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Motivation

Generative models:

Deep Generative Models Structure Generative Models

+ Get good performance Easy to interpret

- Hard to interpret Inference is hard, slow

Can we create interpretable and efficient models by combining
structure generative models and deep models?

Task: Scene understanding: inference the objects in 2D or 3D scenes
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Task

Given an image x , task is to generate the description of the image z .

Decompose to objects: z is structured in groups of variables z i .

Each z i represent an attribute of a certain object. An object can be
represented by a group of z i .
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Bayesian view of scene interpretation

Bayesian view of scene interpretation

Pθ(x) =
N∑

n=1

P(n)

∫
Pθ(z |n)Pθ(x |z)dz

n: Number of objects
z : Latent variables
θ: Parameters of the model
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Overview: Inference Network and Generative Model

Black arrow: Inference network

Red arrow: Model

Trained together in a feed-forward manner, without supervision.
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Variational Inference

In Bayesian equation, posterior is important but hard to compute
when latent variables are included.

Approximate the posterior P(Z |X ) by a variational distribution Q(Z )

Minimize KL divergence

KL(Q||P) =

∫
Q(Z ) log

Q(Z )

P(Z |X )
dZ =

∫
Q(Z ) log

Q(Z )

P(Z ,X )
dZ+logP(X )

.

Equivalent to maximize evidence lower bound (negative free energy)

ELOB(Q) =

∫
Q(Z ) log(P(Z ,X ))dZ −

∫
Q(Z ) logQ(Z )dZ

If Q is among the mean-field variational family, then
Q(Z ) =

∏m
i=1Qi (zi )
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Variational Autoencoder

Variational autoencoder: minimize the generalization error plus a
latent error
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Inference

Model:

Pθ(x) =
N∑

n=1

P(n)

∫
Pθ(z |n)Pθ(x |z)dz

The posterior is intractable

Approach: Amortized Variational Inference

Amortized Variational Inference

Choose a good family of approximate posterior distribution qφ(): Rich,
computationally-feasible and efficient → Inference networks, model
that learns the connection between observations to latent variables

Optimize the posterior via efficient computation of the derivatives of
the expected loglikelihood ∇φEqφ(z)[log pθ(x |z)] → Monte Carlo
approximations
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Specialty of this problem

This problem have special properties:
Trans-dimensionality: n itself is a variable, which makes the evaluation
hard
Symmetry: Strong symmetry to the order of objects considered

Approximate the posterior using a Recurrent Network. This network
is run for N steps and will infer at each step the attributes of one
object given the image and its previous knowledge of other objects on
the image.

To simplify sequential reasoning, use a unary code zpres for n

Form of posterior:

qφ(z , zpres |x) = qφ(znpres = 0|z1:n, x)
N∏
i=1

qφ(z i , z ipres = 1|z1:i−1, x)

Here, z ipres is a counter. If z ipres = 1, the model need to describe at

least one more object. It stops when z ipres = 0.
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Learning

Maximize the negative free energy:

L(θ, φ) = Eqφ [log
pθ(x , z , n)

qφ(z , n|x)
]

If pθ is differentiable, we can estimate ∂L
∂θ via Monte Carlo.

Estimate ∂L
∂φ is harder because of n

Continuous - Gradient Descent: Use the re-parametrization trick in
order to back-propagate through zi
Discrete - Black box optimization: Use the likelihood ratio estimator.
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Experiment 1 - multi-MNIST

Objective: Learn to detect and generate the constituents digits from
scratch.

An image can include 0,1 or 2 numbers.

Model:
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Experiment 1 - multi-MNIST

Train from 60000 such images

Result:
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Generalization

Train with 0,1,2 digits and test with 3 digits

Train with 0,1,3 digits and test with 2 digits.
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Generate useful represenations

Train AIR on images containing 0, 1 or 2 digits.

Then train a second network takes the output of the first one and
computes a) the sum of the digits and b) estimates whether they are
shown in ascending order.
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Experiment 2 - 3D scene

Use MuJoCo physics simulator
Specify a 3D renderer so that it can turned into the 2D image
To evaluate the likelihood p(x |z), use MuJoGo to render a image y
from z and then compute N(x |y , Iσ2x)
Result:
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Experiment 2 - 3D scene

Infer the counts, identities and positions of a variable number of
crockery items, as well as the camera position, in a table-top scene

Naive supervised reconstruction suffers when there are repetitions of
an item.

Result:
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