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glm_families GLM families
Description

A list of models that can be used as the model argument in glm_fit():

Details

e Bernoulli: Bernoulli(probs=mean) where mean = sigmoid(matmul (X,weights))

* BernoulliNormalCDF:Bernoulli(probs=mean) where mean = Normal(0, 1).cdf(matmul(X, weights))

¢ GammaExp: Gamma(concentration=1,rate=1 / mean) where mean = exp(matmul (X,weights))

e GammaSoftplus: Gamma(concentration=1,rate=1 / mean) where mean = softplus(matmul (X,weights))

* LogNormal: LogNormal(loc=log(mean) -log(2) / 2,scale=sqrt(log(2))) where mean
=exp(matmul (X,weights)).

e LogNormalSoftplus: LogNormal (loc=log(mean) -log(2) / 2,scale=sqrt(log(2))) where
mean = softplus(matmul (X,weights))

e Normal: Normal (loc=mean, scale=1) where mean = matmul (X,weights).
* NormalReciprocal: Normal(loc=mean,scale=1) where mean =1 / matmul (X,weights)
e Poisson: Poisson(rate=mean) where mean = exp(matmul (X,weights)).

e PoissonSoftplus: Poisson(rate=mean) where mean = softplus(matmul (X,weights)).

Value

list of models that can be used as the model argument in glm_fit()

See Also

Other glm_fit: gIlm_fit.tensorflow.tensor(), glm_fit_one_step.tensorflow.tensor()
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glm_fit Runs multiple Fisher scoring steps

Description

Runs multiple Fisher scoring steps

Usage
glm_fit(x, ...)
Arguments
X float-like, matrix-shaped Tensor where each row represents a sample’s features.
other arguments passed to specific methods.
Value

A glm_fit object with parameter estimates, number of iterations, etc.

See Also

glm_fit.tensorflow.tensor()

glm_fit.tensorflow.tensor
Runs multiple Fisher scoring steps

Description

Runs multiple Fisher scoring steps

Usage

## S3 method for class 'tensorflow.tensor'
glm_fit(
X,
response,
model,
model_coefficients_start = NULL,
predicted_linear_response_start = NULL,
12_regularizer = NULL,
dispersion = NULL,
offset = NULL,
convergence_criteria_fn = NULL,
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learning_rate = NULL,
fast_unsafe_numerics = TRUE,
maximum_iterations = NULL,

name = NULL,
)
Arguments
X float-like, matrix-shaped Tensor where each row represents a sample’s features.
response vector-shaped Tensor where each element represents a sample’s observed re-
sponse (to the corresponding row of features). Must have same dtype as x.
model a string naming the model (see glm_families) or a tfp$glm$ExponentialFamily-like

instance which implicitly characterizes a negative log-likelihood loss by speci-
fying the distribuion’s mean, gradient_mean, and variance.
model_coefficients_start
Optional (batch of) vector-shaped Tensor representing the initial model coef-
ficients, one for each column in x. Must have same dtype as model_matrix.
Default value: Zeros.
predicted_linear_response_start
Optional Tensor with shape, dtype matching response; represents offset shifted
initial linear predictions based on model_coefficients_start. Default value:
offset if model_coefficients is NULL, and tf$linalg$matvec(x,model_coefficients_start)
+ of fset otherwise.

12_regularizer Optional scalar Tensor representing L2 regularization penalty. Default: NULL ie.
no regularization.

dispersion Optional (batch of) Tensor representing response dispersion.

offset Optional Tensor representing constant shift applied to predicted_linear_response.
convergence_criteria_fn
callable taking: is_converged_previous, iter_,model_coefficients_previous,
predicted_linear_response_previous, model_coefficients_next, predicted_linear_response
response, model, dispersion and returning a logical Tensor indicating that
Fisher scoring has converged.

learning_rate Optional (batch of) scalar Tensor used to dampen iterative progress. Typically
only needed if optimization diverges, should be no larger than 1 and typically
very close to 1. Default value: NULL (i.e., 1).

fast_unsafe_numerics
Optional Python bool indicating if faster, less numerically accurate methods can
be employed for computing the weighted least-squares solution. Default value:
TRUE (i.e., "fast but possibly diminished accuracy").

maximum_iterations
Optional maximum number of iterations of Fisher scoring to run; "and-ed" with
result of convergence_criteria_fn. Default value: NULL (i.e., infinity).

name usesed as name prefix to ops created by this function. Default value: "fit".

other arguments passed to specific methods.
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Value

A glm_fit object with parameter estimates, and number of required steps.

See Also

Other glm_fit: glm_families, glm_fit_one_step.tensorflow.tensor()

glm_fit_one_step Runs one Fisher scoring step

Description

Runs one Fisher scoring step

Usage
glm_fit_one_step(x, ...)
Arguments
X float-like, matrix-shaped Tensor where each row represents a sample’s features.
other arguments passed to specific methods.
Value

A glm_fit object with parameter estimates, number of iterations, etc.

See Also

glm_fit_one_step.tensorflow.tensor()

glm_fit_one_step.tensorflow.tensor
Runs one Fisher Scoring step

Description

Runs one Fisher Scoring step
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Usage

## S3 method for class 'tensorflow.tensor'
glm_fit_one_step(
X,
response,
model,
model_coefficients_start = NULL,
predicted_linear_response_start = NULL,
12_regularizer = NULL,
dispersion = NULL,
offset = NULL,
learning_rate = NULL,
fast_unsafe_numerics = TRUE,

name = NULL,
)
Arguments
X float-like, matrix-shaped Tensor where each row represents a sample’s features.
response vector-shaped Tensor where each element represents a sample’s observed re-
sponse (to the corresponding row of features). Must have same dtype as x.
model a string naming the model (see glm_families) or a tfp$glm$ExponentialFamily-1like

instance which implicitly characterizes a negative log-likelihood loss by speci-
fying the distribuion’s mean, gradient_mean, and variance.

model_coefficients_start
Optional (batch of) vector-shaped Tensor representing the initial model coef-
ficients, one for each column in x. Must have same dtype as model_matrix.
Default value: Zeros.

predicted_linear_response_start
Optional Tensor with shape, dtype matching response; represents offset shifted
initial linear predictions based on model_coefficients_start. Default value:
offset if model_coefficients is NULL, and tf$linalg$matvec(x,model_coefficients_start)
+ of fset otherwise.

12_regularizer Optional scalar Tensor representing L2 regularization penalty. Default: NULL ie.
no regularization.

dispersion Optional (batch of) Tensor representing response dispersion.

offset Optional Tensor representing constant shift applied to predicted_linear_response.

learning_rate Optional (batch of) scalar Tensor used to dampen iterative progress. Typically
only needed if optimization diverges, should be no larger than 1 and typically
very close to 1. Default value: NULL (i.e., 1).

fast_unsafe_numerics
Optional Python bool indicating if faster, less numerically accurate methods can
be employed for computing the weighted least-squares solution. Default value:
TRUE (i.e., "fast but possibly diminished accuracy").

name usesed as name prefix to ops created by this function. Default value: "fit".
other arguments passed to specific methods.
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Value

A glm_fit object with parameter estimates, and number of required steps.

See Also

Other glm_fit: glm_families, glm_fit.tensorflow.tensor()

initializer_blockwise Blockwise Initializer

Description

Initializer which concats other intializers

Usage

initializer_blockwise(initializers, sizes, validate_args = FALSE)

Arguments

initializers list of Keras initializers, eg: keras: :initializer_glorot_uniform() orinitializer_constant().
sizes list of integers scalars representing the number of elements associated with each

initializer in initializers.
validate_args bool indicating we should do (possibly expensive) graph-time assertions, if nec-

essary.

@return Initializer which concats other intializers

install_tfprobability Installs TensorFlow Probability

Description

Installs TensorFlow Probability

Usage

install_tfprobability(
method = c("auto”, "virtualenv"”, "conda"),
conda = "auto",
version = "default”,
tensorflow = "default”,
extra_packages = NULL,

’

pip_ignore_installed = TRUE
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Arguments

method Installation method. By default, "auto" automatically finds a method that will
work in the local environment. Change the default to force a specific installation
method. Note that the "virtualenv" method is not available on Windows.

conda The path to a conda executable. Use "auto” to allow reticulate to automat-
ically find an appropriate conda binary. See conda_binary() for more details
on how reticulate tries to resolve the conda executable.

version TensorFlow version to install. Valid values include:

e "default"” installs 2.7

* "release” installs the latest release version of tensorflow (which may be
incompatible with the current version of the R package)

* A version specification like "2.4" or "2.4.0". Note that if the patch ver-
sion is not supplied, the latest patch release is installed (e.g., "2.4" today
installs version "2.4.2")

* nightly for the latest available nightly build.
* To any specification, you can append "-cpu" to install the cpu version only
of the package (e.g., "2.4-cpu”)
* The full URL or path to a installer binary or python *.whl file.
tensorflow Synonym for version. Maintained for backwards.
extra_packages Additional Python packages to install along with TensorFlow.
other arguments passed to reticulate: :conda_install() orreticulate::virtualenv_install(),
depending on the method used.

pip_ignore_installed
Whether pip should ignore installed python packages and reinstall all already
installed python packages. This defaults to TRUE, to ensure that TensorFlow
dependencies like NumPy are compatible with the prebuilt TensorFlow binaries.

Value

invisible

layer_autoregressive  Masked Autoencoder for Distribution Estimation

Description

layer_autoregressive takes as input a Tensor of shape [..., event_size] and returns a Tensor of
shape [..., event_size, params]. The output satisfies the autoregressive property. That is, the layer
is configured with some permutation ord of {0, ..., event_size-1} (i.e., an ordering of the input
dimensions), and the output output[batch_idx,1i,...] for input dimension i depends only on
inputs x[batch_idx, j] where ord(j) <ord(i).
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Usage

layer_autoregressive(
object,
params,
event_shape = NULL,
hidden_units = NULL,
input_order = "left-to-right”,
hidden_degrees = "equal”,
activation = NULL,
use_bias = TRUE,
kernel_initializer = "glorot_uniform"”,
validate_args = FALSE,

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
params integer specifying the number of parameters to output per input.
event_shape list-like of positive integers (or a single int), specifying the shape of the input

to this layer, which is also the event_shape of the distribution parameterized by
this layer. Currently only rank-1 shapes are supported. That is, event_shape
must be a single integer. If not specified, the event shape is inferred when this
layer is first called or built.

hidden_units list-like of non-negative integers, specifying the number of units in each hid-
den layer.

input_order Order of degrees to the input units: ‘random’, ’left-to-right’, 'right-to-left’, or an
array of an explicit order. For example, ’left-to-right’ builds an autoregressive
model: p(x) = p(x1) p(x2 | x1) ... p(xD | x<D). Default: ’left-to-right’.

hidden_degrees Method for assigning degrees to the hidden units: ’equal’, ‘random’. If ’equal’,
hidden units in each layer are allocated equally (up to a remainder term) to each
degree. Default: "equal’.

activation An activation function. See keras: : layer_dense. Default: NULL.

use_bias Whether or not the dense layers constructed in this layer should have a bias term.
See keras: :layer_dense. Default: TRUE.
kernel_initializer
Initializer for the kernel weights matrix. Default: ’glorot_uniform’.
validate_args logical, default FALSE. When TRUE, layer parameters are checked for validity

despite possibly degrading runtime performance. When FALSE invalid inputs
may silently render incorrect outputs.
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Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.

Details

The autoregressive property allows us to use output[batch_idx,i] to parameterize conditional
distributions: p(x[batch_idx, i] | x[batch_idx, ] for ord(j) < ord(i)) which give us a tractable distri-
bution over input x[batch_idx]:

px[batch_idx]) = prod_i p(x[batch_idx, ord(i)] | x[batch_idx, ord(0:1)])

For example, when params is 2, the output of the layer can parameterize the location and log-scale
of an autoregressive Gaussian distribution.
Value

a Keras layer

See Also

Other layers: layer_conv_1d_flipout(), layer_conv_1d_reparameterization(), layer_conv_2d_flipout(),
layer_conv_2d_reparameterization(), layer_conv_3d_flipout(), layer_conv_3d_reparameterization(),
layer_dense_flipout(), layer_dense_local_reparameterization(), layer_dense_reparameterization(),
layer_dense_variational(), layer_variable()

layer_autoregressive_transform

An  autoregressive  normalizing  flow  layer, given a
layer_autoregressive.

Description

Following Papamakarios et al. (2017), given an autoregressive model p(x) with conditional distri-
butions in the location-scale family, we can construct a normalizing flow for p(z).

Usage
layer_autoregressive_transform(object, made, ...)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
made A Made layer, which must output two parameters for each input.

Additional parameters passed to Keras Layer.
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Details

Specifically, suppose made is a [layer_autoregressive()] — a layer implementing a Masked Au-
toencoder for Distribution Estimation (MADE) — that computes location and log-scale parameters
made(z)[i] for each input z[:]. Then we can represent the autoregressive model p(z) as ¢ = f(u)
where v is drawn from from some base distribution and where f is an invertible and differentiable
function (i.e., a Bijector) and f~!(z) is defined by:

library(tensorflow)

library(zeallot)

f_inverse <- function(x) {
c(shift, log_scale) %<-% tf$unstack(made(x), 2, axis = -1L)
(x - shift) * tf$math$exp(-log_scale)

3

Given a layer_autoregressive() made, a layer_autoregressive_transform() transforms an
input tfd_* p(u) to an output tfd_* p(x) where x = f(u).

Value

a Keras layer

References

Papamakarios et al. (2017)

See Also

tfb_masked_autoregressive_flow() and layer_autoregressive()

layer_categorical_mixture_of_one_hot_categorical
A OneHotCategorical mixture Keras layer from k x (1 +d) params.

Description

k (i.e., num_components) represents the number of component OneHotCategorical distributions
and d (i.e., event_size) represents the number of categories within each OneHotCategorical
distribution.

Usage

layer_categorical_mixture_of_one_hot_categorical(
object,
event_size,
num_components,
convert_to_tensor_fn = tfp$distributions$Distribution$sample,
sample_dtype = NULL,


https://arxiv.org/abs/1705.07057
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validate_args = FALSE,

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
event_size Scalar integer representing the size of single draw from this distribution.

num_components Scalar integer representing the number of mixture components. Must be at
least 1. (If num_components=1, it’s more efficient to use the OneHotCategorical
layer.)

convert_to_tensor_fn
A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.

sample_dtype dtype of samples produced by this distribution. Default value: NULL (i.e., pre-
vious layer’s dtype).

validate_args Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE.

Additional arguments passed to args of keras: :create_layer.

Details
Typical choices for convert_to_tensor_fn include:
e tfp$distributions$Distribution$sample

e tfp$distributions$Distribution$mean

* tfp$distributions$Distribution$mode

Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_distribution_lambda(), layer_independent_bernoulli(),
layer_independent_logistic(), layer_independent_normal(), layer_independent_poisson(),
layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(), layer_mixture_logistic(),
layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()
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layer_conv_1d_flipout ID convolution layer (e.g. temporal convolution) with Flipout

Description

This layer creates a convolution kernel that is convolved (actually cross-correlated) with the layer
input to produce a tensor of outputs. It may also include a bias addition and activation function on
the outputs. It assumes the kernel and/or bias are drawn from distributions.

Usage

layer_conv_1d_flipout(
object,
filters,
kernel_size,
strides = 1,
padding = "valid”,
data_format = "channels_last”,
dilation_rate = 1,
activation = NULL,
activity_regularizer = NULL,
trainable = TRUE,
kernel_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(),
kernel_posterior_tensor_fn = function(d) d %>% tfd_sample(),
kernel_prior_fn = tfp$layers$util$default_multivariate_normal_fn,
kernel_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
bias_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(is_singular = TRUE),
bias_posterior_tensor_fn = function(d) d %>% tfd_sample(),
bias_prior_fn = NULL,
bias_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned
* a Tensor, the output tensor from layer_instance(object) is returned
filters Integer, the dimensionality of the output space (i.e. the number of filters in the
convolution).
kernel_size An integer or list of a single integer, specifying the length of the 1D convolution

window.
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strides An integer or list of a single integer, specifying the stride length of the con-
volution. Specifying any stride value != 1 is incompatible with specifying any
dilation_rate value !=1.
padding One of "valid” or "same" (case-insensitive).
data_format A string, one of channels_last (default) or channels_first. The ordering

of the dimensions in the inputs. channels_last corresponds to inputs with
shape (batch, length, channels) while channels_first corresponds to inputs
with shape (batch, channels, length).

dilation_rate An integer or tuple/list of a single integer, specifying the dilation rate to use
for dilated convolution. Currently, specifying any dilation_rate value !=1is
incompatible with specifying any strides value != 1.

activation Activation function. Set it to None to maintain a linear activation.

activity_regularizer
Regularizer function for the output.

trainable Whether the layer weights will be updated during training.
kernel_posterior_fn
Function which creates tfd$Distribution instance representing the surrogate
posterior of the kernel parameter. Default value: default_mean_field_normal_fn().
kernel_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().
kernel_prior_fn
Function which creates tfd$Distribution instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: tfd_normal(loc =
0,scale=1).
kernel_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.
bias_posterior_fn
Function which creates a tfd$Distribution instance representing the surro-
gate posterior of the bias parameter. Default value: default_mean_field_normal_fn(is_singular
= TRUE) (which creates an instance of tfd_deterministic).
bias_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

bias_prior_fn Function which creates tfd instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: NULL (no prior, no
variational inference)

bias_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.
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Details

This layer implements the Bayesian variational inference analogue to a dense layer by assuming the
kernel and/or the bias are drawn from distributions.

By default, the layer implements a stochastic forward pass via sampling from the kernel and bias
posteriors,

outputs = f(inputs; kernel, bias), kernel, bias ~ posterior

where f denotes the layer’s calculation. It uses the Flipout estimator (Wen et al., 2018), which
performs a Monte Carlo approximation of the distribution integrating over the kernel and bias.
Flipout uses roughly twice as many floating point operations as the reparameterization estimator
but has the advantage of significantly lower variance.

The arguments permit separate specification of the surrogate posterior (q(W|x)), prior (p(W)), and
divergence for both the kernel and bias distributions.

Upon being built, this layer adds losses (accessible via the losses property) representing the di-
vergences of kernel and/or bias surrogate posteriors and their respective priors. When doing
minibatch stochastic optimization, make sure to scale this loss such that it is applied just once
per epoch (e.g. if k1 is the sum of losses for each element of the batch, you should pass k1
/ num_examples_per_epoch to your optimizer). You can access the kernel and/or bias pos-
terior and prior distributions after the layer is built via the kernel_posterior, kernel_prior,
bias_posterior and bias_prior properties.

