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Reminders

* Homework 4: MCMC
— Out: Mon, Oct 24
— Due: Fri, Nov 3 at 11:59pm




BAYESIAN INFERENCE FOR
PARAMETER ESTIMATION
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L DA Inference
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Unsupervised Learning

Three learning paradigms:
1. Maximum likelihood estimation (MLE)

arg m@axp(X]@)
2. Maximum a posteriori (MAP) estimation
arg max p(60]X) o p(X|0)p(9)

3. Bayesian approach

Estimate the posterior:

p(0|X)= ...



L DA Inference
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L DA Inference

* Standard EM (MAP Estimation)
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L DA Inference

* Monte Carlo EM (MAP Estimation)
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L DA Inference
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Exact Inference in LDA

* Exactly computing the posterior is intractable in
LDA

— Junction tree algorithm: exact inference in general
graphical models
1. “moralization” converts directed to undirected
2. ‘“triangulation” breaks 4-cycles by adding edges
3. (liques arranged into a junction tree

— Time complexity is exponential in size of cliques
— LDA cliques will be large (at least O(# topics)), so
complexity is O(2% topics)

* Exact MAP inference in LDA is NP-hard for a
large number of topics (Sontag & Roy, 2011)



L DA Inference
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L DA Inference

Whiteboard:
— Explicit Gibbs Sampler for LDA



L DA Inference
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L DA Inference

Whiteboard:
— Collapsed Gibbs Sampler for LDA



COLLAPSED GIBBS SAMPLER FOR
LDA



Collapsed Gibbs Sampler for LDA

Goal:
— Draw samples from the posterior p(Z|X, a, 3)

— Integrate out topics ¢ and document-specific
distribution over topics 6

Algorithm:

— While not done...
* For each document, m:
— For each word, n:

» Resample a single topic assignment using
the full conditionals forz,,,



Collapsed Gibbs Sampler for LDA

* What can we do with samples of z, ?
— Mean ofz,,,
— Mode of z,,
— Estimate posterior overz,,,

— Estimate of topics ¢ and document-specific
distribution over topics 6
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Collapsed Gibbs Sampler for LDA

 Full conditionals

—i —i
Ny, + B L Mg T Q%
T —1 K —4
szl Mo + 5’0 ijl nmj + Q
where £, m are given by ¢

n,, = # times topic k appears with type ¢

p(zz — k‘Z_iaXaaHB) —

n, = # times topic k appears in document m



Collapsed Gibbs Sampler for LDA

Whiteboard:
— Efficient computation of count variables



Collapsed Gibbs Sampler for LDA

e Sketch of the derivation of the full

conditionals
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Dirichlet-Multinomial Model

* The Dirichlet is conjugate to the Multinomial

¢ ~ Dir(3) [draw distribution over words]
For each wordn € {1,..., N}
T, ~ Mult(1, @) [draw word]

e The posterior of ¢ is p(¢p|X) = p()gzé)g;(@

e Define the count vector nn such that n; denotes the number of
times word ¢ appeared

e Then the posterior is also a Dirichlet distribution:
p(¢|X) ~ Dir(8 + n)



Dirichlet-Multinomial Model

* Why conjugacy is so useful

-

p(X o) = L p(X|D)p(dlex) do
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Collapsed Gibbs Sampler for LDA

Algorithm

// 1lnlitlalisation

(k) )

zero all count variables, n,,", ny,, 1", ny

for all documents m € [1, M] do

for all words n € [1, N,,] in document m do
sample topic index z,, ,=k ~ Mult(1/K)

increment document—topic count: n( b 4=1

increment document—topic sum: n,, +=1
increment topic—term count: n( ) 4=1

increment topic—term sum: ny +=1




Collapsed Gibbs Sampler for LDA

Algorithm

// Gibbs sampling over burn-in period and sampling period

while not finished do

for all documents m € [1, M] do

for all words n € [1, N,,] in document m do

// for the current assignment of k to a term ¢ for word wy,:

decrement counts and sums: n,(ff) —=1;n, =1; n,(f) —=1;n, —=1

// multinomial sampling acc. to Eq. 78 (decrements from previous step):
sample topic index k ~ p(z;|Z-i, W)

// for the new assignment of z,, to the term ¢ for word w,:

i k
increment counts and sums: n,(n) +=1;n,, +=1; n]g) +=1;n; +=1




Collapsed Gibbs Sampler for LDA

Whiteboard:

— Q: How to recover parameter estimates from
the collapsed Gibbs sampler?

— Dirichlet distribution over parameters
— Expected values of the parameters



Why does Gibbs sampling work?

