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Cross-modal Representation Learning for
Understanding Manufacturing Procedures

HASHIMOTO Atsushi

Creating high-value products through combining materials and processing them, including assembly work, drug
discovery experiments, and biochemical experiments, would be one of the primary methods of value creation. If
computers can understand such activities, we can collaborate with machines in various directions, such as relevant
video scene retrieval, procedural text generation, and eventually substituting work by robots. As one form of such
understanding, there are the vision and language arts to extract shared latent representation between visual obser-
vation and textural description of manufacturing. In particular, a series of our methods for procedural text genera-
tion from image sequence are state-of-the-art. With the central focus on these methods, this paper explains the
recently-developed vision and language technologies for understanding manufacturing procedures.
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GLAC Net [11] 28.5 59 214 46.6 69.0 9.5 0.3 13.2 21.2 2.1 22.8
+Half 28.5 5.9 21.8 46.7 68.8 10.5 0.4 15.6 21.0 2.3 23.1
+Full 28.9 6.1 21.3 47.2 69.9 11.8 0.4 16.3 21.0 2.3 22.5
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