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Abstract

Many content-oriented applications require a sdal#éxt index. Building such an index is challermgiin addition
to the logic of inserting and searching documeshéselopers have to worry about issues in a tyglistibuted envi-
ronment, such as fault tolerance, incrementallyvjrg the index cluster, and load balancing. We tmed a dis-
tributed text index called Hindex, by judicioustypdoiting the control layer of HBase, which is aoena source im-
plementation of Google’s Bigtable. Such leveragabdes us to inherit the support on availabilitgsticity and load
balancing in HBase. We present the design, impléstien, and a performance evaluation of Hindexhis paper.

1. Introduction expected to be as scalable as HBase itself. We thake
following contributions. First, we discuss criticdgsign
Content-oriented applications such as hosted emaithoices and the implementation of key components in
online shopping, and document archiving rely ort texour prototype. Second, we present an experimental
indexes for searching their data. Unlike text irekex evaluation of Hindex on a real data set, to meathee
built for the web, those applications require theeix to  impact of certain design choices.
be maintained incrementally, rather than rebuifiqus-
cally. Similar to web indexes, many of those applic The rest of the paper is organized as follows. \We p
tions need to partition the index and serve it luster.  vide an overview of Bigtable in Section 2. We déser
Therefore, in addition to the logic specific to ithdex, the high-level design of our scalable index in Bec8.
one has to worry about issues critical in a disted  The implementation of key components in Hindex is
environment. (1) Availability: how to failover wheme  covered Section 4. The results of a performancéiava
of the nodes in the cluster dies? (2) Elasticitgwho  tion are explained in Section 5. We summarize edlat
grow/shrink the cluster incrementally without hayito ~ work and conclude in Section 6.
redistribute all existing data? (3) Load balancihgw
to dynamically balance the workload across thetet@s 2. Bigtable Overview
All those issues make it hard to build a good iisted
text index. Bigtable is a highly scalable row store. Each raw i
identified by a key and can have an arbitrary nunafe
Over the last few years, in order to manage thgelar columns. Rows in a Bigtable are range-partitiord i
amount their internal data, Internet companies havéablets by the key. A Bigtable cluster has onaster
built several scalable “row” stores, including Gty and a number dfblet servers. Each tablet server man-
Bigtable [6], Amazon’s Dynamo [9], and Yahoo's ages one or more tablets assigned by the master. Th
PNUTS [7]. These systems support a simple get/puthaster maintains the metadata of each tablet amd th
interface by row keys and are used to manage @#ta s mapping between tablets and their servers. To aaes
such as web crawls, hosted emails, and online shgpp row, a client first contacts the master for theveernf
carts. They are designed to run on a cluster ofltads the tablet that contains the row key. The cliergnth
to thousands of nodes, and are capable of serdtay d sends a request to the identified tablet servewsRia
ranging from hundreds of terabytes to petabytesn-Co each tablet are stored in a replicated distribuftied
pared with traditional relational databases, thegge  system DFS) called GFS [10]. Figure 1 depicts the
tems offer less querying capability and weaker imns overall architecture. Each box in a tablet senares
tency guarantees, but provide better support oil-ava sponds to a tablet and the text in the box spectfie
ability, elasticity, and load balancing. If we L text  key range covered by the tablet.
index by leveraging the distributed control layer i
those systems, we may be able to reuse their texdyno The distributed control layer in Bigtable providém
for availability, elasticity, and load balancingnda following functionalities: (1) Availability: When #ab-
therefore make the task of building a distributesitt let server fails, the master reassigns the taldetthe
index much easier. failed node to other tablet servers. Since thectaddta
is stored in a DFS, it can be accessed from arlgttab
We developed a distributed index calletindex by  server. If the master fails, a new one is quicldy r
exploiting HBase [12], an open-source implementation elected on another live node. (2) Elasticity: Asvriab-
of Bigtable. Hindex is incrementally updatable @ad let servers are added to the cluster, the mastemave
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Figure 1. Bigtable Ar chitecture

certain tablets from existing tablet servers to tiesv
ones over time. (3) Load balancing: When a tabéet b
comes too large, a tablet server automaticallytssjitli
into two smaller ones and then lets the mastemg@assi
them to tablet servers appropriately. Compared wit
some other row stores, Bigtable is unique in thi &n
ordered table and relies on a DFS for fault-toleean
and availability. GFS is not a true POSIX file syst
For example, files can’'t be updated in-place and ca
only be appended.

