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ABSTRACT

Historical learner-system logs offer a practical route for studying adaptive educational policies without
exposing learners to online trial-and-error. The difficulty is that offline reinforcement learning must
learn from a fixed behaviour dataset, where distribution shift and Q-value overestimation can make
unsupported actions appear better than they are. Using EdNet-KT4, this study examines a tabular
question part recommendation setting and adapts the target-pessimism idea behind APTQ by driving
the conservative coefficient toward a normalised return-to-go target. Across experiments with 50,000,
100,000, and 200,000 transitions, Conservative Q-Learning remains stronger in Bellman consistency
and fitted Q evaluation (FQE) value. The normalised target variant leamns a policy closer to logged
learner behaviour, improving action match on the 200,000-transition subset while keeping Bellman and
FQE fit competitive. The evidence points to a targeted role for normalised target pessimism: it stabilises
behaviour-aligned educational offline RL, while CQL retains the stronger value-fit profile. The
contribution is a reproducible EdNet-K T4 proxy benchmark and systematic evidence for the trade-off
between conservative value learning and behaviour alignment in educational logs.

Keywords: Adaptive learning, conservative Q-learning, EdNet-KT4, fitted Q evaluation, offline
reinforcement learning.
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INTRODUCTION

Adaptive learning systems increasingly leave behind detailed traces of learner activity: responses,
attempts, pauses, review actions, and other forms of interaction with learning content. These traces are
valuable because they describe how learners and systems actually interacted over time, not only as
isolated prediction labels. A natural question follows from this setting: can such historical logs be used
to learn adaptive policies without experimenting on laners online? Offline reinforcement learning is
appealing here because it learns from a fixed dataset and does not require further interaction with the
environment during training (Prudencio et al,, 2024; Chen et al., 2024).

The main obstacle is not only computational. In offline RL, the learned policy may assign high values
to actions that were rarely, or never, observed for similar learner states. In a simulator this is already a
problem; in education it is more sensitive because an unsupported recommendation could mean
unsuitable leaming material, not merely a lower benchmark score. For this reason, educational offline-
RL evidence is more informative when value estimates are reported together with behaviour alignment
and support coverage.

EdNet is a useful public setting for this question because it contains large-scale leamer-system
interactions from the Santa learning platform (Choi et al., 2020). The KT4 level is especially relevant
because it includes richer activity information than question-answer correctness alone. Earlier work has
already used EdNet to study reinforcement learning for question sequencing and to examine how state
representation affects policy quality (Azhar et al., 2022). In this study, EdNet-KT4 serves as a public
proxy for educational policy learning, allowing the offline-RL mechanism to be examined before any
controlled deployment or longitudinal validation.

CQL is a natural conservative baseline in this setting because it penalises unsupported high Q-values
and 1s designed to reduce overestimation under distribution shift (Kumar et al., 2020). APTQ adds
another idea: instead of keeping pessimism fixed, it adapts the penalty strength toward a target Q-value
(Liu et al., 2024). The transfer question is whether this target-adaptive idea remains stable on
educational logs. Raw retum-to-go values in EdNet-KT4 can be much larger than early tabular Q-
values, so a direct target can make the adaptive penalty collapse or drift.

This paper focuses on one specific form of that question: whether a normalised return-to-go target can
make an APTQ-style mechanism stable enough for an EdNet-K T4 educational proxy task. The analysis
compares that behaviour-aligned target design with CQL under Bellman consistency, behaviour
support, action match, and fitted Q evaluation (FQE).

Three questions guide the study, moving from problem formulation to target stability and finally to the
policy trade-off:

RQ1. Which tabular Markov Decision Process (MDP) design is most stable for EdNet-KT4 offline
reinforcement learning experiments?

RQ2. Does normalised return-to-go targeting stabilise APTQ compared with reward-based or raw
return-to-go targets?

RQ3. How does APTQ with normalised return-to-go targets compare with CQL under Bellman consis-
tency, behaviour alignment, and FQE?

