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Abstract—Previously, we demonstrated that we can build
a real-world financial application using a stream processing
system running on commodity hardware. In this paper, we
propose making stream processing systems more flexible and
demonstrate how this flexibility can be used to exploit lowoverhead communication systems to speed up streaming applications. With our prototype, we now have an options market
data processing system that can achieve less than 30 µsec
average latency at 30x the February 2008 OPRA rate on a
cluster of blades using InfiniBand. Across shared memory, this
system can achieve less than 20 µsec average latency at 25x
the February 2008 OPRA rate on a single machine.
Keywords-Stream Processing; InfiniBand; Shared Memory;
Stock Market Data

I. I NTRODUCTION
In this paper, we improve on our previous work [1]
wherein we described a streaming application (called the
Options Market Data Processing application or OMDP) for
processing high volumes of OPRA [2] data using System
S. System S is a high performance middleware platform
supporting streaming analytics. In the System S programming model, applications are specified as directed dataflow
graphs. The graph nodes are operators where computation
is performed. The graph edges are streams over which data
is transported in typed tuples.
When operators reside in separate address spaces, the
stream data transport requires an inter-process communication (IPC) mechanism. The System S runtime provides several built-in data transports over different mediums including
Ethernet, InfiniBand (IB), and shared memory. While the
built-in transports allow the application developer to focus
on developing the analytics, there is no easy way to plug
in their own customized transport mechanism or to exploit
other technologies such as MPI.
The first contribution of this paper is to increase the runtime system flexibility by allowing a custom data transport
to be provided as two operators, a sender and a receiver. The
original application specification is then automatically augmented to insert these senders and receivers appropriately.
Finally, the application is compiled and deployed as usual.
This approach is very powerful, since it adds significant

flexibility without any changes to the System S runtime
system and applications.
The second contribution of this paper is to use this flexible
mechanism to explore and build an efficient transport for
System S using IB and shared memory. We call this transport
Vega.1 We were also able to partially implement MPI as a
System S data transport. Using microbenchmarks and the
OMDP application, we compare the performance of Vega to
MPI, Reliable Unicast Messaging (RUM) across IB, RUM
across shared memory, and operator fusion. Operator fusion
is a special mode in System S which improves performance
by placing multiple operators in the same process. This
allows data transfer by directly invoking the downstream
operator logic through function calls instead of using IPC.
We show that Vega outperforms existing System S transports such as RUM and is similar in performance to fused
operators and MPI. With our prototype, the OMDP application is now able to achieve less than 30 µsec average latency
at 30x the February 2008 OPRA rate on a cluster of blades
using IB. Across shared memory, this system can achieve
less than 20 µsec average latency at 25x the February 2008
OPRA rate on a single machine.
The techniques used in Vega are largely taken from prior
work in optimizing performance with low-overhead communication systems. Our principal inspiration is from Liu
[3] but other work in this area includes Subramoni’s study
of RDMA over Ethernet [4] and Narravula’s study of MPI
over iWARP [5]. In a recent study, Mancini [6] proposed
a hybrid MPI-stream programming model where MPI is
used to program parallel operators which are connected
with streams. We propose to extend this concept by using
MPI (among other techniques) as the fundamental transport
mechanism for all operators, not just the parallelized ones.
The rest of the paper is organized as follows. In Section
II we provide background on System S transports, MPI, and
IB. In Section III, we describe how we extended System
S with transport operators. In Section IV we describe the
design of Vega transport. In Section V we evaluate and
compare Vega to MPI, RUM, and operator fusion across IB
and shared memory using microbenchmarks and the OMDP
1 Vega
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in Sanskrit means rush or speed.

