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Reminders

 Homework 2: Exact inference and
supervised learning (CRF+RNN)

— Out: Wed, Feb. 24
— Due: Wed, Mar. 10 at 11:59pm

* Quiz 1: Mon, Mar. 15

* Homework 3: Structured SVM
— Out: Wed, Mar. 10
— Due: Wed, Mar. 4 at 11:59pm




QUIZ 1 LOGISTICS



Quiz 1

* Time [Location
— Time: In-Class Quiz
Mon, Oct. 17 at 6:30pm - 8:00pm
— Location: The same Zoom meeting as lecture/recitation.
Please arrive online early.
— Please watch Piazza carefully for announcements.
* Logistics
— Covered material: Lecture 1 - Lecture 8
— Format of questions:
* Multiple choice
* True [ False (with justification)
e Derivations
* Short answers
* Interpreting figures
* Implementing algorithms on paper
* Drawing
— No electronic devices

— You are allowed to bring one 8% x 11 sheet of notes (front and back)



Quiz 1

* Advice (for before the exam)
— Try out the Gradescope quiz-style interface in the “Fake
Quiz” now available
* Advice (for during the exam)

— Solve the easy problems first
(e.g. multiple choice before derivations)

* if a problem seems extremely complicated you’re likely missing
something

— Don’t leave any answer blank!
— If you make an assumption, write it down

— If you look at a question and don’t know the answer:
* we probably haven’t told you the answer
* but we’ve told you enough to work it out
* imagine arguing for some answer and see if you like it



Topics for Quiz 1

* Graphical Model * Exact Inference
Representation — Three inference problems:
— Directed GMs vs. (1) margipals .
Undirected GMs vs. (2) partition function
Factor Graphs (3) most probably
— Bayesian Networks vs. a551.gnmen.t o
Markov Random Fields vs. — Variable Elimination
Conditional Random Fields — Belief Propagation (sum-
* Graphical Model Learning product and max-product)

— Fully observed Bayesian
Network learning

— Fully observed MRF learning
— Fully observed CRF learning
— Parameterization of a GM
— Neural potential functions



SAMPLE QUESTIONS
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Sample Questions

Figure 4: A factor graph over three binary random variables A, B, C', i.e. sampled values a,
b, ¢ from the random variables are in {0, 1}. Assume the factors are named ¥ 4(a), 14 5(a, b),

Z/JAvac(CL, b7 C)a and ¢C(C>'

1. (1 point) Drawing: Suppose you are running the Variable Elimination algorithm. The first
variable you eliminate is B. Draw the factor graph that results after you have eliminated
variable B.



Sample Questions

Figure 4: A factor graph over three binary random variables A, B, C', i.e. sampled values a,
b, ¢ from the random variables are in {0, 1}. Assume the factors are named ¥ 4(a), 14 5(a, b),

Z/JAvac(CL, b7 C)a and ¢C(C>'

2. (1 point) Numerical Answer: Suppose you are running the Belief Propagation algorithm?
How many messages are required to send a message from fagc to C?



Sample Questions

1. (1 point) Is there a Bayesian Network that would convert to the factor graph shown above?
Is yes, draw an example of such a Bayesian Network. If not, explain why not.

2. (1 point) Is there a Bayesian Network that would convert to the factor graph shown above?
Is yes, draw an example of such a Bayesian Network. If not, explain why not.



Q&A



aka. Max-Margin Markov Networks (M3Ns)

STRUCTURED SVM



SGD for Structured SVM
Alectl -

W+ {00,077 —
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Structured SVM

Whiteboard

— SGD for Structured SVM
— Loss Augmented MAP Inference



4 4 4

Max vs “Soft-Max” Margin | &*

= SVMs:
min k||w||2—z (WTfi(yi) — max (WTfi(Y) + ﬁz(y)))
{ N _
—~
Hard (Penalized) Margin
= Maxent
min  kljw|[2-Y" (wai(yU —log >~ exp (waZ-(y))>
i y
N— —— 7
Soft Margin

= Very similar! Both try to make the true score
better than a function of the other scores.

* The SVM tries to beat the augmented runner-up
= The maxent classifier tries to beat the “soft-max”

Slide from Klein & Taskar (ACL 2005 Tutorial)
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Structured SVM




Results: Handwriting Recognition

O raw B quadratic O cubic

Length: ~8 chars 30 - pixels kernel kernel
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Letter: 16x8 pixels
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Models:
Multiclass-SVMs*
CRFs
M3 nets

error reduction over linear CRFs
error reduction over multiclass SVMs
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*Crammer & Singer 01
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Results: Hypertext Classification

e \WebKB dataset

Four CS department websites:
Classify each page:
Train on three universities/test on fourth

Inference: loopy belief propagation

Learning: relaxed dual 20 - l better
I\ 15 -
|
O O g
L
W 10 -
(7))
2
O O O O
error reduction over SVMs
4\ error reduction over RMNs

A
© Eric Xing @ CMU, 2005-2015 [JSVMs @ RMNS [ M~ 3Ns

*Taskar et al 02
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Slide from Guestrin, 10-701, 2005

Named Entity Recognition

= Locate and classify named entities in sentences:
= 4 categories: organization, person, location, misc.
= e.g. "U.N. official Richard Butler heads for Baghdad”.

