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* Nojun Kwak, “Feature selection and extraction based on mutual information for
classification,” Ph.D Thesis, Seoul National Univ., Seoul, Korea, Feb. 2003.

* Nojun Kwak, “Input feature selection for neural networks using mutual information and

Taguchi method,” Mater Thesis, Seoul National Univ., Seoul, Korea, Feb. 1999

- 9170}
- RN, Tl AIets, AFEHIH, SEXNE

« EXFFE W (PCA/ICA/LDA S 7 M)
* Kernel methods (NPT — nonlinear projection trick)
=L EI Y- X
* CNN 7|2 EX| HE €2|E
* CNN 7|2} Human pose estimation
* CNN 7| Y} segmentation
* CNN + autoencoder 7|t image enhancement
* CNN + RNN 7|} vQA (Visual Q&A) / TQA (textbook Q&A)
* RNN (LSTM/GRU) 7|t} video &M
* CNN d5<ckal 211 2| = (BCN - broadcasting convolutional network)
« CNN ZAZfg}
* Generative model (GAN - generative adversarial network) &4t
* RL (Reinforcement Learning) &1 2|
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* DARPA Robotics Challenge (AFEE 14~15)
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* Target tracking (A& A EFZ| A 15)
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* (SCI) Nojun Kwak, “Principal component analysis based on L1 norm maximization”, IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol. 30, no. 9, pp. 1672 — 1680, Sep.
2008. (3202 21 &)

* (SCI) Nojun Kwak and Chong-Ho Choi, “Input feature selection for classification problems,” IEEE
Transactions on Neural Networks, vol. 13, no. 1, pp. 143 — 159, Jan. 2002. (7003] 21 &)

* (SCI) Nojun Kwak and Chong-Ho Choi, “Input feature selection by mutual information based on
Parzen window,” IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 24, no. 12,
pp. 1667-1671, Dec. 2002. (4903] 21 &)
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2009 A2 I TLEISIRY T @4 LK} M (SL L&) - 30002+ 17172
Marguis Who’s Who in the World, Cambridge Blue Book of Foremost International
Scientists S <= |

Textbook Question Answering Challenge (CVPR 2017 Workshop, 4th both in
Text Question and Diagram Question)

Charades Action Recognition Challenge (CVPR 2017 Workshop, 5th place)
Kaggle Data Science Bowl 2017 Challenge (35th place among 1,972 teams)
Imagenet Challenge (localization) (ICCV 2015 Workshop, Poster Presentation)

ISBI 2015 Challenge on Automatic Polyp Detection in Colonoscopy
Videos (3rd place)

Chalearn Looking at People - Cultural Event Classification Challenge (CVPR
2015 Workshop, 3rd place)

DARPA Robotics Challenge Finals 2015 (12th place among 25 teams, co-
leaded Team-SNU)

Korean Autonomous Vehicle Contest 2013 (4th place among 10 final teams,
co-leaded Team-ADAM)
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Nonlinear Projection Trick
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Feature extraction with Generalized Mean
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(b) Results of NN classifier on USPS data set
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Membership Representation for LRR & SSC

(a) Input (latent matrix W = output (b) Output of the 1st stage: Approxi- (c) Dissimilarity matrix (H = (d) Output of the 2nd stage: Ap-
of SSC/LRR) mation of membership matrix (M) 117 — NI) proximation of normalized member-
ship matrix (F)

Figure 1. An example of the intermediate results of the proposed algorithm (Hopkins155, K = 3, n = 336).
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ICA by Lp-norm optimization

N =k O
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(a) Super-Gaussian sources (p < 2)

ICA by [p-norm optimization.
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(b) Sub-Gaussian sources (p > 2)

minimization

maximization

p<2  super-G. (see Section 4 and 5)
n
e.g. w* =argmin )  |w'x;/’
wwiw=1 ;4
p>2  sub-G. (see Section 4 and 5)
n
e.g. W' =argmin ) " |w'x;|’

wwlw=1 ;"4

sub-G. (PCA-L1 [23] or Lp-PCA[24])

e.g. W' =argmax » [w'x|'
wwiw=1 ;4
super-G. (Lp-PCA [24])
n
e.g. w*=argmax ) |w'x;|’

wwlw=1 ;4
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lllumination robust optical flow

(c) TV-LI gray (d) Spherical RGB (e) MDP-flow (f) Our method
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Lane detection

L: 8:=0.000000 b:0.0 \ 03-0.0063‘;’15 o H' &
R: 2:0.000000 b:=0.000¢P0 ¢:0.000000, d:=1.7408
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Driver’s gaze recognition

* Jae Hyun Oh and Nojun Kwak, “Recognition of a driver's gaze for vehicle
headlamp control”, IEEE Trans. on Vehicular Technology, vol. 61, no. 5, pp. 2008—
2017, June 2012.

