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Enhancing Knowledge Tracing via Breakpoint-Aware
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Abstract—Knowledge Tracing (KT) aims to predict learners’
future responses by modeling historical learning sequences. How-
ever, existing works often overlook the severe disruptions in tem-
poral and interaction continuity arising from large time intervals
between interactions, which leads to significant prediction errors.
Therefore, we identify and validate this breakpoint effect through
empirical studies, and try to address it via data augmentation (DA).
Existing DA methods usually emphasize sequence diversity or simi-
larity while neglecting the breakpoint effect in KT. Hence, we strive
to enhance knowledge tracing via breakpoint-aware sequence aug-
mentation and propose Collaborative Learning Path Augmentation
(CLPA), a systematic three-phase method to enhance models’ rep-
resentational capacity and alleviate the breakpoint effects. First,
identifying boundary interaction pairs that exhibit the temporal
gap and response inconsistency. Second, leveraging cross-sequence
collaborative information to infer functional pseudo-paths between
identified boundaries. Third, reconstructing and inserting pseudo-
learning paths into target sequences to restore sequence continuity;
moreover, two refinements of the sampling quantity constraint and
the distance-based sampling strategy are proposed to ensure aug-
mentation quality. Comprehensive experiments on four real-world
datasets validate the effectiveness of CLPA, which significantly
enhances the target KT model’s representational capacity and
alleviates the breakpoint effects.

Index Terms—Knowledge tracing, breakpoint effects, data
augmentation, collaborative learning path.

I. INTRODUCTION

KNOWLEDGE tracing (KT) [1] is a key task in smart
education for predicting learners’ future responses based

on their historical interaction sequences. Temporal-agnostic KT
models treat all interactions equally, neglecting their temporal
impacts [2], [3], [4], [5]. Meanwhile, temporal-aware KT mod-
els incorporate temporal information to better trace knowledge
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dynamics, by temporal feature embedding [6], temporal decay
mechanism [7], [8], [9], explicit temporal modeling [10], [11],
[12], or temporal kernel functions [13], [14]. However, existing
KT models usually overlook the negative effects arising from
disruptions in temporal and interaction continuity caused by
large time intervals, leading to significant prediction errors.
Therefore, in this paper, we identify and validate this breakpoint
effect through empirical studies, and try to address it via data
augmentation.

Fig. 1 illustrates a representative learning sequence S, con-
sisting of several interactions of an online learner. It can be seen
that there are significant variations in time intervals between
adjacent interactions, which commonly exist in real learning
scenarios. We define interactions with large time intervals from
their preceding ones as breakpoints (e.g., sp1

and sp2
in Fig. 1),

while the remaining interactions are termed non-breakpoints. In
real-world scenarios, it is entirely natural for learners to experi-
ence temporal gaps due to regular breaks, schedule changes, or
unrecorded offline learning activities. However, from a sequence
modeling perspective, these large intervals cause abrupt unob-
servable shifts in learners’ knowledge state (e.g., knowledge de-
cay or external skill acquisition). The breakpoint effect emerges
because these disruptions prevent KT models from leveraging
the continuous sequential context to smoothly track knowledge
dynamics, making accurate response prediction challenging at
these specific positions. We conduct empirical studies in four
KT datasets, and the results in Table III validate the breakpoint
effect. It shows that although breakpoints constitute a small pro-
portion of interactions, they consistently yield higher prediction
errors than non-breakpoints. To mitigate this modeling challenge
posed by breakpoints, we propose a novel data augmentation
strategy. This approach encourages the model to learn smoother
state transitions and enhances its representational capacity.

Existing data augmentation (DA) in KT primarily relies on
perturbation-based strategies that modify original sequences to
generate similar yet distinct sequences [9], [15]. In broader se-
quential domains, some methods enhance data diversity and den-
sity through behavior-aware perturbations [16], interval-aware
operators for temporal uniformity [17], and the integration of
cross-user patterns [18]. However, given the explicit prerequisite
relationships among knowledge concepts, the learners’ inter-
action exhibits strong sequentiality. Therefore, effective data
augmentation must preserve both temporal continuity and inter-
action sequentiality. Although existing DA methods demonstrate
promising results in various domains, they encounter several
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Fig. 1. Illustration of a learner’s interaction sequence on an online learning platform. Each interaction si comprises four components: knowledge concept,
timestamp, exercise, and response (correct or incorrect). Interactions in positions p1 and p2 feature substantial temporal gaps from their preceding interactions,
thus sp1 and sp2 are identified as breakpoints.

fundamental limitations when applied to learning sequences for
KT: 1) They mainly focus on enhancing sequence diversity
or similarity, but they usually neglect the breakpoint effect as
well as the sequence continuity and interaction sequentiality,
which reduces their effectiveness in KT. 2) Many approaches
lack robust mechanisms for accurately identifying optimal in-
sertion positions and controlling the quantity and quality of
augmentation, which may inject noise rather than meaningful
augmentation.

Motivated by the breakpoint effect and the above limitations,
we strive to enhance knowledge tracing via breakpoint-aware
sequence augmentation and propose a systematic three-phase
framework, Collaborative Learning Path Augmentation (CLPA)
to enhance models’ representational capacity, thereby alleviat-
ing the breakpoint effect.

Phase 1. Locating Boundary Position Pairs: CLPA employs
dual-criteria detection to accurately identify the boundary po-
sitions exhibiting temporal gaps and response inconsistencies,
thereby mitigating arbitrary filling. By precisely localizing dis-
continuous regions, it addresses the limitation of existing meth-
ods that overlook breakpoint identification.

Phase 2. Inferring Potential Learning Path: We infer the
potential pseudo-paths between identified boundaries by lever-
aging cross-sequence collaborative information. This effectively
provides a highly relevant functional proxy that bridges temporal
discontinuities, directly addressing the absence of contextual
imputation strategies.

Phase 3. Filling Pseudo-Learning Path: CLPA inserts the
pseudo-learning paths into the original target sequence to bridge
temporal gaps and restore sequence continuity. To ensure aug-
mentation quality and control noise injection, we incorporate
two refinement mechanisms: 1) a sampling quantity constraint
that dynamically limits the inserted path length to prevent over-
augmentation while ensuring adequate context restoration; 2) a
distance-based sampling strategy that selects the most semanti-
cally relevant interactions and preserves the interaction sequen-
tiality, thereby maximizing the educational value of augmented
content while minimizing the potential side effects of noise.

