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Abstract

Motivation: Representing a set of k-mers—strings of length k—in small space under fast lookup queries is a fundamental require-
ment for several applications in Bioinformatics. A data structure based on sparse and skew hashing (SSHash) was recently pro-
posed for this purpose (Pibiri 2022): it combines good space effectiveness with fast lookup and streaming queries. It is also or-
der-preserving, i.e. consecutive k-mers (sharing a prefix-suffix overlap of length k — 1) are assigned consecutive hash codes which
helps compressing satellite data typically associated with k-mers, like abundances and color sets in colored De Bruijn graphs.

Results: We study the problem of accelerating queries under the sparse and skew hashing indexing paradigm, without
compromising its space effectiveness. We propose a refined data structure with less complex lookups and fewer cache
misses. We give a simpler and faster algorithm for streaming lookup queries. The refined architecture translates to substan-
tial performance gains, outperforming the original version of SSHash in both index construction speed and query efficiency.
Compared to indexes with similar capabilities and based on the Burrows-Wheeler transform, like SBWT and FMSI, SSHash is
significantly faster to build and query. SSHash is competitive in space with the fast (and default) modality of SBWT when
both k-mer strands are indexed. While larger than FMSI, it is also more than one order of magnitude faster to query.

Availability and Implementation: The SSHash software is available at https://github.com/jermp/sshash, and also distrib-
uted via Bioconda. A benchmark of data structures for k-mer sets is available at https://github.com/jermp/kmer_sets

benchmark. The datasets used in this article are described and available at https://zenodo.org/records/17582116.

1 Introduction

Efficient representation and indexing of large sets of k-mers (sub-
strings of fixed length k appearing in longer strings) is a central prim-
itive in modern Bioinformatics. To tackle this problem, Pibiri (2022)
recently introduced a data structure based on sparse and skew hash-
ing (SSHash, hereafter). Apart from being compact and fast to query,
its distinctive feature is that it is order-preserving: k-mers that over-
lap by k-1 characters are likely assigned consecutive hash codes.
This property makes it particularly well suited for compressing satel-
lite data associated with k-mers, such as abundances and color sets
in colored De Bruijn graphs, because values referring to consecutive
k-mers tend to be very similar (if not identical), and storing them
consecutively significantly improves compression, as well as, locality
of reference. Indeed, state-of-the-art indexes for colored (Campanelli
et al. 2024, Fan et al. 2024) and positional (Fan et al. 2023) De Bruijn
graphs rely on SSHash for this reason. Improving it thus directly
impacts on the performance of such indexes.

In this work, we revisit the sparse and skew hashing paradigm with
the goal of improving query performance without compromising
space effectiveness. We introduce a range of refinements, including:

(i) a less complex query logic, (i) a new layout that reduces the num-
ber of cache misses per query and leads to consistently better run-
time in practice, (i) a simpler and faster algorithm for streaming
lookup queries. This is a query modality where lookup queries are is-
sued for consecutive k-mers coming from reads or longer sequences.
This modality is the one typically used in practice, e.g. to perform
pseudo alignment on colored De Bruijn graphs (Bingmann et al. 2019,
Alanko et al. 2023b, Fan et al. 2024).

We experimentally evaluate the new SSHash design (which outper-
forms the previous one in both query and construction time) against
the latest state-of-the-art k-mer dictionaries that offer similar function-
alities, such as SBWT (Alanko et al. 2023a) and FMSI (Sladky et al.
2026), both based on the Burrows and Wheeler (1994) transform
(BWT). Our results indicate that SSHash achieves significantly better
query performance and faster construction times. In terms of space
usage, SSHash is competitive with SBWT in the bidirectional model (i.
e. when both strands of each k-mer are indexed). This is the de-facto
model used by applications built atop these indexes. The space usage
of SSHash is actually better for larger k. It remains, on the other hand,
more space-consuming than FMSI, but more than an order-of-
maghnitude faster to query.
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2 Preliminaries

In this section we fix notation and illustrate the basic tools we
use throughout the paper to solve the following problem.

Problem 1 (The k-mer dictionary problem).
Given a collection X of strings and an integer k> 0, build
a data structure that represents all n distinct k-mers of X
so that the following queries are efficient:

* For any k-mer x, Lookur(x) returns a handle h € [1..U]
(where U>n) if x appears in X, or L otherwise. For any
X # Y, Lookur(x) # Lookup(y) must hold.

* For any he[1..U], Access(h) retrieves the k-mer x if
Lookup(x) = h, or returns the empty string ¢ otherwise.

* For any string s of length at least k, Lookur(s) answers
Lookup(x) for all k-mers x of s.

Basic notation. Given a string s, we indicate with |s| its length
and with s[i..j) its substring of length j—i beginning with the
symbol in position i and terminating with that in position j—1,
for any 1<i<j<|s|+1. (We use 1-based indexing throughout
the paper.) Notation “x € s” means that x appears as a substring
of s and we let pos(x,s) be the start position of xin s.

In this paper we consider strings over the DNA alphabet
{A,C,G,T}. Each symbol in this alphabet has a complement:
the complement of A is T (and vice versa), and the complement
of Cis G (and vice versa). The reverse complement of the string s,
indicated with s, is the string where all the characters of s ap-
pear in reverse order and complemented. Since S can be
obtained from s (and vice versa), we consider them identical.

