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Abstract

We present insert-optimized implementations of three fundamental
data sketching algorithms: Count Sketch (CS), SpaceSaving (SS), and
Karnin-Lang-Liberty (KLL). While these sketches are widely used for
approximate query processing and stream analytics, their practical
insert performance often falls short of their full potential. Through
careful engineering and novel implementation strategies, we achieve
substantial throughput improvements over both naive and existing
implementations. Our approach demonstrates speedups of up to
12.30x, 2.00x, and 1.52x for CS, SS, and KLL respectively when com-
pared to the industry-standard Apache DataSketches library. When
measured against naive implementations, we achieve even more
dramatic improvements: 8.63x for CS, 7.03x for SS, and 446.00x for
KLL. We also measure against available open-source implementa-
tions used as baselines in other works and outperform them by a
large margin. We detail the technical optimizations enabling these
improvements, including fast hash range reduction and hash sharing
for Count Sketch, SIMD vectorization for SpaceSaving, and preal-
location and branching improvements for Karnin-Lang-Liberty. Our
implementations maintain the theoretical guarantees of the original
algorithms while providing substantially better practical insert per-
formance, making them particularly valuable for high-throughput
streaming applications where update speed is critical.
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1 Introduction

Data sketches have become ubiquitous in modern data processing
systems, particularly in database management systems (DBMS) [1,
25, 29], click stream analysis [6, 23], and network monitoring appli-
cations [2, 28]. In DBMS, they are used for maintaining statistics for
query optimization, or approximate query or stream processing.

These probabilistic data structures enable efficient analysis of mas-
sive data streams by maintaining compact summaries that support
approximate query processing with theoretical accuracy guaran-
tees. At their core, data sketches are specialized algorithms that
process streaming data using sub-linear space while providing reli-
able statistical estimates. Their accuracy is characterized by two key
parameters: € (epsilon), which defines the maximum relative error of
the estimate, and § (delta), which bounds the probability of exceeding
this error threshold. Non-probabilistic sketches never exceed their
relative error bounds (§ =0). Common applications include frequency
estimation for tracking item occurrences, quantile estimation for
approximate percentile queries over large datasets, and heavy hitter
detection for identifying frequently occurring items. The ability of
sketches to process high-velocity data streams with minimal over-
head makes them particularly valuable in scenarios where traditional
exact algorithms would be prohibitively expensive or infeasible.

Sketches have been extended in various ways over the last decades.
For example, mechanisms to allow for dynamic dataset modifications
have been developed [10, 33, 34] and new sketch designs [7, 8, 14, 20,
30-32] were created to improve accuracy, adaptability, and/or space
efficiency. Furthermore, research has focused on optimizing perfor-
mance through techniques such as prefiltering [27, 36], hardware
acceleration [27, 35], and refined update strategies [19, 21, 35].

In this paper, we focus on three widely-adopted sketch algorithms.
First, we explore Count Sketch, a technique employed for frequency
estimation, which provides approximate counts of individual ele-
ments. Next, we analyze SpaceSaving, an algorithm designed for
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heavy hitters estimation, offering an approximation of the most fre-
quently occurring elements. Finally, we investigate the Karnin-Lang-
Liberty algorithm, utilized for quantile estimation, which returns an
element approximately at a given quantile.

