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ABSTRACT

Range filters are compact data structures that answer ap-
proximate range emptiness queries. They are used in many
domains, e.g., in key-value stores, to quickly rule out the
existence of keys in a given query range and avoid having to
search for them in storage. However, all existing range filters
exhibit at least one of the following shortcomings: (1) they
do not provide robust false positive rate and performance
guarantees, (2) they do not support variable-length keys and
query ranges, and (3) they do not allow dynamic operations
such as insertions, deletions, or expansions.

We introduce Diva, the first range filter to address all the
above challenges simultaneously. Diva learns the dataset’s
distribution by sampling keys and storing them in a cache-
efficient trie. It compresses the keys in-between samples by
removing their longest common prefix and truncating their
suffixes while leaving enough bits in the middle (i.e., an infix)
to allow differentiating between the keys in the sorted order.
It stores infixes in constant-time dynamic data blocks, which
it stretches and eventually splits to handle insertions and
expansions. It processes a range query by traversing the trie
and checking for the inclusion of at least one infix in the
target query range.

Diva is the culmination of several years of research on fil-
ters from Orca Lab at the University of Toronto, in collab-
oration with KTH and Copenhagen University. This paper
describes how Diva builds on this body of work, and how it
addresses the limitations of prior art.

1. INTRODUCTION

What is a Filter? A filter is a memory-efficient probabilis-
tic data structure that answers whether a query key exists
in a given set. Its compactness allows it to fit in a higher
level of the memory hierarchy than the set it represents,
making it fast to query. A filter never returns a false nega-
tive, but may return a false positive with a probability called
the False Positive Rate (FPR) that depends on its memory
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footprint. Due to these qualities, filters are used in many
applications to avoid redundant disk reads [22] and network
hops [9] when a query happens to target a nonexistent key.

Range Filters and Applications. In contrast, a range filter
accepts two keys as the end-points of a range and deter-
mines if at least one key in the set is in-between them. As
with a traditional filter, a range filter does not return false
negatives but may return false positives. Range filters were
originally developed to support write-optimized database in-
dexes such as LSM-trees [42], where queries must examine
multiple candidate files, many of which may not contain any
keys within a query’s target range [59, 37, 41, 34, 52, 11, 25,
12]. Their applicability, however, is much broader: range fil-
ters also help prevent redundant I/Os to SQL tables [1] and
B-tree indexes [25, 12], and they have applications in social
web analytics [17] and distributed key-value stores [50].

Goals. The ideal general-purpose range filter must simul-
taneously support (G1) the lowest possible FPR under a
stringent memory budget, (G2) range queries of any length,
(G3) variable-length keys, (G4) dynamic modification op-
erations such as insertions, deletions, and expansions, and
the best possible (G5) query and (G6) construction per-
formance. In addition, it should support point queries at
least as well as traditional point filters (e.g., Bloom [8, 48],
Cuckoo [43, 26], or Quotient filters [6, 45, 46]).

Design Contentions. Every existing range filter only ful-
fills a subset of these goals [1, 59, 37, 54, 27, 41, 34, 52,
11, 18, 25, 12]. In fact, almost none of them attain (G3)
or (G4) [37, 54, 27, 41, 34, 52, 11, 18]. Moreover, Goswami
et. al. have proven an information-theoretic lower bound on
the memory footprint of range filters [30], stating that it is
impossible to achieve (G1) and (G2) at the same time. How-
ever, this lower bound only holds for worst-case datasets,
meaning that it may still be possible to achieve (G1) and
(G2) for “common” datasets. As such, we pose the follow-
ing research question: Is it possible to design a range filter
that simultaneously fulfills all siz goals for common datasets?
This paper presents an affirmative answer.

Diva. We introduce Diva, the first range filter to support
dynamic operations, variable-length queries and keys, and
high performance, all at the same time. Diva learns the
dataset’s distribution by sampling keys and storing them
in a cache-efficient trie. For all keys in-between two sam-
ples of the trie, Diva removes the longest common prefix.
It also truncates their suffixes while keeping enough bits
in the middle of each key (i.e., an infix) to differentiate
them in most cases, thus achieving (G1). At the same
time, the trie separates dense and sparse regions of the
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Table 1: Definitions of terms and symbols.

Symbol Definition
q=lq,qr] An inclusive query range.
€ Target FPR, i.e., probability of a false positive.
L Average key length.
(a)2 Binary value represented by a.
T Number of keys between two samples.
mi Length of the .longest common p_reﬁx' of
shared the i-th and (¢ + 1)-th samples, in bits.
Minfix Length of the infixes.
mi Number of redundar.nt bits corresponding
redundant to the i-th and (i 4 1)-th samples.
a Load factor of the Infix Stores.
Tq Quotient of the infix z.
Ty Remainder of the infix x.

key space. This allows for handling short range queries
over densely populated regions and long range queries over
sparse regions, thus meeting (G2). By discretizing all keys
into fixed-length infixes without the use of hashing, Diva
achieves (G3). This discretization also allows for storing the
infixes of adjacent groups of keys within a constant time data
structure called an Infix Store, fulfilling (G5). As Diva de-
rives infixes without hashing and stores them in the original
sorted order of the keys, it can be constructed using one se-
quential pass, making it the fastest range filter to construct
and enabling (G6). To support dynamicity (G4), Diva builds
on a complementary line of work from our lab and collabo-
rators on resizable filters [20, 19, 32, 25, 12].

