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Abstract

Cognitive Diagnosis Models (CDMs) are designed to as-
sess students’ cognitive states by analyzing their performance
across a series of exercises. However, existing CDMs of-
ten struggle with diagnosing infrequent students and exer-
cises due to a lack of rich prior knowledge. With the ad-
vancement in large language models (LLMs), which pos-
sess extensive domain knowledge, their integration into cog-
nitive diagnosis presents a promising opportunity. Despite
this potential, integrating LLMs with CDMs poses significant
challenges. LLMs are not well-suited for capturing the fine-
grained collaborative interactions between students and exer-
cises, and the disparity between the semantic space of LLMs
and the behavioral space of CDMs hinders effective integra-
tion. To address these issues, we propose a novel Knowledge-
enhanced Cognitive Diagnosis (KCD) framework, which is a
model-agnostic framework utilizing LLMs to enhance CDMs
and compatible with various CDM architectures. The KCD
framework operates in two stages: LLM Diagnosis and Cog-
nitive Level Alignment. In the LLM Diagnosis stage, both
students and exercises are diagnosed to achieve comprehen-
sive and detailed modeling. In the Cognitive Level Align-
ment stage, we bridge the gap between the CDMs’ behav-
ioral space and the LLMs’ semantic space using contrastive
learning and mask-reconstruction approaches. Experiments
on several real-world datasets demonstrate the effectiveness
of our proposed framework.

Introduction
Cognitive diagnosis evaluates a student’s learning profi-
ciency through his responses to a series of exercises, as
shown in Figure 1 (a), which plays a fundamental role in
intelligent education systems. The outcomes of cognitive
diagnosis are crucial for various educational applications,
such as educational recommendation (Huang et al. 2019)
and computerized adaptive testing (Bi et al. 2020; Zhuang
et al. 2022). Consequently, the accuracy and reliability of
cognitive diagnosis are essential for enhancing the effective-
ness of these educational technologies.

Traditional cognitive diagnosis models (CDMs) are pri-
marily grounded in psychometric theories, employing man-
ually designed interaction functions inspired by principles
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Figure 1: (a) An illustration of cognitive diagnosis. (b) Per-
formance of warm and cold scenarios of NCD on PTADisc,
exhibiting the limitations in cold scenario.

from both psychometrics and educational theory. Examples
include DINA (De La Torre 2009) and MIRT (Reckase
2009) models. Recent advancements in deep learning have
enabled the development of innovative CDMs that leverage
neural networks to model complex collaborative informa-
tion (i.e., student-exercise interactions), thereby improving
diagnostic accuracy and adaptability (Wang et al. 2020; Gao
et al. 2021). However, these existing CDMs face significant
challenges in diagnosing infrequent students and exercises,
commonly referred to as the cold-start problem. This limita-
tion arises primarily from the lack of prior knowledge within
these models, which impairs their adaptability to unfamiliar
students and exercises. As depicted in Figure 1(b), experi-
ments conducted on the PTADisc dataset (Hu et al. 2023) in-
dicate that existing CDMs exhibit poor performance in cold
scenarios, thereby undermining overall diagnostic accuracy.

Large language models (LLMs) have seen rapid advance-
ments, showcasing remarkable capabilities in logical reason-
ing and text comprehension. Their success across various
domains highlights the feasibility of this approach (Wang
et al. 2024a; Xu, Zhang, and Qin 2024; Abbasiantaeb et al.
2024; Zhu, Huang, and Sang 2024; Zhang et al. 2024). The
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extensive prior knowledge embedded in LLMs presents a
promising solution for addressing the limitations of existing
CDMs. Specifically, LLMs can leverage their understanding
of concepts and relationships between different knowledge
domains to provide insights into student learning behaviors
and exercise characteristics. By incorporating this extensive
prior knowledge, LLMs can simulate the reasoning of expe-
rienced human teachers, offering more accurate diagnoses in
cold scenarios. Therefore, our objective is to effectively inte-
grate LLMs with CDMs to enhance diagnostic performance.

