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Examining Continuity in Bottom-Up Visual Attention Extracts
Key Actions from Task Demonstration
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This paper presents a biologically-inspired model employing bottom-up visual attention for robot task learning.
Although bottom-up attention enables robots to detect likely important information, discontinuity of the attention
as well as its instability causes a challenge in being applied to action learning. The proposed model overcomes the
problem by examining spatial and temporal continuity in low-level features for attended locations. Retina filtering
and stochastic attention selection, which are integrated with saliency-based visual atteneion, facilitate the process
by stabilizing the model’s attention while keeping its receptiveness to a new stimulus. An experiment shows that
the model can extract key actions from task demonstration.
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Fig. 1: A biologically-inspired model employing bottom-up
visual attention for robot task learning
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Fig. 2: Retina filtering by combining a sharp and a blurred
image
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Fig. 3: Saliency maps with (a) and without (b) retina filtering
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Fig. 4: Object and motion extraction by spatial continuity
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Fig. 5: Object and motion association by spatial and temporal
continuity
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(a) Stochastic attention se-
lection with retina filtering

(b) Winner-take-all
retina filtering

with (c¢) Winner-take-all without
retina filtering

Fig. 6: Attention transition of proposed model (a) and two
comparative models, (b) and (c)
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