2. PROBLEM ANALYSIS

This section shows that no current range filter satisfies
all of the six goals outlined in Section 1. We leave in-depth
summaries of these filters to [25, 47].

Range Filtering Definitions. A range filter represents a
set S of keys from a universe of size u. Given a range query
of the form ¢ = [qi, gr], the filter checks if the range is empty,
i.e., whether ¢ NS = (), with an FPR of at most €, where
0 < € < 1. The top three rows of Table 1 summarize terms
describing the range filtering problem throughout the paper.

Memory Lower Bound. A range filter is Robust if it guar-
antees an FPR of at most ¢ for any dataset. It is known that
any robust range filter supporting queries of length up to R
must use at least log, & — O(1) Bits per Key (BPK) [30],
meaning that answering longer range queries requires more
memory. Intuitively, this is because a robust range filter sup-
porting longer queries must carry more information about
which areas of the key space are empty. A non-robust range
filter often drops all information about the keys’ lower-order
bits. This can lead to a high FPR when range queries pred-
icate over these lower-order bits.

Robustly Achieving (G1), (G2), and (G3) is Impossible. In
most applications, filters are allotted a stringent memory
budget of 8-16 BPK to fit in memory (with a higher budget,
one may as well store the full keys). If we rearrange the
above lower bound in terms of range query length R and
plug in 16 BPK as the memory budget and ¢ = 0.01 as
the target FPR, we find that a robust range filter can only
answer range queries of length at most 512. Such short query
lengths limit the applicability of the filter.
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Table 2: Diva is the first range filter to simultaneously sup-
port variable-length queries and keys, as well as dynamicity.

Filter Robust ~ Semi-Robust ~Var.-Len. = Var.-Len. Dynamic
FPR (G1) FPR (G1) Queries (G2) Keys (G3) G4)

SuRF v v

Rosetta v v

REncoder

bloomRF
Proteus
SNARF
Oasis+
Grafite v

Memento v 4
Aeris v 4

Diva v v v v

AN N N N

The lower bound also implies that a robust range filter
cannot support variable-length keys. With variable-length
keys, there can be infinitely many possible keys within a
range, meaning R = oo. Plugging R = oo into the lower
bound, we find that infinite memory is needed to support
variable-length keys. In sum, it is impossible to attain all
of (G1), (G2), and (G3) with a robust range filter.

Indeed, none of the existing robust range filters [37, 18,
25, 12] support variable-length queries (G2) or keys (G3),
as they assume range query lengths bounded by R. For ex-
ample, Memento filter [25], our lab’s previous range filter,
assumes keys are fixed-length and splits each into a prefix
and a [log, R|-bit suffix. It hashes a key’s prefix to store
its suffix within a compact, approximate hash table. Since
a range query longer than R spans multiple prefixes, Me-
mento filter must query the hash table for each constituent
prefix to answer the query. This causes the FPR to com-
pound beyond € and eventually approach 1 as the number
of checks increases, since each check can yield a false posi-
tive. All other robust range filters also do more checks for
longer range queries, leading to a higher FPR [37, 18, 12].

Semi-Robust FPR Guarantee. We observe that despite
the above impossibility result, one can achieve (G1), (G2),
and (G3) by providing a semi-robust FPR guarantee: Any
query must be answered with an FPR of at most € when
the dataset comes from a “well-behaved distribution.” In-
tuitively, a well-behaved distribution is one for which the
cumulative distribution function is smooth. This property
is commonly satisfied in practice since input datasets typi-
cally follow well-known, smooth distributions (e.g., Uniform,
Normal, Zipfian, Power Law, Poisson). We formally define
well-behaved distributions and show that Diva provides the
above guarantee in Section 4 of our original paper [24].

Interestingly, SNARF [52] and Oasis+ [11] are learning-
augmented range filters [36, 7] that fulfill (G1) and (G2)
with the same semi-robust FPR guarantee. They do so by
fitting a linear spline model to the keys’ CDF. Using this
model, they map each key to a bit in a large bitmap, setting
it to 1. These filters handle variable-length queries by lever-
aging the monotonicity of this mapping and searching the
bits corresponding to the query for a 1. There is no formal-
ism or proof of the above FPR guarantee in their respective
publications, though Diva’s proof in Section 4 of our original
paper [24] applies to them as well.

Nonetheless, SNARF and Oasis+ assume fixed-length keys
when learning the data distribution and therefore fail to sat-
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Figure 1: Diva learns the dataset’s distribution by storing

every T-th key as a sample in a trie. It manages all keys
between two adjacent samples in an Infix Store.

isfy (G3). Moreover, both incur high query latency due to
their reliance on binary search, violating (G5). Although
SNARF nominally supports insertions and deletions, these
operations are prohibitively slow because its bitmap is en-
coded using the compact but static Elias-Fano scheme [23,
28]. Oasis+ does not support dynamic updates, as it prunes
empty regions of the key space to improve its false positive
rate. Consequently, neither filter satisfies (G4).

