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Abstract—Weighted Minwise Hashing (WMH) efficiently es-
timates Generalized Jaccard Similarity between weighted sets
using rejection sampling, but requires query-dependent upper
bounds that prevent offline preprocessing of training data. This
limitation makes WMH impractical for large-scale data mining
and streaming applications. We propose Query Independent
Weighted Minwise Hashing (QIWMH), which eliminates this
dependency by randomly normalizing element weights to [0,1)
using only training data, enabling sketches of the training set to
be generated fully offline before any query arrives. We formally
prove that QIWMH is an approximate estimator of Generalized
Jaccard Similarity (GJS). Experimental evaluation on seven real-
world datasets across two tasks — 1-NN classification and Top-K
retrieval — demonstrates that QIWMH achieves comparable or
superior accuracy to state-of-the-art methods including WMH,
ICWS and PCWS, while achieving speedups of 2.3x to 14x in
generating sketches.

Keywords—Locality Sensitive Hashing, Weighted MinHash,
Consistent Weighted Sampling, Generalized Jaccard Similarity,
Nearest Neighbor Search.

I. INTRODUCTION

Similarity search between two sets is the basic and most
important operation in the applications like near-duplicate
image detection [1], content-based audio-video retrieval [2],
outlier detection [3], Top-K Retrieval [4], Recommendation
Systems [5] etc. Different types of similarity functions like
Cosine similarity [6], Jaccard similarity [7], [8], {,, distance [9]
can be used in such data mining tasks. This type of exact com-
putation becomes expensive when sets are high dimensional.
It is worth noting that the volume and features of the datasets
are increasing exponentially. The online news [10] reports that
the hundreds of sensors in one autonomous car can generate
and consume 40 TB of data per day. The sparsity of datasets is
another challenge of the similarity search techniques. In such
cases, the exact computation of similarity between two sets
becomes the major bottleneck. In contrast, the approximate
estimation is efficient and effective.

Locality Sensitive Hashing (LSH) [11]-[14] approximately
estimates the similarity between two sets by hashing the
similar sets to the same hash code with high probability. LSH
uses family of hash function H. The probability of collision
of hash values of two sets X and Y generated with randomly
selected hash function h from H is equal to the similarity
between sets. Sketch is the vector of hash codes extracted by
LSH for a given set. MinHash [15], [16] is the LSH method
of Jaccard similarity for the quick detection of similar text
documents. A. Shrivastava used MinHash-generated sketches
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to estimate the Cosine similarity [17]. The major drawback of
MinHash is that it cannot deal with the weighted sets.

Weighted set is very common in real life problems where
weight represents the importance of corresponding element.
A weighted set .S consists of weights s; for the elements 4.
Given a universal set, @ = {0,1,...,p — 1}, Generalized
Jaccard Similarity (GJS), J, between two weighted sets
S = {80, 81,82y, Spfl} and T = {to,tl,tg, . ,tpfl} is
defined in Eq. (1). Here, i € Q. If s; > 0, then ¢ is considered
as the non-zero element of S. If s; < 0O then, 7 is not present
in S and we use s; = 0 while calculating GJS. GJS was
introduced in [18] and was efficiently estimated by introducing
the method of unweighted minwise hashing.

p—1

> min(si, t;)

=0
p—1

Z max(s;,t;)

=0

J(S,T) = (1)

Their method [18] converts a weighted set into an unweighted
one by expanding the s; with additional distinct elements
{s1,s2,...,ss,} in proportion to its weight s;. Then Standard
MinHash [16] is applied. This approach cannot deal with real
weights and is inefficient. Other unweighted minwise hashing
methods [19], [20] can deal with the real weights also but
they still have to generate additional elements. The significant
improvement was seen in [21] that uses pairs of active indices
(w;, ;) to generate each hash value. Their method is referred
to as Consistent Weighted Sampling (CWS). However, this
approach still needs to sample many active indices per weight
to obtain each hash value.

