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Nearest Neighbor Search (Retrieval)

e Given a query point ¢, return the points closest (similar) to ¢ in the
database (e.g., image database).

@ Underlying many machine learning, data mining, information retrieval
problems.
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Big Data

Big data has attracted much attention from both academia and industry.
@ Facebook: 750 million users
@ Flickr: 6 billion photos
e Wal-Mart: 267 million items/day; 4PB data warehouse

@ Sloan Digital Sky Survey: New Mexico telescope captures 200 GB
image data/day
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Nearest Neighbor Search (NNS) for Big Data

Challenge in big data applications:
@ Curse of dimensionality

@ Storage cost

@ Query speed
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Similarity Preserving Hashing

h(Statue of Liberty) = h (Napoléon) = h (Napoléon) =
10001010 01100001 01100101

N M

Should be very different Should be similar
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Reduce Dimensionality and Storage Cost

t vector
|
Binary
reduction
10 million images 20 GB 160 MB
512values 128bits
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Fast Query Speed

@ By using hash-code to construct index, we can achieve constant or
sub-linear search time complexity.

@ In some cases, exhaustive search with linear time complexity is also
acceptable because the distance calculation cost is low with binary
representation.
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Two Stages of Hash Function Learning

Two main categories:
o Category I:
o Projection Stage (Dimension Reduction)
o Projected with real-valued projection function
o Given a point x, each projected dimension i will be associated with a
real-valued projection function f;(x) (e.g., fi(x) = Wi x)
e Quantization Stage

@ Turn real into binary
o Essential difference between metric learning and learning to hash

o Category II:

e Binary-Code Learning Stage
e Hash Function Learning Stage
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Data-Independent Methods

The hash function family is defined independently of the training dataset.

o Locality-sensitive hashing (LSH): (Gionis et al., 1999; Andoni and
Indyk, 2008) and its extensions (Datar et al., 2004; Kulis and
Grauman, 2009; Kulis et al., 2009).

o SIKH: Shift invariant kernel hashing (SIKH) (Raginsky and Lazebnik,
2009).

e MinHash (Broder et al., 1998) and the extensions (Li and Konig,
2011)

Hash function: random projections or manually constructed.

They do not belong to learning to hash methods. Hence, this kind of
methods will not be included in this tutorial.
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Introduction

Data-Dependent Methods

Hash functions are learned from a given training dataset.

@ Compared with data-independent methods, data-dependent
methods (also called learning to hash methods) can achieve
comparable or even better accuracy with shorter binary codes.

Seminal papers: (Salakhutdinov and Hinton, 2007, 2009; Torralba et al.,
2008; Weiss et al., 2008)

Two categories:

@ Unimodal
e Supervised methods
given some supervised (semantic) information, such as pairwise labels
sij, point-wise labels y; or triplet labels (x;,x;,x})
e Unsupervised methods
@ Multimodal
e Supervised methods
e Unsupervised methods
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(Unimodal) Unsupervised Methods

No labels to denote the categories of the training points.

@ PCAH: principal component analysis.

@ SH: (Weiss et al., 2008) eigenfunctions computed from the data
similarity graph.

@ AGH: anchor graph-based hashing (Liu et al., 2011).

e ITQ: (Gong and Lazebnik, 2011) orthogonal rotation matrix to
refine the initial projection matrix learned by PCA.

e IsoHash: (Kong and Li, 2012b) orthogonal rotation matrix to make
the variances of different directions isotropic (equal)

e DGH: (Liu et al., 2014) directly learn the discrete binary code

e SGH: (Jiang and Li, 2015) scalable graph hashing with feature
transformation
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(Unimodal) Supervised (semi-supervised) Methods

Class labels or pairwise constraints:

SSH (SPLH): Semi-supervised hashing (Wang et al., 2010a,b)
exploiting both labeled data and unlabeled data

MLH: Minimal loss hashing (Norouzi and Fleet, 2011) based on the
latent structural SVM framework

LDAHash: Linear discriminant analysis based hashing (Strecha et al.,
2012)

KSH: Kernel-based supervised hashing (Liu et al., 2012)

LFH: Latent factor models for supervised hashing (Zhang et al.,
2014)

FastH: (Lin et al., 2014) Supervised hashing using graph cut and
decision trees

SDH: (Shen et al., 2015) Supervised discrete hashing with point-wise
labels

COSDISH: (Kang et al., 2016) Scalable discrete hashing with
pairwise supervision
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Ranking-based Methods

The supervised information is ranking labels, such as triplets (x;,x;, X).

e HDML: Hamming distance metric learning (Norouzi et al., 2012)

@ OPH: Order preserving hashing for approximate nearest neighbor
search (Wang et al., 2013b)

@ RSH: Learning hash codes with listwise supervision (Wang et al.,
2013a)

e RPH: Ranking preserving hashing for fast similarity search (Wang
et al., 2015)
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Multimodal Methods

beach sky bjue atmosphere
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@ Multi-Source Hashing
@ Cross-Modal Hashing

Li (http://cs.nju.edu.cn/lwj) Learning to Hash CS, NJU 16 / 210


http://cs.nju.edu.cn/lwj

Multi-Source Hashing

@ Aim at learning better codes than unimodal hashing by leveraging
auxiliary views.

Assume that all the views are provided for a query.

MFH: Multiple feature hashing (Song et al., 2011)
CH: Composite hashing (Zhang et al., 2011)
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Cross-Modal Hashing

Given a query of either image or text, return images or texts similar to it.

e CVH: Cross view hashing (Kumar and Udupa, 2011)

MLBE: Multimodal latent binary embedding (Zhen and Yeung,
2012a)

CRH: Co-regularized hashing (Zhen and Yeung, 2012b)
IMH: Inter-media hashing (Song et al., 2013)
RaHH: Relation-aware heterogeneous hashing (Ou et al., 2013)

SCM: Semantic correlation maximization (Zhang and Li, 2014)
CMFH: Collective matrix factorization hashing (Ding et al., 2014)
QCH: Quantized correlation hashing (Wu et al., 2015)

SePH: Semantics-preserving hashing (Lin et al., 2015b)
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Deep Hashing

Deep learning for hashing

@ CNNH: Supervised hashing via image representation learning (Xia
et al., 2014)

@ NINH: Simultaneous feature learning and hash coding with deep
neural networks (Lai et al., 2015)

@ DSRH: Deep semantic ranking based hashing (Zhao et al., 2015)
o DRSCH: Bit-scalable deep hashing (Zhang et al., 2015)

@ DH: Deep hashing for compact binary codes learning (Liong et al.,
2015)

@ Deep learning of binary hash codes (Lin et al., 2015a)

@ DPSH: Feature learning based deep supervised hashing with pairwise
labels (Li et al., 2015)
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Quantization

The quantization stage is at least as important as the projection stage:

e DBQ: Double-bit quantization (Kong and Li, 2012a)
e MQ: Manhattan quantization (Kong et al., 2012)

e VBQ: Variable bit quantization (Moran et al., 2013)
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Unsupervised Hashing
Outline

e Unsupervised Hashing
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Problem Definition

[nput:

o Feature vectors: {x;} (compact matrix form for all training points:

Output:

@ Binary codes: {b;} (compact matrix form for all training points: B).
Instances similar in the original feature space should have similar
binary codes.
or

e When x; is close to x;, the Hamming distance between b; and b;
should be low.

o When x; is far away from x;, the Hamming distance between b; and
b; should be high.
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Unsupervised Hashing

PCA Hashing (PCAH)

To generate a code of m bits, PCAH performs PCA on X, and then use
the top m eigenvectors of the matrix XX as columns of the projection
matrix W € R¥™_ Here, top m eigenvectors are those corresponding to
the m largest eigenvalues {\;}}" |, generally arranged with the
non-increasing order Ay > Ay > --- > A\, Let A= (A, Ao, -, AT
Then

A = WIXXTW = diag()\)
Define hash function

h(x) = sgn(WTx)
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Spectral Hashing (Weiss et al., 2008)

min > Wijllyi — ;|
{yi} 7

subject to : y; € {—1,1}"

where W;; is the similarity between x; and x;, the constraint ) . y; =0
requires each bit to be fire 50% of the time, and the constraint
%Zz yiy;-f = I requires the bits to be uncorrelated.

NP hard problem!
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Spectral Hashing (Weiss et al., 2008)

In matrix form, and by relaxation:

min tr(Y? LY)
subject to: YT1 =0

1
Yy =1
n

where Y is a real-valued n x k matrix whose jth row is ij, L=D-W
is the Laplacian matrix, D is a diagonal matrix with D(i,i) = >, W (i, j).

Solution: simply the k eigenvectors of £ with minimal eigenvalues after
excluding the trivial eigenvector 1 which has eigenvalue 0.

sign(Y) to get the binary codes (quantization stage).

Out-of-sample extension with eigenfunctions by simply fitting a
multidimensional rectangle distribution to the data (by using PCA to align
the axes, and then assuming a uniform distribution on each axis).
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Spectral Hashing (Weiss et al., 2008)

g

Spectral hashing
—RBM
—Boosting SSC
—LSH

g

g

Proportion good neighbors for hamming distance <2

Figure 5: Performance of different binary codes on the LabelMe dataset described in [3]. The
data is certainly not uniformly distributed, and yet spectral hashing gives better retrieval
performance than boosting and LSH.
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Unsupervised Hashing

Anchor Graph Hashing (AGH) (Liu et al., 2011)

1
min o SOV - Vi|PAy = tr(YTLY)
ij
subject to: Y € {1,—1}""", 17y =0,YTY = nl

where A;; is the similarity between points i and j.
The same objective function as that in SH.

Problem: the time complexity of direct eigen-decomposition is O(n?).
Solution: K-means clustering to obtain m(m << n) cluster
centers (anchors) U = {u; € Rd}gnzl

exp(=D?(xi,u;)/t)
Zij = Y jre<is exp(=D3(xiu) /1)
0, otherwise

ViEe<i>

where < i >C [1 : m] denotes the s(s << m) nearest anchors of x;.
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Anchor Graph Hashing (AGH) (Liu et al., 2011)

Anchor graph: A = ZAZT where A = diag(Z71).

The solution is the r graph Laplacian eigenvectors associated with the
smallest eigenvalues, which are also eigenvectors of A associated with the
7 largest eigenvalues (ignoring eigenvalue 1).

Y = nZAVPvsl? = zw

where V' and X are the eigenvectors and eigenvalues of the small m x m
matrix A~Y/2ZTA-1/2

The hash function: h(z) = sign(W7z(x))

Time complexity: Decrease from O(n?) to O(nm?).
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Anchor Graph Hashing (AGH) (Liu et al., 2011)

Hierarchical quantization:

Y thresholds
1 5
h(x)=sgn(y) Hixjsanly-t)  H(xpsgni-y+b)
X1 X3 x5 X7 X1 x x5 X
y=0
- D
xX2 X4 X6 X8 yé x2 * X6 X8
¥
(a) The first-layer hashing ye! (b) The second-layer hashing
Figure 1. Hierarchical hashing on a data graph. xi,--- ,zs

are data points and vy is a graph Laplacian eigenvector.
The data points of filled circles take ‘1’ hash bit and the
others take -1’ hash bit. The entries with dark color in y
are positive and the others are negative. (a) The first-layer
hash function h' uses threshold 0 ; (b) the second-layer
hash functions h? use thresholds 5% and b™.
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Anchor Graph Hashing (AGH) (Liu et al., 2011)

Method MNIST (70K)
MAP Train Time | Test Time
r=24 [ r=48 r=48 r =48
f5 Scan 0.4125
SE /; Scan | 0.5269 | 0.3909 — —

LSH 0.1613 0.2196 1.8 21510
PCAH 0.2596 0.2242 4.5 2.2x10~°
USPLH 0.4699 | 0.4930 163.2 2.3%10 "

SH 0.2699 0.2453 4.9 4.9x107°
KLSH 0.2555 0.3049 2.9 5.3x1072

SIKH 0.1947 0.1972 0.4 1.3x107°
1-AGH 0.4997 | 0.3971 22.9 5.3x107°
2-AGH 0.6738 | 0.6410 23.2 6.5x107°

BRE 0.2638 0.3090 57.9 6.7x10°
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Unsupervised Hashing

lterative Quantization (ITQ) (Gong and Lazebnik, 2011)

max tr(WT X XTW)
subject to: WIW =1

It is just PCA. If W is a solution, then W = WR is also a solution where
R is an orthogonal rotation matrix.

Let V = XW denote the projected data, and B denote the binary code.
ITQ tries to minimize the following objective function:

Q(B,R) = |[|B—-VR]|
Learn by iterating the following two steps:
e Fix R and update B: B = sign(VR);

e Fix B and update R: first compute the SVD of BTV as SQST, then
let R = SST. Itis the classic orthogonal Procrustes problem.

Li (http://cs.nju.edu.cn/lwj) Learning to Hash CS, NJU 31 /210


http://cs.nju.edu.cn/lwj

Unsupervised Hashing

lterative Quantization (ITQ) (Gong and Lazebnik, 2011)

(a) Euclidean ground truth (b) Class label ground truth

05

Apns

-&-PCA-ITQ
—-PCA-RR
—+—PCA-Nonorth

2]
T
Precision@500

- & PCA-Direct
GIST L2 baseline

18 32

128 256 o 16 128 256

Number of bits Number of bts
Figure 3. Comparative evaluation on CIFAR dataset. (a) Performance is measured by mean average precision (mAP) for retrieval using top
50 Euclidean neighbors of each query point as true positives. Refer to Figure 4 for the complete recall-precision curves for the state-of-the-
art methods. (b) Performance is measured by the averaged precision of top p ranked images for each query where ground truth is defined
by semantic class labels. Refer to Figure 5 for the complete class label precision curves for the state-of-the-art methods.
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Problem:
All existing methods use the same number of bits for different projected
dimensions with different variances.

Possible Solutions:

@ Different number of bits for different dimensions
(Variable bit quantization (Moran et al., 2013))

e Isotropic (equal) variances for all dimensions: Isotropic hashing
(IsoHash) (Kong and Li, 2012b)
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

To generate a code of m bits, PCA hashing (PCAH) performs PCA on X,
and then use the top m eigenvectors of the matrix X X7 as columns of
the projection matrix W € R¥™_ Here, top m eigenvectors are those
corresponding to the m largest eigenvalues {\;}]" ,, generally arranged
with the non-increasing order \; > A9 > --- > \,,. Let

A= [)\1, )\2, s ,)\m]T. Then

A=WTXXTW = diag()\)

Define hash function

h(x) = sgn(WTx)
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Unsupervised Hashing

Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Weakness of PCA Hash:

Using the same number of bits for different projected dimensions is
unreasonable because larger-variance dimensions will carry more
information.

