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ABSTRACT Accurate representation and classification of sequential information are critical for
intelligent engineering systems involving complex signal processing and adaptive decision-making. To
address the data sparsity problem in fine-grained classification of localized educational resources, this
study proposes a contrast-enhanced attentional knowledge tracing framework that combines Attentive
Knowledge Tracing (AKT), sliding-window sequence augmentation, and InfoNCE-based contrastive
learning. The proposed method extracts cognitive state transition vectors as latent representations of
resource functions and performs hierarchical clustering to identify implicit instructional categories
without relying on large-scale annotated corpora or textual features. Experimental results demonstrate
that the proposed framework achieves a silhouette coefficient of 0.72 under full-data conditions and
maintains robust clustering performance under extremely sparse data scenarios, significantly outperforming
conventional knowledge tracing models. The learned cognitive representations exhibit weak correlation
with coarse-grained subject labels while effectively capturing latent functional characteristics of edu-
cational resources. By providing an efficient mechanism for high-dimensional sequential representation
learning and feature discrimination, the proposed framework offers valuable insights for educational
data mining, adaptive instructional design, and data-driven resource classification strategies that are
relevant to intelligent tutoring systems and personalized learning applications.

INDEX TERMS attentive knowledge tracing, contrastive learning, localized educational resources,

fine-grained classification, cognitive state transition

. INTRODUCTION

HE current advancement of digital education has
T spawned a massive amount of learning resources with
regional cultural attributes. These localized educational re-
sources carry the dialectal characteristics, folk traditions,
and local knowledge systems of specific regions. However,
the effective organization and retrieval of these resources
has long been constrained by the bottleneck of classification
technology. General subject tags can only indicate their
superficial subject affiliation and cannot reveal the cognitive
functions actually triggered in the teaching process (Song,
et al,, 2022; Ma, et al., 2024). The inherent sparsity of
interactive data further exacerbates this dilemma. Due to the
limited scope of use of individual school-based resources,
it is difficult to accumulate enough student answer records
to support data-driven fine-grained analysis (Feng, et al.,
2022; Khayry, et al., 2024). Solving this problem has
urgent engineering value for the intelligent recommendation
of regional educational resources, adaptive learning path
planning, and digital support for the inheritance of local
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culture. At the same time, at the theoretical level, it also
constitutes a key test for the transfer of cognitive diagnostic
models from large-scale standardized assessments to small-
sample contextualized learning analysis.

The core challenge of fine-grained classification of lo-
calized educational resources stems from a dual scarcity.
The first scarcity lies in the volume of interactive data:
local resources are often used in single-school or sin-
gleclass settings, and the number and length of student
response sequences are far lower than the typical training
requirements of knowledge-tracking models. Under these
conditions, deep neural networks face serious risks of ex-
cessively large gradient estimation variance and underfitting
decision boundaries (Dai, et al., 2024; Rex, et al., 2022).
The second scarcity lies in the granularity of annotation
information: the teaching function labels of resources rely
on the experience and judgment of frontline teachers, mak-
ing large-scale fine-grained annotation impractical at the
operational level, only yielding coarse, weak supervisory
signals (Zhang, et al., 2025). These two scarcity factors
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combine to render traditional classification methods relying
on content text features ineffective in localized contexts. The
error rate of dialect speech transcription leads to unreliable
text feature extraction, while general classification models
have almost no ability to perceive implicit cultural cognitive
associations (Li, et al., 2024; Wassink, et al., 2022). How
to construct a fine-grained classification mechanism that
is sensitive to resource cognition under extremely small
sample conditions has become an unresolved technical prob-
lem in this field. To address the bottlenecks in knowledge
tracing applications in small-sample scenarios, researchers
have explored various approaches. Attention-based knowl-
edge tracing models replace recurrent neural networks with
self-attention structures, capturing cognitive dependencies
between distant questions within a sequence through a
global receptive field, achieving improved data efficiency
compared to traditional deep knowledge tracing (Pu, et al.,
2022; Xu & Hu, 2024). Advances in contrastive learning
paradigms in representation learning have provided another
path for small-sample scenarios. Supervised contrastive loss
enhances the inter-class separability of representation vec-
tors without increasing training data by bringing similar
samples closer together and distancing dissimilar samples
further apart in the embedding space (Sabiri, et al., 2024;
Hu, et al., 2024). However, each of these methods has inher-
ent limitations: attention-based knowledge tracing focuses
on prediction accuracy rather than the clustering structure of
the representation space, and its output hidden state vectors
lack explicit separation constraints for functional categories
(Lu, et al., 2024; Liu, et al., 2026). Supervised contrastive
learning, in constructing positive and negative samples, typ-
ically requires a high degree of certainty regarding the labels
it relies on. However, the weak supervisory signals available
in the geochemical resource domain create a tension with
this premise (Huang, et al., 2022; Deng, et al., 2024). More
critically, existing work rarely involves joint optimization
of these two mechanisms for cognitive diagnostic represen-
tation. As a result, under conditions of extremely scarce
interaction sequences and coarse labeled signals, directly
classifying resources into fine-grained cognitive function
categories remains a technical gap that few methods have
addressed.

