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Machine Learning Software
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Probabilistic programming languages (PPLSs)

- PPLs aim to apply the ideas of high-level programming languages to machine learning

- Probabilistic models are defined as programs

Sepal.Length Sepal.Width Petal.length

1 5.1 3.5 1.4

2 4.9 3.0 1.4

3 4.7 3.2 1.3 K, d, N =5, 10, 200

4 4.6 3.1 1.5

5 5.0 3.6 1.4 L

s o4 Py 17 #.mode:l definition

7 4.6 3.4 1.4 with inf.ProbModel() as m:

8 5.0 3.4 1.5 #define the weights

e 4.4 2.9 1.4 with inf.replicate(size=K):

0 4.9 5.1 -3 w = inf.models.Normal(@, 1, dim=d)

11 5.4 3.7 1.5 : : v

12 4.8 3.4 1.6 ‘?
13 4.8 3.0 1.4 # define the generative model p(e | data) ° W(3 .25, 1 .2)
14 4.3 3.0 1.1 with inf.replicate(size=N):

s -8 4.0 12 z = inf.models.Normal(@, 1, dim=K)

16 5.7 4.4 1.5 - 3 .

17 s .4 3.9 1.3 x = inf.models.Normal(inf.matmul(z,w), )

18 5.1 3.5 1.4 1.0, observed=True, dim=d)
19 5.7 3.8 1.7

20 5.1 3.8 1.5

21 5.4 3.4 1.7

22 5.1 3.7 1.5

23 4.6 3.6 1.0

24 5.1 3.3 1.7

25 4.8 3.4 1.9

prior model as

blackbox
data + a program + query methods answer
(sample generator)

(e.g., Variational Inference)
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Related software

1F TensorFlow Probability

‘ Edward

O PyTorch PYMC3
P o ;g o theano

UBER

Stan

Advantages of InferPy:

- The definition of distributions over tensors is simplified 1 [1] [1 2] [ 2] [5 2]
- | 2| |34 |[1"7][5 4]
- No need to have a strong background in inference algorithms B

(tensors)
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Hierarchical Probabilistic Models

w : global parameters

X : observations

e Z : local hidden variables

N N : number of observations

p(wW) : prior model p(X,z|w) : data model

Objective: posterior distribution p(w, z|x)
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Hierarchical Probabilistic Models

w : global parameters

X : observations

e Z : local hidden variables

N N : number of observations

p(wW) : prior model p(X,z|w) : data model

Objective: posterior distribution p(w, z|x)

- Dependencies between variables might be defined with TF functions or even NNs

1F TensorFlow Keras
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Classification of hand-written digits

images hidden representation class
4 7% Zn Yn
EEN A o
HEn o X * x -
B x X X
B b Rt ©20100. 121
120 P00 4T+
F >0/ encoding
(NN1) = classification
(NN2)
d=28 *28 = 784 k=2

Zn ~ N (0, 1)

a1 -——7/ NN, \ NNz ﬁ——. o2

v .
@ @ mnNNdm(NNl(zn)al)
yn ~ Cat(logits = NNy(z,),1I)

N

- J
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import inferpy as inf
import tensorflow as tf

@inf.probmodel
def digit_classifier(k, d@, dx, dy):
with inf.datamodel(): - N
z = inf.Normal(tf.ones(k)*0.1, 1., name="z")

Zn ~ Ng(0,1)

nnl = tf.keras.Sequential([
tf.keras.layers.Dense(d@, tf.nn.relu), o1 @—/ NN \\ NN: 4@ 02
tf.keras. layers.Dense(dx),

1) Ty ~ Naz(NN1(2,), 1)

nn2 = tf.keras.Sequential( Yn ~ Cat(logits = NNa(z,),1)
tf.keras.layers.Dense(dy) L N)

1)

x = inf.Normal(nnl(z), 1., name="x")

y = inf.Categorical(logits=nn2(z), name="y")

p = digit_classifier(k=2, d0=100, dx=28%28, dy=3)

p.prior().sample()

OrderedDict([('z', array([[ ©0.8503272 , -0.40765837]1]1, dtype=float32)),
('x', array([[-2.68360198e-01, 3.11490864e-01, -6.55998230e-01,

1.80848286e-01, 5.62604547e-01, 1.11705911e+00,

2.10047036e-01, -6.50202155e-01, -6.62622333e-01,

2.39737108e-02]], dtype=float32)),
('y', array([1], dtype=int32))])




- Random variables in InferPy encapsulate another from Edward 2

- These can follow the following distributions

inf.models.random_variable.distributions_all

Out[x]: ['Autoregressive', 'Bernoulli', 'Beta', 'Binomial’,
'Categorical', 'Cauchy', 'Chi2', 'ConditionalTransformedDistribution’,

'‘Deterministic', 'Dirichlet’,

'ExpRelaxedOneHotCategorical', 'Exponential',
'HalfNormal', 'Independent’, 'InverseGamma',
‘Logistic', 'Mixture', 'MixtureSameFamily', 'Multinomial’,

'MultivariateNormalDiag',

'‘MultivariateNormalTriL', 'NegativeBinomial'’,
'Poisson', 'PoissonLogNormalQuadratureCompound’,

