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Abstract—The ever increasing amounts of digital data being 

stored in public and private clouds are challenging users to 

access and manage the data. With the corresponding storage 

system reaches Petabyte-scale, or even Exabyte-scale, metadata 

access will become a severe performance bottleneck. Hence, 

this paper proposes an efficient multi-dimensional metadata 

index and search solution for cloud data. By proposing several 

new mechanisms for K-D-B tree based index/search, including 

two-level space borrowing and signature files for point pages, 

and implementing index partitioning technique, our system can 

achieve optimized performance in terms of memory utilization 

and search speed. Experiments show that our system performs 

much better as compared with other state-of-art solutions. In 

addition, our system can safely scale out in a distributed manner 

with guaranteed performance.  

—Metadata, index, search, multi-dimension, cloud 

I.  INTRODUCTION 

Cloud has become more prevalent in recent years. As a 

computing utility, it allows users to remotely store their 

data into the cloud to enjoy the on-demand high quality 

applications and services from a shared pool of 

configurable computing resources [1]-[3]. With the 

increasing amounts of digital data being stored in public 

and private cloud, it becomes challenging for both users 

and system administrators to manage and access the data. 

When the storage system reaches Petabyte-scale, or even 

Exabyte-scale, locating, retrieving and managing files has 

becoming extremely difficult.  

Usually, users need to retrieve files with particular 

characteristics in the cloud datasets, and system 

administrators need to understand the nature of the stored 

data for management purpose. File metadata, such as 

inode information (owner, file size, file extension, file 

path, etc.) and other extended attributes, such as user-

tagged information (language, description, subject, etc.) 

contain essential information to address these 

requirements [4]. And by properly utilizing metadata, 

which describe the contents and contexts of data files, the 

usefulness of the original data/files can be greatly 

increased. Hence, an efficient search solution over file 

metadata, which can quickly and accurately answer 

queries about characteristics and properties of the cloud 

data being stored, is awfully desirable. 

In the new generation of file systems, metadata 

accesses will become a severe performance bottleneck as 
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metadata-based transactions not only account for over 

50% of all file system operations but also result in 

billions of pieces of metadata in system [5]. 

Unfortunately, current file systems are unable to support 

for large-scale metadata search. This is because today’s 

metadata designs still resemble those over forty years ago, 

when file systems contained much fewer files and basic 

namespace navigation was more than sufficient [6]. For 

cloud-scale dataset, metadata search may require brute-

force traversal of namespace, which is obviously 

impractical.   

Many previous researches about file/data search focus 

on content-based search and keywords search [7]-[10], 

which cannot address the metadata search challenges 

presented in this paper. Some related works [11], [12] 

relies on Relational Database Management Systems 

(RDMSs) to organize and index metadata. However, 

Spyglass [4] shows that traditional DBMSs are far from 

satisfaction: the search performance gap between 

Spyglass and conventional DBMS solution can be as 

large as 3 orders of magnitude. 

In this paper, we propose an efficient metadata index 

and search solution to address the search challenge. The 

proposed system contains the following components:  1) 

A scalable system organized in a distributed manner with 

each server partially serving index and search 

assignments. The system can easily scale out by 

balancing the workloads of each server and by adding 

more servers as the data size increases. 2) An index space 

partition mechanism to partition and group the indexed 

metadata and each partition is indexed by a separated 

multi-dimensional tree. This index partitioning 

mechanism utilizes the spatial locality of metadata 

attribute value distribution to control the metadata 

indexed in each partition. As a result, it can effectively 

reduce search space and improve search speed. 3) K-D-B 

trees are utilized to index each paritition. In this system, 

we propose two new mechanisms, including two-level 

space borrowing and signature files for point pages, to 

optimize K-D-B trees. With our newly proposed 

mechanisms, the efficiency of K-D-B tree based index 

and search in terms of memory utilization and search 

speed can be greatly improved.  

The reminder of this paper is organized as follows: 

Section II reviews and discusses some related works. 

Section III presents the details of our solution. The 

performance of our proposed system is evaluated in 

Section IV. Finally, a briefly conclusion for this paper is 

drawn in Section V. 
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II. RELATED WORKS 

Many research woks in the area of file system search 

focuses on content-based file search and retrieval [7]-[10]. 