Value

a Keras layer

References

* Yeming Wen, Paul Vicol, Jimmy Ba, Dustin Tran, and Roger Grosse. Flipout: Efficient
Pseudo-Independent Weight Perturbations on Mini-Batches. In International Conference on
Learning Representations, 2018.

See Also

Other layers: layer_autoregressive(), layer_conv_1d_reparameterization(), layer_conv_2d_flipout(),
layer_conv_2d_reparameterization(), layer_conv_3d_flipout(), layer_conv_3d_reparameterization(),
layer_dense_flipout(), layer_dense_local_reparameterization(), layer_dense_reparameterization(),
layer_dense_variational(), layer_variable()

layer_conv_1d_reparameterization
1D convolution layer (e.g. temporal convolution).
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Description

This layer creates a convolution kernel that is convolved (actually cross-correlated) with the layer
input to produce a tensor of outputs. It may also include a bias addition and activation function on
the outputs. It assumes the kernel and/or bias are drawn from distributions.

Usage

layer_conv_1d_reparameterization(
object,
filters,
kernel_size,
strides = 1,
padding = "valid”,
data_format = "channels_last",
dilation_rate = 1,
activation = NULL,
activity_regularizer = NULL,
trainable = TRUE,
kernel_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(),
kernel_posterior_tensor_fn = function(d) d %>% tfd_sample(),
kernel_prior_fn = tfp$layers$util$default_multivariate_normal_fn,
kernel_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
bias_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(is_singular = TRUE),
bias_posterior_tensor_fn = function(d) d %>% tfd_sample(),
bias_prior_fn = NULL,
bias_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
filters Integer, the dimensionality of the output space (i.e. the number of filters in the
convolution).
kernel_size An integer or list of a single integer, specifying the length of the 1D convolution
window.
strides An integer or list of a single integer, specifying the stride length of the con-

volution. Specifying any stride value != 1 is incompatible with specifying any
dilation_rate value !=1.

padding One of "valid"” or "same" (case-insensitive).
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data_format A string, one of channels_last (default) or channels_first. The ordering
of the dimensions in the inputs. channels_last corresponds to inputs with
shape (batch, length, channels) while channels_first corresponds to inputs
with shape (batch, channels, length).

dilation_rate An integer or tuple/list of a single integer, specifying the dilation rate to use
for dilated convolution. Currently, specifying any dilation_rate value !=1is
incompatible with specifying any strides value != 1.

activation Activation function. Set it to None to maintain a linear activation.
activity_regularizer
Regularizer function for the output.

trainable Whether the layer weights will be updated during training.

kernel_posterior_fn
Function which creates tfd$Distribution instance representing the surrogate
posterior of the kernel parameter. Default value: default_mean_field_normal_fn().

kernel_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

kernel_prior_fn
Function which creates tfd$Distributioninstance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: tfd_normal(loc =
0,scale=1).
kernel_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

bias_posterior_fn
Function which creates a tfd$Distribution instance representing the surro-
gate posterior of the bias parameter. Default value: default_mean_field_normal_fn(is_singular
= TRUE) (which creates an instance of tfd_deterministic).

bias_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

bias_prior_fn Function which creates tfd instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: NULL (no prior, no
variational inference)

bias_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.
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Details

This layer implements the Bayesian variational inference analogue to a dense layer by assuming the
kernel and/or the bias are drawn from distributions.

By default, the layer implements a stochastic forward pass via sampling from the kernel and bias
posteriors,

outputs = f(inputs; kernel, bias), kernel, bias ~ posterior

where f denotes the layer’s calculation. It uses the reparameterization estimator (Kingma and
Welling, 2014), which performs a Monte Carlo approximation of the distribution integrating over
the kernel and bias.

The arguments permit separate specification of the surrogate posterior (q(W|x)), prior (p(W)), and
divergence for both the kernel and bias distributions.

Upon being built, this layer adds losses (accessible via the losses property) representing the di-
vergences of kernel and/or bias surrogate posteriors and their respective priors. When doing
minibatch stochastic optimization, make sure to scale this loss such that it is applied just once
per epoch (e.g. if k1 is the sum of losses for each element of the batch, you should pass k1l
/ num_examples_per_epoch to your optimizer). You can access the kernel and/or bias pos-
terior and prior distributions after the layer is built via the kernel_posterior, kernel_prior,
bias_posterior and bias_prior properties.

Value

a Keras layer

References

* Diederik Kingma and Max Welling. Auto-Encoding Variational Bayes. In International Con-
ference on Learning Representations, 2014.

See Also

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_2d_flipout(),
layer_conv_2d_reparameterization(), layer_conv_3d_flipout(), layer_conv_3d_reparameterization(),
layer_dense_flipout(), layer_dense_local_reparameterization(), layer_dense_reparameterization(),
layer_dense_variational(), layer_variable()

layer_conv_2d_flipout 2D convolution layer (e.g. spatial convolution over images) with
Flipout

Description

This layer creates a convolution kernel that is convolved (actually cross-correlated) with the layer
input to produce a tensor of outputs. It may also include a bias addition and activation function on
the outputs. It assumes the kernel and/or bias are drawn from distributions.


https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1312.6114

layer_conv_2d_flipout 25

Usage

layer_conv_2d_flipout(
object,
filters,
kernel_size,
strides = 1,
padding = "valid”,
data_format = "channels_last”,
dilation_rate = 1,
activation = NULL,
activity_regularizer = NULL,
trainable = TRUE,
kernel_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(),
kernel_posterior_tensor_fn = function(d) d %>% tfd_sample(),
kernel_prior_fn = tfp$layers$util$default_multivariate_normal_fn,
kernel_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
bias_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(is_singular = TRUE),
bias_posterior_tensor_fn = function(d) d %>% tfd_sample(),
bias_prior_fn = NULL,
bias_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),

Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
filters Integer, the dimensionality of the output space (i.e. the number of filters in the
convolution).
kernel_size An integer or list of a single integer, specifying the length of the 1D convolution
window.
strides An integer or list of a single integer, specifying the stride length of the con-
volution. Specifying any stride value != 1 is incompatible with specifying any
dilation_rate value !=1.
padding One of "valid" or "same" (case-insensitive).
data_format A string, one of channels_last (default) or channels_first. The ordering

of the dimensions in the inputs. channels_last corresponds to inputs with
shape (batch, length, channels) while channels_first corresponds to inputs
with shape (batch, channels, length).

dilation_rate An integer or tuple/list of a single integer, specifying the dilation rate to use
for dilated convolution. Currently, specifying any dilation_rate value !=1is
incompatible with specifying any strides value != 1.
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activation Activation function. Set it to None to maintain a linear activation.
activity_regularizer
Regularizer function for the output.

trainable Whether the layer weights will be updated during training.

kernel_posterior_fn
Function which creates tfd$Distribution instance representing the surrogate
posterior of the kernel parameter. Default value: default_mean_field_normal_fn().
kernel_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().
kernel_prior_fn
Function which creates tfd$Distribution instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: tfd_normal(loc =
0,scale=1).
kernel_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.
bias_posterior_fn
Function which creates a tfd$Distribution instance representing the surro-
gate posterior of the bias parameter. Default value: default_mean_field_normal_fn(is_singular
= TRUE) (which creates an instance of tfd_deterministic).
bias_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

bias_prior_fn Function which creates tfd instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: NULL (no prior, no
variational inference)

bias_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.

Details

This layer implements the Bayesian variational inference analogue to a dense layer by assuming the
kernel and/or the bias are drawn from distributions.

By default, the layer implements a stochastic forward pass via sampling from the kernel and bias
posteriors,

outputs = f(inputs; kernel, bias), kernel, bias ~ posterior
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where f denotes the layer’s calculation. It uses the Flipout estimator (Wen et al., 2018), which
performs a Monte Carlo approximation of the distribution integrating over the kernel and bias.
Flipout uses roughly twice as many floating point operations as the reparameterization estimator
but has the advantage of significantly lower variance.

The arguments permit separate specification of the surrogate posterior (q(W|x)), prior (p(W)), and
divergence for both the kernel and bias distributions.

Upon being built, this layer adds losses (accessible via the losses property) representing the di-
vergences of kernel and/or bias surrogate posteriors and their respective priors. When doing
minibatch stochastic optimization, make sure to scale this loss such that it is applied just once
per epoch (e.g. if kl is the sum of losses for each element of the batch, you should pass k1l
/ num_examples_per_epoch to your optimizer). You can access the kernel and/or bias pos-
terior and prior distributions after the layer is built via the kernel_posterior, kernel_prior,
bias_posterior and bias_prior properties.

Value

a Keras layer

References

* Yeming Wen, Paul Vicol, Jimmy Ba, Dustin Tran, and Roger Grosse. Flipout: Efficient
Pseudo-Independent Weight Perturbations on Mini-Batches. In International Conference on
Learning Representations, 2018.

See Also

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_1d_reparameterization(),
layer_conv_2d_reparameterization(), layer_conv_3d_flipout(), layer_conv_3d_reparameterization(),
layer_dense_flipout(), layer_dense_local_reparameterization(), layer_dense_reparameterization(),
layer_dense_variational(), layer_variable()

layer_conv_2d_reparameterization
2D convolution layer (e.g. spatial convolution over images)

Description

This layer creates a convolution kernel that is convolved (actually cross-correlated) with the layer
input to produce a tensor of outputs. It may also include a bias addition and activation function on
the outputs. It assumes the kernel and/or bias are drawn from distributions.

Usage

layer_conv_2d_reparameterization(
object,
filters,
kernel_size,
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strides = 1,

padding = "valid”,

data_format = "channels_last”,

dilation_rate = 1,

activation = NULL,

activity_regularizer = NULL,

trainable = TRUE,

kernel_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(),
kernel_posterior_tensor_fn = function(d) d %>% tfd_sample(),
kernel_prior_fn = tfp$layers$util$default_multivariate_normal_fn,
kernel_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
bias_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(is_singular = TRUE),
bias_posterior_tensor_fn = function(d) d %>% tfd_sample(),
bias_prior_fn = NULL,

bias_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
filters Integer, the dimensionality of the output space (i.e. the number of filters in the
convolution).
kernel_size An integer or list of a single integer, specifying the length of the 1D convolution
window.
strides An integer or list of a single integer, specifying the stride length of the con-
volution. Specifying any stride value != 1 is incompatible with specifying any
dilation_rate value !=1.
padding One of "valid"” or "same" (case-insensitive).
data_format A string, one of channels_last (default) or channels_first. The ordering

of the dimensions in the inputs. channels_last corresponds to inputs with
shape (batch, length, channels) while channels_first corresponds to inputs
with shape (batch, channels, length).

dilation_rate An integer or tuple/list of a single integer, specifying the dilation rate to use
for dilated convolution. Currently, specifying any dilation_rate value !=1is
incompatible with specifying any strides value != 1.

activation Activation function. Set it to None to maintain a linear activation.

activity_regularizer
Regularizer function for the output.

trainable Whether the layer weights will be updated during training.
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kernel_posterior_fn
Function which creates tfd$Distribution instance representing the surrogate
posterior of the kernel parameter. Default value: default_mean_field_normal_fn().
kernel_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().
kernel_prior_fn
Function which creates tfd$Distribution instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: tfd_normal(loc =
0,scale=1).
kernel_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.
bias_posterior_fn
Function which creates a tfd$Distribution instance representing the surro-
gate posterior of the bias parameter. Default value: default_mean_field_normal_fn(is_singular
= TRUE) (which creates an instance of tfd_deterministic).
bias_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

bias_prior_fn Function which creates tfd instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: NULL (no prior, no
variational inference)

bias_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.

Details
This layer implements the Bayesian variational inference analogue to a dense layer by assuming the
kernel and/or the bias are drawn from distributions.

By default, the layer implements a stochastic forward pass via sampling from the kernel and bias
posteriors,

outputs = f(inputs; kernel, bias), kernel, bias ~ posterior

where f denotes the layer’s calculation. It uses the reparameterization estimator (Kingma and
Welling, 2014), which performs a Monte Carlo approximation of the distribution integrating over
the kernel and bias.

The arguments permit separate specification of the surrogate posterior (q(W|x)), prior (p(W)), and
divergence for both the kernel and bias distributions.
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Upon being built, this layer adds losses (accessible via the losses property) representing the di-
vergences of kernel and/or bias surrogate posteriors and their respective priors. When doing
minibatch stochastic optimization, make sure to scale this loss such that it is applied just once
per epoch (e.g. if kl is the sum of losses for each element of the batch, you should pass k1l
/ num_examples_per_epoch to your optimizer). You can access the kernel and/or bias pos-
terior and prior distributions after the layer is built via the kernel_posterior, kernel_prior,
bias_posterior and bias_prior properties.

Value

a Keras layer

References

 Diederik Kingma and Max Welling. Auto-Encoding Variational Bayes. In International Con-
ference on Learning Representations, 2014.

See Also

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_1d_reparameterization(),
layer_conv_2d_flipout(), layer_conv_3d_flipout(), layer_conv_3d_reparameterization(),
layer_dense_flipout(), layer_dense_local_reparameterization(), layer_dense_reparameterization(),
layer_dense_variational(), layer_variable()

layer_conv_3d_flipout 3D convolution layer (e.g. spatial convolution over volumes) with
Flipout

Description

This layer creates a convolution kernel that is convolved (actually cross-correlated) with the layer
input to produce a tensor of outputs. It may also include a bias addition and activation function on
the outputs. It assumes the kernel and/or bias are drawn from distributions.

Usage

layer_conv_3d_flipout(
object,
filters,
kernel_size,
strides = 1,
padding = "valid”,
data_format = "channels_last”,
dilation_rate = 1,
activation = NULL,
activity_regularizer = NULL,
trainable = TRUE,
kernel_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(),
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kernel_posterior_tensor_fn = function(d) d %>% tfd_sample(),

kernel_prior_fn = tfp$layers$util$default_multivariate_normal_fn,
kernel_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
bias_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(is_singular = TRUE),
bias_posterior_tensor_fn = function(d) d %>% tfd_sample(),

bias_prior_fn = NULL,

bias_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
filters Integer, the dimensionality of the output space (i.e. the number of filters in the
convolution).
kernel_size An integer or list of a single integer, specifying the length of the 1D convolution
window.
strides An integer or list of a single integer, specifying the stride length of the con-
volution. Specifying any stride value != 1 is incompatible with specifying any
dilation_rate value !=1.
padding One of "valid” or "same” (case-insensitive).
data_format A string, one of channels_last (default) or channels_first. The ordering

of the dimensions in the inputs. channels_last corresponds to inputs with
shape (batch, length, channels) while channels_first corresponds to inputs
with shape (batch, channels, length).

dilation_rate An integer or tuple/list of a single integer, specifying the dilation rate to use
for dilated convolution. Currently, specifying any dilation_rate value !=1is
incompatible with specifying any strides value != 1.

activation Activation function. Set it to None to maintain a linear activation.

activity_regularizer
Regularizer function for the output.

trainable Whether the layer weights will be updated during training.

kernel_posterior_fn
Function which creates tfd$Distribution instance representing the surrogate
posterior of the kernel parameter. Default value: default_mean_field_normal_fn().
kernel_posterior_tensor_fn

Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().
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kernel_prior_fn
Function which creates tfd$Distributioninstance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: tfd_normal(loc =
0,scale=1).
kernel_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.
bias_posterior_fn
Function which creates a tfd$Distribution instance representing the surro-
gate posterior of the bias parameter. Default value: default_mean_field_normal_fn(is_singular
= TRUE) (which creates an instance of tfd_deterministic).

bias_posterior_tensor_fn

Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

bias_prior_fn Function which creates tfd instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: NULL (no prior, no
variational inference)

bias_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.

Details

This layer implements the Bayesian variational inference analogue to a dense layer by assuming the
kernel and/or the bias are drawn from distributions.

By default, the layer implements a stochastic forward pass via sampling from the kernel and bias
posteriors,

outputs = f(inputs; kernel, bias), kernel, bias ~ posterior

where f denotes the layer’s calculation. It uses the Flipout estimator (Wen et al., 2018), which
performs a Monte Carlo approximation of the distribution integrating over the kernel and bias.
Flipout uses roughly twice as many floating point operations as the reparameterization estimator
but has the advantage of significantly lower variance.

The arguments permit separate specification of the surrogate posterior (q(W|x)), prior (p(W)), and
divergence for both the kernel and bias distributions.

Upon being built, this layer adds losses (accessible via the losses property) representing the di-
vergences of kernel and/or bias surrogate posteriors and their respective priors. When doing
minibatch stochastic optimization, make sure to scale this loss such that it is applied just once
per epoch (e.g. if k1 is the sum of losses for each element of the batch, you should pass k1l
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/ num_examples_per_epoch to your optimizer). You can access the kernel and/or bias pos-
terior and prior distributions after the layer is built via the kernel_posterior, kernel_prior,
bias_posterior and bias_prior properties.

Value

a Keras layer

References

* Yeming Wen, Paul Vicol, Jimmy Ba, Dustin Tran, and Roger Grosse. Flipout: Efficient
Pseudo-Independent Weight Perturbations on Mini-Batches. In International Conference on
Learning Representations, 2018.

See Also

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_1d_reparameterization(),
layer_conv_2d_flipout(), layer_conv_2d_reparameterization(), layer_conv_3d_reparameterization(),
layer_dense_flipout(), layer_dense_local_reparameterization(), layer_dense_reparameterization(),
layer_dense_variational(), layer_variable()

layer_conv_3d_reparameterization
3D convolution layer (e.g. spatial convolution over volumes)

Description

This layer creates a convolution kernel that is convolved (actually cross-correlated) with the layer
input to produce a tensor of outputs. It may also include a bias addition and activation function on
the outputs. It assumes the kernel and/or bias are drawn from distributions.

