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Abstract

Kahn defined a formal model for networks of processes
that communicate through channels carrying streams of
data tokens. His mathematical results show the neces-
sary conditions for an implementation to be determinate,
that is, for the results of the computation to be identical
whether the processes are executed sequentially, concur-
rently, or in parallel. In our Java implementation chan-
nels enforce blocking reads and each process has its own
thread in order to ensure determinacy and avoid deadlock.
The network connections required to maintain the com-
munication channels between processes executing on sep-
arate servers are automatically established when parts of
the program graph are distributed to other servers by Java
Object Serialization. Our Java implementation of process
networks is suitable for execution on a single computer, a
cluster of servers on a high-speed LAN, or geographically
dispersed servers on the Internet.

1 Introduction

Kahn defined a formal model for networks of concur-
rent processes that communicate through first-in first-out
channels carrying streams of data elements [10, 11]. Pro-
cesses produce data elements and send them along a com-
munication channel where they are stored until the des-
tination process consumes them. Communication chan-
nels are the only method processes may use to exchange
information. For each channel there is a single process
that produces data and a single process that consumes
that data. Multiple producers or multiple consumers con-
nected to the same channel are not allowed. 1 Figure 1
�
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1Kahn allows several consuming processes to share a channel with
each consumer receiving a copy of the same data sequence. Instead, we

Figure 1: A simple process network with a Producer,
Worker, and Consumer arranged in a pipeline.

Figure 2: A process network that computes Fibonacci
numbers, which are recursively defined by the equation
fn � fn � 1

�
fn � 2. The Cons process inserts an element

at the head of a stream. The Duplicate process creates
multiple copies of a stream. The Print process prints the
elements of a stream. The Add process adds two streams
element-wise.

shows a simple process network with three processes con-
nected by two channels. An example of a process network
that computes Fibonacci numbers is shown in Figure 2.

Kahn requires that execution of a process be suspended
when it attempts to get data from an empty input chan-
nel. A process may not, for example, examine an input
to test for the presence or absence of data. He showed
that requiring processes to block when attempting to read
from empty channels allows processes to be represented
as continuous functions over a complete partial order (the
set of streams of data elements with a prefix order). A pro-

allow only a single consuming process for each stream but have pro-
cesses, such as Duplicate, that explicitly duplicate streams.



gram graph can be represented as a collection of equations
that have a unique minimum solution that corresponds to
the history of all data elements produced on all streams.
Thus systems that obey Kahn’s model are determinate:
the history of data elements produced on the communica-
tion channels is uniquely determined by the equations rep-
resenting the program graph and does not depend on the
execution order [10]. This implies that so long as block-
ing reads are enforced, the results of a computation are
unique and correct whether the program is executed on a
computer with a single processor, a computer with mul-
tiple processors, or many computers distributed across a
network.

Individual processes can be defined in a host language,
such as C++ or Java, with the semantics of the network
serving as a coordination language. Care must be taken
when writing code in the host language. It may be tempt-
ing to use shared variables or other mechanisms in the host
language to circumvent the communication channels, but
this may violate Kahn’s model and result in a nondeter-
minate system. With a little discipline it is not difficult to
write determinate programs.

Because process networks expose parallelism and make
communication explicit, they are well suited to a variety
of signal processing and scientific computation applica-
tions. The process network model, or a special case of
process networks such as dataflow [12], is used in applica-
tions such as embedded signal processing [4], sonar beam
forming [1], and image processing for geographical infor-
mation systems [15].

1.1 Related Work

We have previously implemented process networks in
C++ [13] and Java [14], as have others [1, 9, 15, 16].
Some have even used CORBA to implement distributed
process networks [2]. Our current implementation has
several advantages over these other implementations. Un-
like [1, 9, 13, 14] our implementation is designed for dis-
tributed computing. Our program graphs can run not only
on multi-processor servers, as with these other implemen-
tations of process networks, but also on a cluster of servers
on a local network or even on a loose collection of servers
on the Internet. The implementation described in [15, 16]
does support distributed computing, however all commu-
nication passes through a central server. Even processes
running on the same server must communicate with each
other indirectly through the central server. In our imple-
mentation all communication between processes, whether
running on the same server or on different servers, is di-
rect and does not pass through the central server.

The implementation described in [2] is most similar to
ours. One important difference is that dynamic reconfigu-

ration, in which the program graph is modified during ex-
ecution, are managed from a central console in their sys-
tem. In our system the program can be self-modifying, so
reconfigurations occur locally rather than centrally. Be-
cause we use Java rather than CORBA, we can easily dis-
tribute executable implementations of classes to remote
compute servers. Our implementation also takes advan-
tage of features of Java Object Serialization to automate
the establishment of network connections that are nec-
essary for communication between processes running on
different servers.

Before we go into detail about our implementation of
process networks, we first review the formal underpin-
nings of this model of computation. This will establish
sufficient conditions for our implementation to produce
determinate systems.

2 Formal Properties of Process Net-
works

In Kahn’s mathematical representation of process net-
works [10] communication channels are associated with
streams (sequences of data elements), possibly infinite in
length, and processes are continuous functions operating
on streams. This allows us to describe a process network
by a set of equations.

2.1 Streams

A stream is a finite or infinite sequence of data elements:
X � � x1 � x2 � x3 �����	� 
 . The empty stream is represented by
the symbol � . Let S be the set of all such streams. Con-
sider a prefix ordering of streams, where the stream X pre-
cedes the stream Y (written X � Y ) if X is a prefix of (or
is equal to) Y . It could also be said that Y extends X .
For example, the stream X � � 0 
 is a prefix of the stream
Y � � 0 � 2 
 , which is in turn a prefix of Z � � 0 � 2 � 1 � 3 � 4 ���	��� 
 .
The empty stream � is a prefix of all streams.

