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ABSTRACT
In-memory data management systems have become the
state-of-the-art, which leads to the development of highly-
efficient index structures. With the elimination of most
sources of software overhead, such as interpretation, the im-
pact of low-level hardware parameters becomes more pro-
nounced. Input data locality is such a parameter: It is well
known, data locality plays a significant role in indices like
B-trees, to our surprise, we found that the impact of data
locality on the performance of high-performance indices has
not been studied. In this paper, we study the effect of lo-
cality on two of the most prominent high-performance index
structures: Bw-Trees and Adaptive Radix Trees (ARTs). In
our experiments, we find that Bw-trees are highly affected
by the locality on inserts (performance difference exceeding
a factor two) but fairly robust on lookups. ARTs, in con-
trast, are moderately affected in their lookup performance
(roughly 60%) but robust during insert.
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1. INTRODUCTION
Indexing is one of the most well-studied topics in data

management research [13, 16, 18, 19, 25]. It eliminates the
need for linear scans through relations when selecting or
joining tuples. Virtually every major database vendor sup-
ports some form of indexing, most notably tree- and hash-
based approaches. While hash-based structures can locate
tuples in constant time (assuming a constant conflict rate),
they require rebuilding large fractions of or even the entire
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Figure 1: Number of cycles spent based on the lo-
cality of the data [17]

hash-table once a tuple is inserted into a hash table that is
filled beyond its fill-factor. Tree-based indices, on the other
hand, never require more than logarithmically many modi-
fications upon update but suffer from higher (logarithmic)
access cost. The robust update behaviour makes them the
most popular option for persistent indexing as evidenced by
a broad body of research ( [4, 23, 29, 1, 22, 10, 12, 27, 7], to
name a few). In fact, tree-based index structures are pop-
ular in domains beyond classic data-management, such as
operating systems [20].

Given the current trend towards memory-resident
databases, it is not surprising to see many index struc-
tures being designed to operate on memory-resident data.
Due to the fast storage medium, the key requirements for
main-memory indices are high CPU efficiency and support
for efficient multi-threaded access. Two of the most promi-
nent main-memory optimized index structures are Adaptive
Radix Trees (ARTs) [10] and Bw-Trees [12]. Bw-trees are
a latch-free, multi-threaded index derived from classic B-
Trees. ARTs, on the other hand, are a trie-based structure,
which is primarily designed for CPU efficiency [10]. Which
of these two is more appropriate for a workload depends
on several parameters: the degree of hardware parallelism,
the cost of synchronization instructions, the workload, and
many more [5]. One of the parameters that have not yet
received significant attention in research is access locality,

1



both for inserts as well as lookups.
Locality, i.e., the degree to which access to data items that

are close in memory occur close in time1, has a significant
impact on performance. To illustrate the effect, consider
Figure 1: it demonstrates that in a simple in-memory array
as the distance between accessed values increases, the time
per access increases as well. Due to the complex memory
hierarchy, it does so in a non-linear fashion. While local-
ity is commonly exploited in high-performance algorithms
such as radix-joins [2, 3] or sorting [8] we found that the
effect of locality has not been studied in the context of high-
performance index structures. To fill that gap, we study
the effect of locality for two of the most prominent high-
performance index structures and find that locality impacts
both, their microarchitectural behaviour as well as the data
structure itself.

Specifically, we make the following contributions:

• we conduct extensive experiments studying the impact
of parameters such as data distribution, data access
locality, bandwidth/compute balance and level of con-
tention (for Bw-trees),

• we find that while both studied index structures are af-
fected by data locality with the specific effect, varying
in non-obvious ways,

• to explain the behaviour, we provide and interpret a
microarchitectural breakdown for each of the key oper-
ations and each of the studied index structures as well
as a breakdown into the internal operations where nec-
essary.

The remainder of the paper is structured as follows. In
Section 2 we establish the necessary background for the in-
dices we study. In Section 3 we describe the experiments
and present their results. In Section 4 we review some re-
cent work focusing on data locality. In Section 5 we conclude
and discuss future work.

2. BACKGROUND
Let us, in this section, provide the necessary background

knowledge on the two index structures we studied.

