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Abstract

Knowledge tracing (KT) models students’ knowledge states
and predicts their future performance based on their histor-
ical interaction data. However, attention based KT models
struggle to accurately capture diverse forgetting behaviors
in ever-growing interaction sequences. First, existing models
use uniform time decay matrices, conflating forgetting repre-
sentations with problem relevance. Second, the fixed-length
window prediction paradigm fails to model continuous for-
getting processes in expanding sequences. To address these
challenges, this paper introduces LefoKT, a unified architec-
ture that enhances attention based KT models by incorporat-
ing proposed relative forgetting attention. LefoKT improves
forgetting modeling through relative forgetting attention to
decouple forgetting patterns from problem relevance. It also
enhances attention based KT models’ length extrapolation
capability for capturing continuous forgetting processes in
ever-growing interaction sequences. Extensive experimental
results on three datasets validate the effectiveness of LefoKT.

Code — https://pykt.org/

Introduction
Knowledge tracing (KT) aims to model and trace students’
knowledge states by analyzing their historical interaction
data to predict their performance on new questions (Corbett
and Anderson 1994; Piech et al. 2015; Abdelrahman, Wang,
and Nunes 2023), as illustrated in Figure 1. Such capabilities
play a key role in facilitating personalized instruction and
enhancing learning experiences, both of which are crucial to
next-generation intelligent education systems (Shehata et al.
2023).

Recently, attention mechanisms have achieved significant
success in natural language processing and graph analytics
(Vaswani et al. 2017; Luo et al. 2024) due to their capability
to capture long-term dependencies. This capability is crucial
in the KT task and has contributed to the development of
many attention based KT models. Furthermore, effectively
modeling students’ forgetting behaviors in educational set-
tings is crucial for KT task, as it implicitly affects the estima-
tion of student knowledge states. Some KT models leverage
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Figure 1: An illustration of the KT task.

attention mechanisms to model learning and forgetting pro-
cesses in student interaction sequences. For example, AKT
(Ghosh, Heffernan, and Lan 2020) and RKT (Pandey and
Srivastava 2020) combine attention mechanisms with for-
getting modeling by incorporating time decay matrices into
attention scores.

Although these attention based KT models have made
progress in capturing students’ forgetting behavior, chal-
lenges remain in accurately modeling the complex learn-
ing and forgetting processes. First, using time-decay matri-
ces to model students’ forgetting processes oversimplifies
complex forgetting patterns associated with different learn-
ing habits and conflates forgetting patterns with problem rel-
evance. Second, existing KT models that use fixed-length
windows during prediction truncate longer interaction se-
quences, which fails to trace students’ knowledge forgetting
over ever-growing learning sequences, as they lose crucial
information about students’ long-term knowledge retention
and gradual forgetting over time.

Taking the aforementioned challenges into account, we
propose the LefoKT framework to rethink the learning and
forgetting processes in attention based KT models. LefoKT
enhances the modeling of diverse forgetting behaviors and
improves prediction performance for ever-growing learning
sequences, enabling more accurate modeling of students’
long-term forgetting processes. Specifically, LefoKT inte-
grates relative forgetting attention (RFA) to capture chrono-
logical order and model multiple forgetting behaviors by
leveraging various temporal decay biases of relative posi-
tional encodings (RPEs). Furthermore, RFA can improve the
length extrapolation capability of LefoKT, which allows the
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model to trace students’ knowledge states across different
sizes of context windows in the attention mechanism (Press,
Smith, and Lewis 2022; Qin, Zhong, and Deng 2024). We
conduct experiments on three KT datasets, and the results
demonstrate that LefoKT enhances the forgetting modeling
capabilities of attention based KT models, maintaining sta-
ble prediction performance across varying sequence lengths.

Our contributions are three-fold:

• We introduce relative forgetting attention which effec-
tively captures varying forgetting patterns by incorporat-
ing different RPEs into attention scores.

• We propose LefoKT, a flexible forgetting-aware frame-
work that enhances learning and forgetting processes
modeling through relative forgetting attention.

• We comprehensively assess the effectiveness of LefoKT
framework in modeling student’ learning and forgetting
processes. Additionally, we reveal the implicit relation-
ship between forgetting process and length extrapolation.