Crucially, CLPA aims to provide a functional proxy to bridge
temporal gaps, rather than reconstructing learners’ actual, un-
recorded offline activities. By imputing semantically relevant
pseudo-paths for training, our framework forces the KT model
to learn smoother state transitions, thereby enhancing its rep-
resentational capacity. Empowered by this robust capability,
the model maintains accurate predictions when encountering
real, unaugmented breakpoints during inference to mitigate the

breakpoint effect. The main contributions of this work can be
summarized as follows:

1) We empirically identify and validate the breakpoint effects
through real-world data analysis. We demonstrate that
temporal and interaction discontinuities arising from large
time intervals trigger abrupt shifts in knowledge state,
posing fundamental modeling challenges in KT and being
of high necessity to be addressed. (Section III)

2) We propose the Collaborative Learning Path Augmen-
tation (CLPA), a novel framework that leverages cross-
sequence collaborative patterns for contextual imputa-
tion. It addresses the fundamental limitation of existing
methods by providing systematic strategies for breakpoint
identification, pseudo-path inference, and sequence conti-
nuity restoration. Particularly, it incorporates a principled
quality control mechanism to prevent over-augmentation
and maximize the educational value of the imputed paths.
By augmenting the training data with semantically rele-
vant pseudo-paths, CLPA enhances the KT model’s rep-
resentational capacity and mitigates the breakpoint effect.
(Section IV)

3) We conduct extensive experiments on four real educa-
tional datasets. The results demonstrate that CLPA not
only consistently enhances the target model’s performance
beyond state-of-the-art methods but also outperforms ex-
isting sequential augmentations. Furthermore, our exper-
iments also validate that CLPA enhances the model’s
representational capacity, ensuring accurate knowledge
tracking across continuous segments and breakpoints.
(Section V)

II. RELATED WORK

A. Knowledge Tracing

Knowledge tracing (KT) aims to model learners’ knowledge
state evolution over time, based on their historical interactions.
Existing KT methods can be categorized into two groups based
on whether they incorporate temporal information: temporal-
agnostic and temporal-aware KT models.

Temporal-agnostic KT models: They assume that all inter-
actions are equally informative, ignoring the temporal dis-
tance between them. For instance, Bayesian Knowledge Tracing
(BKT) [1] employs a Hidden Markov Model with time-invariant
transition probabilities. Similarly, DKT [2] uses RNNs to
encode knowledge states but still overlooks temporal intervals.
To achieve finer-grained tracking, DKVMN explicitly maps
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TABLE I
THE TEMPORAL MODELING STRATEGIES IN REPRESENTATIVE KT METHODS

exercises to underlying concepts, where SKVMN [20] further
enhances sequential modeling via Hop-LSTM. Additionally,
IEKT [4] accounts for diverse comprehension by estimating
student cognition and question sensitivity. However, these ap-
proaches treat all interactions equally, neglecting the temporal
impacts between interactions.

Temporal-aware KT models: These models integrate time
intervals to better capture evolving knowledge states. For exam-
ple, SAINT+ [6] explicitly incorporates handcrafted temporal
features into response embeddings. A prominent line of work
adapts attention mechanisms to implicitly capture temporal de-
cay and emphasize recent interactions, as seen in AKT [7] and
LefoKT [8]. DTransformer [9] refines this with question- and
knowledge-level temporal estimators, while HiTSKT [21] and
QKT [22] utilize distance-aware attention to highlight recent
sessions. Alternatively, other methods explicitly formulate time-
dependent learning and forgetting dynamics. LPKT [10] and
RKT [11] calculate temporal-based knowledge gains and knowl-
edge forgetting. Similarly, MF-DAKT [24] and ELPKT [25] ap-
ply forgetting functions based on recent factors and the intervals
between sessions, respectively. Finally, temporal kernel func-
tions offer fine-grained continuous tracking. HawkesKT [13]
captures cross-concept effects via Hawkes processes, where
MRT-KT [14] further extends them using relation-specific ker-
nels. Despite their success, these temporal-aware KT models
largely ignore the breakpoint effect, an omission that severely
limits their performance in capturing knowledge state evolution.
To better illustrate the distinctions, we summarize the temporal
modeling strategies of representative KT methods in Table I.

B. Data Augmentation

Data augmentation (DA) expands training data by perturbing
existing samples or generating synthetic data, which is widely
adopted to enhance model generalization [34]. Given the sequen-
tial nature of KT modeling, our review focuses on sequential
DA methods. These approaches are broadly categorized by their
reliance on model training: 1) model-based DA, which integrates
augmentation within the training process, and 2) model-agnostic
DA, which operates independently.

Model-based DA employs trainable modules and auxiliary
objectives to enhance data [35]. For example, Luo et al. [26]
prompt large language models to insert predicted preferred items
into sequences, while BARec [28] and ASRec [29] synthesize

TABLE II
THE REPRESENTATIVE DATA AUGMENTATION METHODS. “AUG.” IS THE

ABBREVIATION OF AUGMENTATION.

pseudo-prior items to improve Transformer performance on
short sequences. Furthermore, contrastive learning is widely
adopted to enforce similarity between original and augmented
data. Within this framework, Zhou et al. [27] model multi-level
correlations (e.g., item-attribute, sequence-segment) to enrich
representations, and Lei et al. [30] utilize explanation-guided
augmentations for recommendation.

Model-agnostic DA focuses solely on transforming input se-
quences independently. Common sequence-level heuristic op-
erators include interval-aware cropping and masking to uni-
formize sequences [17], as well as reusing original interac-
tions as padding [32]. In knowledge tracing and recommen-
dation, stochastic transformations like item masking and per-
mutation are frequently employed to generate self-supervision
signals [15], [31]. To further diversify training samples, other
strategies incorporate cross-user sequential patterns [18] and
behavior-aware perturbations [16]. Additionally, graph-based
augmentations, such as replacing target points-of-interest (POIs)
with similar ones in BayMAN [33], effectively enhance connec-
tivity without model-in-the-loop optimization. Table II summa-
rizes the representative DA methods.

In existing works, we note that no augmentation method
specifically addresses the breakpoint effect, lacking strategies
to bridge temporal gaps and enhance sequence continuity via
learning path augmentation. However, as demonstrated in [36],
well-designed data augmentation can match or even surpass
contrastive learning in alleviating data sparsity, but with sig-
nificantly lower computational overhead. Motivated by this, we

Authorized licensed use limited to: Goa University. Downloaded on October 08,2026 at 08:59:34 UTC from IEEE Xplore.  Restrictions apply. 



HUANG et al.: ENHANCING KNOWLEDGE TRACING VIA BREAKPOINT-AWARE SEQUENCE AUGMENTATION 5065

TABLE III
THE RESULTS OF EMPIRICAL STUDY. THE LOWEST PERFORMANCE IS BOLDED.

propose a novel, model-agnostic augmentation strategy tailored
for knowledge tracing. Our approach explicitly resolves the
breakpoint effect in existing KT modeling while maintaining
high computational efficiency.

