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Abstract

In online art education, the learning path has strong non-linear dependence and significant individual
differences. Traditional sequential recommendation methods are inefficient because they struggle to
dynamically model the skill topological constraints. This paper proposes a personalized art learning
path recommendation algorithm named Art-DQN, which integrates graph attention networks and
improved deep Q networks. Firstly, an art skill directed topological graph is constructed, and the graph
attention network is used to extract high-order neighborhood features of the learner's skill state;
Secondly, a dual-channel feature fusion module is designed, combining the skill graph features with the
behavior sequence features encoded by LSTM and inputting them into the Q network; Finally, an &-
greedy exploration strategy based on skill topological constraints and a prioritized experience replay
mechanism are proposed. Experiments on a dataset containing 500 real learners' logs and 1000
simulation trajectories show that the average skill mastery time of Art-DQN is 32.4 steps, which is 22.3%
lower than that of the standard DQN, the target skill achievement rate reaches 92%, the number of
prerequisite violations is 0, the path redundancy is as low as 0.09, and the convergence speed is
increased by 41%. Ablation experiments verify the independent contributions of the dual-channel fusion
and dynamic reward weights, and parameter sensitivity analysis and robustness tests further prove the
stability of the algorithm. This algorithm provides an effective solution that combines structural
constraints and personalized adaptation for intelligent recommendation in art education.
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1. INTRODUCTION

In recent years, with the development of digital technology and the popularity of online education
platforms, art learning has gradually broken through the time and space limitations of traditional
apprenticeship-style teaching [1]. More and more learners are obtaining art-related course resources
such as painting, design, and music through the Internet. However, while online art education brings
convenience, it also faces severe challenges in personalized recommendation. Unlike subjects with clear
knowledge hierarchies and linear progression, art learning has strong nonlinear characteristics and
individualized expression needs [2],[3],/4]. Learners' art foundation, aesthetic preferences, and creative
styles vary, and the mastery speed and transfer effect of the same skill can vary significantly across
learners. Existing recommendation systems mainly adopt collaborative filtering, knowledge graph-
based path recommendation, or standard sequence recommendation methods [5],|6]. These methods
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often assume that learning paths can be predefined by expert rules or statistically derived from group
behavior patterns, which struggle to adapt to the common jumping progress, bottleneck periods, and
cross-skill integration phenomena in art learning.

The contradiction between the nonlinear characteristics of art learning skill development and
traditional sequence recommendation methods constitutes the core research motivation of this paper [7].
In traditional sequence recommendation, algorithms usually model the learning process as a fixed skill
chain or tree-like structure, and the recommendation strategy tends to progress step by step according
to the preset difficulty level [8],[9]. However, in art learning practice, the learning trajectory of learners
is not a simple linear accumulation - a learner who already has strong observational ability may, through
the practice of color courses, retroactively enhance their understanding of the light-dark relationship in
sketching before fully mastering it. This non-monotonic, non-linear learning pattern makes the
recommendation methods based on fixed sequence or a single knowledge graph rigid and inefficient
[10],[11],[12]. Moreover, subjective factors such as learner interests and sudden inspiration further
increase the difficulty of path prediction [13]. Therefore, designing a recommendation algorithm that
can adapt to individual differences of learners, dynamically plan the learning sequence, and respect the
inherent dependency structure of art skills becomes a key problem to be solved in the field of online art
education.

To address these challenges, this paper proposes a path recommendation architecture that integrates
an art skill topological graph with deep reinforcement learning. The main innovative contributions
include the following three aspects. First, an art skill directed topological graph is constructed, and the
graph attention network is used to structurally embed the learner's skill mastery status, enabling the
state representation to explicitly model the pre-requisite dependencies and higher-order correlation
information between skills, breaking through the limitation of traditional vector representation that
cannot express skill relationships. Second, an improved deep Q-network with dual-channel feature
fusion is designed, which integrates skill topological features and learning behavior temporal features
in a unified Q-network, enabling the algorithm to not only perceive the global constraints of the
knowledge structure but also capture the individual learner's behavior patterns and rhythm preferences.
Third, an exploration strategy based on skill topological constraints and a priority experience replay
mechanism are proposed, which enforce the pre-requisite rules in the reinforcement learning decision-
making process, eliminate invalid recommendations, and accelerate algorithm convergence by
prioritizing the sampling of high-difficulty skill transition samples. Through sufficient experiments on
real art course logs and simulation extended data, the proposed algorithm has been verified to be
significantly superior to existing baseline methods in terms of learning efficiency, path quality, and
convergence performance, providing a technical solution with structural constraints and personalized
adaptation capabilities for the intelligent recommendation scenario of art education.

2. ALGORITHM MODEL DESIGN

2.1 Modeling of skill dependency and graph embedding

Artistic learning exhibits distinct characteristics of skill progression. For instance, the perspective
and light-dark relationships in sketching serve as the prerequisite for understanding light and shadow
in color learning, and the ability to compose depends on the grasp of form and space [14],[15]. To
formalize this dependency structure, this paper constructs a directed topological graph G = (V,€),
where the node set V = {v,,v,, ..., vy} represents N atomic skill units (such as “line control”, “tone
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transition”, “color cold and warm matching”, etc.), and the directed edge set € = {(v; - v;)}
represents that skill v; is a necessary prerequisite for learning skill v;. The construction of this graph
is based on the expert knowledge in the field of art education and the hierarchical structure of the course
outline, ensuring that there are no directed cycles in the graph, forming a topological structure of a
directed acyclic graph [16].

