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Abstract—Approximate queries offer an efficient means of
analyzing massive data streams under acceptable errors. Among
these, subset queries over multiple attributes are common in
many real-world applications. While sketches offer promising
approximate solutions for massive data streams, efficiently sup-
porting subset queries over multiple statistical attributes remains
a significant challenge. To address this, we propose Hyper-
USS, a novel sketching solution that accurately and efficiently
supports subset queries over data streams involving multiple
statistical attributes. With Joint Variance Optimization, Hyper-
USS provides unbiased estimation and optimizes estimation
variance jointly, addressing the challenge of accurately estimating
multiple statistical attributes in the sketch design. The algorithm
records the information of keys and all attributes in one sketch,
ensuring high insertion efficiency. Furthermore, its three speed-
optimized versions are introduced to handle the growing number
of statistical attributes in data streams. Experimental results
show that Hyper-USS and its three speed-optimized versions
consistently surpass state-of-the-art methods that support subset
queries in both estimation accuracy and insertion throughput.
Specifically, Hyper-USS improves accuracy by at least 38%, while
the algorithm and its three speed-optimized versions achieve
throughput improvements of up to 31.90x, 45.31x, 49.21x, and
58.03 X, respectively. The code is open-sourced on GitHu

Index Terms—Sketch, multi-attribute data streams, subset
query, unbiased estimation

I. INTRODUCTION
A. Background and Motivation

Approximate queries for massive data streams have wide
applications in data analysis [2]-[12]], especially when pro-
cessing efficiency is a high priority and a certain level of
error is acceptable. In practice, data streams often involve
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Predicate combinations for filtering:

( ipsrc=131.22. ) AnD( ipDest = 142.1.4.7 )AND( protocol =TCP )

Statistical attributes for aggregation:

Fig. 1: A typical query use case in network measurement.

multiple attributes, and users may simultaneously estimate
several attributes of interest to support decision-making and
system monitoring [[13]], [[14]. That is, each item in streams
can be denoted as (e, vy, v, - ,v,), where e is the key and
v1, 9, - - , U, are the statistical attributes used for aggregation
analysis. Users can filter data by setting value or range con-
straints on predicate combinations [5]—[7]], and then aggregate
statistical attributes to obtain query results over the subset of
items whose keys satisfy these conditions. These queries are
referred to as subset queries over multiple attributes.

Many real-world problems can be abstracted as subset
queries over multiple attributes. For example, in network
measurement [15]], [16] (shown in Fig. E]) users need to
query a subset of items where the source IP falls within the
131.2.2.x subnet, the destination IP is 142.1.4.7, and
the protocol is TCP. Under such filtering conditions, users
often focus on multiple statistical attributes simultaneously,
such as total packets, total bytes, and total duration. These
can be used for subset sum as well as ratio and weighted
sum queries across attributes. When treating each data item
as a table row, let ¢ and j denote the indices of the target
attributes, and let w represent the weights. Formulated as:

SELECT SUM (v;), SUM (v;),

SUM (v;) / SUM(v;) AS RATIO,

SUM (v;) * w; + SUM(v;) x w; AS WEIGHTED_SUM
FROM table

WHERE Key in Subset

B. Prior Art and Limitations

To answer approximate queries for massive data streams,
many approximation techniques have been developed, and
sketches are one of the most popular algorithms among them.
Sketches can be classified into two types. Most sketches [17]-
[26] are designed for point querie and existing works [3]],

2The point query refers to querying the results of a single key.
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Fig. 2: The Joint Variance Optimization in Hyper-USS.

[4], [15] show that such algorithms are inefficient in sup-
porting subset queries. The other type of sketches [3[]-[5],
[15] achieves high accuracy and high processing speed in
supporting subset queries. However, they are often designed
for data stream models with a single statistical attribute. When
extended to multiple attributes, a straightforward solution is
to build a separate sketch for each attribute to be aggre-
gated. This method wastes memory by repeatedly recording
the information of keys in all sketches, and inserting one
item requires updating all sketches. Therefore, it suffers from
limited performance in both accuracy and insertion throughput.

Furthermore, as the number of statistical attributes to be
analyzed in data streams continues to grow, the computa-
tional overhead and complexity of existing sketch algorithms
increase accordingly, limiting their practical usability. Conse-
quently, designing sketch algorithms that can support multi-
dimensional and even high-dimensional statistical attributes
while maintaining both efficiency and accuracy remains a
critical and challenging research problem.

C. Our Solution

We propose Hyper-USS, a novel sketching solution de-
signed to efficiently answer subset queries over data streams
involving multiple statistical attributes. Hyper-USS records
the information of keys and all attributes in one sketch.
And the method provides for all statistical attributes unbiased
estimation and optimized estimation variance, which is well
acknowledged as the golden principle for accurate subset
query [3], [4]. Therefore, Hyper-USS achieves high accuracy
and high insertion throughput for the subset query over mul-
tiple statistical attributes.

The challenge in sketch design lies in providing unbiased es-
timation while optimizing variance for all statistical attributes.
To address the problem, we propose our key technique,
namely, Joint Variance Optimization. In order to achieve high
accuracy for all statistical attributes, we set the optimization
goal as minimizing the sum of the estimation variance of
all statistical attributes. As a result, optimizing the sum of
variances will jointly improve the accuracy of all statistical
attributes. Specifically, we generalize the idea of probability
proportional to size sampling to scenarios involving multiple
statistical attributes (see Fig.[2). When two items compete for a
bucket, each item has a probability of winning the competition.
The winning probability of two items is proportional to the
L2 norm of the attributes. If one item successfully stays in the
bucket, all its attributes are divided by its winning probability.

This vector-based evaluation mechanism enhances query accu-
racy while ensuring the unbiasedness of the estimated values.
We present a theoretical analysis of Hyper-USS, showing that
it provides unbiased estimation, minimizes the total variance
across all statistical attributes, and offers a formal error bound.

To address the growing number of attributes in data streams,
we design three speed-optimized versions of Hyper-USS to
further improve insertion efficiency. Each version targets a
specific performance bottleneck: (1) the high computational
overhead of L2 norm calculation, (2) the inefficiency of item
positioning due to multiple hash computations, and (3) the
insufficient use of the inherent parallelism of the algorithm.
First, the Precomputed L2-Norm Optimization introduces a
1-bit memory overhead to distinguish between frequent and
infrequent items. The L2 norm is precomputed only for
infrequent items, which reduces the number of computations.
Second, the Hash Simplification Structure Optimization uses a
single hash function for item positioning, eliminating the speed
bottleneck caused by multiple hash computations. Finally,
the SIMD Parallel Acceleration Optimization fully utilizes
the support for contiguous memory access provided by the
algorithm and employs SIMD techniques [27]] to achieve
parallel acceleration. Experimental results show that Hyper-
USS and its speed-optimized versions consistently outperform
SOTA methods in both accuracy and throughput.

