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Range queries (RQ) are crucial for analytical workloads, with indexing support being essential to minimize
storage accesses. However, indexing support for RQ faces several challenges. Existing tree-based indexes
have suboptimal RQ performance and memory consumption when long-running RQs and short-lived updates
coexist. Bitmap indexes show promise in overcoming these challenges because of their small size and their
succinct and readily available query result; however, they have inherent limitations: they primarily target
read-only, low-cardinality attributes.

In this paper, we propose Range Queries with Bitmap Indexing (RABIT), a solution that addresses these
shortcomings. Our design relies on three principles. First, we propose Group Encoding (GE), a novel encoding
scheme that provides fast RQs and real-time updates while maintaining high compressibility. Second, we
propose an efficient bitvector merging mechanism for GE. Depending on the bit density of each bitvector,
we merge it in either its compressed or decompressed form, leveraging SIMD instructions when beneficial.
Third, we propose a multi-layer update framework that enables lightweight multi-versioning and native
index-only scans, while retaining single-versioned bitvectors, significantly reducing memory usage. Putting
everything together, RABIT provides efficient point and range queries on attributes with any cardinality in
tables ranging from read-only to frequently updated, unlocking the use of bitmap indexing as a general-purpose
secondary index. We demonstrate that RABIT accelerates key DBMS operators (Scan, Join, and Aggregation),
achieving substantial performance gains. In a row-store DBMS under HTAP workloads, RABIT offers up to
2.2× faster RQs, 530× faster updates, and 118× smaller footprint than tree indexes. In columnar DuckDB,
RABIT accelerates TPC-H queries by up to 14.8×.
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Data management systems.
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1 Introduction

Range Queries (RQs) are essential for analytical queries in DBMSs [37, 52, 70]. For example, over
60% of transactions in HTAP benchmarks [11, 53] and TPC-H benchmark [57] involve RQs. RQs
can be executed using either a full table scan or an index scan [28]. The latter is preferable because
it minimizes storage accesses [20] and enables index-only scans [51] on modern DBMSs.
Tree Indexes. Traditional synchronization for tree indexes is either pessimistic, using latches to
serialize RQs and updates [36], or optimistic, allowing latch-free RQs with post-validation and
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Fig. 1. RABIT introduces a novel encoding scheme, Group Encoding (GE), that enables fast range queries,
real-time updates, and significantly reduced memory usage. Combined with efficient bitvector merging and

update mechanisms, RABIT is the first bitmap index suited for RQs on frequently updated, high-cardinality

attributes in HTAP DBMSs.

possible restarts on conflicts [33]. Both approaches incur high synchronization overhead in HTAP
DBMSs, which must support atomic long-running RQs along with short-lived transactional up-
dates [29]. To improve parallelism, recent research proposed MV tree indexes [41, 48, 61, 68], which
face key limitations: (1) MV trees often adopt fine-grained versioning (e.g., per node or path), leading
to high storage overhead. (2) MV trees commonly introduce indirections (e.g., through versioned
nodes), increasing cache misses. Eliminating these indirections remains an open challenge [61, 68].
(3) Queries typically return ID lists, which must often be converted into bitvectors for efficient
downstream processing [48, 53].
Bitmap Indexing. In this paper, we propose bitmap-based secondary indexes for RQs, which
fundamentally differ from traditional tree-based indexes and offer the potential to overcome their
inherent limitations. A bitmap index targets an attribute 𝐴 with 𝑐 distinct values and associates
each value with an array of 𝑛 bits, denoted bitvector, where each bit corresponds to a tuple in the
dataset. Conceptually, these bitvectors form a 𝑐 × 𝑛 bit matrix, where the 𝑖𝑡ℎ bits of all bitvectors
collectively encode the 𝑖𝑡ℎ entry of 𝐴 using various encoding schemes. In the basic equality encoding
(EE) scheme [8], the 𝑖𝑡ℎ bit of the corresponding bitvector is set to 1, while all other bits in the
same row are set to 0. In the more advanced range encoding (RE) scheme, which offers optimal
RQ performance [8, 63], the 𝑖𝑡ℎ bits of the bitvectors corresponding to values smaller (or greater)
than the value of the 𝑖𝑡ℎ entry are set to 1. This allows to quickly find all entries that are below a
specific value simply by accessing a single bitvector. In addition to having inherent advantages
– including being space efficient [58], clustered [51], and composition-friendly for WHERE clauses
with multi-column predicates [47] – bitmap indexes increasingly benefit from modern hardware
advancements (e.g., wider SIMD instructions and larger CPU caches), making them a promising
candidate for RQs on increasingly large datasets.
Challenges. Despite their advantages, bitmap indexes have traditionally been used for read-only
attributes with a small number of distinct values (column cardinality). For instance, Oracle database
manuals suggest that “[DBAs] should keep in mind that bitmap indexes are usually easier to destroy
and re-create than to maintain” [46], and Sybase IQ’s bitmap indexes are “recommended for up to
1,000 distinct values” [56]. These limitations stem from the inherent constraints of the two dominant
bitmap encoding schemes (EE and RE) when applied to RQs, particularly in HTAP workloads. EE
provides high compressibility and supports efficient updates [3, 58], but suffers from low RQ
performance due to the cost of merging many compressed bitvectors for high-cardinality attributes.
RE offers strong RQ performance but introduces significantly more 1s, reducing compressibility and
increasing storage update costs severely (§3). A few DBMSs like Oracle have partially addressed this
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by enabling bitmap indexes for medium-cardinality attributes [47], but their proprietary designs
leave these challenges unresolved for the broader database community.
Our Approach. In this paper, we propose RABIT, a novel bitmap indexing design that addresses
the core challenges of supporting RQs under HTAP workloads. As illustrated in Figure 1, RABIT
introduces a novel encoding scheme GE. Combined with efficient merging and update mechanisms
for GE, RABIT supports fast, wait-free RQs and real-time updates with minimum memory overhead
on attributes with any cardinality in tables ranging from read-only to frequently updated. Our
design introduces the following key components.
Group Encoding (GE). At the core of RABIT is a new encoding scheme, named Group Encoding

(GE), designed to replace RE for efficient RQs on frequently updated, high-cardinality attributes
(§4.1). GE eliminates RE’s encoding redundancy (i.e., excessive 1s per row) via a more compact
design: each distinct value is associated with a point bitvector, while each group of contiguous
values shares a cumulative bitvector that stores the logical sum (bitwise OR) of all point bitvectors
in the group. This design offers three key advantages. (1) Point bitvectors are highly compressible,
making GE as space-efficient as EE and orders of magnitude smaller than RE. (2) Each Update,
Delete, and Insert operation (hereafter, UDI ) flips at most four bits, matching EE’s update efficiency
and outperforming RE by orders of magnitude. (3) RQs sum a few cumulative bitvectors and point
bitvectors from boundary groups, achieving RE-like speed with far fewer ORs than EE.
Efficient Bitvector Merging.We propose a novel bitvector merging mechanism tailored for GE (§4.2).
During query execution, an intermediate bitvector (IB) is maintained in decompressed form, with
its bit density (the proportion of 1s) increasing as more operand bitvectors are ORed during an
RQ. When the bit density of an operand bitvector 𝐵 falls below a predefined threshold, which is
common for point bitvectors on high-cardinality attributes, 𝐵 remains compressed during merging.
This allows efficient skipping over most of the decompressed IB and fast location and bit-flipping
of the corresponding bits. Conversely, when 𝐵 has higher bit density, typically with cumulative
bitvectors, we decompress 𝐵 before merging it with IB, enabling efficient use of SIMD instructions.
We further extend state-of-the-art bitvector segmentation [3, 14, 35, 58] with a group-based design
that performs logical operations at the segment group level, significantly reducing capacity cache
misses [24]. As a result, our approach efficiently merges thousands of GE bitvectors.
Multi-Layer Update Architecture.RABIT adopts amulti-layer, out-of-place update architecture (§4.4).
The first layer, a per-RABIT-instance log, compactly records UDI operationswith versioningmetadata,
enabling UDIs to be applied atomically by appending to the log. Logged updates are periodically
propagated to the second layer, update buffers associated with bitvector segments. When full, an
update buffer is flushed into the corresponding bitvector. This architecture offers three key benefits.
(1) RQs run independently of concurrent UDIs and can retrieve snapshots on demand, enabling
index-only scans. (2) UDIs are lightweight, and a single background thread is sufficient to keep
bitvectors up to date. (3) The majority of RABIT (bitvectors) remains single-versioned, avoiding
the memory overhead typically associated with multi-versioning and making RABIT orders of
magnitude more space-efficient than MV tree indexes [48, 61].
RABIT’s Impact on Practical Systems. RABIT is the first bitmap index that supports efficient
point and range queries, even on frequently updated, high-cardinality attributes. As a result, RABIT
benefits HTAP systems, significantly accelerating their analytical queries. We demonstrate this by
integrating it into DuckDB (§5.4) and an in-house DBMS with key components from PostgreSQL
(§5.5), using an HTAP workload. Our evaluation shows that RABIT not only reduces columns (in
column-stores) and pages (in row-stores) read from the storage for RQs, but also provides sufficient
metadata for join and aggregation operations, eliminating the need to build intermediate data
structures such as hash tables for joins.
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Contributions. In summary, we make the following contributions.

• We propose group encoding (GE), the first bitmap index encoding scheme for frequently
updated, high-cardinality attributes. We also provide cost models to guide static parameter
tuning for optimal RQ performance and space efficiency.

• We propose the first public mechanism for efficiently merging GE bitvectors across both low-
and high-cardinality attributes.

• We propose a lightweight MV and update architecture for bitmap indexes, enabling wait-free
RQs while maintaining a compact size through single-versioned bitvectors.