The prefix relation � is reflexive (X � X), antisymmet-
ric (if X � Y and Y � X then X � Y ), and transitive (if
X � Y and Y � Z then X � Z). Thus, the prefix relation
� defines a partial order over the set S. Any (possibly
infinite) increasing chain of streams 
X ��� X1 � X2 � X3 �����	���
with X1 � X2 � X3 ���	��� has a least upper bound ��
X such
that Xi ��� 
X for all Xi � 
X . The least upper bound can be
interpreted as a limit:

��
X � lim
i � ∞

Xi (1)

Thus, the prefix relation � defines a complete partial or-
der over the set S because every increasing chain has a
least upper bound that is also in S.
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2.2 Processes

A process is a functional mapping from an input stream
to an output stream f : S � S. A function f maps an in-
creasing chain 
X � X1 � X2 � X3 ���	��� into another set of
streams 
Y � Y1 � Y2 � Y3 �	���	� where Yi � f � Xi � for all Xi � 
X .
In general, the resulting set of streams 
Y may or may not
be an increasing chain.

A function f is defined to be continuous if and only if
for any increasing chain

f � lim
i � ∞

Xi � � lim
i � ∞

f � Xi � (2)

Continuity can also be interpreted in terms of least upper
bounds:

f � � 
X � � � 
Y (3)

This implies that 
Y is itself an increasing chain when f is
continuous. Clearly then, the composition of two contin-
uous functions f and g is itself continuous:

f � g � lim
i � ∞

Xi ��� � lim
i � ∞

f � g � Xi ��� (4)

Functions that map an increasing chain into another in-
creasing chain are said to be monotonic:

X � Y ��� f � X � � f � Y � (5)

All continuous functions are monotonic[12], and the com-
position of two monotonic functions f and g is itself
monotonic:

X � Y ��� f � g � X �	� � f � g � Y �	� (6)

The following functions are examples of continuous
mappings:

first � U � Returns the first element of the stream U . By
definition, first � � � � � .

rest � U � Returns the stream U with the first element re-
moved. By definition, rest � � � � � .

cons � x � U � Inserts a new element x at the beginning of
the stream U . By definition, cons � � � U � � � , and
cons � x � � � �

�
x 
 .

All of our discussion thus far can be generalized from
streams in the set S to p-tuples of streams in the set Sp:

X ��� X1 � X2 �����	�	� Xp � � Sp. Then � p � Sp is a set of empty
streams. The prefix ordering for elements of Sp is then
defined such that 
X ��
Y if and only if Xi � Yi for all Xi � 
X .
The prefix relation � defines a complete partial order over
the set Sp. We can also have functions that map a set of
input streams to a set of output streams f : Sp � Sq. The
definitions of continuous and monotonic functions for Sp

are analogous to those given above for S.

Using the mathematical representation of communica-
tion channels and processes, we can describe a process
network as a set of equations with functions operating
on sets of streams. If fact, we can compose all of the
functions in a process network into a single function f
that is continuous (and monotonic) and combine all of the
streams in the network into a single p-tuple 
X .

With a continuous function over a complete partial or-
der there is a unique minimal (in a prefix sense) solution
to the fixed point equation:


X � f � 
X � (7)

We can use an iterative procedure to solve for the least
fixed point. Initially we let all streams be empty, 
X0 � � .
Then we extend the inputs using the previous output of the
function, 
X1 � f � 
X0 � � f � � � . We continue this procedure,
repeatedly extending the inputs, 
X j  1 � f � 
X j � . Because f
is monotonic (as a consequence of being continuous) the
sequence 
X0 �!
X1 �!
X2 � ����� �"
X j � �	��� forms an increas-
ing chain. Because Sp is a complete partial order, this in-
creasing chain has a unique least upper bound. This least
upper bound is a solution to the fixed point equation.

Kahn’s blocking read semantics provide sufficient con-
ditions for the function representing a process to be con-
tinuous. When the functions are continuous mappings
over a complete partial order, there is a unique least fixed
point that corresponds to the histories of data elements
produced on the communication channels [10]. Because
the least fixed point is unique, the channel histories are de-
termined by the definitions of the processes and the net-
work describing the communication between them. The
number of data elements produced, and their values, are
determined by the definition of the system and are not af-
fected by the choice of execution order. We call such sys-
tems determinate.

3 Process Networks in Java

In creating a Java implementation of process networks,
one of our goals has been to follow existing conventions in
the Java API so that programmers will find our implemen-
tation easy to use correctly. There are some constraints of
Kahn’s process network model that we have chosen not to
strictly enforce, so we depend on ease-of-use to promote
the discipline required to create programs that conform to
these constraints. It would not be impossible to enforce
these restrictions, such as having only a single producer
and a single consumer process for each stream, but this
would incur some run-time overhead. Alternatively, a vi-
sual front end could be used for programming. This front
end would generate Java code to implement the process
network graph that the programmer had drawn. The re-
sponsibility for consistency checking could be given to

3



Figure 3: Classes used at each layer to implement the
communication channels used by processes. The class
at the lowest layer can be replaced to provide communi-
cation between processes on the same server or different
servers.

this visual front end, relieving the run-time system of this
burden.

3.1 Channels

The connections between processes that are denoted
mathematically by streams are embodied operationally as
first-in first-out queues called channels. Figure 3 shows
some of the classes in our implementation of channels. A
Channel object represents a connection between Pro-
cess objects. The getOutputStream and get-
InputStream methods provide indirect access to the
Channel through Java streams. Because the write and
read methods of Java streams operate on bytes or arrays
of bytes, the individual bytes passing through a Channel
correspond naturally to the data elements of the math-
ematical representation of streams. Thus all Process
objects communicate through streams of bytes by using
the write and read methods of ChannelOutput-
Stream and ChannelInputStream.

In order to preserve the mathematical seman-
tics of streams, read operations on channels must
block if no data is available [11]. Unfortunately,
java.io.InputStream allows non-blocking read
operations. When reading an array of bytes, the operation
may complete early, returning fewer bytes than were re-
quested. Our BlockingInputStream class enforces
blocking reads.

