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Abstract

Knowledge Tracing (KT) plays a pivotal role in Intelligent Tutoring Systems (ITS) by dy-
namically assessing learners’ evolving knowledge states. However, tracking the acquisition
of English presents unique challenges. Existing KT models typically employ homogeneous,
predefined forgetting mechanisms that fail to capture the highly individualized nature of
linguistic memory retention. Furthermore, language assessment data is notoriously noisy,
which leads models to overfit superficial performance rather than capturing true underlying
linguistic competence. To address these issues, we propose a novel framework to robustly
trace English language competence. First, we introduce a Learning-Profile-Driven Adap-
tive Forgetting mechanism. Unlike methods with shared forgetting rates, our approach
constructs a dynamic and strictly causal profile from historical interactions to generate
personalized cognitive parameters (e.g., individualized forgetting rates). These parameters
synchronously modulate the decay of multi-level knowledge states, enabling the model
to accurately capture the heterogeneous memory retention patterns of different learners.
Second, we design a Masked Consistency Regularization training paradigm. By applying
stochastic masking to historical responses and enforcing predictive consistency, we prevent
the model from exploiting localized noise and “shortcut” learning, compelling it to mine
robust and invariant language representations. Extensive experiments on real-world ed-
ucational datasets demonstrate that our proposed framework significantly outperforms
state-of-the-art baselines in both prediction accuracy and noise resistance, offering a robust
and interpretable solution for personalized language learning.

Keywords: knowledge tracing; adaptive forgetting; robustness; language learning

1. Introduction
With the rapid development of science and technology, researchers have conducted

extensive studies in areas such as artificial intelligence [1–3], deep learning [4–6], data cen-
ter networks [7–9], neural networks [10–12], and intelligent tutoring systems (ITS) [13–15].
Among them, ITSs are a computer-assisted tool that uses artificial intelligence technology
to imitate the teaching behaviors of human teachers. Its purpose is to provide personalized
guidance and feedback by analyzing students’ learning data [16]. ITSs increasingly rely
on Knowledge Tracing (KT) to estimate the evolving knowledge states of learners from
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sequential learning interactions [17]. Early neural KT models, such as Deep Knowledge
Tracing (DKT), demonstrated the effectiveness of recurrent neural networks for modeling
latent student knowledge from interaction sequences [18], while subsequent memory- and
attention-based models further improved the representation of concept-level mastery and
long-range dependencies [19–21]. While KT has been widely studied in general educa-
tional settings, tracking the process of English learning remains particularly challenging.
In English vocabulary and grammar learning, the observable performance of a learner
is shaped not only by accumulated knowledge but also by long-term memory retention,
linguistic background, transfer ability, and noisy response behaviors. Prior studies in lan-
guage learning further suggest that morphological awareness and vocabulary knowledge
are closely associated across monolingual and bilingual learners, indicating that English
competence is influenced by learner-specific linguistic foundations rather than isolated item
responses alone [22,23]. Therefore, accurately tracing English proficiency requires models
that go beyond isolated right-or-wrong interactions and capture more stable, individualized
learning dynamics.

Despite recent progress, existing KT models still face two primary limitations when
applied to the tracing of English competence. First, forgetting behavior is often modeled
implicitly or through the assumption of shared temporal decay. Although forgetting-aware
KT methods have introduced temporal factors into student modeling [24], recent studies
show that attention-based KT models may still struggle to capture diverse and continuous
forgetting behaviors in long interaction sequences [25]. However, second-language acquisi-
tion exhibits strong heterogeneity among learners. For example, students with stronger
morphological awareness or richer prior linguistic knowledge may retain newly learned
words or grammatical patterns more effectively than students with weaker foundations [22].
A homogeneous forgetting mechanism is therefore insufficient to capture individualized
long-term retention patterns in English learning. Second, English assessment data are
typically noisy. Multiple-choice questions may contain random guessing, while spelling or
grammar exercises may include careless mistakes or typographical errors. Recent robust KT
studies have explicitly recognized that error-prone educational data may contain random
factors that deviate from learners’ true cognitive patterns [26]. Such discrepancies between
observable performance and underlying language competence can cause KT models to
overfit local response fluctuations, leading to unstable estimations of knowledge states and
reduced generalization.

To address these challenges, we propose a robust framework for English knowledge
tracing that integrates profile-driven adaptive forgetting with masked consistency regular-
ization. Specifically, the model first constructs a strictly causal dynamic profile of the learner
from historical English learning interactions. This profile is utilized as a contextual prior to
generate personalized forgetting parameters, including a learner-specific forgetting rate
and a minimum retention bound. Crucially, these personalized physiological parameters
are synchronously applied to modulate the decay of multi-level knowledge states based on
their distinct exposure intervals. By doing so, the model can adaptively characterize hetero-
geneous patterns of multi-grained memory decay across different learners and learning
histories. In addition, we introduce an attribute-masked consistency regularization strategy
to improve robustness against noisy signals and item-level overfitting. Consistency regu-
larization has been widely used to encourage stable predictions under input perturbations
or data augmentation [27,28]. During training, specific historical problem identifiers are
stochastically masked while their corresponding correctness labels are strictly retained to
construct an augmented view of the interaction sequence. The model is then encouraged
to produce consistent predictions on the unmasked future steps between the original and
augmented views. This consistency constraint reduces the model’s over-reliance on item-
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specific co-occurrence patterns and promotes more stable representations of latent English
proficiency derived from broader correctness trajectories.

To overcome the limitation of homogeneous forgetting assumptions, we propose a
novel Learning-Profile-Driven Adaptive Forgetting mechanism. Unlike prior methods that
apply a shared decay rate to all learners, our approach constructs a dynamic and strictly
causal profile for each student from their historical interactions. This profile serves as a
contextual prior to generate personalized cognitive parameters, such as an individualized
forgetting rate and a minimum retention bound. These parameters are then used to
synchronously modulate the decay of knowledge states at global, skill, and problem levels,
allowing the model to accurately capture the heterogeneous memory retention patterns
unique to each English learner.

Furthermore, to ensure stable and effective optimization during the training phase, we
introduce a novel Masked Consistency Normalization training paradigm. Unlike standard
approaches that may suffer from distribution shifts between masked and visible regions, our
paradigm enforces feature alignment and prediction consistency across different masking
ratios. This unified normalization mechanism provides robust self-supervision signals,
effectively bridging the gap between partial observations and complete representations.
The effectiveness of this strategy in preventing shortcut learning is empirically validated in
our ablation studies.

