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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

requirement for several applications in Bioinformatics. A data structure based on sparse and skew hashing (SSHash) was recently

proposed for this purpose [Pibiri, 2022]: it combines good space e↵ectiveness with fast lookup and streaming queries. It is also

order-preserving, i.e., consecutive k-mers (sharing a prefix-su�x 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 e↵ectiveness. 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 substantial performance gains, outperforming

the original version of SSHash in both index construction speed and query e�ciency. 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 distributed

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.

Contact: giulioermanno.pibiri@unive.it, rob@cs.umd.edu.
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1. Introduction

E�cient representation and indexing of large sets of k-mers

(substrings of fixed length k appearing in longer strings) is

a central primitive in modern Bioinformatics. To tackle this

problem, Pibiri [2022] recently introduced a data structure

based on sparse and skew hashing (SSHash, hereafter). Apart

from being compact and fast to query, its distinctive feature

is that it is order-preserving: k-mers that overlap by k � 1

characters are likely assigned consecutive hash codes. This

property makes it particularly well suited for compressing

satellite 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 [Fan et al., 2024; Campanelli

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 e↵ectiveness. We introduce a

range of refinements, including: 1. a less complex query logic, 2.

a new layout that reduces the number of cache misses per query

and leads to consistently better runtime in practice, 3. a simpler

and faster algorithm for streaming lookup queries. This is a

query modality where lookup queries are issued 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;

Fan et al., 2024; Alanko et al., 2023b].

We experimentally evaluate the new SSHash design (which

outperforms the previous one in both query and construction

time) against the latest state-of-the-art k-mer dictionaries that

o↵er similar functionalities, such as SBWT [Alanko et al., 2023a]

and FMSI [Sladký et al., 2025], 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-magnitude faster to query.

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 e�cient:
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• For any k-mer x, Lookup(x) returns a handle h 2 [1..U ]

(where U � n) if x appears in X , or ? otherwise. For any

x 6= y, Lookup(x) 6= Lookup(y) must hold.

• For any h 2 [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, Lookup(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 2 s” means that

x appears as a substring of s and we let pos(x, s) be the start

position of x in 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 C is G (and vice versa). The reverse complement of the string

s, indicated with s, is the string where all the characters of

s appear 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, spectk(s), is the set of

k-mers of s. Similarly, we define spectk(X ) = [s2X spectk(s).

A spectrum-preserving string set (or SPSS) for X is another

set of strings S = {si} such that |si| � k for each si and

spectk(S) = spectk(X ). In this work we only consider SPSSs

that do not repeat k-mers, that is spectk(si) \ spectk(sj) = ?
for any si, sj 2 S, i 6= j. For the rest of the paper, let S = {si}
be an SPSS for X with N =

P
i |si|. 1 Given a k-mer x of

X , it follows that 9! si 2 S such that either x 2 si or x 2
si. Intuitively, S provides a natural 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 si in some fixed order, and indicate via pi, the position

at which si begins in S. Thus, si = S[pi..pi+1) for i = 1..|S|
and p|S|+1 = N + 1. Let P = {pi} in the following.

Minimizers and super-k-mers. A minimizer sampling

scheme is defined by a triple (m, k,O), where m, k 2 N, m < k,

and O is an order over all m-long strings. Given a k-mer x,

the minimizer µ of x is the leftmost m-mer of x such that

O(µ)  O(y) for any other m-mer y of x. To simplify notation,

we indicate the minimizer of the k-mer x with Mini(x) in the

following, without specifying the parameters m and O. 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

minimizers of its k-mers. For a string composed of N i.i.d.

random characters, and when m is su�ciently 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.

1 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; Břinda 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 matchtigs as well [Schmidt et al., 2023].

We give two more definitions. For any k-mer x, we define its

canonical minimizer as CMini(x) := min{Mini(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 2
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 lexicographic 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 lexicographic order of

m-mers. Note that this substring is maximal because the fourth

k-mer of s does not have AAG as minimizer.

Model of computation: cache misses. To analyze the time

complexity 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) := dQ/Be
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 dlog2(N)e  B for the rest of the paper2.

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) 6= f(y) for all x, y 2 X, x 6= 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 in

X, 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) log2(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

integers 0  A[1] < A[2] < · · · < A[n] < U for some universe

size U . The query Successor(x) returns the smallest integer

y 2 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 + Csel cache misses.

2. For o(n) extra bits, Successor can be supported with, at

most, Csel + Cscan cache misses.

3. For O(n log n) extra bits, Successor can be supported with,

at most, 1 + Cscan cache misses.

The quantities Csel and Cscan are Csel = 2+ C(O(log4 n)) and

Cscan = C(U/n) + C(` · (U/n + 1)) + C(�A), where �A :=

max
1i<n

{bA[i+1]
2` c � bA[i]

2` c}, and ` = blog2(U/n)c.

2 We omit ceiling operators when they are not essential.
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Algorithm 1 The Lookup algorithm for a k-mer x, using the

framework illustrated in Section 3.

1: function Lookup(x)

2: � = �(x)

3: t = f(�)

4: for j 2 L[t] do

5: for q 2 d(j) do

6: y = S[q..q + k)

7: if j = minL[t] and �(y) 6= � then return ?
8: if x = y then return a unique handle h 2 [1..U ]

9: return ?

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 di↵erent time/space trade-o↵s 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. A table L[1..M ], for some M  n.

3. A function f mapping � to an integer t 2 [1..M ].

4. The string S[1..N ] paired with the start positions P = {pi}.

The interaction between these components is described by

L[t] = loc(�), t = f(�), 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 2 loc(�), there exists a string si =

S[pi..pi+1) and a k-mer x 2 si such that �(x) = � and

pos(x, S) 2 d(j) ✓ [pi..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 �. 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 L — the

core data structure alongside the string S. To further avoid

the memory bottleneck 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 Lookup(x) is

implemented 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 2 L[t] satisfy Property 1. If, instead, �(y) 6= �, it

means that the value � was not observed for any k-mer in the

input, hence the search can be terminated 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 = q is

made, then U = N � k � n (i.e., Lookup does not map k-mers

into the minimal range [1..n], unless |S| = 1) and Access(h)

is trivial as the k-mer S[h..h + k) is returned directly. Instead,

if we opt for h = q � (i � 1) · (k � 1) where i is such that

pi  q  pi+1 � k, then we make the mapping minimal, i.e.,

h 2 [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 q,

and lastly retrieve S[q..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

locate table L, 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

Pu↵erfish, BLight, and SSHash.

A näıve 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 L,

e.g., f(�) = � mod M ; the displacement 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 log2(N) bits per k-mer;

second, the number of entries of L (i.e. M) should be chosen

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, e↵ectively spending log2(N/v) bits per k-mer

instead of log2(N) bits. The displacement function d would then

indicate the suitable range (of length v, at most). This solution

is adopted by the Pu↵erfish 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-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 position in the

group. As positions are relative to a group, the space usage

improves compared to that of Pu↵erfish. This is the solution

implemented in the BLight index [Marchet et al., 2021].
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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 2 loc(�) is the

start position of a super-k-mer having minimizer � (red arrows

in the example of Figure 1 at page 5). 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 2 spectk(S)}. The function f is a MPHF

for M, hence M = |M|. This choice of f also produces a space

saving 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

construction3. 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 i be such that pi  j < pi+1

3: return
n

j, j + 1, . . . ,min{j + k � m, pi+1 � k}
o

Since the index i is computed by d(j), the handle returned

by SSHash at Line 8 of Algorithm 1 is h = 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 su�ciently long minimizer length m, the fraction of

such minimizers is very small. This is referred to as the skew

property of minimizer occurrences. We can therefore a↵ord

to handle these few minimizers with a more space-consuming

data structure that, on the other hand, guarantees a better

worst-case runtime. SSHash adopts the following solution.