Solve it by making variances equal (isotropic)!
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Idea of IsoHash:

@ Learn an orthogonal matrix @ € R™*™ which makes
QTWTXXTW(Q become a matrix with equal diagonal values.

o Effect of (): to make each projected dimension has the same variance
while keeping the Euclidean distances between any two points
unchanged.
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Unsupervised Hashing

Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Problem Definition:

m

tr(QTWIXXTWQ) = r(WTXXTW) = tr(A) = )\
i=1
™o\
a=[a,ag, - ,an] with a; = a = Ei,

m

and

T(z) = {T € R™*"|diag(T) = diag(z)},
Problem

The problem of IsoHash is to find an orthogonal matrix () making
QITWIXXTWQ € T(a).
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

IsoHash Formulation:

Because QTAQ = QTWTXXTW]Q, let
M(A) = {QTAQ|Q € O(m)},
where O(m) is the set of all orthogonal matrices in R"*"™.
Then, the IsoHash problem is equivalent to:
T = Z||r =0,

where T' € T (a), Z € M(A), || - || denotes the Frobenius norm.
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Lemma

[Schur-Horn Lemma (Horn, 1954)] Let ¢ = {¢;} € R™ and b = {b;} € R™
be real vectors in non-increasing order respectively, i.e.,
c1>cy> > Cpm, by > by > -+ >b,,. There exists a Hermitian matrix

H with eigenvalues ¢ and diagonal values b if and only if

=1 =

m m
D bi=D e
=1 =1

So we can prove :
There exists a solution to the IsoHash problem. And this solution is in the

intersection of 7 (a) and M(A).
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Learning Methods:

Two methods: (Chu, 1995)
e Lift and projection (LP)

e Gradient Flow (GF)
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Learning Method: Lift and projection (LP)
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Learning Method: Gradient Flow

@ Objective function:

Jmin F(Q) = lldiag(QTAQ) — diag(a)| -

@ The gradient VF at Q:
VE(Q) = 2A8(Q),

where 3(Q) = diag(QTAQ) — diag(a).
@ The projection of VF(Q) onto O(m)

9(Q) = QIQTAQ, 8(Q)]

where [A, B] = AB — BA is the Lie bracket.
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Learning Method: Gradient Flow

The vector field Q = —g(Q) defines a steepest descent flow on the
manifold O(m) for function F(Q). Letting Z = QTAQ and
a(Z) = B(Q), we get '

Z=12,[a(2), Z]],

where Z is an isospectral flow that moves to reduce the objective function

F(Q).

Li (http://cs.nju.edu.cn/lwj) Learning to Hash CS, NJU 43 / 210


http://cs.nju.edu.cn/lwj

Unsupervised Hashing

Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Accuracy (mAP):

[ Method | CIFAR

# bits | 32 64 9 128 | 256

IsoHash | 0.2249 | 0.2969 | 0.3256 | 0.3357 | 0.3651
PCAH | 0.0319 | 0.0274 | 0.0241 | 0.0216 | 0.0168
ITQ | 0.2490 | 0.3051 | 0.3238 | 0.3310 | 0.3436
SH | 0.0510 | 0.0589 | 0.0802 | 0.1121 | 0.1535
SIKH | 0.0353 | 0.0902 | 0.1245 | 0.1909 | 0.3614
LSH | 0.1052 | 0.1907 | 0.2396 | 0.2776 | 0.3432
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Isotropic Hashing (IsoHash) (Kong and Li, 2012b)

Training Time:

50 : : : : — —
—+— IsoHash-GF
—&— IsoHash-LP
|| ——1TQ

SH
—+— SIKH

LSH
r| —&— PCAH

IN
o

w
o

Training Time(s)
N
o

=
o
T

2 3 4 5 6
Number of training data  , 1¢*
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Discrete Graph Hashing (DGH) (Liu et al., 2014)

R
min 537 1bi — bj|245, = w(BTLB)
ij
subject to :B € {1,-1}"*" 1TB = 0,B'B = nl,

Problem
@ Solving this problem in the discrete code space is NP hard.

@ Relaxing the discrete constraints will lead to poor performance.

Solution
o Leverage the anchor graph A like AGH.
@ Soften the constraint 1B = 0 and the constraint B'B = nl,
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Unsupervised Hashing

Discrete Graph Hashing (DGH) (Liu et al., 2014)

Define a set @ = {Y ¢ R”"[17Y = 0, YTY =nl,}

max tr(BTAB) - gdistQ(B, Q)
subject to: B € {1,—-1}"*"
where dist(B,2) = minycq ||B — Y||#

Learn by iterating the following two steps:
@ B-subproblem:
maxge(_1 +1yoxr f(B) := tr(BTAB) + ptr(Y' B)
@ Y-subproblem:
max tr(BTY)
YeRnX"
subject to :17Y =0, Y'Y = nl,
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Discrete Graph Hashing (DGH) (Liu et al., 2014)

B-subproblem

@ Use an iterative ascent procedure called Signed Gradient Method
Repeat B¥! = sgn(C(2ABF* + pY, B*)) until B* converges.

Where
x, x#0
C(z,y) = {
y, =0
Y-subproblem

@ Solve Y-subproblem by using a closed-form solution:
Y = /n[U U][V V], where USVT = (I, — 1117)B
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Discrete Graph Hashing (DGH) (Liu et al., 2014)

Table 1: Hamming ranking performance on YouTube Faces and Tiny-1M. /- denotes the number of
hash bits used in the hashing methods. All training and test times are in seconds.

Method YouTube Faces Tiny-1M
Mean Precision / Top-2K TrainTime | TestTime Mean Precision / Top-20K TrainTime | TestTime
r=45 [ r =06 | r=128 | r=128 | r=128 | r=48 [ r=06 | r=128 | r=128 | r=128
£ Scan 0.7591 - 1 -
LSH 0.0830 0.1005 0.1061 6.4 1.8x10~ 0.1155 0.1324 0.1766 6.1 1.0x 10~
KLSH 0.3982 0.5210 0.5871 16.1 48x10—° 0.3054 0.4105 0.4705 207 4.6x10~°
1TQ 0.7017 0.7493 0.7562 169.0 1.8x10~5 0.3925 0.4726 0.5052 297.3 1.0x 105
IsoH 0.6093 0.6962 0.7058 73.6 1.8x10~° 0.3896 0.4816 13.5 1.0x10~°
SH 0.5897 0.6655 0.6736 108.9 20x10~ 71 0.1857 0.1923 61.4 1.6x10~ 7
MDSH 0.6110 0.6752 0.6795 1188 49x10~5 0.3312 0.3878 193.6 2.8x10~°
IMH 0.3150 0.3641 0.3889 92.1 23x107 0.2257 0.2497 1393 27x10
1-AGH 0.7138 0.7571 0.7646 84.1 21x107 0.4061 0.4117 1414 34x10
2-AGH 0.6727 0.7377 0.7521 94.7 35x10” 0.3925 0.4099 2725 47x10
BRE 0.5564 0.6238 0.6483 10372.0 9.0x10~ 0.3943 0.4836 8419.0 8.8x 10
DGH-1 0.7086 0.7644 0.7750 402.6 21x10~ 0.4045 0.4865 1769.4 33x10
DGH-R 0.7245 0.7672 0.7805 408.9 21x10” 0.4208 0.5006 27934 33x10
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Discrete Graph Hashing (DGH) (Liu et al., 2014)

(a) Hash lookup F-measure @ CIFAR-10 (b) Hash lookup F-measure @ SUN387
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—HKLSH
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Scalable Graph Hashing (SGH) (Jiang and Li, 2015)

Problem

@ The memory cost and time complexity are at least O(n?) for graph
hashing if all pairwise similarities are explicitly computed.

@ How to utilize the whole graph and avoid O(n?) complexity?

Scalable Graph Hashing(SGH)

@ A feature transformation (Shrivastava and Li, 2014) method to

effectively approximate the whole graph without explicitly computing
it.

@ A sequential method for bit-wise complementary learning.

@ Linear complexity.
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Scalable Graph Hashing (SGH) (Jiang and Li, 2015)

Objective function
minw ||cS — sgn(K(X)WT)sgn(K (X)WT)T||%,
st. WKX)TKX)WT =1
e Vx, define: K(x) =
[o(x,x1) — D00 d(x5,X1) /10, O(X, X)) — D01 G(Xis Xim) /1]
o Sjj=28;—1¢e(-1,1].

Notation
o X = {x1,...,%x,}7 € R"*%: n data points,

e Pairwise similarity metric defined as: S;; = e Ilxi=xjll/p ¢ (0,1]
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Scalable Graph Hashing (SGH) (Jiang and Li, 2015)

Feature transformation

e Vx, define P(x) and Q(x):

P = P ; p ’1
() == e e ]
2e2 — 1) -—lxlI3 241 =3
Q) = || 2D At JEH LRy
ep e
OVXZ',X]‘GX
2 _ Ty . 2 l1x; 113 +11% 112
T e 1 2x;x; e+ 1, _Ixllptiglie
Pea)TQOx) =25~ x LR S e e
Il — g 13425 ~
~ 2e p —1:Sij
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Scalable Graph Hashing (SGH) (Jiang and Li, 2015)

2 2
. . e—1 e+l o
@ Here, we use an approximation 5~z + 5= ~ ¢

3

—y=e
S PO |
Y=+ 50

1 05 0 05 1
@ We assume —1 < %xiij <1 ltis easy to prove that

p = 2max{||x;[|2}", can make —1 < 2 x x; < 1.

o Then we have S ~ P(X)TQ(X)
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Scalable Graph Hashing (SGH) (Jiang and Li, 2015)

@ Direct relaxation may lead to poor performance. We adopt a
sequential learning strategy in a bit-wise complementary manner

@ Residual def|n|t|on
R; = cS — S L sgn(K (X)w;)sgn(K (X)w;)T
R1 = CS

@ Objective function:
min [[R; — sgn(K (X)wy)sgn (K (X)wi)" |7
st. wlKX)TKX)w; =1
By relaxation, we can get:
max tr(wl K(X)TR K (X)w;)
st. wlIKX)TKX)w; =1
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Scalable Graph Hashing (SGH) (Jiang and Li, 2015)

Then we obtain a generalized eigenvalue problem:

K(X)TR:K (X)w; = AK (X)T K (X)w;
o Key component:

cK(X)TSK(X) = ¢k (X)T P(X)"Q(X) K(X)
ﬁ—/
S

= [K(X)" P(X)M[Q(X) K (X)]

Adopting Ry = ¢S — D ittt sgn(K (X)w;)sgn(K (X)w;)T, we
continue the sequential learning procedure.

Time complexity is decreased from O(n?) to O(n).
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Scalable Graph Hashing (SGH) (Jiang and Li, 2015)

Algorithm 1 Sequential learning algorithm for SGH

Input: Feature vectors X € ]R"Xd; code length ¢; number of kernel bases m.

Output: Weight matrix W € REX"™
Procedure
Construct P(X) and Q(X);
Construct K (X) based on the kernel bases, which are m points randomly selected from X;
Ao = [KEX)TPO)TQE)K(X));
A = cAyp;
z = K(X)TK(X) + 71
fort =1 — cdo
Solve the following generalized eigenvalue problem
Aiwi = NZwy; .
U = [K(X) T sgn (K (X)w)][K(X) T sgn (K (X)w)] T
Ay =A - U;
end for
Apg=Acq
Randomly permutate {1,2, -, c} to generate a random index set M;
fort =1 — cdo
t=M();
R = Ko + K(X) T sgn(K (X)w)sgn(K(X)wp) T K(X);
Solve the following generalized eigenvalue problem
Kov = A\Zv;
Update w; « v
Ag =Ap — K(X)Tsgn(K(X)w;y)sgn(K(X)w)T K (X);
end for
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Unsupervised Hashing

Scalable Graph Hashing (SGH) (Jiang and Li, 2015)

Top-1k precision @TINY-1M.

Method | 32 bits | 64 bits | 96 bits | 128 bits | 256 bits
SGH 0.4697 | 0.5742 | 0.6299 | 0.6737 0.7357
ITQ 0.4289 | 0.4782 | 0.4947 0.4986 0.5003
AGH 0.3973 | 0.4402 | 0.4577 0.4654 0.4767

DGH-I 0.3974 | 0.4536 | 0.4737 0.4874 0.4969

DGH-R | 0.3793 | 0.4554 | 0.4871 0.4989 0.5276

PCAH 0.2457 | 0.2203 | 0.2000 0.1836 0.1421
LSH 0.2507 | 0.3575 | 0.4122 0.4529 0.5212

Top-1k precision @MIRFLICKR-1M.

Method | 32 bits | 64 bits | 96 bits | 128 bits | 256 bits
SGH 0.4919 | 0.6041 | 0.6677 | 0.6985 0.7584
ITQ 0.5177 | 0.5776 | 0.5999 0.6096 0.6228
AGH 0.4299 0.4741 0.4911 0.4998 0.506

DGH-I 0.4299 | 0.4806 | 0.5001 0.5111 0.5253

DGH-R | 0.4121 | 0.4776 | 0.5054 0.5196 0.5428
PCAH 0.2720 0.2384 0.2141 0.1950 0.1508
LSH 0.2597 | 0.3995 0.466 0.5160 0.6072
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Unsupervised Hashing

Scalable Graph Hashing (SGH) (Jiang and Li, 2015)
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(a) 64 bits @TINY-1M

#Returned Samples

(b) 64 bits @MIRFLICKR-1M
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Scalable Graph Hashing (SGH) (Jiang and Li, 2015)

Training time @TINY-1M. Here, ¢; = 1438.60

Method 32 bits 64 bits 96 bits 128 bits 256 bits
SGH 34.49 52.37 71.53 89.65 164.23
ITQ 31.72 60.62 89.01 149.18 322.06
AGH 18.60 + t1 19.40 + t; 20.08 + t1 22.48 + t1 25.09 + t1

DGH-I1 187.57 + t1 | 296.99 + t1 | 518.57 + t; 924.08 + t; 1838.30 + t1

DGH-R | 217.06 + t; | 360.18 + t1 | 615.74 + ¢ 1089.10 + ¢1 | 2300.10 + t;

PCAH 4.29 4.54 4.75 5.85 6.49
LSH 1.68 1.77 1.84 2.55 3.76

Training time @MIRFLICKR-1M. Here, to = 1564.86

Method 32 bits 64 bits 96 bits 128 bits 256 bits

SGH 41.51 59.02 74.86 97.25 168.35
ITQ 36.17 64.61 89.50 132.71 285.10
AGH 17.99 + to 18.80 + t2 20.30 + to 19.87 + to 21.60 + to
DGH-I 85.81 + to 143.68 + to | 215.41 + to | 352.73 + t2o 739.56 + t2

DGH-R | 116.25 + to | 206.24 + to | 308.32 + to | 517.97 + to | 1199.44 + to
PCAH 7.65 7.90 8.47 9.23 10.42
LSH 2.44 2.43 2.71 3.38 4.21
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Comments on Unsupervised Methods

Although some methods are mainly for unsupervised setting, they can be
adapted for supervised setting if the label information is available.

