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Randomness is a powerful tool in the design and analysis of algorithms and data structures for nucleotide sequence data.
Nucleotide sequences are not themselves random but are often randomized using hash functions. Despite their widespread
use in genomics, there is no comprehensive review of the types of hash functions used and their various applications. In this
survey intended for bioinformatic methods developers, we divide hash functions into four categories: scattering hash func-
tions, permutations, minimum perfect hash functions, and locality-sensitive hash functions. For each category, we provide
examples of both general-use hash functions that have been applied in nucleotide sequence analysis and hash functions that
have been designed specifically for nucleotide sequence analysis. We highlight their salient properties, commonalities, dif-
ferences, and application areas.

Randomness is a powerful concept in nucleotide sequence analysis.
Many algorithms are known to perform better on data that is
random, because random data is unlikely to exhibit the intricate
structures that can reduce performance (Shaw and Yu 2023).
Unfortunately, DNA sequence data is not random. For example,
the set of all k-mers (i.e., substrings of length k) from a genome dif-
fers substantially from a set of random k-mers. Among the differenc-
es are homopolymers, which are more likely to appear in genomes
than by chance. Also, adjacent k-mers overlap by k−1 characters,
which does not happen frequently in a set of random k-mers. The
problem of nonrandomness is not unique to nucleotide sequence
data and is commonacross real-world data sets frommanydomains.

Even though the data is not itself random, it can nevertheless
be randomized with the help of hash functions. A hash function
associates a pseudorandom hash value with each input element,
while simultaneously ensuring that identical items produce the
same hash value. Downstream algorithms can then work with
the hash value instead of the original input element. Such hashing
can improve an algorithm’s accuracy, speed, and/or memory us-
age. A ubiquitous genomic example of randomization’s power is
that the size of a winnowed minimizer sketch is greatly reduced
by replacing the deterministic lexicographical k-mer order with a
randomized one (Marçais et al. 2019b).

The term “hash” originates from the food preparation process
of “chop and mix,” which mirrors its function in hashing algo-
rithms that similarly “chop and mix” data to generate hash values
(Knuth 1968). The concept of hashing was first proposed by Luhn
(1953) and formally named in Morris (1968). Since then, hashing
techniques have evolved from simple randomization to sophisti-
cated adaptive methods that consider locality, structure, label in-
formation, and data security. These advanced methods have
enabled algorithms for nucleotide sequence analysis to scale to un-
precedented levels (e.g., Chikhi et al. 2024; Karasikov et al. 2025).

In addition to randomizing the input data, a hash function is
often used to reduce its size; for example, a hash function such as
MD5 could map a whole genome to a 64-bit integer. By reducing

data size, hash functions can reduce the runtime andmemory usage
ofdownstreamalgorithms.Bytheirnature, thesehash functionswill
sometimeshave collisions; that is, different input elementswillmap
to the same hash value. In some situations, collisions may even be
desired as a way to detect similar input elements.

Despite the wide use of hash functions in nucleotide se-
quence analysis, there is no comprehensive review of the types
of hash functions used and their various applications. There has
been some tangential coverage in other surveys, such as reviews
on data structures for k-mer sets (Marchet et al. 2020; Chikhi
et al. 2021) and reviews on sketching techniques in bioinformatics
(Marçais et al. 2019b; Rowe 2019; Zheng et al. 2023). There are also
books (Knuth 1968; Leskovec et al. 2020) and surveys (Chi and Zhu
2017; Jafari et al. 2021; Wu et al. 2022) covering hash functions in
a broader context, but they do not review the specific peculiarities
and applications in nucleotide sequence analysis.

As hash functions and hash-based algorithms have been at
the core of progress in genomics, it is crucial to establish a unified
framework that categorizes all these methods, highlights their
properties, and identifies commonalities and differences. We pro-
vide a comprehensive overview of the hash functions applied and
designed for nucleotide sequence analysis, filling a gap in the cur-
rent literature. We note our focus is on the hash functions them-
selves rather than on an exhaustive list of their applications,
though we do provide illustrative examples of applications
throughout. We also note that though there is a close relationship
between hash functions and sketches/embeddings, this survey fo-
cuses on hash functions. In particular, we take the perspective that
for a hash function, there is no notion of distance between out-
puts; the outputs are treated as atomic values and the only mean-
ingful comparison that can be made between them is to either
check if they are equal or if one is less than the other.

Overview

In this section, we will formally introduce hash functions and give
a high-level overview of the types of hash functions that will be
covered in the rest of the paper.
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The section titled “ASCII-to-integer encoding” covers a basic
but often poorly-described step of most hash functions. A DNA se-
quence is at first usually stored in the ASCII format (the same one
used for text files), using the DNA characters {A, C, G, T}. Although
convenient for human interpretation, it is unnecessarily wasteful
to represent each character with a whole byte. Before applying
more sophisticated hash functions, it is therefore common to en-
code the sequence compactly using two bits per nucleotide. The
section will cover the various ways that this has been done in
practice.

A hash function h is a function that maps an element from a
universe U to an integer in [B] called a bucket (the notation [B]
means the integers between 0 and B−1). For example, U might
be the set of all k-mers and B might be 232. A hash function is col-
lision-free if no two elementsmap to the same value; that is, the fact
that h(x1) =h(x2) always implies that x1 = x2. A collision-free hash
function is practically invertible if there exists an efficient algorithm
that takes a bucket b and either finds the unique x such that h(x) = b
or reports that no such x exists. Note that if there is a way to enu-
merate the elements of U, then a brute-force algorithm can find
an inverse by just checking every element of the universe; hence,
the key to being practically invertible is to be able to do it efficient-
ly. Table 1 further summarizes the notation and definitions wewill
be using in this paper.

Because a hash function follows the mathematical definition
of a function, it is, strictly speaking, deterministic. In other words,
for a given input, the output remains the same every time the func-
tion is run. In order to add randomness, we need to consider fam-

ilies of hash functions instead. If H is a family of hash functions,
then by choosing h∈H uniformly at random, the user injects ran-
domness into the hash process. For example, we might informally
speak of a hash function that assigns an element to a bucket uni-
formly at random by flipping a B-sided coin for each element.
But, formally, we would define a family of hash functions Hideal

which contains B|U| deterministic hash functions. Each hash func-
tion corresponds to a particular instantiation of the |U| coin flips.
We would then pick a hash function uniformly at random from
Hideal. Although it is common to think of the hash function itself
being random, the formal definition using families is needed for
more nuanced understanding.

Hash families are often parameterized by a seed. For Hideal, the
seed is the instantiation of the |U| coin flips. For another example,
let h(x) = x⊕M be a simple hash function that XORs (see Table 1
for the definition of XOR) the input integer with another integer
M, where 0 ≤ M , |U| and for simplicitywe assume that |U| is a pow-
er of 2. M is said to be a seed of this hash function, and we might
even make it explicit by writing hM(x). More generally, a seeded
hash family is defined as {hθ|θ∈Θ}, where Θ is the set of possible
seed values (e.g., [|U|]) and θ is a particular seed (e.g., M). The user
can then choose a hash function from this family uniformly at ran-
dom by picking a uniformly random value for the seed.

We classify the hash functions in this survey into four catego-
ries (see Fig. 1 for an illustration), which form the basis for the
structure of this survey. The first category is whatwe refer to as scat-
tering hash functions, following their original usage in computer sci-
ence as away to scatter elements into a hash table (Knuth 1968). In

Table 1. Notations used in the paper

Notation Meaning Example

Σ the DNA alphabet: {A, C, G, T}

S a sequence using Σ S =AGTTC

m length of S m=5 for S=AGTTC

k-mer a sequence of length k ACG (for k=3)

n number of k-mers in S: m− k+1 n=3 for S =AGTTC

S[i] the ith character of S S[1] = A for S=AGTTC

si the k-mer starting at the ith position of S s2 =GTT for S=AGTTC

⊕ the “exclusive or” (XOR) operation 110 ⊕ 100 =010

≫,≪ shift right and shift left operations 100101≫2=001001

and bitwise “and” operation 110 and 100 =100

rold(x) d cyclic left rotations of x rol2(100100) = 010010

u · v dot product of u and v (1, 0, 1) · (1, 1, 0) = 1 +0+0=1

J( · , · ) the Jaccard similarity:
|X> Y |
|X< Y | X= {a, b, c}, Y= {c, d}

J(X, Y ) = |{c}|
|{a, b, c, d}| =

1
4

[n] the integers between 0 and n−1

h : U→ [B] a hash function from a universe U to the integers [B] h(x) = (2x + 1)mod 24

domain of h the set U all 64-bit integers

codomain of h the set [B] all 4-bit integers

image of h {h(x)|x∈U} all odd 4-bit integers

π : U→ [|U|] a permutation: a bijective hash function p(x) = x ⊕M, for 0≤M< |U|, where |U| is a power of 2

{hθ|θ∈Θ} a family of hash functions with seeds chosen from Θ

sim( · , · ) a similarity measure associated with a metric space s(X, Y) = J(X, Y)

spaced word a subsequence extracted using a mask pattern for mask 10011 and S =AGTTC, the extracted spaced word is ATC
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this situation, the universe U is huge; for example, for all possible
60-mers, the size of the universe U is 460. The number of buckets B
is typically much smaller, for example, 232. As a result, scattering
hash functions have hash collisions. Because collisions typically
have adverse downstream effects, good scattering functions mini-
mize the chance of collisions as much as possible.

The second category of hash functions is permutations. A
hash function is a permutation when it is bijective; that is, it is col-
lision-free and |U| =B. Unlike a scattering hash family, a permuta-
tion is not intended to be a way to place elements of U into a
small number of buckets. Instead, the permutation serves to create
a randomized total order on the elements of U. Permutations may
be practically invertible, but not necessarily.

The third category is what we call minimum perfect hash func-
tions (MPHFs). Scattering hash functions and permutations are
generally chosen independently of the data set to which they
will be applied. They might be chosen just based on the universe
size and the desired number of buckets, but without any assump-
tions onwhich elements of the universe will end up being hashed.
AnMPHF, on the other hand, is constructed based on knowing the
subset of the universe which will have a hash value assigned. This
knowledge allows a hash function to be collision-free on the sub-
set, though at the expense of needing more space to store the
hash function.

The fourth category of hash functions is locality-sensitive
hash (LSH) functions. Unlike the previous categories, these hash
functions are designed to exploit collisions, rather than avoid
them. Specifically, they assume that there is a reasonable notion
of distance between elements in the universe, for example, the
Hamming distance between two sequences. They then hash ele-
ments from the universe such that two elements with a small dis-
tance aremore likely to collide than elementswith a large distance.
Unlike the other categories, LSH functions not only detect equal
elements but detect similar elements.

ASCII-to-integer encoding
For our purposes, an encoding is an invertible function from an
ASCII DNA sequence S of length m to a bitvector of length 2m,
or, equivalently, to an integer in [4m]. In this section, we do not
consider non-DNA characters such as “N.” The natural approach
for encodings is to assign a 2-bit code to each nucleotide. Given

any 2-bit encoding of the nucleotides, the 2-bit encoding of a
DNA sequence S is then obtained by concatenating the 2m bits
that represent its constituent characters.

There are 4! = 24 options for a 2-bit encoding of nucleotides. A
common one assigns A 7! 00, C 7! 01, G 7! 10, and T 7! 11. For
example, the encoding of ACGG would be 00011010. This encod-
ing has the sometimes desirable property that the lexicographical
order of the ASCII sequence corresponds to the lexicographic order
of the encoded bitvector. For example, the encoding of CCGT (i.e.,
01011011) is larger, both as a string and an integer, than the en-
coding of ACGG, agreeing with the fact that CCGT is lexicograph-
ically larger than ACGG. This encoding also possesses a desirable
property for implementation: given a character c∈Σ encoded in
ASCII, the simple expression (3 and ((c ≫ 2)⊕ (c ≫ 1))) provides
its 2-bit encoding described above. This can be used to compute
the encoding of a longer string using fast arithmetic operations,
avoiding slow branching instructions. Furthermore, the expres-
sion works also for the four characters in lower case, due to the de-
sign of the ASCII code.

Anothermapping swaps the encoding ofGwith that ofT (i.e.,
A 7! 00, C 7! 01, G 7! 11, and T 7! 10). It can be computedwith an
even simpler expression (3 and (c ≫ 1)); it can also be used to save
a bit for the canonical encoding (see below). Note that both afore-
mentioned expressions to convert from an ASCII character to a 2-
bit encoding work for the RNA alphabet {A, C, G, U} as well.

Other nucleotide encoding schemes are also used, depending
on the applications. A 3-bit encoding can accommodate additional
letters in the alphabet, such as N for the ambiguous nucleotides. A
1-bit encoding, for example, mapping purines (A and G) to 0 and
pyrimidines (C and T) to 1, not only reduces thememory footprint
but can also simplify biological analysis when the actual nucleo-
tides are insignificant. One-hot encoding is another encoding
scheme, popular in machine learning. It treats the alphabet Σ as
categories andmaps each character of a sequence S to a binary (col-
umn) vector of size |Σ|. For example, A 7! 1000T , C 7! 0100T ,
G 7! 0010T , and T 7! 0001T . The sequence S is therefore encoded
as a |Σ| ×m binary matrix. Because one-hot encoding is widely
used in the field of machine learning to represent categorical in-
put, applying it to DNA sequences facilitates the direct utilization
of existing models for bioinformatics tasks.

