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Abstract

We propose methods to enable the relational model to meet scalability and func-
tionality needs of a large-scale social networking services (SNS) system. NewSQL has
emerged recently indicating that shared-nothing parallel relational DBMSs can be used
to guarantee the ACID properties of transactions while keeping the high scalability of
NoSQL. Leading commercial SNS systems, however, rely on a graph — not relational
— data model with key-value storage and, for certain operations, suffer overhead of
unnecessarily accessing multiple system nodes. Exploiting higher semantics with the
relational data model could be the remedy. The solution we offer aims to perform
a transaction as a set of independent local transactions whenever possible based on
the conceptual semantics of the SNS database schema. First, it hierarchically clusters
entities that are sitting on a path of frequently navigated one-to-many relationships,
thereby avoiding inter-node joins. Second, when a multi-node delete transaction is
performed over many-to-many relationships, it defers deletion of related references un-
til they are accessed later, thereby amortizing the cost of multi-node updates. These
solutions have been implemented in Odysseus/SNS — an SNS system using a shared
nothing parallel DBMS. Performance evaluation using synthetic workload that reflects
the real SNS workload demonstrates significant improvement in processing time. We
also note that our work is the first to present the entity-relationship schema and its
relational representation of the SNS database.

1 Introduction

The social networking services (SNS) system is an online platform that supports the culti-
vation and maintenance of social relationships among users through open communication
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and information sharing. Some of the commercial SNS systems have grown very large in
scale, with several hundred million or even a billion active users. Thus, these SNS systems
need an efficient “scale-out” base system to store and process massive data produced by
an ever increasing number of users in a distributed environment.

Figure 1 shows how large-scale data management systems have evolved. Ever since
MapReduce came about, the NoSQL system became popular as a highly scalable system.
The NoSQL system typically uses the key-value storage format, in which all data values
under the same key are stored together and accessed together fast. It, however, lacks the
high-level functionality of the relational model because of its low-level storage format and
compromises the ACID properties [7]. In this regard, there has been a transition from
NoSQL to NewSQL recently [2, 11]. A NewSQL system is essentially a relational DBMS
(with a support for SQL, index, and schema) that provides the same kind of scalability as
that of NoSQL while guaranteeing the ACID properties of transactions. MySQL Cluster is
one representative example. Its base architecture is a shared-nothing parallel DBMS, which
has been shown to outperform MapReduce in terms of processing large-scale database and
query load [19, 20].
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Figure 1: Evolution of data management systems.

The base system used by leading commercial SNS systems (e.g., Facebook) is standing
half way between NoSQL and NewSQL — it stores data in a massively-parallel DBMS
(specifically, MySQL Cluster), which is NewSQL, but represents data using a graph (or
object-association) model [1, 5] in the key-value format, which is NoSQL. This graph model
represents data at such a low level that it ends up with distributing objects randomly
over different machines, and therefore, incurs a significant overhead of accessing multiple
machines to retrieve the objects (more on this issue in Section 2.1). This problem of the
graph data model can be much alleviated by using a higher-level data model like the entity-
relationship model or relational model, which can aggregate the objects into entity sets and
their relationships or relations.



In this paper we demonstrate that the relational data model (as opposed to the graph
data model) can be used to implement a scale-out SNS system based on the parallel DBMS
while resolving the problems of the graph data model. Using the semantics of the relational
model, we process global transactions as separate local (i.e., single-node) transactions as
much as possible. In particular, we address the problem of inter-node join in different
machines, and the problem of multi-node updates that require accesses to tuples stored
in multiple machines. To resolve these problems, we propose the following solutions. We
first start with a conceptual (entity-relationship) schema that captures the semantics of
common SNS operations. Then, we exploit the notion of hierarchical clustering that re-
lates entities in multiple relations by modelling one-to-many relationships to sequences of
identifying relationships, through which a relation inherits the primary key of the root
relation of the path — called the identifying key. Then, by distributing entities hashed by
the identifying key, we partition related entities into the same node and as a result avoid
inter-node joins, thereby implementing the operation as a single-node transaction. For
many-to-many relationships, unlike one-to-many, inter-node joins are unavoidable. In this
case, we use a deferred update strategy whereby, when an entity in one node is deleted,
deletion of the references to it in other nodes are deferred until they are actually accessed
later and, as a result, decompose a multi-node transaction into multiple single-node-update
transactions(to be defined in Section 3.3). As explained in Section 3, the decomposed
execution of a transaction does not affect the consistency of the original multi-node delete
transaction. These ideas have been implemented in Odysseus/SNS [24], an SNS system
using a shared-nothing parallel DBMS, which is an extension of the Odysseus DBMS [24].

For performance evaluation, we measured the processing time of SNS operations im-
plemented in our system using the proposed methods. The experiments were conducted
in a small-scale computer cluster using a synthetic workload (i.e., data, queries) propor-
tionately scaled according to the real SNS system workload. The results show that our
system significantly reduces the processing time of newsfeed and timeline operations, which
together account for about 80% of the query load, and also greatly reduces the processing
time of delete operations. The former is attributed to the idea of clustering by identifying
keys, and the latter to the idea of deferred delete strategy. This scalability comes largely
from the fact that, with clustering, a typical query can be processed by forwarding it to
only one or a few specific nodes without having to access the data distributed in a large
number of nodes.

