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o Qverview



imilar Image Search




Particular Object Retrieval




Duplicate Image Searc

Showing more sizes
Onginal: 1280 x 960 - 199 kB - jpeg
millennium-monument_com

See also: Similar images

Back to results




Similarity Search

Problem definition

NN(q) = argminyey dist(q, x)
—

{xl, X, v ,Xn} Euclidean distance

Time complexity: O(nd)



Principles

Reduce #(distance computations)

. Time complexity: O(nd), n’ < n 1. High efficiency ©
- Tree, neighborhood graph, inverted index 2. Large memory cost ®

Reduce the cost of each distance computation

- Time complexity: O(nd’), d" < d 1. Small memory cost @
- Compact codes (hashing, quantization) 2. Low efficiency ®

Three key factors: Time, accuracy, memory



Our work

Compact Coding

« Trinary-projection tree (CVPR10, TPAMI14) Complementary hashing (ICCVTT)
. » Order preserving hashing (ACMMM13)

« Optimized distance for binary code ranking (ACMMM14)

* Composite quantization (ICMLT14, TPAMI)

« Sparse composite quantization (CVPRT5)

» Collaborative Quantization for Cross-Modal Similarity
Search (CVPR16)

»  Supervised Quantization for Similarity Search (CVPR16)

KD tree: Single TP tree: PCA tree

coordinate axis Trinary combination arbitrary axes _
of coordinate axes « Asurvey on learning to hash (2015, TPAMI)

» Neighborhood graph construction and search
(ACMMM12, CVPR12, ICCV13)

x1 010101010110111
X2 101010101010101
x3 110110101010010
x4 001101011010110
x5 101011010101010
x6 101010101010101
x7 110101011010110




Outline

» Neighborhood graph Search



Neighborhood graph search

Point b is a nearest neighbor of point a (a)
Point a is near to query g e
—>b is most likely to be near to g

la —bll2 < [lg—al|2 + |la — bl

Neighborhood graph as index structure:

Fach database point is connected with its k-
nearest points




Search

Greedy search

1. Visit the neighborhood points of
point v

2. Select the point as v that is the
nearest to the query from the
neighborhood points

3. lterate step 1 and step 2

~ -
. =~ -

Too greedy to make good use of the other
points in the neighborhood except the point
nearest to the query



Search

Greedy search

1. Visit the neighborhood points of
point v

2. Select the point as v that is the
nearest to the query from the
neighborhood points

3. lterate step 1 and step 2

~ -
. =~ -

Too greedy to make good use of the other
points in the neighborhood except the point
nearest to the query



Best-First Search

Best-first search

1. Push the neighborhood points of v
into a priority queue QO
(O
2. Pop out the best point v from the (O
gueue 0 )
3. lterate step 1 and step 2 N .9 @
O
OIS0 N\
O O

A priority queue storing the points in the
neighborhood



Fasy Implementation
Modity few codes of depth-first search

1 procedure DFS (G, Vv):
2 let 5 be a

1 procedure BFS (G, s, :
2 let 5 be a

3 S.push(v) 5 S.push(s)

4 while S is not empty 6 while S is not empty

] v = S.pop () 7 v = S.pop()

6 label v as discovered 8 label v as discovered

7 for all edges from v to w in G.adjacentEdges(v) do 9 for all edges from v to w in G.adjacentEdges(v) do
8 if w is not labeled as discovered: 10 if w is not labeled as discovered:

9 S.push (w) 13 S.push (w)



Nonlocal Search

» Best-first search is local

« Stuck at a locally optimal point
« Exhaustive neighborhood expansions

o [terative local search

« |terative query-driven new starting point
generation when the local search cannot
find better points

 Generate new starting points using kd-
trees (ACMMM12), product quantization

(ICCV13)

fix)

b e d'

[1] Query-driven iterated neighborhood graph search for large scale indexing. Jingdong Wang, Shipeng Li. ACMNMM 2012
[2] Fast Neighborhood Graph Search Using Cartesian Concatenation. Jing Wang, Jingdong Wang, Gang Zeng, Rui Gan, Shipeng Li, Baining Guo. ICCV 2013.
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Fvaluation on 20M 100D CNN Features

Algorithm Query time (ms) Precision@10
Hamming distance + ITQ 83 0.93
FLANN (OpenCV) 46 0.93
FLANN (ours) 29 0.93
Composite NN Search 13.5 0.93
Neighborhood Graph Search 7.4 0.95

20M 100D float in database, 75K queries

[1] Trinary-Projection Trees for Approximate Nearest Neighbor Search. Jingdong Wang, Naiyan Wang, You Jia, Jian Li, Gang Zeng, Hongbin Zha, Xian-Sheng Hua. TPAMI 2014.
[2] Fast Neighborhood Graph Search Using Cartesian Concatenation. Jing Wang, Jingdong Wang, Gang Zeng, Rui Gan, Shipeng Li and Baining Guo. ICCV13.

