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ABSTRACT
Goal-oriented Learning path recommendation aims to recommend
learning items (concepts or exercises) step-by-step to a learner to
promote the mastery level of her specific learning goals. By for-
mulating this task as a Markov decision process, reinforcement
learning (RL) methods have demonstrated great power. Although
extensive research efforts have been made, previous methods still
fail to recommend effective goal-oriented paths due to the under-
utilizing of goals. Specifically, it is mainly reflected in two aspects:
(1)The lack of goal planning. When learners have multiple goals
with different difficulties, the previous methods can’t fully utilize
the difficulties and dependencies between goal learning items to
plan the sequence of achieving these goals, making the path chaotic
and inefficient; (2)The lack of efficiency in goal achieving.When pur-
suing a single goal, the pathmay contain learning items unrelated to
the goal, which makes realizing a certain goal inefficient. To address
these challenges, we present a novel Graph Enhanced Hierarchi-
cal Reinforcement Learning (GEHRL) framework for goal-oriented
learning path recommendation. The framework divides learning
path recommendation into two parts: sub-goal selection(planning)
and sub-goal achieving(learning item recommendation). Specifi-
cally, we employ a high-level agent as a sub-goal selector to select
sub-goals for the low-level agent to achieve. The low-level agent
in the framework is to recommend learning items to the learner.
To make the path only contain goal-related learning items to im-
prove the efficiency of achieving the goal, we develop a graph-based
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candidate selector to constrain the action space of the low-level
agent based on the sub-goal and knowledge graph. We also develop
test-based internal reward for low-level training so that the sparsity
problem of external reward can be alleviated. Extensive experi-
ments on three different simulators demonstrate our framework
achieves state-of-the-art performance.
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1 INTRODUCTION
In online education, learners with different learning goals and
knowledge background should be recommended personalized learn-
ing paths so that learners can achieve their learning goals effectively.
Therefore learning path recommendation is one of the most impor-
tant topics in online education [33, 38].

Several recommendation methods have been suggested to offer
customised learning paths based on learner traits [10, 22, 41]. Typ-
ical solutions discover similar learners and offer similar learning
paths to the target learner [10, 28]. On the other hand, since learn-
ing path recommendation is a sequential decision making problem,
it is also intuitive to adopt advanced Reinforcement Learning (RL)
methods to formulate the problem as a Markov Decision Process
(MDP) [15, 19, 22].
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Figure 1: Illustration of a goal-oriented learning path

A learner usually engages in learning activities to complete one
or more learning goals, as Figure 1 shows. To recommend an effec-
tive learning path, considering learners’ learning goals is important.
Unfortunately, this common learning scene has rarely been studied.
This paper focuses on the goal-oriented learning path sequential
recommendation problem, which recommends learning paths step-
by-step to help learners achieve their goals. In this scenario, goals
play a key role in deciding the path. The most representative work
for this problem is proposed by Liu et al. [22], which motivates
goal-oriented learning path recommendation by using a learner’s
promotion of learning goals as reward to train an RL recommender.
The proposed CSEAL model utilizes cognitive structure to help
the actor-critic algorithm [18] generate learning paths, achieving
appreciated performance compared with other methods.

However, there still exists the problem of under-utilizing learn-
ers’ learning goals, reflected in two aspects: (1) The lack of goal
planning. A learner has multiple learning goals with varying levels
of difficulty and dependencies, but the previous methods did not
make reasonable plans for realizing goals while they only input the
one-hot encoding of learning goals, and the agent needs to explore
in a large search space to realize the goals’ effect. For example,
suppose the learner shown in the lower part of Figure 1 has three
goals random variable, Taylor formula, and calculus, where calculus
is much more difficult than random variable and Taylor formula
to achieve. Here Taylor formula is a prerequisite item for calculus,
so achieving Taylor formula ahead is helpful for mastering calcu-
lus. Therefore, an appropriate learning order is to achieve random
variable and Taylor formula first, then to learn calculus so that the
learner can make maximum progress in a limited time. (2)Inade-
quate efficiency in goal achieving, due to that the path to achieving
a specific goal may contain learning items irrelevant to the goal.
From the view of a learner, she wants to achieve her goals with
minimal effort, and the recommended learning path should contain
goal-related learning items only. As shown in the upper part of
Figure 1, for a learner who wants to acquire 𝑑𝑖 𝑓 𝑓 𝑒𝑟𝑒𝑛𝑡𝑖𝑎𝑙 , an effi-
cient learning path contains 𝑓 𝑢𝑛𝑐𝑡𝑖𝑜𝑛, 𝑙𝑖𝑚𝑖𝑡𝑡ℎ𝑒𝑜𝑟𝑦, 𝑑𝑒𝑟𝑖𝑣𝑎𝑡𝑖𝑣𝑒 , and
𝑑𝑖 𝑓 𝑓 𝑒𝑟𝑒𝑛𝑡𝑖𝑎𝑙 . There is no need to put 𝑟𝑎𝑛𝑑𝑜𝑚 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 or 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑠
in the path.

In light of the above challenges, we divide goal-oriented learning
path recommendation into two parts: sub-goal selection and sub-
goal achieving, where sub-goal selection aims to plan the realization
sequence ofmultiple goals or disassemble a difficult goal into several

simple sub-goals, and sub-goal achieving is to recommend learning
paths to achieve the sub-goals. To make them work collaboratively,
we propose Graph Enhanced Hierarchical Reinforcement Learning
framework (GEHRL), which contains two agents (a high-level agent
and a low-level agent) playing the roles of sub-goal selection and
sub-goal achieving. 1) For sub-goal selection, the high-level agent
chooses a sub-goal from all the learning items in each sub-session.
When the sub-goal is one of the learners’ learning goals, the high-
level agent plays a role in arranging the goals’ sequence (e.g., from
easy to difficult) to achieve all goals more efficiently, or set the
simpler prerequisite items of one hard goal as sub-goals. 2) For sub-
goal achieving, the low-level agent is built to recommend learning
items to the learner step-by-step. To make the path to achieve a
specific goal efficiently, we develop a graph-based candidate selector
to constrain the low-level agent’s action. This candidate selector
ensures the path for achieving a goal does not contain unrelated
learning items so the learner can achieve the goal more effectively.
In addition, two kinds of rewards are needed to train two agents.
The environment will give an external reward evaluating the path’s
effectiveness which is used to train the high-level agent. While we
need to design an internal reward to motivate the low-level agent
to achieve each sub-goal. We design a test-based internal reward
which recommend the sub-goal at the end of each sub-session to get
the learner’s feedback as the internal reward. In this way, the low-
level agent receive a trustworthy signal of whether the sub-goal is
achieved.