3. HIndex Design

A typical text index maintains a list ¢érms (a typical
term a tokenized word). Each term points tpoating

list that includes an ordered list of the documiddg
(docid) of documents containing that term. A directory
structure built on top of the term list is used éprick
term lookups. To perform a search, the text indest f
locates the search terms, and then merges thengosti
lists of those terms to compute the matching docime
set.
merging posting lists (for any combination of urgon
and intersections), through zigzag-style joins [INgxt,
we discuss the design choices that we made foretind

Index partitioning: There are typically two ways of
partitioning a text index, by term$BT) or by docid

(PBD). In PBT, each node serves a subset of the inde

terms and the full posting list of a term is stowda
single node. In PBD, each node serves a subséteof t
documents and a posting list in a node containg onl
documents in that node. PBT does not work wellur
because we want to be able to update the indee-incr

mentally. To insert a single document, PBT requires[

updating a large number of terms, potentially stare
many nodes. This introduces significant commuricati
overhead. A similar deficiency exists when evahgt
multi-term query. The posting lists for differergasch
terms are likely stored in different nodes andrsget-
ing them requires shipping at least one of theipgst
lists over the network. Thus, we adopt the PBD ap
proach. To insert a document, we pretend to inaert

h

Modern text indexes are extremely efficient in

row whose key is the docid and whose column value i
the content of the document. Inside each tablstead

of storing rows, we maintain a local text index ftmcu-
ments whose docid falls into the key range of thiget.
Since the terms for any given document are always
stored on the same node, index terms can be updated
locally and term intersections can be performedhovit
shipping any posting list across the network.

When using PBD, we normally have to broadcast a
search query to all nodes in the cluster. This mayr

too much overhead in a large cluster. By takingaaev
tage of the ordering property of Bigtable, we avoid
broadcasting queries for certain applications wath
careful design of docid. Suppose that we want ¢i@xn
all hosted email messages in a single distributeléx.
The docid for each email message can be chosdreas t
concatenation of the user ID and the message I Th
way, all emails for a particular user are clusteted
gether and are likely stored in only a few nodebeWa
particular user searches his emails, the queried @

be sent to only those nodes that have his dateh &uc
strategy is applicable to other multi-tenant systefs
another example, if an application prefixes eacbidio
with a timestamp of when the document is createeh t
typical queries including a range constraint oratom
time can be directed to a subset of nodes too.

Coupled or decoupled index: If a text index is built for
data in a row store, our design allows the indebédo
either coupled or decoupled with the row storethi@
coupled design, each tablet maintains a local rones

as well as a local text index. The index is pantigd
exactly the same way as the rows. In the decougded
sign, the text index is maintained separately. @&/l
coupled design enables tighter consistency between
data and the index, the decoupled design allows us
scale the text index differently from the row stofée

g(est of the paper focuses on the decoupled design.
Leveraging DFS: Like Bigtable, we choose to store the
index data in a DFS. While DFS provides data redun-
dancy and availability, we also need to considgiirit-
pact on performance. To that end, it helps to wtdad
how a text index is organized. The storage moded of
ext index is very similar to that of a tablet imgBble.

A text index typically maintains multiple index seg
ments, each responsible for a set of documents. Seg
ment files are written once and are never updated i
place. When new documents are inserted or existing
documents are updated or deleted, a new index sggme
is created for the changes. All index segments are
searched for querying and the results from eacimerg

