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Abstract
B-trees are widely recognized as one of the most important index structures in database systems, providing efficient query
processing capabilities. Over the past few decades, many techniques have been developed to enhance the efficiency of B-trees
from various perspectives. Among them, B-tree compression is an important technique introduced as early as the 1970s to
improve both space efficiency and query performance. Since then, several B-tree compression techniques have been developed.
However, to our surprise, we have found that these B-tree compression techniques were never compared against each other
in prior works. Consequently, many important questions remain unanswered, such as whether B-tree compression is truly
effective or not. If it is effective, under what scenarios and which B-tree compression methods should be employed? In this
paper, we conduct an experimental evaluation of seven widely used B-tree compression techniques using both synthetic and
real datasets. Based on our evaluation, we present lessons and insights regarding the use of B-tree compression that can be
leveraged to guide system design decisions in modern databases.

Keywords B-trees · Database indexes · B-tree compression · Head compression · Tail compression

1 Introduction

Since the inception in the 1970s [17, 27], B-trees have played
a fundamental role in database systems (and data manage-
ment systems in general). This is due tomany advantages that
B-trees offer, such as simplicity, high performance, support
for various query types (e.g., point queries and range queries),
and compatibility with different hardware platforms (e.g.,
mainmemory, non-volatilememory, disks, SSDs, GPUs, and
the cloud). As a result, almost all major database systems
have implemented B-trees or their variants.1

Over the past few decades, there aremanyworks proposed
to optimize B-trees from various aspects, e.g., concurrency

1 Note that we use B-trees to mean B+-trees in this work where the leaf
nodes store all the keys.
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control [31], lock-free design [43], page layout [46], node
size [34], compression [18], cache-aware optimizations [33,
37], and RDMA-optimized design [60]. Graefe provides an
excellent survey on modern techniques of B-trees [32].

This paper revisits B-tree compression, a technique that
was initially proposed in 1977 [18] aiming to reduce the
space overhead and improve performance for B-trees. Two
types of B-tree compression techniques were proposed in
[18]: Tail Compression and Head Compression (see Section
2 for details). Themain idea of theTail Compression is to post
a shorter separator to the parent node when splitting a leaf
node, rather than selecting a full key (typically the middle
one) from the leaf node. In contrast, the main idea of Head
Compression is to compress the keys within a node [18]. As
the keys in a B-tree are globally sorted, they tend to share
some common prefix. With Head Compression, the common
prefix will be factored out and stored only once to reduce the
space overhead.

B-tree compression is expected to offer substantial bene-
fits.
(1) Reduce Space Overhead: It is evident that the space
overhead can be reduced. This is important because indexes
are known to take considerable space overhead. Accord-
ing to Oracle blogs [26] and some research papers [58] ,
indexes can consume around 50-55% of the total database
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space. Moreover, many modern databases (e.g., Rockset
[24] and AnalyticDB [55]) build indexes on all columns to
enhance performance. Thus, it makes perfect sense to com-
press database indexes and in particular B-trees.

(2) Reduce Monetary Cost: The reduced space overhead
can lead to reduced monetary costs when purchasing storage
devices. Bhattacharjee et al. showed that the disk storage can
take 24% ∼ 78% of the overall cost [19]. By minimizing
the space overhead, B-tree compression can save millions of
dollars for large-scale databases.

(3) ImproveQueryPerformance:Another important advan-
tage of B-tree compression is that it can achieve better query
performance and insert performance. This is because some
B-tree compression methods can support efficient query pro-
cessing directly over compressed B-trees without the need
for decompression, e.g., both Tail and Head Compression in
[18]. By reducing the key sizes, the time spent on comparing
keys for querying and insertion will be lower.

As a result, many real-world database systems have sup-
portedB-tree compression.Examples includeDB2 [19], SAP
HANA [21, 22], MongoDB WiredTiger [12], and MySQL
(MyISAM) [9].

Motivation.However, to our surprise, those B-tree compres-
sion techniques were never compared against each other in
the past. It is unclear whether the newer compression algo-
rithms used in, for example, DB2 [19] or WiredTiger [12],
can outperform the Head and Tail Compression techniques
proposed in 1977 [18]. Furthermore, it remains unknown
whether the Head and Tail Compression are indeed effective
in improving uncompressed B-trees because the only avail-
able experimental results we are aware of were found in [18],
which were conducted based on the hardware of the 1970s,
a setup completely distinct from today’s modern servers.

As a result, it is unclear whether modern database systems
should adopt B-tree compression or not? If they should, then
in which scenarios and which B-tree compression technique
should be used?

Contributions. This paper answers the above questions by
conducting the first comprehensive experimental evaluation
of seven widely used B-tree compression techniques. We
evaluate these compression methods using synthetic datasets
with various distributions as well as real-life datasets regard-
ing space overhead (compression ratio), search performance
(including point queries and range queries), and insert perfor-
mance. Moreover, we revisit techniques to further improve
B-tree compression.

Based on the results, we refresh the understanding of B-
tree compression techniques. In particular, we (1) present
an up-to-date understanding of different B-tree compression
techniques; (2) remedy misunderstandings and inaccurate
conclusions made in prior works; and (3) clarify the sce-

narios in which compression algorithm should be employed
for B-trees.

This article is an extended version of the confer-
ence paper presented at SIGMOD’24 [30], which is an
experimental paper concluding that Head+Tail compression
performs best. In this version, we present new contributions
to explore techniques (including prefix vector representation,
unrolled binary search, and key normalization) for further
improving Head+Tail compression (in Section 6). We esti-
mate the new contribution to be at least 30%.

Open-source. We open-source the code at https://github.
com/chuqingG/BtreeComp.

Paper Organization.The paper is organized as follows. Sec-
tion 2 explains the B-tree compression techniques evaluated
in this work. Section 3 describes the experimental setup and
implementation. Section 4 presents experimental results on
synthetic datasets. Section 5 shows experimental results on
real datasets. Section 6 revisits techniques to further improve
B-tree compression. Section 7 reviews relevant work. Sec-
tion 8 summarizes themain findings and concludes thework.

2 B-tree compression

In this section, we will review the existing B-tree key com-
pression techniques. The main idea of these compression
techniques is to reduce the individual key size in a B-tree
node, either by truncating the prefix bytes or suffix bytes in
a key.

2.1 Tail Compression

The Tail Compression technique was first introduced in 1977
[18]. This was one of the first compression techniques intro-
duced for B-trees, and it aims toward reducing the size of
separators in the non-leaf nodes. The main idea is to pro-
mote a shorter key to the parent node during leaf node splits
by finding the shortest possible separator that can distinguish
between the left and right nodes. Let us consider the example
in Figure 1a and 1c, where we assume it to be a complete tree
with only 4 nodes.

Instead of storing the full split key ‘aecd’ in node 1©,
Tail Compression promotes the shortest separator that can
distinguish node 3© and 4©, which is ‘aec’. This separator is
computed as the longest common prefix (LCP) between the
last key of node 3© and the first key of node 4©, followed by
the next character in the first key of node 4©. In this case, we
have LCP("aeaf", "aecd") + ‘c’ = "ae" + ‘c’ = "aec".

The length of the separator can be further optimized by
choosing a split point around the middle (not necessarily the
middle point) that gives the shortest separator size. Let us
consider the example in Figure 2 representing a leaf node
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Fig. 1 Example of head and tail
compression

Fig. 2 Choosing a split point in tail compression

with four keys. If we choose to split the node in the middle,
we get ‘abf’ as the separator, but choosing the split point
after three keys gives a shorter separator ‘b’. This optimiza-
tion can also be extended to non-leaf nodes. A larger range
of candidate keys increase insertion time while improving
compression ratio. To balance them, [18] provides a recom-
mended scope that ranges from the node and we use this
scope in our implementation.

Tail Compression reduces the size of separators in non-
leaf nodes. As a result, this increases the branching degree,
reducing the tree’s overall height. The smaller size of sep-
arators (leading to lower time for comparing keys) and the
tree’s smaller height improves the search time.

2.2 Head Compression

Head Compression was introduced in the same paper as Tail
Compression in 1977 [18]. The intuition behind the Head
Compression is that keys in the same B-tree node are "sim-
ilar", i.e., they tend to share some common prefix, because
the keys are sorted. Thus, we can factor out the common pre-
fix among the keys. Specifically, for each node, we identify
the largest lower bound and smallest upper bound from the
parent nodes, and the common prefix between these bounds
determines the prefix of the key. The upper bound is updated
with the first key of the right sibling node during a split, while
the lower bound is set as the smallest key. The leftmost and
rightmost nodes of the entire tree do not have lower and upper
bounds. Note that we do not calculate the prefix solely based
on the current keys in the node. This ensures that adding new
keys to a B-tree node does not need the re-computation of the
prefix. This prefix is stored once per node, and all the keys
in the node store only the suffix bytes.

Let us consider the example in Figure 1a and 1b, where the
node 3© has the largest lower bound from its parent node 1© as
‘abcd’ and the smallest upper bound as ‘aecd’. Both bounds
have a common prefix of ‘a’, thus node 3© can compress its
new keys as ‘bcd’ and ‘def’. Note that node 2© and 4© are not
compressed as they do not have a lower and upper bound.

Head Compression reduces the keys’ size in leaf and non-
leaf nodes if they have a common prefix. During the search
operation, the key can be compressed using the node’s prefix,
and the comparisonwill be performed on only the suffix bytes
without decompression. This reduces the comparison time
between keys.