The actual transfer of data across a channel takes place
at the lowest layer in the diagram shown in Figure 3. Our
LocalOutputStream and LocalInputStream
classes extend the java.io.PipedOutputStream
and java.io.PipedInputStream classes to pro-

vide communication through a shared buffer in memory.
We have other input and output classes that use network
sockets and, as we discuss later, it may be necessary to
switch the underlying communication mechanism at the
lowest layer while the program executes. We accomplish
this switching with the SequenceOutputStream and
SequenceInputStream classes. These classes en-
capsulate a sequence of streams and can safely switch
their underlying Java stream, ensuring that all bytes are
delivered in order and preserving the first-in first-out
queue semantics for channels.

Even though all communication between processes
takes the form of streams of bytes, a process may
send more complex data types across a channel
by layering a java.io.DataOutputStream or
java.io.ObjectOutputStream over a Chan-
nelOutputStream. Methods of these classes such
as writeInt, writeDouble, and writeObject
serialize these more complex types, converting them
into a sequence of bytes that are written to the
underlying ChannelOutputStream. A receiv-
ing process layers a java.io.DataInputStream
or java.io.ObjectInputStream over the corre-
sponding ChannelInputStream in order to correctly
interpret the incoming stream of bytes.

Because higher level formatting of the byte stream is
carried out within a process, we can retain the model of
processes communicating only through streams of bytes.
Some processes, such as Cons and Duplicate sim-
ply process bytes and need not be aware of any structure
within a byte stream. This allows us to have a single, type-
independent implementation of such processes.

3.2 Processes

In our implementation of process networks, each process
executes in its own Java thread using our Process in-
terface. This makes it possible to exploit the parallelism
available in the program graph. To implement a new type
of process, one simply defines a new class that imple-
ments the Process interface and provides an implemen-
tation of the run method. Because many processes are it-
erative with one-time initialization and cleanup code that
should be executed as the process starts or stops, we pro-
vide IterativeProcess as an abstract base class for
developing new process types. This class provides several
protected methods (onStart, step, and onStop) with
useful default implementations in addition to a default im-
plementation of the run method, as shown in Figure 4.

The default implementation of onStart does nothing,
so a new class should provide an implementation only if
one-time initialization that is not appropriate for the con-
structor is needed. The provided implementation of run
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public void run()
{ try

{ onStart();
if(iterations > 0)

while(iterations-- > 0) step();
else while(true) step();

}
catch(IOException ignored) {}
finally { onStop(); }

}

Figure 4: The run method of IterativeProcess.
The onStart method is invoked once as execution be-
gins. The stepmethod is executed until an iteration limit
is reached (if such a limit is specified) or until an excep-
tion occurs. The onStop method is invoked once as exe-
cution ends.

protected void step() throws IOException
{ int b = input.read();

for(int i = 0; i < outputs.length; i++)
outputs[i].write(b);

}

Figure 5: The step method of Duplicate.

calls this method first before beginning the main work of
the process.

The default implementation of step does nothing, so a
new class should provide an implementation that performs
one step of the process’s work. The provided implemen-
tation of run repeatedly invokes step for the specified
number of iterations (or indefinitely if no iteration limit
was specified in the constructor).

The default implementation of onStop closes all of
the input and output streams associated with the process.
If a process terminates, either because the iteration limit
was reached or because onStart or step encountered
an exception, then all of that process’s input and output
streams are closed.

Often a new process type can be implemented by sim-
ply extending IterativeProcess and implementing
the step method. For example, the step method for
a Duplicate process that creates multiple copies of a
stream is shown in Figure 5.

We have also defined a CompositeProcess class
that can express hierarchy in the program graph. Be-
cause requiring the step methods of the component pro-
cesses to be executed in sequence could lead to dead-
lock, we retain a separate thread for each process within
a CompositeProcess to avoid introducing deadlock
through composition. Figure 6 shows code using a Com-
positeProcess that constructs the process network

Figure 7: A self-modifying process network that com-
putes the sequence of prime numbers using the Sieve of
Eratosthenes. Modulo processes are inserted to remove
multiples of each newly encountered prime.

for computing Fibonacci numbers.

3.3 Reconfiguration

Processes and the channels that connect them may be
added to or removed from a process network not only dur-
ing the initial construction of the graph but also during ex-
ecution. Care must be taken to preserve any unconsumed
data residing in the channels at the time that reconfigu-
ration takes place. In order to maintain determinism it
is important that reconfiguration be initiated by processes
and not some external agent.

An example of a self-reconfiguring process network
treated by Kahn and MacQueen [11] is shown in Figure 7.
This process network computes prime numbers using the
Sieve of Eratosthenes. The sequence of integers begin-
ning with 2 is operated on by the Sift process and the re-
sulting sequence of prime numbers is printed. The Sift
process can be defined recursively or iteratively. In a re-
cursive definition, as shown in Figure 7, the Sift process
replaces itself with a Modulo process, which filters out
multiples of a newly encountered prime, and a new Sift
process. In an iterative definition, as shown in Figure 8,
the Sift process repeatedly inserts new Modulo pro-
cesses ahead of itself but remains in the program graph.

When a new Modulo process is inserted into the graph,
it is assigned the input channel previously belonging to
the Sift process. Because the rearrangement of chan-
nel connections and the activation of the Modulo pro-
cess is controlled by the Sift process, determinism is
preserved. When activated, the Modulo process reads
from the channel precisely where the Sift process left
off; data elements are neither lost nor repeated.

