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Abstract

Knowledge Tracing (KT) is a pivotal task in
personalized education, aiming to predict stu-
dents’ future performance based on their his-
torical interactions. While prior work has fo-
cused on learning behavioral sequences using
question IDs or surface-level textual features,
these methods often fail to capture complex
behavioral patterns due to a lack of deep rea-
soning capabilities and world knowledge. To
address this, we propose LLM-KT, a novel frame-
work that integrates the reasoning power of
Large Language Models (LLMs) with the se-
quential modeling strengths of traditional KT
methods via multi-level plug-and-play align-
ment. Specifically, for task-level alignment,
we design a plug-and-play instruction to lever-
age the rich knowledge and reasoning capacity
of LLMs for the KT objective. For modality-
level alignment, we introduce two mechanisms
to integrate representations learned by tradi-
tional methods: (1) a Semantic History Pro-
jector that flexibly inserts compressed context
embeddings into LLMs using question- and
concept-specific tokens to capture long-term
history; and (2) a Behavioral Dynamics Projec-
tor that enhances LLMs with sequential interac-
tion patterns via a sequence adapter. Extensive
experiments on four standard datasets demon-
strate that LLM-KT achieves state-of-the-art per-
formance, significantly outperforming over 20
competitive baselines.

1 Introduction

Knowledge tracing (Abdelrahman et al., 2023;
Zanellati et al., 2024; Shen et al., 2024) aims to
infer students’ performance based on their histori-
cal question-answer records for personalized edu-
cation. This technique can help teachers and edu-
cation systems understand the knowledge status of

1Corresponding authors, jzhou@cs.ecnu.edu.cn,
qc_bai@foxmail.com
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Figure 1: The advantages of traditional models and
LLMs for KT. Traditional models are good at learning
the sequence of interaction behavior, while LLMs are
good at reasoning with rich world knowledge.

students, such as their skills and forgetting behav-
ior. By doing so, it provides more accurate teaching
plans and resources. Effectively solving the knowl-
edge tracing problem can significantly enhance the
efficiency of computer-aided education.

Traditional deep learning-based models mainly
focus on modeling the interaction between ques-
tions using IDs (e.g., Question IDs or Concept IDs)
to learn the sequence behavior information (See
Figure 1). Sequence learning models (e.g., LSTM
(Hochreiter, 1997) and Transformer (Vaswani,
2017)) are utilized to capture the representation of
problem-solving records (Piech et al., 2015; Pandey
and Karypis, 2019). Nagatani et al. (2019); Wang
et al. (2021) integrate the time factor into the model
to further learn the sequence information. Addi-
tionally, to learn the relationships among questions
and concepts, graph neural networks are adopted
(Song et al., 2022; Liu et al., 2021). These mod-
els enhance the interaction representations of an
ID sequence using extra knowledge, such as time
features and graph structure. However, the ques-
tions’ textual information that contains rich seman-
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tic knowledge is not well explored.
Some studies have incorporated pre-trained lan-

guage models (PLMs, such as BERT (Devlin et al.,
2019)) into knowledge tracing to model the textual
information of the question (Tan et al., 2022; Tong
et al., 2020). For instance, BiDKT (Tan et al., 2022)
adapts BERT to trace knowledge by predicting the
correctness of randomly masked responses within
sequences. MLFBK (Li et al., 2023) and LBKT
(Li et al., 2024) leverage BERT to mine complex
data relations. These methods use the question rep-
resentations obtained from PLMs to enhance the
traditional sequence models. Though PLMs are
good at natural language understanding, they can-
not effectively mine the logic and reasons behind
the sequence of questions due to their limited rea-
soning and world knowledge acquisition abilities.

Recently, large language models (LLMs) like
LLaMA (Touvron et al., 2023) have achieved great
success in various natural language processing
tasks due to their abilities in generation, instruc-
tion following, and reasoning. For knowledge
tracing (KT), relevant research has explored two
main application paradigms of LLMs: some stud-
ies focus on leveraging LLMs as a feature extractor
to boost the performance of existing KT models
(Liang et al., 2023; Ni et al., 2024; Xia et al., 2023),
while others abandon traditional KT frameworks
and adopt LLMs as standalone KT models that di-
rectly predict student status (Lee et al., 2024a; Li
et al., 2025; Neshaei et al., 2024)1.

Building on these explorations, we aim to in-
tegrate LLMs into knowledge tracing, motivated
by two core advantages. First, LLMs possess se-
mantic reasoning capabilities absent in ID-based
methods: given a question text, an LLM can infer
prerequisite concepts and judge relative difficulty,
whereas conventional models only see opaque in-
teger IDs. Second, the broad world knowledge
acquired during pre-training endows LLMs with su-
perior generalizability, making an LLM-enhanced
framework inherently more portable to new do-
mains and question sets than dataset-specific ID
embeddings trained from scratch.

However, there are two primary challenges to
applying LLMs for knowledge tracing. First (C1),
LLMs struggle to capture sequential interaction
behaviors from a series of IDs, which reflect stu-
dents’ knowledge states. Large language models

1More related studies are reviewed in Section A in the
Appendix.

interpret question IDs merely as numbers and fail
to comprehend user behavior. This often results in
splitting IDs into multiple tokens, causing a loss
of semantic information associated with those IDs.
Experiments indicate that fine-tuning LLaMA can
enhance performance, but the gains are limited (re-
fer to Table 1). Second (C2), LLMs have difficulty
accurately capturing the long textual context of
comprehensive problem-solving records. The tex-
tual content of questions and concepts is crucial for
understanding user behavior. However, historical
records may include over 200 questions, with each
question averaging around 77 tokens. Experimen-
tal findings also suggest that the existing strong
LLMs like LLaMA and GPT-4o cannot effectively
learn students’ states from this textual context.

To effectively synergize the sequential modeling
capabilities of traditional methods with the reason-
ing power of LLMs, we propose a novel framework
named LLM-KT. Specifically, we design a Multi-
Level Plug-and-Play Alignment strategy to adapt
LLMs for knowledge tracing. First, for task-level
alignment, we construct instructions equipped with
question- and concept-specific tokens to seamlessly
incorporate heterogeneous data (e.g., texts and IDs).
Addressing the challenge of modeling interaction
behaviors (C1), we introduce a Behavioral Dynam-
ics Projector module. This module projects the
sequential interaction embeddings learned by tradi-
tional KT models into the LLM’s semantic space,
thereby enhancing the LLM’s ability to interpret
ID-based sequences. Addressing the challenge of
long context (C2), we propose a Semantic History
Projector module. Instead of feeding raw text di-
rectly, we compress the extended history into com-
pact embeddings via a context adapter, allowing the
LLM to efficiently capture semantic information
from long-term records. Extensive experiments on
four benchmark datasets demonstrate that LLM-KT
consistently outperforms strong baselines. Further-
more, ablation studies validate the efficacy of our
proposed components.

The main contributions of this paper are summa-
rized as follows:

• We propose LLM-KT, a framework that aligns
LLMs with knowledge tracing tasks via Multi-
level Plug-and-Play Alignment. We introduce a
flexible instruction tuning mechanism using spe-
cific tokens to bridge the gap between general
reasoning and educational contexts.

• We design two distinct plug-in modules to handle
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specific data modalities: a Behavioral Dynamics
Projector that integrates interaction patterns from
traditional sequence models, and a Semantic His-
tory Projector that efficiently captures long-term
textual history via compressed embeddings.