In summary, the high-level agent plans the realization of multiple
goals according to the relationship between the goals, and the low-
level agent is responsible for achieving each goal, with a graph-
based candidate selector to make the path contain goal-related
learning items only.

Our main contributions are summarized as follows:
• We analyze the challenge of the goal-oriented learning path rec-
ommendation problem and divide the task into sub-goal selec-
tion(planning) and sub-goal achieving, which is a novel perspec-
tive. We propose a Graph Enhanced Hierarchical Reinforcement
Learning (GEHRL) framework for learning path recommendation,
which contains a high-level policy for sub-goal selection and a
low-level policy for item recommendation. To the best of our
knowledge, this is the first attempt to introduce hierarchical re-
inforcement learning as recommendation model in learning path
recommendation.

• We design a graph-based candidate selection module to select
the goal-related learning items to make the path contain goal-
related learning items only. In addition, we design a test-based
internal reward assignment algorithm to give an accurate signal
for goal-achieving.

• We validate ourmodel in three simulators based on two benchmark
datasets. Our framework consistently achieves state-of-the-art
performance in experiments on three simulators.

2 RELATEDWORK
2.1 Learning Path Recommendation
Learning path recommendation is an essential task in online educa-
tion. Different methods have been proposed to solve this task in the
past few years. In some methods, researchers try to use traditional
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recommendation algorithms [2, 9, 10, 28]. For example, Elshani et
al. [10] used genetic algorithms to generate and select the learning
path with the best fitness value calculated by a fitness function.
Traditional methods may reach considerable performance under
strong assumptions in the environments with a small amount of
data, but they do not comprehensively consider the long-term and
short-term learning effects while generating paths. On the other
hand, deep learning-based methods are studied [36, 40, 41]. Zhou
et al. [41] proposed a personalized learning path recommendation
model, which makes use of clustering algorithms and LSTM (long
short termmemory) [14] neural network to provide useful guidance
to learners based on their learning process or visited materials.

Another line of promising solutions is reinforcement learning-
based, since learning path recommendation can be formulated as
a sequential decision-making problem. For example, Kubotani et
al. [19] built an inner model to simulate the learner to train the
agent with a smaller number of interactions. Liu et al. [22] defined
the goal-oriented learning path recommendation problem, which
use learners’ promotion on learning goals as reward to train a
actor-critic framework as a recommender, and built a cognitive
navigation module to guide the process, so the paths are logical
sequences. Despite their success, these methods cannot offer effec-
tive goal-oriented paths because goals are not used evidently to
guide learning path recommendations. This drawback force earlier
methods to search a large search space to realize the learning goals’
guidance role and make the recommended paths contain learn-
ing items unrelated to the goal, which is inefficient for achieving
learning goals.

2.2 Hierarchical Reinforcement Learning (HRL)
in Recommendation

Hierarchical reinforcement learning (HRL) [32] is a branch of Rein-
forcement Learning (RL) that introduces temporally abstract actions.
In this paper, we use the typical goal-oriented HRL framework pro-
posed by Kulkarni et al. [20], in which a high-level agent gives
sub-goals for a low-level agent to achieve. Recently, more and more
works begin to utilize HRL in recommendation to capture users’
preferences on different levels. Zhao et al. [39] develop multi-goals
abstraction based HRL for recommendation in which the high-level
agent generates multiple goals to guide the low-level agent in dif-
ferent sub-periods. They design an appreciated reward assignment
mechanism to coordinate different goals in a consistent direction.
Xie et al. [35] use HRL for integrated recommendation. They take
low-level policy as a channel selector and high-level policy as an
item recommender to capture user preferences on both item and
channel levels.

In the educational data mining area, Zhang et al. [37] and Lin
et al. [21] try to use HRL for course recommendation. However, it
does not contradict our statement on the first introduction of HRL
as the recommendation model in learning path recommendation.
Our work differs from them in two significant ways: 1) The course
recommendation recommends a single item rather than a sequential
path, and without learner feedback at each step. 2) They employ
HRL as an auxiliary module to clean data for the recommendation
model, while HRL is the recommendation model in our work, and
we use knowledge graph to enhance the representation of each item

and build a candidate selector to eliminate learning items unrelated
to the goal.

3 PROBLEM FORMULATION
This paper aims to solve the session-based goal-oriented learn-
ing path recommendation problem. For each learner, our job is to
recommend an ordered learning item sequence step-by-step from
the item set I = {𝑝1, 𝑝2, ..., 𝑝𝐾 } to maximize the learner’s mas-
tery of learning goals. The learner’s learning goals are denoted as
G = {𝑔1, 𝑔2, ...}, which is a subset of the learning item set G ⊂ I.