Improved CWS (ICWS) [22] is able to directly generate the
pair of active indices (w;, z;) for each weight. The coupled
hash value (¢, w;) is generated with the careful transformation
of the active indices. Although ICWS is able to directly
generate a pair of active indices (w;, z;) for each weight, it is
very slow as it needs to generate random numbers three times
the size of the universal set. It has to perform logarithmic
and exponential transformations while generating hash values.
ICWS needs O(dp) time to generate the sketch of size d for
each weighted set where p is the size of the universal set,
Q. For large p and d, the ICWS method becomes impractical.
Moreover, the coupled hash value, (i, w;), does not reduce the
dimension of set significantly.

In order to overcome the time complexity of ICWS,
Weighted Minwise Hashing (WMH) [23] was suggested that
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efficiently estimates G .J.S using Rejection Sampling [24]. The
execution time of WMH does not depend on the size of the
universal set but on the number of non-zeros. While WMH is
very efficient for a less sparse weighted set, it becomes very
slow for a highly sparse dataset. This is because Rejection
Sampling rejects many unwanted samples that exist in the
highly sparse set leading to high computational cost. Another
crucial issue with WMH is that it needs to calculate upper
bound for each weight of the elements in the universal set
which cannot be done unless the query is known. Because of
this limit, WMH cannot be applied to the recent work [25]
on malware detection. Moreover, it cannot be applied to the
stream datasets as unseen data point might contain the weights
that exceed the upper bound [26]. Thus, WMH is unable to
generate hash values for the training set offline.

In this work, we introduce the improved variant of WMH
method that avoids the calculation of upper bounds. We call
our method as Query Independent WMH (QIWMH). We,
firstly, sample the non-zero element, i, of a weighted set, .S,
using discrete uniform random number generator and then
randomly normalize its weight s; to [0,1). Unlike WMH,
QIWMH does not need queries to normalize the weights. This
allows to generate hash values for the training dataset offline
which will save the substantial amount of execution time. We
summarize our contributions as the following.

o Unlike WMH, QIWMH does not calculate upper bounds
from the entire dataset, instead randomly and consistently
normalizes weight s; of the sampled element to [0,1).

o« QIWMH does not need to map all the integers between
two consecutive cumulative upper bounds to the corre-
sponding element.

o QIWMH can obtain hash values for the training datasets
offline. Thus, QIWMH can be very useful for time crucial
applications.

 Since QIWMH randomly normalizes weight s; to [0, 1),
it does not need any information about future data point.

II. BACKGROUND

The Weighted Minwise Hashing (WMH) [23] is our mo-
tivating paper so we briefly review WMH in Section II-A
followed by the its limitation in Section II-B.

A. Weighted Minwise Hashing (WMH)

Given the universal set, Q@ = {0,1,...,p — 1}, WMH [23]
efficiently estimates GJS between two weighted sets S =
{80, S1,82,..., 5[)—1} and T = {to, tl, tQ, e ,tp_l} by gener-
ating the sketch of each set using Rejection Sampling. For each
element ¢ € 2, WMH determines upper bound b; using a large
dataset including the query. The upper bound can be maximum
weight among the weights of corresponding component in the
universal set and is always assumed to be an integer. WMH

defines ro =0, rj41 = > by, and R=0bo+ b1 +---+bp_1.

k=0
Now, each weight, s; in S, falls in the interval, [r;,r;+1). The
interval [r;, s;) is considered as the white map. Similarly, the
interval [s;,7;4+1) is considered as the black map. WMH tries
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to sample the white map by generating Continuous Uniform
Random variable z in [0, R). If the random number, x, lies in
the white map, then number of attempts made to sample the
white map is returned as the hash value. If the random variable,
x, lies in the black map, then it again tries to sample the white
map by generating another Uniform random number. This
process goes on till the white map is sampled. For ensuring
whether x lies in black or white map, WMH uses a function,
map(y), that maps y to i. Here y is all the possible integers
in [r;,7;4+1). WMH satisfies the LSH property i.e.