However, this integration is non-trivial due to several key
factors. Firstly, LLMs are limited in their ability to model
the fine-grained collaborative information crucial for under-
standing student-exercise interactions, as their input length
constraints limit the inclusion of detailed textual information
about relationships between exercises, knowledge concepts,
and students. Furthermore, LLMs and CDMs operate in dis-
tinct representation spaces: LLMs process text-based data
within a semantic space, whereas CDMs analyze student be-
havior within a behavioral space derived from interactions.
Successful integration necessitates bridging the gap between
these semantic and behavioral spaces.

To address these challenges, we propose a novel
Knowledge-enhanced Cognitive Diagnosis (KCD) frame-
work that seamlessly integrates LLMs to enhance existing
CDMs, aligning the semantic space of LLMs with the behav-
ioral space of CDMs. The proposed KCD comprises two pri-
mary modules: LLM diagnosis and cognitive level align-
ment. The LLM diagnosis module leverages the capabili-
ties of LLMs to simulate experienced human educators in
diagnosing students’ learning status and the attributes of ex-
ercises, thereby enriching the prior knowledge of conven-
tional CDMs. Specifically, during LLM diagnosis, collabo-
rative information regarding students and exercises is gath-
ered via LLMs, followed by an analysis of students’ re-
sponse logs from both educational and psychological per-
spectives to generate textual diagnoses of students and ex-
ercises, revealing their cognitive status and attributes. Sub-
sequently, the cognitive level alignment module aligns these
textual diagnoses from the semantic space of LLMs with the
behavioral representations of CDMs, resulting in more ac-
curate cognitive representations of students.

The contributions of this work are summarized as:

• We propose the KCD framework, which is model-
agnostic and leverages the combined strengths of LLMs
and CDMs to achieve optimal diagnostic results.

• We introduce the LLM diagnosis module that combines
collaborative information and response logs to generate
textual diagnoses of students and exercises.

• We introduce the cognitive level alignment module,
aligning the textual diagnoses from LLMs with behav-
ioral representations from CDMs.

• Experiments on several public datasets with different
CDMs demonstrate the effectiveness of our framework.
Our code and datasets are available at https://github.com/
PlayerDza/KCD.

Related Work
Cognitive Diagnosis
Cognitive diagnosis, which originated from educational psy-
chology, is a fundamental task in the field of intelligent
education. It characterizes students’ learning status and
knowledge proficiency based on their responses to various
questions (Liu 2021). Existing cognitive diagnosis methods
are mainly divided into two main categories: psychometric
theory-based methods (Lord 1952; De La Torre 2009; Reck-
ase 2009) and neural network-based methods (Wang et al.
2020; Gao et al. 2021; Bi et al. 2023; Liu et al. 2024a; Wang
et al. 2023). Psychometric theory-based methods, such as
Item Response Theory (IRT) (Lord 1952), Multidimen-
sional IRT (MIRT) (Reckase 2009), and Deterministic In-
puts, Noisy And gate model (DINA) (De La Torre 2009), are
designed to evaluate students’ proficiency through latent fac-
tors utilizing psychological theories. Neural network-based
methods use deep neural networks to profile students’ learn-
ing status. NCD (Wang et al. 2020) first incorporates neu-
ral networks into cognitive diagnosis to effectively capture
the fine-grained student-exercise relationships. RCD (Gao
et al. 2021) and RDGT (Yu et al. 2024) employ graph ar-
chitectures to explore the relationships among exercises,
knowledge concepts, and students. Recently, BETA-CD (Bi
et al. 2023) developed a reliable and rapidly adaptable cog-
nitive diagnosis framework for new students through meta-
learning. ACD (Wang et al. 2024b) considered the connec-
tion between students’ affective states and cognitive states in
learning. However, few existing cognitive diagnosis meth-
ods take into account prior knowledge, which makes it chal-
lenging for them to generate accurate diagnoses.