For example, we can also use the label information to construct the graph

in SH and AGH to get the supervised counterparts.

However, these adapted unsupervised methods can not make effective use
of both X and Y for training.

The supervised methods introduced later typically try to consider both X
and Y for training.
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Outline

9 Supervised Hashing
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Supervised Hashing

Problem Definition

[nput:
e Feature vectors: {x;} (compact form: X).

o Class labels: {y;} (compact form: Y).
or Pairwise constraints: {s;;} (Compact form: & = {s;;})

e s;; = 1 if points ¢ and j belong to the same class. must link
e s;; = 0 if points 7 and j belong to different classes. cannot link

Output:

@ Binary codes: {b;} (compact form: B).

Instances with similar labels should have similar binary codes.
or

o When s;; = 1, the Hamming distance between b; and b; should be
low.

o When s;; = 0, the Hamming distance between b; and b; should be
high.

Li (http://cs.nju.edu.cn/lwj) Learning to Hash CS, NJU 63 / 210


http://cs.nju.edu.cn/lwj

(Unimodal) Supervised (semi-supervised) Methods

Class labels or pairwise constraints:

SSH (SPLH): Semi-supervised hashing (Wang et al., 2010a,b)
exploiting both labeled data and unlabeled data

MLH: Minimal loss hashing (Norouzi and Fleet, 2011) based on the
latent structural SVM framework

LDAHash: Linear discriminant analysis based hashing (Strecha et al.,
2012)

KSH: Kernel-based supervised hashing (Liu et al., 2012)

LFH: Latent factor models for supervised hashing (Zhang et al.,
2014)

FastH: (Lin et al., 2014) Supervised hashing using graph cut and
decision trees

SDH: (Shen et al., 2015) Supervised discrete hashing with point-wise
labels

COSDISH: (Kang et al., 2016) Scalable discrete hashing with
pairwise supervision
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Supervised Hashing

Semi-Supervised Hashing (SSH) (Wang et al., 2010a,b)

J(W) = %tr{WTXlSXlTW} + gtr[WTXXTW]
= %tr{WT [X;SX] + nXXT W}
= %tr{WTMW}
where S contains the supervised information:

1:(x4,%x5) € M
Sij = —1: (XZ‘,XJ') eC

0 : otherwise
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Supervised Hashing

Semi-Supervised Hashing (SSH) (Wang et al., 2010a,b)

Sequential projection learning algorithm:

Algorithm 1 Semi-supervised sequential projection
learning for hashing (S3PLH)
Input: data X, pairwise labeled data X;, initial
pairwise labels S7, length of hash codes K, constant
o
for k=1 to K do
Compute adjusted covariance matrix:
M;, = X Sp X[ +nXXT
Extract the first eigenvector e of My, and set:
Wi =€
Update the labels from vector wy:
S8 e/ T (sk sk)
Compute the residual:
X=X- Wkw;X
end for
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Semi-Supervised Hashing (SSH) (Wang et al., 2010a,b)
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Figure 3. Results on MNIST dataset. a) MAP for different
number of bits using Hamming ranking; b) Precision within
Hamming radius 2 using hash lookup.
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Minimal Loss Hashing (MLH) (Norouzi and Fleet, 2011)

b(x,w) = sign(Wx)

L(w) = Z L(b(x;w),b(xj; W), 8i5)
(1,9)€S

L(h,g,s) = ,(||h — gz, 5)

where £,() is a hinge-like loss function:

max(m — p+1,0), for s =1
Amax(p —m +1,0), for s=0

ly(m,s) = {

Formulated as a structural SVM problem.
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Minimal Loss Hashing (MLH) (Norouzi and Fleet, 2011)
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Supervised Hashing

LDAHash (Strecha et al., 2012)

Given a positive-pair set P = {(x,x’)} and a negative-pair set
N = {(x,x')}, learn the hash function parameterized by P and t:
y = sign(Px +t)
p=E {(x —x)(x— x')TrP}
Ty = E{(x—-x)x-x)TWV}
Linear Discriminant Analysis (LDA)
L « u{Pzy/mpzy" P}

= tp{BEpNPT b=t {PERFV],

Difference of Covariances (DIF)

L = t{P=pPT}
By — 68— B n}jn E {sign((pf{x +t:)(pix'+ )N}
P = (B

—aF {sign((p:—TX + ti)(piTX’ + fz‘))|p}
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LDAHash (Strecha et al., 2012)
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L2-DAISY-416 -
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> o _ H-DIF-64
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Supervised Hashing

Supervised Hashing with Kernels (KSH) (Liu et al., 2012)

(a) The labeled data (b) Optimization on Hamming distances (¢) Optimization on code inner products
X1 similar X2 code matrix code matrix
hash code of x; hash code of x2
supsrigad EEEIER— —ERER «EHENEN ENEIER
A 7 e ~»ENENEN X ERENEN || /T
%;} \ 1¢ [— ~ ENENEN
3\ ! u§ max distance i
?E-‘ [} '} & fitting
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[ 1] 1] ] X, 20 =)
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Supervised Hashing

Supervised Hashing with Kernels (KSH) (Liu et al., 2012)

] m 1 n
]L(.T) Z (f’\'(l‘(])‘w)”ZP\'(qu).Q:i)) g

=1 i=1
=a'k(z),
k(x) = [K(2(1), ®) — pa1, -+ 5 K(T(m), T) — ,um}—r
1 (ZEz'. :L‘j) cM
Sij -1, (ZEICITJ) cC
0. otherwise.
1 B B 2
min Q(A)= fsgn(lx'[A)(:5g11(]x}A))T -5
AcRmxr r &
where K; = [k(@1), -+ k(@)]T € R*™ max (Kiar)' Rp—1(Kiax)
and A [a,--- ,a.,] € R™*7 ar
s.t. (I_(Iak)—r(f;'za;f) =3
Ry = rS — Zi:ll sen(Kaf)(sen(foa;))T

Hsgu(ﬁ'gak)(Hgn(f(gak))T — ]?k_1||; KR 1Kja = MK RKja
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Supervised Hashing with Kernels (KSH) (Liu et al., 2012)

(a) Precision @ Hamming radius 2 vs. # bits
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Motivation

Existing supervised methods:

@ High training complexity

@ Semantic information is poorly utilized
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Contribution

@ A novel likelihood function based on latent factor models
@ A learning algorithm with convergence guarantee
@ A linear-time stochastic learning strategy for scalable training

@ State-of-the-art accuracy
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Latent Factor Hashing (LFH) (Zhang et al., 2014)
Model

The likelihood on the observed similarity labels S is defined as:

p(S|B) = HpsZJ\B

5, €S

aij, sij =1
Sz B —
P( z]’ ) {1_aij7 si;=0
a;j is defined as a;; = 0(©;;) with:
1
olx) = 14e*
0, = Qbf b;

Relationship between the Hamming distance and the inner product:

distg (bs, bj) = %(Q —b/b;) = %(Q — 20;)
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Hardness

The posteriori of B can be computed as follows:
p(B[8) ~p(S|B)p(B)

We can learn the optimal B through maximum a posteriori (MAP)
estimation.

However, directly optimizing on B is an NP-hard problem. Thus we
optimize B through two stages:
@ Relax B to be a real valued matrix U € RV*® (Latent factors).
Then learn an optimal U under the same probabilistic framework as
that for B.

@ Get optimal B from U through some rounding techniques.
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Supervised Hashing

Latent Factor Hashing (LFH) (Zhang et al., 2014)

Relaxation
Re-defined ©;; as:
1
0, = §U£Uj*

p(S | B), p(B), p(B | S) becomes p(S | U), p(U), p(U | S).
Define a normal distribution of p(U) as:

Q
p(U) = [[N(U.a | 0,51)
d=1

The log posteriori of U can be derived as:

3 1
L=logp(U|8) =Y (50 — log(1+ %)) — @HUH% +e
SijGS
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Surrogate algorithm

Choose an initial point xg

Construct a concave lower bound of f(x) at xg
Maximize this lower bound (at x7)

Repeat

(1)
(o)
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Supervised Hashing

Latent Factor Hashing (LFH) (Zhang et al., 2014)

Alternating projection

Optimize each row of U (denoted by Uj,) at a time with other rows fixed
using surrogate algorithm.
Gradient vector:

oL 1 1 1
307 — 3 > (55— ay)Uj, + 3 > (s —a;)U], — BUZ:‘
% Jisi; €S j:s;i €S

Hessian matrix:

0L 1 T
FoTe0. ~ 1 2 il = e UL Ui
% v i SZ‘J'ES
1
~ 1 Z aji(1 aﬂ)UTU BI
Jisj €S
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Alternating projection

Define H; as:
1 1
_ Tyy.. — Ty, — =
=~ 3 ULU.— 6 3 ULU,. - o1
Jisij €S j:sji €S

We can prove that:
2

_ oL - H,

8U£8Ui* -

A > B means A — B is a positive semi-definite matrix.
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Supervised Hashing

Latent Factor Hashing (LFH) (Zhang et al., 2014)

Surrogate function

Constructed lower bound of L(U;,):

E(UL) =L(Us(0) + (U, — Un(t) 25 (1)

ik

+ = (Up — Upn (1) Hi(£) (Ui — Ui (1)) "

N

Update rule for U;,: (by setting the gradient of E(Ul*) with respect to
U, to O)

T
Uil +1) = Ul0) - (i3 () B0
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Optimize U (Cont'd)

Algorithm 2 Optimizing U using surrogate algorithm
Input: X € RV*P S = {s;;},Q,T € N*, 3, € R"
Initializing U by performing PCA on X.
fort=1— T do

fori=1— N do
Compute Uj;, following the update rule.
end for
Compute L with the updated U.
Terminate the iterative process when the change of L is smaller than
€.
end for
Output: U € RVx@
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Rounding

The real values of U are quantized into the binary codes of B by taking
their signs:

B — 1, Uij >0
“ —1, otherwise
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Out-of-sample extension

Goal: Compute the binary code b for a query x not in the training set in
order to perform ANN search.

Find W € RP*€ that maps x to u, then perform rounding on u to obtain
b:

u=WTx
Solve W using linear regression:

Le = |[U = XW/|[7 + A [W][3

W = (XTX + )0 'XTU
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Complexity analysis

Total time cost:

e Optimize U: O (T(NQ? + |S|Q?)) (T is the number of iterations)
e Rounding: O (NQ)
o Out-of-sample extension: O (ND? + D? + NDQ) (reduced to
O (ND?) when Q < D < N)
e Query: O (DQ)
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Stochastic learning

e O (N2) for full S: both time cost and the memory cost are
unacceptable

@ Choose only a subset of S for updating inspired by the idea used in
stochastic gradient descent method

@ For storage efficiency, compute only the needed subset of S during
each iteration instead of pre-computing the full S
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Supervised Hashing

Latent Factor Hashing (LFH) (Zhang et al., 2014)

Stochastic learning

During each iteration, we randomly sample a subset of S with O (NQ)
entries. Then the time cost to update U by one iteration is reduced to

O (NQ?).

Full Sparse
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Supervised Hashing

Latent Factor Hashing (LFH) (Zhang et al., 2014)

Stochastic learning

Furthermore, if we choose the subset of S by randomly selecting O (Q) of

its columns and rows, we can further reduce the time cost to O (NQ?)
per iteration.

Disordered Aligned
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Datasets

e CIFAR-10
e 60,000 color images from 80M tiny image collection.
e 512-D GIST feature vector.
e manually classified into 10 mutually exclusive classes.
e ground-truth neighbors defined based on whether share the same class

label.
e NUS-WIDE

269,648 images collected from Flickr.

1134-D low-level feature vector.

manually assigned with some of the 81 concept tags.

ground-truth neighbors defined based on whether share the same tags.