P(h(S) = WT)) = J(S,T)
, where h(S) and h(T) are the hash values generated by

executing the WMH algorithm for weighted set S and T
WMH proposes unbiased estimator J(.5,T') defined in Eq. (2)

>0 70 (ks (S) = hy(T))
d

J(8,T) = )

WMH is summarized in Algorithm 1.

B. Limitation of WMH

WMH has two serious problems. First one is the time
complexity for a highly sparse dataset. The time complexity
of WMH depends upon the number of unwanted samples
i.e. the total size of the black map. The size of the black
map increases with the decrease in the white map and with
the increase in the sparsity of the weighted set. Remember
that [r;,7;41) is black map if s; = 0. Since WMH uses a
continuous uniform random number to sample black or white
map, there are an infinite number of unwanted samples in each
black map [s;,7;+1). This increases the number of rejections
of the unwanted samples and increases the execution time. We
reduce an infinite number of unwanted samples into a finite
number by using a discrete uniform random number in the
definite discrete sample space [0, p) where p is the size of the
universal set €.

The major drawback of WMH is that it needs to calculate
upper bounds for each weight of the elements in universal set.
This limits WMH from generating hash values for training
sets before it knows the query. We explain this issue with
the help of an example shown in Fig. 1. Upper bounds
{5,5,2,4,6} are considered for two weighted sets S =
{1.6,4.4,-9.9,3.9,3.2} and T = {4.77,1,1.1,—1.3,5.09}
of size 5. Since the future query is not known in advance,
these upper bounds cannot be calculated offline. It means
reduced sized sketch of .S is generated only after all the queries
are known. Even though we can calculate upper bounds for
the training dataset offline, we cannot generate hash values.
This is not desirable for large-scale data-mining tasks like
classification. We solve this issue by randomly normalizing s;
to [0, 1). Paper [23] also discusses the normalization of weights
but it still needs the query. We randomly and consistently
normalize the weights without query.
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Fig. 1. TIllustration of WMH execution with input set S and 7" of size 4.
b and r, respectively, are upper bound and commutative upper bound of the
corresponding elements in the universal set.

Algorithm 1 WMH
Input: weighted set, S = {so,s1,52,...,5p-1}, size of
sketch, d, random seeds, seed, upper bounds, B =
{bo,b1,...;bp_1},ro =0, rip1 = > by
k=0
Output: sketch of S, h

I: R= Tp+1

2: for 7 =0,1,...,d— 1 do

3 attempt =0

4:  set seed;

5. while true do

6: x ~ ContinuousUni form(0, R)
7 y=|z]

8 i =map(y)

9: if x <r; +s; then

10: break

11: end if
12: attempt = attempt + 1

13:  end while

14 h; = attempt
15: end for

16: return h

III. QIWMH: QUERY INDEPENDENT WEIGHTED MINWISE
HASHING

We propose Query Independent Weighted Minwise Hashing
(QIWMH) method as the improved version of WMH that does
not need to calculate upper bounds for each weight. QIWMH
uses a discrete random variable, i, in [0, p) to sample the non-
zero element, 4, of the weighted set S = {s¢, 51, S2,...5p—1}.
Unlike WMH, QIWMH enjoys the finite number of unwanted
samples, p — D, where D is the number of non-zeros in S.
After sampling non-zero element ¢, we randomly normalize s;
to [0, 1) using the Eq. (3).
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’ S;
SZ S; +u ( )

, where u ~ Uniform(0,1). The beauty of WMH is that it
carefully creates the interval [r;, ;1) for each weight s,. We
also consistently normalize each sampled weight s; to [0, 1).
So, our white map is [0,w;) and black map is [w;, 1). Now,
we try to sample the white map by generating a continuous
uniform random number x in [0,1). If © < w;, we return
the number of attempts made to sample the white map as the
hash value otherwise we reject and restart the sampling process
again. This simple approach helps to avoid the calculation of
upper bounds for each weight of the elements in the universal
set Q. Our black map [w;, 1) does not increase the number of
unwanted samples because we sample the non-zero element
i from finite discrete distribution in [0,p) before sampling
the black or white map. Since we do not calculate upper
bounds from the entire dataset, we can generate sketches of
the training set offline. This will save the time required for
generating sketches of training set. Thus, a query can be
responded quickly.