2.3 Head+Tail Compression

Head and Tail Compression can be simply combined to fur-
ther reduce the space overhead, as shown in Figure 1d. On
the basis of Figure 1c, it omits the common prefix within
each page.

2.4 IBMDB2

IBM DB2 supports a different compression technique for
B-trees [19]. It implements a variant of prefix compression
where each key is represented using a (prefix, suffix) pair. It
identifies subsets of keys with common prefixes and stores
only the suffix bytes of the keys while storing the prefix only
once. Figure 3a gives an example of the keys on a node,
and Figure 3b shows how this is represented in DB2. hn
represents the header metadata that refers to the nth key,
including the offset and length of the key. We use the same
notation hn below as well. The (start:end) pair following a
prefix indicates the range of the suffixes that have the prefix.
In this example, the 0:2 following "ab" represents the suffixes
with an index from 0 to 2 (i.e. "cd", "efg" and "exyz").

It triggers prefix optimization when the index page is
almost full. If the current page shares a common prefix, the
optimization greedily chooses the longest common prefix of
the two current keys, adds suffixes to the prefix until it is no
longer applicable, and then repeats the process. Otherwise, it
applies two heuristics for optimizing the size of the prefixes
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Fig. 3 Example of DB2 compression

Fig. 4 DB2 prefix merge illustration

- Prefix Merge and Prefix Expansion, and chooses the one
that offers greater space savings to install on the page.

2.4.1 Prefix Merge

PrefixMergemergesmultiple prefix groups to reduce the size
occupied by prefix metadata and increase the suffix bytes. It
uses the concept of Closed Range (CR) for each prefix to
identify segments that can be merged into a single prefix
group. A CR for a prefix pi is a group of prefixes that share
the same prefix as the first key in the scope of pi and the last
key in the scope of pi−1. When multiple choices for merge
exist, the segment that gives the best space saving is chosen.
For example, if we consider Figure 4, the CR of the prefix
‘ae’ is [‘ac’, ‘ab’], which can be merged together to form a
single group with the prefix ‘a’.

2.4.2 Prefix Expand

PrefixExpansion expandsprefixes across boundaries, increas-
ing the size of prefixes and reducing the size of the suffixes.
This heuristic is applied when the cost of increasing the pre-
fix size is less than the space saved through the reduction in
the size of suffixes. Figure 5 shows an illustration of prefix
expansion where a subset of keys of the second and keys of
the third prefix are merged to form a larger prefix ‘abedc’.

Fig. 5 DB2 prefix expand illustration

Fig. 6 Representation in wiredtiger

2.5 MongoDBWiredTiger

2.5.1 Prefix Compression

MongoDB WiredTiger’s row-store storage format supports
another variant of prefix compression [12] in the disk lay-
out by identifying prefixes between adjacent keys, similar
to delta-encoding. In this approach, each key stores only the
suffix key bytes and the number of prefix bytes commonwith
the previous key. The first key in the node is stored fully, and
the following keys are stored by comparing with the previ-
ous key to identify a common prefix. Figure 6 shows how
the example in Figure 3a is represented in WiredTiger. In
addition to hn , WiredTiger stores the length of the longest
common prefix between the current key and the previous
one. We use "prefix size" to denote it. The first key is "abcd"
and does not have a predecessor in the node, so its prefix
size is 0. The second key is "abefg", which shares a common
prefix "ab" with "abcd".

Hence, the second key representation stores the suffix
bytes as ‘efg’ and prefix size as 2. A similar approach is
followed for the other keys.

In themost general case, a key is decompressed bymoving
backward till a fully instantiated key (or a key with prefix of
length 0) is found and then walking forward to initiate the
key.

2.5.2 Suffix Truncation

WiredTiger implements a suffix truncation technique [5] sim-
ilar to the Tail Compression in [18]. If we consider the
example in Figure 6 when the node is split between keys
‘abfe’ and ‘bacd’, based on suffix compression, ‘b’ is pro-
moted to the parent node, instead of the entire key ‘bacd’. In

123



An Evaluation of B-tree Compression... Page 5 of 24 4

subsequent parts of this paper, we use Tail Compression to
refer to it in a uniform way.

2.5.3 Key Instantiation Techniques

One significant difference in its delta-encoding idea com-
pared to other compression techniques is that the keys need
to be decompressed using its predecessors in order to aid
search or insertions. To accelerate this process, WiredTiger
supports two types of key instantiation techniques that help
to build the full key directly. Next, we introduce the ways
the two techniques work. A further discussion about their
applicability in the in-memory experiments will be covered
in Section 3.3.

Best Prefix Group. The idea is to maintain a best slot whose
base key can be used to decompress the most keys without
scanning. WiredTiger defines the most-used page key prefix
as the longest group of compressed key prefixes on the page
that can be built from a single, fully instantiated key on the
page. If the key falls under this prefix group, it can be directly
initialized using thefirst key and the suffixbytes and therefore
reduce the number of disk accesses.

Roll-forward Distance Control. WiredTiger also embeds
an additional optimization by instantiating some keys in
advance. The idea came from the observation that the search
would be too slow in the case of a set of prefix-compressed
keys requiring long roll-forward processing. For some worst
cases, when we walk backwards through the page, each key
would require processing every key appearing before it on
the page. The method aims to help with the tree search dur-
ing which the process may happen repeatedly. To control the
maximum distance of roll-forward needed to decompress a
key, WiredTiger sets a value, which is the number of a group
of keys, and in this paper we call it skipping distance. For
each set of keys of number skipping distance, WiredTiger
instantiates the first key and therefore limits how far the cur-
sor is forced to roll backward.

2.6 MySQLMYISAM

MySQLMyISAMsupports prefix compression [9] by identi-
fying prefixes between adjacent keys. It uses a representation
similar to WiredTiger (Section 2.5), where each key stores
only the suffix key bytes and the number of prefix bytes com-
mon with the previous key. One significant difference from
the WiredTiger prefix compression is the search technique.
MyISAMuses sequential search which starts from the begin-
ning of the page, and therefore removes the need for key
instantiation as every key can be constructed directly from
the previous key.

Fig. 7 Example of PkB representation

2.7 PkB-Tree

PkB-Trees were first introduced in [21] and are based on a
partial-key approach. SAP HANA adopts this concept and
uses a variant known as the CPB-tree [22]. To deal with the
prefix, PkB introduced the concept of "base key": For the first
key in the node, the base key is the key in the node’s ancestor
that is compared during the search. For any subsequent key
in the node, its base key is the one immediately preceding it.
In the partial-key approach, each key stores three parameters.
(1) An offset representing the bit where the key differs from
its base key (2) l bits of the key following the offset position
(3) pointer to the data record. For the first key in the node, the
base key is the key in the node’s ancestor that is compared
during the search. For the key in the following part, its base
key is the previous one. In our in-memory implementation,
we simply move all its structure to main memory, which
introduces extra space overhead for it.

This pointer representation is based on the indirect key
approach, where a pointer to the key is stored instead of the
entire key. PkB was proposed to reduce CPU cache misses
instead of saving the total space overhead. Since dereferenc-
ing the pointer increases cache misses, the offset and l bits
are stored to aid key comparison. In scenarios where com-
parison is not resolved using the offset and l bits, the pointer
is dereferenced. The search algorithm is designed such that it
requires at most one pointer dereference per node. We apply
a similar approach at the byte level for string data type and
show how the example above is represented in PkB in Fig-
ure 7. pi means the pointer refering to the ith keys. In this
example, we set l to its default value of 2 and assume that
the node is the leftmost one of the tree, implying that the first
key does not have a base key.

The original paper [21] uses data with a total size of 1MB,
which is small enough to fit all its partial keys into the CPU
cache. Despite its inability to save total space, we include
PkB to see how it performs in modern scenarios and whether
its idea can be migrated to disk-based scenarios.

The first key, ‘abcd’ is stored as ‘ab’, representing the first
2 bytes with offset = 0 and metadata pointing to the original
key. The second key, ‘abefg’, is compared with its base key,
‘abcd’, and is stored as ‘ef’ representing the 2 bytes following
the prefix ‘ab’ with offset = 2. The third key, ‘bcdmn’, has
nothing in common with the previous one, so its first 2 bytes
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‘bc’ is storedwith offset = 0. The rest of the keys use a similar
approach in their representation.

3 Experimental setup

In this section, we present the experimental setup in Section
3.1, evaluation metrics in Section 3.2, and implementation
in Section 3.3 of various B-tree compression techniques.

3.1 Platform

3.1.1 Hardware Setup

The experiments were performed on an Intel(R) Xeon(R)
Gold 6330 CPU @ 2.00GHz based on an x86 architecture
with 128GB DRAM. The CPU’s L1, L2 and L3 cache sizes
are 2.6MB, 70MB and 84MB. The disk-based experiments
were run on a 1.6TB NVMe SSD, whose read/write band-
width is 1GB/3GB per second and the read/write latency is
9/12 us.

3.1.2 Software Setup

Programming framework.All algorithms are implemented
using C++ compiled using GCC 11.4.0 with O3 optimization
enabled under Ubuntu 22.04. We did not include the values
following other B-tree compression work. Their introduction
would slightly reduce the compression ratio but would not
change the overall conclusion.We evaluated both in-memory
B-trees and disk-based B-trees. The implementation of these
is further discussed in Section 3.3.