Owing to the double-stranded nature of DNA, it is often desir-
able to identify a DNA sequencewith its reverse complement. That

Figure 1. Illustration of the four categories of hash functions discussed in this survey. For scattering hash functions, there are many collisions in B. For
permutations, there are no collisions. For the minimum perfect hash function (MPHF), blue dots represent the subset of the universe provided in advance,
with red dots representing the rest. The blue edges should not have any collisions, but the behavior of the red edges is undefined. For the locality-sensitive
hash function (LSH) category, the vertical line segment represents the metric space on which the universe elements lie, and elements with a small distance
are more likely to have the same hash value. For this category, collisions are desired for elements that are nearby in U.

Hash functions in nucleotide sequence analysis

Genome Research 889
www.genome.org



is, if S and S′ are reverse complements, we would like their encod-
ings to be the same. Encodings with this property are said to be ca-
nonical. This is a slight abuse of notation, as a canonical encoding
is not invertible, as required by our definition of encoding; howev-
er, in the context of a canonical encoding, we interpret invertible
to mean that we can recover the pair {S, S′}. The simplest canonical
encoding is to encode the lexicographically smaller sequence be-
tween S and S′. For example, to encode CCGT, we observe that
CCGT is larger than ACGG, and then use a standard encoding
for ACGG. The same idea carries over to any hashing method:
we compute the hash values of S and S′, then choose the smaller
one as the final result (e.g., as is done by Zentgraf and Rahmann
2020).

Applying these canonical encodings roughly halves the size
of the codomain: for encoding sequences with an odd length m,
only 22m−1 out of 22m output values are possible—the other half
of the image is wasted. A simple trick can save one output bit by
reducing the size of the image to match the codomain. This idea
was first described in published form by Martayan et al. (2024)
but had been already used in practice prior to that. Consider the
base 2-bit encoding with A 7! 00, C 7! 01, G 7! 11, and T 7! 10
and assume that the sequence length m is odd. The parity of a bit-
vector is whether the number of 1s is odd or even. Observe that for
each pair of complementary nucleotides, the parities of the base
encodings are opposite. Therefore, the parities of the base encod-
ing of S and S′ are also opposites. Our canonical encoding of S is
created by (1) computing the base encodings of S and S′, (2) choos-
ing the unique one that has an odd parity, and (3) dropping its
higher-order (i.e., leftmost) bit. For decoding, the higher-order
bit can be restored by checking the parity— the bit is 1 if the parity
is even and 0 otherwise. For example, the base encodings of ACG
and CGT are 000111 and 011110, respectively. The canonical en-
coding of {ACG, CGT} is then the base encoding of ACG (as it has
odd parity) without the leftmost bit, that is, 00111. To decode
00111, we observe that it has an odd parity, and so we add a left-
most 0 bit and recover 000111. This type of canonical encoding
only works when m is odd; for the case of even m, Wittler (2023)
gave a more involved encoding scheme which we do not cover
here.

Suppose that instead of encoding arbitrary sequences, the
user is sliding a window along a (long) sequenceG (e.g., a genome)
with length m> k and encoding the k-mer of every window.
Computing the encoding for each k-mer will take Θ(k) time if
done naively using the above approaches (though it can be sped-
up using specialized low-level hardware instructions). An encod-
ing is said to be rolling if it can be computed in constant time
from the encoding of the preceding k-mer. With a rolling encod-
ing, the run time to compute all the encodings from G is reduced
fromΘ(mk) toΘ(m). The above base encodings can all be done in a
rollingway as follows. The first k-mer inG can be encoded as usual.
The k-mer in the next window can be encoded by taking the en-
coding of the first k-mer, dropping the higher-order (i.e., leftmost)
two bits, and adding two lower-order (i.e., rightmost) bits which
correspond to the encoding of the new nucleotide. For example,
consider again the 2-bit encoding A 7! 00, C 7! 01, G 7! 11, and
T 7! 10. Let k=3 and G=ACGT. Then, the encoding of the first
k-mer (i.e., ACG) is 000111. To obtain the encoding of the second
k-mer (i.e., CGT), we drop the leftmost two bits to get 0111, and
add the 2-bit encoding of T (i.e., 10) to the right, obtaining
011110. The encoding of the reverse complement of the second
k-mer can be obtained from the encoding of the reverse comple-
ment of the first k-mer in a symmetric manner.

Scattering hash functions
In this section, we will first describe what are the desirable proper-
ties of a scattering hash function and how they are evaluated. We
will then give two examples of general-use scattering functions
that are popular in genomic sequence analysis. Finally, we will
describe a scattering function designed specifically for the case of
genomic sequences.

The ideal scattering hash family is the aforementioned Hideal,
which flips aB-sided coin for each element.Hideal is often informal-
ly referred to as the “truly random” or “completely random” hash
function. Unfortunately, using Hideal is impractical because, even
though computing the bucket of a k-mer x is fast, the bucket needs
to be stored so that future queries for x consistently return the same
bucket. In other words, one needs to store which hash function
was chosen fromHideal, of which there are B|U| possibilities. A basic
result from information theory states that at least log2 X bits are
needed to store an element that is chosen uniformly at random
from a universe of size X (Navarro 2016). Thus storing Hideal re-
quires |U| log2 B bits, which is prohibitive in most applications.

Evaluation of scattering hash functions

Scattering hash functions are designed so that they share some im-
portant theoretical properties with Hideal, even if they cannot
achieve all of them. As a rule of thumb, the more properties of
Hideal that a hash family mimics, the more space it takes to store
and/or the longer it takes to compute. A lot of computer science re-
search is thus focused on developing hash functions that achieve
certain tradeoffs between computational resources and the close-
ness toHideal. However, in hash functions developed for nucleotide
sequence analysis, it is rare to see any formal proofs of the proper-
ties. Rather, it is often experimental evaluation of the desired prop-
erties that convinces practitioners that a hash function fits their
needs. Moreover, many practical hash functions do not arise
from the academic community and are not associated with publi-
cations; this has resulted in a lack of standard terminology and for-
mal underpinnings for their empirical evaluation. In this section,
we will cover some of the theoretical guarantees that have been
used for nucleotide sequence analysis and connect them to how
they have been empirically evaluated.

A key design element of scattering hash functions is speed.
They are typically very fast, implemented using a handful of sim-
ple arithmetic operators such as XOR, addition, subtraction, and
shifting. The focus of empirical speed evaluation is therefore on
the absolute throughput (i.e., number of hashes computed per sec-
ond) rather than on asymptotic speed analysis.

One of themore basic guarantees ofHideal is that an element is
equally likely to get assigned to any bucket. Formally, there are two
ways to interpret this property, depending on whether we assume
that the hash function is fixed and the randomness comes from
the data, or vice versa. In the first interpretation, we assume a sin-
gle, deterministic hash function. The property is then called regu-
larity: for every bucket b, if we draw an element from the universe
uniformly at random, then the probability of it hashing to b is 1/B.
For example, a hash function that returns the encoding of a k-mer
modulo B is regular when |U| is a multiple of B. When proving the
regularity of a function is too challenging, the property can be test-
ed empirically by looking at the distribution of bucket sizes after
hashing a large number of uniformly chosen elements (Kazemi
et al. 2022 has a good example in their Fig. 1B). The limitation
of this approach is that it does not reflect the fact that in nucleotide
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sequence analysis, input data is not random and hence may elicit
poor behavior even if the function is regular. In the above exam-
ple, if in practice all the data is a multiple of B, then all the data
will collide in a single bucket.

The second formal interpretation is that for every element x
and every bucket b, if we draw a hash function uniformly at ran-
dom from a hash family, then the probability that x hashes to b
is 1/B. This property is called uniformity. Empirically, one can fix
an element and look at the distribution of the bucket sizes after
hashing it using a large number of hash functions from the family.
However, as the number of elements in the universe is typically
huge, it is impractical to do such a test for a nonminuscule fraction
of elements.

Although uniformity is desirable, it is not alone a sufficient
guarantee for most applications. For example, a hash family may
be such that it always places AAAA and CCCC into identical buck-
ets. If that bucket is chosen using a coin flip, then the hash family
is uniform. However, it is not independent. Formally, given an el-
ement x, we can view h(x) as a randomvariable, where the random-
ness comes from choosing h uniformly at random from the hash
family. Then, a hash family is said to be independent if for any set
of elements x1, …, xt, the buckets h(x1), …, h(xt) are independent.
Independence is a very strong property, rarely achieved even in
theory. A weaker but more achievable property is universality,
which states for all choices of distinct elements x1 and x2, the prob-
ability of a collision is at most 1/B. An independent family is uni-
versal but a universal family is not necessarily independent.

An empirical benchmark used for evaluating scattering hash
functions is SMHasher (Appleby 2025b) with its various tests de-
scribed in a GitHub repository (Urban 2025). Independence and
universality are difficult to evaluate empirically because the uni-
verse is too large to do exhaustive experiments. The SMHasher
benchmark instead is built on the knowledge of how practical
hash functions are often constructed; that is, it uses prior knowl-
edge on the modes by which the independence guarantee might
be violated by the functions it tests. For example, one of the tests
is for the avalanche property (Chi and Zhu 2017; Upadhyay
et al. 2022). Informally, the avalanche property states that by chang-
ing one bit in the input element, the hashed value should flip ap-
proximately half the bits. When viewed through the lens of
independence, this property is testing whether there is depen-
dence between certain pairs of input elements; that is, knowing
h(x1) should not aid in knowing anything about h(x2), where x2
is obtained by flipping a bit of x1. If the avalanche property does
not hold, thenwe know thath(x2) has aHamming distance to h(x1)
that is sufficiently different fromhalf the number of bits. This con-
tradicts independence, because if h(x1) were independent of h(x2),
then the expectedHamming distance between themwould be half
the bits. Similar flavors of tests are done to test dependencies with-
in certain groups of elements that are predisposed to dependence
(e.g., differential tests and keyset tests).

MurmurHash

There are several general-purpose scattering functions which are
used for nucleotide sequence analysis. For example, xxhash
(Collet 2025) is used to bucket k-mers by Shibuya et al. (2022)
and CityHash (Pike and Alakuijala 2025) is used for sketching by
Groot Koerkamp and Pibiri (2024). In this section, we will high-
light the most widely used function, MurmurHash (Appleby
2025a,b). The original version of MurmurHash was posted online
in 2008 (Appleby 2025a), and the C++ source code of different ver-

sions is available on GitHub (Appleby 2025b). It can take
input values of any size, and generate a hash value of either 32-
bit, 64-bit, or 128-bit length. We are not aware of any theoretical
results on the uniformity or independence of MurmurHash.
Empirically, its regularity has been tested by Abarca (2025), and
it has been thoroughly tested using the SMHasher benchmark
(Appleby 2025b).

A common approach to designing general-purpose scattering
functions is to partition the input into chunks and perform a series
of bitwise XORs, rotations, additions, and multiplications in
order to scramble the input value. To give a concrete example,
we will describe the 32-bit-output and ℓ-byte-input version of
MurmurHash3 (Appleby 2025c). For simplicity we will assume
that ℓ is amultiple of four.MurmurHash3 relies on five hard-coded
32-bit integer constants which, for the purposes of clarity, we will
abstract away as c1, …, c5. It first partitions the input x into 32-bit
blocks. For each 32-bit block, let xi denote the value of the
ith (indexed from 1 to n) block and let hi denote a hash computed
from hi−1 and xi. A special 32-bit value h0 serves as the seed.
The hash values of hi are then calculated recursively using the
formula:

hi = 5× rol13(hi−1 ⊕ (c2 × rol15(c1 × xi)))+ c3.

We have used × to indicate multiplication of 32-bit integers
and rold(y) to indicate d cyclic left rotations of y. The value of hn

is then transformed as follows. First, hn � hn ⊕ ℓ, then
hn � (hn ⊕ (hn ≫ 16))× c4, then hn � (hn ⊕ (hn ≫ 13))× c5, and
finally, hn � hn ⊕ (hn ≫ 16). The final return value h(x) is
this transformed hn. To the best of our understanding, the
choice of constants and operations in this definition is the result
of a studied intuition and extensive trial and error. We stress that
the five constants c1, …, c5 are hard-coded and are not seeds; the
seed is h0.

MurmurHash has applications across many areas of nucleo-
tide sequence analysis, including sequence alignment (Zaharia
et al. 2011) and k-mer bucketing (Pandey et al. 2017). For example,
Edgar (2021) applied it as the score function of short s-mers in the
construction of syncmers. In the minmer winnowing scheme of
Kille et al. (2023), it is used as the hash function for k-mers in
theMinHash framework. MurmurHash also often serves as the ba-
sic hash function in Bloom filters (Patgiri et al. 2023), a popular
data structure for storing and querying the presence of k-mers
(Marchet et al. 2020).

Karp-Rabin

The downside of MurmurHash is that it is not a rolling hash func-
tion. Let si be the k-mer starting at position i of a sequence S. In a
rolling scenario, we are sliding a window across S and would like
to compute h(si+1) given that we have already computed h(si). A
hash function likeMurmurHash requires time to process thewhole
k-mer. Instead, a rolling hash function is one that allows to com-
pute h(si+1) from h(si) in constant time.

The classical way to do this is with the Karp-Rabin hash fam-
ily (Karp and Rabin 1987). Let x be a k-mer and let σ be the size of
the underlying alphabet, for example, σ = 4 for DNA or RNA se-
quences. Let enc(·) be a function encoding each alphabet charac-
ter to a unique integer between 0 and σ− 1, for example,
enc(′′A′′) = 0, enc(′′C′′) = 1, enc(′′G′′) = 2, and enc(′′T ′′) = 3.
Given a seed p which is a prime integer, the Karp-Rabin hash
function (sometimes referred to as a Karp-Rabin fingerprint) is
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defined as

hp(x) :=
∑k
j=1

sk−jenc(x[j])

⎛
⎝

⎞
⎠mod p.

