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Theano is a Python library that allows you to define, optimize, and evaluate mathematical expressions in-
volving multi-dimensional arrays efficiently. Theano features:

* tight integration with NumPy — Use numpy.ndarray in Theano-compiled functions.
 transparent use of a GPU — Perform data-intensive computations much faster than on a CPU.

* efficient symbolic differentiation — Theano does your derivatives for functions with one or many
inputs.

* speed and stability optimizations — Get the right answer for 1og (1+x) even when x is really tiny.
* dynamic C code generation — Evaluate expressions faster.
* extensive unit-testing and self-verification — Detect and diagnose many types of errors.

Theano has been powering large-scale computationally intensive scientific investigations since 2007. But it
is also approachable enough to be used in the classroom (University of Montreal’s deep learning/machine
learning classes).
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CHAPTER
ONE

NEWS

2018/05/23: Release of Theano 1.0.2 (bug fixes). Everybody is encouraged to update.
2017/12/06: Release of Theano 1.0.1 (bug fixes). Everybody is encouraged to update.
2017/11/15: Release of Theano 1.0.0. Everybody is encouraged to update.

2017/10/30: Release of Theano 1.0.0rc1, new features and many bugfixes, final release to coming.

2017/10/16: Release of Theano 0.10.0beta4, new features and many bugfixes, release candidate to
coming.

2017/09/28: IMPORTANT: MILA will stop developing Theano and the next release (renamed to 1.0)
will be the last main release.

2017/09/20: Release of Theano 0.10.0beta3, new features and many bugfixes, release candidate to
coming.

2017/09/07: Release of Theano 0.10.0beta2, new features and many bugfixes, release candidate to
coming.

2017/08/09: Release of Theano 0.10.0betal, many improvements and bugfixes, release candidate to
coming.

Removed support for the old (device=gpu) backend. Use the new backend (device=cuda) for gpu
computing. See Converting to the new gpu back end(gpuarray) for help with conversion.

2017/03/20: Release of Theano 0.9.0. Everybody is encouraged to update.

2017/03/13: Release of Theano 0.9.0rc4, with crash fixes and bug fixes.

2017/03/06: Release of Theano 0.9.0rc3, with crash fixes, bug fixes and improvements.
2017/02/27: Release of Theano 0.9.0rc2, with crash fixes, bug fixes and improvements.
2017/02/20: Release of Theano 0.9.0rc1, many improvements and bugfixes, final release to coming.

2017/01/24: Release of Theano 0.9.0betal, many improvements and bugfixes, release candidate to
coming.

2016/05/09: New technical report on Theano: Theano: A Python framework for fast computation of
mathematical expressions. This is the new preferred reference.

2016/04/21: Release of Theano 0.8.2, adding support for CuDNN vS5.
2016/03/29: Release of Theano 0.8.1, fixing a compilation issue on MacOS X with XCode 7.3.



https://groups.google.com/d/msg/theano-users/7Poq8BZutbY/rNCIfvAEAwAJ
https://github.com/Theano/Theano/wiki/Converting-to-the-new-gpu-back-end%28gpuarray%29
http://arxiv.org/abs/1605.02688
http://arxiv.org/abs/1605.02688
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* 2016/03/21: Release of Theano 0.8. Everybody is encouraged to update.

* Multi-GPU.

* We added support for CNMeM to speed up the GPU memory allocation.

* Theano 0.7 was released 26th March 2015. Everybody is encouraged to update.

* We support cuDNN if it is installed by the user.

* Open Machine Learning Workshop 2014 presentation.

* Colin Raffel tutorial on Theano.

* Jan Goodfellow did a 12h class with exercises on Theano.

* New technical report on Theano: Theano: new features and speed improvements.

e HPCS 2011 Tutorial. We included a few fixes discovered while doing the Tutorial.

You can watch a quick (20 minute) introduction to Theano given as a talk at SciPy 2010 via streaming (or
downloaded) video:

Transparent GPU Computing With Theano. James Bergstra, SciPy 2010, June 30, 2010.
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http://nbviewer.ipython.org/github/craffel/theano-tutorial/blob/master/Theano%20Tutorial.ipynb
https://github.com/goodfeli/theano_exercises
http://arxiv.org/abs/1211.5590
http://www.iro.umontreal.ca/~lisa/pointeurs/tutorial_hpcs2011_fixed.pdf
http://conference.scipy.org/scipy2010/
http://www.archive.org/details/Scipy2010-JamesBergstra-TransparentGpuComputingWithTheano

CHAPTER
TWO

DOWNLOAD

Theano is now available on PyPI, and can be installed via easy_install Theano, pip install
Theano or by downloading and unpacking the tarball and typing python setup.py install.

Those interested in bleeding-edge features should obtain the latest development version, available via:

git clone git://github.com/Theano/Theano.git

You can then place the checkout directory on your SPYTHONPATH or use python setup.py
develop to install a .pth into your site-packages directory, so that when you pull updates via
Git, they will be automatically reflected the “installed” version. For more information about installation and
configuration, see installing Theano.



http://pypi.python.org/pypi/Theano
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CHAPTER
THREE

CITING THEANO

If you use Theano for academic research, you are highly encouraged (though not required) to cite the fol-
lowing, most recent paper:

* Theano Development Team. “Theano: A Python framework for fast computation of mathematical
expressions”. (short BibTeX, full BibTeX)

Theano is primarily developed by academics, and so citations matter a lot to us. As an added benefit, you
increase Theano’s exposure and potential user (and developer) base, which is to the benefit of all users of
Theano. Thanks in advance!

See our citation for details.



http://arxiv.org/pdf/1605.02688.pdf
http://arxiv.org/pdf/1605.02688.pdf
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CHAPTER
FOUR

DOCUMENTATION

Roughly in order of what you’ll want to check out:

Installing Theano — How to install Theano.

Theano at a Glance — What is Theano?

Tutorial — Learn the basics.

Troubleshooting — Tips and tricks for common debugging.

API Documentation — Theano’s functionality, module by module.
faq — A set of commonly asked questions.

Optimizations — Guide to Theano’s graph optimizations.
Extending Theano — Learn to add a Type, Op, or graph optimization.
Developer Start Guide — How to contribute code to Theano.
Internal Documentation — How to maintain Theano and more. ..
Release — How our release should work.

Acknowledgements — What we took from other projects.

Related Projects — link to other projects that implement new functionalities on top of Theano

This documentation is also available in PDF format.

Check out how Theano can be used for Machine Learning: Deep Learning Tutorials.

Theano was featured at SciPy 2010.



https://github.com/Theano/Theano/wiki/Related-projects
http://www.deeplearning.net/tutorial
http://www.iro.umontreal.ca/~lisa/publications2/index.php/publications/show/461
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CHAPTER
FIVE

COMMUNITY

“Thank YOU for correcting it so quickly. I wish all packages I worked with would have such
an active maintenance - this is as good as it gets :-)”

(theano-users, Aug 2, 2010)

Register to theano-announce if you want to be kept informed on important change on theano(low
volume).

Register and post to theano-users if you want to talk to all Theano users.

Register and post to theano-dev if you want to talk to the developers.

Register to theano-github if you want to receive an email for all changes to the GitHub repository.
Register to theano-buildbot if you want to receive our daily buildbot email.

Ask/view questions/answers at StackOverflow

We use Github tickets to keep track of issues (however, some old tickets can still be found on Assem-
bla).

Come visit us in Montreal! Most developers are students in the LISA group at the University of
Montreal.

11


http://groups.google.com/group/theano-announce
http://groups.google.com/group/theano-users
http://groups.google.com/group/theano-dev
http://groups.google.com/group/theano-github
http://groups.google.com/group/theano-buildbot
http://stackoverflow.com/questions/tagged/theano
http://github.com/Theano/Theano/issues
http://www.assembla.com/spaces/theano/tickets
http://www.assembla.com/spaces/theano/tickets
http://www.iro.umontreal.ca/~lisa
http://www.umontreal.ca
http://www.umontreal.ca
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CHAPTER
SIX

HELP!

6.1 How to Seek Help

The appropriate venue for seeking help depends on the kind of question you have.
* How do I? — theano-users mailing list or StackOverflow

* | got this error, why? — theano-users mailing list or StackOverflow (please include the full error
message, even if it’s long)

* I got this error and I'm sure it’s a bug — Github ticket

* | have an idea/request — post the suggestion to theano-dev or, even better, implement the idea and
submit a GitHub pull request!

* Why do you? — theano-users mailing list (not appropriate for StackOverflow)
* When will you? — theano-dev mailing list (not appropriate for StackOverflow)

Please do take some time to search for similar questions that were asked and answered in the past. If you
find something similar that doesn’t fully answer your question, it can be helpful to say something like “I
found X but it doesn’t address facet Y and link to the previous discussion.

When asking questions on StackOverflow, please use the theano tag, so your question can be found, and
follow StackOverflow’s guidance on asking questions. Consider also using the python and numpy tags,
especially if you are unsure which library your problem relates to.

It’s often helpful to include the following details with your question:
* If you have an error, the full error message, even if it’s long
* Which versions of Python and Theano you’re using
* Whether you’re using a CPU or GPU device
* Details of your Theano configuration settings (you can print this in Python via print theano.config)

Spending the time to create a minimal specific example of a problem is likely to get you to an answer quicker
than posting something quickly that has too much irrelevant detail or is too vague. A minimal example may
take you a bit more time to create but the first response is more likely to be the answer you need than, rather
than a frustrated request for clarification.
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http://groups.google.com/group/theano-users
http://stackoverflow.com/questions/tagged/theano
http://groups.google.com/group/theano-users
http://stackoverflow.com/questions/tagged/theano
http://github.com/Theano/Theano/issues
http://groups.google.com/group/theano-dev
https://github.com/Theano/Theano/pulls
http://groups.google.com/group/theano-users
http://groups.google.com/group/theano-dev
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library/config.html
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6.2 How to provide help

If you see a question on the theano-users mailing list, or on StackOverflow, that you feel reasonably confi-
dent you know an answer to, please do support the community by helping others.

We were all newbies to Theano once and, as the community expands, there is a constant stream of new
Theano users looking for help. Perhaps you asked a question when you were first starting out? Now you
can pay it forward by helping others. It’s also a good way to reinforce your own Theano knowledge.

Often it’s easiest to answer a question directly but sometimes it may be better to refer people to a good
answer that was provided in the past. Pointing people to relevant sections in the documentation, or to a
Theano tutorial, can also be helpful.

When answering questions please be nice (as always!) and, on StackOverflow, follow their guidance for
answering questions.

6.2.1 Release Notes
Theano 1.0.4 (16th of January 2019)
This is a maintenance release of Theano, version 1.0 .4, with no new features, but some important bug
fixes.
We recommend that everybody update to this version.
Highlights (since 1.0.3):
* Theano is now compatible with NumPy 1.16.
A total of 10 people contributed to this release since 1.0 . 3:
* wonghang
* Frederic Bastien
* Arnaud Bergeron
* Duc Nguyen
* Andrew Nelson
* Bjorn Linse
* Luis Mario Domenzain
* Rebecca N. Palmer
* Luciano Paz

* Dan Foreman-Mackey

14 Chapter 6. Help!
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http://stackoverflow.com/questions/tagged/theano
http://stackoverflow.com/help/be-nice
http://stackoverflow.com/help/answering
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6.2.2 Theano at a Glance

Theano is a Python library that lets you define, optimize, and evaluate mathematical expressions, especially
ones with multi-dimensional arrays (numpy.ndarray). Using Theano it is possible to attain speeds rivaling
hand-crafted C implementations for problems involving large amounts of data. It can also surpass C on a
CPU by many orders of magnitude by taking advantage of recent GPUs.

Theano combines aspects of a computer algebra system (CAS) with aspects of an optimizing compiler. It
can also generate customized C code for many mathematical operations. This combination of CAS with
optimizing compilation is particularly useful for tasks in which complicated mathematical expressions are
evaluated repeatedly and evaluation speed is critical. For situations where many different expressions are
each evaluated once Theano can minimize the amount of compilation/analysis overhead, but still provide
symbolic features such as automatic differentiation.

Theano’s compiler applies many optimizations of varying complexity to these symbolic expressions. These
optimizations include, but are not limited to:

* use of GPU for computations

* constant folding

* merging of similar subgraphs, to avoid redundant calculation

e arithmetic simplification (e.g. x*xy/x —> y, ——x —> X)

* inserting efficient BLAS operations (e.g. GEMM) in a variety of contexts

* using memory aliasing to avoid calculation

* using inplace operations wherever it does not interfere with aliasing

* loop fusion for elementwise sub-expressions

* improvements to numerical stability (e.g. log(1 + exp(x)) and log(} _, exp(z[i])))
* for a complete list, see Optimizations

Theano was written at the LISA lab to support rapid development of efficient machine learning algorithms.
Theano is named after the Greek mathematician, who may have been Pythagoras’ wife. Theano is released
under a BSD license (/ink).

Sneak peek

Here is an example of how to use Theano. It doesn’t show off many of Theano’s features, but it illustrates
concretely what Theano is.

import theano
from theano import tensor

# declare two symbolic floating-point scalars
a = tensor.dscalar ()

b = tensor.dscalar ()

# create a simple expression

(continues on next page)

6.2. How to provide help 15
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(continued from previous page)

# convert the expression into a callable object that takes (a,b)
values as input and computes a value for c
= theano.function([a,b], c)

oS

# bind 1.5 to 'a', 2.5 to 'b', and evaluate 'c'
assert 4.0 == £(1.5, 2.5)

Theano is not a programming language in the normal sense because you write a program in Python that
builds expressions for Theano. Still it is like a programming language in the sense that you have to

* declare variables (a, b) and give their types
* build expressions for how to put those variables together
* compile expression graphs to functions in order to use them for computation.

It is good to think of theano.function as the interface to a compiler which builds a callable object
from a purely symbolic graph. One of Theano’s most important features is that theano. function can
optimize a graph and even compile some or all of it into native machine instructions.

What does it do that they don’t?

Theano is a Python library and optimizing compiler for manipulating and evaluating expressions, especially
matrix-valued ones. Manipulation of matrices is typically done using the numpy package, so what does
Theano do that Python and numpy do not?

* execution speed optimizations: Theano can use g++ or nvcc to compile parts your expression graph
into CPU or GPU instructions, which run much faster than pure Python.

* symbolic differentiation: Theano can automatically build symbolic graphs for computing gradients.

* stability optimizations: Theano can recognize [some] numerically unstable expressions and compute
them with more stable algorithms.

The closest Python package to Theano is sympy. Theano focuses more on tensor expressions than Sympy,
and has more machinery for compilation. Sympy has more sophisticated algebra rules and can handle a
wider variety of mathematical operations (such as series, limits, and integrals).

If numpy is to be compared to MATLAB and sympy to Mathematica, Theano is a sort of hybrid of the two
which tries to combine the best of both worlds.

Getting started

Installing Theano Instructions to download and install Theano on your system.
Tutorial Getting started with Theano’s basic features. Go here if you are new!

API Documentation Details of what Theano provides. It is recommended to go through the Turorial first
though.
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http://www.sympy.org/
http://numpy.scipy.org/
http://www.mathworks.com/products/matlab/
http://www.sympy.org/
http://www.wolfram.com/mathematica/
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A PDF version of the online documentation may be found here.

Theano Vision

This is the vision we have for Theano. This is give people an idea of what to expect in the future of Theano,
but we can’t promise to implement all of it. This should also help you to understand where Theano fits in
relation to other computational tools.

Note:

Support tensor and sparse operations
Support linear algebra operations

Graph Transformations

Differentiation/higher order differentiation

— ‘R’ and ‘L’ differential operators

Speed/memory optimizations

Numerical stability optimizations

Can use many compiled languages, instructions sets: C/C++, CUDA, OpenCL, PTX, CAL, AVX, ...
Lazy evaluation

Loop

Parallel execution (SIMD, multi-core, multi-node on cluster, multi-node distributed)

Support all NumPy/basic SciPy functionality

Easy wrapping of library functions in Theano

There is no short term plan to support multi-node computation.

Theano Vision State

Here is the state of that vision as of November 15th, 2017 (after Theano 1.0.0):

MILA will stop developing Theano.. We will provide support for one year, starting from 1 . O release
(November 15th, 2017 to November 15th, 2018).

We support tensors using the numpy.ndarray object and we support many operations on them.

We support sparse types by using the scipy.{csc,cst;,bsr}_matrix object and support some operations
on them.

We have implementing/wrapping more advanced linear algebra operations. Still more possible.

We have basic support for the creation of new operations from graphs at runtime. It supports well
gradient overload for every input and inlining at the start of compilation. We don’t cover well the case
when it is not inlined.

We have many graph transformations that cover the 4 categories listed above.

We can improve the graph transformation with better storage optimization and instruction selection.

6.2. How to provide help 17
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— Similar to auto-tuning during the optimization phase, but this doesn’t apply to only 1 op.

— Example of use: Determine if we should move computation to the GPU or not depending on the
input size.

* We support Python 2 and Python 3.
* We have a new CUDA backend for tensors with many dtype support.
* Loops work, but not all related optimizations are currently done.
* The cvm linker allows lazy evaluation. It is the current default linker.
— How to have DebugMode check it? Right now, DebugMode checks the computation non-lazily.
e SIMD parallelism on the CPU comes from the compiler.

* Multi-core parallelism support limited. If the external BLAS implementation supports it, many dot
are parallelized via gemm, gemv and ger. Also, element-wise operation are supported. See Multi
cores support in Theano.

* No multi-node support.
* Most, but not all NumPy functions/aliases are implemented.
— https://github.com/Theano/Theano/issues/1080
* Wrapping an existing Python function in easy and documented.

* We know how to separate the shared variable memory storage location from its object type (tensor,
sparse, dtype, broadcast flags), but we need to do it.

Contact us

Discussion about Theano takes place in the theano-dev and theano-users mailing lists. People interested in
development of Theano should check the former, while the latter is reserved for issues that concern the end
users.

Questions, comments, praise, criticism as well as bug reports should be submitted to these mailing lists.