= CoNLL 03 data set (200K words train, 50K words test)

y. = org/per/loc/misc/none

f(y, x) = [...,
I(y;=org, x;="U.N.”),
I(y,=per, x.=capitalized),
I(y;=loc, x;=known city),

]

92
91

: tbetter

90 -
‘_|89_

@ CRFs

O MA3N Linear

HMA3N Quad33



Slide from Guestrin, 10-701, 2005

Associative Markov networks
" A

P(y | x) o chz'(yz',xz') [1 66 (i, v, xi5) = exp{w ' f(x,y)}

{ 17

f'A
“ Point features Edge features '
spin-images, point height length of edge, edge orientation
. ¢i;(1,1)
“associative” ) 1 | Lows

restriction i (¥ir ¥j) = ¢ij(k, k) > 1
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Slide from Guestrin, 10-701, 2005

Max- marﬂm AMNSs results

Voted-SVM AMN

Label: ground, building, tree, shrub
Training: 30 thousand points  Testing: 3 million points
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Slide from Guestrin, 10-701, 2005

i Seﬁmentation results

Hand labeled 180K test points

Model | Accuracy

SVM 68%

V-SVM /3%

M3N 93%




STRUCTURED SVM WITH NEURAL
POTENTIALS



Structured SVM
with Neural Potentials
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Hinge Losses in Deep Learning

Application of structured support vector machine backpropagation to
a convolutional neural network for human pose estimation

Peerajak Witoonchart *, Prabhas Chongstitvatana *

Department of Computer Engineering, Faculty of Engineering, Chulalongkorn University, 17th floor, Engineering 4 Building (Charoenvidsavakham),
Phayathai Road, Wang Mai, Pathumwan, Bangkok 10330, Thailand

Fig. 4. Visualization of our HPE results based on the PARSE test dataset. The green bounding boxes are a head. The yellow bounding boxes are a torso. The cyan bounding
boxes are a left arm. The blue bounding boxes are a right arm. The red bounding boxes are a left limb. The deep blue bounding boxes are a right limb. 42



Hinge Losses in Deep Learning

Sequence-to-Sequence Learning
as Beam-Search Optimization

Sam Wiseman and Alexander M. Rush
School of Engineering and Applied Sciences
Harvard University
Cambridge, MA, USA
{swiseman, srush}@seas.harvard.edu

[ a red dog smells } { home today ]
( the dog } dog barks ] ,’//{ quickly Friday ]
( red ] blue cat } barks } /,’:,[ straight} now }

[ a red )—{ dog )—{ runs quickly)—{ today]
blue )—{ dog ]—{ barks ] home ]—{ today ]

Figure 1: Top: possible @ilft) formed in training with a

beam of size K =3 and with gold sequence y;.¢ = “a
red dog runs quickly today”. The gold sequence is high-
lighted in yellow, and the predicted prefixes involved in
margin violations (at £ =4 and £ =6) are in gray. Note
that time-step 7' =6 uses a different loss criterion. Bot-
tom: prefixes that actually participate in the loss, ar-
ranged to illustrate the back-propagation process.

We now define a loss function that gives loss each
time the score of the gold prefix y;.+ does not exceed

that of g§*’§) by a margin:
L(f) =

T

R R ~ (K
ST AGE) [1= Fl e + 1GI0,RED)]
t=1

Above, the A(g)g)) term denotes a mistake-specific
cost-function, which allows us to scale the loss de-
pending on the severity of erroneously predicting
@%{t{); it is assumed to return O when the margin re-
quirement is satisfied, and a positive number other-
wise. It is this term that allows us to use sequence-
rather than word-level costs in training (addressing
the 2nd issue in the introduction). For instance,
when training a seq2seq model for machine trans-
lation, it may be desirable to have A(;ng) ) be in-
versely related to the partial sentence-level BLEU
score of Q](ft() with y1.4+; we experiment along these
lines in Section 5.3.

Finally, because we want the full gold sequence to
be at the top of the beam at the end of search, when
t =T' we modify the loss to require the score of y;.7
to exceed the score of the highest ranked incorrect

prediction by a margin.