are merged to form the answer. Over time, smadgr s



ments are merged into bigger ones to reduce seardr flush the in-memory index, it adds a requestto
overhead. Segments from the previous generation aleue. A separate thread in the tablet server psese
garbage-collected over time. There are a coupkeaf the requests in the queue one at a time in ther arfde
sons why it is appealing to store the index da@DFS: their arrival. Since the tablet server has the glafew
(1) Since segment files are never updated in-placef the node, it can do a better job at scheduliregre-
caching in the DFS becomes simple. (2) Because eaadjuest based on the available resources. Note dgat s
index partition is managed by a single tablet serve ment merging does not reduce the availability af th
segment files are always written and read fronmstirae  index since it happens in the background.
node. This makes it is easy for the DFS to deah wit
read/write consistency. Region Splits: As an index tablet grows too big, it is
split into two smaller ones. When a split happéhs,
Exploiting Bigtable: There is a list of critical features tablet being split is taken offline temporarily. Tio-
that we obtained for free from Bigtable. These fimme  crease the availability of the system, we emplcyrat-
alities include automatic failover of tablet sesjein-  egy calledlazy-split to complete a split quickly. We
crementally adding new nodes, and load balancing.  split an index tablet | (call it thparent tablet) in the
following steps: (1) Take | offline and flush tfie
4. Implementation of Key Components memory index of | to HDFS. (2) Create two emptylathi
index tablets | and b, each responsible for half of the
We developed HIindeRy modifying HBase as of May, range of the docids in I. (3) Make two copies ,obte
2008. HBase has been under development for aboutfar |; and one ford We achieve this quickly by creat-
years and has a fairly active community. HBaseestor ing two symbolic links for every index segment fifel,
all its data in theHadoop [11] DFS HDFS), an open and adding each link tq bnd }, respectively. (4) We
source implementation of GFS. Our implementationthen logically remove those documents not in thngea
also exploitsLucene [15] (an open source text index of I; (1), by applying a proper filter over docid on every
library) for building the local text index. search result. (5) Makg bnd } online by letting the
master assign them to tablet servers (which cadifbe
Document Insertion: We implemented a new API for ferent from the node serving I). As one can seotily
inserting documents one at a time. The client stdbmi step in the above process that involves real dateem
<docid, Document> pair. Our document model is extenment is step (1). The rest of steps can all coraglet
sible. A document can be plain text, <field, valyesirs  stantaneously. Therefore, the unavailability window
or a JSON [13] object. We treat the docid as the ro mostly depends on the maximal in-memory index size,
key in HBase and use it to route the document ¢o thwhich can be configured according to an application
right tablet. We extended HBase to support a ng& ty requirement. Lazy-split is possible because of ¢ke
of tablet for indexing (calledndex tablet). An index ploitation of a DFS. It trades performance for &afzil-
tablet maintains an on-disk Lucene index as welhas ity by deferring the real cost of a split to a taiee.
in-memory one. A new document is first appended to
write-ahead log, stored in HDFS. The documenténth After a child tablet becomes available, it stadsre-
tokenized and inserted to the in-memory index.d@iéri  ceive new documents falling into its key range. g
cally, the in-memory index is flushed to HDFS asesv  the real cost of a split when a segment merge en th
index segment, which becomes part of the on-didkdn tablet is triggered. During the merge, we physjcdi-
While flushing the current in-memory index, we openlete all documents out of its range, generate naengsv
up another one to accommodate concurrent insertions segments, and remove the symbolic links and ther fil
Merging does not reduce availability of the indaklét
Over time, segments of the on-disk index have to b&ecause it is non-blocking. However, it does affeaat-
merged. A simple way is to let each local Lucerdein  formance and we study this in Section 5. To simplif
manage segment merging independently. Howevethe splitting logic, an index tablet cannot be tsatjain
since typically there are multiple index tabletsaotab-  until all symbolic links have been removed from its
let server, different Lucene indexes may decidstémnt  segment files. After a split, the parent tableeventu-
merging at about the same time. This can causeneso ally deleted after neither child tablet referenited his
contention and slow the whole tablet server dowme T is handled by a thread in the master that peridigica
same contention can happen if we flush each indlex t scans through the metadata of all tablets and gerba
let on the same tablet server independently. Idst@a  collects any “dangling” tablets that are no longefer-
manage segment merging and flushing at the tablegnced. We note that the idea of lazy-split is irepiby
server level. If an index tablet wants to mergensmgs  a similar design in HBase for regular tablets.



Bulk Load: When an Hindex is created, initially there pens, the client library issues a compensationcheam
is only a single index tablet responsible for thdl f a subset of the remembered range not yet covetes. T
range of docid. Therefore, all insertions will bigtihg process continues until all returned ranges maleh t
on a single tablet server. On a large cluster,ay take  previously remembered ones.
a while before enough tablets are created thropit s
ting. To increase the scalability of bulk loadinge 5. Experimental Results
added a new interface so that when creating and#ind
a user can provide a list of consecutive docid eang We designed a set of experiments to show: (1)rthe i
We then allocate an empty index tablet for eacthef pact of the design choices that we made includimg,
specified ranges. To use this feature, a clientseample  use of a DFS to store and serve a text index, daky-
the docid range from the documents to be bulk-ldadepre-allocating index tablets, and partitioning bycidl;
and request a list of index tablets to be pre-atied. (2) certain scalability features that we inheritedm
After the index is created, insertions can be dione HBase. Our experiments were performed on a clugter
parallel using multiple threads, each insertingwoc 10 Linux nodes, each with 8 2.1GHz cores, 16GB of
ments to a different index tablet. The same ideeatso  memory, and 8 directly attached SATA drives. All 10
be used for appending a large number of documentsodes were connected to a 1Gb Ethernet switch. To
with docid larger (or smaller) than any documenain  analyze the impact of storing the index data inkRSP
existing index. Bulk-loading rows into an orderathle  we experimented with HDFS 0.17.1 and GPFS v3.2.0.1.
has been recently investigated in [18]. Our apgrpac GPFS [19] is more complicated than HDFS since it
although simpler, works quite well in practice, cgn supports true POSIX semantics, and is also morarmat
tokenization during index building is CPU intensive than HDFS. For both HDFS and GPFS, we set the rep-