Metropolis-Hastings
— Markov chains
— Stationary distribution

— MH Algorithm

* Constructs a Markov chain whose stationary distribution is the
desired distribution
— Proof that samples will be from desired distribution:

 Sufficient conditions for constructing a markov chain with desired
stationary distribution:
— ergodicity
— detailed balance (stronger, than what we need, but easier for the proof)

Gibbs Sampling is a special case of Metropolis-Hastings

— a special proposal distribution, which ensures the hastings
ratio is always 1.0



EXTENSIONS OF LDA



Extensions to the LDA Model

ON

() B
* Correlated topic models g{:cnd} Zan V[C/) e

— Logistic normal prior over p D K
topic assignments

o A 7

* Dynamic topic models Jelile e

— Learns topic changes over “O |0 e
time "o e e .

* Polylingual topic models 5

K ﬂkl 5/0,2 6kT

— Learns topics aligned
across multiple languages




(Blei & Lafferty, 2004)

Correlated Topic Models

P
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e The Dirichlet is a distribution on the simplex, positive vectors that sum to 1.

It assumes that components are nearly independent.

e In real data, an article about fossil fuels is more likely to also be about
geology than about genetics.

Slide from David Blei, MLSS 2012 *



(Blei & Lafferty, 2004)

Correlated Topic Models

Alphs =[200 1000 200]
Alpha ={10.00 1000 1000}

e The Dirichlet is a distribution on the simplex, positive vectors that sum to 1.

e It assumes that components are nearly independent.

e In real data, an article about fossil fuels is more likely to also be about
geology than about genetics.

Slide from David Blei, MLSS 2012 v



(Blei & Lafferty, 2004)

Correlated Topic Models

0.2 0.14
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e The logistic normal is a distribution on the simplex that can model
dependence between components (Aitchison, 1980).
e The log of the parameters of the multinomial are drawn from a multivariate
Gaussian distribution,
X ~ Nk(wX)
9,‘ X exp{x,-}.
38

Slide from David Blei, MLSS 2012



Logistic normal prior

(Blei & Lafferty, 2004)

Correlated Topic Models
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Draw topic proportions from a logistic normal

This allows topic occurrences to exhibit correlation.

Provides a “map” of topics and how they are related

Provides a better fit to text data, but computation is more complex

Slide from David Blei, MLSS 2012



(Blei & Lafferty, 2004)

Correlated Topic Models
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Slide from David Blei, MLSS 2012



(Blei & Lafferty, 2006)

Dynamic Topic Models
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High-level idea:
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(Blei & Lafferty, 2006)
Dynamic Topic Models

1789 2009

Inaugural addresses
My fellow citizens: I stand here today humbled by the task AMONG the vicissitudes incident to life no event could
before us, grateful for the trust you have bestowed, mindful have filled me with greater anxieties than that of which
of the sacrifices borne by our ancestors... the notification was transmitted by your order...

e LDA assumes that the order of documents does not matter.
e Not appropriate for sequential corpora (e.g., that span hundreds of years)
e Further, we may want to track how language changes over time.

e Dynamic topic models let the topics drift in a sequence.

Slide from David Blei, MLSS 2012
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(Blei & Lafferty, 2006)

Dynamic Topic Models

Generative Story

Logistic-normal priors

The pi function maps from the
natural parameters to the mean
parameters:

xp(Bk,t.w
T(Bk,t)w = Zile)iplzgk,t?w)'
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(Blei & Lafferty, 2006)

Dynamic Topic Models

Top ten most likely words in a “drifting” topic
shown at 10-year increments

(1880 ) (1890 ) (1900 ) (1910 ) (1920 ) (1930 (1940 )
electric electric apparatus air apparatus tube air
machine power steam water tube apparatus tube
power company power engineering air glass apparatus
engine steam engine apparatus pressure air glass
steam |—| electrical —¥{ engineering room —»| water [—®| mercury [—¥|laboratory

two machine water laboratory glass laboratory rubber
machines two construction engineer gas pressure pressure
iron system engineer made made made small
battery motor room gas laboratory gas mercury
 wire ) __engine feet _ tube __mercury | __small _ gas |

v

(1950 | ( 1960 ) ( 1970 ) ( 1980 ) ( 1990 ) ( 2000 )
tube tube air high materials devices
apparatus system heat power high device
glass temperature power design power materials
air air system heat current current
chamber heat —» temperature —»| system | applications —» gate
instrument chamber chamber systems technology high
small power high devices devices light
laboratory high flow instruments design silicon
pressure instrument tube control device material
rubber ) ( control J ( design ) | large | | heat ) | technology |