• We conduct comprehensive experiments on four
public benchmarks. The results show that
LLM-KT achieves new SOTA performance com-
pared to competitive baselines, demonstrating the
superiority of our hybrid approach.

2 Our Proposed Method

In this section, we present LLM-KT, a novel frame-
work specifically designed to adapt Large Lan-
guage Models for knowledge tracing tasks (see
Figure 2). To align LLMs with KT at the task level,
we devise a plug-and-play instruction mechanism
equipped with specialized tokens, which facilitates
the flexible integration of heterogeneous modalities
(e.g., long textual contexts and ID sequences). This
design effectively synergizes the rich world knowl-
edge and reasoning capabilities of LLMs with the
sequential modeling strengths of traditional KT
models. At the modality level, we introduce two
core components: first, a Semantic History Pro-
jector that encodes long-term interaction history
via a context adapter to align compressed represen-
tations with the LLM; and second, a Behavioral
Dynamics Projector that enhances the LLM by in-
jecting sequential interaction patterns learned from
traditional models.

Knowledge tracing involves predicting whether
a student will answer a new question correctly
based on their historical question-answer records.
Formally, given a student’s exercise history as
H = (e1, e2, ..., ei, ..., eN ), where N is the num-
ber of historical exercises. Here, ei = (qi, ai),
where qi represents the information of the i-th ques-
tion the student answered and ai indicates the stu-
dent’s response to this question (ai = 1 means the
student answered correctly, and ai = 0 means the
student answered incorrectly). The goal of the task
is to predict the value of aN+1 (also defined as y)
when the student answers qN+1.

2.1 Plug-and-Play Instruction
To effectively bridge the gap between the discrete
nature of ID-based interaction records and the con-
tinuous semantic space of Large Language Mod-
els, we design a Plug-and-Play Instruction mech-
anism. Traditional prompting methods that treat

IDs as plain text often fail to preserve the underly-
ing behavioral patterns, while full-text inputs suf-
fer from excessive length. To address this, our
approach adopts a soft-prompting paradigm: we
construct a natural language template with specific
placeholder tokens and physically substitute their
input embeddings with the dense representations
learned by our projectors. This strategy allows
heterogeneous modalities—semantic context and
behavioral dynamics—to be seamlessly integrated
into the LLM’s reasoning chain without compro-
mising token limitations.

The data is organized into (input, output) pairs
as illustrated below. The input prompts the model
to analyze the student’s learning trajectory, while
the output is the predicted correctness label:

Input x.
The student has previously, in chrono-
logical order, answered {question QID=38
[QuesEmbed38] involving concept CID=219
[ConcEmbed219] correctly, ..., question QID=57
[QuesEmbed57] involving concept CID=204
[ConcEmbed204] incorrectly}HistoryRecord.
Please predict whether the student will answer
the next {question QID=55 [QuesEmbed55] in-
volving concept CID=245 [ConcEmbed245] cor-
rectly}TargetQues. Response with ’Yes’ or ’No’.
Response:
Output y.
Yes/No

In this template, the placeholder tokens (e.g.,
[QuesEmbed]) serve as the interface for multi-
modal fusion. They correspond to the unified em-
beddings ek for attribute k ∈ {q, c}, which are
derived by synthesizing the semantic features from
the Semantic History Projector (fcont) and the in-
teraction patterns from the Behavioral Dynamics
Projector (fseq). Formally, we employ an aggre-
gation function G (e.g., gated fusion) to integrate
these complementary representations:

ek = G(hctx
k ,h

seq
k ), ∀k ∈ {q, c} (1)

By replacing standard vocabulary embeddings with
these fused vectors ek, we ensure that the LLM
perceives both the "meaning" of the question and
the "history" of the interaction simultaneously.

Training Objective. We formulate knowledge
tracing as a conditional text generation task. The
model Mθ accepts the prompt x and maximizes the
likelihood of the correct label ŷ ∈ {“Yes”, “No”}.
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correctly,
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[QuesEmbed55] involving concept 
CID=245 [ConcEmbed245] correctly. 
Response with 'Yes' or 'No'. ...
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Figure 2: Overview of the LLM-KT framework. We propose a Multi-level Plug-and-Play Alignment strategy to
synergize the reasoning power of LLMs with traditional sequence models. Specifically, the Semantic History
Projector encodes the long-term context of student problem-solving records, while the Behavioral Dynamics
Projector aligns the sequential interaction patterns learned by traditional models into the LLM’s semantic space.

Since the injected embeddings ek lie in a learned
manifold distinct from the LLM’s original space,
we employ Low-Rank Adaptation (LoRA) (J. et al.,
2021) to facilitate alignment. By optimizing the
cross-entropy loss on the low-rank matrices while
freezing the pre-trained weights, we enable the
LLM to adapt to these new "knowledge-aware"
tokens, achieving a balance between task-specific
learning and general reasoning preservation.

During the inference phase, we map the class
labels to a specific candidate token set C =
{vyes, vno}. The probability of the positive class
is obtained by normalizing the model’s likelihood
over this candidate set:

P (ŷ = 1|x) = Pθ(vyes|x)
Pθ(vyes|x) + Pθ(vno|x)

(2)

where Pθ(v|x) denotes the probability assigned by
the LLM to token v given context x.

2.2 Semantic History Projector

Processing the exhaustive history of student interac-
tions presents a significant challenge for LLMs, as
the combination of long interaction sequences and
verbose question texts often exceeds the effective
context window. Consequently, directly modeling

raw textual history is computationally prohibitive
and prone to information loss. To mitigate this, we
introduce the Semantic History Projector, denoted
as fcont, to succinctly model the semantic informa-
tion of questions and concepts. Specifically, this
module comprises a Context Encoder to extract
semantic features and a Context Adapter to align
these representations with the LLM’s latent space.

2.2.1 Context Encoder
We employ a pre-trained language model (PLM) as
the backbone of our Context Encoder, denoted as
Ectx(·), to transform raw textual inputs into dense
semantic vectors. Various architectures, such as
LLaMA2 (Touvron et al., 2023), BERT (Devlin
et al., 2019), or all-mpnet-base-v2 (Song et al.,
2020), can serve as the foundation.

Let Tk represent the textual content for a specific
attribute k ∈ {q, c}, corresponding to questions
and concepts, respectively. The encoder extracts
the semantic embeddings rctx

k ∈ Rdt as follows:

rctx
k = Ectx(Tk), ∀k ∈ {q, c} (3)

where dt is the hidden dimension of the PLM.
These embeddings effectively encapsulate the se-
mantic nuances required to discern the complex
relationships between educational content.
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2.2.2 Context Adapter
Since the feature space of the PLM is distinct from
that of the target LLM, direct injection leads to
semantic misalignment. To bridge this gap, we in-
troduce a Context Adapter, parameterized as a pro-
jection function Pϕ(·). We implement this adapter
using a Multi-Layer Perceptron (MLP) acting as
a projection head. It maps the frozen text embed-
dings into the LLM’s continuous embedding space:

hctx
k = Pϕ(r

ctx
k ), ∀k ∈ {q, c} (4)

where hctx
k ∈ Rde denotes the aligned representa-

tions (with de being the LLM’s embedding dimen-
sion). This transformation ensures that the rich
semantic information captured by the encoder is
compatible with the LLM’s reasoning process.

