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Quantile estimation in data streams is a fundamental task in data analysis. Data structures named quantile

sketches are constructed to summarize data and estimate quantiles using limited storage. Duplicate data

records often occur in real-world data, while there is no relevant design or analysis in existing quantile sketches,

including the best known method KLL sketch. In this paper, we present DupliSketch, a quantile sketch with

optimizations for duplicates. The sketch compresses arrival duplicates into elements and performs randomized

compaction operations to meet the space limit. To better summarize heavy-tailed data, DupliSketch maintains

values frequent enough dynamically and counts them separately, while summarizes other values with weighted

elements obtained from compactions. Analyses show its error in rank estimation, space complexity to provide

error guarantees under input with duplicates, and time complexity. The approach is deployed as a user-defined

function in a database Apache IoTDB. Extensive experiments support the theoretical analyses and compare

DupliSketch with existing methods on real and synthetic datasets. On average, the error of the DupliSketch is

44% smaller than that of the baseline methods under the same space limit.
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1 Introduction
Computing quantiles of data is a fundamental task in data science. As order statistics, typical

quantiles such as the median, the 95th and the 99th percentiles are frequently used in downstream

tasks, including data profiling [27, 33, 46], outlier detection [8] and monitoring data [20, 35, 39].

In practice, when monitoring real-time data or analyzing unordered data on disk, data arrive in

a one-pass streaming fashion. In this one-pass streaming scenario, quantiles are impossible to

compute exactly without loading all data into memory [38], which is often not affordable. Thus, the

common solution is to summarize data with a size-limited structure in memory, named quantile

sketch or summary [10, 12, 41], to provide estimated ranks and quantiles.

Formally, given a multiset of values {x1, x2, . . . , xN } drawn from the universe U equipped with a

total order, the rank of a value x, R(x), is the number of values such that x𝑖 ≤ x, and the 𝜙-quantile

Q(𝜙) is the value x such that R(x) = 𝜙N . A vast body of work [3, 4, 21, 25, 31, 34], like ours,
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Fig. 1. An overview of summarizing a data stream with duplicates (a). When processed by a standard KLL
sketch (b), the high-frequency value ‘2’ is scattered across multiple levels, leading to inaccuracies. In contrast,
our proposed DupliSketch (c) uses duplicate compression for general efficiency and employs frequent-
value tracking to ensure accuracy for frequent values.

focuses on providing a uniform (additive) 𝜖N error guarantee: |R(x, S) − R(x) | ≤ 𝜖N for any x ∈ U .

Research in this area has culminated in the KLL sketch [31], which is widely regarded for its

near-optimal space complexity and excellent practical performance [12]. However, when faced with

real-world data streams where duplicate values are ubiquitous, KLL’s core compaction mechanism

reveals significant limitations in both accuracy and efficiency, motivating the need for a new design

paradigm.

1.1 Motivation and Intuition
Duplicate records are common in real-world data, arising from sources such as limited-precision

sensors, default values, or heavy-tailed distributions inherent in many natural phenomena [24, 30,

32]. For instance, in the Price [16] dataset containing 6.7×107 purchase prices, the most frequent 1%

of distinct values account for 45% of the total data. Despite this, existing quantile sketches, including

KLL [31] and its enhancements like KLL± [45] and ReqSketch [11], do not have specialized designs

for handling duplicates and their high frequencies.

To illustrate the core problem, consider the data stream shown in Figure 1(a), where the value

‘2’ is a frequent value. When this stream is processed by a standard KLL sketch, the result is a

structure like that depicted in Figure 1(b). The issues with this approach are twofold. First, it leads

to redundant storage by storing multiple items with the same value individually. Second, and

more critically, KLL’s mechanism scatters instances of the value ‘2’ across multiple levels, and

the final estimated frequency is derived from high-weight sample elements. These samples are

themselves lossy summaries of potentially heterogeneous items, introducing significant uncertainty

and inaccuracy.

Our work, DupliSketch, directly addresses these limitations, as shown in Figure 1(c). It introduces

two key ideas. First, to tackle redundant storage, it employs (1) duplicate compression, which
efficiently represents repeating items (e.g., the three instances of value ‘3’) as a single, compact

(value, count) pair. Furthermore, to solve the critical issue of inaccuracy for frequent values, it

introduces (2) frequent-value tracking. This mechanism identifies the globally frequent value

‘2’, separates its pure instances from the lossy compaction process, and consolidates them into a

dedicated, precise counter. This two-pronged strategy results in a more robust and reliable summary

that is both space-efficient and accurate for distributions with frequent values.

1.2 Challenge
The primary challenge is to design a sketch that can dynamically distinguish between globally

frequent values and locally repeating items without any prior knowledge of the data’s duplication
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patterns or frequency distribution. While storing the frequency of duplicate values is an intuitive

idea, integrating it into a theoretically-guaranteed sketch like KLL presents three non-trivial

challenges, which directly correspond to our main contributions:

(1) Dynamic Frequent-Value Tracking: Designing a low-overhead dynamic mechanism to

accurately identify frequent values and adapt to distribution shifts on top of this new structure.

(2) Generalized Sketch Maintenance: Designing a generalized data structure and compaction

process to handle (value, count) pairs instead of single items, without violating the core principles

of KLL’s leveled design.

(3) Rigorous Theoretical Guarantees: Providing a rigorous theoretical analysis for this com-

plex, two-part system to prove that our innovations lead to provably tighter error and space bounds

under duplication.

1.3 Contribution
To tackle the aforesaid challenges with duplicates, our major technique contributions in this study

are as follows.

(1) We propose a novel sketch structure that efficiently represents duplicate data. To enable

more accurate frequency estimation, we introduce two classes of weighted elements to distinguish

between pure duplicates and mixed samples, and generalize the compaction operation to handle

them (Section 3.1 and 3.3).

(2) Building upon this structure, we design a dynamic mechanism for frequent-value tracking.

This includes methods for estimating global frequencies from the sketch, a dynamic threshold for

identifying frequent values, and processes for upgrading or degrading items as the data distribution

evolves over time (Section 3.4).

(3) We present the process of maintaining the size-limited sketch including compressing arrival

data, performing compaction operations and maintaining frequent values in Sections 3.2, 3.3 and

3.4. The amortized time complexity of the sketch construction in Section 3.5 is shown in Proposition

4.6.

(4) We analyze the error bound and space cost of our sketch. The error bound always benefits

from the compact representation of duplicates (Proposition 4.2). Furthermore, under our 𝑐-Batched

Duplicates model, we provide theoretical results showing how the error bound and space cost

improve as the degree of duplication increases (Propositions 4.3 and 4.4).

(5) We deploy the sketch in a time-series database Apache IoTDB [23] and conduct extensive ex-

periments on real-world and synthetic data in Section 5. Experiment results support our theoretical

analyses and demonstrate the superiority.

To ensure reproducibility, the code and data for our experiments are publicly available [9].

Furthermore, the core implementation of our proposal has been included in the GitHub repository

of the deployed system [28].