Li (http://cs.nju.edu.cn/lwj) Learning to Hash CS, NJU 91 / 210


http://cs.nju.edu.cn/lwj

Latent Factor Hashing (LFH) (Zhang et al., 2014)

Baselines

@ Locality-sensitive hashing (LSH)

e Shift-invariant kernels hashing (SIKH)

Spectral hashing (SH)

Anchor graph hashing (AGH)

Principal component analysis based hashing (PCAH)

lterative quantization (ITQ)
Minimal loss hashing (MLH)
Kernel-based supervised hashing (KSH)
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Convergence of learning

Objective Function

LFH-Full 0.15 LFH-Full
LFH-Stochastic LFH-Stochastic
0.1
40 60 80 100 [ 20 40 60 80 100

Iteration Iteration

Objective Function MAP
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

MAP (CIFAR-10)
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

MAP (NUS-WIDE)
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Training time (CIFAR-10)
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

MAP (Full supervised information)
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Latent Factor Hashing (LFH) (Zhang et al., 2014)

Training time (full supervised information)

6 ; ‘
I L FH-Full
[N L FH-Stochastic
5 I KSH-Full i
[ MLH-Full

Log Training Time
w
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Code Length
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Supervised Hashing

FastH (Lin et al., 2014)

Overall objective

ZG{_Hll)ilrianZZWW (myz] sz iZk j) ; (Ga)

=1 j=1

gl(ll)l D he1 i (sz:hk(wi)). (3b)

where y;; € {—1,0, 1} is the pairwise label between points i and j

Optimization on a block in one bit

min g Ui 2k i + E E VijZk,i%k,js (8a)
zk,ﬁE{_lvl}lB‘

i€B JjEB

where, Vij = _|yij|(kyij — Z'I; iZ;,zZp ]) (8b)

~ k—1 &
== 23 0q 2,jlYi| (kyi; — D521 2p.%p,5)- (8
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FastH (Lin et al., 2014)

Algorithm 3: FastHash

Input: Training data points: {1, ... }; Affinity matrix: Y’; bit
length: m; blocks:{B1, Bz, ...}.
Output: Hash functions: ® = [hq, ..., hm]
1 for k=1,...,mdo
Step-1: call Algorithm 2 to obtain binary codes of k-th bit;
Step-2: train trees in (9) to obtain hash function hy;
update the binary codes of k-th bit by the output of hy;

AW N

Algorithm 2: Step 1: Block GraphCut for binary code inference

Input: Affinity matrix: Y; bit length: k; max inference iteration;
blocks:{B1, Ba, ...}; binary codes: {21, ..., 2x_1}-
Output: Binary codes of one bit: 2,
1 repeat
2 Randomly permute all blocks;
3 for each B; do
4 L Solve the inference in (82) on B; using GraphCut;

5 until max iteration is reached ;
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Supervised Hashing

FastH (Lin et al., 2014)

IAPRTC12 IAPRTC12

 STHs
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SPLH 045
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~-BREs 0. ~9-BREs
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Precision
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Supervised Discrete Hashing (SDH) (Shen et al., 2015)

Objective

min [|[Y — WTBJ[> + A[[W|]> + ||B - F(X)[|* (7)
B,W,F

st. B e {1,131,

where Y = {y;}", € {0,1}9*" is the point-wise label matrix. (yx; = 1 if
x; belongs to class k and yg; = 0 otherwise)

Alternating optimization:

P = (6(X)o(X)" ) 6(X)BT. )

W = (BB +\I)"'BY". (8)

z =sen(q — BT Wv). (15)
P

b; = sgn(F(x;) + 5 wik)y, (22)
k=1
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Supervised Discrete Hashing (SDH) (Shen et al., 2015)

Algorithm 1  Supervised Discrete Hashing (SDH)
Input: Training data {x;,y;}" ,; code length L; number of
anchor points m; maximum iteration number ¢; parameters
Aand v.

Output: Binary codes {b;}?; € {—1,1}F*";

hash function H (x) = sgn(F'(x)).

1. Randomly select m samples {a;}72, from the

training data and get the mapped training data ¢(x)
via the RBF kernel function.

2. Initialize b; as a {—1, 1}* vector randomly, Vi.

3. Loop until converge or reach maximum iterations:

- G-Step: Calculate W using equation (8) or
multi-class SVM.

- F-Step: Compute P using (5) to form F'(x).

- B-Step: For the /5 loss, iteratively learn {b;}" ; bit
by bit using the DCC method with equation
(15); for the hinge loss, compute b; by (22).
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Supervised Discrete Hashing (SDH) (Shen et al., 2015)

—-©-SDH
——TFastHash
-+-KSH
CCA-ITQ
—<—-SSH
——BRE
MLH

MAP
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Supervised Discrete Hashing (SDH) (Shen et al., 2015)

NUSWIDE
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Column Sampling based Discrete Supervised Hashing
(COSDISH) (Kang et al., 2016)

Motivation

@ Learning to hash is essentially a discrete optimization problem
@ Most existing methods solve relaxed continuous problems

e FastH (Lin et al., 2014) illustrates better accuracy with discrete
optimization, but it cannot utilize all training points due to high time
complexity.

We propose a discrete supervised hashing method which can leverage all
training points:
@ COlumn Sampling based Dlscrete Supervised Hashing (COSDISH).
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Supervised Hashing

Column Sampling based Discrete Supervised Hashing
(COSDISH) (Kang et al., 2016)

KSH (Liu et al., 2012), TSH (Lin et al., 2013), FastH (Lin et al., 2014) all
optimize the following objective function:

n n
min ¢S = BB"|3 =) ) (¢S — Bi.B},)?
Be{-1,1}n*q ° -
=1 j=1
where S;; € {—1,1} denotes the supervised label.

The inner product reflects the opposite of the Hamming distance:

disty(Biv, Bjs) = (¢ — BiBL) /2
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Supervised Hashing

Column Sampling based Discrete Supervised Hashing
(COSDISH) (Kang et al., 2016)

Column Sampling
In each iteration, we randomly choose a subset Q of A" = {1,2,...n} , and
sample || columns of S with the column numbers indexed by (2.
We use S € {—1,1}"*% to denote the sampled sub-similarity matrix.
Let T = N — Q, we can split S and B into two parts:
Q part: S e {—1,1}xI9 and B? € {—1,1}I%xq
I part: ST e {—1,1}T1XI20 and BT € {—1,1}IFIxq

Based on sampled columns in each iteration, the objective can be
reformulated as follows:

. ar I rp2T)2 Q0 QrRIT12
Jmin 168" — BT [B)7 [} + 143% ~ BB 3.
Our learning strategy is to alternatively optimize B and BT
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Supervised Hashing

Column Sampling based Discrete Supervised Hashing
(COSDISH) (Kang et al., 2016)

Update BT with B Fixed

BT = sgn(SIB®) reaches the minimum of f;(-) which changes the
F-norm to L1 norm.

Theorem

Suppose that f1(F7) and f2(F3) reach their minimum at the points F}
and ¥3, respectively. We have fo(F7) < 2qf2(F3%).
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Supervised Hashing

Column Sampling based Discrete Supervised Hashing
(COSDISH) (Kang et al., 2016)

Update B with BT Fixed
When BT is fixed, the sub-problem of B is given by:

min - [gST =~ BB + 1487 ~ BB}
BRe{—1,1}I€lxq

We can transform the above problem to ¢ binary quadratic
programming (BQP) problems. The optimization of the kth bit of B is
given by:
bre{—1,1}1€
where b* denotes the kth column of B, and
Q') = —2(aSE — Y o). Q1 =0,

i#J
Kk r S k—1
Pg )= _22!1 Blljk(qsllji - Zm:l B}, B} )

l,m*=1,m
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Supervised Hashing

Column Sampling based Discrete Supervised Hashing
(COSDISH) (Kang et al., 2016)

Out-of-Sample Extension

We have only learned binary codes for training points. How to learn a hash
function for query points?

@ Train ¢ binary classifiers as hash functions.

Classifiers:
Linear Classifier SPLH, LFH, COSDISH
Kernel Vector KSH, SDH
SVM TSH
CNN CNNH, NINH
Boosted Tree FastH, COSDISH_BT
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Supervised Hashing

Column Sampling based Discrete Supervised Hashing

(COSDISH) (Kang et al., 2016)

Accuracy (MAP)

[ Method I CIFAR-10 (60K)

8-bits 16bits | 32-bits | 64-bits
COSDISH 0.4986 | 0.5768 | 0.6191 0.6371
SDH 02642 | 03994 | 04145 0.4346
LFH 0.2908 0.4098 0.5446 | 0.6182
TSH 0.2365 03080 | 0.3455 0.3663
KSH 02334 | 02662 | 02923 0.3128
SPLH 0.1588 0.1635 0.1701 0.1730
COSDISHBT || 0.5856 | 0.6681 0.7079 | 0.7346
FastH 04230 | 05216 | 05970 | 0.6446

Li (http://cs.nju.edu.cn/lwj)

Learning to Hash

CS, NJU

112 / 210


http://cs.nju.edu.cn/lwj

Column Sampling based Discrete Supervised Hashing

(COSDISH) (Kang et al., 2016)

Training Time

Table 2: Training time (in second) on subsets of NUS-WIDE

[ Method [3K [ 10K [ 50K [ 100K | 200K |
COSDISH 56 |80 |37 677 | 1622
SDH 39 | 11.8 | 66.2 1269 | 2482
LFH 143 | 163 | 27.8 408 | 859
TSH 922.2 | 27360 | >50000 | - -

KSH 1104 | 4446 | >50000 | - -
SPLH 253 | 185 | - - -
COSDISHBT || 602 | 69.1 | 2283 | 4226 | 8933
FastH 1723 | 291.6 | 1451 3602 | -
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Outline

0 Ranking-based Hashing
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Ranking-based Methods

The supervised information is ranking labels, such as triplets (x;,x;, X).

e HDML: Hamming distance metric learning (Norouzi et al., 2012)

@ OPH: Order preserving hashing for approximate nearest neighbor
search (Wang et al., 2013b)

@ RSH: Learning hash codes with listwise supervision (Wang et al.,
2013a)

e RPH: Ranking preserving hashing for fast similarity search (Wang
et al., 2015)
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Hamming Distance Metric Learning (Norouzi et al., 2012)
The objective is given by:
_ A
Lw)= Y lripler(blzsw), ba™ w): bz, w)) + T ||l
(z,xt,x—)ED

discontinuous and non-convex !
Construct a continuous upper bound on the loss:

gtriplet(b(x; w)a b(.’L‘+, w); b(x_7 w)) S

i {luriier(9,9%97) + 9" f(zw) + g7 feHw) + 97 flamsw)

— a7 f(z30)} — mac{ b fatsw)} - max{h " fasw)

where,

b(z; w) = sign(f(z; w))
= argmaxh’ f(z;w)
heH
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Hamming Distance Metric Learning (Norouzi et al., 2012)

To use the upper bound, we need to find the binary codes given by:

@,0%,57) = argmax{Cyipier(9, 97, 97 ) 9" f@) gt fla)+g™ F@T)}

(9:9%,97)

Assume d(g,g",9~) = m, m is an integer between —¢q and ¢, ¢ is code
length.The problem is converted to

(0,57.97) = (m) + gggazc_{ng(:v) A ICa B R (O},

where V(o) = [a — 1]+

It is straightforward that the solution is the largest of those 2¢ + 1 maxima.
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Hamming Distance Metric Learning (Norouzi et al., 2012)

Perceptron-like learning

Randomly initialize w(®), then use the following procedure to update
(D) -

1.Select a random triplet (z,2™,27) from dataset D.

2.Compute (h, h™,h™) = (b(x; w®), b(zt;w®), b(z—;w®))

3.Compute (4,67, §7)
4. Update model parameters using

w(t+1) — w (t) [af( )(B g) afa(z—i_) (E+_g+)+8fa(z_) (h—_g—)_)\w(t)]
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Hamming Distance Metric Learning (Norouzi et al., 2012)

Hashing, Loss Distance ENN 64bits 128 bits 256 bits 512 bits
Linear, pairwise hinge [24] H 7NN 72.2 2.8 73.8 74.6
Linear, pairwise hinge AH 8NN 72.3 73.5 74.3 74.9
Linear, triplet ranking H 2NN 75.1 75.9 77.1 77.9
Linear, triplet ranking AH 2NN 75.7 76.8 77.5 78.0
Baseline Accuracy

One-vs-all linear SVM [6] 779

Euclidean 3NN 59.3

Table 2: Recognition accuracy on the CIFAR-10 test set (H = Hamming, AH = Asym. Hamming).

Li (http://cs.nju.edu.cn/lwj) Learning to Hash CS, NJU 119 / 210


http://cs.nju.edu.cn/lwj

Ranking-based Hashing

Order Preserving Hashing (Wang et al., 2013b)

Assuming the binary code length is m, OPH tries to align the following
two kinds of categories:

o (Ch,Cp,--- ,Ch): ordered categories according to the m + 1
Hamming distance values.

e (C§,C%,---,C¢): target categories computed from the original
space.

Two principles:

@ Category order alignment: categories computed from the Hamming
space and those from the original space are matched, i.e., O = Cr.

@ Bucket balance: the points are uniformly distributed in all hash
buckets.
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Order Preserving Hashing (Wang et al., 2013b)

The objective function:

. N -1
i & S0 S0 Lui(W)

s.t. w%wk =1,Vk=1,---,m
where,
Lni(W) = Y ¢y, (drir(x0, ") =) + X Y ¢y (i 41— dra(xn, X))
x'eN; X' &N
it (%, %) = [|65(WTx) = 65 (W)
1
Pa(z) = 14 o-az

Solution: Quadratic penalty, mini-batch gradient descent and active set
are utilized.
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Ranking Preserving Hashing (Wang et al., 2013b)

Table 1: Comparison in terms of mean average precision (%).
approach OPH obtains a significant gain on larger data sets (SIFT100K, SIFT1M, GIST1M) and comparable
performance or superior on smaller data sets (Labelme, Peekaboom).