In addition, our approach extends support for subset queries
by enabling arbitrary combinations of predicates as filtering
conditions, where individual conditions can be specified using
exact values, wildcards, or ranges. All related codes of Hyper-
USS are provided open-source and available at GitHub [28§].

Our main contribution can be summarized as follows.

@ We propose Hyper-USS, which supports subset queries
over data streams with multiple statistical attributes effi-
ciently (§ [II).

@® We provide formal theoretical proofs, including unbiased-
ness, variance minimization, and the error bound (§ .

© To further improve insertion efficiency while maintaining
accuracy, we propose three speed-optimized versions (§ [V).
O Extensive experiments validate the efficiency and accuracy
of Hyper-USS. Compared to SOTA sketches for subset queries
involving multiple statistical attributes, it achieves a 31.90x
speedup in insertion, reduces estimation error by at least 38%,
and, with three speed-optimized versions, boosts throughput
by up to 45.31x, 49.21x, and 58.03x, respectively (§ [VI).

II. RELATED WORK
A. Sketching Algorithms

Although the traditional hashing technique could provide
exact statistics, its memory usage grows rapidly with data
scale. In contrast, sketching algorithms [17]-[26], [29]-[35]
are compact data structures designed to answer approximate
queries using limited memory. They offer high throughput
and provable error bounds, making them well-suited for large-
scale data stream processing. Most existing sketches typically
support only point queries and focus on a single statistical
attribute. Although recent works have made progress in subset
queries, they still face limitations when dealing with subset
queries involving multiple statistical attributes.



example of ad click analysis with two attributes: the number of
views and the number of clicks. Building one sketch for each
attribute requires updating two sketches for each incoming
item, causing a halving of throughput. Moreover, both sketches
record the ID of ads, and the duplicated ID records lead to
inef cient memory usage.

B. Multi-Attribute Model

Fig. 3: The limitations of SOTA sketches (CocoSketch/USS) The multi-attribute model naturally arises in many real-
on subset query over multiple statistical attributes. world scenarios and has thus been extensively studied [37]-

_[40]. Related research spans various domains, including

Sketchedor Point Query. In data stream processing, a poiry isi_attribute databases [41], [42], business application sys-
query refers to retrieving the result associated with a sin s [43], and other areas [44], [45].

key. The research community has de ned a lot of fundamental o yata stream can be modeled as multi-attribute, meaning

tasks and designed corresponding sketches in data stream each incoming item contains several different attributes. In
processing, such as heavy hitter detection| [19]] [29]-[3}he study of multi-attribute data stream models, Hydra [7] by
pattern mining [32], [33], and more [23], [34], [35]. MOSty15n6ysis et al. and OmniSketch [5], [6] by Punter et al. are
tasks are de ned over the data stream model involving a singlg, ot the most representative works. Hydra addresses multi-
statistical a.ttrlbute,.and the correspon@ng sketches should C_)H%ensional data stream processing under different predicate
support point queries. For example, in heavy hitter detectiQinations and emphasizes some statistical metrics, such as
of single keys, users are only interested in those single keygeayy hitters, entropy, and cardinality. And all these metrics
with a large aggregated sum of value. As pointed out by prigqet “a statistical attribute, which is the frequency of keys.
work [3], [4], sketches for point query suffer from inaccuracyyeanwhile, OmniSketch, the successor to Hydra, represents
and low throughput when applied to subset query, since thgs& soTA in this area and provides an effective solution
sketc;hes support subset query by building one sketch for G%P analyzing multi-dimensional data streams under arbitrary
queried subset. As a result, the memory of one speci ¢ sketgficates. It supports ltering over arbitrary combinations
is reduced, causing a drop in accuracy, while the insertign ayinytes, with conditions speci ed as ranges rather than
of one item requires updating multiple sketches and limifgniteq o exact values or wildcards. It currently only supports

insertion throughput. _queries involving a single statistical attribute: the count of
Sketchegor SubseQuery. Recently, researchers have noticgd-ords that satisfy the ltering conditions.

an increased demand for subset queries. Unbiased SpaceSaygwever. in approximate query research, the “multi-
ing (USS) [3] and CocoSketch [4] are the two representativgyihyte” nature of data streams when processing is re ected

sketch solutions. The key design of both is similar. ARt only in multi-attribute  Itering predicates, but also in
incoming item will choose a bucket and compete with thg,qregated results containing multiple statistical attributes (as
recorded item in the bucket to decide which item stays in th¢qwn in Fig. 1). Neither of the above solutions considers
bucket. The settings of winning probability in both algorithmgeries involving multiple statistical attributes, which repre-

follow the idea of probability proportional to size samplingenis g key focus of this paper on multi-attribute data stream
[36]. Suppose the incoming item (AaY competes with the \,qqels.

recorded item (B; ¥ ). With probability ;~4—, the incoming

item wins and the bucket is updated to (As ¥ V). With I1l. THE HYPER-USS
-y VB . . .

probability 75—, the recorded item wins and the bucket is ;g g tin begins with a formal de nition of the subset

updatedto (B; ¥ +V5 ). The probabilistic substitution ensures ery problem over multi-attribute data streams, followed by

thaF one ?ucl:\zt ptrowde§ruTbla?edthestémasotnfan?hml.nlmlzggdeta”ed description of our algorithmic design to answer the
variance for two iiems. fo focate the DUCKEL Tor the INCOMy, 0, Symbols frequently used are listed in Table I.

ing item, USS selects the bucket with the minimum value
among all buckets, while CocoSketch selects the bucket with  TABLE I: Symbols frequently used in this paper.
the minimum value among the hashed buckets. CocoSketch Notation [ Meaning

improves USS throughput while maintaining high accuracy, e A distinct item in the data stream.
and is regarded as the SOTA sketch solution for subset query.  h() Hash function.

However, directly applying CocoSketch for the subset query d The number of candidate positions when performing
over multiple statistical attributes may suffer from inef ciency item competition and replacement. :
. . w The number of hash buckets for each hash function.
in terms of both memory and throughput. To support multiple D The key value of the item
attributes, we have to build one CocoSketch for each attributg. v The ™ statistical attribute' of the item.
From the aspect of accuracy, as CocoSketch records keys im— The number of item statistical atributes.
the bucket, multiple CocoSketches will keep multiple copies V) The item e with attribute V. Among them, V E
of keys, which drags down memory efciency. From the ’ v vl

aspect of throughput, each insertion should update multipl Bi[] The l:: bucket in t_'!‘he* array.
CocoSketches, leading to low throughput. Fig. 3 shows an_Ci(BUD | The I cellin the j7 bucket.




