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Key-value databases with Log Structured Merge tree are increasingly favored by modern applications. Apart
from supporting fast lookup on primary key, efficient queries on non-key attributes are also highly demanded
by many of these applications. To enhance query performance, many auxiliary structures like secondary
indexing and filters have been developed. However, existing auxiliary structures suffer from three limitations.
First, creating filter for every disk component has low lookup efficiency as all components need to be searched
during query processing. Second, current secondary index design requires primary table access to fetch the data
entries for each output primary key from the index. This indirect entries fetching process involves significant
point lookup overhead in the primary table and hence hinders the query performance. Last, maintaining the
consistency between the secondary index and the primary table is challenging due to the out-of-place update
mechanism of the LSM-tree. To overcome the limitations in existing auxiliary structures for non-key attributes
queries, this paper proposes a novel secondary index framework, NEXT, for LSM-based key-value storage
system. NEXT utilizes a two-level structure which is integrated with the primary table. In particular, NEXT
proposes to create secondary index blocks on each LSM disk component to map the secondary attributes to
their corresponding data blocks. In addition, NEXT introduces a global index component which is created on
top of all secondary index blocks to direct the secondary index operation to the target secondary index blocks.
Finally, NEXT adopts two optimization strategies to further improve the query performance. We implement
NEXT on RocksDB and experimentally evaluate its performance against existing methods. Experiments on
both static and mixed workloads demonstrate that NEXT outperforms existing methods for different types of
non-key attributes.
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1 Introduction

Many modern applications such as trajectory planning, real-time recommendations and auto
decision-making, require the support of query processing on continuous data stream from various
sources like smart devices, IoT sensors and social media. Data management systems today face
the challenges of high volume data ingestion and effective real-time queries execution. Key-value
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database, characterized by its straightforward design and rapid data access, is developed as a
more scalable and high-speed alternative data storage solution to relational databases. To support
write-intensive workloads, many key-value databases today adopt the Log-Structured Merge tree
(LSM-tree) [31] as the storage structure. Different from traditional storage structure that updates
data in-place, LSM-tree buffers writes (i.e., inserts, updates and deletes) in memory and then flush
them to storage devices in the form of immutable sort runs using sequential I/Os. This out-of-place
design allows database systems to avoid expensive random I/Os and hence achieve fast ingestion.
Furthermore, LSM-tree periodically sort-merges runs in persistent storage and utilizing auxiliary
in-memory structures to facilitate effective query performance. Because of these advantages, LSM-
trees are not only adopted by many industrial key-value databases such as Apache AsterixDB
[1], Bigtable [6], LevelDB [20] and Amazon DynamoDB [14], but also used as underlying storage
engines for relational databases (e.g., RocksDB [18] in MyRocks [28] and Pebble in CockroachDB
[24]).

Plenty of academic studies have been proposed to optimize different aspects of the LSM-tree
to better support high write throughout and efficient primary key lookup, examples like Monkey
[11], Dostoevsky [12], bLSM [38], Lethe [36] and LSbM-tree [42]. Beside primary key search, to
support flexible workloads and real-time analytics, many applications today also demand high
performance queries on non-key attributes. Taking Facebook’s social graph database service as
an example, queries such as finding user IDs who liked a specific post involves extensive search
on secondary key [4]. Another example is Twitter, which allows user to search posts with custom
filters on the geographical location or the user group. Given the short response time application
users would expect in these scenarios, it is important to design an efficient secondary index for
LSM-KVs.. Existing auxiliary structures for non-key attribute lookup can be classified into two
classes [33]. One is the standalone secondary index [2, 22, 27, 41] which maintains a separated data
structure (e.g., another LSM-tree) to map the non-key attribute to the corresponding primary keys.
Another class is per-segment structure like filter or zone map [21, 23, 33] which is created for each
in-disk LSM component (i.e., SSTable) to skip redundant I/Os. Figure 1 demonstrates the overview
of these two classes.
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Fig. 1. Overview of Existing Secondary Indexing

Standalone Secondary Index. Similar to the secondary index design in traditional page-oriented
systems, majority of existing LSM-based systems maintain a separate secondary index structure
outside the primary table which maps the target secondary attributes to the associated data record.
However, unlike page oriented systems where secondary indexes directly point to the actual
physical location (i.e., page id) of the record, the stand-alone secondary index in a LSM-based
system only stores the primary keys associated with the secondary attribute. This is because in an
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LSM with out-of-place updates, the actual physical locations of the records are constantly changing
with incoming flushing or compaction operations.

As aresult, during query processing of LSM-based systems, index navigation[27] is needed to

obtain the actual record given the primary keys output from the secondary index. Specifically, the
system needs to first traverse the secondary index to find a list of matching primary keys, and then
issue multiple point lookup to the primary table to fetch value for each target primary key. Figure
2a shows an example of the index navigation. The index navigation process incurs significant
read amplifications during query processing [25, 27, 44] because point lookup operation is far less
efficient compared to reading a given page as it requires iterating over the different levels of the
LSM-tree, checking the Bloom filters, reading all versions of the record with the given key, and
reconcile across the different versions. This process is exacerbated by long range query, which
produces a long list of candidate primary keys, each requiring a separate point lookup operation
over the primary table. Apart from the overhead of performing a large number of point lookup, the
index navigation process may conduct redundant reads on the same block for different primary
keys, further increasing read amplification. In addition, as modifications upon entry in primary
table follow out-of-place method (i.e., based on primary key only, without reading the obsolete
value), the maintenance overhead to keep the secondary index consistent with primary table is
also significant [2, 27].
Per-segment Filters. Per-segment filters are also adopted to support secondary attributes lookup.
Through constructing Bloom filter and zone map for each SST file, secondary query process can skip
file I/O that does not contains the matching attribute and locate the data blocks with overlapping
ranges effectively. One advantage of per-segment filter over standalone secondary index is its lower
maintenance cost in terms of time and space. As SST files are immutable and the per-segment filters
are naturally computed during SST files creation, no additional updates process nor synchronization
of a separate data structure is needed. However, per-segment filter has non-negligible overheads
of CPU and memory during query processing [10, 13]. This is because per-segment filters only
store the membership and value ranges of the entries in a SST file, all SST files’ filters need to be
searched during query processing. Furthermore, as the entries in LSM-tree are sorted based on
primary key, when the secondary attributes are not correlated to the primary key, the pruning
effectiveness of zone map which stores the value range of the SST file will be negligible [33].