The same seed is used to generate a corresponding hash
value of each weighted set. Details about QIWMH is given
in Algorithm 2. The sketch of hash values for S is denoted
as h;(S). We also estimate J using Eq. (2) as our method
preserves LSH property.

Algorithm 2 QIWMH
Input: weighted set S = {so,s1,S2,..
sketch, d, random seeds, seed
Output: sketch of S, h
1: for =0,1,...,d—1 do

., Sp—1}, size of

2:  attempt =0

3:  set seed;

4:  while true do

5 i ~ DiscreteUniform(0, p)

6: if s; > 0 then

7: u ~ ContinuousUni form(0,1)
s w—st

9: x ~ ContinuousUni form(0,1)
10: if z < w then

11: break

12: end if

13: end if

14: attempt = attempt + 1

15:  end while

16:  h; = attempt
17: end for

18: return h

Theorem 1: Let us consider two weighted sets S =
{s0,51,---,8p-1}» T = {to,t1,...,tp—1}, and a universal
set Q with ¢ € Q. Define g : [0,00) — [0,00) by g(w) =
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wln (1+ L) for w > 0 and g(0) = 0. Then

S glmin(si, 1)

=0
==

> g(max(si,t;))

=0

Proof: Let Sy pite and T,pite be the element wise vector
of white intervals in S and T respectively, computed for a
fixed, realized set of normalization variables uqg, ..., u,—1 ~
Uniform(0, 1) (one per dimension, shared by S and T since,
as noted above, the same seed generates the corresponding

p—1
hash value of each weighted set). |Synitel Z s} is
. . . . / _ S -
the size of white map in S, with s; = =, Let T o~

ContinuousUniform(0,1). Let us consider three possible
events at the time QIWMH returns hash value.
h(S) = h(T) if and only if x € Syhnite N Twhite
h(S) > h(T) if and only if x € Syhnite — Twhite
h(S) < h(T) if and only if & € Tyhnite — Swhite
Therefore, conditional on the realized uq, ..., up—_1,

P(h(S) =h(T) | uo, ..., up—1) =

|Swhite N T’white|
|(Swh7,'te N Twhite) U (Swhite - Twhite) ) (Twhite - white)|

_ |Swhite N Twhite|
|Swhite U Twhite|

Notice that Synite N Twhite and Synite U Twnite are the

element-wise intersection and union between the white inter-
vals in S and T respectively. Since f(w) = o s strictly

increasing in w for fixed w > 0, whichever of s;,t; is
smaller also yields the smaller normalized weight at dimen-
sion 4, so min(s},t;) = f(min(s; ¢;)) and max(s;,t;) =

flmax(s;,t;)) exactly. Thus,

p—1
|Swhite N Twhite| = Z min Sl, tz)
i=0
p—1
|Swhite U Twhite| = Z mazr 517 tz)
i=0
So, conditional on ug, ..., Up—1,
p—1
> min(s;,t;)
P(h(S) = h(T) | ug, ..., up_1) = o

p—1

z%) max(s;, t})
=

The unconditional probability is obtained by averaging
over the randomness of ug,...,u,—; at the level of the
underlying per-dimension acceptance events, not by naively
substituting s; =~ s; into the ratio above (which does not
hold in general, since s, = szj-uz — 1, not s;, as s;
grows). At a single dimension i, S accepts with proba-
bility s given wu;, so unconditionally P(S accepts at i) =

Eui[ ] = ﬁ)s udu = sln(1+—) =

g(si), and

sz+uL
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similarly, using min(s},t;) = f(min(s;,t;)) shown above,
P(both accept at i) =

E,, [min(si,t))] = g(min(s;,t;)).
Aggregating these per-dimension probabilities over ¢ € ()
(each dimension is sampled with probability 1/p, and the
events are disjoint across ¢ within a single trial) and combining
via the same white/black map race used above, but now with

g(s;) and g(t;) in place of s}, t., gives

p—1

> g(min(s;, t;))

=0

> g(max(si,t;))

=0

where we used g¢g(s;) + g(t;)) = g(min(s;,t;)) +
g(max(s;,t;)), which holds identically since {s;,t;} =
{min(s;,t;), max(s;,t;)} as a set. This proves the theorem.