This paper addresses the limited scope of existing meth-
ods for joint optimization of cognitive diagnostic repre-
sentations by proposing a contrastive-enhanced attention-
based knowledge tracking framework. The core logic of
this framework lies in shifting the fine-grained resource
classification problem from the content feature space to the
cognitive state transition space. This transition is grounded
in the premise that while AKT traditionally predicts student
mastery, the resulting cognitive state change vector (Ah)
acts as a high-dimensional “cognitive fingerprint” of the
resource itself. Because functionally similar resources trig-
ger consistent patterns of knowledge state transitions across
different learners, these vectors inherently encapsulate the
latent semantic and pedagogical properties of the resources,
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providing a robust basis for fine-grained classification be-
yond simple performance prediction. The resource cognitive
fingerprint Ah is computationally defined as the differential
vector in the student’s latent state before and after using
the resource, Ah = hsa — hs. This vector represents
the transition magnitude across the student’s multidimen-
sional knowledge mastery space, serving as a quantitative
proxy for the resource’s instructional impact. To achieve
this goal, the framework is specifically designed at three
levels: at the data level, a sliding window augmentation
strategy is used to address the extreme sparsity of local
interaction sequences; at the representation level, the coarse
functional labels provided by the teacher are transformed
into structured constraints for contrastive learning, guiding
similar resources to form compact clusters in the latent
space; at the output level, hierarchical clustering replaces
the parameterized linear classifier, avoiding the interfer-
ence of overfitting of the classifier head on the clustering
structure under small sample conditions. Under small-scale
experimental conditions, the proposed framework effec-
tively classifies three functional orientation resources: native
language prosody activation, local empathy arousal, and
contextualized knowledge anchoring. The cluster density is
better than the baseline model without contrast constraints.
The ablation results confirm the independent contribution of
each design module. The systematic deviation between the
classification boundary and the coarse-grained subject labels
indicates that the cognitive diagnosis-driven path captures
the implicit teaching attributes that are missed in the content
features in the functional dimension.

Il. CONTRAST-ENHANCED COGNITIVE TRANSFER
METHODS

A. PROBLEM FORMALIZATION AND INTRA-SEQUENCE
AUGMENTATION

The core challenge in fine-grained classification of localized
educational resources lies in the inherent sparsity of inter-
action sequences. This problem manifests under small sam-
ple conditions as insufficient available training samples to
support parameter optimization for deep knowledge tracing
models (Bradshaw & McDonald, 2023; Zhao, et al., 2025).
To address this challenge, this paper approaches the issue
from the perspective of cognitive state transfer, constructing
the classification task as a clustering problem of cognitive
fingerprint vectors in the latent space. The classification
criterion shifts from the content features of resources to the
cognitive effects evoked by those resources (Tong & Ren,
2025; Sagqr, et al., 2023). Based on this task construction, the
formal definition of interaction sequences is first presented
below.

Let S = {s1,52,...,5n} be the set of minimal sample
interaction sequences, where N is the number of stu-
dents participating in the experiment. In this scenario, N
has a finite number of values. Each sequence s; records
the trajectory of a single student’s answers to a number
of test questions within a specified time period, s; =
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{(q1,a1), (g2, a2), ..., (qr,ar)}, where g, is the index of
the question answered at step ¢, and a; € {0,1} is a
binary label indicating whether the answer is correct or
incorrect, where a; = 1 indicates correct and a; = 0
indicates incorrect. The sequence length T varies depending
on the number of students answering, and the total number
of original sequences is NN. Since localized resource usage
scenarios are inherently niche, the aforementioned sample
size is insufficient to directly drive sufficient training of
the attention knowledge tracking model, thus highlighting
the necessity of sample expansion (Ullah, et al., 2025). To
overcome this data bottleneck, a sliding window internal
augmentation strategy is introduced. A window length L
and a step size d are set. The value of L does not exceed
the minimum value of all sequence lengths 7" to ensure that a
single slice is always completed within the sequence bound-
aries. d satisfies d < L, ensuring that there are overlapping
intervals between adjacent windows. For the sequence s;,
the window is moved successively from the starting position
with a step size d. Each time, a continuous response segment
of length L is extracted as an independent subsequence. The

subsequence generated by the j-th extraction is denoted as
517‘7 .

Sij ={a+ (U —Dd,ar +(j —1)d),
(g2 + (j — Dd,az + (j — 1)d), ...,
(g + (G = Dd,ar + (j — 1)d)}

For an original sequence of length 7', the number of
subsequences generated is | (T'— L)/d|+1. After traversing
the entire original sequence, the augmented subsequence set
S’ gathers all the sub-segments generated by each sequence
as follows.