• These contributions collectively form RABIT, a bitmap indexing solution that offers efficient
RQs. On synthetic workloads with varying UDI ratios and query ranges (§5.1), RABIT achieves
14×–52× (37×–118×) higher throughput than traditional EE (RE).

• We integrate RABIT into an in-house row-store DBMS. On HTAP workloads, RABIT out-
performs state-of-the-art tree indexes (B+-Tree, Bw-Tree, ART, and P-Tree) with 1.6×–2.2×
faster RQs, 130×–530× faster updates, and 12.4×–118× better space efficiency (§5.4).

• We integrate RABIT into the columnar DuckDB to accelerate analytical queries. In evaluation,
the RABIT-powered query engine outperforms DuckDB by 1.4×–14.8× on 12 out of 22 TPC-H
queries with performance choke points (§5.5).

2 Background on Bitmap Indexes
We now provide the necessary background on bitmap indexes, leaving the challenges of using them
for RQs to the next section.

2.1 Bitmap Index and Encoding Schemes Basics

Bitmap Indexes. The first binary-encoding-based indexing structure [63] proposes assigning a
bit array for each distinct value of an indexed attribute 𝐴, with each bit corresponding to a tuple.
Subsequent bitmap index designs [43, 44, 64] highlight their unique organization in the form of a
bit-matrix, where each row-wise bitvector encodes the corresponding entry in 𝐴, with the matrix
physically stored in a columnar manner. In its basic form, called equality encoding (EE) [7], a bitmap
index associates one bitvector with each distinct value of 𝐴, resulting in a total of 𝐶 bitvectors,
where 𝐶 is the cardinality of the indexed attribute. The 𝑘𝑡ℎ bit of each bitvector is set to 1 if the 𝑘𝑡ℎ
row of the attribute is equal to the corresponding value; otherwise, it is set to 0. Figure 2a illustrates
the projection on an attribute 𝐴 with cardinality = 10, and Figure 2b the corresponding EE bitmap
index. Since each bitvector contains a few 1s, the bitvectors are highly compressible. EE bitmap
indexes are well-suited for point queries of the form “𝐴 = 𝑥” or “𝐴 ≠ 𝑥”. However, they require
bitvector merging for RQs (e.g., “𝐴 ≤ 𝑥” and “𝑥1 ≤ 𝐴 ≤ 𝑥2”), with a cost proportional to the number
of bitvectors involved. Our evaluation shows that as cardinality increases, RQ performance using
EE bitmap indexes degrades sharply (§5.1).

To address this issue, advanced encoding schemes like range encoding (RE) and interval encoding

(IE) have been proposed [7, 8]. Both RE and IE encode each entry by using more bits to facilitate
RQs. In this paper, we use RE as a representative example of these encodings. In RE, the bits
of the bitvectors of values less than or equal to (or greater than, depending on the encoding
formats) a given value 𝑣𝑎𝑙 are set to 1s, as illustrated in Figure 2c. RE bitmap indexes offer excellent
RQ performance because each query can be answered by reading only one or two bitvectors.
However, this comes at the cost of reduced compressibility: the higher density of 1s makes the
bitvectors difficult to compress, resulting in RE indexes multiple times larger than the base data [38].
Additionally, updates become significantly more expensive because each update must modify, on
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Fig. 2. (a) Attribute𝐴with cardinality𝐶 = 10, (b) the corresponding EE bitmap index, and (c) the corresponding

RE bitmap index with a “𝑅𝑣 : 𝐴 ≤ 𝑣” encoding scheme. RE bitmap indexes can only be used for read-only,

low-cardinality attributes because (1) the bitvectors in the middle range are barely compressible, (2) each UDI

flips bits in many bitvectors, incurring high update cost, and (3) the bitvectors on the right-hand side are

updated frequently, leading to high contention.

average,𝐶/2 bitvectors, and hence the state-of-the-art update process is not directly applicable. We
discuss these challenges in more detail in §3.

2.2 Bitvector Compression
Bitvectors are commonly compressed to remove long runs of 0/1s by using variations of Run-Length
Encoding (RLE) [1, 10, 14, 19, 66]. In particular, one popular compression algorithm is Word-Aligned
Hybrid (WAH) [66] that splits the original bit-string into 31-bit (or 63-bit for the 64-bit variant)
words that fall into two categories: words that only contain 1s or 0s and words that are both mixed.
The former is encoded by using the run-length encoding (denoted fill words), and the latter is
recorded literally (denoted literal words). After compression, for each word, the most significant bit
indicates the word type (either fill or literal). A literal word uses the remaining 31 bits to verbatim
store the original bit-string, while a fill word uses the second to the most significant bit to indicate
if the original bit-string is all 0s or 1s, and the remaining bits to keep track of the number of words
of the bit-string. When few interrupt bits interleave with long runs (e.g., a single 1 in a long run
of 0s), CONCISE [10] and PLWAH [14] improve the compression ratio of WAH, by borrowing a
few bits from a fill word to record a single interrupt bit before or after this fill word, saving the
corresponding literal word. Similarly, Compax [19] introduces two new word types that borrow
more bits from a fill word to record two interrupt bits and save two adjacent literal words. Another
approach to addressing moderate interrupt bits is to shorten the word length. For example, Variable
Length Compression (VLC) [12] allows choosing arbitrary word lengths for each bitvector, each
encoded as in WAH. However, choosing appropriate word lengths is difficult; misaligned lengths
across VLC bitvectors can severely degrade query performance.

Roaring bitmaps [35] divide the column data into fixed-size containers. Depending on the density
and distribution of set bits, each container is encoded as a position array, an uncompressed bitmap,
or a run-length encoded bitmap. While Roaring offers a better trade-off between compression and
query performance, it involves structure modifications during updates (i.e., switching between
array and bitmap containers). We thus adopt WAH [66] in RABIT.
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Fig. 3. State-of-the-art updatable bitmap index designs. (a) UpBit uses out-of-place updates to reduce the

overheads of UDIs. (b) CUBIT further introduces multi-versioning to allow queries and UDIs to run in parallel.

CUBIT only supports EE bitmap indexes, in which each UDI flips at most two bits.

2.3 Updatable Bitmap Indexes
Prior work on update-aware EE bitmap indexes [3, 6, 58] mainly leverages out-of-place updates [3]
and multi-versioning techniques [58] to reduce the overhead of UDIs. However, these approaches
face significant challenges when applied to RE bitmap indexes (§3).
UpBit adopts out-of-place UDIs to avoid frequent modifications to compressed bitvectors. For each
Value Bitvector (VB), it maintains an associated Update Bitvector (UB) to track changes. Figure 3a
illustrates the UpBit instance on an attribute with values 10, 20, and 30. Updating the 5𝑡ℎ row from
value 20 to 30 involves flipping the 5𝑡ℎ bits in the UBs for both values. Similarly, Delete(7) flips
the 7𝑡ℎ bit of the corresponding UB. Since UBs are sparse and highly compressible, bit flipping is
lightweight, making UpBit’s UDIs efficient. A point query XORs the corresponding <VB, UB> pair
to reconstruct the up-to-date bitvector, and a range query ORs the resulting bitvectors. As UDIs
accumulate (i.e., more 1s appear in UBs), UpBit periodically merges <VB, UB> pairs, generating
new VBs and resetting UBs to empty [3]. UpBit uses a reader-writer latch to protect each <VB, UB>
pair during concurrent queries and UDIs, but this design introduces high contention at scale [58].
CUBIT also uses out-of-place updates by representing each UDI as a delta of the row-wise bit-string
in the bit matrix, termed Horizontal Update Delta (HUD). Each HUD is compactly stored as a list
of positions, <row_id, n_ones; p1, p2, ...>, where n_ones is the number of 1s in the HUD, followed
by their positions. UDIs commit by appending their HUDs to the end of a per-CUBIT-instance
log, called Delta Log. To facilitate concurrent queries and UDIs, each HUD includes a timestamp
indicating the commit time of the update. Figure 3b illustrates CUBIT starting from the same bitmap
index as in Figure 3a. Changing the 5𝑡ℎ tuple to 30 would flip bits in the VBs of values 20 and 30.
Instead, CUBIT logs this update as a delta in the HUD <5,2;2,3>, indicating that the 5𝑡ℎ bits in the
2𝑛𝑑 and 3𝑟𝑑 VBs should be flipped since timestamp 1. Similarly, deleting the 7𝑡ℎ row is recorded by
appending the HUD <7,1;3> with the timestamp set to 2. A query retrieves a start timestamp and
then traverses the Delta Log, collecting HUDs committed before it started. Applying different HUD
sets to VBs yields various snapshots of the index.
As UDIs accumulate, CUBIT periodically flushes HUDs into VBs, maintaining multiple VB

versions as a linked list. In each version chain, a new VB instance 𝐵 has a greater commit timestamp
than its predecessor instance 𝐴 and is equivalent to 𝐴 merged with a HUD set. Each instance
contains a shortcut pointer start-delta. Each flush operation inserts a synthetic HUD at the tail of the
Delta Log and sets the shortcut pointer start-delta of 𝐵 to it, shortening future query traversal. As
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an example, in Figure 3b, a new version of the VB for value 30 is created at timestamp 5 and linked
into its version chain. Subsequent queries with start-ts > 5 traverses the version chain of value
30, chooses the latest VB instance with commit-ts = 5, and then traverses the Delta Log via the
shortcut pointer start-trans, effectively skipping the HUDs already incorporated into the new VB.

3 Challenges using Range Encoding
RE-based bitmap indexes offer optimal RQ performance [8]. However, they face significant chal-
lenges for indexed attributes with updates or high cardinality, as illustrated in Figure 2c.
(1) Compression Limitation. RLE-based compression mechanisms are primarily effective for
sparse bitvectors. For example, WAH is effective only when the proportion of 1s in a bitvector
(denoted bit density) is below 5% (or above 95%) [67]. Its successors, such as CONCISE and PLWAH,
extend this limitation slightly to below 10% [14]. Other hybrid methods (e.g., Roaring [35]), which
combine value-list encoding and RLE techniques, do not effectively support sparse bitvectors
beyond the density limitations of WAH.