In [8], a new file system named Hierarchy and Content 

(HAC) is proposed. It allows the use of the file system as 

a regular hierarchical file system and adds content-based 

access under the control of users. Reference [10] propose 

a file system search tool that combines traditional 

content-based search with context information gathered 

from user activity, which can identify temporal 

relationships between files. By utilizing such context 

information, the search precision can be improved.  

For cloud data search, many people works on the 

keyword based search [3], [13]-[15]. One of the key 

concerns to store data in a cloud is to protect the data 

privacy. Hence, many paper works on how to provide 

efficient key-word search over encrypted cloud data. In 

[3], [13], the author propose a secure ranked keyword 

search, which greatly enhances system usability by 

returning matching files in a ranked order regarding to the 

keywords. Reference [14] proposes a privacy-aware 

fuzzy multi-keyword search solution, which is more 

practical than search based on exact keywords match. The 

authors of [15] provide a solution to enable multiple users 

to perform private keyword based search over encrypted 

data. This enhances many existing solutions, which only 

support single-user keyword search in the cloud. A so-

called A-Tree solution is proposed in [16] to index multi-

dimensional data for cloud environments. It utilizes a 

master-slave distributed architecture to handle user 

queries: the master nodes receive user queries and locate 

the corresponding slave node(s) to handle the queries, and 

the slave nodes process user queries locally. On each 

slave node, it combines R-tree [17] and Bloom filters [18] 

to achieve efficient point query and range query for 

multidimensional data.    

Although a cloud system may be distributed over wide 

areas, at the backend of its data centers, the file system 

efficiency will still be crucial to the whole cloud. Hence, 

in our current work, we address the metadata search 

challenges for large-scale file systems within a data 

center. Different from Spyglass and SmartStore, our 

system mainly focuses on improving system performance 

in terms of memory utilization and search speed by 

optimizing K-D-B tree based index and search.     

III. MULTI- METADATA INDEX AND SEARCH 

SYSTEM 

A. System Overview 

In this paper, we aim to provide an efficient multi-

dimensional metadata index and search system with good 

scalability for cloud-scale data. The system architecture is 

shown in Fig. 1. The system is organized in a distributed 

manner: the indexed metadata are distributed among 

multiple servers. They can be stored directly on disks or 

through various databases. For example, the NoSQL 

database, MongoDB [22], can be deployed to store the 

metadata. By utilizing MongoDB sharding process, 

metadata can be easily distributed across multiple servers. 

Accordingly, the indexer/searcher on each server handles 

partial index update and query tasks of the whole system. 

The coordinator will decide which server an index update 

or a user query should be forwarded to. With such a 

distributed architecture, our system can naturally scale 

out as data size grows. 

 
Fig. 1. System architecture  

The metadata handled by each server could be still 

very large, and thus the indexed metadata on each server 

will be further partitioned into multiple pieces. Each 

piece is served by a separate K-D-B tree. And this is 

called index partitioning. In our system, the index 

partitioning utilizes the skewness distribution of file 

system metadata attribute values [4] to partition the 

whole index space. As a result, the metadata indexed in 

the same partition share more similar or even common 

attribute values as compared to those in different 

partitions. By deploying the index partitioning, the search 

space can be effectively reduced because the results, 

which can satisfy a user query, especially a multi-

dimension query, are normally located in just a few 

partitions, and accordingly the search speed can be 

improved.  

For each partition, its complete index is stored on disk, 

while a copy is kept in memory except the actual indexed 

metadata, which is normally too large to be kept in 

memory. In other words, the on-disk index store is a 

complete K-D-B tree. And the in-memory index store is a 

partial K-D-B tree without the indexed metadata. The 
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Similar solutions of our work include Spyglass [4] and 

SmartStore [5]. Spyglass uses an index versioning 

mechanism and batch update to minimize the interruption 

of index update over search. The index partitioning 

technique is also efficiently utilized by Spyglass to 

narrow down search space and guarantee search speed. In 

addition, Spyglass utilizes K-D tree [19] to index and 

search partitioned metadata. However, a K-D tree is poor 

for frequent updates [4] and our experiments show that its 

search performance is much worse than that of a 

corresponding K-D-B tree [20], [21]. SmartStore 

leverages the semantics of metadata attributes to cluster 

and partition the indexed metadata. It utilizes R-tree for 

metadata index and search. An R-tree is good for multi-

attribute index; however the indexed pages likely become 

highly overlapped as time elapses. Consequently its 

search efficiency may degrade with time.



rationale of keeping the index/search trees in memory is 

to facilitate index updates and user queries by minimizing 

disk accesses. 

