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Abstract

Knowledge tracing (KT) involves using the historical records
of student-learning interactions to anticipate their perfor-
mance on forthcoming questions. Central to this process is the
modeling of human cognition to gain deeper insights into how
knowledge is acquired and retained. Human cognition is char-
acterized by two key features: long-term cognitive trends, re-
flecting the gradual accumulation and stabilization of knowl-
edge over time, and short-term cognitive fluctuations, which
arise from transient factors such as forgetting or momen-
tary lapses in attention. Although existing attention-based KT
models effectively capture long-term cognitive trends, they
often fail to adequately address short-term cognitive fluctu-
ations. These limitations lead to overly smoothed cognitive
features and reduced model performance, especially when
the test data length exceeds the training data length. To ad-
dress these problems, we propose FlucKT, a novel short-
term cognitive fluctuations enhanced attention network for
KT tasks. FlucKT improves the attention mechanism in two
ways: First, by using a decomposition-based layer with causal
convolution to separate and dynamically reweight long-term
and short-term cognitive features. Second, by introducing a
kernelized bias attention score penalty to enhance focus on
short-term fluctuations, improving length generalization ca-
pabilities. Our contributions are validated through extensive
experiments on three real-world datasets, demonstrating sig-
nificant improvements in length generalization and prediction
performance.

Code — https://pykt.org/
Extended version — https://pykt.org/

Introduction
Knowledge tracing (KT) is a sequential prediction task that
leverages students’ historical learning interaction data to
forecast their performance on future questions. The essence
of KT lies in modeling human cognitive behaviors to deepen
understanding of cognitive processes. Consequently, ad-
dressing the KT task enables teachers to more effectively
guide students who need additional support and to recom-
mend personalized learning materials, which is crucial for
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Figure 1: The purple dashed box highlights their dynamic
interaction within a student’s learning sequence, while the
blue dashed box showcases how repeated attention layers
aggregate these features across multiple students, blurring
the distinction between the two types of cognition. Differ-
ent colored solid circles represent distinct KCs. The black
and blue solid boxes indicate long-term cognitive trends and
short-term cognitive fluctuations, respectively. The red solid
box represents the frequency domain of sequence embed-
ding. Solid square blocks denote features.

advancing next-generation intelligent and personalized ed-
ucation. To accurately capture the dynamic information of
students, significant efforts in recent years have employed
either Markov chains (Yudelson, Koedinger, and Gordon
2013) or recurrent neural networks (RNNs) (Piech et al.
2015; Liu et al. 2023). Meanwhile, the Transformer archi-
tecture (Vaswani et al. 2017) has gained prominence for sur-
passing RNN-based models in KT tasks due to its ability
to model long-range dependencies. As a result, various KT
models (Ghosh, Heffernan, and Lan 2020; Liu et al. 2022a;
Im et al. 2023; Yin et al. 2023) have adopted the Transformer
as the sequence encoder to capture correlations in knowl-
edge states by assigning attention weights to different po-
sitions, thereby achieving high-quality sequence representa-
tions.

Although attention mechanisms excel in capturing long-
term cognitive trends in KT sequence data, they often do not
adequately address short-term cognitive fluctuations. This
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Figure 2: Comparison of AUC performance for four KT
models across different sequence lengths.

leads to two key limitations in existing attention-based KT
models: 1) In KT, long-term cognitive trends generally re-
flect the gradual accumulation and stabilization of a stu-
dent’s knowledge state over time. In contrast, short-term
cognitive fluctuations are more transient and often arise
from random cognitive factors such as forgetting, fatigue-
induced lapses in attention, carelessness, or guessing (Salt-
house, Nesselroade, and Berish 2006; Mozer et al. 2009).
Long-term cognitive trends and short-term cognitive fluctua-
tions influence the overall knowledge state of the students, as
illustrated in the upper part (red dashed box) of Fig. 1. Exist-
ing attention mechanisms may inadvertently filter out cogni-
tive patterns associated with short-term fluctuations, leading
to overly smoothed cognitive behavior features that lack dis-
tinctiveness. This impairs the model’s ability to accurately
capture and represent student cognitive behaviors, as shown
in the lower part (blue dashed box) of Fig. 1. 2) Excessive
focus on long-term cognitive trends in KT sequences can
cause the attention score matrix to become too diffuse. When
the length of the inference or test data exceeds the length
of the training data (i.e., train short, test long), the distribu-
tion of attention scores may become too spread out, resulting
in decreased model performance, as depicted in Fig. 2. In
real-world online learning systems, the length of students’
interaction data is variable. An ideal KT model should ex-
hibit robust length generalization capabilities, meaning that
it should be trained with shorter context windows and con-
tinue to perform well as the context window size increases
during the prediction phase.

