
Academic Editor: Fernando De la

Prieta Pintado

Received: 27 June 2026

Revised: 23 July 2026

Accepted: 28 July 2026

Published: 3 August 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

CADKT: A Cognitive-Affective Dual-Graph Contrastive
Framework for Dynamic Affect-Aware Knowledge Tracing
Hongwei Wang, Liqing Qiu * and Mingxiang He

College of Computer Science and Engineering, Shandong University of Science and Technology, Qingdao 266590,
China; wanghongwei011224@163.com (H.W.); hmx_2026@163.com (M.H.)
* Correspondence: liqing_qiu426@163.com

Abstract

Knowledge tracing (KT) predicts students’ future performance by modeling their knowl-
edge mastery from historical learning interactions. Although recent deep learning-based KT
models have achieved promising results, most of them mainly rely on response sequences
or cognitive structures, leaving affect-related learning states insufficiently explored. In real
learning scenarios, student performance is shaped not only by cognitive mastery but also
by affect-related factors that change during the learning process. To address this issue,
this paper proposes a Cognitive-Affective Dual-Graph Knowledge Tracing framework,
termed CADKT, which jointly models cognitive structure and behavior-derived affect-
related dynamics. Specifically, CADKT first extracts affect-related behavioral factors from
learning logs, including correctness discrepancy, time efficiency discrepancy, and learning
persistence deviation. These factors are then used to infer interval-level behavior-derived
affect-related profiles without relying on explicit emotion annotations, and the inferred
profiles are organized by a Temporal Affective Graph to model their transitions along
the learning sequence. Meanwhile, a Heterogeneous Knowledge Graph is constructed to
represent student–problem interactions and problem–concept associations. To integrate
the two views, CADKT introduces cross-view contrastive regularization and a Projected
Hybrid Softmax fusion mechanism for next-response prediction. Experiments on four
public educational datasets show that CADKT achieves stronger overall performance than
representative KT baselines on most evaluation metrics. Further ablation studies, profile
analysis, and case visualization demonstrate that CADKT improves prediction performance
while providing interpretable evidence for the interaction between knowledge mastery and
behavior-derived affect-related dynamics.

Keywords: knowledge tracing; student modeling; educational data mining; graph neural
networks; temporal modeling; contrastive learning

1. Introduction
Knowledge Tracing (KT) is a key technology in Intelligent Tutoring Systems (ITSs) [1,2].

It estimates a student’s knowledge state from historical learning records and predicts future
performance on problems [3,4]. By tracking students’ mastery of specific Knowledge
Concepts (KCs), KT provides support for personalized learning path planning [5], real-time
instructional intervention, and adaptive content recommendation [6]. For this reason,
KT has become an important research topic in both educational data mining and online
education practice.
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With the development of deep learning, Deep Learning-Based Knowledge Tracing
(DLKT) models have shown stronger representation and prediction abilities than tradi-
tional methods. Among them, Deep Knowledge Tracing (DKT) [7] is one of the most
representative models. However, DKT models learning mainly through exercise-response
sequences, and the resulting knowledge state changes may sometimes be too sharp to
match the relatively stable and progressive nature of human learning [8]. To improve this
limitation, many later studies introduced more advanced architectures into KT. Examples
include memory networks such as DKVMN [9] for explicit state storage, attention mech-
anisms [10] for sequence dependency modeling, and Graph Neural Networks [11,12] for
capturing structural relations among students, problems, and KCs. In addition, textual
information [13], problem difficulty [14], and multi-scale knowledge states have also been
incorporated into DLKT. These studies have improved KT from several aspects. Still,
the main research line remains centered on the cognitive side of learning.

However, learning is not only a cognitive process. Non-cognitive factors also play
an important role [15,16]. Educational psychology, especially Achievement Emotion The-
ory and Control–Value Theory (CVT) [17,18], suggests that cognition and affect interact
throughout the learning process. As shown in Figure 1, student performance is shaped by
both knowledge level and affect-related learning condition. Different affect-related con-
ditions may lead to different outcomes even when students have similar cognitive ability.
For example, s1 remains focused and shows performance beyond the current knowledge
state. In contrast, s2 shows a drop in performance because adverse learning conditions
affect knowledge retrieval. This relation is also bidirectional. For s3, strong mastery sup-
ports a positive learning condition and leads to more stable performance. For s4, weak
mastery induces adverse learning conditions and further limits learning progress. These
cases indicate that KT should not only model knowledge mastery but also account for
affect-related changes during learning.

                                                                              

  

  

  

     

  

  

  

  

  

  

  

        

  

  

  

  

Figure 1. Comparison of student performance under different affect-related learning conditions.

Affect-related learning conditions influence knowledge mastery in both indirect and
direct ways [17]. On the one hand, they reflect the quality of learning interactions and affect
the long-term development of knowledge states. Favorable learning conditions can help
students absorb and consolidate knowledge more effectively. On the other hand, affect-
related conditions also influence the retrieval and application of existing knowledge during
problem solving. Adverse learning conditions may distract attention, increase uncertainty,
or weaken the flexible use of mastered knowledge, which directly affects response accuracy.
Therefore, effective KT requires a proper treatment of the interaction between cognition
and affect-related dynamics.
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Nevertheless, incorporating affect-related information into KT remains challenging.
Affective states are usually hidden in educational logs, and most standard educational
datasets do not provide explicit emotion labels. Traditional affect assessment often relies
on manual annotation, questionnaires, physiological signals, facial expressions, or mul-
timodal devices, which makes large-scale application difficult. Therefore, affect-related
representations need to be inferred from non-affect-oriented learning logs. Behavioral
signals in learning logs, such as correctness, response time, and repeated attempts, can
provide useful clues about students’ learning conditions. These signals may reflect different
aspects of the learning process: low correctness may be related to insufficient mastery or un-
stable problem solving, longer response time may indicate careful reasoning or hesitation,
and repeated attempts may suggest persistence, perceived difficulty, or frustration-related
behavior. Therefore, in this study, they are used as behavior-derived affect-related proxies
for constructing latent affective profiles, rather than as explicitly observed emotion labels.

In addition, these behavior-derived signals are often discrete and local, whereas stu-
dents’ affect-related learning conditions may fluctuate continuously along the learning
process. Treating them as isolated auxiliary features cannot sufficiently describe their
temporal evolution or contextual dependence. A single response may not fully characterize
a student’s learning condition, while a sequence of responses with low correctness, longer
response time, or repeated attempts may reveal a more stable behavior-derived pattern.
Moreover, cognitive structure and affect-related dynamics are heterogeneous in nature.
The relations among students, problems, and KCs provide structural evidence for cog-
nitive modeling, while behavior-derived affective signals provide temporal evidence for
learning-condition modeling. How to derive reliable latent affective profiles from ordinary
behavioral logs, how to model their temporal variation, and how to integrate them with
cognitive structure remain important issues for affect-aware KT.

To address these challenges, this paper proposes a Cognitive-Affective Dual-Graph
Knowledge Tracing framework, termed CADKT. The framework models learning as a
joint process of cognitive development and affect-related change. First, to derive affect-
related signals from non-affect-oriented logs, a behavioral deviation-based feature extrac-
tion scheme was designed. It uses correctness discrepancy, time-efficiency discrepancy,
and repeated-attempt behaviors to measure the relative deviation of individual learning
behavior from group norms. These signals are not treated as direct emotion labels but as
behavior-derived proxies for constructing latent affective profiles. Second, a Temporal
Affective Graph (TAG) was constructed to model the variation in latent affective profiles
across interactions. Unlike methods that treat affect-related information as isolated input
features, TAG explicitly represents the contextual dependence and temporal evolution
of affect-related learning conditions. Third, a Heterogeneous Knowledge Graph (HKG)
was built to describe the relations among students, problems, and KCs. On this basis,
a cross-view contrastive learning strategy is introduced to align cognitive and affective rep-
resentations, and a Projected Hybrid Softmax (PHS) fusion mechanism is further introduced
for multimodal fusion. Through this design, cognitive reasoning becomes affect-aware,
and affective modeling is grounded in observed learning behavior and learning progress.

The main contributions of this paper are as follows:

1. A dual-graph KT framework, CADKT, is proposed to jointly model cognitive structure
and behavior-derived affective dynamics in a unified architecture.

2. A behavioral deviation-based method was designed to derive affect-related proxy
signals from non-affect-oriented learning logs, and latent affective profiles were con-
structed without relying on explicit emotion annotations.
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3. A Temporal Affective Graph was constructed to model the temporal variation of latent
affective profiles, while a Heterogeneous Knowledge Graph was used to capture the
structural relations among students, problems, and KCs.

4. A collaborative mechanism that combines cross-view contrastive learning and Pro-
jected Hybrid Softmax fusion was developed to improve the alignment and fusion of
cognitive and affective information.

5. Experiments on four real-world educational datasets show that CADKT achieves
strong overall performance compared with representative KT baselines, while also
providing interpretable evidence for the relation between knowledge mastery and
behavior-derived latent affect-related profiles.

2. Related Work
This section reviews related work from three perspectives: knowledge tracing, affective

factors and behavior-derived learning profiles, and contrastive learning for knowledge
tracing. Since the proposed framework jointly models cognitive structure and behavior-
derived temporal dynamics, it is necessary to situate the present study at the intersection
of these three research lines.