Related Work
Attention Based Knowledge Tracing
Attention mechanisms have transformed the KT task by ag-
gregating information and capturing the dependencies in
students’ learning histories, leading to more accurate pre-
dictions of future performance (Li et al. 2024c). Pandey
et al. were the first to introduce dot-product attention to
extract knowledge states from students’ past learning his-
tory (Pandey and Karypis 2019). Since then, many atten-
tion based KT models have been developed. Choi et al.
used a Transformer based architecture to process a sequence
of student interactions and responses (Choi et al. 2020).
Ghosh et al. proposed a monotonic attention mechanism to
model students’ forgetting process (Ghosh, Heffernan, and
Lan 2020). Liu et al. utilized question-specific variations to
distinguish individual differences among questions testing
the same knowledge sets (Liu et al. 2023). Yin et al. used
a Transformer based model with a two-level framework to
realize stable knowledge state estimation (Yin et al. 2023).

Forgetting Modeling in Knowledge Tracing
Modeling student forgetting behaviors is crucial for accurate
knowledge tracing, as it reflects the natural decay of knowl-
edge over time and impacts prediction accuracy. Many stud-
ies have aimed to explore more effective ways to capture for-
getting factors. Some KT models capture implicit features
of students’ forgetting behaviors from the time intervals
of previous interactions and response time, such as DKT-
Forget (Nagatani et al. 2019), SAINT (Choi et al. 2020), and
HawkesKT (Wang et al. 2021). Another effective approach
is to exploit the recurrent mechanism, which inherently con-
sists of a forgetting gate, to capture forgetting features, such
as LPKT (Shen et al. 2021) and LBKT (Li et al. 2024d).
Furthermore, inspired by the Ebbinghaus forgetting curve in
psychology, some researchers introduce exponential decay
to model forgetting behaviors, such as AKT (Ghosh, Heffer-
nan, and Lan 2020) and RKT (Pandey and Srivastava 2020).

Relative Positional Encodings
Positional encodings (PEs) play a crucial role in incorpo-
rating temporal information into sequence modeling tasks.
Among various PEs, RPEs have emerged as the main-
stream approach due to their flexibility and effectiveness in
capturing sequence order (Kazemnejad et al. 2023). Vari-
ous RPE methods have been proposed in recent literature.
T5 bias integrates no explicit position information into the
self-attention value vectors by adding a shared learnable
bias to query-key scores (Raffel et al. 2020). ALiBi pro-
vides positional information by applying a linear penalty to
query-key attention scores, proportional to their relative dis-
tances (Press, Smith, and Lewis 2022). KERPLE uses shift-
invariant conditionally positive definite kernels, including
power-based and logarithmic-based variants, to model rel-
ative position differences (Chi et al. 2022). FIRE enhances
Transformer extrapolation to longer sequences by using a
learnable mapping function and a progressive interpolation
technique that adapts to sequence length (Li et al. 2024a).
Sandwich applies a simplified version of sinusoidal posi-
tional encoding to create a log-decaying temporal bias pat-
tern in attention scores (Chi et al. 2023).

Methodology
In this section, we first describe the KT task. We then rethink
forgetting modeling in attention based KT models and pro-
pose a novel relative forgetting attention via RPEs. Finally,
we introduce the components of LefoKT framework.

Problem Definition
The objective of KT tasks is to predict the probability of a
student correctly answering an upcoming question based on
their historical exercise sequences. Each historical sequence,
denoted as Xt = ⟨x1, x2, . . . , xt⟩, consists of interactions
xi = (qi, {c}, ri, ti), where qi is the question ID, {c} is
the set of knowledge components (KCs) related to question
qi, ri is the response correctness (1 for correct, 0 for incor-
rect), and ti is the time step of the response. A KC is a
description of a mental structure or process that a learner
uses, alone or in combination with other KCs, to accom-
plish steps in a task or a problem1. We estimate probability
r̂t+1 = p (rt+1 = 1 | Xt, qt+1), where r̂t+1 is the likelihood
of correctly answering question qt+1.