We welcome all kinds of contributions. If you have any questions regarding how to extend Theano, please
feel free to ask on the theano-dev mailing list.

6.2.3 Requirements

Note: We only support the installation of the requirements through conda.

Python == 2.7* or (>=3.4 and < 3.6 ) The development package (python-dev or python-
devel on most Linux distributions) is recommended (see just below). Python 2.4 was
supported up to and including the release 0.6. Python 2.6 was supported up to and includ-
ing the release 0.8.2. Python 3.3 was supported up to and including release 0.9.

NumPy >=1.9.1 <= 1.12 Earlier versions could work, but we don’t test it.

18 Chapter 6. Help!
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SciPy >=0.14 < 0.17.1 Only currently required for sparse matrix and special functions sup-
port, but highly recommended. SciPy >=0.8 could work, but earlier versions have known
bugs with sparse matrices.

BLAS installation (with Level 3 functionality)
* Recommended: MKL, which is free through Conda with mk1-service package.

* Alternatively, we suggest to install OpenBLAS, with the development headers
(-dev, —~devel, depending on your Linux distribution).

Optional requirements

g++ (Linux and Windows), clang (OS X) Highly recommended. Theano can fall back on
a NumPy-based Python execution model, but a C compiler allows for vastly faster execu-
tion.

nose >= 1.3.0 Recommended, to run Theano’s test-suite.

Sphinx >= 0.5.1, pygments For building the documentation. LaTeX and dvipng are also nec-
essary for math to show up as images.

pydot-ng To handle large picture for gif/images.

NVIDIA CUDA drivers and SDK Highly recommended Required for GPU code genera-
tion/execution on NVIDIA gpus. See instruction below.

libgpuarray Required for GPU/CPU code generation on CUDA and OpenCL devices (see:
GpuArray Backend).

pycuda and skcuda Required for some extra operations on the GPU like fft and solvers.
We use them to wrap cufft and cusolver. Quick install pip install pycuda
scikit—cuda. For cuda 8, the dev version of skcuda (will be released as 0.5.2)
is needed for cusolver: pip install pycuda; pip install git+https:/
/github.com/lebedov/scikit-cuda.git#egg=scikit-cuda.

warp-ctc Required for Theano CTC implementation. It is faster then using an equivalent graph
of Theano ops.

Requirements installation through Conda (recommended)

Install Miniconda

Follow this link to install Miniconda.

Note: If you want fast compiled code (recommended), make sure you have g++ (Windows/Linux) or
Clang (OS X) installed.

6.2. How to provide help 19
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Install requirements and optional packages

conda install numpy scipy mkl <nose> <sphinx> <pydot-ng>

* Arguments between <...> are optional.

Package parameterized is also optional but may be required for unit testing. It is available via pip.

pip install parameterized

Install and configure the GPU drivers (recommended)

Warning: OpenCL support is still minimal for now.

1. Install CUDA drivers
* Follow this link to install the CUDA driver and the CUDA Toolkit.
* You must reboot the computer after the driver installation.

 Test that it was loaded correctly after the reboot, executing the command nvidia-smi
from the command line.

Note: Sanity check: The bin subfolder should contain an nvce program. This folder is
called the cuda root directory.

2. Fix ‘lib’ path

* Add the CUDA ‘lib’ subdirectory (and/or ‘lib64’ subdirectory if you have a 64-bit OS)
to your $LD_LIBRARY_PATH environment variable. Example: /usr/local/cuda/
1ib64

6.2.4 Installing Theano

Supported platforms:

Ubuntu Installation Instructions

Warning: If you want to install the bleeding-edge or development version of Theano from GitHub,
please make sure you are reading the latest version of this page.

Requirements

20 Chapter 6. Help!
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Note: We only support the installation of the requirements through conda.

Python == 2.7*% or (>=3.4 and < 3.6 ) The development package (python-dev or python-
devel on most Linux distributions) is recommended (see just below). Python 2.4 was
supported up to and including the release 0.6. Python 2.6 was supported up to and includ-
ing the release 0.8.2. Python 3.3 was supported up to and including release 0.9.

NumPy >=1.9.1 <= 1.12 Earlier versions could work, but we don’t test it.

SciPy >=0.14 < 0.17.1 Only currently required for sparse matrix and special functions sup-
port, but highly recommended. SciPy >=0.8 could work, but earlier versions have known
bugs with sparse matrices.

BLAS installation (with Level 3 functionality)
* Recommended: MKL, which is free through Conda with mk1-service package.

* Alternatively, we suggest to install OpenBLAS, with the development headers
(-dev, —devel, depending on your Linux distribution).

Optional requirements

python-dev, g++ >= 4.2 Highly recommended. Theano can fall back on a NumPy-based
Python execution model, but a C compiler allows for vastly faster execution.

nose >= 1.3.0 Recommended, to run Theano’s test-suite.

Sphinx >= 0.5.1, pygments For building the documentation. LaTeX and dvipng are also nec-
essary for math to show up as images.

pydot-ng To handle large picture for gif/images.

NVIDIA CUDA drivers and SDK Highly recommended Required for GPU code genera-
tion/execution on NVIDIA gpus. See instruction below.

libgpuarray Required for GPU/CPU code generation on CUDA and OpenCL devices (see:
GpuArray Backend).

pycuda and skcuda Required for some extra operations on the GPU like fft and solvers.
We use them to wrap cufft and cusolver. Quick install pip install pycuda
scikit—-cuda. For cuda 8, the dev version of skcuda (will be released as 0.5.2)
is needed for cusolver: pip install pycuda; pip install git+https:/
/github.com/lebedov/scikit-cuda.git#egg=scikit-cuda.

warp-cte Required for Theano CTC implementation. It is faster then using an equivalent graph
of Theano ops.

Requirements installation through Conda (recommended)
Install Miniconda

Follow this link to install Miniconda.

6.2. How to provide help 21
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Note: If you want fast compiled code (recommended), make sure you have g++ installed.

Install requirements and optional packages

conda install numpy scipy mkl <nose> <sphinx> <pydot-ng>

* Arguments between <...> are optional.

Package parameterized is also optional but may be required for unit testing. It is available via pip.

pip install parameterized

Install and configure the GPU drivers (recommended)

Warning: OpenCL support is still minimal for now.

1. Install CUDA drivers
* Follow this link to install the CUDA driver and the CUDA Toolkit.
* You must reboot the computer after the driver installation.

 Test that it was loaded correctly after the reboot, executing the command nvidia-smi
from the command line.

Note: Sanity check: The bin subfolder should contain an nvce program. This folder is
called the cuda root directory.

2. Fix ‘lib’ path

* Add the CUDA ‘lib’ subdirectory (and/or ‘lib64’ subdirectory if you have a 64-bit OS)
to your $SLD_LIBRARY_PATH environment variable. Example: /usr/local/cuda/
1ib64

Installation

Stable Installation

With conda

If you use conda, you can directly install both theano and pygpu. Libgpuarray will be automatically installed
as a dependency of pygpu.
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conda install theano pygpu

Warning: Latest conda packages for theano (>= 0. 9) and pygpu (>= 0. 6*) currently don’t support
Python 3.4 branch.

With pip
If you use pip, you have to install Theano and libgpuarray separately.
theano

Install the latest stable version of Theano with:
* Any argument between <...> is optional.

e Use sudo for a root installation.

Use user for a user installation without admin rights. It will install Theano in your local site-packages.

[test] will install the requirements for testing.

[doc] will install the requirements in order to generate the documentation.
If you encountered any trouble, head to the Troubleshooting page.

The latest stable version of Theanois 1.0 .4 (tagged with rel1-1.0.4).

libgpuarray

Download it with:

git clone https://github.com/Theano/libgpuarray.git
cd libgpuarray

and then follow the Step-by-step instructions.

Bleeding-Edge Installation (recommended)

Install the latest, bleeding-edge, development version of Theano with:
* Any argument between <...> is optional.
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to be installed through pip. This is
important when they have already been installed as system packages.
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If you encountered any trouble, head to the Troubleshooting page.

libgpuarray

Install the latest, development version of libgpuarray following the Step-by-step instructions.

Note: Currently, you need 1ibgpuarray version 0.7.X that is not in conda default channel. But you
can install it with our own channel mila-udem (that only supports Python 2.7, 3.5 and 3.6):

conda install -c¢ mila-udem pygpu

Developer Installation

Install the developer version of Theano with:
* Any argument between <...> is optional.
* Use sudo for a root installation.
* Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to be installed through pip. This is
important when they have already been installed as system packages.

* -e makes your installation editable, i.e., it links it to your source directory.

If you encountered any trouble, head to the Troubleshooting page.

libgpuarray

See instructions for bleeding-edge installation about 1 ibgpuarray.

Prerequisites through System Packages (not recommended)

If you want to acquire the requirements through your system packages and install them system wide follow
these instructions:

For Ubuntu 16.04 with cuda 7.5

sudo apt—-get install python-numpy python-scipy python-dev python-pip python-
—nose g++ libopenblas-dev git graphviz
sudo pip install Theano

# cuda 7.5 don't support the default g++ version. Install an supported,
—version and make it the default.
sudo apt-get install g++-4.9

(continues on next page)
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(continued from previous page)

sudo update—alternatives —--install /usr/bin/gcc gcc /usr/bin/gcc—-4.9 20
sudo update-alternatives —-install /usr/bin/gcc gcc /usr/bin/gcc-5 10

sudo update-alternatives --install /usr/bin/g++ g++ /usr/bin/g++-4.9 20
sudo update-alternatives --install /usr/bin/g++ g++ /usr/bin/g++-5 10

sudo update-alternatives ——-install /usr/bin/cc cc /usr/bin/gcc 30
sudo update-alternatives —-set cc /usr/bin/gcc

sudo update-alternatives --install /usr/bin/c++ c++ /usr/bin/g++ 30
sudo update-alternatives --set c++ /usr/bin/g++

For Ubuntu 11.10 through 14.04:

sudo apt—-get install python-numpy python-scipy python-dev python-pip python-
—nose g++ libopenblas-dev git

On 14.04, this will install Python 2 by default. If you want to use Python 3:

sudo apt-get install python3-numpy python3-scipy python3-dev python3-pip
—python3-nose g++ libopenblas-dev git
sudo pip3 install Theano

For Ubuntu 11.04:

sudo apt-get install python-numpy python-scipy python-dev python-pip python-
—nose g++ git libatlas3gf-base libatlas-dev

Manual Openblas installation (deprecated)

The openblas included in some older Ubuntu version is limited to 2 threads. Ubuntu 14.04 do not have this
limit. If you want to use more cores at the same time, you will need to compile it yourself. Here is some
code that will help you.

# remove openblas if you installed it

sudo apt-get remove libopenblas-base

# Download the development version of OpenBLAS

git clone git://github.com/xianyi/OpenBLAS

cd OpenBLAS

make FC=gfortran

sudo make PREFIX=/usr/local/ install

# Tell Theano to use OpenBLAS.

# This works only for the current user.

# Each Theano user on that computer should run that line.
echo —e "\n[blas]\nldflags = -lopenblas\n" >> ~/.theanorc
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Mac OS Installation Instructions

Warning: If you want to install the bleeding-edge or development version of Theano from GitHub,
please make sure you are reading the latest version of this page.

There are various ways to install Theano dependencies on a Mac. Here we describe the process in detail
with Anaconda, Homebrew or MacPorts but if you did it differently and it worked, please let us know the
details on the theano-users mailing-list, so that we can add alternative instructions here.

Requirements

Note: We only support the installation of the requirements through conda.

Python == 2.7* or (>=3.4and <3.6 ) The conda distribution is highly recommended.
Python 2.4 was supported up to and including the release 0.6. Python 2.6 was supported
up to and including the release 0.8.2. Python 3.3 was supported up to and including release
0.9.

NumPy >= 1.9.1 <= 1.12 Earlier versions could work, but we don’t test it.

SciPy >=0.14 < 0.17.1 Only currently required for sparse matrix and special functions sup-
port, but highly recommended. SciPy >=0.8 could work, but earlier versions have known
bugs with sparse matrices.

BLAS installation (with Level 3 functionality)
* Recommended: MKL, which is free through Conda with mk1-service package.

* Alternatively, we suggest to install OpenBLAS, with the development headers
(-dev, —devel, depending on your Linux distribution).

Optional requirements

clang (the system version) Highly recommended. Theano can fall back on a NumPy-based
Python execution model, but a C compiler allows for vastly faster execution.

nose >= 1.3.0 Recommended, to run Theano’s test-suite.

Sphinx >= 0.5.1, pygments For building the documentation. LaTeX and dvipng are also nec-
essary for math to show up as images.

pydot-ng To handle large picture for gif/images.

NVIDIA CUDA drivers and SDK Highly recommended Required for GPU code genera-
tion/execution on NVIDIA gpus. See instruction below.

libgpuarray Required for GPU/CPU code generation on CUDA and OpenCL devices (see:
GpuArray Backend).
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pycuda and skcuda Required for some extra operations on the GPU like fft and solvers.
We use them to wrap cufft and cusolver. Quick install pip install pycuda
scikit—-cuda. For cuda 8, the dev version of skcuda (will be released as 0.5.2)
is needed for cusolver: pip install pycuda; pip install git+https:/
/github.com/lebedov/scikit-cuda.git#egg=scikit-cuda.

warp-cte Required for Theano CTC implementation. It is faster then using an equivalent graph
of Theano ops.

Requirements installation through Conda (recommended)
Install Miniconda

Follow this link to install Miniconda.

Note: If you want fast compiled code (recommended), make sure you have C1ang installed.

Install requirements and optional packages

conda install numpy scipy mkl <nose> <sphinx> <pydot-ng>

* Arguments between <...> are optional.

Package parameterized is also optional but may be required for unit testing. It is available via pip.

pip install parameterized

Install and configure the GPU drivers (recommended)

Warning: OpenCL support is still minimal for now.

1. Install CUDA drivers
* Follow this link to install the CUDA driver and the CUDA Toolkit.
* You must reboot the computer after the driver installation.

 Test that it was loaded correctly after the reboot, executing the command nvidia-smi
from the command line.

Note: Sanity check: The bin subfolder should contain an nvcc program. This folder is
called the cuda root directory.
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2. Fix ‘lib’ path

* Add the CUDA ‘lib’ subdirectory (and/or ‘lib64’ subdirectory if you have a 64-bit OS)
to your SLD_LIBRARY_PATH environment variable. Example: /usr/local/cuda/
libe4

Attention: For MacOS you should be able to follow the above instructions to setup CUDA, but be
aware of the following caveats:

* If you want to compile the CUDA SDK code, you may need to temporarily revert back to Apple’s
gce (sudo port select gcc) as their Makefiles are not compatible with MacPort’s gcc.

» If CUDA seems unable to find a CUDA-capable GPU, you may need to manually toggle your
GPU on, which can be done with gfxCardStatus.

Attention: Theano officially supports only clang on OS X. This can be installed by getting XCode from
the App Store and running it once to install the command-line tools.

Installation

Stable Installation

With conda

If you use conda, you can directly install both theano and pygpu. Libgpuarray will be automatically installed
as a dependency of pygpu.

conda install theano pygpu

Warning: Latest conda packages for theano (>= 0. 9) and pygpu (>= 0. 6*) currently don’t support
Python 3.4 branch.

With pip

If you use pip, you have to install Theano and libgpuarray separately.

theano

Install the latest stable version of Theano with:

* Any argument between <...> is optional.
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¢ Use sudo for a root installation.

Use user for a user installation without admin rights. It will install Theano in your local site-packages.

[test] will install the requirements for testing.

[doc] will install the requirements in order to generate the documentation.
If you encountered any trouble, head to the Troubleshooting page.

The latest stable version of Theanois 1.0. 4 (tagged with re1-1.0.4).

libgpuarray

Download it with:

git clone https://github.com/Theano/libgpuarray.git
cd libgpuarray

and then follow the Step-by-step instructions.

Bleeding-Edge Installation (recommended)

Install the latest, bleeding-edge, development version of Theano with:
* Any argument between <...> is optional.
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to be installed through pip. This is
important when they have already been installed as system packages.

If you encountered any trouble, head to the Troubleshooting page.

libgpuarray

Install the latest, development version of libgpuarray following the Step-by-step instructions.

Note: Currently, you need 1ibgpuarray version 0.7 .X that is not in conda default channel. But you
can install it with our own channel mila-udem (that only supports Python 2.7, 3.5 and 3.6):

conda install -c¢ mila-udem pygpu
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Developer Installation

Install the developer version of Theano with:
* Any argument between <. ..> is optional.
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to be installed through pip. This is
important when they have already been installed as system packages.

* -e makes your installation editable, i.e., it links it to your source directory.

If you encountered any trouble, head to the Troubleshooting page.

libgpuarray

See instructions for bleeding-edge installation about 1 ibgpuarray.

Requirements through Homebrew (not recommended)

Install python with homebrew:

$ brew install python # or python3 if you prefer

This will install pip. Then use pip to install numpy, scipy:

$ pip install numpy scipy

If you want to use openblas instead of Accelerate, you have to install numpy and scipy with hombrew:

$ brew tap homebrew/python
$ brew install numpy —--with-openblas
$ brew install scipy —--with-openblas

Requirements through MacPorts (not recommended)

Using MacPorts to install all required Theano dependencies is easy, but be aware that it will take a long time
(a few hours) to build and install everything.

* MacPorts requires installing XCode first (which can be found in the Mac App Store), if you do not
have it already. If you can’t install it from the App Store, look in your MacOS X installation DVD for
an old version. Then update your Mac to update XCode.

* Download and install MacPorts, then ensure its package list is up-to-date with sudo port
selfupdate.

* Then, in order to install one or more of the required libraries, use port install, e.g. as follows:
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$ sudo port install py27-numpy +atlas py27-scipy +atlas py27-pip

This will install all the required Theano dependencies. gcc will be automatically installed (since it is
a SciPy dependency), but be aware that it takes a long time to compile (hours)! Having NumPy and
SciPy linked with ATLAS (an optimized BLAS implementation) is not mandatory, but recommended
if you care about performance.