2.3 Behavioral Dynamics Projector

While Large Language Models exhibit exceptional
proficiency in natural language understanding, they
often struggle to intrinsically capture the complex
temporal dynamics embedded within abstract ID
sequences. To address this limitation, we introduce
the Behavioral Dynamics Projector (fseq). This
module is designed to encode interaction patterns
as a distinct modality and project them into the
LLM’s latent space. By doing so, we effectively
synergize the semantic reasoning capabilities of
LLMs with the sequential modeling strengths of
traditional KT methods, ensuring that both seman-
tic context and behavioral history are utilized si-
multaneously.

2.3.1 Sequence Encoder
We treat the sequence of interaction IDs as a criti-
cal modality that complements textual information.
To extract robust behavioral features, we repurpose
established sequence learning models (e.g., DKT
(Piech et al., 2015), AKT (Ghosh et al., 2020)) as
the Sequence Encoder. Unlike LLMs, these mod-
els are specifically optimized to capture sequential
dependencies and knowledge state transitions.

Let Eseq(·) denote the sequence encoder with
a hidden dimension ds. We define the input se-
quence for a specific interaction attribute as xk,
where k ∈ {q, c} corresponds to questions (QID)
and concepts (CID), respectively. The encoder
extracts the raw behavioral embeddings rseq

k ∈ Rds

as follows:

r
seq
k = Eseq(xk), ∀k ∈ {q, c} (5)

This formulation enables the model to distill com-
plex sequential patterns from discrete ID inputs.

2.3.2 Sequence Adapter
The latent space of traditional KT models differs
significantly from the semantic space of LLMs, cre-
ating a feature misalignment issue. To resolve this,
we employ a Sequence Adapter, parameterized as
a projection function Pθ(·), to map the behavioral
embeddings into a compatible manifold for the
LLM. This alignment mechanism is crucial for en-
suring that the sequential insights are effectively
integrated without disrupting the LLM’s reasoning
process. The projection is formulated as:

h
seq
k = Pθ(r

seq
k ), ∀k ∈ {q, c} (6)

where h
seq
k ∈ Rde means the aligned representa-

tions (with de being the embedding dimension).

2.4 Baselines
We compare our method with a wide range of
baselines across four categories: (1) DL-based
approaches—DKT (Piech et al., 2015), DKVMN
(Zhang et al., 2017), SAKT (Pandey and Karypis,
2019), AKT (Ghosh et al., 2020), LPKT (Shen
et al., 2021), LBKT† (Xu et al., 2023), MRT-KT
(Cui et al., 2023) and UKT (Cheng et al., 2025); (2)
PLMs-based methods—LBKT‡ (Li et al., 2024),
MLFBK (Li et al., 2023), and BiDKT (Tan et al.,
2022); (3) Context-aware models—EERNN, EKT
(Liu et al., 2019a), RKT (Pandey and Srivastava,
2020), and DCL4KT-A (Lee et al., 2024b); and
(4) LLMs-based variants: LLM-FTTokenID, LLM-
FTText, CLST (Jung et al., 2025), DDKT (Cen
et al., 2025) and GPT-4o. For the first three
groups, we report results from original or reliable
re-implementation papers. For LLM-based meth-
ods, LLM-FTText and GPT-4o are excluded on
Assist2015 and Junyi due to the absence of textual
question content, and prompts are adapted to avail-
able data fields. More details are given in Section
C in the Appendix.

3 Experimental Settings

3.1 Datasets and Evaluation
We evaluate our LLM-KT model on four stan-
dard knowledge tracing benchmarks: ASSIST-
ments2009 (Assist2009) (Ghosh et al., 2020), AS-
SISTments2015 (Assist2015) (Ghosh et al., 2020),
Junyi Academy (Junyi) (bigdata ustc, 2021), and
the NeurIPS 2020 Education Challenge (Nips2020)
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Assist2009 Assist2015 Junyi Nips2020 Avg
AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC

DL-based
Methods

DKT 0.7084 0.7221 0.7093 0.7542 0.8013 0.7200 0.7406 0.6878 0.7399 0.7210
DKVMN 0.8157 - 0.7268 - 0.8027 - 0.7673 0.7016 0.7781 0.7016
SAKT 0.8480 - 0.8540 - 0.8340 0.7570 0.7517 0.6879 0.8219 0.7225
AKT 0.7767 0.7532 0.7211 0.7518 0.8948 0.8215 0.7494 0.6930 0.7855 0.7549
LPKT 0.7788 0.7325 - - 0.7689 0.8344 - - 0.7739 0.7834
LBKT† 0.7863 0.7380 - - 0.7723 0.8362 - - 0.7793 0.7871
AT-DKT 0.7574 0.7172 - - 0.7581 0.8325 0.7816 0.7145 0.7657 0.7547
MRT-KT 0.8223 0.7841 - - - - - - 0.8223 0.7841
UKT 0.8563 0.7814 0.7267 0.7497 - - 0.8035 0.7316 0.7955 0.7542

PLMs-based
Methods

BiDKT 0.7651 - 0.6766 - - - - - 0.7208 -
MLFBK 0.8524 - - - - - - - - -
LBKT‡ - - - - 0.8510 0.8320 - - 0.8510 -

Context-Aware
Methods

DCL4KT-A 0.8153 - - - - - - - - -
EERNN - - - - 0.8370 0.7580 - - 0.8370 0.7580
EKT - - - - 0.8420 0.7590 - - 0.8420 0.7590
RKT - - - - 0.8600 0.7700 - - 0.8600 0.7700

LLMs-based
Methods

LLM-FTID 0.8393 0.7592 0.9092 0.9092 0.8841 0.8071 0.7890 0.6870 0.8554 0.7906
LLM-FTTokenID 0.8143 0.7954 0.8386 0.8813 0.8663 0.8050 0.7774 0.5962 0.8242 0.7695
LLM-FTText 0.8407 0.8119 - - - - 0.7762 0.7211 0.8085 0.7665
GPT-4o - 0.7274 - - - - - 0.6694 - 0.6984
CLST - - - - 0.8842 0.8288 0.7535 0.6945 0.8189 0.7617
DDKT - - - - - - 0.8103 - 0.8103 -

Ours LLM-KT 0.8870 0.8168 0.9356 0.9185 0.9018 0.8294 0.8291 0.7561 0.8884 0.8302

Table 1: Main results of our models and selected baselines. We give the results not reported by the original paper
from Cui et al. (2023); Pandey and Srivastava (2020); Piech et al. (2015). Imp. means the relative improvement over
the baseline LLM-FTID. The best and suboptimal results are emphasized in bold and underline.

(Wang et al., 2020), with dataset statistics provided
in Table 6. Assist2009 and Assist2015 contain
student exercise logs with and without question
metadata, respectively; Junyi includes over 16 mil-
lion logs from 72,000+ students over one year; and
Nips2020 uses records from the top 150 most fre-
quent questions, with figures manually converted to
text. Following prior work, we report performance
using AUC and Accuracy (ACC). More details are
given in Section B.0.1 in the Appendix.

