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Region Proposals X I #1Y

Search Object .

Original Image Candidate Boxes Final Detections

o BIESNE O, Kk oG HEE Jyregion
proposals X fj}}%z)’(
EATE %ﬁ%ﬂl%ﬂ/ FORAR RS e, X AT L i
e XA, RIS AT R
. *ﬁxﬂ%ﬁxﬂi IS
o XL AN ZR e if)

Slide Credit: S. Lazebnik




Region Proposals: Selective Search

Alexe et al, “Measuring the objectness of image windows”, TPAMI 2012

Uijlings et al, “Selective Search for Object Recognition”, IJCV 2013

Cheng et al, “BING: Binarized normed gradients for objectness estimation at 300fps”, CVPR 2014  Zitnick
and Dollar, “Edge boxes: Locating object proposals from edges”, ECCV 2014



R-CNN: Region proposals + CNN features

Source: R. Girshick

SVMs

SVMs

SVMs

L ]

ConvNet

ConvNet

ConvNet
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FHSVM 42K
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[

R. Girshick, J. Donahue, T. Darrell, and J. Malik, Rich Feature Hierarchies for Accurate Object Detection and Semantic
Segmentation, CVPR 2014.



http://www.cs.berkeley.edu/~rbg/papers/r-cnn-cvpr.pdf
http://www.cs.berkeley.edu/~rbg/papers/r-cnn-cvpr.pdf

Fast R-CNN VS “Slow” R-CNN

Fast R-CNN

Log loss + smooth L1 loss

Linear + ’/ tl

softmax Linear

\PF_CSQ/

g 1

ConvNet

“Slow” R-CNN
SVMs
SVMs f
SVMs
ConvNet
ConvNet
ConvNet ﬁ




ROI Pooling/Align
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P(airplane)
\ P(cat)

P(car)

P(zebra)

&}

?

E K/ e.g., 7XT7)

fiti Je, ?kﬂ]ﬁ')ETu 1IN 2R 2%

KiEAT

T RANA T AE[E] .




Faster R-CNN:

1ECNN#2&Proposals!

Fast R-

CNN

Log loss + smooth L1 loss

Linear +
softmax

N

L

Linear

)

FCs

5’/ ﬂ

1l
A EETERAAER)

ConvNet

Region Proposal Network (RPN) Fiill [X fskproposal
H A4 5 Fast R-CNN—

Faster R-CNN

Bounding-box

Region Proposal Network [}

feature map
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— :I :I max pooling
CNN >
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| X IAHFAE (1
- ° ‘ ° ‘ 512x2 X 2;
PR L e L 2R 512 X 7 X 7)
TAKIR (eg.3 B HRT: C x H X W (e.g.

x 640 x 480) 512 x 20 x 15)

He et al, “Mask R-CNN”, ICCV 2017
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Faster R-CNN:
iECNN#&Proposals!

Faster R-CNN & —1>
P B AR pe A%

Bounding-box

BB AEREKE L
- Backbone network
- _Region proposal network

proposaV — /

Region Proposal Network
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feature map




B Bx M4 v YOLO / SSD / RetinaNet
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Output:
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YOLO

e Score
 Bbox e Score
 Bbox
ConvNet

wA X

X S

SFTXTIRFE B RS R, Tl

| 7

KV o+ AR IF

Lt Faster-RCNN 1 74%, {E¥EH

LUK

?
75\%

LR SRR, FESERR N A
, WNLEs NEE, B
A

J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, You Only Look Once: Unified, Real-Time Object Detection, CVPR 2016



https://pjreddie.com/media/files/papers/yolo_1.pdf

PIAAASI : 5P F...

