4 35% 45 11 TR U B B 5 DR 27 22 4 Vol .35 No.11
20234 11 H Journal of Computer-Aided Design & Computer Graphics Nov. 2023

ET A o i 4 BUE R E iR A 4Rk

Ry, ket e, 25, A8, gy

V(RSB JbaT 100084)
2 (P EAL KR T E RIS =5k JLET 100083)
(shixia@tsinghua.edu.cn)

OB LRI T, TR R IR IR AE 2 LA R AR TE KA AL, UINZREE B AR A B ORAIE. il TR
BELE G B 7 I AT AL EAR, RT3 M B ACKE ARl A B8 B o A7 S5 4R T [l e, 3 B R T 2R B B i, AT
RERBRPERE. SCPE oA TUNZR B TR R = OSRAY: BRTESE, BEERAE, bRTEGR SRR T I Lk R B,
AT T ASCHY AT LI TAE, LB AR RS DR IE IE D7 0k, BAHE 4 i 25 2 15 5 VA DGR T B B i $2 7 05 1%
TRAII T T 5T AT B B I R 550 At B T i i P ML 5 PR, AR R IR AT S5 . Rl SR . RS R L R
R 5 G 5F s R T

R Hlaver o, Bl ALY, ATRLAE
HEESYES: TP391.41 DOI: 10.3724/SP.J.1089.2023.2023-00321

A Survey of Visual Analytics Research for Improving Training Data Quality
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Abstract: In the applications of machine learning, it is difficult to ensure the quality of training data due to
the various sources of training data and the inexperience of some annotators. By tightly integrating machine
learning and visualization, visual analytics techniques involve humans in the loop of data quality analysis
and improvement, thereby enhancing the quality of training data and improving model performance. In this
survey, we first summarize the main types of training data quality issues, including inaccurate annotations,
low coverage, and insufficient annotations. Based on the identified problem types, we categorize and sum-
marize relevant visual analytics approaches, including methods for correcting inaccurate annotations, re-
ducing dataset biases, and enhancing the quality of unlabeled data. Finally, we delve into the opportunities
and challenges faced in research on training data quality improvement using visual analytics. This includes
enhancing data quality in scenarios such as complex tasks, large language models, multimodal data, and
streaming data.
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