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Abstract

Sketches are data structures designed to answer approximate

queries by trading memory overhead with accuracy guaran-

tees. More specifically, sketches efficiently summarize large,

high-rate streams of data and quickly answer queries on

these summaries. In order to support such high throughput

rates in modern architectures, parallelization and support

for fast queries play a central role, especially when moni-

toring unpredictable data that can change rapidly as, e.g., in

network monitoring for large-scale denial-of-service attacks.

However, most existing parallel sketch designs have focused

either on high insertion rate or on high query rate, and fail

to support cases when these operations are concurrent.

In this work we examine the trade-off between query

and insertion efficiency and we propose Delegation Sketch, a

parallelization design for sketch-based data structures to effi-

ciently support concurrent insertions and queries.Delegation

Sketch introduces a domain splitting scheme that uses multi-

ple, parallel sketches to ensure all occurrences of a key fall

into the same sketch. We complement the design by propos-

ing synchronization mechanisms that facilitate delegation of

insertion and queries among threads, enabling it to process

streams at higher rates, even in the presence of concurrent

queries. We thoroughly evaluate Delegation Sketch across

multiple dimensions (accuracy, scalability, query rate and

input skew) on two massively parallel platforms (including a

NUMA architecture) using both synthetic and real data. We

show that Delegation Sketch achieves from 2.5X to 4X higher

throughput, depending on the rate of concurrent queries,

than the best performing alternative, while at the same time

maintaining better accuracy at the same memory cost.
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1 Introduction

To process high-rate, high-volume data it is often necessary

(in terms of space and processing time) to perform analytics

not on the data itself, but rather on a succinct representation

thereof. For this purpose, sketches have been proposed as a

way to maintain data streams’ state and answer queries on

it (e.g. frequency of elements in the input or top-k most com-

mon elements) using limited memory, at the cost of giving

approximate, rather than exact answers.

A representative example that shows the usefulness of

sketches is network traffic monitoring. As traffic flows into a

big network at high rates, e.g., at the ingress router of a uni-

versity network, an administrator [10] or some system, e.g.,

a Network Intrusion Detection System or an SDN controller

that does dynamic flow scheduling [33], might be interested

to know at any point in time how many packets a given IP

address has sent. Giving the exact answer to such a query re-

quires storing all the incoming IP addresses and their counts,

consuming memory proportional to the number of unique

addresses. If, instead, an approximate answer is acceptable,

a sketch can provide one with configurable error guarantees,

using only a fixed amount of memory, without storing the

IP addresses.

The literature on sketch-based algorithms offers a variety

of ingenious techniques that mostly focus on the trade-off

between memory consumption and accuracy [3, 5, 42]. Or-

thogonal to the need for small and accurate sketches is the

need to process data at high rates. Thus, large research ef-

forts focus on accelerating operations on the sketch, e.g., by

using filters that process frequently found elements sepa-

rately [32], which is important for many real-world input

streams that are often highly skewed. As a result, high-

throughput sketches are used in many applications, such as

traffic monitoring [19, 24, 45] and data stream management

tasks [7]. They are also used for communication reduction
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in distributed monitoring algorithms [13] and help with di-

mensionality reduction in machine learning algorithms [21].

Over the last few years, there has been a significant inter-

est in parallel architectures to achieve sufficient high-speed

processing. Multi-core platforms are adopted in many set-

tings, from high-end servers [20] to low-end embedded de-

vices [2] on the edge. Sketches can benefit from parallelism:

e.g., regarding network traffic monitoring, state-of-the-art

single-thread approaches [25, 32] achieve several millions of

operations per seconds, which is enough to process traffic

from 10Gbps links, but as link capacities increase to more

than 100Gps, the need for multi-core processing becomes

apparent. However, most of the work proposed on sketches

focuses on the single-thread case and not on parallel set-

tings. For existing parallel designs, we identify that there

are conflicting requirements when considering both inser-

tions and queries: parallel designs that perform efficiently

when there are only insertions fail to scale when there are

concurrent queries, while designs that favor queries cannot

handle concurrent insertions efficiently. With the exception

of very recent work [30] whichwe discuss in the relatedwork

section, most papers do not address concurrency between in-

sertions and queries. This research gap is important, as many

applications have need of both operations concurrently, in-

cluding the IP-frequency-counting example above and other

monitoring applications. In cases such as intrusion detection,

applications must be able to handle high-rate traffic and sup-

port frequent queries, since the traffic characteristics might

change abruptly and unpredictably [24].

In this paper, we identify and provide means to balance

trade-offs involved in parallelizing sketches with respect

to the number of threads, the rate of concurrent queries

and the input distribution. We propose Delegation Sketch, a

generic parallelization scheme for sketches that is able to

process high input rates and scale efficiently even in the pres-

ence of concurrent queries, while at the same time achieving

high accuracy with the same or lower memory requirements

compared to existing schemes. Delegation Sketch can be ap-

plied on various sketches that support insertions and point

queries [3, 39, 44, 47] and aligns with the regular consistency

specifications [22, 23, 29], i.e. a query takes into account

all completed insert operations and possibly a subset of the

overlapping ones. We make use of multiple parallel sketches

and use hashing to ensure that the same key from differ-

ent threads will end-up in the same sketch, allowing us to

perform queries efficiently and more accurately. We also sug-

gest a synchronization mechanism to delegate operations

between threads, inspired by its uses in other concurrent

data structure designs, e.g. in flat combining [17]. Our de-

sign: (a) allows threads to work on local data as much as

possible, through the use of our proposed Delegation Filters,

by aggregating multiple insertions on the same key locally

without modifying any of the sketches; and (b) combines

multiple queries on the same key and serves them quickly.

In particular, we make the following contributions:
• We study trade-offs in parallelizing sketches, with respect

to concurrent insertions and queries and show the gap in

existing designs. We demonstrate that the choice of paral-

lelization does not affect only throughput and scalability,

but also the accuracy of the result.

• We propose a generic parallelization design, Delegation

Sketch, that scales with the number of threads, handles

millions of insertions per second and is able to gracefully

support concurrent queries.

• We provide a synchronization scheme that minimizes com-

munication between Delegation Sketch threads and effi-

ciently delegates operations on the sketch to other threads.

We also leverage this synchronization mechanism to com-

bine operations on the sketch to significantly improve

performance and scalability.

• We provide an extensive experimental evaluation of Dele-

gation Sketch and study it in connection to known paral-

lelization designs on two massively parallel platforms with

up to 72 and 288 threads, using both synthetic and real

data. We show that Delegation Sketch supports up to 4X

higher processing throughput and performs queries with

up to 2.25X lower latency than the next best performing

alternative. At the same time, Delegation Sketch has the

same accuracy as the most accurate alternative, using the

same amount of memory.

The rest of the paper is organized as follows: Section 2

gives the required background on sketches and describes the

system model we target in this work. In Section 3 we analyze

existing parallelization designs and motivate the need for

Delegation Sketch, whose overview is given in Section 4. In

Sections 5 and 6 we describe our design in detail. In Section 7

we present and analyze the results of our experimental eval-

uation. We discuss related work in Section 8 and conclude

in Section 9.