To address these two limitations, we propose a short-
term cognitive fluctuations enhanced attention network for
knowledge tracing, called FlucKT. Specifically, FlucKT im-
proves the current attention mechanism in two ways: First,
we design a decomposition-based layer to enhance the in-
put features of the attention mechanism. This design uses
causal convolution to decompose attention input into long-
term cognitive trends and short-term cognitive fluctuations,
and then dynamically reweights and recombines them. This

enables the attention mechanism to adaptively determine
the focus on persistent cognitive states and transient cog-
nitive states. Second, we design a kernelized bias attention
score penalty mechanism-based on the distance between the
query and the key to enhance the focus on short-term fluctua-
tions in the attention matrix. This design improves the length
generalization capability of the existing attention-based KT
model. The main contributions of this paper can be summa-
rized as follows.

• We propose a decomposition-based layer and kernelized
bias-enhanced attention score computation to improve
the attention mechanism in current KT models.

• We analyze existing problems with attention-based KT
models from a theoretical perspective and explain why
the attention score penalty can enhance the length gener-
alization capability of the model. This provides valuable
insights for KT-related research.

• We perform extensive and rigorous experiments on three
real-world datasets. The results demonstrate that our
FlucKT model significantly enhances length generaliza-
tion and improves prediction performance.

Related Work
Knowledge Tracing
KT has advanced significantly with deep learning and in-
novative techniques. DKT first introduced RNNs to model
student learning (Piech et al. 2015). DKVMN added a dual
memory structure for greater accuracy (Zhang et al. 2017).
GKT utilized graph neural networks to structure knowledge
as a graph (Nakagawa, Iwasawa, and Matsuo 2019). SAKT
applied self-attention to address data sparsity and improve
prediction accuracy (Pandey and Karypis 2019). SAINT
used an encoder-decoder architecture to effectively model
exercise-response relationships (Choi et al. 2020). LPKT in-
corporated learning gains and forgetting effects for better
predictions (Shen et al. 2021). Attention-based KT meth-
ods, such as ATKT (Guo et al. 2021), SimpleKT (Liu et al.
2022a), and AT-DKT (Liu et al. 2023), have shown strong
results, with enhancements like adversarial training, aux-
iliary tasks, and linear bias mechanisms (Im et al. 2023).
DTransformer and extraKT further refined KT by improving
temporal dependencies and length generalization (Yin et al.
2023) (Li et al. 2024).

Frequency Domain Analysis
Frequency domain analysis (FDA) refers to the examina-
tion of mathematical functions or signals with respect to fre-
quency, rather than time. This analysis is typically used to
understand how different frequency components contribute
to the overall signal. In practice, signals can be converted
from the time domain to the frequency domain using various
mathematical transformations, such as the Fourier Trans-
form (Baxes 1994; Peng, Sugiyama, and Mine 2022; Che-
ung et al. 2020). FDA allows for the analysis and pro-
cessing of signals-based on their frequency components,
which often simplifies complex data and reveals patterns
that are not easily detectable in the time domain. FDA
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typically considers that data contains both high-frequency
and low-frequency signals: high-frequency signals usually
represent rapidly changing components in the data, while
low-frequency signals represent slowly varying components.
In image processing, high-frequency signals correspond to
edges, details, and noise, while low-frequency signals corre-
spond to the general contours and colors of the image (Rao
et al. 2021; Xu et al. 2020; Suvorov et al. 2022). In time se-
ries data, high-frequency components may reflect rapid fluc-
tuations or short-term changes, while low-frequency com-
ponents reflect long-term trends and cyclic variations (Wu
et al. 2021; Zhou et al. 2022).