Large Language Models
With the rise of Transformer (Vaswani et al. 2017), large
language models (LLMs) with extensive parameters and
vast training data have gradually become mainstream. LLMs
usually follow a pre-training and fine-tuning approach to
accommodate various downstream tasks. They have sig-
nificantly improved performance in numerous NLP appli-
cations, including text summarization (Laskar, Hoque, and
Huang 2022; Zhang, Liu, and Zhang 2023), sentiment anal-
ysis (Hoang, Bihorac, and Rouces 2019; Deng et al. 2023),
translation (Zhang, Haddow, and Birch 2023; Moslem,
Haque, and Way 2023), and multimodal understanding (Wu
et al. 2024; Huang et al. 2024).

The advanced comprehension and reasoning capabilities,
along with the extensive knowledge repository of LLMs,
naturally lead to potential applications in the realm of ed-
ucation. LLMs can provide researchers with new perspec-
tives by simulating the roles of teachers or students (Wang
et al. 2024a; Li et al. 2023; Xu, Zhang, and Qin 2024; Liu
et al. 2024b; Lin et al. 2024c), or generating educational re-
sources (Lin et al. 2024b,a; Dai et al. 2024). However, less
exploration has been made to utilize LLMs for cognitive di-
agnosis. The demonstrated success of LLMs in text sum-
marization tasks and educational contexts indicates LLMs’
capability to undertake cognitive diagnostic tasks.
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Figure 2: Framework overview. (a) LLM Diagnosis generates diagnoses for students and exercises using LLMs. (b) Cognitive
Level Alignment integrates LLMs and CDMs to model students and exercises in both semantic space and behavioral space.

Methodology
In this section, we first present the task definition and the
general framework. Then, we show the detailed strategies
employed within our framework.

Task Definition
Formally, suppose S = {s1, · · · , s|S|}, E = {e1, · · · , e|E|}
and K = {k1, · · · , k|K|} be the sets of students, exercises
and knowledge concepts. The response logs R of students
are represented as triplets (si, ej ,Kj , rij) ∈ R, where rij
indicates whether student si correctly answered the exercise
ej and Kj denotes the knowledge concepts related to ej . In
some datasets, exercise e also includes the text content t as
its attributes. The goal of cognitive diagnosis is to evaluate
students’ proficiency levels across various knowledge con-
cepts by predicting their performance based on the response
logs R.

Framework Overview
The proposed Knowledge-enhanced Cognitive Diagnosis
(KCD) framework consists of two main modules: LLM di-
agnosis and cognitive level alignment, as illustrated in Fig-
ure 2. This framework is designed to integrate collaborative
information while leveraging the rich prior knowledge of
LLMs. Additionally, it aligns the semantic space of LLMs

with the behavioral space of CDMs, thereby combining the
strengths of both to optimize diagnostic performance.

The LLM Diagnosis module operates in two stages: col-
laborative information collection and diagnosis generation.
In the first stage, collaborative information is gathered from
the response logs. In the second stage, this information, to-
gether with the response logs, is utilized to assess students’
cognitive statuses and the attributes of exercises. The Cog-
nitive Level Alignment module then introduces these LLM-
generated diagnoses into conventional CDMs, enhancing
the cognitive-level representation of students and exercises.
This module utilizes two alignment methods, behavioral
space alignment and semantic space alignment, to align the
textual diagnoses from the semantic space of LLMs and
the behavioral space of CDMs. The framework is model-
agnostic, offering flexibility in selecting appropriate CDMs
tailored to various educational scenarios, ultimately achiev-
ing optimal diagnostic results.

LLM Diagnosis
LLMs can be guided more effectively through carefully
crafted natural language instructions, resulting in higher-
quality outputs. In this section, we distinguish between two
types of input instructions for LLMs: system prompts M
and input prompts P . The system prompt M defines the
tasks that LLMs need to perform and specifies the input and
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output formats, while the input prompt P consists of specific
input data (i.e., students’ response logs).