III. PROBLEM FORMULATION AND EMPIRICAL STUDY

A. Problem Formulation

In online learning platforms, suppose there is a learner set
U , an exercise set E , and a knowledge concept set C, re-
spectively. Each learner u ∈ U is associated with a histor-
ical interaction sequence up to the time step t in chrono-
logical order S = {s1, s2, . . ., sj , . . ., st}. The interaction sj
is a quadruple, where sj = (ej , cj , rj , tj). It consists of the
exercise ej that the learner u answers at timestamp tj , the
knowledge concept cj contained in ej , and the correspond-
ing response rj . rj equals 1 if u answers ej correctly and
otherwise 0.

Definition. Prediction error: Knowledge tracing aims at pre-
dicting learners’ responses r̂t+1 on future exercises et+1 based
on the historical interaction sequences S . The models’ predic-
tion error on each interaction denotes the absolute difference
between the ground truth rt+1 and the prediction r̂t+1, which is
formulated as:

errort+1 = |rt+1 − r̂t+1| (1)

Problem: To reduce the breakpoint effects, we augment the
original sequence S by inserting functional pseudo-paths to
bridge temporal gaps and enhance sequence continuity. The
augmented sequence S̃ is then used to train the KT models in
place of S . The task can be formulated as follows:

r̂t+1 = P
(
rt+1 = 1 |

(
S̃, et+1

))
(2)

B. Empirical Study

We conduct empirical studies to validate breakpoint effects in
real-world datasets, focusing on two key aspects: 1) whether KT
models exhibit significant prediction errors at breakpoint posi-
tions, and 2) whether such errors propagate to their subsequent
s interactions.

Specifically, we first train two representative KT models,
AKT [7] and CL4KT [15], on four real-world educational
datasets: Assist2012, Assist2017, Junyi, and Ednet, as intro-
duced in Section V-A. Then, we evaluate the well-trained KT
models on the corresponding test sets and calculate the predic-
tion errors for each interaction based on (1). We further split
the entire test set Ds_entire into two subsets: Ds_break and
Ds_breakc. The subset Dsbreak contains all temporal break-
points (e.g., intervals > 30 min from the preceding interactions)
and their subsequent k interactions (k ≥ s) that are likely to be
affected by breakpoints. The complementary subset Ds_breakc

contains the remaining interactions, such that Ds_entire =
Ds_break ∪ Ds_breakc.

To explore the correlation between breakpoints and KT model
performance, we evaluate both error metrics (MAE and RMSE)
and accuracy metrics (AUC and ACC) across the entire test set
Ds_entire and its two subsets (Ds_break and Ds_breakc). To
ensure a fair comparison between Ds_break and Ds_breakc,
we select k such that Ds_break and Ds_breakc contain an
equal number of interactions. Specifically, k is determined by
nb(1 + k) = �N

2 �, wherenb denotes the number of breakpoints,
and N is the total number of interactions in Ds_entire.

The results are shown in Table III. We observe that
1) both MAE and RMSE are the highest inDs_break, indicating
poorer prediction accuracy at breakpoints and their subsequent
interactions; 2) both MAE and RMSE of the entire test set
Ds_entire lie between those of Ds_break and Ds_breakc;
3) the lowest MAE and RMSE are observed in Ds_breakc.
AUC and ACC exhibit consistent opposite trends with MAE
and RMSE. These results validate that: 1) although breakpoints
constitute a small proportion of interactions, they consistently
yield higher prediction errors than non-breakpoints; 2) the higher
errors at breakpoints propagate to several subsequent inter-
actions, causing their prediction degradation. These findings
highlight the importance of improving KT models’ performance
by alleviating the breakpoint effect.

IV. COLLABORATIVE LEARNING PATH AUGMENTATION

We propose a systematic three-phase method named Collabo-
rative Learning Path Augmentation (CLPA) to directly tackle the
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Fig. 2. The overall architecture of the proposed CLPA.

core issue of the breakpoint effects in KT. Fig. 2 illustrates the
overview of our method. It takes the original sequenceS as input
and generates an augmented sequence S̃ through a three-phase
learning path augmentor, including Phase 1: Locating Boundary
Position Pairs, Phase 2: Inferring Potential Learning Path,
and Phase 3: Filling Pseudo-Learning Path. The augmented
S̃ is used as the input to the downstream KT task to achieve
better prediction results. The details of our CLPA method are
introduced as follows.

A. Phase 1: Locating Boundary Position Pairs

The breakpoints arise from temporal gaps within sequences
and are characterized by knowledge state shifts, leading to higher
prediction errors compared to non-breakpoints, as discussed in
Section III-B. To address the breakpoint effect via meaningful
augmentation, we employ a dual-criteria detection mechanism
to accurately identify boundary position pairs that exhibit the
temporal gap and response inconsistency. A pseudo-path is
inserted only when a temporal gap is accompanied by response
inconsistency, which strongly indicates a latent knowledge state
shift that requires context bridging.

1) Locating the Boundary Position Pairs With the Temporal
Gap: We consider the position pair (p− 1, p) with a temporal
gap if the time interval between interactions sp−1 and sp is
greater than a threshold θ1. The position pair (p− 1, p) with
a temporal gap in sequence S is formulated as:

P = { ( p− 1, p) | tp − tp−1 ≥ θ1, sp−1, sp ∈ S} (3)

where P is the set of boundary position pairs representing
temporal gaps exceeding θ1 in sequence S, with tp−1 and tp
denoting the timestamps of interactions sp−1 and sp.

2) Refining the Boundary Position Pairs With Response In-
consistency (RiC) Detection: Learners often exhibit stable per-
formance during continuous learning periods, punctuated by
fluctuations, e.g., knowledge forgetting or updating across tem-
poral gaps. The learners’ response inconsistencies reflect their
knowledge state shifts, posing modeling challenges. To address
this, boundary position pairs with response inconsistency should
be supplemented with functional pseudo-paths to smooth the
knowledge state evolution. Specifically, for boundary position
pairs (pi − 1, pi) in set P , we assess the learner’s response
inconsistency at position pi relative to its preceding continuous
learning segment, rather than solely comparing positions pi − 1
and pi. For the pair ( pi − 1, pi), the response inconsistency
RiC(·) is computed as follows:

RiC ( pi − 1, pi) =
1

|S[pi−1 : pi − 1]|
pi−1∑

j=pi−1

I(rpi
�= rj) (4)

where S[pi−1 : pi − 1] is the preceding learning segment of spi
,

and | · | denotes the length of the segment. rj is the learner’s
response (0 or 1) in sj . I(.) is an indicator function to judge
whether rpi

equals rj . For example, to evaluate the RiC between
p2 and p2 − 1 in Fig. 1, we calculate the RiC between p2
and its prior continuous segment [p1, p2 − 1] to determine the
RiC between p2 and p2 − 1. In this work, a boundary position
pair (pi − 1, pi) is considered to exhibit response inconsistency
when RiC(pi − 1, pi) exceeds a threshold θ2. The set of such
boundary pairs Ps is defined as follows:

Ps = {(pi − 1, pi) |RiC (pi − 1, pi) ≥ θ2, (pi − 1, pi) ∈ P}
(5)
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B. Phase 2: Inferring Potential Learning Path

After identifying the boundary position pairs, we identify
the potential learning paths between them to bridge temporal
gaps and improve sequence continuity. Unlike learning path
recommendations (e.g., [37], [38]) that suggest ordered learning
resource sequences to enhance learning efficiency, this part aims
to infer potential learning paths to complete the educational
context and bridge the temporal and interaction discontinuity in
target sequences. The process involves three main steps: filtering
candidate sequences, measuring learning records’ similarity, and
extracting the potential pseudo-paths.