In RE bitmap indexes, most bitvectors have high bit density since each column value is encoded
by 𝐶/2 1s, where 𝐶 (the cardinality) can reach millions in real-world datasets. This produces
compression-unfriendly bitvectors in the middle range of the value domain, as shown in the red-
dotted box in Figure 2c. Because their size grows nearly linearly with attribute cardinality, RE
indexes are impractical for high-cardinality attributes.
(2) Increased UDI Cost. Each UDI to an RE bitmap index flips bits in approximately𝐶/2 bitvectors,
orders of magnitude more costly than updating its EE counterpart, where each UDI flips only one
or two bits uniformly across all bitvectors. For example, Figure 2c illustrates that updating the
7𝑡ℎ row to value 0 requires flipping bits in the bitvectors from 𝑅0 to 𝑅8. Due to this substantial
overhead, existing updatable bitmap indexes [3, 6, 58] are ill-suited for RE bitmap indexes, which
are thus limited to read-only datasets.
(3) Hotspot Bitvectors. RE bitmap indexes contain hotspot bitvectors since each UDI has a very
high probability ((𝐶 − 1)/𝐶) of updating the right-most bitvector, as illustrated by the blue solid
box in Figure 2c. Similarly, the second right-most bitvector has a probability of (𝐶 − 2)/𝐶 of
being updated, and so forth. Conventional latch-based synchronization strategies, which serialize
queries and UDIs, significantly increase contention at these hotspots. Under high concurrency, this
results in long waiting chains where queries and UDIs wait for preceding operations to complete,
dramatically deteriorating P99 query latency [58].

4 RABIT Design
We now discuss RABIT’s semantics, design, and key building blocks.
Semantics. RABIT conforms to the standard database index specifications [51] and supports (point
and range) Query, Update, Delete, and Insert operations. The Query operation returns a bitvector
or an ID list. It guarantees wait-free progress for queries [27], ensuring their completion without
interference from concurrent UDIs.

4.1 Group Encoding (GE)
Intuition. As discussed in §3, although RE is read-optimal (but not space-optimal) for RQs, it
encounters further challenges when extending beyond read-only, low-cardinality use cases. The
core issue is that each value is encoded using ∼𝐶/2 bits distributed across multiple bitvectors, as
illustrated in Figure 4a. We thus tailor RE by eliminating most redundant encoded information,
retaining only what is essential for efficient point and range queries. This design enhances bitvector
compressibility and limits the number of bitvectors each update must modify. Our new encoding
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encoded using on average 𝐶/2 bits, where C = cardinality. In contrast, GE requires only two bits per entry,

addressing the challenges associated with RE bitmap indexes discussed in §3.

scheme, Group Encoding (GE), thus significantly improves update efficiency and space utilization,
while preserving the performance of RQs.
Preliminaries. Similar to prior work, we assume that the indexed attribute has a domain with
cardinality 𝐶 that has a unique order which is mapped w.l.o.g. to the integers {0, 1, . . .𝐶 − 1}.
Organization. Similar to EE, GE assigns a distinct point bitvector to each unique value, offering high
compressibility for attributes with large cardinalities. Additionally, GE partitions the value domain
of the indexed attribute into groups of size 𝐺 , and maintains a cumulative bitvector that aggregates
all point bitvectors in each group. Consequently, a GE bitmap index comprises 𝐶 compressed point
bitvectors and ⌈𝐶/𝐺⌉ cumulative bitvectors, as illustrated in Figure 4b. Formally, we denote the 𝑗𝑡ℎ

point bitvector in the 𝑖𝑡ℎ group as 𝑃 𝑗

𝑖
, and the 𝑖𝑡ℎ cumulative bitvector as 𝐴𝑖 . Thus, we have:

𝐺𝐸 ≔ {𝑃00 , 𝑃
1
0 , ..., 𝑃

𝐺−1
0 , 𝐴0, 𝑃

0
1 , ..., 𝑃

𝐺−1
1 , 𝐴1, ..., 𝑃

0
𝐶/𝐺−1, ..., 𝐴𝐶/𝐺−1} (1)

Additionally, a trailing group [𝑃0
𝐶/𝐺 , ..., 𝐴𝐶/𝐺 ] may exist with group size less than 𝐺 . Evaluating

point queries with a GE bitmap index is as efficient as reading a single point bitvector, as follows:

“𝑋 = 𝑣” ≔ 𝑃𝑣 mod 𝐺
⌊𝑣/𝐺 ⌋ (2)

For one-sided RQs of the form 𝑋 ≤ 𝑣 , GE aggregates all cumulative bitvectors 𝐴𝑖 with 𝑖 ≤ ⌊𝑣/𝐺⌋.
Additionally, if 𝑣 crosses a group boundary and falls into the subsequent group, GE also sums the
corresponding point bitvectors in the last group, as shown below:

“𝑋 ≤ 𝑣” ≔



⌊𝑣/𝐺 ⌋∨
𝑖=0

𝐴𝑖 If (𝑣 + 1) mod 𝐺 = 0,

©­«
⌊ (𝑣−𝐺 )/𝐺 ⌋∨

𝑖=0
𝐴𝑖

ª®¬
∨ (

𝑣 mod 𝐺∨
𝑖=0

𝑃𝑖⌊𝑣/𝐺 ⌋

)
Otherwise.

(3)

GE achieves similar performance for other predicates. Specifically, a predicate in the form of 𝑋 > 𝑣

is evaluated by applying a bitwise logical NOT to the resulting bitvector of the predicate 𝑋 ≤ 𝑣 .
Similarly, 𝑋 < 𝑣 is transformed to the predicate 𝑋 ≤ (𝑣 − 1). For two-sided queries of the form
𝑣1 ≤ 𝑋 ≤ 𝑣2, evaluation proceeds similarly to the predicate 𝑋 ≤ 𝑣2 (Equation 3) but begins
aggregation from the first group fully contained within the range [𝑣1, 𝑣2]. If 𝑣1 crosses a group
boundary, GE additionally sums the relevant point bitvectors from the preceding group.
Benefits. Figure 5 illustrates the GE bitmap index equivalent to the one shown in Figure 2. In
addition to RE-like range and EE-like point query performance, our GE approach offers two benefits.
Space Efficiency. For high-cardinality attributes, the point bitvectors contain a small number of 1s,
making them highly compressible. In this scenario, GE reduces the memory footprint by ∼𝐺×
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Fig. 5. The GE bitmap index equivalent to the one shown in Figure 2. By eliminating redundant encoding in

RE and retaining only essential information, GE (1) substantially reduces the space overhead as its bitvectors

become highly compressible, and (2) dramatically decreases the UDI overhead by minimizing the number of

bit flips.

compared to its RE counterpart. For instance, when 𝐺 = 1, 600, GE reduces memory consumption
by 1310×, from 1TB to ∼800MB (see §5.3).
Update Friendliness. Each insert and delete operation in GE flips two bits in the underlying bit-matrix
(one in the point bitvector and another in the cumulative bitvector of this group). In contrasts,
RE requires flipping ∼𝐶/2 bits. Similarly, each update operation in GE flips four bits, orders of
magnitude fewer than the bits flipped in the RE update.
Alternative Query Evaluation. Given a predicate 𝑋 ≤ 𝑣 , if the qualifying values cross group
boundaries, we have two candidate evaluation methods. The first approach, illustrated in Equation
3, involves GE performing a logical OR on 𝑣 mod 𝐺 point bitvectors within the last group, then
summing this result with the cumulative bitvectors. Alternatively, GE can aggregate the cumulative
bitvector of the last group and perform logical XORs among the resulting bitvector and the remaining
𝐺 − (𝑣 mod 𝐺) point bitvectors in the group, effectively subtracting them. For attributes with high
cardinality and large group sizes (e.g., thousands), when 𝑣 is close to the last group’s boundary, the
latter approach significantly reduces the number of OR operations. We quantify these costs in §4.2.
Cost. Compared to the most query-efficient encoding, RE, the GE scheme introduces additional
merge operations for RQs: (1) merging the cumulative bitvectors within the query range, and (2)
merging the point bitvectors from the first and last groups when the query range spans group
boundaries. We address these challenges by proposing new bitvector merging mechanisms (§4.2)
and demonstrate that the associated overhead is predictable (§4.3).

4.2 RangeQuery (RQ) in RABIT
Executing RQs on GE requires ORing (1) a few cumulative bitvectors and (2) a set of point bitvectors
when an RQ spans the boundaries of the first and last groups. To efficiently merge these bitvectors
with varying bit densities, RABIT introduces a merging mechanism inspired by prior work [23, 35,
63]. We use the RQ predicate “𝐴 ≤ 8” on the RABIT instance in Figure 5 to illustrate the mechanism.
1○ Initializing Intermediate Bitvector (IB). RABIT first creates a private copy of the cumulative
bitvector of the first group fully covered by the query range as an intermediate bitvector (IB).
In our example, the cumulative bitvector 𝐴0 is selected. As IB’s bit density increases throughout the

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 354. Publication date: December 2025.



354:10 Junchang Wang, Fu Xiao, and Manos Athanassoulis

Table 1. Notations in RABIT’s performance model.