3.2 Implementation Details

In our experiments, we use the deep learning frame-
work PyTorch Lightning for its ease of use and
efficient management of training processes. Fol-
lowing MRT-KT (Cui et al., 2023), we divide the
student dataset in a ratio of 8:1:1 for training, vali-
dation, and test sets. Then, we train on the training
set, select the best model based on the validation
set, and evaluate it on the test set. Our LLM-KT
model is based on LLaMA2 (Touvron et al., 2023).
We update our model using the parameter-efficient
method LoRA, where the rank is 32, alpha is 32,
and dropout is 0.1. Each task is trained for a max-
imum of 10 epochs with a batch size of 32, using
the gradient accumulation strategy. More details
are given in Section C.5 in the Appendix.

4 Experimental Analysis

4.1 Main Results

In this section, we report the results of our LLM-KT
and the selected baselines across four benchmark
datasets in terms of AUC and ACC (Table 1). To
evaluate the effectiveness of our model, we com-
pare it with four categories: DL-based methods,
PLMs-based methods, context-aware methods, and
LLMs-based methods.

From these results, we obtain the following ob-
servations. First, our proposed LLM-KT achieves
superior performance across all datasets in terms
of AUC, demonstrating a clear advantage over ex-
isting baselines. In terms of average performance,
LLM-KT reaches an AUC of 0.8884, surpassing the
second-best baseline (LLM-FTID) by a margin of ap-
proximately 3.3% (0.8554). Specifically, on the As-
sist2009 dataset, our model outperforms the com-
petitive DL-based method UKT by 3.07% in AUC
(0.8870 vs. 0.8563). Second, compared to recent
advanced LLM-based approaches such as CLST
and DDKT, LLM-KT exhibits stronger predictive
capabilities. While CLST achieves a respectable
AUC of 0.8842 on the Junyi dataset, our model fur-
ther improves this metric to 0.9018. Similarly, on
the Nips2020 dataset, although DDKT shows com-
petitive results (0.8103 AUC), LLM-KT still leads by
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Assist2009 Nips2020
AUC ACC AUC ACC

LLM-KT 0.8870 0.8168 0.8291 0.7561
Data Source
- Question 0.8788 0.7937 0.7983 0.7439
- Concept 0.8635 0.8053 0.8101 0.7276
Model Structure
- Behavior 0.8616 0.8119 0.7958 0.7249
- Semantic 0.8788 0.7937 0.8056 0.7358

Table 2: The results of ablation studies.

1.88% (0.8291 AUC). These comparisons suggest
that our architecture is more effective at capturing
complex knowledge states than these specialized
LLM adaptations. Third, simple fine-tuning or
direct prompting of LLMs is insufficient for mod-
eling long interaction contexts compared to our
approach. For example, directly inputting history
records into GPT-4o results in suboptimal accu-
racy (0.7274 on Assist2009), which is lower than
many DL-based baselines. Furthermore, regarding
question IDs as tokens in LLM-FTTokenID yields an
average AUC of 0.8242, which is noticeably lower
than our 0.8884.

4.2 Ablation Studies

To investigate the performance of the main compo-
nents contained in our proposed LLM-KT (Table 2).
From the data source, we remove the ID and text
of the question (- Question), and the ID and text of
the concepts (- Concept) from our model. From the
model structure, we remove the Behavioral Dynam-
ics Projector (- Behavior) and Semantic History
Projector (- Semantic). Due to missing questions
or concepts, we mainly conduct the experiments on
the Assist2009 and Nips2020.

From the results, we observe that both question
and concept information can help the model un-
derstand the student’s state from the history record
to improve the performance of knowledge tracing.
For instance, removing questions from inputs will
reduce 3.08 points in terms of AUC (0.8291 vs
0.7983). Additionally, our Behavioral Dynamics
Projector and Semantic History Projector effec-
tively capture the sequence interaction behaviors
and long textual context. Removing any one of
them from our LLM-KT will reduce the performance.
The textual context helps the model learn the com-
plex semantic relationships between the questions
and concepts, and the sequence information helps
the model capture the interaction behaviors based
on a sequence of IDs.
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Figure 3: Influence of sequence length on four different
datasets in terms of AUC.
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Figure 4: Influence of sequence length on four different
datasets in terms of ACC.

4.3 Influence of Sequence Length

In this section, we examine how sequence length af-
fects knowledge tracing. We present our model’s re-
sults alongside several robust baselines, measured
by AUC and ACC (Figure 3 and 4). We define the
sequence lengths as 20, 50, or 100.

From the results, we find that our model out-
performs the other methods across all sequence
lengths, which indicates that LLM-KT can capture
the students’ states with long text and ID sequences
effectively. Specifically, our model improves by
more than 4 points of AUC compared to DKT and
AKT on Nips2020. With the increase in sequence
length, our model can effectively improve perfor-
mance in most cases, while the improvements in
previous studies are limited and may even decline.
For example, LLM-KT with a sequence length of 100
outperforms the one with 20 questions by about 10
points in terms of AUC over Assist2015. The Junyi
dataset primarily focuses on short-term records,
and extending the sequence length may reduce per-
formance due to unrelated questions in the history
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Assist2009 Assist2015 Junyi Nips2020 Average
AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC

LLM-FTTokenID 0.8143 0.7954 0.8386 0.8813 0.8663 0.8050 0.7774 0.5962 0.8242 0.7695
DKT 0.8759 0.8218 0.9350 0.9204 0.9027 0.8303 0.8149 0.7453 0.8821 0.8295
AKT 0.8870 0.8168 0.9356 0.9185 0.9018 0.8294 0.8291 0.7561 0.8884 0.8302

Table 3: Influence of sequence encoder. Average means the average score over four datasets.

Assist2009 Nips2020 Average
AUC ACC AUC ACC AUC ACC

BERT 0.8770 0.7987 0.8116 0.7331 0.8443 0.7659
MPNET 0.8749 0.8135 0.8231 0.7561 0.8490 0.7848
LLaMA2 0.8870 0.8168 0.8291 0.7561 0.8581 0.7865

Table 4: Influence of context encoder.

record. Though our model experiences a perfor-
mance drop when increasing the length, the de-
crease is subtle. For DKT, it is an LSTM-based
model that is not effective at capturing long se-
quences. We would like to explore how to reduce
the influence of unrelated information in lengthy
sequences in the future.

4.4 Further Analysis

4.4.1 Influence of Context Encoder
We investigate the influence of different context
encoders and provide their average performance
for both AUC and ACC (Table 4). We select three
typical sentence encoders: LLaMA2, BERT, and
all-mpnet-base-v2 (MPNET). We input the entire
question and concepts into the Context-Encoder to
generate vectors rQText and rCText. Specifically,
the vectors are derived by averaging the hidden
states from the last layer along the sequence length
for BERT and LLaMA2, while for MPNET we cal-
culate the vector using SentenceTransformer. The
dimensions dt are 768, 768, and 4096 for BERT,
MPNET, and LLaMA2, respectively. We develop a
Context-Adapter to convert dt into the embedding
layer dimension de of LLaMA2 (4096).

Among the models, LLaMA2 achieves the high-
est average AUC (0.8581) and ACC (0.7865), out-
performing BERT by 2 percentage points in ACC
(0.7865 vs 0.7659). By training on a large-scale
corpus, LLaMA2 learns powerful text embeddings
for capturing long textual knowledge. Based on the
experiments, we recommend using MPNET, which
achieves competitive performance to LLaMA2
while maintaining the same size as BERT.

