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OBJECTIVE

We wish to:
• Model and understand fashionability and its components

• Provide recommendations and advice to users

Novel dataset and Conditional Random Field model that can
reason about different aspects of fashionability.

http://www.iri.upc.edu/people/esimo/research/fashionability/

FASHION144K DATASET

• Data from crawling the largest fashion social site: chictopia.com

• Normalized votes used as a proxy for fashionability

Dataset Statistics

Property Total Per Post

posts 144.169 -
users 14,287 -

locations 3443 -
males 5% -

fans - 1226
comments - 20.09

votes - 150.76
favourites - 27.01

photos 277,537 1.93
tags 13,192 3.66

colours 3337 2.28
garments - 3.22

Trendy Cities

City Name Score

Manila 6.627
Los Angeles 6.265

Melbourne 6.176
Montreal 6.144

Paris 6.070
Amsterdam 6.059

Barcelona 5.845
Toronto 5.765

Bucharest 5.667
New York 5.514

London 5.444
San Francisco 5.392

Madrid 5.371
Vancouver 5.266

Jakarta 4.398

Influence of Compatriots

Country Posts SCC MSCS MCS

USA 28.0% 14.86% 3.78 3.76
Unknown 21.8% - - -

UK 5.1% 2.67% 3.80 3.75
Philippines 5.1% 14.54% 3.61 3.72

Canada 4.5% 2.95% 3.68 3.76
Spain 3.9% 1.52% 3.06 3.75

Poland 2.5% 1.07% 3.63 3.80
Australia 2.4% 1.76% 3.62 3.75

France 2.3% 0.46% 3.23 3.75
Romania 2.0% 6.83% 3.73 3.77

SCC Same Country Comments

MSCS Mean Same Country Score

MCS Mean Country Score

Scores from sentiment analysis [4]

• Map of Fashionability
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MODEL

• Extract complementary mid-level features with a deep net

• Explicitly model different aspects of fashion using a CRF
(u: user, o: outfit, s: setting, f : fashionability)

Feature Dim. Description

Fans 1 Number of user’s fans
∆T 1 Time between post creation and download

Comments 5 Sentiment analysis [4] of comments
Location 266 Distance from location clusters [3]
Personal 21 Face recognition attributes

Style 20 Style of the photography [1]
Scene 397 Output of scene classifier trained on [5]

Tags 209 Bag-of-words with post tags
Colours 604 Bag-of-words with colour tags
Singles 121 Bag-of-words with split colour tags

Garments 1352 Bag-of-words with garment tags

Deep Network for Feature Extraction
• Train four feature extractors jointly maximizing fashionability

• Afterwards, the four networks are used independently
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Modelling Fashion with a Conditional Random Field
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• Only f node observed during
training

• Output of deep network used
as unaries

• Pairwise terms learnt

• Clustering used to initialize
latent nodes

RESULTS - PREDICTING FASHIONABILITY

Model Acc. Pre. Rec. IOU L1

CRF 29.27 30.42 28.69 17.36 1.46
Deep Net 30.42 31.11 30.26 18.41 1.45

No Metadata 19.63 17.06 17.47 8.31 2.31
Log. Reg. 23.92 22.54 22.99 12.55 1.91

Baseline 16.28 - 10.00 1.63 2.32
Random 9.69 9.69 9.69 4.99 3.17

RESULTS

• Latent states manually annotated

CRF Pairwise Terms
f -s Pairwise f -u Pairwise f -o Pairwise
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Outfit Recomendations
• Estimate setting and user state and find outfit state that maxi-

mizes fashionability
Current Outfit:

Pink/Black Misc. (5)

Recommendations:

Pastel Dress (8)

Black/Blue Going out (8)

Black Casual (8)

Current Outfit:

Pink Outfit (3)

Recommendations:

Heels (8)

Pastel Shirts/Skirts (8)

Black/Gray Tights/Sweater (5)

Current Outfit:

Pink/Blue Shoes/Dress Shorts (3)

Recommendations:

Black/Gray Tights/Sweater (5)

Black Casual (5)

Black Boots/Tights (5)

Current Outfit:

Blue with Scarf (3)

Recommendations:

Heels (8)

Pastel Shirts/Skirts (8)

Black Casual (8)

Current Outfit:

Pink/Blue Shoes/Dress Shorts (3)

Recommendations:

Black Casual (7)

Black Heavy (3)

Navy and Bags (3)

Current Outfit:

Formal Blue/Brown (5)

Recommendations:

Pastel Shirts/Skirts (9)

Black/Blue Going out (8)

Black Boots/Tights (8)

Visualizing Outfit Trends
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Future Work
• Incorporate segmentation [2, 6]:

http://www.iri.upc.edu/people/esimo/research/fashion/
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