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Visual recognition + fashion

But fashion also introduces new
challenges for high-level vision:

Subtle
\éﬂsﬁncﬁons

Composition and
compatibility

W AT m '*!
E?% %

Personalization

and taste /

Requires computational models for style



Visual recognition + fashion

Many applications for learning to model style
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This talk

* Subtle visual attributes
» Style discovery and forecasting
» Creating capsule wardrobes



Relative attributes

* High-level semantic properties shared by objects

« Human-understandable and machine-detectable

Not Smiling

[Oliva et al. 2001, Ferrari & Zisserman 2007, Kumar et al. 2_008, Farhadi et al. 2009,
Lampert et al. 2009, Endres et al. 2010, Wang & Mori 2820ikBekg@sasimzor dCBYa#dbh
et al. 2010, Parikh & Grauman 2011, ...] Singh & Lee, ECCV 2016
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Ranker Network

Learn a ranking function per attribute

Parikh & Grauman, ICCV 2011
Singh & Lee, ECCV 2016



Relative attributes

Now we can compare images by attribute’s “strength”

bright

T

smiling

1 I T E

natural

[Parikh & Grauman, ICCV 2011]



WhittleSearch:
Relative attribute feedback

Query: “white high-heeled shoes”

4
3 \ \ Initial top
g R | Nt search results
Feedback: Feedback:
“less formal “shinier
than these” ‘ than these”
A &) N o Refined top
%z \»\;"_’; I\\ oA = ¥ ~ 7 search results

Whittle away irrelevant images via precise semantic feedback

[Kovashka, Parikh, and Grauman, CVPR 2012, IJCV 2015]



Challenge: fine-grained comparisons

Which is more sporty?

Fine-Grained

Sparsity of supervision problem:
1. Label availability: lots of possible pairs.
2. Image availability: subtleties hard to curate.



Idea: Semantic jitter

Overcome sparsity of available fine-grained image
pairs with attribute-conditioned image generation

Py ryryyy.

less

more Open

Images
generated by
Yan et al. 2016
Attribute2lmage
CVAE approach

Yu & Grauman, ICCV 2017



Idea: Semantic jitter

Overcome sparsity of available fine-grained image
pairs with attribute-conditioned image generation

Py ryryyy.

less

more Open
Images
‘ ‘ ‘ ‘ ‘ ‘ generated by
ore o ess Yan et al. 2016

Attribute2lmage
CVAE approach

Yu & Grauman, ICCV 2017



Idea: Semantic jitter

Overcome sparsity of available fine-grained image
pairs with attribute-conditioned image generation

sporty

Our idea: Status quo:
Semantic jitter Low-level jitter
Yu & Grauman, ICCV 2017



Semantic jitter for attribute learning

Train rankers with both real and synthetic image
pairs, test on real fine-grained pairs.
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Ranking functions trained with deep spatial transformer ranking
networks [Singh & Lee 2016] or Local RankSVM [Yu & Grauman 2014] Yu & Grauman. ICCV 2017
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Semantic jitter for attribute learning

UT Zappos-50K dataset

Open Sporty Comfort
~ || RelAttr Pariknzo11 88.33  89.33  91.33
% || FG-LP 2014 90.67  91.33 93.67
8. || DeepSTN singn 2016 93.00  93.67 94.33
N || DSynth-Auto (Ours) || 95.00 9633  95.00
e || RelAttr (parica20t 60.36 6565  62.82
2 || FG-LP rvuzo 69.36 6639  63.84
. || DeepSTN sngn2016) 70.73  67.49 66.09
N || DSynth-Auto (Ours) || 72.18 6870  67.72
« State-of-the-art fine-grained comparisons
* All models trained on 64x64 images
.

Yu & Grauman, ICCV 2017



Challenge: Which attributes matter?

Left shoe is
than right shoe:

Less colorful

Less comfortable
More rugged
More shiny

Less feminine
More stylish
More formal



Idea: Prominent relative attributes
Infer which comparisons are perceptually salient

Left shoe is
than right shoe:

Less colorful More formal

Less comfortable More shiny

Mafe lugged Prominent Less comfortable
Wlare shiny Differences Less feminine

Less feminine

A i Less colorful
ore Stylis More rugged
More formal More stylish

Chen & Grauman, CVPR 2018



Approach: What causes prominence?