(Blei & Lafferty, 2006)

Dynamic Topic Models

Posterior estimate of word frequency as a function of
year for three words each in two separate topics:

"Theoretical Physics"

"Neuroscience"

1900

1920 1940 1960 1980 2000

OXYGEN

1900 1920 1960 1980 2000

45



(Mimno et al., 2009)

Polylingual Topic Models

* Data Setting: Comparable versions of each
document exist in multiple Ianguages
(e.g. the Wikipedia article for “Barak Obama” in

twelve languages)

* Model: Very similar to LDA, except that the topic
assignments, z, and words, w, are sampled separately
for each language.
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CY
DE
EL
EN
FA
F|

FR
HE
T

PL
RU
TR

(Mimno et al., 2009)

Polylingual Topic Models

Topic 1 (twelve languages)

sadwrn blaned gallair at lloeren mytholeg

space nasa sojus flug mission

OlaoTNULKO sts nasa ayyA small

space mission launch satellite nasa spacecraft
s lsals 8 60lad Hlus Ll cuygele u"L‘M

sojuz nasa apollo ensimmainen space lento
spatiale mission orbite mars satellite spatial

N01N X NMTI 55N YaINn bonn

spaziale missione programma space sojuz stazione
misja kosmicznej stacji misji space nasa
KOCMWYECKUN COKO3 KOCMMUYECKOrO CMYTHUK CTaHUUN
uzay soyuz ay uzaya salyut sovyetler



CY
DE
EL
EN
FA
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FR
HE
T

PL
RU
TR

(Mimno et al., 2009)

Polylingual Topic Models

Topic 2 (twelve languages)

sbaen madrid el la josé sbaeneg

de spanischer spanischen spanien madrid la
loriaviag omavia de tonavog vte padpitn
de spanish spain la madrid y

s50le LS alilind Lill de 053

espanja de espanjan madrid la real
espagnol espagne madrid espagnole juany
NP N*T1ADN TN NT NT1AD T1aD

de spagnha spagnolo spagnola madrid el

de hiszpanski hiszpanii la juan y

oe magpua ucnaHum ucnaHmA UcrnaHckum de
ispanya ispanyol madrid la klba real
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(Mimno et al., 2009)

Polylingual Topic Models

Topic 3 (twelve languages)

bardd gerddi iaith beirdd fardd gymraeg

dichter schriftsteller literatur gedichte gedicht werk
ToINTNC TIoliNoN TOLINT £€PYO TIONTEC MO UATA
poet poetry literature literary poems poem

JL’Si LS‘.‘JI u“"")u al_ﬁ.sl s Jc.l_db

runoilija kirjailija kirjallisuuden kirjoitti runo julkaisi
poete écrivain littérature poésie littéraire ses
TMYNN DY 19D N1'Y MNAap 1wn

poeta letteratura poesia opere versi poema

poeta literatury poezji pisarz in jego

NO3T ero nucaTtenb NuTepaTypbl N033UK gpamMaTypr
sair edebiyat siir yazar edebiyati adli



(Mimno et al., 2009)

Polylingual Topic Models

Size of each square represents proportion of
tokens assigned to the specified topic.

world
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Analysis: mostly Nordic
countries

actor ottoman

role empire
television khan
actress byzantine
FI Fl
RU RU
CY | EN PL cY| |EN PL
DE DE
FR FR
T EL| 1r|FA IT EL |fr FA
HE HE

Analysis: uniform
across countries

Analysis: mostly
countries near Istanbul



Supervised LDA

e LDA is an unsupervised model. How can we build a topic model that is
good at the task we care about?

e Many data are paired with response variables.

o User reviews paired with a number of stars

o Web pages paired with a number of “likes”

e Documents paired with links to other documents
e Images paired with a category

e Supervised LDA are topic models of documents and responses.
They are fit to find topics predictive of the response.

Slide from David Blei, MLSS 2012



Supervised LDA

. Ou | Zan\ Wan N B, i
N
Document ©< Q Regression
response parameters
Yy D| m,0

© Draw topic proportions 8 | @ ~ Dir(a).
@ For each word

o Draw topic assignment z,| 0 ~ Mult(6).
o Draw word wp | zp, B1:x ~Mult(f;, ).

© Draw response variable y|zy.y, 1,02 ~ N(nTZ, 0'2), where
_ N
z=(1/N)X. _, zn.