Challenges of Attaining Dynamicity (G4). Many existing
range filters operate as Bloom filters in their core, hashing
keys into a bitmap and setting bits from Os to 1s [37, 54, 27,
41, 34]. As with standard Bloom filters, such filters cannot
support deletes (by resetting a bit back to 0) or expansions
(by remapping the 1s to a larger bitmap) without introduc-
ing false negatives [25, 12].

Other range filters utilize compact encoding schemes (e.g.,
succinct tries [59] or Elias-Fano [52, 11, 18]). Such formats
are difficult to update, as they tightly pack data to avoid
storing pointers and offsets. This necessitates changing their
entire representation to make room for insertions.

Our prior papers, Memento filter and Aeris filter [25, 12],
are the first range filters to support fast insertions, deletions,
and resizability. They achieve this by building on our line of
work on resizable filters [20, 19]. However, since they double
in size to expand, they waste over 50% of their capacity right
after expansion. Diva also builds on our prior work on resiz-
able filters and pushes the envelope by allowing expansions
by factors smaller than 2, as discussed in Section 3.4.

Contention between Supporting Variable-Length Queries
(G2) and Query Speed (G5). It is an open question whether
achieving fast operations while supporting variable-length
range queries is possible. Grafite [18] and Memento filter [25]
are the only filters that provide constant-time queries. They
do so by localizing partitions of size R (i.e., the maximum
range query length) of the key space to the same memory
region. It is unclear how to achieve a similar localization
with variable-length range queries. As such, Grafite and
Memento filter do not fulfill (G2). All other filters that at-
tain (G1) and (G2), i.e.,, SNARF [52] and Oasis+ [11], use
predecessor search to handle queries, which requires super-
constant time [4, 5]. In practice, these filters use binary
search to compute predecessors. Diva alleviates this con-
tention by employing a y-Fast trie [56] and ensuring that it
fits in CPU caches, leading to faster predecessor searches.

Construction Speed (G6). Existing range filters use hash-
ing [59, 37, 54, 27, 41, 34, 18, 25, 12] or floating-point opera-
tions [52, 11] extensively during construction, incurring high
CPU and cache miss costs. In contrast, Diva avoids these
operations and performs a single sequential pass over the
data, thus supporting the fastest construction speed (G6).

Summary. Table 2 summarizes the goals each range filter
meets. As shown, no preexisting range filter achieves (G1),
(G2), (G3), and (G4) simultaneously. Table 2 also raises
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Figure 2: For all keys in-between a pair of adjacent samples in
the trie, Diva removes the longest common prefix and trun-
cates the longest possible suffix while still ensuring that there
are enough bits left to distinguish between the keys.

the question of how performant a range filter can be to at-
tain (G5) and (G6) while meeting (G1)-(G4).

3. DIVA

We present Diva: the first range filter to simultane-
ously support (G1) a low FPR and memory consumption,
(G2) arbitrarily sized range queries, (G3) variable-length
keys, (G4) dynamic updates, deletes, and resizability, and
high (G5) query and (G6) construction performance. Diva
picks every T-th key in the ordered key set as samples and
stores them in a cache-efficient trie to approximate the key
distribution. It inserts all keys between two samples into a
compact data structure called an Infix Store, as shown in
Figure 1. For all keys in each Infix Store, Diva removes the
longest common prefix. It also homogenizes the keys’ lengths
by truncating a suffix from each while leaving enough bits
in the middle (i.e., an infix) to differentiate the keys and
guarantee a given FPR. Figure 2 illustrates the truncation
and mapping of keys into an Infix Store. To answer a range
query, Diva checks for the absence of overlapping keys and
infixes across its trie and the relevant Infix Stores, as dis-
cussed in Section 3.3. We describe a static version of Diva
in Sections 3.1 to 3.3 and generalize it to dynamic sets in
Section 3.4. The bottom part of Table 1 summarizes the
terms used to describe Diva.

3.1 Sampling Keys and Deriving Infixes

The static variant of Diva requires the input to arrive
in sorted order. This requirement is commonly satisfied
in practice. For instance, many database tables and in-
dices are structured as sorted column files [14, 2, 3, 29, 51],
B-Trees [15, 49], or LSM-Trees [22, 16, 21]. If the input is
unsorted, users must sort it before construction.

Diva samples every T-th key from the ordered key set
and inserts it into its trie. The trie approximates the dis-
tribution of the keys. The reason is that adjacent samples
lexicographically close to each other correspond to denser re-
gions of the key space, while faraway samples correspond to
sparser regions. Thus, the trie “learns” the data distribution.
The smaller T is, the more accurate the approximate distri-
bution becomes, yet the larger the trie’s memory footprint
grows. We find that 7' = 1024 provides good all-round accu-
racy and performance with little memory overhead (=~ 1%
of the filter’s memory). We structure the trie as a y-Fast
trie [56] to achieve faster search times than traditional tries
(O(log, L) time vs O(L), where L is the search key’s length).
We use Wormbhole [57] as our y-Fast trie implementation.

Removing the Longest Common Prefix. Consider a pair of
consecutive trie samples. We refer to them as the Predeces-
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sor and Successor of the keys between them. Figure 1 shows
an example of predecessor and successor for a key k. For all
keys in-between such a pair of samples, Diva removes their
longest common prefix since it can be inferred from the trie
and is thus redundant.

