
Deep Probabilistic Programming Languages

DeepPPLs, which have emerged just recently, aim to combine the 
benefits of probabilistic programming and deep learning models. 

These languages can be used to define:
- Probabilistic deep models: weight uncertainty in deep neural networks
- Deep probabilistic models: probabilistic models using deep learning

Goal: Compare and characterize DeepPPLs, focusing on two languages:
- Edward, based on TensorFlow (static computation graph)
- Pyro, based on PyTorch (dynamic computation graph)

Deep Probabilistic Model
Example: Variational Auto-Encoder (VAE). Unsupervised embedding learning.
Networks capture complex probabilistic dependencies with deep learning models x
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1 batch_size, nx, nh, nz = 256, 28 ∗ 28, 1024, 4
2 def vr(∗shape): return tf.Variable(0.01 ∗ tf.random_normal(shape))
3 # Model
4 X = tf.placeholder(tf.int32, [batch_size, nx])
5 def decoder(theta, z):
6 hidden = tf.nn.relu(tf.matmul(z, theta['Wh']) + theta['bh'])
7 mu = tf.matmul(hidden, theta['Wy']) + theta['by']
8 return mu
9 theta = { 'Wh': vr(nz, nh),
10 'bh': vr(nh),
11 'Wy': vr(nh, nx),
12 'by': vr(nx) }
13 z = Normal(loc=tf.zeros([batch_size, nz]), scale=tf.ones([batch_size, nz]))
14 logits = decoder(theta, z)
15 x = Bernoulli(logits=logits)
16 # Inference Guide
17 def encoder(phi, x):
18 x = tf.cast(x, tf.float32)
19 hidden = tf.nn.relu(tf.matmul(x, phi['Wh']) + phi['bh'])
20 z_mu = tf.matmul(hidden, phi['Wy_mu']) + phi['by_mu']
21 z_sigma = tf.nn.so�plus(
22 tf.matmul(hidden, phi['Wy_sigma']) + phi['by_sigma'])
23 return z_mu, z_sigma
24 phi = { 'Wh': vr(nx, nh),
25 'bh': vr(nh),
26 'Wy_mu': vr(nh, nz),
27 'by_mu': vr(nz),
28 'Wy_sigma': vr(nh, nz),
29 'by_sigma': vr(nz) }
30 loc, scale = encoder(phi, X)
31 qz = Normal(loc=loc, scale=scale)
32 # Inference
33 inference = ed.KLqp({z: qz}, data={x: X})

1 # Model
2 class Decoder(nn.Module):
3 def __init__(self):
4 super(Decoder, self).__init__()
5 self.lh = nn.Linear(nz, nh)
6 self.lx = nn.Linear(nh, nx)
7 self.relu = nn.ReLU()
8 def forward(self, z):
9 hidden = self.relu(self.lh(z))
10 mu = self.lx(hidden)
11 return mu
12 decoder = Decoder()
13 def model(x):
14 z_mu = Variable(torch.zeros(x.size(0), nz))
15 z_sigma = Variable(torch.ones(x.size(0), nz))
16 z = pyro.sample("z", dist.Normal(z_mu, z_sigma))
17 pyro.module("decoder", decoder)
18 mu = decoder.forward(z)
19 pyro.sample("xhat", dist.Bernoulli(mu), obs=x.view(�1, nx))
20 # Inference Guide
21 class Encoder(nn.Module):
22 def __init__(self):
23 super(Encoder, self).__init__()
24 self.lh = torch.nn.Linear(nx, nh)
25 self.lz_mu = torch.nn.Linear(nh, nz)
26 self.lz_sigma = torch.nn.Linear(nh, nz)
27 self.so�plus = nn.So�plus()
28 def forward(self, x):
29 hidden = F.relu(self.lh(x.view((�1, nx))))
30 z_mu = self.lz_mu(hidden)
31 z_sigma = self.so�plus(self.lz_sigma(hidden))
32 return z_mu, z_sigma
33 encoder = Encoder()
34 def guide(x):
35 pyro.module("encoder", encoder)
36 z_mu, z_sigma = encoder.forward(x)
37 pyro.sample("z", dist.Normal(z_mu, z_sigma))
38 # Inference
39 inference = SVI(model, guide, Adam({"lr": 0.01}), loss="ELBO")

(b) Edward (c) Pyro

Figure 7: Variational autoencoder for encoding and decoding images.

high-pro�le cases where probabilistic models still make accurate
predictions [21]. Working with small data is useful to avoid the cost
of hand-labeling, to improve privacy, to build personalized mod-
els, and to do well on underrepresented corners of a big-data task.
The intuition for how probabilistic models help is that they can
make up for lacking labeled data for a task by domain knowledge
incorporated in the model, by unlabeled data, or by labeled data
for other tasks. There are some promising initial successes of using

deep probabilistic programming on small data [26, 30]; at the same
time, this remains an active area of research.

