=1 local plasticity rules can learn deep representations using self—
supervised contrastive predictions

Jo

XM 0| =29 =X o{E A 7} deep hierarchical representation =
StAS

st&Sh=X| 1 9hAlE HM etst A Method: A28 olo|C|{ 2l |ayer—wise
contrastive predictive coding & 0|&35t0{ positive 2 negative feature st&S
AAISHA Yt 7|& gAle 2= 0bX|2 Joss function & @t=2 Sall error
signal 2 At&Ests &Alo[Ll, K otel BHAI2 2f|0|0{E 2 |oss & A 4HSH0d
constrative learning € Sh= novelty & 7L AE: t-SNE g2 Sl
M2 5do| &gt class= 70| & =[5 =t50| o|F0o{xl A#Z geold

5|
T AUEHEL

T8 Self-supervised Graph—level Representation Learning with Local and
Global Structure.

o =M JefZ FTxE& FASHA, EolE0| HHJU= MEIF EF5H7| Wi =2
supervised 50| S22 0|& L7 stH = YEE & Hotlo
S5 S O| R0 X[o SXo0| RJAELICE Method: Local instance + Global
semantic structure : 0| 25 &7 =t&st= 9. Local instance:
HlXStAS7|2l= 712A, otH™H He| HojX|= S240| = =5 sts. 2
Jef =7t o EHE SZHHoM 22 QlARA StE2 MEIOZO| pair 2f
ARl FAIEE SHETZ2 50 AL Gobal semantic structure:

EM Z12[&2 0[&5t01 cluster 2 HAMsStT O Z2&Ql center cluster 22
0|-835}09 hierarchical semantic cluster & &£ &&= 2hal SHHo||

argmax st= latent variable 2 =22 5t semantic cluster center 2 A &He
= 87| W20 EM & o|335to] Tld, AME: ZINC HOlE{E o|&5l0 Z1f
TZ . global semantic sturcture 0| &%t Zdo| o & L}ZF.

2ol CoLV: A Collaborative Latent Variable Model for Knowledge—Grounded
Dialogue Generation

o =& knowledge-Grounded CIO|Z 2 E 0[&35t0{ EEZ 2 HS7I nolg

— =
mH e} Zo|, &2 representation | CIE EH#O| LIE = U1, CIE
knowledge 0lM &2 EH 0| LIE = U7|o 0|E 11z{¢st st& Yals ot

Method: representation 2 &Soll &2 2| KL divergence & Z| 235t
a4 . XAl SEe| diverse inference & 7HsSHAl &, Clo|¥ =2 stufot
12t Zd0| o, context & 28t knowledge & o|2%& &= Jgct &t
A jointly st FlEgHS f Ms0| & LD, case study M E &2
ZHo|Al e 4= U= CFFSE semantic oF 282 M = Aot g
novelty: End—to—end jointly learn knowledge and response representation,
Reflect various relationship between knowledges and responses, Variational
inference for diverse semantic responses.



oo} InterFaceGAN InterpretingtheLatentSpace of GANs for Semantic Face
Editing

X: 0

M 0] =22 7tRAlet 225 w2 HOo[HE Ha Z2f 2o US.

|
=l GAN 2| latent space 2| encoded & semantics & 24s5l= A.

L 1
ok
>

XE MM 0] XE scoring® & U= semantic scoring &= fs & &9|.
037|A SVM 2 0| &3l semantic 2 =™& = US. OlHA semantic
label & 0| &35101 linear boundary & =& &

semantic 2 HtE ©f CtE semantic 2

|

A& Long—short Distance Aggregation Networks for Positive Unlabeled Graph
Learning

« =X positive, unlabeled E node 7} A= A ZI} F{H S W, binary
classifier model 2 Z|E st= task. Ol binary classifier = node 7} positive
OIX| negative 2IX| &, negative = unlabeled EHU= =E=F0|M ot
M5 oFgh. Method: Short-Distance Attention, Long—short Distance
Attention, Unbiased PU Learning 0|-&3t04 attention & 0|&¢H PU &t&0|
7lsstA &, AlS: Citeseer, DBLP AIM F1 score H| &S W outperform.

A& Revisiting the Calibration of Modern Neural Networks

=2 Analysis on Calibration with image classification SOTA models.
Method: Calibration, Discrepancy between Model confidence and
Accuracy € 2l0|. &, confidence 7} 8-90 HMEY mf, M52 50% o]
otz| = AtEE 2tgh Expected Calibration Error @ =41 AXLS S35l
calibration error 2t& . Reliability Diagrams : ClO|0{O# & &3l T EslsI¥ S
mf MAs2} confidence Xt0|E £l T3}, Reliability Diagrams : T &

HMZH oz ZII510{, calibrated pobability k-1 & M. 0| calibration 2
TR risk & Alttst=H JA0{AM D{sfjiotet Z2et 2°2lo| =, AH:

SOTA &112| &, MLP-Mixer, ViT, BiT, ResNeXt WSL, SimCLR, Alexnet, Guo
etal. 2 9 measure & 3 7IX|E 0|Ssto] H|W F FA FE, oy
calibration O] & =[H RHS2 Do[M2=Z distiribution shift 7| & 0{t
HolEfol| CHSHME M Mo = ECE £ ®o| HiX| 258 & = JUAS.
Corruption severity(&&2 HIAE2S| Xfo|HE)7t 2 ECE 7} 3 A
LEEFGA =, novelty: CFFSE ClO|E{Al, CIO[E{Al 2] impact, St&XESS
ZHsH7to] HWEA Z

o
S
ALy



252k SDE-Net: Equipping Deep Neural Networks with Uncertainty Estimates

o« =AM Equipping DNN & 0| &5t0{ 2 M S estimate. DNN 2 Al &HE
of Z4fol CHallAl uncertainties & A &stst?| o{2{g. U2t O|E A Ltst=

=

gt o2 BNN, Non—bayesian MZEHH0| US. =Ct 2-2he| Zrctd™ 0|

pAonf o] E2| SHAE & F=THA0] =F2| M. Method: ODE &=
HolX| 23 &. stochastic st

deterministic 0 uncertainty 8 FH

HHH(SDE)2 AFZ2. novelty: SDE-Net € &AM T} QlAX ESAMS
HAMe=z THESHT o SoM 224 MHel &+ JHX| delg Belg +
UAZ. BNN(H| O X[ eH)of| A2t &0 l 2E AN St AtE F

—
F23 Weot 9oz TH0| RBHO|D e 8 2R 2 87 A

250 M8 Tls.

L

ZEl: An Image is Worth 16x16 Words:Transformers for Image Recognition at
Scale

o SX:viT2t, #X7IX|2] HIM task = CNN S Aoz XIS =
Transformer =& AFE35104 AHE2F method & HIM&?&% =2 0o|Mol =
olg{st Al== UJUXTE 07[A HS welolst Z3E 9. Method:
Attention 2 Decoder 2| 5§74 time-step 2| output Of encoderP—I 2E time-
step 2| output & &, HHE output 2} Z7I& A zo| U=7HE 0|=
Seq2seq oM XS HMAI= Z7HE2l. RNN, LSTM € AFESHA| &1 ofEIM S
O|23sHM ol I XAHTHSZ time sequence %% g = U st=
2ol Transformer &. ESF source 2F target 2+ A= 7|& OfEHIdoZ QF
T UBPX| 2 source 2 AMM Bt =2 2A0{e| Ao CHsH M= self-attention =

0| 235t0{ 11 ZAE AHrME. VITE ERAZH S5 A=,

O|o|X|E Z7ZH Patch & EZX & 0|&235t0 0|0|X| classification & Z0{HH
A8 Pre—trained 8t CIlO|E{Alel F7|7} 252 ViT o METE skalsts &

== A} o]l&= CNN Z} ct=27 convolutional inductive bias(locality,
translatlon equwarianoe)ﬂ 27| i=0lod, Hlo|EAMle] FVIE 7|25

AA DO -
215 2l: Contrastive Representation Distillation

=2 Original KD(Knowledge Distilation)**= O|2| & =t&El Teacher
network & X|AlS AKX Z ALEStDAL sH= Student network Of| A MEst=
20| =X . Teacher network 2FE 2| soft 8t output &= EEE Student 7}
EEPEUL-_—. stEstA 2. o7|M= KD & Y SZHollAl RIEstct=
Zd0| 11, contrastive objective function & 0| &3l A ZI& . Method: (Teacher's
representation)Target 2F (Student representation)source 2 Mutual
information I(T;S)E Z|UHalstEE critic S &S argmax Sk= fs 2F max
hgE &AHE &. oA &2ZM Ml bound & Maximize st=
representation 2 =t& e, O|Z 7 Contrastive &t&0| & 2H Y S

student of| Al M=



FH & Don't Stop Pretrainig: Adapt Language Models to Domains and Tasks

o =X A ZH|AM 2l domain, task 2| adaptation & 11& Adaptively SHA|
domain ol A pretram S ZI& Task—Adaptive pretrain & &8, Task—adaptive
pretraining & &&0I0|E augmenting. Method: RoBERTa & 7|&2E 2
F0o| Ms S, 4 domain, 8 tasks 2 AE AME . AlS: DAPT 7t
RoBERTa ECt 2 & HOA O £2 452 E. =M 2ldM adaptive SHAl
pretrain & S2ME &7|AA. TAPT = DAPT 2}t &2 O|O|EAl ALZ5}0]
HAAto] MMl H|E MsS 2. Human curated-TAPT = Al2to| &3l
Automated Data selection for TAPT = task relative adaptation 2} Z+&d =l
Al

8k e, image Deraining : Task of removing rain from single image

Unlabeled real-world E1IOIE1E training tHHo| 222K semi-
supervised learning =&+, Gausian process 7|8+ pseudo labeling =
=235}04, synthetic conditional generation 2H|0l|M, generalization s

20] S2|= odF =2feld = UAS.

HFXI 2 Barlow Twins: Self—-Supervised Learning via Redundancy Reduction
(Facebook Al research, ICML 2021)

o Self-supervised learning &&Holl M, model O] trivial solution(constant
representation) 22 collapsed == 2HME 27| I3l, invariance

term 2} redundancy reduction term & Sall 2ME siZst= mi™of| Cfshod
271 gt

8+ 2 GraphCodeBERT: Pre—Training Code Representations with Data Flow

e Source code off CHEt language model & ZF=+= code representation
200l M, CodeBERT 2} data flow & =3l 'semantic—level structure off Cf &t
ME XL st&5e = %= GraphCodeBERT XA

M&8, Human Pose Regression with Residual Log—likelihood Estimation
e Human pose estimation & heat map—-based Al =Z=Z 'regression—

based' 2 T st= ed7ol| thsl A7 (Method & Eo|Algt e 2=,
Normalizing Flow 2} MLE 24! reparametrization &&g8t Ho| U2).



DO &

S99, SImPLE: Similar Pseudo Label Exploitation for Semi—Supervised
Classification

e semi supervised classification & 0| 2%t ZH =, 2|0|=0| gl= HIO|EE

0| 23501 A ASE pair loss & main contribution 2 7HX|= SimPLE &

M orsl &L C}
A8, FlexMatch: Boosting Semi—Supervised Learning with Curriculum Pseudo
Labeling

e Unlabeled data € dynamically leveraging &2 243, semi-supervised
learning Al M &t&of| &2 £ U=, Curriculum Pseudo Labeling (CPL)E
MAlstD, o st 2™ 20FAS ( ’*O*OHA-I Hf L= entropy
minimization & &3l pseudo labeling =&, consistency regularization
term 2 lossof &-2).

Al=01 GraphSMOTE: Imbalanced Node Classification on Graphs with Graph
Neural Networks

« SMOTE = imbalanced data learning task 2 7Yt ZE =2 0|Z graph
T oo M8 ZH 2 generator & 0| 235t0{ node, edge & MMsI=
Pl s ok &L Ct.