Preliminaries
In online learning systems, the behavior of a learner is pri-
marily composed of interaction records, which include a se-
quence of questions and the corresponding responses. For a
given learner at the time step t, he/she will answer a question
qt ∈ Q drawn from a knowledge components (KCs) ct ∈ C,
and receive a response rt ∈ {0, 1}. Here, rt = 1 indicates
the learner answered the question correctly, while rt = 0 in-
dicates an incorrect answer. Thus, for each learner, we have
their interaction records as a sequence:

{(q1, c1, r1), ..., (qT , cT , rT )}, qt ∈ Q, ct ∈ C, rt ∈ {0, 1},
(1)

where T is the length of the learning sequence, Q is the set
of all questions, C is the set of all knowledge concepts.

Knowledge Tracing Task: Given the previous interac-
tion records of a learner before time step t as a sequence
{(q1, c1, r1), ..., (qT , cT , rT )}, the objectives of knowledge
tracing are: 1) to trace the internal knowledge state zt of the
learner at time step t; 2) to predict their response r̂t+1 to the
next question qt+1.

Figure 3: The overview of the proposed FlucKT framework.

Figure 4: Visualization of the changes in the top 20 largest
eigenvalues in the attention matrix as the number of lay-
ers increases (1⇒2) in the attention-based KT model. The
x-axis represents the index, while the y-axis denotes the
normalized magnitude. The blue dotted line corresponds to
SimpleKT, the orange dotted line to AKT, the green dotted
line to SAINT, and the red dotted line to SAKT.

Proposed Method
In this section, we introduce FlucKT, a short-term cognitive
fluctuation-enhanced attention network for knowledge trac-
ing. As shown in Fig. 3, FlucKT encodes learners’ sequen-
tial interactions through an embedding layer. It incorporates
short-term cognitive fluctuations by using causal convolu-
tion to decompose interaction embeddings into long-term
trends and short-term fluctuations, which are adaptively ag-
gregated. The attention layer further applies a kernelized
bias to penalize long-term attention scores, focusing the at-
tention distribution and improving length generalization dur-
ing testing.

Embedding Layer
Given that questions associated with the same KCs exhibit
varying difficulty levels, it is essential to effectively repre-
sent student interactions. In line with AKT (Ghosh, Heffer-
nan, and Lan 2020), SimpleKT (Liu et al. 2022a), DTrans-
former (Yin et al. 2023), we represent the interaction se-
quences {(q1, c1, r1), ..., (qT , cT , rT )} as follows:

xt = dqt ⊙ vct ⊕ ect ,

yt = dqt ⊙ v(ct,rt) ⊕ e(ct,rt)
(2)

where, xt denote the latent representations of question qt
and its related KC ct at the timestamp t. dqt represents a
learnable question difficulty. vct is the KC variation and ect
is the n-dimensional one-hot embeddings of ct. The symbols
⊙ and ⊕ denote the element-wise multiplication and addi-
tion operations, respectively. yt represents the augmented
representation of xt by considering response rt to the ques-
tion qt. e(ct,rt) denotes the embeddings of ct and rt. v(ct,rt)

represents the KC-response variation of qt covering this KC
ct with response rt.

Fluctuations Enhanced Attention Encoder
After efficiently representing the questions, KCs, and re-
sponses in KT, the next step is to capture the students’
knowledge or cognitive state. Existing attention-based KT
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models first use scaled dot-product operations to calculate
correlations between input question sequences (xt) as atten-
tion scores. These attention scores are then weighted and
summed with the students’ response yt to derive the distri-
bution of students’ knowledge states across different ques-
tions:

H = SoftMax(
QK⊤
√
d

)V, (3)

where Q = xtWQ, K = xtWK , and V = ytWV , and d is
the scale factor. For the l-th attention layer, denoting its out-
put of interaction sequence as H(l), we generalize attention
operation in KT as follows:

H(l) = AH(l−1)W
(l)
V , (4)

where H(0) = z, A = SoftMax(QK⊤
√
d
).