Probabilistic models can support explainability: when the com-
ponents of a probabilistic model correspond directly to concepts
of a real-world domain being modeled, predictions can include an
explanation in terms of those concepts. Explainability is useful
when predictions are consulted for high-stakes decisions, as well
as for transparency around bias [7]. Unfortunately, the parameters

7

Deep Probabilistic Programming Languages: A Qualitative Study 
Guillaume Baudart, Martin Hirzel, Louis Mandel, IBM Research

Probabilistic Deep Model
Example: Bayesian Multi-Layer Perceptron (MLP) with weight uncertainty
Lift network parameters to random variables
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(b) Graphical model for probabilistic MLP.

Figure 4: Multi-layer perceptron (MLP) for classifying
images. Circles and squares are probabilistic and non-
probabilistic variables. Black rectangles are pure functions.
Arrows represent dependencies and forward data �ow.

3 PROBABILISTIC MODELS IN DL
This section explains DL using an example of a deep neural network
and shows how to make that probabilistic. The task is multiclass
classi�cation: given input features x , e.g., an image of a handwritten
digit [23] comprising nx = 28 · 28 pixels, predict a label l , e.g., one
of n� = 10 digits. Before we explain how to solve this task using DL,
let us clarify some terminology. In cases where DL uses di�erent
terminology from PPLs, this paper favors the PPL terminology. So
we say inference for what DL calls training; predicting for what DL
calls inferencing; and observed variables for what DL calls train-
ing data. For instance, the observed variables for inference in the
classi�er task are the image x and label l .

Among the many neural network architectures suitable for this
task, we chose a simple one: a multi-layer perceptron (MLP [28]).
We start with the non-probabilistic version. Figure 4(a) shows an
MLP with a 2-feature input layer, a 3-feature hidden layer, and a
2-feature output layer; of course, this generalizes to wider (more
features) and deeper (more layers) MLPs. From left to right, there is
a fully-connected subnet where each input feature xi contributes to
each hidden feature hj , multiplied with a weightw ji and o�set with
a bias bj . The weights and biases are latent variables. Treating the
input, biases, and weights as vectors and a matrix lets us cast this
subnet in linear algebra xW h + bh , which can run e�ciently via
vector instructions on CPUs or GPUs. Next, a recti�ed linear unit
ReLU (z) = max(0, z) computes the hidden feature vector h. The
ReLU lets the MLP discriminate input spaces that are not linearly
separable. The hidden layer exhibits both the advantage and dis-
advantage of deep learning: automatically learned features that
need not be hand-engineered but would require non-trivial reverse
engineering to explain in real-world terms. Next, another fully-
connected subnet hW � + b� computes the output layer �. Then,

the softmax computes a vector � of scores that add up to one. The
higher the value of �l , the more strongly the classi�er predicts
label l . Using the output of the MLP, the argmax extracts the label l
with highest score.

Traditionalmethods to train such a neural network incrementally
update the latent parameters of the network to optimize a loss func-
tion via gradient descent [28]. In the case of hand-written digits, the
loss function is a distance metrics between observed and predicted
labels. The variables and computations are non-probabilistic, in
that they use concrete values rather than probability distributions.

Deep PPLs can express Bayesian neural networks with probabilis-
tic weights and biases [5]. One way to visualize this is by replacing
rectangles with circles for latent variables in Figure 4(a) to indicate
that they hold probability distributions. Figure 4(b) shows the cor-
responding graphical model, where the latent variable � denotes
all the parameters of the MLP:W h , bh ,W � , b� .

Bayesian inference starts from prior beliefs about the parameters
and learns distributions that �t observed data (such as, images and
labels). We can then sample concrete weights and biases to obtain
a concrete MLP. In fact, we do not need to stop at a single MLP:
we can sample an ensemble of as many MLPs as we like. Then,
we can feed a concrete image to all the sampled MLPs to get their
predictions, followed by a vote.

