
CHAPTER 6

Graph Database Internals

In this chapter, we peek under the hood and discuss the implementation of graph
databases, showing how they differ from other means of storing and querying com‐
plex, variably-structured, densely connected data. Although it is true that no single
universal architecture pattern exists, even among graph databases, this chapter
describes the most common architecture patterns and components you can expect to
find inside a graph database.

We illustrate the discussion in this chapter using the Neo4j graph database, for several
reasons. Neo4j is a graph database with native processing capabilities as well as native
graph storage (see Chapter 1 for a discussion of native graph processing and storage).
In addition to being the most common graph database in use at the time of writing, it
has the transparency advantage of being open source, making it easy for the adven‐
turesome reader to go a level deeper and inspect the code. Finally, it is a database the
authors know well.

Native Graph Processing
We’ve discussed the property graph model several times throughout this book. By
now you should be familiar with its notion of nodes connected by way of named and
directed relationships, with both the nodes and relationships serving as containers for
properties. Although the model itself is reasonably consistent across graph database
implementations, there are numerous ways to encode and represent the graph in the
database engine’s main memory. Of the many different engine architectures, we say
that a graph database has native processing capabilities if it exhibits a property called
index-free adjacency.

A database engine that utilizes index-free adjacency is one in which each node main‐
tains direct references to its adjacent nodes. Each node, therefore, acts as a micro-
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index of other nearby nodes, which is much cheaper than using global indexes. It
means that query times are independent of the total size of the graph, and are instead
simply proportional to the amount of the graph searched.

A nonnative graph database engine, in contrast, uses (global) indexes to link nodes
together, as shown in Figure 6-1. These indexes add a layer of indirection to each tra‐
versal, thereby incurring greater computational cost. Proponents for native graph
processing argue that index-free adjacency is crucial for fast, efficient graph traver‐
sals.

To understand why native graph processing is so much more effi‐
cient than graphs based on heavy indexing, consider the following.
Depending on the implementation, index lookups could be O(log
n) in algorithmic complexity versus O(1) for looking up immediate
relationships. To traverse a network of m steps, the cost of the
indexed approach, at O(m log n), dwarfs the cost of O(m) for an
implementation that uses index-free adjacency.

Figure 6-1. Nonnative graph processing engines use indexing to traverse between nodes
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Figure 6-1 shows how a nonnative approach to graph processing works. To find Ali‐
ce’s friends we have first to perform an index lookup, at cost O(log n). This may be
acceptable for occasional or shallow lookups, but it quickly becomes expensive when
we reverse the direction of the traversal. If, instead of finding Alice’s friends, we
wanted to find out who is friends with Alice, we would have to perform multiple
index lookups, one for each node that is potentially friends with Alice. This makes the
cost far more onerous. Whereas it’s O(log n) cost to find out who are Alice’s friends,
it’s O(m log n) to find out who is friends with Alice.

Index-Free Adjacency Leads to Low-Cost “Joins”
With index-free adjacency, bidirectional joins are effectively precomputed and stored
in the database as relationships. In contrast, when using indexes to simulate connec‐
tions between records, there is no actual relationship stored in the database. From
this, two problems arise:

Firstly, using a global index lookup is typically far more expensive algorithmically
than traversing a physical relationship. Indexes typically cost O(log(n)) in time,
whereas—at least in Neo4j—traversing a relationship is O(1) in time. In theory, for
even modest values of n, the logarithmic costs can be many times more expensive
than constant time. In practice, the performance can be even worse, as a result of the
graph and its global indexes contending for resources like caches and I/O (e.g., when
page contention occurs between index and graph data).

Secondly, using indexes to simulate connections becomes problematic when we try to
traverse in the “opposite” direction from the one for which the index was constructed.
Now we are faced with the choice of creating a reverse-lookup index for each traversal
scenario, or we have to perform a brute-force search through the original index,
which is an O(n) operation. Given the poor algorithmic performance in this situation,
joins like this are simply too costly to be of any practical use for online systems.

Index lookups can work for small networks, such as the one in Figure 6-1, but are far
too costly for queries over larger graphs. Instead of using index lookups to fulfill the
role of relationships at query time, graph databases with native graph processing
capabilities use index-free adjacency to ensure high-performance traversals.
Figure 6-2 shows how relationships eliminate the need for index lookups.
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Figure 6-2. Neo4j uses relationships, not indexes, for fast traversals

Recall that in a general-purpose graph database, relationships can be traversed in
either direction (tail to head, or head to tail) extremely cheaply. As we see in
Figure 6-2, to find Alice’s friends using a graph, we simply follow her outgoing
FRIEND relationships, at O(1) cost each. To find who is friends with Alice, we simply
follow all of Alice’s incoming FRIEND relationships to their source, again at O(1) cost
each.