A. Problem De nition

We formally de ne the subset query problem over multi-
attribute data streams, as it presents the key question we aim
to answer and constitutes the main focus of this paper. The
problem is broadly applicable, as many real-world problems
can be abstracted as instances of this query model.

Problem 1. Suppose the item in multi-attribute data streams
can be denoted as (ejwy; :Vn), where e is the key and
Vi;V2; ;Vn are the statistical attributes. Given a target
attribute \, a subset of keysySand an operator f, we apply
the operator on the attribute; for any key k 2 &. The prob-

lem is to design a sketching solution that supports accurate
and ef cient estimation of subset queries over massive data
streams, where each item carries multiple statistical attributes,
under limited memory.

To answer this problem, we introduce the Hyper-USS and
describe how it supports three classic query operators: sum,
ratio, and weighted sum, each involving multiple attributes.

For f=[sum] on i®" attribu)t(e over subset,$

Vi
(V1 v n)e2S « Fig. 5: Insertion examples for Hyper-USS (n = 2;d = 2).

For f=[ratio] on the i and j" attributes over subsetS (2) Insertion. Insertion strategy is the core of Hyper-USS. To
insert the item (e; V), we rst use d hash functions to hash

v,
p (Vi a)e2S the key e to d buckets (Fh;(e)];1 6 i 6 d) in d arrays. In

(ev 1y n)e2s i Vi matching the key of the incoming item with existing keys in
For f=[weighted sum] on the ' and j" attributes over the buckets, there are three possible cases:
subset , with corresponding weights;wand v, Case 1: e isrecorded in B¢[hk(e)], one of the d buckets. In
X X this case, we add the attributeg; v ;v, to the bucket. To
Wi Vi Wi Vi estimate the frequency of an item, which can be treated as a
(@V1iv n)e2s k (eV1iva)e2s statistical attribute, we introduce a virtual attribute.v. For

each item, we simply set,\s = 1. For each dimension t, the

tth attribute B[hy(e)]:V [t] is increased by v

Case 2: e is not recorded in any one of the d buckets, and
at least one bucket is still empty. In such a case, we select the
rst empty bucket to record the incoming item.

Case 3: e is not recorded in any of the d buckets, and
all buckets are occupied. We look for the bucket with the
smallest L2 norm of values. The incoming item e and the
item in the bucket are treated as competing, and we apply
the Joint Variance Optimization technique (Fig. 2). Winning
probabilities are set according to the probability proportional
to size sampling principle [36], where items with greater
statistical importance are more likely to be retained. Suppose
the hashed bucket in thé'karray has the smallest L2 norm,
we set the winning probability of the incoming item P as

(1) Data Structure (Fig. 4). The hash table serves merelyOIIOWS

as a basic implementation structure. Its structure consists of P v

d bucket arrays, each consisting of w buckets. Each bucket P = FHD—Z%P% (1)
records a key and n statistical attributes. The attributes are Ve ¢ B[ (@) VIY

represented as a vector V =ihvy;  ;vnhi. Let Bi[jJ(1 6  With probability of P, the recorded item in ghy(e)] is
i6d;06j6w 1) bethej ™ bucketinthe? array. Let replaced by (e;V), and then each attribute is divided by P.
Bi[j]:ID be the recorded key in the bucket, and[B:V [t](1 6  Otherwise, the item in the bucket wins the competition, and
t 6 n) be the t™ recorded attribute. Each bucket array igach recorded attribute is divided by 1 P.

associated with one hash function, respectively, and we den@#nsertion Examples (Fig. 5): As shown in the rst example,
the corresponding hash function for tHe array as h(). we aim to insert the item ¢e4; 6), and we use two associated

B. Basic Design

Fig. 4. Data structure & Example of Hyper-USS.




hash function to locate two buckets, respectively. The bucket
in the rst array matches the key, so the recorded attributes
are updated. The hashed bucket in the second array is not
changed. In the second example, we insert the itemi(e).
Neither of the two hashed buckets match and there exists
an empty bucket, so the item is inserted to the empty bucket.
In the third example, we insert the items(8;4). Neither
of the two hashed buckets match, @and the L2 norm of the
second bucket is smaller, so we upﬁlate the se&ond bucket. The
beplacement probability P is set t032+42=( 32 +42 +

62 +82) = 1=3. With probability 1=3, the key is replacedyq \yinning probability of the incoming item is set according
by e;, and each attribute is divided by 1=3. Otherwise, the kY he following adjusted formula,
is unchanged, and all attributes are divided by 2=3.

Fig. 6: A query example of Hyper-USS (n = 2).

O =
_ vi=A)?

TABLE II: Complexity analysis of Hyper-USS for (e; V). P=pPr — p—£ —— (2)
Operation Time Complexity Space Complexity ((Vi=A)? + ¢ (Brlhk @)LV [t]=A¢)?
Insertion Odn) O(dwn) When the attributes are imbalanced, the L2 norm in the
Query Oo(d) 0o(d)