Collaborative Information Collection. Experienced
teachers enhance their diagnoses by utilizing information
from other students and exercises. To mimic this capability,
we introduce a collaborative information collection stage.
This stage aims to extract student collaborative information
from a student’s performance across all completed exercises
and exercise collaborative information from all participating
students for a given exercise.

Specifically, we employ different instruction strategies to
diagnose students and exercises. For students, the system
prompt Ms defines the input prompt Ps format and guides
LLMs in generating textual collaborative information. The
input prompt Ps contains the problem content t, related
knowledge concepts k, and the student’s response r for all
participated exercises e. The input of LLMs is formatted as:

• System Prompt: You will serve as an experienced
teacher to help me determine the student’s learning sta-
tus. I will provide you with information about exercises
that the student has finished, described as STUDY HIS-
TORY, as well as his or her answer of those exercises...

• Input Prompt:
STUDY HISTORY:
{content: t, concept: k, answer: r}; ...

Similarly, the input of LLMs for exercises is formatted in
the same pattern, where Pe contains the exercise content t,
related knowledge concepts k, and student responses r for
all participating students s. In this way, we can get the col-
laborative information I through I = LLMs (M,P).

Diagnosis Generation. Once the collaborative informa-
tion I for students and exercises has been gathered, the next
step is to generate diagnoses of students’ cognitive statuses
and exercise attributes. Firstly, we combine the collabora-
tive information I obtained for each student and exercise
with the corresponding response logs to provide more de-
tailed information, formulating input prompt P ′. Then, we
adjust the content of system prompt M′ to define the new
format of P ′ and guide LLMs to generate the corresponding
students’ cognitive status and exercise attributes. We can get
the diagnoses T through T = LLMs (M′,P ′).

Cognitive Level Alignment
By leveraging LLMs, we can generate textual diagnoses of
students’ cognitive status and exercises’ attributes. How-
ever, LLMs cannot fully comprehend response logs due to
constraints on input length, which restrict the inclusion of
student-exercise interactions. Therefore, it is necessary to
align these LLM-generated diagnoses with those produced
by CDMs at the cognitive level. Since LLMs operate within
a semantic space while CDMs work within a behavioral
space, both need to be mapped to a common space for ef-
fective alignment. To achieve this, we propose two align-
ment methods: behavioral space alignment (KCD-Beh) and
semantic space alignment (KCD-Sem).

Before implementing the alignment approach, we obtain
the semantic representation of LLMs by encoding their tex-
tual diagnoses. Specifically, we utilize the text embedding
model (Su et al. 2023), which has demonstrated significant
strength in textual representation, to encode the diagnoses
as follows: L = E(T ), where E(·) denotes the text embed-
ding models and l ∈ L denotes the modeling of students
and exercises generated by LLMs in semantic space. Mean-
while, we denote the representation embeddings of students
and exercises by CDMs as c ∈ C in behavioral space, such
as Neural Cognitive Diagnosis (NCD) (Wang et al. 2020), as
described in Figure 2.

Behavioral Space Alignment. Behavioral space align-
ment involves mapping the LLM-generated models of stu-
dents and exercises to the behavioral space of CDMs. We
employ contrastive learning, a widely-used technique for
bidirectionally aligning different views (Khosla et al. 2020;
Cui et al. 2023), to align the representations of LLMs and
CDMs within the behavioral space. The intuition behind us-
ing contrastive learning is that ci and li are most similar to
each other within L since they represent the same student or
exercise. We apply a multi-layer perceptron (MLP) to map
l from the LLMs’ semantic space to the CDMs’ behavioral
space, denoted as l′ = MLP(l).

Specifically, we conduct contrastive learning from both
global and local perspectives. Global contrast involves us-
ing the entire set L, while local contrast selects a subset
L′ ⊂ L, composed of the k most similar students and ex-
ercises for each student and exercise. This subset is obtained
by calculating the cosine similarity between each student
and exercise with others and selecting the top k most sim-
ilar instances (k = 20 in our experiments). Global contrast
captures general features, while local contrast captures fine-
grained differences between similar students and exercises.