1) Candidate Sequence Filtering Based on Boundary Posi-
tion Pairs: For each position pair (pi − 1, pi) in Ps, the bound-
ary exercises epi−1 and epi

define the endpoints of the potential
learning path lp. Accordingly, the task of learning path inference
is formulated as finding a path that connects the left boundary
epi−1 to the right boundary epi

. To better align with learners’
real-world trajectories on online learning platforms, we select
sequences containing the boundary exercises epi−1 and epi

as
candidates that may contain potential learning segments of the
target sequences.

The filtering procedure selects candidate sequences for all
boundary position pairs (pi − 1, pi) in the training set. Naive
loop iteration for matching boundary positions is computa-
tionally expensive. An alternative solution is the table join,
whereas direct full-table joins incur excessive memory overhead.
To trade off time and memory during candidate filtering, we
adopt a blocked table join strategy. Specifically, we partition
all boundary positions into multiple subtables. Each subtable is
then joined with the complete training data table using boundary
exercises epi−1 and epi

as keys, significantly accelerating the
process while reducing memory consumption.

2) Learning Records Similarity Measurement via Overlap-
ping Exercises: Overlapping exercises among learners provide
direct evidence of synchronized learning trajectories. Building
on prior work that infers target responses from similar learn-
ers [39], we explicitly leverage collaborative information from
cross-learner interactions to augment target sequences.

Specifically, we extract the subsequence from similar learners
as the potential learning path for the target learner within the
boundary position (pi − 1, pi). To identify collaborative peers
with similar learning trajectories, we calculate the Intersection-
over-Union (IoU) of their historical exercise sets. A high IoU
reflects similar learning trajectories and cognitive levels, provid-
ing the context needed to bridge temporal gaps. There are some
scenarios where the learners share similar knowledge states
but practice low-overlapping exercises. The embedding-based
measures (e.g., similarity of state representation) can capture
such underlying semantic correlations, but they heavily depend
on well-trained KT models and incur substantial computational
overhead. Meanwhile, the temporal alignment metrics (e.g.,
longest common subsequence) lead to limited candidate paths
and computational complexity. Conversely, IoU serves as a
transparent, model-agnostic heuristic operating on raw data,
offering an efficient approach to quantify learning records’
similarity. We calculate the IoU of the exercise sets E and Ea of

the target sequence S and a candidate sequence Sa, serving as
a measure of fillable confidence C. It is formulated as follows:

C(S, Sa) =
|E ∩ Ea|
|E ∪ Ea| (6)

where ∪ and ∩ denote set union and intersection, respectively.
3) The Potential Learning Path Construction: The subse-

quence lp extracted from Sa with the maximal fillable con-
fidence C, connecting boundaries epi−1 and epi

, serves as a
proxy learning path for target S. To construct a KT-compatible
pseudo-path, we directly inherit responses from lp and linearly
interpolate L equally spaced timestamps between tpi−1 and tpi

.
The constructed path with length L is formulated as:

lp = [sa1 , s
a
2 , . . ., s

a
L] (7)

where lp denotes the learning path bridging the boundary exer-
cises epi−1 and epi

in Sa, and saL=(eaL, caL, raL, taL
′) is the L-th

interaction within lp. Constrained by the boundary exercises
epi−1 and epi

, the constructed proxy path retains the temporal
sequentiality. Consequently, the inserted pseudo-path ensures
that the interaction sequentiality of the target sequence is pre-
served and utilized during augmentation.

C. Phase 3: Filling Pseudo-Learning Path

We insert the pseudo-learning path into the original target
sequence to restore sequence continuity and enable KT models
to enhance its representation capacity. For the boundary position
pair pi − 1 and pi in the target sequence S, the augmented
sequences S̃ can be formulated as:

S̃ =

[
s1, . . . , spi−1, s

a
1 , s

a
2 , . . . , s

a
L︸ ︷︷ ︸, spi

, . . .

]
(8)

where lp = [sa1 , s
a
2 , . . . , s

a
L] is the pseudo-path constructed from

the candidate sequence Sa, with L denoting its length.
Unlike item-level augmentation, inserting entire subse-

quences inherently risks introducing substantial noise. To ensure
augmentation quality and reduce noise injection, we further
propose two refinement strategies: 1) a sampling quantity con-
straint dynamically limits the length of the filled paths based
on temporal gap size, which prevents over-augmentation while
ensuring adequate context restoration; 2) a distance-based sam-
pling strategy selects the relevant and informative interactions
for constructing pseudo-paths, which maximizes the educational
value of augmented content while minimizing the potential side
effects of noise.

1) Sampling Quantity Constraints: Determining the optimal
imputation size across large time gaps is inherently challenging.
To address this, we introduce a dynamic quantity constraint that
jointly evaluates the constructed pseudo-path length L and the
temporal gap tpi

− tpi−1. The length M of the imputed pseudo-
path is constrained as follows:

M =

{
U
(⌊

tpi−tpi−1

θ1

⌋
, L

)
, if

⌊
tpi−tpi−1

θ1

⌋
< L

�α · L�, otherwise
(9)

where U denotes discrete uniform sampling of an integer.
tpi−tpi−1

θ1
represents the minimum filling quantity to bridge the
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temporal gap between breakpoint spi
and its preceding interac-

tion spi−1. �·� is floor operation. L is the length of pseudo-path
lp, and α is a scaling factor when L is insufficient.

The logic for the sampling quantity constraint is formulated
under two distinct scenarios: 1) Sufficient Length: When the
pseudo-path length L is adequate to cover the time interval
tpi

− tpi−1 (i.e.,
tpi−tpi−1

θ1
< L), we employ a flexible padding

strategy that stochastically determines the sampling size. 2)
Insufficient Length: This scenario occurs when the constructed
pseudo-paths, despite their substantial length, remain insuffi-
cient to cover the temporal gap between spi−1 and spi

. To
balance contextual imputation against the risk of noise from
over-filling, we sample a controlled fractionαof the pseudo-path
interactions to bridge the temporal gap tpi

− tpi−1. We deter-
mine α for each dataset by assessing the model’s performance
when trained on the augmented data.