algorithm can be replaced with a normalized one to improve

@Analysis on Computational Cost for Insertion: We ana- &ccuracy, while the rest of the algorithm remains unchanged.
lyze the time and space complexity (shown in Table 1I).  (3) Query. We extract all non-empty buckets in the resulting
Time Complexity Analysis. 1. Hashing: The e is hashed intdetch to query the subset sum and build a table with n +1
positions using d independent hash functions. The time cofflumns (one key and n attributes). Then we output the query
plexity of hashing is O(d). 2. Key Matching: The algorithmresult of the subset sum over the table.
searches the d hashed buckets to check if the key of e alre¥pportfor SubseRatio: The ratio of subsets can be expressed
exists. The time complexity of this operation is also O(d). 3s the division of the sum of the two subsets. Among them, if
Handling Different Cases: If the key is found in one of thé&he subset sum serving as the denominator is zero, the query
buckets, the attributes are updated in O(n) time (Case 1).@sult will return 'ERROR'.
an empty bucket is available, the new item and its attribut@sipportfor SubsetWeightedSum: Subset weighting can be
are inserted in O(n) time (Case 2). If d buckets are occupiegxpressed as the sum of weighted subsets, with xed weights
the L2 norm of each bucket must be computed, taking O(d@ssigned to each query. The weights of each group of queries
time (Case 3). The probability calculation for replacement Ban be precon gured according to speci ¢ needs.
performed in O(n), and attribute updates take O(n) time. @Query Example (Fig. 6): The table shows an example of
Given that Case 3 incurs the highest computational cost, taéable built from the result sketch. To query the sum over the
worst-case time complexity per insertion is O(dn). subset fa; e4; €119 on the attribute ¥, we apply the operations
Space Complexity Analysis. The space complexity is deten the table. For eand @, we aggregate the rst and the
mined by the data structure, which consists of d bucket arrayiird rows in the y column of the table. For.g, as it does
each containing w buckets. Each bucket stores a key amet appear in the table, its attributes are all estimated as O.
n attributes: The total number of buckets is d w. EachThe query result is 252 +47 +0 = 299. To query the ratio of
bucket stores one key and n attributes, contributing to a spa#ributes y to v, for the subset fg; es; €119. We sum the last
complexity of O(d w (1 +n)), which simpli es to O(dwn). two rows of the table separately in the and v columns, and
Notably, the number of hash functions d is typically small, anden compute the ratio of the two sums. The query result is
w is determined by the memory size allocated before algorith@#7 +151)=(85+9) = 2:11. When querying the weighted sum
execution. The number of item attributes n signi cantly im-of attributes y and v for the subset fe; e3; €49, weights are
pacts performance, so our optimization versions (x V) exteagsigned as w= 3 for v, and w, = 2 for v,. We accumulate
the approach to handle larger n. the attribute values of the rst three rows, then multiply by
(@Dealing with Imbalanced Attributes: The winning proba- their respective weights and sum them up. The query result is
bility depends on the L2 norm of n equal-weighted attribute$, (252 + 1249 +47)+2 (900 + 401 + 85) = 7416.
and all attributes contribute equally. However, in real scenda®Analysis on Computational Cost for Query: As all at-
ios, the values of different attributes may have different ordeiributes corresponding to the item are updated simultaneously
of magnitude. Such attributes with large values will dominauring insertion, querying for e only requires hashing to locate
the L2 norm, thus dominating the update process and hurtitige buckets, matching the ID, and acquiring all the attribute
the sketch performance on other attributes. values. Since the number of locations to be checked, d, is
To deal with imbalanced attributes, we introduce the techypically small, the time and space complexity of the query
nique named Fair Evolution. The key design is to normalizeperation can be considered O(d) O(1) (shown in Table II).
n attributes before calculating the L2 norm for the winnindg-or subset queries, we only need to scan the table (see Fig. 6).
probability. During the insertion, we compute the average of é9Support for Arbitrary Predicate Combinations: Since
past items on all n attributes,;A1 66 n. The i " attribute the ID of each item is constructed by concatenating the
is divided by A before calculating the L2 norm. Thereforeattributes that are allowed in Itering conditions, our algorithm




supports subset queries with arbitrary predicate combinationsHere §) () denotes the estimated subset sum®reitribute,
For example (see Fig. 1), the ID is composed of the veand S() denotes the real subset sum dh ittribute.

tuple of a packet: fipSrc, ipDest, portSrc, portDest, protocolgbroof We rst prove that Hyper-USS gives unbiased sum
Users can lter keys by specifying any combination of the ve_ .~ . . . :
stimation for any single key e on any attribute. Consider

attributes (e.qg., fipSrc, ipDest, protocolg or fipSrc, portDestg.nserting the item (€% V2, :vy). If one bucket matches

and setting exact values or ranges for each selected atmb%t,ethe i attribute in the bucket will increase by vand the

C. The Rationale of Hyper-USS increment of estimation for e is unbiased. If no matched bucket
| . P , ) is found, the bucket with the smallest L2 norm is updated,
As the subset ratio and subset weighted sum queries can g e suppose the updated bucket ighge)]. After the

reduced to the subset sum query, the high accuracy on subseltion the expected increment of estimation for the key e
sum estimation is the key problem. We provide the rational§, a+ribute Vis

behind the design of Hyper-USS. v

Firstly, as pointed out by prior work [4], accurate subset sum — P+0 1 P)=v ;
estimation requires unbiased estimation. Applying a biased P
sketch, e.g., CM sketch [17], to subset sum estimation, wilhe expected increment for the key[B;(e)]:ID is,
result in unacceptably accumulated errors. The design Cét[ht(e)]:v il . .
Hyper-USS ensures that, when two items compete for oheT B ([hi(e):V[]D@P)B ([h(e)]:V[iIP =0
bucket (Case 3 in the Insertion), it still provides unbiased
estimation on any attribute for both items. To this end, Hypefs a result, during the insertion, the estimated sum of any key
USS assigns a winning probability to each item and adjudtsunbiased. For any subset S, we have

X - e h i X h i X
the attributes of the selected winner based on that probability. _ _ .
The detailed proof is shown in x IV-A. E () = ’s E @) = ’s Si(e) =Si(S)
e e
TABLE lll: Optimization goals of different sketches. 0

Si(); :‘3‘.() denote the real and estimated sum on tie i
statistical attribute respectively.

B. Variance Optimization in Hyper-USS

Sketch Optimization Goal
USS/CocoSketch minimize . Sie) 9 z Anal.ysis for the choice. of P. We rst consider the basjc
Hyper-USS eF P g 8 ° version of Hyper-USS with only one array and one associated
minimize ; . Si®) 3() hash function, and discuss why the choice of winning proba-

Given the unbiasedness, we achieve accurate subset &IJIW P is theoretically optimal for the optimization goal.

estimation by optimizing the variance of the estimation. ASheorem 2. In the basic version with d = 1, Hyper-USS
shown in Table Ill, the SOTA sketches on subset query ovefinimizes the sum of variances of all keys on all attributes,
single statistical attributes, USS and CocoSketch, minimig&own as follows.

the sum of estimation variance on all single keys. Hyper-USS
aims to provide accurate estimation of all statistical attributes
and therefore minimizes the sum of variances for all keys and
attributes. It is noticeable that, for the insertion of Hyper-USS,
the speci ¢ choice of the winning probability P does not affecProof. We consider the increment of Eq. (3) for the insertion
the unbiasedness property. By setting the winning probabili@j each item (e;y; ;vn). If one bucket matches e or
proportional to the L2 norm of all attributes, Hyper-usghere is at least one empty buckef] iattribute of item e
accomplishes the optimization goal. Besides, selecting th@s an increment of;y and the increment of Eq. (3) is 0.
bucket with the smallest L2 norm for updating also targefgtherwise, suppose the updated bucket is B[h(e)], and the

the optimization goal. The detailed proof is shown in x IV-Brecord attributes arejul 6 i 6 n. The increment variance
only involves the keys of e and B[h(e)]:ID, and we have,

X X 2
minimize Si(e) 8 (e) 3)

