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ABSTRACT
Educational recommendation seeks to suggest knowledge concepts
that match a learner’s ability, thus facilitating a personalized learn-
ing experience. In recent years, reinforcement learning (RL) meth-
ods have achieved considerable results by taking the encoding of the
learner’s exercise log as the state and employing an RL-based agent
to make suitable recommendations. However, these approaches
suffer from handling the diverse and dynamic learner’s knowledge
states. In this paper, we introduce the privileged feature distillation
technique and propose the Privileged Knowledge State Distillation
(PKSD) framework, allowing the RL agent to leverage the “actual”
knowledge state as privileged information in the state encoding to
help tailor recommendations to meet individual needs. Concretely,
our PKSD takes the privileged knowledge states together with the
representations of the exercise log for the state representations
during training. And through distillation, we transfer the ability
to adapt to learners to a knowledge state adapter. During inference,
the knowledge state adapter would serve as the estimated privileged
knowledge states instead of the real one since it is not accessible.
Considering that there are strong connections among the knowl-
edge concepts in education, we further propose to collaborate the
graph structure learning for concepts into our PKSD framework.
This new approach is termed GEPKSD (Graph-Enhanced PKSD).
As our method is model-agnostic, we evaluate PKSD and GEPKSD
by integrating them with five different RL bases on four public
simulators, respectively. Our results verify that PKSD can consis-
tently improve the recommendation performance with various RL
methods, and our GEPKSD could further enhance the effectiveness
of PKSD in all the simulations.
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1 INTRODUCTION
Educational path recommendation acts as an essential aspect of
online education [5, 41], which recommends personalized learning
resources to learners. The recommendation process can be modeled
as a Markov Decision Process (MDP). Based on this formulation,
reinforcement learning (RL) techniques [18] have been widely uti-
lized in this domain, allowing for sequential recommendations and
the maximization of long-term rewards [13, 17, 22, 27]. The RL
models are usually trained based on interactions with the learners.
Due to the high cost of interacting with real learners, these meth-
ods typically build a simulator to simulate the learner’s knowledge
state, and the RL agent recommends knowledge concepts based on
observations to maximize the reward (the degree of improvement
in the learner’s knowledge level).

However, RL models are limited in handling the use cases with
multiple learners, primarily due to the diverse dynamics among
different learners. Specifically, the diverse dynamics in an educa-
tional scenario mean that the learners’ learning outcomes may vary
even if they follow the same educational path because they are at
different knowledge levels. This would cause the RL agent to face
an environment with unstable dynamics, which could undermine
the training effectiveness [2]. Previous approaches addressed the
challenge by employing knowledge tracing (KT) models [22, 27].
These methods typically involve a sequence model, like GRU [7]
or LSTM [34], to predict the learner’s knowledge state based on
his/her learning sequence of concepts, often referred to as exercise
log. The RL agent then recommends an educational path based on

https://doi.org/10.1145/3637528.3671872
https://doi.org/10.1145/3637528.3671872
https://doi.org/10.1145/3637528.3671872


KDD ’24, August 25–29, 2024, Barcelona, Spain Qingyao Li, Wei Xia, Li’ang Yin, Jiarui Jin, & Yong Yu

Exercise Log

Privileged
Knowledge State

Knowledge State
Encoder

Knowledge Distillation

Training

Inference

Learner

Path

Reward
RL Agent

Exercise Log Log Encoder

Knowledge State
Adapter Learner

Path

RL Agent

Log Encoder

Figure 1: The training-inference paradigm of privileged
knowledge state distillation.

the predicted knowledge state. Yet, we contend that KT is unneces-
sary in this context for two main reasons: 1) While a personalized
learning path should reflect the learner’s knowledge state, the gran-
ular detail KT provides on concept mastery is more than what’s
needed for making recommendations. 2) Since the predicted knowl-
edge state typically serves as input for another neural network
and is converted into a hidden state, which contains partial use-
ful information for recommendation. It might be more efficient
to first extract the latent useful information and transfer it to the
recommendation model.

This paper presents a unique perspective on the problem. The
idea is that we do not need to predict the accurate knowledge state
of a learner when doing the recommendation task. By treating the
knowledge state as privileged information, we bypass the complex-
ity of its prediction. Our focus shifts to deriving useful insights from
the knowledge state and conveying this information to an adapter
for times when the privileged knowledge state is not accessible.
Essentially, our approach involves three key steps: 1) Creating an
oracle model capable of supplying the Privileged Knowledge State
(PKS, usually built in the simulator). 2) Learning to harness valuable
insights from the PKS for making recommendations when it is avail-
able. 3) Distilling the insights gained from the PKS into an adapter,
enabling it to gather similar information for recommendations in
the absence of the PKS.