During training, we use the InfoNCE (Oord, Li, and
Vinyals 2018) loss function to calculate both global and lo-
cal contrast loss values, aiming to maximize the mutual in-
formation between c and l within the behavioral space, de-
noted as:

f = − 1

N

N∑
i=1

log

 exp
(xi·yi+

τ

)∑N
j=1 exp

(
xi·yj−

τ

)
 , (1)

where xi and yi+ are positive samples, yj− represents the
negative sample, τ denotes the temperature parameter, N
denotes the number of samples. For CDMs, the loss func-
tion is denoted as Lcdm. For example, the loss function of
NCD is cross entropy between output y and ground truth r:

Lcdm = −
∑
i

(ri log yi + (1− ri) log (1− yi)) . (2)

The complete loss function is formulated as:{ Lglobal = f(ci, l
′
i,L

′),
Llocal = f(ci, l

′
i,L

′
k),

L = Lcdm + αLglobal + βLlocal,
(3)

where f(xi, xj , Xk) denotes the InfoNCE loss function, xi

and xj are positive samples, Xk represents the set of neg-
ative samples. The term Lcdm denotes the loss function of
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Python Linux Database Literature

#Students 22,953 1,253 11,891 2,264
#Exercises 11,807 1,335 3,106 885
#Concepts 713 221 313 31
#Response Logs 170,844 34,758 122,642 30,273
#Logs per Student 7.44 27.74 10.38 13.37
#Sparsity (%) 0.063 2.078 0.334 1.511

Table 1: Statistics of datasets.

CDMs. Lglobal and Llocal denote the global contrast loss
function and local contrast loss function of behavioral space
alignment. α and β are hyper-parameters. By optimizing this
loss function L, the CDMs can effectively incorporate the
modeling information of students and exercises derived from
LLMs, aligning them within the CDMs’ behavioral space.

Semantic Space Alignment. In addition to aligning
within the behavioral space of CDMs, we also perform
alignment in the semantic space of LLMs. Since the seman-
tic space encapsulates rich features of students and exer-
cises, inspired by masked autoencoders (MAE) (He et al.
2022), we utilize a mask-reconstruction strategy to align the
representations of the two models. Initially, a multi-layer
perceptron (MLP) maps c from the CDMs’ behavioral space
to the LLMs’ semantic space, denoted as c′ = MLP(c). We
then apply a dynamic masking strategy that varies the mask
ratio based on the frequency of occurrence of students and
exercises. For frequently occurring instances, we increase
the mask ratio to extract more semantic information from
LLMs, while for less frequent instances, we reduce the mask
ratio to minimize the introduction of noise. This process is
represented as:

ĉi = MASK(ci, ratioi), (4)

where ĉi represents the masked embeddings of student i, and
ratioi denotes the mask ratio applied.

During training, the InfoNCE loss function is employed
again to calculate the reconstruction loss Lrecon, which
maximizes mutual information between c and l, thereby aid-
ing the accurate reconstruction of c. The overall loss func-
tion is defined as:{

Lrecon = f(ĉi
′, l,L),

L = Lcdm + λLrecon,
(5)

The hyperparameter λ controls the influence of the re-
construction loss on the overall optimization. By optimiz-
ing this combined loss function L, the model can produce
more accurate and robust representations by reconstruct-
ing the masked inputs, thereby aligning the representations
from both CDMs and LLMs within the semantic space. This
alignment enhances the ability of CDMs to incorporate the
rich semantic information provided by LLMs, leading to im-
proved diagnostic accuracy and robustness.

Experiments
In this section, we conduct experiments to answer the fol-
lowing research questions:

• RQ1: Can the proposed model effectively improve the
performance of the original CDMs?

• RQ2: What is the impact of each component within the
proposed method?

• RQ3: How does the proposed model perform on cold-
start scenarios?