=1 e

IV. MATHEMATICAL ANALYSIS

. . . ) ) XX 2 X Vi 2 2

In this section, we provide mathematical analysis for Hyper- Sie) e = P B Vi tuj
USS. We rst prove the unbiasedness of the subset sith °© =t !
estimation on any statistical attribute in x IV-A. Then we +(1 P) v Sy
prove how the Hyper-USS achieves their optimization goals P P 1e
of variance optimization in x IV-B. We further provide the I U i s X 2 X "
analysis of the error bound in x IV-C. P 1P o
A. Unbiasedness of Hyper-USS When setting D
Theorem 1. For any statistical attribute;y Hyper-USS pro- p= | V2

V2 + u?

vides unbiased sum %stimation for any subset S,
i

E @.(S) =Si(S) the variance increment is minimized. O



Analysis for selecting the bucket with minimal L2 norm. Lemma 5. During the insertion of Hyper-USS, for an update
We then analyze the general case of Hyper-USS and disctsa bucket which has been updated for k times, the increment
why we chose to update the bucket with the minimal L2 nornof total variance of items in the bucket has an upper bound

2
Theorem 3. In the basic version with d > 0, Hyper-USSZkL '
minimizes the sum of the variance of all keys on all attributeBroof. By Theorem 3, the increment of total variance is,

shown as follows. \d \lﬂ
X X 2 P xX P X
2 Sie) B =2 V2 uz 2kL 2
minimize Site) (e 4) =1 e =1 i=1
i=1 e o

Proof. Suppose the incoming item is (g;Vv

;Vn). Accord-

ing to the proof in Theorem 2, when there is no matchdgemma 6. For a bucket which has been updated for M times,
bucket and no empty bucket, suppose the updated buckethig variance of the estimated vali for an arbitrary key

Bt[h¢(e)], and its attributes are;ul 6 i 6 n. The minimal
increment of Eq. (4) will be,
P

mapped to the certain bucket and an arbitrary attribute has
an upper bound (M + 1)ML?2.

s 8 2_ L v . nou X 2 X 2 Proof. For key e and an arbitrary attribute j, the estimated
e ' ' P 1P ., ' value of Hyper-USS is; (e). By Lemma 5, the variance can
b U be bounded by summing up all increments of variance for each
=2 b v? t u? update,
i=1 i=1 h |

For the insertion of Hyper-USS, we look for the bucket with  Var éj ejMm
the minimal L2 norm among d hashed buckets as the updated

bucket. Therefore, when d > 0, Eq. (4) is also minimized

C. Error Bound Analysis

h i
Var §i(e%jM
e%h(e 9=h(e) i=1

2kL2=(M +1)ML 2
k=1

This section presents an analysis of the error bounds asso- O

ciated with Hyper-USS.

Theorem 5. In the basic design, the error of Hyper-USS's

Lemma 4. During the insertion of Hyper-USS, for the updateéstimation on an arbitrary attribute of an arbitrary key can
bucket, the increment of L2 norm is no larger than the LRe bounded as follows, where U is the total number of inserted
norm of the incoming item. Furthermore, for a bucket whicliems and L is the upper bound of L2 norm for each inserted

has been updated for k times, the L2 norm of the values itfm. h i

the bucket has an upper bound KL.

4U2L2

Pri§i(e) sj@i> 6 -5

Proof. Suppose the incoming item (g;v  ;vn) updates the p,q¢ Recall that the estimated value by Hyper-USS is un-

bucket B[h;(e)] and y = B [h(e)]:V il.

biased by Theorem 1. For each update, the probability that

If the key in the bucket matches e, the increment of L2 NOMMle inserted item is hashed to the same bucket is F%-:

IS, v v v

By Lemma 6, the variance of estimated valﬁje(e) can by

u u u
X0 X X0
bounded,
05 wevyz £ 2 17 h i h h i h h i
i=1 i=1 i=1 Var §(e) =E Var §()jM +Var E S(e)jM
Otherwise, recall that we have the winning probability as _E hVar hé @M I
follows. p - i
p= " g ¥y
RV mou? M '@ p) "M M+1ML 2
If e wins the competition, the increment of L2 norm is, M:02 2
r v v 4U-°L
m2 o X w2
i=1 Vi {J u2 = P V2 . . .
p2 [ [ According to Chebyshev's mequalltﬁ/, we have
i=1 i=1 i
If the key in the bucket wins, the result L2 norm is, h.é b var §() 4yz2
S v v Pr jSi(e) Sj(e)i> > >
I n 2 u X u X0 \'W
iz U { u2 = # V2 O
Pz 1

Corollary 1. The error of Hyper-USS's estimation on an

Therefore, the increment of L2 norm is no larger than the L&bitrary attribute of a subset T can be bounded as follows.

norm of incoming item, and it is obvious that after k updates, h [

the L2 norm of the bucket has an upper bound kL. [

4iTju2L2?

Pri§(m) s;mMi> 615



V. SPEED OPTIMIZATION FOR HYPER-USS update the L2 norm. The Flag is set to false, marking that the

We propose three speed-optimized versions, each addres%réent L2 norm is not up to date. If selected for replacement,
a key factor that affects insertion ef ciency when the numbdP€ L2 norm must be recalculated.
of statistical attribute n continues to grow: (1) the higt-a@S€é 2: € is not recorded in any of the d hash buckets, and
computational overhead of L2 norm calculation (x V-A), (2fit least one bucket is still empty. We select the rst empty
the inefciency of item positioning due to multiple hash uckef[ to record the newly arriving e. Upon the rst insertion
computations (x V-B), and (3) the insufcient use of thef an item, we update the L2 norm and set the Flag to true.
inherent parallelism of the algorithm (x V-C). In data stream
processing, insertion performance is often more critical thaklgorithm 1: Insertion of (e, V) into bucket arrays
query performance. This is because streaming data arrivé®ptimized version: PLNO)
continuously at high speed, making insertion the bottleneckInput: Incoming item e, its attribute vector

of the main processing pipeline, while queries are triggered V =<V Vol vy >
relatively infrequently. Therefore, we focus primarily on im- Output: Updated bucket arrays with the item e
proving insertion speed in this section. inserted

Function ReplaceCompetingltem(i, j, e, V):
A. Precomputed L2-Norm Optimization if Bi[l]:Flag is falge then .

