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Abstract

This paper proposes extended Long Short-Term Memory
(LSTM) networks for the knowledge tracing task and em-
ploys explainable Al methods to address interpretability is-
sues. Specifically, we developed an extended LSTM-based
model to automatically diagnose students’ knowledge states.
We then leveraged three interpreting methods—gradient sen-
sitivity, gradient*input, and Deep SHAP—to explain the
model’s predictions by computing input contributions. The
results demonstrate that the proposed model outperforms
DKT, and the three methods effectively explain its predic-
tions. Additionally, we identified three key insights into the
model’s working mechanisms.

Introduction

Knowledge tracing (KT) involves leveraging students’ se-
quential exercise-answer records and applying machine
learning methods to model students’ knowledge states and
predict their performance on future exercises. This technique
has been integrated into intelligent tutoring systems to facil-
itate personalized learning. Initially, researchers employed
Markov chains and logistic regression to construct KT mod-
els (e.g., Bayesian knowledge tracing and performance fac-
tor analysis) for assessing students’ knowledge levels in var-
ious skills. Despite the development of multiple variants
aimed at better aligning with students’ exercise data, these
models still exhibited performance limitations.
Subsequently, deep neural networks, such as recurrent
neural networks, attention mechanisms, and graph neural
networks, have been introduced to the KT domain and have
garnered significant attention from researchers due to their
superior ability to capture and represent inherent informa-
tion. Among these deep learning-based KT models, deep
knowledge tracing (DKT) (Piech et al. 2015) is recognized
as a pioneering model. DKT utilized the long short-term
memory (LSTM) network to encode learners’ sequential
exercise-answer data, model their knowledge states, and
forecast their future performance. In comparison to tra-
ditional KT models, DKT demonstrated substantially im-
proved performance and could be employed to infer skill
relationships (Piech et al. 2015). However, criticisms regard-
ing DKT’s inner LSTM structure, have emerged, including
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its use of a memory vector to summarize knowledge states
across all skills and its inefficiency in model training.

As highlighted by Beck et al. (2024), LSTMs face chal-
lenges such as an inability to revise storage decisions due to
the sigmoid gate structure, limited storage capabilities be-
cause of the scalar memory vector, and a lack of paralleliz-
ability due to memory mixing. To tackle these issues, Beck
et al. (2024) proposes the utilization of exponential gating
and novel memory structures, leading to the extension of
the original LSTM into sLSTM, mLSTM, and xLSTM ar-
chitectures. The xXLSTMs have been evaluated in language
modeling tasks and have demonstrated comparable perfor-
mance to state-of-the-art Transformers. However, it remains
uncertain whether these extended LSTMs can effectively ad-
dress the KT task. Furthermore, the inherent black box na-
ture of deep neural networks raises concerns related to inter-
pretability and trust, a challenge that also applies to extended
LSTMs for knowledge tracing.

Therefore, this study advocates for the use of extended
LSTMs to develop a novel KT model (i.e., SLSTM-KT)
for evaluating students’ knowledge states. Additionally, the
study employs explainable Al techniques to elucidate the
model’s functioning and provide users with insights into the
process of knowledge state diagnosis, aiming to enhance
user trust and acceptance in practical applications.

Method

Model Structure. Given a sequence of a student’s exercise-
answer records, denoted as {(e1, a1), ..., (én, an)}, where ¢;
and a; represent the exercise and the correctness of the an-
swer at time step ¢, SLSTM-KT aims to predict the learner’s
probability of answering question e,,; correctly. The un-
derlying principle of the SLSTM-KT model is illustrated in
the following equations. Different from traditional LSTM
employing the sigmoid function, the SLSTM unit leverages
an exponential function to regulate the input gate, as de-
picted in Equation (2). This modification renders the gate
more sensitive to new input and better revises stored mem-
ory. Given that the exponential function may generate large
values causing overflows, the extended LSTM stabilizes the
input and forget gates by introducing an additional state my,
as shown in Equations (3), (4), and (5). Furthermore, a nor-
malizer state n; is incorporated to normalize the exponen-
tiated cell state CY, as illustrated in Equations (8) and (9).



More comprehensive technical details can be seen in Beck
et al. (2024). Due to page constraints, we focus on the con-
struction and explanation of the SLSTM for knowledge trac-
ing, rather than providing an exhaustive account of all ex-
tended LSTMs (e.g., mLSTM and xLSTM).
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Model Training. We employ the ASSISTment2009
dataset to construct the SLSTM-KT model. The ASSIST-
ment2009 dataset comprises 325,637 exercise records from
4,151 students, spanning 110 skills. In accordance with pre-
vious research guidelines, this study conducts a 5-fold cross-
validation, implements early-stopping, and configures the
optimizer, batch size, and hidden state dimension as Adam,
100, and 200, respectively. DKT is also trained using these
metrics as a baseline.

Model Explanation. Three generic explainable Al meth-
ods — Gradient Sensitivity (GS) (Li et al. 2015), Gra-
dient*Input (GI) (Kindermans et al. 2019), and Deep
SHAP (Lu et al. 2024; Wang et al. 2022) — are employed to
elucidate the knowledge state diagnosis from sLSTM-KT by
computing the contributions of each exercise-answer record.
The higher the contribution of an exercise-answer record, the
more significant it is to the prediction.

Preliminary Experiments and Results

Following a 5-fold cross-validation on the ASSIST-
ment2009 dataset, the SLSTM-KT model achieved an Area
Under the Curve (AUC) score of 0.7523 and an accuracy
of 0.7202. In comparison, the DKT model attained an AUC
score of 0.7481 and an accuracy of 0.7192. These prelimi-
nary results demonstrate that SLSTM-KT outperforms DKT
slightly in both AUC and accuracy metrics, partially sug-
gesting that the extended LSTM architecture is effective for
KT tasks.

To explore the working mechanism of sLSTM-KT, we
first employ three interpreting methods to compute the con-
tribution of each input exercise-answer pair to the predic-
tion. Specifically, we divide the test data into sequences of
length 15, predict learners’ performance on the last exercise
of each sequence, and calculate the contribution of preced-
ing exercise-answer pairs. To validate whether these contri-
butions reflect the pairs’ importance to the prediction, we
select correctly-predicted sequences and sequentially delete
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exercise-answer pairs based on their contribution value, one
by one, until eight pairs are removed. We also perform a ran-
dom deletion for comparison. As shown in Figure 1, com-
pared to random deletion, removal based on contribution
value significantly reduces accuracy from 1, validating the
effectiveness of the explanations.
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Figure 1: Accuracy change when deleting exercise records
from initially correctly predicted sequences.

Using the explanations from Deep SHAP, we exam-
ine how sLSTM-KT evaluates learners’ knowledge states.
Given the input sequence of exercise-answer pairs, we as-
sign each pair a three-tuple value: (correctness, skill, posi-
tion). Each element in the tuple is binary: correct or wrong,
target skill or non-target skill, and close or far. Correc-
t/wrong indicates the answer’s accuracy, target/non-target
denotes alignment with the skill of the last exercise, and
close/far represents whether the pair is among the last 7
pairs or the previous 7. This categorizes exercise pairs into
8 groups. We calculate the mean absolute value for these
groups, as shown in Figure 2, yielding the following in-
sights: 1. When skill and position are the same, incorrect
pairs likely contribute more than correct ones; 2. When cor-
rectness and position are the same, pairs on target skills con-
tribute more than those on non-target skills; 3. When cor-
rectness and skill are the same, close pairs contribute more
than distant ones.
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Figure 2: Average contributions among eight groups.
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