Beyond intelligent education, recent artificial intelligence research has increasingly
emphasized model transferability, structured representation, and robustness. Conditional
distribution-guided adversarial transfer learning reduces discrepancies between multi-
ple source domains and a target domain through conditional distribution alignment [19].
Spatial-channel collaborative multi-scale graph interaction deep transfer learning strength-
ens multi-granularity feature interaction by jointly exploiting spatial, channel, and graph-
structured information [20]. Fixed-time adaptive smooth control with relaxed performance
constraints has also been developed to maintain stable system behavior under aerodynamic
interference and actuator fault conditions [21]. Although these studies address domains
different from knowledge tracing, they reflect broader developments toward transferable,
structure-aware, and robust artificial intelligence methods.

2.1. Knowledge Tracing

Knowledge Tracing (KT) aims to model the evolution of a student’s knowledge state
from historical learning interactions. Early approaches, such as Bayesian Knowledge
Tracing (BKT) [22], were based on the Hidden Markov framework and relied on a small
number of predefined parameters to describe mastery transition, guess, and slip processes.
Although such models are interpretable and easy to deploy, their representation capacity is
limited when student learning behaviors become highly complex and heterogeneous.

With the rapid development of deep learning, Deep Learning-Based Knowledge
Tracing (DLKT) has gradually become the dominant paradigm because of its stronger
representation ability and predictive performance. Existing DLKT methods can be broadly
divided into three categories.

(1) Memory-network-based methods. These methods introduce external memory struc-
tures to explicitly represent concepts and student mastery states. For example,
DKVMN uses a static key matrix to represent knowledge concepts and a dynamic value
matrix to track mastery updates [9]. Deep-IRT further combines memory networks
with Item Response Theory to jointly model student ability and problem difficulty [23].

(2) Sequence-modeling-based methods. Since student learning is naturally sequential,
many studies formulate KT as a temporal sequence modeling problem. DKT was the
first representative model to use recurrent neural networks to capture the evolution
of student states [7]. Later, SAKT [3] and AKT [10] introduced attention mecha-
nisms to model long-range dependencies and forgetting effects. QIKT [24] further
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improves performance by modeling the interaction between problem information and
knowledge states. More recently, ANT-KT combined Transformer-based sequence
modeling with adaptive neural architecture search to balance prediction performance
and computational efficiency [25].

(3) Graph-based methods. Pure sequence models may overlook structural relations
among students, problems, and knowledge concepts. Graph-based KT methods there-
fore use graph neural networks to capture concept interactions and other structural
dependencies. GKT models the propagation of mastery among concepts through
graph neural networks [12]. SKT [26] exploits structured concept dependencies, while
DGEKT introduces a dual-graph design to enhance knowledge representation [27].
More recently, HSKT [28] constructs heterogeneous graphs involving students, ex-
ercises, and concepts, and integrates multiple learning behaviors into graph-based
prediction. DyGAS combines dynamically updated graph representations with inter-
action sequences [29], whereas GPPKT integrates a programming-domain knowledge
graph with personalized answer sequences [30].

These studies demonstrate the value of temporal and structural information for KT.
However, most existing models still focus mainly on the cognitive side of learning, relying
on correctness sequences, exercise attributes, or concept relations, while temporal variations
in students’ behavioral learning conditions receive less attention.

2.2. Affective Factors and Behavior-Derived Learning Profiles

Learning is not only a cognitive process. Educational psychology has long suggested
that affective factors influence attention allocation, learning efficiency, self-regulation,
and performance outcomes. Achievement-related affect has been widely discussed from
the perspectives of control–value theory, self-efficacy theory, and other cognitive-affective
frameworks [17,31,32]. Positive conditions, such as confidence, concentration, and engage-
ment, may support learning, whereas anxiety, boredom, frustration, or confusion may
hinder cognitive processing [33–35].

Affective state recognition has therefore attracted increasing attention in intelligent
education. Traditional affect assessment relies on questionnaires, classroom observation,
or self-reported scales, whereas recent studies have used physiological signals, facial
expressions, speech, text, and multimodal information. Although these methods can
provide relatively direct affective evidence, they often require additional devices or manual
annotation and are difficult to apply to large-scale educational datasets containing only
interaction logs.

To reduce dependence on explicit affect labels, recent studies have attempted to infer
affect-related learning conditions from observable behaviors. Correctness, response time,
repeated attempts, and response intervals may reflect learning efficiency, persistence, hesi-
tation, or engagement. However, these signals may also be influenced by prior knowledge,
item difficulty, interface design, and other contextual factors. They should therefore be in-
terpreted as evidence for latent cognitive-behavioral profiles rather than direct observations
of students’ true emotional states.

Several affect-aware KT methods have been proposed along this direction. Psy-KT
incorporates behavior-based psychological features into a multi-task framework [36]. DEKT
models the interaction between knowledge states and emotional states and predicts emo-
tional representations from personalized historical states [37]. DASKT derives affect-related
factors from non-affect-oriented behavioral data and models their dynamic evolution before
integrating them into KT [38]. These studies show that behavior-derived information can
provide complementary evidence beyond purely cognitive modeling.
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However, existing approaches often treat behavior-derived information as auxiliary
input, model its temporal dependence insufficiently, or combine it with cognitive represen-
tations through shallow fusion. CADKT instead constructs behavior-derived affect-related
profiles, models their temporal variation through a Temporal Affective Graph (TAG),
and aligns them with cognitive representations learned from a Heterogeneous Knowledge
Graph (HKG). These profiles are treated as latent behavioral representations rather than
ground-truth emotional labels.

2.3. Contrastive Learning for Knowledge Tracing

Contrastive Learning (CL) is a self-supervised approach that learns representations
by pulling positive pairs closer and pushing negative pairs apart [39]. Graph Contrastive
Learning extends this principle to graph-structured data and improves representation
quality and robustness [40]. Since educational data involve both sequential interactions
and structured concept relations, contrastive learning has also been introduced into KT.

Existing contrastive-learning-based KT studies mainly follow two directions.

(1) Intra-sequence contrastive methods. These methods generate multiple views from
the same learning sequence and encourage consistency between them. CL4KT con-
structs augmented views from students’ interaction sequences and aligns them to
improve sequence representation learning [41]. More recently, Zhang et al. [42] pro-
posed a question-centric multi-experts contrastive framework that models knowledge
acquisition at both question and concept levels.

(2) Cross-view or structure-aware contrastive methods. These methods perform con-
trastive learning on different graph or structural views. HyperKT constructs adaptive
hypergraph views and aligns them with corresponding line-graph views to capture
higher-order relations and multi-granularity knowledge states [43]. A recent dual-
encoder contrastive KT model learns complementary representations from student
interaction data [44]. Related dual-graph contrastive learning has also been explored
in knowledge-aware recommendation [45].

Despite these advances, most existing contrastive KT methods focus on augmented
sequences or closely related graph views, while explicit alignment between cognitive struc-
tures and temporal behavior-derived profiles remains underexplored. CADKT therefore
applies cross-view contrastive regularization between HKG-based cognitive representa-
tions and TAG-based temporal profiles, encouraging consistency for the same student
while preserving discrimination across students.

3. Preliminaries
This section introduces the task formulation and the behavior-derived affective factors

used in CADKT. Following the idea of affect simulation from learning behaviors [38],
affective states are not assumed to be directly observed emotion labels. Instead, they are
inferred from students’ historical interaction records and used to describe affect-related
learning conditions during problem solving. The main notations used in this paper are
summarized in Table 1.

Table 1. Description of the key notations.

Notation Description

S, P, K Sets of students, problems, and knowledge concepts.
Lt

s Learning sequence of student s before predicting the response at time step t + 1.
pt, kt, rt Problem, knowledge concept, and response at time step t.

r̂t+1 Predicted probability of a correct response at time step t + 1.
I t

s,k Historical interactions of student s on concept k before prediction.
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Table 1. Cont.

Notation Description

ft
s,k Behavior-derived affective factor vector composed of CD, TED, and LPD.

at
Categorical identifier of the latent behavior-derived affect-related profile at time
step t.

LSeg Length of the causal rolling interval used for profile mining.
Gk Heterogeneous Knowledge Graph.
Ga Temporal Affective Graph constructed from behavior-derived profiles.

HK , HA Cognitive-view and behavior-derived affective-view representations.
xt Input representation of a temporal profile node.
zt Final fused representation at time step t.

λ, τ Hyperparameters for contrastive learning.

3.1. Problem Formulation

In an Intelligent Tutoring System, let S = {s1, s2, . . . , sn}, P = {p1, p2, . . . , pm},
and K = {k1, k2, . . . , kq} denote the sets of students, problems, and knowledge concepts,
respectively. The response outcome is denoted by R = {0, 1}, where r = 1 indicates a
correct response and r = 0 indicates an incorrect response. Each problem may be associated
with one or more knowledge concepts. For consistency, the first associated concept is used
as the target concept of the current interaction.

For student s ∈ S, the learning sequence before predicting the response at time step
t + 1 is represented as

Lt
s = {(p1, k1, r1), (p2, k2, r2), . . . , (pt, kt, rt)}, (1)

where pi ∈ P is the problem attempted at time step i, ki ∈ K is the corresponding knowledge
concept, and ri ∈ {0, 1} is the response label.