For any learner, their skill mastery state at time ¢ can be represented as a binary vector m; €
{0,1}V, where m;; =1 indicates that skill v; has been mastered. However, merely having the
mastery state is insufficient to describe the current learning position of the learner, because correlations
exist between different skill nodes; mastering one skill may implicitly lead to partial mastery of its
adjacent skills [17],[18],[19]. Therefore, this paper adopts graph attention networks to enhance the
representation of the learner's skill state [20]. Given the node feature matrix H € RV*¢ corresponding
to the currently mastered skill set, where each row h; is the initial embedding vector of skill v;
(obtained by random initialization or pre-training), the graph attention mechanism calculates the
attention coefficient of node v; to its neighbor node v; € V(i) as follows:

LeakyReLU(a' [Wh; || Wh;
o exp( eakyRe (a [ ]])) o

L Sken exp (LeakyReLU(aT [Wh; I| Why]))

Here, W € R4'%4 is a learnable linear transformation matrix, and a € R24’ is the attention
parameter vector. The || symbol represents the vector concatenation operation. N (i) is the set of
neighbor nodes of node v; (including the preceding and following skills). LeakyReLU serves as the
non-linear activation function. After the single-layer graph attention, the updated representation of node
v; is:

JeN (@)

Here, a(-) represents the ELU activation function. By stacking two layers of graph attention
networks, the embedding vector of each skill node can aggregate the information of its higher-order
neighborhood (i.e., the skill nodes at a distance of 2). The skill enhancement feature vector g, € R%
of the learner at time t is obtained by performing weighted pooling of the mastery states of all skills
and the graph embeddings:

N
ge= ) Myl 3
i=1

The vector g; not only contains the skills that the learner currently possesses, but also implicitly
expresses through the graph structure the positions of these skills in the overall knowledge topology as
well as information about skills that are adjacent to those mastered but not yet mastered themselves.
This provides a structured state representation for the subsequent path recommendation [21].

2.2 Improved deep Q-network architecture (art-DQN)

Under the reinforcement learning framework, the path recommendation problem is modeled as a
Markov decision process [22]. This paper proposes an improved deep Q-network architecture, called
Art-DQN. The core innovation of this architecture lies in the composite design of the state space and
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the dual-channel feature fusion network. The state space consists of two parts: the first part is the skill-
enhanced feature vector g; € RY at time ¢ (from Section 2.1); the second part is the historical
sequence of the learner's recent L learning behaviors. Let the behavior sequence be
{at_1+1,Q¢—142, -, as}, Where each action a; corresponds to a selected learning unit (belonging to
the action space). Each action is mapped to a vector e(a,) € R% through a learnable embedding layer.
Then, this sequence is input into a single-layer long short-term memory network (LSTM) to capture the
temporal dependency patterns in the behaviors [23],[24]:

Sieq = LSTM(e(a¢-r+1), €(@¢-r+2), -, €(ar)) (4)

Here, Sieq € R% represents the hidden state of the LSTM at the last time step. The final complete

. 14
state vector is s; = [g; | s; ] € R4 +ds,

The action space A is the set of all candidate learning units, including specific skill practice items,
micro-course modules, or creative tasks, totaling | A |[= M discrete actions. The design of the reward
function directly affects the quality of the learning path [25]. In this paper, the reward is decomposed
into short-term and long-term components, and fused through dynamic weight coefficients. The short-
term reward
learning unit:

rtShO” is defined as the immediate efficiency of the learner after completing the current

T

short _
Tt =n- Hcomplete -1

(5)
Tmax

Here, Ieompiete is an indicator function. It takes the value of 1 when the learner successfully
completes the current learning unit and 0 otherwise. 1 represents the completion reward coefficient;
T; is the time spent on completing the current unit, and T, is the expected maximum time

ng

consumption. A is the time penalty coefficient. The long-term reward rtlo measures the progress in

skill acquisition and learning retention after this learning session:

N

rtlong = Z(mtﬂ,i — ;) - w; + B - Retention(t) (6)
i=1

Here, fii;; € [0,1] represents the continuous level of skill mastery (distinct from the binary
version), and w; is the importance weight of skill v; (determined based on its out-degree in the
topology graph or expert annotations); Retention(t) is the learning retention function, which can be
set as the normalized value of the learner's test accuracy for the current unit content one week later, and
B 1is its weight coefficient. The overall reward is:

I
re =y e+ (1—y,) 'T‘tong (7)

Here, y; € [0,1] is the dynamic weight adjustment factor, defined as y; = (8 - (teyrrent — tmid));
that is, in the early learning stage, it leans towards long-term rewards to establish a solid foundation,
and gradually increases the weight of short-term rewards in the later learning stage to improve efficiency.

The innovation of the network structure of Art-DQN lies in the dual-channel feature fusion module.

q

The skill-enhanced feature g; and the behavioral sequence feature sie are respectively passed

through two independent fully connected encoding layers, resulting in dimensionally aligned

intermediate representations £ and fP*"*. Subsequently, they are interacted through a fusion layer:
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ffesed = ReLU(UfM!+ VP +b) (8)

Here, U,V are learnable fusion matrices, and b is the bias term. The fused features are then
passed through two fully connected layers to output the Q value Q(s;, a; 8) for each action, where 6
represents all the parameters of the network. The update of the Q value adopts the standard temporal
difference loss function of DQN [26]:

2
£00) = Egsyapryserny- | (7t + m3x Qs11,0'507) = QG ais0)) | 9

Here, D represents the experience replay pool, and 6~ is the parameter of the target network.
Every fixed number of steps, the parameters are updated by copying from 6.