2.1 Adaptive Radix Trees
Adaptive Radix Trees (ART) [10] are generalised radix

trees (or tries). A radix tree is a compressed trie in which
nodes without siblings are merged with their parents. The
edges, between these nodes, contain a single element or the
sequence of elements. The edges have a label representing
the transition character to the next node. Nodes contain a
flag indicating whether they are terminal i.e. whether a word
ends at that node. The set of all words/elements stored in
a radix tree can be computed by reading the sequence of
characters on all paths from the root node to each terminal
node. In contrast with other tree structures, the radix tree
stores data mainly in its edges. The main benefit of such a
choice is the lookup complexity, which does not depend on
the number of elements in the radix tree but only on the
length of the longest word. Furthermore, radix trees do not
need balancing operations and a naive traversal is always in
lexicographical order.

1Note that locality is related to but different from data skew

The downside of this structure is the cost of a high mem-
ory footprint. The space needed to store a radix tree node
is constant and depends on its fan-out. Some of the inter-
mediary nodes do not use all their children’s pointers, which
results in wasted memory. We consider discussing and ad-
dressing the worst-case behaviour, out of the scope of this
paper.

ARTs were introduced to solve this memory waste by
adapting its nodes to their payload at run time. There are
four different types of nodes used by ARTs distinguished
by their ability to store more elements or to consume less
memory [10]. These four nodes are of size 4, 16, 48, and
256, each holding as many key-child pointer pairs.

There are three different methods to store the payload for
a given key. The first is Single-value leaves, which adds a
new node type that stores exactly one element at the cost
of one more pointer. The second is Multi-value leaves, that
assumes that all keys have the same length and use the same
node types for leaves and inner nodes, storing a payload
instead of a pointer in the leaves. the last method, Hybrid
nodes, is only available if values fit in the size of the pointer
and use a flag bit to indicate whether a value should be
interpreted as a child pointer or as a value.

To further reduce their memory footprint, ARTs imple-
ment two kinds of compression: path compression and lazy
expansion. Path compression removes single-child nodes by
merging them recursively into their only child, while lazy
compression removes paths to ”single leaves” by merging
them into their first non-single-child parent [10].

2.2 Bw-trees
Bw-trees [12] are a latch-free form of the B-Trees. Their

design is motivated by the objective to maximize the de-
gree of parallelism during insert. To do so they use hard-
ware atomic memory operations, such as compare-and-swap
(CaS). Bw-trees also use log-based records instead of in-
place storage [15].

The modifications in a node of a Bw-tree are done out-
of-place, which means instead of editing the physical node,
the modifier prepends a delta node to a delta chain (a list
of events: insertion, deletion, delete, split or merge). Fur-
thermore, nodes are connected using logical links (identifiers
rather than pointers). That requires one more indirection
but allows for fewer cache invalidations (as the node itself
is not modified) and allows latch-free modifications. When
a modifying operation prepends a node to the delta chain,
it constructs the new node before updating the entry in the
mapping table to the new delta node using compare-and-
swap. In case of a conflict (two threads trying to update the
mapping table at once), one of them aborts and retries. To
create a new node, Bw-Trees inherit the splitting behaviour
of B-Trees: When a node is full, it is split into two nodes,
each containing half of the values.

To get the most recent state of a node, its delta chain
needs to be walked. Naturally, walking along the delta chain
is costly. To address this, delta chains past a certain length
are consolidated i.e. applied to the delta node. The physical
link is updated and the old node and delta chain is marked
for garbage collection. Garbage collection is performed au-
tomatically using an epoch-based method, where a resource
is freed when all threads have stopped using it.
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Figure 2: Influence of the algorithm parameters on
the total number of inversions created by the locality
generation algorithm, starting from a sorted array

3. EXPERIMENTAL STUDY
Having discussed the index structures, let us now evalu-

ate the influence of input data locality on their transactional
performance 2: a Bw-tree and both a single-threaded Adap-
tive Radix Tree, designed for concurrency and thread-safe
Adaptive Radix tree. They were chosen as representatives,
for state of the art main-memory indices. We study the
effect of locality on either by measuring the time taken to
process different workloads for two scenarios. The first con-
sists of inserting all elements from the input into the index
in the order they appear in the input; the second consists
of looking up all items (again, in the order defined by the
input) in an already densely populated index. In our ex-
periments, we found that all the results are ”symmetrical”,
which means that reversely sorted inputs have as much lo-
cality as the sorted inputs. For clarity, we omit the mirrored
section of all charts. Since most experiments sweep a dense
parameter space, all result curves have been smoothed using
a moving average with window size 15 to mitigate system
noise (unless stated otherwise).