OFXIE TENT: Fully Test—-Time Adaptation by Entropy Minimization

TENT = 50| &t2= RH S test H|O|E0| generalize A|lZALSEAM HMsS
=0]F = adaptation framework & Zstil, ol entropy minimization &
0| 23}0{ availability 2} effeiciency, accuracy & =< %= Act gt ch,

QFtod - Towards Understanding and Mitigating Social Biases in Language
Models

o Language model ol CH&t social biasoll thgt SX 5= 2 (CI2 sentiment
28 3 KL divergence 3)1, 1 b|as% tigating st= 2 (Bias—
sensitive words & dynamical StHl &olM SHEA[O|
12{st= AutoRegressive INLP)oi| CisH o4 A7H

F2AM  Testing DNN-based Autonomous Driving Systems under Critical
Environmental conditions

_

st 240l A MUNIT(Image—to—image translation 24 )2} search based

= Z &5t DNN 7|8 A SFHAAH-H S HIISH= framework €
ACTIC Mottt =2 270 .(GANs 2} optimization 0] =1} &),

[ ]
I o
JIEE oo

E
E

0



ol &, Energy—BasedlLearning for Scene Graph Generation

2 & scene graph generation 2 x| A& 28, X7t 2AHE He= 22
FIXKIZ2 M= =0, 2ol A2 == cross entropy 7F object 2F relation &
independent stH| F Zst= AZO| JAHA, 2 E =FdME=, energy—

based modelling 2 &5 = =5t25IUS(FolA i S=Tt &

mlOII

X=3
o

~

F35 A, Fast and Memory—Efficient Tucker decomposition for Answering Diverse
Time Range Queries

ol

oII

AZFEAE JHX|= tensor ol CHal 2A4S 3
tensor O|O|E{E ZEdHAl, XTI} fst= AlZH
7t=st Zoom-Tucker 2705t, dof} E1Hx
sl HoiE =8 270,

F 4= & method £, A|74|°:'
240t ecomp08|t|on = o]
X, doft 28X 2lX|o

r\l

rﬂ*ﬂJ

B Self-Supervised Image Prior Learning with GMM from a Single Noisy

Image

Noisy image Z%FE image prior & 52 2M clean image 10| =
denoising &g = U= GMM 7|8t self-supervised denoising ZE QI
self-supervised EM-GMM 2| =& 24l (eigenvector 2| sparsity off CH &t
constraint & £0§ 3l11, noisy, clean pair images 2| Aol ti&t constraints
5095t loss function 22 stE) AT 2.

Ol =&, Robust Long-Tailed Learning Under Label Noise

Long—tailed(class—imbalanced) & noisy data setting ol
CHSH M =, embedding space o1|/\‘| class 2| prototype % GMM &

&3l pseudo-labeling & °J (long-tail 24 & & sfiZdstctn ezl
nearest class mean &&), O|& &dlf 7|& 2O O & &z F=
U= RolLT 2l= Y 47 Héf , AE e Soll 54 =HIAFAHE.

O|A+Z= What Should Not Be Contrastive In Contrastive Learning

z| 2 self-supervised setting ol A 20| A== contrastive learning 2| 7|’<
2HH(EA dlolEo| ME%= augmentation o w2} & MEs XHo|7} BO|
CHE, RYUsHA| 22 =% U= dlolg MEo| AZ)oll thall, stte|
embedding space ol contrastive Ieaming sl= A H2Cl=, sub—embedding
space Ol A] contrastive learning T8 35t= LooC(Leave—One-Out

Contrastive learning)2 Sl £2 MAs2 = 24Y =2 7).

rulo
B
ity
rok
Mo



0|, Graph Autoencoder for graph compression and representation learning

o Original graph 2| information &4 gi0| & @t%35}0{ representation 2
stEs = JA=X[of e GNN =M elofA 2| auto—encoder 7|8t 2E St&
gred ol Multi-kernel Inductive Attention Graph Autoencoder(MIAGAE, first
kernel 2} final feature & aggregate &)oll st =2 &7 (S0[AlE -
decoderOl|A =E2} SIX|E JHHEHSZ compression = CHAIO, node

similarity @t graph XA 2| topology & &H&).
O|Ef &, Deep Burst Super—Resolution

o X3ROl Hab O[o|X|E LA Z HHHOF= super-resolution M 2b2tof|
CHall, multi-frame super—resolution 7| S 2-&%t Burst super
resolution (alignment module, warp, attention—-based fusion &%t auto—
encoder T+=) MA| (& Aloll, raw image ® 12, translation, rotation £
E3l burst shot 2 construct 8t &, sH&of &),

0|3, Momentum Constrast for Unsupervised Visual Representation Learning

« Self-supervised learning & 2& ¢l contrastive learning(constrastive loss =
H| =8t pair = 7HAA, HIXSHK| 22 W2 HETE representation &)
vision task ol M &35t%, 7|Z& contrastive loss mechanism 2| end-to—end
AT memory bank 2HAlel 2| A (negative sample 2| encoder 2|
inconsistency, updated negative sample 0| encoder ol HtH = X| Ld=Cl=
AM)S dynamic dictionary 7|82 2 S5+ 2ol MoCo off oSk A7) .

MX|&, Decision Transformer: Reinforcement Learning via Sequence Modeling

o FTHEAD AMTSEZSIN L2 2L FORZ2 O, E&(Return)S
maximize 3= parametrized policy & &= %‘ﬂé &(RL) 2Holl chsH,
sequence Z|Ht model O] 7| & traditional RL ¥ 12| SChH| |FElstct= Hofl
CHsH =25k, RLOIM trajectory representatlon = delst
=, transformer & 2835101 autoregressive ¢t trajectory 22 & sH&5t
gHH KHAISH =2 270,

rr

Mol Decision Transformer: Reinforcement Learning via Sequence Modeling,

7|& language 22 =2 visual 2} word EEE align Al7|7] {8 HHE
M AlSIE =H, o]=0| &2 image 2| region feature ol &/ &35t UAJCH=
E3o| gL, o|ZFE of7|== SHAIA (vision—-language interaction =&
01242, object detector & cost, image—text dataset Ol noisy)& =55}H7|
?|st ALign BEfore Fuse(ALBEF) MA|5tH 11, 097|AM = noisy &4l =

sl 23504 improve st7| ?lal momentum distilation(MoD) =

AL2351 S . (Downstram task X £ A &l Jts).

[ ]
o

o



HM&7|, Swin Transformer: Hierarchical Vision Transformer using Shifted
Windows

e NLPOA ALZE|E vision transformer 7} computer vision task ol 2|
AL E[E CNN 7|8 x2E o He= 452 22 = U= 7tsd S HAIs
VIT (T x| EH2| 2 L= o|o|X|of| class token & {511, self-attention &&)9|
22 2£3517| s, KD £ &%t Data efficient image
Transforemer(DeiT)2t= 2 MA[= A=, DeiToll= =& X7t AUAJP L,
O| & sZ35t7| 25l shifted windows & Z-23$t hierarchical vision
transformer I Swin Transformer & Z27{&t.

A &7], Diff-TTS: A Denoising Diffusion Model for Text—to—Speech

o Non-autoregressive TTS ol denoising diffusion prababilistice
model(DDPM)2 A &gt Diff-TTS o st& 9 2Jfstn, o mH ol ZHH
(Parameter 2| =7} Tacotron2 Lt Glow-TTS 2| gt gtol| =[X| L=Ct=4,
Accelerated sampling 2 X -&3510{ inference speed & =% Cl= A,
Temperature term & O|&35t0{ pitch variability & =& = Ucl= ©) 8

dxeh

==, Learning Transferable Visual Models From Natural Language Supervision

rol

Contrastive pre—training, label text 2 £E & dataset classifier, zero—shot
prediction  &3ll, 7| & standard image model & feature extractor 2} label
classifier 7} joint 3tAl && = AE HHH | CLIP 2 image encoder 2F text
encoder € joint stHl &t&5tH0{ correct pair ol CHsh ol & =3 stof, Ol &
&35l NLP OllA] transferable visual model & &8 = USS 22 (CLIPS

& ¢t multi-modal embedding &&).

54=01 A Practical Bayesian Framework for Structural Model Updating and
Prediction_review

o Structural model update 0l A, Bayesian regularization 7|8}t prediction &
an == U= practical 8+ statistical framework ofl Ci3sH 2705k, O
LtotZF measured modal data & &-&%¢t calibrated structural FE model &
&aoll natural frequency 2t mode shapes ol CH S+ posterior predictive
distribution 2 @S = USS HE0|12, calibrated FE model & S35l noise ol

=
CHSF robustness € &5 = ASS £l

23t



=4l Learning Continuous Image Representation with Local Implicit Image
Function

o Implicit neural representation 2 super resolution & 2-dimensional
image HlA M Est =& 7Sk, O] implicit function O continuo
real-world X2t 2 & stck= Zd 2 great scalability 5= &5l 0] =&

Mg Z=x=e(implicit image neural representation off CH3ll & = JUAAZ).

I &
o

HXM S Normalizing Kalman Filters for Multivariate Time Series Analysis

non—Gaussian multivariate time series data ol CHsll, Kalman-like recursive
filtering & &S 7IX|= generative model 2} normalizing flow &
&3ll, Normalizing Kalman Filters 7|gt 2 XMA|stD, o] 22 &3

application(forecasting Z} missing value) Algl Z1lE Edf =283 s

ole Zmes
H2elg a7

&8, Learning Continuous Image Representation with Local Implicit Image
Function

o Super-resolution task oA, 7| = DNN 7|8t 2ol 2HME sHZASH7| 2I5H,
3—dimensional data 2| reconstruction olAd =2 AIZEE impicit nerual
imag representation (input 22 o|o|X| ZFFEZH, output 22 RGB 2
EHSITE s55HH, network 71 OlO|X| & & EME = US)S
2t25l0f image £ continuous domain ol Aol =l &=
SHZSIM | restore 2 generation 0| 7ls3sicl=E A& £¢l.

T
s

7|3, Goal-conditioned Reinforcement Learning with Imagined Subgoals

o Goal-conditioned RL &Hloll CH3ll, subgoral-reaching policy & guide(KL-
divergence constraints §0i& &% guide)2 2-&35+0 goal-reaching
policy & Actor—critic & 7|4t 2 st&sh= 9 XM A[SEL, Ant navigation,
Vision—based robotic manipulation A& =3st =2 AN,

Mo

2%, Deep repulsive clustering of ordered data based on order—identity
decomposition

« DNN 7|8} supervised learning & &¢t age estimation 0| A ZASH=
FH(elE, M HEZ L3557 ChHE)E sl Zst7| f/et W (data
clustering(k—-means clustering ol repulsive term F7F) 2 cluster 2HilAM
HlE E38 age £H)2 deep repulsive clustering (DRC)E HMA|SH =2

a7H.



=Y, Catch & Carry: Reusable Neural Controllers for Vision—Guided Whole—
Body Tasks

o Motion capture data o CH3H, inverse dynamics(data € individually
tracking st= RL agent &&)2 supervised learning 2 3l low—level
controller(Auto—encoder 7= &&)& &%+ §, egocentric
vision 2} model-free RL(Maximum a posteriori policy optimization 7|t
st&)S2 =3l high-level controller & St&shs Al S F[sh= g 270,

2toj| 21, CHoRaL: Collecting Humor Reaction Labels from Millions of Social
Media Users

o Clekst 2t ZHAH Humor detection & =& st7| s Facebook Post &
ALE3t0{ 0{7]|ofl =2l humor score & &-&3t0{ humor label & M5t
humor score, non—humor score & HE7H M&Est=X], a2/ sl CHoRal
PHAIS ALESH0] CHFst —ErHOﬂ Me& £ A1, humor ot ofL 2} 2Lt
S50 &et A Z0|stH EF/ste & 02 2ot2 &&ItsH0| USS
LA = }ASL .