2.3 Path stability and exploration strategy improvement

The e-greedy strategy in standard DQN explores the action space in a uniformly random manner,
which may cause serious problems in the art learning scenario: the learner may be recommended higher-
level content for which they have not yet mastered all the prerequisite skills, thereby causing learning
frustration and resulting in path interruption. To address this, this paper proposes an g-greedy strategy
based on skill topological constraints. Let Viagerea & V' be the set of skills mastered by the current
learner. For any candidate action a corresponding to the skill unit v,, its pre-requisite set is denoted
as Pre(v,) = {v; € V: (v; = v,) € £}. The feasibility flag of the action is defined as:

1 if Pre(vy) € Viyastered

Feasible(a) = {O otherwise

(10)

The improved exploration strategy conducts exploration with probability &, but the explored
actions are only uniformly sampled from the feasible action set Ag.,qin1c = {@ € A:Feasible(a) = 1};
it proceeds with exploitation with probability 1 — ¢, selecting the action with the highest current Q
value, which is also constrained within the feasible action set. This constraint ensures that the
recommended learning units always satisfy the prerequisite dependency of skills throughout both the
exploration and exploitation phases, fundamentally avoiding ineffective recommendations.

The sampling mechanism of the experience replay pool has also been specifically improved. The
traditional uniform sampling treats all experience transfer samples equally, but the difficulty of different
skill transitions varies significantly [27],[28]. The skill transition difficulty index Diff(v; - v;) is
defined as the normalized value of the average number of learning units required to master skill v;
(counted from mastering v;). For an experience sample (Sy a1y’ Sgq1), its priority p is defined as:

a
p= (max Diff(vyrey — vj)) (11)

UjEAV

Here, AV represents the set of newly acquired skills from s; to s;yq, while v, denotes the

skill recently mastered before the transition. The parameter a > 0 is an exponential parameter used to

B
adjust the priority intensity. The sampling probability is P(i) = %, where [ is the normalization
Py
k

index parameter. This prioritized sampling mechanism enables more frequent replay of learning
experiences involving high-difficulty skill transitions or crossing multiple levels of skills, thereby
accelerating the algorithm's learning of the critical path. Additionally, to compensate for sampling bias,
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v
an importance sampling weight w; = (ﬁ . %1)) is introduced when calculating the temporal
difference loss, where v is the deviation correction coefficient. Through these two improvements, Art-
DQN not only ensures the validity of the learning path topology but also significantly enhances the
utilization efficiency of critical learning experiences, making the recommended path both stable and

efficient.

3.EXPERIMENTAL DESIGN AND VALIDATION

3.1 Experimental environment and dataset

In order to evaluate the performance of the proposed algorithm under controllable and reproducible
conditions, this paper builds a simulation environment specifically for the art learning scenario based
on the OpenAl Gym framework, called ArtLearnEnv [29]. The core of this environment is a skill
transfer probability model and a knowledge decay model based on the Ebbinghaus forgetting curve [30].
There are N = 48 atomic skill nodes in the skill topology graph, which are divided into three levels:
basic (sketching, lines), advanced (color, texture), and high-level (composition, creative style). The
actual mastery degree p;; € [0,1] ofskill v; by the learner at time t follows the following dynamic
update rule: When the learner is recommended to learn unit a (corresponding to skill v,) and
completes the learning, the update of their mastery degree is:

| d(i,a)l
Pt+1i =DPtit ai- (1 - pt,i) - exXp ( _¥) (12)

Here, ¢,; ~ Beta(a = 2, = 5) represents the random transfer gain coefficient, d(i,a) is the
shortest path distance between skill v; and the target skill v, in the topology graph, and 7 = 2 is the
distance attenuation constant. This formula indicates that learning a skill not only enhances the skill
itself but also promotes the mastery of adjacent skills in an attenuated manner. The forgetting model
attenuates the skills that have not been reviewed every At = 3 simulation days:

At
DPt+ati = Pt,i - €Xp ( - K_l) (13)

Among them, k; represents the half-life parameter of skill v;, with a value range of 5 to 20 days
(the half-life of basic skills is longer). The simulation environment also includes a fatigue factor f; €
[0,1] for learners, which affects the probability of completing the learning: Peompiere = 0(P -
(Pt current — ft)), where p = 3.0. f; increases linearly with consecutive learning steps and resets after
a rest.

The dataset consists of two parts. The first part is the real-world collected behavioral logs of art
courses, sourced from the learning records of an online art education platform over a 3-month period,
and 500 learners with more than 20 interactions were selected. Each log contains the learner's 1D,
timestamp, learning unit identifier, completion status (success/abandonment/partially completed), and
self-assessed skill level before and after the lesson (a 5-level Likert scale). 15,842 valid learning transfer
samples were extracted from these original logs. The second part is synthetic extended data, generated
using the ArtLearnEnv simulation environment to align with the distribution of the real data, with 1000
complete learning trajectories (each trajectory contains 30 to 60 learning steps) to compensate for the
lack of long-tail skill samples in the real data [31]. The final merged dataset is divided into training set,
validation set, and test set in a ratio of 7:1.5:1.5, where the training set is used for Art-DQN and all
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baseline models' parameter learning, the validation set is used for hyperparameter tuning, and the test
set is used for final performance evaluation [32].

A total of four baseline groups were set for comparison. Random recommendation selects a
learning unit uniformly at random from the set of actions at each decision step. Knowledge Graph-based
path recommendation (KG-Rec) uses the same skill topology graph as this paper, adopts a breadth-first
search rule, and prioritizes recommending the unlearned predecessor nodes closest to the current skill
mastery center. Standard DQN uses traditional state representation (only the skill mastery vector) and
uniform experience replay. The PPO algorithm, as a representative baseline of advanced policy
optimization methods, uses the same state and action spaces, and sets the clipping parameter of its target
function to 0.2. All reinforcement learning algorithms are trained for 2000 rounds, with a maximum
step limit of 50 steps per round (if all target skills are achieved before, the training is terminated early).
The learning rate is uniformly set to 3 X 10™*, the discount factor y = 0.95, and the target network
update frequency is 100 steps [33].

