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MOTIVATING INTRODUCTION

Most of the artificial intelligence success stories today use deep learning 
and neural networks
…that were largely invented decades ago:
• Multi-layer perceptron 60’s - 80’s
• Modern convolutional neural networks around 1998
• Modern recurrent neural networks (LSTM) around 1997
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WHY NOW?

1. More data
2. More computing power (especially GPU)
3. Small but crucial algorithmic improvements
4. Better tools

• Create complex models out of simple building blocks
• Learning largely automatic, robust and verified software
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DEEP LEARNING

# Specify the model

result, loss = (pretty_tensor.wrap(input_data, m).flatten()          
.fully_connected(200, activation_fn=tf.nn.relu)          
.fully_connected(10, activation_fn=None)          
.softmax(labels, name=softmax_name))

# Pick optimizer

optimizer = tf.train.GradientDescentOptimizer(0.1)

# Learn the model

train_op = pt.apply_optimizer(optimizer, losses=[loss])
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PROBABILISTIC PROGRAMMING

“Probabilistic programming is to probabilistic modelling as deep 
learning is to neural networks” (Antti Honkela, 2016)

• Delivers the compositionality probabilistic graphical models always 
promised

• Provides the tools we need to speed up development and to support 
more flexible models
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PROBABILISTIC MODELS

A probabilistic model tells a generative story and is defined via 
collection of probability distributions

Examples:
• Mixture models
• Hidden Markov models
• Markov random fields
• Logistic regression, generalized linear models
• Most neural networks (MLP, CNN, etc.)
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PROBABILISTIC MODELS
Latent Dirichlet allocation (LDA) is a generative model for text

Choose topics 

For each document
• Choose topic proportions

• Loop over the document
• Choose topic
• Choose word
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INFERENCE
The prior encodes our uncertainty before seeing data

The likelihood tells how likely the data is given the parameters

The Bayes rule

gives the posterior that captures the uncertainty after seeing the data

Predictions by averaging over the posterior:
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p(✓)

p(x|✓)

p(x̂) =

Z
p(x̂|✓)p(✓|x)d✓

p(✓|x) = p(x|✓)p(✓)
p(x)

=
p(x|✓)p(✓)R
p(x|✓)p(✓)d✓



WHY BOTHER?

Can’t we just learn the best by maximizing the likelihood?

With enough data we can, especially when we only care about (mean) 
predictions

This is what most deep learning solutions do, maximize likelihood 
(regularized by some priors) using SGD
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WHY BOTHER?

Parameter inference:
• We want to understand parameters of some process or system
• Natural science, economy, social science, etc.

Quantification of uncertainty:
• Limited data, most of the time also in “big data” cases
• Decision-making, avoiding false alarms

Often unsupervised, but need not be
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PARAMETER INFERENCE

“Should I eat more now than in the past?”

My phone/watch records energy consumption, so let’s compare the 
change between two consecutive months:
• September: Mean 1912kcal (above basic consumption)
• October: Mean 1946kcal

Did it actually raise?
• Write down a model for the daily observations and infer the mean rate
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PARAMETER INFERENCE
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PARAMETER INFERENCE

−100 −50 0 50 1000.
00

0
0.

01
0

Increase (kcal)

D
en

si
ty

13

x ⇠ N(µ,�) x ⇠ t⌫(µ,�)

13%

24%



COUNTING GALAXIES
[REGIER ET AL. ICML’15]
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Celeste

is effectively static during human time scales. In an imag-
ing exposure, the expected count of photons entering the
telescope’s lens from a particular object is proportional to
its brightness. When multiple objects contribute photons to
the same pixel, their rates combine additively.

Second, many sources of prior information about celestial
bodies are available, but none is definitive. Stars tend to
be brighter than galaxies, but many stars are dim and many
galaxies are bright. Stars tend to be smaller than galax-
ies, but many galaxies appear point-like as well. Stars and
galaxies differ greatly in how their radiation is distributed
over the visible spectrum: stars are well approximated by
an “ideal blackbody law” depending only on their tempera-
ture, while galaxies are not. On the other hand, stars are not
actually ideal blackbodies, and galaxies do emit energy in
the same wavelengths as stars. Posterior inference in a gen-
erative model provides a principled way to integrate these
various sources of prior information.