3.1 Rationale
Readers may note that Bw-trees and ARTs are funda-

mentally different data structures, because the first was de-
signed for lock-free concurrency while the latter for CPU
efficiency, and can, thus, not be compared directly. There
exist a thread-safe version of ARTs [11] which is significantly
slower than the classic ARTs, as they have extra overhead
for lookup operation, which is not included in the original
version. We conduct experiments to both classic and thread-
safe ARTs. However, our objective is to evaluate the relative
impact of locality. For that reason, we decided to provide
the most complete picture by evaluating each of these cases
(in the case of the classic ARTs, we run multiple indepen-
dent instances).

3.2 Setup

2note that we deliberately exclude bulk-loading optimiza-
tions [6] from the scope of this paper
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Figure 3: Influence of data locality on the experi-
ment run time for the Bw-tree Insertion workload
(8 Threads – 50M Elements)

The experiments were carried out on an Ubuntu 18.04
LTS instance with an Intel(R) Xeon(R) CPU E5-2660 v3 at
2.60GHz with 32GB RAM. This processor has one thread
per core and ten Haswell cores per socket, adding up to a
total of 20 threads. We found the influence of locality most
pronounced when using 8 threads (most likely due to the
hardware being designed towards more CPU-intensive work-
loads). Profiles and micro-architectural data were obtained
using Intel VTune Amplifier.

We used existing implementations of the two indexes:

• For Bw-tree, we used OpenBwTree [27]. Note that
OpenBwTree is an optimized re-implementation of the
original Bw-tree as several design-decisions were not
fully documented in the original paper[12].

• For the single-threaded ART, we used libART 3.

• For the thread-safe ART, we used ART

Synchronized 4 [11].

3.3 Data Generation
Studying its impact requires us to carefully control the

degree of locality in our input data. This prevents us to use
any of the standard datasets but requires that we generate
our own using the degree of parallelism as a parameter. Let
us briefly describe the process here.

As is common, we use the number of inversions in the
input array as a proxy metric for data locality and use an
algorithm similar to Fisher-Yates shuffle to (stochastically)
control the number of inversions. We initialize an array of n
elements with values from a given distribution. For lookup
workloads, the distribution is a Zipfian with varying skew
factor α. For insertion workloads, using a Zipfian distribu-
tion is not possible, as it generates a large number of du-
plicates, which are not actually inserted in the tree, making
comparison impossible. We then slide a window of width
f and stride s over the array. At each step, we perform
k inversions on randomly selected pairs of elements of the

3https://github.com/armon/libart
4https://github.com/flode/ARTSynchronized

3



0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
Inversions factor

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0
To

ta
l c

yc
le

s
1e11

Retiring
Front End Bound
Bad Speculation
L1 Bound
FB Full
L2 Bound
L3 Bound
DRAM Bound
Core Bound

1e10

Figure 4: Microarchitectural breakdown for Bw-tree
insertion workloads with varying degrees of locality
(8 Threads – 50M Elements)

window. Naturally, a larger window produces less locality,
with a window of size 1 leading to fully sorted data and a
window of size n leading to a fully random array. Figure 2
shows the influence of s, f and and k on the output locality.

However, as the algorithm is not deterministic, the ex-
act output degree of the locality can only be determined by
counting the inversions after applying it. Counting inver-
sions in an array, however, is expensive. Fortunately, the
number of inversions grows linearly with the window size f
(as illustrated by the red line in Figure 2). Consequently, we
approximate it from the parameters of the data generation
algorithm to speed up experimental runs (we keep the stride
s = 5 and the number of inversions per stride k = 1).

For single-threaded experiments, we create 50 million in-
put in the manner described. For multi-threaded experi-
ments, we create one such input sequence per thread (natu-
rally reducing the elements per sequence by the number of
threads).