Let l and r be two integers, such that 0  l < r. Let Ki =

{x 2 spectk(S) | 2i < |loc(�)|  min{2i+1,max}, � = �(x)}
for l  i  r, where max = max�2M |loc(�)|. By virtue of the

skew property of minimizers, we have that
P

|Ki| 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 l = 6. An MPHF fi

is built for each set Ki. For k-mer x 2 Ki with � = �(x), we

store the super-k-mer identifier among [1..|loc(�)|] at position

fi(x) in an array Vi. It follows that an integer in Vi needs i+1

bits (or log2(max) bits if i = r). For the rest of the paper, we

refer to a pair (fi, Vi) for l  i  r as a partition of the skew

index. We have r � l + 1 partitions (at most, when max � 2r).

At query time, if |loc(�)| > 2l then the super-k-mer

identifier is retrieved from fi and Vi 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 di↵erent space/time trade-o↵s. In its regular modality,

� = Mini, hence if Lookup(x) = ? then also Lookup(x) is

3 Technically, there can be more than k�m+1 consecutive 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.

executed. In the worst case, both loc(Mini(x)) and loc(Mini(x))

are inspected. In the canonical modality, � = CMini, so that

a k-mer x and its reverse complement 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 , indicating the start position of each substring si 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 L

is an array of log2(N)-bit integers, where all locate sets are

stored consecutively, one after the other, in the order indicated

by the MPHF f . Let Z =
P

�2M |loc(�)|. The space of L is

therefore Z log2(N) bits. The space for f is ⇥(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.).

Letting ↵ =
P

|Ki|, we upper bound the cost of the skew index

by ↵ log2(N)+⇥(↵) bits, because a MPHF is built over each Ki

and log2(max) < log2(N). We thus have the following result.

Theorem 2 (Previous SSHash) The space usage of SSHash is

at most 2N + (Z + ↵) log2(N) +⇥(M) +⇥(↵) + EF(|S|, N) +

EF(M, Z) bits. The number of cache misses per Lookup(x),

where z = |loc(Mini(x))|, is at most

1. 1+Cacc+C(z log2(N))+z(Csucc+C(4k�2m)) if 1  z  2l,

2. 4 + Cacc + Csucc + C(4k � 2m) otherwise,

where Cacc = 3 + C(O(log4 M)), Csucc = 2 + C(O(log4 |S|)) +
Cscan, and Cscan = C

⇣
N
|S|

⌘
+C

⇣⇣
N
|S| +1

⌘
log2

⇣
N
|S|

⌘⌘
+C(�P ).

Figure 2 in the Supplementary Material shows that the space

upper bound given in Theorem 2 is quite tight. (Most of the

di↵erence between the bound and the measured space comes

from overestimating the cost of the skew index.) Table 1 in

the Supplementary Material, instead, compares the number of

theoretical 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

elements 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 super-k-mer upon Lookup. To avoid the search, we now let

loc(�) := {pos(x, S)+pos(�, x)�1 | x 2 spectk(S)^�(x) = �}.

Regular displacements. At query time, given j 2 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, x)

2: let i be such that pi  j < pi+1
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<latexit sha1_base64="TCBFIzvzbQya9MxFkJEFVUUGwUg="></latexit>

� =
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

T C A A G T T G G C C T G A C A T G C G A C G C A C A T C T A G C
34

(a)
<latexit sha1_base64="5WeDE5uyI6WdnaQY9B4PF97fxb4="></latexit>

M���

(b)
<latexit sha1_base64="8ZFOkwwre7co22nsnlWm7WMBa9g="></latexit>

CM���

<latexit sha1_base64="TCBFIzvzbQya9MxFkJEFVUUGwUg="></latexit>

� =
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

T C A A G T T G G C C T G A C A T G C G A C G C A C A T C T A G C
34

Fig. 1. An example string S of length N = 33 resulting from the

concatenation of two strings whose start positions in S are p1 = 1 and

p2 = 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.

3: p = pos(Mini(x), x)

4: q = j � p + 1

5: if pi  q  pi+1 � k then return {q}
6: return ?

Refer to the string S shown in Figure 1, panel (a), and

consider the query k-mer x = AACTTGA. As explained in

Section 4, if Lookup(x) = ? then Lookup(x) is executed. We

have Mini(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 � 6= 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) 6= x. Thus, Lookup(x)

is executed, where x = TCAAGTT. Now, Mini(x) = AAG

and it begins at position 3 in x. The candidate position q =

3�3+1 = 1 is computed 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 defined the canonical minimizer of a k-mer x as CMini(x) :=

min{Mini(x),Mini(x)}. To let the new definition of loc(�) work

correctly, we also define

pos(CMini(x), x) :=

8
<

:
pos(Mini(x), x), if Mini(x)  Mini(x)

pos(Mini(x), x), otherwise
.

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 2
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. 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).

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, x)

2: let i be such that pi  j < pi+1

3: Q = ?
4: if Mini(x)  Mini(x) then

5: p = pos(Mini(x), x)

6: Q = Q [ {j � p + 1, j � k + m + p � 1}
7: if Mini(x) � Mini(x) then

8: p = pos(Mini(x), x)

9: Q = Q [ {j � p + 1, j � k + m + p � 1}
10: return {q 2 Q | pi  q  pi+1 � k}

Note that for Case 1. and 2., just two displacements are

computed. 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 Figure 1, panel (b). Suppose

we query for x = TTGGCCT. We have Mini(x) < Mini(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

therefore {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 2k�m

characters long. Hence, accessing S at positions in d(j, x) in

ascending order costs C(4k � 2m) cache-misses.

6. Cache-e�cient 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 Lookup.

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

2l times for a small value of l � 1, and heavy otherwise (it

appears more than 2l times). To reduce cache misses during

Lookup queries, the idea is to reorganize the storage of the

locate sets loc(�) into three arrays according to the type of

each minimizer. Let T [1..M ] be an array of (log2(N) + 1)-bit

integers, referred to as tags in the following, indexed by f . We

use this array of tags to indicate the type of the minimizer and

therefore retrieve its locate set from a dedicated array. This

design allows Lookup to follow type-specific execution paths,

thereby reducing cache misses. Retrieving the tag itself involves

computing f and accessing T [f(�)]: these two operations cost

2 cache misses.

• Singleton minimizers. If the minimizer appears once, the

least significant bit of the tag is 0 and the remaining log2(N)

bits encode the single position where the minimizer appears

in S. At query time, whenever we read status bit 0, we

know the minimizer 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  2l are

stored contiguously in an array L, grouped by increasing

size. We maintain a small auxiliary array G[1..2l], where

G[z] stores the starting position in L of the group containing

sets of size z. For a light minimizer � such that z = |loc(�)|,
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the tag consists of (from least to most significant bits): a 2-

bit status field equal to 01; l bits encoding the value z � 2;

log2(N)� l�1 bits encoding the position, i, of loc(�) in the

group of all sets of size z4. 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(�)| log2(N))  C(2l log2(N)).

• Heavy minimizers. Minimizers occurring more than 2l

times are assigned status 11 and their locate sets are stored

in another array H. These minimizers are handled with

a skew index. Recall from Section 4 that a skew index

comprises a collection of (at most) r � l + 1 pairs (fi, Vi),

where fi is a MPHF and Vi is an vector of (i+1)-bit integers.

Here, we choose r so that r � l + 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 log2(N)� 4 bits encoding the absolute o↵set

o of loc(�) in H. Assume � = �(x) is a heavy minimizer.

After recovering i and o from its tag, the desired position

j 2 loc(�) is obtained as j = H[o + Vi[fi(x)]], involving 3

cache misses.

Figure 2 illustrates how this layout di↵ers from the previous

one described in Section 4.

Analysis. Let � 2 [0, 1] be the fraction of minimizers that are

not singleton (the number of singleton minimizers is (1��)M).

The array of tags takes M(log2(N)+1) bits, whereas the arrays

L and H take (Z � (1 � �)M) log2(N) bits (the array G is a

global redundancy, which is negligible for small l, 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 a↵ect 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 + ↵) log2(N) + M(1 + � log2(N)) + ⇥(↵) +

⇥(M)+O(|S| log |S|)+EF(|S|, N)+EF(M, Z) bits. The number

of cache misses per Lookup(x), where z = |loc(Mini(x))|, is at

most

1. 2 + Csucc + C(2k) if z = 1,

2. 3 + C(z log2(N)) + z(Csucc + C(2k)) if 2  z  2l,

3. 5 + Csucc + C(2k) otherwise,

where Csucc = 1 + Cscan and Cscan 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

Theorem 2 and Theorem 3, e.g., by using the same MPHF

data structure, the space increase of Theorem 3 over Theorem 2

is less than M(� log2(N) � log2(Z/M) � 1) + O(|S| log |S|)
bits. This space is small when � decreases as m increases.