One can gain the intuition behind hp if we ignore the effect of p
and consider an alphabet of base-10 digits whose encoding are
given by enc(′′0′′) = 0, …, enc(′′9′′) = 9. Then,

hp(′′394′′) =
∑3
j=1

s3−jenc(x[j])

= 100 · enc(′′3′′)+ 10 · enc(′′9′′)+ 1 · enc(′′4′′)

= 300+ 90+ 4 = 394.

The Karp-Rabin hash family is definedwith respect to a positive in-
teger P. Note that P is not a seed but defines the hash family itself.
The hash function hp is chosen from this family by picking a prime
number p uniformly at random in the range between 2 and P. We
are not aware of any formal result about the independence proper-
ties of this hash family, for example, whether it is universal.

Given a sequence S, one can compute hp(si+1) from hp(si) using
the following formula:

hp(si+1) = (shp(si)− skenc(S[i])+ enc(S[i+ k])) mod p. (1)

To see this intuitively, consider S= ″3942″ with k=3, while ignor-
ing the effect of p. The formula states that

hp(s2) = 10hp(s1)− 103enc(S[1])+ enc(S[4]) = 10(394)− 3000+ 2

= 942.

More generally, one can use elementary number theory to show
that Equation 1 holds even when accounting for doing the modu-
lo operation.

Computing hp(si+1) from hp(si) takes a constant number of op-
erations, independent of k. Furthermore, when σ= 4, the opera-
tions can be efficiently implemented using fast shifts and
additions.

The choice of P controls the chance of collision. Observe that
when p≥4k, then the Karp-Rabin fingerprint of a DNA k-mer is
simply its 2-bit encoding, meaning that it is collision-free. For
smaller values of p, the probability of collision increases as p de-
creases. Therefore, setting P larger decreases the collision probabil-
ity, at the expense of requiring more space (i.e., log2 P) to store the
fingerprint.

The above technique computes hash values from k-mers gen-
erated from a sliding window along S. In some situations, the user
needs to compute hash values for spaced words generated in a sim-
ilar manner. A spaced word is defined by a binary pattern (called a
mask) where “1” indicates positions to be extracted and “0” repre-
sents positions to be ignored (Califano and Rigoutsos 1993). For
example, a pattern “110101” applied to S=ACGTCA generates
the spaced word ACTA. A spaced word can be encoded using the
same concatenation of 2-bit nucleotide encodings as with k-
mers, ignoring the masked locations. (More advanced encoding
that are faster to compute are described byHarris 2007.) In this sce-
nario, we would like to generate the hash of the spaced word start-
ing at location i+1 given the value at location i. Girotto et al.
(2018b) implemented a variant of Rabin-Karp hashing that works
for spaced words, which was further sped up by Girotto et al.
(2018a), Petrucci et al. (2020) and Mian et al. (2024); we omit
the details here. Mian et al. (2024) showed how the fast hashing
algorithm can be integrated into a metagenomic read classifier

(Clark-S, described by Ounit and Lonardi 2016) to get substantial
speedups.

ntHash

ntHash (Mohamadi et al. 2016) is a rolling hash family designed
specifically for DNA/RNA sequences and based on the idea of cy-
clic polynomial hash functions (Cohen 1997). The seed to
ntHash is a lookup table T that assigns a 64-bit integer to each nu-
cleotide. The hash value of a k-mer is the 64-bit integer defined as

hT (x) := rolk−1(T[x[1]])⊕ · · · ⊕ rol0(T[x[k]]).

A hash function hT from the ntHash hash family is selected by
choosing T uniformly at random. For a sequence S, ntHash com-
putes the hash value hT(si+1) using hT(si) using the formula (see
Fig. 2 for an illustration)

hT (si+1) = rol1(hT (si))⊕ rolk(T[S[i]])⊕ T[S[i+ k]].

This update operation takes constant time (i.e., independent of k)
and can be implemented using fast XOR and shift instructions. A
similar update formula allows one to simultaneously compute the
hash of the reverse complement; this allows native support for ca-
nonical hash values by taking the minimum of the hashes of a k-
mer and its reverse complement.When applied in a rolling setting,
ntHash is substantially faster than MurmurHash while maintain-
ing similar levels of empirical “randomness” to Hideal (Mohamadi
et al. 2016).

ntHash2 (Kazemi et al. 2022) builds upon ntHash in several
ways. First, it changes the way that canonical hash values are com-
puted by reporting the sum of the noncanonical values (modulo
264), rather than the minimum. Second, it adds support for hash-
ing of rolling spaced words. Third, it addresses some undesirable
nonindependence properties of ntHash by replacing the rol oper-
ation with a “split rotation” operation instead.

ntHash and ntHash2 are applied widely in nucleotide se-
quence analysis, especially in rolling settings. In minimizer-based
k-mer indexing, they generate canonical hash values for adjacent
k-mers, with the smallest value selected as the window minimizer
(Coombe et al. 2021; Rautiainen and Marschall 2021; Cracco and
Tomescu 2023; Groot Koerkamp and Martayan 2025). They also
support simultaneously computing multiple hash values for the
same k-mer, without repeating entire calculations. This makes
them widely adopted when Bloom filters are used; for example,
they are used for de Bruijn graph construction in genome assembly
(Jackman et al. 2017; Nip et al. 2020; Wong et al. 2023a).

Permutations
In this section, we will describe the second category of hash func-
tions – permutations. Permutations are often denoted using π in-
stead of h, where π(x) returns the rank of x in the ordering
specified by π. We assume that the input nucleotide sequence
has already been encoded into a w-bit integer, so that the output
is also a w-bit integer, that is, U= [2w] and B= 2w. The ideal permu-
tation is one that is chosenuniformly at random from the family of
all permutations. As there are |U|! possible permutations, storing a
uniformly chosen one requires at least log2(2

w!) = Q(w2w) bits. As
with Hideal, this is generally prohibitive. Instead, practical per-
mutations try tomimic the behavior of the ideal permutation fam-
ily, while limiting space usage.

The evaluation of permutations is in many ways similar to
that of scattering hash functions. One difference is that the ideal
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permutation family is not universal, because the joint probability
that two distinct elements hash to the same value is 0 rather than
1/B. However, this kind of dependence has limited practical
impact when B is large. As with scattering hash functions, the reg-
ularity, uniformity, and universality of permutations can be
tested empirically using the SMHasher suite.

A property particular to permutations is min-wise indepen-
dence. A permutation family ismin-wise independent if for any sub-
set X⊆ U, each element of X has an equal probability of having the
smallest rank among all elements in X. This property is not tested
by SMHasher and we have not come across instances of this prop-
erty being tested empirically in the nucleotide sequence analysis
literature. As we will see in later sections, this property is needed
for some applications.

We note that uniformity does not imply min-wise indepen-
dence. For example, there may exist two elements x1 and x2 such
that the value of π(x1) is chosen uniformly at random but then
the value of π(x2) is always set to ((p(x1)+ 1) mod B). For any
hash value b, both elements have an equal chance 1/B of hashing
to b when considered independently, but, in B−1 cases, the hash
of x2 will be larger than that of x1. Thus, for the subset X= {x1, x2},
the probability that x2 has the smallest rank among the elements
in X is 1/B, whereas the same probability for x1 is (B−1)/B.

A simple, widely-used permutation family works by choos-
ing, uniformly at random, a w-bit integer M called a mask (Wood
and Salzberg 2014; Quedenfeld and Rahmann 2017; Greenberg
et al. 2023). The permutation is then defined as pM (x) = x⊕M.
Observe that this is indeed a permutation because the XOR func-
tion is invertible, that is, (x⊕M)⊕M = x. It is also uniform, as
for every x and every b, there is exactly one mask M = x⊕ b that
satisfies x⊕M = b. Hence, PrM [pM (x) = b] = 1/B. However, πM is
very bad when it comes to independence. In fact, once one knows
the hash value for a single element x, one can inferM and thereby
know the hash values of every other element. Moreover, the hash
values are correlated with input elements in potentially unaccept-
able ways. For example, consider the encoding A 7! 00, C 7! 01,
G 7! 10, and T 7! 11. Let x1 and x2 be two k-mers whose only dif-
ference is that x1 ends in an A and x2 ends in a C. Regardless of
the mask M, x1 ⊕M and x2 ⊕M will remain identical except the
last order bit. If the goal of the permutation is to scatter elements
so that similar k-mers are in different places, then πM may be unac-
ceptable. Furthermore, πM is not min-wise independent; if X con-
tains exactly one element x with the highest-order (i.e., leftmost)

bit set to 0, then the probability that pM (x) = min {pM (x′) | x′ [
X} is 50%, even if |X| > 2.

There are several other permutation families that have been
used in nucleotide sequence analysis. One of the earliest uses of
permutations was by the Jellyfish k-mer counter (Marçais and
Kingsford 2011). MurmurHash3 is collision-freewhen both the in-
put and output are 32 bits, making it a permutation (Appleby
2025b). A slight modification of ntHash is also collision-free in
such a scenario (Groot Koerkamp 2025a). The Ranhash hash func-
tion from Press et al. (2007) was used in KmerGenie (Chikhi and
Medvedev 2013). Zentgraf and Rahmann (2020, 2022) use a per-
mutation family pa,b(x) = a(rolw/2(x)⊕ b) mod 2w, where the fam-
ily is defined over uniform choices of 0≤b<2w and odd a in the
range 0≤ a<2w. Another permutation function is sometimes re-
ferred to as “Thomas Wang’s function” due to its author (Wang
2025) and is available as a code snippet in Li (2025). It is used in
exact k-mer counting (Pandey et al. 2017) and mapping (Li
2018), among other places. Note that this is not a family but a sin-
gle deterministic function. Another permutation family is fxhash
(Breeden 2025), used by Groot Koerkamp (2025b), which simply
multiplies the 64-bit input by a uniformly random64-bit odd inte-
ger and takes the remainder. The fact that 264 must be co-prime
with any odd number guarantees that the function is invertible.

Minimum perfect hash functions
The third category of hash function are minimum perfect hash
functions (MPHFs). In some scenarios, there is a subset U′ of the
universe that is known in advance and for which collisions are un-
desired. For example, U could be the set of all k-mers and U′ could
be the set of k-mers in the human reference genome. A typical sit-
uation is storing some associated information with each k-mer in
U′, for example, its count in a sequencing experiment. A scattering
hash function can be used to construct a hash table to achieve this;
however, in order to resolve collisions, onewould need to store the
k-mer sequences themselves in the hash table. This adds a large
space overhead. However, it is possible to design a hash function
h that uses the fact thatU′ is known in advance to assign an integer
in [|U′|] to each element, without collisions. Such a function is
called a minimum perfect hash function. It is then possible to re-
place a hash table with a simple array (i.e., direct access table)
and avoid storing the k-mer sequence for each element. Note
that when h is applied to an element not in U′, the return value

Figure 2. An illustration of ntHash with k=4. The random table T maps each nucleotide to an 8-bit integer (for simplicity, we use 8 bits for the output,
instead of 64 bits). A highlighted digit in a binary number indicates its trailing digit before applying any cyclic left rotation.
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can be any integer in [|U′|]. Therefore, an MPHF cannot be used to
determine whether an input element belongs to U′ or not.

In contrast to the other categories of hash functions, MPHFs
are not typically evaluated for their “randomness” properties.
Instead, they are evaluated for the space needed to store and the
time needed to evaluate the function itself (which, unlike for scat-
tering hash functions and permutations, are no longer trivial).

We are aware of at least four MPHFs used in nucleotide se-
quence analysis: CHM (Czech et al. 1992), BBHash (Limasset et al.
2017), PTHash (Pibiri and Trani 2021), and LPhash (Pibiri et al.
2023). All except LPhash are generic implementations, not specific
to nucleotide sequences. LPhash on the other hand is designed spe-
cifically for k-mer sets and attempts to assign consecutive hash val-
ues to pairs of k-mers that overlap by k−1 nucleotides. The
techniques used to construct MPHFs rely on concepts from
compact data structures (Navarro 2016) and other advanced k-mer
techniques (Chikhi et al. 2021). We therefore do not go into detail
of how they are designed and instead refer the reader to Lehmann
et al. (2025) for a recent survey onMPHFs. In terms of applications,
MPHFs form the core of broadly used k-mer dictionaries such as
Pufferfish (Almodaresi et al. 2018) and SSHash (Pibiri 2022).

Similarity estimators
The hash functions considered so far do not consider distances be-
tween elements in the universe. However, many critical applica-
tions in sequence analysis do need to deal with “similarity” or
“distance” between sequences. For example, large-scale genomic/
metagenomic analysis requires estimating the similarity of two ge-
nomes (Ondov et al. 2016). Another example is the construction of
the overlap graph during genome assembly, where a critical step is
identifying overlaps between long error-prone reads (Myers 2005).
The overlaps between long reads are of high similarity, as they orig-
inate from the same region of the genome, but are not identical due
to sequencing errors. A third example is analyzing sequencing reads
that are tagged with short sequences called Unique Molecular
Identifiers (UMIs). Reads that have UMIs that are within a small
edit distance of one another and map to the same gene and cell are
likely to originate from the same molecule (Bose et al. 2015; Smith
et al. 2017). Therefore, reads with similar UMIs can be clustered to-
gether so as to enable the correction of their sequencing errors.