To address the limitations of existing auxiliary index structures for non-key attributes in LSM-
based storage systems, this paper introduces a novel secondary index framework called NEXT,
designed for LSM-based systems. Unlike traditional auxiliary structures, NEXT employs a two-level
index structure that is tightly integrated with the primary table to enhance query efficiency. There
are four key features in NEXT: (1) Direct Data Block Indexing. Instead of storing primary keys
in the secondary index, NEXT proposes to index the data block location (i.e., the offset within each
SST file) for each secondary attribute value. This design allows query operations to directly locate
matching entries in the primary table, eliminating the need for costly index navigation seen in
traditional standalone secondary indexes. (2) Per-segment Secondary Index Blocks. Inspired
by the per-segment structure’s lower maintenance overhead, NEXT proposes to create secondary
index blocks within each SST file. These blocks store secondary indexes for each file independently,
functioning similarly to the leaf nodes of conventional secondary indexes (e.g., B+-trees or R-
trees). Within each secondary index block, secondary attribute values are sorted and mapped to
corresponding data blocks. This design, which naturally aligns with SST file creation, simplifies
the consistency maintenance. (3) Global Index Component. To address the read amplification
issue seen in per-segment filters, NEXT introduces a global index component stored in RAM. This
component directs query operations to the appropriate secondary index blocks, acting like internal
nodes in traditional index structures which narrow down the search space. By traversing this global
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index, redundant reads on unmatched secondary index blocks are avoided. (4) Optimization in
Query Performance. To further improve query efficiency, this paper introduces two optimization
strategies for index construction and query processing. These strategies focus on minimizing the
false positive rate of the global index component and read amplifications during query execution.

Through implementing NEXT on RocksDB and evaluating it against other secondary indexing
methods, our experimental results demonstrate that NEXT outperforms existing secondary indexing
techniques for both static and dynamic workload. Our major contributions can be summarized as:

e We propose a new secondary index framework, NEXT, for LSM-based data storage, which
overcomes the costly index navigation limitations of standalone secondary index and addresses
the read-amplifications issue of per-segment filters.

e We introduce two optimization strategies on index constructions and query processing which
enhance the performance of NEXT.

e We implement the proposed index framework into RocksDB and extensive experiments are con-
ducted to evaluate the performance of NEXT on both static and dynamic workload. Experimental
results demonstrate that NEXT outperforms existing secondary index techniques in LSM-based
storage.

2 Background and Related Work

In this section, we start by describing the general idea of the LSM-tree. We then provide a concise
review of related work on secondary index techniques in LSM-based storage.

2.1 Log-Structured Merge Trees

The Log-Structured Merge tree (LSM-tree) is an ordered, disk-based storage architecture proposed by
[31] to sustain high data ingestion. By adopting sequential writes with out-of-place updates design,
LSM-tree delivers superior write performance compared to in-place-update storage structure.

LSM-tree stores data in the form of key-value pairs, where an entry’s unique identifier is referred
as key, and other attributes associated with the entry are referred as value. In LSM-tree, entries are
typically sorted and accessed based on their keys.

The LSM-tree has a multi-level structure on storage which contains an in-memory component
and disk components. Typically, for an LSM-tree with L levels, the first level (Level 0'), also known
as MemTable, resides in main memory while other levels are disk-resident [12, 16]. As is the case
in [18], a MemTable is usually a Skip Lists or other index structures support operations that are
semantically equivalent (e.g., B*-tree). For disk components, each level contains one or more sorted
runs and the capacity of level increases exponentially as the level increases (i.e., there is a constant
size ratio between adjacent levels). Each sorted run is further partitioned into smaller components
named SSTables? which store the sorted KV pairs as byte arrays. In this paper, both SSTables and SST
files are used interchangeably to refer the storage unit of each sorted run. SSTables are immutable
and usually have block-based format where data is chunked into fix-sized blocks.

When new KV pairs are inserted, they are firstly buffered in MemTable. Once the buffer reaches
capacity, the MemTable is converted into immutable MemTable and flushed to disk storage as a
sorted run. As SSTables are immutable, modifications (i.e., Updates and Delete) of existing entries
are handled as new inserts. To delete an entry in LSM-tree, an “anti-matter” entry (or tombstone) is
inserted as new entry. The “anti-matter” entry contains the deleted key and a byte-long flag in value
field to mark the deletion. To query entries in LSM-tree, sorted runs and blocks where target entries

1Some documents may refer level 0 as the first level in disk component. In this paper, we refer level 0 as the memory
component.
2SSTables can be referred as Sorting String Table in LevelDB or Static Sorted Table in RocksDB
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may reside will first be located and read into memory. Then the target entries will be searched
within the block. After entries are fetched from the components, entries with the same key will
be reconciled to find the most recent valid value. To limit the number of sorted runs and optimize
query performance, LSM-tree periodically undergoes compaction to merge disk components and to
garbage collect logically invalidated entries.
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Fig. 2. LSM-based Secondary Index Query Processing

2.2 Secondary Indexes in LSM-based Data Storage

As discussed above, LSM-based key-value systems are designed to support high write throughput
and efficient primary key lookup. However, many applications also require queries on attributes
in the value field other than the primary key. As entries in LSM-tree are sorted based on primary
key and scattered throughout the disk components, without the support of secondary index on
value attributes, the database systems need to perform expensive full table scan to locate the target
entries. LSM-based systems have adopted different indexing approaches to support query on value
attributes. Qader et al. [33] conduct a comparative study on secondary indexing techniques in
LSM-based systems and broadly split them into two classes: Per-segment filters and standalone
secondary index.

2.2.1 Per-segment Filters. Per-segment filters are light-weight data structures associated with
each LSM segment (e.g., SST file or sorted run) that efficiently checks for membership of a given
attribute value, and help to prune LSM segments during query execution. Qader et al. [33] propose
to utilize Bloom filters for secondary attribute lookup. They construct Bloom filter for each data
block inside the SST file to store the membership of each secondary attribute value. In addition
to Bloom filter, SlimDB [34] utilizes Cuckoo filter [19] to map key fingerprint to the most recent
matching level. On top of Cuckoo filter, Kipf et al. [23] introduce an index structure named Cuckoo
Index (CI) which extend the application of Cuckoo filter on secondary attribute indexing. However,
a drawback of these filter-based techniques is that they cannot support range queries. To accelerate
range queries on secondary attribute, Qader et al. [33] also propose to add zone maps in each SST
file. Zone map is used to store the maximum and minimum secondary attribute values in each
data block so that query operation can skip blocks that have non-overlapping ranges. However,
the pruning effectiveness of zone map is trival when the correlations between secondary attribute
and primary key is weak. Different from the zone map, the per-segment secondary index blocks in
NEXT index each entry individually and organize them based on the secondary attribute values,
and thus the performance is independent on the primary key correlation. Recently, embedded
R-tree index [21] , which builds a R-tree index for each SSTable file, was proposed to enhance spatial
queries performance on LSM-based systems. However, all embedded R-trees need to be searched
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during query processing which incurs significant read amplifications. In contrast to the embedded
spatial index, NEXT introduces a global index component which narrow down the search space
and hence reduces the read amplifications.

