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p-stable LSH

Stable Distribution: A distribution D over R is called p-stable, if
there exists p > 0 such that for any n real numbers v; ... v, and
1.1.d. variables X ... X, with distribution D, the random variable

> . v; X; has the same distribution as the variable (3 _, |v;|*) /rx.
where X 1s a random variable with distribution D.
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Given a giant data vector collection S of size N, where S ¢ R? and a given query point
g € RP. We are interested in searching for p € S which maximizes (or approximately

maximizes) the inner product ¢ p.

p=argmax ¢ x
resS

The MIPS problem is related to near neighbor search (NNS), which instead requires computing

p = argmin || — 2([3 = arg min(||z([3 - 2¢" x)
TeS reS

Recommender systems

Large-scale object detection with DPM (Deformable Part Model )

Multi-class (and/or multi-label) prediction
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The models for multi-class SVM (or logistic regression) learn a weight vector w; for
each of the class label i.

T
Ytest = algGIaX  Lypqop Wi
1€l
Theorem 1 There cannot exist any LSH family for MIPS.
Sim(z,x) = x"x = |||}3 Sim(z,y) =y'z > |lz|53+C

{h(x) =n(x)} {h(z) = h(y)} Sim(z,y) > Sim(z,x)
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|zillo < U < 1 S(x) = 77 T M = max,esl||xillo; 4K
P:RP - RDP+m Q: RD ., RD+m
2 4 o
P(x) =[x ]|z]l5: [|2]l5: 2 []2]]5 ] Q(x) = [2;1/2;1/2;...51/2]

1 m
T T 2 4 2
Q)" P(xi) = q xi+ S (llailla + llzillz + ... + lillz )

2 2 4 2™
1P (@i)lla = [lzillz + [lwdlla + ..+ [l

1Q(q) = P(a)|I? = (1 +m/4) = 2T s + g 27 arg max q'x~arg min [|Q(q) - P(z)]l2
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wha!|, ¥ o gé X }

Min-Product: Active Learning SVM and Maximum Margin Clustering

N

l 7 T -
min —w w4+ C E i s.t. yi(w xi+b) >1—§&;, Vi,
velt ¥ b g0 2 T . y(wie b)) 216, ¥

i=1

Max-Product: Sparse Optimization and Gaussian Process Regression

Maximal absolute correlation greedy selection:

(Lasso) : min ||z — Da|* + \|a;.
¥

(OMP) : min ||z — Dal?, s.t. ||alo < k.

(GPR) : min %&T (K + UEI) a—yla.
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STEP-1: RANDOM PROJECTION

oo ... [ ] XK

£ - : :

E : :

S T ... IEE Feature Vector

e« Size:n x d Length: d
Length: n Bi-Value Hash Code

( L7, 23 )
/ \

Min Index  Max Index

STEP-3: RECORD EXTREME
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Proposition 2. For any pair of normalized vectors (i1, x2). the collision proba-

bility Plh(xy) = h(xq)] depends only on their inner product: P[h(xy) = h(xzq)] =
g(afxg). The function g(p) is symmetric about p = 0, and monotonically in-

creasing on (0,1).
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Figure 2: A visual representation of a neural net-
work using randomized hashing (1) Build the hash
tables by hashing the weights of each hidden layer
(one time operation) (2) Hash the layer’s input using
the layer’s randomized hash function (3) Query the
layer’s hash table(s) for the active set AS (4) Only
perform forward and back-propagation on the neu-
rons in the active set. The solid-colored neurons in
the hidden layer are the active neurons. (5) Update
the AS weights and the hash tables by rehashing the
updated weights to new hash locations.

Algorithm 1 Deep Learning with Randomized Hashing

// HF; - Layer [ Hash Funection
// HT; - Layer | Hash Tables
// AS; - Layer [ Active Set
0Y4s € Whg, blys - Layer I Active Set parameters
Randomly initialize parameters W', b’ for each layer [
HF; = constructHashFunction(k, L)
HT; = constructHashTable(W", HF;)
while not stopping criteria do
for each training epoch do
// Forward Propagation
for layer [=1... N do
fingerprint; = HFi(ai)
AS; = collectActiveSet(HT;, fingerprint;)
for each node 7 in AS; do
™t = (Wil + b))
end for
end for
// Backpropagation
for layer [=1... N do
AJ(#s) = computeGradient(6'y s, ASi)
0y g = updateParameters(ﬁh g, AJ(Bas))
end for

for each Layer [ -> updateHashTables(HF;, HT;, HE)

end for
end while
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