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ABSTRACT
Knowledge Tracing (KT) aims to align with learners’ evolving
knowledge states by modeling sequential learning signals, thereby
enabling educators to anticipate potential dropout risks. However,
most existing KT approaches assume each question involves only
one concept, known as Single Concept KT (SCKT). In real-world
educational scenarios, a question often involve multiple concepts,
while the absence of Multi Concept KT (MCKT) methods forces
models to capture only isolated factors such as forgetting, guessing,
or difficulty. Moreover, compressing inherently multi-concept learn-
ing signals into single-concept representations results in irreversible
information loss, which we describe as falling into Hume’s Limits
of Imagination Paradox, the inability of an agent to imagine what
has never been experienced. This distortion leads to overfitting and
restricts both accuracy and interpretability. To address these is-
sues, we propose Sequential Learning signAl Modeling (SLAM) for
MCKT. SLAM introduces relation-aware embeddings to represent
multi-concept questions, employs a monotonic attention mechanism
to model forgetting behaviors in sequential signals, and designs
decoders to jointly capture concept mastery, guessing, slipping, and
difficulty. Experiments on two large-scale datasets show that SLAM
outperforms state of the art models by up to 4% in AUC, confirming
its effectiveness and interpretability for MCKT.

Index Terms— Knowledge Tracing, Learning Signal Modeling,
AI for Education, Intelligent Tutoring System

1. INTRODUCTION

In educational data mining, a knowledge component (KC) is re-
garded as the minimal unit of knowledge required to solve an item
[1, 2]. Knowledge Tracing (KT) dynamically aligns learners’ mas-
tery of KCs with sequential learning signals, which not only sup-
ports understanding of individual learning processes but also pro-
vides practical value for preventing dropout risks [3, 4]. KT re-
search dates back to the rise of Intelligent Tutoring Systems (ITSs)
and Massive Open Online Courses (MOOCs) [5, 6], where massive
amounts of learner interaction data became available.

Over the past three decades, researchers have investigated mul-
tiple factors underlying learning processes, such as forgetting effects

∗These authors contributed equally to this work.
†Corresponding author.
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Fig. 1: Sequential learning signals with multiple factors.

[1, 7], concept mastery [8, 9, 10], guessing and slipping probabilities
[11, 12], item difficulty [13, 14], and learning styles [15]. These fac-
tors provide multiple perspectives for understanding learning signals
and help facilitate personalized learning [16, 17, 18].

With the success of deep learning, Deep Knowledge Tracing
(DKT) [19] first introduced Long Short-Term Memory (LSTM) net-
works [20] to model sequential learning data. This was followed
by the development of the Dynamic Key-Value Memory Network
(DKVMN) [21], the Self-Attentive Knowledge Tracing (SAKT) model
[22], the Attentive Knowledge Tracing (AKT) framework [22], the
Sequential Self-Attentive Knowledge Tracing (SSAKT) model [23],
and the Forgetting-Aware Linear Bias Knowledge Tracing (Folibikt)
approach [24], which significantly improved predictive performance.
However, these methods predominantly fall under Single-Concept
Knowledge Tracing (SCKT), assuming each item involves only one
KC. In real educational settings, items frequently involve multiple
KCs. Forcing inherently multi-concept signals into single-concept
representations causes irreversible information loss. We describe
this as Hume’s Limits of Imagination Paradox [25]: just as hu-
mans cannot imagine what they have never experienced, KT models
constrained to single-concept inputs inevitably suffer from represen-
tational distortion, overfitting, and reduced interpretability.

Figure 1 presents a simplified learning scenario with three learn-
ers, three KCs, and ten items. Interactions between learners, items,
and associated KCs form sequential learning signals. The figure
highlights several key factors commonly observed in learning: (i)
differences in learning style; (ii) forgetting effects; (iii) variation in
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Fig. 2: SLAM framework for multi-concept knowledge tracing.

concept mastery across learners; (iv) guessing and slipping; and (v)
item difficulty. This example underscores the need for KT mod-
els to integrate heterogeneous signals to achieve accurate and in-
terpretable Multi-Concept Knowledge Tracing (MCKT). Yet existing
approaches typically address only subsets of these factors and lack a
unified framework for multi-concept signal modeling.

To address these limitations, we propose Sequential Learning
signAl Modeling (SLAM) for MCKT. SLAM introduces relation-
aware embeddings to represent multi-concept items, employs a
monotonic attention mechanism to capture forgetting behaviors, and
incorporates decoders to jointly model mastery, guessing, slipping,
and difficulty. The main contributions of this work are:

1. We propose relation-aware embeddings to distinguish items
involving multiple KCs, going beyond prior approaches that
average concept vectors.