2) Distance-Based Sampling: To construct a high-quality
pseudo-path, we select top M most informative interactions.
The recency effect [40] suggests that the recent interactions have
greater impacts on current performance [7], [22]. We hypothe-
size that interactions proximal to the right boundary (i.e., the
breakpoint) possess stronger semantic relevance. Consequently,
these recent interactions are prioritized to impute educational
context and bridge temporal gaps. Following the approach
in [41], we employ a distance-based sampling strategy that
assigns higher scores to interactions closer to the right bound-
ary (i.e., the breakpoint), thereby maximizing the sampling of
semantically relevant interactions for context imputation. The
score function f(·) is defined as:

f(m) = βL−m (10)

where β ∈ (0, 1) regulates positional influence, while L rep-
resents lp’s length. m is the index of an interaction within
lp. The sampling probability of the m-th interaction p(m) is
proportional to the score function f(.):

p(m) =
f(m)∑L
j=1 f(j)

(11)

By sampling M high-probability interactions from lp and pre-
serving their relative sequentiality, we construct a pseudo-path,
serving as a functional proxy for contextually imputing the target
breakpoint.

D. Time and Space Complexity Analysis

As an offline preprocessing step, we evaluate CLPA’s com-
putational overhead using the following notations: total training
interactionsNQ, identified boundary pairsNB (NB 
 NQ), av-
erage candidate sequences per breakpointNC , average sequence
length LS , extracted path length L, and sampled filling length
M . Notably, they satisfy the constraint M < L < LS < Lmax

(Lmax being the maximum training length).
Phase 1 (Breakpoint Identification) takes O(NQ) time to

linearly scan all interactions and the preceding segments of
breakpoints. Storing the identified boundary position pairs in-
curs a minimal space complexity of O(NB).

Phase 2 (Potential Learning Path Inference), the most
resource-intensive phase, comprises three steps. 1) Candidate
sequence filtering by our blocked table join: Partitioning the
NB boundary pairs into blocks of size D for table joining limits
the peak memory overhead to O(D +NQ +D · Fmax), where
Fmax is the maximum interaction frequency of an exercise in
training set. By bounding D, we effectively mitigate the Out-
of-Memory (OOM) bottlenecks caused by Cartesian product
explosions during full-table join. This yields a time complexity
ofO(NB

D · (D +NQ)). 2) Learning records similarity measure-
ment: Computing the exercise IoU across NC candidates for all
NB breakpoints yields a time complexity ofO(NB ·NC), while
storing the result requires O(NB) space. (3) Potential learning
path extraction: Extracting and storing the subsequence of length
L for NB breakpoints takes O(NB · L) in both time and space
complexity.

Phase 3 (Pseudo-Path Filling) reconstructs sequences while
controlling noise. 1) Sampling quantity constraints: Calculating
the filling length M for NB breakpoints, yielding O(NB) time.
2) Distance-based sampling: Computing positional scores and
sampling M interactions requires O(NB · L). 3) Target se-
quence augmentation: Inserting theM sampled interactions into
original sequences (average length LS) incurs O(NB · (LS +
M)) in both time and space complexity.

In summary, guided by the length constraint M < L < LS ,
the overall time complexity of CLPA reduces to O(NQ +
NB ·NQ

D +NB ·NC). The overall space complexity peaks at
O(NQ +D · Fmax +NB · LS), which can be approximated as
O(NQ +D · Fmax). This ensures that the offline augmentation
remains highly scalable and executable on standard hardware
without Out-of-Memory (OOM) risks.

V. EXPERIMENTS

To comprehensively evaluate our method, we aim to answer
the following research questions: RQ1: To what extent does
CLPA enhance base KT models compared against state-of-the-
art (SOTA) baselines? RQ2: How does CLPA perform compared
to SOTA sequential data augmentation methods? RQ3: How do
the core components of CLPA contribute to its overall effec-
tiveness? RQ4: How do varying CLPA hyperparameters affect
the predictive performance of the base model trained on the
corresponding augmented datasets? RQ5: Can CLPA effectively
bridge temporal gaps in original sequences? RQ6: How do the
predictions of the model differ when trained on the original
versus the CLPA-augmented datasets? RQ7: Can CLPA enhance
KT performance on breakpoint-affected test subsets? RQ8: What
is the computational overhead of CLPA?

A. Datasets

The experiments are conducted on four real-world educational
datasets that are widely used for KT tasks, as follows:
� Assist20121 and Assist20172 are collected from the AS-

SISTments,3 an online tutoring system established in 2004.

1https://sites.google.com/site/assistmentsdata/home/2012-13-school-data-
withaffect

2https://sites.google.com/view/assistmentsdatamining/dataset
3https://new.assistments.org/
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TABLE IV
STATISTICS OF THE PROCESSED DATASETS

They record the learning interaction of students answering
math exercises during the academic year 2012-2013 and
2004-2007, respectively.

� Junyi4 is collected from Junyi Academy,5 a Chinese e-
learning platform in 2015 [42]. It is a large-scale dataset.
Considering the capacity of computation resources, we
randomly sample 4000 learners’ data for experiments.

� Ednet6 is the dataset of all student interactions collected
over 2 years by Santa, a multi-platform AI tutoring service
with more than 780 K users in Korea. It consists of students’
question-solving logs and is also a large-scale dataset. To
make the computation resources affordable, we randomly
sample 6,000 learners.

Each interaction in these datasets contains learner ID, exercise
ID, knowledge concept (or skill), and timestamp. For each
dataset, incomplete records are discarded. Aligning with [10],
we use only the first concept for multi-concept exercises.
To illustrate breakpoint sparsity, we report their proportions
across datasets under an illustrative θ1 = 30 minutes threshold.
Table IV shows statistics of the processed datasets.

B. Baselines

To evaluate the effectiveness of our CLPA, we integrate it
into a representative KT model, AKT [7], and compare its
performance against two groups of baselines: 1) representative
KT models trained on the original sequences and 2) the state-
of-the-art data augmentation approaches, as follows:

1) Representative KT models trained on the original se-
quences: i) Temporal-agnostic KT models include DKT [2],
DKVMN [3], SKVMN [20], CL4KT [15], SparseKT [5], and
QIKT [43]. ii) Temporal-aware KT models include LPKT [10],
AKT [7], Dtransformer [9], LefoKT [8], and Folibikt [44].