Contributions of this paper can be summarized as follows. First, this paper is the first
to present the conceptual (entity-relationship) schema and its relational representation of
social networking services operations. Second, we propose a method of removing inter-node
joins over one-to-many relationships by hierarchical clustering. Third, we propose a de-
ferred delete strategy to handle a multi-node transaction over a many-to-many relationship
as multiple single-node-update transactions.

The rest of this paper is organized as follows. Section 2 provides relevant background
information. Section 3 discusses our SNS database schema design and the proposed query



processing methods with the relational data model. Section 4 presents performance evalu-
ation. Section 5 concludes the paper.

2 Background

Table 1 highlights the differences between the graph data model and the relational data
model in terms of the storage format, strengths, and weaknesses.

Table 1: Differences between the graph data model and the relational data model.

Graph (key-value) data model Relational data model
Un-structured
. : Structured
Storage Data about an object are * Values of the attributes defined in
stored in the value field of a ;
format lower-level format without the schema are stored in a
schema. normalized form.
Hiéh functionality
* Can cluster related data by
: s exploiting the high-level
Strong E_h lé CSCCS%I?E ﬂllé)sl independently semantics of the schema.
points by using the primary key. . r(13(2)1crllesupp0rt joins within a single
* Can take advantage of secondary
indexes in some cases.
Low functionality
» Expressive power is weak (i.e.,
it cannot represent high-level 1
: : Low scalability
Weak fg(l)?i%?técosegf)iat the relational * In case the tuples to be joined are
points |, " in different nodes, expensive
E;llgtré%t ggglctlvely cluster inter-node join is incurred.
* Hard to support secondary
indexes.

2.1 Graph data model

In the graph model, vertices represent objects (e.g., users, posts, comments) and edges
represent associations between objects, as illustrated in Figure 2. Vertices and edges may
contain data in the key-value format. According to Bronson et al. [5], the key-value storage
has the following format:

e for a vertex, (id, (object_type, (attribute, value)*)

e for an edge, ((id;, association_type, ids), (time, (attribute, value)*))

where the key is the object ID (i.e., id) for a vertex and the triplet (id;, association_type,
idg) for an edge, and the value (or ‘payload”) is the data comprising the object or the
association (see Figure 3 for an illustration)
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Figure 2: An example of the graph data model.
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Figure 3: An example of graph data in the key-value format.

Data distribution and storage rely on hashing. For vertices, the hashing key is the
object ID (i.e., id) and, for edges, the source object ID (i.e., id). Figure 4 illustrates the
data storage distributed over three machines.

This graph model (with key-value storage) has serious drawbacks stemming from the
low-level functionality of the model. It is such a simple low-level model that it misses out
much of the semantics that can be represented in a higher-level model like the relational
model. For instance, we can only represent that two individual vertices (instances) are
related to each other by using edges, but we cannot represent the concept of a set of
objects sharing the same type (or format) and their structural relationships (e.g., one-to-
many, many-to-many ), and thus, we cannot take advantage of these semantics to effectively
cluster the data. Moreover, in the graph model, vertices and edges are randomly distributed
over different machines unnecessarily, thereby incurring random access to them. Further,
the key-value storage makes it difficult to support secondary indexes [7, 10]. As an example,
Figure 5 illustrates the overhead of having to access all three machines in order to view a
user’s timeline.
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Figure 4: An example of graph data in the key-value format distributed over three nodes.
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All three machines need to be accessed in order to view John’s timeline.

Figure 5: An example of the timeline operation on graph data in the key-value format.

2.2 Relational data model

Figure 6 shows the relational model view of the data shown in the graph model view of
data in Figure 3. As we can see in the figure, the relational model brings the advantage
that data are aggregated into relations, relationships are represented through foreign keys,
and joins can be processed using the foreign keys.

For data distribution and storage, we can partition a relation and distribute the tuples
by the primary key. Simple distribution, however, does not guarantee that the related
tuples are clustered in the same machine (or node)(see Figure 7). As a result, if the tuples
to be joined are stored in different nodes, then we have to access multiple nodes, that is,
inter-node join is needed, as shown in Figure 7. The problem of inter-node join is the
network cost incurred to access multiple nodes to perform join across them. We thus need
a method to cluster the related data (i.e., tuples to be joined) in the same node.
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Figure 6: An example of the relational model view of data.
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Figure 7: An example of relational data distribution and storage.