Given these costs, it’s clear that, in theory at least, graph traversals can be very effi‐
cient. But such high-performance traversals only become reality when they are sup‐
ported by an architecture designed for that purpose.

Native Graph Storage
If index-free adjacency is the key to high-performance traversals, queries, and writes,
then one key aspect of the design of a graph database is the way in which graphs are
stored. An efficient, native graph storage format supports extremely rapid traversals
for arbitrary graph algorithms—an important reason for using graphs. For illustrative
purposes we’ll use the Neo4j database as an example of how a graph database is archi‐
tected.

First, let’s contextualize our discussion by looking at Neo4j’s high-level architecture,
presented in Figure 6-3. In what follows we’ll work bottom-up, from the files on disk,
through the programmatic APIs, and up to the Cypher query language. Along the
way we’ll discuss the performance and dependability characteristics of Neo4j, and the
design decisions that make Neo4j a performant, reliable graph database.
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8 Record layout from Neo4j 2.2; other versions may have different sizes.

Figure 6-3. Neo4j architecture

Neo4j stores graph data in a number of different store files. Each store file contains the
data for a specific part of the graph (e.g., there are separate stores for nodes, relation‐
ships, labels, and properties). The division of storage responsibilities—particularly
the separation of graph structure from property data—facilitates performant graph
traversals, even though it means the user’s view of their graph and the actual records
on disk are structurally dissimilar. Let’s start our exploration of physical storage by
looking at the structure of nodes and relationships on disk as shown in Figure 6-4.8

Figure 6-4. Neo4j node and relationship store file record structure
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The node store file stores node records. Every node created in the user-level graph
ends up in the node store, the physical file for which is neostore.nodestore.db. Like
most of the Neo4j store files, the node store is a fixed-size record store, where each
record is nine bytes in length. Fixed-size records enable fast lookups for nodes in the
store file. If we have a node with id 100, then we know its record begins 900 bytes into
the file. Based on this format, the database can directly compute a record’s location, at
cost O(1), rather than performing a search, which would be cost O(log n).

The first byte of a node record is the in-use flag. This tells the database whether the
record is currently being used to store a node, or whether it can be reclaimed on
behalf of a new node (Neo4j’s .id files keep track of unused records). The next four
bytes represent the ID of the first relationship connected to the node, and the follow‐
ing four bytes represent the ID of the first property for the node. The five bytes for
labels point to the label store for this node (labels can be inlined where there are rela‐
tively few of them). The final byte extra is reserved for flags. One such flag is used to
identify densely connected nodes, and the rest of the space is reserved for future use.
The node record is quite lightweight: it’s really just a handful of pointers to lists of
relationships, labels, and properties.

Correspondingly, relationships are stored in the relationship store file, neo

store.relationshipstore.db. Like the node store, the relationship store also con‐
sists of fixed-sized records. Each relationship record contains the IDs of the nodes at
the start and end of the relationship, a pointer to the relationship type (which is
stored in the relationship type store), pointers for the next and previous relationship
records for each of the start and end nodes, and a flag indicating whether the current
record is the first in what’s often called the relationship chain.

The node and relationship stores are concerned only with the
structure of the graph, not its property data. Both stores use fixed-
sized records so that any individual record’s location within a store
file can be rapidly computed given its ID. These are critical design
decisions that underline Neo4j’s commitment to high-performance
traversals.

In Figure 6-5, we see how the various store files interact on disk. Each of the two
node records contains a pointer to that node’s first property and first relationship in a
relationship chain. To read a node’s properties, we follow the singly linked list struc‐
ture beginning with the pointer to the first property. To find a relationship for a node,
we follow that node’s relationship pointer to its first relationship (the LIKES relation‐
ship in this example). From here, we then follow the doubly linked list of relation‐
ships for that particular node (that is, either the start node doubly linked list, or the
end node doubly linked list) until we find the relationship we’re interested in. Having
found the record for the relationship we want, we can read that relationship’s proper‐
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ties (if there are any) using the same singly linked list structure as is used for node
properties, or we can examine the node records for the two nodes the relationship
connects using its start node and end node IDs. These IDs, multiplied by the node
record size, give the immediate offset of each node in the node store file.