=<, LIDAR Place recognition OverlapNet

SLAM( Simultaneous Localiation and Mapping)2l 2lo| % S=o| ofsf &t
1, AlZto] X|Z=Z drift error accumulationZt ZMsSIE 2 o2{E EH 51
loop closureZ7t 228k Mup R XpAL| 2[X[(Localization)2t 381 A}
2| x[(Mapping)E =Alol mtetstil of AlzZiojch A% E frame2 OlOl&
registration2 X35, 2u{# | HEE H2[510{ training&t2 2 M 5l

ol2{E Hets| Ede = USS LAl =HAsHC

ol 2 o 0
r|r\_0:.°'—_'

21812 Sketch Your Own GAN

CH2 XM E F|ot= UWEYT =2 & o[o|X|E HIESZ HEYT
o2lo|eE &, AFSAIe] €8 AFAHXIE HIESZE HESRF nf2lo[eHE
HASto 2 2N JiSSiche A E 2y, HER T o7 E Latent
vector, Photo, Sketch, Discriminator =22 T st= 2o tHsl, image
space regularization =g = A= &, Latent space interpolation %
image editing O] HMet=l HE< Ao =Z Jtsstal |atent vector & 225 %
olsi e = AUct= A#S LA =HAEUICH



e

AR=|

[

217, Online Knowledge Distillation via Collaborative Learning

Distillation & =&sllX|= teacher HHEXIE IEX| 22 student network 2
stGA|7|= g ol|2t= AMA!, DML,ONE,KDCL ZtZte| EXdE=8 =elst 11,
SAlol Afo|=7} CFE Ciekst HER IS ZHo| st50| Jhsstn X0 =2
Atol=2o| HE I & Alol=2] W ESRA st&o 7|ig 5+ AUct= &

= &=,
=o Mo

2 452 77| /6l logit 2l HE0| S235itts d8 g2 =HASH O

22, Uncertainty—aware Score Distribution Learning for Action Quality
Assessment

o
HIlst= taskete A, 9ot H+E A F regression st= A2 It
42| uncertainty & _._240}01 score distribution learning & =l
FHstAct= oto|C|ofof CHalf LA =2, stte] =7} ofu{2} Ctkst
H+=25H distribution 2 Tote A2 &dll o8] MESO| oj7|=
M50 thet WA A2l uncertainty & & &2 2M 7= scheme ECt

450 gdE = AUSS YA =HAsHCh

AQA = H|IC|IRZEE EXSH action 0] Hoft & =HEJ=XE XIs2

0| Conditional Variational Autoencoder with Adversarial Learning for End—

to—End Text—to—Speech

VIT = ene-to—end 2 &A0| 7t53tHAM naturalness 7t =Ch= &, of&l
Held 252 45K = 24X Generative model 24 GAN, VAE, Flow—
based generative model 3 7H7F %, GAN & generator 2} discriminator &
7IX|E AtEsto] 7| &2 dataset 2 TEotX| Zst= MES generate etCh=

==

A, VAE = st&5= 75 &23510 generate 7 7tsdll Xl 12, flow—based 2|
ci'-‘u’- Chreoh 2 30f A 1%4“3' St HIOIEHE 2t o At

S1tA|7{ data & generate sh= gHalol2l= &, O2[XX VIT = 0|4 MZHX]
HAS ETMOZ ALE5H0] FMSCHE He 2 =AU SHICE

Z A& Normalization Matters in Weakly Supervised Object Localization

CAM = Class
L

0|I

Activation Map 2, Classification & CNN 2Al 9 2 end-to-
end 2 ¢ 4% convolution layer | Al A= == feature map 2 1 At
i 2 =stn £E Zo MERHM| stEE weight a2 2 A EE feature
map ol &=35t0] weighted sum average € T35tH, %[& class activation
mapg gel' _JIE A)I\'-_—l' AP\IO Ol-j-” El )\A—l— CAM 7|I:||-O| WSOL

method #2150 CAM,HaS,ADL,CutMix &=
AMIHE /YD, O|HS normalizedl == &+ HE
mapg g T T AAL_—l': AP\IJ_'—-F O|E—i°|' H9-| =S
HZA normalize gt0| CHE = UA sck= A

[ |

|| -HH' 0%
ol I

ALE3510] %=E score
_ﬁ_oﬂ 2} X—IA—II-I ol
= 2A =ASHC|



194 = Efficient and Scalable Bayesian Neural Nets with Rank—1 Factors

o Bayesian Neural Network ol CHsll = A|Ztol| HiFE W S=S ChA| 2Held

£ T AP, Batch ensemble 2| A 048] 72| 2R SS=x&sto & O

J\AAA

L2 ds2 C.’:*EE st=0 22 =S CstHAM m2fo|g = o] S7tstch=
A3}, batch ensemble 2| 4% m2lo|gHE 2&F I {eictes ©, F7HA ¢l
uf2lo|e HE S0 P51, ME2 weight & BHECls 82 A =},
2dio| ZItgte 24 weight parameter 7F 20| Z7}5HX| 2| == &A™
%, BNNOl| batch ensemble 2 O{E7H M3 Zdel7tol chall & =+
AUATD, BNN 2| |oss er-E <7t HHEstol MEs5tH MsIMS ol =+
UCt= ZhsMofl il LA = AS L Ct

2= Bias—Variance Reduced Local SGD for Less Heterogeneous Federated
Learning

o HiHo|lE 2ol XA, non—-convex MZAe| Asko| 20|, o|H HIOIHOH
Hs HMetst SGD & 37| -rloH Hol 2bstE =740l 2H 2z|E
Ztotof 5+, 0| ¢|st Bias—Variance Reduced Local SGD & ¢ oH
localization, Bias Reduction, Stochastization, Variance Reduction =
HEY = Aen o|ESsH S5t “ﬂoﬂﬁ MEZ 2AlZ2 M8 &
OI|_—_|_: I—IQ OI-OI-—; I:|I|:-||0|E__|O| L__IE.I II-O-IA| x|7(-|2}(}||)\-| SGD EH/I\_| Bas—

I:

=

Variance Reduced Local SGD € AISE 42 complexity & FF1 HE2}

= A o O A
HetE & 22 £+ ASS Ly5LH

X2t Learning Disentangled representation via product manifold projection

o Feature £ latent space OflA{ EF — ool Chall =telsti i, latent
space O|AM H[O|EH{E O{EH OI*OE =2lg = AUASX[, 22|21 product
metric space O] CHall YotE U1, 7[5tetA MO A disentanglement &
MASHH S ALSE= WHES LEtster = Uct= ARS
eet2n{ Sample distribution & ZHEOA, 7|& MAY ZEO| weakly—
supervised recipe € g7 M8 5+ US Aol2tes JtsdE LyUASHCH

Z &<, k—Nearest Neighbors by Means of Sequence to Sequence Deep Neural
Networks and Memory Networks

o TYA|ZIO| Hi2 KNN o AZMAN|AM, Sequence to Sequence
DNN Z} Memory Network 2t2| HAH 7} {EH ==X AHZ
AAJA=H, HMAN sequence to sequence BHO| FalolX|, 2|0
71 sequence to sequence model o KNN model 0] S2t& = Uct= W1},
V2LS & V2VS = 22t FOZl feature 2FE nearest
neighbor £2| label O|L} feature vector & 0| F5t2 |, V2VSLS = &
SHZM O FIHK |52 25 Fsicl= AR, :LE'-I_’ 2tzte| M

A~ A
588 ¢ 7 AAgsHoh

vl



ZEfE™ , Empirical Study of the Benefits of Overparameterization in Learning
Latent Variable Models

deHct i @2 29 n2lo/eE JX|= Overparameterization 2 o 2
MEZREH 9oz ZHZ st 1 st&55 = 222 ground truth

model 1t latent variable =& dH|et ©f [ B2 latent variable & Z—=
A7t HFE2 overparameterized model 0|2t= A}Al, Noisy OR

Network = 1 702| binary latent variable 2} 1 7H2| binary observed variable
layer 2l= &, ground truth 2EoA el3d o=z HME OO[H MEZ 21
DS g o, 222l |atent variable TAME

=247t recovered == (5 ground truth model ol A12| |atent variable =t
€2 m2loHE z= Aol gE 2= EXst= A2 2|0]) ground truth
latent variables =& ZA35+04 Larger model 245 recovered ground truth
latent variable 0| S7tstA E& & = UJUSHICH.

I

ol

ZEf =, Multisource Domain Factorization Network for Cross—domain fault
diagnosis of Rotating Machinery : An Unsupervised Multisource Domain
Adaptation Method

source domain HIO|E{2} label O] §l= 4t O|O|E{ 2l target

domain HIO|E{of| CHEt CHE 22 domain adaptation & % 235}0d

=Ztst multi source domain adaptation ol st 4271 ofEH Ao 2 & %
AUA=Xlof cHst Hekd, T2l O 2PHollA shared space 7t

Zt domain E25E{ 2| noise ol sl F kst M2 255t 2I6H private
feature encoder (domain 2} &&4)2} shared feature encoder(domain 2} 2+&
A=2)E factorization 8 M 235l w2 stESIEE ot Y 2|1

£ domainoll &3k= sample Ol target domain 2} 2 &HAMO| gles 2%
2 St= negative transfer 2| &2 F=517] /el IET loss 7F AHEE 5
UCt= B2 LA = A&t

Z547|, Prototypical Contrastive Learning (PCL) of Unsupervised (self-
supervised) representation

unsupervised representation learning 2 0|0|X| H|0|& {230 S0{&
O|Zdel ool MEE JI& & mele = U= representation vector &
T5l= Aol o{Z7]|oll Prototype Ol2t= latent variable &

Tlsld MLE € EM LIE[FL 2 EHsH= daleld|, o] ZZEEE2
olo|MoZ FAlSH O|0|X|Z0| sttel EHAEHE O|FL US I 0
CHESH = Y= embedding representation 2 2|O|StCt= A S 27|

A gt



=& <. Image Restoration for Under—Display Camera

o under display ZtH2l2e| tHEQl m{d S SntelfA EHsSto] Pak ZE O
XNotel= S 355t 4k o[o|X|2 =5t flall M st UNET
structure off CHsll LA = A=0l, A 2Z+= Diffraction—limited point
spread function & 2|0|, image formation 2 restoration & TP, T2
XM ot=l UNET structure = encoder & 2702 LIF O residual
detail 2} content encoding & &2|st1 CtA| 22 2fo|ofoll &=
TZ=of sl LA = A& CE

=M ZF Representation Learning via Invariant Causal Mechanisms

Ol EAE o| 35l ZH S MWESH= causality ol CHsl YA =L, causal
mechanism 2 &2l Zafo| TUAHE MHE= HFHYSZ0|2= AFE

do ¢¢h2 510 el X & HH0{7tn Y & zHErst= 0| intervention 009,
causality 2} representation learning 0| & 7HE&
Zetsto] causality ZHE MM constrative learning & A &5
|'|_A-|O'” I:HOH OF}” El/\/u:ll’l[:l'

= AN ol-=
= T A

olci &, DEAR: Deep Reinforcement Learning for Online Advertising Impression
in Recommender Systems

|r

o UststEol AKX AMHE HSHHAM state, action, reward & & XM o|st= Z 0|

o |
02 Z205Ichs AMME Sy, ZatstES ALEsHH & A7 W 8nh 20|
X|&& 22 advertising strategyg AHO|ESt HI|H2=2 reward &

Stz A2 5 Ak &, ok22 DON 2| TF4dA| ofet YAl =z
W5 task & HolegX|o tigt #2lE & & AASH T

0|& 3| The continuous Bernoulli: fixing a pervasive error in variational
autoencoders

o MNIST CI|O|E{Al2 1~255 2| HHZS 0~1 2| float g2 2
B15t5t01 0~1 AtO[2] continuous §F 22 F=E &35 1 UCt=
A Z71E Bernoulli 227 Z¢10 = normalization =X & s Z3517|
25l 0ollAl 1 AlO|2| support & 7l continuous Bernoulli 2X2& &3l
7| Bernoulli &%2| normalization 2ME siZdE = U204, 0]
DHZ VAEE gdMde 42 7[&2| Bernoulli, gaussian 22
DEZ st VAE 2t &M sharp o O[0|X|E MME 4= 0o 02 1 ALo[<]
OolHE o & 2HT & £+ AFS LA =AsH .