Third, even the most powerful telescopes receive just a
handful of photons per exposure from many celestial ob-
jects. Hence, many objects cannot be precisely located,
classified, or otherwise characterized from the data avail-
able. Quantifying the uncertainty of point estimates is
essential—it is often as important as the accuracy of the
point estimates themselves. Uncertainty quantification is a
natural strength of the generative modeling framework.

Some astronomical software uses probabilities in a heuris-
tic fashion (Bertin & Arnouts, 1996), and a generative
model has been developed for measuring galaxy shapes
(Miller et al., 2013)—a subproblem of ours. But, to our
knowledge, fully generative models for inferring celestial
bodies’ locations and characteristics have not yet been ex-
amined.1 Difficulty scaling the inference for expressive
generative models may have hampered their development,
as astronomical sky surveys produce very large amounts
of data. For example, the Dark Energy Survey’s 570-
megapixel digital camera, mounted on a four-meter tele-
scope in the Andes, captures 300 gigabytes of sky im-
ages every night (Dark Energy Survey, 2015). Once com-
pleted, the Large Synoptic Survey Telescope will house a
3200-megapixel camera producing eight terabytes of im-
ages nightly (Large Synoptic Survey Telescope Consor-
tium, 2014).

The rest of the paper describes the Celeste model (Sec-
tion 2) and its accompanying variational inference proce-
dure (Section 3). Section 4 details our empirical studies on
synthetic data as well as a sizable collection of astronomi-
cal images.

1However, see Hogg (2012) for a workshop presentation
proposing such a model.

Figure 2. The Celeste graphical model. Shaded vertices represent
observed random variables. Empty vertices represent latent ran-
dom variables. Black dots represent constants. Constants with
“bar” decorators, e.g. N✏nb , are set a priori. Constants denoted by
uppercase Greek characters are also fixed; they denote parame-
ters of prior distributions. The remaining constants and all latent
random variables are inferred. Edges signify conditional depen-
dency. Rectangles (“plates”) represent independent replication.

2. The model
The Celeste model is represented graphically in Figure 2.
In this section we describe how Celeste relates celestial
bodies’ latent characteristics to the observed pixel inten-
sities in each image.

2.1. Celestial bodies

Celeste is a hierarchical model, with celestial objects atop
pixels. For each object s D 1; : : : ; S , the unknown 2-vector
�s encodes its position in the sky as seen from earth. In Ce-
leste, every celestial body is either a star or a galaxy. (In the
present work, we ignore other types of objects, which are
comparatively rare.) The latent Bernoulli random variable
as encodes object type: as D 1 for a galaxy, as D 0 for a
star. We set the prior distribution

as ⇠ Bernoulli.˚/: (1)

Celeste: Variational inference for a generative model of
astronomical images

Jeffrey Regier, University of California, Berkeley JEFF@STAT.BERKELEY.EDU
Andrew Miller, Harvard University ACM@SEAS.HARVARD.EDU
Jon McAuliffe, University of California, Berkeley JON@STAT.BERKELEY.EDU
Ryan Adams, Harvard University RPA@SEAS.HARVARD.EDU
Matt Hoffman, Adobe Research MDHOFFMA@CS.PRINCETON.EDU
Dustin Lang, Carnegie Mellon University DSTN@CMU.EDU
David Schlegel, Lawrence Berkeley National Laboratory DJSCHLEGEL@LBL.GOV
Prabhat, Lawrence Berkeley National Laboratory PRABHAT@LBL.GOV

Abstract
We present a new, fully generative model of op-
tical telescope image sets, along with a varia-
tional procedure for inference. Each pixel inten-
sity is treated as a Poisson random variable, with
a rate parameter dependent on latent properties
of stars and galaxies. Key latent properties are
themselves random, with scientific prior distribu-
tions constructed from large ancillary data sets.
We check our approach on synthetic images. We
also run it on images from a major sky survey,
where it exceeds the performance of the current
state-of-the-art method for locating celestial bod-
ies and measuring their colors.