Data

𝑁 Number of values
𝐶 Cardinality of the indexed attribute
𝑆𝑢 Size of uncompressed bitvector (𝑁 /8)

𝑟comp Compression ratio of point bitvector
𝑆𝑐 Size of compressed point bitvector (𝑆𝑢/𝑟comp)
𝑇𝑑𝑐 Time to decompress point bitvector

HW

𝑇𝑐 Time to access LLC (s)
𝐵𝑐 LLC bandwidth (GB/s)
𝐵𝑚 Memory bandwidth (GB/s)
𝐸𝑜𝑟 CPU speed for executing bitwise OR (GB/s)

RABIT 𝐺 Group size of GE

Query
𝑅 Query Range
𝑁𝑎 # cumulative bitvectors ORed in the query (⌊𝑅/𝐺⌋)
𝑁𝑝 # point bitvectors ORed in the query (𝑅 mod 𝐺)

query, IB is maintained in a decompressed form to enable efficient merging. Since IB is frequently
used and segmented (§4.4), it is safe to assume it resides in the CPU’s last-level cache.
2○ ORing Cumulative Bitvectors.RABIT thenmerges the cumulative bitvectors of subsequent groups
fully covered by the query range into IB. In our example, only the cumulative bitvector𝐴1 is merged.
Because these bitvectors have high bit density (e.g., > 2%) and low compressibility, RABIT main-
tains them in decompressed form to facilitate efficient merging with IB. This approach optimizes
the merging process for modern SIMD operations by eliminating if-else branches and enhancing
hardware prefetching.
3○ ORing Point Bitvectors.When an RQ spans group boundaries, point bitvectors from the first and
last groups are also merged. In our example, only 𝑃02 is merged. These bitvectors contain very few 1s
and are thus highly compressible. For example, each bitvector of RABIT on the l_orderkey attribute
of the LINEITEM table in TPC-H contains ∼4 1s and is ∼16 bytes long. RABIT performs logical OR
directly on these compressed point bitvectors, skipping most portions of IB during merging.

4.3 Group Size vs. Memory vs. Performance
For GE, using a smaller group size reduces the cost of merging point bitvectors but increases
memory usage and the cost of merging cumulative bitvectors. To help users navigate these tradeoffs,
we develop a memory consumption model and a performance model. Table 1 summarizes the
parameters and notations used.
Memory Consumption Modeling. The size of a GE bitmap index consists of (1) point bitvectors,
calculated as 𝐶 · 𝑆𝑐 , with the same compression ratio as EE, and (2) decompressed cumulative
bitvectors, calculated as ⌈𝐶/𝐺⌉ ·𝑆𝑢 . The total size of a GE bitmap index is 𝑆 (𝑁,𝐶,𝐺) = 𝐶 ·𝑆𝑐 +⌈𝐶/𝐺⌉ ·
𝑆𝑢 . Our evaluation shows that for uniformly distributed datasets and using WAH compression with
32-bit words, the compression ratio of a bitvector can be approximated by 𝑟comp ≈ 𝐶 · 𝛼 . When the
cardinality 𝐶 of the indexed attribute exceeds 50, then 𝛼 ≈ 0.016, which aligns with the findings
reported by the WAH authors [65]. Thus, the additional memory overhead ratio compared to its EE
counterpart can be expressed as:

𝑂𝑣𝑒𝑟ℎ𝑒𝑎𝑑𝐺𝐸 (𝐶,𝐺) =
⌈𝐶/𝐺⌉ · 𝑆𝑐 · 𝑟comp

𝐶 · 𝑆𝑐
≈
𝑟comp

𝐺
≈ 𝐶 · 0.016

𝐺
(4)
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When the group size 𝐺 is set from 1/2 to 1/32 of 𝐶 , GE consumes 3%–51% more memory than EE
(the most compressed), which aligns with our evaluation (§5.1).
Performance Modeling. As discussed in §4.2, a typical query process is divided into three stages.
In stage 1○, data is sequentially read from the first cumulative bitvector in memory and written
to IB, which resides in the cache. The latency of this stage is 𝑇𝐶 = 𝑆𝑢/𝐵𝑚 + 𝑆𝑢/𝐵𝑐 . In stage 2○,
𝑁𝑎 cumulative bitvectors are read from memory, saturating the memory bandwidth. Each of
them is merged with IB in the cache, followed by a write-back to IB. The latency of this stage is
𝑇𝐴 = 𝑁𝑎 · (𝑆𝑢/𝐵𝑚 + 𝑆𝑢/𝐸𝑜𝑟 + 𝑆𝑢/𝐵𝑐 ). In stage 3○, 𝑁𝑝 point bitvectors, which are highly compressed,
are read from memory. They are decompressed and used to flip the corresponding bits in IB. The
latency of this stage is 𝑇𝑃 = 𝑁𝑝 · (𝑆𝑐/𝐵𝑚 +𝑇dc +𝑇𝑐 · 𝑁 /𝐶).

Our evaluation shows that the time to decompress aWAH bitvector (𝐶 > 50) scales approximately
linearly with its compression ratio, which we denote as 𝛽 . This observation aligns with prior
findings [23]. The overall indexing time using RABIT is calculated as follows:

𝑇𝐺𝐸 (𝑁,𝐶,𝐺, 𝑅) =
(
𝑆𝑢

𝐵𝑚
+ 𝑆𝑢
𝐵𝑐

)
+ 𝑁𝑎 ·

(
𝑆𝑢

𝐵𝑚
+ 𝑆𝑢

𝐸𝑜𝑟
+ 𝑆𝑢
𝐵𝑐

)
+ 𝑁𝑝 ·

(
𝑆𝑐

𝐵𝑚
+𝑇dc +𝑇𝑐 ·

𝑁

𝐶

)
≈ 𝑁𝑎 ·

(
𝑆𝑢

𝐵𝑚
+ 𝑆𝑢

𝐸𝑜𝑟

)
+ 𝑁𝑝 ·

(
𝑆𝑢

𝐵𝑚 · 𝑟𝑐𝑜𝑚𝑝

+ 𝑆𝑢 · 𝛽
𝑟𝑐𝑜𝑚𝑝

+ 𝑇𝑐 · 𝑁
𝐶

)
≈ 𝑅

𝐺
·
(
𝑆𝑢

𝐵𝑚
+ 𝑆𝑢

𝐸𝑜𝑟

)
+ (𝑅 mod 𝐺)

(
𝑆𝑢 · (1 + 𝐵𝑚 · 𝛽)

𝐵𝑚 ·𝐶 · 𝛼 + 𝑁 ·𝑇𝑐
𝐶

)
The query latency equation takes four input parameters, while the remaining variables are deter-
mined by the system environment (both hardware and software). The equation reveals several
important principles of using the GE encoding scheme. First, the group size𝐺 should be smaller
than most query ranges; otherwise, GE degrades into EE when the query range is smaller than
𝐺 . Second, a moderate group size 𝐺 reduces the number of ORed point bitvectors to an average
of 𝐺/2, which is orders of magnitude smaller than 𝐶 . However, 𝐺 can not be too small, which
increases the number of cumulative bitvectors that must be ORed, introducing a tradeoff. Third, the
equation reveals that the cost of merging each point bitvector scales inversely with the cardinality𝐶 .
Therefore, for high-cardinality attributes, it is reasonable to increase the group size 𝐺 accordingly.
Taking these insights into account, and informed by our memory consumption model, we set the
default group size 𝐺 = 𝐶/16 unless otherwise specified throughout the paper.

4.4 RABIT Updates
RABIT is designed to efficiently support real-time UDIs on high-cardinality attributes, focusing on
three primary goals: (G1) Ensuring that queries are non-blocking and can execute concurrently
with update and flush operations. (G2) Minimizing the overhead of updates. (G3) Addressing the
memory usage limitations inherent in using MV to achieve the first two goals.
Multi-Versioning. Similar to prior research [2, 58], RABIT employs out-of-place updates and
multi-versioning with timestamps to enable parallel execution of queries and UDIs (note that we
adopt CUBIT’s terminology for consistency). Specifically, each UDI modifies a row in the conceptual
bit-matrix (Figure 5). Instead of directly modifying bitvectors, which involves the expensive decode-
flip-encode process, RABIT records the delta information in a per-RABIT-instance log, called Delta

Log, to record committed UDIs. As discussed in Section 4.1, with GE, each UDI flips at most four
bits. To compactly represent update information, RABIT adopts CUBIT’s Horizontal Update Deltas
(HUDs), which stores each update as <row_id, n_ones; p1, p2, ...>, where n_ones indicates the number
of bits set to 1 in the HUD, followed by their positions. The Delta Log consists of instances of UDI log
entries, named (ULE), each of which contains the timestamp (commit-ts, in the bottom-right corner
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Update(7, 0)

Delete(8)

Insert(5)

Fig. 6. RABIT incorporates out-of-place updates, bitvector segmentation, multi-versioning with timestamping,

and a multi-layer update framework to enable wait-free RQs and real-time UDIs with minimal space overhead.