3 Database Design with the Relational Model

3.1 SNS entity-relationship schema

Figure 23 in Appendix shows the conceptual schema of entities and relationships represent-
ing the types of SNS objects and associations where weak entity types and their identifying
relationship types are shown as rectangles and diamonds in double-lines and only primary

| User user id name
(@) John
[Pos post id useLjd iter] content time
1 (l) 'IOhl’l Hello, friends!| 7:22 AM e ______________________________

id name
Bill
content time -
Thank you. 914 AM e —S



keys (underlined by a solid line) or partial keys (underlined by a broken line) are shown as
attributes. For the sake of easy implementation, we simplify Figure 23 to Figure 8 through
the following methods. We model the post_id attributes of the User-Post and Group-Post
entity types as the primary keys implementing them as globally unique identifiers. We
do the same for the comment_id attributes of the User-Post-Comment and Group-Post-
Comment entity types. Then, we integrate the User-Post and Group-Post entity types
into the Post entity type whose primary key is post_id and the User-Post-Comment and
Group-Post-Comment entity types into the Comment entity type whose primary key is
comment_id. We also integrate the relationship types that relate those entity types: the
write user-post and the write group-post relationship types into the write post relation-
ship type, the recommend user-post and recommend group-post relationship types into
the recommend post relationship type, the write user-post-comment and write group-post-
comment relationship types into the write comment relationship type, and the recommend
user-post-comment and recommend group-post-comment relationship types into the recom-
mend comment relationship type. In addition, to avoid clutter, we focus on the entity and
relationship types that we explain in this section by omitting the entity and relationship
types for thumbnail and photo.

create —is_friend_of —
g =
“<is_member_of > 7 =
write > i ; . write =
BIOLE-FITSE -post e e -comment ———recommend——
——recommend-__ -own ~—__comment__——

-own - ;
- ~~_post_—

P | Comment |

Figure 8: SNS entity-relationship schema.

Table 2 shows commonly used SNS operations categorized by the service type. The
primary operations in Table 2 are executed most commonly in SNS. The timeline and
newsfeed operations, in particular, comprise a majority of SNS operations. Timeline shows
10 recent posts and related comments owned by a certain user or the groups created by the
user. Newsfeed shows 10 recent posts and related comments owned by a certain user, all
of the user’s friends, and all groups the user is a member of. Figure 9 shows the sequences



of entity types accessed via relationship types in order to perform these operations. Both
operations access multiple relationship types, and, therefore, the database design should
make these multi-relationship operations efficient.

Table 2: Social networking services operations.

Class Type Description
Primary  |Post View timeline
View newsfeed
'Write/delete/modify/recommend post
'Write/delete/modify/recommend comment
View photo
Secondary |General Sign up/deactivate
Login/logout
Create/delete group
Join/unjoin group
Make/accept friend request
Unfriend a friend
Information |User |View/modify user profile
View the friend list of user
View the group list of user
Group |View the user list of a group
Search for a member of a group
Search Find users
Find groups
Find posts on a timeline

us'fe(;';\;’}r?st

us?or;—’\;?r(])st ) ] post—_coown?]ment
(a) Timeline.
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(b) Newsfeed.

Figure 9: SNS timeline and newsfeed operations.



3.2 One-to-many relationship

As explained in Section 2.2, expensive inter-node joins occur if entities to be accessed to-
gether via one-to-many relationships are stored in different nodes, and they incur severe
performance penalty due to network communication overhead. The novel solution we pro-
pose avoids inter-node joins by modelling those one-to-many relationships as sequences of
identifying relationships and hierarchically clustering the entities related by those identify-
ing relationships. Each sequence of identifying relationship types has a root entity type. An
identifying key is the primary key of the root entity type. The identifying key is inherited
in all entity types connected via the sequence of identifying relationship types. Then, by
distributing entities over multiple nodes based on the identifying key as the partitioning
attribute (through hashing), we can store entities that have the same identifying key value
in the same node. Hence, the entities that are connected by a sequence of identifying
relationships are hierarchically clustered (i.e., all entities connected to a root entity via a
sequence identifying relationships are clustered) in one node and we can avoid inter-node
joins when processing the multi-relationship operations’.

Figure 10 shows a sub-schema including only one-to-many relationship types from the
SNS entity-relationship schema in Figure 8. Here, the Post entity type can be considered
a weak entity type. The reason is as follows. There are two one-to-many identifying
relationship type paths between the User entity type and the Post entity type: 1) User-
user-post-own-Post and 2) User-create-Group-group-post-own-Post. Although these two
paths seem to share the post entity type and do not form hierarchies, actually those two
paths are independent since the set of entities from the Group-Post entity type is disjoint
from that from the User-Post entity type in Figure 23. That is, the Post entity type can
be a weak entity type in each path. The Comment entity type also can be considered a
weak entity type for the same reason. Hence, we model the Post and Comment entity
types as if they were weak entity types. Then, we select the relationship types that are
frequently traversed by SNS primary operations (See Figure 9) among those that relate
the Post, Comment, and User (or Group) entity types and model the selected ones as if
they were identifying relationship types. Those are shown in Figure 10 as the diamonds
and rectangles with double-lines.

