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ABSTRACT

2. THE LOG STRUCTURED APPROACH

Event stream processing systems have focused on in-memory
databases to achieve high performance, but there are several
classes of application that require the persistence of some subset
of the events processed and/or results produced at very high data
rates. This paper describes a facility for streaming data to disk
using a versioned AVL-tree index layered over an append-only
log-structured store that operates at between 45-60% the
throughput of an in-memory red-black tree or hash table.

Storage systems are typically organized into a read-optimized
repository for long-lived data with a write-optimized journal as a
front-end to absorb and then batch updates to the read-optimized
repository. In contrast, a log-structured store (LSS) is constructed
entirely from a write-optimized journal.

1. HISTORY AND MOTIVATION
Event pattern matching and situation detection systems like
RAPIDE [5,6] have long been able to make use of persistent
storage, but most high-performance event stream processing
(ESP) systems, which were developed in the context of
telecommunications infrastructure to handle the event rates
generated by call data records [1,2] and network packet traffic [3],
were unable to tolerate the latency and loss of throughput
involved with storing data to disk. Consequently, ESP systems
have used chronicles, estimation, and load-shedding to meet
performance requirements, storing short-lived data using inmemory databases or custom indices.
The needs of many ESP applications can be met with purely inmemory systems, but there are classes of application that require
persistence of some subset of their data — often at uncomfortably
high through-puts that range into hundreds of thousands of events
per second — for correctness, and many situations in which
application restart time would be unacceptably long if recalculation via an historical replay were required to re-establish
current state.
Our streaming data system was developed to address a broad
range of applications, including some that require high-throughput
persistence and others that require retrospective queries over
retained historical data while new data continues to stream into
the system.
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The structure of an LSS is conceptually identical to a ring buffer
where writes progress forward until reaching the end of the buffer
then wrap around and continue from the beginning. The primary
advantage of this design is that the disk head is always in the right
place to perform the next write, thus eliminating expensive disk
seeks. A secondary advantage is that recovery of a log can be
performed using a very simple “roll forward” algorithm that
replays or rejects any uncommitted writes following the last
checkpoint of the log.
Ousterhout and Rosenblum [8,9] began work on LSS filesystems
after observing that most filesystems spend a great deal of time
updating on-disk index structures for data that will only be
overwritten or deleted before it leaves the buffer cache. Around
the same time Stonebraker exploited the database recovery
advantages of an append-only LSS for the Postgres Storage
System [14].
LSSs were initially thought to be a general solution to improve the
performance of write-intensive applications, but performance was
ultimately hindered by the need for a background garbage
collector, known as the “cleaner,” to reclaim free space from the
log. The Berkeley LFS team documented the difficulties presented
by the cleaner: performance degrades as the ratio of live data to
free space increases because more and more time is spent waiting
for the cleaner to re-locate live data in order to make room for
new writes [10,11].
Fortunately, ESP workloads typically feature enormous numbers
of writes that only need be retained for short periods (usually
defined by a window over some ordering property of the incoming
data), which allows us to avoid excessive cleaner overhead while
enjoying the throughput advantages of an LSS.

3. IMPLEMENTATION
3.1 System Resources
We use 64-bit addressing over memory mapped log files to store
our data, making use of the operating system’s virtual memory
subsystem to handle caching. This approach provides us with a
directly addressable buffer pool with very little bookkeeping
overhead, no double buffering and no calls to malloc(). This

method also provides us with file-local object identifiers (OID)
for free in the form of simple 64-bit file offsets.
Our approach to system resource utilization is in many ways an
update of the one used by the Dali storage manager [4], however
updates to Dali’s store were done in-place rather via an appendonly log, which limited its persistence performance.

3.2 Versioned Trees
In order to avoid read/write lock contention in the storage system,
we have implemented a versioned tree data structure that allows
writes to continue while reads (including ad-hoc queries against
internal table state) are performed against against short-lived
snapshots. It was easy to implement this efficiently by exploiting
the non-destructive write property of the LSS.
A great deal of prior work has been done on multitemporal [12]
and versioned tree data-structures [15] for in-place storage
systems, and on techniques for efficiently updating metadata in a
versioned log [13], but because our needs are focused on asneeded snapshots rather than historical range queries we are able
to avoid most of the difficulties that that work sought to overcome
and thus use very simple data structures.
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Although we are able to commit single events to the store, it is
more efficient to write a change-set containing the updates caused
by a group of events. This is both because the ratio of data to
metadata in a given commit is higher when more of the tree is
modified in a single operation, and because it is likely that several
nodes in common along the path to the root will have been visited
during a temporally clustered set of operations.
We first built out a batch commit capability for performance, but
we were able to repurpose it to serve as a simple (one at a time)
transactional facility for writes.

3.4 Garbage Collection
Our cleaner (sweeping garbage collector) re-writes live data at the
write-point of the append-only log in order to clear space for
continued writing. This is a necessary feature of any LSS, but it
also has the benefit of allowing us to re-pack our data into clusters
of related tree nodes to improve data locality. The re-packing
process follows the standard persistent AVL-tree page placement
algorithms found in the literature.

3.5 Recovery
We implemented the standard roll-forward recovery methods that
are detailed in the LSS literature, including a filesystem
superblock-style one-page header with a clean bit.

4. RESULTS
We benchmarked our LSS against a set of in-memory indexing
structures, including red-black trees and hashes, on a commodity
Linux machine with an off-the-shelf RAID controller and disk
array. The performance measurements in this paper are meant to
demonstrate relative, rather than absolute, performance.
Table 1. Performance Benchmarks
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absorb-log

16,000,000

241,643
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absorb-hash

16,000,000

519,660

vwap-log

4,000,000

76,365

vwap-tree

4,000,000

131,148
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A pointer to a given versioned root node is a han-
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Our record absorption benchmarks — a simple configuration in
which records are pumped into the system and stored with little
processing — show LSS performance to be 47% that of a tuned
in-memory hash table for raw record insertion (“absorb-log” vs.
“absorb-hash”) on a sixteen million record test run, and 58% the
performance of an in-memory red-black tree for a four million
record test run of a more computationally demanding application
involving a group of simultaneous Value Weighted Average Price
(VWAP) calculations (“vwap-log vs. vwap-hash”). The events in
all of these tests were less than 200 bytes each.
As a comparison, similar experiments conducted on the same
hardware with a store implemented using the read-optimized
embeddable database Berkeley DB [7] showed an average of
around 10% the performance of our in-memory indexing
structures — roughly one fifth that of our LSS — regardless of
whether we used the BDB hash or tree storage methods.

5. FUTURE WORK
We have designed and implemented a high-performance logstructured AVL-tree, but we have yet to investigate other forms of
log-structured tree, such as Radix trees or Patricia tries [17], nor
have we experimented with log-structured hash tables [18], which
are quite promising for applications that do not require key-order
data retrieval.
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