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Supervised Learning

´ Data: (x, y)
x is input, y is output/response (label) 

´ Goal: Learn a function to map x -> y 

´ Examples: 
´ Classification, 

´ regression, 

´ object detection,

´ semantic segmentation,
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Today: Unsupervised Learning

´ Data: x
Just input data, no output labels! 

´ Goal: Learn some underlying hidden structure of the data 

´ Examples: 
´ Clustering, 

´ dimensionality reduction (manifold learning), 

´ Density (probability) estimation, 

´ Generative models:

´ Autoencoder

´ GANs, etc. 
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PCA: Principal Component Analysis
4 1. GEOMETRY OF PCA AND MDS

Figure 1. Principal Component Analysis as the best a�ne sub-
space approximation of data.

Plug in the expression of µ̂n and �i

I =
nX

i=1

kxi � µ̂n � UUT (xi � µ̂n)k2(2)

=
nX

i=1

kxi � µ̂n � Pk(xi � µ̂n)k2(3)

=
nX

i=1

kyi � Pk(yi)k
2, yi := xi � µ̂n(4)

(5)

where Pk = UUT is a projection operator satisfying the idempotent property P 2
k =

Pk.
Denote Y = [y1|y2| · · · |yn] 2 Rp⇥n, whence the original problem turns into

min
U

nX

i=1

kyi � Pk(yi)k
2 = min trace[(Y � PkY )T (Y � PkY )]

= min trace[Y T (I � Pk)(I � Pk)Y ]

= min trace[Y Y T (I � Pk)
2]

= min trace[Y Y T (I � Pk)]

= min[trace(Y Y T ) � trace(Y Y TUUT )]

= min[trace(Y Y T ) � trace(UTY Y TU)].

Above we use cyclic property of trace and idempotent property of projection.
Since Y does not depend on U , the problem above is equivalent to

(6) max
UUT=Ik

Var(UTY ) = max
UUT=Ik

1

n
trace(UTY Y TU) = max

UUT=Ik
trace(UT ⌃̂nU)

I Data: xi = (xi1, ..., xip), i = 1, ..., n.

I Compute sample covariance matrix, e.g.
S = 1

n

Pn
i=1(xi � µ̂)T (xi � µ̂).

I Decompose into eigenvalue-eigenvector pairs:

S = ê⇤̂êT = (ê1
......

...êp)⇤̂

0

B@
ê1
...
êp

1

CA

where ⇤̂ = diag(�̂1, ..., �̂p).

I (�̂k , êk) are eigen-value-eigenvector pairs, �̂1 � ... � �̂p.

10.1 Principal component analysis. 7

Can you find a low dimensional affine representation?



PCA
I The k-th sample PC.s:

Zk =

0

B@
z1k
...

znk

1

CA = (X� 1µ̂T )êk

– êk is called the k-th loading vector
– Component-wise, zik = (xi � µ̂)T êk are the k-th principle

component scores of the i-th observation.

I �̂k measures the importance of the k-th PC.

I �̂k/(�̂1 + ...+ �̂p) = �̂k/trace(S) is interpreted as percentage
of the total variation explained by Yk .

I Usually retain the first few PCs.

I PCs are uncorrelated with each other.

10.1 Principal component analysis. 8



Example: USArrests Data
Example: USArrests data

For each of the 50 states in the United States, the data set
contains the number of arrests per 100, 000 residents for each of
three crimes: Assault, Murder, and Rape.
We also record UrbanPop (the percent of the population in each
state living in urban areas).
The principal component score vectors Zk have length n = 50, and
the principal component loading vectors (êk) have length p = 4.
PCA was performed after standardizing each variable to have mean
zero and standard deviation one.

10.1 Principal component analysis. 9
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Figure: 10.1. Next page
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Example: USArrests data

PC1 PC2
Murder 0.5358995 0.4181809
Assault 0.5831836 0.1879856
UrbanPop 0.2781909 0.8728062
Rape 0.5434321 0.1673186

Table 10.1. The principal component loading vectors, ê1 and ê2,
for the USArrests data. These are also displayed in Figure 10.1.

