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Traditional paradigm for AI research

• Traditional machine learning and pattern recognition has 
been remarkable successful at questions like: “what is 
where”

• Decades of progress driven by a single experimental 
paradigm! 

• Train/Test/Validation set split

• Learn parameters using train set and evaluate on 
the test set

Krizhevsky et. al
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But infant learning looks like this ...

source: https://www.youtube.com/watch?v=3f3rOz0NzPc
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What is the ‘right’ way to think about AI? 

• Agent learns an internal 
model of the world 
(generative model) given 
sensory states

• Agent uses learnt model to 
mentally hypothesize plans 
and pick actions that 
maximizes expected future 
rewards

• While exploring, agents pick 
actions that minimizes 
prediction error of it’s 
internal model (i.e. minimizes 
entropy)
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Analysis-by-Synthesis in Perception

Hermann Von Helmholtz

The general rule determining the ideas 
of vision that are formed whenever an 
impression is made on the eye, is that 
such objects are always imagined as 
being present in the field of vision as 
would have to be there in order to 
produce the same impression on the 
nervous mechanism 

(1865)

The free-energy principle 
says that any self-organizing 
system that is at equilibrium 
with its environment must 
minimize its free energy

(2010)

Karl Friston
Geoff

Hinton et al

Boltzmann Machines 
Helmholtz Machine

(1885, 1995)
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Analysis-by-Synthesis in Perception

Kersten, NIPS 1998 Tutorial on Computational Vision
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Analysis-by-Synthesis in Perception

I(t) I(t+1) I(t+T). . . 

S(t) S(t+1) S(t+T)

P (S|I) / P (I|S)P (S)Goal:
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Are probabilities necessary?

• Our internal models of reality are often incomplete. 
Therefore we need a mathematical language to handle 
uncertainty

• Probability theory is a framework to extend logic to 
include reasoning on uncertain information 

• Probability need not have anything to do with 
randomness. Probabilities do not describe reality -- only 
our information about reality - E.T. Jaynes

• Bayesian statistics describes epistemological (study of the 
nature and scope of knowledge) uncertainty using the 
mathematical language of probability

• Start with prior beliefs and update these using data to 
give posterior beliefs
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 5: An illustration of generative probabilistic graphics for 3D road finding. (a) Renderings
of random samples from our scene prior, showing the surface-based image segmentation induced
by each sample. (b) Representative test frames from the KITTI dataset [5]. (c) Maximum likeli-
hood lane/non-lane classification of the images from (b) based solely on the best-performing single-
training-frame appearance model (ignoring latent geometry). Geometric constraints are clearly
needed for reliable road finding. (d) Results from [2]. (e) Typical inference results from the pro-
posed generative probabilistic graphics approach on the images from (b). (f) Appearance model his-
tograms (over quantized RGB values) from the best-performing single-training-frame appearance
model for all four region types: lane, left offroad, right offroad and road.

(a) Lanes superimposed
from 30 scenes sampled
from our prior (b) 30 posterior samples on

a low accuracy (Frame 199),
high uncertainty frame

(c) 30 posterior samples on a
high accuracy (Frame 384),
low uncertainty frame

(d) Posterior samples
of left lane position
for both frames

Figure 6: Approximate Bayesian inference yields samples from a broad, multimodal scene posterior
on a frame that violates our modeling assumptions (note the intersection), but reports less uncertainty
on a frame more compatible with our model (with perceptually reasonable alternatives to the mode).

the intrinsic and extrinsic parameters of the camera, and a rough initial segmentation of each test
image. In contrast, our approach has to infer these aspects of the scene from the image data. We
also show some uncertainty estimates that result from approximate Bayesian inference in Figure 6.
Our probabilistic graphics program for this problem requires under 20 lines of probabilistic code.

5 Discussion

We have shown that it is possible to write short probabilistic graphics programs that use simple
2D and 3D computer graphics techniques as the backbone for highly approximate generative mod-
els. Approximate Bayesian inference over the execution histories of these probabilistic graphics

7

Assumptions violated:
broad posterior

Assumptions satisfied:
narrower posterior

Are probabilities necessary?
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Probabilistic 3D Face Analysis

Light

Nose Eyes

Outline Mouth

Nose Eyes

Outline Mouth

Shape Texture

Shading

Simulator

face-id

Image

Inference Problem: 

Affine

P (S, T, L,A|I) / P (I|S, T, L,A)P (L)P (S)P (T )P (A)

/ N (I �O; 0, 0.1)P (L)P (A)
Y

i

P (Si)P (Ti)
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Probabilistic 3D Face Analysis
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Observed
Image

Inferred
(reconstruction)

Inferred model 
re-rendered with 

novel poses

Inferred model 
re-rendered with 

novel lighting

Probabilistic 3D Face Analysis
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3D Human Pose

Test Image

Inference Trajectory
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3D Shape Program

Test Image

Inference Trajectory
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Inference

• Many inference strategies for generative models: MCMC, 
Variational, Message Passing, Particle filtering etc. 

• Today we will discuss an algorithm that is simple and 
general (not necessarily efficient)
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Inference
• Simplest MCMC Algorithm: Metropolis Hastings

• For simplicity, let us fix light and affine variables. 

