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Image only 36.82% | 39.45% | 70.15%
Image + All features with -/- 37.97% | 40.19% | 70.67%
Image + All features with 128/- 42.22% | 44.76% | 75.74%
Image + All features with 256/- 42.34% | 44.82% | 75.86%
Image + All features with 512/~ 42.20% | 44.43% | 75.53%
Image + All features with 1024/~ 41.60% | 43.98% | 75.16%
Image + All features with 256/4096 | 43.28% | 43.74% | 74.30%
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Image only 36.82% | 39.45% | 70.15%

Image + Hashtag context feature 39.86% | 42.27% | 73.38%
Image + Hashtag context feature RL5 40.19% | 42.52% | 73.57%
Image + Hashtag context feature RL10 40.80% | 43.10% | 74.15%
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