Figure 5(a) shows the probabilistic MLP example in Edward.
Lines 3-4 are placeholders for observed variables (i.e., batches of
imagesx and labels l ). Lines 5-9 de�nes theMLP parameterized by� ,
a dictionary containing all the network parameters. Lines 10-14
sample the parameters from the prior distributions. Line 15 de�nes
the output of the network: a categorical distribution over all possible
label values parameterized by the output of the MLP. Line 17-23
de�ne the guides for the latent variables, initialized with random
numbers. Later, the variational inference will update these during
optimization, so they will ultimately hold an approximation of
the posterior distribution after inference. Lines 25-29 set up the
inference with one prior:posterior pair for each parameter of the
network and link the output of the network to the observed data.

Figure 5(b) shows the same example in Pyro. Lines 2-11 contain
the basic neural network, where torch.nn.Linear wraps the low-level
linear algebra. Lines 3-6 declare the structure of the net, that is, the
type and dimension of each layer. Lines 7-10 combine the layers
to de�ne the network. It is possible to use equivalent high-level
TensorFlow APIs for this in Edward as well, but we refrained from
doing so to illustrate the transition of the parameters to random
variables. Lines 14-20 de�ne the model. Lines 15-18 sample priors
for the parameters, associating them with object properties created
by torch.nn.Linear (i.e., the weight and bias of each layer). Line 19
lifts the MLP de�nition from concrete to probabilistic. We thus
obtain a MLP where all parameters are treated as random variables.
Line 20 conditions the model using a categorical distribution over
all possible label values. Lines 26-31 de�ne the guide for the latent
variables, initialized with random numbers, just like in the Edward
version. Line 33 sets up the inference.

After the inference, Figure 6 shows how to use the posterior
distribution of the MLP parameters to classify unknown data. In
Edward (Figure 6(a)), Lines 2-4 draw several samples of the param-
eters from the posterior distribution. Then, Lines 5-6 execute the
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# Model
class MLP(nn.Module):

def __init__(self):
super(MLP, self).__init__()
self.l1 = torch.nn.Linear(nx, nh)
self.l2 = torch.nn.Linear(nh, ny)

def forward(self, x):
h = relu(self.l1(x.view((-1, nx)))))
yhat = self.l2(h)
return log_softmax(yhat)

mlp = MLP()

def model(x, y):
priors = {'l1.weight': center_normal(nh, nx), 'l1.bias': center_normal(nh),

'l2.weight': center_normal(ny, nh), 'l2.bias': center_normal(ny)}
lifted_module = pyro.random_module("mlp", mlp, priors)()
yhat = lifted_model(x)
pyro.sample("obs", Categorical(logits=yhat), obs=y)

# Variational Inference
def guide(x, y):

dists = {'l1.weight': rand_normal("W1", nh, nx), 'l1.bias': rand_normal("b1", nh),
'l2.weight': rand_normal("W2", ny, nh),'l2.bias': rand_normal("b2", ny)}

return pyro.random_module("mlp", mlp, dists)()

inference = SVI(model, guide, Adam({"lr": 0.01}), loss=Trace_ELBO())

# Predictions
def predict(x):

sampled_models = [guide(None, None) for _ in range(args.num_samples)]
yhats = [model(Variable(x)).data for model in sampled_models]
mean = torch.mean(torch.stack(yhats), 0)
return np.argmax(mean, axis=1)

(a) Pyro

# Model
def mlp(theta, x):

h = relu(tf.matmul(x, theta["W1"]) + theta["b1"])
yhat = tf.matmul(h, theta["W2"]) + theta["b2"]
return log_softmax(yhat)

theta = {'W1': center_normal(nx, nh), 'b1': center_normal(nh),
'W2': center_normal(nh, ny), 'b2': center_normal(ny)}

x = tf.placeholder(tf.float32, [batch_size, nx])
l = tf.placeholder(tf.int32, [batch_size])
lhat = Categorical(logits=mlp(theta, x))

# Variational Inference
qtheta = {'W1': rand_normal(nx, nh), 'b1': rand_normal(nh),

'W2': rand_normal(nh, ny), 'b2': rand_normal(ny)}
inference = ed.KLqp({theta["W1"]: qtheta["W1"], theta["b1"]: qtheta["b1"],

theta["W2"]: qtheta["W2"], theta["b2"]: qtheta["b2"]},
data={lhat: l})

# Predictions
def predict(x):

theta_samples = [{"W1": qtheta["W1"].sample(), "b1": qtheta["b1"].sample(),
"W2": qtheta["W2"].sample(), "b2": qtheta["b2"].sample()}

for _ in range(args.num_samples)]
yhats = [mlp(theta_samp, x).eval() for theta_samp in theta_samples]
mean = np.mean(yhats, axis=0)
return np.argmax(mean, axis=1)