Rethinking Forgetting Modeling in Attention
Based Knowledge Tracing Models
Revisiting Self-attention Self-attention mechanisms in
KT enable models to focus on relevant historical interac-
tion within input sequences, representing student interac-
tions with questions and KCs. As shown in Figure 2(a), these
KT models use attention weights to measure the impor-
tance of past interactions for predicting future performance.
Formally, the input interactions are represented by matrices
Q,K,V ∈ Rn×d, where n is the interaction length and d is
the feature dimension. In a multi-head attention setup, these

1A KC is a generalization of everyday terms like concept, prin-
ciple, fact, or skill.
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Figure 2: Overview of the forgetting modeling in attention based KT models and RFA module. For simplicity, only single-head
operations are illustrated.

matrices are projected into h different subspaces, where for
each head l, the attention mechanism computes the attention
scores and produces the student knowledge state representa-
tion as follows:
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where A denotes the attention function for the l-th head, SF
is the softmax operation, and Q
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j are the query,

key, and value vectors for the l-th head, with dk = d/h being
the scaling factor. The trainable weight matrices are W
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W
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V ∈ Rdk×dk . In eq.(1), ∥ concatenates the outputs
from h heads to form the final representation O ∈ Rn×d.

Relative Forgetting Attention Attention based KT mod-
els have advanced in integrating forgetting mechanisms.
However, some models like RKT (Pandey and Srivastava
2020) and AKT (Ghosh, Heffernan, and Lan 2020) still ex-
hibit limitations. These KT models often conflate question-
related factors with forgetting behaviors and rely on fixed
exponential decay functions to model forgetting processes,
which may not fully capture complex forgetting patterns in
students’ learning processes.

To capture complex forgetting patterns, we propose an
RFA module, with an overall implementation illustrated in
Figure 2(d). It decouples the modeling of forgetting from
question-specific factors by incorporating flexible temporal
decaying biases via RPEs. RFA enables the KT model to
adapt to a variety of forgetting patterns, including linear and
exponential decay; reflecting differences in students’ forget-
ting behaviors depending on their learning habits and con-
texts (Bailey 1989; Fisher and Radvansky 2022). Specifi-
cally, RFA implements a distance-aware relative forgetting
attention score RFA for l-th head, which is defined as:
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where B
(l)
i,j is the causal distance decay matrix that mod-

els forgetting behavior, derived from the RPE function
F(i, j). We implement six different RPEs as specific forms
of F(i, j), summarized in Table 1. These RPEs model for-
getting by relative distance and further adjust the decay rate
of the attention scores to capture various forgetting patterns,
allowing the model to adapt to different forgetting behaviors.

RPEs F(i, j)
T5 Bias bbucket(i− j)
ALiBi 1

2h/2 · |i− j|
KERPLE-Log −r1 log(1 + r2|i− j|)

KERPLE-Power −r1|i− j|r2

Sandwich r1
∑r2
k=1 cos

(
(i−j)

10000k/r2

)
FIRE fθ

(
ψ(i−j)

ψ(max{L,i})

)
Table 1: Implementations of F(i, j) by different RPEs,
where i and j represent the query and key indexes.

First, RFA incorporates a temporal decay bias B
(l)
i,j , im-

plemented through RPEs F(i, j) that capture relative dis-
tances between interactions. By utilizing these position-
aware decay biases, RFA adapts to various temporal rela-
tionships in the sequence, thereby capturing diverse forget-
ting patterns. Furthermore, RFA can adjust various forget-
ting rates simultaneously through multi-head mechanism.
Figure 3(a) demonstrates how different RPEs model forget-
ting patterns: the orange curve represents exponential for-
getting, while the blue curve shows linear forgetting. The
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Figure 3: (a) RFA for forgetting modeling; (b) Comparison
of decay patterns in KT length extrapolation.

solid and dotted lines for each curve illustrate how differ-
ent attention heads adjust these forgetting rates. This multi-
head approach enables RFA to adapt to diverse forgetting be-
haviors observed in real-world learning scenarios. To incor-
porate these different forgetting patterns into the attention
mechanism, RFA combines decay bias matrices with atten-
tion score matrices. The final output of RFA is then com-
puted by aggregating the outputs from all attention heads:

ORFA =∥hl=1

(
RFA(Q

(l)
i ,K

(l)
j )V

(l)
j W

(l)
V

)
(2)

where ORFA denotes the interaction representation after for-
getting modeling.