2 Preliminaries

In this section, we describe the Count-Min sketch, a simple

and efficient sketch, widely applicable in practice. We also

describe a known extension to it, the Augmented Sketch,

which includes techniques that we also adopt in our design.

We finish this section by describing our system model.

2.1 The Count-Min and Augmented Sketch

The Count-Min Sketch [5] is a series of counters arranged in

a 2-D array, withw columns and d rows. Every row is asso-
ciated with one of d pairwise-independent hash functions
h1,h2,...,hd , with hi mapping keys from an input universe U
to one of thew counters in row i . The sketch supports two
operations: insert1 and point-query. To insert a key K in the
sketch, we increment the counter at position hi (K) at row

1Aka update in the literature. We use the term insert throughout the paper.
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i , for each one of the d rows. To perform a point-query on
a key K , we hash the key with the same hash functions and
select the counter at position hi (K) at row i , for each one
of the d rows. The answer to the query is simply the mini-
mum value among the selected counters, since that counter

is closest to the true frequency of K , i.e. contains less “noise”
from colliding keys. The answer to point-queries on any key

K is always equal or higher than K ’s true frequency f (K)
and is lower than f (K)+ e

w
N with probability 1− 1

ed
, where

N is the number of keys in the sketch [5]. Thus, one can
configure the number of rows and columns to achieve error

guarantees appropriate to the application.

In Augmented Sketch [32], Roy et al. couple a sketch with

a filter to increase insertion throughput, especially when

the input is highly skewed. The purpose of the filter is to

efficiently keep track of a small number of keys that are fre-

quently found in the input. When a new key needs to be in-

serted, if it is in the filter, then its frequency is updated there,

without involving the sketch. Similarly, when performing a

query on a key, if we find it in the filter then we report its

frequency without querying the sketch for that key. Perform-

ing an operation on the filter is much faster than performing

it on the underlying sketch, e.g. compared to the Count-Min

Sketch that requires hashing a key multiple times.

2.2 System Model

Here we introduce the assumptions and requirements we

make on the hardware platform, the application require-

ments and the consistency requirements.

Hardware Requirements:We assume a multi-core sys-

tem with a finite set of threads t1,...,tT whereT can be larger
than the number of physical processors, along with a typi-

cal memory hierarchy, i.e. a L1 cache per thread, L2 and L3

caches shared between threads and main memory (either

uniform on non-uniform). We consider an asynchronous

shared memory system supported by a coherent caching

model, through which a thread can access a shared variable

not in the memory of the core where the thread is running.

We also consider that no thread will arbitrarily fail or stop

making progress.

We adopt the cache-register stream processing model [12],

where input keys are continuously processed as they arrive

and their frequency is continuously updated in the sketch.

We assume that each thread has its own input sub-stream of

keys. These sub-streams can originate from different sources

or may have been extracted from a single stream in a pre-

vious part of the processing pipeline, either in software or

in hardware, e.g., considering processing of packets com-

ing from the network, many networks cards distribute the

stream of packets to different CPUs [15, 16].

Application Requirements: At any point in time, the

application might query the frequency of a specific key in

the total stream, i.e. across all sub-streams.We assume that

queries are much less frequent than the rate at which keys

enter the system, but a query must be served even as new

keys are being inserted and not at a later point in time when

there are no more keys to insert. We also assume that each

thread is serving one operation at a time: either an insertion

of a new key from the stream, or a query.

Consistency Requirements: A query for the frequency

of a key, performed by any thread, returns an approxima-

tion of the true frequency of the key, within the bounds

provided by the underlying sketch. In the case of the Count-

Min Sketch this includes the invariant that the answer is an

over-approximation of the true frequency. The result must

take into account all previous insertions of a key, across all

sub-streams, but might or might not include insertions that

overlap with the query, i.e., those that take place after the

query has been issued and before it returns the result. This

is a common assumption for concurrent data structures and

it aligns with similar consistency specifications in literature,

e.g. the regularity consistency specification [22, 23, 29]. In

the case of sketches, the effects of not counting overlapping

insertions are overshadowed by the fact that the answer is

already an approximation of the true frequency.

3 Problem analysis

In this section, we summarize the existing parallelization

designs that serve as baselines and we analyze their trade-

offs, in terms of the processing throughput of insertions and

queries, the accuracy of the queries (i.e. the approximation

error compared to the true frequency of a key) and the over-

all scalability of the design with the number of threads. We

show that the existing designs have individual strengths

but cannot efficiently handle the case of both insertions and

queries, thus there is need for new parallelization designs.

3.1 Thread-local sketches

In the literature of sketch algorithms, most results focus on

single thread performance and accuracy. When it comes to

parallelization, most works [1, 32, 43] suggest the “thread-

local design”, where we have multiple sketches, one for each

thread. Each thread inserts keys into its own sketch. To query

a key, a thread queries every sketch and sums the results.

This design leads to very good scaling when there are only

insertions, since each thread will work only on its own cache

(sketches are usually small enough to fit L1 or L2 cache).

However, the performance degrades significantly as soon

as there are concurrent queries, since a querying thread

needs to perform reads on all the sketches. The degrada-

tion worsens with the number of threads (since there are

more sketches to read from) and becomes a major drawback

in the highly parallel architectures we target in this work.

Moreover, as shown in Section 5.1, this design leads to lower
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Design name
Insertion Support

Scalability Accuracy
Rate for Queries

Thread-local high low high low

Single-shared low high low high

Delegation Sketch high medium/high high high

Table 1. Comparison of parallelization designs.

accuracy relative its the memory requirements, as each sub-

query on a sketch introduces approximation errors that are

then summed together.

3.2 Single-shared sketch

In work favoring queries over insertions [8, 37, 38] a sin-

gle sketch is shared among all threads, a design henceforth

referred to as the “single-shared design”. Insert operations

are slow, since threads require synchronization mechanisms,

e.g. locks or (in the case of the Count-Min Sketch) atomic in-

structions and content on the memory of the sketch. Because

of these reasons, in highly parallel environments targeted

in this work, this design is not expected to scale with the

number of threads when the input stream is inserted at high

rates. However, queries are fast and accurate, since they do

not involve collecting results from multiple sketches.

3.3 The need for a new design

Based on the discussion above, it is evident that the existing

parallelization designs focus on two extreme use cases: they

are effective either for applications that are only inserting

keys at high rates with no queries (thread-local), or applica-

tions that will summarize a stream of keys once, and then

only perform queries (single-shared).

In practice, many applications need to handle queries con-

currently with insertions. Even though insertions are the

most common operation for most applications (e.g., packet

processing at high traffic rates), queries need to be handled

concurrently as new keys are being inserted (e.g. IP counts

must be queried at any time in traffic monitoring and flow

scheduling). Moreover, support for high frequency queries,

(e.g. one query every 1,000 insertions might mean one query

every millisecond, depending on the input stream rate) is

important for applications that need to react quickly to un-

predictable changes [28, 36] or important events [24].

In order to serve such applications, we propose a new

design, Delegation Sketch, that acts as a hybrid of the two

designs mentioned earlier. We use multiple parallel sketches

to allow our design to scale and perform insertions in parallel,

but contrary to the thread-local design, a query needs to

search for a key in only one of these sketches.

