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Abstract
Knowledge Tracing (KT) is a core task in intelligent tutoring sys-
tems, designed to model the dynamic evolution of students’ knowl-
edge states by predicting their performance on specific problems.
However, existing KT models, primarily developed for traditional
subject domains, exhibit poor generalization to programming tasks
due to several distinct challenges. First, student responses in pro-
gramming tasks are characterized by high uncertainty. Second,
programming tasks typically provide continuous scores based on
the proportion of passed test cases, in contrast to the binary cor-
rectness assumed by traditional KT models, with these test-case-
based scores often being noisy. Third, most KT models rely ex-
clusively on the understanding of knowledge concepts for perfor-
mance prediction, whereas success in programming tasks is heav-
ily contingent upon logical reasoning and problem-specific com-
prehension. To address these issues, we propose an LLM-driven
Interaction Enrichment Framework (MIE) to mitigate high un-
certainty and problematic labeling, and introduce the Multi-Level
Programming Knowledge Tracing (MLPKT) model to capture
students’ knowledge states across multiple dimensions. MLPKT
conducts multi-layer analysis of student submissions to identify
the root causes of errors and assign semantically meaningful fine-
grained labels. Additionally, we propose a three-level, three-phase
KT architecture that captures knowledge dynamics across three
dimensions—problems, concepts, and logical skills—through the
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phases of learning, forgetting/reinforcement, and applica-
tion. Extensive experiments on three datasets demonstrate that
MIE+MLPKT consistently outperforms 18 baseline methods. Our
code is available at: https://anonymous.4open.science/r/MIE-MLPKT-
D654.

CCS Concepts
• Social and professional topics→ Student assessment; •Com-
puting methodologies→ Neural networks; • Information sys-
tems → Data mining.

Keywords
Programming knowledge tracing, data mining enhanced by llm, 
knowledge state representation

1 Introduction
With the rapid development of the computer science industry, on-
line programming education platforms in major universities have 
proliferated, accumulating vast amounts of educational records. In 
online judge (OJ) platforms, tracking students’ knowledge states to 
recommend appropriate learning materials is crucial for enhancing 
learning efficiency. Although various knowledge tracing (KT) meth-
ods have been proposed to monitor students’ knowledge states, 
these methods are primarily designed for subject-specific knowl-
edge tracing tasks, such as mathematics and English. As illustrated
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in Figure 1, compared to subject-specific knowledge tracing tasks, 
programming task data exhibits the following characteristics:

(1) High uncertainty: At each time step, students submit code 
rather than simple selections, leading to greater interaction uncer-
tainty. For instance, in time step 3 of Figure 1, a student nearly 
completes the program correctly but fails due to an oversight in 
omitting a semicolon (’;’) after “return a+b”. Traditional KT models 
struggle to distinguish errors caused by insufficient ability from 
those due to carelessness.

(2) Continuous labels: In programming tasks, score labels are 
continuous rather than binary. Scores are calculated based on the 
proportion of test cases passed by the student’s submitted code and 
their weights. However, current scoring methods have limitations: 
they require meticulously designed backend test cases and cannot 
reasonably evaluate code that fails to compile.

(3) Composite abilities: Assessing students’ knowledge states 
involves not only evaluating the correctness of code syntax or 
mastery of specific concepts but also considering students’ ability 
to integrate these elements. Furthermore, when students repeat-
edly attempt the same problem, their understanding should deepen 
progressively.

These characteristics render traditional KT models ineffective 
for programming tasks.

To address these challenges, we propose a novel programming 
knowledge tracing model enhanced by LLMs. First, to tackle the 
high uncertainty and continuous labels in programming task data, 
we design an LLM-Driven Interaction Enrichment Framework 
(MIE) that performs reasonable score evaluation and domain-specific 
error analysis. In reasonable score evaluation, we establish scoring 
criteria and prompts to evaluate student submissions, serving as 
new interaction labels. In domain-specific error analysis, we em-
ploy cause analysis prompts where the LLM identifies error causes 
at different levels, such as careless syntax errors or logical errors. 
The error classification hierarchy can be adapted in practical appli-
cations based on the target audience. Since this paper is oriented 
toward novice programmers, we categorize errors into two distinct 
levels: the syntactic concept level and the logical ability level.

To address the composite abilities in programming tasks, we 
propose a three-level, three-phase knowledge tracing framework 
inspired by LPKT and GRKT [8, 23]. This framework integrates 
LLM-extracted scores and error causes to accurately model students’ 
knowledge states from their learning processes. We divide the learn-
ing process into three phases: learning, forgetting/enhancement, 
and application, while tracing abilities across three levels: syntax, 
logic, and problem-specific.

Learning phase: The student’s submitted problem, related con-
cepts, and scores are input into a multi-level ability computation 
module to calculate changes in students’ abilities at logic, syntax, 
and problem-specific levels. For problem-specific ability changes, 
we design an exponential enhancement function to model the grad-
ual deepening of understanding during repeated attempts. Based on 
LLM-extracted syntax and logic errors or correctness, we determine 
the direction of changes in logic and syntax abilities.