HBF7|®  Fast Bayesian Uncertainty Estimation and Reduction of Batch
Normalized Single Image Super—Resolution Network

detdel Hefdo|lAM Almig[A37F 2 = U= F20 tial] =L AlZHo]
Hi 2 Bayesian & &dll allZd = ZMst= S E/}D, FHAHE2Z Super
Resolution Deep Learning 222 output 2| AM2[MHS 7“*0F7| flall =
=2 $TFo| FHME EQZ stct= A, training THANM R EFHAE
oj2] #3t1 input 2 =2 M &2 0[0|X|S2 concatenation i

=1 patch & °F771H._401| Hakstn QoM ot Wt EFEHAE e
= Ack= ARAl, 32|22 Monte Carlo Batch normalization 0O

FololX|, 07]of Bayesian Network layer & X 235101 uncertainty & 0| &
= A3, O|Z Al uncertainty & Z2Al74 super resolution deep

learning oM el M8 SMAIZ = ASS LA =HASHCH

[13
=

0h

BAFSE BAYES-TREX: a Bayesian Sampling Approach to Model Transparency
by Example

Held 822 s oz XAl 2 E0| XM eteof 2t=d FZ test set O
Ci st 22 o] decision 2 MAYst=H S FUX|TH, 1 test set At 7}
7HXl= i Mol thst o7 ZRsich= AR, O2|1 Bayes-Trex 2h=
=20 Z £ confidence ¢t 7HX= |n|out sampling 5t0{ alfl & ZE of
Cist MutdQl ol E T2 = UCh= AMY, PosteriordlM MEZ st=

O A2l MCMC 2Hale| & JX| chA | OIE =s5t7| ?l5l level set 2
L15|1 generative model 8 AlEsicl= A, :LEI_I_ Bayes—Trex 2

2™ 2 training distribution b AHEHeL0]

CHFSE distribution HIM £ classifierofl thet WIE & = 11, ZHO|

o™ sample off CHall AFSAZE Helst= confldence level 2 &&35t=A|

L FOIAM ZHo HMHE 22 £ Us 782 2 =HJASHO,

8-M XY Disentangling Label Distribution for Long—tailed Visual Recognition

AN HIOIHHE2 sYst EXE ZX| 210 tail class = &0 FFot
HlolE{e| A<=oll 3 &3t long tail dataset 22 A&l dAo|2t= EX 7}
M S A, Ol A label loss & AF25H0] S&E5IH MsS SMAZL £
U2 OE*?}_T’_ M A Post-Compensated Softmax & 0|&350{ fully

=
connected layer 2| Z3} gtollM, & HIOIEWIH s = SeffA29| dHl o
O Fsh gt i1, AlE ClolEolM siiE SeiAae] d|go 2O&
IOJ w2 ol Ztetst wHo =2 fH =8 852 22 F %'_T’_ a
CtS loss &2 regularizer &2 A A st=0l Long tail HlOlE Al
M7ste st& HIolEf Mlel EXE A 4 EX2 A S
Donsker varadhan representation 2 0|25+ Z[Xo| HEfZ H
Tst1l, cross—entropy loss &==0fl {5t Tt =[F loss &

stsol ol8E = USS LA =HAsHC



8EM X, Explaining in Style: Training a GAN to explain a classifier in StyleSpace

bt
=l

CNN Classification ol &&= o|x|= O|o|X]| attribute

o|3H6EI- zl\_ OI: HI—AIOE A4|:|do|.'— 7-{—||_ HI-E1| =0 .|

gtAls ot =2 0 (counterfactual explanation), Styl

=7t Soll =00l 7} S0{7FAM Detail €t feature &

OPII ALZIOl Z12ko| ARICZE RRE EE
2|10 StylEx o] F+=& classifier & F7}5+04 classifier based

5tod o|o|X|Q| classification ol Y& o|x|= EAME 3t

(K
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>
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S5 0z M

S Mo —~
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0 Hl”' > 0
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m> - 0

E

| g & E= g2 T elstctes A (KL divergence &
=5 &) é”é*%' olo|X|olM Classifier &1} 2 /2

| KL-divergence £ &dll ¥AtE &2 class 2

25, 12|12 StyleGAN2 of| Cif§t Classifier 7| Ete] st&2 &3l F0{ &
o|o|X|e| classification & AHEE = JUSS LA =HASHCE
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8t S, CoPhy: Counterfactual Learning of Physical Dynamics

QIS K| s0| Brekol Ao Chslf atat 2 FES st A2 o 20 &E9|

=&l HE olsistl olef & ol F5ts HEe SEZ sto ol &

R2E2 confounder 2t st olof| CHst olsli 7t SRSICH= 7.%1, CoPhy

Dataset °| o|o| 3 O| dataset & AtEsSt0] MKAZ task E & F

U= Cophynet 2| #£z= 2 M flow, OFX| 2} timestep Ml LI2= hidden

state 7} HIZ 2tHo| EM S =2 confounder &2 stot= &, CoPhynet 2
oH t-step &2te| OlEfE 2F o5& + Uct=s A, CoPhyNet% = off

FZ 5= confounder gt=0| AlX| &tdof st HEE EI-*OI =2 + Utks

AM' a2l std o A E confounder & & &H55H0] HHEE9|

)

LA E Olsiste Ol 2 HIFSZE =2[H A|AFS EIIEH% o5 ¢

—

—
AS2 LA =HAsH ok

== End-to—End Semi—Supervised Object Detection with Soft Teacher

semi-supervised learning € labeled data 2 unlabeled & L}HX| O O|E
D5 E &5k Aol IA consistency based method 2F pseudo-labeling
based method 2 LiF =H =A== 2l = O|0|X|2 teacher 22 2 o]
st A|Z| 1 2fdo| gl= o|o|X|d| teacher 22 & T l&Al pseudo label &

MMstD o|E 7|dHte 2 ZH-EZ stEA|F|= multi-stage SEZ T4 = 0f
UCH= A S LA =}, of7|of stE =& A 5101 pseudo labeling 2
5t= teacher 2& LESH stE I Fol 50| SMEES st

Student E‘:*'g 2t 2l =l M|o|E 2} pseudo-labeling = HlO|E| ZF&
0|83t et&stal, 0| EMA(X|50|=5HE ) 501 teacher 22 S

Aol Est= A I\/Iultl state @l 7|& =3 E end-to—end *+E=

HA st AHET TxEE HM3IIHM soft teacher 2F box jittering 7|H &
F21510{ soft teacher = background box ol CH3l, box jittering = box
regression Off CHal reliability & EIte 4= U= scheme & LA =HAUASUCF



HBFZ=91  End-to—End Semi—Supervised Object Detection with Soft Teacher

model scaling 2 Z7|Z=2| baseline network & AF235F03 model °| EL =
7| 9= 0|0 depth, width, resolution = Z=&35t01 accuracy &&= =
== QAcl= H, HH J|EAFE AutoML, EfficietNET, RegNet Of n—& |XI,

B4

EfficietNET, RegNet Zlgte 2 Hct Zickstd wHE model scahn ol
HEH 2 = A=X], run time 2 activation 2 2 A ZEA 7 JCH= 7.%1,

width 8 S 2 depth, resolution & &0| S7IA|7| = fast scalmg =

£3l accuracy % runtime E—H:— SEMAIL = A= 7FEX| alpha &te
=82 Soll width 2t scaling &X| ot depth 2t resolution 2 scaling &X|
deolsl £2 ds2 Eo|ls 42 =elst¥, runtime ol 7t 2 &2

O|X|= K92l activations & 0|11 O|AHEZ Zz|a3lstH £E2 M52
(=) -—

o =
OtESH7| 2/5H width scaling 8 &2 2 5l= fast scallng o 1M s
LA = RASH T

BFRAES . GS-WGAN: A Gradient—Sanitized Approach for Learning Differentially
Private Generators

« Differential Privacy (DP)= =Z2 FOItHAI T&=2 FX|zlst= o, o|H 2
OFESH= generator & ZHE A9 O|=7} E0{7A] training 0 HHX|=
=M E s Z35t7] ?lsi GAN 01IH generator 2| gradient ol 2t £O|=&
Ol7}510] oFHM O Z training & = UH Sk, generator ol
&0|st training O 7k &, O[22 JtRAIS HAHZES o™ =0
7IAloF LO|=E Cist= Zeldl DP 7 =/t DP AL &0l o &5
FsHE 04X S| DP 7t Elct= A S A = A S

8+=34, Simple and Principled Uncertainty Estimation with Deterministic Deep
Learning via Distance Awareness

« 00D = £ £ote| tlolEfof tHsll =hsAlZl 2Eo| A2 C|o|E{7t E0i=
mf 22 HlolE{7} 7|&=o &S dHo| &H5t= AeX| ofH™H ChE P o
U= AWeIX| FHSH= F0k0o[1T, i*%EFﬁIOH Nl M 2=
CH St uncertainty & A& S| A &HSH0] O0OD 6{ £ & Etehksto{, 00D
data & uniform distribution output 22 2 E_T’_ olz{st st&5Z1E MEsIY|
2l SNGP & M&3510{ 22 2| representation 2F M| sH&O[O[E{ Zte

HelZ2 5™ = Arck= AR, Gaussian process & &-&3HH Input distance
awareness & &2 & = UCck= &, SNGP = residual-based DNN of|
CH St Distance awareness € F0iet = U= 24lo|0{, O|E THE3HY|
2?5l distance aware output layer 2} distance preserving hidden layers &
otEsiof stoh= A, sEEAl 2+ step OFCE weight matrix off spectral
normalization = I*ROM spectral normalization & st= &otS LA

A sH ot
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D2 E convex T2 12 cone program 22 canonicalized (s}t & =+
AL, conic solver 2| derivative & AFESEL canonicalization 2 /et chain-
rule 2 AFEStch= AR, batched inputs 2 parallelization 2 2

8822 forward, backward 7tsstct= 82 A =AY S CL

Ef o1, Differentiable Convex Optimization Layers

SZtst Convex optimization M T XIS 2 £2FME 7+ £
= differentiable neural network layer & A A 510 =5

AT XH=2| convex optimization layer o CHst RIQIEEHO| HolR = Uct=
M, CVXPY 7 22X, ALEXI7} Slover & AIEE = U= HENZE

Toi5t0| x| BHOE £FMH2 CVXPY 2 fst= 2, CVXPY 7t

{E A CVXPYLAYER Z embedding =0 convex optimization function ol

et 0|22 Fdst=X] otetstd i, o Lozt o272 NN 22 convex
optimization function 2 #+& 2IM40| embedding @ = U=A], FAHHE2=Z

P

MZX|Bl. Your Classifier is Secretly an Energy Based Model and You Should Treat
it Like One

rb>

7| &0 20| o|=H Classifier 222 MEH

&l 445109 Label 2} Data € Joint otAl 22 & st= =0 ofsf & =+
U} T7|=2| Generative 2! Discriminative Z& 2| Hybrid &

— = I —] cC o P
’5'80| QEE - &72 E':él jél'gEE ‘xrla M AAE—I'E

A, EEXo=2 EBM 2 H3E RS

slolst ., M2 Z Classifier 2 oz L2+ Logit 2
7|E0l= Softmax ¢1ttE 0| EdlAl xE & W Zf Class 2| &&2 2
ol23l=dl, o] LogitS Energy 2 sllA5tXt= ol0|C|0{E & £ A D 0|2
soff A&t =& 222 0|&s5tH

7| Z&2| Discriminative 22 & Generative &1} Zo| 2&tst = JC=
Atal D Je|3 DEsior & M2 2 Likelihood & ci;—.%wl H kst |
2l M= Normalizing factor & &fofof & HE UX|TH A T =

HMo| 2H7F =Elck= A2z, stolH If2lo|e{E M2 fine—tune |
25ClH Gradient estimator 7F =98 5101 227} diverge & = UCt=

At 2 2 =HAsH e

0|2l A Simple Framework for Contrastive Learning of Visual Representation

o|o|X| Hlole{e] ME label O] fle A=A EXHOZ visual
representation & FZot= SimCLR O|2}= unsuperwsed learning 2 <A
=} =0dl, O|H2 data augmentation & S3ll &2 positive/negative
sample ol CHall contrastive learning & O|-& 0P01 unsupervised learning &
o= Zd0|1, contrastive learning & 0|-&35t01 Visual Representation &
FUMoZ stEe = en VAE A E O|o|X|& LIEtY = feature & &
Hotd == T unsupervised learning 2 A58 =4 F UCl= AR S LA
==

A H



<2 Ao, NORMFORMER: IMPROVED TRANSFORMER PRETRAINING WITH EXTRA
NORMALIZATION

712 EMAEZH FE&= Zt sublayer 2| residual
connection Ol =0l variance & &£0|7| ¢lall layer normalization &
M Z35l= Post-LN & Fdlst=0l o] A =] layer o HsH
Slctel Jayer 22| gradient 2 magnitude 7P AUMezZ Z Hdeo| A= 2
JHMSHZ] I35 layer norm operation 8 2+ sublayer 2 A|ZF EHA =2

=7|= Pre-LN, 12|11 0|2 Post-LNoi| H|5} & A| AHMHS
%ké,“\lﬂxlm 23524 2tttk layer o] gradient 7F St layer off H|SH HX[=
CHMO| A= o|Hd2 Zt layeroll 3 7HX| normalization &
ZF7tet NormFormer &AlS X &35t01 gradient magnitude mismatch XM &
2lstst 4= o= &, A2 Z attention head £ scaling 51,
attention 2= OI—.—01| layernorm & F7tgt =, A #H# fully connected
layer O|=0f layernorm & F7}st= ghalof| Chalf A = A &L CE.

