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Abstract

PyBrain is a versatile machine learning library for Pythdts goal is to provide flexible, easy-
to-use yet still powerful algorithms for machine learniagks, including a variety of predefined
environments and benchmarks to test and compare algorithmgemented algorithms include
Long Short-Term Memory (LSTM), policy gradient methodsu(tidimensional) recurrent neural
networks and deep belief networks.
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1. Introduction

PyBrain is a machine learning library written in Python designed to facilitate betlapiplica-
tion of and research on premier learning algorithms such as LSTM (Hieehaed Schmidhuber,
1997), deep belief networks, and policy gradient algorithms. Emphadinitigsequential and non-
sequential data and tasks, PyBrain implements many recent learning algaaitknaschitectures
ranging from areas such as supervised learning and reinforceraeninig to direct search / opti-
mization and evolutionary methods.

PyBrain is implemented in Python, with the scientific library SciPy being its only siget
pendency. As is typical for programming in Python/SciPy, development time&tlg reduced as
compared to languages such as Java/C++, at the cost of lower sp&edinRrembodies a composi-
tional setup, which means that it is designed to be able to connect variassdi/prchitectures and
algorithms.

PyBrain goes beyond existing Python libraries in breadth in that it proddeslbox for su-
pervised, unsupervised and reinforcement learning as well as btackknd multi-objective opti-
mization. In addition to standard algorithms (some of which, to the best of awlkdge, are
not available as Python implementations elsewhere) for application-oriesg¢es, it contains ref-
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erence implementations of a number of algorithms at the bleeding edge afcresBarthermore,
it sets itself apart by its flexibility for composing custom neural networksitectures, ranging
from (multi-dimensional) recurrent networks to restricted Boltzmann maclanesnvolutional
networks.

2. Library Overview

The library includes different types of training algorithms, trainable architel components, spe-
cialized data sets and standardized benchmark tasks/environments. ailablexalgorithms gen-
erally function both in sequential and non-sequential settings, and @i data handling tools
have been developed for special applications, ranging from regrfwent learning to handwriting
recognition applications. Implemented algorithms and methods come with unit tegtdeinto
assure correctness and soundness.

In the following, we will provide a short overview of the different feasirof the library.

Supervised Learning Training algorithms include classical gradient-based methods and exten-
sions both for non-sequential and sequential data. PyBrain alsodedaussian processes,
the evolino algorithm and an SVM wrapper.

Black-Box Optimization / Evolutionary Methods Various black-box optimization algorithms have
been implemented. In addition to traditional evolution strategies, covariance radap-
tation, co-evolitionary and genetic algorithms (including NSGA-II for multi-chje op-
timization), we have included recent new algorithms (not available in otherrilsjasuch
as fitness expectation maximization, natural evolution strategies and polidiemsa with
parameter-based exploration.

Reinforcement Learning The reinforcement learning algorithms of PyBrain encompass basic meth-
ods such as Q-learning, SARSA and REINFORCE, but also naturatexitio, neural-fitted
Q-iteration, recurrent policy gradients, state-dependent exploratidmeavard-weighted re-
gression.

Architectures Available architectures include standard feedforward neural nesymkurrent neu-
ral networks and LSTM, bi- and multidimensional recurrent neural netsvand deep belief
networks. The library puts emphasis on, but is not limited to, (recurrentah@etwork
structures arbitrarily structured as a directed acyclic graph of modutesamections.

Compositionality The basic structure of the library enables a compositional approach tamaach
learning. Different algorithms and architectures can be connectedangosed, and then
used and trained as desired. For example, arbitrarily structured eatumeural network
graphs can be trained using various different algorithms such as btackearch, policy
gradients and supervised learning. For example, both an LSTM archéextd a deep belief
network, though constituting wildly different architectures, can be traimgdg the same
gradient implementation (e.g., RPROP).

Tasks and Benchmarks For black-box and multi-objective optimization, standard benchmarks are
included in the library. For reinforcement learning settings, there arsiced§PO)MDP
mazes, (non-Markov) (double) pole balancing and various ODE emwients based on physics
simulations. In order to make data processing as easy as possible, Pigatanes function-
ality for constructing, serializing and deserializing data sets to files or @terank connec-
tions.
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# Load Data Set.
ds = Sequenti al Dat aSet .| oadFronFile(’ parity. mt’)

# Build a recurrent NetworKk.
net = buildNetwork(1, 2, 1, bias=True,
hi ddencl ass=TanhLayer,
out cl ass=TanhLayer,
recurrent=True)
recCon = Ful | Connection(net[ out’], net[’hidden0'])
net . addRecur r ent Connect i on(recCon)
net . sort Modul es()

# Create a trainer for backprop and train the net.
trai ner = BackpropTrainer(net, ds, |earningrate=0.05)
trainer.trai nEpochs(1000)

Figure 1: Code example for solving the parity problem with a recurremahaetwork.

Speed Optimization The development cycle of Python/SciPy is short, especially compared to lan-
guages such as Java/C/C++ and especially in scientific / machine learttingsseHowever,
this comes at a cost-reduced speed. In order to partially mitigate this poteotigm, we
have implemented many parts of the library in C/C++ using SWIG as a bridgalléP@am-
plementations in both Python and C++ exist for crucial bottleneck elements diotiary.
The resulting speedup approaches an equivalent C++ implementation withidexr of mag-
nitude, and comes even closer for large architectures.

3. An lllustrative Example

In order to provide a useful example to a novice user, we construcuareast network that is able
to solve the parity problem. The network is given a sequence of binarysiapal the corresponding
objective is to determine whether the network has been provided an esarodd number ofs so
far. The implemented topology and the corresponding code are shownureHig

We first construct a feed forward network consisting of a single lingaurtinell, a layer of two
hidden cells and one output cell. The network also needs a bias, whichrieded to the hidden
and output layer. The layers are fully connected with one another.

The network is first created using a ‘convenience’ function. A resurconnection from the
output unit to the hidden layer is crucial to learn the problem and thus aftlrdvards.

It should be stressed that the clarity and shortness of this code exangpedsentative for many
algorithms and architectures used in actual problems. Constructing netfmrklassification,
control or function approximation often requires even fewer lines oécod

4. Concluding Remarks

In PyBrain we emphasize simplicity, compositionality and the ability to combine vaamistec-
tures and algorithm types. We believe this to be advantageous in the lighteot i&velopments
in sequence processing, deep belief networks, policy gradients amal piocessing. Pybrain is
easy to use, and is well-documented, both in code and in documents andgwrpkining the
use of the basic capabilities of the library. Among machine learning libraries witt®ython,
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PyBrain stands out for its combination of breadth, versatility and maturity\aldpment. In order
to further demonstrate its practical applicability to scientific research, wid emphasize that Py-
Brain, so far, has already been used in fourteen scientific peemeyipublications, for example,
Sehnke et al. (2008),Rkstiel3 et al. (2008), Schaul and Schmidhuber (2009), Sun ebabR)2nd
Wierstra et al. (2008).

5. Availability and Requirements

As of the time of writing, PyBrain has reached version 0.3 and both the ewiinrees code and
the documentation are available from the websitey. pybr ai n. or g, under the BSD license. The
available platforms are Mac OS X, Linux and Microsoft Windows. The ofrigtsdependency is
SciPy (ww. sci py. or g), highly recommended are matplotlib (required for most example scripts)
and setuptools. The documentation includes a quickstart tutorial, installatiomcitiens, tutorials

on advanced topics, and an extensive API reference. Since PyiBraimer active development,
we encourage researchers to contribute their work and provide g@détinhow they can do so.
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