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v Developers or MS/PhD Students — Tutoring (18.06 ~ Present)
v NEXTPAGE - Lecturer (18.10 ~ 20.09)

v EasyDeep — Lecturer & VOD (20.11 ~ 21.02)

[Reviewer] — ICIP 2022, IEEE TCSVT 2022, ICML 2022

Papers
Sanghyun Jo v Puzzle-CAM: Improved localization via matching partial and full features
e (Git stars: 150, Citations: 34, ICIP 2021)
>NJO-ap v RecurSeed and EdgePredictMix: Single-stage learning is sufficient for
. : Weakly-Supervised Semantic Segmentation
Deep Learning Research Engineer (Git stars: 31, Citations: 1, Under Review, SOTA )
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Contributions

704 10

Total Best day
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Average: 1.92 / day

Streaks

17 days
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(17.07 ~ Present)

Pinned

B PuzzleCAM | Public
[ICIP2021] Puzzle-CAM: Improved localization via matching partial and full
features.

@prython  T¥ 150 %43

Customize your pins

B RecurSeed_and_EdgePredictMix | Public

[Under Review] RecurSeed and EdgePredictMix: Single-stage learning is
sufficient for Weakly-Supervised Semantic Segmentation

@Python  1¥31 T3

] Tensorflow_RetinaFace | Public

[Re-implementation] RetinaFace: Single-stage Dense Face Localisation in the
Wild

@Python Y726 ¥ 11

] Tensorflow_GloU | Public

[Re-implementation] Generalized Intersection Over Union: A Metric and a
Loss for Bounding Box Regression (CVPR2019)

@Pyihon 213 W2

B Tensorflow_Improving_Pairwise_Ranking_for_Multi-
label_Image_Classification | Public

[Re-implementation] Improving Pairwise Ranking for Multi-label Image

Classification (CVPR2017)

@Pyihon X7 T4

B Tensorflow_FixMatch | Public

[Re-implementation] FixMatch: Simplifying Semi-Supervised Learning with
Consistency and Confidence

@Pyihon 1714 T4
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Doodle It Yourself: Class Incremental Learning by Drawing a Few Sketches

The human visual system is remarkable in learning new visual concepts from just a few examples. This is precisely the goal behind few-shot class

incremental learning (FSCIL), where the emphasis is additionally placed on ensuring the model does not suffer from "forgetting”. In this paper, we

push the boundary further for FSCIL by addressing two key questions that bottleneck its ubiquitous application (i) can the model learn from diverse
modalities other than just photo (as humans do), and (i) what if photos are not readily accessible (due to ethical and privacy constraints). Our key

ICML2022 & ICML2021 ICML2020 B ICML2019 & ICML2018 B ICML2017 ncva
ICCV2021 & ICCV2019 @ ICCV2017 e
ECCV2020 & ECCv2018 graph at
WACV2022 8@ WACV2021 WACV2020 textin tt
Keywords: |weak[y supervised, semantic,segmentation o
PDF filename: 220809_WSSS pdf title
booktit
- month
Send ] year
pages
Created by Sanghyun Jo. © 2022, }
For any issues, please contact shjo.april@gmail.com. y
https://op

CVPR SEATTLE

JUNE 14-19 2020 WASHINGTON

Distilling Image Dehazing With Heterogeneous Task Imitation

State-of-the-art deep dehazing models are often difficult in training. Knowledge distillation paves a way to train a student network assisted by a
teacher network. However, most knowledge distill methods are used for image classification and segmentation as well as object detection, and few
investigate distilling image restoration and use different task for knowledge transfer. In this paper, we propose a knowledge-distill dehazing network
which distills image dehazing with the heterogeneous task imitation. In our network, the teacher is an off-the-shelf auto-encoder network and is

used for image reconstruction. The dehazing network is trained assisted by the teacher network with the process-oriented learning mechanism. The

student network imitates the task of image reconstruction in the teacher network. Moreover, we design a spatial- channet
residual block for the student image dehazing network to adaptively learn the content-aware channel level attention and pay more attention to the
features for dense hazy regions reconstruction. To evaluate the effectiveness of the proposed method, we compare our method with several

state-of-the-art methods on two synthetic and real-world datasets, as well as real hazy images.