2.2.2 Standalone Secondary Index. Apart from per-segment filter, majority of LSM-based
systems adopt standalone secondary index, where a separated index structure is maintained outside
the primary table storage. For instance, MongoDB [22] adopts conventional B*-tree as secondary
index which follows the secondary index approach of traditional relational database systems.
Besides B*-tree, some LSM-based systems store the secondary index as another LSM table (e.g.,
different column family®). LSM-based secondary indexes have two common index types including
posting list and composite index. The posting list stores the mapping from each attribute value to
a list of associated primary keys. It is adopted by systems like BigTable [6] and Cassandra [3].
For composite index, the attribute value and the primary key is concatenated together to form
the index key and the index value is set to null. The search on entries’ attribute value is turned
into prefix range search on the composited index key. Composite index is easy to implement and
widely adopted by many applications [1, 9, 28]. However, as the standalone secondary index only
stores the mapping to primary keys, the query execution needs to go through a transition named
as Index Navigation [27]. To fetch the entries from the primary storage, massive amount of point
lookup to the primary table is needed. This will introduce significant read overhead [25, 27, 44]. Our
evaluation using a uniformly distributed micro-benchmark demonstrates that directly accessing
the primary table, bypassing index navigation, can reduce workload latency by over 50% for range
queries with an average cardinality of 65. To mitigate the impact of index navigation, Luo et al. [27]
introduce methods such as batched point lookup and blocked Bloom filter [32]. Nevertheless, as
long as the index navigation is needed, the read amplifications issue will remain. Futhermore, Li et
al. [25] propose a decoupled secondary index which points to record value independely. However,
their method is based on key-value separation storage [26]. Different from existing standalone
secondary index design, NEXT proposes to index the data block location for each attribute value
and to create the secondary index blocks for each SST file. Through integrating the secondary
index with the primary table storage, the costly index navigation can be eliminated.

3 NEXT Design

In this section, we first present the overview of NEXT. Then we discuss the details of NEXT’s
structure, and describe how NEXT support basic operations of the secondary index in LSM-based
data storage. Lastly, we evaluate the complexity of NEXT as compared to existing secondary index
designs.

3.1 Overview

Figure 2b shows the overview of the index structure in NEXT. NEXT proposes a novel two-level
secondary index framework. For the bottom level, NEXT creates secondary index blocks for each
SST file to store the data block location for each secondary attribute value, leveraging the immutable
nature of the data block location in the SST file. The secondary index blocks are stored inside
each SST file and naturally maintained with the file to utilize the advantage of the per-segment
filters in index maintenance. On top of all secondary index blocks, NEXT introduces a global index
component which resides in RAM. The global index has a multi-level tree structure. Each tree
node contains entries that map a secondary value range to lower level tree nodes or secondary
index blocks on disk. During query processing, the global index component first directs the search

3Column Families provide a way to logically partition the database, different column families share the same write-ahead
log but have their own memtables and table files.
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operation to the matching secondary index blocks to reduce read amplifications. Matching data
block is then located from the seondary index block entries and scanned to fetch the results.

3.2 Structure
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Per-segment Component. Persistent data in LSM-based system are stored in a collection of
SST files. Due to the continued merging and compactions applied upon all SST files, the physical
locations of the data entries keep changing and this makes a separated secondary index structure to
directly access the data entry via physical location challenging. However, based on the immutable
nature of the SST file, once it is created, the relative location of the data entry in the file is fixed.
This inspire us to access the data entry using the relative location instead of the physical location.
For each SST file, it usually adopts block-based format and the data is chucked into fix-sized blocks.
Figure 3 shows an example of the SST file in LSM-based system on the left. As shown, in addition
to data blocks, a SST file also contains meta blocks such as filter block for filter information and
index blocks for primary index storage. During query processing, block that may contain the target
entries will be read into memory and full block scan will be conducted to find the entries. To
support fast entry retrieval via secondary attribute, different from existing per-segment filters that
only store the membership of the secondary value, NEXT proposes to store the block location (i.e.,
relative location in SST file) for each secondary value. In each SST file, additional meta blocks are
created as secondary index blocks. These blocks contains one index entry for each KV pair in the
file. The index key is the indexed attribute value while the index value is the block location (i.e., file
offset). Similar to the the traditional secondary index for page-oriented systems, NEXT sorts the
index entries based on the index key and partitions them into multiple secondary index blocks. The
secondary index blocks, therefore form the first level of the index structure of NEXT. As shown
in Figure 3, each secondary index block (highlighted in green) contains sorted index entries that
consist of the attribute values and the associated pointer to the data block.

Global Index. As the per-segment component only stores relative position within each SST file,
when performing a secondary attribute query on an LSM-based storage, each SST files must be
searched using the same predicate. Although the secondary index blocks can direct the query to
the matching data blocks effectively at block level, the reading overhead of searching all SST files’
secondary index blocks is non-trivial. To narrow down the searching space and improve the query
performance, NEXT introduces a global index structure which functions like the internal nodes
in traditional secondary index. Through constructing a multi-level index structure on top of the
per-file secondary index blocks, NEXT’s global index can efficiently locate the matching SST files
and secondary index blocks. The global index of NEXT stores an index entry for each secondary
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index block in the SST file. The index key is the range of attributes values in the index block and the
index value is the secondary index block location (i.e., the SST file location and the relative location
of the secondary index block in the file). For an LSM-based storage with N data entries, the number
of index entries in the global index will be N/Bs; where Bg is the number of index entries per
secondary index block. As the number of entries in global index is B times smaller than the total
number of the entries, the size of the global index will be light and hence it is designed to be memory
based. For each global index in NEXT, an additional O(N/Bs) memory overhead will be added to
the system. However, this memory overhead is manageable. For example, the default block size in
RocksDB is 4K B and the size of each numerical secondary index entry in NEXT is 32B (i.e., 16 Bytes
for numerical ranges and 16 Bytes for the block pointer (aka. BlockHandle in RocksDB)). Hence, the
size of the secondary index is less than 1% of the size of the data. To support different value types,
the global index can be implemented with different data structures. For numerical attribute, as the
secondary index blocks from different SST files will have overlapping ranges, traditional secondary
index’s (e.g., B*-tree) structure is not applicable. To index entries with overlapping ranges, the
global index of NEXT can be implemented with main-memory index structure for intervals (e.g.,
[5, 7]). For multi-dimensional value such as spatial data, the global index can be implemented using
index structure like R-tree [39] which is good at indexing multi-dimensional information.

3.3 Basic Operations

In this section, we discuss how NEXT supports the basic operations of secondary index in LSM-based
data storage.

Index Creation. Algorithm 1 describes the process of the index creation of NEXT. First, during SST
file creation, we initialize a temporary auxiliary vector to store the secondary index information
(line 1). When a data block is full and flushed to the SST file, we extract the secondary attribute value
and the data block location for each KV-pair in the data block and add them to V as a secondary
index entry (line 2-5). Second, similar to other meta blocks (e.g., primary index block, filter block
and stats block), the secondary index blocks will be created after the flushing of data blocks. The
vector V will be sorted based on the secondary attribute values and written into multiple blocks
sequentially (line 6-9). For each secondary index block, we record the value range of the block
(line 10). When the size of the secondary index block exceeds the capacity, the value range of the
secondary index block together with the block location form a tuple and is inserted into the global
index component as a global index entry (line 11-14). With insertions of the global index entries,
the global index structure will self-maintain the internal nodes with node splits and merges. The
creation process will be conducted for each SST creation and hence the global index component
will contain entries across all SST files in the LSM storage. As Algorithm 1 involves sorting the
attribute values in the new SST file, an additional computation cost of O(Ngsrlog(Nsst)) where
Nssr is the number of entries in a SST file will be incurred during file creation. Although this cost
is larger than the creation cost of the embedded Bloom filter (O(Nssrk), where k is the number
of hash functions), the additional cost is logarithm of the number of entries in a SST file which is
much smaller than the total number of entrie in the database. Furthermore, as multiple threads
will be used to conduct compactions in the background in parallel, this optimization strategy of
LSM-tree will minimize the impact of the additional cost to the system.