2 Preliminary
In the domain of stream processing, quantile estimation is a fundamental task. Due to the inability

to store an entire stream in memory, algorithms typically employ a compact data structure known

as a “quantile sketch” to summarize the data within a limited space. This sketch is then used to

provide high-accuracy approximate answers to quantile queries. Among the many quantile sketch

algorithms, the KLL sketch [31] has become a gold standard and a crucial baseline in the field,

owing to its strong theoretical guarantees and excellent practical performance. As the design

of DupliSketch is deeply informed by KLL’s architecture, we first review the key concepts of its

leveled-compactor framework below.
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Table 1. Notations

Symbol Description

N Amount of data {x1, ...xN } in data stream

U Universe of data

S The quantile sketch summarizing data

M Size limit of sketch S
R(x) Actual rank of value x in data

Q(𝜙) Value of 𝜙-quantile

R(x, S) Estimated rank of value x in sketch S
Q(𝜙, S) Estimated 𝜙-quantile in sketch S

H Number of compactors in sketch S
S[h] Compactor at height h in sketch S, where 1 ≤ h ≤ H

S[1] .EF Set of frequent elements

S[h] .ED Set of duplicate elements in compactor S[h]
S[h] .ES Set of sample elements in compactor S[h] , 2 ≤ h ≤ 𝐻

𝛾 Capacity decrement factor for compactors

B Buffer for new arrival data at height 1

wh Weight of elements in compactor S[h]
mh Number of compactions performed at height h

TotCh Total number of items in compactor S[h]

The core data structure of a KLL sketch is a sequence of leveled compactors. The entire sketch
consists of multiple levels, or compactors, indexed fromℎ = 1 to𝐻 and denoted as 𝑆 [1], 𝑆 [2], . . . , 𝑆 [𝐻 ] .
Each compactor at level ℎ contains a set of items, all of which share the same weight,𝑤ℎ = 2

ℎ−1
.

This weight signifies that a single item at level ℎ conceptually represents 2
ℎ−1

items from the

original data stream. This hierarchical, weighted structure is key to KLL’s efficiency, as it maintains

higher precision for more recent data at lower levels while summarizing vast amounts of older data

with less precision at higher levels.

To maintain its fixed memory footprint, KLL periodically performs a compaction operation. In

practical implementations, new items from the stream are first accumulated in an input buffer.
When this buffer becomes full, its contents are sorted and merged into the bottom-level compactor,

𝑆 [1] . A compaction is triggered whenever a compactor 𝑆 [ℎ] subsequently exceeds its capacity limit.

The operation takes all items from the full compactor, sorts them, and then culls their number

through a randomized and lossy process. A classic implementation of this process is to randomly

choose, with equal probability, to keep either all even-indexed items or all odd-indexed items. For

instance, after sorting a full compactor of 10 items, the algorithm might keep only the 5 items at

odd-numbered positions. The selected subset is then “promoted” to the next level, 𝑆 [ℎ+1] , where its
weight is correspondingly doubled.

In summary, KLL’s foundational design rests on two key pillars: (1) a hierarchical, weighted

structure of leveled compactors to manage data summaries at different granularities, and (2) a

randomized compaction process to maintain a fixed memory footprint.

Figure 2 contrasts the standard KLL architecture with that of DupliSketch, visually highlighting

our two main new components: (1) the use of compressed (value, count) elements within the leveled

compactors, and (2) the addition of a separate list for frequent-value tracking.
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Fig. 2. A comparison of (a) the standard KLL sketch architecture, and (b) our proposed DupliSketch.

Fig. 3. Overview of techniques in the solution

3 Duplicate Sketch
This section introduces DupliSketch, a new quantile sketch specifically designed to efficiently

process data streams with a high degree of duplication. At its core, DupliSketch introduces two

main innovations: a compact representation for duplicate items and a dynamic tracking mechanism

for globally frequent values. Figure 3 gives an overview of the method, summarizing the techniques

in the following sections: Section 3.1 shows the sketch structure and definitions, Section 3.2

compresses new arrival data, Section 3.3 performs generalized compactions, Section 3.4 maintains

frequent values, and Section 3.5 constructs the full sketch.

3.1 Sketch Structure
Our design builds upon KLL’s foundational compaction method. Our key innovation is to generalize

this process to operate on (value, count) pairs, and handle the creation of both sample and

duplicate elements for the next level. Moreover, we introduce a separate mechanism for tracking

frequent values.

3.1.1 Compressed Compactor. The architecture of DupliSketch is built upon the well-established

foundation of leveled sketches [11, 31, 34, 45], as introduced in Section 2. Our sketch S consists of a
sequence of H compactors, S[1] . . . S[H ] , identified by their height. The bottom compactor S[1] is at
height 1, and each compactor S[h] contains elements with a weight of wh = 2

h−1
.

To specifically handle duplicates, DupliSketch departs from the traditional design by incorporat-

ing two key features into this structure. First, it employs a compact (value,count) representation

for repeating items. Second, it maintains a separate, lossless counter for globally frequent values.

These features are formalized in the following definitions.
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Fig. 4. Example of (a) a bottom compactor S[1] and (b) a compactor S[h] at some height h ≥ 2.

Definition 3.1. The bottom compactor is S[1] = {EF , ED}, where the frequent elements EF =

{(vF 𝑖 , cF 𝑖 )}, vF 𝑖 < vF 𝑖+1 are (value, count) pairs representing frequent data, ED = {(vD𝑖 , cD𝑖 )}, vD𝑖 <
vD𝑖+1 are (value, count) pairs representing non-frequent data.

Non-frequent data in the bottom level will become duplicate elements, after items from the

buffer are first grouped by value into pristine (value, count) pairs. The frequent elements in S[1]
represent data with a frequency known to exceed the threshold of 2

H−1
. To keep the frequency of

data while summarizing them, we introduce two types of element in high-level compactors and

define them as follows:

Definition 3.2. The compactor at height h ≥ 2 is S[h] = {ES, ED}, where the sample elements

ES = {(vS𝑖 , cS𝑖 )}, vS𝑖 < vS𝑖+1 and the duplicate elements ED = {(vD𝑖 , cD𝑖 )}, vD𝑖 < vD𝑖+1 are (value,
count) pairs.

𝐸𝐷 in Definitions 3.1 and 3.2 are the same as non-frequent elements in S[1] are all duplicate
elements with w1 = 1. The two types of elements are the same in weight wh = 2

h−1
but different

in data representation. A sample element (vS𝑖 , cS𝑖 ) summarizes cS𝑖 · 2ℎ−1 data whose values may

be different, while a duplicate element (vD𝑖 , cD𝑖 ) represents cD𝑖 · 2ℎ−1 data with the same value

vD𝑖 . Since sample elements do not help understand the frequency of values, duplicate elements are

essential for determining frequent values.

