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Outline

* Indexing and Encoding Schemes for Large-Scale
Image Search (45 min)

— Product quantization and its variants
— Inverted index, inverted multi-index, residual-shortlist

* Applications of Image Search (45 min)
— Object retrieval and localization
— Facial attribute recognition
— Discriminative feature learning with CNN
— Large-scale semantic search, recommendation
— Large-scale image tagging



Indexing/Encoding Schemes

* Local descriptor-based method

— Keypoints + Local invariant descriptors [Lowe99, Mikolajczyk04]
— Bag of features model [Sivic and Zisserman03] [Philbin07]

— Inverted index [Sivic and Zisserman03] [Nister06]

— Geometric verification [Philbin07] [JegouO8]

* Global descriptor-based method

— Product quantization [Jegoul1]

— Optimized product quantization [Ge13]

— Distance-encoded product quantization [Heo14]
— Inverted Multi-Index [Lempitsky13]

— Shortlist computation [Heo16]



Local Feature-based Mathod
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Photo source: Lempitsky’s slides




Local Feature-based Method

* Mainly used for identical object/scene insta
nce retrieval

Images from H. Jegou’s SSMS’12 Talk Slide

[X. Shen et al. CVPR 2012]




Local Descriptor-based Method

* How to index bag-of-features ?
— Build a codebook by k-means
— Encode each local descriptor into a visual word

— Store visual words into an inverted file



Inverted Index

* Organize bag-of-features w.r.t. visual words
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Vocabulary Size

* Larger codebooks for efficiency ?

— Lower quantization errors with increasing the voc. size
— Increased assignment complexity and memory requirement
— Tradeoff between assignment accuracy and efficiency




Learning Large Vocabularies

* Hierarchical k-means [Nister(06]|

— Quantize recursively

* Approximate k-means [Philbin07]

— Flat k-means with fast approximate assignment
step with randomized tree search
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Geometric Verification

 RANSAC-based method [Philbin07]

*  Weak geometric consistency [Jegou08]

* Geometrical min-hash [Chum 09]

* Bundling features [Wu 09]

e Spatial inverted file / Local BoW [Lin 10]

* Geometry preserving visual phrases [Zhang 11]
* Generalized Hough-voting-based [Shen 12]
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Scalability

* Limited to a few million images due to mem
ory cost

 How about larger scale search ?

— Search on a database of 10M to 1B

* Global descriptor
* Indexing (coarse quantizer) -- speed
* Encoding (compact representation) -- memory

11
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What is important for very large-scale
search ?

* Performance criteria
—Search accuracy
—Search speed
—Memory/storage usage



Global Feature-based Method
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Nearest Neighbor Search

e Exhaustive NN Search

— Euclidean distance metric

NN(z) = aremin ||z — vy||?
(x) = argmin [z — y]|

— Very costly when the DB is very large, and the d
escriptor is very high dimensional: O(n*d)

— Can be used as "verification” method on a small
candidate set
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Efficient Solutions

 Dimensionality reduction
— e.g PCA

Hierarchical methods (ex: kd-tree, HKM)
— Efficient and accurate for a mid-range dataset
— Suffer from ‘curse of dimensionality’

— Do not provide a compact data representation
— e.g. FLANN library [Muja & Lowe 09]

Binary code embedding
— LSH, spectral hashing, min-hash, hamming embedding, etc.
— Very fast during search time
— But, may not handle well very high-dim data
— Requires raw features in verification, e.g. 128GB for 1B SIFT

Quantization-based methods (*)
— Indexing: inverted indexing, inverted multi-indexing, etc.

— Encoding: vector quantization, product quantization, optimized product quantization, distance-
encoded product quantization, etc.
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Search Framework (Global desc.)
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Indexing and Encoding

X
® e feature space
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Indexing and Encoding

* Encoding
— Residual vector as input to encoder
— Product quantization and its variants

* Indexing
— Inverted (multi-)index
— Residual-aware shortlist selection

19



Product Quantization pjegou etal, rrami zo11]

* Vector quantization

— For a very large codebook, e.g. K= 4"64
—>intractable as an encoder (speed and memory)

* Product quantization
— Cartesian product of subspace quantization

— Can generate an exponentially large codebook at
very low memory/time cost

20



Product Quantization pjegou etal, rrami zo11]
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Product Quantization pjegou etal, rrami zo11]

Distance estimation
(between encoded y and query x)

Subspace #1
Asymmetric distance
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q(y)=c,

22 Figure from [Jegou et al., TPAMI 2011]
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Distance Estimation Error

* Distance estimation error is statistically bounded
by quantization error [Jegou PAMI 2011]

— MSDE(q) <= MSE(q)
(d(an y) — d(z, Q(y)))2 < d(y.q())"

Asymmetric distance
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Distance Estimation Bias