Search. The search operation in NEXT starts with searching the secondary attribute in the
MemTable. As NEXT only indexes the secondary attributes of data in disk, for data buffered
in memory, a full MemTable scan is needed to find the target entries. After the MemTable scan, the
query operation will start searching the global index component. From the root node of the global
index, the query process will traverse down the index structure and locate the matching SST files
and data block (i.e., leaf nodes). Then all the target data blocks in the primary LSM storage will be
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Algorithm 1 NEXT Creation Algorithm

Input: SST file, S; the block size, §
Output: Per-SST Secondary index blocks, SB(s); Global index component, GL
1: V « @// V: auxiliary vector
2: while S.creation() not complete do
3 if datablock is flushed then
4 for KVpair € datablock do
5; V.add(< sec_val, datablock_loc >);
6
7
8
9

: Sort V based on sec_val;

: while V.size() > 0 do
sec_entry «— V.pop_front();
SB.add(sec_entry);

10: SB.val_range.update(sec_entry);

11: if SB.size() > 6 then

12: S « SB; //flush secondary index block to SST
13: GL «< SB.val_range, SB.location >;

14: SB « @; //create new secondary index block

15: return SBs and GL;

read into memory and the block scan will be conducted to find the matching data entries. NEXT
adopts the exiting validation strategy to maintain the consistency with the primary LSM storage.
Similar to [40, 41, 44], an in-memory update memo is maintained to store the latest timestamp and
number of obsolete entries for each updated/deleted primary key. After finding all matching entries
from the secondary index, the results will be validated through checking the existence of the found
primary keys in the update memo and comparing the latest timestamp with the timestamps of the
entries which are generated when the data is inserted to the primary LSM storage. Apart from
update-memo-based validation strategy, other “lazy” update validation strategies can be easily
integrated with NEXT (e.g., the primary index LSM [27]). As the global index component of NEXT
will direct query operation to data blocks with matching value ranges, the search operation for
point look in NEXT follows the same procedures as discussed above. Figure 4 demonstrates the
searching process with NEXT.

Update and Delete. One advantage of NEXT’s per-segment component is that it reduces the
overhead of the consistency management as the synchronization with the primary LSM storage is
simplified. Specifically, the per-segment component is created naturally when a SST file is created
and it is immutable, as a result, update and delete operations for NEXT’s per-segment component
are not required. For the global index component, as it indexes the secondary index blocks across
SST files, update and delete operations are necessary to keep track of live SST files in the primary
LSM storage. The primary LSM-based storage supports Multi-version concurrency control (MVCC).
A version (aka snapshot) is used to refer to a list of valid SST files and blob files at a certain point
in time [18, 20]. When a flush or compaction finishes, a new version will be generated to reflect the
changes in the SST files state. During the creation of new version, the global index component will
also be updated (i.e., inserting new index entries for new generated SST file and deleting old index
entries for compacted files) so that it is consistent with the latest version information. When new
data update or delete arrives, it will firstly be buffered in memory. During compaction or flushing,
obsolete entries due to updates or deletes on primary keys will be cleaned and are not included in
the new generated per-segment component. For obsolete entries that reside in existing SST file and
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Fig. 4. NEXT Secondary Index Query Flow

are not cleaned during query process, the validation strategies can help NEXT filter out invalid
results. Different from standalone secondary index, data deletes or updates only propagate to NEXT
after compactions or flushing which create new SST files and per-segment components.

Crash Recovery. In the event of the LSM-based system failure or shutdown abnormally, the
global index component of NEXT needs to be recovered to the latest valid version. During version
creations, a transactional log (e.g., similar to the Manifest in [18]) is utilized to keep track of the
state changes (i.e., updates in the global index). On system (re)start, the latest saved global index is
loaded back to memory and the latest log contains the consistent state of the global index. Any
subsequent update to the global index is logged to the log file. When the transactional log exceeds
a certain size, a new log will be created. The latest log file pointer is updated and the synced global
index is saved to disk. Upon successful update to new log file, the redundant logs and outdated
global index will be purged. The size limit of the log introduces a trade-off between background
operations and startup overhead. When the limit is too small, new logs are heavily created which
introduces extra overhead to save the global index to disk. On the other hand, when the limit is too
large, the log replay process will increases the (re)open time of the system. To balance the trade-off,
the system should periodically performs log rollovers during non-peak hours.

3.4 Complexity Analysis

Next we evaluate the complexity of secondary attribute queries on the LSM-based system integrated
with NEXT. Given an LSM-based primary data storage with L, levels and I-leveling[18, 37] data
layout #, we assume there are total N data entries, the number of data entries fit into a data block is
B and the number of entries fit into a secondary index block is Bs (Bs > B as the size of a secondary
index entry is much smaller than the k-v pair).

The secondary attribute query cost of NEXT consists of the CPU costs on global index traversal
and the I/O costs on matching data blocks fetching. For the global index component, as there are
N/B; index entries (i.e., total number of secondary index blocks), the CPU cost of index traversal

4Multiple sorted runs in first disk level and one sorted run for other levels
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is O(log(N/Bs)). After the global index outputs the data block locations, data block fetching is
performed to find the matching data entries. As the locations outputed from the global index
component may includes false positive (i.e., the query window overlaps with the secondary index
block value range but not the entry attribute value), additional block fetching is expected. For
the ease of analysis, we assume that there are ¢ false positive block fetching for each secondary
query. Table 1 shows the I/O costs of both point query and range query (with selectivity of s) on
LSM-based system with NEXT.

In addition, we also evaluate the effectiveness of existing secondary index methods with index
navigation for comparisons. The secondary query cost of standalone secondary index method
consists of two parts, the cost of searching the separated secondary index structure and the point
lookup costs on the primary storage. Firstly, the I/O cost of fetching the target k-v pair for a specific
primary key is O(¢Lp) [35], where ¢ is the false positive rate of the Bloom filter on primary keys.
This is because during point lookup, only levels whose Bloom filter indicates the presence of the
target key will be read and searched. Secondly, for an LSM-based standalone secondary index in
the form of composite key, the I/O cost of point look is O(¢Ls) > where L, is the number of levels
in secondary index. For a range query, as matching entries distribute across SST files, each file or
sort run needs to be searched and the data blocks contain the matching entries need to be read.
Hence, the I/O cost of a range query on the secondary index is O(s - N/B;), where B, is number of
index entries in the data block of the secondary index and s is the selectivity of range query. As
secondary query on LSM-based system with standalone secondary index invloves the navigtion
from secondary index to the primary storage, the total costs of the queries will be the sum of
both processes and they are shown in Table 1. As both point query and range query involve the
checkings of Bloom filters, the CPU cost of standalone secondary index will be O(k) where k is the
number of hash functions used in the Bloom filter.