(b) Edward

# Model
class Decoder(nn.Module):

def __init__(self):
super(Decoder, self).__init__()
self.lh = nn.Linear(nz, nh)
self.lx = nn.Linear(nh, nx)

def forward(self, z):
return self.lx(relu(self.lh(z)))

decoder = Decoder()

def model(self, x):
pyro.module("decoder", decoder)
z = pyro.sample("latent", center_normal(batch_size, nz))
logits = decoder.forward(z)
pyro.sample("obs", Bernoulli(logits), obs=x.reshape(-1, nx))

# Inference Guide
class Encoder(nn.Module):

def __init__(self):
super(Encoder, self).__init__()
self.lh = torch.nn.Linear(nx, nh)
self.lz_mu = torch.nn.Linear(nh, nz)
self.lz_sigma = torch.nn.Linear(nh, nz)

def forward(self, x):
hidden = relu(self.lh(x.view((-1, nx))))
z_mu = self.lz_mu(hidden)
z_sigma = softplus(self.lz_sigma(hidden))
return z_mu, z_sigma

encoder = Encoder()

def guide(self, x):
pyro.module("encoder", encoder)
z_mu, z_sigma = encoder.forward(x)
pyro.sample("latent", Normal(z_mu, z_sigma))

# Inference
inference = SVI(model, guide, Adam({"lr": 0.01}), loss=Trace_ELBO())

(a) Pyro

# Model
X = tf.placeholder(tf.int32, [None, nx])
def decoder(theta, z):

hidden = tf.nn.relu(tf.matmul(z, theta['Wh']) + theta['bh'])
mu = tf.matmul(hidden, theta['Wy']) + theta['by']
return mu

theta = {'Wh': rand_normal(nz, nh), 'bh': rand_normal(nh),
'Wy': rand_normal(nh, nx), 'by': rand_normal(nx)}

z = center_normal(batch_size, nz)
logits = decoder(theta, z)
x = Bernoulli(logits=logits)

# Variational Inference
def encoder(phi, x):

x = tf.cast(x, tf.float32)
hidden = relu(tf.matmul(x, phi['Wh']) + phi['bh'])
z_mu = tf.matmul(hidden, phi['Wy_mu']) + phi['by_mu']
z_sigma = softplus(tf.matmul(hidden, phi['Wy_sigma']) + phi['by_sigma'])
return z_mu, z_sigma

phi = {'Wh': rand_normal(nx, nh), 'bh': rand_normal(nh),
'Wy_mu': rand_normal(nh, nz), 'by_mu': rand_normal(nz),
'Wy_sigma': rand_normal(nh, nz), 'by_sigma': rand_normal(nz)}

z_mu, z_sigma = encoder(phi, X)
qz = Normal(loc=z_mu, scale=z_sigma)
inference = ed.KLqp({z: qz}, data={x: X})

(b) Edward
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# Model
def mlp(theta, x):

h = tf.nn.relu(tf.matmul(x, theta["Wh"]) + theta["bh"])
yhat = tf.matmul(h, theta["Wy"]) + theta["by"]
log_pi = tf.nn.log_softmax(yhat)
return log_pi

theta = {'Wh': Normal(loc=tf.zeros([nx, nh]), scale=tf.ones([nx, nh])),
'bh': Normal(loc=tf.zeros(nh), scale=tf.ones(nh)),
'Wy': Normal(loc=tf.zeros([nh, ny]), scale=tf.ones([nh, ny])),
'by': Normal(loc=tf.zeros(ny), scale=tf.ones(ny))}

x = tf.placeholder(tf.float32, [batch_size, nx])
l = tf.placeholder(tf.int32, [batch_size])
lhat = Categorical(logits=mlp(theta, x))
# Inference Guide
def vr(*shape):

return tf.Variable(tf.random_normal(shape))
qtheta = { 'Wh': Normal(loc=vr(nx, nh), scale=tf.nn.softplus(vr(nx, nh))),

'bh': Normal(loc=vr(nh), scale=tf.nn.softplus(vr(nh))),
'Wy': Normal(loc=vr(nh, ny), scale=tf.nn.softplus(vr(nh, ny))),
'by': Normal(loc=vr(ny), scale=tf.nn.softplus(vr(ny)))}

# Inference
inference = ed.KLqp({theta["Wh"]: qtheta["Wh"], theta["bh"]: qtheta["bh"],

theta["Wy"]: qtheta["Wy"], theta["by"]: qtheta["by"]},
data={lhat: l})