In this context, H represents the cognitive state features
of a student, which inherently include both long-term cogni-
tive trends and short-term cognitive fluctuations. These two
kinds of features are intertwined and entangled. We denote
the long-term cognitive trend features as hl and the short-
term cognitive fluctuation features as hs, which satisfies that
H = hs + hl and hs ̸= hl. After one layer of attention,
hl/s is represented as Ahl/s (Here we use hl/s represents hl

or hs). After l layers attention, it is represented as Alhl/s.
The cosine similarity between Alhl/s and hl/s, denoted as
cos (⟨Alhl/s,hl/s⟩), reflects the similarity between original
cognitive features and the cognitive features after l layers of
attention.

Theorem 1 Let A be the self-attention score matrix. For
long-term cognitive trend feature hl and short-term cogni-
tive fluctuation feature hs, we have:

lim
l→∞

cos (⟨Alhs,A
lhl⟩) = 1 (5)

Theorem 1 shows that a deeper attention architecture
causes the long-term cognitive trend features and short-term
cognitive fluctuation features in the cognitive state to be-
come indistinguishable (see Appendix A1 for the proof of
Theorem 1). As shown in Fig. 4, we can observe that as the
number of layers increases, the singular values in the atten-
tion score matrix tend to decay rapidly (Luo et al. 2024).
According to Lemma 1 in Appendix A1, this leads to the
correlations between the question sequences xt being dom-
inated by the eigenvectors corresponding to the larger sin-
gular values. This means that the attention score matrix will
ultimately be determined by the frequently occurring pat-
terns in the question sequences, causing the output cognitive
state features to lean towards the long-term cognitive trend.

Cognitive Feature Decomposition Layer To address the
problem of oversmoothing cognitive features in KT caused
by existing attention mechanisms, we draw inspiration from
FDA and explicitly decompose the cognitive features repre-
sented by the embedding layer. To avoid global information
leakage, we use the Wavelet Transform (Oord et al. 2016) to
decompose the cognitive features. Specifically, we first ap-
ply convolution to xt and yt to filter out their long-term cog-
nitive trend features. Then, we subtract the long-term cogni-

tive trend features from the original input to obtain the sepa-
rated short-term cognitive fluctuation features. Suppose that
xt,yt ∈ RB×L×D, we have:

x
′

t = P (xt, [0, 2, 1]),L[xt] = C(x
′

t),

L[xt] = P (L[xt], [0, 2, 1]),S[xt] = xt − L[xt],
(6)

where P and C denote operations of permute, and casual
convolution operations, respectively. B, L, D represent the
batch size, input sequence length, and embedding size. L[·]
and S[·] represent long-term cognitive trend features and
short-term cognitive fluctuation features. We only present
the decomposition of xt; the decomposition of yt follows
the same process as that of xt. Finally, we aggregate the
long-term cognitive trend features and short-term cognitive
fluctuation features adaptively as follows:

xt = L[xt] + µS[xt],yt = L[yt] + νS[yt], (7)

where µ and ν represent the learnable aggregated param-
eters. Through this explicit decomposition operation, we
forcibly separate the two entangled cognitive features and
then reassemble them with weighted proportions, enhancing
the representation of short-term cognitive fluctuation fea-
tures in the original input. Additionally, by using learnable
weights, the attention mechanism can adjust its focus on the
two types of cognitive features according to the downstream
tasks.

Kernelized Bias Enhanced Attention Scores In practical
applications of KT, we aim for a model that can be trained on
limited student interaction data and still make stable predic-
tions on longer sequences (e.g., as users’ answering data up-
dates) without requiring fine-tuning. However, the suppres-
sion of short-term cognitive fluctuation features by the at-
tention mechanism also affects its length generalization ca-
pability: excessive focus on long-term cognitive trend fea-
tures prevents the model from effectively predicting short-
term cognitive fluctuation features in unknown sequences.
To effectively enhance the length generalization ability of
attention-based KT models, a reasonable approach is to pe-
nalize the attention values to make them more attentive to
local information (corresponding to high-frequency signals).
Inspired by previous studies (Press, Smith, and Lewis 2021;
Chi et al. 2022), we utilize kernelized bias to penalize the at-
tention scores, thereby improving its modeling capability for
local information. Simultaneously, we have also analyzed
from the perspective of entropy invariance (Su 2022) why
this penalization approach on attention enhances its length
generalization capability and why kernelized bias is supe-
rior to linear bias (See Appendix A2). Specifically, we model
the positional differences between tokens in attention using
conditionally positive definite kernels. In Eq.(3), if ai,j is an
element of A, we have

ai,j =
exp(ϵqi · kj)∑n
j=1 exp(ϵqi · kj)