As shown, for range queries, the index navigation costs (sN - O($L,)) of existing standalone
secondary index on the primary storage scale linearly with the output primary keys (sN). These
point lookup operations on primary storage may incur significant overhead [25, 27] especially
for long range queries. According to our evaluations, for an LSM-based system with 100 million
entries , the point lookup operations take up to 78.6% of total cost on average for range queries
with average selectivity of 6.076 x 1076, Different from standalone secondary index, the I/O cost
of NEXT on range queries scale linearly with the number of matching blocks (s - N/B). Through
eliminating the index navigation and avoiding redundant reads on the same data block for different
keys, the I/O cost can be reduced by B times. On the other hand, the point lookup cost of both
methods have same order of magnitude.

Table 1. Query Costs Analysis

Methods || Query Types CPU cost I/O cost
NEXT Point O(log(N/Bs)) O(1+¢)
Range O(log(N/By)) O(s-N/B+¢)
Standalone Point O(k) O(¢Ls) + O(¢L,)
Range O(k) O(s-N/B;) +sN - O(¢L,)

4 Optimizations

To overcome limitations in index creation and query processing which will lead to extra query
overhead, NEXT introduces two optimization strategies.

SBloom filter and fence pointer are created at each level.
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Index Creation. The naive per-file secondary index blocks creation method may result in oversize
value range of the block, and hence large false positive rate of global index traversal. During the
per-SST file secondary index block creation, a secondary index block is flushed when it exceeds the
capacity limit. Then a tuple which contains the value range of the block and the block location is
inserted to the global index component as a global index entry. As the creation of the secondary
index blocks is not value-aware, the resulting value range of the block may be significant larger
than what the data entries cover. For example, assuming the majority of the entries in the secondary
index block fall within a range between a and a + k, and the last entry inserted to the block is
a + m where m > k. As a result, the value range of the secondary index block will be a to a + m
which is significant larger than the majority entries cover. During query processing, as the value
range of the secondary index block is oversize, the false positive rate of global index traversal will
significantly increase. As discussed in previous section, the high false positive rate of the global
index will introduces extra I/O cost and hence hinder the query performance. To overcome this
limitation, NEXT introduces a novel strategy for global index entries creation. Instead of only using
one global index entry for each secondary index block, NEXT proposes to represent the secondary
index block through multiple global index entries so that the attribute values within each index
range are more condensed and hence the false positive rate can be reduced. Intuitively, we can
partition the secondary index block value range equally and generate a global index entry for each
range. However, this method is not effective to overcome the limitation. This is because when the
values in the secondary index block are close to each other, the equally partition method will not
improve the query performance, instead it will incur extra overhead as the global index component
will contain more entries. Furthermore, when the values distribution in the secondary index block
is skew, the equally partition method may not be able to index the outlier effectively as the oversize
value range will still remain for the part that contains the outlier. To solve the value range oversize
problem, NEXT proposes a value-aware strategy. Specifically, during the secondary index block
creation, NEXT computes the increases in the value range after the flushing of each entry. When the
increase in value range is larger than a pre-define threshold §, we split the secondary index block
value range and add an extra global index entry for the secondary index block. This strategy allows
NEXT to adaptively add global index entries for secondary index block with oversize value range.
As a result, large gaps between entries in the secondary index block will no longer be indexed and
the entries within each indexed value range are more condensed. Hence, the false positive rate of
global index traversal can be significantly reduced.

Query Processing. As the secondary attribute values and the data blocks have many-to-one
relationship, same data block may be read into memory multiple times which result in redundant
I/Os. To prevent redundant scan of the same data block, NEXT proposes to maintain a data block
read history for each query. Different from block cache of the system which will check the data
block again, the read history is used to skip data block retrieval if the data block is already scan
during a query processing. As a result, each matching data block will only be scanned once for
each query.

5 Online Index Creation

Online secondary index creation in an LSM-based database involves constructing and maintaining
new secondary index structures on existing data store with minimal service interruptions. This
is an important problem as it directly impacts the performance and scalability of the system in
real-world workloads. In this section, we firstly discuss the online index creation problem. Then
we propose a potential solution for creation of NEXT on an existing data store.

In an LSM-based database, online index creation generally consists of two steps. First, the system
scans existing SST files to generate index entries. Second, the index entries are merged into the index
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structure. For a standalone secondary index, this process creates a new entry for every existing
key—-value pair, which is then inserted into a separate index structure. By contrast, embedded
secondary indexes require generating a filter or zone map for each SST file based on the attribute
values. For NEXT, the per-segment indexes are created in a similar way to the embedded index, but
additionally the global index is updated based on the newly created per-segment indexes. Since the
creations of the embedded index and NEXT involve scanning and modifying the existing SST files,
they tend to incur higher creation costs than standalone index.

To overcome the limitations of NEXT in the online index creation, we propose a “lazy” construc-
tion mechanism. In particular, as new writes arrive, SST files on lower level are more likely to be
involved in subsequent compactions, we “delay” the per-segment index creations for these files.
Starting from the largest level in the primary LSM-tree, NEXT constructs the index incrementally
from high level to low level. During the index creation, when compactions are triggered for SST
files on lower level, the index creations for the new files can then be conducted in parallel. This
“lazy” construction mechanism allows some of the index construction overhead to be amortized to
compactions and reduces redundant modifications of the compacted SST files. As a result, it can
reduce the construction cost and allow the database to maintain high throughput while the new
index is being built.

6 Experiments

In this section, we evaluate the proposed secondary index framework, NEXT, against existing LSM-
based secondary index techniques. We first describe the experimental setup and implementations
(Section 6.1). Then we conduct extensive experiments to evaluate NEXT’s performance on basic
operations with static workloads (Section 6.2) and overall performance with mixed workloads
(Section 6.3). Lastly, we investigate the impact of the proposed optimizations (Section 6.4), the
impact of data skew (Section 6.5), the case when multiple secondary indexes exist (Section 6.6) and
the memory usage (Section 6.7).

6.1 Experimental Setup

Dataset and Workloads. Following previous works [25, 27, 33, 44], we evaluate the proposed
secondary index framework with two types of workloads: static and dynamic. For static workload,
we first conduct all the insertions with the creation of the secondary index. Then we issue queries
on the LSM-based storage with static data. For static workload, the operations such as INSERT, GET
and PUT are isolated. In this paper, we adopt two datasets for static workload experiments. One is
the Tweet dataset. Similar to the benchmarks used in [33, 44], we collect 33 millions of geo-tagged
tweets from Twitter Streaming API with a size of 13.7GB. The average size of each tweet is about
420 Bytes (each contains a unique Tweet ID and 10 other attributes) and the average number of
tweets per user is 4.7. For the Tweet dataset, we select UserID and Coordinates of each tweet as
the numerical and spatial secondary attributes for evaluation respectively. In addition, we also
include one extra dataset, the OpenStreetMap Buildings (OSM Buildings), from SpatialHadoop [17].
It contains 115 millions of building objects with a size of 26GB. To evaluate the effectiveness of
NEXT on different types of attributes, we selected the bounding rectangle (spatial) and perimeter
of the boundary (numerical) of each building object as two secondary attributes. For static query
workloads, we generate queries through randomly sampling attributes from the dataset as the
query centres and apply query windows with different sizes to control the selectivity.