Light

Nose Eyes

Outline Mouth

Nose Eyes

Outline Mouth

Shape Texture

Shading

Simulator

Image

Affine

S
Nose

⇠ randn(50)

T
Nose

⇠ randn(50)...
S
Mouth

⇠ randn(50)

T
Mouth

⇠ randn(50)

P (I|S, T ) / Normal(O �R; 0,�0)
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MCMC
• Simplest MCMC Algorithm: Metropolis Hastings

• For simplicity, let us fix light and affine variables. 

S
Nose

⇠ randn(50)

T
Nose

⇠ randn(50)...
S
Mouth

⇠ randn(50)

T
Mouth

⇠ randn(50)

P (I|S, T ) / Normal(O �R; 0,�0)

Repeat until convergence:

(1) Let x be either Si or Ti

We sample new x

0 ⇠ randn(50)

(2) r =
p(x0)q(x|x0)

p(x)q(x0|x)

(3) Accept x’ with probability: ↵ = min{1, r}
Otherwise, x’=x
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How do we make inference faster?
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Combine Probabilistic Inference with Neural Nets
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Combine Probabilistic Inference with Neural Nets

• Inference often gets stuck in local minima and the only 
way out is if large set of variables are changed at once 
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Combine Probabilistic Inference with Neural Nets

• Inference often gets stuck in local minima and the only 
way out is if large set of variables are changed at once 

• Helmholtz machine: Wake-Sleep Alg (Dayan, 1995)

• Informed Sampler (Jampani, 2015)

• Use an external long-term memory to cache 
“hallucinations” synthesized from your generative 
models (sleep) and use them during perception (wake)
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Combine Probabilistic Inference with Neural Nets
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Generative 
Model

Combine Probabilistic Inference with Neural Nets
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Generative 
Model

Unconditional
Runs

Combine Probabilistic Inference with Neural Nets
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⌫(.)
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Generative 
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Probabilistic
Program

Long-term Memory
(Sleep)

Test Data

ID

Conditional Density Estimator

q(S⇢  S0⇢|ID)

CNN
⌫(ID)

Now run inference
90%: Data-driven (Pattern Matching)
10%: Sampling/Search (Reasoning)

Combine Probabilistic Inference with Neural Nets
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3D Face Analysis

With Data-driven Proposals
Without Data-driven Proposals
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Learning parametrized generative models

Tijmen Tielemen (Thesis, 2014)
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Learning parametrized generative models

Tijmen Tielemen (Thesis, 2014)
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Convolutional Inverse Graphics Network

observed 
image

Filters = 96
kernel size (KS) = 5

150x150

Convolution + Pooling

graphics code

x

Q(zi|x)

Filters = 64
KS = 5

Filters = 32
KS = 5

7200pose
light

shape

....
Filters = 32

KS = 7
Filters = 64

KS = 7
Filters = 96

KS = 7

P (x|z)

Encoder
(De-rendering)

Decoder
(Renderer)

Unpooling (Nearest Neighbor) + 
Convolution

{µ200,⌃200}

‘Inference’ ‘Generative Model’
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Variational Inference

observed 
image

Filters = 96
kernel size (KS) = 5

150x150

Convolution + Pooling

graphics code

x

Q(zi|x)
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Encoder
(De-rendering)

Decoder
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Objective Function: �logP (x|Z) +KL(Q(Z|x)||P (Z))

D. P. Kingma and M. Welling. Auto-encoding variational bayes. arXiv preprint arXiv:1312.6114, 2013.
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Results
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Results on Chair Dataset
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Generative models with attention

Gregor et al.
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Generative models with attention

Gregor et al.
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Watter, Springenberg et. al

Integrating actions with generative models
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Junhyuk Oh et. al, NIPS 2015

Results on Atari
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Results on Atari

Junhyuk Oh et. al, NIPS 2015
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Results on Atari

Junhyuk Oh et. al, NIPS 2015
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Results on Atari

Junhyuk Oh et. al, NIPS 2015
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• Bayesian modeling allows us to 
move beyond parameter 
estimation to infer structure of 
the model itself

• Depending on the data, humans 
use different structural forms to 
form abstractions. 

• Structure Learning can be cast 
as posterior inference problem 
to obtain the most likely model 
form/structure under 
observations

Kemp et. al., The discovery of structural form, PNAS 2008

Generative models with growing structure
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Kemp et. al., The discovery of structural form, PNAS 2008

Generative models with growing structure

Monday, October 19, 15



Kemp et. al., The discovery of structural form, PNAS 2008

Generative models with growing structure
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Ref: http://mlg.eng.cam.ac.uk/zoubin/talks/uai05tutorial-b.pdf

• Humans can grow abstractions in 
an arbitrary way to fit data

• Bayesian Non-parametric models 
naturally increase the number of 
parameters with data. Therefore 
no issue of over or under fitting.

• Many non-parametric processes: 
Chinese Restaurant Process, 
Gaussian Process, HDP, Indian 
Buffet Process etc.

K = ?

Generative models with growing structure
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DP Mixture
Infinite
HMM

Ref: http://mlg.eng.cam.ac.uk/zoubin/talks/uai05tutorial-b.pdf

Generative models with growing structure
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Questions?
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