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. . . We are given a similarity S;; = sim(z;,x,) over objects X = {x1,...,2,} e Use [(z) = ¢p(x) in some (typically parametric) family ¢ € F
Hash function [ : X — {£1}" that preserves a given 1 want b (1 ot | . 4
- e b b and want mapping [ : X = {£1}" s.t. — E.g. op(x) =sign(Fzx), F € R¥X f(X)___>A
o - ~
S1ITI a’rlty relation between o JeCtS' Vij Sij = [d(f (), f(xj)) <0 — Could be more complex, e.g. multi-layer network, kernel-based, etc. S
mapping f(-) can be specified by u; = f(z;) e Why restrict f = Qp € F?
[dhammin (f(ﬂf) f(x/>) < 6] ~ Slm(x 'CC/) e What is shortest ossilile bit length k7 /
& ’ ’ P SLIL ! — (Generalization: learn /' using objects z1,...,%,, then receive new
w1, ..., u, € {:I:l}k, O cR Vi Si;j = |d(u;,u;) <0 objects = as queries
e What is shortest bit length k if we allow asymmetry? i g(z;) — Compactness of representation
Uty ey Up, V1o y Up € {il}ka ZESHIN \V/ij Sij = [d(ui, Uj) < 9] e Asymmetric extension
, ~ 14 9 v" No need to generalize: only used on database objects |
Formulation as Matrix Factorization Slm(xi’ xj) ™ [ (¢F (:IZZ), e (CEZ)) < ] v Stored in database hash, no need for compactness
Symmetric Asymmetric .. : : v’ Can use arbitrary mapping g(x;) = v;
mink st sign(UTU —0) = S mink st sign(UTV —6) = S — Learn params /', G from training data (=pairs of database objects) L )
kxn kxn — Hash queries usin
Image Database Vel UV el h 8 Or e Learn parametric ¢ » and arbitrary vectors vq,...,v, suchthatonz,...,z,
— Hash database objects using ¢
(Database of hashed )
(P image patches) LT W N TRVE T T R S RV G T Optimization f(z) = sign(Fz) sim(z;, xj) = |d(¢r(2;),v5) < 0]
Local search in highly non-convex problem with many discontinuities. g(z) = sign(Gx)
01101 001 110 TheOI‘emZ FOI‘ a,Ily T, there GXiStS d Set Of pOintS in Main observation: Optimizing a single row of ' entails solving Alternating updates: e For query &, use d(¢F (ZU),UJ) to approx1mate Slm(QZ,ZCj) €.8. find U 11

* Fix " and update rows of ¢ database with small d(¢p(z),v,)

a single weighted binary classification problem. e Fix G and update rows of

Fuclidean space, such that for the similarity
S(wi,x5) = [||los — ;],< 1]

using symmetric binary hash, we need & > 2" bits,

using asymmetric binary hash, we need £ < 27 bits . 1 — - _
.. . . I LabelMe LabelMe (16 bits) .- Label b
. 4ot L 1
to exactly capture the similarity relation. Asymmetric o - _ Semantic LabelMe (64bits)
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Even if sim(z,2") is symmetric and “well behaved”, ). wl LineLin e oo N A T Recall
. . . . 2 s 5 5. (MILH) T
we can gain by using two different hash functions: —— Symmetic . o Norouzi et al . . 1 — o
10 Asymmetric ~ — _ ’ as} a5} MNIST(16bits)| | | _~— .-=
ol ' ol —— Asymmetre ICML 2011] - “I Peekaboom - Nursery oaf ( )] _osr S 2
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e Use f(z) to hash each query i S | N . e < s | S
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° o Average Precision Average Precision Kernel-based g 25} g 8
e Use ¢g(z) to hash objects in database Proof sketch (KSH) = i g o Semantic LabelMe (64bits)-
n -1 .- -1 1 1 - 17 Symmetric: [Liu et al. o ol ] [a) oz
/ - . / -1 n - =1 1 1 - 1 o letY' =UTU CVPR 2012] stk ] st 500 1000 1500 2000 2500 30'ch 3500 4000 4500 5000
[dhamming (f (33) , (ZE ) ) < (9] ~ S1IN (.CE‘, L ) 1 S o Y7 € [hoshy] and thus 0 € [y + 1,y — 1 L L A A A N Number Retrieved
n n o —L - = o Letqg=11,..., 1,-1,..., —1]
. . . . e We have:
_1 ]_ 1 —1 —]_ ’n,_ qu—rqu —da a a a “er
[Dong et al. SIGIR 08] and [Gordo et al. CVPR 11] also discuss “asymmetric hashing”, in that real-valued Asymmetric: n ab‘ e e
queries are compared to binary hashes in database. They use: : : = Y+ Z Vi~ Z n
o {.erihf Esbin{;T}Z I(I;Et;ﬁ;vgilg:f)column vectors are vertices i—1 i,§:Si;=—1 ’ §,§:Ss;=1,i7] [Norouzi et al. ICML 2011] M. Norouzi and D. J. Fleet. Minimal loss hashing for compact binary codes. ICML, 2011. R hes Ca e ‘
X =R . ) - 1 - i - Z 0 1) Z [Liu et al. CVPR 2012] W. Liu, R. Ji J. Wang, Y.-G. Jiang, and S.-F. Chang. Supervised hashing with kernels. CVPR, 2012 tr‘c has ® t ‘ength °
= Si Let tri tries in t t o < s —-1)— -
g(z) = sign(f(z)) . afe ( anz iﬁerrzgﬁ?ng}éﬁﬂzzeaig il;:s in the first 2 columns 2t 2 s s [Gordo et al. CVPR 11] A. Gordo and F. Perronnin. Asymmetric distances for binary embeddings. CVPR, 2011. Asv mme . h rter b‘
That is, the two n.ﬂappings differ only in their precision. Here, we propose using two entirely different B B = nks + (0.5n% —n)(0 — 1) — 0.502(0 + 1) [Dong et al. SIGIR 08] W. Dong and M. Charikar. Asymmetric distance estimation with sketches for similarity search -t \A’ ‘th S o
binary hash functions. o IfU = [C]7 V= [—C’] and § = —1, then S = sign(U'V — 0) < 2nk, — n? in high- dimensional spaces. SIGIR, 2008. rOX.‘ma ‘ ‘on