N
S = U{gi,lvgi,%---yéi,ki} (2)
i=1

In the equation, k; = [(T; — L)/d] + 1 represents the
number of subsequences generated after the ¢-th original
sequence is segmented. The total number of samples S’ can
be obtained by summing the number of subsequences of
each sequence.

N
M=3 k (3)
i=1

Under typical parameter settings, M can reach several
times the level of N, thus expanding the sample size from
N to M.

The augmentation operation is strictly limited to a single
sequence. Each subsequence inherits the complete response
records and their temporal sequence relationships from L
consecutive steps in the original sequence.

This process does not introduce synthetic data or external
noise, and the cognitive state dependency structure between
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questions in the original interaction record is preserved in
each subsequence (Huang, et al., 2025; Su, et al., 2024). The
amplified subsequence set S’ is fed into the subsequent at-
tention knowledge tracking model with a larger sample size,
thereby alleviating the dilemma of excessively large gradient
estimation variance and underfitting decision boundaries in
deep models under small sample conditions (Abdelrahman,
et al., 2023). The window length L determines the temporal
span of the cognitive states carried by a single subsequence,
and the step size d controls the degree of information over-
lap between adjacent subsequences. Together, they regulate
the trade-off between the sample augmentation factor and
the integrity of sequence information.

B. COGNITIVE STATE ENCODING BASED ON
ATTENTION-BASED KNOWLEDGE TRACKING

The sliding window augmentation expands the original
sequence set S into a subsequence set S’, alleviating
the sample size bottleneck for deep model training under
small sample conditions. This section deploys an attention-
based knowledge tracking model on top of the augmented
sequence set S’, encodes each subsequence step-by-step,
extracts the latent vector representation of the student’s
knowledge state, and defines the cognitive fingerprint of the
resource based on this.

The attention-based knowledge tracking model replaces
the loop structure with a self-attention mechanism, directly
establishing dependencies between the responses of any two
time steps in the sequence (Khosla, et al., 2026; Xiao,
et al., 2023). For a subsequence 5;; in the subsequence
set S’, the model jointly embeds each question index ¢
and the corresponding response a; into an input vector x;.
x; is generated by a linear combination of the question
embedding matrix and the response embedding matrix,
carrying information about the question identity and the
correctness of the answer at that time step. The input vector
sequence {x1,xsa,...,x} calculates the attention weight
of each position to all positions in the sequence through a
self-attention layer. The attention weight oy » of step ¢ to
step 7 is obtained by scaling the inner product of the query
vector (J; and the key vector K. and then normalizing it
using softmax.

o EXP(Qt : KT/\/E)
at,‘r - I
Zj:l exp(Q: - Kj/\/ﬁ)
In the equation, D is the dimension of the attention head.
The context vector c; at each time step is obtained by

weighted summation of the attention weights over the value
vector V. at all positions.

“

L
Ct = Z at,TVT (5)
=1

The context vector ¢; encapsulates all historical informa-
tion in the sequence that has cognitive associations with the
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answer at step ¢. The distribution of attention weights oy -
directly reflects the model’s strength in capturing cognitive
dependencies between distant questions within the sequence.

To separate the influence of question difficulty and student
ability on the answering results, the model introduces a
Rasch embedding layer (Cheng, et al., 2022). The question
difficulty parameter d,, and the student ability parameter
0 participate in knowledge state updates through learnable
scalar embeddings. The latent knowledge state vector h; at
step t is jointly determined by the context vector c;, the
latent vector h;_; from the previous time step, the question
difficulty d,,, and the student ability 0.

ht = FFN(Ct + ht,1 + dqt . 9) (6)

FEN stands for Feed-Forward Network. h; encodes the
student’s multidimensional cognitive state after answering
the question at step ¢, with each dimension corresponding
to the mastery strength of different knowledge components.
At each time step, the model simultaneously outputs the
predicted probability p, = o(W, - hy + b,) for answering
the next question correctly, and calculates the prediction loss
Lyreq to drive parameter optimization.

L-1

Lpred = — Z la¢+1logps + (1 — azyq)log(l —pe)] (7)

t=1

Optimization of the prediction loss enables the latent
vector h; to accurately capture the dynamics of students’
knowledge acquisition.

After completing the time-step encoding of the subse-
quences, the two latent vectors adjacent to the resource
usage event in each subsequence are extracted as snapshots
of the cognitive state before and after use. The resource
cognitive fingerprint Ah is defined as the change in the
student’s latent state before and after using the resource,
Ah = hyy A — hy, where t corresponds to the last time step
before resource use, and ¢ + A corresponds to the first time
step after resource use. Ah encodes the multidimensional
cognitive structure changes triggered by the resource in
vector form. Resources with different functional orientations
will generate cognitive fingerprints with differences in both
direction and magnitude (Li, et al., 2025). The cognitive
fingerprint vectors of all resources constitute a unified
set of input representations, providing a data foundation
for subsequent comparative optimization and fine-grained
functional clustering.