The equation above has the same min/max structure as
J(S,T) in Eq. (1), but with each raw weight w replaced by
g(w) = wn(1+1). The two coincide exactly only when g is
proportional to the identity, which is not the case in general;
the following corollary makes precise when the approximation
is good.

Corollary 1: Let w.,i, and w,,q; be the smallest and
largest positive weights appearing in S and 7' combined,

>, chi = In (1+ wmm> K =

and let ¢, =
chi/clo > 1. Then

LJ(5,T) < P((S) = h(T)) < J(S,T)

so P(h(S) = h(T)) — J(S,T), and correspondingly
J(S,T) — J(S,T) by Eq. (2), as & — 1, i.e., as the dynamic
range of the nonzero weights in the data shrinks.

Proof: Since w — g(w)/w = In(1 + 1/w) is strictly
decreasing, every nonzero weight w € [Wmin, Wmaz| ap-
pearing in the sums satisfies ¢;, < g(w)/w < ¢p;, hence
Clo - w < g(w) < cp; - w. Applying this termwise to both
the numerator and denominator of the collision-probability
formula above and combining the resulting bounds gives the
claim.

This gives a precise, checkable version of “QIWMH ap-
proximately estimates G.J.S”: the approximation is controlled
by k, the ratio between the largest and smallest nonzero
weights in the data. Datasets with small, tightly-clustered
weights (e.g. Webspam, average weight 0.22 in Table I) should
show QIWMH tracking J(S,T") more closely than datasets
with weights closer to 1 or spread over a wider range (e.g.
StarLightCurves, average weight 0.91).

Running Time Analysis: Let hash value of S generated
by QIWMH be h;(S). h;(S) is the number of trails including

the first success. So, it has geometric distribution with success
p—1

P s
probability “=2—. Therefore, the expected value of h;(S) is
Z Si
—2—. In case of WMH, the success probability is = #— and
igf)
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R
p—1
We have s, < s;. If s; >= 1, then R > p. In suchbczlse,
pfl’ < pff” i.e. the expected value that WMH returns hash
value in h;(S) trials will be greater than that of QIWMH. On
the other hand, if s; < 1, then p = R. Thus, —2— > £ je.

igf) S{i 'Lé:(] 5
the expected value that QIWMH returns hash value in h;(.S)
trials will be greater than that of WMH. However, QIWMH
can generate hash value for training set offline. Thus, QIWMH

can be faster in real-time.

the expected value of h;(.S) at which while loop stops is

IV. EXPERIMENTAL EVALUATION

Classification and Top-K retrieval tasks are important ap-
plications of sketching methods. Thus, we compare QIWMH
with four state-of-the-art methods, WMH [23], ICWS [22],
CCWS [27] and PCWS [28] using these two important tasks
on seven real datasets. We discuss the results from 1-NN
classification experiments in Section IV-A. We demonstrate
that QIWMH is able to extract the similar Top-K data samples
to a given query efficiently in Section IV-B. We performed
both tasks with d € {32,64,128,512}.

We store d seeds to generate sketches of size d. The basic
statistics on the datasets used for our experiments is shown
in Table I. For the smooth execution of other methods, which
may be very slow, we selected sample data points from some
large datasets as shown in Table I. The sample dataset contains
a balanced number of positive and negative classes. All the
algorithms were implemented in Python3.14.4 in a laptop with
Intel i7 2.40GHz CPU and 4GB RAM.