While recent research has introduced various modifications to
classical sketch algorithms or entirely new designs, these approaches
are typically evaluated against suboptimal implementations of clas-
sical algorithms. For instance, reported Count Sketch (or Count Min
Sketch) insertion throughput varies widely: ~3M/s [32], ~13M/s [35],
~25M/s [36], ~25k/s [33],and ~6M/s [27]. Although these figures are
not directly comparable due to hardware differences, our optimized
implementation significantly outperforms these reported numbers,
sometimes even by orders of magnitude. Analysis of available open-
source implementations reveals commonalities with the naive imple-
mentation used in our evaluation, frequently employing slow hash
functions, utilizing modulo for range reduction, and/or separate
hash functions for sign computation. We benchmark available open-
source implementations against our best implementation and outper-
form them by a large margin. Similarly, reported SpaceSaving inser-
tion throughput varies: ~6M/s [35], ~5-20M/s [36], and ~111k/s [33].
Again, while these figures are not directly comparable, our optimized
implementation substantially surpasses these reported numbers. Ex-
isting implementations typically utilize a min heap but rely on ineffi-
cient hash maps or linear scans for item existence checks. Our imple-
mentation substantially exceeds the performance of available open-
source implementations, as demonstrated by our benchmarks. Even
for the well-optimized Karnin-Lang-Liberty algorithm implementa-
tion reported in [15], which reportedly achieves approximately 20M
inserts/s, our optimizations yield further improvements, achieving
up to 1.52x speedup over this implementation in a direct comparison.

Sketch algorithm performance is crucial for their adoption in real-
time data processing systems, especially if they are integrated into
the hot path. In DBMS, sketches allow continuous statistics collection
during query processing or data ingestion without compromising
performance. For instance, one of our large-scale database services
is able to process hundreds of millions of items per second per thread.
In network equipment, sketches enable real-time traffic analysis at
line rate. Other applications include ad impression tracking, social
media sentiment analysis, and financial fraud detection. Many appli-
cations require maintaining multiple sketches simultaneously over a
single data stream. Since each additional sketch adds to the process-
ing overhead, highly optimized implementations are essential. Our
work demonstrates that an optimized implementation of classical
sketch algorithms can yield performance improvements that exceed
baseline measurements by one or even multiple orders of magnitude,
opening new possibilities for their integration into various systems.

In summary, the contributions are: (a) We present implementa-
tion techniques that substantially improve insertion throughput for
common sketch algorithms, (b) we do comprehensive performance
comparisons against existing implementations from the Apache
DataSketches library, other works where source code is available [32,
35, 36], and naive implementations, and (c) we open-source our tuned
sketch implementations for other researchers and system develop-
ers!, ultimately creating a strong baseline for other researchers.

!https://github.com/amazon- science/Insert- Optimized- Data-Sketches
Note: Due to licensing restrictions, implementations from compared papers are not
included in this repository.
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2 Count Sketch (CS)

Count Sketch [3] is a probabilistic sketch used for frequency esti-
mation. It consists of a two-dimensional array of counters with d
rows and w columns. The parameter d balances error probability
(8) against memory consumption and insertion performance, while
w establishes a trade-off between relative error (¢) and memory
requirement. Initially, all array cells are set to zero. The sketch uti-
lizes two hash functions per row: one maps items to column indices,
while the other generates a sign (+1 or —1) for counter updates. For
frequency estimation, the algorithm applies these same hash func-
tions, selecting one counter from each row, multiplying it by its
corresponding sign, and computing the median value. The structure
requires O( %log%) space and achieves O( %) update time.

CS is very similar to the Count Min Sketch (CMS)[4] which will
always increment counters, and return the minimum counter when
querying. This approach results in CMS producing inherently biased
estimates, as it cannot underestimate frequencies.

Experiment Setup. All experiments were conducted on an

m5.12x1arge AWSinstance, featuring 48 Intel Xeon Platinum 8259CL
CPUs @ 3.1 GHz, running Amazon Linux 2, unless specified other-
wise. We performed single-threaded microbenchmarks using Google

Benchmark v1.9.1 [12], with all code compiled using GCC 7.3.0.

To evaluate insertion speed, we generated 1000000 uniformly
distributed values for insertion into the sketches. For string-based
tests, we converted double-precision floating-point numbers to fixed-
length string representations, each 320 characters long.

While our code can be easily adapted to generate data follow-
ing different distributions, we focused on uniform distribution for
this study. It’s worth noting that skewed distributions with few dis-
tinct values do not impact the insertion performance of hash-based
sketches like CS. However, they can improve insertion speeds for
SS by up to 2x and for KLL by up to 1.33x. As the overall trends
remain consistent across distributions, we have chosen to omit these
additional results from this paper for clarity and conciseness.