Given the historical sequence Lt
s and the next problem pt+1 with its associated concept

kt+1, the objective of KT is to predict the probability that student s will answer the next
problem correctly:

r̂t+1 = P(rt+1 = 1 | Lt
s, pt+1, kt+1). (2)

In addition to response correctness, learning logs usually contain behavioral informa-
tion such as response time and attempt count. In CADKT, these behavioral signals are used
to infer affect-related learning conditions from historical interactions. When predicting
rt+1, only the interaction prefix Lt

s is available. The correctness, response time, and attempt
count of the target interaction at time step t + 1 are not used in affective factor construction.

3.2. Behavior-Derived Affective Factors

In CADKT, affective information is derived from behavioral deviations rather than
explicit emotion annotations. The basic intuition is that students may exhibit different
affect-related learning conditions when their behaviors deviate from group-level norms
on the same knowledge concept. Therefore, correctness, response time, and learning
persistence are used to construct three behavior-derived affective factors.

For student s on concept k before predicting time step t + 1, the behavior-derived
affective factor vector is defined as

ft
s,k = [CDt

s,k, TEDt
s,k, LPDt

s,k]
⊤, (3)

where CD, TED, and LPD denote Correctness Discrepancy, Time Efficiency Discrepancy,
and Learning Persistence Deviation, respectively.
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Let
I t

s,k = {i | i ≤ t, ki = k} (4)

denote the set of historical interactions of student s on concept k before the target predic-
tion. Student-level statistics are computed from I t

s,k, while the corresponding group-level
statistics serve as behavioral reference norms for the same concept.
Correctness Discrepancy (CD). Correctness discrepancy measures the difference between
the student’s historical accuracy and the group-level accuracy on the same concept:

CDt
s,k = At

s,k − Āk, (5)

where
At

s,k =
1

|I t
s,k|

∑
i∈I t

s,k

ri. (6)

Here, At
s,k is the historical accuracy of student s on concept k, and Āk is the average

accuracy on the same concept. A positive value indicates performance above the group
norm, whereas a negative value indicates weaker historical performance.
Time Efficiency Discrepancy (TED). Time efficiency discrepancy describes the deviation
between the student’s response time and the group-level response time on the same concept:

TEDt
s,k = Tt

s,k − T̄k, (7)

where
Tt

s,k =
1

|I t
s,k|

∑
i∈I t

s,k

times,i. (8)

Here, times,i denotes the response time of student s at interaction i, and T̄k is the
average response time on concept k. A larger TED indicates that the student spends more
time than the group norm, which may be associated with careful reasoning, hesitation, or
inefficient problem solving.
Learning Persistence Deviation (LPD). Learning persistence deviation is calculated from
repeated-attempt behavior:

LPDt
s,k = Nt

s,k − N̄k, (9)

where
Nt

s,k =
1

|I t
s,k|

∑
i∈I t

s,k

attempts,i. (10)

Here, attempts,i denotes the number of attempts made by student s at interaction i, and
N̄k is the average attempt count on concept k. A larger LPD indicates that the student makes
more attempts than the group norm. Such deviation may reflect stronger persistence, higher
perceived difficulty, unstable problem solving, or frustration-related learning conditions.

The three factors above describe affect-related learning conditions from different
behavioral aspects. They are not manually annotated emotion labels but computational
affective factors inferred from learning behaviors. In this way, ordinary interaction logs can
provide usable affective evidence for subsequent dynamic affect modeling.

3.3. Interval-Based Behavior-Derived Profile Mining

The behavior-derived affective factors provide local evidence of students’ learning con-
ditions. However, these learning conditions are not fixed during the learning process. They
may fluctuate as students continuously interact with different problems and knowledge
concepts. Therefore, an interval-based profile mining procedure is adopted to transform
discrete behavioral factors into a sequence of latent behavior-derived affect-related profiles.
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For student s on knowledge concept k at time step t, the behavior-derived factor vector
is denoted by ft

s,k, which is composed of CD, TED, and LPD. When predicting the response
at time step t + 1, all components of ft

s,k are computed only from the historical interaction
prefix available up to time step t. The correctness, response time, and attempt count of the
target interaction at time step t + 1 are not used in profile construction.

First, the behavior-derived factor vectors are normalized to reduce scale differences
among CD, TED, and LPD:

f̃t
s,k =

ft
s,k − µ

σ
, (11)

where µ and σ denote the feature-wise mean and standard deviation used for normaliza-
tion. To prevent cross-split information leakage, both statistics are estimated only from
the training portion of the current fold and remain fixed during validation and testing.
The concept-level reference statistics used to calculate CD, TED, and LPD follow the same
training-only fitting protocol.

Then, K-means clustering is performed on the normalized training-fold factor vectors
to obtain K cluster centroids:

C = {c1, c2, . . . , cK}. (12)

The centroids are estimated by minimizing the within-cluster squared distance:

min
{cq}K

q=1

∑
f̃∈Ftr

min
q∈{1,...,K}

∥∥∥f̃ − cq

∥∥∥2

2
, (13)

where Ftr denotes the normalized behavior-derived factor vectors obtained exclusively
from the training fold. In our implementation, K-means is performed with 20 independent
initializations and a maximum of 300 iterations. Each centroid corresponds to a latent
behavior-derived profile inferred from behavioral evidence rather than a directly observed
emotional category.

A single interaction may contain substantial local behavioral fluctuation. Therefore,
the normalized factor vectors are aggregated within a causal rolling interval. For time step
t, an interval segment with length LSeg is defined as

W t
s =

{
i | max

(
1, t − LSeg + 1

)
≤ i ≤ t

}
. (14)

The interval contains the current and preceding historical positions only and therefore
does not introduce information from future interactions.

The normalized behavior-derived factor vectors within the interval are aggregated as

ut
s = Pool

({
f̃i

s,ki
| i ∈ W t

s

})
, (15)

where Pool(·) denotes mean pooling. Mean pooling reduces the influence of isolated
behavioral fluctuations while retaining the recent behavioral context associated with the
current interaction.

The latent behavior-derived profile at time step t is assigned according to the nearest-
centroid rule:

at = arg min
q∈{1,...,K}

∥∥ut
s − cq

∥∥2
2. (16)

During validation and testing, the normalization statistics and cluster centroids learned
from the training fold remain fixed. Equation (16) is directly applied to each interval
representation without refitting the normalization or clustering model.

No manually specified threshold is used to discretize CD, TED, or LPD. Profile in-
ference is entirely data-driven and is determined by the training-derived normalization
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parameters, K-means centroids, and the nearest-centroid assignment rule. Moreover,
the profile index at is treated as a categorical identifier rather than an ordinal behavioral
score, and the numerical order of the cluster labels has no direct semantic meaning.

Through this procedure, the original behavioral records are converted into a temporally
ordered profile sequence:

As = (a1, a2, . . . , aT). (17)

The interval length LSeg controls the trade-off between local robustness and temporal
resolution. A short interval preserves rapid behavioral changes but is more sensitive to
isolated fluctuations, whereas an excessively long interval may over-smooth short-term
transitions. Accordingly, LSeg = 5 is selected according to validation performance because
it provides sufficient local smoothing while retaining short-term behavioral variation.
The number of profiles is set to K = 4 using the same validation-based selection protocol
rather than test-set performance. The resulting profile sequence provides the basis for
dynamic modeling in the Temporal Affective Graph.

4. Model
This section presents the Cognitive-Affective Dual-Graph Knowledge Tracing (CADKT)

framework. As shown in Figure 2, CADKT represents the learning process from two com-
plementary views. The cognitive view describes the structural relations among students,
problems, and knowledge concepts through a Heterogeneous Knowledge Graph (HKG),
while the affective view models the temporal changes of latent affective states through
a Temporal Affective Graph (TAG). The representations obtained from the two views
are further integrated by a Projected Hybrid Softmax (PHS) fusion module and used for
next-response prediction. A cross-view contrastive regularization term is introduced to
encourage the cognitive-view and affective-view representations to provide consistent
information for student modeling.

               

        

  
               

       

          

                  

                   

     

 

                             

           

        

      

  

  

           

         

           

  

          
  

 

  
  
   

   

   

  
           

          

                            

  

  

  

                                                      

                                                                             

              

Figure 2. Overview of the proposed CADKT architecture. The framework encodes cognitive relations
and behavior-derived affect-related profile transitions through two graph views, integrates the
resulting representations through PHS fusion, and predicts the probability of the next response. The
ellipsis in the Temporal Affective Graph indicates omitted subsequent interaction nodes in a longer
temporal sequence. Colors are used only to visually distinguish different views and components of
the framework.

4.1. Cognitive View: Heterogeneous Knowledge Graph Modeling

The cognitive view aims to represent the relational information contained in KT data.
A student’s interaction sequence records the order of problem-solving activities, but the
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sequence itself does not explicitly organize the associations among students, problems,
and knowledge concepts. To provide such structural information, CADKT constructs
an HKG based on observed student–problem interactions and problem–concept map-
pings. The HKG is used to obtain cognitive-view representations of students, problems,
and concepts.

4.1.1. HKG Construction

The HKG is denoted as
Gk = (V k, E k,Rk), (18)

where V k is the set of heterogeneous nodes, E k is the set of observed edges, and Rk is the
set of relation types.

The node set is composed of three types of educational entities and is written as

V k = Vs ∪ Vp ∪ Vc. (19)

Here, Vs, Vp, and Vc denote the sets of student nodes, problem nodes, and knowledge
concept nodes, respectively. This heterogeneous formulation keeps different entity types in
the same graph while allowing their relations to be encoded separately.