[3] Query-driven iterated neighborhood graph search for large scale indexing. Jingdong Wang, and Shipeng Li. ACM Multimedia 2012

[4] Scalable k-NN graph construction for visual descriptors. Jing Wang, Jingdong Wang, Gang Zeng, Zhuowen Tu, Rui Gan, Shipeng Li. CVPR 2012.

[5] Zhansheng Jiang, Lingxi Xie, Xiaotie Deng, Weiwei Xu, Jingdong Wang: Fast Nearest Neighbor Search in the Hamming Space. MMM 2016.



Summary

« Neighborhood graph is better than KD-tree, Hierarchical
<-means tree

« Memory cost is large

« Construction

« Trinary-Projection Trees for Approximate Nearest Neighbor Search. Jingdong Wang, Naiyan Wang,
You Jia, Jian Li, Gang Zeng, Hongbin Zha, Xian-Sheng Hua. TPAMI 2014.

» Scalable k-NN graph construction for visual descriptors. Jing Wang, Jingdong Wang, Gang Zeng,
Zhuowen Tu, Rui Gan, Shipeng Li. CVPR 2012.

» Improvement by relative neighborhood graph



Outline

« Quantization

« Composite quantization
« Supervised quantization
 Multi-modality quantization



Outline

« Quantization

« Composite quantization

Composite Quantization for Approximate Nearest Neighbor Search. Ting Zhang, Chao Du, Jingdong Wang.
ICML 2014, TPAMI 2018



Product quantization

 Approximate x by the concatenation of M subvectors
 Code presentation: (iq, iy, ..., i)
» Distance computation:

_ 2 2 2
+ d(q,%)? =d(q1,p1i,) +d(dz P2i,) + -+ d(dm Paiyy )
« M additions using a pre-computed distance table \

. _ N
X1 P1i; 4_d(:{{pll»pn»"’:le} i:ch) 2 {d(q1,p11),4(q1, P12), -+, d(q1, P1k)}
X2 P2i, = (1{D21, P22, D2k } 1d2)

X _pMi] hd(l\{leprZI.“'pMK}JqM)



Product quantization

 Approximate x by the concatenation

of M subvectors

» Codebook generation
« Do k-means for each subspace




Product quantization

 Approximate x by the concatenation

of M subvectors

» Codebook generation
« Do k-means for each subspace

M=2K-=3
0
ng 0® % °%,
°® o:‘ . "X .
ng.o o... :0 0
o. ° o °
® ® o
pZ? . o.::.. *°
@ @ @



Product quantization

. . M=2K=3
 Approximate x by the concatenation e’
[ ) [ )
Of M SU bveCtOrS @ g Qi...x
| P23 . 5.0.'. : ‘. o
- Codebook generation 0s %t o, e
» Do k-means for each subspace p Y 8.‘ o0, 0%°
. i @ 5 0:
» Resultin K™ groups 0 bt 0t
« The center of each is the concatenation of M subvectors 2L . "E.' .
P11 P12 P13

P11]
8 =
P21



Product quantization

 Approximate x by the concatenation
of M subvectors

» Codebook generation
« Do k-means for each subspace

» Resultin K™ groups

- The center of each is the concatenation of M subvectors




Product quantization

» Approximate x by the concatenation
of M subvectors

» Codebook generation
« Do k-means for each subspace

» Resultin K™ groups

- The center of each is the concatenation of M subvectors




Cartesian K-means

» Extended product quantization

« Optimal space rotation
 Perform PQ over the rotated space

" P1iy ]

P2i,

_pMiM_



Cartesian K-means

» Extended product quantization

« Optimal space rotation
« Perform PQ over the rotated space

" P1iy ]

P2i,

_pMiM_



Com posite guad Nntization (ICML 20714)

« Approximate x by the addition of M vectors

« Code representation: iqi, -+ iy
* length: MlogK

X=X = Clll Ll C2l2 L CMlM

S N

{C11,C12,", C1k}  {€21,C22, 7", Cok } oo 1CM1,CMm2, " Cyk )

Source codebook 1 Source codebook 2 Source codebook M



Composite quantization

2 source codebooks:

{C11,€C12,C13}
{C21,C22, C23}




Composite quantization

2 source codebooks:

{C11,€C12,C13}
1C21,C22, C23}

Composite center:
> C11 + C21



Composite quantization

2 source codebooks:

{C11,€C12,C13}
1C21,C22, C23}

Composite center:
X = C11 + CZZ



Composite quantization

2 source codebooks:

{C11,€C12,C13}
1C21,C22, C23}

Composite center:
X = C11 + C23



Composite quantization

2 source codebooks:

{C11,€C12,C13}
1C21,C22, C23}

More composite centers




Composite quantization

®
..;.
O o®
) @
0®. o%° Ra ,
«® © ® Composite codebook:
® o® :
O o 9 composite centers
O % o &0
R I
@
@ ® o
®
® 0 v
° ®



Composite quantization

Source codebook:

{C11,€C12,C13}
1C21,C22, C23}

Space partition:
9 groups



Approximate Distance Computation

Approximate distance:
“q_X“% ~ Hq Z =1C mlm(x)H

Time-consuming



Fast Approximate Distance Computation

la = £h-1 emico
— m=1Hq o mi,n,ﬂt(x)H2 o (M o 1)”(]”% + Zmil C;im(x)clil(x)



Fast Approximate Distance Computation

Hq — Ym=1 Cmi, (x) Hz

= M _lla = cmimeoll; = =23 + oot i Ctisc)

O(M) additions Constant i




Fast Approximate Distance Computation

Hq — Ym=1 Cmi, (x) Hz

= %:1”01 — Cmim(x)Hz — Mﬁ]ﬂ% + ZW@

Constant

Minimize quantization error: :
5 2 Subject to
”X ~ Lim=1 Cmim(x)Hz the third term is a constant

Near-orthogonal composite quantization (NOCQ)



Formulation

« Constrained formulation

min Zx X ZM_— C ’
C 1 H m=1“mi,, (X H Minimize quantization error for search accurac
{ m};{lm (x)},e m( ) 2

T
. . —
S. t. Zmil Coni X Cy; x /-l Constant constraint for search efficienc



Connection

« Constrained formulation

min Zx X ZM_— C ’
C 1 H m=1%"mi,,, (X H Minimize quantization error for search accurac
{ m};{lm (x)},e m( ) 2

S. t. Zmil C;I”;”Lim(x)clil(x) —J-lll Constant constraint for search efficiency

» Product quantization and Cartesian k-means: suboptimal solutions of our
approach (NOCQ)

Non-overlapped Codebooks are
space I EY,
partitioning orthogonal

2 ngim<x>clil<x) =€

m=l

- - -— -

3

o

N o

Product quantization and Cartesian k-means

—————————————————————————————————————————————————————



Connection

Near-orthogonal composite quantization generalizes product
quantization and Cartesian k-means

% ® %
..x .:..
o o
oY o
x °| o | x

Product quantization:
Coordinate aligned space partition

Cartesian k-means:
Rotated coordinate aligned space partition

x
°® % ... >
o 05‘: x
P
e

Near-orthogonal composite quantization:
Flexible space partition



A Distance Preserving View of Quantization

e Quantization

« Data approximation: X = x

« Better search

- If better distance preserving: ||[q — Xl = ||lq — x|,

» Distance preserving view
+ Triangle inequality: |llq — xll, = llq = Xll5| < [Ix — x]|,
« Minimize the upper bound: Y. ||x — x||5



A Joint Minimization View

(" Generalized triangle inequality A (Triangle inequality )
|cz(q,)_() — cz(q,x)| < [[x I X[l + |15|1/2 <,\: |||q —xll; = llq - >_<||2| < [[x = X[l
\_ Distortion  Efficiengy \_ )

_ B 2

40,0 = E-lla = eninll) 2
d(a,%) = (la = xlI3 + (M = Dllall3)"?
6= Zm:tlcz;zim(x)clil(x)

S — M
X = 2m=1Cmi,, (x)



A Joint Minimization View

" Generalized triangle inequality A

|d(q,%) — d(q,%)| < ||XI>—<||2 n |i5|1/z

\_ Distortion Efficiengy

(Our formulation

min Yellx — X||5 Minimize distortion for search accuracy
{CmIlim(®)}e

\ S.t. O =c¢€ Constant constraint for search efficiency




Experiments

« Datasets

 Tmillion of 128D SIFT vectors, 10000 queries
« Tmillion of 960D GIST vectors, 1000 queries
« T billion of 128D SIFT vectors, 1000 queries

« Evaluation

e Recall@R

« the fraction of queries for which the ground-truth Euclidean nearest neighbor is in
the R retrieved items



Comparison on M SIFT and M GIST

| l— NOCQ 128 bits + CKM 128 bits ~ eefffummmm PQ 128 bits + ITQ 128 bits == [l == NOCQ 64 bits =m ’ == CKM64bits =m @) =m PQ64bits m=m v == |TQ 64 bits