Usage

layer_conv_3d_reparameterization(
object,
filters,
kernel_size,
strides = 1,
padding = "valid”,
data_format = "channels_last”,
dilation_rate = 1,
activation = NULL,
activity_regularizer = NULL,
trainable = TRUE,
kernel_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(),
kernel_posterior_tensor_fn = function(d) d %>% tfd_sample(),
kernel_prior_fn = tfp$layers$util$default_multivariate_normal_fn,
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kernel_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
bias_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(is_singular = TRUE),
bias_posterior_tensor_fn = function(d) d %>% tfd_sample(),

bias_prior_fn = NULL,

bias_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
filters Integer, the dimensionality of the output space (i.e. the number of filters in the
convolution).
kernel_size An integer or list of a single integer, specifying the length of the 1D convolution
window.
strides An integer or list of a single integer, specifying the stride length of the con-
volution. Specifying any stride value != 1 is incompatible with specifying any
dilation_rate value != 1.
padding One of "valid"” or "same" (case-insensitive).
data_format A string, one of channels_last (default) or channels_first. The ordering

of the dimensions in the inputs. channels_last corresponds to inputs with
shape (batch, length, channels) while channels_first corresponds to inputs
with shape (batch, channels, length).

dilation_rate An integer or tuple/list of a single integer, specifying the dilation rate to use
for dilated convolution. Currently, specifying any dilation_rate value !=1is
incompatible with specifying any strides value != 1.

activation Activation function. Set it to None to maintain a linear activation.

activity_regularizer
Regularizer function for the output.

trainable Whether the layer weights will be updated during training.
kernel_posterior_fn
Function which creates tfd$Distribution instance representing the surrogate
posterior of the kernel parameter. Default value: default_mean_field_normal_fn().
kernel_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().
kernel_prior_fn
Function which creates tfd$Distribution instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: tfd_normal(loc =
0,scale=1).
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kernel_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

bias_posterior_fn
Function which creates a tfd$Distribution instance representing the surro-
gate posterior of the bias parameter. Default value: default_mean_field_normal_fn(is_singular
= TRUE) (which creates an instance of tfd_deterministic).

bias_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

bias_prior_fn Function which creates tfd instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: NULL (no prior, no
variational inference)

bias_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.

Details

This layer implements the Bayesian variational inference analogue to a dense layer by assuming the
kernel and/or the bias are drawn from distributions.

By default, the layer implements a stochastic forward pass via sampling from the kernel and bias
posteriors,

outputs = f(inputs; kernel, bias), kernel, bias ~ posterior

where f denotes the layer’s calculation. It uses the reparameterization estimator (Kingma and
Welling, 2014), which performs a Monte Carlo approximation of the distribution integrating over
the kernel and bias.

The arguments permit separate specification of the surrogate posterior (q(W|x)), prior (p(W)), and
divergence for both the kernel and bias distributions.

Upon being built, this layer adds losses (accessible via the losses property) representing the di-
vergences of kernel and/or bias surrogate posteriors and their respective priors. When doing
minibatch stochastic optimization, make sure to scale this loss such that it is applied just once
per epoch (e.g. if k1 is the sum of losses for each element of the batch, you should pass k1l
/ num_examples_per_epoch to your optimizer). You can access the kernel and/or bias pos-
terior and prior distributions after the layer is built via the kernel_posterior, kernel_prior,
bias_posterior and bias_prior properties.

Value

a Keras layer
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References

* Diederik Kingma and Max Welling. Auto-Encoding Variational Bayes. In International Con-
ference on Learning Representations, 2014.

See Also

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_1d_reparameterization(),
layer_conv_2d_flipout(), layer_conv_2d_reparameterization(), layer_conv_3d_flipout(),
layer_dense_flipout(), layer_dense_local_reparameterization(), layer_dense_reparameterization(),
layer_dense_variational(), layer_variable()

layer_dense_flipout Densely-connected layer class with Flipout estimator.

Description

This layer implements the Bayesian variational inference analogue to a dense layer by assuming the
kernel and/or the bias are drawn from distributions.

Usage

layer_dense_flipout(
object,
units,
activation = NULL,
activity_regularizer = NULL,
trainable = TRUE,
kernel_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(),
kernel_posterior_tensor_fn = function(d) d %>% tfd_sample(),
kernel_prior_fn = tfp$layers$util$default_multivariate_normal_fn,
kernel_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
bias_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(is_singular = TRUE),
bias_posterior_tensor_fn = function(d) d %>% tfd_sample(),
bias_prior_fn = NULL,
bias_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
seed = NULL,

Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
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* a Tensor, the output tensor from layer_instance(object) is returned.
units integer dimensionality of the output space

activation Activation function. Set it to None to maintain a linear activation.
activity_regularizer
Regularizer function for the output.

trainable Whether the layer weights will be updated during training.
kernel_posterior_fn
Function which creates tfd$Distribution instance representing the surrogate
posterior of the kernel parameter. Default value: default_mean_field_normal_fn().
kernel_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().
kernel_prior_fn
Function which creates tfd$Distribution instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: tfd_normal(loc =
0,scale=1).
kernel_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.
bias_posterior_fn
Function which creates a tfd$Distribution instance representing the surro-
gate posterior of the bias parameter. Default value: default_mean_field_normal_fn(is_singular
= TRUE) (which creates an instance of tfd_deterministic).
bias_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

bias_prior_fn Function which creates tfd instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: NULL (no prior, no
variational inference)

bias_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

seed scalar integer which initializes the random number generator. Default value:
NULL (i.e., use global seed).

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.
Details

By default, the layer implements a stochastic forward pass via sampling from the kernel and bias
posteriors,
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kernel, bias ~ posterior
outputs = activation(matmul (inputs, kernel) + bias)

It uses the Flipout estimator (Wen et al., 2018), which performs a Monte Carlo approximation of
the distribution integrating over the kernel and bias. Flipout uses roughly twice as many floating
point operations as the reparameterization estimator but has the advantage of significantly lower
variance.

The arguments permit separate specification of the surrogate posterior (q(W|x)), prior (p(W)), and
divergence for both the kernel and bias distributions.

Upon being built, this layer adds losses (accessible via the losses property) representing the di-
vergences of kernel and/or bias surrogate posteriors and their respective priors. When doing
minibatch stochastic optimization, make sure to scale this loss such that it is applied just once
per epoch (e.g. if kl is the sum of losses for each element of the batch, you should pass k1 /
num_examples_per_epoch to your optimizer).

Value

a Keras layer

References

* Yeming Wen, Paul Vicol, Jimmy Ba, Dustin Tran, and Roger Grosse. Flipout: Efficient
Pseudo-Independent Weight Perturbations on Mini-Batches. In International Conference on
Learning Representations, 2018.

See Also

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_1d_reparameterization(),
layer_conv_2d_flipout(), layer_conv_2d_reparameterization(), layer_conv_3d_flipout(),
layer_conv_3d_reparameterization(), layer_dense_local_reparameterization(), layer_dense_reparameteriz.
layer_dense_variational(), layer_variable()

layer_dense_local_reparameterization
Densely-connected layer class with local reparameterization estima-
tor.

Description

This layer implements the Bayesian variational inference analogue to a dense layer by assuming the
kernel and/or the bias are drawn from distributions.
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Usage

layer_dense_local_reparameterization(
object,
units,
activation = NULL,
activity_regularizer = NULL,
trainable = TRUE,
kernel_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(),
kernel_posterior_tensor_fn = function(d) d %>% tfd_sample(),
kernel_prior_fn = tfp$layers$util$default_multivariate_normal_fn,
kernel_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
bias_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(is_singular = TRUE),
bias_posterior_tensor_fn = function(d) d %>% tfd_sample(),
bias_prior_fn = NULL,
bias_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
units integer dimensionality of the output space
activation Activation function. Set it to None to maintain a linear activation.

activity_regularizer
Regularizer function for the output.

trainable Whether the layer weights will be updated during training.
kernel_posterior_fn
Function which creates tfd$Distribution instance representing the surrogate
posterior of the kernel parameter. Default value: default_mean_field_normal_fn().
kernel_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().
kernel_prior_fn
Function which creates tfd$Distribution instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: tfd_normal(loc =
0,scale=1).
kernel_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.
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bias_posterior_fn
Function which creates a tfd$Distribution instance representing the surro-
gate posterior of the bias parameter. Default value: default_mean_field_normal_fn(is_singular
= TRUE) (which creates an instance of tfd_deterministic).

bias_posterior_tensor_fn

Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

bias_prior_fn Function which creates tfd instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: NULL (no prior, no
variational inference)

bias_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.

Details

By default, the layer implements a stochastic forward pass via sampling from the kernel and bias
posteriors,

kernel, bias ~ posterior
outputs = activation(matmul (inputs, kernel) + bias)

It uses the local reparameterization estimator (Kingma et al., 2015), which performs a Monte Carlo
approximation of the distribution on the hidden units induced by the kernel and bias. The de-
fault kernel_posterior_fn is a normal distribution which factorizes across all elements of the
weight matrix and bias vector. Unlike that paper’s multiplicative parameterization, this distribution
has trainable location and scale parameters which is known as an additive noise parameterization
(Molchanov et al., 2017).

The arguments permit separate specification of the surrogate posterior (q(W|x)), prior (p(W)), and
divergence for both the kernel and bias distributions.

Upon being built, this layer adds losses (accessible via the losses property) representing the di-
vergences of kernel and/or bias surrogate posteriors and their respective priors. When doing
minibatch stochastic optimization, make sure to scale this loss such that it is applied just once
per epoch (e.g. if k1 is the sum of losses for each element of the batch, you should pass k1l
/ num_examples_per_epoch to your optimizer). You can access the kernel and/or bias pos-
terior and prior distributions after the layer is built via the kernel_posterior, kernel_prior,
bias_posterior and bias_prior properties.

Value

a Keras layer
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References

* Diederik Kingma, Tim Salimans, and Max Welling. Variational Dropout and the Local Repa-
rameterization Trick. In Neural Information Processing Systems, 2015.

* Dmitry Molchanov, Arsenii Ashukha, Dmitry Vetrov. Variational Dropout Sparsifies Deep
Neural Networks. In International Conference on Machine Learning, 2017.

See Also

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_1d_reparameterization(),
layer_conv_2d_flipout(), layer_conv_2d_reparameterization(), layer_conv_3d_flipout(),
layer_conv_3d_reparameterization(), layer_dense_flipout(), layer_dense_reparameterization(),
layer_dense_variational(), layer_variable()

layer_dense_reparameterization
Densely-connected layer class with reparameterization estimator.

Description

This layer implements the Bayesian variational inference analogue to a dense layer by assuming the
kernel and/or the bias are drawn from distributions.

Usage

layer_dense_reparameterization(
object,
units,
activation = NULL,
activity_regularizer = NULL,
trainable = TRUE,
kernel_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(),
kernel_posterior_tensor_fn = function(d) d %>% tfd_sample(),
kernel_prior_fn = tfp$layers$util$default_multivariate_normal_fn,
kernel_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),
bias_posterior_fn = tfp$layers$util$default_mean_field_normal_fn(is_singular = TRUE),
bias_posterior_tensor_fn = function(d) d %>% tfd_sample(),
bias_prior_fn = NULL,
bias_divergence_fn = function(q, p, ignore) tfd_kl_divergence(q, p),

Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
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* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.

units integer dimensionality of the output space

activation Activation function. Set it to None to maintain a linear activation.
activity_regularizer
Regularizer function for the output.

trainable Whether the layer weights will be updated during training.
kernel_posterior_fn
Function which creates tfd$Distribution instance representing the surrogate
posterior of the kernel parameter. Default value: default_mean_field_normal_fn().
kernel_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().
kernel_prior_fn
Function which creates tfd$Distribution instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: tfd_normal(loc =
0,scale=1).
kernel_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.
bias_posterior_fn
Function which creates a tfd$Distribution instance representing the surro-
gate posterior of the bias parameter. Default value: default_mean_field_normal_fn(is_singular
= TRUE) (which creates an instance of tfd_deterministic).
bias_posterior_tensor_fn
Function which takes a tfd$Distribution instance and returns a representative
value. Default value: function(d) d %>% tfd_sample().

bias_prior_fn Function which creates tfd instance. See default_mean_field_normal_fn
docstring for required parameter signature. Default value: NULL (no prior, no
variational inference)

bias_divergence_fn
Function which takes the surrogate posterior distribution, prior distribution and
random variate sample(s) from the surrogate posterior and computes or approx-
imates the KL divergence. The distributions are tfd$Distribution-like in-
stances and the sample is a Tensor.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.
Details

By default, the layer implements a stochastic forward pass via sampling from the kernel and bias
posteriors,
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kernel, bias ~ posterior
outputs = activation(matmul (inputs, kernel) + bias)

It uses the reparameterization estimator (Kingma and Welling, 2014) which performs a Monte Carlo
approximation of the distribution integrating over the kernel and bias.

The arguments permit separate specification of the surrogate posterior (q(W|x)), prior (p(W)), and
divergence for both the kernel and bias distributions.

Upon being built, this layer adds losses (accessible via the losses property) representing the di-
vergences of kernel and/or bias surrogate posteriors and their respective priors. When doing
minibatch stochastic optimization, make sure to scale this loss such that it is applied just once
per epoch (e.g. if k1 is the sum of losses for each element of the batch, you should pass k1l
/ num_examples_per_epoch to your optimizer). You can access the kernel and/or bias pos-
terior and prior distributions after the layer is built via the kernel_posterior, kernel_prior,
bias_posterior and bias_prior properties.

Value

a Keras layer

References

* Diederik Kingma and Max Welling. Auto-Encoding Variational Bayes. In International Con-
ference on Learning Representations, 2014.

See Also

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_1d_reparameterization(),
layer_conv_2d_flipout(), layer_conv_2d_reparameterization(), layer_conv_3d_flipout(),
layer_conv_3d_reparameterization(), layer_dense_flipout(), layer_dense_local_reparameterization(),
layer_dense_variational(), layer_variable()

layer_dense_variational
Dense Variational Layer

Description

This layer uses variational inference to fit a "surrogate" posterior to the distribution over both the
kernel matrix and the bias terms which are otherwise used in a manner similar to layer_dense().
This layer fits the "weights posterior" according to the following generative process:

[K, bl ~ Prior()
M = matmul(X, K) + b
Y ~ Likelihood(M)
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Usage

layer_dense_variational(
object,
units,
make_posterior_fn,
make_prior_fn,
kl_weight = NULL,
kl_use_exact = FALSE,
activation = NULL,
use_bias = TRUE,

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
units Positive integer, dimensionality of the output space.

make_posterior_fn
function taking tf$size(kernel), tf$size(bias), dtype and returns another
callable which takes an input and produces a tfd$Distribution instance.

make_prior_fn function taking tf$size(kernel), tf$size(bias), dtype and returns another
callable which takes an input and produces a tfd$Distribution instance.

kl_weight Amount by which to scale the KL divergence loss between prior and posterior.

kl_use_exact  Logical indicating that the analytical KL divergence should be used rather than
a Monte Carlo approximation.

activation An activation function. See keras: : layer_dense. Default: NULL.

use_bias Whether or not the dense layers constructed in this layer should have a bias term.
See keras: :layer_dense. Default: TRUE.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.
Value

a Keras layer

See Also

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_1d_reparameterization(),
layer_conv_2d_flipout(), layer_conv_2d_reparameterization(), layer_conv_3d_flipout(),
layer_conv_3d_reparameterization(), layer_dense_flipout(), layer_dense_local_reparameterization(),
layer_dense_reparameterization(), layer_variable()
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layer_distribution_lambda
Keras layer enabling plumbing TFP distributions through Keras mod-
els

Description

Keras layer enabling plumbing TFP distributions through Keras models

Usage

layer_distribution_lambda(
object,
make_distribution_fn,
convert_to_tensor_fn = tfp$distributions$Distribution$sample,

Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
make_distribution_fn
A callable that takes previous layer outputs and returns a tfd$distributions$Distribution

instance.
convert_to_tensor_fn

A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.

Additional arguments passed to args of keras: :create_layer.

Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_independent_bernoulli
layer_independent_logistic(), layer_independent_normal(), layer_independent_poisson(),
layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(), layer_mixture_logistic(),
layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()
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layer_independent_bernoulli
An Independent-Bernoulli Keras layer from prod(event_shape)
params

Description

An Independent-Bernoulli Keras layer from prod(event_shape) params

Usage

layer_independent_bernoulli(
object,
event_shape,
convert_to_tensor_fn = tfp$distributions$Distribution$sample,
sample_dtype = NULL,
validate_args = FALSE,

Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
event_shape Scalar integer representing the size of single draw from this distribution.

convert_to_tensor_fn
A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.

sample_dtype dtype of samples produced by this distribution. Default value: NULL (i.e., pre-
vious layer’s dtype).

validate_args Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE. @param ...
Additional arguments passed to args of keras: :create_layer.

Additional arguments passed to args of keras: :create_layer.

Value

a Keras layer
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See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_logistic(), layer_independent_normal(), layer_independent_poisson(),
layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(), layer_mixture_logistic(),
layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()

layer_independent_logistic
An independent Logistic Keras layer.

Description

An independent Logistic Keras layer.

Usage

layer_independent_logistic(
object,
event_shape,
convert_to_tensor_fn = tfp$distributions$Distribution$sample,
validate_args = FALSE,

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
event_shape Scalar integer representing the size of single draw from this distribution.

convert_to_tensor_fn
A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.

validate_args Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE. @param ...
Additional arguments passed to args of keras: :create_layer.

Additional arguments passed to args of keras: :create_layer.
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Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_normal (), layer_independent_poisson(),
layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(), layer_mixture_logistic(),
layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()

layer_independent_normal
An independent Normal Keras layer.

Description

An independent Normal Keras layer.

Usage

layer_independent_normal(
object,
event_shape,
convert_to_tensor_fn = tfp$distributions$Distribution$sample,
validate_args = FALSE,

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
event_shape Scalar integer representing the size of single draw from this distribution.

convert_to_tensor_fn
A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.
validate_args Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE. @param ...
Additional arguments passed to args of keras: :create_layer.

Additional arguments passed to args of keras: :create_layer.
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Value

a Keras layer

See Also

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_logistic(), layer_independent_poisson(),
layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(), layer_mixture_logistic(),
layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()

Examples

library(keras)

input_shape <- c(28, 28, 1)

encoded_shape <- 2

n<-2

model <- keras_model_sequential(

list(

layer_input(shape = input_shape),
layer_flatten(),
layer_dense(units = n),
layer_dense(units = params_size_independent_normal (encoded_shape)),
layer_independent_normal (event_shape = encoded_shape)

)

layer_independent_poisson
An independent Poisson Keras layer.

Description

An independent Poisson Keras layer.

Usage

layer_independent_poisson(
object,
event_shape,
convert_to_tensor_fn = tfp$distributions$Distribution$sample,
validate_args = FALSE,
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Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.

* a Tensor, the output tensor from layer_instance(object) is returned.

event_shape Scalar integer representing the size of single draw from this distribution.

convert_to_tensor_fn
A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.

validate_args Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE. @param ...
Additional arguments passed to args of keras: :create_layer.

Additional arguments passed to args of keras: :create_layer.

Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_logistic(), layer_independent_normal(),
layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(), layer_mixture_logistic(),
layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()

layer_kl_divergence_add_loss
Pass-through layer that adds a KL divergence penalty to the model
loss

Description

Pass-through layer that adds a KL divergence penalty to the model loss
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Usage

layer_kl_divergence_add_loss(
object,
distribution_b,
use_exact_kl = FALSE,
test_points_reduce_axis = NULL,
test_points_fn = tf$convert_to_tensor,
weight = NULL,

Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
distribution_b Distribution instance corresponding to b as in KL[a,b]. The previous layer’s
output is presumed to be a Distribution instance and is a.
use_exact_k1 Logical indicating if KL divergence should be calculated exactly via tfp$distributions$kl_divergenc
or via Monte Carlo approximation. Default value: FALSE.
test_points_reduce_axis
Integer vector or scalar representing dimensions over which to reduce_mean
while calculating the Monte Carlo approximation of the KL divergence. As is
with all tf$reduce_* ops, NULL means reduce over all dimensions; () means
reduce over none of them. Default value: () (i.e., no reduction).
test_points_fn A callable taking a tfp$distributions$Distribution instance and returning
a tensor used for random test points to approximate the KL divergence. Default
value: tf$convert_to_tensor.
weight Multiplier applied to the calculated KL divergence for each Keras batch member.
Default value: NULL (i.e., do not weight each batch member).
Additional arguments passed to args of keras: :create_layer.

Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_logistic(), layer_independent_normal(),
layer_independent_poisson(), layer_kl_divergence_regularizer(), layer_mixture_logistic(),
layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()
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layer_kl_divergence_regularizer
Regularizer that adds a KL divergence penalty to the model loss

Description

When using Monte Carlo approximation (e.g., use_exact = FALSE), it is presumed that the input
distribution’s concretization (i.e., tf$convert_to_tensor(distribution)) corresponds to a ran-
dom sample. To override this behavior, set test_points_fn.

Usage

layer_kl_divergence_regularizer(
object,
distribution_b,
use_exact_kl = FALSE,
test_points_reduce_axis = NULL,
test_points_fn = tf$convert_to_tensor,
weight = NULL,

Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
distribution_b Distribution instance corresponding to b as in KL[a,b]. The previous layer’s
output is presumed to be a Distribution instance and is a.
use_exact_k1 Logical indicating if KL divergence should be calculated exactly via tfp$distributions$kl_divergenc
or via Monte Carlo approximation. Default value: FALSE.
test_points_reduce_axis
Integer vector or scalar representing dimensions over which to reduce_mean
while calculating the Monte Carlo approximation of the KL divergence. As is
with all tf$reduce_* ops, NULL means reduce over all dimensions; () means
reduce over none of them. Default value: () (i.e., no reduction).
test_points_fn A callable taking a tfp$distributions$Distribution instance and returning
a tensor used for random test points to approximate the KL divergence. Default
value: tf$convert_to_tensor.
weight Multiplier applied to the calculated KL divergence for each Keras batch member.
Default value: NULL (i.e., do not weight each batch member).

Additional arguments passed to args of keras: :create_layer.
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Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_logistic(), layer_independent_normal(),
layer_independent_poisson(), layer_kl_divergence_add_loss(), layer_mixture_logistic(),
layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()

layer_mixture_logistic
A mixture distribution Keras layer, with independent logistic compo-
nents.

Description

A mixture distribution Keras layer, with independent logistic components.

Usage

layer_mixture_logistic(
object,
num_components,
event_shape = list(),
convert_to_tensor_fn = tfp$distributions$Distribution$sample,
validate_args = FALSE,

Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.

num_components Number of component distributions in the mixture distribution.

event_shape integer vector Tensor representing the shape of single draw from this distribu-
tion.

convert_to_tensor_fn
A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.
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validate_args Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE. @param ...
Additional arguments passed to args of keras: :create_layer.

Additional arguments passed to args of keras: :create_layer.

Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_logistic(), layer_independent_normal(),
layer_independent_poisson(), layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(),
layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()

layer_mixture_normal A mixture distribution Keras layer, with independent normal compo-
nents.

Description

A mixture distribution Keras layer, with independent normal components.

Usage

layer_mixture_normal(
object,
num_components,
event_shape = list(),
convert_to_tensor_fn = tfp$distributions$Distribution$sample,
validate_args = FALSE,

Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
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num_components Number of component distributions in the mixture distribution.

event_shape integer vector Tensor representing the shape of single draw from this distribu-
tion.

convert_to_tensor_fn

A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.

validate_args Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE. @param ...
Additional arguments passed to args of keras: :create_layer.

Additional arguments passed to args of keras: :create_layer.

Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_logistic(), layer_independent_normal(),
layer_independent_poisson(), layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(),
layer_mixture_logistic(), layer_mixture_same_family(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()

layer_mixture_same_family
A mixture (same-family) Keras layer:

Description

A mixture (same-family) Keras layer.

Usage

layer_mixture_same_family(
object,
num_components,
component_layer,
convert_to_tensor_fn = tfp$distributions$Distribution$sample,
validate_args = FALSE,
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Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:

* missing or NULL, the Layer instance is returned.
* aSequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.

num_components Number of component distributions in the mixture distribution.

component_layer
Function that, given a tensor of shape batch_shape + [num_components, compo-
nent_params_size], returns a tfd.Distribution-like instance that implements
the component distribution (with batch shape batch_shape + [num_components])
—e.g., a TFP distribution layer.

convert_to_tensor_fn
A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.

validate_args Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE. @param ...
Additional arguments passed to args of keras: :create_layer.

Additional arguments passed to args of keras: :create_layer.

Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_logistic(), layer_independent_normal(),
layer_independent_poisson(), layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(),
layer_mixture_logistic(), layer_mixture_normal(), layer_multivariate_normal_tri_1(),
layer_one_hot_categorical()

layer_multivariate_normal_tri_l
A d-variate Multivariate Normal TriL Keras layer from d+d*(d+1)/ 2
params

Description

A d-variate Multivariate Normal TriL Keras layer from d+dx(d+1)/ 2 params



layer_one_hot_categorical 57

Usage

layer_multivariate_normal_tri_1¢(
object,
event_size,
convert_to_tensor_fn = tfp$distributions$Distribution$sample,
validate_args = FALSE,

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
event_size Integer vector tensor representing the shape of single draw from this distribution.

convert_to_tensor_fn

A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.

validate_args Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE.

Additional arguments passed to args of keras: :create_layer.

Value

a Keras layer

See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_logistic(), layer_independent_normal(),
layer_independent_poisson(), layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(),
layer_mixture_logistic(), layer_mixture_normal(), layer_mixture_same_family(), layer_one_hot_categoric:

layer_one_hot_categorical
A d-variate OneHotCategorical Keras layer from d params.
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Description

layer_one_hot_categorical

Typical choices for convert_to_tensor_fn include:

tfp$distributions$Distribution$sample

* tfp$distributions$Distribution$mean

e tfp$distributions$Distribution$mode

e tfp$distributions$OneHotCategorical$logits

Usage

layer_one_hot_categorical(

object,
event_size,

convert_to_tensor_fn = tfp$distributions$Distribution$sample,
sample_dtype = NULL,

validate_args

Arguments

object

event_size

= FALSE,

What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:

* missing or NULL, the Layer instance is returned.

* a Sequential model, the model with an additional layer is returned.

* a Tensor, the output tensor from layer_instance(object) is returned.

Scalar integer representing the size of single draw from this distribution.

convert_to_tensor_fn

sample_dtype

validate_args

Value

a Keras layer

A callable that takes a tfd$Distribution instance and returns a tf$Tensor-like
object. Default value: tfd$distributions$Distribution$sample.

dtype of samples produced by this distribution. Default value: NULL (i.e., pre-
vious layer’s dtype).

Logical, default FALSE. When TRUE distribution parameters are checked for
validity despite possibly degrading runtime performance. When FALSE invalid
inputs may silently render incorrect outputs. Default value: FALSE.

Additional arguments passed to args of keras: :create_layer.
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See Also

For an example how to use in a Keras model, see layer_independent_normal().

Other distribution_layers: layer_categorical_mixture_of_one_hot_categorical(), layer_distribution_lambda()
layer_independent_bernoulli(), layer_independent_logistic(), layer_independent_normal(),
layer_independent_poisson(), layer_kl_divergence_add_loss(), layer_kl_divergence_regularizer(),
layer_mixture_logistic(), layer_mixture_normal(), layer_mixture_same_family(), layer_multivariate_norm:

layer_variable Variable Layer

Description

Simply returns a (trainable) variable, regardless of input. This layer implements the mathematical
function f(x) =c where c is a constant, i.e., unchanged for all x. Like other Keras layers, the
constant is trainable. This layer can also be interpretted as the special case of layer_dense()
when the kernel is forced to be the zero matrix (tf$zeros).

Usage

layer_variable(
object,
shape,
dtype = NULL,
activation = NULL,
initializer = "zeros"”,
regularizer = NULL,
constraint = NULL,

)
Arguments
object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
shape integer or integer vector specifying the shape of the output of this layer.
dtype TensorFlow dtype of the variable created by this layer.
activation An activation function. See keras: : layer_dense. Default: NULL.
initializer Initializer for the constant vector.
regularizer Regularizer function applied to the constant vector.
constraint Constraint function applied to the constant vector.

Additional keyword arguments passed to the keras: : layer_dense constructed
by this layer.
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Value

a Keras layer

See Also

layer_variational_gaussian_process

Other layers: layer_autoregressive(), layer_conv_1d_flipout(), layer_conv_1d_reparameterization(),
layer_conv_2d_flipout(), layer_conv_2d_reparameterization(), layer_conv_3d_flipout(),
layer_conv_3d_reparameterization(), layer_dense_flipout(), layer_dense_local_reparameterization(),
layer_dense_reparameterization(), layer_dense_variational()

layer_variational_gaussian_process

A Variational Gaussian Process Layer.

Description

Create a Variational Gaussian Process distribution whose index_points are the inputs to the layer.
Parameterized by number of inducing points and a kernel_provider, which should be a tf. keras.Layer
with an @property that late-binds variable parameters to a tfp.positive_semidefinite_kernel.PositiveSemidefinite

instance (this requirement has to do with the way that variables must be created in a keras model).
The mean_fn is an optional argument which, if omitted, will be automatically configured to be a
constant function with trainable variable output.

Usage

layer_variational_gaussian_process(
object,
num_inducing_points,
kernel_provider,
event_shape = 1,
inducing_index_points_initializer = NULL,
unconstrained_observation_noise_variance_initializer = NULL,
mean_fn = NULL,
jitter = 1e-06,
name = NULL

Arguments

object What to compose the new Layer instance with. Typically a Sequential model
or a Tensor (e.g., as returned by layer_input()). The return value depends on
object. If object is:
* missing or NULL, the Layer instance is returned.
* a Sequential model, the model with an additional layer is returned.
* a Tensor, the output tensor from layer_instance(object) is returned.
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num_inducing_points
number of inducing points in the Variational Gaussian Process distribution.
kernel_provider
aLayer instance equipped with an @property, which yields a PositiveSemidefiniteKernel
instance. The latter is used to parametrize the constructed Variational Gaussian
Process distribution returned by calling the layer.

event_shape the shape of the output of the layer. This translates to a batch of underlying Vari-
ational Gaussian Process distributions. For example, event_shape = 3 means
we are modelling a batch of 3 distributions over functions. We can think oof this
as a distribution over 3-dimensional veector-valued functions.
inducing_index_points_initializer
a tf.keras.initializer.Initializer used to initialize the trainable induc-
ing_index_points variables. Training VGP’s is pretty sensitive to choice of ini-
tial inducing index point locations. A reasonable heuristic is to scatter them near
the data, not too close to each other.
unconstrained_observation_noise_variance_initializer
a tf.keras.initializer.Initializer used to initialize the unconstrained
observation noise variable. The observation noise variance is computed from
this variable via the tf.nn.softplus function.

mean_fn a callable that maps layer inputs to mean function values. Passed to the mean_fn
parameter of Variational Gaussian Process distribution. If omitted, defaults to a
constant function with trainable variable value.

jitter a small term added to the diagonal of various kernel matrices for numerical
stability.
name name to give to this layer and the scope of ops and variables it contains.
Value

a Keras layer

mcmc_dual_averaging_step_size_adaptation
Adapts the inner kernel’s step_size based on log_accept_prob.

Description

The dual averaging policy uses a noisy step size for exploration, while averaging over tuning steps to
provide a smoothed estimate of an optimal value. It is based on section 3.2 of Hoffman and Gelman
(2013), which modifies the [stochastic convex optimization scheme of Nesterov (2009). The modi-
fied algorithm applies extra weight to recent iterations while keeping the convergence guarantees of
Robbins-Monro, and takes care not to make the step size too small too quickly when maintaining a
constant trajectory length, to avoid expensive early iterations. A good target acceptance probability
depends on the inner kernel. If this kernel is HamiltonianMonteCarlo, then 0.6-0.9 is a good range
to aim for. For RandomWalkMetropolis this should be closer to 0.25. See the individual kernels’
docstrings for guidance.
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Usage

mcmc_dual _averaging_step_size_adaptation(
inner_kernel,
num_adaptation_steps,
target_accept_prob = 0.75,
exploration_shrinkage = 0.05,
step_count_smoothing = 10,
decay_rate = 0.75,
step_size_setter_fn = NULL,
step_size_getter_fn = NULL,
log_accept_prob_getter_fn = NULL,
validate_args = FALSE,
name = NULL

Arguments

inner_kernel  TransitionKernel-like object.
num_adaptation_steps
Scalar integer Tensor number of initial steps to during which to adjust the step
size. This may be greater, less than, or equal to the number of burnin steps.
target_accept_prob
A floating point Tensor representing desired acceptance probability. Must be a
positive number less than 1. This can either be a scalar, or have shape [num_chains].
Default value: @.75 (the center of asymptotically optimal rate for HMC).
exploration_shrinkage
Floating point scalar Tensor. How strongly the exploration rate is biased to-
wards the shrinkage target.
step_count_smoothing
Int32 scalar Tensor. Number of "pseudo-steps" added to the number of steps
taken to prevents noisy exploration during the early samples.

decay_rate Floating point scalar Tensor. How much to favor recent iterations over earlier
ones. A value of 1 gives equal weight to all history.

step_size_setter_fn
A function with the signature (kernel_results, new_step_size) ->new_kernel_results
where kernel_results are the results of the inner_kernel, new_step_size
is a Tensor or a nested collection of Tensors with the same structure as re-
turned by the step_size_getter_fn, and new_kernel_results are a copy of
kernel_results with the step size(s) set.

step_size_getter_fn

A callable with the signature (kernel_results) -> step_size where kernel_results

are the results of the inner_kernel, and step_size is a floating point Tensor
or a nested collection of such Tensors.

log_accept_prob_getter_fn
A callable with the signature (kernel_results) -> log_accept_prob where
kernel_results are the results of the inner_kernel, and log_accept_probis
a floating point Tensor. log_accept_prob can either be a scalar, or have shape
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[num_chains]. If it’s the latter, step_size should also have the same leading
dimension.

validate_args logical. When TRUE kernel parameters are checked for validity. When FALSE
invalid inputs may silently render incorrect outputs.

name name prefixed to Ops created by this function. Default value: NULL (i.e., ’dual_averaging_step_size_adapt.

Details

In general, adaptation prevents the chain from reaching a stationary distribution, so obtaining con-
sistent samples requires num_adaptation_steps be set to a value somewhat smaller than the num-
ber of burnin steps. However, it may sometimes be helpful to set num_adaptation_steps to a
larger value during development in order to inspect the behavior of the chain during adaptation.
The step size is assumed to broadcast with the chain state, potentially having leading dimensions
corresponding to multiple chains. When there are fewer of those leading dimensions than there
are chain dimensions, the corresponding dimensions in the log_accept_prob are averaged (in the
direct space, rather than the log space) before being used to adjust the step size. This means that
this kernel can do both cross-chain adaptation, or per-chain step size adaptation, depending on the
shape of the step size. For example, if your problem has a state with shape [S], your chain state has
shape [CO, C1, S] (meaning that there are C@ * C1 total chains) and log_accept_prob has shape
[CO, C1] (one acceptance probability per chain), then depending on the shape of the step size, the
following will happen:

* Step size has shape [], [S] or [1], the log_accept_prob will be averaged across its C@ and C1
dimensions. This means that you will learn a shared step size based on the mean acceptance
probability across all chains. This can be useful if you don’t have a lot of steps to adapt and
want to average away the noise.

* Step size has shape [C1, 1] or [C1, S], the log_accept_prob will be averaged across its C@
dimension. This means that you will learn a shared step size based on the mean acceptance
probability across chains that share the coordinate across the C1 dimension. This can be useful
when the C1 dimension indexes different distributions, while C@ indexes replicas of a single
distribution, all sampled in parallel.

* Step size has shape [CO, C1, 1] or [CO, C1, S], then no averaging will happen. This means
that each chain will learn its own step size. This can be useful when all chains are sampling
from different distributions. Even when all chains are for the same distribution, this can help
during the initial warmup period.

* Step size has shape [CO, 1, 1] or [CO, 1, S], the log_accept_prob will be averaged across its
C1 dimension. This means that you will learn a shared step size based on the mean acceptance
probability across chains that share the coordinate across the C@ dimension. This can be useful
when the C@ dimension indexes different distributions, while C1 indexes replicas of a single
distribution, all sampled in parallel.

Value

a Monte Carlo sampling kernel
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References

* Matthew D. Hoffman, Andrew Gelman. The No-U-Turn Sampler: Adaptively Setting Path
Lengths in Hamiltonian Monte Carlo. In Journal of Machine Learning Research, 15(1):1593-
1623, 2014.

* Yurii Nesterov. Primal-dual subgradient methods for convex problems. Mathematical pro-
gramming 120.1 (2009): 221-259

* https://statmodeling.stat.columbia.edu/2017/12/15/burn-vs-warm-iterative-simulation-algorithms

See Also

For an example how to use see mcmc_no_u_turn_sampler().

Other memc_kernels: mcmc_hamiltonian_monte_carlo(), mcmc_metropolis_adjusted_langevin_algorithm(),
mcmc_metropolis_hastings(), memc_no_u_turn_sampler(), mcmc_random_walk_metropolis(),
mcmc_replica_exchange_mc(), memc_simple_step_size_adaptation(),mcmc_slice_sampler(),
mcmc_transformed_transition_kernel(), memc_uncalibrated_hamiltonian_monte_carlo(),
mcmc_uncalibrated_langevin(), memc_uncalibrated_random_walk()

mcmc_effective_sample_size

Estimate a lower bound on effective sample size for each independent
chain.

Description

Roughly speaking, "effective sample size" (ESS) is the size of an iid sample with the same variance
as state.