The relation types are determined by the available records in KT data. The relation-
type set is expressed as

Rk = {rsp, rpc}. (20)

The relation rsp denotes prefix-observed student–problem interactions. For the pre-
diction at time step t + 1, an edge (s, pi) ∈ rsp is added only when problem pi appears in
the historical prefix Lt

s. Thus, the target interaction and future interactions are excluded
from HKG construction. The relation rpc denotes problem–concept associations. An edge
(pi, ki) ∈ rpc indicates that problem pi is associated with concept ki according to the
problem-concept mapping.

In this graph, student–problem edges provide information about observed learning
records, and problem–concept edges provide the connection between exercises and the
concepts they assess. The HKG therefore supplies a structural cognitive context for the
subsequent representation learning process.

4.1.2. HKG Encoder

A relation-aware graph attention encoder is applied to the HKG to learn node represen-
tations. Problem and concept nodes are initialized with learnable embeddings. For student
nodes, a shared student-type embedding is used as the initial representation, and individu-
alized student representations are obtained through message passing over prefix-observed
student–problem edges. In this way, the student representation used in prediction reflects
the observed learning history before the target interaction rather than a static student
identity embedding. For a relation type r ∈ Rk, the embeddings of target node v and its
neighbor u ∈ Nr(v) are first projected into a relation-specific latent space:

h̃(l−1)
v,r = W(l)

r h(l−1)
v , h̃(l−1)

u,r = W(l)
r h(l−1)

u , (21)

where W(l)
r is the learnable transformation matrix for relation r in the l-th layer.

The attention score between node v and node u for relation r is calculated by

er,(l)
v,u = a(l)⊤r LeakyReLU

(
h̃(l−1)

v,r ∥h̃(l−1)
u,r

)
, (22)

where a(l)r is a relation-specific attention vector and ∥ denotes vector concatenation.
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The attention coefficient is then obtained by applying softmax over the neighbors
connected with the same relation:

α
r,(l)
v,u =

exp(er,(l)
v,u )

∑j∈Nr(v) exp(er,(l)
v,j )

. (23)

Based on the attention coefficients, the relation-specific representation of node v is
updated as

h(l)
v,r = ∑

u∈Nr(v)
α

r,(l)
v,u h̃(l−1)

u,r . (24)

When node v is connected by multiple relation types, the relation-specific representa-
tions are combined to obtain the layer-wise node representation:

h(l)
v = ReLU

(
1

|Rv| ∑
r∈Rv

h(l)
v,r

)
, (25)

where Rv denotes the set of relation types associated with node v.
After L graph attention layers, the HKG encoder produces the cognitive-view representations

HK = {HK
s , HK

p , HK
c }. (26)

Here, HK
p and HK

c denote the representations of problems and knowledge concepts, re-
spectively. HK

s denotes the prefix-conditioned student representations obtained by aggregat-
ing the observed historical interactions before the target prediction. These representations
are used in the following cross-view alignment, fusion, and prediction modules.

4.2. Affective View: Temporal Affective Graph Modeling

The affective view is designed to model the temporal variation of the latent behavior-
derived profiles obtained in Section 3.3. Different from the HKG, which represents struc-
tural relations among educational entities, the Temporal Affective Graph (TAG) focuses on
profile changes along each student’s chronological interaction sequence.

The profiles used by TAG are inferred from CD, TED, and LPD rather than directly
obtained from manually annotated emotion labels. Accordingly, TAG should be inter-
preted as modeling temporal dependencies among behavior-derived affect-related pro-
files rather than recognizing ground-truth emotional states. The resulting affective-view
representations are subsequently integrated with the cognitive-view representations for
next-response prediction.

4.2.1. Behavior-Derived Profile Trajectory and TAG Construction

For a learning sequence with T observed interactions, the TAG is written as

Ga = (V a, E a), (27)

where V a denotes the temporal profile node set and E a denotes the temporal edge set.
Each historical interaction corresponds to one temporal profile node. The node set is

expressed as
V a = {vi | i = 1, 2, . . . , T}, (28)

where vi denotes the node associated with the i-th historical interaction. Therefore,
the chronological order of the nodes is consistent with the order of the student’s interac-
tion sequence.
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The input feature of node vi is constructed by combining the problem embedding and
the embedding of the corresponding behavior-derived profile:

xi =
[
epi ∥ ea

ai

]
, (29)

where epi denotes the learnable embedding of problem pi, ai denotes the profile assigned to
the i-th interaction, ea

ai
denotes the learnable embedding of profile ai, and ∥ denotes vector

concatenation. Combining the problem context with the profile embedding enables the
same behavior-derived profile to obtain different contextual representations in different
problem-solving situations.

The profile index ai is treated as a categorical identifier rather than a continuous or
ordinal behavioral score. Therefore, its numerical value is not directly used to define profile
distance, edge existence, or edge weight. Instead, the learnable profile embedding maps
each categorical profile into a continuous latent representation suitable for graph encoding.

The temporal edges follow the chronological order of the interaction sequence:

E a = {(vi, vi+1) | i = 1, 2, . . . , T − 1}. (30)

The ordered pair (vi, vi+1) represents a directed edge from an earlier interaction to its
immediately subsequent interaction. Therefore, information is propagated only along the
chronological direction, and reverse future-to-past edges are not introduced.

When predicting the response at time step t + 1, the representation of node vt can
receive messages only from nodes within the historical prefix {v1, v2, . . . , vt}. Although the
complete sequence graph may be constructed in parallel for efficient computation, the di-
rected edge structure prevents nodes after time step t from propagating information back
to vt. Consequently, neither the target response at time step t + 1 nor any subsequent
interaction can influence the representation used for the current prediction.

The existence of a temporal edge is determined by chronological adjacency rather
than by a manually specified profile-similarity threshold. No hand-crafted transition
weight is assigned to the edges. All adjacent temporal edges are treated equally during
graph construction, whereas their relative contributions are adaptively learned through
the attention coefficients of the TAG encoder. This design captures local behavioral
continuity and short-term profile transitions without introducing manually defined
transition rules.

4.2.2. TAG Encoder

A temporal graph attention encoder is applied to the TAG to obtain affective-view
representations. The initial representation of node vi is given by

h(0)
i = xi. (31)

For node vi in the l-th layer, its causal temporal neighborhood is denoted by N (vi).
With explicit self-loops,

N (v1) = {v1}, N (vi) = {vi−1, vi}, i > 1. (32)

Thus, in one TAG layer, node vi aggregates its current problem–profile context and
information from its immediate predecessor. After stacking multiple TAG layers, informa-
tion from earlier historical interactions can be propagated indirectly through successive
causal edges.
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For a target node vi and its temporal neighbor vj ∈ N (vi), their projected representa-
tions in the l-th layer are computed as

h̃(l−1)
i = W(l)h(l−1)

i , h̃(l−1)
j = W(l)h(l−1)

j , (33)

where W(l) is the learnable transformation matrix of the l-th layer.
The attention score between vi and vj is calculated by

e(l)i,j = a(l)⊤ LeakyReLU
(

h̃(l−1)
i ∥ h̃(l−1)

j

)
, (34)

where a(l) is the learnable attention vector.
The attention coefficient is obtained by applying softmax over the causal tempo-

ral neighborhood:

α
(l)
i,j =

exp
(

e(l)i,j

)
∑q∈N (vi)

exp
(

e(l)i,q

) . (35)

The coefficient α
(l)
i,j determines the contribution of node vj to the updated representa-

tion of node vi.
With the learned attention coefficients, the hidden representation of node vi is updated

through weighted aggregation:

h(l)
i = ∑

j∈N (vi)

α
(l)
i,j h̃(l−1)

j . (36)

For clarity, Equations (34)–(36) present the single-head formulation. In the implemen-
tation, multiple attention heads are used in the intermediate TAG layers, and their outputs
are concatenated. The final TAG layer uses a single non-concatenated head to produce a
d-dimensional output representation.

After stacking L temporal graph attention layers, the TAG encoder produces the
affective-view representation sequence

HA =
[
h(L)

1 , h(L)
2 , . . . , h(L)

T

]
∈ RT×d. (37)

Layer normalization and dropout are applied to the output representations in imple-
mentation. The resulting HA serves as the affective-view input to the subsequent fusion and
prediction modules. Specifically, at time step t, h(L)

t is combined through the PHS module
with the problem, knowledge-concept, and prefix-conditioned student representations
obtained from the HKG. The fused representation is then processed by the causal sequence
encoder to predict the response at time step t + 1.

Therefore, the interval length and clustering configuration affect the final prediction by
determining the inferred profile sequence, while the TAG edge structure affects prediction
through attention-weighted propagation of historical profile information before cognitive–
affective fusion.

4.3. Multimodal Fusion and Prediction

This subsection describes how the cognitive-view and affective-view representations
are combined for next-response prediction. At time step t, the problem representation,
concept representation, and student representation are obtained from the HKG encoder,
while the affective representation is obtained from the TAG encoder. These representa-
tions correspond to different sources of information and may have different scales and
distributions. Therefore, they are first projected into a shared latent space before fusion.
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4.3.1. Projected Hybrid Softmax Fusion

Let hK
pt , hK

ct , hK
s,t, and hA

t denote the problem, knowledge concept, prefix-conditioned
student, and affective representations used at time step t, respectively. They are projected
into the same d-dimensional space by

h̃p = WphK
pt + bp, h̃c = WchK

ct + bc, (38)

h̃s = WshK
s,t + bs, h̃a = WahA

t + ba. (39)

Here, h̃p, h̃c, h̃s, and h̃a are the projected representations of the problem, concept,
student, and affective modalities.