Slide from David Blei, MLSS 2012



Summary: Topic Modeling

* The Task of Topic Modeling

— Topic modeling enables the analysis of large (possibly
unannotated) corpora

— Applicable to more than just bags of words

— Extrinsic evaluations are often appropriate for these
unsupervised methods

* Constructing Models

— LDA is comprised of simple building blocks (Dirichlet,
Multinomial)

— LDA itself can act as a building block for other models
* Approximate Inference

— Many different approaches to inference (and learning)
can be applied to the same model



What if we don’t know the number of topics, K,
ahead of time?

Solution: Bayesian Nonparametrics

— New modeling constructs:
* Chinese Restaurant Process (Dirichlet Process)
* Indian Buffet Process

— e.g. an infinite number of topics in a finite
amount of space



Summary: Approximate Inference

Markov Chain Monte Carlo (MCMQ)

— Metropolis-Hastings, Gibbs sampling, Hamiltonion
MCMG, slice sampling, etc.

Variational inference

— Minimizes KL(q||p) where g is a simpler graphical model
than the original p

Loopy Belief Propagation
— Belief propagation applied to general (loopy) graphs
Expectation propagation

— Approximates belief states with moments of simpler
distributions

Spectral methods
— Uses tensor decompositions (e.g. SVD)



CONVOLUTIONAL NEURAL
NETWORKS



Convolutional Neural Network (CNN)

Typical layers include:
— Convolutional layer
— Max-pooling layer
— Fully-connected (Linear) layer
— ReLU layer (or some other nonlinear activation function)
— Softmax

These can be arranged into arbitrarily deep topologies

Architecture #1: LeNet-5

PROC. OF THE IEEE, NOVEMBER 1998 7

C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5
6@28x28
32x32 S2: f. maps
6@14x14

I
| Full oonr{ection | Gaussian connections

Convolutions Subsampling Convolutions Subsampling Full connection

Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.



Convolutional Neural Network (CNN)
Architecture #2: AlexNet

e




Convolutional Neural Network (CNN)

Typical Architectures

Fully connected layer

t
Fully connected layer

t
Fully connected layer

Fully connected laver

s

c. Faster R-CNN

Fully connected layer

'
Fully connected layer

a, AlexNet

Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/



Convolutional Neural Network (CNN)

Typical Architectures

=

e
— oot

—

Conv 1x1 + softmax

S

e. FCN

61
Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/



Slides in this section are from Kaiming He, “Deep Residual Learning”,
ICCV 2015

RESNET

62



ResNet

Microsoft

Research

Revolution of Depth

AlexNet, 8 layers 11x11 conv, 96, /4, pool/2

(ILSVRC 2012) *
5x5 conv, 256, pool/2

<«

3x3 conv, 384

<«

3x3 conv, 384

3x3 conv, 256, pool/2

%ICCVID
mputer Vision

International Conference on Col

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ResNet

Microsoft

Research

Revolution of Depth

e
[ 11x21 conv, 96, /4, pool/2_| [ 3x3 conv, 64 | =
AlexNet, 8 layers VGG, 19 layers GoogleNet, 22 layers s
5x5 conv, 256, pool/2 | [ 3x3 conv, 64, pool/2_ ] T SR R
(ILSVRC 2012) v (ILSVRC 2014) (ILSVRC 2014) e
[ 3x3 conv, 384 | [ 3x3 conv, 128 | Y D R
2 L 2 o
[ 3x3 conv, 384 | [ 3x3 conv, 128, pool/2 | B -4
\ 2 v = =
[ 3x3 conv, 256, pool/2 ] [ 3x3 conv, 256 | I ST B OEE B
v v e e
[ fc, 4096 | [ 3x3 conv, 256 | ==
v v e o
[ fc, 4096 | [ 3x3 conv, 256 | Y B b
v v e
[ fc, 1000 | [ 3x3 conv, 256, pool/2 ] N N B o
v ) B R @
[ 3x3 conv, 512 | === L1
v e B B B
[ 3x3 conv, 512 | [
v ]
[ 3x3 conv, 512 | B B B B
v
[3x3 conv, 512, pool/2_| W“W.W
v =
[ 3x3 conv, 512 | B B B BER
v B B
[ 3x3 cony, 512 | =
— v B B B
x3 conv, 512 | R B R
v )
[ 3x3 cony, 512, pool/2_] g
v &
[ fc, 4096 | -]
v :
[ fc, 4096 | ?
~ . v
“2ICCVi" S (R =

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recog;ition". arXiv 2015.

