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Abstract

With the wide adoption of online education platforms, adap-
tive learning systems have become increasingly important.
Learning Path Recommendation (LPR) aims to dynamically
adjust learning content to optimize learning efficiency based
on individual student needs. However, current LPR methods
suffer from sparse reward for precise assessment and only fo-
cus on anonymous sessions that overlook more personalized
and effective paths. To address these challenges, we propose
UNO, UNified Offline Training Paradigm for Learning Path
Recommendation. This approach introduces an offline train-
ing paradigm in reinforcement learning based LPR to provide
dense process rewards by a personalized advantage based on
a reward model, which can estimate the students’ internal
knowledge levels on the learning targets. Additionally, we
propose UniLPR model, a personalized recommendation sys-
tem that unifies modeling the implicit relationships between
students’ long-term accumulation and evolving requirements
for questions, and refines through Group Relative Policy Op-
timization(GRPO). Finally, we design learning tasks that en-
compass historical reviewing, recent learning, and long-term
exploratory learning to simulate the comprehensive and di-
verse needs of students. Our UNO achieves state-of-the-art
performance across all tasks, demonstrating its effectiveness.

Code — https://github.com/PengLinzhi/UNO-LPR

Introduction

With the wide adoption of online education platforms, a
large amount of educational records have been accumulated
for intelligent tutoring. Among adaptive learning systems,
learning path recommendation (LPR) dynamically provides
personalized learning paths based on students’ learning his-
tory, targets, and the relationships between questions, to
improve students’ mastery of learning targets and enhance
learning efficiency (Zhu et al. 2018; Yin et al. 2021).
Initially, rule-based LPR methods, leveraging knowledge
structures and optimization algorithms, are effective in data-
scarce settings, but fail to consider students’ current knowl-
edge levels, limiting their adaptability (Govindarajan, Ku-
mar, and Kinshuk 2016; Zhu et al. 2018). Subsequent ap-
proaches, adopting sequential recommendation techniques
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Figure 1: Online training based on anonymous sessions and
sparse outcome reward is less efficient and adaptive than
long-term offline training with dense process reward.

such as collaborative filtering and sequence-based models,
aim to identify similar learning sequence patterns rather than
directly improving learning efficiency (Wu et al. 2017; Zhou
et al. 2018; Nasrin et al. 2025). Recently, reinforcement
learning (RL) has emerged as a more effective approach to
enhancing learning efficiency. The student learning process
conforms to a Markov process, which establishes an LPR
system as a sequential decision-maker (Chen et al. 2018;
Kubotani, Fukuhara, and Morishima 2021; Yun et al. 2024).
Advances in student Knowledge Tracing models(KT) have
enabled realistic simulations of student states and behav-
iors (Piech et al. 2015; Wang and Sahebi 2023). In this RL
framework, existing methods utilize KT models to simulate
students as the environment, with the recommendation sys-
tem selecting questions to guide students (Liu et al. 2019; Li
et al. 2023; Zhang et al. 2024; Cheng et al. 2025).

Despite these successes, there are two limitations in cur-
rent RL-based LPR methods as shown in Figure 1(a). They
suffer from sparse outcome rewards, only evaluating the
overall effectiveness of the whole sequence based on the fi-
nal test scores, failing to assess the specific contribution of
each question to the learning targets. If the whole sequence
performs poorly, but contains questions that could help stu-
dents, those effective questions may be mistakenly deemed
ineffective. Besides, they are lack of personalization and



focus solely on the anonymous session. Specifically, they
decompose and shuffle all records by student and session,
and then model the anonymous sessions without long-term
history. As a result, they fail to recognize students’ person-
alized states that are not covered in the current session, rec-
ommending the same questions for similar session patterns.