2) The state-of-the-art data augmentation approaches, includ-
ing RepPad [32], MBASR [16], and SDA, which is a stochastic
data augmentation built in CL4KT [15]. To align with the
subsequences segment in MBASR, we split learners’ sequences
into subsequences by the interval threshold (i.e., 30 minutes).
Additionally, we introduce two popularity-based imputation
strategies: Pop_item fills breakpoints with topM globally popu-
lar exercises (where M follows (9); Pop_path bridges boundary
exercises epi−1 and epi

using the highest-probability transition

4https://pslcdatashop.web.cmu.edu/DatasetInfo?datasetId=1275
5https://www.junyiacademy.org/
6https://github.com/riiid/ednet

path, assigning the average correct rate as the response label
of exercise nodes, with its length and sampling positions deter-
mined by (9) and (11).

C. Experimental Setup

We conduct all experiments using standard 5-fold cross-
validation and report the average performance on the test sets.
For each dataset, 20% of learners were used as the test set,
and the remaining 80% were split as the training set (80%)
and validation set (20%). Data augmentation methods are only
applied to the training learners. We use a mini-batch size of 32,
a fixed input sequence length of 100 (with a minimum of 3), and
an embedding size of 128 for all methods.

For the baselines, we adopt hyperparameters as reported in
their original papers or carefully tune them, reporting the best
results. For our CLPA, we tune the core boundary detection
thresholds (θ1, θ2) and sampling parameters (α, β) across pre-
defined search spaces, as introduced in Section V-G. All models
are trained for up to 300 epochs, with early stopping applied
if the validation AUC does not improve for 10 consecutive
epochs. We conduct all experiments on a Linux server with an
NVIDIA GeForce RTX 4090 GPU. Our code is available at
https://github.com/HuangCL22/CLPA.

D. Overall Performance Improvement (RQ1)

To validate the effectiveness of the proposed CLPA, we inte-
grate it with AKT [7] and compare its performance against two
groups of KT models. Table V presents the comparison results
on four datasets.

Overall, our CLPA significantly enhances the performance of
AKT across all four datasets. Trained on CLPA-augmented data,
AKT consistently outperforms its vanilla version and all other
representative KT baselines, validating the effectiveness of our
CLPA. By providing collaborative functional proxies to bridge
temporal gaps, CLPA helps the model learn robust state transi-
tions. This fundamentally mitigates the model’s representational
disruptions caused by the breakpoint effect.

Going deeply into the representative temporal-aware KT
models, we analyze the possible reasons for the results. LPKT
achieves strong performance by modeling temporal continuity,
while it overlooks interaction continuity. Methods like AKT,
DTransformer, and lefoKT employ temporal decay mechanisms
to emphasize recent interactions. However, this strategy may
lead to over-reliance on recent interactions that could become
unreliable or uninformative when disrupted by large time in-
tervals. While DTransformer further captures stable knowledge
states within a learner’s sequence, it overlooks the unobservable
context that cause potential instability in knowledge evolution.
By inserting the potential learning paths into the original se-
quences, CLPA supplies informative and reliable contextual
interactions for breakpoints, which enables “AKT +CLPA” to
achieve the best performance.

E. Compare With Representative DA Methods (RQ2)

To validate the advantages of our CLPA, we compare state-of-
the-art DA methods, using two representative KT models: AKT
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TABLE V
PERFORMANCE COMPARISONS OF ALL METHODS. THE BEST RESULT IN EACH ROW IS IN BOLD. THE BEST RESULT IN EACH KT GROUP IS UNDERLINED. Impi

REPRESENTS THE IMPROVEMENT OF OUR METHOD COMPARED WITH THE BEST BASELINE OF EACH CATEGORY.

TABLE VI
PERFORMANCE COMPARISON BETWEEN CLPA AND REPRESENTATIVE SEQUENTIAL AUGMENTATION METHODS WITH THE BACKBONE MODELS AKT AND CL4KT.

THE BEST RESULT IS BOLDED. THE SECOND ONE IS UNDERLINED.

and CL4KT. The comparative results, presented in Table VI,
reveal the following key findings:

Our CLPA outperforms the state-of-the-art DA methods,
demonstrating its effectiveness. This primarily stems from three
factors: 1) By imputing collaborative functional proxies at break-
points, CLPA effectively mitigates the representational disrup-
tions caused by temporal gaps, enabling smoother and accurate
modeling of knowledge state transitions; 2) Unlike existing
single-sequence methods, CLPA leverages cross-sequence col-
laborative priors to enrich the context of breakpoints, enhancing
the model’s capacity to trace complex knowledge transitions;
and 3) Compared to the two popularity-based augmentation
methods, Pop_item and Pop_path, the superiority of CLPA
validates that our performance gains are driven by the semantic
relevance of the collaborative paths, rather than merely from

the regularization effect of bridging temporal gaps with high-
frequency interactions.

CLPA achieves greater performance gains for AKT com-
pared to CL4KT. This may be because that CL4KT generates
positive/negative samples from augmented sequences of the
same/other learners and optimizes a contrastive loss to align se-
mantically similar pairs and separate dissimilar ones. Since our
CLPA inserts subsequences from other learners into the target
sequence, CL4KT may misclassify the pseudo-subsequences as
negatives. This disrupts contrastive loss convergence and limits
its performance improvement.

RepPad performs the best among the baselines. The reason
may be that RepPad pads the original sequence itself, which
increases the training data density and improves models’ per-
formance on short sequences for its implicit oversampling.
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Fig. 3. Predictive performance of AKT trained on datasets augmented by various CLPA variants.

Meanwhile, both SDA and MBASR add perturbations within
individuals’ sequences, enhancing the generalization ability of
KT models. Compared to other methods, RepPad avoids intro-
ducing additional noise by only padding the original sequence
itself, making it a competitive baseline.

F. Ablation Study (RQ3)

To assess the contributions of components in CLPA, we
conduct an ablation study on the following variants: 1) w/o
similarity measure: randomly selects learners’ subsequences
as the extracted learning path. 2) w/o RiC detection: applies
learning path augmentations to all boundary position pairs
with temporal gaps, without response inconsistency detection.
3) w/o sampling quantity constraints: directly inserts the ex-
tracted learning paths into the given boundary position pairs.
4) w/o distance-based sampling: randomly selects M interac-
tions from the extracted learning paths to construct the pseudo-
learning path. From Fig. 3, we observe that:

Removing any component of CLPA leads to a performance
decline in AKT, indicating that all components jointly contribute
to its effectiveness. Notably, removing the similarity measure
causes the most severe performance drop across all four datasets.
This validates that sequences of similar learners provide valuable
context for inferring knowledge states at breakpoints, allowing
their subsequences to serve as valid functional proxies to aug-
ment target sequences.

Both response inconsistency detection and sampling quan-
tity constraints can effectively mitigate the noise introduced.
Compared to “w/o response inconsistency detection”, our CLPA
improves the AUC of AKT by 1.78%, 1.33%, and 3.65% on
Assist2012, Assist2017, and EdNet. On Junyi, we set θ2 for
response inconsistency in CLPA to 0, which yields identical
performance to this variant. Compared to “w/o the sampling
quantity constraint”, our CLPA improves the AUC of AKT by

1.65%, 2.29%, 1.23%, and 0.79% on Assist2012, Assist2017,
Junyi, and EdNet, respectively. These results validate that re-
sponse inconsistency detection and sampling quantity constraint
effectively suppress noise during augmentation, leading to no-
table performance gains.