Forgetting/enhancement phase: This phase dynamically se-
lects enhancement or forgetting based on interaction intervals. For 
interactions with intervals below a threshold, a short-interval en-
hancement module simulates the learning process; for intervals

exceeding the threshold, a long-interval forgetting module simu-
lates the forgetting process.

Application phase: Syntax, logic, and problem-specific abilities
related to the current problem are input into a multi-level student
ability applicationmodule to predict the student’s score. To enhance
model interpretability, we design a multi-level ability integration
module that makes it applicable to the 2-parameter item response
theory (IRT) [28].

Overall, our contributions are as follows:
• Motivation: We outline the differences between traditional
subject-specific knowledge tracing tasks and programming
tracing tasks, identify the key challenges, and explain why
existing KT models struggle in programming learning tasks.

• Method: We propose an LLM-Driven Interaction Enrich-
ment Framework (MIE) to tackle high uncertainty and un-
reasonable labeling problems, and further introduce MLPKT
(Multi-Level Programming Knowledge Tracing) to model
students’ knowledge states across multiple levels. MLPKT
conducts multi-layer analysis of student submissions to iden-
tify root causes of errors and assign semantically meaningful
fine-grained labels, while introducing a three-level, three-
phase knowledge tracing approach that captures knowledge
dynamics across problems, concepts, and logical skills.

• Experiments: Through comparisons with 18 baseline mod-
els across 3 datasets, we demonstrate MLPKT’s applicability
in programming tasks and validate its ability to produce
accurate knowledge tracing results.

• Datasets:Wealso release all annotated programming datasets
to assist future research.

2 Related Work
2.1 Knowledge Tracing
Since John R. Anderson proposed the concept of knowledge trac-
ing (KT) [7], KT research can be roughly divided into two phases.
The first phase centers on Bayesian Knowledge Tracing (BKT),
which is based on Bayesian probability formulas and enhances BKT
by incorporating additional information [7, 20, 21, 34]. Although
these methods offer a certain degree of interpretability, their perfor-
mance is often limited. In the second phase, researchers began to
adopt deep learning-based KT methods, utilizing recurrent neural
networks (RNNs) [18, 22, 31] and self-attention networks [27] to
track students’ knowledge states [9, 12, 15, 16, 19]. Deep learning
knowledge tracing (DLKT) methods typically achieve superior re-
sults; however, due to the inherent black-box nature of deep neural
networks, these methods often lack interpretability in their out-
comes. To enhance interpretability, some scholars have attempted to
model knowledge states from the perspective of students’ learning
processes [8, 23, 30], thereby developing approaches that balance
interpretability and accuracy.

Nevertheless, the aforementionedmethods primarily target knowl-
edge tracing tasks in specific disciplines, such as mathematics and
English, which emphasize concept mastery. In contrast, during the
programming learning process, students submit code rather than
simple multiple-choice or true/false answers; Online Judge (OJ) plat-
forms typically have access to students’ code submissions, which
hold significant value for assessing students’ knowledge states.



Figure 1: Differences Between Programming KT Tasks and Subject-Specific KT Tasks: High Uncertainty; Continuous Labels;
and Diversity in Ability Requirements.

Moreover, scores in programming tasks are not simply binary val-
ues. These characteristics indicate that traditional KT methods still
have substantial room for improvement when applied to program-
ming learning tasks.

2.2 Programming Knowledge Tracing
Research on knowledge tracing (KT) for programming tasks re-
mains limited. Early studies employed statistical analysis of student
errors and common structures, subsequently applying the Bayesian
knowledge tracing algorithm [6] to structured data to model the
learning process and estimate the final programming knowledge
level. Wang et al. [26] input embedded program submissions into a
recurrent neural network and trained it to predict students’ success
or failure in subsequent programming exercises. Building on this,
Code-DKT [24] utilizes the code2vec model [2] to learn meaningful
representations of student code, then combines it with deep knowl-
edge tracing to track students’ knowledge states. Swamy et al. [25]
compute TF-IDF scores for each string token in the source code
and use these scores to form representation vectors of the code,
which are concatenated with other auxiliary features as input to an
RNN. Zhu et al. [36] represent student code parsed into syntax trees
through an attention mechanism and combine it with DKT to track
students’ knowledge states. OKT [17] introduces a code genera-
tion method that combines language models for program synthesis
with student knowledge tracing, enabling prediction of students’
responses in programming tasks and pioneering the concept of
open-ended knowledge tracing. Wu et al. [29] propose a hetero-
geneous graph-based programming knowledge tracing method,
constructing a heterogeneous graph of knowledge concepts, pro-
gramming problems, and student code, utilizing graph structure
learning and attention mechanisms to enhance representations and
evaluate mastery levels of knowledge concepts.

Although the aforementioned methods apply knowledge tracing
(KT) models to programming tasks, they often focus exclusively on
superficial code features, lacking fine-grained modeling of deeper
attributes such as code quality and error patterns. Additionally, the
datasets employed typically utilize coarse-grained labeling, which
limits the precision of knowledge state assessments.