IMGIST, T =1

recall@R

R



Comparison on M SIFT and M GIST

| l— NOCQ 128 bits + CKM 128 bits ~ eefffummmm PQ 128 bits + ITQ 128 bits == [l == NOCQ 64 bits =m ’ == CKM64bits =m @) =m PQ64bits m=m v == |TQ 64 bits

64 btis
Recall@10:

Our:71.59%
CKM:63.83% -

|' T | | T
1 2 5 10 20 50 100 200 500 1K



Comparison on MM SIFT and ™M GIST

| l— NOCQ 128 bits + CKM 128 bits ~ eefffummmm PQ 128 bits + ITQ 128 bits == [l == NOCQ 64 bits =m ’ == CKM64bits =m @) =m PQ64bits m=m v == |TQ 64 bits

Our:71.59%
64 bits

ITQ: 53.95%
128 bits

{2 5 10 20 R'5'0 100 200 500 1K
ITQ without asymmetric distance underperformed ITQ with asymmetric distance

Our approach with 64 bits outperforms (A) ITQ with 128 bits, with slightly smaller search cost



Comparison on MM SIFT and ™M GIST

| l— NOCQ 128 bits + CKM 128 bits ~ eefffummmm PQ 128 bits + ITQ 128 bits == [l == NOCQ 64 bits =m ’ == CKM64bits =m @) =m PQ64bits m=m v == |TQ 64 bits

R A

IMGIST, T =1

R

Relatively small improvement on 1M GIST might be that CKM has already achieved large
improvement



Comparison on 18 SIFT

s NOCQ 1B —.—cmvna @ £Q 15 s Q18 == [l == NOCQ1OM == ’ == CKM10M == @ == PpQioM == W == TQ10M

1BSIFT, 64 bits, T = 1

recall@R

1 2 5 10 20 50 100200 500 1K 2K 5K 10K 0'21 2 |5 10 20
R

50 100 200 500 1K
R




Comparison on 18 SIFT

s NOCQ 1B —.—cmvna @ £Q 15 s Q18 == [l == NOCQ1OM == ’ == CKM10M == @ == PpQioM == W == TQ10M

1BSIFT, 64 bits, T = 1

0.9

Recall@100: 0
Our:70.12% '

o 0.6

&

CKM:64.57% —2-5%

(&)
@

0.4
0.3 4

1 2 5 10 20 50 100200 500 1K 2K 5K 10k
R




Comparison on ™M CNN

=== NOCQ 128 bits =={== CKM 128 bits ==@==PQ 128 bits = l = NOCQ 64 bits = ¢ = CKM 64 bits = @ = PQ 64 bits

1MCNN, T=1

1MCNN, T =10

CNNfeature, T = 50

recall@R

| 1 1
1 2 5 10 20 50 100 200 500 10K




Inner product search

| el CQ 128 bits + CKM 128 bits + PQ128bits =wm [] == cae4bits == ‘ m= CKM 64 bits = . wmm pQ6dbits 1 v cas2bits o .’. | CKM32bits 11 ... I PQ 32 bits

1MSIFT 1MGIST 1BSIFT

100 200 ] 10 20 50 100 200 500 1K 2K
R



Sparse Composite Quantization

CVPR 2015)

» Distance computation between a query and the

dictionary element

la —cll* = llall* — 2q"c + l|c|I?

» The cost of distance computation: O(]
« Qur idea: sparsitying the dictionary ele

w If ¢ is a sparse
vector

cllo)

ments!



CQ + Quantize the third term (TPAMI 2018)

la = Xm=1Cmi, 0 Hz

2
= Yh=1lla — Cmim(x)HZ — M = Dlall3 + Zom1 Cmi, 0 Cliyx)

Encode with 1 byte

 Perform similarly to NOCQ for long codes
« Worse for short codes




Fuclidean distance to inner product

la —x|I5 =[ldll5 — 2a ' x +x]3

Encode the
norm [1]

Worse than NOCQ

=[laf2 +[a" 1

| <>

YIx|l5

Need to tune y carefully

[1] Artem Babenko, Victor S. Lempitsky: Additive Quantization for Extreme Vector Compression. CVPR 2014: 931-938



Outline

« Quantization

« Supervised quantization

Supervised quantization for similarity search. Xiaojuan Wang, Ting Zhang, Guo-Jun Qi, Jinhui Tang,
Jingdong Wang. CVPR 2016



Semantic similarity search

» Visually similar
« Unsupervised compact coding
» Euclidean distance

 Semantically and visually similar

« Supervised compact coding



Background
» Supervised hashing

» Pairwise similarity preserving
« Align the similarity over each pair of items with the semantic similarity