Our performance comparison is presented in Figure 1. We con-
figured the sketches with a width t of 2048, yielding a relative error
bound € of ~0.01%, and a depth d of 5, resulting in a theoretical error
probability § of ~0.67%. To ensure fair comparison, all of our own
implementations utilize the same 128-bit MurmurHash3. Note that
all implementations roughly use the same amount of memory as
they use the same counter width and number of counters.

Apache DataSketches. The library provides a CMS implementa-
tion, which serves as one of our comparison baselines. Given CMS
and CS are very similar, their performance characteristics are com-
parable. Their implementation employs modulo operations for hash
range reduction and utilizes one hash function per row.

Naive. This implementation employs a single hash function per row
combined with modulo operations for range reduction. It incorpo-
rates an optimization technique from [5] that efficiently extracts
both the sign and cell index from a single hash value, eliminating the
need for a second hash computation. While matching the number of
hashes required to compute of the Apache DataSketches CMS imple-
mentation, our approach differs in two key aspects: we interleave the
hashing operations with counter updates, and we avoid allocating
a separate vector for update locations. Through these modifications,
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Figure 1: Count Sketch Insert. Comparison of insertion through-
put for the CS implementations for different data types

the implementation achieves up to 1.48x higher throughput com-
pared to DataSketches.

Fastrange. While modulo operations are traditionally used for range
reduction, fastrange [17] provides amore efficient alternative while
maintaining a fair, uniform mapping to the target range. The tech-
nique works by exploiting the fact that when multiplying a value x
by the desired range N, the high bits of their product (x* N) naturally
distribute values uniformly across the range [0,N —1], eliminating
the need for expensive division instructions. This approach is ap-
proximately 4x faster than modulo operations when viewed in isola-
tion [17]. A Count Sketch implementation using this range reduction
technique achieves up to 1.48x higher throughput compared to our
naive implementation and is up to 2.03x faster than DataSketches.
Fixed-size and power-of-two range reduction. By restricting ¢ to
the next power of two (giving us better error bounds in exchange for
higher memory consumption) and making the sketch size fixed, we
can simplify range reduction to a single bitwise AND instruction. This
optimization eliminates the need for more complex range reduction
operations, resulting in throughput improvements of up to 3.11x
compared to naive and 4.14x compared to DataSketches.

Single Hash. The hash function provides 128 bits, but we use signif-
icantly fewer bits per row. For example, with t =2048, we only need
log, (2048)+1=12 bits per row to identify the cell and compute the
sign. In total, for d =5, we need 12%5=60 bits per value, far less than a
single call to the hash function can provide. This means we can use a
single hash operation for any t < 33554432 when d =5. Furthermore,
for t <2048, we can utilize just the lower 64 bits of the hash, allowing
the compiler to generate only half the instructions. This optimization
achieves throughput improvements of up to 7.94x compared to our
naive implementation and up to 9.87x faster than DataSketches.
Hash Function Unrolling. With previous optimizations in place,
the hashing operation itself becomes the primary bottleneck. We
optimized the 128-bit MurmurHash implementation by manually
unrolling loops and eliminating code paths unnecessary for inputs
smaller than 128 bits. As shown in Figure 2, these modifications yield
up to 1.6x faster hashing operations. Notably, we observe no differ-
ence for __int128_t inputs, where the unrolling produces identical
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Figure 2: Hash Function Unrolling. Comparison of hashing
throughput for the unrolled version of 128-bit MurmurHash versus
the non-unrolled default implementation
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Figure 3: Count Sketch Prehashed Insertion. Comparison of in-
sertion throughput for CS for prehashed values versus normal inserts