The k-mer spectrum of the string s, spect, (s), is the set of k-mers of
s. Similarly, we define spect,(X) = Uscxyspect,(s). A spectrum-pre-
serving string set (or SPSS) for X is another set of strings S = {s;}
such that |s;| > k for each s; and spect, (S) = spect, (X). In this work
we only consider SPSSs that do not repeat k-mers, that is
spect, (s;) N spect, (s;) = 0 for any s;,s; € S, i # j. For the rest of the
paper, let S = {s;} be an SPSS for X with N =", |s;| (An algorithm
that computes S such that both |S| and N are minimum is known
(Schmidt and Alanko 2023), improving over previous heuristics
(Rahman and Medvedev 2020, Brinda et al. 2021). In this case, the
strings in S are called eulertigs. This is the form of S we are going to
use in the experimental analysis in Section 8. Furthermore, we note
that if duplicate k-mers are allowed in S, the SPSS of minimum total
length is composed of matchtigs and that SSHash can index match-
tigs as well (Schmidt et al. 2023).). Given a k-mer x of X, it follows that
Jls; € S such that either x € s; or x € s;. Intuitively, S provides a nat-
ural basis for a data structure solving Problem 1 because it contains n
distinct k-mers from the input X, without repetitions.

We call S[1.N] the string obtained by concatenating all the
strings s; in some fixed order, and indicate via p;, the position at
which s; begins in S. Thus, s; = S[p;..pi+1) for i=1..|S| and
pisj+1 = N+1. Let P={p;} in the following.

Minimizers and super-k-mers. A minimizer sampling scheme
is defined by a triple (m, k, O), where m,k € N,m <k, and O is an
order over all m-long strings. Given a k-mer x, the minimizer u of x
is the leftmost m-mer of x such that O(u) <O(y) for any other m-
mer y of x. To simplify notation, we indicate the minimizer of the
k-mer x with Mim(x) in the following, without specifying the

parameters m and Q. In practice, the order O is usually random
(e.g. implemented as a pseudo-random hash function).

A string is said to be sampled at the positions of the minimiz-
ers of its k-mers. For a string composed of N i.i.d. random char-
acters, and when m is sufficiently long, the expected number of
distinct sampled positions is approximately 2/(k—-m+2)-
(N—m+1) [see Theorem 3 by Zheng et al. (2020) for details]. In
other words, random minimizers are sparse along the string; in
expectation, the start positions of two consecutive minimizers
are (k—m+2)/2 characters apart.

We give two more definitions. For any k-mer x, we define its
canonical minimizer as CMini(x) := min{Mi(x), Mini(x) }.

A super-k-mer of a string s is a maximal substring of s where a given
property R(x) does not change for all k-mers x € s. We say that s is
parsed into super-k-mers by property R. As an example, consider the
string s = TCAAGTTGGCCT..., and let k = 7. Let R(x) be the lexi-
cographic minimizer of length m = 3. Then the first super-k-mer of
the string would be TCAAGTTGG because its three k-mers (TCAAGTT,
CAAGTTG, and AAGTTGG) all have minimizer AAG according to the lex-
icographic order of m-mers. Note that this substring is maximal be-
cause the fourth k-mer of s does not have AAG as minimizer.

Model of computation: cache misses. To analyze the time com-
plexity of an algorithm, we count the number of cache misses that it
spends, as practical performance critically relates to them. We use
the following simple model: C(Q) := [Q/B] is the number of cache
misses that occur when the algorithm reads Q consecutive bits, using
a cache with page (or line) size equal to B bits (Vitter 2001). For most
architectures the value B is 512 (64 bytes). That is, B spans several
memory words. We assume that [ log,(N)] <B for the rest of the
paper (We omit ceiling operators when they are not essential.).

Minimal perfect hash functions. A function f: X — {1,...,|X|}
is said to be a minimal perfect hash function for the set X if f(x) #
f(y) for all x,y € X, x #£y. In other words, a MPHF for X maps its
keys into the first |X| natural numbers without collisions. Note that f
is not defined for a key not inX, thus permitting to implement f with
just a constant amount of space per key. Indeed the theoretical
space lower bound for representing a MPHF is (less than) log,(e) ~
1.443 bits per key (Mehlhorn 1982), assuming the keys of X are
drawn from a large universe and |X| is large as well.

Many practical constructions for MPHFs are known that scale
well to large datasets, take little space on top of the lower bound,
and retain very fast evaluation time. See the recent survey by
Lehmann et al. (2026) for an overview of various techniques. In
this paper, we use techniques based on bucket placement that
specialize in very fast evaluation time, requiring (under proper
tuning) 1 cache miss per evaluation (Pibiri and Trani 2021).

Elias-Fano sequences. Consider a sorted sequence A of n inte-
gers 0<A[1] <A[2] < --- <A[n] < U for some universe size U. The
query Successor(x) returns the smallest integer y € A that is y > x
(assuming, w.l.o.g., x <A[n], so that the result is well-defined). We
use the following result, based on Elias-Fano codes (and point the
interested reader to the Supplementary Material for details).

Theorem 1 (Elias-Fano).
There exists a representation of A that takes at most
EF(n,U) = n(£+ 3) bits and:

1) For o(n) extra bits, access to the i-th element, can be
supported with, at most, 1+ Cse cache misses.
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2) For o(n) extra bits, Successor can be supported with,
at most, Cse + Cscan Cache misses.

3) For O(nlogn) extra bits, Successor can be supported
with, at most, 1+ Cscan cache misses.

The quantities Cse and Cscan are Csel = 2+ C(0(log*n))
and Cscan = C(U/n) +C(£- (U/n+1)) +C(Aa), where
As = maxy<jcn{ |25~ (4]}, and € = | log2(U/n) .

Algorithm 1 The Lookup algorithm for a k-mer x, using the
framework illustrated in Section 3.

1: function LOOKUP(x)

2 ¢ = P(x)

3 t=f()

4 for j € L[t] do

5: for g € d(j) do

6: y=Slqg..q + k)

7 if j = min L[t] and ®(y) # ¢ then return L

8 if z = y then return a unique handle h € [1..U]
9 return L

3 A general indexing framework

With the background and notation fixed in Section 2, the goal of this
section is to define a universal, abstract framework that captures the
fundamental architecture of any hash-based k-mer index for S. This
framework comprises four modular components. By isolating these
core components, we can systematically derive and compare both
existing tools and our own approach, as different time/space trade-
offs can be obtained depending on the choice of each module. While
the terminology here is necessarily abstract to maintain generality, we
will ground these concepts with concrete examples from
the literature.