You might have some different versions of gcc, SciPy, NumPy, Python installed on your system,
perhaps via Xcode. It is a good idea to use either the MacPorts version of everything or some other
set of compatible versions (e.g. provided by Xcode or Fink). The advantages of MacPorts are the
transparency with which everything can be installed and the fact that packages are updated quite
frequently. The following steps describe how to make sure you are using the MacPorts version of
these packages.

In order to use the MacPorts version of Python, you will probably need to explicitly select it with
sudo port select python python27. The reason this is necessary is because you may
have an Apple-provided Python (via, for example, an Xcode installation). After performing this
step, you should check that the symbolic link provided by which python points to the MacPorts
python. For instance, on MacOS X Lion with MacPorts 2.0.3, the output of which python is
/opt/local/bin/python and this symbolic link points to /opt/local/bin/python2.7.
When executing sudo port select python python27-apple (which you should not do),
the link points to /usr/bin/python2.7.

Similarly, make sure that you are using the MacPorts-provided gcc: use sudo port select gcc
to see which gcc installs you have on the system. Then execute for instance sudo port select
gcc mp-gcc44 to create a symlink that points to the correct (MacPorts) gcc (version 4.4 in this
case).

At this point, if you have not done so already, it may be a good idea to close and restart your terminal,
to make sure all configuration changes are properly taken into account.

Afterwards, please check that the scipy module that is imported in Python is the right one (and
is a recent one). For instance, import scipy followed by print scipy.__ _version__ and
print scipy.__path__ should result in a version number of at least 0.7.0 and a path that starts
with /opt/local (the path where MacPorts installs its packages). If this is not the case, then you
might have some old installation of scipy in your PYTHONPATH so you should edit PYTHONPATH
accordingly.

Please follow the same procedure with numpy.

This is covered in the MacPorts installation process, but make sure that your PATH environment
variable contains /opt/local/bin and /opt/local/sbin before any other paths (to ensure
that the Python and gcc binaries that you installed with MacPorts are visible first).

MacPorts does not create automatically nosetests and pip symlinks pointing to the MacPorts
version, so you can add them yourself with

$ sudo 1n -s /opt/local/bin/nosetests—-2.7 /opt/local/bin/
—nosetests
$ sudo 1n -s /opt/local/bin/pip-2.7 /opt/local/bin/pip

6.2.
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Windows Installation Instructions

Warning: If you want to install the bleeding-edge or development version of Theano from GitHub,
please make sure you are reading the latest version of this page.

Requirements

Note: We only support the installation of the requirements through conda.

Python == 2.7* or (>=3.4and < 3.6 ) The conda distribution is highly recommended.
Python 2.4 was supported up to and including the release 0.6. Python 2.6 was supported
up to and including the release 0.8.2. Python 3.3 was supported up to and including release
0.9.

NumPy >=1.9.1 <= 1.12 Earlier versions could work, but we don’t test it.

SciPy >=0.14 < 0.17.1 Only currently required for sparse matrix and special functions sup-
port, but highly recommended. SciPy >=0.8 could work, but earlier versions have known
bugs with sparse matrices.

BLAS installation (with Level 3 functionality)
* Recommended: MKL, which is free through Conda with mk1-service package.

* Alternatively, we suggest to install OpenBLAS, with the development headers
(-dev, —~devel, depending on your Linux distribution).

Optional requirements

GCC compiler with g++ (version >= 4.2 . %), and Python development files Highly rec-
ommended. Theano can fall back on a NumPy-based Python execution model, but a
C compiler allows for vastly faster execution.

nose >= 1.3.0 Recommended, to run Theano’s test-suite.

Sphinx >= 0.5.1, pygments For building the documentation. LaTeX and dvipng are also nec-
essary for math to show up as images.

pydot-ng To handle large picture for gif/images.

NVIDIA CUDA drivers and SDK Highly recommended Required for GPU code genera-
tion/execution on NVIDIA gpus. See instruction below.

libgpuarray Required for GPU/CPU code generation on CUDA and OpenCL devices (see:
GpuArray Backend).

pycuda and skcuda Required for some extra operations on the GPU like fft and solvers.
We use them to wrap cufft and cusolver. Quick install pip install pycuda
scikit—-cuda. For cuda 8, the dev version of skcuda (will be released as 0.5.2)
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is needed for cusolver: pip install pycuda; pip install git+https:/
/github.com/lebedov/scikit—-cuda.git#egg=scikit-cuda.

warp-cte Required for Theano CTC implementation. It is faster then using an equivalent graph
of Theano ops.

Requirements installation through Conda (recommended)
Install Miniconda

Follow this link to install Miniconda.

Note: If you want fast compiled code (recommended), make sure you have g++ installed.

Install requirements and optional packages

conda install numpy scipy mkl-service libpython <m2w64-toolchain> <nose>
—<sphinx> <pydot-ng> <git>

Note:
* Arguments between <...> are optional.

* m2w64-toolchain package provides a fully-compatible version of GCC and is then highly rec-
ommended.

* git package installs git source control through conda, which is required for the development versions
of Theano and libgpuarray

Package parameterized is also optional but may be required for unit testing. It is available via pip.

pip install parameterized

Install and configure the GPU drivers (recommended)

Warning: OpenCL support is still minimal for now.

Install CUDA drivers

Follow this link to install the CUDA driver and the CUDA Toolkit.

You must reboot the computer after the driver installation.
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Installation
Stable Installation
With conda

If you use conda, you can directly install both theano and pygpu. Libgpuarray will be automatically installed
as a dependency of pygpu.

conda install theano pygpu

Warning: Latest conda packages for theano (>= 0. 9) and pygpu (>= 0. 6*) currently don’t support
Python 3.4 branch.

With pip
If you use pip, you have to install Theano and libgpuarray separately.

theano

Install the latest stable version of Theano with:
* Any argument between <...> is optional.
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.
* [test] will install the requirements for testing.
* [doc] will install the requirements in order to generate the documentation.
If you encountered any trouble, head to the Troubleshooting page.

The latest stable version of Theanois 1.0 .4 (tagged with rel1-1.0.4).

libgpuarray

Download it with:

git clone https://github.com/Theano/libgpuarray.git
cd libgpuarray

and then follow the Step-by-step instructions.
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Bleeding-Edge Installation (recommended)

Install the latest, bleeding-edge, development version of Theano with:
* Any argument between <. ..> is optional.
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to be installed through pip. This is
important when they have already been installed as system packages.

If you encountered any trouble, head to the Troubleshooting page.

libgpuarray

Install the latest, development version of libgpuarray following the Step-by-step instructions.

Note: Currently, you need 1ibgpuarray version 0.7.X that is not in conda default channel. But you
can install it with our own channel mi 1a-udem (that only supports Python 2.7, 3.5 and 3.6):

conda install -c¢c mila-udem pygpu

Developer Installation

Install the developer version of Theano with:
* Any argument between <...> is optional.
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to be installed through pip. This is
important when they have already been installed as system packages.

* -e makes your installation editable, i.e., it links it to your source directory.

If you encountered any trouble, head to the Troubleshooting page.

libgpuarray

See instructions for bleeding-edge installation about 1 ibgpuarray.
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Instructions for other Python distributions (not recommended)

If you plan to use Theano with other Python distributions, these are generic guidelines to get a working
environment:

* Look for the mandatory requirements in the package manager’s repositories of your distribution.
Many distributions come with pip package manager which use PyPI repository. The required mod-
ules are Python (of course), NumPy, SciPy and a BLAS implementation (MKL or OpenBLAS). Use
the versions recommended at the top of this documentation.

* If the package manager provide a GCC compiler with the recommended version (see at top), install
it. If not, you could use the build TDM GCC which is provided for both 32- and 64-bit platforms. A
few caveats to watch for during installation:

1. Install to a directory without spaces (we have placed itin C: \SciSoft \TDM-GCC-64)
2. If you don’t want to clutter your system PATH un-check add to path option.
3. Enable OpenMP support by checking the option openmp support option.

* Install CUDA with the same instructions as above.

* Install the latest, development version of libgpuarray following the Step-by-step instructions.

CentOS 6 Installation Instructions

Warning: If you want to install the bleeding-edge or development version of Theano from GitHub,
please make sure you are reading the latest version of this page.

Requirements

Note: We only support the installation of the requirements through conda.

Python == 2.7* or (>=3.4 and < 3.6 ) The development package (python-dev or python-
devel on most Linux distributions) is recommended (see just below). Python 2.4 was
supported up to and including the release 0.6. Python 2.6 was supported up to and includ-
ing the release 0.8.2. Python 3.3 was supported up to and including release 0.9.

NumPy >=1.9.1 <= 1.12 Earlier versions could work, but we don’t test it.

SciPy >=0.14 < 0.17.1 Only currently required for sparse matrix and special functions sup-
port, but highly recommended. SciPy >=0.8 could work, but earlier versions have known
bugs with sparse matrices.

BLAS installation (with Level 3 functionality)

* Recommended: MKL, which is free through Conda with mk1-service package.
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* Alternatively, we suggest to install OpenBLAS, with the development headers
(-dev, —devel, depending on your Linux distribution).

Optional requirements

python-dev, g++ >= 4.2 Highly recommended. Theano can fall back on a NumPy-based
Python execution model, but a C compiler allows for vastly faster execution.

nose >= 1.3.0 Recommended, to run Theano’s test-suite.

Sphinx >= 0.5.1, pygments For building the documentation. LaTeX and dvipng are also nec-
essary for math to show up as images.

pydot-ng To handle large picture for gif/images.

NVIDIA CUDA drivers and SDK Highly recommended Required for GPU code genera-
tion/execution on NVIDIA gpus. See instruction below.

libgpuarray Required for GPU/CPU code generation on CUDA and OpenCL devices (see:
GpuArray Backend).

pycuda and skcuda Required for some extra operations on the GPU like fft and solvers.
We use them to wrap cufft and cusolver. Quick install pip install pycuda
scikit—-cuda. For cuda 8, the dev version of skcuda (will be released as 0.5.2)
is needed for cusolver: pip install pycuda; pip install git+https:/
/github.com/lebedov/scikit—-cuda.git#egg=scikit-cuda.

warp-cte Required for Theano CTC implementation. It is faster then using an equivalent graph
of Theano ops.

Requirements installation through Conda (recommended)
Install Miniconda

Follow this link to install Miniconda.

Note: If you want fast compiled code (recommended), make sure you have g++ installed.

Install requirements and optional packages

conda install numpy scipy mkl <nose> <sphinx> <pydot-ng>

* Arguments between <...> are optional.

Package parameterized is also optional but may be required for unit testing. It is available via pip.

pip install parameterized
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Install and configure the GPU drivers (recommended)

Warning: OpenCL support is still minimal for now.

1. Install CUDA drivers
* Follow this link to install the CUDA driver and the CUDA Toolkit.
* You must reboot the computer after the driver installation.

 Test that it was loaded correctly after the reboot, executing the command nvidia-smi
from the command line.

Note: Sanity check: The bin subfolder should contain an nvcc program. This folder is
called the cuda root directory.

2. Fix ‘lib’ path

* Add the CUDA ‘lib’ subdirectory (and/or ‘lib64’ subdirectory if you have a 64-bit OS)
to your $LD_LIBRARY_PATH environment variable. Example: /usr/local/cuda/
libo4

Installation

Stable Installation

With conda

If you use conda, you can directly install both theano and pygpu. Libgpuarray will be automatically installed
as a dependency of pygpu.

conda install theano pygpu

Warning: Latest conda packages for theano (>= 0. 9) and pygpu (>= 0. 6*) currently don’t support
Python 3.4 branch.

With pip

If you use pip, you have to install Theano and libgpuarray separately.
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theano

Install the latest stable version of Theano with:
* Any argument between <. ..> is optional.
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.
* [test] will install the requirements for testing.
* [doc] will install the requirements in order to generate the documentation.
If you encountered any trouble, head to the Troubleshooting page.

The latest stable version of Theanois 1.0 .4 (tagged with rel-1.0.4).

libgpuarray

Download it with:

git clone https://github.com/Theano/libgpuarray.git
cd libgpuarray

and then follow the Step-by-step instructions.

Bleeding-Edge Installation (recommended)

Install the latest, bleeding-edge, development version of Theano with:
* Any argument between <...> is optional.
* Use sudo for a root installation.
* Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to be installed through pip. This is
important when they have already been installed as system packages.

If you encountered any trouble, head to the Troubleshooting page.

libgpuarray

Install the latest, development version of libgpuarray following the Step-by-step instructions.

Note: Currently, you need 1ibgpuarray version 0. 7.X that is not in conda default channel. But you
can install it with our own channel mila-udem (that only supports Python 2.7, 3.5 and 3.6):

conda install -c¢ mila-udem pygpu
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Developer Installation

Install the developer version of Theano with:
* Any argument between <. ..> is optional.
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to be installed through pip. This is
important when they have already been installed as system packages.

* -e makes your installation editable, i.e., it links it to your source directory.

If you encountered any trouble, head to the Troubleshooting page.

libgpuarray

See instructions for bleeding-edge installation about 1 ibgpuarray.

Requirements through System Packages (not recommended)

sudo yum install python-devel python-nose python-setuptools gcc gcc-gfortran,,
—gcc—c++ blas-devel lapack-devel atlas-devel
sudo easy_install pip

Other Platform-specific Installations

Warning: These instructions are not kept up to date.

NVIDIA Jetson TX1 embedded platform

sudo apt—-get install python-numpy python-scipy python-dev python-pip python-
—nose g++ libblas-dev git

pip install --upgrade —--no-deps git+git://github.com/Theano/Theano.git —--user,
— # Need Theano 0.8 or more recent

Gentoo

Brian Vandenberg emailed installation instructions on Gentoo, focusing on how to install the appropriate
dependencies.

Nicolas Pinto provides ebuild scripts.
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AWS Marketplace with Bitfusion AMI

AWS EC2 AMI pre-installed with Nvidia drivers, CUDA, cuDNN, Theano, Keras, Lasagne, Python 2,
Python 3, PyCuda, Scikit-Learn, Pandas, Enum34, iPython, and Jupyter. Note, as always there is no charge
for Theano and other open software, however there is a charge for AWS hosting + Bitfusion.

Launch an instance from the AWS Marketplace.

Docker

Builds of Theano are available as Docker images: Theano Docker (CPU) or Theano Docker (CUDA). These
are updated on a weekly basis with bleeding-edge builds of Theano. Examples of running bash in a Docker
container are as follows:

sudo docker run -it kaixhin/theano
sudo nvidia-docker run —-it kaixhin/cuda-theano:7.0

For a guide to Docker, see the official docs. CUDA support requires NVIDIA Docker. For more details on
how to use the Theano Docker images, consult the source project.

Once your setup is complete and if you installed the GPU libraries, head to Testing Theano with GPU to
find how to verify everything is working properly.

To update your current installation see Updating Theano.

6.2.5 Updating Theano

Follow one of these three sections depending on how you installed Theano.

You should update frequently, bugs are fixed on a very regular basis, and features are added even more
frequently!

Stable Installation

The following command will update only Theano:
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to not be installed through pip. This is
important when they have already been installed as system packages.

Warning: If you installed NumPy/SciPy with yum/apt-get, updating NumPy/SciPy with
pip/easy_install is not always a good idea. This can make Theano crash due to problems with BLAS. The
versions of NumPy/SciPy in the distribution are sometimes linked against faster versions of BLAS. In-
stalling NumPy/SciPy with yum/apt-get/pip/easy_install won’t install the development package needed
to recompile it with the fast version. To fix a possible crash, you can clear the Theano cache like this:
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theano-cache clear

Bleeding-Edge Installation

The following command will update your bleeding-edge version of Theano
* Use sudo for a root installation.
» Use user for a user installation without admin rights. It will install Theano in your local site-packages.

* Use no-deps when you don’t want the dependencies of Theano to not be installed through pip. This is
important when they have already been installed as system packages.

Warning: If you installed NumPy/SciPy with yum/apt-get, updating NumPy/SciPy with
pip/easy_install is not always a good idea. This can make Theano crash due to problems with BLAS. The
versions of NumPy/SciPy in the distribution are sometimes linked against faster versions of BLAS. In-
stalling NumPy/SciPy with yum/apt-get/pip/easy_install won’t install the development package needed
to recompile it with the fast version. To fix a possible crash, you can clear the Theano cache like this:

theano-cache clear

Developer Installation

To update your library to the latest revision, change directory (cd) to your Theano folder and execute the
following command:

Warning: The following assumes you have knowledge of git and know how to do a rebase.

git pull —--rebase

6.2.6 Tutorial

Let us start an interactive session (e.g. with python or ipython) and import Theano.

>>> from theano import =~

Several of the symbols you will need to use are in the tensor subpackage of Theano. Let us import that
subpackage under a handy name like T (the tutorials will frequently use this convention).

>>> import theano.tensor as T
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If that succeeded you are ready for the tutorial, otherwise check your installation (see Installing Theano).

Throughout the tutorial, bear in mind that there is a Glossary as well as index and modules links in the
upper-right corner of each page to help you out.

Prerequisites

Python tutorial

In this documentation, we suppose that the reader knows Python. Here is a small list of Python tutori-
als/exercises if you need to learn it or only need a refresher:

* Python Challenge
* Dive into Python
* Google Python Class

* Enthought Python course (free for academics)

NumPy refresher

Here are some quick guides to NumPy:
* Numpy quick guide for Matlab users
* Numpy User Guide
* More detailed Numpy tutorial
* 100 NumPy exercises

* Numpy tutorial

Matrix conventions for machine learning

Rows are horizontal and columns are vertical. Every row is an example. Therefore, inputs[10,5] is a matrix
of 10 examples where each example has dimension 5. If this would be the input of a neural network then
the weights from the input to the first hidden layer would represent a matrix of size (5, #hid).

Consider this array:

>>> numpy.asarray ([[1l., 21, [3, 41, [5, 6]11)
array ([[ 1., 2.1,

[ 3., 4.1,

[ 5., 6.11)
>>> numpy.asarray([[1l., 21, [3, 4], [5, 6]]1).shape
(3, 2)

This is a 3x2 matrix, i.e. there are 3 rows and 2 columns.