Doubly Linked Lists in the Relationship Store
Don’t worry if the relationship store structure seems a little complex at first. It’s not as
simple as the node store or property store.

It’s helpful to think of a relationship record as “belonging” to two nodes—the start
node and the end node of the relationship. Clearly, we don’t want to store two rela‐
tionship records, because that would be wasteful. And yet it’s equally clear that the
relationship record should somehow belong to both the start node and the end node.

That’s why there are pointers (aka record IDs) for two doubly linked lists. One is the
list of relationships visible from the start node. The other is the list of relationships
visible from the end node. That each list is doubly linked simply enables us to rapidly
iterate through that list in either direction, and insert and delete relationships effi‐
ciently.

Choosing to follow a different relationship involves iterating through a linked list of
relationships until we find a good candidate (e.g., matching the correct type, or hav‐
ing some matching property value). Once we have a suitable relationship we’re back
in business, multiplying ID by record size, and thereafter chasing pointers.

Figure 6-5. How a graph is physically stored in Neo4j
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With fixed-sized records and pointer-like record IDs, traversals are implemented
simply by chasing pointers around a data structure, which can be performed at very
high speed. To traverse a particular relationship from one node to another, the data‐
base performs several cheap ID computations (these computations are much cheaper
than searching global indexes, as we’d have to do if faking a graph in a nongraph
native database):

1. From a given node record, locate the first record in the relationship chain by
computing its offset into the relationship store—that is, by multiplying its ID by
the fixed relationship record size. This gets us directly to the right record in the
relationship store.

2. From the relationship record, look in the second node field to find the ID of the
second node. Multiply that ID by the node record size to locate the correct node
record in the store.

Should we wish to constrain the traversal to relationships with particular types, we’d
add a lookup in the relationship type store. Again, this is a simple multiplication of
ID by record size to find the offset for the appropriate relationship type record in the
relationship store. Similarly if we choose to constrain by label, we reference the label
store.

In addition to the node and relationship stores, which contain the graph structure, we
have property store files, which persist the user’s data in key-value pairs. Recall that
Neo4j, being a property graph database, allows properties—name-value pairs—to be
attached to both nodes and relationships. The property stores, therefore, are refer‐
enced from both node and relationship records.

Records in the property store are physically stored in the neostore.propertys
tore.db file. As with the node and relationship stores, property records are of a fixed
size. Each property record consists of four property blocks and the ID of the next
property in the property chain (remember, properties are held as a singly linked list
on disk as compared to the doubly linked list used in relationship chains). Each prop‐
erty occupies between one and four property blocks—a property record can, there‐
fore, hold a maximum of four properties. A property record holds the property type
(Neo4j allows any primitive JVM type, plus strings, plus arrays of the JVM primitive
types), and a pointer to the property index file (neostore.propertystore.db.index),
which is where the property name is stored. For each property’s value, the record
contains either a pointer into a dynamic store record or an inlined value. The
dynamic stores allow for storing large property values. There are two dynamic stores:
a dynamic string store (neostore.propertystore.db.strings) and a dynamic array
store (neostore.propertystore.db.arrays). Dynamic records comprise linked lists
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of fixed-sized records; a very large string, or large array, may, therefore, occupy more
than one dynamic record.

Inlining and Optimizing Property Store Utilization
Neo4j supports store optimizations, whereby it inlines some properties into the prop‐
erty store file directly (neostore.propertystore.db). This happens when property
data can be encoded to fit in one or more of a record’s four property blocks. In prac‐
tice this means that data like phone numbers and zip codes can be inlined in the
property store file directly, rather than being pushed out to the dynamic stores. This
results in reduced I/O operations and improved throughput, because only a single file
access is required.

In addition to inlining certain compatible property values, Neo4j also maintains space
discipline on property names. For example, in a social graph, there will likely be many
nodes with properties like first_name and last_name. It would be wasteful if each
property name was written out to disk verbatim, and so instead property names are
indirectly referenced from the property store through the property index file. The
property index allows all properties with the same name to share a single record, and
thus for repetitive graphs—a very common use case—Neo4j achieves considerable
space and I/O savings.

