, we propose a neural network-driven GDF based on
the previous ID-CDM. Notably, G-NCDM introduced Q-matrix
mapping in the generative process, which enhanced the rela-
tionship between diagnostic outputs and knowledge dimensions
while maintaining fairness across student groups. Next, we
demonstrated the effectiveness of generative CDMs via exten-
sive experiments on two real-world datasets. Experiment results
revealed that generative CDMs not only have excellent score
reconstruction (for instant diagnosis) and score prediction (for
offline diagnosis) performances, but can generate reliable and
fair diagnostic outputs that treat students with similar abilities
consistently. These results demonstrate the accuracy, reliability,
fairness and utility of generative CDMs, demonstrating their
potential to contribute to the construction of future iLearning
environments.

B. Future Work

The primary limitation of this study lies in the current lack
of a continual learning ability in the proposed methods. There
remain some questions to be ascertained and enriched with
future findings. The nature of causation perhaps needs more
time series analysis as well as response-time analysis [59],
[60]. The connections between cognitive states and knowledge

proficiencies still need more advanced and follow-up research
related to neuroscience to provide insights into G-NCDM. In
addition, there might be possibilities of outlier cases of student
learning that call for in-depth analysis.

Specifically, response data, test items, and learners would con-
tinually accumulate in a learning platform, which requires the
CDM to continually learn from incoming data and update its di-
agnosis ability. Although current generative CDMs can instantly
diagnose new-coming learners, response data of new-coming
learners and items still cannot be used for model updating. Along
this line, we hope to develop mechanisms or algorithms that
enable generative CDMs to continually learn from incoming
response data. Continual learning ability of generative CDMs is
beneficial for a host of online learning/evaluation applications,
such as student cognitive ability tests and large language model
evaluation.
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[59] A. H. İnce and S. Özbay, “Enhancing ability estimation with time-sensitive
IRT models in computerized adaptive testing,” Appl. Sci., vol. 15, no. 13,
2025, Art. no. 6999.

[60] J. Mo, L. Hao, H. Yuan, and Z. Shou, “A cognitive diagnosis model using
convolutional neural networks to predict student scores,” Appl. Sci., vol. 15,
no. 6, 2025, Art. no. 2875.

Jiatong Li received the B.S. degree in data science
from the University of Science and Technology of
China (USTC), Hefei, China, in 2022, and the M.S.
degree in data science from the School of Artifi-
cial Intelligence and Data Science, USTC, in 2025.
He is currently working toward the Ph.D. degree in
computer science with the Department of Computer
Science, University of Wisconsin-Madison, Madison,
WI, USA.

He has authored and coauthored relevant papers on
conferences, including Conference and Workshop on

Neural Information Processing Systems, ACM SIGKDD International Confer-
ence on Knowledge Discovery and Data Mining, ACM Web Conference, and
International Meeting of the Psychometric Society. His research interests include
intelligent learning and cognitive diagnosis.



LI et al.: TOWARD FAIR AND EFFICIENT INTELLIGENT LEARNING: A GENERATIVE COGNITIVE DIAGNOSIS APPROACH 403

Yingying Ni received the B.S. degree from Anhui
University, Hefei, China, and the M.A. degree in
communication from the University of Science and
Technology of China, Hefei. She is currently working
toward the doctoral degree in communication with
Shanghai Jiao Tong University, Shanghai, China.

She has authored and coauthored relevant papers
on conferences, such as International Communication
Association. She is dedicated to understanding how
digital technologies reshape information flows and
social relationships, as well as the power relations

and social impacts inherent in these processes. Her research interests include
information distribution, algorithmic inequality, and intelligent learning.

Minjuan Wang (Senior Member, IEEE) received the
B.A. degree in Chinese literature from Beijing/Peking
University, Beijing, China, the M.A. degree in com-
parative literature from Penn State University, State
College, PA, USA, and the Ph.D. degree in infor-
mation science and learning technologies from the
University of Missouri–Columbia, Columbia, MO,
USA.

She is a Chair Professor of emerging technologies
and future education, Co-Director of the Global Insti-
tute for Emerging Technologies, and Assistant Vice

President with The Education University of Hong Kong, Hong Kong SAR,
China. She is an internationally recognized scholar and has keynoted numerous
international conferences. Her research interests include futuristic mindset and
talent development, new and emerging technologies in various educational
settings, XR and immersive learning, and the design and implementation of
artificial intelligence and robotics for education, training, health, and well-being.

Dr. Wang is a Senior Member of IEEE Education Society. She is recognized
internationally for her research, publishing, and dedicated service to IEEE and
other scholarly communities.

John Chi-Kin Lee received the B.A. degree in educa-
tion from the University of Hong Kong, Hong Kong
SAR, China, the M.Sc. degree from the University
of Oxford, Oxford, U.K., and the M.A. and Ph.D.
degrees in education from the Chinese University of
Hong Kong, Hong Kong SAR, China.