« Multiwise similarity preserving
« Maximize the agreement of the similarity order over more than two items

» (lassification
« Semantically similar points belong to the same class after encoded

» Supervised Quantization

« Relatively unexplored
« First attempt to explore supervised quantization



Categorization
Method | Hash/quantization | Pairwise | Multwise | Classfication_

LDA hashing Hash A

Minimal loss hashing hash A

Binary reconstructive embedding Hash A

Two-step hashing Hash A

FastHash Hash A

Supervised deep hashing Hash A

Order preserving hashing Hash A
Triplet loss hashing Hash A
Listwise supervision hashing Hash A
Deep semantic ranking based hashing Hash A
SDH Hash A

Our approach Quantization A



Supervised quantization

» Perform composite quantization in a discriminative
space learned by a transtformation matrix P

- [IPTx =]} = [PTx— Zhos cmieol,



Supervised quantization

» Perform composite quantization in a discriminative
space learned by a transtormation matrix P

- [IPTx =]l = [PTx~ Zos cmieol,

» The encoded points belonging to the same class lie in a
cluster



Supervised quantization

» Perform composite quantization in a discriminative
space learned by a transtormation matrix P

2 2
T _ <||® — ||pT M
* [PTx =%, = [[P"x = Zinet i

» The encoded points belonging to the same class lie in a
cluster
» The center of cluster is defined by the label vector y € {0,1}¢

 ly—-WrXho, Cmim(x)Hz + MW7



Supervised quantization

» Perform composite quantization in a discriminative
space learned by a transtormation matrix P

2 2
T _ <||® — ||pT M
* [PTx =%, = [[P"x = Zinet i

» The encoded points belonging to the same class lie in a
cluster
» The center of cluster is defined by the label vector y € {0,1}¢

Ny =W cmiolls FAWIE g e YT

i

— y=[1.0]"




Supervised quantization

» Perform composite quantization in a discriminative
space learned by a transtormation matrix P

2 2
Ty _ 3/l — ||pTy _ TM
* |[PTx =%, = [[P"x = Zinet i

» The encoded points belonging to the same class lie in a

cluster
» The center of cluster is defined by the label vector y € {0,1}¢

) ”y - W' 271\7/11=1 Cmim (%) ”z + AHW”IZT e.g, C=2 Y =:[£.'1]T

2968 y = [1.0]




Supervised quantization

« Formulation

weemin o By - W, Cmimeolls + AWIE +7 ZllPTx = ZM_; iyl

s. €. Yim#l C;I;lim(x)clil(x) =€ l l

Semantic similarity quantization
preserved by classification

« Unconstrained formulation
Yully = WT X5 Cmim(x)llz + AWIE +y Zi||PTx = X Cmim(x)llz +

2
2 Zx (Zm:tl C;im(x)clil(x) a E)

min
W;P;{Cm}:{lm (X)},E



A

ternative optimization

Update W

- Closed form solution, W = (XXT + AIT)_liYT

Update P

+ Closed form solution, P = (XXT) ™ XX”

Update €

« Closed form solution, € = iZx Yiml Cgum(x)cliz(X)

#{x)
Update {C,,;}

« L-BFGS algorithm

Update {i,,,(x)}

- Iteratively alternative optimization, fixing {i;(x)};=m. update i,,(x)



E X

oeriments
Datasets
Dataset | Dimersion | Feature type | aining samples | festsamples
CIFAR-10 512 GIST feature 59,000 1,000
MNIST 784 Raw pixel feature 69,000 1,000

NUS-WIDE 500 Bag-of-words feature 191,652 2,100



EXperiments

« Compared methods

» Supervised hashing
« Supervised discrete hashing (SDH
- FastHash

- Supervised hashing with kernels (KSH) State-of-the-art methods
« CCA-ITQ

« Semi-supervised hashing (SSH)
« Minimal loss hashing (MLH)
« Binary reconstructive embedding (BRE)

« Unsupervised quantization
« Composite quantization (CQ)

» Evaluation: Mean average precision (MAP)