In this paper, as depicted in 1(b), we argue that (1) ac-
curately modeling the quantitative impact of each question
on learning targets is essential for generating dense process
rewards. However, the existing RL-based framework is re-
stricted to the prevailing online training paradigm: the de-
ployed model interacts with live students on the platform
without isolated train/test splits, updating incrementally us-
ing external feedback like in the real scenario. This con-
fines the reward function built on the final improvements
after the recommendation. (2) With the long-term learning
accumulation process, students’ demand and reliance on the
recommended questions dynamically evolve. Most methods
retrieve candidates from the last acquired knowledge in the
session on a static knowledge graph, and then apply decou-
pled probabilistic scoring only according to the student’s
mastery level within that session. If a student attempts to re-
view, the system may redundantly provide prerequisite con-
tent as if the student had never encountered it before. (3)
Student requirements for lifelong and diverse learning, such
as reviewing previously learned content, previewing recent
lessons, and exploring new items, are not fully considered
by existing benchmarks. They mainly design the targets as
the knowledge at the end of a session and recommend based
on what was learned earlier within the same session.

To address the aforementioned challenges, we propose
UNO, UNified Offline Training Paradigm for Learning Path
Recommendation. Firstly, we introduce the offline train-
ing paradigm to utilize dense process rewards during
training. In the offline training stage, we employ a KT-based
reward model that identifies the internal states on targets and
assesses each recommended question by their cognitive im-
provement. And the reward model will be deactivated dur-
ing testing to simulate a realistic deployment scenario. Sec-
ondly, we propose UniLPR model, a personalized recom-
mendation system that unifies modeling students’ accu-
mulating states and evolving demand for knowledge by
optimizing the unified representation of long-term individ-
ual knowledge levels and knowledge structures of questions
through both supervised learning constrained by the history
sequence and group relative policy optimization based on
the dense rewards in the LPR task. Finally, we adopt long-
term learning history for personalized recommendation
and develop three learning modes: Historical Review, Re-
cent Learning, and Exploratory Learning, to evaluate the
model in diverse and lifelong learning demands.

Our contributions can be summarized as follows:

* We propose an offline training paradigm for learning path
recommendation that introduces dense process rewards.
This approach bridges the gap between simulation train-
ing and real-world deployment requirements, enhancing
the precision and effectiveness of recommendations.

* We introduce UniLPR model, a personalized LPR sys-
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tem that unifies representations of long-term knowledge
level and knowledge structure while optimizing through
GRPO in recommendation tasks. It can capture implicit
associations between students’ evolving accumulation
and dynamic requirements for questions.

* We extend three types of learning tasks that can cover
various learning plans and target distributions. UNO
achieves state-of-the-art performance across all these
tasks, demonstrating its effectiveness in addressing long-
term and diverse learning demands.

Related Work
Learning Path Recommendation

Learning Path Recommendation systems adjust learn-
ing content to optimize learning efficiency. Researchers
first built rule-based LPR models in data-scarce settings,
leveraging knowledge structures and optimization algo-
rithms, including genetic algorithms and matrix factoriza-
tion(Govindarajan, Kumar, and Kinshuk 2016; Nabizadeh
et al. 2020). Next, deep learning is introduced in LPR (Wu
et al. 2017; Nasrin et al. 2025). They adopt sequential
recommendation techniques, such as collaborative filtering
KNN (Cover and Hart 1967), GRU4Rec(Hidasi and Karat-
zoglou 2018) and SASRec(Kang and McAuley 2018), as
they can better capture features in behaviors. HSTU innova-
tively unifies sequential user behaviors and items(Zhai et al.
2024; Zhang et al. 2025a). Dynamic graphs are also intro-
duced to model behaviorals(Xu et al. 2024, 2025a,b).

Recently, LPR based on the reinforcement learning
framework has become a leading approach (Kubotani,
Fukuhara, and Morishima 2021; Yun et al. 2024). Because
DKT can simulate student behavior with learning history
(Piech et al. 2015; Liu et al. 2023), and has been validated
for effectiveness in personalized lifelong learning (Wang
and Sahebi 2023). Liu first employs DKT for student sim-
ulation (Liu et al. 2019) and uses a heuristic strategy to
search on a static knowledge graph from the last acquired
knowledge in the session. GEHRL proposes a hierarchical
model to set subgoals (Li et al. 2023). SRC models the rela-
tionships among questions and generates a complete learn-
ing path in one time (Chen et al. 2023). DLPR maintains
consistent difficulty and utilizes the A* algorithm to search
the path (Zhang et al. 2024). GenMentor and DLELP utilize
LLM agents to discover semantically relationships of ques-
tions (Wang et al. 2025a; Cheng et al. 2025).