Such applications involve similarity or distance measures,
which necessitate that the universe U be a metric space. A metric
space is a set of elements equipped with a distance function, or
equivalently inmost cases, a similaritymeasure sim(· , ·). For exam-
ple, points in two or three dimensions naturally use the Euclidean
distance. Hamming distance is a common distance measures for
sequences of equal length. For biological sequences, the unit-
cost edit distance (also called the Levenshtein distance) is funda-
mental as substitutions and indels are basic evolutionary events.

Wewill see in the next section how such distancemetrics give
rise to a broad class of functions called locality-sensitive hash func-
tions. In this section, however, we will focus on a special subclass
that is of its own interest. Consider as above a universe U equipped
with a similarity function sim(· , ·). A hash family H= {hθ|θ∈Θ} is a
similarity estimator if for any pair x, y∈U,

Pr
hu[H

[hu(x) = hu(y)] = sim(x, y).

Here, the notation Prhu[H is used to mean that the probability
space is defined by choosing hθ uniformly at random from H. In
statistical terminology, these type of functions are sometimes re-

ferred to as unbiased estimators (Wasserman 2004). In this section,
we describe several similarity estimators that exist for similarity
measures used in nucleotide sequence analysis.

Hamming similarity

Let U be the set of sequences of length m and let x, y∈U. The
Hamming similarity is defined as the fraction of positions where x
and y agree or, formally,

sim(x, y) := |{1 ≤ i ≤ m | x[i] = y[i]}|
m

.

Let hi(x) be the hash function that simply returns the ith letter of x,
and letH= {hi| 1≤ i≤m} be the family withm such hash functions.
Assuming that a hash function is drawnuniformly at random from
H, it follows immediately that H is a similarity estimator for
Hamming similarity:

Pr
hi[H

[hi(x) = hi(y)] =
∑m
i=1

1{x[i] = y[i]}
m

= sim(x, y).

Here, 1{ · } is the indicator function, returning 1 if the condition in-
side is true and 0 otherwise.

Angular similarity

Let U be the universe of real-valued n-dimensional unit vectors; for-
mally, U = {u [ Rn | ‖u‖2 = 1}. Let ang(x, y) denote the angle be-
tween x, y∈U. The angular similarity between x, y∈U is defined as

sim(x, y) := 1− ang(x, y)
p

.

The idea behind an estimator for angular similarity is random projec-
tion. Let r [ Rn be real-valued n-dimensional vector. Define the
hash function hr(x) as being 1 if the dot product between x and r
is non-negative and 0 otherwise. We will consider the hash family
H= {hr|r}, with the coordinates of r drawn independently at random
from the standard Gaussian distribution. We now argue that H is a
similarity estimator for the angular similarity. It is a classic result
(Muller 1959) that r/‖r‖2 is uniformly distributed on the unit n-
sphere centered at the origin. Therefore, the event that hr(x)≠hr(y)
is equivalent to the event that the hyperplane defined by r separates
x and y. The latter happens with a probability of ang(x, y)/π, hence

Pr
hr[H

[hr(x) = hr(y)] = 1− ang(x, y)
p

= sim(x, y).

Jaccard similarity

LetΩ be a set and letX and Y be two subsets ofΩ. In our setting,Ω is
usually a set of k-mers. The Jaccard similarity betweenX andY is the
fraction of their k-mers that are shared and is formally defined as

sim(X, Y) := |X> Y|
|X< Y| .

Let π be chosen uniformly at random from a family of min-wise in-
dependent permutations of Ω. Recall that π defines an order for
all elements in Ω and π(a) denotes the rank of a in this order. The
set-min hash function,5 introduced by Broder (1997), is a function

5This function is sometimes referred to as a minimizer hash function or as a
MinHashwith one sample hash function. This often depends on the application,
so we therefore chose to introduce an application-neutral term here.
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hπ(X) mappingX to the element inXwith the smallest rank accord-
ing to π. Formally, for a subset X ⊆ Ω,

hp(X) := argmin
x[X

p(x).

Note that in our setting, the domain of the set-min hash func-
tion is the power set of Ω and not Ω itself. Let H = {hp |
p is amin-wise independentpermutationover V} be the family of
hash functions which chooses π uniformly at random. We now
show that H is an estimator for Jaccard similarity. By definition of
min-wise permutation, any element in X< Y will have the equal
probability of being the smallest element under π. Thus the event
that hπ(X) =hπ(Y) happens if and only if the smallest element also
falls in X> Y. Hence, min-wise independence implies that

Pr
hp[H

[hp(X) = hp(Y)] = |X> Y|
|X< Y| = sim(X, Y).

Min-wise independent permutation families are of theoretical inter-
est (Broder et al. 1998), but in practice, π is often chosen using oneof
the options described in the “Permutations” section. In some in-
stances, a scattering hash function is used and collisions are resolved
using a tie-breaker.

Sampling to reduce variance

The evaluation of the above similarity estimators focuses on their
variance. Consider, for example, the set-min hash function ap-
plied to two sets with sim(X, Y) = 0.8. In practice, we pick π uni-
formly at random and check if hπ(X) =hπ(Y). For that specific π,
the probability of a collision is some specific value, for example,
0.7. If we repeat this again for a different π, wewould get a different
collision probability, for example, 0.9. The theory says that on av-
erage, wewill get probabilities of 0.8. However, in practice there is a
big difference between seeing 0.7 and 0.9 versus seeing 0.79 and
0.81. The variance of an estimator captures this difference, that
is, the extent to which the collision probabilities are concentrated
around their mean values. A formal definition of variance is not
needed here but the interested reader can check Wasserman
(2004).

In order to improve variance, the above similarity estimators
are often combined with sampling. For example, for the Jaccard
similarity, one can select not just one π but many π, uniformly at
random, and count the fraction of times that hπ(X) and hπ(Y) col-
lide. As with the probability of a collision for a single π, this fre-
quency of collisions is a similarity estimator of the Jaccard
similarity of X and Y. However, the variance of the estimation de-
creaseswithmore samples, at the expense of higher computational
cost. This is also an example of how a hash function (e.g., set-min)
can be sampled multiple times to form a sketch; that is, the set of
computed hπ(X) values is referred to as a MinHash sketch of X
(Broder 1997). This idea has been extensively explored, resulting
in new theories and practical tools for estimating similarity of
large-scale sequencing data sets (Ondov et al. 2016; Pierce et al.
2019; Irber et al. 2022).

Applications

In the next section, we will describe several methods for genomics
applications that are built on top of these similarity estimators.
Here, wewill focus on the application of set-min. It has been wide-
ly applied in genomics over the past two decades, mostly as a basis
for computing two types of sketches.Wehave already seen the first
type of application, which is as a basis for the MinHash sketch,

leading to a low-variance estimator for the Jaccard similarity be-
tween k-mer sets. MinHash sketches are used to estimate average
nucleotide identity (Ondov et al. 2016), cluster metagenomes
(Yang et al. 2011; Rasheed and Rangwala 2013), and classify se-
quences (Drew and Hahsler 2014). One can also define MinHash
by using set-min with an underlying scattering function (i.e.,
with collisions), rather than a permutation; in such cases, there
is a tradeoff between the number of bits used to store eachhash val-
ue and the variance of the Jaccard estimator (Zhao 2019; Ertl 2021;
Agret et al. 2022; Yu and Weber 2022; Baker and Langmead 2023;
Xu et al. 2024). See Groot Koerkamp (2024) for a survey of this di-
rection. Another extension of MinHash is to multi-sets of k-mers,
called weighted MinHash (Wu et al. 2022); it has been applied to
phylogenetic profiling (Moi et al. 2020), genome search (Zhao
et al. 2024), and long read classification (Das and Schatz 2022).

The second type of application is the winnowed minimizer
sketch (Schleimer et al. 2003; Roberts et al. 2004). Whereas in
MinHash, many hash functions are drawn and applied to a single
long string, in the winnowed minimizer sketch, only one hash
function is drawn but it is computed for many short windows.
In particular, set-min is applied to each sliding window of a long
sequence, with each minimum k-mer referred to as a minimizer
and the joint set of minimizers referred to as the winnowed mini-
mizer sketch. This sketch is usually used as a seeding method for
seed-and-extend sequence comparison such as genome assembly
(Ekim et al. 2023), read mapping (Kille et al. 2023), read overlap
detection (Li 2016), and sequence alignment (Li 2018). They are
also utilized in de Bruijn graph indexing and querying (Holley
and Melsted 2020) and k-mer counting (Deorowicz et al. 2015; Li
and Yan 2015). See Ndiaye et al. (2024) for amore extensive survey
of minimizer sketch applications.

Locality-sensitive hash functions
Similarity estimators are a special case of a more broad category of
hash functions. Let U be a metric space coupled with similarity
measure sim( · , · ). A locality-sensitive hashing (LSH) function maps
elements from U to buckets B, such that two distinct elements x,
y∈U are more likely to collide (i.e., hash to the same bucket) if
sim(x, y) is large, and less likely to collide if sim(x, y) is small.
LSH functions formalize the idea of using the probability of colli-
sion to distinguish similar and dissimilar pairs of items.

Let H= {hθ|θ∈Θ} be a family of hash functions, where hθ de-
notes a hash functionU→ [B]. Note that we can equivalently think
of the hash function as mapping to a set of DNA strings of a fixed
length of log4B. Given four parameters s1≥ s2 and p1≥ p2, we say
that H is (s1, s2, p1, p2)-sensitive if for any pair of elements x, y∈U,

sim(x, y) ≥ s1 implies that Pr
hu[H

[hu(x) = hu(y)] ≥ p1, and

sim(x, y) ≤ s2 implies that Pr
hu[H

[hu(x) = hu(y)] ≤ p2.

A similarity estimator, as defined in the previous section, is a spe-
cial case of an LSH. Formally, a hash familyH is a similarity estima-
tor if and only if H is (s, s, s, s)-sensitive for every s∈ (0, 1).

An important use of LSH functions is to improve scalability by
organizing elements into “buckets” and thus avoiding exhaustive
all-vs-all comparisons. For example, consider the problem of find-
ing all pairs of sequences with edit similarity at least s1 in a given
set of sequences. We can assign each sequence into a bucket using
a (s1, s2, p1, p2)-sensitive LSH function for edit similarity.With high
probability (i.e., p1), sequences with an edit similarity of at least s1
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will be assigned to the same bucket. A second pass traverses indi-
vidual buckets and computes the edit similarity for all pairs in
each bucket to filter out false positive pairs (i.e., pairs with a simi-
larity less than s1). Note that the all-vs-all computation is now lim-
ited to be within individual buckets rather than on the whole data
set. The size of each bucket is expected to be small, as the probabil-
ity that sequences with similarity less than s2 are assigned to the
same bucket is low (i.e., p2). Other concrete uses of such bucketing
strategies are in generating error-tolerant seeds for readmapping or
detecting overlaps among large numbers of error-prone long reads.

In this section and the next, we will focus on LSH functions
beyond similarity estimators. Some of these are not formally prov-
en to satisfy the two properties above but are nevertheless designed
to approximately exhibit the LSH behaviors; such heuristic LSHs
use empirical evaluation rather than formal proofs. We will first
present AND/OR amplification, a technique to boost the perfor-
mance of LSH functions by increasing the separation between p1
and p2.Wewill then present an LSH forHamming distance (spaced
words) and a heuristic LSH for cosine similarity (SimHash).

AND/OR amplification

LSH functions canbe interpreted asmapping similar elements (i.e.,
similarity larger than s1) into the same buckets with (high) proba-
bility p1 and mapping dissimilar elements (i.e., similarity smaller
than s2) into different buckets with (high) probability 1− p2. We
therefore can interpret p1 as sensitivity and p2 as false positive
rate (1−precision). This interpretation aligns perfectly with the
need to tolerate errors in sequence analysis.

AND/OR amplification is a standard technique to improve
the sensitivity (p1) and precision (1− p2) of LSH functions, at the
cost of speed. It has been adapted and applied in several places in
nucleotide sequence analysis, someofwhichwe describe in the fol-
lowing sections (i.e., MinHash, SimHash, and SubseqHash). As dis-
cussed above, for an (s1, s2, p1, p2)-sensitive familyH, it is desirable
to have large p1 and small p2. Amplification is a general approach
that uses repeated sampling to improve these probabilities for
any existing LSH family H.

For AND-amplification, consider sampling r hash functions
h1, …, hr from H, with replacement, and defining two elements
to collide if and only if they have the same value under every h1,
…, hr. Formally, we define a new hash function h′(x) := (h1(x),
h2(x), …, hr(x)) and we consider h′(x) =h′(y) if and only if hi(x) =
hi(y) for all 1≤ i≤ r. The family H′ = {h′} is called an r-way AND-
construction. If the probability of collision in H is p, then the prob-
ability of collision in H′ is pr. Therefore, H′ is (s1, s2, pr1, p

r
2)-sensi-

tive. AND-amplification improves precision because, because
pr2 ≤ p2, dissimilar elements are less likely to be hashed to the
same value.

For OR-amplification, we can sample b functions from H and
consider two elements to collide if and only if they collide on at
least one of the b hash functions. The resulting family is called a
b-way OR-construction. If the probability of collision for a single
hash function is p, then the probability of collision in the OR-con-
struction is 1− (1− p)b. Therefore, the OR-construction is (s1, s2,
1 − (1− p1)

b, 1− (1− p2)
b)-sensitive. As 1− (1− p1)

b≥ p1, similar
elements are more likely to share a hash value, which improves
sensitivity. In practice, the OR-construction is typically imple-
mented by running LSH bucketing for b rounds, each using a new-
ly sampled function from the original familyH. The results of these
rounds are then combined by taking their union to obtain all sim-
ilar pairs.

