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Multi-Task Recommendation Algorithm with Weighted Auxiliary
Task Perception Integrated

HUANG Haiyang, HUANG Xianming, WENG Chengkang
(' School of Computer Science and Artificial Intelligence, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: Despite the fact that online course recommendation system plays a key role in personalized learning
path design, traditional recommendation algorithms, which often adopt fixed weight settings, fail to flexibly adapt to
the changes of users’ interests. In order to address this issue, firstly, a multi-task recommendation algorithm WAA-
TA has been proposed with weighted auxiliary task perception integrated. The algorithm dynamically adjusts task
weights and uses task sets to represent users’ learning needs at different stages of their lifecycle, thus improving the
accuracy and personalization of the recommendation system. Secondly, based on comparative experiments conducted
with six baseline algorithms on the Edx and MOOCCubeX datasets, the experimental results show that this algorithm is
characterized by an excellent performance in various evaluation indicators, especially in improving user satisfaction and
recommendation accuracy.
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Table 3 Model performance comparison

dataset Metric MMoE PLE FDN ESMM ESM2 GS-RS WAA-TA  Improve/%

Recall@10 0.062 3 0.056 7 0.076 5 0.0821 0.096 4 0.117 1 0.1189 +1.53

NDCG@10 0.046 5 0.043 2 0.0659 0.059 8 0.076 8 0.106 5 0.116 7 +9.57
MOOCCubeX Recall@20 0.096 4 0.086 4 0.096 4 0.1156 0.1347 0.136 7 0.146 5 +6.51
NDCG@20 0.068 9 0.056 4 0.079 5 0.071 6 0.097 5 0.124 6 0.1259 +1.04

Recall@50 0.1156 0.123 6 0.126 4 0.1394 0.1532 0.156 7 0.1776 +13.30

NDCG@50 0.083 6 0.086 4 0.093 5 0.096 7 0.108 4 0.169 4 0.163 5 -3.48

Recall@10 0.056 0 0.054 3 0.079 9 0.098 2 0.105 6 0.118 6 0.128 8 +8.60

NDCG@10 0.0389 0.0422 0.076 5 0.069 6 0.077 6 0.107 3 0.113 4 +5.68

Edx Recall@20 0.094 6 0.087 2 0.095 6 0.129 6 0.1532 0.1354 0.143 8 -6.13
NDCG@20 0.073 1 0.057 1 0.0791 0.086 1 0.106 6 0.130 4 0.136 0 +4.29

Recall@50 0.1343 0.133 4 0.1253 0.148 8 0.1552 0.158 7 0.169 3 +6.67

NDCG@50 0.081 6 0.097 7 0.087 5 0.1059 0.099 4 0.156 4 0.1583 +1.21
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