Datasets. We include both real world datasets (as shown in
Table 1) and random-generated synthetic datasets. We use
domain size to represent the size of the alphabet. For the
synthetic data, strings are uniformly distributed by default,
where each position is generated with equal probability for
all characters in the alphabet. In Section 4.6, keys are treated
as long numbers and are generated according to a normal dis-
tribution. See Section 4.6 for details. In terms of evaluation,
we adopt a 20/80 warm-up/run policy. The first 20% is used
only to bring the system to steady state (caches, buffers, back-
ground tasks) and is excluded from metrics. Throughput and
latency are calculated on the remaining 80%.

Parameters. The following experiment results are averaged
under three runs and the variance is usually within 1%. For
the PkB implementation, we set the length of the partial key
as 2 based on the optimal value reported in [21]. We model
the data content of each key of the B-tree as a variable string,
and all key comparisons are performed based on a byte-level
comparison following prior works [9, 12, 18, 19, 21, 43, 52].

Table 1 Key Features in Different Datasets

Datasets Num Min Size Max Size Avg Size

TPC-H 60M 96B 156B 129.58B

WEBSPAM 25M 16B 2047B 112.33B

WikiTitles 25M 1B 255B 19.34B

MemeTracker 5.5M 8B 21.2KB 75.90B

Fig. 8 Tail compression over different split Ranges

3.2 EvaluationMetrics

We measure the compression algorithms on three primary
metrics:

1. Compression Ratio: Reducing the key size is the primary
goal of compression techniques. Lower B-tree key sizes
result in greater space savings.

2. Search Time: Search time allows us to analyze the poten-
tial benefits or overheads of applying compression on
B-Tree nodes. This time is computed by issuing an exact
search query on the B-Tree. By default, we focus on point
queries, but we also evaluate range queries in Section 4.7.

3. Insert Time: Insert time evaluates the write performance,
which is also important for B-trees. It demonstrates the
impact of B-tree compression on insertion.

3.3 Implementation

As the source code is not available for some existing B-tree
compression techniques, we try our best to implement each
compression technique as close to its original implementa-
tion and as efficiently as possible. For all themethods, in cases
where compressing non-leaf nodes is optional, we enable this
feature to ensure a fair comparison. As for the split policy,
Tail Compression selects the best split point from a given
scope.We conducted a preliminary experiment on the impact
of split range, as shown in Figure 8. A split radius r corre-
sponds to the split range [ 12 − r , 1

2 + r ]. When r is small, the
chosen separator may be long. When r is too large, it may
lead to uneven splitting and increase the number of nodes,
which further reduces the throughput. Therefore, we set r
to 1

6 in our experiments. In other algorithms where the split
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point was not explicitly stated, we chose to split at the middle
of the page.

Head, Tail, and PkB compression are implemented based
on their original papers. The original DB2 paper [19] does
not mention how the search is performed, so we implement
a two-level binary search for it, where a binary search is
first performed on the prefix layer and then on the suffix
layer. MyISAM is implemented based on the design princi-
ples derived from the source code of the MyISAM storage
engine in MySQL [8].

We implement the WiredTiger compression based on its
source code [5]. The original WiredTiger B-Tree is based
on both a disk and in-memory storage, we migrate the whole
tree to memory when we conduct experiments on in-memory
B-trees. As for its additional optimizationsmentioned in Sec-
tion 2.5, we explore their applicability in our benchmark by
some preliminary experiments based on a workload of the
default setting in Section 4.1. As for the best prefix group,
it introduces a maintenance overhead during insert time due
to the fact that each single insertion can invalidate the orig-
inal metadata of best prefix group. Its extra branching logic
also increases query time. In our experiments it resulted in a
performance degradation of about 50% for insert while giv-
ing no significant improvement in query performance. As for
roll-forward distance control, the average fan-out of non-leaf
nodes is 41.45 as shown in Table 3. In the absence of suf-
fix truncation, the average number of keys in a node should
closely resemble that of MyISAM. The recommended value
of skipping distance in [5] is 10, which implies that this
instantiation technique may not be very helpful for purely
in-memory workload . Also, the additional header metadata
introduced by instantiated keys can further reduce the fan-
out and the branching logic it introduce also makes it not
always a positive optimization. Therefore, we only enable
roll-forward distance control in disk experiments with the
recommended value 10.

In disk-based scenarios, formost compression techniques,
we store the non-leaf nodes in memory and move the com-
plete pages in the leaf level to disk. For PkB, due to its
characteristics, we move all the complete keys to the disk
while keeping all B-tree levels in memory.

4 Results on synthetic datasets

In this section,wepresent the experimental results on evaluat-
ing the seven compression techniques on synthetic datasets.
We use the default settings to show an overall result first,
then discuss the effect of each factor on these compression
techniques in detail.

Fig. 9 In-memory results under default settings

Table 2 Default Experiments Settings

Page Size # of Keys Length Domain Size

Mem 512B 100M 32 Bytes 10

Disk 4096B

4.1 Overall Results

4.1.1 Results in Memory

Figure 9 shows the overall results under our default set-
tings, whose parameters are showed in Table 2. The keys are
uniformly distributed random numbers.

Insert Performance. As shown in Figure 9a, Tail Com-
pression and Head+Tail Compression perform better than
other techniques. Tail Compression adds extra processing
only at split time and does not introduce complex adjust-
ment strategies like DB2 does. This advantage makes these
two algorithms the only ones that improve insert performance
compared to the uncompressed B-tree.

WiredTiger, PkB, and MyISAM, the three algorithms
based on the delta compression, are 46.8%, 7.3% and
6.7% worse than the uncompressed B-tree respectively. The
degradation results from an increase in decompression-like
operations inside the node. WiredTiger, the most affected
algorithm, uses 44.6% of the total insertion time for decom-
pression. Without the existence of WiredTiger’s additional
instantiation techniques, MyISAM’s sequential scanning
reduces duplicate scans compared to WiredTiger’s binary
lookup, resulting in better performance.

DB2, on the other hand, its insertion performance is
slowed down by two things, its aggressive optimization strat-
egy performance at split time and slower searches, which we
will discuss below.

Search Performance. Figure 9b shows the performance of
point queries. Head+Tail Compression exhibits the highest
throughput, surpassing the uncompressed B-tree by 48.2%,
which is attributed to the synergistic effect of Head and Tail
Compression. Head Compression increases the throughput
by 2% by reducing the length of characters per comparison
within a page. Tail Compression reduces separator length
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in non-leaf nodes, thereby decreasing the B-tree height and
resulting in a 23.5% increase in throughput.

Like insertion, WiredTiger’s search performance is also
degraded by its decompression time. MyISAM’s query per-
formance is slightly higher than the uncompressed B-tree.
The performance of PkB is affected by the fact that the length
of the partial key is sometimes insufficient for comparisons.
Like MyISAM, PkB performs a sequential lookup within a
node, but instead of returning when the result of comparison
is equal, PkB returns a segment whose prefixes truncated by
partial key mechanism match the target key value, and then
continues to search in this segment using the complete keys
when the length of segments is greater than one. And this
process can introduce a certain amount of repeated compar-
isons.

DB2 shows lower throughput compared to Head Com-
pression because of its multiple prefixes within a page. Our
experiment shows that prefix search takes about 30% of the
total time of in-page search, this conclusion is based on the
total size of prefix metadata and data structure we introduced
in Section 3.3, how to fine-tune these details to reduce prefix
search overhead is beyond the scope of this paper.

Key Size. As shown in Figure 9c, we break down the key
length into two components: The line-filled part represents
the length of the header metadata for each item (which, in an
uncompressed B-tree, includes the offset and key length); the
solid part represents the length of the actual content, com-
prising both the key and the prefix (if any).

The average length is calculated across all nodes, rather
than only those where the compression applied. Except for
the overall result in this section, we use compression ratios
instead of actual lengths to visualize the compression effect.

Head+Tail Compression andWiredTiger showmost space
saving because they utilize both prefix and suffix. They
achieve compression ratios about 1.27x.

PkB shows a negative compression effect, because its
structure is not optimized for in-memory scenarios. In in-
memory experiments, it stores both the full key records and
the compressed one, whichmakes it always needmore space.
To be specific, the total length equals original key length and
length of header, which is a constant only affected by the
pre-set partial key length.

Among other techniques, Tail Compression shows a rela-
tively low space saving over all nodes because it only works
for non-leaf nodes. As illustrated in Table 3, its truncation
decreases the proportion of non-leaf nodes which increases
fan-out. Among the other three techniques, Head Compres-
sion and MyISAM show similar compression ratio. DB2
takes up more space than Head Compression as their multi-
ple prefixes requiremore headermetadata, but for this dataset
the saved space in suffix is not enough to compensate for it.

Table 3 Statistics on B-trees with Different Techniques in Default
Memory Setting

Techniques Height Fanout # Nodes # Non-leaf

Origin 9 9.27 13200400 1423920

Head 8 10.64 10527600 989764

Tail 6 28.51 12192500 427629

Head+Tail 6 42.87 9727250 226899

WiredTiger 6 41.45 10977100 264843

MyISAM 9 9.92 11709900 1180310

PkB 9 8.56 14445900 1688180

DB2 9 9.61 12321400 1282050

Fig. 10 Performance under different partial key length

Furthermore, we gather supplementary spatial data to
complement the compression ratio and display them in
Table 3. Generally speaking, the ones with Tail Com-
pression (Tail Compression, Head+Tail Compression and
WiredTiger) significantly reduce the height of trees and
thus shorten the search path. For average fan-out of non-
leaf nodes, Head+Tail Compression andWiredTiger, the two
techniques apply compression to both prefix and suffix are
highest.