• RQ4: How effective is the alignment of semantic and
behavioral space embeddings during the cognitive level
alignment process?

Experimental Settings
Datasets In our experiments, we utilize four courses,
Python Programming (Python), Linux System (Linux),
Database Technology and Application (Database), and Lit-
erature and History (Literature), from a publicly available
dataset PTADisc (Hu et al. 2023), which comes from real-
world students’ responses in the educational website PTA1

and contains textual information of exercises and knowledge
concepts. The statistics of the datasets are presented in Ta-
ble 1. The datasets are divided into training, validation, and
testing sets, with a ratio of 8:1:1.

Evaluation Metrics Following previous works, we eval-
uate the students’ cognitive status by predicting the perfor-
mance of students on the testing set, as the cognitive status
can not be directly observed. We adopt commonly used met-
rics, namely the Area Under a ROC Curve (AUC), the Pre-
diction Accuracy (ACC), and the Root Mean Square Error
(RMSE), to validate the effectiveness of the CDMs. For all
the metrics, ↑ represents that a greater value is better, while
↓ represents the opposite.

Baseline Methods To validate the effectiveness of the pro-
posed method, we conduct experiments on several repre-
sentative CDMs, including IRT (Lord 1952), MIRT (Reck-
ase 2009), DINA (De La Torre 2009), NCD (Wang et al.
2020), RCD (Gao et al. 2021), SCD (Wang et al. 2023) and
ACD (Wang et al. 2024b).

Implementation Details We utilize PyTorch to imple-
ment both the baseline methods and our proposed KCD
framework. For the baseline models, We use the default
hyper-parameters as stated in their papers and for KCD,
we use the same hyper-parameter settings, such as training
epoch, learning rate, and batch size. We employ ChatGPT to
represent LLMs (specifically, gpt-3.5-turbo-16k) and text-
embedding-ada002 as the text embedding model. All the ex-
periments are conducted on a GeForce RTX 3090 GPU. We
train the model on train set and at the end of each epoch,
we evaluate the model on the validation set. The hyper-
parameter α, β, and λ was set to 0.04, 0.015, and 0.2. Since
our dataset does not include affect labels, we utilize the
unsupervised contrastive ACD model and employ NCD as
the basic cognitive diagnosis module. The behavioral space
alignment approach is denoted as ‘-Beh’ and the semantic
space alignment approach is denoted as ‘-Sem’.

1https://pintia.cn/
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Methods Python Linux Database Literature

AUC ↑ ACC ↑ RMSE ↓ AUC ↑ ACC ↑ RMSE ↓ AUC ↑ ACC ↑ RMSE ↓ AUC ↑ ACC ↑ RMSE ↓
IRT 0.6338 0.7749 0.4031 0.8146 0.7874 0.3943 0.7312 0.7989 0.3948 0.8086 0.7818 0.3866
IRT-Beh 0.6567 0.7966 0.3914 0.8325 0.8048 0.3758 0.7522 0.8022 0.3752 0.8221 0.8006 0.3659
IRT-Sem 0.6621 0.7935 0.3851 0.8286 0.7983 0.3786 0.7435 0.8098 0.3807 0.8197 0.7924 0.3686

MIRT 0.6434 0.7693 0.4415 0.8183 0.7899 0.4056 0.7220 0.7973 0.4217 0.8289 0.8002 0.4083
MIRT-Beh 0.6873 0.8049 0.4081 0.8329 0.8067 0.3841 0.7616 0.8178 0.4073 0.8583 0.8225 0.3679
MIRT-Sem 0.6647 0.7875 0.4186 0.8315 0.8011 0.3874 0.7443 0.8092 0.4065 0.8465 0.8175 0.3822