InProceedings{Hong_2020_CVPR,

author = {Hong, Ming and Xie, Yuan and Li, Cuihua and Qu, Yanyun},

title = {Distilling Image Dehazing With Heterogeneous Task Imitation},

booktitle = {Proceedings of the [EEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR)},
month = {June},

year = {2020}

}

https:/fopenaccess.thecvf.com/content_CVPR_2020/papers/Hong_Distilling_Image_Dehazing_With_Heterogeneous_Task_Imitation_CVPR_2020_paper.pdf
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Writing: Of 3 12| O|H| ¥ X (Business)

Q1. What's your thought about the potential with the logistics business in line with reflecting this

comment?

The growth rate of the logistics business will significantly decrease. The most governments
have decided to mitigate the regulation of Covid-19 to protect existing companies from the
pressure of inflation, causing a critical damage to the delivery industry. Moreover, the war
occurred by Russia has accelerated the negative effect globally. For example, Amazon
announced the revocation of contract and the sublease As
a result, numerous incidents explicitly explain why the logistics business has the low
potential.«

Q2. There are the puts and takes to lay groundwork for a new business. What if our company

decides to jump in, which segment we need to lean into?

Our company has to B2B logistics revenue stream with Korean Conglomerates

Manufacturing. The conglomerates already (ElfeMEGERReIGI\Welis for manufacturing.

Therefore, our company not only conducts [o]eJeleJa(VLIIIR NNl In=l @i the superiority
of a new business but also minimizes EMEIGIRRNIGY] a new business by leveraging

existing manufacturing infrastructures.

Q3. If we decided to avoid business risk in the logistics and invest in the logistics company by

equity investment method investment, which domestic logistics company would be a promising

option?

To my knowledge, CJ Express is the most promising option to avoid business a risk in the
logistics. Samsung SDS relies on the logistics BPO as shown in the first figure. By contrast,

a category of the revenue in CJ Express includes global, CL, construction, and delivery. The

diversification of the revenue ERELaICRisieMnlallnlrilile] a risk due to an unstable market.

Speaking: Focusmate

https: focusmate.com/user/sanghyun-j1

Settings/”

35

Sessions Timeliness Score @

Word

susceptible to

vulnerable to, prone to

Focusmate
Calendar Sessions People
Upcoming View all

You have no upcoming
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Fully-Supervised Semantic Segmentation

Image Ground Truth
Ry A 7S AT O, -

Y

Training

Inference

\

FSSS Prediction

Labeling time: 239s per image

Weakly-Supervised Semantic Segmentation

Image Ground Truth

Ry . i A RN T,

Dog

Sheep

Y

Training

Inference

v
WSSS Prediction

Labeling time: 20s per image
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networks.com Affiliation: GYMetworks

ategory: eess |V Country: Korea (South)
Groups: eess and cs Career Status: Other

URL: https:/igithub.com/OFRIN
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Identifier Primary Category | Title Actions Author
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# Paper 1D : 2479

PUZZLE-CAM: IMPROVED LOCALIZATION IEEE
% VIA MATCHING PARTIAL AND FULL FEATURES QIEEE .

Sanghyun Jo In-Jae Yu'
'(AIST School of KAIST earch > ICIP2021 > presentation 2nd > full
Computing GYNetworks  Scpaol of Computing

Observation Ablation study: using different backbones

Motivation Quantitative Results ' ! m

The conventional CAMs activales part of objects for dassification (a) CAM CAM CAMSRW v
The merged CAMs from image patches scatter the attention (b) Method Backbone %) | +RW (%) | +dCRF (%) 4
Z:‘):/cq::c.m suppresses the attention on discriminative region of the AffinityNet [4] ResNet:30 rUE) 3510 970
TN, Puzzle-CAM ResNet-50 5153 64.16 64.70
Process Puzzle-CAM ResNeSt-50 57.59 69.48 69.91
1. Tilling an image to image patches to divide into the attention Puzzle-CAM ResNeSt-101 61.85 71.92 72.46
b 2. Morging the foaturs maps om the network (0 produce the Puzzle-CAM | ResNeSt-269 | 6245 74.14 74.67
" L f this work reconstructed features.

