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Outlines

• Joint deep feature extraction and learning

• Variational Auto Encoder (VAE)

• Generative Adversarial Networks (GANs)
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Motivation: 
Hybrid Models

Graphical models let you 
encode domain 
knowledge

Neural nets are really 
good at fitting the data 
discriminatively to make 
good predictions
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Could we define a neural net 
that incorporates 

domain knowledge?

…

…

…



Motivation: 
Hybrid Models

Key idea: Use a NN to learn features for a GM, 
then train the entire model by backprop
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Chart parser: 



HYBRID: 
NEURAL NETWORK + HMM
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Markov Random Field (MRF)
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time flies like an arrow

n ψ2 v ψ4 p ψ6 d ψ8 n

ψ1 ψ3 ψ5 ψ7 ψ9

ψ0
<START>

p(n, v, p, d, n, time, flies, like, an, arrow)     =       (4 * 8 * 5 * 3 * 
…)
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v 1 6 3 4
n 8 4 2 0.1
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v 3 5 3
n 4 5 2
p 0.1 0.1 3
d 0.1 0.2 0.1

Joint distribution over tags Yi and words Xi
The individual factors aren’t necessarily probabilities.

Recall…



time flies like an arrow

n v p d n<START>

Hidden Markov Model
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But sometimes we choose to make them probabilities.  
Constrain each row of a factor to sum to one.  Now Z = 1.

v n p d

v .1 .4 .2 .3
n .8 .1 .1 0
p .2 .3 .2 .3
d .2 .8 0 0
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v .2 .5 .2
n .3 .4 .2
p .1 .1 .3
d .1 .2 .1

p(n, v, p, d, n, time, flies, like, an, arrow)     =       (.3 * .8 * .2 * .5 * 
…)

Recall…



Gaussian emission:

p(Yt|St = i) =

Hybrid: NN + HMM
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Y1 Y2 Y3 Y4 Y5

S1 S2 S3 S4 S5

Discrete HMM state: St � {/p/, /t/, /k/, /b/, /d/, . . . , /g/}
Continuous HMM emission: Yt � RK

HMM: p(u, a) =
T�

t=1

p(Yt|St)p(St|St�1)

…

…

…

…

…

…

…

(Bengio et al., 1992)

features

What if we jointly 
learn the features? 



(Bengio et al., 1992)

Gaussian emission:

p(Yt|St = i) =

Hybrid: NN + HMM
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Y1 Y2 Y3 Y4 Y5

S1 S2 S3 S4 S5

Discrete HMM state: St � {/p/, /t/, /k/, /b/, /d/, . . . , /g/}
Continuous HMM emission: Yt � RK

HMM: p(u, a) =
T�

t=1

p(Yt|St)p(St|St�1)

…

Lots of oddities to this picture:
• Clashing visual notations 

(graphical model vs. neural 
net)

• HMM generates data top-
down, NN generates 
bottom-up and they meet in 
the middle.

• The “observations” of the 
HMM are not actually 
observed (i.e. x’s appear in 
NN only)

So what are we missing?
…

…

…



Hybrid: NN + HMM

10

Y1 Y2 Y3 Y4 Y5

S1 S2 S3 S4 S5
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ai,j = p(St = i|St�1 = j)

bi,t = p(Yt|St = i) Hybrid: NN + HMM
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…

Y1 Y2 Y3 Y4 Y5

S1 S2 S3 S4 S5

Forward-backward algorithm: a “feed-forward” 
algorithm for computing alpha-beta probabilities. 

Log-likelihood: a “feed-forward” 
objective function.

HQ; p(a, u) = �END,T

…

…

…



A Recipe for 

Graphical Models

1. Given training data:

3. Define goal:
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2. Choose each of these:

– Decision function

– Loss function

4. Train with SGD:

(take small steps 

opposite the gradient)

Log-likelihood: a “feed-forward” 

objective function.

HQ; p(a, u) = �END,T

Decision / Loss Function for 
Hybrid NN + HMM

Forward-backward algorithm: a “feed-forward” 

algorithm for computing alpha-beta probabilities. 

How do we compute 

the gradient?



Backpropagation

13

Training

Backpropagation
is just repeated 
application of the 
chain rule from 
Calculus 101.

2.2. NEURAL NETWORKS AND BACKPROPAGATION

x to J , but also a manner of carrying out that computation in terms of the intermediate
quantities a, z, b, y. Which intermediate quantities to use is a design decision. In this
way, the arithmetic circuit diagram of Figure 2.1 is differentiated from the standard neural
network diagram in two ways. A standard diagram for a neural network does not show this
choice of intermediate quantities nor the form of the computations.