Example 3.3. In DupliSketch, 𝐻 denotes the total sketch height, and ℎ is a compactor’s level

index. Figure 4 shows a bottom compactor and a compactor at some height h ≥ 2. The frequency

threshold is 2
𝐻−1 = 4. The frequent elements 𝐸𝐹 = {(3, 5), (4, 6)} represent that the data with

values 3 and 4 are known to occur 5 and 6 times, respectively. In Figure 4(b), the sample element

(5, 2) summarizes 2 · 2h−1 data, and the duplicate element (5, 3) represents 3 · 2h−1 data with the

same value of 5. Note that the counts equal to 1 are omitted in the figure, since they are not stored

as introduced later.

Each compactor S[h] has a capacity of 𝛾H−hK , where 𝛾 ∈ ( 1
2
, 1) is the decrement factor and K is

the capacity of the top compactor. That is, the capacity decreases exponentially at lower heights as

that in [11, 31, 45]. Since compactors are compressed, the real number of elements in a compactor

is the sum of the counts and is denoted as TotCh. Thus, we set the capacity of the top compactor as

K =
∑ℎ=H

ℎ=1
TotCℎ/

∑ℎ=H
ℎ=1

𝛾H−ℎ .

Example 3.4. Figure 3 shows an example of the calculation of TotCh. For the bottom compactor

S[1] , there are 3 items in the buffer, and 𝐸𝐷 = {(2, 2), (5, 1)}, so TotC1 = 3 + 2 + 1 = 6. Similarly, for

the top compactor S[3] , TotC3 = 2 + 1 + 1 + 1 = 5.

3.1.2 Storage in Memory. Existing works [1, 29] propose to implement the leveled quantile sketch

with a shared array and we extend the technique here. Compared to list-based data structures, a

shared array can avoid some constant factor in space [29]. As shown in Figure 5, there is no gap

between sub-arrays each representing a compressed compactor.
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Fig. 5. DupliSketch stored in memory as an array
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Fig. 6. Example of compressing buffered values into the bottom compressed compactor S[1]

Note that we do not use the trivial form of (value, count) pairs to store elements except the

frequent elements, since it takes more space than no pairs when the count is 1. Instead, we separately

store the values and information about counts that are at least 2. That is, we store a (p𝑖 , c𝑖 ) pair
to represent that the p𝑖-th value has a count of c𝑖 ≥ 2, which is denoted as PS and PD in Figure 5.

Thus, the proposed technique takes less space than no pairs in all cases.

3.1.3 Rank andQuantile Estimation. Estimating ranks and quantiles in the sketch are straightfor-

ward since all the elements are weighted (value, count) pairs. For any value 𝑥 , its rank is estimated

by the sum of the weight of elements with values smaller or equal than 𝑥 . For example, the estimated

rank of value 3 in the compactor S[h] in Figure 4(b) is R(3, S[h]) = (2 + 1) · 2h−1 = 3 · 2h−1, since the
elements with values 2 and 3 occur 2+1 = 3 times in total. The estimated rank of 𝑥 in the sketch S is
simply R(𝑥, S) = ∑h=H

h=1 R(𝑥, S[h]). The estimated 𝜙-quantile in S is Q(𝜙, S) = min{𝑥 |R(𝑥, S) ≥ 𝜙N }.

3.2 Compress Data to Compactor
The new arrivals in the input stream should be compressed as elements in S[1] before being

summarized further. Inserting a single data takes 𝑂 ( |S[1] |) time in the worst case, therefore, we set

a buffer B for new arrivals and compress all buffered data. When the buffer is full, the buffered data

are sorted andmerged. Our key innovation here is to generalize this merge step to dynamically check

if an item belongs to either the frequent elements S[1] .EF or the duplicate elements S[1] .ED . Since
elements are ordered by value, the merge process is similar to a MergeSort and takes𝑂 ( |B| + |S[1] |)
time with temporary space.

Example 3.5. This example illustrates the entire process that transitions the sketch from state (a)

to state (b) in Figure 6. It shows an example of compressing the buffered data {2, 2, 1, 4, 3, 4} into
S[1] . The data 3 and two data 4 are found to be frequent and the corresponding counts are updated.

Note that the two data 2 change the count of value 2 from 1 to 3, and the sketch does not store a

count equal to 1 as in Section 3.1.2, so the corresponding count information is created in S[1] .ED .

As in Algorithm 1, buffered data are sorted and scanned to update S[1] . Either S[1] .CF or

S[1] .VD, S[1] .PD will be updated, depending on whether the data is found to be frequent enough or

not. The whole update process in Lines 2 to 5 takes𝑂 ( |B| +S[1]) time, because the data scanning and

items in S[1] are all ordered, which is similar to a MergeSort. For the method that sorts the buffer

before merging, utilizing a duplicate-friendly sorter like Counting Sort [5], 3-way Quicksort [42], or

dual-pivot quicksort [43] like Java’s Arrays.sort, is beneficial. There is a trade-off that Counting

Sort is fast but only works for small ranges of integers, 3-way Quicksort specifically divides the

region of equal values, while dual-pivot quicksort utilizes the asymmetry of comparison [43].
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Algorithm 1: Compress_Buffer

Input: The bottom compactor S[1] , Buffer 𝐵
Output: S[1] merged with 𝐵

1 sort B;
2 for data 𝑏 in 𝐵 do
3 if 𝑏 ∈ S[1] .VF then update S[1] .CF ;

4 else update S[1] .VD and S[1] .PD ;

5 end
6 clear Buffer B;

(a1)

2 2 2 3 4 5 5 6 6 6 6 6(a2)

2 2 4 5 6 6(b1) 2 3 5 6 6 6(b2)

(c1)
2 4 5 3 5 6

(c2)
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D
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1 3 CountDuplicate value3 Sample value
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2 4 63 5
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Fig. 7. A randomized compaction performed on S[h] with compressed elements in (a1) equivalent to (a2).
It selects and compresses odd-indexed elements as in (b1)(c1) or even-indexed elements as in (b2)(c2) with
equal probability.

3.3 Compressed Compaction
This section details the compaction operation, which summarizes elements from level h to h + 1.
Our process builds upon KLL’s foundational randomized compaction method. Our key innovation

is to generalize this process to operate on (value, count) pairs, which requires a mechanism to

handle the creation of both sample and duplicate elements at the next level.

The compaction mechanism in DupliSketch generalizes the randomized selection process (in-

troduced in Section 2) to accommodate our two distinct element types. The process still involves

selecting either all even-indexed or all odd-indexed items for promotion. However, the type of

the resulting element at the next level depends on the items being compacted: a new duplicate
element is formed only if two duplicate elements with the same value are merged. In all other

cases (such as merging a sample element with a duplicate element, or two duplicate elements with

different values), a new sample element is created to reflect the summarized uncertainty. The

resulting elements are then merged into S[h+1] . Note that frequent elements stored in S[1] are never
involved in this compaction process.

Example 3.6. This example provides a detailed, step-by-stepwalkthrough of the CompressCompactor
operation. The selection process of odd/even indexed items in (a2) is the randomized process of keep-

ing either all odd- or all even-indexed items from a sorted list to perform compaction. (b1) and (b2)

show the details of keeping odd-indexed and even-indexed uncompressed elements, respectively.