In light of this, we propose a privileged feature distillation frame-
work for educational path recommendation called Privileged Knowl-
edge State Distillation (PKSD), where the learner’s underlying “ac-
tual” knowledge state obtained from the simulator is used as a
privileged feature to train RL-based models. Our framework aims
at transferring the privileged information extraction ability to the
knowledge state adapter, enabling the RL agent to adapt to multiple
learners effectively. The training-inference paradigm is shown in
Figure 1. During training, the privileged knowledge state would
be encoded by the knowledge state encoder and fed into the RL
agent for recommendation. However, it cannot be applied to the
real world where the knowledge state cannot be acquired, so we
train a knowledge state adapter, which aims to extract useful in-
formation that’s initially derived from the privileged knowledge
state from the regular exercise log of the learner. During inference,
when the privileged knowledge state is unavailable, the knowledge

state adapter’s output would replace the encoding of the privileged
knowledge state to help recommendation. Our approach has ad-
vantages in using privileged knowledge state as a more powerful
information source, and our model primarily focuses on estimating
the output of the knowledge state encoder instead of the knowledge
state itself, which is easier to learn since the output is the partial
information extracted from the privileged knowledge state.

Intuitively, a personalized educational path should be constructed
based on two parts of information: 1) The current knowledge state
of the learner. 2) The relationships between learning concepts, such
as the necessity to understand “addition” before tackling “multi-
plication”. Acknowledging the need to incorporate these intrinsic
relationships among knowledge concepts, we further introduce a
graph-enhanced version of PKSD, named GEPKSD. This approach
combines the knowledge state (considered as a privileged feature)
with the knowledge graph. By using a graph neural network to pro-
cess this combined information, we could gain structure and knowl-
edge state-aware representation of the current state, which helps
the RL agent to make recommendations suitable for the learner and
adhere to the knowledge structure.

Our main contributions are summarized as follows:
• We propose Privileged Knowledge State Distillation (PKSD),
which leverages knowledge states of learners as privileged fea-
tures and employs a knowledge state adapter trained through
distillation to help RL agents generate personalized educational
paths. To the best of our knowledge, this is the first attempt to
incorporate privileged information modeling into educational
scenarios.

• To achieve knowledge structure-aware educational path recom-
mendation, we further introduce the Graph-Enhanced PKSD
(GEPKSD) framework, which generates a comprehensive rep-
resentation that encompasses both the learner and knowledge
concepts and poses a better way of utilizing the privileged knowl-
edge state.

• We conduct extensive experiments in four simulators. The results
demonstrate that our proposed framework can not only prove the
performance of representative base RL models but also surpass
previous methods, which demonstrates the effectiveness of the
framework.

2 RELATEDWORK
2.1 Educational Path Recommendation
The goal of educational path recommendation is to customize a
sequence of knowledge concepts suggested to individual learners
in order to maximize their knowledge advancement [30]. Previ-
ous solutions for educational path recommendation can be mainly
divided into two categories: non-RL [3, 10, 11, 36] and RL-based
methods [13, 17, 22, 24, 27]. Non-RL methods include sequence
recommendation [42], graph recommendation [14, 40], and other
recommendation methods. These methods usually use the learner’s
path in the dataset as the label, which does not align with the true
objective of promoting the learner’s mastery level since the original
educational path may not necessarily be the optimal one.

RL-based educational path recommendation models often model
the sequence recommendation problem as a Markov Decision Pro-
cess (MDP) and interact with and train with the simulator’s learner
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as the environment [25]. The learner’s exercise logs are modeled as
observed states, and the RL agent takes actions (recommends knowl-
edge concepts) based on states to maximize the reward (the degree
of improvement in the learner’s knowledge level). One of the most
representative works is the CSEAL model proposed in [27], which
uses the Deep Knowledge Tracing (DKT) [32] model to predict the
knowledge state based on the learner’s problem-solving records,
and then inputs it as the state into Actor-Critic for recommendation.
The other work followed is GEHRL proposed in [24], which is based
on hierarchical reinforcement learning that separate the recommen-
dation process into goal planning and goal reaching, improving
the efficiency of achieving goals for learners. Moreover, in [22], a
model-based RL method is used for recommendation to alleviate
the data sparsity problem. Although these RL-based methods have
achieved considerable results, using only the knowledge tracing
model to extract learner-state information may limit the recom-
mendation effect facing multiple learners. In this paper, we propose
using privileged feature distillation to enable the model to recognize
learner knowledge states and use them for recommendation.

2.2 Privileged Feature Distillation
Training with privileged features and testing with regular features
has been a popular paradigm in recent years [28, 35, 37, 39]. A priv-
ileged feature refers to a feature that greatly aids in a task but can
only be obtained during the training phase. The idea of privileged
feature distillation is to train the model using distillation techniques,
enabling it to generate outputs that closely resemble those obtained
with privileged features, even when they are unavailable. LUPI
proposed in [28] try to minimize the following loss:

min
𝑊𝑠

(1 − 𝜆) ∗ 𝐿𝑐 (𝑦, 𝑓 (𝑋 ;𝑊𝑠 )) + 𝜆 ∗ 𝐿𝑑 (𝑓 (𝑋 ∗;𝑊𝑡 ), 𝑓 (𝑋 ;𝑊𝑠 )) (1)

where 𝑓 is the function that map input to the output; 𝐿𝑐 is the
classification loss; 𝐿𝑑 is the distillation loss; 𝑋 is the regular feature
and 𝑋 ∗ is the privileged feature. The loss function ensures that
the student model, which receives the regular feature as input,
produces outputs that closely match the teacher model, which
takes the privileged feature as input. After that, [38] proposed a
PFD framework for Taobao recommendation, which changes the
above loss into the following:

min
𝑊𝑠

(1− 𝜆) ∗ 𝐿𝑐 (𝑦, 𝑓 (𝑋 ;𝑊𝑠 )) + 𝜆 ∗ 𝐿𝑑 (𝑓 (𝑋 ∗, 𝑋 ;𝑊𝑡 ), 𝑓 (𝑋 ;𝑊𝑠 )) (2)