Prominent Difference:

‘ Colorful

 Large difference in

attribute strength: -
 Unusual and Visible
uncommon attribute Forehead

occurrences.

 Absence of other
noticeable differences:

' I Dark Hair

In general: Interactions between all the relative attributes
in an image pair cause prominent differences.

Chen & Grauman, CVPR 2018



Approach: Predicting prominent differences

input: Yy, = (X, Xy)

Relative
Attribute y
Rankers 1M
Prominence
¢(yuv) # Multiclass
Classifier
Symmetric
di
Relative / encoding g
Attribute LM
Rankers Prominent
' Difference:
Xy Visible Teeth

Chen & Grauman, CVPR 2018



Results: Prominent differences

Ranking SVM
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- + =Widest Relative Difference (SVM, Parikh and Grauman)
Binary Dominance ( Turakhia and Parikh)
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Deep CNN
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Chen & Grauman, CVPR 2018




Results: Prominent differences

B el

(a) colorful (>), b) sporty (>), (c) tall (<),

sporty, comfortable colorful comfortable colorful, sporty
( ) shiny (>), e) rugged (<), ) feminine (>),
feminine, colorful tall feminine comfortable shiny

‘. A ‘ LW . s -
(j) masculine (>), (k) bald head (<), (1) dark hair (<),
smiling, visible teeth dark hair, visible teeth mouth open, smiling

(Top 3 prominent differences for each pair)
Chen & Grauman, CVPR 2018
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Prominent differences:
impact on visual search

Target Image Retrieval .
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Leverage prominence to better focus search results

Chen & Grauman, CVPR 2018
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* Subtle visual attributes
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» Creating capsule wardrobes



From items to styles




From items to styles

Requires a representation of visual style

L

‘iﬁ a
CNN image o
similarity stylistic similarity? style labels

manually defined

Challenges:

« Same “look” manifests in different garments
* Emerges organically and evolves over time
» Soft boundaries



Detect localized attributes

“Thack ] Color Clothing article
.s::glg;:‘e‘: segmentation segmentation
face -
skin
P hair -
Mboots -~~~ " blazer-color-blue
B T-shirt P
W bag
belt = - = - - .pants-color-red
blazer
blouse
leggings
| pants
. shoes

- Material, cut, pattern
- Fine-tune classification on ResNet50
.- Color, clothing article:
- Segmentation on DeeplLab-DenseCRF



Topic models: Inspiration from text

Topics

gene 8.84
dna 8.82
genetic 8.01

Documents

Topic proportions and
assignments

Seeking Life’s Bare (Genetic) Necessities
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Topic models, e.g., Latent Dirichlet Allocation (LDA)



Idea: Discovering visual styles

Unsupervised learning of a style-coherent embedding
with a polylingual topic model

outer layer

f ™
outer_color_orange
@ 1 outer_color_white
( ) N outer pattern printed
N(Oute?‘)} outer_decoration_button

outer_sleeve long
outer length short
outer_front_open

upper
shirt_color_white
shirt pattern plain
shirt_sleeve short

M (outfit))

An outfit is a mixture of (latent) styles.
A style is a distribution over attributes.

Mimno et al. "Polylingual topic models." EMNLP 2009. Hsiao & Grauman, ICCV 2017



Example discovered styles (dresses)

SR

sheath
knit

shift
sleeveless
bodyton
textured
stretch

Ll R

lace
a-line
pleated
flare

fit

chiffon
sleeveless

)

chiffon

maxi
pleated

red

chiffon maxi
beaded
sleeveless

sleeve
wv-neck
long sleeve
summer
chiffon
shoulder
bodycon

print
graphic
muscle
shirt
girls
pink
rose

lace
sleeveless
mini

lenit

red
peplum
bodycon

strapless
bustier
tube

lace

mini

pink
sweetheart

sleeveless
surplice
tie-dye
dye

maxi
faux-wrap
print

skater
flare

fit
floral
a-line
pleated
knit

)

striped
stripe
knit
stripes
mini
midi
sleeve

faux dot print print
leather polka dot tribal floral
faux leather plaid leopard floral print
mini print leopard print tropical
metallic embroidered gal animal rose
sleeveless red animal print paisley
combo gauze abstract maxi