LAZXl Deblurring using Analysis—Synthesis Networks Pair

2MStE HES AL StM5= HER A HO{E AFZ350d deblurring 2
HE A a&X|, 2|3 deblurring & ZHE, non-blind deblurring 2l
HOlAZ} blind deblurring 2.t 0[5t E8M2 =2 deblurring 2 &
_UCH= &, analysis network = blur kernel &otLi A synthesis network 2
HUiFo XM E non-blind stA ZHECH= A, 0| ZHHOM|AM cross correlation
layer & M Z 2HS0{ analysis network & E'JEEPE A, bluroll et HEE
=1 A= correlation 2 WES IO layer 2 7#3510{ EXH2SZ kernel
T = AUck= AR S A =HASH

<A Decision Transformer: Reinforcement Learning via Sequence Modeling

tslets M E sequential modeling 2M 2 HHY s Zsh= &HHofl i 5H
*=H FAH2Z Sequential modeling 2 & m NLP oA £2

O|= Transformer *+=& Al2& = UCl= A,

ootstrapping 2} credit assignment 2 ISt 2ME 01EE*71| off 2t X|of| CHal

At offline RL = ZI&2| RLOIIA mteractlon o| H|g0o| oj% 7| mw o

HolEe{M & ola| 2ol =1 F7} interaction 810 &5t ghHol2t=

Abd | SEX|2F St& st pollcy e} HolEE —T—’é! St policy 7F E2HX| 7|

tf-2oll distribution shift 22 ¢lsll &&0| &l &0 Zlck= A, sequence

modeling 2 & mf AlEst= Transformer +Z= & GPT 2= A0 X 2|

2ofoll A ZHek=El auto regressive st ZEIS A5, o|H2

o F&E action=s SAHAM 71 =[Z22| action & AFEstil, O] action &

AL 2 state 2F reward 3 action & AFESHA] CHA| 2o Qo=

nEg ghestH Eote A2 A = sH o

|-II



224351 Learning Continuous Image Representation with Local Implicit Image
Function

o
T

(=2 N

!

ﬁ
S

super resolution 2 low resolution image € BtotM high resolution 2 2
HF 0! == image processing method 0|11, coordinated based method &
#|5t01 super resolution & & A< pixel 2t plxel 2t | &€ 3t11, Coordinate
pixel value, & integer value 7} otzl Float value ol coordinate & E{F+H™
Mgt 23 A7 2ol 2ele| scale factor 2 super resolution Of
7tsstck= ARA, LIIF = representation & & sH&35t1 11 representation
S5l SIS high resolution €Al high fidelity & 2 0{&=Cl= AMA S 2|
E| AAI=|L| E'I-

F EfficientNetV2: Smaller Models and Faster Training

network 2| depth, width, resolution € coefficient TO|of] SHE A unlformly
scaling st= compound scaling, 22|11 siE mto|= CPU Lt HZ22] 3

2l AA0f SHEAM HFE £ U= coefficient 0| 12, image net OlA accuracy &
SEMAIZ = Rlond learning I 3 7|0 AbEE 10| & inputof &2
Hrzte M8ste A2 40| XMst=l11 =2 AO|=9| input o=

a2 augmentahon 2 AOI= inputol= &8t augmentation Ol

Z2 accuracy £ 20l= 2 &/ =HJgD, J2iM =70l 2, F=2
2= 2 37|19 inputoll 28t HAstE X &5k= adaptive

regularization 24| o[AF Zt7| CHE olZ|EIMO| progressive learning &

T st melo|e 2} training efficiency OlA] E88 €S = UCls ARRS
YA = AS L

ZI 2 Gradient — starvation : A Learning Proclivity in Neural Networks

Gradient Starvation 2 Cross entropy & AlEs5t0] E/FEME CIE 4%
pMAzte] A8 dominant 8t feature 22t F&5t1 CHE feature 22 EHA|
Zol= ':'7(1I7P 110 O Olfge MAYO| HAAstAHZ Sdolf staE
| AM ol 2t feature S0 2F A ESSH| W Z0[2t= AMA, O 3 535H]
2?5l spectral decoupling O|2t= Zt=FSH regularizer & O &9t cross—
entropy A&l S X 23510 Gradient Starvation & alZst2, 1 A2 MNIST
dataset 2 CtE 37K LA = A&

0
IﬂJ 11|>
Q'E
B



#A9 M Training Independent Subnetworks for Robust Prediction

ensemble learning 2 Bayesian 2t &7 Uncertainty estimation % out—of-
distribution robustness € ?Igt WAlE SHLEZ A0|of o3 7ol 22 S
stEAlZ|0 Zkzte| ZuE =3stod & O robust 8 ZIE €= ghalol2t=
AHA o] Tlel RH 2 shEA|7{0f oHH computational cost 7} HX|&=
Adsko| Ack= A, neural network 2| sparsity 2FE MIMO of| cH &t
OFOIE|HE €A = Act= &, MIMO ol M= neural network

architecture ol A input layer 2} output layer &

CHA SF=E| training Aloll= input x1, x2, x3 7F MZ0l|AH 2+ glol y1, y2,
y3 o A2t A &S F0fof stof StLFe| body 2ol 042 7He| subnet off CHSF
st S TIEst, test Aloll= stutoll o2 7Hel OB S AXMAM £2

O S forward 5t0] WS AL} voting St= HHAIS ALS Sl HE 24
[ ASH

FH8=2t Re-distributed Biased Pseudo Labels for Semi—supervised Semantic
Segmentation

« Semi-supervised learning & Pseudo label &4AI2 ™X |abeled data &
SH S sEAZ|D, 07]0 unlabeled data € ™M -&%3t0{ pseudo label &
Fo0ist =, 0|Zd 1} labeled data & 28504 model 2 CHA| SEAI7|=
grAlolgl= AR, FRIM o Z= MK labeled data 2 student model
ZAHAAZ| D HE student model € teacher 2 2Ato} M AH=0|
X otst DARS € &M -&23t01 unlabeled data ol unbiased pseudo label &
MAMst 7|&2| training data 2F 28510 CHA| 2R S T SEA 7| =
Y Z iterative oAl HHEsto] ZEH 2 SAAIZ £ UCt= AR DY
unbalanced dataset Ol = bias 7t 7| M Z0ll tail class ofl CHsll =h&5oll B2
L HFek2 o|x[A == DARS € AIE3t0{ pseudo labeled distribution &

7t=3A true distribution ot SHF0 F= Wao =2 StGAIZ £ Ues 7HsHo
CHall & == _UAJASHCH

AX AN H

0| =&, SituatedQA

o AIEXIL 2 HES CHA stHEZIE FO{ A AlZE S27t0F 22 Abztof| w2}
Ct=27 &2 siiotst= &<, & context aware 5l OF st= %Oﬂ/\‘l LSS
=2 st= 2AH 2l temporal / geographical context problem & O{ZEA|

iAdex| AHE}D o|E sl st-tel question & context type, context
value, answer 2 A5}, data collection 2 identification, (context/answer)
collection, validation 2| Ml EtAIZ LE+10 context B slof|

=2 QA AAEIZ training st HItet = U= dataset O] oL A

WSO X=X LA =ASLICE.

AL H



0| =&, On the Out—of-distribution Generalization of Probabilistic Image

Modeling

o 0OOD detection & HIOIE{&AIAM in distribution 2} out of distribution & &
olM OOD & & #&all & =+ U= task 0|0 distance—based
method 2} density-based method 7} =0l =X}= generative model =
28510 &Y =E& FXZE modeling 5t likelihood & ¥ 0{A OOD {F &
o Sh= dhHol2l= ARAL in distribution 2cF OOD 7F 23|81
=2 likelihood & 70 = 27t M2 £ A=d I OlF & generative
model 2 =ER2Y S 2= M image dataset 2t MZ 37 = = local
feature 0] =X st11 likelihood score dl 2 7FE5XIE F0{sA OOD ol =
=75t =2 score & @A E F UCt= AMA, O[F S 55H]
?l3ll Product of Experts € T !5t03 model 2 local expert 2t non-local
expert 2 LI+ O|EHA L+ ZE 2E S 0| 25103 A2 likelihood
score & M otst M| product of expert = SER2EZ= 03] 7iel Fx 9
=522 LIEMH = U1 CHA| renormalization i FH =lck= A, OOD M=
UHH O 2 AUROC 2h= score measure & AF2SIC= AMAM S 2|
[ ASH

ol =%l Co—Mixup

« data augmentation 2 = O|o[E{ o ZH 2| generalization 52 =0|=
71822, mixed up & F O|0|X|E A sStLte| o[o|X|E Tt== Zd0|0d
o HE22 A HdSXoot =-HS 50 2 o|o|X[e] MET| MU=
2Z&0| otxl= EEO| A=, batch 22l mixed-up framework & &3l 2+
olo|X|e] &%t Iddo| & HEEH £ U0 CfsH =T augmented
image MAMo0| JIs3tch= AR, Saliency 2l 22 R UWEK AT HAHE
QlAlst I Zsictl 047[= el FdHolof o|E Fx[st & wf Background
HCh= class @ label 2F 2™ Al 2t#H0| A= FE0| O A Li2Cch= A,

Background ZCl= class 2| label 2} &F Mol #EH0| U= F&, patch B2

o= ¢lko| dotgtE HrHEX| Hg2 ZAsk= multinomial distribution 7+

A} IHe| (X) matrix *ol= ZHol FEY, 07| 27 EFslof & FE2

saliency & Z|tH&} St augmented image 2l smoothness Ol2t= A, ~ 7H2]

S8t augmented image 7| MM == EX = objective function ofl

compatibility term & F7tst04 tHEEIE FO sHZech= &, J2l12 1fsHA

penalization &= W& YX|s5}7| ?Et lower bound 2 #+AM&ict= &, CH2
augmentation & pairwise 20|, Co—Mixup & batch T Z mix st7| M 20|

