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Abstract: Hashing is a key technique to achieve fast nearest neighbor search in high-dimensional , massive datasets.
Among various methods, Iterative Quantization (ITQ) and Isotropic Hash (IsoHash) are probably the most popular ones
due to their high retrieval accuracy. However, as the constraints imposed on the rotation matrix are too weak , the optimization
problem in ITQ is severely under-deterministic and therefore easy to cause over-fitting. In IsoHash, the isotropic projection
matrix is updated in a manner that is completely independent of the binary hash codes,and thereby the quality of the pro-
duced hash codes may be depressed. To address these issues, this paper proposes an isotropic iterative quantization hashing
method, which extends the formulation of ITQ by incorporating properly the isotropic prior adopted in IsoHash. In our meth-
od,the hash code matrix and rotation matrix are updated alternately in an iterative fashion. Experiments are conducted on
three benchmark datasets , CIFAR-10,22K LabelMel and ANN _ GIST _ 1M. The results show that the proposed method per-

forms better than the competing methods in terms of precision,recall and mAP.
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RS UEAR SCHE B A ek e B 8 A H i L
R FE A 7B . TTQ ™™ TsoHash™'',SP™ | PCAH,
LSH"™' [SH™' SPH"™ F1 USPLH™ 5 TITQ & 33447 kb
B, BB E 5 RSO R R — 3
4.1 HIEE5TEMiRE

AR BRI G A0 28 v Al T 85 ) 2 1 3 4K
P A Nt B 4

CIFAR-10"*.60000 3k 32 x 32 /N RGB E1{4£,
R FE AR I AL 10 28, 5528 6000 5K, S5 Hh Bl B 1% B
59000 sRAE R YIZRAE A, ol T AE il A A, B A
FH 512 4 GIST $HEFEs.

22K LabelMe"™" ; iy 22019 g [ 154 1 , 556 b e K
20000 FKAE RN L, T T B A by s, 4 i 5 TR A
512 4k GIST 4H1iE K.

ANN _GIST 1M BEA £ 5R I 960 4 i GIST 4
AEFIAR ¥ 52 5 o 2 X 100K FE A/ Il 2k, 1K FEAS A
HUREW

BT R FE A A TC 2 0 B 28, A SR A AR AR 1Y
Ground truth fiH 40N PifhE L.

A REE : SR FR 2 8 A AR AR 1) FLIE 4B,
B A AR )2 BAR A5 A Ry SRR AR

QIChR% AL A6 25 8], 5 A v e A Wi =B 8 0
AT TR k% BEARIA G AR RE A AR SO b i {7
3 ANERE TR A Bl E R 0. 02,0, 015 Fi1 0. 02.

FEXTH—2& Ground truth,, SCH R Y W b 5 I R 3
MWris A BITERE. (DHash lookup : K5 2R 1% [] 5 A5 iy A A B
B/NFSET r AEAS, THE G B 9 A5 9 22 (@ Hamming
ranking : 715 A I RE A 5 B AR AS (1 15 BT IR B 0T HET
KR [ 45 2 5 H IFEAS , 15 T 9 mAP.

BEXFER 2 Ground truth , SR FH £ 1 484 4 4 1 25
(precision-recall curves,P-R) ) K 25 4 3R Fl K 2R FE AN A
1L Bl £k (recall-returned samples curves, R-N) & i £ 540 7
B IR
4.2 HRISW

(&l 3 J M Ay SR AEAS [F] i 57 Y 2 -2 20 L
P P-R T2 AN (LR Sz 2% ol vy A 030125 110 i o R B A 4
AR B, 1) UL B S e % A 5 1 mAP, i 47
B, mAP R NIE 3 R Rl LU Y, 4 1] AP kAR
AL A P-R AL B ey , W mAP (K, Bk
& NTQ HkA RV RE AR,