In this section, we introduce Precomputed L2-Norm Opti- JlseB'[J]'JVJ e Billlvo®
mization (PLNO), which precomputes the L2 norm of high- | Use the stored L2 norm; B3V j;
dimensional attributes, trading a modest increase in space o
complexity for a substantial improvement in data insertion | Calculate L2 norm of V, V] =1 (V)%
throughput. Network data streams typically exhibit a skewed | C@lculate winning probability P for e via Eq. (1)
distribution: frequent items change rapidly, while infrequent | If random number a2[0;1], a P then
items evolve more slowly. Effectively distinguishing between Replace item in Hj] with e;
these two types is critical to improving algorithmic ef ciency. B Til: B [Ty, =p-

If attribute frequencies are uniformly updated and the L2 L, ,'[]],'Vf ] U]ve=P;
norm is recalculated for all data streams upon arrival to BililiVi Vi
determine item replacement probabilities within buckets, such elseretum;
indiscriminate processing may signi cantly increase compu-
tational load, particularly for frequent items with rapidly

changing attributes. Based on the insertion design of the L Billlve B llkvie=(d P),

basic version (x 1lI-B), we know that during the bucket ~ ret.urn;
o . : o return;

competition phase, which determines the replacement posmonf .

it is primarily necessary to identify items with smaller L2 ort ﬁto_ d (_jo

norms, which typically correspond to infrequent items. J i(€);

Record B[j] in BucketRecords]i];

This insight lays the foundation for our speed optimization: if key of the item e matches key iR[ then

instead of precomputing the L2 norm for every incoming data
stream, we focus only on infrequent items. To this end, we o . ]
introduce a differentiated processing strategy into Hyper-USS L Billve B illve+ve

to accelerate the computation of replacement probabilities. Bi[j]l:Flag false;

Speci cally, before selecting replacement positions, we update return; )

and record the L2 norms of attributes only for infrequentitems. | ©lse if there is an empty bucket is[j then

(1) Data Structure. The data structure of PLNO remains Store (e, V) in the empty bucket of [B;
consistent with the basic version design. It consists of d bucket L | "€trm; _

arrays, each containing w hash buckets. Each bucket record§ind the bucket BucketRecords[k] with the smallest
a key, an n-dimensional attribute vector V , the precomputed -2 norm of attributes within BucketRecords;

L2 norm jVj of the vector, and a 1-bit Flag. The additional ReplaceCompetingltem(k, h  «(€), e, V);

elds introduced in this version are jV j, which represents the "etum;

[

distinguish between frequent and infrequent items. Case 3: e is not recorded in any of the d hash buckets,
(2) Insertion. Our design is shown in Algorithm 1. To insertand all buckets are occupied, we will nd the bucket with the
an item (e; V), we use d hash functions to map the key ofsnallest L2 norm of its values. Then, e uses the previously
to d buckets (Bhi(e)];1 6 i 6 d). When matching the key mentioned Joint Variance Optimization technique to compete
of the incoming e with those already recorded in the bucketsith the item in that bucket with the smallest L2 norm.
there are three possible cases: Notably, here we adjust the strategy so that it is not always
Case 1: e is already recorded in one of the d hash bucketsjecessary to ensure the accuracy of the L2 norms of all
speci cally By[hk(e)]. We increase and update the attributedems. Only after the replacement position has been selected



Fig. 8: Data structure & examples of HSSO and SPAO.
V1;Vy; . represent the attribute values carried by the incom-
ing item e; \¥; v2; ::: denote the attribute values stored in the
cells matched by ;% v39 ::: indicate the updated attribute
values in the corresponding cell during the competition.

hash functions results in prolonged processing time, account-
ing for over 50% of the total data insertion time. Unlike

existing sketch solutions that build one or more sketches for
each attribute and update all of them upon the arrival of each

competing items. This deviation in the L2 norm does n&ata item, our design updates only one sketch. Under this

affect the unbiasedness of the technique when searching foi'&Cture, the cost of computing muitiple hashes consitutes a
replacement in the d hash buckets signi cant portion of the total insertion time. To address this

Insertion Examples (Fig. 7): We present three examples ofssue, HSSO reduces the number of hash functions used and

inserting items where the number of attributes is n = 2relies on only a single hash function to satisfy the algorithm's

and the number of hash functions is d = 2. In the rstPf9¢eSS requirement_s. .
example, we insert the item {g2; 4). The bucket in the rst (1) Data Structure (Fig. 8). In the HSSO, a single hash func-

array corresponds to the key, so its attribute information v §§1 iS €émployed, which has been switched from the original
updated. In this case, the insertion af does not update the BobHash to MurmurHash, known for its high performance and

jVj, and the Flag is set to false. In the second example collision rate. The data structure is comprised of w hash

insert the item (g: 5;12). As neither bucket matches the ke)puckets, each containing d cells. The information recorded in

and one is empty, €is inserted into the empty bucket whereeaCh cell is consistent with that in each bucket of PLNO. We
1 1 d

. . . . . . h
V and jVj are updated, with the Flag set to true. ene G (E_’tED (where 1616d,06j6w 1)asthei
In the third example, we insert the items(@; 4). Neither cell in the j" bucket. All w hash buckets share the same hash

of the two hash buckets matches the key ef,eand both function, Qenoted gs h(). . N
are occupied. The algorithm then selects the bucket in thd Insertion. To insert an item (e;V), we now utilize a
second array with the smallest recorded jVj. Two cases itary hash function h() to associate the key of e with
occur: First, if the recorded jV | accurately re ects the trué SPeci ¢ bucket Blh(e)] among w hash buckets. When
value (i.e., Flag is true), the item can be replaced as descriti@nparing the key of the incoming e with the keys of items
earlier. Alternatively, if the recorded jV | underestimates tHfaready recorded in the d cells of the bucket:
actual value, the existing item may be incorrectly selectécPS€ 1: If e is already recorded in one of the d cells,
for replacement. In this case, the new item replaces it the algorl'_[hm updates the cor_respondlng attnbu';e V without
with a probability P. However, since jVj is updated durin%&c_alc_ulatmg the L2 norm at thls stage. The Fla_g is se'_[ to false
replacement, this mistake will be corrected in future updat indicate that the L2 norm is outdated: If this cell is later
(as illustrated in Insert Example 3 of Fig. 7). This exampl%e|eCt6d for replacement, the L2 norm will be recalculated.
highlights the good fault tolerance of our algorithm. Case 2:If e is not recorded in any of the d cells, and there
is at least one empty bucket available, we opt to record e in
o L an unoccupied cell. Notably, upon the initial insertion, the L2
B. Hash Simpli cation Structure Optimization norm is refreshed, and the Flag is set to true.

In this section, we propose the second speed-optimiz€ase 3: If e is not recorded in any of the d cells and all
version of Hyper-USS, called Hash Simpli cation Structureells within the bucket are lled, we identify the cell with the
Optimization (HSSO). Our engineering analysis indicates th&mallest L2 norm. e is put in contention with the minimum
the main performance bottleneck of Hyper-USS lies in thtem in the cell, following a process similar to PLNO.
computation of hash functions. The frequent use of multiple As outlined in Algorithm 2, the algorithm employs a single

Fig. 7: Insertion examples for PLNO (n =2;d = 2).