The proposed framework combines individualized cognitive modeling and noise-
resistant representation learning within a unified KT architecture. The adaptive forgetting
module enables the model to better capture long-term English learning trajectories, while
the masked consistency objective regularizes the prediction process under incomplete
and noisy performance observations. Extensive experiments on benchmark educational
datasets demonstrate that the proposed method achieves consistent improvements over
competitive baselines, especially in terms of predictive accuracy and robustness. These
results suggest that explicitly modeling personalized forgetting and reducing sensitivity to
noisy responses are both crucial for reliable English knowledge tracing.

Before detailing our specific contributions, it is important to clarify the scope of this
study to ensure the alignment between our theoretical framework and empirical validation.
While the primary motivation of this study stems from the challenges in English Knowl-
edge Tracing (KT)—specifically the heterogeneity in vocabulary retention and grammar
acquisition—the proposed model is designed as a general cognitive framework applicable
to broader educational contexts. The core mechanisms we introduce, such as [mention your
specific module, e.g., adaptive forgetting or noise regularization], address fundamental
cognitive bottlenecks that are domain-agnostic. Therefore, to rigorously validate the effec-
tiveness of these underlying mechanisms, we utilize widely recognized general educational
benchmarks (ASSISTments and Algebra2005) in this study, serving as a robust foundation
for future domain-specific applications.

The main contributions of this work are summarized as follows:
(1) Profile-Driven Multi-Level Adaptive Forgetting. We propose a learner-profile-

driven forgetting mechanism that dynamically generates individualized memory decay
parameters from strictly causal historical interactions. These parameters synchronously
govern the temporal decay of multi-level knowledge states, enabling more accurate model-
ing of heterogeneous retention patterns in English learning.

(2) Masked Consistency Regularization. We introduce a consistency regularization
strategy that performs stochastic attribute masking. By aligning predictions on unmasked
steps between the original and augmented views, this strategy improves the model’s
robustness against item-level overfitting and noisy assessment behaviors.
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(3) Robust English Knowledge Tracing Framework. We integrate adaptive forgetting
and masked consistency learning into a unified KT framework for English competence
tracing, achieving more stable and generalizable proficiency estimation than conventional
behavior-fitting approaches.

Extensive experiments on benchmark datasets demonstrate that our framework sig-
nificantly outperforms state-of-the-art baselines in prediction accuracy and robustness.
Detailed results and analyses are presented in Section 4.

2. Related Work
2.1. Deep Knowledge Tracing

The goal of Knowledge Tracing (KT) is to estimate the latent knowledge states of
learners from their sequential interaction histories. Early approaches, such as Bayesian
Knowledge Tracing (BKT) [29], used Hidden Markov Models to track the binary mastery
states of individual skills. The field was revolutionized by Deep Knowledge Tracing
(DKT) [18], which applied Recurrent Neural Networks (RNNs) to capture non-linear
representations of student learning trajectories across multiple skills simultaneously.

Since DKT, various neural architectures have been proposed to improve represen-
tational capacity. Dynamic Key-Value Memory Networks (DKVMN) [19] partition the
memory matrix to independently track underlying concepts and evolving student mas-
tery. Attention- and Transformer-based models have further advanced KT by capturing
long-range dependencies in interaction sequences. For example, AKT [20] introduced a
Rasch-model-inspired embedding strategy to account for question difficulty, while DTrans-
former [30] uses a diagnostic Transformer architecture to trace knowledge states rather
than superficial interaction patterns. More recently, simpleKT [31] demonstrated that a
lightweight attention-based model with question-specific variation can compete with more
complex KT architectures. Additionally, stableKT [32] addressed the length generalization
problem in attention-based KT models, improving long-sequence prediction through linear
attention biases.

While these deep learning-based approaches have significantly improved prediction
performance by capturing complex non-linear relationships, they often treat the learning
process as a purely data-driven sequence modeling task, largely overlooking the cognitive
mechanism of human memory. Specifically, standard RNNs or attention mechanisms do not
explicitly model the “forgetting” behavior inherent in human learning, assuming implicitly
that knowledge states persist unless updated. This contradicts our thesis that accurate
knowledge tracing in language learning must account for the temporal decay of memory.
Therefore, simply stacking deep layers is insufficient; a mechanism that integrates cognitive
forgetting laws into the deep learning framework is essential for modeling long-term
dependencies in student learning behaviors.

2.2. Modeling Forgetting in Knowledge Tracing

Forgetting is a fundamental aspect of learning, particularly in language acquisition.
Early attempts to model forgetting in educational data mining incorporated discrete time-
gap features or Ebbinghaus curves into regression models, such as the Half-Life Regression
(HLR) used for vocabulary retention [33]. In the deep learning era, researchers have
integrated temporal contexts into neural KT architectures. HawkesKT [34] used Hawkes
processes to model the mutual excitation and continuous temporal decay of historical
interactions. Learning Process-consistent KT (LPKT) [21] explicitly models learning gains
and forgetting effects, while FoLiBiKT [35] introduces a forgetting-aware linear bias into
attention-based KT models.
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Recent studies have highlighted the limitations of fixed-window and homogeneous
temporal modeling. stableKT [32] and related methods show that attention-based KT mod-
els suffer degraded generalization when test sequences exceed the training context length.
LefoKT [25] rethinks learning and forgetting processes in attention-based KT, proposing rel-
ative forgetting attention to decouple forgetting patterns from problem relevance. Further-
more, the Cognitive Fluctuations Enhanced Attention Network (CFAKT) [36] emphasizes
that learners’ cognitive states fluctuate dynamically rather than evolving monotonically,
which is especially relevant for noisy educational sequences.

Despite these advances, existing temporal KT models typically rely on globally shared
decay parameters, fixed temporal biases, or predefined mathematical formulations [35,37,38].
This homogeneous assumption fails to account for the intrinsic heterogeneity of second-
language learners, who have diverse prior knowledge, linguistic backgrounds, and re-
tention patterns. To address this limitation, our framework introduces a profile-driven
multi-level adaptive forgetting mechanism. Instead of applying a universal decay rate, we
dynamically generate individualized physiological parameters from causal profiles and
synchronously apply them across global, skill-level, and problem-level knowledge states to
simulate personalized memory decay.