Usage

mcmc_effective_sample_size(
states,
filter_threshold = 0,
filter_beyond_lag = NULL,
name = NULL

Arguments

states Tensor or list of Tensor objects. Dimension zero should index identically dis-
tributed states.

filter_threshold
Tensor or list of Tensor objects. Must broadcast with state. The auto-correlation
sequence is truncated after the first appearance of a term less than filter_threshold.
Setting to NULL means we use no threshold filter. Since IR_kl <= 1, setting to
any number less than -1 has the same effect.


https://jmlr.org/papers/volume15/hoffman14a/hoffman14a.pdf
https://jmlr.org/papers/volume15/hoffman14a/hoffman14a.pdf
https://jmlr.org/papers/volume15/hoffman14a/hoffman14a.pdf
https://link.springer.com/article/10.1007/s10107-007-0149-x
https://link.springer.com/article/10.1007/s10107-007-0149-x
https://statmodeling.stat.columbia.edu/2017/12/15/burn-vs-warm-iterative-simulation-algorithms/

mcmc_hamiltonian_monte_carlo 65

filter_beyond_lag
Tensor or list of Tensor objects. Must be int-like and scalar valued. The auto-
correlation sequence is truncated to this length. Setting to NULL means we do
not filter based on number of lags.

name name to prepend to created ops.

Details

More precisely, given a stationary sequence of possibly correlated random variables X_1, X_2,....X_N,
each identically distributed ESS is the number such that Variance{ N**-1 * Sum{X_i} } = ESS**-
1 * Variance{ X_1 }.

If the sequence is uncorrelated, ESS = N. In general, one should expect ESS <= N, with more highly
correlated sequences having smaller ESS.

Value
Tensor or list of Tensor objects. The effective sample size of each component of states. Shape
will be states$shape[1:].

See Also

Other mcmc_functions: mcmc_potential_scale_reduction(), mcmc_sample_annealed_importance_chain(),
mcmc_sample_chain(), memc_sample_halton_sequence()

mcmc_hamiltonian_monte_carlo
Runs one step of Hamiltonian Monte Carlo.

Description

Hamiltonian Monte Carlo (HMC) is a Markov chain Monte Carlo (MCMC) algorithm that takes
a series of gradient-informed steps to produce a Metropolis proposal. This class implements one
random HMC step from a given current_state. Mathematical details and derivations can be found
in Neal (2011).

Usage

mcmc_hamiltonian_monte_carlo(
target_log_prob_fn,
step_size,
num_leapfrog_steps,
state_gradients_are_stopped = FALSE,
step_size_update_fn = NULL,

seed = NULL,
store_parameters_in_results = FALSE,
name = NULL
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Arguments

target_log_prob_fn
Function which takes an argument like current_state (if it’s alist current_state

will be unpacked) and returns its (possibly unnormalized) log-density under the
target distribution.

step_size Tensor or list of Tensors representing the step size for the leapfrog integrator.
Must broadcast with the shape of current_state. Larger step sizes lead to
faster progress, but too-large step sizes make rejection exponentially more likely.
When possible, it’s often helpful to match per-variable step sizes to the standard
deviations of the target distribution in each variable.
num_leapfrog_steps
Integer number of steps to run the leapfrog integrator for. Total progress per
HMC step is roughly proportional to step_size * num_leapfrog_steps.
state_gradients_are_stopped
logical indicating that the proposed new state be run through tf$stop_gradient.
This is particularly useful when combining optimization over samples from the
HMC chain. Default value: FALSE (i.e., do not apply stop_gradient).
step_size_update_fn
Function taking current step_size (typically a tf$Variable) and kernel_results
(typically collections$namedtuple) and returns updated step_size (Tensors).
Default value: NULL (i.e., do not update step_size automatically).

seed integer to seed the random number generator.

store_parameters_in_results
If TRUE, then step_size and num_leapfrog_steps are written to and read
from eponymous fields in the kernel results objects returned from one_step
and bootstrap_results. This allows wrapper kernels to adjust those param-
eters on the fly. This is incompatible with step_size_update_fn, which must
be set to NULL.

name string prefixed to Ops created by this function. Default value: NULL (i.e., "hmc_kernel’).

Details

The one_step function can update multiple chains in parallel. It assumes that all leftmost dimen-
sions of current_state index independent chain states (and are therefore updated independently).
The output of target_log_prob_fn(current_state) should sum log-probabilities across all event
dimensions. Slices along the rightmost dimensions may have different target distributions; for ex-
ample, current_state[0, :] could have a different target distribution from current_state[1, :]. These
semantics are governed by target_log_prob_fn(current_state). (The number of independent
chains is tf$size(target_log_prob_fn(current_state)).)

Value

a Monte Carlo sampling kernel

References

* Radford Neal. MCMC Using Hamiltonian Dynamics. Handbook of Markov Chain Monte
Carlo, 2011.


https://arxiv.org/abs/1206.1901
https://arxiv.org/abs/1206.1901
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* Bernard Delyon, Marc Lavielle, Eric, Moulines. Convergence of a stochastic approximation
version of the EM algorithm, Ann. Statist. 27 (1999), no. 1, 94—128.

See Also

Other memc_kernels: mecmc_dual _averaging_step_size_adaptation(), mcmc_metropolis_adjusted_langevin_algor
mcmc_metropolis_hastings(), memc_no_u_turn_sampler (), mcmc_random_walk_metropolis(),
mcmc_replica_exchange_mc(), memc_simple_step_size_adaptation(),mcmc_slice_sampler(),
mcmc_transformed_transition_kernel(), memc_uncalibrated_hamiltonian_monte_carlo(),
mcmc_uncalibrated_langevin(), memc_uncalibrated_random_walk()

mcmc_metropolis_adjusted_langevin_algorithm
Runs one step of Metropolis-adjusted Langevin algorithm.

Description

Metropolis-adjusted Langevin algorithm (MALA) is a Markov chain Monte Carlo (MCMC) algo-
rithm that takes a step of a discretised Langevin diffusion as a proposal. This class implements one
step of MALA using Euler-Maruyama method for a given current_state and diagonal precondi-
tioning volatility matrix.

Usage

mcmc_metropolis_adjusted_langevin_algorithm(
target_log_prob_fn,
step_size,
volatility_fn = NULL,
seed = NULL,
parallel_iterations = 10,
name = NULL

Arguments

target_log_prob_fn
Function which takes an argument like current_state (if it’salist current_state

will be unpacked) and returns its (possibly unnormalized) log-density under the
target distribution.

step_size Tensor or 1list of Tensors representing the step size for the leapfrog integrator.
Must broadcast with the shape of current_state. Larger step sizes lead to
faster progress, but too-large step sizes make rejection exponentially more likely.
When possible, it’s often helpful to match per-variable step sizes to the standard
deviations of the target distribution in each variable.

volatility_fn function which takes an argument like current_state (or *current_state if it’s
a list) and returns volatility value at current_state. Should return a Tensor
or list of Tensors that must broadcast with the shape of current_state. De-
faults to the identity function.


https://www.jstor.org/stable/120120
https://www.jstor.org/stable/120120
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seed integer to seed the random number generator.

parallel_iterations
the number of coordinates for which the gradients of the volatility matrix volatility_fn
can be computed in parallel.

name String prefixed to Ops created by this function. Default value: NULL (i.e., 'mala_kernel’).

Details

Mathematical details and derivations can be found in Roberts and Rosenthal (1998) and Xifara et
al. (2013).

The one_step function can update multiple chains in parallel. It assumes that all leftmost dimen-
sions of current_state index independent chain states (and are therefore updated independently).
The output of target_log_prob_fn(current_state) should reduce log-probabilities across all
event dimensions. Slices along the rightmost dimensions may have different target distributions;
for example, current_state[0, :] could have a different target distribution from current_state[1, :].
These semantics are governed by target_log_prob_fn(current_state). (The number of inde-
pendent chains is tf.size(target_log_prob_fn(current_state)).)

References

* Gareth Roberts and Jeffrey Rosenthal. Optimal Scaling of Discrete Approximations to Langevin
Diffusions. Journal of the Royal Statistical Society: Series B (Statistical Methodology), 60:
255-268, 1998.

» T. Xifara et al. Langevin diffusions and the Metropolis-adjusted Langevin algorithm. arXiv
preprint arXiv:1309.2983, 2013.

See Also

Other memc_kernels: mecmc_dual_averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_hastings(), memc_no_u_turn_sampler (), mcmc_random_walk_metropolis(),
mcmc_replica_exchange_mc(), mcmc_simple_step_size_adaptation(), mcmc_slice_sampler(),
mcmc_transformed_transition_kernel(), memc_uncalibrated_hamiltonian_monte_carlo(),
mcmc_uncalibrated_langevin(), memc_uncalibrated_random_walk()

mcmc_metropolis_hastings
Runs one step of the Metropolis-Hastings algorithm.

Description
The Metropolis-Hastings algorithm is a Markov chain Monte Carlo (MCMC) technique which uses
a proposal distribution to eventually sample from a target distribution.

Usage

mcmc_metropolis_hastings(inner_kernel, seed = NULL, name = NULL)


http://probability.ca/jeff/ftpdir/lang.pdf
http://probability.ca/jeff/ftpdir/lang.pdf
http://probability.ca/jeff/ftpdir/lang.pdf
https://arxiv.org/abs/1309.2983
https://arxiv.org/abs/1309.2983
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Arguments

inner_kernel  TransitionKernel-like object which has collections$namedtuple kernel_results
and which contains a target_log_prob member and optionally a log_acceptance_correction

member.
seed integer to seed the random number generator.
name string prefixed to Ops created by this function. Default value: NULL (i.e., "mh_kernel").

Details

Note: inner_kernel$one_step must return kernel_results as a collections$namedtuple
which must:

¢ have a target_log_prob field,
* optionally have a log_acceptance_correction field, and,

* have only fields which are Tensor-valued.

The Metropolis-Hastings log acceptance-probability is computed as:

log_accept_ratio = (current_kernel_results.target_log_prob
- previous_kernel_results.target_log_prob
+ current_kernel_results.log_acceptance_correction)

If current_kernel_results$log_acceptance_correction does not exist, it is presumed @ (i.e.,
that the proposal distribution is symmetric). The most common use-case for log_acceptance_correction
is in the Metropolis-Hastings algorithm, i.e.,

accept_prob(x' | x) = p(x') / p(x) (g(xIx") 7/ g(x"[x))
where,

p represents the target distribution,

g represents the proposal (conditional) distribution,
x' is the proposed state, and,

X 1is current state

The log of the parenthetical term is the log_acceptance_correction. The log_acceptance_correction
may not necessarily correspond to the ratio of proposal distributions, e.g, log_acceptance_correction
has a different interpretation in Hamiltonian Monte Carlo.

Value

a Monte Carlo sampling kernel

See Also

Other mcmc_Kkernels: memc_dual_averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), memc_no_u_turn_sampler(), mcmc_random_walk_metropolis(
mcmc_replica_exchange_mc(), memc_simple_step_size_adaptation(),mcmc_slice_sampler(),
mcmc_transformed_transition_kernel (), memc_uncalibrated_hamiltonian_monte_carlo(),
mcmc_uncalibrated_langevin(), memc_uncalibrated_random_walk()
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mcmc_no_u_turn_sampler
Runs one step of the No U-Turn Sampler

Description

The No U-Turn Sampler (NUTS) is an adaptive variant of the Hamiltonian Monte Carlo (HMC)
method for MCMC. NUTS adapts the distance traveled in response to the curvature of the target
density. Conceptually, one proposal consists of reversibly evolving a trajectory through the sample
space, continuing until that trajectory turns back on itself (hence the name, ’No U-Turn’). This
class implements one random NUTS step from a given current_state. Mathematical details and
derivations can be found in Hoffman & Gelman (2011).

Usage

mcmc_no_u_turn_sampler(
target_log_prob_fn,
step_size,
max_tree_depth = 10,
max_energy_diff = 1000,
unrolled_leapfrog_steps = 1,

seed = NULL,
name = NULL
)
Arguments

target_log_prob_fn
function which takes an argument like current_state and returns its (possibly
unnormalized) log-density under the target distribution.

step_size Tensor or 1ist of Tensors representing the step size for the leapfrog integrator.
Must broadcast with the shape of current_state. Larger step sizes lead to
faster progress, but too-large step sizes make rejection exponentially more likely.
When possible, it’s often helpful to match per-variable step sizes to the standard
deviations of the target distribution in each variable.

max_tree_depth Maximum depth of the tree implicitly built by NUTS. The maximum number of
leapfrog steps is bounded by 2x*max_tree_depth i.e. the number of nodes in a
binary tree max_tree_depth nodes deep. The default setting of 10 takes up to
1024 leapfrog steps.

max_energy_diff
Scaler threshold of energy differences at each leapfrog, divergence samples are
defined as leapfrog steps that exceed this threshold. Default to 1000.

unrolled_leapfrog_steps
The number of leapfrogs to unroll per tree expansion step. Applies a direct
linear multipler to the maximum trajectory length implied by max_tree_depth.
Defaults to 1.
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seed integer to seed the random number generator.
name name prefixed to Ops created by this function. Default value: NULL (i.e., ‘nuts_kernel’).
Details

The one_step function can update multiple chains in parallel. It assumes that a prefix of leftmost
dimensions of current_state index independent chain states (and are therefore updated inde-
pendently). The output of target_log_prob_fn(current_state) should sum log-probabilities
across all event dimensions. Slices along the rightmost dimensions may have different target dis-
tributions; for example, current_state[@][0, ... ] could have a different target distribution from
current_state[@][1,...]. These semantics are governed by target_log_prob_fn(*current_state).
(The number of independent chains is tf$size(target_log_prob_fn(current_state)).)

Value

a Monte Carlo sampling kernel

References

* Matthew D. Hoffman, Andrew Gelman. The No-U-Turn Sampler: Adaptively Setting Path
Lengths in Hamiltonian Monte Carlo. 2011.

See Also

Other memc_kernels: mcmc_dual _averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), memc_metropolis_hastings(), memc_random_walk_metropoli.
mcmc_replica_exchange_mc(), memc_simple_step_size_adaptation(),mcmc_slice_sampler(),
mcmc_transformed_transition_kernel(), memc_uncalibrated_hamiltonian_monte_carlo(),
mcmc_uncalibrated_langevin(), memc_uncalibrated_random_walk()

Examples

predictors <- tf$cast( c(201,244, 47,287,203,58,210,202,198,158,165,201,157,
131,166,160,186,125,218,146) , tf$float32)

obs <- tf$cast(c(592,401,583,402,495,173,479,504,510,416,393,442,317,311, 400,
337,423,334,533,344) , tf$float32)

y_sigma <- tf$cast(c(61,25,38,15,21,15,27,14,30,16,14,25,52,16,34,31,42,26,
16,22), tf$float32)

# Robust linear regression model
robust_lm <- tfd_joint_distribution_sequential(

list(
tfd_normal(loc = @, scale = 1, name = "b@"),
tfd_normal(loc = @, scale = 1, name = "b1"),

tfd_half_normal(5, name = "df"),
function(df, b1, be)
tfd_independent(
tfd_student_t(
# Likelihood
df = tf$expand_dims(df, axis = -1L),


https://arxiv.org/pdf/1111.4246.pdf
https://arxiv.org/pdf/1111.4246.pdf
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loc = tf$expand_dims(b@, axis = -1L) +
tf$expand_dims(b1, axis = -1L) * predictors[tf$newaxis, 1,
scale = y_sigma,
name = "st”
), name = "ind")), validate_args = TRUE)

log_prob <-function(b@, b1, df) {robust_lm %>%
tfd_log_prob(list(b@, b1, df, obs))}
step_size@ <- Map(function(x) tf$cast(x, tf$float32), c(1, .2, .5))

number_of_steps <- 10
burnin <- 5
nchain <- 50

run_chain <- function() {

# random initialization of the starting postion of each chain
samples <- robust_lm %>% tfd_sample(nchain)

b0 <- samples[[1]]

b1 <- samples[[2]]

df <- samples[[3]]

# bijector to map constrained parameters to real
unconstraining_bijectors <- list(
tfb_identity(), tfb_identity(), tfb_exp())

trace_fn <- function(x, pkr) {
list(pkr$inner_results$inner_results$step_size,
pkr$inner_results$inner_results$log_accept_ratio)

3

nuts <- mcmc_no_u_turn_sampler(
target_log_prob_fn = log_prob,
step_size = step_size®
) %>%
mcmc_transformed_transition_kernel(bijector = unconstraining_bijectors) %>%
mcmc_dual_averaging_step_size_adaptation(
num_adaptation_steps = burnin,
step_size_setter_fn = function(pkr, new_step_size)
pkr$*_replace* (
inner_results = pkr$inner_results$‘_replace"(step_size = new_step_size)),
step_size_getter_fn = function(pkr) pkr$inner_results$step_size,
log_accept_prob_getter_fn = function(pkr) pkr$inner_results$log_accept_ratio

)

nuts %>% mcmc_sample_chain(
num_results = number_of_steps,
num_burnin_steps = burnin,
current_state = list(bo, b1, df),
trace_fn = trace_fn)

3

run_chain <- tensorflow::tf_function(run_chain)
res <- run_chain()
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mcmc_potential_scale_reduction
Gelman and Rubin (1992)’s potential scale reduction for chain con-
vergence.

Description

Given N > 1 states from each of C > 1 independent chains, the potential scale reduction factor, com-
monly referred to as R-hat, measures convergence of the chains (to the same target) by testing for
equality of means.

Usage

mcmc_potential_scale_reduction(
chains_states,
independent_chain_ndims = 1,
name = NULL

Arguments

chains_states Tensor or list of Tensors representing the state(s) of a Markov Chain at each
result step. The ith state is assumed to have shape [Ni, Cil, Ci2,...,CiD] + A.
Dimension @ indexes the Ni > 1 result steps of the Markov Chain. Dimensions
1 through D index the Cil x ... x CiD independent chains to be tested for con-
vergence to the same target. The remaining dimensions, A, can have any shape
(even empty).

independent_chain_ndims
Integer type Tensor with value >= 1 giving the number of giving the number
of dimensions, from dim = 1 to dim = D, holding independent chain results to be
tested for convergence.

name name to prepend to created tf. Default: potential_scale_reduction.

Details

Specifically, R-hat measures the degree to which variance (of the means) between chains exceeds
what one would expect if the chains were identically distributed. See Gelman and Rubin (1992),
Brooks and Gelman (1998)].

Some guidelines:
* The initial state of the chains should be drawn from a distribution overdispersed with respect
to the target.