4.4.2 Influence of Sequence Encoder
We investigate the influence of different sequence
encoders and compare them with LLM-FTTokenID

Assist2009 Nips2020 Average
AUC ACC AUC ACC AUC ACC

Concat 0.8851 0.8102 0.8168 0.7466 0.8510 0.7784
Avg 0.8763 0.8185 0.8262 0.7466 0.8513 0.7826
Add 0.8870 0.8168 0.8291 0.7561 0.8581 0.7865

Table 5: Influence of function g.

over four datasets (Table 3). We employ DKT
(Piech et al., 2015) and AKT (Ghosh et al., 2020)
to model the sequence of IDs. For LLM-FTTokenID,
it randomly initializes the embeddings of question-
and concept-specific tokens and updates them
through fine-tuning. In contrast, we use represen-
tations learned by DKT and AKT to initialize the
token embeddings. The findings indicate that DKT
and AKT significantly outperform LLM-FTTokenID,
with AKT achieving over 15-point improvement in
ACC on Nips2020. This suggests that embeddings
from traditional sequence models capture extensive
semantic and interaction knowledge, while LLMs
cannot capture such knowledge well by simply fine-
tuning on ID sequences. Additionally, DKT and
AKT obtain comparable results (0.8295 vs 0.8302
for average ACC).

4.4.3 Influence of Function g

To combine the representations of context and se-
quence, we use a function g to merge them, as
mentioned in Equation 1. In our experiment, we ex-
plore the influence of different methods (Table 5),
including concatenation (Concat), average (Avg)
and addition (Add). We find that the impact of the
different functions g is limited and the results of
these operations are similar. In addition, we vali-
date the generalizability of LLM-KT across differ-
ent LLM backbones (Appendix D) and provide a
detailed cost–performance analysis (Appendix E).

5 Conclusions and Further Work

In this paper, we introduced LLM-KT, a novel
framework that redefines knowledge tracing by
synergizing the reasoning prowess of Large Lan-
guage Models with the sequential modeling effi-
cacy of traditional methods. Through a Multi-
level Plug-and-Play Alignment mechanism, we
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effectively translated the specific KT task into a
generative language modeling problem, enabling
the seamless integration of heterogeneous modali-
ties—specifically, deep semantic contexts and se-
quential interaction dynamics. Extensive empiri-
cal results across four benchmark datasets demon-
strate that LLM-KT establishes a new state-of-the-art,
significantly outperforming competitive baselines.
Furthermore, ablation studies validate the critical
role of our dual-projector design in capturing both
the nuanced semantics of questions and the evolv-
ing behavioral patterns of students. Looking ahead,
we plan to investigate advanced mechanisms for
handling ultra-long interaction sequences, focusing
on filtering noise and extracting salient features
from extensive learning histories to enhance long-
term prediction accuracy.

6 Limitations

While our LLM-KT framework demonstrates su-
perior performance, we acknowledge certain trade-
offs inherent to incorporating Large Language
Models. Specifically, the hybrid architecture incurs
higher computational costs and inference latency
compared to lightweight traditional methods, and
its full potential relies on the availability of high-
quality textual data. Additionally, handling noise in
extremely long sequences and generalizing to com-
pletely unseen questions remain areas for further
optimization. These limitations, however, do not
undermine the validity of the proposed mechanism;
rather, they stem from current hardware and data
constraints, pointing to valuable future research di-
rections in designing more efficient, lightweight
architectures and robust long-range attention mech-
anisms.
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Appendix

A Related Work

A.1 Deep learning-based Knowledge Tracing

Traditional knowledge tracking algorithms are
mainly based on machine learning algorithms, such
as Bayesian Knowledge Tracing (BKT) (Corbett
and Anderson, 1995) and Item Response Theory
(IRT) (Green). With the continuous development
and progress of neural networks, deep learning-
based knowledge tracing algorithms have emerged
to model the sequence interaction (Piech et al.,
2015; Cui et al., 2023; Shen et al., 2021; Cheng
et al., 2022). DKT (Piech et al., 2015), or Deep
Knowledge Tracing, is the first model to apply
deep learning to the field of knowledge tracing,
which learns the features of students’ historical
problem-solving records using Long Short-Term
Memory (LSTM). SAKT (Pandey and Karypis,
2019) utilized the self-attention mechanism to ad-
dress the problem of insufficient generalization abil-
ity existing in the processing of sparse data. AKT
(Ghosh et al., 2020) further introduced a new mono-
tonic attention mechanism and the classic Rasch-
model in psychometrics to better understand stu-
dents’ knowledge mastery status and learning pro-
cesses. BEKT (Tiana et al., 2021) proposed a multi-
layer bidirectional transformer encoder with a self-
attention mechanism and bidirectional analysis, to
understand the student’s past learning logs. Zhang
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et al. (2017) proposed a new structure called Dy-
namic Key-Value Memory Networks (DKVMN),
which can utilize the relationships between under-
lying concepts and directly output the mastery level
of each concept by students.

To further evaluate the time aspect, DKT-Forget
(Nagatani et al., 2019) enhances DKT by translat-
ing the time interval into a numerical value. This
value, along with learning interaction data like an-
swering questions, is fed into the neural network.
In contrast, HawkesKT (Wang et al., 2021) lever-
ages the intensity function and mechanisms of the
Hawkes process to measure the triggering effects of
events across different time points. This approach
clarifies how learning events temporally influence
the probability of subsequent occurrences and the
knowledge state. Addressing limitations in the
learning process, which is vital for KT tasks, LPKT
(Shen et al., 2021) assesses students’ knowledge
states by modeling their learning journey, capturing
knowledge gains while also considering the phe-
nomenon of forgetting. Simultaneously, Sun et al.
(2024) offers a novel perspective in the KT field
by developing the Progressive Knowledge Trac-
ing model. This model emphasizes the learning
journey through students’ sequential thought pro-
cesses and divides it into three relatively indepen-
dent, yet progressively advanced stages: concept
mastery, question-solving, and answering behavior,
effectively modeling the transition from abstract
reasoning to concrete responses.

Furthermore, graph neural networks are used
to model the relationships between different ques-
tions or knowledge points in the field of knowledge
tracing (Nakagawa et al., 2019; Song et al., 2022;
Liu et al., 2021; Cui et al., 2024). GKT (Naka-
gawa et al., 2019) constructs a knowledge graph
based on knowledge points or questions, and uti-
lizes Graph Neural Networks (GNNs) to explore
and take advantage of these underlying relational
structures. BI-CLKT (Song et al., 2022) designs
a two-layer comparative learning scheme on an
“exercise-to-exercise" (E2E) relational subgraph for
node-level and graph-level contrastive learning to
get discriminative representations of exercises and
concepts. Additionally, two variants with different
prediction layers (RNN and memory-augmented
neural networks) are explored to improve represen-
tations. PEBG (Liu et al., 2021) puts forward a
pre-training embedding method through a bipartite
graph (PEBG), leveraging edge information (in-
cluding question difficulty, explicit question-skill

relationships, implicit question similarity, and skill
similarity) to learn low-dimensional embeddings
for each question. DGEKT (Cui et al., 2024) in-
novatively constructs a dual graph structure of stu-
dents’ learning interactions, using a concept associ-
ation hypergraph and a directed transition graph to
capture heterogeneous relationships. Additionally,
it employs online knowledge distillation to adap-
tively combine the dual graph models, forming
a stronger ensemble teacher model for enhanced
modeling ability.