2. We design a unified framework that integrates multiple learn-
ing factors—learning style, forgetting, mastery, guessing/s-
lipping, and difficulty—into sequential signal modeling.

3. We evaluate SLAM on two large-scale real-world datasets,
showing up to 4% AUC improvement over SOTA KT models,
while enhancing interpretability of the learning process.

2. METHOD

The proposed SLAM consists of three core modules: (i) relation-
aware multi-concept embeddings, (ii) a knowledge-level retriever,
and (iii) a multi-factor decoder. Figure 2 illustrates the SLAM ar-
chitecture and its modular components. The input to SLAM is a
sequence of learner–item interactions, and the output is the prob-
ability of correctly answering the next item. At time step n, the
historical sequence is denoted as Xn = {x1, x2, . . . , xn−1}, where
xi = (qi,Kci, ai) represents an interaction at step i. Here, qi is
the item identifier, Kci = {Kci1,Kci2, . . . ,Kcim} is the set of
knowledge components (KCs) associated with the item, m denotes
the variable number of KCs per item, and ai ∈ {0, 1} is the learner’s
response (0 = incorrect, 1 = correct). The model estimates the prob-
ability Pn that the learner answers item qn correctly.

SLAM processes these signals in three stages. First, relation-
aware multi-concept embeddings represent items and interactions.
Second, a knowledge-level retriever with monotonic attention ex-
tracts hidden knowledge states from past signals while modeling
forgetting effects. Finally, the multi-factor decoder separates four
interpretable factors: concept mastery, guessing probability, slipping

Algorithm 1 Relation-aware Question Embedding

Require: Item identifier que and its concept set Kc =
{K1,K2, . . . ,Km}

Ensure: Relation-aware question embedding e
1: Initialize parameters WC

Q ,WC
K ,WC

V ,Wque

2: q = que ·Wque, C = Kc ·WC
K

3: QueryC = C ·WC
Q , V alueC = C ·WC

V

4: KeyC = [q]m ·WC
K

5: wC
i =

exp(⟨QueryC
i ,KeyC

i ⟩)∑m
j=1 exp(⟨QueryC

j ,KeyC
j ⟩)

6: e =
∑m

i=1 w
C
i · V alueCi

7: return e

probability, and item difficulty, to predict learner responses. The fol-
lowing subsections describe each module in detail.

2.1. Relation-Aware Multi-Concept Embeddings

To distinguish different items involving the same concept set and to
address the over-parameterization of simple averaging methods, we
design relation-aware embeddings. This approach jointly incorpo-
rates the item identifier, its associated concept set, and the learner’s
response outcome to generate a question embedding e and an inter-
action embedding x.

Before presenting the pseudocode, we define the notations: que
denotes the item identifier, Kc = {K1, . . . ,Km} represents the set
of concepts associated with the item, a ∈ {0, 1} is the learner’s
response (0 for incorrect, 1 for correct). The embedded representa-
tions are denoted as q, C, and CL; Query, Key, and V alue denote
mapped vectors; wi is the attention weight; e is the relation-aware
question embedding; and x is the relation-aware interaction embed-
ding enriched with learning style. The embedding procedures are
described in the following algorithms. Algorithm 1 presents the con-
struction of relation-aware embeddings for questions. Algorithm 2
extends this to learner–item interactions by incorporating response
outcomes and learning style information. The embeddings e and x
produced here are then passed into the knowledge-level retriever de-
scribed in Section 2.2, ensuring smooth integration of relation-aware
representations into the subsequent learning process.

2.2. Knowledge-Level Retriever

The knowledge-level retriever is based on a Transformer encoder
with two task-specific modifications: (i) a monotonic attention
mechanism that incorporates time intervals and exponential decay
to simulate forgetting, and (ii) an upper-triangular mask to prevent
information leakage from future interactions.

The inputs are the question embedding sequence E = {e2, . . . , en}
and the interaction embedding sequence X = {x1, . . . , xn−1}.
These are projected into query, key, and value spaces:

EQ = EWQ, EK = EWK , XV = XWV (1)

The monotonic attention weights are adjusted by a time distance
d(n, i) and an exponential decay factor:

αn,i = Softmax
(

Mask
(
exp(−θ · d(n, i))(EQ

n )TEK
i√

dimk

))
(2)

Multi-head attention aggregates these weights with XV , and
the outputs are processed by a feed-forward network with residual
and normalization layers. This yields the hidden knowledge states
{h2, . . . , hn}.
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Algorithm 2 Relation-aware Interaction Embedding