0.6 0.7,
—4—T1ITQ i
IT
05 Q
A\
0.4
A
=}
R AN g
Z 0.348 'z
[5) Q
£ Q £
02\

0.1

Precision

Recall
(a) P-R@]16bits

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4

0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

Recall Recall
(b) P-R@32bits

(c) P-R@64bits

€13 CIFAR-10/R[HZfd 3 | 2 iR~ 423 5% [

el 4 S R 2 A R AR A R R A AR A A 4
AT O, UTQ 3 BoA fir = i A 4. {1 5 2 A
LabelMe Byl 46 b (%) LESCH. AR SCHLAE A WA 19

FAR I 0T HAt SRk

D JEASCIE S iR 5 4 T i 7 35 174
HERR PRI (E (mAP) 78 CIFAR-10 304 J% b X He 1 52 55
45 22 2 92K hash lookup AT S A9 45 2. 5250
AL AR N 2 B 057 B3 ) B B 2 R 16. 5 SRR IR
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SCRE P B RS e AR AR T A PRl 53k X 5181 3 & 4 AR S5 IR — 2

0.8 0.9 0.9
0.7 0.8 0.8
0.6 0.7 0.7
0.6 0.6
0.5
= =05 = 05
2 0.4 54 o1
w & 04 ~ 04
03
0.3 0.3
02 0.2 0.2
0.1 0.1 0.1
0 Il Il Il Il Il Il Il Il Il Il Il Il
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

# returned samples
(a) R-N@]16bits

# returned samples
(b) R-N@32bits
4 CIFAR-10R[R)ZAS A T 28 R -G FEAR L H X L

1 CIFARAO ISER 2 ) mAP ARV BCR S A 2 R BRI T, A SCH 8 9 TTQ
| wn | ne | an | s FIKSREI 2T 0 R SO E T A SR A AL

O AT AR T JHPE. 2 9850 T 101469 TITQ
FE 8 IR 5 6 U GE SR 09 2% P , 7R
TR R,

# returned samples
(¢) R-N@64bits

Bk
1TQ 0.1625

0.1720 0. 1801 0.1821

TQ 0.1612 | 0.1692 | 0.1784 | 0.1796
= AN R
Sp 0.1568 | 0.1565 | 0.1598 | 0.1622 WE’ZIKjCXj%'I LA FIFAR 10, La‘belMi F
ISOH 0.1536 0.1611 0.1685 0.1726 ANN_GIST_ IM = AHi e RO S ik Ar 1
: : : : XL, S5 R0k N 3 3R 4, R h B O 5 IREE T
PCAH 0.1395 | 0.1365 0.1345 0.1323

WA AN R, IR PR i, A SCR K 1 I 2k
IRFTR] R B, 32 B AT H b ok IR it 1 52 20 k.
EURFEM B 2 10 2 B G B AT 19, X AE A 25 i)
A AT, B L 1ITQ 53 RE A% 18 KX MU KL % |
I

&2 CIFAR-10 JgRARE R 2 ARAD I HI 16 R E R R
ik arQ | 1ITQ SP ISOH | PCAH

R | 0.275 | 0.250 | 0.2472 | 0.2486 | 0.216

KT LR N s, R T BT ERE
ANN _GIST _IM 475280, 5@t 18 3 ~ & 6, Xk R I,
%3 CIFAR-10,LabelMe Il % . 435 B i8]

KR g CIFAR-10 22K LabelMe

St {7 16 fii 32 fi 64 i 16 fii 32 fi 64 fii

ik E3 i e Gt e gl pES Eie %k G " i
1TQ 74.0821 | 0.0242 [259.4942| 0.0293 |228.3874| 0.0598 |/ 30.7102 | 0.0096 |119.2830| 0.0127 | 66.7117 | 0.0208
ITQ 1.4517 | 0.0221 | 2.7320 | 0.0356 | 4.9357 | 0.0519 || 0.4766 | 0.0122 | 0.8384 | 0.0165 | 1.6530 | 0.0247
SP 5.2410 | 0.0233 | 6.8550 | 0.0334 | 10.0892 | 0.0546 || 1.7709 | 0.0095 | 2.3034 | 0.0135 | 3.4350 | 0.0198
ISOH 2.6208 | 0.1248 | 3.2292 | 0.1716 | 3.7284 | 0.2496 || 1.1544 | 0.0624 | 1.6068 | 0.0780 | 1.8876 | 0.1716

