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ABSTRACT

Knowledge Tracing (KT') models often underperform for stu-
dents with short interaction histories, creating a temporal
equity gap between early- and late-stage learners. We tackle
this issue by fusing behavioral traces with dialogue-derived
signals using a lightweight reinforcement-learning (RL) gate
that adaptively reweights evidence across the learning tra-
jectory. To make temporal disparities explicit, we evalu-
ate by student-level practice-volume cohorts (deciles from
10% to 100%) and report ACC/AUC within cohorts and
overall. Across both backbones, the RL-gated variant con-
sistently improves aggregate accuracy and AUC while re-
ducing across-cohort variance, yielding flatter, more reliable
cohort curves relative to a behavioral-only baseline and a
naive feature-augmented model without gating. These find-
ings suggest a practical design principle for next-generation
knowledge tracing systems: when interaction histories are
sparse, semantically rich auxiliary signals can stabilize pre-
diction, and as histories accumulate, the model can shift
back toward behavioral evidence. We discuss limitations
particularly the reliance on rich interaction data, and out-
line directions for testing on public datasets with sufficient
depth or proxy signals, as well as for exploring stronger eq-
uity objectives and interpretable gating.
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1. INTRODUCTION

Knowledge Tracing (KT) has become a cornerstone of mod-
ern educational technology [10], especially in the develop-
ment of intelligent tutoring systems [34]. KT models pre-
dict students’ knowledge states based on their learning in-
teractions [10]. Computer-supported education systems rely
on KT to personalize learning experiences and optimize in-
structional decisions [17, 21]. However, recent research re-
veals a concerning pattern: existing KT models, includ-
ing classical Bayesian Knowledge Tracing (BKT) and Deep
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Knowledge Tracing (DKT), often fail to achieve equitable
tutoring across different student populations, exhibiting sys-
tematic bias against certain groups [13, 29]. While early-
stage prediction methods have shown effectiveness in some
domains via statistical approaches such as survival analy-
sis [14], KT presents temporal fairness challenges that ex-
tend beyond traditional demographic disparities. A criti-
cal, under-explored dimension of fairness involves the differ-
ential treatment of early-stage learners with limited inter-
action histories versus experienced learners with extensive
practice records. This temporal bias manifests as less ac-
curate predictions for early-stage students due to sparse se-
quential data, leading to suboptimal recommendations dur-
ing crucial initial phases; this phenomenon corresponds to
the well-known cold-start problem in both knowledge tracing
and recommender systems [7, 9]. Conversely, experienced
learners benefit from rich histories that enable more precise
knowledge estimation, creating a “rich-get-richer” effect in
which students who need the most support receive the least
accurate guidance.

To address temporal fairness in KT, we present a three—tier
comparative framework evaluated on two standard back-
bones (DKT and SAKT). The Baseline relies on behavioral
traces only (skill, correctness, optionally difficulty/response
time). The +Features model augments the baseline with
time—aligned conversation—derived signals (dialogue-rubric
vectors and unit—level mastery indicators) designed to avoid
temporal leakage. The +Features+RL model adds a gating
mechanism trained with policy—gradient updates to adap-
tively weight behavioral versus conversational streams across
a learner’s trajectory. We operationalize temporal equity
via percent—progress bins (10%, 20%, ..., 100%), explicitly
targeting more reliable predictions for early—stage learners
while preserving overall performance [5, 10, 20, 21, 26]. This
framing is especially relevant as tutoring systems become
more conversational. In newer Al-mediated environments,
dialogue is part of the instructional process itself, which
makes dialogue-integrated KT increasingly practical even if
it remains inapplicable to many legacy benchmark datasets
[2, 11, 15].

Our contributions are threefold. (1) We formulate a fair-
ness—aware optimization for KT that treats disparity across
progress bins as an explicit signal, enabling adaptive fu-
sion of heterogeneous evidence through an RL gate. (2)
We integrate conversation—derived features with behavioral
traces using leak—conscious, step—aligned fusion, offering a
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practical path to richer KT without compromising tempo-
ral validity. (3) We provide a systematic comparison across
backbones and variants and visualize progress—aligned per-
formance with cohort—size overlays, demonstrating qualita-
tively flatter, more equitable curves for the RL—gated model
while maintaining competitive aggregate accuracy and AUC.
Detailed metrics and variant comparisons are reported in the
Results section.