Backbone
Network
VGG16
ResNet-101
Inception V2
Inception V3
Inception
ResNet
MobileNet

“Meta-Architecture”
Two-stage: Faster R-CNN
Single-stage: YOLO / SSD
Hybrid: R-FCN

Image Size
# Region Proposals

Bgh

Faster R-CNN 2, {HEZ#EREZ
SSD/YOLO#, (HZA

B VR A P 28 3 2 e TN AS B 4
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MR K Faster R-CNN

Object
Detection

DOG, DOG, CAT

oss B M regression loss
Bounding-box
egression los: Rol pooling

Region Proposal Network ;"
feature map H



25438 Mask R-CNN

He et al, “Mask R-CNN”, ICCV 2017
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Mask R-CNN

4+ Scores: C

527 (per class): 4 * C
—

7 y y
% pq g
e 1 % i %
a8y / A |—> | —
/// > i // i //

1
9 . ‘| /' Conv “1 /' Deconv

1/ Rol Align i i

/
/

256 x14x 14 256 x 14 x 14 Predict a mask for

each of C classes

C x28x28

He et al, “Mask R-CNN”, arXiv 2017



Mask R-CNN: 41 F




Mask R-CNN

He et al, “Mask R-CNN”, ICCV 2017
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Segment Anything BESHAT AT 52713 [ 5 20 4 1

Universal segmentation model

valid masks

< confidence

score
; —| image |_5 _@_) lightweight il , confidence
encoder — mask decoder K e
image T , confidence
Kt ‘ score
image prompt encoder
embeddings

down (x.y, f&, 'bg) T
sample
(x1,y1),(x2y2)

T I

mask points  box text
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Segment Anything “valid mask” /A~ [F] i i 351 X 2 f) 5 B R




Segment Anything ZH1H “zero-shot” Tl
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Dog image credit: T. Gupta
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B3R

RFFAE ) &

Cat weight vector | 0.2 |-05| 0.1 | 2.0 | 1.1 56 -96.8 | Cat score

Dog weight vector | 1.5 | 1.3 | 21 | 0.0 | 3.2 | [ 231 | ==p | 437.9 | Dog score

Hat weight vector [ 0.0 | 0.3 | 0.2 | -03 | -1.2 || 24 61.95 | Hat score
2
w Wx;
AR R R R A 15 R : MBSO BN 2
Xi

Diagram by: Karpathy, Fei-Fei



Cat score
Dog score

Hat score

SoftmaxilifF 7 ¥ A =

-0.9

0.6 (7 exp(x)
0.4

P(class j):

e09 || 0.41 0.11
0.6 1.82 |1 Norm 0.49
e+ || 1.49 0.40
>=3.72
exp((Wx);)

D exp((Wx)y)

P(cat)
P(dog)

P(hat)
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EZIES

RFFAE ) &

Cat weight vector | 0.2 |-05| 0.1 | 2.0 | 1.1 56 -96.8 | Cat score

Dog weight vector | 1.5 | 1.3 | 21 | 0.0 | 3.2 | [ 231 | ==p | 437.9 | Dog score

Hat weight vector [ 0.0 | 0.3 | 0.2 | -03 | -1.2 || 24 61.95 | Hat score
2
w Wx;
1
S y. ur YN ES e e ! | KT FIE AN
U AR R AR 013 43 B 5 NI
Xi

Diagram by: Karpathy, Fei-Fei



EZIES

] Sigmoid{ti £33 ¥4 Ak =R

Catscore | -1.9 0.13 |P(cat)

Dogscore | 1.2 (1 sgm(X) »| 0.77 |P(dog)

Hatscore| (.9 0.71 |[P(hat)

N 77% dog
71% hat
~ 113% cat?
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one to one

\ Vanilla Neural Networks
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¥ 51 B3R

one to one

AFIHAE

one to many

N eg. ECHiA

Image -> sequence of words



(4222

¥ 51 B3R

one to one

one to many

7N

LSS

many to one

\ e.g. BIE/E- TR
sequence of video frames -> action class

H PP T4

Review -> Scores
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one to one

one to many

7N

LSS

many to one

many to many

\

E.g. PLAAC 3

Sequence of video frames -> caption
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one to one

one to many
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many to one

many to many many to many
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Captioning:




Captioning: E&##R
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FR W

A female tennis player in action on A group of young men playing a A man riding a wave on top of a
the court. game of soccer surfboard.

A baseball game in progress with the A brown bear standing on top of a A person holding a cell phone in
batter up to plate. lush green field. their hand.

Long-term Recurrent Convolutional Networks for Visual Recognition and Description. Donahue et al. TPAMI, CVPR 2015.



