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Abstract

Learning based hashing is gaining traction in large-
scale retrieval systems. It aims to learn compact binary
codes that can preserve semantic similarity in the hamming
space. This paper presents a supervised topology hashing
(SPTH) algorithm to learn compact binary codes that can
exploit both the supervisory information as well as the local
topology structure of datasets. To build a connection be-
tween the original space and the resultant hamming space,
we minimize the quantization errors together with a classi-
fication error term and a topology preserving term. A non-
linear kernel feature space is further used to improve the
generalization power. An alternating iterative algorithm is
developed to minimize the complex objective function that
contains both continuous and discrete variables. Exper-
imental results on three benchmark datasets demonstrate
the effectiveness of the proposed method on image retrieval
tasks.

1. Introduction

Hashing techniques aim to map high-dimensional data to
the hamming space while preserving some predefined sim-
ilarity in the original space ( e.g., Euclidean space or se-
mantic space). Due to computational efficiency of the ham-
ming distance and the low storage overhead to store binary
codes, hashing has become one of the most popular approx-
imate nearest neighbor (ANN) search techniques for many
computer vision applications, including content-based im-
age retrieval [10], image matching [17] and object recogni-
tion [18, 6] .

Most of the existing hashing techniques can be gener-
ally categorized into two classes: data-independent[4, 9]
and data-dependent[5, 8, 12, 15, 21]. For data-independent
hashing, locality sensitive hashing (LSH) [4] and its vari-
ants [9] are representative methods, which employ ran-
domly generated projections as their hashing functions.
For the second category, various statistical learning tech-
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niques are exploited to learn hashing functions with or
without supervisory information. State-of-the-art unsu-
pervised hashing methods in this category include spec-
tral hashing (SH) [20] , iterative quantization (ITQ) [5],
and hashing with graphs (AGH) [13]. In contrast, vari-
ous hashing techniques leverage the supervisory informa-
tion for better semantic neighbor search, including CCA-
ITQ [5], binary reconstructive embedding (BRE) [8], ker-
nel supervised hashing (KSH) [12], etc. Recently, topology
preserving hashing (TPH) [21] has been proposed to uti-
lize the local topology information to improve the perfor-
mance of hashing. In addition to preserving the neighbor-
hood relationship[ 12, 13, 20], TPH preserves the topologi-
cal structures via preserving the neighborhood ranking [21].

Inspired by topology preserving hashing [2 1], this paper
presents a supervised topology preserving hashing (STPH)
algorithm to learn compact binary codes for large scale vi-
sual search. Different from TPH, STPH aims to learn dis-
criminative hashing function by fully exploiting supervisory
information as well as preserving topological structures.
One classification error term and one topology preserving
term is thereby proposed to construct our cost function for
hash function learning. In order to connect the original
high-dimensional space and the resultant hamming space,
an quantization error term is explicitly added to the overall
objective function so as to minimize the quantization loss
like they did in[5]. To further improve the generalization
power, we seek linear hash functions in a nonlinear kernel
feature space as in [12].

There are two major contributions of this work: 1) We
develop a supervised hashing technique that exploit both
supervisory label information and data topology structure
to learn compact binary codes for large scale visual search.
By preserving both the semantic and topology structure, we
were able to learn binary codes that can provide a good
result ranking. 2) An alternating iterative algorithm is de-
rived to efficiently optimize the proposed objective function
which involves both continuous and discrete variables. Ex-
perimental results on three benchmark datasets show that
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the proposed method can significantly improve the discrim-
inability of TPH and obtain better retrieval results than sev-
eral state-of-the-art hashing methods.

2. The Proposed Approach

In this section, we present the formulation of our hash-
ing method, i.e., supervised topology preserving hashing
(STPH). In particular, we are given a set of NV points X =
{x;},i = 1..N, X € R¥¥ and their corresponding label
stored in matrix Y € R*¥_ ¢ is the total number of classes
and the position of 1 in each column y; = [0---1---0]% de-
notes the correct class label. The goal of STPH is leverage
both the label information and the topology structure so as
to learn hash functions that can preserve both the semantic
and topology structure of the original space. Unlike the pre-
vious mentioned semi-supervised extensions of TPH which
only use label information to construct the Topo-weighting
matrix [2 1], we formulate the following minimization prob-
lem to jointly learn a projection matrix P, the resultant bi-
nary codes B and a classifier . The cost function consists
of four parts.

min J=J1+Jo+ I3+ Jy
P.W,B

= |y = wTB|} +a|B - PTX][;
+ B|W % +~tr(PTXLXTP)
st. Be{-1,1}""

(1

where B € {—1,1}**¥ is the binary codes with each
column representing one sample. PT € RFX? is the
projection matrix that transform the zero-centered features
X € R4V in the original space to the k — bit binary em-
bedding with B = sgn(PTX) . Y € {0,1}**V is the
label ground-truth. The matrix L € RV *¥ is the Laplacian
matrix [1].