The index update process, including insertion, deletion 

and update is described here: when an index update 

request arrives at the system, the coordinator will decide 

which server this request should be channeled to by 

comparing the metadata attribute values of this index 

request with the attribute value ranges of the metadata 

served by every individual server. When the index update 

reaches a server, it will be forwarded to some partition(s) 

by investigating the metadata attribute values served by 

each partition.  A metadata update can be considered as a 

deletion of the old metadata plus an insertion of the new 

metadata. After decision, the index update will store the 

new metadata and/or delete the old metadata from the 

corresponding index store and update the index tree if 

necessary. 

The query process is somewhat similar: when a user 

query arrives, the coordinator will decide which server(s) 

this request should go to. For each server with possible 

matching results, the query is further compared with the 

metadata served by each individual partition to decide 

which partition(s) need to be searched and which 

partition(s) can be skipped. Then each partition tree with 

possible matching results is traversed. All possible results 

which can satisfy the query request will be returned to the 

coordinator from multiple partition trees and even 

multiple servers. The search coordinator will do filtering 

and merge and then pass the final results to the user. 

The system deploys the following mechanisms in order 

to achieve satisfying performance: 1) Optimization 

mechanisms for K-D-B trees. K-D-B trees, which are 

used to index every partition, can be considered as the 

basic element for our solution and hence its performance 

is crucial to the whole system. Two optimization 

mechanism for K-D-B tree based index and search, 

including two-level space borrowing and signature files 

for point pages, are proposed and implemented to reduce 

its space overhead and improve its search efficiency, and 

consequently guarantee the overall system performance 

in the fundamental level. 2) Index partitioning 

decomposes the index into separate partitions based on 

the skewness distribution of indexed metadata. Each 

partition is deployed with a K-D-B tree, and the metadata 

with similar or close attribute values are indexed by the 

same tree. This mechanism allows the indexed metadata 

to be managed and searched at the granularity of sub-

trees [4], which is critical to provide scalability and 

efficiency as the system grows.     

B. Index and Search with Optimized K-D-B Tree 

1) Overview of K-D-B tree 

A K-D-B tree is a k-dimensional B-tree data structure 

to subdivide a k-dimensional space. And it provides point, 

range and nearest-neighbor search over the indexed space. 

A K-D-B tree normally contains two types of pages [20]: 

 Region page (non-leaf page): a collection of (region, 

child) pairs, in which a region describes a boundary, 

and a child is the pointer to the child page 

corresponding to the region. 

 Point page (leaf page):  a collection of (point, location) 

pairs, in which a point is the identifier of the indexed 

data and a location represents the point’s coordinates 

in the space. 

 And an example 2-D-B tree is illustrated in Fig. 2. 

 

Fig. 2. An example 2-D-B tree 

We deploy K-D-B tree in our system to serve index 

and search for every partition because it can provide fast 

and efficient multi-dimensional search over all metadata 

of a partition. Each metadata attribute is represented by a 

unique dimension in the K-D-B tree. 

2) Two-level space borrowing  

Updates in an original K-D-B-tree may result in the 

splitting of several nodes of the tree recursively. This is 

because while a point page is always split in a way that 

maintains a balance between the resulting pages, a region 

page is split along the same point on the same partition 

axis [20]. This forced-splitting (FS-splitting) policy is 

incredibly inefficient and can result in poor memory 

utilization. Several improvements on splitting are derived, 

among which we believe the first-division splitting (FD-

splitting) [23] is promising as it significantly reduces 

forced splits and recursive tree updates. Hence we adopt 

K-D-B tree with FD-splitting policy to index metadata of 

every partition.  