An example of a self-reconfiguring process network in
which processes are removed from the program graph is
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Channel ab, be, cd, df, ed, eg, fg, fh, gb;
ab = new Channel(); be = new Channel(); cd = new Channel();
df = new Channel(); ed = new Channel(); eg = new Channel();
fg = new Channel(); fh = new Channel(); gb = new Channel();

CompositeProcess p = new CompositeProcess();

p.add(new Constant(1, ab.getOutputStream(), 1));
p.add(new Cons(ab.getInputStream(), gb.getInputStream(), be.getOutputStream()));
p.add(new Duplicate(be.getInputStream(), ed.getOutputStream(), eg.getOutputStream()));
p.add(new Add(eg.getInputStream(), fg.getInputStream(), gb.getOutputStream()));
p.add(new Constant(1, cd.getOutputStream(), 1));
p.add(new Cons(cd.getInputStream(), ed.getInputStream(), df.getOutputStream()));
p.add(new Duplicate(df.getInputStream(), fh.getOutputStream(), fg.getOutputStream()));
p.add(new Print(20, fh.getInputStream()));

new Thread(p).start();

Figure 6: An example showing the construction of a process network program graph to compute Fibonacci numbers.
The visual representation of this program graph is shown in Figure 2.

protected void step() throws IOException
{ long prime = inputs[0]).readLong();

outputs[0].writeLong(prime);
Channel ch = new Channel();
OutputStream out = ch.getOutputStream();
Modulo mod = new Modulo(in, out, prime);
in = channel.getInputStream();
inputs[0] = new DataInputStream(in);
new Thread(mod).start();

}

Figure 8: The step method of Sift. A Modulo pro-
cess is inserted into the program graph to filter out multi-
ples of each prime number read from the input.

shown in Figures 2 A Cons process prepends an initial
constant at the head of a stream of data. After this a
Cons process functions as an identity process, copying
data from its input to its output. To avoid unnecessary
copying of data and improve efficiency, the Cons pro-
cesses remove themselves from the program graph. The
resulting, reconfigured process network is shown in Fig-
ure 9.

When a process removes itself from the program graph,
it is important to preserve all data elements in the channels
associated with the process. This preservation is accom-
plished using the SequenceInputStream contained
within every ChannelInputStream, as shown in Fig-
ure 10. When process b removes itself from the graph it
splices together channels 1 and 2. The InputStream
associated with the channel 1 is appended to the Se-
quenceInputStream from which process c is read-

Figure 9: A reconfigured process network from which the
Cons processes have removed themselves.

ing. Because process b no longer produces new data on
the channel 2, process c eventually reaches the end of the
data stream. TheInputStream for the channel 1 then
becomes active and process c continues to read data with-
out interruption.

3.4 Termination

Signal processing and scientific applications are often in-
tended to operate indefinitely with (conceptually) infinite
streams of data. Other applications have a well-defined
point at which they terminate. Our implementation of
process networks supports both non-terminating and ter-
minating programs.

Any process can have a fixed iteration limit imposed
upon it, as seen in Figure 4. To compute all prime num-
bers less than 100 in the process network of Figure 7, we
can impose an iteration limit on the Sequence process
so that it produces the sequence of integers from 2 to 100
and then stops. To compute the first 100 prime numbers,
which is a somewhat different task, we can impose an it-
eration limit on the Print process so that it stops after
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Figure 10: A reconfiguration, shown in 3 stages, in which
a process removes itself from the program graph, splicing
together its input and output channels.

printing 100 numbers.
Closing an InputStream causes an exception to oc-

cur the next time the corresponding OutputStream is
written to. When computing the first 100 prime numbers,
the Print process stops after reaching its iteration limit
and closes its channel. When the Sift process next at-
tempts to write to its output, it encounters an exception,
stops, and closes all its channels. This chain of events con-
tinues until all Modulo processes terminate and, finally,
the Sequence process terminates. The Sift, Mod-
ulo, and Sequence processes may perform some un-
necessary computation producing data that accumulates
in channels but is never consumed, but all of the processes
do terminate almost immediately after the Print process
stops.

Closing an OutputStream does not induce and ex-
ception upon the next read of the corresponding Input-
Stream. Instead an exception occurs only after the end
of the data stream is reached. When computing all prime
numbers less than 100, the Sequence process stops after
reaching its iteration limit and closes its channel. The first
Modulo process continues to execute, consuming the ac-
cumulated data on its input channel. When this data runs
out, the Modulo process encounters an exception, stops,
and closes all its channels. The next Modulo process
also continues to run until it consumes all of the data on
its input, at which point it encounters an exception, stops,
and closes all of its streams. This chain of events contin-
ues until all Modulo processes, the Sift process, and
the Print process terminate. In this case no unnecessary
computation occurs and all data produced is eventually
consumed. Termination is not immediate because down-
stream processes continue to execute until they have con-
sumed all available data.

Data-dependent limits are also possible. For example,
the Guard process in Figure 11 can be configured to stop
after processing the first true value from its control in-
put. In this example the Divide process divides two

Figure 11: A process network that uses Newton’s method
to compute square roots according to the equation rn �
� x # rn � 1

�
rn � 1 � # 2. Execution terminates when the limits

of precision of the floating-point representation have been
reached and the root estimate stops changing.

numbers, the Average process averages its inputs, the
Equal process tests for equality, and the Guard process
passes data to its output when its control input is true
and discards data otherwise. This process network uses
Newton’s method to compute increasingly accurate esti-
mates of the square root of x. When the limits of pre-
cison are reached and the estimate stops changing, the
Equal process emits a true value on its output, caus-
ing the Guard to pass one value to the Print process
and stop.

When one process stops, a chain reaction occurs that
eventually leads to the termination of all processes in
the program graph. Because a process closes all of its
channels when it stops, the processes to which it is con-
nected eventually encounter an exception that causes them
to stop – and close all of their channels. These excep-
tions even propagate across network connections, lead-
ing to the graceful termination of all processes in a dis-
tributed execution environment. No remote processes are
left running, consuming resources, after other processes
have completed execution.

3.5 Limited-Capacity Channels

In Kahn’s process network model, channels have un-
limited capacity and writes are non-blocking. In Java,
streams associated with pipes and network sockets inher-
ently have limited buffer capacity and the write method
of java.io.OutputStream blocks if the buffer is
full. As it turns out, such blocking writes are useful for
ensuring fair scheduling of processes. In the absence of
any structural constraints in the program graph, such as
directed cycles, allowing processes to run freely could un-
necessarily consume large amounts of memory.