PCAH 0.3517 | 0.0272 | 0.3783 | 0.0306 | 0.3789 | 0.0450 || 0.1270 | 0.0100 | 0.1391 | 0.0133 | 0.1430 | 0.0185
LSH 0 0. 0336 0 0. 0355 0 0.0634 0 0.0101 0 0.0121 0 0.0204
SH 6.2972 | 0.1292 | 7.3508 | 0.3656 | 9.1792 | 1.4844 || 4.0231 | 0.0431 | 4.8718 | 0.1278 | 6.5564 | 0.5034
SPH 5.5623 | 0.2534 | 8.1594 | 0.2914 | 13.9523 | 0.3662 || 2.5780 | 0.0944 | 4.2309 | 0.1131 | 7.1750 | 0.1409

USPLH | 13.4787 | 0.0231 |27.8338 | 0.0324 | 56.3461 | 0.0554 || 11.2219 | 0.0110 | 23.1823 | 0.0143 | 46.5492 | 0.0209
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Recall Recall Recall
(a) P-R@16bits 0o (b) P-R@32bits (c) P-R@64bits
. 1
0.8}
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0.6}
= = 0.5) =
0.4f Is,ll; 0
N —
0.2+ ——LSH
——SH
0.1 ——SPH
——USPLH
% 500 1000 1500 2000 0 506 1000 1300 2000 0 500 1000 1500 2000
# returned samples # returned samples # returned samples
(d) R-N@]16bits (e) R-N@32bits (f) R-N@64bits
[¥l5 22K LabelMeAN[RIZRi% {7 FP-Rs R-NXJ L
g = S =
‘% 2 —<— USPLH -2
s 3 3
& £ &
0 L L L L 4
0 0.2 0.4 0.6 0.8 1
Recall Recall Recall
(a) P-R@]16bits (b) P-R@32bits (c) P-R@64bits
0.6 0.7 07
05l 0.6} 0.6
04l 0.5F 0.5F
= = 04} = 04
é 03¢ 1ITQ s E 1ITQ
— o~ — o~
I 03 ITQ 031 ITQ
02l P —sp —Sp
: ——ISOH 02l ——ISOH 02k ——ISOH
——PCAH ——PCAH - ——PCAH
——LSH ——LSH ——LSH
0.1 —SH 01k —SH 01k —SH
——SPH ——SPH ——SPH
0 ——USPLH 0 ——USPLH ) L USPLH]
0 2 4 6 8§ 10 A 0 2 4 6 8 10 )y 0 4 6 8 10 ),
# returned samples x10 # returned samples %10 # returned samples %10
(d) R-N@16bits (e) R-N@32bits (/) R-N@64bits

K6 ANN_GIST_IMA[RIZ&H%( FP-R. R-NXT L
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%4 ANN_GIST_1M I %k . 4 F5 B i)
B ANN _GIST _1M

VA 16 fif 32 fif 64 i
Ak Y | fS | g | g | g | SehY
1ITQ 4292 | 0.568 | 8070 695 | 13298 | 1.174
ITQ 32.61 | 0.571 | 48.60 673 | 84.959 | 1.219

SP 143.3 | 0.468 | 167.7 674 |229.58 | 0.972
ISOH 18.92 | 0.388 | 17.46 671 | 18.564 | 1.183
PCAH | 8.684 | 0.505 | 8.765 8.4356 | 0.985
LSH 0.001 | 0.492 | 0.001 678 |0.0023 | 1.154
SH 9.934 | 1.501 | 11.09 842 | 13.226 | 11.55
SPH 42.09 | 2.398 | 75.84 703 | 13.952 | 3.439
USPLH | 132.1 | 0.519 | 27.83 .686 |56.346 | 1.215