Keys in the denser regions of the key space have longer
common prefixes. Therefore, removing the longest common
prefixes saves more memory in these regions. As we will see
shortly, Diva exploits this and encodes the keys in such re-
gions at a higher resolution by also storing their lower-order
bits, losing less information. This enables accurately answer-
ing fine-grained queries over dense regions while supporting
coarse-grained queries over sparse regions.

Given the i-th and (¢ + 1)-th samples as the predecessor
and successor, we denote the length of their longest com-
mon prefix, in bits, as Ml ,..q. Figure 3-A shows an exam-
ple where the longest common prefix of the predecessor and
successor is mly,..q = 4 bits long. If the samples have dif-
ferent lengths, Diva treats the shorter one as having trailing
zeros to match the length of the longer one.

Deriving Infixes. To further curb memory footprint, Diva
also truncates suffixes for all keys between two samples.
What remains of each key is called an Infiz since it is a
sequence of adjacent bits in the middle of the original key.
All infixes in the filter have the same length, denoted by
Minfix- Due to the removed common prefix, infixes represent
less significant bits of the keys in dense regions of the key
space and more significant bits in sparser ones. Truncating
keys into fixed-length infixes discretizes the range between
two samples while removing the variation in length of the
keys. As we will see, Diva supports range queries over these
infixes by correspondingly discretizing the query boundaries
and checking for the inclusion of infixes between them. The
fixed length of the infixes allows for quickly checking for
inclusion using integer arithmetic.

The length of the infixes determines the filter’s FPR. In
particular, Diva guarantees an FPR of € by using infixes of
length minfx = |—log2 %1 bits. This guarantee holds for any
dataset sampled from a “well-behaved” distribution. This
property is suitable for a practical range filter since datasets
in practice often follow distributions such as Normal or Zip-
fian. We prove this guarantee in Section 4 of our original
paper [24]. As we show in Section 3.2, Diva succinctly en-
codes each infix using 3 + (log2 H bits, yielding an FPR vs
memory tradeoff on-par with state-of-the-art point filters.

Figure 3-A shows an example with keys of varying lengths
and Minfix = 7. As Mipeq = 4, Diva derives k’s infix as
the 7 bits following its first 4 bits, i.e., the string (0101001).

Distinguishing Infixes. There is a common scenario in
practice where infixes derived with the method described
above have bits that do not contribute to filtering. Intu-
itively, if the considered predecessor and successor are still
close to each other after removing their longest common pre-
fix, the discretized key space between them becomes smaller
than desired. As a result, infixes of keys in-between can be-
come less distinguishable, reducing filtering accuracy. This
phenomenon occurs when many consecutive bits after the
first differentiating bit in the predecessor and successor are
all 1s and Os, respectively. In particular, in well-behaved dis-
tributions such as Normal and Zipfian, there is at least one
such bit on average due to the randomness in the samples
after their longest common prefix. If not removed, these bits
can increase the FPR by 2x compared to the case where in-
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Figure 3: Diva derives key k’s infix by removing the m}, .q

common prefix bits and the m/,quqa bits based on its pre-
decessor and successor, and also truncating its suffix.

fixes are differentiated well. The predecessor and successor
in Figure 3-B represent an example.

Diva prevents this by identifying the longest matching
sequence of 1s from the predecessor and Os from the suc-
cessor after their first differentiating bit. We denote the
length of this sequence for the i-th and (i + 1)-th samples
by Micqundant- Diva removes the bits corresponding to this
sequence from each key between the samples. These bits
are redundant, as they do not carry useful information for
comparing the keys between the i-th and (i + 1)-th sam-
ples beyond what the first differentiating bit provides. Diva
derives the infix of each key as its first differentiating bit
concatenated with its first minax — 1 bits after its redundant
bits. Intuitively, each of these bits doubles the size of the
discretized space between two samples, allowing to better
differentiate the infixes in-between.

Diva is able to reconstruct the redundant bits removed
from an infix. It does so by recomputing m’.qundan: from its
predecessor and successor in the trie. It adds m’.quudane Dits
between the infix’s first and second bits, each equal to the
negation of its first bit. This results in the original sequence
of bits in the key since the redundant bits of an infix always
equal the negation of its first bit.

Figure 3-B shows an example derivation of a key k’s infix
with minsx = 7. Here, the longest common prefix of the
predecessor and successor is mly,,.q = 4 bits long. After
removing the m’ quudan: bits, Diva appends the next 6 bits
in k (i.e., 101001) to the first differentiating bit (i.e., 0),
yielding the infix (0101001); = 41.

Infix Uniformity. The samples in the trie behave similarly
to the boundaries of an equi-depth histogram. When the
dataset’s distribution is well-behaved, the higher-order bits
of the samples capture the overall shape of the distribution
and the lower-order bits of the keys in-between behave like
noise. Thus, the infixes of keys falling into the same bin
are almost uniformly distributed. We formally prove this
property in Section 4 of our original paper [24]. In the next
section we leverage this property to design an efficient data
structure for storing the infixes in-between a pair of samples.