The topologies presented in this section are very simple. However, we will later (Chap-
ter 5) how an entire algorithm can define an arithmetic circuit.

2.2.2 Backpropagation
The backpropagation algorithm (Rumelhart et al., 1986) is a general method for computing
the gradient of a neural network. Here we generalize the concept of a neural network to
include any arithmetic circuit. Applying the backpropagation algorithm on these circuits
amounts to repeated application of the chain rule. This general algorithm goes under many
other names: automatic differentiation (AD) in the reverse mode (Griewank and Corliss,
1991), analytic differentiation, module-based AD, autodiff, etc. Below we define a forward
pass, which computes the output bottom-up, and a backward pass, which computes the
derivatives of all intermediate quantities top-down.

Chain Rule At the core of the backpropagation algorithm is the chain rule. The chain
rule allows us to differentiate a function f defined as the composition of two functions g
and h such that f = (g �h). If the inputs and outputs of g and h are vector-valued variables
then f is as well: h : RK ! RJ and g : RJ ! RI ) f : RK ! RI . Given an input
vector x = {x1, x2, . . . , xK}, we compute the output y = {y1, y2, . . . , yI}, in terms of an
intermediate vector u = {u1, u2, . . . , uJ}. That is, the computation y = f(x) = g(h(x))
can be described in a feed-forward manner: y = g(u) and u = h(x). Then the chain rule
must sum over all the intermediate quantities.

dyi

dxk
=

JX

j=1

dyi

duj

duj

dxk
, 8i, k (2.3)

If the inputs and outputs of f , g, and h are all scalars, then we obtain the familiar form
of the chain rule:

dy

dx
=

dy

du

du

dx
(2.4)

Binary Logistic Regression Binary logistic regression can be interpreted as a arithmetic
circuit. To compute the derivative of some loss function (below we use regression) with
respect to the model parameters ✓, we can repeatedly apply the chain rule (i.e. backprop-
agation). Note that the output q below is the probability that the output label takes on the
value 1. y⇤ is the true output label. The forward pass computes the following:

J = y⇤ log q + (1 � y⇤) log(1 � q) (2.5)

where q = P✓(Yi = 1|x) = 1

1 + exp(�
PD

j=0 ✓jxj)
(2.6)
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Chain Rule:

Recall…
Graphical Model and 

Log-likelihood
Neural 

Network

How to compute these partial derivatives?



Backpropagation

14

Training
2.2. NEURAL NETWORKS AND BACKPROPAGATION

(F) Loss
J = 1

2(y � y(d))2

(E) Output (sigmoid)
y = 1

1+exp(b)

(D) Output (linear)
b =

PD
j=0 �jzj

(C) Hidden (sigmoid)
zj =

1
1+exp(aj)

, 8j

(B) Hidden (linear)
aj =

PM
i=0 ↵jixi, 8j

(A) Input
Given xi, 8i

Figure 2.1: Feed-forward topology of a 2-layer neural network.

go into some detail here in order to facilitate connections with backpropagation through in-
ference algorithms for graphical models—considered later in this chapter (Section 2.3.4.4).

The material presented here acts as a supplement to later uses of backpropagation such
as in Chapter 4 for training of a hybrid graphical model / neural network, and in Chapter 5
and Chapter 6 for approximation-aware training.

2.2.1 Topologies
A feed-forward neural network (Rumelhart et al., 1986) defines a decision function y =
h✓(x) where x is termed the input layer and y the output layer. A feed-forward neural
network has a statically defined topology. Figure 2.1 shows a simple 2-layer neural network
consisting of an input layer x, a hidden layer z, and an output layer y. In this example, the
output layer is of length 1 (i.e. just a single scalar y). The model parameters of the neural
network are a matrix ↵ and a vector �.

The feed-forward computation proceeds as follows: we are given x as input (Fig. 2.1
(A)). Next, we compute an intermediate vector a, each entry of which is a linear combi-
nations of the input (Fig. 2.1 (B)). We then apply the sigmoid function �(a) = 1

1+exp(a)
element-wise to obtain z (Fig. 2.1 (C)). The output layer is computed in a similar fashion,
first taking a linear combination of the hidden layer to compute b (Fig. 2.1 (D)) then apply-
ing the sigmoid function to obtain the output y (Fig. 2.1 (E)). Finally we compute the loss
J (Fig. 2.1 (F)) as the squared distance to the true value y(d) from the training data.