3.4 Results
Let us, discuss Bw-Trees first, followed by ARTs for either

discuss inserts and lookups.

Bw-Trees

Insert. In the first experiment, we study the effect of local-
ity on the insert performance on Bw-Trees. Figure 3 displays
the cumulative time to insert all of the uniformly distributed
(α = 0) input values into the tree. We observe that the ex-
ecution time increases with the inversion factor between 0.0
and 0.1 × 1011 and decreases after that. This, somewhat
unexpected, behaviour leads us to conduct further experi-
ments.

We hypothesize that the increase, in the beginning, is
due to an increasing number of cache misses while the de-
crease for higher inversion factors is due to a reduction in the
number of split-merge operations (a behaviour Bw-Trees in-
herit from B-Trees). To substantiate those hypotheses, we
performed two kinds of breakdowns: a microarchitectural
breakdown (Figure 4) as well as a breakdown by functional

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
Inversions factor

0

10

20

30

40

50

Ti
m

e 
sp

en
t (

s)

Insertion
Split Merge
Traversal

1e10

Figure 5: Breakdown of the time spent on each
kind of operation when executing the Bw-tree in-
sertion experiment with varying degrees of locality
(8 Threads – 50M Elements)
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Figure 6: Comparison of run time for Bw-tree
Lookup workload with Zipfian distributions of vary-
ing α (8 Threads – 50M Elements)

components, i.e., Tree-traversal, Insertion, and Split-Merge
(Figure 5). Our analysis is orthogonal to the in-memory
OLTP work in [24], as ours is more concentrated on these
index structures.

The microarchitectural breakdown (Figure 4) displays,
among other things, a high increase of DRAM-related access
cost between inversion factor 0.0 and 0.1 × 1011. This in-
crease in cache-thrashing substantiates our hypothesis that
worse cache access behaviour is causing the cost increase.
Note that categories in the microarchitectural breakdown
do not overlap: they do not represent time spent waiting
for each component but rather the proportion of samples in
which each component is bounding performance.

Figure 5 shows that the decreasing run time for higher
inversion factors can be mostly attributed to a reduction of
the split-merge costs. This effect is due to the worst-case
splitting behaviour Bw-Trees inherit from B-Trees: since
nodes are split when they are full, a fully sorted input (in-
version factor 0) leads to values being appended to a single
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Figure 7: Micro-architectural breakdown for Bw-
tree lookup workloads with varying degrees of local-
ity (8 Threads – 50M Elements)
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Figure 8: Influence of data locality on the experi-
ment run time for the thread-safe ART and classic
ART Insert workload (8 Threads – 50M Elements)

node until it is full at which point the node is split. After
the split, all further values are appended to the newly cre-
ated right-hand node while the left-hand node receives no
further values appended and remains only half-full. Con-
sequently, most nodes are only minimally (i.e., half) full in
the fully sorted case while the fully random case does not
exhibit that (worst-case) behaviour [12]. As a result, data
locality affects the structure of the Bw-tree but also affects
hardware features, such as cache hits.

Lookup. Figure 6 displays the cumulative time to lookup
values from inputs generated with different Zipfian distri-
butions (α ∈ {0.0, 0.5, 1.0, 1.5}) in the tree. We observe
that the lookup costs grow slightly with the inversion fac-
tor. This is in line with our expectation as a larger fraction
of the tree is accessed randomly which causes cache thrash-
ing (much like the trend for ART lookups). However, the
growth is only slight (roughly 5%) – certainly not the orders
of magnitude usually attributed to the cache hierarchy (as
in Figure 1).
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Figure 9: Microarchitectural breakdown for the
classic ART Insertion workload with various degrees
of locality(8 Threads – 50M Elements)

A microarchitectural breakdown (Figure 7) shows that the
profile does not change substantially. In particular, the per-
centage of DRAM-related costs is relatively small (roughly
15%) and does not increase substantially. Instead, L1-cache-
related costs are the most significant cost factor. This is
due to the comparatively large node size of the Bw-Tree
implementation (128 elements, i.e. 512 bytes). The linear
traversal of those nodes allows the cache to pre-fetch large
fractions of the node which leads to the low impact of access
locality. Having covered Bw-Trees, let us, now, investigate
ART.