TABLE I
BASIC STATISTICS OF DATASETS

Dataset Size of Size of p  Sparsity  Average
Train Set  Test Set Weight
Gisette 6000 1000 5000 0.87 0.68
FordA 3601 1320 500 0.5 0.8
HandOutlines 1000 370 2709 0.41 0.66
CinCECGtorso 1380 40 1639 0.5 0.51
Leukemia 38 34 7129 0.53 0.8
StarLightCurves 8236 1000 1024 0.55 0.91
Webspam 2500 1000 309277  0.66 0.22

A. I-NN Classification Task

We demonstrate the effectiveness of QIWMH in building the
1-NN classifier using six real datasets, Gisette, FordA, Hand-
Outlines, CinCECGtorso, Leukemia and StarLightCurves.
Gisette and Leukemia are downloaded from [29] and others
from [30]. We compare the performance of selected methods
on the basis of classification accuracy and sketch generating
time. Classification Accuracy is the proportion of correctly
classified weighted sets in test data. Results are shown in
Fig. 2.
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a) Discussion on the Results:: From Fig. 2, we can
see that all four methods have almost the same classification
accuracy on most of datasets. The classification accuracy
of QIWMH is lower than other methods when d=32 on
CinCECGtorso and Gisette but it becomes same when d=512.
The gap between accuracies of QIWMH and other meth-
ods decreases with an increase in the number of hashes.
Thus, the performance of QIWMH is comparable to other
state-of-the-art methods. QIWMH performs slightly worse
on StarLightCurves datasets. QIWMH outperforms all other
methods in case of HandOutlines dataset.

The plots in even rows of Fig. 2 show the total hash gener-
ation time for train and test set. QIWMH clearly outperforms
other methods on CinCECGtorso dataset. QIWMH is 2 to 14
times faster than WMH. The improvement is not surprising as
QIWMH can generate hash values offline.

B. Top-K Retrieval Task

In Top-K Retrieval task, we extract the most similar K
points from training set to the query in test set. Mean Precision
is commonly used as the quality measure for Top-K retrieval
applications. Mean Average Precision (MAP) is another im-
portant quality measure that depends upon the sequence of
retrieved points. Thus, we compare the performance of se-
lected methods by plotting Mean Precision@ K and MAP@ K
against the number of hash values. We use four datasets,
FordA, HandOutlines, Gisette, and Webspam for this task. The
first two datasets are downloaded from from [30] and others
from [29]. The task was performed with K € {50,200, 500}.
The results for this task is shown in Figs. 3 and 4.

a) Discussion on Results:: Mean Precision and MAP
plots in Figs. 3 and 4 demonstrate that QIWMH performs
better than other methods on FordA dataset. The improvement
in performance increases with an increase in the number of
hash values. QIWMH performs slightly worse on Webspam
dataset. All methods have almost similar performance on
Gisette dataset. It is also to be noted that the performance
of QIWMH improves with larger values of K.

V. RELATED WORK

The exact computation [9], [31] of different similarity
functions like Jaccard similarity, Cosine similarity, [,, distance,
Dynamic Time Warping (DTW) between two sets is very
effective. Especially, DTW method [32] can compute the
distance between two unequal sets by relatively aligning the
elements. It means DTW does not need to convert a set
into a vector. Thus, it is widely used in many applications
like classification and Top-K retrieval. Although the exact
computation of distance is very effective, it is not scalable
to high dimensional datasets as computations are very ex-
pensive. Remember that the internet-connected devices like
smartphones, tablets, surveillance cameras, smart TVs etc are
producing the tsunami of data [33] every day. This is the major
challenge for the similarity search methods.

Unlike exact methods, Locality Sensitive Hashing (LSH)
approximately estimates the similarity between two sets. It was
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Fig. 2. The plot shows the average classification accuracy and total time (sec) with size of the sketch for six real datasets based on 5 executions. The total
time includes hash generation time (for train and test set) generalized Jaccard similarity estimation time.

introduced by Motawani et al. [34] for efficiently searching the
most similar data points to the query. It generates consistent
and small-sized sketches of each data point by employing
the family of hash functions. Thus, it is heavily used in
commercial search engines [14], [35], [36], in multimedia [37],
[38], in machine learning [39], [40] etc. MinHash [15], [16]
for Jaccard similarity, random projection based LSH for [,
norm [11], SimHash [41] for angular distance are some
important methods of LSH.