Comparison with SDH

CIFAR-10 MNIST NUS_WIDE
0.8 ; 1 ' ; 0.58 .
cQ --ggn-lm e
:Egg-noﬂ, | e BRE 0.561 e :(B:gé_lm
—a—MLH ==MLH 0.547 .| =w=MLH
SSH SSH SSH
| = KSH — —#—KSH 0.52- —#—KSH
=4 FastHash —§—FastHash ={= FastHash
| =#=SDH N == SDH 05k o ——SDH
= S0 Y T =S50 I ap= SO
0.5
128 16 3|2 6I4 128 16 32 64 1&3
code length code length
MAP Improvement Relatively small improvement MAP Improvement
on 64 bits: 23.66% on MNIST because SDH already on 16 bits: 4.65%

achieves a high performance



Comparison with CQ

0.8 CIFAR-10 MNIST NUS-WIDE
; ' ! ' ' 058 :
cQ cQ cQ
——MLH o= MLH 0540 oo..| ——MLH
SSH SSH SSH
—4-FastHash =4—FastHash == FastHash
=+=SDH *SDH | 0.5k = == SOH
= S0 = S0 = S0
< 0.48

‘16 32 128 16 32 64 128 16 2 64 128
code length code length code length

MAP Improvement MAP Improvement MAP Improvement
on 16 bits: 42.57% on 16 bits: 46.14% on 16 bits: 15.39%

Supervision indeed benefits the search performance



Comparison on ImageNet

Our approach learns better quantizer

through the supervision information

ImageNet

0.7 .

0.6_ .............................

cQ
== CCA-ITQ

== BRE

et [\ _H
SSH
== KSH
== FastHash
o SDH

v=0=:SPDH-Linear] ..

== SQ

Euclidean

64
code length

128



Search e

CIFAR-10
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% 0.45
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query time cost/ ms

MAP

0.65
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0.5 Lo e e

ImageNet
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query time cost/ ms

Obtain higher performance for the same query time
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20



Outline

« Quantization

« Multi-modality quantization

Collaborative quantization for cross-modal similarity search. Ting Zhang, Jingdong Wang. CVPR
2016



Cross-modal similarity search

Image space R/ Text space R

f

/




Cross-modal similarity search

Image space R/ Text space R




Cross-modal similarity search

Image space R/ Text space R




Compact coding approach

N

Image space R/ Common space R¢ Text space R
o 1
O 3 e
=

Perform hashing or quantization



Cross-modal similarity search

« Compact coding approaches

« Map data from different modalities into a common space (by exploring the
relations between the modalities)
* Intra-modality relation (image vs. image and text vs. text)

 Obtain codes by performing hashing or quantization



Cross-modal similarity search

Image space R/ Text space R

Intra-modality relation (image vs. image and text vs. text)



Cross-modal similarity search

« Compact coding approaches

« Map data from different modalities into a common space (by exploring the
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Image space R/ Text space R
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A pair of an image and a text A special kind of inter-modality relation
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« Compact coding approaches
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Cross-modal similarity search

« Compact coding approaches

« Map data from different modalities into a common space (by exploring the
relations between the modalities)
« Intra-modality relation (image vs. image and text vs. text)
* Inter-modality relation (image vs. text)
 Intra-document relation (document vs. document)
* Inter-document relation (the correspondence of an image and a text forming a document)

 Obtain codes by performing hashing or quantization
 One unified code for each document
« Two separate codes, each corresponding to a modality



Categorization
w Multi-modal data relations m

Intra-modality Inter-modality Intra-document  Inter-document  Unified Separate Hash  Quantization
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Formulation

« Common space mapping

- Text data Y to common space Y’
« Matrix factorization ||Y — UY/||

Text data Y




Formulation

« Common space mapping

 Image data X to common space
« Sparse coding ||X — BS||2 + p|S|11
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Formulation

« Common space mapping

Image data X

|

 Image data X to common space X' = RS <=
- Sparse coding ||X — BS||2 + p|S|14

» Text data Y to common space Y’
« Matrix factorization ||Y — UY/||

Text data Y



Formu |atiOﬂ Image data X Text data Y

« Common space mapping l
M = + 7 —+ )l[”Y' — RS“IZ?] :
 Image data X to common space X' = RS
- Sparse coding ||X — BS||2 + p|S|14

« Text data Y to common Space Y’ Intra-document correlation
« Matrix factorization ||Y — UY/||

XI




FOrmU |atiOﬂ Image data X Text data Y

« Common space mapping l
M = |IX = BSII + plSly +nllY = UY'lI3 + LY’ = RS|12 i
 Image data X to common space X' = RS
- Sparse coding ||X — BS||% + p|S|11

- Text data Y to common space Y’ Intra-document correlation
« Matrix factorization ||Y — UY'||

XI
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« Common space mapping l
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 Image data X to common space X' = RS
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Formulation

« Common space mapping
M = ||IX = BS|IZ + plSliz +nllY = UY'IIZ + A/IY" — RS|I
 Image data X to common space X' = RS
- Sparse coding ||X — BS||% + p|S|11

- Text data Y to common space Y’
« Matrix factorization ||[Y — UY'|]