application. Finally, we provide conclusions in Section VI.
II. BACKGROUND
A. System S
System S is a high-performance middleware platform for
writing applications that process large amounts of streaming data [7], [8], [9].2 Other stream processing systems
include STREAM [10], Borealis [11], StreamBase [12],
TelegraphCQ [13], and Infopipes [14]. Each job in the
System S programming model may be viewed as a data
flow graph with processing operators as nodes and the data
streams connecting these operators as directed edges within
a graph. The data in each stream is represented by typed
tuples. An operator may have arbitrary number of input ports
that receive tuple streams and an arbitrary number of output
ports that produce tuple streams.
System S applications are written in the SPADE language
which enables programmers to compose a set of operators
into the data flow graph representing the desired application
[15]. In addition to a set of built-in streaming operators,
such as for streaming relational algebra, the programming
language provides a flexible interface to allow user-defined
operators written in C++ or Java. The SPADE compiler
translates the Stream application to C++ classes and the resulting binaries are deployed to the cluster nodes at runtime.
In our work, we heavily rely on the user-defined operators
capability to implement the transport operators.
B. System S Transports
The communication mechanism used for a stream between
two ports depends on how the operators are mapped to runtime containers (called partitions or processing elements).
For efficiency purposes, SPADE allows fusion, wherein
multiple logical operators are physically combined into one
runtime process [16]. By default, a single thread executes the
code for the subgraph that is contained in the PE, executing
each operator in a depth-first manner. For sending a tuple to
another operator in the same partition, it (effectively) invokes
the downstream operator through function calls, with the
tuple being passed by reference (to avoid copy overhead).
For operators contained in different PEs, System S utilizes
an inter-process transport called RUM (Reliable Unicast
Messaging). This is a configurable high-throughput, lowlatency messaging transport. In addition to basic data transport, it provides other features such as high availability,
congestion control, and message filtering.
RUM provides a message send and receive API with
channel definitions and a push model of message delivery.
RUM can be configured to use TCP, IB, or shared memory
(within a single host), and it achieves high throughput and
low latency by adding threading and buffering. For sending
2 System S is a research project that was productized as IBM InfoSphere
Streams in 2009. The System S modifications we describe are not available
in the product version at this time.

data, an additional thread per System S PE collects messages
from different application level senders and is responsible
for the actual transmission of data over the medium. On
the receiving side, an (optional) thread receives data off the
medium on behalf of multiple receivers and then delivers it
to the application level threads. Thus, there are usually one
and possibly multiple additional threads in the transmission
path. Separate threads can be working on their tasks of
message transmission, receipt, and application processing in
parallel while maintaining stream ordering.
C. MPI
MPI has become the de facto standard for writing HPC
applications [17], [18]. Due to its popularity, MPI has been
ported to many different processor architectures and can take
advantage of many different types of physical networks.
MPI-1 provides point-to-point communication operations,
collective operations, synchronization, and topology information among other features. MPI-2 adds features such
as parallel I/O and dynamic process management. For this
work, we used MVAPICH2 [19] and OpenMPI [20]. The
numbers reported in the paper were obtained with MVAPICH2.
D. InfiniBand
IB is a high-performance switched network, used as an
alternative to standard Ethernet-based networks within a
clustered environment. IB owes much of its performance
advantages to the network adapter or host channel adapter
(HCA) which provides a work queue abstraction, kernel
bypass, and remote direct memory access (RDMA). When
an application wants to send data, it posts a request on the
HCA work queue. The request contains the address of the
data and a length. The sending HCA takes care of fragmentation and reliable delivery. The receiving HCA takes care
of reassembly. Kernel bypass means an application does not
need to make a system call to post a request to or collect
completion events from the work queue. RDMA means the
HCA will place messages in their final destinations. The
receiver does not waste time copying data.
III. T RANSPORT O PERATORS
To allow streaming application writers to take advantage
of technologies such as MPI or IB, we propose transport
operators. An application writer provides custom transport as
a sender operator and a receiver operator. In System S these
operators would be implemented as SPADE user-defined
operators. The sender receives tuples from an operator on
its input port and sends them out as binary blobs to the
receiver. The receiver converts the binary blobs into tuples
and sends them to an operator on its output port. Suppose
we want an operator A to communicate with an operator B
as shown in Figure 1(a). To use custom transport operators,
we first add a sender operator (S) and a receiver operator (R)
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between A and B as shown in Figure 1(b). The dotted line
between S and R represents the new transport connection.
After adding S and R, we fuse A with S and B with R. Thus
tuples are passed from A to S (and R to B) with function
calls.
Another aspect of customizing transports is automating
the process of inserting the sender and receiver operators
into an application. Inserting these operators manually can
be time consuming and error prone. For example, the OMDP
application uses several dozen operators, and we have other
streaming applications that use thousands of operators. We
have developed a SPADE preprocessor tool to automatically
add transport operators to applications. This tool parses the
application specification into a syntax tree. When it detects
that operator A’s output port is connected to operator B’s
input port in a different partition, it breaks this connection
and inserts a transport sender/receiver pair.
High-performance transports such as Vega, MPI, and
RUM require spinning threads. While spinning threads ensure the best response time, they reduce CPU available to
applications. When multiple output ports are connected to a
single input port, the tool groups the connections to a single
source operator to avoid creating multiple transport operators
and unnecessary spinning threads.
Once the application has been augmented, we convert the
syntax tree back to an application specification and submit
it to the SPADE compiler.
In our first attempt to create custom transport operators,
we tried to exploit MPI which runs well on many HPC platforms. However, we faced several challenges which we have
not been able to completely overcome. First, we encountered
difficulties with both MVAPICH2 and OpenMPI because
System S and and MPI have their own job management
mechanisms. The dynamic process management support in
MPI should help resolve these differences, but unfortunately
this feature is not yet well supported. We are working with
the developers of OpenMPI to tackle the remaining challenges. Second, we also encountered issues with threading
support that prevent us from reporting performance numbers
for MPI over shared memory at this time; thus, we are only
able to evaluate MPI in the internode case. Finally, the most
efficient MPI primitives like MPI Recv are not interruptible,
which makes it difficult to write operators that shutdown
properly on request.
Given our difficulties with MPI, we decided to explore a
new option for writing transport operators using IB called
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Figure 2.