'‘OneHotCategorical’,

'QuantizedDistribution', 'RelaxedBernoulli',

‘SinhArcsinh', 'StudentT',

'VectorDeterministic', 'VectorDiffeomixture',

'VectorLaplaceDiag',

'VectorSinhArcsinhDiag',

'‘DirichletMultinomial’,

‘Gamma', 'Geometric’,
'‘Kumaraswamy', ‘'Laplace’,

'MultivariateNormalFullCovariance',

'‘Normal',

Infer

'RelaxedOneHotCategorical’,

'‘TransformedDistribution', 'Uniform',

'VectorExponentialDiag',
'Wishart']




Infer|Py
a = inf.Normal(0, 100) <:::>

a
b = inf.Normal(a, 5)

sess = inf.get_session()
for i in range(5): )
print(sess.run([a,b]))

[-7.2810316, -6.471646]

[29.092255, 37.471718]

[74.87469, 62.43242]

[44.46464, 39.6697] |
[169.10535, 173.74834]

# a continuous variable might be parent of a discrete one

inf.Normal(o, 1)
inf.Categorical(probs=tf.case({ x > 0: lambda : [0.0, 1.0],
X <= @: lambda : [1.0, 0.0]1}))
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Stochastic Variational Inference (SVI)

P model Q model data
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- |Inference turns into an

optimisation problem
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Variational Inference (VI)

data

Q model

P model
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(to maximise)

Computational graph of the ELBO

(to minimise)

loss(P, Q,data) = — ELBO(P, Q,data)
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- For making inference, the Q model approximating the P model is defined

@inf.probmodel
def gmodel(k, d@, dx):
with inf.datamodel(): - N
x = inf.Normal(tf.ones(dx), 1, name="x")

encoder = tf.keras.Sequential( [
tf.keras.layers.Dense(d@, activation=tf.nn.relu),

tf.keras.layers.Dense(2 x k) T
1)
output = encoder(x) a3 .——7/encoder\

qz_loc = outputl[:, :ki
qz_scale = tf.nn.softplus(outputl:, k:1)+0.01
gz = inf.Normal(gz_loc, gz_scale, name="z")

q = gmodel(k=2, d0=100, dx=28%28)

# set the inference algorithm
SVI = inf.inference.SVI(q, epochs=10000, batch_size=M)

# fit the model to the data
p.fit({"x": x_train, "y":y_train}, SVI)
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1e9 Loss evolution

3.0 1

- We can extract and plot the loss function evolution

2.0 1

# extract the loss evolution gw_
L = SVI. losses

e

0.5 1

_— A f un C't | on fo r ma kl N g p re d | C-t | ons 0 20000 40000 e 60000 80000 100000

# predict a set of 1images
def predict(x):
postz = p.posterior("z", data={"x": x}).sample()
return p.posterior_predictive("y", data={"z":postz}).sample()

y_gen = predict(x_test[:M])
# compute the accuracy

acc = np.sum(y_test[:M] == y_gen)/M
print(f"accuracy: {acc}")

14/16



e0e® < >

& pypi.org
Donate to the Python Software Foundati

¢ o & g
r Purchase a PyCl|

Wt
m License to Benefit the PSF!
Search projects Q

Help Donate Login Register

inferpy 1.0.0

v
pip install inferpy I&

Latest version

Last released: Jan 31, 2019

Probabilistic modeling with Tensorflow made easy

Navigation

https://pypi.org/project/inferpy/
Project description

InferPy: Deep Probabilistic Modeling Made Easy
D Release history
InferPy is a high-level API for probabilistic modeling written in Python and capable of
& Download files

running on top of Edward and Tensorflow. InferPy's APl is strongly inspired by Keras and it

$ pip install inferpy




Infer

- InferPy in distributed under license Apache 2.

@ inferpy.readthedocs.io < o olo@

Documentation Docs » InferPy: Probabilistic Modeling with Tensorflow Made Easy © Edit on GitHub

InferPy: Probabilistic Modeling with Tensorflow
Made Easy

Infer|Py

InferPy is a high-level AP! for probabilistic modeling written in Python and capable of
running on top of Tensorflow. InferPy's APY is strongly inspired by Keras and it has a focus
on enabling flexible data processing, easy-to-code probablistic modeling, scalable inference
and robust model validation.

https://inferpy.readthedocs.io

Use InferPy if you need a probabilistic programming language that:

« Allows easy and fast prototyping of hierarchical probabilistic models with a simple and
user friendly AP! inspired by Keras.

008 <

&

@ github.com [ ol nla

Pull requests Issues Marketplace Explore

J PGM-Lab / InferPy @unwatch~ 7 Hrunstar 37 YFork &
©Code  ()lssues 55 1Pullrequests 0 [l Projects 4 Wiki L Insights Settings
InferPy: Probabilistic Modeling with Tensorflow Made Easy  http://inferpy.readthedocs.io Edit

Manage topics

D 354 commits P 8 branches © 9 releases 42 2 contributors s Apache-2.0
| ]

https://github.com/PGM-Lab/InferP
= cocker docker readme 4 months ago u L
= docs Update probzoo.rst 2 months ago
| examples bug: solved issue with Poisson #110 2 months ago
' inferpy preparing 0.2.1 2 months ago
| modules ‘concact 6 months ago
i notebooks/basic_tutorial clean 10 months ago
. tests fix replicate test 4 months ago

B gitignore batches param #100 4 months ago




Thank you for your attention !