# Predictions
def predict(x):

theta_samples = [{"Wh": qtheta["Wh"].sample(), "bh": qtheta["bh"].sample(),
"Wy": qtheta["Wy"].sample(), "by": qtheta["by"].sample(), }
for _ in range(args.num_samples)]

yhats = [mlp(theta_samp, x).eval()
for theta_samp in theta_samples]

mean = np.mean(yhats, axis=0)
return np.argmax(mean, axis=1)

(a) Edward

# Model
class MLP(nn.Module):

def __init__(self):
super(MLP, self).__init__()
self.l1 = torch.nn.Linear(nx, nh)
self.l2 = torch.nn.Linear(nh, ny)
self.relu = torch.nn.ReLU()

def forward(self, x):
h = self.relu(self.l1(x.view((-1, nx))))
yhat = self.l2(h)
return yhat

mlp = MLP()
def model(data):

priors = {'l1.weight': Normal(torch.zeros(nh, nx), torch.ones(nh, nx)),
'l1.bias': Normal(torch.zeros(nh), torch.ones(nh)),
'l2.weight': Normal(torch.zeros(ny, nh), torch.ones(ny, nh)),
'l2.bias': Normal(torch.zeros(ny), torch.ones(ny))}

lifted_module = pyro.random_module("mlp", mlp, priors)
lifted_reg_model = lifted_module()
x, y = data
yhat = F.log_softmax(lifted_reg_model(x))
pyro.sample("obs", Categorical(logits=yhat), obs=y)

# Inference Guide
def vr(name, *shape):

return pyro.param(name,Variable(torch.randn(*shape), requires_grad=True))
def guide(data):

dists = {'l1.weight': Normal(vr("W1m", nh, nx), F.softplus(vr("W1s", nh, nx))),
'l1.bias': Normal(vr("b1m", nh), F.softplus(vr("b1s", nh))),
'l2.weight': Normal(vr("W2m", ny, nh), F.softplus(vr("W2s", ny, nh))),
'l2.bias': Normal(vr("b2m", ny), F.softplus(vr("b2s", ny)))}

lifted_module = pyro.random_module("mlp", mlp, dists)
return lifted_module()

# Inference
inference = SVI(model, guide, Adam({"lr": 0.01}), loss=Trace_ELBO())
# Predictions
def predict(x):

sampled_models = [guide(None)
for _ in range(args.num_samples)]

yhats = [model(Variable(x)).data
for model in sampled_models]

mean = torch.mean(torch.stack(yhats), 0)
return np.argmax(mean, axis=1)

(b) Pyro

Deep Probabilistic Model

Variational Auto-Encoder (VAE)
Capture complex dependencies of a probabilistic model using a deep learning model

Probabilistic Deep Model

Example: Bayesian Multi-Layer Perceptron (MLP)
with weight uncertainty

Deep Probabilistic Programming Languages

DeepPPLs, which have emerged just recently, aim to combine the 
benefits of probabilistic programming and deep learning models. 

These languages can be used to define:
- Probabilistic deep models: weight uncertainty in deep neural networks
- Deep probabilistic models: probabilistic models using deep learning

Goal: Compare and characterize DeepPPLs, focusing on two languages:
- Edward, based on TensorFlow (static computation graph)
- Pyro, based on PyTorch (dynamic computation graph)

Variational Inference

Turn inference into an optimization problem
Faster on large datasets than sampling techniques
Offered by all DeepPPLs

Instead of computing the true posterior p(! | x) of ! given the data x, find the
closest q*(!) member in a family of simpler distribution (the inference guide)

Deep neural networks

qAutomatic Features
qHigh accuracy
qFast SGD inference

Probabilistic models

qOvert uncertainty
qSmall data
q Interpretability
qGeneral inference

Programming languages

qComposability
qExpressiveness
qConciseness
qWatertight abstraction
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Figure 4: Multi-layer perceptron (MLP) for classifying
images. Circles and squares are probabilistic and non-
probabilistic variables. Black rectangles are pure functions.
Arrows represent dependencies and forward data �ow.

3 PROBABILISTIC MODELS IN DL
This section explains DL using an example of a deep neural network
and shows how to make that probabilistic. The task is multiclass
classi�cation: given input features x , e.g., an image of a handwritten
digit [23] comprising nx = 28 · 28 pixels, predict a label l , e.g., one
of n� = 10 digits. Before we explain how to solve this task using DL,
let us clarify some terminology. In cases where DL uses di�erent
terminology from PPLs, this paper favors the PPL terminology. So
we say inference for what DL calls training; predicting for what DL
calls inferencing; and observed variables for what DL calls train-
ing data. For instance, the observed variables for inference in the
classi�er task are the image x and label l .