of each ULE). The corresponding operations and the generated HUDs are listed on the right-hand
side of the ULEs. To support multi-versioning, RABIT maintains a TIMESTAMP counter, which is
read at the start of each query and incremented by successful UDIs. UDIs commit by appending
their update information in the form of ULE in chronological order, while queries traverse the
Delta Log to retrieve the relevant HUD sets based on their starting timestamps.
As a concrete example, Figure 6 illustrates the basic architecture of RABIT that is initially

equivalent to Figure 5b. An update operation changing the 7𝑡ℎ row to value 0 appends a ULE
containing the HUD <7,4;𝑃00 ,𝐴0,𝑃12 ,𝐴2> to the Delta Log. Similarly, a delete operation removing the
8𝑡ℎ row, and an insertion of value 5 are performed by appending ULEs containing their HUD at the
tail of the Delta Log. Queries with timestamp values of 1 and 3 retrieve different HUD sets, which,
when incorporated into the bitvectors of RABIT, result in different snapshots of the bitmap index.
The basic architecture helps RABIT to partially achieve the design goals G1 and G2.
Bitvector Segmentation. In RABIT, background maintenance threads flush update information
from the Delta Log into bitvectors (§4.5), reducing the need for queries to traverse a long log. To
minimize flush overhead, RABIT employs segmentation that divides each bitvector into fixed-raw-
size segments, with each segment independently compressed, as shown in Figure 6. Segmentation
benefits flush operations by limiting the cost of generating new versions of segments, partially
contributing to G2.
Concurrency Issue. Segmentation raises challenges in synchronizing queries with flush operations.
The common approach relies on latches to serialize these operations. However, coarse-grained
latching (e.g., per bitvector) results in performance degradation under high concurrency, undermin-
ing design goals G1 and G2. On the other end, a fine-grained (e.g., per-segment) latching strategy
risks query correctness. Consider a scenario where a flush operation latches the segments before
updating, and a query operation acquires a segment’s latch, reads the segment, and then releases
the latch. Suppose a query 𝑄1 from a thread 𝑇1 is reading the middle segment of a bitvector. If
an update 𝑈 1 from another thread 𝑇2 is flushed into a segment that 𝑄1 has already read, and a
subsequent update 𝑈 2 from the same thread 𝑇2 is flushed into a segment that 𝑄1 has not read
yet, the result is that 𝑇1 observes the effects of 𝑈 2 but not 𝑈 1, even though 𝑈 1 was successfully
committed before𝑈 2. To address this issue, RABIT replaces latches with MVCC and a multi-layer
update framework (§4.5). This design enables wait-free queries that complete in a finite number
of steps, even while updates are in progress, ensuring that the RQ performance modeling in §4.3
remains valid even under heavy updates.
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Fig. 7. A flush operation incorporates an update buffer into a bitvector by: (1) allocating a new bitvector

segment, (2) copying the contents of the old version, (3) incorporating the update buffer into the new segment,

(4) swapping the two segments, and (5) reclaiming the old segment using RCU.

4.5 Flush Operation
Per-Segment Update Buffer. Each segment maintains a bitvector and an associated update

buffer, an array of <ID, timestamp> pairs that record the bits to be flipped in the bitvector and
the corresponding timestamps indicating when the flips should have taken place. Both the ID
and timestamp are 64-bit integers, allowing each <ID, timestamp> pair to be read and written
atomically on most modern CPUs. Figure 7 zooms in the first segment of the bitvector 𝑃00 , where
the maintenance thread has written the first two related HUDs into its update buffer.
Benefits. Per-segment update buffers batch flushing updates from the Delta Log to bitvectors, and
enable multi-versioning (§4.6). That way, queries can be executed independently alongside flush
operations, thus achieving design goals G1 and G2. Furthermore, update buffers allow the major
body of RABIT (i.e., bitvectors in segments) to be single-versioned, eliminating the need for storing
versioning information and enabling a higher compression ratio. This significantly reduces RABIT’s
space overhead, in particular when long-running RQs and frequent updates run in parallel, making
RABIT orders of magnitude smaller than MV-based tree indexes, achieving design goal G3.
Flush using Embarrassing Parallelism. RABIT’s flush procedure involves a single flush scheduler
and multiple flush worker threads, as shown in Figure 7. The scheduler periodically traverses the
Delta Log from its HEAD, collects HUDs that specify rows requiring bit flips in a row-major format,
transposes them to column-major format, and identifies the bitvectors to update. It then partitions
the bitvectors among worker threads, an embarrassingly parallel task [27] with no inter-thread
communication. Each worker thread (1) updates the update buffers in the corresponding segments
and (2) incorporates update buffers into the bitvector segments when needed. For example, Figure 7
shows the scheduler thread fetching the two oldest HUDs <7,4;𝑃00 ,𝐴0,𝑃12 ,𝐴2> and <8,2;𝑃00 ,𝐴0> from
the Delta Log and distributing the bit-flipping tasks. The flush worker thread for bitvector 𝑃00 then
writes <7,1> and <8,2> to the update buffer of the first segment.
Benefits. This flush process simplifies the synchronization in RABIT in three key ways. (1) The Delta
Log has a single consumer (the dispatcher), making it a multi-producer-single-consumer concurrent
list, simplifying synchronization between UDI and flush operations. (2) Each update buffer is
updated by only one flush worker thread at a time, simplifying it to a single-writer-multiple-reader
structure. (3) A flush worker thread atomically writes bit-flip information with timestamps, while
queries atomically read and validate them using their start timestamps. This eliminates the need
for latches on update buffers, making RABIT’s queries wait-free.
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Incorporating Update Buffer. When the update buffer of a segment becomes full, the flush
worker thread uses an epoch-based approach to determine whether it is appropriate to incorporate
the updates into the single-versioned bitvector. Specifically, it assesses (1) the earliest start-ts among
all active queries (denoted as𝑇𝑆𝑞) by querying the DBMS or an RCU [40] manager, and (2) the latest
commit-ts of all entries in the update buffer (denoted as 𝑇𝑆𝑐 ). The flush operation proceeds only
when 𝑇𝑆𝑞 > 𝑇𝑆𝑐 , ensuring that all current and future queries only access the resulting bitvector
of the flush. When this condition is met, the flush worker thread allocates a new segment by
incorporating the update buffer into the old segment’s bitvector. Figure 7 illustrates incorporating
the update buffer into the first segment of bitvector 𝑃00 . The old segment remains accessible and
is eventually vacuumed using an RCU mechanism once all queries referencing it have completed.
The correctness of our flush mechanism is rooted in the embarrassingly parallel design, where
each segment is managed by a single dedicated flush worker. This eliminates the need to handle
write-write conflicts. Incorporating update buffers does not interfere with concurrent queries.

In our design, a long-running query may block flush workers from incorporating update buffers.
To mitigate this, RABIT adopts a resize strategy: (1) allocate a larger buffer, (2) copy the contents
from the old buffer, and (3) swap the two buffers and reclaim the old one via RCU. The resizing
operation has an O(n) time complexity, where 𝑛 is the number of elements in the buffer, which
is typically small per segment. To prevent excessively large update buffers caused by very long-
running queries, RABIT enables versioned bitvector segments in rare cases. Specifically, when the
DBMS detects such a query, flush threads generate dedicated segments for it. For example, for a
long-running query Q1 with timestamp T1, the merge thread creates a segment version for Q1 that
excludes updates that happened after T1, then produces a newer version for subsequent queries.
This adds an extra segment version for Q1 for each flush during its execution, which is reclaimed
once Q1 completes. If the memory used to retain segment versions per query exceeds a configurable
threshold (64 MB in our evaluation), the query is terminated to ensure system stability.

4.6 RABIT Queries
Basic Procedure. A query operation Q begins by retrieving a start-ts from the global TIMESTAMP,
which essentially takes a snapshot of the bitmap index. For each bitvector V to be processed, Q
reads its start-delta pointer, which identifies the starting ULE (denoted as S) to be collected by
traversing the Delta Log. Then, Q collects the delta information in two steps: (1) it traverses each
entry E in the update buffers and collects IDs with E.commit-ts < S.commit-ts, and (2) it traverses
the Delta Log and collects HUDs with commit-ts ∈ [S.commit-ts, Q.start-ts]. If the delta information
is not empty, RABIT makes private copies of the affected bitvector segments, applies the delta
information by flipping the corresponding bits, and then evaluates the segments.
Optimizations. RABIT supports several query optimizations. (1) Queries can perform deduplication

on delta information from both update buffers and the Delta Log by eliminating redundant bit flips
on the same row ID, avoiding unnecessary bit flips. For example, in the RABIT instance shown in
Figure 6, suppose a delete(7) operation is successfully executed, generating a new HUD <7, 2; 𝑃00 ,
𝐴0> at the tail of the Delta Log. Subsequent queries on 𝑃00 no longer need to flip the 7𝑡ℎ bit in the
bitvector. (2) The query workload over a bitvector can be parallelized by dividing it into subqueries
over multiple groups of bitvector segments and distributing them across available CPU cores. In
practice, this optimization can achieve nearly linear speedup. (3) For multi-column predicates,
RABIT can perform logical operations at the granularity of segment groups. Consider a WHERE
clause “X and Y and Z”, where X, Y, and Z are RQ predicates on different attributes. Instead of
first computing “X and Y” entirely, RABIT enables the evaluation of “X and Y and Z” segment
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by segment, keeping intermediate bitvector segments in CPU caches and significantly reducing
capacity cache misses [24].
Progress Guarantee. RABIT provides the following progress guarantees for queries.

• Both point and range queries are wait-free [26], meaning they complete in a finite number of
steps, even while UDIs and flush operations are in progress.

• UDIs are lock-free [26], meaning that while UDIs may block each other, deadlock never
occurs, because at least one UDI always makes progress (i.e., eventually successfully submits
its ULE to the Delta Log) at a given period. This ensures the system as a whole continues to
make progress. UDIs never compete with queries.

• Flush operations never block queries. However, very long-running queries may delay flush
operations from incorporating update buffers into bitvector segments. RABIT employs re-
sizing to minimize this possibility, and the transaction manager is responsible for canceling
runaway queries to maintain system stability.

4.7 RABIT Optimizations
Exploiting Query Statistics can bring performance benefits. In particular, selecting an optimal
GE group size according to frequent query ranges enables RABIT to execute RQs by reading only a
few cumulative bitvectors. Similar techniques have been explored in prior research. For example,
Rotem et al. [49] proposed an optimal binning strategy using a dynamic programming approach
based on query statistics. In this paper, we assume queries are not known in advance and leave
exploring query statistics to future work.
SIMD for Bitmap Indexing. The columnar bitvector structure of bitmap indexes is well-suited for
SIMD instructions. RABIT leverages SIMD in three notable use cases. (1)When ORing decompressed
cumulative bitvectors, RABIT uses _mm512_or_epi32(A,B), where A and B are 16 packed 32-bit
WAH literal words from two operand bitvectors, to compute 16 logical ORs in a single step. (2) AVX-
512 masked operations enable selective computation based on a bitmask. When probing a column
for aggregation in RABIT, the bitvector of matching values and the column data fit naturally into the
mask and operand registers of these AVX-512 instructions. For example, in TPC-H Q1, RABIT aggre-
gates the l_quantity column by using ret=_maskz_compress_epi64(bitvector,column) to ex-
tract column values matching the 1s in bitvector into ret, and then applies reduce_add_epi64(ret)
to sum up 8 matching values in ret in one instruction. (3) Inspired by prior research [34], RABIT
uses AVX-512 mask instructions to convert the resulting bitvector to an ID list in a batched manner.