In addition to forgetting modeling abilities, the RFA mod-
ule also enhances length extrapolation for KT models across
ever-growing sequence lengths. Traditional KT models are
trained on fixed-length truncated windows and inevitably
lose critical information about long-term forgetting, limit-
ing their ability to model students’ extended forgetting be-
haviors in longer sequences. By leveraging RPEs, the decay
biases ensure that the decay rates generated remain consis-
tent regardless of prediction sequence length, as they depend
solely on relative distances. As illustrated in Figure 3(b),
decay biases exhibit identical attenuation trends for both
short sequences used in training and longer sequences en-
countered during prediction. This allows the KT model to
maintain uniform forgetting dynamics across varying pre-
diction lengths, enabling accurate predictions for extended
interaction histories. RFA improves KT model’s ability to
model long-term forgetting in real-world educational sce-
narios, where interaction sequences are growing and have
inconsistent length distributions.

Please note that while attention based KT models that fo-
cus on forgetting, such as AKT and RKT, use a temporal de-
cay to capture forgetting (as shown in Figure 2 (b) and (c)),
they tend to conflate problem-relevant factors with forget-
ting behaviors and rely on exponential decay pattern. These
approaches may oversimplify the complexity of forgetting
patterns in the learning process and are often limited to cap-
turing forgetting within fixed-length windows, struggling to
adapt to varying sequence lengths. In contrast, as shown
in Figure 2(d), the RFA module separates forgetting from
problem-specific factors via RPEs, which more accurately

captures a wide range of forgetting patterns while enabling
effective prediction of ever-growing interaction sequences.

The LefoKT Framework
The architecture of the LefoKT framework is composed
of the input representation, RFA module, point-wise feed-
forward network and prediction layer.

Input Representation In educational scenarios, the num-
ber of student interactions (such as responses to questions)
typically far exceeds the number of KCs. Therefore, we
adopt a method that converts the question-response format
into a KC-response format. This transformation allows for
efficient learning and fair comparisons for sparse problem-
response KT data. We use an embedding layer to obtain
representations of questions E ∈ Rn×d and interactions
I ∈ Rn×d. For the t-th sequence, Et and It are represented
as:

Et = EncQ(ct, qt); It = EncI(ct, qt, rt)

where EncQ and EncI are encoding functions for questions
and interactions respectively.

RFA Module To model interaction relations and forget-
ting behaviors in a sequence of student interactions, we
introduce RFA attention into the LefoKT framework. The
RFA module captures dependencies in the student’s continu-
ous learning interactions while modeling multiple forgetting
behaviors over time. The forgetting-aware attention output
ORFA ∈ Rt×d is computed based on the RFA mechanism
defined in eq.(2), with the following input matrices:

Q = E1:t; K ∈ {E1:t, I1:t}; V = I1:t

where query and value matrices Q,V ∈ Rt×d are formed
from the question embeddings and interaction representa-
tions respectively, while the key matrix K ∈ Rt×d can be
constructed from either representation. Here, t denotes the
length of the interaction sequence, E1:t = [E1, · · · ,Et] and
I1:t = [I1, · · · , It] denote question and interaction represen-
tations, respectively.

Point-wise Feed-Forward Network In the KT task, ef-
fectively modeling the intricate relationships within student
interaction sequences is essential. To enhance this capabil-
ity, we incorporate a point-wise feed-forward network fol-
lowing the RFA output. This layer introduces non-linearity
to the model, allowing it to capture more sophisticated pat-
terns in student learning sequences. It transforms the RFA
module output through a series of operations:

Õ = (Dropout (ϕ (ORFAW1 + b1))W2 + b2)

H = LayerNorm
(
ORFA +Dropout

(
Õ
))

where W1,W2 ∈ Rd×d and b1,b2 ∈ Rd are learnable pa-
rameters, ϕ is ReLU function, and H is the final interaction
output.
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Prediction Layer After obtaining the output, the knowl-
edge state Ht+1 for the next question Qt+1 at time step t+1
is calculated. Subsequently, the final predicted response r̂t+1

is generated by the prediction layer. We use a two-layer fully
connected network to capture the complex nonlinear rela-
tionship between the output representations. The network is
optimized by minimizing the binary cross-entropy loss be-
tween the actual response rt+1 and the predicted response
r̂t+1. We can represent the process as follows:

r̂t+1 = σ (ϕ (W2 · ϕ (W1 · [Ht+1;Qt+1] + b1) + b2))

L = −
∑
t

(rt+1 · log r̂t+1 + (1− rt+1) · log (1− r̂t+1))

where σ denotes Sigmoid function. W1,W2,b1,b2 are
trainable parameters and L represents the binary cross-
entropy loss function.