The major difference between them is the input of the teacher
model. LUPT relies solely on privileged information as input, while
PFD combines both standard and privileged information for its in-
put. The paradigmhas since been applied across various fields.Wang
et al. [35] proposed using a privileged graph to address the cold start
issue, and Liu et al. [26] aimed to mitigate recommender system
biases with uniform data. Further, integrating reinforcement learn-
ing (RL), Kumar et al. [23] introduced the RMA method, enabling
legged robots to navigate complex terrains by leveraging environ-
ment configurations as privileged information during RL training.
Despite achieving impressive results, the exploration and appli-
cation of privileged information in educational contexts remain
largely unexplored. Actually, in the educational path recommenda-
tion problem, the knowledge states of learners play a crucial role,
particularly for models based on reinforcement learning (RL), which

perform optimally in stable environments. Taking the knowledge
states of learners can mitigate the challenges posed by dynamic
environments, offering a more consistent setting for the RL agent
to navigate and improve upon.

3 PROBLEM FORMULATION
This paper addresses the problem of session-based educational path
recommendation, where our objective is to recommend a sequential
order of knowledge concepts to learners interactively. Normally, at
each step of the learning session, the input is the learner’s exercise
log H𝑡 = {(𝑝1, 𝑠𝑐𝑜𝑟𝑒1), (𝑝2, 𝑠𝑐𝑜𝑟𝑒2), ...(𝑝𝑡 , 𝑠𝑐𝑜𝑟𝑒𝑡 )}, where 𝑠𝑐𝑜𝑟𝑒 ∈
{0, 1} is the learner’s feedback of not mastered or mastered. In our
work, we additionally take the learner’s knowledge state 𝑘𝑡 as the
privileged information. Here is the definition of it:

Knowledge state. A learner’s knowledge state at time step 𝑡

is a vector 𝑘𝑡 with the length equaling the number of knowledge
concepts. Each element 𝑘𝑡 [𝑖] represents the learner’s mastery level
of knowledge concept 𝑖 . It is provided by an oracle model in the
simulator. Since all the learner’s behavior is simulated based on it,
𝑘𝑡 is taken as the learner’s underlying “actual” knowledge state.

The model recommends a concept 𝑝𝑡+1 ∈ K to the learner ac-
cording toH𝑡 and 𝑘𝑡 . The learner would provide the feedback score
𝑠𝑐𝑜𝑟𝑒𝑡+1. Then we updateH𝑡+1 by H𝑡+1 = H𝑡 ∪ (𝑝𝑡+1, 𝑠𝑐𝑜𝑟𝑒𝑡+1).

The actual interaction log of a learner in the dataset serves as
an indicator of their preferences, making it an appropriate training
label for modeling user preferences. However, in educational path
recommendation, the path chosen and logged by a learner may
not always be the best one. This discrepancy arises because our
goal is to find the most effective educational path to improve a
learner’s proficiency, not just to replicate their preferred choices.
To address this issue, we adopt the strategy from Liu et al. [27],
using simulators designed to simulate the learner’s progress over
their education. Below is the explanation of what a simulator is:

Simulator. A simulator functions as a virtual learner that in-
teracts with the recommendation models by performing activities
such as completing exercises, taking exams, and advancing their
knowledge states. To simulate these actions, a widely used approach
involves maintaining a vector that signifies the learner’s level of
knowledge, as highlighted in [27].

At the beginning of each learning session, the learner undergoes
a test and obtains an initial score, denoted as 𝐸𝑠𝑡𝑎𝑟𝑡 . After complet-
ing the entire path, the learner takes a final test and obtains a final
score, denoted as 𝐸𝑒𝑛𝑑 . We aim to maximize 𝐸𝑒𝑛𝑑 − 𝐸𝑠𝑡𝑎𝑟𝑡 .

4 METHODOLOGY
4.1 Framework Overview
Figure 1 shows the training and inference paradigm. Now we dis-
cuss the detailed training process. To ensure that the knowledge
state encoder accurately estimates valuable information from the
privileged knowledge state, we divide the training process into two
stages. The first stage is mainly to train the knowledge state encoder
to learn the latent encoding of the privileged knowledge states
while the second stage is mainly for training the knowledge state
adapter to estimate the latent encoding of the privileged knowledge
state when the it is not available (the same situation as the inference
time). The overall framework of PKSD is shown in Figure 2.
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Figure 2: The overall framework of PKSD and GEPKSD. The translucent sections illustrate the GEPKSD framework. In PKSD’s
stage 1, the privileged knowledge state is encoded using an MLP encoder, while in the graph-enhanced version, it is integrated
with the knowledge graph and encoded using a GCN. In stage 2, the difference between PKSD and GEPKSD is also whether the
estimation 𝑐𝑡 is based on the combination of the GRU-encoded exercise log and the knowledge graph or the GRU encoding
alone.