Reinforcement Learning

Reinforcement Learning (RL), such as AC, PPO, formal-
izes sequential decision-making through Markov Decision
Processes (Sutton et al. 1999; Schulman et al. 2017). Cur-
rent advances introduce Group Relative Policy Optimiza-
tion (GRPO), a PPO variant that enhances reasoning ca-
pabilities through group-wise advantage (Shao et al. 2024;
Yang et al. 2025). RL now extensively trains foundation
models through Deep Reinforcement Learning from Hu-
man Feedback(Christiano et al. 2017), which distills hu-
man values into reward signals, significantly reducing su-
pervision costs while enabling complex behavior learning



(Bai et al. 2022; Gao, Schulman, and Hilton 2023). This RL
paradigm also enables generative recommendation, OneRec
and GFlowGR, to model lifecycle behaviors (Deng et al.
2025; Wang et al. 2025b). As a representative and focal
approach, Process Reward Models are proposed to identify
process errors by incorporating stepwise evaluations (Light-
man et al. 2023), enabling finer-grained supervision on the
reasoning process(Luo et al. 2024; Zhang et al. 2025b).

Preliminaries

Our work aims to recommend a learning path to maximize
the promotion of a student on the learning targets with their
answering history. Formally, given a student’s learning se-
quence H,, = {(h1,a1),...,(hn,an)} and a target ques-
tion set 7 C Q, where Q is the set of NV questions, question
h; € Q,and a; € {0,1} is the correctness of the answer.
The student can improve on the targets 7 after the optimal
sequence R = (r1,...,7x) within M steps from the path
space P = U£i1 Riy Re ={(r1,...,rp) | € Q}.

We quantify the task by Learning Path Effectiveness F,,,
our goal is to identify the path that maximizes E,:

R;, = argmax(E,(Ru)), ()
w€P
o Eend(Ru) - Estan
E;D (RU) B Esup - Estart ’ (2)

where Eg, is the score at the start of the episode, Eq,, de-
notes the full score, Ee,q(R.,) is the score after recommend
‘R, which can be predicted by Knowledge Tracing(KT). KT
is to model students’ behaviors with their learning history
H.,, to track knowledge level K L;, and predict the correct-
ness a of their next interaction by a scoring function:

Eend(Ru) = Z ap = Z score(K L, qr), (3)
a€T a €T
KLy =KT(H,). “

After iy, step, update Hi, = Hi71 U {(ri, anti)}-

Environment Model (EM) is based on the pre-trained
deep learning knowledge tracing (DKT) model (Piech et al.
2015) that first predicts K L; and then simulates a student’s
external score F; and E.(R,). To realistically simulate
student behavior, EM generates answers a,,+; while restrict-
ing observable data to pre-/post-recommendation test scores
and interaction responses, concealing internal state K L.

Reward Model (RM) is also a pre-trained DKT model
that predicts and provides the internal states K L;, which
enables dense reward of each recommended question r; by
the student’ evolving state of each step in offline training. At
step 4, we compute the process reward by following the task
to quantify the improvement in the learning targets:

9i = Bp(R,) = By(R,), )
where E,(RY) denotes the current learning path effective-
ness based on K L;. RM provides step-wise feedback, which
is deactivated during testing to simulate deployment online.
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Methodology
Reinforcement Learning with Process Reward

In this work, we reformulate LPR as a Markov Decision Pro-
cess with the following components:

State (S;): The unified state S; combines two fundamen-
tal dimensions to represent the complete learning recom-
mendation context: (1) Knowledge level K L reflects evolv-
ing mastery levels of the student across different knowl-
edge, continuously updated through learning accumulation.
(2) Knowledge structure K5, is the structural relationships
between knowledge, the order of learning sequence H im-
plicitly reflects the dynamic relationships between questions
and the dependencies and requirements of the student (e.g.,
synergistic or transfer relationships).