Experiments
Datasets
We selected three widely used benchmark datasets to evalu-
ate the performance of LefoKT model. The dataset statistics
are summarized in Table 2. These datasets are as follows:

• Algebra 2005-2006 (AL2005): The AL2005 dataset is
sourced from the KDD Cup 2010 EDM Challenge, which
features interactions of 13-14 year-old students with Al-
gebra questions. It provides detailed step-level responses
from students to mathematical problems (Stamper and
Pardos 2016). In our experiment, we used the concate-
nation of the problem name and step name to create a
unique identifier for each question.

• Bridge to Algebra 2006-2007 (BD2006): The BD2006
dataset contains mathematical problems from the inter-
action logs of students using intelligent tutoring systems
(Stamper and Pardos 2016). We used the same method as
AL2005 to construct unique question identifiers.

• NeurIPS2020 Education Challenge (NIPS34): The
NIPS34 dataset is provided by the NeurIPS 2020 Edu-
cation Challenge and includes data from Task 3 and 4
(Wang et al. 2020). It contains responses from students
who answered mathematics questions on Eedi, a global
platform with millions of daily interactions.

Dataset # of interactions # of students # of questions # of KCs

AL2005 607,021 574 173,113 112
BD2006 1,817,458 1,145 129,263 493
NIPS34 1,382,678 4,918 948 57

Table 2: Data statistics of three widely used KT datasets.

Baselines
We compare our model with the following baselines: (1)
forgetting KT models: DKT-Forget (Nagatani et al. 2019),
HawkesKT (Wang et al. 2021), and LPKT (Shen et al.

2021); (2) attention based KT models: SAKT (Pandey and
Karypis 2019), SAINT (Choi et al. 2020), simpleKT (Liu
et al. 2023), sparseKT (Huang et al. 2023), and DTrans-
former (Yin et al. 2023); and (3) forgetting attention based
KT models: AKT (Ghosh, Heffernan, and Lan 2020) and
RKT (Pandey and Srivastava 2020); (4) other KT models:
DKT (Piech et al. 2015), DKVMN (Zhang et al. 2017) and
DIMKT (Shen et al. 2022). We also consider some variants
of attention based KT models that do not include forgetting
mechanisms (RKT-NF and AKT-NF).

Experimental Settings
To fairly compare with state-of-the-art KT models, we per-
form standard 5-fold cross-validation for all combinations
of models and datasets. We use early stopping when per-
formance does not improve after 10 epochs. We utilize the
Adam optimizer to train the models up to 200 epochs. We
adopt the Bayesian search method to find the best hyperpa-
rameters.

The embedding dimension, the hidden state dimension,
and the dimensions of the two prediction layers are set to
values in the range [64, 256]. The learning rate, dropout rate,
and random seed are set within the range [1e-3, 1e-4, 1e-
5]; [0.05, 0.1, 0.3, 0.5]; and [42, 3407], respectively. Similar
to existing works (Piech et al. 2015; Ghosh, Heffernan, and
Lan 2020; Liu et al. 2022), we use the AUC and accuracy as
evaluation metrics. Furthermore, when evaluating the length
extrapolation of KT models, all models are trained on inter-
action sequences with the fixed length of 200 and evaluated
on sequences with lengths at 200, 400, 600, 800 and 1000,
respectively. All the experiments are conducted on GeForce
RTX 4090 GPUs.

Results
We provide experiments and analyses to demonstrate the ef-
fectiveness of the proposed LefoKT model. Insights, find-
ings, and observations are summarized as follows.