OR-amplification can be generalized to define a collision
between two elements if at least b′ collisions occur across the b
sampled functions, where 1≤ b′ ≤ b is a predefined threshold.
Although this mirrors the sampling technique used in similarity
estimators to reduce variance, the objective here is different, that
is, to tune the balance between sensitivity and precision without
increasing the total number of sampled functions.

Perhaps surprisingly, the amplifications can be stacked to
simultaneously increase both precision and recall. An r-way
AND-construction followed by a b-way OR-construction produces
an (s1, s2, 1− (1− pr1)

b, 1− (1− pr2)
b)-sensitive family. One can

show that as long as p1 is strictly greater than p2, there is always
some combination of r and b that will result in the stacked con-
struction both increasing p1 and decreasing p2. The improved accu-
racy, however, comes at the cost of efficiency, as one needs to
evaluate each element using r · b hash values instead of one. For ex-
ample, choosing r=6 and b=19, an (s1, s2, 0.7, 0.4)-sensitive fam-
ily can be improved to an (s1, s2, 0.907, 0.076)-sensitive family at
the cost of using 6 · 19 =114 hash functions.

Spaced words for hamming similarity

Recall that a spaced word is defined using a binary pattern called a
mask. For example, if b=110101 is the mask and S=ACGTCG,
then the spacedword extracted from S using b is ACTG. Theweight
of amask is the number of ones it contains (e.g., 4 in this example)
and the length of a mask is the length of the pattern (e.g., 6 in this
example). A spaced word can be viewed as a hash function hb, for
example, hb(S) =ACTG. Similar to the winnowed minimizer
sketch, it is applied to rolling windows along a long string; here,
we will focus on the properties of applying it to a single window.
In this subsection, we show that spaced words can be interpreted
as locality-sensitive hash functions, despite not being commonly
seen that way.

Let Hw := {hb | b is a bitvectorwith length m andweight w}6

be the set of hash functions induced by all spaced words of weight
w, while keeping the length fixed. We now connect Hw to the LSH
familyH := {hi| 1≤ i≤m} for Hamming similarity that we described
in the previous section. Clearly, picking a function hb fromHw uni-
formly at random is equivalent to picking w indices i1, …, iw and
the corresponding hash functions, hi1 , . . . , hiw , without replace-
ment at random from H. By the definition of hb, for any two
length-m sequences S1 and S2, hb(S1) = hb(S2) if and only if hi(S1) =
hi(S2) for every i∈ {i1, …, iw}. Hence, Hw is similar to a w-way
AND-amplification of the Hamming similarity estimator, with
the only difference being that AND-amplification selects functions
with, rather than without, replacement. With this caveat in mind,
Hw can be approximately viewed as an (s, s, sw, sw)-sensitive LSH for
all s∈ (0, 1). In applications, an additional layer of OR-amplifica-
tion is typically applied by using multiple masks to enhance the
sensitivity of spaced words.

Spaced words were a major advancement in approximate se-
quence matching when they were popularized by PatternHunter
(Ma et al. 2002) (the idea was first introduced much earlier by
Califano and Rigoutsos 1993). PatternHunter achieves sequence
comparisons twenty times faster than BLAST (Altschul et al.
1990, 1997)while using one-tenth thememory. Their applications
then span multiple domains in bioinformatics. In homology

6It is customary to use masks that start and end with a 1, although neither
Califano and Rigoutsos (1993) nor Ma et al. (2002) imposed this requirement.
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search, spaced words have shown improvements in both speed
and sensitivity (Brown et al. 2004; Hahn et al. 2016; Noé 2017).
Sequence alignment tools have incorporated spaced words to im-
prove candidate location identification. Modern aligners (David
et al. 2011; Langmead and Salzberg 2012; Li 2018) use spaced
words to identify potential matching regions with greater
sensitivity than consecutive seed approaches. De novo assembly
represents a novel application of spaced words. Assembly algo-
rithms (Birol et al. 2015) use specially designed seed patterns
with equal numbers of matching positions at the ends and contig-
uous gaps in the middle. This design reduces memory in de Bruijn
graph construction while maintaining the ability to detect se-
quence overlaps. Metagenomic analysis has also benefited from
spaced words. The approach enables efficient species identifica-
tion in mixed samples through improved k-mer coverage estima-
tion (Brǐnda et al. 2015).

SimHash for cosine similarity

Angular similarity can be applied not just to real-valued vectors but
also to sets. Consider two sets S1 and S2 with elements from the
universe Ω. Let u(S)∈ {0, 1}|Ω| be the characteristic vector of S,
with respect to a total order on Ω. That is, u(S) is a vector where
each dimension corresponds to an element of the universe and
has a binary value corresponding to the presence/absence of that
element in S. One can define a similarity measure between two
sets as the cosine of the angle between their characteristic vectors,
that is,

sim(S1, S2) := cos (ang(u(S1), u(S2))).

This similaritymeasure has a nice interpretation in terms of the set
intersection, by the following property:

cos (ang(u(S1), u(S2))) = u(S1) · u(S2)
(‖u(S1)‖2 · ‖u(S2)‖2)

= |S1 > S2|����������|S1| · |S2|
√ .

This is similar to the Jaccard similarity but with a different denom-
inator (i.e., the geometric mean of the set sizes).

We are not aware of any hash functions that are provably an
LSH for the cosine similarity between sets. However, due to the
close connection between cosine similarity and angular similarity,
the similarity estimator for angular similarity (from the previous
section) has been adopted to construct a heuristic LSH for cosine
similarity over sets. Specifically, given a seed integral vector w∈
{1,−1}|Ω|, we define the hash function as:

hw(S) := 1 if u(S) · w ≥ 0
0 otherwise.

{

Intuitively, the above hash function conducts a majority vote
among all elements in S: the hash value is 1 if more elements
vote for 1 and the hash value is 0 if more elements vote for −1.
The vector w determines which way each element votes.

SimHash is defined in Henzinger (2006) as the family of hash
functions {hw} over all w∈ {1,−1}|Ω|. Note that because the direc-
tion of w is not uniformly distributed, as required by the angular
similarity estimator, it is not obvious that SimHash is an LSH for
the cosine similarity between sets. Nonetheless, SimHash has
beenwidely used to compareweb pages, texts, and recently biolog-
ical sequences. In nucleotide sequence analysis, the set S is often
the collection of all k-mers of an input sequence, in which case
the universe Ω consists of all k-mers.

Owing to time and space considerations, SimHash is often
used by first applying an internal hash function that maps each el-

ement of Ω to a b-bit integer, which corresponds to sampling b
hash functions from the family {hw}. (The underlying hash func-
tion should ideally be the Cartesian product of b copies of Hideal

with B=2 so that the sampling is uniform and independent.
However, it is often approximated by general-purpose hash func-
tions such asMurmurHash.) This transforms (the set S of) an input
sequence into a set of b-bit integers, for which bmajority votes are
conducted among bits at the same position, thus obtaining a
length-b binary vector as the hash value. Two sequences are con-
sidered similar if the Hamming distance between their b-bit
SimHash values is atmost b′, where 0≤ b′ < b is a predefined thresh-
old. This corresponds to generalized OR-amplification, as dis-
cussed previously. A recent work named BLEND (Firtina et al.
2023b) extends this idea to identify similar, rather than just exactly
matching, seeds among genomic sequences.

LSH functions for the edit distance
Nucleotide sequences naturally undergo mutations over time.
These mutations can be quantitatively estimated using the unit-
cost edit distance, defined as the minimum number of insertions,
deletions, and substitutions required to transform one sequence
into another. The edit similarity of two sequences is defined as
1 − d/L, where d is their edit distance and L is the length of the lon-
ger sequence. As a fundamental metric for biological sequences,
designing LSH functions for the edit similarity has received inter-
est in theoretical computer science (Bar-Yossef et al. 2004) and
become increasingly critical given the exponential growth of ge-
nomic data. However, unlike Hamming, Jaccard, and angular sim-
ilarities, which have well-established LSH families, the progress on
LSH families for edit similarity has been limited. The major chal-
lenge is that edit distance is not a normedmetric, due to insertions
and deletions that “misalign” the dimensions.

In this section, we describe two provable (Order Min Hash
and SubseqHash) and one heuristic (Strobemer) LSH for edit dis-
tance. We note that these are primarily used as seeding or bucket-
ing methods that tolerate errors (i.e., edits) in the data; as they are
not similarity estimators, they are not usually used for estimating
the edit distance directly.

Order min hash

OrderMinHash (OMH) can be viewed as an extension ofMinHash
that accounts for order as well as makes use of multiple sampling
(Marçais et al. 2019a). OMH first converts the input sequence S
to a set of n pairs M(S) := {(s1, l1), …, (sn, ln)}, where si is the ith k-
mer and li is its label. The label of si is the integer indicating the
number of prior occurrences of si in S. For example, let k=2 and
n=10; for input sequence S=GAAATTCAATC we have M(S) =
{(GA, 0), (AA, 0), (AA, 1), (AT, 0), (TT, 0), (TC, 0), (CA, 0), (AA, 2),
(AT, 1), (TC, 1)}.

Let π be an order over all possible (k-mer, label) pairs, that is, π
is a permutation of Σk× [n]. TheOMHhash function hπ(S) picks the
first ℓ pairs in M(S) according to π, for some predefined parameter
ℓ. It then discards their labels and concatenates the k-mers follow-
ing their original order of appearance in S. The value of hπ(S) is this
sequence of length ℓk. Continuing the above example, suppose for
the sake of simplicity that π ranks (k-mer, label) pairs in decreasing
order of their labels, breaking ties in favor of lexicographically larg-
er k-mers. For ℓ=5, the first ℓ pairs inM(S) are then (AA, 2), (TC, 1),
(AT, 1), (AA, 1), and (TT, 0). Concatenating them in the order they
appear in S results in the hash value hπ(S) =AATTAAATTC.
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OMH is the family of the above hash functions, defined
over all possible permutations π; formally, H := {hp | p is a
permutation of Sk × [n]}. OMH was proven by Marçais et al.
(2019a) to be a LSH for the edit similarity: for any 2≤ℓ≤n and
any 1> s1≥ s2 > 0, there exists p1 and p2 such that the family H is
(s1, s2, p1, p2)-sensitive for the edit similarity.

OMH is mainly of theoretical interest, showing that it is pos-
sible to directly design LSH functions for the edit similarity with-
out relying on embeddings. Marçais et al. (2019a) demonstrated
on simulated data that sketches based on OMH are more sensitive
to edits and outperforms MinHash sketches on phylogeny recon-
struction. Nevertheless, tools such as Mash (Ondov et al. 2016)
that “correct” the Jaccard similarity estimation by MinHash to
an edit estimation using probabilistic models tend to perform bet-
ter on benchmarking tests (Zielezinski et al. 2019).

SubseqHash

SubseqHash (Li et al. 2023) follows the set-min framework but
picks the smallest subsequence in an input sequence. Recall that
unlike a substring, a subsequence selects potentially nonconsec-
utive positions from the input sequence. SubseqHash takes two
parametersm and k, wherem indicates the length of the input se-
quence and k indicates the length of the subsequence (i.e., length
of the output hash value). Let M(S) be the set of all length-k sub-
sequences of S and let π be a permutation over all possible length-
k sequences. SubseqHashmaps an input length-m sequence onto
its smallest length-k subsequence according to π, formally writ-
ten as

hp(S) := arg min
z[M(S)

p(z).

For example, letm = 5, k = 3, and S =ACGCA; the resulting length-
k subsequence set is M(S) = {ACG, ACC, ACA, AGC, AGA, CGC,
CGA, CCA, GCA}. If we assume for the sake of this example’s sim-
plicity that π is the lexicographic order, then hπ(S) = ACA.

Let H := {hp | p is a permutation of Sk} be a family of hash
functions over all possible permutations. When selecting π uni-
formly at random, every length-k subsequence has an equally like-
ly chance of having the smallest rank. Therefore, similar to the set
−min hash function, we have

Pr
hp[H

[hp(S1) = hp(S2)] = |M(S1)>M(S2)|
|M(S1)<M(S2)| ,

where the right term is the Jaccard similarity between two sets of
subsequences. Therefore, H is a similarity estimator for the
Jaccard similarity between the sets of constituent subsequences.

Even stronger, we can prove thatH is an LSH for unit-cost edit
similarity. The intuition behind is that two sequences admit a
small unit-cost edit distance if and only if they share long subse-
quences (i.e., k is close to m). Consider two length-m sequences
S1 and S2 with an edit distance between them d. If d is small enough
(d≤m− k), then S1 and S2 are guaranteed to share a length-k subse-
quence. Therefore, M(S1)>M(S2) = ∅. A loose estimation gives
|M(S1)>M(S2)| ≥ 1 and |M(S1)<M(S2)| ≤ |S|k. Hence, for p1 : =
1/|Σ|k, Pr [hp(S1) = hp(S2)] ≥ p1. If d is large enough (d≥2(m− k) +
1), then, via a standard pigeonhole argument (Jones and Pevzner
2004), S1 and S2 are guaranteed to not share any length-k subse-
quence. Therefore, M(S1)>M(S2) = ∅, and, for p2 = 0,
Pr [hp(S1) = hp(S2)] = p2. This argument shows that the family H
is a (s1, s2, p1, p2)-sensitive LSH for the edit similarity, where s1 =
1− (m− k)/m and s2 = 1− (2(m− k) + 1)/m. Moreover, because p2 =

0, OR-amplification can be used to boost sensitivity while retain-
ing perfect precision (Li et al. 2023).