3 Problem Formulation
Let Q denote the set of problems, L the original set of scores,
C the set of concepts, and M the set of codes submitted by stu-
dents. We first design prompts using the set of problems Q and the
set of students’ codes M to enable the LLM to derive the set of
code labels L̂ and the corresponding set of reasons R. For student
𝑆𝑖 ∈ S, the interaction tuples prior to time step 𝑡 are denoted as
𝐼𝑡 = {(𝑞1, 𝑐1, 𝑙1, 𝑟1), . . . , (𝑞𝑡−1, 𝑐𝑡−1, 𝑙𝑡−1, 𝑟𝑡−1)}, where 𝑞 ∈ Q repre-
sents the problem identifier, 𝑐 ∈ C represents the multiple concept
identifiers associated with the problem, 𝑙 ∈ L̂ represents the stu-
dent’s code score graded by LLM, and 𝑟 ∈ R represents the student’s
error causes. Our objective is to model the student’s knowledge
state 𝑠𝑖𝑡−1 based on the interaction tuples 𝐼𝑡−1 prior to time step 𝑡 ,
and further predict the student’s score on problem 𝑞𝑡 at time step 𝑡 ,
formulated as 𝑙𝑡 = 𝑓 (𝑞𝑡 , 𝑐𝑡 | 𝐼𝑡−1).

4 The MIE Framework
As illustrated in Figure 2, we design an LLM-Driven Interaction
Enrichment Framework to provide reasonable score labels and code
analysis results for the three-level knowledge tracing framework.

4.1 Rational Score Evaluation
To adapt the labels in programming datasets for knowledge tracing
models, for the code𝑚𝑖

𝑡 ∈ M submitted by student 𝑆𝑖 at time step 𝑡 ,



Figure 2: LLM-Driven Interaction Enrichment Framework:
Featuring Rational Score Evaluation and Domain Causal
Analysis, with LLM-Generated Interactions Ultimately Fed
into the MLPKT Framework

with corresponding ID 𝑚̂𝑖
𝑡 and problem description 𝑃𝐷𝑖𝑡 , we design

a scoring prompt denoted as 𝑃 s to obtain the code score at this time
step. As shown in Figure 2(a), it mainly includes the inherent data
in the dataset (Data), namely the student’s code𝑚𝑖

𝑡 along with its
corresponding ID 𝑚̂𝑖

𝑡 and the problem stem 𝑃𝐷𝑖𝑡 , scoring criteria
with 5 levels (Level), factors to consider during the scoring process
(Factors), and other notes (Notes), such as the return format, etc.
The entire process can be represented as:

𝑙𝑖𝑡 = LLM(𝑃 s (Data(𝑚𝑖
𝑡 | 𝑃𝐷𝑖𝑡 | 𝑚̂𝑖

𝑡 ) | Level | Factors | Notes)),∀𝑆𝑖 ∈ S
(1)

where | represents combination and 𝑙𝑖𝑡 ∈ L̂. At this point, we have
obtained the set of scores generated by LLM L̂.

4.2 Domain Causal Analysis
As shown in Figure 2(b), to mitigate the impact of noise arising
from high uncertainty in programming tasks on the assessment
of students’ knowledge states, for student 𝑆𝑖 who submits code
𝑚𝑖
𝑡 ∈ M at time step 𝑡 , along with its corresponding ID 𝑚̂𝑖

𝑡 , problem
description 𝑃𝐷𝑖𝑡 , and the code score 𝑙𝑖𝑡 obtained from the previous
step, we design a reasoning prompt 𝑃𝑟 to guide the LLM in inferring
the correctness at the logical level and the correctness or error
causes at the syntactic level. The resulting analysis is encoded
using a 5-dimensional binary vector 𝑅𝑖𝑡 as follows:

• First dimension: Logical correctness.
• Second dimension: Syntactic correctness.
• Third dimension: Syntactic errors due to carelessness.
• Fourth dimension: Syntactic errors due to insufficient profi-
ciency.

• Fifth dimension: Logical errors.
For example, if the LLM determines that the submitted code

𝑚𝑖
𝑡 ∈ M is logically correct but contains syntactic errors due to

carelessness, the returned vector is 𝑅𝑖𝑡 = [1, 0, 1, 0, 0]. Conversely,
if the code is free of compilation errors but contains logical flaws

resulting in a score below 50, it is identified as a logical error,
yielding 𝑅𝑖𝑡 = [0, 1, 0, 0, 1]. In another example, if errors occur in
both logical and syntactic aspects, the returned vector is 𝑅𝑖𝑡 =

[0, 0, 0, 1, 1].
The aforementioned process can be formally expressed as:

𝑅𝑖𝑡 = LLM(𝑃𝑟 (Data(𝑚𝑖
𝑡 | 𝑚̂𝑖

𝑡 | 𝑃𝐷𝑖𝑡 | 𝑙𝑖𝑡 ) | Rules | Desc | Notes)) .∀𝑆𝑖 ∈ S,
(2)

Where 𝑅𝑖𝑡 ∈ R. Thus, we obtain the collection of code analyses R as
mentioned earlier. The complete code scoring prompt and reason
analysis prompt can be found in the Appendix A.