* Unbiased asymmetric estimator

estimated distance
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Non-Exaustive Search (IVFADC)

Inverted file structure
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Optimized Product Quantization

[Ge et al.,, CVPR 2013]

* Problem of product
quantization

— Subspaces are assumed to be
independent

— Subspaces have unbalanced
variances

* Subspace decomposition

[Norozi

and Fleet, CVPR 2013]
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Optimized Product Quantization

[Ge et al.,, CVPR 2013]
[Norozi and Fleet, CVPR 2013]

* Optimal subspace decomposition

— Estimate a rotation projection matrix R to minimize
quantization distortion

— Rotation can de-correlate data and balance subspac
e variances well
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27 From Arandjelovic’s slides
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Optimized Product Quantization

[Ge et al.,, CVPR 2013]
[Norozi and Fleet, CVPR 2013]

e Formulation

min 3 [x — (i)

R,Cl,...,cﬂf "

st. ceC={c|RceC x---xC" RTR=1}
* Solutions
— Nonparametric solution
* (stepl)Fix R, estimate clusters ¢ and assignment i(x) - k-means
* (step2)Fix C’s and optimize R - orthogonal procrustes problem
» Alternate step1 and step2 until max iteration

— Parametric solution
* Assumes Gaussian distribution
* Eigenvalue allocation algorithm
— Align the data by PCA (make subspaces independent)
— Allocate eigenvalues to buckets with balance



Optimized Product Quantization

[Ge et al.,, CVPR 2013]
e Results [Norozi and Fleet, CVPR 2013]
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Locally Optimized PQ

[Kalantidis et al.,, CVPR 2014]

(d) LOPQ



DiStance EnCOded PQ [J. Heo et al., CVPR 2014]
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In PQ, errors of estimated distances d(x,y) — d(cy, c,) tends to be
higher as 7, and r;, becomes larger.
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Distance Encoded PQ (DPQ)

Encode quantized distance from cluster center as well
as the cluster index
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Orthogonality in High Dim. Space

In high dimensional space, two randomly chosen vectors are
highly likely to be orthogonal*.

orthogonality

d(cy, cy)

dCe,y)? =llx=yl? =|(cx—cy) + x—c) + =) || 2

~ |lex — Cy”Z +llx = cxll? + ly = ¢ || 2
(" ¢x — ¢y, X — ¢y, and y — ¢,, are mutually orthogonal.)

33 *Mathematical foundations for the information age [J. Hopcroft, 2010]



Distance Estimation

34

Symmetric Distance

dobC(x,y)?=d(Cy, C)2 + 75 + T,

Asymmetric Distance

dPC(x, )%= d(x, C)? +7,°



Result (1M, 960-Dim GIST)
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Result (1M, 1024-Dim BoW)
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Result (Accuracy/Time/Memory)

* Tested on 4096-dimensional 11M CNN features
* Indexer: Vector Quantization with 4K centroids (4K lists)

T = 100K (shortlist size)
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Indexing and Encoding

* Encoding
— Residual vector as input to encoder
— Product quantization or its variant

* Indexing
— Inverted (multi-)index
— Residual-aware shortlist selection

38



Inverted Index

Construction time:

* Generate a codebook by
quantization

— e.g. k-means clustering

e Build an inverted index

— Quantize each descriptor
into the closest word

— Organize desc. IDs in terms
of words

39

Figure from Lempitsky’s slides
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Inverted Index

Query time:

40

* (Given a query,

— Find its K closest words

— Retrieve all the data in the K
lists corresponding to the
words

 Large K
— Low quantization distortion

— Expensive to find KNN words




InvertEd M“lti-lndex [Babenko and Lempitsky, CVPR 2012]

@100 0 90000000, 0 ©
* Product quantization | S W
for indexing | O b

* Main advantage: |

— For the same K, much
finer subdivision

— Very efficient in finding
kNN codewords
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lnvertEd Multi'lndex [Babenko and Lempitsky, CVPR 2012]
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IIlVEI'tEd Mlllti-lndex [Babenko and Lempitsky, CVPR 2012]
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Inverted Multi-Index

[Babenko and Lempitsky, CVPR 2012]
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Residual-Aware Shortlist Retrieval

[Jaepil et al., CVPR 2016]

Limitation of prev. methods

Neighbors could be missed Select promising subset in
due to the quantization error parallel from all the lists



Motivation: Better Distance Estimator ?