The contribution is organised around four points. First, the study builds a reproducible tabular offline-
RL formulation for EdNet-KT4 using state-action-reward-next-state transitions. Second, it adapts target

2




Journal of Information and Communication Technology, Vol. 2X, Number X (XXXX) 202X, pp: XX-XX

pessimism to an educational proxy task through a normalised return-to-go target. Third, it reports a
multi-step empirical study covering MDP design, target-source ablation, scaling validation, and FQE-
based offline policy evaluation. Fourth, it reports the trade-off directly: normalised target pessimism
improves behaviour alignment relative to CQL, while CQL remains stronger on Bellman mean squared
error (MSE) and FQE estimated value.

The article follows this sequence. The method section makes the EdNet-KT4 tabular construction and
normalised target update explicit; the results section tests those choices through the 200,000-transition
comparison, scaling, ablation, and FQE; and the discussion interprets the outcome as a trade-off
between conservative value fit and behaviour alignment.

RELATED WORKS

Educational Data Mining and EdNet

Large-scale educational data mining depends on datasets that preserve the order and context of learner
behaviour. EdNet was introduced as a hierarchical dataset of interactions with an intelligent tutoring
service (Choi etal., 2020). Its levels allow researchers to move from question-response records to richer
traces of learning activity. This paper uses EdNet-KT4 because those richer traces are closer to the
sequential decision-making view required by offline reinforcement learning.

Recent EDM surveys place knowledge tracing, learner behaviour modelling, performance precmon,
and personalised recommendation among the central tasks of learning analytics (Lin et al., 2025; Batool
et al., 2023). This literature supports the use of rich learner logs while underlining that policy-behaviour
evidence ultimately requires controlled leaming-effect validation. Reviews of reinforcement learning
for instructional sequencing add a more specific warning: reward design and offline evaluation are
recurring difficulties when RL is applied to educational data (Doroudi etal., 2019; Memarian & Doleck,
2024).

Prior reinforcement learning work on EdNet has examined question sequencing and the role of state
representation (Azhar et al., 2022). [tis relevant here because it shows how state design and data support
can shape policy quality. We retain that concern with support while shifting the methodological focus
to conservative and target-adaptive tabular offline-RL policies, with CQL and an APTQ-style variant
as the main contrast.

Offline Reinforcement Learning and Conservative Value Learning

Offline reinforcement learning learns a policy from a static dataset collected by another behaviour
policy. The central difficulty is familiar but severe: once the learned policy chooses actions outside the
logged support, standard Q-learning can repeatedly maximise values for state-action pairs that were not
sufficiently observed. This is why reviews of offline RL emphasise support constraints, pessimism, and
reliable off-policy evaluation (Prudencio et al., 2024). The same caution appears in real-world RL
studies, where limited interaction, safety, evaluation, and distribution shift are treated as deployment
obstacles rather than secondary implementation issues (Dulac-Arnold et al., 2021).

CQL addresses this risk by learmning conservative Q-values (Kumar et al., 2020). It reduces values for
unsupported actions while preserving values for observed state-action pairs. This makes it a strong
baseline for educational policy learning, where unsupported actions should be treated cautiously rather

than rewarded by extrapolation.
16
CQL is not the only family of offline-RL methods. Policy-constraint approaches such as batch-




Journal of Information and Communication Technology, Vol. 2X, Number X (XXXX) 202X, pp: XX-XX

3

constrained Q-learning restrict ge learned policy to actions close to the data (Fujimoto et al., 2019),
TD3+BC adds an explicit behaviour-cloning term to the policy objective (Fujimoto & Gu, 2021),
implicit Q-learning avoids querying out-of-sample actions altogether (Kostrikov et al., 2022), and
Decision Transformer treats offline RL as return-conditioned sequence modelling (Chen et al., 2021).
CQL is used as the main conservative baseline here because its penalty acts directly on Q-values, which
transfers naturally to a tabular educational setting; a comparison with these other families is left for
future work.

Adaptive Pessimism and Off-Policy Evaluation

APTQ adapts the pessimism coefficient toward a target Q-value rather than fixing it in advance (Liu et
al., 2024). The attraction is clear: a single fixed penalty can be too weak in one setting and too strong
in another. The difficulty is target design. If the target is on the wrong scale, the adaptive coefficient
may collapse or drift, especially in tabular educational settings where rewards, returns, and learned Q-
values do not naturally occupy the same range.