Although a K-D-B tree with FD-splitting policy has 

significantly reduced unnecessary splits and tree structure 

updates, its memory utilization is still far from 

optimization. This is because for a conventional K-D-B 

tree, if a point page gets overflowed due to a data point 

insertion, the page is always required to be split to two. 

Such a splitting rule may propagate the split to upper 

levels of the tree and create many new pages with small 

number of children. Hence, in our system, we propose a 

two-level space borrowing mechanism. This mechanism 

can make the number of points contained in each point 

page approach its upper limit as much as possible. 

Consequently, the page splits due to data insertion can be 

minimized and the memory utilization can be further 

improved.  
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Fig. 3 gives the comparison of tree structure updates 

between a conventional K-D-B tree and a K-D-B tree 

with our proposed space borrowing mechanism due to a 

data insertion. Suppose the page limit for this example 2-

D-B tree is 3 for a region page and 8 for a point page 

respectively. 

 
Fig. 3. Comparison of tree updates for a convetional K-D-B tree and a 

K-D-B tree with two-level space borrowing mechanism due to a data 
inertion  

Fig. 3(a) illustrates how the tree structure is updated 

for a conventional K-D-B tree: A data point insertion into 

PP1 makes PP1 overflowed. The overflow of PP1 will 

make PP1 split into two point pages. Such a split will in 

turn make RP1, PP1’s parent page, get overflowed. 

Hence, RP1 will be also split into two pages accordingly. 

The split of RP1 then makes the root page become 

overflowed and get split. Consequently, a new root page 

is created. From this example, we can see that the tree 

structure is completely affected by such a single data 

insertion and 4 new pages, including 1 point page and 3 

region pages, are created to cater for this change. 

Fig. 3(b) shows how our space borrowing mechanism 

deals with such a data insertion: As PP1 gets overflowed 

due to a new data insertion, our space borrowing 

mechanism checks if PP1’s neighbors, including its 1-

level neighbor PP2 and 2-level neighbor(s) PP3, are full. 

If some of the neighbor is not full, the overflowed PP1 

can ‘borrow space’ from the neighbor page by shifting 

the corresponding split axis. In this example, PP2 only 

contains 5 data points, which means it has space to hold 

more data. As illustrated in Fig. 3(b), our space 

borrowing mechanism will then shift the split axis 

between PP1 and PP2, which splits PP1 and PP2, so that 

some data points will be allocated from PP1 to PP2. As a 

result, both PP1 and PP2 are kept non-overflowed and 

contain similar number of data points. By utilizing our 

two-level space borrowing mechanism, such a data 

insertion operation only affects two point pages and the 

tree structure remain completely unchanged. As a result, 

the memory utilization is improved as point pages can 

hold more nodes and the creation of unnecessary new 

pages can be avoided. 

The detailed two-level space borrowing mechanism is 

described in the flowchart as shown in Fig. 4. In this 

mechanism, 1-level neighbor refers to the neighboring 

page of a point page, which shares the same parent and 

exactly the same split axis sequence with that point page. 

And 2-level neighbors refer to the neighboring page(s) of 

a point page, which share the same parent and the same 

split axis sequence except the last split with that point 

page. We restrict the space borrowing to be occurred 

within 2-level neighbors because space borrowing only 

from 1-level neighbor may not always be able to satisfy 

the requirement. However, borrowing space from too far 

(3-level or more) neighbors may affect too many pages 

and make split axis shift very complicated.  

 

Fig. 4. Flowchart illustration of two-level space borrowing mechanism 

3) Signature files for point pages 

As mentioned before, normally the indexed metadata 

in a partition are too large to be kept in memory. Hence, 

the in-memory index tree alone cannot complete an index 

update or user query task. It needs to access on-disk index 

store to retrieve all the point pages, which store the actual 

indexed metadata that may satisfy the corresponding 

index update or user query. Disk access is more costly as 

compared to in-memory search, and hence it is always 

desired to reduce the disk access as much as possible.  