When removing distance-based sampling in CLPA, the per-
formance of AKT drops. It demonstrates that the pseudo-
learning paths constructed by distance-based sampling provide
effective contexts for modeling breakpoints.

G. Hyperparameter Sensitivity Analysis (RQ4)

As our main goal is to construct high-quality pseudo-paths
filling in appropriate positions, we carefully tune the boundary-
detection thresholds θ1 (3) and θ2 (5), alongside sampling pa-
rameters α (9) and β (10). To select the optimal parameters,
we evaluate the performance of “AKT +CLPA”, i.e., AKT on
the augmented training set, from the following search spaces:
θ1 ∈ {10, 30, 60, 90, 120}, θ2, α ∈ {0, 0.1, . . . , 0.9}, and β ∈
{0.1, 0.2, . . . , 0.9}. The experimental results on Ednet are
shown in Fig. 4.

The thresholds θ1 and θ2 jointly control the filling posi-
tions by detecting breakpoints. As shown in Fig. 4(a) and
(b), as these two parameters increase, the performance of the
“AKT +CLPA” exhibits a trend of initially rising and then
gradually declining overall. The results validate that too small
values cause over-augmentation by misclassifying pauses or
minor response fluctuations as breakpoints, thereby disrupting
inherent sequence continuity. Conversely, overly large values
cause under-augmentation, failing to capture severe temporal
gaps and critical state shifts. The optimal settings achieve this
trade-off, accurately locating the knowledge state shifts without
disrupting sequence continuity.

Parameters α and β control the length and semantic qual-
ity of the imputed functional proxies. As shown in Fig. 4(c),
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Fig. 4. Hyperparameter sensitivity analysis of “AKT +CLPA” on the Ednet dataset.

Fig. 5. A slice of a similar sequence and our augmented sequence. The original sequence is marked in blue. The red marks the two endpoints of the extracted
learning path. In (b), the pseudo-learning path in green is sampled from (a).

“AKT +CLPA” peaks atα = 0.1, followed by subsequent perfor-
mance degradation. This validates that when extracted paths can-
not fully cover temporal gaps, short but highly relevant interac-
tions form better pseudo-paths than excessive, noise-introducing
padding. Conversely, performance increases monotonically with
the sampling position β (Fig. 4(d)), peaking at β = 0.9. This
validates that interactions adjacent to the breakpoint (i.e., larger
β) exhibit stronger semantic relevance to the unobserved target
context.

H. Visualization of an Augmented Sequence (RQ5)

To demonstrate that CLPA can enhance sequence continu-
ity, we visualize an augmented sequence from the Assist2012
dataset. In Fig. 5(a), the learning path connecting boundary ex-
ercises “195082” and “87488” is extracted from the sequence of
learner “138101”, which has a total length of 372. The extracted
learning path has a length of 67. Fig. 5(b) shows a segment of
the augmented sequence for learner “138143”, where the green
interactions represent the pseudo-learning path sampled from
learner “138101”. The sequence intersection-over-union (IoU)
between learners “138101” and “138143” is 0.3. In the original
sequence of learner “138143”, a 4-day temporal gap exists
between adjacent interactions “ 4©” and “ 11©”. To bridge the
temporal gap between interactions “ 4©” and “ 11©”, we construct
the pseudo-learning path with a length of 6 from Fig. 5(a),

calculated by (9). The pseudo-path for filling is determined by
(10) and (11).

From Fig. 5(b), we observe that CLPA effectively resolves
the severe four-day temporal gap between interactions 4© and
11© in the original sequence of target learner “138143”. In the
original sequence, inferring the target state at 11© relies solely
on distant historical context. By filling this temporal gap with a
6-step proxy path, CLPA introduces highly relevant intermediate
interactions, specifically focusing on the target KC “312” and
its prerequisites. This dual enhancement of structural continuity
and semantic richness provides downstream models with fine-
grained, reliable clues to accurately trace the learner’s evolving
knowledge state.

I. Comparison of Test Predictions: AKT Trained on Original
vs CLPA Augmented Data (RQ6)

To validate whether CLPA improves KT models’ represen-
tational capacity and breakpoint performance, we visualize a
learner’s prediction sequence from the Assist2012 dataset. Fig. 6
compares predictions from AKT and “AKT +CLPA”, i.e., AKT
trained on the original and augmented training data, respectively.
The breakpoint “ 6©” in the sequence is labeled by a blue box,
which has 3.7 days with its previous interaction “ 5©”. From
Fig. 6, we observe that:
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Fig. 6. The predictions on the sequence of learner “176429”. In the figure, the breakpoint is highlighted with a blue box. “Ori+Prediction” and “Aug+Prediction”
denote the probability of response correctly predicted by AKT and “AKT +CLPA”, respectively. The corresponding prediction errors, calculated by (1), are labeled
as “Original PE” and “Augmented PE”. Incorrect predictions are marked with red boxes.

The AKT exhibits strong sequential dependency in prediction.
As illustrated in Fig. 6, for a subsequence involving concept
“75”, the original AKT predicts an incorrect response for in-
teraction 7©” based on the learner’s prior incorrect response to
interaction 6©”. After the learner answers correctly to interac-
tions 7©” and 8©”, the original AKT substantially increases the
predicted probability of the learner’s correct response to inter-
action “ 9©”. A similar pattern is observed for the subsequence
involving concept “7”.

Due to the over-reliance on the recent interactions, the AKT
shows significant prediction errors at the breakpoint. As shown
in Fig. 6, when predicting the breakpoint “ 6©” involving concept
“75”, the AKT assigns a high probability of 0.78 only based
on the learner’s correct solving interaction “ 5©”, ignoring the
temporal gap between them. This gap renders the recent inter-
action “ 5©” an unreliable reference for predicting interaction
“ 6©”, introducing significant prediction bias. It highlights the
original model’s limitation in temporal modeling through the
dependency mechanisms.

“AKT +CLPA” demonstrates improved representational ca-
pacity and robust state transition. As observed in Fig. 6,
“AKT +CLPA” achieves accurate predictions before reaching the
breakpoint (e.g., interactions “ 4©” and “ 5©”). This phenomenon
demonstrates that by leveraging imputed collaborative paths, the
model enhances its representational capacity, enabling accurate
tracking of knowledge state across continuous learning seg-
ments. Crucially, when encountering the raw breakpoint “ 6©”,
“AKT +CLPA” avoids over-reliance on the outdated interaction
“ 5©” and assigns a highly accurate probability (0.334) aligning
with the actual response (0). This validates that CLPA equips the
model to learn robust state transitions during training, effectively
mitigating the breakpoint effects during inference.