A.2 PLMs-Enhanced Knowledge Tracing

In the field of knowledge tracing, Pre-trained Lan-
guage Models (PLMs), such as BERT (Devlin et al.,
2019), RoBERT (Liu et al., 2019b), are used to en-
hance the semantic representation for knowledge
tracing (Tan et al., 2022; Li et al., 2023; Tong et al.,
2020; Lee et al., 2024b). For instance, BiDKT (Tan
et al., 2022) adapts BERT to trace knowledge by
predicting the correctness of randomly masked re-
sponses within sequences. MLFBK (Li et al., 2023)
leverages the power of BERT to mine latent rela-
tions among multiple explicit features, such as indi-
vidual skill mastery, students’ ability profiles, and
problem difficulty. Furthermore, Tong et al. (2020)
proposes a hierarchical exercise feature enhanced
knowledge tracing framework that utilizes BERT to
generate exercise text embeddings and then feeds
them into three systems to extract knowledge dis-
tribution, semantic features, and difficulty features.
Moreover, LBKT (Li et al., 2024) combines the
strengths of BERT for capturing complex data re-
lations and LSTM for handling long sequences,
enhancing performance on data with over 400 in-
teractions. However, the integration of LLMs with
knowledge tracing has not been explored well.

A.3 Context-aware Knowledge Tracing

The context information (such as textual features
in the questions and concepts) contains a wealth
of semantic knowledge, which can help reduce
the cold-start phenomenon of KT. Several studies
utilized the context information to enhance tradi-
tional deep learning models (Pandey and Srivastava,
2020; Su et al., 2018). For example, RKT (Pandey
and Srivastava, 2020) used the textual information
of the questions to capture relations between ex-
ercises. EERNN (Su et al., 2018) and EKT (Liu
et al., 2019a) considered the text of the questions to
learn a good question representation for knowledge
tracing. Additionally, Liu et al. (2021) proposed
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a pre-training method called PEBG, which learns
question embeddings with rich relational informa-
tion using the bipartite graph of question-skill re-
lations. Moreover, Lee et al. (2024b) proposed
a difficulty-centered contrastive learning method
based on the question representations using BERT.

Unlike previous research, we propose LLM-KT to
combine the great advantages of LLMs and tradi-
tional sequence learning models for KT. We design
a plug-and-play instruction to align the context and
sequence representations with LLMs.

B Datasets

B.0.1 Datasets
To evaluate the effectiveness of our LLM-KT, we
conduct experiments on four commonly used
benchmark datasets for knowledge tracing. The
statistical information of these datasets is listed in
Table 6.

• ASSISTments2009 (Assist2009) (Ghosh et al.,
2020) collects the exercises of 4151 students dur-
ing the 2009 to 2010 school year. The same as
Ghosh et al. (2020), we use the skill builder data
version of this dataset. To ensure the validity of
the data, we only retain those records where both
the skill_name and skill_id fields are not empty.

• ASSISTments2015 (Assist2015) (Ghosh et al.,
2020) comprises responses from students on 100
distinct questions. Different from Assist2009,
this dataset does not provide metadata of ques-
tions.

• Junyi Academy (Junyi) (bigdata ustc, 2021) is
provided by Junyi Academy - the premier online
learning platform in Taiwan, consisting of over
16 million exercise attempt logs. These logs are
contributed by more than 72,000 students, span-
ning a year, specifically from August 2018 to
July 2019. We use the dataset provided by big-
data ustc (2021), which is processed specifically
for knowledge tracing.

• NeurIPS 2020 Education Challenge (Nips2020)
(Wang et al., 2020) is released by the NeurIPS
2020 Education Challenge. In this paper, we
use the datasets from Challenge Task 3 & 4 and
extract the records of the top 150 most frequently
appearing questions. Note that, to obtain the
textual information of the questions, we convert
the figures into text manually.

C Baselines

In our research, we compare our proposed ap-
proach with several strong baseline methodologies
to assess its efficacy and performance. We split
these baselines into four parts: deep-learning (DL)-
based, pre-trained language models (PLMs)-based,
context-aware and LLMs-based methods.

C.1 DL-based Methods
DL-based methods learn the interactions among
students’ records effectively by taking the relation-
ships and times into account. Here, we select 7
typical baselines as follows:

• DKT (Piech et al., 2015) uses RNNs((Elman,
1990) to model temporal dependencies in student
learning, capturing the evolution of knowledge
states.

• DKVMN (Zhang et al., 2017) implements a dy-
namic key-value memory network, where static
matrices store knowledge concepts and dynamic
matrices update mastery levels, enhancing the
modeling of concept relationships.

• SAKT (Pandey and Karypis, 2019) employs a
self-attention mechanism((Vaswani, 2017)) to
identify key knowledge concepts (KCs) from past
interactions.

• AKT (Ghosh et al., 2020) utilizes a monotonic at-
tention mechanism to build context-aware repre-
sentations of student interactions, capturing per-
formance over appropriate time scales.

• LPKT (Shen et al., 2021) models the learning
process by formalizing learning cells and incor-
porating gates for managing retention and forget-
ting over time.

• LBKT† (Xu et al., 2023) analyzes the interplay
of learning behaviors (e.g., speed, attempts, hints)
and uses a forgetting factor to update learners’
knowledge states.

• MRT-KT (Cui et al., 2023) employs a multi-
relational transformer with a novel relation en-
coding scheme to model fine-grained interac-
tions between question-answer pairs in knowl-
edge tracing.

• UKT (Cheng et al., 2025) employs stochastic
distribution embeddings to represent uncertainty
in student interactions, utilizing a Wasserstein
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Dataset Students Questions KCs Interactions QID CID QuesCont ConcCont
Assist2009 4,151 16,891 110 325,637 ✓ ✓ ✗ ✓

Assist2015 19,840 - 100 683,801 ✗ ✓ ✗ ✗

Junyi 1,000 834 - 972,855 ✓ ✗ ✗ ✗

Nips2020 5,310 110 17 428,596 ✓ ✓ ✓ ✓

Table 6: The statistical information of the datasets. QID and CID mean the ID of the question and concept. KCs
means the number of knowledge concepts. QuesCont and ConcCont represent the context of the question and
concept.

self-attention mechanism to capture state tran-
sitions and incorporating aleatory uncertainty-
aware contrastive learning to enhance robustness.

C.2 PLMs-based Methods
PLMs-based methods improve the performance
of knowledge tracing via the rich knowledge and
powerful natural language understanding of PLMs.
Here, we adopt the following baselines:

• LBKT‡ (Li et al., 2024) addresses long-sequence
data in knowledge tracing by integrating a BERT-
based architecture with Rasch model embeddings
for difficulty levels and an LSTM for sequential
processing.

• MLFBK (Li et al., 2023) utilizes BERT to in-
corporate explicit features and latent relations,
enhancing prediction efficiency in knowledge
tracing.

• BiDKT (Tan et al., 2022) adapts BERT for
knowledge tracing by leveraging bidirectional
context in interaction histories, unlike traditional
RNN-based models.

C.3 Context-Aware Methods
For context-aware methods, they utilize the context
of questions to learn semantic knowledge. Particu-
larly, we select the following four algorithms:

• EERNN (Liu et al., 2019a) combines student
records and exercise content into a single vec-
tor, processed by a bidirectional LSTM, with
two variants: EERNNM (Markov property) and
EERNNA (Attention mechanism).

