Deep Learning to Hash with Multiple Representations
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Abstract—Hashing seeks an embedding of high-dimensional used to generate binary codes. The performance of LSH is
objects into a similarity-preserving low-dimensional Hanming  not satisfactory when short binary codes are used [6]. Data-
space such that similar objects are indexed by binary codes dependent hashing methods learn binary codes from a set

with small Hamming distances. A variety of hashing methods f data t tlv index th L ina hash functi
have been developed, but most of them resort to a single view Or data to compactly inaex them. Learning hash tunctions

(representation) of data. However, objects are often desibed ~ €an be done in unsupervised [7], supervised [8], or semi-
by multiple representations. For instance, images are degbed supervised [9], [10] manner. Notable data-dependent hgshi
by a few different visual descriptors (such as SIFT, GIST, ad ~ methods include: (1) spectral hashing [7] where a subset
HOG), so itis desirable to incorporate multiple representdions o gigenvectors of the Laplacian of the similarity graph is
into hashing, leading to multi-view hashing In this paper we . . ) . .
present a deep network for multi-view hashing, referred to & rounded to _determlne binary codes; (2) semantic hashlpg [8]
deep multi-view hashingwhere each layer of hidden nodes is Where multi-layer networks are used to learn a non-linear
composed ofview-specificand sharedhidden nodes, in order to  mapping between input data and binary code bits.
learn individual and shared hidden spaces from multiple vievs Most of existing data-dependent hashing methods exploit
of data. Numerical experiments on image datasets demonst& )y single representation of objects to learn hash funstio
the useful behavior of our deep multi-view hashing (DMVH), ) . : .
compared to recently-proposed multi-modal deep network as referred to assingle-view hashing I.n practu_:e, howevgr,
well as existing shallow models of hashing. images are often represented by different visual desespto
such as GIST [3], HOG [4], SIFT [2], and so on. These
visual descriptors have their own characteristics andccoul
be complementary to each other’s strength and weakness.
Thus, it is desirable to incorporate these heterogenouslis
descriptors into learning hash functions, leadingmalti-
Similarity search is a core problem in various areas suclview hashing Recently spectral hashing was extended to
as machine learning, information retrieval, and data nginin multi-view hashing where a linear sum of view-specific
to name a few. For example, content-based image retrievaimilarity matrices [11] was exploited. This is limited to a
(CBIR) takes an image as a query and returns its neareshallow model and considers linear hash functions followed
neighbors, computing similarity between visual descripto by quantization to determine binary codes.
(features) of the query and of images in database. A naive In this paper we present a deep network with a set of view-
solution to nearest neighbor search is linear scan, but thispecific hidden nodes and a set of shared hidden nodes, that
approach is not scalable in practical applications. Approxyields binary codes at its top layer nodes. There has been
imate nearest neighbor search such as tree-based methodszent work on deep networks to handle multi-modal data
is successful for low-dimensional data, but its perfornganc [12] or designed for multi-view learning [13]. However, to
is not satisfactory for high-dimensional data and does nobur best knowledge, deep learning has not been exploited for
guarantee faster search compared to linear scan [1]. Moshulti-view hashing yet. This paper presents the first work
of visual descriptors, such as SIFT [2], GIST [3], and HOG on multi-view hashing using deep networks.

[4], constitute high-dimensional vectors, so tree-bagets
partition approach is not preferred in CBIR applications.
Hashing refers to methods for embedding high- We briefly review spectral hashing [7] and its multi-
dimensional data into a low-dimensional Hamming space//€w extension [11] Suppose that we are given a set of

such that similar objects are indexed by binary codes withV instances withk different views, {z{", ... z{"}N .
small Hamming distances. Hashing can be categorized intethere :c( ) € RP» correspond to VIsual descriptors.
data-independent and data-dependent methods. A notablden, the view-specific data matrix is defined Xé’“)
data-independent method is locality sensitive hashinddjLS [:cgk),...,:cg\]f)] € RPN We denote by yz €
[1], [5] where random projections followed by rounding are {—1,+1}* a binary code of length\/ associated with
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ccl(k). Then the binary code matrix is given by and deep networks [13], but to our best knowledge it was