Observation 1. Modeling forgetting behavior greatly af-
fects KT models. Attention based KT model with for-
getting mechanisms, i.e. AKT, is still competitive. Ta-
ble 3 summarizes the AUC and accuracy performance re-
sults. From Table 3, we find the following results: (1) Mod-
eling forgetting behavior improves AUC and accuracy per-
formance of RKT and AKT. For example, RKT outperforms
RKT-NF in AUC performance by 0.48%, 0.83% and 0.75%
on the AL2005, BD2006 and NIPS34 datasets, respectively.
Similarly, AKT outperforms AKT-NF by 1.27%, 0.89% and
0.13% on the AL2005, BD2006 and NIPS34 datasets, re-
spectively. This is because RKT employs a kernel func-
tion with an exponentially decaying curve to model student
forgetting behavior, while AKT integrates a novel mono-
tonic attention mechanism. Although the methods of mod-
eling student forgetting behavior vary, they all achieve per-
formance improvements. (2) AKT outperforms nearly all
other methods on the AL2005 and BD2006 datasets and
remains competitive on the NIPS34 dataset. For example,
AKT surpasses the second-best LPKT by 0.38% in AUC
performance on the AL2005 dataset and outperforms the
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Model
AL2005 BD2006 NIPS34

AUC ACC AUC ACC AUC ACC

DKT 0.8149±0.0011 0.8097±0.0005 0.8015±0.0008 0.8553±0.0002 0.7689±0.0002 0.7032±0.0004
DKT-Forget 0.8147±0.0013 0.8090±0.0005 0.7985±0.0013 0.8536±0.0004 0.7733±0.0003 0.7076±0.0002
HAWKES 0.8210±0.0012 0.8115±0.0009 0.8068±0.0010 0.8559±0.0005 0.7767±0.0010 0.7110±0.0007
DKVMN 0.8054±0.0011 0.8115±0.0009 0.7983±0.0009 0.8545±0.0002 0.7673±0.0004 0.7016±0.0005
LPKT 0.8268±0.0004 0.8154±0.0008 0.8056±0.0008 0.8547±0.0005 0.8004±0.0003 0.7309±0.0006
DIMKT 0.8277±0.0009 0.8109±0.0005 0.8167±0.0008 0.8579±0.0001 0.8030±0.0002 0.7312±0.0005
SAKT 0.7899±0.0036 0.7965±0.0019 0.7739±0.0015 0.8460±0.0004 0.7525±0.0009 0.6884±0.0009
SAINT 0.7715±0.0018 0.7755±0.0012 0.7791±0.0018 0.8445±0.0013 0.7895±0.0009 0.7204±0.0009
sparseKT 0.8120±0.0018 0.8000±0.0009 0.8094±0.0005 0.8563±0.0003 0.7997±0.0005 0.7287±0.0003
DTransformer 0.8188±0.0025 0.8043±0.0021 0.8093±0.0009 0.8555±0.0007 0.7994±0.0003 0.7295±0.0007
simpleKT 0.8254±0.0014 0.8067±0.0011 0.8151±0.0006 0.8567±0.0010 0.8035±0.0000 0.7328±0.0001

RKT-NF 0.7713±0.0005 0.7922±0.0017 0.7548±0.0043 0.8434±0.0007 0.7891±0.0004 0.7198±0.0004
RKT 0.7761±0.0010 0.7964±0.0021 0.7631±0.0013 0.8468±0.0005 0.7966±0.0011 0.7264±0.0010
AKT-NF 0.8179±0.0025 0.8037±0.0019 0.8119±0.0007 0.8573±0.0004 0.8020±0.0005 0.7312±0.0002
AKT 0.8306±0.0019 0.8124±0.0011 0.8208±0.0007 0.8587±0.0005 0.8033±0.0003 0.7323±0.0005

Table 3: The performance comparisons of KT models on three datasets.