Randomness brings two possible results shown in (c1) and (c2) with equal probability.
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Algorithm 2: Compaction

Input: A compressed compactor S[h]
Output: S′[h+1] to be merged with 𝑆 [h+1]

1 S′[h+1], index ← ∅, Random(0,1) ;

2 for duplicate item (v,c) in S[h] ordered by v do
3 if c > 1 then
4 if (v,c) is from S[h] .VD, S[h] .PD then update S′[h+1] .VD, S′[h+1] .PD with

(v,⌊c/2⌋) ;
5 else update S′[h+1] .VS, S′[h+1] .PS with (v,⌊c/2⌋) ;
6 if c MOD 2 = 0 then continue;
7 end
8 if index = 1 then update S′[h+1] .VS, S′[h+1] .PS with (v,1) ;
9 index ← index XOR 1;

10 end

Algorithm 2 shows the randomized compaction in a compactor S[h] . In Line 1, index=0 or index=1
corresponds to keeping even-indexed or odd-indexed uncompressed items, respectively. Line 2

iterates each compressed item with value 𝑣 occurring 𝑐 times (𝑐=1 if no count information), except

the frequent values in S[1] .VF , S[1] .CF since they do not involve in compactions. Lines 3 to 7 deal

with duplicate items. Only duplicate items occurred multiple times in S[h] .VD, S[h] .PD still represent

duplicate data after the compaction. Though there are no sample items in the bottom compactor

S[1] , sample items at height h + 1 are generated when compacting two items at height h with

different values or types as in Line 8.

3.4 Counting Frequent Values
This section details our dynamic frequent-value tracking system, a core innovation of DupliSketch

not present in the standard KLL. As introduced, frequent values are counted separately in S[1]
and not influenced by compactions. The advantage is that new arrivals of those values will not

introduce any error, while the disadvantage is a fixed space occupation in the sketch. Intuitively,

values should be counted when frequent enough, otherwise they should be summarized by the

leveled compactors.

3.4.1 Dynamic Threshold of Frequent Values. The first problem is the determination of frequent

values. Recall that duplicate elements represent data with the same value, the sketch S provides
an approximated frequency of any value x, denoted as fD (x, S). It is a lower bound of the real

frequency according to the compressed compaction. DupliSketch considers value x to be frequent

enough when fD (x, S) is above the threshold. Note that the maximum weight of elements in sketch

with height H is 2
H−1

, when fD (x, S) > 2
H−1

, replacing all duplicate elements with value x in the

compactors with a frequent element in S[1] is more space-efficient. Thus, the threshold is set to be

2
H−1

, which dynamically grows as more data are inserted into the sketch.

3.4.2 Upgrading Frequent Values. Though the threshold of frequent values is defined, it can be

costly to check and upgrade new frequent values during the streaming input. Computing the

estimated frequency fD (x, S) and turning duplicate elements into frequent elements need to scan

or move all elements in the sketch. DupliSketch checks all values of duplicate elements to find new
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Fig. 9. Degrading the value 3 no longer frequent enough when the threshold 2
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frequent values with temporary space when a compaction at height H − 1 is triggered. In this way,

the cost of generating new frequent elements is the same as that of the compaction at height H − 1.

Example 3.7. Figure 8 shows the upgrade of frequent values in the sketch. The sketch in Figure

8(a) triggers a compaction at height H − 1 = 2 and becomes Figure 8(b), where the four frequent

elements with value 1 in S[2] are summarized as two frequent elements in S[3] . After the compaction,

the value 1 is found to be frequent enough since fD (1, S)= 2 × 22 + 1 = 9 exceeds the threshold of

2
H−1 = 4. Then all duplicate elements with value 1 are removed, and a new frequent element in

S[1] is generated as in Figure 8(c).

3.4.3 Degrading Values No Longer Frequent. When the threshold 2
H−1

grows, some frequent

elements in S[1] might be not frequent enough. The threshold of 2
H−1

changes only when the

height of sketch increases, i.e., there is a compaction at height H . When the threshold increases,

all frequent elements in S[1] are checked. Values no longer frequent are inserted into leveled

compactors according to the binary representation of their counts. Again, the time cost is the same

as the compaction at height H .

Example 3.8. Figure 9 shows processing data no longer frequent when the threshold 2
H−1

grows.

The sketch in Figure 9(a) triggers a compaction at height 2 and H increases to 3 in Figure 9(b). Then

the value 3 is found to be not frequent enough. As in Figure 9(c), the frequent element is degraded

into duplicate elements in S[1] and S[2] because the count is 3 = 2
0 + 21.

3.5 DupliSketch Construction
Nowwe can construct a size-limited sketch from the streaming input with the techniques introduced

above. When the new data arrives, it is simply appended to the buffer if there is empty space; other-

wise the following process is repeated to create free space. Our process adopts KLL’s foundational
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Fig. 10. Example of constructing a sketch with a size limit of 8. Subfigures are snapshots of the sketch.
DupliSketch compresses buffer or performs compaction for free space. Data 2 and 4 are found frequent when
H = 2 (c3). As more input and H becomes 3, 4 is not frequent enough (d3).

framework: appending new data to a buffer and triggering compactions on the lowest full com-

pactor. Our key innovations are the integration of our generalized operations (Compress_Buffer
and Compaction) and, crucially, the dynamic maintenance (upgrading/degrading) of frequent

values.

The sketch compresses the buffer B into S[1] , and if |B| log |B| ≥ |S[1] |, i.e., not many data are

compressed, it triggers a compaction. The compaction is performed on the lowest compactor S[h]
that exceeds its capacity defined in Section 3.1.1. Note that the process may repeat several times

because a single compaction may not create free space due to the (value, count) pairs. During data

summation, the sketch maintains frequent values dynamically as in Sections 3.4.2 and 3.4.3.

Example 3.9. Figure 10 shows snapshots of the sketch with limited size M = 8 during input data

stream. The first 8 data are simply in buffer as in Figure 10(a). The buffer is then compressed in

(b1), creating 4 free spaces for the following arrival data {4, 2, 3, 1} as in (b2). Then the buffer is

compressed in (c1) and a compaction is triggered because the buffer is small, resulting in (c2). After

that, the values {2, 4} are found and upgraded to frequent elements in S[1] as in (c3). After the

input of {2, 2}, the buffer is compressed and a compaction is triggered at height 2. The height of

the sketch increases to H = 3 as in (d2) and the value 4 is found to be no longer frequent enough. 4

is degraded to a duplicate element in S[3] in (d3) because its count is 4 = 2
2
.