C. COGNITIVE REPRESENTATION OPTIMIZATION
BASED ON CONTRAST CONSTRAINTS

In the pre-encoding stage, all localized educational resources
have been mapped to a cognitive fingerprint vector set
Ah = {Ahy,Ahsg, ..., Ahk}, where K is the total number
of resources. These vectors directly carry the changes in
students’ cognitive states before and after using the re-
sources. However, due to the small sample size of the
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interaction sequences, the estimation accuracy of individual
vectors fluctuates randomly (Wang, et al., 2024). To enhance
the functional discriminative power of cognitive fingerprints
under conditions of limited samples, this section introduces
contrastive constraints to apply structured regularization to
the vector space.

The approximate functional category labels y;, € {1, 2, 3}
of resources are obtained from the teacher’s weak super-
vision signals. These three categories respectively point to
native language prosody activation, local empathy evoked,
and contextualized knowledge anchoring. Resources with
similar labels share similar cognitive effects, while resources
with dissimilar labels elicit different cognitive transfer pat-
terns. Based on this prior, a positive sample set P(i) = {j |
Yj = Yi, j # i} is defined for each resource, representing
other resources with the same label as resource 7; and a
negative sample set N (i) = {j | y; # y:}. The division of
positive and negative sample pairs does not depend on the
textual content or subject attributes of the resources, but is
only constrained by the teacher’s weak classification signals
at the functional level. The similarity between two vectors
is defined as cosine similarity in the cognitive fingerprint
space.

Ah; - Ah;
([ AR|[| Ay

The contrast loss is expressed in the form of InfoNCE,
which calculates the normalized logarithm loss of the sim-
ilarity between anchor point ¢ and its positive samples
relative to the similarity of all non-anchor point samples
for each batch of resources. Assuming the current batch
contains B resource indexes, the InfoNCE loss is as follows.

B
1 1 exp(sim(Ah;, Ahy,)/T)
Lcl = —— " 10g "
B ; | P(7)] pengi) > jzi exp(sim(Ahy, Ahy) /T)

©))
In the equation, 7 is a temperature coefficient that ad-
justs the concentration of the similarity distribution. The
numerator of the InfoNCE loss encourages anchor points
and their positive samples to move closer together in the
latent space, while the denominator forces anchor points to
move further apart from all non-anchor samples, achieving
intra-class clustering and inter-class separation through a
normalization competition mechanism (Zhang, et al., 2023;
Hu, et al., 2025).
By jointly weighting the contrastive loss and the pre-
diction loss Lpreq from the attention knowledge tracking
model, the end-to-end optimization objective is as follows.

L= Lpred + ALq (10)

In the equation, A is the contrastive loss weight co-
efficient, which adjusts the proportion of the InfoNCE
regularization term in the joint optimization. During the joint
optimization process, the predictive loss Leq ensures the
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fitting accuracy of the latent vectors to the answer results,
while the contrastive loss L. reorganizes the geometric
distribution of the vectors at the functional category level.
It is crucial to distinguish the teacher’s “weak signals”
from the model’s final functional labels: the former act
as a coarse structural prior to regularize the embedding
space, whereas the latter are emergent patterns derived from
the high-dimensional variance in students’ actual cogni-
tive state transitions (Ah). The contrastive loss guides the
optimization trajectory, but the model must still reconcile
these priors with the objective response data, preventing
simple label memorization. The synergistic effect of the two
types of signals enables the model to extract functionally
sensitive cognitive representations from a limited number
of interaction sequences even with extremely small sample
settings (Xu, et al., 2023). When A is appropriately chosen,
the cognitive fingerprint vectors of similar resources cluster
tightly under cosine distance, while the vectors of dissimilar
resources are far apart. This latent space structure directly
corresponds to the clustering assumption of fine-grained
functional classification, providing input features with nat-
ural separability for subsequent clustering algorithms.

D. FINE-GRAINED FUNCTIONAL CLUSTERING BASED
ON COGNITIVE FINGERPRINTS

After the contrastive constraint optimization, the cognitive
fingerprint vector set Ah exhibits a geometric structure of
intra-class clustering and inter-class separation in the latent
space. This section builds upon this by performing fine-
grained functional clustering, transforming the geometric
distribution in the continuous vector space into discrete
functional category labels.

The clustering algorithm employs hierarchical agglomer-
ative clustering, using the cosine distance between cognitive
fingerprint vectors as a measure of dissimilarity. Hierarchi-
cal agglomerative clustering does not require pre-defined
cluster centers; it merges the closest vector pairs layer by
layer from bottom to top, and its merging trajectory naturally
matches the local density structure formed by the contrastive
constraints (Guan & Yuen, 2022; Ran, et al., 2023). Let
the cosine distance between resource ¢ and resource j be
represented as follows:

In the equation, sim(Ah;, Ah;) represents the cosine
similarity between two vectors.