3. Matching partial and full features with reconstru regularization.

Comparison with existing state-of-the-art methods

Method Backbone Supervision | val test
AffinityNet [4] Wide-ResNet-38 Z 61.7 63.7
DSRG [12] ResNet-101 I+8 614 632
SeeNet [13] ResNet-101 T+8 63.1 628
IRNet [4] ResNet-50 I 63.5 648
FickleNet [6] ResNet-101 I+S8S 649 653
ICD[17) ResNet-101 " 2 641 643
SEAM [5] Wide-ResNet-38 z 645 657
r= Ours (Puzzle-CAM) ResNeSt-101 I 669 671.7
| Ours (Puzzle-CAM) ResNeSt-269 z 719 722
|
|
| -—
— PurdeModule — — = = — —
5 e Puzzie-CAM
Proposed Losses Ablation study: using different koss functions
Lets Ly—cts Lye [ mioU (%)
. 4782
v . 41.70
v v 4921 ! ) . "
y v v 51.53 egmentat i )
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CEXIT#

Sanghyun Jo of GYNetworks [Email: josar&ghyeokn@gynetworks.com]

attended ICIP 2021 and presented the followin: R;}ger;
+ MLR-APPL-IP-2.7: PUZZLE-CAM: IMPROVED LOCALIZATION VIA MATCHING
PARTIAL AND FULL FEATURES

IEEE Signal Processing Society
2021 IEEE International Conference on Image Processing
9-22 September 2021
Anchorage, Alaska, USA

$IEEE . CIP2021
i Soc m{g Anchorage, Alaska.

Saif AlZahir
General Chair
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Class Activation Map Puzzle-CAM (2021) RS+EPM (2022)

Human (247 seconds perimage) RS+EPM (2 seconds per image)




3. &= — RS+EPM (21.11 ~ Present)

Image Ours (RS+EPM) Ground Truth I Ours (RS+EPM) Ground Truth

PASCAL VOC 2012 MS COCO 2014 14 /27
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Table 2: Performance comparison of WSSS methods in terms of mloU (%) on PASCAL VOC 2012 and COCO 2014.
* and T indicate the backbone of VGG-16 and ResNet-50, respectively. Sup., supervision; Z, image-level class labels; S,
the saliency supervision; D, the external dataset.

Method Backbone  Sup. vOC ) coco
val test val
Single stage:
EM 1ccv'is [17] VGG16 A 38.2 39.6 -
RRM aaAr2o[19] WR38 T 626 629 -
SSSS cver20 [20] WR38 A 62.7 643 -
AFA cvpr22 [43] MiT-B1 T 66.0 663 389
Ours (single-stage, RS) RS0 A 66.5 679 40.0
Ours (single-stage, RS+EPM) R50 A 69.5 70.6 42.2
PSA cvpr'18 [5] WR38 A 61.7 63.7 -
IRNet cver'19 [31] R50 z 635 064.8 -
SEAM cvPR'20 [29] WR38 z 64.5 65.7 31.9
AdvCAM cver21 [7] R101 z 68.1 68.0 -
CSE 1ccv2i [54] WR38 z 684 68.2 36.4
CPN 1ccv21 [30] WR38 z 67.8 68.5 -
RIB nips21 [32] R101 z 68.3 068.6 43.8
ReCAM cvPr'22 [55] R101 z 68.5 684 -
ADEHE cvpr22 [41] R101 A 68.6 68.9 -
AMR AaAr22 [56] R101 z 68.8 069.1 -
URN aaAr22 [57] R101 A 69.5 69.7 40.7
SIPE cvpr'22 [13] R101 A 68.8 69.7 40.6
AMN cvpr'22 [36] R101 z 69.5 69.6 44.7
MCTformer cvpPr'22 [39] WR38 A 719 716 42.0
SANCE cvpr'22 [42] R101 z 709 722 44.7¢
Ours (multi-stage, RS) R101 z 72.8 728 458
Ours (multi-stage, RS+EPM) R101 T 744 73.6 46.4 15/ 27
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Computer Vision

Weakly-Supervised Semantic Segmentation on PASCAL VOC

|
Weakly-Supervised Semantic Segmentation 2012 va

Leaderboard Dataset
84 papers with code » 3 benchmarks + 5 datasets
MeanloU v| by @ Date v| for | All models v
The semantic segmentation task is to assign a label from a label set to each pixel in an image. In the case of fully
) =
supervised setting, the dataset consists of images and their corresponding pixel-level class-specific annotations
RS+EPM (ResNet-101, mi tage): 74.400
(expensive pixel-level annotations). However, in the wealkly-supervised setting, the dataset consists of images s " &
i i i ) . . |pume,CA o | L2C ResNet10], Desplab-v2)  RCH
and corresponding annotations that are relatively easy to obtain, such as tags/labels of objects present in the 2 s
zn LIID (Res2Net=101y
image. ] sc;w_/
oads
e .
( Image credit: Weakly-Supervised Semantic Segmentation Network with Deep Seeded Region Growing ) Rt (Reshet=50y
o
May'19 Sep'19 Jan'20 May 20 Sep 20 Jan'2 May ‘21 Sep'21 Jan'22
Other models  -e- Models with highest Mean loU
Benchmarks