3.2 Evaluation indicators

This paper sets evaluation indicators from three dimensions: learning efficiency, path quality, and
algorithm performance. In terms of learning efficiency, the average skill acquisition time Ty 1S
defined as the average number of learning steps required for learners to master all 48 skill nodes from
the initial state (calculated based on all trajectories in the test set), and the fewer the steps, the higher
the efficiency. The target skill achievement rate R,,, examines the proportion of learners who
complete the preset 5 advanced target skills (corresponding to creation, color composition, spatial
perspective, etc.) within the given maximum step limit (set at 40 steps):

K
1
Rgoal = Ez I ( tg’}'ix pt,goalk = 08) (14)
k=1 ax
Here, K = 5 represents the total number of target skills, Tj,5x = 40 is the maximum allowable
number of steps, and [(-) is the indicator function.

In terms of path quality, the number of prerequisite violations is defined as the total count of
learning units that do not satisfy the prerequisite relationship in the recommended sequence. This
indicator directly reflects the degree to which the algorithm complies with the knowledge topological
constraints, and the ideal value is 0. The "Redundancy" of the learning path is used to measure the
proportion of unnecessary learning in the path:

Lpath
Redundancy = Z I ( max Dist(a;,Goal) > Dist(at_l,Goal)> (15)
path P JjE€Succ(ag)

Here, Ly, represents the total number of steps in the path, Succ(a,) is the set of subsequent

skills for action a;, and Dist(a,Goal) is the shortest path length from the skill node a to any target
skill. Redundancy is the proportion of steps in the path that cause the distance from the goal to be greater.

In terms of algorithm performance, the convergence speed is measured by the training round
number E_,,,, defined as the minimum number of rounds required for the average reward over 50
consecutive rounds to reach 95% of the final convergence value. The average reward convergence value
Qpnar 18 the average single-step reward over the last 100 training rounds. The reward function is as
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described in Section 2.2, where the coefficients are set as: n = 5.0, 4 = 0.5, § = 0.3, and the initial
dynamic weight y, = 0.2, the final value y,, = 0.7.

3.3 Analysis of experimental results

First, a complete evaluation of all five methods was conducted on the test set, and the results are
shown in Table 1. Art-DQN significantly outperformed all the baseline methods in all core indicators.
In terms of the average time for mastering skills, Art-DQN only needed 32.4 steps to complete the
learning of all 48 skills, which was 22.3% less than that of the standard DQN (41.7 steps) and 16.7%
less than that of PPO (38.9 steps). In terms of the achievement rate of target skills, Art-DQN reached
92%, while random recommendations were only 44%. Particularly noteworthy is the number of
violations due to pre-requisite violations. Random recommendations and standard DQN, due to the lack
of topological constraints, respectively generated 5.8 and 3.2 violations on average, while Art-DQN
achieved zero violations, fully verifying the effectiveness of the skill topological constraint e-greedy
strategy. The path redundancy of Art-DQN was 0.09, which was much lower than 0.21 of KG-Rec,
indicating that its path was more compact and efficient.

Table 1. Overall performance comparison of each algorithm on the test set

. Aver?g_g Skll.l Target skill o Number of violations of ~ Path Average reward
Algorithm acquisition time achievement rate (%) .
preposition usage | redundancy |  convergence value 1
(steps) | 1

Random 583+42 44 58+1.1 0.34 +0.05 1.82+0.21
KG-Rec 46.7+3.1 68 0.0+0.0 0.21+£0.03 2.45+0.18
Is)tgll\?ard 41.7+28 76 32+09 0.18£0.04  3.12£024
PPO 389+25 81 24+£0.7 0.14 £0.03 3.56 £0.20
Art-DQN 324+£2.0 92 0.0+0.0 0.09 +0.02 438+0.17

Figure 1 presents the average reward convergence curves of five algorithms during training. The

x-axis represents the number of training rounds (0 - 2000), and the y-axis represents the average reward
value every 100 rounds (the average of 10 independent runs was taken and smoothed using a moving
average with a window size of 5).
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Figure 1. Convergence curves of training rewards for different algorithms in the ArtLearnEnv

environment

Random recommendation and KG-Rec, due to their lack of learning ability or weak learning ability,
always maintain a relatively low reward curve (converging to around 1.8 and 2.5 respectively). The
standard DQN experiences a rapid increase in the first 300 rounds, but then levels off after
approximately 800 rounds, eventually converging to around 3.1. PPO converges slightly faster than the
standard DQN, with a final value of approximately 3.6. The curve of Art-DQN shows the steepest initial
upward slope, reaching 95% of the convergence value (convergence round number E,,, = 460)
around the 450th round, while PPO requires 620 rounds and the standard DQN requires 780 rounds.
The final convergence value of Art-DQN reaches 4.38, significantly higher than other methods,
indicating that the dual-channel feature fusion makes the Q-value estimation more accurate, and the
prioritized experience replay accelerates the learning of high-value transfer patterns.