The process is shown in Figure 2. At the beginning of each
session, a learner takes a test on her learning goals and gets an
initial score 𝐸𝑠𝑡𝑎𝑟𝑡 . Then at each step of the learning session, the
learner receives an item 𝑝 to learn and after being tested a feedback
𝑠𝑐𝑜𝑟𝑒 ∈ {0, 1} is given, where 1 stands for that the learner masters
the item. Each item-score pair constitutes a response recorded in
the historical learning record, denoted as H = {(𝑝, 𝑠𝑐𝑜𝑟𝑒)}. Simi-
larly, at each subsequent step, a new learning response (𝑝, 𝑠𝑐𝑜𝑟𝑒) is
added to the historical record, i.e., H𝑡 + 1 = H𝑡 ∪ (𝑝𝑡+1, 𝑠𝑐𝑜𝑟𝑒𝑡+1).
Finally, a learning path with length 𝑀 is generated step-by-step
as P = (𝑝1, 𝑝2, ..., 𝑝𝑀 ). In our framework, each session is divided
into sub-sessions of length 𝑁 , where each sub-session is dedicated
to achieving one sub-goal. Typically, 𝑀 = 𝑘 ∗ 𝑁 where 𝑘 repre-
sents the number of sub-sessions. The value of 𝑀 is determined
by the environment, while 𝑁 is set by us. After completing the
entire learning path, a final test is taken on the learning goals to ob-
tain a final score 𝐸𝑒𝑛𝑑 . It is expected that the proficiency improves
through the learning items in the path. Our goal is to maximize
the difference between the final score (𝐸𝑒𝑛𝑑 ) and the initial score
(𝐸𝑠𝑡𝑎𝑟𝑡 ) by providing an effective learning path.

The metric of evaluating a path for a learner is given by the
promotion on the learning goals [22]:

𝐸P =
𝐸𝑒𝑛𝑑 − 𝐸𝑠𝑡𝑎𝑟𝑡
𝐸𝑠𝑢𝑝 − 𝐸𝑠𝑡𝑎𝑟𝑡 (1)

where 𝐸𝑠𝑢𝑝 represents full marks on the learning goals which equals
to the number of learning goals.

Learner

Initial Score Final Score

Test and Learn

TestTest

Test and Learn Test and Learn Test and Learn

Figure 2: The Flowchart of the Learning Process

4 METHODOLOGY
4.1 Framework Overview
Figure 3 shows the overall architecture of our framework, which
mainly consists of three parts: a high-level recommendation agent
(HRA) as a sub-goal selector, a low-level recommendation agent
(LRA) as a learning item recommender, and a graph-based candi-
date selector (GCS). The high-level agent gives a sub-goal at the
beginning of every sub-session for the low-level agent to achieve.
The high-level agent collects fewer transitions (training data) than
the low-level agent in one session’s interactions, so make them
coordinate the training rhythm with each other, we choose the
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Figure 3: Framework Overview

vanilla Actor-Critic to model the low-level agent and PPO [31]
(an advanced actor-critic algorithm) as the high-level agent. We
shall compare different combinations of them in the experiments.
The candidate selector is an appreciated algorithm to constrain
the action space for the low-level agent based on the sub-goal and
knowledge graph. We define the key notions as follows:

• High-level state 𝑠ℎ : 𝑠ℎ contains learner historical learning
recordsH and the learner’s learning goals G.

• High-level action 𝑔: 𝑔 is to choose a goal item from the
learning item set. 𝑔 ∈ I (any learning item can be selected
as a sub-goal).

• Low-level state 𝑠𝑙 : 𝑠𝑙 contains information of learner histor-
ical learning recordsH , learning goals G and the sub-goal 𝑔
selected by the high-level agent.

• Low-level action 𝑎: 𝑎 is to recommend a learning item for
the learner to test and learn, 𝑎 ∈ I.

• Internal reward 𝑟 𝑖𝑛𝑡 : 𝑟 𝑖𝑛𝑡 is a scale to evaluate the learner’s
mastery level of the sub-goal 𝑔, which is only given at the
last step of each sub-session, elaborated in Section 4.5.

• External reward 𝑟𝑒𝑥𝑡 : 𝑟𝑒𝑥𝑡 is a scale to evaluate the learner’s
promotion on her learning goals, which is only given at the
last step of the whole session, elaborated in Section 4.5.

• Discount factor 𝛾 : 𝛾 ∈ [0, 1]. It gives a discount on the im-
portance of future reward when calculating the cumulative
reward.

• High-level Transition Function 𝑝 (𝑠ℎ
𝑡+1 |𝑠

ℎ
𝑡 ): As the time-

varying part of the high-level state is the historical learning
records H , then once a new item is recommended to the
learner and the answer is given, the state transition is record
extension.

• Low-level Transition function 𝑝 (𝑠𝑙
𝑡+1 |𝑠

𝑙
𝑡 ): The low level

state transition is also record extension. If 𝑡 is integer multi-
ple of 𝑁 , the state transition contains the sub-goal change.

During the recommendation process, a session of length 𝑀 is
divided into multiple sub-sessions of N steps, where𝑀 is equal to 𝑘
times the number of sub-sessions (𝑀 = 𝑘 ∗𝑁 ). As depicted in Figure
3, the high-level agent initiates each sub-session by providing a
sub-goal, while the low-level agent recommends learning items
sequentially to achieve this sub-goal within the sub-session.

For the high-level agent, the learner’s learning recordsH𝑡 and
learning goals G are encoded into a vector to form as the high-level
state 𝑠ℎ𝑡 using a shared encoding module. Utilizing 𝑠ℎ𝑡 , the high-level

agent generates a sub-goal 𝑔𝑡 to guide the low-level agent through-
out the N-length sub-session. On the other hand, the low-level
agent’s state, denoted as 𝑠𝑙𝑡 , is composed of two components. The
first component is the same vector as the high-level state, encoding
the learner’s learning history and goals. The second component is
the graph embedding representation of the sub-goal 𝑔𝑡 . Based on 𝑠𝑙𝑡 ,
the low-level agent recommends a learning item 𝑎𝑡 to the learner.

At each time step of the sub-session, the internal reward is 0 until
the end of the sub-session given by a test-based internal reward al-
gorithm to evaluate the learner’s mastery of the sub-goal. Similarly,
the external reward is also 0 during the session until the end as an
evaluation of the learner’s promotion of her learning goals. The
low-level agent is trained by the combination of internal reward
and external reward so that it can recommend items considering
both sub-goal and learning goals. The high-level agent is trained
only on external reward considering that its function is to select
sub-goals appropriately so that the learner can reach her learning
goals faster and better. The technical details of reward mechanism
will be elaborated in Section 4.5.