4 Technically speaking, we should choose l so that the number of

minimizers with two occurrences is less than 2log2(N)�l�1. Due to the

skew distribution of such occurrences for su�ciently long m, this is

always the case for l = 6 across all of our experiments.

<latexit sha1_base64="oJP1bAMtWAr2grD13I7DQkQWWUk=">AAAB83icbVC7TgJBFJ3FF+ILtbSZCCbYkF0KtCRaaImJPBLYkNlhFibMzkzmYUI2/IaNhcbY+jN2/o0DbKHgSW5ycs69ufeeSDKqje9/e7mNza3tnfxuYW//4PCoeHzS1sIqTFpYMKG6EdKEUU5ahhpGulIRlESMdKLJ7dzvPBGlqeCPZipJmKARpzHFyDipP1LCSg0r5bvy5aBY8qv+AnCdBBkpgQzNQfGrPxTYJoQbzJDWvcCXJkyRMhQzMiv0rSYS4QkakZ6jHCVEh+ni5hm8cMoQxkK54gYu1N8TKUq0niaR60yQGetVby7+5/Wsia/DlHJpDeF4uSi2DBoB5wHAIVUEGzZ1BGFF3a0Qj5FC2LiYCi6EYPXlddKuVYN6tf5QKzVusjjy4AycgwoIwBVogHvQBC2AgQTP4BW8edZ78d69j2VrzstmTsEfeJ8/YP6Qmw==</latexit>

groups (G)

<latexit sha1_base64="XtmpBrRanVEMeg7VSR2kSRFoD58=">AAACCnicbZC7SgNBFIZn4y3G26qlzWgiRJCwG0QtgzYWFhHMBZIQZicnyZDZCzNnxbCktvFVbCwUsfUJ7HwbJ5dCoz8MfPznnJk5vxdJodFxvqzUwuLS8kp6NbO2vrG5ZW/vVHUYKw4VHspQ1T2mQYoAKihQQj1SwHxPQs0bXI7rtTtQWoTBLQ4jaPmsF4iu4AyN1bb3ZWgQqAbUx7SJcG8uSaTo9XFE87nr3FHbzjoFZyL6F9wZZMlM5bb92eyEPPYhQC6Z1g3XibCVMIWCSxhlmrGGiPEB60HDYMB80K1kssqIHhqnQ7uhMidAOnF/TiTM13roe6bTZ9jX87Wx+V+tEWP3vJWIIIoRAj59qBtLiiEd50I7QgFHOTTAuBLmr5T3mWIcTXoZE4I7v/JfqBYL7mnh5KaYLV3M4kiTPXJA8sQlZ6RErkiZVAgnD+SJvJBX69F6tt6s92lryprN7JJfsj6+AdbZmbI=</latexit>

locate sets, light (L)

<latexit sha1_base64="uJe95O5UF1ewwAJ59f+LWXyn8Fs=">AAACCnicbZDLTgIxFIY7eEO8oS7dVMEEE0NmiFGXRDcsMZFLAoR0ygEaOpe0Z4hkwtqNr+LGhca49Qnc+TaWy0LBP2ny5T/ntD2/G0qh0ba/rcTK6tr6RnIztbW9s7uX3j+o6iBSHCo8kIGqu0yDFD5UUKCEeqiAea6Emju4ndRrQ1BaBP49jkJoeazni67gDI3VTh/LwCBQDajPaRPhwVwS94ENR2Oay5ayZ+10xs7bU9FlcOaQIXOV2+mvZifgkQc+csm0bjh2iK2YKRRcwjjVjDSEjA9YDxoGfeaBbsXTVcb01Dgd2g2UOT7Sqft7Imae1iPPNZ0ew75erE3M/2qNCLvXrVj4YYTg89lD3UhSDOgkF9oRCjjKkQHGlTB/pbzPFONo0kuZEJzFlZehWsg7l/mLu0KmeDOPI0mOyAnJEYdckSIpkTKpEE4eyTN5JW/Wk/VivVsfs9aENZ85JH9kff4A2F6Zsw==</latexit>

locate sets, heavy (H)

<latexit sha1_base64="HpuzIEsgWE5OetcCb5HzVtnP9PE=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJdgKFaQkPVSPRS8eK9gPaELYbDft0s0m7G6EGvpLvHhQxKs/xZv/xm2bg7Y+GHi8N8PMvCBhVCrb/jYKG5tb2zvF3dLe/sFh2Tw67so4FZh0cMxi0Q+QJIxy0lFUMdJPBEFRwEgvmNzO/d4jEZLG/EFNE+JFaMRpSDFSWvLNctXNaqFPL7s+vXBnVd+s2HV7AWudODmpQI62b365wxinEeEKMyTlwLET5WVIKIoZmZXcVJIE4QkakYGmHEVEetni8Jl1rpWhFcZCF1fWQv09kaFIymkU6M4IqbFc9ebif94gVeG1l1GepIpwvFwUpsxSsTVPwRpSQbBiU00QFlTfauExEggrnVVJh+CsvrxOuo2606w37xuV1k0eRxFO4Qxq4MAVtOAO2tABDCk8wyu8GU/Gi/FufCxbC0Y+cwJ/YHz+AAZqkgs=</latexit>

{(fi, Vi)}

<latexit sha1_base64="M9HNgeHljGP1Yvds02tuOPHJE+g=">AAAB8XicbVA9TwJBEJ3DL8Qv1NJmIzGxIncUaEm0scREPiIQsrfMwYa9vcvunkou/AsbC42x9d/Y+W9c4AoFXzLJy3szmZnnx4Jr47rfTm5tfWNzK79d2Nnd2z8oHh41dZQohg0WiUi1fapRcIkNw43AdqyQhr7Alj++nvmtB1SaR/LOTGLshXQoecAZNVa612N8JFwO8KlfLLlldw6ySryMlCBDvV/86g4iloQoDRNU647nxqaXUmU4EzgtdBONMWVjOsSOpZKGqHvp/OIpObPKgASRsiUNmau/J1Iaaj0JfdsZUjPSy95M/M/rJCa47KVcxolByRaLgkQQE5HZ+2TAFTIjJpZQpri9lbARVZQZG1LBhuAtv7xKmpWyVy1Xbyul2lUWRx5O4BTOwYMLqMEN1KEBDCQ8wyu8Odp5cd6dj0VrzslmjuEPnM8fjHOQ2Q==</latexit>

skew index

<latexit sha1_base64="EJ4GIBX6WWXDIFbF2Tp71u1Hed4=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtCTaWGKUjwQuZG/Zgw17e5fdORNC+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTm5jc2t7J79b2Ns/ODwqHp+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj27nffuLaiFg94iThfkSHSoSCUbTSQzks94slt+IuQNaJl5ESZGj0i1+9QczSiCtkkhrT9dwE/SnVKJjks0IvNTyhbEyHvGupohE3/nRx6oxcWGVAwljbUkgW6u+JKY2MmUSB7YwojsyqNxf/87ophtf+VKgkRa7YclGYSoIxmf9NBkJzhnJiCWVa2FsJG1FNGdp0CjYEb/XlddKqVrxapXZfLdVvsjjycAbncAkeXEEd7qABTWAwhGd4hTdHOi/Ou/OxbM052cwp/IHz+QOFio1P</latexit>

f

<latexit sha1_base64="z3ABbIT86T7ZpBAng+ClJVEzgT4=">AAAB+nicbZC7TsMwFIYdrqXcUhhZLFqkslRJh8JYwcLAUCR6kdqoctyT1qoTR7YDqkIfhYUBhFh5EjbeBrfNAC2/ZOnTf87ROf79mDOlHefbWlvf2Nzazu3kd/f2Dw7twlFLiURSaFLBhez4RAFnETQ10xw6sQQS+hza/vh6Vm8/gFRMRPd6EoMXkmHEAkaJNlbfLnBhELACrXC5dFs679tFp+LMhVfBzaCIMjX69ldvIGgSQqQpJ0p1XSfWXkqkZpTDNN9LFMSEjskQugYjEoLy0vnpU3xmnAEOhDQv0nju/p5ISajUJPRNZ0j0SC3XZuZ/tW6ig0svZVGcaIjoYlGQcKwFnuWAB0wC1XxigFDJzK2YjogkVJu08iYEd/nLq9CqVtxapXZXLdavsjhy6ASdojJy0QWqoxvUQE1E0SN6Rq/ozXqyXqx362PRumZlM8foj6zPH0ybkro=</latexit>

locate sets (L)