While these studies have made significant progress in incorporating temporal dynam-
ics, they predominantly rely on homogeneous assumptions, such as globally shared decay
parameters or fixed mathematical formulations (e.g., Ebbinghaus curves). This approach
fails to capture the intrinsic heterogeneity of second-language learners, whose retention
patterns are heavily influenced by individual linguistic backgrounds and cognitive profiles.
In contrast, our work posits that a one-size-fits-all forgetting mechanism is insufficient for
English learning. Our proposed profile-driven adaptive forgetting mechanism directly
addresses this gap by dynamically generating personalized forgetting parameters from a
learner’s unique interaction history, thereby offering a more nuanced and accurate model
of individualized knowledge decay.

2.3. Robustness and Regularization in KT

To improve model robustness and sequence stability, recent methods have adopted
adversarial training, sparse attention, contrastive learning, ideal-state alignment, uncer-
tainty modeling, and consistency regularization. ATKT [39] improves generalization by
injecting adversarial perturbations into interaction embeddings. SparseKT [40] enhances
the robustness of attention-based models by selecting only highly relevant historical inter-
actions through k-sparse attention. CL4KT [41] introduces contrastive learning to align
semantically similar learning histories and separate dissimilar ones. AlignKT [42] models
knowledge states through ideal state alignment, enhancing interpretability and robustness
by encouraging learned states to conform to structured cognitive trajectories.

More recent work has shifted from generic robustness toward explicitly modeling
uncertainty and error-prone educational data. UKT [43] represents uncertainty in student
interactions through stochastic distribution embeddings and incorporates uncertainty-
aware contrastive learning. RobustKT [26] decouples cognitive patterns from error-prone
response data, addressing the mismatch between observed responses and latent knowledge
mastery. These studies align with our motivation, as English learning data often contain
random guessing, careless mistakes, typographical errors, and item-specific shortcuts.

Consistency regularization provides another approach to robustness. General-purpose
methods such as R-Drop [44] encourage consistent output distributions under stochas-
tic dropout perturbations. In KT, sequence augmentation and representation alignment
have been used to stabilize learning-state representations [41,43]. However, conventional
augmentation and masking strategies may perturb correctness labels or disrupt causal
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state-transition signals. This issue is problematic in KT, where correctness is the primary
observable evidence of knowledge-state changes. To address this, our framework employs
an attribute-masked consistency regularization mechanism. By masking specific historical
problem identifiers while preserving their correctness labels, the model is discouraged
from relying on superficial item co-occurrence patterns and is instead encouraged to trace
underlying learner competence.

These robust KT methods have effectively highlighted the issue of noisy data and
proposed various regularization techniques. However, many existing strategies, such as
adversarial training or contrastive learning, primarily focus on perturbing input embed-
dings or aligning sequence-level representations globally. Our thesis argues that a more
direct approach is needed to prevent the model from overfitting to specific item identifiers
(ID-overfitting), a common issue in sparse educational datasets. Merely adding noise to
embeddings does not guarantee that the model captures the underlying concept mastery. To
this end, our work introduces attribute-masked consistency regularization. By forcing the
model to maintain predictive consistency even when problem identifiers are masked, we
compel the model to learn from the trajectory of correctness and exercise attributes rather
than memorizing item-specific patterns, thus building a more robust and generalizable
representation of learner competence.

3. Our Proposed Framework
3.1. Problem Formulation and Input Representation

English knowledge tracing aims to predict future response performance based on his-
torical sequential interactions [17,18,29]. Given an interaction sequence X = {x1, x2, . . . , xT}
for a learner, each interaction at time step t is represented as a tuple xt = (qt, st, rt), where
qt denotes the specific exercise, st denotes the corresponding linguistic skill, and rt ∈ {0, 1}
denotes the response correctness. The objective is to estimate the probability that the learner
will correctly answer the next exercise. Formally, given the historical interactions before
time step t + 1, the model predicts:

r̂t+1 = P(rt+1 = 1 | x1, x2, . . . , xt, qt+1, st+1). (1)

To support sequential neural modeling, discrete interactions must be projected into a
continuous latent space [18–20], as illustrated in Figure 1. A naive representation strategy
typically sums or concatenates the exercise and skill embeddings. However, exercises asso-
ciated with the same skill often exhibit varying degrees of inherent difficulty. Overlooking
this intra-skill difficulty variation restricts the representational capacity of the model.

To capture this variation, we adopt a difficulty-aware representation mechanism
inspired by the Rasch model in psychometrics and its use in attention-based KT
models [20,45]. Specifically, the representation for a given exercise et ∈ Rd is formulated as:

et = pqt + sst + µqt vst , (2)

where pqt ∈ Rd and sst ∈ Rd are the base embeddings for exercise qt and skill st, respec-
tively. The scalar µqt ∈ R models the inherent difficulty bias of the exercise, and vst ∈ Rd

serves as a skill-specific variation vector. The interaction term µqt vst adjusts the semantic
representation of the skill based on the difficulty of the exercise.

The interaction representation xt ∈ Rd is then obtained by incorporating the response
correctness:

xt = et + art , (3)
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where art ∈ Rd denotes the embedding of the response label rt. The sequence of continuous
interaction embeddings x1, x2, . . . , xT} is then used as the input for tracking the multi-level
knowledge states of the learner.

Figure 1. Illustration of the problem formulation and the difficulty-aware input representation.
The framework maps discrete sequential interactions into a continuous latent space, where exercise
difficulties adaptively modulate the skill semantics.

3.2. Profile-Driven Multi-Level State Tracking and Forgetting

To capture the cognitive dynamics of learners, our framework tracks knowledge states
at three distinct granularities:

Global Ability State (hg
t ): Represents the learner’s generalized latent proficiency and

overall learning pace across the entire domain.
Skill Mastery State (hs

t,s): Measures the explicit mastery level of specific abstract
linguistic concepts or skills.

Problem Memory State (hp
t,q): Captures item-specific short-term familiarity, rote mem-

orization, or localized impression towards exact exercises.
As illustrated in Figure 2, at each time step t, the framework retrieves the previous

states, applies profile-driven cognitive decay, uses them for the current prediction, and
finally updates them with the new interaction.