10.1 Principal component analysis. 10



Manifold Learning: Nonlinear 
Dimensionality Reduction
´ MDS

´ ISOMAP

´ LLE: Locally linear Embedding

´ Laplacian Eigenmap

´ Hessian Eigenmap

´ Diffusion Map

´ LTSA: Local Tangent Space Alignment

´ *MDS-SDP (Sensor-Network-Localization)

´ t-SNE

´ https://scikit-learn.org/stable/modules/manifold.html

´ https://yao-lab.github.io/2020.csic5011/



K-Means ClusteringK-Means cluster algorithm

Algorithm 10.1 K-Means Clustering

I 1. Randomly assign a number, from 1 to K, to each of the
observations. These serve as initial cluster assignments for the
observations.

I 2. Iterate until the cluster assignments stop changing:
1. For each of the K clusters, compute the cluster centroid. The

kth cluster centroid is the vector of the p feature means for the
observations in the kth cluster.

2. Assign each observation to the cluster whose centroid is closest
(where closest is defined using Euclidean distance).

10.2. Clustering methods 31

Data Step 1 Iteration 1, Step 2a

Iteration 1, Step 2b Iteration 2, Step 2a Final Results

Figure: 10.6

10.2. Clustering methods 33

FIGURE 10.6. The progress of the K-means algorithm on the
example of Figure 10.5 with K = 3. Top left: the observations are
shown. Top center: in Step 1 of the algorithm, each observation is
randomly assigned to a cluster. Top right: in Step 2(a), the cluster
centroids are computed. These are shown as large colored disks.
Initially the centroids are almost completely overlapping because
the initial cluster assignments were chosen at random. Bottom
left: in Step 2(b), each observation is assigned to the nearest
centroid. Bottom center: Step 2(a) is once again performed,
leading to new cluster centroids. Bottom right: the results
obtained after ten iterations.

10.2. Clustering methods 34



Hierarchical Clustering Algorithms
(Agglomerative)Hierarchical clustering algorithm

I 1. Begin with n observations and a measure (such as
Euclidean distance) of all the

�n
2

�
= n(n � 1)/2 pairwise

dissimilarities. Treat each observation as its own cluster.
I 2. For i = n, n � 1, ...2:

1. Examine all pairwise inter-cluster dissimilarities among the i
clusters and identify the pair of clusters that are least
dissimilar (that is, most similar). Fuse these two clusters. The
dissimilarity between these two clusters indicates the height in
the dendrogram at which the fusion should be placed.

2. Compute the new pairwise inter-cluster dissimilarities among
the i � 1 remaining clusters.

10.2. Clustering methods 44

Linkage: the dissimilarity measure between two clusters

Linkage Description
Complete Maximal intercluster dissimilarity. Compute all pairwise

dissimilarities between the observations in cluster A and the
observations in cluster B, and record the largest of these dissimilarities.

Single Minimal intercluster dissimilarity. Compute all pairwise
dissimilarities between the observations in cluster A and the observations
in cluster B, and record the smallest of these dissimilarities. Single
linkage can result in extended, trailing clusters in which single
observations are fused one-at-a-time.

Average Mean intercluster dissimilarity. Compute all pairwise dissimilarities
between the observations in cluster A and the observations in cluster B,
and record the average of these dissimilarities.

Centroid Dissimilarity between the centroid for cluster A (a mean vector
of length p) and the centroid for cluster B. Centroid linkage can
result in undesirable inversions.

TABLE 10.2. A summary of the four most commonly-used types of linkage

10.2. Clustering methods 45
Average Linkage Complete Linkage Single Linkage

Figure: 10.12. Average, complete, and single linkage applied to an example data set.
Average and complete linkage tend to yield more balanced clusters.

10.2. Clustering methods 47
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´ We are going to focus on:
´ Variational AutoEncoder (VAE)

´ Generative Adversarial Network (GAN)
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Variational Autoencoders (VAE)



)HL�)HL�/L�	�-XVWLQ�-RKQVRQ�	�6HUHQD�<HXQJ /HFWXUH����� 0D\���������

6RPH�EDFNJURXQG�ILUVW��$XWRHQFRGHUV

��

(QFRGHU

,QSXW�GDWD

)HDWXUHV

8QVXSHUYLVHG�DSSURDFK�IRU�OHDUQLQJ�D�ORZHU�GLPHQVLRQDO�IHDWXUH�UHSUHVHQWDWLRQ�
IURP�XQODEHOHG�WUDLQLQJ�GDWD

e.g. PCA, Manifold 
Learning, Dictionary 
Learning



)HL�)HL�/L�	�-XVWLQ�-RKQVRQ�	�6HUHQD�<HXQJ /HFWXUH����� 0D\���������

6RPH�EDFNJURXQG�ILUVW��$XWRHQFRGHUV

��

(QFRGHU

,QSXW�GDWD

)HDWXUHV

+RZ�WR�OHDUQ�WKLV�IHDWXUH�UHSUHVHQWDWLRQ"
7UDLQ�VXFK�WKDW�IHDWXUHV�FDQ�EH�XVHG�WR�UHFRQVWUXFW�RULJLQDO�GDWD
³$XWRHQFRGLQJ´���HQFRGLQJ�LWVHOI