Definition. The four components of the framework are:
1) A k-mer transformation function @. This function takes
a k-mer x as input and computes a value ¢ = &(x).
2) Atable L[1..M], for some M<n.
3) Afunction f mapping ¢ to an integer t € [1..M].
4) The string S[1..N] paired with the start positions P = {p;}.

The interaction between these components is described by

Lt] = loc(@), t=1f(¢), and ¢ = ®(x)

where loc(¢) is the locate set of ¢, a sorted set of integers for
which the following property holds.

Property 1.

For each j € loc(¢), there exists a string s; = S[p;..pi+1)
and a k-mer x € s; such that @(x) = ¢

and pos(x,S) € d(j) C [p;..pi+1—K].

The function d(j) is a displacement (or decoding) function that
maps the integer j to a set of k-mer positions. (We will add more
parameters to the function whenever necessary.)

Intuition. This framework abstracts the query pipeline of a hash-
based k-mer index. To achieve space savings, the framework first

applies a transformation @ (e.g. computing a minimizer) to a given k-
mer x, deriving a representative signature ¢b. Because the set of these
signatures is typically much smaller than the set of all unique input k-
mers, the overall memory footprint is reduced. The function f then
maps this signature to a specific entry in the table 50—the core data
structure alongside the string S. To further avoid the memory bottle-
neck of storing absolute text coordinates for every individual k-mer,
the index instead stores a shared locate set loc(¢) containing
encoded identifiers j. Finally, the displacement function d decodes
these identifiers to recover the exact coordinates of x in S.

Queries. Algorithm 1 concretely shows how Lookur(x) is imple-
mented following this framework. Again, the idea is to use the value
¢ = @(x) to retrieve the set loc(¢) and use it to locate the k-mer x
in S. Note that all k-mers y read at Line 6 must be such that @(y) =
¢ to be present in the input because all the elements j € L|t] satisfy
Property 1. If, instead, ®(y) # ¢, it means that the value ¢ was not
observed for any k-mer in the input, hence the search can be termi-
nated directly.

The algorithm for Access(h), instead, depends on the choice of h
at Line 8 of Algorithm 1. For example, if the choice h = g is made,
then U =N - k> n (i.e. Lookur does not map k-mers into the minimal
range [1.n], unless |S| =1) and Access(h) is trivial as the k-mer
Slh..h+k) is returned directly. Instead, if we opt for h=
g—(i-1)-(k—1) where j is such that p;<qg<p;+1—k, then we
make the mapping minimal, i.e. h € [1..n]. In this case, the value i
can be computed using the query Successor(q) over P (for example,
representing P with the data structure from Theorem 1). Upon
Access, however, one has to compute i from h and the sequence P to
derive g, and lastly retrieve S[g..q + k).

As the number of cache misses of Algorithm 1 depends on
specific choices of data structures for the framework, we defer
this analysis to subsequent sections.

Examples. So far in our description, components such as the lo-
cate table 50, as well as the definitions of &, f, and loc(¢), are treated
abstractly to maintain generality. However, the framework is robust
enough to model a wide variety of designs; in the examples below,
we provide concrete instantiations of these structures, ranging from
simple hash tables to tools like Pufferfish, BLight, and SSHash.

A naive solution would be to let @ be a (pseudo) random hash
function. Then loc(¢) would contain the positions j in S of all the k-
mers x such that ¢ = &(x). The function f would map the signature
¢ within the bounds of the table 50, e.g. f(¢) = ¢modM; the dis-
placement function would just be the identity, i.e. d(j) = {j}. The
key issue of this solution is, obviously, its space usage. First, L stores
a position for each k-mer in the input, thus spending log,(N) bits
per k-mer; second, the number of entries of L (i.e. M) should be cho-
sen large enough, say M = ©(n), to achieve fast lookup times.

This issue can be mitigated by letting f be a MPHF for the set of
hash codes {®(x)} (assuming these are all distinct). That is, {®(x)}
is mapped bijectively onto the minimal range [1.n] for n input k-mers,
so that M = n and loc(¢) contains the unique position in S of the k-
mer x such that ¢ = &(x). To save even more space, loc(¢) can store
the largest multiple of a chosen quantum v > 1 that is smaller than
(or equal to) the position of x, effectively spending log,(N/v) bits per
k-mer instead of log,(N) bits. The displacement function d would
then indicate the suitable range (of length v, at most). This solution is
adopted by the Pufferfish index (Almodaresi et al. 2018).

Minimizers can be used to improve space usage by letting @ = Mini
and the strings in S be parsed into super-k-mers by @®. The super-k-
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mers can then be grouped by minimizer, i.e. all super-k-mers having
the same minimizer are concatenated in the string S. Grouping by
minimizer naturally leads to a collection of MPHFs, one function per
group, to implement the mapping function f. Each MPHF now maps a
k-mer appearing in the super-k-mers of the group to its relative posi-
tion in the group. As positions are relative to a group, the space usage
improves compared to that of Pufferfish. This is the solution imple-
mented in the BLight index (Marchet et al. 2021).

4 Sparse and skew hashing

We review and analyze the sparse and skew hashing scheme
(SSHash) (Pibiri 2022) in this section, as it lays the foundation for the
new development in subsequent sections. Also, we explain how
SSHash can be described as a specific instance of the framework
from Section 3.

Sparse hashing. The string S is parsed into super-k-mers by
@, where @ is either Mini or CMini, and each j € loc(¢) is the
start position of a super-k-mer having minimizer ¢ (red arrows
in the example of Fig. 1 at page 1). Note that this saves space
compared to BLight (Marchet et al. 2021) because the trailing
k —1 characters of each super-k-mer are encoded once (i.e. the
super-k-mers are left where they appear in S).