W™ ..y € RMXN. For single view hashing, the not exploited for hashing yet.
binary code matrix is represented By (without the su-
perscript) and for multi-view hashing an integrated binary (© v
code matrix is denoted by * {y: 3y, € RMxN [
which is expected to capture the average similarities betwe V(l)oo Voovm
instances across views. () | p®2 h? h®:2

Spectral hashing [7] determines similarity-preserving [O-"O] [OO"‘OO] [O"‘O]
compact binary codes by enforcing the average Hamming W gwz = 02 W
distance between similar neighbors to be minimized, and @
also requiring the codes of length/ to be uncorrelated [O'"O] [OO'"OO] [O"'O]
and balanced. Thus, spectral hashing involves the follgwin h(D1 i e
optimization: Wm\ o U@ /W<z>.1

N N @000 (0000
argmin Y > S jlly, — ;3 < <0
Y i1 j=1
subjectto Y € {—1,+1}M*N, Figure 1. Graphical model for 4-layer DMVH.

1
Y1y =0, NYYT =TIy, (1)

where S; ; is the similarity between instances andx;, A Model

|ly;ll2 is the Euclidean norm of binary code vectgr,

I, € RMXM denotes the identity matrix, aridy € RY is The 4-layer DMVH model is shown in Fig. 1, where: (a)
the vector of all ones. The problem is relaxed by discardingrhe bottom layer represents the visible noa€s andz(?
binary constrainty, € {+1, —1}*, so that rounding a sub- with two different V|ews both of which are connected to
set of eigenvectors of the graph Laplacian of the similaritythe shared hidden nodds and each of which is connected

graph leads to binary codes for spectral hashing. correspondingriew-specific hidden nodes ! and h(?)!
CHMIS-AW [11] takes a linear sum of view-specific in the first hidden layer; (b) In the second hidden layer, the
similarities S7; = >, Sij, which is plugged into the shared hidden nodds also further capture the common

spectral hashing framework (1). For out-of-sample extencharacteristics across hidden nodes in the first layer aamd th
sion in CHMIS-AW, binary codes of unseen examplesview-specific hidden nodes*? andh(®*? are connected
are determined by a convex combination of linear hasho corresponding hidden nodes in the first hidden layer; (c)
functions, i.e. Zk: Brw BT ik with Zk 1B = 1. The hidden nodeg* in the top layer, which are connected
Embedding matriceW(“ and mixing coefficientss, are  to all the hidden nodes in the second hidden layer, represent
estimated by solving a regularized regression problgfh. the integrated binary code associated waith) andx(?).
and{W(’“), Bk}, are determined in an alternative fashion. In order to handle both continuous and discrete variables,
we choose the independent marginal distributions for igsib
[1l. DEEPMULTI-VIEW HASHING nodesz®, view-specific hidden node&®), and shared

In this section we present the main contributiateep hidden noded, from the exponential family, as in [18]:

multi-view hashing(DMVH), as shown in Fig. 1, which

k k k k
has a few unique features that highlight advantages: (1§(m(k)) = HGXP{Zfz-(,a)fi(,a)(wg )) - ({ ( )})}
Existing methods for multi-view hashing are limited to i ’
shallow models, while DMVH is expected to benefit from p(R®) = HeXP{Z )\§kb) J(’?(h(k)) BJ(’“)({,\;?})},
deep architecture; (2) Semantic hashing [8] builds a deep ; ;
belief network for hashing, but it is limited to single view, = - _ = — o~
while DMVH is able to manage multiple views; (3) DMVH p(h) = HGXP{Z 2569, B Bj({/\j’b})}’

consists of shared hidden nodes as well as view-specific
hidden nodes to capture both shared and view-specific (k) (k)Y ~ (k)
characteristics, while most of existing multi-view leargi  Where{&; .}, {A; }, {};»} are natural parametergf }
methods, including canonical correlation analysis [14d an {gj(b} {gj b} are sufficient statistics, an{iA(k)} {B }

dual wing harmonium (DWH) [15], assume that all views are{B;} are log-partition functions. We illustrate random fields
completely correlated, which are captured by shared hiddeto describe each inter-layer model, denoted by (a), (b), (c)
nodes. Similar idea was used in shallow models [16], [17]in Fig. 1, which are used to compute log-likelihoods.