* Distance estimator between y and x based on orthogonality in

high-dimensional space: y

d(y,x)* = d(y,c)* +d(c,x)* = h* + r? L

Compute shortlist according to h? + 12,
instead of only h*
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Distance Estimator

: : data
d? = hZ, + 12 — 2h,, T, COS O y:query /x .
Xy ' X Xy X Xy c,.: the closest centroid of x

" 2hy, :
= hy, +1(1 - =Y cos By i \
o x l y

ag is a constant depending on K (= number of desired neighbors)

= avg(: with K-NN pairs and 'with random pairs)

- —a |l - - —
eg) a,= 0.5 / dX10= 0.55 / d100= 0.62 / a100020.70
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Distance Estimator




Shortlist with Inverted Index

* LooKkup Table Precomputation
— Sort and partition each inverted list according to 7;2

Ly ]
L, | T S S S
e e e S

Rn Ry R, AR Ry Ry

— Compute a lookup table W (i,j) — the number of data in L; whose ;> are
smaller than R;

Wilo)|lo| 3 |10|14 |18 |30 38| 45 | 45
10 |12 115124 28|30|35|35]35
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Shortlist with Inverted Index

e Runtime Shortlist Selection

— Given a query vy, shortlist size T, and the target number of neighbors K

— Compute squared distances to centroids h?

— Do binary search to find a distance threshold that corresponds to T

W [o|o]|3]|10]14]18]30]38]45]|45
S 10 | 12075 | 2425 | 30 | 35 | 35 | 35
0 | 4 [tp|15T2p | 2738 | 38 | 40 | 40




Shortlist with Inverted Multi-Index

* Residual-Aware Indexin 2 2
B 8 h< + 04-¢A y
— Partition each cluster by 7, to define index

(subspace ID, cluster ID, distance ID)
— Compute a representative residual distance rS . for

each index (s, i, j) x

Sub D Subspace #1
ubspace - »
v [ann]i2)azn]e,)| 2Rskace # Subspace #2

C:t\]t (Zl’l’l) 7ﬂ111_03 7'211—07
S 1(2,1,2) 72, ,=13 f22,1,2=()_9
('c ) )
2'(2,2,1) 7121704 || T22,=0.6
Q 15y 72 —0.8 7:2 —1.0
> 1.2,2=U. 52 2=1.
A |(2,2,2)

1

Cluster ID

Distance ID
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Shortlist with Inverted Multi-Index

Runtime Shortlist Selection

— Compute hﬁ)i (the distance to i-th centroid of s-th subspace), and sort the
indices in each subspace according to hf,,i

— Traverse the table by using the multi-sequence algorithm

h1l+“1<17”1z]

N
7

(L,LLOD [ 1,2,) (1,22 ](1,1,2)
hi,1=0.8 1.1 1.4 1.8 2.1

hiz=10 | [o21)12] 23 =26 | 30 | 33
|~

Subspace #2 | (2,2,2) 1.6 2.7|/ /,3.0 3.4 3.7

/

h3,=11 | | (2,1,1) 1.8 29 32 3.6 3.9
h3,=0.6 || (2,1,2)2.0| 3.1 3.4 3.8 4.1

Subspace #1




Shortlist Evaluation

Accuracy of Shortlist retrieving top 100 GT
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Shortlist Evaluation

End-to-End Accuracy
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Applications

Object retrieval and localization
Product image recognition

Face detection and attribute recognition
Large-scale semantic image search

Large-scale image tagging

Free-text image search
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Object Retrieval and Localization

[X. Shen et al.,, CVPR 2012]



Object Retrieval and Localization

* Local correspondence voting for non-rigid object matching

~

idf (k) - idf (k)
tf (Q, k) - tf(D, k)

tf-idf pair voting score:

Choose the transformation with the highest score!
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Object Retrieval and Localization

Examples of Voting Maps
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Object Retrieval and Localization

Non-rigid cases



Product Image Recognition

[X. Shen et al., ECCV 2012]

Examples of product images in the database

EE -; W
EERSSI—— e — A [ - : 4

Examples of query images taken by mobile phones
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Product Image Recognition
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Product Image Recognition
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Face Detection by Image Retrieval

|X. Shen et al., CVPR 2013]
|H. Li et al., CVPR 2014]



Face Detection by Image Retrieval

Database Images Voting Maps

Aggregation

By
Boosting
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Face Detection by Image Retrieval

Example detection results
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Facial Attribute Recognition

transfer landmark, pose, age, gender, expression...
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Facial Attribute Recognition
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Data-Driven Object Segmentation

[J. Yang et al. CVPR 2014]

o wiSearchUI-Waldo

File Image View Option

=]

(=]

DB Image Navigator:

o U

1801 | 0 ]
31

S e

Hi\flickr2M\flickr_sampling_021810\00112430827_Large.jpg (1024x768, 0.62)

imagelist_gecampbell.dat database: 18

02 images

Search Option (Color ONLY-0, Shape ONLY-100):

100

Search

Refine
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Data-Driven Automatic Cropping

[A. Samii et al. CGF 2015]
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Image Similarity Search

IE "T:_’ ?
ﬂw »
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Image Similarity Search