When the new data arrives, the algorithm simply appends the data to the buffer if there is empty

space in memory, otherwise it creates free space by compressing buffered data or performing

compactions as in Lines 4...12. In Line 5, |B| log |B| is the cost of sorting the buffer and |S[1] | is the
cost of building the result compactor. This condition acts as an amortization heuristic: a compaction

is triggered only if the previous buffer compression was not effective enough in reducing the

number of items. Otherwise, the lowest compactor S[h] that exceeds its capacity is found and a

compaction at height h is performed. Line 8 upgrades values found to be frequent enough as in

Section 3.4.2. Line 11 degrades data with estimated frequency below the threshold as in Section

3.4.3.
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Algorithm 3: Sketch_Construction

Input: Data stream X , sketch size limit M
Output: Compressed sketch S

1 S[1],H , Buffer ← ∅, 1,∅;
2 for arriving data x in X do
3 while |S | ≥ M do
4 B, S[1] ← |Buffer |,Compress_Buffer(S[1], Buffer);
5 if B logB > |S[1] | then continue ;

6 h←MIN{𝑖 | TotC𝑖 exceeds the capacity for S[𝑖 ] };
7 merge S[h+1] with Compaction(S[h]);
8 if h = H − 1 then upgrade new frequent values ;

9 if h = H then
10 H ← H + 1;
11 degrade values no longer frequent;

12 end
13 end
14 append x to Buffer ;
15 end
16 S[1] ← Compress_Buffer(S[1], Buffer);

4 Performance Analysis
This section provides a rigorous theoretical analysis of DupliSketch, summarizing our main re-

sults and proof strategy. Our analysis shows that DupliSketch’s error is provably no worse than

KLL’s (Proposition 4.2), and that its error and space cost improve as data duplication increases

(Propositions 4.3 and 4.4). Intuitively, our proofs are based on the insight that our method reduces

the number of compactions (the primary source of error). We formalize this by first establishing a

tighter upper bound on the number of compactions, and then applying a Chernoff-style tail bound

to the resulting sum of random errors to derive the final guarantees.

4.1 Error Bound
To analyze the error in rank estimation R(x, S) − R(x), we first discuss the error introduced by an

individual compaction.

Lemma 4.1. Let the random variable Xi,h denote the error introduced by the i-th compressed com-
paction at height h, there is Xi,h ∈ {−2h−1, 0, 2h−1},E[Xi,h] = 0,Var[Xi,h] ≤ 4

h−1.

Since upgrading and degrading frequent elements do not introduce any error, the error of the

sketch R(x, S) −R(x) is the sum of the errors from individual compactions and is thus sub-Gaussian.

A zero-mean variable 𝑋 with variance 𝜎2
is sub-Gaussian if E[exp(𝑠𝑋 )] ≤ exp(− 1

2
𝑠2𝜎2) for any

𝑠 ∈ R. We first establish a general proposition that, due to its more efficient representation of

duplicates, DupliSketch always provides an error bound that is no worse than that of a standard

KLL sketch.

Proposition 4.2. For any 𝛿 > 0 and sketch size limit, let the DupliSketch S guarantee Pr[|R(x, S) −
R(x) | ≥ 𝜖N ] ≤ 𝛿 and the KLL sketch S′ guarantee Pr[|R(x, S′) − R(x) | ≥ 𝜖′𝑁 ] ≤ 𝛿 , there is 𝜖 ≤ 𝜖′.

To formally analyze how performance scales with the degree of data duplication, we introduce

the 𝑐-Batched Duplicates model. This model serves as a theoretical framework in which we
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analyze a stream under the more practical assumption that, within a single processing batch (i.e.,

the multiset of items arriving between two consecutive compaction events), any given value appears

at least 𝑐 times. Statistics on the Price dataset shows that a vast majority, 70%, appear with 𝑐 ≥ 4

(including batched duplicates and frequent items), and the average observed 𝑐 is 10.

This controlled setting allows us to use 𝑐 as a parameter to precisely study how the sketch’s

performance improves as the intensity of this batch-level duplication increases. Intuitively, the

sketch’s error bounds improve as this degree of duplication, 𝑐 , increases, as follows.

Proposition 4.3. Under the 𝑐-Batched Duplicates model, for any 𝛿 > 0, let the DupliSketch S
guarantee Pr[|R(x, S) − R(x) | ≥ 𝜖N ] ≤ 𝛿 and the KLL sketch S′ guarantee Pr[|R(x, S′) − R(x) | ≥
𝜖′𝑁 ] ≤ 𝛿 , there is

𝜖/𝜖′ ≤

√︃
1 − 2

3
( 1
2𝛾
)𝐻 ′−log𝑐 , log 𝑐 < H ′√︃

1/
(
3 · 2log𝑐−𝐻 ′

)
, log 𝑐 ≥ H ′

where 𝛾 ∈ ( 1
2
, 1) is capacity decrement factor, 𝐻 ′ is the height of S′.

Proposition 4.3 shows that as the degree of batched duplication 𝑐 grows, the error ratio 𝜖/𝜖′
decreases. This indicates that DupliSketch’s advantage over KLL becomes more significant with a

higher intensity of batched duplication. Note that for 1 ≤ 𝑐 ≤ 2
H ′
, the ratio 𝜖/𝜖′ decreases more

slowly than when 𝑐 ≥ 2
H ′
, implying the advantage is most pronounced when the degree of batched

duplication is substantial.

4.2 Space Cost
The space complexity of the quantile sketches is the required sketch size to provide 𝜖N error

guarantee. Conclusions about the space cost are similar to the previous error analyses. Under

the 𝑐-Batched Duplicates model, the required space M of DupliSketch decreases as the degree of

duplication 𝑐 grows, and we show below the relationship between M and 𝑐 .

Proposition 4.4. Under the 𝑐-Batched Duplicates model, for a given stream size and any fixed 𝜖, 𝛿 ,
let M be the space bound of DupliSketch to guarantee Pr[|R(x, S) − R(x) | ≥ 𝜖N ] ≤ 𝛿 . Then, there is
M ∝ 1/c 1

3 .

4.3 Time Complexity
The proposed techniques like maintaining frequent values may introduce additional time cost.

Based on the dynamic threshold of frequent values, the number of times that the frequent elements

are updated is as follows.

Lemma 4.5. In a DupliSketch with height H, the upgrade of new frequent values is executed at most
4H times, and the degrade of values no longer frequent is executed at most H times.

Combining the cost of a single execution of updating frequent elements and conclusions about

compactions, the amortized update time of the sketch is determined.

Proposition 4.6. In the construction of a DupliSketch with Pr[|R(x, S) − R(x) | ≥ 𝜖N ] ≤ 𝛿 , the
amortized update time is 𝑂 (log 1

𝜖
).

5 Experimental Evaluations
In the experiments, we verify the theoretical results and compare our method with other quantile

sketches. In brief, baselines include comparison-based sketches (GK sketch [25],KLL sketch [31],

Req sketch [11]) and arithmetic-based sketches (DSS [44], 𝑡-digest [19], DDSketch [35]) introduced
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in Section 6. Code and data are available for reproducibility [9]. All experiments are conducted on

a machine with an AMD EPYC 7542 32-Core Processor @ 2.90GHz, 256 GB RAM, running Ubuntu

22.04 LTS. All methods are compared in Apache IoTDB [23].

5.1 System Deployment
The proposed DupliSketch is deployed in an LSM-tree based database, Apache IoTDB [23]. The

code is available in the system repository [28] together with the corresponding document [2],

maintained by system developers. The method is implemented as a built-in function. The query

statement is as follows:

SELECT quantile(series0,'M'='64KB','q'='0.5')
FROM root.storagegroup0.device0
WHERE time >= 2025-01-01 00:00:00

In the system, the KV data are organized by their keys while quantile queries are posed on

unordered values. The query executor applies I/O components to read data from the disk and

consumes the data one by one, which is a streaming input for the quantile operator in memory.