Recommendation System (7y). In this work, we imple-
ment a recommendation system through a parameterized
stochastic sampling policy to enable comprehensive explo-
ration of the learning path space step by step. Formally, the
policy recommending question 7 is formally defined as:

mo(r¢]Se) = p(re|K Ly, KSy;0), (6)

where 6 denotes the trainable model parameters.
Environment. We emulate real-world student behaviors
based on the environment model EM mentioned above, and
the ultimate objective of our work is to maximize Learning
Path Effectiveness within this student environment.
Reward Mechanism. We employ process rewards g; gen-
erated by the reward model RM. We treat each individual’s
recommendation sequence as a personalized group and de-
sign a personalized advantage(PAdv) to mitigate inter-group
discrimination while preserving intra-group personalization:

gi — My
ou—i—eo’

9i = (7

where g; is the raw evaluation score for the r;, u, =

1 k 1 k ~ C.
% 2j=19; and o, = \/E > j=1(gj — pu)? within a stu-
dent’s recommendation sequence, and €y — ot.

UniLPR Recommendation System

We propose UniLPR model, as shown in Figure 2, we unify
modeling students’ learning accumulation and relationships
with questions, and generate recommendations based on a
unified representation of them.

Unified Sequence Encoding: We map and integrate stu-
dents’ performance and question sequences into a unified
latent space. We first initialize question embedding matrix
X, € RY*? and answer embedding matrix X, € R3*4.
Specifically, X, includes embeddings for the answering cor-
rectness [0, 1] and a hint action argc) which signals the
model to generate a recommendation question.

Given a student’s history sequence H, and tar-
get question 7T, we reset the behavior sequence as

!
Hu = {h17a/17"'>h’n>a’n7r17an+17"'TiaarH»i}s
and encode it with embedding matrix forming as
Xu = [xhl,xalw- -7xhn7xan’x7“17xan+1’"'mexT’n,+i]’

where x, € R% x, € R? and x, € R? To integrate



testing stage:
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Figure 2: Framework overview. UniLPR employs a Transformer-based causal architecture. At the beginning of an episode, we
unify modeling students’ learning accumulation K L and relationships with questions K.S through supervised learning. 1st
step and ¢ 4 1 th steps are as illustrated above, where the dashed box represents previously processed. UniLPR concatenates
the embeddings of historical sequences, targets, and hint ajrgc) to generate questions. DKT environment simulates student
responses while the DKT reward model assesses questions through dense process rewards g;, which is used to calculate the
PAdv and to optimize the model through GRPO after the episode.

the learning targets and suggest the model to give a rec-
ommendation based on the targets, we compute targets
representation by x; = ﬁ > 7 Xt and append it to the
question sequence with the hint action x[rgc; to generate the
sequence embedding X/ € R2(n+it1)xd;
X, = X || b7, *mrecy)- 3
We employ position embeddings to specify the position of
each step in the question sequence, while preserving the or-
der information of step-wise process rewards later. Without
loss of generality, we annotate positions for answers,

Xp

_ ,P("H"H) ,

[Pél)a P((11)7 .. Pltitl) 9)

q
where P((zk) € R4, ng) € R? respectively encode the posi-
tion of the k-th question and the position of the k-th answer.

The final representation combines the sequence embed-
ding and the position embeddings:

X =X +X,. (10)
Joint Recommendation: The unified representation X
consists of the student’s learning accumulation KL and
the dependencies on questions K S, which are fully used
to make a joint recommendation. We process X through a
Transformer decoder with causal masking. The transformer
consists of L layers, each containing a self-attention mecha-
nism and a feed-forward network:

(D) QK'
Attention'” (Q, K, V) = softmax | —— + M | V,
v (11)
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Z(l) = LayerNorm (X(lfl) + Attention(l_1)> ) (12)

XU = GeLU(ZVW )W, (13)

where M is a causal mask matrix preserving the sequential
dependency, W1, Wy € R?*4 are trainable weights.

