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(CSMN-*): Ours and variants
(seq2seq): [Vinyals et al. NIPS15]
(ShowTell): [Vinyals et al. TPAMI16]

Motivation Quantitative Results
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» Users craft sentences based on their experiences using their own words

Goal: Collect refined posts from Instagram
« 27 general categories from Pinterest
« 5 < caption length < 15, 50 < # posts per user < 1,000

Collect Instagram
Posts
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Goal: Build a vocabulary dictionary
* 40K for caption, 60K for hashtag

(a) Post generation (b) Hashtag prediction

Preprocess
Posts/Hashtags

User Studies via Amazon Mechanical Turk

* General users’ preferences over the captions created by different
methods for a query image

Goal: Build user’s active vocabulary set

 TF-IDF weighted top-D frequent words from the user’s
previous posts

Extract User’s

Extend image captioning to reflect user’'s personality

Active Vocabulary
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vs. Baselines
Hashtag Prediction
Post Generation

Objective

CSMN Architecture

Generate captions from image and user’s context

Qualitative Results

* Post generation examples

|  Memory setup
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Task1. Hashtag prediction
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Task2. Post generation

#eeeeeats smashed avocado, bacon
sandwich and fresh fruits“d
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Embedding
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(1) : Image feature, active vocabulary, and previous words Vi1 S (GT) #coffee #dailycortado  (GT) #style #fashion (GT) . (GT) #greensmoothie #dairyfree
(a) Prediction step (b) Word output memory update #love #vscocam #vscogood #shopping #shoes #love #weddings #potterybarn #lifewithatoddler #glutenfree
: Adopting CNN memory structure for better context understanding vscophile freoffecbreak ... wkemnetheole. . (Ours) #idecor #homedecor  #vegetarian ...
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#interiors #interiordesign
#rustic #bride #pretty
#wedding #home #white

(Ours) #greensmoothie
#greenjuice #smoothie #vegan #raw
#juicing #eatclean #detox #cleanse

(Ours) #newclothes
#fashion #shoes #brogues

: Appending generated words for state-based sequence generation A Please see the paper for more details !