3.2.1. Profile-Driven Cognitive Decay

Let τs(t) and τp(t) denote the time steps of the most recent prior interactions for
the current skill st and problem qt, respectively. At step t, the framework retrieves the
corresponding historical states: the previous global state hg

t−1, the historical skill state hs
τs(t),

and the historical problem state hp
τp(t). For notational simplicity, we denote the retrieved

historical state at level k ∈ {g, s, p} as hk
prev.
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Figure 2. The overall architecture of the Profile-Driven Multi-Level State Tracking and Forgetting
mechanism. A unified set of physiological parameters dynamically generated from the causal learner
profile synchronously controls the temporal decay across the global ability, skill mastery, and problem
memory states.

Because these multi-level states represent the knowledge of a single learner, their decay
patterns are governed by a synchronized cognitive process, consistent with forgetting-aware
KT studies that incorporate temporal decay into learner-state modeling [35,37]. We use
the dynamic causal learner profile pt to generate a unified set of memory parameters via
two networks:

ξt = softplus
(
Wξpt + bξ

)
+ ϵ, (4)

λt = λmin + (λmax − λmin) · σ(Wλpt + bλ), (5)

where ξt > 0 represents the individualized forgetting rate and λt ∈ [λmin, λmax] denotes
the asymptotic lower bound of retention.

In the English learning process, learners exhibit highly heterogeneous forgetting
behaviors due to differences in cognitive abilities, prior knowledge, and learning habits.
To model this heterogeneity, our mechanism abandons the traditional assumption of a
uniform decay rate. Instead, we map each learner’s unique causal profile to personalized
cognitive parameters. Specifically, the individualized forgetting rate ξt and the minimum
retention bound λt are dynamically generated for each student. Consequently, the state
transition function applies distinct decay trajectories to different learners: students with
strong foundational profiles experience slower cognitive decay (i.e., smaller ξt), while those
with weaker profiles exhibit faster forgetting. By injecting these personalized parameters
into the multi-level state tracking, the model effectively captures and distinguishes the
diverse memory retention patterns across the learner population, thereby achieving a truly
personalized modeling of heterogeneous forgetting.

The decay of each state differs based on its exposure interval. Let ∆tk denote the time
gap for level k:

∆tg = 1, ∆ts = t − τs(t), ∆tp = t − τp(t). (6)
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The profile-adaptive retention factor Mk
t is defined as:

Mk
t = λt + (1 − λt) · exp(−ξt∆tk). (7)

To handle newly encountered skills or exercises (i.e., τ(t) = 0), we set Mk
t = 1.

Additionally, a state-level gate vector gk
t is learned directly from the latent state

representation, independent of explicit temporal features:

gk
t = σ(Wkhk

prev + bk). (8)

Combining the learned gate and the retention factor, the decayed hidden states h̃kprev
used for the current prediction are computed via element-wise multiplication:

h̃k
prev = hk

prev ⊙ gk
t ⊙Mk

t , k ∈ {g, s, p}. (9)

3.2.2. Residual State Update

Following the prediction, the interaction embedding xt is used to update the decayed
knowledge states. To mitigate gradient degradation over long interaction sequences, we
apply a residual update with a hyperbolic tangent non-linearity:

hk
t = h̃k

prev + tanh
(

Wk
up

[
h̃k

prev ; xt

]
+ bk

up

)
, k ∈ {g, s, p}, (10)

where [· ; ·] denotes vector concatenation, and Wk
up and bk

up are learnable projection param-
eters for level k. These updated representations hk

t are then written into their respective
memory matrices, serving as the historical states for future retrievals.

3.3. Multi-Scale State Fusion and Prediction

Predicting the response of a learner to a specific English exercise requires evaluating
the cognitive state of the learner. A learner with high global ability might answer a question
incorrectly if the memory of a specific grammatical rule has decayed or if the target exercise
is inherently difficult. Therefore, relying on a single granularity of knowledge states is
insufficient for accurate competence tracing.

To address this, we propose a multi-scale state fusion strategy. At time step t, before
the learner attempts the target exercise qt, the model aggregates the multi-grained historical
cognitive context and the target exercise representation. Specifically, the decayed global
ability state h̃g

prev (macro-level), the decayed skill mastery state h̃s
prev (meso-level), and the

decayed problem memory state h̃p
prev (micro-level) are concatenated with the difficulty-

aware exercise embedding et. This operation forms a multi-scale feature vector ft ∈ R4d:

ft =
[
h̃g

prev ; h̃s
prev ; h̃p

prev ; et

]
. (11)

By projecting these three tracking levels and the target exercise into a shared feature
space, the model learns to dynamically weigh the importance of global proficiency, concept-
specific mastery, and item-specific familiarity.

Finally, the fused state vector ft is fed into a feed-forward neural network to estimate
the probability of a correct response. The prediction network is formulated as a two-layer
Multi-Layer Perceptron (MLP) with a non-linear activation:

r̂t = σ
(

W(2)
outReLU

(
W(1)

outft + b(1)
out

)
+ b(2)

out

)
, (12)
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where W(1)
out ∈ Rd×4d, W(2)

out ∈ R1×d, and b(1)
out, b(2)

out are learnable parameters. To prevent
overfitting on sparse response trajectories, dropout regularization is applied to the hidden
representations during training. The final output r̂t ∈ (0, 1) obtained via the sigmoid
function σ(·) represents the predicted probability that the learner will correctly answer the
target exercise at step t.

This prediction score r̂t serves as the basis for the supervised binary cross-entropy
optimization and acts as the original probability distribution r̂ori

t used in the subsequent
masked consistency regularization.

3.4. Noise-Resistant Masked Consistency Regularization

English assessment data frequently contain noisy observations of learner competence.
For tasks involving vocabulary discrimination or multiple-choice grammar questions,
learners may answer correctly through random guessing. Conversely, in spelling or cloze
exercises, an incorrect response might arise from a typographical error rather than a lack
of knowledge. Consequently, observed response labels are not fully reliable indicators of
underlying proficiency.