« If all chains converge to the target, then as N --> infinity, R-hat —> 1. Before that, R-hat > 1
(except in pathological cases, e.g. if the chain paths were identical).
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* The above holds for any number of chains C > 1. Increasing C improves effectiveness of the
diagnostic.

* Sometimes, R-hat < 1.2 is used to indicate approximate convergence, but of course this is
problem dependent. See Brooks and Gelman (1998).

* R-hat only measures non-convergence of the mean. If higher moments, or other statistics are
desired, a different diagnostic should be used. See Brooks and Gelman (1998).

To see why R-hat is reasonable, let X be a random variable drawn uniformly from the combined
states (combined over all chains). Then, in the limit N, C --> infinity, with E, Var denoting expec-
tation and variance, R-hat = ( E[Var[X | chain]] + Var[E[X | chain]] ) / E[Var[X | chain]]. Using the
law of total variance, the numerator is the variance of the combined states, and the denominator is
the total variance minus the variance of the the individual chain means. If the chains are all drawing
from the same distribution, they will have the same mean, and thus the ratio should be one.

Value

Tensor or list of Tensors representing the R-hat statistic for the state(s). Same dtype as state,
and shape equal to state$shape[1 + independent_chain_ndims:].

References

» Stephen P. Brooks and Andrew Gelman. General Methods for Monitoring Convergence of
Iterative Simulations. Journal of Computational and Graphical Statistics, 7(4), 1998.

* Andrew Gelman and Donald B. Rubin. Inference from Iterative Simulation Using Multiple
Sequences. Statistical Science, 7(4):457-472, 1992.

See Also

Other memc_functions: memc_effective_sample_size(), mcmc_sample_annealed_importance_chain(),
mcmc_sample_chain(), memc_sample_halton_sequence()

mcmc_random_walk_metropolis
Runs one step of the RWM algorithm with symmetric proposal.

Description

Random Walk Metropolis is a gradient-free Markov chain Monte Carlo (MCMC) algorithm. The
algorithm involves a proposal generating step proposal_state = current_state + perturb by
a random perturbation, followed by Metropolis-Hastings accept/reject step. For more details see
Section 2.1 of Roberts and Rosenthal (2004).
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Usage

mcmc_random_walk_metropolis(
target_log_prob_fn,
new_state_fn = NULL,

seed = NULL,
name = NULL
)
Arguments

target_log_prob_fn
Function which takes an argument like current_state ((ifit’s alist current_state
will be unpacked) and returns its (possibly unnormalized) log-density under the
target distribution.

new_state_fn Function which takes a list of state parts and a seed; returns a same-type list
of Tensors, each being a perturbation of the input state parts. The perturbation
distribution is assumed to be a symmetric distribution centered at the input state
part. Default value: NULL which is mapped to tfp$mcmc$random_walk_normal_fn().

seed integer to seed the random number generator.

name String name prefixed to Ops created by this function. Default value: NULL (i.e.,
‘rwm_kernel’).

Details

The current class implements RWM for normal and uniform proposals. Alternatively, the user can

supply any custom proposal generating function. The function one_step can update multiple chains

in parallel. It assumes that all leftmost dimensions of current_state index independent chain

states (and are therefore updated independently). The output of target_log_prob_fn(current_state)

should sum log-probabilities across all event dimensions. Slices along the rightmost dimensions

may have different target distributions; for example, current_state[0, :] could have a different target
distribution from current_state[1, :]. These semantics are governed by target_log_prob_fn(current_state).
(The number of independent chains is tf$size(target_log_prob_fn(current_state)).)

Value

a Monte Carlo sampling kernel

See Also

Other mcmc_Kkernels: memc_dual_averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), memc_metropolis_hastings(), memc_no_u_turn_sampler(),
mcmc_replica_exchange_mc(), memc_simple_step_size_adaptation(),mcmc_slice_sampler(),
mcmc_transformed_transition_kernel (), memc_uncalibrated_hamiltonian_monte_carlo(),
mcmc_uncalibrated_langevin(), memc_uncalibrated_random_walk()
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mcmc_replica_exchange_mc
Runs one step of the Replica Exchange Monte Carlo

Description

Replica Exchange Monte Carlo is a Markov chain Monte Carlo (MCMC) algorithm that is also
known as Parallel Tempering. This algorithm performs multiple sampling with different tempera-
tures in parallel, and exchanges those samplings according to the Metropolis-Hastings criterion. The
K replicas are parameterized in terms of inverse_temperature’s, (beta[0], beta[1], ..., beta[K-1]).
If the target distribution has probability density p(x), the kth replica has density p(x)**beta_k.

Usage

mcmc_replica_exchange_mc(
target_log_prob_fn,
inverse_temperatures,
make_kernel_fn,
swap_proposal_fn = tfp$mcmc$replica_exchange_mc$default_swap_proposal_fn(1),
state_includes_replicas = FALSE,

seed = NULL,
name = NULL
)
Arguments

target_log_prob_fn
Function which takes an argument like current_state (ifit’salist current_state
will be unpacked) and returns its (possibly unnormalized) log-density under the
target distribution.

inverse_temperatures
1D Tensor of inverse temperatures to perform samplings with each replica. Must
have statically known shape. inverse_temperatures[@] produces the states
returned by samplers, and is typically == 1.

make_kernel_fn Function which takes target_log_prob_fn and seed args and returns a Transi-
tionKernel instance.

swap_proposal_fn
function which take a number of replicas, and return combinations of replicas
for exchange.

state_includes_replicas
Boolean indicating whether the leftmost dimension of each state sample should
index replicas. If TRUE, the leftmost dimension of the current_state kwarg to
tfp.memc. sample_chain will be interpreted as indexing replicas.

seed integer to seed the random number generator.

name string prefixed to Ops created by this function. Default value: NULL (i.e., "remc_kernel").


https://en.wikipedia.org/wiki/Parallel_tempering
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Details
Typically beta[@] = 1.9, and 1.0 > beta[1] > beta[2] > ... > 0.0.

* beta[@] == 1 ==> First replicas samples from the target density, p.

* betalk] <1, fork=1, ..., K-1 ==> Other replicas sample from "flattened" versions of p (peak
is less high, valley less low). These distributions are somewhat closer to a uniform on the
support of p. Samples from adjacent replicas i, i + 1 are used as proposals for each other in a
Metropolis step. This allows the lower beta samples, which explore less dense areas of p, to
occasionally be used to help the beta == 1 chain explore new regions of the support. Samples
from replica O are returned, and the others are discarded.

Value

list of next_state (Tensor or Python list of Tensors representing the state(s) of the Markov
chain(s) at each result step. Has same shape as and current_state.) and kernel_results
(collections$namedtuple of internal calculations used to ’advance the chain).

See Also

Other mcmc_Kkernels: memc_dual_averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), memc_metropolis_hastings(), memc_no_u_turn_sampler(),
mcmc_random_walk_metropolis(), mecmc_simple_step_size_adaptation(), mcmc_slice_sampler(),
mcmc_transformed_transition_kernel(), memc_uncalibrated_hamiltonian_monte_carlo(),
mcmc_uncalibrated_langevin(), memc_uncalibrated_random_walk()

mcmc_sample_annealed_importance_chain
Runs annealed importance sampling (AIS) to estimate normalizing
constants.

Description

This function uses an MCMC transition operator (e.g., Hamiltonian Monte Carlo) to sample from a

series of distributions that slowly interpolates between an initial "proposal” distribution: exp (proposal_log_prob_fn(x)
-proposal_log_normalizer) and the target distribution: exp(target_log_prob_fn(x) -target_log_normalizer),
accumulating importance weights along the way. The product of these importance weights gives

an unbiased estimate of the ratio of the normalizing constants of the initial distribution and the target

distribution: E[exp(ais_weights)] = exp(target_log_normalizer -proposal_log_normalizer).

Usage

mcmc_sample_annealed_importance_chain(
num_steps,
proposal_log_prob_fn,
target_log_prob_fn,
current_state,
make_kernel_fn,
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parallel_iterations = 10,
name = NULL

Arguments

num_steps Integer number of Markov chain updates to run. More iterations means more
expense, but smoother annealing between q and p, which in turn means expo-
nentially lower variance for the normalizing constant estimator.
proposal_log_prob_fn
function that returns the log density of the initial distribution.
target_log_prob_fn
function which takes an argument like current_state and returns its (possibly
unnormalized) log-density under the target distribution.

current_state Tensor or list of Tensors representing the current state(s) of the Markov
chain(s). The first r dimensions index independent chains, r = tf$rank(target_log_prob_fn(current.

make_kernel_fn function which returns a TransitionKernel-like object. Must take one argu-
ment representing the TransitionKernel’s target_log_prob_fn. The target_log_prob_fn
argument represents the TransitionKernel’s target log distribution. Note:
sample_annealed_importance_chain creates anew target_log_prob_fn which
is an interpolation between the supplied target_log_prob_fn and proposal_log_prob_fn;
it is this interpolated function which is used as an argument to make_kernel_fn.
parallel_iterations
The number of iterations allowed to run in parallel. It must be a positive integer.
See tf$while_loop for more details.

name string prefixed to Ops created by this function. Default value: NULL (i.e., "sam-
ple_annealed_importance_chain").

Details
Note: When running in graph mode, proposal_log_prob_fn and target_log_prob_fn are called
exactly three times (although this may be reduced to two times in the future).

Value

list of next_state (Tensor or Python list of Tensors representing the state(s) of the Markov
chain(s) at the final iteration. Has same shape as input current_state), ais_weights (Tensor
with the estimated weight(s). Has shape matching target_log_prob_fn(current_state)), and
kernel_results (collections.namedtuple of internal calculations used to advance the chain).

See Also

For an example how to use see mcmc_sample_chain().

Other memc_functions: mcmc_effective_sample_size(), memc_potential_scale_reduction(),
mcmc_sample_chain(), mcmc_sample_halton_sequence()
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mcmc_sample_chain Implements  Markov — chain  Monte Carlo via repeated
TransitionKernel steps.

Description

This function samples from an Markov chain at current_state and whose stationary distribution
is governed by the supplied TransitionKernel instance (kernel).

Usage

mcmc_sample_chain(
kernel = NULL,
num_results,
current_state,
previous_kernel_results = NULL,
num_burnin_steps = 0,
num_steps_between_results = 0,
trace_fn = NULL,
return_final_kernel_results = FALSE,
parallel_iterations = 10,

seed = NULL,
name = NULL
)
Arguments
kernel An instance of tfp$mcmc$TransitionKernel which implements one step of
the Markov chain.
num_results Integer number of Markov chain draws.

current_state Tensor or list of Tensors representing the current state(s) of the Markov
chain(s).

previous_kernel_results
A Tensor or a nested collection of Tensors representing internal calculations
made within the previous call to this function (or as returned by bootstrap_results).

num_burnin_steps
Integer number of chain steps to take before starting to collect results. Default
value: O (i.e., no burn-in).

num_steps_between_results
Integer number of chain steps between collecting a result. Only one out of every
num_steps_between_samples + 1 steps is included in the returned results. The
number of returned chain states is still equal to num_results. Default value: 0
(i.e., no thinning).

trace_fn A function that takes in the current chain state and the previous kernel results
and return a Tensor or a nested collection of Tensors that is then traced along
with the chain state.
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return_final_kernel_results
If TRUE, then the final kernel results are returned alongside the chain state and
the trace specified by the trace_fn.

parallel_iterations
The number of iterations allowed to run in parallel. It must be a positive integer.
See tf$while_loop for more details.

seed Optional, a seed for reproducible sampling.

name string prefixed to Ops created by this function. Default value: NULL, (i.e.,
"memc_sample_chain").

Details

This function can sample from multiple chains, in parallel. (Whether or not there are multiple
chains is dictated by the kernel.)

The current_state can be represented as a single Tensor or a 1list of Tensors which collec-
tively represent the current state. Since MCMC states are correlated, it is sometimes desirable
to produce additional intermediate states, and then discard them, ending up with a set of states
with decreased autocorrelation. See Owen (2017). Such "thinning" is made possible by set-
ting num_steps_between_results > @. The chain then takes num_steps_between_results extra
steps between the steps that make it into the results. The extra steps are never materialized (in calls
to sess$run), and thus do not increase memory requirements.

Warning: when setting a seed in the kernel, ensure that sample_chain’s parallel_iterations=1,
otherwise results will not be reproducible. In addition to returning the chain state, this function sup-
ports tracing of auxiliary variables used by the kernel. The traced values are selected by specifying
trace_fn. By default, all kernel results are traced but in the future the default will be changed to
no results being traced, so plan accordingly. See below for some examples of this feature.

Value
list of:
* checkpointable_states_and_trace: if return_final_kernel_results is TRUE. The return value

is an instance of CheckpointableStatesAndTrace.

e all_states: if return_final_kernel_results is FALSE and trace_fn is NULL. The return
value is a Tensor or Python list of Tensors representing the state(s) of the Markov chain(s) at
each result step. Has same shape as input current_state but with a prepended num_results-
size dimension.

e states_and_trace: if return_final_kernel_results is FALSE and trace_fn is not NULL.
The return value is an instance of StatesAndTrace.
References
* Art B. Owen. Statistically efficient thinning of a Markov chain sampler. Technical Report,
2017.
See Also

Other memc_functions: memc_effective_sample_size(), mcmc_potential_scale_reduction(),
mcmc_sample_annealed_importance_chain(), mcmc_sample_halton_sequence()


http://statweb.stanford.edu/~owen/reports/bestthinning.pdf
http://statweb.stanford.edu/~owen/reports/bestthinning.pdf
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Examples

dims <- 10
true_stddev <- sqrt(seq(1, 3, length.out = dims))
likelihood <- tfd_multivariate_normal_diag(scale_diag = true_stddev)

kernel <- mcmc_hamiltonian_monte_carlo(
target_log_prob_fn = likelihood$log_prob,
step_size = 0.5,
num_leapfrog_steps = 2

)

states <- kernel %>% mcmc_sample_chain(
num_results = 1000,
num_burnin_steps = 500,
current_state = rep(@, dims),
trace_fn = NULL

)

sample_mean <- tf$reduce_mean(states, axis = 0L)
sample_stddev <- tf$sqrt(
tf$reduce_mean(tf$math$squared_difference(states, sample_mean), axis = 0L))

mcmc_sample_halton_sequence
Returns a sample from the dim dimensional Halton sequence.

Description

Warning: The sequence elements take values only between 0 and 1. Care must be taken to appropri-
ately transform the domain of a function if it differs from the unit cube before evaluating integrals
using Halton samples. It is also important to remember that quasi-random numbers without ran-
domization are not a replacement for pseudo-random numbers in every context. Quasi random
numbers are completely deterministic and typically have significant negative autocorrelation unless
randomization is used.

Usage

mcmc_sample_halton_sequence(
dim,
num_results = NULL,
sequence_indices = NULL,
dtype = tf$float32,
randomized = TRUE,
seed = NULL,
name = NULL
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Arguments
dim Positive integer representing each sample’s event_size. Must not be greater
than 1000.
num_results (Optional) Positive scalar Tensor of dtype int32. The number of samples to gen-

erate. Either this parameter or sequence_indices must be specified but not both.
If this parameter is None, then the behaviour is determined by the sequence_indices.
Default value: NULL.

sequence_indices
(Optional) Tensor of dtype int32 and rank 1. The elements of the sequence
to compute specified by their position in the sequence. The entries index into
the Halton sequence starting with 0 and hence, must be whole numbers. For
example, sequence_indices=[0, 5, 6] will produce the first, sixth and seventh
elements of the sequence. If this parameter is None, then the num_results
parameter must be specified which gives the number of desired samples starting
from the first sample. Default value: NULL.

dtype (Optional) The dtype of the sample. One of: float16, float32 or float64.
Default value: tf$float32.

randomized (Optional) bool indicating whether to produce a randomized Halton sequence.
If TRUE, applies the randomization described in Owen (2017). Default value:
TRUE.

seed (Optional) integer to seed the random number generator. Only used if randomized
is TRUE. If not supplied and randomized is TRUE, no seed is set. Default value:
NULL.

name (Optional) string describing ops managed by this function. If not supplied the
name of this function is used. Default value: "sample_halton_sequence".

Details

Computes the members of the low discrepancy Halton sequence in dimension dim. The dim-
dimensional sequence takes values in the unit hypercube in dim dimensions. Currently, only di-
mensions up to 1000 are supported. The prime base for the k-th axes is the k-th prime starting from
2. For example, if dim = 3, then the bases will be [2, 3, 5] respectively and the first element of the
non-randomized sequence will be: [0.5, 0.333, 0.2]. For a more complete description of the Halton
sequences see here. For low discrepancy sequences and their applications see here.

If randomized is true, this function produces a scrambled version of the Halton sequence introduced
by Owen (2017). For the advantages of randomization of low discrepancy sequences see here.

The number of samples produced is controlled by the num_results and sequence_indices param-
eters. The user must supply either num_results or sequence_indices but not both. The former is

the number of samples to produce starting from the first element. If sequence_indices is given in-
stead, the specified elements of the sequence are generated. For example, sequence_indices=tf$range(10)
is equivalent to specifying n=10.

Value

halton_elements Elements of the Halton sequence. Tensor of supplied dtype and shape [num_results, dim]
if num_results was specified or shape [s, dim] where s is the size of sequence_indices if sequence_indices
were specified.


https://en.wikipedia.org/wiki/Halton_sequence
https://en.wikipedia.org/wiki/Low-discrepancy_sequence
https://en.wikipedia.org/wiki/Quasi-Monte_Carlo_method#Randomization_of_quasi-Monte_Carlo
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References

* Art B. Owen. A randomized Halton algorithm in R. arXiv preprint arXiv:1706.02808, 2017.

See Also

For an example how to use see mcmc_sample_chain().

Other memc_functions: memc_effective_sample_size(), mcmc_potential_scale_reduction(),
mcmc_sample_annealed_importance_chain(), mcmc_sample_chain()

mcmc_simple_step_size_adaptation
Adapts the inner kernel’s step_size based on log_accept_prob.

Description

The simple policy multiplicatively increases or decreases the step_size of the inner kernel based
on the value of log_accept_prob. It is based on equation 19 of Andrieu and Thoms (2008). Given
enough steps and small enough adaptation_rate the median of the distribution of the acceptance
probability will converge to the target_accept_prob. A good target acceptance probability de-
pends on the inner kernel. If this kernel is HamiltonianMonteCarlo, then 0.6-0.9 is a good range
to aim for. For RandomWalkMetropolis this should be closer to 0.25. See the individual kernels’
docstrings for guidance.