During the query process, a DupliSketch or any other quantile sketch is maintained in memory to

summarize the arriving values with the size limit of M . After all queried data on disk are scanned

and consumed, the operator returns the queried quantile estimated by the quantile sketch.

5.2 Datasets
The employed real-world and synthetic datasets are as follows.

• Voltage [6, 17] is a public dataset on Kaggle, recording the voltage of an automotive-typical

permanent magnet synchronous motor.

• Price [16] is a public dataset on Kaggle, recording the float prices of purchased products in a

large multi-category online store.

• Custom [15] is a public dataset on Kaggle, recording the values of Japan’s 100 million customs

trade statistics since 1988.

• Batched Duplicates (𝑐): A synthetic dataset where each value appears 𝑐 times consecutively. This

idealized structure is used to create a clean testbed that satisfies the assumptions of our 𝑐-Batched

Duplicates model regardless of the underlying buffer size, enabling a precise validation of our

theory.

• Zipf 𝛼 is a synthetic dataset consists of i.i.d. values with frequencies following a Zipf distribution

with parameter 𝛼 .

Figure 11 shows probability mass functions (PMF) and Table 2 lists statistics of datasets except

for the Batched Duplicates data. These datasets are chosen to map their duplicate rates, skew, and

key types to the target scenarios that the techniques in our paper address. For example, the floating-

point Price dataset illustrated in Figure 11(b) exhibits a high overall duplicate rate, representing

the target scenario of long-tail skew distributions. This makes it an ideal testbed for evaluating

our dynamic frequent-value tracking technique (Section 3.4). Similarly, the Voltage dataset in

Figure 11(a) provides a case with multiple distinct, frequent-value peaks, while the Custom dataset

in Figure 11(d) represents a real-world, highly skewed distribution.

5.3 Baselines
Besides the proposed DupliSketch, other quantile sketches implemented for comparison are as

follows:

• DSS is the Dyadic SpaceSaving [44] applying dyadic intervals [13] and SpaceSaving [37]. It

estimates quantiles and ranks by summing up frequencies of 𝑂 (log |U |) disjoint dyadic intervals.
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Fig. 11. PMF of datasets

Table 2. Characteristics of datasets

Name Values Unique Values Skewness

Voltage 3.7 × 107 1.9 × 105 −7 × 10−4
Price 6.7 × 107 6 × 104 1.06

Zipf 𝛼 = 1.0 3 × 107 1.3 × 105 -0.67

Custom 1.1 × 108 1.2 × 106 0.24

• DD is the DDSketch [35] designed for estimating extreme quantiles of heavy-tailed distributions.

• GK is the GK sketch [25], the optimal deterministic comparison-based sketch [14] with additive

error guarantees for all quantiles.

• 𝑡-digest is the merging 𝑡-digest [19] with the scale function 𝑘0 and performing linear interpolation

in quantile estimation.

• KLL sketch [31] is the asymptotically optimal randomized sketch providing additive error guar-

antees for all quantiles.

• Req [11] is a randomized sketch providing multiplicative error guarantees, i.e., being more

accurate for extreme quantiles.

5.4 Metrics
To measure the accuracy of quantile sketches, we report the average rank error of estimating 1×104
quantiles {0.01%, 0.02%, ..., 99.99%} on different parts of the dataset. To measure efficiency, we

execute the query statement several times and report the average time cost.

5.5 Parameter Settings
In our experiments, we evaluate performance under two primary memory configurations tailored

to our experimental goals. For the evaluations on real-world datasets, we use a sketch size of

M = 128KB. This reflects a practical budget for many applications and is consistent with related
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Fig. 12. Verification of theoretical analyses by varying the degree of batched duplication, 𝑐 .

works [35, 45]. To probe the algorithms’ robustness under more extreme conditions, we use a

stricter limit of M = 64KB for the experiments on synthetic heavy-tailed datasets (i.e., Zipf and

Lognormal). For all other parameters, we set a default stream size of N=1 × 107, and the capacity

decrement factor 𝛾 = 2/3 for KLL and DupliSketch, following common practice [1]. All queried

data values are double-precision floating-point numbers.

5.6 Verification of Techniques
5.6.1 Ablation Study of Core Mechanisms. To dissect the impact of our two primary contributions,

we conduct an ablation study on the synthetic Batched Duplicates (𝑐) dataset, comparing three

configurations: Baseline, Compression (with only duplicate compression), and Compression +

Tracking (with duplicate compression and frequent-value tracking). The Baseline is DupliSketch

with all the new components of the duplicate compression and the frequent-value tracking disabled.

Without any new techniques applied, there is no difference on the results to the original KLL, i.e.,

functionally equivalent.

The results in Figure 12 reveal the distinct, synergistic roles of our innovations and the associated

trade-offs. As shown in Figure 12(a) and (b), the duplicate compression provides a foundational

improvement, consistently reducing both the average error and the required space cost (for a target

error of 10
−5
) as the duplication factor 𝑐 increases. Building upon this, the Compression + Tracking

configuration achieves a sharp error reduction for 𝑐 ≥ 960, suggesting our frequent-value tracking

mechanism becomes highly effective once data duplication is substantial.

We also include 𝑐 = 1 in the experiment, i.e., the scenarios without duplicates. It shows the

comparable results to KLL, since we do not save count when it is 1.

Proposition 4.6 in Section 4.3 states that DupliSketch’s amortized update time complexity remains

the same as KLL, Figure 12(c) confirms this by showing the gap between the Compression +
Tracking and Baseline lines is a small, proportional overhead.

5.6.2 Verifying Frequent Values. Here we verify the proposed technique of counting frequent

values in real datasets. For brevity, we present the results on the Custom dataset, as other datasets

exhibited similar trends.

Figure 13 measures the upgrade probability of a value versus its true frequency. It validates that

our mechanism in Section 3.4 is effective in correctly identifying the truly frequent items. In Figure

13, the x-axis is the rank, which means that the most frequent values in the queried data are on the

left side. The dark blue curve shows the actual counts of values and the purple curve shows their

rates of being upgraded as frequent elements. All values with more occurrences than the threshold

are displayed in the figure. As shown, values occur more frequently usually have a higher rate to
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Fig. 14. The count in the upgraded frequent elements of DupliSketch, relative to the actual count.

Table 3. Duplicate rate vs. average error relative reduction

Name Duplicate rate (↑) Relative reduction (↓)
Custom 35.9% -23.5%

Voltage 49.5% -36.2%

Price 74.9% -70.8%

be upgraded, but the curve is not strictly monotonic because it can be influenced by concentrated

occurrences in the streaming input. As M grows from 64KB to 128KB, the frequency threshold

decreases, more values have more occurrences than the frequency threshold, and the values are

more likely to be upgraded.