Offline policy evaluation is needed because online evaluation is often unavailable during educational
system development. FQE estimates the value of a fixed target policy by fitting an eva.lation Q-
function on logged transitions, drawing on batch-RL and off-policy evaluation literature (Emst et al.,
2005; Le et al., 2019; Kallus & Uehara, 2020; Wang et al., 2024). In this study, FQE complements
Bellman MSE, support, and action match by adding an offline value-estimation view.

This way of reading the evidence is consistent with the intelligent tutoring systems literature, where
controlled or longitudinal validation remains central when log-based adaptation is interpreted as
learning-effect evidence (Kulik & Fletcher, 2016; Letourneau et al., 2025).

Comparative Analysis and Research Gap

Table 1 brings these strands together by comparing each study's dataset, method, and point of contact
with the present work. EdNet studies make the learner-log setting concrete, especially state design and
question sequencing. Offline-RL studies, in turn, motivate conservative value learning, target-adaptive
pessimism, and off-policy evaluation mainly in benchmark or logged-decision domains. What remains
to be examined is how these ideas behave in an EdNet-KT4 educational proxy, where behaviour
alignment, Bellman consistency, and FQE can be read side by side.

Table 1
Comparison of Related Studies and the Present Work
Study Dataset or domain Main method Relevance and remaining gap
Choi et al. (2020) EdNet learner logs Large-scale dataset Provides the public learner-system
construction interaction source used in this study.
Lin etal. (2025) Educational data Deep learning survey for EDM  Positions knowledge tracing and
mining personalised recommendation as

central EDM tasks related to
sequential learmer modelling.

Azhar et al. (2022 EdNet RL-based question sequencing  Shows the relevance of EdNet for
and state representation educational RL and motivates a
analysis closer look at conservative and

target-adaptive offline policies.

Doroudi et al. (2019) Instructional Review of RL for instructional  Identifies reward design and offline

sequencing sequencing evaluation as recurring difficulties,

which this study addresses with a
proxy reward and FQE.
Prudencio et al. (2024) Offline RL Taxonomy and review of Supports the framing of support
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Study Dataset or domain Main method Relevance and remaining gap
benchmarks offline RL constraints, pessimism, and offline
evaluation as core offline-RL issues.
Kumar et al. (2020) General offline RL Conservative Q-Learning Provides the conservative baseline
benchmarks used to control unsupported action
overestimation.
Liu etal. (2024) General offline RL Adaptive pessimism via target  Motivales target-adaptive
benchmarks Q-value pessimism for transfer to an EdNet-
KT4 educational setting.
Wang et al. (2024) Logged decision Reliable off-policy evaluation Supports uncertainty-aware
data evaluation before deploying policies
learned from fixed historical logs.
Present study EdNet-KT4 Tabular CQL and APTQ-style  Evaluates the behaviour-alignment
normalised target pessimism and value-estimation trade-off in an
with FQE educational offline-RL proxy task.

THE PROPOSED METHOD

MDP Construction

The logged EdNet-KT4 interactions are converted into a fixed transition dataset, written as

D = {(sp,a¢, e, Sexnd)}i=a. (D)
In Equation 1, s; is the learner state, a; is the selected action, r;is the reward, s;,, is the next learner
state, and dt marks the end of a trajectory. Every policy in the study learns from these logged transitions,
so the experiment is framed as an offline educational proxy. The state is the discrete tuple

_ gap
s¢ = (b8, bE<C, proq, ce-1, BYF). (2)
where b is the attempt-count bin, b the running-accuracy bin, p,_, the previous question part, ¢;_,
the previous correctness, and b the time-gap bin. This discretisation yields the 626 unique states

reported in the results. The tabular formulation keeps the analysis focused on conservative and adaptive
pessimism before introducing neural function approximation.

