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Communities discovered in a 3.7M node network of U.S. Patents

[Gopalan and Blei, PNAS 2013]
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Figure 5
Topics found in a corpus of 1.8 million articles from the New York Times. Modified from Hoffman et al. (2013).

a particular movie), our prediction of the rating depends on a linear combination of the user’s
embedding and the movie’s embedding. We can also use these inferred representations to find
groups of users that have similar tastes and groups of movies that are enjoyed by the same kinds
of users.

Figure 4c illustrates the graphical model. This model is closely related to a linear factor model,
except that each cell’s distribution is determined by hidden variables that depend on the cell’s row
and column. The overlapping plates show how the observations at the nth row share its embedding
wn but use different variables γm for each column. Similarly, the observations in the mth column
share its embedding γm but use different variables wn for each row. Casting matrix factorization
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Topics found in 1.8M articles from the New York Times

[Hoffman, Blei, Wang, Paisley, JMLR 2013]



Attend, Infer, Repeat: Fast Scene Understanding with Generative Models

Figure 12. 3D scenes details: Left: Ground-truth object and camera positions with inferred positions overlayed in red (note that inferred
cup is closely aligned with ground-truth, thus not clearly visible). We demonstrate fast inference of all relevant scene elements using the
AIR framework. Middle: AIR achieves significantly lower reconstruction error than a naive supervised implementation, and achieves
much higher count inference accuracy. Right: Heatmap of locations on the table in which objects are detected at each time-step (top).
The learned policy appears to be more dependent on identity (bottom).

ness and accuracy with that of a fully supervised network
in Fig. 12. We consider two scenarios: one where each ob-
ject type only appears exactly once, and one where objects
can repeat in the scene. A naive supervised setup struggles
greatly with object repetitions or when an arbitrary order-
ing of the objects is imposed by the labels, however training
is more straightforward when there are no repetitions. AIR
achieves equivalent error and competitive count accuracy
despite the added difficulty of object repetitions.

4. Related Work
Deep neural networks have had great success in learning to
predict various quantities from images, e.g., object classes
(Krizhevsky et al., 2012), camera positions (Kendall et al.,
2015) and actions (Mnih et al., 2015). These methods work
best when large labeled datasets are available for training.

At the other end of the spectrum, e.g., in ‘vision as inverse
graphics’, only a generative model is specified in advance
and prediction is treated as an inference problem, which
is then solved using MCMC or message passing at test-
time. These models range from highly specified (Milch
et al., 2005; Mansinghka et al., 2013), to partially specified
(Zhu & Mumford, 2006; Roux et al., 2011; Heess et al.,
2011; Eslami & Williams, 2014; Tang et al., 2013; 2014),
to largely unspecified (Hinton, 2002; Salakhutdinov & Hin-
ton, 2009; Eslami et al., 2012). Inference is very challeng-
ing and almost always the bottle-neck in model design.

Hinton et al. (1995); Tu & Zhu (2002); Kulkarni et al.
(2015a); Jampani et al. (2015); Wu et al. (2015) exploit
data-driven predictions to empower the ‘vision as inverse
graphics’ paradigm. For instance, in PICTURE, Kulkarni
et al. (2015a) use a deep network to distill the results of
slow MCMC, speeding up predictions at test-time.

Variational auto-encoders (Rezende et al., 2014; Kingma &
Ba, 2014) and their discrete counterparts (Mnih & Gregor,
2014) made the important contribution of showing how the
gradient computations for learning of amortized inference

and generative models could be interleaved, allowing both
to be learned simultaneously in an end-to-end fashion (see
also Schulman et al. 2015). Works like that of Hinton et al.
(2011); Kulkarni et al. (2015b) aim to learn disentangled
representations in an auto-encoding framework using spe-
cial network structures and / or careful training schemes.

It is also worth noting that attention mechanisms in neural
networks have been studied in discriminative and genera-
tive settings, e.g. by Mnih et al. (2014); Ba et al. (2015);
Jaderberg et al. (2015) and Gregor et al. (2015).

AIR draws upon, extends and links these ideas. Similar to
our work is also Huang & Murphy (2015), however they
assume a fixed number of objects. By its nature AIR is also
related to the following problems: counting (Lempitsky &
Zisserman, 2010; Zhang et al., 2015), trans-dimensionality
(Graves, 2016), sparsity (Bengio et al., 2009) and gradient
estimation through renderers (Loper & Black, 2014). It is
the combination of these elements that unlocks the full ca-
pabilities of the proposed approach.

5. Discussion
We presented several principled models that not only learn
to count, locate, classify and reconstruct the elements of a
scene, but do so in a fraction of a second at test-time. The
main ingredients are (a) building in meaning using appro-
priately structured models, (b) amortized inference that is
attentive, iterative and variable-length, and (c) end-to-end
learning. Learning is most successful when the variance
of the gradients is low and the likelihood is well suited
to the data. It will be of interest to examine the scaling
of variance with the number of objects and more sophis-
ticated likelihoods (e.g., occlusion). It is straightforward
to extend the framework to semi- or fully-supervised set-
tings. Furthermore, the framework admits a plug-and-play
approach where existing state-of-the-art detectors, classi-
fiers and renderers are used as sub-components of an AIR
inference network. We plan to investigate these lines of
research in future work.

Scenes, concepts and control.

[Eslami+ 2016, Lake+ 2015]
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Population analysis of 2 billion genetic measurements

[Gopalan, Hao, Blei, Storey, Nature Genetics (in press)]



Neuroscience analysis of 220 million fMRI measurements

[Manning+ PLOS ONE 2014]



jp
eg

jp
eg
2K

Sa
m
pl
e

M
ea
n

0.2bits/pixel

Compression and content generation.

[Van den Oord+ 2016, Gregor+ 2016]



Analysis of 1.7M taxi trajectories, in Stan

[Kucukelbir+ 2016]



The probabilistic pipeline
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Figure S2: Population structure inferred from the TGP data set using the TeraStructure algorithm
at three values for the number of populations K. The visualization of the ✓’s in the Figure shows
patterns consistent with the major geographical regions. Some of the clusters identify a specific
region (e.g. red for Africa) while others represent admixture between regions (e.g. green for Eu-
ropeans and Central/South Americans). The presence of clusters that are shared between different
regions demonstrates the more continuous nature of the structure. The new cluster from K = 7 to
K = 8 matches structure differentiating between American groups. For K = 9, the new cluster is
unpopulated.
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� Customized data analysis is important to many fields.

� Pipeline separates assumptions, computation, application

� Eases collaborative solutions to statistics problems