5 The MLPKT Framework
As illustrated in Figure 3, MLPKT employs recursive modeling
throughout a three-phase process, comprising the learning phase,
enhancement/forgetting phase, and application phase. It is worth
noting that the generation process of embeddings required by the
model is detailed in Appendix B. For ease of understanding, the
notations mentioned in Appendix B and their meanings are as
shown in Table 1.

Table 1: Notations and their meanings in the MLPKT model.

Notation Description
H𝑡
𝐿

Student’s logical ability vector at time 𝑡 (∈ R𝑑 )
H𝑡
𝐶

Student’s conceptual ability vector at time 𝑡 (∈ R𝑑 )
H𝑡
𝑃

Student’s problem-solving ability vector at time 𝑡 (∈ R𝑑 )
QC𝑞𝑡 Question-concept weighted embedding for problem 𝑞𝑡 (∈ R𝑑 )
L𝑙 ′𝑡 Score embedding for discretized score 𝑙 ′𝑡 (∈ R𝑑 )
R𝑙𝑜𝑔,𝑡 Logical reason embedding at time 𝑡 (∈ R𝑑 )
R𝑐𝑜𝑛,𝑡 Conceptual reason embedding at time 𝑡 (∈ R𝑑 )
Q𝑞𝑡 Learnable problem embedding for 𝑞𝑡 (∈ R𝑑 )
C𝑐𝑡,𝑗 Learnable concept embedding for concept 𝑐𝑡, 𝑗 (∈ R𝑑 )
MC𝑞𝑡 Weighted sum of concept embeddings for problem 𝑞𝑡 (∈ R𝑑 )

5.1 Learning phase
The primary objective of the learning phase is to model the knowl-
edge changes resulting from students’ current interactions.

5.1.1 Logical Ability Update. Given the question-concept embed-
dingQC𝑞𝑡−1 , score embedding L𝑙 ′

𝑡−1
, and logical-level analysisR𝑙𝑜𝑔,𝑡−1

of the current interaction at time step 𝑡 − 1, the logical state change
obtained by the student through this interaction should be related
to the answered question, the obtained score, and the logical-level
analysis. Therefore, the logical change is calculated using the fol-
lowing formula:

LC𝑡−1 = 𝜎 (MLP𝐶ℎ𝑎𝑛𝑔𝑒
𝐿𝐶

( [QC𝑞𝑡−1 ⊕ L𝑙 ′
𝑡−1

⊕ R𝑙𝑜𝑔,𝑡−1] |3𝑑,𝑑, 𝑑)), (3)

where ⊕ denotes concatenation, 𝜎 represents the Sigmoid func-
tion, and all notations in this paper follow this naming convention.
Considering that not all logical changes can be internalized by stu-
dents, we design a gating mechanism to simulate the loss during
the student’s knowledge internalization process:

Gate𝑡−1𝐿𝐶 = 𝜎 (MLP𝐺𝑎𝑡𝑒𝐿𝐶 ( [QC𝑞𝑡−1 ⊕ L𝑙 ′
𝑡−1

⊕ R𝑙𝑜𝑔,𝑡−1] |3𝑑,𝑑, 𝑑)) . (4)

To enhance the influence of the reasoning analysis extracted by
the LLM on the final results, we multiply the obtained knowledge



Figure 3: The MLPKT Framework: In the learning phase, the student’s interaction tuple is processed through a multi-level
ability computation module to derive the knowledge update from the current interaction. In the enhancement/forgetting
phase, the student’s forgetting and learning behaviors are modeled separately according to the magnitude of the interaction
interval. In the application phase, based on the updated student knowledge state, the multi-layer ability integration module
computes the student’s overall ability, which is then fed into the IRT prediction head for forecasting.

change with the reasoning embedding. The final logical ability
change is:

L̃C𝑡−1 = LC𝑡−1 ⊙ Gate𝑡−1𝐿𝐶 ⊙ R𝑙𝑜𝑔,𝑡−1, (5)

where ⊙ denotes the Hadamard product. The advantage of this
design is that the direction of this knowledge change is completely
determined by R𝑙𝑜𝑔,𝑡 . Subsequently, we update the student’s logical
ability:

H𝑡−1
+

𝐿 = H𝑡−1𝐿 + L̃C𝑡−1 . (6)

5.1.2 Conceptual Ability Update. The change in conceptual abil-
ity is related to the knowledge concepts associated with question
𝑞𝑡−1, the score obtained for this question, and the LLM’s analysis
of the grammatical concept level. Therefore, we first obtain the
grammatical change from this interaction through the following
formula:

SC𝑡−1 = 𝜎 (MLP𝐶ℎ𝑎𝑛𝑔𝑒
𝑆𝐶

[C𝑐𝑡−1, 𝑗 ⊕ L𝑙 ′
𝑡−1

⊕ R𝑐𝑜𝑛,𝑡−1] |3𝑑, 𝑑, 𝑑) . (7)

Similar to the logical ability update, we design another gating mech-
anism to simulate the knowledge loss during the student’s internal-
ization process:

Gate𝑡−1𝑆𝐶 = 𝜎 (MLP𝐺𝑎𝑡𝑒𝑆𝐶 ( [C𝑐𝑡−1, 𝑗 ⊕ L𝑙 ′
𝑡−1

⊕ R𝑐𝑜𝑛,𝑡−1] |3𝑑, 𝑑, 𝑑)) . (8)

Finally, we use the LLM’s analysis of the grammatical concept level
for this interaction to determine the direction of conceptual ability
change, thus obtaining the grammatical concept change from this
interaction:

S̃C𝑡−1 = SC𝑡−1 ⊙ Gate𝑡−1𝑆𝐶 ⊙ R𝑐𝑜𝑛,𝑡−1 . (9)

Subsequently, we update the student’s grammatical conceptual
ability using the obtained grammatical concept change:

H𝑡−1
+

𝐶 = H𝑡−1𝐶 + S̃C𝑡−1 . (10)

5.1.3 Problem Understanding Update. As the number of times a
student interacts with a particular problem increases, the student’s
understanding of this problem gradually improves. To model this
process, we design an exponential function to simulate the student’s
continuously improving understanding of a certain problem. First,
we obtain problem-level understanding change through the current
interaction question and the score obtained from this interaction.
The inspiration for this approach is that high-scoring interactions
may represent that the student has gained more understanding of
the problem through this learning session. The calculation method
for problem understanding change is as follows:

PC𝑡−1 = 𝜎 (MLP𝐶ℎ𝑎𝑛𝑔𝑒
𝑃𝐶

( [Q𝑞𝑡−1 ⊕ L𝑙 ′
𝑡−1

] |2𝑑, 𝑑, 𝑑)), (11)



P̂C𝑡−1 = log(1 + 𝑛𝑞𝑡−1 ) · PC𝑡−1, (12)

where 𝑛𝑞𝑡−1 represents the number of times problem 𝑞𝑡−1 has been
interacted with by the current student. Subsequently, similar to the
previous sections, we choose to use a gating mechanism to simulate
the student’s internalization process:

Gate𝑡−1𝑃𝐶 = 𝜎 (MLP𝐺𝑎𝑡𝑒𝑃𝐶 ( [QC𝑞𝑡−1 ⊕ L𝑙 ′
𝑡−1

] |2𝑑,𝑑, 𝑑)), (13)

P̃C𝑡−1 = P̂C𝑡−1 · Gate𝑡−1𝑃𝐶 . (14)

Finally, the change in the student’s understanding of the problem
is modeled as:

H𝑡−1
+

𝑃 = H𝑡−1𝑃 + P̃C𝑡−1 . (15)

5.2 Enhancement/Forgetting phase
Given the interaction time interval Δ𝑇𝑡 between student’s time 𝑡 −1
and time 𝑡 , and given two thresholds 𝜙 𝑓 𝑙𝑜𝑜𝑟 and 𝜙𝑐𝑒𝑖𝑙 , we apply
the short-interval learning module and long-interval forgetting
module respectively according to the relationship between Δ𝑇𝑡 and
the two thresholds. For brevity, we only illustrate the enhance-
ment/forgetting phase method using the student’s logical ability
as an example. The enhancement/forgetting processes for student
concept mastery and problem understanding ability are completely
consistent with this approach.

5.2.1 Short-interval Learning Module. For the case where Δ𝑇𝑡 ≤
𝜙 𝑓 𝑙𝑜𝑜𝑟 , the knowledge state change caused by student learning
during the interval time is obtained through the following method:

ΔH𝐺𝑎𝑖𝑛𝐿 =MLP𝐺𝑎𝑖𝑛𝐿 ( [H𝑡−1+𝐿 ⊕ Δ𝑇𝑡 ] |𝑑 + 1, 𝑑, 𝑑/2, 1), (16)

H𝑡𝐿 = ΔH𝐺𝑎𝑖𝑛𝐿 + H𝑡−1
+

𝐿 , Δ𝑇𝑡 ≤ 𝜙 𝑓 𝑙𝑜𝑜𝑟 . (17)

5.2.2 Long-interval Forgetting Module. For the case where Δ𝑇𝑡 >
𝜙 𝑓 𝑙𝑜𝑜𝑟 , to avoid abnormally large values, we set interaction inter-
vals greater than 𝜙𝑐𝑒𝑖𝑙 to 𝜙𝑐𝑒𝑖𝑙 , and further concatenate the current
state with the interaction interval and use an MLP to extract the
proportion of student forgetting during time Δ𝑇𝑡+1:

ΔH𝐹𝑜𝑟𝑔𝑒𝑡
𝐿

= 𝜎 (MLP𝐹𝑜𝑟𝑔𝑒𝑡
𝐿

( [H𝑡−1+𝐿 ⊕ Δ𝑇𝑡+1] |𝑑 + 1, 𝑑, 𝑑/2, 1)) . (18)

The state after forgetting is represented as:

H𝑡𝐿 = H𝑡−1
+

𝐿 − ΔH𝐹𝑜𝑟𝑔𝑒𝑡
𝐿

· H𝑡−1+𝐿 , Δ𝑇𝑡 > 𝜙 𝑓 𝑙𝑜𝑜𝑟 . (19)

We select the 75th percentile and 90th percentile of interaction time
intervals in the dataset as the values for 𝜙𝑐𝑒𝑖𝑙 and 𝜙 𝑓 𝑙𝑜𝑜𝑟 . These can
be dynamically selected according to the characteristics of different
datasets.

5.3 Application phase
In the application phase, given the student’s current three-level
abilities and the problem the student will interact with at the next
time step, since conventional IRT requires student abilities that
are often single-leveled, we design a multi-level student ability
integration module to make Item Response Theory applicable to
multi-layer student abilities.

5.3.1 Multi-level Ability Integration Module. First, we map the stu-
dent’s knowledge states to scalars:

LA𝑡 = 𝜎 (MLP𝐿 (H𝑡𝐿 |𝑑,𝑑, 1)), (20)

CA𝑡 = 𝜎 (MLP𝐶 (H𝑡𝐶 |𝑑, 𝑑, 1)), (21)

PA𝑡 = 𝜎 (MLP𝑃 ( [H𝑡𝑃 ⊕ Q𝑞𝑡+1 ] |2𝑑, 𝑑, 1)) . (22)

Subsequently, we aggregate the three abilities through weighted
scores to form the student’s comprehensive ability:

OA𝑡 = 𝜃1 · LA𝑡 + 𝜃2 · CA𝑡 + 𝜃3 · PA𝑡 . (23)

Before formally calculating the comprehensive ability, we normalize
the three trainable weight parameters 𝜃1, 𝜃2, 𝜃3 through softmax.

5.3.2 IRT Prediction Module. We use the two-parameter Item Re-
sponse Theory to calculate the student’s final scoring situation. The
final student score prediction is as follows:

𝑙
𝑝𝑟𝑒𝑑

𝑡 =
1

1 + 𝑒−𝑎𝑡 (OA𝑡 −𝑏𝑡 )
, (24)

where 𝑎 is the discrimination parameter, reflecting the item’s
ability to distinguish different ability levels. The larger this parame-
ter, the stronger the item’s ability to discriminate ability levels. 𝑏 is
the difficulty parameter, representing the ability level required to
answer the item correctly. The larger the value, the more difficult
the item. The discrimination 𝑎𝑡 ∈ R1 and difficulty 𝑏𝑡 ∈ R1 of item
𝑞𝑡 can both be obtained through simple embedding matrices.

5.4 Model Optimization
The knowledge tracing loss LKT measures the discrepancy between
predicted scores 𝑙𝑝𝑟𝑒𝑑𝑡 ∈ [0, 1] and true labels 𝑙𝑡 ∈ [0, 1] over𝑇 time
steps. We employ binary cross-entropy:

LKT = −
𝑇∑︁
𝑡=1

(
𝑙𝑡 log(𝑙𝑝𝑟𝑒𝑑𝑡 ) + (1 − 𝑙𝑡 ) log(1 − 𝑙𝑝𝑟𝑒𝑑𝑡 )

)
. (25)

We utilize the Adam [13] algorithm to optimize the model.

6 Experiments
In this section, we conducted extensive experiments to answer the
following questions:

• Q1: Is the LLM’s scoring of code reasonable?
• Q2: How is the performance of MIE+MLPKT?
• Q3:What is the impact of different components inMIE+MLPKT?
Can the features extracted by LLM impact the model’s effect?

• Q4: How does MIE+MLPKT track the process of students’
different ability levels? (See Appendix C.3)

• Q5: What is the trade-off between the model’s prediction per-
formance and its computational efficiency? (See Appendix
C.4)

6.1 Experimental Setup
6.1.1 Datasets. To validate the applicability of our proposedmethod
across students of varying proficiency levels, our experiments uti-
lized three datasets: Code-S, Code-F, BePKT. The specific introduc-
tion of the dataset can be found in Appendix C.1. Table 2 presents
the statistical information for all datasets.



Table 2: Statistical information of the datasets

Code-S Code-F BePKT
# Student 413 506 1,638
# Question 50 50 606
# Concept 18 18 106
# Interaction 69,627 125,571 76,657

6.1.2 Baselines. To evaluate the performance of our proposed
method on the programming knowledge tracing (KT) task, we
compared it against 18 state-of-the-art methods: AKT [9], DTrans-
former [32], EXKT [16], FlucKT [11], FoLiBiKT [12], LefoAKT [5],
SAKT [19], StableKT [15], ATKT [10], CSKT [4], DKT [22], DKVMN
[35], SKVMN [1], GRKT [8], LPKT [23]. DKT+ [26], Code-DKT [24],
ECKT [33]. A detailed description of the aforementioned models
will be provided in the Appendix C.2.