5 Experimental Evaluation
We now show that RABIT enables efficient RQs and real-time updates with minimal memory
overhead, making bitmap indexing viable for analytical queries.
Methodology.We first compare our GE to existing encoding schemes for RQs (§5.1) and analyze
its sensitivity and tuning knobs (§5.2 and §5.3). Next, we integrate RABIT into a row-store DBMS
and compare it against state-of-the-art tree indexes (§5.4). Finally, we integrate RABIT into a
column-store DBMS and compare RABIT against its production-grade query engine (§5.5).
Testbed. All experiments are conducted on a server with two Intel Xeon 5317 CPUs (24 cores with
hyper-threading, 3.0GHz, 18MB shared L3 cache). The system has 196GB DDR4 DRAM and a 1TB
SSD. RABIT and the baselines are compiled using g++ 13.2 on Ubuntu 24.04 with -O3 optimization
level. We use the open-source liburcu as the framework of safe memory reclamation and numactl

to spawn threads to CPU cores in a round-robin fashion. For performance tests, we run each query
1,000 times and report the mean values. Standard deviations > 2% are denoted by error bars.
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Fig. 8. GE outperforms EE and RE for workloads with (a) UDIs and (b) RQs. The y-axis is in log scale.

Workloads. We use an in-house tool to generate synthetic workloads containing integer values by
varying domain cardinality. We further evaluate using an industry-grade HTAP benchmark called
TPC-HC [53] that runs TPC-C transactions on TPC-H workloads with scale factor (SF) = 10.

5.1 GE is Optimal for RQs
We evaluate RABIT with our GE encoding scheme against two baselines, CUBIT with EE and
UpBit with RE (CUBIT does not support RE due to the overhead of synthetic ULEs generated by
flush operations [58]), by varying two key factors: UDI ratio and query range. We use a dataset
containing 100 million entries with a cardinality of 1000. GE is evaluated with three group sizes
(50, 100, 200), indicated by the suffix. All bitvectors, regardless of encoding scheme, are compressed
using the classic 32-bit WAH compression [66]. We spawn 16 threads, with each thread performing
RQs and UDIs following a predefined ratio. We make the following observations.
GE is Space Efficient. Table 2 shows the index sizes for different encoding schemes. EE is the
most space-efficient, storing highly compressed bitvectors. RE contains many more 1s, making
them less compressible, with RE being 16× larger than EE. In contrast, GE increases the size by
only 8%–30% over EE.

Table 2. Bitmap index sizes (second row) and increments over the most space-efficient EE (third row). RE is

16× larger, while GE with group sizes of 200, 100, and 50 incurs overheads from 8% to 30%.

EE RE GE-50 GE-100 GE-200

Size (MB) 779 12,498 1,015 908 844
Increment – +16× +30% +17% +8%

GE is Fast with Updates.We fix the query range at 15% of the domain cardinality (150 unique
values), vary the UDI ratio from 0% (read-only) to 50% (frequently updated), and measure the overall
throughput. As shown in Figure 8a, when the workloads are read-only, RE provides the highest
performance, as it requires only a single logical operation between two bitvectors. In contrast, EE is
the slowest, since it must OR all bitvectors with the query range (150 bitvectors in this evaluation).
GE outperforms EE by replacing intra-group ORs with reading a single cumulative bitvector.
The group size in GE significantly affects query performance. In this experiment, the query

covers 150 consecutive values. GE-100 is the least efficient GE variant, as it must OR one cumulative
bitvector along with 50 point bitvectors. Conversely, GE-50 achieves the best performance by ORing
only three cumulative bitvectors, making it nearly as efficient as RE (Figure 8a).
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Fig. 9. GE’s throughput remains stable with varying (a) cardinality and (b) dataset size (log scale y-axis).

GE-50 and GE-100 represent the two performance extremes, with other group sizes falling in
between. For example, GE-200 ORs 50 point bitvectors and then subtracts the result from the
cumulative bitvector, being slightly worse than GE-100. For clarity, we omit these intermediate
settings from Figure 8 but provide a detailed discussion on selecting the optimal group size in §5.3.

When UDIs are present, RE performance degrades sharply due to severe conflicts between UDIs
and RQs, as shown in Figure 8a. EE, relying on CUBIT, remains unaffected by UDIs. The overall
throughput with EE improves as the UDI ratio increases because UDIs incur lower workloads than
RQs. GE experiences minimal impact from UDIs and consistently outperforms both baselines. With
20% UDIs, GE-100 is 2.7× (6.9×) faster, and GE-50 is 14× (37×) faster than EE (RE). With 50% UDIs,
GE-50 is 118× faster than RE.
GE is Stable with Increasing Query Ranges.We fix the UDI ratio at 20% and vary the query
range from 5% to 45% of the domain cardinality. As shown in Figure 8b, RE achieves the lowest
throughput due to the conflicts between UDIs and RQs. When the query range is small (5%) and
below the group size, GE-100 degrades into EE (see §4.3); both schemes OR 50 bitvectors, resulting
in similar throughput. GE-50 is the fastest because it reads one cumulative bitvector. EE throughput
drops as the query range grows due to more bitvectors ORed. In contrast, GE experiences negligible
degradation. At a 25% query range, GE-50 is 18× (31×) faster than EE (RE). When the query range
reaches 45%, GE-50 outperforms the baselines by over 52×.

5.2 Sensitivity Analysis
We now present a sensitivity analysis using the same experimental setup as in §5.1, varying two
key parameters: domain cardinality and dataset size. Each evaluation allocates 64GB of memory for
indexes. If a bitmap index exceeds this limit, a least-recently-used (LRU)-based swap mechanism
evicts retired bitvectors to disk, which significantly degrades performance.
Impact of Domain Cardinality.We vary the domain cardinality from 100 to 10 million, while
fixing the UDI ratio at 20% and the query range at 15% of the cardinality. For GE, the group size is set
to 1/20th and 1/10th of the cardinality, indicated by the suffix in Figure 9a. We make the following
observations. First, the query performance of RE degrades sharply and becomes prohibitively slow
when cardinality exceeds 103 because of its increase in index size that causes frequent swapping of
bitvectors in and out of main memory. Second, EE’s performance also degrades with increasing
cardinality, as more bitvectors must be ORed. Third, GE maintains stable performance, as its use of
cumulative bitvectors introduces negligible overhead even as cardinality increases.
Impact of Data Size. Figure 9b shows the evaluation results with datasets containing 1B entries.
As the dataset size increases, the relative behavior of different indexes remains consistent, and

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 354. Publication date: December 2025.



354:18 Junchang Wang, Fu Xiao, and Manos Athanassoulis

 0

 200

 400

 600

 800

4 16 64 256 1k 4k 16k 64k 128k

Scan


er

y
 L

at
en

cy
 (

m
s)

Point bitvectors ORed

A32
A256

A512
A2k

A8k
A16k

A64k
A128k

0

40

80

120

160

200

240

280

4 16 64 256 1k 4k 16k 64k

Scan


er

y
 L

at
en

cy
 (

m
s)

GE Group Size

A32
A256

A512
A2k

A8k
A16k

A64k
A128k

Fig. 10. (a) RQ performance using only point bitvectors degrades below table scan (one-sided predicates)

as cardinality and query range grow, while (b) GE with a proper group size, remains an order of magnitude

faster across all cases.

Figure 9b looks almost identical to Figure 8b. The exception is RE, which becomes prohibitively
slow because the overall index size is 110GB, exceeding the memory reserved for indexes.

5.3 Tuning RABIT
We demonstrate that the static tuning of RABIT’s parameters achieves consistent performance
across diverse workloads.
Group Size of GE. As analyzed in §4.3, the group size G for GE is a key performance parameter
that should be tuned according to constraints on storage space and query latency requirements.
Group Size vs. Query Performance. Figure 10a shows the execution time for queries involving OR
operations across multiple point bitvectors (achieved by setting GE group size larger than the
query range, resulting in degradation to EE), with attribute cardinalities varying from 32 to 128K
(denoted by legend suffixes). For comparison, we also include the execution time for equivalent
one-sided range predicates evaluated using a highly optimized columnar DBMS scan (§5.5). Our
results indicate that for attributes with cardinalities exceeding 256, EE-based RQs may be more
costly than a full table scan. For attributes with cardinality of 128k or greater, EE-based RQs become
∼3× more expensive.
In contrast, selecting an appropriate group size G can significantly improve RQ performance.