Deep Convolutional Neural Network Distance Encoded OPQ




Image Similarity Search

| Choose Query | [ Specify Query| > InvFile loading finished (15.85 sec): num images 3M 312K 600, invFile size: 225M 273K 304 bytes [ Randomize Images |

¥ 435275 ¥ 313782 = 17198597 # 2899693 + 2925048 198403 ¥ 2454766

A

MUHAMMAD |

= 2511418 = 301155 = 1919316

- 3 .“ '_ . o i *
Search o 2 |0 } e W _f-’ %.-.Eemﬁiﬁ l‘

= i
. |

Search Params

n.Visits: |100K - 1994702 ¥ 2063044 # 343252 # 14966371
: 3 " '_

n.Result; | 100 bl =

InvFile Params
Indexer |Inv-Idx hd G e G - 6w -
n.Index [4K - = 2098742 = 1100477
Encoderm R Rl g
Codeler |512 bits - : o~ Gy . Fr g

? » : Py - / Encontro Estad
EncDate |Residual Vec ~ == | | i MP como }/

« Hgmim® o na lnvest
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Automatic Image Tagging

fashion WomBn > attractive
— "mlw 0man Iemalo

h"de 0“ g hauhumuml
Ileaulml s.m....,,.....
hanpy lng ﬁﬂllﬁgl}gﬂgllll' wellness
mmﬂu adorable  wi MIIII ,,,
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Dataset

* 17 million Adobe stock images with tags

18k-100k tag vocabulary

y u o il st e ez
g i lago Byt mﬂllr smile o chasrl '.'}'...."::.”.'.

o 'h:lu nnllllvw l m.m decoration """ ;ﬂm . ;E::m
;:.n:n wllnl:v:g inoéw! ||1I I‘ﬂlenn g“'n e = o=

eyl WOITT) so Lol s
mmmmm health Oallw haekg g&?ﬁ.m E’h

-..:“3r..'.. sn closeup Ly ul“i"i"“" h °‘“'“'"!..'.I“’r e

| ey
ol Imla Il n
Mronkast ’ Enckprenmss
M'Hl ol -
s [og IIE llll Teal
el _; "TI 0 1 onfmie
xealiy
rmaon 1 lllln-: styllsh



Deep-kNN Tagging System

—_—

white tiger,
snow, cute
keyword | freq.
white 3
white tiger, tiger
tiger, beast SNoOwW 3
winter 2
Neural Net Search white tiger; cute )
Feature Engine g 1 cage, 200 [~ _ -
e tiger
Extractor (DOPQ) 8
beast 1
snow,
winter, cage 1
forest
Z00 1
Labeled zebra, forest 1
Search snow,
Image DB Index winter Zebra 1
(17M) _
N — e N — e
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Discriminative Feature Learning

* Tag set similarities can reflect the visual similarities

cute, fluffy, domestic, one, playful, curious, portrait
, funny, paw, young, spots, black, pets, puppy, adora
ble, pretty, sitting, charming, fur, hair, lovely, anima
Is, look, heartwarming, delectable, cuddly, veterina
rian, small, mammal, soft, exquisite, ears, black pu

ppy

cute, wreath, domestic, one, playful, bright, young,
spots, black, pretty, orange, lovely, hawaiian, sittin
g, motley, charming, fur, flowers, animals, look, hea
rtwarming, cuddly, veterinarian, small, mammal, s
oft, exquisite, ears, fluffy, hair, portrait, curious, fun
ny, paw, artificial, pets, puppy, adorable, delectable
, small black, black puppy




Tag Context Space

 We define pseudo classes from tag information

M dim sparse

_ k pseudo classes
Image-Tags Bag of Tags p
tf/idf
I, = {tll, tzl, } X1 = [0,1,1,0, ] L, normalize
I, ={t{, t5,..}  x, =[1,0,0,0,...] clustering> c
: |:> . | & 0

I, ={t"t},..} x,=1[0011,..]
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Sudo-Classes

%] Demo_BoT Clustering

C-ID 1

ID G: 550726 | D: 0.67004 | # Tags: 26
>

beautiful,
ornithology,
alba,
plumage,
birdwatching —
, migratory,
environment

+ tail, bladk,
animal, - i
ID G: 4043507 | D: 0.70427 | # Tags: 12
plumage,
wagtail, beak,
bird, wildife, bil,
motadila, flava,
rock, wild,
feather, wing

| #Tags: 14

nature, aba,
wildlife, one,
water, wagtai,
stone, sitting,
motadila, black,
small, white,
river, bird

e Ny

ID G: 3219382 | D: 0.71911 | # Taqs: 23

ornithology, _* |
alba,

plumage,

birds,
destination, |
tail, bladk,
animal,
white,

juvenile, nature,
alba, young,
wagtail, birds,
animals, grey,
motacila,
animal, wild,
white, bird