instructions. These hash function improvements further enhance
our CS implementation, achieving throughput gains of up to 8.63x
compared to naive and up to 12.30x faster than DataSketches.
Prehashed Insertion. With hashing remaining the primary bottle-
neck, scenarios where hashes for values are already available offer sig-
nificant performance opportunities. This optimization is particularly
relevantin analytical database systems performing hash joins or hash
aggregations, or in any system where values need to be inserted into
multiple sketches requiring hash computations, such as when using
both HyperLogLog [9] sketches and Count Sketches. By accepting
pre-hashed values, our final CS implementation achieves substantial
speedups that scale with input data size — up to 2.25x improvement
for numeric types, and 13.24x improvement for strings of length 320.
Comparison with implementations from other papers. We
compare our best implementation against available open-source
implementations from other papers, with results shown in Figure 4.
Our implementation achieves higher throughput, specifically: up
to 1.92x over [35], up to 6.34x over [36], and up to 9.29x over [32],
when not including strings, where the gap is even larger.

3 SpaceSaving (SS)

The SpaceSaving [22] sketch is a deterministic algorithm optimized
for heavy hitter (frequent item) estimation in data streams. It main-
tains k counters, each storing an item-count pair, where k determines
the space-accuracy trade-off. For each incoming item, the sketch
increments its counter if the item is already monitored; otherwise, it
replaces the item with the lowest count, assigning it that minimum
count plus one. This replacement mechanism guarantees a maxi-
mum frequency estimation error of e=N/k, where N represents the
stream size. The sketch guarantees retention of all items whose true
frequency exceeds N /k, making it particularly effective for heavy hit-
ter identification. It achieves O( %) space and update time complexity.
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Figure 4: Count Sketch Insert vs. other papers. Comparison of
insertion throughput for the CS implementations from [32, 35, 36]
against ours
s SIMD mm DataSketches EE Naive

BN Heap B Map

50M -

40M -

30M 1

items/s

20M

10M+

intl6_t int32_t int64_tintl128 t float double string
Figure 5: SpaceSaving Insert. Comparison of insertion throughput
for the SS implementations for different data types

SpaceSaving represents a variant of the Misra-Gries (MG) [24]
sketch, with both variants being readily convertible to each other [5].
Experiment Setup. We use the same experimental setup as de-
scribed in Section 2. Figure 5 illustrates our performance comparison.
The sketches are configured with k =96, which ensures the inclusion
of all elements with a frequency of approximately 1% or higher. For
consistency, we employ the same 128-bit MurmurHash function used
in previous experiments where hash computations are required.
Apache DataSketches. The DataSketches library implements a
variant of the MG sketch. It features a specialized linear-probing hash
map that efficiently manages memory while maintaining approx-
imate item counts. The core structure tracks item-count pairs and
incorporates a "reverse purge" mechanism for space management:
When the map reaches capacity, it employs sampling to estimate
the median frequency of stored items. This median value serves as a
decrement factor applied across all counts, followed by a purge oper-
ation that removes items with zero or negative counts. This adaptive
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size_t Find(const uint64_t& value) {
size_t i = 0;

const auto* data = values.data();

const __m256i v = _mm256_setl_epi64x(value);
for (; i + 32 <= K; i += 32) {
__m256i x1 = _mm256_loadu_si256¢(

reinterpret_cast<const __m256ix>(data+i));
__m256i x2 = _mm256_loadu_si256(
reinterpret_cast<const __m256ix>(data+i+4));

// Analogous for x3, x4, x5, x6, x7, x8
x1 = _mm256_cmpeq_epi64(x1, v);
X2 = _mm256_cmpeq_epi64(x2, Vv);
// Analogous for x3, x4, x5, x6, x7, x8

uint64_t m = _mm256_movemask_pd(
_mm256_castsi256_pd(x1));
_mm256_movemask_pd (
_mm256_castsi256_pd(x2)) << 4;

// Analogous for x3, x4, x5, x6, x7, x8

if (m !'= @) return i + __builtin_ctzll(m);

m |=

3

return i;