For example, in Figure 1, if the Producer process
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Figure 12: An unbounded process network that computes
the sequence of integers of the form 2k3m5n. The Scale
process multiplies each element of a stream by a constant.
The Merge process performs an ordered merge, eliminat-
ing duplicates.

creates data at a faster rate than the Worker process con-
sumes it, data accumulates in the channel’s buffer. Be-
cause the Java run-time system makes no guarantees about
fairness in the scheduling of threads [5], the Worker and
Consumer processes might never get an opportunity to
run if channels had unlimited capacity.

Imposing a bound on a channel’s capacity can ensure
fairness in process scheduling. If a producing process
blocks when it eventually attempts to write to a full chan-
nel, the corresponding consuming process is given an op-
portunity to run. Thus, even if the Java run-time system
does not provide time-slicing among threads, a degree of
fairness is enforced through limited buffer capacity and
blocking writes.

Using limited-capacity channels with blocking writes
may introduce deadlock. Consider the example in Fig-
ure 12, considered by Kahn [11] and which Dijkstra at-
tributes to Hamming [7]. This process network produces,
in order, the sequence of integers whose prime factors are
2, 3, and 5. The first few elements of this sequence are
1, 2, 3, 4, 5, 6, 8, 9, 10, 12, 15, 16, 18, 20. Observe that
if an integer x is an element of the sequence, then so too
are 2x, 3x, and 5x. The sequence is computed by injecting
the initial element 1; recursively forming copies of the se-
quence multiplied by 2, 3, and 5; and then performing an
ordered merge of those three streams, eliminating dupli-
cates. Because each new element produced by the merge
process results in 1, 2, or 3 new elements accumulating
in the channels, the amount of storage required for the
channels grows without bound as the program executes.
If channel capacities are limited, deadlock will eventually
occur when a cycle of processes are blocked attempting to
write to full channels.

Using limited-capacity channels with blocking writes
may introduce deadlock, even in program graphs with no

Figure 13: A directed, acyclic program graph that may ex-
perience deadlock if channel capacities are limited. The
source process produces a sequence of consecutive in-
tegers. The mod process sends all values that are evenly
divisible by some constant N to its upper output and all
other values to its lower output. The merge process per-
forms an ordered merge of its inputs. The print process
prints the values read from its input.

directed cycles. Consider the example in Figure 13. For
every N data elements read, the Modulo process pro-
duces 1 element on its first output and N $ 1 elements on
its second output. If the capacity of this second channel
between the Modulo and Merge processes is too small,
then the Modulo process blocks writing to a full channel
before it can produce all N $ 1 data elements. Unfortu-
nately, the Merge process cannot consume data from this
channel because it is blocked reading from its other input,
which is empty. In order to break this deadlock, the buffer
capacity of the channel must be increased.

The default buffer capacities for Java streams are suf-
ficient for many programs, including all programs with
no undirected cycles, and we can select arbitrarily large
buffer sizes at the time that the program graph is con-
structed. However, determining the buffer capacities
needed to avoid deadlock caused by blocking writes is
undecidable (it is equivalent to the halting problem) so a
procedure is needed to manage buffer sizes as the program
graph executes. We have such a procedure [13] but need
to extend it for distributed computing using a distributed
deadlock detection algorithm.

With the implementation described thus far, a process
network can run on a single computer. Because there is
one thread per process, we can take advantage of multiple
processors when they are available. In the next section,
we describe how our implementation supports distributed
computing, using several computers connected by a net-
work.

4 Distributed Process Networks

In our distributed implementation of process networks, we
envision having a collection of servers at our disposal that
can perform computations on our behalf. These servers
could be part of a local cluster, or they could be dispersed
across the Internet. A process network program graph

8



can be created on one computer, and then some of the
Process objects can be sent to other servers where they
will be executed. If a CompositeProcess is sent to
a server, then that server could decompose it and redis-
tribute some or all of the component Process objects to
other available servers. It is our intention that this distri-
bution and redistribution of Process objects take place
both before and during execution of the program graph.

4.1 Compute Servers

To support distributed computing, we have implemented
a generic compute server that is accessible via Remote
Method Invocation (RMI). The entire implementation can
be contained in a single jar file that is less than 8K bytes
in size, making it easy to install on a new host. Entries for
each compute server in the RMI registry make it easy for
client applications to locate remote compute servers.

The Server interface defines two methods that can be
invoked remotely:

void run(Runnable target) throws IOException;
Object run(Task target) throws IOException, ClassNotFoundException;

Any object implementing the Runnable or Task inter-
face passed as an argument to the run method is seri-
alized and sent to the remote compute server for execu-
tion. In the case of Runnable objects, the server’s run
method returns immediately. In the case of Task objects,
the server’s run method waits for the execution of the
Task to complete so that it can return the result.

Specifying an appropriate value for the
java.rmi.server.codebase property when
invoking the client application allows the compute server
to dynamically download the class definition for the
Runnable or Task object passed as a parameter to
its run method. Thus, rather than having to install
the client application on all of the computers that host
compute servers (and having to install updates whenever
the application is modified) one can make the application
available for download from a single web server.

4.2 Automatic Connection Establishment

When processes are located on different com-
pute servers, the LocalOutputStream and
LocalInputStream objects shown in Figure 3,
which provide local communication through buffers in
memory, must be replaced with objects that provide
remote communication between servers using network
sockets. Rather than burdening the programmer with
the responsibility of performing this replacement, we
have made this chore completely invisible and automatic
by taking advantage of several features of Java Object
Serialization.

Figure 14: A process network that computes Fibonacci
numbers partitioned for execution on two servers.

As Java objects are serialized, any objects to which
they have references are also serialized. Thus,
when a Process is serialized and sent to a re-
mote compute server, the ChannelInputStream and
ChannelOutputStream objects to which it refers
(and the underlying objects to which they refer) are
also serialized. We have implemented writeObject,
readObject, writeReplace and readResolve
methods for our input and output stream classes so that as
they are serialized they perform actions to automatically
establish network connections between servers to main-
tain the channels in the program graph.