meadow,
nature, aba,
passering,

| | wagtail,
motacilla,
animal,
grassland,
white, grass, —

Page# 1

bird, white = |

78

Display

ID G: 560693 | D: 0.57004 | #Tags: 26
beautiful,
ornithalogy,
alba,
umage,
birdwatching ~—
, migratory,
environment
» tail, black,

animal,

70427 | # Tags: 12

ID G: 4038577 | D:

plumage,
wagtail, beak,
bird, wildife, bill,
motadilla, flava,
§ |rock, wild,

~ | feather, wing

7 | #Tags: 19
nature, alba, * |
birch,

wagtail,

3
monochrome
; fauna, —
aray,

wildlife, tree,

motacila,

| #Tags: 12

ID G: 3632395 | D: 0.7209

plumage,
wagtail, reed,
beak, wildife,
bill, motacilla,
flava, wild,
feather, wing,
bird

73164 | # Tags: 25

cute, non-

wilderness,

alba, scene,
one, -
plumage,

small, tiny,
songbird,

animal,

ID G: 9433234 | D: 0.73782 | # Tags: 22

cute, P
ornithology,
alba,
resting,
plumage,
wagtail,
closeup,

¢ | background,

migratory,

ID G: 3682513 | D: 0.67840 | # Tags: 11

nature, alba,
wagtall, birds,
animals,
motacila,
animal, wild,
white, bird,
white wagtail

ID G: 4044755 | D: 0.70427 | # Tags: 12

plumage,
wagtail, beak,
bird, widiifz, bill,
motadilla, flava,
rock, wid,
feather, wing

ID G: 4104572 | D: 0.7216

doseup,
background,
dry,

| # Tags: 13

plumage,
wagtail, beak,
bird, wildlife, bill,
motadilla, flava,
rock, wild,
feather, wing,
wagtail motacila

| # Tags: 18

ornithology, = |
alba,
plumage,
passerine,
wagtail,
doseup,
feather,
birdwatching
§ gray,

| # Tags: 25

beautiful, *|

blue, nature,
alba, sky,
motacilla, bird,
wagtail, animal,
white, fauna,
white wagtail

ID G: 12178134 | D: 0.68216 | # Tags: 11

ID G: 4053078 | O: 0.70427 | # Tags: 12

plumage,
wagtail, beak,
bird, widife, bill,
motadila, flava,
rock, wild,
feather, wing

ID G: 11167268 | D: 0.71572 | # Taas: 14

alba, wildlife,
wagtail, feather,
singer, arey,
motacila, field,
tail, green,
animal, wild,
white, bird

| # Tags: 36
cute, eye,
tail, fast,
live, black,

tail, fast,
wings, live,

ID G: 5746522 | D: 0.73902 | # Tags: 45

eye,
environment

, tail, black,
feather,
|brown, Ife, -

ID G: 3349922 | D: 0.6352¢

animals, nature,
alba, motacilla,
bird, wagtail,
animal, white,
birds, white
wagtail

| #Tags: 10

ID_G: 4050686 | D: 0.70427 | # Tags: 12

plumage,
wagtail, beak,
bird, widife, bill,
motadilla, flava,
rock, wild,
feather, wing

| #Tags: 12

trunk, plumage,
wagtail, beak,
wildlife, bill,
motadila, flava,
wild, feather,
wing, bird

ID G: 12406534 | D: 0.72230 | # Taqs: 36
cute, eye,
tail, fast,
live, black,
white,
brawn, life,
wagtail,
closeup,

§ | beak,
feather,

legs, brown,
life, wagtail,
closeup,

beak, white,

ID G: 5738853 | D: 0.73902 | # Tags: 45
cute,
migratory,
beak,
standing,

Eye,
environment
 tal, black,
feather,

brown, life,

ID G: 11002385 | D: 0.68976 | # Tags: 13

alba, wildiife,
wagtall, feather,
singer, arey,
motacila, tai,

animal, wild,
white, bird,
white wagtail

| #Tags: 50

cute,
migratory,
yellow, bath,
eye, lake,

8 | environment

brown, life,
colorful,

gray, nature,
alba, motacila,
straw, wagtail,
black, whits,
bird, fauna

ate,
bathing,
ornithalogy,
alba,

backaround, |

ID G: 12858590 | D: 0.73403 | # Tags: 43

legs, brown,
life, wagtail,
doseup,

beak, wings,

0.73951 | # Tags: 44

cte, eye,
white, tail,

feather,
legs, brown,
life, wagtail,
doseup,

beak, wings,

ID G: 11683230 1 D: 0.690

9 | #Tags: 14
alba, wildlife,
arey, wagtail,
feather, singer,
isolated,
motadilla, tail,
animal, wild,
white, bird,
white wagtail

| #Tags: 17

migratory,

ID G: 13077467 1 D: 0.71725 | # Tags: 10

ornithology, _* |
alba, spring,
plumage,
wagtail,

birds,
birdwatching —

gray, nature,
alba, motadilla,
straw, wagtai,
black, white,
bird, fauna

| #Tags: 15

ID G: 3416728 | D: 0.7276
i

-

—

beauty,
isolated,
wagtail, one,
feather,
standing, gray,
animals, arey,
motacilla, tail,
wild, white,
wing, bird