To access the entry in the 3rd row (row #2) and the 1st column (column #0):
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>>> numpy.asarray([[l., 2], [3, 4], [5, 6]])([2, O]
5.0

To remember this, keep in mind that we read left-to-right, top-to-bottom, so each thing that is contiguous is
a row. That is, there are 3 rows and 2 columns.

Broadcasting

Numpy does broadcasting of arrays of different shapes during arithmetic operations. What this means in
general is that the smaller array (or scalar) is broadcasted across the larger array so that they have compatible
shapes. The example below shows an instance of broadcasting:

>>> a = numpy.asarray([1.0, 2.0, 3.01])
>>> b = 2.0

>>> a * b

array ([ 2., 4., 6.])

The smaller array b (actually a scalar here, which works like a 0-d array) in this case is broadcasted to the
same size as a during the multiplication. This trick is often useful in simplifying how expression are written.
More detail about broadcasting can be found in the numpy user guide.

Basics
Baby Steps - Algebra
Adding two Scalars

To get us started with Theano and get a feel of what we’re working with, let’s make a simple function: add
two numbers together. Here is how you do it:

>>> import numpy

>>> import theano.tensor as T
>>> from theano import function
>>> x = T.dscalar('x")

>>> vy T.dscalar('y")

>>> z = X +y

>>> £

= function([x, yl, z)

And now that we’ve created our function we can use it:

>>> f£(2, 3)

array (5.0)

>>> numpy.allclose(f(16.3, 12.1), 28.4)
True

Let’s break this down into several steps. The first step is to define two symbols (Variables) representing the
quantities that you want to add. Note that from now on, we will use the term Variable to mean “symbol” (in

44 Chapter 6. Help!



http://docs.scipy.org/doc/numpy/user/basics.broadcasting.html

theano Documentation, Release 1.0.4

other words, x, y, z are all Variable objects). The output of the function f is a numpy . ndarray with zero
dimensions.

If you are following along and typing into an interpreter, you may have noticed that there was a slight delay
in executing the function instruction. Behind the scene, f was being compiled into C code.

Step 1

>>> x = T.dscalar('x")
>>> y = T.dscalar('y")

In Theano, all symbols must be typed. In particular, T.dscalar is the type we assign to “0O-dimensional
arrays (scalar) of doubles (d)”. It is a Theano Type.

dscalar is not a class. Therefore, neither x nor y are actually instances of dscalar. They are instances
of TensorVariable. x and y are, however, assigned the theano Type dscalar in their type field, as
you can see here:

>>> type (x)

<class 'theano.tensor.var.TensorVariable'>
>>> x.type

TensorType (float64, scalar)

>>> T.dscalar

TensorType (float64, scalar)

>>> x.type is T.dscalar

True

By calling T.dscalar with a string argument, you create a Variable representing a floating-point scalar
quantity with the given name. If you provide no argument, the symbol will be unnamed. Names are not
required, but they can help debugging.

More will be said in a moment regarding Theano’s inner structure. You could also learn more by looking
into Graph Structures.

Step 2

The second step is to combine x and y into their sum z:

>>> z = X +y

z is yet another Variable which represents the addition of x and y. You can use the pp function to pretty-print
out the computation associated to z.

>>> from theano import pp
>>> print (pp(z))
(x +y)

Step 3

The last step is to create a function taking x and y as inputs and giving z as output:

>>> f = function([x, y], z)
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The first argument to function is a list of Variables that will be provided as inputs to the function. The
second argument is a single Variable or a list of Variables. For either case, the second argument is what we
want to see as output when we apply the function. f may then be used like a normal Python function.

Note: As a shortcut, you can skip step 3, and just use a variable’s eval method. The eval () method
is not as flexible as function () but it can do everything we’ve covered in the tutorial so far. It has the
added benefit of not requiring you to import function () . Here is how eval () works:

>>> import numpy
>>> import theano.tensor as T

>>> x = T.dscalar('x")

>>> y = T.dscalar('y")

>>> z = x + y

>>> numpy.allclose(z.eval({x : 16.3, y : 12.1}), 28.4)
True

We passed eval () a dictionary mapping symbolic theano variables to the values to substitute for them,
and it returned the numerical value of the expression.

eval () will be slow the first time you call it on a variable — it needs to call function () to compile the
expression behind the scenes. Subsequent calls to eval () on that same variable will be fast, because the
variable caches the compiled function.

Adding two Matrices

You might already have guessed how to do this. Indeed, the only change from the previous example is that
you need to instantiate x and y using the matrix Types:

>>> x = T.dmatrix('x")

>>> y = T.dmatrix('y")

>>> 7z = X + vy

>>> f = function([x, y], 2z)

dmatrix is the Type for matrices of doubles. Then we can use our new function on 2D arrays:

>>> f£([[(1, 21, [3, 411, 1110, 201, [30, 4011)
array ([[ 11., 22.7,
[ 33., 44.11)

The variable is a NumPy array. We can also use NumPy arrays directly as inputs:

>>> import numpy
>>> f (numpy.array([[1l, 2], [3, 41]), numpy.array([[10, 201, [30, 40711]1))
array ([[ 11., 22.71,

[ 33., 44.11)

It is possible to add scalars to matrices, vectors to matrices, scalars to vectors, etc. The behavior of these
operations is defined by broadcasting.
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The following types are available:

* byte: bscalar, bvector, bmatrix, brow, bcol, btensor3, btensor4,
btensor5, btensor6, btensor?

¢ 16-bit integers: wscalar, wvector, wmatrix, wrow, wcol, wtensor3,
wtensor4, wtensorb, wtensor6, wtensor?

e 32-bit integers: iscalar, ivector, imatrix, irow, icol, itensor3,
itensor4, itensor5, itensor6, itensor?

¢ 64-bit integers: lscalar, lvector, lmatrix, lrow, lcol, ltensor3,
ltensor4, ltensor5, ltensor6, ltensor?

¢ float: fscalar, fvector, fmatrix, frow, fcol, ftensor3, ftensor4,
ftensor5, ftensor6, ftensor?

¢ double: dscalar, dvector, dmatrix, drow, dcol, dtensor3, dtensor4,
dtensor5, dtensor6, dtensor?

* complex: cscalar, cvector, cmatrix, crow, ccol, ctensor3, ctensori,
ctensor5, ctensor6, ctensor’

The previous list is not exhaustive and a guide to all types compatible with NumPy arrays may be found
here: tensor creation.

Note: You, the user—not the system architecture—have to choose whether your program will use 32- or
64-bit integers (1 prefix vs. the 1 prefix) and floats (£ prefix vs. the d prefix).

Exercise

import theano

a = theano.tensor.vector () # declare variable
out = a + a xx 10 # build symbolic expression
f = theano.function([a], out) # compile function

print (£([0, 1, 2]))

[ 0. 2. 1026.]

Modify and execute this code to compute this expression: a ¥* 2 +b ** 2 +2 * a * b,

Solution

More Examples

At this point it would be wise to begin familiarizing yourself more systematically with Theano’s fundamental
objects and operations by browsing this section of the library: Basic Tensor Functionality.

As the tutorial unfolds, you should also gradually acquaint yourself with the other relevant areas of the
library and with the relevant subjects of the documentation entrance page.
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Logistic Function

Here’s another straightforward example, though a bit more elaborate than adding two numbers together.
Let’s say that you want to compute the logistic curve, which is given by:

1

@)= 1=

[

Fig. 1: A plot of the logistic function, with x on the x-axis and s(x) on the y-axis.

You want to compute the function e/lementwise on matrices of doubles, which means that you want to apply
this function to each individual element of the matrix.

Well, what you do is this:

>>> import theano
>>> import theano.tensor as T
>>> x = T.dmatrix('x")
>>> s =1 / (1 + T.exp(-x))
>>> logistic = theano.function([x], s)
>>> logistic([[0, 11, [-1, -211)
array ([[ 0.5 , 0.73105858],
[ 0.26894142, 0.1192029211)

The reason logistic is performed elementwise is because all of its operations—division, addition, exponen-
tiation, and division—are themselves elementwise operations.

It is also the case that:

1 1+ tanh(z/2)

T lgec 2

s(x)

We can verify that this alternate form produces the same values:

>>> g2 = (1 + T.tanh(x / 2)) / 2
>>> logistic2 = theano.function([x], s2)
>>> logistic2([[O0, 11, [-1, —-211)

(continues on next page)
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(continued from previous page)

array ([ [

[

, 0.73105858]

0.5 ’
0.26894142, 0.1192029211)

Computing More than one Thing at the Same Time

Theano supports functions with multiple outputs. For example, we can compute the elementwise difference,
absolute difference, and squared difference between two matrices a and b at the same time:

>>> a, b = T.dmatrices('a', 'b'")

>>> diff = a - b

>>> abs_diff = abs(diff)

>>> diff_ squared = diffxx*2

>>> f = theano.function([a, b]l, [diff, abs_diff, diff_squared])

Note: dmatrices produces as many outputs as names that you provide. It is a shortcut for allocating
symbolic variables that we will often use in the tutorials.

When we use the function f, it returns the three variables (the printing was reformatted for readability):

>>> f£([[(1, 11, [1, 111, ([0, 11, [2, 311)
[array ([[ 1., 0.7,
(-1., -2.11), array([[ 1., 0.1,
[ 1., 2.11), array([[ 1., 0.7,
[ 1., 4.]11)]

Setting a Default Value for an Argument

Let’s say you want to define a function that adds two numbers, except that if you only provide one number,
the other input is assumed to be one. You can do it like this:

>>> from theano import In
>>> from theano import function
>>> x, y = T.dscalars('x', 'y')

>>> z = x + y

>>> f = function([x, In(y, value=1l)], 2z)
>>> f(33)

array (34.0)

>>> £ (33, 2)

array (35.0)

This makes use of the /n class which allows you to specify properties of your function’s parameters with
greater detail. Here we give a default value of 1 for y by creating a In instance with its value field set to
1.

Inputs with default values must follow inputs without default values (like Python’s functions). There can
be multiple inputs with default values. These parameters can be set positionally or by name, as in standard
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14
(
function([x, In(y, value=1l), In(w, value=2, name='w_by_name')], 2z)
)

>>> f (33, w_by_name=1)
array (34.0)
>>> £ (33, w_by_name=1, y=0)

array (33.0)

Note: In does not know the name of the local variables y and w that are passed as arguments. The
symbolic variable objects have name attributes (set by dscalars in the example above) and these are the
names of the keyword parameters in the functions that we build. This is the mechanism at work in In (y,
value=1l). In the case of In(w, value=2, name='w_by_name'). We override the symbolic
variable’s name attribute with a name to be used for this function.

You may like to see Function in the library for more detail.

Using Shared Variables

It is also possible to make a function with an internal state. For example, let’s say we want to make an
accumulator: at the beginning, the state is initialized to zero. Then, on each function call, the state is
incremented by the function’s argument.

First let’s define the accumulator function. It adds its argument to the internal state, and returns the old state
value.

>>> from theano import shared

>>> state = shared(0)

>>> inc = T.iscalar('inc'")

>>> accumulator = function([inc], state, updates=[(state, statetinc)])

This code introduces a few new concepts. The shared function constructs so-called shared variables.
These are hybrid symbolic and non-symbolic variables whose value may be shared between multiple func-
tions. Shared variables can be used in symbolic expressions just like the objects returned by dmatrices (.
. .) but they also have an internal value that defines the value taken by this symbolic variable in all the
functions that use it. It is called a shared variable because its value is shared between many functions. The
value can be accessed and modified by the . get_value () and . set_value () methods. We will come
back to this soon.

The other new thing in this code is the updates parameter of function. updates must be supplied
with a list of pairs of the form (shared-variable, new expression). It can also be a dictionary whose keys are
shared-variables and values are the new expressions. Either way, it means “whenever this function runs, it
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will replace the . value of each shared variable with the result of the corresponding expression”. Above,
our accumulator replaces the state’s value with the sum of the state and the increment amount.

Let’s try it out!

>>> print (state.get_value())
0

>>> accumulator (1)

array (0)

>>> print (state.get_value())
1

>>> accumulator (300)

array (1)

>>> print (state.get_value())
301

It is possible to reset the state. Just use the . set_value () method:

>>> state.set_value(-1)

>>> accumulator (3)

array (—1)

>>> print (state.get_value())
2

As we mentioned above, you can define more than one function to use the same shared variable. These
functions can all update the value.

>>> decrementor = function([inc], state, updates=[(state, state-inc)])
>>> decrementor (2)

array (2)

>>> print (state.get_value())

0

You might be wondering why the updates mechanism exists. You can always achieve a similar result by
returning the new expressions, and working with them in NumPy as usual. The updates mechanism can be
a syntactic convenience, but it is mainly there for efficiency. Updates to shared variables can sometimes be
done more quickly using in-place algorithms (e.g. low-rank matrix updates). Also, Theano has more control
over where and how shared variables are allocated, which is one of the important elements of getting good
performance on the GPU.

It may happen that you expressed some formula using a shared variable, but you do not want to use its value.
In this case, you can use the givens parameter of function which replaces a particular node in a graph
for the purpose of one particular function.

>>> fn_of_state = state x 2 + inc

>>> # The type of foo must match the shared variable we are replacing
>>> # with the "~ “givens '

>>> foo = T.scalar (dtype=state.dtype)

>>> skip_shared = function([inc, fool], fn_of_state, givens=[(state, foo)])
>>> skip_shared (1, 3) # we're using 3 for the state, not state.value

array (7)

>>> print (state.get_value()) # old state still there, but we didn't use it
0
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The givens parameter can be used to replace any symbolic variable, not just a shared variable. You can
replace constants, and expressions, in general. Be careful though, not to allow the expressions introduced
by a givens substitution to be co-dependent, the order of substitution is not defined, so the substitutions
have to work in any order.

In practice, a good way of thinking about the givens is as a mechanism that allows you to replace any part
of your formula with a different expression that evaluates to a tensor of same shape and dtype.

Note: Theano shared variable broadcast pattern default to False for each dimensions. Shared variable size
can change over time, so we can’t use the shape to find the broadcastable pattern. If you want a different
pattern, just pass it as a parameter theano.shared (..., broadcastable=(True, False))

Copying functions

Theano functions can be copied, which can be useful for creating similar functions but with different shared
variables or updates. This is done using the copy () method of function objects. The optimized graph
of the original function is copied, so compilation only needs to be performed once.

Let’s start from the accumulator defined above:

>>> import theano
>>> import theano.tensor as T

>>> state = theano.shared(0)
>>> inc = T.iscalar('inc')
>>> accumulator = theano.function([inc], state, updates=[ (state, state+inc)])

We can use it to increment the state as usual:

>>> accumulator (10)

array (0)

>>> print (state.get_value())
10

We can use copy () to create a similar accumulator but with its own internal state using the swap param-
eter, which is a dictionary of shared variables to exchange:

>>> new_state = theano.shared (0)

>>> new_accumulator = accumulator.copy(swap={state:new_state})
>>> new_accumulator (100)

[array (0) ]

>>> print (new_state.get_value())

100

The state of the first function is left untouched:

>>> print (state.get_value())
10
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We now create a copy with updates removed using the delete_updates parameter, which is set to
False by default:

>>> null_accumulator = accumulator.copy (delete_updates=True)

As expected, the shared state is no longer updated:

>>> null_accumulator (9000)
[array (10) ]

>>> print (state.get_value())
10

Using Random Numbers

Because in Theano you first express everything symbolically and afterwards compile this expression to get
functions, using pseudo-random numbers is not as straightforward as it is in NumPy, though also not too
complicated.

The way to think about putting randomness into Theano’s computations is to put random variables in your
graph. Theano will allocate a NumPy RandomStream object (a random number generator) for each such
variable, and draw from it as necessary. We will call this sort of sequence of random numbers a random
stream. Random streams are at their core shared variables, so the observations on shared variables hold here
as well. Theano’s random objects are defined and implemented in RandomStreams and, at a lower level, in
RandomStreamsBase.

Brief Example

Here’s a brief example. The setup code is:

from theano.tensor.shared randomstreams import RandomStreams

from theano import function

srng = RandomStreams (seed=234)

rv_u = srng.uniform((2,2))

rv_n = srng.normal ((2,2))

f = function([], rv_u)

g = function([], rv_n, no_default_updates=True) #Not updating rv_n.rng
nearly_zeros = function([], rv_u + rv_u - 2 % rv_u)

Here, ‘rv_u’ represents a random stream of 2x2 matrices of draws from a uniform distribution. Likewise,
‘rv_n’ represents a random stream of 2x2 matrices of draws from a normal distribution. The distributions
that are implemented are defined in RandomStreams and, at a lower level, in raw_random. They only
work on CPU. See Other Implementations for GPU version.

Now let’s use these objects. If we call f(), we get random uniform numbers. The internal state of the random
number generator is automatically updated, so we get different random numbers every time.

>>> f valo0 £()
>>> £ vall = f£() #different numbers from f_valO
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When we add the extra argument no_default_updates=True to function (as in g), then the ran-
dom number generator state is not affected by calling the returned function. So, for example, calling g
multiple times will return the same numbers.

>>> g_val0 = g{() # different numbers from f valO and f vall
>>> g_vall g () # same numbers as g_valO!

An important remark is that a random variable is drawn at most once during any single function execution.
So the nearly_zeros function is guaranteed to return approximately O (except for rounding error) even though
the rv_u random variable appears three times in the output expression.

>>> nearly_zeros = function([], rv_u + rv_u - 2 * rv_u)

Seeding Streams

Random variables can be seeded individually or collectively.

You can seed just one random variable by seeding or assigning to the .rng attribute, using .rng.
set_value ().

>>> rng_val = rv_u.rng.get_value (borrow=True) # Get the rng for rv_u
>>> rng_val.seed(89234) # seeds the generator
>>> rv_u.rng.set_value (rng_val, borrow=True) # Assign back seeded rng

You can also seed all of the random variables allocated by a RandomSt reams object by that object’s seed
method. This seed will be used to seed a temporary random number generator, that will in turn generate
seeds for each of the random variables.