Table 1 summarizes the existing parallelization designs in

comparison with Delegation Sketch. In the next section, we

describe the main ideas and give an overview of our design.

Figure 1. Outline of our design. DF stands for Delegation

Filters and PQ stands for Pending Queries.

4 Overview of Delegation Sketch

Our design bases on two techniques: Domain Splitting and

Operation Delegation. We outline both here and detail in the

subsequent sections.

4.1 Domain Splitting

To make queries faster, the number of sketches that a query

has to search must be limited. To this end, we logically dis-

tribute the input domain of possible keys to the T available
sketches where each sketch is responsible for a set of keys.

For every possible key K that can be found in the input
stream of any thread t , we define as Owner (K) the thread
that is responsible for K . Finding the owner of a key can
be as simple as Owner (K) = K modulo T . Every thread that
wants to insert K will insert it into the sketch owned by
Owner (K). In this way, the same key (even if it is part of
the input stream of different threads) will end up in a sin-

gle sketch, making a query on that key a relatively cheap

operation. In addition to making queries faster, splitting the

domain of keys implies benefits on insertion speed, as well

as on accuracy, for reasons we describe in Section 5.1.

4.2 Operation Delegation

As domain splitting requires a thread to insert into or query

from an arbitrary sketch, we propose the use of filters (which

we call Delegation Filters) that achieve this efficiently, mini-

mizing inter-thread communication. An outline of our de-

sign, showing the series of Delegation Filters associated with

Sketch i is shown in Figure 1. We give an overview of the pur-
pose of filters here and explain the design and use of filters

during insertion and query operations in detail in Section 6.

For every sketch, we keep a series of Delegation Filters,

one for each thread. The first purpose of Delegation Filters

is to allow each thread to combine multiple insertions of the

4
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same key together, using only local updates without inter-

thread communication. Instead ofmodifying the sketch every

time there is an insertion operation on a key, threads aggre-

gate the occurrence of the same keys in their stream (arrow

1 in Figure 1) and modify the sketch only when a sufficient

number of keys have been aggregated. This is especially use-

ful if the input is highly skewed: threads are doing insertions

on the filters reserved for them most of the time, instead of

modifying one of the sketches and causing contention.

The second purpose of Delegation Filters is to provide

a unit of synchronization between a thread j that wants to
insert keys to the sketch of thread i . The keys and their counts
that thread j has aggregated in its filter will be inserted into a
linked list of ready filters (arrow 2 in Figure 1) and eventually

into the sketch by thread i (arrow 3).
Upon queries, a thread j will delegate a query operation on

a keyK and have it handled by another thread i = Owner (K)
(arrow 4). This design allows to optimize the number of times

we have to search for the frequency of K in the sketch, by
aggregating or “squashing” multiple pending queries on the

same key to a single query operation on the sketch.

The use of delegation and the query “squashing” opti-

mization are inspired by techniques used in concurrent data

structures such as flat combining [17], where operations on

a data structure are delegated for another thread that com-

bines and performs them. Our design uses the Augmented

Sketch (which we apply on top of the Count-Min sketch) as

the underlying sketch, but different sketches that have the

same interface (i.e. support insertions and point queries) can

be used as well [3, 39, 44, 47]. In this work, we focus on point

queries for frequency estimation, that are the basic type of

queries supported by the Count-Min sketch. In the following

section we detail the domain splitting technique and analyze

its benefits, then describe the way we delegate operations.

5 Domain Splitting and Benefits

The idea of splitting the domain of keys has been proposed

for different scenarios and goals; e.g. Dobra et al. [9] apply

it for join-size estimation and leverage approximate knowl-

edge of the stream distribution, Thomas et al. [39] use it to

handle architecture-specific constraints of the Cell processor.

Here we utilize it in order to handle queries accurately and

efficiently, as explained in the following subsections. The

algorithmic implementation and the synchronization of the

Delegation Sketch operations are described in Section 6.

5.1 Influence on the overestimation error

Here we study the accuracy of the different designs. We show

that Delegation Sketch is: (a) more accurate than the fastest

parallelization design (thread-local) (b) as accurate as the

most accurate (albeit slower) parallelization design while

using the same amount of memory as those designs.

Due to the probabilistic nature of sketches, the result of

querying for a key includes an amount of error. A query us-

ing the thread-local design involves querying all the sketches

and summing the results. The intuition behind why domain

splitting implies better accuracy than the thread-local de-

sign is that, by having all occurrences of the same key in a

single sketch, it avoids aggregating the error from multiple

sketches.

Reference sketch (single thread): Assume f (i) is the fre-
quency of key i , across the sub-streams of all threads. Based
on [5], for a Count-Min sketch withw buckets and d rows,
the estimate f̂ (i) of key i is

f (i) ≤ f̂ (i) ≤ f (i) + ϵN (1)

with probability 1 − δ , where w = e
ϵ
, d = ln(1/δ ) and

N =
∑

j ∈U f (j) whereU is the universe of keys.
Thread-local: This design usesT sketches of sizew ∗d each
and the estimate when querying each sketch t is

ft (i) ≤ f̂t (i) ≤ ft (i) + ϵNt (2)

with probability 1 − δ , where ft denotes the frequencies of
keys that are in the sub-stream of thread t , Nt =

∑
j ∈U ft (j)

and
∑
1≤T ft (i) = f (i). The total estimate f̂ (i) is the sum of

estimates from all the sketches so,
∑

1≤T

ft (i) ≤ f̂ (i) ≤
∑

1≤T

ft (i) + ϵ
∑

1≤T

Nt (3)

or equivalently (by substitution)

f (i) ≤ f̂ (i) ≤ f (i) + ϵN (4)

with probability at least (1 − δ )T .
This means that using the thread-local design (that uses

T sketches with w buckets and d rows each) results to a
similar bound as having one sketch with w buckets and d
rows from Equation 1 and inserting all the elements in it.2

For that reason, the thread-local design is far from optimal,

considering the amount of memory it uses.

Single-shared:Using the same totalmemory as in the thread-

local design (by using a single sketch with d rows and T ∗w
buckets), for the single-shared sketch we have:

f (i) ≤ f̂ (i) ≤ f (i) +
ϵ

T
N (5)

with probability 1 − δ .
Domain splitting: In our design, by splitting the domain

based on the number of threads, we have

f (i) ≤ f̂ (i) ≤ f (i) + ϵN ′ (6)

with probability 1−δ , whereN ′ is the total count of keys that

hash to the same sketch as i . E.g. for a uniform distribution

2In practice it is slightly better than that, because in the thread-local design

we take the estimate (i.e. the minimum count) from each sketch and sum

them, rather than summing the individual cells in a single sketch and then

taking the estimate.

5
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(a) Uniform distribution. (b) Zipf distribution (skew=1).

Parallelization
Memory

Design

Reference
w ∗ d

(single thread)

Thread-local w ∗ d ∗T
Single-shared w ∗ d ∗T
Domain splitting

w ∗ d ∗T
(Delegation Sketch)

(c)Memory consumption of the different

parallelization designs we consider in the

analysis.w and d are constant.