» Collaborative guantization
Q= + +A{ICP — DQIIZ)
- Image quantization X' — CP|
« Text quantization ||Y' — DQl3

Image data X Text data 'Y




Formu |atiOﬂ Image data X Text data Y

« Common space mapping l
M = ||IX = BSI|IZ + pISliz + nllY = UY'lIZ + A/IY" — RS|I
 Image data X to common space X' = RS

- Sparse coding ||X — BS||% + p|S|11

- Text data Y to common space Y’ Intra-document correlation
« Matrix factorization ||[Y — UY'|]

» Collaborative guantization
Q = [IX' — CP|IZ + [IY" — DQII% + yIICP — DQlIZ
- Image quantization ||X’ — CP||%
- Text quantization |[|Y' — DQ||%

 Overall objective function F=9+m



Alternative optimization F=9+m
» Fix M, update Q

« Update each variable in M when fixing others

 Fix @, update M

« Update each variable in @ when fixing others



E X

DerMments
Datasets
Wiki 128D SIFT vectors 10D topic vectors 2173
FLICKR25K 38 3857D vectors 2000D vectors 22500 2500
NUS-WIDE 10 500D BoW vectors 1000D vectors 182577 4000
Fvaluation

- Mean average precision (MAP@T)
« Compute MAP at T retrieved items
 Precision@T
« Compute precision at T retrieved items



Results on WK

« MAP@50 comparison

Wiki
Task | Method 16 Dils 32 bits 64 bits 128 bils
CMSSH['] | 02110 02115 01932 0.1900
CVH [¢] 0.1947  0.1798  0.1732  0.1912
Ime | MLBE[29] | 0.3537 03947 02599  0.2247
to QCH [23] 0.1490  0.1726  0.1621 0.1611
Txt | LSSH[:0] 02396 02336 02405  0.2373
CMFH ] 02548 0.259] 02594 0.2651
(CMFH [1]) | (0.2538)  (0.2582)  (0.2619)  (0.2648)
[CCQ0) | (0.2513) (0.2520) _ (0.2587) —
CMCQ 02478 02513 02567  0.2614
CMSSH['] | 02446 02505 02387 02352
CVH [4] 03186 02354 02046  0.2085
Txt | MLBE[29] | 03336 03993 04897  0.2997
to QCH [ 23] 0.1924  0.1561 0.1800  0.1917
Ime | LSSH[30] 05776  0.5886 05998  0.6103
CMFH ] 0.6153 0.6363  0.6411 0.6504
(CMFH []) | (0.6116)  (0.6298)  (0.6398)  (0.6477)
[CCO0D) | (0.6351) (0.6394) _ (0.6405) —
CMCQ 0.6397 06473 0.6546  0.6303




Results on WK

» Precision@T comparison on 64 bits

Image to Text, Wiki, 64 bits encoding Tlext to Image, Wiki,lﬁ-i bits encoding |
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Results on FLICKR25K

« MAP@50 comparison

FLICKR25 K

Task | Method [6bits 32 Dbits 64 bits 128 bifs
CMSSH[] | 06468  0.6616 _ 0.6681 _ 0.6624
CVH [¢] 0.6450  0.6363  0.6273  0.6204
Ime | MLBE[29] | 0.6085  0.5866  0.5841  0.5883
to QCH [23] 05722 0.5780 05618  0.5567
Txt LSSH [30] 06328  0.6403  0.6451  0.6511
CMEO 7] 05386 0.6067 0.6343  0.6550
(CMFH []) _ . _ o
(CCQ[10]) — — — —
CMCQ 0.6705  0.6716 0.6782 _ 0.6821
CMSSH[I] | 06123 0.6300 _0.6382 _ 0.6042
CVH [¢] 06595  0.6507  0.6463  0.6580
Txt MLBE[20] | 05937 06182  0.6550  0.6392
to QCH [23] 05752  0.6002 05757  0.5723
Imeg | LSSH[30] 0.6504  0.6726  0.6965  0.7010
CMEH 7] 05873 0.6019  0.6477 _ 0.6623
(CMFH [1]) — — — —
(CCQ[10]) — — — —
CMCQ 07248 0.7335 07394 0.7350 |




Results on FLICKR25K

» Precision@T comparison on 64 bits

Image to Text, FLICKR25K, 64 bits encoding

Precision
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Results on NUS-WIDE