<latexit sha1_base64="yZFN2UhwQt/9YcJDv5xCLlkIpLo=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmIzGxIncUaEm0scTEAxK4kL1lDjbs7V1290yQ8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemAqujet+O4WNza3tneJuaW//4PCofHzS0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+nfvtR1SaJ/LBTFIMYjqUPOKMGiv5mj+h7pcrbtVdgKwTLycVyNHsl796g4RlMUrDBNW667mpCaZUGc4Ezkq9TGNK2ZgOsWuppDHqYLo4dkYurDIgUaJsSUMW6u+JKY21nsSh7YypGelVby7+53UzE10HUy7TzKBky0VRJohJyPxzMuAKmRETSyhT3N5K2IgqyozNp2RD8FZfXietWtWrV+v3tUrjJo+jCGdwDpfgwRU04A6a4AMDDs/wCm+OdF6cd+dj2Vpw8plT+APn8wcZO47j</latexit>

sizes

<latexit sha1_base64="yX72vGgsLOrAaJss5WvYtIT5Jfk=">AAACEnicbVDLSgMxFM34rPU16tJNsAgKUmZKUZdFNy4r2ge0Q8lkbtvQTGZIMtIy9Bvc+CtuXCji1pU7/8Z02oW2HrhwOOfe3Nzjx5wp7Tjf1tLyyuraem4jv7m1vbNr7+3XVZRICjUa8Ug2faKAMwE1zTSHZiyBhD6Hhj+4nviNB5CKReJej2LwQtITrMso0Ubq2KcqJlIBZiKA4Rm+AzrRcVvDUGevpz5PYJyWxx274BSdDHiRuDNSQDNUO/ZXO4hoEoLQlBOlWq4Tay8lUjPKYZxvJwpiQgekBy1DBQlBeWm2dIyPjRLgbiRNCY0z9fdESkKlRqFvOkOi+2rem4j/ea1Edy+9lIk40SDodFE34VhHeJIPDpg0GfCRIYRKZv6KaZ9IQrVJMW9CcOdPXiT1UtE9L5ZvS4XK1SyOHDpER+gEuegCVdANqqIaougRPaNX9GY9WS/Wu/UxbV2yZjMH6A+szx8Ow55f</latexit>

sparse index, Section 4

<latexit sha1_base64="EJ4GIBX6WWXDIFbF2Tp71u1Hed4=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtCTaWGKUjwQuZG/Zgw17e5fdORNC+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTm5jc2t7J79b2Ns/ODwqHp+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj27nffuLaiFg94iThfkSHSoSCUbTSQzks94slt+IuQNaJl5ESZGj0i1+9QczSiCtkkhrT9dwE/SnVKJjks0IvNTyhbEyHvGupohE3/nRx6oxcWGVAwljbUkgW6u+JKY2MmUSB7YwojsyqNxf/87ophtf+VKgkRa7YclGYSoIxmf9NBkJzhnJiCWVa2FsJG1FNGdp0CjYEb/XlddKqVrxapXZfLdVvsjjycAbncAkeXEEd7qABTWAwhGd4hTdHOi/Ou/OxbM052cwp/IHz+QOFio1P</latexit>

f

<latexit sha1_base64="CFc/AYguWkAUWMwY6iSUBbgEwsE=">AAACEnicbVDLSgMxFM34rPU16tJNsAgKUmaKVJdFNy4r2ge0Q8lkbtvQTGZIMtIy9Bvc+CtuXCji1pU7/8Z02oW2HrhwOOfe3Nzjx5wp7Tjf1tLyyuraem4jv7m1vbNr7+3XVZRICjUa8Ug2faKAMwE1zTSHZiyBhD6Hhj+4nviNB5CKReJej2LwQtITrMso0Ubq2KcqJlIBZiKA4Rm+AzrRcVvDUGevpz5PYJyWxx274BSdDHiRuDNSQDNUO/ZXO4hoEoLQlBOlWq4Tay8lUjPKYZxvJwpiQgekBy1DBQlBeWm2dIyPjRLgbiRNCY0z9fdESkKlRqFvOkOi+2rem4j/ea1Edy+9lIk40SDodFE34VhHeJIPDpg0GfCRIYRKZv6KaZ9IQrVJMW9CcOdPXiT1UtEtF89vS4XK1SyOHDpER+gEuegCVdANqqIaougRPaNX9GY9WS/Wu/UxbV2yZjMH6A+szx8RzZ5h</latexit>

sparse index, Section 6

<latexit sha1_base64="ZrFGMz0d0fdfoMVTyc9jH+VfPQc=">AAAB8XicbVA9TwJBEJ3DL8Qv1NJmI5hgQ+4o0JJoY4kJIBEuZG9ZYMPe3mV3zoQQ/oWNhcbY+m/s/DcucIWCL5nk5b2ZzMwLYikMuu63k9nY3Nreye7m9vYPDo/yxyctEyWa8SaLZKTbATVcCsWbKFDydqw5DQPJH4Lx7dx/eOLaiEg1cBJzP6RDJQaCUbTSI9KhIaVio3jZyxfcsrsAWSdeSgqQot7Lf3X7EUtCrpBJakzHc2P0p1SjYJLPct3E8JiyMR3yjqWKhtz408XFM3JhlT4ZRNqWQrJQf09MaWjMJAxsZ0hxZFa9ufif10lwcO1PhYoT5IotFw0SSTAi8/dJX2jOUE4soUwLeythI6opQxtSzobgrb68TlqVslctV+8rhdpNGkcWzuAcSuDBFdTgDurQBAYKnuEV3hzjvDjvzseyNeOkM6fwB87nD7Ppj6M=</latexit>

tags (T )

<latexit sha1_base64="i6Upp7cFvZN0232fpeGyreiutuI=">AAAB/XicbVDLTsJAFJ3iC/FVHzs3E8EEN6RlgS6JblxiIo8EGjIdpjBhOm1mbk2wIf6KGxca49b/cOffOEAXCp7kJifn3Jt77/FjwTU4zreVW1vf2NzKbxd2dvf2D+zDo5aOEkVZk0YiUh2faCa4ZE3gIFgnVoyEvmBtf3wz89sPTGkeyXuYxMwLyVDygFMCRurbJxoUl0McBYFmoHG51Chd9O2iU3HmwKvEzUgRZWj07a/eIKJJyCRQQbTuuk4MXkoUcCrYtNBLNIsJHZMh6xoqSci0l86vn+JzowxwEClTEvBc/T2RklDrSeibzpDASC97M/E/r5tAcOWlXMYJMEkXi4JEYIjwLAo84IpREBNDCFXc3IrpiChCwQRWMCG4yy+vkla14tYqtbtqsX6dxZFHp+gMlZGLLlEd3aIGaiKKHtEzekVv1pP1Yr1bH4vWnJXNHKM/sD5/AOYilDY=</latexit>

string o�sets (P )

<latexit sha1_base64="JtAWYcVnRIUI+tVpHVSFnZaVk2I=">AAAB83icbVDLTgJBEOzFF+IL9ehlIpjghexyQI9ELx4xyiMBQmaHWZgwO7uZ6TUhG37DiweN8erPePNvHB4HBSvppFLVne4uP5bCoOt+O5mNza3tnexubm//4PAof3zSNFGiGW+wSEa67VPDpVC8gQIlb8ea09CXvOWPb2d+64lrIyL1iJOY90I6VCIQjKKVuga1UENSKj4UL/v5glt25yDrxFuSAixR7+e/uoOIJSFXyCQ1puO5MfZSqlEwyae5bmJ4TNmYDnnHUkVDbnrp/OYpubDKgASRtqWQzNXfEykNjZmEvu0MKY7MqjcT//M6CQbXvVSoOEGu2GJRkEiCEZkFQAZCc4ZyYgllWthbCRtRTRnamHI2BG/15XXSrJS9arl6XynUbpZxZOEMzqEEHlxBDe6gDg1gEMMzvMKbkzgvzrvzsWjNOMuZU/gD5/MHZZ+Qng==</latexit>

string (S)

Fig. 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 f to

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).