Model
AL2005 BD2006 NIPS34

AUC ACC AUC ACC AUC ACC

LefoKTRKT 0.7761±0.0010 0.7964±0.0021 0.7631±0.0013 0.8468±0.0005 0.7966±0.0011 0.7264±0.0010
LefoKTRKT-NF+ALiBi 0.7716±0.0008 0.7914±0.0007 0.7567±0.0045 0.8416±0.0046 0.7883±0.0006 0.7188±0.0007
LefoKTRKT-NF+KERPLE-Log 0.7856±0.0009 0.8010±0.0008 0.7736±0.0019 0.8467±0.0005 0.7999±0.0002 0.7296±0.0002
LefoKTRKT-NF+KERPLE-Power 0.7857±0.0005 0.8013±0.0008 0.7740±0.0019 0.8466±0.0004 0.8003±0.0004 0.7297±0.0009
LefoKTRKT-NF+T5 0.7753±0.0008 0.7962±0.0005 0.7587±0.0026 0.8428±0.0025 0.7965±0.0005 0.7266±0.0006
LefoKTRKT-NF+FIRE 0.7835±0.0011 0.8005±0.0009 0.7739±0.0010 0.8475±0.0005 0.8000±0.0001 0.7295±0.0007
LefoKTRKT-NF+SandWich 0.7829±0.0014 0.8000±0.0015 0.7710±0.0010 0.8460±0.0012 0.7985±0.0004 0.7284±0.0004

LefoKTAKT 0.8306±0.0019 0.8124±0.0011 0.8208±0.0007 0.8587±0.0005 0.8033±0.0003 0.7323±0.0005
LefoKTAKT-NF+ALiBi 0.8317±0.0021 0.8110±0.0009 0.8247±0.0006 0.8605±0.0012 0.8045±0.0003 0.7340±0.0004
LefoKTAKT-NF+KERPLE-Log 0.8276±0.0012 0.8115±0.0015 0.8230±0.0016 0.8603±0.0010 0.8040±0.0010 0.7333±0.0009
LefoKTAKT-NF+KERPLE-Power 0.8258±0.0022 0.8094±0.0018 0.8207±0.0013 0.8588±0.0011 0.8041±0.0011 0.7338±0.0009
LefoKTAKT-NF+T5 0.8260±0.0029 0.8073±0.0019 0.8201±0.0017 0.8589±0.0009 0.8035±0.0003 0.7326±0.0005
LefoKTAKT-NF+FIRE 0.8221±0.0008 0.8097±0.0009 0.8116±0.0007 0.8559±0.0005 0.8027±0.0005 0.7319±0.0007
LefoKTAKT-NF+SandWich 0.8275±0.0024 0.8100±0.0020 0.8234±0.0019 0.8600±0.0012 0.8037±0.0009 0.7334±0.0008

Table 4: The performance of attention based KT models with different RPEs.

second-best SimpleKT by 0.57% in AUC performance on
the BD2006 dataset. In this paper, we mainly focus on how
to better model student forgetting behavior to improve the
performance of attention based KT models.

While the increases in AUC and accuracy shown in Ta-
ble 3 are less than 1% compared to the best baseline across
the three datasets, this improvement is noteworthy. Recent
benchmark studies indicate that many reported performance
gains are questionable due to flawed evaluation practices
(Liu et al. 2022). Their study showed that since 2015, there
was only a 3.5% improvement in overall KT prediction per-
formance. Our study strictly adheres to their evaluation pro-
tocol and involves an exhaustive hyperparameter search for
each baseline to ensure fair and reliable comparisons.

Observation 2. RPEs significantly improve attention
based KT models performance. To thoroughly explore
the impact of RPEs on attention based KT models, we
conduct experiments using the LefoKT framework. We

select RKT, RKT-NF, AKT, and AKT-NF as special
cases of LefoKT, naming them LefoKTRKT, LefoKTRKT-NF,
LefoKTAKT, and LefoKTAKT-NF, respectively.

Table 4 summarizes the performance results. From Table
4, we find that incorporating different RPEs into attention
based KT models without the corresponding forgetting mod-
ule can significantly improve performance compared to at-
tention based KT models with the forgetting module. For ex-
ample, LefoKTRKT-NF with KERPLE-Log, KERPLE-Power,
FIRE, and SandWich each outperforms LefoKTRKT (with
a forgetting module) in AUC performance on the AL2005
dataset. Similarly, LefoKTAKT-NF with ALiBi, KERPLE-
Log, and SandWich each outperforms LefoKTAKT (with a
forgetting module) in AUC performance on the BD2006
dataset. Among them, LefoKTRKT-NF with KERPLE-Power
and LefoKTAKT-NF with ALiBi perform best. The AUC per-
formance of LefoKTRKT-NF with KERPLE-Power is 0.96%
higher than LefoKTRKT, while the AUC performance of
LefoKTAKT-NF with ALiBi is 0.11% higher than LefoKTAKT.
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Figure 4: Extrapolation performance comparison for various prediction lengths across three datasets.