>>> srng.seed(902340) # seeds rv_u and rv._n with different seeds each

Sharing Streams Between Functions

As usual for shared variables, the random number generators used for random variables are common between
functions. So our nearly_zeros function will update the state of the generators used in function f above.

For example:

>>> state_after_v0 = rv_u.rng.get_value () .get_state()
>>> nearly_zeros () # this affects rv_u's generator
array ([[ O., 0.7,

[ 0., 0.11)
>>> vl = f()
>>> rng = rv_u.rng.get_value (borrow=True)

>>> rng.set_state(state_after_v0)

>>> rv_u.rng.set_value (rng, borrow=True)
>>> v2 = f () # v2 I= vl

>>> v3 = f() # v3 == vl
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Copying Random State Between Theano Graphs

In some use cases, a user might want to transfer the “state” of all random number generators associated
with a given theano graph (e.g. gl, with compiled function fl1 below) to a second graph (e.g. g2, with
function f2). This might arise for example if you are trying to initialize the state of a model, from the pa-
rameters of a pickled version of a previous model. For t heano. tensor.shared randomstreams.
RandomStreamsand theano. sandbox.rng_mrg.MRG_RandomSt reams this can be achieved by
copying elements of the state_updates parameter.

Each time a random variable is drawn from a RandomStreams object, a tuple is added to the state_updates
list. The first element is a shared variable, which represents the state of the random number generator
associated with this particular variable, while the second represents the theano graph corresponding to the
random number generation process (i.e. RandomFunction{uniform}.0).

An example of how “random states” can be transferred from one theano function to another is shown below.

>>> from __ future  import print_function

>>> import theano

>>> import numpy

>>> import theano.tensor as T

>>> from theano.sandbox.rng mrg import MRG_RandomStreams

>>> from theano.tensor.shared randomstreams import RandomStreams

>>> class Graph{() :
def = init_ (self, seed=123):
self.rng = RandomStreams (seed)
self.y = self.rng.uniform(size=(1,))

>>> gl = Graph (seed=123)
>>> f1 = theano.function([], gl.y)

>>> g2 = Graph (seed=987)
>>> f2 = theano.function([], g2.y)

>>> # By default, the two functions are out of sync.

>>> f1()
array ([ 0.72803009])
>>> £2()
array ([ 0.55056769])

>>> def copy_random_state(gl, g2):
if isinstance(gl.rng, MRG_RandomStreams) :
g2.rng.rstate = gl.rng.rstate
for (sul, su2) in zip(gl.rng.state_updates, g2.rng.state_updates):
su2[0].set_value(sul[0].get_value())

>>> # We now copy the state of the theano random number generators.
>>> copy_random_state(gl, g2)
>>> f£1 ()

(continues on next page)
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array ([ 0.59044123])
>>> £2()
array ([ 0.59044123])

Other Random Distributions

There are other distributions implemented.

Other Implementations

There is another implementations based on MRG3/k3p. The RandomStream only work on the CPU,
MRG31k3p work on the CPU and GPU.

Note: To use you the MRG version easily, you can just change the import to:

from theano.sandbox.rng mrg import MRG_RandomStreams as RandomStreams

A Real Example: Logistic Regression

The preceding elements are featured in this more realistic example. It will be used repeatedly.

import numpy
import theano
import theano.tensor as T

rng = numpy.random

N = 400 # training sample size
feats = 784 # number of input variables
# generate a dataset: D = (input_values, target_class)

D = (rng.randn (N, feats), rng.randint(size=N, low=0, high=2))

training_steps = 10000

# Declare Theano symbolic variables
x = T.dmatrix("x")
T.dvector ("y")

=
Il

initialize the weight vector w randomly

are shared so they keep their values
between training iterations (updates)

#

#

# this and the following bias variable b

#

#

w = theano.shared(rng.randn (feats), name="w")

(continues on next page)
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# initialize the bias term
b = theano.shared (0., name="b")

print ("Initial model:")
print (w.get_value())
print (b.get_value())

# Construct Theano expression graph

p_l1 =1/ (1 + T.exp(-T.dot(x, w) - b)) # Probability that target = 1
prediction = p_1 > 0.5 # The prediction thresholded

xent = -y % T.log(p_l) - (l-y) * T.log(l-p_l) # Cross—entropy loss function
cost = xent.mean() + 0.01 » (w *% 2).sum()# The cost to minimize

gw, gb = T.grad(cost, [w, b]) # Compute the gradient of the cost

# w.r.t weight vector w and

# bias term b

# (we shall return to this in a

# following section of this,
—tutorial)

# Compile
train = theano.function/(

inputs=[x,v],

outputs=[prediction, xent],

updates=((w, w — 0.1 %= gw), (b, b - 0.1 » gb)))
predict = theano.function (inputs=[x], outputs=prediction)

# Train

for i in range(training_steps):
pred, err = train(D[0], DI[1])

print ("Final model:")

print (w.get_value())

print (b.get_value())

print ("target values for D:")

print (D[1])

print ("prediction on D:")

print (predict (D[0]))

Derivatives in Theano
Computing Gradients

Now let’s use Theano for a slightly more sophisticated task: create a function which computes the derivative
of some expression y with respect to its parameter x. To do this we will use the macro T . grad. For instance,
we can compute the gradient of 22 with respect to x. Note that: d(z?)/dz = 2 - z.

Here is the code to compute this gradient:
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>>> import numpy

>>> import theano

>>> import theano.tensor as T
>>> from theano import pp

>>> x = T.dscalar('x")

>>> y = X xx 2

>>> gy = T.grad(y, x)

>>> pp(gy) # print out the gradient prior to optimization

"((£1ill((x *% TensorConstant{2}), TensorConstant{l.0}) % TensorConstant{2}) x_
—(x ** (TensorConstant{2} - TensorConstant{l})))"'

>>> f = theano.function([x], gy)

>>> f (4)

array (8.0)
>>> numpy.allclose(f(94.2), 188.4)
True

In this example, we can see from pp (gy) that we are computing the correct symbolic gradient. £111 ( (x
*% 2), 1.0) means to make a matrix of the same shape as x ** 2 and fill it with 1.0.

Note: The optimizer simplifies the symbolic gradient expression. You can see this by digging inside the
internal properties of the compiled function.

pp (f.maker.fgraph.outputs[0])
'(2.0 *x x)!

After optimization there is only one Apply node left in the graph, which doubles the input.

We can also compute the gradient of complex expressions such as the logistic function defined above. It
turns out that the derivative of the logistic is: ds(z)/dz = s(x) - (1 — s(x)).

B2

Fig. 2: A plot of the gradient of the logistic function, with x on the x-axis and ds(x)/dx on the y-axis.

>>> x = T.dmatrix('x")
>>> s = T.sum(l / (1 + T.exp(-x)))
>>> gs = T.grad(s, x)

(continues on next page)
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>>> dlogistic = theano.function([x], gs)
>>> dlogistic([[0, 11, [-1, -211)
array ([[ 0.25 , 0.196611937,

[ 0.19661193, 0.1049935911)

In general, for any scalar expression s, T.grad (s, w) provides the Theano expression for computing
g—j}. In this way Theano can be used for doing efficient symbolic differentiation (as the expression returned
by T.grad will be optimized during compilation), even for function with many inputs. (see automatic
differentiation for a description of symbolic differentiation).

Note: The second argument of T.grad can be a list, in which case the output is also a list. The order
in both lists is important: element i of the output list is the gradient of the first argument of T.grad with
respect to the i-th element of the list given as second argument. The first argument of T.grad has to be a
scalar (a tensor of size 1). For more information on the semantics of the arguments of T.grad and details
about the implementation, see this section of the library.

Additional information on the inner workings of differentiation may also be found in the more advanced
tutorial Extending Theano.

Computing the Jacobian

In Theano’s parlance, the term Jacobian designates the tensor comprising the first partial derivatives of the
output of a function with respect to its inputs. (This is a generalization of to the so-called Jacobian matrix
in Mathematics.) Theano implements the theano. gradient. jacobian () macro that does all that is
needed to compute the Jacobian. The following text explains how to do it manually.

In order to manually compute the Jacobian of some function y with respect to some parameter x we need to
use scan. What we do is to loop over the entries in y and compute the gradient of y/i] with respect to x.

Note: scan is a generic op in Theano that allows writing in a symbolic manner all kinds of recurrent
equations. While creating symbolic loops (and optimizing them for performance) is a hard task, effort is
being done for improving the performance of scan. We shall return to scan later in this tutorial.

>>> import theano
>>> import theano.tensor as T

>>> x = T.dvector('x")
>>> y = X xk 2
>>> J, updates = theano.scan(lambda i, y, x : T.grad(y[i], x), sequences=T.

—arange (y.shape[0]), non_sequences=[y, x])

>>> f = theano.function([x], J, updates=updates)
>>> f£([4, 4])
array ([[ 8., 0.1,

[ 0., 8.11)

What we do in this code is to generate a sequence of ints from 0 to y.shape [0] using T.arange. Then
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we loop through this sequence, and at each step, we compute the gradient of element y/i] with respect to x.
scan automatically concatenates all these rows, generating a matrix which corresponds to the Jacobian.

Note: There are some pitfalls to be aware of regarding T.grad. One of them is that you cannot re-
write the above expression of the Jacobian as theano.scan (lambda y_i,x: T.grad(y_i,x),
sequences=y, non_sequences=x), even though from the documentation of scan this seems possi-
ble. The reason is that y_i will not be a function of x anymore, while y/i] still is.

Computing the Hessian

In Theano, the term Hessian has the usual mathematical meaning: It is the matrix comprising the second
order partial derivative of a function with scalar output and vector input. Theano implements theano.
gradient.hessian () macro that does all that is needed to compute the Hessian. The following text
explains how to do it manually.

You can compute the Hessian manually similarly to the Jacobian. The only difference is that now, instead
of computing the Jacobian of some expression y, we compute the Jacobian of T.grad (cost, x), where
cost is some scalar.

>>> x = T.dvector('x")

>>> y = X k% 2

>>> cost = y.sum()

>>> gy T.grad(cost, x)

>>> H, updates = theano.scan(lambda i, gy,x : T.grad(gy[i], x), sequences=T.
—arange (gy.shape[0]), non_sequences=[gy, x])

>>> f = theano.function([x], H, updates=updates)
>>> £([4, 4])
array ([[ 2., 0.7,

[ 0., 2.11)

Jacobian times a Vector

Sometimes we can express the algorithm in terms of Jacobians times vectors, or vectors times Jacobians.
Compared to evaluating the Jacobian and then doing the product, there are methods that compute the desired
results while avoiding actual evaluation of the Jacobian. This can bring about significant performance gains.
A description of one such algorithm can be found here:

* Barak A. Pearlmutter, “Fast Exact Multiplication by the Hessian”, Neural Computation, 1994

While in principle we would want Theano to identify these patterns automatically for us, in practice, im-
plementing such optimizations in a generic manner is extremely difficult. Therefore, we provide special
functions dedicated to these tasks.
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R-operator

The R operator is built to evaluate the product between a Jacobian and a vector, namely %(xx)v. The
formulation can be extended even for x being a matrix, or a tensor in general, case in which also the Jacobian
becomes a tensor and the product becomes some kind of tensor product. Because in practice we end up
needing to compute such expressions in terms of weight matrices, Theano supports this more generic form
of the operation. In order to evaluate the R-operation of expression y, with respect to x, multiplying the
Jacobian with v you need to do something similar to this:

>>> W = T.dmatrix('Ww'")

>>> V = T.dmatrix('V")

>>> x = T.dvector('x")

>>> y = T.dot (x, W)

>>> JV = T.Rop(y, W, V)

>>> f = theano.function([W, V, x], JV)

>>> f£(((1, 11, (1, 111, (12, 21, (2, 211, [0,11)
array ([ 2., 2.])

List of Op that implement Rop.

L-operator

In similitude to the R-operator, the L-operator would compute a row vector times the Jacobian. The mathe-
matical formula would be v%(;). The L-operator is also supported for generic tensors (not only for vectors).

Similarly, it can be implemented as follows:

1

>>> = T.dmatrix ('W")
= T.dvector ('v")
= T.dvector ('x")
>>> = T.dot (x, W)

W
>>> v
X
Y

>>> VJ = T.Lop(y, W, v)
£
£
Y

>>>

>>> = theano.function([v,x], VJ)
([
([

>>> 21, 10, 11)
0.1,
2.11)

2
arra [ 0.,
[ 2.,

Note:

v, the point of evaluation, differs between the L-operator and the R-operator. For the L-
operator, the point of evaluation needs to have the same shape as the output, whereas for the
R-operator this point should have the same shape as the input parameter. Furthermore, the re-
sults of these two operations differ. The result of the L-operator is of the same shape as the
input parameter, while the result of the R-operator has a shape similar to that of the output.

List of op with r op support.
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Hessian times a Vector

If you need to compute the Hessian times a vector, you can make use of the above-defined operators to
do it more efficiently than actually computing the exact Hessian and then performing the product. Due to
the symmetry of the Hessian matrix, you have two options that will give you the same result, though these
options might exhibit differing performances. Hence, we suggest profiling the methods before using either
one of the two:

>>> x = T.dvector('x")

>>> v = T.dvector ('v'")

>>> y = T.sum(x ** 2)

>>> gy = T.grad(y, x)

>>> vH = T.grad(T.sum(gy * V), X)
>>> f = theano.function([x, v], VH)
>>> f£([4, 41, [2, 21)

array ([ 4., 4.7)

or, making use of the R-operator:

>>> = T.dvector('x")
T.dvector ('v")
= T.sum(x *»* 2)
y = T.grad(y, x)

X
>>> v
Yy
g
>>> Hv = T.Rop(gy, X, V)
f
f
Yy

>>>

>>>

>>> theano. function([x, v], Hv)
a1, [2, 21)

>>> ,
4., 4.1)

Final Pointers

* The grad function works symbolically: it receives and returns Theano variables.

* grad can be compared to a macro since it can be applied repeatedly.

* Scalar costs only can be directly handled by grad. Arrays are handled through repeated applications.
* Built-in functions allow to compute efficiently vector times Jacobian and vector times Hessian.

* Work is in progress on the optimizations required to compute efficiently the full Jacobian and the
Hessian matrix as well as the Jacobian times vector.

Conditions

IfElse vs Switch

* Both ops build a condition over symbolic variables.

* IfElse takes a boolean condition and two variables as inputs.
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* Switch takes a tensor as condition and two variables as inputs. switch is an elementwise operation
and is thus more general than i felse.

* Whereas switch evaluates both output variables, i felse is lazy and only evaluates one variable
with respect to the condition.

Example

from theano import tensor as T
from theano.ifelse import ifelse
import theano, time, numpy

a,b = T.scalars('a', 'b'")
X,y T.matrices('x', 'y")

z_switch = T.switch(T.lt(a, b), T.mean(x), T.mean(y))
z_lazy = ifelse(T.lt(a, b), T.mean(x), T.mean(y))

f_switch = theano.function([a, b, x, y], z_switch,
mode=theano.Mode (linker="vm'))
f_lazyifelse = theano.function([a, b, x, yl, z_lazy,
mode=theano.Mode (linker="vm'))

vall = 0.
val2 = 1.
big_matl = numpy.ones((10000, 1000))
big_mat2 = numpy.ones ((10000, 1000))

n_times = 10

tic = time.clock ()
for i in range(n_times):
f_switch(vall, val2, big matl, big_mat2)
print ('time spent evaluating both values sec' % (time.clock () - tic))

tic time.clock ()
for i in range (n_times) :
f_lazyifelse(vall, val2, big_matl, big_mat2

)
print ('time spent evaluating one wvalue sec' % (time.clock () - tic))

In this example, the ITfE1se op spends less time (about half as much) than Switch since it computes only
one variable out of the two.

$ python ifelse_switch.py
time spent evaluating both values 0.6700 sec
time spent evaluating one value 0.3500 sec

Unless 1inker="vm' or linker="'cvm' are used, i felse will compute both variables and take the
same computation time as switch. Although the linker is not currently set by default to cvm, it will be in
the near future.

There is no automatic optimization replacing a switch with a broadcasted scalar to an 1 felse, as this is
not always faster. See this ticket.
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Note: If you use test values, then all branches of the IfElse will be computed. This is normal, as using
test_value means everything will be computed when we build it, due to Python’s greedy evaluation and the
semantic of test value. As we build both branches, they will be executed for test values. This doesn’t cause
any changes during the execution of the compiled Theano function.

Loop
Scan

* A general form of recurrence, which can be used for looping.

* Reduction and map (loop over the leading dimensions) are special cases of scan.

* You scan a function along some input sequence, producing an output at each time-step.

* The function can see the previous K time-steps of your function.

e sum () could be computed by scanning the z + x(i) function over a list, given an initial state of z=0.

* Often a for loop can be expressed as a scan () operation, and scan is the closest that Theano comes
to looping.

* Advantages of using scan over for loops:

Number of iterations to be part of the symbolic graph.

Minimizes GPU transfers (if GPU is involved).

Computes gradients through sequential steps.

Slightly faster than using a for loop in Python with a compiled Theano function.

Can lower the overall memory usage by detecting the actual amount of memory needed.
The full documentation can be found in the library: Scan.
A good ipython notebook with explanation and more examples.