Require: Interaction (que,Kc, a), where que is the item id, Kc =
{K1,K2, . . . ,Km} is the concept set, and a is the response

Ensure: Relation-aware interaction embedding x
1: Initialize parameters WL

Q ,WL
K ,WL

V ,Wque

2: q = que ·Wque

3: for j = 1 to m do
4: Caj = Kcj + |K| · a
5: end for
6: CL = LSTM(Ca)
7: QueryL = CL ·WL

Q , V alueL = CL ·WL
V

8: KeyL = [q]m ·WL
K

9: wL
i =

exp(⟨QueryL
i ,KeyL

i ⟩)∑m
j=1 exp(⟨QueryL

j ,KeyL
j ⟩)

10: x =
∑m

i=1 w
L
i · V alueLi

11: return x

2.3. Multi-Factor Decoder

The multi-factor decoder transforms hidden states {hi} into four in-
terpretable factors via linear and sigmoid layers: concept mastery
Li, guessing Gi, slipping Si, and difficulty Fi. First, difficulty ad-
justs mastery:

Lf
i = Li × (1− Fi) (3)

Then the probability of a correct response is computed as:

Pi = sigmoid
(
Lf

i (1− Si) + (1− Lf
i )Gi

)
(4)

This design ensures that predictions are both accurate and inter-
pretable through the lens of multiple educational factors.

3. EXPERIMENT

3.1. Experimental Setup and Datasets

We evaluate SLAM on two real-world datasets and compare it with
KT baselines.

Datasets. We use two widely adopted datasets: ASSIST-
ment [26] and EdNet [27]. ASSISTment contains about 8k learners,
110 concepts, nearly 7k questions, and 1.2M interactions, making
it a standard KT benchmark. EdNet is the largest public dataset
with 715k learners, 188 concepts, 12k questions, and 173M inter-
actions. Notably, nearly half of EdNet’s questions involve 2–7 con-
cepts, while most in ASSISTment involve only a single concept, of-
fering complementary evaluation settings.

Baseline Methods and Evaluation Metrics. We compare
SLAM against several representative KT methods, including Deep
Knowledge Tracing (DKT), Dynamic Key-Value Memory Network
(DKVMN), Self-Attentive Knowledge Tracing (SAKT), Attentive
Knowledge Tracing (AKT), and Sequential Self-Attentive Knowl-
edge Tracing (SSAKT) [28]. Effectiveness is measured by the area
under the ROC curve (AUC) [29] and accuracy (ACC), which cap-
ture the ability to predict binary-valued learner responses.

Training and Testing. SLAM is implemented in PyTorch.
We adopt 5-fold cross-validation, splitting learners into 60% train-
ing, 30% validation, and 10% testing. The validation set is used for
early stopping and parameter tuning. To ensure efficiency, sequences
longer than 200 are truncated or segmented, and each question is lim-
ited to at most 7 concepts (padded if fewer). Parameter initialization
follows prior work [30], and most models complete one epoch in
under 10 seconds, with a maximum of 300 epochs.
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Fig. 3: KC-level mastery and item-level outcomes of a learner across
the answer sequence. The vertical axis represents KCs, the hori-
zontal axis denotes the sequence of answered items, and the color
scale indicates the predicted mastery values. Groundtruth correct-
ness (0/1) is shown at the bottom as item-level outcomes.

Table 1: Performance (%) of KT methods on ASSISTment and Ed-
Net datasets. Best results are bold and underlined.

Model ASSISTment EdNet

AUC ACC AUC ACC

DKT-R 78.22 71.51 66.29 67.88
DKVMN-R 75.70 69.51 66.06 67.04
SAKT-R 77.28 71.01 71.22 69.34
AKT-R 79.26 72.22 74.96 71.42
SSAKT-R 80.24 71.11 74.51 67.51
Folibikt-R 80.92 73.57 75.71 71.81
SLAM (Ours) 81.71 74.04 76.76 72.58

3.2. Performance Prediction

Table 1 reports the performance (%) of all Knowledge Tracing
(KT) methods across the two datasets in predicting future learner
responses. We present averages over five test folds. For reference,
“X-R” indicates that the embedding module of model X is replaced
with the relation-aware multi-concept embeddings proposed in this
work. The best results are highlighted in bold and underlined.

We observe that SLAM outperforms all baselines on both AS-
SISTment and EdNet. Compared with the sub-optimal SSAKT,
SLAM improves AUC by 1.83% on ASSISTment and 3.01% on Ed-
Net, confirming the benefit of integrating multiple learning factors
for KT. Furthermore, attention-based models (SAKT, AKT, SSAKT,
Folibikt, and SLAM) consistently surpass memory network-based
DKVMN and recurrent network-based DKT, highlighting the flex-
ibility and effectiveness of attention mechanisms in capturing rich
sequential information.