0
Mij—{

—00

i>]

1 <]

The output of the transformer decoder is the final represen-
tation:

L
E= X( ) = [eanehgv "’e'r’i7ean+i7e®7eT7e[REC]]’

In particular, ey and e represent the last answer a,,; and
the learning targets 7. Corresponding to the hint action
arec)» €rec) 1s the final representation used for question
recommendation. We compute similarity scores across the
entire question bank:

exp(eEI;EC]xq/T)
Zq/e o) eXp(e[—lr{EC]xfI’ /7)

where 7 is a temperature parameter controlling distribution
sharpness. The next recommended question 7;.1 is then
sampled from this probability distribution:

s(q) = , VgeQ, (14

ri+1 ~ p(q) = softmax(s(q)). (15)

Unified Optimization

At the beginning of the episode, input the raw historical se-
quence of a student, and then obtain the answer presentation
and the question presentation:

E, =[eq, €y, €0, Eq = [}, ... €1, ] .



To enhance the model’s capacity for modeling KL and
K S, we introduce dual supervised tasks integrated with the
UniLPR, (1) a binary cross-entropy (BCE) loss for student
response prediction, and (2) a noise-contrastive estimation
(NCE) loss on question representations to improve model-
ing sequential dependencies in the recommendation space:

n

LxL = — % Z [ai log(0(Waeq; + ba))
i—1 (16)
+ (1 — ai) IOg(l — U(Waeai + ba)):| )

where o denotes the sigmoid function, W, € R4 and

b, € R are learnable parameters,

exp(e, X, /T)

® S en, xple X1, /1)’

Zl

where 7 is a parameter controlling distribution sharpness,
N; = {h;} U H; contains one positive item and randomly
sampled negatives H; C Q — {h;},|H; | = Npegy-

We then optimize UniLPR, which serves as 7y, using
Group Relative Policy Optimization (GRPO) to leverage
dense process rewards for precise question effectiveness
evaluation. In each optimization epoch, we utilize the per-
sonalized advantage § to maximize E,:

a7

Lr = —FEp, ~p~ min (pi(0)gr, clip(pr(0),1 — e, 1+ €)gr)],
(18)
pu(0) = Tl (M) (19)

Told(Tht1|Hr)

where 7,q denotes the model used to compute action proba-
bilities in (15), and 7y is the current model being optimized.

We employ the Adam optimizer with learning rate
scheduling to optimize. Before generating recommenda-
tions, we train the model using A1 Lk, + Ao Lk s to estab-
lish robust unified state representations. After the episode,
we optimize L to refine UniLPR.

Experiments
Datasets

Our experiments utilize public datasets Assist09 and Junyi.
To pretrain EM and RM, we filter out questions with fewer
than 5 answers and students with fewer than 5 responses. We
also exclude cases where EM simulates a full score before
recommendation. Table 1 shows the statistics of all datasets.

Dataset  student question interaction avg length
Assist09 4.2k 123 525.5k 124.6
Junyi 198.5k 719 39,360.1k  198.3

Table 1: Statistics of all datasets.
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Evaluation

Baseline Models We compare our method with the fol-
lowing baselines, which include vanilla reinforcement learn-
ing algorithms, current learning path recommendation mod-
els, and sequential recommendation models. We use grid
search with cross-validation to match hyperparameters.

AC: Use a DKT to model students’ learning states and
vanilla actor-critic as recommender (Sutton et al. 1999).

PPO: Use a DKT to model students’ learning states and
vanilla PPO as recommender (Schulman et al. 2017).

CSEAL: Use a pre-trained DKT and a cognitive naviga-
tion algorithm to narrow the search space, and use vanilla
AC to learn and update (Liu et al. 2019).

GEHRL-ST: Use a hierarchical reinforcement learning
architecture that employs sub-tree pruning algorithms. The
high-level policy is optimized using vanilla AC, and the low-
level policy is optimized using PPO (Li et al. 2023).

GEHRL-EB: Similarly, use the node vector algorithm for
pre-trained graph embeddings and narrow the search space
based on distance (Li et al. 2023).