The primary key user_id attribute of the root entity type User is inherited being cas-
caded through the sequence of identifying relationship types, that is, from User to Post
and to Comment and from User to Group to Post and to Comment as shown in Figure 11.
Then, a tuple is stored in the node corresponding to the hash value of its identifying key,
which is user_id in this example (see Figure 12). As a result, a set of hierarchically re-
lated tuples are stored in the same node. By the same token, a query is allocated to the
node corresponding to the same hash value, as indicated in the predicate of the following

IThe concepts of the identifying relationship and clustering can be generalized to ternary relationships.
However, since all relationships in the SNS database (See Figure 8) are binary, all discussions on ternary
relationship are out of our focus, so that in this paper, we focus on binary relationships.
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example: “select * from User, Post, Comment where User.user_id = 1 and User.user_id =
Post.user_id and Post.post_id = Comment.post_id”.

other
attributes

Identifying key -

Figure 10: An example of modelling one-to-many relationship types as identifying relation-
ship types.

create 3 = gm»%l:\x?\%t

user-post
-own

‘ foreign key
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; foreign key
primary key primary key primary
¥ .
| User ueer id | reme | ... | | Post | userid| goup id | postid | writer|...| | Comment | wser id | eroup id] comment id |writer|postid] ...
identifying key identifying key identifying key

Figure 11: An example of mapping identifying relationship types to relational schema.

Figure 13 shows the sequences of identifying relationships traversed to execute timeline
and newsfeed operations. For the timeline operation(see Figure 13(a)), all the related data
for processing the timeline operation are totally clustered in a single node by the identifying
relationships. Therefore, we need to access only one node to process the timeline operation.
For the newsfeed operation(see Figure 13(b)), however, the related data are clustered by
the sequence of identifying relationships except for the sequences of User—is_friend_of—
User and User—is_member_of—Group. Thus, we have to access a significantly smaller
number of nodes to process the newsfeed operation than without clustering. As a result,
we can effectively decrease the number of nodes to be accessed by the timeline and newsfeed
operations, which comprise a majority of SNS operations.
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identifying key identifying key identifying key
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Figure 13: SNS timeline and newsfeed operations(clustered by identifying relationships).
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-own

post-comment:
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The hierarchical clustering method based on identifying relationships can be used for
any large-scale systems whose entities are distributed over multiple nodes based on hashing.
For any such systems, we identify frequently traversed sequences of one-to-many relation-
ships and model them as sequences of identifying relationships. This way, we can realize
hierarchical clustering of entities in one node making a transaction accessing all entities
related by a sequence of identifying relationships a single-node transaction. Examples are
E-commerce systems such as Amazon, Ebay, and Auction where User, Transaction, and
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Item can be modelled as entity types related by a sequence of identifying relationships
(User-Transaction and Transaction-Item).

3.3 Many-to-many relationship

Figure 14 shows many-to-many relationships in the simplified SNS entity-relationship
schema (Figure 8). Unlike in an one-to-many relationship, in a many-to-many relationship,
tuples that are accessed together cannot be stored in the same relation. Thus, inter-node
joins cannot be avoided. More importantly, multi-node updates (which require two-phase
commit) are needed for update transactions. Our solution to this problem is (a) to decom-
pose a global transaction into a set of single-node-update transactions without two-phase
commit (defined later in this section) through careful analysis of transaction semantics.

‘—Q_ﬂi end_ol
—
g /

Fecommeri —TFecommend——__
.

|

Figure 14: Many-to-many relationships in the SNS entity-relationship schema of Figure 8.

Instead of introducing a third relationship table, in Odysseus/SNS, we simplify the
relational schema for a many-to-many relationship by representing it directly through a set
(or list) type, which is an object-relational feature available in the DBMS. Figure 15 shows
a mapping for a many-to-many relationship, is_member_of between User and Group. This
direct mapping has the effect of performing pre-joins between the entity relations (i.e., User,
Group) and the relationship relation (i.e., is_-member_of) to pre-populate related tuples in
each tuple of the entity relations.

|Usel‘ user id |name | participating group list |Gl‘0up group id| name | member list
1 John L3 1 Database 1,2
| 2 | s 1,2 | 2 os 2,3
| 3 |werie 3,3 | 3 |network 1,3

Figure 15: Mapping a many-to-many relationship using a set type.
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For delete transactions, we use a deferred delete strategy to complete the transactions
without two-phase commit. The delete operations (deactivate, delete a group, and delete
a post in the experiment in Section 4) need to delete both of a tuple and the references
to it. The deferred delete strategy immediately delete the tuple in one node and defer
deletion of the references to that tuple in other node until they try to access that tuple.
For instance, Figure 16 shows the scenario of an example deferred delete transaction. When
the tuple ¢ (with user_id 1) is deleted from the M-side relation, the id 1 must be dropped
from the list of id’s in each related tuple of the N-side relation. The tuples updated on
the N-side have the group_id 1 and 3, respectively, and both tuples contain the user id 1
in their member_list. Hence, a two-phase commit over multiple nodes would be required
to complete the deletion operation. However, under the deferred delete strategy, at the
time t is deleted, the transaction ends without deleting the references to ¢ in the N-side
tuples and, instead, delete a reference later when some transaction tries to access the tuple
t through the member_list of the N-side relation (e.g., when executing the view member
list operation). We note that the delete operations under the deferred delete strategy
ar single-node-update transactions. Although the operations accessing the tuples from the
references are two-node transactions, the update is processed in only one node without two-
phase commit. Hence, we call these type of operations single-node-update transactions. In
effect, we are decomposing a multi-node transaction into multiple single-node or single-
node-update transactions executed on demand. We note that the deferred delete does not
affect the consistency of the original multi-node delete using two-phase commit since, at the
time the tuple t is deleted, the references to ¢ in the N-side tuples are effectively immediately
invalidated (i.e., they are pointing to a non-existing tuple). That is, deleting the references
to t in the N-side tuples can be considered only a post-transaction operation(amounting
to garbage collection) that does not affect the transaction semantics.