Different from static workload, data insertion, modifications and queries executions are inter-
leaved in dynamic workload. To simulate realistic twitter-based operations, we adopt a open-sourced
twitter-like workload generator, chirp [43], to generate three types of mixed (dynamic) workloads
for secondary index evaluations. Table 2 shows the distribution of different operations for each
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Table 2. Operations Frequency Ratios of Mixed Workloads

Workload Operations Ratios Total
Type INSERT QUERY UPDATE | Number
Write Heavy 80% 20% 0%
Read Heavy 20% 80% 0% 4 million
Update Heavy 40% 20% 40%

mixed workload. For insertions, the insert key-value pairs are selected from a seed set of tweets
collected from Twitter Streaming API and the insert sequence is based on the respective Time
attribute. For queries, we only generate queries on secondary attributes (UserID & Coordinates)
with a fixed size query window. The query center is randomly selected from the inserted data. To
generate UPDATE operations, we first randomly select primary key from existing data then insert a
different tweet with the selected primary key.

Implementations. We implemented NEXT on top of RocksDB [18], an LSM-based key-value
storage system that is widely adopted by both industry and academical studies [4, 12, 15]. RocksDB
only supports primary index and queries on the key of each data entry (KV-pair). We enable
secondary index creation in RocksDB through adding new block based table options and secondary
index builder which allow the system (i.e., block_based_table_builder.cc) to create secondary index
meta block for each SST file during block based table construction. We implement Algorithm 1
(in Section 3.3) to the code of the index builder (index_builder.cc) and maintain the global index
component together with the version storage information (i.e., version_builder.cc, version_edit.cc
and version_set.cc in RocksDB) which resides in memory. For spatial secondary index global
component, we adopt an open-source in-memory R-tree [30] as the container. For numerical index,
we utilize the 1-Dimensional version of the R-tree to act as a interval tree. The secondary attribute
queries are supported through adding a new type of iterator based on the secondary attribute and
the created secondary index. All algorithms are implemented in C++.

Compared Systems. We compare NEXT to three classes of state-of-the-art secondary index
techniques in LSM-based storage systems. Based on the findings of [33], none of these techniques
dominates the others. We implement a representation from each class on the same system as NEXT,
i.e., RocksDB, and optimize it for a fair comparison. The details of each compared techniques are as
follow:

e Eager. We compare NEXT to a secondary index with eager update strategy which follows the
same way of secondary index maintenance in RDBMS [22]. This method is adopted by the popular
MongoDB. Following the tuning manual [29], the conventional secondary index is fitted entirely
in RAM for fast query processing. We adopt in-memory index containers (i.e., B-tree [8] and
R-ree [30]) for the secondary index implementations.

e Embedded. As the embedded index (Bloom filters and zone map) proposed in [33] heavily
depends on the index attribute’s time correlations, we compared NEXT to a more recent embedded
secondary index technique proposed by [21]. We implement the technique through creating a
secondary index for each SST file. During query processing, an iterator on all SST files’ secondary
indexes is utilized to searched for the target entries.

e Standalone. We compare NEXT to the the standalone secondary index with composite keys
and lazy update which is widely adopted by systems like AsterixDB [1] and Spanner [9]. We
implement the standalone secondary index through utilizing another LSM-tree to store the
composite keys and adopt an in-memory update memo [41] for consistency maintenance.
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Table 3. OSM Buildings Workload Latency (in seconds)

Secondary Spatial Numerical
Index Small Medium Large | Small Medium Large
Eager 1.07 40.49 812.63 | 7.80 133.29  657.80

Embedded || 19.79 87.13 302.77 | 6.94 36.90 170.35
Standalone | 1.00 58.63 785.48 | 5.73 52.07 512.52
NEXT 1.63 34.22 263.12 | 2.89 20.15 202.51

Table 4. Tweet Workload Latency (in seconds)

Secondary Spatial Numerical
Index Small Medium Large | Small Medium Large
Eager 0.82 4.77 203.67 | 1.19 11.52 118.27

Embedded 8.49 10.07 73.30 | 3.13 7.47 49.28
Standalone || 0.92 3.80 138.37 | 1.52 12.70 124.49
NEXT 1.06 2.86 69.83 | 0.79 5.75 52.29

LSM Store Configurations. For all LSM-based storages used in this paper, according to the
configuration tuning guide [18], we set both memory buffer size and block cache to be 64 MB. We
adopte a block size of 4 KB and data compression is turned off.

Platform. All experiments in this paper are conducted on a server with a 10-core Intel i9-10900X
CPU, which runs Ubuntu 20.04 LTS. The server is equipped with 64 GB DRAM and 1 TB SSD.

6.2 Results on Static Workloads

In this section, we evaluate the basic operation costs of the compared secondary index mechanisms
on static workloads.

6.2.1 Query Performance. To investigate the effect of different secondary index techniques on
non-index-only secondary attribute query performance, we synthesise three query workloads with
different query windows to represent workloads with different selectivity for each attribute of each
dataset. Each workload contains 1000 queries with randomly selected query centres. For OSMB
dataset, as both secondary attributes (bounding rectangle and perimeter) are based on geographic
coordinates, we set three query windows with 0.001, 0.01 and 0.1 decimal degrees which results
in average result cardinalities of 17, 608 and 18753 (403, 3929 and 40064) for spatial (numberical)
attribute. For Tweet query workloads, we use the same decimal degrees as OSMB for Coordinates
attribute and numerical ranges of 10k, 100k and 1000k for UserID attribute. The average result
cardinalities are 56, 350 and 14887 (108, 1107 and 11349) for spatial (numerical) attribute. Table 3 and
Table 4 show the workload latency for OSMB and Tweet datasets. We use “Small”, “Medium” and
“Large” to represent workloads with three ranges of selectivity respectively. As shown, both datasets
share the common patterns. For workload with small selectivity, standalone secondary index
(both Eager and LSM-based standalone) and NEXT significantly outperform embedded
secondary index. This is because embedded index in each SST file needs to be queried to locate
the target entries. In contrast, NEXT utilizes the global index to locate the target data block directly
which enjoys a smaller query overhead. Similarly, standalone secondary index can quickly locate
matching primary keys without searching all SST files. For spatial workload with small selectivity,
standalone and eager outperform NEXT. One possible reason can be the false positive rate for
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spatial index is larger which results in redundant I/O cost. For numerical workload with small
selectivity, NEXT outperforms all existing secondary index up to 75%. For workload with medium
selectivity, NEXT outperforms all compared secondary index techniques. NEXT can reduce
the work latency from 15.5% to 84.9%. When the workload selectivity increases, as discussed in
previous sections, standalone secondary index techniques will suffer from the significant overhead
from index navigation. As a result, the query performances of both eager and standalone secondary
index are worse than embedded index and NEXT. For spatial workload with large selectivity,
NEXT achieves the best query performance. For numerical attribute workloads, embedded
slightly outperforms NEXT.