Figure 2. Average relative error as the number of threads increases. We also include the memory consumption for each design.

The single-shared version has the same average relative error as the domain-splitting one.

of keys, N ′ = N
T
and the bound is the same as in the single-

shared design3.

The aforementioned bounds for Delegation Sketch and

thread-local design are in expectation and depend heavily on

the input distribution. For this reason, we also examine the

accuracy of those designs from an empirical point-of-view.

In Figure 2 we show the difference in query error (in terms

of the average relative error, also used in [32]) between the

two approaches, using data from a uniform distribution (Fig-

ure 2a), as well as the Zipf distribution (Figure 2b). We have

also included the “single-shared” sketch that uses a single

sketch with the same total memory as the local-threads and

domain-splitting designs, as well as the “reference” sketch

that uses a single sketch with w buckets and d rows. For
these experiments we used 600K keys taken from a universe

of 100K distinct keys, then queried every key in that universe

once. The memory footprint of each designs is shown in the

table of Figure 2.

The results from Figure 2 align with the arguments above.

The thread-local design has only slightly less error than the

reference sketch, even though it uses T times more memory.
Using domain splitting, the error decreases quickly based on

the number of threads (equivalently, the number of sketches)

in the system and its error is as low as that of a single-shared

sketch that uses the same amount of memory.

5.2 Influence on query efficiency

Recall that in domain splitting, to perform a query on K , a
thread will only have to query the sketch ofOwner (K), since
all occurrences of K will have been inserted into that one
(we explain how we perform query operations in detail in

Section 6.2). For this reason, domain splitting leads to more

efficient queries compared to the thread-local design where,

as described earlier in Section 3, a querying thread will have

to search for a key in multiple sketches. We support this

3Later in Section 6 we introduce filters and their use in our design. We

refine the bound of Equation 6 due to effects of filters in the Appendix.

claim experimentally in Section 7.4 where we present the

latency of queries across different parallelization designs.

5.3 Influence on filter efficiency

Because with domain splitting the range of different keys

that will be inserted in each sketch is smaller than U , the
stream of keys that end-up on a sketch appears more skewed,

which increases the effectiveness of any filters that may be

used by the underlying sketch (e.g. the Augmented Sketch),

both in terms of throughput and accuracy. This effect on

accuracy is studied in detail in the experimental evaluation,

Section 7.2.

6 Operation Delegation and
Synchronization

The aforementioned benefits of domain splitting come with

two challenges: (a) the fact that a thread will have to insert

keys to another thread’s sketch implies synchronization be-

tween threads, which needs to be done carefully in order

to avoid bottlenecks and (b) if the input is highly skewed,

some keys will be much more common than others, which,

in turn, implies that some threads’ sketches will be more

busy handling a large part of the input keys. In this section

we describe how we use filters, which we call Delegation

Filters to address both of these challenges.

Delegation Filters: For every sketch, we keep a series of

Delegation Filters, one for each thread. We want searching

for a key and incrementing its count to be as fast as possible,

so we choose to implement them in a very simple manner:

a filter is a pair of two arrays of fixed, small size. The first

array holds the keys and the second one holds the count of

that key, at the same index. By keeping the filters small we

can search the whole filter for a key using only a few SIMD

instructions, similar to [32].

We now explain in detail the way we use these filters,

along with the description of the algorithmic implementa-

tions of the Insert and Query operations.

6
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Algorithm 1 Insert operation on thread j

1: function Insert (key K)
2: i ← Owner (K)

3: Filter ← Sketches[i].DeleдationFilters[j]
4: (Filter is reserved exclusively for thread j)
5: if K ∈ Filter then

6: Increment count of K

7: else

8: Add K in Filter

9: Set count of K to 1

10: end if

11: if Filter .size = MAX_SIZE then

12: Sketches[i].LinkedList.push(pointer to Filter)

13: while Filter .size = MAX_SIZE do

14: process_pendinд_inserts()
15: end while

16: end if

17: end function

6.1 Delegate Insertions

For a thread j to perform the Insert operation on a key K , it
first tries to insert it in the Delegation Filter Fi, j , reserved for
thread j at the sketch owned by i = Owner (K). To do this, it
first searches Filter Fi, j for key K . If it is found, it increments
the count at that location, otherwise it adds K to an empty
slot in the filter and sets the count there to one (lines 4-9 in

Algorithm 1). If the filter is full, thread j adds a pointer to
the filter in a single-producer single-consumer concurrent

linked list maintained for filters that are ready to be inserted

in the sketch of thread i (line 11). Thread j will then wait
until the filter is consumed (i.e. until the keys in the filter and

their respective counts have been flushed into the sketch

by thread i). Note that, until the filter becomes full, i.e. the
number of distinct keys in the filter is equal to the size of

the filter, thread j can keep updating the filter without any
communication with any other thread. This is because, every

thread j has its own reserved filter associated with the sketch
of thread i , thus alleviating the need for synchronization. The
high-level pseudo-code of Insert is shown in Algorithm 1.

Periodically, threads check the linked list of full filters as-

sociated with their own sketch. This check can be performed

at different points, e.g. after a certain timeout, after a suc-

cessful completion of an insert or query operation, or while

the thread is waiting for another thread to consume its filter

(line 12 of Algorithm 1). E.g., thread j checks its own list of
filters, in parallel while waiting for its filter to be consumed

at line 14 of Algorithm 1. A high level pseudo-code of how

threads process pending inserts is shown in Algorithm 2.

Thread i traverses the list of pointers to filters that are ready
to be inserted into its sketch. For every such filter, the thread

iterates over the keys in the filter and adds their counts to the

sketch (line 4-6 of Algorithm 2), using the semantics of the

underlying sketch. Then, the thread removes any keys and

their counts from the filter and marks it as empty (lines 7-8).

Algorithm 2 Processing pending inserts on thread i

1: function process_pendinд_inserts
2: while Sketches[i].LinkedList is not empty do

3: Filter ← Sketches[i].LinkedList .pop()
4: for each K in Filter do
5: Insert K to the Sketches[i] (see Sec. 2)
6: end for

7: Flush Filter
8: Filter .size ← 0

9: end while

10: end function

Claim 1. All keys and their counts inserted in Delegation

Filter j of thread i will be eventually inserted in the sketch of

thread i , assuming threads continue to make progress.

This is ensured by requiring thread i to have exclusive
access on the filter while it is in the process of consuming the

filter and inserting its contents in the sketch. We achieve this

in the following ways: (a) for thread i to be able to consume
a filter, it must first find it in its concurrent link-list of ready

filters; thread j only adds it in the list when it is full, at which
point it stops inserting items in it; and (b) thread j will not
start inserting keys in the filter unless it is marked as empty

by thread i (line 8 of Algorithm 2).