Hinge Losses in Deep Learning

Sequence-to-Sequence Learning

o« . Dependency Parsing (UAS/LAS)
as Beam-Search Optimization

Kte =1 Kte = 5 Kte = 10

seq2seq 87.33/82.26 88.53/84.16 88.66/84.33
BSO 86.91/82.11 91.00/87.18 91.17/87.41

Sam Wiseman and Alexander M. Rush ConBSO 85.11/79.32 91.25/86.92 91.57/87.26

School of Engineering and Applied Sciences
Harvard University Andor 93.17/91.18 - -

Cambridge, MA, USA
{swiseman, srush}@seas.harvard.edu

Table 3: Dependency parsing. UAS/LAS of seq2seq,
BSO, ConBSO and baselines on PTB test set. Andor is
the current state-of-the-art model for this data set (Andor
et al. 2016), and we note that with a beam of size 32 they
obtain 94.41/92.55. All experiments above have K, = 6.

Machine Translation (BLEU)
Kte =1 Kte = 5 Kte = 10

seq2seq 22.53 24.03 23.87

BSO, SB-A 23.83 26.36 25.48

XENT 1774 20.10 2028 Word Ordering (BLEU)

DAD 2012 2225  22.40 Kie=1 Kie=5 Ki=10

MIXER 20.73 21.81 21.83 seq2seq 25.2 29.8 31.0
Table 4: Machine translation experiments on test set; re- BSO 28.0 33.2 34.3
sults below middle line are from MIXER model of Ran- ConBSO 28.6 34.3 34.5
zato et al. (2016). SB-A indicates sentence BLEU costs LSTM-LM 15.4 _ 26.8

are used in defining A. XENT is similar to our seq2seq
model but with a convolutional encoder and simpler at-

Table 1: Word ordering. BLEU Scores of seq2seq, BSO,

tention. DAD trains seq2seq with scheduled sampling
(Bengio et al., 2015). BSO, SB-A experiments above
have K;, =6.

constrained BSO, and a vanilla LSTM language model
(from Schmaltz et al, 2016). All experiments above have
Kt?" - 6



CNNs Outline

* Background: Computer Vision

Image Classification

ILSVRC 2010 - 2016

Traditional Feature Extraction Methods
Convolution as Feature Extraction

* Convolutional Neural Networks (CNNs)
Learning Feature Abstractions

Common CNN Layers:

Convolutional Layer

Max-Pooling Layer

Fully-connected Layer (w/tensor input)
Softmax Layer

RelLU Layer

Background: Subgradient
Architecture: LeNet
Architecture: AlexNet
Architecture: ResNet

* Training a CNN

SGD for CNNs
Backpropagation for CNNs



BACKGROUND: COMPUTER VISION



Example: Image Classification




IMSGENET

Nt oooed A Loge | Sove

o 35
Bird 2126 02.85% o)

Warm-biooded egg-laying vertebrates characienzed by feathers and forebmbs modhed as wings o Dures :;tt:::"v :\-‘rﬂ'ﬂ

MArng Iumal, Marng Creaters, 3 anmal, sea Cresture (1)
scavenger (1) Treemap Visualization nages of the Synset Downloads
biped (0)
predance, predatory asmal (1)
arva (49)
acrogont ()
feacer (0)
sunt (0)
* chordate (3087)
tuncate, wrochordate, wrochord (6)
cephalochordate (1)
vertebrate, craniate (JO77)
marmenal, marremakan (1169)
bard (871)
OCheybwrd, Ghchey Dird, dckybwd, Oty -bwd (0)
cock (1)
hen (0)
rester (Q)
faght bwa (1)
ard of passage (0)
prosoaves (0)
IChaecpteryx, achecpterys, Archaeopterys Mthographs
Soormis (Q)
Derc-mesornis (0)
archaecema (0)
e, ravte Ded, Mghtess bed (10)
cannate, carnate bwd, Nying bwd (0)
passerne, passerform bind (279)
noCpasserne brd (0)
ird of pruy, raplor, raptonal bird (80)
SARARCeOus Drd, Galacean (114)




IMSGENET

Not logged A Logn | Sone

German iris, Iris kochii 469  49.6%

ins of northem Italy having deep blue-purpie flowers, simiar 10 but smalier than Ins germanca peitures "::'f'*"' &'"""’
centie

halophyte (0)
succulent (39) Treemap Yauuaization nag f the W Downloads
ostivar (0)
ofMtivated plarme (0)
weed (54)
avergrem, avergreen plant (0)
Sesuous plart (0)
v (272)
creeger (0)
woody plant, kgneous plant (1868)
geophyte (0)
Gesart plars, sercptyte, xeropinytic plant, xerophde, serophk
mesopinyte, mescotyic plaret (0)
SUAUC PNt water Pt hydeopinyte, Bydrophytic plast (11
wberous plam (0)
bulbous plant (179)
rdacecus plam (27)
s, Nag. Newr-de-bs, sword Ny (19)
bearded ns (4)
Florestne ra, Orris, ro Qermancs forentrg, o
Germuan s, e germanca (0)
German s, s kochs (0)
Dalmatan s, ins palkda (0)
beardiess ns (4)
bulbous s (0)
Owar?! s, Ins cratata (O)
SUNKNG s, Sa0d0n, Jaddon K, Itinking gladewyn,
Persian s, s persca (0)
yelow s, yellow flag, yelow water flag, inis pseuda
owar? ins, verrgd ins, Ins verra (0)
blue Tag. s versicolor (0)