We refer to this topology as an arithmetic circuit. It defines both a function mapping

12
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Output

Input

Hidden Layer

What does this picture actually mean?

Recall…



Backpropagation
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Training

Case 2:
Neural 
Network

2.2. NEURAL NETWORKS AND BACKPROPAGATION

The backward pass computes dJ
d✓j

8j.

Forward Backward

J = y⇤ log q + (1 � y⇤) log(1 � q)
dJ

dq
=

y⇤

q
+

(1 � y⇤)

q � 1

q =
1

1 + exp(�a)

dJ

da
=

dJ

dq

dq

da
,
dq

da
=

exp(a)

(exp(a) + 1)2

a =
DX

j=0

✓jxj
dJ

d✓j
=

dJ

da

da

d✓j
,
da

d✓j
= xj

dJ

dxj
=

dJ

da

da

dxj
,
da

dxj
= ✓j

2-Layer Neural Network Backpropagation for a 2-layer neural network looks very simi-
lar to the logistic regression example above. We have added a hidden layer z corresponding
to the latent features of the neural network. Note that our model parameters ✓ are defined
as the concatenation of the vector � (parameters for the output layer) with the vectorized
matrix ↵ (parameters for the hidden layer).

Forward Backward

J = y⇤ log q + (1 � y⇤) log(1 � q)
dJ

dq
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dzj
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exp(aj)

(exp(aj) + 1)2

aj =
MX
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dJ

d↵ji
=

dJ

daj

daj

d↵ji
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daj
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= xi

dJ

dxi
=

dJ

daj

daj

dxi
,
daj

dxi
=

DX

j=0

↵ji

Notice that this application of backpropagation computes both the derivatives with respect
to each model parameter dJ

d↵ji

and dJ
d�j

, but also the partial derivatives with respect to each
intermediate quantity dJ

daj

, dJ
dzj

, dJ
db ,

dJ
dy and the input dJ

dxi

.
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Hybrid: NN + HMM
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Computing the Gradient:

HQ; p(a, u) = �END,T

2.2. NEURAL NETWORKS AND BACKPROPAGATION
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Forward computation

�i,t = . . . (forward prob)
�i,t = . . . (backward prop)
�i,t = . . . (marginals)
ai,j = . . . (transitions)
bi,t = . . . (emissions) Y1 Y2 Y3 Y4 Y5

S1 S2 S3 S4 S5



Hybrid: NN + HMM

17

Computing the Gradient:

HQ; p(a, u) = �END,T

2.2. NEURAL NETWORKS AND BACKPROPAGATION
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Hybrid: NN + HMM
Experimental Setup:
• Task: Phoneme Recognition 

(aka. speaker independent 
recognition of plosive 
sounds)

• Eight output labels: 
– /p/, /t/, /k/, /b/, /d/, /g/, /dx/, 

/all other phonemes/
– These are the HMM hidden 

states

• Metric: Accuracy
• 3 Models:

1. NN only
2. NN + HMM 

(trained independently)
3. NN + HMM 

(jointly trained)
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(Bengio et al., 1992)



HYBRID:
CNN + CRF
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Markov Random Field (MRF)
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time flies like an arrow

n ψ2 v ψ4 p ψ6 d ψ8 n

ψ1 ψ3 ψ5 ψ7 ψ9

ψ0
<START>

p(n, v, p, d, n, time, flies, like, an, arrow)     =       (4 * 8 * 5 * 3 * 
…)

v n p d

v 1 6 3 4
n 8 4 2 0.1
p 1 3 1 3
d 0.1 8 0 0

v n p d

v 1 6 3 4
n 8 4 2 0.1
p 1 3 1 3
d 0.1 8 0 0

ti
m

e

fl
ie

s

li
k

e
…

v 3 5 3
n 4 5 2
p 0.1 0.1 3
d 0.1 0.2 0.1

ti
m

e

fl
ie

s

li
k

e
…

v 3 5 3
n 4 5 2
p 0.1 0.1 3
d 0.1 0.2 0.1

Joint distribution over tags Yi and words Xi

Recall…



Conditional Random Field (CRF)

24time flies like an arrow

n ψ2 v ψ4 p ψ6 d ψ8 n

ψ1 ψ3 ψ5 ψ7 ψ9

ψ0
<START>

v 3
n 4
p 0.1
d 0.1

v n p d

v 1 6 3 4
n 8 4 2 0.1
p 1 3 1 3
d 0.1 8 0 0

v n p d

v 1 6 3 4
n 8 4 2 0.1
p 1 3 1 3
d 0.1 8 0 0

v 5
n 5
p 0.1
d 0.2

Conditional distribution over tags Yi given words xi.
The factors and Z are now specific to the sentence x.

