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Abstract In criminal investigations, eyewitness testimonies about suspects are crucial. To avoid distorting these memories,
investigators are increasingly turning to sketch images (composite sketches) rather than realistic montage photos. However,
it’s challenging for every investigator to accurately sketch a suspect’s face from such testimonies. In this study, we introduce
a system, CLISOTS (CLIP based Semantic Oriented Testimony to Portrait Sketch), which generates frontal face sketches
from verbal descriptions. This system can effectively translate abstract facial features from testimonies into sketch details
sequentially.
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