IMSGENET

Court, courtyard 165 92 1%
An area wholly or partly surrounded by walls or buldings. “the house was buit around an Inner court” pClwres f}:;:. '(‘v '{*h"""
W Rambars i DAChatE (The number oF symeets n the Rtow Treemap Visualization i the Syriet Downloads
IrageNet 2011 Fal Release (32326) . = N
plane, Nora, plant e (4486)

QeoiogCal formaton, formation (175)
natural obgect (1112)

SpOrL, athietics (176)

arufact, artefact (10504)

rstrumentaiity, instrumentation (5494) Ty
structere, construction (1403%) ' _
ardock, Pangar, repair shed (0) -

(1)
e, Colormade (1)
aech (31)
ea (344)
asie (0)
avdronum (1)
baggape clam (0)
box (1)
breakfast area, breakfast nook (0)
befipen (O)
chancel, sarctusry, bema (0)
chor (0)
Comer, nock (2)
COurL, Courtyird (6)
nnum (0)
badey (0)
chosster (0)
food court (0)

forecourt (0)
narss /N




Feature Engineering for CV

Edge detection (Canny)

Edge Image

Corner Detection (Harris) Scale Invariant Feature Transform (SIFT)

Scale
(next

e =
octave) ﬁg 7 ;ﬁ
M’ ﬁ

v
P ==
A
Scale
(first

octave)

Difference of
Gaussian Gaussian (DOG)

.
Y B

Figures from http://opencv.org Figure from Lowe (1999) and Lowe (2004)

Figure 1: For each octave of scale space, the initial image is repeatedly convolved with Gaussians to
produce the set of scale space images shown on the left. Adjacent Gaussian images are subtracted

igure 3: Model images of planar objects are shown in the > Tl s e -
»prow. Recognition results below show model outlines and to produce the difference-of-Gaussian images on the right. After each octave, the Gaussian image is

T ST S Svtoruumrreeies Anwn.camnlad hu a factar af 7 and tha nrmeace ranaatad
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Example: Image Classification




CNNs for Image Recognition

Research
Revolution of Depth
152 layers
A
. 11.7
33 oyers | 19""“.
" 6., 73
RSVRC'IS ILSVRC'14  ILSVRCI4  NSVRC'13  ILSWRC'12  NSVRC11  ILSVRC'10
ResNet  GoogleNet VGG AlexNet
imageNet Classification top-5 error (%)
2ICCV
E Kbrang Mo, Xuogyws Dhang, $haoging Ren, £ A 2o, "Owep Ressdual Loaming ‘or loage Recogstion”. ardly 20123

Slide from Kaiming He



CONVOLUTION



What’s a convolution?

Basic idea:
— Pick a 3x3 matrix F of weights

— Slide this over an image and compute the “inner product”
(similarity) of F and the corresponding field of the image, and
replace the pixel in the center of the field with the output of the

inner product operation

Key point:

— Different convolutions extract different types of low-level
“features” from an image

— All that we need to vary to generate these different features is the

weights of F

Conv

? -E(u o‘l&

[t Locen

Slide adapted from William Cohen
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution
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Convolution
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Background: Image Processing

A convolution matrix is used in image processing for
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution

| 3
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution

3] 2
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.
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Convolution

31212

66



Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image
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Convolution
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.
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Background: Image Processing
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Background: Image Processing

A convolution matrix is used in image processing for
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Identity

Convolution 1 1 1 1 1
0] 0] 0] 1

o|l1]o0 1
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image
Blurring

Convolution

73



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Rice . v EEEEJ

Use filtered image]

Fiter

Edge ! .
( ' 0%
A8 2% %
04 04 034
cilter normalization

O Apply filter|

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

mage

Rice v ESEEJ

Use filtered ImageJ

Fiter

“»

Sharpen
0¢ |15 | 0%
1% 5% A%
0 1% 0%

Fiter normalization

O Apply filter

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Rice + Load

Use filtered image|

I
r L'.}r

Edge « H
0s 1% 0%
0s 2% 0%
0s 1% :
Filter normalizatio

()ApplyﬁlterJ|

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Rice - H m

Use filtered image|

Fiter

Sharpen H
+ 15 0%
18 5% %
0 -1 0%
Fliter normalization
O Apply filter

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

mage

Rice v Lo_adJ

Use filtered image]

- .
Fite

Edge ! v
0% 1% 2%
0% 4% 13
0% 0% 0%
Filter normalization

UApplyﬁlter|

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Image
Rice : Load]
Use filtered image|
Hiter
Edge ! =
2% 1% v
19 4% H
0 O0+F v
Fiter normalization
O Apply ﬁlter|

Slide from William Cohen



What’s a convolution?