p(n, v, p, d, n | time, flies, like, an, arrow)     =       (4 * 8 * 5 * 3 * 
…)

Recall…



Hybrid: Neural Net + CRF
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v n p d

v .1 .4 .2 .3
n .8 .1 .1 0
p .2 .3 .2 .3
d .2 .8 0 0

S1 ψ2 S2 ψ4 S3 ψ6 S4 ψ8 S5

ψ1 ψ3 ψ5 ψ7 ψ9

ψ0<START>

v 3
n 4
p 0.1
d 0.1

v 5
n 5
p 0.1
d 0.2

v n p d

v .1 .4 .2 .3
n .8 .1 .1 0
p .2 .3 .2 .3
d .2 .8 0 0

time flies like an arrow

• In a standard CRF, each of the factor cells is a 
parameter (e.g. transition or emission)

• In the hybrid model, these values are computed 
by a neural network with its own parameters



Hybrid: Neural Net + CRF
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…

…

…

…

…

…

S1 ψ2 S2 ψ4 S3 ψ6 S4 ψ8 S5

ψ1 ψ3 ψ5 ψ7 ψ9

ψ0<START>

v 3
n 4
p 0.1
d 0.1

v n p d
v .1 .4 .2 .3
n .8 .1 .1 0
p .2 .3 .2 .3
d .2 .8 0 0

Forward computation



Hybrid: CNN + MRF
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Experimental Setup:
• Task: pose estimation

• Model: Deep CNN + MRF

Thompson et al., “Joint Training of a Convolutional Network and a Graphical Model for Human Pose Estimation” 
2014

The impact of the number of resolution banks is shown in Fig 8c). As expected, we see a big
improvement when multiple resolution banks are added. Also note that the size of the receptive
fields as well as the number and size of the pooling stages in the network also have a large impact on
the performance. We tune the network hyper-parameters using coarse meta-optimization to obtain
maximal validation set performance within our computational budget (less than 100ms per forward-
propagation).

Fig 9 shows the predicted joint locations for a variety of inputs in the FLIC and LSP test-sets. Our
network produces convincing results on the FLIC dataset (with low joint position error), however,
because our simple Spatial-Model is less effective for a number of the highly articulated poses in
the LSP dataset, our detector results in incorrect joint predictions for some images. We believe that
increasing the size of the training set will improve performance for these difficult cases.

Figure 9: Predicted Joint Positions, Top Row: FLIC Test-Set, Bottom Row: LSP Test-Set

5 Conclusion

We have shown that the unification of a novel ConvNet Part-Detector and an MRF inspired Spatial-
Model into a single learning framework significantly outperforms existing architectures on the task
of human body pose recognition. Training and inference of our architecture uses commodity level
hardware and runs at close to real-time frame rates, making this technique tractable for a wide variety
of application areas.

For future work we expect to further improve upon these results by increasing the complexity and
expressiveness of our simple spatial model (especially for unconstrained datasets like LSP).
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The FLIC-full dataset contains 20928 training images, however many of these training set
images contain samples from the 1016 test set scenes and so would allow unfair over-
training on the FLIC test set. Therefore, we propose a new dataset - called FLIC-plus
(http://cims.nyu.edu/⇠tompson/flic plus.htm) - which is a 17380 image subset from the FLIC-plus
dataset. To create this dataset, we produced unique scene labels for both the FLIC test set and FLIC-
plus training sets using Amazon Mechanical Turk. We then removed all images from the FLIC-plus
training set that shared a scene with the test set. Since 253 of the sample images from the original
3987 FLIC training set came from the same scene as a test set sample (and were therefore removed
by the above procedure), we added these images back so that the FLIC-plus training set is a superset
of the original FLIC training set. Using this procedure we can guarantee that the additional samples
in FLIC-plus are sufficiently independent to the FLIC test set samples.

For evaluation of the test-set performance we use the measure suggested by Sapp et. al. [27]. For a
given normalized pixel radius (normalized by the torso height of each sample) we count the number
of images in the test-set for which the distance of the predicted UV joint location to the ground-truth
location falls within the given radius.