International Conference on Computer Vision
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ResNet

Microsoft

Research
Revolution of Depth
AlexNet, 8 layers % VGG, 19 layers ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)
2ICCViE
N —— Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

65



Revolution of Depth

%ICCV1D

International Conference on Computer Vision

ResNet

_7)(7 conv, 64, /2, pod/2
—

ResNet, 152 layers
4
1x1 cony, 256
1x1 conv, 128, /2

3x3 conv, 128

1x1 conv, 512
—

1x1 conv, 128

3x3 conv, 128
—

1x1 conv, 128

3x3 conv, 128
—

1x1 conv, 128

3x3 cony, 128

1x1 conv, 512

1x1 conv, 128

3x3 conv, 128

1x1 conv, 512
—

1x1 conv, 128

3x3 cony, 128

1x1 conv, 512

1x1 conv, 128

3x3 cony, 128

1x1 conv, 512
—

1x1 conv, 128

3x3 cony, 128

1x1 conv, 512

v, 256
—

1x1 conv, 256

—

—

——

———

———

1x1 conv, 256, /2

Kaiming He, Xiangyu Zhan

O
S

YNaoad
conv, 256

Microsoft

Research

(there was an animation here)

@en, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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esNet

ARL LUV, D1z

— Microsoft

3x3 conv, 128

1x1 conv, 512
L
———

1x1 conv, 256, /2
L]
3x3 conv, 256
V O I O O p s
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
L —
—
ResNet, 152 layers ——
’ y 3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
L —
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
——
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
—
1x1 convy, 256
3x3 conv, 256
1x1 conv, 1024
L ——
—
1x1 conv, 256
3x3 conv, 256
1x1 convy, 1024

—

1x1 conv, 256

(there was an animation here)

),
' 4/|CCM L J)
" —— Kaiming He, Xiangyu ZhangzshaogimsRen, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ResNet

1x1 cony, 256 .
Microsoft

3x3 conv, 256

1x1 conv, 1024 Resea rc
L —
—

L]

1x1 conv, 1024
——
—

3x3 conv, 256

—
—

1x1 conv, 256
3x3 conv, 256
ResNet, 152 layers

1x1 conv, 1024
P
—

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024
——

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024
—

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024
L —
—

1x1 convy, 256

3x3 conv, 256

1x1 conv, 1024
L ———
—

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024
P—
r—

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024
L —
—

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024
—

1x1 conv, 256

3x3 conv, 256

p
“2ICCV -
S /— =

Kaiming He, Xiangyu ZhangShaoeing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

(there was an animation here)
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esNet

25 Luny, 230
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024

L ——
—

L]
1x1 convy, 256
evolution o1 bep =
1x1 conv, 1024
L ———
—
1x1 conv, 256
3x3 conv, 256
ResNet, 152 layers o —
L —
—
’ y 1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
——
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
——
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
L —
—
1x1 convy, 256
3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 512, /2
3x3 conv, 512
1x1 conv, 2048
—
1x1 conv, 512
3x3 conv, 512
1x1 conv, 2048
—
1x1 conv, 512
_3><3 cony, 512
1x1 conv, 2048

ave pool, fc 1000

Microsoft

Research

(there was an animation here)

ZICCViD

International Conference on Computer Vision

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ResNet

Microsoft

Research
Simply stacking layers?

CIFAR-10 ImageNet-1000
20 AN
N 607\ /\\. J|l
56-layer \“—\_W.“
44-layer 50 ~
g 32-layer g 34
g | 20-layer 240 mayer
3l plain-2 ~- \‘ 30
plain-32 N=N ) .
|z e solid: test/val —rainsd | | ~ 18-ayer
0 ! 2 e (led) 6 dashed: train 0 10 0 e (1o 40 30
* “Overly deep” plain nets have higher training error
* A general phenomenon, observed in many datasets
ZICCV
I Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ResNet

Microsoft
Research
Deep Residual Learning
* Plaint net H(x) is any desired mapping,
X l hope the 2 weight layers fit H(x)
weight layer
any two
stacked layers l relu
weight layer
l relu
H(x)
2I1CCV
I ——— Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ResNet

'Research
Deep Residual Learning
* Residual net H(x) is any desired mapping,
X hepethel weightlayersHt-H )

hope the 2 weight layers fit F(x)

weight layer

F(x) lrelu

weight layer

identity let H(x) = F(x) + x
X

H(x)=F(x)+x

== ]
Interational Conference on Computer Vision

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ResNet

Microsoft

Research
Deep Residual Learning
* F(x) is a residual mapping w.r.t. identity
X
ot |  If identity were optimal,
Welght fayer easy to set weights as 0
F(x) lrelu identity
weight layer X * If optimal mapping is closer to identity,
easier to find small fluctuations

H(x)=F(x)+x

== ]
Interational Conference on Computer Vision

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ResNet

ImageNet experiments

A practical design of going deeper

Interational Conference on Computer Vision

64-d

relu

all-3x3

similar
complexity

256-d

\ 4
| 1x1, 64 |
"rem
3x3, 64
"rem

| 1x1, 256

bottleneck
(for ResNet-50/101/152)