It should be noticed that the action space of the high-level and
low-level agents is the same, but the meaning of their actions dif-
fers. The high-level agent gives an learning item representing a
concept to acquire, whereas the low-level agent recommends an
item reflecting a specific learning resource (e.g., exercise) related to
the concept. In this paper, due to our recommendation being scaled
to the level of knowledge points, we abstract all of both of them as
learning items.

4.2 High-level Agent
4.2.1 High-level State Encoder. High-level state 𝑠ℎ𝑡 contains infor-
mation of learner historical learning records H𝑡 = { {𝑝1, 𝑠𝑐𝑜𝑟𝑒1},
{𝑝2, 𝑠𝑐𝑜𝑟𝑒2}, ...{𝑝𝑡−1, 𝑠𝑐𝑜𝑟𝑒𝑡−1} } and learning goals G = {𝑔0, 𝑔1 ...}.
We encode H𝑡 with GRU [7] for that it has similar strength with
LSTM but with simpler structure. It receives the one-hot encoded
H𝑡 as input and outputs the final hidden state ℎH𝑡 . Then it will
concatenate with the learning goals’ multi-hot representation ℎG ∈
{0, 1}𝐾 where the learning goals’ indexes are set 1 and others 0.
The final high-level state is encoded as:

𝑠ℎ𝑡 = 𝐶𝑜𝑛𝑐𝑎𝑡 (ℎH𝑡 , ℎ
G
𝑡 ) (2)

4.2.2 High-level Agent Model. The objective of the high-level agent
is to provide sub-goals to the low-level agent for accomplishment.
We opt to employ the Proximal Policy Optimization (PPO) as the
model for the high-level agent due to its recognition as one of the
top-performing advanced reinforcement learning models. [31]. It
contains a policy network (actor) 𝜋ℎ (𝑔𝑡 |𝑠ℎ𝑡 ;𝜃ℎ) that outputs a action
probability distribution under current state, and a value network
(critic) 𝑉ℎ (𝑠ℎ𝑡 ;𝜙ℎ) estimating the return of each state, where 𝜃 and
𝜙 are the corresponding network’s parameters.

For the actor, we feed the 𝑠ℎ into a fully connected layer to output
the probability distribution the learning items, and the sub-goal is
sampled from it:

𝑔𝑡 ∼ 𝜋ℎ (𝑔𝑡 |𝑠ℎ𝑡 ;𝜃ℎ) = Softmax(FC(𝑠ℎ𝑡 )) (3)

where FC is the fully connected layer.
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For the critic, it receives 𝑠ℎ and gives the estimate return of the
state:

𝑉ℎ (𝑠ℎ𝑡 ;𝜙ℎ) = 𝐹𝐶 (𝑠ℎ𝑡 ) (4)
The critic is trained based on the classical mean squared loss

(MSE):

𝐿(𝜙ℎ) = E( | |
𝑇−𝑡∑︁
𝑖=0

𝛾𝑖𝑟ℎ𝑡+𝑖 −𝑉
ℎ (𝑠ℎ𝑡 ;𝜙ℎ) | |)2 (5)

For the actor training, we first calculate a advantage value at each
time step:

𝐴ℎ𝑡 = −𝑉ℎ (𝑠ℎ𝑡 ;𝜙ℎ) +𝑟ℎ𝑡 +𝛾𝑟ℎ𝑡+1 + · · ·+𝛾
𝑇−𝑡+1𝑟ℎ𝑇−1 +𝛾

𝑇−𝑡𝑉ℎ (𝑠𝐻𝑇 ;𝜙ℎ)
(6)

Then in the actor’s training process, it divides one episode’s data
into several epochs to train. We denote 𝜋𝜃𝑘 as the interaction actor
for the k-th epoch. The actor is trained based on the PPO-clip loss
function:

𝐿(𝜃ℎ) = −E
𝑔∼𝜋𝜃𝑘 [𝑚𝑖𝑛(

𝜋𝜃ℎ

𝜋𝜃𝑘
𝐴𝜋𝜃

𝑘

, 𝑐𝑙𝑖𝑝 ( 𝜋
𝜃ℎ

𝜋𝜃𝑘
, 1−𝜖, 1+𝜖)𝐴𝜋𝜃

𝑘

)] (7)

where the 𝑐𝑙𝑖𝑝 (𝑥, 𝑙, ℎ) = max(min(𝑥, ℎ), 𝑙) which restricted 𝑥 in
[𝑙, ℎ]. In this way, the training could be more stable and effec-
tive [31].

4.3 Low-level Agent
4.3.1 Low-level State Encoder. The low-level state encoder share
the same GRU encoder with the high-level agent to encode the
learner’s learning history and learning goals. In addition, the low-
level state 𝑠𝑙 also contains the graph embedding of the sub-goal
ℎ
𝑔
𝑡 .

𝑠𝑙𝑡 = 𝐶𝑜𝑛𝑐𝑎𝑡 (ℎH𝑡 , ℎ
G
𝑡 , ℎ

𝑔
𝑡 ) (8)

4.3.2 Low-level Agent Model. In our HRL framework, the high-
level agent gets a transition everyN steps(every sub-session): (𝑠ℎ𝑡 , 𝑔𝑡 ,
𝑠ℎ
𝑡+𝑁 ), however, the low-level agent gets a transition every step:(𝑠

𝑙
𝑡 , 𝑎𝑡 ,

𝑠𝑙
𝑡+1). So low-level agent can train on more data than the high-level
agent after the same interactions. To avoid the low-level policy
to get ahead of the high-level policy too much, we choose to use
vanilla actor-critic [18] framework as the low-level agent. Another
reason of this setting is that for the high-level agent, the low-level
agent is part of the environment since it will affect the state tran-
sition the high-level agent faces. From experiments, we find this
setting shows advantage.