Overall, on the random dataset, Head+Tail Compression
andWiredTiger achieve the highest compression ratios, with
Head+Tail Compression showing better throughput because
it does not need decompression for query processing.

4.1.2 Results on Disk

There are some differences between disk and memory exper-
iments. A setting change is the length of the partial key. PkB
was not initially designed for disk, and we reorganized the
structure of its in-memory nodes for disk scenarios, as dis-
cussed in Section 3.3. Additionally, since PkB accesses the
disk each time its partial keys are insufficient for comparison,
the length of these partial keys is data-sensitive. It should
be carefully chosen to maximize its ability to distinguish
between keys without introducing excessive space overhead.
Therefore, we would like to explore whether there is an opti-
mal value other than the recommended one.

As shown inFigure 10, there is a pronounced improvement
in performance when the length of the partial key increases
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Fig. 11 Overall results on disk under default settings

from 1 to 4 bytes, implying that a large percentage of com-
pressed keys can be differentiated by comparing only 2-4
bytes. However, performance begins to decline as the partial
key length reaches 8 bytes. In the range of 5 to 7 bytes, we
chose 5 bytes as the length of the partial key for the disk
experiments below because the number of nodes (i.e., the
total memory overhead) continued to grow steadily.

Another main change is the page size. We use 4KB, the
size of an OS page, as our default value in disk-based sce-
narios. Larger pages can diminish the effectiveness of some
compression techniques, which we discuss further in Section
4.4.

Figure 11 shows the overall results on disk. All tech-
niques, except PkB, involve only one disk I/O for accessing
the leaf node. This fixed overhead narrows down the rel-
ative improvement in query performance by compression,
and the overall results show a trend consistent with the exper-
iments in memory scenarios. The gap between WiredTiger
andMyISAM is partially reduced becauseWiredTiger’s roll-
forward distance control plays a role. Under such a page size,
all prefix-based methods show similar space savings. Sim-
ilar to the memory scenario in Table 3, Tail Compression
reduces the tree height from 5 to 4, making it also effective
in improving throughput.

PkB, on the other hand, saves space inmemory bymoving
all the complete keys to disk. Each key item only needs to
store the header metadata, whose length is constant, resulting
in a height that is also lower than that of the uncompressed
tree. However, its sequential in-node search performance suf-
fers significantly under such a large page size. Compared to
MyISAM, which also employs sequential search, the extra
indirect addressing (actually disk access) in PkB causes it
to show lower throughput. Additionally, the results of par-
tial key comparisons (i.e., matched length) are not utilized
by the complete key, leading to a small number of duplicate
comparisons.

4.2 Impact of Number of Keys

Figure 12 shows the results when the number of keys
varies. For the randomly distributed keys on a given dic-
tionary domain, the higher of the total number, the higher

Fig. 12 Performance under different number of keys

the similarity between neighboring ones in the sorted key.
In other words, prefix-based compression techniques would
show amore significant space saving. This is reflected in Fig-
ure 12c. As the number of keywords grows exponentially,
the compression ratios of Head, Head+Tail Compression,
WiredTiger, DB2, MyISAM show a near-linear improve-
ment. For Tail Compression, the growing number of keys
makes the separator of two adjacent longer, which reduces
fan-out and thus increases the proportion of non-leaf nodes
(from 3.055% to 3.507% when the number of keys grows
from 1M to 100M). When we count the over all nodes, these
two factors work together to stabilize the average key length,
increasing it only by a tiny amount.

For search performance, the relative performance gap
between the best Head+Tail and MyISAM/PkB increases as
the number of keys grows. That is because high similarity
between keys reduces the number of fully instantiated keys
within a node, which causes the number of predecessors that
need to be scanned to construct a full key to become larger.
DB2 has a more obvious drop in search performance as the
number of keys increases. It is partially because that the grow-
ing number of prefixes within a node has a greater impact on
performance than the longer prefixes. In other words, the
growing time for prefix search outweighs the time saved by
the suffix comparison.

In short, for our distribution, the effectiveness ofTailCom-
pression decreases as the number of keys increases. For the
other methods , their growth in compression ratio have the
same trend. Head+Tail still show a best performance overall.

4.3 Impact of Key Length

For a given distribution, when the number of keys is con-
stant, the length of the common prefix of keywords in a
interval of certain length is the same in probability. In other
words, if the number of keywords within a node is constant,
the length of the common prefix within a node is roughly
the same for keywords of different lengths. However, when
the total page size is fixed, increasing the keyword length
reduces the number of keywords within the page. This leads
to two effects, one is the number of nodes belongs to the same
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Fig. 13 Performance under different key lengths

common prefix becomes smaller, another is that the common
prefixof the fewer nodeswould become longer. They twowill
have opposite effects on the compression ratio, and accord-
ing to our experimental results in the Figure 13c, the former
wins the game. Additionally, longer keys require more space
to be set aside for page splitting, its effect on fan-out can be
approximated by the following calculation. We denote the
page size by S and the average key length (includes header
metadata) by L , then assume that the total length of the new
metadata written during the split time and the space to ensure
that the next key can be inserted is about k times the aver-
age key length. Depending on the compression method, the
value of k varies in (1, 3) approximately. Then when a node
reaches the limit and need to split, the fan-out F roughly
satisfies F = S

L − k. Therefore the size of the effectively
utilized space on page is about S − k ∗ L . As L gets larger,
k leads to more unused space in the page.

On the other hand, some compression methods benefit
from longer keys. For example, when the length of separa-
tors, aswe discussed above, does not changemuch, thus it has
significantly improved compression efficiency relative to the
total length of keys. For techniques based on delta compres-
sion, decreasing in number of keys within a page shortens
their path for decompression, which therefore narrows their
gaps between Head Compression. Also, for the fix-length
cost, the header metadata of PkB, longer keys reduce the
relative overhead it imposed.

In a word, with a roughly stable length of common
prefixes, the increase in key length leads the effects of prefix-
based and suffix-based compression to vary in opposite
trends, combining the two helps ensure applicability under
different data.

4.4 Impact of B-tree Page Size

4.4.1 Results in Memory

We then explore the impact of page size on the compression
techniques, for DB2, we always cap the total size of prefix
metadata at 25%of the page size. Figure 14 shows the results.
As the page size grows, theTailCompression seem to become

Fig. 14 Performance under different page sizes (Memory)

Table 4 Tail Compression under Different Page Sizes

Page Size Height Fan-out Non-leaf Nodes Ratio

256 8 14.0807 7.102%

512 6 28.5119 3.507%

1024 5 60.8383 1.644%

2048 4 134.845 0.740%

less effective in terms of compression ratio. However, this is
an artifact caused by the small proportion of non-leaf nodes.
As shown in Table 4, it actually increases fan-out and reduces
the height effectively, because larger node sizes exacerbate
the variability between non-leaf nodes and shorten the length
of separators betweennon-leaf nodes.However, as the overall
tree height decreases, it no longer has a significant advantage
in shortening the search path. It can reduce the height from
13 to 8when the page size is 256B, and only from 5 to 4when
the page size grows to 2048B. Accordingly, the query perfor-
mance gap between the Tail Compression and uncompressed
B-tree decreases as the page size increases.

The compression ratio gap between DB2 and Head Com-
pression also decreases as the page size grows and reverses at
the page size of 2KB. This is due to the fact that DB2’s prefix
merge and prefix expand optimization strategies only work
when there are multiple prefixes within a node, and when the
number of prefixes is 1, the prefix optimization algorithm
greedily creates new prefix groups within the node. How-
ever, multiple prefixes are not always preferable to a single
prefix, especially when the number of keys within a node
is small. The extra prefixes and their metadata may incur
greater space overhead. However, as the page size grows, for
example when there are hundreds of keys within a node, a
common prefix for all keys may not effectively compress the
length of the keys, thus the multiple prefixes of DB2 can be
helpful.

Overall, as the page grows, most compression methods
will improve performance due to shorter search paths. For
delta compressions in particular, a larger page means a
longer distance from the previous fully instantiated key. As
the page size grows, MyISAM/PkB’s search performance
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Fig. 15 Performance under different page sizes (Disk)

increases,whileWiredTiger hovers around the same through-
put.Head+Tail holds the highest absolute performance across
all experimented parameters.

To sum up, as the page size increases, the compression
ratios of MyISAM and DB2 increase, while the Head and
Tail Compression decreases. Tail Compression improves
performance by shortening search paths across page sizes.
MyISAM’s insertion performance decreases at large page
sizes due to the increased overhead of in-node decompres-
sion. DB2 suffers from the increasing time of prefix search.

4.4.2 Results on Disk

Compared with in-memory scenarios, page sizes in disk sce-
narios are larger in existing DBMS (e.g., SQLite uses a 4KB
page size [4], and Postgres uses an 8KB page size [7]). We
varied the page size from 2KB to 16KB, and the results are
shown in Figure 15. Unlike the in-memory case, where the
throughput initially rises and then falls, in disk scenarios
without additional optimization for large page sizes like that
in [54], the throughput degrades on larger pages for most
compression techniques. One reason is that the larger page
size cannot further reduce the tree’s height but increases the
in-node search cost. For all prefix-based compression tech-
niques, the compression ratio stabilizes at around 1.2 for the
given page size range. The throughput decreases gradually
as the page size grows because each point query accesses the
disk only once, and the larger page size cannot reduce disk
I/Os. We observe the same pattern for large page sizes (e.g.,
64KB). Page sizes larger than 64KB require a metadata size
larger than two bytes to store pointer information, which will
further decrease storage effectiveness and thus throughput.