2DLDAr (2D Linear Discriminant Analysis for regression) was used for trainin

9 )
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http://madang.ajou.ac.kr/~nojunk/papers/TVT_gaze_rec_final.pdf
face_detect.avi

Drowsy driver monitoring

» Speeded up performance by incorporating

V-J detector + Template Matching

MZ O

SEOUL NATIONAL UNIVERSITY




Athlete detection & tracking

» Because of changing environment (illumination), detection is
challenging.
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Non-Rigid Structure from Motion (2D = 3D)

Supplementary to Scalable Non-Rigid
Structure from Motion with Procrustean
Constraint by a Proximal Gradient Method

ACCV Submission ID #867
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Procrustean Regression: NRSTM
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Deep Learning
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Cultural event recognition

OQutpur
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== ; 15%15 15x15 128maps 50
231 %31 31x31 128 maps 128 maps
< 96 maps 128maps 2?4 ;
- 048
129 x 129 % 3 63 %63 Fully Fully
Iputimage(RGB) 96maps  conmec ted connec ted

Find region ploposals

— l T Team name mAP

‘ H ‘ ‘ MMLAB 0.855
.. ) 1 %t UPC-STP 0.767
~_ gl MIPAL_SNU 0.735
SBU_CS 0.610

MasterBlaster 0.582

Nyx 0.319

Final prediction
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Polyp detection in Colonoscopy Videos

Fully s
Image Connected olyp
Netw
Pyramid etwork —_—
256
Hidden nodes 2x1
Input Image -

Figure 3: An example of polyp detection result. (a) Input image. (b) Grayscale probability map. Black is
mapped to probability of 0 and white is mapped to probability of 1. (¢c) Smoothed probability map after post-
processing (d) Final result. The location of the polyp is marked with a green dot.
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Bosniak Classification in renal cystic lesion

DICOM Image
Pre

Medicallmage
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Imagenet localization

v Classification Network

v 3 GoogleNets with 10 crops (8.53% Top-5 acc on validation set)

2.5) g."u'm:.l.. D
- wnaegindRehgNERHRINSd T Class
- g lage—le@é‘l' - prediction
Input image Classification

v’ Object Scoring Network
v Finetune GoogleNet with images cropped in object-level bounding boxes
v" We exploit the classification scores (before softmax) of predicted class as a feature
v’ Dividing the image into 7x7 grid, 140 possible square crops are evaluated to get the classification scores
and generate a 140-dim feature vector

Each square crop corresponds to a
specific dimension of a feature vector

—_

Classification score
Divide image into 7x7 grid with 140 square crops

v’ Localization Network
v’ Training neural net regressor which minimizes Euclidean loss

v’ Perform class-wise finetuning
: S
: = =

*

o
PEE G T S ST Normalized feature

140-dim normalized feature Neural network regressor Bounding box prediction
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140 dim normalized feature
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Pedestrian Detection
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Object Detection
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Object Detection (Rainbow SSD)

TR T s azzc I - Detections:
H TP o
lone/scalell_. 8737 hoxes

{one/all
| scale)

L 'l'l'l'l

¥

Feature pyramid

| | Input | Train | Test | mAP | FPS |

YOLO[14] 448 [VOC2007+2012| 2007 63.4 45

YOLOv2[13] 416 |[VOC2007+2012| 2007 76.8 67

YOLOv2 544x 544 13] 544 |VOC2007+2012| 2007 78.6 40

Faster R-CNNJ[ 15] VOC2007+2012| 2007 73.2 5

R-FCN (ResNet-101)[8] VOC2007+2012| 2007 80.5 5.9

S5D#[11] 300 |VOC2007+2012| 2007 77.7| 61.1

DSSD (ResNet-101)[3] 321 |VOC2007+2012| 2007 78.6 9.5

ISSD* 300 |VOC2007+2012| 2007 78.1 26.9

ours (SSD pooling)* 300 |VOC2007+2012| 2007 77.1 48.3

ours (SSD deconvolution)* 300 |VOC2007+2012| 2007 71.3 39.9

ours (R-SSD)* 300 |VOC2007+2012| 2007 78.5 35.0

ours (R-SSD one classifier (4 boxes))*| 300 |VOC2007+2012| 2007 76.2 34.8

ours (R-S5D one classifier (6 boxes))*| 300 |VOC2007+2012| 2007 77.0 35.4

SSDH[11] S12 - |VOC2007+2012) 2007} 79.8)  25.2 Figure 2: Conventional SSD vs. the proposed Rainbow SSD (R-SSD). Boxes with objectness
DSSD (ResNet-101)[3] 513 |VOC2007+2012| 2007 81.5 5.5 ) 2 ! 2

ours (R-SSD)* 512 |vocao07+2012] 20071 80.8] 6.6 score of 0.3 or higher is drawn: (a) SSD with two boxes for one object; (b) SSD for small