Actor-Critic trains critic with the same MSE loss as PPO, and
calculates advantage function 𝐴𝑙𝑡 the same as 𝐴ℎ𝑡 only using low-
level’s reward. The main difference between vanilla actor-critic
and PPO is in the actor’s training algorithm. The actor-critic trains
based the simple policy gradient:

𝐿(𝜃𝑙 ) = −E𝑡 [𝑙𝑜𝑔(𝜋𝜃
𝑙

(𝑎𝑡 |𝑠𝑙𝑡 ) ∗𝐴𝑙𝑡 (𝑠𝑙𝑡 , 𝑎𝑡 ))] (9)

4.4 Graph-based Candidate Selector
If the action space of the low-level agent is the whole item set,
The path may contain learning items unrelated to the sub-goal,
and the search space is very large. For example, assume we set
the sub-session’s length N=5, and the item set size K=10. Then for
each sub-goal, the low-level agent’s sub-session path search space

sizes 50. Most of these paths are unreasonable or inefficient. In the
human learning process, we only learn related knowledge points
when we want to acquire a certain learning goal. This "related"
relationship could be discovered from the knowledge graph. Due
to this intuition, we develop a graph-based candidate selector to
constrain the action space for the low-level agent so that the rec-
ommended goal-centered learning paths to achieve the sub-goal
faster and better. This selector plays two roles. First, from the learn-
ing path recommendation’s perspective, it makes the path totally
goal-centered to achieve the goal. Second, from RL’s perspective,
it reduces the exploration space for the agent. We provide two
selection schemes for this candidate selector.

4.4.1 Sub-tree based candidate selection. The knowledge graph
is a digraph with learning items as nodes. An edge (𝑖, 𝑗) in the
graph means that item 𝑖 is the prerequisite item for item 𝑗 . From
this graph, we can extract a sub-goal’s prerequisite nodes as a tree
rooted by the sub-goal and take the nodes in this tree as the action
candidates of the low-level agent.

C𝑠𝑢𝑏𝑡𝑟𝑒𝑒 = 𝑝𝑟𝑒𝑟𝑒𝑞𝑢𝑖𝑠𝑖𝑡𝑒 (𝑠𝑢𝑏𝑔𝑜𝑎𝑙) (10)

where C𝑠𝑢𝑏𝑡𝑟𝑒𝑒 is the sub-tree based candidate set; 𝑝𝑟𝑒𝑟𝑒𝑞𝑢𝑖𝑠𝑖𝑡𝑒 (𝑥)
means all the prerequisite nodes of node 𝑥 .

4.4.2 Graph embedding based candidate selection. Graph embed-
ding [23, 34] aims to learn a scale vector from the graph to represent
each node (item) so that the structure information can be encoded.
We extract related items which are closer to the sub-goal in the
embedding space.

C𝑒𝑚𝑏 = 𝑡𝑜𝑝𝐶𝑖𝑡𝑒𝑚∈I (−||𝑒𝑚𝑏 (𝑠𝑢𝑏𝑔𝑜𝑎𝑙) − 𝑒𝑚𝑏 (𝑖𝑡𝑒𝑚) | |22) (11)

where C𝑒𝑚𝑏 is the graph embedding based candidate set; 𝑒𝑚𝑏 (𝑥)
means the graph embedding of item 𝑥 ; 𝑡𝑜𝑝𝐶𝑥 (𝑓 (𝑥)) means extract-
ing the top 𝐶 with biggest value of 𝑓 (𝑥).

Here, we need a graph embedding model to generate the repre-
sentation of the nodes as to capture the nodes that are close to the
sub-goal node and similar to it. We choose to use node2vec [11]
for it considers the "homophily" and "structural equivalence" of
the graph and can effectively capture the structure and distance of
nodes in the graph. Any graph embedding models could be used
here and we compare representative models in the experiments.

4.5 Reward Mechanism
4.5.1 External reward. Though a signal of whether the learner an-
swering correctly or not is received after recommending a learning
item, it is not appropriate to directly set this signal as the external
reward because our purpose is to maximize the promotion of the
learner’s learning goals. The promotion is obtained at the end of
the learning session, so following [22], the external reward is set
to be the learner’s promotion on learning goals 𝑟𝑒𝑥𝑡

𝑠𝑒𝑠𝑠𝑖𝑜𝑛
= 𝐸P in

Equation 1 which is given only when the session is over. For each
time step, the reward is set by:

𝑟𝑒𝑥𝑡𝑡 =

{
𝑟𝑒𝑥𝑡𝑠𝑒𝑠𝑠𝑖𝑜𝑛, if 𝑡 is the last time step

0, otherwise
(12)

And the high level reward 𝑟ℎ𝑡 is set to be the external reward.
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𝑟ℎ𝑡 = 𝑟𝑒𝑥𝑡𝑡 (13)

4.5.2 Test-based internal reward. The internal reward 𝑟 𝑖𝑛𝑡 evalu-
ates the learner’s mastery level on the sub-goal item. We utilize the
Deep Knowledge Tracing model (DKT) [30] to predict the learner’s
mastery of all the learning items based on her learning records.
However, the DKT can only be trained on the RL’s interaction
records with learners, which would not be so stable and accurate,
so setting the internal reward as the DKT’s prediction value directly
could be insufficient to guide the low-level agent’s training, which
is also confirmed in experiments.

To get an accurate signal of whether the learner has acquired the
sub-goal, we develop a test-based internal reward mechanism. The
idea is that although we cannot get the learner’s mastery level, we
can get the feedback 𝑠𝑐𝑜𝑟𝑒𝑡 of whether she answers the learning
itemwe recommend correctly at each step. Thus we set the sub-goal
as the recommending item at the end of each sub-session, so we
can get the feedback signal and know if she masters the sub-goal.