1) Model (a): We assume Bernoulli distributions over 2) Model (b): DMVH improves the limited representa-

hidden nodes: tion power of 'Model (a)’ by stacking an additional hidden
layer on it. The second hidden layer is also composed of
p(k D) (k),1 (k)1 —
p(h s HBern(h lo a(A;7) shared hidden nodeB” and view-specific hidden nodes

h*)-2 which are connected to hidden nodes in the first
— Hexp{)\gk)’lhg-k)’l —log (1 —|—exp{)\§-k)’1})}, hidden layer, in order to form higher-level representation
j (see (Fig. 1-(b)).

—1, 1 Assuming Bernoulli distributions for all visible and hid-
= H Bern(h; |o(};)) den nodes, the joint distribution is given by
j
_ o 3 p({h1) R (02}, R
=[Iex {’\jh-j ~log (1 +exp {/\J})} ’ (k)17 (k)1 7! (k)2 (F).2
p x eXp{Z)\Z- ! +Z)\ihi+2)\j h

whereo(+) is the Ioglstlc functlon and the natural parameters i Z )\2h2 n Z W2, (R).1p (k) 2 Z U(k) 2RI

AP = {/\7b "} and )\ = {/\Jb} become log-odds. P Py’

Sufficient statistics are given blyg.k) 1= {gj(-i) 1(h§.k) 1)} T Zﬁfﬁi J}

and E; = {?;,b(ﬁi)}- For visible nodes, we use Gaussian i

distributions with unit variance for real-valued desaoijst We can repeatedly stack this structure in the middle of

and Bernoulli distributions for binary'Valued descri[ﬂ‘.or DMVH to build a desired number of |ayer5_ For examp|e,
stacking twice gives us 5-layer DMVH and omitting this

(k) (k) ; .
pla®) = IL Bem((]f)i (|Ig(5i )), for binary, structure results in 3-layer DMVH.
[LN@; 1671, for real-valued. 3) Model (c): The top two layers in DMVH combine
high-level representatiorf 2, ..., L2 BV into a set

Gaussian distributionV'(=!*) |£{*),1) is specified by two o integrated hash codeg (Fig. 1-(c)). Since hash codes are
pairs of natural parameters and sufficient statistics, and Bjnary, the output nodg; (which is also hidden) is assumed

log-partition function: to follow Bernoulli distribution with mean (¢);):
(€8 = e, -1/27, {0} = 2V, @A, py*) = J[Bermy: o))
AP = (&) +1og2m) /2. d

With these marginal distributions, we couple visible andThen. the joint distribution ovet(h"2}, R, y*) is given
hidden variables in the log- -domain by introducing quadrati by
interaction terms, leading to the following random filed:

k), 2 *

({ (k)} {h(k) 1 El) p({h( )2}’h y)

T (k),2 %

~ exp{z §(k)f(k) Fk) n Z)‘lhl . Z)\(k) Ap )1 x exp{ > A 4 Z/\ ; + Z¢.7y,7

k,i,a

+3 VR L ST, hy}

4 Z WL 8 (30 <k)1Jr Z Uf?f ®) ¢ ‘“)h,}. kZ” Z J1 T

k,i,a,j k,i,a,7

All these three models together constitute the 4-layer
Since the model is a bipartite graph, between-layer conpmvH model. Our DMVH model is different from existing
ditional distributions are represented as products of d'smulu _view deep networks [12], [13] in many aspects. While
tributions of individual nodes, leading to the conditional
distributions given by existing models learn high-level features separately &zhe
view and fuse them in the top layer, DMVH learns view-
pa® {p ™1} R ocexp{z X ) () _Agw({ggfjg})}, specific and shared representations across views in every
layers to capture the partial correlations in multi-viewada

p(h{ ™} R o exp{ XA - BN (P

- B. Training
p(R|{x®}, {R*)1}) exp{)\ h{Ft _Bj ({X;})}. ©) Training procedure of DMVH is similar to those of other
deep networks. We first pre-train each layer in a greedy,
) (k) (k),1 (k) (k)17 layer-by-layer approach. We start by training parameters f
where &/ = + 2 Wz a,j + 2 Uiajh the bottom two layers, then fix the learned parameters. Then
T(k),1 (k)1 w1 (k) (k) . we repeat the process for the higher two layers, until we
Aj =N+ Z Wiai fia (@), and)\- =%+ reach the top layer. We train each two layers of DMVH by