In the first stage, the regular and privileged features are combined
as input. The regular feature is an RNN-encoded exercise log, which
is the same as most RL-based methods. The privileged feature is the
encoding of the learner’s “actual” knowledge state𝑘𝑡 taken from the
simulator. It is encoded into latent vector 𝑐𝑡 by an encoding network
𝑓𝑒 . The agent decides what knowledge concept to recommend based
on the regular feature and privileged feature. In this stage, the
agent, trained via RL in simulation, learns to leverage the learner’s
knowledge state information to generate the educational path and
adapt to diverse learners. The knowledge state encoder learns to
extract useful information from privileged knowledge state to help
make recommendations.

In the second stage, we don’t take the privileged knowledge
state as the direct input. What we need to do is to estimate the
latent encoding 𝑐𝑡 by 𝑐𝑡 . This estimation task is facilitated by the
knowledge state adapter, denoted as 𝑓𝑎 . During the training phase,
we utilize supervised learning to train the knowledge state adapter
𝑓𝑎 as the privileged knowledge state is available.

4.2 Privileged Knowledge State Distillation
We aim to help the RL agent adapt to the diverse and dynamic
knowledge states of learners through privileged knowledge state
distillation. To achieve this, we developed a knowledge state encoder,
which is to extract useful information for recommendation from the
privileged knowledge state 𝑘𝑡 to a latent vector 𝑐𝑡 to help recom-
mendation, and a knowledge state adapter, which tries to estimate
𝑐𝑡 from the learner’s exercise log.

4.2.1 Log encoder 𝑓𝑜 . The log encoder is to generate the regular
feature. From the learner’s exercise log H𝑡 , we try to extract the
learner’s recent learning interest to help with the recommendation.
We use one of themost popular sequence data processingmodels [8]
- Gated recurrent unit (GRU), to model the sequence data.

𝑜𝑡 = 𝑓𝑜 (H𝑡 ) = 𝐺𝑅𝑈 (H𝑡 ) (3)
𝑜𝑡 ∈ R𝑑𝑜 is the learned encoding of exercise log.

4.2.2 Knowledge state encoder 𝑓𝑒 . In stage 1, we take the learner’s
“actual” knowledge state from the simulator as a privileged feature.
The knowledge state encoder is to extract useful information for
the recommendation from the learner’s knowledge state vector 𝑘𝑡 .
Since 𝑘𝑡 is a dense vector, we utilize Multilayer Perceptron(MLP)
to implement the knowledge state encoder.

𝑐𝑡 = 𝑓𝑒 (𝑘𝑡 ) = 𝑀𝐿𝑃 (𝑘𝑡 ) (4)

𝑐𝑡 ∈ R𝑑𝑐 is the latent encoding of he privileged knowledge state.
The purpose of the log encoder and knowledge state encoder is

to extract information useful for the recommendation, so they are
input into the agent and trained through RL.

4.2.3 Knowledge State Adapter 𝑓𝑎 . In the second stage, when the
privileged knowledge state is unavailable, we employ a knowledge
state adapter, specifically a GRU-based sequence processing model,
to estimate the relevant information 𝑐𝑡 extracted from the learner’s
exercise log.

𝑐𝑡 = 𝑓𝑎 (H𝑡 ) = 𝐺𝑅𝑈 (H𝑡 ) (5)
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𝑐𝑡 ∈ R𝑑𝑐 is the estimation of 𝑐𝑡 .

4.2.4 Distillation. The objective of the knowledge state adapter is to
output 𝑐𝑡 as a substitution for 𝑐𝑡 . 𝑐𝑡 is the latent encoding extracted
by knowledge state encoder from the privileged knowledge state
and 𝑐𝑡 is extracted from the regular feature. We take knowledge
state encoder as the teacher model and the knowledge state adapter
as the student model and train it through distillation. Specifically,
whenever the adapter generates an estimate 𝑐𝑡 , we utilize the actual
knowledge state 𝑘𝑡 and process it through the knowledge state
encoder to obtain 𝑐𝑡 , which we use as a label for training. Therefore,
the distillation loss for the knowledge state adapter is the L2 distance
between 𝑐𝑡 and 𝑐𝑡 :

𝐿𝑑 = ∥𝑐𝑡 − 𝑐𝑡 ∥2 (6)

It’s important to clarify that we do not attempt to predict the
learner’s entire knowledge state; instead, we focus only on ex-
tracting the aspects that are useful for making recommendations.
Predicting the full scope of a learner’s knowledge state is a more
intricate task. Our experiments aim to highlight the distinctions
between focusing on useful recommendation information versus
predicting the complete knowledge state.

4.3 RL-based Recommendation
AnRL agent is developed to decidewhat action to take under the cor-
responding state. To conduct an RL-based recommendation model,
we need to model the process as a Markov Decision Process(MDP).
The key notations are as follows:
• State 𝑠𝑡 . The state in training stage 1 is defined as the concate-
nation of the exercise log encoding and privileged knowledge
state encoding, formally 𝑠𝑡 = 𝑜𝑡 ⊕ 𝑐𝑡 . While in training stage
2, the privileged knowledge state encoding is replaced by its
estimation 𝑐𝑡 .