• EKT (Liu et al., 2019a) extends EERNN by us-
ing a knowledge state matrix, which captures the
impact of exercises on multiple concepts, while
a memory network tracks concept mastery.

• RKT (Pandey and Srivastava, 2020) uses
relation-aware self-attention to integrate contex-
tual information from exercises and performance

data. It also includes a forgetting model with an
exponentially decaying kernel to address interac-
tions and forgetfulness.

• DCL4KT-A (Lee et al., 2024b) introduces a
difficulty-centered contrastive learning method
and leverages LLMs to optimize and predict dif-
ficulty from unseen data.

C.4 LLMs-based Methods
Furthermore, LLM-based methods have good rea-
soning abilities with rich commonsense knowledge.
We conduct four versions of LLMs based on both
fine-tuning and prompting:

• LLM-FTID finetunes the LLaMA model with
instructions using QIDs and/or CIDs depending
on the dataset.

• LLM-FTTokenID finetunes the LLaMA model by
treating QID and CID as specific tokens, where
their embeddings are updated during training.

• LLM-FTText finetunes the LLaMA model using
textual information of questions and concepts.

• GPT-4o inputs the same textual information as
LLM-FTText directly into the GPT-4o frame-
work.

• CLST (Jung et al., 2025) mitigates cold-start
problems in knowledge tracing by aligning a gen-
erative language model as a students’ knowledge
tracer.

• DDKT (Cen et al., 2025) leverages LLMs and
Retrieval-Augmented Generation (RAG) to as-
sess question difficulty from multiple perspec-
tives and model student mastery levels through
difficulty-aware mechanisms.

For DL-based, PLMs-based, and Context-aware
Methods, we only report the results from the orig-
inal papers or other relevant experimental papers
to ensure the reliability of the experimental results.

35788



For LLMs-based Methods, since Assist2015 and
Junyi have no textual information of the question
and concept, we don’t provide the results of LLM-
FTText and GPT-4o. Note that we remove the infor-
mation missed in the corresponding dataset (such
as QID in Assist2015) from the prompt template in
our experiments.

C.5 Implementation Details

In our experiments, we use the deep learning frame-
work PyTorch Lightning for its ease of use and effi-
cient management of training processes. Following
MRT-KT (Cui et al., 2023), we divide the student
dataset in a ratio of 8:1:1 for training, validation,
and test sets. Then, we train on the training set,
select the best model based on the validation set,
and evaluate it on the test set. Our LLM-KT model is
based on LLaMA2 (Touvron et al., 2023), which is
an advanced and commonly used open-source LLM
with over 9,000 citations. We update our model
using the parameter-efficient method LoRA, where
the rank is 32, alpha is 32, and dropout is 0.1. Each
task is trained for a maximum of 10 epochs with a
batch size of 32, using the gradient accumulation
strategy. For the function g used to merge the rep-
resentations of context and sequence, we employ
the addition operation. We utilize early stopping
to avoid overfitting. Additionally, we use Adam
as the optimizer with a learning rate of 3 × 10−4

and a weight decay of 1× 10−5, utilizing a cosine
learning rate scheduler. The sequence length of
historical records is 100. We adopt LLaMA2-7B
as the context encoder and AKT as the sequence
encoder.

To elucidate the distinctions among diverse
models within LLMs-based methods more
perspicuously, we initially streamline the template
in Section 2 as follows.

Input x.
The student has previously, in
chronological order, answered
HistoryQues1, HistoryQues2,..., HistoryQuesn.
Please predict whether the student will answer
TargetQues correctly. Response with ’Yes’ or
’No’. Response:

For LLM-FTID, we simply replace each “His-
toryQues” in the template with the format “ques-
tion with ID=QID involving concept ID=CID cor-
rectly.” At the same time, we change “TargetQues”
to “the next question with ID=QID involving con-

cept ID=CID correctly.” Note that the actual val-
ues of these IDs depend on the specific responses
shared by students. For LLM-FTTokenID, we ad-
just “HistoryQues” in the template with “question
with ID=[qid74] involving concept ID=[cid6] cor-
rectly” and turn “TargetQues” into “the next ques-
tion with ID=[qid44] involving concept ID=[cid5]
correctly.” Here, [qid74]/[cid6]/[qid44]/[cid5] rep-
resents a newly introduced token that is finetuned
on the target dataset to learn the semantic and inter-
action information in the given record. The number
of newly added QID/CID tokens exactly matches
the number of questions and concepts. As for LLM-
FTText and GPT-4o, we replace “HistoryQues” and
“TargetQues” in the template with specific textual
questions. For example, we use “Which symbol
belongs in the box? Pic749−0 A:> B:< C:= D:≥
Related knowledge concepts: Basic Arithmetic The
student answered this question correctly.” We then
input these into LLaMA and GPT-4o, respectively.

D LLM Backbone Generalizability

A key design principle of LLM-KT is that the
alignment modules are structurally independent of
the underlying LLM backbone. To validate this,
we replace LLaMA2-7B with Mistral-7B (Jiang
et al., 2023) while keeping all other components un-
changed (sequence encoder, context encoder, pro-
jector architectures, and LoRA configuration). As
shown in Table 11, Mistral-7B achieves competi-
tive performance (average AUC 0.8843 vs. 0.8884
for LLaMA2-7B), with only marginal differences
on individual datasets. This confirms that LLM-
KT’s effectiveness stems from the multi-level align-
ment mechanism rather than a specific backbone,
and practitioners can freely substitute the LLM
component based on availability or computational
budget.

E Cost–Performance Analysis

We provide a cost–performance analysis to trans-
parently characterize the computational overhead
of LLM-KT. All measurements are conducted on
the Nips2020 dataset using a single NVIDIA A800
GPU, with batch size 1 and sequence length 100.

As shown in Table 12, incorporating an LLM
backbone inevitably incurs higher costs than
lightweight methods: LLM-KT requires 2706 s
per training epoch and 350 ms per inference sample,
significantly slower than DKT (674 s, 16.6 ms) and
AKT (172 s, 3.6 ms). Compared to LLM-FTID,
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Type Template

1

The student has previously, in chronological order, answered question with ID=74 [WrapQEmb]
involving concept ID=6 [WrapCEmb] correctly, ..., question with ID=42 [WrapQEmb] involving
concept ID=5 [WrapCEmb] incorrectly. Please predict whether the student will answer the next
question with ID=44 [NextWrapQEmb] involving concept ID=5 [NextWrapCEmb] correctly.
Response with ‘Yes’ or ‘No’.

2

The student has previously, in chronological order, answered question with ID=3117 [QidEmb]
correctly, question with ID=2964 [QidEmb] correctly, question with ID=5627 [QidEmb] incorrectly, ...,
question with ID=5532 [QidEmb] correctly. Please predict whether the student will answer the next
question with ID=5707 [NextQidEmb] correctly. Response with ‘Yes’ or ‘No’.

3

The student has previously, in chronological order, answered question involving concept ID=15
[CidEmb] correctly, ..., question involving concept ID=30 [NextCidEmb] correctly. Please predict
whether the student will answer the next question involving concept ID=30 correctly. Response with
‘Yes’ or ‘No’.