To quantify the independent contributions of the two core innovations, namely the dual-channel
feature fusion module and the dynamic reward weight, two ablation variants were designed: Art-DQN
w/o Fusion, where the dual-channel fusion is replaced with simple vector concatenation and directly
input to the fully connected layer (retaining all other settings); Art-DQN w/o Dynamic Weight, where
the dynamic weight y; in the reward function is fixed to a constant 0.5 (i.e., short-term and long-term
rewards are equally weighted). Table 2 shows the performance comparison of the three versions on the
test set.
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Table 2. Comparison of ablation experiment results

Model variant Average skill acquisition ~ Target skill achievement  Path Average reward
time (steps) | rate (%) 1 redundancy | convergence value 1

Art-DQN (complete) 324 92 0.09 438

Art-DQN w/o Fusion 36.8 (+13.6%) 84 0.13 391

Art-DQN w/o Dynamic Weight ~ 35.1 (+8.3%) 87 0.11 4.05

After removing the dual-channel fusion module, the average skill acquisition time increased from
32.4 steps to 36.8 steps, with a relative increase of 13.6%, while the target skill achievement rate
decreased by 8 percentage points. This indicates that the interactive fusion of skill graph features and
behavioral temporal sequence features is crucial for the completeness of state representation: simple
concatenation cannot fully exploit the nonlinear correlation between the two types of features, resulting
in underfitting of Q-networks for certain skill transfer patterns (such as multi-level learning transitions)
that require long-term memory. The impact of removing the dynamic reward weight was relatively
small but still significant, with the average skill acquisition time increasing by 8.3% and the reward
convergence value dropping to 4.05. Fixed weights made the algorithm overly focus on short-term
efficiency in the early exploration stage and neglect the solid mastery of basic skills, and lacked
sufficient short-term rewards to optimize the learning rhythm in the later stage, leading to a slight
increase in the final path redundancy.

Art-DQN involves two key hyperparameters: exploration rate decay coefficient &gecqy and
experience replay priority coefficient a. Figure 2 shows the average number of rounds required to
converge (on the x-axis is the decay coefficient, on the y-axis is the convergence rounds) under different
Edecay  Settings (0.90, 0.95, 0.99, 0.995, 0.999), as well as the corresponding final average reward

values (represented by a line superimposition, on the right y-axis). When &gecqy = 0.99, the
convergence speed is the fastest (460 rounds), and the final reward is the highest (4.38). A too small
decay coefficient (0.90) leads to premature exploration termination, causing the algorithm to fall into
local optimum (the final reward is only 3.65); a too large decay coefficient (0.999) prolongs the
exploration stage, delays convergence to 720 rounds, but due to more thorough exploration, the final
reward still remains at a relatively high level (4.29). This result indicates that the decay coefficient of
0.99 achieves the best balance between convergence speed and final performance.
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Figure 2. The influence of exploration rate attenuation coefficient on convergence speed and

final reward

For the experience replay priority coefficient «, the experiment varied it from 0 (i.e., uniform
sampling) to 1.5 with a step size of 0.25. The average skill acquisition time and the number of pre-
requisite violation occurrences were recorded. The results are shown in Table 3. When a =0, it
degenerates to uniform sampling. The average skill acquisition time is 38.9 steps and the number of
pre-requisite violation occurrences is 1.2 times (due to the uneven sampling, the learning of the
constraint samples is insufficient, and a few missed violations still occur). As a increases to 1.0, both
indicators continue to improve, reaching the optimal value at a« = 1.0 (32.4 steps, 0 violations).
Continuing to increase to 1.25 and 1.5, the performance shows a slight decrease (33.1 steps, 33.7 steps).
This is because the excessively high priority weight causes the high-difficulty transition samples to be
over-sampled, resulting in a sharp decrease in the diversity of the experience replay pool, and causing
deviations in the Q-network's fitting of other conventional transfer patterns. Therefore, « = 1.0 was
selected as the final setting.
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Table 3. The impact of experience replay priority coefficient a on learning performance

Priority coefficient

Average time for skill

Number of violations of preposition

Effective diversity index of the

o acquisition (steps) usage rules experience replay pool
0.00 38.9 1.2 0.87
0.25 36.4 0.8 0.82
0.50 35.0 0.4 0.76
0.75 33.7 0.1 0.71
1.00 324 0.0 0.68
1.25 33.1 0.0 0.52
1.50 33.7 0.0 0.41

To verify the adaptability of Art-DQN to learners with different initial levels of skills, the learners
in the test set were divided into three groups based on the number of skills they initially mastered
(calculated from the manually annotated pre-tests): the beginner group (0-8 skills, 62 people), the
advanced group (9-20 skills, 58 people), and the advanced group (21 or more skills, 55 people). Art-
DQN and the strongest baseline PPO were run separately for each group, and the path redundancy and
the rate of achieving the target skills were recorded. The results are shown in Figure 3.

0.30 100
B Art-DQN Redundancy 96%
[ PPO Redundancy 94% -
== Art-DQN Goal Rate 4 F95
0.251 =#= PPO Goal Rate -
- - oros ~
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(0-8 skills) (9-20 skills) (21+ skills)

Learner Initial Level Groups

Figure 3. Comparison of path quality among different initial level learner groups

The horizontal axis represents the learner groups, while the left side of the vertical axis shows the
path redundancy (bar chart), and the right side shows the target skill achievement rate (line chart). For
the beginner group, the path redundancy of Art-DQN is 0.12, and that of PPO is 0.19; the target skill
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achievement rate of Art-DQN is 86%, and that of PPO is 74%. For the advanced group, the gap between
the two decreases but Art-DQN still has the advantage (redundancy 0.08 vs 0.12, achievement rate 94%
vs 87%). For the high-level group, the performance of both is close (redundancy 0.06 vs 0.07,
achievement rate 96% vs 94%). This indicates that Art-DQN is most effective for learners with weak
initial knowledge reserves, as the skill topology constraint mechanism can effectively guide them to
avoid skipping levels; while for advanced learners, due to the larger set of possible actions and the
mastery of skills, the differences among the methods naturally decrease. Overall, Art-DQN maintains
the lowest path redundancy and the highest achievement rate under all three distributions, demonstrating
excellent robustness.