lication factor to be 2. Both HDFS and GPFS wette se
Search: We added an interface to search documentsip using all 10 nodes in the cluster. Each block in
stored in Hindex. In addition to a set of searaimte ~ HDFS was 64MB and was striped across 8 disks on a
the client can provide a list of docid ranges to besingle node. Data in GPFS was widely striped acatiss
searched. Once a search is submitted, our clieraryi 80 disks in units of 4MB. For comparison, we also
first identifies a set of tablets that cover thedfied tested Hindex's performance on a local file sysfesn
ranges. It then sends the search query in patalldle  ferred to adocal) when running a single tablet server.
identified tablet servers. Each tablet being cdethc The local file system was striped across all 8glisking
issues a local search request to the Lucene ifdXtt software raid 0. The data set that we used wasettte
manages, and returns a list of matching docids. Thdescription of 6 million U.S. patents [17]. Eachiqrd
client library accumulates the matches from eacthef was treated as a document and had an averagefsize o
tablet and returns the final result. This interféa€go-  50KB. The patent number was used as docid andhit co
tentially useful for any multi-tenant system. Foam-  tained the issue date as prefix. We configured ebknd
ple, in the hosted email application mentionedieario  so that each index tablet stored about 200K doctanen
search emails for a particular user, say “ul”. kerdl  and each tablet server ran on a separate Linux node
can specify a docid range [‘ul”, “u2”). This wayew
avoid the overhead of broadcasting the query tanall Insertion: We first present the insertion results. All
dex tablets. Instead, the query is directed to ¢tmbge insert clients read data from a parallel databasa i
tablets that store at least some email messagésifor separate cluster. The database was never thermuttie

in our tests. In the first test, we started Hinaéth a
We have to deal with the rare but possible sitmatio single tablet server and inserted a total of 200@ud
when a tablet splits in the middle of a searctwdfare ments into an empty index. No splits occurred durin
not careful, a search may not return the completeft the insertion and the final index tablet was alit@B.
matches. To that end, for each index tablet sedr¢he  Table 1 reports the insertion time (in thousandseuf
client library remembers its docid range beforedgemn  onds) on different file systems and using a various
the search request. Each index tablet, in additothe  number of clients. The insertion time was not a#édc
list of matches, also returns its range when tt@llo much by the choice of the underlying file systerheT
search is actually performed. The client librarngrth reason is that the insertion cost was dominatedoby
compares the returned range with the remembered onkenization, which was extremely CPU intensive. The
If they don’t match (the returned range should tsailx  performance on GPFS and HDFS were comparable, and
set of the remembered one), the tablet must halite spwere slightly worse than the local file system heseaof
between the time that the client sends the seardhiree  the replication overhead. When writing an index,fil
time that the local search is performed. When ltleig- HDFS stored one copy of every block in the localeno



local | hdfs | gpfs with split | w/o split #clients 3 15 30

1 client 4.09| 4.29| 4.21] | hdfs | 8.95 4.48 #tablets/#servers| 3/1 15/  30/10

3clients | 2.84| 3.19] 3.29 2 3clients (200K inserts each)|, hdfs 448 | 7.81| 10.28

6clients | 2.62] 2.98 2.91 1tabletserver (K sers 3. 200K inserts per client, no split (K secs)
1. 200K inserts to 1 tablet (K secs)

local | hdfs | gpfs with filter | w/o filter #tablets 1 5 10| 2d

cold 39 9 63 cold 44 73 warm (gpfs)| 291 281 199 69

warm | 253 10 193 warm | 207 227 6. search 1 to 20 tablets concurrently
4. search 1 tablet (quies/sec) 5. search 1 tablet on gpfs (qies/sec) (queries/sec)

and the other copy remotely. In contrast, GPF®etri
an index file to all 80 disks and thus most blovlese
remote to the tablet server. As we increased tingbeu
of concurrent clients, the insertion time decreasedon HDFS was more than 70% slower than that on local
However, the decrease was sub-linear in the number Both HDFS and local read the index data from 8lloca
clients because of the overhead of synchronizatiowlisks. In the case of HDFS, it supported read iaffin

and always preferred serving data from a local copy

among the insertion, flushing, and merging threads.