For example, � is on average 0.053 for k = 31 and m � 19,

� = Mini, on the datasets used in our analysis in Section 8 (see

also Figure 1 and Figure 2 in the Supplementary Material.)

For the cache miss analysis in practice, refer again to Section

2 and Table 1 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 Lookup(s), from Problem 1,

that answers Lookup(x) for all k-mers x 2 s.

Given that two consecutive k-mers of s, say w and x,

share a (k � 1)-long su�x-prefix overlap, answering Lookup(x)

after Lookup(w) should be performed faster than issuing the

queries for two k-mers of s picked in any order. That is, a

good implementation of Lookup(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 q in S,

the next query, say for k-mer x, will compare x (or x) to

S[q+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 2 {�1,+1} in S (under the convention

that +1 indicates the forward orientation, and �1 indicates the

backward orientation), whether its minimizer was found in S,

its position q in S, and its minimizers Mini(w) and Mini(w).

(Note that the tuple (h, i, o, found), computed at Line 30, can

be returned by the Lookup algorithm with a straightforward

modification of Algorithm 1.)

The other two variables that are part of the state are the

boolean flag start and the integer budget. The start variable

is used to let the function Minimizers (Line 14) compute

correctly the minimizers 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 [Groot Koerkamp and

Martayan, 2025; Zheng et al., 2025]). The integer budget defines
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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.At(q) instantiates the iterator at position q 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: Init( )

3: H = ?
4: for k-mer x 2 s do

5: h = S-Lookup(x)

6: H = H [ {h}
7: return H
8: function Init( )

9: h = ?
10: budget = 0

11: start = found = true

12: Mini(w) = Mini(w) = "

13: function S-Lookup(x)

14: (Mini(x),Mini(x)) = Minimizers(x)

15: if budget = 0 then

16: Seed( )

17: else

18: y = S.Next( )

19: if x = y or x = y then

20: h = h + o

21: budget = budget � 1

22: else

23: Seed( )

24: Mini(w) = Mini(x), Mini(w) = Mini(x)

25: start = false

26: return h

27: function Seed( )

28: budget = 0

29: if Mini(x) = Mini(w) and Mini(x) = Mini(w) and

found = false then return

30: (h, i, o, found) = Lookup(x, x,Mini(x),Mini(x))

31: if h = ? then return

32: q = h + (i � 1) · (k � 1)

33: budget = pi+1 � k � q

34: if o = �1 then

35: q = q + k

36: budget = q � pi

37: S.At(q)

the maximum allowable number of extensions starting from

position q 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 Seed.

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 Seed

whenever they change. While this already grants a fair deal

of extension (because consecutive k-mers are likely to have

the same minimizer), 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 (Figure 4) that the extension rate of this refined logic

is consistently higher than the previous one, granting faster

query times. The two refinements presented in Section 5 and

Section 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 [Sladký et al., 2025]. (The Supplementary

Material also reports on the comparison against the previous

published version of SSHash [Pibiri, 2022], using the same

methodology 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

benchmark 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 FMSI indexes make use of the longest common

prefix (LCP) array to speed up queries. The space for this

additional array is also included 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 setting (compiler options: -O3 -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 latter 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://zenodo.org/records/

14854401 (approx. 3.7 and 5.9 billion k-mers for k = 31

and k = 63 respectively). From these input collections,

we computed 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 2 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 Figure 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 1 bit

per k-mer away from the e↵ectiveness of FMSI.

https://github.com/jermp/kmer_sets_benchmark
https://zenodo.org/records/14854401
https://zenodo.org/records/14854401
https://zenodo.org/records/17582116
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Fig. 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.

Construction e�ciency. 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 measure 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 Figure 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 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

bu↵er. In contrast, the construction phase of FMSI does not

currently support bounding RAM usage.

Fig. 4. Comparison of query times in avg. µs/k-mer.

Query e�ciency. We say Lookup(x) is positive if k-mer

x is found in the dictionary (indicated with Lookup+ in

the plots) and negative otherwise (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, 106 synthetic k-mers

were created, having characters selected uniformly at random

from the alphabet {A,C,G,T}. For Access, we generated 106

random handles and retrieved the k-mers corresponding to

those handles. The reported times are the averages among 5

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 contain 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

decompression overhead which, however, is marginal and paid

by all the tested tools. The reads were chosen for each collection

as to simulate a “high-hit” workload, i.e., where most k-mers

are present in the index (say, more than 75% for k = 31).

https://zenodo.org/records/17582116
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All query algorithms were run using a single processing

thread. All indexes were loaded from disk to RAM after

construction 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⇥
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 problematic for indexes based on the BWT, as

it requires tens of microseconds 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

canonical: 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-e�cient

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 di↵erent string

sampling schemes for SSHash. For example, preliminary

experiments show that mod-minimizers [Groot Koerkamp

et al., 2025] have the potential 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 promise of achieving optimal

density but its impact on query time, on the other hand, has

yet to be analyzed.

Acknowledgments. The authors thank Oleksandr Kulkov for his

code contributions and Paul Medvedev for useful discussions. The

first author also thanks Gianluca Caiazza who gave him access to

the hardware used for the experiments in this work.

Fundings. R.P.: This work is supported by the NIH under grant

award numbers R01HG009937. Also, this project has been made

possible in part by grants DAF2024-342821, DAF2022-252586 from

the Chan Zuckerberg Initiative DAF, an advised fund of Silicon

Valley Community Foundation.

Competing interests. R.P. is a co-founder of Ocean Genomics Inc.

References
J. N. Alanko, S. J. Puglisi, and J. Vuohtoniemi. Small searchable -

spectra via subset rank queries on the spectral Burrows-Wheeler

transform. In ACDA, pages 225–236, 2023a.

J. N. Alanko, J. Vuohtoniemi, T. Mäklin, and S. J. Puglisi.
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1. Elias-Fano sequences

Consider a sorted sequence A of n integers

0  A[1] < A[2] < · · · < A[n] < U

for some universe size U . The query Successor(x) returns the

smallest integer y 2 A that is y � x (assuming, w.l.o.g., x 
A[n], so that the result is well-defined). We prove the following

result based on Elias-Fano codes [Elias, 1974, Fano, 1971].

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 + Csel cache misses.

2. For o(n) extra bits, Successor can be supported with, at

most, Csel + Cscan cache misses.

3. For O(n logn) extra bits, Successor can be supported with,

at most, 1 + Cscan cache misses.

where

• Csel = 2 + C(O(log4 n)),

• Cscan = C(U/n) + C(` · (U/n + 1)) + C(�A),

• �A := max1i<n{bA[i+1]
2` c � bA[i]

2` c},
• and ` = blog2(U/n)c.

Representation. The binary dlog2(U + 1)e-bit representation

of each integer of A is split into two parts: its ` least significant

bits and the remaining h = dlog2(U + 1)e � ` most significant

bits. We call these parts the low and high parts respectively.

All the n low parts are written explicitly in a vector of `-bit

integers, whereas the high parts are coded using a bitvector

Ahigh of length n + bU/2`c + 1 bits, which is at most 3n bits

because n  bU/2`c < 2n. The main space bound, EF(n, U) =

nblog2(U/n)c + 3n, follows.

The elements of A can be viewed as logically clustered into

bU/2`c+1 clusters, A0, . . . , AbU/2`c, such that Aj contains the

consecutive elements of A that have their high bits equal to j.

The bitvector Ahigh is then

1
|A0|

0 1
|A1|

0 1
|A2|

0 . . . 1|AbU/2`c|0.