D ik Ul.(’fl)J fl(a)( 1(.'“)) are shifted parameters. maximizing their expected log-likelihood derived from the



joint distribution. For example, the expected log-likeldd  objective function of nonlinear neighborhood component

of the bottom two layers of DMVH is as below: analysis (NCA) [20] with backpropagation algorithm:
£ = (logp({=™}))+ exp(—d(y;,y}))
. Lnca= Z Dij = Z d e
= <10g 2 poon, mr PUE RS R )> 7 ij€c: e, 2oz XP(= Ayl y)
, +

. . o .. Nonlinear NCA maximizes the probability; ; that hash
where(-), is expectation over data distribution. Derivation P Vis

o . X o codesy; and y? with the same clas¥; are close to
of likelihood of other layers is done in a similar way. AT L : :
As exact calculation of the gradients af requires each other. This objective function is suitable for supszdi

summation or integration over the model distribution hashing as it maps hash codes of instances with same labels

({1, {h(k%l}’ﬁl)’ we need to do some approximation. © have small Hamming distances.
Contrastive divergence [19] learning approximates model
distribution by initializing visible nodes with data distr V. EXPERIMENTS
bution, and then alternatively sampling from conditional In this section, we performed image retrieval with hash
distributions of visible and hidden nodes derived in (2)eTh ¢odes learned by various hashing methods to investigate
gradient ofC over the parameters of bottom two layers of "\ \sefuiness of DMVH. Caltech-256 and NUS-WIDE-
DMVH is as follows: . ' .

o 5 (o1’ (0.1 (B (o1’ (0.1 Lite dataset were used for our experiments. Caltech-256
oL/ow )l = (£ BIT (N )L — (BT )L, [21] has 30,607 images with 256 classes. We extracted
- HoG [4] and GIST [3] descriptors from the dataset. 1000

(k)1 _ el v QF=-1w

35/3U1-,?;€j) = <fz~(,:)By (Ay)zlj) i Bi (0))- samples were used as test querys, and the remaining were

OL)OE s = (fia)+ = (fia)— used for training. When building deep models for hashing
aL/oAt = (B Rty (BRI (X1 this dataset, Gaussian distribution was assumed for both

X ey HOG and GIST descriptors. NUS-WIDE-Lite [22] contains

OL/0A; = (B; (M))+ = (B; (A))-, 27,807+27,808 (training+test) images with tag annotation
where (-)_ is expectation over (approximated) model and 6 image descriptors. We used 5 of 6 image Qescriptors

distribution, fi(.lfz) stands for fi(,]fz (%(-k)), and BJ(_k),l’ _ (excluding bag of visual words) and tag annotations. The

()1 ()1 Y ) o dataset also consists of 81 different 'concepts’, and these
OB;"[ON;"" andB; = 0B;/0A; are derivatives of log-  gre ysed as labels for NCA fine-tuning. Gaussian distribu-

partition functions over parameters. o tion was assumed for 5 image descriptors, and Bernoulli
We also add additional penalty terms to the log-likelihoodgjstribution was chosen for tag annotations.

separate shared and view-specific features and enforcgespar e compared existing deep networks including model
hidden node activation. First, an orthogonalization term,, multi-modal deep learning (MMDL) and DWH with
ensures that shared and view-specific hidden nodes do ngfvvH. We trained every model with layer-wise greedy
contain similar features. We use a pairwise sum Of)‘ios'n%re-training followed by fine-tuning with NCA objective
distances between columns of view-specific featd#es’- function (3). We pre-defined the number of nodes in DMVHs

k),1. . .
and shared featurdg*): used in experiments. In 4-layer DMVHs, the second layer
) w1 T (M- had 512+64 (shared+view-specific) hidden nodes. The third
Loy = Z(k)l—J(k)l layer had 256+32 nodes. Then the top layer had node
i llwi [l with the same number of hash code length. In 3-layer