Usage

mcmc_simple_step_size_adaptation(
inner_kernel,
num_adaptation_steps,
target_accept_prob = 0.75,
adaptation_rate = 0.01,
step_size_setter_fn = NULL,
step_size_getter_fn = NULL,
log_accept_prob_getter_fn = NULL,
validate_args = FALSE,
name = NULL

Arguments

inner_kernel TransitionKernel-like object.
num_adaptation_steps
Scalar integer Tensor number of initial steps to during which to adjust the step
size. This may be greater, less than, or equal to the number of burnin steps.
target_accept_prob
A floating point Tensor representing desired acceptance probability. Must be a
positive number less than 1. This can either be a scalar, or have shape 1ist (num_chains).
Default value: 0. 75 (the center of asymptotically optimal rate for HMC).


https://arxiv.org/abs/1706.02808
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adaptation_rate
Tensor representing amount to scale the current step_size.
step_size_setter_fn
A function with the signature (kernel_results, new_step_size) -> new_kernel_results
where kernel_results are the results of the inner_kernel, new_step_size
is a Tensor or a nested collection of Tensors with the same structure as re-
turned by the step_size_getter_fn, and new_kernel_results are a copy of
kernel_results with the step size(s) set.
step_size_getter_fn
A function with the signature (kernel_results) -> step_size where kernel_results
are the results of the inner_kernel, and step_size is a floating point Tensor
or a nested collection of such Tensors.
log_accept_prob_getter_fn
A function with the signature (kernel_results) -> log_accept_prob where
kernel_results are the results of the inner_kernel, and log_accept_prob
is a floating point Tensor. log_accept_prob can either be a scalar, or have
shape list(num_chains). If it’s the latter, step_size should also have the
same leading dimension.

validate_args Logical. When True kernel parameters are checked for validity. When False
invalid inputs may silently render incorrect outputs.

name string prefixed to Ops created by this class. Default: "simple_step_size_adaptation".

Details

In general, adaptation prevents the chain from reaching a stationary distribution, so obtaining con-
sistent samples requires num_adaptation_steps be set to a value somewhat smaller than the num-
ber of burnin steps. However, it may sometimes be helpful to set num_adaptation_steps to a
larger value during development in order to inspect the behavior of the chain during adaptation.

The step size is assumed to broadcast with the chain state, potentially having leading dimensions
corresponding to multiple chains. When there are fewer of those leading dimensions than there
are chain dimensions, the corresponding dimensions in the log_accept_prob are averaged (in the
direct space, rather than the log space) before being used to adjust the step size. This means that
this kernel can do both cross-chain adaptation, or per-chain step size adaptation, depending on the
shape of the step size.

For example, if your problem has a state with shape [S], your chain state has shape [CO, C1, Y]
(meaning that there are CQ * C1 total chains) and log_accept_prob has shape [CO, C1] (one ac-
ceptance probability per chain), then depending on the shape of the step size, the following will
happen:

* Step size has shape [], [S] or [1], the 1log_accept_prob will be averaged across its C@ and C1
dimensions. This means that you will learn a shared step size based on the mean acceptance
probability across all chains. This can be useful if you don’t have a lot of steps to adapt and
want to average away the noise.

* Step size has shape [C1, 1] or [C1, S], the log_accept_prob will be averaged across its C@
dimension. This means that you will learn a shared step size based on the mean acceptance
probability across chains that share the coordinate across the C1 dimension. This can be useful
when the C1 dimension indexes different distributions, while C@ indexes replicas of a single
distribution, all sampled in parallel.
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* Step size has shape [CO, C1, 1] or [CO, C1, S], then no averaging will happen. This means
that each chain will learn its own step size. This can be useful when all chains are sampling
from different distributions. Even when all chains are for the same distribution, this can help
during the initial warmup period.

* Step size has shape [CO, 1, 1] or [CO, 1, S], the log_accept_prob will be averaged across its
C1 dimension. This means that you will learn a shared step size based on the mean acceptance
probability across chains that share the coordinate across the C@ dimension. This can be useful
when the C@ dimension indexes different distributions, while C1 indexes replicas of a single
distribution, all sampled in parallel.

Value

a Monte Carlo sampling kernel

References

* Andrieu, Christophe, Thoms, Johannes. A tutorial on adaptive MCMC. Statistics and Com-
puting, 2008.

e Betancourt, M. J., Byrne, S., & Girolami, M. (2014). Optimizing The Integrator Step Size for
Hamiltonian Monte Carlo.

See Also

Other memc_kernels: mecmc_dual _averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), memc_metropolis_hastings(), memc_no_u_turn_sampler(),
mcmc_random_walk_metropolis(), mcmc_replica_exchange_mc(), mcmc_slice_sampler(), mcmc_transformed_tran:
mcmc_uncalibrated_hamiltonian_monte_carlo(), mcmc_uncalibrated_langevin(), mcmc_uncalibrated_random_w.

Examples

target_log_prob_fn <- tfd_normal(loc = @, scale = 1)$log_prob
num_burnin_steps <- 500

num_results <- 500

num_chains <- 64L

step_size <- tf$fill(list(num_chains), 0.1)

kernel <- mcmc_hamiltonian_monte_carlo(
target_log_prob_fn = target_log_prob_fn,
num_leapfrog_steps = 2,
step_size = step_size
) 5%
mcmc_simple_step_size_adaptation(num_adaptation_steps = round(num_burnin_steps * 0.8))

res <- kernel %>% mcmc_sample_chain(
num_results = num_results,
num_burnin_steps = num_burnin_steps,
current_state = rep(@, num_chains),
trace_fn = function(x, pkr) {
list (


https://people.eecs.berkeley.edu/~jordan/sail/readings/andrieu-thoms.pdf
https://people.eecs.berkeley.edu/~jordan/sail/readings/andrieu-thoms.pdf
https://arxiv.org/abs/1411.6669
https://arxiv.org/abs/1411.6669
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pkr$inner_results$accepted_results$step_size,
pkr$inner_results$log_accept_ratio
)
}
)

samples <- res$all_states
step_size <- res$trace[[1]]
log_accept_ratio <- res$trace[[2]]

mcmc_slice_sampler Runs one step of the slice sampler using a hit and run approach

Description

Slice Sampling is a Markov Chain Monte Carlo (MCMC) algorithm based, as stated by Neal (2003),
on the observation that "...one can sample from a distribution by sampling uniformly from the region
under the plot of its density function. A Markov chain that converges to this uniform distribution can
be constructed by alternately uniform sampling in the vertical direction with uniform sampling from
the horizontal slice defined by the current vertical position, or more generally, with some update
that leaves the uniform distribution over this slice invariant". Mathematical details and derivations
can be found in Neal (2003). The one dimensional slice sampler is extended to n-dimensions
through use of a hit-and-run approach: choose a random direction in n-dimensional space and take
a step, as determined by the one-dimensional slice sampling algorithm, along that direction (Belisle
at al. 1993).

Usage

mcmc_slice_sampler(
target_log_prob_fn,
step_size,
max_doublings,
seed = NULL,
name = NULL

Arguments

target_log_prob_fn
Function which takes an argument like current_state (if it’salist current_state
will be unpacked) and returns its (possibly unnormalized) log-density under the
target distribution.

step_size Tensor or list of Tensors representing the step size for the leapfrog integrator.
Must broadcast with the shape of current_state. Larger step sizes lead to
faster progress, but too-large step sizes make rejection exponentially more likely.
When possible, it’s often helpful to match per-variable step sizes to the standard
deviations of the target distribution in each variable.
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max_doublings Scalar positive int32 tf$Tensor. The maximum number of doublings to con-

sider.
seed integer to seed the random number generator.
name string prefixed to Ops created by this function. Default value: NULL (i.e., ’slice_sampler_kernel’).

Details

The one_step function can update multiple chains in parallel. It assumes that all leftmost dimen-
sions of current_state index independent chain states (and are therefore updated independently).
The output of target_log_prob_fn(*current_state) should sum log-probabilities across all event di-
mensions. Slices along the rightmost dimensions may have different target distributions; for ex-
ample, current_state[0, :] could have a different target distribution from current_state[1, :]. These
semantics are governed by target_log_prob_fn(*current_state). (The number of independent chains
is tf$size(target_log_prob_fn(*current_state)).)

Note that the sampler only supports states where all components have a common dtype.

Value

list of next_state (Tensor or Python list of Tensors representing the state(s) of the Markov
chain(s) at each result step. Has same shape as and current_state.) and kernel_results
(collections$namedtuple of internal calculations used to ’advance the chain).

References

* Radford M. Neal. Slice Sampling. The Annals of Statistics. 2003, Vol 31, No. 3, 705-767.

e C.J.P. Belisle, H.E. Romeijn, R.L. Smith. Hit-and-run algorithms for generating multivariate
distributions. Math. Oper. Res., 18(1993), 225-266.

See Also

Other memc_kernels: mecmc_dual _averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), mcmc_metropolis_hastings(), memc_no_u_turn_sampler(),
mcmc_random_walk_metropolis(), mcmc_replica_exchange_mc(), mcmc_simple_step_size_adaptation(),
mcmc_transformed_transition_kernel(), memc_uncalibrated_hamiltonian_monte_carlo(),
mcmc_uncalibrated_langevin(), memc_uncalibrated_random_walk()

mcmc_transformed_transition_kernel
Applies a bijector to the MCMC'’s state space

Description

The transformed transition kernel enables fitting a bijector which serves to decorrelate the Markov
chain Monte Carlo (MCMC) event dimensions thus making the chain mix faster. This is particularly
useful when the geometry of the target distribution is unfavorable. In such cases it may take many
evaluations of the target_log_prob_fn for the chain to mix between faraway states.


https://projecteuclid.org/download/pdf_1/euclid.aos/1056562461
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Usage

mcmc_transformed_transition_kernel(inner_kernel, bijector, name = NULL)

Arguments

inner_kernel TransitionKernel-like object which has a target_log_prob_fn argument.

bijector bijector or list of bijectors. These bijectors use forward to map the inner_kernel
state space to the state expected by inner_kernel$target_log_prob_fn.

name string prefixed to Ops created by this function. Default value: NULL (i.e., "trans-
formed_kernel").

Details

The idea of training an affine function to decorrelate chain event dims was presented in Parno
and Marzouk (2014). Used in conjunction with the Hamiltonian Monte Carlo transition kernel,
the Parno and Marzouk (2014) idea is an instance of Riemannian manifold HMC (Girolami and
Calderhead, 2011).

The transformed transition kernel enables arbitrary bijective transformations of arbitrary transition
kernels, e.g., one could use bijectors tfb_affine, tfb_real_nvp, etc. with transition kernels
mcmc_hamiltonian_monte_carlo, mcmc_random_walk_metropolis, etc.

Value

a Monte Carlo sampling kernel

References

* Matthew Parno and Youssef Marzouk. Transport map accelerated Markov chain Monte Carlo.
arXiv preprint arXiv:1412.5492, 2014.

* Mark Girolami and Ben Calderhead. Riemann manifold langevin and hamiltonian monte carlo
methods. In Journal of the Royal Statistical Society, 2011.

See Also

Other mcmc_Kkernels: memc_dual_averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), memc_metropolis_hastings(), memc_no_u_turn_sampler(),
mcmc_random_walk_metropolis(), mcmc_replica_exchange_mc(), mcmc_simple_step_size_adaptation(),
mcmc_slice_sampler (), mcmc_uncalibrated_hamiltonian_monte_carlo(), mcmc_uncalibrated_langevin(),
mcmc_uncalibrated_random_walk ()


https://arxiv.org/abs/1412.5492
https://arxiv.org/abs/1412.5492
http://people.ee.duke.edu/~lcarin/Girolami2011.pdf
http://people.ee.duke.edu/~lcarin/Girolami2011.pdf
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mcmc_uncalibrated_hamiltonian_monte_carlo
Runs one step of Uncalibrated Hamiltonian Monte Carlo

Description

Warning: this kernel will not result in a chain which converges to the target_log_prob. To get a
convergent MCMC, use mcmc_hamiltonian_monte_carlo(...) ormcmc_metropolis_hastings(mcmc_uncalibrated_h:
For more details on UncalibratedHamiltonianMonteCarlo, see HamiltonianMonteCarlo.

Usage

mcmc_uncalibrated_hamiltonian_monte_carlo(
target_log_prob_fn,
step_size,
num_leapfrog_steps,
state_gradients_are_stopped = FALSE,

seed = NULL,
store_parameters_in_results = FALSE,
name = NULL
)
Arguments

target_log_prob_fn
Function which takes an argument like current_state (ifit’salist current_state
will be unpacked) and returns its (possibly unnormalized) log-density under the
target distribution.

step_size Tensor or list of Tensors representing the step size for the leapfrog integrator.
Must broadcast with the shape of current_state. Larger step sizes lead to
faster progress, but too-large step sizes make rejection exponentially more likely.
When possible, it’s often helpful to match per-variable step sizes to the standard
deviations of the target distribution in each variable.

num_leapfrog_steps
Integer number of steps to run the leapfrog integrator for. Total progress per
HMC step is roughly proportional to step_size * num_leapfrog_steps.

state_gradients_are_stopped
logical indicating that the proposed new state be run through tf$stop_gradient.
This is particularly useful when combining optimization over samples from the
HMC chain. Default value: FALSE (i.e., do not apply stop_gradient).

seed integer to seed the random number generator.

store_parameters_in_results
If TRUE, then step_size and num_leapfrog_steps are written to and read
from eponymous fields in the kernel results objects returned from one_step
and bootstrap_results. This allows wrapper kernels to adjust those param-
eters on the fly. This is incompatible with step_size_update_fn, which must
be set to NULL.
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name string prefixed to Ops created by this function. Default value: NULL (i.e., "hmc_kernel’).

Value

a Monte Carlo sampling kernel

See Also

Other memc_kernels: mcmc_dual _averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), memc_metropolis_hastings(), memc_no_u_turn_sampler(),
mcmc_random_walk_metropolis(), mcmc_replica_exchange_mc(),mcmc_simple_step_size_adaptation(),
mcmc_slice_sampler (), mcmc_transformed_transition_kernel(), mcmc_uncalibrated_langevin(),
mcmc_uncalibrated_random_walk ()

mcmc_uncalibrated_langevin
Runs one step of Uncalibrated Langevin discretized diffusion.

Description

The class generates a Langevin proposal using _euler_method function and also computes helper
UncalibratedlLangevinKernelResults for the next iteration. Warning: this kernel will not result

in a chain which converges to the target_log_prob. To get a convergent MCMC, use MetropolisAdjustedLangevinAlgor
or MetropolisHastings(UncalibratedLangevin(...)).

Usage

mcmc_uncalibrated_langevin(
target_log_prob_fn,
step_size,
volatility_fn = NULL,
parallel_iterations = 10,
compute_acceptance = TRUE,

seed = NULL,
name = NULL
)
Arguments

target_log_prob_fn
Function which takes an argument like current_state (ifit’salist current_state

will be unpacked) and returns its (possibly unnormalized) log-density under the
target distribution.

step_size Tensor or list of Tensors representing the step size for the leapfrog integrator.
Must broadcast with the shape of current_state. Larger step sizes lead to
faster progress, but too-large step sizes make rejection exponentially more likely.
When possible, it’s often helpful to match per-variable step sizes to the standard
deviations of the target distribution in each variable.
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volatility_fn function which takes an argument like current_state (or *current_state if it’s
a list) and returns volatility value at current_state. Should return a Tensor
or list of Tensors that must broadcast with the shape of current_state. De-
faults to the identity function.
parallel_iterations
the number of coordinates for which the gradients of the volatility matrix volatility_fn
can be computed in parallel.
compute_acceptance
logical indicating whether to compute the Metropolis log-acceptance ratio used
to construct MetropolisAdjustedLangevinAlgorithm kernel.

seed integer to seed the random number generator.
name String prefixed to Ops created by this function. Default value: NULL (i.e., 'mala_kernel’).
Value

list of next_state (Tensor or Python list of Tensors representing the state(s) of the Markov
chain(s) at each result step. Has same shape as and current_state.) and kernel_results
(collections$namedtuple of internal calculations used to ’advance the chain).

See Also

Other memc_kernels: mecmc_dual_averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), memc_metropolis_hastings(), memc_no_u_turn_sampler(),
mcmc_random_walk_metropolis(), mcmc_replica_exchange_mc(), mcmc_simple_step_size_adaptation(),
mcmc_slice_sampler (), mcmc_transformed_transition_kernel(), mcmc_uncalibrated_hamiltonian_monte_carlo
mcmc_uncalibrated_random_walk()

mcmc_uncalibrated_random_walk
Generate proposal for the Random Walk Metropolis algorithm.

Description

Warning: this kernel will not result in a chain which converges to the target_log_prob. To get a
convergent MCMC, use mcmc_random_walk_metropolis(...) ormcmc_metropolis_hastings(mcmc_uncalibrated_rar

Usage

mcmc_uncalibrated_random_walk(
target_log_prob_fn,
new_state_fn = NULL,
seed = NULL,
name = NULL
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Arguments

target_log_prob_fn
Function which takes an argument like current_state ((if it’salist current_state
will be unpacked) and returns its (possibly unnormalized) log-density under the
target distribution.

new_state_fn  Function which takes a list of state parts and a seed; returns a same-type list
of Tensors, each being a perturbation of the input state parts. The perturbation
distribution is assumed to be a symmetric distribution centered at the input state
part. Default value: NULL which is mapped to tfp$mcmc$random_walk_normal_fn().

seed integer to seed the random number generator.

name String name prefixed to Ops created by this function. Default value: NULL (i.e.,
‘rwm_kernel’).