Consider what happens when the example from Fig-
ure 2 is partitioned into two CompositeProcess ob-
jects as shown in Figure 14. Both composite processes are
created on one computer (server A) and then the compos-
ite process containing Print is serialized and sent to a
remote compute server B. The ChannelInputStream
for the Print process, which initially has an underlying
LocalInputStream as shown in Figure 3, is serial-
ized along with the Print process.

As the LocalInputStream is being serialized,
it causes the corresponding LocalOutputStream
used by the Duplicate process to be replaced with a
RemoteOutputStream, which listens for incoming
network connections. When the LocalInputStream
arrives at server B and is deserialized, it replaces
itself with a RemoteInputStream that estab-
lishes a network connection back to the waiting
RemoteOutputStream on server A, thus main-
taining the communication path of the channel.
A similar sequence of events takes place when a
LocalOutputStream is serialized.

4.3 Decentralized Communication

Next consider what happens when the program graph
is partitioned into three CompositeProcess objects

9



Figure 15: A process network that computes Fibonacci
numbers partitioned for execution on three servers.

as shown in Figure 15. All of the composite processes
are created on server A, and then the composite process
containing Print is sent to server B as before. This
causes a network connection to be established between
servers A and B to maintain the channel between
Duplicate and Print. The composite process con-
taining Duplicate is then serialized and sent to server
C. The ChannelInputStream for the Duplicate
process and the ChannelOutputStream leading
from Duplicate to Add, which have underlying
LocalInputStream and LocalOutputStream
objects, are handled as before. The remaining
ChannelOutputStream for the Duplicate
process, which at this point has an underly-
ing RemoteOutputStream connected to a
RemoteInputStream associated with the Print
process on server B must be handled differently. We wish
to avoid having all communication between the processes
on servers B and C pass through server A. Instead we
prefer a direct connection between servers B and C.

As the RemoteOutputStream associated with the
Duplicate process is being serialized, it creates a
RedirectedInputStream, which is sent to server
B to replace the RemoteInputStream there. When
the RedirectedInputStream arrives at server B and
is deserialized, it listens for incoming network connec-
tions. When the RemoteOutputStream associated
with Dupulicate arrives at server C and is deserial-
ized, it establishes a network connection to the waiting
RedirectedInputStream on server B. A direct con-
nection now exists between the output of Duplicate on
server C and the input of Print on server B. After this
point, no further communication with server A is required
to maintain this channel.

5 Embarrasingly Parallel Comput-
ing

Many computations can be broken down into a collection
of independent tasks that can be carried out in parallel.
Such computations are sometimes referred to as ”embar-
rassingly parallel.” For example, an image can be divided
into 16x16 blocks of pixels that are compressed indepen-
dently with the results collected and written in order to
an image file. In this example, a Producer breaks the
image down into blocks of pixels, one or more Workers
compress each block, and a Consumer writes each com-
pressed block to an image file. Other embarrassingly par-
allel problems include the search for intelligent life on
other planets2[3], the search for large prime numbers3,
and the study of protein folding4.

Figure 1 shows one way of organizing such an embar-
rassingly parallel computation. The Producer, worker, and
Consumer are arranged in a pipeline so that some speedup
can be achieved when each process is executed on a sepa-
rate computer. The resulting speedup is limited by the de-
gree to which the three stages of the pipeline are balanced.
Unfortunately, the computation is typically dominated by
the worker with the producer and consumer frequently be-
ing idle waiting to send tasks to or collect results from the
worker.

Figure 16 shows one way to replace a single worker
with several workers executing in parallel. A Scatter
process takes N tasks from the producer and distributes
one to each of N workers. A Gather process collects
one result from each worker and sends these N results to
the consumer. Because the gather process collects results
in the same order in which tasks are sent to the workers by
the scatter process, the parallel composition in Figure 16
is, from the point of view of the producer and consumer
processes, equivalent to a single worker. Identical results
are presented to the consumer in the same order as the
single-worker computation in Figure 1.

In this arrangement of parallel workers, the same num-
ber of tasks is sent to each worker. Such static load balanc-
ing works well in a homogeneous computing environment
where the same amount of work is required by each task
and the computers on which the worker processes execute
all have the same available computing power. However, in
a heterogeneous computing environment the speedup at-
tainable with this arrangement will be limited by the rate
at which the slowest worker can execute tasks.

Figure 17 shows another way to replace a single worker
with several workers executing in parallel. The scatter and
gather processes in Figure 16 are replaced, respectively,

2http://setiathome.berkeley.edu/
3http://mersenne.org/
4http://foldingathome.stanford.edu/
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Figure 16: Parallel Workers (w) with static load balanc-
ing. The Scatter (s) and Gather (g) processes cause
equal numbers of tasks to be distributed to and collected
from the Workers.

by a Direct process and an indexed merge. The in-
dexed merge is composed of a Turnstile process and
a Select process as shown in Figure 18. This indexed
merge collects results from the workers as they become
available and creates an index stream indicating the order
in which the results are sent to the consumer. This index
stream then controls the order in which new tasks are dis-
tributed to the workers by the Direct process.

The Turnstile introduces a small degree of nonde-
terminism in that the sequence of values produced on the
index stream is not completely determined by the program
specification and depends in part on the ordering of events
in the execution environment. However, because Direct
and Select share this index stream, results are collected
from the workers in the same order in which tasks are sent
to the workers independent of the ordering of index val-
ues. Thus the order in which results are sent to the con-
sumer by the dynamically balanced parallel composition
in Figure 17 is identical to that for the statically balanced
composition in Figure 16 and the pipelined computation
in Figure 1. Despite the non-determinism introduced by
the Turnstile process, the final results of the compu-
tation are determinate. The MetaDynamic schema is
“well behaved” [6, 8], having an input-output relation that
is independent of the values on the index stream.

In this arrangement, each worker is sent a new task for
every task it completes. With this on-demand load bal-
ancing, faster workers process more tasks, slower workers
process fewer tasks, and all computing resources are fully
utilized. Such dynamic load balancing works well not
only in homogeneous computing environments, but also
in heterogeneous environments where the amount of work
required by each task may not be uniform and the comput-
ers on which the worker processes execute may have dif-
ferent available computing power and different competing
workloads.