4.5 Impact of Domain Size

We choose four different domain sizes, 10, 26, 36, and
62, which correspond to (1) pure numbers, (2) upper/lower
case letters, (3) numbers and upper/lower case letters, (4)
numbers, lower and upper case numbers Based on Section
4.4, we resize a page to 1KB, the maximum size at which

Fig. 16 Performance under different domain sizes

Fig. 17 Data frequency under different scales

the performance of the majority of these techniques has not
started to degrade.

As shown in Figure 16, the results for compression ratios
are consistent with the statistical intuition that the compres-
sion ratios of prefix-related techniques gradually get closer
to 1 as the domain size increases. Tail Compression, on the
other hand, is not much affected by domain size. As domain
size grows from 10 to 62, its compression ratio is basically a
horizontal line on the figure, and the average length of keys
changes by less than 0.2 Byte. The situation is slightly dif-
ferent in terms of throughput. Most methods saw a small
overall improvement in search performance as the domain
size increased. This is due to the fact that for strings that are
less similar to each other, fewer bytes need to be compared
to get a comparison result.

4.6 Impact of Distribution of Keys

Figure 17 shows how the standard deviation (the same as the
word ’scale’ below) affects the degree of aggregation of the
keys, which in turn affects the average prefix length. In this
example, keys with a scale of 1 vary within 50, while those
with a scale of 100 vary by around 5000. When adding all
the keys with the same offset of 10000, keys with a scale
of 1 are located in the range (10000, 10050) and therefore
have a common prefix ’100’. For keys with a scale of 100,
they spread in the range (10000, 15000), which results in a
shorter common prefix ’1’. Therefore, the prefix length can
be roughly controlled by varying the degree of aggregation.
We generated 32-byte long keys in a similar manner. We also
compare them with the keys of uniform distribution which is
more spread out than a normal distribution with a standard
deviation of 1031.
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Fig. 18 Performance under different scales

As shown in Figure 18, in terms of compression ratios, the
results under the different distributions show significant dif-
ferences. As the scale decreases, the space-saving advantage
of compression between neighboring keys over intra-node
common prefix compression becomes more and more appar-
ent. In particular, the compression ratios of MyISAM and
WiredTiger growly rapidly at small scales (from 1K to 1)
while those of Head and Head+Tail Compression increase
slowly but steadily. This is due to the fact that the average
node common prefix length has an approximately negative
linear correlation with the exponent of scale, and this does
not hold exactly for the length of common prefix between
neighboring nodes. DB2, as result of the tradeoff between
fine-grained and coarse-grained compression, shows a com-
pression ratio roughly the average of Head Compression and
MyISAM/WiredTiger. Tail Compression and the suffix part
of WiredTiger have almost no effect when the scale is very
small. When setting the scale to 1 and 1k, Tail Compression
can only reduce the height of the B-tree by one instead of
two in other cases.

Changes in throughput corresponds to those of the
compression ratios. MyISAM, as a representative of the
approaches based on delta compression, gradually converges
to the same query performance as the uncompressed B-
tree as the scale increases. Tail Compression, on the other
hand, shows a significant performance degradation due to
the longer search path when the scale is set to 1K, and rise
again when the scale decreases to 1 because the compari-
son bytes become shorter. the performance gap between Tail
Compression and the uncompressed B-tree widens as the
scale increases. Insert performance demonstrates the trade-
off between index creation overhead and the performance
gains of compressed keys. When the scale is less than 1M,
DB2 and MyISAM outperform the uncompressed B-tree.

Overall, when data aggregation is super centralized,
MyISAM and WiredTiger exhibit significantly higher com-
pression ratios than the other methods, but there is no
concomitant significant improvement in query performance.

Table 5 Search Throughput (Kop/s) Under Different Ranges

Memory Disk

Range 10 100 10 100

Original 201.73 65.03 275.23 168.24

Head 177.85 63.06 215.25 100.57

Tail 237.57 74.99 278.66 171.79

Head+Tail 204.29 64.73 226.19 107.65

WiredTiger 112.57 42.92 207.18 101.96

MyISAM 173.30 53.92 234.82 110.78

PkB 174.31 64.63 30.66 16.10

DB2 162.99 71.77 202.49 96.90

4.7 Impact of Query Ranges

We then explore the performance of range query, where all
keys in the query range need to be compressed. We vary the
query range from 10 to 100 items. The results of both mem-
ory and disk are shown in Table 5. Tail Compression always
shows the best performance because there is no decompres-
sion needed. Some compression techniques have metadata
in the nodes that help to quickly locate whether the target
range terminates within the current leaf node. For exam-
ple, Head Compression maintains the upper bound of the
node. However, in our tests, there was no significant dif-
ference in performance between skipping entire nodes and
batch decompressing versus decompressing and comparing
keys one by one. For the in-memory scenario, all meth-
ods that require decompression (or prefix-based) have lower
throughput on range queries than the uncompressed tree.
Disk experiments show similar results. In addition, it shows
that migrating PkB directly to disk scenarios is not a good
idea. Its design of separating partial keys and full keys makes
localization disappear, so range queries require a lot of disk
I/Os.

5 Results on real datasets

In this section, we present results on four real datasets:
TPC-H [10], WEBSPAM-UK2007 [2], WikiTitles [11], and
MemeTracker URL Links dataset [3]. Table 1 summarizes
the key features in these datasets.

5.1 Results on TPC-H

TPC-H [10] is a popular decision support benchmark
whose data is close to which for everyday use in the real
world. We choose the largest LINEITEM table from it and
set the scale factor to 10, which correspond to tables with 60
millions rows. As with most databases these days, in dealing
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Fig. 19 Results over TPC-H LINEITEM

Fig. 20 Results over WEBSPAM-UK2007

with multi-column composite keys, we consider the combi-
nation of the involved columns in B-tree as a single column
and implement compression on it.

Figure 19 shows the results in memory. Overall, similar
to the results in synthetic dataset, Head+Tail shows the best
result in both throughput and compression ratio. The first
few columns in the LINEITEM table are mainly numeric
characters with a small domain size, and the compression
effect of prefix-based techniques are mainly (or only) related
to the first column due to the existence of column separator.
Thus, Head Compression, MyISAM and DB2 do not save
much space compared to the average key length.

Consistent with the synthetic datasets, for such keys with
low overlap, the three ones that truncate the suffix show
higher compression ratio than others. For the simple keys
in the first column, there are usually only 2 or 3 different val-
ues within a 1KB-length page. Accordingly, for MyISAM
and WiredTiger, the length of common prefix between the
current and previous keys in the key header only changes 1-2
times within a node. Thus few memory copying are needed
to rebuild a prefix, allowing MyISAM that uses sequential
scan to exhibit higher query performance than uncompressed
B-tree despite a low compression ratio.

5.2 Results onWEBSPAM andMemeTracker

WEBSPAM[2] is a collectionof 100MURLsof spam/non-
spam hosts collected from the .uk domain. For the purpose
of this experiment, we collect 25M of the URLs. Unlike
randomized datasets, urls are naturally more amenable to
prefix-based compression. Considering the lengths of the
keys, we adjust the page size to 4KB. Figure 20 shows the
results.

Fig. 21 Results over MemeTracker URLs

Fig. 22 Results over WikiTitles

Overall, all techniques except Tail Compression show
more effective results here compared to some of the ran-
domized datasets mentioned above. In terms of compression
ratio, techniques based on delta-compression (i.e. MyISAM
and WiredTiger) save more space than those that compress
the common prefix in a range (i.e, Head Compression and
DB2). DB2 has a lower compression ratio than Head Com-
pression, themain reason is that for urls, themultiple prefixes
in a node often have long commonprefix and differ only in the
last few bytes, thus the extra metadata overhead is more than
the space saved by further compression. The high compres-
sion ratio of MyISAM compensates for the high overhead of
decompressing one by one. However, WiredTiger’s in-node
binary search still leads to unsatisfactory throughput due to
the presence of duplicate decompression. As for DB2, con-
sistent with the results we discussed in Section 4.3,

it suffers from the long keys in this datasets, which make
the prefix search overhead a relatively large portion of the
total query time. Therefore, the smaller number of keys
makes the common prefixes in nodes longer and increases
the share of prefix search in the total query time of DB2,
leading to a larger gap between DB2 and Head Compression
in both compression ratio and throughput.

Similar results can be obtained on other datasets with
domain-specific high similarity prefixes.

For example, we also run the benchmark over another
urls dataset, the MemeTracker URLs dataset. The results
are shown in Figure 21. A main difference between the two
datasets is the average length of keys. The growing number
of in-node keywords makes DB2 perform better and reduces
the efficiency of Head Compression.
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Fig. 23 Performance comparison between MyISAM and Uncom-
pressed B-Tree on Real Datasets

Fig. 24 Statistics on compression ratio and Keys’ feature

Fig. 25 Distribution of key length

5.3 Results onWikiTitles

We chose the English Wikipedia title dataset as a represen-
tation of the distribution of real-world texts in a linguistic
perspective. WikiTitle’s overall key length is short, along
with the header metadata, the average length of each item
in the uncompressed B-tree is only 23.73 Bytes. As shown
in Figure 22, the constructional properties of English favor
the prefix-based compression to some extent while the Tail
Compression does not make a noticeable difference. Com-
paring Figure 19 and Figure 22, it shows that even though
MyISAM has a higher compression ratio in WikiTitles, the
relative throughput to the uncompressed version is much
lower. When Head+Tail shows a stable and competitive per-
formance, MyISAM’s occasional competitiveness deserves
further discussion. Based on this observation, we further
explore some details about it.