The gap between observable performance and latent competence can mislead knowl-
edge tracing models. If a model relies strictly on local response labels, it may interpret
a random guess as an improvement in mastery, or a careless error as a degradation of
knowledge. This sensitivity to isolated response fluctuations is problematic in English
learning, where assessment records are often sparse and noisy.

To improve robustness against noise, we introduce an attribute-masked consistency
regularization strategy. The intuition is that a reliable model should not alter the assessment
of future performance when a small portion of historical problem identifiers is hidden,
provided that the actual correctness of those responses remains known. By masking specific
exercises while retaining the response outcomes, we force the model to infer the cognitive
state from the broader correctness trajectory rather than overfitting to item-specific co-
occurrence patterns, as illustrated in Figure 3.

Figure 3. Illustration of the attribute-masked consistency regularization strategy. A subset of historical
problem identifiers is replaced with a special mask token while their correctness labels remain strictly
unchanged. The model is forced to yield consistent predictions on the unmasked future steps across
both the original and masked views.

Given an original sequence of interactions X = {(qt, st, rt)}T
t=1, a subset of valid

positions is randomly selected, and the corresponding problem identifiers are replaced
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with a special mask token, following the general masked modeling paradigm widely used
in representation learning [46]. The masked problem sequence is defined as:

q̃t =

qmask, t ∈ M,

qt, t /∈ M,
(13)

where M denotes the set of masked positions and qmask denotes the special token indicating
that the exercise identity is unavailable. The observed response rt remains unchanged. This
operation produces an augmented sequence of interactions:

X̃ = {(q̃t, st, rt)}T
t=1. (14)

The model processes both the original sequence and the masked sequence. Formally,
the two predictive views are formulated as:

r̂ori
t = fθ(X ), (15)

r̂mask
t = fθ(X̃ ). (16)

Although the masked view omits specific problem identifiers, it retains the correctness
sequence and causal state updates. Therefore, predictions derived from both views for the
remaining unmasked future steps should remain consistent. This consistency requirement
prevents the model from overfitting to individual response outcomes and forces it to
estimate competence from broader contextual evidence. By enforcing prediction stability
under problem masking, the proposed strategy mitigates the impact of noisy assessment
signals and improves the tracing of language competence.

3.5. Joint Optimization and Overall Objective

The proposed framework is optimized under a joint objective that balances two
complementary requirements. First, the model must fit the observed assessment outcomes,
as response correctness provides direct supervision for knowledge tracing. Second, the
model should avoid overfitting to noisy response fluctuations, such as random guesses,
careless mistakes, or typographical errors. Therefore, we combine a standard supervised
prediction objective with a masked consistency regularization term.

For the supervised branch, the model takes the original interaction sequence as input
and predicts the probability of a correct response at each valid time step. Given the original-
view prediction r̂ori

t and the observed response label rt, we define the binary cross-entropy
loss as:

LBCE = − 1
|Ω| ∑

t∈Ω

[
rt log r̂ori

t + (1 − rt) log(1 − r̂ori
t )

]
, (17)

where Ω denotes the set of valid non-padding positions. This term ensures that the learned
knowledge state remains predictive of actual response performance.

For the consistency branch, the model processes the masked interaction sequence
introduced and produces the masked-view prediction r̂mask

t . Because the masked view
removes the problem context at step t ∈ M, the prediction for that specific step will
naturally deviate. However, subsequent estimates of the knowledge state for the remaining
unmasked exercises should remain consistent with the original-view predictions. We
therefore define the masked consistency objective strictly over the valid, non-padding
positions that are not masked:

Lcons =
1

|Ω \M| ∑
t∈Ω\M

(
r̂mask

t − sg(r̂ori
t )

)2
, (18)
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where sg(·) denotes the stop-gradient operation. Using the Mean Squared Error (MSE)
encourages the continuous probability distributions of the two views to align. By apply-
ing this constraint to the unmasked future trajectory, the model mitigates the impact of
noisy historical interactions without penalizing the necessary uncertainty at the masked
steps themselves.

The final optimization objective is formulated as:

L = LBCE + αLcons, (19)

where α controls the strength of the consistency regularization.
Through this joint optimization, the model learns from observed assessment records

while reducing sensitivity to unreliable response cues. The supervised objective anchors
predictions to actual performance, whereas the consistency objective encourages stable pre-
dictions under partial attribute masking. Consequently, the framework learns competence-
oriented representations from sparse and noisy learning data.

4. Experiments and Results Analysis
4.1. Experimental Preparation
4.1.1. Datasets

To ensure comparability with state-of-the-art baselines and to adhere to the standard
evaluation protocols in the field of Knowledge Tracing, we utilize ASSISTments2009 and
Algebra2005. These established benchmarks provide a rigorous testing ground for our
model’s cognitive mechanisms.

ASSISTments2009 (AS09).
The ASSISTments2009 dataset was collected from the ASSISTments online tutoring

platform during the 2009–2010 school year. Serving as a standard benchmark for knowledge
tracing research, it provides a medium-scale online tutoring scenario suitable for evaluating
the capacity of the model to track the evolving knowledge states of learners from sequential
interactions.

Algebra2005 (AL05). The Algebra2005 dataset originates from the KDD Cup 2010
Educational Data Mining Challenge and records step-level responses to algebra problem-
solving tasks. Compared with AS09, AL05 contains longer learning sequences and a sparser
concept-to-exercise structure, making it useful for examining whether a model can maintain
stable estimations of learner states over extended interaction histories.

Although our research is motivated by English language learning, we utilize the
ASSISTments2009 and Algebra2005 datasets for empirical validation for two key reasons:

(1) Benchmarking Cognitive Mechanisms: These datasets are the most established bench-
marks for evaluating KT models’ ability to handle cognitive heterogeneity and noisy
labels. Since our model aims to solve these exact theoretical problems, validating on
these rigorous datasets ensures the robustness of our proposed mechanism.

(2) Generalizability: Second-language acquisition shares strong statistical similarities
with other learning processes (e.g., power-law forgetting curves and sparse inter-
action patterns). Therefore, demonstrating effectiveness on these standard mathe-
matical datasets serves as a rigorous “proof of concept” for the model’s underlying
cognitive logic, which can be seamlessly transferred to English datasets in future
work.characteristics.