The problem in (1) aims to minimize the empirical er-
ror (J1) of classifying the binary codes B to their cor-
responding class label Y [7] while keeping the quantiza-
tion error (J2) introduced in the sgn step as small as pos-
sible. For ease of computation, the Frobenius norm in-
stead of the more sophisticated maximum correntropy cri-
terion [2] is employed to measure the quantization error.
Js3 is a regularization term for large W. And .J, penal-
izes P to preserve the topology structure of the original
space during the hashing projection. Therefore, the over-
all cost function seeks projection matrix P that can pre-
serve the topology structure of the original space, and make
the learnt binary codes as discriminative as possible. It is
worth noting that J, comes in the form of tr(PT X LXT P)
instead of tr(BLBT), where we follow a common prac-
tice [20] and relax B with its signed magnitude P? X, since

B = sgn(PT X). Unlike the convention in previous liter-
ature, we directly optimize for B in our cost function and
employ J, as a connection between the projection matrix P
and the resultant binary codes B. From the next section, we
can see that our formulation of STPH in (1) give rise to a
very efficient and effective optimization process, validating
its correctness.

Moreover, for better generalization performance, we
use the kernel feature ¢(x) generated with an RBF ker-
nel mapping process: ¢(z) = [exp(||lz —z1]°/0),- -
.exp(||lz — zn|* /o)), where {z;}"_, are h chosen anchor
points from the training samples and o is the kernel width.
Typically, the anchor points can either be chosen as the clus-
tering centers with k-means [13] or like we do in this work,
as randomly chosen samples. In the next section, we repre-
sent the kernel feature ¢(z) of all data points as matrix X,
for simplicity.

2.1. Optimization

To make the non-convex optimization problem in Equa-
tion (1) tractable, we employ an alternating optimization
procedure, where we minimize the problem with respect to
one variable while fixing others at each step and iterate over
all the steps. We address the detailed optimization process
in the following paragraph.

Firstly, the features X in the kernel space should be com-
puted as mentioned in the previous section, and B is ini-
tialized with randomly generated binary codes. Then the
algorithm iterates over the following steps to minimize the
objective function in Equation (1).

W-Step By fixing all the other variables except for W,
this problem degenerates to a least squares problem with a
closed-form solution:

W = (BBT +81)"'BYT )

P-Step  While fixing all the variables except for P, the
degenerated problem comes in the following form:

argmina|B - PTX |+~ tx(PTXLX"P)
3)
st. Be{-1,1}"N

The problem in (3) is convex with respect to P. There-
fore, by setting the derivative to zero, a global minimum of
P in this sub-step can be computed as follows:

P=02aXXT +yX(L+LT)XT)"12aXBT (4)

B-Step In this step, we aim to optimize B with all
other variables fixed. The optimization problem in this step
takes the following form:

. T 2 T 2
argmBmHY—W B||F—|—a||B—P XHF )
st. Be{-1,1}"N
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Table 1. Results on the CIFAR-10 dataset with regards to different number of bits. The first two columns show the Hamming ranking
results evaluated by mAP and precision@500. The right column shows the Hamming look-up results when the Hamming radius r» = 2.

mAP precision@500 precision @r=2
Method 2 24 36 2 24 36 2 24 36
CCA-ITQ 30.22 33.90 35.07 39.85 41.40 43.65 34.24 40.93 36.29
KSH 34.60 39.71 42.94 42.15 46.90 50.10 39.30 40.95 27.72
FastHash 35.66 41.99 43.71 31.70 40.43 41.67 35.95 25.34 8.66
SSH 17.04 19.11 19.97 16.42 22.62 26.60 14.94 20.87 23.75
BRE 14.02 14.67 14.55 16.70 22.60 23.30 11.23 15.93 18.55
PCA-ITQ 17.02 17.68 17.68 25.09 28.11 29.22 21.08 18.95 5.21
TPH 18.21 17.71 18.24 27.70 29.52 31.02 22.81 19.33 5.54
STPH 38.66 43.57 44.42 45.64 47.83 50.17 39.53 47.03 41.29