A0 Ect= 9|20 HaiME v E Ssll CHE augmentation 2

pairwise 14|, Co—Mixup & batch = Z mix 5t7| 20| MHs0| ECct=

A S 2 = A S



O| =& : Efficient and Scalable Bayesian Neural Nets with Rank 1 Factors

A2l B RE VI E CHA| $F
=5 2 JlY¥, & Ensemble HHIE/ A
Moz SZItste 40| U2nd, ol sH&st?| @6l batch ensemble 2
M etst i ensemble 20| 37stes 75X Woll 2 2HO| rank1 HE S

elementwise stAl &35t 7tE5X| dES Hrtetchk= A, 0|E Sl EE*'

st 4= AT batch ensemble &
=7 &7t w2}t =5|-20|
H

rr Ji
o>

Ir o
n

staAl 7tExle| d&o| otd & 7He| vector & °*H|O|53F04 StEHIE
oY 2 = Ucks H, 55| JEA 220l thet shEH[ES %0|7|

all, & 7K AMd S Zetst HHd S MAIst A, BNN 75 x| X5 rank
parameterization etct= W&, 715 %7242 AP?—E—i correlation € M 7Hst=
FIE FOo =g5e ds2 A= FES YA =HAsH O

A= Free Lunch For Few—Shot Learning: Distribution Calibration

No Free Lunch Theorem = Z2& &=of s 2H5Ql best classifier model 2
ZMstX| gt=Cl= 2elojolX2, THAH Learning HF+=2 FZ Stronger
model 2 tE= A2 %ﬁi gi=ol, dlole ZHs=7F &7FstH Ground Truth
distribution off ZHZA ZAte = U7| WZol2t= AHA, 8- O|o|e it
M2 4% (Few-shot) ZEO| Q.FQ MZof 2k overfitting == d&0| UC=
A, O|= A biased distribution & estimation stH ZE ol dtst Ms0| 2
EtA S FH Elck= A, 2hef biased & distribution 2 GT(Ground Truth)
distribution 2t H| =35t Calibration & = UCtH £E2 M52 2 AHo[2t=
HE LA =HASLIC

A H

IF—L

O|M & : Efficiently Modeling Long Sequences with Structured State Space

Hippo = High—Order Polynomial Projection Operators 2| 2kXIZ, HIPPO 2|
=X-2 Computational efficiency 7} ZHM =11 Stable € gradient flow 7}
7tsstet= A, Timescale O robust st Approximation error ol bound 7+
HZEEICH= A, linear state space model 2 =8 & f recurrent view =2
convolutional view 2 & = =0 computationally efficient stX|= ZCh=
A, 2|1 Deep State Space Model 2 S4 Network 2| &M &l
stE 2 FE recurrent 2 convolutional representation 25F0AM
| CHoll A = ALt



0| &&: Relevance—CAM: Your Model Already Knows Where to Look

o conventional CAM 2| SHHE YA S=s5tn M2 SMAIZLXA Cfsh
ot =0, M CAMOIM ZE F=x9o| stHE Z411 OfX|2t 2f|o|ojof| A2t
A = ZH5tod gradient AF2A| gradient 7F whith noise M & H=0| AlSHH =&
=2M7F A=, LRP 2F CAM & Z&tst relevance CAM € 119510 &2
9| 2o|Ho|ME EX class &l MEE Z FTE&EE = UCh= AR,
CAM 2 2dlo| Ql2d0| oL B2Z H 11 classoll oialf Eohi=X| &elst=
7|#H0|2l= A, LRP = layer Tt 2 QM TE Saff MM S 7I“4OIEPE
A, 9™ u} Al class HEH| A2 F= A2M 2 node OICH 75 A
o] 22 MM 7|& CAM Aol weight Tt2t0|E 2 A2M S ALZ5H0]
= otE|X| &1 gradient HESE2ME 2 = A2, layer 7F LHX[HAM
Aol Holx|D Mx S ESH A S MUz & F 9= AHs LA

— 1= AA -
=AU

rr

Olo}: COVID_AL: The diagnosis of COVID—19 with deep active learning

« data annotation 2| A|Ztz} H[ZO0| Eo| E= %ﬂ% sl Z2st7| flal weakly—
supervised deep active learning framework & &-&9%t COVID-Active
learning 0| Fai¢lX| =olst¥ 20i, Active Learmng: st EE 0| data
instance il CHEH label 2 query 5t {ot= EHLZE data point of| EﬂOI%%
ANEEg = A= HARHe 8 /0|0, model O] label & query &
MM st= Membership Query Synthesis, =2 0] label O] ER25HX| O{FEE
ItChsh= Stream-—based Selective Sampling, 22|11 & H0[E pool O]
Z=Mstod &2t data point € MEiSt= Pool-based Sampling 0|4t Al
JIX|2 FMECl= A, active learning M= model 0] 526t data & &2
= UAEE et query MeFS MEISI=X[I7} S5ttt ®2 U,
oE QA It=oM Hf2 Li&0| HIO|2 Zetd| H==+= AAZ COVID-AL
framework & M2 S0|EA £}, COVID TS 2t UETI= Loss
prediction network 2 classification network 2 A& == £&, CIE Al
O Zz|#H ol =0l thst labeling cost & &0|= 9HH2 weak label 2 HE{d
DHES FHA|IF|I, EZRF labeling =8 S &£0|7| @& 7& HEI} 2ol
CHZ1 data MES Botll= Zolof, 0|2 T data sample O] FL[o|sHX|
mokskz|] 150 input data 2 Uncertainty 2F Diversity & AFESHob= A S
LA = A St



0| &l =: Re—envisioning the comparision between Neural Collaborative Filtering
and Matrix Factorization

o ZE|0| 7|EL MYX FIAAH 2
FlojLicks 80| LI MZ22 ZHTzolAM HaAlgd S Hi2lE =0,
THHe=z Maliodiqe| AlE Mool M™ FHAIAG ZH (i.e. Matrix
Factorization)t &Y 2 (i.e. Neural CF)el M52 XX} H|Wst,

gol gold 2YECt ol 54 50]

-1 O O

=1 F-|0 0o

EMS XE ool ‘FHCIAA X EolM MEE ETHAIAH @Dl

1o o T
Held ZE 2 v 2N MedX SHAIARY 2ol Hald 2ol vl
o EMs0| Foid = UASS A=A (SHX|2H FHCtFM o X[ FollM=
Med FHAIAH RAECE HEd 2Hol M50 535ichs AT 0|
24 E), 7IE MEA EE*'OI 2eld ZEECE Foj o|lf2= HEld

2Eo| Ztekst WA g E sk7| floil B2 m2tolef et b5 HolEE
L2 st7lof o E5tnAt 3PE 2 7 WMoz gofdoz RHGEICHH,
Held 222 o 50 ofz{g2 =2 = tte &, O2|2 v|FE HolE It
otd F&H iU OIHE zH=tof A0 Held ZHEC MPR2HO
gAY 5 Acks A S YU =HASHCH

i
ol

-0

0|&10l: Neural Reprojection Error: Merging Feature Learning and Camera Pose
Estimation, CVPR, 2021

« visual localization 2| J"iP‘ R 2 T2l refletion error 2 EEClE &,
matching distribution, & F0{Zl descriptor 2 &3l matching 0] O[F0{ Z
mf 3D ZQIEE 2D ol HHMlof CHSAIZ ZQlX|, aeld F JIX|
distribution 0] S&&lloF st0{ object function ol = minimum O =X gtct=
AHA | object function ol Gaussina Kernel & X -83510{ M &A 2l object
function 2 smooth tAHl s F10 t 2] ZAIE Al8st= WHozZ 2| =
Gaussian—homotopy—-like method & A = A&U CF.

0| F&l: Bayesian Triplet Loss: Uncertainty Quantification in Image Retrieval,

e image retrieval & @™ OI'Z'IXIS 22 f T2t "5t O[o|X|E FotF=
function O|2l= ARM, S 240 HEA| w2t He|HMZel ol XA
uncertainty © @&ol HZIC= AAS J|HICZ M 22 image
embedding &$AS 1ot A |mage 7} stochastic feature 2 E11 prior,
likelihood, posterior & delsict= ®, YAEXZE W= 'EfR'9
expectation 2| I2lo|EE OP“M‘I likelihood & Tot= A,

O AN = (=) _ o

embedding ol L2 normalization 8 #*= O|lf% & YA = UASLICH.



0| F%1: KiloNeRF,

o« NeRF = Neural radiance field 2| 2fX}2, ZtMof| 7|Hlst0 3 Xl QLEME
st&ot= Heid HolAe AT 7|Ho|2t= Mo o 3xe QLEMEES
E._H'F:.*?_F FolM &2 o|o|X|E 7K1 Held HEKIE stEAAH, =AM

A= FtH 2l ! x[ollAe] o|n|X|E g5t st wE Y 7|Hol|2h=
AA', st 20| 2ol 2t MEZ EHOF A2t E1I)\IEI w2 &otl=
HE{I2l= &, o|HWSE AlEslH =HEX 22 Foll st o[o|X|&
siger = ok Aol AUX|gH $F o|o|X|o Cfs] ZE HAds ZM
Zl8te 2 F=5of slE22 £E7F = Aci=s &, JilM =
7|&2] NeRFOIAM HESIFLl F7|2F E0l= HAIS XM Zst
EHe|E[7F A7 =20, KiloNeRFOIM= QLEMEE F2HZE LIS+
TEof NeRF ECt O =2 HEQIE 22 setsto] &2 S
UCt= d, LLEHE FEsto| 0|2 KiloNeRF 2 —E—E._ Mzl
distillation @It KiloNeRF 2| ml2io|H gt2 =7|3t st
ZMZtoll thal photometric loss & M8 2M TolEs
HE LA =HASLICE

r“ I-I'IJ

O| &l #: Fast Projection Onto Convex Smooth Constraints

o constraint 7t EXst= =AMt ZHE F= Ccist @#H=S SGD 7 yAD
CHEXA QI SGD 2 Newton Projection algorithm 0] UCt=
A, o|2{gt projection operation © quadratic optimization 2 ZH 2HS7|
=0l constraint & approximation 504 optimization
problem 2 tractable stA| Bt=E&= 2 0|AW 2 dual
function 2 approximated gradient £ %OOP Zd0]0{ original objective
function 2| lagrangian & T A —_rL%LT’_ (AAE TeliC|E gts 7

i approximation & Tst= 0| &Al), dual function 2| solution &
T5t11, H|1W3H0d original optimization solution 8 F3t= A& A
=&t

O|EfH: AdaSGN: Adapting Joint Number and Model Size for Efficient Skeleton—

Based Action Recognition

e« SGN<= o|88}o4 %&FO._IAMI Z 25t ZF skeleton ol Ciet =& 2| joint 7H2t
MO Z feature & xgoLT’_ action 2 o Fst=
Zd% ZEZ oP04 74 skeleton ol CH3H optimal S joint number % optimal

network size & MEISIES st= &, 7|&E0iH| SGN X}O[= action

recognmon— g m =& 9ol joint 7H=2F network size & AF235H0{ M EHM
gM Atole] A¥EE Mo = A= A, classification THAOIA =

7* skeleton Off CHer HM S HE HMTL XOIE '—*tH Moz

=2|5t11 classification featureg HbstH Elck= A loss

function ol M accuracy loss = 222 EF d=E

loss & computational cost of| 2t A ZEICH= AA & LA =HASUHCH

o

ngoﬂ oF oA 2t=[ 31 efficiency



&3 Emerging Properites in Self-Supervised Vision Transformers

DINO = ZtEtst Self-supervised method 2M momentum encoder 2 Multi—
crop training 0| s & =04 ViT = Vision Transformer A convnets 2}
™ oA 2= A2} Computationally sHHl= BIS$ demanding st

2 training data & R stch= M2 24 =y, DINOE

7| & transformer AZo| A &3st04 (DINO 2 VIT 2 Z&h)

7| &0f ViT L} convnets oA &2 2 }E scene layout O} object boundary &
gtolst 4= Q7 |abel O] §l= self-supervised 2 M 8¢ &+ Jct= H,

KNN O|A] =2 accuracy € &Me &= dct= A, 32|12 collapse € Il st7|
2|5l centering Ol sharpening & g 0| /=0l centering & batch ofl CH5H
= °o|=X0|L, uniform distribution & encourage StCh= ARA T}

Sharpening € teacher softmax normalization € ®lsll temperature o CH5H
=2 US AIESicts AR E2 2 = AESH o