We hypothesize that this might be because RPEs can, to
some extent, also model forgetting behavior. Subsequent ex-
periments confirmed our hypothesis.

Observation 3. RPEs essentially model student forgetting
behavior and are more effective than other methods of
modeling forgetting behavior. Both KERPLE-Power and
ALiBi inject positional information into attention scores by
adding temporal biases. To intuitively understand what in-
formation is being injected, we visualize the values of the
last row of the bias matrices for KERPLE-Power and ALiBi.
As shown in Figure 5, the different colored curves represent
different attention heads. We can find that the normalized de-
cay rates differ across different heads. For KERPLE-Power,
there is an exponential decay pattern, whereas for ALiBi,
there is a linear decay pattern. According to psychological
research (Wixted and Ebbesen 1991; Fisher and Radvansky
2022), students exhibit the different forgetting behavior and
rate in various learning contexts. When the learning content
is complex, forgetting follows an exponential pattern, while
when the content is simpler, it follows a linear pattern. RPEs
essentially model the various forgetting behavior.

Figure 5: Comparison of different forgetting decay patterns.

To further verify our hypothesis that RPEs effectively
model forgetting behavior, we incorporated RPEs into
LefoKTRKT and LefoKTAKT, both of which include expo-
nential forgetting modules. We theorized that if RPEs indeed
modeled forgetting, combining them with dedicated forget-
ting modules would lead to attention entropy redundancy or
interference. The results in Table 5 support this hypothesis:
adding RPEs to models with forgetting modules decreased
performance. This suggests that RPEs and existing forget-
ting modules likely capture similar information, resulting in
overfitting or feature redundancy. The performance decline
further confirms that RPEs effectively model student forget-
ting, more efficiently than existing methods.

Model AL2005 BD2006 NIPS34
LefoKTRKT 0.7761±0.0010 0.7631±0.0013 0.7966±0.0011

LefoKTRKT-NF+K-P 0.7857±0.0005 0.7740±0.0019 0.8003±0.0004
LefoKTRKT+K-P 0.7837±0.0008 0.7735±0.0014 0.8000±0.0002

LefoKTAKT 0.8306±0.0019 0.8208±0.0007 0.8033±0.0003
LefoKTAKT-NF+ALiBi 0.8317±0.0021 0.8247±0.0006 0.8045±0.0003

LefoKTAKT+ALiBi 0.8310±0.0010 0.8199±0.0008 0.8032±0.0002

Table 5: Ablation experiments of forgetting module. K-P is
KERPLE-Power.

Observation 4. The proposed LefoKT model also demon-
strates an excellent capability of length extrapolation.
The ability of length extrapolation enables attention based
KT models to train on short interaction sequences and con-
tinue to perform well across longer sequences at the pre-
diction stage, which is a significant challenge to atten-
tion based KT models (Press, Smith, and Lewis 2022; Li
et al. 2024b). To evaluate this ability, we train LefoKTAKT,
LefoKTAKT-NF and LefoKTAKT-NF+ALiBi on student inter-
action sequences of length 200 and evaluate them on se-
quences of length 200, 400, 600, 800 and 1000, respectively.
As shown in Figure 4, we observe that LefoKT model main-
tains stable AUC performance with longer sequences, while
LefoKTAKT-NF and LefoKTAKT exhibit varying degrees of
performance drop. This indicates that our LefoKT model (
LefoKTAKT-NF+ALiBi) exhibits strong ability of length ex-
trapolation. This length extrapolation ability of LefoKT can
be attributed to the introduction of RPEs. As sequence length
increases, RPEs enable attention scores to attenuate, effec-
tively modeling the forgetting process by focusing on nearby
interactions and gradually discounting distant ones.

Conclusion
In this paper, we introduce LefoKT, a flexible and forgetting-
aware framework that uses relative forgetting attention to
capture chronological order and model time-dependent for-
getting patterns. LefoKT also enables length extrapola-
tion across varying sequence lengths, effectively capturing
students’ long-term forgetting behavior over ever-growing
learning sequences. Experiments on three KT datasets
demonstrate LefoKT’s improved performance compared to
baseline methods, particularly in modeling students’ long-
term forgetting processes.
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