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Auther Profiles

▶ Joshua B. Tenenbaum, Prof, The Computational Cognitive
Science Group,
MIT.http://web.mit.edu/cocosci/josh.html

▶ Tejas D. Kulkarni, PhD, The Computational Cognitive
Science Group, MIT.https://tejasdkulkarni.github.io/

▶ Pushmeet Kohli, Microsoft
Research.https://sites.google.com/site/pushmeet/

▶ Vikash Mansinghka, Prof, Computer Science and Artificial
Intelligence Lab,
MIT.https://mit.academia.edu/VikashMansinghka

http://web.mit.edu/cocosci/josh.html
https://tejasdkulkarni.github.io/
https://sites.google.com/site/pushmeet/
https://mit.academia.edu/VikashMansinghka
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Framework Overview

▶ Objective: Find a image scene from hypothesis sapce:
P(Sρ|ID)
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Picture Language Overview
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Motivation: dilemma of conventional generative models

▶ Problem-specific, need hand-crafted engineering.
▶ Poor scalability, data-dependence.
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Generative Probabilistic Graphics Programs
▶ Refer to: Approximate Bayesian Image Interpretation using

Generative Probabilistic Graphics Programs, NIPS’13.
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Generative Probabilistic Graphics Programs

▶ Map a image as
IR = f(S,X) (1)

where S is scene and X is variables controlling the fidelity of
the renderer.

▶ Image interpretation as sampling posterior of image

P(S|ID) ∝ P(S)P(X)δf(S,X)(IR)P(ID|IR,X) (2)

▶ Decomposition of random variables X into Xj with priors
P(Xj):

P(S) =
∏

i
Si, q(S′

i,Si) = P(S′
i), P(X) =

∏
j

Xj, q(X′
j,Xj) = P(X′

j)

(3)
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Metrobolis-Hastings

▶ Proposal kernel q((S,X) → (S′,X′)) for re-render
I′R = f(S′,X′)

q((S,X) → (S′,X′)) = δS−i(S′)P(S′
i)δX(X′) (4)

▶ Calculate accept ratio αMH((S,X) → (S′,X′)) by MCMC

min

(
1, P(ID|f(S′,X′),X′)P(S′)P(X′)q((S′,X′) → (S,X))

P(ID|f(S,X),X)P(S)P(X)q((S,X) → (S′,X′))

)
(5)
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Picture Program

▶ A Picture program:
f : S → IR (6)

▶ Program traces
ρ = {ρi} ∈ {Multinomial,Uniform,Poisson,Gaussian}, which
specifies a generated rendering respectively.
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Sence Language

▶ Description of 3D object, e.g. z-map, mesh, volumetric;
camera information, illumination.

▶ Expressed as probabilistic code.
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Approximate Renderer
▶ Rendering tolarance Xρ adds structured noise.
▶ Refer to: OpenDR: An Approximate Differentiable Renderer,

ECCV’14.
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Representation Layer

▶ Hierachical abstract features, e.g. contour, keypoint. Not only
used for mapping the two exemplars into a same embedding
space, but also serves as dimensional reduction.

▶ v(ID; θv), v(IR; θv) shares the same parameters of original
image ID and rendered image IR,
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Discriminator

▶ Calculate likelyhood L = P(ID|IR).
▶ When the likelyhood function is not closed, exploit metrics to

measure similarity
λ(v(ID), v(IR)) (7)
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Details of Discriminator

▶ Likelyhood-free similarity, let ε ∈ Xρ be addition tolarance
variables of original image.

max

(
1, Pε(v(ID)− v(I′R))P(S′ρ)P(X′ρ)q((S′,X′) → (S,X))

Pε(v(ID)− v(IR))P(Sρ)P(Xρ)q((S,X) → (S′,X′))

)
(8)
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Inputs
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Inference

▶ Given program trace ρ, update q((Sρ,Xρ) → (S′ρ,X′ρ)) until
convergence.

▶ K = |{Sρ}|+ |{Xρ}|
▶ Estimate image state from the entire search space Θ of IR

P(Sρ|ID) ∝
∫
Θ

P(Sρ)Pε(v(ID)− v(IR))P(IR|Sρ)dIR (9)

▶ Exploit MCMC accept ratio

min

(
1, L′P(S′ρ)P(X′ρ)q((S′,X′) → (S,X))KP(Sρ

del)

LP(Sρ)P(Xρ)q((S,X) → (S′,X′))K′P(Sρ
new)

)
(10)
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Proposal Kernels

▶ Proposal kernel q is defined from priori:

q((Sρ,Xρ) → (S′ρ,X′ρ)) =
∏

ρ′i∈(Sρ,Xρ)

P(ρ′i) (11)

▶ Gradient Proposal: ∇Srealρ, Sreal ∈ Sρ,

qhmc(Sρ
real → S′ρ

real) (12)

▶ Elliptical Slice Proposal:

S′
real =

√
1 − α2Sreal + αθ, θ ∼ N (0,Σ) (13)

▶ Data-driven Proposal: fine-tune the representation layer
supervised by labelled data.



.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

Inference Engine Pipeline
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Experiment 1

▶ 3D Face Analysis.
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Experiment 2
▶ 3D Human Pose Estimation. (Baseline: Deformable Parts

Model)
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Experiment 3

▶ 3D Object Reconstruction.
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Summary and Inspiration

▶ Generative Model: Variations on image scenes.
▶ Markov Chain Monte Carlo: calculating posteriori in essential.
▶ Approximate Bayesian Calculating: approximate

likelyhood-free posterior.