5.4 Further Discussion

We sample 10M keys from each dataset above and run
MyISAMand the uncompressedB-tree over them. The query
performance are shown in Figure 23. We collect a series of
valuable statistics as follows during the write/read process
that may have an impact on performance:

Table 6 Uncompressed B-tree Statistic for Different Datasets

Datasets Key Size Fanout Height # Leaves

WikiTitles 25.19 57.42 4 2793

MemeTracker 79.65 22.11 6 10275

WEBSPAM 109.60 11.81 8 60598

TPC-H 131.69 13.77 6 61361

1. Average actual comparison length: The average length
that is sufficient to distinguish between two keys, i.e., the
number of bytes compared before return the comparison
result.

2. Actual comparison proportion: the proportion of (1) to the
average key length.

3. Suffix comparison ratio: During sequential scan, when the
matched bytes are longer than the prefix of current key,
a comparison on the suffix is needed to decide whether
continue. We counted the percentage of keys where com-
parisons are needed during the scan.

4. Average suffix comparison length: The average length of
the comparisons in (3).

To figure out factors affecting relative performance, we
start from the performance of uncompressed B-tree, Table 6
displays some supporting information. As shown in the table,
the search performance is strongly influenced by the height
of trees, among which the throughput drops dramatically for
WEBSPAM of the highest tree. TPC-H has longer keys on
average than WEBSPAM, but has a lower tree height and
a higher fan-out than it. The reason exists in the distribu-
tion of key length, as shown in Figure 25. The imbalance in
key length leads to the inefficiency in uncompressed B-tree,
which can be partially mitigated in MyISAM.

Between MemeTracker and TPC-H, the two have a same
height, MemeTracker has lower throughput due to its long
comparison length as shown in Figure 24b, even though its
average key length is much shorter than TPC-H. From TPC-
H to MemeTracker, the average comparison length changed
from 8.92 to 25.67, resulting in an increase in proportion of
comparison time in the total query time from 62.5% to 71.2%
and thus the decrease in overall throughput.

Techniques that compress between neighboring keys, such
as MyISAM, has high compression ratios for many real
datasets and performs well at compression ratios of 2 or
higher. However, for some easily distinguishable data, it can-
not maintain the original high throughput rate.

6 Improving head+tail compression

As shown in Section 4 and Section 5, the Head+Tail com-
pression consistently shows better insert and search through-

123



An Evaluation of B-tree Compression... Page 15 of 24 4

put while maintaining good compression ratios across vari-
ous page sizes, key distributions, and domain sizes compared
to other B-tree compression techniques. A detailed summary
can be found in Section 8. In this section, we study more
on the Head+Tail compression. In particular, we investigate
techniques to further optimize it.

Lomet documented three specific optimization techniques
for B-tree compression in [46]: prefix vector representation,
unrolled binary search, and key normalization, which are
discussed in the context of Head+Tail Compression specifi-
cally. However, that paper is a personal-experience-sharing
style article that does not provide experimental results on the
effectiveness of these optimizations. Moreover, that paper
was published more than two decades ago, during which
computer architecture has changed significantly. Thus, it is
interesting to investigate whether and how these optimiza-
tions are effective in today’s computing environment.

In this section, we implement these techniques (proposed
in [46]) in the context ofHead+Tail compression and evaluate
their effectiveness.

6.1 Prefix Vector Representation

After Head+Tail compression, the keys in the B-tree may
not have the same length (even if they did before com-
pression). Performing binary search on variable-length keys
incurs additional overhead due to redirection, as it requires
lookups in a separate array for offsets and lengths. The main
idea of the prefix vector representation (proposed in [46]) is
to partition each key into two parts (shown in Figure 26): a
fixed-length part and a variable-length part. All fixed-length
parts go into the key prefix vector representation, while the
variable-length parts are stored as they are. The length of
the fixed-length key can be configured to two, four, or eight
bytes. Binary search is applied on the fixed-length vector
first, and only when the comparison result is equal do we
need to traverse the suffix to determine the final comparison
result.

The advantages of this optimization are at least two-fold:
(1) Binary search on the fixed-length vector is faster than
on variable-length keys without the redirection overhead; (2)
The design is more cache-friendly, as the shorter fixed-length
keys fit more easily into CPU caches. Lastly, this design is
more suitable for an optimization to be introduced in Section
6.3.

6.1.1 Experimental Result

In this experiment, we set the page size to 1kB according
to experimental setting in Section 4.1. We set the prefix size
to 4 bytes (and study the impact of the prefix size in Sec-
tion 6.1.2). Compared with the default in-memory settings
in Section 4.1, the larger page size can further leverage the

Fig. 26 Example of prefix vector Representation

Table 7 Prefix Vector Representation Performance Improvement

Mops/s Insert Search

No Compression 0.745 (+13.7%) 0.729 (+9.5%)

Head 1.026 (+37.2%) 1.008 (+36.8%)

Tail 0.841 (+6.5%) 0.872 (+7.3%)

Head+Tail 1.137 (+27.6%) 1.139 (+26.1%)

H+T Extra Nodes +183 (+0.004%)

prefix vector’s capability to reduce probe cost. We also eval-
uate the B-trees with and without Head+Tail Compression
to further explore how the prefix vector representation works
with Head+Tail, and the results are shown in Table 7.

Overall, the prefix vector representation shows an increase
in throughput across all compression variants. Head+Tail
remains the best-performing technique, with increases of
27% and 26% for insertion and search, respectively. By
exiting key comparisons early, the prefix vector represen-
tation reduces probe costs. The experimental results indicate
a promising performance enhancement for the B-tree opti-
mization.

The most significant performance improvement is seen in
Head Compression, with a 37% and 36% increase, which
can be attributed to the great compatibility between the Head
Compression technique and the prefix vector representation:
both operate on prefixes. The page-level common prefixes
lead to redundant comparisons for each key during binary
search. Head Compression removes the common prefixes
within a node, thus giving the prefix vector representation a
greater chance to exit the search during prefix comparisons.

The performance improvement in Tail Compression is
much less in comparison, to the point that its relative per-
formance improvement from the prefix vector representation
is lower than that of the uncompressed B-tree. This is mainly
due to node-wide common prefixes. Moreover, the internal
nodes in Tail Compression use the shortest keys as separa-
tors during node splitting. Sometimes this separator is shorter
than the prefix size, which causes internal fragmentation in
the metadata entries. This issue is more prevalent in higher-
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Fig. 27 PV performance under different parameters

level internal nodes (closer to the root) because the separator
can often be only one or two bytes.

We also show the space overhead. According to the exper-
iment, the prefix vector representation created 0.3% more
internal nodes (0.004% of total nodes) on Head+Tail Com-
pression due to internal fragmentation (Table 7). These extra
nodes may cause slight insertion performance losses and
reduce compression effectiveness, but the percentage is neg-
ligible under our settings.

Figure 27 shows the performance of PV under different
parameters. Generally, PV performs better than Head+Tail
only, showing stable improvement over different page sizes
and key lengths. PV andHead+Tail only share similar perfor-
mance at a size of 256 bytes. The low number of stored keys

Table 8 Head+Tail Performance under Different Prefix Vector Hyper-
parameters

Mops/s No PV 2 Bytes 4 Bytes 8 Bytes

Insertion 0.891 1.0632 1.137 1.057

Search 0.903 1.0632 1.139 1.090

Extra Nodes baseline +0.008% +0.004% +0.9%

per node means there are fewer chances of indirection. The
entire node is likely to be pulled into the cache regardless of
the optimization. We observe that PV provides an optimiza-
tion for all page sizes up until 16KB. This suggests the node
size is too large even for PV to optimize. Each binary search
iteration is likely to result in a cache miss because even the
prefix entries are too far apart.

Lastly, we see PV has worse throughput at 100K entries
and below (Figure b). This may be because PV performs
well if most internal nodes are shorter than the set PV size.
Tail compression allows theminimum-length identifying key
when splitting nodes. With a low number of input keys,
the effect of PV’s internal fragmentation on performance
becomes more obvious. This, fortunately, can be resolved by
lowering the set prefix size (e.g., 2 instead of 4). A dynamic
system can be introduced that changes the prefix size accord-
ing to the total number of stored keys. The required tree
reformatting can be performed offline.

6.1.2 Impact of Prefix Size

As mentioned above, the size of the prefix can affect per-
formance and compression efficiency. In Section 6.1.1, 4
bytes was used as the default prefix size, and we study the
impact of different prefix sizes in this experiment.

Table 8 compares the relative performance of different
prefix sizes, specifically short (2 bytes) and long (8 bytes),
against the Head+Tail B-tree with a prefix vector representa-
tion. The 4-byte prefix outperforms the other two sizes in both
insertion and search. The results show that 2-byte prefixes
provide some improvement over Head+Tail but fall short in
throughput when compared to 4-byte prefixes. A similar pat-
tern applies to 8-byte prefixes. This is because, although the
larger prefix size allows for more frequent early exits, the
longer metadata reduces cache locality, resulting in lower
performance than 4-byte prefixes.