2. RELATED WORK

2.1 Knowledge Tracing

Classical KT models, most notably BKT, represent mas-
tery as a latent state updated from response histories with
parameters for initialization, learning, slip, and guess [10].
Subsequent extensions account for learner heterogeneity and
temporal dynamics, including individualized BKT [31] and
time-aware variants that model spacing and forgetting [22,
23]. Neural KT reframes KT as sequence modeling: DKT
uses recurrent encoders to predict next-step correctness from
interaction sequences [21], while attention-based architec-
tures such as SAKT capture relevance among past items
and skills through query—key attention [20, 33].

Two practical challenges motivate our work. First, mod-
ern KT often relies primarily on correctness patterns and
student—item interactions, which can underutilize rich side
information such as problem text, hints, or conversational
evidence [1]. Second, directly injecting auxiliary signals risks
temporal leakage if features are not carefully aligned to the
prediction horizon (e.g., using future turns of a dialogue
to predict the present step) [12, 24]. Our setting exposes
both issues: we have post-problem dialogues that are poten-
tially informative, but any benefit hinges on leak-conscious
alignment and on a mechanism that can adapt how much
the model should rely on these signals at different stages of
a learner’s trajectory. Moreover, KT systems face a form
of the cold-start problem analogous to recommender sys-
tems—predictions are less reliable for students with sparse
histories [7, 9]. We therefore complement standard overall
metrics with a progress-aware analysis to make such tempo-
ral effects explicit.

2.2 Fairness in Educational AI and KT

A growing literature examines disparate outcomes in edu-
cational AI [8, 32]. In KT specifically, studies have sur-
faced systematic gaps across student subgroups and con-
texts, raising fairness concerns for data-driven personaliza-
tion [13, 29]. Some work explores modeling choices aimed at
mitigating disparities (e.g., time-augmented BKT) [6], while
others document construct-related effects such as reading-
ability gaps in math KT or platform/socioeconomic biases
in second-language KT [25, 27].

Our perspective focuses on temporal equity: comparable
predictive performance for learners at early vs. late stages.
In conventional training, aggregate objectives naturally over-
weight data-rich trajectories; learners with short histories
precisely those who need the most reliable guidance—can
receive noisier predictions. We operationalize this dimen-
sion by grouping students into deciles based on total practice
volume (10%-100%) and reporting performance by cohort.
This differs from demographic fairness (which we do not
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analyze here) but is practically salient for tutorial decision
making: reliable early-stage estimation can prevent com-
pounding errors, while later stages may benefit more from
accumulated behavioral evidence. Our equity lens thus aims
at flattening cohort-wise performance curves, not enforcing
strict parity at the expense of accuracy, and it aligns with
the cold-start framing noted above [7, 9].

2.3 Reinforcement Learning in Educational Al
Reinforcement learning (RL) has been widely studied for se-
quencing and recommendation problems in education, treat-
ing personalization as a sequential decision process [3, 19].
Applications include curriculum sequencing and learning-
path optimization as well as broader decision-making frame-
works [4, 18, 28]. Much of this work, however, optimizes a
single objective (e.g., learning gain, engagement) and gives
limited attention to fairness-aware architectural adaptation.

In contrast, we use RL not to select content but to adapt
model fusion. Concretely, a lightweight gate produces a
convex weight that fuses behavioral and conversation/unit
streams, with a policy-gradient objective [26] that balances
predictive utility and a temporal-equity penalty defined over
practice-volume cohorts. This framing has three practical
advantages. First, it is model-agnostic: the gate can sit atop
standard KT backbones (e.g., DKT, SAKT) without archi-
tectural overhaul. Second, it directly targets equity at the
level of the evaluation protocol (deciles by practice volume),
avoiding a mismatch between training goals and assessment.
Third, it supports history-adaptive reliance on auxiliary sig-
nals: conversational features can carry more weight where
behavioral evidence is scarce and recede when long histories
suffice. Our empirical results (Section Results) suggest that
such equity-aware fusion can reduce across-cohort variance
while maintaining overall accuracy, providing a cautious but
actionable path toward temporally robust KT.

3. METHOD
3.1 Data Description

We analyze logs from a deployed middle—school mathemat-
ics platform in which each problem—solving attempt may
be followed by an optional chatbot conversation. The cor-
pus spans approximately one academic term (about eight
months) and contains 2,678 students, 1,605 items (three dif-
ficulty bands), and 10,877 problem—solving instances linked
to up to 31 skills/competencies, with an overall correct-
ness of about 47%. Each step records an item/skill iden-
tifier, binary correctness, and elapsed time; when present,
the post—problem dialogue consists of multiple turns be-
tween the student and the chatbot (on average, about 1.47
post—problem conversations per attempt and about 7.97 turns).
These characteristics provide the empirical context and are
consistent with prior descriptions of the same platform.