The action is the question part, encoded as seven discrete choices. A richer action space, for example a
part-source combination, would carry more semantic detail, but it would also make the logged support
thinner. In an offline setting, that sparsity directly weakens value estimation. The seven-action
formulation is therefore a practical compromise between educational meaning and sufficient
observations per state-action pair.

The reward is a correctness proxy used to compare policies on the same logged interaction signal. Let
¢; € {0,1} denote whether the leamer answered correctly. The reward and return-to-go are defined as

re=20—1 RTG =X Vrig' e VYreg =099 (3)

Equation 3 keeps the signal simple and reproducible: a correct response gives +1, an incorrect response
gives —1, and the discounted return-to-go summarises later correctness within the same learner
trajectory. Return-to-go is also used as a conditioning signal in sequence-modelling offline RL (Chen
et al., 2021); here it serves instead as the source of the adaptive pessimism target. This return scale
becomes important later because the raw return-to-go distribution can be misaligned with early tabular
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Q-values.

Baseline Policies

The value-leamning backbone is a one-step Bellman backup shared by the tabular policies:
ye=r+y(1—d) Iﬁ‘_}g}@(stﬂ-ﬂ’)- Q(s ap) « (1 - AqJQ (st ar) + Aqyt (4)

In Equation 4, A is the seven-action question-part space and Aq is the tabular leaming rate. Offline Q-
learning is included as an optimistic diagnostic baseline because it uses this update without conservative
regularisation. If this baseline produces high estimated values while moving far away from logged
behaviour, the result is a warning sign for overestimation and support risk.

CQL is the main conservative baseline. Following the CQL(H) regulariser of Kumar et al. (2020), the
tabular objective combines the Bellman error with a penalty that pushes down a soft maximum over Q-
values while pushing up the values of logged state-action pairs:

L£(Q) = aEs-p [l0g ZaeaexpQ (5, @) = Eqorrg19)Q(5,@)]| + 3 En[(Qlse.ar) = %] (5)

In Equation 5, 78 is the empirical behaviour policy in the dataset and o controls the penalty strength.
The tabular implementation applies the corresponding gradient step with learning rate Ag, so
unsupported actions receive a softmax-weighted downward correction while logged actions are
preserved. The selected setting uses & = 0.20, based on the hyperparameter ablation, because it is the
strongest CQL setting observed in the present EdNet-KT4 validation.

Normalised Target Pessimism

The APTQ-style method changes the conservative penalty during trairﬂ instead of keeping it fixed.
Let a;, denote the pessimism coefficient at epoch t, and let @, denote the mean Q-value over dataset
state-action pairs. The update rule is shown in Equation 6.

Aty1 = max(O, ar +n(Qp — T)) (6)
In Equation 6, 1 is the adaptation learning rate and 7 is the target Q-value. We evaluate three target
sources: a reward quantile (0.60), a raw return-to-go quantile, and a normalised return-to-go quantile.
The raw return-to-go target is unstable in this setting because its scale is too large for early tabular Q-
values. [n practice, it pushes « toward zero and makes the method behave like the optimistic offline Q-
learning baseline.

The target used in the final configuration is therefore a scaled return-to-go quantile, as shown in Equa-
tion 7.

T = Gy 80(0.10 X RTG) (7)

In Equation 7, ¢ go denotes the 0.80 quantile of the scaled retum-to-go distribution. The final configura-
tion uses 7 = 0.02 and initial @ = 0.20. This target acts as a practical stabiliser: it keeps r in a range
where the penalty remains active and the learned policy stays conservative.
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The three target sources differ mainly in where they drive the pessimism coefficient. Under the raw
return-to-go target, t sits far above early tabular Q-values, so the update in Equation 6 drives a to zero
and the method degenerates toward optimistic offline Q-learning. Under the reward-quantile target, t
sits below the learned dataset Q-values throughout training, so « grows without a natural stopping point;
the resulting over-pessimism shows up later as the weakest Bellman fit among the conservative variants.
The normalised return-to-go target is retained precisely because it keeps Qp — T small, so « stays in a
moderate range near the tuned CQL setting. The ablation findings quantify these three regimes.