Additionally, we utilize DKT’s prediction to estimate the learner’s
mastery level, but only when the prediction is greater than a thresh-
old 𝛿𝑡ℎ𝑟𝑒 that we believe the learner has achieved the sub-goal.
(DKT’s output is a scale in [0, 1] representing the mastery level). We
set 𝛿𝑡ℎ𝑟𝑒 larger than 0.5 for that we only want to use DKT to judge
the learner’s mastery when the prediction is certain.

𝑟 𝑖𝑛𝑡𝑡 =

{1, 𝐷𝐾𝑇 [𝑠𝑢𝑏𝑔𝑜𝑎𝑙] > 𝛿𝑡ℎ𝑟𝑒 𝑜𝑟 𝑠𝑐𝑜𝑟𝑒𝑠𝑢𝑏𝑒𝑛𝑑 = 1
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(14)

This test-based internal reward gives us a reliable signal on whether
the learner has mastered the sub-goal. However, there might be
more than one path that could lead the learner to achieve the sub-
goal. The low-level agent should choose the one that could also
provide more promotion on the learning goals. Therefore, differ-
ent from a typical hierarchical reinforcement learning approach
training the low-level agent with internal reward only, we set the
low-level agent’s reward as a combination of the internal reward
that indicates how well the sub-goal has been mastered, and the
external reward that indicates how well learning goals have been
promoted. In this way, the low-level agent can achieve the sub-goal
and maximize the learner’s mastery of learning goals at the same
time.

𝑟 𝑙𝑡 = 𝛼𝑟
𝑖𝑛𝑡
𝑡 + 𝛽𝑟𝑒𝑥𝑡𝑡 (15)

where 𝛼 is the weight for internal reward and 𝛽 is the weight for
external reward, 𝑟 𝑙𝑡 is the low level reward at timestep 𝑡 .

5 EXPERIMENTS
In this section, we first introduce the experimental setup. Then
we compare our model’s performance with several baselines and
discuss the promotion and effects of our model.

5.1 Datasets and Simulators
5.1.1 Datasets. Our experiments are based on two datasets: Junyi1
and ASSITments20152. They both provide learners’ exercising logs.
1https://www.kaggle.com/datasets/junyiacademy/learning-activity-public-dataset-
by-junyi-academy
2https://sites.google.com/site/assistmentsdata/datasets/2015-assistments-skill-
builder-data

Junyi Academy Dataset also provide a prerequisite graph [5] in
which an edge 𝑒𝑖, 𝑗 means item 𝑖 is prerequisite to 𝑗 . However, the
knowledge graph is not provided in ASSISTments2015 so we build
a transition graph [27] as an estimation of the prerequisite graph.
We provide the statistics of these two datasets in Table 1.

5.1.2 Simulators. To evaluate different methods’ recommending
effects, we use the similar experimental environment built in Liu et
al. [22], where two kinds of simulators are developed: Knowledge
Structure based Simulator (KSS) and Knowledge Evolution based
Simulator (KES). Specifically, we develop three simulators: KSS,
KES-junyi and KES-ASSIST. KES-junyi and KES-ASSIST are both
KES and they are based on datasets Junyi and ASSITments2015
respectively.

KSS is a rule-based simulator containing 10 learning items where
the learner’s performance on the knowledge item is measured based
on Item Response Theory (IRT) [24, 25]. KES is a data-based sim-
ulator with a Deep Knowledge Tracing model (DKT) [30] inside
to simulate the learner’s change of knowledge state and the per-
formance on learning items. Since DKT is trained on a specific
dataset, the initial logs from the dataset would be used to simulate
the learner’s initial state.

It should be noted that in the original implementation of KSS,
each learner’s learning behavior is subject to a strict constraint:
the item learned at time step 𝑡 must be close to the previous item
at time step 𝑡 − 1. (Following the cognitive navigation the author
proposed). We alleviate the constraint by imposing a discount on
the learner’s promotion when the learner learns a knowledge graph
item that far from from the previous one. This treatment is more
appropriate for the situation than the hard constraint. Furthermore,
we use the entire dataset to train the simulator’s DKT and only 50%
of it to train our model’s DKT (for calculating the internal reward)
because the DKT cannot predict the learner’s mastery so accurately
in real situation.

5.2 Compared Methods
To demonstrate the effectiveness of our approach, we compare it
with the following methods:

• KNN [6]: A traditional classification algorithm that each sample
can be represented by its nearest K adjacent values. In our envi-
ronment, we use the cosine similarity between the learning paths
to measure the similarity between two learners and recommend
similar items.

• GRU4Rec: Proposed by Hidasi et al. [13] for session-based recom-
mendation. The session is one-hot encoded and embeded before
processed by a GRU network and return the probability of every
item being recommended.

• DQN: One of the basic reinforcement learning algorithms [26]. It
estimates the value of each action (learning item in our case) at
each state by a neural network and recommend with the one with
highest value.

• SAC: Soft Actor-Critic [12]. An advanced off-policy maximum
entropy reinforcement learning algorithm.

• Actor-Critic: Use a GRU encoder and vanilla actor-critic [18] as
recommender.
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Table 1: Dataset Statistics

Dataset Junyi ASSISTments2015
#exercises 835 100
#learners 525,061 69,675
#records 21,460,249 2,420,200
attempts per question 16.42 5.49
positive label rate 54.38% 73.17%

• CB: Contextual Bandits for learning path recommendation [15]. An
learning path recommendation method which model the process
as a contextual bandit as to solve with corresponding method.

• RLTutor: AnModel-based RL method from [19], which presents an
adaptive tutoring system that uses DAS3H [8] to model the behav-
ior of virtual students and use RL agent to recommend learning
items.

• CSEAL: Proposed by Liu et al. [22] which use a DKT as encoder and
vanilla Actor-Critic as recommender with a cognitive navigation
for guidance.

• (ours) GEHRL-ST: The framework we proposed with the sub-tree
based candidate selector.

• (ours) GEHRL-EB: The framework we proposed with the graph
embedding based candidate selector.
We evaluate these methods with the average promotion of the

mastery on the learning goals after path recommendation, which
is given by the converge reward from the simulators.