SRC: Employ a concept-aware encoder to optimize
knowledge level along with knowledge structure, and an
LSTM-based decoder with deduplication and greedy strate-
gies, optimized by policy gradient (Chen et al. 2023).

GRU4Rec: A GRU-based sequential recommendation
model (Hidasi and Karatzoglou 2018).

SASRec: Use a transformer-based sequential recommen-
dation model with unidirectional causal self-attention (Kang
and McAuley 2018).

Experimental Setting We first split the dataset by stu-
dents into training and test sets with a ratio of 0.85 and 0.15.
Then train for 5000 episodes and test on 1000 episodes, with
3 random seeds in each run. In the test phase, we stop updat-
ing model parameters and extend three patterns of learning
targets. We pretrain the KT models following Piech (Piech
et al. 2015), a more detailed task settings and implementa-
tion of EM and RM are in the code.

Recent Learning(rct): Following Liu(Liu et al. 2019),
utilize the first 60% of the sequence to recommend for the
last 20% and set steps range from [5, 10, 20].

Historical Review(his): Represent the review of ques-
tions previously learned. Randomly select 10 questions in
history sequence and set steps range from [10, 20, 30].

Exploratory Learning(exp): Randomly select 10 ques-
tions from questions that the student has never met before
and set steps range from [10, 20, 30].

Evaluation Metrics We monitor convergence speed by
scoring the average E, of 3 runs during training and vali-
date convergence by the last 10% of training episodes. We
assess real-world effectiveness by the average F), in the test-
ing stage in Table 2.

Experiment Result

Table 2 demonstrates that UNO consistently outperforms
all baseline methods across diverse tasks and experimen-
tal configurations. This superiority stems from its ability
to effectively capture process rewards in the recommended



Pattern Dataset Steps AC PPO CSEAL  GEHRL-ST GEHRL-EB SRC GRU4Rec SASRec UNO
5 2879+0.98 29.08+047 2558+0.16 24.48+0.86 25.88+0.98 16.04+331 16.88£277 2698+5.15 34.78 +1.64
Junyi 10 35.84+0.85 37.64+1.01 30.19£0.61 33.03+129 3489+1.00 17.00+2.64 11.67+295 2598+391 46.01%4.08
. 20 45.71+£0.81 44.88+1.42 3421+1.03 39.94+238 4416£043 15.67+0.80 20.18+6.77 38.20+3.65 54.05+1.44
rc
5 29.65+1.18 30.50£225 2549+1.74 25524153 2695+£0.79 3890+4.12 1561+11.49 23.63+9.69 41.50 +0.21
Assist09 10 3224 +1.40 29.81+1.25 28.04+2.40 30.36+2.39 33.99+0.39 39.66+3.04 16.77+17.60 38.74+2.14 42.01+0.20
20 30.51+2.48 3094+1.71 2950£1.90 33.91+2.02 32.18%1.64 41.82+0.00 20.48+13.28 30.71 £5.85 42.04 +0.41
10 11.03£1.10 1046+3.16 4.17+1.09 698+0.59 7.29+£093 -258+320 1.21£275 10.65+2.88 29.19+5.67
Junyi 20 1555+091 17.30+3.95 1020+£0.80 12.37+1.44 16.18+0.66 -7.57+13.35 11.77+256 8.18+4.90 34.32+2.48
hi 30 19.71£0.94 1937+£1.98 1093£2.65 1637+252 1884£129 -520+7.73 -4.61+829 14.63+3.33 34.74 +3.88
is
10 851+642 877+1.14 -148+6.96 827+2.17 11.82£296 3037+194 510+23.80 824£892 35.32+0.59
Assist09 20 1047 +1.52 17.96+8.12 1.08+2.26 11.19+135 12.12+2.11 3485+0.00 8.23+34.68 856+ 14.15 35.08 +0.02
30 9.41£324 1722+1.18 -225+1.99 10.27+2.75 11.95+£1.84 2322+1645 9.71+25.62 1.05+22.69 35.15%0.22
10 0.73£0.62 896+0.63 -159+0.71 0.59£0.71 -0.08+0.07 5.67+134 3.12+3.68 149+121 14.50+2.27
Junyi 20 036+044 736x2.68 -0.80+0.85 0.75+£0.07 0.88+023 7.85%3.98 141131 083£1.62 1617 +£1.05
30 020+0.50 8.03£233 -1.92+041 0.60+£086 0.67+£036 -682+534 428+357 022+0.82 16.40%1.63
exp
10 -210+0.70 -2.65+1.54 -3.69+0.63 -491+175 -428+1.09 731108 -531£1337 -288x+1.69 7.95+0.38
Assist09 20 -1.27+1.19 -1.89+1.17 -331+£0.86 -425+£049 -2.66+165 7.78+0.62 -0.73+4.17 -458+5.92 8.66=0.00
30 -1.98+092 -146+1.01 -148+4.84 -428+x081 -2.82+1.08 8.22x0.00 190533 -2.68+0.36 8.64£0.02