Value

a Monte Carlo sampling kernel

See Also

Other mcmc_kernels: memc_dual_averaging_step_size_adaptation(), mcmc_hamiltonian_monte_carlo(),
mcmc_metropolis_adjusted_langevin_algorithm(), mcmc_metropolis_hastings(), memc_no_u_turn_sampler(),
mcmc_random_walk_metropolis(), mcmc_replica_exchange_mc(), mcmc_simple_step_size_adaptation(),
mcmc_slice_sampler (), mcmc_transformed_transition_kernel(), memc_uncalibrated_hamiltonian_monte_carlo
mcmc_uncalibrated_langevin()

params_size_categorical_mixture_of_one_hot_categorical

number of params needed to create a CategoricalMixtureOfOneHot-
Categorical distribution

Description

number of params needed to create a CategoricalMixtureOfOneHotCategorical distribution

Usage

params_size_categorical_mixture_of_one_hot_categorical(
event_size,
num_components

)

Arguments

event_size event size of this distribution

num_components number of components in the mixture
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Value

a scalar

params_size_independent_bernoulli
number of params needed to create an IndependentBernoulli distribu-
tion

Description

number of params needed to create an IndependentBernoulli distribution

Usage

params_size_independent_bernoulli(event_size)

Arguments

event_size event size of this distribution

Value

a scalar

params_size_independent_logistic
number of params needed to create an IndependentLogistic distribu-
tion

Description

number of params needed to create an IndependentLogistic distribution

Usage

params_size_independent_logistic(event_size)

Arguments

event_size event size of this distribution

Value

a scalar
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params_size_independent_normal
number of params needed to create an IndependentNormal distribu-
tion

Description

number of params needed to create an IndependentNormal distribution

Usage

params_size_independent_normal (event_size)

Arguments

event_size event size of this distribution

Value

a scalar

params_size_independent_poisson
number of params needed to create an IndependentPoisson distribu-
tion

Description

number of params needed to create an IndependentPoisson distribution

Usage

params_size_independent_poisson(event_size)

Arguments

event_size event size of this distribution

Value

a scalar
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params_size_mixture_logistic
number of params needed to create a MixtureLogistic distribution

Description

number of params needed to create a MixtureLogistic distribution

Usage

params_size_mixture_logistic(num_components, event_shape)

Arguments

num_components Number of component distributions in the mixture distribution.

event_shape Number of parameters needed to create a single component distribution.

Value

a scalar

params_size_mixture_normal
number of params needed to create a MixtureNormal distribution

Description

number of params needed to create a MixtureNormal distribution

Usage

params_size_mixture_normal (num_components, event_shape)

Arguments

num_components Number of component distributions in the mixture distribution.

event_shape Number of parameters needed to create a single component distribution.

Value

a scalar
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params_size_mixture_same_family
number of params needed to create a MixtureSameFamily distribution

Description

number of params needed to create a MixtureSameFamily distribution

Usage

params_size_mixture_same_family(num_components, component_params_size)

Arguments

num_components Number of component distributions in the mixture distribution.
component_params_size
Number of parameters needed to create a single component distribution.

Value

a scalar

params_size_multivariate_normal_tri_1l
number of params needed to create a MultivariateNormalTriL distri-
bution

Description

number of params needed to create a MultivariateNormalTriLL distribution

Usage

params_size_multivariate_normal_tri_l(event_size)

Arguments

event_size event size of this distribution

Value

a scalar
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params_size_one_hot_categorical
number of params needed to create a OneHotCategorical distribution

Description

number of params needed to create a OneHotCategorical distribution

Usage

params_size_one_hot_categorical (event_size)

Arguments

event_size event size of this distribution

Value

a scalar

sts_additive_state_space_model

A state space model representing a sum of component state space mod-

els.

Description

A state space model (SSM) posits a set of latent (unobserved) variables that evolve over time with
dynamics specified by a probabilistic transition model p(z[t+1] | z[t]). At each timestep, we
observe a value sampled from an observation model conditioned on the current state, p(x[t] |
z[t]). The special case where both the transition and observation models are Gaussians with mean
specified as a linear function of the inputs, is known as a linear Gaussian state space model and sup-
ports tractable exact probabilistic calculations; see tfd_linear_gaussian_state_space_model

for details.

Usage

sts_additive_state_space_model(

component_ssms,
constant_offset = 0,
observation_noise_scale =

initial_state_prior = NULL,

initial_step = 0,
validate_args = FALSE,
allow_nan_stats = TRUE,
name = NULL
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Arguments

component_ssms list containing one or more tfd_linear_gaussian_state_space_model in-
stances. The components will in general implement different time-series mod-
els, with possibly different latent_size, but they must have the same dtype,
event shape (num_timesteps and observation_size), and their batch shapes
must broadcast to a compatible batch shape.#’

constant_offset
scalar float tensor, or batch of scalars, specifying a constant value added to
the sum of outputs from the component models. This allows the components to
model the shifted series observed_time_series -constant_offset. Default
value: 0.#°

observation_noise_scale
Optional scalar float tensor indicating the standard deviation of the observa-
tion noise. May contain additional batch dimensions, which must broadcast with
the batch shape of elements in component_ssms. If observation_noise_scale
is specified for the sts_additive_state_space_model, the observation noise
scales of component models are ignored. If NULL, the observation noise scale is
derived by summing the noise variances of the component models, i.e., observa-
tion_noise_scale = sqrt(sum([ssm.observation_noise_scale**2 for ssm in com-
ponent_ssms])).

initial_state_prior
instance of tfd_multivariate_normal representing the prior distribution on
latent states. Must have event shape [1] (as tfd_linear_gaussian_state_space_model
requires a rank-1 event shape).

initial_step  Optional scalar integer tensor specifying the starting timestep. Default value:
0.

validate_args logical. Whether to validate input with asserts. If validate_args is FALSE,
and the inputs are invalid, correct behavior is not guaranteed. Default value:
FALSE.

allow_nan_stats
logical. If FALSE, raise an exception if a statistic (e.g. mean/mode/etc...) is
undefined for any batch member. If TRUE, batch members with valid parameters
leading to undefined statistics will return NaN for this statistic. Default value:
TRUE.

name string prefixed to ops created by this class. Default value: "AdditiveStateSpace-
Model".

Details

The sts_additive_state_space_model represents a sum of component state space models. Each
of the N components describes a random process generating a distribution on observed time series
x1[t], x2[t], ..., xN[t]. The additive model represents the sum of these processes, y[t] =x1[t] +
x2[t1+ ... +xN[t] +eps[t], where eps[t] ~N(0,observation_noise_scale) is an observa-
tion noise term.

Mathematical Details
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The additive model concatenates the latent states of its component models. The generative process
runs each component’s dynamics in its own subspace of latent space, and then observes the sum of
the observation models from the components.

Formally, the transition model is linear Gaussian:
p(z[t+1] | z[t]) ~ Normal(loc = transition_matrix.matmul(z[t]), cov = transition_cov)

where each z[t] is a latent state vector concatenating the component state vectors, z[t] = [z1[t], z2[t], ..., ZN[t]],
so it has size latent_size = sum([c.latent_size for ¢ in components]).

The transition matrix is the block-diagonal composition of transition matrices from the component
processes:

transition_matrix =

[[ co.transition_matrix, 0., ..., 0. 1,
[ o., cl.transition_matrix, ..., 0. 1,
[ 1,
[ 0., 0., ..., cN.transition_matrix J]]

and the noise covariance is similarly the block-diagonal composition of component noise covari-
ances:

transition_cov =

[[ co.transition_cov, 0., ..., 0. 1,
[ 0., cl.transition_cov, ..., 0. 1,
[ . 1,
[ 0., 0., ..., cN.transition_cov 1]

The observation model is also linear Gaussian,
p(y[t] | z[t]) ~ Normal(loc = observation_matrix.matmul(z[t]), stddev = observation_noise_scale)

This implementation assumes scalar observations, so observation_matrix has shape [1, latent_size].
The additive observation matrix simply concatenates the observation matrices from each compo-
nent:

observation_matrix = concat([c@.obs_matrix, c1.obs_matrix, ..., cN.obs_matrix], axis=-1)

The effect is that each component observation matrix acts on the dimensions of latent state cor-
responding to that component, and the overall expected observation is the sum of the expected
observations from each component.

If observation_noise_scale is not explicitly specified, it is also computed by summing the noise
variances of the component processes:

observation_noise_scale = sqrt(sum([c.observation_noise_scalex*2 for c in components]))

Value

an instance of LinearGaussianStateSpaceModel.
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See Also

Other sts: sts_autoregressive_state_space_model(), sts_autoregressive(), sts_constrained_seasonal_state_
sts_dynamic_linear_regression_state_space_model(), sts_dynamic_linear_regression(),
sts_linear_regression(), sts_local_level_state_space_model(), sts_local_level(), sts_local_linear_tren
sts_local_linear_trend(), sts_seasonal_state_space_model(), sts_seasonal(), sts_semi_local_linear_tren
sts_semi_local_linear_trend(), sts_smooth_seasonal_state_space_model(), sts_smooth_seasonal(),
sts_sparse_linear_regression(), sts_sum()

sts_autoregressive Formal representation of an autoregressive model.

Description

An autoregressive (AR) model posits a latent level whose value at each step is a noisy linear
combination of previous steps:

level[t+1] = (sum(coefficients * levels[t:t-order:-1]) + Normal(@., level_scale))

Usage

sts_autoregressive(
observed_time_series = NULL,
order,
coefficients_prior = NULL,
level_scale_prior = NULL,
initial_state_prior = NULL,
coefficient_constraining_bijector = NULL,
name = NULL

Arguments

observed_time_series
optional float tensor of shape batch_shape + [T, 1] (omitting the trailing unit
dimension is also supported when T > 1), specifying an observed time series.
Any priors not explicitly set will be given default values according to the scale
of the observed time series (or batch of time series). May optionally be an in-
stance of sts_masked_time_series, which includes a mask tensor to specify
timesteps with missing observations. Default value: NULL.

order scalar positive integer specifying the number of past timesteps to regress on.

coefficients_prior

optional Distribution instance specifying a prior on the coefficients pa-
rameter. If NULL, a default standard normal (tfd_multivariate_normal_diag(scale_diag
= tf$ones(list(order)))) prior is used. Default value: NULL.
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level_scale_prior
optional Distribution instance specifying a prior on the level_scale param-
eter. If NULL, a heuristic default prior is constructed based on the provided
observed_time_series. Default value: NULL.

initial_state_prior
optional Distribution instance specifying a prior on the initial state, corre-
sponding to the values of the process at a set of size order of imagined timesteps
before the initial step. If NULL, a heuristic default prior is constructed based on
the provided observed_time_series. Default value: NULL.

coefficient_constraining_bijector
optional Bijector instance representing a constraining mapping for the au-
toregressive coefficients. For example, tfb_tanh() constrains the coefficients
to lie in (-1, 1), while tfb_softplus() constrains them to be positive, and
tfb_identity() implies no constraint. If NULL, the default behavior constrains
the coefficients to lie in (-1, 1) using a tanh bijector. Default value: NULL.

name the name of this model component. Default value: ’Autoregressive’.

Details

The latent state is levels[t:t-order:-1]. We observe a noisy realization of the current level:
f[t] =1level[t] + Normal(@.,observation_noise_scale) at each timestep.

If coefficients=[1.], the AR process is a simple random walk, equivalent to a LocalLevel model.
However, a random walk’s variance increases with time, while many AR processes (in particular,
any first-order process with abs(coefficient) < 1) are stationary, i.e., they maintain a constant
variance over time. This makes AR processes useful models of uncertainty.

Value

an instance of StructuralTimeSeries.

See Also

For usage examples see sts_fit_with_hmc(), sts_forecast(), sts_decompose_by_component().

Other sts: sts_additive_state_space_model(), sts_autoregressive_state_space_model(),
sts_constrained_seasonal_state_space_model(), sts_dynamic_linear_regression_state_space_model(),
sts_dynamic_linear_regression(), sts_linear_regression(), sts_local_level_state_space_model(),
sts_local_level(), sts_local_linear_trend_state_space_model(), sts_local_linear_trend(),
sts_seasonal_state_space_model (), sts_seasonal(), sts_semi_local_linear_trend_state_space_model(),
sts_semi_local_linear_trend(), sts_smooth_seasonal_state_space_model (), sts_smooth_seasonal (),
sts_sparse_linear_regression(), sts_sum()
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sts_autoregressive_state_space_model
State space model for an autoregressive process.

Description

A state space model (SSM) posits a set of latent (unobserved) variables that evolve over time with
dynamics specified by a probabilistic transition model p(z[t+1] | z[t]). At each timestep, we
observe a value sampled from an observation model conditioned on the current state, p(x[t] |
z[t]). The special case where both the transition and observation models are Gaussians with mean
specified as a linear function of the inputs, is known as a linear Gaussian state space model and sup-
ports tractable exact probabilistic calculations; see tfd_linear_gaussian_state_space_model
for details.

Usage

sts_autoregressive_state_space_model (
num_timesteps,
coefficients,
level_scale,
initial_state_prior,
observation_noise_scale = 0,
initial_step = 0,
validate_args = FALSE,
name = NULL

Arguments

num_timesteps Scalar integer tensor number of timesteps to model with this distribution.

coefficients float tensor of shape tf$concat(batch_shape,list(order)) defining the
autoregressive coefficients. The coefficients are defined backwards in time:
coefficients[@] x level[t] + coefficients[1] * level[t-1]+ ... + coefficients[order-1]
* level[t-order+1].
level_scale Scalar (any additional dimensions are treated as batch dimensions) float tensor
indicating the standard deviation of the transition noise at each step.
initial_state_prior
instance of tfd_multivariate_normal representing the prior distribution on
latent states. Must have event shape list(order).
observation_noise_scale
Scalar (any additional dimensions are treated as batch dimensions) float tensor
indicating the standard deviation of the observation noise. Default value: 0.
initial_step  Optional scalar int tensor specifying the starting timestep. Default value: 0.
validate_args logical. Whether to validate input with asserts. If validate_args is FALSE,
and the inputs are invalid, correct behavior is not guaranteed. Default value:
FALSE.
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name name prefixed to ops created by this class. Default value: "AutoregressiveS-
tateSpaceModel".

Details

In an autoregressive process, the expected level at each timestep is a linear function of previous
levels, with added Gaussian noise:

level[t+1] = (sum(coefficients * levels[t:t-order:-1]) + Normal(@., level_scale))

The process is characterized by a vector coefficients whose size determines the order of the
process (how many previous values it looks at), and by level_scale, the standard deviation of the
noise added at each step. This is formulated as a state space model by letting the latent state encode
the most recent values; see ’"Mathematical Details’ below.

The parameters level_scale and observation_noise_scale are each (a batch of) scalars, and
coefficients is a (batch) vector of size 1ist(order). The batch shape of this Distribution is
the broadcast batch shape of these parameters and of the initial_state_prior.

Mathematical Details

The autoregressive model implements a tfd_linear_gaussian_state_space_model with latent_size
= order and observation_size = 1. The latent state vector encodes the recent history of the pro-

cess, with the current value in the topmost dimension. At each timestep, the transition sums the
previous values to produce the new expected value, shifts all other values down by a dimension,

and adds noise to the current value. This is formally encoded by the transition model:

transition_matrix = [ coefs[@], coefs[1], ..., coefs[order]

1., 0, ..., 0.

0., 1., ..., 0.

0., 9., , 1., 0 ]
transition_noise ~ N(loc=0., scale=diag([level_scale, 0., @., ..., 0.1))

The observation model simply extracts the current (topmost) value, and optionally adds independent
noise at each step:

observation_matrix = [[1., 0., ..., 0.]]
observation_noise ~ N(loc=0, scale=observation_noise_scale)

Models with observation_noise_scale = @ are AR processes in the formal sense. Setting observation_noise_scale
to a nonzero value corresponds to a latent AR process observed under an iid noise model.

Value

an instance of LinearGaussianStateSpaceModel.
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See Also

Other sts: sts_additive_state_space_model (), sts_autoregressive(), sts_constrained_seasonal_state_space_
sts_dynamic_linear_regression_state_space_model(), sts_dynamic_linear_regression(),
sts_linear_regression(), sts_local_level_state_space_model(), sts_local_level(), sts_local_linear_tren
sts_local_linear_trend(), sts_seasonal_state_space_model(), sts_seasonal(), sts_semi_local_linear_tren
sts_semi_local_linear_trend(), sts_smooth_seasonal_state_space_model(), sts_smooth_seasonal(),
sts_sparse_linear_regression(), sts_sum()

sts_build_factored_surrogate_posterior
Build a variational posterior that factors over model parameters.

Description

The surrogate posterior consists of independent Normal distributions for each parameter with train-
able loc and scale, transformed using the parameter’s bijector to the appropriate support space
for that parameter.

Usage
sts_build_factored_surrogate_posterior(
model,
batch_shape = list(),
seed = NULL,
name = NULL
)
Arguments
model An instance of StructuralTimeSeries representing a time-series model. This
represents a joint distribution over time-series and their parameters with batch
shape [bl, ..., bN].#
batch_shape Batch shape (1ist, or integer) of initial states to optimize in parallel. Default
value: list(). (i.e., just run a single optimization).
seed integer to seed the random number generator.
name string prefixed to ops created by this function. Default value: NULL (i.e., *build_factored_surrogate_posteri
Value

variational_posterior tfd_joint_distribution_named defining a trainable surrogate posterior over
model parameters. Samples from this distribution are named lists with character parameter names
as keys.
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See Also

Other sts-functions: sts_build_factored_variational_loss(), sts_decompose_by_component(),
sts_decompose_forecast_by_component(), sts_fit_with_hmc(), sts_forecast(), sts_one_step_predictive(),
sts_sample_uniform_initial_state()

sts_build_factored_variational_loss
Build a loss function for variational inference in STS models.

Description

Variational inference searches for the distribution within some family of approximate posteriors that

minimizes a divergence between the approximate posterior q(z) and true posterior p(z|observed_time_series).
By converting inference to optimization, it’s generally much faster than sampling-based inference

algorithms such as HMC. The tradeoff is that the approximating family rarely contains the true

posterior, so it may miss important aspects of posterior structure (in particular, dependence between

variables) and should not be blindly trusted. Results may vary; it’s generally wise to compare to

HMC to evaluate whether inference quality is sufficient for your task at hand.

Usage

sts_build_factored_variational_loss(
observed_time_series,

model,
init_batch_shape = list(),
seed = NULL,
name = NULL
)
Arguments

observed_time_series
float tensor of shape concat([sample_shape, model.batch_shape, [num_timesteps, 1]])
where sample_shape corresponds to i.i.d. observations, and the trailing [1] di-
mension may (optionally) be omitted if num_timesteps > 1. May optionally
be an instance of sts_masked_time_series, which includes a mask tensor to
specify timesteps with missing observations.

model An instance of StructuralTimeSeries representing a time-series model. This
represents a joint distribution over time-series and their parameters with batch
shape [bl, ..., bN].

init_batch_shape
Batch shape (1ist) of initial states to optimize in parallel. Default value: 1ist().
(i.e., just run a single optimization).

seed integer to seed the random number generator.

name name prefixed to ops created by this function. Default value: NULL (i.e., build_factored_variational_loss’)



106 sts_constrained_seasonal_state_space_model

Details

This method constructs a loss function for variational inference using the Kullback-Liebler diver-
gence KLLq(z) || p(z]observed_time_series)], with an approximating family given by inde-
pendent Normal distributions transformed to the appropriate parameter space for each parameter.
Minimizing this loss (the negative ELBO) maximizes a lower bound on the log model evidence
-log p(observed_time_series). This is equivalent to the mean-field” method implemented