Basic idea:
— Pick a 3x3 matrix F of weights

— Slide this over an image and compute the “inner product”
(similarity) of F and the corresponding field of the image, and
replace the pixel in the center of the field with the output of the

inner product operation

Key point:

— Different convolutions extract different types of low-level
“features” from an image

— All that we need to vary to generate these different features is the

weights of F

Conv

? -E(u o‘l&

[t Locen

Slide adapted from William Cohen

oipt

)i

72:

)/” = KyXn + K.LXQ 4 Dgi)(-z‘ 4 (32 X222 +og
)’\2 = “" X‘t + k.ax\.s +4 %' XZ?. .-I' “zz xzs “'0‘9
Yoo = Ku)y, * KigXp +0QiXs + 0z Xs2 1,

>’¢2 - lx"XZZ + Klz_)(23 + DQ' x}l + 0(22 x33 o



Downsampling

* Suppose we use a convolution with stride 2
* Only 9 patches visited in input, so only 9 pixels in output

Input Image

Convolved Image

Convolution
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Downsampling
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Downsampling

* Suppose we use a convolution with stride 2
* Only 9 patches visited in input, so only 9 pixels in output
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CONVOLUTIONAL NEURAL NETS



A Recipe for
Machine Learning

1. Given training data:
N

2. Choose each of these:
— Decision function

Yy = fo(x:)

— Loss function

g(@? yz) = R

3. Define goal:

N
60" — arg mem Z g(fe(wZ)a yz)

1=1

4. Train with SGD:

(take small steps
opposite the gradient)

p(t+tl) — g(t) _ n:VL(fo(xi),y;)



sion functio!
=/ e(e’L‘z) J

‘rinction

-V fo(xi), y;)



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 BEEE, NOVEMBER 199 7

C3: f. maps 16@10x10

C1: feature maps S4: . maps 1
INPUT 602828 6@sxS

|
I | Fu contection | Gaussan connectons
Convolutions Subsamping Convolutions  Subsampling Full connection

Fig. 2. Archtectum of LeNet 5, a Cosnvolutional Neural Network, here for digits recognition, Each plane is a feature map, ie, a set of units
whose weights are constrained to be identical.
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Convolutional Layer

Input Image

CNN key idea:
Treat convolution matrix as
parameters and learn them!

@ Convolved Image

Learned
Convolution

e11 e12 e13
e21 ezz 623
631 632 633
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Downsampling by Averaging
Downsampling by averaging used to be a common approach

This is a special case of convolution where the weights are fixed to a

uniform distribution
The example below uses a stride of 2

Input Image

Convolved Image

Convolution
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Max-Pooling

Max-pooling is another (common) form of downsampling

Instead of averaging, we take the max value within the same range as
the equivalently-sized convolution

The example below uses a stride of 2

Input Image

Max-Pooled
Image

Max-
pooling

Yij = max(zij,

Li i+1,
Lit+1,55
Tit1,5+1) ;



TRAINING CNNS



A Recipe for

Background

1. Given training data:
N

2. Choose each of these:
— Decision function

Yy = fo(x:)

— Loss function

g(@? yz) = R

Machine Learning

3. Define goal:

N
60" — arg mem Z g(fe(wZ)a yz)

1=1

4. Train with SGD:

(take small steps
opposite the gradient)

p(t+tl) — g(t) _ n:VL(fo(xi),y;)



sion functioi

= fo(x;

‘unction

-V fo(xi), y;)



SGD for CNNs

[SGU 0 CANs j
Ex: Acclile chore ¢ Goe X y*

j;' I()/I )’* 4
y = sog-vv»:)(z(s» ?""'W““} e“‘ Y_N ) P l'\)—i
2+ fuee (2, W)

2P 2 e (2?) —S@"\

(3): onv(z(z)' ) CDIqH' é
zZ-u)-- :1-9(- o’(j:>) @ ke 'w‘\' WJ‘.
o '» - stele ;- < {'l '"’/U}
Z = Cownvy (X, 0(> ‘F-O"LDVJ 3 >/= ‘ne(?m) ) 31(9) =1(}':Y‘)

Becwod> 7355 (0) = -
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LAYERS OF A CNN



RelLU Layer
[Rell Lo/ I*Vu’fz?(éﬁk Oukouk 76&“

d : —LJet wl:
gﬂ/w%@(ﬁ) 4 plowe? 5 Se3 dy ke
AXL - A)’L X; 50"’ T
0(a) = wex(0,5)
OG) whast v N\ | }g x; 70
N@( dx; (O otlawise
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Softmax Layer

BT T
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Fully-Connected Layer

| Flly Goneded G | (o o ingeh)