The data analyzed in this study were derived from the ALTER-
Math project [30]. The underlying human-subjects study
was reviewed and approved by the Institutional Review Board
(IRB) at the University of Florida (IRB202301838). All re-
search procedures involving human participants in the source
study were conducted in accordance with the ethical stan-
dards of the University, and informed consent was obtained
from all participants prior to their inclusion in the study.



For the present analysis, only de-identified learner log data
and post-problem dialogue data were used.

To assess how performance varies with the amount of prior
history, we group students by their total number of attempted
problems and form ten learner cohorts at the deciles: 10%,
20%, ..., 100%. Unless otherwise noted, we report Accu-
racy (ACC) and AUC within each cohort and overall. This
cohorting emphasizes reliability for learners with sparse vs.
rich practice histories and is used consistently across all ex-
periments.

3.2 LLM-Derived Dialogue Features

Beyond behavioral traces, we incorporate features distilled
from the post—problem conversation. Feature extraction is
conducted offfine using an instruction—tuned LLaMA—family
model, Llama-3-8B-Instruct, with decoding parameters tem-
perature = 0, top-p = 0.9, and max _tokens = 128, running
on a single A100-80GB GPU [16]. The resulting numeric
features are then time—aligned to the KT sequence so that
features used at step t reflect only information available up
to (and including) ¢, preventing temporal leakage. We use
two groups of dialogue features:

1. Rubric vector (fixed-length): aggregated indicators that
summarize the conversation signals most relevant to
KT—e.g., knowledge—point mentions/coverage, clari-
fication/help-seeking, confusion /uncertainty cues, cor-

rectness-related evidence, and engagement tone—computed

per solved item from the dialogue that follows that
item.

Unit—level mastery (scalar per step): an LLM-based
verdict on whether the learner evidences mastery of
the curricular unit associated with the current item.

Both groups are exported as numeric features and concate-
nated as an auxiliary stream; missing dialogues at a step are
zero—imputed for the rubric vector with a neutral default for
mastery.

3.3 Models

We instantiate two standard knowledge—tracing backbones
and build three variants on each:

DKT encodes the interaction sequence with a recurrent net-
work and outputs a behavioral logit z"®™ for step t [21].
SAKT aggregates relevant past items via self-attention to

produce 2" [20].

1. Baseline (behavioral only) uses the behavioral stream
(skillx correctness) with available covariates (difficulty,
response time).

+Features concatenates the rubric vector and the unit-
mastery scalar as an auxiliary stream X “™") that is
strictly step—aligned (forward—only).

. +Features+RL adds a lightweight gating mechanism
that produces a convex weight a; €0, 1] each step and
fuses streams:

2zt = oy zt(beh) + (1— pr = o(zt).

(conv)
Oét) Zy 5
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3.4 Fairness—Aware Reinforcement-Learning

Gate

The gate is trained with policy—gradient updates [26] to
preserve overall predictive utility while discouraging steep
disparities across learner cohorts (10-100% by practice vol-
ume). Concretely, we maximize the objective

J = E[Perf(pe, )]
N—_——— —

overall utility

—Atair - @({Perfc}il))
N—_— —

temporal-equity penalty
+ )\cnt * H[at] .

——

entropy

where Perf denotes a differentiable surrogate aligned with
ACC/AUC, ® penalizes large performance gaps/variance
across the ten practice—volume cohorts, and H regularizes
the gate to avoid premature collapse. Intuitively, the gate
can rely more on conversational evidence for learners with
short histories and gradually shift toward behavioral evi-
dence as history accumulates, aiming for flatter, more equi-
table cohort curves without sacrificing aggregate accuracy.

3.5 Training and Evaluation

All variants minimize masked cross—entropy over valid steps.
Unless otherwise noted, we keep the same data splits, batch
size, and training epochs across backbones/variants to en-
able controlled comparison.! We report Accuracy (ACC)
and AUC within each learner cohort (10-100% by practice
volume) and overall. Plots overlay a dashed right axis in-
dicating the number of students per cohort to contextualize
variance across groups with fewer vs. more interactions. Re-
sults are reported for DKT and SAKT under identical cohort
definitions and evaluation code.

4. RESULTS

4.1 Setup for Temporal-Equity Evaluation

All models are evaluated by percent progress (10%, 20%, . ..,
100%) computed per learner from the normalized position
t/T. For each bin and overall we report Accuracy (ACC) and
AUC. Plots include a dashed right axis showing cohort size
per bin (students when available; otherwise interactions),
enabling visual inspection of stability vs. noise across the
trajectory.