Figure 6: SIMD-optimized SpaceSaving Find function. AVX2-
based parallel lookup that processes 32 values per iteration

compression approach preserves frequency estimates for significant
items while gracefully degrading precision for less frequent ones.
The implementation has one constraint: the map size must be a
power of two for efficient hashing operations, preventing direct k
specification. We use a map size of 28, yielding € =~ 1/73, slightly less
precise than 1/96. Increasing the map size to 2° for better accuracy
(e ~1/146) shows minimal impact on performance characteristics.
For optimal insertion performance, we preallocate the hash map to
its maximum size to avoid rehashing. This implementation demon-
strates impressive baseline performance.
Naive. This baseline implementation maintains two vectors: one for
values and one for their corresponding counts. For each insertion, it
performs a linear scan over the values vector. If the item is found, its
count is incremented. Otherwise, the algorithm locates the element
with the smallest count, replaces its value, and increments its count.
This version is up to 4.17x slower than DataSketches.
Map. This implementation replaces the linear scan with a hash map
to accelerate lookups, a strategy employed in some baseline imple-
mentations cited in the introduction. While theoretically reducing
the complexity from O (n) for linear scanning to O (1) for hash map
lookups, practical performance tells a different story. For smaller
sketch sizes, the linear scan remains more efficient. Consequently,
this version performs worse compared to our naive implementation,
with throughput up to 2.86x slower.
Heap. We employ a min heap data structure to efficiently identify
the element with the smallest count, eliminating the need for a lin-
ear scan through counts. While this optimization achieves up to
2.12x higher throughput compared to our naive implementation,
DataSketches remains up to 3x faster.
SIMD. This implementation leverages SIMD (Single Instruction,
Multiple Data) operations to speed up item lookups, accelerating the
linear scan as shown in Figure 6. The comparison generates a bitmap,
and, if non-zero, we use the count trailing zeros (ctz) instruction to
identify the matching index.
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size_t Find(const T& value, const uint64_t& hash) {
size_t i = 0;

const auto* data = hashes.data();
const __m256i v = _mm256_setl_epi64x(hash);
for (; 1 + 32 <= K; i += 32) {
uint64_t mask = // analogous to m in Figure 6
while (mask != 0) {
size_t j = i + __builtin_ctzll(mask);
if (LIKELY(values[j]l == value)) return j;
mask &= mask - 1;
}
}
return ij;

Figure 7: SIMD-accelerated hash-based lookup. AVX2-based
parallel lookup using 64-bit hash comparisons, with efficient bitmap
processing for potential match verification

Bl nsert Prehashed Insert
1.28x
u
%)
20M
5 1.99x
intl28_t string

Figure 8: SpaceSaving Prehashed Insertion. Comparison of in-
sertion throughput for SS for prehashed values versus normal inserts

Since SIMD operations are limited to 16, 32, or 64-bit types, we
need a different approach for larger types like strings or 128-bit
integers. We maintain 64-bit hashes alongside the actual values and
perform the SIMD search on them, portrayed in Figure 7. When
the hash comparison bitmap contains set bits, we verify potential
matches against the actual values. Since hash collisions are expected
to be rare, we use compiler hints to optimize for the likely case of
a true equality comparison. We employ the technique from [18] for
efficient bitmap iteration.

This optimization achieves up to 7x higher throughput compared
to Naive, and up to 2x faster than DataSketches. However, for 128-bit
integers, DataSketches maintains a 1.25x performance advantage.

Similarly to Count Sketch, prehashed insertions provides addi-

tional speedups in case the hashes are already available: 1.12x for
128-bit integers and 1.99x for strings, as demonstrated in Figure 8.
This enables us to outperform DataSketches for strings and be on
par for 128-bit integers.
Comparison with implementations from other papers. We
compare our best implementation against those from other papers,
with results shown in Figure 9. Our implementation achieves higher
throughput: up to 9.14x over [35], and 5.26x over [36].