DINA 0.6001 0.5521 0.4962 0.6791 0.5469 0.4964 0.6581 0.5981 0.4716 0.7021 0.6162 0.4735
DINA-Beh 0.6476 0.6213 0.4355 0.7239 0.6094 0.4437 0.6927 0.6713 0.4291 0.7449 0.6992 0.4361
DINA-Sem 0.6354 0.6086 0.4487 0.7032 0.6164 0.4563 0.6792 0.6596 0.4378 0.7263 0.6697 0.4574

NCD 0.6522 0.7758 0.4027 0.8256 0.7759 0.3926 0.7375 0.7932 0.3953 0.8449 0.7805 0.3896
NCD-Beh 0.6804 0.8007 0.3866 0.8422 0.7928 0.3781 0.7552 0.8205 0.3715 0.8691 0.8183 0.3645
NCD-Sem 0.6687 0.7940 0.3892 0.8460 0.7963 0.3764 0.7509 0.8170 0.3776 0.8615 0.8076 0.3674

RCD 0.6781 0.7767 0.3901 0.8557 0.8086 0.3865 0.7583 0.7948 0.3897 0.8494 0.7879 0.3809
RCD-Beh 0.6980 0.7945 0.3776 0.8736 0.8292 0.3625 0.7872 0.8194 0.3737 0.8640 0.8151 0.3667
RCD-Sem 0.6904 0.7902 0.3802 0.8715 0.8271 0.3643 0.7849 0.8132 0.3743 0.8598 0.8132 0.3671

SCD 0.6815 0.7792 0.3882 0.8594 0.8113 0.3806 0.7598 0.7973 0.3824 0.8537 0.7902 0.3781
SCD-Beh 0.7023 0.7982 0.3746 0.8751 0.8319 0.3584 0.7934 0.8229 0.3683 0.8695 0.8213 0.3609
SCD-Sem 0.6957 0.7945 0.3779 0.8721 0.8296 0.3608 0.7890 0.8203 0.3697 0.8681 0.8196 0.3624

ACD 0.6738 0.7932 0.4007 0.8374 0.7573 0.4079 0.7578 0.8137 0.3786 0.8517 0.7924 0.3765
ACD-Beh 0.7056 0.8053 0.3839 0.8551 0.8003 0.3734 0.7731 0.8324 0.3626 0.8725 0.8119 0.3602
ACD-Sem 0.7035 0.8004 0.3782 0.8513 0.7737 0.3856 0.7774 0.8253 0.3678 0.8674 0.8092 0.3629

Table 2: Performance comparison with baseline methods. The improvements are statistically significant where p < 0.05.

Figure 3: Performance comparison in cold (blue) and warm
(red) scenarios on Python dataset.

Performance Comparison (RQ1)
To demonstrate the effectiveness of our proposed method
in improving cognitive diagnosis, we implement the frame-
work on seven cognitive diagnosis models, and the results
are shown in Table 2. Additionally, we compared the perfor-
mance of NCD in warm and cold scenarios, with the results
illustrated in Figure 3. Here we define the cold scenario as
less than 3 interactions in the training set for exercises and
define the warm scenario as more than 10 interactions in the
training set for exercises. Following this definition, we di-
vide the testing set into cold and warm subsets. We have the
following observations from the results:

1) Both KCD-Beh and KCD-Sem achieve significant im-
provements compared to the basic CDMs. This indicates
that our proposed framework is widely applicable to var-
ious CDMs, and both alignment methods can effectively
align the behavioral space of CDMs and the semantic
space of LLMs. In most models, the behavioral space

Condition Method AUC ACC RMSE

NCD 0.6522 0.7758 0.4027
NCD-Beh 0.6804 0.8007 0.3866
NCD-Sem 0.6687 0.7940 0.3892

w/o Coll. Info NCD-Beh 0.6765 0.7967 0.3895
NCD-Sem 0.6637 0.7884 0.3926

w/o Local Con. NCD-Beh 0.6726 0.7872 0.3901
w/o Global Con. NCD-Beh 0.6748 0.7885 0.3938

w/o Dym. Mask NCD-Sem 0.6619 0.7876 0.3941

Table 3: Ablation study on Python dataset. ‘Coll. Info’
denotes collaborative information, while ‘Local Con.’ and
‘Global Con.’ represent local contrast and global contrast.
‘Dym. Mask’ denotes the dynamic masking strategy.

alignment approach performs better, indicating that align-
ing in the behavioral space of CDMs can better align in-
formation from the semantic space of LLMs.