The best scores are in bold font. Our

Data Set  Code Length Approaches
OPH MLH BRE ITQ IsoHash KSH AGH SH USPLH LSH
32 21.11 1991 1645 20.36 18.51 16.72  10.90  9.28 9.62 8.87
Labelme 64 33.94 3248 27.59 32.09 28.35 24.57 12.04 11.18 17.66 17.57
- 128 4436 45.22 40.59  44.66 42.34 31.45 1235 13.73 9.67 32.52
256 56.85 55.80 5331 58.40 57.35 36.32 13.10 14.54 9.61 49.64
32 13.00 1259 942 1210 10.63 9.40 6.01 5.25 6.22 4.47
Peekaboom 64 23.00 21.65 1870 21.20 19.67 14.64 674  6.25 8.73 10.62
128 34.14 33.08 3042 32.75 32.31 21.33 7.05 9.28 5.94 23.74
256 4542 44.42 42.08 46.60 47.41 2486 7.45 10.21 5.99 39.54
32 2.00 1.74 1.14 1.68 1.39 1.15 094  0.68 0.26 0.56
GIST1M 64 4.12 3.51 2.67 3.27 3.25 2.21 1.05 1.08 0.32 1.50
. 128 6.97 5.96 5.24 5.14 5.21 3.83 1.09 1.45 0.31 3.12
256 10.43 7.20 8.18 6.95 7.70 5.26 1.08 2.19 0.33 6.04
32 12.40 9.97 5.14 8.14 7.06 4.75 4.97  10.09 8.01 5.02
SIFT100K 64 25.17 18.63 11.31 18.37 15.47 8.87 598 17.36 12.67 12.52
128 37.41 3213 2076 32.44 28.27 12.69 6.46 2251 16.19 24.50
256 51.57 46.42 32.78 - 15.97 6.67 3242 18.56 40.69
32 5.07 3.07 1.51 2.69 2.31 1.26 111 4.23 3.92 1.49
SIFT1M 64 13.58  8.11 4.46 3.16 7.24 2.94 150  9.81 8.19 5.68
. 128 26.00 18.01 1058 17.87 16.53 5.04 1.68 15.56 10.52 14.05
256 39.88 31.69 20.16 - - 7.38 1.77  26.10 12.05 28.59
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Ranking-based Hashing

Learning Hash Codes with Listwise Supervision (Wang

et al., 2013a)

g Xt X2 X3 X4

P'XZ j7.7?7"ki:gl;fft’} minz—g(q)(i,j)s(q)(i,j) ) HashFunnﬁunle
Cox FTTULRTRTRTT oy, X %, Y St) T
(Jl} K ? : x B 01 11 02 22 02 2 2 H(w)=sgn(4 @) g
F [ 2 X 1 0 4 1 = P —1- 14111 3
:,’IQ 5=>xgz‘:>lela :;mlnz: :::_:o:::: <:|::::¢:111-111§
Q*I’VXSE Xa 1 x, N N 1] 1110 2 400 2.4 00 v g
Semantic/Feature Space
Query Point: g
Ranking-based supervised hashing (RSH) defines a rank triplet S,
I N
— . — . q q
Smij = S(Qm;Xi,x;) =¢ —1 riq> rjq
0 = =7
The loss function can be represented as :
T
Ly ==Y % Hlam) [H() = H(x;)] Smi
m i,
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Ranking-based Hashing

Learning Hash Codes with Listwise Supervision (Wang
et al., 2013a)

Utilizing a linear hash function, the relaxed objective function is given by:
min — Z E qZIWWT (Xi — Xj)Smij
W moig

st. WIw =1

Solution: augmented Lagrangian multiplier is utilized.
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Ranking-based Hashing

Learning Hash Codes with Listwise Supervision (Wang
et al., 2013a)

o™ 04
E 4 o
H T WTAH)
; Y ] SH )/ﬂ/é\(
2 | |@s A
£ = grRSH P - .,
F £ A/‘ o
$ EO-“'?/, <l oo
= L L/is--"'*
@ é 4 ___J,____.—-é
g 3
Zm %02
. 12 ] 3 12 2

" Nomber ofBits * " Number of Bits
(a) (b)

Figure 3. Performance evaluation on NUSWIDE dataset using dif-

ferent number of hash bits. a) NDCG of the Hamming ranking; b)

ACG within Hamming radius 3.
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Ranking Preserving Hashing (Wang et al., 2015)

q X1 X2 X3

u Hashing function f(x)

X2 Minimize NDCG Measure
Ranking Position

(o] ) Relevance List
\\ / r=(ryrzrs) min Z s i ol 7= (n(x1), m(x2), m(x3))
\/ ~(10,2.1) — " 7 & log(1+ x(x))) =(1,2,3)

Hashing codes

The NDCG objective is a non-convex non-smooth optimization problem,
since it depends on the ranking positions of data.
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Ranking Preserving Hashing (Wang et al., 2015)

Utilizing a tractable probabilistic framework with a logistic function to
approximate it:

(i) = E[kilu (cx — i) > 0)]
=1+ iPI‘ CZ;(Ck_Ci) > 0)
kﬁl

1
L+ 2:31 1+exp(—q]TWTW(xk—mi))

b

The overall objective is given by:

o1l 1
Y ey e

Solution: This guarantees the objective is smooth and differentiable. Then
L-BFGS quasi-Newton method is applied to solve the optimization
problem.

Li (http://cs.nju.edu.cn/lwj) Learning to Hash CS, NJU 127 / 210


http://cs.nju.edu.cn/lwj

Ranking Preserving Hashing (Wang et al., 2015)

NUSWIDE Flickrim

o
>
[l
3

-
N
&

1

NDCG@10 with Hamming Ranking

\i

NDCG@10 with Hamming Ranking

15 2
19637 o4 128 6 = "3632 64 128 6
Number of bits Number of bits
(a) (b)
NUSWIDE Flickrim
~ ~
Zoss P
B B
g2 20
‘E 045 E
E £
& [}
] /\ So.
£ - £
£ 0.35 £
£ L
Q @
Qo O
< 0.25 ‘ < 0.
‘632 64 1 256 "les2 o4 256

28 128
Number of bits Number of bits
(c) (d)

Figure 2: Performance evaluation on both datasets with
different number of hashing bits. (a)-(b): NDCG@10 using
Hamming Ranking. (c)-(d): ACG with Hamming radius 2
using Hash Lookup.
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Outline

e Multimodal Hashing
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Multimodal Hashing

Multi-Source Hashing:
e MFH: Multiple feature hashing (Song et al., 2011)
@ CH: Composite hashing (Zhang et al., 2011)

Cross-Modal Hashing:

@ CVH: Cross view hashing (Kumar and Udupa, 2011)

e MLBE: Multimodal latent binary embedding (Zhen and Yeung,
2012a)

CRH: Co-regularized hashing (Zhen and Yeung, 2012b)

IMH: Inter-media hashing (Song et al., 2013)

RaHH: Relation-aware heterogeneous hashing (Ou et al., 2013)
SCM: Semantic correlation maximization (Zhang and Li, 2014)
CMFH: Collective matrix factorization hashing (Ding et al., 2014)
QCH: Quantized correlation hashing (Wu et al., 2015)

SePH: Semantics-preserving hashing (Lin et al., 2015b)
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Multimodal Hashing

Multiple Feature Hashing (Song et al., 2011)

. Feature 1 MFH Dataset
Learnin Keyframes
d """"""'ll —> el | Feature 2 9 Hash Code

Multi- 0101
Keyframe feature .

Extraction Extraction | Feature v

Training Videos [hl (x) ':; 0011

Test Video Iy (x)
Keyframe Feature 1 . Search NDVR Result
Extraction :
| —» Feawez iy, Video#  Sim
h(x - Video_1: 83
! ( ) Video_2: 74
Feature v Hash Query K
Functions Hash Code
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Multiple Feature Hashing (Song et al., 2011)

MFH define v affinity matrices:

(A%),g = {1, if (29), € Nie((29),) or (29)g € Ni((29),)

0, else

The relaxed objective function is given by

Lm0 S (A0 )y — (6)al

:1pq*1
’YZZH?J:& el +
g=1t=1
(|| XTW + 16— V|5 + B8 W2)
st. YYT =1
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Multiple Feature Hashing (Song et al., 2011)

1
0.8
£ 08
=3
@
g ——SPH
& g4l |—GF
——STH
~MFH_lop
02t |[~MFH_hsv
MFH
% 0.2 0.8 1

Recall

Table 2: Comparison of MAP and time on Combined Dataset
Methods MAP Time(s)
SPH 0.5941 || 0.4907
GF 0.6466 | 1.3917
STH 0.7536 || 0.6439
MFH_Ibp || 0.7526 || 0.6445
MFH_hsv || 0.8042 || 0.4508
MFH 0.8656 || 0.5533
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Multimodal Hashing

Composite Hashing (Zhang et al., 2011)

Composite Hashing follows SH's idea and it learns hashing codes from M
information sources.

For t-th source, the affinity matrix is defined by

llag? —aP12
i J

sO=3e T ital e M) or 2l € Nial”)
0

otherwise

The overall objective function of Composite Hashing combines the
similarity preservation part and the consistency part

min ¢r CYT L(t)Y + Oh]Y — « TX(t) 24 1w ||?
min tr(C: Z gl Z (W)X O+ W]

st. Y € {—1,1}KX”
Y1=0,YY"=1 a"1=1,a>0

Li (http://cs.nju.edu.cn/lwj)

Learning to Hash CS, NJU 134 / 210


http://cs.nju.edu.cn/lwj

Composite Hashing (Zhang et al., 2011)

HealthCare

Precision

0 02 04 06 08 1 % 02 04 06 08 1
Recall Recall

(a) (b)

Figure 3: Precision and Recall Curve on Reuters

and the healthcare dataset, with fixed bit number 32.
CHMIS-AW demonstrates its superior performance over

the other three algorithms.
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Multimodal Hashing

Cross View Hashing (CVH) (Kumar and Udupa, 2011)

CVH extends the SH model to cross view settings.
The Hamming distance summed over all the views

za—Zd )+ 33 )

k=1k'>k

The objective function of CVH is a generalization of SH

min d = ZZW”d” - ZTT y(k 1y (k)T 22 Z Tr(Y y®py *)

=1 1=1

k=1k'>k
st. Y®e=0, fork=1,...K
1
y®OY®" — 1 fork=1,..,K
n
k
Y e (~1,1}, fork=1,.,K
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Cross View Hashing (CVH) (Kumar and Udupa, 2011)

Interesting special cases:
e K=1
XD x O 40 = x @) x M 4D A
This formulation is similar in structure to Locality Preserving
Indexing (Cai et al., 2007).
o W = I,xn

I
!
=
E
=
=
E

YO x@7 4@
YO xOT 40— x@ x@T 4@’

This is the generalized eigenvalue formulation of Canonical
Correlation Analysis.
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Cross View Hashing (CVH) (Kumar and Udupa, 2011)

Table 1: Comparative Performance in Japanese Language

People Search
P@1 P@3
HASH | 0.765 0.855
DM 0.408 0.497

Table 2: Summary of K = 2 Experiments

Training Test Set MRR |
Set Size Size HASH | GEOM
ENG-HIN | 15541 1027 0.725 0.686
ENG-RUS | 11527 1124 0.629 0.563
ENG-HEB | 16317 998 0.794 0.723
Table 3: Summary of K > 2 Experiments
Training Data ENG-HIN | ENG-KAN | ENG-TAM
ENG-HIN 0.725 - -
ENG-KAN - 0.712 -
ENG-TAM - - 0.71
ENG-HIN-KAN 0.716 0.722 -
ENG-HIN-KAN-TAM | 0.69 0.678 0.708
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Multimodal Hashing

Multimodal Latent Binary Embedding (MLBE) (Zhen and
Yeung, 2012a)

MLBE proposed a probabilistic model for multimodal hash function
learning.

ay, B
K K
Tik Ui @ V]k -~

18100
ag. by @ 05,‘ dy
!

ag, by [ ) Coy dy

Figure 1: Graphical model representation of MLBE
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Multimodal Hashing

Multimodal Latent Binary Embedding (MLBE) (Zhen and

Yeung, 2012a)

I I
; 1
p(8” | U W™, 0.) = [ [[ V(S | ufw’ul:.g—).
i=1i/=1 «
J J
u v v Txary 1
p(SY | V.W =T IIVGsY | viw Vit h
J=1j'=1 ¥
r J

p(87¥ | U, V,w) = H H [Bern(Sirjy | fy(wu?-vj))] o

i=1 =1

p(Uix | mir) = Bern(Uir | mi),

p(min | @, Bu) = Beta(m | @y, Bu),
E K
p(U | aw, Bu) = ;l;[klj;ﬁern([/”l | ﬁ)
5 K]
p(V | aw, Bu) = L U Bern(Vjr | +ﬂ By
J=1 k=1
K K i
pW= | 62) = [T TN Wia 1 0, ),
k=1d=k -
K K
(WY [¢y) =TT [TV 0, 7)
k=1d=k
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Multimodal Hashing

Multimodal Latent Binary Embedding (MLBE) (Zhen and

Yeung, 2012a)

Table 2: mAP comparison on Flickr

Code Length

Task Method =S k=16 k=2a
Image Query MLBE | 0.6322 | 0.6608 | 0.5104
VS. CVH 0.5361 0.4871 0.4605

Text Database | CMSSH | 0.5155 | 0.5333 | 0.5150
Text Query MLBE | 0.5626 | 0.5970 | 0.4296
V8. CVH 0.5260 | 0.4856 | 0.4553
Image Database | CMSSH | 0.5093 | 0.4594 | 0.4053
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Mul

modal Hashing

Multimodal Latent Binary Embedding (MLBE) (Zhen
Yeung, 2012a)
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Co-Regularized Hashing (CRH) (Zhen and Yeung, 2012b)
CRH is a noval multimodal hash function learning method based on a

boosted co-regularization framework. The objective function is

1 I J

1
0= Ii+ JZ@’ +vzwnl* + —H wel* + wayH2
i=1
The intra-modality loss [ and l;’ are

o= 1= fla)(wiai)]y = [1— Jwfz]s
4 [1— g(y;)(w

The inter-modality loss [ is

I = spd? + (1 — s,)7(dy)

where d,, = w;{xa” - wyTybn, 7 is the smoothly clipped inverted squared

deviation (SCISD) function.
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Co-Regularized Hashing (CRH) (Zhen and Yeung, 2012b)

The CRH formulation can be solved by using CCCP to minimize the upper
bound w.r.t. w,

Aa|lws | 2
Ow T + an Snd (1 — Sn Cn

||M~

where

G2 = Ti(dn) = 7a(df!)) = T (wy —w), dlf) = ()0, — wli,
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Multimodal Hashing

Co-Regularized Hashing (CRH) (Zhen and Yeung, 2012b)

Table 2: mAP comparison on Flickr

Code Length
Task Method T =51 =8 =61

Image Query CRH 0.5259 + 0.0094 0.4990 £ 0.0075 | 0.4929 + 0.0064
vs. CVH 0.4717 £ 0.0035 0.4515 + 0.0041 0.4471 £ 0.0023

Text Database CMSSH 0.5287 +0.0123 | 0.5098 + 0.0141 | 0.4911 + 0.0220
Text Query CRH 0.5364 + 0.0021 | 0.5185 + 0.0050 | 0.5064 + 0.0055
vs. CVH 0.4598 + 0.0020 0.4519 + 0.0029 0.4477 £ 0.0058
Image Database CMSSH 0.5029 + 0.0321 0.4815 + 0.0101 0.4660 + 0.0298
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Co-Regularized Hashing (CRH) (Zhen and Yeung, 2012b)
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Figure 2: Results on Flickr
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Supervised Multimodal Similarity Search

beach sky bjue atmosphere
fly white Hflack feathers

sun dirget green field sky
wide Sony fullframe

~ — -~

Sky Animal
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Motivation
@ Existing supervised methods are not scalable

@ Train hash functions on large-scale multimodal dataset

Contribution
@ Avoiding explicitly computing the pairwise similarity matrix.
Linear-time complexity w.r.t. the size of training data.