Weakly-Supervised Semantic Segmentation on COCO 2014 val

These leaderboards are used to track progress in Weakly-Supervised Semantic Segmentation

Leaderboard Dataset

Trend Dataset Best Model Paper Code Compare

View mlU v by Date | for | All models v

RS+EPM (ResNet-101, multi-st

nr PASCAL VOC 2012 val ' RS+EPM (ResNet-101, multi-stage) [ ] Q

MIOU

o COCO 2014 val ' RS+EPM (ResNet-101. multi-stage) [ ] [y}

al—' PASCAL WOC 2012 test ' RS+EPM (ResNet-101, multi-stage) [ ] [»] m

sep'18 Jan1g May ‘19 Sep'19 Jan 20 May 20 sep 20 Jan21 May ‘2 sep 21 Jan2z  May'22

Other models  -e- Models with highest mloU

https://paperswithcode.com/task/weakly-supervised-semantic-segmentation 16 /27
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 Human B

B0
75 RS5+EPM {ResNet-101, multi-s ]
Puzzle-CAM (RgsNeSt-269) L2G (ResMet101, Deeplab-v2) PPC {w/EP5)
= . P _'v"
=
= 70 LID (Res2MNet_1.01)
=L
L
= SCAN
OAA+

6% -___'____—-—“
” JANet (ResNet-50)
Net Re:

60
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Other models - Models with highest Mean loU
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1. Content Generation (Image/Video/Audio)
v/ DALLE-2, Stable Diffusion (CVPR 2022), Novel Al

News

.

.

info@cocodataset.org

People Dataset- Tasks- Evaluate-

participate in the LVIS 2021 Challenge.

.

Visual Object Classes Challenge 2012 (VOC2012)  cownioac viuaize, ans evaiue c0co

.

and serves as an evaluation tool for model analysis on COCO.

AQ
2y PASCAL2 What is COGO?
S b tvf, 7fj"“““"””“ ); hLd*(j.réh

OCO is a large-scale object
and captioning

[ COCO has several features:
b 2
] M Object segmentation
] Recognition in context

Superpixel stuff segmentation
330K images (»>200K labeled)
1.5 million object instances
80 object categories

91 stuff categories

5 captions per image

250,000 people with keypoints

[click on an image to see the annotation]

LA

http://host.robots.ox.ac.uk/pascal/VOC/voc2012/

Collaborators

Tsung-Yi Lin Google Brain
Genevieve Patterson MSR, Trash TV
Matteo R. Ronchi Caltech

Yin Cui Google

Michael Maire TTI-Chicago

Serge Belongie Co
Lubomir Bourdev V
Ross Girshick FAIR

James Hays Georgia Tech

Pietro Perona Caltech
Deva Ramanan CMU
Larry Zitnick FAIR

Piotr Dollar FAIR

We are pleased to announce the LVIS 2021 Challenge and Workshop to be held at ICCV.
Please note that there will not be a COCO 2021 Challenge, instead, we encourage people to

We have partnered with the team behind the open-source tool FiftyOne to make it easier to

FiftyOne is an open-source tool facilitating visualization and access to COCO data resources

Sponsors

& CVDF

BS Microsoft

Mighty Ai

18127
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1. Content Generation (Image/Video/Audio)
v/ DALLE-2, Stable Diffusion (CVPR 2022), Novel Al

Ay BT
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https://laion.ai/blog/laion-400-open-dataset/

LAION-Aesthetics

by: Christoph Schuhmann, 8 Aug, 2022

We present LAION-Aesthetics, several collections of subsets from LAION
5B with high visual quality. To create LAION-Aesthetics we trained
several lightweight models that predict the rating people gave when
they were asked “How much do you like this image on a scale from 1to
10?". LAION-Aesthetics ...

LAION-5B: A NEW ERA OF OPEN LARGE-
SCALE MULTI-MODAL DATASETS

by: Romain Beaumont, 3 Mar, 2022

We present a dataset of 5,85 billion CLIP-filtered image-text pairs, 14x
bigger than LAION-400M, previously the biggest openly accessible
image-text dataset in the world. Authors: Christoph Schuhmann, Richard
Vencu, Romain Beaumont, Theo Coombes, Cade Gordon, Aarush Katta,
Robert Kaczmarczyk, Jenia ...