Scan Example: Computing tanh(x(t).dot(W) + b) elementwise

import theano
import theano.tensor as T
import numpy as np

defining the tensor variables
= T.matrix ("X")
= T.matrix ("wW")

_sym = T.vector ("b_sym")

O = X

results, updates = theano.scan(lambda v: T.tanh(T.dot (v, W) + b_sym),
—sequences=X)
compute_elementwise = theano.function (inputs=[X, W, b_sym], outputs=results)

(continues on next page)
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# test values

X = np.eye (2, dtype=theano.config.floatX)

w = np.ones((2, 2), dtype=theano.config.floatX)
b = np.ones((2), dtype=theano.config.floatX)
b[l] = 2

print (compute_elementwise (x, w, b))

# comparison with numpy
print (np.tanh(x.dot (w) + b))

[[ 0.96402758 0.99505475]
[ 0.96402758 0.99505475]]
[[ 0.96402758 0.99505475]
[ 0.96402758 0.99505475]]

Scan Example: Computing the sequence x(t) = tanh(x(t - 1).dot(W) + y(t).dot(U) + p(T - t).dot(V))

import theano
import theano.tensor as T
import numpy as np

# define tensor variables
X = T.vector ("X")
W = T.matrix ("W")
b_sym = T.vector ("b_sym")
U = T.matrix("U"

)
Y = T.matrix("Y")
V = T.matrix ("V")
P = T.matrix ("P")

results, updates = theano.scan(lambda y, p, x_tml: T.tanh(T.dot(x_tml, W) + T.
—dot (y, U) + T.dot(p, V)),

sequences=[Y, P[::-1]], outputs_info=[X])
compute_seqg = theano.function (inputs=[X, W, Y, U, P, V], outputs=results)

# test values

X = np.zeros((2), dtype=theano.config.floatX)
x[1] = 1

w = np.ones((2, 2), dtype=theano.config.floatX)
y = np.ones((5, 2), dtype=theano.config.floatX)
y[o0, 1 = -3

u = np.ones((2, 2), dtype=theano.config.floatX)
P = np.ones((5, 2), dtype=theano.config.floatX)
pl0, 1 =3

v = np.ones((2, 2), dtype=theano.config.floatX)

print (compute_seq(x, w, y, U, p, V))

# comparison with numpy

(continues on next page)
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X_res = np.zeros((5, 2), dtype=theano.config.floatX)

x_res[0] = np.tanh(x.dot(w) + y[0].dot(u) + pl4].dot(v))
for i in range(l, 5):
x_res[i] = np.tanh(x_res[i - 1].dot(w) + y[i].dot(u) + pl4-1i].dot (v))

print (x_res)

[[-0.99505475 -0.99505475]
[ 0.96471973 0.96471973]
[ 0.99998585 0.99998585]
[ 0.99998771 0.99998771]
[ 1. 1. 11

[[-0.99505475 -0.99505475]
[ 0.96471973 0.96471973]
[ 0.99998585 0.99998585]
[ 0.99998771 0.99998771]
[ 1. 1. 11

Scan Example: Computing norms of lines of X

import theano
import theano.tensor as T
import numpy as np

# define tensor variable
X = T.matrix ("X")

results, updates = theano.scan(lambda x_i: T.sqgrt ((x_i = 2).sum()),.
—sequences=[X])
compute_norm_lines = theano.function (inputs=[X], outputs=results)

# test value
x = np.diag(np.arange(l, 6, dtype=theano.config.floatX), 1)
print (compute_norm_lines (x))

# comparison with numpy
print (np.sgrt ((x ** 2).sum(1l)))

Scan Example: Computing norms of columns of X

import theano
import theano.tensor as T
import numpy as np

# define tensor variable
X = T.matrix ("X")

results, updates = theano.scan(lambda x_i: T.sqgrt ((x_i =** 2).sum()),
—sequences=[X.T])
compute_norm_cols = theano.function (inputs=[X], outputs=results)

(continues on next page)
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# test value
x = np.diag(np.arange(l, 6, dtype=theano.config.floatX), 1)
print (compute_norm_cols (x))

# comparison with numpy
print (np.sqgrt ((x ** 2).sum(0)))

Scan Example: Computing trace of X

import theano

import theano.tensor as T
import numpy as np

floatX = "float32"

# define tensor variable

X = T.matrix ("X")

results, updates = theano.scan(lambda i, j, t_f: T.cast(X[i, Jj] + t_f,_
—~floatX),

sequences=[T.arange (X.shape[0]), T.arange (X.shapell])],
outputs_info=np.asarray (0., dtype=floatX))

result = results[-1]

compute_trace = theano.function (inputs=[X], outputs=result)

# test value

x = np.eye (5, dtype=theano.config.floatX)

x[0] = np.arange (5, dtype=theano.config.floatX)
print (compute_trace (x))

# comparison with numpy
print (np.diagonal (x) .sum{())

DO
o O

Scan Example: Computing the sequence x(t) = x(t - 2).dot(U) + x(t - 1).dot(V) + tanh(x(t - 1).dot(W) +
b)

import theano
import theano.tensor as T
import numpy as np

# define tensor variables
X = T.matrix ("X")
= T.matrix ("wW")
b_sym = T.vector ("b_sym")
U = T.matrix ("U")
V = T.matrix ("V")
n_sym = T.iscalar("n_sym")

=

(continues on next page)
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result
—tml ’

—11)]
comput

S,
V)

)

e_seqg2

updates
+ T.tanh (T.dot (x_tml,

theano. function (inputs=[X, U, V, W, b_sym,

—outputs=results)

# test

X

values

np.zeros ((2, 2

theano.scan (lambda x_tm2,
W)
n_steps=n_sym,

x_tml: T.dot(x_tm2, U) + T.dot (x_

+ b_sym),
outputs_info=[dict (initial=X,

taps=[-2,

n_sym]

[

), dtype=theano.config.floatX) # the initial value must be_

—able to return x[-2]

<[1, 1
w

u 0.

] =1

5 %

0.5 % np.ones ((2,
(np.ones ((2,

2),
2),

dtype=theano.config.floatX)

dtype=theano.config.floatX) - np.eye(2

[

—dtype=theano.config.floatX))

v

nf
b

10

print (compute_seqg?2 (x,

np.ones ((2),

0.5 « np.ones ((2,

2), dtype=theano.config.floatX)

dtype=theano.config.floatX)

ul vl WI bl n))

# comparison with numpy

X_res

xX_res|
x_res|
x_res|

= np
0] =
1]

2]

.zeros ( (10,
x[0] .dot (u)
x[1].dot (u)
x_res[0] .dot (u

for i in range (2,

)

x[1].dot(v) + np.tanh(x[1].dot(w) + b)
x_res[0].dot (v) + np.tanh(x_res[0].dot (w) +
) + x_res[l].dot(v) + np.tanh(x_res[l].dot (w

2)

+
+ b)
) + b)
10) :

X_res[i] = (x_res[i - 2].dot(u) + x_res[i - 1].dot(v) +
np.tanh(x_res[i - 1].dot(w) + b))

print (x_res)

[[ 1.40514825 1.40514825]
[ 2.88898899 2.38898899]
[ 4.34018291 4.34018291]
[ 6.53463142 6.78463142]
[ 9.82972243 9.82972243]
[ 14.22203814 14.09703814]
[ 20.07439936 20.07439936]
[ 28.12291843 28.18541843]
[ 39.1913681 39.1913681 ]
[ 54.28407732 54.252827321]]

[[ 1.40514825 1.40514825]
[ 2.88898899 2.38898899]
[ 4.34018291 4.34018291]
[ 6.53463142 6.78463142]
[ 9.82972243 9.82972243]
[ 14.22203814 14.09703814]
[ 20.07439936 20.07439936]
[ 28.12291843 28.18541843]
[ 39.1913681 39.1913681 ]
[ 54.28407732 54.252827321]
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Scan Example: Computing the Jacobian of y = tanh(v.dot(A)) wrt x

import theano
import theano.tensor as T
import numpy as np

define tensor variables

= T.vector ()

= T.matrix|()

T.tanh(T.dot (v, A))

results, updates = theano.scan(lambda i: T.grad(y[i], V), sequences=[T.
—arange (y.shape[0]) 1)

compute_jac_t = theano.function([A, Vv], results, allow_input_downcast=True) #
—shape (d_out, d_in)

I

—

# test values

x = np.eye (5, dtype=theano.config.floatX) [0]

w = np.eye (5, 3, dtype=theano.config.floatX)
w[2] = np.ones((3), dtype=theano.config.floatX)
print (compute_jac_t (w, X))

# compare with numpy
print (((1 - np.tanh(x.dot(w)) =*% 2) x w).T)

.41997434 .41997434

O O O O o o
O O O O o o

0 0 0

0 1 1

0. 0. 1.
0.41997434 0. 0.41997434
0 1 1

0 0 1

— /., .
[N VR VU I )
—

Note that we need to iterate over the indices of y and not over the elements of y. The reason is that scan
create a placeholder variable for its internal function and this placeholder variable does not have the same
dependencies than the variables that will replace it.

Scan Example: Accumulate number of loop during a scan

import theano
import theano.tensor as T
import numpy as np

# define shared variables
k = theano.shared(0)
n_sym = T.iscalar("n_sym")

results, updates = theano.scan(lambda:{k:(k + 1)}, n_steps=n_sym)
accumulator = theano.function([n_sym], [], updates=updates, allow_input_
—downcast=True)

k.get_value ()
accumulator (5)
k.get_value ()
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Scan Example: Computing tanh(v.dot(W) + b) * d where d is binomial

import theano
import theano.tensor as T
import numpy as np

define tensor variables
= T.matrix ("X")
T.matrix ("W")
_sym = T.vector ("b_sym")

O = X
Il

# define shared random stream
trng = T.shared_randomstreams.RandomStreams (1234)
d=trng.binomial (size=W[1l].shape)

results, updates = theano.scan(lambda v: T.tanh(T.dot (v, W) + b_sym) * d

—sequences=X)

compute_with_bnoise = theano.function (inputs=[X, W, b_sym], outputs=results,
updates=updates, allow_input_downcast=True)

b 4 np.eye (10, 2, dtype=theano.config.floatX)

w = np.ones((2, 2), dtype=theano.config.floatX)

b np.ones ((2), dtype=theano.config.floatX)

r

print (compute_with_bnoise(x, w, b))

[[ 0.96402758 O. ]
[0 0.96402758]
[ 0. 0. ]
[ 0.76159416 0.76159416]
[ 0.76159416 O. ]
[ O. 0.76159416]
[0 0.76159416]
[0 0.76159416]
[ 0. 0. ]
[ 0.76159416 0.76159416]]

Note that if you want to use a random variable d that will not be updated through scan loops, you should
pass this variable as a non__sequences arguments.

Scan Example: Computing pow(A, k)

import theano
import theano.tensor as T
theano.config.warn.subtensor_merge_bug = False

k = T.iscalar ("k")
A T.vector ("A")

def inner_fct (prior_result, B):
return prior_result * B

# Symbolic description of the result
result, updates = theano.scan (fn=inner_fct,

(continues on next page)
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outputs_info=T.ones_like (4),
non_sequences=A, n_steps=k)

# Scan has provided us with A %% 1 through A #% k. Keep only the last
# value. Scan notices this and does not waste memory saving them.

final_result = result[-1]

power = theano.function (inputs=[A, k], outputs=final_result,
updates=updates)

print (power (range (10), 2))

[ O. 1. 4. 9. 16. 25. 36. 49. 64. 81.]

Scan Example: Calculating a Polynomial

import numpy

import theano

import theano.tensor as T
theano.config.warn.subtensor_merge_bug = False

coefficients = theano.tensor.vector ("coefficients")
x = T.scalar("x")
max_coefficients_supported = 10000

# Generate the components of the polynomial
full_range=theano.tensor.arange (max_coefficients_supported)
components, updates = theano.scan (fn=lambda coeff, power, free_var:
coeff *« (free_var =% power),
outputs_info=None,
sequences=[coefficients, full_range],
non_seguences=x)

polynomial = components.sum /()
calculate_polynomial = theano.function (inputs=[coefficients, x],
outputs=polynomial)

test_coeff = numpy.asarray([l, 0, 2], dtype=numpy.float32)
print (calculate_polynomial (test_coeff, 3))

19.0

Exercise

Run both examples.
Modify and execute the polynomial example to have the reduction done by scan.

Solution
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How Shape Information is Handled by Theano

It is not possible to strictly enforce the shape of a Theano variable when building a graph since the particular
value provided at run-time for a parameter of a Theano function may condition the shape of the Theano
variables in its graph.

Currently, information regarding shape is used in two ways in Theano:

* To generate faster C code for the 2d convolution on the CPU and the GPU, when the exact output
shape is known in advance.

* To remove computations in the graph when we only want to know the shape, but not the actual value
of a variable. This is done with the Op.infer_shape method.

Example:

>>> import theano

>>> x = theano.tensor.matrix('x")
>>> f = theano.function([x], (x ** 2).shape)
>>> theano.printing.debugprint (f) # doctest: +NORMALIZE _WHITESPACE
MakeVector{dtype="'int64'} [id A] "' 2

| Shape_i{0} [id B] '' 1

| |x [id C]

| Shape_i{1} [id D] "' 0

|x [id C]

The output of this compiled function does not contain any multiplication or power. Theano has removed
them to compute directly the shape of the output.

Shape Inference Problem

Theano propagates information about shape in the graph. Sometimes this can lead to errors. Consider this
example:

>>> import numpy
>>> import theano

>>> x = theano.tensor.matrix('x")
>>> y = theano.tensor.matrix('y"')
>>> 7z = theano.tensor.join(0, x, Vy)
>>> xv = numpy.random.rand (5, 4)
>>> yv = numpy.random.rand (3, 3)

>>> f = theano.function([x, y], z.shape)
>>> theano.printing.debugprint (f) # doctest: +NORMALIZE WHITESPACE

MakeVector{dtype="'int64'} [id A] '' 4
|[Elemwise{Add}[(0, 0)] [id B] '' 3
| |Shape_i{0} [id C] "' 2
| | Ix [id D]
| |Shape_i{0} [id E] "' 1
\ ly [id F]

(continues on next page)
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| Shape_i{1} [id G] "' 0
|x [id D]

>>> f (xv, yV) # DOES NOT RAISE AN ERROR AS SHOULD BE.
array ([8, 4])

>>> f = theano.function([x,y], z)# Do not take the shape.
>>> theano.printing.debugprint (f) # doctest: +NORMALIZE WHITESPACE
Join [id A] '!' 0

| TensorConstant {0} [id B]
|x [id C]
ly [id D]

>>> f(xv, yv) # doctest: +ELLIPSIS
Traceback (most recent call last):

ValueError:

As you can see, when asking only for the shape of some computation (join in the example), an inferred
shape is computed directly, without executing the computation itself (there is no join in the first output or
debugprint).

This makes the computation of the shape faster, but it can also hide errors. In this example, the computation
of the shape of the output of join is done only based on the first input Theano variable, which leads to an
error.

This might happen with other ops such as elemwise and dot, for example. Indeed, to perform some
optimizations (for speed or stability, for instance), Theano assumes that the computation is correct and
consistent in the first place, as it does here.

You can detect those problems by running the code without this optimization, using the Theano flag
optimizer_excluding=local_shape_to_shape_1i. You can also obtain the same effect by run-
ning in the modes FAST_COMPILE (it will not apply this optimization, nor most other optimizations) or
DebugMode (it will test before and after all optimizations (much slower)).

Specifying Exact Shape

Currently, specifying a shape is not as easy and flexible as we wish and we plan some upgrade. Here is the
current state of what can be done:

* You can pass the shape info directly to the ConvOp created when calling conv2d. You simply set the
parameters image_shape and filter_shape inside the call. They must be tuples of 4 elements.
For example:

theano.tensor.nnet.conv2d(..., image_shape=(7, 3, 5, 5), filter_shape=(2, 3,
4, 4))

—

* You can use the SpecifyShape op to add shape information anywhere in the graph. This allows
to perform some optimizations. In the following example, this makes it possible to precompute the
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Theano function to a constant.

>>> import theano
>>> x = theano.tensor.matrix ()
>>> x_specify_shape = theano.tensor.specify_shape(x, (2, 2))
>>> f = theano.function([x], (x_specify_shape %% 2).shape)
>>> theano.printing.debugprint (f) # doctest: +NORMALIZE_WHITESPACE
DeepCopyOp [id A] "' 0
| TensorConstant{ (2,) of 2} [id B]

Future Plans

The parameter “constant shape” will be added to theano.shared (). This is probably the
most frequent occurrence with shared variables. It will make the code simpler and will make
it possible to check that the shape does not change when updating the shared variable.

Broadcasting

Broadcasting is a mechanism which allows tensors with different numbers of dimensions to be added or
multiplied together by (virtually) replicating the smaller tensor along the dimensions that it is lacking.

Broadcasting is the mechanism by which a scalar may be added to a matrix, a vector to a matrix or a scalar
to a vector.

12 12
34 +
56
shape: (3, 2) shape: (1, 2)
bcast: (F, F) bcast: (T, F)
Y
12 12
34 + 1 zlmadcasted
56 12

shape: (3, 2) shape: (3, 2)
bcast: (F, F) bcast: (T, F)

{

o B~AN
OB

Broadcasting a row matrix. T and F respectively stand for True and False and indicate along which dimen-
sions we allow broadcasting.

If the second argument were a vector, its shape would be (2, ) and its broadcastable pattern (False, ).
They would be automatically expanded to the left to match the dimensions of the matrix (adding 1 to the
shape and True to the pattern), resulting in (1, 2) and (True, False). It would then behave just
like the example above.

Unlike numpy which does broadcasting dynamically, Theano needs to know, for any operation which sup-
ports broadcasting, which dimensions will need to be broadcasted. When applicable, this information is
given in the 7ype of a Variable.
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The following code illustrates how rows and columns are broadcasted in order to perform an addition oper-
ation with a matrix:

>>> r = T.row()

>>> r.broadcastable
(True, False)

>>> mtr = T.matrix()
>>> mtr.broadcastable
(False, False)

>>> f _row = theano.function([r, mtr], [r + mtr])
>>> R = np.arange(3) .reshape (1, 3)
>>> R

array ([[0, 1, 2]11)
>>> M = np.arange (9) .reshape (3, 3)
>>> M
array ([[O0, 1, 21,
[3, 4, 5]

(6, 7, 811)
>>> f _row (R, M)
l[array ([[ O., 2., 4.7,
[ 3., 5., 7.1,
[ 6., 8., 10.]11)]
>>> ¢ = T.col()

>>> c.broadcastable
(False, True)

>>> f _col = theano.function([c, mtr], [c + mtr])
>>> C = np.arange(3) .reshape (3, 1)
>>> C
array ([[0],
(11,
[(211)
>>> M = np.arange(9) .reshape (3, 3)
>>> £ col(C, M)
larray ([[ O., 1., 2.1,

[
[ 4., 5., 6.1,
[ 8., 9., 10.11)]

In these examples, we can see that both the row vector and the column vector are broadcasted in order to be
be added to the matrix.