In the initial state of clustering, each resource is treated as
an independent cluster C; = {i}. Subsequently, inter-cluster
distance calculation and merging operations are performed
iteratively. The inter-cluster distance adopts the average-
linkage criterion, which is the mean of the cosine distances
of all vectors within two clusters.

dan(A’ B) = ﬁ Z’ieA ZjEB d(AhZ, Ahj)
(12)
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The iterative process continues until the number of avail-
able clusters is reduced to a preset value GG, where G is
set to 3, consistent with the number of functional categories
in the teacher’s weak supervision signal. After clustering
terminates, G clusters are output, each cluster corresponding
to a type of local educational resource with similar cognitive
effects.

The mapping of clustering results to fine-grained func-
tional labels is determined based on the distribution of
teacher weak supervision labels for resources within the
cluster. Let C'y be the set of resource indexes contained
in cluster g. The frequency distribution of teacher weak
supervision labels y € {1,2,3} within this cluster is
statistically analyzed, and the cluster is named according
to the functional category corresponding to the majority
of labels. Three functional label categories are used as
previously defined: native language prosody activation, local
empathy arousal, and contextualized knowledge anchoring.
Specifically, “native language prosody activation” refers to
resources such as audio recordings of Shaanxi dialect poetry
recitations that trigger phonological awareness; “local em-
pathy arousal” includes visual materials like documentaries
on the Xi’an ancient city wall to evoke cultural identity;
and “contextualized knowledge anchoring” involves local-
ized problem sets, such as mathematical word problems
centered on regional culinary heritage (e.g., calculations
involving the history of Xi’an Roujiamo), to bridge ab-
stract concepts with local life. Defining the mapping rule
¢ : {1,2,3} — {“Mother tongue prosody activation”,
“Local empathy awakening”, “Contextualized knowledge
anchoring”}, the final classification label of each cluster g

is ¢p(majority({y; | i € Cy4})).

lll. EXPERIMENTAL SETUP
A. EXPERIMENTAL DATA AND ACQUISITION PROCESS
The experiment selects eight localized educational resources
as research subjects, classifying them into three functional
orientations based on teachers’ weak categorization signals
at the functional level. Each orientation contained three,
three, and two resources, respectively. The “Mother Tongue
Prosody Activation” category includes three resources: au-
dio recordings of dialect classical poetry recitations, videos
of dialect children’s songs, and dialect tone comparison
practice courseware. The “Local Empathy Awakening” cat-
egory includes three resources: short documentaries of local
traditional festivals, videos demonstrating local handicrafts,
and audio picture books of local folk tales. The “Contex-
tualized Knowledge Anchoring” category includes two re-
sources: interactive courseware on chronological sequencing
of local historical events and a collection of mathematical
word problems related to local food culture. These eight
resources encompass multiple modalities in presentation,
including audio, video, interactive courseware, and picture
books, and covered different subjects such as economics,
management, finance, and accounting.

The experiment involves sixty undergraduate students
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majoring in finance and economics from the local region, all
of whom are native speakers of the local dialect and had no
prior systematic exposure to the eight localized educational
resources mentioned above. The experiment employs a pre-
test-view-post-test repeated measurement design. In the pre-
test phase, all participants complete a knowledge test corre-
sponding to the eight resources. The test includes four ques-
tion types: dialect pronunciation recognition, knowledge
of regional industrial development, comprehension of local
business culture, and application questions concerning the
economic impact of local food industries. The “empathy”
dimension is thus quantified by the statistically significant
gain in accuracy on questions requiring an understanding
of local cultural values and narrative empathy. There are
two questions of each type, for a total of eight questions,
and the results are recorded using binary judgment. In
the viewing phase, participants independently accessed all
eight resources in Latin square order. After viewing or
using each resource, they immediately complete two post-
test questions directly related to that resource. The post-
test questions assess the same knowledge constructs as the
corresponding question types in the pre-test, but the wording
is modified to capture changes in cognitive state before and
after resource use. All answer records are exported from the
online experimental platform as a five-column table, with
column attributes as follows: Student (ID), Resource ID,
Question ID, Correct/Incorrect Answer Mark, and Answer
Timestamp. The dataset contains 1,920 original answer
records from 60 undergraduate students for two questions
before and after each of the eight resources. The average
length of a single sequence is 32 steps, which forms the
data foundation for training the attention knowledge tracking
model.