4 Karnin-Lang-Liberty (KLL)

Karnin-Lang-Liberty [16] is a probabilistic sketch for computing
approximate quantiles that offers practical improvements over deter-
ministic approaches like Greenwald-Khanna (GK) [13]. KLL main-
tains a sequence of levels, each containing sorted items and operating
at exponentially decreasing sampling rates. New items enter at the
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Figure 9: Space Saving Insert vs. other papers. Comparison
of insertion throughput for the SS implementations from [35, 36]
against ours

bottom level and are progressively merged upward through a ran-
domized compaction process, which retains items with probability
% at each level transition. This mechanism ensures that higher levels
contain increasingly sparse samples of the original stream. The opti-
mized version of Ivkin et al. [15] reduces the worst case update time
from O( é) down to O(logé) while maintaining the same accuracy.
The sketch parameter k sets the minimum level size. The sketch pro-
vides probabilistic accuracy guarantees, maintaining an error bound
of e with probability at least 1-§ while using O( %loglog( % )) space.
Unlike GK, KLL is fully mergeable, allowing sketches built from dis-
tinct subsets of the full dataset to be combined while maintaining the
same accuracy guarantees as a sketch built over the entire dataset.
Experiment Setup. We use the same experimental setup as de-
scribed in Section 2. Figure 10 presents our performance comparison.
For our microbenchmark, we configure KLL with k =200, yielding
an average relative error € of approximately 1.8%.

Naive. Implementing KLL efficiently presents significant challenges.
Our naive implementation, based on the original paper [16], uses a
vector of vectors to represent levels and performs compaction across
all levels when additional space is required?. This approach results
in extremely poor performance, being up to 446x slower than our
most optimized implementation and up to 309.2x slower than the
DataSketches implementation. Due to this large performance gap,
we only use DataSketches as baseline in the coming paragraphs.
Apache DataSketches. The DataSketches implementation, widely
adopted and highly optimized, is based on the efficient implemen-
tation strategies proposed by Ivkin et al. [15]. It employs a single
packed contiguous array to store all levels, with level boundaries
tracked using separate indices. This approach minimizes memory
fragmentation and improves cache locality. The implementation
uses a lazy compaction scheme, where compactions are triggered
only when necessary, typically when inserting a new item would
exceed the allocated space. Also, in contrast to the original version,
levels may "overgrow", that is, they may exceed their space budget.

2A similar implementation can be found in the Android source code [11]
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Figure 10: Karnin-Lang-Liberty Insert. Comparison of insertion
throughput for the KLL implementations for different data types

Our implementations build upon this foundation, introducing
further optimizations to enhance insertion throughput.
No Min Max Tracking. Tracking minimum and maximum values
is not part of the KLL algorithm, and not used in approximating quan-
tiles. By eliminating this non-essential feature, we achieve speedups
of up to 1.11x compared to the DataSketches implementation.
Branching Optimizations. The DataSketches implementation is
designed tobe generic, supporting a wide range of data types. For non-
fundamental types in C++, self-move operations® can lead to unde-
fined behavior. To protect against this, the DataSketches implemen-
tation introduces numerous branches throughout the code. However,
these safety checks are unnecessary for fundamental types. We imple-
ment a compile-time type check that allows the compiler to eliminate
these branches for fundamental types, enabling unconditional over-
writes. This optimization further increases our speedup over DataS-
ketches, achieving up to 1.2x improvement in insertion throughput.
Level Capacity Caching. Performance profiling using perf re-
vealed that the level_capacity function accounts for approxi-
mately 5% of the total insertion time due to its frequent invocation.
These capacities are constant for a given sketch parameter k. By pre-
computing and caching these values, we eliminate redundant calcu-
lations during runtime. This optimization further enhances our per-
formance, increasing the speedup over DataSketches to up to 1.28x.
Faster PCG Random. Profiling identified random number gener-
ation as the next significant bottleneck. To address this, we replaced
the existing C++ standard library random number generator with
PCG (Permuted Congruential Generator) [26], which offers both
improved speed and higher quality randomness. This optimization
further increases our speedup over DataSketches, achieving up to
1.4x improvement in insertion throughput.
Fixed Size / Memory Preallocation. The sketch typically grows
its levels array somewhat frequently during initial insertions when
the sketch is still small. We found that preallocating the maximum
amount of memory the sketch would ever need is not excessively
wasteful. For k =200, the array size can never exceed 985 elements,