Algorithmic Procedure

Algorithm 1. APTQ-style normalised target pessimism

Input: offline transition dataset D, discount factor v, learning rate, initial o, target quantile 0.80,
target scale 0.10.

Step 1: Construct tabular states, actions, rewards, next states, and trajectory termination flags from
EdNet-KT4 learner sequences.

Step 2: Compute discounted return-to-go using Equation 3.

Step 3: Set 1 using Equation 7.

Step 4: Initialise tabular Q-values and o =0.20.

Step 5: Update Q-values using the Bellman backup in Equation 4 and the conservative regularisation
in Equation 5.

Step 6: Estimate QD over observed dataset state-action pairs.

Step 7: Update o using Equation 6.

Step 8: Repeat until the training epochs are completed.

Output: greedy target policy and evaluation metrics on held-out learner split.

Figure | summarises the workflow as an evidence chain: EdNet-KT4 logs are converted into tabular
transitions, conservative and target-adaptive policies are learned, and the resulting policies are judged
with both value-based and behaviour-based metrics. The workflow keeps the interpretation focused on
an empirical offline-RL proxy study.

Figure 1

Evidence Workflow for APTQ-Stvle Normalised Target Pessimism on EdNet-KT4

EdNet-KT4 Tabular MDP Offline Q, CQL, Bellman MSE, FQE/OPE
learner logs APTQ-style support,
Mormalised RTG Scoped empirical
target gomn interpretation

Evaluation Metrics

The evaluation uses three groups of metrics. Bellman MSE measures Bellman consistency on a held-
out learner split. Support checks whether the selected greedy action remains in the training support for
the corresponding state. All learned policies act greedily with respect to their Q-values, and support is
measured on the held-out split:

n(s) = argmaxQ(s,@),  Support(n) = 5= Tis enee 1 [1(8) €4p(©)]  (®)

est|
where A (s) 1s the set of actions observed for state s in the training transitions. FQE value and FQE
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temporal—djﬂ‘ereae MSE provide the offline policy-evaluation view. Dataset Q is the mean learned Q-
value on logged state-action pairs and is used only as a scale diagnostic. To make the value-based and
behaviour-based readings explicit, FQE and action match are written as

YE =1 +y(1 = d)Qy(se41,m(se41)),  Match(m) = ﬁi(s,a)enm 1[z(s)=a] (9)

ESfl

In Equation 9, Q is the fitted evaluation Q-function for a fixed policy m, while action match measures
how often the learned greedy policy agrees with the logged behaviour action on the held-out split. These
metrics are read together because each one captures a different aspect of offline policy quality. High
FQE value with low action match suggests off-policy risk, while high action match with poor Bellman
fit suggests behaviour imitation with weak value consistency. The results are therefore interpreted as a
trade-off across complementary metrics.

One caution is needed when reading action match. Pure behaviour cloning would maximise this metric
by construction, since it directly imitates the logged actions; offline methods that constrain or regularise
the policy toward logged behaviour make the same connection explicit (Fujimoto et al., 2019; Fujimoto
& Gu, 2021). Action match is therefore never used here as a stand-alone quality measure: it is
informative only for policies that also learn a value function, because such policies can support
conservative improvement and FQE-based evaluation, which behaviour cloning cannot. A policy whose
action match rises while its Bellman fit and FQE value deteriorate is drifting toward imitation; this
reading is applied to the reward-target variant in the results.

EVALUATION AND RESULTS
Dataset and Experimental Design

The main validation subset contains 200,000 EdNet-KT4 transitions from 2,665 learners, with 626
unique tabular states and seven actions. Figure 2 shows that the action distribution is strongly skewed:
question part 5 accounts for 107,329 of the 200,000 transitions (53.7%), while part 7 contributes only
7,867 (3.9%). The largest activity sources in this subset are sprint (144,493), diagnosis (22,390),
my note (15,472), adaptive offer (8,940), review quiz (6,752), tutor (1,237), and review (716). This
imbalance is one reason support-aware conservative learning matters here: state-action pairs outside the
dominant parts are thinly observed, which is exactly where unconstrained Q-learning is prone to
overestimation.