4.2 Aggregate Trends Across Backbones
Figures 1 a-d show per-bin AUC/ACC for DKT and SAKT.
In both backbones, +Features+RL yields the strongest curves
overall and particularly in early-to-mid progress bins where
histories are short. The dashed right axes indicate that bins
with fewer data points (or fewer students) have more volatile
performance; even there, +Features+RL maintains a consis-
tent advantage.

Table 1 summarizes percent-bin statistics (mean, SD, min,
max, median) by model/variant. On DKT, +Features+RL
improves mean AUC from 0.5985 (baseline) to 0.6094 and
mean ACC from 0.5738 to 0.5877. On SAKT, +Features+RL

'In our runs we used a batch size of 64 and trained for 12
epochs per setting.



Table 1: Percent-progress bin statistics (mean £+ SD, with min/max and median) by backbone and variant.

Backbone Variant ACCrean ACCsp ACChin ACChmax ACCrhea
DKT baseline 0.5738 0.0253 0.5184 0.6064 0.5777
DKT +features 0.5777 0.0242 0.5285 0.6165 0.5749
DKT +features+RL 0.5877 0.0205 0.5609 0.6212 0.5877
SAKT baseline 0.5596 0.0321 0.4887 0.6013 0.5715
SAKT +features 0.5677 0.0291 0.5000 0.6005 0.5744
SAKT +features+RL 0.5872 0.0231 0.5527 0.6171 0.5880
Backbone Variant AUCpmean AUCsp AUCnmin AUCpmax  AUCheq
DKT baseline 0.5985 0.0320 0.5398 0.6445 0.6031
DKT +features 0.5921 0.0272 0.5444 0.6312 0.5930
DKT +features+RL 0.6094 0.0261 0.5664 0.6507 0.6059
SAKT baseline 0.5792 0.0396 0.4829 0.6155 0.5969
SAKT +features 0.5754 0.0315 0.5159 0.6113 0.5900
SAKT +features+RL 0.6027 0.0225 0.5666 0.6349 0.6066

Notes. (i) Statistics are computed over ten student-level practice-volume cohorts (deciles: 10%, 20%, . .

., 100%). For each

cohort we evaluate ACC and AUC, then summarize across cohorts (mean, SD, min, max, median). (ii) Underlined italics
mark the best value within each row group (per backbone across variants): for means/medians/maz, higher is better; for
SD, lower is better (flatter, more equitable across cohorts); for min, higher indicates stronger worst-cohort performance.
(iii) The +features+RL variant consistently achieves the highest means and lowest SDs across both backbones, suggesting
the RL gate boosts overall quality while reducing dispersion across practice-volume cohorts. (iv) Min/max arise from
different cohorts (early vs. late); interpret alongside SD and cohort sizes (shown in the figures’ dashed right axes) to

understand variability under sparse vs. rich histories.

raises mean AUC from 0.5792 (baseline) to 0.6027 and mean
ACC from 0.5596 to 0.5872. Notably, +Features (without
RL) shows mixed effects on AUC (slightly below baseline on
both backbones), indicating that naive fusion of conversa-
tional/unit features can be suboptimal; the RL gate appears
necessary to realize consistent gains.

4.3 Variance Reduction and Curve Flattening
Beyond mean improvements, +Features+RL consistently re-
duces across-bin variance, suggesting flatter, more equitable
trajectories. For DKT, ACC SD decreases from 0.0253 (base-
line) to 0.0205 (+Features+RL), and AUC SD from 0.0320
t0 0.0261. For SAKT, ACC SD drops from 0.0321 to 0.0231,
and AUC SD from 0.0396 to 0.0225. This aligns with the
design goal: attenuate the early/late performance gap by
adapting the reliance on conversational vs. behavioral evi-
dence over time.

5. CONCLUSION AND DISCUSSION

This work examined temporal equity in KT by augment-
ing behavioral inputs with dialogue-derived features and by
learning an adaptive fusion policy via a lightweight RL gate.
Under two standard backbones (DKT, SAKT) and a co-
horting scheme that groups students by practice volume
(10-100% deciles), the RL-gated variant consistently yielded
higher aggregate performance (ACC/AUC) and lower dis-
persion across cohorts, producing flatter cohort-wise curves.
Taken together, these results suggest a practical route to
reduce performance variability between sparse- and rich-
history learners without discarding established KT archi-
tectures. At the same time, these findings should be in-
terpreted in relation to prior work on fairness in KT rather
than as a standalone fairness claim: prior studies have shown
that KT systems can yield inequitable performance across
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learners and contexts [1], and recent work has explored mit-
igating such disparities by modifying temporal assumptions
within the KT model itself, such as time-augmented BKT
[6]. Our results extend this line of work from a different
angle. Rather than redesigning the KT backbone itself,
we show that a lightweight prediction-stage fusion mecha-
nism can improve reliability when learner histories are sparse
while remaining compatible with established KT architec-
tures.