B. BASELINE MODEL AND ABLATION DESIGN
Three baseline methods are set up for comparison. Sep-
arated Self-Attentive Neural Knowledge Tracing (SAINT)
employs a separate self-attention encoder to process ques-
tion embeddings and answer embeddings separately be-
fore cross-fusion, representing a relatively mature variant
of Transformer-type knowledge tracing models. Learning
Process-consistent Knowledge Tracing (LPKT) explicitly
models the absorption and forgetting state transitions during
the learning process within the Long Short-Term Memory
(LSTM) framework, using a gating mechanism to separate
knowledge retention and decay at different stages. Convo-
lutional Knowledge Tracing (CKT) replaces the recurrent
structure with a one-dimensional convolutional neural net-
work to capture sequence dependencies, extracting local
and global features from answer patterns by progressively
expanding the receptive field through multiple convolutional
kernels. All three baselines are trained solely using answer
prediction loss, without introducing contrastive constraints
or cognitive fingerprint mechanisms.

The ablation design comprises three operations: remov-
ing the InfoNCE contrastive loss to test the necessity of
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contrastive regularization; replacing the AKT encoder with
a standard LSTM encoder to test the contribution of the
attention mechanism to capturing long-range cognitive de-
pendencies; and proportionally splitting the full training data
into four portions (100%, 50%, 25%, and 10%) to test the
robustness of the method under data sparsity conditions.
All hyperparameters remained consistent across ablation
experiments except for the manipulated variable.

C. EXPERIMENTAL ENVIRONMENT AND
HYPERPARAMETER CONFIGURATION

This paper’s framework is implemented using PyTorch 1.13
and the pyKT 0.2 toolkit. Experiments are conducted on an
NVIDIA GeForce RTX 3060 GPU with 12GB of VRAM
and CUDA version 11.7. The window length L of the
sliding window augmentation is set to 10, and the step size
d is set to 3. This combination balanced the information
integrity and augmentation factor of the subsequences under
the condition of an average sequence length of 32 steps.
In the attention knowledge tracking model, the attention
head dimension D is set to 64, the number of self-attention
layers is 2, and the Rasch embedding dimension is 32. The
temperature coefficient 7 of the InfoNCE contrastive loss
is fixed at 0.1. The contrastive loss weight coefficient A
is set to a default value of 0.1 after parameter sensitivity
analysis, which represents the optimal balance between
prediction accuracy and representation separability under
different data scales. The model uses the Adam optimizer
with a learning rate of 1 x 1073, a batch size of 32, a
maximum training epoch of 200, and an early stopping
strategy, terminating training if the loss does not decrease for
15 consecutive epochs. In the ablation experiments, the AKT
w/o Contrastive variant set A to zero to remove the contrast
constraint, and the DKT w/o Attention & Contrastive variant
replaced the encoder with a single-layer LSTM and also
set A to zero. The remaining hyperparameters remained
consistent with the full framework.

IV. RESULTS ANALYSIS

A. VISUALIZATION OF COGNITIVE FINGERPRINT
VECTOR DIMENSIONALITY REDUCTION AND
CLUSTERING STRUCTURE PRESENTATION

To examine the effectiveness of the contrast-enhanced at-
tention knowledge tracking framework in differentiating
cognitive function categories of localized educational re-
sources, hierarchical agglomerative clustering is performed
on the cognitive fingerprint vectors output by the framework
for eight resources, and the correspondence between the
merged trajectories and resource function labels is presented
in Figure 1. The eight resources are coded according to
their function categories as follows: Category A represents
the native language prosody activation category, including
dialect ancient poetry recitation audio Al, dialect chil-
dren’s song learning video A2, and dialect tone comparison
exercise courseware A3; Category B represents the local
empathy awakening category, including local traditional
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festival documentary short film B1, local handicraft demon-
stration video B2, and local folk tale audio picture book
B3; Category C represents the contextualized knowledge
anchoring category, including local historical event chrono-
logical sequencing interactive courseware C1 and a set of
mathematical word problems in local food culture C2.
Figure 1 illustrates the hierarchical aggregation paths of
the three types of functional resources along the cosine
distance dimension. All three resources of type A and type
B complete the merging of similar resources within a low
distance range below 0.15. The two resources of type C ag-
gregate into an independent sub-cluster at 0.13. The distance
span traversed by merging resources of the same type is
narrower than the span of subsequent merging of resources
of different types, indicating that similar resources have
formed a compact local neighborhood in the latent space.
After each of the three sub-clusters closes, type A and type
C merge at 0.42, and this merged cluster connects with type
B at 0.58 to form a root node. The cosine distance required
for merging resources of different types is approximately
three to five times that of merging resources of the same
type. This difference stems from the combined effect of
the contrast constraint continuously narrowing the distance
between positive sample pairs and widening the distance be-
tween negative sample pairs during the optimization process,
causing the representational boundaries between different
functional categories to exhibit a jump in cosine distance
after convergence. At the truncation threshold of 0.35, the
three clusters are completely separated. The cluster division
corresponded to the teacher’s weak supervision label and
there is no cross-cluster intersection. This verifies that the
cognitive diagnostic representation spontaneously formed a
clustering architecture consistent with the boundary of the
resource teaching function under the contrast constraint.