@ A sequential learning method with closed-form solution to each bit.
No hyper-parameters and stopping conditions are needed.
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Notations

@ 7 - the number of training entities (data points)
@ d, d, - the dimensions of feature space in each modality
° {$1a$27 ...,$n|l’i € Rdaj}v {yl,y% 7yn|yz € Rdy}

- denote the feature vectors of the two modalities

o X € Rnxdz, Y e Rnxdy
- feature vectors form the rows of the data matrix

m - number of semantic categories

{ll, lo, ..., ln‘li S {O, 1}m}

- semantic labels, /; , = 1 denotes that the ith entity belongs to the
kth semantic category
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Similarity Definition

Cosine similarity between the semantic label vectors. The similarity
between the ith entity and the jth entity is defined as follows

. L1
Si' = L )
T lly N1

Ly = Hlli-’ll\z’ then S = LLT

Perform element-wise linear transformation on S to get our final semantic
similarity matrix S € [—1, 1]™*"

S=28-F=2LL" -1,17,
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Objective

The two hash functions should preserve the semantic similarity cross
modalities. We try to reconstruct the semantic similarity matrix by the

learned hash codes. Hence, the objective function of our model is to
minimize the following square error:

> 9(u)gly)" = nl.,

The constraints try to make the bits between different hash functions
uncorrelated.
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

In matrix form, we can rewrite the problem as follows

Wmm | sgn(XW, )sgn(YWy)T CSHF

s.t. sgn(X W) sgn(XW,) = nl.
sgn(YW,) T sgn(YW,)) = nl.

With simple algebra, we can transform the objective function into the
following form

|sgn(XW, )sgn(YW,)T — CSHF
=tr[(sgn(XW;)sgn(YW,)T — ¢cS) x (sgn(XWy)sgn(Y W) — ¢S)7]
=tr(sgn(XWy)sgn(YW,)  sgn(YW,)sgn(XW,)")
—2¢ - tr(sgn(XW,)T Ssgn(YW,)) + tr(c*S?)

= —2c - tr(sgn(XW,)T Ssgn(YW,)) + const,
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Then, we can reformulate the problem as the following equivalent problem:

XW,)" Y
e o (sgn(XWa)" Ssgn(YW,))

s.t. sgn(XW,) T sgn(XW,) = nl,
sgn(YW,) T sgn(YW,) = nl,
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Semantic Correlation Maximization

Since it is NP hard to solve the problem, we apply the spectral relaxation
trick to our problem

tr(WIXTsyw,
ppax (W, y)
st. WIXTXW, =1,

WeYyTyw, = I..

The term X7 SY actually measures the correlation between the two
modalities with respect to the semantic labels. This correlation is called
semantic correlation.

The objective function will degenerate to the CCA formulation when
S =1I,.
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Generalized Eigenvalue Problem
The problem is equivalent to a generalized eigenvalue problem

Let Cpy = XTSY, Cpp = XTX, and G, = YTV,

The optimal solution of W, is the eigenvectors corresponding to the ¢
largest eigenvalues of

CayCppf CLWo = N2 Coa W,
W, can be obtained by W, = C,}CL W,A™!.
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Solved perfectly? No!

The quantization loss from projection space to Hamming space should not
be neglected by spectral relaxation.

In eigen-decomposition, larger-variance projected dimensions carry more
information. Hence, using each eigenvector to generate one bit of hash
code is not reasonable (Kong and Li, 2012b).
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Sequential Strategy

Assuming that the projection vectors wg(cl), . wg(clt b

(1) (t—=1)

and wy 7, ..., wy

. t t
have been learned. To learn the next projection vectors wg(c) and w?s), we
define a residue matrix

t—1
Ry =cS — Z sgn(Xwg(Ek))sgn(Yw?sk))T.
k=1

Objective function can be written as

min
w® aol?)

‘sgn(Xwg(f))sgn(Yw(t) RtH
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

The above objective function can be solved as a generalized eigenvalue

problem which can be got by substituting wg), wg(,t), and R; for W, Wy,
and S in the original formulation.

Note that the semantic correlation can be still efficiently calculated in
linear time

ct) = XTRY

t—1
= cXTSsy — Z Xngn(Xw;k))sgn(Ywék))TY
k=1

—1 T -1 —1N\T
:C'gy ) — XTsgn(Xwlt ))sgn(le(llt NTy,

)
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SCM (Zhang and Li, 2014)

Algorithm 3 Learning Algorithm of SCM Hashing Method.

) o XTL)YTL)T — (XT1,)(YT1,)T;
c<1> —ex o),
Czac <~ XTX + ’dem;
ny A YTY + ’y‘[dy;
fort=1— cdo
Solving the following generalized eigenvalue problem
Cﬂ(fg)c [ngg)] We = )\QCxTwT,
(t)

we can obtain the optimal solution wy "~ corresponding to the largest eigenvalue

Amaw
(t) 1 CT t ]

.
h(t) — sgn(Xwg(f)),
h,(,) — sgn(Yw,(, )),
ngﬂ) — ny) - (Xngn(Xwgf)))(Yngn(Ywét)))T;
end for
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Scalability

Table: Training time (in seconds) on NUS-WIDE dataset by varying the size of
training set.

[ Method\ Training Size [ 500 [ 1000 [ 1500 [ 2000 [ 2500 [ 3000 | 5000 | 10000 | 20000 |
SCM 276 249 303 222 236 260 248 228 230
CCA 25 20 23 22 25 22 28 38 44
CVH 62 116 123 149 155 170 237 774 1630
CRH 68 253 312 515 760 1076 - - -
MLBE 67071 126431 - - - -
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Scalability
Image Query vs. Text Database Text Query vs. Image Database
0.55
——SCM —e—SCM
---CCA | ---CCA
-e-CVH -+-CVH
05 CRH CRH
—v—MLBE —vMLBE
% 0.45 %
= =
_____ .
Lo i S P
0.35 . . . , ,
0 05 1 15 2 5 1 . 2
Size of Training Set x 10° Size of Training Set x 10

(a) (b)
Figure: MAP on NUS-WIDE dataset by varying the size of training set.
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Multimodal Hashing

Semantic Correlation Maximization (SCM) (Zhang and Li,
2014)

Table: MAP results on small-scale training set of NUS-WIDE

Task Method {

Code Length |

[ c=16 [ ¢=24 [ c=32 |
SCM 0.4385 0.4397 0.4390
Image Query CCA 0.3625 0.3586 0.3565
v.s. CVH 0.3608 0.3575 0.3562
Text Database CRH 0.3957 0.3965 0.3970

MLBE 0.3697 0.3620 0.3540
SCM 0.4273 0.4265 0.4259

Text Query CCA 0.3619 0.3580 0.3560
v.s. CVH 0.3640 0.3596 0.3581
Image Database CRH 0.3926 0.3910 0.3904

MLBE 0.3877 0.3636 0.3551

Table: MAP results on large-scale training set of NUS-WIDE

Code Length |

Task Method {

[ c=16 [ ¢=24 [ c=32 |
Image Query v.s. SCM 0.5451 0.5501 0.5412
Text Database CCA 0.4078 0.3964 0.3886
Text Query v.s. SCM 0.5147 0.5153 0.5105
Image Database CCA 0.4038 0.3934 0.3861
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Collective Matrix Factorization Hashing (Ding et al., 2014)

Employ collective matrix factorization (CMF) to learn cross-view hash
functions.

) ) Binary Codi
H = Offline % Online "> 'Bzrt);baosees
0.203 -f(zi lg Hash Functions .I 7!5§
=[04[1.8]-04 el

x, [100.0202]u, [10]0.3[-07[14] =P X, [>/p, (x1) 010 t 1

o100
12[2.0[3.8X[20]1.310.9 06 0[1 110

et ORI EOr EFREE == P2Xo>fp, (x2)
Cot@ords Seal;oﬁﬂ: Top-1 R:gsult Pair

. 1
' = [ '
:"ﬂgﬂ”ﬂ'ﬁ 0.2]04]-0.1]1.2 /—= 1.2]03]-02] ¢ + 101
. Quew / — HE 000
H )

Figure 2. Framework of CMFH, illustrated with toy data.
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Collective Matrix Factorization Hashing (Ding et al., 2014)

Decompose X1 and X@ jointly with the constraint Vi = Vo =V

MIXD U V]2 + (1= N)|XP - Uy V|2

The overall objective function contains the collective matrix factorization,
the linear embedding and the regularization term:

min GU1 U2 Pl P2V
U, U3, P ,P2,V (U, Uz P1, P2, V)

where

G=MXD —U V|2 + 1= NX® - Uy V|2
+u(|[V = PiXD||Z + ||V - PoXP||2)
+~vR(U1,Uy, Py, Py, V)
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Collective Matrix Factorization Hashing (Ding et al., 2014)

Mean Average Precision(MAP) on Wiki dataset and NUS-WIDE dataset.

Wiki NUS-WIDE

16 bits | 32bits | 64 bits | 128 bits | 16bits | 32 bits | 64 bits | 128 bits
CVH 0.2041 | 0.1604 | 0.1296 [ 0.1308 03722 | 0.3632 | 0.4060 | 0.3875
Viewl IMH 02017 | 0.2119 | 0.2025 [ 0.1926 [ 0.4721 | 0.4716 | 0.4668 0.4594
to CMSSH | 0.2026 | 0.2113 | 0.2011 0.2084 | 0.4997 | 0.5189 | 0.5142 0.5086
View2 [ CHMIS | 0.2207 | 0.2189 | 0.2126 | 0.2035 0.4870 | 0.4896 [ 0.4835 0.4762
CMFH 0.2538 | 0.2582 | 0.2619 [ 0.2648 [ 0.5591 | 0.5698 | 0.5780 | 0.5837
CVH 0.2962 | 0.1944 | 0.1337 [ 0.1125 0.4042 | 0.3991 | 0.4480 | 0.4315
View2 IMH 0.4865 | 0.5295 | 0.4935 | 0.4628 0.4793 | 0.4800 [ 0.4744 | 0.4643
to CMSSH | 02928 [ 0.2732 | 0.2753 | 0.2814 | 0.5015 | 0.5103 | 0.5039 | 0.4984
Viewl [ CHMIS | 0.2207 | 0.2189 | 0.2126 | 0.2035 0.4870 | 0.4896 [ 0.4835 0.4762
CMFH 0.6116 | 0.6298 | 0.6398 | 0.6477 | 0.6614 | 0.6921 | 0.7164 | 0.7185

Task Method
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Quantized Correlation Hashing (Wu et al., 2015)

Contributions
@ First attempt to integrate hash function learning with quantization
together for cross-modal hashing
o Multi-modality objective function is transformed to a single-modality
formulation
Framework

train
<=

Hash function

| Text codes

$==

search

‘ﬂ\ Iﬂ Image query codes Text query codes

Figure 1: The framework of cross-modal hashing algorithm
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Multimodal Hashing

Quantized Correlation Hashing (Wu et al., 2015)

Objective function

min O(B,W) = ||B — ZW|[% — tr(WTZTSZW)
W - L, oS X
whereW:[ w],S: AL ,Z:[
Y
Learn hash function

W, aS” BL,
Adopt an alternating optimization procedure to iteratively optimize W
and B

xz

1B:
By

e Optimize B using B = sgn(ZW) when fixing W

o lteratively optimize W using Crank-Nicolson-like scheme (Smith,
1985) when fixing B
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Quantized Correlation Hashing (Wu et al., 2015)

Precision-Recall curve on Wiki dataset and 58W-CIFAR dataset

—E-CMSSH CVH —B-SCM —$—QCH —B—CCA —4— 5CCA

222 Wiki image->text @ 16 bit Wi

e P

ext->image @ 16 bit

S e E
Top R Top R

(e) 58W-CIFAR @ 8 bits
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ultimodal Hashing

Semantics-Preserving Hashing (Lin et al., 2015b)

| Predicted Hash Code with
| Output Probabilities from X

0.75| 1 |0.28|0.72|0.35/031

|
|
: 0.65028 1 [0.7]0.34]0.29) 0
| losglorlor] ¢ 0070,73“ 1
| 0
|
|
|

: —

|
|

Provided Affinity Matrix of | Leamt Semantic s-Preserving Hash |
|

0.10[0.35{0.34/0.07| 1 |0.26 Unified Hash Code|

~|=lolo|ole
mlelm|=|e|~

0.61(0.31/0.29|0.78/0.26| 1

Training Data Codes of Training Data () | |
___________________ a
T [ |
Predicted Hash Code with
} Output Probabilities from ¥
e e -
Training of SePH: 1) Leaming semantics-preserving hash codes of the training data (red dotted rectangle), Out-of-sample Extension® 1) Predicting hash codes from observed views.
2) Leaming hash functions for each view (green dotted rectangle) 2) Determining the unified hash code using a novel probabilistic approach
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Semantics-Preserving Hashing (Lin et al., 2015b)

Objective function: the KL-divergence between two distributions P and Q

pz,] « 3y 2
¥ = min E pi;ilo —|||H| -1
R X de = ,J qu CH‘ ‘ HZ

where H is the relaxed hash-code matrix, Pij = % with A; ; being
. - - . . l#‘] Z7J
the supervised affinity between points i and j,
Gii = (1+%||Hi,;—Hj,<AH§)*1
T Y (S Hye = Hin [[3) 1
Learning algorithm:

@ Utilize gradient descent based optimization methods.
@ The gradient w.r.t. H;. can be derived as follows

1 . ) o .
= (i — qig) (1 + 7/1Hi — H; |13)"(Hi. — Hj.)
i
200, ~ N
+ 7 (Hi [ = 1" o o(H;,)

v
OH; .