Large-span knowledge concept switch poses significant mod-
eling challenges. In Fig. 6, both AKT and “AKT +CLPA”
models struggle with the knowledge concept switch. For ex-
ample, although the learner had no prior attempts on concept
“75”, both models correctly predict interaction “ 4©” due to
the strong correlation between concept “75” (square root) and
“580” (exponents). However, when facing a larger-span concept
switch, e.g., from concept “75” (square root) to concept “7”

Fig. 7. Performance comparison of base models trained on original versus
CLPA-augmented datasets across the Ds_break subsets of Assist2012, As-
sist2017, Junyi, and Ednet. In the figure, metrics such as MAE (original)
and MAE (augmented) denote the performance yielded by the original and
augmented training sets, respectively (similarly for RMSE, AUC, and ACC).

(sampling techniques), both models fail to predict interaction
“ 10©” accurately, indicating limitations in modeling large-span
concept switches and the necessity of considering the semantic
gap in the future.

J. Performance on Breakpoint-Affected Interactions: Original
Vs. CLPA-Augmented Training (RQ7)

To further assess CLPA’s effectiveness on breakpoint-affected
interactions, we evaluate the performance of base models
trained on original versus CLPA-augmented data, by using
Ds_break (the targeted subsets defined in Section III-B)
across four datasets. Fig. 7 presents the comparison results on
Ds_break from four datasets: Assist2012, Assist2017, Junyi,
and Ednet. As shown, CLPA consistently improves perfor-
mance across allDs_break. Specifically, base models trained on
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TABLE VII
THE EFFICIENCY ANALYSIS OF CLPA

CLPA-augmented data achieve lower MAE and RMSE com-
pared to those trained on the original datasets. For AKT, CLPA
reduces MAE by 2.32%, 5.35%, 4.63%, and 5.82% across the
four Ds_break, respectively. For CL4KT, the reductions are
3.46%, 2.99%, 0.99%, and 0.85%. AUC and ACC of KT models
are also consistently improved with CLPA. The AUC gains
for AKT are 1.52%, 2.25%, 1.42%, and 5.69%, and CL4KT
shows improvements of 3.31%, 2.1%, 0.37%, and 4.46%. These
results demonstrate that our CLPA effectively helps base models
to mitigate the breakpoint effect, thereby achieving improved
performance on these affected interaction subsets.

K. Analysis of Efficiency and Feasibility of CLPA (RQ8)

To assess the practical feasibility of CLPA, we evaluate its
computational overhead across the preprocessing, training, and
inference stages. As shown in Table VII, CLPA incurs marginal
additional time and GPU memory costs during both the offline
data augmentation and the subsequent model training, demon-
strating its efficiency and practical feasibility. While the offline
preprocessing time naturally scales up on massive datasets like
Assist2012 (requiring 650.5 s), this remains a strictly one-time
offline cost. A more granular time and space complexity analysis
regarding this scalability bottleneck and our mitigation strategies
is detailed in the Discussion (Section IV-D). During training, the
slight GPU memory overhead for “AKT +CLPA” (Table VII)
stems from the enhanced data density after filling, which is
easily accommodated by standard GPUs. Furthermore, since
CLPA preserves the base model’s architecture, it introduces zero
additional latency during inference, validating its suitability for
industrial deployment.

L. Discussion

We discuss two critical aspects of the CLPA framework: 1)
the retrieval mechanism of our CLPA and 2) matching coverage
of our collaborative candidates.

1) The Retrieval Mechanism of Our CLPA: In the KT field,
the learners’ similar learning trajectories are not affected by
absolute timestamps, for example, CoKT [39] retrieves sim-
ilar question-answering experiences across the entire dataset,
disregarding absolute recording time. Following these estab-
lished retrieval practices, we allow newer collaborative paths to
augment older breakpoints, which enriches the candidate path
pool. Standard DA methods operate only within the training set
and commonly relax absolute chronological constraints in the
augmentation process (e.g., [15], [16], [17], [18], [31], [32]).
In our experiments, we confine all augmentations to the training

set. This rigorous data isolation leaves the test set excluded from
the augmentation process and entirely unmodified, preventing
ground-truth exposure.

2) Matching Coverage of Our Collaborative Candidates:
Our CLPA matches similar learning records for identified break-
points, achieving success rates of 69%, 98%, 91%, and 68%
across Assist2012, Assist2017, Junyi, and Ednet, respectively.
Importantly, these matching strategies benefit long-tail learn-
ers, as CLPA can integrate active peers’ learning paths into
their sequences by aligning boundary exercises. Furthermore,
to guarantee augmentation quality, CLPA adopts a conservative
imputation strategy, i.e., breakpoints lacking relevant collab-
orative candidates are left unaugmented. As demonstrated by
popularity-based imputation baselines (Section V-E), imputing
with high-frequency interactions instead of semantically rele-
vant collaborative contexts degrades performance. Thus, despite
incomplete matching coverage, CLPA avoids injecting noise and
still yields significant overall performance gains, validating the
importance of high-quality collaborative paths. Future work will
explore alternative methods to synthesize reliable proxy contexts
for unmatchable breakpoints.

VI. CONCLUSION

In this paper, we identify and address the breakpoint effects in
knowledge tracing (KT). Through empirical studies, we validate
the existence of breakpoint effects, showing that the breakpoints
introduce significant prediction errors and degrade the KT mod-
els’ performance. To tackle the core issue of state-transition
disruptions at breakpoints in KT, we strive to enhance knowledge
tracing via breakpoint-aware sequence augmentation and pro-
pose a systematic three-phase method, Collaborative Learning
Path Augmentation (CLPA). First, identifying boundary posi-
tion pairs that exhibit the temporal gap and response incon-
sistency from learners’ sequences. Then, inferring functional
pseudo-paths between the identified positions by leveraging
cross-sequence collaborative patterns. Finally, reconstructing
and inserting the pseudo-learning paths into the target sequences
to bridge the temporal gaps and enhance sequence continuity.
Furthermore, two refinement strategies for sampling quantity
constraints and distance-based sampling strategy are designed
to mitigate noise introduction and ensure augmentation qual-
ity. The experimental results validate that CLPA enhances the
model’s representational capacity and outperforms existing se-
quential data augmentation methods, achieving accurate knowl-
edge tracking across continuous segments and breakpoints.

For future work, we plan to design an adaptive gap detec-
tion mechanism that integrates temporal and semantic signals,
coupled with a priority-based augmentation strategy for varying
gap severities. We are also interested in establishing evaluation
metrics for augmented paths [45] and investigating the frame-
work’s generalizability across diverse KT architectures [46] and
broader domains like sequential recommenders.
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