Microsoft

Research

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ResNet

Microsoft
| 7x7conv,64,/2 | [ 7x7conv,64,/2 |

% Research

3x3 conv, 64 3x3conv, 64 |

v
3x3 conv, 64

3x3 conv, 64

33conv, 64 |

A2
3x3 conv, 64

3x3 conv, 64
2

ResNet

3x3 conv, 64

Network “Design” plain net

3x3 conv, 64 3x3conv, 64 |

2
3x3 conv, 64

2
3x3 conv, 64
L 2

3x3 conv, 128, /2

3x3conv, 128,/2 |
v

3x3 conv, 128

3x3 conv, 128

2
3x3 conv, 128 3x3conv, 128 |

v
3x3 conv, 128

3x3conv, 128 |

* Keep it simple

3x3 conv, 128

3x3 conv, 128

2
3x3 conv, 128

2
3x3 conv, 128

3x3 conv, 128 3x3cony, 128 |

v
3x3 cony, 128

3x3conv, 256,/2 |

3x3 conv, 256 =

3x3 conv, 128

v
3x3 conv, 256, /2

* Our basic design (VGG-style) Cacfors
e all 3x3 conv (almost) : zz*:: :

3x3conv, 256 |

v
3x3 conv, 256

* spatial size /2 => # filters x2
* Simple design; just deep!

3x3 conv, 256 3x3cony, 256 |

v
3x3 conv, 256

3x3cony, 256 |

2
3x3 conv, 256

33cony, 256 |
v

3x3 conv, 256

3x3conv, 256 |

2
3x3 conv, 256

33cony,512,/2 |

3x3 conv, 512 "

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 cony, 256

EIEIEIEI B E

3x3 conv, 256

e Other remarks:

* no max pooling @amost)
* no hidden fc
* no dropout

3

3x3 conv, 256

3x3 conv, 512, /2

€= -

3x3 conv, 512

v
3x3 conv, 512 33cony,512 |

v
3x3 cony, 512

33 cony,512 |

3x3 conv, 512

3x3 conv, 512

2 2
33 conv, 512 3x3cony, 512 |

avg pool avg pool

"b/ ICCV/ 15 [ fc 1000 | [ fc 1000 |

. Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

International Conference on Computer Vision
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ResNet

Microsoft
Research
CIFAR-10 plain nets CIFAR-10 ResNets
20 20 ResNet-20
S e
44-layer — Reanee 110
s Vs 32-layer S 20-layer
e 20-layer g1 32-layer
44-layer
s a2 — 5 § 56-layer
—Slaﬁn-44 =l solid: test 110-layer
—plain-5¢ -
% 1 2 3 4 5 6 dashed: train % 1 2 4 5 6
iter. (1e4)

3
iter. (le4)

* Deep ResNets can be trained without difficulties
Deeper ResNets have lower training error, and also lower test error

‘} o G
4
e i S
International | Conference on Computer Vision

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

76



COMPUTER VISION



Common Tasks in Computer Vision

1. Image Classification
2. Image Classification +

| ocalization

3. Human Pose
Estimation

4. Semantic
Segmentation

Object Detection

6. Instance
Segmentation

7. Image Captioning

4

Figure from https://arxiv.org/pdf/1704.06857.pdf

bottle, cup, cube

J bottle

cube

(a) Image classification

bottle

& '

(c) Semantic segmentation

cup

cube

(b) Object localization

L - W

(d) Instance segmentation
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* Givenan
image, predict

motor scooter

a single label

black widow

cockroach
tick

A multi-class
classification
problem

motor scooter

amphibian
fireboat

go-kart
moped
bumper car
golfcart

snow leopard

Egyptian cat

vertible agaric | monkey
grille mushroom grape spider monkey

pickup jelly fungus elderberry titi

beach wagon gill fungus rdshire bullterrier indri
fire engine J dead-man's-fingers currant howler monkey

Figure from https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436€924a68c45b-Paper.pdf

agaric

mushroom

=

jelly fungus
gill fungus
dead-man's-fingers
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Image Classification + Localization

Car

Chair

* Given animage,
predict a single
abel and a
bounding box

for the object

* Bounding box is
represented as
(X) y) h) W))
position (x,y)

and
height/width
(h,w)

(c) Missed objects

Figure from https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=5459257
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Human Pose Estimation

* Given an image of a human,
predict the position of
several keypoints (left
hand, right hand, left
elbow, ..., right foot)