Li (http://cs.nju.edu.cn/lwj) Learning to Hash CS, NJU 170 / 210


http://cs.nju.edu.cn/lwj

Semantics-Preserving Hashing (Lin et al., 2015b)

Learn hash functions
After getting the hash code, kernel logistic regression is used to learn the

hash functions:

n
(k)
6 =miny_log(1+e ™ ) A jw®) 3
W i=1

Generate hash codes
@ For any unseen instance with only one view observed, utilize
plef = bx) = (1+ ¢ P50
@ For those with both views observed, utilize
¢ = sgn(p(cr = 1[x)p(cy = 1ly) — p(ex = —1x)p(c, = —1|y))
to generate hash code.
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Mu odal Hashing

Semantics-Preserving Hashing (Lin et al., 2015b)

Mean Average Precision (MAP):

Wiki MIRFlickr NUS-WIDE
16 bits | 32 bits | 64 bits | 128 bits | 16 bits | 32 bits | 64 bits | 128 bits | 16 bits | 32 bits | 64 bits [ 128 bits
CMSSH [1] 0.1877 | 0.1771 | 0.1646 | 0.1552 | 0.5728 | 0.5743 | 0.5706 | 0.5706 | 0.4063 | 0.3927 | 0.3939 | 0.3739
CVH [9] 0.1257 | 0.1212 | 0.1215 | 0.1171 | 0.6067 | 0.6177 | 0.6157 | 0.6074 | 0.3687 | 0.4182 | 0.4602 | 0.4466
Tmage IMH [14] 0.1573 | 0.1575 | 0.1568 | 0.1651 | 0.6016 | 0.6120 | 0.6070 | 0.5982 | 0.4187 | 0.3975 | 0.3778 | 0.3668
Query LSSH [25] 0.2141 | 0.2216 | 0.2218 | 0.2211 | 0.5784 | 0.5804 | 0.5797 | 0.5816 | 0.3900 | 0.3924 | 0.3962 | 0.3966
s CMFH [3] 0.2132 | 0.2259 | 0.2362 | 0.2419 | 0.5861 | 0.5835 | 0.5844 | 0.5849 | 0.4267 | 0.4229 | 0.4207 | 0.4182
Text KSH-CV [26] 0.1965 | 0.1839 | 0.1701 | 0.1662 | 0.5793 | 0.5767 | 0.5732 | 0.5744 | 0.4229 | 0.4162 | 0.4026 | 0.3877
Database SCM-Orth [19] | 0.1598 | 0.1460 | 0.1383 | 0.1131 | 0.5854 | 0.5751 | 0.5704 | 0.5649 | 0.3787 | 0.3668 | 0.3593 | 0.3520
SCM-Seq [19] | 02210 | 0.2337 | 0.2442 | 0.2596 | 0.6237 | 0.6343 | 0.6448 | 0.6489 | 0.4842 | 0.4941 | 0.4947 | 0.4965
SePHyna 0.2762 | 0.2965 | 0.3049 | 0.3131 | 0.6720 | 0.6761 | 0.6794 | 0.6814 | 0.5394 | 0.5454 | 0.5499 | 0.5556
SePHprm 0.2787 | 0.2956 | 0.3064 | 0.3134 | 0.6723 | 0.6771 | 0.6783 | 0.6817 | 0.5421 | 0.5499 | 0.5537 | 0.5601
CMSSH [1] 0.1630 | 0.1617 | 0.1539 | 0.1517 | 0.5715 | 0.5732 | 0.5699 | 0.5697 | 0.3874 | 0.3849 | 0.3704 | 0.3699
CVH [9] 0.1185 | 0.1034 | 0.1024 | 0.0990 | 0.6026 | 0.6041 | 0.6017 | 0.5972 | 0.3646 | 0.4024 | 0.4339 | 0.4255
T IMH [14] 0.1463 | 0.1311 | 0.1290 | 0.1301 | 0.5895 | 0.6031 | 0.6010 | 0.5930 | 0.4053 | 0.3892 | 0.3758 | 0.3627
Qe:etr LSSH [25] 0.5031 | 0.5224 | 0.5293 | 0.5346 | 0.5898 | 0.5927 | 0.5932 | 0.5932 | 0.4286 | 0.4248 | 0.4248 | 0.4175
v.:,y CMFH [3] 0.4884 | 0.5132 | 0.5269 | 0.5375 | 0.5937 | 0.5919 | 0.5931 | 0.5919 | 0.4627 | 0.4556 | 0.4518 | 0.4478
Tmage KSH-CV [26] 0.1710 | 0.1665 | 0.1696 | 0.1576 | 0.5786 | 0.5763 | 0.5728 | 0.5715 | 0.4088 | 0.3906 | 0.3869 | 0.3834
Database SCM-Orth [19] | 0.1553 | 0.1389 | 0.1262 | 0.1096 | 0.5857 | 0.5747 | 0.5672 | 0.5604 | 0.3756 | 0.3641 | 0.3565 | 0.3523
SCM-Seq [19] | 0.2134 | 0.2366 | 0.2479 | 0.2573 | 0.6133 | 0.6209 | 0.6295 | 0.6340 | 0.4536 | 0.4620 | 0.4630 | 0.4644
SePHyna 0.6312 | 0.6581 | 0.6637 | 0.6695 | 0.7178 | 0.7243 | 0.7287 | 0.7313 | 0.6230 | 0.6331 | 0.6407 | 0.6489
SePHprm 0.6318 | 0.6577 | 0.6646 | 0.6709 | 0.7197 | 0.7271 | 0.7309 | 0.7354 | 0.6302 | 0.6425 | 0.6506 | 0.6580

Table 2. Cross-view retrieval performance of the proposed SePH (i.e. SePH,.,.a and SePHy.,) and compared baselines on all benchmark
datasets with different hash code lengths, in terms of mAP.
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Deep Hashing

Deep learning for hashing

@ CNNH: Supervised hashing via image representation learning (Xia
et al., 2014)

@ NINH: Simultaneous feature learning and hash coding with deep
neural networks (Lai et al., 2015)

@ DSRH: Deep semantic ranking based hashing (Zhao et al., 2015)
o DRSCH: Bit-scalable deep hashing (Zhang et al., 2015)

@ DH: Deep hashing for compact binary codes learning (Liong et al.,
2015)

@ Deep learning of binary hash codes (Lin et al., 2015a)

@ DPSH: Feature learning based deep supervised hashing with pairwise
labels (Li et al., 2015)
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Deep Hashing

Supervised Hashing via Image Representation
Learning (CNNH) (Xia et al., 2014)

Two-stage framework

Output

Fully connecty
Convolution ~ Pooling e

. I Input image
s H HT

Stage 1

Approximate

Stage 2

Figure 1: Overview of the proposed two-stage method. In stage 1. the pairwise similarity matrix S is decomposed into a product HHT,
where H is a matrix of approximate target hash codes. In stage 2, we use a convolutional network to learn the feature representation for the
images as well as a set of hash functions. The network consists of three convolution-pooling layers, a fully connected layer and an output
layer. The output layer can be simply constructed with the learned hash codes in H (the red nodes). If the image tags are available in training,
one can add them in the output layer (the black nodes) so as to help to learn a better shared representation of the images. By inputting an test
image to the trained network, one can obtain the desired hash code from the values of the red nodes in the output layer.
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ep Hashing

Supervised Hashing via Image Representation
Learning (CNNH) (Xia et al., 2014)

Method MNIST(MAP) CIFARTO(MAP) NUS-WIDE(MAP)
12bits 24 bits  32bits 48 bits | 12bits 24 bits  32bits  48bits | 12bits 24 bits 32 bits 48 bits

CNNH+ | 0969 0975 0971 0975 | 0.465 0521 0.521  0.532 | 0.623  0.630  0.629

CNNH 0.957 0963 095 0960 [ 0.439 0511 0.509  0.522 [ 06IT 0.618  0.625
KSH 0.872  0.891 0897 0900 | 0303 0337 0.346 0356 | 0556  0.572  0.581

ITQ-CCA [ 0659 0.694 0714 0726 | 0264 0282 0283 0295 | 0435 0435 0435

MLH 0472 0.666  0.652  0.654 | 0.182 0.195 0.207  0.211 | 0.500 0.520
BRE 0515 0593 0613 0.634 [ 0.159  0.181 0.193  0.196 | 0485 0.530
SH 0265 0267 0259 0250 | 0.131 0135  0.133  0.130 | 0433 0.426
ITQ 0388 0436 0422 0429 [ 0.162  0.169 0.172  0.175 | 0452 0472
LSH 0.187 0209 0235 0243 [ 0.121 0.126  0.120  0.120 | 0.403 0.426

Table 1: MAP of Hamming ranking w.r.t different number of bits on three datasets. For NUS-WIDE, we calculate the MAP

values within the top 5000 returned neighbors. The results of CNNH / CNNH+ are the average of 5 trials.
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Deep Hashing

Supervised Hashing via Image Representation
Learning (CNNH) (Xia et al., 2014)
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Figure 3: The results on CIFAR10. (a) precision curves within Hamming radius 2; (b) precision-recall curves of Hamming ranking with 48

bits; (c) precision curves with 48 bits w.r.t. different number of top returned samples
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ep Hashing

Simultaneous Feature Learning and Hash Coding with
Deep Neural Networks (NINH) (Lai et al., 2015)

queries

e layers  piecewise layers

similar images
@F e triplet
B ranking
loss
— .
1x1 conv i @?ﬁ function
dissimilar images ave pooling
@‘7 T
=
H % —1
Le |
triplets of images  shared sub-network with stacked convolution layers divide-and-encode module

Figure 1. Overview of the proposed deep architecture for hashing. The input to the proposed architecture is in the form of triplets, ie.,
(I,I*,1I7) with a query image I being more similar to an image I than to another image /~. Through the proposed architecture, the
image triplets are first encoded into a triplet of image feature vectors by a shared stack of multiple convolution layers. Then, each image
feature vector in the triplet is converted to a hash code by a divide-and-encode module. After that, these hash codes are used in a triplet

ranking loss that aims to preserve relative similarities on images.
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Deep Hashing

Simultaneous Feature Learning and Hash Coding with
Deep Neural Networks (NINH) (Lai et al., 2015)

The loss function:
étm‘plet(f(f)-.J:(I+)"F(17J)
=max(0, |[[F(I) = F(I)||3 — [|FI) = FUI)[|3+1)
s.it. F(I), ]:(I+), F(L7)e[0,1)7.
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Deep Hashing

Simultaneous Feature Learning and Hash Coding with
Deep Neural Networks (NINH) (Lai et al., 2015)

Table 2. MAP of Hamming ranking w.r.t different numbers of bits on three datasets. For NUS-WIDE. we calculate the MAP values
within the top 5000 returned neighbors. The results of CNNH is directly cited from [27]. CNNHx is our implementation of the CNNH
method in [27] using Caffe, by using a network configuration comparable to that of the proposed method (see the text in Section 4.1 for
implementation details).

Method ) SVHN(MAP} ) A CIFAR— ]O(MAP) ) ) NUSf.WIDE( MAP) A

12bits 24 bits  32bits 48 bits | 12bits 24 bits 32 bits  48bits | 12bits 24 bits 32 bits 48 bits
Ours 0.899 0914 0.925 0.923 0.552 0.566 0.558  0.581 0.674 0.697 0.713 0.715
CNNH* 0.897 0903 0904 0.896 | 0484 0476 0472 0.489 | 0.617 0.663  0.657  0.688
CNNH [27] N/A 0.439 0511 0509  0.522 | 0.611 0.618 0.625 0.608
KSH[12] 0469 0539 0563 0581 | 0303 0337 0346 0.356 | 0556 0572 0.58] 0.588
ITQ-CCA [4] | 0.428 0.488 0.489 0.509 0.264 0.282 0288  0.295 | 0435 0.435 0.435 0.435
MLH [16] 0.147 0.247 0.261 0.273 0.182 0.195 0207 0211 0.500 0.514 0.520 0.522
BRE [5] 0.165 0.206 0.230 0.237 0.159 0.181 0.193  0.196 | 0485 0.525 0.530 0.544
SH [26] 0.140 0.138 0.141 0.140 0.131 0.135 0.133  0.130 | 0.433 0.426 0.426 0.423
ITQ[4] 0.127 0132 0135 0.139 | 0.162 0169 0172  0.175 | 0452 0468 0472 0477
LSH[?] 0.110 0.122 0.120 0.128 0.121 0.126 0.120  0.120 | 0.403 0.421 0.426 0.441
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eep Hashing

Deep Semantic Ranking Based Hashing for Multi-Label
Image Retrieval (DSRH) (Zhao et al., 2015)

Semantic ranking supervision

Deep feature
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Figure 1. The proposed deep semantic ranking based hashing. warped image representation

Solid and hollow arrows indicate forward and backward propaga-
tion directions of features and gradients respectively. Hash func-

Hash code

Figure 2. The structure of deep hash functions. An input image is
first transformed to a fixed size, and then goes through five con-

tions consist of deep convolutional neural network (CNN) and bi- volution layers and two fully-connected layers, which provides a
nary mappings of the feature representation from the top hidden deep feature representation. Finally, the hash layer generates a
layers of CNN. Multilevel semantic ranking information is used to compact binary code. The hash layer is also directly connected
learn such deep hash functions to preserve the semantic structure to the first fully-connected layer (FCa) in order to utilize diverse
of multi-label images. feature information biased toward visual appearance.
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Deep Semantic Ranking Based Hashing for Multi-Label
Image Retrieval (DSRH) (Zhao et al., 2015)

The major part:
@ Hash functions:

hx; w) = sign(w [fa(x); f5(x)]),

@ Semantic ranking supervision
e Optimization with surrogate loss (weighted triplet loss):

FW)= Y Lo(h(q;W), {h(x;; W)}}))
€D, {x;}}1,CD
2

m%an(h(q; W)l + g ||W||g :

2

LQ
2

CS, NJU

Li (http://cs.nju.edu.cn/lwj) Learning to Hash

182 / 210


http://cs.nju.edu.cn/lwj

eep Hashing

Deep Semantic Ranking Based Hashing for Multi-Label
Image Retrieval (DSRH) (Zhao et al., 2015)
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Figure 4. Comparison of ranking performance of our DSRH and other hashing methods based on hand-crafted features on two datasets: (a)
MIRFLICKR-25K and (b) NUS-WIDE.
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Deep Semantic Ranking Based Hashing for Multi-Label
Image Retrieval (DSRH) (Zhao et al., 2015)
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Figure 5. Comparison of ranking performance of our DSRH and other hashing methods based on activation features of pre-trained CNN
on two datasets: (a) MIRFLICKR-25K and (b) NUS-WIDE.
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ep Hashing

Bit-Scalable Deep Hashing (DRSCH) (Zhang

Training Phase

et al., 2015)

dissimilar

Weighte
Hash Cs 1

: Testing Phase

: 302 = [T X
Query  Database [———
Image  Image

similar 1{' P nnnnnn
7 Dadabase: | 1|1 ]a]1]a]1
dissimilar Weighte
Hash Code-2 Binary hash codes . -
: achieved from tanh-like layer Weight matrix achieved
H from clement-wise layer