4. ANALYSIS OF ALGORITHM EFFICIENCY AND COMPLEXITY

The computational efficiency and resource consumption of the algorithm in actual deployment are
the key indicators for evaluating its usability. This section conducts a quantitative analysis of Art-DQN
from two dimensions: time complexity and space complexity, and compares it with the standard DQN
and PPO algorithms. All complexity analyses are based on the following unified settings: the number
of nodes in the skill topology graph N = 48, the embedding dimension of the graph d' = 64, the
length of the behavior sequence L = 10, the hidden layer dimension of the LSTM d, = 64, the size
of the action space M = 120 (corresponding to 120 recommended learning units), the maximum
capacity of the experience replay pool | D |,ax= 100000, the output dimension of the dual-channel
fusion layer dg,,. = 128, and the subsequent fully connected layers each contain 256 and 128 neurons,
and the final Q-value output layer dimension is M.

In terms of time complexity, the main consideration is the computational cost of single-step
decision-making (i.e., calculating the Q-values of all actions after a given state s; and selecting the
action). The single-step decision-making of Art-DQN can be divided into three parts: the forward
calculation of the graph attention network, the forward calculation of the LSTM behavior encoding, and
the forward calculation of the dual-channel fusion and the subsequent fully connected network. The
graph attention network consists of two layers of GAT, and the computational complexity of each layer
foreachnodeis O(N -d -d'+| € |- d"), where d = 128 is the initial node embedding dimension, and
| £ is the number of directed edges (in this topology graph, it is approximately of the order of 3N).
Since the graph structure is static and the learner only needs to calculate the skill enhancement features
g; when making a decision, and the output of GAT can be pre-computed once and cached, the pooling
calculation in the actual decision-making only requires weighted pooling based on the current vector
m; , which has a computational complexity of O(N -d'). Therefore, the single-step amortized
complexity of the GAT part can be considered as O(N - d"). The LSTM behavior encoding part needs
to handle a sequence of length L = 10, and the computational complexity of each time step is O(d; -
(de + dg)), where d, = 32 is the action embedding dimension. Since the sequence length is fixed and
small, the complexity of this part can be considered as a constant O(L - d?). The computational cost of
the dual-channel fusion and the subsequent fully connected network is mainly determined by matrix
multiplication. Let the encoding dimensions of the two branches before fusion be both d.,. = 64, the
parameter quantity of the fusion layer is (dene X dfyge) X 2 + dyse = 16448, and the computational
cost is approximately O(dg,. * dsee). The computational costs of the subsequent two fully connected
layers are O(dg * 256) and O0(256 - 128), respectively, as well as the output layer O(128 - M).
Summarizing all these parts, the total time complexity of Art-DQN's single-step decision-making can
be approximately expressed as:
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Tarpon = ON - d' + L - d2 + dep - dpyse + dpigse - 256 + 256 - 128 + 128 - M) (16)

Substitute typical values: N =48,d' = 64,L = 10,dy = 64,d.,. = 64,dg = 128, M = 120.
The calculation yields each component to be approximately 3072, 40960, 8192, 32768, 32768, 15360.
The dominant terms are L - d? ~ 40960 and 128 - M ~ 15360. The total number of floating-point
operations is approximately 1.4 X 10°. In contrast, the state of the standard DQN only uses the skill
mastery vector m; € R*® (or a simple multi-layer perceptron encoding), without the GAT and LSTM
modules. Its single-step time complexity is:

Tpon = ON - dg + dgy * diey + dpep - M) 17)

Here, dy; = 128, d;,, = 64. The computational cost is approximately 48 X 128 + 128 X 64 +
64 X 120 = 6144 + 8192 + 7680 = 22016. As a strategy optimization algorithm, PPO only requires
a single-step decision to calculate the action probability distribution through the policy network once,
without using the target network or experience replay sampling. The policy network usually adopts a
fully connected structure similar to the standard DQN, with a time complexity similar to DQN,

approximately O(N - d,o + dlfol) , where d,, =64, which is approximately 48 X 64 + 64 =

3072 + 4096 = 7168. However, due to the fact that PPO needs to collect multiple-step trajectories
and perform multiple gradient updates (usually 10 epochs) during training, the time complexity of its
training stage is much higher than that of a single-step decision.

In terms of space complexity, it mainly examines the storage of model parameters and the
occupation of the experience replay pool. The total parameter quantity of Art-DQN includes GAT
parameters, LSTM parameters, dual-channel fusion layer parameters, and fully connected network
parameters. The total parameters of the GAT layer are approximately 2 X (d-d' -2+ 2d") (the
parameters of the attention mechanism are two sets of transformations), substituting d = 128,d’ = 64
gives approximately 32768. The LSTM parameter quantity is 4 X (d, - dg + d? + d), where d, =
32,d; = 64, calculated to be approximately 4 x (2048 + 4096 + 64) = 24832, The parameters of the
dual-channel fusion and fully connected network are approximately 16448 + (128x256) + (256x128) +
(128%x120) = 16448 + 32768 + 32768 + 15360 = 97344. In addition, there is the target network (with
the same structure as the main network and the same parameter quantity) and the optimizer state (Adam
optimizer saves the first and second moments, the parameter quantity is twice that of the model
parameters). Therefore, the total model parameter quantity of Art-DQN is approximately (32768 +
24832 + 97344) X 3 = 464832 (main network + target network + optimizer state x 2 approximately).
The experience replay pool stores that each sample contains the state feature g, (64-dimensional
floating point), the original action sequence before the behavior sequence encoding (10 integers), the
action a; (integer), the reward r; (floating point), the next state feature (64-dimensional floating
point), and the stop flag (Boolean). Each sample takes up (64 + 10+ 1+ 1+ 64 + 1) X 4 bytes (4
bytes for floating-point numbers) = 560 bytes. When the experience replay pool capacity is set to
100000, the memory usage is about 56 MB, and the model parameters are about 4.5 MB (464832
parameters, 4 bytes per float), the total space usage is about 60.5 MB.