* This is a multiple regression
problem, where each
kKeypoint has a
corresponding position

(X»Y:)

Initial stage Stage s

RS . . . DNN-based reﬁner
DNN-based regressor
i, Yi (xt ”y(')) end refined values
to next stage

Figure from 81
https://openaccess.thecvf.com/content cvpr 2014/papers/Toshev_DeepPose Human Pose 2014 CVPR_paper.pdf
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Semantic Segmentation

Input image Ground-truth

* Given animage,
predict a label for
every pixel in the
image

* Notmerelya
classification
problem, because

there are strong
correlations between

pixel-specific l[abels

4 224x224 224x224

Unpooling

—‘__\ﬁ‘\\§gnpoohng
Unpoolin
‘-\\\\\~ P g A
~Unpooling
\

Figure from https://openaccess.thecvf.com/content_iccv_2015/papers/Noh_Learning Deconvolution Network ICCV_2015_paper.pdf 8



Object Detection

* Given animage, for each object predict a bounding box
and a label (x,y,w,h,])

* Example: R-CNN
— (x=110, y=13, w=50, h=72, I=person)
— (x=90, y=55, w=81, h=87, I=horse)
— (x=421, y=533, w=24, h=30, I=chair)
— (x=2, y=25, w=51, h=121, |=gate)

R-CNN: Regions with CNN features

warped region

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

Figure from 83
https://openaccess.thecvf.com/content _cvpr 2014/papers/Girshick_Rich Feature Hierarchies 2014 CVPR_paper.pdf




Instance Segmentation

* Predict per-pixel labels as
in semantic segmentation,
but differentiate between
different instances of the
same label

* Example: if there are two
people in the image, one
person should be labeled
person-1 and one should
be labeled person-2

/} -1 i
’ & —=p-»Class 4

n % box A
) L
o | { )
' a1

| P ;:;,';:ﬁ RolAlign| ]

) [l conv conv
w

Figure 1. The Mask R-CNN framework for instance segmentation.

Figure from https://openaccess.thecvf.com/content ICCV_2017/papers/He_Mask R-CNN_ICCV_2017_paper.pdf
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Image Captioning

. ' approsching e of the ocean * Take animage as
o - input, and generate
Generated Caption: A young boy is running on the beach. 3 sen te nce
I describing it as
— — output (i.e. the
E Ground Truth Caption: A brunette girl wearing sunglasses Ca p t l on )
ﬂ ndayellowshin « Typical methods
Ej:;;::ated Caption: A woman in a black shirt and sunglasses in CI u d e q d ee p
CNN/transformer
: and a RNN-like
'y N gg» R language model
$~- i B Bl » (The task of Dense
ey — Captioning is to
R generate one

con caption per
bounding box)

Fig. 3. A block diagram of other deep-learning-based captioning.

Figure from https://dl.acm.org/doi/pdf/10.1145/3295748



Image Captioning

Table 1. An Overview of the Deep-Learning-Based Approaches for Image Captioning

Reference Image Encoder | Language Model Category
Kiros et al. 2014 [69] AlexNet LBL MS, SL, WS, EDA
Kiros et al. 2014 [70] AlexNet, VGGNet | 1. LSTM MS, SL, WS, EDA