Let M = {®(x)|x € spect,(S)}. The function f is a MPHF for
M, hence M = | M|. This choice of f also produces a space sav-
ing because the MPHF is built over the minimizers rather than
the k-mers. As minimizers are sparse in the string S, the cost of
the MPHF is small (e.g. less than 0.5 bits/k-mer).

A super-k-mer comprises at most k—m+1 k-mers by con-
struction (Technically, there can be more than k—m+1 consec-
utive k-mers with the same minimizer. In this case, however, we
can split the super-k-mer into chunks of at most k—m+1 k-
mers.). Let j be the starting position of a super-k-mer in S. The
displacement function is therefore as follows.

1: function d(j)
2: let ¢ be such that p; < j < pit1
3: return {j,j+17...7min{j+kfm,p¢+1fk}}

Since the index i is computed by d(j), the handle returned by
SSHash at Line 8 of Algorithm 1ish=q—(i-1)- (k—1), i.e. the
n input k-mers are mapped to the minimal range [1.n].

Skew hashing. Some minimizers ¢ may be very repetitive in S,
hence making the set |loc(¢)| very large, and Lookup slow in the worst

case. Fortunately, using a random order and a sufficiently long mini-
mizer length m, the fraction of such minimizers is very small. This is
referred to as the skew property of minimizer occurrences. We can
therefore afford to handle these few minimizers with a more space-
consuming data structure that, on the other hand, guarantees a bet-
ter worst-case runtime. SSHash adopts the following solution.

Let [ and r be two integers, such that 0</<r. Let K;={x €
spect, (S)|2 < |loc(¢p)| < min{2'+1 max},¢p = ®(x)} for [<i<r,
where max = maxgem|loc(¢)|. By virtue of the skew property of
minimizers, we have that > |K;| is a small fraction of the total k-mers.
For example, we have that only ~1.3% of the total k-mers belong
to such sets, for the whole human genome with k =31, m =21,
and [ = 6. An MPHF f; is built for each set K;. For k-mer x € K; with
¢ = ®D(x), we store the super-k-mer identifier among [1..|loc(¢)|]
at position fi(x) in an array V;. It follows that an integer in V; needs
i+ 1 bits (or log,(max) bits if i = r). For the rest of the paper, we
refer to a pair (f;,V;) for [<i<r as a partition of the skew index.
We have r — [+ 1 partitions (at most, when max >2").

At query time, if |loc(¢)| > 2 then the super-k-mer identifier is
retrieved from f; and V; and the query k-mer searched only in one
super-k-mer, instead of [loc(¢)| super-k-mers.

Index/query modalities. SSHash operates in two modalities, with
different space/time trade-offs. In its regular modality, & = M,
hence if Lookur(x) = L then also Lookur(X) is executed. In the worst
case, both loc(Mi(x)) and loc(Mi(x)) are inspected. In the canoni-
cal modality, @ = CMini, so that a k-mer x and its reverse comple-
ment X are both mapped to the same set loc(CMini(x)). The Lookup
algorithm is therefore executed only once (the boolean expression in
the if at Line 8 of Algorithm 1 becomes: x =y or X = y) for faster
query times compared to regular indexing at the price of some more
space due to the higher density of canonical minimizers.

Data structures and analysis. The string S is a 2-bit integer
vector, as each DNA base can be coded with 2 bits. The array P, in-
dicating the start position of each substring s; in S, is coded with
Elias-Fano and takes at most EF(|S|,N)+o(|S]) bits as per
Theorem 1 (Points 1. and 2.). The locate table 50 is an array of
log, (N)-bit integers, where all locate sets are stored consecutively,
one after the other, in the order indicated by the MPHF f. Let
Z=73_,cpmloc(a)]. The space of L is therefore Zlog,(N) bits. The
space for fis ©(M) bits. With another array sizes[1..M + 1] we keep
track of where each loc(¢) begins and ends in L. That is, if t = f(¢),
then loc(¢) = L[sizes|t]..sizes[t + 1]), with |loc(¢)| = sizes[t+ 1] -
sizes[t]. The sorted array sizes is also represented with Elias-Fano
and takes at most EF(M,Z)+o(M) bits (Theorem 1, Point 1.).

' ' ¥
(R AAA A/ (B ¥ A 4
S=TCAAGTTGGCCTGACATGCGA[CGCACATCTAGC
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34
(@) MINI
]
¥ A ' B2 ¥ (B
S=TCAAGTTGGCCTGACATGCGACGCACATCTAGC
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34
(b) CMINT

Figure 1 An example string S of length N = 33 resulting from the concatenation of two strings whose start positions in S are p; = 1 and p, = 22.
There are 21 k-mers for k = 7 in the string. The blue arrows indicate the start positions of random minimizers of length m = 3, while the red arrows
indicate the start positions of the corresponding super-k-mers. In (a), S is parsed into super-k-mers by Mini; in (b), by CMini. The lexicographic order
of m-mers is used to compute minimizers.
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Letting @ = > |Ki|, we upper bound the cost of the skew index by
alog,(N)+ O(a) bits, because a MPHF is built over each K; and
log,(max) < log,(N). We thus have the following result.

Theorem 2. (Previous SSHash) The space usage of SSHash
is at most 2N+ (Z+a) log, (N) +O@(M) + O(a) +
EF(|S|,N) +EF(M, Z) bits. The number of cache misses
per Lookup(x), where z = |loc(Mini(x))], is at most

l) 1+ Cacc+ C(Z lng(N)) +Z(Csucc + C(4k - 2m))
if1<z<?2/,
2) 4+ Cacc + Csuce + C(4k —2m) otherwise,

where  Caec =3+ C(0(log*M)), Csuce =2+ C(0(log*|S|)) +
Cscany and Cscan = c(%) +¢( (% +1)log, (%\) )+ C(Ap).