ID G: 12858505 | D: 0.7340

ID G: 3340038 | D: 0.73976

| | passerine,
| | wagtail,

" | standing,

13 | # Tags: 43
cute, eye,
tail, fast,
wings, live,
feather,

legs, brown,
life, wagtail,
doseup,
besk, white,

| #Tags: 14
animal,

nature, alba,
adult,

motacilla,
branch,

grassland,

ID Gt 11167454 | D: 0,636

ID G: 8873764 | D: 0.70993 | # Tags: 14
[ .

ID G: 3217512 1 D: 0.7191

1D G: 7532987 | D: 0.7280

ID G: 12358620 | D: 0.73403 | # Tags: 43

ID G: 6522656 | D: 0.73983 | # Tags: 9
s

L= ==

580 imgs (13 pgs) | wagtail (0.3571), motacila (0.2300), white wagtail (0.1327), bird (0.1136), alba (0.1054), widife (0.0885), yelow wagtai (0.0865), plumage (0.0795), ornithology (0.0765), flava (0.0733)

4 | #Tags: 16
alba, widiife,
wagtal, sea,
feather, blue,
singer, arey,
motacilla, tail,
animal, rock,
wild, white, bird,
white wagtail

nature, alba,
wildlife, one,
water, wagtail,
stone, sitting,
motadila, black,
small, white,
river, bird

| # Tags: 23
ornithology, _* |

destination, |
tail, black,
animal,

white,
feather, bird, «
| # Tags: 16

migratory,
alba, spring,
yellow,
autumn,
wagtail,

irds, —
birdwatching
» wildlife,

nature,

cute, eye,
tail, fast,
wings, live,
lack,
feather,
legs, brown,
life, wagtail,
doseup,
bezk, white,

wildlife, nature,
yellow,
motadlla, flava,
wagtail, wild,
bird, yellow
wagtail




Sudo-Classes

5] Demo_BoT_Clustering

cib 0 Page # 1

ID G: 10589572 | D: 0.72115 | # Tags: 19

summer,
nature,
farm,
outdoors,
agricultural,
harvest,
|andscape,

red,
environment

| # Tags: 45
industrial,
scene,
outdoor,
cultivated,
earth,
landscape,
ground,
Eequipment,
low,

ID G: 7516340 | D: 0.75126 | # Tags: 46

ID G: 7312123 | D: 0.76434 | # Tags: 53

summer,
industrial,

environment

ID G: 9881227 | D: 0.756831 | # Tags: 29

summer,
outdoor,
sutumn,
weather,
agricultural,
agriculture,
landscape,
environment

equipment,
field, sky,
farmer,
farming,
engine,

| Display

ID G: 10589621 | D: 0.72523 | # Tags: 24

]

ID G: 85940741 D: 0.74973 | # Tags: 45

B

1D G: 7540405 | D: 0.7512¢

ID G: 4074543 | D: 0.76983 | # Tags: 47
T m——

summer,
agricultural,
agriculture,
landscape,
machine,
working,
equipment,
dirt,

environment

industrial,
scene,
outdoor,
cultivated,
earth,
landscape,
ground,
equipment,
love,

summer,
industrial,
countryside,
yellow,

summer,
industrial,

summer,
countryside,
yellow,
bright,
earth,
landscape,
plow,
working,
equipment,

| # Tags: 34

ID G: 6320718 | D: 0.72667 | % Taas: 17

industrial,
farm, new,
agricultural,
agriculture,

lue,
farming,
equipment,
industry,
sky,

ID G: 6627787 | D: 0.75009 | # Tags: 35
Tk
outdoor,
scene,
industrial,
agricultural,
landscape,
equipment,
field,
environment
4 Spring,

summer,
industrial,
countryside,
yellow,
outdoor,
earth,
landscape,
plow, sky,
cultivation,

summer,
industrial,

environment

ID G: 8807536 | D: 0.77120 | # Tags: 50
summer,
industrial,
gold, scene,

equipment,
field, sky,
cultivation,
farmer,
farming,

| #Tags: 38

summer,
outdoor,

ID G: 9891935 | D: 0.7405€

one,
agricultural,
landscape,

equipment,

Yr
environment
+ farmer,

ID G: 4075209 | D: 075067 | # Taas: 47
¥ summer,
industrial,
scene,
outdoor,
earth, doud,
equipment,

