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Introduction

I Streambrain, a Keras-like library for implementation, evaluation, and
deployment of BCPNN for use in future high-performance computers and
data-centers,

I Analysis, implementation, validation, and empirical evaluation of three
different BCPNN backends for CPUs, GPUs, and FPGAs, on the MNIST
data-set,

I Empirical evaluation on both batching (a well-known deep-learning
optimization) and variable-precision arithmetics on the BCPNN model.

Bayesian Confidence Propagation Neural Network

Brain-like Bayesian Confidence Propagation Neural Network (BCPNN) is a
probabilistic graphical model that employs graphs to represent a problem by
combining probability and graph theories. It models the problem with a
collection of random variables as joint distribution. Each node of the graph
represents a random variable while the edge represents the dependence or
correlation between the variables. A training phase determines the weights
(w ) and biases (b) characterizing the connection. Refer to Ravichandran
et al.[1] for the governing equations.

StreamBrain DSL

A BCPNN model can be conceived as a stack of layers that individually
takes in an input array and gives an output array just as regular neural
networks do. Inspired by existing neural network frameworks, we opted to
create a Keras-like interface for StreamBrain, to capture the simplicity.
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for di�erent users and systems, and includes (i) Streaming, which
allows a third party (e.g., a network card or camera) to deliver input
data to the application at variable (and unpredictable) latencies,
which are used to either train or infer using a network, (ii) Batched,
which is similar to existing DL frameworks (but also incorporates
the notion of time), for both training and inference.

StreamBrain as a framework is implemented in Python, albeit
core parts – particularly those that are computationally heavy –
can be refactored out and used with optimized OpenMP, CUDA,
or FPGA backends. A prototype version of StreamBrain has been
made available at 1.

The remaining parts of this section will describe in detail the
di�erent parts of StreamBrain, including the DSL/API, the di�erent
heterogeneous backends, and an analytic performance model for
the system.

4.1 StreamBrain DSL
Despite the di�erences in terms of network connectivity and train-
ing process, a BCPNN model can be conceived as a stack of layers
that individually takes in an input array and gives an output ar-
ray just as regular neural networks do. Inspired by existing neural
network frameworks, we opted to create a Keras-like interface for
StreamBrain, to capture the simplicity so users can focus on their
application rather than programming layers and training loops.

# 1. Create empty network
model = BCPNN.Network (...)
# 2. Add layers
model.add(BCPNN.StructuralPlasticityLayer (..))
model.add(BCPNN.DenseLayer (...))
# 3. train and evaluate
model.fit(dataset =(...))
model.evaluate(dataset =(...))

Listing 1: A simple BCPNN Network through the
StreamBrain framework

While it is possible to expose lower level compute kernels to
achieve similar functionalities in PyTorch and TensorFlow to facil-
itate neural science research, this can already be achieved using
existing neural simulators. Instead, we focus on providing a easy
to use, easy to deploy interface that can be used directly in ap-
plications. In this paper, we use a simple two-layer BCPNN that
combines supervised and unsupervised training that can be im-
plemented with several lines of code, illustrated in Listing 1. It is
currently unclear how multi-layer BCPNNs are implemented and
used, as the current BCPNNs are shallow and consist of only two
layers. However, our interface design is future-proof and allows
appending of more layers into the model, enabling future extension
when more layers are needed.

Similar to Keras, we also support multiple backends. However,
instead of relying on other neural network libraries, we provide
computation kernels in di�erent C libraries that feature OpenMP
and vectorization for CPUs, CUDA kernels for GPUs, fully o�oaded
layers in CUDA for GPUs, OpenCL for FPGAs, or simple Numpy.
Above all, the StreamBrain framework can be deployed as a Python
package.

1https://github.com/KTH-HPC/StreamBrain

4.2 StreamBrain Backends
The StreamBrain implementation is based on using the Python
Numpy module and expressing the operation in Algorithms 1 and 2
as arrays and tensor operations. While the usage of vector, a major
performance improvement can be achieved by implementing the
main computational kernel in C. We implemented a series of di�er-
ent backend to support accelerators. The backends can be switched
easily through an environment variable and they are interfaced
with the StreamBrain framework through PyBind11 [17]. We o�er
four di�erent backends operating at two di�erent granularities.
Three of the backends operate at a level that is tightly integrated
with the Python framework, while one backend is fully ported to
the GPUs (and is the one with the highest performance). The moti-
vation behind using the partial backends is that BCPNN is actively
worked on, with many new features and changes occur, which al-
lows these partial backends to contribute to the performance while
the version fully ported to GPUs must be rewritten.