 In our system, we propose to utilize signature files [24] 

to describe the attribute values of each metadata stored on 

a point page. Hence, when an index update or a user 

query needs to access a point page on disk to retrieve the 

indexed metadata, it can first check the in-memory 

signature files of this point page. By checking the 

signature files, the system can decide whether actual 

metadata that can satisfy the index update/user query are 

contained in the point page or not. If no such matches, the 

point page retrieval from disk can be skipped. In such a 

way, the disk accesses for index and search can be 

minimized. 

As we deploy signature files at the point page level, 

they represent the compact summaries of a point page’s 

contents. In other words, for each point page, multiple 

signature files are utilized, and each signature file 

presents all the values of a metadata attribute indexed in 

this point page. A signature file, or just a signature for 

simplicity, is a bit-array with an associated hashing 

function. All bits in the signature are initially set to zero. 

When a metadata value is inserted, it is hashed to a bit-

position, modulo the size of the signature, which is then 

set to one [24]. For example, supposing a 3-dimension 

metadata (owner = tom & size = 11MB & ext = pdf) is 

103

Journal of Communications Vol. 11, No. 1, January 2016

©2016 Journal of Communications



inserted into an empty point page, the corresponding 

signature files will be updated as illustrated in Fig. 5.  

Consequently, a user query will only retrieve a point page 

from disk if signature bits for all predicates in the query 

are set to one [4]. 

 
Fig. 5. Example signature files 

Spyglass [4] also utilizes signature files, but it 

implements the signatures for each partition. This means 

the signature files are implemented at the root page level 

of each partition tree in Spyglass. Normally, each 

partition contains hundreds of thousands of files. 

Although the distribution of metadata attribute values 

shows spatial locality, the number of different attribute 

values indexed in a partition could still be very large. 

Then how to choose an appropriate bit array size for 

signature files in Spyglass will be a dilemma: a too small 

bit array size will cause serious false-positives due to 

hashing collision [4] and consequently degrade the search 

performance; a too large bit array size will make the 

signature file too large. The sequential scan or other 

operations on the signature files to decide whether the 

corresponding partition needs to be searched or not will 

become time consuming. As a result, the search 

performance is adversely affected.  

In our system, the signature files are deployed at the 

point page level in our system, and the number of data 

contained in each point page is much smaller. So we can 

easily choose a proper bit array size, a size close to the 

number of different metadata values indexed in the 

corresponding point page, for each signature. Thus, the 

common ‘false-positive’ problem, which greatly affects 

the efficiency of signature files, can be eliminated. As a 

result, we can make full use of signature files in 

minimizing costly disk accesses.   

C. Index Partitioning 

In our system, the metadata to be indexed are 

partitioned into multiple pieces, and each piece is indexed 

by a separate K-D-B tree. Generally, the metadata of files 

belonging to the same directory or sharing similar file 

paths are grouped to the same partition piece. Such a 

partition rule utilizes the skewness distribution of 

metadata attribute values to effectively reduce the number 

of partitions need to be searched for answering user 

queries. 

It is observed that for a hierarchical file system 

namespace, the distribution of its metadata attribute 

values shows spatial locality [4]. In other words, similar 

or close attribute values tend to cluster under a few 

namespace directories. For example, files with the ext 

value html are likely to reside under directories related to 

web pages, and files with the owner value Jane tend to 

reside in the directory /home/Jane.  

For the namespace hierarchy illustrated in Fig. 6, it is 

split into 4 index partitions, and files in the same or close 

directories are grouped into the same partition. Then the 

metadata of each partition is indexed by a separate K-D-B 

tree. Files in the same partition likely share some 

common metadata attribute values. For example, for 

partition 4, all files have the same owner value hduser. If 

a user issues a query with ‘owner = tom’, our system can 

quickly conclude that partition 4 will not satisfy the query. 

Hence, the traverse of sub-tree for partition 4 is skipped 

and in turn the search space for this query request is 

effectively reduced.  