1. Introduction
This paper presents Celeste, a new, fully generative model
of astronomical image sets—the first such model to be em-
pirically investigated, to our knowledge. The work we
report is an encouraging example of principled statistical
inference applied successfully to a science domain under-
served by the machine learning community. It is unfortu-
nate that astronomy and cosmology receive comparatively
little of our attention: the scientific questions are funda-
mental, there are petabytes of data available, and we as a
data-analysis community have a lot to offer the domain sci-
entists. One goal in reporting this work is to raise the profile
of these problems for the machine-learning audience and
show that much interesting research remains to be done.

Turn now to the science. Stars and galaxies radiate photons.
An astronomical image records photons—each originating
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Figure 1. An image from the Sloan Digital Sky Survey (SDSS,
2015) of a galaxy from the constellation Serpens, 100 million
light years from Earth, along with several other galaxies and many
stars from our own galaxy.

from a particular celestial body or from background at-
mospheric noise—that pass through a telescope’s lens dur-
ing an exposure. Multiple celestial bodies may contribute
photons to a single image (e.g. Figure 1), and even to a
single pixel of an image. Locating and characterizing the
imaged celestial bodies is an inference problem central to
astronomy. To date, the algorithms proposed for this in-
ference problem have been primarily heuristic, based on
finding bright regions in the images (Lupton et al., 2001;
Stoughton et al., 2002).

Generative models are well-suited to this problem—for
three reasons. First, to a good approximation, photon
counts from celestial objects are independent Poisson pro-
cesses: each star or galaxy has an intrinsic brightness that



WHAT’S THE CHALLENGE?
The Bayes rule looks elegant, but computing the evidence

is ridiculously hard for all interesting models

Markov chain Monte Carlo (MCMC), variational approximation, 
expectation propagation etc.

The ML community has spent decades developing specific inference 
algorithms applicable for individual (more and more complex) model 
families
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WHAT’S THE CHALLENGE?
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Even slight modifications of the model 
require derivations worth of a research 
paper, often way more complex than 
the original algorithm.



MODELS AND INFERENCE

We should separate the model and inference, letting people focus on 
writing interesting models without needing to worry (too much) about 
inference

Being able to do this was big part of the deep learning resurgence, and 
probabilistic models are naturally suited for modularity

Just a bit of a delay, because the problem is harder:
• I started my ML career in 2000, deriving backprob and implementing 

a MLP in Matlab; that would now be 5 lines of code
• Around 2010 I was deriving variational approximations and 

implementing them in R; that should now be 10 lines of code
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PP TO THE RESCUE
parameters {
simplex[K] theta[M];   // topic dist for doc m
simplex[V] psi[K];     // word dist for topic k

}
model {
for (m in 1:M)  
theta[m] ~ dirichlet(alpha);  // prior

for (k in 1:K)  
psi[k] ~ dirichlet(beta);     // prior

for (n in 1:N) {
real gamma[K];
for (k in 1:K) 
gamma[k] <- log(theta[doc[n],k]) + log(psi[k,w[n]]);

increment_log_prob(log_sum_exp(gamma));  // likelihood
}

}
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WHAT’S UNDER THE HOOD?

MCMC still the basic tool, but we now know how to implement 
gradient-based MCMC algorithms (Hamiltonian MC) efficiently
• Gradients computed by automatic differentiation of the log 

probability, proposal lengths determined automatically etc.

Variational approximation also a hot topic right now
• Maximizes a lower bound for the evidence
• Gradient-based optimization possible via reparameterization

Both problems still harder than ML estimation

19



WHAT DID WE GAIN?

Inference happens quite automatically

…and we gained a lot of flexibility:
1. Non-conjugate models became just as easy as conjugate ones
2. Arbitrary control flows (while-loops etc) as part of the model
3. (Quite) arbitrary differentiable random procedures as part of the 

generative story (e.g. rendering an image)

Want to try today? Download Stan and use HMC for inference
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WHAT’S STILL MISSING?