olp|w|olo|ololo|e
W
O
oo

5 #5iE

B ER AR AL G Ay (TTQ ) T fie D0 Je 4% 4 14 I e
DIEG S, LA KA [f] A G A (1soHash ) A7 2% 18 fi
/I 4 B RIS S 5 A 1) 5 T 194 TR 25 1 ) AL, 48 1
T T T 1 R kAR AR A Ay (1ITQ) . AR SCHY
I 1 T2 2R A BE 5% 1A 45 & 4% 1 [ P 29 3R,
— BRI 5 B4R A AR 25 A B g g
Jrik, UTQ BA WA &4 iy ke R M fiE. /£ CIFAR-10,
22K LabelMe #1 ANN _ GIST _ 1M 3 i 8048 )% E iy xF b
YR IIA SO L AT LU R AR i AR A
DY S SaliRTESTIN

S ik

[1] Arya S,Mount D M. Approximate nearest neighbor queries
in fixed dimensions[ A ]. Acm-Siam Symposium on Dis-
crete Algorithms [ C]. Society for Industrial and Applied
Mathematics,1996. 271 - 280.

[2] Gionis A ,Indyk P, Motwani R. Similarity search in high di-
mensions via Hashing [ A ]. International Conference on
Very Large Data Bases[ C ]. Morgan Kaufmann Publishers
Inc,2000. 518 —529.

[3] Weiss Y, Torralba A, Fergus R. Spectral Hashing[ A ]. Ad-
vances in Neural Information Processing Systems [ C ].
MIT,2009. 1753 - 1760.

[4] Kulis B, Darrell T. Learning to Hash with binary recon-
structive embeddings| A ]. Advances in Neural Information
Processing Systems[ C]. MIT,2009. 1042 - 1050.

[5] Kulis B, Jain P, Grauman K. Fast similarity search for
learned metrics[ J|. IEEE Transactions on Pattern Analysis
and Machine Intelligence,2009,31(12) :2143 —-2157.

[6] Weiss Y, Fergus R, Torralba A. Multidimensional spectral
Hashing[ A ]. Computer Vision-ECCV 2012 [ C]. Berlin,
Heidelberg : Springer,2012. 340 —353.

[7] Andoni A, Indyk P. Near-optimal Hashing algorithms for

approximate nearest neighbor in high dimensions|[ A ].47th
Annual IEEE Symposium on Foundations of Computer Sci-
ence[ C]. IEEE,2006. 459 — 468.

[8] Norouzi M, Blei D M. Minimal loss Hashing for compact
binary codes [ A ]. Proceedings of the 28th International
Conference on Machine Learning [ C]. ACM, 2011. 353
-360.

[9] Xu H,Wang J,Li Z,et al. Complementary Hashing for ap-
proximate nearest neighbor search[ A ]. 2011 International
Conference on Computer Vision [ C ]. IEEE, 2011. 1631
—-1638.

[10] Chang S F. Supervised Hashing with kernels [ A ]. IEEE
Conference on Computer Vision and Pattern Recognition
[C]. IEEE,2012.2074 —2081.

[11] Liu W, Wang J, Kumar S, et al. Hashing with Graphs
[ A]. Proceedings of the 28th International Conference on
Machine Learning[ C]. ACM,2011.1 -8.

[12] Gong Y,Lazebnik S. Iterative quantization; A procrustean
approach to learning binary codes[ A]. IEEE Conference
on Computer Vision and Pattern Recognition[ C]. IEEE,
2011. 817 —824.

[13] Gong Y, Lazebnik S, Gordo A, et al. Iterative quantiza-
tion: A procrustean approach to learning binary codes for
large-scale image retrieval[ J]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 2013,35(12):
2916 —2929.

[14] Heo J P,Lee Y,He J,et al. Spherical Hashing[ A ]. IEEE
Conference on Computer Vision and Pattern Recognition
[C]. IEEE,2012.2957 —2964.

[15] He K, Wen F, Sun J. K-means Hashing: An affinity-pre-
serving quantization method for learning binary compact
codes[ A]. IEEE Conference on Computer Vision and
Pattern Recognition[ C]. IEEE,2013.2938 —2945.