The projected representations are concatenated to form a context vector

mt = [h̃p∥h̃c∥h̃a∥h̃s]. (40)

Based on this context, PHS computes a modality score vector and a context-dependent
correction vector. The modality score vector is obtained by

st = WrReLU(Wqmt + bq) + br, (41)

where st ∈ R4 corresponds to the four projected modalities. The correction vector is
computed as

gt = Wgmt + bg. (42)

The final modality weights are calculated by applying softmax to the sum of the
modality scores and the correction vector:

αt = Softmax(st + gt). (43)

The weighted-sum branch is then obtained by

zattn
t = αt,ph̃p + αt,ch̃c + αt,ah̃a + αt,sh̃s, (44)

where αt,p, αt,c, αt,a, and αt,s are the weights assigned to the problem, concept, affective,
and student representations.

In parallel, the projection branch maps the concatenated multimodal context into the
same latent space:

zproj
t = Wzmt + bz. (45)

The final fused representation is calculated as

zt = Dropout
(

ReLU
(

zproj
t + zattn

t

))
. (46)

The PHS module combines a weighted-sum branch and a projection branch.
The weighted-sum branch assigns different weights to the four modalities in the current
context, while the projection branch retains the joint information from their concatenated
representation. The fused representation zt is then used as the input of the sequence
prediction module.

4.3.2. Sequence Modeling and Prediction

At time step t, the fused representation zt is combined with the observed response
label rt. The sequence input is defined as

xseq
t = Wseq[zt∥rt] + bseq. (47)
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Here, rt is the response observed at the current interaction. It is used to update the
learning sequence representation for predicting the next response, and it is not the target
label to be predicted.

The sequence input is fed into a sequence encoder to model the temporal dependency
in the learning trajectory. In the current implementation, a Transformer encoder is used as
the backbone:

o1:T = Transformer(xseq
1:T). (48)

Let ot denote the encoder output at time step t. The predicted probability of a correct
response at time step t + 1 is computed by

r̂t+1 = σ(Wpredot + bpred), (49)

where σ(·) denotes the Sigmoid activation function. This formulation follows the next-step
KT setting, where the representation after observing the interaction at time step t is used to
predict the response at time step t + 1.

4.4. Optimization

The training objective of CADKT consists of the primary response prediction loss and
an auxiliary cross-view contrastive regularization term. The prediction loss supervises
next-response prediction, while the contrastive term constrains the cognitive-view and
affective-view representations in a shared latent space.

4.4.1. Cross-View Contrastive Regularization

The cognitive view and the affective view describe the same learning process from
different perspectives. To reduce the representation gap between them, a symmetric
contrastive objective is adopted. For the i-th learning instance in a mini-batch, the cogni-
tive representation hK

i is obtained from the HKG-based student representation, and the
affective representation hA

i is obtained by pooling the valid TAG outputs along the tempo-
ral dimension:

hA
i = Pool(HA

i ). (50)

Both representations are projected into the same latent space before contrastive learning:

qK
i = MLPK(hK

i ), qA
i = MLPA(hA

i ). (51)

Following the InfoNCE formulation [39], the cognitive and affective representations
of the same learning instance are treated as a positive pair, while unmatched pairs in the
same mini-batch are treated as negative pairs. The symmetric contrastive loss is defined as

Lcl =
1
2
(LK→A + LA→K). (52)

The loss from the cognitive view to the affective view is given by

LK→A = − 1
N

N

∑
i=1

log
exp(sim(qK

i , qA
i )/τ)

∑N
j=1 exp(sim(qK

i , qA
j )/τ)

, (53)

and the reverse-direction loss is defined as

LA→K = − 1
N

N

∑
i=1

log
exp(sim(qA

i , qK
i )/τ)

∑N
j=1 exp(sim(qA

i , qK
j )/τ)

. (54)
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Here, N is the batch size, sim(·) denotes cosine similarity, and τ is the tempera-
ture hyperparameter.

This regularization does not replace the prediction objective. It only serves as an
auxiliary constraint that encourages the two views of the same learning instance to be close
in the shared space while separating unmatched instances in the mini-batch.

4.4.2. Objective Function

The final training objective is defined as

Ltotal = Lpred + λLcl , (55)

where λ controls the contribution of the contrastive regularization term.
The primary prediction loss is the binary cross-entropy over valid next-step predictions:

Lpred = − 1
|M| ∑

t∈M
[rt+1 log(r̂t+1) + (1 − rt+1) log(1 − r̂t+1)], (56)

where M denotes the set of valid time steps used for next-response prediction. In this loss,
the label rt+1 supervises the prediction generated from the sequence representation at time
step t, which is consistent with the temporal order of KT.

The complete training procedure is summarized in Algorithm 1.

Algorithm 1 Training procedure of CADKT

Require: Interaction logs L, HKG Gk, latent affective states {at}, hyperparameters λ and τ
Ensure: Optimized parameters Θ

1: Initialize model parameters Θ
2: repeat
3: for each mini-batch B sampled from L do
4: Encode Gk to obtain cognitive-view representations HK

5: Construct TAGs from {at} and obtain affective-view representations HA

6: Fuse problem, concept, student, and affective representations through PHS
7: Encode the fused sequence and predict r̂t+1
8: Compute prediction loss Lpred
9: Compute cross-view contrastive loss Lcl

10: Update Θ by minimizing Lpred + λLcl
11: end for
12: until convergence or the maximum number of epochs is reached
13: return Θ

5. Experiments
This section evaluates the proposed CADKT model on four public educational datasets,

including ASSIST09, ASSIST12, ASSISTchall and Junyi Academy. All datasets contain stu-
dent response logs, exercise metadata and knowledge concept annotations and supply the
necessary temporal behavioral fields required to construct CD, TED and LPD. The exper-
iments examine the predictive performance of CADKT against representative baselines,
the contribution of each core component, the effectiveness of interval-based behavior-
derived profile mining, and the influence of key hyperparameters.

5.1. Datasets

Experiments were conducted on four widely used real-world educational datasets,
namely, ASSIST09, ASSIST12, ASSISTchall, and Junyi Academy. These datasets were
collected from online learning platforms and contain student response records, exercise
information, and knowledge concept annotations. They differ in platform, scale, interaction
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density, and average sequence length, which makes them suitable for evaluating the model
in different learning scenarios. The behavioral fields used for affective factor construction,
including response time and attempt count, are also available in these datasets. Table 2
reports the main statistics after preprocessing.

Table 2. Statistics of the four public educational datasets used in the experiments.

Statistic ASSIST09 ASSIST12 ASSISTchall Junyi

# Students 4151 29,018 1709 19,882
# Exercises 17,751 53,091 3162 816
# Knowledge Concepts 123 265 102 40
# Response Records 325,637 2,711,813 942,816 3,973,041
Avg. Interactions per Student 78.4 93.5 551.7 199.8

ASSIST09. (https://sites.google.com/site/assistmentsdata/home/2009-2010-assistment-
data (accessed on 27 July 2026)) ASSIST09 was collected from the ASSISTments platform
during the 2009–2010 academic year and mainly contains middle-school mathematics
exercises. It includes 325,637 response records from 4151 students and 123 knowledge
concepts. Since the average number of interactions per student is relatively small, this
dataset is used to evaluate model performance in relatively sparse interaction settings.
ASSIST12. (https://sites.google.com/site/assistmentsdata/datasets/2012-13-school-data-
with-affect (accessed on 27 July 2026)) ASSIST12 was collected from the 2012–2013 AS-
SISTments platform and contains a larger number of students, exercises, and response
records. It includes 2,711,813 interactions from 29,018 students and 265 knowledge con-
cepts. Compared with ASSIST09, this dataset provides a larger-scale setting for evaluating
the predictive ability of KT models.
ASSISTchall. (https://sites.google.com/view/assistmentsdatamining/dataset (accessed
on 27 July 2026)) ASSISTchall was released for the 2017 Educational Data Mining challenge.
It contains 942,816 response records from 1709 students and 102 knowledge concepts. The
average number of interactions per student is much larger than that of ASSIST09 and
ASSIST12, making it suitable for evaluating model behavior on longer learning sequences.
Junyi Academy. (https://pslcdatashop.web.cmu.edu/DatasetInfo?datasetId=1198 (ac-
cessed on 27 July 2026)) Junyi Academy contains mathematics learning records collected
from an independent online education platform. After preprocessing, it includes 19,882 stu-
dents, 816 exercises, 40 knowledge concepts, and 3,973,041 chronologically ordered inter-
actions. Its correctness, response-time, attempt-count, and timestamp fields support the
construction of CD, TED, and LPD under the same training-only preprocessing protocol
used for the ASSISTments datasets. This dataset provides an additional cross-platform
setting for evaluating the robustness of CADKT.

5.2. Baselines and Evaluation Metrics

CADKT was compared with twelve representative KT models. These baselines cover
classical probabilistic; sequence- and memory-based; attention- and temporal-dynamics-
based; graph-based, behavior- or affect-related; and contrastive-learning-based methods.
This selection provides a broad comparison with the methodological directions most
relevant to CADKT.