, (8)

where ϵ =
√
D, where D is the dimension of the query/key

vectors. Our modified attention scores can be defined as:

ai,j =
exp(ϵqikj − τ1 log(1 + τ2|i− j|))∑n
j=1 exp(ϵqikj − τ1 log(1 + τ2|i− j|))

, (9)
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Dataset #Students #Concepts #Questions #Interactions Avg. interactions per student Percentage of length ≥ 200

AL2005 574 112 173,113 607,021 1,057.5 81.71%

BD2006 1,145 493 129,263 1,817,458 1,587.3 92.75%

NIPS34 4,918 57 948 1,382,678 281.1 58.72%

Table 1: Statistics of the datasets.

where τ1 and τ2 are two learnable parameters that satisfy
0 < τ1 ≤ 1, and 0 < τ2 ≤ 2. exp(·) equals e(·).

Prediction Layer
After L attention layers that hierarchically extract knowl-
edge state information from previous interactions, we obtain
the final combined representation of behavior sequences.
Denoting the learned representations as ht+1, we construct
a two-layer fully connected neural network as the predic-
tion layer to forecast student responses. To optimize the pre-
dictive function, we minimize the binary cross-entropy loss
between the actual student response rt+1 and the predicted
response r̂t+1 (Liu et al. 2022b,a). This prediction layer en-
sures that our model effectively learns to estimate the prob-
ability of a student answering correctly, thereby enhancing
its predictive performance, which is defined as follows:

r̂t+1 = γ(δ(W2 · δ(W1 · [ht+1;xt+1] + b1) + b2)),

Loss = −
∑
t

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

(10)
where γ and δ denote Sigmoid and Relu functions. b1, b2,
W1, W2 are trainable parameters.

Experiments
In this section, we first introduce the experimental setup,
including the three real-world datasets used, the baseline
methods, and the implementation details. We then analyze
the experimental results to demonstrate the effectiveness of
the proposed FlucKT.

Experiential Settings
Datasets We evaluate the effectiveness of FlucKT across
three diverse real-world datasets, each representing differ-
ent learning scenarios. Table 1 presents the statistics for all
datasets. More detailed information of these three datasets
can be found at Appendix A3.1.

Baselines To demonstrate that our proposed FlucKT
framework effectively enhances the robustness of current
knowledge tracing methods, we selected 13 state-of-the-
art knowledge tracing methods as baselines for compari-
son, including DKT (Piech et al. 2015), DKVMN (Zhang
et al. 2017), GKT (Nakagawa, Iwasawa, and Matsuo 2019),
SAKT (Pandey and Karypis 2019), SAINT (Choi et al.
2020), AKT (Ghosh, Heffernan, and Lan 2020), ATKT (Guo
et al. 2021), LPKT (Shen et al. 2021), SimpleKT (Liu et al.
2022a), AT-DKT (Liu et al. 2023), FoLiBiKT (Im et al.
2023), DTransformer (Yin et al. 2023), and extraKT (Li et al.
2024).