Table 4 summarizes the comparison of time complexity and space complexity between Art-DQN
and standard DQN, and PPO. It should be noted that the data listed in the table are theoretical estimates
for the single-step decision-making inference stage, and the training time cost of PPO in the actual
training stage is usually 2-5 times higher than that of DQN-like algorithms. From the table, it can be
seen that the single-step inference complexity of Art-DQN is approximately 6.4 times that of standard
DQN, but it is still within an acceptable range (modern CPUs can complete it in milliseconds). The total
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number of parameters is approximately 2.6 times that of the standard DQN, mainly coming from the
dual-channel feature fusion module. PPO has the highest inference efficiency, but it requires
maintaining both the old policy network and the new policy network simultaneously during the training
stage, and performs multiple epochs of updates. The actual training memory usage is similar to or higher
than that of Art-DQN.

Table 4. Comparison of time complexity and space complexity of three algorithms (inference

stage)
Single-step floating- Relative to Model parameter Experience replay pool
Algorithm point operation count the DQN quantity (ten usage (MB, capacity E&tgl) memory usage
(FLOPs) multiple thousand) 100,000)
Standard Approximately 2.20 1.0x Approximately 1.78 56 Approximately 57.1
DQN 10
. Not relying on (track
PPO ﬁgp roximately 7.17 0.33x Approximately 1.20 cache of approximately ~ Approximately 9.8
SMB)
Art-DQN Approximately 140 ¢ 0, Approximately 4.65 56 Approximately 60.5

10°

Although Art-DQN has a higher single-step inference complexity than standard DQN and PPO,
considering the requirements for real-time performance in the scenario of art learning path
recommendation are not overly strict (the response time for each recommendation is within 500
milliseconds and meets the user experience), and the learning efficiency improvement brought by Art-
DQN (as shown in Section 3.3, the skill acquisition time is reduced by 22.3%) can significantly reduce
the overall number of computational interactions for learners, from an end-to-end perspective, the
overall computational cost may actually be lower. Moreover, during actual deployment, optimization
measures such as model quantization, knowledge distillation, or pre-computing and offline storing the
output of the graph attention part in advance can be adopted to further reduce the computational cost of
online inference. In summary, Art-DQN exchanges a moderate computational and storage cost for
significant improvement in recommendation quality, and its complexity is feasible and acceptable in
practical applications.

5. DISCUSSION

The Art-DQN algorithm proposed in this paper demonstrates significant advantages over general
recommendation methods in the task of recommending art learning paths. Its core lies in deeply
embedding the progressive rules of art-specific skills into the decision-making process. Traditional
collaborative filtering or content-based recommendation methods often only focus on learners'
historical preferences or skill mastery levels, ignoring the inherent dependency structure among art
skills - for instance, before learning a portrait painting, one must master the skills of facial proportions,
facial structure, and light and shadow processing, etc. Art-DQN constructs a directed skill topology
graph and enforces pre-requisite dependency constraints in the exploration strategy, fundamentally
avoiding the inefficacy of recommending jumping content that leads to invalid learning paths.
Experimental results show that the number of pre-requisite violations for Art-DQN is zero, while
standard DQN averages 3.2 violations. This directly proves the effectiveness of the topological
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constraints. In contrast, PPO and standard DQN can indirectly penalize violations through the reward
function, but they cannot completely eliminate them because purely data-driven methods are difficult
to learn sparse and absolute dependency relationships. Moreover, the redundancy of the path for Art-
DQN is 0.09, which is much lower than 0.21 of the knowledge graph method, indicating that the
reinforcement learning framework not only ensures the legality of the path but also optimizes the active
selection of the most compact sequence of skill advancement rather than mechanically traversing all
nodes in the topological order. This advantage is particularly evident in novice learners, with a target
skill achievement rate 12 percentage points higher than PPO, because learners with weak initial
knowledge are most likely to experience frustration and even give up learning due to skipping
recommendations, while the constraint mechanism of Art-DQN provides them with stable scaffolding-
like guidance.

Any method has its applicable scope and limitations. One limitation of Art-DQN concerns path
stability for users with extremely low learning engagement. Low-engagement users refer to those who
have less than two learning interactions per week and each learning session lasts no more than 15
minutes. In the data set of this paper, such users account for approximately 12% of the total sample.
Analysis reveals that when learners have long learning intervals, the skill forgetting model (see Section
3.1) significantly reduces the effective level of the skills they have mastered, but the skill mastery vector
m; in Art-DQN's state representation is updated based on self-assessment scales or test results, while
low-engagement users often do not re-assess their skills before each regression learning, resulting in a
deviation in the state representation - the system mistakenly believes that the learners still possess
certain skills, while in fact these skills have partially deteriorated due to forgetting. This state estimation
error causes the algorithm to recommend subsequent skills beyond the learner's true ability range,
leading to unstable paths, manifested as a decrease in completion rate and frequent re-learning behaviors.
Another factor contributing to instability is the sparse behavioral sequence of low-engagement users,
and the LSTM module has difficulty extracting effective temporal patterns from scarce historical actions,
and the dual-channel fusion mechanism actually degenerates into a single-channel (only relying on skill
features), weakening the algorithm's personalized ability. This limitation suggests that for low-activity
scenarios, relying solely on interaction log-driven reinforcement learning methods may not be the best
choice, and more lightweight cold-start strategies or active intervention mechanisms need to be
introduced.