Figure 17: Parallel Workers (w) with dynamic, on-
demand load balancing. The Direct (d) and indexed
merge (t+s) processes cause a new task to be distributed to
a Worker for every result collected from that Worker.
The Turnstile (t) and Select (s) processes within
the composite indexed merge process (t+s) are shown in
Figure 18.

Figure 18: An indexed merge composed of a
Turnstile and a Select. The Turnstile passes
results through to the Select in the order that they
become available (which can depend on the execution
speeds of the different Workers) and produces an index
stream indicating that order. This index stream is made
available both to the Select and to the Direct that
is shown in Figure 17 so that results are collected from
workers in the same order in which tasks are distributed.
An initial sequence is inserted into the stream of index
values by (n) to control the distribution of the first set of
tasks to the workers.
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5.1 Generic Computing with Active Objects

To facilitate the creation of new “embarrassingly parallel”
applications, we have implemented generic Producer,
Worker, and Consumer processes that operate on
Tasks. The Task interface defines one method:

Object run();

Our generic Producer repeatedly invokes run on a
single Task object supplied as a constructor argument
and writes the results (which are Tasks) to its output
channel. Our generic Worker repeatedly reads a Task
from its input channel, runs it, and then writes the result
(which is itself a Task) to its output channel. Our generic
Consumer repeatedly reads a Task from its input chan-
nel, runs it, and discards the result. Thus the computation
to be carried out on the data is defined not in the processes,
but in the objects containing the data itself.

The creation of a new application simply requires the
implementation of application-specific producer, worker,
and consumer Tasks. The result returned by the run
method of a producer Task is a worker Task, and
the result returned by the run method of a worker
Task is a consumer Task. The Producer, Worker,
and Consumer processes and the MetaStatic and
MetaDynamic composite processes are compmletely
generic and can be applied to new applications by defining
new producer, worker, and consumer Tasks.

5.2 Parallel Factorization

RSA public keys are created using the product of two
large prime numbers, N � P % Q. The security of the
cryptosystem depends on the difficulty of factoring large
numbers, so that knowledge of N does not reveal P or Q.
A ”weak” key would be one for which the difference be-
tween P and Q is relatively small. A brute-force approach
for finding such ”weak” keys searches for a value of P
such that N � P % � P � D � for small differences D.

This problem can be broken down into a set of
independent tasks to be executed in parallel. The
ProducerTask breaks up the search space into many
small ranges of differences and each WorkerTask
searches for P, a factor of N, for each difference within
its range. The ConsumerTask collects the results from
the WorkerTasks and, if a factor is found, prints the
result and stops.

An experimental test case was created using a 512-bit
randomly selected prime number P to which a small dif-
ference D was added. This resulted in a 1024-bit value of
N with factors P and P

�
D. The value of D was chosen

so that the factor P would be found after executing 2048
worker tasks. The amount of work required for each task,
and thus the total amount of work required to factor N,

Time Speed CPU Class
A 11.63 1.93 2.4 GHz Pentium 4
B 13.13 1.71 2.2 GHz Pentium 4
C 22.50 1.00 1.0 GHz Pentium III
D 22.78 0.99 2 % 1.0 GHz Pentium III
E 28.14 0.80 8 % 700 MHz Pentium III Xeon

Table 1: Sequential Execution. Time is given in minutes
and speed is normalized with respect to a 1 GHz Pen-
tium III.

was controlled by adjusting the range of differences to be
tested by each task. In all of our experiments, each task
tested 32 even values of D. The batch size of 32 struck
a balance between computation and communication that
prevented the producer and consumer tasks from creating
bottlenecks that could have limited available parallelism.

We had at our disposal several computers of different
vintages connected by 100 Mb/s switched ethernet. Many
of these computers are part of a computing lab with a 3-
year replacement schedule in which the oldest third of the
computers are replaced each year. Some of the computers
had a single CPU, some had two, and one computer had
eight CPUs. The five different classes of CPUs used to
execute worker tasks are shown in Table 1. A total of 25
computers with 34 CPUs were used in our experiments: 1
in class A, 6 in class B, 15 in class C, 2 in class D, and 1
in class E.

We first ran a strictly sequential implementation of the
factoring problem on a representative computer from each
class. The computation was carried out by directly invok-
ing the run methods of the producer, worker, and con-
sumer tasks without the use of process networks. The tim-
ing results are shown in Table 1. All execution times are
reported in minutes with speeds normalized to a 1 GHz
Pentium III. We have reported the CPU time used rather
than total elapsed time in order to minimize effects on our
measurements of other background processes executing
on the computers.

We then constructed process networks for parallel exe-
cution using static load balancing, as shown in Figure 16,
and dynamic load balancing, as shown in Figure 17. The
factoring problem was executed in parallel using from 1
up to 32 CPUs configured to execute the workers. The
elapsed time and speedup achieved are summarized in Ta-
ble 2, Figure 19, and Figure 20. ¡/p¿

The ideal times and speeds are calculated using the tim-
ing results from Table 1. The speed is simply the sum of
the speeds for all of the CPUs in use for a particular run
and the time is scaled from the execution time for a class C
CPU using this computed ideal speed. CPUs in the fastest
categories, classes A and B, are used first and CPUs from
slower categories, classes C through E, are used as ad-
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Work- Ideal Static Dynamic
ers Time Speed Time Speed Time Speed

1 11.63 1.93 12.15 1.85 12.39 1.82
2 6.17 3.65 6.93 3.25 6.57 3.43
4 3.18 7.08 3.55 6.34 3.44 6.54
8 1.70 13.22 3.03 7.42 1.87 12.02

16 1.06 21.22 1.63 13.80 1.20 18.73
32 0.63 35.97 1.00 22.42 0.76 29.77

Table 2: Parallel Execution. Elapsed time is given in min-
utes and speed is normalized with respect to a 1 GHz Pen-
tium III.