'HFRGHU

5HFRQVWUXFWHG�
LQSXW�GDWD

e.g. PCA, Manifold Learning, 
Dictionary Learning, Matrix 
Factorization: D = E’



Deep Autoencoder
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Deep Learning for decoders
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L2 Loss functions
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Autoencoders for Transfer Learning
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Variational Autoencoders: Intractability
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Variational Lower Bounds
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.LQJPD�DQG�:HOOLQJ��³$XWR�(QFRGLQJ�9DULDWLRQDO�%D\HV´��,&/5�����

9DULDWLRQDO�$XWRHQFRGHUV��,QWUDFWDELOLW\

'DWD�OLNHOLKRRG�
ʰ

䘠

䘠

3RVWHULRU�GHQVLW\�DOVR�LQWUDFWDEOH�
ʰ䘠

䘠

6ROXWLRQ��,Q�DGGLWLRQ�WR�GHFRGHU�QHWZRUN�PRGHOLQJ�Sș�[_]���GHILQH�DGGLWLRQDO�
HQFRGHU�QHWZRUN�T݊�]_[��WKDW�DSSUR[LPDWHV�Sș�]_[�

:LOO�VHH�WKDW�WKLV�DOORZV�XV�WR�GHULYH�D�ORZHU�ERXQG�RQ�WKH�GDWD�OLNHOLKRRG�WKDW�LV�
WUDFWDEOH��ZKLFK�ZH�FDQ�RSWLPL]H
�
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9DULDWLRQDO�$XWRHQFRGHUV

��

.LQJPD�DQG�:HOOLQJ��³$XWR�(QFRGLQJ�9DULDWLRQDO�%D\HV´��,&/5�����

(QFRGHU�QHWZRUN

6LQFH�ZH¶UH�PRGHOLQJ�SUREDELOLVWLF�JHQHUDWLRQ�RI�GDWD��HQFRGHU�DQG�GHFRGHU�QHWZRUNV�DUH�SUREDELOLVWLF

'HFRGHU�QHWZRUN

�SDUDPHWHUV�݊� �SDUDPHWHUV�ș�

6DPSOH�]�IURP 6DPSOH�[_]�IURP

(QFRGHU�DQG�GHFRGHU�QHWZRUNV�DOVR�FDOOHG�
³UHFRJQLWLRQ´�³LQIHUHQFH´�DQG�³JHQHUDWLRQ´�QHWZRUNV
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http://dx.doi.org/10.1016/j.acha.2015.11.005

In project 1, some explorations can be found here for your reference:

1) Jianhui ZHANG, Hongming ZHANG,Weizhi ZHU, and Min FAN: https://deeplearning-math.
github.io/slides/Project1_ZhangZhangZhuFan.pdf,

2) Wei HU, Yuqi ZHAO, Rougang YE, and Ruijian HAN: https://deeplearning-math.

github.io/slides/Project1_HuZhaoYeHan.pdf.

Moreover, the following report by Shun ZHANG from Fudan University presents a comparison
with Neural Style features:

3) https://www.dropbox.com/s/ccver43xxvo14is/ZHANG.Shun_essay.pdf?dl=0.