Figure S2 in the Supplementary Material shows that the space
upper bound given in Theorem 2 is quite tight. (Most of the dif-
ference between the bound and the measured space comes
from overestimating the cost of the skew index.) Table S1 in the
Supplementary Material, instead, compares the number of theo-
retical cache misses in the theorem with the measured ones in
practice (and shows that they are very similar).

5 Refining displacements

The first refinement we introduce in the updated SSHash index
regards the elements of the set loc(¢), where ¢ is a minimizer. As
explained in Section 4, in the previous version of SSHash, the ele-
ments of loc(¢) are the start positions of each super-k-mer whose
minimizer is ¢. While this works seamlessly for both the regular
and canonical minimizer, it also involves a linear search of a su-
per-k-mer upon Lookup. To avoid the search, we now let loc(¢) :=
{pos(x,S) 4+ pos(¢,x) — 1|x € spect, (S)A D(x) = ¢}.

Regular displacements. At query time, given j € loc(¢), we
compute the putative start position of x in S as
q =j—pos(Mini(x),x) +1. That is, the displacement function
now returns a single position, thus avoiding the need to actually
search for the k-mer x in a super-k-mer.

1: function d(j, z)

2 let 7 be such that p; < j < pit1

3: p = pos(MINI(z), )

4: g=j—p+1

5: if p; < ¢ < p;4+1 — k then return {q}
6 return g

Refer to the string S shown in Fig. 1, panel (a), and consider the
query k-mer x = AACTTGA. As explained in Section 4, if Lookur(x) =
L then Lookur(x) is executed. We have Mmi(x) =AAC and
pos(Mini(x),x) = 1. Note that no k-mer of S has minimizer AAC,
hence f(AAC) indicates a locate set loc(¢) for another minimizer
¢ # AAC, say ATC which begins in S at position j = 27. The position
q=27-1+1=27 is computed but y = S[27..27+k) # x. Thus,
Lookur(X) is executed, where X = TCAAGTT. Now, Mini(x) = AAG
and it begins at position 3 in x. The candidate position g =
3-3+41=1iscomputed and x is compared against S[1..1+ k) and
produces a match.

Canonical displacements. The canonical indexing case, where
@ = CMini, is more involved. Recall from Section 2 that we de-
fined the canonical minimizer of a k-mer x as CMini(x) :=
min{Min(x),Mini(X) }. To let the new definition of loc(¢) work
correctly, we also define
pos(Mini(x),x),  if Mini(x) < Mini(x)
otherwise

pos(CMini(x),x) := { pos (M), X)

For example, consider x=TCAAGTT with CMini(x)=
Mini(x) = AAC. We have that pos(CMini(x),x) =5 because
AAC = GTT begins at position 5 in x.

Now, given a query k-mer x, we do not know whether it
appears in S as x or as x (or, if it appears at all). We therefore
have to check more than one displacement per position j €
loc(CMini(x)) in the worst case:

1) If Mini(x) < Mini(X):
a) j—pos(Mini(x),x) + 1 because x can appear in S;
b) j—pos(Mini(x),X)+1 because X can appear in S and
Mini(x) occurs in X as Mini(x).
2) 1If Mini(x) > Mini(x):
a) j—pos(Mini(x),x) + 1 because X can appearin S;
b) j—pos(Mini(x),x)+1 because x can appear in S and
Mini(X) occurs in x as Mini(X).
3) If Mini(x) = Mini(X): all the four displacements are checked.

Observation 1. Let ¢ be a substring of length m of a k-mer
x. Then pos(¢,X) = k—m— pos(¢,x) +2.

From the previous case analysis and Observation 1, we derive
the following displacement function.

1: function d(j, z)

2 let ¢ be such that p; < j < pit+1
3 Q=0

4 if Mini(x) < MINI(Z) then

5: p = pos(MINI(z), x)

6 Q=9Qu{j—-p+1l,j—k+m+p—1}
7 if MinNi(xz) > MINI(Z) then

8 p = pos(MINI(T), T)

9 Q=QuU{j-p+1lj-—k+m+p-1}
10: return {¢ € Q|p; < ¢ < piy1 — k}

Note that for Cases 1 and 2, just two displacements are com-
puted. For Case 3, four displacements are computed. Some of
them might not be valid and not returned at all (Line 10).

Consider again the string S in Fig. 1, panel (b). Suppose we
query for x=TTGGCCT. We have Mmi(X)<Mmni(x) and
Mini(X) = AGG, which begins at position 1 in x = AGGCCAA.
The minimizer AGG appears in S as AGG = CCT at position
j = 10. The two positions to check, returned by d(x,j), are there-
fore {10,6} and x is found at position 6 in S.

Lastly, the following observation will be useful for Theorem 3
in the analysis from Section 6.

Observation 2. The k-mers starting at positions d(j, x) occur
in the same substring of S and this substring is at most
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2k —m characters long. Hence, accessing S at positions in
d(j,x) in ascending order costs C(4k —2m) cache-misses.

6 Cache-efficient sparse hashing

In this section, we present a second refinement: a new data
structure for sparse hashing that reduces the number of cache
misses involved during Lookur.

We distinguish three types of minimizers based on their number of
occurrences in S: we call a minimizer singleton if it appears once, light
if it appears more than once but at most 2/ times for a small value of
[>1, and heavy otherwise (it appears more than 2/ times). To reduce
cache misses during Lookup queries, the idea is to reorganize the stor-
age of the locate sets loc(¢) into three arrays according to the type
of each minimizer. Let T[1.M] be an array of (log,(N)+ 1)-bit inte-
gers, referred to as tags in the following, indexed by f. We use this ar-
ray of tags to indicate the type of the minimizer and therefore retrieve
its locate set from a dedicated array. This design allows Lookup to fol-
low type-specific execution paths, thereby reducing cache misses.
Retrieving the tag itself involves computing f and accessing T[f(¢)]:
these two operations cost two cache misses.