That is, it writes the cardinalities of the clusters in unary code.

(Note that |Aj | could be 0, i.e., no element in A has high bits

equal to j. In this case, the unary code is a single 0 bit. Runs

of zeros might be present in Ahigh. The length of the longest

such run is �A.) It follows that Ahigh has exactly n bits set.

Random access. To decode the i-th value, say A[i] = x, from

the representation, the two parts must be re-linked together.

Let x` and xh be the low and high parts of x respectively, so

that x = xh · 2` + x`. The low bits x` are read directly from

the corresponding vector, spending one cache miss. The high

bits xh are computed by searching Ahigh, which can be done

e�ciently using Select1 queries. A Select1(i) query over Ahigh

returns the position of the i-th one, for 1  i  n. It follows

that xh = Select1(i) � i.

The extra bits used for Select1 as well as the number

of cache misses claimed in Point 1. of Theorem 1 follow by

using Theorem 2 for Ahigh (u < 3n and z = n). We explain

Theorem 2 below.

Select queries. Clark [1997] shows that Select1 can be

supported in O(1) time but the data structure requires a

non-trivial space usage in practice and many distinct memory

accesses, resulting in several cache misses.

We describe the solution by Okanohara and Sadakane [2007],

the DArray index, which is inspired by Clark’s solution and

we use in practice. (We assume Select1 queries throughout the

presentation although one can obviously flip the ones into zeros

to support Select0 as well.)

Theorem 2 (DArray) Consider a bitvector of u bits with z

ones. There exists an index that takes o(z) bits and supports

Select1 queries in at most 2 + C(O(log4 u)) cache misses.

Let L, L2, and L3 be integer quantities to be fixed later. The

bitvector is split into variable-length blocks, each containing L

ones (except for, possibly, the last block). A block is called

sparse if its length is larger than L2, dense otherwise. Sparse

blocks are represented verbatim, i.e., the positions of the

L ones are coded using log2(u)-bit integers. A dense block,

instead, is sparsified: we keep one 1-bit position every L3 such

positions. The positions are coded relatively to the beginning

of each block, hence taking log2(L2) bits per position. The data

structure therefore stores three arrays, I, S, D. The inventory

array I[1..z/L] is such that I[i] := Select1(iL) if block i is

dense; otherwise, I[i] = �p� 1 where p is the start position in

S of the 1-bit positions of block i. The space for I is therefore

© The Author 2025. Published by Oxford University Press. All rights reserved. For permissions, please e-mail:
journals.permissions@oup.com
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z/L · log2(u) bits. The array S holds the positions of the L

ones in sparse blocks. As we have at most z/L2 sparse blocks,

its space is z/L2 · L · log2(u) bits at most. Lastly, the array

D[1..z/L3] is such that D[i] is the position of the iL3-th one,

relative to the start position of the comprising block. Its space

is z/L3 · log2(L2) bits.

A Select1(i) query, 1  i  z, first checks p = I[i/L]:

if p < 0, then the block is sparse and the query is answered

as S[�p � 1 + (i mod L)]; otherwise the position D[i/L3] is

retrieved and a sequential scan of at most L2 bits is executed

starting from position p + D[i/L3]. It follows that the number

of cache misses per query is: 2, if i belongs to a sparse block;

2 + C(L2), if i belongs to a dense block.

Choosing L = O(log2 u), L2 = O(log4 u), and L3 =

O(log u), all the three arrays I, S, and D take o(z) bits and

the number of cache misses per query is at most Csel = 2 +

C(O(log4 u)). (In practice, our implementation of the Darray

uses L = 210, L2 = 216, and L3 = 25.)

Successor. Using Select0 queries on Ahigh, it is also possible

to support the query Successor(x). From x, we compute xh =

bx/2`c and i = p � xh with p = Select0(xh). For xh > 0,

this indicates that there are i values whose high parts are less

than xh (when xh = 0, we let i = 0). On the other hand, j =

Select0(xh + 1) � xh gives us the position of the first element

having high bits larger than xh. Since a cluster contains at most

2`  U/n elements, we have that j � i  2`  U/n elements,

and the successor could be determined by binary searching in

the range A[i..j] for a total of O(log(U/n)(1 + Csel)) cache

misses. This algorithm is not, however, cache-e�cient. It is

better in practice to answer the query by scanning A from the

(i+1)-th element. We follow this latter approach as it matches

our implementation. (It relies on the fact that �A is small for

practical applications of Elias-Fano, like SSHash, albeit �A =

O(n) in the worst case.) When scanning from the (i + 1)-th

element, the following cases can happen:

1. The bit in position p+1 of Ahigh is 0: then cluster xh +1 is

empty and the successor of x is A[i+1] (minimum element

in the next non-empty cluster). The low bits of A[i + 1]

are retrieved with 1 cache miss, whereas the high bits are

computed by scanning Ahigh from position p + 1 until the

next bit set. Since the longest run of zeros in Ahigh has

length �A, C(�A) cache misses are issued during the scan.

2. The bit in position p+ 1 of Ahigh is 1, so the cluster is not

empty. The elements in the cluster all have the same high

bits xh. Now, two cases can happen:

a. The successor is not larger than the largest element in

the cluster, so it belongs to the cluster. Scanning up to

U/n elements therefore costs C(U/n) +C(` ·U/n) cache

misses.

b. The successor is larger than the largest element in the

cluster, so it is the minimum in the next non-empty

cluster. The cost is at most C(U/n) +C(` · (U/n+1))+

C(�A).

Using again Theorem 2 on the zeros of Ahigh (u < 3n and

z = 2n) to implement Select0, the extra bits and number of

cache misses claimed in Point 2. of Theorem 1 follow.

Lastly, Point 3. of Theorem 1 illustrates a more space-

consuming alternative that, on the other hand, supports faster

Successor. The idea is to use an extra array hints[1..bU/2`c]
such that hints[i] = Select0(i), for i = 1..bU/2`c. As

n  bU/2`c < 2n � 1 and |Ahigh| < 3n, the space bound

Table 1. Number of cache misses: theory and practice. These results
are for k = 31 and SSHash regular, for random positive Lookup
queries.

(a) Theorem 2

Cod Human HPRC

Case 1, theory 43.9 58.1 149.9

Case 1, practice 32.8 49.2 136.2

Case 2, theory 20.0 23.5 23.5

Case 2, practice 16.1 22.5 21.5

(b) Theorem 3

Cod Human HPRC

Case 1, theory 7 7 7

Case 1, practice 7.05 6.1 6.8

Case 2, theory 152.2 152.9 135.5

Case 2, practice 143.6 147.1 132.2

Case 3, theory 10 10 10

Case 3, practice 10.5 8.7 10

follows. Instead of computing Select0(xh), this value is readily

available as hints[xh] (in the general case when xh > 0).

2. Cache miss analysis: theory and
practice

As discussed in Section 2 of the main paper, we model the

number of cache misses involved during a read of Q bits from

main memory to the cache with C(Q) := dQ/Be, where B is

the cache line size. In this section we validate this model and

show that it is accurate under proper tuning. In particular,

we compare the number of theoretical cache misses of Lookup

claimed in Theorem 2 and Theorem 3 of the main paper with

the actual number of cache misses measured using the Linux

perf tool (command: perf stat -B -e cache-misses).

For ease of presentation, we report again below the number

of theoretical cache misses from Theorem 2 and Theorem 3 of

the main paper. Both are valid for a Lookup(x) query, with

z = |loc(Mini(x))|.

Theorem 2: previous SSHash. The number of cache misses

is at most

1. 1+Cacc+C(z log2(N))+z(Csucc+C(4k�2m)) if 1  z  2l;

2. 4 + Cacc + Csucc + C(4k � 2m) otherwise.

Theorem 3: current SSHash. The number of cache misses

is at most

1. 2 + C0
succ + C(2k) if z = 1;

2. 3 + C(z log2(N)) + z(C0
succ + C(2k)) if 2  z  2l;

3. 5 + C0
succ + C(2k) otherwise.