Experiential Results

Model
AUC

Length of Interaction Sequences
200 400 600 800 1000

DKT 0.8149 0.8150 0.8150 0.8149 0.8149
DKVMN 0.8054 0.8039 0.8030 0.8025 0.8023

GKT 0.8110 0.8111 0.8111 0.8111 0.8111
SAKT 0.7899 0.6743 0.6691 0.6677 0.6666
SAINT 0.7715 0.6691 0.6589 0.6539 0.6551
AKT 0.8306 0.8277 0.8258 0.8241 0.8227

ATKT 0.7995 0.7816 0.7641 0.7523 0.7446
LPKT 0.8268 0.8216 0.8107 0.7990 0.7891

SimpleKT 0.8210 0.7808 0.7763 0.7535 0.7655
AT-DKT 0.8246 0.8238 0.8235 0.8233 0.8233

FoLiBiKT 0.8310 0.8288 0.8272 0.8256 0.8242
DTransformer 0.8188 0.8156 0.8137 0.8123 0.8112

extraKT 0.8317 0.8317 0.8317 0.8317 0.8317
FlucKT 0.8376 0.8370 0.8365 0.8360 0.8358

Table 2: AUC results on AL2005 dataset.

Model
AUC

Length of Interaction Sequences
200 400 600 800 1000

DKT 0.8015 0.8015 0.8015 0.8015 0.8015
DKVMN 0.7983 0.7956 0.7936 0.7925 0.7919

GKT 0.8046 0.8047 0.8047 0.8047 0.8047
SAKT 0.7739 0.7097 0.7000 0.6987 0.6962
SAINT 0.7791 0.6847 0.6816 0.6692 0.6697
AKT 0.8208 0.8187 0.8168 0.8155 0.8144

ATKT 0.7889 0.7641 0.7370 0.7142 0.6963
LPKT 0.8056 0.8014 0.7965 0.7939 0.7923

SimpleKT 0.8151 0.7897 0.7764 0.7726 0.7724
AT-DKT 0.8104 0.8098 0.8095 0.8092 0.8089

FoLiBiKT 0.8199 0.8171 0.8145 0.8125 0.8110
DTransformer 0.8093 0.8052 0.8023 0.8002 0.7985

extraKT 0.8247 0.8246 0.8246 0.8245 0.8245
FlucKT 0.8269 0.8263 0.8257 0.8253 0.8250

Table 3: AUC results on BD2006 dataset.

Overall Performance Tables 2-4 present the overall per-
formance of various models, including our proposed FlucKT
model, on the AL2005, BD2006, and NIPS34 datasets in
terms of AUC (The complete AUC and ACC results can
be found in Appendix A3.2.). The best AUC and ACC val-
ues are highlighted in bold, while the second-best are under-
lined. From these tables, we observe that: 1) In the AL2005
dataset, the FlucKT model achieves the highest AUC and
ACC values across almost all context window sizes. AUC
values range from 0.8376 at a window size of 200 to 0.8358
at a window size of 1000. ACC values range from 0.8153 at
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Figure 5: Ablation study results (FlucKT) in terms of AUC on three datasets.

Figure 6: Ablation study results (AKT and SimpleKT) in terms of AUC on three datasets.

Model
AUC

Length of Interaction Sequences
200 400 600 800 1000

DKT 0.7689 0.7689 0.7689 0.7689 0.7689
DKVMN 0.7673 0.7673 0.7673 0.7672 0.7672

GKT 0.7689 0.7689 0.7689 0.7689 0.7689
SAKT 0.7525 0.7331 0.7329 0.7330 0.7330
SAINT 0.7895 0.7708 0.7703 0.7700 0.7700
AKT 0.8033 0.8030 0.8028 0.8028 0.8028

ATKT 0.7665 0.7630 0.7620 0.7619 0.7619
LPKT 0.8004 0.7997 0.7993 0.7992 0.7992

SimpleKT 0.8035 0.7952 0.7961 0.7960 0.7960
AT-DKT 0.7816 0.7815 0.7815 0.7815 0.7815

FoLiBiKT 0.8032 0.8029 0.8028 0.8028 0.8028
DTransformer 0.7994 0.7988 0.7985 0.7985 0.7985

extraKT 0.8045 0.8047 0.8047 0.8047 0.8047
FlucKT 0.8047 0.8047 0.8047 0.8047 0.8047

Table 4: AUC results on NIPS34 dataset.