ML community has produced plenty of dedicated tools for structured 
models that are much more efficient than black-box optimization
• E.g., dynamic programming for inferring the latent states of a HMM
• We need to better integrate those as part of the inference process for 

arbitrary models

Scalability and accuracy
• HMC is good, but still slow
• Variational approximations still not sufficiently accurate for all 

models
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PP VS DEEP LEARNING

Deep learning models are probabilistic models

Bayesian inference is harder, but many of the things we have learned 
about gradient-based optimization still apply
• We can implement PP tools using the same platforms: Edward uses 

TensorFlow, PyMC3 uses Theano

My prediction: In 5 years or so, the tools will be the same, and the 
choice of the model and inference algorithm depends on the application 
and available data
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PP VS DEEP LEARNING
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N

1 # Probabilistic model
2 z = Normal(mu=tf.zeros([N, d]), sigma=tf.ones([N, d]))
3 h = slim.fully_connected(z, 256)
4 x = Bernoulli(logits=slim.fully_connected(h, 28 * 28, activation_fn=None))
5
6 # Variational model
7 qx = tf.placeholder(tf.float32, [N, 28 * 28])
8 qh = slim.fully_connected(qx, 256)
9 qz = Normal(mu=slim.fully_connected(qh, d, activation_fn=None),

10 sigma=slim.fully_connected(qh, d, activation_fn=tf.nn.softplus))

Figure 1: Variational auto-encoder for a data set of 28 ⇥ 28 pixel images: (left) graphical model,
with dotted lines for the inference model; (right) probabilistic program, with 2-layer neural networks.

2 Compositional Representations for Probabilistic Models

We define random variables as a key compositional representation. They are class objects with meth-
ods, for example, to compute the log density and to sample. Further, each random variable x is asso-
ciated to a tensor x⇤ in the computational graph, which represents a single sample x

⇤ ⇠ p(x). This
association embeds the random variable into the computational graph.

This design is conceptually simple, making it easy to develop probabilistic programs in a compu-
tational graph framework. Importantly, all computation is represented on the graph. This makes it
easy to parameterize random variables with complex deterministic structure, such as with deep neu-
ral networks and a diverse set of math operations. The design also enables compositions of random
variables to capture complex stochastic structure.

With computational graphs, it is also natural to build mutable states within the probabilistic program.
As a typical use of computational graphs, such states can define model parameters; in TensorFlow,
this is given by a tf.Variable. Another use case is for building discriminative models p(y |x), where
x are features that are input as training or test data. The program can be written independent of the
data, using a mutable state (tf.placeholder) for x in its graph. During training and testing, we feed
the placeholder the appropriate values. In Appendix A.1, we demonstrate this with a Bayesian neural
network for classification. We give other examples below.

2.1 Example: Variational Auto-encoder

Figure 1 implements a variational auto-encoder (���) (Kingma and Welling, 2014; Rezende et al.,
2014) in Edward. There are N data points {xn} and d latent variables per data point {zn}. The
program uses TensorFlow Slim (Guadarrama and Silberman, 2016) to define the neural networks.
The probabilistic model is parameterized by a 2-layer neural network, with 256 hidden units (and
ReLU activation), and generates 28 ⇥ 28 pixel images. The variational model is parameterized by
a 2-layer inference network, with 256 hidden units and outputs parameters of a normal posterior
approximation.

The probabilistic program is concise. Importantly, core elements of the ���—such as its distribu-
tional assumptions and neural net architectures—are all extensible. Model compositionality enables
it to be embedded into more complicated models (Gregor et al., 2015; Rezende et al., 2016) and
for other learning tasks (Kingma et al., 2014). Inference compositionality (which we discuss later)
enables it to be embedded into more complicated algorithms, such as with expressive variational ap-
proximations (Rezende and Mohamed, 2015; Tran et al., 2016b; Kingma et al., 2016) and alternative
objectives (Ranganath et al., 2016; Li and Turner, 2016; Dieng et al., 2016).

2.2 Stochastic Control Flow and Model Parallelism

Random variables can also be integrated with control flow, enabling probabilistic programs with
stochastic control flow. Stochastic control flow defines dynamic conditional dependencies, known in
the literature as contingent or existential dependencies (Mansinghka et al., 2014; Wu et al., 2016).
See Figure 2, where x may or may not depend on a for a given execution.
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VAE in Edward [Tran et al. arXiv’16]

inference.initialize() builds a computational graph to update {✓,�}. Calling inference.update()
runs this computation once to update {✓,�}; we call the method in a loop until convergence. Below
we will derive subclasses of Inference to represent many methods.