5.3 Implementation Details
We use MindSpore [1], gym [4], and the simulator code from [22] to
implement our proposed learning path recommendation framework.
Following [22], we set the embedding layer’s dimension in DKT and
GRU encoder to 15 in KSS , 600 in KES-junyi and 64 in KES-ASSIST.
The hidden dimension in GRU is 20, 512, 128 in KSS, KES-junyi
and KES-ASSIST, respectively. We use multiple-layer perceptron
to implement the policy network and value network and set the
two layers’ hidden sizes as 128, 32 in KSS and KES-ASSIST, 512,
256 in KES-junyi. Both high-level agent and low-level agent use
this setting. All the experiments run with 3 random seeds:1, 5, 10.
We use Adam [16] as our optimizer and the learning rate is set to
be 5 × 10−5. And we set the reward weights 𝛼 and 𝛽 to be 1.0 in
all three environments. For the baselines DQN and SAC, we set
the learning rate to 3 × 10−4 because we find it make the models
perform better. The GRU encoder’s setting is the same for all the
RL models. 𝛿𝑡ℎ𝑟𝑒 is set to be 0.9 in all three simulators. The source
code for our proposed GEHRL are available3.

5.4 Overall Performance Comparison
Table 2 reports the overall performance of all methods in three
simulators. Table 2 demonstrates that:

• Our proposed GEHRL-EB outperforms all baselines, and
GEHRL-ST defeats other baselines in many situations too.
The results demonstrate the advantages of our methods.

• Reinforcement learning methods generally outperforms non-
RLmethods in 20-step learning path recommendation, which

3Source code for model implementations: https://gitee.com/mindspore/models/tree/
master/research/recommend/GEHRL

gets benefit from that RL methods can give consideration to
both long-term benefits.

• The best performances are achieved by CSEAL or GEHRL in
all cases, demonstrating that constraining the action space in
a reasonable way could help RL methods get better solution.

The results show that introducing hierarchical reinforcement learn-
ing into learning path recommendation is effective. Furthermore,
the proposed graph-based candidate selector and test-based inter-
nal reward make the framework work better. It should be clear
that there are negative values in KES-junyi due to that there are
835 items in this simulator, and some items never occurred in the
training data. When the DKT model in the simulator encounters
these items, the prediction may be unstable, so the reward could
be negative. We will conduct more detailed experiments in the
following sub-sections.

5.5 Impact of Graph-based Candidate Selector
In our framework, we propose a graph-based candidate selector
to constrain the action space for the low-level agent to achieve
sub-goals. To prove the effectiveness of the candidate selector, we
conduct an ablation study that removes the candidate selection
step. Our framework’s performance on different simulators are
illustrated in Figure 4.
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Figure 4: Ablation study for graph-based candidate selector

We can see from Figure 4 that the framework with the graph-
based candidate selector has better performance. As described in
Section 4.4, this selector could reduce the search space for the RL
agent. To demonstrate this point, we calculate the average size
of exploration space of various methods in Table 3. Our method
reduces search space significantly, and RL agents could explore
such a space to find a suitable policy easily.

5.6 Low-level Reward Study
To illustrate the effectiveness of our proposed low-level agent’s test-
based internal reward mechanism, we compare different reward
settings. Specifically, we compare our setting with 1) DKT-based
internal reward only, which sets the reward equal to the deep knowl-
edge tracing model’s prediction. 2) External reward only, where we
remove the test-based reward and train the low-level agent with
external reward only. 3) Test-based internal reward only where we
train the low-level agent with test-based internal reward only. The
results are demonstrated in Figure 5.

From Figure 5 we can see that test-based internal reward com-
bined with external reward as a low-level agent’s reward achieves
the best result. For the internal reward, test-based reward performs

https://gitee.com/mindspore/models/tree/master/research/recommend/GEHRL
https://gitee.com/mindspore/models/tree/master/research/recommend/GEHRL
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Table 2: Performance comparison for learning path recommendation methods.

KNN GRU4Rec DQN SAC Actor-Critic CB RLTutor CSEAL GEHRL-ST GEHRL-EB

KSS
Step = 5 0.1607 0.1792 0.2627 0.2714 0.2385 0.1355 0.2947 0.3313 0.3062 0.3784
Step = 10 0.4227 0.4133 0.2701 0.3692 0.4811 0.3610 0.5108 0.5175 0.6089 0.6241
Step = 20 0.3851 0.1905 0.3855 0.2665 0.5051 0.3891 0.6227 0.6833 0.8333 0.8808

KES-junyi
Step = 5 0.0102 -0.0974 -0.1069 -0.4647 0.2852 0.1147 -0.0797 0.2401 -0.0342 0.2868
Step = 10 -0.1205 -0.1227 -0.1386 -0.2873 0.1259 0.1691 -0.1037 0.3071 0.0269 0.3463
Step = 20 0.1405 0.0011 0.2105 0.2140 0.3183 0.3128 -0.1306 0.3942 0.5626 0.6622

KES-ASSIST15
Step = 5 0.3544 0.3592 0.4214 0.5459 0.4327 0.4986 0.5623 0.5621 0.5751 0.5858
Step = 10 0.2586 0.2433 0.5230 0.4817 0.5913 0.5394 0.7069 0.6954 0.6707 0.7508
Step = 20 0.1644 0.1025 0.3675 0.1543 0.7282 0.6413 0.8713 0.8015 0.8352 0.8826

Table 3: Various methods’ average search space sizes.

Total space CSEAL Ours

KSS 1010 3.4 × 106 5.9 × 104
KES-junyi 83510 5.3 × 1015 5.9 × 1014
KES-ASSIST15 10010 5.5 × 1010 1 × 1010
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Figure 5: Compare the performances with different settings
of low-level agent’s reward

better than DKT-based reward, demonstrating that test-based in-
ternal reward is more trustworthy. In addition, training with only
test-based internal reward or external reward could not reach an
appreciable result, proving that the low-level agent should give
consideration to the improvement of sub-goal and learning goals.
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Figure 6: Compare the performances with different settings
of graph embedding model.