In addition to workload latency, we also evaluate the effect of different secondary index techniques
on single query execution time with different results cardinalities. Figure 5 demonstrate the query
latency in the form of box-and-whisker plots. These figures show that NEXT has top performance
for queries across all results cardinalities. When the cardinality is small, the point lookup
overhead on primary table for target primary keys are negligible. As a result, both eager and
standalone secondary index performs better. Nevertheless, when the results cardinality increases,
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the point lookup overhead becomes significant and the query execution times with eager and
standalone secondary index will be larger than those of embedded index and NEXT. For embedded
secondary index, as all embedded indexes need to be searched during query process, it does not
perform well for queries with small cardinality. This is because there are significant amount of
redundant reads. For queries with larger cardinality, as the target entries scatter across all SST files,
embedded index will have better performance.
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6.2.2 Insert Performance. In this experiment, we evaluate how the insert operation is affected by
the various secondary index techniques in term of average operation execution time and database
size. For the static datasets, the insert workloads (without any update) for OSM Buildings and Tweet
contain 100m and 30m entries respectively. Figure 6 shows the average execution times of each insert
operation on different datasets with different secondary indexes (i.e., secondary indexes on different
attributes). As shown, the embedded index has relatively better insert performance. This is because
the embedded index does not maintain a separated structure and the embedded index creations are
performed together with the SST file creations in the background thread pool. For OSM Buildings
(OSMB) spatial and Tweet Spatial datasets, the average insertion times of the embedded secondary
index are similar to those of system w/o index, this is because when the merge and compaction
tasks can be executed smoothly, the background process will not introduce extra overhead on
data insertion nor write stall. For eager secondary index, as the index is maintained in RAM, the
insert operation is better than standalone and NEXT. Compared to standalone which needs to
maintain another LSM-tree to store the composite keys, NEXT has better performance
except for OSMB with spatial attribute. This is because the per-segment component of NEXT
is similar to the embedded index which is created through background process and the global
component is maintained in RAM. For OSMB spatial, the insertion performance of NEXT is slower
than standalone, one reason can be the creation of both per-file component and global index
for complicate spatial objects involve frequent non-trivial data sorting and node splitting which
introduce extra cost to data insertion.

Figure 7 shows the database sizes with different secondary index techniques. For NEXT, the
secondary index consists of a per-segment embedded component and a standalone global index
component. Compared to Embedded secondary index, NEXT will introduce extra storage overhead
for the global index component. Compared to standalone secondary index, the storage overhead
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of NEXT is comparable. As shown, the size of the standalone secondary index is 20.97% of the
primary table while the sizes of embedded index is 16.13%. For NEXT, the total size of secondary
index takes 20.65% of the primary table which is slightly smaller than that of standalone secondary
index. For dataset Tweet, similar trends are observed.

6.2.3 Summary of Results. We next summarize the static workload experimental results. For
query on static data, NEXT has the best overall performance. For small and large results cardinalities,
NEXT has comparable or even better performance than the best of existing secondary indexing
techniques. For queries with medium size of cardinality, NEXT outperforms all existing techniques
as it eliminates the costly index navigation and avoids redundant reads. For insert performance and
space overhead, NEXT is comparable to the standalone secondary index. Although for OSMB Spatial
dataset, the PUT performance of NEXT is slightly slower (~ 2us), as we will show in the mixed
workload experiment, even for the write-heavy workload, the advantages on query performance
will outweigh the difference in PUT performance. Overall, the experimental results demonstrate
that NEXT can enhance query performance without introducing significant overhead on insertion
and storage.

6.3 Results on Mixed Workloads

In this section, we evaluate NEXT, the LSM-based standalone and embedded index under dynamic
workloads. We do not consider Eager in this experiment as it is shown to be unusable in previous
work [33]. Different from the static workload experiment that we can bulk load and fit the eager
index entirely in memory, dynamic workload experiment on eager index involves expensive random
accesses. The dynamic workloads consists of different types of operations (Insert, Update and
Query) which are more representative of real-world applications. Each workload contains 4 million
operations and only one secondary attribute is indexed and queried at one experiment. The query
windows adopted in the mixed workload experiment are 0.01 decimal degree and 100k value range
for spatial and numerical secondary attributes respectively. Before executing the mixed workload,
we pre-load the system with 20 millions of records. As it is challenging to isolate the performance
of each type of operations, we record the average operation latency every 500k operations. Figure
8 and Figure 9 show the overall performance of different secondary index techniques on Tweet
datasets with different type of value attributes being indexed.
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Fig. 9. Overall performance comparison for Numerical Mixed Workloads

Figure 8a and 9a show the average operations latency for write heavy workloads. As shown,
as more data being inserted, the average operations latency for all systems increases. However,
for embedded secondary index and NEXT, there are uncommon drops in operation latency at
the beginning of workload execution. One possible explanation can be at the start of workload
execution, data insertions are buffered in main memory which does not affect the other operations
significantly. At the same time, the embedded indexes and target data blocks are cached as query
operation being performed. As a result, the query operation latency is reduced due to the cached
data. Compared to the LSM-based standalone secondary index, the increases in operations latency
are lesser for embedded index and NEXT. As shown in the static workload experiment, embedded
secondary index and the secondary index blocks in NEXT are created naturally with the SST file
construction which will not introduce significant overhead to insert opertion. In addition, for query
operation, the new arrival data will introduce additional I/O cost only when the data is flushed
to disk as new SST file. As the global index component directs the query operation to target data
blocks directly, NEXT is able to mitigate the impact from new flushed data blocks. For update heavy
workload, similar trends as write heavy workload are observed. This shows that update memo can
mitigate the impact of data update on the query performance.

For read heavy workload, as shown in Figure 8b and 9b, there are fluctuations on operations
performance of standalone secondary index and NEXT. For standalone secondary index, the
fluctuations may be due to the 1-leveling data layout. As the standalone LSM-tree (secondary index)
maintains multiple sorted runs in the first disk level, it needs to search all sorted runs together
with the Memtable for each query operations. When data is inserted to the system, the number
of sorted runs in the first disk level will increase, resulting in higher query operation cost. With
more data being inserted, compactions will be conducted to merge the sorted runs in first disk
level to higher level. Hence, the query operation performance will be improved. For NEXT, the
degree of fluctuations is smaller compared to that of standalone secondary index. This is because
the fluctuations on NEXT is solely due to the Memtable. As NEXT only index data entries reside in
disk, it needs to scan the Memtable for every query operation. When new insertions are buffered in
Memtable, the query operation cost may be increased. When the Memtable is flushed to disk as
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new SSTable, the query operation cost will then be reduced. For embedded secondary index, as it
search all embedded index for each query operation and the number of embedded index changes
slowly, its performance is relatively stable for read heavy workload.

Summary: NEXT is shown to be able to handle different mixed workloads and achieve better
performance than existing standalone secondary index and embedded secondary index techniques.

6.4 Effect of the Proposed Optimization

To overcome the problem of the oversize index range (discussed in Section 4), we propose a novel
packing strategy which adding more index entries for the same indexed block when the changes in
index range for a new entry exceed a threshold §. To investigate how the proposed strategy affects
the basic operation performance and the global index size, we conduct experiments on systems
with various values of §. Figure 10a and 10b shows the impact of § on ingestion performance and
query workload latency for different secondary attributes on Tweet dataset. As shown, compared
to system w/o the optimization, adopting our proposed packing strategy can reduce the
query workload latency up to 25%. In addition, when the value of § decreases, the index entries
within the index range will be more condensed and hence the workload latency will be lower.
However, a smaller value of § does not guarantee a better query performance. As shown in 10b,
when the value of § decreases from 1000 to 10, the workload latency slightly increases. This is
because when the index range is sufficiently condensed, adding more entries for the index block
will only increase the query overhead without reducing the false positive rate. Hence, to ensure
the best query performance, we need to adjust the § value carefully for different datasets. We will
explore the problem of finding the appropriate value of § for different datasets in future work.