4.2.1 Python implementation. The �rst implementation we de-
scribe is our implementation in Python and using the Numpy
library. Numpy is used for storing the values in the network in
Numpy arrays, as well as using some of the built-in methods in
Numpy to speed up computations when possible. Next, we give a
brief overview of how we have structured our implementation into
various methods. The methods in our implementation can be di-
vided into several groups according to what they perform. The �rst
group of methods is responsible for computing activations inside
the network ( Algorithm 1:L7-9). The second group of methods is
responsible for learning and updating weights (Algorithm 1:L10-16).
The �nal group is responsible for updating the receptive �elds on
layers with structural plasticity (Algorithm 1:L4-6).

The input, as well as the output from a layer, is represented as a
two-dimensional Numpy array, where the columns correspond to
di�erent features, and the rows correspond to di�erent entries in
the batch. The process of computing the output activations for the
layer from the inputs was split into two methods. The �rst performs
a matrix multiplication between the inputs and the weights of
the layer, followed by the addition of the layer’s bias. The second
function performs a softmax over each hypercolumn on the output
from the �rst method. Both of these methods can be implemented
using the various operations available in Numpy.

The method updateMarginals()(L11-L13 in Algorithm 1) is re-
sponsible for updating the marginal probabilities. We implemented
this function in Numpy. In particular, for the ⇠8 9 we �rst perform
a batch matrix multiplication computing the outer product of the
input and output activations for each element in the batch, which is
followed by a mean operation over the batch. For the⇠8 and⇠ 9 vec-
tors, it is su�cient to directly do a mean over the batch. These are
then merged into the current estimate as an exponentially moving
average.

The computations of the weights and bias is split into two func-
tions, updateWeights() (L14 in Algorithm 1) and updateBias()(L15
in Algorithm 1). Since these functions involve an if-statement in
the computation for each entry in the matrix/vector, we are not
aware of any simple way to perform the computation using Numpy.
Instead, we implemented these functions using a for-loop in Python.

Figure 1:A simple BCPNN Network through the StreamBrain framework

Heterogeneous Backends

I FPGA Backend
. Described in Intel OpenCL SDK for FPGAs
. Supports custom, non-IEEE-754 conforming, floating-point

representations using FloPoCo RTL components directly from OpenCL
. Reaches between 150 and 223 MHz of clock frequency

Figure 2:Conceptual illustration of the StreamBrain BCPNN FPGA accelerator, showing

key operational components: (a) The prefetcher that brings the neural network into the

accelerator and (b-c) the custom computational units that operate using custom FloPoCo

HDL FPUs modules.

I GPU Backend(s)
. SB-GPU (Partial): Offloads compute-intensive functions to the GPU
. SB-GPU (Full): Implements the entire StreamBrain on the GPU

I CPU Backend(s)
. Vectorized OpenMP version that leverage Intel-MKL

Evaluation

Evaluation is performed on a FPGA-system with Intel DE5-Net board, and
a GPU-system with NVIDIA V100 GPUs. The training and testing uses the
MNIST dataset for character recognition.
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StreamBrain Training Performance

Figure 3:StreamBrain training performance of MNIST using the different implementations when

running on the Kebnekaise machine and on the FPGA, showing the total execution time (y-axis)

as a function of the batch-size (x-axis). The shaded area shows the performance of the SB-FPGA

when varying the number representation in bits.
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StreamBrain Inferrence Performance

Figure 4:Figure showing the inference performance of the StreamBrain implementations when

running on the Kebnekaise machine, showing the execution time (y-axis) as a function of batch-

size (x-axis).
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StreamBrain MNIST Test Accuracy

Figure 5:Figure showing the testing accuracy (y-axis) of the different Streambrain versions and

different batch-size (x-axis).

Conclusions

I We designed and developed Streambrain: a DSL for BCPNN models on
heterogeneous systems including FPGAs, GPUs, and CPUs.

I We evaluated the performance and accuracy, demonstrating that training
the well-known MNIST data-set can be as fast as 15 seconds.

I We showed that batching is also adaptable inside BCPNN, allowing
computational intensity to be controlled.
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