L é“’ﬁ"s& \MKO*‘ 3 & Towrt x =
i T
frekh oo fo PPN
- S ou‘\' Ta 9 9 - &« )T / X(CKH)‘N)]
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Convolutional Layer

Q :L ;A‘\J" CL"MN.‘ y, i OU“T«J“' CLawM.l
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? : - w iz ¢ = Ky + KipXpp +0QiXgy 4+ oz X
Xor |%ez % loi, 0¢en | e X2y 2 Xz 31t Koz Xs2 1,
M3 %l Y22 = KuXgy * Kphey + 091X, t Wzz Xg3 +a,
-

X% 1 E;\‘\d(' CL&\MM.‘ p 2 OU"T.)“’ CLawM.ls

7T Q)] Q) ) Q) )
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Max-Pooling Layer

_&‘3 a1 i»?d" cL.www.‘ y j. OU"T.»“’ CLcmN.l/ Q'('n'(l,ﬁ OS 1

lgu’c

Xiz

X, |
Xz

X2

X3
Xs

X3

X3z

—

?

Yool Size

oipt

Yz

\

Y2e

7![ ’-‘M«X(Xn ) X l Xa )

)’\2 ’M"X(X\t ) Xs 1 Xm

)l"' = Max (qu )

)’zz =MnX (le ;

XZZI

Kz} i

X31 )

Xs2 ¢

\(2.7-3
X2z )

Xs2 )

Xg3 3



Max-Pooling Layer
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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 BEEE, NOVEMBER 199 7

C3: f. maps 16@10x10

C1: feature maps S4: . maps 1
INPUT 602828 6@sxS

|
I | Fu contection | Gaussan connectons
Convolutions Subsamping Convolutions  Subsampling Full connection

Fig. 2. Archtectum of LeNet 5, a Cosnvolutional Neural Network, here for digits recognition, Each plane is a feature map, ie, a set of units
whose weights are constrained to be identical. 113



Architecture #2: AlexNet




CNNs for Image Recognition

Research
Revolution of Depth
152 layers
A
. 11.7
33 oyers | 19""“.
" 6., 73
RSVRC'IS ILSVRC'14  ILSVRCI4  NSVRC'13  ILSWRC'12  NSVRC11  ILSVRC'10
ResNet  GoogleNet VGG AlexNet
imageNet Classification top-5 error (%)
2ICCV
E Kbrang Mo, Xuogyws Dhang, $haoging Ren, £ A 2o, "Owep Ressdual Loaming ‘or loage Recogstion”. ardly 20123

Slide from Kaiming He
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Slides in this section from...

Research

Deep Residual Learning
MSRA @ ILSVRC & COCO 2015 competitions

Kaiming He
with Xiangyu Zhang, Shaoqing Ren, Jifeng Dai, & Jian Sun
Microsoft Research Asia (MSRA)

»I1CC

International Conference on Computer Vision
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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

“2ICCVID

International Conference on Comput

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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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 ] R BER R
(ILSVRC 2012) v (ILSVRC 2014) (ILSVRC 2014) e
[ 3x3 conv, 384 | [ 3x3 conv, 128 | EpEmEmEE
\ 2 \ B e e
[ 3x3 conv, 384 | [ 3x3 conv, 128, pool/2 | =) 3
\ 2 v = S
[ 3x3 conv, 256, pool/2 ] [ 3x3 conv, 256 | I B BSOS BEM
v 2 ) i st
[ fc, 4096 | [ 3x3 conv, 256 | sy
v v e e
[ fc, 4096 | [ 3x3 conv, 256 | D 0ED B
v v e =
[ fc, 1000 | [ 3x3 conv, 256, pool/2 ] D O A R
v o G
[ 3x3 conv, 512 | = -
v i o
[ 3x3 conv, 512 | o 5 pE
v =
[ 3x3 conv, 512 | B A B B
v
[ 3x3 conv, 512, pool/2 ] Wmlﬂ.m
v =
[ 3x3 conv, 512 | B S B gan
v o o
[ 3x3 conv, 512 | [
v s i e
[ 3x3 conv, 512 | R
v i
[ 3x3 conv, 512, pool/2 ] z
v L]
[ fc, 4096 | L]
v -
[ fc, 4096 | z
~ . v
& _& lccw 15 | fc, 1000 | -

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

International Conference on Computer Vision
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Microsoft

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

—

Revolution of Depth——

1x1 cony, 256
—

ResNet, 152 layers

1x1 conv, 256

—
1x1 conv, 128, /2

3x3 conv, 128

1x1 conv, 512
—

1x1 conv, 128

3x3 conv, 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 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

,,‘} ICCV S 1x1 conv, 512

= ’ - =

1x1 conv, 256, /2

Kaiming He, Xiangyu Zhang, $haoq @en, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

(there was an animation here)

International Conference on Computer Vision conv, 256
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ARL LUV, D1z