[16] Broder A Z, Charikar M, Frieze A M, et al. Min-wise in-
dependent permutations[ J]. Journal of Computer and Sys-
tem Sciences,2000,60(3) :630 —659.

[17] Raginsky M, Lazebnik S. Locality-sensitive binary codes
from shift-invariant kernels[ C]. Advances in Neural In-
formation Processing Systems [ C ]. MIT, 2009. 1509
—-1517.

[18] Datar M, Immorlica N, Indyk P, et al. Locality-sensitive
Hashing scheme based on P-stable distributions[ A ]. Pro-
ceedings of the Twentieth Annual Symposium on Compu-
tational Geometry[ C]. ACM,2004. 253 -262.

[19] Kulis B, Grauman K. Kernelized locality-sensitive Has-
hing for scalable image search[ A ]. IEEE 12th Interna-
tional Conference on Computer Vision[ C]. IEEE,2009.
2130 -2137.

[20] Shen F,Shen C,Liu W et al. Supervised discrete Hashing



1714 B *

¥ W 2017 4

[ A]. IEEE Conference on Computer Vision and Pattern
Recognition[ C]. IEEE,2015. 37 —45.

[21] Kong W,Li W J. Isotropic Hashing [ A ]. Advances in
Neural Information Processing Systems[ C]. MIT,2012.
1646 - 1654.

[22] Xia Y,He K, Kohli P,et al. Sparse projections for high-
dimensional binary codes[ A]. IEEE Conference on Com-
puter Vision and Pattern Recognition [ C]. IEEE, 2015.
3332 -3339.

[23] Attouch H, Bolte J. On the convergence of the proximal
algorithm for non-smooth functions involving analytic fea-
tures[ J ] . Mathematical Programming,2009,116(1 -2) .
5 -16.

[24] Hochba D S. Approximation algorithms for NP-Hard

problems[ J]. ACM SIGACT News, 1997,28 (2):40
-52.

[25] Chu M T. Constructing a Hermitian matrix from its diago-
nal entries and eigenvalues [ J ]. Siam Journal on Matrix
Analysis & Applications,1995,16(1) ;207 -217.

[26] Gower J C, Dijksterhuis G B. Procrustes problems [ J].
Oxford Statistical Science,2004,168(2) :233.

[27] Wang J,Kumar S,Chang S F. Sequential projection learn-
ing for Hashing with compact codes[ A ]. Proceedings of
27th International Conference on Machine Learning[ C].
ACM,2010. 1127 - 1134.

[28] Krizhevsky A,Hinton G. Learning Multiple Layers of Fea-
tures from Tiny Images[ R]. University of Toronto,2009.

[29] Torralba A ,Fergus R, Weiss Y. Small codes and large im-
age databases for recognition [ A ]. IEEE Conference on
Computer Vision and Pattern Recognition [ C ]. IEEE,
2008.1 -8.

[30] Yuan Y,Lu X,Li X. Learning Hash functions using sparse
reconstruction [ A ]. Proceedings of International Confer-
ence on Internet Multimedia Computing and Service[ C].
ACM,2014. 14.

EE BT

F sk J,1990 411 H A TR AR
N H AR B TR R 2 0 L e A AR B2, Wh 507
fi] AU 5 (R AL B

E-mail ; laili@ nuist. edu. cn

XUSehl 55,1982 4F 5 H i A, 1 HE HR B
N AU B R R 2 U B A =0, BT Y
J7 1 AR R A B R A A

E-mail ; gcliu@ nuist. edu. cn

MEFE 1983 4F 10 A WA TIRER A, B AEE LR
SFRIEER B AR I, 55 ) A v G [ AR b 2L

E-mail ; sunyub@ nuist. edu. cn

XE WL 1975 44 A LZRAE A, B aE B LR
PR LA R, BRSO 1 R S MU B

E-mail ; gsliu@ nuist. edu. cn