Circular buffer queues used by Vega

Vega. The next section provides a detailed discussion of this
new transport.
IV. V EGA T RANSPORT
Vega is our name for a low-overhead, high-throughput,
lock-free transport mechanism that uses a unidirectional
point-to-point communication design. To achieve the best
performance, it avoids locks and memory copies. Vega
borrows heavily from prior work on efficient RDMA based
transports over IB by Liu [3].
The Vega API is minimalistic. It consists of five calls for
data movement plus a few more for connection establishment. Since it uses point to point communication, we will
refer to the sender and receiver as the connection endpoints.
Most functions are inline for performance. The sender uses
the following calls:
• ready to send(sender): Check if Vega has room to send
a new buffer.
• put(sender, data, size): Save the data in the internal
queue and send a copy to the receiver.
The receiver uses the following calls:
• available(receiver): Check if Vega has new data available.
• get(receiver, chunk, size): Obtain the next data buffer
and return the slot id of the next buffer.
• release buffer(receiver, slot id): Release a buffer previously obtained by the get call. This allows Vega to
reuse the buffer to receive new data.
To avoid kernel overhead, the API calls are non-blocking
and there is no mechanism to wait for new data to arrive.
This means the receiver must loop until data arrives. Similarly, the sender must call ready to send in a loop until there
is space to send more data. Busy waiting will most likely
occur but this is not unusual in high-performance transports;
it exists in MPI and RUM as well.
Internally, Vega is implemented around a pair of circular
buffer queues, one at the sender and one at the receiver, as
shown in Figure 2. The receiver’s queue is a mirror copy
of the sender’s queue. We use IB RDMA writes to push
updates between the two queues. The queues are allocated
entirely at the beginning of the execution.

When the sender posts new data to the queue, the data
is first copied into the local buffer. A begin marker, the
size, and an end marker are added. Then we issue an IB
RDMA write to copy the data along with the markers and
size in one operation. Since IB guarantees reliable, in-order
delivery of data, we can rely on memory changes to detect
the arrival of new data. The receiver simply polls the head of
its own queue until the begin marker appears. It then uses
the size of the buffer to locate the end marker and starts
polling the memory for the arrival of the end marker. The
arrival of both markers indicates that a complete buffer has
been received. The sender picks the end of buffer marker
appropriately to avoid conflicts with data previously sent to
the same location. When the receiver releases the new buffer,
it uses an IB RDMA write to signal the sender that the buffer
is free. This signaling mechanism was first used by the IB
transport of MPICH2 [3].
Over shared memory the protocol is almost identical
except the IB calls are skipped. Instead the sender and
receiver share the same queue via the Linux shared memory
system. Any changes made by the sender is immediately
visible to the receiver and vice versa.
Both the Vega sender and receiver transport operators
expose the maximum message size and queue size to the
System S application writer. The sender operator also exposes an additional parameter which controls whether calls
to the Vega transport should be protected with a mutex. In
System S, operators can be multi-threaded (especially userdefined operators) and when combined with fusion, this can
result in multiple threads invoking the same operator code
concurrently. It is safer to always use the mutex to protect
the operator, and this is the default behavior.
At this point, Vega is a prototype and has several limitations compared to RUM and MPI. The Vega message
size and queue size are not dynamic. While we were able
to determine good sizes for the OMDP application, this
required a good understanding of the application. Vega
does not support fragmentation and reassembly of messages.
The maximum message size must accommodate the largest
message the application will generate. If very large messages
are sent, Vega will suffer from the initial memory copy
since it does not have a copy-free mechanism like the MPI
Rendezvous protocol [21]. Finally, Vega lacks features such
as multi-rail support that can be found in RUM and MPI.
V. E VALUATION
In this section we evaluate Vega transport using microbenchmarks and a real-world financial application, for
both an internode cluster-based scenario (using IB) as well
as an intranode scenario (using shared memory). In the
internode case, we compare Vega to MPI and RUM with
microbenchmarks. Due to the difficulties with MPI which we
discussed in Section III, we only compare Vega to RUM with
the real-world financial application. In the intranode case,