i plow, cut,
field, sky,
- cultivation,

ID G: 9892689 | D: 0.7405¢

whel,
outdoor,
transportatio

| = Taas: 38

summer,
outdoor,

one,
agricultural,

andscape,

equipment,

Yy
environment
, farmer,

n
countryside,
farming,
wehicle,
agricultural,
agriculture,

ID G: 9867210 | D: 0.7405
= e

ID G: 10533151 | D: 075441 | # Tags: 26

summer,

agronomy,
agriculture,
landscape,
blue,
equipment,
driving, field,

ploughing,
plough,
agricultural,
agriculture,

summer,
industrial,
gold, scene,

environment
, farmer,
farming,

ID G: 4297710 | D: 0.7549

ID_G: 9881259 | D: 0.7722:

n3

| = Taas: 48

outdoor,
countryside,
scene,
agricultural,
landscape,

low,

working,
equipment,
sky, spring,

summer,
outdoor,
straw,

yellow,
agricultural,

field, sky,

| #Taags: 30
summer,
outdoor,
sutumn,
weather,
agricultural,
agriculture,
landscape,
environment
, field, sun,

landscape,
occupation,
plow,
working,
equipment,

summer,

one,

plow,

ID G: 5587576 | D: 0.7670"

plough,

plow,

tire,

vehicle,

engine,
farmer,

| =Tans: 38

outdoor,
agricultural,
landscape,
equipment,

Ve
environment
, farmer,

| # Taas: 37

cultivated,
agricultural,
landscape,

working,
equipment,

Y,
altivation,

summer,
industrial,
countryside,

working,
field, spring,

seasonal,
soil, crop,
agricultural,
cultivate,
agriculture,
landscape,
equipment,

| = Tags: 34
summer,
industrial,
agricultural,
equipment,

farming,

| #Tags: 50

summer,
industrial,

ID G: 8721154 | D: 07419

summer,
industrial,
countryside,
= | yelow,
outdoor,

ID G: 6404629 | D: 0.75301 | # Tags: 39

summer,
countryside,
gold, scene,

| |landscape,
equipment,
sky, farmer,
farming,
food,

ID G: 9881237 | D: 0.756831 | # Tags: 29

agricultural,
agriculture,
landscape,
environment
, field,

0.77284 | # Tags: 41

summer,
industrial,
one,
outdoor,
aaricultural,
Jandscape,
equipment,
field, sky,
environment +

engine,
industrial,
agricultural,
agriculture,

transport,
working,
machine,
equipment,
cultivation,

ID G: 8768730 lD:_D'.7422_
= -

ID G: 7670799 I‘Dl 0,75125

j-——

ID G: 3050566 | D: 0.7530

ID G: 9881232 | D: 0.75683

30913 imgs (645 pgs) | tractor (0.2210), agriculture (0.1131), machinery (0.1061), agricuttural (0.1057), farm (0.1034), farming (0.0984), machine (0.0864), farmer (0.0837), plow (0.0822), field (0.0751)

| #Taas: 45

industrial,
scene,
outdoor,
cultivated,

equipment,
low,

| # Tags: 46
summer,
industrial,
countryside,
yellow,
outdoor,

summer,
countryside,
gold, scene,

| #Tags: 29
summer,
outdoar,
autumn,
weather,
agricultural,
agriculture,
landscape,
environment
, field,

D G: 178810_8‘5'| D: 0.77284 | # Tags: 41

. i

e

summer,
industrial,
one,
outdoor,
aaricultural,
landscape,
equipment,
field, sky,
environment

| #Tags: 51

industrial,
countryside,

occupation,
plow, busy,
working,

79
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Deep Feature Learning

gEIEEE.-P

“HERARERE

PYEREN S

EELAEERE

- EED BEAN

2 13 i M w¥aln

FEam.®Taln

anEdLE BN

3 5120 4096 3500 s dEFMEFHN

—b P7 13 |13 |1 - .--ih-.ﬁ

297 . EaEEERDN
>12 512 >12 — izl HEE

PS 320 EETENEEE

BER:: @28Q

128 EENEEN

Conv. 1 Conv. 2 Conv. 3 Conv. 4 Conv. 5 P JANEEER

norm norm pool FC-1 kC-2 QuEEE ME

pool pool
Input Tag Clusters
RGB
100 Tags
P@100 R@100
ImageNet Feat (1000) 0.196 0.552
Deep Tagging Feat (1000) 0.204 0.573
Deep Tagging Feat (3500) 0.220 0.616
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Automatic Image Tagging