3.2 Infix Stores

An Infix Store is a random-access array of slots that lever-
ages the uniformity of the infixes in-between two samples
to efficiently and succinctly store them. It utilizes tech-
niques inspired by Cleary hash tables [13] and Rank-and-
Select Quotient Filters [45].
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while storing the remainder in contiguous runs in the array
of slots, delineated using thick lines (Part B). Diva handles
a query by locating the corresponding runs using rank and
select operations, followed by scanning them (Part C). The
remainders that satisfy the queries are highlighted.

Quotienting. An Infix Store applies Knuth’s quotienting
technique [35] to its infixes, splitting them into Quotients
and Remainders. Specifically, we take the [10g2 %1 least-
significant bits of an infix = as its remainder x, and the rest
of it (i.e., the log, T higher-order bits) as its quotient zg.
Figure 4-A illustrates this split for an infix z = (011011)a.

Storing Quotients. Splitting each infix allows an Infix
Store to succinctly encode its quotient within a dense bitmap
called the occupieds bitmap. The i-th bit in this bitmap
is set to 1 if an infix with a quotient equal to 7 exists and
is set to 0 otherwise. For example, in Figure 4-B, infix z
causes the bit at offset 3 (or 011 in binary) of the occupieds
bitmap to be set to 1. This bitmap needs as many bits as
there are possible quotients, which varies based on the pre-
decessor and successor of the Infix Store. This amount is at
most T bits since each quotient is log, 7" bits long.

Storing Remainders. Since there are exactly 7' — 1 keys
in-between two samples, an Infix Store allocates an array
of T'—1 slots, each ’—log2 %-‘ bits wide, to accommodate their
infixs’ remainders. It stores remainders of infixes sharing
the same quotient in a set of contiguous slots called a Run.
Runs are stored in increasing order of their quotients. Each
run spans ~ 1 slot in expectation since the infixes are almost
uniformly distributed, as described at the end of Section 3.1.

An Infix Store employs a (T' — 1)-bit bitmap with one
bit per slot, called the runends bitmap, to delimit runs in
an Infix Store. The i-th bit of this bitmap is 1 if the i-th
slot in the Infix Store is the last slot of a run and is 0 oth-
erwise. Figure 4-B shows an example of runs, depicted as
boxes, and the runends bitmap delimiting them. In total,
the occupieds and runends bitmaps consume 2 bits per slot
in the array, or equivalently, 2 bits per infix.

Matching Invariant. Each run in an Infix Store is associ-
ated with exactly one 1 in the occupieds bitmap and one 1
in the runends bitmap. Since runs are stored in increasing
quotient order, a Matching Invariant holds: the run associ-
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ated with the i-th 1 in the occupieds bitmap ends at the
slot corresponding to the ¢-th 1 in the runends bitmap. Fig-
ure 4-B illustrates this invariant with bidirectional arrows.

Locating Runs. Diva locates an infix’s run by first check-
ing the bit corresponding to its quotient in the occupieds
bitmap. If it is 0, the infix could not have been inserted
and thus does not have a run. Otherwise, Diva locates
the end of the infix’s run by employing rank and select
primitives [45]. Formally, rank(i, B) provides the number
of 1s before the i-th bit in a bitmap B, and select(s, B)
gives the position of the i-th 1 bit in B. Diva locates the
last slot in an infix 2’s run by evaluating the expression
select(rank(zq, occupieds), runends). In other words, it
determines the run number it must jump to by comput-
ing rank over the occupieds bitmap and uses the result to
locate the corresponding runends bit by computing select.
Figure 4-B shows an example of this derivation with x4 = 3.
Diva utilizes specialized hardware instructions [45] to apply
rank and select efficiently.

Once Diva identifies the end of a run, it scans the re-
mainders within that run from right to left until hitting the
preceding run or the beginning of the Infix Store. During
this scan, it reconstructs the run’s original infixes by con-
catenating the run’s quotient with each scanned remainder.

Bulk Loading. Diva bulk loads a sorted set of keys in a
single sequential pass by inserting every T-th key into its
trie and placing the infixes into the Infix Stores from left
to right. This is significantly faster than other range filters,
which incur the random access and CPU cost of hashing.

3.3 Query Processing

Diva processes a range query by searching for the query’s
endpoints in its trie. A range query intersecting at least
one sample in the trie immediately returns a positive since
that sample represents a key within the range. In contrast, a
range query that falls between two adjacent samples searches
the corresponding Infix Store and returns a positive if at
least one overlapping key exists.

Infix Store Range Queries. An Infix Store processes a
range query over infixes ¢ = [I,r] by finding the quotients
and remainders of the endpoints and considering two cases:

If the range spans multiple quotients (lq < rq), Diva checks
if any quotient strictly between the endpoint quotients ex-
ists using the occupieds bitmap. If there is such a quotient,
Diva answers with a positive, as all of the infixes in its run
are strictly in the query range. Otherwise, it checks if any
remainder in the left endpoint’s run is larger than its re-
mainder [,, or if any remainder in the right endpoint’s run
is smaller than its remainder r,.. If either condition holds,
Diva reports a positive and a negative otherwise. Query ¢
in Figure 4-C shows an example. Here, Diva first checks the
range of bits [l + 1,7 — 1] = [2,2] in the occupieds bitmap
for ones. As there is no bit set to 1 in that range, Diva
scans the remainders in [, and r,’s runs and compares them
to I, and 7.. As the former run has a remainder equal to
I, = (111)2, Diva returns a positive.