Fig 7a and 7b show our model’s performance on the the FLIC test-set for the elbow and wrist joints
respectively and trained using both the FLIC and FLIC-plus training sets. Performance on the LSP
dataset is shown in Fig 7c and 8a. For LSP evaluation we use person-centric (or non-observer-
centric) coordinates for fair comparison with prior work [30, 8]. Our model outperforms existing
state-of-the-art techniques on both of these challenging datasets with a considerable margin.

(a) FLIC: Elbow (b) FLIC: Wrist (c) LSP: Wrist and Elbow

Figure 7: Model Performance

Fig 8b illustrates the performance improvement from our simple Spatial-Model. As expected the
Spatial-Model has little impact on accuracy for low radii threshold, however, for large radii it in-
creases performance by 8 to 12%. Unified training of both models (after independent pre-training)
adds an additional 4-5% detection rate for large radii thresholds.

(a) LSP: Ankle and Knee
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(b) FLIC: Wrist
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Figure 8: (a) Model Performance (b) With and Without Spatial-Model (c) Part-Detector Performance
Vs Number of Resolution Banks (FLIC subset)
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VAE: VARIATIONAL AUTO-
ENCODER 

28
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Recap: Interpreting the Lower Bound (ELBO)

F(y, q) = Eq(z) [log p(y|z)]�KL [q(z)||p(z)]
<latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit><latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit><latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit><latexit sha1_base64="Cv4RdEVfjCtE8c4x3kMvV/BDmD0="></latexit>

Approximate 
Posterior

Reconstruction PenaltyData

Reconstruction Cost: The 
expected log-likelihood 
measure how well 
samples from q(z) are able 
to explain the data y.

Penalty: Ensures the the 
explanation of the data 
q(z) doesn’t deviate too 
far from your beliefs p(z). 
A mechanism for realising
Okham’s razor. 

Approximate posterior 
distribution q(z): Best 
match to true posterior 
p(z|y), one of the unknown 
inferential quantities of 
interest to us.
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Recap: Decoder Encoder View

Data code-length Hypothesis codeStochastic encoder

Decoder
!"($|&)

Encoder
()(&|$)

z
<latexit sha1_base64="ZIEcf65VPxZvKc9m96CK2jDPgdQ="></latexit><latexit sha1_base64="ZIEcf65VPxZvKc9m96CK2jDPgdQ="></latexit><latexit sha1_base64="ZIEcf65VPxZvKc9m96CK2jDPgdQ="></latexit><latexit sha1_base64="ZIEcf65VPxZvKc9m96CK2jDPgdQ="></latexit>

Data x

Encoder: variational distribution *+(,|-)
Decoder: likelihood ./(-|,)

Slides Credit: Shakir Mohamed (DeepMind)

The goal:

max
�,✓

F(x, q�) = Eq�(z) [log p✓(x|z)]�KL [q�(z)||p(z)]
<latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit><latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit><latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit><latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit>

z ⇠ q�(z|x)
<latexit sha1_base64="kSwGc8xw1Nm9fCA2TEmgm0faw0g="></latexit><latexit sha1_base64="kSwGc8xw1Nm9fCA2TEmgm0faw0g="></latexit><latexit sha1_base64="kSwGc8xw1Nm9fCA2TEmgm0faw0g="></latexit><latexit sha1_base64="kSwGc8xw1Nm9fCA2TEmgm0faw0g="></latexit>

x ⇠ p✓(x|z)
<latexit sha1_base64="CKd6+Rqksywuni6Fl3Ti/9nKv/E="></latexit><latexit sha1_base64="CKd6+Rqksywuni6Fl3Ti/9nKv/E="></latexit><latexit sha1_base64="CKd6+Rqksywuni6Fl3Ti/9nKv/E="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="jLFrK3/l4ClTypeKDB2VwlIrqnw="></latexit><latexit sha1_base64="jLFrK3/l4ClTypeKDB2VwlIrqnw="></latexit><latexit sha1_base64="VGK2I5id0AeQkpYGDz2ZC3oA+6E="></latexit><latexit sha1_base64="CKd6+Rqksywuni6Fl3Ti/9nKv/E="></latexit><latexit sha1_base64="CKd6+Rqksywuni6Fl3Ti/9nKv/E="></latexit><latexit sha1_base64="CKd6+Rqksywuni6Fl3Ti/9nKv/E="></latexit><latexit sha1_base64="CKd6+Rqksywuni6Fl3Ti/9nKv/E="></latexit><latexit sha1_base64="CKd6+Rqksywuni6Fl3Ti/9nKv/E="></latexit><latexit sha1_base64="CKd6+Rqksywuni6Fl3Ti/9nKv/E="></latexit>
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How to implement it?
What is q exactly?