The values of Cacc, Csucc, C
0
succ, and Cscan are:

• Cacc = 3 + C(O(log4 M)),

• Csucc = 2 + C(O(log4 |S|)) + Cscan,

• C0
succ = 1 + Cscan,

• Cscan = C(N/|S|) + C((N/|S| + 1) log2(N/|S|)) + C(�P ).
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Fixing the parameters and result. We fix B = 512,

which is a very common cache line size and, indeed, that

of our testing machine. For the choice of k and m in our

experimental analysis (Section 8 of the main paper), we have

C(2k) = C(4k � 2m) = 1 for k = 31 and m < k. Although

the longest run of zeros on the high bitvector of the Elias-Fano

can can be as large as O(n) in the worst case, �P is actually

small on tested datasets. For example, it is 140 on the whole

human genome. So, we let Cscan = 3. We let C(O(log4 M)) =

6 ·C(O(log4 |S|)) for Theorem 2 because, in practice, the sizes

array is approximately 6 times larger than the P array. We

use C(O(log4 |S|)) = 1 for Cod but C(O(log4 |S|)) = 1.5 for

both Human and HPRC as their respective indexes are much

larger than that for Cod. For the value of z we use the average

number of positions j inspected by 106 random positive Lookup

queries. Lastly, we have log2(N) equal to 30, 32, and 34 for Cod,

Human, and HPRC respectively.

Table 1 reports the result of the comparison: for every case

and dataset, the model closely matches the actual number of

cache misses.

3. Construction

We describe a multi-threaded construction algorithm for the

new layout of SSHash described in Section 6 of the main

paper, designed to scale to large collections using external

memory and a fixed RAM budget. The construction takes as

input a compressed collection of strings (in FASTA format and

compressed, for example with gzip) and proceeds as a pipeline

of streaming and sorting phases. In short: minimizers are first

generated by streaming through the strings, in parallel; then,

sorted in external memory; and finally laid out contiguously.

The construction steps are as follows.

1. Input encoding. Each string in the input is decompressed

incrementally, 2-bit encoded using SIMD instructions, and

concatenated in S.

2. Parallel minimizer computation. The obtained string S

is split into chunks, one chunk per thread. The RAM dedicated

to the construction is split evenly among threads. Each thread

computes the minimizers in its chunk in a streaming fashion.

We use the folklore re-scan method which performs better in

practice than the monotone-queue approach we used before

(see the discussion in [Zheng et al., 2025]). For each minimizer

occurrence, the thread emits the tuple (�, j, p, v) into a thread-

local in-memory bu↵er. The tuple comprises: the minimizer

itself � (as a 2-bit encoded string), its occurrence j in S, the

o↵set p indicating that the super-k-mer of minimizer � starts

in S at position j�p+1, and lastly v, the number of k-mers in

its super-k-mer. (These last two quantities, p and v, are used

to build e�ciently the skew index in the last step.) When the

bu↵er reaches its dedicated capacity, the tuples in the bu↵er

are sorted by the components (�, j) and the bu↵er is flushed to

disk as a sorted run.

3. External merge using a winner tree. The sorted runs

on disk are merged into a single run using a classic multi-way

external merge algorithm. However, instead of a min-heap, a

winner tree is used to select the minimum element at each step

of the merge. A winner tree is a complete binary-tree, like a

min-heap, but it performs only one comparison per tree level

when updating the minimum (compared to two, as spent by a

min-heap), yielding a ⇡30% speedup in our experiments. Knuth

[1998] (Section 5.4.1) gives a description of tournament trees.

Table 2. Distinct k-mers and minimizer lengths (m) for SSHash.

Collection k = 31; m k = 63; m

Cod 502,465,200; 20 556,585,658; 24

Kestrel 1,150,399,205; 20 1,155,250,667; 24

Human 2,505,678,680; 21 2,771,316,093; 25

NCBI-v 376,205,185; 19 412,515,880; 23

SE 894,310,084; 21 1,524,904,156; 31

HPRC 3,718,120,949; 21 5,926,785,469; 31

4. MPHF construction. From the merged minimizer stream

on disk, we build the MPHF f using external memory and

multiple threads. Our implementation uses PTHash as choice of

MPHF [Pibiri and Trani, 2021, 2023].

5. Resorting tuples in MPHF order. The minimizer tuples

on disk are sorted again according to the identifier assigned

to minimizers by f . As a result, all occurrences of the same

minimizer become contiguous in a file on disk. This process

is implemented, again, with a parallel external-memory merge

sort.

6. Locate sets construction. Since minimizer tuples are now

laid out consecutively on disk, the arrays T , G, L, and H are

all computed by scanning the tuples sequentially.

7. Skew index construction. During the scan, minimizers

occurring more than 2l times are detected and the r � l + 1

partitions are built one after the other. Consider a tuple

(�, j, p, v) such that 2i < |loc(�)|  2i+1 for some i � l. All the

k-mers x 2 S[j � p � 1..j � p + v + k) are added to the set Ki

under formation. As soon as the next processed minimizer has

a locate set larger than 2i+1, the MPHF fi is built (in parallel)

for Ki, Vi laid out consequently, and the process continues with

the next partition.

4. Parameter sweep

The performance of SSHash is dependent on the selection of its

structural parameters. The space-time tradeo↵ is governed by

two main parameters: the minimizer length m and the skew

index threshold l.

• Minimizer length, m. This parameter dictates the

fundamental space-time tradeo↵ of the index. A smaller

m optimizes index space but results in larger locate sets

(since more k-mers share the same minimizer), which in

turn makes query resolution slower. Conversely, a larger m

makes queries significantly faster by reducing the size of

the locate sets, but consumes more space due to indexing a

larger number of distinct minimizers.

• Skew index threshold, l. This parameter handles highly

abundant minimizers. Any k-mer whose minimizer appears

more than 2l times is routed to the skew index. Choosing

a small l accelerates queries because a larger fraction of

di�cult, high-frequency k-mers are solved quickly via the

skew index. However, populating the skew index more

heavily naturally consumes more memory space.

Varying the minimizer length. Based on the m-sweep

benchmark plots in Figure 1, the impact of the minimizer

length across the Human and SE datasets is highly visible.

For k = 31 (represented by circles), we observe a distinct

downward-sloping curve. As m increases from 17 to 25 (or up

to 31 for SE), the lookup time drops drastically while the index

space grows steadily. For k = 63 (squares), increasing m yields



4 G. E. Pibiri and R. Patro

Fig. 1. Space-time tradeo↵ of SSHash when varying the minimizer length

m across Human and SE datasets.

a steep drop in query time with only a marginal penalty in

space, making larger m values highly attractive.

Varying the skew index threshold. The l-sweep plots

in Figure 2 isolate the e↵ect of the skew index threshold,

revealing how managing high-frequency minimizers impacts

performance. As expected, when l decreases from 8 down to

4, there is a clear visual migration down and to the right for

every single configuration. Query time improves as more k-

mers are o✏oaded to the fast skew index, at the direct cost of

increased bits/k-mer. For some configurations however, notably

the Human dataset at k = 31 (canonical), dropping l from 5 to

4 yields almost no improvement in query time but still incurs

a space penalty. This indicates that a good threshold is l = 5

or l = 6 for this specific case. The SE dataset with k = 63

(regular and canonical) shows a massive vertical spread. For

these configurations, relying more heavily on the skew index

(smaller l) is highly e↵ective at driving down query times from

over 1200 to under 1000 ns/k-mer.

Fig. 2. Space-time tradeo↵ of SSHash when varying the skew index

threshold l across Human and SE datasets.

5. Streaming queries

Figure 3 shows the performance for streaming Lookup queries

on three di↵erent scenarios: “high-hit” (most k-mers are found

in the indexes), “low-hit” (most k-mers are not found), and

a “mixed” workload where the previous query workloads are

mixed 50-50%. As explained in Section 8 of the main paper,

the indexes stream through FASTQ reads and each read set

contains several million reads. All reads are available at https:

//zenodo.org/records/17582116 for reproducibility.

High-hit workloads are relevant to assess the capability of

the indexes to take advantage of consecutive query k-mers,

whereas low-hit workloads mostly test the ability to reject alien

k-mers. Since both cases are relevant in practice, the mixed-hit

workload alternates between the two cases.