In terms of the space overhead due to fixed prefix length,
the 8-byte prefix vector representation resulted in 0.9% extra
nodes compared to Head+Tail (Table 8). Although the extra
nodes do not place a significant strain on search performance,
they negatively affect insertion speed due to the additional
node creation, splitting, and copying. This effect can be seen
in the throughput difference between insertion and search for
the 8-byte prefix.
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Counterintuitively, the 2-byte prefixes had slightly more
extra nodes than the 4-byte prefixes. After inspection, we
believe the subtle difference between the prefix sizes affected
the node layout and the Tail Compression’s separator selec-
tionduring themillions of insertions, consequently impacting
the size and density of internal nodes. These effects then rip-
pled throughout the entire tree in subsequent insertions. In
our case, this anomaly caused a very small amount of storage
overhead, merely 0.008% of the total nodes. After observing
the compression ratio in additional experiments, we found
that a 2-byte prefix had nearly the same number of nodes as
a normal B-tree from 10k to 10m keys (with at most 1 extra
node), while using a 4-byte prefix consistently resulted in
more internal nodes comparatively. This peculiarity hints at
potential optimizations in Tail Compression, possibly in the
form of split interval prediction during insertion or a version
of post hoc tree node density balancing or separator recalcu-
lation.

6.1.3 Summary

Overall, the prefix vector representation proposed in [46] has
been shown to improveHead+Tail compression byup to27%
for insertion and search. The space overhead introduced is
negligible.

6.2 Unrolled Binary Search

The drawback of conventional binary search is that it contains
many hard-to-predict branches, which can affect perfor-
mance. In [46], another optimization, termed “unrolled
binary search"wasmentioned to address this issue by remov-
ing as many branches as possible. Unrolled binary search is
based on Shar’s algorithm,which is first proposed in the book
[39]. However, its effect on compressed B-trees was not stud-
ied in [46]. In this section, we conduct experiments to discuss
the impact of unrolled binary search on B-tree compression.

6.2.1 Algorithm Description

Algorithm 1 shows Shar’s algorithm [39]. The main loop
body takes advantage of arrays whose sizes are powers of 2,
where index calculations can be replaced by bit right-shifts.
Shar’s algorithm ensures that all arrays beyond the first com-
parison are of sizes that are powers of 2. There are several
important constants concerning the array size N in Shar’s
algorithms defined as follows:

– k = �lg N�.
– i = 2k

– l = �lg(N − i + 1)�.
– i’ = N + 1 − 2l .

Algorithm 1: Shar’s Algorithm

Fig. 28 Example of shar’s algorithm. If the key is larger than 4, then i
flip to i’, and 3 and 4 become redundant

In line 2, the algorithm compares the input with Arr[idx]
where idx is initialized to the i, the largest power of two
less than the length of the array. If the result indicates that
the target lies to the left of Arr[idx], then the binary search
will be conducted normally with M initialized to i , which
is a power of 2 and can be safely divided by two in each
iteration. If the target lies to the right of Arr[idx], then we
set M as the smallest power of 2 larger than the length to the
right of Arr[idx] and conduct the same binary search on the
remaining section.

Figure 28 shows an example of how l andM are adjusted
before the loop body. In this case, we try to find 6 in an array
of length of 6, so M = i = 4 (one-indexed for simplicity).
Because the target 6 is larger than Arr [i] = 4, we flip to the
right, then the idx = i ′ + M = 5 where i ′ = 3,M = l = 2.
If such “flip” occurs, our new boundary can over-estimate
to enforce lengths in powers of two. Notice that elements 3
and 4 are again within the search range that has not been
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discarded by divide-and-conquer, indicated by i’. While this
ensures correctness, it also means duplicated comparisons
can exist in Shar’s algorithm. Fortunately, the algorithm will
never make more than �lg(n)]� + 1 comparisons because of
divide-and-conquer. With that, Shar’s algorithm is able to
minimize the index calculation overhead and M can always
shrink within a single right-shift instruction.

Algorithm 2: Unrolled Binary Search (UBS)

According to [46], Shar’s algorithmenables loopunrolling,
which eliminates loop branching and index calculations
entirely. Based on the brief description in [46], we imple-
mented the unrolled binary search algorithm, which has no
branching or index computation after the first probe and
embeds displacements as constants, as shown in Algorithm
2. With the switch statement, the program jumps to the cor-
responding displacement and continues sequentially through
all cases until each comparison is completed.

In addition, we employ another optimization technique:
instead of accessing the index directly, we keep track of the
lowest index, low, which points to the lowest element that
has yet to be excluded by divide-and-conquer. With this new
setup, only two conditions are required for each iteration:
first, to check if the lowest index pointer needs to be increased
(i.e., if the comparison result is greater than zero), and second,
to check if the element has been found. This eliminates the
need to update the pointer when the target element is in the
lower half, as excluding elements is effectively achieved by
halving the embedded constants with each iteration.

Note that the number of switch cases in Algorithm 2
depends on the page size. A larger page size will require
a higher first case and more comparisons. The highest case

Fig. 29 UBS performance under different parameters

can be set to less than the page size by calculating the max-
imum number of keys a node can theoretically hold. By
opting for a tighter theoretical upper bound, one can reduce
the executable size and thereby increase performance. In our
experiment, we use 256 as the upper bound for the 1024-byte
page size. If the page size increases, manual adjustments to
the number of cases in the switch statement may be required.

6.2.2 Experimental Result

Table 9 shows that UBS results in performance decrease
both in search throughput (-10.3%) and insertion through-
put (-5.92%). We analyze this behavior by examining the
impact of unrolled binary search on the number of func-
tion calls made by the comparison function. As previously
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Table 9 Unrolled Binary Search Result

Mops/s Insertion Search

Head+Tail+PV 1.137 1.139

Head+Tail+PV+UBS 1.021 (-10.3%) 1.0811 (-5.92%)

mentioned, Shar’s algorithm may result in extra compar-
isons, where keys that could have been discarded remain
due to "flip" bound over-estimation. The number of com-
parison function calls for insertion and search increased by
6.01% and 5.83%, respectively (Table 9). Since the per-
centage increases are approximately the same, we assume
that duplicate comparisons in unrolled binary search uni-
formly affect both insertion and search throughput. Although
unrolledbinary search aims to eliminate loopbranching state-
ments, the resulting assembly still contains branch statements
because the compiler hoists switch cases to take advantage
of cache locality during optimization. This effect, however,
should apply uniformly to both insertion and search (See
Table 10).

UBS decreases the system throughput despite its com-
plexity. We observed that UBS’s assembly does not inline
the comparison function as its original counterpart does. This
means each switch case incurs function call overhead. Addi-
tionally, the switch statement does not have direct branching
due to code hoisting, which means the program may go
through multiple branches before reaching the correct case.
Lastly, the additional comparisons mentioned earlier also put
pressure on the program’s throughput.

Figure 29 shows the performance of UBS under differ-
ent parameters. The number of switch cases is adjusted
accordingly for larger page sizes. We observe a uniform per-
formance degradation across all settings when compared to
PV.

6.2.3 Summary

Overall, unrolled binary search does not improve perfor-
mance. The additional comparisons do not makeUBS a good
optimization under relative high comparison cost environ-
ments, such as in database systems.

6.3 Key Normalization

In [46], another optimization called "Key Normalization"
(KN) was developed to reduce the cost of key compari-
son. Instead of comparing two keys in a byte-wise fashion,
KN compares two keys word-wise to reduce the number of
comparisons. However, on little-endianmachines, we cannot
directly convert two string keys into words due to correctness
issues, requiring byte-order reversion.

The downside of the fixed-word comparison implemen-
tation is that if the length of the string is not divisible by
the word length, then empty or null bytes must be padded
to ensure correctness. This requirement often conflicts with
compression techniques. In the case of head compression,
extracting a common head byte may or may not reduce a
key’s size depending on its length. For example, in a worst-
case scenario, extracting Lword−1 bytes of common prefixes
from all keys could result in no compression effect because
all compression is offset by null padding bytes at the end of
the keys. In this section, we conduct experiments to explore
the effects of fixed-word comparisons on performance and
storage.

For key normalization, we will study two variants: key-
prefix only (KP) and full normalization (FN). Because the
prefixvector representation alreadyhasword-length prefixes,
normalizing them for word-size comparison will be straight-
forward. Full key normalization rounds up all key lengths
that are not divisible by the word length and pads null bytes
at the end of the key.

Due to the nature of Head Compression, implementing
key suffix normalization becomes rather complex. Typically,
HeadCompression is achieved through a simple pointer shift:
increasing the local key pointer by the node’s prefix size
provides the compressed key for the corresponding node.
However, this mechanism is not compatible with key nor-
malization, where the bytes are out of order. If one were to
compress the search key before entering the search function,
a linear string conversionwould be required to place the bytes
in the correct index each time the key enters a node with a
compressed prefix.

Instead, we opt for a slightly different implementation.
Rather than normalizing the incoming key before entering
a node, a key is normalized only when it is inserted into
the B-tree node. To facilitate word-sized comparisons, we
use the BSWAP instruction2 (available on x86 to convert the
byte order from the little-endian format to the big-endian
format) during the comparison function. With this approach,
we can perform normal pointer arithmetic for head compres-
sion, apply BSWAP byte ordering locally, and compare it
with normalized keys with minimal overhead. Finally, the
normalized prefix of the incoming key can be stored locally
at the start of a node search function, which avoids redun-
dant BSWAP instructions during comparison. Aword-length
of null bytes is padded at the tail of the incoming keys to
ensure that garbage values do not affect head-compressed
word comparisons.