using 3 clients into an Hindex with a single emigtlylet
and another with 3 pre-allocated tablets. Duringgein
tion, the former split 3 times and the latter hadsplit.
Insertion with splitting was twice as expensivetlaast

didn't contain any symbolic links or filters. Tablke
shows the search result in number of queries cdetgle
per second. Let’s start with the cold numbers. Seag

over the remote one. The overheads of HDFS inqllifle
Next, we measured the overhead of splitting anxndeserving data from a socket (to localhost); (2) exopg
tablet and the benefit of tablet pre-allocationThble 2,

a socket for every random read (no socket cach{By);

we compare the time to insert a total of 600K psten verifying checksums (a checksum of 4 byte is comgut
for every 512 bytes). Most overheads were from the
first two items. Currently, HDFS is designed priityar

for running MapReduce [8] jobs and isn’t optimiZed
random accesses. GPFS performed better than local.
without splitting. Splitting a tablet itself wasasonably  This is mainly because GPFS served data from all 80
fast because of lazy-split. In our test, the avetage to

disks (since it did wide striping). Therefore, ftire

split a tablet was less than 2 seconds. Howevéisesu same amount of data, disk seeks on GPFS were shorte
guent segment merging became more expensive gincethan that on local. For the warm test, the HDFS lmerm
was much worse than local. This is because HDFS doe

did the “real” work of a split, such as removing-of

range documents. The longer the merge, the maglylik not have client-side caching and warm data wat stil
it would compete with ongoing insertion for resasc
We then tested the scalability of insertion withapdits.

served through sockets. All overheads listed atstille
existed in the warm test and they became morefsigni

As we increase the number of insertion clients l{jeaccant when there was no disk 1/0 overhead. GPFS has
inserting 200K patents) from 3 to 30, we pre-alteca client-side caching and its number was about 25%
index tablets proportionally. Table 3 shows theultes worse than local. Most overheads in GPFS came from
Had the insertion scaled perfectly linearly, we ldou locking and token validation for maintaining cacun-
expect the numbers in Table 3 to be almost unclthngesistency among all nodes in the cluster. Such @zath
In reality, there was a difference of about a facfadwo  are unnecessary for Hindex since each index tablet
between inserting 600K and 6 million patents. Sach always written and read from a single node.
difference was mainly due to variance in documegss

Next, we measured the search overhead because of
Search: We now present our experimental results onlazy-split. We issued a set of queries to two inthx
the search performance. We generated a set of manddets containing the same set of documents, one with
search queries, each returning up to 128 matches psymbolic links and filters because of a recent s,

index tablet. Every query had two required seaecimns.

through two posting lists, each starting from adi@an
location in the segment file, to perform the ingation.
In each test, a single client issued a certain runalb
search queries to a pre-loaded Hindex. Both coltl an
warm numbers were measured. In the first test, we dBy taking advantage of PBD, we don't have to broad-
rected all queries to a single index tablet. Theleta

and one without. The numbers are reported in Table
To evaluate a query, the text index had to zigzadazy-split added about 30% and 10% performance pen-
alty for cold and warm searches, respectively. Tis
what we pay for higher availability. Note that sunfer-
head is temporary and disappears after the nexgener

cast every query. We tested the scalability of deay



varying the number of index tablets to be seardtmd  both redo logs and replication. Facebook open-gulrc
1 to 20. The tablets were evenly spread aroundii@sr Cassandra [5], which combines the distributed architec-
Since warm performance is more crucial for seaneh, ture used in Dynamo and the data model used in Big-
only report the warm number on GPFS. Table 6 showtable. It is possible to leverage those systems too

the result in queries per second. For ideal sditighwe

should expect queries per second remains conssant b this paper, we described our experience of inglé
we increase the number of tablets to be searcheel. T distributed text index by leveraging the scalakdatrol
drop in performance as we increase the numberbof talayer in a row store. Such leverage enabled usueer
lets was due to (1) variance in matches from differ the logic on availability, elasticity, and load &ating.
index tablets, and (2) the overhead of merging th®ur experimental study demonstrated the tradedffs o
matches from all index tablets. the design choices that we made in Hindex.
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