5.7 Agent Model Study
In our setting, we employ PPO as the high-level agent model and
vanilla Actor-Critic as the low-level agent. The reason is that the

low-level agent can get one transition for training at each step in
one session, but the high-level agent can only get one transition
every sub-session (every N step). To keep the high-level and low-
level agents in the same training rhythm, we set the high-level
agent as a more advanced model. To show the importance of this
balancing operation, we conduct experiments on different agent
model combinations. The results are showed in Figure 7. The results
demonstrate that an advanced high-level policy combined with a
simple low-level policy could perform the best because the low-level
agent could get more training samples in one session.
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Figure 7: Comparing different combinations of high-level
agent and low-level agent

5.8 Graph Embedding Model Study
As explained in Section 4.4.2, our graph embedding-based candidate
selection algorithm can be combined with any graph embedding
model. We compared the effects of representative graph embedding
models like node2vec [11], deepwalk [29], TransE [3], GCN [17],
as shown in Figure 6.

It can be seen from Figure 6 that node2vec achieves the best
overall results. In our model, the main function of graph embedding
is to capture nodes close to or similar to the sub-goal nodes in
the knowledge graph for use as candidate sets. A simple model
like node2vec can achieve this. It considers the "homophily" and
"structural equivalence" of the graph by adjusting the random walk
weight, which can effectively capture the structure and distance
of nodes in the graph. TransE performs poorly in KES-junyi with
a large number of learning items. It is more suitable for graphs
with different kinds of edges. In our graph, there is only one edge.
GCN is difficult to converge to a good result because it is trained
based on RL’s loss and does not take the node distance information
and similarity as the training target. Deepwalk works similarly to
node2vec, while it doesn’t consider the "homophily" and "structural
equivalence" of the graph.
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Figure 8: Parameter sensitiveness of 𝛼 : 𝛽
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Figure 9: Parameter sensitiveness of candidate set size 𝐶.

5.9 Parameter Sensitivity
Our model has three key parameters: embedding-based candidate
size 𝐶 and low-level reward weights 𝛼 and 𝛽 . We conduct experi-
ments with different parameter settings of them. Figure 8 shows
the sensitivity of 𝛼 and 𝛽 . We can see that the weight distribution
of the two rewards greatly impacts the performance, and different
datasets have their best-fitting parameters, respectively. This is
mainly due to the stability of different simulators. The more sta-
ble the simulator is, the external reward is more trustworthy and
should be weighted higher. Among simulators used in the experi-
ments, KSS is the most stable because of its rule-based simulation,
and KES-junyi is the most unstable one due to the unseen items in
training data which makes the reward in large variance. We can
see from Table 2 that the rewards are in great variance.

Figure 9 shows how performance changes with 𝐶 . We discuss a
few observations here. Firstly, in KES-ASSISTments15 where the
item set size is 100, the performance achieves peak when 𝐶 = 10,
while in KES-junyi where the item size is 835, the performance
achieves peak when the candidates size is 15. This indicates that
candidate size grows with the learning item set size, but their rela-
tionship is not linear. This is because the search space of learning
paths grows exponentially with the candidate size. Second, we can
see in KES-junyi and KES-ASSISTments15 that the performance
does not change monotonically with candidate size, indicating that
the candidate size should not be too small to exclude the best solu-
tion, nor too large to explore.

5.10 Case Study
Figure 10 shows an example from the experiments in KSS of differ-
ent models recommending learning paths for the same learner with
learning goals indexed 0, 3, and 7 within maximum 20 steps. Goal 0
is a basic knowledge point that most learners have acquired prior
to taking the path which the agents should acquire this information
during training.

Actor-Critic recommends some basic items and comes to 7 at last,
which is not a reasonable path for achieving these learning goals.
Therefore, it ends with goals 3 and 7 unfinished. CSEAL recommend
inefficient paths containing learning items unrelated to the goals.
As an example, the recommended path includes irrelevant items 2

and 8. Furthermore, the path to achieving goal 7 contains too many
itemswith item 6, which is ineffective. The reason behind this is that
CSEAL lacks a lower-level agent that can learn how to accomplish
a specific goal. As a result, the path may be ineffective due to the
inclusion of redundant actions. Through training, our GEHRLmodel
acquires the understanding that goal 0 is already mastered by the
majority of learners. Therefore, in the initial sub-session (which has
a length of 5), themodel sets the sub-goal as item 3 and accomplishes
it by recommending the prerequisite items 0 and 1. Once the learner
has successfully accomplished goal 3, the sub-goal is updated to the
final goal 7. Our approach achieves this sub-goal through a shorter
path compared to CSEAL. This is attributed to the effectiveness
of our low-level agent, which possesses a better understanding of
how to achieve individual goals.Finally, the learner has completed
all learning goals. The effectiveness of our approach is evident in
the capabilities of our high-level agent to offer sensible sub-goals
and our low-level agent to suggest paths exclusively consisting of
goal-related learning items.

The reason for the repetition of recommending the same item
in the learning path is due to our experimental setup, where the
recommended learning item is set as a knowledge concept. The
purpose of this repetition is to enable the learner to engage with
different resources (exercises or videos) related to that particular
knowledge concept, thereby deepening their understanding and
mastery of it.
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Figure 10: Different models’ recommending learning paths
for a learner with goal learning items 0,3,7

6 CONCLUSION
We present a graph-enhanced hierarchical reinforcement learning
framework for goal-oriented learning path recommendation, in-
cluding a high-level agent and a low-level agent to overcome the
under-utilization of learning goals and offer efficient goal-oriented
paths. To improve the framework’s exploration ability, we pro-
pose a graph-based candidate selector and a test-based internal
reward mechanism. Extensive experiments show the framework’s
usefulness in recommending learning paths to achieve learner goals
efficiently.
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