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Introduction. Any computation can be visualized as a dataflow — a directed graph along whose edges
data flows, to be computed upon at the nodes. Dataflow programming is a form of visual programming in
which the user specifies the dataflow explicitly by drawing its graph; well-known examples include the
Labview and Khoros programming environments. The architecture of a neural network (in the widest
sense) is in essence a condensed specification of its dataflow. Since network architecture must routinely be
manipulated by the user as part of the model construction and selection process, dataflow programming is
eminently suited for neural network development.

Data typically flows through a neural network in both directions: as activation flows forward, an error
correcting feedback signal flows back. Some learning algorithms also require additional dataflow (such as
second-order information) through the same network structure. The network architecture, then, is a folded
description of the dataflow. Standard dataflow programming environments unfortunately do not support
such folded descriptions. Some neural network simulators do, thus permitting direct, graphical manipula-
tion of network architecture. The operators (nodes in the dataflow graph) they support, however, are rather
coarse-grained and special-purpose — and entire Kohonen map or MLP layer, for instance. Furthermore,
their use of the dataflow paradigm does not extend to other aspects of the computation (such as the learning
algorithm), which are thus far less accessible to the user.

We are developing a generic dataflow programming environment that supports folded dataflows, im-
plements fine-grained operators (along the lines of Matlab functions), and handles all computation (in-
cluding the learning algorithm) within the dataflow paradigm. We find that this system provides an excel-
lent platform for the design of neural network algorithms and architectures.

Modules. Modules are the nodes in our folded dataflow; they have one or more ports through which
they connect to each other, to send and receive data matrices of various types. The matrix multiplication
module, for instance, has two ports for its operands, and one for the result. Ports are generally bidirectional,
since for most types of data there is an associated type flowing in the opposite direction. At present we
support two data types: the default value/gradient data, and a directed derivative type that is used in the
efficient computation of Hessian-vector products (Pearlmutter, 1994). Modules handle each data type in
each direction; matrix multiplication thus comprises the following six matrix operations:

direction value/gradient =~ Hessian-vector

AB—C C = AB R(C) = R(A) B+ AR(B)
AC—B 2 =472 R(5%) = ATR(Z) + R(A)T &
B.C—A 2 =2ZBT R(Z%) = R(5%5) BT + 4 R(B)T

The advantage of bundling these operations within a single object is that in such a system, once the network
architecture is specified, the computation of derivative quantities (gradients, Hessian-vector products) is
guaranteed to be correct. This removes a large source of error in neural network implementations.



In addition to algebraic operations, we have modules for file and screen 1/0O, data generation and visu-
alization, as well as registers and control structures. In the underlying C++, modules are implemented as a
class hierarchy, making the derivation of new modules a relatively simple affair.

Procedures. We provide hierarchical procedural abstraction by allowing dataflow graphs to be encap-
sulated in procedures. Procedures are a type of module, and can be used as such in the construction of other
dataflow graphs (procedures). Programming in our system typically proceeds by building and elaborating
a hierarchical library of appropriate procedures. Procedures are used to specify not only the network archi-
tecture, but also the learning algorithm; our library of procedures thus comprises procedures implementing,
e.g., stochastic gradient descent, matrix momentum (Orr, 1995), SMD (Schraudolph, 1999; Schraudolph &
Giannakopoulos, 2000), and Kalman filtering, as well as typical neural network building blocks such as
MLP layers, activation functions, and loss functions. To illustrate, here are the dataflow graphs of two
procedures in our library — a softmax activation function (left), and an extended Kalman filter (right):

Compute Engine. One might think that the graphical nature of our programming environment, and
its use of such fine-grained operators, would lead to rather inefficient execution. We are pleased to report
that on the contrary, our dataflow compute engine is highly efficient. Data is cached at each port, and
the overhead associated with the fine-grained modular structure has been all but eliminated by inlining
all function calls handling communication between ports. One remaining inefficiency is some unnecessary
memory allocation and data copying due to an overzealous caching policy.

By reversing its edges, our compute engine converts the dataflow graph to a call graph before executing
it. This means that computation occurs strictly on demand — unless a datum is used in some way, it
will never be computed. The resulting practical advantage is that all kinds of optional monitoring and
debugging facilities may be provided in a procedure without slowing down its normal operation.

Graphical User Interface. Although our system can display a procedure’s dataflow graph visually (as
shown above), it does not yet have a truly interactive GUI — for the time being, dataflow graphs must
be entered as lists of nodes and vertices. This impedes the effective use of our system for programming,
debugging, and running neural network simulations. We intend to add a GUI that supports interactive
construction, monitored execution, and visual debugging of dataflow graphs. We expect that with the
added functionality of the GUI, our system will become an excellent prototyping environment for neural
network research and development.
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