B. FINE-GRAINED CLUSTERING QUALITY
ASSESSMENT

To verify the advantages of the contrast-enhanced attention
knowledge tracking framework over the relatively indepen-
dent baseline model in the fine-grained clustering task of
resources, the proposed method and three baseline mod-
els, SAINT, LPKT, and CKT, are run on eight localized
educational resources. The resource cognitive representa-
tions output by each model are extracted and hierarchical
agglomerative clustering is performed. The cluster density
is quantified by the silhouette coefficient. The comparison
results under the two training conditions of full data and
10% data are shown in Figure 2.

Figure 2 shows that the silhouette coefficients of the
proposed method reached 0.72 and 0.68 under the full data
and 10% data conditions, respectively, both higher than
the best performance of the three baseline models. SAINT,
by using separate self-attention to encode the question
embedding and the answer embedding separately, captured
some cognitive dependencies within the sequence, and the
silhouette coefficients are 0.65 and 0.60 under the two
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conditions, respectively, which is relatively high among the
three baselines. LPKT is limited by the gated forgetting
mechanism of LSTM and has insufficient ability to model
long-range implicit cultural cognitive associations, with sil-
houette coefficients dropping to 0.58 and 0.50. CKT, due to
the difficulty of the local receptive field of the convolution
kernel in covering cognitive transfer information between
distant questions, had silhouette coefficients of only 0.52 and
0.42, ranking last among the three baselines. The silhouette
coefficient decay of the three baselines is significantly
greater than that of the proposed method when the data
is reduced from the full data to 10%, indicating that the
latent space structure of the pure prediction-driven model
lacking contrast constraints and cognitive fingerprinting
mechanisms is more prone to rapid degradation due to the
decrease in sample size under small sample conditions. The
proposed method achieves leading cluster density under both
abundant and extremely sparse data conditions, verifying
the regularization effect of contrastive constraints on the
functional separability of latent space and the gain of cog-
nitive fingerprint differential coding on resource functional
representation.

C. DEVIATION ANALYSIS BETWEEN MODEL
CLASSIFICATION AND COARSE-GRAINED LABELS

To reveal the essential difference between the fine-grained
functional classification output in this paper and the tradi-
tional coarse-grained subject classification, Figure 3 presents
the attribution relationship of eight localized educational re-
sources under the two labeling systems. The original coarse-
grained subject labels carried by the eight resources are
Economics, Management, Finance, and Accounting, while
the fine-grained functional labels are categories A, B, and
C.

In Figure 3, resources under the “Economics” category
flow into categories A and B respectively; the single re-
source under the “Management” category flows into cate-
gory A; resources under the “Finance” category flow into
category B; and resources under the “Accounting” category
flow into category C. Resources within the same subject
label belong to different categories in terms of function,
reflecting that coarse-grained subject classification cannot
uniformly characterize the cognitive-evident effects of re-
sources. The Normalized Mutual Information (NMI) is 0.42,
far below the theoretical maximum of 1.0, indicating only
a weak correlation between the model’s output functional
classification and subject classification. The transformation
between the two label systems confirms that fine-grained
classification based on cognitive state transfer captures
implicit teaching functional attributes that subject labels
cannot represent, and the classification boundary driven by
cognitive diagnosis is independent of the traditional content
classification system.
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D. ROBUSTNESS VERIFICATION OF THE METHOD
UNDER DATA ABLATION

To test the robustness of our proposed method under sparse
data conditions, the training data is successively reduced
at four ratios: 100%, 50%, 25%, and 10%. At each ra-
tio, the model is retrained, and fine-grained clustering is
performed on eight localized educational resources. The
silhouette coefficient is used to measure the degradation

VOL. 15, NO. 3, AUGUST 2026

trend of clustering quality with decreasing data volume.
The comparison curves include our proposed method, the
variant AKT with contrastive loss module removed, and
the variant DKT with attention & contrastive loss removed
simultaneously. The silhouette coefficient changes for the
three configurations under the four data ratios are shown in
Figure 4.