2) Compared to basic CDMs, our proposed methods demon-
strate improvements in both cold and warm scenarios, es-
pecially in cold scenarios. This indicates that our approach
of introducing LLMs as knowledge enhancement effec-
tively alleviates the cold-start issue.

Ablation Study (RQ2)
To validate the effectiveness of different components of our
proposed method, we conduct ablation experiments to verify
several components utilized in LLM Diagnosis and Cogni-
tive Level alignment.

Table 3 demonstrates the results of the ablation study on
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Figure 4: Performance on different dropout ratios.

Figure 5: The t-SNE visualization of student embeddings on
Literature dataset.

Python dataset, comparing the model performance after re-
moving specific components (denoted as ‘w/o’). Experimen-
tal results show that removing these components individ-
ually leads to a decline in the model’s performance. This
indicates that these components are crucial for the model’s
performance.

Performance on Cold-Start Scenarios (RQ3)
we conduct additional experiments on sub-datasets with
varying degrees of sparsity. Specifically, we apply random
dropout to the training sets of the Python and Linux datasets
at ratios of 10%, 20%, 30%, 40%, and 50%.

Figure 4 shows the results of the experiments on differ-
ent dropout ratios. It is obvious that as the dropout ratio in-
creases, both AUC and ACC decrease. This is because the
training set becomes more sparse, approaching a cold-start
scenario. Additionally, compared to ACC, AUC experiences
a greater decline, which might be due to the different calcu-
lation methods of the two metrics.

Visualization of Semantic and Behavioral
Embeddings (RQ4)
To validate the effectiveness of the two alignment processes,
we utilize t-SNE (Van der Maaten and Hinton 2008) to visu-
alize the distribution of features in LLMs semantic space and
CDMs behavioral space. We randomly select 200 example
students and map their behavioral embeddings and semantic
embeddings to 2-dimensional space. NCD (w/o Alignment)
represents the original CDMs without alignment.

Figure 6: The case study of a student on multiple knowledge
concepts on Linux dataset.

Figure 5 demonstrates the integration of semantic and be-
havioral embeddings of NCD-Beh and NCD-Sem, with their
distributions closely merged compared to original CDMs.
This proves the effectiveness of the two alignment methods
we proposed.

Case Study
To more intuitively demonstrate the improvements our pro-
posed methods bring to CDMs, we selected a diagnosis for a
specific student in the Linux dataset and compared the pre-
diction results of NCD with the diagnosis results of NCD-
Beh. As illustrated in Figure 6, we randomly choose a stu-
dent, and list his mastery of some knowledge concepts pre-
dicted by NCD and our proposed NCD-Beh. This student
correctly answered the exercises related to ‘numerical en-
coding’ and ‘process communication’, showing mastery of
these concepts. He answered other exercises incorrectly, in-
dicating a lack of familiarity with the remaining knowledge
concepts. From the LLM’s diagnostic results, it can be ob-
served that the LLM captured similar question-answer in-
formation from the training set and made corresponding in-
ferences. This played an important role in NCD-Beh’s more
accurate prediction of the student’s mastery level.

Conclusion
In this work, we propose a model-agnostic framework KCD
that can efficiently employ LLMs to enhance the knowl-
edge of conventional CDMs. By utilizing LLM diagnosis
and cognitive level alignment, the framework can leverage
the rich knowledge of LLMs and align the semantic space of
LLMs and the behavioral space of CDMs to achieve optimal
diagnostic results. Several experiments on four real-world
datasets for cognitive diagnosis demonstrate the superior-
ity of our proposed framework, surpassing all the baseline
CDMs.
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