Among the many neural network architectures suitable for this
task, we chose a simple one: a multi-layer perceptron (MLP [28]).
We start with the non-probabilistic version. Figure 4(a) shows an
MLP with a 2-feature input layer, a 3-feature hidden layer, and a
2-feature output layer; of course, this generalizes to wider (more
features) and deeper (more layers) MLPs. From left to right, there is
a fully-connected subnet where each input feature xi contributes to
each hidden feature hj , multiplied with a weightw ji and o�set with
a bias bj . The weights and biases are latent variables. Treating the
input, biases, and weights as vectors and a matrix lets us cast this
subnet in linear algebra xW h + bh , which can run e�ciently via
vector instructions on CPUs or GPUs. Next, a recti�ed linear unit
ReLU (z) = max(0, z) computes the hidden feature vector h. The
ReLU lets the MLP discriminate input spaces that are not linearly
separable. The hidden layer exhibits both the advantage and dis-
advantage of deep learning: automatically learned features that
need not be hand-engineered but would require non-trivial reverse
engineering to explain in real-world terms. Next, another fully-
connected subnet hW � + b� computes the output layer �. Then,

the softmax computes a vector � of scores that add up to one. The
higher the value of �l , the more strongly the classi�er predicts
label l . Using the output of the MLP, the argmax extracts the label l
with highest score.

Traditionalmethods to train such a neural network incrementally
update the latent parameters of the network to optimize a loss func-
tion via gradient descent [28]. In the case of hand-written digits, the
loss function is a distance metrics between observed and predicted
labels. The variables and computations are non-probabilistic, in
that they use concrete values rather than probability distributions.

Deep PPLs can express Bayesian neural networks with probabilis-
tic weights and biases [5]. One way to visualize this is by replacing
rectangles with circles for latent variables in Figure 4(a) to indicate
that they hold probability distributions. Figure 4(b) shows the cor-
responding graphical model, where the latent variable � denotes
all the parameters of the MLP:W h , bh ,W � , b� .

Bayesian inference starts from prior beliefs about the parameters
and learns distributions that �t observed data (such as, images and
labels). We can then sample concrete weights and biases to obtain
a concrete MLP. In fact, we do not need to stop at a single MLP:
we can sample an ensemble of as many MLPs as we like. Then,
we can feed a concrete image to all the sampled MLPs to get their
predictions, followed by a vote.

Figure 5(a) shows the probabilistic MLP example in Edward.
Lines 3-4 are placeholders for observed variables (i.e., batches of
imagesx and labels l ). Lines 5-9 de�nes theMLP parameterized by� ,
a dictionary containing all the network parameters. Lines 10-14
sample the parameters from the prior distributions. Line 15 de�nes
the output of the network: a categorical distribution over all possible
label values parameterized by the output of the MLP. Line 17-23
de�ne the guides for the latent variables, initialized with random
numbers. Later, the variational inference will update these during
optimization, so they will ultimately hold an approximation of
the posterior distribution after inference. Lines 25-29 set up the
inference with one prior:posterior pair for each parameter of the
network and link the output of the network to the observed data.

Figure 5(b) shows the same example in Pyro. Lines 2-11 contain
the basic neural network, where torch.nn.Linear wraps the low-level
linear algebra. Lines 3-6 declare the structure of the net, that is, the
type and dimension of each layer. Lines 7-10 combine the layers
to de�ne the network. It is possible to use equivalent high-level
TensorFlow APIs for this in Edward as well, but we refrained from
doing so to illustrate the transition of the parameters to random
variables. Lines 14-20 de�ne the model. Lines 15-18 sample priors
for the parameters, associating them with object properties created
by torch.nn.Linear (i.e., the weight and bias of each layer). Line 19
lifts the MLP de�nition from concrete to probabilistic. We thus
obtain a MLP where all parameters are treated as random variables.
Line 20 conditions the model using a categorical distribution over
all possible label values. Lines 26-31 de�ne the guide for the latent
variables, initialized with random numbers, just like in the Edward
version. Line 33 sets up the inference.

After the inference, Figure 6 shows how to use the posterior
distribution of the MLP parameters to classify unknown data. In
Edward (Figure 6(a)), Lines 2-4 draw several samples of the param-
eters from the posterior distribution. Then, Lines 5-6 execute the
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(a) Graphical models.