L
[,
¢

S

denim
chambray
drawstring
classic
utility
button
wash

'
R
i

—

Styles we automatically discover in the Amazon dataset [McAuley et al. 2015]



Example discovered styles (dresses)

sheath

kit

shift

sleaye|ags

bochycon chiffon maxi
textured beaded

stretch sleeveless

striped
stripe
lnit
siripes
mini
micli
glaeye

denim 2
chambray
drawstring
classic
LITility
biutton
wash
\

Styles we automatically discover in the Amazon dataset [McAuley et al. 2015]




Example discovered styles (full outfit)

Styles we automatically discover in the HipsterWars dataset [Kiapour et al]



Style discovery accuracy

How well do our discovered styles align
with human-perceived styles?

HipsterWars DeepFashion
Avg. max AP NMI Avg. max AP NMI
StyleNet [33] 0.39 0.20 0.0501 0.0011
ResNet [12] 0.30 0.16 0.0524 0.0004
Attributes 0.28/0.32 0.19/0.28 | 0.0560/0.1294  0.0017 /0.0082
PolyLLDA 0.50/0.53 0.21/0.31 | 0.0407/0.1762  0.0006 / 0.0227

Attributes and PolyLDA show result if using either predicted
attributes (first) or ground truth attributes (second).



Style-coherent embedding




Style-coherent embedding

Discovered latent stvles (tonics)

8! fiLeverage this embedding for
7| 1) Style browsing

Style mixing

2.H3) Style summarization
Image 4)  Style forecasting




Style browsing results

J.

B J "" Z . y .u“"’.*;* ( T e > ”__ -
query Similar in CN Similar in style

space space (ours)

Maintain style coherence while also permitting diversity



Style browsing results

A Resnet 1.4 4 Attr.
29 = - Resnet
PolyLDA HalyLDa
Attr. @ 1.2 S.
tylenet

Diversity
N

° o

Diversity
[

Attr.*
1. 0.8 |
S| gy @ A
2 —> : 8,
0.5 0.55 0.6 0.2 04 06 0.8
Style Coherence Style Coherence

HipsterWars

dataset
[Kiapour ECCV 2014]

DeepFashion

dataset
[Liu CVPR 2016]

Maintain style coherence while also permitting diversity



Mixing styles

Our embedding naturally facilitates browsing
for mixes of user-selected styles

Bohemian ) Hipster

1 ;
TR
W1
i A
.'l
Nl
&

Hsiao & Grauman, ICCV 2017



Mixing styles

Our embedding naturally facilitates browsing
for mixes of user-selected styles

Bohemian

Hsiao & Grauman, ICCV 2017



Style summarization

Given a gallery of photos Summarize by dominant styles

CHICTOPIA |

» User 1
Syt Frends jonng  Folowers
186440 Chic Poits
°
"
Y v mars Add Friend Mess

e

Hsiao & Grauman, ICCV 2017



Style forecasting

Can we predict the future popularity of styles?

1. Visual style discovery

2. Construct style
temporal trajectory

3. Forecast future trend

4. Style description via
signature attributes

Al-Halah et al., ICCV 2017

Popularity

l=‘--'.‘)¢_-.-.::aa

>

2010

2012

2014

2016

2018

2020



Amazon dataset

[McAuley et al. SIGIR 2015]

* Dresses, Tops & Tees and Shirts -- over 6 years
« 80,000 items and 210,000 transactions

Text

Tank, Coral, Large

Tags

- Women

- Clothing

- Tops & Tees

- Tanks & Camis

Text

The Big Bang Theory DC
Comics Slim-Fit T-Shirt

Tags
- Men
- Clothing
- T-Shirts

Women's Stripe Scoop Tunic

Text
Amanda Uprichard Women's
Kiana Dress, Royal, Small

Tags

- Women

- Clothing

- Dresses

- Night Out & Cocktail

- Women's Luxury Brands



Visual trend forecasting

We predict the future popularity of each style
Amazon dataset [McAuley et al. SIGIR 2015]
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0.8

2008 2009 2010 2011 2012 2013

Al-Halah

Lifecycle of a visual style

Out of fashion
@ T —

i a M

etal., ICCV 2017
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Interpretable forecasts

What kind of fabric, texture, color will be popular next year?
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Creating a “capsule” wardrobe

Goal: Select minimal set of pieces that mix and
match well to create many viable outfits
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Capsule pieces

"

Outfit #1 Outfit #2 Outfit #3 Outfit #4 Outfit #5




Creating a “capsule” wardrobe

Outfit #1 Outfit #2

87

Capsule pieces




Creating a “capsule” wardrobe

) Outfit#1 Outfit #2

> Outfit #3

p

11 too similar...
g

Capsule pieces



Creating a “capsule” wardrobe

Outfit #1 Outfit #2

Outfit #3 Outfit #4

All compatible and diverse.