Adaptive Radix Trees

Insert. Figure 8 displays the total time required to insert
all input values into a classic and a thread-safe ART. We
observe that the execution time, for the classic ART, is vir-
tually unaffected by the inversion factor. This illustrates
that ARTs are robust against changes in insert locality. In
particular, we expected a more pronounced cost increase for
lower inversion factors due to increased cache-thrashing but
did not find it in our experiments.

For the thread-safe ARTs, we observe that the inversion
factor does not affect the execution time of this operation.
As with the classic ARTs, we expected an increase in the
cost of sorted values in contrast to fully random values due
to cache-thrashing.

To further inspect this behaviour we performed a microar-
chitectural breakdown of the classic ART experiment and
display it in Figure 9. It shows a slight increase in DRAM-
relative accesses when increasing the inversion factor from
0.0 to 0.05 × 1010, but not enough to make a substantial
difference in running time.

The thread-safe ARTs are more than x4 faster than the
classic ARTs. As a result, locality does not affect the be-
haviour of the insert operation execution time but it requires
less time to run the same experiment than the classic ARTs.

Lookup. In the final experiment, we studied lookup per-
formance for both classic and thread-safe ARTs. Figure 10
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Figure 11: Microarchitectural breakdown for clas-
sic ART Lookup workloads with varying degrees of
locality (8 Threads – 50M Elements)

displays the cumulative time to look up values from differ-
ent Zipfian distributions (with α ∈ {0.0, 0.5, 1.0, 1.5}) in the
tree. First, we observe that execution time is unaffected
by skew – apparently skew has little to no impact on per-
formance. Locality, however, has a significant impact: the
difference between fully sorted (on the left) and fully ran-
dom (on the right) is roughly 60%. We also observe that
the cost increase is disproportionately high between 0.0 and
0.1× 1010.

We observe that the performance of the lookup operation
for the thread-safe ARTs is not in line with the classic ARTs
in two respects. First, it is robust with respect to locality.
Also, the performance of the classic ARTs is better by more
than a factor two, than the thread-safe ARTs.

Our hypothesis for that behaviour is that the sharp in-
crease for inversion factor close to 0.0 is due to a higher
number of cache access, whereas when the locality decreases,
so does the cache hit ratio. To prove our hypothesis, we per-
form a microarchitectural breakdown: Figure 11 shows that

indeed DRAM-related access costs are contributing roughly
25% to the overall runtime for the inversion factor 0.0. The
DRAM-related costs more than double when increasing the
inversion factor 0.1× 1010 which substantiates our hypoth-
esis that performance difference is mostly caused by cache
locality.

4. RELATED WORK
Before concluding, let us briefly discuss related work on

the subject of data locality (we discussed related work on
indexing in Section 2). We can broadly distinguish two lines
of research: locality-sensitive operators and task schedul-
ing. In the line of locality-sensitive operators, Rödiger et
al. [21] study the operators themselves, while Zamanian et
al. [28] introduce the idea of predicate-based partitioning to
improve data locality. In the line of task scheduling, Mud-
dukrishna et al. [14] use locality for scheduling processes to
replace existing scheduling to minimize adversarial NUMA
effects. Similarly, Wang et al. [26] propose to organize tasks
in queues based on the data size and location. Also, Ku-
mar et al. [9] propose to use spatial locality on cache blocks
and introduce a mechanism to predict which portions of the
cache block will get used before they get evicted.

5. CONCLUSION AND FUTURE WORK
Data locality has been known as an important parameter

for the performance of data processing algorithms such as
joins and sort. However, its impact on the construction
and use of high-performance index structures has not been
sufficiently studied. In this paper, we studied the impact of
data locality on two of the most prominent high-performance
index structures: Bw-Trees and Adaptive Radix Trees. We
found that both are significantly affected by data locality:
Bw-Tree insert performance varies by a factor of more than
two depending on locality while single-threaded ART lookup
performance differs by roughly 60%. These results are the
first step towards a better understanding and should extend
both in-depth and breadth. For depth, data locality should
be studied for a wider range of indices. While to increase
the breadth, other more complex kinds of locality such as
correlation and auto-correlation on complex data structures
such as database indices merit further study.
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