Table 2: Test performance comparison across different learning patterns, datasets, and steps (values are mean=+std %).

learning paths, thereby guiding the recommendation process
more precisely. By integrating students’ evolving accumu-
lation and dynamic associations with questions, UNO fully
explores in the unified space of KS and KL, and achieves op-
timal performance in backtracking paths, local predictions,
and large-scale global space searches. In contrast, existing
LPR models exhibit limitations in personalized long-term
and diverse learning scenarios, primarily due to the sparse
outcome reward and reliance on static anonymous session-
based path search strategies.

(1) AC and PPO models fail to learn any knowledge struc-
ture. They directly map all questions to high-dimensional
spaces and choose paths through nearly identical and ran-
dom weighted selection. While the sequential models under-
perform owing to the absence of LPR constraints, SASRec
demonstrates relatively better performance than GRU4Rec,
validating the adaptability of the Transformer.

(2) LPR models still face the inability to capture dense
process rewards. By establishing hierarchical recommenda-
tion, GEHRL incorporates additional sub-session rewards,
thereby demonstrating superior performance compared to
CSEAL. But they all treat the session or sub-session as a
unit. Some questions within the session may be highly ef-
fective, their impact is obscured by the aggregated sequence,
making it difficult to identify truly beneficial questions.

(3) The poor performance of CSEAL and GEHRL-ST
is also related to their reliance on heuristic path search on
the static knowledge graph, which does not consider stu-
dents’ evolving knowledge accumulation and requirements.
GEHRL-EB, utilizing node2vec graph neural encoding, pro-
vides more path opportunities. SRC jointly encodes KL and
KS, and optimizes using outcome rewards through policy
gradient, exploring a joint choice space. But when the targets
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and candidates increase substantially in the Junyi dataset,
SRC degrades severely due to it generates a complete path
in one time without dense reward.

Ablation Study

Effectiveness of Process Reward. To verify the effective-
ness of the dense process rewards, we conduct 2 sets of ex-
periments under 10 steps for Recent Learning (rct-10), 20
steps for Historical Review (his-20), and 20 steps for Ex-
ploratory Learning (exp-20), as is reported in Table 3.

(1) We apply UniLPR to AC and PPO with only sparse re-
ward, revealing that the LPR task is highly dependent on
the reward mechanism. (2) By replacing the backbone with
SASRec and GRU4Rec, we find that incorporating process
rewards significantly enhances their performance. This con-
firms that the reward model combined with GRPO forms an
efficient RL framework. In addition, all tested models un-
derperformed compared to UNO, demonstrating UniLPR’s
superior compatibility with GRPO.

Dataset Exp UniLPR+AC UniLPR+PPO GRU+GRPO SAS+GRPO
ret-10 36.12+1.01  3559+041 18.64+533 30.26+3.61

Junyi  his-20 17.32+0.70  17.35+0.50 31.44+0.12 26.83 +8.39
exp-20  0.58£0.33 -0.35+0.53 2.13+£528 13.16 £4.63

ret-10 3472+ 1.14  3379+£1.09 3231+£8.10 40.07+2.47

assist09  his-20  13.81£2.59  12.41+2.74 1998 +17.07 33.63+0.76
exp-20 -320+0.12  -3.81+0.63 2.16 +2.41 8.24 £1.95

Table 3: Study the effectiveness of process reward.