6.2 Delegate Queries

Similarly to Insert, for a thread j to query the frequency
of key K , it first finds the thread i = Owner (K). In order
to accurately answer the query, the thread must count all

occurrences of K , that can be found in: (a) the sketch owned
by i and (b) any of the T Delegation Filters associated with
the sketch owned by i .
One option to achieve this is to have thread j search the

sketch owned by i and its Delegation Filters. However, this
would require synchronization between thread j and any of
the T threads that might be concurrently accessing those
Delegation Filters, as well as thread i that is inserting keys
from the Delegation Filters into its sketch. Note that, allow-

ing thread i to simply do this without any synchronization,
might cause thread j to incorrectly “double count” occur-
rences of K : after thread j has counted X occurrences of K
in a Delegation Filter, that filter might become full and get

inserted into the sketch before thread j searches for K in the
sketch, thus including X twice in the final answer.
Instead, we chose to delegate the query to thread i . Along

with every sketch, we keep an array called PendingQueries of

sizeT . Every item in the array holds a key, a counter (initially
at zero) and a flag. Thread j adds key K at PendingQueries[j]
and sets the flag there, to indicate that there is a pending

query on key K (lines 4-6 of Algorithm 3). Thread j will then
wait(checking its own list of filter and pending queries in

the meantime at lines 8 and 9 of Algorithm 3) until the flag

7
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Algorithm 3 Query operation on thread j and processing
of pending queries on thread i

1: function Query(key K)
2: i ← Owner (K)

3: PQ ← Sketches[i].PendinдQueries
4: PQ[j].key ← K
5: PQ[j].count ← 0

6: PQ[j]. f laд ← 1

7: while PQ[j]. f laд = 1 do
8: process_pendinд_inserts()
9: process_pendinд_queries()
10: end while

11: return PQ[j].count
12: end function

13:

14: function process_pendinд_queries
15: PQ ← Sketches[i].PendinдQueries
16: for t = 0; t < T ; t + + do

17: if PQ[t]. f laд = 1 then
18: res ← 0

19: K ← PQ[t].key
20: for k = 0; k < T ; k + + do

21: F ← Sketches[i].DeleдationFilters[k]
22: res ← res + (count o f K in F )
23: end for

24: res ← res + Sketches[i].дet_estimate(K)
25: PQ[t].count ← res
26: PQ[t]. f laд ← 0

27: end if

28: end for

29: end function

is set back to zero by thread i and read the answer to the
query from the counter.

Threads periodically loop over their PendingQueries array

and check if there is a pending query in each item of the

array. For every pending query, threads get the key from the

array, search all Delegation Filters (line 20-22) and the sketch

for this key (using the semantics of the underlying sketch),

report the result at the counter for that key and set the flag

to 0. Note that searchingT Delegation Filters and one sketch,
even though it becomes a costly operation as the number of

threads increases, is faster than searching T sketches, which
is required in the thread-local parallelization design.

High level pseudo-code for Query, as well as the process

of serving pending queries is shown in Algorithm 3.

Claim 2. The query operation of Delegation Sketch takes

into account all previous, non-overlapping insertions by any

thread.

This is because the query operation takes into account all

possible locations where a key K can be, i.e., both the sketch
of thread Owner (K), and the Delegation Filters associated
with that sketch. This includes Delegation Filters that are

not yet full. In this case, the query operations might miss

some overlapping insertions of K that are happening con-
currently at a filter, but will include completed insertions.

If the occurrence of a key has been inserted in the filter, all

later queries will take that occurrence into account, either

when reading it from the filter, or from the sketch if it has

been moved there. Due to the domain splitting technique

described in Section 5, the query operation does not need to

search for the key in any of the other sketches or filters.

Claim 3. The query operation of Delegation Sketch does not

“double-count” the occurrences of any key.

This is ensured by the fact that only one thread is responsi-

ble for searching for a key in the filters and the sketch. During

this time no other thread can insert keys in the sketch, which

would result in “double-counting”.

6.2.1 Optimization:Query Squashing. Wenowdescribe

a simple optimization (not shown in Algorithm 3) that in-

creases the performance of queries significantly, especially

under conditions of high parallelism and input skew. When

a thread i is done serving a delegated query on behalf of
thread j, i.e. it has searched for key K in its sketch and the
Delegation Filters associated with it, instead of just reporting

the result to thread j , it iterates the array of pending queries
to find other threads that have a pending query on the same

key. Then, it reports the same result to those threads, with-

out performing the actual search operations additional times,

thus “squashing” the workload of multiple queries into one.

Note that this optimization does not report “stale” results

and continues to respect the consistency specifications: the

thread will only copy the same result to queries that are also

pending, meaning that they are concurrent with the query

of thread j . New queries that come after will trigger thread i
to perform a new search of the sketch and the filters.

This optimization is made possible due to our design

choice to delegate queries to other threads. In the next sec-

tion, we evaluate its effects separately and show that it sig-

nificantly increases the processing throughput, especially

under highly skewed input.

7 Evaluation

We present a detailed evaluation of the performance of Dele-

gation Sketchwith respect to accuracy and processing through-

put. First, we describe our experimental setup, followed by

the experimental results.

7.1 Experiment Setup

Platform descriptions:We used two hardware platforms

to evaluate our Delegation Sketch. Platform A is a dual socket

NUMA serverwith 36 cores in total and 2-way hyper-threading

at each core running at 2.1GHz, with 32KB L1 data cache,

256KB L2 cache and a 45MB shared L3 cache. It runs Ubuntu

16.04 and gcc v. 5.4. Platform B is a single socket, massively
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Figure 3. Normalized frequency of the 20 most frequent

keys in the real world data sets used in the evaluation.

parallel Intel Xeon-Phi server with 72 cores, 4-way hyper-

threading at each core running at 1.5GHz, using 32KB L1 data

cache and 1MB L2 cache. It runs CentOS 7.4 and gcc v. 4.8.

Data sets: We used three sources of input data: a) syn-

thetic data where the occurrence frequency of keys in the

data set follow the Zipf distribution with a varying skew pa-

rameter. The Zipf distribution is widely used in the literature

of sketch-based algorithms, as it captures the distribution of

data related to many real world applications, such as packet

counts, word count in a corpus of text, etc. b) two real world

data sets taken from the CAIDA Anonymized Internet Traces

2018 Dataset [34]. From this trace, we use 22M packets that

correspond to one minute of captured traffic from a high

speed monitor. We extract the source IPs and source ports

from the packet trace and use them as keys. This results in

two input sets with very different characteristics: the fre-

quencies at which IPs occur in the data set of IPs resemble

a Zipf distribution with low skew, while the frequencies of

ports in the data set of ports resemble a Zipf distribution with

high skew. In Figure 3, we plot the normalized frequencies

of the 20 most frequent keys for the two real world data sets.

As in [32], when we perform queries, we use the same

distribution to determine on which keys we will perform

them, i.e., we are more likely to perform queries for keys

that are frequently found in the input stream.

Metrics: Our evaluation focuses on three metrics that are

commonly used to characterize the performance of sketches:

accuracy, throughput and latency. In Section 5, we already

used the average relative error to evaluate the accuracy of

different design choices. In this section, we additionally use

the absolute error per key to indicate the over-approximation

between the true frequency of a key in the stream and the fre-

quency reported by the query. We report throughput as the

number of operations (insertions or queries) per unit of time.