<M-side relation> <N-side relation>
| Userluser id [ name | participating_group_list |Gr0up group _id| name |member_list
T
dekte wpke ¢+ —+ John 13 1 Database @i\\ deferring
_ dektion of the
2 Bill 1,2 2 (N 2,3 rehtonship
3 | Marie 2,3 3 Network @8/ niormation

Figure 16: An example of deferred delete of a relationship.

For insert transactions, deferred commit is not an option. As shown in Figure 17, we
need to update the list in the tuples on both sides of the relationship. (The same situa-
tion happens for “unclustered” one-to-many relationships, that is, those not modelled as
identifying relationships.) However, the overhead of this two-phase commit is not signifi-
cant because update transactions like this one involve only two-node transactions since all
relationships in the SNS database (see Figure 8) are binary. (Identifying relationships for
clustering a sequence of relations through the identifying key are an exception, but they
involve only single-node transactions that do not need two-phase commit.)
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<M-side relation> <N-side relation>

User |user_id| name | participating_group_list | Group [group id| name [member._list
1 John 1, 3@\ 1 Database 1,2
2 Bill 1,2 \adding anew | 2 /OS’"—’Q_’%@
3 Marie 2,3 relationship 3 Network 1,3

Figure 17: An example of inserting a new relationship.

4 Performance Evaluation

The objective of performance evaluation is to examine the benefit of the methods proposed
in reducing the overhead of multi-node access in a global transaction. The first set of
experiments (Section 4.2) examines how much the query response times of important SNS
operations are reduced with respect to a designated reference operation in Odysseus/SNS
when compared with SNS-A — a widely used commercial SNS. The second set of experi-
ments examines how Odysseus/SNS’s performance is affected when the query arrival rate
is increased (i.e., “scaled up”) (Section 4.3) and when the number of system nodes is varied
(i.e., “scaled out”) (Section 4.4).

4.1 Workload model

Odysseus/SNS used in the experiments consists of nine nodes — one master node (with
2.93GHz quadcore CPU, 4GB memory, and a 500GB hard disk) and eight slave nodes
(each with 3.2GHz quadcore CPU, 8GB memory, and a 2TB hard disk). Each slave runs
its own local DBMS and communicates with the master over the network, and performs
tasks assigned by the master and returns the result it.

We built a workload model for generating a synthetic SNS workload (data set, query
set) that reflects the real-life scale workload per node. The “real-life scale workload” was
constructed based on the SNS-A system’s published statistics and reports[1, 4, 8, 9, 13, 18,
22] as well as our own survey. The parameters used in the workload model are shown in
Table 3, where the sources of published /surveyed parameters are indicated.

Almost all published parameter values are dated around the year 2010, which was
selected as a common time point for the values. We then followed their distributions (e.g.,
power law) and scaled the size of the data set to that used in LinkBench(more specifically,
the total number of objects, which is 1.2 billion per node) [1]. As a result, the size of the
database is 0.23 TBytes per node?.

2This is equivalent to 13.03 petabytes in total if we use 58,000 nodes in the entire system as in a real-life
system(see Table 3).
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Table 3: Workload parameters and the sources of their values (if available).

Parameter

Description

Value

Nse’r'uers

Total number of servers

60 thousand [8

N, e
log-servers

Total number of log servers

2 thousand [22

Nrodes Total number of nodes (i.e., data servers)
Nusers Total number of users 350 million [13
Ngroups Total number of groups 620 million [18
Nposts Total number of posts stored
Neomments Total number comments stored
Nphotos Total number of photos stored 260 million [4]
NPD.yrite_post Number of writing post per day

NPDwrite_comment

Number of writing comment per day

300 million [13]

NPDmodify-post

Number of modifying post per day

NPDmodify_comment

Number of modifying comment per day

NPDdelete-post

Number of deleting post per day

NPDdelete_comment

Number of deleting comment per day

NPDrecommend_post

Number of recommending post per day

105 million [13]

NPDrecommend_comment

Number of recommending comment per day

NPDview_timeline

Number of viewing user/group timeline per day

NPDview_newsfeed

Number of viewing newsfeed per day

NPDview-full_photo

Number of viewing full photo image per day

NPDupload_photo

Number of uploading photo per day

142.8 million [4]