FR W
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A close up of a person brushing his A woman laying on a bed in a bed- A black and white cat is sitting on a
teeth. room. chair.

A large clock mounted to the side of A bunch of fruit that are sitting on a A toothbrush holder sitting on top of
a building. table. a white sink.

Long-term Recurrent Convolutional Networks for Visual Recognition and Description. Donahue et al. TPAMI, CVPR 2015.
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A bird is perched on a
- tree branch

v }) "
Awoman IS holdlng a cat in
her hand

Amanina
baseball uniform
throwing a ball

Awoman standing on a
beach holding a surfboard

A person holding a computer
mouse on a desk



INZRNNE Linux Code

/*
* If this error is set, we will need anything right after that BSD.
*/
static void action_new_function(struct s_stat_info *wb)
{
unsigned long flags;
int lel_idx_bit = e->edd, *sys & ~((unsigned long) *FIRST_COMPAT);
buf[0] = OXFFFFFFFF & (bit << 4);
min(inc, slist->bytes);
printk(KERN_WARNING "Memory allocated %02x/%02x, "
"original MLL instead\n"),
min(min(multi_run - s->len, max) * num_data_in),
frame_pos, sz + first_seq);
div_u64_wf(val, inb_p);
spin_unlock(&disk->queue_lock);
mutex_unlock(&s->sock->mutex);
mutex_unlock(&func->mutex);
return disassemble(info->pending_bh);

Result credit: A. Karpathy



RNN

#

RNN P 5 H . 5 (0 21 20 (4, ?Tﬂ/\ﬁﬁfﬁﬁmﬁﬂm
SEE BN . XEE A ?

E

2]
Result credit: A. Karpathy



RNN

A

RNN % . 15 8 1) 20 (0, E%Tﬂ/\ﬁﬁ%ﬁmﬂﬂm
SRR . XEEUHIH A4 2

#ifdef CONFIG_AUDITSYSCALL
static inline int audit_match_class_bits(int class, u32 *"mask)

..........
1ntct R Sy
_______

| ; i < AUDIT_BITMASK_SIZ
ask[i] & classes[class][i])

Result credit: A. Karpathy



RNN

AN

RNNMHr . 56 3] 200 BoR 78D 4% BRI [R]
SRA R . XAEULIEAA ?

s .r _e 1 d 1% Bt r li‘-.l <
pack_string ;

Result credit: A. Karpathy
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 Adog ina hat

« Adog wearing a hat

* Husky wearing a hat

* Husky holding a camera,
sitting In grass

.Y ¢ A dog that’s in a hat, sitting on

a lawn with a camera
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DRI 2RISR

0

Dog (P=0.3), A (P=0.2),
Iiusky (P=0.15), ....

o-

%»%»EI»

MR T B B TA] PRI AR 38 R 25 KA
n] LI #E “temperature”iid £ 2
L exp(score/t) KA HEZ )
Afi

exp(5) / exp(1l) — 54.6

exp(5/5) / exp(1/5) — 2.2
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Computer: “A husky in a hat”
Human: “A dog 1n a hat”

B3R i 3k B8 2

1) N TiFfh

2) &G T B TR s S BUR B (e.g., “Aaaaa”)
3) kR MR, LRI 4
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VE R IHLA 2 AL BRATIICTEAN [F] 1) 25 Ta] [X 324

A dog is standing on a hardwood floor. A stop sign is on a road with a
mountain in the background.

A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water. trees in the background.

Xu et al, “Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015
Figure copyright Kelvin Xu, Jimmy Lei Ba, Jamie Kiros, Kyunghyun Cho, Aaron Courville, Ruslan Salakhutdinov, Richard S. Zemel, and Yoshua Benchio, 2015. Reproduced with permission.



Attention
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RATHIAE, AR BT E

i 1T attention, JCVE

ST fE

N

Two men playing frisbee in a dark field.

Bottom-Up and Top-Down Attention for Image Captioning and Visual Question Answering. Anderson et al. 2018.



Attention

Question: What color is illuminated on the traffic light? Answer left: green. Answer right: red.