Table 7: The prompt templates for LLM-KT(Ours)

Type Template

1

The student has previously, in chronological order, answered question with ID=74 involving concept
ID=6 correctly, question with ID=80 involving concept ID=6 correctly, ..., question with ID=42
involving concept ID=5 incorrectly. Please predict whether the student will answer the next question
with ID=44 involving concept ID=5 correctly. Response with ‘Yes’ or ‘No’.

2
The student has previously, in chronological order, answered question with ID=3117 correctly,
question with ID=2964 correctly, ..., question with ID=5532 correctly. Please predict whether the
student will answer the next question with ID=5707 correctly. Response with ‘Yes’ or ‘No’.

3

The student has previously, in chronological order, answered question involving concept ID=15
correctly, question involving concept ID=15 correctly, ..., question involving concept ID=30 correctly.
Please predict whether the student will answer the next question involving concept ID=30 correctly.
Response with ‘Yes’ or ‘No’.

Table 8: The prompt templates for LLM-FTID

Type Template

1

The student has previously, in chronological order, answered question with ID=[qid74] involving
concept ID=[cid6] correctly, question with ID=[qid80] involving concept ID=[cid6] correctly, ...,
question with ID=[qid42] involving concept ID=[cid5] incorrectly. Please predict whether the student
will answer the next question with ID=[qid44] involving concept ID=[cid5] correctly. Response with
‘Yes’ or ‘No’.

2

The student has previously, in chronological order, answered question with ID=[qid3117] correctly,
question with ID=[qid2964] correctly, question with ID=[qid5627] incorrectly, ..., question with
ID=[qid5532] correctly. Please predict whether the student will answer the next question with
ID=[qid5707] correctly. Response with ‘Yes’ or ‘No’.

3

The student has previously, in chronological order, answered question involving concept ID=[cid15]
correctly, question involving concept ID=[cid15] correctly, question involving concept ID=[cid30]
incorrectly, ..., question involving concept ID=[cid30] correctly. Please predict whether the student will
answer the next question involving concept ID=[cid30] correctly. Response with ‘Yes’ or ‘No’.

Table 9: The prompt templates for LLM-FTTokenID

which shares the same backbone, the projector
modules (51.4 M, <0.8% of total parameters) add
moderate overhead (+26.6% training, +14.0% in-
ference). Nevertheless, this cost yields clear gains:
LLM-KT achieves 0.8884 average AUC, outper-
forming DKT by 14.85%, AKT by 10.29%, and
LLM-FTID by 3.3%. The dominant bottleneck is
the LLM’s autoregressive decoding, shared across
all LLM-based methods, and can be mitigated by
orthogonal techniques such as quantization.

F Prompt Templates

In this section, we provide detailed descriptions of
the prompt templates used for different datasets in
our study. These templates are designed to han-
dle various types of data and adapt to the specific
requirements of each dataset.

We introduce five distinct prompt templates:

• Type 1 (Combined Question and Concept
ID Template): Used for datasets with both
QIDs and CIDs, applicable to Assist2009 and
Nips2020.

• Type 2 (Question ID-Only Template): Used
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Type Template

4

In this task, we aim to determine whether the student can answer the question correctly based on the
student’s history record of academic exercises.
The student’s history record of academic exercises is given as follows:
1) How would this calculation be written? Pic290−0

A:8+(2÷5)=2 B:(8+2)÷5=2 C:8+2÷5=2 D:(8+2÷5)=2
Related knowledge concepts: Basic Arithmetic
The student answered this question correctly
2) Which symbol belongs in the box? Pic749−0

A:> B:< C:= D:≥
Related knowledge concepts: Basic Arithmetic
The student answered this question correctly
3) What is the output of this Function Machine? Pic836−0

A:10p B:7p C:5(p+2) D:5p+2
Related knowledge concepts: Writing Expressions
The student answered this question incorrectly
The target question is given as follows:
Tom and Katie are arguing about the result of this Function Machine: Pic856−0. Tom says the output is:
3n-12. Katie says the output is:3(n-4). Who is correct?
A:Only Tom B:Only Katie C:Both Tom and Katie D:Neither is correct
Related knowledge concepts: Writing Expressions
Please predict whether the student would answer the target question correctly. Response with ‘Yes’ or
‘No’.

5

The student has previously, in chronological order, answered question involving concept “Basic
Arithmetic" correctly, question involving concept “Basic Arithmetic" correctly, ..., question involving
concept “Basic Arithmetic" incorrectly, question involving concept “Basic Arithmetic" correctly, ...,
question involving concept “Ordering Negative Numbers" incorrectly, question involving concept
“Ordering Negative Numbers" correctly. Please predict whether the student will answer the next
question involving concept “Ordering Negative Numbers" correctly. Response with ‘Yes’ or ‘No’.

Table 10: The prompt templates for LLM-FTText

Table 11: Performance comparison across different LLM backbones. All settings use AKT as the sequence encoder
and the same LoRA configuration.

Backbone Assist2009 Assist2015 Junyi Nips2020
AUC ACC AUC ACC AUC ACC AUC ACC

LLaMA2-7B 0.8870 0.8168 0.9356 0.9185 0.9018 0.8294 0.8291 0.7561
Mistral-7B 0.8831 0.8195 0.9312 0.9147 0.8976 0.8312 0.8254 0.7498

exclusively for datasets with only QIDs, such
as Junyi.

• Type 3 (Concept ID-Only Template): Used
exclusively for datasets with only CIDs, like
Assist2015.

• Type 4 (Contextual Question Template): Used
for datasets with text associated with ques-
tions, applicable only to Nips2020.

• Type 5 (Contextual Concept Template): Used
for datasets with concept text, like Assist2009.

G Terminology Explanation

• QID (Question ID): The unique identifier for
each question, used to track and model the
sequence of a student’s answers.

• CID (Concept ID): The unique identifier for
the knowledge concept tied to each question.

• WrapQEmb (Wrapped Question Embed-
ding): The embedding formed by combining
the QID and the question’s text, leveraging
both identity and semantic content.

• WrapCEmb (Wrapped Concept Embedding):
Similar to ‘WrapQEmb’, but combines the
CID with the concept’s text.

• QidEmb (Question ID Embedding): An em-
bedding of the QID, used without the ques-
tion’s text in templates focused on identity.

• CidEmb (Concept ID Embedding): An em-
bedding of the CID, used without the con-
cept’s text in simpler templates.

• NextWrapQEmb (Next Wrapped Question
Embedding): The fused embedding for the
next QID, combining its ID and text similar
to ‘WrapQEmb’.
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Table 12: Cost–performance comparison on the Nips2020 dataset with batch size set to 1. “Trainable Params”
refers to the number of parameters updated during training. “Projector Params” indicates the additional parameters
introduced by our alignment modules. Training time is reported per epoch; inference latency is per sample.

Method Total Params Trainable Params Projector Params Train (s/epoch) Infer (ms/sample)

DKT 0.43 M 0.43 M — 674 16.6
AKT 4.18 M 4.18 M — 172 3.6
LLM-FTID 6.8 B 40.0 M — 2138 307

LLM-KT (Ours) 6.8 B 91.4 M 51.4 M 2706 350

• NextQidEmb (Next Question ID Embed-
ding): The next QID’s embedding, used with-
out the question’s text.

• NextWrapCEmb (Next Wrapped Concept
Embedding): The fused embedding for the
next CID, combining its ID and text.

• NextCidEmb (Next Concept ID Embedding):
The next CID’s embedding, used without the
concept’s text.
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