• Action 𝑝𝑡 . The action represents the recommended knowledge
concept, 𝑝𝑡 ∈ K .

• Reward 𝑟𝑡 . The reward is given at the end of the whole path,
which represents the learner’s knowledge mastery promotion
after following the path,

𝑟𝑡 =


𝐸𝑒𝑛𝑑 − 𝐸𝑠𝑡𝑎𝑟𝑡

𝐸𝑠𝑢𝑝 − 𝐸𝑠𝑡𝑎𝑟𝑡
, if 𝑡 is the last time step

0, otherwise
(7)

where 𝐸𝑠𝑢𝑝 is the maximum score of the test; 𝐸𝑠𝑡𝑎𝑟𝑡 and 𝐸𝑒𝑛𝑑 are
the scores the learner get at the start and the end of the session,
respectively.
In general, we take the state 𝑠𝑡 at each time step as the input to

the RL agent, which outputs the action to be taken at that moment,
corresponding to a specific knowledge concept.

𝑝𝑡+1 ∼ 𝜋 (𝑠𝑡 ;𝜃 ) (8)

where 𝜋 (𝑠𝑡 ;𝜃 ) means the policy which we aim to learn of RL agent,
and ∼ means the 𝑝𝑡+1 is sampled from the action distribution of
the policy. In real-world scenarios, this corresponds to recommend-
ing learning resources related to that knowledge concept to the
learner. However, for the sake of abstraction, we limit our focus to
recommending the knowledge concepts themselves.

4.4 Graph-enhanced Privileged Knowledge
State Distillation

Knowing the learner’s knowledge state can make the recommended
educational paths personalized, while understanding the depen-
dencies between knowledge concepts can improve the alignment
of paths with educational principles. Therefore, incorporating the
knowledge graph is an intuitive idea for leveraging the privileged
knowledge state. Thus, we further propose Graph-Enhanced Priv-
ileged Knowledge State Distillation (GEPKSD), which contains a
knowledge graph encoder 𝑓𝑔 to encode both the privileged knowl-
edge state and knowledge graph and a learner encoder 𝑓𝑙 to replace
privileged information during inference.

4.4.1 Knowledge Graph. Knowledge graph in educational scenario
represents knowledge concepts’ prerequisite relationship [4]. A
node in the knowledge graph corresponds to a knowledge concept,
and an edge represents the prerequisite relationship between the
two connected knowledge concepts.

4.4.2 Knowledge Graph Encoder 𝑓𝑔 . We propose to incorporate the
knowledge graph by adding the privileged knowledge state as the
initial feature of the graph nodes. By leveraging Graph Convolu-
tional Network (GCN), we propagate information throughout the
graph to generate a comprehensive representation encompassing
both the learner’s knowledge state and the relationships between
concepts. Any graph embedding models could be used here. We
choose GCN for its simplicity and effectiveness in the graph encod-
ing area.

ℎ0𝑖 = 𝑥𝑖 ⊕ 𝑘𝑡 [𝑖] (9)

ℎ𝑙𝑖 = 𝜎 ( 1
|N𝑖 |

∑︁
𝑗∈N𝑖∪{𝑖 }

𝑤𝑙ℎ𝑙−1𝑗 + 𝑏𝑙 ) (10)

𝑐𝑡 =
1
|N |

∑︁
𝑖∈N

ℎ𝑙𝑖 (11)

where 𝑘𝑡 [𝑖] is the i-th element of the knowledge state; ℎ0
𝑖
is the

initial feature of node 𝑖; N𝑖 is the neighbor set of node 𝑖; N is the
node set; 𝑤𝑙 and 𝑏𝑙 are the weight and bias of the l-th layer of
GCN. The GCN is trained by optimizing the final recommendation
objective in an end-to-end manner.

4.4.3 Learner Encoder 𝑓𝑙 . Since the knowledge state is not available
in stage 2, we need to replace 𝑘𝑡 with the encoding of the exercise
log. We employ a GRU-based learner encoder to complete the task.
The knowledge graph is not privileged information which is then
used in both stage 1 and stage 2.

4.5 Optimization
The whole model is updated depending on the RL algorithm used.
Generally, there would be a policy net 𝜋 (𝑠𝑡 ;𝜃 ) predicting the action
and a value net 𝑉 (𝑠𝑡 ;𝜙) estimating the future reward of the state,
where 𝜃 and 𝜙 are the parameters of the corresponding neural
network.
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The value net is trained based on the classical mean squared loss
(MSE):

𝐿𝑣 = E( | |
𝑇−𝑡∑︁
𝑖=0

𝛾𝑖𝑟𝑡+𝑖 −𝑉 (𝑠𝑡 ;𝜙) | |)2 (12)

And the policy net is trained based on the value net’s estimation:

𝐿𝑝 = E[
𝑇∑︁
𝑡=0

(𝑟𝑡 + 𝛾𝑉 (𝑠𝑡+1;𝜙) −𝑉 (𝑠𝑡 ;𝜙)) · 𝑙𝑜𝑔(𝜋 (𝑝𝑡+1 |𝑠𝑡 ;𝜃 ))] (13)

After all, in stage 1, all the modules are updated based on 𝐿𝑣 and
𝐿𝑝 In stage 2, the agent is updated based on 𝐿𝑣 and 𝐿𝑝 while the
log encoder and knowledge state adapter are updated based on 𝐿𝑑 ,
𝐿𝑣 and 𝐿𝑝 .