— Microsoft

3x3 conv, 128
—
L]
3x3 conv, 256
evolution or bep
3x3 conv, 256
1x1 conv, 1024
—
ResNet, 152 layers
’ y 3x3 conv, 256
—
3x3 conv, 256
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
—
3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 256
1x1 conv, 1024
1x1 conv, 256
3x3 conv, 256
—
3x3 conv, 256
> =
~
W1 g o)) IxI conv, 1024

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

(there was an animation here)

International Conference on Computer Vision
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1x1 cony, 256 2
Microsoft

3x3 conv, 256

1x1 conv, 1024 Re S ea rc

3x3 conv, 256

L]
1x1 conv, 1024
—

1x1 conv, 256

3x3 conv, 256

—

ResNet, 152 layers
’ 1x1 conv, 1024
1x1 conv, 256
3x3 conv, 256
——
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
1x1 conv, 256
1x1 conv, 1024
—
3x3 conv, 256
1x1 conv, 1024
p—
3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
—
3x3 conv, 256
1x1 conv, 1024
“2ICCV1E ——
L : _ L Ix1 conv, 256
o e . L & S . “w . . ot ” .
Kaiming He, Xiangyu ZhangzShaoeing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

(there was an animation here)

International Conference on Computer Vision
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L]
1x1 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
ResNet, 152 layers o
—
4 y
3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 256
1x1 conv, 1024
1x1 conv, 256
1x1 conv, 1024
1x1 conv, 512, /2
[ 3x3cony,512 |
—
1x1 conv, 512
_3)(3 cony, 512
—
1x1 conv, 512
3x3 conv, 512

1x1 conv, 2048

=)
,‘50 ICCV =0
Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

Microsoft

Research

(there was an animation here)

International Conference on Computer Vision
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Microsoft

Research
Simply stacking layers?

CIFAR-10 ImageNet-1000
20 AN
60— \ 7 Ny Jli
56-layer \“—\_W.“
44-layer 50 A
g 32-layer S 34
g | 20-layer 240 mayer
3l plain-2 ~- \‘ 30
plain-32 N=N . -
|z e solid: test/val —rainzd | | ~ 18-ayer
0 : 2 ety 6 dashed: train 0 10 0 e (1o 40 50
* “Overly deep” plain nets have higher training error
* A general phenomenon, observed in many datasets
ZICCV1t
S —— Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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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

rel
HEX) leu

"

&
SRR T T TS S ST I
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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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

% ICCV
R T T A T S S T,
Interational Conference on Computer Vision

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

127



Microsoft

Research

Deep Residual Learning

* F(x) is a residual mapping w.r.t. identity

X
) * If identity were optimal,
weight layer easy to set weights as 0
F(x) l relu identity
weight layer X * If optimal mapping is closer to identity,
easier to find small fluctuations

H(x)=F(x) +x

% I CCV
R T T A T S S T,
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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Research
ImageNet experiments

A practical design of going deeper

64-d 256-d

Y
| 1x1, 64
v relu

3x3, 64
relu
\ 4

| 1x1, 256

relu
similar
(for ResNet-50/101/152)
2ICCV
b T Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Network “Design”

* Keep it simple

* Our basic design (VGG-style)
* all 3x3 conv (aimost)
* spatial size /2 => # filters x2
e Simple design; just deep!

e Other remarks:

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

“%ICCVID

International Conference on Computer Vision

plain net

Microsoft

7x7 conv, 64, /2

7x7 conv, 64, /2|

v
poo*\, 2 pool, /2
3x3 conv, 64 3x3conv, 64 |
v v
3x3 conv, 64 33conv, 64 |
v
3x3 conv, 64 3x3conv, 64 |
v v
3x3 conv, 64 33conv,64 |
2
313 conv, 64 3x3conv, 64 |
2 2
3x3 conv, 64 33 conv, 64
y_ e
3x3 conv, 128, /2 3x3cony, 128,/2 |
v v
3x3 conv, 128 3x3 conv, 128
| 2, g

3x3 conv, 128

3x3conv, 128 |

N3

3x3 conv, 128

v
3x3 conv, 128

3x3 conv, 128

3x3conv, 128 |

EL

3x3 conv, 128

2
3x3 conv, 128

3x3 conv, 128

3x3cony, 128 |

3x3 conv, 128

v
3x3 cony, 128

3x3 conv, 256, /2

3x3conv, 256,/2 |

3x3 conv, 256

3x3 conv, 256 =

3x3 conv, 256

3x3conv, 256 |

3x3 conv, 256

v
33 conv, 256

3x3 conv, 256

3x3cony, 256 |

3x3 conv, 256

v
3x3 conv, 256

3x3 conv, 256

3x3cony, 256 |

3x3 conv, 256

2
3x3 conv, 256

3x3 conv, 256

33cony, 256 |
v

3x3 cony, 256

3x3 conv, 256

NEIEIEI E B EIEI E E N R E I El

3x3 conv, 256

3x3conv, 256 |

3

3x3 conv, 256

2
3x3 conv, 256

3x3 cony, 512, /2

€= -

33cony,512,/2 |

3x3 conv, 512

3x3 conv, 512 "