Figure 19: Elapsed time for static load balancing (dia-
monds) and dynamic load balancing (triangles) compared
to a theoretical ideal (line).

Figure 20: Speedup for static load balancing (diamonds)
and dynamic load balancing (triangles) compared to a the-
oretical ideal (line). The scale on the vertical axis is rela-
tive to the speed of a 1 GHz Pentium III.

ditional workers are needed. Two inflection points are
evident in the ideal speed curve in Figure 20. The first
occurs when the number of workers increases from 7 to 8,
corresponding to the addition of the first CPU from class
C, which is significantly slower than CPUs in classes A
and B. The second, less obvious inflection point occurs
when the number of workers increases from 26 to 27, cor-
responding to the addition of the first CPU from class E,
which is the slowest class.

The disadvantages of static load balancing in a hetero-
geneous computing environment become evident in Fig-
ures 19 and 20. Because the same number of tasks are sent
to each worker, the speedup attainable is limited by the
slowest worker. When the first CPU from class C is added
to the computation, the elapsed time actually increases
and the speedup decreases. All workers are forced to pro-
cess tasks in lock-step with the slowest worker and end up
spending a significant fraction of the time idle. In this ex-
ample, parallel execution with static load balancing fails
to take full advantage of available computing resources.

Employing dynamic, on-demand load balancing over-
comes the inefficiencies of static load balancing. Because
the next task is sent to the worker that most recently com-
pleted a task, faster workers end up processing more tasks
and slow workers do not interfere with fast workers. Each
worker is kept busy and is never idle. Parallel execution
with dynamic load balancing fully utilizes available com-
puting resources.

Despite its efficient use of resources, parallel execu-
tion with dynamic load balancing fails to achieve the pre-
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dicted ideal speedup. The explanation for this shortcom-
ing is Amdahl’s Law. Parts of the computation, such as
constructing the process network and distributing worker
processes to compute servers, cannot be executed in par-
allel. In fact, this startup overhead increases as the num-
ber of workers increases and accounts for virtually the en-
tire difference between the ideal case and the dynamically
load balanced case. Additional minor sources of overhead
include Object Serialization and network communication
associated with the channels in the process network. The
times reported in the first row of Table 2 show that this
additional overhead is no more than 6% to 7% for this
example, which is a small price to pay for the ability to
execute processes in parallel.

6 Conclusion and Future Work

We have described our implementation of process net-
works in Java which supports computing platforms rang-
ing from a single computer to clusters of multiproces-
sor servers to a geographically distributed collection of
servers. Our implementation of first-in first-out chan-
nels enforces blocking reads, even while parts of the pro-
gram graph are in the midst of being redistributed to other
servers. This is necessary to ensure that computations are
determinate: the program will produce correct results in-
dependent of the timing details of the execution, which
may be beyond our control in a distributed environment.

Each process executes in a separate Java thread and
multiple threads are used for composite processes to
avoid introducing deadlock through composition. Mul-
tithreaded execution also makes it possible to take ad-
vantage of the parallelism available with multiprocessor
servers and to overlap communication with computation
to help hide communication latencies.

Our implementation works well with program graphs
that are designed to be non-terminating, such as signal
processing applications with indefinitely long streams of
input samples. It works equally well with terminating pro-
gram graphs through a graceful system of cascading ex-
ceptions.

6.1 Load Balancing

We can currently construct a process network program
graph on one server, then distribute parts of that graph to
several servers before execution begins. All network con-
nections necessary for communication between processes
are automatically established when objects are serialized
and deserialized as they are being distributed to remote
servers. One focus of our future work is making it pos-
sible to re-distribute processes after execution has already
begun with the possibility that processes will be moved

more than once. This is important with applications that
have self-reconfiguring graphs. As more processes are
created, it becomes necessary to enlist more servers to
partake in the computation and to have processes migrate
from one server to another for load balancing. Load bal-
ancing is also important when using a collection of hetero-
geneous servers with a wide range of processing speeds.

6.2 Buffer Management

Another problem to be addressed is that of distributed
deadlock detection. As discussed earlier, the use of
limited-capacity channels can introduce deadlock. If
deadlock occurs, it is first necessary to detect it. It is then
necessary to determine whether increasing buffer capaci-
ties on the channels will relieve the deadlock. One method
of buffer management that we have used in the past is de-
scribed in [13]. We plan to apply those ideas to our dis-
tributed Java implementation and then investigate possible
improvements.

One reason for choosing Java for this implementation
was its portable nature. A compiled class file can be ex-
ecuted on a variety of platforms, and the code is compact
so that it can easily be distributed at the time that com-
putation is initiated. In our current implementation, the
compiled class files for the application must be available
on the local file system of each server. In our laboratory
we have a cluster of servers that have a shared network
file system, so that no effort is required on our part to
distribute the code to each server. However, as we ex-
periment with more geographically dispersed servers the
issue of transporting code becomes an issue. Just as the
network connections for the channels are established auto-
matically, so too the executable code should be distributed
automatically.

Java Object Serialization makes provisions for attach-
ing annotations to class descriptions in the serialization
data stream. This annotation could take the form of a URL
(Universal Resource Locator) as with RMI (Java Remote
Method Invocation) so that class files can be retrieved
from a web server on demand. Another alternative is to
include the Java bytecode directly in the class annotation.
This has the advantage that the distribution of code is now
just as scalable as the distribution of data. There is no cen-
tral repository for the code that forms a bottle neck. We
have already had some initial success with embedding the
bytecode in the data stream.

The examples presented here are simple, but they serve
to demonstrate the capabilities of our Java implementation
of distributed process networks. Work has begun on the
implementation of a parallel algorithm for factoring large
numbers, which has practical applications to cryptogra-
phy, using both our implementation of process networks
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and a Java implementation of CSP (Communicating Se-
quential Processes). We will use this and other exam-
ple applications to evaluate the performance of our imple-
mentation with several different configurations of servers,
including a multiprocessor and a cluster of several servers.
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