To address these limitations and for broader application expansion, future research can seek
breakthroughs in the direction of path migration across art styles. The current skill topology graph
constructed by Art-DQN is designed for a specific art category (with Western painting as the main
reference). When learners have a solid foundation in oil painting and then switch to learning Chinese
painting, there are significant differences in the skill dependency structures of the two fields - Chinese
painting emphasizes ink and brushwork flavor, blank space conception, and calligraphy brushstrokes,
while oil painting's techniques such as color mixing and brush texture are not completely
interchangeable at the underlying level. However, certain high-level cognitive abilities such as
observation methods, composition thinking, and aesthetic judgment have the potential for cross-style
transfer. Introducing a meta-learning mechanism, especially model-agnostic meta-learning (MAML) or
meta-reinforcement learning framework, can enable the algorithm to quickly adapt to the skill topology
structure of a new field with a small amount of Chinese painting learning samples. Specifically, the
meta-training stage can be pre-executed on multiple art styles (oil painting, watercolor, sketch, Chinese
painting) learning datasets, with each style corresponding to a skill topology graph and an Art-DQN
model. The goal of meta-learning is to learn a shared initialization parameter, so that when a new style
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appears, only a small number of learner interaction trajectories are needed to quickly converge to an
effective path recommendation strategy. This cross-style transfer not only solves the problem of sparse
data in a single domain but also provides a unified recommendation framework for interdisciplinary art
education (such as the comprehensive artistic literacy cultivation of design majors). Additionally, meta-
learning can be used to solve the problem of low participation users: using the interaction trajectories
of high-activity users as the source task, through meta-learning to extract general learning path patterns,
and then adapting them for low-participation users with few samples, thereby improving their path
stability. Another direction worth exploring is combining the large language models from the natural
language processing field with Art-DQN, using the large language model to automatically parse open-
ended art learning goals (such as “I want to learn the light and shadow expression techniques of
Impressionism™) and break them down into sub-goal sequences on the skill topology graph, and then
the reinforcement learning module executes fine-grained path optimization, thereby further enhancing
the algorithm's ability to respond to individual learning needs.

6. CONCLUSION

This paper addresses the challenges in online art education, such as highly nonlinear learning paths,
complex skill dependency relationships, and significant individual differences. It proposes an
individualized art learning path recommendation algorithm called Art-DQN based on the improved
deep Q-network. The core innovations of this algorithm are reflected in three aspects: Firstly, an art
skill directed topological graph is constructed, and a graph attention network is introduced to enhance
the structured representation of learners' skill mastery status, enabling the state space to capture high-
order correlation information among skills; Secondly, a dual-channel feature fusion Q-network
architecture is designed, integrating skill graph features and learning behavior sequence features in the
fusion layer, significantly improving the modeling ability for learners' long-term learning patterns;
Finally, an e-greedy exploration strategy based on skill topological constraints and a priority experience
replay mechanism are proposed, fundamentally eliminating invalid recommendations that violate the
pre-existing dependency relationships, and accelerating the learning convergence of key patterns
through the prioritized sampling of high-difficulty skill transition samples.

Through thorough experimental verification in an art learning environment containing real course
logs and simulation extended data, Art-DQN significantly outperforms random recommendations,
knowledge graph-based methods, standard DQN, and PPO algorithms in multiple core indicators.
Specifically, the average skill mastery time of Art-DQN is reduced by 22.3% compared to standard
DQN, the target skill achievement rate is increased to 92%, and throughout the test, there are zero
violations of the prerequisite dependencies. Ablation experiments further confirm the independent
contributions of the dual-channel feature fusion module and dynamic reward weight to performance.
Removing the fusion module leads to a 13.6% increase in skill mastery time. Parameter sensitivity
analysis determines that the exploration rate decay coefficient of 0.99 and the priority sampling
coefficient of 1.0 are the optimal settings. Robustness tests show that the algorithm has the most
significant advantage for beginner-level learners, with a target skill achievement rate 12 percentage
points higher than PPO. Complexity analysis indicates that Art-DQN achieves significant
recommendation quality improvement with moderate computational and storage costs, and the single-
step inference floating-point operation volume is approximately 6.4 times that of standard DQN, while
fully meeting the real-time requirements for practical deployment.

From an application value perspective, Art-DQN provides a technical solution for intelligent
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recommendation systems in the art education field, which takes into account both structural constraints
and personalized adaptation. Compared with traditional recommendation methods, this algorithm not
only recommends appropriate next learning content based on the current level of learners, but also
actively plans a complete set of efficient and compact skill advancement paths through long-term
rewards, especially suitable for art disciplines with clear skill hierarchical structures (such as painting,
music, design, etc.). For educational platforms, this algorithm is expected to reduce the number of
ineffective learning attempts and frustration of learners, increase course completion rates and user
retention; for individual learners, it can achieve high-level art goals in a shorter time while ensuring the
completeness of the knowledge system. Future work will focus on achieving cross-art style (such as
from oil painting to traditional Chinese painting) path transfer capabilities through meta-learning, and
exploring the combination of large language models and reinforcement learning to support more open
and flexible learning goal interpretation and recommendation.
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