Appendix

`(w) = �
X

i2Mw

yi hw,xii , Mw = {i : yi hxi, wi < 0, yi 2 {�1, 1}}.

wt+1 = wt � ⌘tri`(w)

=

⇢
wt � ⌘tyixi, if yiwT

t xi < 0,
wt, otherwise.

ti = yi

Max-Margin:

min kwk2

s.t. yix
T
i w � 1, 8i

f(x) = W2�(W1x)

where �(u) = max(0, u) is ReLU, W1 2 Rd⇥q, and W2 2 Rq⇥1

Margin

� := min
i

yif(xi)

Normalized Margin

�n :=
�

Q2
i=1 kWik

Assume that ⌃x|z and ⌃z|x are both diagonal, i.e. conditional independence.
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9DULDWLRQDO�$XWRHQFRGHUV
1RZ�HTXLSSHG�ZLWK�RXU�HQFRGHU�DQG�GHFRGHU�QHWZRUNV��OHW¶V�ZRUN�RXW�WKH��ORJ��GDWD�OLNHOLKRRG�

7KLV�./�WHUP��EHWZHHQ�
*DXVVLDQV�IRU�HQFRGHU�DQG�]�
SULRU��KDV�QLFH�FORVHG�IRUP�
VROXWLRQ�

Sș�]_[��LQWUDFWDEOH��VDZ�
HDUOLHU���FDQ¶W�FRPSXWH�WKLV�./�
WHUP�����%XW�ZH�NQRZ�./�
GLYHUJHQFH�DOZD\V��! ���

'HFRGHU�QHWZRUN�JLYHV�Sș�[_]���FDQ�
FRPSXWH�HVWLPDWH�RI�WKLV�WHUP�WKURXJK�
VDPSOLQJ���6DPSOLQJ�GLIIHUHQWLDEOH�
WKURXJK�UHSDUDP��WULFN��VHH�SDSHU��)HL�)HL�/L�	�-XVWLQ�-RKQVRQ�	�6HUHQD�<HXQJ /HFWXUH����� 0D\�����������

9DULDWLRQDO�$XWRHQFRGHUV
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1RZ�HTXLSSHG�ZLWK�RXU�HQFRGHU�DQG�GHFRGHU�QHWZRUNV��OHW¶V�ZRUN�RXW�WKH��ORJ��GDWD�OLNHOLKRRG�

7UDFWDEOH�ORZHU�ERXQG�ZKLFK�ZH�FDQ�WDNH�
JUDGLHQW�RI�DQG�RSWLPL]H���Sș�[_]��GLIIHUHQWLDEOH��
./�WHUP�GLIIHUHQWLDEOH�



)HL�)HL�/L�	�-XVWLQ�-RKQVRQ�	�6HUHQD�<HXQJ /HFWXUH����� 0D\�����������

9DULDWLRQDO�$XWRHQFRGHUV
1RZ�HTXLSSHG�ZLWK�RXU�HQFRGHU�DQG�GHFRGHU�QHWZRUNV��OHW¶V�ZRUN�RXW�WKH��ORJ��GDWD�OLNHOLKRRG�

9DULDWLRQDO�ORZHU�ERXQG��³(/%2´� 7UDLQLQJ��0D[LPL]H�ORZHU�ERXQG

5HFRQVWUXFW
WKH�LQSXW�GDWD

0DNH�DSSUR[LPDWH�
SRVWHULRU�GLVWULEXWLRQ�
FORVH�WR�SULRU



Stage I: Encoder
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(QFRGHU�QHWZRUN

,QSXW�'DWD

9DULDWLRQDO�$XWRHQFRGHUV
3XWWLQJ�LW�DOO�WRJHWKHU��PD[LPL]LQJ�WKH�
OLNHOLKRRG�ORZHU�ERXQG

0DNH�DSSUR[LPDWH�
SRVWHULRU�GLVWULEXWLRQ�
FORVH�WR�SULRU



Stage II: Decoder.
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(QFRGHU�QHWZRUN

'HFRGHU�QHWZRUN

6DPSOH�]�IURP

6DPSOH�[_]�IURP

,QSXW�'DWD

9DULDWLRQDO�$XWRHQFRGHUV
3XWWLQJ�LW�DOO�WRJHWKHU��PD[LPL]LQJ�WKH�
OLNHOLKRRG�ORZHU�ERXQG

0DNH�DSSUR[LPDWH�
SRVWHULRU�GLVWULEXWLRQ�
FORVH�WR�SULRU

0D[LPL]H�
OLNHOLKRRG�RI�
RULJLQDO�LQSXW�
EHLQJ�
UHFRQVWUXFWHG

)RU�HYHU\�PLQLEDWFK�RI�LQSXW�
GDWD��FRPSXWH�WKLV�IRUZDUG�
SDVV��DQG�WKHQ�EDFNSURS�



VAE: generating data
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'HFRGHU�QHWZRUN