2 https://www.felixcloutier.com/x86/bswap
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Table 10 Number of
Comparison Function Calls

# of Function Calls Insertion Search

Head+Tail+PV 2592998804 2102982597

Head+Tail+PV+UBS 2748905177 (+6.01%) 2225652709 (+5.83%)

Table 11 Key Prefix-only and
Full Normalization
Implementation over Prefix
Vector Results

Mops/s KP Insert KP Search FN Insert FN Search

No Compression 0.771 0.735 0.794 0.784

Head 1.108 1.070 1.082 1.070

Tail 0.867 0.902 0.908 0.935

Head+Tail 1.189 (+4.6%) 1.173 (+2.9%) 1.192 (+4.9%) 1.169 (+2.6%)

H+T Extra Nodes +0 +360260 (+7.3%)

Fig. 30 KP performance under different parameters

6.3.1 Experimental Result

We implemented key prefix-only and full normalization
on top of the prefix vector representation. Table 11 shows
the results. Compared to Head+Tail+PV (prefix vector repre-
sentation), prefix-only normalization improved insertion and
search by 4.6% and 2.9%, and full normalization improved
insertion and search by 4.9% and 2.6%. The performance
increase between the two techniques is similar. We also find
that full normalization increases the total number of nodes
by 7.3% for Head+Tail compression, a significant increase
compared to the prefix vector representation. Prefix-only
normalization does not affect the tree size (i.e. the space over-
head).

Although FN theoretically has a lower comparison cost,
the reduced compression ratio means FN will spend more
time during binary search. Most searches exit during prefix
comparisons (at most a few bytes into the suffix). Therefore,
the reduction in comparison cost contributed by FN is real-
ized only in a few cases, with the main exception being when
the key is found in the leaf node. In cases where the compari-
son cost is high (i.e., no compression and Tail compression),
FN provides a performance boost over KP, whereas KP and
FN show similar throughput when the comparison cost is low
(i.e., Head compression and Head+Tail).

We explain more of the implementation details. First,
unlike KP, the keys during FN insertions are BSWAP’ed and
inserted as a word instead of being copied one by one, which
may increase insertion throughput. This may give FN a slight
advantage over KP and PV (Prefix Vector Representation).
ForKPandFN,we constructed a constant-space (i.e.,malloc-
less) key-copying algorithm that handles the prefix vector,
head compression, and key normalization simultaneously,
instead of denormalizing the key into an allocated buffer and
then reinserting it into the new node. This approach is simi-
lar to PV, where the keys are copied to the new node byte by
byte.
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Since FN does not provide additional optimization given
the space tradeoff, we opted to test only KP’s performance
over different settings. Figure 30 shows the performance of
KP versus PV under different parameters. The data suggests
that KP tends to outperform PV across the board, although
the degree of optimization is limited.

6.3.2 Summary

Overall, the prefix-only normalization does not improve per-
formance much. Full Normalization requires null padding,
which decreases the compression ratio and does not show a
significant improvement over key prefix-only normalization.
Unless tasks involve a large number of key suffix com-
parisons (i.e., high comparison cost), which is rare under
Head+Tail compression, Full Normalization is not necessary.

7 Related work

In this section, we present relevant work to this paper.
Compression is an important topic in databases. In addi-

tion to B-tree compression, which is the main focus of this
paper, there are many works on compression in other levels.

To achieve the best compression ratio, various compres-
sion techniques are developed for different types of data,
such as dictionary encoding [25], run-length encoding [13],
integer compression, bitmap compression [38, 41, 53], float
compression [44, 48], and text compression [56, 57].

This paper focuses on traditional B-trees due to their
widespread usage. Even many in-memory databases also
use B-trees or their variants. For example, Microsoft’s in-
memory database Hekaton uses the Bw-tree [28]. SAP’s
main-memory database HANA uses the CPB+-tree, a com-
pressed prefix B+tree [6]. H-store, another main-memory
database, also uses a B-tree [36]. There are also some other
indexes that have been designed with space-saving purposes
in mind. Bumbulis and Bowman developed a compact B-
tree [23], which uses a local Patricia tree (a variant of trie)
to represent the keys inside each node instead of using an
array. Many radix trees like ART [42] save space by sharing
path information. Zhang et al. developed an order-preserving
key compression for in-memory search trees [59]. That work
uses a dictionary-based order-preserving compression strat-
egy for strings, essentially reducing the size of keys before
inserting them into the tree structure. Similar works can be
found in [15, 16, 20, 45].However, they are not aswidely used
in commercial database systems as B-trees because B-trees
are simple and mature, support both point and range queries
efficiently, and are compatible with both memory and disk.

This work is also relevant to some prior B-tree implemen-
tations, such as [49, 50], that have used certain forms of head
and tail compression. Although [1] uses the same term, it is

completely different from the key normalization described in
this paper or in Lomet’s paper [46]. The key normalization in
[1] focuses on transforming different key index formats and
data types into a single representation so that the results can
be easily compared. The motivation is that some data types
(e.g., datetime) have more complex and costly comparison
functions. It transforms all such keys into a format usable
by memcmp to reduce comparison cost. In contrast, the key
normalization in Lomet’s paper [46] involves switching the
positions of bytes to allow multi-byte comparisons.

It is interesting to note that the prefix vector representation
shares a similar design philosophy with the recent German-
style string representation [35, 47], which uses a set of
constant prefixes for variable-length strings to reduce space.
However, the prefix vector representation maintains a small,
fixed prefix size (typically 2 or 4 bytes) for all strings within a
B-tree node, thereby improving search performance through
direct binary search and better cache locality. Note that both
techniques target different use cases. The prefix vector repre-
sentation is specific to B-trees, wheremany keys are integers,
floats, or small-sized strings. In contrast, the German-style
string representation is a general-purpose string representa-
tion used in more complex settings, such as Apache Arrow
and Apache DataFusion [35].

Another line of research is learned indexes [14, 29, 40] that
use machine learning techniques to predict the key positions
in B-trees. While this is innovative, it remains to address
many practical issues, such as slow updates and concurrency
control, to be widely adopted in real database systems.

While there have been prior surveys and experimental
studies evaluating compression techniques for other data
types, like bitmap [51], to the best of our knowledge, no study
has compared the performance of variousB-tree compression
techniques. This comparison is the main contribution of our
work.

8 Summary and conclusion

In this section, we summarize the main findings from all
experiments on evaluating B-tree compression techniques.

8.1 Summary

Search Performance. It is interesting to see that the
Head+Tail Compression, although proposed in the 1970s
[18], consistently exhibits the best search performance
among all B-tree compression techniques. It achieves a 25%
∼ 120% performance improvement over the uncompressed
B-tree across different datasets. This is impressive, especially
considering that the B-tree is a highly optimized and widely
used index in database systems.
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Moreover,Head+TailCompression alsooutperformsother
newer compression techniques for B-trees. For instance, it is
21.7% ∼ 90.2% faster than DB2 [19], 129% ∼ 684%
faster than MongoDB WiredTiger [12], 7.3% ∼ 139%
faster than MySQL MyISAM [8]. The high performance is
attributed to the fact that Head+Tail Compression supports
query processing directly on the compressed B-tree without
needing decompression.

Insert Performance. For insertion performance, the
Head+Tail Compression also shows the best performance
compared to otherB-tree compression techniques. It achieves
a 10% ∼ 30% performance improvement over the uncom-
pressed B-tree.

Furthermore, only the Head, Tail, and Head+Tail Com-
pression techniques outperform uncompressed B-tree in
insertion. Other compression techniques (including DB2,
WiredTiger, MyISAM, and PkB) are slower than B-tree dur-
ing insertion because of their compression complexity.

Space Overhead. For space overhead, Head+Tail and
WiredTiger are the top two candidates, achieving a compres-
sion ratio ranging from 1.2X ∼ 3.5X across various datasets.
Notably, in datasets with randomized keys, Head+Tail offers
the most significant space savings in most cases. Meanwhile,
for real-world datasets where keys have certain seman-
tics, such as names, sentences, and URLs, WiredTiger and
MyISAM are the most space-efficient.

Optimizations to Head+Tail Compression. Prefix vector
representation can improve Head+Tail compression by up to
27% for insertion and search. However, both unrolled binary
search and key normalization do not enhance performance
much (up to 3%).

8.2 Overall Recommendations

Overall, we recommendHead+Tail Compression for B-trees.
It has the best search and insert performance while maintain-
ing a decent compression ratio.More importantly, Head+Tail
achieves faster performance than uncompressed B-trees. In
addition, prefix vector representation is also recommended
to further improve the Head+Tail compression.

Note that although WiredTiger and MyISAM can incur
lower space thanHead+Tail in some datasets, considering the
lower search and insert performance,we still thinkHead+Tail
is better.

8.3 Conclusion

In this paper, we conduct the first experimental study to
compare the performance of widely-used B-tree compres-
sion techniques since they have never been compared against
each other in prior studies. We find that the oldest technique,

Head+Tail Compression, proposed in the 1970s, turns out to
be the best across various datasets and scenarios in general.
Also, prefix vector representation can further improve the
Head+Tail Compression.

There are many interesting research directions to explore
in the future. We plan to implement B-tree compression
within database systems such as PostgreSQL and MySQL,
and we expect enhanced performance. We also plan to
improve B-tree compression in the following ways. For
example, introducingTail orHead compression to other com-
pression algorithms (e.g., MyISAM) can lead to even better
performance. It is also interesting to optimize B-tree com-
pression for composite keys because simply combining the
keys may not achieve a better compression ratio. Optimizing
B-tree compression for various hardware platforms is also
promising, given their different B-tree variants. Addition-
ally, using machine learning to develop more efficient B-tree
compression techniques is an interesting direction.
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