Overall, all evaluated indexes exhibit robust query times,

delivering consistent and predictable performance across

di↵erent workloads without significant variation. Across all

benchmarks, SSHash o↵ers the fastest query time though, being

https://zenodo.org/records/17582116
https://zenodo.org/records/17582116
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Fig. 3. Streaming query e�ciency in avg. µs/k-mer. (In plot (b), FMSI is not reported for the Human dataset because the corresponding implementation

generated a segmentation fault.)

Fig. 4. Comparison between previous and current SSHash: index space (in

avg. bits/k-mer) and build time.

several times faster than its competitors. The only exception is

the SE datasets (high and mixed workloads), where the SBWT

gives competitive runtimes.

6. Experimental comparison against the
previous version

We compare the version of SSHash from this work (referred

to as current in the plots) and the previous version1, using

the same datasets (see Table 2), machine, and methodology

1 GitHub commit: a2a2d26817fe3f476ceac44809c333ede6622ff3.

Fig. 5. Comparison between measured index space and that from

Theorem 2 and Theorem 3 of the main paper. Space is reported in avg.

bits/k-mer. The constants in the asymptotic terms ⇥(↵) and ⇥(M) are

the same from both theorems and equal to 2.5 and 3.0 respectively, which

are faithful to our implementation.

described in Section 8 of the main paper. In general, the current

version outperforms the previous one under every aspect and

consistently on all tested dataset.

Figure 4 illustrates the space and build time of the two

versions. The space is very similar between the two versions.

Furthermore, Figure 5 shows the comparison between the

actual, measured, space and the bounds from Theorem 2 and

Theorem 3 in the main paper. In both cases, the bounds are
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Fig. 6. Comparison between previous and current SSHash: query times

are reported in avg. µs/k-mer.

quite close to the measured space and most of the di↵erence

comes from overestimating the cost of the skew index with

↵(log2(N) + ⇥(1)) bits.

The current version is between 2 � 3⇥ faster to build, on

average for k = 31. This result improves for larger k; for

example, it is up to 6⇥ faster for k = 63. The better build time

is due to better multi-threading, faster minimizer computations

over streams, and faster merging in external memory which the

previous version supported only partially.

Figure 6, instead, shows the query times of the two versions.

(Query time for Access is almost the same between the two

versions, as apparent from the tables in this document, so

we do not discuss it in the following.) Avoiding the scan of

super-k-mers and the cache-e�cient layout both contribute

to faster random Lookup queries. The simpler logic of the

streaming Lookup algorithm paired with the more e�cient

random Lookup, results in 2 � 3⇥ faster streaming queries. In

particular, the refined logic consistently increases the extension

rate compared to the previous version, of about 15% for k = 31

(Figure 7).

Fig. 7. Seed vs. extension rate for streaming Lookup queries, for k = 31.
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Table 3. Index space and construction e�ciency for current SSHash.

(a) regular

k Collection bits/k-mer GB build time

31

Cod 7.89 0.50 26s

Kestrel 7.50 1.08 43s

Human 8.67 2.72 2m 1s

NCBI-v 7.37 0.35 13s

SE 10.17 1.14 45s

HPRC 10.35 4.81 4m 8s

63

Cod 4.44 0.31 12s

Kestrel 3.82 0.55 16s

Human 4.76 1.65 54s

NCBI-v 4.05 0.21 5s

SE 6.79 1.29 44s

HPRC 7.33 5.43 3m 20s

(b) canonical

k Collection bits/k-mer GB build time

31

Cod 9.01 0.57 26s

Kestrel 8.67 1.25 1m 6s

Human 10.01 3.14 3m 10s

NCBI-v 8.48 0.40 16s

SE 11.51 1.29 1m 6s

HPRC 11.93 5.54 4m 45s

63

Cod 4.97 0.35 15s

Kestrel 4.22 0.61 19s

Human 5.31 1.84 1m 9s

NCBI-v 4.46 0.23 7s

SE 7.77 1.48 58s

HPRC 8.14 6.03 4m 13s

Table 4. Query e�ciency for current SSHash. Timings for Lookup and Access are in avg. microseconds per k-mer. For Streaming (high-hit),
we report avg. nanoseconds per k-mer.

(a) regular

k Collection Lookup+ Lookup� Access Streaming

31

Cod 0.59 0.67 0.28 30

Kestrel 0.59 0.74 0.28 60

Human 0.75 0.80 0.36 90

NCBI-v 0.54 0.65 0.26 30

SE 0.80 0.76 0.36 213

HPRC 0.90 0.86 0.54 112

63

Cod 0.69 0.71 0.29 77

Kestrel 0.67 0.78 0.33 86

Human 0.82 0.86 0.36 188

NCBI-v 0.61 0.69 0.28 85

SE 1.20 0.85 0.41 412

HPRC 1.10 0.98 0.64 213

(b) canonical

k Collection Lookup+ Lookup� Access Streaming

31

Cod 0.44 0.37 0.28 26

Kestrel 0.44 0.40 0.28 46

Human 0.61 0.42 0.35 74

NCBI-v 0.41 0.36 0.26 29

SE 0.63 0.40 0.36 186

HPRC 0.71 0.46 0.54 93

63

Cod 0.56 0.45 0.29 60

Kestrel 0.54 0.48 0.33 66

Human 0.69 0.52 0.36 146

NCBI-v 0.52 0.44 0.28 72

SE 1.00 0.51 0.41 400

HPRC 1.00 0.58 0.64 181

Table 5. Index space and construction e�ciency for previous SSHash.

(a) regular

k Collection bits/k-mer GB build time

31

Cod 7.75 0.49 43s

Kestrel 7.47 1.07 1m 50s

Human 8.56 2.68 4m 27s

NCBI-v 7.17 0.34 33s

SE 9.65 1.08 1m 30s

HPRC 9.88 4.59 7m 14s

63

Cod 4.23 0.29 1m 28s

Kestrel 3.76 0.54 2m 56s

Human 4.63 1.60 7m 20s

NCBI-v 3.90 0.20 1m 4s

SE 6.46 1.23 3m 51s

HPRC 6.94 5.14 16m 32s

(b) canonical

k Collection bits/k-mer GB build time

31

Cod 9.11 0.57 1m 1s

Kestrel 8.93 1.28 2m 34s

Human 10.15 3.18 6m

NCBI-v 8.44 0.40 44s

SE 11.15 1.25 1m 59s

HPRC 11.50 5.35 9m 26s

63

Cod 4.81 0.33 2m 22s

Kestrel 4.28 0.62 4m 55s

Human 5.30 1.83 12m 5s

NCBI-v 4.37 0.23 1m 45s

SE 7.59 1.45 6m 25s

HPRC 7.76 5.75 25m 53s
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Table 6. Query e�ciency for previous SSHash. Timings for Lookup and Access are in avg. microseconds per k-mer. For Streaming (high-hit),
we report avg. nanoseconds per k-mer.

(a) regular

k Collection Lookup+ Lookup� Access Streaming

31

Cod 0.96 1.14 0.29 140

Kestrel 1.00 1.29 0.26 239

Human 1.37 1.60 0.37 337

NCBI-v 0.81 1.05 0.29 111

SE 1.45 1.60 0.39 578

HPRC 1.97 2.14 0.60 412

63

Cod 1.18 1.30 0.31 363

Kestrel 1.00 1.40 0.27 329

Human 1.55 1.70 0.36 461

NCBI-v 0.94 1.27 0.30 184

SE 2.81 2.04 0.44 2084

HPRC 2.54 2.58 0.68 488

(b) canonical

k Collection Lookup+ Lookup� Access Streaming

31

Cod 0.69 0.62 0.29 89

Kestrel 0.71 0.70 0.27 172

Human 0.95 0.84 0.37 276

NCBI-v 0.60 0.59 0.28 117

SE 1.03 0.85 0.39 465

HPRC 1.32 1.11 0.60 335

63

Cod 0.88 0.78 0.31 228

Kestrel 0.78 0.82 0.27 180

Human 1.11 0.98 0.36 371

NCBI-v 0.75 0.77 0.30 229

SE 1.86 1.18 0.44 1671

HPRC 1.81 1.48 0.68 425