Figure 10b shows the worst-case query latency, which is defined as the time to OR half of the
cumulative bitvectors (𝐶/2𝐺) along with half a group’s point bitvectors (𝐺/2). Our evaluation shows
that an appropriate G reduces query latency for all workloads. For example, for the attribute with
cardinality = 16K (A16K), setting the GE group size to 1K yields a worst-case query latency of 24 ms,
which is 8× faster than the baseline scan. Furthermore, the modeling results in §4.3 indicate that (1)
decreasing G reduces the number of point bitvectors ORed but increases the number of cumulative
bitvectors ORed, and (2) the optimal G depends heavily on the specific hardware configuration. As
shown in Figure 10b, on our evaluation platform, the best performance is consistently achieved
when 𝐺 ≈ 𝐶/16 across all workloads, allowing for static tuning of GE. Our artifact provides scripts
to quickly determine the optimal 𝐺 for specific servers.
Group Size vs. Space Overhead.We also evaluate the space overhead of GE compared to the most
space-efficient EE counterparts, using the same workloads and setting the group size G to around
𝐶/16. Our results show that, irrespective of cardinality, the space overhead of GE inversely correlates
with G, as illustrated in Figure 11. For example, for the workload with cardinality 16K, increasing G
from 512 to 2K reduces the memory overhead from 43% to 3%, and the best-performing configuration
results in a space overhead of 25%, which aligns with the modeling results in §4.3.
Number ofMaintenance Threads. It is critical for RABIT’s performance to determine the optimal
number of worker threads that flush updates into bitvectors and perform garbage collection. Our
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group size ratio, aligning with the model in §4.3. With the group size yielding the best query performance,

the overhead is ∼26%.
evaluation shows that in typical use cases (UDI ratio < 90% and query range < 50%), one worker
thread is sufficient. This is mainly because our GE encoding scheme limits the number of bitvectors
that need to be updated to four, and one worker thread can handle flushing without affecting
concurrent RQs. In contrast, CUBIT maintains a group of maintenance threads to handle flushing,
the size of which increases linearly with concurrent queries and UDIs.
Flush Granularity. In each iteration, the flush scheduler traverses the Delta Log and attempts to
process up to 𝐾 ULE entries, where 𝐾 is a predefined threshold and set to 32 by default. Because
RABIT’s flush process is lightweight, as it typically involves only writing the update buffers of the
affected segments, the scheduler consistently keeps pace with incoming updates. In our evaluation,
even under workloads with 50% updates (Figure 8a), the Delta Log contains only a small number of
entries, and the scheduler traverses the whole log.

5.4 RABIT Benefits Row-Based DBMSs
We demonstrate that RABIT outperforms tree indexes by integrating it into an in-house row-based
DBMS built on top of DBx1000, with several critical components adapted from PostgreSQL.
Prototype DBMS. Similar to PostgreSQL, our prototype DBMS organizes base data into fixed-
size pages (8KB) and accesses tuples via tuple identifiers of the form (Block, Offset). The system
implements MVCC using timestamps and incorporates a transaction manager that assigns unique
timestamps to concurrent operations. Additionally, we leverage liburcu to efficiently track transac-
tion states with minimal overhead, as the library automatically manages transaction states upon
thread registration and deregistration.
Algorithms.We implement the following baseline tree indexes based on their open-source im-
plementations: (1) a classic B+-Tree with a fixed fanout of 32; (2) a latch-free Bw-Tree [60] with a
maximum inner node size of 256 bytes; (3) ART [32] with a maximum node fanout of 256; and (4)
P-Tree [53], which implements multi-versioning by creating snapshots of the tree through path
copying for each update. We optimize all algorithms within our testbed (e.g., by replacing linked
lists with arrays to handle duplicate keys) and carefully tune parameters.
RABIT. We construct a RABIT instance for each attribute appearing in query predicates. For
example, we build three RABIT indexes on attributes l_shipdate, l_discount, and l_quantity, with
group sizes set, respectively, to 3 months, attribute cardinality (effectively reducing to EE encoding),
and 5, accommodating the requirements of most queries, including TPC-H Q6.
Tree Indexes. Other single-versioned tree indexes employ multi-column indexing across these
attributes, which is the best case for the baselines. Queries utilizing these indexes follow two stages:
(1) retrieving tuple IDs via the index, and (2) fetching these tuples to compute the final query
result. RABIT, Bw-Tree, and P-Tree provide latch-free queries, whereas other single-versioned
trees are protected by optimistic lock-coupling [33]. P-Tree employs the universal constructor PAM
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[54], which uses an immutable, balanced binary tree structure to facilitate a divide-and-conquer
parallel strategy and implement an efficient work-stealing scheduler. Moreover, P-Tree inlines table
entries, allowing queries to directly return results without additional base data retrieval (the second
stage). This feature significantly improves query performance at the cost of increased memory
consumption (see below).
Index-Only Scans. Single-versioned tree indexes lack transactional visibility, requiring the DBMS
to access the base table to verify the visibility of indexing results. Mitigating this requires either
auxiliary structures (e.g., visibility maps in PostgreSQL [55] and version synopses in HyPer [42]) or
coarse-grained index latches, both of which introduce additional storage and update overhead [53].
We thus only support the read committed isolation level with these tree indexes, which are fast but
susceptible to phantom reads. In contrast, P-Tree and our RABIT provide snapshot isolation and
natively support index-only scans through their MV design.

Table 3. The sizes of different indexes and the size increment compared to RABIT with GE. RABIT achieves

multi-versioning with one-hundredth of the size of multi-versioning trees.

RABIT B+-Tree Bw-Tree ART P-Tree

Size (MB) 156 1,959 1,971 1,932 18,402
Increment - +12.6× +12.6× +12.4× +118×

RABIT is Space Efficient. Table 3 presents the sizes of various indexes. Despite supporting multi-
versioning, RABIT is the most space-efficient, as it stores single-versioned, highly compressed
bitvectors. In contrast, single-versioned tree indexes, such as B+-Tree, Bw-Tree, and ART, are
generally 12× larger due to the overhead of maintaining pointers and metadata. P-Tree, which is
multi-versioned, must track multiple versions of tree paths. Including inlined table entries, P-Tree
is 118× larger than RABIT.
RABIT is Fast for RQs. Except for P-Tree, RABIT delivers the fastest RQ performance. Figure
12a presents the query latency of TPC-H Q6 (selectivity ≈ 2%), which selects 365 consecutive days
out of 2,526 and 24 consecutive quantity values out of 50. The RABIT-powered DBMS performs
logical AND/OR operations on ∼ 11 bitvectors (4 out of 28 cumulative bitvectors for l_shipdate,
3 out of 11 for l_discount, and four cumulative bitvectors along with a few point bitvectors for
l_quantity). This approach is faster than tree indexing because (1) RABIT has a smaller memory
footprint, leading to fewer cache misses compared to tree indexes, and (2) bitwise logical operations
are more efficient on modern hardware than pointer chasing in tree indexing. Furthermore, the
outcome of RABIT (i.e., the ID list) is clustered, enabling the RABIT-powered DBMS to access base
data in a single, sequential pass. Overall, RQ performance of RABIT is 1.6×–2.2× faster than the
baselines. P-Tree’s inlined table entries enable faster RQ performance but incur significantly higher
space consumption and update overhead.
We further stress-test indexes by enlarging the query range. Figure 12b presents the results of

a variant of Q6 that selects four out of seven years (selectivity ≈ 8%). The query latency of tree
indexes increases almost linearly with selectivity. In contrast, the increased overhead of RABIT
mainly comes from accessing more base data rather than indexing, making it as efficient as P-Tree.
RABIT Enables Real-Time Updates. RABIT outperforms tree indexes in update performance,
with each UDI taking only 0.1ms, 130×–520× faster than updating a tree index, as shown in
Figure 12a. This is because RABIT appends the update information to its Delta Log. In contrast, tree
indexes must traverse the tree to locate the target node, update it, and potentially perform structural
adjustments. Furthermore, retries are necessary when RQs and UDIs conflict. As the query range
increases, the UDI latency of tree indexes also grows due to increased conflicts, whereas RABIT
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Fig. 12. RABIT outperforms all tree indexes across a wide spectrum of RQs, from (a) small to (b) large.

maintains stable update performance, as shown in Figure 12b. P-Tree incurs the highest update
cost due to its immutable data structure: each update triggers a copy-on-write process along the
path from the root to the leaf node. Its update performance further degrades with larger query
ranges due to increased CPU cache pressure (according to our discussion with the P-Tree authors),
as shown in Figure 12b.

5.5 RABIT Benefits Column-Store DBMSs
DuckDB

+
.We further demonstrate the benefits of RABIT for columnar DBMSs by integrating it

into DuckDB (version 1.0). In our evaluation, we observed that DuckDB’s query optimizer misses
some opportunities for better query plans for TPC-H. For example, Q10 performs a group-by on
attributes c_custkey, c_name, and c_acctbal. Since c_custkey is the primary key and determines the
other attributes in the same table, an optimized plan can defer loading the other attributes until
after the joins, thereby reducing materialization overhead. However, DuckDB’s optimizer has not
yet incorporated this optimization. For a fair comparison, we addressed these known performance
choke points in DuckDB [4, 16] to demonstrate that even if these bottlenecks are resolved, RABIT-
powered DBMS still outperforms state-of-the-art column-store systems. We denote this optimized
implementation as DuckDB+ and use it as our baseline.
CUBIT without Binning. Like prior updatable bitmap indexes, CUBIT is primarily designed to
support point queries (PQs) of the form “𝐴 = 𝑥” and its performance degrades when handling RQs,
since it has to bitwise-OR multiple bitvectors. When query templates are known beforehand, CUBIT
addresses this performance issue by employing a binning strategy that maps RQs to PQs on CUBIT
instances tailored for each query. For example, in TPC-H Q6 with a predicate “𝑙_𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 < 𝑄𝑇𝑌 ”,
where QTY is randomly selected as 24 or 25, the corresponding CUBIT instance maintains only
three bitvectors, respectively for values less than, equal to, and greater than 24, eliminating the need
to merge bitvectors when processing Q6. However, such tailored binning introduces significant
space and maintenance overhead, making CUBIT impractical for real-world queries with RQs. For
example, in Q19, where QTY is randomly selected within other ranges, CUBIT must maintain
another instance for the same attribute. Moreover, when QTY cannot be statically determined (e.g.,
in Q17), binning becomes impractical, forcing the system to merge bitvectors for queries. We refer
to the CUBIT without the binning technique as CUBIT-no-Binning and use it as a baseline.
RABIT Indexing. For the first time, RABIT enables bitmap indexing on frequently updated,
high-cardinality attributes. We create RABIT instances both for low-cardinality attributes such as
l_quantity (cardinality=50) and l_shipdate (cardinality=2,526), and for the high-cardinality l_orderkey
(cardinality=15M when SF=10) in the LINEITEM table with updates, introducing a novel form of
secondary indexing, which we illustrate using Q1, Q5, and Q6.
Fast Scan with RABIT. Scan is widely used for RQs. For instance, scan operations account for
95% of the execution time of Q6. In addition to the optimized scan in DuckDB+, we compare RABIT
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Fig. 13. For single-column RQ predicates, (a) RABIT-based queries outperform Column Sketches and highly-

optimized scans, and (b) this trend continues for selectivity < 4%.