The compared methods are BKT [22], DKT [7], DKVMN [9], SAKT [3], GKT [12],
AKT [10], QIKT [24], DGEKT [27], Psy-KT [36], DEKT [37], HSKT [28], and Q-MCKT [42].
Among them, BKT is a classical probabilistic KT method based on a Hidden Markov
Model. DKT and DKVMN are classical sequence- and memory-based baselines. SAKT,
AKT, and QIKT represent attention- or temporal-dynamics-based KT methods, whereas
GKT, DGEKT, and HSKT introduce graph structures into knowledge tracing. Psy-KT and
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DEKT incorporate behavior- or affect-related information, while Q-MCKT is included as a
recent contrastive-learning-based KT model.
BKT [22] models concept mastery as a binary latent state within a Hidden Markov Model
and updates the mastery probability according to observed student responses.
DKT [7] uses recurrent neural networks to model the temporal evolution of students’
knowledge states.
DKVMN [9] introduces a memory-augmented architecture with a static key matrix and a
dynamic value matrix to represent concepts and student mastery.
SAKT [3] applies self-attention to identify historical interactions that are relevant to the
target prediction.
GKT [12] models knowledge concepts as graph nodes and propagates information among
concepts through graph neural networks.
AKT [10] combines attention mechanisms with temporal decay to model contextualized
knowledge states.
QIKT [24] improves KT by modeling interactions between question-level and concept-level
information.
DGEKT [27] uses a dual-graph structure to represent static concept relations and dynamic
learning transitions.
Psy-KT [36] incorporates behavior-derived psychological features into the knowledge
tracing process.
DEKT [37] models knowledge tracing with a double-effect mechanism that considers both
cognitive and affective influences.
HSKT [28] constructs a heterogeneous graph involving students, exercises, and concepts to
enhance student representation learning.
Q-MCKT [42] employs question-centric multi-expert representations and contrastive learn-
ing to model knowledge acquisition at both the question and concept levels.

Following common practice in KT, Area Under the Curve (AUC) and Accuracy (ACC)
were used as the main evaluation metrics. AUC evaluates the ranking quality of predicted
response probabilities, whereas ACC measures the proportion of correctly classified re-
sponses. Higher AUC and ACC values indicate better predictive performance. The final
results are reported as mean ± standard deviation over independent runs.

5.3. Implementation Details

CADKT was implemented in PyTorch 2.4.1 and trained on an NVIDIA RTX 4090
GPU. Records with missing problem identifiers or concept labels were removed. For multi-
concept problems, the first concept was retained. Response time and attempt count were
used to construct behavior-derived affect-related factors.

All models are evaluated using fixed student-level 5-fold cross-validation. The same
fold assignments, preprocessing procedure, maximum sequence length, and evaluation
code were used for all methods and random seeds. Within each fold, a validation subset
was sampled from the training students for hyperparameter selection, early stopping,
and checkpoint selection, while the held-out test fold was used only for final evaluation.
Model-specific hyperparameters were selected according to validation AUC.

To prevent cross-split and temporal leakage, concept-level statistics, normalization
parameters, and K-means centroids were estimated only from the training portion of each
fold and then fixed for validation and testing. When predicting the (t + 1)-th response, CD,
TED, LPD, TAGs, and affect-related profiles were constructed solely from Lt

s, without using
the correctness, response time, or attempt count of the target interaction. Problem–concept
associations in the HKG were obtained from static metadata and contained no student
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response information. Validation and test target responses were not used to estimate
training statistics or construct behavioral input factors.

The complete 5-fold procedure was repeated using random seeds 1025, 2024, and 3407
while retaining the same fold assignments. For each seed, AUC and ACC were averaged
over the five test folds. The final results are reported as the mean ± standard deviation of
the three seed-level averages.

For CADKT, the cognitive embedding dimension, affect-related profile embedding
dimension, and sequence hidden dimension were set to 128, 32, and 256, respectively.
The HKG and TAG encoders contained two and three graph attention layers, respectively,
while the Transformer contained two layers with four attention heads. CADKT was op-
timized using Adam with a learning rate of 10−3, batch size 64, dropout rate 0.1, and a
maximum of 100 epochs. Early stopping was triggered after 10 epochs without improve-
ment in validation AUC. The temperature parameter τ was set to 0.5, and λ was selected
using validation performance.

5.4. Experimental Results and Analysis

This subsection reports the experimental results of CADKT and the compared baseline
models. The analysis focuses on the overall prediction performance, the effectiveness
of the proposed cognitive and behavior-derived affect-related dual-view design, and the
consistency between the experimental results and the model architecture.

5.4.1. Overall Performance Comparison

Tables 3 and 4 report the AUC and ACC results of CADKT and twelve representative
baseline models under the unified evaluation protocol. For each random seed, the re-
sults were first averaged over the five student-level test folds, and the reported mean and
standard deviation were then calculated from the three seed-level cross-validated esti-
mates. Bold and underlined values indicate the best and second-best mean performance,
respectively. The symbol “–” denotes an unavailable result.

Table 3. Performance comparison on ASSIST09 and ASSIST12. The results are reported as mean ± stan-
dard deviation. The best results are shown in bold, and the second-best results are underlined.

KT Method
ASSIST09 ASSIST12

AUC ACC AUC ACC

BKT 0.733 ± 0.024 0.658 ± 0.027 0.718 ± 0.022 0.728 ± 0.025
DKT 0.746 ± 0.021 0.669 ± 0.024 0.729 ± 0.020 0.736 ± 0.023
DKVMN 0.769 ± 0.018 0.725 ± 0.021 0.722 ± 0.023 0.733 ± 0.020
SAKT 0.777 ± 0.017 0.742 ± 0.019 0.723 ± 0.021 0.733 ± 0.022
GKT 0.773 ± 0.016 0.735 ± 0.018 0.735 ± 0.019 0.713 ± 0.021
AKT 0.786 ± 0.015 0.768 ± 0.017 0.770 ± 0.014 0.754 ± 0.016
QIKT 0.787 ± 0.014 0.781 ± 0.016 0.748 ± 0.018 0.741 ± 0.017
DGEKT 0.766 ± 0.019 0.720 ± 0.020 0.765 ± 0.015 0.758 ± 0.016
Psy-KT 0.807 ± 0.012 0.776 ± 0.014 0.780 ± 0.013 0.755 ± 0.015
DEKT – – 0.789 ± 0.012 0.746 ± 0.017
HSKT 0.798 ± 0.013 0.780 ± 0.014 0.778 ± 0.013 0.758 ± 0.014
Q-MCKT 0.789 ± 0.014 0.738 ± 0.019 0.781 ± 0.012 0.753 ± 0.015

CADKT 0.828 ± 0.010 0.789 ± 0.011 0.800 ± 0.009 0.777 ± 0.010
Note: Rankings are determined using the original unrounded values.

As shown in Tables 3 and 4 and Figure 3, CADKT achieves the highest mean AUC on
all four datasets and the highest ACC on ASSIST09, ASSIST12, and Junyi while ranking
second on ASSISTchall. Compared with the strongest baseline, its AUC improves by
0.021, 0.011, 0.008, and 0.023 on ASSIST09, ASSIST12, ASSISTchall, and Junyi, respectively.
The highest AUC but second-best ACC on ASSISTchall suggests that CADKT provides
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stronger probability ranking, whereas fixed-threshold accuracy is more sensitive to class
distribution and probability calibration.

Table 4. Performance comparison on ASSISTchall and Junyi. The results are reported as mean ± stan-
dard deviation. The best results are shown in bold, and the second-best results are underlined.

KT Method
ASSISTchall Junyi

AUC ACC AUC ACC

BKT 0.713 ± 0.026 0.683 ± 0.028 0.728 ± 0.023 0.816 ± 0.021
DKT 0.721 ± 0.024 0.692 ± 0.025 0.735 ± 0.021 0.824 ± 0.020
DKVMN 0.710 ± 0.025 0.684 ± 0.026 0.740 ± 0.020 0.831 ± 0.019
SAKT 0.661 ± 0.028 0.668 ± 0.027 0.752 ± 0.018 0.840 ± 0.017
GKT 0.756 ± 0.019 0.713 ± 0.022 0.743 ± 0.019 0.837 ± 0.018
AKT 0.749 ± 0.017 0.707 ± 0.019 0.746 ± 0.017 0.837 ± 0.016
QIKT 0.736 ± 0.020 0.725 ± 0.021 0.766 ± 0.014 0.841 ± 0.015
DGEKT 0.776 ± 0.015 0.721 ± 0.018 0.766 ± 0.013 0.841 ± 0.014
Psy-KT 0.794 ± 0.012 0.743 ± 0.015 0.779 ± 0.012 0.851 ± 0.013
DEKT 0.801 ± 0.011 0.744 ± 0.014 0.776 ± 0.012 0.849 ± 0.013
HSKT 0.793 ± 0.012 0.768 ± 0.013 0.772 ± 0.013 0.845 ± 0.014
Q-MCKT 0.795 ± 0.011 0.746 ± 0.014 0.777 ± 0.011 0.850 ± 0.012

CADKT 0.809 ± 0.009 0.759 ± 0.010 0.802 ± 0.009 0.855 ± 0.010
Note: Rankings are determined using the original unrounded values.
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Figure 3. Performance comparison of knowledge tracing models in terms of AUC and ACC. Bars
represent the mean of the three seed-level cross-validated estimates, and error bars represent the
corresponding standard deviations.