See also:
* SciPy documentation about numpy’s broadcasting

* OnLamp article about numpy’s broadcasting

Advanced

Sparse

In general, sparse matrices provide the same functionality as regular matrices. The difference lies in the
way the elements of sparse matrices are represented and stored in memory. Only the non-zero elements of
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the latter are stored. This has some potential advantages: first, this may obviously lead to reduced memory
usage and, second, clever storage methods may lead to reduced computation time through the use of sparse
specific algorithms. We usually refer to the generically stored matrices as dense matrices.

Theano’s sparse package provides efficient algorithms, but its use is not recommended in all cases or for
all matrices. As an obvious example, consider the case where the sparsity proportion is very low. The
sparsity proportion refers to the ratio of the number of zero elements to the number of all elements in a
matrix. A low sparsity proportion may result in the use of more space in memory since not only the actual
data is stored, but also the position of nearly every element of the matrix. This would also require more
computation time whereas a dense matrix representation along with regular optimized algorithms might do
a better job. Other examples may be found at the nexus of the specific purpose and structure of the matrices.
More documentation may be found in the SciPy Sparse Reference.

Since sparse matrices are not stored in contiguous arrays, there are several ways to represent them in mem-
ory. This is usually designated by the so-called format of the matrix. Since Theano’s sparse matrix
package is based on the SciPy sparse package, complete information about sparse matrices can be found in
the SciPy documentation. Like SciPy, Theano does not implement sparse formats for arrays with a number
of dimensions different from two.

So far, Theano implements two formats of sparse matrix: csc and csr. Those are almost identical
except that csc is based on the columns of the matrix and csr is based on its rows. They both have
the same purpose: to provide for the use of efficient algorithms performing linear algebra operations. A
disadvantage is that they fail to give an efficient way to modify the sparsity structure of the underlying
matrix, i.e. adding new elements. This means that if you are planning to add new elements in a sparse
matrix very often in your computational graph, perhaps a tensor variable could be a better choice.

More documentation may be found in the Sparse Library Reference.

Before going further, here are the import statements that are assumed for the rest of the tutorial:

>>> import theano

>>> import numpy as np

>>> import scipy.sparse as sp
>>> from theano import sparse

Compressed Sparse Format

Theano supports two compressed sparse formats: csc and csr, respectively based on columns and rows.
They have both the same attributes: data, indices, indptr and shape.

* The data attribute is a one-dimensional ndarray which contains all the non-zero elements of the
sparse matrix.

* The indices and indptr attributes are used to store the position of the data in the sparse matrix.

* The shape attribute is exactly the same as the shape attribute of a dense (i.e. generic) matrix. It
can be explicitly specified at the creation of a sparse matrix if it cannot be inferred from the first three
attributes.
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Which format should | use?

At the end, the format does not affect the length of the data and indices attributes. They are both
completely fixed by the number of elements you want to store. The only thing that changes with the format
is indptr. In csc format, the matrix is compressed along columns so a lower number of columns will
result in less memory use. On the other hand, with the csr format, the matrix is compressed along the rows
and with a matrix that have a lower number of rows, csr format is a better choice. So here is the rule:

Note: If shape[0] > shape[1], use csc format. Otherwise, use csr.

Sometimes, since the sparse module is young, ops does not exist for both format. So here is what may be
the most relevant rule:

Note: Use the format compatible with the ops in your computation graph.

The documentation about the ops and their supported format may be found in the Sparse Library Reference.

Handling Sparse in Theano

Most of the ops in Theano depend on the format of the sparse matrix. That is why there are two kinds
of constructors of sparse variables: csc_matrix and csr_matrix. These can be called with the usual
name and dtype parameters, but no broadcastable flags are allowed. This is forbidden since the
sparse package, as the SciPy sparse module, does not provide any way to handle a number of dimensions
different from two. The set of all accepted dtype for the sparse matrices can be found in sparse.
all_dtypes.

>>> sparse.all_dtypes # doctest: +SKIP
set (['int8', 'intle6e', 'int32', 'int64', 'uint8', 'uintl6', 'uint32', 'uint64',
'float32', 'float64', 'complex64d', 'complex1l28'])

To and Fro

To move back and forth from a dense matrix to a sparse matrix representation, Theano provides the
dense_from_sparse, csr_from_dense and csc_from_dense functions. No additional detail
must be provided. Here is an example that performs a full cycle from sparse to sparse:

>>> x = sparse.csc_matrix(name='x"', dtype='float32'")
>>> y = sparse.dense_from_sparse (x)
>>> z = sparse.csc_from_dense (y)
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Properties and Construction

Although sparse variables do not allow direct access to their properties, this can be accomplished using the
csm_properties function. This will return a tuple of one-dimensional t ensor variables that represents
the internal characteristics of the sparse matrix.

In order to reconstruct a sparse matrix from some properties, the functions CSC and CSR can be used. This
will create the sparse matrix in the desired format. As an example, the following code reconstructs a csc
matrix into a csr one.

>>> x = gparse.csc_matrix(name='x"', dtype='into6d')
>>> data, indices, indptr, shape = sparse.csm_properties (x)
>>> y = sparse.CSR(data, indices, indptr, shape)
>>> f = theano.function([x], V)
>>> a sp.csc_matrix (np.asarray([([(0, 1, 11, [0, O, O], [1, O, 011))
>>> print(a.toarray())
[[0 1 1]
[0 0 0]
[1 0 0]]
>>> print (f(a) .toarray())
[[0 0 1]
[1 0 0]
[1 0 0]]

The last example shows that one format can be obtained from transposition of the other. Indeed, when
calling the t ranspose function, the sparse characteristics of the resulting matrix cannot be the same as
the one provided as input.

Structured Operation

Several ops are set to make use of the very peculiar structure of the sparse matrices. These ops are said to
be structured and simply do not perform any computations on the zero elements of the sparse matrix. They
can be thought as being applied only to the data attribute of the latter. Note that these structured ops provide
a structured gradient. More explication below.

>>> x = sparse.csc_matrix(name='x"', dtype='float32")
>>> y = sparse.structured_add(x, 2)
>>> f = theano.function([x], V)
>>> a = sp.csc_matrix(np.asarray([([(o, o, -11, [0, -2, 11, I[3, 0, 0]], dtype=
—'float32"))
>>> print (a.toarray())
[[ 0. 0. -1.]
[ 0. -2. 1.]
[ 3. 0. 0.]]
>>> print (f(a) .toarray())
[[ 0. 0. 1.]
[ 0. 0. 3.]
[ 5. 0. 0.]]
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Gradient

The gradients of the ops in the sparse module can also be structured. Some ops provide a flag to indicate if
the gradient is to be structured or not. The documentation can be used to determine if the gradient of an op is
regular or structured or if its implementation can be modified. Similarly to structured ops, when a structured
gradient is calculated, the computation is done only for the non-zero elements of the sparse matrix.

More documentation regarding the gradients of specific ops can be found in the Sparse Library Reference.

Using the GPU

For an introductory discussion of Graphical Processing Units (GPU) and their use for intensive parallel
computation purposes, see GPGPU.

One of Theano’s design goals is to specify computations at an abstract level, so that the internal function
compiler has a lot of flexibility about how to carry out those computations. One of the ways we take
advantage of this flexibility is in carrying out calculations on a graphics card.

Using the GPU in Theano is as simple as setting the device configuration flag to device=cuda. You
can optionally target a specific gpu by specifying the number of the gpu as in e.g. device=cuda2. Itis
also encouraged to set the floating point precision to float32 when working on the GPU as that is usually
much faster. For example: THEANO_FLAGS="'device=cuda, floatX=float32"'. You can also set
these options in the .theanorc file’s [global] section:

[global]
device = cuda
floatX = float32

Note:

* If your computer has multiple GPUs and you use device=cuda, the driver selects the one to use
(usually cuda0).

* You can use the program nvidia-smi to change this policy.

* By default, when device indicates preference for GPU computations, Theano will fall back to the
CPU if there is a problem with the GPU. You can use the flag force_device=True to instead
raise an error when Theano cannot use the GPU.

GpuArray Backend

If you have not done so already, you will need to install libgpuarray as well as at least one computing toolkit
(CUDA or OpenCL). Detailed instructions to accomplish that are provided at libgpuarray.

To install Nvidia’s GPU-programming toolchain (CUDA) and configure Theano to use it, see the installation
instructions for Linux, MacOS and Windows.
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While all types of devices are supported if using OpenCL, for the remainder of this section, whatever com-
pute device you are using will be referred to as GPU.

Note: GpuArray backend uses config.gpuarray.preallocate for GPU memory allocation.

Warning: The backend was designed to support OpenCL, however current support is incomplete. A
lot of very useful ops still do not support it because they were ported from the old backend with minimal
change.

Testing Theano with GPU

To see if your GPU is being used, cut and paste the following program into a file and run it.

Use the Theano flag device=cuda to require the use of the GPU. Use the flag device=cuda{0, 1, .
. . } to specify which GPU to use.

from theano import function, config, shared, tensor
import numpy
import time

vlien = 10 » 30 « 768 # 10 x #cores x # threads per core
iters = 1000

rng = numpy.random.RandomState (22)

x = shared (numpy.asarray (rng.rand(vlen), config.floatX))
f = function([], tensor.exp(x))
print (f.maker.fgraph.toposort ())
t0 = time.time ()
for i in range(iters):
r = f£()
tl = time.time ()
print ("Looping times took seconds" % (iters, tl - t0))
print ("Result is "% (r,))
if numpy.any([isinstance(x.op, tensor.Elemwise) and
('"Gpu' not in type(x.op)._ _name_ )

for x in f.maker.fgraph.toposort()]):
print ('Used the cpu')
else:
print ('Used the gpu')

The program just computes exp () of a bunch of random numbers. Note that we use the theano.
shared () function to make sure that the input x is stored on the GPU.

$ THEANO_FLAGS=device=cpu python gpu_tutoriall.py

[Elemwise{exp,no_inplace} (<TensorType (float64, vector)>)]

Looping 1000 times took 2.271284 seconds

Result is [ 1.23178032 1.61879341 1.52278065 ..., 2.20771815 2.29967753

(continues on next page)
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1.62323285]
Used the cpu

$ THEANO_FLAGS=device=cudal python gpu_tutoriall.py

Using cuDNN version 5105 on context None

Mapped name None to device cudal: GeForce GTX 750 Ti (0000:07:00.0)

[GpuElemwise{exp,no_inplace} (<GpuArrayType<None> (float64, (False,))>),

—HostFromGpu (gpuarray) (GpuElemwise{exp,no_inplace}.0) ]

Looping 1000 times took 1.697514 seconds

Result is [ 1.23178032 1.61879341 1.52278065 ..., 2.20771815 2.29967753
1.62323285]

Used the gpu

[}

Returning a Handle to Device-Allocated Data

By default functions that execute on the GPU still return a standard numpy ndarray. A transfer operation
is inserted just before the results are returned to ensure a consistent interface with CPU code. This allows
changing the device some code runs on by only replacing the value of the device flag without touching
the code.

If you don’t mind a loss of flexibility, you can ask theano to return the GPU object directly. The following
code is modified to do just that.

from theano import function, config, shared, tensor
import numpy
import time

vlien = 10 » 30 « 768 # 10 x #cores x # threads per core
iters = 1000

rng = numpy.random.RandomState (22)

x = shared (numpy.asarray (rng.rand(vlen), config.floatX))
f = function([], tensor.exp(x).transfer (None))
print (f.maker. fgraph.toposort ())
t0 = time.time ()
for i in range(iters):
r = £()
tl = time.time ()
print ("Looping times took seconds" % (iters, tl - t0))
print ("Result is " % (numpy.asarray(r),))
if numpy.any([isinstance(x.op, tensor.Elemwise) and

("Gpu' not in type(x.op).__ name_ )
for x in f.maker.fgraph.toposort()]):
print ('Used the cpu')
else:
print ('Used the gpu')

Here tensor.exp (x) .transfer (None) means “copy exp (x) to the GPU”, with None the default
GPU context when not explicitly given. For information on how to set GPU contexts, see Using multiple
GPUs.
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The output is

$ THEANO_FLAGS=device=cudal python gpu_tutorial2.py

Using cuDNN version 5105 on context None

Mapped name None to device cudaO: GeForce GTX 750 Ti (0000:07:00.0)

[GpuElemwise{exp,no_inplace} (<GpuArrayType<None> (float64, (False,))>)]

Looping 1000 times took 0.040277 seconds

Result is [ 1.23178032 1.61879341 1.52278065 ..., 2.20771815 2.29967753
1.62323285]

Used the gpu

While the time per call appears to be much lower than the two previous invocations (and should indeed be
lower, since we avoid a transfer) the massive speedup we obtained is in part due to asynchronous nature of
execution on GPUs, meaning that the work isn’t completed yet, just ‘launched’. We’ll talk about that later.

The object returned is a GpuArray from pygpu. It mostly acts as a numpy ndarray with some exceptions due
to its data being on the GPU. You can copy it to the host and convert it to a regular ndarray by using usual
numpy casting such as numpy .asarray ().

For even more speed, you can play with the borrow flag. See Borrowing when Constructing Function
Objects.

What Can be Accelerated on the GPU

The performance characteristics will of course vary from device to device, and also as we refine our imple-
mentation:

* In general, matrix multiplication, convolution, and large element-wise operations can be accelerated
a lot (5-50x) when arguments are large enough to keep 30 processors busy.

* Indexing, dimension-shuffling and constant-time reshaping will be equally fast on GPU as on CPU.
* Summation over rows/columns of tensors can be a little slower on the GPU than on the CPU.

* Copying of large quantities of data to and from a device is relatively slow, and often cancels most
of the advantage of one or two accelerated functions on that data. Getting GPU performance largely
hinges on making data transfer to the device pay off.

The backend supports all regular theano data types (float32, float64, int, ...), however GPU support varies
and some units can’t deal with double (float64) or small (less than 32 bits like int16) data types. You will
get an error at compile time or runtime if this is the case.

By default all inputs will get transferred to GPU. You can prevent an input from getting transferred by setting
its tag.target attribute to ‘cpu’.

Complex support is untested and most likely completely broken.

Tips for Improving Performance on GPU

* Consider adding f1loatX=f1loat 32 (or the type you are using) to your . theanorc fileif you plan
to do a lot of GPU work.
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* The GPU backend supports float64 variables, but they are still slower to compute than float32. The
more float32, the better GPU performance you will get.

* Prefer constructors like matrix, vector and scalar (which follow the type set in f1oatX) to
dmatrix,dvector and dscalar. The latter enforce double precision (float64 on most machines),
which slows down GPU computations on current hardware.

* Minimize transfers to the GPU device by using shared variables to store frequently-accessed data
(see shared () ). When using the GPU, tensor shared variables are stored on the GPU by default
to eliminate transfer time for GPU ops using those variables.

* If you aren’t happy with the performance you see, try running your script with profile=True flag.
This should print some timing information at program termination. Is time being used sensibly? If an
op or Apply is taking more time than its share, then if you know something about GPU programming,
have a look at how it’s implemented in theano.gpuarray. Check the line similar to Spent Xs(X%) in
cpu op, Xs(X%) in gpu op and Xs(X%) in transfer op. This can tell you if not enough of your graph is
on the GPU or if there is too much memory transfer.

» To investigate whether all the Ops in the computational graph are running on GPU, it is possible to
debug or check your code by providing a value to assert_no_cpu_op flag, i.e. warn, for warning, raise
for raising an error or pdb for putting a breakpoint in the computational graph if there is a CPU Op.

GPU Async Capabilities

By default, all operations on the GPU are run asynchronously. This means that they are only scheduled to
run and the function returns. This is made somewhat transparently by the underlying libgpuarray.

A forced synchronization point is introduced when doing memory transfers between device and host.

It is possible to force synchronization for a particular GpuArray by calling its sync () method. This is
useful to get accurate timings when doing benchmarks.

Changing the Value of Shared Variables

To change the value of a shared variable, e.g. to provide new data to processes, use
shared_variable.set_value (new_value). For a lot more detail about this, see Understanding
Memory Aliasing for Speed and Correctness.

Exercise

Consider again the logistic regression:

import numpy

import theano

import theano.tensor as T
rng = numpy.random

N = 400

(continues on next page)
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feats = 784

D = (rng.randn (N, feats).astype(theano.config.floatX),
rng.randint (size=N, low=0, high=2) .astype (theano.config.floatX))
training_steps = 10000

# Declare Theano symbolic variables

x = T.matrix("x")

y = T.vector("y")

w = theano.shared(rng.randn (feats) .astype (theano.config.floatX), name="w")
b = theano.shared (numpy.asarray (0., dtype=theano.config.floatX), name="b")
x.tag.test_value = D[0]

y.tag.test_value = D[1]

# Construct Theano expression graph

p.l =1/ (1 + T.exp(-T.dot(x, w)-b)) # Probability of having a one
prediction = p_1 > 0.5 # The prediction that is done: 0 or 1

xent = -y*T.log(p_l) - (1-y)*T.log(l-p_l) # Cross—entropy

cost = xent.mean() + 0.0l (wx+x2).sum() # The cost to optimize

gw,gb = T.grad(cost, [w,Db])

# Compile expressions to functions
train = theano.function (
inputs=[x,v],
outputs=[prediction, xent],
updates=[(w, w-0.0lxgw), (b, b-0.01lxgb)],

name = "train")
predict = theano.function (inputs=[x], outputs=prediction,
name = "predict")
if any([x.0op._ class__ ._ _name__ in ['Gemv',6 'CGemv', 'Gemm', 'CGemm'] for x in

train.maker.fgraph.toposort ()]) :
print ('Used the cpu')
elif any([x.op.__class__.__name__ in ['GpuGemm',6 'GpuGemv'] for x in
train.maker.fgraph.toposort ()]):
print ('Used the gpu')
else:
print ('ERROR, not able to tell if theano used the cpu or the gpu')
print (train.maker.fgraph.toposort ())

for i in range(training_steps) :
pred, err = train(D[0], DI[1])

print ("target values for D")
print (D[1])

print ("prediction on D")
print (predict (D[0]))

print ("floatX=", theano.config.floatX)
print ("device=", theano.config.device)

Modify and execute this example to run on GPU with floatX=f1loat32 and time it using the command

84 Chapter 6. Help!




theano Documentation, Release 1.0.4

line time python file.py. (Of course, you may use some of your answer to the exercise in section
Configuration Settings and Compiling Mode.)