* Singleton minimizers. If the minimizer appears once, the least
significant bit of the tag is 0 and the remaining log,(N) bits en-
code the single position where the minimizer appears in S. At
query time, whenever we read status bit 0, we know the mini-
mizer is singleton and the only position in the locate set is
readily available in the tag without any further memory access.

* Light minimizers. All locate sets of size 2 <z <2/ are stored con-
tiguously in an array L, grouped by increasing size. We maintain
a small auxiliary array G[1..2], where G[Z] stores the starting po-
sition in L of the group containing sets of size z. For a light mini-
mizer ¢ such that z = |loc(¢)|, the tag consists of (from least to
most significant bits): a 2-bit status field equal to 01; [ bits
encoding the value z—2; log,(N) —[-1 bits encoding the posi-
tion, i, of loc(¢) in the group of all sets of size z (Technically
speaking, we should choose [ so that the number of minimizers
with two occurrences is less than 2'%62(V)=/=1 Dye to the skew
distribution of such occurrences for sufficiently long m, this is
always the case for [ =6 across all of our experiments.). At
query time, we decode z and i from the tag and access
loc(¢) = L|G[z] +iz..G[z] + (i+1)z). Retrieving G[z] costs 1
cache miss. The number of cache misses involved during a
scan of loc(¢) are C(|loc(¢)|log,(N)) < C(2'log,(N)).

* Heavy minimizers. Minimizers occurring more than 2! times are
assigned status 11 and their locate sets are stored in another ar-
ray H. These minimizers are handled with a skew index. Recall
from Section 4 that a skew index comprises a collection of (at
most) r — [+ 1 pairs (f;, V;), where f; is a MPHF and V; is an vector
of (i+ 1)-bit integers. Here, we choose r so that r —(+1<8 and
a skew index partition identifier i can be coded in 3 bits. For a
heavy minimizer ¢, the corresponding tag stores: a 2-bit status
equal to 11; 3 bits encoding the skew partition identifier i; the
remaining log,(N) —4 bits encoding the absolute offset o of
loc(¢) in H. Assume ¢ = @(x) is a heavy minimizer. After recov-
ering i and o from its tag, the desired position j € loc(¢) is
obtained as j = H[o + V;[fi(x)]], involving 3 cache misses.

Figure 2 illustrates how this layout differs from the previous
one described in Section 4.

Analysis. Let $ € [0, 1] be the fraction of minimizers that are not
singleton (the number of singleton minimizers is (1 — g)M). The ar-
ray of tags takes M(log,(N)+ 1) bits, whereas the arrays L and H
take (Z— (1-p)M)log,(N) bits (the array G is a global redundancy,
which is negligible for small /, even if stored uncompressed as we
do). The other costs are those for S and f, which are the same as
those in Theorem 2, and P that we now represent with the data
structure from Theorem 1, Point 3. Importantly, we eliminate the
sizes array altogether. While this does not affect space too much, it
is rather relevant to reduce the number of cache misses (see the
next theorem). Considering the refined displacements from Section
5 and the new layout in this section, we obtain the following result.

Theorem 3. (Current SSHash) The space usage of SSHash
is at most 2N+ (Z+a) log,(N) + M(1+pflog,(N)) +
O(a)+O(M)+ O(|S|log|S|)+EF(|S|,N) +EF(M, Z) bits.
The number of cache misses per Lookur(x), where
z = |loc(Mini(x))], is at most

1) 24 Coyec +C(2k) if z=1,
2) 3+C(zloga(N)) +2(Coucc +C(2k)) if 222,
3) 5+ Csucc + C(2k) otherwise,

where Cgyec =1+ Cscan and Csean is the same as that in
Theorem 2. When & = CMini, the cost C(2k) in Case 2. becomes
C(4k —2m) due to Observation 2.

Assuming the same constants hidden in the © terms of
Theorems 2 and 3, e.g. by using the same MPHF data structure,
the space increase of Theorem 3 over Theorem 2 is less than
M(Blog,(N) - log,(Z/M)—1)+0(|S|log|S|) bits. This space is
small when g decreases as m increases. For example, f is on av-
erage 0.053 for k=31 and m>19, @ =M, on the datasets
used in our analysis in Section 8 (see also Figs. S1 and S2 in the
Supplementary Material).

For the cache miss analysis in practice, refer again to Section
2 and Table S1 in the Supplementary Material.

7. Streaming query algorithm

Finally, we describe the simplified streaming query algorithm
we adopt in the improved SSHash index. Let s be a string with
|s| > k. We consider the query Lookur(s), from Problem 1, that
answers Lookup(x) for all k-mers x € s.

Given that two consecutive k-mers of s, say w and x, share a
(k—=1)-long suffix-prefix overlap, answering Lookur(x) after
Lookur(w) should be performed faster than issuing the queries for
two k-mers of s picked in any order. That is, a good implementa-
tion of Lookur(s) should stream through the k-mers of s to exploit
the overlap information and, hence, accelerate the query.

Algorithm 2 shows the solution we use in SSHash. The general idea
is to maintain the state of the last match w and use this information
to perform faster pattern matching. For example, if the last match was
found at position g in S, the next query, say for k-mer x, will compare
X (or ) to S[g+1..q + 1+ k). The state of the last match w, is made
up of several variables: its handle h, the identifier i of the comprising
string, its orientation o € { —1, +1} in S (under the convention that
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Figure 2 A graphical comparison between the components of the two
versions of SSHash described in Section 4 and Section 6 (symbolic names
used in the text are reported in parentheses). The skew index, S, and P, are
common to both versions. In this (multi) graph, a path from fto P
corresponds to the flow of execution upon Lookup (with the constraint that
edges along the path do not change color). Note, in fact, that there are two
possible red paths for the previous index (corresponding to the cases of
Theorem 2), and three blue paths for the current one (cases of Theorem 3).

+ 1 indicates the forward orientation, and — 1 indicates the backward
orientation), whether its minimizer was found in S, its position g in S,
and its minimizers Mini(w) and Mii(w). (Note that the tuple
(h,i,0,found), computed at Line 30, can be returned by the Lookup al-
gorithm with a straightforward modification of Algorithm 1.)