He is currently a Distinguished Academic and
Leader in education, and the President and Chair Pro-
fessor with The Education University of Hong Kong,
Hong Kong SAR, China, where he was the Dean.
His career is marked by significant contributions to

curriculum and instruction, including roles as Vice President (Academic) and
Provost. He has an extensive research background with a focus on various
educational areas. He is a top-cited scientist and has secured numerous grants
for his projects. He is an active member of several editorial boards, has authored
and coedited more than 25 books, and has been involved in education and social
services locally, nationally, and globally.

Dr. Lee was the recipient of the Vice-Chancellor’s Exemplary Teaching Award
at the Chinese University of Hong Kong. His projects have won awards, and
he has held various prestigious positions, including Changjiang Scholar Chair
Professor, Chair of the United Nations Educational, Scientific and Cultural
Organization, and membership in Chinese People’s Political Consultative Con-
ference.

Qi Liu (Member, IEEE) received the Ph.D. degree
in computer science from the University of Science
and Technology of China (USTC), Hefei, China, in
2013.

He is currently a Professor with USTC. His re-
search is supported by the National Science Fund for
Excellent Young Scholars and the Youth Innovation
Promotion Association of Chinese Academy of Sci-
ences. He has authored or coauthored more than 100
papers in refereed journals and conference proceed-
ings, such as TKDE, TOIS, TNNLS, NeurIPS, ICML,

ICLR, and KDD. His general research interests include data mining, knowledge
discovery, and artificial intelligence.

Dr. Liu was the recipient of the KDD 2018 Best Student Paper Award
(Research) and the ICDM 2011 Best Research Paper Award.

Mengxiao Zhu (Member, IEEE) received the B.E.
degree in computer science, the B.S. degree in En-
glish and science and the M.E. degree in computer
science from the University of Science and Tech-
nology of China (USTC), Hefei, China, in 2001
and 2004, respectively, the M.A. degree in commu-
nication from the University of Illinois at Urbana-
Champaign, Urbana-Champaign, IL, USA, in 2007,
and the Ph.D. degree in industrial engineering and
management sciences from Northwestern University,
Evanston, IL, USA, in 2012.

Since 2020, she has been a Professor with the School of Humanities and Social
Sciences at USTC. Before joining USTC, she worked as a Research Scientist
in the Research and Development Division at Educational Testing Service for
more than seven years. She has been leading and involved in multiple NSFC,
NSF and NIH-funded projects in the past 20 years focusing on AI-enabled
learning and assessment, learning analytics using big data, and the dynamics
of social relations and collaborations both in real world, such as research
institutions, and in virtual worlds, such as large-scale online role-playing games.
Her current research interests include psychometric models for collaborative
problem solving, simulations and games in education, personalized learning
and learning analytics, and the interactions of AI and human in education.

Zhenya Huang (Associate Member, IEEE) received
the Ph.D. degree in computer science from the Uni-
versity of Science and Technology of China (USTC),
Hefei, China, in 2020.

He is currently an Associate Professor with USTC.
He has authored or coauthored more than 50 papers
in refereed journals and conference proceedings, in-
cluding TKDE, TOIS, TNNLS, AAAI, KDD, SIGIR,
and ICDM. His research interests include artificial
intelligence, knowledge reasoning, and intelligent ed-
ucation.

Dr. Huang has served regularly on the program committee of numerous
conferences and is a reviewer for the leading academic journals.

Shijin Wang received the B.E. degree in electronic
science and technology from the University of Sci-
ence and Technology of China, Hefei, China, in 2003,
and the Ph.D. degree in pattern recognition and intel-
ligent system from the Institute of Automation, Chi-
nese Academy of Science, Beijing, China, in 2008.

He is currently the President of IFLYTEK Beijing
Research, Vice President of IFLYTEK AI Research,
Vice Leader of technology and industry working
group of AIIA, and Young Expert of Internet Associ-
ation of China. He has authored or coauthored more

than 30 papers in refereed conferences, such as ICASSP, ACL, KDD, SIGIR,
and AAAI. His research interests include speech processing, natural language
processing, and intelligent education.

Dr. Wang led the team that won more than ten championships in international
technical evaluation, such as Blizzard Challenge and CHiME.

Enhong Chen (Fellow, IEEE) received the Ph.D.
degree in computer science from the University of
Science and Technology of China, Hefei, China, in
1996.

He is currently a Professor and the Vice Director
with the State Key Laboratory of Cognitive Intel-
ligence, Hefei. His research interests include data
mining, machine learning, and artificial intelligence.
He has authored or coauthored more than 200 pa-
pers in refereed conferences and journals, including
TPAMI, TKDE, TNNLS, TOIS, ICML, NeurIPS,

KDD, ICLR, and AAAI.
Dr. Chen was the recipient of the Best Application Paper Award on KDD 2008,

the Best Research Paper Award on ICDM 2011, the Best Student Paper Award
on KDD 2018 (Research), and the Best Student Paper Award on KDD 2024
(Research). His research is supported by the National Science Foundation for
Distinguished Young Scholars of China. He is an Associate Editor for IEEE
TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, IEEE TSMCS,
ACM TIST, and WWWJ.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