« MAP@50 comparison
NUS-WIDE
Task | Method [6Dbits  32Dbits 64 bits 128 bils
CMSSHTI] | 05243 05210 05211 0.4813
CVH [4] 0.5352 05254 05011  0.4705
Ime | MLBE[20] | 0.4472 04540 04703  0.4026
to QCH [ 7] 0.5090 05270  0.5208  0.5135
Txt LSSH[:0] | 05368 05527  0.5674  0.5723
CMEH[1] | 04740 04821 05130 0.5068
(CMFH [4]) _ - - T
CCQIID | — — — —
CMCQ 0.5637 0.3002 _ _0.5990  0.6096
CMSSH[I] | 04177 04259 04187 0.4203
CVH [¢] 0.5601 05439  0.5160  0.4821
Txt MLBE [29] | 04352 04888  0.5020  0.4425
to QCH [23] 0.5099 05172 0.5092  0.5089
Ime | LSSH[:0] | 0.6357 06638  0.6820  0.6926
CMFH T[] | 05109 05643 05806  0.5943
(CMFH [1]) _ _ _ _
[CCo — — — —
CMCQ 0.6898 07086 0.7199  0.7253




Results on NUS-WIDE

» Precision@T comparison on 64 bits

Image to Text, NUS-WIDE, 64 bits encoding

Text to Image, NUS-WIDE, &4 bits encoding
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Empirical analysis

F = |IX' = CP[IZ + IIY' — DQIIZ HQICP — DQII + IIX = BS|IZ + plS|y1 +7llY — UY'[IZ +@)IY’ — RS||?

- The effect of intra-document correlation, i.e.,, y =0vs.y #0and A =0vs. 1 #
O U111 CMCO0), | mmdjem | CMCQU0), mfumm CMCO,,

1 .’. 1 cMca(e0). 1wl 1 CMCQO<0).  mifm CMCO,
N |>| I CMCQiy=0)y, | mm@fmm | CMCQ(=0), + cMoay,
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Figure 1. Illustrating the effect of the intra-document relation. The
MAP is compared among CMCQ, CMCQ (v = 0) (without cor-
relation in the quantized space), and CMCQ (A = 0) (without
correlation in the common space) on the three datasets ’brieﬂy de-
noted as W (Wiki), F (FLICKR25K), and N (NUS-WIDE) 1n the

legend.
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Empirical analysis

F =X —CPIIZ + IIY' —ORIIZ + ylIcP — DQ|IZ + X — BS||Z + p|S|11 + nllY = UY'||2 + A[|Y" — RS||2

« The effect of dictionary, i.e, C=Dvs.C# D

=-A= CMCQC-Dlyyyy meipm CMCO e @ CMOCHC=Dlly oy sl CMCO ooy " = CMCHC=Dlyy 1o gy e CMCCh, ¢ wine

Image to Text Text to Image

07

0.65g = —m—mr=

D.,B e

] IO SN, SO USROS

MAP@100
=]
o
on

ﬂ_25_ ...................................................................

DE‘T L L L - L 1 L L L L L L

8 16 24 32 48 B4 98 128 8 16 24 32 48 B4 96 128
#its #hits

Figure 2. Illustrating the effect of the dictionary. The MAP is com-

pared between CMCQ and CMCQ (C = D) (using one dictionary
for both modalities) on the three datasets.




Empirical analysis

F = |IX' = CP[IZ + IY' — DQIIZ +QICP — DQII + IIX — BS|IZ HISI11 HDIIY — UY'IIZ +@)IY’ — RS||Z

« Parameter sensitive analysis

B—Tasl-ﬂF CMCQ—TaSk'IF | o B—TastF * CMCQ—TaSk.?F | o B—Task1N + CMCQ—TE[SMN | o B—TE[SKQN + CMCO—T&SKQN
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Figure 4. Parameter sensitive analysis of our algorithm with respect to (a) ~, (b) p, (c) n, and (d) A over image to text (task1) and text to
image (task2) on two datasets: FLICKR25K (F) and NUS-WIDE (N) with 32 bits. The dashdot line shows the best results obtained by

other baseline methods and is denoted as B, e.g., B-TaskIr denotes the best baseline results over the image to text task on FLICKR25 K.




Take-home message

» A guantization-based compact coding approach for
cross-modal similarity search

» Learns the quantizers for both modalities by exploring
the intra-document correlation



Outline

» Application



Application
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Xiaolce 2.0: Image-Based Chat
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Beyond Image Recognition

BEUNEL, . .0 CRRARGEHELE  KRESN!
BT, HE




Collaborators
- Jing Wang, You Jia, Nalyan Wang

» Ting Zhang, Xiaojuan Wang

« Guo-jun Qi, Jinhui Tang, Shipeng Li
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Neighborhood graph search:
Coming soon

10

[=] %% [m]

[=]
CQ Code:

https://qgithub.com/hellozting/
CompositeQuantization

Homepage:
https://jingdongwang201/.github.io/