Stability of Varying Lengths of Historical Learning
Sequence. To investigate the impact of unified modeling
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Figure 3: Stability of varying lengths of historical sequence.

on the recommendation in the lifelong learning scenario,
we compare UNO with the best step-by-step LPR method
GEHRL-EB, the multi-step model SRC, and the best se-
quential model SASRec. Experiments are conducted un-
der configurations rec-10, his-20, exp-20, with history se-
quence length len € [20, 50, 100, 200], as illustrated in Fig-
ure 3. The results show that UNO outperforms all base-
lines in the vast majority of settings. While other models
degrade or fluctuate as KL and KS complexity grow with
increasing historical length, UNO maintains superior sta-
bility, demonstrating exceptional capabilities for modeling
students’ evolving accumulation and demands, and better
adaptability for complex path exploration.

Optimization Module Ablation Study. In Figure 4, we
conduct an ablation study to validate the effectiveness of
joint optimization designs in UNO under standard config-
urations (rec-10, his-20, exp-20). The study involves exam-
ining the use of KS Loss, KL Loss, and Personalized Ad-
vantage(PAdv). We remove each module separately and re-
fer to the remaining parts as w/o KS, KL, w/o KS, w/o KL,
w/o PAdv. The ablation study results show that the complete
UNO performs most stably when integrating and optimizing
both the KS and KL. Treating them separately limits perfor-
mance due to their weak individual associations with recom-
mendation tasks, which proves that complete student state
representation must dynamically combine both dimensions
for capturing the evolving relation between KL accumula-
tion and KS. The Junyi dataset further reveals that this im-
plicit relationship between KL and KS becomes increasingly
meaningful with larger data scales. Additionally, incorpo-
rating Personalized Advantage (PAdv) in the model signifi-
cantly stabilizes model expression, enhances generalization
ability, and makes the model more robust in rating extreme
cases, leading to overall better performance.

Case Study. Figure 5 shows a case study, which illus-
trates how a student’s learning efficiency is improved step
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Figure 4: Ablation study of each optimization module.
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Figure 5: The process learning path effectiveness of student
29144 in the Junyi during rec-20 testing stage: comparison
between (a) UNO, (b) AC, (c) CSEAL, and (d) GEHRL-EB.

by step. We compare with AC, CSEAL, and GEHRL-EB
during the recommendation process. It can be observed that
in this long-term learning process, due to the lack of pro-
cess rewards, even if the models can accurately select some
effective questions, they are still distracted by invalid ques-
tions during the recommendation process. This leads to the
student’s scores not only remaining low but also showing a
downward trend. In contrast, UNO could offer precise guid-
ance, recommending that students consolidate their existing
learning level. It then supports students in achieving steady
performance gains by continuously exploring and optimiz-
ing pathways throughout the learning process.

Conclusion

In this paper, we address the critical limitations of current
learning path recommendation systems by proposing UNO,
a novel unified offline training paradigm. We innovate dense
process rewards provided by a KT-based reward model dur-
ing offline training. We propose UniLPR to unify model-
ing long-term accumulation and evolving requirements for
knowledge, which enables personalized path exploration.
We also introduce GRPO to jointly optimize the recommen-
dation model. Finally, the extended three learning patterns
comprehensively validate the UNO’s capability to address
diverse lifelong learning demands.

Experimental results demonstrate that UNO outperforms
existing methods across all evaluations, particularly in cap-
turing long-term patterns and optimizing cognitive progres-
sion. This highlights the importance of process reward and
unified representation in adaptive learning systems.

Several promising directions warrant further investiga-
tion, including dynamic temperature adjustment for better
exploration and session aggregation or KV-cache for effi-
ciency. These advancements could further bridge the gap
between theoretical research and practical educational ap-
plications in the learning path recommendation.
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