5 EXPERIMENT
In this section, we conduct extensive experiments on 4 simulators
to evaluate the effectiveness of our model. Our experiments aim at
answering the following questions:
• RQ1. Could PKSD/GEPKSD framework improve the educational
path recommendation performance across different base RL
agents?

• RQ2. How does PKSD/GEPKSD perform compared with previ-
ous educational path methods?

• RQ3. Is distillation on the latent encoding of the privileged
knowledge state a better way for recommendation than tracing
the exact knowledge state?

• RQ4. In GEPKSD, is the privileged knowledge state important
or is it working only for using the knowledge graph?

• RQ5. Could our approach handle multiple learners with diverse
knowledge states better?

5.1 Experiment Setup
5.1.1 Datasets. Our experiments are based on three public edu-
cational datasets: Junyi1 ASSISTments20092 and ASSITments20153.
Junyi dataset provides a prerequisite graph of the knowledge con-
cepts while others don’t, so we build a transition graph [31] as an
estimation of the prerequisite graph. The statistics of the datasets
are presented in Table 1.

Table 1: Dataset Statistics

Dataset Junyi ASSIST15 ASSIST09
#Concepts 835 100 167
#Learners 525,061 69,675 4,217
#Records 21,460,249 2,420,200 346,860
Positive label rate 54.38% 73.17% 63.81%

5.1.2 Simulators andOracleModels. We construct two types of sim-
ulators proposed in previous work [27]: the Knowledge Structure-
based Simulator (KSS) and the Knowledge Evolution-based Simula-
tor (KES). The KSS is based on Item Response Theory and a rule-
based formula to determine the learner’s knowledge state changes.
1https://www.kaggle.com/datasets/junyiacademy/learning-activity-public-dataset-
by-junyi-academy
2https://www.kaggle.com/datasets/junyiacademy/learning-activity-public-dataset-
by-junyi-academy
3https://sites.google.com/site/assistmentsdata/home/assistment-2009-2010-data

KES is a data-driven simulator that employs a trained Deep Knowl-
edge Tracing (DKT) model on a specific dataset to simulate the
learner’s knowledge growth and learning feedback. Specifically,
each simulated learner is initialized based on the first 60% of the
exercise log in the dataset(not available for the recommendation
model). Subsequently, as the recommendations are made, new ex-
ercise logs are incorporated, and the DKT is used to update the
learner’s knowledge state. We constructed 4 simulators based on
3 datasets: KSS (rule-based), KES-junyi, KES-ASSIST15, and KES-
ASSIST09. The KES simulators are trained using three different
datasets to serve as the foundations for their respective DKT-based
simulators.

In the simulator, the algorithm that determines a learner’s knowl-
edge state serves as the oracle providing privileged knowledge
states. For KSS, this is represented by the formulas deciding a
learner’s knowledge, and in KES, it’s the environment’s DKT model.
The DKT model is trained on the entire dataset, making it a reli-
able oracle. However, DKT models outside the simulator can only
use the data interacting with the simulator to train, making the
environment’s DKT-determined knowledge states the decisive and
privileged ones.

5.1.3 Methods for comparison. Since our framework is model-
agnostic, we first combine our method and several representative
RL methods to show the effectiveness in prompting RL methods’
performance:
• DQN [29]: One of the basic RL algorithms, which mainly esti-
mates the value of each state and action pair by a neural network.

• AC [21]: Vanilla Actor-Critic algorithm that contains a policy
net to output the action distribution and a value net to determine
the value of the state.

• PPO [33]: An advanced RL algorithm that constrains the update
magnitude of the policy network so that the training is more
stable.

• TD3 [12]: Twin Delayed DDPG is a model-free off-policy RL
algorithm that uses twin critics to estimate the Q-values and
reduces overestimation bias in Q-learning.

• SAC [15]: SAC (Soft Actor-Critic) is an off-policy RL algorithm
that incorporates an entropy regularization term to balance ex-
ploration and exploitation, allowing for more stable and efficient
learning.

Then, we further compare with two classes of previous educational
path recommendation methods: Non-RL methods and RL-based
methods:

(1) Non-RL methods:
• GRU4Rec [16]: An RNN-based model for the session-based
recommendation, where the session data is first one-hot en-
coded and then embedded. This processed data is fed into a
GRU network, which outputs the probability of each item being
recommended.

• SASRec [19]: A self-attention-based sequential recommenda-
tion model that effectively captures long-term dependencies
but focuses on a few important items in sequential data for
accurate item recommendation.
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Table 2: Comparison between PKSD/GEPKSD and backbone RL methods. “*” denotes that the improvement are significant at
level of 𝑝 < 0.05 with paired t-test (PKSD compares with base and GEPKSD compares with PKSD).