Parameters: In our experiments, we evaluate the effect

of three main parameters: the number of threads in the sys-

tem, the skewness of the input distribution and the ratio of

insertions vs queries that each thread performs. Note that the

memory consumption of each sketch is another important pa-

rameter that affects the performance of sketches in terms of

accuracy and throughput. In order to have a fair comparison,

we make sure that, for a given number of threads, all versions

use the same amount of memory. This includes all additional

data structures involved, e.g., filters. Since our delegation de-

sign needs memory for filters, we reduce the memory avail-

able to sketch accordingly, i.e., by using a smaller sketch, so

that the total memory consumed is the same as the other

designs we compare against. Similarly to [32], we achieve

this by reducing the number of buckets at each row. Keeping

the number of rows constant allows us to: (a) have the same

δ probability bound for the estimate across all designs and
(b) keep the number of hashes used (hence the cost of inser-

tions/queries on the underlying sketches) the same across all

designs. We quantify the effect this reduction of the number

of buckets has on the overestimation error in the Appendix.

For the case of the single-sketch parallelization, we increase

the number of buckets as we add more threads, in order to

have the same total size in memory as the other designs that

use multiple sketches.

Baselines:We study the performance ofDelegation Sketch

in connection to the single-shared and thread-local sketches,

described in Section 3. As described above, we keep the total

amount of memory constant between different designs to

ensure a fair comparison. We also include the Augmented

Sketch using the thread-local design, i.e. we have one sketch

and one filter per thread. In [32], the authors experiment

with different filter sizes and evaluate the effectiveness of

the filter. Based on that analysis, we use a filter size of 16

keys (and 16 counters) for all filters, including our Dele-

gation Filters. In order to have a meaningful comparison

with Augmented Sketch, we use Augmented sketch as the

underlying sketch of Delegation Sketch i.e. every sketch in

Delegation Sketch includes an additional 16 element filter. We

also note that in our throughput evaluation (see later Sec-

tion 7.3) we treat the Augmented Sketch baseline favourably:

i.e., we do not attempt to enforce synchronization by making

the filters thread-safe, i.e. the filters of Augmented Sketch

can be accessed by any thread during queries. Delegation

Sketch does not need special attention w.r.t. this, due to the

synchronization mechanisms we describe in Section 6.

7.2 Comparing the accuracy of queries

In Section 5, we have already compared the accuracy of the

different parallelization designs, in terms of Average Relative

Error (ARE) and we have shown that, for the same total mem-

ory consumption, Delegation Sketch has very low ARE com-

pared to the thread-local design. Moreover, Delegation Sketch

is as accurate as the single-sketch design. We also showed

that its accuracy increases with the number of threads.

Here we take a closer look at the accuracy of queries at

each one of the input keys in our stream. For this experiment,

we use a sketch with d = 256 andw = 8, use 4 threads and
draw the input keys from the Zipf distribution with skew

parameter 1. In Figure 4, we plot the error in the result of a

query at every single key, using all the parallelization designs.

For better presentation we have sorted the input keys based
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Figure 4. Error introduced for each key in the stream. The

x-axis holds the indexes of each key in the stream, sorted

by their frequency (descending order). The y-axis shows the

absolute error added when performing a query on each key.

on their true frequency in descending order (e.g. the first

47K points in the x-axis correspond to the most frequent key,

which has been seen 47K times in the input stream) and we

plot the running mean of 1,000 keys.

Augmented Sketch and Delegation Sketch introduce no er-

ror on some of the most frequent keys in the stream, because

of the filter used in the underlying sketch of both of those ver-

sions. Frequent keys are expected to be inserted in the filter

and stay there most of the time. As a result, a query on those

keys is more likely to report the true frequency of a key di-

rectly from the filter, rather than an approximation of it from

the sketch. Note that this effect holds for more keys when

using Delegation Sketch rather than Augmented Sketch. This

is an effect of the domain splitting technique that reduces the

range of keys that end-up at each sketch, thus making better

use of the filter of the underlying sketch. Delegation Sketch,

as expected according to the argumentation in Section 5.1,

continues to be one of the most accurate ones even for low

frequency keys, despite the fact that it uses a smaller sketch

to accommodate space for the Delegation Filters.

7.3 Processing throughput

Here we evaluate the throughput of Delegation Sketch and

compare it with the baselines, across the three following di-

mensions: (a) scalabilitywith the number of threads, (b) query

rate and (c) input skew. Finally, we evaluate the effect of the

Query Squashing method (Section 6).

7.3.1 Overall scalability. Figure 5 shows the overall scal-

ability of the different baselines for Platform A. For this

experiment, we use input keys coming from the Zipf distri-

bution with skew parameter 1.5. We gradually increase the

number of threads, as well as the ratio of queries vs insertions.

We report the average number of operations per second, out

of 10 runs. We omitted standard deviation because it was

insignificant in most cases.

In Figure 5a, we present the results from the execution

of a workload that contains only insertions. We see that the

single-shared parallelization design cannot scale with the

number of threads, while the thread-local designs (including

parallel Augmented Sketch), as well as Delegation Sketch ben-

efit from paralellization. This is in accordance with the trade-

off analysis of Section 3. Even in the absence of queries, Del-

egation Sketch is up to 2X better than the next best baseline

(Augmented Sketch), especially with more than 10 threads.

The introduction of even a small percentage of queries

(Figures 5b and 5c) has a significant effect on processing

throughput and scaling. With the exception of the single-

shared design, the absolute throughput of all other designs is

reduced. The thread-local design and the parallel Augmented

Sketch stop scaling after approximately 40 threads in the case

of the 0.3% query workload (Figure 5c) and actually perform

worse with more threads. This is because increasing the

number of threads introduces more sketches to search when

serving a query. On the contrary,Delegation Sketch continues

to benefit from parallelization, achieving up to 4 times higher

throughput than the best performing baseline (Augmented

Sketch). Also note that, on this platform, Delegation Sketch

continuous to scale even under the effect of hyper-threading

(that starts at 36 threads).

The same performance trend continues to hold on Plat-

form B (Figure 6). The raw throughput achieved by each

version is different, since this architecture has different char-

acteristics (e.g. lower clock speed), but Delegation Sketch

continues to outperform the baselines in all cases, especially

with workloads that involve queries. While the performance

of Delegation Sketch stops increasing when adding more than

150 threads in the 0.3% query workload, it is still more than

2 times faster compared to the baselines.

7.3.2 Evaluating the effects of query rates. We now

turn our attention to query rates and evaluate how they af-

fect performance. In this experiment, we use all the available

parallelism on each platform and plot the achieved through-

put in Figure 7. For both platforms, increasing the rate of

queries in the workload has no effect on the relatively low

throughput of the single-shared design. Contrary, all other

parallelization designs suffer a performance hit, even at a

low query rate (0.1%). In the case of Delegation Sketch, this is

because increasing the number of threads increases the num-

ber of filters that must be searched during a query. However,

Delegation Sketch sustains an overall higher throughput than

the baselines, because it avoids searching multiple sketches.