If the range spans a single quotient (lg = rq), Diva checks
if a run corresponding to that quotient exists. If not, Diva
returns a negative. Otherwise, it scans this run for a re-
mainder between the remainders of the endpoints [, and
rr. If found, it returns a positive and a negative other-
wise. This scan is efficient, as the expected size of a run
is 1-2 slots. Query ¢’ in Figure 4-C is an example. Here,
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ly = rq = 6 and the bit at position 6 of the occupieds
bitmap is one. Thus, Diva searches the relevant run for
a remainder between I = (101)2 and r, = (110)2. Since
rank(6, occupieds) = 3 and select(3, runends) = 6, Diva
checks the slots from Slot 6 backward until it exhausts the
run. It returns a negative, as it does not find a remainder
in the desired range.

False positives occur when query and key infixes collide,
which is most likely when queries follow the dataset’s distri-
bution. Diva’s trie learns this distribution, enabling a low
FPR in this setting and potentially a better FPR in others.

Point Queries. Point queries are equivalent to specialized
range queries with equal endpoints. Thus, they are handled
by searching the trie and the corresponding Infix Store using
the second case of the range query algorithm above.

3.4 Dynamicity

In addition to the static variant of Diva described in pre-
vious sections, we provide an equally performant design that
supports dynamicity in exchange for ~ 1 BPK more mem-
ory. This variant of Diva employs four core techniques, some
of which draw on our prior works on dynamic filters. To
better illustrate these techniques, we have reorganized the
presentation of an Infix Store’s metadata bitmaps and its
array of slots in Figure 5.

1) Overprovisioning Infix Stores. Diva overprovisions slots
within each Infix Store to absorb insertions, as depicted in
Figure 5-A. It inserts a new infix by mapping it to the slot at
the offset equal to its quotient. Doing so uniformly scatters
the runs across the Infix Store while leaving space in-between
them. Diva stores each infix’s run in its mapped slot if
there is space. If not, it makes room for the new infix by
shifting other runs to the right until hitting an empty slot
(and shifting to the left if there is no room to the right),
similarly to Robin-Hood Hashing [10, 45]. The amount of
shifting is moderate, since empty slots are spread evenly
across the Infix Store.

2) Stretching Infix Stores. Once an Infix Store is 95% full,
Diva expands it by a small factor (= 1.05x). It does this
using a technique we developed for Zeno Filter [32] called
“Stretching,” whereby we stretch the distance between ad-
jacent runs using a linear function to create more empty
slots between them and accommodate more insertions.® For
example, stretching the Infix Store in Figure 5-A results in
Figure 5-B, which has two more empty slots. Stretching en-
sures a space utilization of at least 90% overall, as opposed
to the 50% space utilization of other dynamic filters or hash
tables that expand by a factor of 2 [47, 45, 20, 19, 25, 12].

3) Sampling Keys and Splitting Infix Stores. After ~ T
insertions into an Infix Store (and multiple stretching op-
erations), the Infix Store should “split” in two, with a new
sample in-between added to the trie. Splitting keeps runs
short and queries efficient. It also refines the trie’s approxi-
mation of the data’s distribution, particularly for the parts
of the key space that become denser.

An invariant of our design is to only store full, untrun-
cated keys within the trie to allow for refining the key space
in-between samples indefinitely. This invariant requires that
only new insertions into the filter can be picked as samples,

'In an Infix Store with n slots, Diva maps an infix x with
a quotient of x4 to the slot at offset |zq - n/(r — )|, where
[ and r denote the value of the bits in the predecessor and
successor corresponding to the quotient x4.
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Figure 5: When an Infix Store runs out of overprovisioned
space (Part A), Diva stretches it to make room for new inser-
tions (Part B). The insertion of a new sample % into an Infix
Store (Part B) splits it into a left (Part C) and a right (Part D)
Infix Store. As a result of this split, old infixes may lose bits,
elongating the unary paddings (underlined) and duplicating
infixes with empty remainders. The predecessor and succes-
sor’s longest common prefix is highlighted in bold.

since all previously inserted keys have been truncated. Yet,
this potentially leads to a vulnerability: deterministically in-
serting every T-th key as a sample into the trie would allow
an adversary to create pathologically uneven splits and de-
grade performance. We address this risk by randomly pick-
ing each new insertion as a sample with a probability of %
This strategy ensures that, in expectation, every T-th key
inserted into an Infix Store splits it and is taken as a sample.
As such, the trie is still kept small (~ % of the data’s size).
Moreover, since the samples collectively constitute a ran-
dom % fraction of the dataset, they lead to approximately
even splits across the board, even though some splits may
occasionally be uneven.

Figure 5-B illustrates an example of this procedure, which
yields the left and right Infix Stores depicted in Figures 5-C
and 5-D. The bit strings on the left and right of each Infix
Store represent its predecessor and successor, respectively.

4) Variable-Length Infixes. Splitting an Infix Store causes
the predecessor and successor of one of the new Infix Stores
to have a longer common prefix. For example, the longest
common prefix in Figure 5-D (shown in bold) is one bit
longer than that of Figures 5-A and 5-B.