 
Fig. 6. Index space partitioning example 

TABLE I: EXAMPLE SEARCH TABLE FOR PARTITIONS 

Index Attribute Partition Value Range 

Owner 1 [jack, perry] 

2 [bob, zoe] 
3 [green, student] 

4 [hduser] 

File Extension 1 [alias, d] 

2 [lock, txt] 

3 [avi, c++] 

4 [bmp, tiff] 

File Size 1 [10KB, 500KB] 

2 [100KB, 2GB] 
3 [5KB, 100MB] 

4 [32KB, 1MB] 

… … … 

 

In our system, we introduce a table to record the value 

ranges of each metadata attribute indexed by each 

partition as shown in Table I. Because the distribution of 

metadata attribute values shows spatial locality for 

different partitions, such a table can effectively present 

the different metadata attribute value ranges indexed in 

each partition. When the system receives an index update 

or a user query, it first checks this table to decide which 

partition(s) need to be searched and which partition(s) 

can be skipped. Then it traverses the corresponding 

partition trees with possible matches to obtain the final 

results. Due to the skewed distribution of metadata 

attribute values of different partitions, checking this table 
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can effectively narrow down the search space, and in turn 

the search speed can be significantly improved.  

IV. EXPERIMENTAL EVALUATION 

We focus the performance evaluation on two aspects: 1) 

How much the memory utilization can be improved by 

deploying our two-level space borrow mechanism for K-

D-B index trees. 2) How fast our system can provide 

search results to user queries by utilizing index 

partitioning and signature files of point pages for K-D-B 

tree based search.  The K-D-B tree implemented in our 

system is a K-D-B tree with our proposed optimization 

techniques, and hence we name it as the optimized K-D-

B tree. For the first evaluation, we compare the space 

utilization of a conventional K-D-B tree and the 

optimized K-D-B tree. For the second evaluation, we 

compare the search performance of a single optimized K-

D-B tree with that of a single K-D based search tree 

because the K-D tree is also a popular choice for multi-

dimension indexing. In addition, to evaluate the 

effectiveness of index partitioning in narrowing down 

search space and guaranteeing search speed, we study the 

search performance of a system indexed by a single 

optimized K-D-B tree and that of a larger system indexed 

by multiple optimized K-D-B trees implemented with 

index partitioning. 

Table II shows the data size that we used for 

experimental evaluation in this paper. The maximum data 

size that we tested is 9-dimension metadata for 1M files, 

which is about 320MB. For metadata with such a size, 

they can be stored in a single node and safely kept in 

memory. Hence, in this paper, a complete copy of the 

index tree is kept in memory. And the index and search 

processes are completely performed in memory without 

disk access.  

TABLE II. DATASET SIZE USED FOR EXPERIMENTS 

 Memory 

Utilization 

Search 

Performance of K-
D-B tree vs. K-D 

tree 

Search 

Performance of 
K-D-B trees with 

index partitioning 

No. of 

files 

50K [10K, 50K, 100K] 1M 

Metadata 

Size 

16MB [3.2MB, 16MB, 

32MB] 

320MB 

 

As part of our future work, we will increase the tested 

data size so that the indexed metadata, i.e. partial 

information of the point pages of index trees, will be 

stored on disk. Hence, both index updates and user 

queries will involve disk access. 

Fig. 7 compares the number of region pages generated 

by a conventional K-D-B tree and that generated by our 

optimized K-D-B tree by varying the index batch update 

size. The indexed metadata size in this experiment is 

about 16MB, corresponding to 50K files. It can be seen 

that on average the number of region pages in our 

optimized K-D-B tree can be reduced by 28% as 

compared with that in a conventional K-D-B tree. Since 

region pages of an index/search tree always needs to be 

kept in memory for fast index update and query, our 

proposed two-level space borrowing mechanism 

effectively improves the memory utilization by 

generating fewer number of region pages. 

 
Fig. 7. Number of region pages vs. Index batch update size 

Fig. 8 compares the number of point pages of a 

conventional K-D-B tree with that of our optimized K-D-

B tree by varying the index batch update size. Similar to 

the results shown in Fig. 7, our optimized K-D-B tree on 

average can generate 10% fewer point pages as compared 

to the conventional K-D-B tree. This is because the two-

level space borrowing mechanism effectively makes each 

point page hold more data points by reducing point page 

splits. Another observation from Fig. 8 is that the number 

of point pages generated by the conventional K-D-B tree 

is kept almost the same for different batch update size. 