The other two variables that are part of the state are the bool-
ean flag start and the integer budget. The start variable is used to
let the function Minimizers (Line 14) compute correctly the minimiz-
ers of x knowing those of the last match w: that is, if start = true
then w is not defined and the pair (Mini(x), Mini(X)) is computed
from scratch; otherwise, the pair is computed in amortized O(1)
time (using, e.g. the folklore re-scan method; see, the discussion
in Koerkamp and Martayan (2025) and Zheng et al. (2025). The in-
teger budget defines the maximum allowable number of exten-
sions starting from position g in S. As we extend, we decrease the
budget (Line 18-21). When the budget is exhausted, we update
the state of the algorithm with the function Seep.

This logic is, essentially, the same as that described in the
prior SSHash work (Section 4.3 of Pibiri (2022) but simpler,
thanks to the budget “trick.” The previous algorithm attempts
to extend only if the minimizers of the last match w are the
same as those of the current query x, and calls Seeo whenever
they change. While this already grants a fair deal of extension
(because consecutive k-mers are likely to have the same mini-
mizer), in the logic presented here, we attempt an extension
whenever budget >0—even when minimizers change through
the stream. We show in the Supplementary Material (Fig. S4)
that the extension rate of this refined logic is consistently higher
than the previous one, granting faster query times. The two
refinements presented in Sections 5 and 6 have an important
impact on the runtime of this streaming query algorithm as well.

8 Experimental analysis

In this section, we compare the new SSHash design against the
two state-of-the-art k-mer dictionaries, SBWT (Alanko et al.
2023a) and FMSI (Sladky et al. 2026). (The Supplementary
Material also reports on the comparison against the previous

Algorithm 2 The Lookup(s) algorithm for a query string s. In
the pseudo code, we assume an “iterator-like” interface for
the string S such that: S.ATq instantiates the iterator at posi-
tion g of S, and S.NEXT moves the iterator from the current
position to the next and returns the k-mer at such position
(taking into account the orientation o of the last match).

1: function LOOKUP(s)

2 IntT()

3 H=0

4 for k-mer z € s do

5: h = S-Lookup(z)
6 H=HU{h}

7 return H

8: function INIT()

9: h=_1

10: budget = 0

11: start = found = true
12: MiNI(w) = MINI(W) = ¢

13: function S-LOOKUP(z)
14: (MinN1(z), MINI(Z)) = MINIMIZERS ()
15: if budget = 0 then

16: SEED( )

17: else

18: y = S.NEXT()

19: if x =y or T = y then
20: h=h+o

21: budget = budget — 1
22: else

23: SEED( )

24: MiNI(w) = MiNI(z), MINI(w) = MINI(T)
25: start = false

26: return h

27: function SEED()

28: budget = 0

29: if MiNi(z) = MINI(w) and MiNI(Z) = MiNI(w) and
found = false then return

30: (h, 1, 0, found) = Lookup(z, T, MINI(z), MINI(T))

31: if h = L then return

32: g=h+(i—1)-(k—1)

33: budget = piy1 — k — g

34: if o = —1 then

35: gq=q+k

36: budget = q — p;

37: S.AT(q)

published version of SSHash (Pibiri 2022), using the same meth-
odology and datasets described in this section.)

In particular, we report on the results of the experiments that
were collected during November 2025 with the help of the
authors of both the SBWT and FMSI. We maintain the bench-
mark at https://github.com/jermp/kmer_sets_benchmark, to
encourage reproducibility of results. The scripts available at the
repository list the precise options we used for the tools; we just
report some details here.

The SBWT was always built by indexing both k-mer strands as
to accelerate query processing, using the so-called “plain-matrix”
variant. This is the recommended usage by the authors (and the
one used in their tool Themisto (Alanko et al. 2023b)—an index
for colored De Bruijn graphs based on the SBWT). Both SBWT and
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FMSI indexes make use of the longest common prefix (LCP) array
to speed up queries. The space for this additional array is also in-
cluded in the reported space usage.

Hardware and compiler. All experiments were executed on a
machine equipped with a AMD Ryzen Threadripper PRO 7985WX
CPU, 250 GB of RAM, and a Seagate IronWolf 12 TB NAS HDD,
running Ubuntu 24.04.3 LTS. All software is written in C++ and
was compiled with gcc 13.3.0 using the highest optimization set-
ting (compiler options: -03 -march=native).

Datasets. For the experiments reported here we used two types of
datasets: whole genomes and pangenomes. For the former type and
for consistency with prior published work, we used the whole
genomes of Gadus morhua, Falco tinnunculus, and Homo sapiens that
are named Cod, Kestrel, and Human, respectively in the following
(containing approx. 0.5, 1.5, and 2.5 billion distinct k-mers). For the lat-
ter type, we used: NCBI-v—a collection of 18,836 virus assemblies
downloaded from RefSeq in October 2025 (approx. 0.4 billion k-mers);
SE—a pangenome containing all the 534,751 Salmonella enterica
genomes from Release 0.2 of the “All The Bacteria” collection (Hunt
et al. 2025) (approx. 0.9 and 1.5 billion k-mers for k = 31 and k = 63,
respectively); HPRC—a human pangenome available at https://zen
odo.org/records/14854401 (approx. 3.7 and 5.9 billion k-mers for k =
31 and k = 63, respectively). From these input collections, we com-
puted spectrum-preserving string sets in the form of eulertigs
(Schmidt and Alanko 2023) using the GGCAT algorithm (Cracco and
Tomescu 2023). These eulertigs, along with detailed instructions
about how we computed them, are available at https://zenodo.org/
records/17582116, so that it is easy to reproduce our results.

Table S2 in the Supplementary Material reports the exact
number of unique k-mers for the two values of k we use in this
analysis, and the minimizer lengths used by SSHash.