By expanding the Frobenius norm in (5) and removing the
constants, we get the following optimization problem:

arg mBi’n HWTBHi —2tr(BTQ) ©
st. Be{-1,1}"""

Where Q = WY + aPTX. Although the resultant
problem is NP hard, we can iteratively learn B bit by bit
due to the separable property of inner products [15]. Now,
we introduce some notations for a clear description of the
following optimization step. Let b7 be the I*" row of B,
l=1,.. kand B the matrix of B excluding b. Similarly,
let g7 be the I row of Q, Q/ the matrix of ) excluding ¢,
w? the I*" row of W and W' the matrix of W excluding w.
Then we can expand problem (6) and derive an equivalent
problem as follows:

argmbin wWTWTB —¢")b st. be{-1,1} (7)

because:
|WTB||% = te(B"WWTB)
= const + waTHi + 2wITWTB's  (8)
= const + 2wTW'TB'b

and similarly tr(BTQ) = const + ¢*'b.
The optimal solution of problem (7) is:

b= sgn(q— B/TW/w) 9)

In practice, the B-step should iterative over all the bits
with (9) for about 2 to 5 times to yield a stable B.

3. Experiments

We present quantitative evaluations in terms of several
retrieval metrics and compare STPH with unsupervised
methods: PCA-ITQ [5], IMH [16] and supervised meth-
ods: FastHash [11], CCA-ITQ [5], BRE [8], SSH [19],

aaaaaaaaaaa

Figure 1. The precision recall curve on the CIFAR-10 dataset with
regards to (a) 24 bits and (b) 36 bits.

KSH [12], semi-supervised extension of TPH [21]. To per-
form fair evaluation, we adopt two criteria commonly used
in the literature, i.e., Hamming ranking and hash lookup
performance. Specifically, four evaluation metrics are used
to measure the performance in total. In particular, for Ham-
ming ranking based evaluation, we report the retrieval pre-
cision of the top 500 returned samples, the mean of average
precision (mAP) and the precision-recall curve. And with
respect to hash lookup performance, the precision of the re-
turned samples falling within Hamming radius 2 is reported.

In our experiments, three image datasets are used, i.e.,
CIFAR-10', MNIST? and NUS-WIDE’. The CIFAR-10
dataset consists of 60K commonly seen images which
are manually categorized into 10 classes (6K samples per
class). Each image is represented with a 512 dimension
GIST [14] vector feature. The MNIST dataset consists of
ten handwritten digits ranging from ’0’ to ’9’, each with
7K 28 x 28 grayscale images. For MNIST and CIFAR-
10, following a common procedure, a query set consists of
1000 samples is sampled uniformly from the whole dataset,
and 5000 labeled images are used as both the training and
gallery set for evaluation efficiency. Neighborhood ground-
truth are defined by the correct label information from the
datasets. The NUS-WIDE dataset [3] is a set of Flickr con-
sumer images collected by NUS lab that contains around

Uhttp://www.cs.toronto.edu/ kriz/cifar.html
Zhttp://yann.lecun.com/exdb/mnist/
3http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
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Table 2. Results on the MNIST dataset with regards to different number of bits. The first two columns show the Hamming ranking results
evaluated by mAP and precision@500. The right column shows the Hamming look-up results when the Hamming radius r = 2.

mAP precision@500 precision@r=2
Method 2 24 36 2 24 36 2 24 36
CCA-ITQ 72.79 76.48 77.49 80.15 81.80 83.05 75.25 79.30 72.74
KSH 88.72 91.65 91.49 88.62 91.30 91.18 86.97 88.90 84.93
FastHash 86.24 88.71 90.21 85.57 88.87 89.53 85.24 83.99 73.50
SSH 21.46 45.45 34.32 22.82 48.76 51.76 17.69 39.58 43.47
BRE 10.11 41.16 36.78 13.70 77.40 78.80 9.84 72.64 48.64
PCA-ITQ 37.96 41.26 42.46 69.21 78.65 81.26 52.12 71.17 37.11
TPH 43.16 42.84 43.97 71.73 79.82 83.91 56.98 71.89 37.48
STPH 87.59 92.21 92.53 89.83 92.47 92.76 86.73 90.90 87.91