However, the generated point pages of our optimized K-

D-B tree increases slowly with the batch update size. This 

is because with larger batch size, the chance that 

neighboring pages concurrently get overflowed during 

the same batch update increases. Thus the chances of 

borrowing space from neighbors are reduced, and this 

results in increased point page number. 

 
Fig. 8. Number of point pages vs. Index batch update size 

Fig. 9 shows the search performance of a K-D tree vs. 

our optimized K-D-B tree by varying dataset size and the 

number of queries issued simultaneously. It can be seen 

that the optimized K-D-B tree performs hundreds of 

times better than the K-D tree search. This is mainly 

because the K-D tree is a binary tree and each single data 

point forms a point page, which makes the number of 
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pages and the tree depth in a K-D tree are much larger 

than those of a corresponding K-D-B tree. Hence, the tree 

traversing to reach point pages and get the final results 

consumes much more time. Of course, our proposed 

optimization mechanisms for the K-D-B tree also bring 

benefits to its search. 

 
Fig. 9. Seach performance comparison between a K-D tree and our 
optimized K-D-B tree 

Table III below gives the comparison of page number 

and tree depth for a K-D tree and a K-D-B tree, both 

indexing 100K file’s 9-dimension metadata. For a K-D 

tree, each node can at most have 2 child nodes and each 

point page only contains a single data point because it is a 

binary tree. On the contrary, a K-D-B tree is a b+ tree, 

and hence each tree node can have multiple child nodes. 

In our experiment, the child number limit for a region 

page and a point page is set to 16 and 150 respectively for 

the K-D-B tree. From the results, we can see that the 

number of pages and the tree depth are much smaller for 

a K-D-B tree as compared to those of a K-D tree. These 

numbers give solid evidence for the significant 

performance gap between the K-D tree search and the K-

D-B tree based search as shown in Fig. 9. 

TABLE III. PAGE NUMBER AND TREE DEPTH COMPARISON FOR K-D 

TREE AND K-D-B TREE 

 Region Page 

Number 

Point Page 

Number 

Tree Depth 

K-D Tree 102360 100000 48 

K-D-B Tree 56 753 3 

 

 

Fig. 10 Search performance evaluation for multiple K-D-B tree with 

index partitioning 

Fig. 10 shows the search performance of a K-D-B tree 

indexing 100K files’ metadata and that of 10 K-D-B trees 

deployed with index partitioning indexing the metadata 

for 1M files in total. It can be seen that these two 

experiments show very similar results, which means the 

index partitioning technique can successfully reduce 

search space and guarantee the search performance. 

Hence, when the data size grows, we can partition the 

corresponding metadata into multiple pieces by utilizing 

the spatial locality distribution of metadata attribute 

values. And the corresponding system can safely scale 

out as the search speed is maximally guaranteed. 

V. CONCLUSION  

In this paper we proposed an efficient multi-

dimensional metadata index and search system targeting 

the challenges of metadata-based transactions for cloud 

data. The system can safely scale out by organizing it in a 

distributed manner: each server stores partial indexed 

metadata and handles partial index updates and user 

queries. On each server, the indexed metadata is 

partitioned into multiple pieces and each partition is 

indexed by a separate K-D-B tree. The index partitioning 

depends on the skewness and spatial locality distribution 

of metadata attribute values and promises the metadata 

indexed by the same partition tree share more common or 

similar attribute values. Hence, the search space can be 

effectively reduced and the search speed can be 

significantly improved. Several mechanisms are proposed 

to optimize K-D-B trees in this system, including two-

level space borrowing and signature files for point pages. 

Since K-D-B trees are used to serve each partition’s 

metadata, their performance is critical to the overall 

system. With the proposed optimization mechanisms, the 

performance of a K-D-B tree in terms of memory 

utilization and search efficiency can be greatly improved. 

Experiments are conducted to evaluate memory 

utilization and search performance of our implemented 

system. Results show that our system successfully 

achieves the targeted goals as compared to other state-of-

art solutions. For the next step, we will increase the 

metadata size. So the indexed metadata needs to be stored 

on disks and may even need to be spread on multiple 

servers. In such a more challenging environment, we can 

then evaluate the scalability and performance of our 

proposed system in a more comprehensive way.        
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