4.1.2. Baselines

To evaluate the proposed model, we compare it with eight representative knowledge
tracing baselines. These methods cover a broad spectrum of architectures, including
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recurrent neural networks, memory-augmented networks, attention mechanisms, and
Transformer variants. Furthermore, they encompass recent advancements that emphasize
forgetting awareness, length stability, and explicit state alignment.

DKT [18]. Deep Knowledge Tracing (DKT) is a classic KT model based on recurrent
neural networks. It uses the hidden state of a recurrent network to summarize historical
interactions and predict future responses.

DKVMN [19]. Dynamic Key-Value Memory Network (DKVMN) introduces an ex-
ternal key-value memory structure for knowledge tracing. The key matrix represents
knowledge concepts, whereas the value matrix is updated dynamically to reflect the mas-
tery states of learners.

AKT [20]. Context-Aware Attentive Knowledge Tracing (AKT) incorporates em-
beddings based on the Rasch model alongside attention modules to capture contextual
dependencies among learning interactions.

DTransformer [30]. DTransformer is a Transformer-based KT model designed to obtain
stable representations of knowledge states. It applies diagnostic sequence modeling to
improve tracing beyond surface-level interaction fitting.

FolibiKT [35]. FolibiKT extends attentive knowledge tracing by introducing a linear
bias that models forgetting behaviors. This mechanism explicitly incorporates temporal
forgetting information into the prediction process.

simpleKT [31]. simpleKT serves as a streamlined yet competitive KT baseline. It
reduces architectural complexity while maintaining strong predictive accuracy.

stableKT [32]. stableKT improves the length generalization of KT models. It introduces
a linear bias mechanism to enhance stability when tracking long interaction sequences.

AlignKT [42]. AlignKT explicitly models the knowledge states of learners through an
ideal-state alignment framework. It further employs contrastive learning to improve the
quality of state representations.

4.1.3. Evaluation Metrics

Knowledge tracing is commonly formulated as a binary prediction task, where a model
estimates the probability that a learner will answer the next exercise correctly. Following
standard practice in KT research, we evaluate all models using two metrics: the Area Under
the Receiver Operating Characteristic Curve (AUC) and Prediction Accuracy (ACC).

Area Under the Curve (AUC). AUC serves as the primary evaluation metric in our
experiments. It measures the ranking quality of predicted probabilities by evaluating
whether correct responses receive higher scores than incorrect responses. Formally, AUC is
calculated as

AUC =
∑i∈P ∑j∈N I(r̂i > r̂j) +

1
2I(r̂i = r̂j)

|P||N | , (20)

where P and N denote the sets of positive and negative response instances, respectively,
and I(·) represents the indicator function. This metric represents the probability that a
randomly selected correct response is ranked higher than a randomly selected incorrect
response. Because educational datasets frequently exhibit imbalanced distributions of
correct and incorrect responses, AUC remains unaffected by classification thresholds,
thereby providing a stable measure of discriminative capacity.

Prediction Accuracy (ACC). ACC measures the overall proportion of correctly classi-
fied responses. To compute ACC, the predicted probability r̂t is converted into a binary
prediction using a threshold of 0.5:

ŷt =

1, r̂t ≥ 0.5,

0, r̂t < 0.5.
(21)
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Subsequently, ACC is computed as:

ACC =
1
|Ω| ∑

t∈Ω
I(ŷt = rt), (22)

where Ω denotes the set of valid test instances. Compared with AUC, ACC provides an
intuitive interpretation but is more sensitive to label distribution and threshold selection.
Consequently, we report both AUC and ACC to ensure a thorough evaluation.

4.1.4. Experimental Environment and Implementation Details

The proposed framework is implemented using PyTorch 2.11.0 and trained on a
single NVIDIA GeForce RTX 5090 GPU. To ensure fair comparisons, all datasets undergo
an identical preprocessing protocol, where interaction sequences are either truncated or
padded to a maximum length of 200. Sequences containing fewer than three interactions are
discarded to guarantee that each sample provides sufficient historical context for sequential
modeling.

For the model configuration, the embedding dimension is set to 128. Optimization is
performed using the Adam optimizer with a learning rate of 0.002 and a weight decay of
1 × 10−5. The batch size is fixed at 128. To enhance numerical stability during optimization,
gradient clipping is applied with a maximum norm of 15.0.

For the masked consistency regularization, the masking ratio is set to 0.3, meaning that
30% of valid response positions are randomly replaced by a mask token during training.
The consistency coefficient is set to 0.1 to balance the supervised prediction objective and the
consistency regularization term. During evaluation, no masking mechanism is applied, and
the model predicts future responses based entirely on the original interaction sequences.

4.2. Experimental Analysis

To comprehensively evaluate the proposed framework, we conduct extensive experi-
ments to answer the following research questions. The results demonstrate our model’s
superiority in prediction accuracy and its robustness against noisy data, as detailed below.

RQ1: How does the proposed framework perform against state-of-the-art baselines on
real-world knowledge tracing datasets?

Table 1 presents the predictive performance of all evaluated models on the ASSIST-
ments2009 and Algebra2005 datasets. The experimental results show that the proposed
framework achieves the best AUC on both datasets, demonstrating its strong diagnostic
capability in ranking learners’ future response correctness. Since AUC measures the quality
of continuous prediction scores independently of a fixed decision threshold, it is used as
the primary evaluation metric in our analysis.

Table 1. Predictive performance on ASSISTments2009 and Algebra2005. Best in bold, second-best
underlined.

Model
ASSISTments2009 Algebra2005

AUC ACC AUC ACC

DKT 0.7552 0.7258 0.8149 0.8097
DKVMN 0.7479 0.7199 0.8065 0.8027
AKT 0.7805 0.7380 0.8139 0.8050
DTransformer 0.7763 0.7315 0.8188 0.8043
FolibiKT 0.7770 0.7325 0.8159 0.8035
simpleKT 0.7724 0.7293 0.8212 0.8069
stableKT 0.7766 0.7318 0.8275 0.8102
AlignKT 0.7857 0.7382 0.8323 0.8125

Ours 0.7929 0.7468 0.8495 0.8095
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On the ASSISTments2009 dataset, the proposed model obtains the highest AUC of
0.7929 and ACC of 0.7468. Compared with the strongest baseline, AlignKT, the proposed
approach yields absolute improvements of 0.72 percentage points in AUC and 0.86 per-
centage points in ACC. Furthermore, compared with FolibiKT, which incorporates a global
forgetting mechanism, the superior performance of the proposed framework suggests the
necessity of adaptive cognitive modeling. In language acquisition scenarios such as English
learning, memory decay may vary substantially across individuals due to differences in
linguistic intuition, prior vocabulary knowledge, and learning histories. By dynamically
generating forgetting parameters conditioned on individual learning profiles, the proposed
model can better capture heterogeneous cognitive dynamics than methods relying on
uniformly shared decay patterns.