6.1.3 Implementation Details. To ensure a fair comparison across
all baseline models, we standardized the sequence length to 200 and
the batch size to 24. Additionally, we set the embedding dimension
to 256 for all baselines, with a dropout rate of 0.05. All experiments
were implemented using PyTorch in Python and conducted on a
device equipped with an NVIDIA A800 GPU.

Since the labels are continuous values ranging from 0 to 1, we
employed RootMean Square Error (RMSE) andMeanAbsolute Error
(MAE) as the evaluation metrics for the models. Furthermore, in the
performance comparison, to additionally validate the performance
of MLPKT on traditional classification tasks, the scores provided by
the LLM were binarized (where scores >= 0.5 are assigned 1, and 0
otherwise), based on which the Area Under the Curve (AUC) and
Accuracy (ACC) were calculated.

6.2 Reasonableness of LLM Data Scoring (Q1)
We selected the Code-S dataset and conducted experiments from
two perspectives to validate the rationality of scoring based on
large language models (LLMs). First, from the perspective of the
data itself, we engaged experts to evaluate 10,000 code submissions.
The expert scores were compared with scores from four LLMs
and the initial test-case-based scoring by computing the average
error rate. Specifically, we employed metrics such as Mean Abso-
lute Error (MAE), Mean Relative Error (MRE), Median Absolute
Error (Median AE), Standard Absolute Error (Std AE), and Root
Mean Square Error (RMSE) to assess the discrepancies between
model scores and expert scores. The results, as presented in Table
3, demonstrate that LLM-based scores for code submissions are
significantly closer to expert scores compared to test-case-based
scores. Notably, the scores from deepseek-v3.1 outperform other
LLMs in terms of proximity to expert scores, surpassing both other
models and the test-case-based raw_score. Consequently, this study
adopts the deepseek-v3.1 scores as the reference labels.

Subsequently, we validated the rationality of our approach from
the model perspective. Specifically, we evaluated performance on
programming knowledge tracking tasks using StableKT [15], DKT
[22], LPKT [23], GRKT [8], and MIE+MLPKT. We used LLMScore
and RawScore as labels for training and validation, while employing

expert scores on the test set for final evaluation of model perfor-
mance. As shown in Figure 4, the results demonstrate that LLM-
based scoring significantly enhances model performance. A consis-
tent pattern emerges across all examined methods: both MLPKT
and the four baseline approaches exhibit markedly improved per-
formance on the expert-scored test set when trained and validated
using LLM-generated scores, as opposed to raw score labels. This
empirical evidence corroborates the soundness of our proposedMIE
scoring mechanism from the perspective of downstream model per-
formance.

Thus, from both the data and model perspectives, we demon-
strate the rationality of the proposed MIE framework for evaluating
student code submissions.

Table 3: Error Metrics Comparison Across Models

Model Name MAE MRE (%) Median AE Std AE RMSE

deepseek-v3.1 3.94 16.65 3.00 4.08 5.67
llama-4-scout 6.09 26.50 4.00 5.58 8.26
deepseek-v3.0 6.10 26.39 4.00 4.92 7.84
llama-3.1-70b-instruct 8.64 39.61 7.00 6.29 10.69
raw-score 26.87 98.59 23.74 10.41 28.82
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Figure 4: Performance Comparison of Knowledge Tracking
Models with Different Label Types

6.3 Performance Comparison (Q2)
Table 4 presents the predictive performance of our MIE+MLPKT
model compared with other baseline methods across four datasets.
To ensure the reliability of the experimental results, we employed
a 5-fold cross-validation strategy, reporting the average values for
all metrics. The best results are highlighted in blue background ,

while the second-best results are marked in green background .
As observed, the MIE+MLPKT framework consistently achieves the
highest performance among all models, demonstrating the superi-
ority of our proposed approach in programming knowledge tracing
tasks.

6.4 Ablation Study (Q3)
To validate our design philosophy of decomposing student abil-
ity into multiple levels, we compared the complete MIE+MLPKT
model with three variant models—lacking concept-level ability (wo
/con), logical-level ability (wo /log), and problem-level ability (wo
/pro)—on the Code-S dataset. As shown in Figure 5, the results



Table 4: Model Performance Metrics on Code-S, Code-F, and BePKT Datasets (With Programming KT Indicator)