Approximate 
Posterior

max
�,✓

F(x, q�) = Eq�(z) [log p✓(x|z)]�KL [q�(z)||p(z)]
<latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit><latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit><latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit><latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit>



Variational Auto Encoder (VAE)
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Data code-length Hypothesis codeStochastic encoder

Encoder
!"($|&)

Data x

Amortization
(sharing parameters)

max
�,✓

F(x, q�) = Eq�(z) [log p✓(x|z)]�KL [q�(z)||p(z)]
<latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit><latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit><latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit><latexit sha1_base64="6LBvx+YoSQ/o0mq+5Y6l5LB5K9A="></latexit>

z ⇠ q�(z|x)
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Example:



Mapping the Distributions
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• VAE learns a mapping that 
transforms a simple
distribution, q(z), to a 
complicate distribution, 
q(z|x) so that the empirical 
distribution (in the x-space) 
are matched.

Fig Credit: Kingma’s thesis



Learning
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Alternative optimization for the variational parameters and then 
model parameters (VEM). 



Reparametrization Trick
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Changes of variables:

Examples (white board):



Reparametrization Trick
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Changes of variables:

What is it good for?

z is deterministic 

! is not a function of "

MC estimation with 
a single sample



Reparametrization Trick
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Changes of variables:



Back to the Learning…
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Can we improve the estimation of 
gradient?

(reduce the variance)

g(·)
<latexit sha1_base64="NqFKqTagOiOKxD8J2RuIgerdfII="></latexit><latexit sha1_base64="NqFKqTagOiOKxD8J2RuIgerdfII="></latexit><latexit sha1_base64="NqFKqTagOiOKxD8J2RuIgerdfII="></latexit><latexit sha1_base64="NqFKqTagOiOKxD8J2RuIgerdfII="></latexit>

z ⇠ p�(z)
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Let’s revisit the change of variables:



An Example of the Encoder
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Remember the change of the variable:

Constant



Some Results

http://www.dpkingma.com/sgvb_mnist_demo/demo.html
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http://www.dpkingma.com/sgvb_mnist_demo/demo.html


Variations
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Fig Credit: https://arxiv.org/pdf/1607.07539.pdf
Fig Credit: Learning Deconvolution Network for Semantic Segmentation 
http://arxiv.org/abs/1505.04366. 

https://arxiv.org/pdf/1607.07539.pdf


Variations
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Generating Sentences from a Continuous Space. S. R. Bowman, et al.c



How to use this technique in a 
Graphical Model?
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Example: Mixture Model

M. Johnson, Composing graphical models with neural networks for structured representations 
and fast inference, https://arxiv.org/pdf/1603.06277.pdf

✓
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https://www.youtube.com/watch?v=btr1poCYIzw&t=60s
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https://www.youtube.com/watch?v=btr1poCYIzw&t=60s


Limitations of VAE
• When applied to image data, it results into 

blurry images.
• For images, it is sensitive to irrelevant 

variance, e.g., translations.
• Not applicable to discrete latent variables.
• Limited flexibility: converting the data 

distribution to fixed, single-mode prior 
distribution 
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GAN: GENERATIVE ADVERSARIAL 
NETWORK
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GANs

• Introduced by Goodfellow et al., 2014

• Assumes implicit generative model

• Asymptotically consistent (unlike 
variational methods)

• No Markov chains needed

• Often regarded as producing the best
samples (but,… no good way to quantify 
it)
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Generator Network
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z ⇠ N (0, I)
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• Maps noise variable to the data space
• Must be differentiable but no invertibility is

required



1-D Example

49Figure: Roger Grosse



Learning

• Train ! to discriminate between training 
examples and generated samples 

• Train  " to fool the discriminator 

50Figure courtesy: Kim’s slides 



Minimax Game

Fixing G
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Optimal D: 

Taking derivative of 
!log % + 'log(1 − %)



Discriminator Strategy
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Minimax Game

Substituting 

53

GANs minimizes the Jensen–Shannon divergence 
between two distributions.



More Stable Version
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Redford et al., “Unsupervised Representation Learning with Deep Convolutional Generative 
Adversarial Networks”

• DCGAN: Most “deconvs” are batch 
normalized 
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Redford et al., “Unsupervised Representation Learning with Deep Convolutional Generative 
Adversarial Networks”



Practical Issues
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Strong intra-batch correlation



Practical Issues
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Mode Collapse



Practical Issues
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