Bottom-Up and Top-Down Attention for Image Captioning and Visual Question Answering. Anderson et al. 2018.
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Giraffe example credit: L. Zitnick



A giraffe
wandering

A giraffe grazing in its enclosure around
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A man riding a wave
on a surfboard in the
ocean.

A man riding a wave
on a surfboard.

A person flying a kite A person flying a kite

in the sky. in the sky.
e A black and white cat
A cat sitting in a —
: sitting in a bathroom
bathroom sink. ek

Exploring Nearest Neighbor Approaches for Image Captioning. Devlin et al. 2015



o TATTAT HEAN K2 Wk B HY 45 R
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s A woodenbenchin A window display on
“® front of a building. the front of a building.

A building with a A clock tower on the
clock on the top. top of a building.
el The side of a

A bus that 1s on the

B passenger train at a .
p g side of a road.

train station.

Exploring Nearest Neighbor Approaches for Image Captioning. Devlin et al. 2015



#3iR? Unpaired Data

Deep

Compositional —»

Captioner

/ Paired Image- \

Sentence Data

A bus driving
down the
street.

Yummy pizza
sitting on the

table./

A otter that is sitting
in the water.

fUnpaired Text Data\

Otters live in a
variety of
aquatic
environments.

Pepperoni is a
popular pizza

\topping- w.g'{},mm/

A dog sitting on a
boat in the water.

Deep Compositional Captioning: Describing Novel Object Categories without Paired Training Data.
L. Hendricks et al. CVPR 2016



Visual Question Answering (VQA)

4096 output units from last hidden layer
(VGGNet, Normalized)

Convolution Layer Fully-Connected MLP
Convolution Layer Pooling Layer  + Non-Linearity Pookng Layer

+ Nan-Linearity
2X2%512 LSTM

1024

Fully-Connected

1024

H+HH-H

Fully-Connected

“How many horses are in this image?”

Agrawal et al, “Visual 7W: Grounded Question Answering in Images”, CVPR 2015 | | |j ﬁ
Figures from Agrawal et al, copyright IEEE 2015. Reproduced for educational purposes.
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1000 1000
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Point-wise ¢, i.Connected Softmax
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0.00 | Dolphin

0.03 | Bat




VOA

What color are her eyes?

How many slices of pizza are there?
What is the mustache made of? Is this a vegetarian pizza?

Is this person expecting company? Does it appear to be rainy?
What is just under the tree? Does this person have 20/20 vision?

VQA: Visual Question Answering. S. Antol, A. Agrawal et al. ICCV 2015



Who is under the

o

What endangered animal Q: Where will the driver go Q: When was the picture
is featured on the truck? if turning right? taken? umbrella?

2

A: A bald eagle. A: Onto 24 % Rd. A: During a wedding. A: Two women.
A: A sparrow. A: Onto 25 % Rd. A: During a bar mitzvah. A: A child.

A: A humming bird. A: Onto 23 % Rd. A: During a funeral. A: An old man.

A: Araven. A: Onto Main Street. A: During a Sunday church A: A husband and a wife.

earvira

Agrawal et al, “VQA: Visual Question Answering”, ICCV 2015 *E TE gl }:lL‘ }Fl] i ?j:% I‘Eﬂ IE] %-Q I‘Eﬂ El/—\L)ﬁ‘,

Zhu et al, “Visual 7W: Grounded Question Answering in Images”, CVPR 2016
Figure from Zhu et al, copyright IEEE 2016. Reproduced for educational purposes.



Visual Commonsense Reasoning (VCR)

A oy ’

' Why is [person4a] pointing at
[person1§}]?

From Recognition to Cognition: Visual Commonsense Reasoning. Zellers et al. CVPR 2019



VCR

Why is [person4’] pointing at

a) He is telling [[per:

the pancakes.

b) He just told a joke.

¢) He is feeling accusatory towards [person1f§]].

d) He is giving [person1f§]] directions.