Figure 4 shows that the silhouette coefficients of the
proposed method are 0.72, 0.71, 0.70, and 0.68 for the
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four data proportions, respectively. The curve remains high
throughout and the decay is extremely gentle, decreasing
by only 0.04 from the full data set to 10%. AKT w/o
Contrastive has a silhouette coefficient of 0.56 at 100% data,
decreasing to 0.52 at 50%, further decreasing to 0.47 at 25%,
and finally dropping to 0.41 at 10%, with a decay of 0.15.
The curve begins to decline significantly from 50%. DKT
w/o Attention & Contrastive has a silhouette coefficient of
only 0.48 at 100% data, subsequently decreasing to 0.44,
0.38, and 0.32, with a decay of 0.16. The curve remains
low throughout and drops sharply as the data decreases. The
comparison of the three sets of curves separates the small-
sample gains of the two components: the introduction of
the attention encoder improves the silhouette coefficient by
0.08 under abundant data conditions, and maintains a dif-
ference of approximately 0.09 under extremely sparse data
conditions; the superposition of the contrastive loss module
provides an additional improvement of 0.16 under 100%
data and an additional improvement of 0.27 under 10% data.
Both differences widen with data reduction, indicating that
the regularization effect of the contrastive constraint is more
prominent when the sample size decreases. The proposed
method outperforms both ablation variants under all data
proportions, validating the supporting role of joint optimiza-
tion of attention encoding and contrastive constraints in the
robustness of fine-grained clustering of localized educational
resources.

E. IMPACT OF CONTRAST LOSS WEIGHTS ON
CLASSIFICATION PERFORMANCE
To examine the moderating effect of the contrast loss weight
coefficient A on fine-grained clustering performance, A is
set to five values (0.01, 0.1, 0.5, 1.0, and 2.0) under
four different training data ratios. The framework in this
paper is trained and the clustering silhouette coefficients are
calculated. The distribution of silhouette coefficients under
different conditions is shown in Figure 5.

Figure 5 illustrates the systematic variation of the silhou-
ette coefficient with \ and data proportion. Under 100% data
conditions, the silhouette coefficient reaches a peak of 0.72
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when A is 0.1. When )\ decreases to 0.01 or increases to 2.0,
the coefficient drops to 0.68 and 0.58, respectively. Under
50% data conditions, the peak remains at A = 0.1, with a
silhouette coefficient of 0.71. At A = 0.01 and A = 2.0, the
coefficients decrease to 0.67 and 0.56, respectively. Under
25% data conditions, the peak remains at 0.70, with the co-
efficient decreasing to 0.64 and 0.52 when A moves towards
either end. Under 10% extremely sparse conditions, the peak
of 0.68 still falls at A = 0.1. At A\ = 0.01, the coefficient
decreases to 0.57, and at A = 2.0, it decreases to 0.44, with
the decrease further intensifying compared to when data is
abundant. The optimal A for each data proportion row is
concentrated at 0.1, indicating that this value maintains a
stable regularization strength as the data size changes. When
A is too small, the contrastive constraints are insufficient,
limiting the separation between classes in the latent space;
when ) is too large, the contrastive loss dominates, causing
the latent vectors to deviate from the cognitive diagnostic
objective, resulting in accelerated degradation of clustering
quality at the data sparsity end. Selecting the contrastive
loss weight around 0.1 can balance prediction accuracy and
representation separability under different data conditions,
providing a clear range of values for the hyperparameter
selection of the framework in practical deployment.

V. CONCLUSION

This paper proposes a contrast-enhanced attentional knowl-
edge tracking framework, which shifts the fine-grained clas-
sification of localized educational resources from the content
feature space to the cognitive state transfer space. The
framework uses attentional knowledge tracking as its encod-
ing backbone, extracting latent vectors of student knowledge
states from augmented interaction sequences within a sliding
window. A cognitive fingerprint is constructed based on
changes in latent states before and after resource use.
InfoNCE contrastive constraints, guided by weak teacher
supervision signals, apply structured regularization to the
cognitive fingerprint space. Finally, hierarchical agglomera-
tive clustering outputs fine-grained categories correspond-
ing to the implicit teaching functions of the resources.

VOL. 15, NO. 3, AUGUST 2026



C. Zhang

JOURNAL
¢ ORG

AE

Training Data Proportion

0.75

o
o
]

Silhouette Coefficient

0.55

0.45

0.35

Contrastive Loss Weight A

FIGURE 5. Heatmap of cluster profile coefficients for comparing loss weights under different data scales

Experiments are conducted on eight localized resources
covering three functional orientations. The results show that
contrastive constraints drive the formation of compact clus-
ters of similar resources in the latent space. The proposed
method exhibits superior cluster density compared to three
independent baseline models. The joint design of attentional
encoding and contrastive loss maintains a gradual decline
in clustering performance even when the training data is
reduced to 10%. The functional classification output by the
model shows a weak correlation with coarse-grained subject
labels, and the classification boundary driven by cognitive
diagnosis is independent of the content feature system. The
experimental resources in this paper all originated from a
single dialect region. The generalization performance of
cross-regional cultural resources needs to be tested, and
the adaptability of the three-category classification of weak
teacher supervision signals to resources with ambiguous
boundaries needs further investigation. Future work will
expand to multi-regional resources, examine the robustness
of the method under conditions of weak supervision signal
degradation, and study the distillation strategy of cognitive
encoders to lightweight content-side models to reduce the
dependence of new resource classification on interactive
data.
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