Table 3: VOC2007+2012 training and VOC 2007 test result (* is tested by ourselves) ~objects: (¢) R-SSD with one box for one object; (d) R-SSD for small objects
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CNN — Dropout

mraa
> H: g

. u
* .l
Select the feature map Find maximum and || Select spatial location  find maximum across the channel
with probability p,f ¢ drop the value to 0 with probability psy ¢ and drop the value to 0

(a) ()

Fig. 3. Illustration of max-drop layer. Two different ways to find maximum value is
proposed in this paper: (a) Feature-wise max-drop finds maximum value within each
feature map and drops the maximum values with probability poss. (b) Channel-wise
max-drop finds maximum value across each channel in the same spatial position and
drops the maximum values with probability posy.
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Pose estimation (2D+3D CNNs)
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Pose Estimation

Global Regression Network Local Refine Network
Concatenate heatmap with Position sersitive
Conv5 feature map Heatmap of jouss convs feamce map score map
Position sensitive
pooling
Convolution Codvolution -
—p —_— -lb
(BxBx N )
(P x P x 2048) (PXPXN) - ‘
Receptive ficlds (P x P x (N +2048)) (P XPX(VNX N.J) Per bin L, koss
Pixel-wisa L, loss Region proposil

~ Convl, 7x7 Cany3, 102x103 Convs, $87x487

Figure 2. Overall architecture of the proposed method (global-local network). The output of the global network is used as an input to a
local network to refine the location using a variety of region proposals. On the left, we show each receptive field of features after the
corresponding convolution layer with its size (e.g.. 7 x 7 for conv1 layer). On the right, several region proposals are shown.

| Head ‘Shoulder‘ Elbow ‘ Wrist ‘ Hip ‘ Knee ‘ Ankle | Total

Local 74.8 63.9 44.9 29.7 66.6 47.9 28.3 50.8

Global 89.3 71.5 58.0 51.0 70.5 66.5 62.5 67.0
Global(14)-local 91.8 76.0 64.7 58.6 76.9 72.9 68.8 72.8
Global(14)-local* 923 79.1 69.2 62.9 80.8 76.0 71.5 76.0
Global(28)-local* 96.2 85.4 76.1 71.2 85.7 81.8 76.2 81.8
Fan[+]etal. CVPR’15 92.4 75.2 65.3 64.0 75.7 68.3 70.4 73.0
Yang [1Y] etal. CVPR’16 90.6 78.1 73.8 68.8 74.8 69.9 58.9 713.6

Table 2. PCK-based comparison on LSP. A threshold value was measured at 0.2 (@0.2). The mark * indicates weights from the additional
fine-tuning step is used.
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Semantic Segmentation

Pooling 2
—_—

| 1024 1024 1024 1024

—i Superpizel-based sampling 'r

Sampled featuremap
(Batch ® N_sample, 5376)
Extract sample p, in superpixel ﬁ Reshlock or FC

i

a . I Sampled groudtruth
[Bateh, N_sample)

Figure 2: Overall structure of the proposed method (HP-SPS)

(a) input (b) ground truth  (c) our result (d) input (e) ground truth  (f) our result
Figure 6: Some prediction example of our method on Pascal context dataset
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Video action recognition

3. Metric
Evaluation

2. Input-Set
Embedding
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1. Support-Set
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Network Pruning
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Semantic Search in Video

2g¢ THE FOLLOWING PREVIEW HAS BEEN/APPROVEDIFOR
APPROPRIATE AUDIENCES

BY THE MOTION PICTURE ASSOCIATION OF AMERICA; ING.

Wi imratings.com WWW.Mpaad.org
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Reinforcement Learning

Episode. 1 : /: . . \., e
Hicde2 ) O @ @ ® L(s) BOOK. L)

P PR ‘ - Agent
Bisoie3 () O @ O @

. B 4 -\I :_f' S 1 . - —
Episode. 4 () () . O @ Linguistic Rule £(+) L
Key Value I Agent
. . state
N Q(c1,ay). Fey,ay).
() : credible state ¢, =L(s;) | Q(cp.az). F(cy.ay).
@ : terminal state : il Agent
@ - high priority state Q(cz, ay). F(ey, ay). S
- c; =L(sg) | Q(cz, az). F(cz.az).

Figure 1: Overall framework of the proposed model. Similar experiences (state-action pairs) from
multiple episodes are grouped into a cluster and the credible experiences corresponding to large

clusters are written in a BOOK with their ()-values and frequencies F's. Then, the agent uses this
information in training.
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Noise GAN
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TQA
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Lion links to wild
cat

egg
~12 days

2nd nstar grub
~21days

1stinstar grub
. S
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to pupa ~20days
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JPEG Artifact Removal

I
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Ours (CED-GT)

JPEG-10
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Original JPEG-10 AR-CNN[2]
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Autonomous Vehicles

* Lane, Vehicles, Traffic lights, Traffic Signs, Crosswalk,
Pedestrian, Obstacles ...
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Vehicle Detection

e BSD & Frontal
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DARPA Robotics Challenge
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SNU in DRC
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