NPDview_photo

Number of viewing photo per day

90 billion [4

NPDall_quem‘es

Total number of queries per day

Rnodi fy_post Rate of modification after post 13.2%°
Rinodify-comment Rate of modification after comment 8.6%"
Raeiete_post Rate of deletion after post 9.7%"
Ractete_comment Rate of deletion after comment 9.1%°
Rrecommend_post Rate of recommendation of post among all recommendations 74.9%°
Ryrecommend-comment Rate of recommendation of comment among all recommen- 25.1%"
dations
Ryicw_timeline Rate of user/group timeline viewing among all post viewings 28.7%°
Ryiew news feed Rate of newsfeed viewing among all post viewings® 71.3%°
Ryiew_thumbnail Rate of thumbnail viewing among all photo viewings 84.4% [4]
Ryicw-_full_photo Rate of full photo viewing among all photo viewings 5.2% [4]
Rphoto_in_post Rate of photo being contained in a post 75% (9]
FRIENDS_PER_USER | Average number of friends per user 447
GROUPS_PER_USER | Average number of groups per user 12 [13]
POSTS_-PER_PAGE | Number of posts per message board page 10¢

e

o

: Hadoop HDFS cluster for log server (as opposed to MySQL cluster for data server) in SNS-A

: rates obtained through a web-based survey participated by 108 users

. Rview-timeline + Rview_newsfeed = 100%
: an average obtained from SNAP dataset [14]
: a default number of posts per page on SNS-A
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SNS objects

The data set parameters (Nysers, Ngroupss Npostss Neomments, Nphotos) in Table 3 reflect the
data scale of an SNS system. Among them, the base values of Nysers; Ngroups, and Nppotos
were obtained from the published sources of SNS-A (see ‘Value” in Table 3), and the base
values of Nposts and Neomments Were derived as follows.

® Nposts = Nphotos/ Rphoto—in—post = 260 million/0.75 = 347 billion
° Ncomments = Npostsx (NPDwrite_comment/NPDwTite_post) = 347 billion x (300 mllhon/190 mil-
lion) = 547 billion (see SNS relationships below for the value of NPDyyite_post)

Table 4 shows the base values and the proportions of SNS objects of different types.
We then scaled up the numbers of objects of individual types in Odysseus/SNS so that the
total number of objecs (except photos) per node is 1.2 billion according to the LinkBench
benchmark [1].

Table 4: The proportions and numbers of SNS objects in the data set.

SNS object | Base number | Proportion | Actual number of
type of objects objects per node
User 350 million 0.03% 470.34 thousand
Group 620 million 0.05% 826.80 thousand
Post 347 billion 30.04% 466.44 million

Comment 547 billion 47.37% 735.54 million
Photo 260 million 22.51% 349.44 million

The total number of all objects(except photos) per node = 1.2 billion (LinkBench [1]).
The number of system nodes = 8.

Individual SNS objects were instantiated as summarized in Table 5. SNS entities (i.e.,
users, groups, posts, comments) are instantiated as tuples in the corresponding relations,
and photos are instantiated as files.

SNS relationships

All SNS relationships follow the power law [6, 12, 15, 21], so each relationship is instantiated
randomly according to the power law distribution, where the mean values are set as sum-
marized in Table 6. For one-to-many (1:N) relationships, the mean of N-side distribution
is calculated from the numbers in Tables 3 and 4. For many-to-many (M:N) relationships,
the means of the distributions on the M-side and N-side, denoted as M and N, respectively,
are obtained as follows (see Table 3 for the workload parameters and values).

o Is_member_of:
M = GROUPS_PER_USER = 12

N = GROUPS_PER_USER x g = 12 x J50-men = 7

17



Table 5: Instantiation of SNS objects in the data set.
SNS object Attribute Instantiation

type
User name randomly selected from list
on the Web [26]
job randomly selected from list
on the Web [27]
password 10-digit random number
phone number | 10-digit random number
nickname “Name” followed by 4-digit
random number
Group name 5-character random alpha-

bet string followed by 5-digit
random number

Post content string of random length ex-
tracted from the book “Pride
and Prejudice” [3], where the
random length follows the
distribution in Nierhoff [17]
(see Figure 18).

Comment content string of random length ex-
tracted in the same way as
Post using the same dis-
tribution but scaled down
to 37, which is the aver-
age length of comments (ob-
tained from 100 randomly
selected comments randomly
selected from popular time-
lines on SNS-A)

Photo N/A image randomly selected
from a website [16] and
set to the size of 8KB for
thumbnail image and 64KB
for full image, the same as in
Beaver et al. [4]

o Is_friend_of:
M = N = FRIENDS_PER_USER = 44

e Recommend_post:

— recommend_post — NPD'recommend_post — 105 million — 0 55
NPDwrite-post NPDphotos_updated/Rphoto.in_post 142.8 million/0'75 ’
N NPDrecommend_post 1 _ 113 105 million 1 _
N = Nposts X = RPDomremocs X Nasars = 947 billion X {ga-5rel X ge5-mmon = 547

o Recommend_comment:

__ NPD . __ 35.1 million __ :
M = Wm = 555 millicn. = 0-03 (see SNS queries below for NPD,.ccommend_comment)
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N - Ncomments X (NPDrecommend_post

e ) X D te et Norer

= 547 billion x (105 million x §22%) X zodre 5 L — 183
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0
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Figure 18: Distribution of the lengths of posts [17].