Having an efficient storage layout is only half the picture. Despite the store files hav‐
ing been optimized for rapid traversals, hardware considerations can still have a sig‐
nificant impact on performance. Memory capacity has increased significantly in
recent years; nonetheless, very large graphs will still exceed our ability to hold them
entirely in main memory. Spinning disks have millisecond seek times in the order of
single digits, which, though fast by human standards, are ponderously slow in com‐
puting terms. Solid state disks (SSDs) are far better (because there’s no significant
seek penalty waiting for platters to rotate), but the path between CPU and disk is still
more latent than the path to L2 cache or main memory, which is where ideally we’d
like to operate on our graph.

To mitigate the performance characteristics of mechanical/electronic mass storage
devices, many graph databases use in-memory caching to provide probabilistic low-
latency access to the graph. From Neo4j 2.2, an off-heap cache is used to deliver this
performance boost.

As of Neo4j 2.2, Neo4j uses an LRU-K page cache. The page cache is an LRU-K page-
affined cache, meaning the cache divides each store into discrete regions, and then
holds a fixed number of regions per store file. Pages are evicted from the cache based
on a least frequently used (LFU) cache policy, nuanced by page popularity. That is,
unpopular pages will be evicted from the cache in preference to popular pages, even if
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the latter haven’t been touched recently. This policy ensures a statistically optimal use
of caching resources.

Programmatic APIs
Although the filesystem and caching infrastructures are fascinating in themselves,
developers rarely interact with them directly. Instead, developers manipulate a graph
database through a query language, which can be either imperative or declarative.
The examples in this book use the Cypher query language, the declarative query lan‐
guage native to Neo4j, because it is an easy language to learn and use. Other APIs
exist, however, and depending on what we are doing, we may need to prioritize dif‐
ferent concerns. It’s important to understand the choice of APIs and their capabilities
when embarking on a new project. If there is any one thing to take away from this
section, it is the notion that these APIs can be thought of as a stack, as depicted in
Figure 6-6: at the top we prize expressiveness and declarative programming; at the
bottom we prize precision, imperative style, and (at the lowest layer) “bare metal”
performance.

Figure 6-6. Logical view of the user-facing APIs in Neo4j

We discussed Cypher in some detail in Chapter 3. In the following sections we’ll step
through the remaining APIs from the bottom to the top. This API tour is meant to be
illustrative. Not all graph databases have the same number of layers, nor necessarily
layers that behave and interact in precisely the same way. Each API has its advantages
and disadvantages, which you should investigate so you can make an informed deci‐
sion.

Kernel API
At the lowest level of the API stack are the kernel’s transaction event handlers. These
allow user code to listen to transactions as they flow through the kernel, and there‐
after to react (or not) based on the data content and lifecycle stage of the transaction.
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8 Doctor Who is the world’s longest-running science fiction show and a firm favorite of the Neo4j team.

Kernel Transaction Event Handlers
A typical use case for transaction event handlers is to prevent physical deletion of
records. A handler can be set up to intercept deletion of a node and instead simply
mark that node as logically deleted (or in a more sophisticated manner, move the
node “back in time” by creating timestamped archive relationships).

Core API
Neo4j’s Core API is an imperative Java API that exposes the graph primitives of
nodes, relationships, properties, and labels to the user. When used for reads, the API
is lazily evaluated, meaning that relationships are only traversed as and when the call‐
ing code demands the next node. Data is retrieved from the graph as quickly as the
API caller can consume it, with the caller having the option to terminate the traversal
at any point. For writes, the Core API provides transaction management capabilities
to ensure atomic, consistent, isolated, and durable persistence.

In the following code, we see a snippet of code borrowed from the Neo4j tutorial in
which we try to find human companions from the Doctor Who universe:8

// Index lookup for the node representing the Doctor is omitted for brevity

Iterable<Relationship> relationships =
            doctor.getRelationships( Direction.INCOMING, COMPANION_OF );

for ( Relationship rel : relationships )
{
    Node companionNode = rel.getStartNode();
    if ( companionNode.hasRelationship( Direction.OUTGOING, IS_A ) )
    {
        Relationship singleRelationship = companionNode
                                            .getSingleRelationship( IS_A,
                                                     Direction.OUTGOING );
        Node endNode = singleRelationship.getEndNode();
        if ( endNode.equals( human ) )
        {
            // Found one!
        }
    }
}

This code is very imperative: we simply loop round the Doctor’s companions and
check to see if any of the companion nodes have an IS_A relationship to the node rep‐
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