against sparse indexes [25, 50], which have a lower memory footprint and provide efficient RQs. To
that end, we implement Column Sketches (1-byte sketch size) and the associated optimizations [25]
in DuckDB+, where sketches are evaluated using AVX-512 instructions before accessing each chunk
of base data (2,048 values).
Single-Column Predicate. We first evaluate one-sided RQ predicates “𝐴 < 𝑥” on a uniformly dis-
tributed attribute in the LINEITEM table (SF = 10), varying the compressed storage size of each
value (by adjusting the cardinality of attribute 𝐴), as it is a key factor affecting scan performance.
The query selectivity is set to 2%, which is typical for analytical queries like Q6. As shown in
Figure 13a, as value size increases, the query latency of DuckDB+ increases sharply due to the
larger amount of data scanned. The query latency for Column Sketches also increases due to the
higher number of candidate checks resulting from the increased cardinality. RABIT’s performance
decreases slightly because of the increased TLB misses. For attributes with 64-bit values, RABIT is
2× and 3.4× faster than Column Sketches and DuckDB+, respectively.
We then vary query selectivity by adjusting 𝑥 . The value size is set to 13 bits. As shown in

Figure 13b, for moderate selectivity (e.g., 2%), RABIT outperforms the alternatives. As selectivity
increases, RABIT, used as a secondary index, experiences a sharp performance decline due to
the increased probes to base storage, aligning with earlier findings [28]. In Column Sketches, the
increased overhead arises from the decreased efficiency in filtering out chunks. Unexpectedly, the
scan performance of DuckDB+ also deteriorates, primarily due to the overhead of maintaining the
growing ID list as selectivity increases. Overall, RABIT outperforms Column Sketches and scans
for up to 4% and 6% selectivity, respectively.
Multi-Column Predicate. Real-world queries often involve multi-column predicates. For instance,
to execute Q6, DuckDB+ performs full table scan on four columns: l_extendedprice, l_shipdate,
l_discount, and l_quantity. Since Column Sketches do not natively support multi-column sketches
on numerical attributes (Appendix C of [25]), we leverage the best approach in our evaluation.
Specifically, we evaluate the sketches of l_shipdate and l_quantity, perform logical AND operations
between the results, and then fetch the other two columns, all using AVX-512 instructions. In
contrast, the RABIT-powered Scan operator performs logical OR/AND operations among RABIT
instances on the attributes involved in the WHERE clauses. For Q6, this stage involves only 11 logical
operations, mainly between GE cumulative bitvectors (see §5.4 for details).
Our evaluation shows that the Q6 query latency with RABIT-powered scan is 204ms (72ms

for indexing), 2.4× faster than the optimized scan in DuckDB+, because RABIT probes only two
columns, effectively halving the data read from storage. Compared to Column Sketches, which
incur significant overhead when composing and merging the results from multiple sketches, RABIT-
powered scan eliminates these costly stages and achieves a 4.2× query speedup. As most TPC-H
queries involve multi-column predicates, we omit Column Sketches from the remaining evaluations.
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Fig. 14. RABIT enables bitmap indexing for the LINEITEM and ORDERS table with large-cardinality attributes.

Our RABIT-powered query engine outperforms or matches alternatives across all TPC-H queries.

Fast Join with RABIT. Join is the most costly relational operator and often involves RQs on input
tables. Take Q5 as an example, DuckDB+(1) performs a full table scan on the LINEITEM table and
an RQ on ORDERS, and (2) joins the two tables on the orderkey attribute using a hash table. Our
evaluation shows that, when SF = 10, DuckDB+ spends 340ms and 750ms for these two stages.

In contrast, we maintain RABIT instances on the orderkey attributes of both tables. The RABIT-
powered join operator performs the RQ on the ORDERS table by ORing four cumulative bitvectors,
eliminating the need to read the corresponding column. It then retrieves the matching bitvectors
from the instance for the LINEITEM table and performs logical ORs between them. When SF =
10, this process involves ∼357K logical ORs, which are efficiently handled by RABIT’s merging
mechanism. The efficiency stems from the fact that, for large-cardinality attributes, each bitvector
contains a few 1s (∼4 1s in this RABIT instance) and is highly compressible (∼16 bytes/bitvector),
allowing the merge mechanism to skip most portions of the bitvector (§4.2). Furthermore, when
most bitvectors in a group are selected, we use the cumulative bitvector and subtract the non-
matching ones (§4.1). The resulting bitvector is then used to scan the LINEITEM table and perform
aggregation in one pass. Our evaluation shows that the RABIT-powered operator reduces overall
query latency, making it 1.8× faster than DuckDB+.
Fast Aggregation with RABIT. Aggregation occurs in all TPC-H queries and often involves RQ
on input tables. Take Q1 as an example, DuckDB+ (1) executes an RQ on the l_shipdate attribute of
the LINEITEM table, and (2) groups the matching tuples using a perfect hashing by iterating over
each entry, identifying its group-by category, and updating the corresponding statistic counters.

By maintaining RABIT instances on the group-by attributes, our RABIT-powered operator first
calculates the positions of matching tuples of each group-by category and then processes each
category by reading the matching entries in one pass. This design is more amenable to modern SIMD
instructions for aggregation. Our experimental results (SF = 10) show that the RABIT-powered
aggregation operator takes only 45ms for stages (1) and (2), and 315ms for stage (3). The overall
query latency is 604ms, 2.7× faster than the implementation of DuckDB+.
Applicability. Our evaluation shows that RABIT overall benefits analytical queries, except those
that do not contain obvious performance choke points (e.g., Q2 and Q16). We demonstrate this
through experiments on 12 out of 22 TPC-H queries, covering join-dominated (Q4, Q5, Q17, and
Q19), aggregation-heavy (Q1 and Q18), and scan-intensive (Q6 and Q12) queries. Our RABIT-
powered query engine achieves a speedup of 1.4×–14.8× compared to the native approaches in
DuckDB+. Except for Q18, where bitmap indexes are primarily used for point queries, RABIT is
1.3×–10.3× faster than CUBIT without binning, as shown in Figure 14.

6 Related Work
We classify recent research on indexing for RQs as follows.
Latch-Free Tree Indexes. A key challenge in indexing for RQs in HTAP DBMSs is efficient syn-
chronization with concurrent updates. To increase parallelism, researchers have proposed various
index structures, primarily tree-based, by adopting general parallel-programming constructors
[13, 17, 26, 31] or transactional memory techniques [5, 59] to enable latch-free execution of RQs
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and UDIs. However, when long-running RQs and updates coexist, these approaches face limita-
tions, including cache-line bouncing due to frequent compare-and-swap retries [30] and scalability
bottlenecks from centralized metadata management [15].
Multi-Versioning Tree Indexes. MV is a promising approach to enhance parallelism for RQs.
Researchers have developed various MV tree structures by: (1) creating versioned tree nodes
organized into versioned lists [61, 68], (2) maintaining versioned references to nodes created at
different timestamps [30, 41], or (3) appending timestamps to keys to construct temporal indexes [48].
A recent study, P-Tree [53], utilizes the universal constructor PAM [54] on top of a balanced binary
tree structure, facilitating efficient parallel execution through a divide-and-conquer strategy. The
structure is immutable; each update creates a new path from the root to the leaf, allowing queries
and updates to operate on separate snapshots. P-Tree inlines table tuples to achieve performance
improvements, but this comes at the cost of higher memory consumption, potentially up to two
orders of magnitude greater than RABIT (§5.4).
Sparse Indexes [25, 50] are much smaller than tree-based indexes, making them a promising
alternative to full table scan [69]. Sparse indexes rely on lossy summaries and act as scan acceler-
ators, whereas RABIT is lossless and supports query processing without accessing base storage.
This enables RABIT to support index-only scans and multi-column predicates efficiently. Subse-
quent work [9, 38] reduces candidate check overhead in sparse indexes by encoding additional
information into the structures. However, these structures are read-only. Another trend improves
scan performance by bit-packing attribute values and leveraging SIMD instructions to perform
comparisons in parallel [18, 39, 62]. In contrast, RABIT provides a more general indexing approach
that supports efficient updates, multi-column predicates, and index-only scans.
Bitmap Indexes in DBMSs. Although some production DBMSs use bitmap indexes (e.g., Ora-
cle [45] and Greenplum [21]), their adoption remains limited. For example, PostgreSQL introduced
a native bitmap index in version 8.3.23, but later removed it due to its limited applicability: low-
cardinality attributes under read-mostly workloads. Subsequently, PostgreSQL implemented a
Bloom filter index [22] that enables rapid exclusion of non-matching tuples via bit-string signatures.
However, it only supports equality queries. In contrast, RABIT overcomes the core limitations of
traditional bitmap indexing, enabling broader adoption.

7 Conclusion
Bitmap indexes are effective for range queries but have traditionally been restricted to read-only,
low-cardinality attributes due to their inherent limitations. We present RABIT, a bitmap indexing
design that combines a novel encoding scheme, an efficient bitvector merge mechanism, and a multi-
layer update framework. RABIT enables fast range queries and real-time updates with minimum
memory overhead, on attributes of any cardinality in both read-only and frequently updated tables.
This advancement facilitates the broad adoption of bitmap indexes in DBMSs and opens up new
strategies to accelerate their key operations. Our evaluation on both row-store and column-store
DBMSs shows that RABIT significantly accelerates analytical queries.
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