Table 6: Instantiation of SNS relationships in the data set.
(a) One-to-many (1:N) relationships.

1-side N-side Relationship Mean of N-side
relation | relation distribution
User Post write_post 991 (=Nposts/Nusers)
User Comment write_comment 1562 (= Neomments/Nusers)
User Group create 1.77 (=Ngroups/Nusers)
User, Group Post own 357 (= Nposts/(Nusers + Ngroups))
Post Comment own 1.5 (=Ncomments/Nposts)
(b) Many-to-many (M:N) relationships.
M-side N-side Relationship Mean of M-side | Mean of N-side
relation | relation distribution distribution
User Group is_member_of 7 12
User User is_friend_of 44 44
User Post recommend_post 0.55 547
USQI‘ Comment recommend_comment 0.03 183

SNS queries

For the SNS query set, 10,000 queries of primary operations (see Table 2) are randomly
generated in proportion to the distribution of the frequencies of SNS-A queries. (Queries
of the secondary operations are not included because they are executed too infrequently
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to avail any workload statistics.) The frequencies of queries per day for each operation are
obtained as follows (see Table 3 for the workload parameters and values).

NPD, p10ad-nhot 142.8 milli
o NPD... _ upload_photo __ mithon — 19() million
write_post Rphoto_m_post 0.75

b NPDwrite-comment = 300 million

NPDupdate_photo <R __ 142.8 million

® NPDpodify_post = NPDuyrite_post X Rmodify_post = —f modify_post = —— g5
0.132 = 25.13 million

® NPDyodify_comment = NPDuyprite_comment X Rmodify_comment = 300 million x 0.086 =
25.8 million NPD

 NPDgeete_post = NPDurite_post X Raetete_post = ——L2lbLh0l0 5
0.097 = 18.46 million

o NPDgeiete_comment = NPDuyrite_comment X Raelete_comment = 300 millionx0.091 = 27.3 million

® NPDrecommend_post = 105 million

® NPDiecommend.comment = NPDyecommend_post % ~-t5gemmendcomment — 105 million x

recommend_post
0.251
0515 = = 35.1 million

X
photo_in_post

R — 142.8 million %
photo_in_post delete_post 07

Ry; ; 1
b NPDview_timeline = NPDview_photo X % X Rview-timeline X POSTS PER.PAGE —

90 billion x 008;54 x 0.287 x == = 2.9 billion
) = ) Royiew thumbnail ) —
d NPDmew_newsfeed - NPDmew_photo X R X Rmew-newsfeed X POSTS_PlER_PAGE -

photo_in_post

90 billion x 0087454 x 0.713 x = = 7.22 billion

® NPDyicw_full_photo = NPDmew_phOtO X Ryiew_full_photo 90 billion x 0.052 = 4.5 billion

The query arrival rate per day to the SNS-A system, NPD;ytq1, is the summation of the

frequencies of all SNS operations, which equals 15.22 billion per day. For each query
NPDg,

operation qo, the proportion of its query frequency is W as summarized in Table 7.

Performance measure

The performance measure is the average query response time for each SNS query operation
in Table 2. Queries are issued by a separate machine, which issues queries to the master
through network. We first measure the performance of Odysseus/SNS both in warm start
and in cold start. For warm start, the query arrival rate is varied from 1.0 to 3.5 million
queries per day with Poisson distribution.

We note that the proportionally scaled-down query arrival rate for an 8-node Odysseus/SNS,
which is equivalent to SNS-A’s 15.22 billion queries per day(= NPDyta above in SNS
queries) for 58,000 nodes(= Nyodes, obtained as Ngervers — Niog_servers; see Table 3), is 2.09
million queries per day. For cold start, the query arrival rate is varied from 0.2 to 1.0 mil-
lion queries per day (1.0 million is the maximum query arrival rate that Odysseus/SNS can
handle with cold start). We expect that the average query response time of Odysseus/SNS
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Table 7: The proportions of different query operations.

SNS query type Proportion
write post 1.25%
write comment 1.97%
modify post 0.13%
modify comment 0.17%
delete post 0.15%
delete comment 0.18%
recommend post 0.69%
recommend comment 0.2%
view timeline 16.62%
view newsfeed 49.08%
view full photo 29.57%

in the real-world environment will show between those of warm start and cold start(as a
reference, SNS-A processes 95% of queries in memory [23].)

We then compare the “relative” performance among various query operations of SNS-A
with that among those of Odysseus/SNS. Direct comparison with SNS-A is not relevant
because of the difference in the scale (e.g., number of nodes) and the computing environ-
ment. Thus, when comparing with SNS-A, the query response times are normalized by that
of the reference operation (“recommend comment” for primary query operations, “login”
for secondary query operations) for SNS-A and Odysseus/SNS to compare relative perfor-
mances among various query operations regardless of the scales. We choose the reference
operation that is simple so that it operates similarly independent of the architecture. The
focus of this comparison is on examining the effects of the particular techniques that are
used in Odysseus/SNS but not in SNS-A. To measure the query response time in SNS-A,
queries are repeated at different times to cover users in different time zones of the world
clock®. In each measurement, to measure the server processing time only, the round trip
time (i.e., ping time) between the web sever and SNS-A is subtracted from the elapsed
time.

