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Category Gender  Popularity
Backbone Similarity ~Alignment MAE
ResNet-50 [3] 64.95 % 100 % 12.96
DenseNet-121 [4] 63.53 % 100 % 12.47
VGG16 [11] 57.99 % 100 % 13.32
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Category  Popularity

Model Variant Similarity MAE
Full Model 62.16 % 12.92
- No Pop. Modulation 1 63.53 % 131.14
- No Visual Sim. 14001%  |0.22%
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Category  Popularity
Similarity MAE
Low Trendiness 62.52 % 11.84

Medium Trendiness  65.24 % 13.96
High Trendiness 56.3 % 12.05
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