1 batch_size, nx, nh, nz = 256, 28 ∗ 28, 1024, 4
2 def vr(∗shape): return tf.Variable(0.01 ∗ tf.random_normal(shape))
3 # Model
4 X = tf.placeholder(tf.int32, [batch_size, nx])
5 def decoder(theta, z):
6 hidden = tf.nn.relu(tf.matmul(z, theta['Wh']) + theta['bh'])
7 mu = tf.matmul(hidden, theta['Wy']) + theta['by']
8 return mu
9 theta = { 'Wh': vr(nz, nh),
10 'bh': vr(nh),
11 'Wy': vr(nh, nx),
12 'by': vr(nx) }
13 z = Normal(loc=tf.zeros([batch_size, nz]), scale=tf.ones([batch_size, nz]))
14 logits = decoder(theta, z)
15 x = Bernoulli(logits=logits)
16 # Inference Guide
17 def encoder(phi, x):
18 x = tf.cast(x, tf.float32)
19 hidden = tf.nn.relu(tf.matmul(x, phi['Wh']) + phi['bh'])
20 z_mu = tf.matmul(hidden, phi['Wy_mu']) + phi['by_mu']
21 z_sigma = tf.nn.so�plus(
22 tf.matmul(hidden, phi['Wy_sigma']) + phi['by_sigma'])
23 return z_mu, z_sigma
24 phi = { 'Wh': vr(nx, nh),
25 'bh': vr(nh),
26 'Wy_mu': vr(nh, nz),
27 'by_mu': vr(nz),
28 'Wy_sigma': vr(nh, nz),
29 'by_sigma': vr(nz) }
30 loc, scale = encoder(phi, X)
31 qz = Normal(loc=loc, scale=scale)
32 # Inference
33 inference = ed.KLqp({z: qz}, data={x: X})

1 # Model
2 class Decoder(nn.Module):
3 def __init__(self):
4 super(Decoder, self).__init__()
5 self.lh = nn.Linear(nz, nh)
6 self.lx = nn.Linear(nh, nx)
7 self.relu = nn.ReLU()
8 def forward(self, z):
9 hidden = self.relu(self.lh(z))
10 mu = self.lx(hidden)
11 return mu
12 decoder = Decoder()
13 def model(x):
14 z_mu = Variable(torch.zeros(x.size(0), nz))
15 z_sigma = Variable(torch.ones(x.size(0), nz))
16 z = pyro.sample("z", dist.Normal(z_mu, z_sigma))
17 pyro.module("decoder", decoder)
18 mu = decoder.forward(z)
19 pyro.sample("xhat", dist.Bernoulli(mu), obs=x.view(�1, nx))
20 # Inference Guide
21 class Encoder(nn.Module):
22 def __init__(self):
23 super(Encoder, self).__init__()
24 self.lh = torch.nn.Linear(nx, nh)
25 self.lz_mu = torch.nn.Linear(nh, nz)
26 self.lz_sigma = torch.nn.Linear(nh, nz)
27 self.so�plus = nn.So�plus()
28 def forward(self, x):
29 hidden = F.relu(self.lh(x.view((�1, nx))))
30 z_mu = self.lz_mu(hidden)
31 z_sigma = self.so�plus(self.lz_sigma(hidden))
32 return z_mu, z_sigma
33 encoder = Encoder()
34 def guide(x):
35 pyro.module("encoder", encoder)
36 z_mu, z_sigma = encoder.forward(x)
37 pyro.sample("z", dist.Normal(z_mu, z_sigma))
38 # Inference
39 inference = SVI(model, guide, Adam({"lr": 0.01}), loss="ELBO")

(b) Edward (c) Pyro

Figure 7: Variational autoencoder for encoding and decoding images.

high-pro�le cases where probabilistic models still make accurate
predictions [21]. Working with small data is useful to avoid the cost
of hand-labeling, to improve privacy, to build personalized mod-
els, and to do well on underrepresented corners of a big-data task.
The intuition for how probabilistic models help is that they can
make up for lacking labeled data for a task by domain knowledge
incorporated in the model, by unlabeled data, or by labeled data
for other tasks. There are some promising initial successes of using

deep probabilistic programming on small data [26, 30]; at the same
time, this remains an active area of research.