Figure 14 measures the precision of a value’s count after it has been upgraded. It validates that

our mechanism in Section 3.4 is accurate in tracking those counts, which is crucial for our overall

error guarantees. In Figure 14, the x-axis is the rank, and the red curve RelativeCount shows the

count in the upgraded frequent elements of the DupliSketch, relative to the actual count of the

values. As shown, the results are quite close to 100% except for the values with occurrences slightly

above the threshold. Although the values may not be upgraded as just discussed in Figure 13, Figure

14 shows that once a value is upgraded, the upgraded element will have count information very

close to the actual count, i.e., it summarizes most of the arriving data with that value.

5.6.3 Impact of Duplication on Real-World Data. To validate that performance gains correlate with

data duplication in real-world settings, we define a duplicate rate as the proportion of non-unique

items within a processing batch. As shown in Table 3, this rate directly correlates with the relative

error reduction of DupliSketch over the baseline KLL. This demonstrates that more duplicates in

the dataset lead to better performance improvement over KLL.
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5.6.4 Extension with Entity Resolution by Binning. While our current work focuses on exact dupli-

cates, we explore how binning [36] can serve as a practical form of entity resolution where the goal

is to identify elements that may not be exactly same but still refer to the same entity. We conduct an

experiment analyzing the impact of different numbers of bins on our method’s performance using

the Voltage dataset as an example, with results shown in Figure 15. As shown, the performance

improves with fewer bins due to the increased data duplication by binning. The results are stable

with a large number of bins, most different elements are in separate bins.

5.6.5 Sensitivity to Parameter 𝛾 . To evaluate the sensitivity to the parameter 𝛾 , we conduct an

experiment using the Voltage dataset as an example. The results, presented in Figure 16, show

that both DupliSketch and the KLL baseline achieve optimal error near the recommended value

of 𝛾 = 2/3 (1/𝛾 = 1.5), while the time cost remains stable. This similar behavior is expected, as

duplicate element is treated as multiple items when considering capacity.
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Fig. 19. Comparison by varying sketch size

5.6.6 Analysis of Sorting Cost. To provide an ablation evaluation that analyzes the cost of the buffer

sorting step, we conduct a micro-benchmark presented in Figure 17 using the Voltage dataset as an

example. The results show that sorting consumes about 20% of the total time. Since the default Java

Arrays.sort (a dual-pivot quicksort) utilizes the asymmetry of comparison [43], it outperforms

3-way Quicksort.

5.7 Comparison on Real-World Datasets
We now evaluate the performance of DupliSketch against the baselines on three large-scale real-

world datasets: Voltage, Price, and Custom. The following subsections present the comparisons in

terms of average error and time cost while varying key parameters.

5.7.1 Varying Sketch Size. As an overall result, Figure 18 shows the time-versus-error plot at a

memory budget of 256KB on the three real-world datasets, where each point shape represents a

different dataset, and each color denotes an algorithm. It visualizes the performance trade-offs that

DupliSketch achieves significantly lower error with a slightly higher time cost compared with KLL.

For more detailed insights, Figure 19 reports the results of varying the sketch size from 16KB to

256KB on our real-world datasets. A key finding is that our proposed DupliSketch consistently and

significantly outperforms the state-of-the-art KLL sketch across nearly all tested settings, reducing

the average rank error by 44%. While DupliSketch achieves the best overall accuracy in medium

to large memory configurations, we note a performance trade-off in the small-memory regime

(𝑀 ≤ 64KB), where heuristic-based sketches like 𝑡-digest can be competitive on certain datasets.

This is an expected outcome, reflecting the modest space overhead of DupliSketch’s advanced

mechanisms, which is more impactful relative to a smaller total memory budget and the relatively

longer time required for compaction commensurate with the advanced mechanisms. In terms of

efficiency, its time cost is higher than KLL but remains comparable to or faster than other baselines

like GK and 𝑡-digest.

5.7.2 Varying Queried Data Size. We further evaluate performance as the number of processed

data points, 𝑁 , varies from 1 × 106 to 20 × 106, with results shown in Figure 20. As expected, while
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Fig. 20. Comparison by varying queried data size

the total processing time for all methods scales near-linearly with 𝑁 , the relative accuracy of

each sketch remains largely stable. In this setting, DupliSketch consistently demonstrates the best

overall accuracy across all datasets. Specifically, compared to the KLL sketch, it reduces the average

rank error by 46%. This significant accuracy gain is achieved with a moderate time cost, which is,

on average, 43% higher than KLL but remains competitive against other baselines, confirming a

favorable accuracy-performance trade-off.

5.7.3 Varying Queried Quantile. This experiment evaluates the performance of different sketches

when estimating specific quantiles ranging from 1% to 99%. The results are presented in Figure 21.

As expected, the query time for each method remains consistent across different quantiles, so we

focus our analysis on the estimation error.

The observed error fluctuation in the figure is an inherent characteristic of quantile sketches.

The root cause is the localized nature of compaction error: some value ranges undergo more lossy

compactions than others. Similar phenomena have also been reported in the GK paper [25].

We explain how PMF for different datasets impacts the performance and error rate. As the PMF

shown in Figure 11(d), the Custom dataset is highly skewed towards smaller values. It explains the

results in the quantile query experiment in Figure 21. For low quantiles, <20%, where duplicates

are dense, DupliSketch’s error is orders of magnitude lower than baselines. On the Price dataset,

DupliSketch demonstrates clear superiority across the entire quantile range, due to the high

duplication shown in PMF Figure 11(b). On the Voltage dataset, its advantage is most pronounced

in the dense middle-range of quantiles (30%-70%), where data duplication is most significant in

Figure 11(a). In the sparser tails of this dataset, other heuristic-based sketches like 𝑡-digest and

DDSketch become more competitive.

However, for quantiles in the upper tail (approximately >50%) of the Custom dataset, arithmetic-

based sketches like DDSketch and 𝑡-digest, along with the relative-error-focused ReqSketch, begin

to show a clear advantage. This suggests that while DupliSketch’s optimizations are exceptionally

effective for dense data regions, other algorithmic approaches can be more suitable for estimating
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Fig. 21. Comparison by varying queried quantile
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Fig. 22. Comparison by varying Zipf data
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Fig. 23. Comparison by varying Lognormal data

ranks in certain sparse, heavy-tailed distributions. This highlights an important trade-off and the

application boundaries for different types of quantile sketches.
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Fig. 24. Stress tests of changing skewness
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Fig. 25. Stress tests of input order

5.8 Performance on Synthetic Heavy Tails
We conclude our analysis with a focused evaluation on two synthetic datasets designed to model

challenging real-world scenarios. Statistical articles [24, 32] show that both Zipf and Lognormal

distributions are common models for heavy-tailed data. These experiments serve as stress tests to

probe the algorithms’ robustness under a particularly challenging combination of skewed data and

resource-constrained environments.