Figure 2
Action Distribution of the 200,000-Transition EdNet-KT4 Subset
| 1 L | L | 1
— 107.3
=
g 100 i
el
]
=
S s} ]
b= 32.8
)
E 1.8 . il.4 1o 13.8
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- 7.9
5 ] 7
Question part (action)

The experiments were organised as a chain of checks. We first compared MDP and action granularities,
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then tuned CQL and APTQ hyperparameters, tested raw and normalised return-to-go targets, validated
the selected design at 100,000 and 200,000 transitions, and finally added FQE-based offline policy
evaluation. All main results use three random seeds: 2026, 2027, and 2028.

All policies are trained for 20 epochs over the transition dataset with tabular learning rate Ag = 0.08,
Bellman discount factor y = 0.95, and the APTQ adaptation rate n = 0.02; the return-to-go
preprocessing uses y,y, = 0.99 as in Equation 3. Evaluation uses a held-out learner split with 20% of
learners held out, so no learner contributes transitions to both training and evaluation; in the 200,000-
transition subset this gives 164,627 training and 35,373 evaluation transitions. FQE is implemented in
the same tabular state-action space: the evaluation Q-function Qy is fitted on the logged transitions with
learning rate 0.05, usihe target policy’s greedy action in the bootstrap term of Equation 9. Bellman
MSE and FQE value are reported as mean + standard deviation over the three seeds; the remaining
metrics are three-seed means.

Main 200,000-transition Results

Table 2 gives the central 200,000-transition result. CQL has the lowest Bellman MSE and the highest
FQE value among the conservative policies. APTQ normalised return-to-go shows its advantage on
behaviour alignment: action match rises from 0.7500 to 0.8569 while support remains nearly identical.

The reward-target variant deserves a direct comparison because it reaches the highest action match
(0.9001) and the lowest FQE TD MSE. It is nevertheless not selected as the main APTQ configuration
for two reasons. First, its pessimism coefficient grows steadily to 1.2052 without approaching a stable
level (Table 3), which is the over-pessimism regime anticipated in the method section: among the
conservative variants it has the worst Bellman MSE (1.9928) and the lowest FQE value (3.0147).
Second, its rising action match combined with weakening value fit matches the imitation-drift pattern
flagged in the metrics section, so the extra alignment carries little value-learning content. The
normalised return-to-go variant is preferred because it dominates the reward-target variant on both
value-centred metrics while keeping « in a moderate range (0.4102) near the tuned CQL setting.

Table 2
Main Results on the 200,000-transition EdNet-KT4 Subset
Bellman Action In  Dataset FQE FQE TD

Policy MSE match support  Q value MSE
Offline Q 25114 £0.1767 0.1879 0.9986 9.6644 R.5125+ (0.5309 2.1080
CQL a=10.20 1.7225 £ 0.0803 0.7500 0.9982 3.6066 3.8703+£0.1703 1.5972
APTQ normalised RTG 1.7942 £ 0.0904 0.8569 0.9983 3.5887 3.3866+0.2725 1.5691
APTQ reward-target 1.9928 £ 0.0959 0.9001 0.9987 3.6655 3.0147+ 03216 1.3592

Figure 3 makes the same result easier to read as a policy trade-off. The dashed lines mark the CQL
point. Points to the right are more behaviour-aligned, while points lower on the vertical axis lose FQE
value.

Offline Q reaches the highest FQE value, but its action match is only 0.1879 and its dataset Q is much
larger than that of the conservative methods. This pattern is a warning sign for unconstrained offline Q-
learning: the value estimate looks strong, while the policy moves far away from logged behaviour.
Offline Q therefore serves as a diagnostic rather than a candidate policy, motivating the conservative
baselines used for subsequent comparison.
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Scaling Validation

Table 3 reports how the pattern changes as the transition subset grows from 50,000 to 200,000. At
50,000 and 100,000 transitions, APTQ normalised return-to-go stays close to CQL in Bellman MSE.
At 200,000 transitions, the MSE gap becomes larger, but the action-match gain also becomes clearer.
The pattern positions APTQ normalised return-to-go as a behaviour-aligned conservative policy, with
CQL retaining the stronger value fit.