Algorithm 2: Insertion of (e, V) into buckets
(Optimized version: HSSO)

Input: Incoming item e, its attribute vector
V =<V 1V, 5V >

Output: Updated buckets with the item e inserted
Function ReplaceCompetingltem(i, j, e, V):

if G (B[j]):Flag is fﬁlge then

| GBIDIVI L1 GBIV %
else

| Use the stored L2 norm (BH’]):'Vj;

Calculate L2 norm of V, jVj =1 (Vo)

Calculate winning probability P for e via Eq. (1)

if random number a 2 [0;1], a P then
Replace item in @BJj]) with e;

| GBID:ve v =P
G(B[jD:jVj jVj return;
else

| GBID:v:e Ci(BlIDh:vi=(1 P)

| return;
| return;
i hee);
fori 1toddo

Record @BJj]) in CellRecords]i];
if key of e matches key in B[j]) then

| G(BLD:ve C i(BID:ve+vy;
G (B[j]):Flag false;
return;
else if there is an empty cell in; BJj]) then
Store (e, V) in the empty cell of B[j]);
Calculate L2 nogrbof V for e,

G (BlNIV] L vz
G (B[j]):Flag true;
L return;
Find the cell CellRecords[k] with the smallest L2
norm of attributes within CellRecords;
ReplaceCompetingltem(k, j, e, V);
return;
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enhancing the inherent parallelism of the algorithm. The
core advantage of SIMD lies in its ability to exploit vector
instruction sets available in modern processors (e.g., SIMD
instruction sets such as the AVX instruction set from Intel and
the NEON instruction set from ARM) for ef cient parallel
execution and data-intensive computation. Combined with
the structural characteristics of our algorithm, this further
improves insertion performance. Speci cally, SPAO leverages
the SIMD strategy to optimize computational ef ciency by
parallelizing three main parts of our algorithm (shown in
Fig. 8): (1) matching the key of the new item with the d
cells in the bucket, (2) updating the corresponding attributes
if a match is found, and (3) probabilistically updating each
attribute with probability P or 1 P during a competition.

It is important to note that this optimization is only ef-
fective when the execution environment supports it. That is,
the CPU could provide the necessary SIMD instruction sets.
Compared to previous versions, this optimization achieves the
best performance when a large number of attributes can be
processed in parallel and memory alignment is satis ed, which
is constrained by the width of SIMD registers. For example,
suppose the processor supports AVX or AVX2 (with 256-bit
registers) and each attribute is 32 bits in size. In that case,
the performance gain is most signi cant when the number of
updated attributes is a multiple of 8, allowing fully aligned
batch updates without incurring additional overhead. This is
con rmed in our subsequent experimental evaluation (x VI-B).

V1. EXPERIMENTAL RESULTS

We conduct extensive experiments to compare Hyper-USS
and its speed-optimized versions with the SOTA sketch so-
lutions [3]-[6] on subset queries over multi-attribute data
streams, aiming to answer the following questions:

Q1: How does the insertion throughput of our methods
compare with USS [3] and CocoSketch [4] when multiple

statistical attributes are involved (x VI-B);

Q2: How does the accuracy of our methods compare with
USS and CocoSketch when multiple statistical attributes are
involved (x VI-C);

Q3: How is the performance of our methods affected by
different parameter settings (x VI-D);

Q4: How does our algorithm perform when subset query
support is extended to arbitrary predicate combinations, as |-

hash function in place of the previous d hash functiongering conditions compared with Omnisketch [5], [6] (x VI-E).

Concerning data insertion, the operations conducted on hasly, particular, OmniSketch supports subset queries with
buckets in the PLNO are translated to cell operations in tBgpitrary predicate combinations (x 1-B) by maintaining a
HSSO, with the rest of the process remaining consistent. separate sketch for each lItering attribute. To straightforwardly

C. SIMD Parallel Acceleration Optimization

support multiple statistical attributes, one needs to build a
separate OmniSketch instance for each. Since each instance

In this section, we introduce the SIMD Parallel Acceleratioplready contains multiple sketches, this greatly reduces the
Optimization (SPAO) version, which fully exploits the inherenpracticality of the algorithm. Therefore, for queries involving
support of our a|g0rithm for consecutive memory access multiple statistical attributes, we adopt USS and CocoSketch
order to adapt to the Single Instruction, Multiple Data (SIMD§s baselines, while OmniSketch remains the best candidate for

parallel strategy [27] for performance acceleration.

supporting arbitrary predicates over one statistical attribute.

Parallel processing strategies typically rely on data being
stored in contiguous memory. The single-hash optimizatigh Experimental Setup
based on HSSO aggregates relevant data into the same budkgtilementation: We implement Hyper-USS and its competi-
allowing them to be stored in contiguous memory and therebyrs, and the code is open-sourced on GitHub [28]. As in
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previous work [3], we implement a throughput-enhanced USS Throughput Evaluation

with a hash table and a double-linked list, because the naivgys eyaluate the insertion throughput of Hyper-USS and its
USS is too slow. In the optimized USS, the hash table is usgf. speed-optimized versions by comparing them with two

to accelerate the process of checking whether and where a k@Y1a syetches CocoSketch and USS. under subset queries

is stored in the data structure, and the double link list is usediﬁ?/olving multiple statistical attributes on the Synthetic and

accelerate nding the minimal bucket by sorting buckets. FQiieq gatasets. We evaluate the insertion throughput of algo-
Cochketch, we use the recomrr_lended pargmeters in [4]. Fifims under varying memory sizes in both high-dimensional

Omn|$ketch, we follow the experimental settings and datasglSy |ow-dimensional settings, determined by the number of
used in [5], [6]. In the default con guration for Hyper-USSip tes. Settings with more than 8 attributes are considered
and its speed-optimized versions, the parameter d is setyigy jimensional, and those with fewer are low-dimensional.

4. And we set the key length to 16 bytes and the length @his threshold is based on the 256-bit SIMD registers used in
each statistical attribute to 4 bytes. The number of attrlﬁuteéur implementation, which can process 8 or any multiple of 8

carried by. eachl dfata |.tem IS deg()ted I?Shn. , attributes in parallel. We validate our tests under both common
Computation Platform: We conduct all the experiments on memory settings (around 300700 KB) [3], [4], [20]-[22], [26]

a single-socket CPL:] serverl (IfnteI(R) Core(TM) ig'10980)('51nd small memory settings (around 20—60 KB). The evaluation
CPU@3.00GH?z) with a total of 36 cores (18 cores per sockgh o the small memory settings is further conducted to

Wri]th 2 threads per core), accfompanigd by ]jZSGB Of,mT”&F’%aximize the likelihood that the sketch runs entirely within
The CPU supports a range of SIMD instruction sets, inclu Nfe L1/L2 cache, thereby improving computational ef ciency.