3https://en.cppreference.com/w/cpp/utility/move
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Table 1: KLL Sketch Size and Capacity. This table shows the
growth of the KLL sketch’s array size and insertion capacity for
selected levels as the number of levels increases, for k=200

Number Array Inserts || Number Array Inserts
oflevels Size oflevels Size
1 200 200=~27-%4 || 10 593 ~217:23
2 333 533=~2%00 || 20 673 ~2%7:23
3 422 1155=~21017 || 30 753 ~ 23723
4 481 2369=~211-21 || 40 833 ~ 24723
5 521 4778 =~21222 || 59 985 ~ 26346
Level 0 Level 1 Level 2 Level 3
Full Full Full Full
Copy to new memory
New Level 0 Level 1 Level 2 Level 3
space Full Full Full Full
Update level boundaries
Level 0 Level 1 Level 2 Level 3 Level 4
Empty Full Full Full Full
Pointer
Free Level O Level 1 Level 2 Level 3
memory Full Full Full Full
Pointer Update pointer and level boundaries
Level 0 Level 1 Level 2 Level 3 Level 4
Empty Full Full Full Full

Figure 11: Adding a new level to a completely full KLL sketch.
Comparison of level addition strategies for KLL sketch implemen-
tations using a packed contiguous array. Top: Original approach
from [15] — When full, allocate a larger array to accommodate one
additional level, copy existing data, and update level boundaries.
Bottom: Our fixed-size implementation — Pre-allocated space
eliminates memory allocation and data copying. Adding a level
only requires updating the Level 0 pointer and level boundaries. No
copying/moving of data or allocations are necessary.

as larger sizes would allow for more than 2% insertions, exceeding
the capacity of 64-bit counters. Even though we always allocate 985
elements (~8kb for 64-bit integers), the actual memory requirements
are lower: a sketch handling 1 million insertions uses 617 elements
(wasting only 37% of the allocated space), while one processing 10
billion insertions uses 649 elements (34% unused space). If a tighter
bound on the number of insertions than 264 is known in advance, the
array size can be reduced accordingly. Table 1 details how the array
size grows in relation to the number of levels and insertion count.
This approach aligns perfectly with the optimized algorithm from
[15], which grows the array from the "front" by allocating more
memory and shifting elements backward. By preallocating, we elim-
inate the branching that checks for growth necessity, the costly
element shifting/copying operations and memory allocations. We
illustrate this optimization in Figure 11. Instead of growing and shift-
ing, we maintain a pointer to the start of level 0 and simply update
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this pointer when growth would normally occur. For 1 million in-
sertions, this eliminates 13 growth operations, while for 10 billion
insertions, it eliminates 17 growths. This optimization further in-
creases our speedup over DataSketches to up to 1.52x — a significant
improvement considering the already highly optimized nature of
the DataSketches implementation.

5 Discussion

Thread Safety. In this work, we defer synchronization between
multiple threads to the user, aligning with the approach that Apache
DataSketches takes. This design choice is particularly beneficial for
scenarios like analytical processing, where data can be naturally
partitioned into disjoint subsets for parallel processing, followed by
afinal merge operation. Since all sketches presented in this work sup-
port full mergeability, we avoid imposing unnecessary synchroniza-
tion overhead during insertions, allowing users to implement con-
currency control strategies that best suit their specific requirements.
Sketch Parameters. The choice of sketch parameters influences
performance characteristics. Generally, there exists a trade-off be-
tween accuracy (or error probability) and insertion speed: higher
accuracy demands come at the cost of slower insertions. For both
SS and KLL sketches, variations in their respective parameter k are
expected to affect all implementations uniformly. Our selected pa-
rameters result in memory footprints of approximately 1KB for SS
and 4KB for KLL sketches, both comfortably fitting within the L1
cache (32KB). Should these sizes exceed the L1 cache capacity, we
anticipate performance degradation. The CS sketch, with its current
82KB size, resides in L2 cache; modifying its parameters to either
fitin L1 or exceed L2 would alter performance metrics, though we
expect such changes to impact all implementations proportionally.
Hash Function Choice. For consistency with Apache DataSketches
and fair comparisons, we employ 128-bit MurmurHash3 as our hash
function. While faster alternatives exist, such optimizations would
uniformly benefit all implementations. Our key contributions to CS
regarding range reduction and avoiding computation of more hashes
than are necessary are hash function-agnostic and can be applied
universally. In scenarios requiring only 64 hash bits, performance
could be further enhanced by utilizing at 64 bit hash function such
as MurmurHash2, which might reduce the computational overhead
associated with generating additional unneeded bits.