In addition, we enforce sparse activation of hidden nodes byPMVHSs, the middle layer had 512+64 nodes. For a fair
setting their activation ratp to a low value for numerical Ccomparison, we made sure that MMDL had similar number
stability. For the output nodes, we set the activation rate t Of parameters by assigning more hidden nodes for MMDL

0.5 make sure each hash bit bisects the whole dataset; than DMVH. All deep models were trained with the same
training parametets

k k),1
‘Cgpzzrsity =>(p— ]E[h§ P {®y])2, We also compared DMVH with CHMIS-AW, a shallow,
=Y (p— E[E; [{z(®)}])2, multi-vi_ew hashing me_'thod based on spectral decomposition
/ We trained all hashing methods for hash code lengths
By summing the expected likelihood, weight orthogonaliza-{g 16, 32, 64, 128}.

tion terms and sparsity penalty, we get the final objective After training the models, we retrieved images from the

Esparsity

function for pre-training. training set whose hash code was within a hamming distance
L —r_ ( ﬁ(k) + ﬂﬁ(k) ) — ﬂZ ) ) . . .
DMVH — ALorth sparsity sparsity IModels were trained for 50 epochs with batch size 100. Legrnate
k were set to 0.1, with momentum of 0.9. The parameters foogahaliza-

Traini ther | is d . imil Aft tion penaltya and sparsity ternB were set tooo = 0.0001 and 5 = 0.1.
raining otner layers Is done in a similar way. er Preé- cor numerical stability, we set learning rate to 0.001 fa&-frining bottom

training each layers of DMVH, we fine-tune DMVH using layers of deep networks.
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Figure 2. Average precision (hamming radius=2) and areamuptecision-recall curve (AU-PRC) measured for hashingrithms including DMVH,
MMDL, DWH, and CHMIS-AW on Caltech-256 and NUS-WIDE-Lite @aets.

2 from the hash code of the query from test set. We increased
the hamming distance boundary until we get more than 100 2 =l
retrieved samples. After that, we calculated the precision A ’“‘“MW
by using labels as ground truth. The area under precision- ;
recall curve was also computed for each hash code length.
To increase the recall level, we increased hamming distance
boundary used for retrieval.

On Caltech-256 dataset, DMVH models achieved the
highest precision on every size of hash codes, followed
by single-view deep network which uses more connec-
tion weights than it. DMVH scored the largest area un-
der precision-recall curve also. DMVH also outperformed
spectral hashing-based shallow multi-view hashing models
while still outperforming multimodal deep learning model.
In both datasets, 4-layer DMVH gave better result than 3-
layer model, empirically showing that the model is benefited
from the advantage of using deep architecture for multivwie Figure 3. Qualitative comparison of 4-layer DMVH and 2-laVH on

hashing. In contrast, adding more layer gave worse result ofialtech-256 dataset. For 5 query images (leftmost colume)setrieved
MMDL model (Fig 2 3) 10 images using DMVH (upper rows) and DWH (lower rows). Refed
T images with the same label as the quary images were markéd redt

border.

V. CONCLUSIONS

In this paper, we have proposed a deep network model for
learning hash functions from partially correlated muigw  generate a set of hash functions that effectively represent
data. Each layer of the proposed model separates correlattiie partial correlation of multi-view inputs. By analyzing
and uncorrelated information, and propagates the higheeconnection weights and hash codes learned from real-world
level shared representation generated by aggregating itiage datasets, we have demonstrated that our model is
inputs as well as the view-specific, uncorrelated infororati capable of separating correlated and uncorrelated informa
to upper layers. Then the model combines its outputs tdion on real-world datasets, and generates more semawtical



meaningful hash codes than shallow ones. Moreover, out1] D. Zhang, F. Wang, and L. Si, “Composite hashing with

model has shown beneficial over the existing deep models

and multi-view hashing algorithms based on spectral hgshin
on image retrieval experiments on image datasets with

multiple descriptors.
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