7.3.3 Evaluating the effects of input skew. We now

evaluate the effects of input skew on the performance of

Delegation Sketch. In Figure 8, we present the throughput of

all parallelization designs as we gradually increase the skew

parameter of the distribution that generates the input keys,
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(a) 0% queries. (b) 0.1% queries. (c) 0.3% queries.

Figure 5. Platform A: Throughput and scalability comparison of all designs, using data from the Zipf distribution (skew=1.5).

(a) 0% queries. (b) 0.1% queries. (c) 0.3% queries.

Figure 6. Platform B: Throughput and scalability comparison of all designs, using data from the Zipf distribution (skew=1.5).

(a) Platform A. (b) Platform B.

Figure 7. The effect of queries on the performance of the

different parallelization designs, across two platforms. Both

sets of experiments use data from the Zipf distribution with

a skew parameter of 1.5.

using three different query workloads. In the same figure,

we also include the throughput achieved when using the two

real world data sets we introduce in Section 7.1. We show the

results of the execution in platform A and omit the results

from platform B because they are equivalent.

In general, Augmented Sketch and Delegation Sketch gain

a dramatic increase in throughput when the skew parameter

is more than 1.0. This is because both versions rely heavily

on filters, that accelerate the processing of keys that are fre-

quently found in the input. This result is in accordance with

the experimental evaluation of [32]. At low skew (parameter

values 0-1) the thread-local design that does not use filters

outperforms all others, since in this case the filters only add

overhead. For medium skew (parameter values 1-2), Delega-

tion Sketch outperforms Augmented Sketch even if there are

no queries. This is due to: (a) the use of more filters (T delega-
tion Filters per sketch) and (b) the domain splitting technique

that reduces the range of keys that end up at each filter, mak-

ing the input on that filter appear more skewed. At higher

skew levels, most of the input stream is dominated by a few

frequent elements. At this point, throughput stops increasing

and Augmented Sketch outperforms Delegation Sketch. This

is because, under such a high skewness, the per-key process-

ing is so small that even the added overhead of computing

Owner (K) for Delegation Sketch becomes relatively signifi-

cant. As expected, when we introduce queries in the work-

load, Delegation Sketch quickly outperforms the Augmented

Sketch, even under high input skew (Figures 8c and 8e).

The same relative trends also hold with real-world data

sets (Figures 8b, 8d and 8f). With the IP data set that ex-

hibits low skew, the thread-local design outperforms the

filter based ones in most cases, but Delegation Sketch per-

forms better when using real-world data with high skew,

especially at 0.3% query rates where it is more than 2 times

faster than Augmented sketch and roughly 9 times faster

than thread-local.
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(a) 0% queries.
(b) 0.0% queries, real

world data.

(c) 0.1% queries.
(d) 0.1% queries, real

world data.

(e) 0.3% queries.
(f) 0.3% queries, real

world data.

Figure 8. Platform A: Throughput comparison for different

input skew and real data, using all the available threads (72).

Note the different y-axis scale.

7.3.4 Evaluating the effects of query squashing. We

now evaluate the effect of Query Squashing separately. We

compare the performance of Delegation Sketch to a modified

version that does not include the optimization.

Figure 9a shows the scalability of both versions, in the

same setting as the one used for Figure 5c. We see that,

without the optimization, throughput starts to drop after 20

threads and cannot scale to more than 36 threads. This is

because, after that point, a large number of threads attempt to

perform queries and as a result the query operation becomes

a bottleneck, especially on the thread that is responsible

for the most frequent key in the stream. At 72 threads, our

optimization brings roughly 1.8X speedup in throughput.

The same effect holds when we increase the input skew

of the stream. Since the keys we perform queries on come

(a) Scalability. (b) Effect of input skew.

Figure 9. The effect of Query Squashing, compared to a

modified version that does not include it. Left: scaling with

the number of threads for fixed input skew. Right: the effects

of input skew, using 72 threads. In both cases the workload

contains 0.3% queries.

from the same distribution as the keys we insert (see Sec-

tion 7.1), when skew is high, most threads try to query the

same key K and have to wait for the thread i = Owner (K)
to handle them. Our optimization manages to overcome that

bottleneck: by “squashing” all those queries into one opera-

tion, thread i is able to handle them all without repeatedly
searching the filters and the sketch for the same key. At high

skew (parameter value of 3.0), Query Squashing brings up to

4.5 times speedup in throughput, without introducing any

overhead when the skew is low.

7.4 Query latency

So far, we evaluated performance based on the throughput

of operations. We now take a closer look at the latency of

queries across different versions.

In Figure 10a, we present the average latency of query

operations depending on the number of threads, using data

taken from the Zipf distribution with skew parameter 1.2.

Overall, the single-shared sketch has extremely low query

latency, less than 2.5 μsec, which only rises slightly at more
than 36 threads. As expected, queries in the single-shared

approach are very efficient since they only need to search for

the key in a single sketch, albeit at the cost of low insertion

rate, as shown in Figure 5a. The latency of the thread-local

design increases quickly with the number of threads, since

the number of sketches that need to be searched increases.

Augmented sketch has lower latency compared to the thread-

local design, since some of the keys will be found in filters

instead of sketches, but the overall latency remains high.

Delegation Sketch manages to retain a lower latency than

thread-local and Augmented Sketch under high parallelism

(up to 2.25X and 3.18X times lower than the Augmented

Sketch and thread-local respectively), since we search for a

key in multiple filters but in at most one sketch.

Next, we fix the number of threads to 72 and vary the

input skew. Again, the query latency of the single-shared

approach is very low, but increases slightly under high skew,
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(a) Latency of queries as the number of threads increases.

(b) Latency of queries for different input skew.

Figure 10. Platform A: Latency of query operations as the

number of threads and the input skew increase.

since the parts of the sketch where the common keys hash

into become contention points. When the skew is low, the

query latency of Delegation Sketch is up to 3X lower than

that of Augmented Sketch and thread-local, since we avoid

searching in multiple sketches. As the skew increases, the

latency of approaches that use filters (Augmented Sketch and

Delegation Sketch) is reduced, but Delegation Sketch manages

to outperform Augmented Sketch, through the use of our

Query Squashing optimization.

In the above comparisons, also note the following: a) Queries

in Delegation Sketch occasionally perform extra work before

they are completed e.g. helping insertions by flushing filters

into sketches. That extra work is still taken into account in

the query latency. b) As already mentioned in Section 7.1,

the queries of Augmented Sketch are treated favorably since

we do not introduce any synchronization.

7.5 Summary of the evaluation

In summary, we study how Delegation Sketch fares with

respect to the following dimensions: accuracy, scalability,

support for concurrent queries and skewed input.We showed

that Delegation Sketch is as accurate (and often better) than

the most accurate baseline with the same amount of memory,

due to the Domain Splitting technique. At the same time,

Delegation Sketch is highly scalable on both a NUMA multi-

core and a massively parallel architecture.

The benefits of Delegation Sketch are more pronounced in

the presence of concurrent queries, where Delegation Sketch

achieves a higher relative speedup than the best performing

baseline (up to 4X) and continue to hold the presence of

highly skewed input distributions.

8 Related work

In this section, we present related work on sketches, the

parallelization of sketches, and on systems that use them.