For ingestion performance, as smaller § will result in more secondary index entries in global
index component, the ingestion latency will be higher. This is shown in Figure 10b. However, for
spatial attribute, a different trend is observed. When compared to systems w/o the optimization
and § = 0.1, the system with § = 0.05 has a lower ingestion latency. One possible reason can be that
when the index range is smaller, the global index creation algorithm can better pack the entries
with lesser node splitting. As a result, the ingestion performance is better given that the increase in
number of index entries is not significant. When the number of index entries increases significantly
(i.e., when & decreases from 0.05 to 0.01), the ingestion performance will degraded.

Lastly, Figure 10c shows how the global index size changes with §. For numerical attribute, the
global index size will be 1.4 GB when § = 10. Although it is significantly larger than the global
index of system w/o the optimization, the total secondary index size is only 3.56% larger than the
standalone secondary index size. This optimization strategy introduces a trade-off between index
size and query performance. To meet different application requirements, user can adjust the value
of § accordingly.
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6.5 Impact of data skew.

Since the false positive rate of NEXT’s global index is closely related to the data distributions,
it is important to understand the impacts of data skew on our proposed optimization. In this
section, we firstly synthesise four additional numerical attributes in Tweet dataset which follow
uniform distribution and 3 levels of Zipf distribution (i.e., shape factor 0.5, 0.8 and 1.0) respectively.
Each attribute contains integer values range from 1 to 100 millions. For range query workload, it
contains 1000 queries with randomly selected query centres and a fixed query range. Since it is
common for a database system to store categorical variables in numerical form, we synthesise point
query workload on the synthetic attributes to evaluate the performance on categorical attribute.
Figure 11 show the performances of NEXT with different §s and existing secondary indexing
techniques (i.e., standalone and embedded) on different data distributions. As shown in Figure 11a,
for Zipf-1.0 and Zipf-0.8 which have more skew data distributions, the effectiveness of our proposed
optimization is more significant. The differences between § = 200 and w/o optimization are 19%
and 29% respectively while those for Zipf-0.5 and Uniform are 11%. For Zipf-1.0, as tuples are skew
toward smaller values, the range query results are smaller and hence it has the lowest query latency.
For range workload, NEXT with and without optimization outperform both existing methods. For
point query on categorical data, the false positive rate problem will be more significant. As shown
in Figure 11b, the reductions in workload latency through applying our proposed optimization
are more remarkable. This implies that our proposed optimization is able to greatly reduce the
false positive rate of the global index and hence improve the query performance for different
data distributions. Without our proposed optimization, the point workload latency of NEXT is
higher than that of standalone secondary index as the index navigation cost is negligible for point
query. However, with our proposed optimization, NEXT outperforms both existing methods for all
distributions. Figure 11c shows the ingestion performances under different data distributions. One
interesting observation is that the ingestion performance of Zipf-1.0 without optimization is slower
than § = 200. The reason for this is because the data is skew toward smaller values and there are
more node splittings during the global index creation which hinder the data ingestion performance.
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z z z
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Fig. 11. Effect of Data Skew on the Proposing Optimization

6.6 Existence of Multiple Secondary Indexes

Since it is common for database system to build multiple secondary indexes on the same table, in
this section, we evaluate NEXT’s performance when multiple secondary indexes are constructed.
Table 5 shows the ingestion performance, storage overhead and query performance of NEXT and the
standalone secondary index when two types of secondary indexes are created together. As shown,
the ingestion performance and storage overhead of NEXT are similar to those of the standalone
index. However, compared to the results in Section 6.2, existence of multiple secondary indexes
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Table 5. Multiple Secondary Index Performance

Dataset Tweet OSM Buildings
Sec. Index Standalone NEXT Standalone NEXT
Avg. Put Time (us) 15.16 17.07 20.13 18.74
Pri. DB Size (GB) 13 16 27 35
Sec. Index Size (GB) 1.90 0.78 5.70 0.25
Sec. Index Size 2 (GB) 1.90 0.44 5.70 1.23
Total DB Size (GB) 16.80 17.23 38.40 36.48
Workload Latnecy
Attributes 2D 1D 2D 1D 2D 1D 2D 1D
Small (secs) 0.86 1.49 1.03  0.79 0.51 5.36 1.48 4.18
Medium (secs) 4.23 12.66 | 2.67 6.08 7.27 48.25 | 4.70  20.38
Large (secs) 165.85 129.03 | 69.20 51.30 || 210.38 494.35 | 83.41 183.49

will incur larger PUT time and higher space consumption. Similar to Section 6.2, we evaluate the
query performance using three workloads with different query ranges. The spatial workload and
numerical workload are represented as 2D and 1D respectively. As shown, the query performance
is similar to the single index case.

6.7 Memory Overhead Analysis
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In this section, we evaluate the memory overhead of NEXT and its impacts on the database system.
Figure 12a demonstrates the memory usage of NEXTs (with spatial and numerical secondary index),
standalone secondary indexes and RocksDB without secondary index during the Tweet dataset
insertions. We measure the total physical memory (RAM) in used and the size of the global index
(GI) after every 5 millions of insertions. As shown, the global index only takes a small portions of
the used RAM. Furthermore, the memory usage of NEXT is similar to the standalone secondary
index and RocksDB W/O seconary index. In addition, we evaluate the memory usage and write
stalls of NEXT under four different workload intensities (i.e., continued, WI-1 = 2 inserts/us, WI-2 =
1inserts/us and WI-3 = 0.5 inserts/ps). As shown in Figure 12b, for workload with higher intensity,
the fluctuations of the memory usage will be greater. This implies that more RAM is used for
compactions and MemTables maintenance. Figure 12c shows the write stalls incured by NEXT
under different workload intensities. As the workload intensities decreases, there will be higher
write stalls for NEXT. One reason for this observation is that internally RocksDB will batch write
requests from different thread to improve the performance, but the lower workload intensity may
not fully utilize this optimization which results in higher write stalls. For NEXT, the creation of
secondary index will slow down the compactions and introduces additional write stalls for high
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workload intensity. This limitation can be mitigated through increasing the number of threads for
background operations or increase the size of the MemTable to reduce the write amplification.

7 Conclusion

In this paper, we propose NEXT, a new secondary index framework for general-purpose LSM-based
key-value storage system. Different from existing secondary index for key-value databases, NEXT
adopts a two-level index structure which aiming to avoid the expensive index navigation during
seondary queries processing. Particularly, NEXT proposes to create secondary index blocks for each
SST file to map the secondary attribute to the associated data block location directly. In addition,
NEXT introduces a global index component which narrow down searching space through directing
the query operation to target secondary blocks. To optimize query perfromance, this paper also
introduces two strategies to improve NEXT’s effectiveness. Extensive experiments on different
workloads and types of secondary attributes demonstrate that NEXT is able to improve query
performance on secondary attributes without introducing extra overhead on data ingestion nor
space consumption.
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