we compare Vega to operator fusion (or Fused), MPI, and
RUM with microbenchmarks. Due to the poor performance
of RUM, we only compare Vega to Fused and MPI with the
real-world application. We treat the internode and intranode
scenarios independently, and we do not attempt to make
comparisons between them.
We chose the real-world financial application because its
topology includes both fan-in and fan-out which is found in
many streaming applications. In addition, the performance
of the application is measured in terms of throughput (input
load) and latency (processing time) which are important
transport metrics. While the performance of the application
can vary depending on the topology, the topology is fixed
in order to focus on transport performance.
A. Benchmarks
1) Microbenchmarks: To measure latency across IB, we
used a sender-reflector-receiver SPADE application. The
sender and receiver are placed on the same node while the
reflector is placed on a different node. The sender is configured to output tuples at a desired rate to the reflector which
forwards each tuple to the receiver. Each tuple contains a
time stamp. The receiver calculates the round-trip time for
each tuple, and we report the one-way latency as half the
round-trip time. To measure latency across shared memory,
we dropped the reflector and report the one-way latency as
calculated by the receiver.
To measure throughput across IB and shared memory,
we used a sender-receiver SPADE application. The sender
outputs tuples to the receiver as fast as possible. The
receiver records the time between the arrival of the first and
last tuples. After the last tuple, the receiver calculates the
throughput by dividing the data volume it received (total
number of tuples multiplied by the size of each tuple) with
the elapsed time.
Both the latency and throughput microbenchmarks were
run for ten seconds, and we used rdtsc to obtain time
stamps. For all of our runs, we turned off all unnecessary
OS daemons and pinned threads appropriately.
2) Options Market Data Processing Application: Figure
3 shows the logical view of our Options Market Data Processing (OMDP) application. Some number of feed senders
multicast prerecorded OPRA packets to the feed handlers.
OPRA is the Options Price Reporting Authority which
consolidates options quote and trade information from all US
options markets and deliver. Our OPRA data was collected
on Monday, February 4, 2008. While just two feed senders
are shown in the figure, we can use up to 24 feed senders,
one for each OPRA channel.
Each feed handler is assigned to one OPRA channel.
The feed handlers decode each packet and forward the
resulting messages to appropriate decision engines. The
number of decision engines is configurable. Each decision
engine is assigned a group of stocks in a particular exchange.
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Figure 3.

Logical view of the OMDP application.

This assignment is based on the symbol distribution in the
recoded data. Each decision engine processes all received
messages and forwards 1 out of 1,600 messages to the
metrics collector.
Messages are time-stamped upon arrival and exit at each
operator in the processing chain, and the time stamps are
carried along with the message. The metrics collector in
the third ply adds a final time-stamp, gathers the resulting
time stamps and uses them to calculate operator processing
times, time between operators, and end-to-end latencies.
Additionally, there is an ingest metrics collector not shown
in Figure 3 which receives data from each feed handler and
calculates missed messages.
When the OMDP application is running on multiple
machines, we use IBM Coordinated Cluster Time (CCT) to
synchronize the clocks and to obtain time stamps [22], [23].
CCT provides synchronization within 1 µsec for machines
connected via DDR IB. When the OMDP application is
running on a single machine, we use gettimeofday() to obtain
time stamps.
We collected 150,000 latency samples from the metrics
collector, and used the middle 100,000 for our results. If the
number of missed messages was greater than 0.01% for a
run, we considered the application incapable of handling that
message throughput. For all of our runs, we turned off all
unnecessary OS daemons and pinned threads appropriately.
In our previous paper [1], we used multi-threaded feed
handlers and decision engines to obtain the best performance. In this paper, the feed handler and decision engines
are single threaded to highlight transport performance.
B. InfiniBand (Internode) Results
Our IB testbed consists of IBM HS21 blades running 64bit Red Hat Enterprise Linux 5.3 [24]. The blades contain
two Intel Xeon X5365 processors running at 3.0 GHz. Each
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Vega, MPI, and RUM performance over IB.