v
3x3 conv, 512

33cony,512 |

3x3 conv, 512

v
3x3 cony, 512

3x3 conv, 512

33 cony,512 |

v
3x3 conv, 512

2
33cony,512 |

avg pool

avg pool

fc 1000

fc 1000 |

Research

ResNet

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Research
CIFAR-10 plain nets CIFAR-10 ResNets
20 2000 ResNet-20
56-layer i
44-layer — Reanee 110
S 32-layer S 20-layer
e 20-layer 2 32-layer
44-layer
—glaﬁn-44 . solid: test 110-layer
—plain-5¢ -
% 1 2 5 6 dashed: train % 1 2 4 s 6

3 3
iter. (1e4) iter. (1e4)

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

>ICCV

. Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ImageNet experiments 28.2
‘ 152 layers ’ :
A\
\‘ 22 layers ’ ‘ 19 Iayers
|
3.57

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10

Microsoft

Research

ResNet GoogleNet VGG AlexNet
ImageNet Classification top-5 error (%)
“<%ICCV1TE
. Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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classifier

Object Detection (brief)

Rol pooling
* Simply “Faster R-CNN + ResNet” pr°p°sa'55 2 1
Sf>7

baseline

VGG-16 41.5 21.5
ResNet-101 48.4 27.2

feature map

COCO detection results
(ResNet has 28% relative gain)

"5, ICCV 1Y Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
T eme— . 011200]iNg Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.
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Research

person : 0.989
= [efrigerator : 0.979

kmfe 0.739

Boven ' 0.969

b U'\VI 0. L)' ;

bw

55

-

*the original image is from the COCO dataset
b,lcc_V/ 1D Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoqing Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.

International Conference on Computer Vision
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person - 0.910 person : 0.998

person 0998 umbrella : 0.910 e
handbag - 0.667%

: | b B SefasEs

chairdQU7570.972 chalr 0639

101114

|’ -~

!
I
=y

|

*the original image is from the COCO dataset

‘5 ICCV Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.

International Conference on Computer Vision
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Research

Instance Segmentation (brief)

* Solely CNN-based (“features matter”)

box instances (Rols)

* Differentiable Rol warping layer (w.r.t box coord.)

* Multi-task cascades, exact end-to-end training

mask instances

Rol warpi
warping, categorized instances
pooling
for each Rol
person
- ) person person
conv feature map
horse
masking
for each Rol
‘5 ICCV Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

Jifeng Dai, Kaiming He, & Jian Sun. “Instance-aware Semantic Segmentation via Multi-task Network Cascades”. arXiv 2015.

International Conference on Computer Vision
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person

person
person

person

backpack
backpack

skis  Skis

*the original image is from the COCO dataset

"5 ICCV L) Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Jifeng Dai, Kaiming He, & Jian Sun. “Instance-aware Semantic Segmentation via Multi-task Network Cascades”. arXiv 2015.

International Conference on Computer Vision
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CNN Summary

CNNs

— Are used for all aspects of computer vision, and
have won numerous pattern recognition
competitions

— Able learn interpretable features at different
levels of abstraction

— Typically, consist of convolution layers, pooling
layers, nonlinearities, and fully connected layers
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A Few Problems for a Factor Graph

Suppose we already have the parameters of a Factor Graph...

1.  How do we compute the probability of a specific assignment to the
variables?
P(T=t, H=h, A=a, C=c)

2.  How do we draw a sample from the joint distribution?
t,h,a,c ~ P(T, H, A, Q)

3. How do we compute marginal probabilities?

P(A) = ...
<:| Can we

4. How do we draw samples from a conditional distribution? use
t,h,a~P(T,H,A|C=¢)

samples
5. How do we compute conditional marginal probabilities? P

PH|C=0)=... <:|



Marginals by Sampling on Factor Graph

Suppose we took many samples from the distribution over
taggings: ») =[] valea)

Sample 1:
Sample 2:
Sample 3:

Sample 4:

Sample 5:

Sample 6:

E
[\S}

2HQO00000

=
1000000
)

<START>




Marginals by Sampling on Factor Graph

The marginal p(X; = x,) gives the probability that variable X;
takes value x; in a random sample

Sample 1:
Sample 2:
Sample 3:

Sample 4:

Sample 5:

Sample 6:

E
[\S}

2HQO00000

?
10000000

<START>




I\/\argmals by Sampling on Factor Graph

A G A e e
ma g als

sample 1 ' ! ! !
v @ @ @ @ 9@
v @ @ ® @ @
swee @ @ O ©® @ 9@
wwes @ @ @ @ @
c.2.2.8.8 8

33— x x, —i x;, —— x, 18— x;
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