Is there an increase in speed from CPU to GPU?
Where does it come from? (Use profile=True flag.)
What can be done to further increase the speed of the GPU version? Put your ideas to test.

Solution

Software for Directly Programming a GPU

Leaving aside Theano which is a meta-programmer, there are:
* CUDA: GPU programming API by NVIDIA based on extension to C (CUDA C)
— Vendor-specific
— Numeric libraries (BLAS, RNG, FFT) are maturing.
* OpenCL: multi-vendor version of CUDA
— More general, standardized.
— Fewer libraries, lesser spread.

* PyCUDA: Python bindings to CUDA driver interface allow to access Nvidia’s CUDA parallel com-
putation API from Python

— Convenience:
Makes it easy to do GPU meta-programming from within Python.

Abstractions to compile low-level CUDA code from Python (pycuda.driver.
SourceModule).

GPU memory buffer (pycuda.gpuarray.GPUArray).
Helpful documentation.
— Completeness: Binding to all of CUDA’s driver API.
— Automatic error checking: All CUDA errors are automatically translated into Python exceptions.
— Speed: PyCUDA’s base layer is written in C++.
— Good memory management of GPU objects:
Object cleanup tied to lifetime of objects (RAII, ‘Resource Acquisition Is Initialization’).
Makes it much easier to write correct, leak- and crash-free code.

PyCUDA knows about dependencies (e.g. it won’t detach from a context before all memory
allocated in it is also freed).

(This is adapted from PyCUDA’s documentation and Andreas Kloeckner’s website on PyCUDA.)
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* PyOpenCL: PyCUDA for OpenCL

Learning to Program with PyCUDA

If you already enjoy a good proficiency with the C programming language, you may easily leverage your
knowledge by learning, first, to program a GPU with the CUDA extension to C (CUDA C) and, second, to
use PyCUDA to access the CUDA API with a Python wrapper.

The following resources will assist you in this learning process:
* CUDA API and CUDA C: Introductory
— NVIDIA’s slides
— Stein’s (NYU) slides
* CUDA API and CUDA C: Advanced

MIT IAP2009 CUDA (full coverage: lectures, leading Kirk-Hwu textbook, examples, additional
resources)

Course U. of Illinois (full lectures, Kirk-Hwu textbook)

NVIDIA’s knowledge base (extensive coverage, levels from introductory to advanced)

practical issues (on the relationship between grids, blocks and threads; see also linked and related
issues on same page)

— CUDA optimization
* PyCUDA: Introductory
— Kloeckner’s slides
— Kloeckner’ website
* PYCUDA: Advanced
— PyCUDA documentation website

The following examples give a foretaste of programming a GPU with PyCUDA. Once you feel competent
enough, you may try yourself on the corresponding exercises.

Example: PyCUDA

# (from PyCUDA's documentation)
import pycuda.autoinit

import pycuda.driver as drv
import numpy

from pycuda.compiler import SourceModule

mod = SourceModule ("""

__global___ void multiply_them(float xdest, float =xa, float «b)

{
const int i = threadIdx.x;
dest[i] = al[i] » b[i];

(continues on next page)
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}

wn ll)

multiply_them = mod.get_function("multiply_them")

a = numpy.random.randn (400) .astype (numpy.float32)
b numpy . random.randn (400) .astype (numpy.float32)

dest = numpy.zeros_like (a)

multiply_them(
drv.Out (dest), drv.In(a), drv.In(b),
block=(400,1,1), grid=(1,1))

assert numpy.allclose (dest, axb)
print (dest)

Exercise

Run the preceding example.
Modify and execute to work for a matrix of shape (20, 10).
Example: Theano + PyCUDA

import numpy, theano

import theano.misc.pycuda_init

from pycuda.compiler import SourceModule
import theano.sandbox.cuda as cuda

class PyCUDADoubleOp (theano.Op) :
—props__ = ()

def make_node(self, inp):
inp = cuda.basic_ops.gpu_contiguous (
cuda.basic_ops.as_cuda_ndarray_variable (inp))
assert inp.dtype == "float32"
return theano.Apply(self, [inp]l, [inp.type()])

def make_thunk(self, node, storage_map, _, _2, impl):
mod = SourceModule ("""

__global__ void my_fct (float *« i0, float » o0, int size) {

int 1 = blockIdx.xxblockDim.x + threadIdx.x;

if (i<size) {
o0[1] = 10[1i]=*2;

}

P

pycuda_fct = mod.get_function("my_fct")
inputs = [storage_map[v] for v in node.inputs]
outputs = [storage_map[v] for v in node.outputs]

(continues on next page)
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def thunk () :
z = outputs[0]
if z[0] is None or z[0].shape != inputs[0][0].shape:
z[0] = cuda.CudaNdarray.zeros (inputs[0] [0].shape)
grid = (int (numpy.ceil (inputs[0][0].size / 512.)), 1

)
pycuda_fct (inputs[0][0], z[0], numpy.intc(inputs[0][0].size),
block=(512, 1, 1), grid=grid)
return thunk

Use this code to test it:

>>> x = theano.tensor.fmatrix ()

>>> f = theano.function([x], PyCUDADoubleOp () (x)) # doctest: +SKIP
>>> xv = numpy.ones((4, 5), dtype="float32")

>>> assert numpy.allclose(f(xv), xvx2) # doctest: +SKIP

>>> print (numpy.asarray (f(xv))) # doctest: +SKIP

Exercise

Run the preceding example.
Modify and execute to multiply two matrices: x * y.
Modify and execute to return two outputs: x + y and x - y.

(Notice that Theano’s current elemwise fusion optimization is only applicable to computations involving a
single output. Hence, to gain efficiency over the basic solution that is asked here, the two operations would
have to be jointly optimized explicitly in the code.)

Modify and execute to support stride (i.e. to avoid constraining the input to be C-contiguous).

Note

* See Other Implementations to know how to handle random numbers on the GPU.

* The mode FAST_COMPILE disables C code, so also disables the GPU. You can use the Theano flag
optimizer="fast_compile’ to speed up compilation and keep the GPU.

Using multiple GPUs

Theano has a feature to allow the use of multiple GPUs at the same time in one function. The multiple gpu
feature requires the use of the GpuArray Backend backend, so make sure that works correctly.

In order to keep a reasonably high level of abstraction you do not refer to device names directly for multiple-
gpu use. You instead refer to what we call context names. These are then mapped to a device using the theano
configuration. This allows portability of models between machines.
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Warning: The code is rather new and is still considered experimental at this point. It has been tested
and seems to perform correctly in all cases observed, but make sure to double-check your results before
publishing a paper or anything of the sort.

Note: For data-parallelism, you probably are better using platoon.

Defining the context map

The mapping from context names to devices is done through the config.contexts option. The format
looks like this:

dev0->cudalO;devl->cudal

Let’s break it down. First there is a list of mappings. Each of these mappings is separated by a semicolon ;.
There can be any number of such mappings, but in the example above we have two of them: dev0->cuda0
and devl->cudal.

The mappings themselves are composed of a context name followed by the two characters ‘->’ and the
device name. The context name is a simple string which does not have any special meaning for Theano. For
parsing reasons, the context name cannot contain the sequence ‘->’ or ‘;’. To avoid confusion context names
that begin with ‘cuda’ or ‘opencl’ are disallowed. The device name is a device in the form that gpuarray
expects like ‘cuda0’ or ‘opencl0:0’.

Note: Since there are a bunch of shell special characters in the syntax, defining this on the command-line
will require proper quoting, like this:

$ THEANO_FLAGS="contexts=dev0->cudalO"

When you define a context map, if config.print_active_deviceis True (the default), Theano will
print the mappings as they are defined. This will look like this:

$ THEANO_FLAGS="contexts=dev0->cudal;devl->cudal" python -c 'import theano'
Mapped name dev0 to device cudaO: GeForce GTX TITAN X (0000:09:00.0)
Mapped name devl to device cudal: GeForce GTX TITAN X (0000:06:00.0)

If you don’t have enough GPUs for a certain model, you can assign the same device to more than one name.
You can also assign extra names that a model doesn’t need to some other devices. However, a proliferation of
names is not always a good idea since theano often assumes that different context names will be on different
devices and will optimize accordingly. So you may get faster performance for a single name and a single
device.

Note: It is often the case that multi-gpu operation requires or assumes that all the GPUs involved are
equivalent. This is not the case for this implementation. Since the user has the task of distributing the jobs
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across the different device a model can be built on the assumption that one of the GPU is slower or has
smaller memory.

A simple graph on two GPUs

The following simple program works on two GPUs. It builds a function which perform two dot products on
two different GPUs.

import numpy
import theano

v0l = theano.shared (numpy.random.random( (1024, 1024)) .astype('float32"),
target="dev0")

v02 = theano.shared (numpy.random.random( (1024, 1024)) .astype('float32'),
target="dev0")
v1ll = theano.shared (numpy.random.random( (1024, 1024)) .astype('float32"),

target="devl")
v12 = theano.shared (numpy.random.random( (1024, 1024)) .astype('float32'"),
target="devl'")

f = theano.function([], [theano.tensor.dot (v01l, v02),
theano.tensor.dot (v1ll, v12)1])

£0

This model requires a context map with assignations for ‘dev0’ and ‘dev1’. It should run twice as fast when
the devices are different.

Explicit transfers of data

Since operations themselves cannot work on more than one device, they will pick a device to work on based
on their inputs and automatically insert transfers for any input which is not on the right device.

However you may want some explicit control over where and how these transfers are done at some points.
This is done by using the new t ransfer () method that is present on variables. It works for moving data
between GPUs and also between the host and the GPUs. Here is a example.

import theano
v = theano.tensor.fmatrix ()

# Move to the device associated with 'gpudev'
gv = v.transfer ('gpudev')

# Move back to the cpu
cv = gv.transfer('cpu')

Of course you can mix transfers and operations in any order you choose. However you should try to mini-
mize transfer operations because they will introduce overhead that may reduce performance.
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Convolution arithmetic tutorial

Note: This tutorial is adapted from an existing convolution arithmetic guide', with an added emphasis on
Theano’s interface.

Also, note that the signal processing community has a different nomenclature and a well established litera-
ture on the topic, but for this tutorial we will stick to the terms used in the machine learning community. For
a signal processing point of view on the subject, see for instance Winograd, Shmuel. Arithmetic complexity
of computations. Vol. 33. Siam, 1980.

About this tutorial

Learning to use convolutional neural networks (CNNs) for the first time is generally an intimidating expe-
rience. A convolutional layer’s output shape is affected by the shape of its input as well as the choice of
kernel shape, zero padding and strides, and the relationship between these properties is not trivial to infer.
This contrasts with fully-connected layers, whose output size is independent of the input size. Addition-
ally, so-called transposed convolutional layers (also known as fractionally strided convolutional layers, or —
wrongly — as deconvolutions) have been employed in more and more work as of late, and their relationship
with convolutional layers has been explained with various degrees of clarity.

The relationship between a convolution operation’s input shape, kernel size, stride, padding and its output
shape can be confusing at times.

The tutorial’s objective is threefold:
* Explain the relationship between convolutional layers and transposed convolutional layers.

* Provide an intuitive understanding of the relationship between input shape, kernel shape, zero padding,
strides and output shape in convolutional and transposed convolutional layers.

* Clarify Theano’s API on convolutions.

Refresher: discrete convolutions

The bread and butter of neural networks is affine transformations: a vector is received as input and is
multiplied with a matrix to produce an output (to which a bias vector is usually added before passing the
result through a nonlinearity). This is applicable to any type of input, be it an image, a sound clip or an
unordered collection of features: whatever their dimensionality, their representation can always be flattened
into a vector before the transformation.

Images, sound clips and many other similar kinds of data have an intrinsic structure. More formally, they
share these important properties:

* They are stored as multi-dimensional arrays.

! Dumoulin, Vincent, and Visin, Francesco. “A guide to convolution arithmetic for deep learning”. arXiv preprint
arXiv:1603.07285 (2016)
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* They feature one or more axes for which ordering matters (e.g., width and height axes for an image,
time axis for a sound clip).

* One axis, called the channel axis, is used to access different views of the data (e.g., the red, green and
blue channels of a color image, or the left and right channels of a stereo audio track).

These properties are not exploited when an affine transformation is applied; in fact, all the axes are treated
in the same way and the topological information is not taken into account. Still, taking advantage of the
implicit structure of the data may prove very handy in solving some tasks, like computer vision and speech
recognition, and in these cases it would be best to preserve it. This is where discrete convolutions come into

play.

A discrete convolution is a linear transformation that preserves this notion of ordering. It is sparse (only a
few input units contribute to a given output unit) and reuses parameters (the same weights are applied to
multiple locations in the input).

Here is an example of a discrete convolution:

The light blue grid is called the input feature map. A kernel (shaded area) of value

O N O
— N =

2
0
2

slides across the input feature map. At each location, the product between each element of the kernel and
the input element it overlaps is computed and the results are summed up to obtain the output in the current
location. The final output of this procedure is a matrix called output feature map (in green).

This procedure can be repeated using different kernels to form as many output feature maps (a.k.a. output
channels) as desired. Note also that to keep the drawing simple a single input feature map is being repre-
sented, but it is not uncommon to have multiple feature maps stacked one onto another (an example of this
is what was referred to earlier as channels for images and sound clips).

Note: While there is a distinction between convolution and cross-correlation from a signal processing
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perspective, the two become interchangeable when the kernel is learned. For the sake of simplicity and to
stay consistent with most of the machine learning literature, the term convolution will be used in this tutorial.

If there are multiple input and output feature maps, the collection of kernels form a 4D array
(output_channels, input_channels, filter_rows, filter_columns). For each out-
put channel, each input channel is convolved with a distinct part of the kernel and the resulting set of feature
maps is summed elementwise to produce the corresponding output feature map. The result of this procedure
is a set of output feature maps, one for each output channel, that is the output of the convolution.

The convolution depicted above is an instance of a 2-D convolution, but can be generalized to N-D convo-
lutions. For instance, in a 3-D convolution, the kernel would be a cuboid and would slide across the height,
width and depth of the input feature map.

The collection of kernels defining a discrete convolution has a shape corresponding to some permutation of
(n,m, k1,...,kn), where

n = number of output feature maps,
m = number of input feature maps,
k; = kernel size along axis j.
The following properties affect the output size o; of a convolutional layer along axis j:
* 4;: input size along axis j,
* k;: kernel size along axis j,
* s;: stride (distance between two consecutive positions of the kernel) along axis 7,

* pj: zero padding (number of zeros concatenated at the beginning and at the end of an axis) along axis
J-

For instance, here is a 3 x 3 kernel applied to a 5 x 5 input padded with a 1 x 1 border of zeros using 2 x 2
strides:

The analysis of the relationship between convolutional layer properties is eased by the fact that they don’t
interact across axes, i.e., the choice of kernel size, stride and zero padding along axis j only affects the
output size of axis j. Because of that, this section will focus on the following simplified setting:

e 2-D discrete convolutions (N = 2),

* square inputs (2] = ig = 1),

* square kernel size (k1 = ko = k),

* same strides along both axes (s; = s2 = ),

* same zero padding along both axes (p; = p2 = p).

This facilitates the analysis and the visualization, but keep in mind that the results outlined here also gener-
alize to the N-D and non-square cases.
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Theano terminology

Theano has its own terminology, which differs slightly from the convolution arithmetic guide’s. Here’s a
simple conversion table for the two:

Theano Convolution arithmetic

filters 4D collection of kernels

input_shape (batch size (b), input channels (c), input rows (1 1), input columns (i2))
filter_shape | (output channels (c1), input channels (c2), filter rows (k1), filter columns (k2))
border_mode 'valid', "half"', 'full’ or (p1, p2)

subsample (s1,s2)

For instance, the convolution shown above would correspond to the following Theano call:

output = theano.tensor.nnet.conv2d/(
input, filters, input_shape=(1, 1, 5, 5), filter_shape=(1, 1, 3, 3),
border_mode= (1, 1), subsample=(2, 2))

Convolution arithmetic
No zero padding, unit strides

The simplest case to analyze is when the kernel just slides across every position of the input (i.e., s = 1 and
p = 0). Here is an example for ¢ = 4 and k£ = 3:
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One way of defining the output size in this case is by the number of possible placements of the kernel on
the input. Let’s consider the width axis: the kernel starts on the leftmost part of the input feature map and
slides by steps of one until it touches the right side of the input. The size of the output will be equal to the
number of steps made, plus one, accounting for the initial position of the kernel. The same logic applies for
the height axis.

More formally, the following relationship can be inferred:

Relationship 1
For any 7 and k, and for s = 1 and p = 0,

o=(—k)+1

This translates to the following Theano code:

output = theano.tensor.nnet.conv2d/(
input, filters, input_shape=(b, c2, i1, i2), filter_shape=(cl, c2, k1,_
—k2),
border_mode= (0, 0), subsample=(1, 1))
# output.shape[2] == (il - k1) + 1
# output.shape[3] == (i2 - k2) + 1

Zero padding, unit strides

To factor in zero padding (i.e., only restricting to s = 1), let’s consider its effect on the effective input size:
padding with p zeros changes the effective input size from ¢ to ¢ + 2p. In the general case, Relationship 1
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can then be used to infer the following relationship:

Relationship 2

For any ¢, k and p, and for s = 1,
o=(G—k)+2p+1.

This translates to the following Theano code:

output = theano.tensor.nnet.conv2d/(
input, filters, input_shape=(b, c2, i1, i2), filter_shape=(cl, c2, k1,
—k2),
border_mode=(pl, p2), subsample=(1, 1))
# output.shape[2] == (il - k1) + 2 * pl + 1
# output.shape[3] == (i2 - k2) + 2 * p2 + 1

Here is an example for 