6DPSOH�]�IURP
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9DULDWLRQDO�$XWRHQFRGHUV��*HQHUDWLQJ�'DWD�
8VH�GHFRGHU�QHWZRUN���1RZ�VDPSOH�]�IURP�SULRU� 'DWD�PDQLIROG�IRU���G�]

9DU\�]�

9DU\�]�.LQJPD�DQG�:HOOLQJ��³$XWR�(QFRGLQJ�9DULDWLRQDO�%D\HV´��,&/5�����



VAE: generating data
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9DU\�]�

9DU\�]�

'HJUHH�RI�VPLOH

+HDG�SRVH

'LDJRQDO�SULRU�RQ�]�
 !�LQGHSHQGHQW�
ODWHQW�YDULDEOHV

'LIIHUHQW�
GLPHQVLRQV�RI�]�
HQFRGH�
LQWHUSUHWDEOH�IDFWRUV�
RI�YDULDWLRQ

$OVR�JRRG�IHDWXUH�UHSUHVHQWDWLRQ�WKDW�
FDQ�EH�FRPSXWHG�XVLQJ�T݊�]_[���

.LQJPD�DQG�:HOOLQJ��³$XWR�(QFRGLQJ�9DULDWLRQDO�%D\HV´��,&/5�����



VAE: Generating Data

)HL�)HL�/L�	�-XVWLQ�-RKQVRQ�	�6HUHQD�<HXQJ /HFWXUH����� 0D\�����������

9DULDWLRQDO�$XWRHQFRGHUV��*HQHUDWLQJ�'DWD�

��[���&,)$5���
/DEHOHG�)DFHV�LQ�WKH�:LOG

�QOkgIh�E]dsgQOPj�¥ ¦��QgX��Q[OZ<�Ij�<Y��ÃÁÂÇ��¥.¦��[GIgh� <ghI[�Ij�<Y��ÃÁÂÈ��.Idg]GkEIG�qQjP�dIgZQhhQ][��



Variational Autoencoders

´ Probabilistic spin to traditional autoencoders => allows generating data
Defines an intractable density => derive and optimize a (variational) lower bound 

´ Pros: 
´ Principled approach to generative models 
´ Allows inference of q(z|x), can be useful feature representation for other tasks 

´ Cons: 
´ Maximizes lower bound of likelihood
´ Samples blurrier and lower quality compared to state-of-the-art (GANs) 

´ Active areas of research: 
´ More flexible approximations, e.g. richer approximate posterior instead of diagonal 

Gaussian 
´ Incorporating structure in latent variables 



Generative Adversarial Networks 
(GAN)
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6R�IDU���
3L[HO&11V�GHILQH�WUDFWDEOH�GHQVLW\�IXQFWLRQ��RSWLPL]H�OLNHOLKRRG�RI�WUDLQLQJ�GDWD�

9$(V�GHILQH�LQWUDFWDEOH�GHQVLW\�IXQFWLRQ�ZLWK�ODWHQW�]���

&DQQRW�RSWLPL]H�GLUHFWO\��GHULYH�DQG�RSWLPL]H�ORZHU�ERXQG�RQ�OLNHOLKRRG�LQVWHDG

��
�

:KDW�LI�ZH�JLYH�XS�RQ�H[SOLFLWO\�PRGHOLQJ�GHQVLW\��DQG�MXVW�ZDQW�DELOLW\�WR�VDPSOH"

*$1V��GRQ¶W�ZRUN�ZLWK�DQ\�H[SOLFLW�GHQVLW\�IXQFWLRQ�
,QVWHDG��WDNH�JDPH�WKHRUHWLF�DSSURDFK��OHDUQ�WR�JHQHUDWH�IURP�WUDLQLQJ�GLVWULEXWLRQ�
WKURXJK���SOD\HU�JDPH
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ZD\�WR�GR�WKLV�

6ROXWLRQ��6DPSOH�IURP�D�VLPSOH�GLVWULEXWLRQ��H�J��UDQGRP�QRLVH���/HDUQ�WUDQVIRUPDWLRQ�WR�
WUDLQLQJ�GLVWULEXWLRQ�

���

*HQHUDWLYH�$GYHUVDULDO�1HWZRUNV

��
�

],QSXW��5DQGRP�QRLVH

*HQHUDWRU�
1HWZRUN

2XWSXW��6DPSOH�IURP�
WUDLQLQJ�GLVWULEXWLRQ�

4��:KDW�FDQ�ZH�XVH�WR�
UHSUHVHQW�WKLV�FRPSOH[�
WUDQVIRUPDWLRQ"