Index space. Plots (a) and (b) of Fig. 3 report index space in avg.
bits/k-mer. FMSI is consistently the smallest index, taking between 3.3
and 5.0 bits/k-mer, whereas the SBWT has a steady usage of 10.5 bits/
k-mer. SSHash is competitive with the space usage of SBWT, and its
space lowers substantially for larger k as minimizers become sparser.
For this reason, in some cases like Kestrel and NCBI-v for k = 63, it is
less than 1bit per k-mer away from the effectiveness of FMSI.

Construction efficiency. All construction algorithms read the
input files from the (mechanical) disk of the testing machine.
SSHash used a maximum of 16 GiB of RAM during construction
and 64 threads. The same configuration was used for SBWT,
whereas FMSI’s construction does not accept such parameters.

We explicitly clarify that the build times reported here strictly mea-
sure the construction of the indexes. They do not encompass the time
required for upstream preprocessing steps, such as the construction
of masked super-strings for FMSI or the generation of eulertigs for
SSHash. It should be therefore clear that our plots do not represent
the total end-to-end operational cost starting from raw datasets.

Plots (c) and (d) of Fig. 3 report the time to build the indexes.
Even on the largest collections, SSHash completed within
5 minutes, whereas the other tools took up to 1 hour. (For FMSI,
we do not include the time it takes to pre-process the input to
obtain the so-called masked super-string that it indexes.) SBWT
is slower than FMSI especially for larger k because it enumerates
and sorts k-mers co-lexicographically on disk (for both strands).

Lastly, plots (e) and (f) display the peak RAM usage (in GiB) during
index construction. Both SSHash and SBWT generally remain within
the allocated 16 GiB memory budget, except when processing the

SSHash regular [ SSHash canonical [l SBWT FMSI
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Figure 3 Comparison of index space in avg. bits/k-mer (plots (a)-(b)),
build time in minutes (plots (c)-(d)), and build peak RAM usage (resident
set size, or RSS) in GiB (plots (e)-(f)). In plot (d), we cut the bars for
SBWT at 60 minutes for ease of visualization because it took three hours
to build on HPRC. (FMSI was built in 62 minutes.) Similarly, we cut the
bars for FMSI in plots (e)-(f) at 48 GiB because it required 70 and 125 GiB
of RAM on HPRC for k = 31 and k = 63, respectively.

HPRC dataset. For SSHash, this exception occurs because the final
HPRC index occupies an additional 5.6 GiB of memory on top of the
16 GiB construction buffer. In contrast, the construction phase of
FMSI does not currently support bounding RAM usage.

Query efficiency. We say Lookur(x) is positive if k-mer x is found in
the dictionary (indicated with Lookur ™ in the plots) and negative oth-
erwise (indicated with Lookup ~). To benchmark positive Lookup, 106 k-
mers were sampled uniformly at random from the collections and
used as input. Importantly, half of them were reverse complemented
to test the Lookup algorithm in the most general case. To benchmark
negative Lookup instead, 10° synthetic k-mers were created, having
characters selected uniformly at random from the alphabet
{A,C, G, T}. For Access, we generated 10° random handles and re-
trieved the k-mers corresponding to those handles. The reported
times are the averages among five runs of the same experiment.

To benchmark streaming Lookup queries, we take as input all
the reads from FASTQ files, also available in the data repository
at https://zenodo.org/records/17582116. These files, that con-
tain millions of reads and are compressed with gzip, are
decompressed on the fly while performing the queries. The
reported time therefore also includes the incremental decom-
pression overhead which, however, is marginal and paid by all
the tested tools. The reads were chosen for each collection as to
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Figure 4 Comparison of query times in avg. us/k-mer.

simulate a “high-hit” workload, i.e. where most k-mers are pre-
sent in the index (say, more than 75% for k = 31).

All query algorithms were run using a single processing
thread. All indexes were loaded from disk to RAM after construc-
tion to perform the queries.

Figure 4 illustrates the comparison between query times.
SSHash is generally the fastest index for all queries, by a wide
margin. FMSI is the smallest index on disk as said before, but also
the slowest to query. For example, the SBWT is 2 X faster than
FMSI for random Lookup queries and much faster at streaming
queries. Remarkably, SBWT is even faster than SSHash on the SE
dataset for streaming queries, k = 63. The Access query is prob-
lematic for indexes based on the BWT, as it requires tens of micro-
seconds whereas SSHash takes a fraction of a microsecond.

In summary, SSHash regular is on average 4.2, 1.3, and 2.9
faster than the next fastest index (SBWT) for positive, negative,
and streaming queries, respectively, for k =31; and 8.7, 1.2, 2.9,
respectively for k = 63. (These factors are higher for SSHash ca-
nonical: 5.5, 2.5, 3.5 for k = 31; 10, 2, 3.6 for k = 63).

9 Conclusions and future work

We presented an improved sparse and skew hashing design for the k-
mer dictionary problem, featuring a cache-efficient layout, simpler

queries, and faster streaming lookups. These speed improvements
are expected to accelerate downstream processing, including indexing
weighted/colored De Bruijn graphs and spectrum-preserving tilings.

Compared to other indexes based on the celebrated Burrows-
Wheeler transform, we found SSHash to be faster to query and
build, but to generally consume more space. Batch processing
mitigates memory latency in compressed indexes. For instance,
batched k-mer lookups significantly improve SBWT throughput
(Alanko et al. 2025). While SSHash would also benefit, BWT-
based indexes likely gain a greater relative advantage.

Future work will study the applicability of different string sam-
pling schemes for SSHash. For example, preliminary experiments
show that mod-minimizers (Koerkamp et al. 2025) have the poten-
tial to reduce space consumption without hurting lookup time.
Another direction could replace the locally-consistent sampling of
minimizers with a sequence-specific one. The latter has the prom-
ise of achieving optimal density but its impact on query time, on
the other hand, has yet to be analyzed.
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