SSE (128-bit registers) and A\(X/AVXZ (256-bit registers). The tests show that Hyper-USS and its speed-optimized
Datasets: We use one synthetic and' three real-wqud datas?/tgrsions achieve higher insertion throughput. For high-
(1) The Synthetic dat_aset. The key_s in the synthetic datasetlfﬁrn%ensional attribute data insertion, SPAO performs best when
ra_md(_)mly generated integers. To simulate the heavy-tailed e number of attributes is a multiple of 8, as this fully utilizes
tribution in real-world workload, the frequency of keys follow§he 256-bit SIMD registers: in other cases, HSSO proves to
the Zipf distribution [46] with skewness 1:5 according to [23] e the most ef cient. while iDLNO offers a b,alanced trade-off
[47]. The dataset contains 50M items, each with a con gurabEeetween of ciency a,n d accuracy (x VI-C)

key size and a con gurable number of statistical attributes. . . ]
. ; e 1) Experiments on the Synthetic Dataset:
Attribute values are sampled from exponential distributions . . .
Since the number of attributes is con gurable, we generate

with means ranging from 1 to 16. dataset with up to 32 statistical attribut
(2) The Criteo dataset. The Criteo dataset [48] contains feaumée ataset with up to statistical attributes.

values and click feedback for millions of display ads over 24!3h-Dimensional Attribute Data Insertion(Fig. 9(a)): Ex-
days. The Criteo dataset contains 26 categorical features 2fgmental results show that the speed-optimized versions
13 integer features. USS [3] uses this dataset to evaluate sufiseflyPer-USS achieve signi cant acceleration under small
queries. We select 4 categorical features as the key and rpgmory. Speci cally, when the number of ;tatlstlc_:al attributes
integer features as attributes and use the rst 50M items. n=32, the_a\(erage thr_oughput of the basic version _and three
(3) The CAIDA dataset. The CAIDA dataset [49] contains or?€€d-Optimized versions reaches nearly 12.60 Mips, 17.74
hour of anonymous network traces collected from the EquiniiPS: 19.23 Mips, and 22.61 Mips, respectively. In compari-

Chicago monitor in 2018. We use the source IP and destinatifp’» €0coSketch and USS achieve only 1.04 Mips and 0.383
IP as the ID of items and use two statistical attributes: tHdiPS- AS shown in Table IV, the speedup of Hyper-USS over

packet size and the packet interval. We use 1-minute intervar2c0Sketch and USS ranges from 11.12x to 20.74x and from
which contain around 27M items and 85K distinct items. 31-90% to 58.03x, respectively. Additionally, under common

(4) The SNMP dataset. The SNMP dataset [5] contains recof@§MOry ranging from 300 to 700 KB, our algorithms achieve
collected from the wireless network of Dartmouth ColleggP€€dups ranging from 17.18x to 23.52x over CocoSketch and

during the fall of 2003, and contains 8.2 million records witffom 49.29x to 66.82x over USS.

11 elds. All 11 elds are selected as the key. A statisticaI]-ABLE IV: Throughput Improvement over SOTA (20-60 KB).
attribute is de ned as the count of keys matching lters over

Throughput Improvement

selected subsets of these elds. Algorithm Comparison Synthetic Dataset
Metrics: We use the following metrics to evaluate insertion Our Baseline n=32 n=4
ef ciency and estimation accuracy. Hyper-USS Coclj’ssget‘?h e 2
(1) Throughput (Mips). Millions of items per second. The CocoSketchl 16:06 551
throughput numbers are the median value among 5 inde- PLNO USS | 4531 815
pendent trials. Insertion time and throughput are reciprocal, CocoSketch| 17:49 3:53

: , - HSSO USS [ 4921 10:81
assuming consistent units. j .

) P fs) HS) SPAO CocoSketch| 20:74 3:22
(2) Average Relative Error (ARE):- s, “gy USS 58:03 10:01
where f(S) is the ground trutHfQS) is the output query result,
and is the query set. P . _ Low-Dimensional Attribute Data Insertion(Fig. 9(b)): Ex-
(3) Average Absolute Error (AAE)—2 jis) M) j perimental results on low-dimensional attribute insertion under
o

both small and common memory show that HSSO achieves the
3Unless stated otherwise, “attributes” refer to statistical attributes. best optimization performance. This is because the accelera-
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(a) High-dimensional attributes (n = 32) (b) Low-dimensional attributes (n = 4)
Fig. 9: Experimenting for insertion throughput on the Synthetic Dataset.

(a) High-dimensional attributes (n = 13) (b) Low-dimensional attributes (n = 4)
Fig. 10: Experimenting for insertion throughput on the Criteo Dataset.

(a) Subset sum - ARE (b) Subset sum - AAE

(c) Subset ratio - ARE (d) Subset ratio - AAE
Fig. 11: Experiments for the subset query on the Synthetic dataset.

tion of SPAO depends on a large and well-aligned number 6t a multiple of 8. As a result, the advantage of SPAO is less
attributes. When the number of attributes is smaller than whabnounced, and it even performs slightly worse than HSSO
the SIMD register can process at once, additional overheander common memory.
is incurred to manage batch processing, making SPAO ldssv-Dimensional Attributes Data Insertion(Fig. 10(b)):
ef cient than HSSO in such cases. The insertion throughpkbr low-dimensional attribute data processed under common
of HSSO reaches 42:12 Mips, while CocoSketch and U3&mory conditions, the HSSO that we proposed achieves
achieve 9:12 Mips and 3:62 Mips, respectively. This increasasthroughput of 46.02 Mips, representing improvements of
the throughput by 3:62 and 10:64 , respectively. 4.13 and 11.26, respectively.

2) Experiments on the Real-World Dataset:

Following [3], we use the Criteo dataset as a representatize Accuracy Evaluation
real-world dataset for evaluation in this subsection. We evaluate the accuracy of algorithms on both subset
High-Dimensional Attributes Data Insertion(Fig. 10(a)): queries with multiple attributes and point queries. We compute
For high-dimensional attribute data under small memorihe average metric across all trials and all statistical attributes
SPAO and HSSO achieve nearly identical throughput, reaam selected items. It is worth noting that large AAE values
ing approximately 25.04 Mips. In contrast, CocoSketch anday result from the high magnitudes of statistical attributes
USS only reach 1.95 Mips and 0.54 Mips, corresponding to some datasets. Our evaluation focuses on the relative
improvements of 11.83x and 45.40x%, respectively. It is worthAE differences across algorithms. ARE remains the primary
noting that the dataset contains at most 13 attributes, whichaiscuracy metric, particularly when its value is below 1. In
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