3.2 Representing Classes of Inference

We show how to leverage the above to represent a broad class of inference methods.
In variational inference, the idea is to posit a family of approximating distributions and to find the
closest member in the family to the posterior (Jordan et al., 1999). We build the variational family in
the graph; see Figure 4 (left). The variational family has mutable variables representing its parameters
� = {⇡, µ,�}, where q(�;µ,�) = Normal(�;µ,�) and q(z;⇡) = Categorical(z;⇡).

1 qbeta = Normal(
2 mu=tf.Variable(tf.zeros([K, D])),
3 sigma=tf.exp(tf.Variable(tf.zeros[K, D])))
4 qz = Categorical(
5 logits=tf.Variable(tf.zeros[N, K]))
6
7 inference = ed.VariationalInference(
8 {beta: qbeta, z: qz}, data={x: x_train})

1 T = 10000 # number of samples
2 qbeta = Empirical(
3 params=tf.Variable(tf.zeros([T, K, D]))
4 qz = Empirical(
5 params=tf.Variable(tf.zeros([T, N]))
6
7 inference = ed.MonteCarlo(
8 {beta: qbeta, z: qz}, data={x: x_train})

Figure 4: (left) Variational inference. (right) Monte Carlo.

Specific variational inference algorithms inherit from the VariationalInference class to define their
own methods, such as a loss function and gradient. For example, we represent maximum a posteriori
(���) estimation with an approximating family (qbeta and qz) of PointMass random variables, i.e.,
with all probability mass concentrated at a point. MAP inherits from VariationalInference and defines
a loss function and update rules; it leverages existing optimizers inside TensorFlow.
Monte Carlo approximates the posterior using samples (Robert and Casella, 1999). We represent
Monte Carlo as inference where the approximating family is an empirical distribution, q(�; {�(t)}) =
1
T

PT
t=1 �(�,�

(t)
) and q(z; {z(t)}) = 1

T

PT
t=1 �(z, z

(t)
). The parameters are � = {�(t), z(t)}. See

Figure 4 (right). Monte Carlo algorithms proceed by updating one sample �(t), z(t) at a time in
the empirical approximation. Specific �� samplers determine the update rules; they can leverage
gradients and graph structure, where applicable.
The approach also extends to exact inference. We are developing a subpackage that does symbolic
algebra on the deterministic and stochastic nodes in the computational graph; this uncovers conjugacy
relationships between exponential-family random variables. This will allow users to integrate out
variables and automatically derive classical Gibbs and mean-field updates (Bishop, 2006) without
tedious algebraic manipulation.

3.3 Composing Inferences

Core to Edward’s design is that inference can be written as a collection of separate inference pro-
grams. Below we demonstrate variational EM, with an (approximate) E-step over local variables
and an M-step over global variables. We alternate with one update of each (Neal and Hinton,
1993).

1 qbeta = PointMass(params=tf.Variable(tf.zeros([K, D])))
2 qz = Categorical(logits=tf.Variable(tf.zeros[N, K]))
3
4 inference_e = ed.VariationalInference({z: qz}, data={x: x_data, beta: qbeta})
5 inference_m = ed.MAP({beta: qbeta}, data={x: x_data, z: qz})
6
7 for _ in range(10000):
8 inference_e.update()
9 inference_m.update()

This extends to many other cases, such as exact EM for exponential families, contrastive divergence
(Hinton, 2002), pseudo-marginal methods (Andrieu and Roberts, 2009), and Gibbs sampling within
variational inference (Wang and Blei, 2012). We can also write message passing algorithms, which
work over a collection of local inference problems (Koller and Friedman, 2009). For example, the
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PP IN HELSINKI

My group is working on scalable variational approximations
• Scalable probabilistic analytics  (Tekes, Reaktor, M-Brain, Ekahau)

Aki Vehtari (Aalto) is part of Stan core development team, focusing in 
particular on model assessment

Aalto+UH: ELFI for approximative Bayesian computation (ABC, kind 
of PP but uses simulators as models)
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