This longer common prefix takes over the higher-order
bit(s) of the portion of each key previously taken as an in-
fix, thereby shortening the original infix. To ensure each
of these shorter infixes has an unambiguous quotient of the
same length as before, Diva repurposes the higher-order bits
of the infix’s old remainder to become the lower-order bits
of its quotient. Doing so splits each old run containing re-
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mainders with different higher-order bits into shorter runs.
Figures 5-B and 5-D present an example whereby the run
previously in Slots 0101 and 0110 is split into two runs stored
in Slots 000 and 001.

Despite old remainders becoming shorter, Diva still stores
the infixes of new insertions with full-length remainders.
This means that we truncate newer keys to a lesser extent
as their region within the key space becomes denser. How-
ever, doing so necessitates storing variable-length remain-
ders within an Infix Store. Following our work on InfiniFil-
ter [20], Diva does this by padding each remainder to its
original slot length with unary codes consisting of Os and a
delimiting 1. For example, the two-bit remainder in Slot 100
of Figure 5-A is stored with the two-bit padding 10, whereas
the full-length remainder in Slot 101 is stored with a padding
of 1. Due to the delimiting 1 bit, each slot must be one bit
wider, adding a memory overhead of 1 BPK.

Each split reduces the length of the remainders within one
Infix Store by one bit on average. Since each Infix Store is
split after roughly 7" insertions (doubling its expected size),
one can expect half of its remainders to be of full length,
a quarter (from one split ago) to be shorter by one bit,
an eighth (from two splits ago) to be shorter by two bits,
etc. Taking a weighted average of the remainders’ FPRs
based on their lengths and proportion, we obtain an FPR
that increases logarithmically with data size, in line with
our past work on expandable filers. One can maintain a
constant FPR by elongating new remainders, similarly to
InfiniFilter’s Widening Regime or Aleph Filters’ Predictive
Regime (20, 19, 44].

After many splits, some infixes’ remainders may run out
of bits, preventing Diva from computing an unambiguous
quotient for them. Diva duplicates such infixes to account
for all possible missing quotient bits and prevent false neg-
atives, similarly to our work on Aleph Filter [19]. For ex-
ample, it duplicates the right-most remainder in Figure 5-B
to create the highlighted remainders in Figure 5-D in two
different runs. Duplicating infixes complicates deletions, as
there may be multiple duplicates to clean up. Our past work
offers several methods for tackling this complexity [19].

Queries. Point and range queries are processed similarly
to the static case, with the only difference being that the
missing bits from shorter infixes are treated as wildcards.

4. EVALUATION

We evaluate Diva against existing range filters in the static
setting in Section 4.1. We also conduct end-to-end experi-
ments in the dynamic setting on top of WiredTiger [40], a
popular B-Tree-based key-value store, in Section 4.2. We
present further experiments in both static and dynamic set-
tings in Sections 5.1 and 5.2 of our original paper [24].

Platform. We run experiments on a Fedora 39 machine
with an Intel Xeon w7-2495X processor (4.8 GHz) with 24
cores and 48 hyper-threads. Our machine has an 80 KB L1
cache and a 2 MB L2 cache for each core, a 45 MB shared
L3 cache, and 64 GB of main memory. It also has two SK
Hynix 512 GB PC611 M.2 2280 80mm SSDs, which are used
in the end-to-end experiments only.

4.1 Static Evaluation

Baselines. We compare Diva to all existing range filters
except for bloomRF [41], as its implementation is closed-
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source. As most other range filters only support integer
keys, we specialize a version of Diva for integers to en-
able a fair comparison while still benchmarking the general-
purpose version of Diva that supports variable-length keys.
We implement both these versions in C++. All other base-
lines we compare to are implemented in C/C++ as well. We
compile all filters using gcc-13.

Integer Datasets. Like prior work [59, 37, 54, 27, 41, 34,
52, 11, 18, 25, 12|, we employ the following synthetic and
real-world [38, 33] datasets for our evaluation over integers:

e UNIFORM: 200M uniformly sampled 64-bit integers.
o NORMAL: 200M 64-bit integer samples from A/(252,2°9).

e Books: 200M popularity scores for books on Amazon.
This dataset is heavily skewed.

e OSM: 200M geocoordinates from the Open Street Map.
It features several dense regions in the key space.

Query Workloads. For integer datasets, we sample a start
key z and a length R to generate the range [z,z+ R—1]. We
vary R to showcase the effect of range lengths on filter per-
formance and FPR. For synthetic workloads, we choose the
starting key « by sampling from the same distribution as the
dataset. For real workloads, we sample x from the dataset
and subsequently remove it from the set. We generate point
queries by using R = 1.

Each of our workloads issue a total of 10M empty range
queries, and we measure the FPR of each filter by dividing
the number of positive results by the size of the query batch.
We focus on filter CPU times in this section and measure
end-to-end performance in the next section.