processor has 4 cores with an L1 cache of 32 KB and an L2
cache of 4 MB. Each blade contains 16 GB of RAM. All
the blades are connected with 1 Gb/sec Ethernet and DDR
IB which provides a theoretical throughput of 16 Gb/sec.
The DDR switch is a Cisco SFS-7012 and the HCA are
Mellanox ConnectX IB DDR MT25418.
1) Microbenchmarks: Figure 4(a) shows the latencies of
Vega, MPI, and RUM for tuples between 8 and 512 bytes.
We chose this range because OPRA messages are between
60 and 100 bytes long. While MPI is faster than Vega for
tuples between 8 and 64 bytes, Vega is faster than MPI for
tuples between 128 and 512 bytes. Vega is faster than RUM
throughout the tuple range.
Figure 4(b) shows the throughput of Vega, MPI, and RUM
for tuples between 32 bytes and 8 KB. Vega provides higher
throughput than MPI for tuples between 32 bytes and 1 KB.
In the 60 to 100 byte range, Vega is 1.9x to 2.4x faster than
MPI. However, MPI provides higher throughput for tuples
between 2 KB and 16 KB, Vega provides higher throughput
than RUM throughout the tuple range.
While MPI provides higher throughput for tuples between
2 KB and 16 KB, we believe that Vega can provide higher
throughput than MPI across the tuple range with further
tuning. In the next section, we show the effect of Vega tuning
on the OMDP application.
2) OMDP Application: We used a total of 39 HS21
blades for the OMDP application. 12 blades were used for
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24 feed senders. 12 blades were used for 24 feed handlers.
14 blades were used for 28 decision engines. 1 blade was
used for the latency metrics collector and the ingest metrics
collector.
First, we tuned Vega for the OMDP application. Figure
5 shows the latencies of the OMDP application with the
default Vega settings when the aggregate feed sender rate
is varied from 72,000 packets/sec to 720,000 packets/sec.
The figure also shows the effect of removing the mutex
protecting the HCA work queue, reducing the maximum
message size to 256 bytes, reducing the queue size to 32,
and finally the effect of all three combined. The default
maximum message size is 64 KB, and the default queue
size is 128. The combination of all three not only reduces
the latency by about 15%, it also allows the application to
process packets at a higher rate. The combination of all three
allows the application to process up to 720,000 packets/sec
versus 576,000 packets/sec. Without all three optimizations,
the number of missed messages is greater than 0.01% at
720,000 packets/sec.
Figure 6 shows the latency breakdown of the OMDP
application with Vega (tuned) and RUM. The overall latency
with Vega is lower than the overall latency with RUM. With
Vega the overall latency ranges from 27.4 µsec to 27.8
µsec. With RUM the overall latency ranges from 85.5 µsec
to 105.1 µsec. Also, RUM is not able to support 720,000
packets/sec.
The overall latency consists of the time in the feed
handlers (“FH”), the time between the feed handlers and the
decision engines (“To DE”), the time in the decision engines
(“DE”), and the time between the decision engines and the
metrics collector (“To MC”). With both Vega and RUM, the
OMDP application spends approximately the same amount
of time computing in the feed handlers and the decision
engines. However, with Vega the OMDP application spends
much less time transporting data than with RUM. With Vega
the OMDP application spends 5.7 µsec to 6.0 µsec in “To
DE” and 4.7 µsec to 4.9 µsec in “To MC”. This is less than
40% of the overall latency. In contrast, with RUM the OMDP
application spends 35.6 µsec to 54.0 µsec in “To DE” and
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OMDP latency over IB with Vega and RUM.