MEE: Amortized Conditional Normalized Maximum Likelihood —Reliable Out of
Distribution Uncertainty estimation

o« MAlE{d ZHo distribution shifted test data ¢/240| &M st A HEHMof
=2 $=Z&2| overconfident mistake 7} &M & = Uct= A, out—of-
distribution @124 2 A| calibration off 28t 7| &2| C}E uncertainty
estimation =1} d|wsto] JHMAIZ = U= ZIEZ Distribution
shift 2 25l accuracy 2 uncertainty estimation 0] &=} =11 o|Z 2l&f
=2 TZ&2| overconfident mistake 7t 2HMSHA == A, o247} S L4 g
3tst out—of-distribution test input 0l CH3all uncertainty estimation 2 & O
E+=Mo 2 sHlck= olo|C|of, CNML(Conditional Normalized Maximum
Likelihood)ollA SEZ Sl= 272 Regret 0| Z[A3t=E|= distribution p &
o= Adeold, st query pointoll CHsll Zt7| CHE label 2 Y8t = O]
O & 7}X] 2HO| 25 training data &F LX|stH == HA7F Ydst=
A7} A2, o2 {al CNML 2 generalization 5t0{ regularized
estimator & Ar&3stil, Zt label off CHSt MLE CH&l normalized maximum a
posteriori (NMAP)E #|st= &M, 2|10 training loss & simple
approximate Bayesian posterior Density 2 CHA| 511,

Training &0il approximate posterior density & St&& = U0] test time Of|
& O ZtchstAl 2HX s 20| JissiA Elckes & 52 A =HAsH ok

—



MY Characterisin the Role of Pre—Processing Parameters in Audio—based
Embedded Machine Learning

embedded ML &| M StEl Z=Z10lA], AlEle otst M55 E&st|
28l model-centric & 28 0| ot=l embedded ML & data—centric view Of
CHSl MZtel & = AU 209 pre—processing I2tO[E{ 7} embedded
ML A|AEIO|AM 2| CIFSH performance metrics 2] A8 S =0 &S &
T Act= AAES LA =AU, Embedded ML MM EZ&tsh= reliable
performance & £™2 Accuracy, Inference latency, Energy consumption,
Model fairness 7} UCct= A2 & £ UJIL, Pre—processing parameter =0|
o =23t model-centric 0| 2|0l = data—centric &% 0| embedded
MLO| =27} 2 ZAol2t= &, embedded ML 2| XMt =Zof 2}
Hdijde=z 2 I01| U= L2lo|HEL EXTC= EZ LA =}, Audio
KWoll tHgh L8 2/F0|X|2F data centric 2 S AMHED] 2 2ofoll &
Mgo| Ztse A &t MZstA = AsH L

A H

Ot :SeFa — Closed—Form Factorization of Latent Semantics in GANs,

GAN ol A %HIE% CHE generative &% Variational autoencoder 7}
olo| & Zt= Z=7F =4, Random input & otF& 2|o|7} 8= latent
space 7} OH«ILF'.: S|EH0| UrCl= A, Latent space 7+ US W HAke
7H;q|o| _Ty_oI:o| o| 7(1;.||7Ho| ix: %C"o}':‘:lﬁ _7.<_0| I:I-E|_7(|: Zde %
AUAB LD, PCAO Fo| odxf 747t A=dl CtE FS HoifE2H ekolel &
XISt 2= W Z0| Hiy= §4H0| '—FQEF‘ A2 latent space Ol = 01.j
olo| U= wako| Uct= A S FH6H =

AR 20|, 7|Eo= empirically sampling E HIOIE{E 7IX|11 2|0
A= direction 2 &2 & UA=Ol, O|#Ho= Generator At EH 2t10 2|0O]

10

|0 4>

U dhskg FolEe AlZI7F £UA|ZH] HiRE PCA 2F dA=lof E0|EA
= & Uyen], A7 HHM 20| 2FE JIE HOo| HiF = direction 2
TlE= mE T, A ZQIER Lagrange multlplier% AlE5H0d

Z0{E ™ Ni= Altranspose)A 2| eigenvector 2= AR (5 ZR =

st= latent space ol M 7+ meaningful 8F &Hek2

ZtebstAl weight 2 A(transpose)A 2| eigen vector O|2k= AFA), contents &
TAIStHA 53 feature Bt HHE F= AUrct=s AMY S LA =[ASHCH



Mo =: Posterior Network: Uncertainty Estimation without OOD Samples via
Density—Based Pseudo—Counts

« classification task ol & st&E NN(Neural Network) 2& 0| Jctd 71- gt
mf McoiZ e = 2= input o] AUS THAE NN 2 &l2|e| 'F:.‘Hd% L =H|
Zlct= B, O2lstod NN ZF EFRHof| s K olel uncertainty € modeling &
T U=Lbk= ZQIE | uncertainty & & &F S Aleotoric Uncertainty (5 data
uncertainty)= class 7t overlap =71} label ol noise 7} 74 U= &40
=5l HolEHZ2EE &Y 4= U1, Epistemic uncertainty (5 model
uncertainty)= unseen O|O|E{ol| CHsli ZEo| st&st Aol g7 [[H$01|
MZIck= A, uncertainty estimation € reliable 8t A|AEIS T E5H=0|
=25t Posterior Network & normalizing flow & AF235}H04 01“* ==

HZ0| E0{202IE Prediction = 250 &t posterior =X 5 %

t& o0 uncertainty & & dtdet = Act= A2 LA =HASH Ol

1o n>

M =3 CReST: A Class—Rebalancing Self-Training Framework for Imbalanced
Semi-Supervised Learning

o dAl ofo|C|O{ 2 recall 2} precision & xtO|&A 2 = Zte| trade-off 7}
Z etch= AR, self-training 2 2l minority class 2| precision O]
=11 training set o] Z&A[Z[7|ofl= & Istctl THESCH=
A, a2l minority class 25 sample 2 F7I&22MK training set Of
MHMAXM2Z balance € ZFA = 0] classifier 7t & bias ElCt= LHE,
Progressive distribution alignment &= class balancing ol =& & F|st=
Aol s|xE HEE+5 class rebalancing & &g SUAIZ|=
Ado|2t= Al (generation ol CHsH t & Z0|™A class-rebalancing 2l
Z=E progressive stAl S7HAIZ7|= A ), model 2| bias &
2tZ5t01 minority class Off CHel M5 X stE ZAAZ = Ucts H,
CReST(Class rebalancing self-training framework)= labeled sector off o %

=2 quality 2| pseudo label 2 M S &2 24 minority class 7t o At
ZLEI_’ SAXMOoZ UHO|E == &, distribution alignment 7| S
AFE235H0d class rebalancing strength & O ZsSHAZ|12 0| & S5l
OF= CReST+2l= 7ol ohall A = A5U



MM & Energy—based Out—of-Distribution Detection,

o Energy-based model 2 input space & Zt point x £ energy 2t =2l= non-
probabilistic scalar ol tHEA|Z|= &, MEd LS stE6te HH2 A HX|E
z|3tsto] &E4E2 I St 743’4 ZCh= ARAL TO2|sto] logit at2
ol X2 HMo|5tl s o HX|S score 2 AF=23F0{ OOD (out of distribution
detection)& F&st= Zo| &jalol2l= A, ID MEo| tlsiA= =E4L0]
=74 L1231 00D M Eof M= =HEZH0| = Li2Ch= AR
ztotstod OOD M =2 detction Ch= & Softmax CHH| | L{X| A0 2
Hlwet i ID2F O0D 2| xjo|7t =tedehg mfeter 4= Jct= A
Threshold 7|&Z22 3™ in-distribution, ¥ 2™ out-of-distribution 2
Flgotes M & = AJLD, 00D input & detection t7| 25l
ol L{X|] score & &-3¢%t &&= framework 7F O{EX| | logit & energy 2
Helst ol x| AZO{E AFESI0{ in distribution 2 AIHXIE A, out of
distribution 2 |4 X|E =H st04 O0OD & Fdsict= &, (5 in-
distribution 2} out of distribution 7FOI of| L4 X[ Xto|Z}

F Xl differentiation 2 7FsH & = UCk= ®), training Soll= M2
ol L{X| g2 in distribution HlO|E{of| 2l7lstl o =& o{X] gt2 00D
training CllOE{oll 2I7}5t= &, inference time oll= ol X|= O &t pre—
trained NN 2 9§+ softmax confidence & A& = UAct= A, shifted logit
space CHAO &2l logit space A2 &H2 2t MEo Ofst = 7ot
HMHEE Masicte d 82 €4 =AEH

| o= =2

HX[2: Sharpness—Aware Minimization for Efficiently Improving Generalization

o generalization 2 E8M2 2 gatA|7|7] 2|8t Sharpness—-Aware
Minimization & 01EH71| st=X LA A= HAN S ALSE= 22
ut2fole o] £=It o HD S&SH7|o  train loss 22 =H S
g2 Jocal minima Off X[ 7| -’FI-‘H generalization of| CHet EZEHZ StX|
Zote= 40| Uck= ®™, 0| E sl Zsty| 28 flat minima &

&3l generalization 8s5& 0|£01'—Ht Hte  flat minima 2! sharp minima 2|
A, loss 7F MMM flat oF Mo|ML] minima & &= WS =EE st
O|7, 2l flat minima & &7| ?I5il objective function ol sharpness 2t
ZHAE 2 FII5HH loss E minimize Sh= 442 HAIE™ 71Z&2| loss 7t
2o i M sharpness LSk 22 optimal X[® S &2 F Utk &,

SAM &1z &e| 2|, o|E &dll Sharpness & HhdstH A

22l loss EEOF minimize A2 = U= & 5 LA =HASU O



ZM0l: Deconfounded Recommendation for Alleviating Bias Amplification

s AALES 2 Bayesian Network o do—operator & F71& 2 —cn’- Causal
Reasoning ol =&0| & £ Uct= ES A =HIJLD,FHH2

81X Causal Reasoning & 3 7tX| Action & Observation 2 i.F%Hd—?Bl U=
=35t 0| E EMZE LIHX| He52| &E2 FHol= Aol
Intervention 2 =EH 2| £t=0| SHo 40| HEF 2 FH O°._| &
Zo|0q, Counterfactual & 0ot é}%% MX observation oP_’ T At
o H=F50| C}E 4t2 712 4% Z3oJt ofEAH HHEX FE26i E=
Zolel= ARAl observation 2} mterven‘uon o ct= A, intervention ol

sl =st= do operatori Ed = EHTo g2

D™EAZ|2, Eh=8t observation 2 22| causal graph & HEA|ZICH=
M, = a2 AFHe=E2 IHAZY| W20 sie #Ha2o| lelo sl Est=
el @3E 25 glMck= AMA confounding variable 2 2lof, s &
FHMAIAHR S| 7| 2X 2l formulation, bias amplification A2 2|0, backdoor
adjustment 7| £l predictor 7t 230 S M biasE F=A HMAHst=
Zd0| ot 2} user 2| at=of A HMAHs=E Ax YHo| & = ASS LA

=
A st

A A1: Do 2D GANs Know 3D Shape? Unsupervised 3D Shape Reconstruction
from 2D Image GANs

o SHAMAIEIOZ 2D image GAN S22 E =0l image = =42 3D
shape € recover st7|ofl S&¢t EE o|o| Zatst Uck= 7HH0ll A
HATE £s C’:':HI olz{st IHE Eof A7 =70l S&EH U= 7IEE
M= W0l ELsict= A S A F ME/UD, FHE2Z HY GAN 2
HA QA= generator 2F discriminator 0|04 generator = random St
AF=0{ &l vector 2FE input image & 2F=0{Lf0d discriminator 7} input
image £ data setoll U= AH o|o|X|e} H|Wwsto{ FI[{FEE FEHSI0]
oA FHEEX| &5 W7HX| training 2 AlZEstH Z= AKX o|o|X|2t of £
FALer O|O|X| & =0 HHCh= ARAl) GAN2Shape model 2 photo—
geometric Autoencoding Design 2 Al&st=0l #HE 28 S HAM o[o|X|E
LIEILH =X, 2|22 {E A 2D image 2FE =A< 3D
shape £ recover st= HE2 AMZ input image 2| =& 7t
EH'='—'?’— convex YEf2t= M S 0[50 =7| depth & EtAAMZ HHst=
S weak shape prior & AFSst= EHAHOILL, EM= BHE EHS HA

