@ | ¥

SICHUAN UNIVERSITY

87.1
88.8
1.5(0.5%3)
>1.8
15.7

>13.9

Method
\J
==
AveragePool /
4
K,

89.8

|
A Light Weight Model for Active Speaker Detection JUNE 1822.2023 |
Junhua Liao!, Haithan Duan?, Kanghui Feng!, Wanbing Zhao!, Yanbing Yang!-3, Liangyin Chen!> y :v:vf:v; O%l[l ﬁ
‘_ . 1. College of Computer Science, Sichuan University, Chengdu, China \'IHJIHB\WNC UVER C AN AI\J.:
BT XK F R 2. The Chinese University of Hong Kong, Shenzhen, China
The Chinese University of Hong Kong, Shenzhen 3. The Institute for Industrial Internet Research, Sichuan University, Chengdu, China
Motivation Proposed Method Experiment
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» This study proposed a lightweight active speaker detection architecture ’ |
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and a novel loss function designed for training. !
» Experimental results on the AVA-ActiveSpeaker dataset reveal that the i
proposed framework achieves competitive mAP performance (94.1% vs :
94.2%), while the resource costs are significantly lower than the state-of- i e
the-art method, particularly in model parameters (1.0M vs. 22.5M :
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Figure 1: mAP vs. FLOPs, size o< parameters
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Table 1: Performance comparison on the validation set of AVA-ActiveSpeaker dataset
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Table 2: Performance comparison on the Columbia dataset
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Figure 3: The architecture of the visual feature encoder and audio feature encoder
This architecture has been improved 1n three aspects
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» Single input: inputting a single candidate face sequence with the
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» Feature extraction: splitting the 3D convolution of visual feature
temporal information
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extraction into 2D and 1D convolutions to extract spatial and temporal

information, respectively, and splitting the 2D convolution for audio

Figure 4: Qualitative Analysis
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complex attention modules, for cross-modal modeling
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» Cross-modal modeling: using GRU with less calculation, instead of
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This study proposed a lightweight end-to-end framework for active speaker
detection. The key features of the proposed architecture include inputting a
single candidate, splitting 2D and 3D convolutions for extracting audio and

visual features, respectively, and using simple modules for cross-moc

lal

modeling. Experimental results on the benchmark dataset reveal that the

proposed method reduces the model parameters by 95.6% and FLOPs

76.9% compared with state-of-the-art methods, with mAP lagging by only
0.1%. In addition, the proposed method exhibits good robustness
Project page: https://github.com/Junhua-Liao/Light-ASD
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