Figure 3
Main Policy Trade-Off on the 200,000-Transition EdNet-KT4 Subset

® Offline Q [l CQL A& APTQ norm RTG § APTQ reward
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= I
s 7t : .
=
2 6} l .
£
2 5f ' .
g I
—1 — — —t — — — — —  — — — — — — — — — — — — — — i
|5
¥ .
3 B 1 1 1 | 1 ‘ ]
0.2 0.4 0.6 0.8
Action match with logged behaviour
Table 3

Scaling Results from 50,000 to 200,000 Transitions

Bellman Action Final Delta MSE

Subset  Policy MSE match « vs CQL
50k CQL a=0.20 22983 £ 0.4064 0.6914 0.2000 0.0000
50k APTQ normalised RTG 23109 £0.3926 0.7411 0.2902 0.0126
50k APTQ reward-target 24870 +0.3935 0.8744 1.0594 0.1887
100k CQL a=10.20 1.7633 £0.1046  0.7196 0.2000 0.0000
100k APTQ normalised RTG 1.7798 £ 0.0892 0.7423 0.2498 0.0165
100k APTQ reward-target 19988 £ 0.1178 0.9007 1.0285 0.2355
200k CQL a=10.20 1.7225 £ 0.0803 0.7500 0.2000 0.0000
200k APTQ normalised RTG 1.7942 £ 0.0904 0.8569 0.4102 0.0717
200k APT(Q) reward-target 1.9928 £ 0.0959 0.9001 1.2052 0.2703
Figure 4

Scaling Validation Across EdNet-KT4 Transition Subsets
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Figure 4 shows the same trade-off visually: normalised RTG remains close to CQL in Bellman MSE
while improving action match at 200k transitions.

Ablation Findings

The ablation study explains why the final configuration was retained, and it answers RQ1 directly. On
the 50,000-transition subset, the seven-action question-part formulation reaches a CQL Bellman MSE
of 2.4634, whereas the richer part-source action space degrades it to 3.4439; the sparser support of the
larger action space directly weakens value estimation, so the seven-action design is retained. CQL with
o = 0.20 is the strongest CQL configuration under Bellman MSE among the tested penalty strengths.
For the target source (RQ2), the raw return-to-go target collapses the adaptive penalty to ¢ = 0.0000
with a Bellman MSE of 3.2890, while the reward-quantile target inflates o to 1.0594 on the same subset.
Among the tested target designs, normalised return-to-go with quantile 0.80 and scale 0.10 gives the
most usable APTQ-style configuration (Bellman MSE 2.3109, closest to CQL); the quantile and scale
were selected from this ablation rather than fixed in advance.

Figure 5
Target-Source Ablation on the 50,000-Transition Subset
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Figure 5 clarifies why the normalised RTG target was retained. The raw RTG target drives the adaptive
coefficient toward collapse, whereas the normalised RTG target keeps the penalty active and close to
the CQL setting.

To examine whether this target choice remains stable in the larger experiment, Figure 6 reports the
200,000-transition diagnostics. Panel (a) marks the 0.60, 0.80, and 0.90 quantiles of the scaled return-
to-go distribution: the neighbouring quantiles are shown to make clear that the selected gggo target is
not a boundary choice but sits inside the well-populated part of the distribution. The dataset-Q trajectory
remains near the target range, and the adaptive coefficient grows more moderately than the reward-
target variant.
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Figure 6
Normalised Return-to-Go Target Diagnostics
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Taken together, these diagnostics show the role of target design in educational offline reinforcement
learning. APTQ becomes stable in this setting when the target scale is aligned with the learned Q-value

range.
FQE Findings

FQE supports a conservative reading of the results. Relative to CQL, APTQ normalised return-to-go
has an average FQE value difference of —0.4836. The same paired comparison, however, shows a
+0.1069 average action-match improvement and a small —0.0281 average FQE TD MSE difference.