Capsule pieces oo




Q1: How to learn visual compatibility?

vinlage
/ o1 a/ J :

Co-purchase Manual _
data curation Unlabeled in the
[McAuley 2015, Veit [Li 2017, Song 2017, wild photos?
2015, He 2016] Han 2017]

\ J

l
Supervised




Style model — Visual compatibility

Gauge mutual compatibility of garments via
likelihood under topic model

-
T..!‘Ir

l

Recall: an outfit is a mixture of (latent) styles.
A style is a distribution over attributes.

Hsiao & Grauman, CVPR 2018




Visual compatibility results

BiLLSTM [Han et al. 17]:

-

S 0.2 unsupervised sequential model
g trained on Polyvore sets.

- 0.1l —— Ours0.199 || Monomer Heetal-161: qypervised

—— BiLSTM 0.184 embedding trained on Amazon

-Monomer 0.157 products co-purchase info.
0
0 0.5 1
Recall

Encouraging results for learning compatibility
from unlabeled, full-body images



Visual compatibility results

Most compatible

|
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Hsiao & Grauman, CVPR 2018
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Visual compatibility results

Least compatible

Hsiao & Grauman, CVPR 2018



Q2: How to optimize a capsule?

Pose as subset selection problem
set of garments = argmax compatibility + versatility
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Capsule via subset selection

optimal set of

SUELElN e as subset selection problem

outfits
Sevvr garments = argmax compatibility + versatility

Capsule pieces
Outfit #1 Outfit #2

Outfit #3 Outfit #4

Hsiao & Grauman, CVPR 2018



Capsule via subset selection

y" =argmaxC(y) + V(y),
yoy

S.T. y = AOT X AlT s o o A(m—l)T

Capsule pieces

AoT-

Compatibility scored by
topic model likelihood

Cly) = 2o, cyc(0;)

Azlmodmar i
. ﬂ i l \

Outfit #1 Outfit #2
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Capsule via subset selection
y" = argmax C(y) + V(y),
yoy
st.y = Aor X A1 X ... X A(p—1)T

\

Capsule pieces

Al
A %

Versatility scored by
style coverage

V(y) := ZKlny(zz)

Aot N
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evening shopplng
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Capsule via subset selection

y" =argmaxC(y) + V(y),

\

Capsule pieces

i

Versatility scored by
style coverage

V(y) := ZKlny(zz)
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Capsule via subset selection

optimal set of y" = argmax C(Y) + V(Y),
outfits

vy

S.t.y = AOT X AlT B @ mw PN A(m—l)T

Capsule pieces

Aot gim

:!i' \\
' l- = 1 ) \\

v

Compatibility scored by
topic mogz! likelihood
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Quantifying capsule error

polyvore

Distance from
“ground truth”
manually curated
capsules from
Polyvore.com

2.5

1.5

—

0.5

Cluster
Centers

MMR Ours

Hsiao & Grauman, CVPR 2018



Human subject study

14 subjects, female, ages 20’s-60’s

2) Which is better *

IS4 I3
m & m
i KR
POLA 'R 9
O a O b

lterative preferred $9% of the time

VS. naive greedy
Hsiao & Grauman, CVPR 2018

(O EQUAL



Example personalized capsule

Discover user’s style preferences from album

Personalized capsule

Hsiao & Grauman, CVPR 2018



Example personalized capsule

Discover user’s style preferences from album

Hsiao & Grauman, CVPR 2018



Summary TEXAS

AT AUSTIN

 Visual style introduces new problems for
computer vision beyond traditional recognition

* New ideas and methods for:
— Subtle visual comparisons
— Style discovery and forecasting
— Capsule wardrobe creation

Aron Yu Kimberly Hsiao Ziad Al-Halah Steven Chen
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Code and data:
http://www.cs.utexas.edu/~grauman/research/pubs.html