$��$�QHXUDO�QHWZRUN�

,DQ�*RRGIHOORZ�HW�DO���³*HQHUDWLYH�
$GYHUVDULDO�1HWV´��1,36�����
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]5DQGRP�QRLVH

*HQHUDWRU�1HWZRUN

'LVFULPLQDWRU�1HWZRUN

)DNH�,PDJHV
�IURP�JHQHUDWRU�

5HDO�,PDJHV
�IURP�WUDLQLQJ�VHW�

5HDO�RU�)DNH

,DQ�*RRGIHOORZ�HW�DO���³*HQHUDWLYH�
$GYHUVDULDO�1HWV´��1,36�����

)DNH�DQG�UHDO�LPDJHV�FRS\ULJKW�(PLO\�'HQWRQ�HW�DO��������5HSURGXFHG�ZLWK�SHUPLVVLRQ�



Training GANs: Minimax Game
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0LQLPD[�REMHFWLYH�IXQFWLRQ�
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Training GANs: Minimax Game
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Training GANs
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The Issue in Training GANs
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$OWHUQDWH�EHWZHHQ�
�� *UDGLHQW�DVFHQW�RQ�GLVFULPLQDWRU

������*UDGLHQW�GHVFHQW�RQ�JHQHUDWRU

,Q�SUDFWLFH��RSWLPL]LQJ�WKLV�JHQHUDWRU�REMHFWLYH�
GRHV�QRW�ZRUN�ZHOO�

,DQ�*RRGIHOORZ�HW�DO���³*HQHUDWLYH�
$GYHUVDULDO�1HWV´��1,36�����

:KHQ�VDPSOH�LV�OLNHO\�
IDNH��ZDQW�WR�OHDUQ�
IURP�LW�WR�LPSURYH�
JHQHUDWRU��%XW�
JUDGLHQW�LQ�WKLV�UHJLRQ�
LV�UHODWLYHO\�IODW�

*UDGLHQW�VLJQDO�
GRPLQDWHG�E\�UHJLRQ�
ZKHUH�VDPSOH�LV�
DOUHDG\�JRRG



The Log D trick
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������,QVWHDG��*UDGLHQW�DVFHQW�RQ�JHQHUDWRU��GLIIHUHQW�
REMHFWLYH

,QVWHDG�RI�PLQLPL]LQJ�OLNHOLKRRG�RI�GLVFULPLQDWRU�EHLQJ�FRUUHFW��QRZ�
PD[LPL]H�OLNHOLKRRG�RI�GLVFULPLQDWRU�EHLQJ�ZURQJ��
6DPH�REMHFWLYH�RI�IRROLQJ�GLVFULPLQDWRU��EXW�QRZ�KLJKHU�JUDGLHQW�
VLJQDO�IRU�EDG�VDPSOHV� !�ZRUNV�PXFK�EHWWHU��6WDQGDUG�LQ�SUDFWLFH�

,DQ�*RRGIHOORZ�HW�DO���³*HQHUDWLYH�
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+LJK�JUDGLHQW�VLJQDO�

/RZ�JUDGLHQW�VLJQDO�
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7UDLQLQJ�*$1V��7ZR�SOD\HU�JDPH

��
�

3XWWLQJ�LW�WRJHWKHU��*$1�WUDLQLQJ�DOJRULWKP

,DQ�*RRGIHOORZ�HW�DO���³*HQHUDWLYH�
$GYHUVDULDO�1HWV´��1,36�����

Other Losses (Wasserstein Distance, KL-divergence) are better in stability! 
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Reference of GANs

´ The GAN zoo: https://github.com/hindupuravinash/the-gan-zoo

´ See also: https://github.com/soumith/ganhacks for tips and tricks for 
trainings GANs 



GANs

´ Don’t work with an explicit density function
Take game-theoretic approach: learn to generate from training distribution 
through 2-player minimax zero-sum game 

´ Pros:
´ Beautiful, state-of-the-art samples! 

´ Cons: 
´ Trickier / more unstable to train 
´ Can’t solve inference queries such as p(x), p(z|x) 

´ Active areas of research: 
´ Better loss functions, more stable training (Wasserstein GAN, LSGAN, etc.) 
´ Conditional GANs, GANs for all kinds of applications 



Thank you!