3.3. Ablation Study

To evaluate the core innovations of SLAM—relation-aware multi-
concept embeddings and multi-factor decoding—we conducted two
types of ablation experiments, and the results are summarized in Ta-
ble 2. First, for embeddings, we replaced baseline models’ original
embeddings with relation-aware embeddings (-R) or average embed-
dings (-M). Results show consistent improvements for -R over -M.
For example, on ASSISTment, AUC gains are 2.1% for DKT and
3.0% for SAKT, confirming the effectiveness of relation-aware em-
beddings in modeling multi-concept items.

Second, we removed specific factors (learning style, forgetting,
guessing and slipping, and difficulty) from SLAM while keeping
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a b c

Fig. 4: Interpretability analysis of three typical learning trajectories: (a) low mastery with guessing effects; (b) partial mastery with difficulty
effects; (c) high mastery with occasional slipping.

Table 2: Ablation results (%) on ASSISTment and EdNet. Rows
above the horizontal line are baselines with alternative embed-
dings; rows below are SLAM (Ours) and its factor-removal variants.
Underlined numbers indicate the better result between -M and -R for
a same model. Bold numbers indicate the overall best results. These
results demonstrate both the effectiveness of the relation-aware em-
bedding (-R) and the synergy of the SLAM components.

Model ASSISTment EdNet

AUC ACC AUC ACC

DKT-M 76.16 70.22 65.11 66.43
DKT-R 78.22 71.51 66.29 67.88
DKVMN-M 75.56 69.48 65.88 66.91
DKVMN-R 75.70 69.51 66.06 67.04
SAKT-M 74.32 70.14 70.01 68.54
SAKT-R 77.28 71.01 71.22 69.34
AKT-M 78.66 71.95 74.34 70.93
AKT-R 79.26 72.22 74.96 71.42

SLAM-L 81.14 73.61 76.10 72.01
SLAM-Forget 80.92 73.23 75.96 72.06
SLAM-SG 81.48 73.92 76.14 72.14
SLAM-Diff 81.41 73.80 76.39 72.35
SLAM (Ours) 81.71 74.04 76.76 72.58

other settings unchanged. Results demonstrate that forgetting be-
havior is the most critical factor: removing it decreases AUC by
nearly 1% on ASSISTment and 1.0% on EdNet. In contrast, diffi-
culty contributes the least. Overall, SLAM achieves the best perfor-
mance across both datasets, validating the proposed design.

3.4. Interpretability Analysis

In knowledge tracing, beyond accurate performance estimation, in-
terpretability is essential for explaining why learners succeed or fail.
We study the interpretability of SLAM from two perspectives. First,
we visualize how learners’ mastery of KCs evolves along their an-
swer sequence. As shown in Figure 3, SLAM captures the dynam-
ics of KC-level mastery: after a correct answer, the mastery of re-
lated KCs increases, while after an incorrect answer, the mastery
decreases. This visualization demonstrates that SLAM can align its
outputs with realistic learning trajectories.

Second, we analyze the educational significance of SLAM’s pa-
rameters through typical learning cases. Figure 4 illustrates three
representative learner trajectories. In case (a), a learner who has not

mastered a concept answered five questions with four incorrect, and
the mastery parameter L remained in a low range. However, one
correct answer was still observed due to the guessing factor G. In
case (b), a learner with partial mastery achieved two correct answers
but failed four questions, where higher values of difficulty parameter
F explained the errors despite moderate mastery (L ∈ [0.4, 0.7]). In
case (c), a learner with high mastery (L ∈ [0.7, 0.8]) answered four
of five correctly. The occasional error was attributed to the slipping
parameter S, reflecting real-world situations where mistakes occur
even when concepts are well mastered.

In summary, SLAM not only predicts learner performance
but also provides interpretable outputs reflecting real educational
contexts. By linking item outcomes with KC mastery and factors
(L,G, S, F ), SLAM reveals mechanisms behind learner responses
and offers insights into diverse behaviors.

4. CONCLUSION

We proposed SLAM, a deep knowledge tracing model that inte-
grates relation-aware multi-concept embeddings with multiple learn-
ing factors, including learning style, forgetting, mastery, guessing,
slipping, and difficulty. SLAM enhances both prediction accuracy
and interpretability by modeling how these factors interact within the
learning process. Experiments on two real-world datasets demon-
strate consistent improvements over existing baselines. In future
work, we plan to combine SLAM with multidimensional item re-
sponse theory to further explore learner behavior and optimize both
performance and interpretability.
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