The FQE result sharpens the interpretation. APTQ normalised return-to-go improves behaviour
alignment while maintaining competitive FQE fit, whereas CQL remains stronger on estimated value.
This distinction matters in educational technology, where policy trustworthiness depends on more than
a single estimated return.

DISCUSSION

The main finding is a trade-off between conservative value estimation and behaviour alignment. CQL
is preferable when the priority is Bellman consistency and FQE estimated value. APTQ normalised
return-to-go is preferable when the priority is to stay closer to logged educational behaviour while
avoiding the instability of raw return-to-go targeting. The result identifies normalised target pessimism
as a useful design component for beEviour—aligned educational offline RL.

This trade-off matters in education. A policy with a high estimated value but very low agreement with
logged behaviour is difficult to trust without online validation. A more behaviour-aligned policy offers
a more plausible starting point for cautious simulation, teacher-facing decision support, or a later
controlled deployment. In this role, behaviour alignment functions as a safety-oriented signal within the
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offline evaluation suite.

The results also show why target design is central to target-adaptive pessimism. Reward-target APTQ
produces the highest action match but weaker Bellman and FQE value. Raw return-to-go targeting
collapses the adaptive penalty. Normalised return-to-go gives a more balanced target scale, allowing
APTQ to remain conservative without collapsing. The practical implication is direct: when target-
adaptive pessimism moves from general offline-RL benchmarks to educational data, the scale of returns
and Q-values needs to be checked explicitly.

Two caveats bound this interpretation. First, the correctness-based reward carries a known incentive
risk in educational RL: a policy can raise its observed reward by steering learners toward question parts
they are already likely to answer correctly, which is not the same as promoting learning gain. In this
study the reward is therefore used strictly as a shared comparison signal across policies on the same
logs, not as a learning-outcome measure; reward designs that credit knowledge growth rather than
immediate correctness, for example signals derived from knowledge-tracing models (Piech et al., 2015),
are a necessary step before any deployment-oriented claim; this reward-design difficulty is a long-
standing theme in instructional-sequencing research (Doroudi et al., 2019). Second, the behaviour-
alignment argument would be sharpened by an explicit behaviour-cloning baseline. Behaviour cloning
would provide the action-match ceiling and make the value-learning contribution of APTQ directly
visible; its absence here means the alignment claim rests on the joint reading of action match with
Bellman and FQE fit rather than on a direct imitation reference point.

The dataset implication is equally important. EdNet-KT4 is large enough to support a meaningful
tabular proxy study because it records leamner-system activity from a public educational platform at
scale. The resulting evidence is best read as offline-RL policy behaviour on educational logs and as
groundwork for later intervention-oriented validation.

CONCLUSION

This paper examined adaptive pessimism for tabular educational offline reinforcement learning on
EdNet-KT4. Across MDP design, target-source ablation, scaling validation, and FQE experiments,
CQL remained the stronger conservative baseline under Bellman MSE and FQE estimated value. APTQ
with normalised return-to-go targets produced a more behaviour-aligned policy and avoided the
collapse observed with raw return-to-go targets.

These findings support a focused conclusion: normalised target pessimism is useful when the policy-
learning goal includes closeness to observed learner behaviour as well as estimated value. In this sense,
the paper contributes an EdNet-KT4 tabular proxy benchmark and a measured account of the trade-off
between conservative value fit and behaviour alignment in educational logs.

Several limitations remain. The experiments are tabular, which improves interpretability while leaving
neural function approximation for future work. The correctness-based reward is a comparison proxy
and can favour recommending already-mastered content, so it should not be read as a learning-gain
signal. A behaviour-cloning baseline is not included, so the action-match ceiling is not directly
observed. The 200,000-transition subset is substantial for an initial empirical study, and full KT4 or a
second dataset would strengthen external validation. FQE improves the offline evidence, while online
or randomised validation remains the next step for learning-effect assessment. Future work should
extend the method to neural CQL and APTQ, add behaviour-cloning and learning-gain-oriented reward
baselines, evaluate larger EdNet-KT4 subsets, add a second educational dataset, and test whether the
behaviour-alignment advantage remains under richer state representations.
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