MinHash [15], [16] is the most popular LSH technique for
estimating Jaccard similarity. MinHash generates the sketches
for data points using the random hash functions based on ran-
dom permutations. Generating large permutation for high di-
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mensional datasets is computationally expensive. Thus, many
research work has been done to improve the efficiency of
MinHash. One Permutation Hashing [42] generates multiple
hash codes with single permutation. It partitions the long
universal set into many equal-sized bins and generates one
hash value in each bin. This method is efficient, but some
of the bins may not have any hash value. Such empty bin
was filtered out in papers [43]-[45] with the method of
densification. It assigns the hash value of an empty bin with
that of randomly sampled non-empty bin. Another method,
Conditional Random Sampling [46] considers some number of
consecutive non-zero elements to generate multiple hash codes
with single permutation. Since consecutive non-zero elements
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Fig. 3. Top-K results showing the precision@ K of each methods with K € {50,200, 500}. The x-axis denotes size of sketch, d.

can’t be the same across data points, this approach does not
satisfy the LSH property.

The major limitation of these variants of Minhash is that
they all are designed for approximating the Jaccard simi-
larity between binary sets. MinHash is unable to consider
the importance of elements in a weighted set, S. In this
regard, paper [18] defined Generalized Jaccard similarity and
empirically showed that the similarity between weighted sets is
equivalent to Generalized Jaccard similarity (GJ.S). For this,
they add new distinct elements, s1,s2,...,ss;, in proportion
to corresponding weight s;. Then, they generate hash values
by applying the Standard MinHash. To extend this approach
for real weights, [20] divides each weight into equal sized sub
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weights called quantized weight. Float part after quantization
is saved with some probability. These approaches increase the
size of the universal set and add up more computational cost
while generating hash values.

To reduce the computational cost, the techniques in [19]
normalizes bag of elements with the use of upper bound
and generates the normalized set. Then they store only those
elements that satisfy the given threshold. Even though it does
not increase the size of the universal set, it has to perform
normalization of each weighted set. In order to generate hash
values efficiently, M. Mannase et al. [21] proposed the pair of
active indices (w;y, z;x) that bracket the weight s;. Although
this method can be extended to real weight, it still needs to
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Fig. 4. Plot shows the MAP@ K of each methods with K € {50,200, 500}. The x-axis denotes size of sketch, d.

generate many active indices for each non-zero element 7. To
improve its efficiency further, S. Ioffe [22] directly generated
the pair of active indices (w;, ;) from a uniform distribution
in worst case constant time. w; is the greatest active index such
that w; < s; and z; is the least active index such that s; > z;.
Some variants of ICWS have been published. PCWS [28] uses
4 different random variables from the Uniform Distribution
to generate active indices. CCWS [27] estimates GJS by
uniformly discretizing the weights but it is less consistent as
the small change in weight may change the active index w.

VI. CONCLUSION

Our proposed method, QIWMH, efficiently generates the
sketches of weighted sets using the rejection sampling in the
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discrete sample space [0, p). QIWMH firstly samples the non-
zero element i of weighted set S and then consistently nor-
malizes the weight s; to [0, 1). Since we randomly normalize
the weights of the sampled element, we do not need the query
before actual execution starts. This creates the white map in
[0,w) and the black map in [w, 1). Finally, QIWMH returns
the number of attempts made to sample the white map as the
hash value. Unlike WMH, QIWMH does not need to generate
upper bounds of each weight. Thus QIWMH can generate
sketches of the training set offline.

We evaluated the performance of QIWMH through com-
parison experiments using two tasks, the 1-NN classification
and the Top-K retrieval, on seven real datasets. Experimen-
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tal results demonstrate that QIWMH generates high-quality
sketches of weighted sets for estimating generalized Jaccard
similarity. QIWMH mimics the general characteristics of
WMH. Since QIWMH is much faster than other methods, the
performance of QIWMH can be increased by increasing the
number of hash values. Therefore, our approach can be used
for the analysis of large-scale sparse weighted sets efficiently.
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