Shared convolutional neural network

5%5
convalution

22
average pooling

555
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lenigth of hash code
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element-wise
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Fig. 2. The bit-scalable deep hashing learning framework. The bottom panel shows the deep architecture of neural network that produces the hashing code
with the weight matrix by taking raw images as inputs. The training stage is illustrated in the left up panel. where we train the network with triplet-based
similarity learning. An example of hashing retrieval is presented in the right up panel, where the similarity is measured by the Hamming affinity.
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Bit-Scalable Deep Hashing (DRSCH) (Zhang et al., 2015)

MNIST (MAP %)

- %
Method 16 bits 24 bits 32 bits 48 bits 64 bits Method 16 bits 24 giAR 31201;1‘\5LAP430{)11; 64 Dits
DRSCH 97.37 9788 9791 DRSCH 6146 6219 6287 63.05 63.26
DSCH 96.63 9721 9748 DSCH 60.87 6133 6174 6198  62.35
DSRH [40] 96.69 9721  97.53 DSRH [40] 6084 6108 6174 6177 6291
KSH-CNN [7] 86.67 8851 8941 KSH-CNN [7] | 40.08 4298 4439 4577  46.56
MLH-CNN [12] 7618 7806  20.66 MLH-CNN [12] | 25.04 2886 3120 3188 3183
BRE-CNN [39] 64.05 6411 6633 BRE-CNN [39] | 19.80 2057 2059 2164  21.96
KSH [7] 86.03  87.37 8848 KSH [7] 3215 3517 3651 3826 39.50
MLH [12] 6216 6307 6523 MLH [12] 1333 1578 1629 1803 1884
BRE [39] 5719 5652 64.74 BRE [39] 1219 1563 1610 1719 1756
PCA-RR [14] 39.93 43.81 PCARR [14] | 1206 1224 1361 1346  13.80
ITQ [14] 3899 40.62  43.04 ITQ [14] 1145 1163 1153 1097 1124
SH [13] . 1481 1528 1629 SH [13] 1922 1928 2009 2079 2146
LSH [18] 2265 2139 3556 27.85 LSH [18] 1236 1174 1230 1357 1242
Euclidean 89.55 87.83 86.80 83.76 Euclidean 35.46 34.07 33.91 32.18 31.09
TABLE I TABLE I

IMAGE RETRIEVAL RESULTS (MEAN AVERAGE PRECISION) WITH
VARIOUS NUMBER OF BITS ON THE MNIST DATASET. THE SCALE OF TEST
QUERY SET IS 10K. OUR METHOD OUTPERFORMS THE STATE-OF-THE-ART

METHODS

Li (http://cs

IMAGE RETRIEVAL RESULTS (MEAN AVERAGE PRECISION) WITH
VARIOUS NUMBER OF BITS ON THE CIFAR-10 DATASET. THE SCALE OF
TEST QUERY SETIS 10K (1K PER CLASS). THE PROPOSED METHOD

OUTPERFORMS THE STATE-OF-THE-ART METHODS.
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Bit-Scalable Deep Hashing (DRSCH) (Zhang et al., 2015)
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Fig. 4. The results on the CIFAR-10 dataset. (a) Precision curves within Hamming radius 2; (b) Precision curves with top 500 returned: (c) Precision curves
with 64 hash bits.
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Deep Supervised Hashing with Pairwise Labels (Li et al.,
2015)

Motivation

@ Most existing hashing methods are based on hand-crafted features
which might not be optimally compatible with the hashing procedure.

@ Recently, deep hashing is proposed for simultaneous feature learning
and hash-code learning, with better performance.

@ Most existing deep hashing methods are supervised with triplet labels.
For pairwise labels, there have not existed methods for simultaneous
feature learning and hash-code learning.

Our contribution:

@ An end-to-end framework, called deep pairwise-supervised
hashing (DPSH), to perform simultaneous feature learning and
hash-code learning for applications with pairwise labels.
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Deep Hashing

Deep Supervised Hashing with Pairwise Labels (Li et al.,
2015)

VGG-F + hash-code: 7 + 1 = 8 layers.

Five conv+pooling, two 4096 fully-connected, one fully-connected for
hash-code

VGG-F Network Structure

Convolutions Pooling Fully Pairwise Loss
Convolutions Pooling Connected .
Function

Output : hash-code

Convolutions Pooling Fully

Convolutions Pooling Connected
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Deep Hashing

Deep Supervised Hashing with Pairwise Labels (Li et al.,
2015)

The same pairwise loss function as LFH:

—logp(S|B) = — ) _ logp(si;|B)
si;E€S
== > (5ij0y — log(1 +¢%4)),
sijGS

where s;; € {0,1} is the supervised label, B = {b;}7"; is the binary codes,
R | A
©;; = 5b; b;.

Similar continuous relaxation as that in LFH is adopted for learning.
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Deep Supervised Hashing with Pairwise Labels (Li et al.,

2015)
[ Method || CIFAR-10 (MAP) I NUS-WIDE (MAP) ]
12-bits | 24-bits | 32-bits | 48-bits 12-bits | 24-bits | 32-bits | 48-bits

DPSH 0.682 0.686 0.725 0.733 0.785 0.810 0.824 0.833
DPSHO 0.458 0.512 0.521 0.525 0.723 0.743 0.748 0.758
NINH 0.552 0.566 0.558 0.581 0.674 0.697 0.713 0.715
[CVPR15]
CNNH 0.439 0476 0.472 0.489 0.611 0.618 0.625 0.608
[AAAIL4]
FastH 0.305 0.349 0.369 0.384 0.621 0.650 0.665 0.687
SDH 0.285 0.329 0.341 0.356 0.568 0.600 0.608 0.637
KSH 0.303 0.337 0.346 0.356 0.556 0.572 0.581 0.588
LFH 0.278 0.435 0.518 0.561 0.747 0.784 0.808 0.802
LFHO 0.176 0.231 0.211 0.253 0.571 0.568 0.568 0.585
SPLH 0.171 0.173 0.178 0.184 0.568 0.589 0.597 0.601
ITQ 0.162 0.169 0.172 0.175 0.452 0.468 0.472 0.477
SH 0.127 0.128 0.126 0.129 0.454 0.406 0.405 0.400
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Deep Hashing

Deep Supervised Hashing with Pairwise Labels (Li et al.,
2015)

Compare to baselines with triplet labels:

[ Method H CIFAR-10 (MAP) H NUS-WIDE (MAP) ]

16-bits | 24-bits | 32-bits | 48-bits 16-bits | 24-bits | 32-bits | 48-bits

DPSH 0.742 0.764 0.765 0.770 0.698 0.711 0.726 0.730

DRSCH 0.615 0.622 0.629 0.631 0.618 0.622 0.623 0.628

[TIP15]

DSCH 0.609 0.613 0.617 0.620 0.592 0.597 0.611 0.609

[TIP15]

DSRH 0.608 0.611 0.617 0.618 0.609 0.618 0.621 0.631

[CVPR15]

Li (http://cs.nju.edu.cn/lwj) Learning to Hash CS, NJU 192 / 210


http://cs.nju.edu.cn/lwj

Deep Supervised Hashing with Pairwise Labels (Li et al.,
2015) "
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Outline

o Quantization
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Double Bit Quantization (Kong and Li, 2012a)

2000

e =
o o
S 9o
[SER-)

500

Sample Numbe

Point distribution of the real values computed by PCA on 22K LabelMe
data set, and different coding results based on the distribution:

e (a) single-bit quantization (SBQ);

@ (b) hierarchical hashing (HH) (Liu et al., 2011);

@ (c) double-bit quantization (DBQ).
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Double Bit Quantization (Kong and Li, 2012a)

Precision-recall curve on 22K LabelMe data set
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Double Bit Quantization (Kong and Li, 2012a)

mAP on LabelMe data set

# bits 32 64
SBQ AR DBQ SBQ AR DBQ
ITQ 02026 | 0.2592 | 0.3079 0.3413 | 0.3487 | 0.4002
SH 0.0850 | 0.1320 | 0.1815 0.1071 | 0.1768 | 0.2649
PCA 0.0535 | 0.1000 | 0.1563 0.0417 | 0.1034 | 0.1822
LSH 0.1657 | 0.105 | 0.12272 0.2504 | 02089 | 02577
SIKH 0.0500 | 0.0712 | 0.0772 0.1132 | 0.1514 | 0.1737
# bits 128 256
SBQ HH DBQ SBQ HH DBQ
mQ 0.3675 | 04032 | 0.4650 0.3846 | 0.4251 | 0.4998
SH 0.1730 | 0.2034 | 0.3403 0.2140 | 0.2468 | 0.3468
PCA 0.0323 | 0.1083 | 0.1748 0.0245 | 0.1103 | 0.1499
LSH 03570 | 0.3311 | 0.4055 0.4158 | 0.4359 | 0.5154
SIKH 0.2792 | 0.3147 | 0.3436 0.4750 | 05055 | 0.5325
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Manhattan Quantization (Kong et al., 2012)

Quantization Stage

(a) |A 0 BC|DE 1

(b) 01 00 10 11
(c) 00 01 10 11
(d)| 000 | 001|010 |011/100 |101| 110 |111

Figure 1: Different quantization methods: (a) single-bit quan-
tization (SBQ); (b) hierarchical quantization (HQ); (c) 2-bit
Manhattan quantization (2-MQ); (d) 3-bit Manhattan quanti-

zation (3-MQ).
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Manhattan Quantization (Kong et al., 2012)

Natural Binary Code(NBC)

(a) Hamming distance

(b) Decimal distance with NBC
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Manhattan Quantization (Kong et al., 2012)

Manhattan Distance

Let x = [x1,22, -+ ,24]T, ¥y = [y1,92, - - , 4]’ the Manhattan distance
between x and y is defined as follows:

d
dm(XaY) = Z ‘xz - yi|7
i=1

where |z| denotes the absolute value of z.
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Manhattan Quantization (Kong et al., 2012)

@ We divide each projected dimension into 29 regions and then use ¢
bits of natural binary code to encode the index of each region.

@ For example, If ¢ = 3, the indices of regions are {0,1,2,3,4,5,6,7}
and the natural binary codes are
{000, 001,010,011, 100, 101,110,111}
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Manhattan Quantization (Kong et al., 2012)

e Manhattan quantization(MQ) with ¢ bits is denoted as ¢-MQ.

@ For example, if ¢ = 2,

d, (000100, 110000) = dg(00, 11) + dg(01,00) + dg(00, 00)
=34+140
= 4.
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Manhattan Quantization (Kong et al., 2012)
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Figure: Precision-recall curve on 22K LabelMe data set
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Manhattan Quantization (Kong et al., 2012)

Table: mAP on ANN_SIFT1M data set. The best mAP among SBQ, HQ and
2-MQ under the same setting is shown in bold face.

# bits 32 64 96 [
SBQ HQ 2-MQ SBQ HQ 2-MQ SBQ HQ 2-MH
ITQ 0.1657 0.2500 0.2750 0.4641 0.4745 0.5087 0.5424 0.5871 0.6263
SIKH 0.0394 0.0217 0.0570 0.2027 0.0822 0.2356 0.2263 0.1664 0.2768
LSH 0.1163 0.0961 0.1173 0.2340 0.2815 0.3111 0.3767 0.4541 0.4599
SH 0.0889 0.2482 0.2771 0.1828 0.3841 0.4576 0.2236 0.4911 0.5929
PCA 0.1087 0.2408 0.2882 0.1671 0.3956 0.4683 0.1625 0.4927 0.5641
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Variable Bit Quantization (Moran et al., 2013)

F1 score: 1.00

e | | o [meum | | v

2 bits assigned: 3 thresholds perfectly preserve neighbourhood structure

Flscore: 025 — > V¢ —@——0—FF——

[a] [b] 0 bits assigned: 0 thresholds do nearly as well as on or more thresholds

Figure I: Left: Data points with identical shapes are 1-NN. Two hyperplanes hy . hg are shown alongside
their associated normal vectors (ny, ng). Right top: Projection of points onto the normal vectors ny
and ngp of the hyperplanes (arrows denote projections). Right middle: Positioning of the points along
normal vector ny. Three quantisation thresholds (t, #o, t3, and consequently 2 bits) can maintain the
neighbourhood structure. Right bottom: the high degree of mixing between the 1-NN means that this
hyperplane (hy) is likely to have O bits assigned (and therefore be discarded entirely).
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Variable Bit Quantization (Moran et al., 2013)

Dataset CIFAR-10 TDT-2 Reuters-21578

SBQ | MQ DBQ | NPQ | VBQ | SBQ | MQ DBQ | VBQ | SBQ | MQ DBQ | VBQ
SIKH 0.042 | 0.063 | 0.047 | 0.090 | 0.161 | 0.034 | 0.045 | 0.031 | 0.092 | 0.102 | 0.112 | 0.087 | 0.389
LSH 0.119 | 0.093 | 0.066 | 0.153 | 0.207 | 0.189 | 0.097 [ 0.089 | 0.229 | 0.276 | 0.201 | 0.175 | 0.538
BLSI 0.038 | 0.135 | 0.111 | 0.155 | 0.231 | 0.283 | 0.210 | 0.087 | 0.396 | 0.100 | 0.030 | 0.030 | 0.156
SH 0.051 | 0.135 | 0.111 | 0.167 | 0.202 | 0.146 | 0.212 | 0.167 | 0.370 | 0.033 | 0.028 | 0.030 | 0.154
PCAH | 0.036 | 0.137 | 0.107 | 0.153 | 0.219 | 0.281 | 0.208 | 0.094 | 0.374 | 0.095 | 0.034 | 0.027 | 0.154

Table 1: Area under the Precision Recall curve (AUPRC) for all five projection methods. Results are for
32 bits (images) and at 128 bits (text). The best overall score for each dataset is shown in bold face.
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0 Conclusion
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Conclusion

Conclusion

@ Hashing can significantly improve searching speed and reduce storage
cost.

@ Projections with isotropic variances will be better than those with
anisotropic variances. (lsoHash)

@ Avoiding pairwise computation via feature transformation can be used
for scalable graph hashing. (SGH)

@ Stochastic learning or avoiding pairwise computation can be used for
scalable supervised hashing. (LFH/SCM)

@ Discrete hashing methods might outperform continuous relaxation
methods. (COSDISH)

@ Deep hashing can improve accuracy by integrating feature learning
into code learning procedure. (DPSH).

@ The quantization stage is at least as important as the projection
stage. (DBQ/MQ)
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Q& A

Thanks!
Question?
A Learning to Hash website: http://cs.nju.edu.cn/lwj/L2H.html

Some code available at: http://cs.nju.edu.cn/lwj
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