29.3 µsec to 30.9 µsec in “To MC”. This is greater than
75% of the overall latency.
C. Shared Memory (Intranode) Results
Our intranode testbed consists of an IBM x3950 X5
running 64-bit Red Hat Enterprise Linux 5.5 [24]. The IBM
x3950 X5 is a 32-core NUMA machine with four Intel Xeon
X7560 processors running at 2.26 GHz. Each processor has
8 cores, an L1 cache of 32 KB, an L2 cache of 256 KB,
and an L3 cache of 24 MB. The machine has 256 GB of
RAM. For the experiment we disabled DVFS (Dynamic
Voltage/Frequency Scaling) to ensure that the processors
were running at maximum frequency.3
1) Microbenchmarks: Figure 7(a) shows the one-way
latency with a sender-receiver application for Vega, Fused,
and RUM. In the Fused case, since the communication
between sender and receiver is through function invocations,
the latency is extremely small – about 0.1 µsec. With Vega,
the latencies range from 0.5 µsec to 0.7 µsec, while the
RUM latencies range from 18 µsec to 22 µsec.
Figure 7(b) shows the throughput result for Vega, Fused,
and RUM. With Fused, the throughput is quite high and
ranges from 25.3 million messages/sec to 27.8 million
messages/sec. With Vega the throughput ranges from 10.1
million messages/sec for 32 bytes tuples to 0.8 million
messages/sec for 16 KB tuples. With RUM the throughput ranges from 2.8 millions messages/sec for 256 byte
tuples to 70,000 messages/sec for 16 KB tuples. The fusion
throughput is stable across the tuple sizes because there is
no copying involved, whereas in the other cases the copy
overhead causes a dropoff with tuple size.
2) OMDP Application: To fit the OMDP application on
32 cores available on our IBM x3950 X5, we reduced it
(relative to the internode case) to 2 feed senders, 20 feed
handlers, 8 decision engines, 1 latency metrics collector,
and 1 ingest metrics collector. The Vega version has 30
separate processes, while the Fused version has a single
3 We did not mention DVFS in our IB testbed discussion because DVFS
is not available on HS21 blades.
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process which contains the 20 feed handlers, 8 decisions
engines, and the 2 metrics collectors. The single process
has 20 threads, one for each feed handler. When a thread
sends a tuple to a downstream operator (a decision engine
in this case) it continues until it reaches a sink (a metrics
collector). In all cases, the feed senders run as separate
processes outside the application.
Figure 8 shows the latencies of the OMDP application
with Vega and Fused when the aggregate feed sender
packet rate is varied from 60,000 packets/sec to 600,000
packets/sec. While the microbenchmarks show that Fused
is faster than Vega, the OMDP application latencies are
smaller with Vega than Fused above 120,000 packets/sec.
Most of this is due to the increase in the time spent in
the feed handlers, which is caused by two effects. First, a
single OPRA FAST [25] packet contains multiple messages,
and second, after a packet is decoded all the resulting
messages are processed in sequence by the single thread
corresponding to that feed handler. While the first message is
being processed, the subsequent messages are queued. Since
the time stamp for all the messages in the packet reflect the
arrival of the packet, the latency of the subsequent messages
includes the latency of the earlier message in that packet.4
Compared to this, the Vega configuration can exploit more
4 The increase in the decision engine time is due to contention at mutexes
protecting counters. However, this increase is much smaller compared to
the feed handlers.

pipelining because the feed handler and decision engines
execute in independent threads.
VI. C ONCLUSIONS
In this paper, we proposed a method that provides more
flexibility to System S application writers, by inserting
custom transport as application-level operators. We demonstrated that this method can be used for leveraging an
existing data transport such as MPI as well as a custom
data transport such as Vega. While we were not able to fully
implement MPI as a data transport, we feel that it will be
possible in the future as MPI dynamic process management
support matures.
We showed that Vega is a promising data transport for
System S. Vega outperforms RUM significantly over IB
and shared memory. Vega outperforms MPI for small tuples
over IB. While Vega did not outperform operator fusion in
the microbenchmarks, it provides an attractive alternative
to operator fusion for applications running on multi-core
machines, especially those applications that want to take
advantage of the fault tolerance and security provided by
separate address spaces.
In the future, we plan to mature Vega and extend our study
to more transports that can be used in stream processing
applications. We also plan on using the flexibility mechanism to dynamically fuse operators and make applications
adaptive to resources at runtime.
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