CHFSH A M1} dio] 8+5FO 2 pseudo sample &
BES0{Li 2 encoder 2F GAN 2 &3l projected sample 2 reconstruct Stch=
A, o|E Soll HIX|=™Mel gHo 2 &= =X 2| 3D shape & recover &
UCH= &, view/light/depth/albedo =5 & reconstruction loss & %23} st=
gsfto 2 stES Al7|™ view/light/depth/albedo 7} 25 =X2] 3D shape &
ZHF27| inference & st= W22 H E<9/ 3 training O 7ts35t] EH5stH
Z2 Ms2 d £ dck= H, Ellipsoid Prior 2 GAN 2 0| &35}04

=

M St Pseudo Projected Sample 2 &-&35t0{ X2 3D Shape

0= oll
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Reconstruction € H|X|Est&2| BifHo =& &
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A 2IA: Learning to Balance: Bayesian Meta—Learning for Imbalanced and Out-

of-

|

distribution Tasks

HAALEIS 2 imbalance oF 28 E Meta-learning Bayesian 2 2 0% A
Z=Xof chet g & = AA=H, FAHH2ZE HA Meta-learning =
st&otes WHE = ADIE 2{do|0d, mi2fo|g e} o o|EAlo]
7tX1 2= A3 o™ task o Hlo|eLt AEol Foizl 720 MZ2 task &
0= W21 s88Mo=2 stEgstr| | ¢yol2i=

H Ele{H 2| imbalance X 2 task imbalance = support set 2
Zt class & task 2| =7} ct2 &XH|, class imbalance = F&5t=
D RCte| class =32 7F CtE2Ck= A, out of distribution task = HIIE &
[ query setoll MSFE= class 7t {2+ &f&o|o{, o|z{et EHM 2 &S
/5l Loss function off M&A st weight & F7{L,
task ZF imbalance = learning rate ol weight & F0{ task 7} &t& HEE
MAESH 2H stoq, out of distribution ol = MSE= el 20

S|
AAME ZOIETJ} Ct27| 2o HF0 FCh= AR, J1H 3 =Y

ol po BZE T W Of{EA 5tH g EXE &F O £2 BEX=2
785t 2 ZdelX|of thsl statics poolmg% &ol 55 1125t EXE
OFE1, mean &} Var & Fotl Ztztel X & FEoI0 HERHY ZZMA
S sich= AR S 2 EI‘Rii..."—IEF

M= Adversarial Self-Supervised Learning for Semi—Supervised 3D Action

Recognition

i MAIE2S 2 3D action 2lAS 2[5l adversarial self-supervised

learning O|2}= ‘self-supervised learning 2t supervised learning & Z &8l
semi-supervised learning 2 0|S &%t action recognition & |

A0 FAXHAH2Z adversarial regularization 3 neighborhood
consistency & 1124¢t loss & &&5t01 A semi-supervised

learning &S O{E A FMst=X[ol sl LA =RA209, Action
recognition & video SLZFE O{H W =S st=X| ¢lalst= A22 Skeleton
based 2 FZst= joint FE2 &1 Y FES2 HZIRUCZFH
HE S22 sh=X| classification st= & 0[2f= A, Semi-supervised
learning & CHE& unlabeled E HIOIE{25H learning 2 X st= Aol
VAE/GAN 2} &2 generative Z20| CHEAMO|2l= AMA, O2[X Self-
supervised learning 2 Network 2A 2 ‘pre—text’ ol Al label 2 THEO{ A
Ol % task ol MEst==2 O|o|g 2o]E&0| 2 gi7|of AlZH & HES
Z0[1 ALEAtO| olst HEME & = Ucts AR, 2| FAM labeled
data = supervised learning, unlabeled data ol Ci3siAl= self-supervised
learning & 5t MMM 22 semi-supervised learning & 2 s= + =,
Neighborhood consistency 2| 712 5= LA =HA&HCE



%[ && : MD-kNN: An instance—based Approach for Multi-Dimensional
Classification

© Z Instance based learning 2 S5l CIAtY EFE HEA &
7HE £2 classifier & O{Z A &2 Zd2lX|of CHsH LA EIO*OE'#,
TxHH2e =2 HXA Instance based learning & MZ2 HO|E{7} EXH2
= oo[Hel MZ22 dlolE el similarity & =4 5104 AHE—.-_-
OOl E JH& RAIEZE =2 7|& =& dlo|E2Q| class 2 &/ste Aol
CH E X Ql o 2 categorization 7F U= A, MD-kNN 2| 7L, Multi-
dimensional classification 032 feature & =Alol ER/et Af2E2 &
= ®ote Aol |Ao[ o7 MER #HEyol E E EFH
T classifier & MEist= o™, O2|1 instance—based approach &
0| &30 multi—-dimensional classification & AlZst= =, MD-
KNN 2 KNN counting statistics ol 7|dtst MAP 2 &-&35}0 unseen
instance 2| class vector & 0| F35t= 20| =E2l= & 52 27
[ ASH

Z| 2 LITANIM2

a_qg;qao; LITAMIN 2| & =2} accuracy 2| trade—off &S

=351 computational cost & Y = U&= wots 2&4H =HA=d,
‘_rLXﬂx"OE M LITAMIN SLAM O] F<SQIX|, SLAM 2 Lidar X|E & %Mo
SAlof| xtEFe| fXE AME X oA QlAlStE 7| ez o|X|e A
st XIEE ’i.”éé g = UM KEFHE 7tssH & 5 Ucks A, O]
?lal Slam & AtEst=0l high computational cost 2F accuracy 7+ trade
off 2 283 P._ =0f2l= A, LidarollAl 7HMslof & 52 O|Fel & ZQIE
2R EE registration e Iy & 2te| AHE[E #23Fksk= Z¥el ICP E
0| 83510 computational cost & £0|HAM accuracy © SOTA 222 FA|
T UCH= AMA ZQIE ZE2FEM edge point / planner point 2
=0} feature HE 2 7|HI2 2 registration all == feature based method &=
UCH= &, 7|& LITAMIN 2} M2 A etst= LITAMIN2 2
XO|E 2 mean 2+ ot 2} covariance & 0|23t Point to normal
distribution mapping AlA normal distribution to normal distribution
mapping Ol == E % Voxel size & 2|1 EQIE FE
Z0{Al computational cost & &0|1, Distribution shape &
_._210}04 accuracy € =¢QIct= &, 12|50 LITAMIN 2|

T2} accuracy 2| trade—off 7"2% =2535}1 computational cost & &

fu‘- AS2 L =ASH o
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. Contrastive Learning for Compact Single Image Dehazing

HAIALSES 2 autoencoder & AFE$F image dehazing ol &5l , dehazing 2
(olo|X| EHHA| g8 EH Ho|= #4h) L Deep Generative Model 2|
&2l autoencoder off A=l contrastive regularization & F7Fst

IAl© 2 dehazing 2 O{EA siZst=X] & = A}, FHHEe=Z

ol & =& dehazing network 2t contrastive regularization & &

oz FMEON U209 deformable convolution &

convolution @140l offset & F7+5t04 o|o|X[e] EEFE S22 w2t
HotE HAEZ MEstn, AL AY|E ZPShs offset 242 train Al
Asoz2 st&EIck= A, encoding THAIOIA] Z Ol feature &

of 2 =[= decoding layer 2} mix 5t01 CtZ decoding layer 2 ™ & st=0|

9

o o>

0Z o 1o

21> o

[m]

NArrg2
M AT

0| mixed up 2tAl= convex combination 0|0 user 7} 11 H|S =&& £
RAct= &, 0|5 HHESH0 |low layer & MEE #[F CHAZIX| Mg $=

=1
UCk= &, O|FH A o|o|X|E =St O|0{A] loss & EO0|L5F 5101 clean
image 2t =& image Zt2| XtO|E Z0|1 L1 loss & AlEst ¥

Olo|X|ZE anchor 2 A3l 0| 7|Z2Z clean image 2= EH7|1 hazing
image = Ol= 24 2 contrastive regularization 2 E35l Hct XA A2
£¢ oo|X|E €= M, mix-up module & M-&35}01 low level feature 2
HEE #E 2o|of7ix] et = Act= H, encoding 22 HO{Zl latent
space Ol A{ C}Fst o|O|X| enhancement 225 ME&A|71 decoding Al M&

sketof 7lofeh = Aok @S LpASHICH

Std & Extracting Training Data from Large Language Models

HAIAFSEO 2 training data extraction attack Ol 42| 7HME &l decaying
temperature 2 sampling 5t0 Ctekst EALE S MM SHHLE conditioning on
internet text 2 &% QUE{UIM MESH ZAIE S FotM ALSsStE A2
Jdefgt = Acks &, FHHEeZ MK =3HE |language 22 ZFH training
data & doz F&st= @, J2|2 AHMZ overfitting 0] 2 0{LtX|
AgASH = =5+ language model ZE5E training data 7t F&E
AUct= A, ©eld 7[8ke] Language model 2 &0 @12] AR A T of A
HdEE F&ols wWeko 2 WUM™Ict= M, likelihood 7t H|EMMo=Z Z A
Fefuls H, € e EMoAM Tt SERI O E JIQIEET FEE= Olf
NZES st € JIX] & = Training SetollA JHelXol MEE

MZAHStHLE Training Set AtMlE & MAstAHLE, ot ™ Differential Privacy &
Zlgte 2 RS FEHSIAHLE Fine—tuning & S35l training data & LA
tE = Yol ASS LA =HUASU



oted = Reducing Information Bottleneck for Weakly Supervised Semantic
Segmentation

Otol

AleteZ DNNOAM FHEEO| = sigmoid Lt softmax 2t
bidirectional gt activation function 0| DNN 2| information bottleneck &
=0dl Tk+=35| activation map € 210412 training =
F'I' information bottleneck 2 §1¥ &+ Uct= &, FAHH2=2
Ho M =AM tid]| gradient 7F 0.3 o|Atel Mo HIEE HGR 2
shols s 29 obX|2t Jayer M information bottleneck O] =2Z43]
11 localization map Ol target objectoll ZAMOZ MIHM ZEH 9
10M|%' = RJAck= A, final layer ol activation function =
fine tuning & ot OFX|2} |ayer Ol Al gradient (0] fine tuning & O
F=5 HX|o AX datolAl AF=E2| segmentation Of

= =o| A oloo of o] A

X2 information loss € ¢ = US= €A =HIASLICH
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X|Z: Memory Enhanced Global-Local Aggregation for Video Object Detection

OII

SHAIALSEO 2 |ocal I} global MEE ZAlof AL2StE 2ZE S base
model 0|2} X[& {1 017]0 Long Range Memory & F7}st
2AlS MEGA 2t A oFstof O frame Of| A

A AHEl feature 2 memory ol X &5t CHA| AL Sz Al
zZ|th gt =2|X| Z2MHM Connection At & =2 MEEF 24X
gtot MM 2 Z video object detection & single image 2t
t.':*OW Detection 2 Fdst= 20| ot AEHE frame LE2FH Y=
Y2 =8 0|83l Detection @ Tl st = task 2l= &, Single frame Tt
o|33s f eMst= EXMHE2Z Motion blur, occlu3|on, out of focus 7}
UL, AP%‘OI 2S5t 24 2 Al ol Z[H0l|lA high semantic
similarity & 7IX|= object 2t ¢1Z st Object 2 =X FFE =l Zst=
A4 AHE motionMEZ FH™st= |lelol 7|gtst A, ofx| 2o =

%l E feature & faster RCNN &2 object detection 222

AHE235H0d classification 2t regression & T stk= =0 thall A

A st
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