2. SC-NLM
Mao et al. 2014 [95] AlexNet RNN MS, SL, WS
Karpathy et al. 2014 [66] | AlexNet DTR MS, SL, WS, EDA
Mao et al. 2015 [94] AlexNet, VGGNet | RNN MS, SL, WS
Chen et al. 2015 [23] VGGNet RNN VS, SL, WS, EDA
Fang et al. 2015 [33] AlexNet, VGGNet | MELM VS, SL, WS, CA
Jia et al. 2015 [59] VGGNet LSTM VS, SL, WS, EDA
Karpathy et al. 2015 [65] [VGGNet RNN MS, SL, WS, EDA
Vinyals et al. 2015 [142] |GoogLeNet LSTM VS, SL, WS, EDA
Xu et al. 2015 [152] AlexNet LST™M VS, SL, WS, EDA, AB
Jin et al. 2015 [61] VGGNet LSTM VS, SL, WS, EDA, AB
Wu et al. 2016 [151] VGGNet LSTM VS, SL, WS, EDA, AB
Sugano et at. 2016 [129] | VGGNet LSTM VS, SL, WS, EDA, AB
Mathews et al. 2016 [97] [GoogLeNet LSTM VS, SL, WS, EDA, SC
Wang et al. 2016 [144] AlexNet, VGGNet | LSTM VS, SL, WS, EDA
Johnson et al. 2016 [62] | VGGNet LSTM VS, SL, DC, EDA
Mao et al. 2016 [92] VGGNet LSTM VS, SL, WS, EDA
Wang et al. 2016 [146] | VGGNet LSTM VS, SL, WS, CA
Tran et al. 2016 [135] ResNet MELM VS, SL, WS, CA
Ma et al. 2016 [90] AlexNet LSTM VS, SL, WS, CA
You et al. 2016 [156] GoogLeNet RNN VS, SL, WS, EDA, SCB
Yang et al. 2016 [153] VGGNet LSTM VS, SL, DC, EDA
Anne et al. 2016 [6] VGGNet LSTM VS, SL, WS, CA, NOB
Yao et al. 2017 [155] GoogLeNet LSTM VS, SL, WS, EDA, SCB
Lu et al. 2017 [83] ResNet LSTM VS, SL, WS, EDA, AB
Chen et al. 2017 [21] VGGNet, ResNet | LSTM VS, SL, WS, EDA, AB
Gan et al. 2017 [41] ResNet LSTM VS, SL, WS, CA, SCB
Pedersoli et al. 2017 [112] | VGGNet RNN VS, SL, WS, EDA, AB
Ren et al. 2017 [119] VGGNet LSTM VS, ODL, WS, EDA
Park et al. 2017 [111] ResNet LSTM VS, SL, WS, EDA, AB
Wang et al. 2017 [148] ResNet LSTM VS, SL, WS, EDA
Tavakoli et al. 2017 [134] | VGGNet LSTM VS, SL, WS, EDA, AB
Liu et al. 2017 [84] VGGNet LSTM VS, SL, WS, EDA, AB
Gan et al. 2017 [39] ResNet LSTM VS, SL, WS, EDA, SC
Dai et al. 2017 [26] VGGNet LSTM VS, ODL, WS, EDA
Shetty et al. 2017 [126] [ GoogLeNet LSTM VS, ODL, WS, EDA
Liu et al. 2017 [85] Inception-V3 LSTM VS, ODL, WS, EDA
Gu et al. 2017 [51] VGGNet 1. Language CNN VS, SL, WS, EDA

2. LSTM
Yao et al. 2017 [154] VGGNet LSTM VS, SL, WS, CA, NOB

(Continued)

Table from https://dl.acm.org/doi/pdf/10.1145/3295748

Take an image as
input, and generate
a sentence
describing it as
output (i.e. the
caption)

Typical methods
include a deep
CNN/transformer
and a RNN-like
language model

(The task of Dense
Captioning is to
generate one
caption per
bounding box)
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Medical Image Analysis

Notice that most of
these tasks are
structured prediction
problems, not
merely classification

Figure 2 Deep learning application in medical image analysis. (A) Fundus detection; (B,C) hippocampus segmentation; (D) left ventricular

segmentation; (E) pulmonary nodule classification; (F,G,H,I) gastric cancer pathology segmentation. The staining method is H&E, and the

magnification is x40.
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Figure from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/



SEMANTIC SEGMENTATION



Case Study: Image Segmentation

* Image segmentation (FG/BG) by modeling of interactions btw RVs

— Images are noisy.
— Objects occupy continuous regions in an image.

[Nowozin,Lampert 2012]

Input image Pixel-wise separate Locally-consistent
optimal labeling joint optimal labeling

Unary Term  Pairwise Term

,—|—| f A 1 Y: labels
Y* = arg max Ev(y_’X)_l_E E V.o.(y.,y)|. X: data (features)
cont |1 Pt Lt Lo BT S: pixels
B st - N;: neighbors of pixeli  gq

© Eric Xing (@ CMU, 2005-2015



Grid CRF

* Suppose we want to image segmentation using a grid model
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* Suppose we want to image segmentation using a grid model
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Grid CRF

* Suppose we want to image segmentation using a grid model
* What happens when we run variable elimination?
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Grid CRF

* Suppose we want to image segmentation using a grid model
* What happens when we run variable elimination?
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Grid CRF

* Suppose we want to image segmentation using a grid model
* What happens when we run variable elimination?
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Grid CRF

* Suppose we want to image segmentation using a grid model
* What happens when we run variable elimination?
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Grid CRF

Suppose we want to image segmentation using a grid model
What happens when we run variable elimination?
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Grid CRF

Suppose we want to image segmentation using a grid model
What happens when we run variable elimination?

— -
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Grid CRF

* Suppose we want to image segmentation using a grid model
* What happens when we run variable elimination?
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Grid CRF

* Suppose we want to image segmentation using a grid model
* What happens when we run variable elimination?
* (Canwe instead run belief propagation to do exact inference?

B )=
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