4.2 Query response times in Odysseus/SNS and SNS-A

Figure 19 shows the query response times in each system for the primary query operations.
For Odysseus/SNS, the arrival rates are at 2.0 million queries per day for warm start and 1.0
million queries for cold start, and Figure 20 shows those for the secondary query operations.
For Odysseus/SNS at warm start and cold start, we also show standard deviations in error
bars.

3We measured the query response time of each operation six times on Jan. 28th, 2017, with a 4-hour
interval(i.e., at 0, 4, 8, 12, 16, and 20 o’clock PT). In the case of “sign up” and “deactivate”, we measured
it only once (at 0 o’clock) since repeated trial of those operations is not allowed by SNS-A.
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Figure 19: Average query response times of the primary query operations.

In Figure 19, the normalized processing times of newsfeed and timeline, which together
take about 66% of query load, are significantly reduced (by 53.8~68.0% for newsfeed;
71.0~90.1% for timeline) in Odysseus/SNS compared with those of SNS-A. This reduction
is a direct benefit of clustering relations by an identifying key as we have explained in
Section 3.2(Fig.13).
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Figure 20: Average query response times of the secondary query operations. Since cases 1
and 2 are not differentiated for SNS-A, we show the same data for both cases.

In addition, the processing time of “delete a post” in Figure 19 and “delete a group”
and “deactivate” in Figure 20 show that the processing times of delete operations are
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drastically reduced (by 87.5~96.5% for delete a post;by 57.5~87.3% for delete a group;
85.3~86.3% for deactivate), which is attributed to the deletion cost amortized under the
deferred delete strategy. With this strategy, “view friend lists” and “view user lists” take a
bit longer “after deactivate” if they find that the user has deactivated the account. Likewise,
“view group lists” may take a bit longer after “delete a group” if it finds that the group
has been deleted. This increase of response time is a direct consequence of amortization.
Comparing the response time between the cases of deferred deletion occurring (case 2) and
not occurring (case 1) showed no more than 39% difference, which was not significant.

4.3 Query response times of Odysseus/SNS as the query arrival rate is
varied

Figure 21 shows the result for all primary query operations as the query arrival rate is
varied from 1.0 to 3.5 million queries per day at warm start and from 0.2 to 1.0 million
queries per day at cold start. The results for the secondary query operations are similar
and omitted here to avoid redundancies. For every query operation, the query response
time increases as the query arrival rate increases. This trend makes sense considering
the queuing effect on each node as the query arrival rate increases. Experiments show
that Odysseus/SNS can process up to 3.5 million queries per day, which is larger than
the 2.09 million queries per day that we have estimated for an 8-node equivalent of SNS-
A’s query load (see “Performance measure” in Section 4.1). This result demonstrates
Odysseus/SNS’s ability to handle query arrival rates typical of the SNS workload.

4.4 Query response times of Odysseus/SNS as the number of system
nodes increases

Figure 22 shows the response time of primary query operations when the number of nodes
varies, divided into three groups. For every query operation, it clearly shows that the query
response time hardly changes as the number of nodes varies. (The mean and standard
deviation of the range (i.e., maximum — minimum) over minimum for all query operations
are only 3.00% and 1.90%, respectively.)* The reason for this is that, in most cases, the
number of nodes that need to be accessed to execute a query is limited to be a small
number and does not increase as the number of nodes increases, which is characteristic
of SNS operations. We believe that the ideas (i.e., avoiding inter-node joins and multi-
node two-phase commit) implemented in Odysseus/SNS also helps with scalability, due
to its positive effect on reducing the number of nodes accessed during global transaction
processing. The result thus suggests the potential of Odysseus/SNS to scale out as the
number of system nodes increases.

4We present only the warm-start results since cold-start results are rather unstable due to random disk
accesses.
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Figure 21: Average response times of query operations in Odysseus/SNS as the query
arrival rate is varied.
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Figure 22: Average response times of query operations in Odysseus/SNS when the number
of nodes is varied.

5 Conclusions

In this paper we have discussed an approach to implementing a large-scale social networking
services (SNS) system by using a relational DBMS. In particular, we have shown a case
where we can build a scaled-out system using a shared-nothing parallel DBMS. We have
first proposed the entity-relationship conceptual model and its relational representation of
the SNS database, and then, by using the high-level semantics provided by the schema,
have proposed the methods processing global transactions involving multiple nodes as
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local transactions on single nodes as much as possible resulting in (1) avoiding joins across
different nodes (for queries via one-to-many relationships) and (2) amortizing the cost of
updates across different nodes (for deletion via many-to-many relationships). This paper
is the first to present the entity-relationship schema and its relational representation of the
SNS database. Performance evaluation, conducted using a synthetic workload of the scale
of Linkbench[1], demonstrated the significant benefit of the methods, especially in timeline
and newsfeed — the two dominant SNS query operations — and in various delete operations.
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Appendix

Figure 23: Entire SNS entity-relationship schema.
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