However, the computation of hπ(S) poses a challenge because
the size of M(S) is exponential in the length of the subsequence.
(As a comparison, for OMH,M(S) is linear.) A brute-force approach
that computes π(z) for every z∈M(S) is therefore intractable. To
overcome this, SubseqHash proposes an alternative, smaller, fam-
ily of permutations, named the ABC order. The definition of this
order is too involved for this survey, but the interested reader
can refer to Li et al. (2023), which contains the formal definition
(in Sec. 2.4) and an example (in Supplementary Note 3). If π is
an ABC order, then hπ(S) can be computed in polynomial time us-
ing dynamic programming.

SubseqHash is then defined as the hash family
H1 := {hp | p is an ABC order over Sk}. Unlike H, H1 is not a simi-
larity estimator for Jaccard of subsequences and hence is not a
provable LSH for the edit similarity. However, Li et al. (2023) dem-
onstrated using experiments that Prhp[H1 [hp(S1) = hp(S2)] approx-
imates the Jaccard similarity for subsequences well and showed
that H1 performs well as a heuristic LSH for unit-cost edit distance
in practice.

SubseqHash outperforms k-mer based seeding methods on
multiple sequence comparison applications, including read map-
ping, overlap detection, and sequence alignment (Li et al. 2023).
It was shown that OR-amplification improves the practical accura-
cy of SubseqHash, albeit increasing the run time. A followup work
SubseqHash2 (Li et al. 2025) employs an improved algorithm com-
bined with SIMD acceleration to achieve nearly identical accuracy
while substantially speeding up OR-amplified SubseqHash.

Strobemers

Another LSH heuristic for edit similarity is the strobemer hash
function (Sahlin 2021). Given parameters l and t≥2, the idea is
to extract t nonoverlapping substrings of length l (each of which
is called a strobe) and concatenate them into a hash value called
a strobemer. For example, for S=GTTCGTCGAATC and l=2 and
t=3, the strobes might be given by the 2-mers starting at the red
positions (i.e., GT, CG, and AA) and the strobermer would be
GTCGAA. There are two more parameters, wmin and wmax (with
wmin < wmax), which define the t windows of starting positions
from which the strobes are chosen. The first window is a special
case and is just the first position, forcing the first strobe to be the
first l-mer in S. The rest of the windows are of length wmax−wmin

+ 1, with the ith window starting at position 1+ (i−2)wmax +
wmin. For example, with wmin = 3 and wmax = 5, the windows of
starting positions are defined as [G]TT[CGT]CG[AAT]C. A stro-
bemer is generated by choosing a single starting position from
each window and concatenating the extracted strobes. We also re-
quire that l ≤ wmin in order to guarantee that the strobes do not
overlap. Finally, we note that the length of S should be exactly
l+ (t − 1) ·wmax, to fit all thewindows; we refer to S as a super-win-
dow below. In applications, strobemers are often extracted from
sliding super-windows of a long sequence.

We view strobemers as a heuristic LSH. Specifically, for two
super-windows with a small edit distance, there is a high chance
that the edits occur between the selected strobes, so that the result-
ing strobemer (i.e., the concatenation of strobes) remains un-
changed and yields a hash-collision. In contrast, when two
super-windows differ by many edits, it is unlikely that the edits
will leave the extracted strobes unaffected, resulting in different
strobes being chosen. Experiments show that strobemers are

Chen et al.

898 Genome Research
www.genome.org



more robust to higher mutation rates than k-mers and spaced
words.

Different variants of strobemers are formed by the different
strategies used to select the strobe in each window. The minstrobe
strategy selects the smallest l-mer from each window, where the
minimization is defined with respect to a scattering hash function
over all l-mers. For example, if we use the lexicographical order,
then the strobes in our example are given by the starting positions
in red: [G]TT[CGT]CG[AAT]C. The randstrobe strategy, on the
other hand, selects the l-mer from the ith window such that the
hash value of the concatenation of the previously selected (i−1)
strobes and this ith l-mer is minimized (again according to a scat-
tering hash function). One metric that has been used to compare
different versions of strobemers is coverage, defined as the fraction
of all picked l-mers in the (long) sequence that appear as a strobe
within a strobemer. High coverage is desirable for downstream ap-
plications. Experimental results show that the randstrobe strategy
achieves higher coverage than the minstrobe strategy.

Strobemers and syncmers (Edgar 2021) were combined as a
fast indexing method, leading to a new short-read aligner called
Strobealign (Sahlin 2022). In order to allow better trade-offs be-
tween speed and sensitivity, Strobealign has an additional modifi-
cation to allow strobes to be chosen from a pre-selected subset of
the l-mer universe (in particular, it uses open syncmers of Edgar
(2021)). This approach allows for faster computation (as the pool
of candidate strobes are reduced in a window) while still maintain-
ing tolerance to mutations and sequencing errors.

Conclusion
Hash functions of various kinds are ubiquitous in nucleotide se-
quence analysis. Here, we attempted to survey existing approaches
and to categorize them within a framework that highlights their
properties while identifying their similarities and distinctions.
We identified four categories, as follows. Scattering hash functions
map sequences from a large universe into a smaller number of
buckets in a way that tries to reduce the downstream harm of hav-
ing collisions. Permutation hash functions scramble the order of
sequences while not creating any collisions. Minimum perfect
hash functions use prior knowledge aboutwhich subset of the uni-
verse will be hashed in order to avoid collisions on that subset.
Locality-sensitive hash functions map sequences down to a small-
er universe but control the collisions such that similar sequences
are more likely to collide and dissimilar sequences are less likely
to collide.

We do not cover cryptographic hash functions. The proper-
ties desirable in cryptographic applications include being hard to
invert or being collision-resistant,meaning it is difficult to identify
which pairs of elements collide. Such properties are not usually
useful in nucleotide sequence analysis, where practical invertibil-
ity is actually useful for retrieving the original input easily.

We also donot cover quantization,which is the process of dis-
cretizing continuous data into buckets and using the bucket indi-
ces as hash values. Many sequencing technologies natively
generate raw signal which is continuous. Tools such as RawHash
(Firtina et al. 2023a, 2024) or Sigmoni (Shivakumar et al. 2024)
take the signal (i.e., a real number) corresponding to a sequenced
k-mer (e.g., k=6) and hash it to a small integer. These hash func-
tions can be viewed as LSHs, as they aim to map nearby values to
the same bucket. This approach of working directly with the
hashed raw signal has been applied to mapping (Shivakumar
et al. 2024) and assembly (Firtina et al. 2026).

We have also omitted the weighted Jaccard similarity mea-
sure, which is similar to Jaccard but takes weights (e.g., the multi-
plicity of k-mers) into account. In its generality, theweights can be
real numbers and there exists a similarity estimator called consis-
tent weighted sampling (Ioffe 2010; Manasse et al. 2010). In the
context of k-mer multi-sets where the multiplicity of a k-mer is
used as its weight, OMH that extracts only one element (i.e., ℓ=
1) is a similarity estimator for the weighted Jaccard as well
(Marçais et al. 2019a).

We do not explicitly discuss the RNA alphabet {A, C, G, U},
though most of everything we cover is equally applicable to RNA
sequences. Protein sequences, however, require additional care
due to their larger alphabet and the more complex relationships
among amino acids; for example, unlike nucleotide sequences, it
is unreasonable to assign uniform penalties to mismatches.
Nonetheless,manyhashing approaches have been successfully ap-
plied to amino acid sequences. For instance, Mash (Ondov et al.
2016) supports MinHash sketching for arbitrary alphabets, includ-
ing amino acids. Domain-specific hashing algorithms and ma-
chine learning-based hashing methods have also been proposed
for estimating protein sequence and structure similarity (Wong
et al. 2023b; Han and Li 2024), but these approaches are beyond
the scope of this survey.

One of the challenges in putting together this survey was an
inconsistent use of terminology in the literature. First, there is
widespread confusion about the difference between applying a
nonrandom function to random data and applying a random
hash function to nonrandom data. We have observed that experi-
mental evaluations often fix a seed and test using randomly gener-
ated sequences (e.g., theymeasure regularity), as opposed to fixing
adversarial data and testing using randomly generated seeds (e.g.,
measuring uniformity). To compound the issue, some papers use
the term uniformity when regularity should be used instead.
Second, there is a lack of clarity about the distinction between a
hash function and a sketch, embedding, or a k-mer selection func-
tion. As mentioned earlier, we take the perspective that the out-
puts of a hash function are treated as ordered atomic values,
while sketches or embeddings have a notion of distance between
two different outputs. For example, two MinHash sketches are of-
ten compared using their Jaccard similarity (Broder 1997), which is
more than can be done by simply checking if the two sketches are
equal or not. There are also k-mer selection functions like syncmers
(Edgar 2021), which take a k-mer and return a boolean value; we do
not consider such functions as hash functions, even though they
use randomization. In short, not all functions that use randomness
are hash functions.

While surveying the field, it became apparent to us thatmany
hash functions are developed and applied without being properly
evaluated. For example, scattering hash functions are at best eval-
uated using the SMHasher benchmark; however, SMHasher does
not in any way account for the spectrum-like property (Chikhi
et al. 2021) of nucleotide sequence data. Another example are
hash functions which are heuristically intended to be locality-sen-
sitive. Although they are tested for their effect on downstream
analysis, they often lack a more structured evaluation that targets
the defining locality-sensitive properties. Overall, the field would
benefit fromgenomic-sequence-specific benchmarks and, in gene-
ral, more thorough forms of experimental evaluations.
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Brǐnda K, Sykulski M, KucherovG. 2015. Spaced seeds improve K-mer-based
metagenomic classification. Bioinformatics 31: 3584–3592. doi:10
.1093/bioinformatics/btv419

Broder AZ. 1997. On the resemblance and containment of documents. In
Proceedings. Compression and complexity of SEQUENCES 1997 (Cat.
No.97TB100171), Salerno, Italy, pp. 21–29. doi:10.1109/SEQUEN
.1997.666900

Broder AZ, Charikar M, Frieze AM, Mitzenmacher M. 1998. Min-wise inde-
pendent permutations. In Proceedings of the 30th annual ACM symposium
on theory of computing (STOC ’98), pp. 327–336. Association for
Computing Machinery, New York.

Brown DG, Li M, Ma B. 2004. A tutorial of recent developments in the seed-
ing of local alignment. J Bioinform Comput Biol 2: 819–842. doi:10.1142/
S0219720004000983

Califano A, Rigoutsos I. 1993. Flash: A fast look-up algorithm for string ho-
mology. In Proceedings of the 1st international conference on intelligent sys-
tems for molecular biology, pp. 56–64. AAAI Press, Washington, DC.

Chi L, Zhu X. 2017. Hashing techniques: A survey and taxonomy. ACM
Comput Surv 50: 1–36. doi:10.1145/3047307

Chikhi R, Medvedev P. 2013. Informed and automated K-mer size selection
for genome assembly. Bioinformatics 30: 31–37. doi:10.1093/bioinfor
matics/btt310

Chikhi R, Holub J, Medvedev P. 2021. Data structures to represent a set of k-
long DNA sequences. ACMComput Surv 54: 1–22. doi:10.1145/3445967

Chikhi R, Lemane T, Loll-Krippleber R, Montoliu-Nerin M, Raffestin B,
Camargo AP, Miller CJ, Fiamenghi MB, Agustinho DP, Majidian S,
et al. 2024. Logan: Planetary-scale genome assembly surveys life’s diver-
sity. bioRxiv doi:10.1101/2024.07.30.605881

Cohen JD. 1997. Recursive hashing functions for n-grams. ACM Trans Inf
Syst 15: 291–320. doi:10.1145/256163.256168

Collet Y. 2025. xxHash - extremely fast hash algorithm. https://xxhash
.com/ [accessed February 26, 2025].

Coombe L, Li JX, Lo T, Wong J, Nikolic V, Warren RL, Birol I. 2021.
LongStitch: High-quality genome assembly correction and scaffolding
using long reads. BMC Bioinform 22: 534. doi:10.1186/s12859-021-
04451-7

Cracco A, Tomescu AI. 2023. Extremely fast construction and querying of
compacted and colored de Bruijn graphs with GGCAT. Genome Res
33: 1198–1207. doi:10.1101/gr.277615.122

Czech ZJ, Havas G,Majewski BS. 1992. An optimal algorithm for generating
minimal perfect hash functions. Inf Process Lett 43: 257–264. doi:10
.1016/0020-0190(92)90220-P

Das A, SchatzMC. 2022. Sketching and sampling approaches for fast and ac-
curate long read classification. BMC Bioinform 23: 452. doi:10.1186/
s12859-022-05014-0

David M, Dzamba M, Lister D, Ilie L, Brudno M. 2011. SHRiMP2: Sensitive
yet practical short read mapping. Bioinformatics 27: 1011–1012. doi:10
.1093/bioinformatics/btr046

Deorowicz S, Kokot M, Grabowski S, Debudaj-Grabysz A. 2015. KMC 2: Fast
and resource-frugal K-mer counting. Bioinformatics 31: 1569–1576.
doi:10.1093/bioinformatics/btv022

Drew J, Hahsler M. 2014. Strand: Fast sequence comparison using mapre-
duce and locality sensitive hashing. In Proceedings of the 5th ACM confer-
ence on bioinformatics, computational biology, and health informatics, BCB
’14, pp. 506–513. Association for Computing Machinery, New York.