a window size of 200 to 0.8147 at a window size of 1000, in-
dicating robust performance and effective knowledge extrac-
tion. 2) For the BD2006 dataset, the FlucKT model consis-
tently shows superior performance. AUC values range from
0.8269 at a window size of 200 to 0.8252 at a window size
of 1000. ACC values range from 0.8614 at a window size of
200 to 0.8609 at a window size of 1000, demonstrating sta-
bility and reliability in its predictions across different win-
dow sizes. 3) On the NIPS34 dataset, the FlucKT model
achieves the best AUC scores across all context window

sizes, with values consistently around 0.8047. Although the
ACC values are competitive, they are slightly lower than the
top performing extraKT model by only 0.0003, maintaining
a consistent score of 0.7337 for all window sizes. The aver-
age number of student interactions in the NIPS34 dataset is
the lowest among the three datasets (see Table 1), which ex-
plains why FlucKT’s performance on NIPS34 is less promi-
nent. However, the results still demonstrate FlucKT’s robust-
ness in handling datasets with fewer student interactions.

While the AUC improvement in Tables 2-4 is less than
1%, it remains significant at a context window size of 200.
Notably, recent benchmarks report only a 3.5% KT pre-
diction gain since 2015, with many results deemed unreli-
able due to flawed evaluations. Our study strictly adheres to
pyKT (Liu et al. 2022b) evaluation protocols and includes
comprehensive hyperparameter tuning for all baselines.

Ablation Study We analyze the effect of two key compo-
nents in FlucKT via ablation studies on three datasets: CFD
(Cognitive Feature Decomposition layer) and KBE (Kernel-
ized Bias Enhanced attention). Results are reported in terms
of AUC (Fig. 5-6, and Appendix A3.2 for ACC). Key find-
ings include: 1) Removing either CFD or KBE decreases
FlucKT’s performance, indicating both are essential. 2) CFD
has a stronger impact on AL2005, while KBE influences the
other two datasets more significantly. 3) CFD also benefits
other attention-based KT models. For example, integrating
CFD into AKT and SimpleKT improves their AUC (Fig. 6)
and ACC (Fig. 9), particularly enhancing SimpleKT’s length
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(a) Averaged attention scores on the 1st layer.

(b) Averaged attention scores on the 2nd layer.

Figure 7: Visualization of cognitive feature decomposition (CFD) and kernelized bias enhanced attention scores (KBE) impact
on attention scores.

generalization ability over 200-1000 steps. This demon-
strates CFD’s utility in improving attention-based KT mod-
els and their generalization capabilities.

Visualization To qualitatively analyze the impact of the
two improvements in FlucKT (namely, CFD and KBE), we
visualized the attention scores, as shown in Fig. 7. We ob-
served the following: 1) FlucKT causes the distribution of
attention scores to become more concentrated, indicating
that FlucKT pays greater attention to short-term fluctuation
features. However, in the second layer, the attention scores
of FlucKT also expand to some extent, demonstrating that
FlucKT integrates cognitive trend features with cognitive
fluctuation features; 2) It is observable that KBE (FlucKT
w/o CFD) indeed penalizes attention-based on distance,
thereby making the attention more focused; 3) By compar-
ing FlucKT w/o KBE’ and ‘Attention’ in Fig. 7 (a) and (b),
we can see that the design of CFD (FlucKT w/o KBE) re-
organizes the distribution of attention scores to some ex-
tent: certain long-distance attention scores are strengthened,
while some short-distance attention scores are weakened.
This aligns with the core design of CFD, which allows the
KT model to adaptively determine the fusion weights for
cognitive trend features and cognitive fluctuation features-
based on the performance of downstream tasks. Addition-
ally, we conducted a case study to qualitatively compare

the performance of FlucKT and its variants (See Appendix
A3.2).

Conclusion
This paper presents FlucKT, an enhanced attention-based
KT model designed to address the shortcomings of exist-
ing models in capturing short-term cognitive fluctuations.
By introducing a decomposition-based layer and a kernel-
ized bias attention score mechanism, FlucKT improves both
prediction accuracy and length generalization across vari-
ous datasets. Our findings demonstrate the importance of
accounting for both long-term trends and short-term fluctu-
ations in KT tasks. FlucKT effectively balances these cogni-
tive features, resulting in a more robust and accurate model.
These advances contribute to the development of more ef-
fective personalized education systems.
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