Experiment 1: Integer FPR vs Query Size Tradeoff. The
top row of Figure 6 depicts the FPR of our baselines with
a memory budget of 16 BPK, while the bottom row of Fig-
ure 6 compares their query latencies. Here, we vary query
size on the z-axis. Figure 6 has both solid and dotted plots
for Proteus. In the solid plots, Proteus is tuned using a sam-
ple of the queries, while in the dotted plots, it is tuned with
range queries with uniformly distributed endpoints, simulat-
ing a workload shift. Such workload shifts do not impact the
other range filters. We tune Rosetta and Memento filter to
assume a maximum range query length of R = 128 to keep
their FPR for short range queries low and their memory foot-
print in line with the other filters. If one keeps the memory
footprint constant and tunes Rosetta for longer ranges, its
query speed deteriorates. Tuning Memento filter for longer
ranges yields faster queries at the expense of the FPR.

The FPRs of robust range filters, i.e., Rosetta, Grafite,
and Memento filter, approach one as the range query length
increases. As mentioned in Section 2, this is due to the fil-
ters issuing extra probes in their internal structures. This
also increases the number of cache misses in Rosetta and
Memento filter, slowing down range queries by orders of
magnitude. Due to similar reasons, REncoder’s FPR and
speed also rapidly deteriorate with longer queries.

While SuRF approximately matches Diva’s query perfor-
mance, its FPR is at least an order of magnitude higher
across experiments, as it maximally truncates the keys in
its trie. Furthermore, SuRF is unable to curb its memory
footprint under some datasets. For instance, in Figure 6,
SuRF is missing from the BOOKS column since it requires
at least 21 BPK to create a trie that differentiates all of the
dataset’s keys, exceeding the allotted memory budget.
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Figure 6: Diva provides the best balance between FPR and query latency for any workload across range query sizes.

SNARF and Oasis+ match Diva’s FPR but exhibit ~ 2x
slower queries due to their slower binary searches. They also
do not support variable-length keys and dynamic operations.
Moreover, in some scenarios, such as in the OSM dataset,
Diva achieves better FPRs than SNARF by a factor of ~ 2x.
This is due to floating point errors in SNARF’s distribution
model. We exclude Oasis+ from the OSM column since its
construction takes more than 12 hours.

Proteus’ FPR is slightly lower than that of Diva under the
Books and OSM datasets (due to some redundancy of the
keys carrying over into Diva’s infixes) but is worse by orders
of magnitude under the UNIFORM and NORMAL datasets.
Moreover, Proteus’ dotted plots show that in the face of
a workload shift, its FPR shoots up for medium to long
queries, resulting in orders of magnitude higher FPRs than
Diva. Although Proteus achieves faster queries than Diva in
the absence of workload shifts, it becomes slower than Diva
by an order of magnitude in the face of a workload shift as
it performs more Bloom filter probes.

As shown in Figure 6, any filter that outperforms Diva
in terms of FPR has significantly slower queries and vice-
versa. Hence, Diva provides the best balance between FPR
and query speed across the board for variable-length range
queries. Moreover, as shown by the range size 2°, Diva is
also competitive for point queries. As we show in subsequent
experiments, Diva is also more general-purpose than its com-
petitors since it achieves all other range filtering goals.

4.2 End-to-End Evaluation

Baselines. We compare Diva to Memento filter [25] by in-
tegrating both into WiredTiger [40], a popular B-Tree-based
key-value store used to serve dynamic OLTP/HTAP work-
loads, to conduct an end-to-end evaluation. We only con-
sider Memento filter as a baseline, as it is the only baseline
with efficient dynamic operations. By default, the memory
budget of each filter is set to 16 BPK.

Dataset and Workload. We use the BOOKS dataset with
200M keys. We load a randomly chosen 6%1 fraction of this
dataset into WiredTiger, construct the filters, and insert
the remaining keys in a random order. We issue queries of
length R = 2'° with endpoints from the same distribution
and collect measurements each time the dataset size doubles.

Experiment 2: End-to-End Query Latency. Figure 7 plots
end-to-end range query latency measurements, with the x-
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mance under dynamic workloads.

axis showing the fraction of the dataset ingested. Here, each
key is associated with a 504-byte value, resulting in 512-byte
key-value pairs on disk. We configure WiredTiger with a
buffer pool that is 1% of the data size on disk. We trade
some of this memory for the range filter to draw a fair com-
parison. The curve labeled “Baseline” in Figure 7 represents
WiredTiger without a filter.

Diva speeds up WiredTiger’s query processing by as much
as three orders of magnitude. Moreover, since it supports
variable-length queries without a deteriorating FPR, it beats
Memento filter’s query latency by ~ 85x.

5. FUTURE DIRECTIONS

Diva opens up multiple fronts for future research. We are
integrating Diva into OrcaDB, our lab’s fork of RocksDB [22].
Slow range queries have long been a fundamental challenge
for LSM-trees [42, 22, 59, 37, 54, 27, 41, 34, 52, 11, 18, 25,
12], and Diva offers a general-purpose path forward for real-
world datasets and workloads. Beyond range queries, Diva
opens new research directions in storage engines, including
adaptivity [39, 55, 12] (proactively mitigating recurring false
positives) and efficient range deletes [53] (marking entire key
ranges as deleted while preventing access to deleted keys in
storage). One remaining limitation is Diva’s sensitivity to
jagged data distributions, which commonly arise in natural
language; however, we expect this issue can be addressed
through entropy-encoding techniques [31, 58] over identical
adjacent infixes.
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