# 2950223

fiuffy, ginger, = |
sleep, gang,

door, stalk,

still, doorstep,
cream, stare,

plot, pet, -
furry, two,

nap, cats,

prey, pets, -

apple, color,
pussy, yellow,
female, breed,
tail, black, —
white, friend,
head, dark,
background,

kitten, tabby,

cat, small, -

cute, domestic,
ginger, pussycat,
pet, furry, feiine,
wiskas, animal,
friend, eyes, kitty,
predator, fur,
cateye, cat,
thought, red,

expression

Taas (50)

pet, cute, fur,
domestic, kitten,

young, beautiful,
white, adorable,
mammal, portrat,
red, eyes, furry,

cat, animal, feline, -

kitty, orange, -

cute, love, Pl beautiful, Pl

pussy, indoor, cute, breed,

domestic, sweet,

yellow, one, shorthair,

playful, stare, domestic, one, __|
| |ltte, furry, hair, ittle, pet,

pedigreed, furry, feline,

breed, long, young, tai,

pretty, whi - imal, white,

# 15177550

cute, peace, _+ ate, fluffy, 4]

family, color, J domestic,

scratch, attitude,

indoor, yellow, home,

newborn, arrogant, pet, __|

bright, smart, furry, feline,

catfight, eye, looking, cats,

chinese, pets, orange,

thinking, fight, « main, resting,

# 12791165

cute, love, Pl companionship,

domestic, feline, domestic,

down, cat, tiger,

pedigreed, I tenderness, red,

tiny, tail, spitz, animal, puppy,

white, brown, mustache, red cat

head, reverie,

kitty, muse, vy

neutral, kitten, «

profile, pose,
whiskers,

perched, portrait,
handsome, pet,
feline, cat,
orange, kitne,
holiday, christmas

and, lazy, nature,
colors, flowers,
happiness,
muzzle, animals,
sun, cat, pets,
pleasure, the,
red, the sun

cute, sweet,
follow, pet,
relax, young,
animal, tom,
white, red,
nice, lonely,
pretty, nature,
tiger, snoopy,

cute, plant, feline,
cat, poinsettias,
kitten, portrait,
holiday, christmas,
red

beautiful, el

cute,
household,
domestic,

4 | ginger, young,

hair, portrait,
panw, pet,

furry, feline,
isolated, -

beautiful, el
cute, outdoor,
golden, yellow,
portrait, stare,
pet, feline,

young,

outside,

beautiful, el
cute, concept,
sweet, fluffy,
books,

education, |
funny, pet,

furry, feline,
animal,

reading, -

alone, fur, v

and, domestic, * |

one, down,
indoors,

portrait, lying,

elegance,
textile, cats,
animal,
orange, white,

red, body, -

feathers, kitty,
home, animals,
pet, siberian, cat,
black, boa, red
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Improving Tag Prediction

Highly Similar User Tags
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Search Results

cloudy
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earch Results

cloth
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KNN + Linear Classifier

55

._.
:

[ :/
&S

V,

Stride
224\ || 55 4

55

96

Max
pooling

27

13

27

13

-
—T=
—

13

256

dense

Max
pooling

Max
pooling

KNN Retrieval

(=
o

denp

4096

Tag Relevance
Score

Linearly combine the scores from KNN-retrieval and Logistic classifier



86

Evaluation

Evaluation set
- 82 tags: 30~50 images/tag
= Include hard negatives

= Top N Precision

0.85

0.8

0.75

0.

~

0.6

U

0.

o

0.5

U

0.

o

Mean Precision(@5,10,25)

AlexNet VGG16
B UserTag MWKNN ®Div-KNN ™ Div-KNN+LC
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Num NN 100

. Num Tac 10

Tag
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Free-Text Image Search

@ sydney opera house

ﬁuﬁﬂmuun

836

uu‘rg

mmmnuﬁ@u
TERLL TR EE.
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Free-Text Image Search

@ Baseball game

U Internet Image Search = Crawl Examples

O Multi-Query Visual Search - Retrieve Images

200008 . Tz pTE ] PIE=




| | search | [tumbnai ~| Junform -]

Google Reference Images

Our Database Images
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Image Recommendation

[C. Fang et al. CVPR 2015]

Jake| o4

19Ae| Auo)

Pseudo classes

T Clustering

Users d
l- i = II
o TR "= v
= : | .g User latent factors
gl |- el 8
M = ul -, L . e E x d
=i e . L]
B e %
I -'. -.-- . -- g
I. I' .I.-_ -

User behavior matrix
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Image Recommendation

[C. Fang et al. CVPR 2015]

Query Nearest neighbors in latent factor space

Tags

beauty

portrait

woman
hair

wedding
photography

elegant

graceful
neat

refined

automotive
classic

automotive

design
industrial
tansportation

Casa La Encantada
house

mascot
logo

gaming
sport

shoe
footwear

food

pie
food photography