From Recognition to Cognition: Visual Commonsense Reasoning. Zellers et al. CVPR 2019



CNN | [~

cafeteria:0.01

: yes:0.81

p : no:0.15
family

€
are these people family? —s |©| @re  —*
O people:0.02
Softmax

these

Word feature

O| people
One-hot vector

o HILFM, ALFES000 5 FH T B2 BT AL & A
« FHHCNN#HEE BEG I RFAET

« HIBoWZE 75 0] @10

« IRIEHER P(A|Q, N5 F[H]%

Zhou, Bolei, et al. "Simple baseline for visual question answering." arXiv preprint arXiv:1512.02167 (2015).
Slide credit: T. Gupta




R

Question: what are they doing

Predictions:
playing baseball (score: 10.67 = 2.01 [image] + 8.66 [word])
baseball (score: 9.65 = 4.84 [image] + 4.82 [word])
grazing (score: 9.34 = 0.53 [image] + 8.81 [word])

Based on image only: umpire (4.85), baseball (4.84), batter (4.46)
Based on word only: playing wii (10.62), eating (9.97),
playing frisbee (9.24)

Question: how many people inside

Predictions:
3 (score: 13.39 = 2.75 [image] + 10.65 [word])
2 (score: 12.76 = 2.49 [image] + 10.27 [word])
5 (score: 12.72 = 1.83 [image] + 10.89 [word])

Based on image only: umpire (4.85), baseball (4.84), batter (4.46)
Based on word only: 8 (11.24), 7 (10.95), 5 (10.89)

Zhou, Bolei, et al. "Simple baseline for visual question answering." arXiv preprint arXiv:1512.02167 (2015).
Slide credit: T. Gupta




R

Question: which brand is the laptop

Predictions:
apple (score: 10.87 = 1.10 [image] + 9.77 [word])
dell (score: 9.83 = 0.71 [image] + 9.12 [word])
toshiba (score: 9.76 = 1.18 [image] + 8.58 [word])

Based on image only: books (3.15), yes (3.14), no (2.95)
Based on word only: apple (9.77), hp (9.18), dell (9.12)

VR S0 T LI AT P b 2 ) 2

Zhou, Bolei, et al. "Simple baseline for visual question answering." arXiv preprint arXiv:1512.02167 (2015).
Slide credit: T. Gupta




EEVEM

Open-Ended Multiple-Choice
Overall yes/no number others Overall yes/no number others
IMG (2] 28.13 64.01 0042  03.77 30.53 69.87 00.45 03.76
BOW (2] 48.09 75.66 36.70  27.14 53.68 75.71 37.05 38.64
BOWIMG [2] 52.64 75.55 33.67 137 58.97 75.59 34.35 50.33
LSTMIMG (2] 53.74 78.94 3524 3642 57.17 78.95 3580 4341
CompMem [6] 52.62 78.33 35.93 34.46 - - - -
NMN+LSTM [1] 54.80 77.70 3720  39.30 - - - -
WR Sel. [13] - - - - 60.96 - - -
ACK [16] 55.72 79.23 36.13  40.08 - - - -
DPPnet [11] 57.22 80.71 3724  41.69 62.48 80.79 3894  52.16
iBOWIMG 55.72 76.55 35.03 4262 61.68 76.68 37.05 54.44

Slide credit: T. Gupta
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Class Activation Mapping

Question: What are they doing? Question: What is he eating?
Prediction: texting (score: 12.02=3.78 [image] + 8.24 [word]) Prediction: hot dog (score: 13.01=5.02 [image] + 7.99 [word])
Word importance: doing(7.01) are(1.05) they(0.49) what(-0.3) Word importance: eating(4.12) what(2.81) is(0.74) he(0.30)

Question: Is there a cat?
Prediction: yes (score: 11.48 = 4.35 [image] + 7.13 [word])
word importance: is(2.65) there(2.46) a(1.70) cat(0.30)

Question: Where is the cat?
Prediction: shelf (score: 10.81 = 3.23 [image] + 7.58 [word])
word importance: where(3.89) cat(1.88) the(1.79) is(0.01)

Slide credit: T. Gupta
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Who is wearing glasses? Where is the child sitting?

man woman arms

Is the umbrella upside down? How many children are in the bed?

Making the V in VQA Matter: Elevating the Role of Image Understanding in Visual Question Answering. Goyal et al. 2017
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When do we eat <smarrs

Diagram is remake of one from J. Johnson
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