These results support the complementary design of CADKT. Sequential models pri-
marily capture temporal dependencies, graph-based models emphasize structural relations,
and behavior-aware models introduce auxiliary learning conditions; however, they gen-
erally model these sources separately. CADKT instead combines heterogeneous student–
exercise–concept relations through HKG with the temporal evolution of behavior-derived
profiles through TAG, while Projected Hybrid Softmax and cross-view contrastive learning
coordinate the two representations. Its advantage over Q-MCKT indicates that cognitive–
behavioral cross-view alignment provides additional predictive information beyond con-
trastive learning confined to the cognitive view. On the independent Junyi platform,
CADKT obtains an AUC of 0.802 and an ACC of 0.855, and its standard deviations remain
between 0.009 and 0.011, supporting its cross-platform robustness and stable optimization
across random seeds.

5.4.2. Ablation Study

To isolate the contribution of each component, we conducted controlled component-
level, temporal-modeling, fusion-level, and behavioral-factor ablations on the four datasets.
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TAG was replaced with an HMM to directly compare the proposed temporal graph encoder
with a probabilistic state-transition model, while PHS was replaced with standard Multi-
Head Attention. Table 5 reports the corresponding results.

Table 5. Ablation results of CADKT. The reported values were averaged over five fixed student-level
test folds using random seed 2024.

Model
ASSIST09 ASSIST12 ASSISTchall Junyi

AUC ACC AUC ACC AUC ACC AUC ACC

CADKT (Full) 0.828 0.789 0.800 0.777 0.809 0.759 0.802 0.855
CADKT (TAG → HMM) 0.812 0.775 0.786 0.765 0.792 0.742 0.788 0.840
CADKT (PHS → MHA) 0.816 0.778 0.790 0.769 0.796 0.746 0.791 0.844
CADKT w/o HKG 0.795 0.764 0.765 0.748 0.771 0.721 0.769 0.826
CADKT w/o CD 0.818 0.780 0.791 0.769 0.797 0.748 0.793 0.845
CADKT w/o TED 0.819 0.782 0.793 0.771 0.800 0.751 0.795 0.847
CADKT w/o LPD 0.821 0.784 0.795 0.773 0.802 0.754 0.797 0.849
CADKT w/o CL 0.815 0.779 0.789 0.768 0.793 0.743 0.790 0.842

As shown in Table 5, all ablation and replacement variants underperform the full
CADKT model in terms of both AUC and ACC. Figure 4 further visualizes the AUC changes
relative to the full model, showing consistent trends across the four datasets.

ASSIST09 ASSIST12 ASSISTchall Junyi
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−0.005
−0.012

CADKT w/o HKG
CADKT (TAG → HMM)

CADKT (PHS → MHA)
CADKT w/o CD

CADKT w/o TED
CADKT w/o LPD

CADKT w/o CL
CADKT (Full)

Figure 4. AUC results of the component, behavioral-factor, temporal-modeling, and fusion ablations
on four datasets. The annotated values indicate the AUC changes relative to the full model. Red
annotations highlight the largest AUC reduction on each dataset, whereas the other reductions are
shown in light orange.

Removing HKG causes the largest degradation, with AUC reductions of 0.033–0.038
and ACC reductions of 0.025–0.038. This result highlights the importance of heterogeneous
student–exercise–concept relations for knowledge-state estimation. Replacing TAG with
an HMM reduces AUC by 0.014–0.017 and ACC by 0.012–0.017, indicating that TAG is
more effective than the evaluated HMM variant in modeling the temporal evolution of
behavior-derived profiles.

The factor-level results in Figure 4 show a consistent contribution order: CD produces
the largest AUC decrease when removed, followed by TED and LPD. This suggests that
CD provides the strongest individual signal, while TED and LPD offer complementary
information regarding response efficiency and repeated attempts.

Replacing PHS with Multi-Head Attention or removing contrastive learning also
leads to consistent performance losses. These results support the effectiveness of PHS
for heterogeneous representation fusion and of contrastive learning for coordinating the
cognitive and behavior-derived views. Overall, the table provides the complete AUC
and ACC results, whereas Figure 4 highlights the relative magnitude and cross-dataset
consistency of the AUC changes.
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5.4.3. Analysis of Behavior-Derived Affective Profiles

To examine whether the interval-based profile mining process can provide meaningful
auxiliary signals for CADKT, the centroid distributions of the learned behavior-derived
affect-related profiles were analyzed. Since CADKT is designed for non-affect-oriented
educational logs, it does not rely on manually annotated emotion labels. The learned
clusters are therefore not regarded as ground-truth emotional categories. Instead, they
are interpreted as behavior-derived learning-condition profiles inferred from CD, TED,
and LPD.

Consistent with the interval-based profile mining procedure introduced in Section 3.3,
the three behavioral factors were normalized before clustering so that CD, TED, and LPD
could be compared in the same feature space. In this study, the number of clusters was
set to K = 4 according to validation performance, corresponding to four behavior-derived
affect-related profiles used in the subsequent visualization. The influence of the number
of profiles is further examined in the sensitivity analysis in Section 5.4.4. Table 6 reports
the centroid values, sample size, average response accuracy, and behavioral interpretation
of each cluster. The profile descriptions used in the following analysis serve only as
interpretive references for the observed behavioral patterns rather than as directly observed
emotional labels.

Table 6. Centroids and characteristics of behavior-derived affect-related profiles.

Cluster
CD

(Mean)
TED

(Mean)
LPD

(Mean)
N

(Samples) ACC Behavior-Derived Profile

0 −0.82 −0.65 1.12 293,665 0.28 Repeated-attempt low-performance pattern
1 0.95 2.18 −0.73 58,720 0.62 Deliberate successful pattern
2 0.93 −0.41 −0.92 62,174 0.59 Efficient low-effort success pattern
3 −0.78 −0.52 0.89 347,449 0.31 Unstable low-performance pattern

As shown in Table 6, the four clusters present distinguishable behavior-derived affect-
related profiles. These profiles are inferred from behavioral deviations rather than manually
annotated emotion labels and should therefore be interpreted according to their observable
response characteristics.

Cluster 0 has negative CD and the highest LPD, indicating relatively low response
performance together with more repeated attempts. This profile is described as a repeated-
attempt low-performance pattern. Students assigned to this profile tend to make additional
attempts while still achieving comparatively low accuracy, reflecting persistent but unsuc-
cessful problem-solving behavior. Cluster 3 also shows negative CD, but its LPD is lower
than that of Cluster 0 and its TED remains negative. This profile therefore represents an
unstable low-performance condition characterized by relatively short response time and
moderately elevated repeated-attempt behavior.

Clusters 1 and 2 correspond to more favorable response outcomes. Cluster 1 has positive
CD and the highest TED, suggesting that students spend more time while obtaining better
performance. This profile is described as a deliberate successful pattern because longer
response time is accompanied by higher correctness and fewer repeated attempts. Cluster
2 also has positive CD and negative LPD, but its TED is lower than that of Cluster 1. This
combination indicates comparatively efficient successful responses with fewer attempts.
Therefore, it is described as an efficient low-effort success pattern and is interpreted as a
mastery-related behavioral profile rather than as evidence of a specific emotional state.

The sample distribution also provides useful descriptive information. Clusters 0 and
3 contain more samples than Clusters 1 and 2, suggesting that the corresponding low-
performance or unstable learning-condition patterns occur frequently in the interaction
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records. Meanwhile, the average response accuracy clearly separates the successful profiles
from the low-performance profiles. Clusters 1 and 2 achieve average accuracies of 0.62 and
0.59, whereas Clusters 0 and 3 obtain 0.28 and 0.31, respectively. Because correctness-related
information contributes to the construction of CD, these accuracy differences should be re-
garded as descriptive consistency rather than independent validation of the learned profiles.

Overall, CD, TED, and LPD characterize different combinations of response quality,
response time, and learning persistence. The learned profiles consequently exhibit de-
scriptive consistency with students’ observable response behavior and provide structured
auxiliary signals for subsequent temporal modeling. Based on these profiles, TAG further
captures how students transition among different learning-condition patterns along the
interaction sequence, providing the basis for the subsequent trajectory visualization and
case analysis. The predictive contribution of the profile construction is further evaluated
through the ablation and sensitivity analyses.

5.4.4. Parameter Sensitivity Analysis

To evaluate the influence of key hyperparameters in CADKT, three representative
parameters were selected for sensitivity analysis: the contrastive learning weight λ, the in-
terval length LSeg, and the number of behavior-derived profiles K. These parameters
control the cross-view regularization strength, temporal aggregation granularity, and pro-
file clustering granularity, respectively. Other hyperparameters were fixed according to the
validation setting described in Section 5.3. The experiments were conducted on ASSIST09,
and the results are shown in Figure 5.
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Figure 5. Parameter sensitivity analysis of CADKT. (a) Performance with different contrastive
learning weights λ. (b) Performance with different interval lengths LSeg. (c) Performance with
different numbers of behavior-derived profiles K.

As shown in Figure 5a, the AUC first increases and then decreases as λ increases,
reaching the highest value of 0.825 at λ = 0.2. A small λ provides insufficient regularization
to coordinate the cognitive and affective views, whereas an excessively large value may
over-constrain the representation space and interfere with optimization of the primary
prediction objective. Therefore, λ = 0.2 provides an appropriate balance between cross-
view consistency and predictive performance.