270,000 images associated with 81 ground truth concept
tags, with each image assigned to multiple semantic labels.
Since all the compared methods mainly focus on the tra-
ditional visual search problem, i.e., searching images with
mutually exclusive labels. Therefore, we select a subset that
belong to the 21 largest classes with each image exclusively
belonging to one of the 21 classes, which results in a sub-
set with 72,219 images. It is noted that different classes
have different number of images. The images in the dataset
are represented with 500-dim SIFT feature. For each class,
1/10 of the images are sampled as the query set and the
remaining images are used as the training and gallery set.
Since this dataset is relatively larger, the training time of
BRE and FSH will take many hours. For evaluation effi-
ciency, we only compare STPH with CCA-ITQ and some
other very efficient unsupervised methods. For parameters
in STPH, we empirically set o around le-3, v to 1 and § to
le-1. The number of anchor points for all the kernel based
methods is fixed to 1000 for fair comparison.

3.1. Results

We report detailed quantitative evaluation results with
12, 24 and 36 bits in Table1,2,3 and precision recall curve in
Figurel,2,3. It is obvious that our STPH achieves the best
results in most cases compared to all the competing meth-
ods. Since our approach takes the full label information into
consideration and employ the nonlinear kernel feature, it is
not surprising to see that our approach consistently outper-
forms the semi-supervised TPH. And because the incorpo-
ration of the topology-preserving term, our approach also
achieves better performance than supervised methods like
KSH and FastHash.

Since they take topology preserving into consideration
in their framework, TPH always achieves slightly better re-
sults than the benchmark method ITQ (or PCA-ITQ). More-
over, compared to the TPH , the proposed STPH achieves
far better results as we explicitly exploit supervisory label
information in our formulation as well as preserve the topol-
ogy structure. Among all the methods that achieves good re-
sults, KSH also learn their hash functions in a kernel embed-

Figure 2. The precision recall curve on the MNIST dataset with
regards to (a) 24 bits and (b) 36 bits.

NUSWIDE @ 24 bits NUSWIDE @ 36 bits.

Figure 3. The precision recall curve on the NUSWIDE dataset with
regards to (a) 24 bits and (b) 36 bits.

ding like us. This validates the effectiveness of the kernel
feature. Another phenomenon that is worth noting is that,
the metric precision@radius 2 often comes across a signif-
icant drop as the number of used bits increases, whereas
metrics like mAP and precision@500 consistently increase.
This is because the number of points falling in a bucket de-
crease exponentially when longer codes are used, leading to
many failed queries by not returning any neighbor even in a
Hamming ball of radius 2.

4. Conclusion

This paper has introduced a novel hashing technique
called supervised topology preserving hashing (STPH) to
learn compact binary codes for large scale visual search.
STPH aims to leverage the label information and local
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Table 3. Results on the NUSWIDE dataset with regards to different number of bits. The first two columns show the Hamming ranking
results evaluated by mAP and precision@500. The right column shows the Hamming look-up results when the Hamming radius r» = 2.

mAP precision@500 precision @r=2
Method 2 24 36 2 24 36 2 24 36
CCA-ITQ 28.88 29.45 29.91 32.40 33.82 34.37 31.17 32.10 23.25
IMH 23.67 23.78 23.89 24.39 26.26 25.50 24.32 25.10 25.53

PCA-ITQ 25.85 25.89 25.87 27.57

29.25 29.60 25.25 26.92 27.84

TPH 24.73 24.73 24.61 28.40

30.23 29.92 26.65 28.26 11.14

STPH 29.75 29.86 31.19 26.26

29.44 31.48 30.16 31.28 31.03

topology structure of datasets to learn hash functions for
better semantic neighbor search. The quantization error is
explicitly minimized as a connection to the original and
resultant hamming space. An efficient optimization pro-
cess has been developed to minimize the resultant objec-
tive function that is composed of continuous and discrete
variables. Experimental results show that STPH signifi-
cantly improves the discriminability of the previous topol-
ogy preserving hashing [2 1], and outperforms state-of-the-
art hashing methods on three visual benchmarks, demon-
strating its remarkable effectiveness for large-scale visual
retrieval tasks.
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