On the Algebra2005 dataset, the proposed model achieves the highest AUC of 0.8495,
outperforming AlignKT and stableKT by 1.72 and 2.20 percentage points, respectively.
Although the proposed framework obtains a competitive ACC of 0.8095, it does not achieve
the best ACC on this dataset. This discrepancy is reasonable because ACC depends on a
fixed binary classification threshold and may therefore be more sensitive to threshold cali-
bration, response noise, and the distributional characteristics of long interaction sequences.
In contrast, AUC evaluates the overall ranking quality of prediction probabilities. The
substantial AUC improvement indicates that the proposed framework more effectively esti-
mates learners’ latent knowledge states, even when the final threshold-based classification
accuracy does not achieve the highest value.

RQ2: How does each proposed component contribute to the overall performance of
the framework?

To answer this question, we conduct an ablation study to evaluate the contribution
of individual core modules. We compare the complete framework against two ablated
variants. The first variant, denoted as w/o Profile-Driven Forgetting,” completely removes
the personalized memory decay mechanism. In this setting, the multi-level knowledge
states are updated sequentially without any explicit temporal decay applied to historical
tracking. The second variant, denoted as w/o Attribute-Masked Consistency,” disables the
stochastic problem masking during training and removes the corresponding consistency
regularization objective, relying strictly on the standard supervised binary cross-entropy
loss. The ablation results on both datasets are summarized in Table 2, and the absolute
performance drops are visually compared in Figure 4.

Removing the profile-driven forgetting mechanism leads to a substantial degradation
in predictive performance, indicating that it is the most critical component of the proposed
framework. As detailed in Table 2 and Figure 4, the “w/o Profile-Driven Forgetting”
variant experiences a severe drop on ASSISTments2009, with the AUC decreasing by
0.0137 to 0.7792 and the ACC falling by 0.0112 to 0.7356. A similar decline is observed on
Algebra2005, where the AUC drops by 0.0114 to 0.8381 and the ACC decreases by 0.0098 to
0.7997. This performance drop empirically validates our core motivation: assuming a static
or uniform memory process is highly insufficient. The dynamic, profile-driven multi-level
decay captures the heterogeneous forgetting trajectories of different learners, providing the
temporal dynamics needed for accurate long-term competence tracing.

Table 2. Ablation study of the proposed framework on ASSISTments2009 and Algebra2005.

Model
ASSISTments2009 Algebra2005

AUC ACC AUC ACC

Full Model (Ours) 0.7929 0.7468 0.8495 0.8095
w/o Profile-Driven Forgetting 0.7792 0.7356 0.8381 0.7997
w/o Attribute-Masked Consistency 0.7918 0.7454 0.8484 0.8082
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Figure 4. Absolute performance drop of the ablation variants compared to the full model on ASSIST-
ments2009 (AS09) and Algebra2005 (AL05).

While the performance drop is smaller, removing the masking module also results
in a consistent decline across all metrics on both datasets. For instance, without the
consistency regularization, the AUC drops by 0.0011 to 0.7918 on ASSISTments2009 and to
0.8484 on Algebra2005. The ACC exhibits a similar decrease of 0.0014 and 0.0013 on the
respective datasets. This degradation highlights the importance of the attribute-masked
consistency strategy. By forcing the model to yield stable competence estimations even
when specific problem identifiers are obscured, the regularization prevents the network
from overfitting to item-specific co-occurrence patterns and noisy responses. Collectively,
the ablation study demonstrates that both individualized cognitive modeling and noise-
resistant regularization are necessary for achieving optimal performance.

RQ3: How sensitive is the proposed framework to the attribute masking ratio, and
what is the optimal masking strategy?

To answer this question, we investigate the impact of the masking ratio, defined as
the proportion of problem identifiers replaced by the mask token during the consistency
regularization phase. We vary the mask ratio p from 0.15 to 0.60 with a step size of 0.15.
Figure 5 illustrates the performance drop from the optimal setting for both AUC and ACC.

The results show an inverted U-shaped trend for absolute performance across both
datasets, corresponding to the V-shaped drop curves in Figure 5. Peak performance occurs
when the mask ratio is set to 0.30. Specifically, on the ASSISTments2009 dataset, the AUC
peaks at 0.7929 and the ACC reaches 0.7468. Similarly, on Algebra2005, performance
maximizes at an AUC of 0.8495 and an ACC of 0.8095. Deviating from this optimal value
leads to a consistent degradation in predictive accuracy.
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Figure 5. Performance drop from the optimal results under varying mask ratios on ASSISTments2009
(AS09) and Algebra2005 (AL05). The lowest performance drop is consistently achieved at a mask
ratio of 0.30.

This phenomenon reflects a trade-off between noise-resistant regularization and the
preservation of sequential learning context. For a small mask ratio (p = 0.15), the aug-
mented view remains largely identical to the original interaction sequence. The consistency
constraint is therefore too weak to reduce reliance on item-specific memorization, leaving
the model vulnerable to noisy assessment behaviors such as random guessing or careless
slips. Consequently, the model slightly underperforms.

Conversely, larger mask ratios (p ≥ 0.45) cause more severe performance deteriora-
tion. At a mask ratio of 0.60, the AUC drops to 0.7921 on ASSISTments2009 and 0.8489 on
Algebra2005, alongside a sharp decrease in accuracy. This decline occurs because masking
too many problem identifiers removes necessary micro-level contextual anchors. Although
the overarching correctness trajectory is preserved, the model loses track of the specific
exercises the learner attempts, making it difficult to accurately update the localized prob-
lem memory state hp. In extreme cases, the augmented sequence becomes structurally
fragmented, forcing the model to align predictions with distorted states and impairing
tracking precision.