Sketches: The literature contains numerous sketch de-

signs. Cormode [4, 6] present an overview of synopsis and

sketch base approaches. We summarize the most relevant

here. Apart from the Count-Min Sketch (summarized in Sec-

tion 2), there are more sketches that follow similar tech-

niques. The Count-Sketch [3] uses the median (rather than

the minimum) of the hashed counters to provide an unbi-

ased approximation (rather than an over-approximation).

FCM [39] dynamically adjusts the number of counters that

are incremented to reduce the approximation error on low

frequency items. HeavyGuardian [42] separates the counter

for high frequency items, while instead ColdFilter [48] uses

a filter to count the frequencies of low-frequency items. The

aforementioned sketches provide ingenious designs to opti-

mize the space-accuracy-performance trade-off. Delegation

Sketch is a generic parallelization design that is orthogonal

to the underlying sketch, so it can be used to improve the

parallel performance of the above mentioned sketches.

Parallelization: As already mentioned, most work in

sketches focuses on the single thread scenario. The few pa-

pers that discuss parallelization of sketches suggest either

a single-shared sketch or a thread-local approach. ElasticS-

ketch [43] proposes a new sketch that is parallelized for

multi-cores using a thread-local design. Alipourfard et al. [1]

evaluate different measurement algorithms and show that

the thread-local design has lower latency compared to the

single-shared one. In contrast to our work, both of these

do not consider continuous concurrent queries. Mandal et

al. [27] use multiple copies that can be periodically merged

into a single sketch, which improves the accuracy but re-

quires a lot of communication between threads. FCM [39]

uses multiple copies and splits the domain of keys to buckets

of threads, similar to our Delegation Sketch, but their design

is specific to the Cell processor that has a single centralized

unit that distributes the stream to several co-processors.

Tangwongsan et al. [37] follow a single-shared sketch de-

sign and include algorithms for many query types, however

their work lacks an experimental evaluation and comparison

of their results. Das et al. [8] also keep a single shared sum-

mary and combine multiple operations, similar to our design.

However, their approach is specific to the Space-Saving sum-

mary. Taşyaran et al. [38] use a single sketch but parallelize

the hash computations among threads, at the cost of requir-

ing frequent synchronization points. Roy et al. [32] propose

13
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a form of pipeline parallelism between two threads, where

one thread is responsible for the filter while another han-

dles the underlying sketch. Rinberg et al. [30, 31] is, to our

knowledge, the only other work that considers concurrent

queries and insertions. They reduce the need for synchro-

nization by introducing more relaxed semantics for sketches

and rigorously prove correctness and linearizability with re-

spect to those semantics. As they also explain, this relaxation

comes at the cost of accuracy. Observing that our evaluation

here shows that Delegation Sketch is as accurate as the best

performing alternative, while maintaining scalability, it is

worthwhile to note the interest in cross-studying further

concurrency-aware consistency formulations.

Applications and Systems: Sketches have found uses

in many applications, especially in traffic monitoring. These

have often lead to the creation ofmonitoring systems that use

sketch designs tailored for such applications, e.g., in software

or hardware switches. UniMov [26] and HashPipe [33] are

implemented for smart network cards and heavily rely on

sketches. NitroSketch [25] builds on top of a fast packet

I/O framework in the user-plane (DPDK) and supports high

insertion speeds that reach line rate on 40Gbps links. Apart

from traffic monitoring, Garofalakis et al. [13] use sketches

to reduce state transfer in distributed monitoring system.

However, none of those those systems discuss the trade-offs

related to concurrent queries when parallelizing sketches.

9 Conclusions and Future Work

In this paper, we introduce Delegation Sketch, a generic par-

allelization design for sketches achieving high processing

rates and accuracy in the presence of concurrent queries. We

analyze existing parallelization designs and find they cannot

support both insertions and queries efficiently and have to

prioritize one or the other. Contrary to this,Delegation Sketch

reduces the cost of queries while at the same time maintains

a high insertion rate through: (a) maintaining multiple par-

allel sketches, (b) splitting the domain of keys to different

sketches and ensuring that all occurrences of the same key

end-up in the same sketch, thus making queries faster and

(c) using multiple filters that aggregate occurrences of the

same key locally. By combining multiple concurrent queries

of the same key, Delegation Sketch significantly reduces the

cost of queries under high input skew.

We thoroughly evaluate Delegation Sketch across multiple

dimensions, namely: accuracy, scalability, query rate and

input skew. We use two massively parallel platforms and ex-

periment with both real and synthetic data. Our evaluation

shows that Delegation Sketch is able to scale up to more than

72 threads, especially in the presence of concurrent queries,

achieving from 2.5X to 4X higher throughput than the best

performing baseline, while being as accurate as the most

accurate baseline. These results contribute to efficient and

accurate stream processing, especially for applications that

require frequent, responsive queries to dynamically chang-

ing data streams, e.g., software switches that schedule traffic

dynamically or spatio-temporal monitoring applications and

more [11, 14, 35, 46]. Extending the design with support

for more types of queries, for even higher impact on such

applications is an interesting future direction. It is also inter-

esting to consider a co-design of Delegation Sketch together

with efficient concurrent implementations of the underlying

sketches (e.g. using concurrent counters [18, 40, 41]), as well

as a distributed deployment across multiple nodes.
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A Influence of filters on the
overestimation error

When we query a key in Delegation Sketch, we search for it

in all the filters it may be located, so the fact that a key is not

immediately inserted in the sketch does not mean that its

impact is ignored. In fact, in cases of extremely high skew,

some keys may never get inserted in the sketch, meaning

that their exact frequency will be reported from the filters.

However, the use of filters affects the existing error bound

derived for domain splitting (Equation 6) in two opposing

ways. We update the bound of Equation 6 here, following

the analysis of [32] adapted to Delegation Sketch.

First, because we want to keep the total memory con-

sumption the same as that of the baselines to have a fair

comparison with Delegation Sketch, we compensate for the

memory of the filters by reducing the number of buckets at

each row from the underlying sketch, as explained in Sec-

tion 7.1. For a Delegation Sketch with w buckets, d rows, a

filter size of f and T threads, we subtract
T f

d
buckets from

the sketch. This increases the overestimation error of queries,

but the effect is low for reasonably sized sketches and filters,

as shown also experimentally in Section 7.2.

Second, when querying the frequency of a key, some oc-

currences of the key will be found in the filters. The filters

hold the exact number of occurrences and not an approxi-

mation, contrary to the query result found in the sketch for

that key. That means that: (a) the overestimation error of a

query decreases because parts of the answer will be given

by the filters that hold exact counts and (b) fewer items will

be inserted in the sketch, which reduces the approximation

error due to collisions.

Overall, the error bound from Equation 6, due to the use

of filter is now

f (i) ≤ f̂ (i) ≤ f (i) + ϵ̃(N ′ − Ñ ) (7)

where

ϵ̃ =
e

w −
T f

d

= ϵ
1

1 −
T f

wd

> ϵ (8)

and N ′, ϵ are the same as in Equation 6. Ñ is the number of
the items held in the filters of sketch i and depends on the
skewness of the distribution and the size of the filters.
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