More Modern Compilers. The compiler used in the benchmarks
is not the latest version. We conducted additional experiments using
the freshly released GCC version 15.1 on identical m5.12x1large
hardware. While performance differences between sketch imple-
mentations remain significant, the gaps narrow with the modern
compiler, yielding several interesting insights. The newer compiler
benefits all Count Sketch implementations, notably through au-
tomatic hash function unrolling without explicit implementation
guidance. Our manually unrolled code for floating-point types now
exhibits lower performance than the compiler-optimized version,
primarily due to our additional logic ensuring consistent hash values
for +0 and —0 which, despite being equal, have different binary en-
codings. For SpaceSaving, the modern compiler significantly slows
down our handwritten SIMD code, showing performance degrada-
tion across all data types except 16- and 128-bit integers and strings.
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This implementation no longer consistently outperforms DataS-
ketches, instead showing comparable performance. The heap-based
SS variant, however, sees substantial improvements, achieving up
to 3x speedup for floating-point types when compared to the older
compiler version, likely due to auto-vectorization of the linear scan.
For 16-, 32-, and 64-bit integers, performance now matches both the
SIMD and DataSketches implementations. For KLL, the new compiler
also speeds up all implementations across the board slightly. Exam-
ining the KLL sketch assembly code reveals that while the newer
compiler still retains the redundant self-move protection check, our
optimization continues to yield performance benefits.

ARM Processors. To evaluate the architecture dependence of our
optimizations, we conducted additional experiments on an
r7g.16xlarge AWS instance equipped with 64 ARM-based AWS
Graviton3 CPUs @ 2.1 GHz running Amazon Linux 2. While the
performance gaps between different implementations narrow on
ARM architecture, they remain significant — there are some excep-
tions, however. The Count Sketch optimizations show consistent
relative performance improvements across architectures. For Space-
Saving, we implemented ARM-specific SIMD code using Neon in-
structions to replace the x86 AVX code. On ARM, the heap-based
variant demonstrates stronger relative performance compared to
other implementations than on x86. DataSketches outperforms our
SIMD implementation for 64-bit, 128-bit integers, and doubles. The
KLL sketch optimizations remain effective but show more modest
gains, with our best implementation achieving up to 1.15x speedup
over DataSketches.

Using GCC 15.1 on ARM produces effects similar to those observed
on x86. Notably, the newer compiler negatively impacts handwritten
SIMD performance, with DataSketches outperforming our SIMD
implementation across all data types. In some cases, our SIMD im-
plementation even falls behind the paper implementations, while
DataSketches consistently maintains superior performance, making
it a more reliable baseline for ARM architectures.

6 Conclusion

In this paper we have presented highly insert-optimized implementa-
tions of three fundamental data sketching algorithms: Count Sketch,
SpaceSaving, and Karnin-Lang-Liberty. Through careful engineer-
ing and novel implementation strategies, we achieved substantial
performance improvements over naive, Apache DataSketches, and
other papers’ implementations. Our optimizations include fast hash
range reduction and hash sharing for CS, SIMD vectorization for SS,
and memory preallocation and branching improvements for KLL.
These improvements demonstrate that significant performance
gains are possible through implementation optimization, even for
well-established algorithms. Our work establishes new performance
baselines and shows that classical sketching algorithms can deliver
exceptional performance without sacrificing their theoretical guar-
antees. By open-sourcing our implementations, we hope to con-
tribute to the advancement of high-performance data sketching.
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