LAION-400-MILLION OPEN DATASET

by: Christoph Schuhmann, 8 Aug, 2021

We present LAION-400M: 400M English (image, text) pairs Concept and
Content The LAION-400M dataset is entirely openly, freely accessible.
WARNING: be aware that this large-scale dataset is non-curated. It was
built for research purposes to enable testing model training on larger
scale for broad rese...

Laion coco: 600M synthetic captions from

Laion2B-en
by: Christoph Schuhmann, Andreas Képf, Richard Vencu, Theo Coombes,
Romain Beaumont, 9 Sep, 2022

Author: Christoph Schuhmann, Andreas Kopf , Theo Coombes, Richard
Vencu, Benjamin Trom , Romain Beaumont We present LAION-COCO, the
world's largest dataset of 600M generated high-quality captions for
publicly available web-images Laion5B has five billion natural captions.
They provide a lot of infor...

Laion translated: 3B captions translated to
English from laion5B

by: Marianna Nezhurina, Romain Beaumont, Richard Vencu and
Christoph Schuhmann, 9 Sep, 2022

Author: Marianna Nezhurina Romain Beaumont Richard Vencu Christoph

Schuhmann Laion5B dataset was automatically collected from a section
of the human web (common crawl). Can models generate different and
interesting data compared to what humans write? That's a question we
are interested in investigat...

Large scale openCLIP: L/14, H/14 and g/14
trained on LAION-2B

by: Romain Beaumont, 9 Sep, 2022

We trained three large CLIP models with OpenCLIP: ViT-L/14, ViT-H/14

and ViT-g/14 (ViT-g/14 was trained only for about a third the epochs
compared to the rest). The H/14 model achieves 78.0% zero shot top-1
accuracy on ImageNet and 73.4% on zero-shot image retrieval at
Recall@5 on MS COCO. As of Sep...

19/27
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1. Content Generation (Image/Video/Audio)
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https://cdm.link/2022/08/stable-diffusion-the-slick-generative-ai-tool-just-launched-and-went-live-on-github/
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1. Content Generation (Image/Video/Audio)
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a dog house .{n o bucket

Input images worm by a bear at Mt. Fugr on top of snow with Eaffel Tower J

https://arxiv.org/pdf/2210.09276.pdf 22 /27
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1. Content Generation (Image/Video/Audio)
v' DALLE-2, Stable Diffusion (CVPR 2022), Imagen, Novel Al

Input Image Edited Image Input Image Edited Image Input Image Edited Image

| ‘
‘ N\

Targ§ Text: “A bird sprea.dmg - “A person givin “A goat jumping

”

the thumbs up” over a cat”

“A childern’s drawing
of a waterfall”
https://arxiv.org/pdf/2210.09276.pdf 23127




adaptive
algorithm
N

raw human machine predictive
unlabeled : .
data labeling learning model

(a) Active Learning

auxiliary tasks target task

transfer
learning

predictive

[ knowledge model

(b) Transfer Learning

https://madlab.ml.wisc.edu/research/thrust-1-data-efficient-ml/

colorization

deblurring

denoising

self -
supervision

image features

full -
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3. Ethical Issues

FACIAL RECOGNITION: A SURVEY ON ETHICS

Nature surveyed* nearly 500 researchers who work in facial recognition, computer vision and artificial
intelligence about ethical issues relating to facial-recognition research. They are split on whether
certain types of this research are ethically problematic and what should be done about concerns.

Who responded to the survey?

480 respondents |

[ [ | [l [ |
Europe North China South Southeast  Australia/ India Middle Africa Hong Kong/ Russia Not
America (mainland) America Asia New Zealand East Taiwan specified

https:/Avww.nature.com/articles/d41586-020-03187-3 25127
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Figure 1. Overview of the proposed Trustworthy Long-Tailed Classification (TLC). U1, U2 and U3 are the uncertainties of expert 1, 2 and
3 respectively. In training (a), we provide an example of collaborating in different class groups for multiple experts. TLC dynamically
assigns averagely more experts to the samples in tail classes than those in head classes. This assignment is achieved automatically by
identifying hard samples with uncertainty. In testing (b), the joint uncertainty is formed with the Dempster’s rule, and the joint evidence is

obtained by uncertainty-based dynamic reweighting.

https://openaccess.thecvf.com/content/CVPR2022/papers/Li_Trustworthy Long-Tailed_Classification_CVPR_2022_paper.pdf
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