The immediate broader impact of this architecture is there-
fore not that every legacy I'TS can adopt post-problem dia-
logue features tomorrow, but that it provides a deployable
fusion template for settings in which learning evidence ex-
tends beyond correctness sequences alone. This is consis-
tent with broader KT research showing that student—item
correctness traces often underutilize richer side information
such as hints, problem text, or conversational evidence [1].
From a fairness perspective, this also matters because more
information does not automatically translate into more eq-
uitable modeling; the educational Al literature has repeat-
edly emphasized that fairness depends on how evidence is
represented and used, not merely on whether additional sig-
nals are available [5]. In that sense, the present architecture
should be read as a practical mechanism for selectively us-
ing auxiliary evidence under conditions of evidence scarcity,
rather than as a universal retrofit for all KT deployments.

Beyond aggregate metrics, the cohort view offered diagnos-
tic value. We observed that adding dialogue features naively
(without gating) did not uniformly help—in some cases AUC
was unchanged or slightly reduced—indicating that conver-
sational evidence is heterogeneous and history-dependent.
This point is important in light of prior fairness work: just
as inequities in KT do not disappear automatically through
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model complexity alone [13, 29], our results suggest that
they also do not disappear simply by appending more fea-
tures. Instead, auxiliary conversational evidence appears
useful only when it is carefully aligned and selectively weighted.
The RL gate appeared to address this by modulating re-
liance on conversational vs. behavioral signals along the tra-
jectory; early cohorts (where histories are short) tended to
benefit more from the additional stream, whereas later co-
horts did not require as strong a contribution. In that sense,
the equity-aware fusion objective functioned less like a global
regularizer and more like a schedule for when and how to use
each information source.

We view these findings as pointing to a possible path rather
than a definitive solution. In particular, the approach re-
mains intentionally simple: a standard backbone, a compact
set of dialogue features (rubric + unit mastery), and a sin-
gle gating mechanism with a fairness term. This simplicity
made the behavior easier to reason about and the gains more
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attributable, but it also leaves room for complementary im-
provements (e.g., calibration, per-cohort operating points,
or interpretable gating analyses). It also distinguishes our
contribution from prior efforts that target fairness by mod-
ifying the KT model itself [6]. As such, our study is best
interpreted as evidence that adaptive, equity-aware fusion
is a viable design principle for KT, not as a claim that any
particular architecture is optimal. Accordingly, the present
contribution should be read less as a dataset-specific feature
recipe and more as a transferable fusion principle for modern
tutoring environments that record richer interaction traces
than correctness sequences alone [1].

6. LIMITATIONS

First, our dataset contains substantial interaction volume
per learner and includes post-problem dialogues from a de-
ployed tutoring setting. This richness likely made it fea-
sible to learn a useful fusion policy: the model could ob-
serve enough variation to adjust weights between behavioral



and conversational signals. In contrast, many public KT
datasets contain shorter sequences and no conversational
channel, which limits how far our specific feature design and
gating policy can be generalized as is. We therefore refrained
from reporting results on standard public benchmarks that
lack comparable signals, to avoid an apples-to-oranges com-
parison.

Second, our evaluation emphasizes temporal equity through
practice-volume cohorts (student-level deciles). Although
this targets a practically salient dimension of fairness (sup-
porting learners with limited histories), it is only one slice.
We did not analyze demographic fairness, course-level het-
erogeneity, or domain transfer, nor did we exhaust architec-
tural variants of the gate (e.g., hierarchical or skill-conditional
gating). The present results should therefore be read as
context-constrained: they demonstrate that equity-aware
fusion can stabilize cohort-wise performance on this dataset
and setup, but external validity remains to be tested.

In the future, we plan to (i) explore public datasets with suf-
ficient interaction depth or proxied contextual signals (e.g.,
textual rationales, hint requests) to stress-test the approach
beyond our setting; (ii) examine calibration and threshold-
ing per cohort to complement AUC/ACC; (iii) probe the
learned gate (feature attributions, skill-conditional patterns)
for interpretability; and (iv) evaluate alternative equity ob-
jectives (e.g., explicit worst-cohort optimization or variance-
constrained training) and more expressive fusion architec-
tures. These steps will clarify when equity-aware fusion pro-
vides the largest benefit and how it can be safely adopted in
broader KT deployments.
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