Edgar R. 2021. Syncmers are more sensitive than minimizers for selecting
conserved K-mers in biological sequences. PeerJ 9: e10805. doi:10
.7717/peerj.10805

Ekim B, Sahlin K, Medvedev P, Berger B, Chikhi R. 2023. Efficient mapping
of accurate long reads inminimizer spacewithmapquik.Genome Res33:
1188–1197. doi:10.1101/gr.277679.123

Ertl O. 2021. Setsketch: Filling the gap between minhash and hyperloglog.
Proc VLDB Endow 14: 2244–2257. doi:10.14778/3476249.3476276

Firtina C, Mansouri Ghiasi N, Lindegger J, Singh G, Cavlak MB, Mao H,
Mutlu O. 2023a. RawHash: Enabling fast and accurate real-time analysis
of raw nanopore signals for large genomes. Bioinformatics 39
(Supplement_1): i297–i307. doi:10.1093/bioinformatics/btad272

Firtina C, Park J, Alser M, Kim JS, Cali DS, Shahroodi T, Ghiasi NM, Singh G,
Kanellopoulos K, Alkan C, et al. 2023b. BLEND: A fast,memory-efficient
and accuratemechanism to find fuzzy seedmatches in genome analysis.
NAR Genom Bioinform 5: lqad004. doi:10.1093/nargab/lqad004

Firtina C, Soysal M, Lindegger J, Mutlu O. 2024. RawHash2: Mapping raw
nanopore signals using hash-based seeding and adaptive quantization.
Bioinformatics 40: btae478. doi:10.1093/bioinformatics/btae478

FirtinaC,MordigM,MustafaH,Goswami S,MansouriGhiasi N,Mercogliano
S, Eris F, Lindegger J, Kahles A, Mutlu O. 2026. Rawsamble: overlapp-
ing raw nanopore signals using a hash-based seeding mechanism.
Bioinformatics 42: btag087. doi:10.1093/bioinformatics/btag087

Girotto S, Comin M, Pizzi C. 2018a. Efficient computation of spaced seed
hashing with block indexing. BMC Bioinform 19: S15. doi:10.1186/
s12859-018-2415-8

Girotto S, Comin M, Pizzi C. 2018b. FSH: Fast spaced seed hashing exploit-
ing adjacent hashes. AlgorithmsMol Biol 13: 8. doi:10.1186/s13015-018-
0125-4

Greenberg G, Ravi AN, Shomorony I. 2023. LexicHash: Sequence similarity
estimation via lexicographic comparison of hashes. Bioinformatics 39:
btad652. doi:10.1093/bioinformatics/btad652

Groot Koerkamp R. 2024. Simdsketch. https://github.com/ragnargrootk
oerkamp/simd-sketch [accessed February 3, 2026].

Groot Koerkamp R. 2025a. Is NtHash injective on kmers? https
://curiouscoding.nl/posts/nthash/#is-nthash-injective-on-kmers [ac-
cessed June 25, 2025].

Groot Koerkamp R. 2025b. PtrHash: Minimal perfect hashing at RAM
throughput. In 23rd international symposium on experimental algorithms
(SEA 2025) (ed. Mutzel P, Prezza N), Vol. 338 of Leibniz International
Proceedings in Informatics (LIPIcs), pp. 21:1–21:21. Schloss Dagstuhl –
Leibniz-Zentrum für Informatik, Dagstuhl, Germany.

Chen et al.

900 Genome Research
www.genome.org

https://www.rolando.cl/blog/2018/12/how_uniform_is_md5.html
https://www.rolando.cl/blog/2018/12/how_uniform_is_md5.html
https://www.rolando.cl/blog/2018/12/how_uniform_is_md5.html
https://www.rolando.cl/blog/2018/12/how_uniform_is_md5.html
https://www.rolando.cl/blog/2018/12/how_uniform_is_md5.html
https://www.rolando.cl/blog/2018/12/how_uniform_is_md5.html
https://www.rolando.cl/blog/2018/12/how_uniform_is_md5.html
https://tanjent.livejournal.com/756623.html
https://tanjent.livejournal.com/756623.html
https://tanjent.livejournal.com/756623.html
https://tanjent.livejournal.com/756623.html
https://tanjent.livejournal.com/756623.html
https://tanjent.livejournal.com/756623.html
https://github.com/aappleby/smhasher
https://github.com/aappleby/smhasher
https://github.com/aappleby/smhasher
https://github.com/aappleby/smhasher
https://github.com/aappleby/smhasher/blob/master/src/MurmurHash3.cpp#L94
https://github.com/aappleby/smhasher/blob/master/src/MurmurHash3.cpp#L94
https://github.com/aappleby/smhasher/blob/master/src/MurmurHash3.cpp#L94
https://github.com/aappleby/smhasher/blob/master/src/MurmurHash3.cpp#L94
https://github.com/aappleby/smhasher/blob/master/src/MurmurHash3.cpp#L94
https://github.com/aappleby/smhasher/blob/master/src/MurmurHash3.cpp#L94
https://crates.io/crates/fxhash
https://crates.io/crates/fxhash
https://crates.io/crates/fxhash
https://crates.io/crates/fxhash
https://xxhash.com/
https://xxhash.com/
https://xxhash.com/
https://xxhash.com/
https://github.com/ragnargrootkoerkamp/simd-sketch
https://github.com/ragnargrootkoerkamp/simd-sketch
https://github.com/ragnargrootkoerkamp/simd-sketch
https://github.com/ragnargrootkoerkamp/simd-sketch
https://github.com/ragnargrootkoerkamp/simd-sketch
https://curiouscoding.nl/posts/nthash/#is-nthash-injective-on-kmers
https://curiouscoding.nl/posts/nthash/#is-nthash-injective-on-kmers
https://curiouscoding.nl/posts/nthash/#is-nthash-injective-on-kmers
https://curiouscoding.nl/posts/nthash/#is-nthash-injective-on-kmers


Groot KoerkampR,Martayan I. 2025. SimdMinimizers: Computing random
minimizers, fast. In 23rd international symposium on experimental algo-
rithms (SEA 2025) (ed. Mutzel P, Prezza N), Vol. 338 of Leibniz
International Proceedings in Informatics (LIPIcs), pp. 20:1–20:19. Schloss
Dagstuhl – Leibniz-Zentrum für Informatik, Dagstuhl, Germany.

Groot Koerkamp R, Pibiri GE. 2024. The mod-minimizer: A simple and effi-
cient sampling algorithm for long K-mers. In Proceedings of the 24th inter-
national workshop on algorithms in bioinformatics (WABI 2024) (ed. Pissis
SP, SungW-K), Vol. 312 of Leibniz International Proceedings in Informatics
(LIPIcs), pp. 11:1–11:23. Schloss Dagstuhl – Leibniz-Zentrum für
Informatik, Dagstuhl, Germany.

Hahn L, Leimeister C-A, Ounit R, Lonardi S, Morgenstern B. 2016. rasbhari:
Optimizing spaced seeds for database searching, read mapping and
alignment-free sequence comparison. PLoS Comput Biol 12: e1005107.
doi:10.1371/journal.pcbi.1005107

Han J, Li W-J. 2024. Hashing for protein structure similarity search.
arXiv:2411.08286 [cs.LG]. doi:10.48550/arXiv.2411.08286

Harris RS. 2007. Improved pairwise alignment of genomic DNA. PhD thesis, The
Pennsylvania State University, University Park, PA.

Henzinger M. 2006. Finding near-duplicate web pages: A large-scale evalua-
tion of algorithms. In Proceedings of the 29th annual international ACM
SIGIR conference on research and development in information retrieval,
Seattle, pp. 284–291.

Holley G, Melsted P. 2020. Bifrost: Highly parallel construction and index-
ing of colored and compacted de Bruijn graphs. Genome Biol 21: 249.
doi:10.1186/s13059-020-02135-8

Ioffe S. 2010. Improved consistent sampling, weighted minhash and L1
sketching. In 2010 IEEE international conference on data mining, pp.
246–255. IEEE, Piscataway, NJ.

Irber L, Brooks PT, Reiter T, Pierce-Ward NT, HeraMR, Koslicki D, BrownCT.
2022. Lightweight compositional analysis of metagenomes with frac-
minhash and minimum metagenome covers. bioRxiv doi:10.1101/
2022.01.11.475838

Jackman SD, Vandervalk BP, Mohamadi H, Chu J, Yeo S, Hammond SA,
Jahesh G, Khan H, Coombe L, Warren RL, et al. 2017. ABySS 2.0:
Resource-efficient assembly of large genomes using a bloom filter.
Genome Res 27: 768–777. doi:10.1101/gr.214346.116

Jafari O, Maurya P, Nagarkar P, Islam KM, Crushev C. 2021. A survey on
locality sensitive hashing algorithms and their applications.
arXiv:2102.08942 [cs.DB]. doi:10.48550/arXiv.2102.08942

Jones NC, Pevzner PA. 2004.An introduction to bioinformatics algorithms. MIT
Press, Cambridge, MA.

Karasikov M, Mustafa H, Danciu D, Kulkov O, Zimmermann M, Barber C,
Rätsch G, Kahles A. 2025. Efficient and accurate search in petabase-scale
sequence repositories. Nature 647: 1036–1044. doi:10.1038/s41586-
025-09603-w

Karp RM, Rabin MO. 1987. Efficient randomized pattern-matching algo-
rithms. IBM J Res Dev 31: 249–260. doi:10.1147/rd.312.0249

Kazemi P, Wong J, Nikolic ́ V, Mohamadi H, Warren RL, Birol I. 2022.
ntHash2: recursive spaced seed hashing for nucleotide sequences.
Bioinformatics 38: 4812–4813. doi:10.1093/bioinformatics/btac564

Kille B, Garrison E, Treangen TJ, Phillippy AM. 2023. Minmers are a gener-
alization of minimizers that enable unbiased local jaccard estimation.
Bioinformatics 39: btad512. doi:10.1093/bioinformatics/btad512

Knuth DE. 1968. The art of computer programming: Volume 3. Addison-
Wesley, Reading, MA.

Langmead B, Salzberg SL. 2012. Fast gapped-read alignment with Bowtie 2.
Nat Methods 9: 357–359. doi:10.1038/nmeth.1923

Lehmann H-P, Mueller T, Pagh R, Pibiri GE, Sanders P, Vigna S, Walzer S.
2025. Modern minimal perfect hashing: a survey. arXiv:2506.06536
[cs.DS]. doi:10.48550/arXiv.2506.06536

Leskovec J, Rajaraman A, Ullman JD. 2020. Mining of massive data sets.
Cambridge University Press, Cambridge, UK.

Li H. 2016. Minimap andminiasm: Fast mapping and de novo assembly for
noisy long sequences. Bioinformatics 32: 2103–2110. doi:10.1093/bioin
formatics/btw152

Li H. 2018. Minimap2: Pairwise alignment for nucleotide sequences.
Bioinformatics 34: 3094–3100. doi:10.1093/bioinformatics/bty191

Li H. 2025. Thomas Wang’s integer hash function code snapshot. https
://gist.github.com/lh3/974ced188be2f90422cc#file-inthash-c [accessed
February 26, 2025].

Li Y, Yan X. 2015. MSPKmerCounter: A fast andmemory efficient approach
for K-mer counting. arXiv:1505.06550 [q-bio.GN]. doi:10.48550/arXiv
.1505.06550

Li X, Shi Q, Chen K, Shao M. 2023. Seeding with minimized subsequence.
Bioinformatics 39: i232–i241. doi:10.1093/bioinformatics/btad218

Li X, Chen K, Shao M. 2025. Efficient seeding for error-prone sequences
with subseqhash2. Bioinformatics 41: btaf418. doi:10.1093/bioinfor
matics/btaf418

Limasset A, Rizk G, Chikhi R, Peterlongo P. 2017. Fast and scalable minimal
perfect hashing formassive key sets. In Proceedings of the 16th internation-

al symposium on experimental algorithms (SEA 2017) (ed. Iliopoulos CS,
Pissis SP, Puglisi SJ, Raman R), Vol. 75 of Leibniz International
Proceedings in Informatics (LIPIcs), pp. 25:1–25:16. Schloss Dagstuhl –
Leibniz-Zentrum für Informatik, Dagstuhl, Germany.

Luhn HP. 1953. A new method of recording and searching information.
American Documentation 4: 14–16. doi:10.1002/asi.v4:1

Ma B, Tromp J, Li M. 2002. PatternHunter: Faster andmore sensitive homol-
ogy search. Bioinformatics 18: 440–445. doi:10.1093/bioinformatics/18
.3.440

Manasse MS, McSherry F, Talwar K. 2010. Consistent weighted sampling.
Technical Report MSR-TR-2010-73, Microsoft Research.