Figure 22 shows the results under the varied exponent parameter𝛼 in Zipf distributions, generated

according to [22]. Note that for small 𝛼 where the distribution is closer to uniform, 𝑡-digest performs

best. However, as 𝛼 grows and the data becomes more skewed, the performance of several baselines

degrades significantly. In contrast, DupliSketch and KLL excel in this high-skewness regime, and

our method’s advantage over KLL becomes particularly pronounced when 𝛼 ≥ 0.8.

Figure 23 shows the performance under the varied shape parameter 𝜎 in discrete Lognormal

distributions with a fixed scale parameter 𝜇 = 5, which were generated as described in the sta-

tistics literature [7]. As 𝜎 grows and duplicates become less frequent, the errors of both KLL

and DupliSketch increase as expected. When 𝜎 is close to 0, indicating an extremely high degree

of duplication, DupliSketch is almost perfectly accurate. Across the entire range, it consistently

maintains the lowest error, demonstrating its superiority on this type of data.

5.9 Limitations and Stress Tests
In this section, we analyze DupliSketch’s trade-offs under several stress tests.

5.9.1 Rare Duplicates and Changing Skew. We analyze the performance in scenarios with few

duplicates. Note that Figure 22 of Zipf varies the duplicate rate, as a larger 𝛼 means a higher rate of

duplication. Indeed, low-𝛼 represents a near-uniform distribution. We analyze the corresponding

overhead on extra metadata and buffer merging. When duplicates are rare, i.e., low-𝛼 , the error

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 69. Publication date: February 2026.



Quantile Estimation with Duplicates 69:23

performance is at least no worse than KLL. The time overhead is bit higher due to extra metadata

and buffer merging. We also include an experiment with changing skew data (e.g., switching

between different 𝛼 values over time). The results in Figure 24 show the number of skew switches

does not impact performance, which is primarily determined by the average 𝛼 .

5.9.2 Extreme Memory Constraints. Based on the results in Figure 19, we highlight how the relative

cost of our metadata becomes more significant in such settings. As shown in the new Figure 19, the

16KB small-budget setting sees a smaller error improvement and a higher time cost compared to

the 256KB setting. This is because our metadata overhead consumes a larger proportion of the tiny

16KB budget, and forces more frequent merging. It in turn increases the time cost and diminishes

the error improvement.

5.9.3 Varying Input Order. We include a stress test on varying input order (random / sorted /

adversarial), noting the general robustness due to randomized compaction but also considering

potential adversarial scenarios. The results in Figure 25 verify our technical design on capturing

local duplicates (Proposition 4.3), i.e., the sorted order yields significantly better performance.

It also shows robustness of our method on handling variously distributed duplicates, since the

adversarial and random orders have very similar performance as the original dataset order.

6 Related Work
The problem studied in this paper is the estimation of quantiles over a single, insertion-only data

stream. Related works can be broadly categorized as follows.

6.1 GlobalQuantile Sketches
This body of work focuses on summarizing an entire stream to answer queries about the global

distribution of values.

6.1.1 Comparison-based Sketches. This family of algorithms operates solely by comparing input

data items and analyzes the error of estimated ranks. The problem of quantile computation with

limited memory was first studied in [38]. Manku et al. [34] established the foundation for leveled

sketches, proposing the MRL sketch. Greenwald and Khanna [25] later introduced the GK sketch,

which was proven to be asymptotically optimal for deterministic comparison-based sketches [14].

Agarwal et al. [3] introduced randomized compaction, which forms the basis formodern probabilistic

sketches. The KLL sketch [31] integrated these techniques, achieving optimal asymptotic space

complexity. Practical implementations are available in libraries like Apache DataSketches [1].

Subsequently, ReqSketch [11] extended this line of work to provide relative error guarantees,

making it particularly strong for tail quantiles. The conclusion of our experiment in Figure 21 is

that while ReqSketch excels at tail quantiles due to its multiplicative error model, our method

achieves lower average error across the full range.

6.1.2 Arithmetic-based Sketches. To improve practical performance, another line of work incorpo-

rates arithmetic operations. One family of methods, including Dyadic Count-Min [13] and Dyadic

SpaceSaving (DSS) [44], estimates ranks by summing frequencies over dyadic intervals of the data

universe, which naturally benefits from duplicate values. Other popular heuristic-based methods

include the 𝑡-digest [19], which uses averaging and clustering, and DDSketch [35], which uses

logarithmic mapping to provide better accuracy for tail quantiles. These methods are also included

as important baselines.

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 69. Publication date: February 2026.



69:24 Tianrui Xia, Ziling Chen, and Shaoxu Song

6.2 Per-KeyQuantile Estimation
A different but related problem is per-key (or per-flow) quantile estimation, where the stream con-

sists of (key, value) pairs and the goal is to query quantiles for values associated with a specific key.

Recent works in this area, such as M4 [18] and SQUAD [40], primarily focus on identifying frequent

keys to perform this per-key analysis. This is a key distinction from our work, as DupliSketch

focuses on identifying frequent values to improve global quantile estimation. The techniques

are therefore not directly interchangeable and are instead orthogonal and complementary to our

approach.

6.3 Orthogonal Works and Different Models
Other related research explores different problem dimensions or computational models. For instance,

KLL± [45] extends the KLL sketch to handle data streams with both insertions and deletions, a

problem orthogonal to ours. Its original paper confirms that it can keep the errors to the same level

compare with errors from KLL with no deletions. Therefore, KLL is the more direct and canonical

baseline for our setting.

Furthermore, a recent theoretical breakthrough by Gupta et al. [26] presented a deterministic

sketch achieving 𝑂 (1/𝜖) space. This significant result is achieved by operating in the highly-

specialized word-RAM model, where algorithms can leverage the bitwise representation of integer

data. In contrast, DupliSketch and the baselines we compare against (including arithmetic-based

ones) operate on more general data types such as floating-point numbers. Due to these fundamental

differences in the underlying computational model and data-type assumptions, a direct comparison

is not applicable in our context.

7 Conclusion
Quantile estimation in data with duplicates is common in real-world systems. Existing quantile

sketches like KLL do not handle well such duplicates with redundant items. In this paper, we propose

DupliSketch to improve the performance with duplicates by better representing duplicate elements

and frequent values. To our best knowledge, this is the first work to provide practical designs and

analyses on utilizing duplicates in the quantile sketch. In DupliSketch, the basic building blocks,

named compressed compactors, store distinct values and their multiple occurrences. DupliSketch

counts frequent values separately to further improve the performance on heavy-tailed data. We

introduce two types of elements to estimate frequency and design a mechanism to update the set

of frequent values during streaming input. Furthermore, under our 𝑐-Batched Duplicates model,

analyses on error bound and space complexity show how DupliSketch benefit from duplicates

(Propositions 4.3 and 4.4). The amortized update time is provided. The proposed method is deployed

in a database Apache IoTDB and compared with existing algorithms. Experiment results support

the theoretical analyses and demonstrate the superiority of our proposal.
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