Base Models KSS Junyi ASSISTments2015 ASSISTments2009

base PKSD GEPKSD base PKSD GEPKSD base PKSD GEPKSD base PKSD GEPKSD

SAC 0.3738 0.4199∗ 0.5558∗ -0.2224 0.0505∗ 0.2216∗ 0.2280 0.3918∗ 0.6947∗ 0.6545 0.6614∗ 0.6638∗

TD3 0.3732 0.4527∗ 0.4842∗ -0.1405 -0.1046∗ -0.0598∗ 0.2972 0.5160∗ 0.5721∗ 0.2468 0.4270∗ 0.6671∗

DQN 0.3855 0.4191∗ 0.4476∗ 0.2386 0.2982∗ 0.3215∗ 0.3675 0.6004∗ 0.7020∗ 0.0503 0.4511∗ 0.5857∗

AC 0.5051 0.5454∗ 0.5539∗ 0.3093 0.7600∗ 0.7746∗ 0.7282 0.8181∗ 0.8457∗ 0.6619 0.6773∗ 0.6782∗

PPO 0.7337 0.7546∗ 0.7723∗ 0.2399 0.3260∗ 0.3309∗ 0.8856 0.9176∗ 0.9213∗ 0.6602 0.6673∗ 0.6676

Table 3: Comparison between PKSD/GEPKSD and previous methods. “*” denotes that the improvement are significant at level
of 𝑝 < 0.05 with paired t-test comparing with previous methods’ best performance.

Simulators Non-RL Methods RL-based Methods Ours

GRU4Rec SASRec DKTRec CB RLtutor CSEAL GEHRL PKSD(PPO) GEPKSD(PPO) PKSD(GEHRL) GEPKSD(GEHRL)

KSS 0.1905 0.7183 0.3069 0.4779 0.6227 0.6833 0.8331 0.7546 0.7723 0.8480 0.8536∗

Junyi 0.0009 -0.1518 -0.1471 0.1730 -0.1306 0.3942 0.5830 0.3260 0.3309 0.6398 0.6568∗

ASSISTments2015 0.1025 0.1975 0.5280 0.6413 0.8713 0.8015 0.8121 0.9176 0.9213∗ 0.8265 0.8825
ASSISTments2009 -0.2347 -0.5222 -0.0814 0.3586 0.6396 0.6347 0.5758 0.6673 0.6676∗ 0.6004 0.6009

• DKTRec: Use a DKT to predict the learner’s knowledge state
on the knowledge concepts and recommend the one closest to
0.5

(2) RL-based methods:
• CB [17]: An RL-based method that takes the educational path
recommendation problem as a contextual bandits problem and
applies Q-learning to solve it.

• CSEAL [27]: Actor-Critic based educational path recommenda-
tion model, which contains a cognitive navigation module so
that the path is aligned with educational principles.

• RLTutor [22]: Utilizing model-based RL, which builds an in-
ner model DAS3H [6] to simulate the learner and apply PPO
algorithm to build the RL agent.

• GEHRL [24]: Utilizing hierarchical reinforcement learning as
the base with graph-based candidate selector to coordinate the
learning path with learning structure.

We evaluate these methods with the average promotion of the
mastery of the learning goals after path recommendation, which is
given by the converge reward from the simulators.

5.1.4 Implementation Details. We use Adam [20] as the optimizer,
and the learning rate is set to be 5 × 10−5. For each model, we run
for three random seeds: 1, 5, 10, and calculate the average mastery
promotion on 2000 learner samples across three seeds. The path
length is set to 20. For the models that employ DKT, we perform pre-
training by utilizing the data interacting with the simulator. In the
case of KSS, we pre-train the DKTmodel and other non-RL methods
using the experimental data obtained from the interaction of the
trained PPO with the simulator. The source code of our proposed
approach is available4.

4Source code for model implementations: https://github.com/mindspore-lab/models/
tree/master/research/huawei-noah/PKSD

5.2 Overall Performance
5.2.1 Improvement over Backbone RL Models (RQ1). We pick five
representative RL methods as the backbone to assess the effects of
PKSD/GEPKSD, with the results displayed in Table 2. Key observa-
tions include: 1) The significant performance enhancement with
PKSD framework. For example, DQN’s performance on ASSIST09
improved markedly from 0.0503 to 0.4511 with PKSD, highlight-
ing the effectiveness of introducing privileged knowledge states. 2)
GEPKSD, incorporating a knowledge graph, further boosts PKSD’s
impact across all methods, demonstrating the advantage of com-
bining learner-specific information (privileged knowledge state)
and knowledge domain insights (knowledge graph) for more effec-
tive recommendation paths based on learner states and knowledge
structures.