Model Programming KT Code-S Code-F BePKT

RMSE MAE AUC ACC RMSE MAE AUC ACC RMSE MAE AUC ACC

AKT ✗ 0.2588 0.2212 0.6893 0.6832 0.2634 0.2224 0.6486 0.6901 0.2257 0.1767 0.6822 0.6971
DTransformer ✗ 0.2034 0.1582 0.8637 0.8285 0.2160 0.1693 0.8398 0.8176 0.2189 0.1768 0.6860 0.7020
EXKT ✗ 0.2591 0.2210 0.6861 0.6828 0.2635 0.2233 0.6440 0.6900 0.2269 0.1764 0.6762 0.6885
FlucKT ✗ 0.2568 0.2217 0.6874 0.6835 0.2636 0.2236 0.6465 0.6896 0.2252 0.1765 0.6771 0.6895
FoLiBiKT ✗ 0.2590 0.2219 0.6887 0.6825 0.2660 0.2250 0.6442 0.6892 0.2263 0.1769 0.6749 0.6918
LefoKT-AKT ✗ 0.2589 0.2218 0.6913 0.6833 0.2618 0.2248 0.6492 0.6905 0.2654 0.2121 0.6746 0.6748
SAKT ✗ 0.2209 0.1880 0.7474 0.7003 0.2464 0.2009 0.7108 0.7110 0.2327 0.1825 0.6633 0.6635
StableKT ✗ 0.2068 0.1598 0.8501 0.8182 0.2186 0.1722 0.8368 0.8156 0.2098 0.1675 0.7246 0.7197
ATKT ✗ 0.2067 0.1571 0.8684 0.8239 0.2168 0.1657 0.8446 0.8112 0.2274 0.1783 0.6703 0.6908
CSKT ✗ 0.1976 0.1486 0.8751 0.8432 0.2097 0.1614 0.8560 0.8250 0.2104 0.1667 0.6997 0.7040
DKT ✗ 0.2109 0.1563 0.8588 0.8203 0.2219 0.1654 0.8422 0.8079 0.2370 0.1879 0.6571 0.6730
DKVMN ✗ 0.1978 0.1506 0.8782 0.8348 0.2100 0.1624 0.8584 0.8193 0.1981 0.1558 0.7612 0.7421
SKVMN ✗ 0.2186 0.1818 0.7067 0.7006 0.2467 0.2003 0.6920 0.6981 0.2445 0.1997 0.5652 0.6546
GRKT ✗ 0.1987 0.1504 0.8688 0.8339 0.2123 0.1645 0.8436 0.8212 0.1793 0.1388 0.8258 0.8256
LPKT ✗ 0.2043 0.1583 0.8600 0.8217 0.2180 0.1739 0.8357 0.8165 0.1863 0.1472 0.8150 0.8152
Code-DKT ✓ 0.1952 0.1512 0.8845 0.8440 0.2108 0.1628 0.8565 0.8260 0.1852 0.1447 0.8225 0.8210
ECKT ✓ 0.2060 0.1580 0.8510 0.8195 0.2175 0.1690 0.8375 0.8158 0.2185 0.1760 0.7020 0.7015
DKT+ ✓ 0.2105 0.1637 0.8545 0.8205 0.2274 0.1803 0.8150 0.8010 0.2111 0.1639 0.7180 0.7130
MIE+MLPKT-DK-V31 ✓ 0.1904 0.1430 0.8926 0.8451 0.2015 0.1521 0.8738 0.8305 0.1735 0.1319 0.8380 0.8408

demonstrate that the complete MIE+MLPKT model outperforms
all three variants that lack specific ability levels, confirming the
necessity of our approach to modeling student ability across three
distinct levels.
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Figure 5: Performance of MIE+MLPKT and Variants on Three
Datasets

Additionally, to investigate whether the reason vectors extracted
by the large language model (LLM) contribute to model perfor-
mance, we also presented the performance of the model without
reason vectors (wo /rea) in Figure 5. The results indicate that the
LLM-generated reason vectors can enhance model performance.
Furthermore, to examine the impact of reasons extracted by dif-
ferent LLMs on the results, we used deepseek-v3.0, llama-3.1-70b-
instruct, and llama-4-scout to extract error reasons from the Code-S
dataset and compared them with the baseline deepseek-v3.1. The
results are shown in Figure 6. Although deepseek-v3.1’s scoring
results were the closest to expert ratings, the reason analysis from
deepseek-v3.0 demonstrated a greater enhancement to model per-
formance.

7 Conclusion
This paper elucidates three distinctive characteristics of program-
ming knowledge tracing tasks compared to traditional subject-
based knowledge tracing, which often result in suboptimal perfor-
mance of existing KT models on programming benchmarks. To
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Figure 6: Ablation Study: Impact of Different LLMs on Er-
ror Reason Extraction and Model Performance on Code-S
Dataset

address these challenges, we propose the MIE+MLPKT framework.
The MIE component leverages carefully designed prompts to elicit
from large language models (LLMs) reasonable scoring labels along-
side multi-level error cause analyses, thereby mitigating issues of
label continuity and irrationality while further alleviating high un-
certainty. Concurrently, to accommodate the multi-layered nature
of student proficiency requirements in programming tasks, we in-
troduce MLPKT, a three-tiered knowledge tracing framework that
integrates the error analysis vectors extracted by MIE. Extensive
experiments across three datasets and 18 baselines substantiate the
efficacy of our proposed framework. In future work, we plan to
evaluate MIE+MLPKT in authentic educational settings.
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