Marçais G, Kingsford C. 2011. A fast, lock-free approach for efficient parallel
counting of occurrences of K-mers. Bioinformatics 27: 764–770. doi:10
.1093/bioinformatics/btr011

Marçais G, DeBlasio D, Pandey P, Kingsford C. 2019a. Locality-sensitive
hashing for the edit distance. Bioinformatics 35: i127–i135. doi:10
.1093/bioinformatics/btz354

Marçais G, SolomonB, Patro R, Kingsford C. 2019b. Sketching and sublinear
data structures in genomics. Annu Rev Biomed Data Sci 2: 93–118. doi:10
.1146/biodatasci.2019.2.issue-1

Marchet C, Boucher C, Puglisi SJ, Medvedev P, Salson M, Chikhi R. 2020.
Data structures based on K-mers for querying large collections of se-
quencing data sets. Genome Res 31: 1–12. doi:10.1101/gr.260604.119

Martayan I, Cazaux B, Limasset A, Marchet C. 2024. Conway–Bromage–
Lyndon (CBL): An exact, dynamic representation of K-mer sets.
Bioinformatics 40(Supplement_1): i48–i57. doi:10.1093/bioinformatics/
btae217

Mian E, Petrucci E, Pizzi C, Comin M. 2024. MISSH: Fast Hashing of multi-
ple spaced seeds. IEEE/ACMTrans Comput Biol Bioinform 21: 2330–2339.
doi:10.1109/TCBB.2024.3467368

Mohamadi H, Chu J, Vandervalk BP, Birol I. 2016. ntHash: Recursive nucle-
otide hashing. Bioinformatics 32: 3492–3494. doi:10.1093/bioinfor
matics/btw397

Moi D, Kilchoer L, Aguilar PS, Dessimoz C. 2020. Scalable phylogenetic pro-
filing using minhash uncovers likely eukaryotic sexual reproduction
genes. PLoS Comput Biol 16: e1007553. doi:10.1371/journal.pcbi
.1007553

Morris R. 1968. Scatter storage techniques. Commun ACM 11: 38–44. doi:10
.1145/362851.362882

Muller ME. 1959. A note on amethod for generating points uniformly on n-
dimensional spheres. Commun ACM 2: 19–20. doi:10.1145/377939
.377946

Myers EW. 2005. The fragment assembly string graph. Bioinformatics 21
(Suppl_2): ii79–ii85. doi:10.1093/bioinformatics/bti1114

Navarro G. 2016. Compact data structures, 1st ed. Cambridge University
Press, Cambridge.

Ndiaye M, Prieto-Baños S, Fitzgerald LM, Yazdizadeh Kharrazi A, Oreshkov
S, Dessimoz C, Sedlazeck FJ, Glover N, Majidian S. 2024. When less is
more: Sketching with minimizers in genomics. Genome Biol 25: 270.
doi:10.1186/s13059-024-03414-4

Nip KM, Chiu R, Yang C, Chu J, Mohamadi H, Warren RL, Birol I. 2020.
RNA-bloom enables reference-free and reference-guided sequence as-
sembly for single-cell transcriptomes. Genome Res 30: 1191–1200.
doi:10.1101/gr.260174.119

Noé L. 2017. Best hits of 11110110111: Model-free selection and parameter-
free sensitivity calculation of spaced seeds.AlgorithmsMol Biol 12: 1. doi:
10.1186/s13015-017-0092-1

Ondov BD, Treangen TJ, Melsted P, Mallonee AB, Bergman NH, Koren S,
Phillippy AM. 2016. Mash: Fast genome and metagenome distance esti-
mation using MinHash. Genome Biol 17: 132. doi:10.1186/s13059-016-
0997-x

Ounit R, Lonardi S. 2016. Higher classification sensitivity of short metage-
nomic reads with CLARK-S. Bioinformatics 32: 3823–3825. doi:10
.1093/bioinformatics/btw542

Pandey P, Bender MA, Johnson R, Patro R. 2017. Squeakr: An exact and ap-
proximate K-mer counting system. Bioinformatics 34: 568–575. doi:10
.1093/bioinformatics/btx636

Patgiri R, Nayak S, Muppalaneni NB. 2023. Bloom filter: A data structure for
computer networking, big data, cloud computing, internet of things, bioinfor-
matics and beyond. Academic Press, Cambridge, MA.

Petrucci E, Noé L, Pizzi C, Comin M. 2020. Iterative spaced seed hashing:
Closing the gap between spaced seed hashing and K-mer hashing. J
Comput Biol 27: 223–233. doi:10.1089/cmb.2019.0298

Pibiri GE. 2022. Sparse and skew hashing of K-mers. Bioinformatics 38
(Supplement_1): i185–i194. doi:10.1093/bioinformatics/btac245

Pibiri GE, Trani R. 2021. PTHash: Revisiting FCH minimal perfect hashing.
In Proceedings of the 44th international ACM SIGIR conference on research
and development in information retrieval, pp. 1339–1348. ACM. Virtual
event, Canada.

Hash functions in nucleotide sequence analysis

Genome Research 901
www.genome.org

https://gist.github.com/lh3/974ced188be2f90422cc#file-inthash-c
https://gist.github.com/lh3/974ced188be2f90422cc#file-inthash-c
https://gist.github.com/lh3/974ced188be2f90422cc#file-inthash-c
https://gist.github.com/lh3/974ced188be2f90422cc#file-inthash-c
https://gist.github.com/lh3/974ced188be2f90422cc#file-inthash-c


Pibiri GE, Shibuya Y, Limasset A. 2023. Locality-preserving minimal perfect
hashing of K-mers. Bioinformatics 39: i534–i543. doi:10.1093/bioinfor
matics/btad219

Pierce NT, Irber L, Reiter T, Brooks P, Brown CT. 2019. Large-scale sequence
Comparisons with sourmash. F1000Research 8: 1006. doi:10.12688/
f1000research

Pike G, Alakuijala J. 2025. CityHash. https://github.com/aappleby/
smhasher/blob/master/src/City.cpp [accessed February 26, 2025].

Press WH, Teukolsky SA, Vetterling WT, Flannery BP. 2007. Numerical reci-
pes: The art of scientific computing, 3rd ed. Cambridge University Press,
Cambridge, UK.

Quedenfeld J, Rahmann S. 2017. Variant tolerant read mapping using
min-hashing. arXiv:1702.01703 [q-bio.GN]. doi:10.48550/arXiv.1702
.01703

Rasheed Z, Rangwala H. 2013. Amap-reduce framework for clusteringmeta-
genomes. In Proceedings of the 2013 IEEE international symposium on par-
allel & distributed processing, workshops and Phd forum, Cambridge, MA,
pp. 549–558. doi:10.1109/IPDPSW.2013.100

Rautiainen M, Marschall T. 2021. MBG: Minimizer-based sparse de Bruijn
Graph construction. Bioinformatics 37: 2476–2478. doi:10.1093/bioin
formatics/btab004

Roberts M, HayesW, Hunt BR, Mount SM, Yorke JA. 2004. Reducing storage
requirements for biological sequence comparison. Bioinformatics 20:
3363–3369. doi:10.1093/bioinformatics/bth408

RoweWPM. 2019. When the levee breaks: A practical guide to sketching al-
gorithms for processing the flood of genomic data.Genome Biol 20: 199.
doi:10.1186/s13059-019-1809-x

Sahlin K. 2021. Effective sequence similarity detection with strobemers.
Genome Res 31: 2080–2094. doi:10.1101/gr.275648.121

Sahlin K. 2022. Strobealign: Flexible seed size enables ultra-fast and accurate
read alignment. Genome Biol 23: 260. doi:10.1186/s13059-022-02831-7

Schleimer S,WilkersonDS, AikenA. 2003.Winnowing: Local algorithms for
document fingerprinting. In Proceedings of the 2003 ACM SIGMOD inter-
national conference on management of data, SIGMOD ’03, pp. 76–85.
Association for Computing Machinery, New York.

Shaw J, Yu YW. 2023. Proving sequence aligners can guarantee accuracy in
almost O(m log n) time through an average-case analysis of the seed-
chain-extend heuristic. Genome Res 33: 1175–1187. doi:10.1101/gr
.277637.122

Shibuya Y, Belazzougui D, KucherovG. 2022. Space-efficient representation
of genomic k-mer count tables. Algorithms Mol Biol 17: 5. doi:10.1186/
s13015-022-00212-0

Shivakumar VS, Ahmed OY, Kovaka S, Zakeri M, Langmead B. 2024.
Sigmoni: Classification of nanopore signal with a compressed pange-
nome index. Bioinformatics 40(Supplement_1): i287–i296. doi:10
.1093/bioinformatics/btae213

Smith T, Heger A, Sudbery I. 2017. UMI-tools: Modeling sequencing errors
in unique molecular identifiers to improve quantification accuracy.
Genome Res 27: 491–499. doi:10.1101/gr.209601.116

Upadhyay D, Gaikwad N, Zaman M, Sampalli S. 2022. Investigating the av-
alanche effect of various cryptographically secure hash functions and
hash-based applications. IEEE Access 10: 112472–112486. doi:10
.1109/ACCESS.2022.3215778

Urban R. 2025. SMHasher test suite. https://github.com/rurban/smhasher
[accessed May 19, 2025].

Wang T. 2025. Integer hash function. https://gist.github.com/badboy/
6267743 [accessed February 26, 2025].

Wasserman L. 2004. All of statistics: A concise course in statistical inference.
Springer, New York.

Wittler R. 2023. General encoding of canonical K-mers. Peer Community J 3:
e87.

Wong J, Coombe L, Nikolic ́V, Zhang E, Nip KM, Sidhu P,Warren RL, Birol I.
2023a. Linear time complexity de novo long read genome assembly
with GoldRush. Nat Commun 14: 2906. doi:10.1038/s41467-023-
38716-x

Wong J, Kazemi P, Coombe L, Warren RL, Birol I. 2023b. aahash: Recursive
amino acid sequence hashing. Bioinform Adv 3: vbad162. doi:10.1093/
bioadv/vbad162

Wood DE, Salzberg SL. 2014. Kraken: Ultrafast metagenomic sequence clas-
sification using exact alignments.Genome Biol 15: R46. doi:10.1186/gb-
2014-15-3-r46

WuW, Li B, Chen L, Gao J, Zhang C. 2022. A review for weighted minhash
algorithms. IEEE Trans Knowl Data Eng 34: 2553–2573.

Xu W, Hsu P-K, Moshiri N, Yu S, Rosing T. 2024. Hypergen: Compact and
efficient genome sketching using hyperdimensional vectors.
Bioinformatics 40: btae452. doi:10.1093/bioinformatics/btae452

Yang X, Zola J, Aluru S. 2011. Parallel metagenomic sequence clustering via
sketching and maximal quasi-clique enumeration on map-reduce
clouds. In Proceedings of the 2011 IEEE international parallel & distributed
processing symposium, pp. 1223–1233. IEEE Computer Society,
Washington, DC. doi:10.1109/IPDPS.2011.116

Yu YW, Weber GM. 2022. HyperMinHash: MinHash in LogLog space. IEEE
Trans Knowl Data Eng 34: 328–339. doi:10.1109/tkde.2020.2981311

Zaharia M, Bolosky WJ, Curtis K, Fox A, Patterson D, Shenker S, Stoica I,
Karp RM, Sittler T. 2011. Faster and more accurate sequence alignment
with SNAP. arXiv:1111.5572 [cs.DS]. doi:10.48550/arXiv.1111.5572

Zentgraf J, Rahmann S. 2020. Fast lightweight accurate xenograft sorting. In
Proceedings of the 20th international workshop on algorithms in bioinfor-
matics (WABI 2020), Vol. 172: pp. 4:1–4:16. Schloss Dagstuhl –

Leibniz-Zentrum für Informatik.
Zentgraf J, Rahmann S. 2022. Fast gapped K-mer counting with subdivided

multi-way bucketed cuckoo hash tables. In Proceedings of the 22nd inter-
national workshop on algorithms in bioinformatics (WABI 2022), pp. 12–1.
Schloss Dagstuhl – Leibniz-Zentrum für Informatik.

Zhao X. 2019. BinDash, software for fast genome distance estimation on a
typical personal laptop. Bioinformatics 35: 671–673. doi:10.1093/bioin
formatics/bty651

Zhao J, Both JP, Rodriguez-R LM, Konstantinidis KT. 2024. Ultra-fast and
scalable genome search by combining K-mer hashing with hierarchical
navigable small world graphs. Nucleic Acids Res 52: e74. doi:10.1093/
nar/gkae609

Zheng H, Marçais G, Kingsford C. 2023. Creating and using minimizer
sketches in computational genomics. J. Comput Biol 30: 1251–1276.
doi:10.1089/cmb.2023.0094

Zielezinski A, Girgis HZ, Bernard G, Leimeister C-A, Tang K, Dencker T, Lau
AK, Röhling S, Choi JJ, Waterman MS, et al. 2019. Benchmarking of
alignment-free sequence comparison methods. Genome Biol 20: 144.
doi:10.1186/s13059-019-1755-7

Received September 20, 2025; accepted in revised form March 24, 2026.

Chen et al.

902 Genome Research
www.genome.org

https://github.com/aappleby/smhasher/blob/master/src/City.cpp
https://github.com/aappleby/smhasher/blob/master/src/City.cpp
https://github.com/aappleby/smhasher/blob/master/src/City.cpp
https://github.com/aappleby/smhasher/blob/master/src/City.cpp
https://github.com/aappleby/smhasher/blob/master/src/City.cpp
https://github.com/aappleby/smhasher/blob/master/src/City.cpp
https://github.com/rurban/smhasher
https://github.com/rurban/smhasher
https://github.com/rurban/smhasher
https://github.com/rurban/smhasher
https://gist.github.com/badboy/6267743
https://gist.github.com/badboy/6267743
https://gist.github.com/badboy/6267743
https://gist.github.com/badboy/6267743
https://gist.github.com/badboy/6267743
https://gist.github.com/badboy/6267743