Therefore, a moderate mask ratio of 0.30 provides an optimal balance. It introduces
sufficient perturbation to prevent item-level overfitting while preserving enough exercise-
specific context for accurate, multi-grained knowledge state tracking.

RQ4: How does the learning rate affect the predictive performance and optimization
stability of the proposed framework?

To answer this question, we evaluate the framework under three learning rates: 0.0002,
0.002, and 0.02. Figure 6 shows the predictive performance in terms of AUC and ACC on
the ASSISTments2009 and Algebra2005 datasets.

Figure 6. Predictive performance heatmaps of the proposed framework under varying learning
rates on ASSISTments2009 (AS09) and Algebra2005 (AL05). The optimal performance is consistently
achieved at a learning rate of 0.002.
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The results show that the framework achieves optimal performance at a learning
rate of 0.002 across both datasets. At this rate, the model obtains an AUC of 0.7927 and
an ACC of 0.7468 on ASSISTments2009, and an AUC of 0.8495 and an ACC of 0.8095 on
Algebra2005. Deviating from this value degrades predictive performance.

When the learning rate is reduced to 0.0002, performance drops substantially. The AUC
decreases to 0.7436 on ASSISTments2009 and 0.7581 on Algebra2005. This decline indicates
that a small learning rate causes the optimization process to converge too slowly. Conse-
quently, the model becomes trapped in local minima and fails to learn the complex temporal
dynamics of the multi-level knowledge states within the designated training epochs.

Conversely, increasing the learning rate to 0.02 also decreases performance, resulting
in an AUC of 0.7852 on ASSISTments2009 and 0.8342 on Algebra2005. A large learning
rate induces instability during gradient descent, causing parameter updates to oscillate
and overshoot the optimal solution. This instability prevents the parameter-generation net-
works from finely tuning the personalized forgetting rates and minimum retention bounds.

Therefore, a learning rate of 0.002 provides an optimal balance between convergence
speed and optimization stability, enabling accurate competence tracing.

RQ5: How does the hidden state dimensionality impact the representational capacity
and prediction accuracy of the model?

To answer this question, we investigate the sensitivity of the proposed framework to
the hidden embedding dimension d. We evaluate the model by setting d ∈ {64, 128, 256}.
Figure 7 visualizes the predictive performance across the ASSISTments2009 and Alge-
bra2005 datasets.

Figure 7. Predictive performance radar charts of the proposed framework under varying hidden
dimensions (d ∈ {64, 128, 256}) on ASSISTments2009 (AS09) and Algebra2005 (AL05). The optimal
balance is consistently achieved at d = 128.

Results indicate that the framework achieves peak performance at a hidden dimension
of 128. At this dimensionality, the model yields an AUC of 0.7929 and an ACC of 0.7468 on
ASSISTments2009, and an AUC of 0.8495 and an ACC of 0.8095 on Algebra2005. Deviating
from this dimension decreases predictive accuracy.

Reducing the hidden dimension to 64 slightly decreases performance, with the AUC
dropping to 0.7921 on ASSISTments2009 and 0.8489 on Algebra2005. This degradation
suggests that a compact latent space lacks sufficient representational capacity. It restricts
the model from capturing semantic interactions between exercises and skills, limiting the
expressiveness required to maintain individualized multi-level knowledge states.

Conversely, increasing the hidden dimension to 256 causes a more pronounced perfor-
mance drop. The AUC decreases to 0.7915 on ASSISTments2009 and 0.8468 on Algebra2005.
This drop is primarily attributed to overfitting and parameter redundancy. For sparse
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educational interaction sequences, high-dimensional embeddings introduce noise. Further-
more, the large parameter space makes it difficult for the parameter-generation networks
to output stable memory decay parameters.

Therefore, a hidden dimension of 128 provides the optimal trade-off between repre-
sentational expressiveness and model generalization, ensuring the accurate tracking of
learners’ language competence.

5. Conclusions and Discussion
5.1. Synthesis of Key Findings

In this study, we proposed a novel framework for robust English knowledge tracing.
Through extensive empirical analysis on two benchmark datasets, our results demonstrate
that integrating personalized cognitive mechanisms with noise-resilient training signif-
icantly outperforms state-of-the-art baselines. Specifically, our analysis reveals that the
performance gain is primarily driven by the profile-driven adaptive forgetting mechanism.
Unlike traditional models that treat forgetting as a global constant, our findings confirm
that learners exhibit highly heterogeneous memory decay patterns. By dynamically gener-
ating individualized forgetting parameters, the model successfully captures these subtle
cognitive differences, leading to more accurate predictions of future performance.

5.2. Discussion on Robustness and Prior Literature

Furthermore, the attribute-masked consistency regularization proved essential in
mitigating the impact of noisy evaluation data. Prior studies often relied on adversarial
training to improve robustness, which can sometimes introduce artificial perturbations
that deviate from real learning behaviors. Our analysis suggests that enforcing predictive
consistency under masked conditions is a more cognitively plausible approach. It forces
the model to rely on the underlying trajectory of concept mastery rather than memorizing
specific item identifiers. This finding not only validates our central thesis but also provides
empirical evidence that addressing data sparsity and noise requires structural constraints
rather than mere data augmentation.

Ultimately, this research leads us to the conclusion that reliable knowledge tracing in
language learning cannot be achieved solely through deeper neural architectures; it requires
an explicit integration of cognitive science principles. Beyond theoretical contributions, our
proposed framework offers concrete implications for the current higher education scene.
For instance, in large-enrollment English courses, instructors often struggle to identify
individual learning bottlenecks. Our model can be integrated into Intelligent Tutoring
Systems (ITS) to dynamically track students’ heterogeneous forgetting patterns, thereby
triggering personalized review interventions rather than relying on uniform assignments.
Furthermore, by making the knowledge tracing process transparent, our approach supports
the student-centered learning paradigm widely advocated in modern higher education,
ultimately reducing teachers’ workload while improving learning efficiency.

Looking forward, while our current experiments have rigorously validated the model’s
generalizability on standard benchmarks, we recognize the importance of domain-specific
validation. Future work will focus on extending this framework to dedicated language
learning corpora, such as the Duolingo SLAM datasets or EAnatole. This will allow us to fur-
ther investigate how the model captures unique linguistic features (e.g., semantic relation-
ships) and to fine-tune its scalability in real-world second-language acquisition platforms.
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