5.2.2 Improvement over Other Recommendation Methods (RQ2).
Next, we compare PKSD/GEPKSD with other recommendation
baselines. We also integrate our framework with one of the base-
lines GEHRL, proposed by Li et al. [24], to show the effectiveness
of our framework with the advancing RL-based educational path
recommendation method. The outcomes are presented in Table 3,
revealing that: 1) The best results were achieved by GEPKSD, with
PKSD also surpassing previous baselines, including non-RL and RL-
based methods, demonstrating the advancement of our approach
comparing with previous methods. 2) Generally, RL-based meth-
ods outperformed non-RL methods, indicating the limitations of
merely mimicking existing learners’ paths. In contrast, RL methods,
through exploration and interaction, can discover more effective
strategies. 3) The combination of PKSD and GEPKSD with strong
backbone models like PPO and GEHRL led to superior performance,
which shows that our framework possesses strong model-agnostic
characteristics; it not only improves the effectiveness of base RL
methods but also synergizes with advanced RL-based methods to
achieve superior results.

https://github.com/mindspore-lab/models/tree/master/research/huawei-noah/PKSD
https://github.com/mindspore-lab/models/tree/master/research/huawei-noah/PKSD
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Table 4: The DBI of different representation learned in three
datasets.

Embeddings KSS Junyi ASSIST15 ASSIST09

Knowledge States 1.2220 1.1813 1.4018 1.2803
Extracted Latent Vectors 0.6155 0.5985 0.4910 0.4472

5.3 Compare with knowledge tracing-based
methods (RQ3)

We argued that for the task of recommending learning paths, it is
unnecessary to predict the learner’s exact knowledge state. To sup-
port this claim, we perform experiments to investigate the feature
of the knowledge states and the extracted latent encodings.

First of all, we explore the inherent properties of the privileged
knowledge states and the latent encodings. Specifically, we calcu-
late the Davies-Bouldin Index (DBI) [9] of 1000 learners’ knowledge
states and extracted latent vectors 𝑐𝑡 . DBI assesses the data separa-
tion state between clusters. A lower DBI indicates better-separated
classes. We use K-Means to cluster the embeddings and calculate
DBIs, as shown in Table 4. We can see that the extracted latent
vectors have a much lower DBI than the original knowledge states,
which indicates that a better clustering pattern that is easier to
catch.
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Figure 3: Compare with DKT-based PKSD

Furthermore, we conduct experiments that trace the knowledge
state directly instead of 𝑐𝑡 as a knowledge tracing way to leverage
the privileged knowledge state. For the graph-enhanced version
GEPKSD, we use DKT to estimate the learner’s knowledge state in
stage 2 to combine with the knowledge graph.

The results are shown in Figure 3. It can be observed that using
the DKT model to estimate the learner’s exact knowledge state
results in a decline in performance. This decline is particularly
evident on the KES-junyi dataset, which consists of 835 knowledge
concepts. Due to the larger number of knowledge concepts, the

prediction difficulty for the DKT model is greater, leading to a more
significant decrease in performance.

5.4 PKSD for GEPKSD (RQ4)
GEPKSD enhances the recommendation capabilities of RL agents by
incorporating a graph that considers not only the learner’s knowl-
edge state but also the dependency relationships between concepts
on the knowledge graph. To ascertain whether the improvements
are due to the proposed PKSD or the introduction of the graph neu-
ral network, experiments comparing GEPKSD with and without
PKSD are conducted. The results are depicted in Figure 4.
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Figure 4: Compare the performance of with/without PKSD
on GEPKSD.

Removing PKSD significantly diminishes GEPKSD’s performance
across four simulators. This suggests that merely incorporating a
graph neural network without a meaningful training task is inef-
fective. The distillation process provides a clear goal for the knowl-
edge state adapter, which is to estimate information related to the
learner’s knowledge level that is crucial for recommendations. This
is vital since the recommended learning path should be primarily
based on the learner’s knowledge state and the structure of the
knowledge itself.

5.5 Performance across various number of
learners (RQ5)

To illustrate that our proposed PKSD framework could adapt to mul-
tiple learners better, we conduct experiments on different numbers
of learners. The result is shown in 5. The experimental results reveal
that the advantages of our method become increasingly evident as
the number of learners grows. This is not only due to the privileged
knowledge state providing stronger signals for training compared
to the learner’s exercise log but also because the knowledge state
adapter effectively helps the RL agent identify differences between
learners to enhance generalization performance.

As the number of learners increases, the effectiveness of PKSD
initially decreases and then rises. This pattern occurs because when
the learner population starts to grow, the dynamic changes in learn-
ers’ knowledge states make it challenging for the RL agent to adapt,
leading to a dip in performance. However, as the number of learn-
ers reaches a certain level, the volume of data becomes sufficient
for the knowledge state adapter to be fully trained, resulting in a
recovery in effectiveness. While vanilla RL methods without PKSD
exhibit a similar trend, there is a noticeable difference in perfor-
mance when dealing with a larger learner count. These methods
struggle to accommodate learners with dynamic knowledge states
without the knowledge state adapter and the distillation process.
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The experiments generally demonstrate that our model could adapt
to multiple learners better.
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Figure 5: Performances with various number of learners.

6 CONCLUSION
We propose a novel framework called Privileged Knowledge State
Distillation (PKSD) for educational path recommendation. We trans-
fer the privileged information knowledge through distillation to the
knowledge state adapter and combine it with the knowledge graph
to generate a comprehensive representation, enabling the RL agent
to adapt more effectively to learners with diverse knowledge states.
This marks the first attempt to incorporate privileged knowledge
distillation into educational path recommendations. Extensive ex-
periments demonstrate the framework’s effectiveness in efficiently
recommending educational paths to enhance learners’ knowledge
levels.
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