Figure 5b shows that the AUC increases from 0.780 at LSeg = 1 to 0.825 at LSeg = 5,
and then decreases to 0.819 at LSeg = 7. A short interval is more sensitive to isolated behav-
ioral fluctuations, whereas a long interval may over-smooth short-term profile transitions.
Since LSeg determines the range of the causal rolling window W t

s in Equation (14), the result
supports LSeg = 5 as a suitable balance between temporal resolution and local robustness.

As shown in Figure 5c, increasing K from 2 to 4 improves the AUC from 0.792 to
0.825, whereas further increasing K gradually reduces performance. A small K may merge
distinct behavior-derived patterns into the same profile, limiting their discriminative
capacity. In contrast, an excessively large K may divide the interaction samples into overly
fine-grained clusters and reduce the stability of profile assignment. Because the inferred
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profiles are subsequently used as categorical inputs to TAG, K = 4 provides an appropriate
profile granularity for temporal graph modeling.

Overall, the three parameters exhibit intermediate optima, indicating that CADKT
benefits from balanced cross-view regularization, temporal aggregation, and profile granu-
larity rather than from maximizing any single modeling component. Therefore, λ = 0.2,
LSeg = 5, and K = 4 were adopted in the final model according to validation performance.

5.4.5. Case Study and Interpretability Analysis

To further examine the interpretability of CADKT, a case study was conducted on
a representative student trajectory from ASSISTchall. The analysis proceeded from two
aspects. First, the mastery trajectories estimated by CADKT and DKT were compared to
examine how different models describe the evolution of student knowledge states. Second,
the behavior-derived affective profiles inferred by CADKT were analyzed along the same
interaction sequence so as to reveal how changes in mastery estimation are associated with
behavioral-state transitions.

A single student trajectory with 39 interaction steps was selected for visualization.
Figures 6 and 7 show the estimated mastery trajectories of five representative knowledge
concepts for CADKT and DKT, respectively. The horizontal axis denotes the interaction
sequence, and the vertical axis denotes the selected knowledge concepts. The numerical
values and color intensity in each cell indicate the estimated mastery probability.
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Figure 6. Knowledge-state trajectory estimated by CADKT for a representative student. Regions A and
C highlight representative areas with gradual and coherent changes in the estimated mastery states.
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Figure 7. Knowledge-state trajectory estimated by DKT for the same student. Regions B and D
highlight representative areas with sharper local fluctuations in the estimated mastery states.

(1) Case study of knowledge state evolution. As shown in Figures 6 and 7, CADKT
and DKT present different mastery estimation patterns on the same student trajectory.
CADKT produces smoother and more coherent changes across several knowledge concepts.
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In Figure 6, the highlighted regions A and C show gradual transitions, indicating that the
estimated mastery changes progressively along the interaction sequence. This pattern is
consistent with the cumulative nature of knowledge acquisition, where mastery usually
develops through continuous learning rather than abrupt changes.

By contrast, DKT shows sharper local fluctuations in regions B and D of Figure 7.
These changes suggest that DKT is more sensitive to individual response correctness,
and its estimated mastery may fluctuate when isolated responses change. The comparison
indicates that CADKT can provide more stable mastery estimation by incorporating cogni-
tive structural information from HKG and behavior-derived state information from TAG.
Therefore, the visualization supports the interpretability of CADKT from the perspective of
knowledge-state evolution.

(2) Behavior-derived affect-related profiles along the trajectory. To further illus-
trate the behavioral-state modeling process, Figure 8 visualizes the same 39-step trajectory
together with the dominant behavior-derived affect-related profiles inferred by CADKT.
The background labels in the figure, including Confusion, Concentration, Frustration,
and Boredom, are used as shorthand interpretive references following affect-aware KT
studies. They do not represent manually annotated emotion labels or ground-truth emo-
tional categories.
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Figure 8. Visualization of mastery trajectories and behavior-derived affect-related profiles across
39 interaction steps, where the colored background regions indicate the dominant behavior-derived
learning-condition profiles inferred by CADKT and the affective labels serve only as shorthand
interpretive references rather than ground-truth emotion labels.

As shown in Figure 8, the trajectory can be divided into four behavior-derived learning-
condition stages. In the region labeled as Confusion, the student is assigned to an unstable
low-performance profile. During this period, the mastery estimates are generally low or
unstable, suggesting that the student has not yet formed stable mastery of the related
knowledge concepts. In the region labeled as Concentration, several mastery trajectories
increase gradually, indicating that the student begins to make more effective progress. This
stage is consistent with the behavior-derived profile characterized by longer response time
and improved performance.

In the region labeled as Frustration, the trajectory shows more noticeable fluctuation.
Some concepts continue to improve, while others remain unstable or increase slowly. This
pattern is consistent with repeated attempts and unstable learning outcomes, and may be
associated with frustration-related learning behavior. In the region labeled as Boredom,
the mastery estimates become relatively stable. Since this profile is characterized by
relatively high correctness, fewer repeated attempts, and lower behavioral effort, it is more
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conservatively interpreted as an efficient low-effort success pattern or mastery-related
behavioral profile, rather than as a directly observed boredom state.

Overall, the case study shows that CADKT provides interpretable cognitive-behavioral
trajectories. The comparison with DKT indicates that CADKT yields smoother and more
coherent mastery estimation, while the behavior-derived affect-related profiles show how
learning-state changes are accompanied by behavioral-state transitions. These results
further support the role of TAG in modeling behavior-derived affect-related dynamics
and explain how CADKT connects cognitive structure with behavioral information in
knowledge tracing.

5.4.6. Computational Efficiency Analysis

To evaluate the practical computational cost of CADKT, we measured training latency,
inference latency, and peak GPU memory at interaction-history lengths of 50, 100, 200, 300,
and 500. All experiments were conducted on an NVIDIA RTX 4090 using FP32 and a fixed
batch size of 32. Each setting was evaluated after five warm-up iterations, with training and
inference statistics averaged over 20 optimization steps and 50 forward passes, respectively.

As shown in Figure 9, when the history length increases from 50 to 500, training latency
rises from 0.641 to 5.621 s/batch and inference latency from 0.309 to 2.970 s/batch. Peak
training memory increases from 1.770 to 2.356 GiB, whereas peak inference memory remains
approximately 0.491 GiB because no backpropagation activations are retained. These results
show predictable resource growth and confirm that CADKT remains executable at a history
length of 500 on a single RTX 4090.
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Figure 9. Computational costs of CADKT for different interaction-history lengths, including (a) train-
ing latency, (b) inference latency, and (c) peak GPU memory, with error bars denoting standard
deviations over repeated measurements.

To further quantify the overhead of dual-graph modeling, Table 7 compares CADKT
with representative sequential, attention-based, and graph-based KT models under the
same measurement protocol.

Table 7. Computational overhead comparison at history length L = 500 with a batch size of 32 on an
NVIDIA RTX 4090.

Model Params Train
(s/Batch)

Infer
(s/Batch)

Train Mem.
(GiB)

Infer Mem.
(GiB)

DKT 742,631 4.326 2.105 1.720 0.410
AKT 826,412 4.813 2.461 2.040 0.450
DGEKT 893,674 5.136 2.615 2.170 0.470
CADKT 970,858 5.621 2.970 2.356 0.491

Compared with DGEKT, CADKT increases the parameter count by 8.64%, training
latency by 9.44%, inference latency by 13.58%, peak training memory by 8.57%, and peak
inference memory by 4.47%. In return, CADKT improves AUC by 0.0625, 0.0344, and 0.0331
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on ASSIST09, ASSIST12, and ASSISTchall, respectively. This indicates that the additional
TAG branch provides improved predictive performance with a moderate and measurable
computational overhead rather than relying on excessive parameter expansion.

6. Conclusions
In this paper, a Cognitive-Affective Dual-Graph Knowledge Tracing framework,

named CADKT, is proposed to improve student performance prediction by jointly modeling
cognitive structure and behavior-derived affect-related dynamics. Different from conven-
tional KT methods that mainly rely on response sequences, CADKT constructs a Heteroge-
neous Knowledge Graph to represent student–problem interactions and problem–concept
associations, and further builds a Temporal Affective Graph to model the temporal transi-
tions of behavior-derived affect-related profiles inferred from learning logs. Based on these
two views, the Projected Hybrid Softmax fusion mechanism adaptively integrates prob-
lem, concept, student, and behavioral-state representations, while cross-view contrastive
regularization promotes consistency between cognitive and behavioral representations.

Experiments on four public educational datasets demonstrate the effectiveness of
CADKT. The proposed model achieves stronger overall performance than representa-
tive sequence-based, graph-based, and affect-aware baselines on most evaluation metrics.
The ablation study confirms the contribution of each component, showing that HKG
provides cognitive structural evidence, TAG supplements behavior-derived temporal infor-
mation, and PHS together with contrastive regularization improves cross-view interaction.
In addition, the analysis of behavior-derived affect-related profiles and the case study show
that CADKT can produce more interpretable learning trajectories by connecting mastery
evolution with behavioral-state changes.

Future work may further enrich behavior-derived state representations and explore
trajectory-level contrastive alignment between cognitive and behavioral learning processes.
More efficient graph construction and fusion strategies can also be investigated to improve
the scalability of CADKT in large-scale intelligent tutoring systems.
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