Probabilistic models can support explainability: when the com-
ponents of a probabilistic model correspond directly to concepts
of a real-world domain being modeled, predictions can include an
explanation in terms of those concepts. Explainability is useful
when predictions are consulted for high-stakes decisions, as well
as for transparency around bias [7]. Unfortunately, the parameters
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1 # Model
2 coin_code = """
3 data {
4 int<lower=0,upper=1> x[10];
5 }
6 parameters {
7 real<lower=0,upper=1> theta;
8 }
9 model {
10 theta ~ uniform(0,1);
11 for (i in 1:10)
12 x[i] ~ bernoulli(theta);
13 }"""
14 # Data
15 data = {'x': [0, 1, 0, 0, 0, 0, 0, 0, 0, 1]}
16 # Inference
17 fit = pystan.stan(model_code=coin_code,
18 data=data, iter=1000)
19 # Results
20 samples = fit.extract()['theta']
21 print("Posterior mean:", np.mean(samples))
22 print("Posterior stddev:", np.std(samples))

1 # Model
2 theta = Uniform(0.0, 1.0)
3 x = Bernoulli(probs=theta, sample_shape=10)
4 # Data
5 data = np.array([0, 1, 0, 0, 0, 0, 0, 0, 0, 1])
6 # Inference
7 qtheta = Empirical(
8 tf.Variable(tf.ones(1000) ∗ 0.5))
9 inference = ed.HMC({theta: qtheta},
10 data={x: data})
11 inference.run()
12 # Results
13 mean, stddev = ed.get_session().run(
14 [qtheta.mean(),qtheta.stddev()])
15 print("Posterior mean:", mean)
16 print("Posterior stddev:", stddev)

1 # Model
2 def coin():
3 theta = pyro.sample("theta", Uniform(
4 Variable(torch.Tensor([0])),
5 Variable(torch.Tensor([1])))
6 pyro.sample("x", Bernoulli(
7 theta ∗ Variable(torch.ones(10)))
8 # Data
9 data = {"x": Variable(torch.Tensor(
10 [0, 1, 0, 0, 0, 0, 0, 0, 0, 1]))}
11 # Inference
12 cond = pyro.condition(coin, data=data)
13 sampler = pyro.infer.Importance(cond,
14 num_samples=1000)
15 post = pyro.infer.Marginal(sampler, sites=["theta"])
16 # Result
17 samples = [post()["theta"].data[0] for _ in range(1000)]
18 print("Posterior mean:", np.mean(samples))
19 print("Posterior stddev:", np.std(samples))

(a) Stan (b) Edward (c) Pyro

Figure 2: Probabilistic model for learning the bias of a coin.

1 # Inference Guide
2 qalpha = tf.Variable(1.0)
3 qbeta = tf.Variable(1.0)
4 qtheta = Beta(qalpha, qbeta)
5 # Inference
6 inference = ed.KLqp({theta: qtheta}, {x: data})
7 inference.run()

1 # Inference Guide
2 def guide():
3 qalpha = pyro.param("qalpha", Variable(torch.Tensor([1.0]), requires_grad=True))
4 qbeta = pyro.param("qbeta", Variable(torch.Tensor([1.0]), requires_grad=True))
5 pyro.sample("theta", Beta(qalpha, qbeta))
6 # Inference
7 svi = SVI(cond, guide, Adam({}), loss="ELBO", num_particles=7)
8 for step in range(1000):
9 svi.step()

(a) Edward (b) Pyro

Figure 3: Variational Inference for learning the bias of a coin.

to be faster and more adapted to large datasets than sampling-based
Monte-Carlo methods [4].

Variational infence tries to �nd the member q⇤(� ) of a family Q
of simpler distribution over the latent variables that is the closest
to the true posterior p(� | x). The �tness of a candidate is measured
using the Kullback-Leibler (KL) divergence from the true posterior,
a similarity measure between probability distributions.

q⇤(� ) = argmin
q(� )2Q

KL(q(� ) | | p(� | x))

It is up to the programmer to choose a family of candidates, or
guides, that is su�ciently expressive to capture a close approxima-
tion of the true posterior, but simple enough to make the optimiza-
tion problem tractable.

Both Edward and Pyro support variational inference. Figure 3
shows how to adapt Figure 2 to use it. In Edward (Figure 3(a)), the

programmer de�nes the family of guides by changing the shape
of the placeholder used in the inference. Lines 2-4 use a beta dis-
tribution with unknown parameters � and � that will be com-
puted during inference. Lines 6-7 do variational inference using the
Kullback-Leibler divergence. In Pyro (Figure 3(b)), this is done by
de�ning a guide function. Lines 2-5 also de�ne a beta distribution
with parameters � and � . Lines 7-9 do inference using Stochastic
Variational Inference, an optimized algorithm for variational infer-
ence. Both Edward and Pyro rely on the underlying framework to
solve the optimization problem. Probabilistic inference thus closely
follows the scheme used for training procedures of DL models.

This section gave a high-level introduction to PPLs and intro-
duced basic concepts (generative models, sampling, prior and pos-
terior, latent and observed, discrete and continuous). Next, we turn
our attention to deep learning.
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